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Supplementary Figure S1 30 

 31 
Figure S1. Tuning curve, Fano factor, and noise correlation changes in all five layers of the 32 
orientation DCNN. Perceptual training on the DCNN reduces the width of the tuning curves in 33 
layers 1-4. Perceptual training also reduces Fano factor and noise correlations in all five layers. 34 
Data are presented as mean values ± S.E.M, with error bars and error shadings in panels B-F 35 
representing the S.E.M. across four (n = 4) reference orientations. 36 
 37 
  38 
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Supplementary Figure S2 39 

 40 
Figure S2. The DCNN of orientation VPL qualitatively replicates the relationship between 41 
orientation preferences and Fano factor in macaque V1 (A, reproduced from the datapoints from 42 
ref. 1). Here, the results of layers 1(B)&2(C) are plotted. The network also reproduces the positive 43 
relationship between signal correlations and noise correlations in the human 2,3 and macaque 4 44 
early visual systems (D). Importantly, interneuron noise correlations are not uniformly reduced by 45 
training. In contrast, perceptual training reduces the noise correlations between neurons with 46 
similar tuning preferences (i.e., signal correlation > 0) and vice versa between neurons with 47 
opposite preferences (i.e., signal correlation < 0). These results are consistent with several 48 
theoretical and empirical findings on noise correlation changes induced by learning and attention 49 
5-8. Data are presented as mean values ± S.E.M, with error bars and error shadings in panel B-D 50 
representing the S.E.M. across four (n = 4) reference orientations. 51 
 52 
 53 

 54 
  55 



 4 

Supplementary Figure S3 56 

 57 
Figure S3. The results of all layers in the motion DCNN. The effects of motion direction 58 
discrimination training on Fano factor (A), noise correlations (B), signal separation (C), response 59 
variance (D), and signal rotation angle (E) in the DCNN model. The effects of training induced 60 
manifold warping in all six layers are shown in (F&G). The results of the stepwise information 61 
analyses are shown in (H). Data are presented as mean values ± S.E.M., with error bars and error 62 
shadings in panels A-H representing the S.E.M. across four (n = 4) reference orientations. Note 63 
that some error bars are very small and barely visible. 64 
  65 
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Supplementary Figure S4 66 

 67 
Figure S4. Population activity analyses for the two monkeys. The organization and conventions 68 
here are the same as Fig. 8 in the main text, except that we split the results for the two monkeys. 69 
Data are presented as mean values ± S.E.M., with error bars indicate the S.E.M. across the six 70 
conditions (n = 6). 71 
  72 
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Supplementary Figure S5 73 

 74 
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Figure S5. The effects of mechanism order on the results of stepwise information analyses. A&B. 75 
The cartoon illustration of the four mechanisms (A) and the results of the stepwise information 76 
analysis according to the order of SE/SE+MS/SE+MS+SR/SE+MS+SR+MW, the same as in Fig. 77 
4 in the main text. C. The results of the stepwise information analysis according to the order of 78 
MS/MS+SE/MS+SE+SR/MS+SE+SR+MW. Here, the mechanisms of SE and MS are 79 
independent. Thus, changing their order does not change the positive effects of MS and the 80 
minimal or even negative effects of SE. More precisely, the information gains of SE and MS are 81 
quantitatively identical in B and C. For example, in layer 1 of B, the height of the yellow bar (~-82 
0.5) indicates the negative effect of SE, which is equal to the decrement from the blue to the yellow 83 
bar in layer 1 of C. Similarly, the increment from the yellow to the blue bar in layer 1 of B indicates 84 
the positive effect of MS, which is equal to the height of the blue bar in layer 1 of C. D. Compared 85 
to B, we only switch the order of SR and MW in D (i.e., the results of SE/SE+MS/SE+MS+MW/ 86 
SE+MS+MW+SR). The apparent effects of SR and MW appear to be opposite in B and D. This is 87 
because what matters here is the projection of the covariance onto the signal vector, or in other 88 
words, the angle between the signal vector and the covariance direction 3,8-10. Intuitively, the 89 
larger the angle, the more information the population contains. We explain this effect in cartoon 90 
illustrations in E. No matter which mechanism (i.e., SR or MW) is considered first, it increases 91 
the angle between the signal vector and the covariance direction (i.e., increases information), but 92 
this effect is canceled out by further including the other mechanism. Thus, the apparently opposite 93 
effects of SR and MW actually reflect the same underlying mechanism. Data are presented as mean 94 
values ± S.E.M., with error bars and error shadings in panels B-D representing the S.E.M. across 95 
four (n = 4) reference directions. 96 
  97 
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Supplementary Figure S6 98 

 99 
Figure S6. We applied similar analyses in refs. 11,12 to our data. Here, we project the multivariate 100 
population responses onto an optimal decision unit and derive the two 1-d activity distributions of 101 
the decision unit for the two stimuli. We replicate the results that, after this linear transformation, 102 
the effects of VPL appear to be signal enhancement in layer 1 of the orientation DCNN (A), and 103 
in V3A but not in hMT+ in the human brain (B). In contrast, noise fluctuation in layer 1 (C) and 104 
in V3A and hMT+ in the human brain (D) do not appear to increase. These results are consistent 105 
with the Fig. 6C in ref. 11 and Fig. 6C in ref. 12. Data are presented as mean values ± S.E.M., 106 
with error bars and error shadings in panels B&D representing the S.E.M. across four (n = 4) 107 
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reference orientations and that in panels C&E representing the S.E.M. across twenty-two (n = 22) 108 
subjects.  109 
 110 

