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Abstract 40 

Texture is an important visual attribute for surface pattern discrimination and therefore 41 

object segmentation, but the neural bases of texture perception are largely unknown. Pre-42 

viously we demonstrated that the responses of V4 neurons to naturalistic texture patches 43 

are sensitive to four key features of human texture perception: coarseness, directionality, 44 

regularity, and contrast. To begin to understand how distinct texture perception emerges 45 

from the dynamics of neuronal responses, in two macaque monkeys (1 male, 1 female), we 46 

investigated the relative contribution of the four texture attributes to V4 responses in 47 

terms of the strength and timing of response modulation. We found that the different fea-48 

ture dimensions are associated with different temporal dynamics. Specifically, the response 49 

modulation associated with directionality and regularity was significantly delayed relative 50 

to that associated with coarseness and contrast, suggesting that the latter are fundamental-51 

ly simpler feature dimensions. The population of texture selective neurons could be 52 

grouped into multiple clusters based on the combination of feature dimensions encoded, 53 

and those sub-populations displayed distinct temporal dynamics characterized by the 54 

weighted combinations of multiple features. Finally, we applied a population decoding ap-55 

proach to demonstrate that texture category information can be obtained from short tem-56 

poral windows across time. These results demonstrate that the representation of different 57 

perceptually relevant texture features emerge over time in the responses of V4 neurons. 58 

The observed temporal organization provides a framework to interpret how the processing 59 

of surface features unfolds in early and midlevel cortical stages, and could ultimately in-60 

form the interpretation of perceptual texture dynamics.  61 

  62 
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Significance Statement 63 

To delineate how neuronal responses underlie our ability to perceive visual textures, we 64 

related four key perceptual dimensions—coarseness, directionality, regularity, and con-65 

trast—of naturalistic textures to the strength and timing of modulation of neuronal re-66 

sponses in area V4, an intermediate stage in the form-processing, ventral visual pathway. 67 

Our results provide the first characterization of V4 temporal dynamics for texture encoding 68 

along perceptually-defined axes. 69 

  70 
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Introduction 71 

Texture carries critical visual information about object surfaces and many past studies 72 

have reported that neurons in ventral visual pathway respond sensitively to different visu-73 

al texture features (Knierim and Van Essen, 1992; Lamme, 1995; Kastner et al., 2000; 74 

Merigan, 2000; El-Shamayleh and Movshon, 2011). However, making progress on the ques-75 

tion of how texture is processed has been slow, partly because it is difficult to know how to 76 

parameterize the vast space of all possible textures and how to choose stimuli. Early stud-77 

ies on texture representation were typically conducted with spatially homogeneous pat-78 

terns composed of separated elements such as lines or forms, but more recent studies have 79 

used naturalistic textures. Portilla and Simoncelli (2000) proposed that perceptually 80 

equivalent textures could be synthesized from summary statistics of a natural texture im-81 

age represented by correlated outputs of multi-scale oriented linear (V1 cell-like) filters. 82 

The summary statistics include correlations between spatially neighboring filters, correla-83 

tions between filters with neighboring orientations, and so on. Subsequent studies inspired 84 

by this idea have shown that neuronal responses in areas V2 and V4, but not V1, represent 85 

naturalistic image structure, which can be better explained on the basis of  higher-order 86 

statistics than by simple orientation/spatial frequency tuning (Freeman et al., 2013; 87 

Okazawa et al., 2015, 2017; Ziemba et al., 2016). These studies have provided important 88 

insights into the nature of cortical representation for naturalistic textures. However, be-89 

cause of the high dimensionality of these statistics, it is still poorly understood which tex-90 

ture feature combinations give rise to the perceptual distinctions between coarse and fine 91 

textures, regular and irregular textures, etc., and how multiple features are dynamically en-92 

coded in neuronal activity. 93 



 

 5 

 94 

To gain traction on the question of how neuronal responses underlie texture perception, 95 

we sought to represent textures in terms of a small set of perceptual attributes and for this 96 

we turned to literature on human texture perception and computer vision. The consensus 97 

across several studies (e.g. Tamura et al., 1978; Liu and Picard, 1996; Rao and Lohse, 1996) 98 

was that the four texture attributes that we term coarseness, contrast, directionality and 99 

regularity (but referred to by a variety of different names in the literature, e.g. line-likeness, 100 

repetitiveness) were critical to explain texture similarity judgments in human subjects. 101 

Furthermore, these perceptual dimensions were also consistent with the mutually orthog-102 

onal subfields derived from an image model based on 2D Wold decomposition of homoge-103 

neous random fields (Liu and Picard, 1996). We parameterized natural texture stimuli 104 

along these four dimensions (Kim et al., 2019) and analyzed whether differences in tem-105 

poral dynamics of macaque V4 neuronal responses could be described by selectivity for 106 

these perceptually relevant texture features. With these experiments, we sought to gain in-107 

sights into the complexity of computations associated with the different texture dimen-108 

sions.  109 

 110 

We found that many V4 neurons exhibited distinct temporal dynamics in response to tex-111 

ture stimuli, and the response dynamics were closely associated with texture feature di-112 

mensions that individual cells encode. Specifically, the processing of directionality and reg-113 

ularity was significantly delayed relative to that of coarseness and contrast dimensions. 114 

Furthermore, through population analysis, we showed that it is possible to cluster neurons 115 

that produce similar texture selectivity and temporal dynamics and to dynamically decode 116 
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texture feature information. Our results are the first to demonstrate the temporal dynamics 117 

of V4 neuronal responses involved in the emergence of a cortical surface-texture encoding 118 

along perceptually-defined axes.  119 

  120 
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Materials and methods 121 

The results presented here are based on new analyses of data previously published in Kim 122 

et al. (2019). Methods related to animal preparation, data collection and visual stimuli are 123 

identical to those in Kim et al. (2019), but are included here for completeness. 124 

 125 

Animal preparation 126 

Two healthy adult macaque monkeys (one male and one female) were used in the study. All 127 

animal procedures conformed to NIH guidelines and were approved by the Institutional 128 

Animal Care and Use Committee at the University of Washington. Animals were surgically 129 

implanted with custom-built head posts attached to the skull with orthopedic screws. A V4 130 

recording chamber was placed over the left pre-lunate gyrus on the basis of structural MRI 131 

scans. A craniotomy was performed in a subsequent surgery, a few days before the first re-132 

cording date.  133 

 134 

Animals were seated in front of a CRT monitor (at a distance of 57cm) and were trained to 135 

hold their gaze within 1 of a small central fixation spot (0.1 diameter) while a series of 136 

stimuli were presented in the visual periphery during a simple passive fixation task.  137 

