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Lehky et al. (2011)provided a statistical analysis on the responses of the readed 674
neurons to 806 image stimuli in anterior inferotemporalm (&) cortex of two monkeys. In
terms of kurtosis and Pareto tail index, they observed thatte population sparseness of
both unnormalized and normalized responses is always largehan their single-neuron
selectivity, hence concluded that the critical features foindividual neurons in primate AIT
cortex are not very complex, but there is an inde nitely larg number of them. In this
work, we explore an “inverse problem” by simulation, that isby simulating each neuron
indeed only responds to a very limited number of stimuli amana very large number of
neurons and stimuli, to assess whether the population spaeness is always larger than
the single-neuron selectivity. Our simulation results shothat the population sparseness
exceeds the single-neuron selectivity in most cases even ihe number of neurons and
stimuli are much larger than several hundreds, which con rmthe observations inLehky
et al. (2011) In addition, we found that the variances of the computed kuosis and
Pareto tail index are quite large in some cases, which reveakome limitations of these
OPEN ACCESS two criteria when used for neuron response evaluation.
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Petr Lansky,
Academy of Sciences of the Czech

Republic (ASCR), czechia 1. INTRODUCTION

Reviewed by: | h h . . dtissatisf in di
Sidney R. Lehky, n recent years, many researchers have investigatedtiss neuron responses in di erent

The Salk Institute, United States ~ Visual cortical areas, since statistical characterisfic&urons are important to theories of object
Andrey Olypher,  representation and population decodingiésenhuber and Poggio, 1999; Hinton et al., 2006; Lehky
Georgia Gwinnett College, et al., 2007; Baldassi et al., 2013; Cadieu et al., 2014 %atral., 2014; Dong et al., 2016; Chang
United States and Tsao, 20])7
*Correspondence: Single-neuron selectivity and population sparseness are tporirant characteristics of neuron
ZhanyiHu  responses, which have been extensively investigatedritlites (ehky et al., 2005, 2011; Franco
huzy@nlpria.ac.cn et g, 200Y. Single-neuron selectivity is determined from singlesrma responses to all the stimuli,
while population sparseness is determined from population resgotsédividual stimulus. In
Received: 07 January 2017 | ahky et al. (2005and Tolhurst et al. (2009)single-neuron selectivity and population sparseness
Al;cuclflipst::c:i' 213;;‘:'9 igi; of neurons in the V1 area were investigated. Compared with-llowel visual cortical areas,
' _y_ inferotemporal (IT) cortex, where complex stimulus features eequired for the activation of
Dong Q. Liu B and HUC;""(“Z‘(’;?) IT neurons Kobatake and Tanaka, 1994s generally believed tq be the nal stage |n object
Comparisoé of IT Neural Response recognlpon Gross, 2008 Franco e_t al. (2007investigated the single-neuron sele_ctlvny and
Statistics with Simulations. _Population sparseness of neurons in monkey IT cortex, and coied that they were identical.
Front. Comput. Neurosci. 11:60. In contrast to the results ifrranco et al. (2007).ehky et al. (2011provided a statistical analysis
doi: 10.3389/fncom.2017.00060 on the responses of 674 monkey IT neurons to 806 stimulus imagey additionally performed
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simulation experiments on a synthetic set of responses gtatera criterion and the Pareto tail index criterion. Here, we ofibcus

by gamma distributions. And their results showed that singleon the preservation of the relative magnitude order, not the
neuron selectivity and population sparseness in monkey ITomputed absolute values, between the population sparseness
cortex were quite dierent. In their work, single-neuron and the single-neuron selectivity.

selectivity and population sparseness were measured by isirtos To make the simulation meaningful, the rst crucial issue
and Pareto tail index. They observed that the populatioris how to simulate the neuron responses. Here, we adopt the
sparseness is always larger than the single-neuron sefgctiviollowing two neuron response generating models:

for both unnormalized and normalized responses, which i
interpreted as that the critical features for individual mens

in primate anterior inferotemporalm (AIT) cortex are not very
complex, but there are an inde nitely large number of such
critical features. This is largely dierent from the traditial
structural models of object recognition, where a small nemb

of standard features are employed.

In this work, our goal is not to build quantitative predictive
models of neuron responses, unlikemins et al. (2014xhere a
four-layered regression model is introduced to accurgpeddict
monkey IT neuron responses, afidhang and Tsao (201Where
an axis model is proposed to decode face representation. Rather
our goal is to investigate the following “inverse problem” on
the conclusions irLehky et al. (2011by simulation: Assuming
each neuron only responds to a very limited number of stimuli
among a large number of neurons and stimuli, whether the
population sparseness is always larger than the single-neuron
selectivity, especially when the number of neurons and dtimu
increases. To our knowledge, there is no investigations on
such an issue in the literature up to now. Considering it
is impractical, even impossible, to record too many neuron
responses, the above issues are addressed in this work with th
synthetic neuron responses generated by two models separatéiiyie advantage of the rst model is that we can strictly control
under varying neuron numbers, stimulus numbers, and noiseghe maximum response number of individual neurons, which
levels. is set by the parameteNmax. Its disadvantage is that the

With such synthetic neuron responses, our results supporenerated responses lack of any biological basis. As our pnoble
the interpretations inLehky et al. (2011)In other words, if is to investigate the “inverse problem,” we thought this latk
each neuron only selects a limited number of features antethe biological basis does not severely a ect the validity of ourkvo
are many dierent features, by both kurtosis and Pareto tail The advantage of the second model is that each neuron
index, the population sparseness is larger than the singleemeur response does approximately satisfy the IT neuron responses
selectivity in most cases for both the two response gengratirin Lehky et al. (2011)but the maximum response number of
models. Besides, we also observed that the variances of ihdividual neurons cannot be explicitly controlled. In thecond
computed kurtosis and Pareto tail index in some cases are quitnodel, another problem is that although single-neuron resgsns
large, which reveals some limitations of these two critarien  can be modeled by a gamma distribution, how to generate the

S(1) Assuming there ar&l stimuli and an upper-limit number

of neuron response®max per neuron Nmax  N), the
exact response number for each neuron is generated at
random from the sefl, 2, 3, .. Nmaxg (explicitly controlling

the small number of the critical features for each neuron),
and the corresponding indices of the stimuli which activate a
neuron, are determined at random from the $&t 2, 3, ..\Ng

(re ecting the fact that there are a large number of di erent
critical features to which di erent neurons are tuned). Then
the response magnitude is generated at random under a
prede ned distribution, as described in Section 2.2.1. In
addition, synthetic responses with neural correlation are
generated by the Copula method( et al., 200Y.

