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Stimuli Reduce the Dimensionality of
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The activity of ensembles of simultaneously recorded neuns can be represented as a
set of points in the space of ring rates. Even though the dimasion of this space is equal
to the ensemble size, neural activity can be effectively latized on smaller subspaces.
The dimensionality of the neural space is an important detarinant of the computational
tasks supported by the neural activity. Here, we investigat the dimensionality of
neural ensembles from the sensory cortex of alert rats durgn periods of ongoing
(inter-trial) and stimulus-evoked activity. We nd that anensionality grows linearly with
ensemble size, and grows signi cantly faster during ongoig activity compared to evoked
activity. We explain these results using a spiking network odel based on a clustered
architecture. The model captures the difference in growthate between ongoing and
evoked activity and predicts a characteristic scaling witrensemble size that could be
tested in high-density multi-electrode recordings. Morewer, we present a simple theory
that predicts the existence of an upper bound on dimensiondly. This upper bound
is inversely proportional to the amount of pair-wise corrations and, compared to a
homogeneous network without clusters, it is larger by a fadr equal to the number of
clusters. The empirical estimation of such bounds depends wthe number and duration
of trials and is well predicted by the theory. Together, thesresults provide a framework
to analyze neural dimensionality in alert animals, its beti@r under stimulus presentation,
and its theoretical dependence on ensemble size, number oflasters, and correlations
in spiking network models.

Keywords: gustatory cortex, dimensionality, hidden markov mo dels, ongoing activity, mean eld theory, spiking
network model, metastable dynamics

INTRODUCTION

Understanding the dynamics of neural activity and how it isxgeted in cortical circuits is
a fundamental question in Neuroscience. The spiking agtioit ensembles of simultaneously
recorded neurons can be represented in terms of sequenceingfrate vectors, as shown e.g.,
in frontal (Abeles et al., 1995; Seidemann et al., 1996; Durstewitz, €04l), gustatory Jones
et al., 2007; Mazzucato et al., 2plmotor (Kemere et al., 2003premotor and somatosensory
cortex (Ponce-Alvarez et al., 20LZ he dimension of each ring rate vector is equal to the nugnb
of ensemble neuronBl and the collection of rate vectors across trials takes the fof a set
of points in theN-dimensional space of ring rates. Such points may not Il théole space,
but be restricted to lie inside a lower-dimensional subsp@eeGanguli et al., 2008 Roughly,
dimensionality is the minimal number of dimensions necegda provide an accurate description
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of the neural dynamics. If ensemble neurons are independemtccess to food and water, unless otherwise mentioned. Mevabl
of each other, neural activities at di erent times will scatte bundles of 16 microwires attached to a “mini-microdrive”
around in the space of ring rate, lling a large portion of (Fontanini and Katz, 2006; Samuelsen et al.,, Y0M@re
the space. In this case, dimensionality will be maximal anémplanted in GC (AP 1.4, ML 5 from bregma, DV —4.5 from
equal to the size of the ensembie At the other extreme, if dura). After electrode implantation, intra-oral cannulagO()
all neurons are strongly correlated, ensemble activitgliges were inserted bilaterallyPhillips and Norgren, 1970; Fontanini
along a line. In this case, dimensionality is minimal anda@do  and Katz, 200p At the end of the surgery a positioning bolt
one. These simple examples suggest that dimensionality esptufor restraint was cemented in the acrylic cap. Rats were gaven
information about the structure of a cortical circuit andeh least 7 days for recovery before starting the behavioralgzioes
functional relations among the simultaneously recordednoas, outlined below. All experimental procedures were approved by
such as their ring rates correlation computed over timegsabf  the Institutional Animal Care and Use Committee of Stony
hundreds of milliseconds. Brook University and complied with University, state, and feader
Di erent de nitions of dimensionality have been introduced regulations on the care and use of laboratory animals. More

for di erent tasks and across neural systenida(iguli et al., details can be found iBamuelsen et al. (2012)
2008; Churchland et al., 2010a; Abbott et al., 2011; Gaagdli Rats were habituated to being restrained and receivingsuid
Sompolinsky, 2012; Cadieu et al., 2013; Rigotti et al., 2048; Gthrough 10Cs, and then trained to self-deliver water by piegs
and Ganguli, 2016 Such measures of dimensionality can shed lever following a 75dB auditory cue at a frequency of 4
light on the underlying neural computation; for example, theyKHz. The interval at which lever-pressing delivered wates wa
can predict the onset of an error trial in a recall taskdotti et al., progressively increased to 403s (ITI). During experimental
2013, or can allow the comparison of classi cation accuracysessions additional tastants were automatically deliveae
between di erent brain areas (e.g., IT vs. V4) and syntheticandom times near the middle of the ITI, at random trials and
algorithms Cadieu et al., 20)3Here, we investigate a measurein the absence of the anticipatory cue. A computer-contrglled
of dimensionality closely related to the ring rate corrétms  pressurized, solenoid-based system deliverddm of uids
of simultaneously recorded neuronél{bott et al., 201}t such  (opening time 40ms) directly into the mouth through a
correlations may provide a signature of feature-based atten manifold of 4 polymide tubes slid into the IOC. The following
(Cohen and Maunsell, 20)%nd other top-down cognitive four tastants were delivered: 100mM NaCl, 100 mM sucrose,
factors (Nienborg et al., 2002 We elucidate the dependence of 100 mM citric acid, and 1 mM quinine HCI. Water (50m) was
dimensionality on experimental parameters, such as ensembdelivered to rinse the mouth clean through a second IOC 5 s after
size and interval length, and we show that it varies acrosthe delivery of each tastant. Each tastant was delivered feast
experimental conditions. We address these issues by congparif trials in each condition. Upon termination of each recording
recordings of ensembles of neurons from the gustatory gortesession the electrodes were lowered by at leastib6o that a
(GC) of alerts rats to a biologically plausible network modehew ensemble could be recorded.
based on neural clusters with recurrent connectivity. Thizdel Evoked activity periods were de ned as the interval after
captures neural activity in GC during periods of ongoing andtastant delivery (timet D 0 in our gures) and before
stimulus-evoked activity, explaining how the spatiotemporalvater rinse (timet D 5 s). Only trials in which the tastants
dynamics of ensemble activity is organized in sequences wfere automatically delivered were considered for the arslysi
metastable states and how single-neuron ring rate disttibns  of evoked activity, to minimize the e ects of cue-related
are modulated by stimulus presentatidvidzzucato et al., 20).5 expectations $amuelsen et al., 2012ngoing activity periods
Here, we show that the same model expounds the observedere de ned as the 5 s-long intervals at the end of each iriat-t
dependence of dimensionality on ensemble size and how sugeriod.
dependence is reduced by the presentation of a stimulus. By The behavioral state of the rat was monitored during the
comparing the clustered network model with a homogeneougxperiment for signs of disengagement. Erratic lever pressing
network without clusters, we nd that the clustered netwdrks a inconstant mouth movements and uids dripping from the
larger dimensionality that depends on the number of clusterd  mouth indicated disengagement and led to the termination of
the ring rate correlations among ensemble neurons. A simplehe experiment. In addition, since disengagement from thé& tas
theory explains these results and allows extrapolating thkngc  is also re ected in the emergence of high poweoscillations in
of dimensionality to very large ensembles. Our theory showcal eld potentials, occurrences of such periods were rerdove
that recurrent networks with clustered connectivity progidh o ine and not analyzed further Eontanini and Katz, 2008
substrate for high-dimensional neural representations,jcivh
may lead to computational advantages. Data Analysis

Single neuron action potentials were ampli ed, bandpass ltere

(at 300-8 KHz), digitized and recorded to a computer (Plexon,

METHODS Dallas, TX). Single units of at least 3:1 signal-to-noiséorat
) were isolated using a template-matching algorithm, cluster
Experimental Procedures cutting techniques and examination of inter-spike interval

Adult female Long Evans rats were used for this stuighyluelsen plots (O ine Sorter, Plexon, Dallas, TX). All data analyses
et al., 2012; Mazzucato et al., 2R1Animals receivedad lib. and model simulations were performed using custom software
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written in Matlab (Mathworks, Natick, MA, USA), Mathematica tastes simultaneously. Of the models thus obtained, thenitie
(Wolfram Research, Champaign, IL), and C. Starting from dargest total likelihoodM was taken as the best HMM match
pool of 299 single neurons in 37 sessions, neurons with pedk the data, and then used to estimate the probability of the
ring rate lower than 1Hz (de ned as silent) were excluded states given the model and the observations in each bin df eac
from further analysis, as well as neurons with a large peatial (a procedure known as “decoding”). During decoding/yon
around the 6-10Hz in the spike power spectrum, which weréhose hidden states with probability exceeding 80% in att leas
considered somatosensoridiz et al., 2001; Samuelsen et al.50 consecutive bins were retained (henceforth denoted simpl
2012; Horst and Laubach, 201®nly ensembles with 3 or more as “states”). State durations were approximately expondgntial
simultaneously recorded neurons were further analyzed (16distributed with median duration 0.60s (95% Cls: 0.07-4.70)
non-silent, non-somatosensory neurons from 27 ensembl¢s) during ongoing activity and 0.30s (0.06—2.80) during ewbke
analyzed ongoing activity in the 5s interval preceding eitheactivity (Mazzucato et al., 20).5

the auditory cue or taste delivery, and evoked activity ia §s The ring rate ts n;.m/ in each trial were obtained from the
interval following taste delivery in trials without antpatory cue, analytical solution of the maximization step of the Baum-éfel
wherein signi cant taste-related information is presedegzini  algorithm,

etal., 201p p !
) _ . 1I N 1 m -t/ Yi(t)
Hidden Markov Model (HMM) Analysis n.m/D o Zin 1 P — (1)
Here we brie y outline the procedure used IMazzucato et al. tb1im:
(2015) see this reference anddnes et al., 2007; Escola et al.Here, [i(1)::::; yi(T)] is the spike train of the-th neuron in

2011; Ponce-Alvarez et al., 20%ar further details. Under the the current trial, andT is the total duration of the trialty, .t/ D

HMM, a system oN recorded neurons is assumed to be in onep(g D mjy(1);:::; y(T)) is the probability that the hidden state
of a predetermined number of hidden (or latent) stat&sbiner, g at timet ism, given the observations.