 138 

 139 

Data collection 140 

Recordings were performed using an epoxy-insulated tungsten microelectrode (FHC). The 141 

microelectrode was lowered into cortex through an 8-channel acute Microdrive system 142 

(Gray Matter Research). Signals were amplified, bandpass filtered (150 Hz and 8 kHz) and 143 
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digitized (sampling rate 32 kHz) with a Plexon MAP system. Spike waveforms were sorted 144 

offline using principal component analysis. Time stamps of single unit spiking activity, eye 145 

positions (Eyelink 1000; SR research), and stimulus events (verified with photodiode signal) 146 

were stored at 1 kHz sampling rate for later analysis.  147 

 148 

Once a well-isolated single unit was identified, we determined the center of the receptive 149 

field (RF) by a hand-mapping procedure (Kim et al., 2019). This was followed by the main 150 

experiment in which a series of 4-5 visual stimuli were presented, each for 300 ms, sepa-151 

rated by a 300 ms inter-stimulus interval, as the animals maintained fixation. Each stimulus 152 

was presented at the center of the RF of the neuron and was scaled such that all parts of all 153 

stimuli were within the estimated RF (estimated RF diameter = 1.0° + 0.625 x RF eccen-154 

tricity (°); based on Gattass et al., 1988). We studied the responses of 127 well-isolated V4 155 

neurons with RF eccentricities within the central 10° of the visual field (Mean ±SD: 5.30 ± 156 

1.48° for Monkey 1; 5.09 ± 1.47° for Monkey 2). For all neurons, we collected a minimum of 157 

6 repetitions for each stimulus condition. 158 

 159 

 160 

Visual stimuli 161 

Three types of stimuli were used in the original study: shape, texture, and natural scenes. 162 

Details of each stimulus type are described in detail in Kim et al. (2019), where we ana-163 

lyzed the relationship between shape selectivity and texture selectivity. Here, we focus on 164 

the responses to texture stimuli alone.  165 

 166 
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We used a set of 21 textures (Figure 1) to examine how V4 responses encode four texture 167 

dimensions—coarseness, directionality, regularity, and contrast—thought to be critical for 168 

perception of textures in human subjects (Tamura et al., 1978; Liu and Picard, 1996; Rao 169 

and Lohse, 1996).  170 

 171 

We devised simple metrics to characterize each texture in terms of each of the four dimen-172 

sions. Coarseness and directionality indices were computed from the power spectrum, S, of 173 

the two-dimensional Fourier transform of an image, 𝑆(𝑠𝑓, 𝜃) = |𝐹(𝑠𝑓, 𝜃)|2, where sf and 𝜃 174 

represent the spatial frequency and angle in polar coordinates. The power spectrum was 175 

first low-pass filtered to cut off frequencies higher than 60 cycles per image (~10 cycles/°), 176 

then normalized so that the sum of all values was 1. The coarseness index was computed by 177 

subtracting the sum of sf-weighted power magnitude from 60. The coarseness index ranges 178 

from 0 to 60, with the higher values representing the coarser textures (Figure 1A). To 179 

quantify directionality, we calculated the average power magnitude from eight evenly di-180 

vided ranges of angle (180°/8 = 22.5°). The sum of average magnitude in the top two pre-181 

ferred angular bins divided by that in all other bins was taken as the directionality index, 182 

which ranged from 0.25 to 1.00 (Figure 1B).  183 

 184 

The regularity index was devised to quantify the repetitive nature of a texture image. This 185 

feature was captured from the two-dimensional autocorrelation map, rho (𝜌), of an image 186 

described as follows.  187 

𝜌(𝑥, 𝑦) = ∑ ∑𝐼(𝑚, 𝑛) × 𝐼(𝑚 + 𝑥, 𝑛 + 𝑦)

𝑁

𝑛=1

𝑀

𝑚=1

∑ ∑𝐼2(𝑚, 𝑛)

𝑁
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where 𝐼(𝑚, 𝑛) denote an 𝑀 ×𝑁 texture image. The map is converted from Cartesian to Po-188 

lar coordinates as follows.  189 

𝜌(𝑟, 𝜃) = 𝜌 (√𝑥2 + 𝑦2, 𝑡𝑎𝑛−1 (
𝑦

𝑥
)) 

From the polar representation of the autocorrelation, we obtained one-dimensional auto-190 

correlation functions for all possible directions in 1° steps. An autocorrelation function 191 

from a regular pattern has clear peaks and valleys. The regularity measure was given by 192 

the height of the most prominent peak in the one-dimensional autocorrelation function 193 

across all directions. The regularity index ranges from 0.04 (the most irregular) to 0.96 (the 194 

most regular) in our texture stimulus set (Figure 1C).  195 

 196 

The contrast index, which reflects dynamic range (𝜎) and polarization (𝛼4) of the gray level 197 

distribution across image pixels, was computed with the following equation (Tamura et al., 198 

1978).  199 

𝐼𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =
𝜎

𝛼4
𝑛

 

where 𝜎 and 𝛼4 represent the standard deviation and kurtosis, respectively, of the gray-200 

level distribution across image pixels. The exponent 𝑛 =1/4 was held constant. The lowest 201 

and highest contrast indices computed from our texture stimulus set were 8.4 and 88.7, re-202 

spectively (Figure 1D).  203 

 204 

To choose a small number of texture images that spanned a range of values across these 4 205 

dimensions, we represented a set of 144 monochrome texture samples, including 112 from 206 

the Brodatz album (Brodatz, 1966) and 32 from a commercial library (www.textures.com), 207 
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in terms of the four texture dimensions described above, and transformed the raw scores of 208 

each feature dimension to z-scores and chose a subset of 21 textures. While our goal was to 209 

choose a set of textures that achieved independent sampling across the four dimensions, 210 

our stimulus set reflects inherent correlations in naturalistic textures. Across our stimuli, 211 

there is a statistically significant correlation between coarseness and regularity (r = -0.22, p 212 

< 0.01 for the 21 chosen textures; r = -0.30, p < 0.01 for the 144 textures samples) and be-213 

tween regularity and directionality (r = 0.63, p < 0.01 for the 21 chosen textures; r = 0.56, p 214 

