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Abstract

It is well established that. following adaptation. cells adjust their sensitivity to
reflect the global stimulus conditions. Two recent studies in guinea pig inferior colliculus
(IC. Dean, Harper & McAlpine 2005) and rat barrel cortex (Garcia-Lazaro, Ho, Nair &
Schnupp 2007) found that neural stimulus-response functions were displaced laterally in a
manner that was dependent on the mean adapting stimulus. However. the direction of gain
change, following adaptation to variance, was in contradiction to Information Theory,
which predicts a decrease in gain with increased stimulus variance.

On further analysis of the experimental data. presented within this thesis. it was
revealed that the adaptive gain changes to global stimulus variance were, in facL in the
direction predicted by Information Theory. However, following adaptation to global mean
amplitude, neural threshold was displaced to centre the SRF on inputs that were located on
the edge of the stimulus distribution. It was found that adaptation scaled neural output such
that the relationship between firing rate and local. as opposed to global, differences in
stimulus amplitude was maintained: with the majority of cells responding to large
differences in stimulus amplitude. on the 40ms scale. A small majority of cells responded
to step-size differences, in amplitude. of either direction and were classed as novelty
preferring.

Adaptation to global mean was replicated in model neuron with spike-rate
adaptation and tonic inhibition. which increased with stimulus mean. Adaptation to
stimulus variance was replicated in three models 1: By increasing, in proportion to stimulus
variance, background. excitatory and inhibitory firing rates in a balanced manner (Chance,
Abbott & Reyes 2002). 2: A model of asymmetric synaptic depression (Chelaru & Dragoi
2008) and 3: a model combining non-linear input with synaptic depression.

The results presented. within this thesis, demonstrate that neurons change their
coding strategies depending upon the global levels of mean and variance within the sensory
input, Under low noise conditions, neurons act as deviation detectors, i.e, are primed to
respond to large changes in the stimulus on the tens of millisecond: however, under
conditions of increased noise switch their encoding strategy in order to compute the full

range of the stimulus distribution through adjusting neural gain
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Chapter 1: Overview of thesis

The development of Information Theory (Shannon 1948: Shannon 1949) and.
consequently the Efficient Coding Hvpothesis (Barlow 1961) have had a profound
influence on the understanding of neural dynamics over the years.

Information theory is mathematical system developed in the late 1940's as a tool for
analyzing and understanding communication systems (Shannon 1948; Shannon & Weaver
1949). Its main purpose was to quantify compression, reliability and transmission of inputs
to and within systems. This was achieved through formalising concepts such as information
(e.g. signals arc transmitted in a binary code, 1.c. as a series of '0's and '1', the unit of
information is the bit) and entropy (a measure of uncertainty about a random variable).

Nervous systems can also be viewed as biological communication systems. in that
sensory inputs are transformed into binary. electrical signals, which are then transmitted
across the network of neurons. As such. spiking activity can be quantified in terms of
information. i.e. as the number of bits of information carried by cach spike.

Due to the vast array of environmental information. with which organisms are
constantly bombarded. signals must be highly compressed to allow for communication
along finite neural pathways. Compression of any signal can result in loss of information;
clearly this is an undesirable situation when sensory information is the key to survival.
Horace Barlow (Barlow 1959: Barlow 1962: Barlow 1972) believed that nervous systems
must have evolved 1o minimise both data loss due to compression and action potential

generation (due to the high metabolic cost of spiking activity): however. these are

obviously conflicting requirements. Using Information theory as its basis. the Efficient




Coding Hypothesis (ECH) states that nervous systems encode sensory input in as efficient a

manner as possible through a process of reducing redundancy (e.g. ensuring any signals
that do not provide additional information are discarded) and maximising the amount of
information that single spikes can hold about a stimulus. Thus. the twin requirements of
lossless compression (or rather low-loss compression!) and energy conservation can be
achieved.

One of the main predictions of the ECH to be supported through experimental
evidence is that neuronal response profiles reflect the prevailing stimulus levels within the
environment (e.g. Laughlin 1981). Many neural cell types are not static. in terms of their
sensitivity. and will adapt to the local stimulus conditions (e.g. Solomon, Peirce. Dhruv &
[.ennie 2004; Albrecht. Farrar & Hamilton 1984). The ability of cells to flexibly adjust the
dynamic range of their output is especially important for luminance contrast. a stimulus
attribute which can span a range of approximately 2 orders of magnitude within the visual
scene.

In general. adaptation to low-level stimulus attributes. such as contrast or noise
amplitude (which tend to have a Gaussian distribution). is believed to centre the firing
threshold of a cell onto the global mean level of the predominant stimulus. The dynamic
range of a cell will expand and contract to reflect the stimulus distribution. Changes that
affect the overall response profile of a cell are generally classed as a form of gain control,
the purposc of which is to ensure that the dynamic response range of a neuron encompasses
the stimulus distribution. Much of the considerable body of work addressing adaptation has
focused on contrast adaptation and gain control. in the visual svstem. However. a specific

form of adaptation. to either the global mean or variance of a rapidly changing stimulus,
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has been uncovered in the inferior colliculus of guinea pig auditory system (Dean. Harper
& McAlpine 2005) and barrel cortex of the rat (Garcia-Lazaro, Ho. Nair & Schnupp 2007).
The amplitude of the stimulus was refreshed every 40ms and drawn from a highly-skewed
distribution. Such that a region of stimulus space (spanning a restricted range of stimuli)
had an overall selection probability of 80% and the remainder of stimulus levels had 20%
chance of selection. This gave the stimulus an overall global mean value that was
determined by where in the stimulus space the high-probability region was located and an
overall global amount of variance that was determined by the width of the high-probability
region and increased with the width of the area. As such, mean and variance of the adapting
stimulus could be manipulated independently and the adaptive responses to either mean or
variance could be isolated.

Adaptation to stimulus variance was in the opposite direction to that expected by
the ECH. i.e. the ncural response profile was scaled upwards, thereby reducing the dynamic
range of the cell. despite the presence of increased stimulus noise. Adaptation to global
mean amplitude tended to affect neural threshold. thus on a superficial level. it was in line
with Information theoretical principles. However. ncural threshold was displaced, relative
to the un-adapted response. to centre on inputs on the edge of the stimulus distribution. in
contradiction to the expectations of the ECH. As such. the main inspiration for the work
presented here was to examine the experimental data more thoroughly: with the aim of
understanding the underlying strategies and mechanisms underpinning the changes in
neural gain that were outside the predictions of the ECH.

Jan Schnupp generously provided the experimental data from the adaptation

experiments in the barrel cortex. What was found was rather interesting. adaptation to
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stimulus variance resulted in decreased neural gain, fully in line with the expectations of

the ECH but nevertheless opposite to the findings of the published data. However.
adaptation to global mean amplitude tended to prime neurons. not for detecting and
discriminating the most common stimuli with the distribution, but for detecting large
deviations in the input signal. occurring on the tens of millisecond scale.

In order to model the possible mechanisms underpinning adaptation to mean and
variance, a computer simulation of a single-compartmental neuron was developed. using an
implementation of Alain Destexhe's conductance-based integrate and fire computational
neural model.

Adaptation to global mean was successfully replicated in the model cell through a
combination ol spike-rate adaptation and tonic inhibition. Adaptation to variance was
modelled in several ways. Firstly. by implementing a model of gain control through the
modulation of background firing rates (Chance, Abbott & Reyes 2002). This was achieved
by increasing firing rates, of stochastic, excitatory and inhibitory background conductances,
in proportion to the increase in stimulus variance. Secondly. via a model of asymmetric
syvnaptic depression (Chelaru & Dragoi 2008) in which depression levels in both the
inhibitory and excitatory populations that provided afferent excitation to the target cell were
adjusted 1o reflect stimulus variance: such that as the amount of noise in the adapting
stimulus increased depression levels became more balanced. This led to an increase in the
amount of afferent excitation and inhibition. thereby reducing gain in the model cell.
Finally. a model was produced which combined aspects of all the models reviewed in the
thesis: the experimental data was fully replicated with a model of non-linear input in

combination with recurrent synaptic depression.




The thesis is organised into six chapters, including this overview. Within the
following chapter. the main concepts of Information theory and the Efficient Coding
Hypothesis will be introduced. This will be followed by a review of contrast adaptation in
the visual system. The purpose of this section is demonstrate the evidence for the ECH in
early sensory processing as well as to introduce a few key concepts that underpin how gain
control is described and quantified within neural systems, e.g. the parameters of the Naka-
Rushton equation. which are used to fit cellular stimulus-response functions. Some
extensions to the ECH are also introduced in the chapter. followed by some alternative
coding strategies. namely novelty and deviation detection.

The third chapter will introduce the experimental data. as provided by Jan Schnupp.
Here. the original and a related study will be reviewed. followed by the re-analysis of the
data. It is in this chapter that the results regarding adaptation to stimulus variance will be
presented. Namelv. that in direct contradiction to the published results. adaptation, to
increasing levels of stimulus variance. resulted in a decrease in gain, across the population.
There is also a briet section highlighting the difficulties in analysing temporal information
from the experimental data. Following on from the initial re-analysis. presented in Chapter
3. the fourth chapter of the thesis focuses on possible encoding strategies. Data is presented
that suggests that neurons are adapted to detect large deviations in the ongoing stimulus.

The initial section presents the. equivocal. results of a data analysis that was based
on the paradigm of stimulus-specific adaptation; with the aim of ascertaining whether
adaptation to global mean levels improved novelty detection. Within the following sections

the data is analysed in terms of stimulus history and context. Here. data relating neural

output to difference in amplitude between the current and preceding stimulus (the step-size




function) is presented. Across the population. the adaptive response is scaled such that the
step-size function. across all mean adapting conditions. is invariant.

Amongst both populations (adaptation to mean or variance) some cells show a
preference for step-size irrespective of the direction of amplitude change and are classed as
novelty-preferring cells. Novelty-preferring cells generally display longer time-to-peak and
response-decay latencies than the remainder of the population.

The data was analysed in terms of sensitivity to local deviations from the global
mean, at each time step. Across the population. ncurons displayed a preference for positive,
local deviations-from-the-mean: under conditions of adaptation to global-mean the
responses were scaled as a function of the global standard deviation of the input signal.

e overall conclusion of this chapter is that adaptation to stimulus mean acts to
rescale responses so as to maintain information transmission about local changes in
stimulus amplitude, irrespective of global mean levels, and represents a distinct encoding
strategy 1o that observed under conditions of adaptation to stimulus variance (in which
neural responses adapt to reflect the expanded stimulus distribution). The fifth chapter
presents results from computer simulation of adaptation to stimulus statistics. The
introductory section to the chapter contains an in-depth review of some models of gain
modulation as well as an introduction to spike-rate adaptation.

It will be demonstrated that the adaptive shift in the neural-stimulus response
function and the invariance of the step size tunction can be reproduced by a model
consisting of tonic inhibition and spike-rate adaptation

Gain modulation is modelled in three ways:

I. by increasing the firing rates of background conductances in proportion to




stimulus variance (Chance et al. 2002) and

2. Adjusting levels of synaptic depression in recurrent excitatory and inhibitory
units, such that the difference between afferent inhibition and excitation is reduced
(Chelaru & Dragoi 2008).

3. Gain modulation was elicited by a combination of the models above. whereby
non-linear afferent inputs were used to drive a recurrent population of excitatory and
inhibitory | & F cells. The combination of recurrent depression acting within the network
and feedforward depression. spike-rate adaptation and tonic inhibition acting on a read-out
I & F cell elicited a decrease in neural gain as global variance increased. under various
depression configurations.

All models replicate the adaptation to variance data. though the final model
presents the most robust mechanism: gain modulation “emerges” from the network and is
independent of the balance of synaptic depression and other non-linearities acting on the
membrane of the model read-out cell.

The final chapter is the discussion. which brings together the results from chapters
3-5. The main thrust of the argument within the discussion is that adaptation to amplitude
of whisker deflection is an important aspect of sensory processing. even if it is not the most
relevant feature of the stimulus. in terms of neuronal sensitivity. The results demonstrate
that neurons change their coding strategies depending upon the overall levels of mean
amplitude and variance in the sensory input. In conditions of low or constant stimulus
variance. i.e. under the regime of adaptation to global mean. neurons are primed to respond
to large and rapid changes in the stimulus: however, under conditions of increased noise.

neural-gain functions broaden such that the cell is able to compute the full range of the




stimulus distribution




Chapter 2: Efficient sensory coding and adaptation

2.1: Introduction

Neuroscience is a discipline that is fundamentally concerned with how nervous
systems receive, analyze and respond to external stimuli. All afferent information, whether
it be carried by lightUsound waves, pressure or heat. is converted within the nervous system
into electrical impulses. Thus. one of the most pertinent questions within neuroscience is
how sensory information is encoded into electrical activity.

During the 1950-60's. Horace Barlow (Barlow 1959, Barlow 1961, Barlow 1972)
and a number of other scientists (e.g. Attneave 1954; Craik 1948) turned to Information
Theory as a possible mechanism for understanding neural encoding. Information Theory is
a mathematical system for analyzing communication systems, developed by Claude
Shannon (Shannon 1948: Shannon & Weaver 1949). According to Information Theory.
messages travelling along anv communication system can be broken down into basic units
of information or 'bits’. quantified by a binary code of 0s and |s. Action potentials (spikes)
can also be considered as binary signals, due to their all-or-nothing behaviour. Barlow
proposed therefore that any information conveyed by spiking behaviour could also be
quantified as 'bits' of information and that sensory input is encoded in such a way as to
minimise the number of bits needed to transmit a signal through the neural system.

According to the Efficient Coding Hypothesis (Barlow 1961). neural response
profiles should represent the inherent distribution of any incoming information in a
maximally efficient manner. For example. if the predominant afferent stimulus has a
Gaussian distribution. and incoming information is represented with a firing-rate code, the

theory predicts that neural response profiles should be sigmoidal in nature, with the linear,
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accelerating portion of the neural-response function exactly mapping the region under the
curve of the stimulus distribution (please see Section 2.2.3, below). In general. most
neurons have bio-physical limits that prevent the full encoding of external stimuli through a
firing rate code alone. thus the Efficient Coding Hypothesis also predicts that cellular
responsiveness is adaptive i.e. it is adjusted in concert with the distribution of incoming
signals.

Adaptation, in response to contrast information within the visual stimulus, has been
observed and widely studied in the visual system and found to be in line with the
predictions of the efficient coding hypothesis.

An information theoretic account of sensory coding

As mentioned above, during the middle of the 20th century there was a move
towards using information theory as a tool for explaining sensory encoding. In order to
understand the context of this trend what follows is a description of the main principles of
information theery. how it can be applied to nervous systems and an account of Barlow's
efficient coding hypothesis (Barlow 1961).

Information theory

Information theory is a mathematical theory for analyzing communication systems
(Shannon 1948: Shannon & Weaver 1949), [t was developed to address the engineering
problem of transmitting information along a noisy channel and provided a formalized
framework to quantify the rate. reliability and capacity of message transmission within a
communication system. A communication system can refer to anything that has a message
or information source, a method of transmitting the message as a signal and a capacity to

receive and output the message, see Figure 2.1, below
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Figure 2.1: Schematic of a generalised communication system

The information source generates a message (e.g. text message to a friend), which is
encoded into a signal by the transmitter (e.g. a mobile phone) and sent along the channel
(e.g. a satellite or mobile phone transceivers). represented by the smallest box in the centre.
where noise could be added. The receiver (e.g. the friend's mobile phone) receives the
signal. decodes it and finally passes it on to the message destination (e.g. the receiving
mobile phone’s message inbox). Adapted from Shannon (1948).

In this sense, a communication system refers equally to arcane methods of
signalling such as hilltop fire-beacons to modern day forms of communication, e.g. text
messaging on mobile phones. as well as to natural languages in general. One of the motives
behind developing information theory was to understand the limits of data compression and
the need for robustness in a signal. Many forms of communication undergo data
compression to a degree. For example, ancient beacon systems acted to compress messages,
(such as: 'the Vikings have landed!") into the single symbol of a hilltop fire.

These forms of communication work because natural languages tend to be robust,
i.e. can be understood even in the presence of a certain level of noise (such as spelling

irregularities, abbreviations etc.). and are also highly redundant. in that messages can still

be understood, even with parts of the signal missing (the missing parts are thus considered




redundant or unnecessary). For example, the English language has a redundancy of roughly
50% (when assuming a basic vocabulary of = 850 words (Shannon 1948), such that the

following text should still be legible, despite the fact that all vowels have been removed:

RD THS MSSG PLS, THNKY VRY MCH '

An excellent example of both the robustness and redundancy inherent in the
English language is given in the SMS poem below. The poem was runner-up in a text-
message poetry competition (organised by the company T-Mobile, 2007) to find a so-called
‘ixt laureate':

'O hart tht sorz. My luv adorz, He mAks me liv. He mAks me giv. Myslf 2 him. As
my luy porz.' (Eileen Bridae. 2007)

[n natural English. the poem reads: 'oh heart that soars, my love adores, he makes
me live. he makes me give, myself to him. as my love pours'. Clearly. the English language
lends itselt well to the type of data compression needed when sending a message along a
highly restrictive communication channel.

Obviously, the ideas outlined above are highly qualitative descriptions of some of
the concepts underpinning Information Theory; Shannon developed strict mathematical
methods (Shannon 1948) to quantify exactly the amount of data compression required to
reliably and efficiently transmit a signal along a noisy channel.

Several of the key concepts of Information Theory (namely information. entropy.
mutual information. channel capacity and redundancy ). and their mathematical
descriptions, are outlined below: with the assumption that one is discussing a noiseless

communication system with a discrete set of inputs.

READ THIS MESSAGE PLEASE. THANKYOU VERY MUCH




Information

The concept of information is generally taken to mean facts or knowledge.
However. the compact Oxford English Dictionary also defines information as "What is
conveyed or represented by a particular sequence of symbols. impulses. etc'. For example.
words within a given language represent semantic information using a specific sequence of
symbols. i.e. the letters of the alphabet: or spiking behaviour within the nervous system is
believed to represent sensory and motor information through either frequency or relative
timing of action potentials.

In terms of Information Theory. it is useful to think of information in relation to
uncertainty. If one knows exactly what response a svstem will generate then it follows that
no new information is imparted through it: conversely if there is doubt over the output then
the response of a system will clearly be informative. In any svstem. once the output has
been received and understood, there is no more ambiguity, thus information can be
considered as a reduction in uncertainty or an increase in certainty: the amount of
randomness in a system determines how much information can be transmitted through it
(see Section on Entropy. below).

The unit of information is the “bit”. One bit measures the information contained in a
single, binary (i.e. 0" or *17) event of equal probability. e.g. an unbiased coin toss. A binary
code can transmit up to | bitvper symbol.

Finally, in discussing information it is important to stress that Shannon was not
interested in quantifying the relevance or importance of information, but only in data

compression and reliable transmission. thus. in information theory, the messages SOS (save

our souls) and LOL (laugh out loud) are arguably equivalent.




Entropy

All communication systems are concerned with sending out and receiving
messages. Each message i1s broken down mnto units of information. ready for transmission
and reconstituted at the receiving end of the system. As described above. information 1s a
reduction in uncertainty: the amount of potential information depends upon the degree of
varfabilits in the transmission and decoding of messages. which is quantified by the
entropy of the system. For example. an arbitrary system in which the input and output are
always the same (i.e. there is no uncertainty in the message) transmits no new information
and. by extension. has zero entropy. In general, the inputs and outputs of a system are
drawn from known distributions and the average or minimum number of bits needed to
encode and decode messages iIs dependent upon the variability within these distributions.
Entropy is determined by the number of symbols used to represent the input and output of a
svstem and the probability of transmission.

Where an arbitrary system’s signals are drawn from a distribution X' with N
possible values and all arc cqually likely to occur then the entropy (M) increases

monotonically with A" (see Figure 2.2, below) and is equal to:

H=—log.(1/N)
2.1
As an example. one can consider a communication svstem in which the inputs are
all drawn trom a probability distribution " that has 4 possible values: A, B. C & D. It all
possible values of .\ had an equal probability of being transmitted, // would equal 2 bits and
any signal. drawn from Y, could be represented with the following 2-bit binary code (see

Table 2.1):




Table 2.1: Example of a 2-bit binary code

Symbol Binary code
A 0 0
B 0 T
C 1 0
D | 1

Figure 2.2: Entropy as function of the number of possible input symbols.

Entropy, H, is plotted as a function of N, the number of possible values that the signal
distribution X can have and where all possible values of X (X, ; )., have equal probability
of selection.




[n the case where the 4 values of Y occur with unequal probability (remembering.

of course, that all probabilities add up to unity), /7 1s given by:

Hi= —Ep log,(p,)

2.2

Where H is the entropy of . with a given number. #. of values i — ... and p, is the
probability of observing the it/ value of X: b is the base of the logarithm. which in
Information Theoryv is alwayvs log, as the information content for a binary event with p =
0.3 is equal to log,(0.5)=1 bit.

For example. in the system outlined above. the p, of the 4 symbols 'A. B. C. D’

might be as follows:

! | | l
) p.==.p =—.p, =—
P 3 ! §) ! 12 ! 12
Which gives:
[2, 2y 1, (1) 1 (1Y) 1 | )
[fZ—J—fu__g r——f—'—- .’..ri’\_:‘r——ri- fu‘g_!lv—r'r f?fl":_’_.l—ll]
3 "\ 3 6 e/ 12 12 12 "2 )

In this case. the average number of bits needed to encode each of the four symbols is
1.4183 bits: however some symbols will use more or less bits depending on how common

they are. i.e.:



Therefore:

As can be seen. the most common signal 'A' requires the least number of bits. In this
system, no symbol is encoded using whole bits, thus it may be necessary to add bits to the

svstem. for example:

uJ—jH; ey -—'ﬂn' L

6 12 12

" |
=1.8333
Accordingly, H represents the minimum number of bits required for signal
encoding. e.2. in the example given above. the signal could not be reliably encoded with
less than an average of 1.4183 bits per symbol.
H has the following properties:
» H = 0. where there is no uncertainty, e.g. all probabilities, except one, are equal
to zero, with the remaining probability equal to unity.
« H is maximal when all responses are equally probable (see Figure 2.3) and

H,, . =log,(n). where n is the number of output possibilities and p, | =1/n.

Joint Entropy

One can define the joint entropy of a system in which values are drawn from the
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joint distributions of two random variables, .X & Y. with m & n possible values, respectively

(e.g. a system in which the input is drawn from X and the output is drawn from ¥). The

0=}

joint entropy, H(XY) . is:

H(X. )= —‘Z,ﬁl.\' .y og, p(x,.v,)

2.4

Entropy, H, for a system with two outputs, X, & X,
of probabiity: p(x,) = p: p(x.) = 1-p

= 06}
©
(@)
0
T
o L

01 : g 05 06 07 0B 0o

Qutput Probability (p)

Figure 2.3: Entropy of an arbitrary system with two possible outputs
Entropy (H) of an arbitrary distribution p(X). X has two possible values only. with one
having the probability p and the other being /-p. H is maximal when the probability of
selection for all values of X is equal (e.g. p = 0.5). Adapted from Shannon (1948)
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So long as the individual entropies of X and } are equal to:

m.n

H,= —Z p(x,.v )log, Zp[.\',_\‘ )
F

H, = —Z;:(.\' .Y, )[og:z;i{.t'__._r__ )

2.5
The joint entropy of X and Y will alwavs be less-than or equal-to the sum of the
entropy of the individual distributions. with equality only being observed when X & } are
independent:
HXY)<H,-H,
2.6

Conditional Entropy

If the distributions of X'and ¥ are dependent on each other, it is useful to define

the conditional entropy of ¥ given X, H (Y):

"o

H, (Y)=- z;:{ x.y )og, p(yv)

2.7
The conditional probability. p (v, ). that v is the jrh value of Y when x is the ith
value of Xis given by:
p(x,.y))
By )=—
Zp(.\'._ V,)
I
28

The conditional probability has an alternative notation, which is widely used in the
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literature:

(x..7,)
,1‘.1.; ll_‘rr ) — ”L——

dpx,.v)
1=

2.9
The conditional entropy. H (}), can never be greater than the entropy of Y, H(l), 1e.

knowledge of X can never increase the uncertainty of 7 but only decrease it:

HY)=2H ()
2.10
If the random variables X and Y are independent. X contains no information about ¥, such
that the conditional entropy must take its maximal value. HrY). I}V is completely
dependent upon .\ then the uncertainty of } disappears once X is known and all the entropy
in " is explained by H¢XJ: the conditional probability is equal to unity and log,(1)=0.

Equations 2.4 - 2.8 are derived from Shannon (1948).

Mutual information

Conditional and joint entropy could refer to two separate communication systems in
which the signals are drawn from X and Y. respectively. or could refer to a single system
with an input drawn from X and output derived from Y. In this case one is observing an
input/output relationship. One can quantify the amount of mutual information. /X | }). that
exists in the relationship between X and Y. i.e. how much can Y tell us about XT when Y is

known.

20




The mutual information of X and Y is given by

" . ¥, )
XY= z S pix v Nog, _PRidpy
i=tiet pix, ply, )

2.11

Mutual information is also equivalent to the entropy of the input minus the
remaining uncertainty of the input. once the output is observed, i.e. the conditional entropy
of X given Y. Hy(X) (note this is opposite o the conditional entropy described by Equation
2.7. in the section above, which defined the entropy of ¥, given X); the mutual dependence
of X and Y quantifies the rate of information transmission (see Section on Channel

capacity. below):

IX|Y)=H, —H,(X)

[ ]
—
[

Mutual information is a useful measure of the reliability of information
transmission when dealing with a noisy channel. Shannon (1948) gives the example of a
noisy channel with an input x that is either 0 or | and transmitting at a rate of 1000 bits per
second (H(x) = lbit / symbol : p, = p, = 0.5 ). Due to noise there is. on average. a 1%
chance of the output. y. being in error. Thus it y = 0, there is a 99% chance that x =0 and
1% chance that x = [ . One can calculate the conditional entropy of x given y., or Hy(x),

and the mutual information of x and y. J/x| y). as:

H (x)~—r0.9910g./0.99 ))+(0.01log.(0.01))]
=0.081
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Itx| v)=1-0.081=0919

The rate of error is then 81 bits/s and the rate of transmission is 1000-81 = 919 bits/s.

In the noiseless case there is no uncertainty, i.c. v is always equal to x. thus the
conditional entropy Fi/x) is zero and Jix| ) - Hx: in the case of a truly random system.
where there is a 30% chance of error, x and y are wholly independent and hold no mutual
information about each other. For example. in the case above where [Hx=Iand
p0 = pl=0.5.a 50% chance of error in y will give:

H (x)=-[0.5-10g,(0.5)) +(0.5-log,(0.5))]=1
And:
Irx[vw=1-1=0
Channel capacity

Channel capacity refers to the amount of information it is possible to transmit
along a channel in a given unit of time and is equal to the maximum of the mutual
information. where vou have input X and output }:

I

(X |1

MAX

2.13

Redundancy

In terms of information theory. redundancy either represents information that is
either already known to the system or information that's unnecessary for the
communication. e.g. vowels in natural English. which can often be inferred from the
context. For example. in the hypathetical svstem outlined in the section on Enrropy. above.

it was stated that a useful code may have required the addition of extra bits of information.
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These extra bits could be regarded as redundant information. Thus redundancy can be
considered as the difference between the number of bits used to actually transmit a signal
and the entropy of the message distribution, p/X), or as unity minus the relative entropy.
Relative entropy, Dip(X)| g(X)). is the ratio of the true distribution of .X| prX). to
the actual distribution used to describe X. g(X). and is often termed the Kullback-Leibler

Distance (Cover & Thomas 199]).

The nervous system is a communication system

The nervous system of any organism acts to transform external information into an
internal representation of the outside world and. as such. can be considered as a dense
network of communication systems. acting in series and in parallel. For example. within the
proprioceptive system, sensory receptors transduce external stimuli into graded potentials
(an information source) that are rapidly converted (via synaptic interactions) at the soma of
the somato-sensory relay neuron (the transmitter) into action potentials. These are
propagated along the axon (the channel) to the spinal chord junction where post-svnaptic
neurons reccive the sensory information. reconstituted from neurotransmitter release™: here
the signal may be propagated further along into higher regions of the central nervous
system using a communication system of pre-synaptic activity. somatic action potential
generation, propagation and neurotransmitter release.

Barlow (1961) argued then that. as a communication system. the nervous svstem

could be described using information theoretic principles. given three simplifying

One could conjecture that the transmission of action potentials at the axon terminals. across the
synaptic clefl, into post-synaptic dendritic activily is a separate sub-system. nevertheless neural activity is
essentially concerned with transmission of information and can thus be reduced into a communication system
as defined by Shannon. see Figure 2.1, above




assumptions:

I. Ttis a noiseless system with discrete inputs

2. Action potentials are discrete signals and, due to their highly stereotyped
behaviour. can be considered as binary signals

3. The capacity of a channel. C ( channel here refers to a neural pathway, e.g. the
optic nerve), depends on the number of fibres, F., within the channel, the number of discrete
time intervals, per second. R, that an impulse can be sent along C and the average number
of actual impulses, per second. 1.

Nervous systems are subject to the same issues of compression as more traditional
communication systems, in that a large range of possible messages (one could argue that
the number of potential environmental inputs approaches infinity!) must be converted into a
smaller number of signals for transmission. Compression is of vital importance for nervous
systems as there can never be enough receptors to encode all incoming information:
furthermore every spike that is transmitted costs metabolic energy. Barlow proposed that
the pervous system acts to transmit information in a maximally efficient manner as
possible. Reducing the redundancy in the encoding of sensory stimuli means that afferent
input can be highly compressed. without loss of information. thus minimising the number
of spikes needed to transmit a given signal through the nervous system. In terms of
Information theory redundancy reduction is achieved through the maximisation of the

entropy in the system.

Barlow's efficient coding hypothesis

The Efficient Coding Hypothesis posits that nervous systems have evolved to

transmit sensory information with as few spikes as possible. i.e. to map stimulus to




response in a maximally efficient manner. To this end. it might be assumed that any
redundant information must be discarded early on in the system. However, it is important to
note that the Efficient Coding Hypothesis is not focused on removing extraneous
information per se: rather it focuses on recoding incoming stimuli in such a way that the
full range of sensory input can be encoded, but as economically as possible. An efficient
coding strategy. as envisioned by Barlow, has the advantage of being reversible (as
information isn't lost); thus redundant information can still be accessed during higher stages
of cortical processing.

Redundancy reduction is achieved through maximising the relative entropy of the
system. which is a function of the average entropy and channel capacity of the system. see
below.

If the input to the nervous system is an ensemble of messages. m, that are of
variable length (7,,) and independent, one can calculate the entropy. H,,. as for Equation
2.1

H_ =-log,(p, )
2.14
Where p,, is the probability of m and b is the base of the logarithm and always equal to 2.
Therefore the average entropy across all messages (H ;¢) is (from Equation 2.2):
p.log,ip, )
2.15
The rate of information flow is equal to A7 where T 1s the weighted sum of all message
durations:
PuTm
2.16

The channel capacity (C) is equal to the maximum amount of information. per unit of time.

which travels along a channel. with constraints outlined in Assumption 3. given above.
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As such C. for firing-rate codes, can be calculated as follows (Mackay & McCullough,

1952):
) Ly i i
= —FR" —’OE”E : —EJlog [ H
2.17
For F. R and I see Assumption 3. Section: 2.2.3. above.

The relative entropy (Hy;, ) of the message ensemble in relation to channel capacity
is given by the ratio:

B i=H i 0CT

REL
2.18
The equations 2.14-2.18 are adapted from Barlow (1961).

Thus the redundancy is equal to /-Hyyy. i.e. the maximum rate of information
transfer minus the actual rate of information flow across the channel. Clearly then. the ideal
solution for redundancy reduction is to maximise ;.

Hypyp is related to the rate of information flow. thus Barlow (1961) intuited that
neurons encode external stimuli by firing rate over time. as the amount of information
carried by average number of spikes per given unit of time can be quantified in bits due to
the binary nature of action potentials. An example then of an efficient coding strategy
would be a factorial code (Barlow 1961), whereby the most common stimuli are encoded
using the lowest firing rate possible. with firing rate increasing proportionally with input
rarity. given the limits of channel capacity. The tvpe of encoding found in natural English.
for example (Shannon 1948). can be considered factorial as there is a clear relationship
between word length and rarity (i.e. commonly used words. such as "a”. “the™ etc.. tend to
be very short).

However. in a system in which stimuli are distinguished on the basis of firing rate

codes a factorial code may not be practical. in terms of discriminability. For example. an

26




input with a Gaussian distribution has two tails of equal rarity; in a factorial code these
stimuli would be represented with similar, low levels of activity despite the large distance
between.

Nervous systems should ideally have encoding strategies that strive to equalise
output probabilities as this will maximise the entropy of the system (Shannon 1948; Barlow
1959: Laughlin & Hardie 1978). For example. when relating the output of a neuron 1o a
single stimulus parameter (e.g. levels of contrast in a visual scene, see Section: 2.3) with a
Gaussian distribution. a maximally efficient mapping of stimulus to response should result
in a neural rate function that is the integral of the stimulus distribution. i.e. the cumulative
probability distribution function of the input (see Figure 2.4). the cumulative probability
distribution function maps equal changes in response ranges with equal shifts in stimulus
probability. Thus for rare stimuli. more of the stimulus space will be mapped onto a given
unit of response relative to more common stimuli (compare highlighted areas in Figure 2.4,
below: the step-change in response is equal for both areas, under the stimulus-probability
curve, bounded by either the red or green lines but the amount of stimulus space is
relatively greater for the area bounded by the red lines, with respect to the green lines), or:

“...economies could be effected by reducing the space in the sensory representation
occupied by those familiar stimuli and allowing more space for the infrequent and
unexpected stimuli” (Barlow 19359. p11).

This type of coding strategy has the advantage. over a purely factorial code. of
utilising restricted resources efficiently by amplifving the responses to. and improving
resolution of. more common stimuli (with respect to infrequent events) whilst minimising
the number of possible responses states needed to encode rare stimuli. It is equivalent to

histogram equalization (Gonzalez & Wintz 1977). a procedure used in digital image



processing, see Figure 2.4.

Histogram Equalization
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Figure 2.4: Histogram equalization and the neural code

Top panel is an arbitrary stimulus with a Gaussian distribution (#=/, =0.3). bottom panel
is an idealized neural response function that is the cumulative probability distribution of the
stimulus distribution. Thin lines define the upper/lower limits of a response range (equal to
1/10 of the maximum response): thick lines define the limits of stimulus representation for
the associated response range (corresponding colour and line style). Response ranges
delineated by red (dotted line) and green (dot-dash line) are equal. as are the areas under the
curve bounded by the corresponding thick lines. However the representation of stimulus
space is not equal. allowing for a greater resolution of common stimuli and minimising the
number of responses that encode rare stimuli.

Accordingly, both information theory and the efficient coding hypothesis predict
that the response profile of a sensory neuron will be highly dependent on the prevailing
stimulus distribution (see Figure 2.5, below).

For example, given a stimulus with a Gaussian distribution, the cellular stimulus
threshold (determined by the stimulus that elicits the half-maximal response or Ssg) and
linear region of the response function should be centred on the mean stimulus amplitude

(Figure 2.5, left column); whilst the linear slope of the response profile is dependent on the




width of the stimulus distribution or stimulus variance (Figure 2.5, right column).

One would expect then that organisms have evolved with sensory neurons that are
tuned to the prevailing environmental stimulus distributions and this does appear to be the
case (see Section: 2.3): however organisms rarely exist in static environments.

A: Distribution of B: Distribution of
arbitrary stimulus ([a=0.2) arbitrary stimulus (u= 1)
1 ¥

Stmulus [no units) Stimulus (no units)

Figure 2.5: Predictions of the efficient coding hypothesis

Top row: Probability distribution functions (PDF) (solid lines) of an arbitrary stimulus
with a Gaussian distribution. Bottom row: Response profiles of a hypothetical cell,
assuming an optimal mapping of stimulus to response, given the corresponding (colour
coded) PDF of the stimulus, each panel is an idealized neural response function (normalised
response with no units) that is the cumulative probability distribution of the stimulus
distribution. Left column: Dependency of response profile on the mean stimulus, blue
(control): p= 1; red u=0.8. ois fixed at 0.2. The decrease in # results in a lateral
displacement of the stimulus-response function, (green, dashed line) relative to the control
(blue, solid line). Right column: Dependency of response profile on the standard deviation
of the stimulus. blue: o= 0.2. green: o= 0.4, # = 1. The increase in o results in a decrease
in the stimulus-response function gradient (green. dashed line) relative to the control (blue.
solid line).

Thus the Efficient Coding Hypothesis also predicts that neural responses must be
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tlexible and that sensory systems will have mechanisms that allow for the adjusting of
responsiveness to reflect transient changes in the prevailing stimulus statistics,

Before moving on to discussing experimental evidence for the Efficient Coding
Hy pothesis. one further point needs to be raised. The above discussion considers the case of
single cells or channels of communication. However neurons do not exist in isolation. thus
the Efficient Coding Hypothesis also holds that. within a population. neuronal responses
should be independent of each other. such that the information carried by individual
neurons is not redundant with respect to the information carried by the rest of the

population.

2.2: Contrast adaptation in the visual system

The response of the visual system to contrast has been one of the most widely
explored aspects of visual processing. Many visual cells (in both mammals and insects)
have been shown to have highly non-linear responses to contrast. that are suggestive of an
encoding strategy based on spiking efficiency and redundancy reduction. i.e. in line with

the predictions of the efficient coding hypothesis.

2.2.1: Contrast-response function
Contrast is a ubiguitous property of the visual scene and describes the moedulation
of illumination. around mean intensity. of a given stimulus, It is often calculated using

Michelson contrast:

2.19

Where Lyyvand Lygy describe the maximum and mimimum luminance. respectively.




In order to cope with the omnipresent nature of contrast it might be expected that
visual neurons encode contrast information in an efficient manner, i.e. with response
profiles that reflect the inherent distribution of contrast within natural scenes. To test
whether contrast encoding is in line with the efficient coding hypothesis. Laughlin (1981)
compared the contrast-response of large mono-polar cells (LMC) in the compound eve of
the blowfly (the arthropod equivalent of the retinal bipolar cell in vertebrates) with the
distribution of contrasts found in the natural habitats of the blowfly, such as woodland and
lakesides. LMC responses were recorded to stimuli drawn from the range of contrasts found
in the wild and compared to the cumulative distribution function of the stimulus, see Figure
2.6, below.

One can see that the cellular responses closely matched the cumulative distribution
function: thus there is a strong case to argue that contrast is encoded, in the blowfly. in the
manner predicted by the efficient coding hypothesis.

Within the primary visual cortex (V1) of both cats (Ohzawa, Sclar & Freeman
1982: Ohzawa. Sclar & Freeman [985: Albrecht & Hamilton 1982) and monkeys (Sclar,
Lennic & DePriest 1989: Albrecht & Hamilton 1982), the majority of neurons have
contrast-response functions (the average firing-rate response as a function of stimulus
contrast) that are sigmoidal in nature. Figure 2.7. below. gives several examples of contrast-
response function for simple and complex cells in cat or primate V1. Two-thirds of the cells
in Figure 2.7 have contrast-response functions that increase for a limited subset of

contrasts, saturate at high contrasts and are best fitted by a hyper-ratio function, when

plotted on contrast-log coordinates.
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Figure 2.6: Contrast response in the compound eve of the blowfly

Comparison of distribution of natural contrasts and large mono-polar cells (LMC) contrast
responses in compound eye of the blowfly. Solid line plots the cumulative probability
distribution of contrast in the blowfly's natural environment. circles give the averaged
contrast-response across LMC (#7=6), with error bars giving total scatter of the responses
across cells. The responses are normalized to set the maximum response. Lo an increase in
contrast. at 1 and the maximum response, to a decrease in contrast. at 0. The inset plots the
membrane response of a cell to a contrast step stimulus (hyperpolarisation to increments
and depolarisation to decrements of stimulus contrast). Taken from Laughlin (1981).

The hyper-ratio function or Michaelis-Menton/Naka-Rushton equation (Albrecht &

Hamilton 1982. Matfei & Fiorentini 1973) is given below:

~
=

ric)=R,,. [¢" ltc" +

2.20
Where. Ry represents the maximum firing rate/response of the cell and is termed

the saturation constant: . the expansive response-exponent (Albrecht & Geisler 1994),

governs the slope of the dynamic response at low contrasts (the average value. in the




cortex, of the power function is approximately 2.5 (Albrecht & Hamilton 1982) and C50,

the half-maximal response or semi-saturation constant, describes the contrast sensitivity of

the cell.
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Figure 2.7: Contrast response functions in cat and monkey V1

Examples of contrast-response function in V1 of cat and monkey (C and M. respectively.
see the st bracketed letter. on each contrast-response function plot. for species type) of
both simple and complex cells (S and C. respectively. 2nd bracketed letter for cell type).
Triangles give the actual percentage response: smooth lines are the best fit to the data
points. with function type and parameters given on each plot (Taken from Albrecht &
Hamilton 1982)

For primate V1 cells. the contrast-response function is fully developed within the
first 10-20 ms after response onset (Albrecht. Geisler. Frazor & Crane 2002). Figure 2.9

A&D, below. shows the post-stimulus time histogram (PSTH) for a monkey V1 simple cell

22
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in response to flashed (200ms presentation time) grating stimuli of fixed and optimal
orientation, spatial frequency etc. at different contrasts (Figure 2.9A plots the actual PSTH

whilst Figure 2.9C plots the shifted PSTH, such that time-to peak latency matched).

0.9t _
Csa =20% contrast
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Figure 2.8: Idealized contrast-response function of a hypothetical cell
The idealized contrast-response function of a hypothetical cell showing response saturation
for high contrasts and accelerating non-linear response at low-mid contrasts. Ryy. Cso and
n are the Naka-Rushton parameters, see Equation 2.20 and text for details.

As would be expected. activity increased and latency decreased for higher levels of

contrast.
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Figure 2.9: Contrast-response function in response to transient stimuli

A: Solid lines and symbols are the PSTH of response at different contrasts (diamonds-
squares. contrasts ranging from 0.0-0.9 in incremental steps of 0.1) for a monkey V1 simple
cell. B: contrast-response function from different time bins in A; 38ms (-diamonds). 62 ms
(-square). 70 ms (-upward triangle). 78 ms (-circle). 86 ms (-downward triangle). 102 ms (-
cross). C: PSTH, from A, but shifted laterally to remove latency differences and allow for
comparison across all contrasts. Smooth lines are the average PSTH but scaled vertically
and horizontally to account for contrast dependent amplitude and latency differences. D:
contrast-response function at different time bins in C (symbols as in B). Smooth lines are
the best fit of a Naka-Rushton equation in which only Ry, is allowed to vary (('sg and n
are 0.296 and 3.1. respectively). Taken from Albrecht et al. (2002).

The responses for a given time bin, as a function of contrast. are plotted in Figure
2.9 B&D (Figure 2.9B plots contrast-response functions for the 58.62.70,78.86, & 102ms
time-bins from the PSTH plotted in Figure 2.9A, whilst Figure 2.9D plots the contrast-

response functions, from the same time-bins, as derived from Figure 2.9C). It is clear from
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Figure 2.9D that the contrast-response function is best fitted by a sigmoid function, even at
the 58ms time-bin. The short latency of contrast-response function development indicates
that this is an extremely rapid form of gain control, which can act within the space of a
single saccadic fixation.

Are V| contrast-response functions optimal. in terms of the distribution of contrasts
within the environment? The levels of contrast within images of natural scenes can be
measured on a pixel-by-pixel basis by determining the contrast-response of a filter, which
resembles neuronal receptive field structure (¢.g. a Gabor filter would mimic the receptive
field of VI simple cells, Brady & Field. 2000). to each pixel in the scene, thus quantifying
the distribution of contrast in the natural world, as ‘seen’ by sensory neurons (Brady &
Field. 2000. Tadmor & Tolhurst, 2000),

The contrast distribution of natural scenes was estimated in terms of V1 cell
responses (Brady & Field. 2000). The average contrast of 46 grey-scale. logarithmically
transformed, images of natural scenes (as calculated using Gabor filters of varying spatial
frequency. orientation and phase to mimic cortical receptive fields) is plotted in Figure
2.10a in order of mean contrast (from low-high): the responses of the sensory filters were
calibrated relative to their response to a sine-wave grating of equal spatial frequency. phase
and orientation. There was considerable variety in average contrast levels across the images
used for analysis. however the distribution of average contrasts across all scenes was
approximately normal (Figure 2.10b).

The histogram of responses of the sensory filters. as a function of contrast (in 1%

contrast bins) is plotted in Figure 2.11a. below,
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Figure 2.10: Levels and distribution of the average contrast observed in a series of 46
images of natural scenes

Plot (a): The average contrast level for each of the 46 images is plotted in order of
increasing mean, ranging from 1.21-11.9%; the error bars show £1 coefficient of variation.
Plot (b): The distribution of mean contrasts is approximately normal. The figure is taken
from Brady & Field (2000).

The distribution peaks for very low contrasts and has a high kurtosis (or
‘peakyness’). The integral of the distribution of positive contrasts (see Figure 2.11b) is
plotted in Figure 2.11c (solid line) and is best fit by a hyper-ratio function, with values
similar to that observed in both cat and monkey V1 (for example see Table 2.2, in the
Section: Contrast dependent non-linearities in LGN and retina, below). From this it would
appear that the hyper-ratio function is optimal in terms of encoding environmental contrast.
The distribution of semi-saturation contrasts observed in V1 (ranging from 1 to =40%
contrast (Albrecht & Hamilton, 1982), see also Figure 2.7) could also allow for the efficient
encoding of the wide range of average contrasts observed in the environment (Brady &
Field, 2000), though this can also be achieved by shifting the dynamic ranges of response
functions, depending on the prevailing levels of contrast in the input (see Section: 2.2.2:-

2.2.3:. below).




A similar analysis was performed for retinal ganglion and LGN cells (Tadmor &
Tolhurst, 2000); again the contrast-response functions of thalamic and retinal visual cells

were found to match the distribution of contrasts encountered in natural scenes.

00
&
z
o b3
b
; n.02
£
é [IX1)’
1,00}
6 —40 20 0 1) 40 o0
(a Contrast
08
! Muean 4.4y 1.0
s S 846
3 Skew: 1.6l 0k
g oo Kurtosis: 346
2
g (L6 &
= g
% 047
g - /
4 04z . RICI= Ro (€5 =6
1= 183 Cg = 635%
o x | (X T T T T T T
I“ N AL W 1 ] Moo su bl
b Contrast ) Conlrast

Figure 2.11: Distribution of contrast as 'seen' by V1 simple cells and the optimal
response profile

Plot (a) gives the distribution of contrast in natural scenes, by binning the proportion of
sensory filters that responded to each contrast; plot (b) is the distribution in (a) but for
positive contrasts alone. The sensory filters were averaged across 5 spatial frequencies. and
4 orientations. Plot (c) is the integral (solid line) of the positive-contrast distribution in (b)
and the dashed line is the best-fit to data: a hyperbolic-ratio function (Rayggy = 1:0). The
figure is taken from Brady & Field (2000).

It should be noted that not all V1 cells display sigmoidal contrast-response
functions. For example. in Figure 2.7g-h the relationship between contrast and response
was a logarithmic function. The optimal output distribution, in terms of maximising

entropy, depends on the constraints placed upon the system. When neural output in both

feline V1 and macaque IT cortex is constrained by either the maintenance of long term,
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average firing rates or minimising the average response, then the response distribution is an
exponential function (Baddeley. Abbott. Booth, Sengpiel. Freeman. Wakeman & Rolls
1997: Rieke, Warland, de Ruyvter van Steveninck & Bialek 1996), as opposed to a uniform
output-distribution when the neuron is constrained by either response saturation or range

(Laughlin 1981: see Figure 2.4 & Figure 2.6).

2.2.2: Gain control of the contrast-response function

V1 cells' contrast-response functions are not fixed, that is they are dynamic and are
dependent on both stimulus attributes and history. Changes in the output. or gain. of a cell
can lead to shifts in contrast sensitivity. response amplitude. and alter the dynamie
signalling range of a cell.

