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12 ABSTRACT

13 In natural vision, objects are frequently partially occluded and thus perceived through local 

14 fragments, yet how such fragments are organized in neural representational space remains 

15 poorly understood. Using pigeons as a model, we combined behavior from a whole–part image 

16 categorization paradigm with population electrophysiological recordings from the 

17 mesopallium ventrolaterale (MVL) during passive viewing. We used CEBRA-time to embed 

18 neural time series into a low-dimensional space, defined category neural prototypes from 

19 population responses to whole images, and projected local patches into the same space to 

20 quantify their distances to the prototypes. This framework allowed systematic tests of how 

21 prototype distance relates to behavioral accuracy and patch semantics. In MVL, animal 

22 categories formed compact, prototype-centered clusters. Across patches, greater prototype 

23 distance predicted lower behavioral accuracy, and patches closer to the prototype were enriched 

24 for diagnostic semantic parts (e.g., heads and faces). By contrast, across multiple deep-network 

25 baselines, prototype distance neither reliably predicted behavior nor consistently reflected the 

26 semantic distribution of patches. Building on these baselines, we then introduced a local 

27 prototype learning mechanism in which category matching is governed by the proximity 

28 between local features and learned prototypes. The resulting network reproduced several MVL-

29 consistent geometric signatures, including prototype-centered clustering for animal categories 

30 and a negative relationship between prototype distance and behavior. Together, these results 

31 support the hypothesis that incomplete-object representations in pigeon MVL are organized by 

32 a diagnostic-part-related prototype geometry, and suggest that this geometry provides 

  



33 actionable neural constraints for brain-inspired vision models.

34 Keywords: Prototype representation; Local recognition; MVL population code; CEBRA-time 

35 embedding; Neural constrained network.
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37 INTRODUCTION

38 How the brain constructs category representations that are both stable and decision-relevant 

39 from high-dimensional, noise-corrupted and often incomplete sensory inputs is a central 

40 problem in visual recognition. Classic prototype theories propose that categories are 

41 represented by “prototypes” in a psychological or neural representational space: through 

42 experience, observers form a central tendency for each category, and the similarity or distance 

43 between a novel stimulus and category prototypes determines both its classification and the 

44 difficulty of that judgment (Posner & Keele, 1968; Rosch, 1975; Nosofsky, 1992). In vision, a 

45 prototype can be viewed as the center of a category in representational space, estimated from 

46 responses to multiple exemplars; the distance from an individual image to the prototype 

47 naturally indexes its typicality or deviation. Converging evidence from neuroimaging and 

48 electrophysiology further suggests that high-level visual cortices encode a prototype–typicality 

49 geometry: across both face space and object space, response magnitude and multivariate 

50 patterns often vary systematically with distance to a prototype or an average face, consistent 

51 with a representational organization anchored around central category statistics (Leopold et al., 

52 2001; Kahn et al., 2010; Iordan et al., 2016).

53 Although prior work has shown that prototype structure and its semantic composition can be 

54 characterized in detail under fully visible viewing conditions, real-world objects are often 

55 partially occluded and may appear only as local fragments. Under such locally visible 

56 conditions, visual recognition typically requires integrating part relations across space or 

57 engaging additional computations to support pattern completion and robust decisions (Orlov et 

  



58 al., 2018; Tang et al., 2018). Consistent with this view, computational modeling of human 

59 neural and behavioral data suggests that a single feedforward sweep is often insufficient to 

60 account for recognition under occlusion, and that recurrent and feedback processes play a 

61 critical role (Rajaei et al., 2019; Kar et al., 2019). From a prototype-representation perspective, 

62 however, a more specific question that remains largely untested is: when only local patches are 

63 available, how is this local evidence organized in representational space relative to the 

64 prototype? Put differently, to what extent is the distance from an individual patch to the 

65 category prototype—defined from whole-object responses—driven by low-level visual 

66 statistics versus the semantic cues carried by the patch (e.g., whether it contains diagnostic 

67 parts such as the head/face), and how does this “patch-level prototype distance” map onto 

68 actual categorization behavior?

69 In artificial vision, deep neural networks (DNNs) achieve high classification accuracy under 

70 fully visible conditions. However, extensive work has shown systematic discrepancies between 

71 their robustness and that of humans under occlusion, partial visibility, and cluttered 

72 backgrounds, and that they tend to rely more on texture-like local statistics than on 

73 compositional shape or part structure (Geirhos et al., 2019). This has motivated two closely 

74 related lines of research in recent years: first, developing models with stronger part-based 

75 inductive biases to improve occlusion robustness (Kortylewski et al., 2020); and second, 

76 evaluating and constraining models using human behavioral and neural data, with particular 

77 emphasis on recurrent computations that may be required under occlusion to explain the 

78 dynamics of human recognition in challenging conditions (Yamins & DiCarlo, 2016; Schrimpf 

  



79 et al., 2020; Maniquet et al., 2025). Together, these efforts provide important context for 

80 understanding local-to-global integration and how part evidence supports category decisions, 

81 yet mechanistic tests that link these questions to interpretable geometric quantities in avian 

82 visual systems remain scarce.

83 Relatedly, a separate line of machine-vision research has shown that prototype-, metric-, and 

84 matching-based learning frameworks can improve class discrimination by emphasizing class-

85 aware anchors, structured similarity, and informative local features (Tang et al., 2020, 2022, 

86 2023, 2025) and also highlight the broader usefulness of prototype-based representations in 

87 visual learning and interpretation (Wang et al., 2023; Zhou & Wang, 2024). Although these 

88 studies are not aimed at neural interpretability, they provide useful computational background 

89 for the prototype-based modeling strategy examined here.

90 Birds—pigeons in particular—offer a powerful model system for addressing these questions. 

91 Extensive behavioral work shows that pigeons can learn and maintain stable category 

92 judgments even when objects are fragmented, occluded, or presented as isolated patches, and 

93 that they tend to rely on diagnostic local cues rather than complete global contours (Wasserman 

94 et al., 2024; Clark & Colombo, 2022; Qadri & Cook, 2015). This behavioral competence makes 

95 pigeons well suited for probing how local fragments are encoded relative to category prototypes. 

96 At the neural level, the avian mesopallium ventrolaterale (MVL) is a key node in the tectofugal 

97 visual pathway and exhibits selectivity for object categories and complex shapes; population 

98 activity in MVL can support category discrimination (Azizi et al., 2019; Anderson et al., 2020; 

99 Clark et al., 2022). Nevertheless, prior studies have largely focused on single-neuron tuning 

  



100 and decoding with whole-object stimuli, leaving open whether MVL category “centers” (i.e., 

101 neural prototypes) are systematically linked to the semantic content of local patches and to 

102 behavioral performance.

