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Abstract

How do internal brain representations bridge seeing an object and thinking about it after it
disappears? Both object knowledge and mental imagery are involved in this process,
engaging overlapping perceptual regions, yet whether their neural codes are shared or
distinct remains unknown. We compared people with (“visualizers™) and without
voluntary visual imagery (“aphantasics’) using fMRI, to examine experience of imagery
sensation, and a multimodal deep neural network model, to examine representational
contents (encoding text vs. image). We found distinct types of internal representations: (1)
the left lateral occipitotemporal cortex (LOTC) encoded visual-structured knowledge
linked to imagery sensation; (2) the bilateral fusiform gyrus, left dorsal LOTC, and right
inferior frontal gyrus encoded language-structured knowledge independent of imagery
sensation; and (3) the left superior parietal lobule maintained visual representation without
prior knowledge, also independent of imagery. These findings reveal functionally and
computationally distinct neural mechanisms that bridge seeing and thinking of objects,
differing in their reliance on knowing and internal experiencing.
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Introduction

Visual perception, conceptual knowledge, and mental imagery are closely related but
functionally distinct cognitive processes. Perception involves processing external sensory
input (perceiving the image of a cat); conceptual knowledge supports abstract, conceptual
understanding of that object even without sensory input (understanding what cat is); and
imagery generates internal visual experiences (visualizing in mind a cat). Substantial
evidence suggests that both conceptual knowledge and visual imagery are (partly) rooted
in internal representations derived from the perceptual systems.

In studies on object knowledge retrieval, visual regions are activated when participants
answer questions given object names or cues. For instance, understanding object names
activate the ventral occipitotemporal cortex respecting object domain organization (1-7),
and retrieving object color or shape properties activate regions in the fusiform gyrus and
lateral occipital cortex, overlapping with those perceiving color and shape (8-12). Even
early visual cortex has been implicated in semantic representations (13, 14).

Parallel findings have emerged from studies on visual imagery. Participants activate early
visual cortex when maintaining or reconstructing visual stimuli in the absence of external
input (15-18). Even when there is no increase in mean activity strength, specific visual
content—such as orientation gratings or object identity—can still be decoded from
multivoxel patterns in early visual cortex (e.g., 19-21). Beyond early visual cortex,
imagery-related representations have also been observed in higher-level regions including
the fusiform gyrus (22), lateral occipital cortex (20, 23), and parietal cortex (24, 25).

These findings together suggest a potentially shared representations among object
perception, knowledge, and imagery. This convergence raises the question: do imagery
and knowledge retrieval rely on the same neural code, differing only in conscious access
requirement (see discussions in 26-28), or do they engage distinct representations at
overlapping regions? Are these representations “visual”-related in nature by the virtual of
overlapping with visual perception, i.e., aligning with the commonly held “embodied” (or
“grounded”) notion (See reviews in 28, 29)

Some evidence from congenital aphantasia (30, 31)—a condition marked by a lifelong
absence of visual imagery experience — has hinted that visual imagery and knowledge
representation may have (at least partly) different neural substrates. Individuals with
aphantasia exhibit preserved semantic knowledge despite lacking conscious imagery (32).
Recent fMRI studies reveal that aphantasics retain latent early visual cortex
representations to support decoding for natural sounds during passive tasks (e.g., listening
to dog barking vs. traffic noise) but not during active (attempted) imagery generation for
these sounds (33, 34). Furthermore, in a region of the left fusiform gyrus thought to be
involved in imagery, the neural representational space of (attempted) object imagery in
aphantasics, while resembling that of visualizers, is less similar to perception than that of
visualizers (35). That is, the neural representations during perception, imagery generation,
and knowledge access may not be identical.

To understand the relationship between perception, imagery, and knowledge retrieval, we
need to be more specific about the types of potential representations that may underlie the
observed activation overlap or cross-task decoding success, and test them accordingly. We
propose the following possible types of internal object representations when visual stimuli
are absent: 1) a visual-experience-structured object knowledge representation (visual-
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92 knowledge for short), i.e., object neural representations derived from past visual

93 experiences; 2) a language-experience-structured (nonvisual semantic) object

94 knowledge representation (language-knowledge for short), i.e., object representations

95 derived from language experience; 3) a visual maintenance representation not

96 necessarily dependent on prior knowledge (priorless visual for short) — when a visual

97 stimulus is presented (with or without associated internal knowledge), there may be a

98 period of maintenance in memory after it disappears. Note that the first two types of

99 representations have been proposed based on behavioral and neural evidence (36, 37).
100 While visual-knowledge representations are commonly assumed to reside in the visual
101 cortex—qiven the observed overlap with perception (see above)—there is no evidence
102 against the co-existence of nonvisual semantic object representations, especially
103 considering that language and visual systems intrinsically interact (see discussions in 38—
104 40). Notably, congenitally blind people lack effects in visual cortex when retrieving pure
105 visual properties (e.g., color; 39) due to the complete absence of visual input, whereas
106 congenitally aphantasic individuals have normal vision but are only 'blind' in mind.
107 Orthogonal to the three representational types is the dimension of conscious access—any
108 of these representations may or may not associate with imagery experience. Thus, six
109 representational candidates are postulated in total (see Fig. 1 for this two-dimensional
110 hypothesis space varying along representational structure and voluntary imagery
111 relevance). These representational structures tend to correlate — for example, cats are more
112 similar to dogs than to tables across all of them — and thus, cross-task decoding may be
113 supported by any one or even multiple of these representations.
114 Here we carefully leverage the state-of-the-art large computation models, combined with
115 populations with different imagery experience (visualizers vs. aphantasics), to examine
116 these candidate internal neural representations. Specifically, we adopted CLIP
117 (Contrastive Language-Image Pretraining) — a multimodal neural network trained on
118 paired images and captions (41). CLIP comprises two parallel encoders: an image-encoder
119 that captures visual similarity, and a text-encoder that captures semantic similarity. By
120 correlating brain activity patterns with the representational structures derived from each
121 encoder, we infer whether neural representations are more aligned with vision-derived-
122 structure or language-derived-structure. We adopted CLIP for the main analyses because
123 the paired training architecture and training datasets make the comparisons between vision
124 and language easier.
125 Building on prior findings, we conducted fMRI experiments using a retro-cue paradigm
126 (19, 21) in both visualizers and aphantasics, with the following predictions along the two
127 representation dimensions. Regarding information content, 1) visual-knowledge
128 representation: If visual-experience-structured object knowledge supports shared
129 representations, neural patterns should align with CLIP image-encoder in both perception
130 and imagery; 2) language-knowledge representation: If language-experience-structured
131 object knowledge underlies shared representations, neural patterns should align with CLIP
132 text-encoder in both perception and imagery; 3) priorless visual representation: If low-
133 level visual maintenance is sufficient to support shared representations, then even
134 meaningless shapes—lacking semantic associations—should be decoded above chance
135 across perception and imagery. Regarding imagery experience relevance, we asked
136 whether voluntary imagery is associated with these particular neural representations. If so,
137 we should observe group differences between visualizers and aphantasics. If not, shared
138 representations and specific representational structure should emerge in both groups.

