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Abstract 30 

Identifying the features of population responses that are relevant to the amount of information 31 

encoded by neuronal populations is a crucial step toward understanding population coding. 32 

Statistical features such as tuning properties, individual and shared response variability, and 33 

global activity modulations could all affect the amount of information encoded and modulate 34 

behavioral performance. We show that two features in particular affect information: the 35 

modulation of population responses across conditions (population signal, PS) and the inverse  36 

population covariability along the modulation axis (projected precision, PP). We demonstrate 37 

that fluctuations of these two quantities are correlated with fluctuations of behavioral 38 

performance in various tasks and brain regions consistently across four monkeys (one female 39 

and one male macaca mulatta and two male macacca fascicularis). In contrast, fluctuations 40 

in mean correlations among neurons and global activity have negligible or inconsistent 41 

effects on the amount of information encoded and behavioral performance. We also show that 42 

differential correlations reduce the amount of information encoded in finite populations by 43 

reducing PP. Our results are consistent with predictions of a model that optimally decodes 44 

population responses to produce behavior.   45 

 46 

Significance Statement 47 

The last two or three decades of research have seen hot debates about what features of 48 

population tuning and trial-by-trial variability influence the information carried by a 49 

population of neurons, with some camps arguing, for instance, that mean pairwise 50 

correlations or global fluctuations are important while other camps report opposite results. In 51 

this study we identify the most important features of neural population responses that 52 

determine the amount of encoded information and behavioral performance by combining 53 
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analytic calculations with a novel non-parametric method that allows us to isolate the effects 54 

of different statistical features. We tested our hypothesis on four macaques, three decision-55 

making tasks and two brain areas. The predictions of our theory were in agreement with  the 56 

experimental data.  57 

 58 

Introduction  59 

Identifying the statistical features of neuronal population responses that affect the amount of 60 

encoded information and behavioral performance is critical for understanding neuronal 61 

population coding (Arandia-Romero et al., 2017; Panzeri et al., 2017). Changes in network 62 

states such as global modulations of activity (Harris and Thiele, 2011; Luczak et al., 2013; 63 

Gutnisky et al., 2017), as well as changes in correlated noise among neurons, have been 64 

shown to constrain the amount of information encoded by neuronal populations (Zohary et 65 

al., 1994; Ecker et al., 2014; Lin et al., 2015; Schölvinck et al., 2015). Indeed, it has been 66 

suggested that changes in neuronal tuning, global activity modulations, and noise correlations 67 

affect behavioral performance in certain conditions (Cohen and Newsome, 2008; Cohen and 68 

Maunsell, 2009; Mitchell et al., 2009; Gu et al., 2011; Verhoef and Maunsell, 2017; Ni et al., 69 

2018). Additionally, theoretical studies have determined the exact pattern of noise 70 

correlations that limit the amount of encoded information for very large neuronal populations, 71 

so-called differential correlations (Moreno-Bote et al., 2014; Kanitscheider et al., 2015). 72 

However, the aspects of neuronal responses that most directly affect the amount of encoded 73 

information for finite neuronal populations are not clear, since experimental designs often do 74 

not allow control over other statistical features that could potentially be involved. 75 

Furthermore, it is unknown whether the same features of population responses that affect the 76 
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amount of encoded information also impact behavioral performance (Arandia-Romero et al., 77 

2017; Panzeri et al., 2017).  78 

 In a population of N neurons, it is possible to define N mean firing rates, N(N+1)/2 79 

independent covariances, as well as features based on combinations of these quantities. What 80 

statistical features matter the most for encoding information? Do these same features also 81 

affect behavioral performance? To address these questions, we characterized the amount of 82 

encoded information and behavioral performance in three different tasks based on responses 83 

of multiple neurons recorded simultaneously in macaque monkeys. We examined neurons 84 

recorded in two different brain areas: the middle temporal area (MT), and area 8a in the 85 

lateral prefrontal cortex (LPFC). We developed a conditioned bootstrapping approach that 86 

allowed us to determine the features of neuronal population responses that influence the 87 

amount of information encoded and behavioral performance by generating fluctuations of one 88 

feature while keeping the other features constant. Using this approach, we found that the 89 

amount of information encoded in neuronal ensembles was primarily determined by two 90 

features: 1) the length of the vector joining the mean population responses in different 91 

experimental conditions (referred here as population signal, PS), and 2) the inverse 92 

population covariability projected onto the direction of the PS vector (projected precision, 93 

PP). Contrary to previous suggestions (Zohary et al., 1994; Kanitscheider et al., 2015; Lin et 94 

al., 2015; Ecker et al., 2016; Gutnisky et al., 2017), other statistical features, such as mean 95 

pairwise correlations (MPC) and global activity (GA) modulations, did not affect the amount 96 

of information encoded when PS and PP were kept constant. Strikingly, we also found that PS 97 

and PP are predictive of behavioral performance, whereas MPC and GA are not.   98 

We show that MPC and GA are correlated with, and thus confounded with, PS and PP. 99 

This can explain why previous studies report that changes in MPC (Zohary et al., 1994; 100 

Mitchell et al., 2009; Ecker et al., 2010; Renart et al., 2010; Gu et al., 2011; Ni et al., 2018) or 101 
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GA (Kanitscheider et al., 2015; Lin et al., 2015; Ecker et al., 2016; Gutnisky et al., 2017) 102 

modulate the amount of information encoded and behavioral performance, as those effects 103 

may have been due to concomitant changes in PS and PP, not MPC or GA per se. Finally, we 104 

link our results with previous theoretical work by showing that PP is reduced when 105 

differential correlations are added into the system. Our results are broadly consistent with 106 

predictions of a model that optimally decodes population responses to produce behavior.  107 

Materials and Methods 108 

1. Theoretical expression for the amount of encoded information 109 

1.1. Theoretical decoding performance for an arbitrary linear classifier 110 

If we assume that the activity of a neuronal population r (N neurons) follows a multivariate 111 

Gaussian distribution, the covariance matrix for r is stimulus-independent, the probability of 112 

presenting condition 1 is same as presenting condition 2 ( ( ) = ( ) = 0.5), and the 113 

classification is based on a linear projection of r onto a scalar variable z = ωTr + ω0 (linear 114 

classifier) (see Fisher 1936), then the performance of the linear classifier can be expressed as 115 

= Ф  ,                                                       (2) 116 

where Δ ≡ − , μ1 = E[ r | ], μ2 = E[ r | ], Σ = E[ (r – μ1)(r – μ1)T | ] = E[ (r – 117 

μ2)(r – μ2)T | ],  Ф(∙) is the cumulative Gaussian function, and  is the decoding 118 

performance.  This expression gives the percentage of correct classifications (i.e. ) that 119 

would be achieved by a linear classifier that reads out from a neuronal ensemble using an 120 

arbitrary set of weights, .  121 

 122 

1.2. Theoretical DP for the optimal linear classifier 123 
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By optimizing Eq. (2) with respect to , we find that ∝ Σ Δ , which corresponds to 124 

the solution for the Linear Discriminant Analysis  (LDA, Fisher 1936). We can substitute ω 125 

for  in Eq. (2) to find the DP for the optimal classifier 126 = Ф √Δ Σ Δ .                                               (3) 127 

The term inside Ф(∙) is known as = √Δ Σ Δ  (Averbeck and Lee, 2006; Chen et al., 128 

2006). It is a scalar quantity and therefore it remains invariant under unitary rotations of the 129 

reference frame. By rotating the original neuron-based orthogonal basis so that Σ (and thus 130 Σ ) becomes diagonal, we can express Eq. (3) as 131 

= Ф |Δ | ∑  .                                          (4) 132 

(see Moreno-Bote et al., 2014 for a similar derivation in the case of linear Fisher 133 

information).  The first term, |Δ |, which we will refer to as Population Signal (PS), is the 134 

norm of the stimulus tuning vector Δ . It measures the overall modulation of the activity of 135 

the neuronal population as a function of the stimulus conditions. The second term, 136 

∑ , which we will call Projected Precision (PP), is a function of , the angle 137 

between the i-th eigenvector of the covariance matrix Σ and the direction of the stimulus 138 

tuning vector ≡  | |, and , the i-th eigenvalue of the covariance matrix (see Fig. 139 

1A,B). Thus, Projected Precision is the square root of the sum of squares of the eigenvalues 140 

of the precision matrix (inverse of the noise covariance matrix, Σ) projected onto the direction 141 

.. This rotation allows us to dissect the independent contributions of population tuning 142 

(first-order statistics) and trial-by-trial variability (second-order statistics) to the amount of 143 

information encoded by a neural population, which is not possible with the standard 144 

factorization of d’ into signal and noise components (see Discussion).  145 

 146 
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1.3. Theoretical DP for shuffled neuronal recording data 147 

Trial shuffling is a commonly used technique to destroy the trial-by-trial shared fluctuations 148 

among neurons while preserving their mean firing rate to different experimental conditions. 149 

To understand the effects of noise correlations on DP, it is useful to derive theoretical 150 

expressions of DP for shuffled data. Shuffling the activity of single neurons across trials for a 151 

fixed stimulus condition transforms the covariance matrix Σ into Σ  (Averbeck et al., 2006), 152 

which is only approximately diagonal due to finite data size effects. The theoretical 153 

expression of DP for the shuffled data is given by 154 

= Ф  .                                                 (5) 155 

The optimal classifier is therefore ∝ Σ Δ , and Eq. (4) becomes 156 

= Ф |Δ | ∑ .                                            (6) 157 

In this expression, PS remains the same as in Eq. (4) while the PP for the shuffled data 158 

becomes ∑ , where  is the variance of the response of each neuron and  is the 159 

angle between the stimulus tuning axis   and each vector of the neuron-based orthogonal 160 

basis defining the original N-dimensional space of the neuronal activity. The above equation 161 

can also be expressed as 162 

= Ф ∑ ( ) ,                                                (7) 163 

where ∑ ( )  can be understood as the square root of the sum of the signal-to-noise ratio 164 

(SNR) of all neurons in the ensemble (Seung and Sompolinsky, 1993).  165 

 166 

1.4. Theoretical DP under suboptimal read-outs 167 
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Here, we derive theoretical expressions of DP for two sub-optimal classifiers: one blind to 168 

response variability and another blind to pairwise correlations (Pitkow et al., 2015). 169 

The variability-blind classifier takes into account the neuronal tuning but it is blind to 170 

any elements of the covariance matrix (i.e., it considers the covariance matrix to be 171 

proportional to the identity matrix). Thus, the readout weights for this classifier are given by 172 ∝ Δ . Introducing this expression into Eq. (2), we find 173 

= Ф | |∑  ,                                                (8) 174 

where  and  are as defined before. The variability-blind classifier is directly related to the 175 

‘axis of discrimination’ framework and associated d’ measure previously proposed (Cohen 176 

and Maunsell, 2009). In this framework, the axis of discrimination becomes precisely the 177 

difference in means vector Δ , which corresponds to a sub-optimal read-out direction that 178 

ignores both the shared and individual trial-by-trial variability of the population. The 179 

variability-blind PP is defined as ∑ cos , which is a lower bound on the real 180 

population’s PP. As shown in Extended Data Fig. 1-1, the analytical expression for encoded 181 

information based on the variability-blind classifier performs more poorly than the theoretical 182 

DP obtained using the full covariance matrix. Moreover, the degree of suboptimality of the 183 

variability-blind classifier grows with neural ensemble size. 184 

The correlation-blind classifier (Pitkow et al., 2015) only takes into account the 185 

signal-to-noise ratio of each neuron, and ignores pairwise correlations among the neuronal 186 

ensemble (that is, the off-diagonal terms in the covariance matrix are zero). The set of 187 

weights for this classifier, then, is given by ∝ , which can also be written as ∝188 

Σ Δ . By substituting this expression into Eq. (2), we obtain 189 
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= Ф⎝⎜
⎛ |Δ | ∑

∑ ⎠⎟
⎞ ,                                                  (9) 190 

where   and  are as defined earlier and  and  correspond to the i-th eigenvalue and 191 

the angle between  and the i-th eigenvector of the matrix Σ ΣΣ , respectively. The 192 

correlation blind classifier, though suboptimal for correlation-intact data, is optimal for 193 

shuffled data from which pairwise correlations have been removed. Like in the variability-194 

blind case, PS is equivalent to that for the optimal case, while the correlation-blind PP 195 

becomes 
∑
∑ , which is also a lower bound on the true PP of a population of neurons. 196 

 197 

1.5 Relationship to information-limiting correlations (differential correlations)  198 

There is a well-known characterization of the type of correlations that limit information in 199 

large neuronal populations, the so-called differential correlations (Moreno-Bote et al., 2014; 200 