(2) As shown inLehky et al. (2011)the IT single-neuron
responses can be modeled by gamma distributions where
large-magnitude responses have a high probability of
occurring within a limited stimulus set, and noise can be
modeled by Poisson noise. Hence, we also used the same
model inLehky et al. (2011fo generate synthetic responses
with/without noise and neural correlation, as described in
Section 2.2.2.

used for neuron response evaluation. two parameters (the shape and scale) of the gamma distribution
for population neurons, is a dicult, even an open issue. In

2. METHODS Lehky etal. (20111hese two parameters are separately generated
also by two gamma distributions under xed parameter setsing

2.1. Overview We found how to generate the two parameters of the gamma

In this work, assuming the conclusions lrehky et al. (2011) distribution of individual neurons could signi cantly a ecthe
always hold true regardless of the number of neurons aneéstimated kurtosis and Pareto tail index, which will be dissed
stimuli, that is, the critical features for individual neanrs in  in detail in Section 4.

primate AIT cortex are not very complex, but there are an Taking into account of the above points, we investigate both
inde nitely large number of such features, we simulate a@éar the two models in this work, and the nal results by the two
number of neuron responses subject to this assumption undanodels are indeed similar in most cases, which further con rm
various conditions by varying the neuron number, the stiomil the appropriateness of the interpretationsliahky et al. (2011)
number, the noise level, and then use the same criteria,ceis di In the following subsections, we rstly describe the response
Lehky et al. (2011for monkey AIT neurons, to assess whethergenerating methods derived from the two models in detaij an
the population sparseness for the synthetic responses is alwadkien introduce the related concepts, criteria, and the stias of
larger than the single-neuron selectivity by both the ksito IT neuron responses ihehky et al. (2011)
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2.2. Methods for Synthesizing Neuron The original synthetic response matrix is constructed as:
Responses The synthetic responses of each neuron are generated by a
At rst, we give some notations to facilitate the subsequenff@mma probability distribution. And for di erent neurons, tie
descriptions: gamma distributions are di erent, whose parametéssbg are

Notations: LetR 2 RN M represent a synthetic neuron responseSeparately generated by two gamma distributions with xed
matrix without noise, wherl is the number of the stimuli and Parameter settingsa] D gamrnd (4.0 ,05) and b D

M the number of the neurons. Theth(i D 1,2,..N) row 9amrnd (2.0 ,0.5), where gamrnd” is the Matlab gamma
represents the responses of all Maeurons to thé-th stimulus, ~ fandom number generator].

while thej-th(j D 1,2, ...M) column represents the responses of The synthetic noisy response matrix is constructed as: Each
the j-th neuron to all theN stimuli. LetR 2 RN M represent NOisy response is generated by replacing its corresponding

the synthetic noisy response matrix of the noiseless respon&sponse in the above original response matrix by a Poisson-
matrix R. distributed random number whose mean value is the same to the

original response.

The synthetic response matrix with neural correlation is
lconstructed as: The correlation values between neuronseire
to a constant, and then such synthetic response matrices are
generated by the Copula method( et al., 200Y.

2.2.1. Method-I for Synthesizing Neuron Responses
Following the above mentioned rst model, we assume that fo
each neuron, the number of the stimuli which can activates thi
neuron is no more than a preset positive intedéhax, Which
is much smaller than the total numbét of stimuli. That is to L ..
say, each neuron responds to no more tHdRax stimuli with 2.3. Concepts’ Criteria, and Statistics of IT
0< Nmax N.And we assume that the numbkr of neuronsis  Neuron Responses
quite large. Then, the noiseless response m&iixgenerated as 2.3.1. Dataset in Lehky et al. (2011)
follows: In Lehky et al. (2011)a 806 674 neuron response matrix is
constructed, consisting of the recorded responses of 674 AIT
neurons to 806 stimulus images of size 12B5. Each column of
this response matrix is the responses of a single neuron tbeall t
. N L 806 images, and each row of this response matrix is the response
S2 For thej-th(j D 1,2,..M) neuron, the indices . e 674 neurons to a single image. Some stimulus images
ij(k D 1,2,..Nj) of the above mentioned\; stimuli are are shown irFigure 1
selected randomly from the skt, 2,3, .. Ng As introduced in Section 1, single-neuron selectivity and
S3 For thej-th(j D 1,2,..M) neuron, its responseRij population sparseness are two related concepts of neuron
(k D 1,2,..N) to the pk th stimulus is de ned as responses. The single-neuron selectivity characterizes the
RP-kj jexp( P.k) where the scalar; is drawn from the distributions of single-neuron responses to all the stimuli,
[k d while the population sparseness characterizes the distribsition
of population responses to a single stimulus. For the above
mentioned response matrix, each neuron has a tted seldgtivi
the continuous uniform distributior  on the closed interval response probability density function, and each stimulusgma
[0, 1]. has a population response probability density functibigure 2

S4 Constructing a noiseless response maRixEach of the
synthetic responseF§51_<’j at Step S3is assigned to the element at

S1 For thej-th(j D 1,2,..M) neuron, the numberN; of
its selective stimuli is drawn from the discrete uniform
distribution 7 n,., Within the setf1, 2, 3, .. Nmaxg

continuous uniform distributions on the closed interval
[1, mad, maxiS a preset threshold, anqy] is drawn from

the ij-th row and thej-th column of R, and the rest elements
of Rare setto 0.

Considering that noise is generally involved in the recarde
neuron responses, we synthesize a noisy response riftom
the above noiseless matfkvia the following approach:

S1 Synthesizing a noise matrix : Its element
iji D 1,2,.N,j D 1,2,..M)is setasjj D max(0, i),
where j;j is drawn from the Gaussian distribution with mean
and standard deviation . In the following parts, is called
noise level.
S2 Constructingf® RD RC

2.2.2. Method-II for Synthesizing Neuron Responses

Here, we used the above mentioned second model (i.e., t
simulation model inLehky et al., 20J)1to generate synthetic
neuron responses with/without noise and neural correlation

FIGURE 1 | Example stimulus images from_ehky et al. (2011)
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normalized data', which is obtained by dividing the response
. of each neuron by its mean response across all the stimulus
= low selectivity images, is also used for calculating kurtosis on both singleron

= == high selectivity selectivity and population sparseness:

D r?'\l 2)

where r; is the response of a neuron to theth image,

N D % N . ri is the mean response across Mllimages.
According to Equations (1) and (2), the normalization has no
e ect on single-neuron selectivity in principle, but does have a
e ect on population sparseness.

probability density

2.3.2.2. Pareto tail index

0 response magnitude The Pareto tail indexHickands, 1974s utilized to analyse large
responses occurring on the upper tails of the probability density

FIGURE 2 | Probability density functions for high-selectivity and lo-selectivity functions _(PDFS)' In_ehky _et a]. (ZOlllallldata V\(erg tted with

neuron responses (ehky et al., 2011). a generalized Pareto distribution by maximum likelihood.

