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Figure S1: Basic statistics of V1 units. A) Average �ring rate during a trial, separating the units into informative and
uninformative subpopulations. B) Fano factor distributions for informative and uninformative units.
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Figure S2: (Caption next page.)
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Figure S2: A-F) PCA analysis of V1 population activity. Variance explained by principle components of A) population
responses and B) SR residuals; we apply PCA to the concatenated trials of a block, each datapoint is the activity of
a unit in a 50ms time bin. Histograms show the minimum number of PCs required to explain 80% of the variance in
A) the data and in B) the SR residuals. C) Left, we take the cosine similarity between the eigenvector corresponding
to the �rst PC of the residuals and the modulator coupling for every block. Here we plot the distribution over all
blocks. Right, we compute the correlation between the trial-concatenated modulator found by the PLDS and by PCA
on the residuals. We plot the distribution of correlation coe�cients over all blocks. D) First PC computed on all
stimulus presentations in the control task, over �rst PC computed on high contrast stimulus presentations. Each point
represents a unit's loading on the PC axis. The graph pools over all control task blocks. If a population's �rst PC had
a negative mean (mean of �rst eigenvector < 0) the entire vector is rotated by −1 to increase visual comparability. E)
Normalized variance explained for �rst 4 PC axis extracted from residuals of any stimulus presentations using the SR
model �tted, for either the relevant or the control tasks. Lines show averages over all blocks and shaded region shows
the sd. F) As H but for high contrast stimulus presentations. G-H) Inferred modulator statistics. G) The distribution
of modulator values during high/low contrast stimulus presentations. H) Every line represents the mean (top) and
variance (bottom) of the modulator in a block, estimated from the di�erent time bins of a stimulus presentation and for
low and high contrast. Dark grey lines represent high contrast and light grey low contrast presentations. I-J) On/O�
states I) Modulator distribution extracted from an example block population (green) or extracted from simulations
from the same model �t but using an arti�cial bimodal modulator instead (blue). J) Population spiking activity for
for one second of that same example block (left) and simulated version (right). K-N) Partial correlation analysis for
mean rate, coupling and informativeness. K) Dependence between |d'| and mean �ring. L) Residuals of linear �t as
a function of �ring rate are unstructured. M) The relationship between informativeness and coupling. N) The same
for residual informativeness (unexplained by di�erences in mean �ring). O-R) Excess noise correlations. O) Pairwise
noise correlations of a population in an example block computed on high contrast stimulus presentations. The color
bar indicates Pearson correlation coe�cient. P) Pairwise noise correlations in simulations from the same example
modulated SR model. G) Di�erence between pairwise noise correlations in data (A) and in simulations (B). Colors
indicate di�erence in Pearson correlation coe�cient. R) Distribution of di�erences in pairwise correlation coe�cients
over all blocks. Colors indicate the type of pairs; Red for two informative units, yellow for one informative and one
uninformative units, grey for two uninformative units.
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Figure S3: A-B) Distribution of Spearman correlation coe�cients over blocks between A) attentional modulation
index and informativeness and B) between attentional modulation index and modulator coupling. C-D) E�ects of
adaptation. C) The distribution of adaptation indices for blocks well �t by mod-SR (purple) and all blocks (black).
D) Informativeness of each unit, measured by |d′| as a function of the unit's adaptation index; no linear dependency,
Spearman p = .36. E-M) E�ect of multiunits on key analysis measurements. E) We model multiunits by summing over
the activity of two model Poisson neurons with modulated rates. F) Informativeness of multiunit |d′(i,j)| versus the sum
of informativeness of the component units, |d′i|+ |d′j |. G) Multiunit d′ as a function of the cosine similarity between the
tuning of the individual neurons. H) Multiunit informativeness as a function of estimated multiunit modulator-guided
decoding weights for a simulated targeted and untargeted population. I) The informativeness of individual units
comprising the set of simulated multiunits; colors mark type of modulation for each pair, as in A). J) Corresponding
modulator couplings are correlated with single unit informativeness (the `targeted modulation' scenario). K) Multiunit
informativeness versus sum of single neurons |d′|. L) Modulator coupling estimated using the PLDS model and its
correlation to multiunit informativeness. M) to P) as above, but for the `untargeted' scenario.
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5