111 
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Supplementary Figure S7 112 

  113 
Figure S7. Predictions of the neural geometry approach on the effects of VPL of orientation 114 
discrimination on perceptual orientation bias reflected in orientation estimation and contrast 115 
detection. A. The estimated orientation as a function of the true presented orientation (solid line) 116 
in an orientation estimation task. In this task, perceptual bias is characterized by the slope and 117 
intercept of the estimation function. B. The effect of each mechanism in the neural geometry 118 
approach (signal enhancement, manifold shrinkage, signal rotation, and manifold warping) on 119 
intercept and slope in the orientation estimation task (first and second row, respectively) and 120 
contrast detection threshold in the contrast detection task (third row). Note that here our computer 121 
simulations focused on learning only on the orientation discrimination task but testing on the 122 
orientation estimation and the contrast detection tasks (see details in Supplementary Note 3). The 123 
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overall trends indicate the magnitude of perceptual consequences (intercept and slope for 124 
perceptual orientation bias and threshold for contrast detection) varies as a function of the strength 125 
of each mechanism as the independent variable, induced by orientation discrimination learning. 126 
  127 
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Supplementary Table S1.  Full statistical results of the Figure. 2F in the main text. All statistical 128 

results here are obtained by one-side t-tests. 129 

Layers t3 p Cohen’s d 95% confidence interval 

1 7.9 0.99 4.8 [-∞, 6.1×10-2] 

2 -1.8 0.09 3.0 [-∞, 1.0×10-2] 

3 -3.6 0.02 -1.2 [-∞, -2.8×10-2] 

4 -6.0 0.004 -1.3 [-∞, -6.8×10-2] 

5 -5.6 0.005 -2.8 [-∞, -8.3×10-2] 

 130 

Supplementary Table S2.  Full statistical results of the Figure. 2G in the main text. All statistical 131 

results here are obtained by one-side t-tests. 132 

Layers t(3) p Cohen’s d 95% confidence interval 

1 3.9 0.99 -2.6 [-∞, 4.9×10-1] 

2 -1.8 0.08 -4.5 [-∞, 9.6×10-2] 

3 -3.5 0.02 -4.2 [-∞, -2.3×10-1] 

4 -5.6 0.005 -3.7 [-∞, -5.6×10-1] 

5 -4.7 0.008 -3.1 [-∞, -7.7×10-1] 

 133 

Supplementary Table S3.  Full statistical results of the Figure. 3F in the main text. All statistical 134 

results here are obtained by one-side t-tests. 135 

Layers t(3) p Cohen’s d 95% confidence interval 

1 14 0.99 12 [-∞, 0.47] 

2 7.2 0.99 3.8 [-∞, 1.16] 

3 0.9 0.79 0.6 [-∞, 3.53] 

4 -0.4 0.36 -0.25 [-∞, 1.94] 

5 -1.3 0.15 -0.89 [-∞, 1.04] 

 136 

  137 
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Supplementary Table S4.  Full statistical results of the Figure. 3H in the main text. All statistical 138 

results here are obtained by one-side t-tests. 139 

Layers t(3) p Cohen’s d 95% confidence interval 

1 10.6 <.001 2.0 [2.0×10-3, ∞] 

2 11.0 <.001 8.7 [3.2×10-3, ∞] 

3 67.5 <.001 47 [3.6×10-1, ∞] 

4 17.7 <.001 14 [1.3×10-1, ∞] 

5 8.30 .002 5.8 [1.5×10-2, ∞] 

 140 

Supplementary Table S5.  Full statistical results of the Figure. 4B in the main text. All statistical 141 

results here are obtained by one-side t-tests. 142 

Layers 
Comparisons (indicated 

by different color bars) 
t(3) p Cohen’s d 95% confidence interval 

1 

Blue vs. yellow -18 <.001 -2.8 [-∞, -1.6×10-1] 

Green vs. Blue -18 <.001 -11 [-∞, -1.1] 

Cyan vs. Green 17 <.001 7.9 [0.73, ∞] 

2 

Blue vs. yellow -12 <.001 -3.9 [-∞, -5.2×10-1] 

Green vs. Blue -4.3 .01 -2.9 [-∞, -7.5×10-1] 

Cyan vs. Green 5.2 .006 2.9 [0.91, ∞] 

3 

Blue vs. yellow -22 <.001 -3.0 [-∞, -8.5×10-1] 

Green vs. Blue -16 <.001 -4.7 [-∞, -1.2] 

Cyan vs. Green 17 <.001 7.4 [1.5, ∞] 

4 

Blue vs. yellow -18 <.001 -2.5 [-∞, -9.2×10-1] 

Green vs. Blue -32 <.001 -2.3 [-∞, -1.03] 

Cyan vs. Green 7.2 .002 3.9 [9.9×10-1, ∞] 