139 Together, this framework allowed us to probe both the structural format (visual vs.
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140 language) and cognitive basis (imagery-relevant vs. irrelevant) of shared neural
141 representations that bridge the presence and absence of sensory input.
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143 Fig. 1. Hypotheses framework. We hypothesized that multiple representational mechanisms
144 contribute to shared neural representations across the presence and absence of visual input, and tested
145 the mechanisms along two key dimensions: D1-representational structures, including visual-
146 knowledge representation, language-knowledge representation, and priorless visual maintenance
147 representation. D2-voluntary imagery relevance. D1 was assessed through the combination of cross-
148 decoding and multimodal deep neural network (DNN) model RSA; and D2 was assessed via group
149 comparisons between participants with and without conscious visual imagery experience (i.e.,
150 visualizers vs. aphantasics).
151

152
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153  Results

154 To explore the representational mechanisms underlying seemingly shared neural patterns
155 across the presence and absence of visual input, and to examine their relevance to

156 voluntary imagery, we conducted an fMRI experiment using a retro-cue visual working
157 memory paradigm (Fig. 2a) in individuals with (visualizers) and without (aphantasics)

158 visual imagery. We first analyzed behavioral performance to ensure that both groups

159 performed the task well. Next, we conducted searchlight SVM cross-decoding to identify
160 brain regions supporting (at least some) shared representations across perception and

161 imagery phases for both meaningless and real objects. Within the regions identified for
162 real objects (i.e., with internal knowledge representations), we applied searchlight RSA
163 using a Chinese CLIP model to dissociate visual- vs. language-derived representational
164 structures, and to examine their relevance for conscious imagery experience by comparing
165 visualizers and aphantasics. Finally, layer-wise ROI-based RSA was conducted to explore
166 the neural representational similarity profiles across different processing hierarchies of the
167 encoders.

168 Behavioral results

169 To test whether aphantasics could perform the retro-cue working memory task as well as
170 visualizers, we analyzed participants’ behavioral performance in the scanner. As shown in
171 Fig. 2b, repeated-measures ANOVA on accuracy revealed no significant main effect of
172 group (F, 3n=1.17, p = .29, 1? = .03), stimulus class (F,74) = 0.99, p = .38, 1* = .005), or
173 their interaction (F(, 74) = 0.78, p = .46, n> = .004).

174 For reaction time (RT), repeated-measures ANOVA showed no significant main effect of
175 group (Fq, 37 = 0.05, p=.82,>=.001) or interaction (F(2,74)=2.96, p = .06, n> = .001),
176 but a significant main effect of stimulus class (F, 74y = 6.01, p = .004, n?> = .002). Pairwise
177 comparisons indicated that responses to meaningless shapes were significantly slower than
178 responses to animals or large objects (ps < .02, FDR-corrected). That is, performance

179 differences were driven by stimulus properties rather than group, indicating that

180 aphantasic participants performed the task as accurately and efficiently as visualizers.
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182 Fig. 2. Experimental design, behavioral performance, and cross-decoding results. a, Schematic of
183 the fMRI experiment and cross-modal SVM decoding. A retro-cue paradigm was used during scanning.
184 Each trial began with sequential presentation of two images (perception phase), followed by a numeric
185 cue indicating which image to visualize (imagery phase). A test image was then presented, and
186 participants judged whether it was exactly the same image (not just the same object) as the cued one.
187 SVM decoding was performed across perception and imagery phases from different runs using a
188 repeated split-half cross-validation approach (see ‘Searchlight SVM Decoding Analysis’ in Methods
189 for details). b, Behavioral performance. Bar plots show mean accuracy and reaction times (RTs) for
190 each group, with error bars representing #1 SEM. Dots indicate individual participant data. c,

191 Searchlight SVM cross-decoding results. (i) Six-way item-level decoding map of meaningless shapes
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192 (voxelwise p < .005, cluster-level FWE-corrected p < .05). (ii) Two-way object domain-level decoding
193 map (voxelwise p < .001, cluster-level FWE-corrected p < .05). Full item-level results are provided in
194 Fig. S4. Bar plots display the mean accuracy extracted from the significant clusters shown above for
195 each group, with error bars representing 1 SEM.

196

197 Whole-brain searchlight SVM decoding results: Shared neural representations

198 across perception-imagery phases identified

199 To identify brain regions supporting (some) shared neural representations between

200 perception and imagery phases, we conducted whole-brain searchlight SVM cross-

201 decoding analyses for meaningless shapes and real objects, respectively. A repeated split-
202 half cross-validation approach was used, where an SVM classifier was trained on

203 perception data from half of the runs and tested on imagery data from the remaining half,
204 and vice versa. This procedure was repeated across a grey matter mask. For each

205 searchlight sphere, the decoding accuracy was averaged across all split-half combinations
206 and both train-test directions, and the resulting value was assigned to the center voxel.
207 Group-level statistical inference was conducted using permutation test. Results were

208 thresholded at voxelwise p <.001, cluster-level FWE-corrected p < .05, unless stated

209 otherwise.

210 The left SPL contained shared representations across the perception and imagery phases
211 for meaningless shapes (priorless visual representation) in both aphantasics and

212 visualizers.

213 To assess whether visual maintenance alone is sufficient to support shared neural

214 representations between the perception and imagery phases, we conducted searchlight
215 SVM cross-decoding for meaningless shapes (6-way classification). We first pooled all
216 subjects together to perform group-level inference to maximize sensitivity to identify the
217 areas containing shared neural representations across the perception and imagery phases in
218 all subjects. The result showed a significant cluster in the left superior parietal lobule

219 (SPL; Fig. 2c-i; voxelwise p < .005, cluster-level FWE-corrected p < .05; not surviving
220 multiple correction at voxelwise p < .001). Mean decoding accuracy extracted from this
221 SPL cluster did not differ between groups (tze.9) = 0.03, p = .97), indicating that the

222 perception-like representations for maintaining meaningless shapes were contained in the
223 dorsal stream irrespectively of voluntary imagery.