Twao forms of gain control. response acceleration and saturation, have already been
outlined, above. However. the contrast-response function, as fitted with the Naka-Rushton
equation. has three free parameters which are often used to quantify gain changes. relative
to bascline Tevels (see Figure 2,12, below). For example, if the contrast-response function,
CREF. is conserved but displaced laterally, compared to the control response (solid line in
Figure 2,12, below), then only Cs is affected (dotted line: Figure 2.12, below); the
resulting shift in contrast sensitivity is considered to be an example of contrast-gain control.
Response-gain control is characterized by a vertical scaling of the contrast-response
function (dashed line; Figure 2.12. below), in which the firing rate threshold that
determines response saturation is increased or decreased (R4 in Naka-Rushton equation);
Csy and i remain constant. Gain-adjustments that broaden or narrow the dvnamic response

range of the cell, a form of neural-gain control, are quantified by a shift in » (dot-dash line:




Figure 2.12, below). It should be noted that gain changes are often evoked that affect more

than one of the parameters outlined above, however gain changes are usually classified by

the predominant parameter shift.
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Figure 2.12: Gain control of the contrast-response function

Parameters of control response (smooth line) n = 4; Csp = 20% and Ry = 0.5. Parameter
values following gain changes are given in the inset and are coordinated with line style.
Dotted line shows effect of contrast gain control (only (s, is affected) on contrast-response
function (CRF), dashed line plots response gain (Ry.v) and dot-dash line represents an
example of a change in neural-gain (only the gradient, as determined by #. is affected)
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2.2.3: Conftrast adaptation

In general. many cells. within the early stages of the visual pathway. show response
saturation in the presence of high contrasts: with the consequential effect of limiting their
signalling capacity. However, even without contrast saturation, individual visual neurons,
due to biophysical firing rate limits, do not generally have the capability to signal the full
range of contrasts encountered during natural viewing (e.g. contrasts ranging from the
faintest star in the night sky to dappled sunlight on the skin). In fact. many monkey and cat
V1 neurons display dynamic firing ranges which are restricted to roughly 10 —20% of the
contrast range typically found within the environment (Albrecht & Hamilton. 1982: Frazor
& Geisler, 2006).

A similar situation exists for the encoding of brightness levels. Retinal ganglion
cells can encode around 2-log unit changes in illumination in their firing rate: however.
cells must have the capacity to encode =10-log unit changes in brightness levels that are
encountered within the visual environment. In terms of luminance. photoreceptors change
the gain of their responsiveness. a process known as light adaptation. to match the
prevailing levels of illumination: under dark conditions photoreceptors become
preferentially sensitive to small changes in light levels, i.e. cells display increased gain to
low levels of illumination. conversely. at high levels of overall illumination large changes
in brightness are emphasised. Light adaptation is a slow process: for example, when
walking into a darkened room from bright daylight: it takes several seconds for the eves to
adjust to the new light levels.

An analogous mechanism of adaptation to stimulus contrast exists within both cat

and primate V| (Maffei et al. 1973: Albrecht et al. 1984: Ohzawa et al. 1985: Sclar et al.
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1989) and within primate lateral geniculate nucleus. or LGN. (magnocellular cells only,
Solomon, Peirce. Dhruv & Lennie 2004). The dynamic response range of a cell shifts
depending on the overall level of contrast. Figure 2.13a-b. below, plots the contrast-
response function (solid lines and symbols) of a simple and complex V1 cell, respectively.
after adaptation to stimuli ranging from low-high contrasts (left to right contrast-response
function).

The dotted line gives the pre-adapted contrast-response function, whilst the dashed
line plots the response to the adapting contrast: responses to the adapting contrast roughly
equate to the Csy. As can be seen, adapting these cells to given contrast level displaces the
contrast-response function laterally. centring the Csy on the prevailing level of contrast, as
predicted by the Lfficient Coding Hypothesis. Adaptation to low contrast levels centres the
dynamic region of the contrast-response function onto the region of the log-contrast plot
that emphasises small changes in contrast, whilst high contrast adaptation allows for the
discrimination of large changes in contrast. For the cells in Figure 2.13¢-d (complex V1 cell
and Y-type LGN cell, respectively). the contrast-response function remains relatively
unaffected by contrast adaptation.

Contrast adaptation can take up to 15 seconds to develop fully and the effects are
long lasting (Ohzawa et al. 1982, 1985); this is in stark contrast to the time course of the
contrast-response function itself which, in V1 at least. is fully developed within the first
| 0ms of response-onset (see Figure 2.9 above. Albrecht et al. 2002).

Contrast adaptation is generally considered a cortical mechanism as:

I. The earliest studies only found contrast adaptation in V1 (e.g. Movshon &

Lennie 1979: Ohzawa et al. 1983)
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Figure 2.13: Contrast-response functions of cat V1 simple, complex and LGN Y cell,
after contrast-adaptation

Contrast-response functions of cat VI simple (a), complex (b-c) and LGN Y cell (d). after
contrast-adaptation. Dotted line gives the pre-adapted. or control. response to a range of
contrasts: solid lines & symbols plot post-adaptation contrast-response function. in
response Lo increasing levels of adapting contrast (adapting contrast given by the
intersection of the dashed line on the relevant contrast-response function). Top row. both
cells display contrast adaptation. Bottom row, neither cells display contrast adaptation: note
that whilst the contrast-response function of all V1 cells display sigmoidal contrast-
response function, the LGN cell's response is best described by a linear function. thus
response-profile is not an indicator of propensity for adaptation and not all cells have
response profiles that exactly match the contrast-distribution (taken from Ohzawa et al.
1982).




2. Many cells within the early visual cortical areas respond strongly to grating
stimuli and are preferentially sensitive to such stimulus features as orientation,
spatial/temporal frequency etc. Contrast adaptation has been shown to reduce or alter
responsiveness to, the pre-adaptation, preferred orientations and spatial frequencies (e.g.
Maftei et al. 1973: Movshon & Lennie, 1979; Albrecht et al. 1984; Ohzawa et al. 1985;
Sclar et al. 1989: Dragoi, Sharma & Sur 2000: Dragoi, Turcu & Sur 2001 ).

3. Some cells in VI and V2 display contrast adaptation that is not orientation
sensitive or have varying levels of adaptation dependent on the orientation of the stimulus
(see Figure 2.14. below: Crowder. Price, Hietanen, Dreher, Clifford & Ibbotson 2006).
These cells were most likely to found in areas where surrounding cells' orientations
preferences changed rapidly (i.e. at the pinwheel centres of the orientation tuning map.
Dragoi, Rivadulla & Sur 2001). thus their response properties are directly linked to the
functional organisation of the cortex.

As neither contrast adaptation nor orientation tuning were observed in pre-cortical
areas. such as the LGN, there was a general assumption that contrast adaptation must arise
from purely cortical mechanisms.

However more recent studies have observed contrast adaptation in the retina.
(Baccus & Meister 2002; Chander & Chichilnisky 2001; Kim & Rieke 2001 Rieke 2001)

and LGN (Solomon et al. 2004). though it is cell type specilic and species dependent.
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Figure 2.14: Example of 4 V1/V2 cells displaying different types of orientation-
selective contrast adaptation

Contrast-adapting stimuli were either drifting gratings of the cell's preferred orientation and
drift direction (preferred. blue line. solid squares). drifting gratings of preferred orientation
but orthogonal drift (where orthogonal is always relative to the preferred stimulus
parameter, anti-preferred, green line. solid triangles) or orthogonal orientation with
preferred drift (orthogonal. red line, solid diagonals). Adapting contrast was 0.32: the black
line and filled circles plot the un-adapted. control. contrast-response function. Symbols are
the averaged firing rate (error bars give the SE); smooth lines give best-fit to the data. A:
Example of non-orientation adaptation. the cell's contrast-response function to all adapting
stimuli (preferred direction/orientation, anti-preferred direction/preferred orientation:
orthogonal orientation) undergoes adaptation. B-C: Two cells displaying orientation
selective adaptation. adaptation effects are only apparent for the preferred orientation
stimuli. D: Example of a cell showing intermediate orientation selective adaptation. Taken
from Crowder et al. (2006).

2.2.4: Possible mechanisms underpinning contrast gain effects such as
contrast saturation and adaptation

Some of the possible mechanisms underpinning contrast gain are outlined below.
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Divisive normalization model

The most widely accepted model of contrast gain is that of the divisive
normalization model (Heeger 1992: Carandini & Heeger 1994: Carandini, Heeger &
Movshon 1997; Carandini & Ringach 1997). Heeger (1992) proposed that the lateral shift
in the contrast-response function observed (on log-coordinates) during contrast adaptation
is equivalent to the contrast-response function being divided by the adapting contrast. thus
cells cope with their limited firing capability by normalising their output with respect to
overall stimulus energy. Contrast normalisation has also been shown to increase the
information-carrying capacity of V1 cells (Brady & Field 2000). The normalization model
extends the standard linear model of simple cell dynamics by introducing a divisive stage.
post linear filtering: division arises from the pooled input of a large number of cortical
cells. the normalization pool.

Figure 2.15 is a schematic diagram of the different stages of the divisive
normalization model. applied to a V1. simple cell. Essentially, a cell's selectivity is
determined by its linear spatiotemporal weighting function (Stage 1,

Figure 2.15): the linear output is then scaled. or divided, (Stage 2) by the
normalization pool (Stage 3) and then rectified (Stage 4) before finally generating a
response (Stage 5): as can be seen the cell's own output is fed back into the normalizing
pool (Stage 6).

Cells within the normalization pool are tuned across the whole spectrum of stimulus
parameters, thus the scaling factor is the overall energy of the pooled response, determined
by stimulus contrast alone. The normalizing pool is believed to contribute to a gamma-
aminobutyric acid (GABA) mediated shunting inhibitory conductance which holds the cell

membrane close to its resting potential, thereby preventing the cell from firing. Only
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excitatory inputs that are potent enough to counteract the influence of divisive inhibition on

membrane potential can drive the cell to fire.

Divisive normalization model

Spatiotemporal linear weighting .
function Normalization/

Stimulus Division Rectification

Response

= — - —

Normalization pool

{broadly tuned 3
inhibition) I I I I I I I

Figure 2.15: Cartoon of divisive normalisation model
Divisive normalisation model, as proposed by: Heeger (1992): Carandini & Heeger (1994);
Carandini et al. (1997) and Carandini & Ringach (1997). See text for details.

How does shunting inhibition work and why is it considered divisive? GABA
opens up chlorine ion channels which allow negatively charged chlorine ions to enter the
cell; thus negating the depolarising influence of any voltage dependent inward flow of
sodium ions. The chlorine-current reversal potential is -70mV and as such is close to most
cells resting potential. Shunting inhibition increases overall conductance rather than the
synaptic current, Isyn; this changes the slope of the input-output relationship (in this case,
membrane potential as a function of synaptic current. which is linear) and is thus

considered divisive (see Figure 2.16A. below).
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Figure 2.16: A comparison of the effect of divisive and subtractive inhibition on the f-1
curve

A: Divisive inhibition changes the slope of the /I curve. Membrane voltage (V) is
calculated as V = Isyn/G, where Isyy is the synaptic current and G is the conductance, the
firing rate (f) was calculated from the linear function f= g(V) and normalised: g can be any
monotonic function and in this case was ranh(V) (as in Hopfield, 1984). G ranged from 10
to 70 nS in equal steps. B: Subtractive inhibition shifts the curve by subtracting an
inhibitory current Ipyy. Iing ranged from 0.08 to 0.58 in equal steps and G was equal to
10nS. Both plots are adapted from Holt & Koch (1997).

Conversely. inhibition with a reversal potential far from resting potential (i.e.
potassium mediated inhibition, reversal potential =-100mV) acts as a current source, Iy,
and is therefore subtractive: Isyn= Isyn-Ipg;. The input-output function is shifted along the
abscissa (see Figure 2.16B, below).

For low stimulus contrasts. pooled inhibition is negligible and there is a fairly
linear transduction of afferent input into post-synaptic firing rates. however, as stimulus
contrasts increases. so does the strength of the shunting inhibition, thereby making it harder
for teedforward excitation to drive the cell across threshold. A threshold mechanism gives

rise to the response-exponent (or half-squaring, within the normalization model), with n
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determined by how close threshold is to resting potential. A similar model. the contrast-
gain exponent model. has been developed (Albrecht & Geisler 1991). This is a purely
descriptive model in which input is filtered through three stages prior to rectification: a
contrast gain control mechanism. which generates response saturation to high contrasts, a
linear spatial summation stage that sets up stimulus selectivity and finally the output 1

filtered with a response-exponent.

Issues with the divisive normalization model

There are serious issues over whether cortical inhibition can be the source of
divisive normalization. The evidence of the role and tuning of cortical inhibition is highly
contradictory. For example. whilst several studies have found diversity in the orientation
tuning profiles of inhibitory inputs (Martinez, Wang. Reid, Pillai. Alonso. Sommer &
Hirsch 2005: Monier. Chavane. Baudot. Graham & Frégnac 2003). others indicate that
tuning preference of both excitatory and inhibitory conductances share the selectivity of the
target cell {e.g. Prichbe & Ferster 2006: Anderson. Carandini & Ferster 2000). Also.
according to Holt & Koch (1997). when translated to a spiking neuron model. shunting
inhibition becomes subtractive rather than divisive. as spiking effectively clamps the
membrane potential significantly above resting potential.

Finally, the divisive-normalization model assumes that at low-contrasts the
transduction of stimulus to response is linear. however as outlined above, the majority of
V1 cells have contrast-response function functions that are best fit with an expansive

nonlinearity for low contrasts (e.g. the mean value of the Naka-Rushton parameter n. in V1.
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is =2.5) and this has also recently been found to be the case in feline LGN (Duong &

Freeman 2007).

Spike-rate adaptation can account for contrast adaptation

Whilst the divisive-normalisation provides a possible model of contrast-gain
control, it does not necessarily provide a bio-physical mechanism to account for it. One
possible membrane mechanism that may underpin contrast adaptation is an after-
hyperpolarisation in the membrane potential, post spike gencration. The after-
hyperpolarisation is believed to be essential for spike-rate adaptation (or spike-frequency
adaptation: e.g. Madison & Nicoll 1984: Connors & Kriegstein 1986), a property of
regular-spiking cells (either pyramidal or spiny stellate cells. Connors & Gutnick 1990)
whereby, under conditions of constant stimulation, the inter-spike interval. ISI, increases
(see Figure 2.17. below). Within regular spiking cells, after-hyperpolarisation and spike
frequency adaptation (Sanchez-Vives, Nowak & McCormick 2000) has been linked to both

sodium and calcium mediated potassium current (I nay/Ixica))-

Synaptic depression

Synaptic depression has also been implicated as a cortical gain mechanism (Abbott,
Varela. Sen & Nelson 1997: Tsodyks & Markram 1997; Varela, Sen, Gibson, Fost, Abbott
& Nelson 1997). Synaptic transmission is a dynamic process, that is. synapses can often
display use-dependent short-term plasticity. expressed by enhancement or reduction in
synaptic efficacy. the effects of which can last for tens of milliseconds to seconds. The
essential premise is that for each presynaptic spike. the synaptic resource is depleted by a
given factor (a utilisation parameter. ) and then recovers back to its base level within a

given time, set by the synaptic recovery time constant (1z).
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Figure 2.17: Spike-rate adaptation in a hippocampus pyramidal cell

The top three traces show the membrane response to an injection of stepped. depolarising.
current (the current profile is below each trace. the level of injected current increased from
top to bottom trace). The bottommost trace is the afier-hyperpolarisation. following current
offset. for each of the three traces above (the smallest after-hyperpolarisation followed the
offset of a current that elicited one action potential and isn't shown in the three traces
above). the depth of the after-hyperpolarisation increased with injected current. Taken from
Madison & Nicoll 1984.

During the time period between depletion and recovery the probability of synaptic
transmission (p) is reduced and thus the synapse can be said to be depressed. Experimental

(e.z. Varela et al. 1997: Varela. Song. Turrigiano & Nelson 1999) and modelling studies
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(Abbott et al. 1997: Tsodvks & Markram 1997; Markram & Tsodyks 1996) indicate that

cortical synaptic depression enhances the signalling of transient changes in firing rate.
rather than average firing rate. and may therefore be a rapid and automatic form of cortical
gain control that is important for temporal filtering of afferent input.

In terms of thalamocortical synapses and contrast-gain control, depression is
strongest when afferent firing rates are high. thereby leading to response saturation in the
post-svnaptic response. Under low contrast conditions firing rates are slow, therefore the
amount of synaptic depletion is minimal and synapses have time to recover fully between
presynaptic spikes. For high contrasts. the presynaptic firing rate is too rapid to allow for
complete synaptic recovery between spikes. Thus the probability of synaptic transmission is
chronically low, leading to response saturation in the afterent input and consequently the
target cell itself.

Geniculocortical synaptic depression has been observed in vifro across sensory
cortices (ec.g. rat somatosensory cortex [Gil. Connors & Amitai 1999]: cat VI. Layer 4
excitatory spiny stellate cells [Stratford. Tarczy-Hornoch. Martin, Bannister & Jack 1996])
and i vivo within the somatosensory cortex (Chung Li & Nelson 2002): several modelling
studies have used both fast and slow forms of thalamocortical depression to model contrast
adaptation and saturation (Chance. Nelson & Abbott 1998: Adorjan. Piepenbrock &
Obermayer 1999). In conclusion. synaptic depression provides a powerful mechanism for
describing many of the non-linear, contrast-response dynamics of V1 simple cells that can't
be fully accounted for by the long-standing model of intracortical divisive inhibition.

Another advantage is that svnaptic depression has also been used to successfully model
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contrast adaptation (Adorjan et al. 1999), therefore synaptic depression may be a "unifying'
mechanism in that it can account for both long and short term contrast gain dynamics.

However. one key issue with thalamocortical synaptic depression. as a model for
contrast gain. is that depression levels are highly saturated /17 vivo. Boudreau & Ferster
(2005) measured the effect of thalamocortical synaptic depression on post-synaptic
potentials (PSP). in vivo. to small trains of spikes elicited in the LGN by electrical
stimulation. Monosynaptic PSP (i.e. thalamocortical PSP) displayed only small levels of
depression, especially when compared to those of polysynaptic PSPs and much less than
expected given comparable in7 virro data (e.g. Stratford et al. 1996). Reducing spontaneous
activity in the LGN through increased intraocular pressure led to an increase in amplitude
of the st PSP followed by reduction of subsequent PSPs to similar amplitudes relative to
the normal condition. thus suggesting that spontancous thalamic activity saturates
thalamocortical depression 717 vivo (see also Reig, Nowak & Sanchez-Vives, 2006).

This has also been observed in the somatosensory cortex (Castro-Alamancos
2004b) in relation to changes in thalamic activity during quiescent and active states.
Increased thalamic firing, during arousal states, resulted in sensory suppression, in the rat
barrel cortex. due to thalamocortical synaptic saturation (Castro-Alamancos & Oldford
2002). This suppression is manifested as a reduction in the RF size of cells in the input
laver (layer 4) of the barrel cortex. such that cells only respond to principle whisker
stimulation (Castro-Alamancos 2004b). The saturation of synaptic depression during active
states is proposed to focus sensory information transmission onto the strongest, or most
salient. stimulus feature.

This suggests that the thalamocortical synaptic depression model of contrast gain
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control may not be readily applied to awake behaving systems. however, synaptic
depression is not fully saturated even in the /n vivo condition (Boudreau & Ferster 2005)
and could thus still have an impact on the transmission of information from thalamus to
cortex. Intracortical synaptic depression could be an alternative source of synaptic
plasticity-mediated gain control (e.g. Chelaru & Dragoi 2008). However, it should be noted
that intracortical depression levels in the VI cortex have also been shown to be highly
dependent upon ongoing levels of background activity, with post-synaptic potentials (from
both intracortical and thalamocortical connections) displaying less depression for cells with
large amounts of spontaneous synaptic activity (Reig, Gallego, Nowak & Sanchez-Vives

2006)

Contrast dependent non-linearities in LGN and retina

To what degree can contrast-gain effects in the cortex be inherited from
feedforward inputs? Certainly it has been known for several decades that retinal ganglion
cells are subject to a rapid type of gain control that leads to response saturation at high
contrasts (Shapley & Victor 1979). Within the cat, this phenomenon is seen in both classes
of retinal ganglion cells (X- and Y-tyvpe. Victor & Shapley 1979). However, within primate
retina the situation is somewhat ditterent. Primate retinal ganglion cells are classified as
either parvocellular (P) or magnocellular (M) type cells (depending on morphology and
response preference to such stimulus features as temporal and spatial frequency). The
general observation is that only M-retinal ganglion cells undergo contrast saturation whilst
P-retinal ganglion cells display a linear contrast-response function (For a review see

Shapley 1986).




Retinal ganglion cells provide afferents that are selectively connected to
corresponding tvpe thalamic cells. which inherit the response dynamics of the feedforward
retinal input. It should be noted. that within cat retina and thalamus, response saturation is
not a universal property. and is also not specific to a cell class. as in primate (Ohzawa et al.
1985). Within rabbit thalamus (Cano. Bezdudnaya. Swadlow & Alonso 2006). contrast
saturation is only observed with transient-type cells. whereas sustained cells display highly
linear contrast-response functions.

It would be useful to quantify to what degree cells in V1 share characteristics of
LGN responses. Whilst there isn't a wealth of data on the subject. Cs, values in V| and
LGN appear to be relatively similar (average (s for cat LGN =20.3 (£12.1) and for cat V|
=21.3 (x13.5); Sadakane. Ozeki, Naito. Akasaki, Kasamatsu & Sato 2006). However,
values of # appear to be almost doubled in V. relative to LGN (Sclar. Maunsell & Lennie

1990: Contreras & Palmer 2003; Albrecht. Farrar & Hamilton 1984, see Table 2.2).

Table 2.2: Comparison between the average values of the response exponent, n, in cat
and monkey V1 and LGN.

Where # describes the slope of the linear region of the contrast-response function. see
Equation 2.20

Species ‘ Value of n:
LGN Vi
Cat 14, 29 5. 223 4,

12 (34 {24

Monkey ‘ 1.6 . 29 . :24
(1): Contreras & Palmer 2000: ¢2): Sclar et al. 1990; (3): Albrecht & Hamilton 1982

Thus. to what extent are the contrast-dependent dynamics of LGN cells inherited by
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V1 cells? Both complex and simple VI cells display a variety of contrast-response
tunctions (Albrecht et al. 1984). This could arise from the strict segregation of V1 afferents,
along the lines of contrast-response function properties. such that V1 cells with saturating
contrast-response function receive inputs only from LGN cells which show similar levels of
saturation in their contrast-response tunction. However, whilst there is evidence that that
(s values are conserved during thalamocortical transmission, the exponent value (1)
governing the slope of the dynamic contrast response is increased, see Table 2.2,

In conclusion, the above discussion indicates that response saturation is a feature of
many retinal cell response dynamics: and is inherited by connecting cells in the LGN and
presumably then passed on to V1. However what is not clear is what relationship there is

between levels of contrast sataration in the cortex and [L.GN,

2.3: Other evidence for Efficient Coding Hypothesis

The above discussion has focused on the response to visual contrast, as evidence of
cfficient sensory coding. However, the experimental paradigms used to test the adaptive
processes outlined above tend to be static and un-naturalistic (i.e. the "adapt and probe’
technique. whereby any shifts in responsiveness. following adaptation with sustained
stimuli. is tested using probe stimuli. post-adaptation). For the Efficient Coding Hypothesis
to be considered a universal encoding strategy one would expect to find evidence for
efficient coding following adaptation to dynamic. naturalistic stimuli and across a range of
parameters and modalities.

As discussed. Laughlin (Laughlin 1981) studied the contrast response in the early
fIy visual svstem by presenting contrast stimuli drawn from a distribution of contrast levels

found in the wild: however presentation techniques were static and bore little relationship
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to the temporal distribution of contrast one would expect a blow fly to encounter in the
wild. More recent studies have explored adaptation to dynamic, motion stimuli in the visual
system of the blow fly. The fly H1 cell is a direction-sensitive visual cell that conveys
velocity information about horizontal motion across its receptive field. H1 firing rates
(Brenner. Strong. Koberle, Bialek & de Ruyvter van Steveninck 2000) were shown to track
slowlv-varying (time scale of 1s) Gaussian velocity stimuli (see Figure 2.18A&B) and also
underwent adaptive rescaling: in that when the adapting stimulus was scaled by doubling
the standard deviation, firing rates to both the scaled and non-scaled stimuli displayed
considerable overlap (Figure 2.18C, below). Adaptation to the higher standard-deviation
stimulus resulted in a slight lateral displacement of the velocity-response function (Figure
2.18D). however when neural rate functions were normalised. with respect to average firing
rate and standard deviation. there was a high degree of overlap (Figure 2.18E. below)
between functions. with divergence only observed for the highest velocity stimuli. A
similar form of rescaling was observed when the stimulus varied rapidly (on the time scale
of =10ms), thus H1 cells normalise their output by adapting to the local statistics of the
stimulus. The measured rate functions were also shown to maximise information transfer.
relative to rate-functions that were derived through either stretching or contracting the
measured stimulus-response functions.

Adaptation to velocity in fly HI neurons occurs on many time scales. ranging from
the 100ms to tens of seconds scale (Fairhall, Lewen, Bialek & de Ruyter Van Steveninck
2001). Using a switching technique, whereby the standard deviation of a while-noise
velocity signal was switched between two values every 7 seconds, it was observed that, on

the longest time scale. firing rates adapted to the standard deviation of the stimulus (over
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the time period 772), with the length of the adaptation time constant (a measure of the time

for firing rates to relax to the steady-state level. from the transient changes in firing rate
observed following the stimulus switch) dependent on the length of 7. In terms of rapid
adaptation. the rescaling of the neural-response function occurred within the first second of
the stimulus switch. This type of rapid rescaling, to a switching, adapting stimulus, is not
restricted to the fly visual system and has also been observed in the inferior colliculus
(Dean et al. 2008): adaptive responses. following a stimulus switch, were elicited to noise
bursts stimuli drawn from one of two highly skewed distributions (see also Dean et al. 2005
and Chapter 3 for a description ot the stimulus distribution): the rescaling of neural-
response functions, towards the steady-state level. was observed within 300ms of the
stimulus switch.

The stimulus-information transfer rate was found. in the fly H1 cell (Fairhall et al.
2001), to be relatively constant. at around 1.5 bits per spike. except for a transient dip (with
a time constant of =40ms) in information rate following a switch to the lower standard
deviation stimulus. Thus the rescaling of firing rate and neural response profiles serve to
maintain a constant flow of information about the external world. in the presence of
transient changes in distribution.

The above experiments highlight the fact that adaptation acts on many time scales:
in fact adaptation can be considered as a continuous, life-time process. even an
evolutionary one. Organisms, and sensory systems. evolve within and adapt to the confines
of their ecological niche: thus if efficiency is the driving force behind adaptation, as
predicted by the Efficient Coding Hypothesis, one would expect that neural codes have

evolved to represent environmental signals in as economical manner as possible. Laughlin



(LLaughlin 1981) demonstrated that the response (in the large mono-polar cells of the
blowfly, at least) to contrast distributions. drawn from a natural environment, follows the
optimum code expected by the Efficient Coding Hypothesis and Information Theory.
However., visual contrast is a relatively simple parameter (i.e. the fluctuation of
illumination about its mean), especially when compared to more complex sensory input.
such as auditory stimuli. Auditory stimuli are not spatially discrete and have a variety of
parameters that need to be resolved, e.g. frequency, amplitude and direction. A key
functional attribute of auditory stimuli is communication. e.g. speech, mating calls or
warning sounds,

Thus it could be argued that the complex nature and communicative function of
auditory information provides the ultimate test of the Efficient Coding Hypothesis.

As such. theoretically derived optimal codes (Lewicki 2002: Smith & Lewicki
2006) for the efficient encoding of human speech, animal vocalizations and environmental
sounds (e.g. leaves rustling, twigs snapping etc) have been found to closely resemble
experimentally defined features of auditory nerve and cochlear processing. Thus. it would
appear that human specch evolved to have spectral features that closely match the optimum,
in terms of auditory processing along information theoretical lines.

Accordingly, the evidence above reveals that adaptation is a dvnamic process.
acting on many time scales and serving to reflect the local and global statistics of incoming
stimuli through the rapid rescaling of the input/output function as well as transient and

long-term changes in firing rates.
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Figure 2.18: Adaptive rescaling in fly HI neuron to slowly-varving velocity stimuli
Adapted from Brenner et al. (2000). A: Solid line: stimulus (right axis), circles; rectified
response (left axis). B: Neural-response function. empty circles: firing rate verses velocity.
filled circles: average firing rate as function of stimulus velocity. C: Bottom trace: firing

rate to two stimuli (sec trace above) with o = 2.3 (filled circles) & o = 4.6 (empty circles).
Top trace plots normalized stimulus. D: Velocity-response functions from stimuli in B. E:
Velocity-response functions normalised by mean firing rate and & of the stimulus,

60




2.3.1: Extensions to the Efficient Coding Hypothesis

The above discussion reveals that there is strong evidence that sensory systems
encode signals in a manner consistent with the Efficient Coding Hypothesis. However. a
main weakness of the Efficient Coding Hypothesis is its assumption of no noise (Barlow
1961). This has been addressed by the principle of information maximisation (or Infomax,

see below).

Noise

Whilst the assumption that sensory systems are essentially noiseless was useful for
hypothesising about the efficiency of the sensory code. Barlow himself acknowledged
(Barlow 1961) that it was not a biologically realistic representation of actual neural
communication. Neuronal interactions are inherently noisy. with neural stochasticity being
intrinsic to the neuron (e.g. fluctuations in membrane potential). extrinsic (i.e. background
or input noise) or synaptic in origin (e.g. due to the stochastic nature of transmitter release).
In the presence of noise. some redundancy is necessary for resolving ambiguity; as such
incorporating noise into the hypothesis leads to changes in the expected profile of a
redundancy reducing code.

As outlined above. where the input to a noiseless system is Gaussian. the optimal,
redundancy-reducing, mapping of stimulus to response is the cumulative probability
function (cumulative probability distribution ) of the input. as output entropy is maximised
due to histogram equalization (i.e. all response states have equal probability). If noise is
introduced into the system then the optimal strategy is to have a response probability

distribution that is maximal about the signal (as opposed to a uniform distribution in the
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noiseless case), such that response resources are focused on the signal itself rather than the
noise (Zhaoping 2006). However. in this case, due to the unequal response-probability.
output entropy is not maximal, thus redundancy in the system is increased, relative to the
high signal-to-noise ratio case.

For example, in the case of a low signal-to-noise. stimulus ensemble with a
Gaussian distribution, the signal is essentially the average stimulus of the distribution and
the optimal transfer function (from stimulus to response) is one which ensures that
responses elicited to the signal occur most frequently. An example hypothetical stimulus-
response function and corresponding response probability function is plotted in the bottom
row of Figure 2.19, below: the slope. or gain. of the stimulus-response function is reduced
for those stimuli that oceur most frequently. A noise-dependent adjustment in coding
strategy has been observed experimentally in the compound-eye of the blowfly (Laughlin,
Howard & Blakeslee1987).

Understanding and defining the optimal code is a major problem when testing the
validity of the Eftficient Coding Hypothesis. in that one must know the full range of signals
to which a sensory system is exposed, their distributions and the levels of intrinsic and
extrinsic noise within a system.

One method of quantifving the effect of noise on encoding of sensory input is to

measure the mutual information between the stimulus and neural response. If one can recall

information essentially quantifies the amount of information an input/output relation, (x| v),
hold about cach other. after taking into account transmission noise. Thus it has been

proposed (Linsker 1990) that noisy svstems encode input efficiently by maximising mutual
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Figure 2.19: Hypothetical example of optimal response profiles under conditions of
low and high noise

The central plot is an arbitrary stimulus with a Gaussian probability distribution. Top row
plots the optimat response profile (left) when the signal-to-noise ratio is high (i.e. fow
noise) and the response probability (right). The response profile is the cumulative
distribution function of the input. where all possible responses have equal frequency and
the response probability has a uniform distribution. Bottom row plots the optimal response
profile (left) and the response probability (right) when the signal-to-noise ratio is low. The
hypothetical stimulus-response function (left) does not follow the cumulative distribution
function: the response probability function (right) is maximal for responses elicited to
inputs located close to the mean of the stimulus distribution.




Information maximisation principle

The information maximization (or Infomax) principle is essentially an optimization
method for neural networks such that:

“...network connections develop in such a way as to maximize the amount of
information that is preserved when signals are transformed at each processing stage, subject
to certain constraints”™ Linsker (1990)

Here. the information that is preserved is the mutual information between the input
and output of each layer of in the network and the constraints on the processing units/stages
are biological in origin, e.g. lateral connectivity. latency or synaptic transmission
probabilities.

The Infomax principle can be considered as an extension to the efficient coding
hypothesis as. in the absence of noise, maximising the mutual information between the
input and output is equivalent to maximising the input entropy (see Section: 2.2.2, above):
thus Infomax. in the zero-noise case. is equivalent to redundancy reduction.

Linsker (Linsker 1990) found that neural networks of units, modelled on sensory
cells and with Hebbian-type synapses (Hebb 1949: Hebbian here refers to the learning rules
tor synaptic weight adjustment and is casily summarized by the phrase: “units that fire
together, wire together’), self-organized into feature-detecting units with similar properties
to that observed in V1. e.g. orientation selectivity, when optimized using an Infomax
learning algorithm.

[nformation maximization is generally taken to be the underlying principle of many
adaptive processes (e.g. Adorjan et al. 1999: Laughlin et al. 1987: Yu, Potetz & Lee 2005)
as adaptive shifts in neural responsiveness tends to improve information transmission for

sensory inputs within the prevailing stimulus distribution. It has also proved to be a usetul,
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and successful, concept for analysing sensory systems and developing self-organising

neural-network models (e.g. Okajima 2001).

Sparse coding

According to Barlow, sensory systems aim to represent input in as economical and
efficient manner possible. This is achieved through exploitation of the inherent redundancy
in sensory input (Barlow 1959; Barlow 1972). For example. contrast adaptation (see
Section: 2.3) is a ccllular mechanism that exploits the fact that contrast levels. over a given
spatial and temporal scale. rarely fluctuate across the full range of possible contrasts
encountered in the visual environment. Thus efficiency can be achieved through encoding
relative. over absolute, levels of visual contrast.

Another major source of sensory redundancy is in the form of local temporal and
spatial correlations. For example. in a natural-scene image. neighbouring pixels are more
likely to be similar than not (Barlow 1972). As such. sensory syvstems can exploit these
correfations by ignoring them and onfy transmitting what is not redundant.

Thus it is possible for each processing stage to encode more specific features of the
visual scene without increasing the numbers of cells needed to code for each feature. This is
termed sparse coding and Barlow believed it was crucial to neural encoding (Barlow 1972),

Sparse coding (Olshausen & Field 2004: Field 1994) represents a trade oftf between
the robustness of a high density code and redundancy reduction of a local code. Sparse
coding is defined by the ratio of active-to-passive cells for a given input. if significantly
less than half the cells in a population are active then the input has a sparse representation,

within the cortex. A schematic comparison between a compressive-code versus a sparse
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code is given in Figure 2.20. Both types of encoding elicit the same number of spikes;

however a sparse code is able to represent the input with the minimum amount of spiking

activity, without the need to compress the input.

A: Compressive cod

=i

in

B: Sparse code

INPUT INPUT

A7l

TRANSFORM TRANSFORM

L I L y v v -

QUTPUT: minimum number of

units active units

OQUTPUT: mimimum number of ‘

Figure 2.20: Schematic comparison of redundancy reduction by either compressive or
sparse encoding of sensory input
See text for details. Adapted from Field (1994).

2.4: Criticisms of the efficient coding hypothesis

According to the efficient coding hypothesis sensory systems compress incoming
information using a strategy of redundancy reduction: compression is a feature of biological
structure in the early stages of sensory processing (e.g. in the transmission of retinal
information along the bottle neck of the optic nerve). However, as one traverses the

processing hierarchy neurons become much maore numerous. As such. it can be argued that
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redundancy may actually increase, as more neurons are able to respond to the compressed
signal. However. as we have seen in the previous section the representation of sensory
inputs becomes progressively sparser at each successive cortical stage (e.g. Olshausen &
Field 2004) and firing rates are generally very low. Nevertheless. Barlow recently
acknowledged (Barlow 2001 ) that redundancy may be important. or even necessary. for the
processing of sensory information in the cortex.

However. it should be remembered that the fact that redundant information may be
utilised. post transmission, is implicit in the efficient coding hypothesis. The purpose of
information maximization/redundancy reduction is to package information as efficiently as
possible whilst minimising loss of information. as redundant information is not necessarily
the same as useless information.

As such the efficient coding hvpothesis is not a universal theory and depending on
the constraints placed upon a system and the levels of information processing/transmission
taking place within a given cortical area information maximisation may not always
represent the optimal strategy for the encoding of sensory information. Some examples of
alternative strategies are outlined below.

A perfect redundancy reducing code will be fully reversible. i.e. it should be
possible to reconstruct the stimulus from the neural response. However in reality this is not
often the case as, firstly. transmission is rarely noiseless and. secondly. many neurons
respond selectively to sumulation, thus not all stimulus information is encoded. A good
example is orientation selectivity in V1. where complex cells respond preferentially to the
orientation of a grating stimulus and the direction of drift.

As has been discussed above. the efficient coding hypothesis assumes that neural
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responses adapt to the distribution of inputs, conserving/maximising information.
Alternatively, neurons that selectively encode sensory inputs. adapt to reflect a particular
feature/or subset of the stimulus distribution and ignore or suppress the remainder. An
example of selective coding is background-suppression in the auditory system of insects.
whereby responses to a loud stimulus suppress responses to subsequent stimuli. over a
given time window (Sobel & Tank 1994: Baden & Hedwig 2007)

A comparison of how both strategies (effective and selective coding) would affect
stimulus-response curves (stimulus-response function). following adaptation to stimuli with
multi-modal distributions. is given in Figure 2.21A&B below. Adaptation that is
underpinned by a background-suppression mechanism (see Figure 2.21B, below) would
result in stimulus-response function that only covers the highesi-intensity mode of the
stimulus distribution: rather than covering the whole distribution (as per adaptation along
information theoretical principles, see Figure 2.21A, below).

A recent study (Wimmer, Hildebrant, Hennig & Obermayer 2008) attempted to
elucidate the principle mechanism underpinning adaptation to sound stimuli in the auditory
interneuron (AN2) of crickets. through a stimulus protocol that invelved comparing
adaptive stimulus-response functions to stimuli with bi- and tri-modal distributions and
calculating the amount of mutual information the adaptive neural-response functions
conveyed about the input distribution. Example results from three AN2 cells are given in
Figure 2.21C, below.

The general observation was that, following adaptation to the tri-modal stimulus,
the slope of the stimulus-response function tended to become shallower (relative to the bi-

modal condition). as per the expectations of the efficient coding hypothesis. however the
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amount of gain change in slope was not as large as expected.
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Figure 2.21: Efficient coding verses selective coding

Dark- and light grey regions represent adapting stimuli with bi- and tri-modal distributions,
respectively. A: Expected influence of adaptation, mediated by an efficient coding strategy,
on stimulus-response curves of a hypothetical neuron. Red line and circles gives expected
response following adaptation to an arbitrary stimulus with a bi-modal distribution: blue
line and squares give expected adaptive response to a tri-modal distribution. Probability of
the distribution is plotted on the sinistral axis and hypothetical response on the dextral axis.
B: As for A, but for selective coding strategy. A & B adapted from Wimmer et al. (2008).
C: Actual experimental responses from three cricket AN2 neurons showing adaptation
under the different stimulus distributions (circles: bi-modal; squares: tri-modal). Taken
from Wimmer et al. (2008).

Lateral displacements of the stimulus-response function were larger and shifted
thresholds (the half-maximal point or Ss) to stimulus intensities that were higher than
expected according to information theory and resulted in stimulus-response functions that

didn't fully cover the stimulus space: this resulted in a loss of information following

69




adaptation. The results were not compatible with a selective coding strategy either: whilst
some background suppression was observed there was no change in information
transmission for the higher intensity sounds. under both conditions,

One possible strategy underpinning adaptation in cricket AN2 neurons is to prime
the cells for novelty detection. In general. the stimulus-response functions were shifted such
that cells were still able to respond dynamically to stimuli with intensities higher than that
found within the input distribution.

Novelty detection. as a result ot stimulus-specific adaptation (SSA), has been
observed (Ulanovsky, Las & Nelken 2003) in the feline auditory cortex (A1), SSA is also
present in cat visual cortex (e.g. orientation adaptation: Dragoi et al. (2000), see below).

A standard mechanism for testing novelty detection 1s by using an oddball stimulus
design (see Figure 2.22A. below). whereby rare/deviant stimuli are randomly inserted into a
stimulus presentation of a common/standard stimulus. The target cell or cells are thus
adapted to the standard stimulus.

Within cat Al. neurons undergo SSA that primes the cell to respond strongly to the
rare stimulus. relative to the common stimulus. irrespective of the trequency values of the
standard/deviant stimuli (Ulanovshy et al. (2003) see Figure 2.22C above). Here adaptation
was to one of two possible frequencies of equal amplitude (the two frequency values, f7 and
72. were located well within the boundaries of the RF of the target Al cell, as was the
amplitude of the stimuli). The strength of the adaptive effect was dependent on both the
difference in value (Af = /2 - f1) between the standard/deviant stimuli (compare the three
columns under the 90/10% condition. the effect decreases with the size of Af) and on the

ratio of presentation (e.g. if one compares the first and second columns in Figure 2.22C, Af
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was equal under both conditions but the effect was more pronounced under the 90/10%
condition). Novelty detection. in this case, is similar in principle to the phenomenon of
background suppression, outlined above. with the difference being that it is novelty rather

than intensity that suppresses the response to the background (i.e. the standard stimulus).

Sterusi Samgle stmulus sequence
- (oddball m boid)
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Figure 2.22: Stimulus-specific adaption (SSA) results in enhanced novelty detection
A: Schematic illustration of odd-ball experimental paradigm (adapted from Ulanovsky et
al. 2003). B: Frequency response curve of an A1 neuron before (black line), during
(magenta) and after SSA (thin black line, recovery time of 30s). Adaptive frequency was
3.33 KHz. C: Responses to deviant (red), standard (blue) and control response (black.,
50/50% presentation) for four stimulus configurations (columns, ratio of presentation and
frequency difference (Af) given above column). Top row plots responses for a single A |
neuron when f7 was standard, second row plots responses for /2. Third row plots the
average response across f/ and f2; bars indicate spike counts and asterisk indicates
significant difference in firing rate of deviant verses standard frequency. Bottom row plots
averaged responses for another neuron.

The effect of frequency adaptation on the frequency tuning-curve of an Al neuron is
plotted in Figure 2.22B above. As can be seen adaptation results in a repulsive shift in
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preferred frequency, away from the control response, and facilitation of the far-flank of the
tuning curve (Condon &Weinberger 1991; Malone & Semple 2001: Ulanovsky
et al. 2003). This is similar to the effect of adaptation on orientation tuning curves in V1

(Dragoi et al. 2000: Jin. Dragoi. Sur & Seung 2005. sce Figure 2.23).

— Control
12 - ——— Adaptation 1 (-22.5deg)
56 ' — — Adaptation 2 (45deg)
I — —Recovery

Firing rate (Hz)

Orientation (°)

Figure 2.23: Orientation Adaptation in feline V1

Adapting orientations are marked with red arrows. Orientation tuning curves of a
representative V1 neuron. Solid black line is the un-adapted response. with preferred
orientation of Oo: recovery response is the dashed black line. Light- and dark-grey lines plot
the adaptive orientation tuning curves. Adaptation results in a repulsive shift in preferred
orientation and facilitation of the far-flank of the tuning curve. relative to the control
response. Taken from Dragoi et al. (2000).

A recent study (Ringach & Malone 2007) indicates that novelty detection may not
be limited to the action of a subset of neurons undergoing SSA but may be the basis for
setting the operating point of the cortex as a whole. The responses of monkey V1 neurons
to grating stimuli was modelled using a linear/non-linear model. whereby the linear input to

the model was the standard deviation (SD) of the generator potential:
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“a variable representing a combination of the history of intracellular variables
vielding an overall measure of neuronal drive™ (Ringach & Malone 2007).

The non-linearity was a half-rectifier with parameters: threshold, gain and input

noise, see Figure 2.24 below for a description of model parameterisation.

Stimulus triggered responses
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Figure 2.24: Estimation of the generator potential and non-linearity in a linear/non-
linear model of V1
Plot a: The stimulus-triggered responses (r,) about the mean response (7 ) was calculated
for each stimulus (s,) in the set (S). Plot b: A linear prediction for a stimulus sequence was
determined from the responses (r,) and then normalized to have zero mean and unit
variance. Plot e: A non-parametric estimate of the non-linearity (solid line) was found by
smoothing the output of the generator potential and the actual responses within a given
window (dashed lines). Plot d: The parameters: threshold (#). gain (4) and input noise ()
were determined by fitting a half-rectifier to the non-parametric estimate in plot c. Taken
from Ringach & Malone (2007).
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The general observation across the cortex was that the non-linearity threshold was
roughly 1 SD from the mean of the generator potential and threshold was invariant to levels
of stimulus contrast (e.g. with contrast levels of 25. 50 and 99%).

Due to the shape of the non-linearity. once the signal crosses spiking threshold it is
amplified in a linear manner and there is no response saturation. Overall. spikes were
generated when the generator potential tluctuations were =2 SD away from the mean
activity of the generator potential. Thus. in monkey V1 at least. sensory cells appear to act
as deviation detectors that amplify large signals at the expense of background noise.

As mentioned in the beginning of this section. information maximisation may only
be optimal during early stages of visual processing when the full transmission of the signal
is the priority . In general. V1 was always considered to be early part of the visual
processing hierarchy. where only simple transformations of the signal occurred. As such.
one might have expected that sensory encoding within V1 would be in line with the
principles of information theory and the early evidence, from contrast adaptation studies for
example. were in support of this hypothesis. However, recently a growing consensus has
emerged that V1 is more than just a relay stage: the large number of feedback connections
from higher cortices hint at a role in the complex processing of visual information
(Angelucci. Levitt. Walton. Hupe. Bullier & Lund 2002: Angelucci & Bullier 2003: Bullier
2001), V1 receptive fields are not fixed but exhibit plasticity (e.g. Dragoti et al. 2000:
Gilbert, Li & Piech 2009: Li, Piéch & Gilbert 2004) and even reward signals have been
observed in rodent V1 (Shou, Li. Zhou & Hu 1996). Therefore VI should be distinguished

from “lower” areas in the visual processing hierarchy. for which redundancy reduction is the
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optimal strategy. as an area that implements a number of strategies depending on the tvpes
of processing mechanisms active at any given time (Schwabe & Obermayer 2003).
2.5: Fisher Information

The above discussion has focused entirely on Shannon's concept of information.,
i.c. that information is a reduction of uncertainty and is quantified by its entropy.

Essentially. mutual information is a measure of how certain one can be of the input
to a system given the observed output. i.e. one is making an estimate of the input
distribution: the accuracy of the estimate can be quantified by Fisher Information (named
after the statistician and geneticist. R.A. Fisher. who formulated the concept of maximum
likelihood estimation. Fisher 1922).

Formally. Fisher Information, /(#). is the variance of the score, where the score is
the first derivative of the negative-log of the likelihood function. L/#| X). which gives the
likelihood of a parameter. . being a certain value. given the set of observations, X' (where X’
is dependent on ). The likelihood function is so called as it represents the likelihood, not

the probability. of . given X' (as L(0|.X) will not always integrate to unity).

2.5.1: Likelihood Function

The conditional probability. p/\ |0/, describes how a set of observations. X\ may

vary. for a given parameter. #. However. the likelihood function, L/# | X). describes how )
may vary. given a fixed set of observations. .X? in essence. L/ | X) is the converse of
p(X 6.

As an example one can consider a coin throw: the coin can only land on “heads’.

~J
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Hd, or “tails”, T, and one is interested in discovering whether the coin is biased towards
landing on Hd: in this case the probability of the coin landing on Hd is equal to p(Hd) and
the probability of observing 7. is equal to p(T)= | — p(Hd) . If one assumes that the coin is
unbiased. i.e. prHd) = 0.3, then the conditional probability of the coin landing on Hd for a
single throw is (see equation 2.8):

ptHd | p(Hd)= 0.5 )= 0.

L]

And the likelihood of p/Hd) = 0.5 is:

Lip(Hd) = 0.5| Hd) = 0.5.

Consequently. the likelihood of pi/id) = 0.5 following two coin throws which land
heads-up is:

L(ptHd) = 0.5| Hd. Hd) = ptHd Hd | p(Hd)=0.5) = 0.25.

2.5.2: Maximum-Likelihood

In the above example, the likelihood for a single parameter value was discussed. If
one wishes to estimate which parameter (from a set of possible parameter values) is most
likely to generate a given set of observations, one can take the maximum. Ly, of the
likelihood (as a function of all the possible parameters values within the set f. see Figure
2.25). to be the best (or most likely) estimate. (/. of the true parameter. In the case of p(Hd).
) is a probability and would thus range from 0 (the coin will never land on heads) to | (the

coin will always land on heads).