5 

Blue vs. yellow -23 <.001 -1.3 [-∞, -7.8×10-1] 

Green vs. Blue -9.5 .001 -2.4 [-∞, -1.0] 

Cyan vs. Green 17 <.001 4.7 [1.5, ∞] 

 143 

Supplementary Table S6.  Full statistical results of the Figure. 5C in the main text. All statistical 144 

results here are obtained by one-side t-tests. 145 
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Layers t(3) p Cohen’s d 95% confidence interval 

1 -1.2 .16 -0.54 [-∞, -8.6×10-4] 

2 -2.1 .06 -0.36 [-∞, 2.9×10-4] 

3 -3.1 .03 -0.36 [-∞, -5.9×10-4] 

4 -7.1 .003 -4.0 [-∞, -1.3×10-2] 

5 -9.3 .001 -5.7 [-∞, -2.9×10-2] 

6 -21 <.001 -11.7 [-∞, -7.4×10-2] 

 146 

Supplementary Table S7.  Full statistical results of the Figure. 5D in the main text. All statistical 147 

results here are obtained by one-side t-tests. 148 

Layers t(3) p Cohen’s d 95% confidence interval 

1 -2.4 .05 -1.7 [-∞, -1.8×10-4] 

2 -3.2 .02 -0.21 [-∞, -1.4×10-1] 

3 -1.0 .19 -0.12 [-∞, 1.9×10-1] 

4 -7.2 .003 -2.7 [-∞, -1.4] 

5 -13 <.001 -3.8 [-∞, -1.5] 

6 -26 <.001 -9.1 [-∞, -2.7] 

 149 
  150 
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Supplementary Note 1: Additional explanations on the stepwise analyses 151 

We highlight two important aspects of such stepwise analyses. First, we use signal rotation and 152 

manifold warping to reflect changes in the direction of the signal vector and the shape of the 153 

covariance, which in theory can occur independently (Fig. 3I&K). But what matters for the fidelity 154 

of population representations is the relative geometric relationship between covariance and signal 155 

vector rather than their absolute magnitude 9,13 (Fig. 4C-F). Because learning changes both signal 156 

vector and covariance, we argue that their contributions to improved population representations 157 

should be evaluated together. In Fig. 4B, signal rotation and manifold warping appear to have 158 

strong positive and negative effects on information, respectively. However, their joint effect is 159 

modest (i.e., the magenta bars compared to the blue bars in Fig. 4B). Thus, we conclude that 160 

manifold shrinkage is the primary contributor to improved stimulus information. Second, the 161 

results are not affected by the order in which the mechanisms are applied changes. The effects of 162 

signal rotation and manifold warping should be evaluated together, but the effects of signal 163 

enhancement and manifold shrinkage are independent. Hence, changing the order does not affect 164 

our results as long as signal rotation and manifold warping are carried out consecutively (see 165 

Supplementary Fig. S5 for the order effect).  166 

 167 

Supplementary Note 2: Signal enhancement and manifold shrinkage in multivariate 168 

sensory neural populations and one-dimensional decision unit 169 

In this section, we theoretically derive the relationship between the analyses of population 170 

representations and the 1D responses of the decision unit. Assuming N sensory neurons in a 171 

population, we denote the mean firing rates towards the reference and the target stimuli as 𝜇𝑟⃗𝑒𝑓 , 172 

and 𝜇𝑡⃗𝑔𝑡 , their covariance as Σ𝑟𝑒𝑓  and Σ𝑡𝑔𝑡 . We define the optimal linear decoder as 𝑤⃗⃗⃗⃗. The 173 

decoder linearly transforms the high-dimensional population responses onto a decision plane to 174 

form the activity of the decision unit. The mean firing rates of the decision unit towards the two 175 

stimuli should be 𝑤⃗⃗⃗⃗ ∙ 𝜇𝑟⃗𝑒𝑓  and 𝑤⃗⃗⃗⃗ ∙ 𝜇𝑡⃗𝑔𝑡 respectively while the variance should be 𝑤⃗⃗⃗⃗𝑇 Σ𝑟𝑒𝑓  𝑤⃗⃗⃗⃗ and 176 

𝑤⃗⃗⃗⃗𝑇 Σ𝑡𝑔𝑡 𝑤⃗⃗⃗⃗. According to the signal detection theory, we can define the separation between the two 177 

1-d decision distributions to be the difference between the classes over the variance within the 178 

classes as follows: 179 

𝐽(𝑤⃗⃗⃗⃗) =  (𝑤⃗⃗⃗⃗⃗∙𝜇⃗⃗⃗⃗𝑟𝑒𝑓− 𝑤⃗⃗⃗⃗⃗∙𝜇⃗⃗⃗⃗𝑡𝑔𝑡)2

𝑤⃗⃗⃗⃗⃗𝑇 Σ𝑟𝑒𝑓 𝑤⃗⃗⃗⃗⃗+ 𝑤⃗⃗⃗⃗⃗𝑇 Σ𝑡𝑔𝑡 𝑤⃗⃗⃗⃗⃗ = (𝑤⃗⃗⃗⃗⃗∙(𝜇⃗⃗⃗⃗𝑟𝑒𝑓− 𝜇⃗⃗⃗⃗𝑡𝑔𝑡))2

𝑤⃗⃗⃗⃗⃗𝑇 (Σ𝑟𝑒𝑓+Σ𝑡𝑔𝑡) 𝑤⃗⃗⃗⃗⃗                  (S1) 180 
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In a linear discriminant analysis, the objective is to find a 𝑤⃗⃗⃗⃗ that maximize 𝐽(𝑤⃗⃗⃗⃗), when 𝑤⃗⃗⃗⃗ =181 