< 0.01 for the 144 textures samples). For some analyses described below, we divided the 215 

textures into two categories with a cutoff at z = 0 along each dimension, e.g., along the regu-216 

larity axis, stimuli were categorized as regular (z > 0) vs. irregular (z < 0). Figure 1 shows 217 

how the 21 textures chosen for this study are represented along each of the four feature 218 

axes.  219 

 220 

Each of the 21 textures was presented at four orientations (at 45° intervals) and at two ap-221 

erture sizes (the estimated RF diameter and twice that size) for a total of 168 stimuli. The 222 

small and large aperture textures were identical within the RF, but the large textures ex-223 

tend into the RF surround. Here we report results based on the analysis of spiking respons-224 

es to large aperture textures (N=84). Results based on responses to large and small aper-225 

tures were consistent. 226 

 227 

 228 

Data analysis 229 

Time course of spiking responses and texture-dependent modulation  230 
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Peri-stimulus time histograms (PSTHs) were constructed by averaging responses across 231 

multiple repetitions and convolving with a Gaussian kernel (σ = 5 ms). To determine the 232 

timing of response modulation due to each of the four texture dimensions, for each texture 233 

dimension (e.g., coarseness) we divided the 84 stimulus patches into two equal groups 234 

based on their texture indices (Figure 1) and asked when responses between the two 235 

groups (e.g., coarse vs. fine) significantly deviated from each other using the Mann-Whitney 236 

U test (p < 0.05) within a 30 ms sliding window (moving in 1 ms steps).   237 

 238 

Average responses of single neurons  239 

For each stimulus, we quantified the average response magnitude by counting spikes with-240 

in a window from 50 to 400 ms after each stimulus onset to allow for onset and offset re-241 

sponse latency of V4 neurons (Zamarashkina et al., 2020) and averaging across multiple 242 

repetitions of a stimulus. These average responses were used for the regression and classi-243 

fication analyses described below.  244 

 245 

To identify preferred and non-preferred textures for representative examples (see Neurons 246 

#1–4 in Figures and Results), we assessed mean responses during chosen time periods 247 

based on the temporal dynamics of selectivity for the different texture features: an earlier 248 

window (50 – 150 ms) to visualize preferences for coarseness and contrast, and a later 249 

window (100 – 400 ms) for directionality and regularity. 250 

 251 

Regression model for texture selectivity 252 

To ask how the perceptual texture dimensions modulate neuronal responses, for each neu-253 
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ron we conducted a stepwise linear regression analysis to model responses to each texture 254 

in terms of a subset of the four texture dimensions as independent variables. Specifically,   255 

𝑍𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 = 𝛽1𝑍𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠 + 𝛽2𝑍𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 + 𝛽3𝑍𝑅𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑡𝑦 + 𝛽4𝑍𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 

where both independent and dependent variables are normalized. 256 

 257 

The stepwise fit, implemented with the function stepwisefit in MATLAB, begins with an ini-258 

tial constant model and takes forward steps to add a single variable that gives the best im-259 

provement to the current model with a coefficient that is significantly different from 0 at p 260 

< 0.05. In successive steps, coefficients may be removed from the model if they are not sig-261 

nificantly different from 0 at p < 0.1.  262 

 263 

As we described above, due to the inherent correlations in naturalistic textures, our stimu-264 

lus set showed a statistically significant correlation between coarseness and regularity, and 265 

between regularity and directionality indices. In a regression context, a strong collinearity 266 

among predictor variables, e.g., a variance inflation factor (VIF) > 5, may lead to poor esti-267 

mation of the model parameters (O’Brien, 2007). We verified that all four texture indices 268 

had VIF < 3, indicating that multi-collinearity was not strong. We also examined model fits 269 

based on partial least squares (PLS) and ridge regression methods, and obtained similar 270 

model performance results as with stepwise linear regression.   271 

 272 

To investigate whether texture selectivity evolves over time, we performed the stepwise 273 

linear regression analysis using a 100 ms sliding window (moving in 10 ms steps). 274 

 275 
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Support vector machine for texture classification  276 

To assess how faithfully V4 responses encoded the perceptual texture attributes, we 277 

trained a linear support vector machine (SVM) to classify texture stimuli into two classes 278 

along each of four texture dimensions (coarse vs. fine, directional vs. non-directional, regu-279 

lar vs. irregular, and high-contrast vs. low-contrast) based on the distribution of responses 280 

across a population. Decoding performance was tested with population sizes of 10 to 120 281 

neurons (in step of 10). For a given population size, we simulated 100 random cell groups 282 

by sampling neurons with replacement (i.e., the same neuron could be sampled multiple 283 

times in a simulated cell group). The performance of the SVM classifier was evaluated with 284 

10-fold cross-validation in each simulation, and the predictive accuracy was indicated as 285 

the proportion correct (chance level: 0.5) averaged from 100 simulation results. To com-286 

pare the population decoding latencies across texture dimensions, we also performed the 287 

SVM classifier using a 30 ms sliding window (in steps of 1 ms). The latency results were 288 

consistent regardless of population sizes, and we report the result obtained from the popu-289 

lation size of 60 neurons.   290 

 291 

 292 

Experimental design and statistical analysis 293 

Details of experimental procedure and visual stimuli are described above (see Data collec-294 

tion, Visual stimuli). For all statistical tests presented here, independent group compari-295 

sons were performed using a non-parametric Mann–Whitney U test, while the multiple-296 

group comparison was done with one-way ANOVA. The strength of the linear relationship 297 
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between pairs of variables was assessed by Pearson’s correlation coefficient. A p-value of 298 

0.05 was considered significant. 299 

 300 

 301 

Data and software availability 302 

The data and analysis code that support the findings of this study are available from the 303 

corresponding author upon request.  304 
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Results  305 

We studied the responses of 127 V4 neurons in two macaque monkeys (56 in Monkey 1, 71 306 

in Monkey 2) to a set of 21 naturalistic textures, each presented at 4 orientations. Our 307 

stimuli (Figure 1) sample four texture attributes—coarseness, directionality, regularity and 308 

contrast—that arise from the study of human texture perception. Having previously 309 

demonstrated that the response amplitude of many V4 neurons are well-modulated by at 310 

least one of these texture attributes (Kim et al., 2019), here we focus on response dynamics 311 

and describe the relative contributions of these attributes to the development of texture 312 

selectivity over time in V4.  313 

 314 

Time course of selectivity: representative examples 315 

To determine if a subset of texture attributes were especially strong or early modulators of 316 

V4 responses, we rank-ordered textures based on each attribute (see Figure 1) and divided 317 

them into two halves along each axis to facilitate a comparative analysis. Figure 2A shows 318 

the responses of example Neuron 1 to textures rank-ordered by each of the texture attrib-319 

utes (four columns). The averages for the top and bottom halves of the ranking are plotted 320 

in Figure 2B (red traces show high-rank average). This neuron responded more strongly to 321 

coarse than to fine textures. Stepwise regression analysis (see Materials and Methods) re-322 

vealed a statistically significant influence of coarseness on the neuronal responses (stand-323 

ardized coefficient for coarseness: 0.78, p < 0.01 for 50 – 150 ms duration; also see Figure 324 