Kanitscheider et al., 2015). The fundamental difference between the formulation of 201 

differential correlations and our approach is that the expression for differential correlations 202 

applies to correlations that limit information in very large neuronal populations ( → ∞), 203 

while the statistical features PS and PP are guaranteed, under some assumptions, to be the 204 

only features that affect information for finite neuronal populations ( < ∞). However, as 205 

information-limiting correlations can also have an impact on the amount of encoded 206 

information for finite N, we examine in detail the relationship between these two approaches. 207 

              As described above, the task of our binary classifier is to assign one of two possible 208 

labels to a multi-dimensional pattern of activity. In most experimental situations, the two 209 

discrete labels are just particular instances of a continuous variable. For example, the 210 

direction of motion is a continuous variable, but the subject may be asked to discriminate 211 
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between two particular directions (e.g., left vs right) in a motion discrimination task. 212 

Although we may measure neuronal activity only for particular values of a stimulus variable s 213 

(e.g. s1 and s2; ≡ ( − )), the population tuning curve, , is a continuously varying 214 

function of s, ( ). Differential correlations (Moreno-Bote et al., 2014) are defined as a rank-215 

one perturbation of the covariance matrix along the ′( ) direction 216 Σ = Σ + ′ ′ ,                                                      (10) 217 

where  is the strength of the differential correlations,  ( ) = ′( ) is the derivative of the 218 

tuning curves and Σ  is the covariance matrix without differential correlations. As we are 219 

interested in discrimination tasks for which the stimulus categories are not contiguous, we 220 

take the approximation ( ) ≃  for both stimulus conditions (see Fig. 1C).  221 

           We can assess the impact of information-limiting correlations on the amount of 222 

encoded information in a finite population of neurons by directly inserting Eq. (10) into Eq. 223 

(2) to obtain  224 

= Ф  ( )  .                                                   (11), 225 

In general, the optimal classifier takes the form ∝ Σ Δ  (see previous section). Under 226 ( ) ≃ , this optimal readout direction is parallel to the optimal readout direction in the 227 

absence of differential correlations, , = Σ Δ  (Moreno-Bote et al., 2014). However, as 228 

we will see now, decoding performance is strongly affected by the presence of differential 229 

correlations. To see why, note that the amount of encoded information when there are no 230 

differential correlations ( = 0) is = Ф , where = Δ Σ Δ . In contrast, with 231 

differential correlations, the amount of encoded information is given by    232 

=  Ф .                                                        (12) 233 



 

12 
 

Therefore, when differential correlations are introduced into the system, the original  is  234 

reduced by a factor 1 +  and thus encoded information is reduced. When the 235 

neuronal ensemble is very large ( → ∞), Eq. (12)  becomes 236 =  Ф √ ,                                                         (13) 237 

assuming that  grows monotonically with N (this is the case if Σ  does not contain 238 

differential correlations). Therefore, no matter how large the neuronal population is, 239 

information is bounded by Ф √ .    240 

To make more explicit the contribution of information-limiting correlations, PS, and 241 

PP, we can rewrite Eq. (12) as 242 

= Ф × × ,                                                    (14) 243 

where PP0 is the projected precision evaluated using Σ  instead of Σ and ̃ = | ′| . The 244 

larger the strength of information-limiting correlations ( ), the larger the decrease in encoded 245 

information in the neuronal population. In other words, when information-limiting 246 

correlations are introduced into the system, the statistical feature PS is not affected, whereas 247 

PP is reduced by a factor 1 + ̃ × . The framework presented in this study is 248 

complementary to the framework described in (Moreno-Bote et al., 2014) by showing that, in 249 

finite neuronal populations, the contribution of trial-by-trial variability to encoded 250 

information is not necessarily dominated by differential correlations.  251 

 252 

2. Comparison between theoretical and cross-validated decoding performance on 253 

experimental data. 254 

We evaluated how well decoding performance of the theoretical expression (DPth) agrees 255 

with the decoding performance of classifiers trained and tested on experimental data (DPcv). 256 
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We plotted DPth against DPcv and performed type-II regression (orthogonal linear regression) 257 

on the data. We assessed the similarity between the two measures of decoding performance 258 

by computing the percentage of the variance in DPcv that can be explained by DPth as 259 /( + ) ⨯ 100, where  and  correspond to the variance captured by the first and 260 

second principal components of the DPth vs DPcv plot, respectively (Extended Data Fig. 1-2). 261 

In order to account for possible idiosyncrasies from choosing a LDA when evaluating DPcv 262 

and possible over-fitting on DPcv due to the limited number of trials in our datasets, we also 263 

computed DPcv using Logistic Regression (LR) on both the test and the training sets 264 

(Extended Data Fig. 1-2).  In addition to the percentage of explained variance as the 265 

goodness-of-fit metric for the linear fit (% explained variance or E.V.), we also considered 266 

the slope and intercept parameters as complementary goodness-of-fit metrics (Extended Data 267 

Fig. 1-2) and obtained very similar overall results. 268 

We compared how well the optimal expression (Eq. 4) approximated DPcv with 269 

respect to the suboptimal expressions for DPth (Eqs. 8 and 9) by plotting the ratio between the 270 

percentages of explained variance (Extended Data Fig. 1-1A). We performed the same 271 

analysis after shuffling across trials the activity of each individual neuron for a given stimulus 272 

condition (Extended Data Fig. 1-1B). Finally, we compared a linear discriminant analysis 273 

(LDA), a quadratic discriminant analysis (QDA) and a logistic regression (LR). Since LDA 274 

performed the best among the three (Extended Data Fig. 1-3), we chose LDA for computing 275 

DPcv in all analyses presented here. For a detailed description of how these fits were 276 

performed for each dataset, see section 5.  277 

  278 

3. Conditioned bootstrapping method 279 

We performed an analysis based on bootstrapping to test the effects of fluctuations in PS, PP 280 

and other statistical quantities of neuronal responses on the amount of encoded information 281 
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(DPcv) and behavioral performance. The conditioned bootstrapping method involves two 282 

steps: (1) generating fluctuations in statistical quantities through bootstrapping, and (2) 283 

conditioning by selecting bootstrap samples that produce fluctuations in certain statistical 284 

features but not in others. 285 

For a particular set of trials (sub-dataset, see below), bootstrap samples were 286 

generated by randomly selecting M trials (M being the total number of trials for this particular 287 

sub-dataset) with replacement. For each bootstrap sample we calculated the following 288 

quantities: 289 

 290 

 Behavioral performance of the animal, denoted as B (see below for the definition of 291 

behavioral performance in each task). 292 

 Theoretical decoding performance, DPth (Eq. 4). 293 

 Decoding performance of a cross-validated linear classifier (LDA), DPcv. 294 

 Population Signal, PS, and projected precision, PP. 295 

 Mean pairwise correlation, MPC, defined as the average of all pairwise response 296 

correlations among neuron pairs for a fixed stimulus condition. 297 

 Global activity of the neuronal population, GA, defined as the mean neuronal activity 298 

across all neurons and trials. 299 

 300 

We generated 2×104 bootstrap samples when analyzing behavior (Fig. 9) and 103 when 301 

analyzing DPcv (Figs. 4,6,8), as fitting the classifier is computationally expensive. From this 302 

procedure we obtained a distribution of each quantity listed above. We will denote the 303 

obtained value of the statistical feature i for the bootstrap iteration j as , and the fluctuation 304 

of  with respect to the median value of the distribution across bootstrap iterations as 305 = − , where  denotes the median of the distribution for that particular feature. 306 
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We used the median rather than the mean so that the method works just as robustly for 307 

skewed distributions as for symmetrical distributions, although strongly skewed distributions 308 

were typically not observed (Fig. 3). It is important to note that bootstrap samples could 309 

include non-unique trials. When evaluating statistical features computed using the covariance 310 

matrix, if the number of unique trials is small, singular matrices could be generated. 311 

Nevertheless, the number of unique trials in all datasets is typically 10 times larger than the 312 

number of neurons used in the analysis (see next section). Therefore, the rank of the 313 

bootstrapped covariance matrix is always bound by the number of neurons rather than by the 314 

number of unique trials subsampled for each bootstrap iteration. In other words, the 315 

probability of generating covariance matrices of full rank (number of neurons) in 2×104 (or 316 

103) bootstrap iterations is effectively one.   317 

 In order to assess what statistical features affect the amount of encoded information 318 

and behavioral performance the most, we evaluated the dependency of  and  on , 319 

where, as above,  represents a particular statistical feature of the neuronal responses. Here, 320 

dependency is measured by various quantities including correlation. A dependency across 321 

bootstrap iterations between  and  (referred here as ( , )), and between  322 

and  ( ( , )) could result from dependencies mediated by a third quantity . For 323 

instance, Eq. (4) predicts that DPcv depends exclusively on PS and PP, but since PP decreases 324 

as the ensemble's noise (both individual and pairwise) increases, an inverse relationship 325 

between MPC and PP is expected. Therefore, we may find a correlation between  326 

and MPC as a result of their dependencies on PP. To estimate the strengths of the 327 

dependencies ( , ) and ( , ) that are not confounded by other variables, we 328 

developed a method for minimizing the correlation due to dependencies of  (or ) and 329 

 on a third variable . Among all generated bootstrap samples, we selected those that 330 

yielded ≃ 0, i.e.,  values within the ± 15th percentile of its median value. Based on the 331 
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selected samples, we computed ( , | ≃ 0) (or ( , | ≃ 0)), i.e. the 332 

dependency between  (or ) and  conditioned on . This method can easily be 333 

extended to multiple conditioning variables ( , , etc) as long as there are enough 334 

bootstrap samples for the analysis that satisfy the conditions. Using this technique, we 335 

computed the following conditional dependencies: 336 

 337 

 ( , | ≃ 0, ≃ 0, ≃ 0) and 338 

 ( , | ≃ 0, ≃ 0, ≃ 0) 339 

 ( , | ≃ 0, ≃ 0, ≃ 0) and  340 ( , | ≃ 0, ≃ 0, ≃ 0) 

 ( , | ≃ 0, ≃ 0, ≃ 0) and  341 ( , | ≃ 0, ≃ 0, ≃ 0) 

 ( , | ≃ 0, ≃ 0, ≃ 0) and  342 ( , | ≃ 0, ≃ 0, ≃ 0) 

 343 

Note that bootstrap samples were selected based on conditioned features, not on tested 344 

features, and the feature under study played no role on the conditioning procedure. For 345 

instance, to determine the real dependency between  and , we used only samples 346 

for which ≃ 0, ≃ 0, ≃ 0, but  was unconstrained. To evaluate 347 ( , | ≃ 0, ≃ 0, ≃ 0) (Figs. 6 and 10B) and ( , | ≃ 0, ≃348 0, ≃ 0) (Figs. 9, 10C and Extended Data Fig. 9-1), we used 103 and 2×104 bootstrap 349 

iterations, respectively. With the conditioning criterion of ±15th percentile around the median, 350 

about 2.7% of the total number of bootstrap iterations (27 for dependencies on DPcv and 540 351 

for B) satisfied the conditioning on all three ,  and  from which to compute 352 

dependencies. 353 
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The dependencies ( , | ≃ 0, ≃ 0, ≃ 0) and ( , | ≃354 0, ≃ 0, ≃ 0) were evaluated by using two metrics: (1) the Pearson correlation 355 

coefficient (Extended Data Fig. 9-1B) and (2) the percent change (Figs. 4, 6, 9,10B,C, and 356 

Extended Data Fig. 9-1A). Percent change in  with respect to  (% change ) was 357 

defined as 358 

% change =   ,                                 (15) 359 

where < > and < > represent the mean DPcv values for the bootstrap 360 

iterations that produced  above ( ) and below ( ) its median value , respectively. 361 

Similarly, percent change in  with respect to  (% change ) was defined as 362 

% change =  .                                  (16) 363 

where < > and < > represent the mean  values for the bootstrap iterations that 364 

produced  above ( ) and below ( ) its median value , respectively. Because 365 

behavior ( ) was quantified as the mean reaction time in the attentional task, the sign of 366 ( , | ≃ 0, ≃ 0, ≃ 0) was inverted so that negative fluctuations in  367 

correspond to positive fluctuations in performance (Figs. 8 and 9B,C and Extended Data Fig. 368 

9-1) for monkeys 2 and 3 (attentional task with recordings in LPFC 8a). Note that a negative 369 

correlation between the statistical feature  and % change  and/or % change  370 

signifies an anti-correlation between the particular statistical feature and the amount of 371 

encoded information and/or behavioral performance.  372 

To confirm that our results still hold for different conditioning criteria, we also 373 

computed % change  using bootstrap iterations that restricted the range of the conditioning 374 

variables ,  and  to be within ±10th and ±20th percentile of their respective median 375 
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values (Extended Data Fig. 9-1). We observed no significant differences between the results 376 

from the different conditioning criteria. 377 

In Fig. 4, the dependencies ( , ) and ( , ) were evaluated 378 

using % change  (Eq. 15) without conditioning on the rest of statistical features of the 379 

neuronal responses. For each monkey and ensemble size, the reported dependencies 380 

corresponded to the median value across independent sub-datasets (see detailed description of 381 

each experimental dataset in section 5). Statistical significance was calculated with a two-382 

sided Wilcoxon signed-rank test, with which we tested whether the median of the distribution 383 

of independently obtained values was significantly greater or less than zero. Likewise, in Fig. 384 

