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Fig. 4| Knowledge transfer viacommunication betweenindependently
trained CATS Nets. a,b, Semantic maps of the concept space formed by the
teacher (a) and the student (b) networks. Colors represent clusters ata given
hierarchical clustering threshold. Manual adjustments were then made to
achieve the closest possible visual alignment between the teacher net and
student net clusters in the visualization. ¢, Pipeline for knowledge acquisition
viacommunication between the teacher and student nets, consisting of three
phases: independent concept abstracting, conceptalignment and concept
transmission. d, Layer-wise RDMs of the translation module (in order of arrows:
input layer, third layer, seventh layer and output layer; see Supplementary Fig. 3a
foracomplete view of all layers). e, Performance of transferred concepts on
CIFAR-100 for the student net through communication. Each dot represents the
accuracy of anindependent model instance (n =100 independent experimental
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units), where each was trained on a unique 99-category subset and evaluated

on the corresponding held-out category. For all violin plots, individual dots
represent independent model instances. The unit of analysis is a single model.
Violin plots show the kernel density estimation of the data distribution. Overlaid
box plotsindicate the median (center line), interquartile range (25th-75th
percentiles), and minimum-maximum range (whiskers). Statistical significance
for accuracy was determined by a one-tailed one-sample ¢-test against the 0.5
chancelevel. **P<0.001. For all comparisons, the statistic values, degrees

of freedom and exact Pvalues are provided in the Source data. No technical
replicates were used. Unless otherwise specified, the sample violin conventions
areappliedin all figures. Allimages from PublicDomainPictures and Free-Images
under a Creative Commons license CCO.
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Fig. 5| Concept acquisitionin CATS Net using Word2Vec embeddings.

a, Pipeline for concept acquisition in CATS Net on CIFAR-100 using Word2Vec.

In phase 1, images from 99 categories and their name embeddings (as predefined
concept vectors) are used to train arandomly initialized CATS Net by updating
only network parameters. In phase 2, the remaining category and its Word2Vec
embedding (as an unseen concept vector) is used to evaluate the model’s
understanding of the novel concept. b, Performance on unseen concepts under
theleave-one-out approach described ina. Each dot represents the accuracy
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ofanindependent modelinstance (n =100 independent experimental units),
where each was trained on a unique 99-category subset and evaluated on the
corresponding held-out category. Statistical significance for accuracy was
determined by a one-tailed one-sample t-test against the 0.5 chance level.
***P<(0.001.c,RDMs of learned concept vectors (left) versus Word2Vec vectors
(right). Allimages from PublicDomainPictures and Free-Images under a Creative
Commons license CCO.

vector as the concept input. By traveling through all categories with
aleave-one-out approach, we demonstrate that the accuracy of each
conceptual inferred category is well beyond the chance level (mean
accuracy (s.d.) 0.7474 (0.0934), threshold 0.5, £(99) = 26.51, one-tailed
P<0.001, Cohen’s d =2.65, 95% CI[0.7289, 0.7660]). Despite never
encountering the images or category names before, the system suc-
cessfully recognized the majority of images (Fig. 5b).

In addition, we assessed the similarity between the concept vec-
tors generated by CATS Net and Word2Vec’s vector representations.
Although the Word2Vec vectors are derived from word co-occurrence
statistics inlarge text corpora, which is fundamentally different from
our model, their RDMs still show a significant correlation with ours
(Spearman’s p=0.24, Mantel P<0.001,10,000 permutations; bootstrap
95% C1[0.154, 0.366], 5,000 resamples; Fig. 5¢).

Human behavioral data-based concept space. To further validate
our architecture’s compatibility with human behavior-derived con-
cept spaces, we conducted experiments using the SPOSE49 model.
Using these human-generated concept vectors, we replicated the
leave-one-out experimental approach described above. The results
demonstrate that our CATS Net architecture achieves comparable
performance when configured with human behavioral data (mean
accuracy (s.d.) 0.6967 (0.1582), threshold 0.5, t(99) =12.43, one-tailed
P <0.001, Cohen’s d = 1.24, 95% CI [0.6653, 0.7281]), confirming
that our dual-module framework can effectively exploit not only
language-derived concept spaces but also genuine human percep-
tualand conceptual structures (Extended Data Fig. 2). This validation
strengthens the claim that our architecture provides ageneral compu-
tational framework for concept formation and understanding that is
compatible with authentic human cognitive processes.

These results collectively suggest that the framework proposed
here can effectively exploit the information structure in humans’ con-
cept space to solve new tasks, providing a common computational
framework for concept formation and understanding across totally
different systems.

Mapping neural representations of visual and
semantic-control networks

To assess the extent to which the concept spaces generated by our
CATS Net models align with those in the human brain, we compared
similarity patterns between the model concept spaces and the visual
cortex activities during object perception task using RSA. These analy-
ses utilized our previously published functional MRI (fMRI) dataset™,
which contained human brain activity data to 95 objects that cover 3
common object domains (32 animals, 35 small manipulable artifacts
and 28 large non-manipulable artifacts). Participants (N =26 in the
analyses) viewed images presented on the screen and performed anoral
picture-naming task (Fig. 6a). Given that our models are trained solely
onvisual categorization tasks, we first conducted aregion-of-interest
(ROI)-based RSA targeting the ventral occipitotemporal cortex (VOTC)
for object perception®, defined by contrasting picture viewing versus
rest (Benjamini-Hochberg false discovery rate (FDR) correction at the
voxellevel < 0.05; see Methods for details). We computed the partial
Spearman’s rank correlation between the model’s concept layer and
humanVOTC representations, explicitly controlling for low-level visual
features (that is, the ResNet sensory input layer).

AsshowninFig. 6c (left), the representational patterns of concept
layers of the CATS Net model showed highly significant correlation with
human VOTC activity patterns (Fisher-zmean (s.e.) p = 0.04 (0.004),
t(29) =9.27, one-tailed P< 0.001, Cohen’s d=1.70). This indicates that
the abstraction mechanism in CATS Net captures conceptual repre-
sentations aligning with human neural coding significantly beyond
canonical visual features.