1989; Zucchini and MacDonald, 200&ach staten is de ned as

a vector ofN ring rates ;.m/; i D 1; :::; N, one for each Dimensiona”ty Measure

simultaneously recorded neuron. In each state, the neuw®T® e de ned the dimensionality of the neural activity as
assumed to discharge as stationary Poisson processesofiRoiss

HMM). We matched the model to the data segmented in 1-ms 1
. ) : D pP—; 2
bins (see below). In such short bins, we found that typically a d iNDleiZ 2)

most one spike was emitted across all simultaneously redorde

neurons. If more than one neuron red an action potential in where thef; are the principal eigenvalues expressed gs fractions

a given bin, only one (randomly chosen) was kept for furtherof the total amount of variance explained, i%.,D | j=( i),

analysis (this only occurred in a handful of bins per triakcola  wherel ; are the eigenvalues of the covariance matrix of the ring

et al., 201). We denote byy; .t/ the spiking activity of the-th  rates (see below).

neuron in the interval; t C dt], y; .t/ D 1 if the neuron emitted The dimensionality can be computed exactly in some relevant

a spike andy; .t/ D 0O otherwise. Denoting witl& the hidden  special cases. The calculation is simpli ed by the obsemakiat

state of the ensemble at tintethe probability of having a spikes Equation (2) is equivalent to

from neuroni in a given staten in the interval t; t C dt] is given

bypyi.t/ D1 §SDm D1 gvmd Tr ¢ 2
The ring ratesn; .m/ completely de ne the states and are also d W

called “emission probabilities” in HMM parlance. The emission f

and transition probabilities were found by maximization diet

log-likelihood of the data given the model via the expectatio N ) . )

maximization (EM), or Baum-Welch, algorithniR@biner, 1989 'IP'rNA/ ip1 Aii is the trace of matrix A, andr A® D

a procedure known as “training the HMM.” For each session and i:;jp1 AijAji- We consider in the following only the case of ring

type of activity (ongoing vs. evoked), ensemble spiking igtiv rates in equal bins, hence we can repl@avith the covariance

from all trials was binned at 1 ms intervals prior to training matrix of the spike count€ in the de nition of d:

assuming a xed number of hidden statb (Jones et al., 2007, 5 5

Escola et al., 20).1For each given number of statds, the 4D [rr.C1° by . 3)

Baum-Welch algorithm was run 5 times, each time with random Tr(C?) onCan’

initial conditions for the transition and emission probaitis.

The range of hidden state®! for the HMM analyses were

whereC; islghe true covariance matrix of the ring rate vectors,

where for later convenience we have introduced the notation

Mmin D 10 andMpax D 20 for spontaneous activity, and W W 3
Mmin D 10 andMpax D 40 for evoked activity. Such numbers ay D 2| by D Gi: oy D GiGi. (4)
were based on extensive exploration of the parameter space iD1 iD1 i6p

and previous studiesJpnes et al., 2007; Miller and Katz, 2010;
Escola et al., 2011; Ponce-Alvarez et al., 2012; Mazzucakg e Note that d does not depend on the distribution of ring rates,
2015. For evoked activity, each HMM was trained on all fourbut only on their covariance, up to a common scaling factor.
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Dimensionality in the case of uniform pair-wise and the fact that, given a random vectdf with mean m
correlations and covarianceCij, and a constant symmetric matrigj, the
When all the pair-wise correlationgare identicalrjj D r for all expectation value of the quadratic formi;j XiAj X is
i 60,
X X
1r oo B XAjX]ID  (AjGCmA;m). (11)

ngl_gé ©) ’ ”
. r

In the case of uncorrelated spike counts © 0; d D 0),

r rl dimensionality still depends linearly on the ensemble 8lzbut
q—— i 4 <
we haveCj D r i2 12 for i 6Dj, where i2 D G is the spike with a smaller slopeW 1 compared to the case of equal

) . ) variances (Equation 8 with D 0).
count variance. In this case, we nd from Equation (4) that

Dimensionality in the Case of Neural Clusters

ay D i4; by D i2; o D r2(bﬁ an). (6) Given an ensemble oN neurons arranged inQ clusters
iD1 iD1 (motivated by the model network described later in section
. ) ) ] o “Spiking neuron model”), we created ensembles of uncorrdlate
and the dimensionality, Equation (3), is given by spike trains forN  Q and correlated within each cluster for
1 N > Q. Thus, ifN Q the correlation matrix is theN\ N
dD (7)  identity matrix. If N > Q, the (Q+1)th neuron was added to

2 2 ,
r°C 1 12 o(N) the rst cluster, with correlation with the other neuron of

where the cluster, and uncorrelated to the neurons in the remagnin
Py 4 clusters. The (Q+2)th neuron was added to the second cluster,
o D an D D1 i . with correlation with the other neuron of the second cluster,
bﬁl Pn o2 and uncorrelated to the neurons in the remaining clusterg] an
iDL i so on. Similarly, the (2Q+p)th neuromp( Q) was added to the

p-th cluster, with pair-wise correlation with the other neurons
of the same cluster, but no correlation with the neurons ie th
remaining clusters; and;so on. In general, fdr D mQ C p

Note that since bottay and by scale adN whenN is large, in
generay ¢ forlargeN.
If all spike counts have equal varianceD , we nd exactly

o D %: neurons (wherem D % 1 is the largest integer smaller
1 N than %), the procedure pickedn C 1 neurons per cluster for
dD 17 P 2 2); (8) the rst p cluster andm neurons per cluster for the remaining

ZC'T Q pclusters, with uniform pair-wise correlationsin the same

cluster while neurons from di erent clusters were uncorrelt

and the dependence dfon the variance drops out. Note that for ) : . .
The resulting correlation matrix was block diagonal

uncorrelated spike counts (D 0) this formula givesd D N,
whereas for any nite correlation we nd the upper bourdiD
1= 2. ForN > 1, the dimensionality is inversely related to the rDdiag Ry;:::; Ro
amount of pair-wise correlation.

Consider the case where spike counts have vanangfes where each of th@ blocks contains the correlations of neurons

drawn from a probability distribution with meaE 2 D from the same cluster. Inside each bloBk the o -diagonal
and varianceVar 2 D d 4 and the pair-wise correlation terms are equal to the uniform within-cluster correlation
coe cients rj, fori 60, are drawn from a distribution with mean
Erj D andvariancevar rj D d 2. In such a case one
can evaluate Equation (3) approximately by its Taylor expamsio

0 1
around the mean values of the quantities in Equation (4). At RD (%) 1 : §
1

1

leading order inN one nds

E b N 4cd * _
E[awn]JCE[an]  .N 1 4( 2Cd ?)C 4cd ¥

(9  The rst p blocks have sizemC 17 (m C 1) and the last
whereE[.] denotes expectation. To obtain this result we have use@y  p plocks have sizm  m, sothatmC 2V pCm Q p D

Ed

the de nitions in Equation (4), from which N. The remaining elements of matrix(representing pair-wise
4 4. > 2 4 4. correlations of neurons belonging to dierent clusters) were
Han] D N( “Cd 7); Hby] E‘)N CNd % all zero. Recalling thaG; D rj  j, one nds Tr.C/ D
E[a] D (N* N) “( *cd ?); (10) pbnciC Q p bmandlr C2 D Zpktc,C Q pbZ]C

Frontiers in Systems Neuroscience | www.frontiersin.org 4 February 2016 | Volume 10 | Article 11


http://www.frontiersin.org/Systems_Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Systems_Neuroscience/archive

Mazzucato et al. Stimuli Reduce the Dimensionality of Cortical Activity

(1 HlpanciC Q p am], wherea, andby, are de ned in  Estimation of Dimensionality

Equation (6), from which one obtains The eigenvaluek; in Equation (2) were found with a standard
( b2 =a ‘N O Principal Component Analysis (PCA) of the set of all ring rate
N ' vectors Chapin and Nicolelis, 1999The ring rate vectors were
dD [pbmciC.Q p/bm]2 (12) Ehap J g

i N>Q obtained via the HMM analysis (see Equation 1); all data from
either ongoing or evoked activity were used. For the anabyfsis

In the approximation where all neurons have the same varianceigure 3E where the duration and number of trials were varied,

2[pc;C.Q P/PZIC(  2)[panciC.Q plam]

this simpli es to only the ring rate vectors of the HMM states presentin the give
( trial snippet were used (even if present for only a few ms). When
dD ,\’I\‘ _; N Q (13) ring rate vectors in hidden states were not available (nhgim
icm g1 .Q ]’ N> Q “shu ed” datasets and in asynchronous homogeneous network

see below for details), the ring rates were computed as spike

Recall that in the formulae aboweandp depend orN. For nite  gunts in T = 200 ms bins divided byT, ni b;s =T, where
, Equation (13) predicts the bound Q= ?foranyN> 1, . b s isasde nedin Equation (14)igures 3F,G6E, 7D, 9A).

with this value reached asymptotically for latyeWhen single  pimensionality values were averaged across 20 simulasibse
neuron variances ? are drawn from a distribution with mean  for each ensemble sixé in each session, 40 trials of 5 s duration,
E 2D 2 and variancé/ar 2 Dd 4 an expression for the resulting inNt D 1;000 bins, were used (using bin widths of 50—
dimensionality can be obtained from Equation (12) at legdin 500 ms did not change the results). Note that for the purpose of
order in the expectation values of the quantities in Equaiin computing the dimensionality (Equation 3), it is equivalent
(not shown), with a procedure similar to that used to obtainuse either the binned ring raten; b;s =T or the spike count

Equation (9). n b;s.

. ise C lati In our data, d roughly corresponded to the number of
P,a'r'W'Se. orre at'qus ) ] ~principal components explaining between 80 and 90% of the
Given neuroni and neurony's spike trains, we computed the spike  ariance. However, note that all eigenvalues are retainei
count correlation coe cientrj de nition of dimensionality given in Equation (2) above.

S.
rij D 19317 Shuf ed Datasets
5 The dimensionality of the data as a function of ensemble Nize
where S is the sample covariance matrix of the spike countdvas validated against surrogate datasets constructed bipghu
estimated as neurons across di erent sessions while matching the empirical
] distribution of ensemble sizes. Comparison analyses between
NNt . : :

1 empirical and shu ed ensembles were trial-matched using the

§D —— nbis <nm> nbs <n>;

minimal number of trials per condition across ensembles, and

then tested for signi cant di erence with the Mann-Whitnegst

wheren;(b; 9 is the spike count of neuronin bin b and trial s on samp!es obtameq from 20 bootstrapped ensembles. Neurons
whose ring rate variance exceeded the population average by

The sum goes over all, bins and over alN+ trials in a session, - ;
9 . b T . two standard deviations were excluded (8/167 of non-silent,
whereas< n; > is the average across trials and bins for neuron

i. In the main text and gures we present results obtained Withnon-somatosensory neurons).
a bin size of 200 ms, but have performed the same analyses w
bin sizes varying from 10 ms to 5 s (see Results for details).
Signi cance of the correlation was estimated as follow:
(Renart et al., 20)0Nghye D 200 trial-shu ed correlation

. 0 .
coe cients r were computed, then g-value was determined

NpNT 1 b1

(14)

H?ependence on the Number of Trials: Simulations

Figures 7E, 8A)

he estimate ofl from data depends on the number and duration
of the trials fFigure 3Eand Equation 16 below). To investigate
this phenomenon in a simple numerical setting we generated

as the fraction of shu ed coe cientsri(; whose absolute value N Nt “nominal” ring rates, thought of as originating
exceeded the absolute value of the experimental correlggibn  from N neurons, each sampledt times (trials). The single
# g >jnij . o ring rates were sampled according to a log-normal distributio
—Ng.. - For example, a correlationwas signi cantatp D jth equal means and covariance leading to Equation (7), i.e
0.05 con dence level if no more than 10 shued correlation CGj D j(1 dj) C 2dj, withdj D 1ifi D j, and zero
coe cients out of 200 exceeded otherwise (note that the actual distribution used is immadeéri