5, the dependencies ( , ), ( , ), ( , ) and ( , ) were 385 

evaluated with the Pearson correlation between the bootstrap fluctuations of these statistical 386 

features. For each ensemble size, the reported dependencies corresponded to the median 387 

values across independent sub-datasets and monkeys and statistical significance was 388 

calculated with a two-sided Wilcoxon signed-rank test as before. For Fig. 8 and Extended 389 

Data 10-1G, the dependency  ( , )  was evaluated by computing the Pearson 390 

correlation coefficient between  and . For each monkey and ensemble size, the 391 

median value across independent sub-datasets was reported and statistical significance was 392 

calculated with a two-sided Wilcoxon signed-rank test as for Figs. 4 and 5. Error bars 393 

correspond to the 25th -75th percentile of a distribution of medians obtained by sampling with 394 

replacement from the distribution of independent values (bootstrap error bars; 1000 395 

iterations). Error bars are only provided for visual guidance.   396 

 397 

4. Neural population model 398 

We built a neural population model that captures the basic statistical properties of the neural 399 

responses that we observed experimentally. The model includes limited-range correlations, 400 
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differential correlations, and realistic values for tuning sensitivity, firing rates and Fano 401 

factors. The model also generated choices based on optimal read out of information. We 402 

evaluated the simulation results by repeating all of the analyses described in the previous 403 

sections, including describing the relationships between PS, PP, MPC, GA with both encoded 404 

information and simulated behavioral performance. 405 

4.1. Generative model  406 

4.1.1 Population activity model 407 

Our neural population model consisted of N = 1000 neurons. Each neuron's firing rate was 408 

modeled as a function of stimulus parameter  (such as motion direction) and stimulus 409 

strength,   (representing, for instance, motion coherence, which controls task difficulty). We 410 

considered two stimuli = +1 and = −1 (analogous to the two directions of motion 411 

around the discrimination boundary) at three stimulus strength levels, = {0.16,0.32,0.48}. 412 

We defined mean firing rate  of neuron k as a linear function of stimulus parameters (i.e., 413 

tuning curve) as 414 ( , ) =   + ,                                               (17) 415 

where  and  are the slope (sensitivity) and the baseline (spontaneous) firing rate of 416 

neuron k, respectively. The slope parameters  were drawn randomly from a normal 417 

distribution centered at the origin with a standard deviation of = 1.3 and  was drawn 418 

from a gamma distribution with shape and scale parameters set at 20 and 1, respectively. The 419 

parameters of the distributions were chosen to approximate empirical distributions. In what 420 

follows, we will use ( , ν) and ( , ν) (defined earlier in Section 1) synonymously. We 421 

will use the terms spike count, firing rate and neuronal activity during a stimulus presentation 422 

interchangeably as the stimulus duration was set to 1 sec in our simulations.  423 

Responses of neurons to identical stimuli vary from trial to trial, and the trial-by-trial 424 

variabilities are partially shared among neurons (noise correlation) (Cohen and Kohn, 2011; 425 
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Kohn et al., 2016). We incorporated noise correlations into our model in the form of limited-426 

range pairwise correlations between neurons k and l (Kanitscheider et al., 2015; Kohn et al., 427 

2016) as 428 = exp − | | + (1 − ) + ,                             (18) 429 

where  is the Kronecker delta (A = 0.1, C = 0 and τ = 1 are used in our model).  430 

Then, we defined a generative covariance matrix as   431 Σ ( , ν) = ( , ν) ( , ν)  ,                                                     (19) 432 

where ( , ν) represents the trial-by-trial variance of neuron k. We used ( , ν) =433 ( , ν) ( = 0.5) so that Fano Factors of the model neurons are within the rage of values 434 

typically found in experiments (Shadlen and Newsome, 1998; Arandia-Romero et al., 2016; 435 

Nogueira et al., 2018). Note that Σ ( , ν) is not yet the full model’s covariance matrix,  436 Σ ( , ν), which includes differential correlations and other components as derived in the next 437 

section.  438 

Based on ( , ν) and Σ ( , ν), we generated neuronal activity as follows. First, we 439 

chose s and  pseudo-randomly for each trial of 1 sec duration such that there were 100 trials 440 

per stimulus condition (600 trials in total per simulated recording session). Then, we 441 

generated a preliminary response vector  for each trial j as 442 =  , + M + ′ ,                                          (20) 443 

where Σ = ,  represents an N-dimensional vector whose elements are drawn from 444 

a zero-mean, unit-variance Gaussian distribution, ′ denotes the derivative of the population 445 

tuning curve ( ), which equals   in our model, and  indicates a common sensory noise 446 

term drawn from a Gaussian distribution with zero mean and variance = . The last term 447 ′  introduces differential correlations to the population activity (Moreno-Bote et al., 2014; 448 

Kanitscheider et al., 2015). The generated population activity pattern  was calculated by 449 
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applying multiplicative and additive global modulations to the vector  before putting it 450 

through a Poisson process that generated spike counts for each model neuron, i.e. 451 ~  + .                                               (21) 452 

Here,  is the global modulation factor drawn from a gamma distribution with scale 453 

and shape parameter = 10  and = 10  respectively (such that < >= 1 and 454 = 10 ). The global modulation incorporates the short and long timescale fluctuations in 455 

population activity often seen in vivo recordings (Ecker et al., 2014; Goris et al., 2014; Lin et 456 

al., 2015; Arandia-Romero et al., 2016). We generated a total of 10 simulated recording 457 

sessions that reproduced experimentally-realistic distributions of Fano factors and pairwise 458 

correlations (Extended Data Fig. 10-1C,D). 459 

 460 

4.1.2 Behavioral decision model 461 

We also modeled trial-by-trial behavioral choices using an optimal linear classifier that reads 462 

out the activity of the simulated population. For a given set of trials, simulated behavioral 463 

performance was calculated as the percentage of correct choices, just like the behavioral 464 

performance in the task involved monkeys 1 and 4. For modelling behavior, the optimal 465 

classifier was derived from an analytical expression (Eqs. 22 and 23 below) rather than from 466 

data fitting since the simulated data had a limited number of trials (200 trials per stimulus 467 

intensity) and may result in overfitting. By introducing Eq. (17) into the analytical expression 468 

for the optimal linear classifier derived in Section 1, we obtain 469 = 2Σ ,                                                        (22) 470 

where Σ is the covariance matrix for our population model, which is given by  471 Σ = + 1 Σ +  + ( + 1)( + 1) + ( + 1) .     (23) 472 

For each trial j, a decision variable was chosen as  473 = + ω ,                                                       (24) 474 
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where ω = −2ν Σ . The behavioral choice c for trial j is, then, given by the sign of 475 

the decision variable d, i.e. = sign .  Behavioral performance was evaluated by the 476 

number of correct classifications over the total number of trials. 477 

 478 

4.2. Information encoded by the model 479 

In this section, we derive a theoretical expression for decoding performance (DPth) of our 480 

model. In our model, ≃ , and therefore  is given by Eq. (12). When → ∞ 481 

= √  ,                                                           (25) 482 

and therefore  483 = Ф √  .                                                       (26) 484 

Equation (26) suggests that, when the input signal is noisy on a trial-by-trial basis, DP 485 

(the amount of information that can be extracted) of a very large neural ensemble does not 486 

saturate at perfect performance. Instead, it will approach an asymptote below one determined 487 

by the signal to noise ratio of the input signal  √   (see Extended Data Fig. 10-1F).  488 

 489 

4.3. Analysis of model simulation data 490 

We performed the analyses described in Sections 2 and 3 on our simulated neuronal and 491 

behavioral data. First, we examined how well our theoretical decoding performance (DPth) 492 

approximated the cross-validated decoding performance (DPcv) of a linear classifier (LDA) 493 

evaluated on the simulated data, in the same way as we did for the in vivo recording data. For 494 

a particular ensemble size, we randomly selected a neuronal ensemble from a recording 495 

session and stimulus intensity and computed DPth and DPcv. For each ensemble size, stimulus 496 

intensity and simulated recording session, we repeated this process 20 times. We then fitted a 497 
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line to the relationship between DPth and DPcv, and computed the percentage of variance in 498 

DPcv that was explained by DPth, as described in Section 2 (Extended Data Fig. 10-1E).  499 

We also conducted the conditioned bootstrapping analyses on the simulated data 500 

using the method described in Section 3. We examined the effects of bootstrap fluctuations in 501 

statistical features of the population activity on the amount of encoded information and 502 

behavioral performance. For each bootstrap iteration, we selected an ensemble of a given size 503 

(2, 4, 6, 8 and 10 units) and calculated the following quantities: theoretical decoding 504 

performance (DPth), cross-validated decoding performance of a linear classifier (DPcv), 505 

population signal (PS), projected precision (PP), mean pairwise correlations (MPC), global 506 

activity (GA), and behavioral performance (B). Both DPth and DPcv were evaluated for 507 

inferring the stimulus (either  or ) from the activity pattern of the population model. This 508 

process was repeated 20 times for each of the recording sessions and stimulus intensities. The 509 

dependencies of DPcv and B on different features of the neural activity were quantified by % 510 

change in DPcv and B as defined in Eqs. (15) and (16), as well as by Pearson correlation 511 

coefficients. The results were averaged over repetitions. For each ensemble size, we thus 512 

obtained 30 independent samples (10 surrogate recording sessions ⨯ 3 stimulus intensities) 513 

and the median was reported. Statistical significance for the dependency between the 514 

variables  (or ) and  in terms of ( , | ≃ 0, ≃ 0, ≃ 0) (or 515 ( , | ≃ 0, ≃ 0, ≃ 0)) for each ensemble size was calculated with a two-516 

sided Wilcoxon signed-rank test, with which we tested whether the median of the distribution 517 

of 30 independently obtained values was significantly greater or less than zero. It is important 518 

to note that ( , | ≃ 0, ≃ 0, ≃ 0) as % change of surrogate behavior (Fig. 519 

10C; Eq. 16) can be very small for relatively large surrogate ensemble sizes (N ~ 100) while  520 

it may exhibit strong Pearson correlation at the same time. In our analysis, however, we 521 

prefer using % change of behavior because of its interpretability and robustness to outliers in 522 
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the distribution of bootstrap fluctuations. The same bias could potentially arise when 523 

evaluating ( , | ≃ 0, ≃ 0, ≃ 0) as % change of DPcv. Nevertheless, in 524 

this case, this effect is typically masked by the strong dependency between the amount of 525 

encoded information and PS/PP, a consequence of using the same neuronal population to 526 

compute all the relevant quantities.      527 

 528 

5. Experimental Design and Statistical Analysis 529 

Our theory was tested on three different datasets obtained from four monkeys, each of which 530 

involved simultaneously recorded units (from 2 to ~50 units). One dataset involved pairs of 531 

middle temporal (MT) neurons from a monkey (monkey 1) performing a coarse direction 532 

discrimination task (Zohary et al., 1994). The second dataset involved lateral prefrontal 533 

cortex (LPFC, area 8a) neurons recorded from two monkeys (monkeys 2 and 3) that were 534 

trained to perform a spatial attention task (Tremblay et al., 2015). The final dataset involved 535 

recordings from groups of MT neurons in a monkey (monkey 4) trained to perform a fine 536 

direction discrimination task. The details for each experiment are described below. 537 

 538 

5.1 Coarse direction discrimination task with recordings in area MT 539 

This dataset has been previously described (Zohary et al., 1994), and is freely available at the 540 

Neural Signal Archive (http://www.neuralsignal.org, nsa2004.2)). Data from one female adult 541 

macaque monkey (Macacca mulatta) are included in this dataset. The animal was trained to 542 

perform a coarse direction discrimination task (Britten et al., 1992), and pairs of single 543 

neurons were recorded in area MT. The monkey performed a coarse direction discrimination 544 

task, in which a noisy random-dot motion stimulus moved in one of two opposite directions. 545 