103 Here we address this gap by integrating behavioral experiments, population 

104 electrophysiology from pigeon MVL, and deep-network modeling within a unified 

105 representational framework. We first established pigeons’ robust category recognition in an 

106 active object categorization task, and then recorded MVL population responses during passive 

107 viewing to the same set of whole images and their corresponding local patches. Using 

108 population responses to whole images, we defined an MVL prototype for each category and 

109 projected local patches into the same representational space. We then tested, along the axis of 

110 prototype distance, how patch-to-prototype relationships predict behavioral accuracy and relate 

111 to semantic part annotations and low-level visual features. Our results show that MVL 

112 prototype distance differentiates patches carrying diagnostic semantic evidence from 

113 nondiagnostic fragments. We next examined internal representations of a canonical deep 

114 network on the same stimulus set and found that its prototype distance fails to jointly account 

115 for behavioral performance and the semantic distribution of patches. Building on this analysis, 

116 we constructed a bird-like network by introducing local prototype learning mechanism, 

117 demonstrating that a semantics-sensitive prototype geometry can be abstracted into an explicit 

118 computational principle and transferred to artificial models. Together, this framework both 

119 characterizes the prototype-based organization of category representations in avian MVL under 

120 fragmentary viewing and provides concrete neural constraints for developing more biologically 

  



121 grounded vision models.
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123 MATERIALS AND METHODS

124 Subjects

125 We performed chronic electrophysiological recordings in 10 adult pigeons (Columba livia; 

126 both sexes; ~1 year old; 300–400 g) prepared for electrophysiological experiments. Before 

127 experiments, birds were housed individually under a natural light–dark cycle, with mixed grain 

128 diet and ad libitum water. Food intake was controlled to maintain body weight at 80–90% of 

129 free-feeding weight. Among these birds, 6 adult pigeons were also used for behavioral training 

130 under the same housing conditions; mild food restriction was used such that birds obtained 

131 their daily food through training. All procedures were approved by the Life Science Ethics 

132 Review Committee of Zhengzhou University and complied with institutional animal care and 

133 use guidelines.

134 Surgery and electrode implantation

135 Pigeons were anesthetized with 20% ethyl carbamate at 0.3 mL/100 g body weight. After 

136 anesthesia, feathers over the head and around the ears were removed, and the animal was 

137 secured in a custom stereotaxic apparatus (Shenzhen RWD Life Science Co., Ltd., RWD). The 

138 scalp was incised to expose the skull. Using the anterior–posterior (AP) axis as reference (AP 

139 zero), the reference position was determined by measuring the distance between the bregma 

140 point and the ear bars. Target coordinates for MVL followed the pigeon brain atlas (MVL: AP 

141 11, ML 4.5, DV 2.0) (Karten & Hodos, 1967). Recordings were performed with a 16-channel 

142 tungsten microelectrode array (Suzhou Kedou Brain–Computer Technology Co., Ltd.; 4×4 

143 array; 250 μm inter-electrode spacing; 3 mm electrode length; ~800 kΩ impedance). DV was 

  



144 set to 0 when electrodes contacted the brain surface. A small craniotomy was drilled and the 

145 dura was carefully opened. Electrodes were lowered at ~1 mm per 10 min to minimize tissue 

146 deformation. The reference wire was placed subcutaneously as the ground electrode 

147 (Supplementary Figure S1A). The electrode array was fixed with dental resin. After recovery, 

148 birds were returned to their home cages and neural recordings were performed after 5 days of 

149 recovery.

150 Active behavioral paradigm

151 To probe prototype organization in MVL, the stimulus set comprised whole and local natural 

152 images from four object categories: human, pigeon, ship, and tree. Human and pigeon were 

153 grouped as “animal,” whereas ship and tree were grouped as “non-animal.” Whole-category 

154 images (“whole images”) were 1080×1080 px. Local patches were generated by sampling 

155 random centers and cropping 270×270 px patches to cover different object parts (Figure 1A; 

156 Supplementary Figure S2).

157 Six pigeons were trained in a delayed matching-to-sample task using a behavioral training 

158 chamber (Supplementary Figure S1C). Before formal training, birds learned to peck a key to 

159 obtain food reward. In each trial (Figure 1C), a white dot appeared to prompt trial initiation; a 

160 peck started the trial. After a 1.5 s blank period, a whole image was presented for 1 s, followed 

161 by a 0.5 s delay. Two choice images then appeared: one from the correct category and one from 

162 a randomly selected incorrect category. The bird indicated its decision by pecking the 

163 corresponding key. Training was conducted daily and performance was tracked; pigeons that 

164 reached ≥80% accuracy advanced to the test phase. Five pigeons met this criterion and 

  



165 proceeded to testing (Supplementary Figure S3). The testing procedure was identical except 

166 that sample stimuli were local patches rather than whole images.

167 Passive viewing paradigm

168 To examine the bottom-up, perception-driven organization of neural prototypes in MVL, we 

169 performed passive-viewing recordings to collect neural signals from trained pigeons. The 

170 paasssive task used the same stimulus set as the aactive task.

171 Stimuli were presented using MATLAB Psychophysics Toolbox (Psychtoolbox, PTB). 

172 Images were displayed on a 50-inch, 16:9 monitor positioned ~20–40 cm from the pigeon’s 

173 head (3840×2160 resolution; 100 Hz refresh rate; 36.486 pixels/cm), covering a maximum 

174 visual angle of ~138°×112°. Because pigeons show a right-eye dominance (Güntürkün & 

175 Hahmann, 1994; Güntürkün et al., 2000), recordings were performed in the left MVL while the 

176 left eye was occluded, ensuring stimulation through the right eye only. The display was color-

177 calibrated prior to experiments and monitor placement was adjusted to match the bird’s typical 

178 viewing geometry (Wang et al., 2025; Supplementary Figure S1B). Before each recording 

179 session, receptive fields were coarsely mapped and monitor position was fine-tuned so that the 

180 receptive-field center aligned with the center of the display area. In the passive task, stimulus 

181 duration was 1 s, followed by a randomly jittered inter-stimulus interval of 10–20 s.

182 Neural data acquisition and spike sorting

183 Neural signals were acquired using a Cerebus multichannel recording system (Blackrock 

184 Microsystems, Salt Lake City, UT, USA), amplified, filtered, and digitized at 30 kHz. For spike 

185 extraction, signals were bandpass-filtered between 300 Hz and 5 kHz, and threshold crossings 

  



186 were detected using a threshold of −4 to −6 standard deviations of the signal. Task events (e.g., 

187 stimulus onset/offset) were synchronized and recorded for subsequent analyses.

188 Spike sorting was performed using Kilosort (Pachitariu et al., 2016), followed by manual 

189 curation and quality control in Phy2 (Rossant et al., 2016). Only well-isolated units with 

190 statistically reliable separability were retained. Neurons were classified into broad- versus 

191 narrow-spiking groups based on waveform features (e.g., spike width/repolarization-related 

192 metrics) and baseline firing statistics (Ditz et al., 2022; Trainito et al., 2019) (Supplementary 

193 Figure S4). Because no significant differences in response properties were observed between 

194 the two classes (Supplementary Figure S4), neurons were pooled for all main analyses.

195 Basic response quantification

196 Visual responses were quantified using baseline-subtracted firing rates. For each unit, 

197 baseline firing rate was computed in a pre-stimulus window (−3000 to 0 ms) and subtracted 

198 from the mean firing rate during the response window (50–300 ms after stimulus onset). For 

199 each image, responses were averaged across repeated trials (n=3) to yield a single response 

200 value. Peri-stimulus firing-rate time courses were computed using a sliding window (100 ms 

201 window length; 1 ms step).