Figure S4: A-E) Simulations of decoding from V1. A)The e�ect of modulation on stimulus SNR, as measured by
the Fisher Linear Discriminant, for unstructured and targeted modulator coupling. N=100 neurons, 50 inactive, 12
informative, 38 uninformative. B-C) E�ect of fraction of informative neurons on decoding performance. B) Firing
rate distributions in a simulated population; all neurons are similarly active, but uninformative neurons do not change
their responses as a function of the task relevant stimuli while informative neurons are modulated by ±5%; N=50
neurons. C) Decoder performance as a function of the fraction of informative neurons (constant total population of
50 neurons, for details see text). D) The percentage of correctly estimated decoding signs as a function of the number
of training examples. Di�erent colors correspond to varying relative modulator strengths (see Methods for details).
E-G) Performance with varying size of the population. E) As main Fig. 3D but using 2000 instead of 1000 neurons. F)
and G) as A but with increasing population size. H) As main Fig. 3D, performance of di�erent decoders on simulated
data (N= 10000 datapoints) with varying modulator strength. We include 2 additional decoders: logistic regression
with L1 regularization (blue, regularization strength of 100, optimized for performance in held-out validation data)
and a linear kernel SVM decoder (purple). I) Cross-validated decoder performance as a function of dataset size for
modulator strength σ = 3 (=relative modulator strength �1). In all conditions, observations arrive at the same temporal
resolution (same time scale for modulator �uctuations and the stimulus). The optimal decoder assumes full knowledge
of the encoding model and does not require learning (see main text 2.3). J-K) As H-I but varying the strength of
regularization for L1 logistic regression. L-M) Biologically local learning of readout weights L) Estimates of weights ŵn

over the course of learning; each stimulus presentation lasts 200ms. Individual lines correspond to decoding weights of
100 neuron. Color gradient indicates the rank of the corresponding ground truth decoding weight in the population,
with red and blue representing opposite tuning preferences. Dashed line indicates minimal training of 4 seconds, or 20
stimulus presentations. M) Final estimates ŵn after 4 seconds of learning compared to the optimal decoding weights.
Colors as in A. Both axes are z-scored.
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Figure 1 Figure 2 Figure 3 Figure 4 Figure 5 Figure 6

V1 trials total 3640 3640 (C-F)
2348 (G-J)

2348

V1 units total 5903 5903 (C-F)
4004 (G-J)

4004

1553

single MT units paired with  13*
(A, C, D)

recordings
1752 (E)
96 (F)

12 inform. 
38 uninf.
4950 inact.

Simulated image responses 2560 
(encoding 
layer)

* excludes sessions for which the modulated SR model was not a good �t for the V1 population

Supplementary Table S1: Statistics of units and trials for each analysis included in the main text �gures. Colors
indicate simulated (green) and experimental (purple) data.

8



S1 Supplementary Note 1: Statistics of V1 population responses12

We summarize single unit statistics across the V1 population and look for di�erences between task-informative neurons13

and task-uninformative neurons. We �nd that the distribution of mean �ring rates in a trial is slightly higher for the14

informative neurons (Fig. S1A). The average rate for informative units was 42± 22 spikes/second (mean ± standard15

deviation), compared to 37 ± 20 for uninformative units. We also �nd that the distributions of Fano factors for16

high contrast stimuli is slightly higher for informative neurons (Fig. S1B, mean Fano factor for informative units is17

1.14± 0.47, compared to 1.06± 0.62 for uninformative units).18

S2 Supplementary Note 2: PCA is insu�cient to robustly �nd targeted19

modulation20

We tested whether a simpler analysis based on dimensionality reduction (principal component analysis, PCA) of the21

�tted SR model residuals would su�ce for robust modulator estimation in the V1 data. Neither the eigenspectrum22

of the data (Fig. S2A), nor that of the residuals (Fig. S2B) reveal low-dimensional structure. Nonetheless, the �rst23

principal component roughly aligns with the projection into latent space, C estimated by the modulated SR model24

(Fig. S2C) providing a noisy version of the estimated modulator coupling (Fig. S2C). We further �nd that PCA25

results are highly dependent on the stimulus conditions. The PC axes change substantially when computed on only26

high contrast stimulus residuals compared to all stimulus residuals (Fig. S2D, residuals computed from the SR model).27

Interestingly we also see that the variance explained by the �rst PC axis is smaller in the control task vs the relevant28

task if all stimuli are included, but larger if only high contrast stimuli are included (Fig. S2E-F). This suggests that29

standard dimensionality reduction of residuals is not sensitive enough to detect low dimensional modulator structure.30

Taking the square-root of the activity before applying PCA (a common preprocessing step for homogenizing Poisson-31

like data variability [1]), does not change the results qualitatively. Instead explicit latent dynamical models jointly32

�tted with a SR model are required to detect the modulator. This suggests that such low-dimensional targeted33

modulation may be more ubiquitous than one would expect from previously reported analyses.34

S3 Supplementary Note 3: V1 modulation35

Modulator statistics We tested whether the extracted V1 modulator could be exclusively caused by stimulus36

variations that are not su�ciently captured by our linear stimulus-response model. For this we look for variations37

in the statistics of the modulator with di�erent stimuli. We computed the mean value of the modulator over all38

stimulus presentations in a block for low and high contrast stimuli and �nd that the distribution of modulator values39

is similar for di�erent contrast conditions (Fig. S2G). We then compute modulator mean and variance respectively and40

separately for each of the four time windows of 50ms for which the stimulus was present. The mean of the modulator41

does not �uctuate much within stimulus presentations (Fig. S2H, top). Moreover, the di�erences between high and low42

contrast are small. The same applies to the estimated modulator variance which is similar within di�erent time bins43

of the stimulus presentations and across the two contrast conditions (Fig. S2H, bottom). Overall, this suggests that44

the modulator is unlikely to be merely accounting for residual stimulus responses that were not captured by the SR45

model, but is instead consistent with a stationary �uctuating modulatory source that is independent of the stimulus.46