We next examined the CA module. This module dynamically
gates feature representations, a function analogous to the human
semantic-control network, which has been assumed to selectively
access and manipulate meaningful conceptual information in rel-
evance to a particular context or task?. As the semantic-control
network modulates access to information rather than representing
visual content itself, we assessed alignment without controlling for
thesensoryinput layer. Thefirst layer of the CAmodule (CA1) showed
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Fig. 6 | Representational similarity between CATS Netlayers and humanbrain.  semantic-control*/multi-demand networks™ (right). Each dot represents

a, Task fMRI experimental design for object naming. The pictures used in the one model. For single-group comparisons, significance was determined by
fMRItask were changed to pictures under a Creative Commons license CCO. aone-tailed one-sample ¢-test against zero. Between-group differences were

b, RSA pipeline. Neural RDMs were correlated with model RDMs to quantify assessed using paired t-test. Asterisks indicate significance levels: **P < 0.01; ***P
correspondence. ¢,d, ROl-level (c) and whole-brain searchlight (d) RSA results. <0.001.d, Group-level t-value maps for concept layer (left) and CAllayer (right).
Forboth analyses, correlations were first averaged across 26 individuals for Searchlight results were thresholded at voxel-level P< 0.001, one-tailed, and
eachindependently trained model (n = 30). ¢, Correspondence between the cluster-level family-wise-error-corrected P< 0.05. Allimages from Free-Images
concept layers of CATS Nets and VOTC (left), and between the CAl layer and under a Creative Commons license CCO.

significant correspondence with the semantic-control network  multiple-demand network® (Fisher-z mean (s.e.) p = 0.01 (0.003),
(Fisher-zmean (s.e.) p=0.02 (0.003), t(29) = 6.44, one-tailed P<0.001;  £(29) = 3.22, one-tailed P < 0.01) (Fig. 6¢, right; for other CA layers,
additional CA module layers also showed significant correlations; see Extended Data Fig. 3a), the alignment with the semantic-control
Extended Data Fig. 3). Crucially, this alignment showed functional network was significantly stronger (paired ¢-tests: Fisher-z mean dif-
specificity: while the CAllayer also correlated with the domain-general  ference (s.e.) = 0.01(0.003), £(29) = 2.89, two-tailed P < 0.01). These
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findings collectively suggest that the CA module aligns specifically
with the semantic-control processes.

Across ROIs, effect size was reliable across 30 independently
initialized models (one-sample tests on Fisher-z means) and should
be interpreted relative to the noise ceilings (VOTC-concept NC, =
0.25; multiple-demand-CA1 NC, = 0.27; semantic-control-CA1NC, =
0.24; Methods). For context, the VOTC correspondence of a widely
used baseline model (ResNet50) and SPOSE49 model were 0.007
and 0.056, respectively (mean Fisher-z-transformed p, mean across
26 participants).

Finally, we confirmed these ROI-based findings using whole-brain
searchlight RSA* (Fig. 6b). At the threshold of voxel-level P< 0.001,
one-tailed, cluster-level family-wise-error-corrected P<0.05, we found
that the concept layer across all 30 CATS Nets showed significant
correspondence with the bilateral VOTC (Fig. 6d, left). In contrast,
the CAl layer corresponded to regions typically associated with the
semantic-control network, including the bilateral dorsomedial pre-
frontal cortex, inferior parietal lobe, left inferior frontal gyrus, lateral
occipital complex and posterior fusiformgyrus (Fig. 6d, right; for other
CAlayers, see Extended Data Fig. 3b). These findings aligned with our
ROl results, confirming that the concept layer corresponds to neural
representations in VOTC, while the CA module predominantly cor-
responds to activities in semantic control regions (for validation, see
Extended Data Figs. 3 and 4 and Supplementary Fig. 4).

Emergent cross-model consensus increases alignment with
human semantic systems

Our previous analyses demonstrated that model-generated concept
representations showed significant model-group-level correlations
with human visual cortex activity. Here we zoom into the individual
model spaces to examine whether convergent patterns among inde-
pendently trained CATS Nets might predict stronger alignment with
human semantic systems.

Biological neural systems often show evolutionary convergence
in their semantic coding strategies®*, suggesting that optimal solu-
tions emerge under similar hardware constraints. To test whether
this principle applies to our networks, we first performed clus-
ter analysis on 30 independently trained CATS Nets. This analysis
revealed adominantorganizational pattern emergingin47% of models
(14/30; Extended Data Fig. 5, left). We defined these 14 models as our
‘high-consensus’ group, hypothesizing that their shared representa-
tional structure might indicate greater biological plausibility compared
with the remaining 16 models (the ‘low-consensus’ group).

To evaluate this hypothesis, we conducted two complementary
analyses examining the alignment between these model groups and
twoindependent measures of humansemantic representation. First, we
assessed alignment with the Binder65 neurobiological semantic model.
High-consensus models showed significant better correspondence with
Binder65 (mean difference (s.e.) =0.11(0.01), £(29) = 6.98, two-tailed P<
0.001; Extended DataFig. 4), suggesting the emergent consensus struc-
tures capture neurobiologically relevant semantic dimensions. Second,
wetested whether this consensus advantage extended to alignment with
actual brainactivity. High-consensus models also showed stronger cor-
respondence with VOTC activity patterns than low-consensus models
(mean difference (s.e.) = 0.02 (0.00), £(29) = 3.05, two-tailed P < 0.01;
Extended DataFig. 5, right), while controlling for the pretrained sensory
input-layer RDM. These findingsimply that both artificial and biological
systems might be governed by equivalent optimizationimperativesin
how they organize semantic information. The spontaneous emergence
of shared representational geometry across independently trained
networks suggests that when subjected to comparable computational
constraints, different systems—biological or artificial-tend to converge
toward similar semantic coding solutions. This convergence may reflect
fundamental organizational principles that efficiently support semantic
processing across different types of intelligent system.

Discussion

The CATS Net architecture offers a unified computational framework
for linking raw sensory experience with symbolic thought. By inte-
grating concept formation through compression and understanding
through sensorimotor reinstatement, this dual-module system pro-
vides acomputational account of how high-dimensional sensory inputs
aremapped into low-dimensional, communicable conceptual spaces.
This process moves beyond the limitations of purely language-derived
representations by demonstrating that functionally useful conceptual
structures canemerge directly from task-driven sensorimotor ground-
ing®. Such a mechanism s particularly vital for capturing nuanced or
domain-specific knowledge that is often difficult to articulate fully
throughnatural language—aformof intuitive, embodied expertise that
cannow be computationally instantiated and utilized within artificial
neural networks.

The implications of this grounded representational mechanism
also suggest a different perspective on emergent communication.
While many currentapproachesrely on end-to-end joint optimization
via backpropagation®%, CATS Net motivates a more modular and
biologically plausible alternative: agents can develop internal concep-
tual structures independently and subsequently align them through
ashared symbolic interface. This approach captures a foundational
principle of human interaction, where low-dimensional symbols are
used to reactivate rich, high-dimensional sensorimotor experiences
in others. In principle, such a design may reduce the dependence on
continual, large-scale joint re-optimization and facilitate incremental
alignmentin decentralized multi-agent settings, providing a plausible
route toward scalable collective intelligence.