224 When tested separately for each group, no significant above-chance decoding was found
225 in either group after multiple comparisons correction. An uncorrected trend showed that
226 the effects in visualizers distributed across both ventral and dorsal regions, whereas in
227 aphantasics mainly in dorsal regions. Group comparison did not reveal statistically

228 survived clusters (see Fig. S2 for the uncorrected maps).

229 The VOTC areas contained shared representations across the perception and imagery
230 phases for real objects (knowledge-scaffolded representation) in both aphantasics and
231 visualizers.

232 For real objects with prior knowledge, we examined brain regions that contained common
233 representations of domains (animal vs. large object) across the perception and imagery

234 phases. As shown in Fig. 2c-ii, the result of group-level analysis combining all subjects
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235 revealed significant cross-decoding in the bilateral ventral occipitotemporal cortex

236 (VOTC), with extensions into the left lateral occipital cortex (LOC), as well as in the right
237 inferior frontal gyrus (IFG). Mean decoding accuracy extracted from these regions did not
238 differ between groups (t27.9) = -0.29, p = .77).

239 The group-level result of each group (Fig. S3) showed that visualizers had successful

240 cross-decoding for domains in bilateral VOTC, extending to the left LOC. By contrast, the
241 aphantasic group showed significant decoding only in the right fusiform gyrus (FG). All
242 these areas were included in the regions identified by the combined group-level result. We
243 then tested group differences by voxels within these regions. The result showed a trend
244 toward higher accuracy in the left ventral lateral occipitotemporal cortex (LOTC) in the
245 visualizers; however, it could not survive multiple comparisons correction (see Fig. S3 for
246 an uncorrected result).

247 We further conducted an item-level cross-decoding (12-way classification) for real

248 objects. This analysis revealed similar but spatially more restricted results (Fig. S4) than
249 domain-level decoding. Pooled group-level result showed a distribution across VOTC that
250 largely overlapped with the domain-level decoding result. The visualizer group showed
251 significant decoding in the left FG, and the aphantasic group showed significant decoding
252 in the right lateral FG. However, no significant group differences were observed, even

253 under a liberal uncorrected threshold of p < .01.

254 These results suggest that the VOTC regions contained shared representations across the
255 perception and imagery phases in both groups, with only a trend of effect of imagery

256 experience in the left ventral LOTC. Given that successful cross-decoding alone does not
257 reveal what types of underlying representational structures support such decoding, we

258 performed searchlight RSA to dissociate representational structures within the combined
259 group-level domain cross-decoding mask (i.e., the regions shown in Fig. 2c-ii)

260

261 Searchlight CLIP-model-based RSA results: Multiple representation types identified
262 To dissociate these representational structures, we leveraged a Chinese version of the

263 multimodal deep neural network CLIP (41, 42), which consists of an image-encoder and a
264 text-encoder aligned in a shared embedding space. We employed searchlight RSA in the
265 cross-decoding mask (Fig. 2c-ii) to examine the similarity between neural representations
266 (during perception phase and during imagery phase) and the representational structures of
267 each encoder. We input the stimuli images into the image-encoder and the names of the
268 objects into the text-encoder, extracted the features from the penultimate layers, and

269 transformed them into RDMs based on cosine distance (Fig. 3a). There was a medium-
270 level, significant correlation between the RDMs of the two encoders (r = 0.40, p < .001).
271 Therefore, we partitioned the variance into components specific to each model, as well as
272 the shared variance contributing to the explanation of the neural RDMs, using partial

273 correlations and commonality analysis (43). Because the shared variance among image-,
274 text-, and neural-RDMs cannot be unambiguously assigned to either representational

275 structure, we focused on the unique contributions of the image- and text-encoders to the

276 neural representations.
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277 Maps not covered by the grey boxes: p <.001, cluster-level FWE-corrected p <.05

278 Fig. 3. Searchlight RSA with CLIP encoders. a, We used a multimodal deep neural network—

279 Contrastive Language-Image Pre-Training (CLIP, Chinese version)—to examine neural

280 representational structures. It jointly trains an image-encoder and a text-encoder to align images and
281 their corresponding textual descriptions in a shared embedding space using contrastive learning.

282 Stimulus labels were input into the text-encoder and stimulus images into the image-encoder;

283 embeddings from the penultimate layer were used to compute representational dissimilarity matrices
284 (RDMs) based on cosine distance. Although the RDMs from the image and text encoders were

285 significantly correlated (r = 0.40, p < .001), they captured distinct representational properties. For

286 example, “sailboat” and “crab” were farther apart in the text embedding space but closer together in the
287 visual embedding space. Searchlight RSA was conducted within the mask showing significant cross-
288 decoding for real object domains (from Fig. 2c-ii), which was demarcated by black boundaries on the
289 brain maps. For each searchlight sphere, we computed partial correlations between the neural RDM and
290 one encoder RDM while controlling for the other, as well as the shared variance (commonality)

291 between the neural RDM and the two encoder RDMs. b, Searchlight RSA results. Blue regions show

292 significant partial correlations with the text-RDM; orange-red regions show significant partial
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293 correlations with the image-RDM; green regions show significant commonality across neural-, image-,
294 and text-RDMs. The Venn diagram indicates the components of variance. (i) results in the visualizer
295 group; (i) results in the aphantasic group; (iii) regions showing significant group differences, observed
296 only in the partial correlations between neural- and image-RDM during the perception phase. Maps not
297 covered by the grey boxes are thresholded at voxelwise p < .001, cluster-level FWE-corrected p < .05.
298 Maps within the grey boxes did not survive multiple-comparisons correction and are displayed at the
299 most stringent threshold they reached. All uncorrected results are shown in Fig. S6-7.

300

301 Both unique language- and visual-knowledge representations existed in visualizers.

302 In visualizers (Fig. 3b, top), during the perception phase, partial correlations between

303 neural and CLIP text-encoder RDMs (blue) appeared in the bilateral FG, left dorsal

304 LOTC, and right LOTC. During the imagery phase, effects were restricted to the left FG
305 and left dorsal LOTC.

306 Partial correlations with the CLIP image-encoder RDM (orange-red) during the perception
307 phase were distributed across the bilateral FG and extended into the bilateral LOTC. No
308 significant effects emerged during the imagery phase (see the map covered by the grey
309 box in Fig. 3b and Fig. S5 for uncorrected results).