S4 Supplementary Note 4: Comparison to On/O� states47

The modulator extracted from our data has the form of normally distributed noise (see Fig. S2G and Fig. S2I). Other48

types of modulation have previously been described in the literature [2], with di�erent statistics. Speci�cally On/O�49

states modulate population activity in a binary manner, in the context of attention. We verify that our analysis is able50

to di�erentiate between these two di�erent forms of modulation. Since the PLDS framework used for the modulated51

SR model assumes a Gaussian prior noise distribution (see details in Methods of main text), it is conceivable that the52

unimodality of the extracted modulator may be a consequence of this prior. To test this, we �t the PLDS model to53

simulated data that has a binary ground truth modulator. We match the simulation statistics to our recordings, by54

using parameters estimated in an example session, but change the modulator statistics to re�ect two discrete states.55

We simulate data from the resulting model and then repeat the same �tting procedure as that used on the real data.56

We �nd that the estimated modulation is strongly bimodal, re�ecting the binary modulator, despite the model's prior57

(see Fig. S2I). We further �nd that the spiking patterns are qualitatively di�erent in the simulations with the binary58

modulator, clearly revealing the two di�erent underlying spiking regimes (see Fig. S2J). This does not exclude the59

presence of fast On/O� dynamics in the data but it suggests that the modulator here is distinct.60
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S5 Supplementary Note 5: Partial correlation analysis for mean rate,61

coupling and informativeness62

We perform a partial correlation analysis to account for e�ects of mean �ring rate on the relationship between coupling63

and informativeness. A linear regression lets us average out the linear e�ects of mean �ring on informativeness64

(Fig. S2K) which explains most of the relationship between the variables (Fig. S2L). When then correlating the65

residual informativeness (not explained by mean �ring rate di�erences) with the coupling we �nd that the relationship66

is preserved (Fig. S2M-N).67

S6 Supplementary Note 6: Excess correlations68

The modulated SR model captures part of the shared variability between neurons. To test for additional structure, we69

look at the pairwise correlations expected from the modulated SR model versus those in the data. We �nd that the70

pairwise correlations are slightly larger in the real data than what would be expected due to di�erences in the response71

statistics (when simulated from the modulated SR model). More speci�cally, we �nd that those excess correlations are,72

on average, slightly larger between pairs of informative units than pairs of uninformative or informative-uninformative73

units (Fig. S2O-R). This suggests that there is additional structure, not captured by the modulator, which may re�ect74

other sources of noise correlations [3, 4].75

S7 Supplementary Note 7: Response modulation due to attention76

It has previously been reported that neurons with receptive �elds overlapping an attended stimulus increase their77

activity[5�7]. However, here we do not �nd evidence that the increase in activity due to attention or task condi-78

tion is speci�c to the task-informative units. Speci�cally, the correlation between attentional modulation and task-79

informativeness is close to 0 in the populations we were able to compare (su�cient trials and su�cient number of80

informative neurons, see Methods for exclusion criteria) (Fig. S3A). The attentional modulation in a single neuron is81

measured as the di�erence between response to high contrast stimuli in the relevant task condition (attend-in) minus82

in the control task condition (attend-out) divided by the sum of the two [8]. Similarly there is no signi�cant correlation83

in the modulator coupling strength and the attention index in any of the blocks we were able to compare (3 pairs of84

blocks in the same session with good modulator �t; Fig. S3B).85

S8 Supplementary Note 8: Adaptation86

Within a trial, stimuli are �ashed on (for 200ms) and o� (for 200-400ms) at low or high contrast several times87

before the target appears. We exclude the �rst stimulus presentation from our analysis, to avoid e�ects of initial88

transients or adaption [9]. Nonetheless, we wanted to test whether adaptation could interfere with our estimates of89

the informativeness of a unit or the modulated SR model �ts. For this we de�ne a summary statistic for adaptation in90

single units as follows: we group the last repeat stimulus responses from all trials according to the number of repeats91

that preceded them. We compute the average of each group and the sign of the di�erences between them. We average92

over the signs to obtain a value between -1 (decreasing in response with increasing number of repeats) and 1 (increase93

in response with increasing number of repeats). Fig. S3C shows the distribution of adaptation indices over all blocks94

and units, compared to that of the subset of blocks well �tted by the modulated SR model. This distribution is broad95

overall, with no signi�cant di�erences between populations that are well �tted by a model including modulation versus96