2D). This preference is reflected in the average PSTHs for coarser (red) and finer (blue) 325 

stimuli (Figure 2B), which reveal that a strong and sustained difference between responses 326 

emerged ~50 ms after stimulus onset. The other texture attributes—directionality, regular-327 
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ity and contrast—showed minimal influence on the responses of Neuron 1 (see the right 3 328 

panels in Figure 2A, B and D). Figure 2C shows the most preferred and non-preferred tex-329 

tures based on the activity during 50 – 150 ms post-stimulus epoch when there was a sus-330 

tained difference between the responses to coarse and fine stimuli. It is noteworthy that 331 

the non-preferred textures all appear fine compared to the preferred stimuli, consistent 332 

with results presented above.  333 

 334 

The responses of Neuron 2 were strongly modulated by luminance contrast within the tex-335 

ture patch (Figure 3): results of stepwise regression analysis based on activity in the 50 – 336 

400 ms epoch revealed a statistically significant influence of contrast (standardized coeffi-337 

cient for contrast: -0.72, p < 0.01) but not of the other three attributes (compare panels in 338 

Figure 3D). Responses in fact decreased with increasing contrast (rightmost column, Figure 339 

3A, B and D), and there was a strong and sustained difference in responses between the 340 

lower contrast stimuli (blue curve) and the higher contrast stimuli (red). Here again, the 341 

difference emerged early, ~50 ms after stimulus onset and was sustained for more than 342 

200 ms, and it appears that the difference was present from the onset of the visual re-343 

sponse. The 20 least preferred texture patches (Figure 3C, bottom) varied in terms of their 344 

coarseness, directionality and regularity, but they were all high contrast, unlike the pre-345 

ferred textures (Figure 3C, top).  346 

 347 

In striking contrast to the above examples, encoding of directionality in the responses of 348 

Neuron 3 emerged later, ~100 ms after stimulus onset (Figure 4). Initially, during the first 349 

100 ms after stimulus onset, responses to directional and non-directional textures were 350 
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quite similar (compare red and blue curves, Figure 4B, second column), but responses di-351 

verged significantly around 100 ms with stronger responses evoked by non-directional tex-352 

tures. There were significant transient modulations by the other texture attributes (see as-353 

terisks, Figure 4B) but these were considerably weaker than the sustained modulation by 354 

directionality. Results from stepwise regression based on activity in the 50 – 400 ms time 355 

window revealed a statistically significant effect of directionality but not the other three 356 

factors (standardized coefficient for directionality: -0.69, p < 0.01; Figure 4D). It is note-357 

worthy that the influence of directionality is unaffected by the orientation of the texture: all 358 

four orientations of a texture, i.e., vertically aligned data points sharing the same direction-359 

ality index, evoked similar responses. Figure 4C shows the 20 most preferred and least pre-360 

ferred textures based on activity in the 100 – 400 ms after stimulus onset. The non-361 

preferred textures were all directional but, importantly, not orientation specific.  362 

 363 

Finally, Neuron 4 showed strong response modulation for multiple texture features (Figure 364 

5). Stepwise regression revealed a statistically significant dependence on coarseness and 365 

also on regularity (standardized coefficients: 0.44, -0.63, respectively, p < 0.01). Coarse tex-366 

tures generated stronger responses early, during the 50 – 150 ms interval after stimulus 367 

onset (leftmost column, Figure 5A, B and D) consistent with example Neuron 1, whereas 368 

irregular textures were associated with stronger activity later in the response period (> 369 

100ms after stimulus onset, Figure 5A, B and F third column). Because directionality and 370 

regularity are correlated in our stimulus set (see Materials and Methods), a strong differ-371 

ence in responses between non-directional and directional textures is also evident (Figure 372 

5A, B second column). Because the dynamics differ across multiple encoded attributes for 373 
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this neuron, the texture preference changes over time. The most and least preferred tex-374 

tures based on early activity (i.e., 50 – 150 ms post-stimulus time) reveal discrimination 375 

between coarse and fine textures and also high and low contrast (Figure 5C). However, 376 

during a later epoch (i.e., 100 – 400 ms post-stimulus time), the distinction lies predomi-377 

nantly along the regular/directional versus irregular/non-directional axis (Figure 5E), with 378 

a strong preference for irregularity. Note that non-preferred textures based on activity in 379 

the later epoch included both coarse (low spatial frequency) and fine (high spatial frequen-380 

cy) gratings and high and low contrast stimuli (Figure 5E). 381 

 382 

Population results: relative contribution of different attributes 383 

To characterize population trends in terms of strength of modulation, we used stepwise 384 

linear regression to relate responses to each of the four texture attributes. This method al-385 

lowed us to identify a minimal number of factors that influence neuronal responses, given 386 

the mild correlations between independent variables present in our stimulus ensemble 387 

(see Materials and Methods). Across 127 neurons, 108 (85%; 50 from Monkey 1 and 58 388 

from Monkey 2) were associated with a statistically significant regression fit (Figure 6A, 389 

shaded regions). Of these, roughly equal numbers were modulated by one or two factors 390 

(43 and 42, respectively, Figure 6B) and a smaller number by 3 factors (23). Among the 391 

four texture attributes, coarseness, which is related to spatial frequency content, was the 392 

most frequent modulator (71) and contrast was the second most frequent modulator (54) 393 

(Figure 6C, E). Together, these two factors modulated responses across 39 neurons either 394 

alone or in combination with each other. The two other factors, directionality and regulari-395 

ty, modulated responses of 16 neurons either alone or in combination with each other. 396 
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However, a large proportion of neurons (53/108) were modulated by a combination of the 397 

more common, earlier modulators (coarseness and/or contrast), and the less common, de-398 

layed modulators (directionality and/or regularity). We did not observe any associations 399 

between the overall responsiveness of neurons and specific texture features (one-way 400 

ANOVA, p = 0.87). The average firing rate (Hz, mean ± standard error, 50 – 400 ms post-401 

stimulus time) of neurons that showed significant regression weights for coarseness (N = 402 

71) was 15.6 ± 2.1. And those values for the other three texture features were 17.3 ± 3.9 403 

(directionality, N = 31), 18.6 ± 2.9 (regularity, N = 40), and 16.7 ± 2.3 (contrast, N = 54).  404 

 405 

The overall quality of the stepwise regression model was assessed using Pearson’s correla-406 

tion coefficient, r. The median r value for the 108 significant stepwise regression fits was 407 