The PDF for the generalized Pareto distribution is de ned as:

1

. 1 r 1
(from Lehky et al.,, 20)1shows an example of selectivity pDf(rik, , )D =(1Ck—) * & 3
probability density functions, where the high-selectivity

probability density function (dashed line) has a heavier uppefyhere is the scale, is the threshold where the upper tail
tail than the |0W-Se|ectiVity probablllty density fUnCtidBO”d of the probabmty density function starts, ankl is a shape
line). Given a probability density function for single-newro parameter quantifying heaviness of the tail, called the tail
responses (or population responses) as showhigure 2, if it parameter.
has a substantial upper tail, it means high-selectivity respen  Generally speaking, if the kurtosis is large, it means the éiensi
have a larger probability of occurrence, in other words, theunction most probably has a heavy tail. Similarly, if the &ar
neuron is more selective (or the population response is morgyjl index is large, the density function also has a heavyNaite
sparse). that since kurtosis is a global measure of the shape of theeenti
In Lehky et al. (2011}the kurtosis and the Pareto tail index probability distribution but not just the tail, measures oftkosis
are used to measure the single-neuron selectivity and populati and measures of Pareto tail index may be di erent in some cases
sparseness of neurons, which are introduced, respectivellyein Note also that since population sparseness and single-neuron
following subsections. selectivity are evaluated by the same criteria and computéied
same formula, they are of no di erence from the computational
point of view.
Remark: Here, we would point out that for Method-Il, since
- h . L neuron responses are sampled from gamma distributions, whose
Kurtosis (strictly speaking, excess kurtosis) is a measutBe0  gnane and scale parameters are also sampled from two speci ¢
“peakedness” of a probability distribution for both singleanen oo ma distributions with the shape and scale parameters as
selectivity and population sparseness in many existing workgescribed above, a large portion of such synthetic noiseless
(Lehky et al., 2005, 2007, 2011; Tolhurst et al., pO®Nly e 100 responses are of a low magnitude, and accordinglyge la
depends on the_shape of the distribution, and is independent Ogortion of the synthetic Poisson-noise responses by Method-
the mean.or. variance. Il are zeros. Since for each neuron, the Pareto tail index is
Kurtosis is de ned as: computed by the largest 10% of its responses as didliky et al.
1 P N i N (2011) we found the Pareto tail index is too sensitive to Poisson-
Kurt D 1\‘,-: ,\'lDl : (1) noise responses, and the corresponding mean and median values
N ip1(i N)Z2 cannot adequately describe the synthetic responses (tasgks
are reported in Figure S4 of the Supplementary Materials). To
where for single-neuron responsesis the response of a neuron remedy this problem caused by sampling at integer values in the
to the i-th image,N is the number of images; for population pgjsson distribution with parameter> 0, we used a truncated
responses;; is the response oftheth neuron to an imageN  Gayssian distribution in place of the Poisson distribution to

: 1PN _ _ _ .
is the number of neurond\D i fi is the mean response.  generate a noisy respongin our experiments on Pareto tail
Normalization: Neurons in a population may have dierent jngex je.,

activation levels in some cases, then high population sparsenes p_
could arise as an artifact. To alleviate this problem, the QD max(Onormrnd ( , ) (4)

2.3.2. Calculating Single-Neuron Selectivity and
Population Sparseness
2.3.2.1. Kurtosis
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number generator, andnbrmrnd ( , )" generates random Poisson random number generatgoissrnd is used to
numbers subject to thep Gaussian distribution with mean generate noisy responses.
and standard deviation . Here, the truncated Gaussian We synthesize the response matrices by Method-I and
distribution is employed following the facts: (i) The meandan Method-Il separately. For Method-I, in order to ensure that the
variance ofgenerated from the normal distribution in Equation number of neurons(orM) is su ciently large as discussed in
(4) are both equal to , same as those generated from theSection 2.2\ is setto 10,000, much larger than 674—the number
Poisson distribution with parameter, (ii) For su ciently large  of the recorded neurons inehky et al. (2011)And the number of
values of , the normal distribution with mean and variance the stimulus images (d¥) is set to 2,000, much larger than 806—
is an excellent approximation to the Poisson distributionthe number of the used stimuli ihehky et al. (2011)n addition,
with parameter (SOCR, 201)7 (iii) Thg truncated Gaussian in order to ensure that the critical features for individuedurons
distribution Q D max(Onormrnd (,” )) characterizes a in primate AIT cortex are not very complex, the parameter
continuous variable, and it avoids possible “negative resgonsN,,,,, (the upper bound number of the stimuli activating a
that could never occur in real neuron recordings. Note thatheuron) is set tf 100, 20§ respectively, much smaller than the
although the probability of generating a positive sample usingumberN D 2,000 of the stimuli. Under the above parameter
Equation (4) depends on, when 3, the probability of settings, the following response matrices are synthesized by
generating a “0” sample is lower than 4.2%. Since for the Paref@ethod-I:
tail index estimation, we only compute the 10% of the largest
responses, this truncated Gaussian will a ect less on thet®are

where ‘hormrnd " is the Matlab Gau%sian-distribution random and the two gamma-distribution parameters, and the Matlab

Ry: a synthetic noiseless response matrix Wthhx D 100 and

tail index computation. maxD 50; ,
Ro: a synthetic noiseless response matrix Wthhx D 200 and
2.3.3. General Results in Lehky et al. (2011) max D 30;
Lehky et al. (2011showed that: Rs: a synthetic noiseless response matrix Wk D 200 and
max D 50;

For both the unnormalized and normalized neuron responses,
the population sparseness is always greater than the single- -4 <tandard deviation D 1 from Ra;

neuron selectivity in terms of the mean kurtosis, median % a synthetic response matrix of medium noise wittD 0
kurtosis, and mean Pareto tail index, as listedatle 1(these and D 3fromRg;

results are reported inehky etal., 2011 . R: a synthetic response matrix of high noise wittD 15 and
The above results are interpreted as that the critical festur D 3fromRs

for individual neurons in primate AIT cortex are not quite _ _ _
complex, and there are an inde nitely large number ofAnd the following response matrices are synthesized by

%: a synthetic response matrix of low noise with mea® 0

di erent critical features. Method-II:
R4: @a 806 674 synthetic noiseless response matrix, which
3. RESULTS is of the same size as the response matrix usedeky
et al. (2011)In this response matrix, the responses of each
3.1. Parameter Setting and Data Synthesis neuron are generated by a gamma distribution with its

In our experiments, all the codes are implemented in shape parametea D gamrnd (4.0, 0.5) and scale parameter
Matlab. We use the Matlab discrete uniform random number b D gamrnd (2.0, 0.5) as did inehky et al. (2011)
generatorunidrnd , the Matlab random permutation function I%: a synthetic Poisson-noise response matrix fremas did
randperm , the Matlab continuous uniform random number in Lehky etal. (2011)

generatorunifrnd , the Matlab Gaussian random number @: a synthetic truncated-Gaussian-noise response matrix via
generatomormrnd , to generate synthetic responses in Method- Equation (4), where the mean and variance of the used
I. And in Method-Il, the Matlab gamma random number  Gaussian distribution are equal to the Poisson-distribatio
generatorgamrnd is used both to generate synthetic responses parameter used for generati@;

TABLE 1 | Relative magnitude order of kurtosis and Pareto tail indexdiween the single-neuron selectivity and the population sgrseness on the recorded neuron
responses inLehky et al. (2011)

Datasets Kurtosis Pareto tail index
Unnormalized data Normalized data Unnormalized data Normalize d data
Mean Median Mean Median Mean Median Mean Median
Single-neuron selectivity 3.50 1.88 3.50 1.88 0.43 - 0.43 -
Relative magnitude order N N N n n - n -
Population sparseness 12,51 9.61 17.35 7.98 0.05 - 0.19 -

" Indicates the selectivity is lower than the corresponding sparseness.
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FIGURE 3 | Single-neuron selectivity and population sparseness on thnoiseless response matricesR;, Ry, R3gunder Method-I: (A) Results onRy ; (B) Results on
Ro; (C) Results onR3.