The pair-wise correlations of ring rates vectors computedsince the dimensionality only depends on the covariance imatr
in bins of xed duration T were given by Equation (14) with see Equation 3). We considered the two cases of equal varianc
ni b;s replaced byn; b;s =T. Instead, correlations of ring for all ensemble neurons,; D for all i (Figure 8A) or
rates vectors inside hidden states (which have variablatdur)  variances ; sampled from a log-normal distributiorHjgure 8A
were estimated after replacing b;s in Equation (14) with and “+” in Figure 7B. The sameN and Nt as used for the
ni.m; ¢, the ring rate of neuroni in statemin trial s For each analysis of the model simulations iigure 7D were used (where
trial s this quantity was computed according to Equation (1).  the “trials” wereNt bins of 200 ms in 40 intervals of 5 second
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duration for each ensemble sidg. The covariance of the data where we also used Equations (10) and (11), wWéh i2 Dd*

thus generated was estimated according to Equation (14gda andVar rj D d 2 fori 60. In conclusion, one nds
on which the dimensionality Equation (3) was computed. The

estimated dimensionality depends BrandNt and was averaged N2C 2N 4cnd 4

across 100 values df each obtained as explained above. Note E[§) D ZNT 21 .
that in this simpli ed setting increasing the duration of datial N2 N  2Cd ZC% “CN 1Cg2; “CNd *
is equivalent to adding more trials, i.e., the e ect of havantgial (16)

400 ms long producing 2 ring rates (one for each 200 ms bin) is .
equivalent to having two trials of 200 ms duration. In the geal ~ M0del Fitting o o .
case, the e ect of trial duration o will depend on how trial The dependence of the data’s dimensionality on ensemblé\size

duration a ects the variance and correlations of the ringies. ~ Was tted by a straight line via standard least-squares,

Dependence on the Number of Trials: Theory dD 1 NC g
The dependence of dimensionality on the number of trials can
be computed analytically under the assumption tNaénsemble separately for ongoing and evoked activitFigures 3B-D

according to a multivariate Gaussian. Since we are intedeist ongoing activity was carried out with a 2-way ANOVA with
the spike-count covariance Equation (14), we can assume tig@ndition (evoked vs. ongoing) and ensemble sipds factors.
spike-count distribution to have zero mean and true covacian Sinced depends on the number and duration of the trials
Cj. The matrix M:N/ D Ny 1 SN/ whereSN'/ is  used to estimate the covariance matrigure 3Eand Equation
the covariance matrix Equation (14) sampled frdvg trials, is  16), we matched both the number of trials and trial length in
distributed according to a Wishart distributiow/y Cj; Nt 1 comparisons of ongoing and evoked dimensionality. If multiple
with Nt 1 degrees of freedonM@ardia et al., 1979 Since the tastes were used, the evoked trials were each matched tdaman

variance of the Wishart distribution, subset of an equal number of ongoing trials.
The dependence of dimensionalityon ensemble sizBl in
Var Mjj D (Nt 1)(C§CC”CJ-J-); a surrogate dataset of Poisson spike trains with mean pairwise

correlation  (generated according to the algorithm described
is proportional toNT, we obtain the variance of the entries of thein the next section) was modeled as Equation (16) witf D

sample covariance as a?andd* D 4 D (Figure 7D, dashed lines)Nt
was xed to 1000 (40 trials of 5s each, segmented in 200 ms
Nq) C,fCCiiqj _ bins). The parametera;  were tuned to t all Poisson trains
Var #1 D Ny 1 (15) simultaneously on datasets with D 5; 10,:::; 100 and
D 0; 0.0% 0.05 0.1, 0.2, with 20 ensembles for each value
to be used in the estimator df(from Equation 3) (Figure 7D; only the ts for D 0; 0.1, 0.2 are shown). A
standard non-linear least-squares procedure was usedgnd
o5 [Tr.Sl]2 Bl%l . and Welsch, 1977
(&) ~ &Cean’

Generation of Correlated Poisson Spike

whereay; t; B2 are given by Equation (4) witl replaced by Trains _ _ _ _
S With a calculation similar to that used to obtain Equatic®),( Ensembles of independent and correlated Poisson spike trains

to leading order irlN andNt one nds were generated for the analysis Bfgure 7. Ensembles of
independent stationary Poisson spike trains with given ring
E[B,%,] ratesn; were generated by producing their interspike intervals

EH&

according to an exponential distribution with parametey.

Hé]CHan] Stationary Poisson spike trains with xed pairwise correlato
with (but no temporal correlations) were generated according ® th
method reported inMacke et al. (2009that we brie y outline
amta 2N below.
Hen] DN 7Cd © C Nt 1’ We split each trial into 1 ms bins and consider the associated

binary random variableX; .t/ D 1 if thei-th neuron emitted a

spike in thet-th bin, and X; .t/ D 0 if no spike was emitted.
2N 4 These samples were obtained by rst drawing a sample from
Nt 1; an auxiliary N-dimensional Gaussian random variable

N .g;3/ and then thresholding it into 0 and 1Xj D 1 if

E[B2] DN? “CNd “C

) 2o 2 ) ic %cd 2 , the mean vectoran@ D 3 is the covariance matrix of the
E[tw] D N° N ( “Cd ©) "C N° N N 1 N-dimensional Gaussian variablé. For appropriately chosen
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parametersg; and 3 jj the method generates correlated spikel andJ helps to maintain balance between overall potentiation

trains with the desired ring rates; and pairwise spike count and depression in the network\(nit and Brunel, 199Y).

correlation coe cientstrj. Below spike threshold, the membrane potentiabf each LIF
The prescription forg; and 3 j; is most easily expressed as aneuron evolved according to

function of the desired probabilitiesy of having a spike in a bin av

of width dt,m D P(X; .t/ D 1), and the pairwise covariancgof av )

the random binary vector¥;(t) and X(t), from whichg; andg i tmgp B VCIm-lreClexClsim/

can be obtained by inverting the following relationships: . . .
y g g P with a membrane time constant, D 20 ms for excitatory and

10 ms for inhibitory units. The input current was the sum of
a recurrent inputlyee, an external currentey;: representing an
ongoing a erent input from other areas, and an external stiosul
Istim representing e.g., a delivered taste during evoked activity
only. In our units, a membrane capacitance of 1nF is set to 1.
A spike was said to be emitted wh¥hcrossed a threshoNdy,,,
after whichV was reset to a potentid,esetD O for a refractory
period oft,es D 5 ms. Spike thresholds were chosen so that,
in the unstructured network (i.e., witde D J D 1), theE
and | populations had average ring rates of 3 and 5 spikes/s,
respectively Amit and Brunel, 199Y. The recurrent synaptic
input Iﬁecto unit i evolved according to the dynamical equation

iD8.il;
GD8.i8. il
GD82 i 33 8.i/8 j;ieNn.

Here, 8 .x/ is the cumulative distribution of a univariate
Gaussian with mean 0 and variance 1 evaluatedx,aand
87 X;y;3 isthe cumulative distribution of a bivariate Gaussian
with means 0, variances 1 and covariacevaluated atx; Y)
(note that the distributions8 and 8 , are unrelated to the\-
dimensional Gaussiad N (g; 3)). Without loss of generality
we imposed unit variances fafk, i.e.,3j D 1.

We related the spike probabilities to the ring ratesn; as
m D1 e " with(1 m)being the probability of no spikes : WX
in the same bin. Whenit approaches zerayy  njdt and the tsdlrec D ll,C J dt o
spike trains generated as vectors of binary random varidbles dt D1k K
samplingu N .g; 3/ will approximate Poisson spike trains
(dt D 1 ms bins were used). In order to have a fair comparisoR naretl was the arrival time ok-th spike from thej-th pre-
with the data generated by the spiking network model (destfib ¢ K -
! ' ) i - synaptic unit, and s was the synaptic time constant (3 and 2 ms
in the next section), the mean ring rates of the Poisson spike ], £ and | units, respectively), resulting in an exponentiaspo

trains were matched to the average ring rates obtained ftom . . . Ji
9 g synaptic current in response to a single qu]ﬁexp( t=tg)2 (1),

S|mqlated data. . . where2 .t/ D 1 fort 0, and2 .t/ D 0 otherwise.
Sinceg and 3 were the same in all bins, values Xf.t/ ) . .
The ongoing external current to a neuron in populatienwas

and X; .9 were independent fot 6D s (i.e., the spike trains . )
had no temporal correlations). As a consequence, the randoffPnStant and given byex D ,Nex,‘pao‘]aone“‘ .where Next D
neN, pao D peg ho D éa% with jep D 0.3,ji0 D 0.1, and

binary vectors have the same pair-wise correlations as the spi

Codmts’ and theg; are related to the desiredj by G D  Next D 7 spikes/s. During evoked activity, stimulus-selective
units received an additional input representing one of therfou

incoming stimuli. The stimuli targeted combinations of meas

rp m.1 m/m 1 m,wherem.1l m/isthe variance of

Xi. Seevlacke et al. (2009pr further details. as observed in the data. Speci cally, the fractions of nesron
o responsive tm D 1; 2; 3 orall 4 stimuliwere 17% (27/162), 22%
Spiking Network Model (36/162), 26% (42/162), and 35% (57/162)7zini et al., 2013;

We modeled the data with a recurrent spiking networkMfD  Mazzucato et al., 20).5Each stimulus had constant amplitude
5000 randomly connected leaky integrate-and- re (LIF) n&ns,  nggm, ranging from 0 to 0.5 In the following we measure the
of which 4000 excitatory (E) and 1000 inhibitory (I). Contiea  stimulus amplitude as percentagengf; (e.g., “10%” corresponds
probabilityp a from neurons in populatiora 2 E; | to neurons  to ngim D 0.1 nexy). The onset of each stimulus was always
in population 2 E; | werepge D 0.2andpg; D pe D py D 0.5; t D 0, the time of taste delivery. The stimulus current to a unit in
a fractionf D 0.9 of excitatory neurons were arranged intopopulationa was constant and given bytim D NexfaohoNstim-

Q di erent clusters, with the remaining neurons belonging to

an unstructured (“background”) populationAit and Brunel, Mean Field Analysis of the Model

1997. Synaptic weight3 5 from neurons in populatiora 2 E; 1 The stationary states of the spiking network model in the fiafi

to ngurons in population 2 E I scaled withN asJa D  largeN were found with a mean eld analysig (it and Brunel,

j a= N, with j 5 constants having the following values (units 1997; Brunel and Hakim, 1999; Fusi and Mattia, 1999; Cusl.et
ofmV): jgy D 3.18 jje D 1.08 jj D 4.24 jgg D 1.77. 2004; Mazzucato et al., 201%nder typical conditions, each
Within an excitatory cluster synaptic weights were potertiat neuron of the network receives a large number of small post-
i.e., they took average valueshdiz: D J-jegwith & > 1, while synaptic currents (PSCs) per integration time constant. Irhsuc
synaptic weights between units belonging to di erent cluster a case, the dynamics of the network can be analyzed under the
were depressed to average valales D J jgg, withJ D 1 di usion approximation within the population density approach.
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rst Q indices label th&) excitatory clustersa D Q C 1 labels can be either stable (attractors) or unstable depending on the
the “background” units, and D Q C 2 labels the homogeneous eigenvaluek 5 of the stability matrix
inhibitory population. In the di usion approximation {uckwell,

|
1988; Lansky and Sato, 1999; Richardson, R felinput to each 1 @ rT‘a!( n); g( n) '
neuron is completely characterized by the in nitesimal mean % D fer @
my and variance g of the post-synaptic potential (sééazzucato sa | I
et al., 2015or the expressions of the in nitesimal mean and @a my(Nn); 3( n) @2 )
variance for all subpopulations). @2 @ b