0.50 (0.45 for Monkey 1, 0.52 for Monkey2; Figure 6D), indicating that our texture model 408 

could explain on average 25% of the variance in the response. Neurons with multiple sig-409 

nificant attributes tended to be associated with better model fits (Figure 6A, compare gray 410 

levels for upper and lower rows): mean r values for neuronal groups with one, two or three 411 

significant texture attributes were 0.33, 0.53, and 0.70, respectively. We also found a statis-412 

tically significant relationship between the number of significant attributes and average 413 

responsiveness of neurons (one-way ANOVA, p = 0.02): average firing rates (Hz, mean ± 414 

standard error, 50 – 400 ms post-stimulus time) for neuronal groups with zero, one, two or 415 

three significant texture attributes were 7.9 ± 3.4, 12.1 ± 2.7, 13.5 ± 2.6, and 23.6 ± 4.0, re-416 

spectively. These results support the idea that neurons fit with fewer attributes may be 417 

more driven, and better fit, if stimuli varied along dimensions not considered here (e.g., 418 

color).  419 
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 420 

However, as shown in the example neurons (Figures 2-5), different texture attributes (e.g., 421 

coarseness vs. regularity) modulated spiking responses during distinct temporal windows. 422 

Therefore, not considering temporal information could result in underestimating the 423 

strength of texture selectivity (see Population results: temporal dynamics).  424 

 425 

We also evaluated relative proportions of positive and negative weights for each texture 426 

dimension (Figure 6E). Among neurons significantly sensitive to stimulus contrast, we ob-427 

served roughly equal proportion of neurons with positive and negative weights. For the 428 

other three dimensions, however, the weights were not equally distributed. Along the 429 

coarseness axis, cells favoring coarse features (55) were observed three times more often 430 

than cells preferring fine features (16). Along the directionality axis, directional textures 431 

were three times more likely to suppress than enhance responses (24 negative vs. 7 posi-432 

tive weights). Along the regularity axis, a greater number of neurons were enhanced rather 433 

than suppressed by regularity (25 positive vs.15 negative).  434 

 435 

 436 

Population results: temporal dynamics 437 

To examine how texture feature selectivity evolves dynamically, for each neuron in our 438 

population, we fit the stepwise regression model across time (from -100 to 500 ms relative 439 

to the stimulus onset) for a 100 ms window sliding in 10 ms increments.  440 

 441 
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Figure 7 illustrates the evolution of selectivity for texture dimensions across time in single 442 

neurons. Selectivity for specific texture dimensions was often transient in individual neu-443 

rons, but we found remarkable consistency in the polarity of regression weights across 444 

time. For example, looking down the column for coarseness in Figure 7B, regression 445 

weights often remained positive (red) or negative (blue) over the entire period of signifi-446 

cant modulation, with only a few (6 out of 127) neurons showing significant sign changes 447 

during the 50 – 400 ms post-stimulus time. We did not find any differences across the four 448 

attributes in this regard. However, with respect to the latency of onset of selectivity, we 449 

found consistent differences between coarseness and contrast vs. directionality and regu-450 

larity. For coarseness and contrast, the strongest regression weights (positive or negative) 451 

emerged soon after stimulus onset, within the first 100 ms (Figure 7B, 1st and 4th columns). 452 

In contrast, the strongest selectivity for directionality and regularity (2nd and 3rd columns, 453 

Figure 7B) emerged later: regression weights were either undefined or relatively weak 454 

during the 0-100 ms after stimulus onset and became stronger in the later period (> 150 455 

ms after stimulus onset).  456 

 457 

This difference between dimensions in the dynamics of the onset and progression of selec-458 

tivity is captured by simply computing the variance of regression weights, Varwt, across 459 

neurons as a function of time quantified for each texture dimension (Figure 7C). When se-460 

lectivity along a specific dimension has not emerged across the population, regression 461 

weights are expected to be small and similar across neurons. When selectivity for a specific 462 

dimension emerges in the V4 population, with different neurons exhibiting different pref-463 

erences, regression weights across neurons will diverge. High values of Varwt are an indica-464 



 

 23 

tor of this diversity and thus of the emergence of selectivity. The coarseness feature 465 

showed the biggest and fastest increase in Varwt as a function of time, peaking (> 0.1) at 466 

100 ms after stimulus onset and then declining to a sustained level beyond 200 ms. Both 467 

regularity and directionality showed a slower increase in Varwt, reaching a peak level at 468 

~150 ms that was sustained until after stimulus offset at 300 ms. Finally, the Varwt for con-469 

trast also increased rapidly, reaching a peak before 100 ms, but compared with coarseness, 470 

Varwt was weaker in magnitude and less transient. The earlier emergence of coarseness 471 

and contrast and the later emergence of directionality and regularity can be easily visual-472 

ized when peak Varwt is normalized across the four dimensions (Figure 7D).  473 

 474 

These distinct temporal dynamics observed for different texture features were further con-475 

firmed by comparing the histograms of significantly modulated neurons across time for 476 

each of the four texture dimensions (Figure 8). For each texture attribute, we counted the 477 

number of neurons that exhibited a statistically significant difference between the average 478 

response evoked by the two halves of the stimulus set along each axis (coarser vs. finer 479 

stimuli, regular vs. irregular stimuli, etc.; see Figure 1). The number of neurons that show 480 

differential responses for coarseness increases rapidly beginning soon after stimulus onset 481 

and peaks at ~93 ms, where 55 out of 127 units were significantly modulated for coarse-482 

ness. After the peak, the frequency decreased markedly again and remained constant after 483 

150 ms. Therefore, the dynamics of coarse vs. fine processing could be characterized by a 484 

fast-transient period followed by a low sustained component.  485 

 486 
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On the other hand, the time courses of selectivity for directionality and regularity (Figure 487 

8B, C) showed slower and delayed rising and falling phases as compared with coarseness. 488 

The maximum frequencies were reached at 141 ms (directionality, 35 out of 127 neurons) 489 

and 234 ms (regularity, 40 out of 127 neurons), respectively. After the peaks, the frequen-490 

cies did not decrease substantially while the stimulus was being presented (0 – 300 ms).  491 