202 Decoding analysis

203 To assess category separability in population activity for whole images and local patches, 

204 we performed both 4-way (human/pigeon/ship/tree) and 2-way (animal vs non-animal) 

205 decoding. Trial labels were assigned based on stimulus category. Decoding performance was 

206 evaluated with five-fold cross-validation. To examine how decoding depended on population 

  



207 size, we randomly subsampled increasing numbers of neurons from the full set recorded in 

208 each pigeon, repeated this procedure 50 times, and reported mean accuracy ± standard 

209 deviation across repetitions. A linear support vector machine (linear SVM) classifier was used 

210 (Majaj et al., 2015), treating each neuron’s response as one feature dimension and optimizing 

211 a linear decision boundary.

212 Neural prototype geometry in MVL

213 Following classic prototype theory, we defined the category prototype as the category center 

214 in MVL population representational space: the prototype for category c was the mean 

215 population response to the whole images of that category (Posner & Keele, 1968; Leopold et 

216 al., 2001; Iordan et al., 2016). To construct time-resolved population vectors while controlling 

217 dimensionality, firing-rate time courses were smoothed and downsampled. For each neuron, 

218 we extracted the firing-rate trace from 50–300 ms post-stimulus, yielding 250 time points, and 

219 applied a moving average with a 50 ms window and 10 ms step to compress to 𝑇 = 25time 

220 bins. This produced a single-trial time-series vector 𝑓𝑛(𝑡) ∈ ℝ𝑇per neuron. For each trial, 

221 vectors were concatenated across neurons to form a population time series of shape 𝑁neurons

222 × 𝑇, which served as input to CEBRA-time embedding.

223 CEBRA-time embedding and trial-level representation: To characterize population-level 

224 representational geometry, we embedded the population time series using CEBRA-time 

225 (Schneider et al., 2023), a contrastive learning method that leverages temporal proximity: 

226 temporally adjacent segments within the same trial are treated as similar samples, whereas 

227 temporally distant segments or segments from other trials are treated as dissimilar. The model 

  



228 learns smooth low-dimensional representations without using category labels.

229 In implementation, each trial’s 𝑁neurons × 𝑇population time series was fed into CEBRA-

230 time. We used the offset10-model architecture described for time-series data in the original 

231 work, with batch size 512, learning rate 3 × 10―4, and 4000 maximum iterations. The 

232 embedding dimension was set to 3 for visualization and downstream geometric analyses. After 

233 training, each time bin was mapped to a 3D embedding 𝑧𝑐,𝑖(𝑡) ∈ ℝ3, corresponding to category 

234 𝑐, image 𝑖, and time 𝑡. Because our focus was prototype geometry rather than temporal 

235 dynamics, we summarized each trial trajectory by its temporal mean, yielding a single trial-

236 level point:

237 𝐳𝑐,𝑖 =
1
𝑇

𝑇

𝑡=1
𝐳𝑐,𝑖 (𝑡).

238 Category prototypes were defined as the mean of whole-image embeddings within each 

239 category:

240 𝐩𝑐 =
1
𝑛𝑐

𝑛𝑐

𝑖=1
𝐳𝑐,𝑖 ,

241 where 𝑛𝑐is the number of whole images in category 𝑐. For each local patch, we computed its 

242 embedding 𝐳patchusing the same preprocessing and the trained CEBRA mapping, and defined 

243 prototype distance as the Euclidean distance to the corresponding category prototype:

244 𝑑proto = ∥ 𝐳patch ― 𝐩𝑐 ∥2.

245 Because the embedding vectors were L2-normalized, Euclidean distance in the embedding 

246 space is equivalent to cosine distance; thus, our prototype-distance measure captures pattern 

247 geometry rather than amplitude effects.

  



248 To quantify the relationship between prototype distance and recognition accuracy, we used 

249 Pearson correlation. This analysis tests a clear continuous-variable relationship—namely, 

250 whether prototype distance linearly predicts recognition accuracy. Pearson correlation provides 

251 a direct estimate of the direction and strength of this linear association.

252 Because local patches were cropped from the same set of full images used to define category 

253 prototypes, we conducted a control to ensure that the reported effects were not driven by this 

254 stimulus-set coupling. Specifically, we implemented a cross-validated (disjoint-set) prototype 

255 estimation procedure: prototypes were computed from a subset of whole images, and prototype 

256 distances and all downstream analyses were evaluated on held-out whole images and their 

257 corresponding patches, ensuring that prototype anchors were estimated from data independent 

258 of the test stimuli. The cross-validated results were highly consistent with the original analyses, 

259 supporting the robustness of our conclusions (Supplementary Figure S5).

260

261 Behavioral accuracy and prototype-distance heatmaps: To visualize the spatial distribution 

262 of behavioral performance and prototype distance over image space, we constructed a 

263 behavioral-accuracy heatmap and a prototype-distance heatmap for each whole image. Let 𝑅𝑖,𝑘

264 ⊂ Ωdenote the pixel set covered by patch 𝑘cropped from image 𝑖, where Ωis the set of pixel 

265 coordinates in the whole image. For each patch, we obtained prototype distance 𝑑proto
𝑖,𝑘 from 

266 the CEBRA embedding and behavioral accuracy 𝑝beh
𝑖,𝑘 from the active task (averaged across 

267 animals and repeated trials). For any pixel location 𝐱 ∈ Ω, we averaged values over all patches 

268 covering that pixel:

  



269 𝐻proto
𝑖 (𝐱) =

1
∣𝒦(𝐱)∣

𝑘∈𝒦(𝐱)
𝑑proto

𝑖,𝑘 ,𝐻beh
𝑖 (𝐱) =

1
∣𝒦(𝐱)∣

𝑘∈𝒦(𝐱)
𝑝beh

𝑖,𝑘 ,

270 where 𝒦(𝐱) = {𝑘∣𝐱 ∈ 𝑅𝑖,𝑘}indexes patches covering pixel 𝐱. Spatial coupling between 

271 prototype distance and behavioral performance was quantified using Pearson correlation, 

272 Spearman correlation, and mutual information computed over paired pixel-wise samples from 

273 𝐻proto
𝑖 and 𝐻beh

𝑖 . This analysis treats the two maps as paired two-dimensional fields and asks 

274 whether they exhibit global spatial concordance across corresponding locations. Because 

275 heatmap values can be non-normally distributed, include outliers, and show relationships that 

276 may be non-linear yet monotonic, we report both Pearson and Spearman correlations. Pearson 

277 correlation captures linear agreement in pixel-wise intensities, whereas Spearman correlation 

278 captures rank-order agreement and is more robust to scale differences and outliers. In addition, 

279 mutual information provides a complementary, model-free measure of statistical dependence 

280 that can capture non-linear associations not reflected by correlation alone. Together, these 

281 metrics provide a robust and interpretable characterization of spatial coupling between 𝐻𝑝𝑟𝑜𝑡𝑜
𝑖

282 and 𝐻𝑏𝑒ℎ
𝑖 .

283 Deep network modeling

284 Baseline model (AlexNet): We used ImageNet-pretrained AlexNet (Krizhevsky et al., 2012), 

285 ResNet (He et al., 2016), ConvNeXt (Liu et al., 2022), and Vision Transformer (ViT; 

286 Dosovitskiy et al., 2021), together with the biologically motivated CORnet model (Kubilius et 

287 al., 2019), as baseline architectures for comparison. AlexNet served as a “mammal-style” 

288 reference model, as its higher-level features have been widely used as analogs of primate 

289 ventral-stream and inferotemporal (IT) representations (Yamins et al., 2014; Khaligh-Razavi 

  



290 & Kriegeskorte, 2014; Güçlü & van Gerven, 2015; Yamins & DiCarlo, 2016; Rose et al., 2021). 