Beyond its implications for artificial intelligence, the framework
offers a concrete hypothesis that connects to established neurocogni-
tiveaccounts. The observed correspondence between CATS represen-
tations and brain activity patterns in human VOTC and semantic control
network is consistent with theories proposing top-down modulation
of feature representations during semantic processing’. In this view,
task-related feature gating—implemented here as a multiplicative,
element-wise interaction—serves as a candidate mechanism through
which relevant semantic features are amplified and irrelevant ones
suppressed according to shifting task demands. While other forms
of modulation exist, formalizing this multiplicative account helps
translate descriptive theories into testable computational predictions
about the neural basis of semantic flexibility.

However, the current scope of CATS Net is primarily constrained to
concrete concepts withidentifiable visual referents. Abstract concepts
(for instance, ‘justice’ or ‘freedom’) pose additional challenges due
to their lack of bounded physical referents and high inter-individual
variability®*°. Although our exploratory analyses suggest that CATS
Net’s concept layers capture representations related to abstract dimen-
sions, the model was not explicitly optimized for the fuzzy boundaries
and limited annotation reliability characteristic of non-perceptual
categories*. Akey direction for future work is therefore to extend this
architecture to multimodal integration, examining how the joint con-
straints of vision, audition and language can further sharpen concep-
tual boundaries and support more abstract representational spaces.
More broadly, systems that combine conceptual compression with
sensorimotor reinstatement may offer a practical step toward artificial
intelligence that represents—and communicates about—the world in
amore human-like, grounded manner.

Methods

Hierarchical gating of CATS Net

In a concept-abstraction task on an image dataset, we use a
20-dimension real-valued vector to present each category. This dimen-
sion was selected from a tested range of 10, 20, 100, as it offered the
optimal trade-off between compression efficiency and representa-
tional capacity (Supplementary Fig.1a). The compactness of this vector
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space, compared with the high-dimensional parameter space of the
neural network, reflects the highly compressed nature of the concepts.
The model’s pipeline begins with a pretrained ResNet50 backbone’,
chosenover Vision Transformer" for its computational efficiency after
observing similar performance from both (we use official IMAGE-
NETI1K_V1weights from https://pytorch.org/forbothbackbones). The
extracted 2,048-dimension features are then fed into the TS module.
This module is a 3-layer perceptron ([2,048-100-100-2]) with batch
normalization and rectified linear unit (ReLU) activation. The 3-layer
architecture wasadopted forits demonstrated robustness, as our tests
with 1, 3 and 5 layers all yielded comparable performance
(Supplementary Fig.1a). Tomatch this structure, the CA moduleis also
a 3-layer perceptron ([20-2,048-100-100]), which takes the
20-dimension concept vector as input and uses the Sigmoid function
O(X) = 1+2‘X

layer of the TS module consists of two neurons for ‘Yes’ (0,1) and ‘No’
(1, 0) classification, optimized using a cross-entropy loss.

Consider a multi-layer perception of L + 1 layers, indexed by
[=0, -, L with/=0and [=L being the input and output layers. Let W/
bethe connection weight between the (/-1)thlayer and /th layerinthe
TS module, and W for the CA module. x,, denotes the input of the
connections W} and ¢, denotes the input of the connections WiA. o,
denotes the output of the connections W} and g, denotes the output
ofthe connections W[CA. Itis clear that the dimension of feature extrac-
tor outputis the same with the x,and the dimension of concept vector
iswith c,. For the CA module, after applying normalization and activa-
tionto the g, it will be the input ¢, for weight w(4.

The CA module does not need to directly modulate the feature
extractor, becauseitis possible to utilize gating signalsin amuch easier
way to modulate the processing of the feature extractor. The dimen-
sionsof x,_; € R?and g; € R are consistent from/=1toL.For{=1toL,
letz,_, = x,.; © g,7,_; € RY, wereplace the x,; by z,, and set it asinput
forweight W}®. Operator @ isthe Hadamard product (alsoknown as the
element-wise product), is a binary operation that takes in 2 matrices
of the same dimensions and returns a matrix of the multiplied corre-
sponding elements. In our case, the hierarchical gating take place at
[2,048-100-100] layers between the CA and TS modules.

Under this network structure, even if the same stimulus X is pro-
vided to the TS module, CATS Net will conduct hierarchical gating
operations based on the different concept vector given to the CAmod-
ule. Let H(x, ¢) be CATS Net, so H(x, ¢) = G(T(x), C(c)) where T(-) is the
TS module, C(-) is the CA module and G is the hierarchical gating
between CA module and TS module. When such gating only takes effect
atacertainlayer, itisequivalent toscaling the dataof the currentlayer,
and when it acts on multiple layers along with activation functions,
provided that the input stimulus x remains unchanged, there exists a
variation of 7" such that H(x, ¢) = T'(c). Thatis to say, it is equivalent to
realizing several different TS parameters with distinct concept vectors.

Concept-abstraction task data and training
Theinputto CATS Netincludes concept vector and naturalimages while
the outputisatwo-dimension vectorindicating ‘Yes’ or ‘No’. Therefore,
the original image-label doublet vision dataset will be converted to
theimage-concept-label triplet one. Taking the ImageNet-1k dataset
usedinthe current work as anillustration, werandomly sampled 1,000
pointsina20-dimension real vector space and assigned them to each
category, whichwasfedto the CAmodule astheinitial for the abstracted
concept. Then for halfofimagesin the whole dataset, we assigned the
corresponding concept vector to them, along with the ‘Yes’ label. For
the other half, we randomly assigned a non-corresponding concept
vector with label of ‘No’, as negative samples for training stability.
Two training phases first begin with the network-learning phase:
the concept vector inputs to the CA module were fixed, while all net-
work parameters, including those in both CA and TS modules, were
updated by gradient back-propagation using a binary supervising

signal (Yes/No), to indicate whether the image belongs to the target
concept category or not. In the following concept-learning phase,
only concept vectors were modified by the back-propagated gradi-
ents, with all network parameters fixed. The two phasesin the training
process were carried out alternately in an epoch-by-epoch manner.
This provides better interpretability of concept-learning dynamics,
whichimpliesthelearning of concept space can beindependent from
the learning of network parameters. We also validated this approach
againstend-to-endjoint training and found comparable performance
(Supplementary Fig.1a), confirming that the concept-formation pro-
cess is robust to training methodology. The training was terminated
after 5 epochs to ensure accuracy reaching the plateau. Uniform dis-
tributed noise ranging from-0.1to 0.1 was injected into each element
of the concept vectors, in both the network-learning phase and the
concept-learning phase. We found that it effectively increased the
system'’s robustness for distinguishing various categories. No noise
was added to the concept vectors in the testing. In all experiments,
thelength of concept vectors was set to 20, that is, they contained 20
real elements.