TABLE 2 | Relative magnitude order of kurtosis between the single-neon selectivity and the population sparseness on the unnanalized/normalized synthetic responses

generated by Method-I.

R1 Ry R3 R Rz RE

Mean Median Mean Median Mean Median Mean Median Mean Median M ean Median
UNNORMALIZED DATA
Single-neuron selectivity 124.40 50.48 68.97 24.53 70.44 242 37.91 19.76 18.19 13.23 10.40 9.03
Relative magnitude order _ n _ n _ A n n n n " N
Population sparseness 91.18 90.59 43.62 43.46 44.56 44.45 48.01 42.92 33.25 33.20 21.27 21.26
NORMALIZED DATA
Single-neuron selectivity 124.40 50.48 68.97 24.53 70.44 2.42 37.91 19.76 18.19 13.23 10.40 9.03
Relative magnitude order n n n n n N N n n n n N
Population sparseness 1,352.78 681.58 1,222.83 561.80 1,51.33 597.75 65.02 60.30 26.78 26.27 18.17 18.18

—Indicates the single-neuron selectivity is larger than the corresponi population sparseness, whil€' Indicates the single-neuron selectivity is smaller than the correspondjmpopulation

sparseness.
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FIGURE 4 | Single-neuron selectivity and population sparseness on thnoiseless response matricefR4 and R under Method-11: (A) Results onRy; (B) Results onRs.

TABLE 3 | Relative magnitude order of kurtosis between the single-neon selectivity and the population sparseness on the unnanalized/normalized synthetic responses

generated by Method-II.
Rs Rs & ” i 3

Mean Median Mean Median Mean Median Mean Median Mean Median M ean Median

UNNORMALIZED DATA

Single-neuron selectivity 3.70 2.90 3.95 3.13 4.67 3.30 4.9 3.73 4.34 3.29 4.28 3.39
Relative magnitude order n n n n n " N N n n n n
Population sparseness 11.06 9.76 20.13 18.60 13.43 11.08 1563 14.74 16.24 12.90 15.38 14.57
NORMALIZED DATA

Single-neuron selectivity 3.70 2.90 3.95 3.13 4.67 3.30 4.9 3.73 4.34 3.29 4.28 3.39
Relative magnitude order n n n n n n n n n n n n
Population sparseness 10.50 6.65 16.36 11.66 28.04 12.01 6981 37.05 9.91 6.80 12.24 9.20

" Indicates the selectivity is lower than the corresponding sparseness.

Rs: a 2,000 10,000 synthetic noiseless response matrix, KL ,: a 2,000 10,000 Poisson-noise response matrix with
where the responses of each neuron are generated by ar D 0.1 by Method-lI;

gamma distribution witha D gamrnd (4.0,0.5) ando D %Z: a 2,000 10,000 Poisson-noise response matrix with
gamrnd (2.0, 0.5) as did imehky et al. (2011) r D 0.2 by Method-lI;
RL: a synthetic Poisson-noise response matrix fiesn R, a 2,000 10,000 truncated-Gaussian-noise response

RE: a synthetic truncated-Gaussian-noise response matrix via matrix withr D 0.1 by Method-I;
Equation (4), where the mean and variance of the used ®&,: 2,000 10,000 truncated-Gaussian-noise response
Gaussian distribution are equal to the Poisson-distribati matrix withr D 0.2 by Method-lI;

parameter used for generati@;

o . 3.2. Selectivity and Sparseness by Kurtosis
In addition, in order to evaluate the e ect of neural corretat 3.2.1. Results on Noiseless Responses

on the response statistics, we also generate the responsieenaatr-l-he kurtosis values of the single-neuron responses in the
with f:orrglanonr by the Copula method Hu et al., 2002_ synthetic noiseless response matrie@s Ry, Rs, Ra, and Rs
Con3|dgr|ng thar D 0.2 could be the worst case of possmle(i_e” their column vectors) are computed for measuring the
correlatlop of IT Neuronresponses as statetiamky etal. (2011) single-neuron selectivity. The kurtosis values of the sytithe
the following response matrices are generated withf0.1, 0.3 population responses iRy, Ry, Rs, Re, and Rs (i.e., their row

respectively, as: vectors) are computed for measuring the population sparseness.
Rsr1: @ 2,000 10,000 noiseless response matrix with 0.1  We also compute the selectivity and sparseness calculatithreon

by Method-II; normalized data via Equation (2).
Rsro: @ 2,000 10,000 noiseless response matrix with 0.2 Method-I: The results onfRy, Ry, Rsg generated by Method-
by Method-II; | are shown inFigure 3 Columns 2-7 ofTable 2 list the
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FIGURE 5 | Single-neuron selectivity and population sparseness on #noisy response matricesﬂ%, ﬁ§ IQ:;g under Method-1: (A) Results on%; (B) Results onlﬁg;
(C) Results on Qj)

relative magnitude order of kurtosis between the singleroru hence resulting in a large standard deviation (denoted &# “s
selectivity and the population sparseness on the unnormalized Figure 3) of kurtosis of the single-neuron responses. In
and normalized synthetic responses fréR, Ry, Rsg addition, the computed mean and median kurtosis values of
As seen fromFigure 3 the computed mean and median the unnormalized population responses are much smaller than
kurtosis values of the unnormalized single-neuron responsdfose of the normalized population responses, mainly because
are the same as those of the normalized single-neuroa few synthetic neurons ifiRy, Ry, Rsg are activated by quite
responses, because normalization does not aect the single- small number of the stimuli, i.e., their responses to most
neuron selectivity as discussed in Section 2.3. Due to th&f the stimuli are 0. This means that the mean response for
computational nature of kurtosis, neurons responding to aeach of these neurons is very small, and a few responses of
smaller number of stimuli (much smaller thaNnax) would these neurons are unusually ampli ed after normalization as
usually have a bigger kurtosis. And among the 10,000 singleliscussed in Section 2.3, resulting in a large kurtosis of djuurl
neuron response vectors generated by Method-l, we observegarseness as well as a large standard deviation of kurtdbis of
that there usually exist a few neurons which only respond tmormalized population responses.
a very small number of stimuli (much smaller thayay) and In addition, on the three noiseless response matrices, the
whose kurtosis values for single-neuron selectivity areeds mean kurtosis of the population sparseness is smaller than that
of times larger than the mean and median kurtosis valuexyf the single-neuron selectivity for the unnormalized daiat
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FIGURE 6 | Mean and median kurtosis for unnormalized/normalized singineuron responses and population responses with differerievels of noise ( D 0 and
Df1,2,3,4,5,6,7,8,9,10,509 under Method-I:(A) Results by corruptingR; ; (B) Results by corruptingR3.