291 To cover a broader range of inductive biases and computational mechanisms, we additionally 

292 included modern architectures: ResNet and ConvNeXt as representative convolutional 

293 networks (residual learning and contemporary ConvNet design) to assess robustness of 

294 conclusions across the CNN family; ViT as a patch-token, global self-attention framework to 

295 contrast architecture-dependent local-to-global integration; and CORnet as a recurrent, 

296 neuroscience-oriented model with an explicit ventral-stream stage mapping, providing a closer 

297 proxy for biological visual circuitry.

298 In this study, all networks were fine-tuned on the whole-image stimulus set. We replaced the 

299 original classification head with a 4-way classifier and optimized it using a cross-entropy loss. 

300 During fine-tuning, the backbone was trained with a learning rate of 1 × 10―5, whereas the 

301 classification head used a learning rate of 3 × 10―4. After fine-tuning, the same whole images 

302 and local patches used in the behavioral and MVL experiments were preprocessed following 

303 standard deep-network conventions and fed into each model. We then extracted activation 

304 vectors from representative layers at different processing stages (Table 1) as the primary 

305 features for representational analyses. These features were subsequently input to CEBRA-time 

306 to obtain a “network embedding space,” within which we defined “network prototypes” and 

307 computed patch-to-prototype distances using exactly the same pipeline as for MVL. 

308 Bird-like network with neural alignment and prototype constraints: After identifying 

309 systematic differences between deep-network and MVL representational geometry, we further 

310 asked whether, while keeping the front-end network feature extractor unchanged, the network 

  



311 could be transformed into a more MVL-like “bird-like” model in representational geometry by 

312 introducing local prototype learning (Chen et al., 2019). This approach is related both to prior 

313 efforts to “neural-tune” deep networks using representational similarity, RDM alignment, or 

314 behavioral objectives (Yamins & DiCarlo, 2016; Schrimpf et al., 2018; Nonaka et al., 2021; 

315 Jacob et al., 2021), and to prototype- and metric-based representation learning in machine 

316 vision, where class-aware anchors or matching spaces are used to facilitate few-shot or fine-

317 grained recognition (Tang et al., 2020, 2022, 2023). In contrast to directly enforcing 

318 representational alignment as an explicit optimization target, our goal here is to test whether a 

319 prototype-based inductive bias, formulated as a mechanism-level learning rule, can reproduce 

320 key aspects of the neural geometry observed in MVL, without claiming that the biological 

321 system necessarily implements the same algorithmic form.

322 We again used the pretrained deep-networks frontend as a feature extractor 𝑓front( ⋅ ). 

323 Given an input image 𝐱, we extracted the feature vector 𝐡 = 𝑓front(𝐱) ∈ ℝ𝐷 and divided into 

324 7 ∗ 7local feature vectors. We then appended trainable local prototype bank 𝑃 ∈ ℝ𝐶×𝐾, where 

325 𝐶denotes the number of categories and 𝐾the number of local prototypes per category. During 

326 training, each local feature was compared against the class-specific prototypes to compute 

327 similarity scores; the class with the highest matching score was taken as the final classification 

328 output, and the prototype bank was updated via backpropagation together with the rest of the 

329 trainable parameters. During inference, the prototype bank was fixed and predictions were 

330 obtained directly from the matching between local patches and the prototype bank. Training 

331 used only a cross-entropy loss. The backbone was optimized with a learning rate of 1 × 10―5, 

  



332 whereas the prototype bank and classification head used a learning rate of 3 × 10―4. The 

333 model was trained using only whole images and evaluated on local patches.

334 All models were implemented in PyTorch, with the runtime environment Python 3.9, torch 

335 2.7.1, and torchvision 0.22.1. CORnet-S was loaded using its public GitHub implementation, 

336 whereas all other pretrained models were instantiated from the official torchvision.models 

337 implementations.

338 Histology

339 After experiments, pigeons were euthanized by overdose injection of 20% urethane, 

340 followed by transcardial perfusion. The circulatory system was flushed with phosphate-

341 buffered saline (PBS) and fixed with 4% paraformaldehyde (PFA). Brains were removed and 

342 post-fixed in 4% PFA for ~12 h, then cryoprotected in 30% sucrose at 4°C for 48 h. Tissue was 

343 frozen and coronally sectioned at 20 μm thickness. Sections were stained for cytochrome 

344 oxidase and examined under a microscope to verify electrode tracks and lesion sites 

345 (Supplementary Figure S1D).

346   



347 RESULTS

348 Behavioral performance and MVL population decoding validate the experimental 

349 paradigm

350 We first established the reliability of our paradigm at both the behavioral and neural levels. 

351 In the active task, pigeons’ choices gradually improved from near-chance performance during 

352 training and eventually stabilized at accuracies well above chance across multiple consecutive 

353 sessions (Supplementary Figure S3). Here, chance level was defined as 25% for the four-way 

354 categorization (human/pigeon/ship/tree) and 50% for the animal vs non-animal binary 

355 categorization. Upon entering the test phase, overall accuracy decreased relative to training but 

356 remained above chance, indicating that the animals had formed robust category representations 

357 for this stimulus set. Final performance in the training and test phases is summarized in Figure 

358 1D, providing the empirical basis for quantitatively linking behavior to neural representational 

359 structure in subsequent analyses.

360 To verify at the neural level that MVL carries sufficient category information, we recorded 

361 population responses in left MVL from 10 chronically implanted pigeons during passive 

362 viewing while presenting the same stimulus set as in the behavioral task. After spike sorting 

363 and unit quality control, we obtained 257 well-isolated units for analysis. Neural features were 

364 constructed as each neuron’s mean firing rate within the evoked response window (50–300 ms 

365 after stimulus onset). We then performed category decoding using a linear support vector 

366 machine (linear SVM). Importantly, decoding analyses were conducted separately for whole 

367 images and for local patches (i.e., training and testing within each stimulus type), allowing us 

  



368 to assess category information under full-view versus fragmentary viewing conditions. For 

369 each pigeon, we randomly subsampled increasing numbers of neurons, repeated decoding to 

370 quantify variability, and evaluated performance with cross-validation as described in Methods. 

371 Decoding accuracy increased monotonically with the number of neurons and gradually 

372 approached saturation at larger population sizes (Figure 1E). This characteristic rise-to-

373 saturation profile indicates that MVL population activity contains substantial category 

374 information that is encoded in a distributed manner: single neurons contribute limited 

375 discriminative power, whereas recruiting larger neuronal ensembles markedly improves 

376 classification.

377 Single-unit analyses further supported the quality and stability of the recorded signals. Spike-

378 sorting quality metrics, waveform features, category selectivity indices, and representative 

379 raster plots all indicated high signal-to-noise ratios and reliable visually evoked responses 

380 (Supplementary Figure S4A–D). Together, robust behavioral performance in the active task 

381 and decodable category-specific activity in MVL during passive viewing demonstrate that our 

382 paradigm elicits reliable decisions and measurable category representations at the population 

383 level, thereby establishing a solid foundation for the subsequent analyses of representational 

384 geometry and prototype organization in MVL.