 492 

Finally, the time course of significant contrast selectivity (Figure 8D) resembled that of 493 

coarseness selectivity. Its rising phase was very steep and as early as that for coarseness, 494 

however, its falling phase was more gradual.   495 

 496 

In summary, V4 neurons revealed distinct temporal dynamics of texture selectivity that re-497 

flect the weighted combinations of multiple encoded features. Selectivity for coarseness 498 

and contrast arose earlier and tended to decay earlier across the population, whereas se-499 

lectivity for directionality and regularity arose later, more gradually, and tended to decay 500 

less while the stimulus was ongoing.  501 

 502 

 503 

Time course of population-based texture classification 504 

Finally, we examined whether texture categories (e.g., coarse vs. fine, directional vs. non-505 

directional) could be decoded from V4 population activity, and we quantified how decoding 506 

accuracy improves with population size. To do this, we simulated population responses by 507 

randomly sampling tens of V4 neurons (from 10 to 120, in steps of 10) and fed these tex-508 

ture responses into support-vector machine (SVM) classifiers with binary categorical clas-509 
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ses assigned for each of four texture dimensions (see Materials and Methods). We found 510 

that the proportion correct of the classifier for each texture attribute increased gradually 511 

with population size and appeared to reach an asymptote for population sizes on the order 512 

of 100 neurons (Figure 9A). The decoding accuracies for regularity and coarseness (yellow 513 

and blue lines) were higher than those for directionality and contrast (red and purple), 514 

consistent with the ordering of variance values in Figure 7C.   515 

 516 

To examine how population decoding performance evolves over time for each texture di-517 

mension, we trained SVM classifiers with populations of 60 cells based on neuronal re-518 

sponses averaged within a 30 ms sliding window. The results were averaged across 100 519 

simulation runs (Figure 9B). The performance trajectory for coarseness rises and reaches 520 

high levels (> 0.7) fastest compared to the other three dimensions. Consistent with Figure 521 

9A, peak decoding performance for regularity and coarseness were higher than the other 522 

two dimensions and the peak performances were achieved at 117 ± 4.4 (mean ± standard 523 

error) ms for coarseness, at 128 ± 3.7 ms for contrast, 164 ± 4.7 ms for regularity and 189 ± 524 

5.3 ms for directionality. The latency differences across features were statistically signifi-525 

cant (Mann-Whitney U-test, p < 0.01). But more importantly, this analysis demonstrates 526 

that texture category information can be reliably decoded within a short temporal window 527 

based on responses of a relatively small neuronal population. 528 

 529 

  530 
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Discussion 531 

We investigated the relationship between perceptual texture attributes and the dynamics 532 

of single-neuron texture encoding in V4. We found that different texture dimensions were 533 

associated with different temporal dynamics: selectivity for coarseness and contrast 534 

emerged early, whereas the encoding of directionality and regularity was significantly de-535 

layed, emerging ~50 ms later. Here we relate our results to previous findings on the laten-536 

cy of encoding of surface and form characteristics in visual cortex and discuss potential un-537 

derlying mechanisms. 538 

 539 

Cortical mechanisms for computing perceptual dimensions of texture 540 

Among texture attributes, coarseness and contrast encoding may directly derive from spa-541 

tial frequency (SF) and contrast encoding in upstream areas. Numerous studies document 542 

encoding of contrast in LGN and contrast and SF in V1 (Schiller et al., 1976; De Valois et al., 543 

1982; Shapley, 1985), with selectivity for these surface characteristics emerging within 10s 544 

of ms of response onset (Bredfeldt and Ringach, 2002; Mazer et al., 2002). In particular, low 545 

contrast and high SF are associated with longer latencies and slower integration times in 546 

V1 (e.g., Gawne, 2000; Bair and Movshon, 2004). This differential latency could explain the 547 

early, rapid emergence of V4 selectivity for contrast and coarseness, and its frequency, in 548 

comparison to directionality and regularity.  549 

 550 

Computing directionality and regularity, on the other hand, may rely on extracting higher-551 

order image statistics. The computation of directionality, reflecting the dominance of a re-552 

stricted range of orientation, requires a comparison across orientation channels and may 553 
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involve integration over SFs and positions. Similarly, regularity reflects repetitive patterns 554 

and its calculation may depend on the simultaneous activation of multiple neurons that 555 

share similar SF and/or orientation tuning but have disparate RF locations. These compu-556 

tations may involve more elaborate processing that could require more time. In this con-557 

text, our results are consistent with prior studies in V2 demonstrating delayed emergence 558 

of selectivity for higher-order texture statistics (Freeman et al., 2013; Okazawa et al., 2017), 559 

the delayed emergence of selectivity for stimulus symmetry (or regularity) vs. stimulus 560 

contrast (Norcia et al., 2002; Jacobsen and Höfel, 2003; Kohler et al., 2018), and the delayed 561 

emergence of pattern vs. component direction selectivity in MT neurons (Smith et al., 562 

2005).  563 

 564 

Recent findings from functional magnetic resonance imaging (fMRI) studies demonstrate 565 

that rotational symmetries are encoded in V3 and V4, but not earlier (Kohler et al., 2016; 566 

Audurier et al., 2021). Thus, while selectivity for higher-order image statistics may begin to 567 

arise upstream of V4 (e.g., V2), the encoding of regularity may rely on computations in V3, 568 

V4 and beyond.  569 

 570 

Overall, the temporal organization of texture processing revealed by our results present a 571 

novel framework for parameterizing texture in terms of when different aspects are pro-572 

cessed in midlevel visual cortex based on features encoded in upstream stages. The V4 dy-573 

namics characterized here can also help interpret temporal evolution of texture perception 574 

that could be revealed in future studies. Our results also support the temporal primacy of 575 

form processing over texture. V4 selectivity for directionality and regularity is considerably 576 
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delayed compared to the emergence of shape selectivity demonstrated in prior studies 577 

(Bushnell et al., 2011, Kim et al., 2019). Selectivity for coarseness and contrast across the 578 

V4 population also appears to emerge more slowly than shape, but this would need to be 579 

directly compared in further studies. These results may provide the neurophysiological ba-580 

sis for psychophysical observations that rapid animal detection in natural scenes is based 581 

on form rather than surface cues (Elder and Velisavljević, 2009). Our results are also con-582 

sistent with models of coarse-to-fine processing that postulate faster processing of infor-583 

mation that carries the ‘gist’ of the scene and slower processing of spatial detail (Oliva, 584 

2005; Allen and Freeman, 2006; Hegdé, 2008).   585 

 586 

Across the population of V4 neurons, we found a preferential encoding of coarse, non-587 

directional textures (Figure 6). Our coarseness metric directly relates to SF, and past stud-588 

ies report preferred SFs of less than 1 cycle/° in V4 (Lu et al., 2018). In our study, the medi-589 

an coarseness corresponded to 2~3 cycles/° and this could explain the preference for 590 

coarser textures in our stimulus set. It is conceivable that directional textures are more 591 

likely to suppress than facilitate neuronal activity because multiple parallel contours may 592 

cause iso-orientation surround suppression in V1 (Knierim and Van Essen, 1992; Bair et al., 593 