units that are badly �t by the model. Similarly, we see no systematic relationship between the adaptation index and97

the informativeness of a unit (Fig. S3D). Overall, these results suggest that classic adaptation cannot account for the98

e�ects of modulation or its targeting towards informative neurons.99

S9 Supplementary Note 9: Multiunits100

Many of the responses in the analyzed dataset are likely a composite of multiple neurons, and we wanted to examine101

the e�ects this could have on our results. We use mathematical analyses and numerical simulations, both based on a102

simple encoding model (S3E), to examine how estimates of informativeness and targeted modulation are a�ected by103

pooling the activity of several (potentially similarly-tuned) neurons.104
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Estimating informativeness from multiunits. We model multiunit activity as the sum of activities of pairs
of neurons, i,j, each described as a Poisson processes with mean spike count λi,j|s exp(ci,jmt), as in (Eq. 1). The
informativeness of the multiunit may be written as:

d′ =

(
µi|s1 + µj|s1

)
−
(
µi|s2 + µj|s2

)√
1
2

((
σ2
i|s1 + σ2

j|s1 + 2Covi,j|s1

)
+
(
σ2
i|s2 + σ2

j|s2 + 2Covi,j|s2

)) , (1)

where we have used the standard relationship for the variance of a sum of correlated variables.105

Given the doubly stochastic nature of the single neuron responses (formally, a log-gaussian Cox process [10]), the
average �ring rate of neuron i in response to a stimulus s is:

µi|s = E
[
λi|s exp(cimt)

]
= λi|s exp

(
c2iσ

2
m

2

)
, (2)

where σ2
m is the variance of the modulator. The corresponding variance of neuron i is

σ2
i|s = E

[
λi|s exp(cimt) + λ2

i|s exp(2cimt)
]
− µ2

i|s

= λi|s exp

(
c2iσ

2
m

2

)
+ λ2

i|2 exp
(
2c2nσ

2
m

)
− λ2

i|s exp
(
c2iσ

2
m

)
.

(3)

Finally, the covariance of responses for neurons i and j given a stimulus s is

Covi,j|s = E
[
λi|sλj|s exp ((ci + cj)mt)

]
− µi|sµj|s

= λiλj exp

(
(c2i + c2j )σ

2

2

)(
exp(cicjσ

2)− 1
)
.

(4)

In the limit when the modulator variance is very small (σ2
m → 0), we have µi|s → λi|s, σ

2
i|s → λi|s and Covi,j|s → 0,106

so the informativeness becomes:107

d′ =
λi|s1 + λj|s1 − λi|s2 − λj|s2√
1
2

(
λi|s1 + λj|s1 + λi|s2 + λj|s2

) . (5)

We will now show that, in this limit, and assuming the neurons in the multiunit have the same stimulus preference,108

the absolute value of the multiunit informativeness is bounded from above by the sum of that of the two component109

neurons, i.e.110

|λi|s1 + λj|s1 − λi|s2 − λj|s2 |√
1
2

(
λi|s1 + λj|s1 + λi|s2 + λj|s2

) ≤
|λi|s1 − λi|s2 |√
1
2

(
λi|s1 + λi|s2

) + |λj|s1 − λj|s2 |√
1
2

(
λj|s1 + λj|s2

) (6)

To simplify notation in the proof, we �rst introduce variables for the sum and di�erence responses, γi/j = λi/j|s1+λi/j|s2111

and βi/j = λi/j|s1 − λi/j|s2 , so that the inequality above becomes:112

|βi + βj |√
γi + γj

≤ |βi|√
γi

+
|βj |√
γj

.

Multiplying by all denominators yields113

|βi + βj |
√
γiγj ≤ |βi|

√
γj(γi + γj) + |βj |

√
γi(γi + γj).

Under the assumption that the two neurons in the multiunit have the same stimulus preference, |βi +βj | = |βi|+ |βj |,114

and one can rearrange the terms as115

|βi|
(√

γiγj + γ2
j −√

γiγj

)
+ |βj |

(√
γiγj + γ2

i −√
γiγj

)
≥ 0.

Hence, we conclude that in the limit when the modulation is weak and neurons share the same stimulus preference116

(and thus same sign for optimal decoding weights) the informativeness of a multiunit is less or equal than that of117
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its component units. Using a similar derivation, one can also show that the informativeness of a multiunit is lower118

bounded by the average of the informativeness of the two neurons that compose it:119

|λi|s1 + λj|s1 − λi|s2 − λj|s2 |√
1
2

(
λi|s1 + λj|s1 + λi|s2 + λj|s2

) ≥ 1

2

 |λi|s1 − λi|s2 |√
1
2

(
λi|s1 + λi|s2

) + |λj|s1 − λj|s2 |√
1
2

(
λj|s1 + λj|s2

)
 (7)

While these constraints are derived under extreme assumptions, we can show numerically that the same intuition holds120

in the more relevant scenario when the modulation is not negligible (Fig. S3). For moderate modulation strength,121