310 Commonality analysis (green) revealed shared variance among neural, image-encoder, and
311 text-encoder RDMs in the bilateral FG during the perception phase, with no significant
312 clusters during the imagery phase even at the highly lenient threshold of p < .05.

313 Only unique language-structured representations existed in aphantasics.

314 In the aphantasic group (Fig. 3b, bottom), partial correlations with the CLIP text-encoder
315 RDM were observed during the perception phase in the bilateral FG, left dorsal LOTC,
316 and right LOTC, consistent with the visualizer group. During the imagery phase, only a
317 cluster in the right lateral FG was observed. No significant correlations with the CLIP

318 image-encoder RDM were observed during either the perception or imagery phase.

319 Commonality effects were observed in the right FG during the perception phase but not
320 observed during the imagery phase (see maps covered by the grey boxes in Fig. 3b and
321 Fig. S5 for uncorrected results).

322 Group difference existed in visual-structured representations during the perception phase.
323 Two-sample t-tests within the mask (Fig. 3b, right) revealed significant group differences
324 specifically for the effect of CLIP image-encoder RDM, with visualizers showing greater
325 model-neural similarity than aphantasics in the left LOTC. No significant group

326 differences emerged in similarity to the CLIP text-encoder RDM, either during the

327 perception phase or the imagery phase (see Fig. S6 for uncorrected results).

328 Summary

329 To summarize the searchlight CLIP RSA findings, two types of representations with

330 different relevance to voluntary imagery experience emerged:
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331 One type was observed in both groups, showing reliable similarity to the CLIP text-

332 encoder (penultimate layer representations) during both the perception and imagery

333 phases, without significant group differences. We therefore combined all subjects

334 (visualizers and aphantasics) to perform group-level inference, enhancing the common
335 effect of the CLIP text-encoder, and overlaid the statistical maps from the perception and
336 imagery phases (Fig. 4, blue areas; Fig. S7). Overlapping regions were observed in the
337 bilateral FG, left dorsal LOTC, and right IFG. These regions likely represent objects in
338 terms of their relations within the language space, supporting both perception and

339 imagery, and their involvement does not depend on voluntary imagery experience. That is,
340 having representations here does not determine whether one can mentally visualize

341 objects. We refer to these regions as “Language-knowledge-imagery-irrelevant.”

342 Another type was observed only in the visualizer group, showing significant similarity to
343 the CLIP image-encoder (penultimate layer representations) during the perception phase,
344 with a significant group difference in the left LOTC (Fig. 4, orange area). This region

345 likely represents objects in terms of their visual experiential properties in typical

346 populations, and the absence of such representations is associated with the lack of

347 voluntary visual imagery. We refer to this region as “Visual-knowledge-imagery-

348 relevant”.

349

350 ROI-based RSA results: In-depth-analyses with different hierarchies of CLIP model
351 encoders

352 In this section we zoom into the two types of regions of interest (ROIs) identified above --
353 “Language-knowledge-imagery-irrelevant” ROIs, including the left dorsal LOTC, bilateral
354 FG, and right IFG (blue areas in Fig. 4); “Visual- knowledge-imagery-relevant” ROI, i.e.,
355 the left LOTC (orange area in Fig. 4) -- to characterize their representational profiles,

356 referencing to representations at different layers of the target DNN models.
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358 Fig. 4. ROI-based RSA with different processing hierarchies of the CLIP model. Two types of
359 regions of interest (ROIs) were defined based on searchlight RSA results: the language-knowledge-
360 imagery-irrelevant ROIs were defined as the overlap of regions showing significant similarity to the
361 text-RDM in the group-level analysis combining all subjects across both the perception and imagery
362 phases (see statistical maps in Fig. S7); the visual-knowledge-imagery-relevant ROI was defined as
363 the region showing significant group differences in similarity to the image-RDM, which was only
364 observed during the perception phase in the searchlight analysis. a, The layers of the text-encoder were
365 grouped into three parts: early (layers 1-4), middle (5-8), and late (9-12). Correlations (solid lines) and
366 partial correlations (dashed lines) were computed using RDMs from all layers and were averaged
367 within each layer-group. Partial correlations were computed while regressing out the penultimate-layer
368 RDM of the image-encoder. b, The layers of the image-encoder were grouped as early (layers 1-8),
369 middle (9-16), and late (17-24). Partial correlations were computed while regressing out the

370 penultimate-layer RDM of the text-encoder. The right panel shows the correlations between VVIQ
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371 scores and the mean correlations of the late layers across all subjects (black line), aphantasics (green
372 line), and visualizers (orange line). Asterisks and pound sign indicate different significance levels of
373 correlations: #p < .1, *p <.05, **p < .01, ***p < .001. All statistical tests shown were FDR-corrected,
374 except for the right panel in b.

375

376 Visualizers and aphantasics converged across multiple hierarchies in similarity to the
377 CLIP text-encoder, during both the perception and imagery phases.

378 To test whether representational similarity to the text-encoder differed between groups at
379 earlier representational hierarchies, we grouped the text-encoder layers into three parts:
380 early (layers 1 - 4), middle (5 - 8), and late (9 - 12) (see layerwise results in Fig. S8).

381 Features from all layers were extracted and converted into RDMs, which were then used
382 to compute correlations and partial correlations with neural RDMs of the language-

383 knowledge-imagery-irrelevant ROIs (i.e., left dorsal LOTC, bilateral FG, and right IFG).
384 As regressing out a specific RDM (i.e., the penultimate layer RDM of the non-target

385 encoder) was not fair for all layers of the target encoder, statistical inferences were

386 performed directly on the mean Fisher-Z-transformed correlations, instead of partial

387 correlations, of the layer-groups. As shown in Fig. 4a, both visualizers and aphantasics
388 exhibited an increasing trend in similarity from early to late layers in all ROIs during both
389 the perception and imagery phases.