the median kurtosis of the population sparseness is larger thdmecomes larger than that of the normalized population respsnse
that of the single-neuron selectivity for the unnormalizedta. in both @ with medium noise anc@ with high noise. This is
However, both the mean and median kurtosis values of thenainly because the mean value of each synthetic singlesneur
population sparseness are larger than those of the single-neuroesponse becomes relatively large with the increase of ravide,
selectivity for the normalized data. the normalization with a larger mean value could transform
Method-Il: The results onfR4,Rsg generated by Method-Il the original neuron responses with di erent levels of activat
(the response generating model used_iehky et al., 20)lare  into the responses under an approximately single level of
shown inFigure 4. As is seen, the computed standard deviationsctivation.

of kurtosis for both single-neuron selectivity and population As seen fromTable 2 for both the unnormalized and
sparseness are relatively large. In addition, Columns 2-5 ofbrmalized data from the three noisy response matrices, the
Table 3list the relative magnitude order of kurtosis between themean and median kurtosis values of the population responses are
single-neuron selectivity and the population sparseness en ttboth larger than those of the single-neuron responses.
unnormalized and normalized synthetic responses ffén Rsg In addition, we also test the synthetic responses by sepgratel
As is seen, both the mean and median kurtosis values of treorrupting Ri(Nmax D 100) andR3(Nmax D 200) with di erent
population sparseness are larger than those of the single-neurtevels of noise ( D 0O and D f1,2,3,4,5,6,7,8,9,10gR0
selectivity for the unnormalized and normalized data. That i and the corresponding results are shown Rigure 6 with its

to say, although the the absolute magnitudes of the computed-axis plotted on a logarithmic scale. As seen fréigure 6,
mean and median kurtosis for the single-neuron selectigitgg  under di erent levels of noise and di erent upper-limit numbers
the population sparseness 6y, Rsgare di erent from those on  (Nmax) Of neuron responses, the calculated population sparseness
fR1, Rp, Rsggenerated by Method-I, the relative magnitude orderis always larger than the single-neuron selectivity forhbot
of kurtosis onfRy4, Rsgis consistent with that oriR;, Ry, Rsgin  the unnormalized and normalized data. In addition, with the

most cases. increase of the noise level, the calculated mean and median
kurtosis decreases accordingly. When the noise level is too
3.2.2. Results on Responses with Noise high, both the mean and median kurtosis values become

The kurtosis values of the unnormalized and normalized data i saturated, because more and more real response; iand

the synthetic noisy response matrid@, @ @ I% @ % @g R; are close to or even lower than the noise under such
are computed for measuring the population sparseness and tig@nditions.

single-neuron selectivity. Method-ll: The results onfR}, &, &, Rg generated by
Method-I: The results ori@, R, Rggenerated by Method-1 are Method-Il are shown irFigure 7, and the corresponding relative
shown inFigure 5and Columns 8-13 ofable 2 As seen from magnitudes orders of kurtosis are reported in Columns 8-13 of
Figure 5A, the computed mean and median kurtosis values forfable 3 As is seen, for both the unnormalized and normalized
the unnormalized population responses are smaller than thoséata, the computed mean and median kurtosis values for the
for the normalized population responses @ with low noise. population sparseness are always larger than those for thesing|
However, as seen froffigures 5B,G with the increase of noise neuron selectivity. These results are consistent with thev@bo
level, the kurtosis of the unnormalized population responsegesults on the responses generated by Method-I.
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FIGURE 7 | Single-neuron selectivity and population sparseness on thnoisy matricesfRL, R, &, RZgunder Method-I1: (A) Results on®}; (B) Results onRL;
(C) Results onlﬁ%; (D) Results onﬁ%.

TABLE 4 | Relative magnitude order of kurtosis between the single-ngon selectivity and the population sparseness on the unnonalized/normalized synthetic responses
with neural correlation.

Rsr1 Rsr2 l%rl l%rz l%;rl Iﬁ%rZ

Mean Median Mean Median Mean Median Mean Median Mean Median M ean Median
UNNORMALIZED DATA
Single-neuron selectivity 3.91 3.16 3.93 3.13 4.86 3.65 4.9 3.65 4.32 3.40 4.38 3.43
Relative magnitude order n n " n n A n n " n n n
Population sparseness 19.02 17.92 16.34 15.32 18.81 16.75 B.42 13.44 14.20 13.46 1411 13.36
NORMALIZED DATA
Single-neuron selectivity 3.91 3.16 3.93 3.13 4.86 3.65 4.9 3.65 4.32 3.40 4.38 3.43
Relative magnitude order A n N " n n A n n n n n
Population sparseness 12.00 9.41 11.96 8.55 102.15 44.07 18.55 39.78 13.02 8.81 10.46 7.92
" Indicates the selectivity is lower than the corresponding sparseness.
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FIGURE 8 | Mean and median kurtosis for single-neuron responses and gaulation responses with different numbers of stimuli and ngons on Rz under Method-I.

3.2.3. Results on Responses with Neural Correlation responses, dataset size refers to the number of the stimulus
The kurtosis values of the unnormalized and normalizedmages tested on each neuron, and when dealing with the
responses froniRsr1, Rerz, R 1, R,,, R, R ,gare computed population responses, dataset size refers to the number of the
for measuring the population sparseness and the singlaieurons inthe population.

neuron selectivity under neural correlation. The corresgiog The image subset sizes of [400, 800, 1, 200, 1, 600, 2,000] are
results are reported inTable 4 (also in Figure S1 of the tested for single-neuron responses, and the neuron subst siz
Supplementary Materials). As is seen, for both the unnormdlizeof [1, 000, 3, 000, 5, 000, 7, 000, 10, 000] are tested for papulat
and normalized data, the computed mean and median kurtosieesponses. Under each image-size and neuron-size combination
values for the population sparseness are larger than thoske sampling is independently done 10 times, and the mean
for the single-neuron selectivity. These results are spest value of the 10 estimated kurtosis values is used as the nal
with the reported results on the responses without neurakurtosis.Figures 8 9 show the mean and median kurtosis values
correlation in Table 3 In sum, under the correlatiom D 0.2, of the unnormalized and normalized responses under di erent
the correlation does not change the relative magnitude oade numbers of stimuli and neurons on the noiseless response rmatri

kurtosis. Rs and the noisy matrice@, 2, g respectively.