Visualization of configured CATS Net by CAM

We made a little modification for traditional Grad-CAM?, to directly
show theimportance of each neuronin thelast layer of the pretrained
feature extractor, after being gated by the signals from CA module. To
obtain the class-discriminative localization map L¢_, .., € R® of
width u and height v for any concept ¢, we first compute the gradient
ofthe ‘Yes’score)* (the value of ‘Yes’ neuron before the softmax, given
concept input) with respect to feature maps A* of a convolutional layer,

thatis, =. These gradients flowing back are global average-pooled to
obtain tﬂe neuronimportance weights af

glkZZZ

OA"

where iandjare the index for width u and height v, that s, the pixel in
eachtwo-dimensional convolution kernel, and Zis the total number of
pixels in this kernel. k stands for the index of convolution kernel; it is
straightforward that the number of convolution kernelsis the same as
the dimension of the gating vector g;. The g; , is the kth element of g;,
thatis, gating signals from the output of W<,

This weight af represents a partial linearization of the deep net-
work downstream from A, and captures the ‘importance’ of feature
map k for a target concept c. We perform a weighted combination of
forward activation maps and follow it by a ReLU to obtain

LG aa-cam = ReLU (Zk“?‘k)

Finally, L . ..\ islinearlyscaledtothesize oftheinputimagesoasto
obtain the activation map shown in Fig. 2b.

Hyper-category functional specificity of the basis vector of
concept space

We assigned a hyper-category label to each category in ImageNet-1k,
using WordNet from the nltk library. Specifically, as each class label
in ImageNet has its corresponding synset ID in WordNet*, we first
obtain all the hyper synsets of each class in WordNet to form a Word-
Net synset chain for that class. Subsequently, we examine the syn-
sets one by one from the top of the synset chain downward to check
whether they correspond to the four preset hyper-categories such
as mammals and artifacts. If none of them can be matched, then the
hyper-category label of ‘others entity’ will be assigned to that class.
The synset tokens for four hyper-categories were ‘mammal.n.01’,
‘animal.n.O7, ‘instrumentality.n.03’ and ‘artifact.n.01’. Thus, the five
hyper-categories were ‘mammal’, ‘others mammal’, ‘instrumentality’,
‘others artifact’ and ‘others entity’.
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For a well-trained CATS Net, given the one-hot vectors ranging
from dimension1to 20, we calculated the number of images with a“Yes’
response over the evaluation set of ImageNet-1k (50,000 images), for
each hyper-category.

Functional entropy
Foreach concept vectorinthe concept space, we define the functional
entropy as

€= _Zpi log p;
i

where
Ci

chj

Pi=

The ¢; stands for the number of ‘Yes’ response to ith class across the
whole classes in the dataset and the p; is the normalized probability
prepared for entropy calculation. A higher value of functional entropy
also implies that the current input concept vector has a relatively
even selectivity for each category. In other words, this vector cannot
represent the concept of a specific category in the dataset. On the
contrary, a lower entropy indicates that the concept vector is more
inclined torespond ‘Yes’to certain specific categories while answering
‘No’ for the majority of the remaining categories. So the distribution of
the functional entropy reflects the overall attribution over the whole
conceptspace.

Hierarchical clustering analysis of CIFAR-100 concept set

We used hierarchical clustering (Matlab function dendrogram) to
group concept vectors generated by CATS Net, based on cosine dis-
tance between vectors and unweighted average linkage between
clusters. Specifically, two concepts, each from one of two distinct
but connected branches or leaves in the dendrogram with the clos-
est distance, were connected by one edge. We traversed all pairs of
connected branches and leaves, linking all pairs of concept nodes to
meet the requirement of the closest distance. The visualization of the
semantic network was generated by Gephi*’.

Leave-one-out training and concept vector expansion

This section describes the technical procedures underlying the com-
munication experiment presented in Fig. 4. The leave-one-out training
and concept vector expansion serve two critical functions: (1) creating
knowledge asymmetry between teacher and student networks, and
(2) generating sufficient training data for the translation module that
enables concept transfer.

For the leave-one-out training, the student CATS Net was trained
ondataset Dy, containingimages and labels from 99 categories, while
one category D, was withheld to create the knowledge gap that com-
municationaimstobridge. The teacher net was trained onthe complete
datasetincludingD,.

Subsequently, to generate expanded concept vectors for training
the translation module, concept vector expansion for the withheld
category D, was performed through concept manipulation only, that
is, only through the concept-abstraction phase without retraining the
network parameters. To utilize the concept obtained so far to identify
D,as muchas possible, we introduced a repelling loss L., for learning
anew concept, whichwas defined as

Liep(C,Coig, D = Y, exp(—|C; — C12/1)
Ci€Cou
where C; e C,4are the concepts of categories belonging to Dy, and Cis
the concept of the remaining category in D,. To test the system’s capa-
bility of few shot learning, only 2 images belonging to D, and 1image
fromeach of the 99 learned categories belonging to Dy, were utilized in
conceptabstraction. The concepts assigned to the category in D, were
randomlyinitialized and trained to minimize the following loss function

L= LCE(XneWsylc) + aLCE(onds.)_’lc) +:8Lrep(c’ Colds T)

where L. denotes the cross-entropy loss, x,.,, is the image sampled
fromthe new category in D,, x4 is the image sample from the learned
categories in Dy, y is the label ‘Yes’, y is the label ‘No’, and a and  are
parameters used to balance the different contributions of the losses.
Hyperparametersinthese experimentsweresettoa=0.5,=0.001, 7
=0.01andthelearningrateIr=0.01.

Data expansion and translation module

Building on the leave-one-out training procedure described above,
this section details the dataexpansion process and translation module
training that enable concept transfer between teacher and student
networks. The datasets used in learning-by-communication experi-
ment was CIFAR-100. The teacher net was trained with dataset D of all
100 categories, while the student Net was trained with Dy containing
99 categories. An additional translation module was then trained to
map the concept from teacher net to student net. First, according to
the procedure for training CATS Net, the teacher net generated one
conceptforeach categoryinD (D =Dy,uD,), and the student net gener-
ated one concept for each category in Dy,. To generate enough samples
for training this map, the teacher concept dataset was extended to
97 concept vectors for each category by concept vector expansion
described above. Specifically, after the initial training of the teacher
net, the network parameters were fixed. Then 96 additional different
concept vectors for each category were obtained through the training
procedure describedinthe ‘Leave-one-out training and concept vector
expansion’ section.