390 During the perception phase, a mixed ANOVA with factors subject-group (visualizers,
391 aphantasics), layer-group (early, middle, late), and ROI revealed a significant main effect
392 of layer-group (F(272y = 23.41, p = 1.32 x 108 2 = 0.08) and a significant interaction

393 between layer-group and ROI (Fs.222) = 2.3, p =0.04, n? = 0.02). Simple effects test

394 indicated significant layer-group effect in the left FG and left MTG (Fs > 6.33, ps < .004,
395 FDR-corrected), with the late layers being significantly higher than the former two layer-
396 groups (ps < 0.01, FDR-corrected) but no difference between the early and middle layers
397 (ps > 0.22, FDR-corrected). The right FG and right IFG showed marginally significant
398 simple effects of layer-group (Fs < 2.57, ps > 0.08, FDR-corrected), with only a trend of
399 significant difference between the late and early layers (ps > .07, FDR-corrected). No

400 effects of subject-group, ROI, or their interactions were observed (Fs < 1.11, ps > .36).
401 During the imagery phase, the mixed ANOVA revealed a significant main effect of layer-
402 group (F.74) = 11.58, p = 4.21 x 10, n? = 0.05). Pairwise comparisons showed late >
403 middle and late > early (ps <.004, FDR-corrected), with no early-middle difference (p
404 = .13, FDR-corrected). No effects of group, ROI, or interactions were observed (Fs < 1.45,
405 ps > .23).

406 We also grouped layers by clustering for the RDMs derived from all layers (Fig. S8).

407 Results were consistent with the main analyses. During the perception phase, there was a
408 main effect of layer-group (F(2,74 = 17.83, p = 4.77 x 107, n? = 0.08), with late > middle
409 and early (ps < 3.44 x 10°, FDR-corrected), and early not differing with middle (p = .09,
410 FDR-corrected). During the imagery phase, a main effect of layer-group was also

411 observed (F,74)= 11.49, p = 4.5 x 107, n?> = 0.06), with late and middle > early (ps < 1.69
412 x 1074, FDR-corrected), but no significant difference between late and middle (p = .35,

413 FDR-corrected).
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414 Together, these findings validate that language-knowledge-imagery-irrelevant

415 representations (i.e., left dorsal LOTC, bilateral FG, and right IFG) in visualizers and

416 aphantasics converged across multiple layers, with representational similarity to the text-
417 encoder increasing at later, more abstract layers.

418 Visualizers and aphantasics differed at later layers in similarity to the CLIP image-

419 encoder, during both the perception and imagery phases.

420 For RSA in the visual-knowledge-imagery-relevant ROI (i.e., left LOTC), we also

421 grouped the layers of the image-encoder into three parts: early (layers 1 - 8), middle (9 -
422 16), and late (17 - 24) (see the layerwise result in Fig. S9). As shown in Fig. 4b, during the
423 perception phase, similarity to the image-encoder was significantly above zero in both
424 visualizers and aphantasics at the early and middle layers (ts > 2.73, ps < .02, FDR-

425 corrected) but diverged at the late layers. A mixed ANOVA with factors subject-group
426 (visualizers, aphantasics) and layer-group (early, middle, late) revealed a significant

427 interaction effect (F(272y = 15.39, p = 2.58 x 10, 2 = 0.08). Simple effects showed a

428 significant subject-group difference at the late layers (t@s5 = 4.75, p = 3.46 x 10°, FDR-
429 corrected), but not at the early or middle layers (ts < 0.83, ps > 0.62, FDR-corrected).

430 During the imagery phase, similarities to the image-encoder were significant in visualizers
431 across all layer-groups (ts > 2.27, ps < .04, FDR-corrected) but not in aphantasics (ts <
432 1.11, ps > .21, FDR-corrected). However, no main effects of subject-group or subject-
433 group X layer-group interactions were observed (Fs < 1.56, ps > .22). We then took

434 another approach to test the effect of imagery experience on the neural representational
435 similarity to the image-encoder by calculating correlations between the mean similarity
436 values (i.e., the correlation between the neural RDM and image-encoder RDM) and VVIQ
437 scores across individuals. Mean similarity at the late layers significantly correlated with
438 VVIQ scores across all subjects (Spearman’s p = 0.39, p = .04, FDR-corrected; Fig. 4b,
439 right), but not at the early or middle layers (Spearman’s ps < 0.28, ps > 0.08, FDR-

440 corrected). Within-subject-group analysis revealed a significant correlation between the
441 similarity to the image-encoder and VVVI1Q scores in visualizers (Spearman’s p = 0.51, p
442 = .03, FDR-corrected) but not in aphantasics (Spearman’s p = 0.22, p = .39, FDR-

443 corrected).

444 We also tested whether similarity to the image-encoder correlated with VVIQ scores in
445 visualizers during the perception phase, but no association was found (Spearman’s p =
446 0.11, p = .61, uncorrected), indicating that subjective imagery vividness does not tract the
447 visual-structured representation during object perception, and instead is a property for the
448 imagery process.

449 An alternative layer-group partitioning approach based on clustering (Fig. S9) yielded
450 consistent results. During the perception phase, a mixed ANOVA revealed a significant
451 subject-group xlayer-group interaction (F(2,74) = 14.72, p = 3.89 x 10%, 12 = 0.09), with
452 significant subject-group differences at the mid-late and late layers (ts > 3.70, ps < .002,
453 FDR-corrected). During the imagery phase, no significant effects were observed in the
454 mixed ANOVA. Correlation analysis showed that similarity to the image-encoder

455 correlated with VVIQ scores across all subjects at the mid-late and late layers (Spearman’s
456 ps > 0.36, ps < .05, FDR-corrected), with a significant correlation in visualizers at the

457 mid-late layers (Spearman’s p = 0.49, p =0.04, FDR-corrected).
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458 Although no significant clusters were observed in the searchlight analysis with the

459 penultimate layer in visualizers during the imagery phase (Fig. 3b, top), the late layers

460 overall showed significant similarity to the image-encoder in the ROI analysis. Inspection
461 of the layerwise correlation profile (Fig. S9) revealed a drop in correlation at the last two
462 layers. To examine whether other areas contained image-encoder-like representations

463 during the imagery phase, we selected layer 18—the later layer with the highest average
464 correlation across all subjects in the ROI analysis—and used its RDM for whole-brain

465 searchlight RSA. This analysis (Fig. S10) revealed significant clusters in the bilateral

466 ventral LOTC and left LOC, again with a significant group difference in the left ventral
467 LOTC (Visualizers > Aphantasics). Importantly, the cluster location in the left LOTC

468 could not be attributed to the choice of the optimal layer within the ROI of left LOTC, as a
469 trend of such group difference was already present in this area in the searchlight RSA with
470 the penultimate layer (Fig. S6).