σm = 1 and c = [0, 1], and random targeting (c coupling assigned uniformly randomly to neurons with di�erent122

tuning properties), the summed informativeness, |d′i + d′j |, lower bounds the multiunit informativeness for both pairs123

of neurons with aligned stimulus preference and pairs of neurons with dissimilar tuning (Fig. S3F). Note that tuning124

similarity, as measured by the inner product of the individual units' tuning functions, does not strongly a�ect multiunit125

informativeness (Fig. S3G).126

Finally, we �nd the process of pooling neural responses alone cannot induce positive correlations between modulation127

and informativeness. The e�ect of modulation on a multiunit, as estimated via the modulator-guided decoder, takes128

the form E [(ki + kj)m] = σ2
m

(
λici exp

σ2
mc2i
2 + λjcj exp

σ2
mc2j
2

)
. This estimated modulator coupling does not show129

targeting towards informative multiunits if the single unit coupling is unrelated to the single unit informativeness.130

When the modulator is targeted, some of this structure is preserved on the multiunit level (Fig. S3H). This is why131

using our modulator-guided decoder on the V1 data still performs well. Overall, these results suggest that analyzing132

multiunits underestimates the true informativeness of the underlying neurons. In itself it does not induce dependencies133

between informativeness and modulation, as used by the decoder proposed in the theory.134

Impact of multiunits on the estimation of modulator targeting. Last, we wanted to understand how the135

presence of multiunits impacted the �tting and interpretation of our model. The following analysis was performed136

for simulations of either single or multiunits and the results regarding targeting structure were equivalent. Only the137

multiunit scenario is reported as its results include the single unit case.138

To investigate the impact of multiunits on the model �tting procedure, we use the same modulated SR model that139

pools pairs of neurons, with various degrees of informativeness. We simulate a population of multi-units with data-140

matched statistics (in terms of number of units and �ring rate distribution) including pairs of neurons that are either141

coupled to the global modulator or not (Fig. S3E). We consider two targeting scenarios: 1) preferential targeting142

towards task informative neurons, as hypothesized in the theory (Fig. S3I-L) and 2) random targeting, with coupling143

strengths that are independent of neuron informativeness (Fig. S3M-P). We apply the data analysis pipeline used on the144

experimental data to the resulting arti�cial datasets to �t a modulator and assess the properties of the corresponding145

PLDS estimated coupling strengths.146

In the �rst scenario, we have a diversity of degrees of informativeness for the single units (Fig. S3I) and strong147

correlations between single unit modulation coupling and informativeness (Fig. S3J). The corresponding estimated148

multiunit informativeness remains upper bounded by the sum of the informativeness of the component neurons, as149

before. The correlation between modulator coupling and informativeness is weaker than for single units, but follows150

the same trend (Fig. S3K). This suggests that if targeting is presented in the single neurons, then analysis of multiunit151

measurements is likely to underestimate the degree of targeting.152

The picture is quite di�erent when no targeting is enforced (speci�cally, modulator couplings are random and indepen-153

dent). Somewhat counter-intuitively, since higher modulator coupling introduces noise and decreases a neuron's infor-154

mativeness, random targeting leads to an anti-correlation between informativeness and coupling strength (Fig. S3N).155

The sum of single unit d′ values remains an upper bound for multiunit informativeness, with less variability than in156

the targeted scenario (Fig. S3O). Importantly, there are no spurious correlations in the estimated between multiunit157

coupling and informativeness when structured targeting is not present in the single units. Hence, the presence of158

multiunits alone cannot explain the modulator targeting we �nd in the data.159

In the V1 data, di�erent multiunits are likely to have di�erent numbers of neurons driving their responses. This160

variability will further bias estimates of modulator strength towards larger multiunits. The opposite e�ect occurs with161

informativeness: larger multiunits will in general have more diverse responses, reducing their estimated informativeness.162

Thus, variability in multiunit size induces negative correlations between modulation strength and informativeness. In163

summary, it is likely that our empirical estimates based on the data underestimate the degree of targeting V1 neurons.164
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S10 Supplementary Note 10: Theoretical results for modulator-guided165

decoding166

Encoding analysis If the modulator coupling is unstructured (e.g., cn are distributed randomly), then the modu-167

lator can be viewed as a global noise source that decreases the discriminatory power of V1 responses proportional to168

its variance. If the modulator coupling is targeted towards informative neurons (e.g., cn proportional to di�erence in169

mean responses to stimuli), then the harmful e�ect becomes stronger, as noise is introduced speci�cally where it most170

impacts the encoded signal. We quantify the signal-to-noise ratio, using a Fisher Linear Discriminant:171

SNR =

(
a⊤(µ1 − µ0)