The likelihoods as a function of pr/id). for single trials of different sequences of
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coin throws (X) are plotted in Figure 2.25, below

Each hypothetical sequence X" comprises » number of coin throws, such that
X ={x..x,| andx, € |Hd. T {. The assumption is that x, is independent of all other coin
throws in the sequence and that the probability of scoring either Hd or T is constant. thus X

is an independent and identically distributed (i.i.d) Bernoulli trial. The likelihood can

therefore be calculated using individual conditional probabilities for each coin throw:
[F” “I.l ].Ilfll"" ”;
0cl-=0)""

2.21
Where peX |0) has a binomial distribution, r is the number of Hd per sequence of » trials

andi - /..n.
In the top plot of Figure 2.25. X} , = Hd and the maximum-likelihood
estimate. #,,,, . is always unity: as the sample number. 7. increases the slope of

LiptHd)| X). about L. becomes steeper. In the middle plot of Figure 2.25, X contains

both Hd and T {},__ . tends towards p(Hd) = 0.5 Finally, in the bottom plot of Figure 2.25.
the sample size is increased: -")J ., tends towards prHd) = 0.5 and the gradient of the slope
LeprHd)| X). about Ly, v increases, relative to the middle plot of Figure 2.25

The behaviour of the likelihood function about L+ 1s an indicator of how close
0, is to the true value of 4. A flat curve about Ly indicates that a change in ¢ would
not significantly affect the probabilities of observing X (as the same observations would
have a similar likelihood of being observed for a range of #) and therefore 0 e could be

highly inaccurate: one would expect the €to be biased, i.e. the difference between # and
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the true value of # would not equal 0 (when @ — @ = 0 the estimate is said to be unbiased)
and one would also expect that @, . across trials, would be highly variable.

Likelihood functions for probability
of coin landing on heads in a sequence of throws.
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Figure 2.25: Likelihoods as a function of p(Hd)
Likelihoods as a function of the probability of a coin landing on “heads’, pr Hd ), given a
hypothetical data set. X. For each X, the number of trials, », and number of ‘heads’, #Hd,
can be found in the corresponding legends. The number of “tails’, #7, in X is equivalent to
n-#Hd and p(T)=1— p(Hd). In the top plot, all values of X were set to Hd. In the middle
plot, n = 3 (same number of trials as the green, dotted line in the top plot) but the #Hd was
set to 3. For the bottom plot # = 30 and #Hd = 16
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The variance of 0 depends upon the number of trials and/or sample size of X. For
example. the top and middle plots of Figure 2,25 display the likelihood functions of two
hypothetical cases of X. in which # = 3 but the number of Hd (#Hd) was either 5 (Figure
5 95. 6z

_____ top plot, green dotted line only) or 3 (Figure 2.25: middle plot). Intuitively. one could

argue that both cases of X could be easily clicited from the throws of an unbiased coin:

however, both samples gave rise to different estimates of 8 (§Hd — 5, 6,,, = 1: #Hd = 3.
O =06).

As trial and/or sample size increases one would expect 0 to com erge upon its true
value and that the variance of  would decrease. i.e. the estimate would become more
accurate. A low variance estimator is said to be efficient and an optimal estimator is one in
which the bias and variance of the estimate is minimised: Fisher Information provides a
measure of quantifving how reliable and efficient the likelihood function is. as an estimate

of the parameter set.

2.5.3: Fisher Information from the log-likelihood
Fisher information, /(A), is defined as the variance of the score. Under mild

conditions. .it also equals the 2nd derivative of the negative. log-likelihood function:
d 0| x) |
a0 |

If0)=-E

Ul | x)= InL(@ | xJ

(=]
2
(=]

E is the expectation operator over the observations of x with respect to the likelihood

distribution [.¢# | x). as a function of x.



file:///ariance
file:///ariance

As equation 2.22 shows, the amount of Fisher information is directly related to the

curvature of the averaged log-likelihood function about L.y, A sharp maximum in the log-
likelihood has a large second order derivative and corresponds with high Fisher
information. A flat maximum. conversely has low information. As discussed above. a steep
curvature of the likelihood function about L,y indicates that the bias and variance ot the
estimate of /) are low: thus, there exists an inverse relationship between the variance of the

score (the Fisher information) and the variance of the estimate of 0.

2.5.4: Cramer-Rao Bound

The inverse of the Fisher information is called the Cramer-Rao bound. The Cramer-
Rao inequality (named after the mathematicians who derived it: Harald Cramér and
Calyampudi Radhakrishna Rao) defines the lower bound of the variance of the maximum-
likelihood estimate. MLE. of 0. var((ly; ;). such that var(@,; ;) can never be less than the

inverse of the Fisher Information:

I
varif,,,, )= ——

\ifd

)
2.23
And the standard error (SE) of the estimator is:
: ) ]
SE(0,,, )2——
\IJ'L*'(J]
2.24

An optimal estimator is one which saturates this bound and is unbiased.

2.5.5: Fisher Information and the neural code

Generally. neuronal responses to single, simple features of environmental input (i.e.
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contrast, orientation) can be quantified by plotting the average response as a function of the
stimulus (i.e. can be quantified by the rate-function). However, neural responses tend to
vary from trial-to trial. Therefore the ability of other neurons to decode or estimate the
input trom the average firing rate will be highly dependent upon the levels of variance in
the response. Fisher information provides a measure of how well one can estimate the
stimulus feature from the average firing-rate response by means of the Cramer-Rao bound.

As stated above, there are two main factors that determine how accurate and
efficient an estimator is. namely the bias (the difference between the estimated and true
value of the parameter) and the variance. The tuning curve is the mean response over many
trials. One can assume that the tuning curve is. on average. an unbiased estimate
(i.e. E[(j— (1] =0, where E is the expectation, across trials) of the input: the quality of the
estimate is therefore dependent only upon the amount of output variability, observed in
response to a given stimulus.

Neuronal noise is often assumed to be independent and normally distributed; with
the experimental evidence (e.g. Tolhurst. Moshvon, Dean 1983; Gershon, Weiner. Latham.
Richmond 1998) indicating that response variance is either equal to or proportional to mean
levels of activity.

The probability. prr | 6. of observing a response, r. for a stimulus parameter, 0. can
be captured by the Gaussian distribution given in equation 2.25, where ¢ is either fixed or

equal to the mean firing rate, f(0):

(r=fi0)y ]

1
prlO)=prr=r|0)= ex| -
Jazo’ 2ma

2.25

However. if one is counting spikes, then p(r|0) is ofien best described by the
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Poisson distribution:

0) o=
prd) = pr’?'Z&fﬂ;’=——f J :

2.26
where r is the response of a neuron. # is the stimulus. & is the number of spikes per time

window and 1)) is the average response over all trials.
The Fisher information can be calculated. in terms of the noise distribution as:

" (&InPir|0))
1=—[erpir m{ il

, afl
2.27
The Fisher Information can be also approximated if one knows the noise
distribution, such that for Gaussian noise, the Fisher Information is:
f (0)
Ji= 2L
o
2.28

Where f () is the derivative of the stimulus-response function, f/f),and ¢° is
the variance (which is either fixed or proportional/equal to the mean response). For Poisson
noise, the Fisher Information can be approximated by (Seung & Sompolinsky 1993):

Ty
/- f ()
fre))

2.29
For the Poisson distribution. the variance is equivalent to the mean and the

denominator, in equation 2.29, is the average response, /). The population Fisher

Information. 7. is calculated by summing /¢0)). for each neuron in the population. under

the assumption of independence:

N
Ln(®) = 1,00)

2.30
Where V is the total number of neurons in the population and /rf)) is the Fisher Information




for the ith neuron (/1 =1...N ).

From equations 2.28-2.29_ it is clear that Fisher Information is greatest when the
gradient of the tuning function is high and variance of the response. as a function of €. is
low. For those neurons that display bell-shaped tuning curves in response to stimulus
fecatures (e.g. orientation sensitive cells in V1). Fisher Information will peak on the slopes
of the tuning curve (assuming that variance is equal or proportional to mean activity. see
Figure 2.26 below).

Responses are therefore most informative (in terms of estimating the stimulus), for
those stimuli which elicit intermediate responses. cither side of the peak response. and not
(as may be intuitively expected) for those stimuli which elicit the strongest response, e.g.
the preferred orientation.

IFisher Information. then, is a measure of how well a neuron is able to discriminate
between stimuli. As already outlined within this chapter. small changes in stimuli located
on the steepest regions of the rate-function slope will result in relatively large changes in
the response. with respect to stimuli located on the saturated region of the function. The
ability of a neuron to discriminate between two stimuli, 8 and #+40. can be quantified by a
discriminability index, ¢ . which is related to the Fisher Information by the equation (see
Seung & Sompolinsky, 1993):

d = . ]”J?HJ

12
lad

Equation 2.31 demonstrates that the abilitv of a neuron to resolve a stimulus

increases with increasing Fisher Information,
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Figure 2.26: Fisher Information for a hypothetical single neuron with a Gaussian

tuning profile
Blue, dashed lines plot the normalised response of a hypothetical neuron to an arbitrary

stimulus (no units). Red solid lines plot the Fisher Information calculated as for Equation
2.28 and assuming that variance is equivalent to the mean firing rate. Fisher Information is
peaked on the slopes of the tuning curve, not on the preferred stimulus, and does not reflect

the direction of the slope of the function but its gradient.

The inverse of the square-root of the Fisher Information quantifies the

discrimination threshold, or just-noticeable-difference in response, for the stimuli. # and
) + A6 : which if one refers back to equation 2.24 is the lower-bound for the standard error

of 0.
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For sigmoidal tuning-curves (e.g. in response to stimulus contrast), the Fisher
Information would be expected to peak on the linear. accelerating region of the curve (see
Figure 2.27). if the slope is centred on the mean of the stimulus distribution. as predicted by
the efficient coding hypothesis. then neural output will be most informative. in terms of
estimating and discriminating stimuli. for inputs that lie within the higher probability

regions of the stimulus space.

2.5.6: Correlated Activity

The population Fisher Information. that is the sum of all individual Fisher functions
across the population. is calculated under the assumption of independence (see Equations
2.28 - 2.30, above). Independence implies additivity. i.e. the joint noise distribution of two

arbitrary neurons, p, .(r|0). will be equal to the sum of the individual distributions:

pa(r| 8= p,r|0)+ p.r|0)

However. if the noise distributions p,(r () & p,(r|6)are correlated then the joint noise

distribution will be less than the sum of the individual noise distributions:

P | 0)< p,r| )+ p.r|6)

Clearly. if correlations between neural outputs are present. then calculating the

population Fisher Information under an assumption of independence can lead to its over-

estimation.
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Figure 2.27: Fisher Information for a hypothetical neuron with a sigmoidal tuning
curve

Blue, dashed lines plot the normalised response of a hypothetical neuron to an arbitrary
stimulus (no units). Red solid lines plot the Fisher Information calculated as for Equation
2.28 and assuming that variance is equivalent to the mean firing rate.

In the case of correlations, Fisher Information can be calculated by taking into
account the covariance matrix, O(f) , of the neural noise; for example (Abbott & Dayan,
1999):

I=f0)O0'm f0)+ %Tr[c_) O (O (0O m';]

2.32
Where Tr is the trace operation and Q (@) is the derivative of the covariance matrix.
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The effects of noise correlations on Fisher Information appear to be varied. For
example. in a population with a large number of neurons. positive correlations can have the
effect of decreasing Fisher Information whilst negative correlations have the opposite effect
(Sompolinsky. Yoon. Kang & Shamir 2001).

The sharpening of tuning curves. for single stimulus parameters only. has been
shown to increase the amount of Fisher Information contained in the population code (for a
review, see Dayan & Abbott 2002): for example. sharpening of stimulus-response
functions. within V1, can be achieved by narrowing the width (essentially increasing the
slope) of the bell-shaped tuning-curves typically observed in response to stimulus
orientation. However, a recent modelling study (Series, Latham & Pouget. 2004) has
demonstrated that the introduction of local correlations (through lateral connectivity) into a
V1 model of tuning curve sharpening actually decreased the amount of Fisher Information
contained with the population.

There is certainly experimental evidence to suggest that neural response variability
is strongly correlated (e.g. Zohary. Shadlen & Newsome, 1994). thus it would appear to be
important to consider the correlations inherent in the population activity when calculating

the amount of Fisher Information contained within it.

2.5.7: Comparison to Shannon Information

Both Shannon (in the form of Mutual Information) and Fisher Information provide
quantitative measures of the encoding of stimulus into response. However. these measures
belong to distinct theoretical fields and. as such. tell us different things about the
relationship between input and output. Fisher Information is a form of statistical estimation

analysis that describes the accuracy and efficiency with which an estimate of a parameter,
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#), describes the true value of #, where the estimate is derived from a set of observations that
are dependent upon #. Mutual Information is derived from Information Theory and is an
entropy. or uncertainty, measure that describes the mutual dependency between the
stimulus and response distributions.

Mutual Information is bounded by the entropy of the stimulus ensemble, see
Equation 2.11. It is often considered too difficult to assess for a large number of neurons
(Kang & Sompolinsky. 2001). In general, within studies looking at populations of neurons.
Fisher Information is often calculated as an alternative to Shannon Information (despite the
differences in what each information measure says about the relationship between input and
output) as it is relatively easier to quantify, especially under the assumption of
independence. tor example see Equations 2.28 to 2.30 .

However. a quantitative relationship between Mutual and Fisher Information has
now been derived for certain neural svstems (Brunel & Nadal. 1998; Kang & Sompolinsky.
2001). Building on earlier work (Clarke & Barron, 1990 & Rissanen, 1996), Brunel &
Nadal’s theoretical study (Brunel & Nadal, 1998) found that for low-dimensional stimuli in
large populations the Mutual Information between the population activity and the stimulus
becomes equal to the mutual information of an efficient Gaussian estimator and the input.
As described above. an efficient estimator is one which reaches or saturates the Cramer-
Rao bound. thus the Mutual Information can be calculated from the inverse of the Fisher
Information: Mutual Information for continuous-valued inputs is also related to the log of
the Fisher Information for large populations of neurons (Kang & Sompolinsky, 2001).

A relationship between Fisher Information and stimulus-specific information (Butts

& Goldman 2006) has also been found for populations containing at least 50 neurons
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(depending on the time window of integration used to calculate the information measures,
(Challis. Yarrow & Series 2008). The Stimulus-Specific Information is an entropy measure
(derived from Information theory) of a particular stimulus value, averaged over all
responses: whereas Mutual Information is essentially the uncertainty of the whole stimulus
ensemble minus its uncertainty once the responses are known. averaged over all stimuli and
responses.

The above theoretical work implies that Shannon and Fisher Information are
related, for large groups of neurons at least. and it is legitimate to calculate the information

that any observed neural activity holds about the stimulus using Fisher Information.

2.6: Conclusion

In conclusion, Barlow's efficient coding hypothesis suggests that neural systems
have evolved to encode sensory information in such a way as to encode incoming
information with the minimum amount of resources (e.g. spiking activity) and redundancy:
where reducing redundancy refers to the "packaging’ of information along neural pathways
in such a manner that sensory stimuli can be encoded efficiently without necessarily losing
information. This is achieved through sensory neurons having response profiles that reflect
the inherent distributions of the parameters which they encode: with the optimal example
being response profiles following the integral of the input distribution. However. sensory
systems must be flexible and as such the Efficient Coding Hypothesis predicts that rather
than responses being hard-wired there must be a mechanism for responding dynamically to
changes in stimulus distribution. Adaptation, at the very least adaptation to visual contrast,

has been shown to be one of these mechanisms. As such. adaptation is not simply a case of
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neural fatigue but reflects the dynamic nature of sensory systems that must be flexible in
order to cope with an ever changing world.

Whilst there is a wealth of evidence to support the Efficient Coding Hypothesis. it is
clear that other coding strategies may be more 'efficient’ depending on the processing stage
within the cortex and the overall stimulating regime (c.f. the brief review of stimulus-
specific adaptation in Section 2.6.8, above). The rest of this thesis examines an example of
adaptation to stimulus statistics that. superficially at least, provides further evidence for the
Efficient Coding Hypothesis: however, following a more robust analysis of the data it is
clear that the adaptation serves to encode local changes in the stimulus. irrespective of the

global mean.
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Chapter 3: Adaptation to stimulus statistics

The previous chapter focused mainly on adaptation to contrast. within the visual
system, as to date this remains one of the most widely studied aspects of gain control in the
cortex. However. recent evidence has emerged that indicates that adaptation to intensity is
present in other sensory syvstems (see below). The adaptive responses are in line with the
principles of the Efficient Coding Hypothesis - but only to certain degree. In fact adaptation
tends to centre the responsiveness of neurons onto features within the stimulus space that

have a higher intensity than global mean levels.

3.1: Adaptation to stimulus statistics: Introduction

In a recent study, Dean and colleagues (Dean et al. 2005) developed a novel
method for investigating adaptation using a dynamic stimulus (to mimic natural stimuli
more accurately) that allowed for rate-functions to be calculated during the adaptation
process. The main advantage of the stimulus configuration was that levels of variance.
within the adapting stimulus. could be manipulated independently of the mean (see below).
thus the purpose of the study was to measure the effects of adaptation to stimulus statistics

on mid-brain neurons within guinea-pig inferior colliculus (IC).

3.1.1: Adaptation of Inferior Colliculus neurons to noise burst stimuli

The IC (s an important nucleus in the sub-cortical auditory system. Cells were
adapted using noise burst sumuli, in which only the amplitude (in decibels) of the noise
burst was varied. Decibel levels were refreshed every 50ms and drawn randomly from a
pre-determined set of possible values (along the interval 21-96dB in 1dB steps) with a
highly skewed selection-probability distribution. such that for a restricted range of noise
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amplitudes the probability of selection was 0.8 (the high probability region), and 0.2 for the
rest (the low probability region). This gave the stimulus both a dynamic profile (in that
decibel levels fluctuated rapidly) and a global-mean amplitude that was both centred- and
dependent-on the location of the high-probability region in the stimulus space (see Figure
3.1a-c). Furthermore, by increasing the width of the high-probability region, while holding
its location constant, it was possible to increase stimulus variance independently of the

stimulus mean (please compare Figure 3.lc and Figure 3.2a).
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Figure 3.1: Adaptation to the global mean amplitude of noise bursts in inferior
colliculus.

Plot (a): a 5s sample showing the variation in an adapting stimulus with an overall mean
value of =60 decibels. (b): an actual. 200ms, example of the noise burst stimuli. (¢):
uneven stimulus distribution with the high-probability region centred on 63 decibels. (d-g):
examples of rate-level functions in 4 neurons following adaptation to stimuli with a mean
values of 39 (green). 51 (blue).63 (red) and 75 (cyan) decibels. (h): population Fisher
functions. Filled circles and lines on the abscissa are the corresponding high-probability
region regions. Taken from Figures | & 2. Dean et al. (2005).
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Stimulus-response functions were calculated by taking the mean number of spikes
fired (recorded extracellularly) during each 50ms epoch (with a 8ms response latency). that
corresponded to a given decibel level, Cells were adapted at four different global mean
amplitudes or high-probability regions (with width. and thus stimulus variance. held
constant) and. for those cells that displayed adaptation, the stimulus-response functions
were displaced laterally along the abscissa (see Figure 3.1d-g). This was in line with earlier
single-cell contrast-adaptation studies in the visual svstem (e.g. Ohzawa et al. (1982): for
further information see Chapter 2), which also observed a contrast-dependent lateral shift in
stimulus response functions. following adaptation.

However, following adaptation in the IC, the slopes of stimulus-response functions
were often centred on stimulus levels that were slightly higher in amplitude than the global
mean of the adapting stimulus; this effect was most pronounced following adaptation to the
lower amplitude. high-probability region conditions. Further, adaptation only occurred
when the adapting high-probability regions were higher in amplitude than the region of the
stimufus space covered by the pre-adapted response (c.f. Figure 3.11).

In order to explore more accurately what the rate-level functions were encoding,
Fisher information curves were calculated from each individual neuron and then for the
population as a whole (by taking the sum of the individual Fisher-functions).

As discussed in the previous chapter, Fisher information is essentially a measure of
how much information a set of observations, .\" holds about the parameter set. £. In terms
of neural rate-level functions. the Fisher Information can be used to quantify how

accurately one can estimate the value of the stimulus. given the average ncural response. In

general terms. one would expect Fisher Information to be highest when variance in the




spike count data. used to generate the mean response. is low (i.e. the response is reliable)
and the curve of the stimulus response function is steepest. as small changes in the stimulus
will elicit notably different responses. Fisher Information functions from individual neurons
can be calculated when the distribution of the response noise. P(r|s) is known (see
Equation 3.1): the population response can then be estimated by summing the individual
Fisher Information functions. across the whole population. but only under an assumption of
independence. i.e. neuronal output. across the population. is uncorrelated.

For the IC adaptation data (Dean et al. 2003), the Fisher Information function.
f (s).of an individual neuron was calculated by taking the sum of the probabiliny for each
response elicited to a stimulus (1™ term. equation 3.1). weighted by the curvature of the log-

. i . . . nd .
probability of the response. r. as function of the stimulus. s (2™ term. equation 3.1).

f(s)= Ef'{_lr | \b(iﬂn—!f”u _
r \ s

Where P (r|s) is the prabability (/) of neuron a firing r spikes for stimulus s (see Chapter
2. also)

Correlations in spiking activity between pairs of neighbouring neurons were low
(with an average correlation coefficient of 0.036 [STD of +0.13] across all neuron pairs and
stimulus conditions). thus independence in neural output was assumed and the population
Fisher Information was estimated by taking the sum of the individual Fisher tunctions:

F(s) :Ef_,(u

[he population Fisher Information was greatest (peak Fisher Information) for

stimulus levels that were slightly higher than the global mean (see Figure 3.1h) of the




adapting stimulus.

The most intriguing finding of the study was a novel form of adaptation. observed
in response Lo increasing stimulus variance only (the width of the high-probability region
was widened but the stimulus level on which it was centred was held constant): the rate-
level function was scaled upwards or increased in gain, i.e. the slope of the linear region
became steeper and maximum responses increased (Figure 3.2a-b).

Why was this result intriguing? Following on from the discussion in the preceding
chapter. it is clear from Information Theory that one would expect to see the stimulus
response function slope become shallower, following adaptation to stimuli of increased
variance, and not steeper as was actually observed.

However. it should be noted that this increase in gain was a rare response. the
majority of cells showed either no adaptation (see Figure 3.2¢) or a decrease in gain
(resulting in a population Fisher curve (Figure 3.2d) that was slightly wider at the tails of
the function. relative to the control).

Nevertheless. it can be argued that these results do present a challenge. albeit a
small one. to the orthodoxy of Barlow's Efficient Coding Hypothesis. The authors of the
study (Dean et al. 2005) conjectured themselves that the adaptive response to changes in
the global mean of the stimulus may serve to prime the cell to act as a novelty detector.
over faithfully encoding stimulus information.

It has been suggested (Dean et al. 2005) that the observed adaptive responses to
stimulus statistics might be due in part to intrinsic mechanisms within the auditory
pathway: therefore a more recent study Garcia-Lazaro et al. (2007) used a similar

experimental design. this time in rat barrel cortex. to test whether adaptation to stimulus




statistics was a universal phenomenon or restricted to the auditory modality only. Here, the
adapting stimulus was the deflection amplitude of the primary whisker: all other stimulus

variables (e.g. direction. deflection frequency) were held constant.

3.1.2: Adaptation of rodent, cortical somatosensory cells to whisker

deflection amplitude

A full description of the stimulus conditions is given in Garcia-Lazaro et al. (2007).
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Figure 3.2: Adaptation to increased stimulus variance in inferior colliculus

Plot (a): stimulus distribution, high-probability region is centred on 63 decibels but wider
than stimulus distribution in Figure 3.lc, thereby increasing stimulus variance
independently of the stimulus mean. (b): example of a neuron showing adaptation. (¢):
example of a neuron showing no adaptation. (d): Population Fisher function. For plots b-d.
the filled circles and lines on abscissa plot the extent of high-probability region; light and
dark grey lines represent low- and high-variance, respectively. Taken from Figure 3 in
(Dean et al. 2005)
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In brief, each adapting stimulus sequence lasted 30s, whilst the amplitude of
whisker deflection was selected randomly from a predetermined set of 25 amplitude values
(equal, integer intervals of between 25-500um for the first animal and 30-750um for the

rest) and refreshed every 40ms.
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Figure 3.3: Stimulus distributions, under adaptation to mean and variance.

Plot (A): Adaptation to mean stimulus amplitude; mean stimulus amplitude is dependent on
the high-probability region (high-probability region) which is shifted along the stimulus
axis (green — 90pm, blue — 210pm, red — 330um cyan — 450pm). (B): Adaptation to
stimulus variance; the high-probability region is wider under each condition, increasing the
number of amplitudes most likely to be selected and this increasing noise within the
stimulus (red - 210-270pm/Low variance, green - 150-330pum/Mid variance, black - 90-
390pum/High variance

As in the study outlined above (Dean et al. 2005), the probability distribution of
amplitude selection was highly non-uniform (see Figure 3.3) and consisted of a high-
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probability region (high-probability region) where the probability of selection equalled 0.8
and a low-probability region (low-probability region) where selection probability was 0.2.
Thus. the global mean and variance of the stimulus could be manipulated independently by

-

varying the location (mean. Figure 3.3A) or the width of the high-probability region
(variance, Figure 3.3B). The data used to calculate the rate-functions was collected during,
rather than post, adaptation. For every given stimulus amplitude. the adaptive neural-
response was taken to be the average number of spikes elicited by the input, within the
40ms time bin following stimulus onset (given a response latency of 20ms).

Figure 3.4A shows how the responsiveness ol a representative barrel cortex neuron
was affected by adaptation to the different high-probability region levels. Following
adaptation. the rate-function was shifted laterally (relative to the un-adapted response; black
line and circles in Figure 3.4A). with the degree of displacement dependent on the global.
averaged amplitude of whisker deflection. However, the adaptive neural-response functions
and thresholds (stimulus amplitude at the half-maximal response. Ss,) were not centred on
the prevailing stimulus levels but onto regions in the stimulus space that were of higher
amplitude than the global mean of the adapting stimulus. The Fisher Information of the
response was calculated for each neuron and across the population as whole (for the method
of calculation see Section on data analysis, below).The peak of the Fisher function (Figure
3.4B) was also displaced. relative to the global mean of the adapting stimulus. such that the
cell was most sensitive to stimuli just outside the adapting high-probability region
(assuming that Fisher Information is a measure of neural sensitivity). This tvpe of adaptive
response was typical. as can be observed from the population Fisher Information (Figure

3.4C) and the lateral displacement of S5, values across the population (Figure 3.4D-E). In

98




general the relationship between slope and firing rate was roughly linear and remained

fairly constant for all adapting high-probability region regions (Figure 3.4F).
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Figure 3.4: Adaptation to the global mean level of whisker deflection.

A: The rate-functions of a single neuron to 40ms bursts of whisker vibration presented in
isolation (black line/circles, 200Hz frequency, presented at s intervals) and following
adaptation to four high-probability region levels (green. blue. red and cyan lines/circles,
colour coding as for stimuli in Figure 3.3A); empty circles plot actual spike counts for each
amplitude, whilst smooth lines plot best-fit to the data, filled circles are the S, constant. B:
Corresponding Fisher functions for the neuron in A. C: Population Fisher function. pooled
across all neurons. D: Scatter plot of relationship between stimulus amplitude and firing-
rate at S5, for all units in the population. E: Magnitude of shift in amplitude at S5, between
the Ist (red) and 3rd (green) high-probability region condition, for all units. F: Scatter plot
of relationship between slope and firing rate at S5, across population. Taken from Garcia-
Lazaro et al. (2007).

In terms of adaptation to stimulus variance. the results from a single neuron are
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given in Figure 3.5A-B. For this cell, as stimulus variance increased (Figure 3.5A; red

lines/circles give the adaptive

response to the low-variance stimulus. green = mid-variance

and black = high-variance). the slope of the rate-function became steeper and the maximum

response increased; the stimulus amplitude at the Ss; also decreased.
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Figure 3.5: Adaptation to stimulus variance in rat barrel cortex (taken from Garcia-

Lazaro et al. 2007)

A: Neural rate-function for a single neuron following adaptation to stimuli of increased
variance. but constant mean; colour-coding: red, green and black are low-, mid- and high-
variance, respectively, circles are the actual spike-counts and smooth lines are the best-fit to
the data. B: Corresponding Fisher Information for the neuron in A. C: Scatter plot showing
relationship (circles. colour coding as for A) between S5, and firing rate for all cells tested

(n=131). black lines connect

up Ssqo values for each cell. under the three variance

conditions. D: Scatter plot of slope at S5 (or neural-response gain), for all cells tested,
under each level of stimulus variance (colour coding as in A, black lines are connecting the

slope values for each neuron).

This cell clearly underwent an adaptive increase in gain. in response to increased

variance within the adapting stimulus. The bandwidth of the corresponding Fisher function
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(see Figure 3.5B) became progressively narrower as stimulus variance increased. implying
that (for this cell at least) the adaptive response to increased levels of stimulus variance
tends to improve stimulus resolution for whisker deflection amplitudes around the global
mean. relative to lower variance conditions.

Using the change in stimulus amplitude and gradient of the stimulus response
function at the Ss; point as a measure of gain change, it would appear that an increasc in
gain (decrease in S5 amplitude and increase in slope) was the typical adaptive response to
increases in stimulus variance (see Figure 3.5C-D). The general trend was for Ssg
amplitudes to be displaced leftwards (i.e. to lower S5, amplitudes, see Figure 3.5C) and
stimulus response function gradients to become steeper (Figure 3.5D).

Thus. these results are broadly in line with adaptation to stimulus statistics in the IC
(Dean et al. 2005), with two important exceptions:

I. Increased gain, following adaptation to stimulus variance, was apparently
more common in the barrel cortex than the 1C and
Adaptation to the stimulus mean displaced the stimulus response function
further than observed in IC.

These two studies reveal that adaptation to stimulus statistics is an amodal
phenomenon. as it is elicited by both auditory and somatic stimuli. However. this type of
adaptation is more pronounced in the barrel cortex. Whether this is due to differences in
cortical and sub-cortical adaptation or the modality of stimulus presentation cannot be
answered here: what can be stated is that these adaptive responses conflict with the

principles of Barlow's Efficient Coding Hypothesis.




3.2: Re-analysis of experimental data showing adaptation to stimulus

statistics in rodent barrel-cortex

In order to explore this more thoroughly, Jan Schnupp and colleagues Kindly
provided published experimental data (from Garcia-Lazaro et al. 2007) to allow for further

analvsis of the population rate codes under the two tyvpes of adaptation regimes.

3.2.1: Experimental details, methodology & stimulus parameters

The experimental details of the data collection are taken from Garcia-Lazaro et al.

(2007) and given below:

Experimental details
The results from Garcia-Lazaro et al, (2007), outlined above. were denived from the

pooled results taken from two mature Long Evans rats: however, for the purpose of this
analysis, only data from the single animal (I.LE270705) that was used in both experimental
set-ups (i.e. adaptation to stimulus mean and variance) was analvsed.

[he animals were anaesthetised using halothane. during initial surgery. and
ketamine. during recording (for full details of the experimental set-up. such as surgical
procedures etc, please see Garcia-Lazaro et al, 2007). A 4x4 silicon *Michigan probe’
2.5MQ electrode array was used to record neural responses from the right barrel cortex
Signals from the array were band-pass filtered (between 0.5-3 kHz). amplified and digitized
(25 kHz) using specialist software (Brainware, Tucker Davis Technologies. Alachua. FL)
and analvsed using MatlLab (The MathWorks, Inc.. Natick. MA, USA)

Layer 4 neurons of the rat somatosensory cortex are erganised into distinct

anatomical and functional areas, which resemble barrels (in terms of their shape) when
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stained with cytochrome oxidase. Neurons within these areas respond preferentially to a
given vibrissa, or principle whisker. of the mystacial pad. Potential principle whiskers
where identified initially by the location of the electrode, within the cortex. and then
confirmed by the response of neurons to stimulation of the suspected principle whisker and
its neighbours. Stimuli of varving amplitudes (see below for a description of stimulus
parameters) were presented in isolated. 40ms, bursts. The vibrissa that elicited the strongest
response was deemed the principle whisker. This method of stimulation (1.e. presenting
stimuli in isolation) was also used to determine the latency of the onset response (which
was found to be. on average across the population, 20ms) and the un-adapted stimulus-
response function for each individual neuron. Units with less than | Hz firing rate were
excluded from the analysis.

Whiskers were stimulated by attaching them, via a pair of glass capillaries. to a
loud-speaker diaphragm which vibrated sinusoidally at 200Hz. The amplitude of oscillation
was refreshed every 40ms and transitions were smoothed by a 3ms wide, running average,
filter. Amplitudes were drawn from a selection of 25 passible values ranging from 0-
720um, in 30pm steps.

As outlined earlier. the probability distribution of amplitude selection was highlv
non-uniform and consisted of a high-probability region (high-probability region) where the
probability of selection equalled 0.8 and a low-probability region (low-probability region)
where selection probability was 0.2, Thus. the global mean and variance of the stimulus

could be manipulated independently by varying the location (mean) or the width of the

high-probability region (variance).
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Stimulus parameters
The stimulus parameters were as follows:

In terms of adaptation to the mean, each high-probability region spanned 5 stimulus
amplitudes and was centred on 90. 210, 330 or 450um (Figure 3.3A). actual mean
amplitudes were 161 pm (standard deviation or SD: 170pum?). 252um (SD: 136pm°).
343um (SD: 116pm7) & 433pm (SD: 117um") respectively. Differences in standard
deviations were due to the skewed nature of the stimulus distribution when the high-
probability region was centred on the lower stimulus amplitudes (see below for a further
discussion). For adaptation to stimulus variance the high-probability region was fixed at
240um and spanned amplitude ranges (with 30pum increments): 210-270pm (Low-variance
condition). 1530-330um (Mid-variance condition) and 90-390um (High-variance
condition):; with mean amplitudes of 272,279 & 290um. respectively.

The experimental data. provided by Jan Schnupp and colleagues. consisted of spike
times, from individual cells, elicited during 30s long stimulus presentations. Each trial
consisted of a continuous series of 750, 40ms, amplitude presentations. For every high-
probability region condition (under a given adaptation regime), there were three stimulus
sequences and these were repeated at least five times, The order of presentation for a given
sequence was randomly predetermined and distinet from the stimulus order of the
remaining two sequences. Trials within and between high-probability region conditions

were randomly interleaved with a 2s latency between the 30s presentations.

Data analysis
For each amplitude presentation, all spikes elicited within a 40ms time-window

(located 20ms after stimulus-onset to account for response latency) were summed into
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40ms time-bins and used to calculate the response to the given whisker stimulus. Stimulus-
response functions (stimulus response function) for each high-probability region condition
were determined by taking the average firing rate for a given whisker deflection amplitude.
calculated across stimulus sequences and their repeats.

The half-maximal (Ss,) amplitudes. gradient and firing rates were taken from the
best-fits to the stimulus response function. The best-fit to the data was calculated by fitting
a fifth-order polvnomial to the data, using Poisson regression with an exponential link
function (this was achieved by using the Matl.ab function g/mfir and MatLab code
generously provided by Jan Schnupp and colleagues).

Population Fisher functions were calculated using the methodology of Garcia-
Lazaro et al. (2007). The estimated Fisher information. f. for a given cell. w. and stimulus. s
(see Equation 3.3 below). was taken to be the differential, v, of the best-fit to the rate
function divided by the best-fit to the spike-count variance. c (see Figure 3.6, below). As
mentioned above and discussed fully in Chapter 2 (see Section: 2.6), Fisher Information is
dependent upon both the slope of the neural stimulus response function and variance in the
response. For Gaussian noise. variance is assumed to be either fixed or proportional/equal
to mean activity; thus Equation 3.3 gives the approximation of the Fisher Information when
assuming Gaussian noise.

f.=y'(s)V/a:

3.3
An example of the best-fit to spike count variance. from a single neuron, can be

seen in Figure 3.6, below. Response noise increased in proportion to mean activity. which
was the typical response across the population. The proportional increase was seen for all

high-probability region levels, thus was irrespective of the variance in the stimulus
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distribution (variance tended to decrease as global mean amplitude increased, due to the
stimulus configuration: see Section on Stimulus Parameters, above). The best-fit to the
spike-count variance was calculated by fitting a fifth-order polynomial to the data (this was
achieved by using the MatLab functions pelyfit and polyval).

The population Fisher information (F) was taken to be the mean of the Fisher

Information functions across all cells (V) tested:

l
F{.v)=?zﬁ,(.\-a

34

One can only calculate the population Fisher information by Equation 3.4 under the
assumption of independence, i.e. one must assume that the activity of all neurons in the
population is uncorrelated. In order to test this assumption the spike-count data was
analysed by plotting cross-correlation histograms for all possible neuron pairs in the
population, Cross-correlograms were constructed for all spike-trains elicited in response to
the same 30s stimulus presentation, across all neurons in the population. in a pair-wise
manner. For each neuron pair (one was arbitrarily assigned as the target neuron and the
other as the reference neuron). cross-correlograms were constructed from corresponding
target and reference spike-trains elicited to a given 30s stimulus sequence and trial. The
cross- correlograms were normalised. such that a perfect. positive. correlation at the zero
time lag would be equal to 1: a time delay of up to £100ms was used. This was achieved by
using the MatLab function xcov (with the normalisation parameter set to ‘coeff”. which
returns correlation coefficients for each time delay by normalising the data such that a
perfect. positive correlation at the zero time-lag is equal to unity); the function xcov first

subtracts the mean from the inputs vectors (i.e. the reference and test spike-trains of the
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neuron pairs) and then calls the Matl.ab function xcorr, which calculates the cross-
correlation function of the spike-trains.

The cross-correlation function counts the number of times in which spikes from the
target and reference trains occur within a given time-lag of each other (in this case time
delays where assessed from 0 to +£100ms) with a strong peak indicating that firing rates are
correlated. On average, the correlation-coefficient at the zero time-lag. across all spike
trains, high-probability region conditions and neuron pairs was 0.0137, with a standard
deviation (SD) of £0.0226: the peak correlation-coefficient was. on average. 0.0200
+0.0242 SD. Even with the relatively large deviations in coefTicients observed across the

population. the correlation coefficients were low enough to assume independence.

Adaptation to global mean stimulus amplitude

As mentioned. only experimental data from a single animal was used in this
analysis. Thus, it seemed prudent to first confirm that the adaptive response 1o increases in
mean amplitude was broadly in line with the pooled. population response outlined in
Section 3.1.2 above (see Figure 3.4).

Following adaptation. there was a rightward shift in the population rate-function as
the mean of the adapting stimulus was increased (Figure 3.7A). This was in line with the
general observed trend as reported in Garcia-Lazaro et al. (2007). Rate-functions were
displaced laterally to centre on stimulus amplitudes that were stronger than those within the

high probability region of the stimulus space.
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Figure 3.6: Best-fit to the spike-rate variance of a single cell

This figure plots the variance in the spike-count response, as a function of stimulus
amplitude. of a single cell to all 4 adapting high-probability region conditions. Solid lines
give the best fit to the actual spike-count variance data (svmbols): with green line/circles
plotting spike-count variance as a function of the stimulus for the 90pum condition, blue
line/squares: 210pm. red line/triangles: 330pum & cyan line/diamonds: 450pum adapting
stimulus condition. For comparison, the corresponding colour-coded dotted lines plot the
corresponding best-fits to the average spike-count data (see Figure 3.7). as a function of
stimulus (i.e. the stimulus response function).
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The population Fisher function (Figure 3.7B) was bimodal for the lowest mean
amplitude condition (90pum: green line). in that there were two peaks: a broad peak centred
on the mean adapting stimulus and a main peak, with a narrower bandwidth. centred on
570pum. This amplitude was stronger than the stimulus that elicited peak Fisher information
under the 210pum condition (blue line). Distribution was unimodal for all the other stimulus
levels and bandwidth narrowed with increased mean stimulus amplitude.

Under the 90pum mean amplitude condition, the low-probability “tail' covering
amplitudes greater in strength than the high-probability region was longer than the other tail
(see Figure 3.3). resulting in a strongly asvmmetric stimulus distribution. Thus. under this
condition, the adapting stimulus, relative to the higher mean amplitude conditions. had
more inherent variance and this could account. in part. for the bimodal nature of the Fisher
curve. The high slopes at the extremes of the Fisher Information functions are an artefact of
the decrease in slope observed in the corresponding stimulus-response functions once

maximum firing rate is reached.

3.2.2: Adaptive population stimulus-response function and Fisher
Information function in response to increased levels of stimulus

variance

The experimental evidence, as presented in Garcia-Lazaro et al. (2007). implied that
increased gain was the typical response to increased stimulus variance: however this was

not explicitly stated, i.e. no averaged. population data was shown.
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Figure 3.7: Adaptive population stimulus response function and Fisher function from
animal LE270705 (number of cells in population = 81)

Top: Adaptive stimulus response function under four different high-probability region
levels (colour-coding and amplitude at high-probability region centre is given in inset):
symbols are actual. mean spike-counts whilst smooth lines give the best fit to the data.
Bottom: Pooled Fisher Information calculated from the best-fit to the data in the top plot

The population rate-function was taken as the average of the individual stimulus
response function. pooled across the whole population of cells tested [» = 132].

Following adaptation to stimuli of increasing variance, the population stimulus
response function decreased in gain (sec Figure 3.8A). Under the high-variance condition

(Figure 3.8A, black line), both the maximum response and the gradient of the stimulus
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response function decreased, whilst the amplitude at the Ssg increased. relative to the low-
variance stimulus response function (Figure 3.8A, red line).

In terms of the population Fisher information, there was little difference in
bandwidth between the mid- and high-variance conditions. and only slight increases in
amplitude for the mid-variance condition (Figure 3.8B). Both stimulus conditions vielded
Fisher functions that could be described as binomial. with the strongest peak located at a
stimulus amplitude of 570um and 600pum (for the mid- and high- variance conditions.
respectively), and a second smaller. broader peak between 270-330pm.

Under the low-variance condition. the Fisher function had a single peak located at
330pm and a parrower bandwidth. relative to the two lower variance conditions.

The relative broadening of the Fisher function was not unexpected given the
difference in slope between the population rate functions under the three conditions (Fisher
information is strongest when the stimulus response function slope is steep and spike-count
variability is low).

All conditions eficited Fisher functions with peaks near the stimufus mean (272, 279
and 290pm. low-, mid- and high- variance. respectively) and the binomial nature and broad
bandwidth of the Fisher functions under the higher variance conditions implies that the
population response was able to effectively encode the wider stimulus distributions.

It was found that the majority of cells in the population displayed an adaptive
decrease in stimulus response function gain. Overall. following adaptation to stimuli of
high-variance. a decrease in stimulus response function Sy, gradient was observed for
93.18% of adapted neurons. relative to the low- variance condition (control). Under the

high-variance condition, an increase in stimulus amplitude at the S5y was observed in




87.12% of celis, relative to control: 80.30% displayed a concomitant decrease in slope and

increase in Ssp amplitude.
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Figure 3.8: The population response to increases in variance within the stimulus
distribution.

Top: the mean, pooled rate functions for all cells tested (7 = 132) under the three variance
regimes (low -- red line/circles, medium -- green line/squares. high — black line/triangles),
the smooth curves are the best-fits to the data. Bottom: The population Fisher Information,
calculated from the population stimulus response function in the uppermost plot

The mean decrease in slope between the low and high variance conditions was
0.0515+ 0.004 standard error (SE) and highly significant, at the 5% level. with p <0.001
using a one-tailed paired t-test (MatLab function rtes?2). The average increase in amplitudes

eliciting the Ss; was 51.73pum + 2.25SE and was also highly significant. at the 5% level

(one-tailed t-test, p <0.001).
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Figure 3.9: Example stimulus-response functions (stimulus response function) from
three cells that displayed either an adaptive increase in gain (stimulus response
function gradient) or decrease in amplitude at the Sz,

Adaptation regime: Low-variance: red line/circles; Mid-variance: green line/squares; High-
variance: black line/triangles. Smooth lines plot best-fit to the actual spike counts: stars
indicate Ss, point. all other symbols plot actual spike counts.

Overall, the results, from the re-analysis of the experimental data, indicate that the



population response was in line with Information Theory, in that increased stimulus

variance resulted in an adaptive decrease in gain across the population. However, what was
surprising was the degree of agreement with current theorv given the results published in
Garcia-Lazaro et al. (2007). If one examines the relationship between S5, slope and
stimulus variance in the published data (Figure 3.5D), the overall trend was for neural gain
(as measured by the steepness of stimulus response function slope at the Ss() to increase
with levels of adapting variance.

In fact, during this analysis. no cells were found that displayed an adaptive increase
in stimulus response function gain (as in Figure 3.5A).

Due to the differences in the results presented here and the published findings. it
was decided to re-examine the relationship between the individual stimulus response
function S ., amplitudes and slopes for all cells in the population and compare the results

from the re-analysis with the published data of Garcia-l.azaro et al. (2007), Scatter plots are
presented in Figure 3.10.

In comparing the scatter plots in the left column (re-analysis) of Figure 3.10 with
the right column (published data) it is immediately apparent that the results from this re-
analysis. in terms of adaptation to variance only (Figure 3.10A-D). are exactly opposite to
those of the published data; whilst the results relating to adaptation to the mean are in
agreement with the published findings (Figure 3.10E-F).

Following an in-depth analysis of the methods used, by the authors of the published
data. to read the experimental spike-count data it was concluded that the published data was
in fact presented back-to-front, i.e. the high-variance data was mistakenly presented as the

low-vanance data and vice-versa.
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Figure 3.10: Comparison of results from this re-analysis of the variance and mean
adaptation data and the published results in Garcia-Lazaro et al. (2007)

All plots in the left hand-side column (A, C & E) result from the re-analysis of the
experimental data performed here; all plots in the right hand-side column (B, D & F) are
taken from the published data (Garcia-Lazaro et al. 2007). Top row: Comparison of
relationship between Ss; amplitudes and firing rates under conditions of adaptation to
variance: red circles = Low-. green = Mid-. black = High-variance: black (B)/ grey (A)
lines connect the S5 points for an individual cell. Middle row: Comparison of neural gain
(stimulus response function gradient at Ssq) as a function of stimulus variance; colour
coding as for the top row. Bottom row: Comparison of relationship between Ss; amplitudes
and firing rates under conditions of adaptation to stimulus mean: green circles = high-
probability region centred on 90pum, blue = 210um, red = 330pum.cyan = 450um; black (F)/
grey (E) lines connect the S5 points for an individual cell.
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This has been confirmed by the authors of the published data (personal
communication, Jan Schnupp. 2008). As such the results presented here reflect the actual

effects of adaptation to increasing levels of stimulus variance in the rodent barrel cortex

3.3: Research looking at time course of adaptation

Adaptation can occur on many time scales, e.g. there can be a rapid reorganisation
of neural output (100s of ms scale) following stimulus onset, suppression of firing rate
during adaptation (time scale of stimulation - 100s of ms to seconds) and adaptive
responses can be observed some time (order of seconds to minutes) post adapting stimulus

offset (e.g. Dean et al. 2008; Ulanovsky, Las, Farkas & Nelken, 2004).
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Figure 3.11: An example of the switching stimulus used in to assess the time course of
adaptation to global mean in Dean et al. (2008)

A: The distribution of the adapting stimuli with high-probability region (high-probability
region) centred at 51 dB SPL. B: Example of a stimulus sequence over two 10 s switch
periods. drawn from distributions shown to the right (high-probability region centred on 51
and 75dB). The high-probability region switched every 5 s between the 75 and 51 dB
stimuli. The bars on abscissa indicate sampling periods (repeated throughout stimulus) that
were used for plotting rate level functions from the final 3 s of each high-probability region
condition




In a more recent study (Dean et al, 2008) the time scales inherent in adaptation to
stimulus statistics were explored. Adaptation to noise burst stimuli. in the inferior
colliculus. was elicited through a switching stimulus in which the overall mean sound level
was switched from 51 £ 6 dbto 75+ 6 db every 3s (over a period of 10mins. see Figure 3.11
for an example of one transition between global mean levels): the amplitude of the noise
burst was refreshed every 50ms and drawn from a highly skewed distribution comprising a
high probability region (high-probability region) and two low probability tails.

The study found that the median time constant of adaptation (across the population)
was = 160ms, following an increase in the mean sound level, and ~330ms. following a
reduction in mean sound level. Reorganisation of stimulus-response functions (stimulus
response function) was apparent in the 1st 300ms following the switch to 75db stimulus
and for some neurons the stimulus response function reached its steady state (averaged
from last 3s of each 5s section) within this time window, see Figure 3.12.