2003). Such iso-orientation surround suppression is hypothesized to enhance the repre-594 

sentation of object boundaries by suppressing the encoding of uniform texture (i.e., de-595 

texturization) (Gheorghiu et al., 2014). Because our stimulus set had a sizable positive cor-596 

relation between directionality and regularity (i.e., directional textures tended to be regu-597 

lar), partitioning the influence of these two parameters is not entirely feasible. Taking these 598 

two dimensions together, there were roughly similar levels of encoding of non-599 
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directional/irregular and directional/regular textures. We also found similar levels of pref-600 

erence for high and low contrast textures, which is surprising given the stronger, faster V1 601 

responses to higher contrast stimuli (Carandini and Heeger, 1994; Reich et al., 2001). But 602 

importantly, our contrast metric measures the variance and skewness in texture pixel val-603 

ues rather than luminance contrast against a background. 604 

 605 

Limitations and future studies 606 

Our stimuli were limited in number (being only part of a larger shape and texture study 607 

(Kim et al., 2019)), and in the independence of dimensions. Future experiments with larger 608 

sets of artificial textures could provide greater independent control of dimensions, espe-609 

cially regularity and directionality.  610 

 611 

Our regression model using four key perceptual parameters explained ~25% of response 612 

variance. Thus, other dimensions of texture or non-textural factors (e.g., orientation of the 613 

texture elements) no-doubt influence V4 responses and should be investigated in future 614 

studies. Nevertheless, our four-parameter model achieved levels of explained variance sim-615 

ilar to the 29-parameter texture model of Okazawa and colleagues (2015) and the contour-616 

based shape models of V4 with similarly few parameters (Pasupathy and Connor, 2001).  617 

 618 

Although we found a clear relationship between perceptual dimensions of texture and V4 619 

responses, we have not examined color, which greatly influences perception. Past studies 620 

have reported that chromatic features are processed more slowly than achromatic ones 621 

(Kelly, 1983; Burr et al., 1998; Cottaris and De Valois, 1998). Area V4 contains a class of 622 
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cells that respond most strongly to stimuli defined by chromatic contrast alone (equilumi-623 

nant to their background), but these responses emerge later than those to high luminance 624 

contrast stimuli (Bushnell et al., 2011), similar to texture selectivity. A broader analysis of 625 

dynamic processing across color, texture and form could reveal how the encoding of visual 626 

scenes with a rich array of attributes unfolds in midlevel stages.  627 

 628 

Our experiments were conducted in fixating animals and do not indicate whether the per-629 

ceptual dimensions were relevant to the monkey nor whether the dynamics of texture per-630 

ception correlate with those of V4 encoding. Studies that integrate monkey perceptual 631 

judgments (e.g., texture discrimination along the various texture dimensions) with neuro-632 

physiology are needed to address these questions. 633 

 634 

The diverse response dynamics of texture selective neurons suggest that various cortical 635 

mechanisms may be involved in texture processing and the influence of these various 636 

mechanisms may be integrated with different weights across neurons. An important goal 637 

for future study will be to characterize these distinct response dynamics as a function of 638 

cortical layer. In primate visual cortex, feedforward inputs are thought to terminate pri-639 

marily in layer 4, and feedback connections outside of layer 4 (Felleman and Van Essen, 640 

1991; Callaway, 2004). Superficial and deep layers, considered as the output stage to high-641 

er-order areas and feedback projections, respectively, also have slowly-conducting long-642 

range horizontal intracortical connections (Yoshioka et al., 1992; Markov et al., 2014) in-643 

terconnecting functionally similar clusters of cells (Grinvald et al., 1994; Bosking et al., 644 
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1997). If delayed processing of directionality and regularity is mediated by slow horizontal 645 

connections, neurons tuned to these higher-order features may be rare in layer 4.  646 

 647 

Modeling can also be used to provide insight into potential mechanisms of texture pro-648 

cessing. Deep convolutional neural networks (DCNNs) trained for image-based object 649 

recognition include units that can capture and predict response properties that gradually 650 

change along the visual hierarchy. For example, DCNN units in intermediate (but not early) 651 

layers exhibit qualities found in V2/V4 neurons such as tuning for boundary curvature, 652 

translation invariance and sensitivity to naturalistic textures (Pospisil et al., 2018; Laskar 653 

et al., 2020). However, the DCNNs lack dynamics, thus temporal aspects of neuronal re-654 

sponses were ignored. Future studies of spatiotemporal encoding within dynamic DCNNs 655 

trained on video sequences may address this limitation and provide a new tool for explor-656 

ing the relationship between dynamics and visual encoding.  657 

 658 

In conclusion, our results show that V4 neuronal response to naturalistic textures can be 659 

modeled by a weighted linear combination of multiple perceptual dimensions. Response 660 

modulation induced by directionality and regularity was significantly delayed relative to 661 

that induced by coarseness and contrast. This supports the hypothesis that the processing 662 

of higher-order texture attributes may be mediated by slower, non-feedforward connec-663 

tions. Future studies will reveal whether texture selectivity differs depending on anatomi-664 

cal factors, such as cortical layers, columns, etc.  665 

 666 

 667 
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Figure 1. Visual stimuli.  We used a set of 21 textures to study responses of V4 neurons. 796 

The ordering of textures along the four dimensions are shown: (A) Coarseness, (B) Direc-797 

tionality, (C) Regularity, and (D) Contrast. Along each axis, textures are rank-ordered; in (A) 798 

from fine to coarse, etc. Numbers below each texture image indicate the raw index value 799 

along each axis, and gray triangles indicate the corresponding z-scored value. Red triangles 800 

identify the median texture and the corresponding z-scored value along each axis. Each tex-801 

ture was presented in 4 orientations for a total of 84 stimuli (see Materials and Methods).  802 

 803 

Figure 2. Example neuron selective for coarse textures.  A. Peri-stimulus time histo-804 

grams (PSTHs) are shown for the 84 texture stimuli. All panels show the same data but dif-805 

ferently ordered in accordance with the rank-ordering in Figure 1, i.e. in ascending order of 806 

the index value along each of the four texture dimensions. From top to bottom for each 807 

panel, textures run from fine to coarse, non-directional to directional, irregular to regular 808 

and low-contrast to high-contrast, respectively. Color indicates response strength in ac-809 

cordance with the scale bar. Responses are smoothed with a Gaussian of σ= 5 ms.  B. Aver-810 

age PSTHs for the top and bottom halves along each texture dimension are shown in blue 811 

and red, respectively. For example, in the first panel at left, blue and red indicate responses 812 

to fine and coarse textures, respectively. Black asterisks indicate time points with signifi-813 

cant difference between red and blue curves (Mann-Whitney U test in a 30 ms sliding win-814 

dow, p<0.05). Statistically significant difference between responses to coarse and fine tex-815 

tures emerged 41 ms after stimulus onset.  C. The 20 most (top) and least (bottom) pre-816 

ferred textures based on the number of spikes during the 50 – 150 ms window after stimu-817 

lus onset (shading in B) are shown.  D. Scatter plots show neuronal responses to all texture 818 