471 These results further elucidate that the visual-structured representation observed in the

472 visual-knowledge-imagery-relevant ROI is related to conscious imagery experience

473 particularly at later vision model layers, during both the perception and imagery phases.
474

475  Discussion

476 We investigated how conceptual knowledge representation and mental imagery relate to
477 the shared neural representations across the presence and absence stage of visual input (as
478 defined by areas supporting cross-process decoding). Specifically, what are the

479 relationships among neural representations for seeing a cat, imagining a cat, and the

480 internal memory storage of cat? Using a retro-cue fMRI paradigm separating the seeing
481 phase and maintaining phase, we leveraged language- and vision-DNNSs to test the object
482 neural knowledge representation content (language-structured vs. visual-structured), and
483 the contrast between individuals with and without visual imagery to test their relevance to
484 conscious imagery experience (imagery-relevant vs. imagery-irrelevant).

485 We identified three types of neural representations that are common between visual-

486 present and -absent phases (Fig. 5): 1) One type of object neural representation that is

487 specifically fitted by vision model, is present in visualizers (as a function of subjective

488 imagery vividness during imagery) but absent in aphantasics, i.e., a visual-knowledge-
489 imagery-relevant representation, and is localized to the left LOTC; 2) Another type of
490 object neural representation that is specifically fitted by language model, is present in both
491 visualizers and aphantasics, i.e., a language-knowledge-imagery-irrelevant

492 representation, and is localized to the left dorsal LOTC, bilateral FG, and right IFG; 3) A
493 final type supporting novel meaningless shapes decoding in both visualizers and

494 aphantasics, i.e., a priorless-imagery-irrelevant visual representation, and is localized
495 to the left SPL.

496
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jgg Fig. 5 | Summary of results mapped onto hypothesis framework. The results reveal distinct brain
499 regions supporting shared neural representations across perception and imagery, each associated with
500 specific representational structures: The left LOTC (orange) encodes visual-structured knowledge

501 representation that is sensitive to voluntary imagery experience. The bilateral FG, left dorsal LOTC,
502 and right IFG (blue) encode language-structured knowledge representation that is irrelevant to imagery
503 experience. The left SPL (red) supports priorless visual representation that is unaffected by imagery
504 experience. Purple indicates overlapping area.

505

506 Multifaceted object knowledge representations

507 The nature of object representation in the ventral visual cortex is one of the classical topics
508 in cognitive neuroscience, and has been difficult to reconcile (see reviews in 29). Overlap
509 between knowledge retrieval and perception, along with parsimonious principle, has led to
510 the default assumption that it is visual and/or multimodal computations that converge with
511 shape or other geometrical properties that vary by object domains/categories (see

512 discussions in 29; and about results with congenitally blind individuals in 1). Here we

513 showed two further dimensions of heterogeneity — object content organization more fitted
514 with vision or language, and the involvement in subjective imagery experience.

515 Specifically, the FG showed strong similarity with CLIP text-encoder, consistent with its
516 role in multimodal and abstract object representations (1, 44, 45), irrelevant to imagery
517 experience. The LOTC showed subregional characteristics: while it aligned with the

518 image-encoder and tracked imagery vividness, suggesting a visual-structured, imagery-
519 relevant format, the left dorsal subregion additionally aligned with the text-encoder,

520 indicating a language-structured content. These results enrich our understanding of LOTC
521 as a heterogeneous convergence zone, where representations of varied content reside (e.g.,
522 tool objects, action, shape knowledge; 3, 11, 46-48), suggesting that future studies on

523 LOTC should consider the role of imagery processes and representational structures.
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524 The right IFG is not typically discussed relating to conceptual knowledge but is frequently
525 implicated in tasks requiring auditory working memory (e.g., maintaining tones or

526 semantic information 49-53), and is also considered a critical region for cognitive

527 inhibitory control (54, 55). In the retro-cue task of the current experiment, although

528 participants may have needed to suppress non-target stimuli during the imagery phase

529 after the cue, inhibitory control alone cannot account for the significant cross-decoding
530 observed for the target stimulus. Instead, our finding that the right IFG encoded language-
531 structured object representations aligns more closely with prior auditory working memory
532 studies, suggesting that internal representations do not necessarily mirror the modality of
533 external input when maintaining information.

534 It is important to note that better fitting with CLIP text-encoder (and other large language
535 models) by itself does not necessarily imply that the neural representation is processing
536 language by nature. It is possibly still representing nonlinguistic aspects of objects that
537 reflect relations that are better captured by language-derived higher-level semantics (see
538 similar discussions in 38, 56, 57). Here the results simply suggest that the neural structures
539 for objects are better explained by specific relational structures parallel those derived from
540 language than from vision, and this type of representation is similarly present for

541 visualizers and aphantasics, irrelevant to subjective imagery experience.

542

543 Functional localization of object imagery experience

544 Theoretical models of mental imagery propose a top-down reconstruction process, such
545 that higher-level stored content is transformed into visual detail in lower-level sensory

546 cortices (see reviews in 58, 59). However, the timing and location of this reconstruction
547 remain unclear. Our results show that while object knowledge is broadly represented in
548 regions supporting shared perception-imagery patterns, imagery-specific content was

549 confined to the left LOTC. How well the neural representation here during imagery fits
550 with the CLIP image-decoder is predictive of how vivid an individual experiences

551 subjective imagery. This region is close to the so-called fusiform imagery node (FIN)

552 proposed to support domain-general internal visualization (22, 60). Prior work has shown
553 reduced imagery-perception similarity, measured by the correlation between objects

554 imagery-RDM and perception-RDM, in aphantasics, and positive associations with

555 imagery vividness in visualizers in this node(35). Our findings support the critical role of
556 this area in imagery function, and further revealed that in aphantasics not only the neural
557 representations for imagery, but also those underlying perception, are altered to less

558 “visual”-like (see discussion in the next section). However, this imagery effect may be

559 limited to object-level stimuli. Earlier studies using low-level visual features (e.g.,

560 gratings, lines) have localized imagery effects to early visual cortices (61, 62), which were
561 not observed in the current study using object-level materials, suggesting that the neural
562 basis of imagery may vary by stimulus complexity—a question for future research.

563 For meaningless shapes that lack prior knowledge, left SPL emerged as the key site of

564 shared representation between perception and imagery. This is consistent with its role in
565 visual working memory (24, 63, 64) and sub-conscious processing (65-68). In particular,
566 aphantasics showed comparable SPL representations despite lacking subjective imagery,
567 reinforcing the idea that consciousness-independent visual coding can be implemented via
568 dorsal-stream mechanisms.