Some neurons also showed a slow, long form of adaptation that had a time constant

of =17s and suppressed firing rates during the 10mins of recording time.

3.3.1: Time course of adaptation in the barrel cortex
Within the study. highlighted above. there was no attempt to measure the time

course of adaptation to variance. given that very few cells displayed variance adaptation in
the IC. Thus it was decided to attempt to analyse the barrel cortex data to compare and
contrast the adaptive time constants under the different conditions. of adaptation to mean
and variance, as well as to determine if there are differences across modality and processing
e

stage. The firing rate as function of stimulus amplitude was averaged over the 1™ anc

400ms of the stimulus presentation and compared with the steady-state response. averaged
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over the final 10s. In general, across the population, no differences in responsiveness could
be found, between the first 400ms epoch and any successive time bins, under either

adaptation to global-mean or adaptation to global-variance.
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Figure 3.12: Time course of adaptation, during transition between high-probability ‘
region levels |
Time course of adaptation to mean decibel level of noise bursts, for four representative ‘
neurons in IC. The stimulus response functions for amplitudes within the high-probability

region are plotted as a function of the first 3, 300ms time bins, following the switch

between mean adapting levels. and the final 3s. Different shades of blue represent the

response to the 75dB stimulus and red plots the response to the 51dB level. Taken from

Dean et al (2008)
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The results from a sample single cell in the population (adaptation to mean) are
plotted in Figure 3.13; only the responses to high-probability stimuli were analysed. The
black dashed line represents the average response (across and within trials) during the last
1 0s of the each 30s adaptation trial. for a given high-probability region level. The red line
gives the averaged response during the 1st 400ms of adaptation and the blue line plots the
response for the next 400ms epoch. As can be scen. there is very little difference in the
responses during all three time bins.

Thus one could argue that adaptation is happening rapidly (with a time constant of
<400ms) as per the inferior colliculus. However, due to the constraints of the data this
cannot be stated unequivocally. In terms of measuring the adaptive time course. the
switching stimulus (as applied in the inferior colliculus, Dean et al. 2008) has two
advantages over the method used to collect the barrel cortex data. Firstly there are only two
global mean adapting levels and many repeats, therefore it's possible to get a statistically
valid average of adaptation for each 5s section. Secondly. there were no gaps between
switches, thus making it possible to compare rapid changes in responsiveness following a
mean level transition. i.e. 300ms before and after the switch.

In terms of the barrel cortex data. it was collected in the following manner:
responses 1o a given high-probability region (high-probability region) was recorded for 30s
with a 2s break in stimulation between trials. For each high-probability region. 3 random
sequences were generated and each sequence was run at least 5 times. Therefore for each
high-probability region. only a minimum of 15 presentation times. per neuron. could be
used to determine the time constant of adaptation onset (compared to 60 times in Dean et

al. 2008): also there could be no comparison between previous firing rates and those
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tollowing stimulus onset. Unfortunately then, due to the constraints of the data, it was
impossible to determine the time course of the development of the adaptive response with

any certainty.
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Figure 3.13: The time course of adaptation.

Example of time-course analysis from a single, example neuron for all four adapting
conditions. Black dashed line/squares: the average steady-state response of the neuron to
high-probability stimuli. Red line/circles: The response averaged over 1™ 400ms of
stimulus presentation. Blue lines/circles: The response averaged over the 2nd 400ms of
stimulus presentation.
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As trials testing adaptation to each high-probability region were not presented
successively. it was not possible to determine the time course of adaptation over any longer
time scales. Therefore to elucidate the actual time course of adaptation to stimulus statistics

in the barrel cortex will require further experimentation.

3.4: Discussion
The main findings of the re-analysis of the experimental data from Garcia-Lazaro et
al. (2007) were that:

I. The mean neural-response function, averaged over the whole population of
cells tested. displaved a decrease in gain. i.e. was scaled downwards, following adaptation
to increasing levels of stimulus variance.

2. These findings are in line with the expectations of Barlow's Efficient Coding
Hypothesis.

3. In terms of Fisher information. the bandwidth of the population Fisher-
function. under the low-variance condition, was unimodal. narrowly tuned and maximal at
or close-to the mean adapting stimulus amplitude.

4. Under the mid/high-variance adapting conditions, the shape of the Fisher
Information functions were very similar: coding efficacy was broadly tuned and bimodal.

5. In terms of adaptation to stimulus variance. the findings presented within this
Chapter directly contradicted the published data. This arose due to issues in the published
analysis of the data that assigned the output from the low-variance experiments to the high
variance condition

6. Following personal communication with the authors of the published data the

consensus was reached that the results reported in this chapter reflect the actual
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experimental findings.

These results present further confirmation of Barlow’s theory of sensory coding. in
that adaptation (in rat barrel cortex and at the population level, at least) serves to adjust the
sensitivity of a cell. or even a population of cells. in a manner that is dependent upon the
prevailing stimulus levels. This re-analysis of the experimental dala revealed that
independently increasing stimulus variance led to a decrease in gain of the population
response and that this was contrary to the published reporting of the experimental data.

It was previously established that. under conditions where there is adaptation to
mean amplitude of whisker deflection. sensitivity is greatest for stimuli outside the high-
probability region Garcia-Lazaro et al. (2007). Dean et al. (2005) suggested that the slight
displacement of neural rate-functions. trom their expected location. meant that adapted
cells were primed for novelty detection. Within somatosensory cortex. stimulus response
function displacements were more extreme than observed in the 1C (Garcia-Lazaro et al.
2007), implying that cells here were primed to respond to stimuli far outside the expected
range of stimulus amplitudes. As such. the next phase of the analysis was to explore other
possible coding strategies and to see which best describes the adaptive response to global
mean.

In conclusion, adaptation to variance results in a decrease in gain and not an
increase, as previously published (Garcia-lazaro et al. 2007). Overall, this suggests that
adaptation to stimulus statistics. within the barrel cortex, is in line with the principles of the
Efficient Coding Hypothesis. However, adaptation to variance within the Inferior colliculus
(IC) was of course rarer and in the opposite direction (Dean et al. 2005 and see Figure 3.2).

This raises the question of whether the opposite effects of adaptation on neural output
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between the IC and the barrel cortex is a reflection of the differences in adaptation to
variance between sub-cortical and cortical regions generally or is specific to sensory
modality. or even species. Another question to raise also is whether the experimental data
from the 1C (Dean et al. 2003) was subject to the same issues of analysis as the data from
the barrel cortex (Garcia-Lazaro et al. 2007); in which case adaptation to variance in the IC
would result in decrease in gain. as per the expectations of the Efficient Coding Hypothesis.
Further experimentation is required to answer these questions.

The displacement of the neural-rate function, within the barrel cortex. places the
sensitivity of the cell in a region of the stimulus space that is higher than the global mean of
the input levels. [t could be argued that this adaptive shift reduces firing rates overall and is
an energy-saving strategy (as the most common stimuli elicit low firing rates), however. il
also has the added affect of reducing the cell’s ability to discriminate (with a rate-code)
between those stimuli which are presented most frequently. Thus it was decided to analyse
the data further in order 10 asses the optimal encoding strategy underpinning adaptation to
stimutlus statistics: the resulis are presented n the next chapter and suggest that the lateral
displacement of the stimulus response function following adaptation to the global mean

input optimizes the encoding of relative changes in stimulus amplitude on the 40ms time

scale. rather than the stimulus distribution.




Chapter 4: Adaptive strategies

One of the aims of the last chapter was to ascertain whether adaptation to stimulus
statistics in the barrel cortex was in line with the predictions of information theory. Whilst
some of the effects of adaptation on neural output were within expectations (specifically the
mean-amplitude-dependent lateral displacement of the stimulus-response functions. see
Figure 4.1A below. and the decrease in neural-gain as a result of increased variance in the
adapting stimulus) there was one feature of the adaptive response that did not fit the
predicted neural-output: the lateral displacement of the stimulus-response function tended
to place its dynamic region outside the high-probability stimulus space, thus resulting in
Fisher information functions that peaked outside the high-probability region (see Figure
4.1B. below). Both the Infomax principle and the eflicient coding hypothesis would predict
that information transfer should be maximised around the high-probability region (see
Figure 4.1A. below). The aim of this chapter. then, is to explore different possible coding
strategies that may underpin the experimental data.

4.1: Is information maximisation the strategy underpinning adaptation in
the barrel cortex?

As one can recall from Chapter 2. the adaptive responses to velocity and
acceleration. in the fly H1 neuron. were scaled when normalised by the standard deviation
ol the adapting stimulus (Brenner et al. 2000).

However. the normalised responses. plotted in Figure 4.1, are clearly not scaled

versions of each other.
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Figure 4.1: Expected versus actual adaptive response.

A: Predicted output according to the Information maximisation principle. Solid green lines
plot the stimulus probability distribution and dotted lines describe the expected stimulus-
response function (SRF, left plot) and Fisher information (right plot, calculated

as: /'(s)’ /o . where fis) is the predicted response, see lefi-hand plot, as a function of the
stimulus, 5. and under the assumption that the variance, 0. is equal to f{s): see Chapter 2.
Equation: 2.28). B: Comparison of actual versus predicted response; shaded areas cover the
high-probability regions (HPR) in the stimulus space: Green: HPR centred on 90um, blue:
210pm, red: 310pm, cvan: 450pm. Correspondingly coloured dashed lines plot the
predicted SRF; the corresponding solid lines and circles plot the best-fit and actual
average. population stimulus-response function, respectively. Black dashed-lines give the
actual, population, mean Fisher function; both the population SRF and Fisher Information
curves were normalised to give a maximum response of unity.

In fact, normalising the data by any method (dividing by either the mean or standard
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deviation of the stimulus or normalising the data to have zero mean and a standard
deviation of unity) did not result in a scaling-up of the normalised stimulus-response
functions such that the responses were invariant with respect to the global mean of the
adapting stimulus (data not shown. but please refer to Figure 4.1). There is therefore an
argument to say that the degree of lateral displacement was not only influenced by the
global mean of the adapting stimulus but by other aspects of the stimulus, such as rarity or
deviation.

Within Chapter 2, the predicted effects on neural output of an information encoding
strategy based on the principles of background suppression, . was discussed for a multi-
modal stimulus distribution (Wimmer et al. 2008). Under a mechanism of background
suppression. whereby responses to the weakest intensity inputs are suppressed, an adapted
stimulus-response function would only cover the highest-intensity mode of a multi-modal
stimulus distribution (see Figure 4.2, right plot. below), rather than covering the whole
distribution (as per adaptation along information theoretical principles, see Figure 4.2, left
plot, below). This is similar to the actual adaptive response, within the barrel cortex,
observed in response to increases in global mean whisker deflection amplitude; the
stimulus-response function is displaced to centre on stimuli that are greater in intensity than
the global mean stimulus amplitude (see Figure 4.1B. above).

However. in the example of background suppression just discussed (see Figure 4.2).
the stimulus-response function was displaced to centre on the stimuli of greatest intensity
but also of high presentation-probability. In the case ot adaptation in the barrel cortex, the
stimulus-response functions were displaced to centre on the strongest but low-probability

inputs: this suggests that barrel cortex neurons were adapting to respond selectively to rare.
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but high amplitude stimuli (see also Figure 4.3, bottom row).

Efficient coding verses background suppression
for bi-modal and tri-modal stimulus distributions
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Figure 4.2: Information Maximisation versus Background Suppression as encoding

strategies
Dark- and light grey regions represent adapting stimuli with bi- and tri-modal distributions,

respectively. Left: Expected influence of adaptation, mediated by an Information
Maximisation strategy, on stimulus-response curves of a hypothetical neuron. Red line and
circles gives expected response following adaptation to an arbitrary stimulus with a bi-
modal distribution; blue line and squares give expected adaptive response to a tri-modal
distribution. Right: As for A. but for a strategy of Background Suppression. Left and right

plots both adapted from Wimmer et al. (2008).
Novelty detection, whereby adaptation serves to ready a cell for deviant stimuli, 1s
another possible strategy for the encoding of sensory input. This type of adaptive process

would result in higher firing rates for novel stimuli: as, for example, the study described in




Chapter 2 which found that cells in the primary auditory cortex fired most strongly to rare
(or oddball) stimuli (Ulanovsky et al. 2003). irrespective of the relative relationship in
value between the common and rare inputs and their presentation probability (see Chapter 2
and below).

An optimal adaptive response for a sensory cell primed not only to detect but also
to discriminate between novel stimuli. would be for the regions of greatest slope. in the
neural-response function, to be centred on the tails. rather than the peak. of the stimulus
distribution (see Figure 4.3, middle row. below). This would ensure that the discrimination
threshold. as determined by the inverse of the Fisher Information. would be lowest for less
common stunuli, irrespective of intensity. There is an argument o say that the tails of the
stimulus distribution is where the Fisher Information of the input signal itself would be
strongest: thus, there would be a direct correspondence between the strength of Fisher
Information in both the input distribution and the response to it.

With reference to the adaptive response to global-mean whisker-deflection
amplitude, one could argue that the slope of the stimulus-response function tends to begin
accelerating in a linear manner (sce Figure 4.1B), on the edge of the high-probability region
of the stimulus. Thus, the barrel cortex cells could be adapting to reflect the region of
highest Fisher Information within the stimulus distribution. However. it should be noted
that the slope of the rate-function was centred only on stimuli greater than global-mean and
both neural threshold and peak Fisher Information, as a function of neural response, were
displaced to regions of low stimulus-information. Therefore a different strategy. e.g.
background suppression or deviation detection. may be underpinning adaptation to

intensity. in the barrel-cortex

128




Information Maximisation

1 1 | o
' ;i
' Poa
0.5 0_5‘ : 1
0 fEAH
c )
o] P ,
9 0 - Uuaa.;Ll'_. = '..‘.Il-- _
® 0 1 25 0 1 2
E Nov elty Detection ©
2 0 € 1 o -
S o AW Wi
5 ‘ & F 1 Py
= o § 3 E 5
= 0.5/ £ 0.5 1 : : 3
< i ;  JREEE
3 Xo 4 s 3 3
g \ 9 s "\" "'.
S 0 - — — — ‘c:} OuL el P
::_j 0 1 2 g 0 1 2
2  Asymmetric Novelty Detection O
T 1 A
¢] $ 3
Z d 5
0.5 0.5 '.'
| ‘ i Y
0 - . [ — s 1L PP
0 1 2 4] 1 2
Stimulus Stimulus

Figure 4.3: Novelty detection as an encoding strategy

Left Column: Idealised stimulus-response functions under three encoding strategies:
Information Maximisation (top row), Novelty detection (Middle row) and Asymmetric
Novelty detection (or a form of background suppression. bottom row): the stimulus-
distribution is shaded in grey. stimulus-response functions are plotted in blue solid lines
and the empty circle is the half-maximal point. Right Column: Idealised levels of Fisher
Information from the stimulus-response functions plotted in the corresponding row of the

left column: stimulus-distribution is shaded in grey. Fisher Information functions plotted
with magenta dotted lines.

As one can recall from Chapter 2. the study comparing the possible underlying

strategies for the encoding of information in the cricket auditory system (Wimmer et al.
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2008) could not conclusively state whether information maximisation or background
suppression was the underlying strategy. It would appear that the same can be said about
the adaptation data from the barrel cortex (as described in Chapter 3 and highlighted in
Figure 4.1): Information maximisation cannot fully account for adaptation to stimulus
statistics in the barrel cortex. Thus a pertinent question to ask at this point is can
background suppression or novelty detection (or a combination thereof) be the strategy or
mechanism underpinning adaptation to stimulus statistics in the barrel cortex?

The experimental set-up in the barrel cortex data certainly contained. what could be
considered. novel stimuli. One could view all amplitudes outside the high-probability
region to be oddball stimuli as they were only presented on average 7 times. within each
trial. whereas amplitudes within the high-probability region were presented approximately
100 times.

If improving novelty detection was the driving force behind adaptation one might
have expected to see responses increase in both low-probability tails of the stimulus space.
Overall, across the population, a monotonic increase in the stimulus-response function was
only observed for amplitudes within and greater than the high-probability region. Thus it
would seem at first glance that novelty detection is not the primary function of adaptation
to stimulus statistics. However, individual cells may have displayved novelty detecting traits,
following adaptation. that were lost in the population analysis.

In order to explore this further, the data was re-analysed (see Section 4.2: Novelty
detection. below) using a methodology inspired by the experimental paradigm of the study
that observed novelty detection in the auditory cortex (Ulanovsky et al. 2003: described

fully in Chapter 2).
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4.2: Novelty detection

In order to explore whether adaptation to stimulus statistics primes the barrel cortex
for novelty detection. one must first ask whether the experimental data can be analysed in
terms of novelty detection.

An earlier chapter (see Chapter 2) described a form of stimulus-specific adaptation
(SSA) in the auditory cortex that resulted in auditory cells preferring novel. over common,
stimuli (Ulanovsky et al. 2003). In brief. adaptation was achieved by presenting two
auditory stimuli of equal amplitude but separate frequency. One frequency was assigned as
the standard (and was thus the most commonly presented stimulus) and the other the
deviant. or oddball, stimulus. The strength of the adaptive effect was dependent on both the
difference in frequency value between the stimulus pairs and on the ratio of presentation.
Under all conditions. the oddball stimulus elicited the greater response (please see Figure
4.4 and the relevant Figure in Chapter 2).

In comparing SSA (Ulanovsky et al. 2003 ) with adaptation to stimulus statistics
(Dean et al. 2003; Garcia-Lazaro et al. 2007) one must first acknowledge the key
differences in experimental paradigm. as the barrel cortex experiments were not designed
with novelty detection in mind. For example. in the case of the barrel cortex data. amplitude
was varied and frequency fixed and the adapting stimulus did not strictly have an oddball
design. In general. an oddball experiment will have one ‘'common' and one “rare' stimulus:
in the case of the experiments looking at adaptation to stimulus statistics all 20 amplitudes
within the low-probability region could be considered as rare’ (each amplitude is presented
on average 7 times) and all 5 amplitudes within the high-probability region could be the

‘common' stimulus (presented on average 100 times, per trial). Thus, the adapting regime

151




can be considered as a more general form of the SSA paradigm.
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Figure 4.4: Adaptation to novel and standard auditory stimuli.

Top: Schematic illustration of odd-ball experimental paradigm: red indicates the oddball
frequency-stimulus and blue the standard input. Bottom: The mean response. averaged
across f1 and /2, to the deviant (red). standard (blue) and control stimuli (black. 50/50%
presentation) for four stimulus configurations (ratio of presentation and difference in
frequency between the stimulus pairs (4f) given above each plot); bars indicate spike
counts and asterisk indicates a significant difference between the firing rate-response to
deviant versus standard frequency-stimulus (all plots taken from Ulanovsky et al. (2003)).

In the experiments outlined above, testing adaptation to the stimulus mean in the
barrel cortex. there were four high-probability region regions. centred on the amplitudes

90pm. 210um, 330um & 450um. Thus each of the amplitudes within the four high-
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probability region could be classed as either common or rare depending on the mean
adapting level and the responses could be compared to ascertain whether cells respond most
strongly when a stimulus is rare, irrespective of its amplitude value.

Of course the response to amplitude. in the barrel cortex. is a monotonicalls
increasing function and distinct from the Gaussian type response that is typical of
frequency preference in the auditory system (e.g. Ulanovsky et al. 2003). Thus. in order to
facilitate comparison between the rare and common response it was decided to restrict the
analysis to amplitudes that were within one of the four high-probability region only and.
further. 1o select the amplitudes at the centre of each high-probability region. If one recalls
from the previous chapter. responses to high-probability region amplitudes were generally
located at the low end of the firing- response spectrum. thus any preference for deviant
stimuli may override the general tendency for firing-rates to increase with stimulus
intensity.

The responses of individual cells to the four sets of amplitude pairs were compared,
across trials where one stimulus in the pair was rare (i.e. located in the low-probability
region), the other common (i.e. within the high-probability region) and vice versa. The
stimulus pairs were as follows: 90/210um. 90/330um. 90/450pum, 210/330pm. 210/450pum
and 330/450pm. Responses to the oddball/common stimuli were averaged over both
amplitudes in the stimulus pair to give the overall response as a function of presentation
frequency. If a cell's adaptive strategy was based on novelty detection then one would
expect deviant amplitudes to elicit significantly stronger firing rates than common stimuli.

Figure 4.5, below. presents a graphical representation of the analysis of 90/210pum

pairing from a sample cell. The mean response to both amplitudes. across all instances and
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all trails where 90pm was the common stimulus and 2 10pm the rare, was calculated (top
row, Figure 4.5). For this cell, and under this configuration, the strongest response was
elicited to the rare amplitude: as the deviant was the higher amplitude in the pair. one
would expect the response to be greater. However. in the opposite configuration the
strongest response was also elicited by the oddball stimulus, which was the lower value
amplitude of the pair (see middle row of Figure 4.5). The responses were then averaged as a
function of commonality and rarity (i.e. the responses to the amplitudes 90pm and 210um,
across all trials where they were the common stimulus, were averaged together and vice
versa for the rare stimuli). Any significant difference between the common and rare
responses was tested for by either the non-parametric Wilcoxon ranked sum test (MatLab
function: ranksum; test for significant difference in median response at 5% significance
level). if the distribution of responses was not normal and a paired t-test otherwise (MatLab
function: ttesi2: test for significant ditference between mean responses (o rare or common
stimulus at 5% level). For this cell. the response to the rare stimulus was not significantly
greater (p-value = 0.86 1. non-parametric test). for the 90/210pum stimulus pair (see Figure
4.5: bottom row, below)

The common and rare responses for this cell. across all six stimulus pairs are plotted
in Figure 4.6. The overall rare response was on average greater than the common response
for all stimulus pairs (Figure 4.6. bottom row); however in terms of the individual

presentations (see Figure 4.6. top/middle rows). the response to the deviant was always

greater for three out of the six stimulus conditions only
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Figure 4.5: Novelty detection for a single stimulus pair (single cell example).

Red: rare stimulus, black: common. Top and middle row, Left: Probability of selection
for the 90/210pm stimulus pair, when the 90pum stimulus is common (top) and rare
(bottom) and vice versa for the 210um stimulus. Top and middle row, Right: Firing
response of the cell to the two stimulus amplitudes as a function of their relative rarity (as
given in the corresponding lefi-hand plots). Bottom row: Firing rate response of the cell,
averaged across both stimulus amplitudes within the pair, as a function stimulus
presentation levels; the response to the rare (red) stimulus was on average stronger than the
response to the common (black) one.

The relative increase in the rare response was significant for two stimulus pairs
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only (90/330um and 210/330um [indicated by the asterisk above the plots in Figure 4.6,

bottom row], non-parametric test, p = 0.015 & <0.001, respectively).
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Figure 4.6: Novelty detection for all stimulus pairs (single cell example).

Red = rare stimulus, black = common. error bars give the standard error in the average
firing rate for a given amplitude. Top and middle row: Firing rate response of the cell in
Figure 4.5 to all pairs of stimuli, as a function of their relative rarity. For the top row, the
weakest amplitude in the pair was always the common stimulus in the top row and vice
versa for the middle row). Bottom row: The average firing rate response of the cell in
Figure 4.5, for all stimulus pairs, as a function of stimulus presentation levels, rather than
intensity; where the response to the rare (red) stimulus was significantly stronger than the
response to the common (black) one is highlighted with an asterisk.

Across the population (Figure 4.7). the response was similar to that of the single
cell case, highlighted above (c.f. Figure 4.6 ). Whilst the overall response to rare stimuli

was greater, for all pairs bar the 330/450pm combination. the response was only significant

for the 90/210um and 210/330um stimulus pairs (non-parametric test. p <0.001, for both

cases).
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Figure 4.7: Novelty detection for all stimulus pairs, across the population (n=81).

Red = rare stimulus, black = common, error bars give the standard error in the average
firing rate for a given amplitude. Top and middle row: Firing rate response of the
population to all pairs of stimuli, as a function of their relative rarity. For the top row. the
weakest amplitude in the pair was always the common stimulus in the top row and vice
versa for the middle row). Bottom row: The average firing rate response of the population,
for all stimulus pairs, as a function of stimulus presentation levels. rather than intensity:
where the response to the rare (red) stimulus was significantly stronger than the response to
the common (black) one is highlighted with an asterisk.

Both the significant pairs were composed of the 210um stimulus and the amplitude
level from either the preceding or successive high-probability region. Thus it could be
argued that for amplitude relationships of £120um. adaptation acts to elicit a preference for
deviant stimuli. irrespective of the relationship between amplitudes. However for this to
hold true one would have expected there to be a significant preference for the oddball
stimulus in the 330/450um pairing; instead, the response to the high amplitude (450um)

was always greater. This then could reflect the emergence of the dominant tendency for

firing-rates to increase with stimulus amplitude.
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It would appear, from the above analysis, there is a degree of novelty detection
underpinning adaptation to stimulus statistics in the barrel cortex. but no definite pattern as
1o its behaviour emerges. A tentative suggestion is that the distance between paired
amplitudes can influence the development of novelty detection. but it is easily overridden
by the tendency of cells to increase firing rates with increased amplitude. irrespective of

presentation frequency.

4.3: Stimulus Context

The results above, relating novelty detection and adaptation, were equivocal. thus it
was decided to apply an alternative approach to assessing the underlving encoding strategy:
specifically. that of exploring the effect of context on adaptive responses. in terms of the
relationship between output and recent stimulus history. Adaptation is not a static process
and can act on several time scales ranging from the 10ms to 10s scale; therefore it is useful
to consider what's happening on a local. as well as at the global. scale. The dependency of
tiring rate on stimulus history can be quantified by plotting the spike-triggered average or
STA (de Boer & Kuyper 1968): the STA is essentially the average stimulus over time,

which elicits a spike.

4.3.1: The spike-triggered average stimulus

The STA can be quantified as:

STA =~ s x
| e

4.1

Here n is the total number of spikes in the spike train. s is the stimulus vector preceding the




spike in the ith time-bin and x is the number of spikes within the ith time bin.

In calculating the STA., spikes were sorted into 40ms time-bins in a manner
identical to that emploved to calculate the firing rate response (see Chapter 3). For each cell
in the population (n = 87). stimulus vectors (from 0- 320ms [equivalent to 8 time-bins]
prior to each time-bin). for every spike in each time-bin. were summed and then averaged
across all trials of a given mean adapting level. The population response was the average
STA across all cells.

The population STA following adaptation to all four mean amplitude levels is
plotted in Figure 4.8 . Overall. across all mean adapting conditions, spikes were elicited
when there was a relatively large difference between the stimulating and preceding
amplitude (with respect to step-wise differences between the average stimuli at times of < -
40ms). With the exception of the 90um adapting condition. all the amplitudes preceding the
stimulating amplitude were within the high-probability region.

The overall trend, for all conditions, was for stimulus amplitudes to decrease trom
the global stimulus mean to reach a minimum level at =120ms prior to the spike. and then
increase in small step-sizes until the amplitude preceding the spike (-40ms time-bin) was
reached. The average stimulus amplitude that elicited the spike (in Figure 4.8 the average
stimulating amplitude was plotted at ime > 0) was always greater than the amplitudes
located within the current high-probability region level.

A similar trend was also found for the variance data (Figure 4.9), though the
steady-state amplitudes (latency of < -240ms) were generally higher than the global mean

amplitude of the stimulus and the difference between the stimulating and preceding

amplitude was greater than observed under adaptation to stimulus mean.
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Figure 4.8: Spike-triggered average (STA) during adaptation to global mean, across
the population (n=81).

Error-bars give the standard error, solid lines plot the STA, dashed line indicates global
mean of the stimulus (the central amplitude (in pm) of the high probability region. is given
above each plot). The amplitude at time from 0-40ms indicates the average stimulus
amplitude that elicited each spike: the input that followed the spike-eliciting stimulus is
plotted from 40-80ms.
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Figure 4.9: Spike-triggered average (STA) during adaptation to global variance,
across the population (n=81).

Error-bars give the standard error, solid lines plot the STA, dashed line indicates global
mean of the stimulus (the level of adapting variance is given above each plot). The stimulus
amplitude at time from 0-40ms indicates the average stimulus amplitude that elicited each
spike; the average input that followed the spike-eliciting stimulus is plotted from 40-80ms.

In contrast with other studies looking at the relationship between a stimulus feature
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and neural response, within the barrel cortex (e.g. Maravall. Petersen, Fairhall, Arabzadeh
& Diamond 2007 [see below and Section 4.5:, this Chapter|: de Kock & Sakmann 2009)
the spike-triggered average revealed a clear dependence. of spiking behaviour, on stimulus
history. The most interesting trend in the STA was the apparent dependence of spiking
output on a general decrease in stimulus amplitudes prior to firing and the large. positive
difference in step-size between the preceding and stimulating amplitude.

It was thus decided to explore whether the adaptive response was actually a function
of step-size between the current amplitude and the one preceding it. rather than the global
stimulus statistics. This question has already been addressed in the Inferior colliculus (Dean
et al. 2005). where adaptation to stimulus statistics was not found to be linked to step-size
(see Figure 4.10).

In Figure 4.10. the step-size functions of three sample cells, from the inferior
colliculus, were plotted. As a brief reminder, these cells were adapted using noise burst
amplitudes drawn from a highly skewed distribution in which the overall adapting mean
level was determined by the location of the high-probability region in the stimulus space
(Dean et al. 2005). Neuron | (Figure 4.10a) showed a clear preference for positive stimulus
steps (i.¢. the cell only fired when the stimulus in the current epoch was greater than that of
the preceding stimulus epoch). across all conditions whilst the step-size functions of
Neuron 3 (Figure 4.10c) were almost flat with a slight bias for positive step-sizes; Neuron 2
(Figure 4.10b) responded mainly to step-sizes above a threshold level that was dependent
on the global mean of the stimulating condition.

Ihe constant feature of all the cells in Figure 4.10 is that adaptive step-size

functions were not invariant, with respect to mean adapting amplitude. thus adaptation to
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stimulus-mean, in the inferior colliculus, was not a function of the stimulus step-size. One
might expect then, that as there are parallels between adaptation to stimulus mean in both
the barrel cortex (Garcia-l.azaro et al. 2007) and inferior colliculus (Dean et al. 2005), that

a similar non-dependence on step-size would be observed in the barrel cortex.
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Figure 4.10: Firing-rate as a function of the step-size difference between the current
and immediately preceding stimulus epoch for three example neurons from the
inferior colliculus.

Firing rate as a function of the step-size difference in noise burst amplitudes (between the
stimulating decibel level and the preceding stimulus) for three example Inferior Colliculus
cells. Cells were adapted to shifts in the high-probability region of the stimulus space and
each coloured line represents the results following adaptation to a given high-probability
region level: green — high-probability region centred on 39dB. blue - 51dB. red — 63dB &
75dB. See text in this Chapter and Chapter 3 for full details; Figure 4.10 taken from Dean
et al. (2005).

However, it could be argued that the step-size difference in amplitude. from one
time-bin to the next. is a measure of stimulus velocity. in that one is describing the
refationship between neural output and the direction (either positive or negative ) and

magnitude of change in intensity levels. A recent study (Maravall et al. 2007) has
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demonstrated adaptation to whisker deflection velocity (as a function of stimulus variance)
in rat barrel-cortex and found that adaptive neuronal stimulus-response functions were
scaled in proportion to changes in the stimulus distribution. Whiskers were deflected along
a single dimension. with the position randomly assigned using a Gaussian distribution and
refreshed every Sms: the global variance. rather than mean. of the distribution was varied
every 5s in a switching stimulus paradigm. Thus barrel cortex cells were adapted to two
levels of variance only (high and low). The experimental paradigm differed from the
adaptation to stimulus statistics study (Garcia-Lazaro et al. 2007) in several key aspects:

1. The stimulus distribution was truly Gaussian

-

The adapting stimulus feature was velocity and not amplitude

- d

The nature of the stimulus meant that the variance and mean were dependent on
cach other, thus adaptation to one, i.e. variance. implied adaptation to the

stimulus mean.

The spike-triggered average did not reveal any stimulus/response correlations (due
to the rapidly fluctuating and noisy stimulus) thus spike-triggered covariance analysis was
preformed on the data. Overall. the study (Maravall et al. 2007) found that the majority of
barrel cortex cells displaved adaptation to stimulus velocity (with a time course of 280ms
=180ms). An example from two cells is given below in Figure 4.11. The normalized firing
rate as a function of the stimulus projection onto the significant feature (velocity), extracted
from the covariance matrix, is plotted in the top row, with blue representing low variance
and red the high variance condition. In the bottom row (Figure 4.11), the adapted rate
functions (plotted in the top row of Figure 4.11) were plotted as a function of normalised
input units (stimuli were normalised by the corresponding standard deviation of the

stimulus distribution) and almost perfectly overlapped each other.
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Figure 4.11: Adaptation to velocity in the barrel cortex.

Top row: The nonlinear. stimulus-response function for low-variance (blue) and high-
variance (red) stimuli. Bottom row: Plots the same functions as above, with inputs
normalized by their corresponding standard deviation. Error bars are the standard deviation

from 30 repetitions of the estimation procedure.

Accordingly, if one considers the step-size changes, every 40ms, in whisker-

deflection amplitude (Garcia-Lazaro et al. 2007), to be a velocity measure, then one might

expect to see the step-size functions, in response to adaptation to global variance, to be

scaled in proportion to levels of stimulus variance,

4.3.2: Response as a function of step-size

The average firing rate, as a function of the difference in stimulus amplitudes

145




between the stimulating and preceding 40ms stimulus epoch (for each high-probability

region stimulus, across trials and every presentation within a trial) was calculated for each
individual cell and across the population as whole.

For every 40ms time-bin (7,—> . where N is the total number of stimuli presented
during a 30s stimulus sequence). the spikes elicited (by a given neuron) during 7, were re-
sorted into bins according to the difference in amplitude between the stimulus being
presented during 7, (given a 20ms latency, see Chapter 3) and the stimulus presented in the
preceding time-bin (7,.;). As there were only ever 25 possible stimulating amplitudes (0-
720pm. in 30pm steps) that could be presented during 7, the step-size difference in
amplitude could only be one of 49 possible values (-720 to 720pm. in 30pum steps). The
response to the step-size was taken to be the average spike count across all instances in
which the difference between the stimuli presented at 7, and T, ; was equal to the given
step-size difference in stimulus amplitudes.

As in the inferior colliculus, responses across the barrel cortex population were
varied. In Figure 4.12 the step-size functions of four sample cells are plotted. For the two
neurons in the top row of Figure 4.12, firing rates increased monotonically for step-sizes
greater than = Opm: in general. responses were roughly invariant with respect to the
adapting mean amplitude (except for the cell in right-hand plot which was roughly invariant
with respect to the three highest mean adapting amplitudes only). Both neurons in the
bottom row of Figure 4.12 displayed a preference for step-sizes in either direction away
from Opm, with the cell in the right-hand plot showing a bias towards positive step-sizes

and the left-hand cell having an almost symmetrical function.
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Figure 4.12: Step-size functions under conditions of adaptation to global mean, for
four sample cells.

Green lines/circles plot the data for the 90pum high-probability region level, blue
lines/squares: 210um. red lines/diamonds: 330pum and cyan lines/triangles: 450pm: the
solid lines are the best fit to the data using a 6th order polynomial and symbols plot the
actual data.

The response across the population as a whole is plotted in Figure 4.13. The best-fit

to the population response, as a function of stimulus step-size, was roughly invariant across
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all adapting mean-amplitude conditions; the closest overlap between step-size functions
was observed between the two middle high-probability region conditions (red and blue

solid lines, Figure 4.13).

Population response

Firing rate (Hz)

f . p - = e —

-750 450 -150 0 15 450 750
Step size (um)

Figure 4.13: Step-size functions under conditions of adaptation to global mean,
averaged across the population (n=81).

Green lines/circles plot the data for the 90pm high-probability region level, blue
lines/squares: 210pm. red lines/diamonds: 330pum and cyan lines/triangles: 450pm: the
solid lines are the best fit to the data using a 6th order polynomial and symbols plot the
actual data.

T'he only significant difference (p=0.004, using a Kruskal-Wallis, one-way

ANOVA, MatLab function kruskalwallis) was found between the population step-size
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function for the highest mean amplitude condition (cvan lines, Figure 4.13) and the middle
two high-probability region conditions (red and blue solid lines. Figure 4.13). Firing rates
tended to increase as a function of distance from the Oum step size (up to approximately
+600pum): with a strong response-bias for positive step-sizes (i.e. where stimulus-amplitude
at 7, was greater than that presented during 7, ).

The selection probability of individual amplitude transitions (Figure 4.14, top) and
their associated tiring rates (Figure 4.14. bottom), across the whole population of cells (7 =
A7) are plotted in Figure 4.14, below, for two of the four mean adapting levels. Rows
represent the amplitude level of the current epoch (the stimulating amplitude). whilst
columns represent amplitude levels in the preceding stimulus epoch. The two uppermost
plots show the average number of times. in a trial. stimuli were presented concurrently. The
likelihood of presentation clearly depends on the location of the stimuli, relative to the
high-probability region: the most numerous amplitude interactions were restricted to
amplitudes within the high-probability region.

The bottom row plois the average firing rate across the population for each
interaction. For the lowest high-probability region level (90pm condition, Figure 4.14. left.
top & bottom), the strongest firing-rates were found only when the stimulating amplitude
(i.e. the amplitude of the current stimulus epoch) was greater than the high-probability
region. This is unsurprising given the fact that. under this condition, the lowest amplitude
levels were within the high-probability region. However, this trend is also apparent for the
high-probability region level with the strongest intensity (450pm condition. Figure 4.14,
right. top & bottom). Thus, over the population as a whole. the response bias is for positive

step-sizes where the stimulating amplitude is greater than the amplitudes located within the
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high-probability region of the stimulus space.
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Figure 4.14: Relationship between presentation frequency of amplitude steps and
neural output, across the population (n=81).

Average number of presentations. per trial (top). and firing-rate (bottom) as a function of
the current (time T, rows) and preceding (time T-1, columns) stimulus amplitude. Colour
bars to the side of each plot indicate the number of presentations (top) and firing-rate in Hz
(bottom). White indicates that there was no interaction between amplitudes

The first major point of interest is the rough invariance of the population step-size

function across all global mean levels. From this result, it would seem that adaptation acts
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primarily to maintain the relationship between firing-rate and step-size, rather than to
transmit stimulus distribution information.

Before exploring this issue further, there was one other interesting facet of adaptive
behaviour that emerged from the analysis of the step-size functions. namely that some cells
(and enough cells overall to influence the population response. see below) appeared to be
behaving as novelty detectors., or at the very least - novelty-preferring cells (c.t. step-size
functions plotted in Figure 4.12. bottom row). For these neurons. firing rate was dependent
on the absolute difference between successive amplitudes and not the direction of
amplitude transition. Due to the experimental paradigm. step-sizes near to Oum were most
likely to be derived from amplitudes that were drawn from the high-probability region of
the stimulus space. with a maximum difference in step-size ot only £120pum. Overall.
within each trial. consecutive pairs of high-probability region amplitudes were presented
64.75% of the time; concurrent high-probability region and low-probability region
amplitudes made up 31.2% of the stimulus presentation. with the remaining 4.05%
composed of successive pairs of low-probability amplitudes. Thus cells displaving a
preference (in terms of firing rates) for step-sizes away from =120um are not only
responding to large amplitude transitions but also the presence (either as the stimulating or
preceding amplitude) of a stimulus from the low-probability region of the stimulus space.

(22/81 neurons)

Across the population of cells tested (7 = 81), roughly a quarter of all cells
displayed same preference for step-sizes away from Oum. Preference was assessed by

taking the average gradient of the best-fit to the data. from the Oum point to the local

maximum. in either direction. A cell was assigned as having novelty preference if the

average gradient (for all adapting conditions) of the best-fit to the data had a value less than




-0.1. in the negative, amplitude-step, direction, and a value > 0.1, in the positive direction.
Of those cells displaying novelty preference. only 4/22 neurons displayed roughly
symmetrical step-size functions (these are plotted in Figure 4.15 (top row), along with their

corresponding rate-functions. Figure 4.15, bottom row).
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Figure 4.15: The step-size functions for four symmetrical, novelty detecting cells and
corresponding rate functions.

Top row: Step-size functions for four symmetrical novelty type cells. Bottom row:
Corresponding rate-functions for the cells in the top row. Solid lines: best fit (8" and 5"
order polynomial were used to fit step-size and rate function data, respectively), symbols:
actual data (green: 90pm, blue 210um: red: 330um; cyan: 450um).




One can observe a tendency towards novelty detection in all the ‘symmetrical” cells
(Figure 4.15. bottom row); rate-functions tend to increase away from a minimal point
located close to the global-mean of the stimulus. This trend is also evident in the rate-

functions of non-symmetrical cells that show a preference for novel stimuli (see Figure

4.16).

Firing rate (Hz)
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Figure 4.16: The step-size functions for four "asymmetrical novelty detecting cells'
and their corresponding rate functions.

Top row: The step-size functions for four asymmetrical novelty type cells. Bottom row:
Corresponding rate-functions for the cells in the top row. Solid lines: best fit (8" and 5"
order polynomial were used to fit step-size and rate function data, respectively), symbols:
actual data (green: 90pum, blue 210pm; red: 330pum; cyan: 430um).

Conversely, the rate-functions of cells with little or no novelty detecting traits (see
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Figure 4.17) displayed the sigmoidal shape that was typical of the population response. i.e.
the function is flat until the amplitude space reaches the high-probability region; firing rates

then increase in a linear, accelerating manner. until the maximum response is reached.
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Figure 4.17: The step-size functions for four example non-novelty detecting cells and
their corresponding rate functions.

Top row: Step-size functions for four sample non-novelty type cells. Bottom row:
Corresponding rate-functions for the cells in the top row. Solid lines: best fit (8" and 5"
order polynomial were used to fit step-size and rate function data. respectively). symbols:
actual data (green: 90um, blue 210pum: red: 330um; cyan: 450pm)

Step-size functions under conditions of adaptation to global-variance

The same analysis was performed on neurons that were adapted only to stimulus




variance. The population response is plotted in Figure 4.18, below. Interestingly, the
population response was not invariant with respect to step-size, thus adaptation to variance

was not dependent on local stimulus history.
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Figure 4.18: Step-size functions under conditions of adaptation to global variance,
averaged across the population (n=132).

Red lines/circles plot the data for the low variance level. green lines/squares: mid-variance
,black lines/triangles: high-variance: the solid lines are the best fit to the data using a 6th
order polynomial and symbols plot the actual data.

A variety of responses were observed across the population. Neurons typically had
step-size functions that either displayed a monotonic increase in firing rate from a threshold
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amplitude-step (in general, located at =0um, see Figure 4.19, leftmost plot for an example)
or firing rates increased either direction from a local minimum (=Opm) up to amplitudes

steps of between £500-600um (see Figure 4.19, middle and right).
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Figure 4.19: The step-size functions for the three example cells, under conditions of
adaptation to variance.

Top, middle and bottom row: Step-size functions of three sample cells. Solid lines (red
lines: low-variance, green lines: mid, black lines: high-variance) plot best-fit to the data
(8th order polynomial): colour coordinated symbols: actual data (circles: low-; squares:
mid-; triangles: high-variance adaptation).

Out of the population, roughly 11% of cells (14/132) displayed a preference for

large step-sizes in either direction. Of these thirteen only three neurons displayed a degree




of symmetry in the step-size function, i.e. held no particular bias for positive or negative
stimulus steps. The *symmetrical’ cells are plotted in Figure 4.20, along with their

corresponding rate functions.
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Figure 4.20: The step-size functions for the three, identified, 'symmetrical novelty
detecting cells' and their corresponding rate functions, under conditions of adaptation
to variance.

Left column: The step-size functions for the three identified. symmetrical novelty type
cells. Right column: Corresponding rate-functions for the cells in left column. Solid lines
(red: low-, green: mid, black: high-variance) plot the best-fit to the data (8™ and 5™ order
polynomial were used to fit step-size and rate function data. respectively)

The first observation to note is that the rate-functions, for these ‘symmetrical” cells,

display some preference for novel stimuli (Figure 4.20. right column), especially for the
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lower variance conditions, in that responses tend to increase. in either direction, away from

a local minimum (located between 90-150um).
In comparison, the rate-functions of neurons, with no sensitivity for negative step-

sizes. displayed little tendency for novelty preference (Figure 4.21, right column).
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Figure 4.21: The step-size functions for three example non-novelty detecting cells and
their corresponding rate functions, under conditions of increasing stimulus variance.
Left column: The step-size functions for three non-novelty type cells. Right column:
Corresponding rate-functions for the cells in left column. Solid lines (red: low-, green: mid,
black: high-variance) plot the best-fit to the data (8" and 5" order polynomial were used to
fit step-size and rate function data, respectively).

In general, responses to amplitudes below the high-probability region were fairly

flat and constant across all conditions.




The step-size functions plotted in Figure 4.21 (left column) were typical of those
observed across the population of cells that only responded to positive step-sizes. in that
firing rate increased for step-sizes greater than Opm until step-sizes of roughly 600um.
Across the population. the step-size function showed some dependence on the width of the
high-probability region. For example. the curve around the Opm point. for novelty-
preferring cells (Figure 4.20, left column). was narrowest under the low-variance condition
and broadened with stimulus variance (especially with reference to the lefi-most and middle
plots in Figure 4.20, left column). For the majority of cells with no preference for novel
stimuli. the maximum firing rate tended to decrease as adapting variance increased and
there was also a decrease in step-size function slope.

If one considers the stimulus configuration. the range of likely amplitude
interactions increased with each successive increase in the width of the high-probability
region (see Figure 4.22, top row). Step-sizes from Opm to + 60pum. under low-variance, to
+ 300pm, under high-variance conditions were most likely to be derived from concurrent
presentations of amplitudes within the high-probability region. This type of interaction
tended to elicit relatively low firing rates (Figure 4.22. bottom row) thus possibly resulting
in the lateral displacement of the step-size function. observed in the population response
(see Figure 4.18). with increasing stimulus variance.

As well as increasing the range of high probability to high-probability amplitude
interactions, the number of likely low-probability and high-probability amplitude
transitions also increased (these tvpe of interactions occurred =30% of the time). with
stimulus variance. Likely step-size values ranged from £90-510pum under the low-variance

condition. to £330-630um. under the high-variance environment.
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Figure 4.22: Relationship between presentation frequency of amplitude steps and
neural output, across the population (n=81), under conditions of increasing stimulus
variance.

Plots of the average number of presentations. per trial (top). and firing-rate (bottom) as a
function of the stimulating (7,. columns) and preceding (7,.;. rows) amplitude levels, for
each variance condition. Colour bars to the side of each plot indicate either the number of

presentations (top) or firing-rate in Hz (bottom). White indicates that there was no
interaction between amplitudes

The broadening of the step-size functions (and the adaptive decrease in the

maximum response) could be a reflection of the increased diversity in amplitude
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interactions.

Spiking behaviour, on the ms scale, during amplitude transition

The evidence above implies that adaptation is not dependent on the global mean
level of whisker deflection but on local changes (on the 40ms scale) in stimulus amplitude.
Neural responses can be classified into two groups, relative to the step-size function:
neurons that only respond to positive changes in amplitude transitions (the majority of
cells) and neurons that respond to the step-size irrespective of the direction of transition.
Cells that fall within the latter classification. which were termed novelty-preferring. can be
subdivided into two further groups according to the degree of symmetry in the step-size
functions. Novelty-preferring cells could also be classified by their stimulus-response
functions which tended to show an increase in firing away from a local minimum response,
in both directions: the local minimum was located at or near the mean adapting amplitude.

[t was decided to analyse the relationship between step-size and firing-rate further,
by plotting the frequency of amplitude interactions and the corresponding response (see
Figure 4.23). Overall, the strongest firing-rates were found for positive step-sizes where the
stimulating amplitude (Figure 4,23, bottom, all rows) was greater than the maximum high-
probability amplitude and for negative step-sizes where the stimulating and preceding
amplitudes were within and higher than the high-probability region, respectively.

It was decided, therefore, to perform an analysis of the firing rate. as a function of
time. during the actual transition between amplitudes to see how the direction and distance

of the step-size affected responsiveness in both novelty-preferring cells and the majority of

the neural population.
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Figure 4.23: Relationship between presentation frequency of amplitude steps and
neural output, averaged over the four symmetrical, novelty cells, under adaptation to
global mean values of 90um and 450pm.