 

 40 

stimuli during the 50 – 150 ms window as a function of each texture index. The 20 pre-819 

ferred and non-preferred textures in C are denoted by filled symbols.   820 

 821 

Figure 3. Example neuron selective for texture contrast.  Low contrast textures evoked 822 

stronger responses from Neuron 2 compared to high contrast textures (rightmost panels in 823 

A and B). Statistically significant difference between responses to low and high contrast 824 

textures emerged 43 ms after stimulus onset. A mild preference for coarse textures is nota-825 

ble later in the response. All conventions are as in Figure 2.  C. The 20 most and least pre-826 

ferred textures are shown based on the number of spikes during the 50 – 150 ms window 827 

after stimulus onset (shading in B).  D. Scatter plots show neuronal responses to all texture 828 

stimuli during the 50 – 150 ms window as a function of each texture index. Preferred and 829 

non-preferred textures shown in C are denoted by filled symbols. 830 

 831 

Figure 4. Example neuron selective for non-directional textures.  A-B. Textures lacking 832 

directional information evoked stronger responses from Neuron 3. Statistically significant 833 

difference between responses to non-directional and directional textures emerged 109 ms 834 

after stimulus onset.  C. The 20 most and least preferred textures are shown based on the 835 

number of spikes during the 100 – 400 ms window after stimulus onset (shading in B). All 836 

conventions as in Figure 2.  D. Scatter plots show neuronal responses to all texture stimuli 837 

during the 100 – 400 ms window as a function of each texture index. Preferred and non-838 

preferred textures shown in C are identified by filled symbols. 839 

 840 

Figure 5. Example neurons selective for multiple texture features.  A-B. Coarse and 841 
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irregular textures evoke strong responses from Neuron 4.  Statistically significant differ-842 

ence between responses to coarse and fine textures emerged 52 ms after stimulus onset 843 

while those between regular and irregular textures emerged later, at 100 ms. Statistically 844 

significant difference in response between directional and non-directional textures is also 845 

evident but this can be explained by the correlation between directionality and regularity 846 

in our stimulus set (see Results). C-F. Scatter plots show mean neuronal responses to all 847 

texture stimuli during the 50 - 150 ms (D) or 100 - 400 ms (F) epoch after stimulus onset 848 

as a function of each texture index. The 20 most and least preferred textures based on early 849 

activity (C) and later activity (E) are shown. All conventions as in Figure 2.   850 

 851 

Figure 6. Population results: relative contribution of different texture attributes.  A. 852 

Fitted weights for the four texture attributes based on the stepwise regression analysis for 853 

individual neurons are shown (see Materials and Methods). Models were based on neuronal 854 

responses in the 50 to 400 ms window after stimulus onset. Red and blue correspond to 855 

positive and negative weights, respectively (see color bar). The gray scale shows goodness 856 

of fit in terms of the correlation coefficient (Pearson’s r) between the observed and pre-857 

dicted responses for each neuron. Neurons (N1-N4) corresponding to examples in Figure 2-858 

5 are identified.  B. The pie plot shows relative proportions (and numbers) of neurons en-859 

coding single or multiple texture features based on the number of coefficients deemed sig-860 

nificant based on the stepwise regression model.  C. Tabulation of the frequency of the dif-861 

ferent combinations of feature dimensions that provided the best fit for neuronal respons-862 

es based on the regression models.  D. Distribution of goodness of fit values quantified by 863 

the correlation coefficient (r) between the observed and predicted data values from the 864 
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108 neurons with a statistically significant stepwise regression fit. Red dashed line indi-865 

cates the median value, 0.50.  E. The relative proportions of positive and negative weights 866 

for each texture attribute.  867 

 868 

Figure 7. Population results: temporal dynamics of the stepwise regression fit.  A. The 869 

fitted weights for the four attributes based on the stepwise regression model fit for indi-870 

vidual neurons. Models were based on neuronal responses in the 50 to 400 ms window af-871 

ter stimulus onset (Same as Figure 6A).  B. Weights as a function of time for the four tex-872 

ture attributes based on the stepwise regression fit. Models were based on neuronal re-873 

sponses within a 100 ms sliding window from -100ms to 500 ms sliding in 10 ms incre-874 

ments. Red and blue denote positive and negative weights, respectively.  C. Variance in tex-875 

ture weights across neurons (Varwt) is shown as a function of time for each of the four tex-876 

ture dimensions. High values of Varwt are an indicator of the emergence of selectivity.  D. 877 

Varwt normalized by the maximum across texture attributes, is plotted to facilitate direct 878 

comparison of the temporal dynamics. Varwt for coarseness and contrast rose rapidly and 879 

reached the maximum values no later than 100 ms after stimulus onset, whereas those for 880 

directionality and regularity evolved more slowly and reached the maximum values at 881 

about 150 ms after stimulus onset (see more details in the text).  882 

 883 

Figure 8. Temporal dynamics: the frequency of significantly modulated neurons.  884 

Each panel shows the number of significantly modulated neurons as a function of time for 885 

each texture dimension. Red lines at 100 ms after the stimulus onset are included to facili-886 

tate comparison across panels. 887 
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 888 

Figure 9. Decoding of texture category from population responses.  A. Decoding accu-889 

racy of SVM classifiers for each of the four texture dimensions is plotted as a function of 890 

population size. At each size, neurons were sampled with replacement to generate a simu-891 

lated sub-population, and a SVM was trained to assign each texture to one of two categories 892 

along each texture dimension (e.g., coarse vs. fine) based on spiking responses during the 893 

50-400 ms window after stimulus onset. The simulation was repeated 100 times, and the 894 

average cross-validation scores were obtained for each texture dimension. Error bars indi-895 

cate the standard error of the mean.  B. Time course of SVM classifier performance was 896 

quantified using a sliding window (bin width: 30 ms, step size: 1 ms) for a population size 897 

of 60 neurons. The simulation was repeated 100 times, and the average cross-validation 898 

scores were obtained for each texture dimension. Shaded area represents ± 1 standard er-899 

ror of mean. Arrows indicate the peak proportion correct for each curve.  900 
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