Parameters were chosen so that the network wih D
J D 1 (where allE! E synaptic weights are equal) would
operate in the balanced asynchronous regime(\Vreeswijk and
Sompolinsky, 1996, 1998; Renart et al., 30Mhere incoming
contributions from excitatory and inhibitory inputs balaac

i .

evaluated at the xed pointn (Mascaro and Amit, 1999 If

all eigenvalues have negative real part, the xed point islstab

(attractor). If at least one eigenvalue has positive real plet,

. . . . .~ xed point is unstable. Stability is meant with respect to an

out, neurons re irregular spike trains with weak pair-wise - . : . .
approximate linearized dynamics of the mean and varianceef th

correlations. inout current:
The unstructured network has only one dynamical state, i.e. P '

a stationary point of activity where af and | neurons have dm, |
constant ring rate ng and n;, respectively. In the structured tsa— D maC 4(n)
network (wherel: > 1), the network undergoes continuous ot
transitions among a repertoire of states, as shown in the main

text. To avoid confusion between network activity statesl an ¢ dsfl
HMM states, we refer to the former as network “con gurations” -sa’a
instead of states. Admissible networks con gurations naagisfy 2 dt
theQ C 2 self-consistent mean eld equation&r(iit and Brunel,

D €C X(n)

199) Ma .t/ D Fa ma(n); <(n) ;
by 2 .
NaDFa ma(n); 2(n) ; wherem, and 2 are the stationary values for xech given
h i earlier. For fast synaptic dynamics in the asynchronous leadn
wher('e n D n;iiing ngg; n is the ring rate vector and regime, these rate dynamics are in very good agreement with

simulations (a Camera et al., 2084seeRenart et al., 2004;

.2 Ao H
Fa Ma; 4 Is the current-to-rate response function of the LIF Giugliano et al., 200fbr more detailed discussions).

neurons. For fast synaptic times, 'fk‘i 1, Fa mg; § is well

approximated by®Brunel and Sergi, 1998; Fourcaud and Brunel . .
2883 Ve ° Metastable Con gurations in the Network

Model
D Z,. . , | The stable con gurations of a network with an in nite number
Fa.My; a/ D t1eiCtma P "¢ 1cerf.u/ : of neurons were obtained in the mean eld approximation of the
He ;a previous section and are shown kigure 4Bfor Q = 30and a
range of values of the relative potentiation parameterAbove
where the critical pointls D 4.2, stable con gurations characterized by
a nite number of active clusters emerge (gray lines; the bem

5 D Vinr:a mac e of active clusters is reported next to each line). For a gi¥gn
€.a a e the ring rate is the same in all active clusters and is invirse
proportional to the total number of active clusters. Stablegrais
of ring rates are also found in the inhibitory population (red
Vieseta Ma lines), in the inactive clusters (having low ring ratesagrdashed

He ;a D Caka; lines), and in the unstructured excitatory population (daghe
blue lines). For a xed value gk, multiple stable con gurations
p ) ) coexist with di erent numbers of active clusters. For exampie, f
whereka D tsa=tma is the square root of the ratio of 3. p 53 con gurations with up to 7 active clusters are stable,
synaptic fime constant to membrane time constant, @M each con guration with dierent ring rates. This generates
J%}_TJ 1.03. This theoretical response function has beemyltistable ring rates in single neurons, i.e., the propemjso
tted successfully to the ring rate of neocortical neuroitsthe  observed in the data, that single neurons can attain more tha
presence ah vivo-like uctuations (Rauch etal., 2003; Giugliano 2 ring rates across state$/@zzucato et al., 20} .5Note that if
etal., 2004; La C?mera etal., 2006, 2008 X 5.15 an alternative stable con guration of the network with
The xed points n of the mean eld equations were found all clusters inactive (ring rates 10 spikes/s) is also possible
with Newton's method Press et al., 200.7The xed points  (single brown line).

a
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Strictly speaking, the con gurations iRigure 4B are stable dimensionality Abbott et al., 201)L

only in a network containing an in nite number of uncorrelat |

neurons. In a nite network (or when neurons are strongly XN )
correlated) these con gurations can lose stability duetrorsy dD &
uctuations, which ignite transitions among the dierent iD1

con gurations. Full details are reported iViazzucato et al.

(2015) where N is the ensemble size arfl; are the normalized

eigenvalues of the covariance matrix, each expressing the
. . . fraction of the variance explained by the corresponding ppacti
Model Simulations and AnaIySIS of component (see Methods for details). According to this foregul
Simulated Data ifthe rst neigenvalues express each a fractiamdf the variance
The dynamical equations of the LIF neurons were integrategvhile the remaining eigenvalues vanish, the dimensiopaid D

with the Euler algorithm with a time step aft D 0.1 ms. n. Inless symmetric situationg,re ects roughly the dimension
We simulated 20 di erent networks (referred to as “sessionsbf the linear subspace explaining most variance about all data
in the following) during both ongoing and evoked activity.eN points. In the example of the data on the gray plané&igfure 1,
chose four di erent stimuli per session during evoked actiio  d D 1.8, which is close to 2, as expected. Similarly, data points
mimic taste delivery). Trials were 5s long. The HMM analyses/ing mostly along the blue and red straight linesigure 1have

for Figures 2 5 were performed on ensembles of randomlya dimensionality of 0.9, close to 1. In all cagks, 0 andd N,
selected excitatory neurons with the same procedure used farhereN is the ensemble size.

the data (see previous section “Hidden Markov Model (HMM)  The blue and red data points iffigure 1 were obtained
analysis”). The ensemble sizes were chosen so as to match i a ctitious scenario where neuron 1 and neuron 2 were
empirical ensemble sizes (3-9 randomly selected neurops). Fselective to surrogate stimuli A and B, respectively, and are
the analysis ofFigure 9A, ensembles of increasing size (frommeant to mimic two possible evoked responses. The subspace
5 to 100 neurons) were used from simulations withD 30  containing responses to both stimuli A and B would have
clusters. When the ensemble size was less than the numberafdimensionalitydacg D 1.7, similar to the dimensionality
clusters N Q), each neuron was selected randomly from aof the data points distributed on the gray plane (meant
di erent cluster; when ensemble size was larger than the rermb instead to represent spike counts during ongoing activity in
of clusters, one neuron was added to each cluster untiladters the same ctitious scenario). Thus, a dimensionality close t
were represented, and so on until Blineurons had been chosen. 2 could originate from di erent patterns of activity, such as
To allow comparison with surrogate Poisson spike trains, theccupying a plane or two straight lines. Other and more complex
dimensionality of the simulated data was computed from thescenarios are, of course, possible. In general, the dimemigip

ring rate vectors inT D 200 ms bins as explained in section
“Dimensionality measure.” For control, the dimensionglivas
also computed from the ring rate vectors in hidden states
obtained from an HMM analysis, obtaining qualitatively simila
results.

Dimensionality

® ongoing d=1.8
o stmA d=09
® stmB d=0.9

RESULTS

Dimensionality of the Neural Activity

We investigate the dimensionality of sequences of ringerat
vectors generated in the GC of alert rats during periods o
ongoing or evoked activity (see Methods). To provide an irveit
picture of the meaning of dimensionality adopted in this paper
consider the ring rate vectors frorN simultaneously recorded
neurons. These vectors can occupy, a priori, the enhire
dimensional vector space minimally required to describe th
population activity of N independent neurons. However, the
sequence of ring rate vectors generated by the neural dyioam
may occupy a subspace that is spanned by a smaller numg
m < N of coordinate axes. For example, the data obtaine

Neuron 3
[spks/s]

,,//

D

<
20

10 \59\6[5\

Ne\“on 2

d

FIGURE 1 | Dimensionality of the neural representation. Pictorial

by the ensemble of three simulated spike countsFigure 1
mostly lie on a 2D space, the plane shaded in gray. Although
coordinates are still required to specify all data points,duoed
representation of the data, such as that obtained from PCA
would quantify the dimension of the relevant subspace asgeir
close to 2. To quantify this fact we use the following de nitiof

representation of the ring rate activity of an ensemble oN D 3 neurons. Each
3ot represents a three-dimensional vector of ensemble ringates in one trial.
Ensemble ongoing activity localizes around a plane (blackatis cloud
surrounding the shaded black plane), yielding a dimensiotiéy ofd D 1.8.
’Activity evoked by each of two different stimuli localizesraund a line (red and
blue dots clouds and lines), yielding a dimensionality af D 0.9 in both cases.
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will re ect existing functional relationships among enselmb vs. evoked) and ensemble size as factors. Both the main
neurons (such as pair-wise correlations) as well as the regpondimensionality [1; 202) D 11.93 p < 0.001] and the slope were
properties of the same neurons to external stimuli. The pietiori signi cantly smaller during evoked activity [test of intestion,
example offFigure 1 caricatures a stimulus-induced reduction Fg: 202 D 5.09 p < 10 4]. There was also a signi cant e ect
of dimensionality, as found in the activity of simultanetus of ensemble sizeFs: 20y D 18.72 p < 10 14 con rming
recorded neurons from the GC of alert rats, as we show next. the results obtained with the separate regression analybese

. . L . results suggest that stimuli induce a reduction of the e eeti
Dimensionality is Proportional to Ensemble space visited by the ring rate vector during evoked activity
Size This was con rmed by a paired sample analysis of the individual
We computed the dimensionality of the neural activity ofdimensionalities across all 27 4=108 ensembles (27 ensemble
ensembles of 3-9 simultaneously recorded neurons in thémes 4 gustatory stimulp < 0.002, Wilcoxon signed-rank test).
gustatory cortex of alert rats during the 5s inter-trial poati

preceding (ongoing activity) and following (evoked acyyithe Dimensionality is larger in Ensembles of
delivery of a taste stimulus (said to occur at timeD O; Independent Neurons

zieoli\gmethqg;j?r.elzzxegqn%ee?/gtll\g;y ;Ztii'i?g:_% ﬂ?;;ugggl dbOthI'he dimensionality depends on the pair-wise correlations of
going g . Yy R9 simultaneously recorded neurons. Shuing neurons across
be characterized in terms of sequences of metastable ,states

. . : ensembles would destroy the correlations (beyond thosectxpe
where each state is de ned as a collection of ring rates ssro . .
. i by chance), and would give a measure of how dierent the
simultaneously recorded neuronsopnes et al., 2007; Mazzucato _; . .
i . dimensionality of our datasets would be compared to sets
etal., 201p Transitions between consecutive states were detected . . . .
independent neurons. We measured the dimensionality of

. . : . . o)
via a Hidden Markov Model (HMM) analysis, which provides the surrogate datasets obtained by shu ing neurons acrossisess

probapility that the network IS in a cgrtain state at every lmsoecause shu ing destroys the structure of the hidden states
bin (Figure 2, color-coded lines superimposed to raster plots).rmg rates in bins of xed duration (200ms) were used

The ensemble of spike trains was considered to be in a giv%n

state if the posterior probability of being in that state extzse ec; e:ctirg(?utahéh;odlénsfr\lzol\ln %\I/I;ys I(:reeer'\i/l:irngdsshsoer dddeg?;s()e.tsAS
80% in at least 50 consecutive 1-ms biRgy(re 2, color-coded P ' b ' 9

shaded areas). Transitions among states were triggereties tcompared to the simultaneously recorded ensembles (not shown)
) g 99 Y uring both ongoing activity lfs,, D 0.67 0.06 vsbyata D

Comadatn of 8 varable by of enseblercrs 60" 01, mean S Hamh Whiney tesp < 0301
gy " 20 bootstraps), and evoked activitgsf, D 0.36 0.07 vs.