Average number of presentations, per trial (top), and firing-rate (bottom) as a function of
the stimulating (7,. columns) and preceding (7,.;. rows) amplitude levels. Colour bars to the
side of each plot indicate the number of presentations (top) and firing-rate in Hz (bottom).
White indicates that there was no interaction between amplitudes

In deciding which amplitudes to compare, it was felt that the best method of
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maximising spike count information would be 10 compare the transition between all
amplitudes within the high-probability region (and treat them ostensibly as a single
amplitude) and all amplitudes within one of the low-probability region (L.PR) “tails’, i.e.
either the low-probability tail in the stimulus space where stimuli were stronger in intensity
than the high-probability region (now termed LPR-high) or the tail where stimulus
amplitudes were lower in intensity than the high-probability region (now termed LPR-low).
As the response-onset latency was assumed to be 20ms and response-decay latency
assumed to be 40ms (in Garcia-Lazaro et al. (2007). and all previous analyses, presented
within this thesis, spikes were counted during the 20-60ms time-window from stimulus
onset). the spike trains across 120ms of stimulus presentation (starting from the
presentation of the pre-transition stimulus amplitude at Oms) were collated so that the
response to both the pre- (0-40ms into spike train) and post-transition stimuli (40-80ms into
spike train) would have time to both develop and decay. The spike counts for each
presentation, and across all trials of the relevant adapting condition, were sorted into 1 ms
time bins (with the onset time of the pre-transition amplitude being set to Oms), and then
averaged across trials and all cells used in the analysis. Only the first two amplitudes (pre-
and post-transition stimulus amplitudes) of the 120ms epoch were pre-selected. i.e. were set
to be either from the high-probability region or LPR-high/LPR-low. Responses were then
normalised, and the maximum response, across all conditions, was set to unity.

Figure 4.24 plots the average firing rate plotted over 120ms. for a transition from
LPR-high to the high-probability region (negative step-size), for all mean adaptation levels
and across all the cells within the population that did not display any preference for novel

stimuli.
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Population response (n = 59)
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Figure 4.24: Transition from a low-probability stimulus, of strong intensity, to a high-

probability stimulus, adaptation to mean.

Firing rate over time, averaged over all transitions between amplitudes drawn from the high
end of the low-probability region and amplitudes drawn from the high-probability region.
Green circles: 90um mean adapting level. blue squares: 210um, red diamonds: 330pm,
cyan triangles: 450pm. Colour coordinated solid lines plot the best-fit to the data

The firing rate, over time, followed a similar pattern across all adapting conditions.

The response to the LPR-high, pre-transition stimulus started approximately 10s after

stimulus onset. then peaked at 35-40ms (=42ms for highest mean adapting amplitude

[cvan], see Table 4.1, below): the response then began to decay and was fully extinguished
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roughly 80ms after stimulus onset. The average latency values, across the population. for
time-to peak and decay of the response to the preceding amplitude are given in Table 4.1,

below

Table 4.1: Average latency times for the high amplitude/low-probability stimulus

Latency (A) Mean Amplitude Level
from stimulus 90pm 210pm 330pum 450um
onset

APeak (ms) |33.81+09] 37.15+085 38.03+0.97 4

I3
Ln
lad
I+

=
= el
IJJ

ADecay (ms) | 73.76+ 1.86 71.64+£223 70.17+2.16 6

_DC-
4=
12
|+
[ B
=
[B]

The latency of the peak-response to the pre-transmission stimulus was determined
by calculating the time taken from stimulus onset (at 77— (ms) to the first *localised” peak

response. The peak was defined as the point at which the curve of best fit to the data

-

stopped increasing from its value at 7= 20ms (assuming an onset-response latency of
20ms. see above). The latency of the decay response was taken 1o be the time from stimulus
onset next local minimum response following the peak response described above. 1.e. where
the curve of the best fit to the data stopped decreasing from the value of the peak-response
and either began increasing or attained the value of the steady state response for the post-
transition stimuli (taken to be the average response to the last 80-120ms of stimulus
presentation).

The response to the high-probability. post-transition stimulus (from =60ms into the
spike train) is difficult to extract from the decay response to the pre-transition stimulus.

However. the firing rate reached a local minimum value =70ms into the spike train and
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either reached a plateau (330pum & 450pum mean adapting level) or increased slightly
(90um & 210um condition). The average pre- and post- transition stimuli levels are
displayed in the bottommost plot of Figure 4.24. The increase in firing rates from the local
minimum was only observed when the following stimulus transition was. on average.
higher in amplitude.

The overall. relative, response levels decreased with each successive increase in the
mean of the adapting stimulus. As global mean increased, the step-size difference between
the high-probability and low-probability amplitudes (Figure 4.24, bottom) became smaller
as the number of amplitudes within the low-probability "tail' decreased (due to the highly-
skewed nature of the stimulus distribution: ¢.f Chapter 3). Thus a decrease in response. as a
function of step-size, is to be expected. However, it should be noted that the decrease in
available amplitudes would also affect the number of presentation times. thereby reducing
the number of data points available for analysis.

A further example of a negative step-size was examined (Figure 4.25), this time the
amplitude transition was from a high-probability to a low-probability stimulus, of lower
amplitude.

Overall. response levels were fairly flat until =90ms, across all mean-adapting
levels except for the 450pum condition: it was not possible to get any data for the 90pm
condition as no post-transition stimuli were of lower amplitude than the pre-transition.
high-probability stimulus.

T'he quantitative analysis, below. is based on the adaptive output for the 450um
condition only (Figure 4.25, cvan triangles and solid line). The average peak response

latency was 41.75ms (=1.98 Standard Error or SE). and the average decay response latency

166




was 96.41ms (+4.34 SE) from stimulus onset at Oms (bearing in mind that the decay

response was a relaxation of the firing-rate response to the amplitude transition).

Population response (n = 59)

Normalised firin
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Figure 4.25: Transition from a high-probability stimulus to a low-probability stimulus
of lower intensity (adaptation to mean).

Firing rate over time, averaged over all transitions between amplitudes drawn from the
high-probability region and amplitudes drawn from the low end of the low-probability
region. Green circles: 90um mean adapting level, blue squares: 210um, red diamonds:
330um, cyan triangles: 450um. Colour coordinated solid lines plot the best-fit to the data

The response to the post-transition stimulus either didn't reach or remained at a
steady-state level, however the response to the following amplitude transition (from 80ms

into the stimulus presentation) was characterised by a sharp increase in firing-rate that

reached a peak at or close to the 120ms time-bin.
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If one examines the plot of the average stimulus levels for each transition. it is clear
that the sharp increase in firing rate was in response to the positive step-size change in
stimulus amplitude at the 80ms point (in general, due to the stimulus configuration, it is
most likely that the stimulus to be selected. following the transition to a low amplitude and
low probability stimulus. would be of a higher intensity).

The response to this class of transition. i.e. from a low-probability. low amplitude
stimulus to high-probability stimulus, is plotted in Figure 4.26: the average time-to-peak
response ranged from 34-42ms from the onset of the amplitude transition (average
responses, across conditions are given in Table 4.2, below, the = values gives the standard
error). Thus the time-to-peak latency. for positive amplitude transitions. increased with

step-size.

Table 4.2: Average latency times, from amplitude transition at the 40ms time-bin to
peak response, for the stimulating, high-probability amplitude, across all neurons
with no novelty-preference

Mean Amplitude Level
Latency (A) from
stimulus onset 90pum 210um 330pm 4350um

Time-to-peak (ms) | N/A 3486 £1.71 41.17 £1.38 41.66 =1.09

A similar analysis was performed on only those cells in the population that
displayed a novelty preference and had either a symmetrical (Figure 4,27, population = 4)

or a non-symmetrical function step size function (Figure 4.28, population = 18)
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Figure 4.26: Transition from a low-probability stimulus, of lower intensity, to a high-
probability stimulus; adaptation to mean.

Firing rate over time, averaged over all transitions between amplitudes drawn from the low
end of the low-probability region and amplitudes drawn from the high-probability region.
Green circles: 90pm mean adapting level, blue squares: 210pm. red diamonds: 330um.
cyan triangles: 450pum. Colour coordinated solid lines plot the best-fit to the data

The latency of time-to peak and decay for the pre-transition amplitude is given in

Table 4.3, below.




Table 4.3: Latency times for the low-probability/high amplitude stimulus for all four
novelty-preferring cells with symmetrical step-size functions

Latency (A) | Mean Amplitude Level
from stimulus o
q 2 e X | 4
anseh | Opm 10pum 330pum 450pm

A Peak (ms) | 56.00+4.65 60.50+5.50 57.25+4.05 56.00+4.50
A Decay (ms) | 94.00+13.0 8425+937 101.0+248 81.75+13.0
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Figure 4.27: Transition from a low-probability stimulus, of strong intensity, to a high-
probability stimulus, adaptation to mean, for the four symmetrical novelty-type cells.
Firing rate over time, averaged over all transitions between amplitudes drawn from the high
end of the low-probability region and amplitudes drawn from the high-probability region.
Green circles: 90pm mean adapting level, blue squares: 210pum, red diamonds: 330pum,
cyan triangles: 450pm. Colour coordinated solid lines plot the best-fit to the data
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Population response (n = 18)
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Figure 4.28: Transition from a low-probability stimulus, of strong intensity, to a high-
probability stimulus, for all asymmetrical novelty-type cells.

Firing rate over time, averaged over all transitions between amplitudes drawn from the high
end of the low-probability region and amplitudes drawn from the high-probability region.
Symbols/lines as for previous Figure.

The average latencies, across the population of non-symmetrical novelty-preferring

cells, are given in Table 4.4, below.

Table 4.4: Latency times for the pre-transition stimulus (low-probability but high
amplitude) for all asymmetrical novelty-preferring cells

Latency (A) Mean Amplitude Level
from stimulus
onset 90pm 210pm 330pum 450pum

A Peak (ms) | 38.50+3.00 4133+3.14 41.61+2.79 44.16+2.64
A Decay (ms) | 79.17+£4.21 80.89+4.10 7622+5.27 71.50+5.40
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All the populations analysed shared some common features in the pattern of firing
rate over time. Namely that the overall level of response was relatively lower with each
increase in global mean and that the response to the pre-transition stimulus appeared to
dominate the response within the first 80ms or so after stimulus onset (at Oms). However. it
should be noted that the decay of the pre-transition stimulus included the relaxation of the
firing rate back to levels typical of the response to post-transition stimulus (as, if one
recalls, these were always lower in amplitude than the pre-transition stimulus).
Nevertheless, it was virtually impossible to determine where the response to high-
probability, post-transition stimulus began from the firing rate patterns above; instead one
could say that the response to the post-transition stimulus reached its steady state level at
the decay latency for the high-amplitude, pre-transition stimulus.

Within the population of novelty-type cells, those cells with symmetrical step-size
functions showed the clearest divergence from the general trend in firing-rate patterns (see
Figure 4.27). in that their response to the pre-transition stimulus was relatively broad. The
latency differences were also most pronounced for this group of cells with latencies for
time-to-peak (see Table 4.3) being roughly 15-20ms longer than the remaining population.
Novelty-type cells with non-symmetrical step-size functions did display longer latencies
than the general population, but these differences were not significant (as can be seen from
standard errors, if one compares Table 4.1 & Table 4.4). The quantitative analysis of
latency differences between the three putative groups of cells, of course. should be viewed
with some caution due to the small sample size of both types of novelty-preferring cells.

The time to decay was longer for both groups of novelty-preferring cells, relative to

the remainder of the population. Thus, this could account for the strong response to step-
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sizes that were comprised (in either direction) of a high-probability amplitude and an
amplitude drawn from the high-end of the low-probability stimulus space. Far example.
with negative step-sizes the response o the stimulating amplitude would be amplified by
the residual response to the preceding amplitude.

Are these longer decay times a function of the step-size or an inherent part of the
responsiveness of these cells? In order to explore this question further. the time course of
the response for stimulus sequences in which both the pre- and post-transition stimuli were
drawn from the high-amplitude but low-probability region of the stimulus space was
analysed, for both novelty-preferring cells and the remainder of the population (novelty-
preferring cells, irrespective of the shape of the step-size function, were grouped together in
order to provide a reasonable number of data points). This stimulus sequence was chosen as
amplitude levels were high, and would clicit a clear response to the onset of the preceding
stimulus, but the step-size changes in amplitude during the transition would be very low,
thus one would expect to see response reduction as a function of the small difference in
amplitude levels. It latencies are a function of step-size, one would expect to see an effect
on response decay of the preceding amplitude. In order for the response to fully develop
and decay the spike train following [60ms from stimulus onset were collated. The stimulus
sequence is similar to that used in the initial analysis of the response time-course (see
Figure 4.24, Figure 4.27 & Figure 4.28) with the “addition’ of an extra stimulus at the
beginning of the sequence.

The time-course of the responses across conditions, for the majority population of
cells with preference for positive step-sizes only. are plotted in Figure 4.29 and in Figure

4.30 for the novelty-preferring neurons. The effect of stimulus context on the response,
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across both populations, was twofold:

I, The response to the second high-amplitude, low-probability stimulus was
reduced. relative to the response to the first pre-transition stimulus; thus both
populations underwent an adaptive and rapid response reduction as a function of
the small step-size.

2. The decay latency for the response to reach the steady-state level of the third
amplitude in the sequence (of a weaker amplitude than the pre-transition
stimulus and most likely drawn from the high-probability region) was longer,
relative to the time taken in the previous analysis of a similar stimulus sequence
(please compare the main plot and inset of Figure 4.29).

Overall responses, for both groups, did not reach a steady-state until = 140ms into
the spike train (i.e. 60ms following stimulus onset of the third, lower amplitude). At least,
this was the case for the three lowest mean adapting levels (green, blue and red lines and
symbols, Figure 4.29 & Figure 4.30); responses to the highest mean adapting condition
were relatively flat, with respect to all other conditions and the response elicited in the
carlier analysis (see insets. Figure 4.29 & Figure 4.30).

[ one compares these decay latencies with that observed for the similar stimulus
sequence (see Table 4.1, Table 4.3-4.4, Figure 4.24, Figure 4.27-4.28) one can clearly see
the contextual effects of having two strong-amplitudes, Irom outside the high-probability
region presented successively.

For the novelty preferring cells, the time-to decay response, recorded previously,
ranged from =71-81ms (equivalent to =111-121ms in the new analysis) for the non-

symmetrical cells to =81-101ms (equivalent to =121-141ms) for the symmetrical neurons.
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For the remainder of the population the previously recorded decay latencies ranged from

=68-74ms (equivalent to =108-114ms in the new analysis)
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Figure 4.29: Effect of stimulus intensity on the transition response.

Firing rate over time, averaged over all transitions between amplitudes drawn from the high
end of the low-probability region. Green circles: 90pm mean adapting level, blue squares:
210pm, red diamonds: 330pm, cyan triangles: 450pm. Colour coordinated solid lines plot
the best-fit to the data. Inset is the initial, similar analysis performed using amplitudes
drawn from the high end of the low-probability region and amplitudes drawn from the high-
probability region, see Figure 4.24
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Figure 4.30: Effect of stimulus intensity on the transition response for all cells showing
novelty-preference (both symmetric and asymmetric).

Firing rate over time. averaged over all transitions between amplitudes drawn from the high
end of the low-probability region. Green lines/circles: 90pum mean adapting level, blue
lines/squares: 210pm, red lines/diamonds: 330pum, cyan lines/triangles: 450pum. Colour
coordinated solid lines plot the best-fit to the data. Insets ave the initial, similar analysis
performed using amplitudes drawn from the high end of the low-probability region and
amplitudes drawn from the high-probability region for the symmetrical/asymmetrical
novelty-type cells; see Figure 4.27 & Figure 4.28.

4.4: Deviation detection
The analysis presented above indicates that barrel cortex neurons are preferentially

sensitive to the local, rather than global. stimulus context and respond to how far the
stimulus, at any given moment, deviates from the previously presented input. The majority
of neurons responded strongly to large step-size changes in stimulus amplitude and could
therefore be considered as “variance detectors’. There is evidence to suggest that V1

neurons respond most strongly to signals that are at least 2 standard deviations away from
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the mean input and are therefore acting as deviation detectors (Ringach & Malone 2007,
see Chapter 2 for fuller description of the study). It was decided. therefore. to explore the
adaptive output of all neurons as a function of local stimulus variance, i.e. the squared
difference between stimuli presented at each time-bin and the global mean of the stimulus
sequence.

The average firing rate (for cach high-probability region stimulus, across trials and
every presentation within a trial) was calculated. as a function of the difference in whisker-
deflection amplitude between the stimulus and the mean input level, for each individual cell
and across the population as whole. For every 40ms time-bin (7, ; v, where N is the total
number of stimuli presented during a 30s stimulus-sequence). the spikes elicited (by a given
neuron) during 7, were re-sorted into bins according to the squared difference in amplitude
between the stimulus (X)) presented during 7 (given a 20ms latency, see Chapter 3) and the
average stimulus presented across the 30s stimulus-sequence, as a whole (.Y).

The response to local variance was taken to be the average spike count across all
instances in which the variance of the stimulus (the difference between X, and X' ) was
equal to(X — X)*, where X was one of the 25 possible whisker deflection amplitudes
(0:720pm, in equal steps of 30pm). On average, the global mean stimulus amplitude (and
global variance) for each 30s adapting stimulus sequence was 161 pm (variance:
28900pm”), 252um (variance: 18496um”). 343pum (variance: 13456pum”) & 433pm
(variance: 13689um”) for the 90, 210, 330 & 450pum high-probability-region conditions,
respectively.

The results of the population analysis, under the condition of adaptation to global-

mean, are presented in Figure 4.3 1, below, with the top plot showing the actual adaptive
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response to local variance-from-the-mean and the bottom plot giving the adaptive response
as a function of the normalised stimulus (where the input was normalised by dividing

(X = X)" with the inherent global variance of the 30s stimulus-sequence): the abscissa
was plotted on a logarithmic scale for ease of viewing.

The responses to the 1™ three high-probability-region conditions (90, 210 and
330pm: green lines/circles, blue lines/squares and red line/triangles, respectively. in Figure
4.31) were broadly similar; firing rates tended to remain at roughly 10Hz then began to
increase monotonically (at (X - X)*= 10*pum” ) up to a maximum firing rate of
approximately 30Hz (30.47Hz [+£2.2292 Standard Error or SE], 30.60Hz [+2.3758 SE],
20.49Hz [+2.2343 SE] for the 90, 210 and 330pm conditions, respectively). In general
responses displayed considerable overlap except at the extremes of the functions, especially
with reference to the highest levels of local variance-from-mean, where the functions
diverged (this can be seen most clearly in the best-fit to the data, solid lines. Figure 4.31);
this is a reflection of the distribution of (X, = X')* values which decreased as the global
mean amplitude increased (due to increasing symmetry in low-probability tails of stimulus
distribution).

For the 4™ condition (cyan lines/diamonds. Figure 4.3 1), firing-rate responses to
levels of (X, - X')* <=10"um” were fairly constant at approximately 10Hz; for levels of
(X, — X)* greater than 10*pum’ the responses oscillated between the base response (of

=10Hz) and higher firing rates.
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Figure 4.31: Firing rate as a function of local variance-from-the-mean, under
conditions of adaptation to global mean whisker deflection amplitude

Top plot: Firing rate as a function of local-variance, (X, - X')*; plotted on a log-axis for
case of viewing. Bottom plot: The functions in the top plot, drawn with local variance
normalised. with respect to global stimulus variance. Green lines/circles, blue lines/squares,
red lines/triangles and cyan lines/diamonds plot the 90, 210, 330 & 450pum high-probability-
region conditions, respectively.

The oscillatory behaviour of the response-function could be a reflection of the
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balanced stimulus distribution and the stimulus values that set the local variance: the
sclection probability of amplitude values both below and above the global-mean amplitude
had a roughly equal (though low) chance of presentation, relative to the 3 lower global-
mean conditions. Firing rates to stimulus amplitudes below global mean were always
suppressed relative to higher amplitude stimuli, thus accounting for the apparent oscillation
in firing rates. Following normalisation. (achieved by dividing (X, — X')" by the global
stimulus variance. Figure 4.3 1. bottom plot), adaptive neural output, as a function of local
variance, did not display invariance; thus suggesting that adaptive responses did not fully
scale with stimulus variance.

As the analysis presented earlier in this Chapter has shown, the majority of neurons
in the barrel cortex tend to respond preferentially to positive excursions in stimulus
amplitude, 1.e. are sensitive to the direction of change in the stimulus. Thus it was decided
to analyse the data as a function of local standard deviation away from global-mean. The
analysis was as for variance-from-the-mean, above, except that deviation was defined as
(X, = X') rather than (X, - X')°

Responses for all adapting conditions (see Figure 4.32) increased monotonically for
local standard deviations of >0pm, and diverged for positive deviations-from-the-mean of >
200pm. This was due to the distribution of the stimulus; deviations ranged from -126.08 to
593.92um for the 90pum condition (green lines/circles, Figure 4.32), -217.68 1o 502.32pum
for the 210pm condition (blue lines/squares, Figure 4.32). -310.24 to 409.76pum for the
330pm condition (red lines/triangles, Figure 4.32) and from -401.60 to 318.40um for the

450pm condition (cvan lines/diamonds. Figure 4.32).
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Figure 4.32: Firing rate as function of local deviations-from-the-mean under
conditions of adaptation to global-mean.

Top plot: Firing rate as a function of local-deviation, (X, — ). Bottom plot: The
functions in the top plot, drawn with local deviation normalised, with respect to standard
deviation of the global stimulus. Green lines/circles. blue lines/squares, red lines/triangles
and cyan lines/diamonds plot the 90, 210, 330 & 450pum high-probability-region conditions,
respectively.
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However, once inputs were normalised by the global standard deviation (for each
30s stimulus sequence) responses were scaled such that the functions displayed
considerable degree of overlap; this was most strongly observed for the three lower global
mean adapting conditions.

I'he response to the standard deviation for those cells displaying novelty preference
(n — 22: both symmetrical and asymmetrical novelty-preferring cells. see Section 4.3.2)
was also similar to that outlined, for the population response, above, except that the
responses also increased slightly for deviations <Opm; this can be seen most clearly in the
best-fit to the data (solid lines, Figure 4.33), for all conditions, in the actual response (top
plot. Figure 4.33) and for the 330 and 450pum high-probability conditions in the normalised
response (red and cyan lines; bottom plot, Figure 4.33). Thus these cells clearly display
some sensitivity to deviation, irrespective of the direction of change; however, the novelty
response as a function of deviation-from-the-mean is much weaker than the response to
novelty observed as a function of step-size changes in amplitude (please see Figure 4.12,

bottom row).

4.4.1: Adaptation to variance

'he data derived under conditions of adaptation to increased levels of global
variance was analysed in a similar manner to that outlined above (see Figure 4.34 and

Figure 4.35, below).
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Figure 4.33: Detection of local deviations-from-the-mean for novelty-preferring cells
Top plot: Firing rate as a function of loeal-deviation, (X, - X). for all cells (n = 22) in the
population that displayed novelty-preference to step-size changes in stimulus amplitude.
Bottom plot: The functions in the top plot. drawn with local-deviation normalised. with
respect to standard deviation of the global stimulus. Green lines/circles, blue lines/squares,
red lines/triangles and cyan lines/diamonds plot the 90, 210, 330 & 450um high-probability-
region conditions, respectively.
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In terms of variance-from-the-mean (Figure 4.34; red lines/circles, green
lines/squares and black lines/diamonds for the low-, mid- and high-variance conditions,
respectively), firing rate, as a function of local variance, showed a general trend to increase
from values of (X, —X)* > 1.2*10" to a maximum level at (X —X) values of =1.65%10°;
maximum firing decreased with every increase in global-variance. The shape of the best-fit
to the data (solid lines, Figure 4.34, top plot) was generally preserved bul tended to be
scaled downwards with each successive increase in global-variance. Normalising the input
(Figure 4.34, bottom plot). with respect to global-variance. did not result in a perfect
scaling up of the response-functions; instead the values of (X, — X)” that elicited maximum
firing rate decreased inversely with global-variance.

Under this adaptation regime, the central whisker-deflection amplitude of the high-
probability region was fixed, thus the overall symmetry of the stimulus distribution did not
change as global-variance increased (in that the reduction in span of the low-probability
tails was matched either side of the high-probability region). As one can recall from
Chapter 3. increasing global variance resulted in a decrease in the gain of slope of the
stimulus-response function and therefore a decrease in the firing rate-response. these two
factors (levels of symmetry and reduced firing rates) could account for the preservation and
downward scaling of the response, as a function of local-variance.

Increasing the width of the high-probability region had the affect of increasing
global-mean slightly. (272 [global variance: 14,640pm’]. 279 [19.600pm*] and 290pum
(269,001 pm?] for the low-, mid- and high-variance conditions, respectively), thus the

distribution of values of (X", — X)) decreased in range with each successive increase in
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global variance (from 73984 to 200704pm*, 77841 to I94481pm: and 84100 to 184900pm”
for the low-, mid- and high-variance conditions, respectively); this reduction in range can
be observed in the normalised response (Figure 4.34, bottom plot), where local-variance

levels that elicited maximum firing rates were reduced.
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Figure 4.34: local variance under condition of adaptation to global variance
Top plot: Firing rate as a function of local-variance, (X, — X')" ; plotted on a log-axis for
ease of viewing. Bottom plot: The functions in the top plot, drawn with local-variance
normalised, with respect to global stimulus-variance. Red lines/circles, green lines/squares,
black lines/diamonds plot the low-, mid-& high-variance conditions, respectively.
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The relationship between firing rate and local-variance displayed considerable
variability within each adapting condition. It was therefore decided to examine deviation-

from-the-mean (Figure 4.35, below).

Firing rate (Hz)

— ' - | L L | N I
Hoo -200 -100 0 100 200 300 400 500
Deviation from mean (um, abs units)

Firing Rate (Hz)
a8 &

-t
=

0t Il L Il | I L
-3 -2 -1 0 1 2 3 4 ]

Deviation from mean (pm, normafised units)

Figure 4.35: Response to deviation-from-mean under conditions of adaptation to
global variance

Top plot: Firing rate as a function of local-deviation, (X, — X). Bottom plot: The

functions in the top plot, drawn with local-deviation normalised, with respect to the
standard deviation of the global stimulus. Red lines/circles, green lines/squares, black
lines/diamonds plot the low-, mid-& high-variance conditions, respectively.
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The relationship between output and local deviation (Figure 4.35) was much more
clearly defined than that observed for local variance (see Figure 4.34, above). There was a
clear preference across the population for positive deviations away from global mean. The
response functions tended to decrease in slope-gain and maximum firing rate levels in an
inverse manner to stimulus variance. Normalising the firing-rate functions resulted in a
considerable degree of overlap for the mid- to high-variance conditions (green and black
lines/symbols, respectively; Figure 4.35, bottom plot), except for at the positive-deviation
tail of the functions. Under the low-variance condition (red line/circles: Figure 4.35. bottom
plot), there was a clear divergence in the firing rate as a function of deviation-from-the-
mean from the two-higher variance conditions. The decrease in the slope of the function
from the low- to mid-variance was greater than the decrease between the mid- to high-
variance conditions; this could be a reflection of the sharp increase in the width of the high-
probability region from a span of three amplitudes to seven, in the change in stimulus

configuration from the low- to mid-variance conditions.

4.5: Discussion
There are several key findings from the above analysis:
I. Across the population, the step-size function was roughly invariant, with respect to
the global mean of the adapting stimulus
2. However, for those cells adapted only to different levels of global stimulus variance,
the step-size function was not invariant.
3. Amongst both populations (neurons adapted to either mean amplitude or adapted to

variance only), some cells showed a preference for step-sizes away from Opm, irrespective

of the direction of amplitude change and were classed as novelty-preferring cells.
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4. The majority of novelty-preferring cells had a response bias for positive step-
changes: however a small proportion of these neurons displayed symmetrical functions.

5. Novelty-preferring cells that displayed symmetry had longer time-to-peak and
response-decay latencies than the remainder of the population.

6. Novelty-preferring cells (with symmetry) that were only adapted to stimulus
variance had step-size functions that showed some dependence on the width of high-
probability region in the stimulus space.

7. As well as being sensitive to local stimulus history. all neurons displayed sensitivity
to local deviations from global mean. with a preference for positive deviations.

8. Under conditions ol adaptation to global mean, responses, as a function of
deviation-from-global-mean. showed scaling, when plotted against normalised input levels.

9. Under conditions of adaptation to global variance. normalised deviation-from-the —
mean functions were not invariant, suggesting that the decrease in gain, observed as
adapting stimulus-variance increased, were not scaled as a function of local deviation.

The presence of these novelty-preferring cells leads one instantly to the question of
whether these are a distinet cell type. in terms of their responsiveness at least (neither
morphology nor electrophysiology can addressed here). The clearest difference between the
two groups, of novelty-preferring neurons and cells which respond only to positive step-
sizes, can be found in the response-decay latency. The influence of response decay is most
apparent during negative amplitude transitions, where the preceding stimulus is always
greater than the stimulating amplitude. The steady-state response (as measured by counting
all spikes within 20-60ms of stimulus onset). if one is present, is thus overshadowed by the

decomposition of the preceding amplitude response. From this one could argue that the
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sensitivity to negative, as well as positive, step-sizes is simply the result of an artificial
inflation of the response. However, this could well be the mechanism by which the cell
“detects' novelty. The speed and shape of the decay response is heavily influenced, not just
by the immediate stimulus context. but by the stimuli presented 80ms prior to the current
epoch (see Figure 4.29 & Figure 4.30). Of course. from the spike-triggered average data
(Figure 4.8) it could be argued that interactions up to 320ms preceding the current stimulus
epoch can influence firing rate. Thus a cell's responsiveness to stimulus context obviously
extends well beyond the immediate changes in amplitude levels.

Unfortunately. from the present data. it is not possible to state, unequivocally,
whether these neurons represent a distinet population of cells that encode step-size
differences through adjustments in time-to-decay latency, or whether novelty-preference is
an artefact of the longer response-decay latencies displayed by this group of cells.

The unifying factor between all the groups of cells identified, however, is the
invariance of the response to step-size, as a function of the global mean.

The invariance of the step-size function, following adaptation to the mean, suggests
that the lateral displacement of the stimulus-response function acts to preserve the
relationship between firing-rate and step-size and not necessarily to encode the stimulus
distribution as a whole (as predicted by Information theory and the efficient-coding
hypothesis). Thus one can argue that adaptation serves to encode relative changes in
intensity. with a temporal resolution on the order of tens ot milliseconds.

For the general population, and across mean-adaptation levels, the highest firing-
rates were found only for those positive step-sizes in which the stimulating amplitude was

drawn from the high-amplitude. low-probability tail of the stimulus distribution (see Figure
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4.14, bottom row). Thus the relationship between step-size and firing-rate was maintained
by the lateral displacement of the stimulus-response function; as the lowest firing rates
were always found for amplitudes within and below the high-probability region,

In the absence of any adaptive shift in stimulus-response function, one would
observe, with each successive increase in the high-probability region level, a firing-rate
increase for step-sizes of Opm to £120pum, as if one recalls. step-sizes ranging from Opm to
+120pm are most likely to be derived from interactions between amplitudes within the
high-probability region (Figure 4.14, top row).

The amount of stimulus-response function displacement must also play a role in
maintaining the step-size function. If one looks closely at the population stimulus-response
function (SRF, Figure 4.1, above), one can see that the stimulus amplitude that elicits the
maximum population response (=600pm) is fairly constant across all adapting conditions.
Thus the stimulus-response function is displaced such that the dynamic region of the
response always covers the stimulus-space that spans from the high-probability region until
=600pum: stimulus amplitudes of =600um represent the extent of the firing-rate increase
seen in the population step-size function.

If one recalls from Chapter 3. the maximum response of the stimulus-response
function was reduced for each successive increase in the global mean adapting level (see
Chapter 3). The average slep-size difference under each adapting condition also decreased
as the mean adapting amplitude increased. The number of possible stimuli located within
the high-end tail of the low-probability stimulus space decreases as the centre of the high-
probability region shifts to higher amplitudes. For example. the average step-size difference

for transitions between the high-amplitude. low-probability stimuli and amplitudes within
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the high-probability region decreased with the adapting mean level (see Figure 4.24, Figure
4.27 & Figure 4.28 and Table 4.5). Thus the reduction in maximum response in the
stimulus-response function can also be accounted for by the relationship between firing-rate

and step-size.

Table 4.5: Average step-size (in pm) under each mean adapting level, for transitions
between amplitudes drawn from high-end of the low probability tail (LPR-high) and
the high-probability region (HPR)

| 90pm 210pm 330pm 450pm

LPR (high) | 36546+20.14 30207+ 17.27 23970+ 15.64 179.18+ 13.53
to HPR

Whilst there is a strong case for stating that the displacement of the stimulus-
response function acts to maintain the relationship between output and step-size, the same
argument does not apply to the decrease in neural gain. observed following adaptation to
increased levels of stimulus variance. The step-size function was not scaled with respect to
the levels of stimulus variance: thus giving lurther credence to the notion that adaptation to
global variance and global mean are underpinned by separate mechanisms.

Of course, the population step-size function did show some dependence on global
variance levels, the slope of the function tended to decrease, under conditions of increased
variance, arguably as a reflection of the increased range of interactions between stimuli
within the high-probability region. As such. neurons may not be encoding novelty (in the
strictest sense) through their step-size functions, but rather the range of diversity in highly
probable stimulus amplitude interactions.

Overall, the clear result from this analysis is that local stimulus context plays a
major role in determining the output of a cell. This level of interaction has been found
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across cortical systems and species, for example in the fly visual system (Fairhall et al.
2001). and more recently in the barrel cortex (Maravall et al. 2007). Whiskers were
deflected along a single dimension, with the position randomly assigned using a Gaussian
distribution and refreshed every Sms: the variance of the distribution was varied every 5s in
a switching stimulus paradigm. Thus barrel cortex cells were adapted to two levels of
variance only (high and low), with the majority of cells displaying levels of adaptation to
whisker-deflection velocity. in proportion to stimulus variance.

As stated earlier (see Section: 4.3.1) it could be argued that plotting the response as
a function of the difference in amplitude, from one time-step to the next, is a form of
velocity measure, in that one is describing the relationship between neural output and the
direction and distance of change in intensity levels. Thus. if one takes the argument that the
step-size function is comparable to a velocity-response function, there is clearly a
contradiction between the cellular response to stimulus velocity (Maravall et al. 2007) and
the adaptive response to stimulus intensity, as the adaptive response to increased levels of
stimulus variance did not scale.

Iowever, an adaptive rescaling. such that responses were roughly invariant, was
only observed following adaptation to different levels of the stimulus mean. As mentioned.
within the study exploring adaptation to whisker deflection velocity (Maravall et al. 2007)
the stimulus mean and variance were co-dependent, thus the suggestion here is that the
rescaling observed in response to increased variance, in the velocity feature of the stimulus,
may have been influenced by levels of stimulus mean rather than only global variance.

Overall, it would appear that adaptation acts to rescale responses so as to maintain

information transmission, about the local changes in stimulus amplitude, across the
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different global mean levels, encountered during adaptation process. For the majority of
neurons within the population, most showed distinct response bias for large, positive step-
sizes. As we have seen, the majority of these step-size responses are elicited to strong
amplitudes, generally located outside the high-probability region. Thus these cells can be
said to be responding predominately to large deviations in the input signal. essentially in a
manner similar to that observed in the visual cortex (Ringach & Malone 2007),

The analysis presented within this Chapter demonstrates that barrel cortex neurons
are sensitive to positive deviations away from global mean on the 40ms scale. Ringach and
Malone (2007) suggested that deviation detection sets the operating point of the visual
cortex, such that spiking threshold is, on average, one standard deviation from the mean of
any ongoing activity, irrespective of contrast levels: thereby enhancing the detection of
signals in background noise over maximising information transmission

It would appear that barrel cortex neurons. under conditions of adaptation to global
mean, are also adapting to maintain response sensitivity to positive deviations from the
mean of the input. However, it should be noted that neurons show a base firing-rate level to
all standard deviations (normalised units) which increases monotonically from deviations
greater than Opum: thus the threshold for firing-rates to exceed the base-level is lower than
the spike-threshold observed in VI (Ringach and Malone 2007) and close to global-mean.
This suggests that the operating regime serves to enhance detection of all signals that
exceed the average intensity of the input and that adaptation to global mean is underpinned
by a mechanism ol asymmetric deviation detection, or background suppression, in which
signals of lower intensity than global-mean are suppressed.

The same degree of invariance in the deviation-response functions was not observed

193



http://respnn.se

following adaptation to global variance, even though the general response-trends were
similar under both adaptation regimes (i.e. responses increased monotonically from a base-
line level for deviations greater than the threshold, which was roughly equal to the mean of
the stimulus distribution). This again lends credence to the notion that adaptation to
variance may be underpinned by a different mechanism, such that when the signal becomes
increasingly noisy it may be optimal to encode the stimulus distribution and maximise
information transmission,

[n conclusion, the experimental adapting regime was designed to mimic natural
conditions, more closely, in that stimulus amplitude fluctuated rapidly about a mean level
and rate functions were calculated on the fly. Many adaptation experiments tend to present
static stimuli and assess responsiveness following stimulus offset. If these findings are
applicable to a real-world setting, then this suggests a change in coding strategy as the
stimulus environment becomes "noisier'. It may be that under normal conditions cells are
primed to detect novel/deviant stimuli of stronger intensity than the global mean, however
in a noisy environment it may be more functionally advantageous to have cells primed for

detecting the overall distribution of interactions between stimulus intensity.
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Chapter 5: Mechanisms of adaptation: a modelling study

5.1: Introduction

The previous two chapters have shown that adaptation to the global variance and
mean of an adapting stimulus are distinct processes, which underpin computation not only
of the stimulus distribution but relative. short term changes in stimulus amplitude too.

A useful question to pose at this juncture, then, is what are the mechanisms that
underpin both forms of adaptation? In order to address this issue, computer simulations of
various models of gain control were developed and compared to the experimental data.
Simulations were performed using an implementation of the conductance-based, integrate
and fire cell developed by Alain Destexhe (Destexhe 1996),

It was found that whilst spike-rate adaptation could generate the lateral shift
associated with adaptation to global mean (as suggested by a recent modelling study
(Garcia-Lazaro et al. 2007) and other experimental work in the visual cortex (e.g. Sanchez-
Vives et al. 2000) it did not elicit the expected, invariant, tuning of the model cell to local
changes in stimulus amplitude (see Chapter 4). In order to generate the appropriate step-
size functions, a neural model with spike-rate adaptation was augmented through the
inclusion of a tonic inhibitory conductance (Murphy & Miller 2003). whose strength was
determined by the global mean adapting amplitude.

The mechanism underpinning adaptation to variance is more elusive. Several
models have been developed that rely on extrinsic mechanisms to generate gain
modulation, but only to steady state stimuli: thus none have directly addressed adaptation to

stimulus statistics.
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The key feature of all the models reviewed was that neural gain (i.e. the slope of
the stimulus-response function) was dependent upon the relative balance of inhibition and
excitation impinging upon the target cell, either in terms ol modulatory background firing
rates (Chance et al. 2002) or afferent activity (e.g. Rothman. Cathala. Steube. & Silver
2009, Murphy & Miller 2003 & Chelaru & Dragoi 2008). As such two models were
developed, one based on background firing rates (as proposed by Frances Chance [Chance
et al. 2002]) and the other based primarily on a recent model of asymmetric synaptic
depression (Chelaru & Dragoi 2008) within V1, in which the decrease in neural gain,
following adaptation to variance, arose through a change in the relative levels of atferent

inhibition and excitation.

5.1.1: Spike frequency adaptation

In order to explore the intrinsic mechanisms that underpinned the adaptive
displacement of the stimulus-response function in response to increased stimulus mean, Jan
Schnupp and colleagues (Garcia-l.azaro et al. 2007) built realistic neural models of four
reconstructed cells (taken from the model NEURON database. Mainen & Sejnowski 1996),
using the NEURON programming language (Hines & Carnvale 1997). The cells were
adapted through the simulated injection of a continuous current, whose amplitude was
refreshed every 40ms and drawn from a highly skewed distribution (see Figure 5.1, below).
as per the experimental stimulus outlined in Chapter 3.

Of the four model cells only two (the layer 3 pyramid cell model, Figure 5.1B, and
the layer 4 stellate cell model, Figure 5.1D) displayed an adaptive lateral displacement of

the stimulus-response function, in response to increasing the global mean of the stimulus.

196



file:///s/ion

The adaptive shift, in the sumulus-response function of the layer 3 pyramid cell
model, was abolished (see Figure 5.2A and B. below) when the conductance of the
calcium-dependent, potassium based current, gK,, was reduced to below 0.5pS/pum’.
Increasing gK -, above the base level of 3pS/um” (at which the responses plotted in Figure
5.1, were generated, see Figure 5.2C), heightened the degree of rate-function displacement,
especially for the final high-probability-region tested (Figure 5.2C & D, cyan lines). but the
level of displacement was not as pronounced as that observed when gKc¢, was increased
from 0.5-3 pS/pm°,

Thus. there is a strong indication that gK¢, is the source of adaptation to mean
stimulus amplitude. in the model neurons at least, but that the amount of lateral shift in the
stimulus-response function is roughly independent of the strength of the current (as
increasing gK, doesn’t lead to a proportional shift in neural firing threshold). This is in
line with the experimental data as, if one recalls. the population stimulus-response function
(stimulus-response function) for each high-probability region was displaced to lie outside
of the high-probability region but the maximum of the curve was centred at = 600pm,
irrespective of the global mean of the stimulus (see Figure 4.1, Chapter 4).

The gK ¢, generates an after-hyperpolarisation. AHP_ in the membrane potential.
post spike generation. As discussed in Chapter 2, the AHP is believed to underpin spike
frequency adaptation, whereby, under constant, continuous stimulation, the inter-spike
interval, ISI. increases (e.g. Madison & Nicoll 1984).

Spike frequency adaptation is most commonly associated with regular spiking cells
(Connors & Gutnick 1990) and. interestingly, one of the model cells that displayed

adaptation was a reconstructed regular-spiking, layer-4 spiny cell (Figure 5.1D).
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Figure 5.1: Adaptation to global mean in four reconstructed model neurons

A: 5s sample of the adapting stimulus; from left to right the high-probability regions (high-
probability region) spanned 0.019 to 0.096nA (green), 0.115 to 0.191nA (blue), 0.210 to
0.287nA (red), and 0.306 to 0.383nA (cyan). B: Reconstructed NEURON model of a layer
3 pyramidal cell. C: Layer 3 aspiny cell. D: A layer 4 stellate cell. E: Layer 5 pyramidal
cell model. Only B and D displayed adaptation. The insets in B to E illustrate the
morphologies of each reconstructed cell. Taken from Garcia-Lazaro et al. (2007)

However, AHP is not restricted to this class of cell and can influence spike or burst
generation in non-regular spiking type cells; the other model that displayed adaptation was

the burst firing. Layer 3, pyramidal cell (Figure 5.1B).
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Figure 5.2: Spike-rate adaptaliun in a model neuron

Adaptation in the layer 3 py ranudal cell model was dependent on the slrt.np;th of the gK¢ .
A: gKcy = 0pS/pm”. B: 0.5pS/um’. C: '{p\;’}lm" D: 6pS/pm°. E: 12pS/um”®. Taken from
(Garcia-lLazaro et al. 2007)

5.1.2: Adaptation to variance
As discussed, two out of the four model cells tested displayed adaptation to global

mean; however neither of these two model neurons adapted to increases in the variance of

the stimulus (see Figure 5.3). Thus, it can be argued, from the results of the modelling
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study above at least, that the AHP current does not generate adaptation to variance.

(A) (B)
100 200
» »
80 [
£
8w E;
2 o 100
g w £
-] o
E 20 'E 50
i ic
0 0
0 01 02 03 04 05 0 01 02 03 04 05
Stimulus Current (nA) Stimulus Current (nA)

Figure 5.3: Adaptation to variance in two reconstructed neural models that displayed
adaptation to mean

Stimulus-response functions, in response to adaptation with stimuli of increasing variance
A: The layer 3 pyramidal cell. B: The layer 4 stellate cell (see Figure 5.1 B and D,
respectively). Taken from Garcia-Lazaro et al. (2007)

In fact some of the most compelling evidence to date suggests that gain
modulation, i.e. changes in neural output that affect the slope of the stimulus-response
function, is dependent, to a lesser or greater degree, on the interplay between excitation and
inhibition, across the network as a whole, As such, the focus of this chapter will be on
extrinsic mechanisms, namely:

* Levels of background noise (Chance et al. 2002)

+ A combination of the levels of background inhibition and synaptic depression
(Murphy & Miller 2003; Rothman et al. 2009)

* The overall balance of synaptic depression acting on excitatory and inhibitory

inputs (Chelaru & Dragoi 2008)




Gain modulation from background synaptic input

In vivo, neurons are subjected to continuous barrages of either driving (i.e. afferent
excitation) or noisy synaptic input. Stochastic inputs can be both excitatory and inhibitory
and are generally considered as background noise, in that whilst the level of noise aftects
response variability it does not, strictly, drive the cell to respond. However it has been
demonstrated. in vitro, that. within rat somatosensory cortex, the amount of background
noise can influence neural-gain (Chance et al. 2002). The details of the experiment are
reviewed briefly below.

Using a dynamic clamp technique, in a slice preparation, it was found that the gain
of target neurons decreased, relative to a control condition (see Figure 5.4) when firing
rates of both background excitation and inhibition were increased by the same amount; gain
modulation was quantified as a change in the slope of the f-I curve (firing rate verses
driving current). Lxcitatory and inhibitory pre-synaptic spikes were generated using
inhomogencous Poisson processes, with basic firing rates of 7000Hz and 3000Hz (to
represent the summed input of many synapses) for excitation and inhibition, respectively.
For each presynaptic action potential (AP) a unitary conductance was added to running
tally of conductances. Conductances were calculated using a difference-of-exponentials
equation and were introduced to cell in vitro as synaptic currents. using the dynamic clamp
method, along with a constant driving current. Both inhibitory and excitatory background
conductances were balanced. such that their net synaptic current was kept approximately at
zero. By increasing the firing rates of both inhibition and excitation in a balanced manner
(c.g. from the control condition of 7000 & 3000Hz | 1 X condition], to 14000Hz & 6000Hz
[2X] for excitation and inhibition, respectively) there was an increase only in input noise
and not net synaptic current. The increased input noise resulted in a decrease in neural gain
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(see Figure 5.4).
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Figure 5.4: Gain modulation in rat somatosensory cortex, in vitro
Increasing background input (by X amount) resulted in a decrease in the neural gain of the
neuron tested, Diamonds: 0X condition; circles: 1 X; squares: 2X; triangles: 3X. Taken
from Chance et al. (2002)
Inhibition-mediated gain change

The background noise maodel of gain modulation (Chance et al. (2002), see section
above) assumes that neural gain is dependent on stochastic. background firing rates,
however an alternative approach is to assume that gain-control is instead mediated via tonic

inhibition. A modelling study by Murphy & Miller (Murphy & Miller 2003) explored the

relationship between the introduction of constant, background synaptic input and gain
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modulation of a model V1 cell. The study concluded that it was possible to elicit
multiplicative scaling in a model cell (i.e. an increase or decrease in the slope of the neural-
response function such that the rate-function could be scaled up or down to fit the base-
level response. see Figure 5.5). tollowing the introduction of either a tonic excitatory or
inhibitory conductance into the model. However, gain modulation was only observed when
the relationship between the external stimulus parameter and input current was non-linear
(e.g. if the relationship between stimulus and driving current was sigmoidal. as per the
contrast-response observed in the visual cortex) and there was also a non-linear relationship
between membrane potential and firing rate (e.g. a spike-threshold mechanism).