From Figure 8 for the noiseless response matfs under
3.2.4. Results under Different Neuron Numbers and di erent neuron-stimulus combinations, the mean kurtosis oéth
Stimulus Numbers unnormalized population responses is smaller than that of the

Since the relative magnitude order of kurtosis of the popufatio unnormalized single-neuron responses, but the median kurtosis
sparseness with respect to the single-neuron selectivityhen t of the unnormalized population responses is larger than that of
synthetic responses generated by Method-l is in agreemeitite unnormalized single-neuron responses. Both the mean and
with that by Method-1l in most cases as demonstrated by thenedian kurtosis values of the normalized population respoitses
above results, in this subsection, we only calculate thglesin Rz are always larger than those of the normalized single-neuro
neuron selectivity and the population sparseness under vagryirresponses. These results are consistent with the corresponding
dataset sizes resampled from the synthetic response matridastosis results in Section 3.2.1.

fRs, R, R, R¥g generated by Method-I (some results on the For both the normalized and unnormalized data from the
synthetic response matrices by Method-Il are reported in Fégur noisy response matrice‘sl%, % I%;g under di erent neuron-

S2, S3 of the Supplementary Materials). Note that as dorgimulus combinations, the mean and median kurtosis values
in Lehky et al. (2011)when dealing with the single-neuron of the population responses are always larger than those of
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FIGURE 9 | Mean and median kurtosis for single-neuron responses and paulation responses with different numbers of stimuli and ngons on f%, @ @g under
Method-I: (A) Results onR; (B) Results onR; (C) Results onRS.

the single-neuron responses, which are consistent with than approximately single level of activation, resulting in meade
corresponding kurtosis results in Section 3.2.2.

kurtosis values of population sparseness.
It is noted that the mean and median kurtosis values of the The above computed mean kurtosis (median kurtosis) also

normalized population responses from the noiseless respongadicates that the relative magnitude order of kurtosis of

matrix Rz are much larger than those from the noisy matricesthe population sparseness with respect to the single-neuron

f% % @g This is mainly because: (i) According to the selectivity does not change under di erent numbers of stimul

approach for generatinBsz in Section 2.2.1, a few of the syntheticand neurons. In addition, except for the noiseless case, the
neurons are activated by quite a small number of stimuli, i.e estimated absolute values only change mildly under di erent
their responses to most of the stimuli are 0. This means thatumbers of stimuli and neurons and under a given noise

the mean responses of these neurons across all the stimuli dexel, although the estimated values under di erent noiselev

tiny so that a few responses of these neurons to the stimudlo change signi cantly. These results imply that the reported
results under 804 stimuli and 674 neurons frehky et al.

are unusually ampli ed after normalization, resulting inrdge

kurtosis values of population sparseness; (ii) The mean vdlue (2011)have revealed the essential features of larger AIT neuron

each synthetic single-neuron response‘@, % @g becomes populations to some extent. In other words, if more AIT neurons

relatively large due to the added noise, and normalizatiothwi were recorded, the computed relative magnitude order of

such a larger mean value could transform the original neurorkurtosis between the single-neuron selectivity and the pdjora
responses with di erent levels of activation into responsedam sparseness inehky et al. (2011g¢ould not change much.
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FIGURE 10 | Histograms of the computed PTl-values of single-neuron resgnses and population responses infRy, Ry, R3gunder Method-I: (A) Results onRy;
(B) Results onRy; (C) Results onR3.

TABLE 5 | Relative magnitude order of PTI between the single-neuroreectivity and the population sparseness on the unnormakzl/normalized synthetic responses by
Method-I.

R1 Ro R3 I% '% @

Mean Median Mean Median Mean Median Mean Median Mean Median M ean Median
UNNORMALIZED DATA
Single-neuron selectivity 11.70 11.89 6.32 3.06 6.35 2.87 ®6 0.09 0.02 0.13 0.01 0.09
Relative magnitude order " n n A n n " n A n n N
Population sparseness 11.88 11.90 21.48 21.48 21.69 21.69 176 1.76 0.75 0.75 0.76 0.76
NORMALIZED DATA
Single-neuron selectivity 11.96 12.18 6.55 3.25 6.49 2.99 @6 0.09 0.02 0.13 0.01 0.09
Relative magnitude order n _ n n n n n n n n n n
Population sparseness 12.14 12.16 21.88 21.87 21.82 21.82 038 0.37 0.18 0.18 0.63 0.63

" Indicates the selectivity is lower than the corresponding sparseness.
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FIGURE 11 | Histograms of the computed PTl-values of single-neuron resmnses and population responses infR4, Rsgunder Method-I1: (A) Results onRy; (B)
Results onRs.

TABLE 6 | Relative magnitude order of PTI between the single-neuroregectivity and the population sparseness on the unnormakl/normalized synthetic responses
generated by Method-II.

R4 Rs 'Q; 'ﬁ%

Mean Median Mean Median Mean Median Mean Median
UNNORMALIZED DATA
Single-neuron selectivity 0.06 0.05 0.04 0.04 0.05 0.04 0.04 0.04
Relative magnitude order n n n n n n n n
Population sparseness 0.03 0.04 0.13 0.13 0.10 0.10 0.10 0.D
NORMALIZED DATA
Single-neuron selectivity 0.06 0.05 0.04 0.04 0.05 0.04 0.04 0.04
Relative magnitude order " n n n n n n n
Population sparseness 0.09 0.10 0.14 0.14 0.07 0.08 0.10 0.D

" Indicates the selectivity is lower than the corresponding sparseness.

3.3. Pareto Tail Index which are consistent with the corresponding kurtosis results
Pareto tail index (PTI) is another measure of single-neuronin Section 3.2.1. The computed mean value lkoffor the

selectivity and population sparseness. In this subsectiomnnormalized population responses is larger than that for the
Generalized Pareto distributions (GPDs) are tted for bdtte  unnormalized single-neuron responses, which is inconsistent
probability distribution function of single-neuron respoesand with the corresponding kurtosis results in Section 3.2.1. The
the probability distribution function of the population respoes.  computed median values &ffor the unnormalized population

The PTI-values of the single-neuron responses and populatioresponses is larger than that for the unnormalized single-

responses are computed, respectively. neuron responses, and the computed mean and median values
of k for the normalized population responses are also larger
3.3.1. Pareto Tail Index for Noiseless Responses than those for the normalized single-neuron responses. These

Method-1: Figure 10 shows the histograms of the computed results are consistent with the corresponding kurtosis ttssil

PTI [i.e., k in Equation (3)] for the single-neuron responsesSection 3.2.1.

and the population responses in the noiseless respons$gethod-Il: Figure 11 shows the histograms d¢ffor the single-
matricesfR;, Rz, Rsg and Columns 2-7 ofTable 5 list the  neuron responses and the population responsd®in Rsg and
corresponding mean and median PTI on these responses. A&vplumns 2-5 offable 6list the corresponding mean and median
is seen, the computed mean and median value& &r the PTI on these responses. As is seen, for both the unnormalized
normalized single-neuron responses is quite close to thosend normalized data, the computed mean and median values
for the unnormalized single-neuron responses. The standardf k for the population sparseness are larger than those for
deviations ofk for the single-neuron responses are quite largethe single-neuron selectivity. These results are consistéht w
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FIGURE 12 | Histograms of the computed PTI-values of single-neuron resmnses and population responses in‘%, Iﬁ§ @gunder Method-I: (A) Results on%;
(B) Results on&; (C) Results onRE.