569 Diverse representations during perception
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570 Intriguingly, in the aphantasic group, visual-structured representations of left LOTC at low
571 to mid-levels were preserved during perception, but group differences emerged at higher
572 layers. This implies that aphantasia may not only reflect a deficit in internal imagery, but a
573 broader reorganization of perceptual encoding strategies. While visualizers and

574 aphantasics perceived the same stimuli, their underlying neural organizations diverged.
575 However, we found no correlation between the vision-aligned representation during

576 perception and VVIQ in visualizers, implying that this perceptual group difference is not
577 directly modulated by conscious imagery vividness. Instead, it may reflect a compensatory
578 shift toward language-based processing in aphantasics—a finding with implications for
579 how we understand cognitive diversity in perception. Additionally, both visual-structured
580 and language-structured representations—along with their shared variance—were

581 significant in the ventral visual cortices in visualizers during perception, emphasizing the
582 integration of both bottom-up and top-down (language-modulated knowledge structures)
583 processes during perception.

584 The relationship between object perception, knowledge, and imagery experience

585 Although both object knowledge access and imagery generation engage the perceptual

586 systems, our findings indicate that they rely on both shared and distinct representational
587 mechanisms. Object knowledge access and perception aligned in both the language-

588 structured and visual-structured-representational space, while subjective imagery

589 experience and perception aligned in the visual-structured space. These distinctions

590 highlight that each process entails multiple types of representations, and the seemingly

591 overlapping neural representations with a same process can arise from different types of
592 representations. Note that for meaningless shapes without knowledge priors, while the left
593 SPL was the strongest site of cross-decoding, we observed a trend the in ventral visual

594 regions among visualizers. Whether the association between voluntary imagery experience
595 and visual-structured representations in the left LOTC only applies to those with internal
596 stores (memory), or can also arise from temporary bottom-up visual inputs, remains an

597 open question for future studies to directly test.

598

599 In conclusion, our findings reveal that shared neural representations across the presence
600 and absence of sensory input arise from multiple, heterogeneous mechanisms: Visual-

601 structured object knowledge representations emerged specifically in the left LOTC and
602 were related to imagery experience. Language-structured knowledge representations were
603 distributed in multiple areas across VOTC, invariant to imagery experience. Knowledge-
604 absent and imagery-irrelevant visual representations were localized to the left SPL.

605 Together, these results offer a more nuanced account of how object knowledge and mental
606 imagery interact to support internal representations in human mind. They also underscore
607 the value of integrating computational modeling, individual differences, and multivariate
608 neuroimaging to uncover the representational architecture of the human brain.

609

610 Materials and Methods

611 Experimental Design

612 Participants

613 Seventeen healthy individuals with congenital aphantasia (mean age =SD: 23 +3 years;
614 14 females) and twenty-two control participants with typical visual imagery (22 +2 years;

615 17 females) took part in the study. Aphantasia was identified using the Vividness of
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616 Visual Imagery Questionnaire (VVIQ; 69), with scores below 32 (mean VVIQ £SD: 23.53
617 +6.26). Follow-up interviews ensured participants fully understood the instructions and
618 confirmed the absence or near absence of visual imagery experience. One participant with
619 a VVIQ score of 35 was also included in the aphantasic group, as their subjective report
620 closely aligned with the characteristics of aphantasia. All participants had normal or

621 corrected-to-normal vision and hearing, and no history of psychiatric or neurological

622 disorders. Informed consent was obtained from all participants, who received monetary
623 compensation. The study was approved by the Institutional Review Board of the State Key
624 Laboratory of Cognitive Neuroscience and Learning at Beijing Normal University, and
625 adhered to the Declaration of Helsinki.

626

627 Stimuli

628 Three categories of images were used (Fig. S1): two meaningful domains—animals (e.g.,
629 cat, tortoise, elephant, crab, panda, bee) and large objects (e.g., tea table, dressing table,
630 bathtub, fence, sailboat, children’s slide)—and one meaningless shape class. Meaningless
631 shapes were drawn arbitrarily in Photoshop, filled with 10 <10 pixel patches randomly
632 sampled from the meaningful images, followed by 2D Gaussian blurring in MATLAB
633 R2020a (v.2020a, MathWorks).

634 All images were converted to grayscale and normalized for luminance and contrast using
635 the SHINE toolbox (70). Familiarity and pixel-based inter-image dissimilarity between
636 animal and large object images were matched (two-sample t-test ps > .08), as were those
637 between meaningless and real objects (p =.36). The test images (used in the test phase;
638 see Procedure) were visually similar but distinct exemplars and were excluded from

639 further analyses.

640

641 Procedure

642 We employed a retro-cue paradigm (Dijkstra et al., 2017; Harrison & Tong, 2009; Fig.
643 2a). In each trial, two images were shown sequentially for 1 s each (perception phase),
644 separated by a jittered interstimulus interval of 2 - 4 s. A numeric cue (‘1” or ‘2’) then

645 indicated which image participants should visualize during a subsequent 4 s blank interval
646 (imagery phase). Finally, a test image was presented (test phase), and participants judged
647 whether it was exactly the same image, not just the same object, as the cued one.

648 Responses were made with the index fingers (left = "yes", right = "no"). Each trial lasted
649 17s.

650 To optimize the experimental design, trial sequences were counterbalanced: the two

651 sequentially presented stimuli always came from different categories, each had an equal
652 probability of appearing first or second, and each was equally likely to be cued. Image
653 pairings were unique across every four runs. The numbers of “yes” and “no” trials were
654 also balanced. Each run contained 18 trials, such that within each run every item was

655 imagined once and perceived twice.

656 Thirty-seven participants completed all 8 runs; two (one from each group) completed only

657 4 runs due to personal reasons.
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658

659 Image acquisition and preprocessing

660 MRI data were collected on a Siemens Prisma 3T scanner using a 64-channel phased-array
661 head coil at Beijing Normal University Neuroimaging Center. Functional images were
662 acquired with a multi-band echo-planar imaging sequence: 64 axial slices, 2 mm

663 thickness, phase encoding direction from posterior to anterior; 0.2 mm gap; multi-band
664 factor = 2; TR = 2000 ms; TE = 30 ms; flip angle = 90< matrix size = 104 x104; FoV =
665 208*208; voxel size = 2 x2 x2 mm?3. Each task run lasted 5 minutes and 34 seconds (167
666 volumes). High-resolution T1-weighted anatomical images were collected with a 3D

667 MPRAGE sequence: 192 sagittal slices; 1 mm thickness; TR = 2530 ms; TE = 2.98 ms; Tl
668 = 1100 ms; flip angle = 72 FoV = 224 %256 mm?; voxel size = 0.5 x0.5 x1 mm?,

669 interpolated; matrix size = 224 x<256.