The modelling study simulated the iontophoretic application of pharmacological
agents, which increased either modulatory excitation or inhibition, by introducing a
constant conductance for the relevant receptor. Modulatory input was small compared to
driving current but sufficient to generate a change in gain, when the other non-linearities
were present. The simulated introduction of a constant conductance resulted in
multiplicative scaling of the model cell's contrast-response function (see Figure 5.5A&B);
with the direction of gain change determined by whether the conductance was excitatory
(i.c. modulated by either a-amino-3-hydroxyl-5-methyl-4-isoxazole-propionate (AMPA) or
N-methyl-D-aspartic acid (NMDA) conductance) or inhibitory (gamma-aminobutyric acid-
A or B (GABA 4 or GABAg) conductance). The introduction of GABA-mediated
conductances resulted in a decrease in gain, with the effect most pronounced for the
simulated GABAg conductance.,

A potential source of non-lincarity, within sensory cortices in general, is synaptic

depression. As discussed in Chapter 2, the evidence that thalamocortical synaptic




depression underpins some of the more high-level features of contrast-gain control in the
visual cortex, such as cross-orientation suppression and contrast-invariance of the
orientation tuning curve, is mixed (e.g. Carandini, Heeger & Senn 2002: Freeman, Durand,
Kiper & Carandini 2002: Boudreau & Ferster 2005, Li. Thompson. Duong. Peterson &

Freeman 2006).
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Figure 5.5: Tonic inhibition/excitation mediated gain modulation in a model cell
A: Plot of contrast versus firing rate for a model neuron under conditions of simulated
iontophoretic application of NMDA (open squares), AMPA (open triangles). GABA 4
(closed squares). or GABAg (closed triangles); control condition was represented by open
circles. Solid lines are fits of the data to a hyperbolic ratio function. B: Curves from A
scaled to optimally (least squares) fit the Base curve. Taken from Murphy & Miller (2003)
However, in terms of simple leatures, such as saturation of the neural response
function, synaptic depression remains a strong candidate mechanism (Adorjan et al., 1999,
Kayser, Preibe & Miller 2001); as when presynaptic firing rates become too fast, to allow

for a full recovery from depression between spiking inputs, post-synaptic responses tend to

saturate (Abbott et al., 1997; Tsodyks & Markram 1997 ),
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Recently, an experimental (in virro, see Figure 5.6, Top row ) and modelling study
(Figure 5.6, Bottom row) has found that. within the cerebellum at least, synaptic depression
enhances and alters inhibition-mediated gain-control (Rothman et al. 2009); gain is
multiplicative (i.e. atfects slope of the stimulus response function only) in the presence of
synaptic depression and additive (affects stimulus-response function threshold) in the

absence of depression.

Symmetry of excitatory and inhibitory synaptic depression

Synaptic depression is not restricted solely to excitatory inputs: in fact shifting the
balance between levels of excitatory and inhibitory synaptic depression can be a powerful
mechanism for controlling overall levels of excitability within the cortical network (see the
following text). In general, cortical circuits have recurrent, as well as feedforward and
feedback. connections. Weak feedforward signals can be amplified by recurrent excitation;
however, to prevent runaway activation, recurrent inhibition is believed to act as a form of
brake (Galarreta & Hestrin 1998),

Svnaptic depression has been shown to have both a fast (order of 100s ms) and slow
(seconds) component (Varela et al. 1997). Both the fast (Varela et al. 1999) and slow
components (Galarreta & Hestrin 1998) are sensitive to frequency of stimulation and
asymmetric, in that excitatory synapses depress more strongly than inhibitory synapses. It
has been generally assumed that asymmetric synaptic depression acts to shift the dynamics
of the network towards inhibition (Galarreta & Hestrin 1998, Varela et al. 1999), however
it has recently been argued (Chelaru & Dragoi 2008) that if pre-synaptic inhibition is the
major contributor to the cortical circuit, suppression of the excitatory drive acting on

inhibition (resulting from strong depression of excitatory synapses) could shift the bias of
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the system towards excitation, thus responses would be facilitated as a consequence of
asymmetric synaptic depression: under the same conditions, balanced synaptic depression

would result in a decrease in neural-gain (see Figure 5.7).
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Figure 5.6: Tonic inhibition-mediated gain modulation in the cerebellum

Top left: Sample excitatory conductance with (blue) and without (red) synaptic depression
(STD) used to stimulate a cerebellar granule cell, during a dynamic clamp experiment;
black lines plot the tonic inhibitory conductance (G). Top right: Average response of a
granular cell, during the dynamic clamp experiment, to stimulation with and without STD
(blue and red symbols, respectively) and tonic inhibition (open symbols/dashed lines and
filled symbols/solid lines, respectively): lines plot the best-fit to the data. Bottom left:
Input/output relationship of a model cell without STD; solid symbols/lines gives the control
response, empty symbols/dashed lines plot the response as a function of inhibitory input
rate (moving from left to right). Bottom right: Input/output relationship of a model cell
with STD; solid symbols/lines gives the control response, empty symbols/dashed lines plot
the response as a function of inhibitory input rate (moving from top to bottom). Taken from
Rothman et al. (2009).
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Gain control through adjustments in the balance between synaptic inhibition and
excitation has also been found under conditions of spike-timing dependent plasticity
(STDP). a well explored cortical and hippocampal phenomenon in which synapses are
strengthened (long-term potentiation) when a pre-synaptic spike precedes a post-synaptic
action potential and weakened (long-term depression) by the reverse sequence of spiking
events (e.g. Bliss & Lomo 1973; Markram, Liibke, Frotscher & Sakmann 1997; Zhang,
Tao, Holt, Harris & Poo 1998, Bi & Poo 1998, Feldman 2000). Long-term potentiation and
depression has been observed in both excitatory and inhibitory synapses via a di-synaptic
mechanism; in which inhibition can either be potentiated or depressed through the
strengthening ar weakening of excitatory inputs at the first synapse in the circuit (Lamsa,

Heeroma & Kullman 2005).
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Figure 5.7: Asymmetric and symmetric synaptic depression.

The response of an arbitrary, model, cell (see Section 3.3, below) to feedforward excitatory
input (F ) under conditions of no depression (black line), balanced depression (grey,
dashed line) and asymmetrical depression (grey, solid line). Taken from Chelaru & Dragoi,
(2008).
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A recent experimental and modelling study (Carvalho & Buonomano 2009) looking
at STDP in the hippocampus found that the full range of adaptive gain changes (i.e. lateral
shifts and/or an increase/decrease in the slope of the neural rate function) were elicited (and
simulated in a computational model) by modulating the levels of long-term plasticity in
both excitatory and inhibitory inputs (see Figure 5.8).

Lateral displacement of the input/output function arose due to either excitatory
long-term potentiation (dark-green line: Figure 5.8, Top) or long-term depression (light-
green line; Figure 5.8, Top) alone (see also dashed, black lines in Figure 5.8, Bottom).

Inhibitory long-term depression induced a reduction in stimulus threshold, whilst
increasing gain (red line; Figure 5.8, Top): whilst inhibitory long-term potentiation induced
the opposite effect (magenta line; Figure 5.8, Top).

The balanced potentiation of both excitation and inhibition resulted in a decrease in
neural gain only. i.e. threshold remained constant; balanced long-term depression induced
the opposite effect (see dashed, grey lines in Figure 5.8, Bottom).

Whilst there is no suggestion that STDP is the mechanism underpinning adaptation
to stimulus statistics, the effects of STDP on neural output has parallels with the other
mechanisms highlighted in this chapter. Long-term depression of excitation causes a
rightward displacement in the neural function. much as spike-rate adaptation does; both
long-term depression and spike-rate adaptation work by increasing the stimulus strength
required to elicit a given response (e.g. the half maximal response). A change in neural gain
was achieved through adjusting the non-linear relationship between excitation and
inhibition, as a function of stimulus intensity. This is of course, similar to the inhibition-

mediated gain control model (Murphy & Miller 2003) highlighted earlier, but is much
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closer, in its mode of action, to the mode! of asymmetric depression (Chelaru & Dragoi
2008) outlined above. For all models, however, decreased neural gain arises due to

increases in both excitation and inhibition.
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Figure 5.8: Long term depression (LTD) and potentiation (LTP) of excitation and
inhibition

The response of an arbitrary, model. cell to LTP and LTD of excitatory and inhibitory
inputs, Top: Response as a function of spiking probability verses slope of the post-synaptic
potential; blue line plots the control response. LTP of excitation (dark-green line) would
result in a leftward shift in stimulus-response function of the model cell whilst LTD of
excitation (light-green) would elicit a rightward shift. LTP of (red line) and LTD (magenta
line) would results in a decrease and increase in gain, respectively with lateral displacement
in the opposite direction of excitation. Bottom: Balanced LTP/LTD of both excitation and
inhibition (grey dashed lines) result in a decrease and increase in gain (i.e. the slope of
firing probability plotted as a function of stimulus intensity), respectively, whilst threshold
is unchanged: black, dashed lines plot LTP/LTD of excitation only; the diagram to the left
is a hypothetical di-synaptic unit. Taken from Carvalho & Buonomano (2009)
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5.1.3: Relating models of gain modulation to adaptation to variance

In general, the models described above are focused on the steady-state response to
isolated stimuli. rather than the adaptive response to time-varying stimuli. The question
addressed below is how can these models be related to the adaptation data, which has been

the focus of this thesis?

Modulating levels of background noise

[f one refers back to the results highlighted in Figure 5.4, it is clear that the model
ol gain modulation via increased background noise only accounts for the in virro condition
and represents the steady-state response to pulses of current injection, How then can this
model of gain modulation be reconciled with the decrease in gain, observed in vivo, during
adaptation to stimulus variance (Garcia-Lazaro et al. (2007) and Chapter 3, this thesis)? For
the model to represent accurately the adaptive mechanisms present in vivo, two important
assumptions must be made: firstly, that background firing rates are dependent, to some
degree. on the stimulus itself and. secondly. that background input rates only increase in
line with the variance of the stimulus.

The caveat that background rates must be dependent on the input is not without
justification; the somatotopology of the barrel cortex is such that neighbouring cells, within
a column, are generally tuned to the same principle whisker (Armstrong-James & Fox
1987 Simons 1978 ), especially within the barrel regions of layer 4 (Woolsey & der Loos
1970). If driving input can be considered as that which is derived directly from thalamic
input (or in the case of layer 2/3 cells. from feedforward allerents from layer 4 or layer 5,
Shepherd. Stepanvants, Bureau. Chklovskii & Svoboda 2005), then noisy. background

inputs arise from the remainder of the synaptic input: connections ol inter-columnar, inter-
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areal and, significantly, local and/or recurrent origin. For example, layer 4 stellate cells
synapse with at least 30% of surrounding neurons, within the barrel region of the cortex
(Feldmeyer, Egger, Lubke & Sakmann 1999), whilst layer 3 pyramid cells have been found
to connect extensively, within the cortical column, both intra- and inter-laminarly
(Feldmeyer, Lubke & Sakmann 2006). Whilst recent evidence suggests that there is a large
degree of heterogeneity, within columns, in the strength of principle whisker selectivity
(Sato, Gray, Mainen & Svoboda 2007) it nevertheless remains true that stimulation of a
neuron's principle whisker will elicit responses in both the neuron and its neighbouring
cells. Thus it can be argued that the levels of background input can be influenced by the
stimulus.

The second assumption, that background firing rates increase only with stimulus
variance and not, as one might intuitively expect, with stimulus mean, is also valid when
one considers how adaptation affects the output of a cell. Consider that adaptation to global
mean tends to shift the linear portion of the stimulus-response function to regions in the
stimulus space that are generally ol larger amplitude than that covered by the high-
probability region. Therefore, responses to the stimuli within the high-probability region
are generally suppressed and. importantly. similar across all mean adapting levels. Thus, as
the high-probability region stimuli are presented most frequently, it can be argued that
overall background firing rates wouldn't increase in proportion to any increase in the mean
of the adapting stimulus, especially if adaptation occurred rapidly.

[n the case of adaptation to variance, as the width of the high-probability region
increases there is a downward scaling of the stimulus-response function, thus intuitively

one might expect to see a decrease in background firing rates. However. as there is no or
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little lateral displacement of the neural rate function (as the adapting stimulus variance
increases). there is less suppression of the response to the strongest stimuli within the high-
probability region. relative 1o Jower variance conditions. Thus one can argue that, overall,

background firing rates would increase with stimulus variance,

Tonic inhibition

In terms of inhibition-mediated gain modulation the observed decrease in neural-
gain, following adaptation to increased levels of variance, could be generated by a process
of increasing tonic inhibition in proportion to the amount of noise within the adapting
stimulus. The excitatory drive acting on the target cell would also have to be transformed
from a linear to non-lincar signal, either sub-cortically or during thalamocortical
transmission.

As stated, one potential source of non-linearity in the cortex is synaptic depression.
lse-dependent synaptic depression has been observed in both thalamocortical and cortico-
cortical connections within the barrel cortex (e.g. Petersen 2002) and modulatory tonic
inhibition is present in all layers of the somatosensory cortex (but strongest in Layer V
[Yamada, Furukawa, Ueno, Yamamoto & Fukuda 2007; Kyriazi. Carvell. Brumberg &
Simons 1998]) where it is mediated mainly via GABA y-type receptors (Salin & Prince
1996: Kyriazi, Carvell, Brumberg & Simons 1996). Thus the conditions necessary to
generate gain modulation, within the constraints of either approach, are present in the barrel

cortex.

Balance of synaptic depression

Adaptation to variance could be achieved through a process of adjusting the overall




influence of inhibition on the cortical network. This could be achieved by manipulating the
relative levels of inhibitory and excitatory depression in a manner that is dependent on
stimulus noise; i.e. excitatory and inhibitory depression would become progressively more
balanced as stimulus variance increased.

The nature of the adapting stimulus itself means that some relative relief from
depression should oceur as stimulus variance increases. As the width of the high-
probability region widens, the number of possible inputs both above and below the central
stimulus increases thereby increasing the probability of presentation of stimuli that do not
elicit an afferent response and allowing for the synaptic resource to be replenished. Thus, if
one assumes that excitatory depression levels are more sensitive to stimulus noise, one
could argue that as variance increases. net excitatory depression is weakened, driving it
closer to inhibitory levels of depression.

What evidence is there that the balance between excitatory and inhibitory synaptic
depression is adjusted, within the barrel cortex, in a stimulus-dependent manner?

It is well established that the strength and time course of depression Is sensitive (o
stimulus frequency (e.g. Varela et al. 1997, Varela et al. 1999, Galarreta & Hestrin, 1998),
however, it is less clear how stimulus frequency affects the balance between afferent
excitation and inhibition. Within layer IV of the rat barrel cortex, periodic whisker
deflection, has been shown to adapt incoming excitation and inhibition to an equal degree
(Higley & Contreras 2006). However, for longer periods of stimulation, inhibition tends to
adapt much more strongly than excitation, resulting in disinhibition within the circuit
(Heiss et al. 2008). Whilst none of the two studies (Higley & Contreras, 2006; Heiss et al.

2008) addressed the mechanisms of adaptation directly. one could argue that differences in




the strength of inhibition reflect a change in the balance of synaptic depression, i.e. for long
pertods of stimulation excitatory depression becomes stronger, thus reducing the overall
levels ol inhibition: of course, sustained stimulation resembles most strongly the low-

variance stimulus regime.

Key features of the models

From the review above it would seem that the crucial factor underpinning gain
control is the balance between inhibition and excitation. However, the tonic inhibition
model also relies heavily on a transformation of the relationship between stimulus and
driving input to elicit a change in either neural threshold or gain. If synaptic plasticity is the
source of non-linearity, then it would have to be 'switched on and of " depending on the
adapting regime.

Of course, there is evidence to suggest that thalamocortical depression, both in the
barrel (Castro-Alamancos 2004a: Castro-Alamancos 2004b) and visual cortex (Boudreau
& Ferster 2005), is highly saturated due levels of tonic activity in the thalamus. Therefore,
it is possible that under conditions of adaptation to global mean and low-variance,
thalamocortical transmission of afferent excitatory input would be highly suppressed (due
to the sustained presentation of a small number of stimulus intensities). In these
circumstances increased tonic inhibition could lead to lateral displacement of the neural-
rate function. For higher-variance adapting conditions, there would be a corresponding
release from saturation in levels of thalamocortical depression. However, viewed in
isolation, release from depression in afferent excitation could be expected to increase gain,

as firing rates would be increased. Conversely, when viewed within the constraints of the




asymmetric madel of depression. outlined above (Chelaru & Dragoi 2008), release from
synaptic depression is actually a necessary condition for generating gain modulation,

In conclusion. the mechanism of adjusting the relative balance between the
influence of excitation and inhibition (Chelaru & Dragoi 2008) ofters the most flexibility of
all the models outlined here. However, as there is a clear mechanism by which changes in
the balance of synaptic depression can be achieved, it is argued that this represents a
biologically valid model.

As such a model of asymmetric depression was developed, based largely on the
model developed by Chelaru and colleagues (Chelaru & Dragoi 2008). and tested under
conditions of adaptation to variance and mean. This was compared to a model of gamn
modulation through increasing the firing rates of background noise as suggested by Frances

Chance and colleagues (Chance et al. 2002).

5.2: Model cell: pulse based model

It was decided to develop a simple neural model, i.e. a single-compartment
Hodgkin-Huxley type model, to assess the validity of the putative mechanisms of gain
modulation outlined in the introduction above.

As the primary interest was in exploring extrinsic cellular mechanisms it was felt
that a single-compartmental model would be more uselul than re-implementing the
NEURON model outlined in Section: 3.1, above (Garcia-Lazaro et al. 2007).

NEURON models have the advantage of being biologically realistic: however their
complexity can be a disadvantage when one is interested in general mechanisms only as

one must untangle the affects of dendritic structure on the passive properties of the cell,




['he equations governing the Hodgkin-Huxley (HH) equations (Hodgkin & Huxley
1990), for a single-compartmental neural model are given below:

Cml =-g,  (V=-E)—-gumhV-E,)-gn'(V-E)
m= -, (I"')1=m)=F_()m
h=—a, (1)1 =h)-B,0)h
a=—a, (')l =n)=pF (})n

A
Where ('m is the membrane capacitance, V is the membrane potential, g4 gv. and gy are

wh

the leak, sodium and potassium conductances, respectively, K, Ey, & Ej are the
corresponding reversal potentials and m, s and n are the gating-particle variables, governed
by the rate constants a and /#

One issue with the HH model is that it is computationally expensive: the gating-
particle variables must be differentiated at each time step. Integrate and fire neurons (I & F)
offer the simplest model of a spiking cell, however they generally ignore the complexity of
possible currents/conductance's acting on the cell's membrane potential. As a compromise
between both models, Alain Destexhe developed a conductance-based integrate and fire
neuron (Destexhe 1997) that assumed that gating dynamics. during firing. can be
approximated as ‘pulses” and as such don't need to be difterentiated at every step. The
values ol the voltage-dependent parameters (« and f, see equation 5.1) were fixed at their
value when the membrane potential was 20mV or-70mV, depending on the firing/non
firing state of cell (based on the Traub-Miles model [Traub & Miles 1991]). A comparison
between the HH model and the pulse-based (PB) model is shown in Figure 5.9. Both the
PB and HH models respond in almost identical manner to a current injection of 20nA;
however the PB model is the most efficient in terms of computation power, as there are

fewer caleulations per time step.
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5.2.1: Single-compartment, pulse-based, Integrate & Fire, neural model
with ionic conductances

The pulse-based model (PB model) uses the Hodgkin-Huxley (HH) equations as
its basis. The gating-particle variables, m. h and n depend on the evolution, over time, of
the voltage-dependent rate constants: e, ff, @ P @ [, These exhibit sharp transitions
during spiking and as such can be approximated by determining their value at two extremes
of membrane voltage (20 and =70 mV).

The rate constants are thus assigned as constants, whose values depends on whether

the cell is firing or not (see Table 5.1, below).

Table 5.1: Values of the voltage dependent rate constants under firing/not firing
conditions
Using the Traub-Miles formulation (Traub & Miles 1991)

_ Rate constant (mV) Firing Not firing
ty(20) 22ms ! 0
Pof-70) 0 13ms ™"
un(-70) 0 0.5ms ™'
P20 4ms ™! 0
tyl(20)) 22ms” 0
Put=70) 0 0.76ms '

Within the PB model, action potentials are of a fixed duration (0.6ms), thus. once

the membrane potential crosses a given threshold, a spike or pulse is generated.
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Figure 5.9: Comparison of the HH model with the pulse-based (PB) model
For parameters. please sce the text. Taken from Destexhe (1997).
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During firing, m, n, and h are given by:

m(r)=1+(m, —)exp|l-a,(t—1,)|
h[” = hn CX['II ")Brr“ —ly )I
n(t)y=1+(n, —Dexpl-w, (1—1,)

5.2
Where #y is the time at which the pulse started.
When the cell is not firing, m, n, and h are given by:
mity = m,exp|=/2,(—1,)]
hy=1+(h, = exp|-a,(r—1,)
n(ty=ngexpl=p£ (4 —1,)]
53
Where 1y is the time at which the last pulse ended.
The membrane potential at each time step is calculated as:
Vie+)y=Vy+dul, —g,  (V=E ) —-g. mhV-E, )-gn'(V-E)cn)
54

The PB cell model, was implemented in Matl.ab (release 2009a), using the same
parameters as in Destexhe (1997). see Table 5.2. A comparison between the implemented
PB model and a HH model is plotted in Figure 5.10. For the HIH model. the rate constants
were derived (at each time step) using the Traub-Miles formulas (Traub & Miles 1991), as

derived by Ermentrout (Ermentrout, Pascal & Gutkin 2001), see Equation 5.5:

am(37) = 0.32(V + 51 = exp(—(V + 54)/4))
(V)= 028V + 27) exp((V +27)/5)—1)
ah(V)=0.128exp(—(V +27)/18)

PhiV )= 4112 + exp(—=(}V + 27)/5))

can(V) = 0.032(F + 52)/(1—exp(—(V 4 52)/5))
(V)= 0.5*exp(—(V +57)/40)

th
h
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Figure 5.10: Comparison of the pulse-based and Hodgkin Huxley model

implementations
Both cell models were stimulated with a depolarising 2nA current. The parameters for the

models are in Table 5.2

Both implementations of the HH model and the PB model compare well
with each other (and compare favourably with the implementation of Destexhe (1997), see
Figure 5.9 & Figure 5.10, for comparison), thus it was decided to use this implementation

of the PB model to test the various models of adaptation.



Table 5.2: List of pulse-based model cell parameter values (taken from Destexhe 1997)

Parameter Value
Absolute Threshold -54.3mV
Epu -70mV
Ey, S50mV
Ey -77TmV
Cm 1 uF/fem”
Elouk 0.3mS/em’
BN 120mS/cm’
oK 36mS/em”
At 0.01ms
Spike duration 0.60ms
Refractary period 2.00ms

5.2.2: Adapting firing threshold

As stated within the introduction. the Iy, ¢, current, is believed to underpin, in part
at least, spike frequency adaptation and has been shown to be responsible for adaptive
shifts in the stimufus-response function in two reconstructed model ceils (see Section
5.1.1). However a simpler method of generating spike frequency adaptation is to introduce
a dynamic firing threshold (Liu & Wang 2001). Each time a spike is fired the adaptive
threshold, ¢, is increased by a constant weight b and then decays back to the absolute
threshold, Oy, with time constant, 7 .

Under this regime both membrane potential and threshold are artificially inflated

above typical physiological levels (e.g. between -50-40mV). Under a regime of Iy ¢y,
current-based spike-rate adaptation. membrane threshold is constant: the Iy, current

increases hyperpolarisation, thereby affecting the temporal dynamics of the membrane

potential are affected (as it takes relatively longer to reach threshold from resting potential
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levels).

For dynamic changes in membrane threshold to occur in vivo, the sensitivity of the
voltage-gated sodium and potassium membrane channels would have to adjust every time a
spike was fired. The Iy, current represents the most biologically valid mechanism of
spike-rate adaptation. However, the introduction of a hyperpolarising Ig .y current into the
model cell would impact on maintaining the balance between background inhibition and
excitation. Thus it was decided to incorporate the less realistic, but computationally more
efficient, dynamic firing threshold mechanism into the modecl cell.

The threshold at each time step, @ (). is governed by Equations 5.6-5.8.

do _ 6(1)-6,
dr T

1chapt
5.6
[T a spike is lired at time-step = 1, then the threshold. ¢, at time-step = 1 + lis given

,]u’a") +b

O+ 1) =61 - (di/t )+ e,/r hape

Otherwise:

O+ 1) = O = (il T 4, 0) + (O, T 4, )l

The threshold and output of the model cell, over time, for various levels of the
weight constant, b, are plotted in Figure 5.11.
Including a dynamic threshold. within the PB model, generated spike frequency

adaptation (the inter-spike interval is increased with each successive spike). the strength of
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which was determined by the parameter b.
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Figure 5.11: Spike-rate adaptation in the model cell

Showing effect of the parameter b on firing threshold and membrane potential of a model
cell, in response to a simulated current step injection of 2nA: duration: 180ms. Top: The
dynamic threshold of the cell as a function of b. Bottom: Membrane potential of the model
cell.

5.2.3: Stimulus
The stimulus for the model cells were always one of the following (unless

explicitly stated otherwise in the text):
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o Current steps - cells were injected with simulated current steps ranging from 0 to
0.4nA (in cither 0.1 or 0.05 steps). In general, each current step was presented for 500ms;
the response, for a given current step, was taken to be the sum of the spike count during the
current pulse. divided by the pulse duration.

e Adaptation to global mean - the stimulus distribution ranged from 0 to
0.401TnA (in 0.0191nA steps). The high-probability regions (high-probability region) were
0.0955nA wide (i.e. spanning 5 amplitudes) and were centred on 0.0573nA, 0.1337nA,
0.2101nA & 0.265nA. As per the experimental paradigm, the model cell was stimulated for
30s. under each high-probability region condition, and amplitudes were refreshed every
40ms. An example of the stimulus. under each high-probability region condition is plotted
in Figure 5.12).

e Adaptation to variance - the stimulus paradigm was as for adaptation to the mean
except the distribution ranged from 0 to 0.456nA (in 0.019nA steps) and the high-
probability region were all centred on 0.152nA and ranged in size from 0.1330-0.1710nA
(spanning 3 amplitudes, fow-variance condition), 0.0950-0.2090nA (spanning 7 amplitudes,
mid-variance) & 0.0570-0.2470nA (spanning 11 amplitudes, high-variance). A sample
stimulus. of 500ms duration. is plotted in Figure 5.13.

In some simulations the stimulus was not an injected current but rather an
excitatory conductance; under these circumstances, the driving current was converted into a
firing rate (Hz) and fed into a Poisson spike generator, from which the conductance was
calculated. The conversion from current injection into firing rate was achieved by
multiplying the stimulus (in nA) with a conversion constant, ¢ (in this case ¢ = 40); ¢ was

determined by finding which value resulted in an average synaptic current (as a function of
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the conductance and membrane voltage) that was as close as possible to the original driving

current.
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Figure 5.12: Sample of the stimulus to the model cell: Adaptation to mean
Please see text for details

Synaptic conductances were calculated using a difference-of-exponentials
function, with a rise time of 0.1ms; decay time was 10ms for the inhibitory conductance

and Sms for excitatory.
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Figure 5.13: Sample of the stimulus to the model cell: Adaptation to variance
Please see text for details

Peak conductance was set to 0.4 and 1.6 times the resting conductance for
excitatory and inhibitory conductances, respectively, and the time step, 41, was 0.01ms; the
parameters were taken from Chance et al, (2002). Each pre-synaptic spike generated a
unitary conductance (calculated for a 100ms following spike generation), which was added
to the running total of the synaptic conductance. The excitatory and inhibitory reversal

potentials were OmV and -90mV, respectively.
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5.2.4: Tuning of the model cell

The average tuning of the model cell to injected current steps of 500ms duration is

plotted in Figure 5.14, below. The response increased monotonically, with stimulus current,

5.2.5: Synaptic depression as a non-linearity

As suggested earlier, synaptic depression may generate the necessary conditions
for gain modulation, thus a description of synaptic depression, within the model, is given
below. In order to replicate this in the model cell, the driving current was replaced by an
excitatory conductance that underwent synaptic depression. Pre-synaptic spikes were
generated by an inhomogeneous Poisson process, with the firing rate determined by the
input current (the driving current was multiplied by the constant, ¢ (¢ = 40). to convert to

Hz).
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Figure 5.14: Tuning curve of the model cell to injected current steps of amplitudes
OnA-InA

227




The parameters of the synaptic conductance were as for Section: 5.2.3 above,
however, the conductance for each spike was multiplied by the fraction of synaptic resource
available. Uy, at the time of firing. For each action potential, Uy, was multiplied by a given
depression fraction D and rose exponentially. in between spikes, back to the resting level of
unity with a time constant of 300ms (Tsodyks & Markram 1997). Under a condition of no
synaptic depression. D was equal to unity; otherwise ) was set to be within the range of:

03<D<]

59
I'he closer D was to unity, the weaker the depression acting on the conductance.

An example of the excitatory conductance under the depressed and non-depressed
condition is plotted in Figure 5.15, along with the available synaptic resource at each time
step: the input rate was 30Hz (equivalent to a current injection of 0.75nA).

The average excitatory synaptic conductance (over 100 trials), at each time step, as
a function of stimulus amplitude (0 to InA. in 0.1nA steps) and under both conditions
(depression and no depression) is plotied in Figure 5.16. Without synaptic depression the
average driving conductance was approximately a linear function of the input rate.
However, in the presence of synaptic depression. the mean. excitatory. conductance
diverged from the undepressed conductance almost immediately; the average depressing

conductance also saturated rapidly.

5.2.6: Integrate & Fire units

Synaptic depression is highly dependent on the variation in the stimulus at each
time-step, as this will affect recovery of the synaptic resource. Thus, in order to examine

how the time varying stimulus affected output, simulations were also run, in which the

228




stimulus was used to drive a small network of Integrate & Fire (I & F) units with Poisson
spiking statistics. A circuit was developed with 4 recurrently connected excitatory | & F
neurons that had reciprocal connections to a single inhibitory [ & F unit, that was aiso
recurrently connected to itself; all five units provided afferent input to a target neuron that

was used to measure the response to the stimulus.
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Figure 5.15: Comparison of a depressed and undepressed synaptic conductance,
generated in response to the same spike train

Top: The amount of synaptic resource (solid lines) available at each time step, in the
presence of synaptic depression (red lines, bottom figure), the circles indicate the spike
time and the amount of synaptic resource available for each spike-generated conductance.
Bottom: The actual synaptic conductance, in response to a given spike train, in the
depressed (red, solid line) and undepressed (blue, dashed line) case, see text for details of
parameters and spike-train generation (please see Section: 5.3.1 & 5.2.5)
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Figure 5.16: Comparison of the mean depressed and undepressed synaptic
conductance, as a function of input rate

The average conductance was calculated, for each stimulus presentation and across ten
trials, for each stimulus amplitude (0 - InA, converted into Hz), by taking the average of
the steady-state (>200ms) conductance used to drive the maodel cell under both depressed
(red line) and undepressed (blue line) conditions; the error bars give the standard error,
across the ten trials.

The parameters for the [ & F units were as follows (parameters for peak
conductances were derived from Chelaru & Dragoi [2008]):
e  Membrane resistance (Rm): 10000 Ohms;

* Membrane time constant (7, ): 10ms;



e Leak reversal potential (E , ): -75mV:

e Reset voltage (V. ) -80mV

e Threshold: -54mV

e Refractory period: 2ms;

e Peak conductance of recurrent excitatory conductance:0, InS

e Peak conductance of recurrent inhibitory conductance:0.6nS

e Peak conductance of recurrent excitatory to inhibition conductance:0.44nS

* Peak conductance of recurrent inhibition to excitatory conductance:0.49nS

e Peak conductance of feedforward inhibition/excitation on target cell was

0.375/0.350nS respectively.
All other parameters, for generating synaptic conductances, were as for Section

5.2.3 above.

The membrane potential at cach time step (7). for the time-dependent current (/).

was calculated as:

V,, = £, + Rm(I(r) - tX;;m_,u DFe-1D=V.n—(g, t=DVi=1)-V))
pol
vin="v_ +Fu-1)-=V_)exp(-dir, )
5.10

Where m is the polarity of the | & F unit. i & ¢ represent the inhibitory/excitatory recurrent

and reciprocal conductances, 1 is the number of excitatory units.

5.3: Replicating models of gain modulation in a pulse-based neural

model.

As stated earlier, the aim of Chapter § was to explore which of the various models




of gain modulation, highlighted in the introduction, can best account for the decrease in
neural-gain observed following adaptation to stimulus variance. The first stage of analysis
was to replicate the general results from each model, using the conductance-based neural
cell model described above. The first model replicated was the background noise model, as

proposed by Chance and colleagues (Chance et al. 2002).

5.3.1: Increased background noise decreases neural gain
in order (o replicate the resufts from Chance et al. (20002), simufated current pulses
were injected into the model cell (see Figure 5.17).

. The stimulus was a square-wave current pulse (duration: 500ms) and increased in
increments of 0.05nA with each presentation (from a starting value of OnA and a final value
of 0.4nA). In addition to the driving current, background excitatory and in inhibitory
conductances were injected into the model cell. Pre-synaptic spikes were generated using
an inhomogeneous Poisson process, with the base firing rate (1X condition). for both
inhibition and excitation, set to 50Hz. The conductances were calculated using a difference-
of-exponentials function, with a rise time of 0.1ms: decay time was 10ms for the inhibitory
conductance and Sms for excitatory. For parameters see Section 2.3, above. The
background conductance elicited average sub-threshold membrane fluctuations with a
standard deviation of £5mV. An example of the conductances under the 1-3X conditions is
given in Figure 5.17.

he input/output (I/O) curve was taken to be the average number of spikes fired
once the model cell had reached the steady state (taken to be from 200ms into stimulus
presentation) as a function of the amplitude of the current-step. The /0 curve of the model

cell under the 1-3X conditions are plotted in Figure 5,18, As can be seen, increasing




background firing rates resulted in a decrease in gain, thus the model cell fully replicated

the in vitro data (Chance et al. 2002),
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Figure 5.17: Example of background conductance at S0Hz

A sample of the background conductance levels under the 1-3X conditions (see text for
details) are plotted from top (1X) to bottom (3X) axes; red plots the inhibitory and green
the excitatory conductances

On average the halt-maximal amplitudes, or threshold (Ssy), were 0.3504nA,

0.4092nA & 0.4362nA, whilst slope, at the Sz, was 0.04071 12/nA%, 0.0292Hz/nA’ &
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0.0281Hz/nA” for the 1X, 2X and 3X conditions, respectively.

5.3.2: Inhibition-mediated changes in gain

The scaling of the stimulus-response function through increasing levels of tonic

inhibition (Murphy & Miller 2003) was replicated in the model cell.

Model cell: Increase in background noise
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Figure 5.18: Increased background firing rates elicit decrease in neural gain
Background firing rates (1X (50Hz) —blue lines/symbol. 2X (100Hz) — magenta, 3X
(150Hz) — green) were increased in a balanced manner and neural gain decreased. Solid
lines plot the best-fit to the data (symbols).

The background conductances were as for the model above in the 1X configuration
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(i.e. SOHz, parameters as in Section 5.3.1, above). Tonic inhibitory conductances were
mimicked by introducing a constant conductance of 0.25-0.75n8 (the reversal potential for
tonic inhibition was -80mV). The stimulus was the amplitude of the injected current in nA
(from 0-InA. in steps of 0.05nA). Under the non-linear condition the actual injected current

into the model cell was a sigmoidal function of the stimulus:

. _ Mpt o
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and injected current

0.9 e —
== Non-linear

@ Linear Pl

0.8]

0.7

0.6

Injected current (nA)

( il | I
0] 0.2 0.4 0.6 0.8 |
Stimulus [nA)

Figure 5.19: Relationship between stimulus and injected current, under linear/non-
linear conditions

Solid line/circles gives the actual injected current under the non-linear condition (calculated
by equation 5.11) and dashed line/empty circles plots the linear condition.

Where s, is the injected current, /y/y is the maximum current injection and was set
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to InA, s is the stimulus, # governs the slope of the function and was set to 1.2 and Sy is
the half-maximal constant and was set to 13% of /v (the equations and parameter values
were derived from Murphy & Miller [2003]). The relationship between the stimulus and the
current injected into the model cell, under both linear and non-linear conditions, is plotted

in Figure 5.19.
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Figure 5.20: Response of the model cell to non-linear stimulus, with tonic inhibition
Blue lines/circles plot the response in the presence of tonic inhibition of 0.25nS, magenta
line/squares plot the 0.5nS condition and green line/triangles plots the response for the
0.75nS condition. Solid lines give the best-fit to the data (symbols).

The mean output of the model cell (averaged over 100 trials) under conditions of
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increasing tonic inhibition for both non-linear and linear input are plotted in Figure 5.20 &

Figure 5.21, respectively.
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Figure 5.21: Response of the model cell to a linear stimulus, with tonic inhibition
Blue lines/circles plot the response in the presence of tonic inhibition of 0.25nS, magenta
line/squares plot the 0.5nS condition and green line/triangles plots the response for the
0.75nS condition. Solid lines plot the best-fit to the data (symbols).




Table 5.3: Amplitude and slope of model stimulus-response function, for linear and
non-linear input, with tonic inhibition

Non-linear Linear
Inhibition (nS) 0.25 0.5 0.75 0.0 025 (.5
Sso (nAd) L0130 0.1464 0.1868 0.4636 0.5386 0.6154
(+SE) (0.003)  (0.003)  (0.003) (0.007) (0.007) (0.009)
Slope (Hz/nA) | 0.0391  0.0242 0.0144 0.0149 0.0104 0.0077
(£SE) (0.017)  (0.009) (0.005) (0.004) (0,004) (0.004)

Overall, the gain of the model cell, under both linear and non-linear conditions,
decreased as tonic inhibition was strengthened. However, under the linear condition (Figure
5.21) the model neural rate-function also underwent a lateral displacement, as evinced by
the increase in stimulus amplitude, at the half-maximal point, from 0.46nA-0.62nA,
following an increase in tonic inhibition from 0.25nS to 0.75n8, respectively. This is

similar to the adaptive response observed during adaptation to stimulus mean

5.3.3: Balance of synaptic depression

[n order to explore how asymmetric synaptic depression affects response gain, a
recent modelling study (Chelaru & Dragoi 2008) developed a simple population model in
which two populations of excitatory (E) and inhibitory (/) neurons were recurrently
connected (Figure 5.22, populations within dashed box). Both populations received
feedforward input (¥}, Fy, respectively), with the inhibitory population receiving
feedforward input that was proportional to excitatory inputs (governed by the constant &,

see equations 5.12-5.13).




Figure 5.22: Schematic diagram of a recurrently connected population of excitatory

and inhibitory cells.

Dashed line and connectors with empty symbols represent the recurrent population and
connections, respectively. whilst filled connector svmbols represent afterent. feedforward
connections. Adapted from Chelaru & Dragoi (2008).

The output of each population is the product ol the gain and the feedforward input:
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Where £ and 7 are the responses ol the excitatory and inhibitory populations, respectively,




to the feedforward input F: G is the gain of the population, ¢ and 7/ indicate the polarity of
the population (with the 1" letter indicating the polarity of the post-synaptic population)
and W gives the synaptic weight of the recurrent connections.

In the presence of synaptic depression the responses of the recurrent populations are
given by (where the strength of depression between excitatory and inhibitory connections is

determined by the constants o and f, respectively):

03<a< <l

E=G.F

I=GF

F =kF

. L+ W, — k(W |+ [
br, =~ — = —

) Dia, [3) Dex, [7)

: oW, —k(eW,  —1) ab+ k
G =ag—4+—~——=qg———

: kD(a. f3) kD(ex. /1)
a=Ww, -kl

b=W,_—kW.

D(c, )= afpW, W, —(aW,, — 1), +1)
G,>0,G, >0, e, p)>0

Where:
a + )fl’ .-"\"i_\r'l"lllc[ric l.lL'l'!l'C‘ihi(')ll
«a = [1 = Symmetric depression
« = ff=1= No depression
The feedforward inputs, F. and F,. were also depressed by the same amount. a. Both
recurrent populations provided input to an output cell, £ (equation 5.13 taken from
Chelaru & Dragoi 2008).

In order to implement the population dynamics (described in equations 5.12-5.13)
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in the model cell, the feedforward input. F,, was set equal to the stimulating current and the
driving input acting on the model cell was the weighted difference of the excitatory
population response, £ .(;_, minus the inhibitory response, F (5 :

E=WE-WI
Using the parameters from Chelaru & Dragot (2008):

W, =3: W,=3:75; W =3: Wy =6 Wy =4:8: Wy = 4:4; k = 0:45; F; = kF,

Figure 5.23 plots the relationship between the output of the equations and the
afferent input to the model cell as a function of stimulus amplitude, for different values of
alpha. Within the model, the important factors for determining the net population response
(see equations 5.12, 513 & 5.14) is the overall levels of the population excitation and
inhibition (dotted and dashed lines in Figure 5.23, respectively) and the relative gain of the
responses. For example. in the asymmetric case in which excitation depressed more
strongly than inhibition (green lines/circles. Figure 5.23). excitation is relatively lower than
in the non-depressed case, however inhibition is also relatively weaker and has a lower
gain, thus the overall output is stronger than the undepressed case (and the other two
depressed conditions).

The average output of the model cell (across |0 trails, stochasticity is introduced
via balanced excitatory and inhibitory conductances. as for Section 3.1, above). under
different ratios of excitatory to inhibitory depression. is plotted in Figure 5.24. One can see
that the neural gain of the model cell is strongest under the asymmetric depression
condition (excitatory synapses depress more than inhibitory synapses) and decreases as
depression becomes more balanced; only the balanced condition elicits a response that is

weaker than the no depression case.
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Figure 5.23: Comparison of population responses to different ratios of synaptic

depression

The response as a function of current strength (see equations 5.12-5.14 for the excitatory
population (dotted lines), inhibitory population (dashed lines) and the weighted difference
of both populations (solid lines and symbols) is plotted under conditions of no depression
(black lines, star symbol), balanced depression(red lines, squares) and two cases of
asymmetric depression (excitatory depression > inhibitory: green lines/circles; excitatory

depression < inhibitory: blue lines/triangles)
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Figure 5.24: Output of the model cell under different ratios of synaptic depression
Steady state firing rate response of the model cell as a function of initial stimulus amplitude
(nA) under conditions of no depression (black lines, star symbol), balanced depression(blue
lines, triangles) and two cases of asymmetric depression (excitatory depression >
>inhibitory: green lines/circles; excitatory depression >inhibitory: red lines/squares). The
actual stimuli were current steps. presented for 500ms, whose amplitudes were derived
from the weighted difference of the population excitatory and inhibitory steady-state
responses (see equations 5.12 & 5.13) to the initial stimulus amplitude.

5.4: Modelling adaptation to stimulus statistics

As outlined in the introduction, the aim of the final part of the analysis was to
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relate the models discussed in the sections above to the actual adaptation data. In general.
the previous model descriptions focused on the steady-state response, to a single stimulus,
presented i isolation. Here, the interest was in how the statistics of a dynamic, adapting
stimulus affected the responsiveness of the model neuron and which of the experimental
models best described the spike-count data.

Input to the model cell was a time varying stimulus whose amplitude was refreshed
every 40ms and drawn from a highly skewed distribution either in the form ol direct current
injection or by converting the current into firing rate with which to drive a Poisson spike

generating mechanism

5.4.1: Adaptation to stimulus statistics: Spike-rate adaptation

A reminder of the experimental data is presented in Figure 5.25, which plots the
population firing-rate response as a function of stimulus amplitude (Figure 5.25, top left).
step-size (Figure 5.25. top right) and deviation from the mean (Figure 5.25, bottom).

I'he pulse-based model cell was tested for adaptation to global mean without (fixed
threshold. see Figure 5.26) spike-rate adaptation (SRA) and with (dynamic threshold. see
Figure 5.27). To introduce some stochasticity into the simulation, stimulus presentation
order was refreshed for each high-probability region trial (thus minimising presentation
effects) and a small amount ol noise (standard deviation of £0.01 1nA) was added to the

input current, at each time-step. For each high-probability region trial of the simulation, the

model cell was adapted for 30s: resulting in 750 stimulus presentations per trial.
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Figure 5.25: Population response to global mean; experimental data.
Top Right: Population stimulus-response function; average response plotted as a function
of stimulus amplitude. Top Left: Step-size function; average response plotted as a function
of step-size change in stimulus amplitude. Bottom: Deviation function; average response
plotted as function of deviation of the stimulus from global mean. Green lines/circles:
90um condition, blue lines/squares: 2 10pum condition, red lines/triangles: 330pum condition,
cyan lines/circles: 450pum condition.

In the absence of SRA, the model cell displayed no adaptation to the global mean of
the stimulus (Figure 5.26). The non-monotonic nature of the stimulus-response function,
for stimuli greater than =0.2nA, was due to the limits on firing rate imposed on the model.

Each spike-pulse was 0.6ms in length, and the refractory period was set to 2ms, thus

limiting maximum firing rate to =400Hz.
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Model cell: Adaptation to mean
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Figure 5.26: The model cell's firing rate, step-size and deviation-from-the-mean
functions following adaptation to four global mean levels, with no spike-rate
adaptation

Top: Stimulus-response function. Coloured, horizontal lines at the upper limits of the axis
span the extent of the high-prabability region, for each mean adapting level, whilst vertical,
dashed lines plot the central amplitude of the corresponding high-probability region.
Middle: Step-size function. Bottom: Deviation-from-mean functions (with input
normalised with respect to the standard deviation of the global mean). For all plots, solid
lines represent the best-fit to the data (5th-order polynomial) and symbols represent the
actual data. Green line/circles: high-probability region centred on 0.0573nA; blue
line/squares: 0.1337nA; red line/triangles: 0.2101nA; cyan line/diamonds: 0.265nA.
(Threshold was -48mV to allow for comparison when spike-rate adaptation was present, [as
the average, dynamic, threshold for the lowest mean amplitude condition, with spike-rate
adaptation, was 45mV, see below])
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However in the presence of a dynamic threshold the model cell displayed the
characteristic shift in the rate-function observed experimentally (Figure 5.27). The average
(across 100 trials) half-maximal amplitudes, or threshold (Ssy), increased from 0.13 InA at
the lowest mean amplitude (equivalent to the 90pum condition) to 0.191nA at the highest
mean amplitude condition (equivalent to 450pum) whilst the slope of the stimulus-response
function, at the Ss,. ranged from 0.039Hz/nA” to 0.032 Hz/nA" across the four mean levels
tested (thus slope decreased slightly as global mean increased): the values are given in
Table 5.4.

Incorporating an adaptive threshold into the model generated a shift in stimulus-
response function that was dependent on the overall, mean injected current amplitude, and
was in agreement with the findings of Garcia-Lazaro and colleagues (Garcia-Lazaro et al.
2007). However, the lateral displacement of the stimulus-response function was not
sufficient to generate an invariant step-size or deviation-from-the-mean function (when
normalised by dividing the input by the global standard deviation of the stimulus). as
observed experimentally (see Figure 5.25, Chapter 4 and Dean et al. 2005). If one examines
the model cell's rate-function (see Figure 5.27. top) one can see that the high-probability
region of the stimulus space was covered by the linear region of the corresponding
stimulus-response function. with the exception of the lowest mean amplitude condition (see
Figure 5.27, top: green lines/symbols). Thus the displacement of the stimulus-response. due
to spike-rate adaptation, was not sufficient to account for all features of adaptation to global

mean.,




Model cell: Adaptation to mean
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Figure 5.27: The model cell's firing rate, step-size and deviation functions following
adaptation to four global mean levels, in the presence of spike-rate adaptation
(adaptation constant, b, was set to 1)

Top: The stimulus-response function of the model cell. Coloured, horizontal lines at the
upper limits of the axis span the extent of the high-probability region, for each mean
adapting level, whilst vertical, dashed lines plot the central amplitude of the corresponding
high-probability region. Middle: Step-size function of the model cell. Bottom: Deviation-
from-mean function (normalised). For both plots, solid lines represent the best-fit data (5th-
order polynomial) and symbols represent the actual data. Colours/symbols as for Figure
5.26, above



As discussed in Chapter 4, the rough invariance of the step-size function, observed
in vivo, arises due the displacement of the rate-function onto stimulus intensity levels
outside the high-probability region of the stimulus distribution. However, whilst increasing
the amount of spike rate-adaptation (by increasing the adaptation constant from | to 4) did
increase threshold (relative to the original simulation, above, compare Table 5.4 & Table
5.5) it was not sufficient to render the response to both relative amplitude (see Figure 5.28.

middle) and normalised deviation-from-the-mean invariant (see Figure 5.28, bottom).

Table 5.4: Slope and current amplitude at the half-maximal point following
adaptation to mean

Mean Stimulus (nA) 0.0573  0.1337  0.2101  0.2650
Sso (nA) C0.031 0160 0.180  0.191

(£ SE) (0,0094) (0.0053) (0.0046) (0.0084)

Slope (Hz/nA) 0.0387  0.0332  0.0330  0.0321

(+SE) (0.0093)  (0.0024) (0.0036) (0.0077)

Table 5.5: Slope and current amplitude at the half-maximal point following
adaptation to mean, with SRA (b=4)

Mean Stimulus (nA) 0.0573 0.1337 0.2101 0.2650

a S50 (nA) 0200 0217 0250 0272
(+SE) (0.0041) (0.0018) (0.0013) (0.0041)

Slope (Hz/nA) 0.0215 00219 00203  0.0227

(+SE) (0.0046) (0.0042) (0.0051) (0.0027)
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Model cell: Adaptation to mean
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Figure 5.28: The model cell's firing rate, step-size and deviation functions following
adaptation to four global mean levels, in the presence of spike-rate adaptation
(adaptation constant, b, was set to 4

Left: Stimulus-response function of the model cell. Coloured. horizontal lines at the upper
limits of the axis span the extent of the high-probability region, for each mean adapting
level, whilst vertical, dashed lines plot the central amplitude of the corresponding high-
probability region. Middle: Step-size function of the model cell. Bottom: Deviation-from-
mean function (normalised). For both plots, solid lines represent the best-fit data (5th-order
polynomial) and symbols represent the actual data. Colours/symbols as for Figure 5.26,
above
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Thus it was decided to incorporate tonic inhibition into the model (Murphy & Miller
2003). Tonic inhibition, in this case, would act as form of high-pass filter on the stimulus,
as only those stimuli strong enough to counteract afferent inhibition would elicit a response
in the model cell. thereby effectively increasing threshold. Tonic inhibition was simulated
by introducing a constant conductance into the cell. whose amplitude was determined by
the global mean of the stimulus, at each trial (i.e. on average. across 100 trials, the
inhibitory conductance (nS) was set to: 0.0920 (£0.0008 Standard Error or SE), 0.1515
(£0.0007SE), 0.2085 (£0.0006SE), 0.2652 (+0.0011SE), for the four mean adapting high-
probability region).