The translation module used was a multiple-layer perceptron,
with 10 hidden layers containing 500 neurons each. The ReLU activa-
tion function and the mean-squared-error loss function were used.
During the training, the dropout probability of all hidden layers was
set to 0.3. The translation module was trained, for Dy,, to map the 97
concept for each category from the teacher net to the corresponding
1 concept for each category from the student net. The learning rate
was set to 0.0001 and decayed by a factor of 0.5 for every 10 epochs.
The Adam** algorithm was used. The training lasted for 200 epochs to
ensure convergence. The experiment was repeated 100 rounds, witha
different class chosen as D, in each round.

Semantic detail preservation analysis

To assess whether the translation module preserves semantic details
during concept transfer, we conducted layer-wise representational
analysis across all 100 teacher-student pairs. For each translation
module, we extracted feature vectors from the input layer, all 11 ReLU
hiddenlayers and the output layer when processing the teacher’'s100
conceptvectors. These 13-layer feature representations were analyzed
using RDM correlation analysis for quantitative assessment of informa-
tion preservation. For RDM analysis, we computed pairwise Euclidean
distances between all concept representations within each layer, then
calculated Spearman rank correlations between layer-wise RDMs.
Statistical significance was assessed using two-tailed t-tests across the
100 translation modules. This analysis revealed systematic preserva-
tion of semantic relationships throughout the translation process,
withgradual but controlled information compression across layers.

Word2Vecas concept

In these experiments, CATS Net was trained using the category-name
word vectors as the predefined concept vector, which were provided by
the fastText library®. We used the pretrained 300-dimensional English
word vectors (cc.en.300.bin) and reduced themto 20 dimensions using
fastText’s built-in reduce_model () function, which uses principal
componentanalysis for dimensionality reduction. This 20-dimensional
representation was chosen to match the dimensionality of our learned
concept vectors, enabling direct comparison between the two concept
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spaces. The dataset was divided into two parts, Dy, and D,, in the same
way as in the leave-one-out concept-abstraction experiment. CATS
Net was directly trained by class label names, represented by their
20-dimensional Word2Vec embeddings, withimages belonging to Dy,.
Thenit was tested with the untrained class name corresponding to D,
to identify the images. Experiments were also repeated 100 rounds
with each category chosen asD,.

THINGS SPOSE49 and Binderé65 as concept

First, weidentified 334 shared concepts between the ImageNet-1k and
THINGS datasets. Both the ImageNet-1k and THINGS datasets provide
category labels with unique synset ID in WordNet**. By matching these
IDs, we extracted 334 shared concepts. Feature vectors for these con-
ceptswere then extracted from the SPOSE49 model providedinref. 9.
ForBinder65, feature vectors for each object name were computed as
Pearson’s correlation coefficients between the object name embed-
dings and the Binder65 dimension name embeddings inthe Word2Vec
embedding space*’. Two concepts could not be represented in the
Binder65 feature space, resulting in a final set of 332 concepts for
subsequent analyses. RDMs were constructed using pairwise Pear-
son’s distance (that is, 1 - Pearson’s correlation coefficient) between
feature vectors.

For analyses focusing on specific Binder65 subdomains, RDMs
were computed using the corresponding subset of Binder65 dimen-
sions. The ‘cognition’domain was excluded from these analyses owing
toitssingle-dimensional structure, which precluded the calculation of
meaningful dissimilarity matrices required for our analytical approach.

For the WT95 dataset, we identified 89 shared concepts between
the WT95 stimulus set and the THINGS dataset. All subsequent analyses
on this dataset were conducted using these 89 concepts.

fMRI dataset

Participants. Twenty-nine participants (19 female; median age,
20 years; range, 18-32 years) were recruited in our study and were
scanned in a conditional-rich event-related fMRI experiment. All par-
ticipants were right-handed, native Mandarin speakers with normal
or corrected-to-normal vision, and had no history of neurological or
language disorders. All protocols and procedures of the current study
were approved by the State Key Laboratory of Cognitive Neuroscience
and Learning at Beijing Normal University (ICBIR_A_0040_008). Before
participation, all participants provided writteninformed consent. The
study was conducted in accordance with the Declaration of Helsinki
and adhered to all relevant ethical guidelines.

Stimulus and procedures. Ninety-five objects were chosen, including
3 common domains (32 animals, 35 small manipulable artifacts and
28 large non-manipulable artifacts). Each object was presented as a
400 %400 pixels colored image displaying a representative exemplar
against awhite background (10.55° x 10.55° visual angle). The stimulus
described above is hereafter referred to as the WT95 object image
dataset. All the participants were asked to name each displayed pic-
ture using oral language. The whole experiment included six runs,
with eachitemrepeated for six times across the experiment. Each run
(8 min 45 s) consisted of 95 trials, with each item presented once per
run. The trial structure consisted of a 0.5 s fixation, followed bya 0.8 s
stimulus presentation and an inter-trial interval ranging from 2.7 s
to 14.7 s. The order of stimuli and inter-trial interval durations were
randomized using the optseq2 optimization algorithm (http://surfer.
nmr.mgh.harvard.edu/optseq/)*. Each run began and ended with a
10 sfixation period.

Image acquisition. Functional and anatomical MRl images were col-
lected at the MRI center, Beijing Normal University using a 3 Tesla
Siemens Trio Tim Scanner. A high-resolution three-dimensional struc-
tural image was collected with a three-dimensional magnetization

prepared-rapid gradient echo (3D-MPRAGE) sequence in the sagittal
plane (144 slices, repetition time 2,530 ms, echo time 3.39 ms, flip angle
7', matrix size 256 x 256, voxel size 1.33 x1x1.33 mm). Functionalimages
were acquired with an echo-planar imaging sequence (33 axial slices,
repetition time 2,000 ms, echo time 30 ms, flip angle 90°, matrix size
64 x 64, voxel size 3 x 3 x 3.5 mmwith agap of 0.7 mm).