𝑘(Σ𝑟𝑒𝑓 + Σ𝑡𝑔𝑡)−1(𝜇𝑟⃗𝑒𝑓 − 𝜇𝑡⃗𝑔𝑡). The Eq. S1 can be further written as follows: 182 

𝐽(𝑤⃗⃗⃗⃗) =  (𝑤⃗⃗⃗⃗⃗∙(𝜇⃗⃗⃗⃗𝑟𝑒𝑓− 𝜇⃗⃗⃗⃗𝑡𝑔𝑡))2

𝑤⃗⃗⃗⃗⃗𝑇 (Σ𝑟𝑒𝑓+Σ𝑡𝑔𝑡)𝑤⃗⃗⃗⃗⃗ = 𝑘(𝜇𝑟⃗𝑒𝑓−𝜇𝑡⃗𝑔𝑡)
𝑇
(Σ𝑟𝑒𝑓+Σ𝑡𝑔𝑡)−1(𝜇𝑟⃗𝑒𝑓−𝜇𝑡⃗𝑔𝑡)

√𝑘2(𝜇𝑟⃗𝑒𝑓−𝜇𝑡⃗𝑔𝑡)
𝑇
(Σ𝑟𝑒𝑓+Σ𝑡𝑔𝑡)−1(𝜇𝑟⃗𝑒𝑓−𝜇𝑡⃗𝑔𝑡)

= 𝐿𝐹𝐼
√𝐿𝐹𝐼,          (S2) 183 

Note that after the linear transformation, the numerator—the difference of the means (signal 184 

separation defined in ref. 11)—is proportional to the linear Fisher information calculated from the 185 

sensory neuron population. The denominator—the square root of the variance of the two decision 186 

distributions (noise fluctuations defined in ref. 11)—is proportional to the squared root of the linear 187 

Fisher information. Therefore, their definitions of signal and noise actually reflect all four possible 188 

mechanisms identified in our main text. 189 

 More importantly, we also applied the similar analyses as in ref. 11 to the population 190 

responses in layer 1 of the orientation DCNN. We replicated the results reported in ref. 11. We 191 

also applied the same analyses to the voxel response data in the human fMRI experiment, and 192 

replicated the Figure 6 in ref. 12. In summary, we analytically derive the relationship between the 193 

signal/noise in high-dimensional population responses and the signal/noise in the one-dimensional 194 

responses of the decision unit. The two seemingly opposite conclusions can coexist in both 195 

artificial and biological visual systems.  196 
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Supplementary Note 3: Computer simulations of perceptual consequences predicted by the 197 

neural geometry approach  198 

Although the neural geometry approach primarily addresses population response changes at the 199 

neural level, an intriguing question arises: what are the perceptual consequences of VPL as 200 

predicted by the four mechanisms? To illustrate the perceptual consequences predicted by our 201 

approach, we conducted systematic computer simulations to examine the effects of VPL of an 202 

orientation discrimination task on performance in an orientation estimation task, revealing 203 

perceptual orientation bias 14, and in a contrast detection task 15.  204 

Simulated effects of VPL of orientation discrimination on perceptual orientation bias. It is 205 

well known that humans show biases in orientation estimation 14. Typically, estimated orientation 206 

is a linear function of true orientation, with perceptual bias characterized by the intercept and slope, 207 

as illustrated in Supplementary Fig. S7A. The intercept represents the degree of apparent 208 

orientation bias relative to the true orientation of a presented stimulus, while the slope represents 209 

the rate of change in orientation bias. We investigated how each mechanism (i.e., signal 210 

enhancement, manifold shrinkage, signal rotation, and manifold warping) induced by VPL in 211 

orientation discrimination influences the intercepts and slopes in the orientation estimation task 212 

14.  213 

As shown in the first and second rows of Supplementary Fig. S7B, the intercept generally 214 

decreases as manifold shrinkage and signal rotation become stronger, aligning with previous 215 

empirical findings 16. Signal enhancement also increases the slope, while manifold shrinkage 216 

initially decreases the slope and subsequently increases it. The observed increased slope after 217 

learning, reported in a previous study 16, is consistent with the effects of signal enhancement and 218 

partially with those of manifold shrinkage. In summary, the effects of VPL on perceptual 219 

orientation bias are consistently simulated by signal enhancement, manifold shrinkage, and/or 220 

signal rotation. 221 

Simulated effects of VPL of orientation discrimination on contrast detection. As shown in 222 

the third row of Supplementary Fig. S7B, the simulation results indicate that signal enhancement, 223 

manifold shrinkage, and manifold warping induced by VPL of orientation discrimination reduce 224 

the contrast detection threshold. This accounts for the effect of VPL of  orientation discrimination 225 