In each trial, a stimulus was presented for 2 seconds. The presented direction of motion was 546 

either the preferred or null direction of the recorded neurons. If the preferred directions of the 547 
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two neurons differed substantially, the axis of discrimination was set to the preferred-null 548 

axis of the best-responding neuron. The null direction was defined as the direction opposite to 549 

the preferred direction. The strength of the motion signal was manipulated by controlling the 550 

fraction of dots that moved coherently from one frame to the next (motion coherence), while 551 

the remaining ‘noise’ dots were randomly replotted on each video update. When motion 552 

coherence was 0%, all dots moved randomly, and there was no coherent direction in the net 553 

motion. When motion coherence was 100%, all dots moved coherently in either the preferred 554 

or null direction for the pair of neurons. A range of coherences between 0 and 100% was used 555 

to adjust task difficulty and measure neural and behavioral sensitivity. In each trial, the 556 

monkey was presented randomly with either the preferred or null direction of motion at a 557 

particular coherence. The monkey's task was to report the direction of the net motion by 558 

making a saccade to one of two choice targets. The psychometric function averaged across 559 

sessions is shown in Fig. 7A. 560 

Each trial started with the appearance of a fixation point. After 2 seconds of stimulus 561 

presentation, the random dot pattern and the fixation point disappeared, and two choice 562 

targets appeared on the screen, corresponding to the two possible directions of motions 563 

(preferred or null) (see Fig. 2A). The monkey made a saccadic eye movement to one of the 564 

targets to report its perceived direction of motion. Data from this experiment (Zohary et al., 565 

1994) consisted of 41 recording sessions in which pairs of single-units were simultaneously 566 

recorded in area MT. Note that only sessions with random-dot motion stimuli generated from 567 

a variable seed were used.  568 

Since stimulus strength was controlled by the motion coherence parameter, we 569 

subdivided each recording session according to the coherence presented in each trial. Trials 570 

belonging to the 0% coherence condition were discarded because stimulus identity and 571 

correct behavioral performance were not defined for this condition. In order to evaluate how 572 
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accurate our analytical approximation was for the amount of information encoded by the 573 

neural population, we plotted DPth against DPcv for each recorded pair of neurons and 574 

coherence condition and fitted the data points with a type-II linear regression. The percentage 575 

of variance explained by the first principal component of the data represented the goodness-576 

of-fit (see section 2).    577 

For the analysis involving behavior, we also discarded trials with coherences that 578 

elicited a mean behavioral performance greater than 98% correct to avoid ceiling effects 579 

(25.6%, 51.2% and 99.9% coherence were eliminated by this criterion). This was done 580 

because the bootstrap distributions for behavioral performance (B) would have very low 581 

variability for these high coherences, and therefore calculating ( , | ≃ 0, ≃582 0, ≃ 0) may be highly biased or even undefined. The criterion for discarding easy trials 583 

(98% percent correct) corresponds to eliminating conditions that are more than two standard 584 

deviations away from the mean of a cumulative Gaussian fit, since Ф(2 ) ≃ 0.98. After 585 

splitting recording sessions by coherence and discarding 0% and high coherences as 586 

described above, we obtained 187 independent sub-datasets, each of which corresponded to a 587 

set of trials for a particular coherence level and recording session. The mean number of trials 588 

per sub-dataset was 75, ranging from 30 to 231 trials. For the analysis, we used a trial-by-trial 589 

population activity vector whose entries corresponded to the spike count from the entire 2 590 

second stimulus duration for each neuron. All statistical features (PS, PP, GA and MPC) as 591 

well as DP (and DPth) were calculated using this time window.  592 

From each sub-dataset, we generated bootstrap distributions for the following 593 

quantities: theoretical decoding performance (DPth), cross-validated (trained and tested on 594 

different sets of trials) decoding performance of a linear classifier (DPcv), population signal 595 

(PS), projected precision (PP), mean pairwise correlation (MPC), global activity (GA), and 596 

behavioral performance (B). Behavioral performance was defined as the fraction of correct 597 
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choices of the monkey on each sub-dataset. Both DPth and DPcv were calculated by inferring 598 

the motion direction (preferred or null) presented to the monkey on a trial-by-trial basis from 599 

the simultaneously recorded activity of a neuronal pair. 600 

Significance for the dependency ( , | ≃ 0, ≃ 0, ≃ 0) (or 601 ( , | ≃ 0, ≃ 0, ≃ 0)) for the whole experiment (187 independent sub-602 

datasets) was calculated with a two-sided Wilcoxon signed-rank test, with which we tested 603 

whether the median of the distribution of 187 independently obtained values was significantly 604 

greater or less than zero.  605 

 606 

5.2. Spatial attention task with recordings in LPFC (prearcuate area 8a) 607 

This dataset is described in detail in (Tremblay et al., 2015). Two male monkeys 608 

(Macaca fascicularis), both 6 years old (Monkey “F”, 5.8 Kg; Monkey “JL”, 7.5 Kg), 609 

contributed to this dataset. In each monkey, a 96-channel “Utah” multielectrode array was 610 

chronically implanted in the left caudal lateral prefrontal cortex. The multielectrode array was 611 

inserted on the prearcuate convexity posterior to the caudal end of the principal sulcus and 612 

anterior to the arcuate sulcus, a region cytoarchitectonically known as area 8a (Bullock et al., 613 

2019). The monkeys were trained to covertly sustain attention to one of four Gabor stimuli 614 

(target) presented on a screen while ignoring the other three Gabor stimuli (distractors) (Fig. 615 

2B). At the beginning of each trial, a cue indicated which of the four Gabor stimuli was the 616 

target (cue period, 363 ms). After the cue period, all four Gabor stimuli appeared on the 617 

screen, which marked the start of the attentional period. The attentional period ended after a 618 

variable delay (585-1755 ms) when one or two Gabor stimuli changed orientation by 90º. 619 

Only correct “Target” trials were used in the analysis reported here (see (Tremblay et al., 620 

2015)).  621 
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The mean number of correct “Target” trials per recording session was 207 (range: 172 622 

to 224) for monkey “JL” and 221 trials (range: 198 to 246) for monkey “F”. The mean 623 

number of simultaneously recorded units was 56 (range: 53 to 61) for monkey “JL” and 54 624 

(range: 44 to 66) for monkey “F”. Neuronal recordings included both single and multiunits. 625 

The mean percentage of single units over the total number of simultaneously recorded units 626 

was 44% and 40% for monkeys “JL” and “F”, respectively. Because units with very low 627 

firing rates precluded reliable statistical analysis, we excluded units with firing rates below 1 628 

Hz for all subsequent analyses. After this exclusion, the mean number of simultaneously 629 

recorded units was 51 (range: 50 to 53) for monkey “JL” and 50 (range: 42 to 59) for monkey 630 

“F”. The shortest attentional period used was 585 ms; therefore, we defined a fixed 631 

attentional time window of 585 ms starting at the end of the cue period. In this way, the firing 632 

rate of all units was calculated over the same time window. All statistical features (PS, PP, 633 

GA and MPC) as well as DP (and DPth) were calculated using this time window.  634 

To maximize the statistical power of our analysis, we created a larger number of 635 

independent sub-datasets as follows. For each recording session, we randomly selected 21, 636 

10, 7, 5, and 4 non-overlapping ensembles of size 2, 4, 6, 8, and 10, respectively, and 637 

repeated this process 5 times. Since the smallest number of simultaneously recorded units for 638 

both monkeys was 42 units, we chose values that maximized the number of non-overlapping 639 

ensembles for each size.  640 

In order to evaluate how accurate our analytical approximation was for the amount of 641 

information encoded by the neural population for a particular ensemble size, we plotted DPth 642 

against DPcv for each sub-dataset and fitted the data points with a type-II linear regression. 643 

The percentage of variance explained by the first principal component of the data represented 644 

the goodness-of-fit of our approximation (see section 2).   645 
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  For each sub-dataset and bootstrap iteration, we calculated the following quantities: 646 

DPth, DPcv, PS, PP, MPC, GA, and behavioral performance (B). Behavioral performance was 647 

quantified as the mean reaction time (RT) across trials (either the original sub-dataset or a 648 

bootstrap iteration) (see Fig. 7B,C for RT distributions from monkeys 2 and 3, respectively). 649 

Both DPth and DPcv were calculated by inferring the monkey's location of attention on a trial-650 

by-trial basis from the simultaneously recorded activity of an ensemble. For decoding 651 

purposes, we considered two binary classification tasks. In the first task, the decoder 652 

classified the locus of attention as being on the right or the left side of the screen. In the 653 

second task, the decoder classified the locus of attention as being on the upper half or the 654 

lower half of the screen. The reported DPcv (and DPth) values are averages over the two 655 

decoding tasks.  656 

For a given sub-dataset, the reported dependency relationship ( , | ≃657 0, ≃ 0, ≃ 0) (or ( , | ≃ 0, ≃ 0, ≃ 0)) was evaluated as the mean 658 

across the 5 iterations and the two classification tasks (vertical and horizontal). For each 659 

ensemble size and monkey, the reported dependency ( , | ≃ 0, ≃ 0, ≃660 0) (or ( , | ≃ 0, ≃ 0, ≃ 0)) was the median across recording sessions and 661 

non-overlapping ensembles of units (independent sub-datasets). We obtained 84, 40, 28, 20 662 

and 16 (the number of non-overlapping ensembles ⨯ 4 recording sessions per monkey) 663 

independent values for ensemble sizes of 2, 4, 6, 8, and 10 units, respectively, and assessed 664 

the median and tested significance. Significance was calculated with a two-sided Wilcoxon 665 

signed-rank test of whether the median of the distribution of independently obtained values 666 

for each ensemble size and monkey was significantly above or below zero. 667 

 668 

5.3. Fine direction discrimination task with recordings in MT 669 
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This dataset was obtained specifically for this analysis, as part of a larger series of ongoing 670 

studies of how MT neurons represent local motion in the presence of background optic flow. 671 

One male adult macaque monkey (Macaca mulatta) was used in this experiment. The animal 672 

was surgically implanted with a circular head holding device, a scleral coil for measuring eye 673 

movements, and a recording grid (Gu et al., 2006, 2008). The animal was trained to perform a 674 

fine direction discrimination task (described below) with water as a reward for correct 675 

performance. Eye movements were measured and controlled at all times. Neuronal activity in 676 

MT/V5 was recorded with 24-channel linear electrode arrays (V-probes, Plexon Inc). Spike 677 

waveforms were acquired by a Blackrock Cerebus system. All experimental procedures 678 

conformed to National Institutes of Health guidelines and were approved by the University 679 

Committee on Animal Resources at the University of Rochester. 680 

In each recording session, a V-probe was inserted into MT/V5 and was allowed to 681 

settle for ~30 minutes. We then performed standard tests (DeAngelis and Uka, 2003) to map 682 

receptive fields and to measure the direction tuning of the recorded units. These 683 

measurements were used to determine the location and the size of the stimulus aperture such 684 

that it was larger than the receptive fields of the units under study. Note, however, that 685 

stimulus motion was not tailored to the preferred directions and speeds of the recorded 686 

neurons; a fixed set of stimulus velocities was used across sessions for the fine discrimination 687 

task. A total of 75 units were recorded across 3 sessions. The mean number of simultaneously 688 

recorded units was 25, ranging from 24 to 27. Most recordings included multi-unit activity as 689 

well as 2-4 well-isolated single units. Because units with very low firing rates precluded 690 

reliable statistical analysis, we excluded units with firing rates below 1 Hz for all subsequent 691 

analyses. Despite the exclusion, the mean number of simultaneously recorded units remained 692 

at 25 (ranging from 24 to 27). 693 
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The monkey was trained to perform a fine direction discrimination task. A pattern of 694 

random dots, presented within a circular aperture, moved upward in the visual field with 695 

either a rightward or leftward component. The animal’s task was to report whether the 696 

perceived motion was up-right or up-left by making a saccade to one of two choice targets. 697 