385 MVL forms animal-category prototypes that couple to behavior

386 Having established the validity of the task and recordings, we next examined the geometric 

387 organization of MVL population representations. Our goal was not merely to determine 

388 whether category information could be decoded, but to characterize how MVL organizes 

  



389 category structure in representational space, and whether animal versus non-animal categories 

390 show systematic geometric differences. To this end, we selected three pigeons with the highest 

391 recording quality and embedded their population time-series responses to all whole images and 

392 local patches from the passive-viewing task into a low-dimensional space using CEBRA-time, 

393 yielding an embedding that preserves temporal structure while capturing condition-dependent 

394 differences.

395 In the resulting CEBRA space, the category prototypes were well separated (Figure 2A, right; 

396 stars denote category prototypes). For animal-category stimuli, MVL representations exhibited 

397 compact, prototype-centered clustering, forming distinct clouds around their respective 

398 prototypes. In contrast, non-animal stimuli were distributed more diffusely in the same space 

399 and showed a weaker clustering tendency (Figure 2A; Supplementary Figure S6A). Building 

400 on this observation, we quantified euclidean prototype distance for each local patch relative to 

401 its corresponding category prototype, where prototypes were defined from MVL responses to 

402 whole images. Animal-category patches were, on average, closer to the category center, 

403 whereas non-animal patches showed larger distances and a broader distribution (Figure 2B; 

404 Supplementary Figure S6B). Thus, both the embedding geometry and the distance statistics 

405 indicate that MVL representations for animal categories are more compact and prototype-

406 centered, whereas non-animal categories are encoded in a more heterogeneous and dispersed 

407 manner.

408 We next linked prototype distance to behavioral performance in the active categorization 

409 task. Within each pigeon, animal-category prototype distance was negatively correlated with 

  



410 behavioral accuracy: patches closer to the prototype were more likely to be correctly classified, 

411 whereas accuracy declined as distance increased (Figure 2C; Supplementary Figure S6C; 

412 correlation coefficients and p values are reported in the figure legends). In contrast, the same 

413 within-subject analysis for non-animal categories did not reveal a stable relationship between 

414 prototype distance and behavior, with correlations near zero or showing only weak trends. This 

415 dissociation indicates that MVL prototypes are not only geometrically more salient for animal 

416 categories but are also functionally meaningful, such that distance to the prototype indexes 

417 decision difficulty. Collectively, these results support a prototype-centered decision geometry 

418 in MVL, at least for animal categories.

419 Prototype distance primarily reflects diagnostic semantic parts rather than low-level 

420 visual features

421 The observation that prototype distance predicts behavioral accuracy for animal categories 

422 raises a central question: what does MVL prototype geometry encode? Specifically, does 

423 prototype distance primarily reflect low-level visual statistics (e.g., contrast or texture), or 

424 higher-level information about diagnostic semantic parts? To address this, we analyzed the 

425 relationship between prototype distance and stimulus content at three complementary levels: 

426 spatial mapping, qualitative visualization, and quantitative annotation.

427 First, we constructed prototype-distance heatmaps by assigning each patch’s prototype 

428 distance to all pixels covered by that patch and averaging values in overlapping regions. This 

429 yielded a pixel-wise map of prototype distance over each whole image (Figure 3A, bottom). In 

430 parallel, we constructed behavioral-accuracy heatmaps from the active task using the same 

  



431 mapping procedure (Figure 3A, top). For animal categories, these two maps showed a 

432 pronounced spatial coupling: regions associated with higher behavioral accuracy tended to 

433 exhibit smaller prototype distances to the category prototype, whereas low-accuracy regions 

434 tended to coincide with larger prototype distances. This coupling was markedly weaker for 

435 non-animal categories. We quantified coupling for each image by computing mutual 

436 information, Pearson correlation, and Spearman correlation between the paired heatmaps, and 

437 then statistically evaluated these image-level values across the stimulus set. This analysis 

438 revealed consistently stronger coupling for animal categories (Figure 3B; Supplementary 

439 Figure S7A), further supporting the functional relevance of prototype distance in animal 

440 recognition.

441 To more directly interpret what image content corresponds to different distances, we next 

442 visualized animal-category patches that were closest and farthest from the neural prototype 

443 (left 10 vs right 10; Figure 3C; non-animal examples in Supplementary Figure S7B). Close-to-

444 prototype patches typically contained highly diagnostic semantic parts—most prominently the 

445 head/face region and its immediate context—whereas far-from-prototype patches more often 

446 consisted of body boundaries or highly localized texture fragments that are unlikely to support 

447 reliable categorization in isolation.

448 We then formalized this observation using explicit semantic annotation. Each local patch 

449 was labeled with a binary indicator denoting whether it contained key diagnostic parts 

450 (head/face). As prototype distance increased, the fraction of patches containing these diagnostic 

451 semantic parts decreased (Figure 3D). Thus, patches nearer the prototype were more likely to 

  



452 carry semantic evidence critical for animal categorization, whereas patches farther from the 

453 prototype were more likely to lack such evidence. To validate this interpretation, we excluded 

454 head/face-containing patches and re-ran the analysis pipeline; the prototype–behavior coupling 

455 effect was indeed attenuated (Supplementary Figure S8). No analogous a priori semantic-part 

456 label was imposed for the non-animal categories, because no comparably validated local 

457 semantic criterion was available for ship or tree patches in the current stimulus set.

458 Finally, to rule out confounds from low- and mid-level image properties, we further 

459 quantified several patch-level attributes, including Sobel edge density, image entropy, LBP 

460 entropy, as well as curvature distributions and contour organization, and examined their 

461 relationships with prototype distance (Figure 3E; Supplementary Figure S7C; Supplementary 

462 Figure S9). Overall, these low-level metrics showed little to no association with prototype 

463 distance. Taken together, these results support the interpretation that MVL prototype distance 

464 primarily reflects whether an animal patch contains diagnostic semantic parts (for animals, 

465 head/face), and that the key effect is not driven by coarse low-level visual statistics.

466 Baseline models show a non-MVL prototype geometry

467 The semantics-sensitive prototype geometry observed in MVL, together with its tight 

468 coupling to behavior, raises a key question: is this organization a generic property of any high-

469 performing visual classifier, or a distinctive feature of the avian high-level visual system? To 

470 address this, we selected a set of representative modern convolutional and transformer 

471 architectures—AlexNet (Krizhevsky et al., 2012), ResNet (He et al., 2016), ConvNeXt (Liu et 

472 al., 2022), and the Vision Transformer (ViT; Dosovitskiy et al., 2021)—as well as the 

  



473 biologically motivated CORnet model (Kubilius et al., 2019) as baseline comparators.

474 Using the same stimulus set, we extracted feature vectors from multiple layers of the fine-

475 tuned models corresponding to early, intermediate, and late processing stages (Table 1), for 

476 both whole images and local patches, and constructed a low-dimensional representational space 

477 using the same CEBRA embedding pipeline as in the MVL analyses, to ensure methodological 

478 comparability. Because the MVL analyses were based on time-series responses (𝑇 = 25 bins) 

479 whereas model features are static (𝑇 = 1), we additionally performed a matched control 

480 analysis by averaging the MVL representations over time (𝑇 = 1) and re-running the full 

481 pipeline. Although the point-cloud distribution in the embedding space changed, the key 

482 results—including prototype distances and their correlations with behavior—remained 

483 consistent with the original analyses (Supplementary Figure S10-11).