on contrast detection, aligning with existing experimental findings 15. 226 
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 Simulation methods: we focused on the effects of orientation discrimination learning on 227 

two perceptual tasks: orientation estimation and contrast detection. To achieve this, we began with 228 

a simple neural population model that includes a pool of orientation-selective neurons. Each 229 

neuron's tuning follows a von Mises function: 230 

𝑓(𝜃, 𝜇!) = 𝐴𝑒
"#$%&(()*!),)-

&." 	 (𝑆3) 231 

where A is the maximum response of this neuron, 𝜎 is the bandwidth of the tuning curve. 𝜇! is 232 

uniformly sampled from -90º to 90º. A total of 360 neurons are simulated. Additionally, a 233 

correlated gaussian noise with zero mean was added to each neuron.  234 

𝑁/0122	~	𝑁𝑜𝑟𝑚𝑎𝑙 50, √𝑉
3
𝜌√𝑉: (𝑆4) 235 

Here V is a diagonal matrix representing the variance of each neuron, with each element of V set 236 

to 0.01. 𝜌 represents the noise correlation between neurons. Since noise correlations are typically 237 

positively correlated with signal correlations 17, we set the correlation 𝜌!4 between neuron i and 238 

neuron j to be proportional to their signal correlation 𝑠!4:  239 

𝜌!4 = 𝑘	𝑠!4 	 (𝑆5) 240 

Here k is set to be 0.1, and the signal correlation 𝑠!4 is defined as 241 

𝑠!4 =
∑ 𝑓(𝜃, 𝜇!)𝑓@𝜃, 𝜇4A(

B∑ 𝑓(𝜃, 𝜇!)&∑ 𝑓@𝜃, 𝜇4A
&
	( 	(

	 (𝑆6) 242 

We also added Poisson noise to each neuron. Thus, the final firing rate of the i-th neuron is: 243 

𝑓! = 	𝑓(𝜃, 𝜇!) + 𝑁/0122,! + 𝑃𝑜𝑠𝑠𝑖𝑜𝑛@𝑓(𝜃, 𝜇!) + 𝑁/0122,!A (𝑆7) 244 

To examine the effects of each mechanism, we directly manipulated the tuning and noise 245 

characteristics of the neurons according to the four mechanisms. The specific manipulations for 246 

each mechanism were as follows:  247 

• Signal enhancement: We increased the response amplitude 𝐴 from 0.05 to 0.25, 0.5, 1.0. 248 

• Manifold shrinkage: We reduced 𝑉 from 0.01 to 0.09, 0.08, and 0.07. 249 

• Signal rotation: We reduced 𝜎 from 0.5 to 0.4, 0.3, 0.2, and 0.1 to sharpen the tuning curves, 250 

while simultaneously reducing 𝐴 from 0.05 to approximately 0.043, 0.038, 0.03, and 0.023 to avoid 251 

the signal enhancement effect. 252 

• Manifold warping: We reduced 𝑘 from 0.1 to 0.03, 0.01, and 0.005.  253 
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After inducing each mechanism in the neural population, we assessed their effects on 254 

psychophysical tasks by performing linear decoding of stimuli. To simulate perceptual illusions in 255 

the orientation estimation task, we used an ideal observer model and applied the optimal decoding 256 

weights as described in Supplementary Note 2. For the contrast detection task, we simulated 257 

behavioral performance by assuming a similar ideal observer who discriminates between stimulus 258 

and noise, rather than two stimuli. The code for these simulations is publicly available at 259 

https://github.com/Yu-AngCheng/neural_geometry_VPL. 260 

 261 

Supplementary Note 4: Supplementary methods for the human fMRI experiment 262 

 Experimental stimuli and procedures. The random dot motion stimuli were presented to 263 

the participants on different display devices. In the behavioral sessions, a 40 cm wide CRT monitor 264 

with a resolution of 1024 × 768 pixels and a refresh rate of 60 Hz was used. In addition, a 48 cm 265 

wide LCD projector with a resolution of 1024 × 768 pixels and a refresh rate of 60 Hz was used 266 

to display the stimuli in the fMRI sessions. Stimuli were generated and displayed using 267 

Psychtoolbox 3.0 in the MATLAB environment. To ensure consistency, the viewing distance in 268 

the behavioral sessions was set at 75 cm from the screen. The method for generating the random 269 

dot stimuli followed the approach described in ref. 18. All stimuli were presented within an 270 

imperceptible aperture of 10º diameter centered on a black background. At any given moment, the 271 

aperture contained 400 dots, each moving in unison in the same direction at a speed of 4 º/s. Dots 272 

that moved out of the aperture were repositioned on the opposite side of the aperture to maintain a 273 

constant dot density. 274 

 At the beginning of each trial, a red reference cross was displayed for 500 ms. The 275 

orientation of the long arm of this red cross served as the reference direction for the subsequent 276 

motion stimulus. Following the reference cross, a red fixation dot appeared on the screen and 277 

remained there for the duration of the trial. After an unpredictable delay of 500 to 1000 ms, the 278 

motion stimulus was presented for 1500 ms or until participants responded. During the trial, 279 

participants were asked to indicate whether the motion stimulus rotated clockwise or 280 

counterclockwise relative to the orientation of the long arm of the reference cross. They were 281 

required to respond by pressing one of two designated keys according to their chosen direction 282 

preference. 283 
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The overall experimental design consisted of three distinct phases: the pre-test phase (2 284 

days), the training phase (10 days), and the post-test phase (2 days). Prior to the pre-test phase, 285 

participants underwent a practice session consisting of 80 trials with an angular difference of 8º to 286 

familiarize themselves with the task. Following this practice session, baseline performance was 287 

measured for each participant using a 4º angular difference. This baseline assessment was 288 

performed using four blocks of 30 trials each, with reference directions set at 45º and 135º (90º 289 

representing the vertical upward direction). The pre-test functional magnetic resonance imaging 290 