WT95RDM of CATS Net model

We have previously trained 30 different CATS Nets on ImageNet-1k
and these models have distinct conceptual spaces. On the basis of
these spaces, we abstracted the concepts from WT95 object image
dataset to form the WT95 RDMs for each model. Specifically, for each
CATS Net, we retained all the network parameter modules (TS module
and CA module), discarded the concept set and then allocated 95
random initial points in 20-dimension space as 95 concept vectors.
Subsequently, with the network parameters fixed, we updated only
the concept vectors through the backpropagation algorithm until
convergence was achieved. The dissimilarity between each pair of
concepts was then calculated as 1 - Pearson’s correlation coefficient
to generate the 95 x 95 RDM.

To obtainamore accurate estimation of the concept space of the
model through the RDM, we repeated the above concept-formation
process100 times for one model. Then, we averaged the RDMs of these
100 sets of concepts to represent the RDM of that model.

Preprocessing for task fMRI data

The functionalimages were preprocessed and analyzed using Statisti-
cal Parametric Mapping (SPM12; http://www.fil.ion.ucl.ac.uk/spm). For
each participant, the first five volumes of each run were discarded for
signal equilibrium. Then the remaining images were corrected for time
slicing and head motion and then spatially normalized to Montreal
Neurological Institute space via unified segmentation (resampling
into 3 x 3 x 3 mm? voxel size). Three individuals were excluded from
the dataanalyses owing to the successive head motions (>3 mmor 3°).
For the functional images of each participant, the object-relevant beta
weights were obtained using general linear model. The general linear
model contained onset regressor for each of 95 items, 6 regressors
of no interest corresponding to the 6 head motion parameters, and
a constant regressor for each run. Each item-relevant regressor was
convolved with a canonical hemodynamic response function, and a
high-pass filter cut-off was set as 128 s. The resulting t-maps for each
item versus baseline were used to create neural RDMs.

ROl definition

The VOTC mask was defined as regions showing stronger activation to
all picturesrelative to the restin the fMRI dataset (FDR g < 0.05) within
the cerebral mask combining the posterior and temporooccipital divi-
sions ofinferior temporal gyrus (15#,16#), the inferior division of lateral
occipital cortex (23#), the posterior division of parahippocampal gyrus
(35#), the lingual gyrus (36#), the posterior division of temporal fusi-
form cortex (38#), the temporal occipital fusiform cortex (39#), the
occipital fusiform gyrus (40#), the supracalcarine cortex (47#) and
the occipital pole (48#) in the Harvard-Oxford Atlas (probability >0.2).

Representation similarity analysis

For the ROI-level analysis, activity patterns for each item within each
ROl were extracted from whole-brain ¢-statistic images. Neural RDMs
were then generated based on the Pearson distance between activation
patterns for each object pair. Model fitting was quantified by comput-
ingthe partial Spearman’s rank correlation (Spearman’s p) between the
neural RDMs and model RDMs, controlling for RDMs derived from the
feature extraction layer. For the analysis of the CA module specifically,
this partialling out procedure was notapplied. The resulting correlation
coefficients underwent Fisher-z transformation and were averaged at
theindividuallevel. At the model-group level, one-sample t-tests were
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performed on the individual-level mean correlation coefficients (p
values) to determine significant differences from zero. For compara-
tive analyses between model groups within VOTC, two-sample t-tests
were used to evaluate differencesinindividual-level mean p values. In
addition, paired ¢-tests were utilized to assess statistical differences
between ROIs, enabling direct comparison of regional effects across
the predefined functional and anatomical boundaries.

For the whole-brain analysis, a searchlight approach was imple-
mented wherein multivariate activation patterns within a sphere
(radius 10 mm) centered on each voxel were extracted to compute
Pearson-based neural RDMs. For each searchlight position, the Spear-
man’s rank correlation (Spearman’s p) between the neural RDM and
model-derived RDMs was computed, partialling out the effects from
the sensory input layer. For the analysis of the CA module specifically,
this partialling out procedure was not applied. This procedure gener-
ated correlation maps for each participant by iteratively moving the
searchlight center throughout the whole brain. The resulting cor-
relation maps underwent Fisher-z transformation and were spatially
smoothed using a 6 mm full-width at half-maximum Gaussian kernel.
These processed maps were then averaged across individuals to pro-
duce group-level representation. Statistical significance was assessed
through model-group-level analysis using one-sample ¢-tests against
zero to identify brain regions showing significant correlations with
the theoretical models.

Noise ceiling estimation

Our primary effect size for each model instance i is computed by cor-
relating the instance’s RDM with each participant’s RDM within a ROI
using Spearman’s p, applying aFisher-ztransform and averaging across
participants. Therefore, to provide an upper bound that iscommensu-
rate with this statistic, we estimate anoise ceiling (NC) in the z-domain
thatjointly reflects measurement reliability on the participant side and
stochastic variability on the model-instance side.

For the subject-level reliability of each participant s, rel, we first
estimate the group-mean RDM reliability rel,,,,, via participant
split-half half-sample means correlated across many random 50/50
splits, Fisher-zaveraged and Spearman-Brown corrected), thenrelate
each participant to the leave-one-out group mean, r(X;, X_,),and obtain:

(X, X_y)

rely >
= rel

group

For single-instance model reliability, rel,,,, ., we estimate the reli-
ability of asingle modelinstance using aleave-one-out approximation:
for each instance i, we compute the correlation between M,, and the
mean RDM of the remaining M - 1 instances, r; = p(M;, M_;); we then
averager;inthe Fisher-z-domain and back-transformto obtainrel,, ;4.

Finally, the expected correlation between asingle participant and
asingleinstanceisbounded by +/rel,rel,,oq... Because our effect averages
Fisher-z values across participants, we aggregate the bound in the

same domain:
N
NC, = é > atanh <\/ relsrelmodel>
s=1

Brain visualization
The brain results were projected onto the Montreal Neurological
Institute brain surface for visualization using BrainNet Viewer*® (ver-
sion 1.7; https://www.nitrc.org/projects/bnv/; RRID: SCR_009446)
with the default 'interpolated’ mapping algorithm, unless stated
explicitly otherwise.

Model RDM clustering
K-means clustering was performed using the kmeans function in Matlab
R2021awith default parameters (k=2).

Statistics and reproducibility

No statistical methods were used to pre-determine sample sizes, but
oursamplesize (N=26)is similar tothose reportedin previous publica-
tions investigating semantic representations (forinstance, refs. 49-51).

Outofthe29 participants recruited, datafrom 3 individuals were
excluded from the final analyses because of excessive head motion
(>3 mmor 3°). No other data were excluded.

The experiments were not randomized as there were no group
allocations involved in this study. The investigators were not blinded
toallocation during experiments.