670 Functional data preprocessing was conducted in SPM12 (SPM12 Software - Statistical
671 Parametric Mapping) using MATLAB R2020a (v.2020a, MathWorks). The first 6

672 volumes, acquired during the initial fixation period, were discarded. The remaining data
673 underwent slice-timing correction, motion correction, and high-pass filtering (cutoff:

674 0.008 Hz). Data were normalized to Montreal Neurological Institute (MNI) space using
675 unified segmentation and resampled to 2 mm isotropic voxels.

676

677 Statistical Analysis

678 Behavioral Performance

679 For each participant and stimulus class, we computed accuracy and performed a repeated-
680 measures ANOVA with group and stimulus class as factors. For reaction times (RT), we
681 included only correct trials and excluded outliers beyond 3 standard deviations. RTs

682 were then averaged across trials for each participant and class, followed by another

683 repeated-measures ANOVA with the same factors.

684 GLM Construction

685 We modeled each subject’s data using a general linear model (GLM) for each run in

686 SPM12. Predictors of interest included all items during perception, imagery, and test, with
687 six motion parameters included as nuisance regressors. All predictors were convolved

688 with the canonical hemodynamic response function. Since the test phase was only used to
689 ensure task engagement, corresponding data were excluded from further analyses. For

690 multivariate decoding analyses, beta images were spatially smoothed using a 2-mm

691 FWHM Gaussian kernel (71, 72).

692 Searchlight SVM Decoding Analysis

693 Searchlight analysis was restricted to a whole-brain gray matter mask, defined as voxels
694 with probability > 1/3 in the SPM12 gray matter template and located within cerebral

695 regions (1 - 90) of the Automated Anatomical Labeling (AAL) atlas, yielding 122,694
696 voxels (981,552 mm3. For each voxel, we defined an 8-mm radius sphere (257 voxels)
697 and extracted beta estimates for each item and run, normalized within the sphere. We

698 employed repeated split-half cross-validation(73), exhaustively iterating through all
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699 possible data splits, yielding 70 combinations for participants with 8 runs and 6

700 combinations for those with 4 runs. In each split, perception data from one half were used
701 to train an SVM classifier, which was then tested on imagery data from the other half—
702 and vice versa (Fig. 2a). The mean accuracy across both directions and all splits was

703 assigned to the sphere’s center voxel. Group-level statistical inference was performed

704 using permutation-based Statistical nonParametric Mapping (SnPM) (NISOx: SnPM),
705 with 5000 permutations and no variance smoothing. Cluster-level FWE correction was
706 applied for multiple comparisons, as it is the only method implemented in the software for
707 cluster-level inference. All searchlight decoding results were thresholded at voxelwise p
708 <.001, cluster-level FWE-corrected p < .05, unless stated otherwise. Domain-level

709 decoding classified animals vs. large objects; item-level decoding classified among

710 individual object identities.

711 Searchlight CLIP Model RSA

712 CLIP is a neural network trained on a variety of image-text pairs, being adapted by the
713 alignment between images and their corresponding text descriptions (41). We utilized a
714 Chinese version of CLIP (42), pretrained on around 200 million publicly available image-
715 text pairs data in Chinese, using the ViT-L/14 architecture for the image-encoder and

716 RoBERTa-wwm-Base for the text-encoder. We extracted embeddings for each image and
717 its label (e.g., “cat,” “elephant,” “dressing table” in Chinese) from the penultimate layers
718 of the encoders (i.e., 23™ out of 24 layers for the image-encoder, and 11" layer for the
719 text-encoder), and computed representational dissimilarity matrices (RDMs) based on

720 cosine distance, yielding image-RDM and text-RDM, respectively. We used embeddings
721 from the penultimate layer rather than the output layer (as in Chen et al., 2025; Shoham et
722 al., 2024), because they preserve rich modality-specific representational structure while
723 avoiding potential distortions from the final alignment step optimized for contrastive

724 learning.

725 Searchlight RSA was conducted within the cross-decoding mask (Fig. 2c-ii), defined by a
726 one-sample t-test across all subjects (voxelwise p < .001, cluster-level FWE-corrected p
727 < .05). Neural RDMs were computed for each subject by extracting T-value vectors from
728 searchlight spheres (as in the decoding analysis), and measuring dissimilarities as 1 —

729 Pearson correlation between stimulus pairs. We then computed Spearman partial

730 correlations between neural RDMs and one encoder RDM, controlling for the other, and
731 used commonality analysis (43) to quantify shared variance among all three RDMs.

732 Coefficients were assigned to the center voxel of each sphere. Group-level analyses were
733 also performed using permutation-based Statistical nonParametric Mapping (SnPM)

734 (NISOx: SnPM), with 5000 permutations and no variance smoothing. Results were

735 thresholded at voxelwise p < .001, cluster-level FWE-corrected p < .05, unless stated

736 otherwise.

737 ROI-based RSA with CLIP Model Layers

738 To explore whether the encoders’ effects differ in different processing stages in the two
739 groups, we conducted ROI-based RSA across multiple stages of the encoders. We extract
740 layerwise features from the Chinese CLIP model by registering forward hooks on each
741 residual block of the visual transformer and each encoder layer of the BERT-based text
742 encoder. During a forward pass, we collected the [CLS] token embeddings from each

743 layer for both image and text inputs. For image processing, preprocessed images were
744 passed through the visual encoder, and for text, tokenized captions were passed through

745 the text encoder. At each layer, [CLS] embeddings were detached, stored, and stacked
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across stimuli. Cosine similarity matrices were computed from L2-normalized features,
and converted into RDMs by subtracting similarity from one. Correlations and partial
correlations between neural RDMs and encoder RDMs were computed within the defined
ROIs (see Results). For partial correlations, the penultimate layer RDM of the non-target
encoder was regressed out. We grouped the layers into three equal parts as early, middle,
and late layers, averaged layer values within each layer-group for each subject, and
performed statistical analyses at the layer-group level. We also conducted agglomerative
clustering for the RDMs derived from the layers of each encoder to group them into
different processing stages to repeat this analysis (see Fig. S8-9). All correlation
coefficients were Fisher-Z transformed prior to statistical analysis in R.

All statistical analyses of behavioral and ROI data were conducted in R (75) using the
rstatix package (76). Two-sample comparisons were performed with Welch’s t-test, which
adjusts for unequal sample sizes(77).
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