The introduction of tonic inhibition into the model cell, in the presence of spike-rate
adaptation, resulted in rate-functions that were displaced rightwards, in a stimulus-mean
dependent manner (see Figure 5.29_ top plot). The stimulus amplitude that elicited the half-
maximal response ranged, on average, from 0.169nA (£0.0015SE) to 0.297nA
(£0.0008SE), from the lowest to highest mean-stimulus adapting condition: slopes at the
half=-maximal point ranged from 0.043 (=0.001 1SE) to 0.046Hz/nA (£0.0057SE). Both the
step-size and normalised-deviation functions displayed similar levels of invariance to that
observed experimentally (see Figure 5.29. middle and bottom plots, respectively). The
model cell was also simulated under a condition of tonic inhibition but no spike-rate
adaptation (see Figure 5.30), Tonic inhibition alone did not elicit the level of stimulus-
response function displacement required to generate the invariant step-size and deviation

functions plotied in Figure 5.29 above.
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Figure 5.29: The model cell's firing rate and step-size functions following adaptation
to four global mean levels, in the presence of spike-rate adaptation and tonic
inhibition.

Left: Stimulus-response function of the model cell. Coloured, horizontal lines at the upper
limits of the axis span the extent of the high-probability region, for each mean adapting
level, whilst vertical, dashed lines plot the central amplitude of the corresponding high-
probability region. Middle: Step-size function of the model cell. Bottom: Deviation-from-
mean function (normafised). For both plots, sofid fines represent the best-fit data (5th-order
polynomial) and symbols represent the actual data. Colours/symbols as for Figure 5.26,
above.
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Model cell: Adaptation to mean
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Figure 5.30: The model cell's firing rate and step-size functions following adaptation
to four global mean levels, in the presence of tonic inhibition, alone.

Left: Stimulus-response function of the model cell. Coloured, horizontal lines at the upper
limits of the axis span the extent of the high-probability region, for each mean adapting
level, whilst vertical, dashed lines plot the central amplitude of the corresponding high-
probability region. Middle: Step-size function of the model cell. Bottom: Deviation-from-
mean function (normalised). For both plots, solid lines represent the best-fit data (5th-order
polynomial) and symbols represent the actual data. Colours/symbols as for Figure 5.26,
above

Thus, within the model cell at least, a combination of global-mean dependent tonic
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inhibition and spike-rate adaptation was necessary to replicate the experimental data. As
mentioned above, tonic inhibition acts by effectively increasing the spike-threshold. As
stimulus-mean (and therefore tonic inhibition) increased, there was a concomitant increase
in the intensity of stimulus required to elicit a spike. Spike-rate adaptation was therefore
only affecting the dynamic membrane spike-threshold for increasingly higher stimulus
amplitudes, thereby resulting in a reduction in firing rate and further displacement of the

stimulus-response function.
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Figure 5.31: Adaptation to variance, in the model cell, with SRA and tonic inhibition
Solid lines represent the best-fit data (5th-order polynomial) and symbols represent the
actual data. Red line/circles represent the response to the low variance stimulus, green
line/squares plots the mid-variance response and black line/triangle is the high-variance
condition.
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A further question to ask was whether the combination of spike-rate adaptation
and tonic inhibition could generate the gain modulation observed in response to increased
stimulus variance, but this was found not to be the case (see Figure 5.3 1), instead the
stimulus response function was displaced slightly. Tonic inhibition increased in line with
the mean of the stimulus and had an average value of 0.1548nS. lor the low-variance

condition, 0.13935nS for the mid- and 0.1669nS for the high-variance condition.

Fisher Information

The Fisher Information functions of the stimulus-response functions plotted in
Figure 5,29 were calculated and plotted in Figure 5.32.

Fisher Information for the first 3 adapting conditions (green. blue and red lines.
Figure 5.32) corresponded well with the experimental data in that the Fisher functions
tended to peak at stimulus amplitudes that were of greater intensity than the corresponding
high probability regions of the stimulus space. For the final adapting condition (cyan line,
Figure 5.32 ), the peak of the Fisher Information was located within the high-probability
region. Clearly the degree of displacement of the stimulus-response function under this
condition was not as strong as that observed experimentally, and could account tor why the
step-size function does not match up more closely with step-size functions for the lower.

global-mean adapting conditions (sce middle plot, Figure 5.29).

5.4.2: Adaptation to variance can be simulated by increasing background
input in proportion with levels of stimulus variance
In order to replicate the experimental data it was decided to simulate the
background-noise model of gain control as proposed by Frances Chance and colleagues

(Chance et al. 2002).
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Model cell: Adaptation to mean
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Figure 5.32: Fisher Information functions from the stimulus-response function of the adapted model
cell
Coloured, horizontal lines at the upper limits of the axis span the extent of the high-

probability region, for each mean adapting level. Solid lines plot Fisher Information (7) for
each stimulus (s) as a function of the firing-rate function of the model cell (f{s)), assuming a
Gaussian noise distribution: /(s)= f'(s)* /o’ . Green line/circles: high-probability region
centred on 0.0573nA; blue line/squares: 0.1337nA; red line/triangles: 0.2101nA; cyan
line/diamonds: 0.265nA.
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The experimental population response to increased stimulus-variance is re-plotted in

Figure 5.33, below.
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Figure 5.33: Population responses from adaptation to variance experiments

Top Left: Population stimulus-response function (SRF) in response to increasing levels of
adapting stimulus variance: the slope, or gain, of the SRF decreased with every increase in
global variance. Top Right: Population step-size function; increasing variance resulted in
slight lateral displacement of the function. Bottom: Population, normalised, deviation
function; the response as a function of local deviation-from-the-mean was not fully
invariant (especially with reference to the tails of the functions), for all global stimulus-
variance levels. Red lines/circles plot the low-variance condition, green lines/squares plot
mid-variance and black lines/diamonds plot the high-variance condition.
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As mentioned earlier (see Section 5.1.3), the simplest method of relating the
background-noise model to the adaptation data is to assumc that as variance increases the
background firing rates also increase. This was simulated by incorporating random.
hackground. excitatory and inhibitory modulatory inputs into the pulse-based neural model
whose firing rates increased in proportion to stimulus variance (see Figure 5.34 for a
schematice deseription of the model).

The driving input into the model cell was as for Section 5.2.3, above, in that the
stimulus was an injected, constant current, with an amplitude that was refreshed every
A0ms and drawn from a non-uniform distribution, centred on a high-probability region. For
cach successive increase in the width ol the high-probability region the firing rates for both
stochastic inhibition and excitation were also increased, such that for the low-variance
condition, background firing rates were fixed at the base level of 501z (1X condition), but
for the mid- to high-variance stimulus configurations, background firing rates were doubled
(2X) and tripled (3X), respectively.

The average results across 100 trials are plotted in Figure 5.35, below, The [0
curves show a deerease in gain for each increase in high-probability region width and the
step-size function of the model cell is not invariant with respect to stimulus variance: both
these results are in line with the experimental data (see Chapter 3-4 in this thesis).

The average value (across 100 trials) of the stimulus-response function slope at the
half=maximal current amplitude was 0.140nA (£0.011SE). 0.091nA (+0.0085E) and
0.084nA (+£0.004SE) for the low, mid and high variance conditions respectively; the
average value of the half=-maximal amplitude. or threshold. was 0.255 (+0.0075E), 0.286

(+0.006SE) and 0.290Hz/nA (=0.0065E ).
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Figure 5.34: Schematic of background noise model

Tirme (5] .

Driving input, represented by the thick, solid, black arrow, was a time-varying current
injection (3s sample of the stimulus under the high-variance condition), where the
amplitude was refreshed every 40ms. The base level of background firing rate, multiplied
by the factor n (which increased with stimulus variance) was used to drive a Poisson spike-
generating mechanism, from which the background (dashed arrows) conductance was
derived. Green and red lines represent excitatory and inhibitory conductance, respectively.
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Figure 5.35: Adaptation to variance, in the model cell: background firing rates
increase with stimulus variance

Left: The stimulus response function of the model cell; the widths of the high probability
regions are plotted in vertical lines at the uppermost limit of the axis, Right: Step-size
function of model cell. Solid lines represent the best-fit data (5th-order polynomial) and
symbols represent the actual data; bars represent | standard error. Red line/circles represent
the response to the low variance stimulus/1X firing rate condition, green line/squares gives
the mid-variance/2X response and black line/triangle is the high-variance/3X condition.

The step-size and normalised, deviation-from-mean functions were not invariant,
with respect to stimulus variance, and were in line with the experimental data (see Figure

5.35 and Chapter 4).




For the model to represent accurately the adaptive mechanisms present in vivo, two
important assumptions were made (see Section 5.1.3): firstly, that background firing rates
are dependent, to some degree, on the stimulus itself and, secondly, that background input
rates increase in direct proportion to stimulus variance. Experimentally. variance levels.
under the adaptation to variance paradigm, were 14,640pm”. 19,600pum” and 2(‘.‘)()(J|.|m:
under the low-, mid- and high variance conditions, respectively. Under the terms of the
background noise model laid out above (and assuming that the low-variance condition was
the base level), this would be represented by an increase in background noise 1.34 and 1.84
times the base firing rate of 50Hz, for the mid- to high-variance adapting regime,
respectively. [n terms of the model cell, variance levels were, on average (across 100 trials),
0.6071nA” (£0.0055SE), 0.8068nA" (+0.0064SE) & 1.0984nA° (£0.0063SE), respectively.
Therefore further simulations were performed in which background rates were increased in
proportion to levels of variance within the stimulus, at each trial, relative to the low
variance condition; on average firing rates increased by 1.33 and 1.81 times the base rate of
50Hz7 (low-variance) for the mid- to high-variance conditions. These rates were sufficient to
generate decreases in the gain of the model cell that were comparable to that observed
experimentally (see Figure 5.36).

The average value (across 100 trials) of the stimulus-response function slope at the
half-maximal current amplitude was 0.1422 (£0.010 standard error [SE]). 0.1398
(+0.005SE) and 0.119Hz/nA (£0,006SE) for the low (1 X), mid (1.33X) and high (1.81X)
variance conditions respectively (see Figure 5.36); the average value of the half-maximal

amplitude, or threshold. was 0.247nA (£0.004SE). 0.260nA (+0.007SE) and 0.278nA

(£0.007SE). The step-size function was not invariant, with respect to stimulus variance. and
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was in line with the experimental data (see Figure 5.33 and Chapters 3-4).

Model cell: Adaptation to variance
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Figure 5.36: Adaptation to variance, in the model cell: background firing rates
increase in exact proportion to stimulus variance

Solid lines represent the best-fit data (Sth-order polynomial) and symbols represent the
actual data. Red line/circles represent the response to the low variance stimulus/1X firing
rate condition, green line/squares gives the mid-variance/1.33X response and black
line/triangle is the high-variance/1.81X condition.

The next question to address was whether background firing rates would only
increase with stimulus variance? The average output of the model cell, across all stimulus

levels and trials for a given adapting condition, was calculated for all four mean (see Figure
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5.37) and three variance (Figure 5.38) adapting levels. The model cell was either adapted or

unadapted.
200—— — ey —— e e
180(- ¥ ¥ :

.
o
=)
L o}

._.
I
o

._

Ll

o
T

Average firing rate (Hz)
s

80

60+ 8

aor

201 i g . ) .

ol—— I . . o 0 — n |
HPR 1 HPR 2 HPR 3 HPR 4

Mean adapting level

Figure 5.37: Average firing rates across all stimuli, as a function of the mean adapting
level, for an adapted and unadapted model cell

Magenta diamonds plots the average firing rate for each trial (100 trials), of a given high-
probability region (high-probability region), under adapting conditions (see text for details).
Black asterisks plot the average firing rate of an unadapted model cell. Error bars plot |
standard deviation from the mean.

In the case of adaptation to global mean, the average firing rate of the cell was
fairly constant (Figure 5.37, magenta diamonds) across all conditions when the model cell
was adapted (i.e. with a dynamic threshold and tonic inhibition). However, firing rates

increased in the unadapted condition (Figure 5.37. black stars).
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In the case of adaptation to global variance, the average firing rate of the cell
increased when the model cell was unadapted (i.e. background firing rates were fixed at
50Hz, Figure 5.38, magenta circles). However, under adaptation, through doubling and
tripling background firing rates with each successive increase in variance, overall firing

rates decreased (Figure 5.38, blue squares).
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Figure 5.38: Average firing rates across all stimuli, as a function of the adapting levels
of stimulus variance, for an adapted and unadapted model cell

Blue squares plot the average firing rate for each trial (100 trials), of a given variance level,
under adapting conditions (see text for details). Magenta circles plot the average firing rate
of an unadapted model cell. Error bars plot 1 standard deviation from the mean.

Assuming that the output of the model cell represents the typical levels of average
firing rates for adapting and unadapting cells encountered i1 vivo, one can argue that to
create the conditions necessary for adaptation to variance. background input to the target

cell would have to arise from neurons that adapted only to global mean and not variance.
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Extension to the background-noise model

It was decided to test this hypothesis by providing modulatory input to a pulse-
based neuron model derived from the activity of such a population of cells. Background
firing rates were approximated by running the driving stimulus. at each time step. through a
population (n = 100) of parallel. non-linear filters. Fach non-linear filter. f, was a perfect
rectifier of the stimulus current, 7, with an absolute threshold, @ and gain, 4 threshold was
set to be slightly higher than the average amplitude of the stimulus. to approximate
adaptation to global-mean:

f() =4 -0)]

5.15
Parameters values for threshold and gain ranged from 0.162 to 0.226nA (mean

value: 0.18 1 nA. £0.022 standard deviation. or SD) and 1.39 to 2.88 (mean: 2.06+0.57 SD),
respectively.

The relationship between the output of the filters, as a function of the stimulus, and
the stimulus distribution is plotied in Figure 5.39 (top plot). All filter thresholds were
slightly higher than the central amplitude of the high-probability region. The output of 3
example filters, to a 0.5s sample of the input stimulus is plotted in Figure 5.39 (bottom
plot). Under the low variance regime (Figure 5.39, bottom plot. left column). the output of
all three filters rarely rises above the base rate.

The output of each filter was converted to a firing rate (Hz) by multiplying it with a
conversion constant, ¢, set to 40 (see Section 5.2.3, above): an extra term of 5 Hz was also
added to the output, at each time step, to generate a source of stimulus-independent noise.
This firing-rate was used to drive a Poisson spike-generator, from which the background

conductance (both excitatory and inhibitory) was derived (for parameters of the background
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conductance, please see Section 5.3.1 and 5.4.2).
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Figure 5.39: Relationship between non-linear filters of the input stimulus and the
stimulus distribution

Top plot: Histogram is a frequency count of the inputs presented during a 30s stimulus
sequence. Red, green and dark-grey bars show the distribution of the low-, mid- and high
variance stimulus distribution, respectively. Blue lines plot the input-output relationship of
10 sample filters. All the filters have thresholds greater than the central amplitude of the
high-probability region of the stimulus distribution. Bottom plot, left column: 0.5s sample
of the time-dependent, low-variance, input (red line) and the corresponding outputs of three
filters (blue lines). Bottom plot, left column: As for the left column (same three example
filters), but for a high-variance stimulus.
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Samples of excitatory conductances derived from the 3 filters in Figure 5.39

(bottom plot) are plotted in Figure 5.40.
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Figure 5.40: Sample excitatory conductances derived from the output of 3 non-linear,
rectified stimulus filters

Left column: Uppermost plot gives a 0.5s sample of low-variance stimulus (red line) and
the three lower plots show 3 sample conductances (derived from the filters in Figure 5.39)
generated in response to the input. Right column: As for left column, but for a high-
variance stimulus (black line)

The summed conductance. from all filters in the population. was used to provide

background, modulatory input to a single, pulse-based model neuron, which was also

driven by the stimulus current. A schematic description of the model is given in Figure

5.41.
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Figure 5.41: Schematic description of the background-conductance model, with
modulatory noise derived from non-linear inputs

Driving input. represented by the thick, solid, black arrow, was a time-varying current
injection (3s sample of the stimulus under the high-variance condition). The input was also
fed into a bank of parallel non-linear filters. whose output was converted to a firing rate and
used to drive a Poisson spike-generating mechanism, from which the background (dashed
arrows) conductance was derived. Green and red lines represent excitatory and inhibitory

conductance, respectively.

The response of the model neuron, averaged over 100 trials, is plotted in Figure
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5.42. The slope of the stimulus-response function (Figure 5.42, top plot) displayed a
significant (one-factor ANOVA test, with a significance level, p<0.001) decrease in gain as
stimulus variance increased. The average value of the slope at the half maximal point (Ssq)
was 0.0353Hz/nA” (£0.00053 SE), 0.03141z/nA (£0.00058 SE) and 0.0268Hz/nA’
(£0.00037 SE) and the stimulus amplitude that elicited the Ss5, was 0.1812nA (£0.0012 SE).
0.1897nA (£0.0013 SE) and 0.1984nA (+0.0012 SE) for the low-, mid- and high-variance
conditions, respectively.

The step size function (Figure 5.42, middle plot) was displaced slightly, as a
function of stimulus-variance and the normalised deviation-from-mean function (Figure
5.42. bottom plot) did not scale-up, at the tails of the function (especially for positive
deviations-from-the-mean); they were therefore also in line with the experimental data.

The average strength of the excitatory and inhibitory conductance, as a function of
the stimulus, is plotted in Figure 5.43 and did not show any significant increase with
stimulus-variance. However, the average value of the excitatory conductance, during each
30s simulation, increased steadily from 0.0077nS (£0.0199 SD) to 0.0088nS (+0.0204 SD)
and 0.0115n8 (£0.0223 5D) and the overall. mean inhibitory conductance increased from
0.0594nS (£0.1208 SD) to (.0688nS (£0.1302 SD) and 0.0870nS (£0.1405 SD) for the
low-, mid- and high-variance conditions. The overall average increase in background
conductance was sufficient to generate a decrease in the gain of the model neuron, however
this was observed only when combined with spike-rate adaptation (implemented as a
dynamic membrane threshold) and the addition of a tonic inhibition that was proportional

in strength to stimulus mean.
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Model cell: Adaptation to variance
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Figure 5.42: Adaptation to variance, in the model cell: background firing rates
derived from a bank of non-linear filters of the input

Solid lines represent the best-fit data (5th-order polynomial) and symbols represent the
actual data. Red line/circles represent the response to the low variance stimulus, green
line/squares gives the mid-variance response and black line/triangle is the high-variance
condition.
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Figure 5.43: Average background synaptic conductance as function of the stimulus
Red, green and black lines plot the average value of the background synaptic conductance
(derived from the non-linear filters of the stimulus), Solid and dashed lines plot the
excitatory and inhibitory conductances. respectively. The initial, un-filtered. input is plotted
on the abscissa.

Does the introduction of balanced, noisy background conductances affect adaptation

to stimulus mean, in the model cell?

As argued in the introduction to this Chapter (see Section 5.1.2, above), one can

assume that under conditions of adaptation to mean the background firing rates remain
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fairly constant. Thus in order to check that the lateral, adaptive, shifi (observed in response
to adaptation to stimulus mean) in the model neural response-profile was not abolished by
the introduction of noisy. balanced. background excitatory and inhibitory conductances
(50Hz. tor all conditions). the model cell was tested again under conditions of adaptation to
global mean. The levels of tonic inhibition, current noise and spike-rate adaptation were as
for Section 5.4, 1 with the only difference being the introduction of stochastic background
conductances.

As can be seen in Figure 5.44, the lateral shift in the stimulus-response function was
not abolished by the introduction of stochastic background excitation and inhibition.
Thresholds (stimulus amplitudes that elicited the half-maximal response) increased on
average (between the lowest and highest mean adapting levels) from 0.202nA to 0.302nA
(compared to a threshold increase of 0.169nA-0.297nA in the absence of background noise.
see Section 5.4.1 and Figure 5.29), thus the introduction of background stochastic
conductances into the model increased the displacement of the neural rate-function due to
tonic inhibition and spike-rate adaptation; the roughly invariant relationship between output
and local differences in stimulus amplitude was also retained and replicated the

experimental data (please see Figure 5.25),

5.4.3: Balance of inhibitory and excitatory synaptic depression dependent on
levels of variance in adapting stimulus
Within the introduction to this Chapter (Section 5.1.3) it was stated that neural gain
can be influenced by both the balance between afferent excitatory and inhibitory levels of
steady-state depression and the ratio of the initial excitatory to inhibitory firing rates. Thus

the question to be addressed here is whether the adaptive decrease in gain. as a function of




increased stimulus-variance, can be replicating through adjusting the balance between

excitatory and inhibitory depression in a population of neurons, in which inhibition has a

greater influence than excitation.
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Figure 5.44: Adaptation to mean, in the model cell, with noisy background
conductances, as in Chance et al. (2002)

Solid lines represent the best-fit data (5th-order polynomial) and symbols represent the
actual data. Top: Stimulus-response function. Middle: Step-size function. Bottom:
Deviation-from-mean function. Colours/symbols as for Figure 5.26, above

As for Section 5.3.3, above, the stimulating current was used as input to (wo sets
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of population equations (see equations 5.12-5.14) which gave the excitatory and inhibitory
responses to the stimulus; the weighted difference of which was then used to stimulate the
model cell. Of course, it should be noted that in this case the stimulus was not a single

current step but a time varying current injection with a change in amplitude every 40ms.
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Figure 5.45: Schematic description of the synaptic depression model

The input is time varying current (sample is from high-variance condition); the inhibitory
(I, represented by red circle) population receives less driving current that the excitatory (E,
represented by blue circle) population (governed by constant &, which was set to 0.4 in the
simulations below). Dashed lines indicate inhibition, whilst solid lines represent excitation:
red arrows indicate recurrent inhibition, blue arrows: recurrent excitation and black arrows:
feedforward connections.




The population equations only return the steady-state response to the current step,
irrespective of stimulus history, thus they act as a type of linear filter on the stimulus, with
the output dependent on the relative strength of synaptic depression.

The inhibitory depression factor p was fixed at 0.8 for all variance conditions. For
excitation, p was set to 0.5, 0.7 and 0.8 for the low-, mid- and high-variance conditions,
respectively: with the assumption that as variance in the stimulus increases. excitatory
depression becomes weaker and approaches the level of inhibitory depression. The output
of the model cell is plotted in Figure 5.46. The effect of reducing excitatory depression, as
variance increased, was to reduce the gradient of the model stimulus-response function and
overall firing rate. Slope at the S ., decreased, on average, from 0.0139Hz/nA”

(+0.0016SE). under the low-variance condition to 0.0130Hz/nA” (£0.0010SE) and
0.0112Hz/nA” (£0.0008SE) for the mid- to high-variance conditions, respectively. There
was also a slight increase in threshold from 0.2874nA (low-variance: £0.00555E) to
0.2902nA (+0.0064SE) and 0.3138nA (£0.0060SE), for the mid- to high-variance trials,
To see how changing the balance of depression affects the afferent input to the
model cell, the individual population afferents were used to drive the cell. as opposed to the
weighted difference between the two population used in the simulation above. The
responses were plotted for the excitatory and inhibitory inputs in Figure 5.47. As
depression levels approached symmetry, afferent inhibition increased dramatically more
than the relevant increase in afferent excitation, thus responses were decreased. relative to
the base response (low-variance/ excitatory p = 0.5, red lines in Figure 5.47). Overall, the
steepness of the slope of the inhibitory rate-function also increased more than the relevant

excitatory response; thereby accounting for the decrease in gain seen in the simulation
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above (see Figure 5.46).
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Figure 5.46: Gain modulation through asymmetric depression
Steady-state model of asymmetric depression, see text for details

The output of the model cell, following adaptation to mean and with a fixed ratio of
depression is plotted in Figure 5.48. Excitatory depression levels were assumed to be fairly

strong to reflect the saturation of depression due to the sustained nature of the stimulus;




excitatory and inhibitory depression levels were fixed at p = (.4/0.8, respectively.

Model cell: Adaptation to Variance;

160/ Inhbitory depression strength: 0.85
140
— Afferent Exc/ depression: 0.5 (Var: Icawjl-i
120 s Exc: 0.6 (Var: mid) .
w— Fyc: 0.7 (Var: high) ..°
== u s Afferent Inh/ depression: 0.5 (Var: low) .o'
<3 100l | 77" Inh:0.6 (Var: mid) o
o _""'Inh:D.? [Va[:_hi_gh] .,*.
_’Q ..0 .".-
O 80 & &
m L] ..0
x
Q Y *
) 60 r o
40
20t
0 -'7_ L |
0 0:15 0.3 0.45

Injected current (hA)

Figure 5.47: Relationship between excitation and inhibition, under conditions of
weakening depression

Solid lines plot the excitatory input, dashed, the inhibitory input to produce the model
output in Figure 5.46. Colours represent the different variance/excitatory depression levels
and are given in the inset.

The model cell undergoes a lateral shift in the stimulus-response function, as

expectated, and with the addition of a tonic inhibition the step-size function was relatively
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invariant (bar some variance for the highest high-probability region condition). Therefore
the model of gain modulation by asymmetric synaptic depression does not abolish the

change in threshold associated with adaptation to stimulus mean.
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Figure 5.48: Adaptation to mean, Asymmetric depression
Excitatory depression was fixed at p = 0.4 for all conditions
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Figure 5.49: The step-size function following adaptation to mean, with asymmetric

depression
Step-size function for the rate function plotted in Figure 5.48

As previously stated, these results are derived from a steady-state response to the
stimulus. Of course, synaptic depression is highly dependent on stimulus history and, as
stimuli amplitudes change too rapidly to allow for full recovery of synaptic dynamics
during each, successive, 40ms presentation, it's important to test how the model cell

responds to a time-varying input, under the different depression conditions. The adapting
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stimuli were used to drive a recurrently connected circuit of four excitatory/one inhibitory |
& F units. which provided afferent input to a read-out cell. For a description of the
paramelers see Section 5.2.6.

The output neuron was a pulse-based neural model. with a dynamic threshold (the
spike-rate adaptation constant, b, was set to unity). Synaptic depression of the afferents
targeting the output cell were the same for both inhibition and excitation (depression factor.
p = 0.8, across all conditions), whilst recurrent inhibitory depression levels were fixed at p
= 0.85 and excitatory depression was inversely proportional to stimulus variance (i.e. p
increased from a base level of p = 0.3, under the low-variance condition, to p = .45 & 0.6
for the mid- and high-variance conditions, respectively): the results are plotted in Figure

0.

n
wh

The value of the model cell’s slope and Ssq stimulus amplitude are plotted in Table
5.6. Overall the stimulus-response function was scaled downward as a function of stimulus
variance. however, there was no successive decrease in the gradient of the curve. at the
half=maximal point: thus the model generated a downward scaling of the response, but not a
pure change in gain modulation.

What contribution do the excitatory and inhibitory cells make to the output of the
model cell? The average firing rate response, as a function of stimulus intensity, of the four
excitatory input neurons and the single inhibitory unit are plotted in Figure 5.51. For
stimulus amplitudes of less than (roughly) 0.13nA, the firing rates of the excitatory units
(Figure 5.51, solid lines) were similar under all adapting conditions; however, for stronger
stimulus intensities. the responses diverged: excitatory firing rates decreased in line with

the concurrent increase in stimulus variance and decrease in excitatory depression strength,
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Figure 5.50: Adaptation to variance, in the model cell: Asymmetric synaptic
depression

Inhibitory depression levels were fixed at 0.85 whilst excitatory depression was set to p

0.3 for the low-variance stimulus (Red line/circles), p = 0.45 for the mid-variance condition
(green line/squares) and finally p = 0.6 under high-variance stimulation (black
line/triangles). Solid lines represent the best-fit to the data (5th-order polynomial) and
symbols represent the actual data.

Conversely, inhibitory firing rates (Figure 5.51, dashed lines) increased with
stimulus variance, thus the mechanism of gain modulation was subtly different from the

steady-state simulations, described above, especially with reference to afferent excitation,
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Figure 5.51: Average excitatory and inhibitory firing rates in the model circuit, for
different ratios of excitatory and inhibitory depression levels

Inhibitory depression Jevels were fixed at 0.85 whilst excitatory depression was set to p =
(.3 for the low-variance stimulus (Red line/circles),p = 0.435 for the mid-variance condition
(green line/squares ) and finally p = 0.6 under high-variance stimulation (black
line/triangles). Inhibitory inputs were represented by dashed lines and empty symbols,
whilst the average firing rate, across all four excitatory units, was plotted with sold lines
and symbols. Lines represented the best-fit to the data (5th-order polynomial) and symbols
plotted the actual data.
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Table 5.6: Amplitude and slope of model stimulus-response function, under different
ratios of excitatory and inhibitory depression (inhibition: p = 0.8)

Variance Level Low Mid High
Excitatory depression (p) (.3 (43 (.6
Sso(nd) | o662 0.2228 0.1240
(£SE) (0.0016) (0.0023) (0.0009)
Slope (Hz/nA) 0.0429 0.0243 0.0502
(£SE) (0.0014) (0.0015) (0.0004)

Extension to the model of asymmetric synaptic depression

Within the asymmetric depression model. the balance between levels of excitatory
and inhibitory depression was manipulated in order to generate gain modulation. The
depression-factor. p. for both excitation and inhibition was fixed. depending on the level of
stimulus variance. However, in general. one would not expect the depression factor to vary

as function of stimulus input: thus it could be argued that the model above does not

represent a truly biologically valid mechanism of cortical adaptation.

The primary effect of reducing levels of excitatory depression, as stimulus variance
increased. was to strengthen the excitatory drive acting on inhibition (please see Figure
5.47 and Figure 5.51) within the model; inhibition was dominant within the network and
the gain of the read-out cell was thus reduced. One possible mechanism by which a shift in
the overall balance between excitation and inhibition would emerge. without the need for

explicit hand-tuning of parameters, could be through relative changes in overall levels of

release from excitatory depression, as a function of stimulus-variance. The hypothesis
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being that. as the high-probability region of the stimulus distribution widens (thereby
increasing global variance), there is a relative increase in the presentation of stimulus
amplitudes that only elicit sub-threshold responses: this should, theoretically at least, allow
for relatively more recovery from depression as stimulus-variance increases.
Gain change through release from depression

In order to test whether increased diversity in the stimulus was sufficient to
generate the necessary release from excitatory depression, simulations were run, using an |
& F model (similar to that described in Section: 5.4.3). in which depression levels were
fixed for all three stimulus-variance conditions. [n brief, the model contained 1 inhibitory
and 4 excitatory, self=connected. I & F cells, that were also reciprocally connected to each
other. The population of T & F cells provided the sole, feed-forward, depressing input to an
excitatory | & F model neuron that acted as the read-out cell. The read-out cell was
implemented with spike-rate adaptation (i.e. a dynamic membrane threshold) and a tonic
inhibitory conductance that was proportional, in strength. to the global-mean amplitude of
the adapting stimulus. All parameters were as for the | & I' model in Section 5.2.6 and
5.4.3. above.

For the 1™ simulation the ratio of excitatory to inhibitory recurrent depression was
set to p = 0.3 for excitation and p = 0.8 for inhibitory depression (ASgxe configuration). In

~nd

the 2™ simulation depression levels were balanced, i.e. p = 0.8 for both excitatory and

Il

inhibitory depression and for the 3™ simulation depression was asymmetric with inhibitory
depression set 1o be stronger than excitation (ASp. p = (0.8 for excitatory synapses and p

().3 for inhibition). Feedforward depression was set to p — 0.8, for both feedforward

inhibition and excitation. A simulation was also performed in which there was no recurrent
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depression acting within the network; the results for all 4 simulations (across 100 trials) are

plotted in Figure 5.52.
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Figure 5.52: Stimulus-response functions, under all stimulus configurations
Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3.

Increasing adapting variance only affected the output of the model cell, in the

presence of recurrent depression. There was a slight decrease in neural gain for the ASgxc
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(top right) configuration but it was not significant (p >(.1, non-parametric Kruskal-Wallis
test). Overall. no significant decrease in gain or shift in stimulus amplitude at the half-
maximal point (Ssy) was observed during any of the simulations.

As described in the introduction, the combination ol tonic inhibition and synaptic
depression has been shown. experimentally, to elicit multiplicative changes in gain
(Rothman et al. 2009). Within the model, tonic inhibition is propartional to the global-mean
of the input. However, as global stimulus-mean increases slightly with stimulus variance
(due to the skewed nature of the stimulus distribution) there is a concomitant increase
(albeit insignificant) in tonic inhibition acting on the read-out cell. Thus the combination of
feedforward depression and tonic inhibition within the model could result in the slight
multiplicative downward scaling of the stimulus-response function.

[n order to test whether the changes in the model output (as a function of stimulus
variance) were dependent on the membrane dynamics of the read-out cell, the simulations
were re-implemented without spike-rate adaptation and tonic inhibition (see Figure 5.53).

In the absence of spike-rate adaptation and tonic inhibition. none of the simulations
generated a decrease in the gain of the model output cell, as a function of stimulus-variance
(Figure 5.53). Thus it would appear that the increased diversity in the stimulus was not
sufticient to shift the overall balance of synaptic activity o tavour inhibition. Within the
maodel, the temporal dynamics of synaptic recovery from depression were on the order of
100s of milliseconds and theretore did not capture the rapid changes in stimulus amplitude,
on the 40ms scale. Manipulating either (or a combination ol) the presentation time for each
stimulus (e.g. increasing the time-window of presentation from 40ms to 100ms) or the time

constant of recovery from depression (e.g. decreasing tgpe from 300ms to 100ms ) did not




elicit a decrease in gain (data not shown).
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Figure 5.53: Stimulus-response functions, under all stimulus configurations, in the
absence of spike-rate adaptation

Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3,

Synaptic Facilitation
Within the hand-tuned asymmetric depression model outlined above, the main

effect of reducing excitatory depression was to increase the excitatory drive acting on
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recurrent inhibition. In order to implement this, it was decided to incorporate synaptic
facilitation into the | & F model. There is evidence that many cortical synapses display both
facilitation and depression (e.g. Thomson 1997: Varela et al. 1997; Markram, Wang,
I'sodvks 1998). Under conditions of facilitation, each time a pre-synaptic spike is fired,
subsequent responses (within a given time-window) are enhanced, relative to the initial
response. Within V1, facilitation has been observed to have faster temporal dynamics than
depression (Varela et al. 1997) and thus only influences the initial synaptic response to
supra-threshold stimuli.

Under conditions of increasing variance, the frequency of high-intensity stimuli also
increases, thus it could be argued that facilitation would act to boost the otherwise
suppressed synaptic response. Incorporating facilitation into the recurrent excitatory-to-
inhibitory synapses, within the model network, could generate the relative increase in
inhibitory drive necessary to elicit a decrease in gain. Facilitation has been observed in
excitatory synapses impinging onto GABAergic inter-neurons (e.g. Thompson 1997).

Facilitation was implemented as for Varela et al. (1997). For each spike the
probability of vesicle release was increased (in an additive fashion) by a given facilitatory
factor, which was set to 0.6 (Varela et al. 1997); the use-dependent strength of the synapse
decayed exponentially back to the base level of unity, with a time constant of 0.1s.
Facilitation was restricted to recurrent excitatory-to-inhibitory synapses only, thus
enhancing excitatory drive acting on inhibition within the network. In the presence of
spike-rate adaptation and tonic inhibition, facilitation resulted in a significant decrease in

response gain, but only under the AS; xc configuration (results plotted in Figure 5.54).

288




Asymmetric
No depression (Ex: 0.3/ Inh: 0.8)

N
o
L]
w

o

Firing rate (Hz)

Balanced Asymmetric
(Ex: 0.8/ Inh: 0.8) (Ex: 0.8/ Inh: 0.3)

Firing rate (Hz)

0 01 02 03 04 : .
Stimulus (nA) Stimulus (nA)

o5 Billiael v St

Figure 5.54: Stimulus-response functions in presence of inhibitory-to-excitatory
facilitation, with spike-rate adaptation
Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3.

For the ASgxc configuration (Figure 5.54, top right), the average value of the slope
at the S5 decreased steadily (low to high-variance condition) from 0.0024 (+0.00022 SE) to

0.0013 (+0.00011 SE) with a significance level of p = 0.0012 (using a non-parametric

Kruskal-Wallis test).
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In order to examine the effect of facilitation on the network the reciprocal excitatory

and inhibitory recurrent connections are plotted in for the both the ASpyc and balanced

configurations
Asymmetric (Ex: 0.3/ Inh: 0.8) Balanced (Ex: 0.8/ Inh: 0.8)
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Figure 5.55: Recurrent, reciprocal conductances in the presence of both facilitation and depression.
Solid lines plot the excitatory-to-inhibitory conductance and dashed lines plot the
inhibitory-to-excitatory conductance. Red, green and black lines/symbols plot the low-,
mid- and high-variance conditions respectively

Under the ASgxc configuration, recurrent excitation (solid lines, left plot, Figure

5.61) is generally suppressed (relative to balanced depression), due to the high levels of

depression. However, the influence of facilitation has a much stronger effect than that
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observed in the balanced configuration (solid lines, right plot, Figure 5.61). Excitatory drive
acting on inhibition was increased for the higher variance stimulus conditions, as predicted.
thus generating a relative increase in the amount of inhibition in the network and enhancing
the small decrease in gain observed in the absence of facilitation (see Figure 5.52).

The average response. in the absence of spike-rate adaptation and tonic inhibition,

and across all depression configurations, is plotted in Figure 5.56 below.
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Figure 5.56: Stimulus-response functions in presence of inhibitory-to-excitatory
facilitation

Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3.
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Facilitation alone did not elicit any significant change in output. There was however
a slight decrease in firing rates for the ASgxc configuration. as variance increased. In
combination with tonic inhibition, this was sufficient to gencrate a significant

multiplicative decrease in gain. as presented in Figure 5.54 (top right).

5.4.4: Non-linear relationship between stimulus and response

Whilst the addition of facilitation into the model did elicit small, significant,
changes in gain. the model could not be considered robust. The decrease in gain was not
only reliant on the ratio of depression between the excitatory and inhibitory units but also
on the presence of spike-rate adaptation and tonic inhibition. Adaptation to variance
appears to be relatively common within the barrel cortex (Garcia-Lazaro et al. 2007),
therefore a more robust model would better account for the experimental data.

It was considered earlier, within this chapter, that background noise might increase
it derived predominantly from cells that are adapted to stimulus mean but not to stimulus
variance. As demonstrated, the non-linear transformation of the input signal elicited a
decrease in gain when used to generate noisy, balanced. background conductances (see the
extended model in Section 5.4.2, above).

It was decided to use this non-linear input to drive the | & F model directly. The
stimulus current was filtered through a bank of parallel non-linear rectified filters, prior to
injecting it into the model (for detailed description of filters and parameters see Section
5.4.2. above). It was hoped that the increase in overall levels of firing rates, for the higher
variance adapting conditions, would be strong enough to shift the bias of the network

towards inhibition.
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The stimulus-filters were as for the background noise model above, except that their
outputs were used as a current injection into the model (i.e. without conversion into a
synaptic conductance). A graphical description of the relationship between the average,
summed driving current and stimulus distribution is plotted in Figure 5.57 and a schematic

outline of the model and inputs is plotted in Figure 5.58

Relationship between
current and stimulus distribution

0 0.15 0.30 0.45
Stimulus (nA)

Figure 5.57: Relationship between stimulus distribution and summed filtered input
current , plotted as a function of stimulus.

Histogram of number of times an input amplitude is presented during 30s stimulus
sequence. Solid (excitatory input) and dashed (inhibitory) lines plot the relationship
between the rectified non-linear filter of the input, as a function of stimulus variance. Red,
green and black (dark-grey on histogram) plot the low-, mid- and high variance conditions
respectively.

The results of the simulation, across all depression configurations, are plotted in
Figure 5.59. There was a significant decrease in slope (see Table 5.7), under all depression
configurations (significance level p — 0.088 for the no depression model and p<0.0001 for

the remaining configurations).

293




INPUT

0 05 1 1.6 2 25 3

Time [s)

20
10 :

o |
WS S — S .
10

5 |

| | |
0 w2z i " | ]__I__.
o g1 02 03 n4 os
Time (s)

Read-out
cell

Figure 5.58: Schematic description of model

The input is fed to parallel non linear, rectifiers to generate a filtered stimulus, I, which
drives recurrently connected I & F neurons (E and I). These provide feedforward input
(black arrows) to the read-out cell; inhibitory stimulus is scaled by k (k=0.4). Green and red
solid arrows show excitatory and inhibitory stimulus, solid blue and dashed red arrows
show recurrent excitatory and inhibitory connections, respectively.
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Figure 5.59: Stimulus-response functions for non-linear stimulus input, under all
synaptic configurations

Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3.

There was no significant change in the stimulus amplitude that elicited the S5y under
any condition. The effect of the stimulus on recurrent excitatory and inhibitory synaptic

conductances are plotted in Figure 5.60
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Figure 5.60: Recurrent excitation and inhibition
Each axis, plots the average, recurrent conductances impinging upon either an excitatory
(uppermost plots) or inhibitory model cell (lowermost plots), as a function of stimulus
input. Red, green and black lines plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3. Solid and dashed lines plot the excitatory and inhibitory
conductances, respectively
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In the absence of recurrent depression (Figure 5.60, top left), the synaptic

conductances were, essentially, linear transformations of the driving current. however in the
presence of depression the synaptic conductances tended to saturate. For high intensity
stimuli (above the average, non-linear input threshold). the conductance. plotted as a
function of stimulus, scaled downwards as adapting variance increased; this is due to
greater levels of depression suppressing the synaptic response. As stimulus variance
increased the presentation frequency of high-intensity stimuli (above the input filter
threshold) also increased. Thus. the synapses became more depressed, relative to lower
variance conditions. For the filtered inputs, the low variance stimuli are extremely “sparse’

in nature, thus the synapses had ample time to recover from depression between spikes.

Table 5.7: The slope and stimulus amplitude at the half-maximal point, under all
adapting variance conditions (columns) and synaptic configuration (rows)

High Variance

Inhibitory
Depression Stope Stimulus Sope Stimulus Slope Stimulus
(E:D Ha’:ru.f',il (nA) tHznA") (nA) (Hz nA) mA)
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adaptation and tonic inhibition (see Figure 5.61 below): overall, the decrease in slope was

reduced but still significant at the 5% level (p<0.02) for all depression configurations.
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Figure 5.61: Stimulus-response functions for non-linear stimulus input, under all
synaptic configurations; no spike-rate adaptation or tonic inhibition

Red, green and black lines/symbols plot the low-, mid- and high-variance conditions
respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:
Asymmetric depression: 0.8:0.3.

In the absence of spike-rate adaptation (Figure 5.61), the read-out cells” output
reflects the feedforward input from the recurrent | & F cells within the network. Essentially,
the feedforward drive, acting on the read-out cell, is the weighted difference of the
excitatory and inhibitory feedforward conductance and is plotted in Figure 5.62. The

decrease in inhibition, for each variance condition was proportional to the decrease in
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excitation, thus the relative reduction in responsiveness was maintained.
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Figure 5.62: Net feedforward synaptic conductance for all depression configurations
Red, green and black lines/symbols plot the low-, mid- and high-variance conditions

respectively. Top left: No recurrent depression. Top Right: Asymmetric depression:
0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8. Bottom Right:

Asymmetric depression: 0.8:0.3.

Adaptation to mean

The model was tested under conditions of adaptation to stimulus mean, in order to

confirm whether driving the model cell with the filtered input would elicit an adaptive




lateral displacement of the stimulus-response function. The relationship between the

stimulus distributions and the summed., filtered input is plotted in Figure 5.63

Relationship between stimulus
distribution and input current

0.1 0.2
Stimulus (nA)

Figure 5.63: Relationship between non-linear input and stimulus distribution under
conditions of adaptation to global-mean

I'he histogram plots frequency of stimulus presentation under the model equivalent of
adaptation to global mean. The lines represent the stimulus-current functions, i.e. plot the
relationship between driving input and its non-linear transformation. Green bars/lines: high-
probability region centred on 0.0573nA; blue bars/lines: 0.1337nA; red bars/lines:
0.2101nA: cyan bars/lines: 0.265nA. Solid and dashed lines plot the excitatory and
inhibitory current, respectively.

The response of the model cell, across all depression configurations is plotted in

Figure 5.64, The model cell’s stimulus- response function was displaced laterally, as a
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function of stimulus-mean and was in line with the experimental data. The functions were
displaced to centre neural threshold (i.e. the half-maximal point) outside the high-

probability regions of the stimulus space.
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Figure 5.64: Stimulus-response functions, for non-linear input and for all synaptic
configurations, under conditions adaptation to global mean.

Green lines/symbol: high-probability region centred on 0.0573nA; blue lines/symbol:
0.1337nA; red lines/symbol: 0.2101nA; cyan lines/symbol: 0.265nA, respectively. Lines
plot the best fit to the data (symbols). Top left: No recurrent depression. Top Right:
Asymmetric depression: 0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8.
Bottom Right: Asymmetric depression: 0.8:0.3.




The model step-size and deviation-from-the-mean functions were also calculated.
Both the model step-size functions (see Figure 5.65) and normalised deviation functions
(see Figure 5.66), across all depression configurations, displayed levels of invariance that

were consistent with experimental data.
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Figure 5.65: Model step-size functions, across all depression configurations;
adaptation to mean

Green lines/symbol: high-probability region centred on 0.0573nA; blue lines/symbol:
0.1337nA; red lines/symbol: 0.2101nA; cyan lines/symbol: 0.265nA, respectively. Lines
plot the best fit to the data (symbols). Top left: No recurrent depression. Top Right:
Asymmetric depression: 0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8.
Bottom Right: Asymmetric depression: 0.8:0.3.
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Figure 5.66: Model deviation-from-mean, across all depression configurations;
adaptation to stimulus-mean

Green lines/symbol: high-probability region centred on 0.0573nA; blue lines/symbaol:
0.1337nA; red lines/symbol: 0.2101nA; cyan lines/symbol: 0.265nA, respectively. Lines
plot the best fit to the data (symbols). Top left: No recurrent depression. Top Right:
Asymmetric depression: 0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8.
Bottom Right: Asymmetric depression: 0.8:0.3.

The adaptive response was not abolished by running the simulation without spike-
rate adaptation and tonic inhibition (see Figure 5.67). However, the successive increases in
degree of stimulus-response function displacement were less pronounced for all depression

configurations; especially with reference to the no depression and ASgxc models.
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Figure 5.67: Stimulus-response functions, for non-linear input and for all synaptic
configurations, under conditions of adaptation to global mean, without SRA and tonic
inhibition.

Green lines/symbol: high-probability region centred on 0.0573nA; blue lines/symbol:
0.1337nA.: red lines/symbol: 0.2101nA; cyan lines/symbol: 0.265nA, respectively. Lines
plot the best fit to the data (symbols). Top left: No recurrent depression. Top Right:
Asymmetric depression: 0.3:0.8 (Excitatory : Inhibitory). Bottom Left: Balanced: 0.8:0.8.
Bottom Right: Asymmetric depression: 0.8:0.3.

5.5: Discussion

The main results derived from the computer simulations of various models of gain

control are outlined below:
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I. The lateral displacement of the neural rate function is best explained by a
mechanism that incorporates both tonic inhibition and spike-rate adaptation
2. Gain modulation can be generated by several mechanisms:

- Increasing the firing rates of balanced. noisy. background conductances
acting on the cell (Chance et al. 2002)

- Manipulating the relationship between afterent inhibition and excitation - this
was modelled through adjusting the balance of synaptic depression (Chelaru & Dragoi
2008).