Data distribution was assumed to be normal but this was not for-
mally tested. The data distributions and individual data points were
all plotted.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Source data for Figs. 2-6 and Extended Data Figs. 1-5 are provided
with this paper. The fMRI data that support the findings of this study
have been deposited inthe Open Science Framework (OSF) at https://
doi.org/10.17605/0SF.1I0/5Y8P6 (ref. 52). The embeddings of SPOSE49
model’ are available via OSF at https://osf.io/fSrn6/files/8yjh5. In addi-
tion, the anchor word embeddings used for the Binder65 model® can be
accessed at https://www.neuro.mcw.edu/index.php/resources/brain-
based-semantic-representations/. We only used the ImageNet-1k**
training partand validation part for CATS Net training and testingin this
work. Website: https://image-net.org/index.php. Website for CIFAR-
100 dataset”: https://www.cs.toronto.edu/kriz/cifar.html. Source data
are provided with this paper.

Code availability

The code source of all results shown in this paper is available via
Zenodo at https://doi.org/10.5281/zenodo0.18136642 (ref. 53) and
GitHub (https://github.com/Hiroid/CATS_Net).
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Extended Data Fig. 1| Representational similarity between CATS concept Fisher’s z-transformed Spearman’s rank correlation coefficients (p) between the
layer and Binder65 subdomains on ImageNet dataset. This figure illustrates respective RDMs. Individual data points represent correlation values from each
the RSA results between our CATS model’s concept layer and the 11 subdomains independently trained model. Asterisks (***) above each subdomain indicate
of the Binder65 model. RDMs were generated for both the CATS concept layer statistical significance (p <0.001) from one-sample t-tests conducted at the
and each Binder65 subdomain using WT95 stimulus dataset. The y-axis displays group level. The “ns" indicate p > 0.05.
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Extended Data Fig. 2| Performance on unseen concepts under the leave-one-out approach using THINGS and 49-dimension human-generated embedding
vectors. We randomly chose 100 categories from 1,854 object categories from THINGS as 100 independent runs of leave-one-out experiment. Each point represents
the accuracy of one category chosen for leave-one-out experiment.
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Extended Data Fig. 3| RSA model-group analysis results for the three layers
of CAmodule across 30 independent model instances. a, The results of ROI
analysis, with semantic control network® and domain-general multi-demand
(domain-general control) network® used as ROlIs. For single-group comparisons,
significance was determined by a one-tailed one-sample t-test against zero.
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significance levels: **, p < 0.01;***, p < 0.001. b, The whole-brain searchlight

RSA results, at the threshold of voxel-level p < 0.001, one-tailed, cluster-level
family-wise error (FWE)-corrected p < 0.05, highlighting the spatial patterns of
model-brain correspondence across the whole brain. Each of the three subplots
corresponds to one layer (CA1, CA2, and CA3) of the models.
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Extended Data Fig. 4| CATS Net-Binder65 correspondence using RSA.
Box plots showing the Spearman’s correlation coefficients (Fisher-z
transformed) between our CATS Nets and the Binder65 model based on RSA
analysis, controlling for the sensory input layer. a, The group-level results
for all 30 models, with each point representing an independently trained
modelinstance. b, The results of a cluster analysis dividing the models into
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group-level analysis and between-group comparison. Each pointin this panel
also represents a model instance within the respective group. Statistical
comparison between groups were performed using a two-tailed two-sample
t-test (***, p<0.001).
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low-consensus group (16/30). Representational similarity analysis (RSA) was across 26 subjects. Results are plotted separately for high-consensus and
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Data collection  No software was used

Data analysis Brain Analysis:
The functional images were preprocessed and analyzed using Statistical Parametric Mapping (SPM12; http://www.fil.ion.ucl.ac.uk/spm). After
preprocessing, data were analysed using SPM12 and Python (version 3.10).
The analysis and deep learning model codes based on Python (PyTorch 2.01) and are available on GitHub and Zenodo (https://
doi.org/10.5281/zen0do.18136642).
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Source data are provided with this paper. The fMRI data that support the findings of this study have been deposited in the Open Science Framework (OSF) at
https://osf.io/5y8p6/overview. The embeddings of SPOSE49 model are available via OSF at https://osf.io/f5rn6/files/8yjh5. Additionally, the anchor word
embeddings used for the Binder65 model can be accessed at https://www.neuro.mcw.edu/index.php/resources/brain-based-semantic-representations/. We only
used the ImageNet-1k training part and validation part for CATS Net training and testing in this work. Website: https://image-net.org/index.php. Website for CIFAR
100 dataset : https://www.cs.toronto.edu/~kriz/cifar.html

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Our findings apply to both sexes and genders. Sex and gender were not considered in our study design. We performed no
sex- or gender-based analyses, because there was no sufficient evidence indicating differences in neural correlates of
concept formation process between sexes or genders.

Reporting on race, ethnicity, or  Our findings do not involve any racial or ethnic classfication.
other socially relevant

groupings

Population characteristics Participants were all right-handed and native Chinese speakers. None of them had experienced psychiatric or neurological
disorders or had sustained a head injury. Twenty-nine participants (19 females; median age, 20 years; range, 18-32 years)
were recruited in our study.

Recruitment All participants were recruited online from colleage students in Beijing. Participant should be right-handed and nativeChinese
speaker. None of them had experienced psychiatric or neurological disorders or had sustained a head injury. Eachparticipant
read and signed the informed consent form before taking part in the experiments. Due to the college studentparticipants,
the research results may not generalize to other populations (e.g., children).

Ethics oversight All protocols and procedures of the current study were approved by the Ethics Committee of the State Key Laboratory of

Cognitive Neuroscience and Learning at Beijing Normal University (ICBIR_A_0040_008).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description This is a quantitative basic research involving human subjects.

Research sample The sample sizes of the datasets was 29 (19 females; median age: 20 years; range: 18—32 years). The participants in this research are
all adults, so they may not fully represent other groups (e.g., children).

Sampling strategy None of the participants should have experienced psychiatric or neurological disorders or had sustained a head injury. All the
participants should be all native Chinese Mandarin adult users in Beijing.
The sampling procedure was random designed. Sample sizes were determined by the previous model-fMRI alignment publications,
and sample availability.

Data collection In the fMRI experiments, participants' responses were recorded with a computer, while the ongoing brain activity during the task was
recorded using a MRI scanner. The researcher was aware of the experimental conditions and the study hypothesis during data
collection.
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Timing The fMRI dataset was collected in 2019-2020.