484 In the CEBRA embedding space, for all baseline models, only the late-stage representation 

485 vectors yielded clearly separable category information, indicating that the deep layers provide 

486 sufficient discriminative capacity for this task, whereas early and intermediate layers are not 

487 sufficient to support complex categorization (Fig. 4A; Supplementary Figure S12-15). In terms 

488 of the point-cloud geometry in the embedding space, the baseline models also spontaneously 

489 exhibit clustered versus dispersed configurations. However, unlike MVL, they show a 

490 pronounced tendency to form a compact cluster for the tree category while dispersing other 

491 categories, potentially because canopy-related visual features occupy a large proportion of both 

492 whole images and local patches, making tree stimuli highly similar in feature space (Fig. 4A; 

493 Supplementary Figure S12-15). We next defined an “model prototype” for each category as 

  



494 the mean representation of that category’s whole images, and computed each patch’s euclidean 

495 distance to its corresponding prototype. Strikingly, the resulting prototype-distance 

496 distributions showed the opposite pattern to MVL: animal-category patches tended to lie farther 

497 from their prototypes, whereas non-animal patches tended to lie closer (Figure 4A,B; 

498 Supplementary Figure S16A,B; Supplementary Figure S12-15). Thus, even when prototype 

499 definition and distance metrics were matched to the neural analyses, all baseline models 

500 exhibited a fundamentally different prototype geometry from pigeon MVL.

501 Critically, model prototype distance also failed to reproduce the functional coupling 

502 observed in MVL. We related patch-to-prototype distance to the network’s own decision 

503 variable, defined as the probability for the correct class produced by the trained classification 

504 head. In this analysis, animal stimuli exhibited a trend opposite to MVL, with larger prototype 

505 distance associated with higher correct-class probability, whereas non-animal stimuli showed 

506 the reverse (Figure 4C). Moreover, when examined within individual categories, the correlation 

507 between patch prototype distance and correct-class probability was near zero (Supplementary 

508 Figure S16C; Supplementary Figure S12-15). Together, these results argue against a single, 

509 domain-general prototype-distance axis in these baseline models that consistently captures 

510 recognition difficulty across semantic domains. Instead, the network’s “prototypes” appear 

511 more akin to discriminative centers shaped by the classification objective, rather than a stable, 

512 semantically unified geometry that predicts decision difficulty across categories, as observed 

513 in MVL.

514 To further contrast baseline models with MVL in image space, we constructed prototype-

  



515 distance heatmaps from AlexNet representations (Figure 4E). Unlike MVL-based heatmaps, 

516 which showed pronounced part-specific structure (Figure 3A, bottom), AlexNet heatmaps were 

517 comparatively uniform within images and were dominated by between-category offsets in 

518 overall distance magnitude (with animal categories exhibiting larger prototype distances, i.e., 

519 lighter colors). Quantifying the relationship between AlexNet prototype-distance heatmaps and 

520 pigeons’ behavioral-accuracy heatmaps using mutual information, Pearson correlation, and 

521 Spearman correlation revealed no reliable animal–non-animal dissociation; in some cases, 

522 correlations even became negative (Figure 4D; Supplementary Figure S7D). This convergent 

523 evidence further indicates that deep-network lacks the stable and unified semantic prototype 

524 structure expressed by MVL population codes.

525 This contrast is informative in two ways. First, it demonstrates that the semantic prototype 

526 geometry observed in MVL is not an inevitable consequence of high classification performance, 

527 but instead reflects a specific representational organization that does not automatically emerge 

528 in a canonical DNN. Second, under the present task setting, mammal-style DNNs and pigeon 

529 MVL differ in how local evidence is organized relative to category prototypes: the former is 

530 more strongly shaped by the training objective and dataset statistics, whereas the latter exhibits 

531 a more prototype-centered organization associated with diagnostic semantic parts and 

532 behavioral performance. These observations motivate our subsequent approach of introducing 

533 local prototype learning to transform a standard DNN toward MVL-like representational 

534 geometry.

535

  



536 A local prototype learning mechanism reproduces MVL-like prototype geometry

537 Having identified systematic differences between MVL and DNN in representational 

538 geometry and prototype organization, we next asked whether a standard DNN could be 

539 endowed with a prototype-based inductive bias such that its internal geometry would more 

540 closely resemble several features observed in avian MVL. To this end, we designed a local 

541 prototype bank to learn category prototypes, enabling end-to-end training of the entire network. 

542 Training was performed using only whole images, whereas evaluation was conducted on local 

543 patches, and the objective was standard cross-entropy classification loss (Figure 5A). We 

544 performed this procedure across different backbone baselines; during training, the loss 

545 decreased steadily and classification accuracy showed an overall increasing trend with 

546 iterations (Figure S17A; Supplementary Figure S18A), indicating effective convergence.

547 After training, we first evaluated performance on local patches. The modified network 

548 achieved higher classification accuracy on patch stimuli than the original baseline (Figure 5B; 

549 Supplementary Figure S18B), suggesting that introducing the local prototype learning 

550 mechanism improves the model’s ability to utilize local information under fragmentary 

551 viewing.

552 We then examined whether the modified network also captured MVL-like representational 

553 geometry. We applied the same CEBRA analysis to the outputs of the model and repeated the 

554 prototype-based analyses used for MVL. Notably, animal-category stimuli in the modified 

555 network formed compact, prototype-centered clusters in embedding space, reproducing several 

556 global features observed in the MVL CEBRA embedding (Figure 5C; Supplementary Figure 

  



557 S17B, S19A). Consistent with this shift, prototype-distance statistics also moved toward the 

558 MVL pattern: animal-category patches showed shorter prototype distances than non-animal 

559 samples (Figure 5D; Supplementary Figure S17C; S19B). Moreover, patch-to-prototype 

560 distance exhibited a clear negative relationship with the model’s prediction confidence, 

561 quantified as the probability assigned to the correct class, closely matching the prototype 

562 distance–behavior coupling observed in MVL (Figure 5E; Supplementary Figure S17D; S19C). 

563 Notably, the category-wise analysis in Supplementary Figure S17D showed negative trends for 

564 both animal and non-animal categories, suggesting that the network may also form within-

565 category prototype structure for non-animal classes.

566 Finally, we projected both prototype distance and accuracy back onto the image plane to 

567 generate heatmaps (Supplementary Figure S20). We quantified the coupling between the 

568 network’s prototype-distance heatmaps and pigeons’ behavioral-accuracy heatmaps using 

569 mutual information, Pearson correlation, and Spearman correlation. The resulting pattern was 

570 broadly similar to that observed for MVL (Figure 5F; Supplementary Figure S17E; cf. Figure 

571 3B), indicating that the modified network captures MVL-consistent structure not only in 

572 embedding space but also in the spatial organization of prototype distance across object images.

573 Together, these results show that imposing appropriate local prototype learning on a standard 

574 deep-network can simultaneously improve fragment-based recognition and reshape internal 

575 representational geometry toward the semantics-sensitive, prototype-centered organization 

576 expressed by MVL population codes. More broadly, it suggests that MVL prototype structure 

577 and its behavioral coupling can be abstracted into implementable computational principles and 

  



578 injected into artificial networks via differentiable objective functions. 