-A combination of recurrent and feedforward synaptic depression acting on a
non-linear transformation of the driving current

[n terms of adaptation to global mean. the computer simulations replicated the
experimental data by incorporating tonic inhibition and spike rate adaptation into the
model. Both tonic inhibition and spike-rate adaptation act as high pass filters on the
incoming stimulus. Efferent excitation must be strong enough to counteract inhibition,
(which increases with global mean stimulus [evels) and drive the cell over threshold to
elicit firing: as the average intensity of the adapting stimulus strengthens, membrane
threshold is also increasingly elevated. However, there are differences between the two
actions these processes have on the cell; tonic inhibition is essentially a hard-threshold as it
is determined by the global mean amplitude of the stimulus, at each trial, and doesn't
change during the adaptation process. Conversely, levels of spike-rate adaptation are
dependent on the stimulus in a time-dependent manner, as well as the overall global mean

of the stimulus. Spike-rate adaptation, through the process of increasing the dynamic

threshold. is a self=limiting process. For high intensity stimuli. the dynamic membrane




threshold will increase to such a level that relatively fewer spikes will be elicited to a given
stimulus amplitude: thereby allowing for threshold to decay back to its base level. Thus the
relative suppressive effects of the dynamic membrane threshold are reduced: spike-rate
adaptation alone will not elicit the requisite displacement of the stimulus-response function
necessary to generate the invariance of the both the step-size and deviance functions. The
introduction of a tonic inhibition increases the stimulus-dependent threshold at which
spikes can be elicited: thus the model cell only responds to stimuli of a relatively high
intensity, which then initiates the process of spike-rate adaptation. As to the biological
validity of the model, there is certainly a wealth of evidence that tonic inhibition is present
in the barrel cortex (e.¢. Yamada et al. 2007; Kyriazi et al. 1998: Salin & Prince 1996:
Kyriazi et al. 1996; Swadlow 2003; Krook-Magnuson, Li, Paluszkiewicz & Huntsman
2008: Krook-Magnuson & Huntsman 2005) and that, within layer 4, it acts to prevent firing
to all but the most potent inputs (Swadlow 2002).

In terms of modelling the adaptive response to increases in stimulus variance, three
different models were implemented. The first was that of gain modulation through
increased background firing rates, as proposed by Frances Chance (Chance et al. 2002).
I'he experimental results were replicated in this model, 1.e. gain was decreased, by
increasing the firing rates ol excitatory and inhibitory background conductances in
proportion to stimulus variance. Incorporating tonic inhibition into the model did not affect
gain modulation and introducing background conductances into the tonic inhibition model
did not adversely effect the lateral displacement of the neural rate-function, as a function of
stimulus mean.

The model was not truly adapting in the sense that background firing rates were
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explicitly hand-tuned to increase with stimulus variance. The argument was presented that,
due to adaptation in the local population of cells providing modulatory inputs, background
firing rates would be constant with respect to global mean (due to the relative suppression
of output for the high-probability stimuli). but increase with global variance. In order to test
this hypothesis, background firing rates were determined by a population of stimulus filters.
with parameters set to mimic a population adapted to global mean but not global variance.
The overall increase in background noise (averaged over the 30s stimulus presentation
time) was sufficient to generate a decrease in gain as a function of variance. Therefore, it
can be argued that the model is robust and may represent the mechanism underpinning
adaptation to global variance in vivo, as well as gain modulation in vitro.

A cogent argument for the case that background firing rates could increase with
stimulus variance was presented within the introduction to this Chapter (i.e. that
background firing rates increase with variance due to the increased number of high-
amplitude stimuli presented more frequently). The hypothesis relied on the premise that all
cells, providing modulatory input to the target neuron. would be adapting to and correlated
with the stimulus. It was found that the average firing rate of the model cell only increased
in line with variance when the model cell was unadapted to the stimulus (see Figure 5.38).
Numerous cell types can be found within the barrel cortex and not all are prone to gain
modulation, e.g, fast-spiking inhibitory interneurons (McCormick, Connors, Lighthall &
Prince 1985; Swadlow 2003), thus it is feasible that modulatory inputs could be derived
from unadapting sources. The other point of the argument was that background firing rates

would remain constant in the face of increasing global mean amplitudes. This implies that

modulatory sources would be adapted to global mean levels, thus firing rates to high-




probability stimuli would be suppressed. If one recalls from Chapter 3, adaptation to
variance was practically non-existent in the Inferior Colliculus, whilst adaptation to global
mean was a common feature of neuronal output. The Inferior Colliculus provides much of
the sub-cortical input into the primary auditory cortex, thus if levels of thalamic and
cortical adaptation are similar in the somatosensory pathway, one could argue that a
possible source of modulatory input, that only adapts to stimulus mean, is derived from
cells that inherit their adaptive properties directly from thalamic input.

Another point is that random input by its very nature is not supposed to be
correlated with any stimulus, thus it is arguable whether one can consider the background
conductances as purely stochastie! Instead one can argue that the firing rates of spike trains,
with Poisson statistics, must increase in a balanced manner for both modulatory excitation
and inhibition. and that firing rates must be dependent on the overall variance in the
adapting stimulus and not global mean.

Whilst the model described above relied on increasing the levels of modulatory
excitation and inhibition in a balanced manner, the second model relied on the relative
balance between inhibition and excitation to elicit gain modulation (Chelaru & Dragoi
2008). The evidence for asymmetry in both synaptic dynamics (i.e. Varela et al. 1999,
Galarreta & Hestrin, 1998 and overall influence of tnhibition (e.g. McCotmick 19851 was
highlighted in the introduction. Changes in the relationship between afferent inputs was
achieved by manipulating levels of synaptic depression, such that excitatory levels of
depression became weaker as stimulus variance strengthened, thereby becoming closer to
mhibitory depression, Whilst it seems counterintuitive to elicit a reduction in neural

responsiveness by increasing the amount of excitation in the network. the increased
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excitatory drive acted on recurrent inhibition, resulting in increased levels of inhibition
within the network, relative to the low-variance case, and thereby decreasing gain.
Adaptation to variance was successfully simulated in the steady-state case (as was
adaptation to stimulus mean). and less successfully in the time-dependent case, in that the
model cell displayed reduced responsiveness as a function of increased variance. but there
was no steady decrease in slope values, at the Ssy. However this could be due to the
limitations in the implementation of the model; as it did not strictly elicit gain change in the
same manner as the steady-state model, Inhibition levels increased in the same manner for
both implementations of the model but within the time-dependent version excitation was
highest under the low-variance condition, this could account for lack of clear decrease in
neural slope.

Gain modulation was achieved through explicit hand-tuning of the depression
factor, p. It was decided to see whether increased variance in the stimulus would be
sufficient to elicit a release from depression and thus a change in gain. Experimentally, the
amount of synaptic resource available is highly dependent on presynaptic firing rates (e.g.
thalamocortical depression is often saturated due to tonic activity in the thalamus, Castro-
Alamancos & Oldford 2002), thus a weakening of depression could be linked directly to the
stimulus configuration; as the high-probability region widens, the number of low intensity
current amplitudes presented increases, thereby allowing for more recovery from
depression.

The model cell was tested under several distinct synaptic arrangements (and, for one
simulation, the addition of facilitation on recurrent excitatory-to-inhibitory synapses) but no

significant change in gain was observed. Synaptic dynamics were too slow to capture the
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local changes in stimulus amplitude.

Decrease in gain was only observed following the introduction of tonic inhibition
and spike-rate adaptation into the model read-out cell and only for the asymmetric
depression configuration (where excitatory depression was stronger than inhibition) with
facilitation. Tonic inhibition has been shown to elicit multiplicative changes in neural gain
in the presence of synaptic depression (Murphy & Miller 2003, Rothman et al. 2009).
Under the ASpxc configuration, facilitation increased excitatory-to-inhibitory
conductances, in proportion with stimulus variance; thus eliciting a significant decrease in
neural gain. Therefore, only under very strict conditions, could the inherent diversity in the
adapting stimulus elicit the requisite change in synaptic dynamics to influence neural gain.

For the final model, it was decided to drive the depressing | & I model (as
described above) using a non-linear transformation of the stimulus, with the aim of
approximating feedforward input from cells that were already displaying adaptation to
global mean. The nature of the non-linear input meant that under the low-variance adapting
condition, only a few stimulus inputs would be strong enough to elicit a response in the
model cells. As adapting variance increased, the number of synaptic events also increased
thereby generating greater levels of depression and reducing the overall synaptic response
to a given stimulus, The effect was observed in both recurrent inhibitory and excitatory
model cells. However the relative decreases in excitation and inhibition were proportional,
thus the overall net effect on the model read-out cell was a reduction in driving input as
stimulus variance increased.

The decrease in gain was more pronounced in the presence of spike-rate-adaptation

and tonic inhibition. Spike-rate adaptation acts to displace the stimulus-response function
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rightwards in the presence of higher amplitude stimuli and, as discussed, tonic inhibition
has a multiplicative effect on the stimulus-response function. These mechanisms enhance
the gain changes induced by depression in the recurrent circuit and initiate gain changes for
lower-intensity stimuli than that observed under depression alone.

The model above assumes that. in vivo. the majority of the driving input will be
both tuned to the stimulus and adapted to global mean. As already stated, within the
auditory system, this closely matches the response profile of inferior colliculus cells, thus,
if levels of adaptation to intensity are the same in the subcortical afferent pathway of the
somatosensory system. this is a valid assumption. The model also requires synaptic
depression. however again this is common feature of synaptic dynamics within the
somatosensory system and other primary cortical areas.

Unlike the extended models of background noise and asymmetric depression, gain
changes were initiated in the absence of spike-rate adaptation and tonic inhibition; thus
under this mechanism neuron types which don’t display firing-rate adaptation would still be
sensitive to changes in stmufus-variance. Muftiplicative gain modulation emerges from the
model architecture and dynamics without the need for any other complex processes.
Stimulus intensity or contrast is a relatively low-level feature of environmental input. hence
the argument for it being encoded as efficiently as possible (Barlow 1961). The evidence
presented in Chapter 4 indicates that neurons are adapting to encode local changes in the
stimulus input, thus a model of gain change that emerges simply from synaptic dynamics
represents a robust and economical mechanism to account for gain change in the cortex
(Borst. Flanagin & Sompolinsky. 2005)

The model is of course similar in many features to mechanisms of gain modulation
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proposed by Murphy & Miller (2003) and Rothman and colleagues (2009), where the
combination of increased tonic inhibition. a non-linear input and synaptic depression leads
to a decrease in neural gain. In the model outlined above, there is no increase in tonic
inhibition instead the driving inputs become saturated for higher intensity stimuli and
become relatively more suppressed as variance increases.

Finally, the model above suggests that adaptation to stimulus statistics in the barrel
cortex is inherited primarily from the thalamic inputs arriving in layer 4, thus one would
expect that the adaptive response would emerge rapidly, within the cortex. In Chapter 3, the
analysis of the adaptation time course was inconclusive. However, it may be that adaptive
responses to stimulus statistics are developing on too rapid a timescale to be observed

within the experimental data presented within this thesis.
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Chapter 6: Discussion

6.1: Summary of findings

In order to summarise the main conclusion of this thesis. the main points from

each relevant chapter are presented below.

6.1.1: Chapter 2: Information theory and contrast adaptation

Within this chapter the main ideas underpinning Information Theory were
introduced followed by a description of Barlow's Efficient Coding Hypothesis (Barlow
1059: Barlow 1962: Barlow 1972). Barlow saw that nervous systems operate under
similar constraints to communication systems. in that environmental information is not
only transformed into a binary signalling code (i.e. the all-or-nothing action potential) but
is transmitted throughout the nervous system along finite channels and must therefore
undergo an enormous amount ol compression. Barlow devised the theory ol redundancy
reduction as a tool by which sensory information can be compressed as efficiently as
possible, with minimal loss of information; sensory input can therefore be received
further up in the neural hierarchy.

The Efficient Coding Hypothesis predicts that cells should have a dynamic

response to the environment and adjust their output depending on the prevailing stimulus

levels. Luminance contrast is a measure of the standard deviation ol light intensity from

mean luminance. There is strong evidence to suggest that neurons within the visual
systems, across many species. adapt to centre their range of responsiveness onto the
adapting contrast. As such, the contrast-response within the visual system was used to

highlight some of the key features ol gain control, e.g. the stimulus-response function and

313




the parameters used to describe it, as well as some putative mechanisms,

Extensions to the Efficient Coding Hypothesis were also introduced (albeit
briefly). e.g. Infomax principle by which individual neural output is adjusted, in a
stimulus-dependent manner (and/or neural systems as a whole are organised) to maximise
the mutual information between input and output (where mutual information, /(x| v),
refers to the amount of information an output y can provide about an input x). Some
alternatives (o the Efticient Coding Hypothesis, as a stimulus encoding strategy, were
also introduced, namely novelty and deviation detection.

Finally. Fisher Information was described. Formally, Fisher Information is
defined as the variance of the score (the negative. log-likelihood of observing v, given the
parameter set, . on which v is dependent). The inverse of the Fisher Information is the
Cramer-Rao inequality. which defines the lower-bound of the variance of an unbiased
maximum-likelihood estimator of #; the inverse of the square-root of the Fisher
Information defines the lower bound of the standard error of an unbiased maximum-
likelihood estimator of ¢, The Fisher Information of the neural, stimulus-response
function quantifies the accuracy with which a cell is able to encode the stimulus. Fisher
Information is highest on the slopes, rather than peaks. of the stimulus-response function
and the inverse of the Fisher Information defines the discriminability threshold. i.e. where

the cell is able to signal the just-noticeable-difference between ¢ and 0+.410.

6.1.2: Chapter 3: Adaptation to stimulus statistics in barrel cortex
Within this chapter the experimental adaptation data, from the barrel cortex, was

introduced.




Recent evidence was presented that adaptation 1o intensity (i.e. adaptation to
stimuli analogous to contrast in the visual system) is present in sensory modalities ather
than vision. Two studies were highlighted. in which sensory neurons were adapted using
stimuli that allowed for dissociation between global mean and variance levels, thus
adaptation to distinct measures of stimulus statistics could be recorded. Adaptation was
observed in the rodent inferior colliculus (1€, Dean et al. 2005) and the barrel cortex
(Garcia-l.azaro et al, 2007)

Whilst adaptation to global mean elicited a shift in stimulus threshold, as
predicted by the Efficient Coding Hypothesis, adaptation 1o variance. elicited little
adaptation in the 1C. For those cells that did adapt, neural gain tended to increase with
stimulus variance, in direct contradiction of the Efficient Coding Hypothesis. Conversely.
increased adaptive gain, in response to relatively noisier adapting stimuli. was highly
pronounced in the barrel cortex.

Jan Schnupp gencrously provided the experimental data, from the barrel cortex,
which formed the basis of the anaflyses in this and the following chapter. The reanalysis
of the experimental data revealed that independently increasing stimulus variance led to a
decrease in gain of the population response. in direct contradiction to the published
reporting ol the experimental data. These results have been accepted by the authors of
published data (Garcia-Lazaro et al. 2007). A further analysis of the data did not reveal
any information about the time course of adaptation. suggesting that either the data was

not suitable for this type of analysis or that adaptation to intensity. within the barrel

cortex, developed very rapidly (with a latency of <400ms).




6.1.3: Chapter 4: Encoding strategy underpinning adaptation

Under conditions of adaptation to the global-mean amplitude of whisker
deflection. sensitivity was greatest for stimuli outside the high-probability region (Garcia-
Lazaro et al. 2007, Dean et al. 2005), This led to the suggestion that the adapted cells
were primed for novelty detection (Dean et al. 2005)

Within somatosensory cortex (Garcia-lLazaro et al. 2007). stimulus-response
function displacements were more extreme than those observed in the interior colliculus
(1C); it was therefore decided to test the hypothesis of novelty detection and other
possible coding strategies, with the purpose of discovering which, if any, best described
the adaptive response to global mean. Certainly. the adaptive response, within the barrel
cortex, did not fall entirely within the expected bounds of the Information Maximisation
principle.

I'he analysis based on stimulus-specific adaptation was inconclusive. Instead, it
was found that there was a clear dependency of spiking activity on stimulus history. In
general. neurons tended to fire i response to large positive differences between the
stimulus amplitude at the time ol firing and the one directly preceding it. However. the
dependence on stimulus history could be found from approximately 280ms prior to spike
firig. The general stimulus pattern preceding a spike was best described as a continuous
decrease in stimulus intensity to below global mean amplitude until =120-80ms prior to
spike-firing; followed by a slight increase in intensity, before the final, large step-size
difference in amplitude that elicited the spike.

The average firing rate response, as a function of the relative difference in

amplitudes between the stimuli presented within a given 40ms epoch of time and the one
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preceding it (referred to as the step-size function), were plotted for all cells in the
population. The population analysis revealed that adaptation to global mean acted to scale
the neural-response function such that they were always invariant. with respect to step
size. However, for those cells adapted only to stimulus variance, the step-size function
was not invariant. The overall conclusion was that for those cells that were only adapted
to stimulus variance, the step-size functions showed some dependence on the width of
high-probability region in the stimulus space.

Amongst both populations (adaptation to mean or variance) some cells showed a
preference for step-size irrespective of the direction of amplitude change and were
classed as novelty-preferring cells. The majority of novelty-preferring cells had a
response bias for positive step-changes: however a small proportion of these neurons
displayed symmetrical functions. Novelty-preferring cells that displayed symmetry had
longer time-to-peak and response-decay latencies than the remainder of the population.

The data was also analysed with respect to local, rather than global, variance. The
average response was calculated, as either a function of the difference (deviation-from-
the-mean) or the squared difference (variance-from-the-mean) between the input. at each
time step and global-mean of the stimulus (averaged over the 30s presentation time). The
population response showed a clear preference for positive deviations-from-the-mean.
Under conditions of adaptation to global-mean, the deviation-tfrom-the-mean functions

for all 4 adapting conditions increased monotonically from local standard deviations of

>0pm, and diverged for positive deviations-from-the-mean of > 200pm. The divergence

was due to the skewed nature of the stimulus distribution: global standard-deviation

decreased as global mean increased and local deviations ranged from -126.08 to




593.92pm for the 90pm condition, -217.68 to 502.32pm for the 210um condition, -
310.24 to 409.76pum for the 330pm condition and from -401.60 to 318.40pm for the
450pm condition. Normalising the functions, revealed that they were scaled according to
levels of global standard deviation

Under conditions of adaptation to global-variance, neurons also displayed a
preference for positive deviations-from-the-mean. The response functions tended to
decrease in both slope-gain and maximum firing rates inversely with global-variance
levels. Normalising the deviation-from-mean functions resulted in a considerable degree
of overlap for the mid- to high-variance conditions. except for the positive tails of the
functions. but not for the low-variance condition.

In conclusion then, adaptation to stimulus mean acts to rescale responses so as 1o
maintain information transmission, about the local changes in stimulus amplitude,
irrespective of global mean values. Adaptation to variance may act to allow for the
encoding of the width of the high-probability region of the stimulus distribution: as
suggested by the adaptive decrease in neural gain (as a lunction of either local stimulus
intensity or deviation from global-mean) and the slight widening of the step-size

functions.

6.1.4: Chapter 5: Mechanisms underpinning adaptation

I'he aim of this chapter was to explore some of the mechanisms underpinning
adaptation. through the use of computer simulations. The majority of simulations were
implemented using a conductance-based. Integrate & Fire. neuron developed by Alain
Destexhe (1997).

Adaptation to global mean and variance were found 1o be distinet in terms of




their effects on neural output, thus, it was argued, they may be underpinned by distinct
mechanisms: with the caveat that both mechanisms must be able to coexist, as stimulus
modality was unchanged.

The adaptive shift in the neural-stimulus response function and the invariance of
the step size function was best approximated by a model consisting of tonic inhibition
and spike-rate adaptation: spike-rate adaptation was executed as a dynamic firing
threshold mechanism.

Gain modulation was implemented in several models: increasing the firing rates
of background conductances in proportion to stimulus variance (Chance et al. 2002),
adjusting levels of synaptic depression in recurrent excitatory and inhibitory units, such
that the difference between afferent inhibition and excitation was reduced (Chelaru &
Dragoi, 2008) and by driving depressing. recurrent excitatory and inhibitory units with a
non-linear transformation of the stimulus,

By increasing background firing rates in proportion to stimulus variance, it was
possible to simufate the adaptive decrease in gain in the model cell. The simufations
performed here indicate that this model of gain modulation can be applied to the i vivo
case, with the following caveats: noisy. background firing rates can only increase with
stimulus variance, therefore the presynaptic inputs, which generate background Poisson
activity, must show dependence on the stimulus.

Within the introduction to Chapter 3, several models were reviewed in which the
gain modulation was dependent on the presence of synaptic plasticity and the relative
relationship between excitation and inhibition. A model of asymmetric synaptic

depression was implemented. in order to generate these relative changes in inhibition and
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excitation.

The model was tested in the both a steady-state and time-varying case. Excitatory
depression was weakened as stimulus variance increased, thereby increasing the
excitatory drive acting on afferent inhibition and reducing gain in the model cell. The
output of the asymmetric depression model of gain modulation was not as robust as for
the Frances Chance model, highlighted above.

[t was hypothesised that the stimulus configuration itself would allow for release
from depression, under the higher-variance conditions: thus depression levels would
become increasingly balanced. However, the inherent variance in the stimulus was not
sufficient to generate the relative relief from depression necessary to initiate a
multiplicative decrease in neural-gain. It was argued that the temporal dynamics of
depression were too slow to fully capture the changes in input signal on the 40ms scale.
The addition of fast-facilitation (the time constant ol recovery was 100ms, compared to
300ms for depression) onto the excitatory-to-inhibitory recurrent synapses did elicit a
slight increase in recurrent excitatory drive as stimufus-variance increased, thus shifting
the balance of the network towards inhibition, but only when recurrent excitatory
connections were relatively more depressed than the inhibitory synapses . In the presence
of spike-rate adaptation and tonic inhibition, acting on the read-out cell of the model,
facilitation was sufficient to generate a significant decrease in neural gain, inversely to
stimulus-variance levels.

The combination of tonic inhibition and synaptic depression has been shown to
elicit multiplicative gain changes in the cerebellum (Rothman et al. 2009). The effects of

facilitation (an overall reduction in firing-rates as a function of input signal) were
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therefore enhanced by the non-linear interaction of tonic inhibition and feedforward
synaptic depression.

It was decided to use a non-linear input to drive the I & F model directly. The
stimulus current was filtered through a bank of parallel non-linear rectified filters. prior to
injecting it into the model (the filters were identical to those used to drive the background
modulatory conductances in the earlier model of gain modulation; the crucial feature was
that the absolute threshold of each filter was set to be slightly higher than the global-mean
value of the stimulus). 1t was hoped that the increase in overall levels of afferent input,
for the higher variance adapting conditions, would be strong enough to shift the bias of
the recurrent network towards inhibition,

There was a significant decrease in the slope of the read-out cell under all
synaptic configurations (no recurrent depression, asymmetric depression with either
excitatory depression stronger or weaker than inhibition and balanced depression
configuration). There was no significant change in the stimulus amplitude that elicited the
Sso under any condition. The presence of spike-rate adaptation and tonic inhibition, acting

on the read-out cell, strengthened gain modulation.

6.2: General Discussion

6.2.1: Information theory and Efficient Coding Hypothesis

Information Theory arose as a method for quantifying information transfer along
artificial communication systems (Shannon 1948). Horace Barlow, along with several
other scientists (e.g. Attneave 19534 Craik 1948). made the important link between
Information Theory and biological nervous systems, which are essentially faced with
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many of the same issues as communication systems. Nervous systems must transform and
compress vast amounts of information along highly restricted channels for receiving and
processing of sensory inpul, further-up the neural hicrarchy.

According to the principles of Efficient Coding Hypothesis (Barlow 1961). cells
will adjust their responsiveness, in a stimulus-distribution dependent manner, such that
information about the most common stimulus feature can be encoded with the minimum
number of spikes: the main principle of Information maximisation holds that the
underlying encoding strategy is to maximise the amount of mutual information a spike
carries about the input that elicited it. thereby minimising the number of action potentials
needed to encode sensory input accurately. Spikes can carry information about the
stimulus in their average firing rate, over time; thus, the optimal solution (whether the
underlying principle is maximising either mutual information or redundancy reduction) is
for neural rate-functions to be centred on the global mean and broad enough to encode the
full stimulus distribution. An example of a stimulus fcature that must be encoded as
simply and efficiently as possible is visual contrast, as 1tis a universal component of the
visual scene.

As highlighted in Chapter 2, there is wealth of evidence to suggest that the
encoding of contrast is based on Information Theoretical principles. For example contrast
adaptation, shifts the neural contrast-response function such that cellular threshold (as
determined by the half-maximal point on the tuning tunction) is set to the adapting
contrast (Ohzawa et al. 1985). The contrast-response function itself is sigmoidal in
nature, and reflects the Gaussian distribution of stimulus contrast within the environment

(Laughlin 1981).



Of course, as been elucidated within this thesis, encoding of whisker deflection
amplitude (a stimulus feature analogous to visual contrast, as it is also a measure of
fluctuation about a global mean) is not strictly within the bounds of information theory.
Certainly, adaptation to variance was in line with the principle of Efficient Coding
Hypothesis in that the slope (or neural gain) of the neural rate function, for the majority
of neurons within the population, decreased (as measured at the half-maximal point) as
stimulus variance increased. The decrease in gain resulted in a much broader slope thus
allowing for adapted neurons to respond, in a dynamic manner, to amplitudes within the
high-probability distribution.

In terms of adaptation to stimulus mean. adaptation centred the population
stimulus-response function to a location in the stimulus-space that was always just
outside the high-probability region. The Fisher function also peaked just outside the high-
probability region.

The Fisher function is essentially a measure of how well one can estimate the
stimulus parameters from the neuronal response; thus, it was clear that, over the
population, adaptation served to improve the transmission of sensory input that was of a

higher intensity than the prevailing stimulus levels.

6.2.2: Encoding strategies
The location of adaptive neural threshold and peak Fisher Information tends to
suggest that as well as encoding general stimulus levels, neurons may be primed for

novelty detection (Dean et al. 2005). However. it was found that novelty detection was

not necessarily the underpinning encoding strategy. Instead neuronal output was scaled,




across the different mean adapting levels, to maintain the relationship between firing rate
and changes in the stimulus amplitude between one 40ms stimulus step and the next. For
the majority of cells within the population, this relationship was biased towards positive
step-sizes only, i.e. adapted neurons did not respond to differences in amplitude steps that
were less than zero and the firing rate increased almost linearly as the gap between
concurrent stimulus-step amplitudes widened.

Due to the stimulus configuration, the majority of step sizes encountered were in
the range of +£150pum. The strongest firing rate responses were found for step-size
differences outside this range. This was also reflected in the average spike-triggered
stimulus which revealed that a firing event was most likely to occur when the preceding
stimulus intensity was much weaker than the stimulus that elicited the spike (and that
spike-triggered input was generally stronger than the global mean of the adapting
stimulus).

Barrel cortex neurons were also sensitive to how far the stimulus, at each time
step. deviated from global-mean fevels. The response functions scaled up to each other
when normalised by global levels of standard deviation, thus it would appear that neurons
were not interested in the amplitude of sinusoidal whisker deflection, per se, but in the
changes in deflection intensity every 40ms.

This has parallels with a recent paper by Ringach and Malone (2007) in which it
was found, in monkey V1 at least, that sensory cells appear to act as deviation detectors,
which amplify large signals at the expense of background noise. The discovery that the
majority of neurons, within the barrel cortex population. had adaptive step-size and

deviation-from-the-mean functions that were invariant, with respect to stimulus mean,




builds on a slowly growing body of evidence (e.g. Ringach & Malone 2007; Wimmer el
al. 2008) that information maximisation may not be the only strategy underpinning the
encoding of simple stimulus features, such as contrast or whisker deflection amplitude.

There was some evidence that a small number of cells were acting as novelty
detectors, in that the step-size functions increased away from a local minimum value
(close to zero) in both directions. Of this subsample, only four cells had symmetrical
functions. implying that these neurons responded to the absolute value of the step-size
difference in amplitude: responses were still invariant with respect to stimulus mean.
However it could not be ruled out that the responses were due (o latency differences
between these cells and the majority of the population. The decay response to large step-
size differences in amplitudes tended to be longer in the novelty-type cells, thus it could
be argued that the apparent equal preference for negative step-sizes could be due to the
response being inherited from the decay of the response to the preceding amplitude
(which of course would be of stronger intensity).

The other interesting facet of adaptive behaviour to be revealed from this analysis
was that the step-size functions of neurons, adapted to stimulus variance, were not
mvariant. The normalised deviation-from-mean functions also tended to diverge for
strongest, positive deviations.

This implies that two different strategies underpin the encoding of stimulus
variance and deviations-from-the-mean. Neurons encode the stimulus distribution
through adjustments in neural gain and local deviations-from-mean by neural threshold.

One can argue that neurons are able to adjust their encoding strategy depending on the

adapting conditions. Under adaptation to increasingly noisy stimuli, neurons shift from a




regime of encoding deviation to one of encoding the stimulus distribution.

6.2.3: Mechanisms of adaptation

Adaptation to stimulus mean was modelled by incorporating a spike-rate
adaptation mechanism and increased levels of tonic inhibition into the model. Spike-rate
adaptation has been implicated as a possible mechanism for contrast adaptation (Sanchez-
Vives et al. 2000) where it is mediated via sodium- and/or calcium-dependent.
hyperpolarising, potassium current. The current is strongest after spiking and prevents
repolarisation (it is termed the after-hyperpolarising current, or [yp), thereby reducing
the ability of the cell to fire, with the same rate. to a given stimulus.

Within the model. spike-rate adaptation was implemented as a dynamic firing
threshold that increased with every spike and decaycd exponentially back to the absolute
firing threshold between spikes. Thus for every spike fired. the threshold for the next
spike (within a given time window) would have increased, thereby suppressing firing.
Spike-rate adaptation generated a lateral displacement in the model cell's stimulus-
response function (as per Garcia-Lazaro et al. 2007). but not invariance of the step-size
function.

Spike-rate adaptation, via a mechanism of dynamic threshold, is essentially self-
limiting process and is dependent on the stimulus in a time-dependent manner. As
membrane threshold increases, the ability of the cell to fire is reduced thus allowing for
membrane threshold to begin recovering back to base level. As stimulus variance
becomes grealer, the number of sub-threshold, as well as supra-xh:‘c,hlmld. stimuli

increases, also allowing for recovery of the membrane threshold.
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It was thus decided to incorporate tonic inhibition into the model cell. This was
inspired partly through replicating a model developed by Murphy & Miller (2003). in
which lateral displacement of the model stimulus-response function was achieved by
increasing tonic inhibition and having a linear relationship between stimulus and driving
current. The amount of tonic inhibition was directly related to the global mean amplitude
of the stimulus and was thercfore independent of local changes in stimulus intensity.

In the presence of both tonic inhibition and spike-rate adaptation, the degree of
stimulus-response function displacement in the model cell, was comparable to that
observed experimentally, especially with reference to the first three adapting global-mean
conditions. Both model step-size and normalised deviation functions displayed invariance
and the peak Fisher Information functions were centred on amplitudes outside and greater
than the high-probability region.

Correspondence with the experimental data was less pronounced for the final
mean adapting condition, In the experimental data, the step-size tunction for the strongest
globat-mean fevel was significantly different from the middle two high-probabitity
conditions; however the degree of difference in the simulated data was greater than that
observed experimentally. The model cell, peak Fisher function was located within the
high probability region of the stimulus space. thus suggests the degree of displacement in
the stimulus-response functions was not comparable to that observed experimentally.

It could be that the range of stimuli used o test the model cell was not wide
enough. The rate-functions ol all barrel cortex cells. following adaptation, were displaced
to lie outside the high-probability region and reached response maximum at =600pum: this

possibly represents the biophysical response limits within the barrel cortex. The model
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cell is not subject to the same constraints as biological neurons, therefore the stimulus
range may not have been extensive enough to drive the model cell to reach its firing
limits.

As to the biological validity of the model, there is strong evidence to suggest that
spike-rate adaptation is involved in the suppression ol responses observed in response 1o
sustained stimulation. within V1 (Sanchez-Vives et al. 2000). Certainly there 1s evidence
that a tonic hyperpolarisation can elicit contrast adaptation (Carandini & Ferster 1997),
however there is also evidence that blocking GABA inhibition has no effect on adaptation
(¢.g. Vidyasagar 1990; Mclean & Palmer 1996). The important factor is how the
mechanism operates: it is essentially a high pass filter, thus only those stimuli strong
enough to counteract inhibition will elicit a response in the model cell. As inhibition
increases with global mean, only relatively higher intensity stimuli will pass the
inhibitory filter, thereby initiating an increase in firing threshold via spike-rate adaptation.,
The combination of the two factors (tonic inhibition and spike-rate adaptation) scales the
output of the ceff to be invariant with respect to stimulus step-size.

Adaptation to variance was also simulated by several different models. All the
experimental results were replicated by a model of increasing the firing rates of
background excitatory and inhibitory, stochastic conductances in a balanced manner
(Chance et al. 2002). in proportion to stimulus variance. The model replicated the
experimental data even in the presence of tonic inhibition and incorporating random
background conductances into the model of adaptation to stimulus mean did not affect
output adversely.

Therefore this model represents a universal mechanism for generating gain




control following both adaptation 1o either mean or variance. The model relies on
background firing rates increasing with stimulus variance only. If one considers the
stimulus configuration, it is fair to assume that firing rates would increase with stimulus
variance as the number of high intensity stimuli presented frequently increases, especially
it the sources of background noise are already adapted to global mean amplitude.
However. this caveat only holds it one assumes that background activity is derived from
cells that are also un-adapted to variance. In order to test this hypothesis, background
firing rates were derived from a bank of non-linear filters, which approximated the
activity of background noise sources that were adapted to global mean. Non-linear filters
were set o have thresholds that were greater than the global-mean of the stimulus and the
outputs were used 1o create Poisson-generated background conductances. There was no
difterence in the average level of either excitatory or inhibitory background conductance,
as a function of stimulus amplitude; however, averaged over the stimulus presentation as
a whole, conductance levels did increase overall with stimulus variance. The model
replicated gain modulation, but only with tonic inhibition and spike-rate adaptation
Within the Frances Chance model (Chance et al. 2002). gain modulation arose
through a combination of shunting inhibition eliciting a lateral shift in response function
and increased noise enhancing firing rates for lower amplitude stimuli (see Figure 6.1).
Within the model of gain modulation presented above, the small increase in global-mean
levels, due to inereased stimulus-variance. elicited a slight lateral displacement in the

stimulus-response function; this combined with shghtly elevated firing rates, as a

function of adapting variance levels. was sufficient to generate the decrease in gain.
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Figure 6.1: Effects of shunting inhibition and noise on neural response

A: Input-outpul functions for a neuron without (circles), and with (squares) 32 nS of
additional constant conductance in the absence of any additional noise from background
svnaptic input. The input-output function is displaced laterally. B: Input-output functions
for a different neuron in the 1 X condition (circles) and with the same level of
conductance but input noise equivalent to the 3X condition (squares). The effect is a
relative increase in firing rates for the lowest inputs, resulting in a change in the slope of
the firing-rate curve. C: The firing-rate function for another neuron under the 1X (circles)
and 3X (squares) conditions. The combination of lateral displacement and enhanced
firing rates for lower intensity inputs generates a decrease in gain. Taken from Chance el
al, (2002)

Adaptation was also modelled by adjusting the relative strength of both afferent
inhibition and excitation within a population of recurrently connected inhibitor and
excitatory neurons. which provided feedforward input to a read-out cell. The mechanism
of gain modulation was achieved by network inhibition becoming progressively stronger,
as variance increased; thereby suppressing the overall responsiveness of the cell. Because
afferent excitation was also increasing there was an overall decrease in neural gain rather
than threshold in the cellular response profile. The change in output was brought about by
weakening excitatory depression and thereby increasing the drive acting on inhibition,
The model was tested with a steady-state model, in which the output of the cell for a

given stimulus was dependent on the levels of depression between the two populations

and was, therefore, fixed, as a function of the relative balance of depression between the
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two populations of excitatory and inhibitory neurons. The results from this simulation
replicated the experimental data well.

The model was also tested under a time-dependent condition, which could
accurately model the temporal dynamics of the recurrent synapses. A small network of 4
excitatory and | inhibitory 1 & I cells were recurrently connected to each other and
provided feedforward input to a read-out cell. Recurrent excitatory depression was fixed,
such that it weakened with every increase in stimulus variance and approached levels of
inhibitory depression. The model displayed overall decrease in firing rates: however this
was not accompanied by a decrease in gain. Thus the model didn’t replicate the
experimental data as robustly as the steady-state model.

One key feature of the adapting stimulus is that the presentation frequency of sub-
threshold intensity levels increases in line with stimulus-variance. In theory, this could
result in an overall release from excitatory depression (as synapses would have more
opportunity to recover) and the simulus conditions necessary to generate a decrease in
gain would arise. The model was tested under several different depressing configurations
to test whether the inherent diversity within the stimulus would elicit the requisite relief
from excitatory depression.

It was only achieved with both facilitation and depression acting on the recurrent
excitatory-to-inhibitory synapse and under the asymmetric depression conliguration with
strongly depressing excitation. Facilitation was modelled to be faster (Varela et al. 1997)
than depression (100ms recovery time) and was additive, and acted to boost the inital

synaptic response to supra-threshold stimuli. Under the asymmetric synaptic depression

configuration, excitatory synapses were relatively suppressed (as compared to the




balanced configuration) and the addition facilitation had an observable effect on the
levels of recurrent excitatory drive acing on inhibition. Facilitation resulted in an overall,
slight decrease in firing rates in the read-out cell. It has been demonstrated
experimentally (Rothman et al. 2009) that the combination of tonic inhibition and
synaptic depression elicits multiplicative changes in neural gain; thus the small decrease
in overall firing rates due to facilitation of inhibition was enhanced by the multiplicative
decrease in neural gain elicited by the slight increase in tonic inhibition (in combination
with feedforward depression).

Facilitation is a feature of synaptic activity within the neocortex and can be highly
synapse specilic (e.g. Thompson 1997 Markram, Wang & Tsodyks 1998, Reyes, Lujan,
Rozov. Burnashev, Somogyi & Sakmann 1998) thus it is entirely feasible that gain
modulation could arise through such a mechanism. However, the effects were not robust,
i.e. were only present for the asymmetric depression configuration and required the
presence of tonic inhibition, feedforward depression and spike-rate adaption acting on the
read-out cell.

It was decided to use aspects of all the models highlighted above to generate a
final model of gain modulation. A network of 4 excitatory and | inhibitory I & F neurons
were recurrently connected to each other and provided feedforward input to a read-out |
& F cell, with tonic inhibition and spike-rate adaption acting on it. Feedforward
depression was fixed to have a value of 0.8 and recurrent depression was non-existent,
balanced or asymmetric. The non-linear input, as described in the background noise
model above, was used to drive the | & F model directly. rather than via a background

conductance. The stimulus current was filtered through a bank of parallel non-linear




rectilied filters, with thresholds set 1o be higher than the global mean ol the inpul.

The stimulus under the low variance condition rarely crossed the input-filter
threshold thereby resulting in large intervals between the recurrent-network being driven
to respond. As variance increased, the presentation ol supra-threshold stimuli also
increased, therefore the network responded more frequently and overall synaptic activity
was increasingly suppressed. This led to a decrease in neural-gain as a function of
stimulus-variance, in both excitatory and inhibitory feedtorward signals. Gain modulation
was enhanced by both tonic inhibition and spike-rate adaption. but did not dependent on
it entirely.

Under conditions of adaptation to global-mean. the read-out cell displayed a
lateral displacement that was dependent on global-mean levels: the step-size and
normalised deviation-from —mean functions also displayed invariance and thus matched
the experimental data,

The advantage of the background firing rate model of gain modulation (Chance et

al. 2002) is that it is refatively simple, e. there is no direct refiance on synaptic dynamics

to generate gain modulation. However it does require that background firing rates are

correlated somehow with the stimulus and must also be derived from a non-adapting
source. This leads to the suggestion that if this s the mechanism by which gain
modulation is generated, the strength of adaptation, in a given cell, would be strongly
dependent on levels of adaptation in surrounding neurons, assuming of course that much
ol the modulatory drive acting on a cell is local in origin. One possible suggestion is that,
if adaptation to stimulus statistics in the inferior colliculus (Dean et al. 2003) is

representative of the thalamic response both across stimulus modalities and rodent




species, modulatory sources are derived from neurons that inherit their response profiles
from their thalamic afferents. An even simpler proposition, however. is that barrel cortex
neurons receive their primary source of afferent input directly from adapted thalamic
cells and gain modulation emerges through the interaction between the non-linear input
and synaptic depression. This would allow for adaptation to simple stimulus features such
as noise and intensity levels to emerge from the network without the need for extensive

computations.

6.2.4: Functional significance

[n terms of the functional significance of these results, it should be noted that
intensity is not the most important feature of the stimulus, for example barrel neurons are
highly sensitive to velocity of whisker deflection (e.p. Maravall et al. 2007). However, as
with contrast-gain in the visual system, amplitude fluctuations about the mean are such a
universal feature of sensory input. across all modalitics. that encoding this information
represents a fundamental feature of neural computation. By adjusting the relationship
between firing rate and stimulus in response to global and local levels of intensity
fluctuations, this allows for other, higher level featurcs of the stimulus space to be
encoded by other more complex mechanism, such as spike-timing for example. The
argument here is that amplitude of whisker deflection is analogous to contrast in the
visual system, therefore understanding its functioning and how it is encoded can only add
to understanding about brain function in general. Visual contrast is known to have
profound effects on responsiveness of simple cells within V1 (e.g. on spatial summation,
Sceniak. Ringach, Hawken & Shapley 1999), therefore it is possible that whisker

deflection amplitude may have similar effects on responsiveness to higher stimulus
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features. within the barrel cortex.

Rats constantly use their whiskers, to convey information about texture within the
environment. The analysis of the experimental results, reveal that during conditions of
relatively low noise. barrel cortex neurons are primed to detect deviant signals. It is
useful to consider what is most efficient in the low-noise case. There is clearly an
advantage in being primed to signal rapid changes in input when the environment is
rarely changing. Information theory was of course developed to account for
communication systems, which are different from neural systems in one important facet -
they have been designed! Nervous systems have evolved and thus, in engineering terms,
are not perfect. Clearly there is evidence that encoding of contrast in V1 is in line with
Information theory, therefore one can assume that it is advantageous to have contrast
encoded in a manner that maximises information with the minimum number of spikes.
Within barrel cortex the situation is somewhat different: whisker deflection amplitude can
not cover the same order of magnitude that visual contrast does. Therefore, it may well be
advantageous to have a trade off between efficiency and being ready to respond to farge,
novel stimuli. Clearly. in noisy environments the encoding strategy switches to one in
which the distribution is encoded along information theoretical principles.

Finally. a recent study (von Heimendahl, Itskov, Arabzadeh & Diamond 2007)
looking at the correlation between barrel cortex firing rates and texture identification, in
rats trained in a texture discrimination task, found that the spike trains in the 75ms before
a task was performed contained the most information about the stimulus. It was
concluded that the animal's perceptual judgment of texture is highly dependent on firing

rates within this time window. This suggests that the invariance of the step-size function




is a necessary component of texture-discrimination.

6.2.5: Future work

In terms of future work, there are a few questions that remain unanswered from
this analysis of the data. For example, the time course of adaptation to the global statistics
ol the stimulus could not be assessed with any certainty from the data provided. An
optimal experimental design to analyse the time course of adaptation would be a
switching stimulus, such as that performed by (Dean et al. 2008) in the inferior colliculus
(1C). It was found that adaptation to global mean in the 1C was fairly rapid (<300ms); no
experiments were performed exploring the time course of variance. It would be
interesting to see whether a) there are any differences in the time course of adaptation
between the thalamus and the barrel cortex and b) to see if the time course ol adaptation
to variance and mean are distinct from cach other. If adaptation is predominantly
‘inherited” from sub-cortical afferent input. one would expect that the development of the
cortical adaptive response would occur within a time window only slightly longer (to
allow for signal transmission) than that observed in the thalamus. This would lend weight
to the model of adaptation that combined non-linear afferent input and synaptic
dynamics: it would be expected that adaptation, within this model, would be reliant on
transmission latency only, as it emerges without the need for complex processing or net
changes in the balance between inhibition and excitation to develop.

[t would also be useful to compare the adaptive response of the thalamic region
that provides afferent input to the barrel cortex. with the experimental data presented here
and in Garcia-Lazaro et al. (2007). The adaptive responses in the inferior colliculus (1C)

were distinet from the barrel cortex data in 3 key areas:




[. that adaptation to variance was relatively uncommon in the 1C,

2. that neural gain increased with stimulus variance and

fad

that the step-size functions following adaptation to stimulus mean were
not invariant with respect to adapting global mean levels.

These key features could be unique to the auditory system or. as the [C is
subcortical, they could represent a transformation of adaptive strategies between thalamus
and cortex.

In terms of the increase in gain observed within the IC, in response to increased
stimulus variance. there is a possibility that the analysis of the data may have been
subject to a similar error as was found for the experimental data presented within Chapter
3. In which case, adaptation to variance, within the IC, would result in a decrease in gain,
as per the expectations of the Efficient Coding Hypothesis.

As Barlow himsell noted, the Efficient Coding Hypothesis is focused on how
information is packaged for processing of sensory information. If there is a difference in
thalfamus/cortical adapting strategies it could represent the fact that primary sensory areas
are not simply relay stations but active processing arcas, which can influence perception.
When Barlow initially worked on his hypothesis the prevailing view of neural processing
was hierarchical: for example simple visual features such as orientation, spatial frequency
ete are detected in V1 then more complex processing is performed in V2 and further up
the cortical hierarchy. This view is now falling out favour with the greater understanding
ol the role and function of feedback and feedforward connectivity in VI (e.g. Angelucci
& Bullier 2003; Angelucci et al. 2002 & Bullier 2001). Any differences between

thalamic and cortical adaptation to stimulus mean could be an indication that thalamic




areas are more focused on transmitting sensory input, whilst the barrel cortex is

performing more complex computations on the environmental data.

6.3: Conclusion

ot

In conclusion, the main findings of this thesis are that:

. Adaptation to variance results in a decrease in neural gain, in line with the

principles of the Efficient Coding Hypothesis, as proposed by Horace Barlow.

. The lateral displacement observed following adaptation to global mean serves to

maintain the relationship between firing rate and local changes in the stimulus.

. The lateral displacement and invariance of the step-size and normalised

deviation-from-mean functions were replicated by introducing spike-rate
adaptation and a tonic inhibition (whose strength was dependent on the global
mean stimulating amplitude) into a model, conducntance based, I & F, cell.

Gain modulation was modelled by increasing. in proportion to stimulus variance,
the firing rates ol Poisson-driven excitatory and inhibitory conductances in a
balanced manner, thus confirming that the in vitro model of gain modulation
though background noise (Chance et al. 2002) can be applied to in vive data.
This was also achieved by having background firing rates derived from a bank of
non-linear filters of the stimulus (to approximate background noise arising from
sources already adapted to global-mean); overall background firing rates
increased, with stimulus variance, sufficiently to generate gain modulation, but
only in the presence of spike-rate adaptation and tonic inhibition.

There is evidence to suggest that it is the changing relationship between afferent

excitation and inhibition that generates changes in neural gain; this was




simulated in a model ol'asymmetric synaptic depression (Chelaru & Dragoi,
2008) but less successtully, The model best approximated the experimental data
by incorporating both facilitation and depression onto recurrent excitatory-to-
inhibitory synapses. when recurrent excitatory synapses were more strongly
depressing than inhibitory synapses.

6. Gain modulation was clicited by a combination of the models above. whereby

non-linear afferent inputs (derived from a bank ol non-linear, rectified filters of
the stimulus whose threshold was set 1o be slightly higher than the global mean
amplitude of the stimulus) were used to drive the recurrent population of
excitatory and inhibitory I & F cells. The combination of recurrent depression
acting within the network and feedforward depression, spike-rate adaptation and
tonic inhibition acting on the read-out 1 & F cell elicited a decrease in neural
gain as global variance increased. under various depression configurations. The
decrease in gain was diminished but not abolished in the absence of tonic

inhibition and spike-rate adaptation.

Adaptation to amplitude of whisker deflection is clearly an important part of
processing of sensory input. While it is not the most relevant feature of the stimulus, the
results presented here demonstrate that neurons change their coding strategies depending
upon the overall levels of mean amplitude and variance in the sensory input. The
argument presented here, based on reanalysis of experimental data (Garcia-lLazaro et al.
2007), is that under low-noise conditions, neurons act as deviation detectors. primed to

respond to large and rapid changes in the stimulus: however, under conditions of




increased noise their main function is to compute the full range of the stimulus

distribution through an adjustment in neural gain.
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