The motion stimulus was presented at 100% coherence in one visual hemi-field, and was 698 

localized and sized according to the receptive fields of the recorded units. Stimulus motion 699 

within the aperture followed a Gaussian velocity profile with a standard deviation of 333 ms 700 

and a duration of 2 s. Once the monkey fixated for 200 ms, the motion stimulus appeared and 701 

began to move. The stimulus was presented stereoscopically at zero disparity, such that 702 

motion appeared in the plane of the display. The experimental protocol involved 7 directions 703 

of motion relative to vertical: -12º, -6º, -3º, 0º, 3º, 6º and 12º, where negative and positive 704 

values correspond to leftward and rightward motion, respectively. After stimulus presentation 705 

was completed, two saccade targets appeared, 5 deg to the right and left of the fixation target, 706 

and the monkey reported his perceived direction of motion by making a saccade to one of the 707 

targets (Fig. 2C). Because stimuli were presented at 100% coherence, task difficulty was 708 

controlled by the direction of motion with respect to vertical (see Fig. 7D). The mean number 709 

of trials per session was 742 (range: 735 to 756). In each recording session, the same number 710 

of trials were presented for each direction of motion. 711 

Since direction of motion controlled the difficulty of the task, this parameter was 712 

considered to be the stimulus strength. To control for stimulus strength, we divided data from 713 

each recording session according to motion direction. The task of our decoder is to correctly 714 

classify each trial as having rightward or leftward motion direction; therefore, trials from 715 

each recording session were split into 4 independent sub-datasets (±12º, ±6º, ±3º and 0º 716 

stimulus directions relative to vertical). As described above for the coarse discrimination task, 717 

we subsequently discarded stimulus conditions that were either ambiguous (0º motion 718 
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direction; correct behavioral performance is not defined) or too easy (±12º directions; mean 719 

behavioral performance ≥ 0.98). The analysis was thus performed on 6 independent sub-720 

datasets (3 recording sessions ⨯ 2 absolute motion directions). To quantify neuronal activity, 721 

we computed firing rates in a time window that included ±1standard deviation around the 722 

peak of the Gaussian velocity profile of the stimulus (666 ms window width). All statistical 723 

features (PS, PP, GA and MPC) as well as DP (and DPth) were calculated using this time 724 

window.  725 

To increase statistical power, we created a larger number of independent sub-datasets 726 

by sampling randomly non-overlapping ensembles of particular sizes. Namely, we considered 727 

ensemble sizes of 2, 4, 6, 8, and 10, which yielded 12, 6, 4, 3, and 2 non-overlapping 728 

ensembles of units, respectively. We repeated this sampling procedure 20 times. Since the 729 

smallest number of simultaneously recorded units was 24, we chose values that maximized 730 

the number of non-overlapping ensembles for each size.  731 

We evaluated how accurate DPth was with respect to DPcv by following the same 732 

procedure as for monkeys 2 and 3 (see previous section). For each sub-dataset and bootstrap 733 

iteration, we calculated the following quantities: DPth, DPcv, PS, PP, MPC, GA, and 734 

behavioral performance (B). For this task, behavioral performance was defined as the fraction 735 

of correct choices for that particular sub-dataset. Both DPth and DPcv were calculated by 736 

inferring whether motion direction was leftward or rightward of vertical for each trial based 737 

on the neuronal activity pattern. For a particular randomly constructed ensemble, the reported 738 

dependency relationship ( , | ≃ 0, ≃ 0, ≃ 0) (or ( , | ≃739 0, ≃ 0, ≃ 0))  was evaluated as the mean across the 20 iterations. For each ensemble 740 

size, the reported dependency ( , | ≃ 0, ≃ 0, ≃ 0) (or ( , | ≃741 0, ≃ 0, ≃ 0)) was the median across recording sessions, stimulus strengths, and non-742 

overlapping ensembles of units. We used 72, 36, 24, 18 and 12 (the number of non-743 
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overlapping ensembles ⨯ 3 independent recording sessions ⨯ 2 stimulus strengths) 744 

independent values to assess the median and test its significance for ensemble sizes of 2, 4, 6, 745 

8, and 10 units, respectively. Significance was calculated with a two-sided Wilcoxon signed-746 

rank test for whether the median of the distribution of independent values for each ensemble 747 

size was significantly greater or less than zero. 748 

 749 

 750 

Data and software availability 751 

The datasets generated in this study and the code used for their analysis are available from the 752 

corresponding author upon reasonable request. 753 

 754 

Results 755 

We start by showing that fluctuations of MPC and GA influence the amount of information 756 

encoded in population activity, consistent with some previous studies. We then demonstrate 757 

that these effects of MPC and GA are eliminated when PS and PP are controlled for, whereas 758 

isolated fluctuations of PS and PP strongly predict the amount of information encoded in the 759 

population. Finally, we demonstrate that fluctuations of PS and PP are correlated with 760 

behavioral performance, and we compare this finding with predictions of an optimal 761 

decoding model. 762 

 763 

Mean pairwise correlations and global activity correlate with the amount of encoded 764 

information 765 
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MPC and GA have been thought to modulate the amount of information encoded in neuronal 766 

populations (Zohary et al., 1994; Renart et al., 2010; Ecker et al., 2011, 2016; Kanitscheider 767 

et al., 2015; Lin et al., 2015; Gutnisky et al., 2017). We tested the correlation between these 768 

statistical features and the amount of information in three different datasets consisting of 769 

simultaneously recorded units (2 to ∼50 single-units or multiunits) in four monkeys, two 770 

brain areas, and three tasks: i) pairs of middle temporal (MT) neurons recorded while the 771 

animal performed a coarse motion discrimination task (Zohary et al., 1994) (monkey 1, Fig. 772 

2A), ii) lateral prefrontal cortex (LPFC, area 8a) neurons recorded with a Utah array while 773 

two animals performed an attentional task (Tremblay et al., 2015) (monkeys 2 and 3, Fig 2B), 774 

and iii) MT neurons recorded with a 24-channel linear array while the animal performed a 775 

fine motion discrimination task (monkey 4, Fig. 2C). Behavioral performance in these tasks 776 

was defined as the percentage of correctly reported directions of motion (monkeys 1 and 4) or 777 

as the mean reaction time when correctly detecting a change in orientation of the attended 778 

Gabor patch (monkeys 2 and 3). The amount of encoded information for each dataset was 779 

quantified as the cross-validated decoding performance (DPcv) of a linear classifier that reads 780 

out the activity of the recorded neuronal population to predict i) which of two opposite 781 

directions of motion was presented in the coarse motion task (monkey 1), ii) which Gabor 782 

patch was cued in the attention task (monkeys 2 and 3), or iii) whether the stimulus motion 783 

was right or left of vertical in the fine direction discrimination task (monkey 4). In each case, 784 

the classifier was trained on the activity of neuronal ensembles recorded in area MT for the 785 

motion tasks or LPFC (area 8a) for the attention task (see Methods for details).    786 

To evaluate whether the amount of encoded information (DPcv) was modulated by 787 

MPC and GA, we used a non-parametric method to produce fluctuations of MPC and GA 788 

generated by bootstrapping trials from each neural recording dataset (Fig. 3A,B). We then 789 

examined how fluctuations of MPC and GA affected DPcv (Fig 4; see Methods). We found 790 
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that an increase in MPC tended to produce a decrease in DPcv, therefore reducing the amount 791 

of encoded information. This was largely consistent across tasks and animals. For instance, 792 

for monkey 1 (Fig. 4A), an increase of MPC significantly reduced the amount of encoded 793 

information by -0.05% (Wilcoxon signed-rank test, = 2.6 ⨯ 10 ; see Methods). 794 

Qualitatively similar results were found for monkeys 2-4 (Fig. 4B-D). In contrast, positive 795 

bootstrap fluctuations of GA tended to increase the amount of encoded information for some 796 

animals, particularly those from which we made PFC recordings. For monkey 2 (Fig. 4B), 797 

bootstrap fluctuations of GA produced significant positive changes in DPcv by 0.91% 798 

(ensemble size 2, Wilcoxon signed-rank test, = 6.9 ⨯ 10 ; see Methods). For monkey 3 799 

(Fig. 4C), results were qualitatively similar to those obtained for monkey 2, but for monkeys 800 

1 and 4 no significant effect was observed. Some of the size differences in the effects of MPC 801 

and GA on decoding performance may be due to differences in behavioral tasks and/or brain 802 

areas (MT vs LPFC 8a). In particular, the population of LPFC 8a neurons was somewhat 803 

unbalanced with respect to spatial preference (~70% contralateral preference), whereas 804 

direction selectivity in populations of MT neurons is generally quite balanced. This might 805 

explain the overall stronger effects of MPC and GA fluctuations on encoded information in 806 

the PFC animals (monkeys 2 and 3), because those fluctuations have a stronger chance to 807 

spontaneously align with the individual, but unbalanced, sensory preferences.  808 

Although the observed correlations between MPC, GA, and the amount of encoded 809 

information are generally consistent with those from previous experimental and theoretical 810 

studies (Zohary et al., 1994; Renart et al., 2010; Ecker et al., 2011, 2016; Kanitscheider et al., 811 

2015; Lin et al., 2015; Gutnisky et al., 2017), the effects are rather small and somewhat 812 

inconsistent. It is important to note that the results reported in Fig. 4 are obtained by 813 

correlating MPC and GA with DPcv using all bootstrap samples. Thus, the correlation 814 

between MPC and GA fluctuations with DPcv could be mostly due to other statistical features 815 
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that co-fluctuate with MPC or GA. Indeed, as shown below, MPC and GA are confounded 816 

with PP and PS, and do not exhibit significant correlations with DPcv once PP and PS are held 817 

constant. 818 

 819 

Population signal (PS) and projected precision (PP) determine the amount of 820 

information encoded in neuronal population responses 821 

In this section, we identify the statistical features of population tuning and trial-by-trial 822 

variability that affect the amount of encoded information (as measured by DPcv), and we test 823 

our predictions on the neural data described above.  824 

Under some common assumptions (see Methods), an analytical expression for the 825 

theoretical decoding performance (DPth) of a linear classifier can be derived (Averbeck and 826 

Lee, 2006). This expression takes the form DP =  Ф( /2), where Ф( ) is the cumulative 827 

normal function and = √Δ Σ Δ  is the signal-to-noise ratio generalized for a population 828 

of neurons (Averbeck and Lee, 2006; Chen et al., 2006; Gutnisky et al., 2017). The term Δ  is 829 

the vector joining the means of the population responses in the two stimulus conditions and Σ 830 

is the stimulus-invariant noise covariance matrix of the neuronal population. To understand 831 

the roles of population tuning and trial-by-trial variability in determining the amount of 832 

encoded information, it is useful to re-write this equation by rotating the original N-833 

dimensional neural response space along the eigenvectors of the covariance matrix as 834 

follows, 835 

DP = Ф |Δ | ∑  ,                                                        (1) 836 

where  represents the angle between the i-th eigenvector of the covariance matrix and the 837 

unitary direction defined by the stimulus vector Δ , and  denotes the i-th eigenvalue of the 838 
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covariance matrix (see Fig. 1). Equation (1) reveals that the amount of information encoded 839 

by a neural population can be divided into two independent components: the first-order 840 

contribution from the population tuning (population signal, = |Δ |) and the second-order 841 

contribution from the trial-by-trial variability (projected precision, = ∑ ). It is 842 

important to remark that  is often expressed as the signal to noise ratio of the linear 843 

classifier  = μ , where under optimality, the signal is given by μ = Δ Σ Δ , and 844 

the noise is given by = √Δ Σ Δ . While this  formulation aims to differentiate signal 845 

from noise with respect to the classifier’s decision variable (Averbeck and Lee, 2006) (see 846 

Fig. 1), it does not separate the contributions of firing rate modulation (PS) and trial-by-trial 847 

variability (PP) of the population to the amount of encoded information, since μ  and  848 

both contain terms associated with PS and PP.  849 

There are two salient points to make regarding the relationships between PS/PP and 850 

other measures of neuronal population information. First, it is important to emphasize that PP 851 

is not simply the projection of correlated noise (covariance matrix) onto the vector joining the 852 

means of the population responses in the two stimulus conditions, Δ  (see Methods for 853 

additional details). For instance, it is possible to have a finite projection of correlated noise 854 

onto Δ   but PP can nevertheless be very large. This can happen if there is an eigenvector of 855 

the covariance matrix that is not orthogonal to Δ  with a very small eigenvalue, indicating the 856 

presence of highly correlated sets of neurons. Second, previous studies have identified the 857 

exact pattern of noise correlations that limit information for very large neuronal populations, 858 

the so-called differential correlations (Moreno-Bote et al., 2014; Kanitscheider et al., 2015). 859 

Differential correlations add neuronal activity fluctuations along  (parallel to the 860 

discrimination direction, Δ ) and they are known to be the only type of correlations that can 861 

limit information for very large neuronal populations ( → ∞). We show (see Methods) that 862 
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adding differential correlations into the system reduces PP but does not affect PS. The 863 

reduction of PP by differential correlations is 1 + ̃ × , where ̃ = | |   and PP0 is the 864 

projected precision evaluated on the original covariance matrix without information-limiting 865 

correlations. The variable  directly measures the strength of differential correlations. Thus, 866 

differential correlations can have a strong effect on PP, but they are not the only factor in 867 

determining PP for finite neuronal populations.  868 

 We find that Eq. (1) provides a very good approximation to the empirical measure of 869 

the amount of encoded information, as it accounts for more than 96% of the variance in the 870 

cross-validated decoding performance of a linear classifier (DPcv) for all datasets (Extended 871 

Data Fig. 1-2). In addition, Eq. (1) is a better approximation to DPcv than analytical 872 

expressions that simplify the covariance structure by removing the off-diagonal terms 873 

(Averbeck and Lee, 2006; Averbeck et al., 2006; Pitkow et al., 2015) or calculations that 874 

assume a covariance proportional to the identity matrix (“axis of discrimination” method, 875 