For this reason, the dimensionality of the neural activitpsv beaa D 0.29  0.01:p < 0.001). Especially during ongoing

computed based on the ring rate vectors in each HMM state "¢, ; . S
. o . activity, this result was accompanied by a narrower distitut
(one ring rate vector per state per trial; see Methods for dsjai

. . . . L . of pair-wise correlations in the shued datasets compared
The average dimensionality of ongoing activity acrosi@ess to the simultaneously recorded dataseigtre 3G, and is
was dongoing D 2.6 1.2 (mean SD; range: [1.2, 5.0]; 27 y 9 '

. . consistent with an inverse relationship between dimenalibon
sessions). An example of the eigenvalues for a representative

ensemble of eight neurons is shown Figure 3A, whered D anid pair-wise correlations (see Equation 9).

4.42. The dimensionality of ongoing activity was approxirhate __. . . .

linearly related to ensemble sizBigure 3B linear regression, 11Me Course of Dimensionality as a

r D 0.4, slopebongoing D 0.26 0.12,p D 0.04). During Function of Ensemble Size

evoked activity dimensionality did not di er across stim@tine-  Unlike ongoing activity, the dependence of dimensionality on
way ANOVA, no signi cant di erence across tastants> 0.8), ensemble size (the slope of the linear regressiah\a.N) was
hence all evoked data points were combined for further amslysimodulated during di erent epochs of the post-stimulus period
An example of the eigenvalue distribution of the ensemble irfFigure 3F, full lines; two-way ANOVA; main e ect of time
Figure 2Bis shown inFigure 3C wheredgyokedD 1.3 1.7 Fua 495 D 3.80 p < 0.005; interaction time x condition:
across 4 di erent taste stimuli. Across all sessions, dinweradity Fa. 4059 D 4.76 p < 0.001]. In particular, the dependence of
was overall smallerdgyoked D 2.0 0.6, mean SD, range: d on the ensemble sizZ¢ almost disappeared immediately after
[1.1; 3.9]) and had a reduced slope as a functioNafompared stimulus presentation in the simultaneously recorded, butinot
to ongoing activity Figure 3D, linear regressiom, D 0.39, slope the shu ed ensembles (trial-matched slope in the rst evoked
bevokedD 0.13 0.03p < 10 4). However, since dimensionality second:beyokeg D 0.07  0.01 vsbg,, D 0.19 0.07) and
depends on the number and duration of the trials used for itsconverged to a stable value after approximately 1 second (slope
estimation Figure 3B, a proper comparison requires matching after the rst secongyokedD 0.38 0.01; compare with a stable
trial number and duration for each data point, as describegtne average slope during ongoing activity@hgoingD 0.57 0.01,

. . Figure 3P).
SUmUlU_S'lnd_Uced Reduction of Note that the dimensionality is larger when the ring rate is
Dimensionality computed in bins (as ifFigure 3F rather than in HMM states

We matched the number and duration of the trials for each(as in Figures 3B—0 where the slopes are about half than in
data point and ran a two-way ANOVA with condition (ongoing Figure 3F. The reason is that ring rates and correlations are
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FIGURE 2 | Ensemble neural activity is characterized by seque  nces of states. (A) Upper panels: Representative trials from one ensemble of mé
simultaneously recorded neurons during ongoing activitgsegmented according to their ensemble states (HMM analysjghin black vertical lines are action potentials;
states are color-coded; smooth colored lines represent therobability for each state; shaded colored areas indicatentervals where the probability of a state exceeds
80%). Lower panels: Average ring rates across simultaneous recorded neurons (states are color-coded as in the upper @nels). In total, 6 hidden states were found
in this example session (only 5 states shown). X-axis for poyation rasters: time preceding the next event at (0 = stimuk delivery); Y-axis for population rasters: left,
ensemble neuron index, right, probability of HMM states; Xxis for average ring rates panels: ring rates (spks/s); Y-as for ring rate panels: ensemble neuron
index. (B) Ensemble rasters and ring rates during evoked activity fordur different tastes delivered at D 0: sucrose, sodium chloride, citric acid, and quinine
(notations as in panelA). In total, eight hidden states were found in this session dimg evoked activity.

approximately constant during the same HMM state, whereakbwer-dimensional respons&étz etal., 2001; Jezzinietal., 2013
they may change when estimated in bins of xed duration thatDuring both ongoing and evoked activity, the dimensionali
include transitions among hidden states. These changed temlso di erent than expected by chance in a set of independent
to dilute the correlations resulting in higher dimensioitalas  neurons (shu ed datasets).
predicted e.g., by Equation (9). A comparison of the pair-wise o
correlations of binned ring ratesRigure 3G vs. those of ring Clustered Spiking Network Model of
rates in HMM states Kigure 3H) conrmed this hypothesis. Dimensionality
Also, if the argument above is correct, one would expect §o gain a mechanistic understanding of the dierent
dependence of dimensionality on (xed) bin duration. We dimensionality of ongoing and evoked activity, we have
computed the correlations and dimensionality of binned gn analyzed a spiking network model with clustered connectivity
rates for various bin durations and found thaincreases and  which has been shown to capture many essential features of the
decreases for increasing bin durations (not shown). Howehe  data (Viazzucato et al., 20).9n particular, the model reproduces
slope ofd vs.N is always larger in ongoing than in evoked activitythe transitions among latent states in both ongoing and eebk
regardless of bin size (ranging from 10ms to 5 s; not shownhctivity. The network (see Methods for details) comprigs
This conrms the generality of the results dfigures 3B-0  clusters of excitatory neurons characterized by strongeagtic
which were obtained using ring rate vectors in hidden connections within each cluster and weaker connectiongéeh
states. neurons in di erent clusters. All neurons receive recurrémput

To summarize our main results so far, we found thatfrom a pool of inhibitory neurons that keeps the network in
dimensionality depends on ensemble size during both ongoing balanced regime of excitation and inhibition in the absenc
and evoked activity, and such dependence is signi cantlyced  of external stimulation Figure 4A). In very large networks
in the post-stimulus period. This suggests that while statéechnically, in networks with an in nite number of neurons)
sequences during ongoing activity explore a large portion ofhe stable con gurations of the neural activity are chaesized
the available ring rate space, the presentation of a stimulupy a nite number of active clusters whose ring rates depend
initially collapses the state sequence along a more stgregnd  on the number clusters active at any given moment, as shown
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FIGURE 3 | Dependence of dimensionality on ensemble size (data ). (A) Fraction of variance explained by each principal eigenvadufor an ensemble of 8
neurons during ongoing activity (corresponding to the lleddot in panelB) in the empirical dataset. The dashed vertical line repreaés the value of the dimensionality
for this ensemble € D 4.4). X-axis, eigenvalue number; Y-axis, fraction of varianexplained by each eigenvalue(B) Dimensionality of neural activity across all
ensembles in the empirical dataset during ongoing activitgcircles, linear regression td Db NCa; b D 0.26 0.12; aD 1.07 0.74; r D 0.4), estimated from HMM
ring rate ts on all ongoing trials in each session (varying m 73 to 129). X-axis: ensemble size; Y-axis: dimensionalit(C) Fraction of variance explained by each
principal eigenvalue for the ensemble i§A) during evoked activity. Principal eigenvalues for sucrosgS, orange), sodium chloride (N, yellow), citric acid (C, ap), and
quinine (Q, blue) are presented (corresponding to the colaroded dots in panel D). X-axis, eigenvalue number; Y-axis, percentage of variae explained by each
eigenvalue.(D) Dimensionality of neural activity across all ensembles ihé empirical dataset during evoked activity (notations asipanel B, linear regression:

dDb NCa bDO0.13 0.03; aD 1.27 0.19; r D 0.39), estimated from HMM ring rate ts on evoked trials in each couwition (varying from 7 to 11 trials across
sessions for each tastant)(E) The slope of the linear regression of dimensionalitgl) vs. ensemble sizel{) as a function of the length of the trial interval and the
number of trials used to estimate the dimensionality. X-aj length of trial interval [s]; Y-axis, number of trial§F) Time course of the trial-matched slopes ofl vs. N,
evaluated with 200 ms bins in consecutive 1s intervals durghongoing (black curve,t < 0) and evoked periods (red curvet > 0; error bars represent SD). A signi cant
time course is triggered by stimulus presentation (see Redts for details). The slopes of the empirical dataset (thickurves) were smaller than the slope of the shuf ed
dataset (dashed curves) during ongoing activity. X-axisimhe from stimulus onset att D 0 [s]; Y-axis, slope ofd vs. N. (G) Distribution of pair-wise correlations in
simultaneously recorded ensembles (black and red histogras for ongoing and evoked activity, respectively) and shuf@ ensembles (brown and pink dashed
histograms for ongoing and evoked activity, respectivelyffom 200 ms bins. X-axis, correlation; Y-axis, frequencyH) Distribution of pair-wise correlations from HMM
states during ongoing (black) and evoked activity (red) faill simultaneously recorded pairs of neurons. X-axis, calation; Y-axis, frequency.

in Figure 4B (whereQ D 30). In a nite network, however, ongoing Figure 6B slopeD 0.36 0.07 r D 0.77 p< 10 %)
nite size e ects ignite transitions among these con guratis, and evoked periodsF{gure 6D; slopeD 0.12 0.04 r D
inducing network states ( ring rate vectors) on randomlyasgen 0.29 p D 0.01). As for the data, the dependency on ensemble
subsets of neurons that resemble the HMM states found in theize was smaller for evoked compared to ongoing activity. We
data Figure 5 seeViazzucato et al., 2016r details). performed a trial-matched two-way ANOVA as done on the data
The dimensionality of the simulated sequences duringand found, also in the model, a main e ect of condition [onggin
ongoing and evoked activity was computed as done for thes. evokedE;: 146)D 22.3 p< 10 5], amain e ect of ensemble
data, nding similar results. For the examples Figure 5 we  size Fg; 146y D 14.3p < 10 111, and a signi cant interaction
found dongoing D 4.0 for ongoing activity Kigure 6A) between  [Fe: 146) D 3.8 p D 0.001]. These results were accompanied by
devoked D 2.2 anddeyokeq D 3.2 across tastes during evokedpatterns of correlations among the model neuroRgyres 6E,
activity (Figure 60). Across all simulated sessions, we found arvery similar to those found in the dat&igures 3G,H see section
averageadongoingD 2.9 0.9 (mean SD) for ongoing activity “Dimensionality is larger in the presence of clusters” fotistacs
anddgyokegD 2.4 0.7 for evoked activity. The model captured of correlation values). As in the data, narrower distribuiso
the essential properties of dimensionality observed in the:da of correlations were found for binned ring rates-igure 66
the dimensionality did not di er across di erent tastes (omeay compared to ring rates in hidden states-igure 6F, compare
ANOVA, p > 0.2) and depended on ensemble size during botlwith Figures 3G,H respectively). Moreover, shu ing neurons
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FIGURE 4 | Recurrent network model. (A) Schematic recurrent network architecture. Triangles andguares represent excitatory and inhibitory LIF neurons
respectively. Darker disks indicate excitatory clusters ith potentiated intra-cluster synaptic weights(B) Mean eld solution of the recurrent network. Firing rates oftte
stable states for each subpopulation are shown as function tthe intra-cluster synaptic potentiation parametedc: ring rate activity in the active clusters (solid gray
lines), ring rate in the inactive clusters (dashed gray lisg, activity of the background excitatory population (daséd blue lines), activity of the inhibitory population
(solid red lines). In each case, darker colors represent conrations with larger number of active clusters. Numbers deste how many clusters are active in each
stable con guration. Con gurations with 1-8 active clustersare stable in the limit of in nite network size. A global con guation where all clusters are inactive (brown
line) becomes unstable at the valugdc D 5.15. The vertical green line represents the value dfc D 5.3 chosen for the simulations. X-axis, intra-cluster poterdiion
parameter Jc in units of Jgg; Y-axis, Firing rate (spks/s).
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FIGURE 5 | Ensemble activity in the recurrent network model is ¢ haracterized by sequences of states.  Representative trials from one ensemble of nine
simultaneously recorded neurons sampled from the recurrdmetwork, segmented according to their ensemble states (n@tions as inFigure 1). (A) ongoing activity.
(B) Ensemble activity evoked by four different stimuli, modeteas an increase in the external current to stimulus-seleste clusters (see Methods for details).