(fMRI) session was conducted on day 2. Each participant completed four runs of the direction 291 

discrimination task, with each run consisting of 60 task trials (30 trials for each direction of 45º 292 

and 135º) interspersed with 15 fixation trials. The order of these trials was pseudorandomized 293 

within each run and across participants, except that the first two trials and the last three trials in 294 

each run were designated as fixation trials. In addition, functional localizer runs were conducted 295 

within the same session (see ROI definitions). 296 

 The behavioral training phase lasted 10 days and was designed to ensure that participants 297 

reached ceiling performance. On each training day, participants completed 10 training runs, each 298 

run consisting of 60 task trials and 10 fixation trials. The total duration of each training session 299 

was approximately 1 hour. Training began with an initial angular difference of 4 º, and this angular 300 

difference remained fixed for each training session. After reaching a minimum accuracy of 79.4% 301 

on the preceding day, the angular difference for the following day was reduced to one of the 302 

predetermined options (3, 2, 1.5, or 1º) in order to increase task difficulty. This procedure was 303 

designed to keep participants engaged and challenge them with increasingly difficult trials. A fixed 304 

set of difficulty levels was used instead of staircase procedures to ensure a consistent level of task 305 

difficulty. This approach resulted in the creation of more challenging trials over time. Half of the 306 

participants were trained on 45º stimuli, while the other half on 135º stimuli. During training, 307 

auditory feedback was provided when participants made incorrect responses. In addition, visual 308 

feedback in the form of “slow down” or “hurry up” prompts was presented when the response time 309 

was faster than 250 ms or slower than 1500 ms, respectively. These feedback mechanisms were 310 

implemented to help participants refine their performance during the training process. 311 

The procedure of the post-test phase was identical to the pre-test phase, except that the 312 

fMRI session was conducted before the behavioral session.  313 
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 MRI data acquisition. The fMRI sessions were conducted on Day 2 at the pre-test phase 314 

and on Day 1 at the post-test phase. On Day 2 at pre-test, besides the four task runs, we also 315 

collected 1 run of T1 images, 1 run of motion localizer, 1-2 retinotopic runs. The retinotopic runs 316 

used the standard phase encoding method 19. The motion-responsive voxels (V3A and hMT+) 317 

were identified with a localizer procedure 20. We presented random dot stereograms, which were 318 

static for 24 s and then traveled toward and away from the fixation for 8 s. The moving/stationary 319 

cycle repeated nine times. The size of the stimulus aperture was the same as that used in the main 320 

experiment.  321 

 322 

Supplementary Note 5: Supplementary methods for the macaque multielectrode recording 323 

experiment 324 

Because we analyzed preprocessed monkey data, most of the experimental procedures have been 325 

published previously in detail. We provide more method details here only to avoid cross-326 

referencing. To preserve as much of the method details as possible, we duplicate most of the 327 

noncritical text from the original paper 7 for reference purposes only. All duplicated text is 328 

italicized. 329 

 Surgical, headpost implementation, and electrode implementation procedures. We 330 

duplicated most of the text as italics from the original paper: 331 

Details of surgical procedures and postoperative care have been published elsewhere 21. An 332 

initial surgical operation was performed under sterile conditions, in which a custom-made head 333 

post (PEEK, Tecapeek) was embedded into a dental acrylic head stage.  334 

For surgical preparation, animals were sedated with ketamine. During surgery, anesthesia 335 

and analgesia were maintained by sevoflurane (gaseous, 1–3%) and alfentanil (intravenous 156 336 

μg/kg/h), respectively. Blood pressure, rectal temperature, blood oxygen saturation and end tidal 337 

CO2 were measured continuously. After the surgery, analgesic (metacam 0.1/kg) and prophylactic 338 

antibiotics (cephorex 0.5 ml/kg) was given for 3–5 days.  339 

During surgery, the animals were placed in a stereotaxic head holder and the skull 340 

overlying the occipital and posterior temporal cortices was exposed. A craniotomy was made to 341 

remove the bone overlying V1, V2 and dorsal V4, using a pneumatic drill. The bone was kept in 342 

sterile 0.9% NaCl for refitting at the end of the surgery. The dura was opened to allow access to 343 

V4. Microelectrode chronic Utah arrays, attached to a CerePortTM base (Blackrock® 344 
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Microsystems, connection dimensions of 16.5 mm [height] × 19 mm [base diameter] × 11 mm 345 