)2
a⊤Σ1a+ a⊤Σ0a

, (8)

where a denotes the decoding weights, and {µs,Σs; s ∈ [0, 1]} are the population mean and covariance for the two stim-172

uli. We evaluate this measure for the optimal decoding weights a = a(MC)(see main text, optimal decoding weights,173

Eq. 2) and �nd that discriminability (SNR) decreases faster if modulation is targeted (Fig. S4A). A more detailed174

analysis of how encoding is a�ected by modulator strength and targeting can be found in [11]. Simulations were im-175

plemented in python and the code reproducing the �gures is available on https://github.com/CarolineHaimerl27/176

modulator_guided_decoding.177

Fraction of informative neurons Intuitively, the problem of �nding the subset of task-informative neurons in a178

population becomes more di�cult as the proportion of informative neurons decreases. To assess this, we simulated179

a population of neurons (Fig. S4B), varying the percentage of neurons that are task-informative. Mean �ring rates180

of all neurons in the population were the same, but the �ring rates of informative neurons were stimulus-modulated181

by ±5%. We found that the modulator-guided decoder matched the performance upper-bound for the entire range182

(Fig. S4C). In contrast, the performance of the sign-only decoder is suboptimal, and su�ers as the number of neurons183

that are uninformative increases (Fig. S4C, gray). This is expected given that the sign-only decoder groups all neurons184

into two subpopulations based on stimulus preference, and simply compares their total �ring rates. When all neurons185

are similarly informative, the decoder performs optimally, but otherwise performance is well below the ideal observer186

bound. If we were to include inactive units (i.e. uninformative neurons with very low activity which correspond to187

neurons with receptive �elds away from the task relevant stimuli) the overall performance of the decoders would188

decrease � as inactive units add noise� but it would not change these results qualitatively (for details see [11]).189

Learning the signs of decoding weights We have separated the problem of approximating the optimal decoding190

weights into two sub-problems: estimating the magnitudes of the weights, |an|, and estimating their corresponding191

signs (i.e. their preferred stimulus). For the modulator-guided decoder, the �rst estimation happens within trials,192

based on correlations between individual neural responses and the modulator, whereas the signs are learned from193

explicit feedback given at the end of each trial. Here we simulate informative neurons with di�erent strengths of194

modulation and examine the correctness of sign estimation as a function of number of training examples (Fig. S4D).195

We �nd that, in general, the number of trials needed to estimate the signs is small, about 10 trials for the moderate196

modulator strengths in our simulations. Hence, if the decoding mechanism can identify the few informative neurons197

and attribute negligible weights to the rest, �nding the signs of the informative neurons is fast.198

Size of population We varied the size of the simulated population while keeping the % of informative neurons199

�xed at 5%. We �nd that MG decoding qualitatively performs similar when population size is increased to N = 2000,200

N = 4000 and N = 10000 neurons (Fig. S4E-G).201

Comparison to other decoders We compared the performance of our MG decoder (main text Fig. 3D) to other202

traditional decoders that are expected to learn e�ciently. In particular, we included logistic regression with L1203

regularization and a linear kernel SVM (Fig.S4H) and evaluated their performance in a large dataset (N= 10,000204

datapoints), while varying modulation strength as in main text Fig. 3D. A regularization strength of 100 optimized205

performance for logistic regression in a separate validation dataset (N = 10,000 datapoints). Logistic regression with206

this regularization strength reached optimal performance across the range of modulator strengths (Fig.S4H red vs.207

dark blue), while the SVM performed uniformly suboptimally (Fig.S4H purple). Importantly, the performance of both208

decoders decreased monotonically with increasing modulator strength, as for the optimal decoder; this is a re�ection of209

the negative e�ects of the modulation on encoding. Overall, although alternative decoders are sensitive to covariability210

in their inputs, they cannot take advantage of the modulation in the same way as the MG decoder.211

A fundamental distinction between traditional decoders and MG is that our solution considers the modulation as part212

of the signal rather than noise (which a�ects the estimation of the weights and the decision threshold). For a more213
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direct comparison, we included the modulator as an additional input variable and investigated how the availability of214

the modulator changes other decoders' performance. Somewhat surprisingly, observing the modulator did not change215

the performance of either logistic regression or the SVM (logistic regression test accuracy was 86%± sd = 0.93 when216

including the modulator as input vs. 86% ± sd = 0.93 without, paired t-test p-val = 0.85; for SVM 77% ± sd = 1.29217

with vs. 77% ± sd = 1.32 without, p-val=0.89). Thus, the bene�ts of the MG decoder are not simply a matter of218

having access to additional information, but also using it e�ectively.219

The speed of learning reveals bene�ts of SVM in the low data regime (Fig.S4I), where its performance was as good220

as that of the MG decode. L1-regularized logistic regression (with regularization strength optimized for accuracy,221

as described above) required an order of magnitude more training samples to perform above chance. Strong L1222

regularization can improve performance in the low data regime, but at the cost of a performance penalty in the large223

data regime, likely due to over�tting (compare Fig.S4J and K). While one could improve regularization performance224

by changing the strength of regularization as more data arrives, it is not clear how a biological readout that needs to225

learn online could achieve such dynamic hyperparameter tuning. Overall, the alternative decoders considered su�er226

from a fundamental speed-accuracy trade-o� that the MG decoder avoids (close to optimal with enough data and fast227

to learn from limited data). Importantly, we assumed that all decoders receive information at the same rate (i.e. the228

fast time scale of the modulator), whereas supervised learning information naturally arrives at a much slower trial229

rate. Hence the bene�ts of modulation on learning are in some sense underestimated.230