across datasets reduced the correlatioRggfre 6E dashed), in the data (see section “Dependence of dimensionality on bin
resulting in alarger slope ofvs.N (not shown). Finallyd during  size”).

ongoing activity was always larger than during evoked #gtiv  Since the model was not ne-tuned to nd these results, the
also when computed on binned ring rates (not shown), as founddi erent dimensionalities of ongoing and evoked activityyca

Frontiers in Systems Neuroscience | www.frontiersin.org 13 February 2016 | Volume 10 | Article 11


http://www.frontiersin.org/Systems_Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Systems_Neuroscience/archive

Mazzucato et al. Stimuli Reduce the Dimensionality of Cortical Activity

Ongoing activity Evoked activity Correlations
A PCA eigenvalues c PCA eigenvalues E Correlations in 200 ms bins
o o 04
10 g [0 d=40 10 2 o d=23 i~ ——ongoing
I . ® d=18 [ ===ong. shuff.
e 10 N =32 Ii | —evoked
§ -0 8 o 4=23 g i ---ev. shuf.
o] -1 = . (5] o
= 10 2 - 2 ]
g *=3 510 $ 3 go2 ok
ES | o 2 10° . 5 [ ! 1‘:.
I 1
2 .
10 | = 10 .
! ° 5 10°- . 0 ~1
Eigenvalues Eigenvalues r
B Dimensionality D Dimensionality F Correlations from HMM
02 .
t —ongoing
(] ) —evoked
g4 £ 4 ® SR
g g o ° o 2 oy
3 3 ® 3 g o o ? 5
53 53 a o e Z 01
g g oot §°
=} a —
< 218 8 8 o o
o
1 1.8 o g o ©
0.
3 4 5 6 7 8 9 3 4 5 6 7 8 9 -1 -0.5 0 05 1
Ensemble size N Ensemble size N r
FIGURE 6 | Dependence of dimensionality on ensemble size (model ). (A) Fraction of variance explained by each principal eigenvadfor an ensemble of 9
neurons during ongoing activity (corresponding to the lleddot in panel B) in the model network ofFigure 5 (notations as inFigure 3A). (B) Dimensionality of neural
activity across all ensembles in the model during ongoing divity (linear regression tdDb NCa; bD 0.36 0.07; aD 0.80 0.43; r D 0.77), estimated from
HMM ring rate ts. X-axis, ensemble size; Y-axis, dimension#ty. (C) Fraction of variance explained by each principal eigenvaduor the ensemble in panelA during
evoked activity. Principal eigenvalues for four tastes angresented (corresponding to the color-coded dots in paneD). X-axis, eigenvalue number; Y-axis, percentage
of variance explained by each eigenvalugD) Dimensionality of neural activity across all ensembles ihé model during evoked activity (notations as in panes, linear
regression:dDb NCa bDO0.12 0.04; aD 1.70 0.26; r D 0.29). (E) Distribution of pair-wise correlations in simultaneouslgecorded ensembles from the
clustered network model (black and red histograms for ongaig and evoked activity, respectively) and in shuf ed ensembk (brown and pink dashed histograms for
ongoing and evoked activity, respectively) from 200 ms binsX-axis, correlation; Y-axis, frequency(F) Distribution of pair-wise correlations from HMM states dung
ongoing (black) and evoked activity (red) for all simultanasly recorded pairs of neurons. X-axis, correlation; Y-ag, frequency.

their associated patterns of pair-wise correlations, areyikhe clustered network architecture compared to a homogeneogs on
consequence of the organization in clusters and of the egsui at parity of correlations and ensemble size.
dynamics during ongoing and evoked activity. We consider rst the case of a homogeneous network of
neurons having no clusters and low pair-wise correlations,
. . . . . but having the same ring rates distributions (which were
Scaling of Dimensionality with Ensemble approximately log-normalFigure 7A) and the same mean pair-
Size and Pair-Wise Correlations wise correlations as found in the data ( 0.01 0.2).
The dependence of dimensionality on ensemble size observétiis would require solving a homogeneous recurrent network
in the data Figure 3B) and in the model Figure 6B) raises the self-consistently for the desired ring rates and corr@as. As
guestion of whether or not the dimensionality would convetg  a proxy for this scenario, we generated 20 sessions of 4Roiss
an upper bound as one increases the number of simultaneous$pike trains having exactly the desired properties (includhmey
recorded neurons. In general, this question is important incase of independent neurons for whichD 0). Two examples
a number of settings, related e.g., to coding in motor cortexvith D Oand D 0.1, respectively, are shownkigures 7B,C
(Ganguli et al., 2008; Gao and Ganguli, 203erformance in  Since in the asynchronous homogeneous network there are no
a discrimination task Rigotti et al., 2013 or coding of visual transitions and hence no hidden states, the dimensionaliag
stimuli (Cadieu et al., 20)3We can attack this question aided estimated based on the rate vectors in bins of 200 ms duration
by the model ofFigure 4, where we can study the e ect of large (using bin widths of 50-500 ms did not change the results; see
numbers of neurons, but also the impact on dimensionality of dMethods for details).

Frontiers in Systems Neuroscience | www.frontiersin.org 14 February 2016 | Volume 10 | Article 11


http://www.frontiersin.org/Systems_Neuroscience
http://www.frontiersin.org
http://www.frontiersin.org/Systems_Neuroscience/archive

Mazzucato et al. Stimuli Reduce the Dimensionality of Cortical Activity

We found that the dimensionality grows linearly with correlations, butl < 1= 2in the presence of correlations. These
ensemble size in the absence of correlations, but is a cencguroperties remain approximately true if the variancq%of the
function of N in the presence of pair-wise correlations (circlesring rates are drawn from a distribution with meaB i2 D 2
in Figure 7D). Thus, as expected, the presence of correlationsnd variancevar i2 D d “. As Equation (9) shows, in such
reduces the dimensionality and suggests the possibilitynof aa case dimensionality is reduced compared to the case of equal
upper bound. A simple theoretical calculation mimicking thisariances, for example 4C‘; N < N for largeN when
scenario shows that in this case converges indeed to an upper DO d DO.
bound that depends on the inverse of the square of the pair-wise
correlations. For example, in the case of uniform correladi¢ )

. . . correspond to Equation 8), together with their estimateS{*
and equal variances of the spike counts, Equation (8) of Mesxhodbased on 1000 data points (same number as triaigare 7D;
d.N; / D , shows thad D N in the absence of

1
2C(1 ?=N see Methods). The estimates are based on surrogate datasets

The analytical results are shown iRigure 7E (full lines

FIGURE 7 | Dimensionality and correlation. (A)  Empirical single neuron ring rate distributions in the datgleft) and in the model (right), for ongoing (black), and
evoked activity (red). The distributions are approximatelognormal. X-axis, Firing rate (spks/s); Y-axis, frequepc(B) Example of independent Poisson spike trains
with ring rates matched to the ring rates obtained in simulatons of the spiking network model.(C) Example of correlated Poisson spike trains with ring rates
matched to the ring rates obtained in simulations of the spikng network model. Pair-wise correlations of D 0.1 were used (see Methods). X-axis, time [s]; Y-axis,
neuron index. (D) Dimensionality as a function of ensemble siz8l in an ensemble of Poisson spike trains with spike count cortations D 0; 0.1; 0.2 and ring rates
matched to the model simulations ofFigure 6 . Dashed lines represent the t of Equation (16) to the data (h d 2pa? 4pd*“D ), with best- t parameters
(mean s.e.m)aD0.22 10 °; D340 8. Filled circles (from top to bottom): dimensionality of thelata (raster plots) shown in(B,C) (shaded areas represent
SD). X-axis, ensemble size; Y-axis, dimensionalitfE) Theoretical prediction for the dependence of dimensiondji on ensemble sizeN and ring rate correlation for
the case of uniform correlation, Equation (8) (thick linegreen to cyan to blue shades represent increasing correlatns). “+” are dimensionality estimates from

Nt D 1; 000 trials for eachN (sameNy as in panelD, each trial providing a ring rate value sampled from a log-nomal distribution), in the case of log-normally
distributed ring rate variances i2 with mean 2 D 40 (spk=s)" 2 and standard deviation0.5 2 Theoretical predictions from Equation (16) match the estiated values
in all cases (dashed black lines). X-axis, ensemble size N:aXis, dimensionality.
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with lognormal-distributed variances? to mimic the empirical  Scaling of Dimensionality in the Presence

distribution of variances found in GC (not shown). of Clusters
) ) _ We next compared the dimensionality of the homogeneous
Estimation Bias network's activity to that predicted by the clustered network