  



579 DISCUSSION

580 In this study, we combined behavior, MVL population coding, and deep-network modeling 

581 to characterize the computations supporting pigeons’ prototype-based recognition under 

582 fragmentary viewing. At the neural level, MVL population activity revealed a clear geometric 

583 signature: animal categories formed compact clusters in CEBRA embedding space, with well-

584 defined neural prototypes given by the mean response to whole images. Crucially, the distance 

585 from a local patch to its category prototype not only differentiated animal versus non-animal 

586 domains at the level of representational geometry, but also strongly predicted behavioral 

587 accuracy within animal categories. Semantic annotation and control analyses further showed 

588 that this prototype distance primarily reflected whether a patch contained diagnostic parts 

589 (especially head/face), rather than low-level image statistics such as contrast, edge density, or 

590 texture complexity. Together, these results support the view that MVL exhibits a prototype-

591 centered geometry for animal recognition, and that distance to prototype constitutes a useful 

592 axis along which decision difficulty is expressed. Importantly, this semantic interpretation is 

593 currently strongest for animal categories, for which diagnostic local parts could be defined a 

594 priori. By contrast, the weaker non-animal effects should not be taken as evidence that non-

595 animal objects lack informative local cues; rather, they indicate that an analogous semantic 

596 anchor was not established under the present stimulus set and annotation scheme. This finding 

597 aligns with the broader perspective that high-level visual systems organize information in 

598 abstract representational spaces where distances predict behavior and computational readouts 

599 (Kriegeskorte et al., 2008; Nili et al., 2014; Devereux et al., 2013; Cichy et al., 2016; 

  



600 Kriegeskorte, 2015). It also extends prior work on avian MVL that largely emphasized single-

601 unit tuning and decoding-based selectivity (Azizi et al., 2019; Anderson et al., 2020; Clark et 

602 al., 2022; Pusch et al., 2023) by revealing a population-level geometry in which animal 

603 prototypes are organized around diagnostic semantic parts.

604 A second implication concerns how MVL geometry relates to pigeons’ well-documented 

605 preference for local information in whole–part tasks. Comparative studies have repeatedly 

606 shown that pigeons can categorize fragmented and occluded stimuli and often rely on local 

607 cues, consistent with the tectofugal pathway operating at relatively small spatial scales (Qadri 

608 & Cook, 2015; Soto & Wasserman, 2012; Clark & Colombo, 2022; Niu et al., 2022). Our 

609 results refine this interpretation by suggesting that the relevant “local” information in MVL is 

610 not encoded merely as undifferentiated texture patches. Instead, at least for animal categories, 

611 local fragments appear to be organized relative to the category prototype in a manner linked to 

612 diagnostic semantic parts, such that patches carrying diagnostic information are embedded 

613 nearer to the category prototype and yield higher accuracy. Thus, an apparent “local bias” need 

614 not imply a low-level, feature-bound representation; rather, MVL can support semantic proto-

615 type coding at the local scale. This local–semantic compromise is consistent with ecological 

616 demands in visually crowded environments, where rapid detection and recognition of socially 

617 and behaviorally relevant parts (e.g., faces, eyes) can be advantageous (Pusch et al., 2023; 

618 Wasserman et al., 2024).

619 In sharp contrast, deep-networks exhibited fundamentally different representational 

620 geometry on the same stimulus set. Although all baseline models’ features supported clear 

  



621 category separability in CEBRA space, neither the clustering pattern nor the “network 

622 prototype” defined from model captured MVL-like organization. Animal patches tended to lie 

623 farther from network prototypes, whereas non-animal patches were closer; moreover, the 

624 relationship between prototype distance and the network’s decision variable was inconsistent 

625 across domains and near-zero within individual categories. Heatmap analyses reinforced this 

626 dissociation: model prototype-distance maps lacked robust part-specific structure and showed 

627 weak or even negative coupling with pigeons’ behavioral maps. Overall, these results suggest 

628 that, under our task setting, standard DNNs can achieve adequate categorization with their 

629 high-level features (Baker et al., 2018; Baker & Elder, 2022), yet their local–global 

630 representational geometry differs from that observed in avian MVL, providing a more fine-

631 grained entry point for cross-species comparisons of model representations.

632 Importantly, the divergence between MVL and modern deep-network was not merely 

633 descriptive. By introducing local prototype learning, we constructed a model that reproduced 

634 several key MVL-consistent signatures. The modified network improved patch-level 

635 classification relative to the baselines and, critically, captured the clustering geometry in 

636 embedding space together with the negative coupling between patch-to-prototype distance and 

637 correct-class probability. These results suggest that MVL’s prototype geometry can be captured 

638 by an implementable computational bias: enforcing local prototype learning can move a DNN 

639 toward several MVL-like geometric signatures while maintaining task performance. From a 

640 cognitive computational neuroscience perspective, this provides a concrete example of how 

641 goal-driven modeling and biologically inspired constraints can be integrated. At the same time, 

  



642 because the prototype-based model is category-general by construction, the present modeling 

643 results are best interpreted as supporting a useful prototype-based computational account, 

644 rather than as a complete explanation of why the biological data show stronger effects for 

645 animal than non-animal categories.

646 Several limitations point to clear directions for future work. First, our recordings focused on 

647 MVL, a high-level node in the tectofugal pathway, but we did not directly measure upstream 

648 or parallel regions (e.g., ENTO, NCL). As a result, we cannot yet determine where along the 

649 avian visual hierarchy semantic prototype geometry emerges, or how it is transformed across 

650 stages (Azizi et al., 2019; Pusch et al., 2023). Systematic recordings across multiple areas could 

651 test whether prototypes arise gradually through feedforward processing or appear prominently 

652 only at specific higher-level regions. Second, our paradigm used static natural images and 

653 cropped patches. Although CEBRA-time captures temporal structure in neural responses, the 

654 task does not probe the full richness of natural vision, including temporal prediction, motion 

655 invariance, or multi-step decision-making (Cichy et al., 2016; Schneider et al., 2023). 

656 Extending the paradigm to dynamic videos and naturalistic viewing could reveal how prototype 

657 geometry evolves over time and interacts with motion signals. Third, although introducing the 

658 local prototype learning mechanism made the networks exhibit MVL-consistent geometric 

659 signatures, the effects varied across backbones. This backbone dependence limits the strength 

660 of any model-specific mechanistic interpretation and suggests that the present results are better 

661 understood at the level of representational principle than definitive circuit implementation. 

662 Fourth, while we identified clear diagnostic parts for animal categories (head/face), we did not 

  



663 establish an analogous a priori semantic-part definition for the non-animal categories.  

664 Therefore, the weaker non-animal effects should be interpreted cautiously and should not be 

665 taken as evidence that non-animal objects lack informative local cues. Rather, this remains an 

666 unresolved issue under the current stimulus set and annotation framework. Finally, the space 

667 of “mid-level” features is inherently broad. In the present study we adopted a set of 

668 representative, interpretable, and reproducible proxies; future work could incorporate stronger 

669 models of mid-level structure (e.g., metrics based on learnable shape primitives or hierarchical 

670 part parsing) to further broaden the scope of controls.

671 In summary, our results identify a population-level representational principle in pigeon MVL: 

672 a semantic part-related prototype geometry that predicts behavior under occlusion-like, 

673 fragmentary viewing. By translating this principle into differentiable constraints, we provide a 

674 practical bridge between neural description and executable computation, offering a biologically 

675 grounded computational account of avian high-level vision and concrete guidance for neurally 

676 constrained, brain-inspired visual modeling.