[body diameter]), were implanted under sterile conditions in the cortex, using a Blackrock 346 

microarray inserter. In monkey 1, two 4 × 5 grids of microelectrodes were implanted in area V4; 347 

in monkey 2, a 5 × 5 grid was implanted in V4. Electrodes were 1 mm in length, and their tips 348 

reached depths of up to 1 mm. Wire bundles were held in place with biologically compatible glue 349 

(histoacrylic), and the connector (CerePortTM) was secured to the skull with titanium bone screws. 350 

Following array insertion, the Dura was re-sutured over the array, the exposed area was thinly 351 

covered with sterile Tisseel Lyo two-component fibrin sealant (Baxter Healthcare), and the bone 352 

flap was reinserted into the skull (before the Tisseel had fully set). The bone flap was cross bridged 353 

to the surrounding skull using Synthes orbital plate fragments and Synthes titanium bone screws. 354 

The electrode arrays were inserted under visual control into the gyrus between the lunate 355 

sulcus and the superior temporal sulcus. The recording locations were confirmed to be in area V4 356 

in both animals via visual inspection immediately postmortem and by analysis of postmortem 357 

Nissl-stained brain sections.  358 

Behavioral task and training procedures. More detailed descriptions of task and training 359 

procedures are duplicated as italics from the original paper. 360 

Each monkey was trained in a contrast discrimination task in which he differentiated between two 361 

successively presented stationary Gabor gratings based on their relative contrasts (Fig. 7B).  362 

Monkeys were initially trained on a very basic version of the contrast discrimination task 363 

at a location in the upper visual field, i.e., at a substantial distance from the RFs covered by our 364 

electrodes, which were located in the lower left visual field (for details, see below). When the 365 

animal understood the main concept of the task in the upper visual field, the stimuli were shifted 366 

to the left lower visual field. The stimuli (Gabor gratings, σ = 4°, spatial frequency = 2 cycle per 367 

degree, orientation = 90° vertical) were initially presented at an azimuth of −5° and an elevation 368 

of −16° in both monkeys (left and bottom compared to the fixation point). These coordinates 369 

covered the V4 RFs.  370 

Each trial was initiated when the monkey held a touch bar and fixated on a small fixation 371 

spot (diameter = 0.1°, fixation window = 2° × 2°) which was presented on a grey background 372 

(52.17 cd/m2). During the trial, if the monkey broke fixation before saccade cue onset or failed to 373 

respond within 1000 ms of the onset of the saccade cue, the trial was terminated immediately and 374 

followed by a 0.2 s timeout. We used different inter-stimulus intervals in the two animals for the 375 
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following reason. We started training and recording in monkey 1, before doing so in monkey 2. 376 

We initially reasoned that a variable test onset would increase the animal’s focus and thereby 377 

possibly learning. In monkey 2, the variable onset during the very basic training resulted in too 378 

many early trial abortions, which quickly vanished when we used a fixed delay. We therefore 379 

decided to use a fixed delay in that animal. 380 

After monkeys performed well in this easy version of the task, the number of test contrasts 381 

was increased to 8 (5, 10, 20, 25, 35, 40, 60 and 90% contrast, on day 1 of the proper contrast 382 

discrimination task), then to 12 (10, 15, 20, 25, 27, 29, 31, 33, 35, 40, 50 and 60% contrast, on 383 

day 2 of the proper contrast discrimination task) and to 14 (10, 15, 20, 25, 27, 28, 29, 31, 32, 33, 384 

35, 40, 50 or 60% contrast, from day 3 of the proper contrast discrimination task). In order to 385 

motivate subjects to complete each trial and discourage them from guessing on difficult trials, 386 

stimulus drumming was carried out using the ‘repetition with delay’ function on CORTEX 387 

following error trials, i.e. enforcing the repeated presentation of a stimulus condition, until a 388 

minimum number of correct trials is accrued. Recording began simultaneously with the first day 389 

of training on the proper contrast discrimination task, but data analysis for the purpose of this 390 

paper was only performed from day 3 onwards, as this was the start of presenting the full range 391 

of contrasts.  392 

Data acquisition and processing. Data acquisition and preprocess details are also not 393 

critical for this study. We duplicated the texts as italics. 394 

Raw data were acquired at a sampling frequency of 32,556 Hz with a 24-bit analogue-to-digital 395 

converter, with minimum and maximum input ranges of 11 and 136,986 microvolts, respectively 396 

(pre-set by Neuralynx, Inc.), a DMA buffer count of 128 and a DMA buffer size of 10 ms, using a 397 

64-channel Digital Lynx 16SX Data Acquisition System (Neuralynx, Inc.). Digital referencing of 398 

voltage signals was performed prior to the recording of raw data, using commercially provided 399 