Comparison offFigures 7D,Eshows that the dimensionality of model ofFigure 4 To allow comparison with the homogeneous
the homogeneous network is underestimated compared to theetwork, dimensionality was computed based on the spike munt
theoretical value given by Equation (8). This is due to aenit in 200 ms bins rather than the HMM's ring rate vectors as in
number of trials and the presence of unequal variances witkigure 6(see Methods for details).
spreadd # (“C” in Figure 7B). As Figure 7E shows, taking We found that the dependence dfon N in the clustered
this into account will reduce the dimensionality to valuesnetwork depends on how the neurons are sampled. If the
comparable to those of the homogeneous networkighire 7D.  sampling is completely random, so that any neuron has the same
The dimensionality in that case is well predicted by Equatiorprobability of being added to the ensemble regardless ofealust
(16) (broken lines inFigure 7B. The same Equation (16) was membership, a concave dependenceNowill appear, much like
tted successfully to the data iRigure 7D (dashed) by tuning 2 the case of the homogeneous netwdrigure 9A, dashed lines).
parameters to account for the unknown variance and corretati However, if neurons are selected one from each cluster util al
width of the ring rates (see Methods for details). clusters have been sampled once, then one neuron from each
Empirically, estimates of the dimensionality Equation (2)cluster until all clusters have been sampled twice, and so on,
based on a nite numbeNt of trials tend to underestimatd  until all the neurons in the network have been sampled, then
(Figure 3B. The approximate estimator Equation (16) con rms the dependence off on N shows an abrupt transition when
that, for any ensemble sia¢, d is a monotonically increasing N D Q, i.e., when the number of sampled neurons reaches
function of the number of trialsKigure 8A). Note that this holds the number of clusters in the networkFigure 9A, full lines;
for the mean value of the estimator (Equation 16) over manyseeFigure 9B for raster plots withQ D 30 andN D 50). In
datasets, not for single estimates, which could overestirtiee  the following, we refer to this sampling procedure as “ordered
true d (not shown). Equation (16) also provides an excellensampling,” as a reminder that neurons are selected randomly
description of dimensionality as a function of ring rates' from each cluster, but the clusters are selected in seriarord
varianced 4 (Figure 8B) and pair-wise correlations widtd 2 For N Q, the dimensionality grows linearly with ensemble
(Figure 8Q. In particular, the mean and the variance of thesize in both ongoing (slope 0.24 0.01,r D 0.79,p <
pair-wise correlations have an interchangeable e ectdogsee 10 19, black line) and evoked periods (slope 0.19.01,r D
Equation 16); they both decrease the dimensionality andossd 0.84 p < 10 1% red line), and was larger during ongoing than
the ring rate varianced * (Figure 8B). evoked activity [trial-matched two-way ANOVA, main e ect:

FIGURE 8 | Dimensionality estimation. (A) Dependence of dimensionality on the number of trials for veaable ensemble sizeN, for xed correlations D 0.1 and
ring rates variances i2 with mean 2 and standard deviationd 2 D 0.4 2. Dashed lines: theoretical prediction, Equation (16); det mean values from simulations of
20 surrogate datasets containing 10—1000 trials each (shaetl areas: SD), with darker shades representing increasingumber of trials. X-axis: ensemble size; Y-axis,
dimensionality.(B) Dependence of dimensionality on the spread 2 of the ring rates variances for xed correlations D 0.1 and ring rate variance with mean 2,
Dashed lines: theoretical prediction, Equation (16); dotsnean values from simulations of 20 surrogate datasets comining 1000 trial each (shaded areas: ED), with
lighter shades representing increasing values af 2= 2). X-axis, ensemble size; Y-axis, dimensionalit{C) Dependence of dimensionality on the widtld D = Var( ) of
pair-wise ring rate correlations (with zero mean, D 0), for ring rates variances i2 with mean 2 and standard deviationd 2 D 0.4 2. Dashed lines: theoretical
prediction, Equation (16); dots: mean values from simulatns of 20 surrogate datasets containing 1000 trials each (shded areas: SD), with darker shades
representing increasing values ofl . Inset distribution of correlation coef cients used in the main gue. X-axis, ensemble size; Y-axis, dimensionality. In all pals,

2D 40 (spk=s)" 2.
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FIGURE 9 | Dimensionality in a clustered network. (A)  Trial-matched dimensionality as a function of ensemble #zin the recurrent network model (ongoing and
evoked activity in black and red, respectively, with shadedreas representing s.e.m.). Filled lines represent ordetesampling, where ensembles to the left of the green
vertical line N D Q D 30) contain at most one neuron per cluster, while to the right afhe line they contain one or more neurons from all clusters (dd circles indicate
representative trials in paneB). Dashed lines represent random sampling of neurons, regdless of cluster membership. X-axis, ensemble size; Y-axislimensionality.
(B) Representative trial of an ensemble of 50 neurons sampleddm the recurrent network inFigure 4 during ongoing activity (upper plot, in black) or evoked actity
(lower plot, in red) for the case of “ordered sampling” (fulines in panelA). Neurons are sorted according to their cluster membershigadjacent neuron pairs with
similar activity belong to the same cluster, for neurons #1to #40; the last 10 neurons are sampled from the remaining dkters). X-axis, time to stimulus
presentation att D O (s); Y-axis, neuron index(C) Average correlation matrix for 20 ensembles ol D 50 neurons from the clustered network model withQ D 30
clusters. For the rst 40 neurons, adjacent pairs belong to tle same cluster; the last 10 neurons (delimited by a dashed wte square) belong to the remaining clusters
(neurons are ordered as in paneB). Thus, neurons 1, 3, 5, ..., 39 (20 neurons) belong to the rst 2@lusters; neurons 2, 4, 6, ..., 40 (20 neurons) belong also the st
20 clusters; and neurons 41, 42, 43, ..., 50 (10 neurons) belongo the remaining 10 clusters. X-axis, Y-axis: neuron indeXD) Plot of Equation (12) givingl vs. N and
(uniform within-cluster correlations) for the sampling pcedure of panel(B). X-axis, ensemble size N; Y-axis, dimensionality.

F1.049 D 168 p < 10 30. interaction:F s, 929 D 4.1 p < ongoing (slope 0.010 0.003r D 0.1 p < 0.001) and evoked
0.001]. periods (slope 0.0090.002r D 0.13 p< 10 “; Figure 9A, full
These results are in keeping with the empirical and modelines). The average dimensionality over the range 38 100
results based on the HMM analysiBigures 3 6). However, in  was signi cantly larger for ongoinglongoingD 8.74  0.06, than
the case of ordered sampling, the dependence of dimensignalifor evoked activity deyokedD 7.15 0.04 [trial-matched two-way
on ensemble size tends to disappear for  Q both during  ANOVA, main e ect: F1.2212) D 488 p < 10 30}, con rming
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that dimensionality during ongoing is larger than duringaked Note that the formula also predicts cusps in dimensionality
activity also in this case. The di erence in dimensionaligtilveen  (which become local maxima for largg whenever the ensemble
ongoing and evoked activity also holds in the case of randomize is an exact multiple of the number of clusters. This is also
sampling on the entire range df values Figure 9A, dashed visible in the simulated data dfigure 9A, where local maxima

lines), con rming the generality of this nding. seem to appear & D 30 60, 90 withQ D 30 clusters. It is

. . L . also worth mentioning that, for low intra-cluster correians, the
Dimensionality is Larger in the Presence of dependence oN predicted by Equation (13) becomes smoother
Clusters and the cusps harder to detect (not shown), suggesting that

Intuitively, the dimensionality saturatesitD Qinthe clustered the behavior of a clustered network with weak clusters tends
network because additional neurons will be highly corredat to converge to the behavior of a homogeneous asynchronous
with already sampled ones. Fo¢ Q, each new neuron's network—therefore lacking sequences of hidden statess,Thu
activity adds an independent degree of freedom to the neurahe complexity of the network dynamics is re ected in how its
dynamics and thus increases its dimensionality. Ror> N,  dimensionality scales witN, assuming that one may sample one
additional neurons are highly correlated with an existirepnon,  neuron per cluster (i.e., via “ordered sampling”).
adding little or no additional contribution tal. Indeed, compared Even though it is not clear how to perform ordered sampling
to the low overall correlations found across all neuron pairs empirically (see Discussion), this result is neverthelessfull
the data (and used afesideratdor the homogeneous network), since it represents an upper bound also in the case of random
neurons belonging to the same model cluster had a much highasampling (sedrigure 9A, dashed lines). Equation (13) predicts
correlation of D 0.92 [0.56 0.96] (median and [25, 75]- thatd Q= 2, with this value reached asymptotically for large
percentile), while neurons belonging to dierent clustersdha N. In the case of random sampling, growth to this bound is even
negligible correlation ( 0; [ 0.10 0.06]). A negligible slower Figure 9A). For comparison, in a homogeneous network
median correlation was typical: for example, negligible vies t d 1= 2 from Equation (8), a bound that is smaller by a
overall median correlation regardless of cluster membprsh factor of Q. Finally, homogeneous dimensionality is dominated
0 [ 0.109 0.083]); and the empirical correlation both during by clustered dimensionality also in the more realistic cdswo-
ongoing ( 0.047 0.051; with rare maximal values of  0.5), uniform variances and correlations, where similar bounds ar
and evoked activity ([ 0.08% 0.113], with rare maximal values of found in both cases (see Methods for details).
0.9). While we note the qualitative agreement of model and

empirical correlations, we emphasize that these numbers we@|SCUSSION
obtained using 200 ms bins and that they were quite sengibive
bin duration. In particular, the maximal correlations (regéess In this paper we have investigated the dimensionality of
of sign) were substantially reduced for smaller bin durasignot  the neural activity in the gustatory cortex of alert rats.
shown). Dimensionality was de ned as a collective property of ens@sibl

Plugging these values into a correlation matrix re ectilgt of simultaneously recorded neurons that re ects the e eetiv
clustered architecture and the “ordered” sampling procedurspace occupied by the ensemble activity during either ongoing
used inFigure 9B, we obtained the matrix shown iRigure 9C  or evoked activity. If one represents ensemble activityimgeof
where pairwise correlations depend on whether or not thering rate vectors, whose dimension is the number of ensenbl
neurons belong to the same cluster (for the rst 40 neuronspeuronsN, then the collection of rate vectors across trials takes
adjacent pairs belong to the same cluster; the last 10 neurotise form of a set of points in theN-dimensional space of
belong to the remaining clusters). It is natural to interpret ring rates. Roughly, dimensionality is the minimal numbef o
such correlation matrix as the noisy observation of a blockdimensions necessary to provide an accurate descriptionadf su
diagonal matrix such that neurons in the same cluster haveet of points, which may be localized on a lower-dimensional
uniform correlation while neurons from di erent clusters @r subspace inside the whole ring rate space.
uncorrelated. For such a correlation matrix the dimensidya One of the main results of this paper is that the dimensionality
can be evaluated exactly (see Equation 12 of Methods). In tled evoked activity is smaller than that of ongoing activity,
approximation where all neurons have the same variance, thie., stimulus presentation quenches dimensionality. More

reduces to Equation (13), i.e., speci cally, the dimensionality is linearly related to thesemble
( ) size, with a signi cantly larger slope during ongoing adivi
N P NQ compared to evoked activity (comparEigures 3B,D. We

diN; ) D explained this phenomenon using a biologically plausible,

*[—/—TN S N>Q’