Data exclusions The data of three participants were excluded from the analyses because of excessive head motion (> 3 mm/3°).
Non-participation No participants declined participation or dropped out.
Randomization Participants were not allocated into experimental groups.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |:| ChlIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |:| |Z MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XXXNXXXX 5
Oooodoog

Plants

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied-

Authentication Describe-any-atithentication-procedtures foreach seed stock- tised-or-novel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type Task-based fMRI (block design).

Design specifications Ninety-five objects were chosen, including 3 common domains (32 animals, 35 small manipulable artefacts, and 28 large
nonmanipulable artefacts). Each object was presented as a 400 x 400 pixels coloured image displaying a representative
exemplar against a white background (10.55° x 10.55° of visual angle). All the participants were asked to name each
displayed picture using oral language. The whole experiment included 6 runs, with each item repeated for 6 times
across the experiment. Each run (8 min 45 s) consisted of 95 trials, with each item presented once per run. The trial
structure consisted of a 0.5 s fixation, followed by a 0.8 s stimulus presentation and an intertrial interval (ITl) ranging
from 2.7 sto 14.7 s.

Behavioral performance measures  There is no behaviour performance measures in this study.

Acquisition
Imaging type(s) Functional, structural
Field strength 3 Tesla
Sequence & imaging parameters Functional and anatomical MRI images were collected at the MRI center, Beijing Normal University using a $3$ Tesla

Siemens Trio Tim Scanner. A high-resolution 3D structural image was collected with a 3D magnetisation prepared-rapid
gradient echo (3D-MPRAGE) sequence in the sagittal plane (144 slices, TR = 2530 ms, TE = 3.39 ms, flip angle = 7°,
matrix size = 256 x 256, voxel size = 1.33 x 1 x 1.33 mm). Functional images were acquired with an echo-planar imaging
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Area of acquisition

Diffusion MRI [ ] Used

Preprocessing

Preprocessing software
Normalization

Normalization template

Noise and artifact removal

Volume censoring

(EPI) sequence (33 axial slices, TR = 2000 ms, TE = 30 ms, flip angle = 90°, matrix size = 64 x 64, voxel size =3 x 3 x 3.5
mm with a gap of 0.7 mm).

A whole brain scan.

& Not used

The functional images were preprocessed and analyzed using Statistical Parametric Mapping (SPM12; http://
www.fil.ion.ucl.ac.uk/spm).

The images were normalized to Montreal Neurological Institute (MNI) space via unified segmentation (resampling into 3 x 3 x
3 mm”3 voxel size).

MNI305

For the preprocessing of the task fMRI data, the first five volumes of each functional run were discarded to reach signal
equilibrium. Slice timing and 3-D head motion correction were performed. After normalization, the functional images were
spatially smoothed using a 6-mm full-width-half-maximum Gaussian kernel for univariate analysis but not for multivariate
pattern analysis. Temporal bandpass filtering (0.01-0.1 Hz) was performed to reduce the effects of high-frequency noises.

None

Statistical modeling & inference

Model type and settings

Effect(s) tested

Multivariate pattern analysis (MVPA); GLM analysis was first performed to obtain results of each regressors;

during GLM analysis, six head motion parameters were included as nuisance regressors, and a high-pass filter (128 s)

was used to remove low-frequency signal drift for each run; then MVPA were performed; the results of MVPA were entered
into second-level (between-subject) random-effect analysis.

Representational similarity analyses; partial Spearman's correlation.

Specify type of analysis: [ | whole brain || ROI-based ~ [X Both

The VOTC mask was defined as regions showing stronger activation to all pictures relative to the rest in
the fMRI dataset (FDR g < 0.05) within the cerebral mask combining the posterior and temporooccipital
divisions of inferior temporal gyrus (154, 16#), the inferior division of lateral occipital cortex (23#), the

Anatomical location(s) posterior division of parahippocampal gyrus (35#), the lingual gyrus (36#), the posterior division of

Statistic type for inference

(See Eklund et al. 2016)

Correction

Models & analysis

n/a | Involved in the study

temporal fusiform cortex (38#), the temporal occipital fusiform cortex (39#), the occipital fusiform gyrus
(40#), the supracalcarine cortex (47#) and the occipital pole (48#) in the Harvard-Oxford Atlas (probability
>0.2).

All effects in whole-brain level were tested by one sample t-tests and cluster-wise FWE correction as implemented in SPM12.
Effects at ROI level were tested by null-hypothesis one, pair and independent sample ttests.

For whole-brain analysis, multiple comparison corrections were conducted using cluster-level FWE correction (p <.05)
asimplemented in SPM12 (voxel-wise p <.001).

|:| Functional and/or effective connectivity

I:, Graph analysis

|:| IZ Multivariate modeling or predictive analysis

Multivariate modeling and predictive analysis We conducted searchlight MVPA within a ventral occipitotemporal cortex (VOTC) mask. This mask was

defined on the basis of regions showing stronger activation to all pictures relative to baseline in hearing
participants from the fmri dataset (g < 0.05, FDR-corrected). The functional mask was further constrained by
the following anatomical parcels (Harvard—Oxford Atlas, probability > 0.2): the posterior and
temporooccipital divisions of the inferior temporal gyrus (15#, 16#), the inferior division of the lateral
occipital cortex (23#), the posterior division of the parahippocampal gyrus (35#), the lingual gyrus (36#), the
posterior division of the temporal fusiform cortex (38#), the temporal occipital fusiform cortex (394#), the
occipital fusiform gyrus (40#), the supracalcarine cortex (47#), and the occipital pole (48#). This definition
resulted in the selection of 2467 voxels in the left hemisphere and 2420 voxels in the right hemisphere.

For each voxel within the VOTC mask, multivariate activation patterns within a sphere (radius = 10 mm)
centred at that voxel were extracted. Neural RDMs were computed with the Pearson distance within the
searchlight sphere. Then, Spearman’s rank correlation coefficients between the neural RDM and model-
derived concept RDMs was computed, controlling for the effects of sensory input layer. Correlation maps
were obtained for each participant by moving the searchlight centre across the VOTC mask. These maps
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were Fisher z-transformed and spatially smoothed with a 6 mm full-width half-maximum (FWHM) Gaussian
kernel. The correlation maps were compared to O with one-tailed one-sample t tests.

ROI-based MVPA was conducted with the same VOTC mask, semantic control mask and multiple demand
network mask as ROls. Specifically, multivariate activity patterns for each stimulus within the ROl mask were
extracted. Neural RDMs were computed on the basis of Pearson distances and then correlated with the RDM
generated by conceptl layer and CA layers. The resulting correlation coefficients between the neural and
model RDMs were Fisher z-transformed and compared to zero with one-tailed one-sample t tests.
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