Cohen and Maunsell 2009; see Methods, Extended Data Fig. 1-1).  Finally, linear 876 

discriminant analysis (LDA) produced better matches to DPcv across different ensemble sizes 877 

and monkeys than logistic regression (LR) and quadratic discriminant analysis (QDA) did, 878 

justifying our use of LDA to evaluate the amount of information encoded by neural 879 

populations (DPcv; Extended Data Fig. 1-3).  880 

Having identified analytically the two features of population tuning and trial-by-trial 881 

variability that should determine the amount of encoded information (i.e., PS and PP), we 882 

now test the central prediction that information depends exclusively on PS and PP and does 883 

not depend on other statistical features, such as MPC and GA, unless those features are 884 

correlated with PS and PP. Indeed, we found that bootstrap fluctuations of MPC, GA, PS and 885 

PP showed substantial correlations among them (Fig. 5; see Methods). For instance, for 886 

monkey 1, the correlations between fluctuations of PS and GA, PP and MPC, and PP and GA 887 
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were all highly significant (ensemble size 2, , = 0.18, = 2.4 × 10 ; , =888 −0.16, = 1.1 × 10 ; , = −0.091, = 1.1 × 10 ), whereas the correlation 889 

between fluctuations of PS and MPC was not statistically significant (ensemble size 2, 890 

, = 0.019, Wilcoxon signed-rank test, = 0.15; see Methods).  For monkeys 2, 3 and 891 

4, results were qualitatively similar, although for monkeys 2 and 3 the correlation ,  892 

was weaker. Therefore, we suspected that the relationships between MPC (and GA) and the 893 

amount of encoded information (see Fig. 4) would be reduced, if not eliminated, once the 894 

modulations in MPC (GA) were made independent of PS, PP and GA (MPC) by selecting 895 

bootstrap samples with constant PS, PP and GA (MPC) values. 896 

We tested these predictions by using a conditioned bootstrapping method to evaluate 897 

the effect of fluctuations in one feature on the amount of encoded information while the 898 

values of other features are kept constant (Fig. 3C; Methods). For example, to determine the 899 

effects of MPC on DPcv independent of PS, PP, and GA, we generated bootstrap samples 900 

from the original dataset and selected those bootstrap iterations that produced PS, PP and GA 901 

values within a narrow range around their medians. Then, for the selected data, we evaluated 902 

the % change in DPcv introduced by the bootstrap fluctuations in MPC. Any dependence of 903 

DPcv on MPC, then, would not be explainable by the dependencies of DPcv on PS, PP, or GA. 904 

This method can be used to test the effects of any statistical feature on the amount of encoded 905 

information by fixing other features to their representative values, thus isolating the 906 

individual effects. There are other possible approaches to isolating the effects of different 907 

statistical features on the amount of encoded information (DPcv), such as a model-dependent 908 

analysis based on generalized linear models (GLMs). However, due to the linearity 909 

assumptions underlying GLMs and the potential collinearity between several statistical 910 

features, it is preferable to use a model-independent approach based on conditioned 911 

bootstrapping (Methods).  912 
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Applying this conditioned bootstrapping approach to our datasets, we found that 913 

bootstrap fluctuations of PS and PP greatly affected the amount of encoded information, 914 

whereas fluctuations of MPC and GA produced negligible changes in DPcv across different 915 

tasks, animals, and neuronal ensemble sizes (Fig. 6). As anticipated, when fluctuations of 916 

MPC and GA were conditioned on PS and PP, the effects reported in Fig. 4 largely vanished 917 

(Fig. 6, right column). For monkey 1 (Fig. 6A), fluctuations of PS and PP produced 918 

significant positive changes in the amount of encoded information by 5.43% (Wilcoxon 919 

signed-rank test, = 3.2 ⨯ 10 ; see Methods) and 2.75% ( = 1.3 ⨯ 10 ), 920 

respectively. In contrast, fluctuations of MPC and GA had no significant effects on DPcv 921 

( = 0.33 and = 0.16, respectively). For monkeys 2-4 (Fig. 6B-D), results were 922 

qualitatively similar to those obtained for monkey 1 (see Extended Data Fig. 6-1). We also 923 

compared the difference in % change in DPcv for all pairs of statistical features, and found 924 

again that PS and PP had the most significant effects on the amount of encoded information 925 

(Extended Data Fig. 6-2). The observed dependency of DPcv on PP is generally weaker than 926 

that on PS. This could be explained at least partially by the fact that PP is a second order 927 

statistic and therefore is expected to be noisier than the first order statistic, PS, when 928 

estimated from limited experimental data.  929 

 930 

Population signal and projected precision are also the strongest predictors of behavioral 931 

performance 932 

We have shown that PS and PP are the major statistical features of population activity that 933 

affect the amount of encoded information in neuronal populations. But do these features also 934 

have an impact on behavioral performance? We reasoned that if downstream neurons that 935 

contribute to behavioral choices can extract most of the information encoded by a neuronal 936 
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population, then behavioral performance should depend on PS and PP while it is largely 937 

independent of MPC and GA.  However, since there could be many layers of non-linear 938 

computations between the information encoding stage and the final behavioral choice, finding 939 

such a relationship is not guaranteed a priori. 940 

Behavioral performance was measured as the percentage of correctly reported 941 

directions of motion (monkeys 1 and 4) (Fig. 7A,D) or as the mean reaction time (monkeys 2 942 

and 3) (Fig. 7B,C). We first confirmed that modulations in the amount of encoded 943 

information (DPcv) over different bootstrap samples were significantly correlated with the 944 

corresponding changes in behavioral performance (Fig. 8). Although the reported correlations 945 

are weak, they are nevertheless consistent with the predictions of a model that reads out 946 

neuronal population activity optimally to produce behavioral choices (see next section). We 947 

then performed the conditioned bootstrap analysis on behavioral performance separately for 948 

each stimulus strength or task difficulty in order to control for trivial dependencies (see 949 

Methods). We found that bootstrap fluctuations of PS and PP predicted significant 950 

modulations of behavioral performance across different datasets and ensemble sizes, whereas 951 

changes in behavioral performance produced by fluctuations in MPC and GA were either 952 

weak or inconsistent across different animals and ensemble sizes (Fig. 9). For example, 953 

bootstrap fluctuations of PS or PP, while keeping all other statistical features fixed, predicted 954 

significant changes in behavioral performance for monkey 1 (Fig. 9A; behavioral change 955 

predicted by PS alone:1.59%, Wilcoxon signed-rank test, = 3.6 ⨯ 10 ; PP alone: 0.53%, 956 = 1.4 ⨯ 10 ). However, the average change in behavioral performance predicted by 957 

bootstrap fluctuations of either MPC or GA alone were very small and not statistically 958 

significant for this animal (MPC:  0.06%, Wilcoxon signed-rank test, = 0.33; GA: -0.03%, 959 = 0.44). We obtained qualitatively similar results for other monkeys and tasks (Fig. 9B-D; 960 

see Extended Data Fig. 9-2), except that bootstrap fluctuations of GA produced significant 961 
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fluctuations in behavioral performance for monkey 2, but not monkey 3, in the attentional 962 

task. We also analyzed the data using Pearson’s correlation coefficient in place of % change 963 

in DPcv and obtained qualitatively similar results (Extended Data Fig. 9-1). These results 964 

were also robust across different conditioning thresholds (Extended Data Fig. 9-1; see 965 

Methods) and for all pairs of statistical features (Extended Data Fig. 9-3). 966 

In summary, we find that PS and PP are the primary statistical features of neural 967 

activity that exhibit modulatory effects on behavioral performance, while MPC and GA show 968 

little or no consistent effects. These results are in line with those described earlier for the 969 

amount of encoded information (Fig. 6).  970 

 971 

An experimentally-constrained model accounts for the findings  972 

To determine whether our experimental findings (Fig. 9) are consistent with an optimal 973 

readout of a neuronal population much larger than the observed ensembles, we developed a 974 

model constrained by the observed statistical properties of the neural responses (Fig. 10A, 975 

Extended Data Fig. 10-1A and Methods). The model simulates a number of trials (M trials in 976 

total) in which a stimulus ( = {+1,−1}) drives a large population consisting of N = 1000 977 

neurons. Each neuron has a linear tuning curve with a slope (m1) drawn from a normal 978 

distribution. Neuronal correlations combined limited-range dependencies (Kanitscheider et 979 

al., 2015; Kohn et al., 2016), differential correlations (Moreno-Bote et al., 2014), and 980 

multiplicative and additive gains (Arandia-Romero et al., 2016). These correlations were 981 

generated though a sequence of steps as follows. For each trial , a vector ′  (size N = 1000 982 

neurons), was drawn from a multivariate Gaussian with mean  and covariance matrix Σ . 983 

The response vector ′  was then corrupted with sensory noise, , which introduces 984 

differential correlations and limits the amount of information encoded in large populations of 985 
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neurons (Moreno-Bote et al., 2014). Multiplicative and additive gains were then applied 986 

(Arandia-Romero et al., 2016) ( ) and a final Poisson step converted each response rate into 987 

an observed spike count  (Kanitscheider et al., 2015) (see Methods). Fano factors (FF) that 988 

roughly matched typical values found experimentally were used (Shadlen and Newsome, 989 

1998; Arandia-Romero et al., 2016; Nogueira et al., 2018). Finally, based on the neuronal 990 

activity generated by the network, we generated surrogate choices ( ) by optimally decoding 991 

the whole population of 1000 simulated neurons ( = sign( + )) on a trial-by-trial 992 

basis. The presence of differential correlations ensures that the amount of encoded 993 

information could not scale indefinitely with the number of neurons. 994 

To compare to our experimental data, we randomly selected small ensembles (up to 995 

10 model neurons) out of the full population (consisting of 1000 neurons) to test how 996 

fluctuations in PS and PP of the small ensembles correlate with encoded information and 997 

simulated behavior of the full network (Extended Data Fig. 10-1). We repeated the analyses 998 

performed on the experimental data (Figs. 6 and 9). Consistent with the experimental data, PS 999 

and PP computed from these small ensembles of model neurons are the only features that 1000 

correlated significantly with DPcv and surrogate behavioral performance, while MPC and GA 1001 

did not (Fig. 10B,C). We also found that changes in the model’s simulated behavioral 1002 

performance associated with bootstrap fluctuations of PS and PP were quite small (Fig. 10C; 1003 

ensemble size 2; surrogate behavioral change predicted by PS alone: 0.32%, Wilcoxon 1004 

signed-rank test, = 2.12 ⨯ 10 ; PP alone: 0.028%, = 0.049) and roughly similar in 1005 

magnitude to the experimental results (see Fig. 9). As expected, when neuronal ensembles of 1006 

up to 100 neurons were sampled from the full population, fluctuations of PS and PP had a 1007 

larger effect on surrogate behavioral performance (ensemble size 100; surrogate behavioral 1008 

change predicted by PS alone: 0.90%, Wilcoxon signed-rank test, = 1.73 ⨯ 10 ; PP 1009 
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alone: 0.21%, = 4.38 ⨯ 10 ). Finally, correlations between fluctuations of DPcv and 1010 

simulated behavioral performance were weak (Extended Data Fig. 10-1G) and comparable to 1011 

those observed in the experimental data (Fig. 7). In summary, the weak correlations that we 1012 

observed experimentally between PS/PP and behavioral performance are broadly consistent 1013 

with the weak dependencies between neuronal activity and choice observed using single-1014 

neuron analyses (Britten et al., 1996; Uka and DeAngelis, 2004; Nienborg and Cumming, 1015 

2009; Haefner et al., 2013), and are also consistent with our hypothesis that behavior is 1016 

generated by an optimal read out of a much larger population of neurons.  1017 

 1018 

Discussion  1019 

Identifying the statistical features of neural population responses that determine the amount 1020 

of encoded information and predict behavioral performance is essential for understanding the 1021 

link between neuronal activity and behavior. Based on data collected from two brain areas 1022 

and three behavioral tasks, we identified two critical features: the length of the vector joining 1023 

the mean responses of the population of neurons across two conditions to be distinguished 1024 

(population signal, PS), and the inverse of the population covariability projected onto the 1025 

direction of that vector (projected precision, PP). We found that changes in PS and PP are 1026 

significantly correlated with the amount of encoded information and behavioral performance, 1027 

but MPC and GA are not, once PS and PP are held fixed . Our experimental results are 1028 

consistent with predictions of a neuronal population model with realistic neuronal tuning, 1029 

variability, and correlations that is read-out optimally to generate behavioral choices.   1030 

Although previous studies have examined how input signals are represented in the 1031 

average activity of neurons (Hubel and Wiesel, 1959; Mountcastle et al., 1967; Renart and 1032 

van Rossum, 2012), described the types of neuronal correlations that can benefit or harm 1033 
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encoded information (Zohary et al., 1994; Abbott and Dayan, 1999; Averbeck et al., 2006; 1034 