677   
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694 TABLES AND FIGURES

695 Table 1. Layers used for representational analyses across baseline models.

Model Early layer Mid layer Late layer

ConvNeXt-T stage1[-1] stage2[-1] stage4[-1]

CORnet-S V1 V4 IT

ResNet18 layer1[-1] layer2[-1] layer4[-1]

ViT-B/16 block4 block8 block12

696

697

698 Figure 1 Overview of the task design, behavioral performance, and MVL population 

699 decoding. A: Schematic of the stimulus set: four categories (Human, Pigeon, Ship, Tree) 

700 presented as whole images (Whole) and local patches (Local); Human and Pigeon are grouped 

701 as Animals, whereas Ship and Tree are grouped as Non-Animals. B: Illustration of the passive 

702 viewing experiment and recording site: MVL population activity was recorded while pigeons 

703 viewed the stimuli. C: Passive viewing task timeline (train/test phases): Fixation (1.5 s), Cue 

704 (0.5 s), Delay (0.5 s), Match. D: Behavioral categorization accuracy comparing Whole versus 

  



705 Local across the four categories; Wilcoxon rank-sum test, *: P<0.05, **: P<0.01. E: MVL 

706 population decoding: 4-way category decoding and 2-way superordinate decoding (Animals vs 

707 Non-Animals), comparing decoding accuracy between Whole and Local conditions, and 

708 summarizing performance as a function of the number of sampled neurons.

709

710 Figure 2 Prototype geometry in the MVL embedding space and its prediction of local-

711 fragment recognition. A: Low-dimensional embedding of MVL population time series using 

712 CEBRA-time (Dim 1–3), shown for three pigeons with points colored by four basic categories 

  



713 (Human, Pigeon, Ship, Tree). The embedded responses are further summarized into Animal 

714 versus Non-Animal manifold geometry to compare category-level structure; star markers 

715 denote category neural prototypes defined from whole-image responses. B: Distributions of 

716 prototype distance (distance from each local patch to its corresponding category prototype 

717 defined from whole-image responses) for Animal vs Non-Animal patches; Wilcoxon rank-sum 

718 test, ***: P<0.001, ****: P<0.0001. C: Relationship between prototype distance and behavioral 

719 accuracy: correlations were quantified using Pearson’s correlation. Animal patches show 

720 robust negative correlations (Pigeon 1: r=−0.39, Pigeon 2: r=−0.40, Pigeon 3: r=−0.46, ****: 

721 P<0.0001), whereas Non-Animal patches show weak, non-significant correlations (Pigeon 1: 

722 r=−0.06, Pigeon 2: r=−0.08, Pigeon 3: r=−0.10, ns: Not significant). 

723

  



724 Figure 3 Linking prototype distance to local recognition scores and controlling for 

725 semantic and low-level visual factors. A: Example visualizations of recognition score and 

726 prototype distance mapped back onto the corresponding whole images (columns: Human, 

727 Pigeon, Ship, Tree). Top: recognition-score heatmaps (color bar 0–1). Bottom: spatial maps of 

728 prototype distance (color bar 0–2). B: The association between prototype distance and 

729 recognition score was quantified using mutual information, Pearson correlation, and Spearman 

730 correlation, and compared between Animal and Non-Animal patches. Bars summarize group 

731 statistics and dots indicate individual results; Wilcoxon rank-sum test, *: P<0.05, ***: P<0.001. 

732 C: Representative local patches with the smallest versus largest prototype distances (patch IDs 

733 and distances D are labeled), illustrating the content differences between near-prototype and 

734 far-from-prototype fragments. D: Relationship between semantic annotation (binary semantic 

735 label) and prototype distance: for Animal patches, the semantic label indicates whether a patch 

736 contains diagnostic parts such as the head/face, and it shows a significant negative correlation 

737 with prototype distance (Pearson r=−0.49, ****: P<0.0001). E: Low-level feature controls: 

738 prototype distance was tested against Sobel edge ratio, image entropy, and LBP entropy. No 

739 significant correlations were observed for either Animal or Non-Animal patches (see reported 

740 coefficients and ns labels, ns: Not significant).

  



741

742 Figure 4 Prototype geometry in AlexNet feature space and its links to model behavioral 

743 performance. A: Three-dimensional embedding of AlexNet feature representations using 

744 CEBRA-time, with points colored by the four basic categories (Human, Pigeon, Ship, Tree). 

745 Manifold geometry is summarized for Animal and Non-Animal superordinate groups; star 

746 markers denote category prototypes defined from whole-image features. B: Distributions of 

747 prototype distance, showing a significant difference between Animal and Non-Animal 

748 conditions; Wilcoxon rank-sum test, ****: P<0.0001. C: Relationship between prototype 

749 distance and AlexNet patch-level classification accuracy: Animal patches show a significant 

750 positive correlation (r=0.44, ****: P<0.0001), whereas Non-Animal patches show a significant 

751 negative correlation (r=−0.31, ****: P<0.0001); the left panel shows the marginal distribution 

752 of accuracy. D: The association between prototype distance and recognition score (Score) was 

  



753 quantified using mutual information, Pearson’s correlation, and Spearman’s correlation, and 

754 compared between Animal and Non-Animal patches; correlations are overall negative, while 

755 the Animal vs Non-Animal difference is not significant (Wilcoxon rank-sum test, ns: Not 

756 significant). Dots indicate individual results. E: Spatial visualization of AlexNet prototype 

757 distance by mapping patch-level distances back onto the corresponding whole images for each 

758 category; colors indicate prototype distance (color bar at right). 

759

760

761 Figure 5 Architecture, performance gains, and restored prototype geometry in the 

762 neurally constrained network. A: Schematic of the local prototype learning model. Whole 

763 training images are processed by a feature extractor (backbone) to obtain local feature vectors, 

764 which are matched to a class-prototype memory bank; class prediction is produced from the 

  



765 similarity scores. B: Classification performance: accurate prediction probability of CORnet vs 

766 CORnet with local prototype learning across four basic categories (Human, Pigeon, Ship, Tree) 

767 with significance annotations; Wilcoxon rank-sum test, **: P<0.01, ****: P<0.0001. Dashed 

768 lines indicate mean accuracy (Base mean = 0.455; Proto mean = 0.556). C: Restored prototype 

769 geometry: network representations are embedded into 3D using CEBRA-time, showing 

770 category-wise distributions and the manifold geometry summarized for Animal and Non-

771 Animal groups; stars denote category prototypes defined from whole-image responses. D: 

772 Prototype-distance distributions: distances from local patches to their corresponding category 

773 prototypes differ significantly between Animal and Non-Animal conditions; Wilcoxon rank-

774 sum test, ****: P<0.0001. E: Prototype distance predicts model performance: prototype distance 

775 is significantly negatively correlated with patch-level model accuracy (Pearson correlation; 

776 Animal: r=−0.33, ****: P<0.0001; Non-Animal: r=−0.02, ns: Not significant), with marginal 

777 distributions of accuracy shown. F: Quantifying association strength: mutual information, 

778 Pearson correlation, and Spearman correlation are used to quantify the association between 

779 model prototype distance and pigeon behavioral accuracy, comparing Animal vs Non-Animal 

780 patches; Wilcoxon rank-sum test, ns: Not significant; *: P<0.05, **: P<0.01.

781
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