S11 Supplementary Note 11: Learning MG weights and signs jointly via231

eligibility traces232

We illustrate a potential learning rule for estimating the modulator-guided decoding weights in a biologically plausible233

way, using eligibility traces online learning. The key idea is to use eligibility traces, updated online on the time scale234

of modulator �uctuations, to estimate the degree of modulation of individual neurons, then combine these correlations235

with the explicit task feedback received at the end of each trial.236

First, one eligibility trace integrates evidence of modulation in neuron n over time t which is independent of the237

stimulus presentation.238

en,t+1 = αen,t + (1− α)kn,tmt. (9)

On the same time scale, we use another eligibility trace for the overall �ring rate of neurons to correct for the bias239

(see in Methods of main text)240

rn,t+1 = αrn,t + (1− α)kn,t (10)

Second, information about the signs of the decoding weights comes from trial feedback and is tracked down in the241

form of a rescaled error:242

bn,i = (ŝi − si) · k̂n,i, (11)

where k̂n,i denotes the total spike count during the ith stimulus presentation, and ŝi =
∑

n ŵnk̂n,i is the estimated243

stimulus category.244

Whenever an error occurs in trial i (decision made about a stimulus was incorrect) we make an error-dependent update;245

if no negative task-feedback is provided, only the amplitude of the MG weight is updated, while the sign is preserved.246

∆cn = bi,n
en,t
rn,t

+ δ(bn,i)sign(ŵn)
en,t
rn,t

(12)

where δ is the Kronecker delta.
en,t

rn,t
corresponds to the estimation of the absolute MG weights and is combined247

with bi,n which corresponds to the gradient of a regression loss. Finally, these changes are integrated to provide the248

estimated decoding weight:249

ŵn = γŵn + (1− γ)∆ŵn,i,t (13)

In numerical simulations, we �nd that this learning rules allows a reasonably robust online estimation of decoding250

weights (Fig. S4L). Speci�cally, we simulated a population of 100 neurons for 100 stimulus presentation, each lasting251

200ms, at a time resolution of 50ms. Neural responses during a stimulus presentation are generated according to our252

encoding model:253
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kn,t ∼ Poiss (exp(λn(s)) exp(cnmt)) (14)

with the modulator drawn independently from a zero mean, unit variance Gaussian distribution. The stimulus-254

response rate λn(s) is set so that neurons di�erentiate between the two task categories to varying degrees, with about255

half the population preferring one stimulus and the other half the other stimulus (Fig. S4M). The eligibility traces that256

contribute to the estimation of the absolute weight of ŵn, Eq. 9 and Eq. 10, integrate information with a time constant257

given by α = 0.9, while the weight updates happen at the time scale of stimulus presentations, with a learning rate258

γ = 0.999. Estimated weights ŵn converge to values that preserve the ground truth after only 20 stimulus presentations259

(Fig. S4M), with decoding performance showing around 90% accuracy.260

S12 Supplementary Note 12: Details on comparison of modulator strength261

We �nd that the overall modulator strength relative to the stimulus drive decreases in the control condition compared262

to the relevant tasks.263

This di�erence is driven by a change in the modulator strength, which decreases in the control (non-parametric264

Wilcoxon U-test p ≪ 0.0001). The stimulus (contrast) induced variance (variance in stimulus ) is relatively constant265

across the task-conditions (p > 0.05) (Fig. S5A-B).266

S13 Supplementary Note 13: Relationship of other noise sources to be-267

havior268

We have found that the modulator coupling is higher in neurons that also show a strong correlation with the behavioral269

choice of the monkey, indicating that they are preferentially recruited for the decision. As a control, we want to know270

whether this relationship extends to other shared sources of noise in the population. We take advantage of the fact271

that the �rst PC is correlated with the PLDS extracted modulator, while the second PC is uncorrelated with the272

modulator and accounts for a very similar fraction of variance explained. We repeat the original analysis with PC1273

as a proxy for the modulator and PC2 as another shared noise sources. As already reported for the modulator, PC1274

is predictive of a unit's correlations to behavior, but this e�ect does not extend to the second PC (Fig. S5C). This275

dissociation supports the idea that the relationship between single cell �uctuations and behavior is speci�c to the276