the corresponding PTI results ofiR;, Ry, Rsg reported in  Method-1l: As indicated in Section 2.3.2.2, the PTI is too

Table 5 sensitive to the Poisson-noise responses generated by Method
Il, hence, we only report the results on the truncated-Gaarssi
3.3.2. Pareo Tail Index for Responses with Noise noise responses iR}, Qghere (the results on the Poisson-noise

Method-I: Figure 12shows the histograms of the computed PTIresponses irf@, @rl, Q_;rzg are reported in Figure S4 of the
for the single-neuron responses and the population responsédipplementary Materialsfrigure 13shows the histograms &

in the noisy response matricé%, % @g and Columns 8-13 for the single-neuron responses and the population responses
of Table 5 list the corresponding mean and median PTI onin fi&, Rg and Columns 6-9 oTable 6list the corresponding
these responses. As is seen, the computed mean and med@gan and median PTI on these responses. As is seen, once again,
values ofk for the normalized single-neuron responses is closéor both unnormalized and normalized responses, the computed
to those for the unnormalized single-neuron responses. Andnean and median values &ffor the population sparseness are
for both the unnormalized and normalized data, the computedarger than those for the single-neuron selectivity. Theseilts
mean and median values d&f for the population sparseness are all consistent with the results dif®, &, Rg reported in

are larger than those for the single-neuron selectivitye§én Table 5

results are all consistent with the corresponding kurtosisults In sum, similar to the results with the kurtosis measure (gxce

in Section 3.2.2. for the unnormalized noiseless data), the estimated mean and
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FIGURE 13 | Histograms of the computed PTI-values of single-neuron regmses and population responses in‘lﬁ%, Iﬁ%g under Method-11: (A) Results on IQE;
(B) Results onRE.

median PTI for the population sparseness is larger than that for population sparseness for both the normalized data
for the single-neuron selectivity, which is consistenthwihe and unnormalized data as did the AIT neuron responses in
statistics for AIT neurons irLehky et al. (2011)Since noise is monkey inLehky et al. (2011)

inevitable in real neuron recording, we thought our reswis

. . - To address the above two issues, two di erent neuron response
noisy data would be more informative.

generating methods are explored. Method-I can explicitly oaint
3.3.3. Pareto Tail Index for Responses with Neural the small number of selective stimuli of individual neurons,
Correlation but lacks any biological basis. Method-Il is an approximation
The PTl-values of the unnormalized and normalized response¥ Monkey IT neuron responsel¢hky et al., 20171 but can
with neural correlations irfRs1, Rer2, &, & ,gare computed only constrain implicitly the sparseness of selective stimul
here. The corresponding results are reportedTable 7 (also  ©f Individual neurons by the gamma distribution. Arguably

in Figure S5 of the Supplementary Materials). As is seen, fdli €7€nt generating approaches could aect nal statistics,

both unnormalized and normalized data, the computed meathowever, the obtained results under both Method-1 and Method-
and median values df for the population sparseness are larger!! @€ largely consistent in most cases. Our results show tha
than those for the single-neuron selectivity. These resate  €Ven With the stimulus number and neuron number in the

consistent with the results on the responses without neurdf’der of several thousands rather than several hundreds as
correlations reported ifable & reported in Lehky et al. (2011)the relative magnitude order

of mean kurtosis (median kurtosis, mean PTI, and median

PTI) for the single-neuron selectivity with respect to the mea
4. DISCUSSION kurtosis (median kurtosis, mean PTI, and median PTI) for
the population sparseness is largely preserved for both the

The main objective of this work is to assess whether the : : . .
normalized and unnormalized data in most cases. This supports

populgn_on SParseness I always Iarger_ Fhan the single-neur Ne interpretation of the AIT neuron response statistics mhky
selectivity by simulation under the condition that each neu

indeed only responds to a very limited number of Stimu”etal.(201],)81nd also implies that the results on 674 AIT neurons

I~ . nder 806 image stimuli in_ehky et al. (2011capture the
among a very large number of stimuli. More specially, we woul . . -
investigate: essential features of more AIT neurons in monkey for image

object representation. In other words, if more AIT neuronsgve

(1) Whether the mean (median) kurtosis for single-neuronrecorded, the above relative magnitude order would expect to
selectivity is always smaller than the mean (median) kistos keep unchanged.
for population sparseness for both the normalized data and Here, we would point out that by “consistency” or
unnormalized data as did the AIT neuron responses irfagreement” in this text, we only mean the relative magnéud
monkey inLehky et al. (2011) order of the four entities (mean kurtosis, median kurtosis,

(2) Whether the mean (median) PTI for single-neuron mean PTI, media PTI) for the single-neuron selectivity to
selectivity is always smaller than the mean (median) PTihe corresponding ones for the population sparseness keeps
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TABLE 7 | Relative magnitude order of PTI between the single-neuroregectivity and the population sparseness on the unnormalkel/normalized synthetic responses

with neural correlation.

Rsr1 Rsr2 RE RE,

Mean Median Mean Median Mean Median Mean Median
UNNORMALIZED DATA
Single-neuron selectivity 0.04 0.03 0.04 0.03 0.04 0.04 0.03 0.03
Relative magnitude order n " n n " N n n
Population sparseness 0.13 0.13 0.10 0.10 0.08 0.08 0.09 0.8
NORMALIZED DATA
Single-neuron selectivity 0.04 0.03 0.04 0.03 0.04 0.04 0.03 0.03
Relative magnitude order n n n n n n n n
Population sparseness 0.12 0.12 0.12 0.12 0.10 0.10 0.09 0.0

" Indicates the selectivity is lower than the corresponding sparseness.

FIGURE 14 | Kurtosis and PTI of responses generated by gamma distribudns different from that used inLehky et al. (2011) (A,B) Kurtosis and PTI by a gamma
distribution witha D gamrnd (8.0 , 1.0 ) andb D gamrnd (2.0 , 0.5 ), respectively.(C,D) Kurtosis and PTI by a gamma distribution witla D gamrnd (8.0 , 1.0 ) and
b D gamrnd (3.0 , 1.0 ), respectively.
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unchanged, we do not mean their absolute values of thesiiasnti  Neuron response correlation is another important issue of
are similar between the synthetic data and the AIT neurora ecting the absolute value of kurtosis and PTIl. However, our
data. results show that neuron response correlation does not aleet t