Cheetah 5 Data Acquisition Software v. 5.4.0 (Neuralynx, Inc.), to yield good SNRs for each 400 

channel.  401 

Following each recording session, the raw data were processed offline using both 402 

commercial (Neuralynx, Inc.) and custom-written (Matlab, Mathworks) software. Signals were 403 

extracted using the Cheetah 5 Data Acquisition Software. The sampling frequency remained the 404 

same (32,556 Hz), while the bandpass filter frequency and the input range settings were 405 

individually tailored to each channel. Raw data were bandpass filtered with a low cut frequency 406 
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of 600 Hz and a high cut frequency of 4000 Hz and saved at 16-bit resolution. This stage of 407 

processing generated ‘continuous multi-unit activity (MUA)’ data, which was further processed 408 

to yield ‘spiking MUA’.  409 

An iterative procedure was carried out on the continuous MUA signals for each channel, 410 

in which the threshold for spike extraction was varied according to a staircase procedure, in order 411 

to yield levels of spontaneous spiking MUA (before the onset of the sample stimulus) that were 412 

similar (within 1% of a ‘target’ level) across sessions. To set the target level for each channel, the 413 

threshold was initially selected manually for all channels and sessions, and a ‘representative’ 414 

session was selected for each channel (i.e., a session with an ‘average’ SNR [see below for 415 

description] for that channel). Hence, the extraction of spiking MUA was performed such that 416 

spontaneous activity levels were standardized across recording sessions. As spontaneous activity 417 

levels were deliberately kept uniform across training days, we did (or could) not study whether 418 

spontaneous activity levels changed during training. What this method did allow, however, was 419 

the rigorous comparison of levels of stimulus-evoked activity across the training period, relative 420 

to spontaneous levels.  421 

Receptive fields were mapped using a reverse correlation procedure 22 for each recording 422 

channel prior to training and recording. Additionally, orientation and spatial frequency tuning 423 

was determined using a reverse correlation procedure 22. RF locations and tuning preferences 424 

were highly consistent across the training period as determined by regular remapping while 425 

learning commenced (every 3–5 days).  426 

Data exclusion. We used the exactly same methods to compute SNR of individual channels 427 

and applied the same criteria to select high profile channels. The SNR computation are described 428 

as below in the original paper: 429 

The SNR was calculated for each channel on each day. The SNR was calculated as:  430 

𝑆𝑁𝑅 = !"#$%&'()*)%	,-&'.'&/%!"#$%012&,231)%
&'%012&,231)%

                             (S8) 431 

whereby the mean stimulus activity was obtained from 150 to 250 ms after test onset, while the 432 

mean spontaneous activity was obtained during the 300-ms period before test onset. SD is the 433 

standard deviation of the mean response. This was calculated for each test contrast condition, 434 

yielding 14 SNR values per recording session for a given channel. Trials were included regardless 435 

of whether the subject’s response was correct. The size of the SNR varied depending on the test 436 
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contrast. The highest of the 14 SNR values was then taken as being representative of the signal 437 

quality from a given channel for each session. Channels were included in the individual channel 438 

analyses if they had daily SNR ≥ 1, on at least 80% of the total number of recording days.  439 

 Note that according to this criteria, 29 and 20 channels were included for monkey 1 and 2, 440 

respectively. Two channels in monkey 1 were found to show monotonically decreasing contrast 441 

response functions. We thus excluded the two channels for further analyses.  442 

Population activity analyses. Previous studies have suggested that the variability of 443 

neuronal responses can be decomposed into two components—the trial-by-trial variability of firing 444 

rate and the intrinsic Poisson variability of spike generation. We hypothesize that VPL, as a top-445 

down task signal, mainly manifests as the changes in the trial-by-trial variability of firing rate 446 

rather than altering the intrinsic Poisson statistics of the spike because the latter component is more 447 

driven by low-level biophysical properties of neuronal spikes. We used a simple multivariate 448 

Poisson-lognormal (MPLN) model as used in previous studies 23-26, which assumes that the spike 449 

counts (SC) of individual channels are generated by a homogeneous Poisson process, given the 450 

underlying firing rate (𝑓𝑟IIII⃗ ). The model also assumes that the underlying firing rate of channels is 451 

represented by a multivariate log-normal distribution with a mean vector 𝜇 and covariance Σ, 452 

which accounts for the covariability among channels and prevents negative firing rates. The model 453 

is expressed mathematically as: 454 

𝑆𝐶! 	~	𝑃𝑜𝑠𝑠𝑖𝑜𝑛(𝑇 × 𝑓𝑟!)                                                      (S9) 455 

	𝑓𝑟IIII⃗ 	~ log 𝑛𝑜𝑟𝑚𝑎𝑙 (𝜇⃗, Σ)                                                      (S10) 456 

To infer the latent parameters μ and Σ, we used the variational inference method with an Adam 457 

optimizer and a learning rate of 0.1. The prior of 𝜇 was set to be Gaussian distributed with a mean 458 

of 1.5 and a standard deviation of 3. The prior of Σ was set through its Cholesky matrix, which is 459 

set to be Lewandowski-Kurowicka-Joe (LKJ) distributed with an η of 1 and standard deviation 460 

distribution to be an exponential distribution with a λ of 3. The mean of the posterior inference via 461 

variational inference was taken as our point estimate of μ and Σ. We then defined the signal vector, 462 

signal separation, response variance, signal rotation angle, PC strength, and PC rotation angle, in 463 

a manner similar to our previous work with DCNN models and fMRI data. The only difference is 464 

that we now applied these calculations to multi-unit activity within a latent space characterized by 465 

μ and Σ. This was followed by the application of our established stepwise analysis approach. 466 

  467 
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