modulator and not to other sources of noise in the neural responses.277

S14 Supplementary Note 14: Cross-task decoding278

Here we test whether optimal decoding weights computed on the data from one relevant task condition block in a279

session can also decode in another block of the same session. Speci�cally, we are interested in whether the decoding280

weights computed in one relevant task can also be used to decode in the other relevant task. Fig. S5D shows that281

decoding from a di�erent block with a di�erent task condition does not perform much above chance, while decoding282

from a di�erent block with the same task condition performs signi�cantly better (t-test, p<0.0001). This suggests283

that the optimal decoding weights for one relevant task are substantially di�erent from the ones for the other relevant284

task.285

S15 Supplementary Note 15: SVM decoding from data286

We repeat the decoding analysis from the main text Sec. 2.4 but use a linear kernel SVM decoder which is known287

to perform well in the low data regime in simulations. SVM decoding performs similarly to the MG decoder both in288

the example block (Fig. S5E) and across blocks (Fig. S5F). The di�erence between the two is substantially smaller289

than in our previous numerical simulations. This stems from the fact that when applied to experimental data the MG290

decoder relies on a noisy estimate of the modulation, obtained by maximum likelihood �tting of our PLDS. Despite291

this additional statistical challenge, the MG decoder remains competitive to a machine learning solution that does not292

have a biological implementation.293
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S16 Supplementary Note 16: Extension on MT single unit analysis294

Some recordings include a single unit in area MT. These units vary in their informativeness for the task (Fig. S6A).295

The stimulus response of MT units is modeled by the same SR model as used for V1, but augmented to include the296

drift direction of the stimulus. We verify the model �t over multiple cross-folds and �nd almost exclusively good model297

�ts quanti�ed by a comparison to a constant rate model through the pseudoR measure (Fig. S6B).298

While most V1 modulators extracted from the data show a strong targeting towards informative neurons, a few outliers299

do not. We look for di�erences between targeted and untargeted modulators with respect to their predictability for300

MT. We �nd that only those V1 modulators that are well targeted to informative neurons have predictive power301

for their respective MT units (Fig. S6C). This could be because of di�erences in �t qualities where for some blocks302

the estimated V1 modulator coupling is too noisy and hence does not reveal targeting and also prevents modulator303

estimates precise enough to be predictive of MT. Alternatively, the untargeted V1 modulators may re�ect a di�erent304

kind of shared noise in the population that is private and not propagated to MT.305

S17 Supplementary Note 17: Extension on MT population analysis306

The modulated SR model is �t to a population of 24 units. The SR model includes direction and contrast. The �t of307

the SR model is good across all blocks compared to a constant rate model (Fig. S6D). The modulator further improves308

this �t in all but one block (Fig. S6E). The modulator is not signi�cantly dependent on the stimulus contrast in 72%309

of blocks (Fig. S6F). For the other 28% of blocks the modulated SR model does not manage to separate stimulus310

response and the modulator. We exclude those blocks from the analysis to avoid confounds.311

16



Supplementary References312

[1] Yu, B. M. et al. Gaussian-Process Factor Analysis for Low-Dimensional Single-Trial Analysis of Neural Population313

Activity. Journal of Neurophysiology 102, 614�635 (2009).314

[2] Engel, T. A. et al. Selective modulation of cortical state during spatial attention. Science 354 (2016).315

[3] Kanitscheider, I., Coen-Cagli, R. & Pouget, A. Origin of information-limiting noise correlations. Proceedings of316

the National Academy of Sciences of the United States of America 112, E6973�82 (2015).317

[4] Moreno-Bote, R. et al. Information-limiting correlations. Nature Neuroscience 17, 1410�1417 (2014). arXiv:318

1411.3159v1.319

[5] Treue, S. & Martínez Trujillo, J. C. Feature-based attention in�uences motion processing gain in macaque visual320

cortex. Nature 399, 575�579 (1999).321

[6] Maunsell, J. H. & Cook, E. P. The role of attention in visual processing. Philos Trans R Soc Lond B Biol Sci.322

357, 1063�72 (2002).323

[7] Ru�, D. A. & Cohen, M. R. Attention can either increase or decrease spike count correlations in visual cortex.324

Nature neuroscience 17, 1591�7 (2014).325

[8] Ru�, D. A. & Cohen, M. R. Attention increases spike count correlations between visual cortical areas. The326

Journal of neuroscience : the o�cial journal of the Society for Neuroscience 36, 7523�34 (2016).327

[9] Cohen, M. R. & Maunsell, J. H. Attention improves performance primarily by reducing interneuronal correlations.328

Nature Neuroscience 12, 1594 (2009).329

[10] Snyder, D. L. & Miller, M. I. Random point processes in time and space (Springer Science & Business Media,330

2012).331

[11] Haimerl, C., Savin, C. & Simoncelli, E. Flexible information routing in neural populations through stochastic332

comodulation. Advances in Neural Information Processing Systems 32, 14402�14411 (2019).333

17