Ecker et al., 2011; Moreno-Bote et al., 2014; Verhoef and Maunsell, 2017), and cautioned 1035 

about directly linking MPC with information (Abbott and Dayan, 1999; Averbeck et al., 1036 

2006; Moreno-Bote et al., 2014), they have not clearly separated the primary features of 1037 

neuronal population activity that constrain the amount of encoded information and affect 1038 

behavioral performance. As shown above, the traditional interpretation of neuronal 1039 

population sensitivity, d’, considers the signal and noise components of the classifier’s 1040 

decision variable. However, contrary to this classic interpretation, our framework separates 1041 

the contributions of population tuning (first order statistic) and trial-by-trial variability 1042 

(second order statistic) of the neuronal responses to the amount of encoded information. 1043 

Separating these two contributions of d’ is important for several reasons. First, as we have 1044 

shown, the effects of statistical features such as MPC and GA on the amount of encoded 1045 

information and behavioral performance can be understood in terms of the contributions by 1046 

the first (PS) and second-order (PP) statistical components. This suggests that PS and PP are 1047 

fundamental statistical features that underlie many other statistical features that affect the 1048 

amount of information encoded and behavioral performance. Second, when addressing how 1049 

learning affects neuronal coding, for example, it is important to understand not just how d’ 1050 

changes during learning but also how learning alters the tuning curves of individual neurons 1051 

(i.e., PS) and the coordination among neurons along relevant task axis (i.e., PP). Therefore, 1052 

distinguishing the first and second-order contributions may help us understand circuit-level 1053 

models of learning. 1054 

Previous studies have also identified the exact pattern of noise correlations that limit 1055 

information for very large neuronal populations (Moreno-Bote et al., 2014; Kanitscheider et 1056 

al., 2015), but as we have shown, the precision of the neuronal code for finite neuronal 1057 

populations depends only partially on differential correlations, which act by reducing PP. 1058 
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Thus, one important contribution of our study is identifying PS and PP as the critical features 1059 

of neuronal activity that modulate the amount of encoded information and predict behavioral 1060 

performance for finite populations sizes.  1061 

Another contribution of this study involves demonstrating that other features of 1062 

neuronal activity, namely MPC and GA, have little or no impact on the amount of encoded 1063 

information and behavioral performance once PS and PP are controlled for (Zohary et al., 1064 

1994; Shadlen and Newsome, 1998; McAdams and Maunsell, 1999; Kanitscheider et al., 1065 

2015; Lin et al., 2015; Arandia-Romero et al., 2016; Ecker et al., 2016; Gutnisky et al., 2017; 1066 

Verhoef and Maunsell, 2017). We developed a novel approach for studying correlations 1067 

among multiple variables while eliminating the effects of other variables (conditioned 1068 

bootstrapping method). This method uses bootstrapping to generate continuous distributions 1069 

of multiple statistical features so that fluctuations of some features can be computed for a 1070 

subset of bootstrap samples that yielded no fluctuations in other features. This method 1071 

allowed us to isolate the effects of a particular feature on both the amount of encoded 1072 

information and behavioral performance. Thus, our approach clearly differs from the 1073 

traditional trial shuffling method that destroys all dependencies in the data to examine the 1074 

effects of correlations (Romo et al., 2003; Kohn and Smith, 2005; Tremblay et al., 2015; 1075 

Leavitt et al., 2017). It also differs from maximum entropy models that generate surrogate 1076 

data while fixing the first and second moments of the generated distribution to desired values 1077 

(Elsayed and Cunningham, 2017).   1078 

Previous studies have suggested that MPC and GA affect behavioral performance 1079 

(Cohen and Newsome, 2008; Cohen and Maunsell, 2009; Mitchell et al., 2009; Gu et al., 1080 

2011; Ni et al., 2018). On the surface, these studies appear to be at odds with our main 1081 

finding that only PS and PP should affect the amount of encoded information or behavioral 1082 

performance. Indeed, we find that bootstrap fluctuations of MPC and GA have little effect on 1083 
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the amount of encoded information or behavioral performance when PS and PP are kept 1084 

constant. Our results suggest that the previous studies found effects of MPC and GA on 1085 

behavioral performance because these variables are themselves correlated with PS and PP 1086 

(see Fig. 5). In fact, there may be many other statistical features of neuronal responses that 1087 

seemingly influence the amount of encoded information and behavioral performance, but 1088 

such relationships could be explained as a byproduct of correlations of these statistical 1089 

features with PS and PP. 1090 

Although theoretical research has proposed that fluctuations of GA can modulate the 1091 

amount of encoded information (Kanitscheider et al., 2015; Lin et al., 2015; Ecker et al., 1092 

2016), a recent study based on large neuronal populations in monkey primary visual cortex 1093 

found that the amount of information does not vary with large fluctuations in GA (Arandia-1094 

Romero et al., 2016). Another recent study found a modest, but significant, increase in 1095 

decoding performance when population activity decreased (Gutnisky et al., 2017), which 1096 

appears to be inconsistent with our theoretical prediction. Again, however, some of the 1097 

previous reports of positive effects of GA may have arisen from correlations between 1098 

fluctuations in GA and PS. Indeed, we have found a highly significant correlation between PS 1099 

and GA. Therefore, an important question is whether there is a residual effect of GA on the 1100 

amount of encoded information in the previous studies after the contributions of PS and PP 1101 

are eliminated. Our theory predicts that there should not be, and the conditioned 1102 

bootstrapping approach that we have developed would be useful for teasing apart the 1103 

statistical features (such as PS and PP) that fundamentally affect the amount of encoded 1104 

information and behavioral performance from heuristic parameters such as GA that may have 1105 

only secondary effects on information or behavior.   1106 

In conclusion, based on information metrics that are readily applicable to neuronal 1107 

data, we developed a theory-driven analysis that has identified the statistical features of 1108 
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neural population responses that modulate the amount of information encoded by cortical 1109 

neuronal populations. We found an excellent agreement between the theory and the 1110 

experimental results, which indicates that the assumptions of our approach are reasonable. A 1111 

critical finding is that PS and PP are the primary features that correlate with behavioral 1112 

performance and that one must be careful when interpreting effects of other statistical 1113 

features that may co-vary with PS or PP. Finally, we showed that our results are consistent 1114 

with predictions of a model that optimally decodes population responses to produce behavior.  1115 

 1116 
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 1230 

 1231 

Legends 1232 

Figure 1. The information encoded by a neuronal ensemble is fully characterized by 1233 

population signal and projected precision. (A) The trial-by-trial joint activity of a network 1234 

consisting of N neurons can be characterized by an ellipsoid embedded in an N-dimensional 1235 

space (a representative population of two MT neurons from monkey 4 is shown here; see Fig. 1236 

2 and Methods). The covariance matrix and mean activity of the population determine the 1237 

shape and location of the ellipsoids corresponding to stimulus 1 ( ; green) and stimulus 2 1238 

( ; blue). The linear classifier is characterized by a linear boundary that separates the two 1239 

clouds of points as well as possible (red line). The difference in mean value for the decision 1240 

variable  and its standard deviation are represented by μ  and , respectively (signal-to-1241 

noise ratio of d’). (B) Graphical depiction of population signal (PS) and projected precision 1242 
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(PP). PS is defined as the norm of the tuning vector, Δ , which corresponds to the distance 1243 

between the mean responses associated with  and with  (distance between the centers of 1244 

the green and blue ellipsoids). PP is calculated from the angles ( ) between each eigenvector 1245 

of the covariance matrix and the tuning vector (Δ ) (orientation of each axis of the ellipsoid 1246 

with respect to Δ ) as well as from their eigenvalues ( ; length of each axis). Greater 1247 

information is encoded when the longest axis of the ellipsoid becomes orthogonal to the 1248 

direction of Δ . Mean pairwise correlations (MPC) is defined as the mean across all neuronal 1249 

pairs of the trial-by-trial co-variability (Pearson correlation) for a given set of trials. Global 1250 

activity (GA) is defined as the mean activity across trials neurons and neurons for a set of 1251 

trials. (C) When information-limiting correlations are added into the system, the amount of 1252 

encoded information is harmed due to a reduction of PP. Because PS accounts for the 1253 

contribution of the population tuning on encoded information, it is not affected by the 1254 

presence of information-limiting correlations. The magnitude of the reduction in PP will 1255 

depend on the strength of information-limiting correlations (ε), the sensitivity of the 1256 

population tuning to stimulus changes (| ′| ) and the projected precision without information-1257 

limiting correlations (PP0) (see Methods). See also Extended Data Figs. 1-1, 1-2 and 1-3. 1258 

 1259 

Figure 2. Three behavioral tasks used to test theoretical predictions in macaque 1260 

monkeys. (A) One monkey performed a coarse direction discrimination task (monkey 1) 1261 

while pairs of units were recorded in the middle temporal (MT) area (Britten et al., 1992). 1262 

After stimulus presentation (random dots moving toward the preferred or null direction of the 1263 

neurons under study), the monkey reported the direction of motion by making a saccade to 1264 

one of two targets. Difficulty was controlled by varying the percentage of coherently moving 1265 

dots in the stimulus. (B) Two monkeys performed an attentional task (monkeys 2 and 3) 1266 
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while ~50 units were recorded simultaneously from the lateral prefrontal cortex (LPFC, area 1267 

8a) (Tremblay et al., 2015). Four Gabor patterns were presented on the screen and the task 1268 

was to make a saccade to the attended location after a change in orientation of the cued 1269 

Gabor. (C) One monkey performed a fine direction discrimination task (monkey 4) while ~25 1270 

units were recorded simultaneously from area MT. After presentation of a fully coherent 1271 

random dot stimulus, the monkey had to report whether dots moved leftward or rightward of 1272 

vertical by making a saccade to one of two targets. Difficulty was controlled by making the 1273 

left/right component of motion very small. See Methods for details. 1274 

 1275 

Figure 3. Dependencies between encoded information and statistical features of 1276 

neuronal responses can be evaluated by the conditioned bootstrapping method. (A, B) 1277 

By subsampling trials with replacement (bootstrap) from the original dataset, distributions of 1278 

the values of encoded information (DPcv) (A) and statistical features of the neuronal activity 1279 

(B) are generated. Example distributions of the values of population signal (PS), projected 1280 

precision (PP), mean pairwise correlations (MPC) and global activity (GA) for monkey 4 1281 

(ensemble size = 10 units). (C) A conditioning analysis is performed to determine the impact 1282 

of fluctuations of each feature of the neuronal response on information by selecting subsets of 1283 

bootstraps in which the other features are held close to their distributional medians. For 1284 

instance, to study the effect of MPCs on information, bootstraps are selected such that PS, 1285 

PP, and GA are fixed near their median values (dark regions in the distributions). If bootstrap 1286 

fluctuations in MPC (while fixing PS, PP, and GA) do not modulate DPcv, we can conclude 1287 

that MPC do not play a role in the amount of information encoded by a neural network. This 1288 

approach is also used to study the effects of bootstrap fluctuations of neuronal activity on 1289 

behavioral performance. 1290 
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 1291 

Figure 4. Mean pairwise correlations and global activity correlate with encoded 1292 

information. (A) Percentage change in the amount of encoded information (DPcv) related to 1293 

fluctuations of mean pairwise correlations (MPC; blue) and global activity (GA; orange). 1294 

Fluctuations of MPC and GA are produced through a bootstrap process in which virtual 1295 

instances of the same experiment are generated by sampling trials with replacement from a 1296 

particular dataset (see Fig. 3B and Methods; not to be confused with the conditioning analysis 1297 

described in Fig. 3C). Smaller values of MPC produce significantly larger values of DPcv; 1298 

thus, they are negatively correlated. Data are shown from pairs of neurons recorded in MT 1299 

during a coarse direction discrimination task (monkey 1; Figure 2A). (B, C) Percentage 1300 

change in DPcv, as a function of ensemble size (2, 4, 6, 8 and 10 units), for recordings from 1301 

LPFC 8a during an attentional task (monkeys 2 and 3; see Figure 2B and Methods). GA has a 1302 

strong modulatory effect on encoded information on both monkeys. (D) Analogous results for 1303 

MT ensembles recorded during a fine direction discrimination task (monkey 4; see Figure 2C 1304 

and Methods). MPC has a consistent negative effect on encoded information. In all panels, 1305 

error bars correspond to the 25th -75th percentile of the distribution of bootstrap medians and 1306 

significant deviations from zero are indicated by high contrast colored bars (Wilcoxon signed 1307 

rank test, P < 0.05). 1308 

 1309 

Figure 5. Bootstrap fluctuations in population signal, projected precision, mean 1310 

pairwise correlations, and global activity are correlated. (A) Examples of how bootstrap 1311 

fluctuations (without conditioning) in GA are correlated with bootstrap fluctuations in PS 1312 