We also found that how to generate a gamma-distributiorrelative magnitude order between the population sparsenass an
parameter pair §b), in particular, the shape parameter the single-neuron selectivity under the kurtosis and Pareib t
a, is a crucial issue for Method-Il. For this aspect, weindex criteria. Note also that, only linear correlation isslated
computed the kurtosis and PTI on two extra 806 674 here, however, nonlinear high-order correlation surelyshalso
response matrices generated by a gamma distribution with ect the response statistics, which will be a more di cult igs
fa D gamrnd(8.0,1.0)b D gamrnd(2.0,0.5§ and a andis beyond our current work.
gamma distribution withfa D gamrnd(8.0,1.0)b D Finally, considering all the above listed factors as well as
gamrnd (3.0,1.04 The corresponding results are shown inother possible factors, our current simulation work is merely
Figure 14 ComparingFigures 4A 11A (showing the kurtosis a qualitative comparison of those reported neuron response
and PTI onR4 generated by a gamma distribution wifla D statistics inLehky et al. (2011)Iit cannot be excluded that our
gamrnd (4.0,0.5)b D gamrnd (2.0, 0.5y as speci ed inLehky  work is another story of “A blind man conceptualizing elephant
et al. (2011) with Figures 14A,B we can see that for di erent by only touching and feeling the trunk.” With the advance eimn
choices of the shape parametgithe obtained kurtosis and PTI neuron recording technology, more neurons could be recorded
are quite di erent. This means that merely knowing the gammaand the mystery of neuron object representations will betfert
distribution of individual neuron response is not su cientot clari ed in the future.
evaluate the statistics of neuron population responses, othyri¢
seems we still lack the theoretical basis of generatinguitede AUTHOR CONTRIBUTIONS
shape and scale parameter pairs of population neurons.

It is also found that for either kurtosis or PTI, the assoetht ZH conceived of the comparison of IT neuron response statistics
standard deviation for the single-neuron selectivity istglarge by simulation. QD and ZH explored the method. QD and BL
in some cases. This reveals some limitations of using them &®plemented the explored method and performed the validation.
neuron selectivity measures. From the mathematical poiewvyi QD and ZH wrote the paper.
if the associated standard deviation is large, the mean eatiam
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In this work, dierent kinds of noise and dierent levels This work was supported by the Strategic Priority Research
of noise are investigated, the results are rather congisterProgram of the Chinese Academy of Sciences (XDB02070002)
Evidently, if the noise level is further increased, it willand National Natural Science Foundation of China (61421004
certainly and more severely aect the response statistics. AsL375042, and 615733509).

shown in Figure 6, by increasing the noise level, the kurtosis

statistics decrease accordingly. This suggests that far ASUPPLEMENTARY MATERIAL

neuron response statistics, how to appropriately estimate the

noise level should be carefully considered taking into thdhe Supplementary Material for this article can be found
account of di erent recorded neuron sites, recording timiagd ~ online at: http://journal.frontiersin.org/article/10389/fncom.
subjects. 2017.00060/full#supplementary-material

REFERENCES Gross, C.(2008). Single neuron studies of inferior temporal cortex.
Neuropsycholog#6, 841-852. doi: 10.1016/j.neuropsychologia.2007.11.009
Baldassi, C., Alemi-Neissi, A., Pagan, M., Dicarlo, J. J., Zexciit., and Hinton, G. E., and Salakhutdinov, R. R. (2006). Reducing theedsionality of
Zoccolan, D. (2013). Shape similarity, better than semantic merhipers data with neural networksScienc813, 504-507. doi: 10.1126/science.1127647
accounts for the structure of visual object representations in pufagion Hu, X., He, J., and Lv, H. (2007). Generating multivariate nonnormatitigion

of monkey inferotemporal neuronsPLoS Comput. Biol.9:e1003167. random numbers based on copula functighlnform. Comput. S&, 191-196.
doi: 10.1371/journal.pcbi.1003167 Kobatake, E., and Tanaka, K.(1994). Neuronal selectividtesomplex object
Cadieu, C., Hong, H., Yamins, D., Pinto, N., Ardila, D., Solomon, ., features in the ventral visual pathway of the macaque cerebralxcaite

al. (2014). Deep neural networks rival the representation of primate IT Neurophysiol71, 856—-867.
cortex for core Visual object recognitio®LoS Comput. Bioll0:e1003963. Lehky, S., Sejnowski, T., and Desimone, R. (2005). Selgctaitd

doi: 10.1371/journal.pcbi.1003963 sparseness in the responses of striate complex 0é#is.Res45, 57-73.
Chang, L., and Tsao, D. (2017). The code for facial identithe primate brain. doi: 10.1016/j.visres.2004.07.021

Cell169, 1013-1028. doi: 10.1016/j.cell.2017.05.011 Lehky, S., and Sereno, A. (2007) Comparison of shape encoding in tprima
Dong, Q., and Hu, Z. (2016). Statistics of visual responses jecblstimuli dorsal and ventral visual pathways). Neurophysiol.97, 307-319.

from primate AIT neurons to DNN neuronsarXiv preprint arXiv:1612. doi: 10.1152/jn.00168.2006

03950. Lehky, S., Kiani, R., Esteky, H., and Tanaka, K. (2011)s8tatof visual responses
Franco, L., Rolls, E., Aggelopoulos, N., and Jerez, J.(2007). Néuron in primate inferotemporal cortex to object stimull. Neurophysiol06, 1097—

selectivity, population sparseness, and ergodicity in the iofetémporal 1117. doi: 10.1152/jn.00990.2010

visual cortex. Biol. Cybern. 96, 547-560. doi: 10.1007/s00422-007-Pickands, J. (1975). Statistical inference using extreme stalsticsAnn. Stat.3,

0149-1 119-131. doi: 10.1214/a0s/1176343003

Frontiers in Computational Neuroscience | www.frontiersiorg 18 July 2017 | Volume 11 | Article 60



Dong et al. Simulated IT Neural Response Statistics

Riesenhuber, M., and Poggio, T. (1999). Hierarchical modelbjetorecognition  Conict of Interest Statement: The authors declare that the research was
in cortex.Nat. Neurosci2, 1019-1025. doi: 10.1038/14819 conducted in the absence of any commercial or nancial relatigps that could
Tolhurst, D., Smyth, D., and Thompson, I. (2009). The sparsenesswonal  be construed as a potential con ict of interest.
responses in ferret primary visual corted. Neurosci.29, 2355-2370.

doi: 10.1523/JNEUROSCI.3869-08.2009 Copyright © 2017 Dong, Liu and Hu. This is an open-access arstlibutied

UCLA Statistics Online Computational Resource (20Prpbability and Statistics under the terms of the Creative Commons Attribution Licéasg BY). The
EBook use, distribution or reproduction in other forums is pewmittprovided the
Yamins, D., Hong, H., Cadieu, C., Solomon, E., Seibert, D., and riCa. original author(s) or licensor are credited and that theyioal publication in
(2014). Performance-optimized hierarchical models predict neurglareses  this journal is cited, in accordance with accepted acadpraitice. No use,

in higher visual cortex.Proc. Natl. Acad. Sci. U.S.A11, 8619-8624. distribution or reproduction is permitted which does nonmly with these
doi: 10.1073/pnas.1403112111 terms.

Frontiers in Computational Neuroscience | www.frontiersiorg 19 July 2017 | Volume 11 | Article 60