1em 1 .Q p/=]: © mechanistic spiking network model based on recurrent
whereN D mQ C p. This formula is plotted inFigure 9D  connectivity with clustered architecture. The model wasergly

for relevant values of and N and it explains the origin of introduced in Mazzucato et al. (2015}0 account for the

the abrupt transition in dimensionality & D N. (The reasons observed dynamics of ensembles of GC neurons as sequences
for a dimensionality lower thamN for N Q in the data—see of metastable states, where each state is de ned as a vector
Figure 9A-are, also in this case, the nite number of data pointsof ring rates across simultaneously recorded neurons. The
(250) used for its estimation and the non-uniform distritets ~ model captures the reduction in trial-to-trial variabilignd the

of ring rate variances and correlations). multiple ring rates attained by single neurons across di ete
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states observed in GC upon stimulus presentation. Here, thealues at parity of correlations, representing an intermediat
same model was found to capture also the stimulus-inducedase between a homogeneous network and a population of
reduction of dimensionality. While the set of active cluste independent neurons.
during ongoing activity varies randomly, allowing the emdxe Evidence for the presence of spatial clusters has been recently
dynamics to explore a large portion of ring rate space, thereported in the prefrontal cortex based on correlations asesy
evoked set of active clusters is limited mostly to the stumul (Kiani et al., 201p An alternative possibility is that neural
selective clusters only (sééazzucato et al., 201for a detailed clusters are not spatially but functionally arranged, andst&u
analysis). The dynamics of cluster activation in the modieist memberships vary with time and task complexigickert et al.,
explains the more pronounced dependence of dimensionalitf009. Can our model provide indirect tools to help uncover
on ensemble size found during ongoing compared tahe presence of clusters? A closer lookFgjures 6E,Freveal
evoked activity. a small peak at large correlations due to the contribution of
We presented a simple theory of how dimensionality dependbkighly correlated neurons belonging to the same clustersThi
on the number of simultaneously recorded neurdhgheir ring peak would be absent in a homogenous network and thus
rate correlations, their variance, and the number and diorat is the signature of a clustered architecture. However, such
of recording trials. We found that dimensionality increasgith  peak is populated by only small fractiorl/Q) of the total
N and decreases with the amount of pair-wise correlationsaumber of neuron pairs, which hinders its empirical detection
among the neurons (e.grigure 8Q). At parity of correlations, (no peak at large correlations is clearly visible in our data,
dimensionality is maximal when all neurons have the samseerigures 3G,H.
ring rate variance, and it decreases as the distributiocadint
variances becomes more heterogeneous (Eigure 88). The Dimensionality and Trial-to-Trial Variability
estimation of dimensionality based on a nite dataset is arCortical recordings from alert animals show that neurons
increasing function of the number of trial§igure 8A). Finally, produce irregular spike trains with variable spike counts asro
introducing clustered correlations in the theory, and samgli trials (Shadlen and Newsome, 1994; Fontanini and Katz, 2008;
one neuron per cluster as Irigure 9B, results in cusps at values Moreno-Bote, 201y Despite many e orts, it remains a key issue
of N that are multiples of the number of clusterBigure 9D), to establish whether variability is detrimentabir et al., 1997;
in agreement with the predictions of the spiking network modelWhite et al., 201por useful (McDonnell and Ward, 201)ifor

(Figure 9A full lines). neural computation.
) _ ) _ _ _ Trial-to-trial variability is reduced during preparatory gty
Dimensionality Scaling with Ensemble Size (Churchland et al., 2006during the presentation of a stimulus

The increased dimensionality with sample size, especialipglu (Churchland, 2010)) or when stimuli are expectecs@muelsen
ongoing activity, was found empirically in datasets with 3—%=tal., 201}, a phenomenon that would not occur in a population
neurons per ensemble, but could be extrapolated for latger of independent or homogeneously connected neurdnosay(n-

in a spiking network model with homogeneous or clusteredkumar and Doiron, 201p Recent work has shown that the
architecture. In homogeneous networks with nite corretats  stimulus-induced reduction of trial-to-trial variabilitcan be due
the dimensionality is predicted to increase sub-linearly with to spike-frequency adaptation in balanced networksrihooi
(Equation 8), whereas in the clustered network it may exhibiet al., 2013 or to slow dynamic uctuations generated in a
cusps at multiple values of the number of clustdfgyre 9A),  recurrent spiking networks with clustered connectivityeco
and would saturate quickly to a value that depends on theind Hugues, 2012; Litwin-Kumar and Doiron, 2012; Mazzucato
ratio of the number of cluster® and the amount of pair-wise et al., 201} In clustered network models, slow uctuations in
correlations,d Q= 2. Testing this prediction requires the ring rates across neurons can ignite metastable sequeates
ability to sample neurons one from each cluster, until alstéus  neural activity, closely resembling metastable sequerirsesved
are sampled, and seems beyond the current recording teckaiqu experimentally fbeles et al., 1995; Seidemann et al., 1996; Jones
However, looking for natural groupings of neurons based oret al., 2007; Kemere et al., 2008; Durstewitz et al., 201&ePo
response similarities could uncover spatial segregatiolusters  Alvarez etal., 2012; Mazzucato et al., J0The slow, metastable
(Kiani et al., 201pand could perhaps allow sampling neuronsdynamics of cluster activation produces high variabilitytire
according to this procedure. Moreover, the model predicts &pike count during ongoing activity. While cluster activait#o
slower approach to a similar bound also in the case of randoroccur at random times during ongoing activity periods, stiomi

sampling. presentation locks cluster activation at its onset, leadimgt
Dimensionality in a homogeneous network is insteaddecrease in trial-to-trial variability.
bounded by £ 2, and hence it is a facta® smaller than in the Similarly, a stimulus-induced reduction of dimensionglis

clustered network. Dimensionality is maximal in a populationobtained in the same model. In this case, preferred cluster
of independent neurons ( D 0), where it grows linearly with activation due to stimulus onset generates an increase inr pair
N; however, neurons of recurrent networks have wide-rangingvise correlations that reduce dimensionality. Note thae th
correlations (see e.drigures 6E,Fand its empirical counterpart, two properties (trial-to-trial variability and dimensiorigf) are
Figures 3G,H. Since the presence of even low correlations canonceptually distinct. An ensemble of Poisson spike traims ca
dramatically reduce the dimensionality (s&gégure 7D), the be highly correlated (hence have low dimensionality), yet t
neural activity in a clustered architecture can reach muigfher  Fano Factor of each spike train will still be 1 (hence high),
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independently of the correlations among neurons. In a reeatr A second de nition of dimensionality, sometimes referred
network, however, dimensionality and trial-to-trial valility to as “shattering dimensionality” in the Machine Learning
may become intertwined and exhibit similar properties, sucHiterature, has been used to assess the discrimination ptieper
as the stimulus-induced reduction observed in a model withof the neural representatioriR(gotti et al., 2013 Given a set op
clustered connectivity. A deeper investigation of the ligtieeen  ring rate vectors, one can split them into two classes (e.itev
dimensionality and trial-to-trial variability in recurm networks  and black colorings) inR2di erent ways, and train a classi er to

is left for future studies. learn as many of those binary classi cation labels as posSihie
_ - ) ) ) shattering dimensionality is then de ned as (the logaritiof) the
Alternative De nitions of Dimensionality largest number of binary classi cations that can be impleteen

Following (Abbott et al., 201)lwe have de ned dimensionality This measure of dimensionality was found to drop signi clgnih
(Equation 2) as the dimension of an e ective linear subspace ahonkey prefrontal cortex during the error trials of a recalbk,
ring rate vectors containing the most variance of the neura and thus predicts the ability of the monkey to correctly perfor
activity. It diers somewhat from the typical dimensionality the task Rigotti et al., 2013
reduction based on PCA that retains only the number of A exible and informative neural representation is one that
eigenvectors explaining a prede ned amount of variance (seachieves a large shattering dimensionality (good discration)
Broome et al., 2006; Ge en et al., 200because Equation (2) while keeping a low complexity (good generalization). Note
includes contribution from all eigenvalues. Moreover, wedha that both complexity and shattering dimensionality represent
computed the ring rate correlations in bins of variable widt measures of classi cation performance in task-related pgrag,
that match the duration of the HMM states. Although, our and their de nition requires a set of evoked conditions to
main results do no depend on bin size (see Results' sectidre classi ed via a supervised learning algorithm. While both
“Time course of dimensionality as a function of ensemble”jz de nitions could be applied to neural activity in our stimulus
the actual value of dimensionality decreases with incngasi evoked data, their interpretation is not readily extended to
bin duration. Thus, any choice of bin size (e.g., 200ms imperiods of ongoing activity, as the latter is not associated
Figures 3F,G remains somewhat arbitrary. A better method istoto desired targets in a way that can be learned by a
use a variable bin size as dictated by the HMM analysis, as dookassi cation algorithm. Since our main aim was to compare th
in Figures 3B—D This method also prevents diluting correlations dimensionality of ongoing and evoked activity, the unsupsedi
among ring rates that would occur if one neuron were to chang approach ofAbbott et al. (2011and their notion of “e ective”
state inside the current bin, because during a hidden sta¢e t dimensionality was better suited for our analysis. A relate
ring rates of the neurons are constant (by de nition). Thuhis  de nition of dimensionality has been used lyao and Ganguli
provides a principled adaptive procedure for selecting the bii2015) to investigate neural representations of movements in
size and eliminates the dependence of dimensionality on the b motor cortex.
width used for the analysis. Many measures of dimensionality used in the literature
Other de nitions of neural dimensionality have been (including ours and some of those discussed above) are lmased
proposed in the literature, which aim at capturing di erent pair-wise correlations. However, neural activity is knowrgive
properties of the neural activity, typically during stimuleseked rise also to higher-order correlation$/értignon et al., 2000
activity. A measure of dimensionality related to ours, aefitrred  Given that the extent and relevance of higher-order cotietes
to as “complexity,” was introduced itCadieu et al. (2013) is actively debatedSchneidman et al., 2006; Staude et al., 3010
According to their de nition, population ring rate vectorsrbm it would be useful to include them in measures of dimensidgpal
all evoked conditions were rst decomposed along their kérneThis is left for a future study.
Principal ComponentsNiontavon et al., 201)1A linear classi er
was then trained on an increasing number of leading PCs irord Ongoing Activity and Task Complexity
to perform a discrimination task, where the number of PCs used he relationship between ongoing and stimulus-evokedvéyti
was de ned as the complexity of the representation. In generahas been linked to the functional connectivity of local émat
the classi cation accuracy improves with increasing compyexi circuits, and their mutual relationship has been the objett
and it may saturate when all PCs containing relevant featare  both theoretical and experimental investigations, ofterthwi
used—uwith the remaining PCs representing noise or infororati contrasting conclusions (e.grieli et al., 1996; Tsodyks et al.,
irrelevant to the task. Reaching high accuracy at low complexitl999; Kenet et al., 2003; Luczak et al., 2009; Tkacik eDaDb; 2
implies good generalization performance, i.e., the abildy tBerkesetal., 2011; Mazzucato et al., (Hére, we have focused
classify novel variations of a stimulus in the correct catgg on the dimensionality of ongoing and evoked activity and énav
Neural representations in monkey inferotemporal cortex (IT)shown that neural activity during ongoing periods occupies
were found to require lower complexity than in area V4,a space of larger dimensionality compared to evoked activity.
con rming IT's premier role in classifying visual objectsgite  Although, based on a di erent measure of dimensionality enetc
large variations in shape, orientation and backgrouthdieu results on the relation between the dimensionality of ewbke
et al., 2018 Complexity relies on a supervised algorithm and isactivity and task complexity suggest that evoked dimensitynal
an e cienttool to capture the generalization properties of &ed  is roughly equal to the number of task conditiorsi¢otti et al.,
representations (sé&Carlo et al., 201for its relevance to visual 2013. It is natural to ask whether the dimensionality of ongoing
object recognition). activity provides an estimate of the complexity of the hardask
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that can be supported by the neural activity. Moreover, based on Establishing a precise experimental and theoretical link
the clustered network model, the presence of clusters imposégtween the number of clusters and task complexity is an
an upper valud Q= 2 during ongoing activity, suggesting important question left for future studies.

that a discrimination task with up té Q di erent conditions
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