(left panel), and fluctuations of MPC are correlated with PP (right panel) for pairs of neurons 1313 

recorded in MT during a coarse direction discrimination task (monkey 1; Figure 2A). (B) 1314 
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Median Pearson correlation between fluctuations in PS and MPC (red), PS and GA (green), 1315 

PP and MPC (blue) and PP and GA (orange) for each monkey and ensemble size (see 1316 

Methods). Error bars correspond to the 25th -75th percentile of the distribution of bootstrap 1317 

medians and significant deviations from zero are indicated by high contrast colored bars 1318 

(Wilcoxon signed rank test, P < 0.05). Correlations between these different statistical features 1319 

of the neuronal activity are likely to explain reported dependencies of encoded information 1320 

on MPC and GA. 1321 

 1322 

Figure 6. Encoded information depends mainly on population signal and projected 1323 

precision once other variables are controlled. (A) Percentage change in the amount of 1324 

encoded information (DPcv) when changes in one statistical feature of neuronal responses are 1325 

isolated by the conditioned bootstrapping method described in Fig. 3C (population signal 1326 

(PS): red; projected precision (PP): green; mean pairwise correlation (MPC): blue; global 1327 

activity (GA): orange). Only PS and PP produce significant changes in DPcv when the other 1328 

three features are keep constant (e.g., PS is tested by using bootstrap samples for which the 1329 

values of PP, MPC, and GA are all close to their respective median values). Data are shown 1330 

from pairs of neurons recorded in MT during a coarse direction discrimination task (monkey 1331 

1; see Figure 2A and Methods). (B, C) Percentage change in DPcv, as a function of ensemble 1332 

size (2, 4, 6, 8 and 10 units), for recordings from LPFC 8a during an attentional task 1333 

(monkeys 2 and 3; see Figure 2B and Methods). (D) Analogous results for MT ensembles 1334 

recorded during a fine direction discrimination task (monkey 4; see Figure 2C and Methods). 1335 

In all panels, error bars correspond to the 25th -75th percentile of the distribution of bootstrap 1336 

medians and significant deviations from zero are indicated by high contrast colored bars 1337 

(Wilcoxon signed rank test, P < 0.05). See also Extended Data Figs. 6-1 and 6-2. 1338 
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 1339 

Figure 7. Definitions of behavioral performance for each task. (A) Psychometric curve 1340 

averaged across recording sessions for monkey 1. Proportion of choices in favor of the 1341 

preferred direction as a function of motion coherence (positive values of coherence 1342 

correspond to the preferred direction of motion). Grey region: s.e.m. (B, C) Distributions of 1343 

reaction times for monkeys 2 and 3. For the attentional task, reaction time is defined as mean 1344 

time (across trials in a particular dataset) from the change in stimulus orientation until the 1345 

saccade to the cued Gabor pattern. (D) Psychometric curve averaged across recording 1346 

sessions for monkey 4. Proportion of rightward choices as a function of the direction of 1347 

motion with respect to vertical (positive and negative values denote motions with a rightward 1348 

and leftward component, respectively). Grey region: s.e.m. 1349 

 1350 

Figure 8. Amount of encoded information correlates with behavioral performance. 1351 

Pearson correlation between fluctuations in encoded information (DPcv) and fluctuations in 1352 

monkeys’ performance (see Methods). Across all datasets and ensembles sizes, trials 1353 

associated with larger encoded information are also significantly associated with better task 1354 

performance. Error bars correspond to the 25th -75th percentile of the distribution of bootstrap 1355 

medians and significant deviations from zero (high contrast colored bars) are calculated by a 1356 

Wilcoxon signed rank test (not significant if P > 0.05).  1357 

 1358 

Figure 9. Population signal and projected precision best predict behavioral 1359 

performance. Percentage change in behavioral performance, as a function of ensemble size, 1360 

is shown for each behavioral task when the conditioned bootstrapping approach is used to 1361 

isolate fluctuations in PS (red), PP (green), MPC (blue), and GA (orange). See also Extended 1362 

Data Figs. 9-1, 9-2 and 9-3. 1363 

 1364 
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Figure 10. An experimentally-constrained neural population model accounts for the 1365 

empirical findings.  (A) Generative model for the simulated neuronal responses. A 1366 

population of N model neurons was characterized by linear tuning curves with slope . An 1367 

intermediate activity pattern ( ) was obtained by drawing an N-dimensional sample from a 1368 

multivariate Gaussian distribution (mean  and covariance ) and then corrupting it with 1369 

sensory noise ( ) on every trial j ( ) (M trials in total). A homogeneous response gain 1370 

modulation ( ) and a Poisson step were applied to produce the final population spike count 1371 ( ). The choice of the virtual agent ( ) was obtained by an optimal read-out of the 1372 

population activity pattern on each trial (Methods). (B) Percentage change in the amount of 1373 

information encoded by the model (DPcv), as a function of the ensemble size, when bootstrap 1374 

fluctuations of different features of the neural activity are isolated. Only isolated bootstrap 1375 

fluctuations in PS and PP influence the amount of information encoded by the population, 1376 

consistent with the experimental observations (Fig. 6). (C) Percentage change in behavioral 1377 

performance predicted by fluctuations in different statistical features of model population 1378 

activity. PS and PP are the most important factors influencing behavioral performance. The 1379 

magnitude of changes in behavioral performance is similar to that observed experimentally 1380 

(Fig. 9). See also Extended Data Fig. 10-1. 1381 

 1382 

Figure 1-1. The expression for the optimal classifier is the best approximation to the 1383 

amount of encoded information. (A) Ratio between percentage of explained variance (E.V.) 1384 

of the optimal classifier and the correlation-blind classifier (top panel) and between the 1385 

optimal and the variability-blind classifier (bottom panel; see Methods). The percentage of 1386 

explained variance determines how good a given analytical expression of DPth approximates 1387 

the performance of a cross-validated linear classifier DPcv (see Methods). For all monkeys 1388 

(mean across all ensemble sizes: 2, 4, 6, 8 and 10 units) the theoretical expression for the 1389 

optimal classifier (Eq. 1) is the best approximation for the amount of information encoded by 1390 
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the neural population as expressed by DPcv. (B) Ratio between percentage of explained 1391 

variance (E.V.) of the correlation-blind classifier and the optimal classifier (top panel) and 1392 

between the correlation-blind and the variability-blind classifier (bottom panel) after 1393 

shuffling the activity of each neuron across trials for a fixed condition. The amount of 1394 

encoded information when pairwise correlations are removed is better approximated by the 1395 

correlation-blind classifier than by the optimal classifier (before shuffling) and the variability-1396 

blind classifier for all monkeys.  1397 

 1398 

Figure 1-2. The theoretical expression provides excellent fits for different linear 1399 

classifiers and goodness-of-fit metrics. (A) The slope and intercept parameters of the linear 1400 

fit (Type II regression, see Methods) between the theoretical and the cross-validated decoding 1401 

performance (DPth and DPcv) are relatively close to 1.0 and 0.0, respectively, for a Linear 1402 

Discriminant Analysis (LDA) on all ensemble sizes and monkeys. Deviations from 1.0 1403 

(slope) and 0.0 (intercept) can be explained by the limited number of trials used to train and 1404 

test the LDA, which produces values of DP below 0.5 in some cases. (B) All goodness-of-fit 1405 

metrics (% explained variance, slope and intercept) are improved when the training set is 1406 

used to test the performance of LDA. (C) When using Logistic Regression (LR) instead of 1407 

LDA, the fitting results are similar to panel (A). (D) As in panel (B), when using the training 1408 

set to evaluate the performance of LR, all goodness-of-fit metrics are improved with respect 1409 

to panel (C). 1410 

 1411 

Figure 1-3. Linear discriminant analysis outperforms logistic regression and quadratic 1412 

discriminant analysis. (A) Median decoding performance (DP) for linear discriminant 1413 

analysis (LDA), logistic regression (LR), and quadratic discriminant analysis (QDA) (5-fold 1414 

cross-validation) for an ensemble size of 2 units from monkey 1. LDA produces a larger DP 1415 

than both LR (P = 6.2 ⨯ 10 , Wilcoxon signed rank test) and QDA (P = 2.4 ⨯ 10 ). 1416 

Note that significance of the differences is strong due to pairing of the data despite the 1417 

relatively large error bars displayed. (B, C) Equivalent to (A) for monkeys 2 and 3 and for a 1418 

range of ensemble sizes (2, 4, 6, 8 and 10 units). As in (A), LDA produces the largest mean 1419 

DP of the three decoders. (D) Analogous results for monkey 4. In all panels error bars denote 1420 

25th -75th percentile of the distribution of bootstrap medians and * indicates significance in 1421 

the reported differences (P < 0.05). 1422 
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 1423 

Figure 6-1. Percentage change on the amount of information encoded by the neuronal 1424 

population (% change DPcv) for all monkeys and ensemble sizes. Population signal and 1425 

projected precision are the most influential factors on DPcv. * = 0.01 < P < 0.05, ** = 0.001 < 1426 

P < 0.01, *** = P < 0.001.  1427 

 1428 

Figure 6-2. Difference of percentage change on the amount of information encoded by the 1429 

neuronal population (% change DPcv) for all monkeys and ensemble sizes for all the pairs of 1430 

studied features. Population signal and projected precision are the most influential factors on 1431 

DPcv. * = 0.01 < P < 0.05, ** = 0.001 < P < 0.01, *** = P < 0.001.  1432 

 1433 

Figure 9-1. Results shown in Fig. 9 are robust to different conditioning parameters and 1434 

metrics. (A) Equivalent to Fig. 9, but averaged across ensemble sizes. Percentage change in 1435 

behavior (see Methods) is plotted for bootstrap fluctuations of each statistical feature 1436 

(conditioned bootstrapping method; see Methods), and results are shown for different 1437 

conditioning criteria: ± 10% (left column) and ± 20% (right column) from the median value 1438 

of the bootstrap distribution. (B) Same as (A) but using Pearson correlation between 1439 

bootstrap fluctuations of the different features of neural activity and behavioral performance 1440 

instead of percentage change.  Data are shown for the same two conditioning criteria and 1441 

averaged across ensemble sizes. Error bars correspond to 25th - 75th percentile of the 1442 

distribution of bootstrap medians and significant deviations from zero (high contrast colored 1443 

bars) are calculated by a Wilcoxon signed rank test (not significant if P > 0.05).  1444 

 1445 

Figure 9-2. Percentage change on behavioral performance (% change Behavior) for all 1446 

monkeys and ensemble sizes. Population signal and projected precision are the most 1447 

influential factors on behavior. * = 0.01 < P < 0.05, ** = 0.001 < P < 0.01, *** = P < 0.001. 1448 

 1449 

Figure 9-3. Difference of percentage change on behavioral performance (% change 1450 

Behavior) for all monkeys and ensemble sizes for all the pairs of studied features. Population 1451 
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signal and projected precision are the most influential factors on behavior * = 0.01 < P < 1452 

0.05, ** = 0.001 < P < 0.01, *** = P < 0.001.  1453 

 1454 

Figure 10-1.  An experimentally-constrained population model replicates experimental 1455 

results. (A) Graphical model depicting, in full detail, the generative process underlying the 1456 

surrogate datasets (see Methods). (B) Tuning curve of an example neuron used in the model. 1457 

This neuron’s firing rate signals the direction of motion with a linear tuning curve that is 1458 

corrupted by noise. (C) Distribution of Fano Factors for all units in an example surrogate 1459 

‘session’ of the model. The mean value of the distribution is in rough agreement with 1460 

empirical values of Fano factors found in in vivo recordings. (D) Distribution of pairwise 1461 

correlations of the spike counts of all neuronal pairs in an example surrogate ‘session’ of the 1462 

model. The mean value of the distribution is compatible with the empirical values of mean 1463 

pairwise correlations found in in vivo recordings. (E) The theoretical decoding performance 1464 

of a linear classifier (DPth) was a very good approximation of the cross-validated decoding 1465 

performance (DPcv) on the model data (see Methods and Fig. 1). (F) Amount of encoded 1466 

information (DPcv) as a function of the network size for the three different stimulus intensities 1467 

in the model. When differential correlations are not included in the model (light colored 1468 

lines), information grows without limit for all of the stimulus values (DPcv = 1.0 upper limit 1469 

for information in a classification task). When differential correlations are included in the 1470 

model (darker colored lines), DPcv is lower and reaches an asymptote (dashed colored lines) 1471 

for large network sizes. (G) Pearson correlation between bootstrap fluctuations in the amount 1472 

of encoded information (DPcv) and behavioral performance of the virtual agent. The model 1473 

accounts for the weak coupling between these two quantities (see Fig. 10). Error bars 1474 

correspond to 25th - 75th percentile of the distribution of bootstrap medians. 1475 
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