
communications biology Article
A Nature Portfolio journal

https://doi.org/10.1038/s42003-026-09685-w

Achieving more human brain-like vision
via human EEG representational
alignment
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Despite advancements in artificial intelligence, object recognition models still lag behind in emulating
visual information processing in human brains. Recent studies have highlighted the potential of using
neural data to mimic brain processing; however, these often rely on invasive neural recordings from
non-human subjects, leaving a critical gap in understanding human visual perception. Addressing this
gap, we present, ‘Re(presentational)Al(ignment)net’, a vision model aligned with human brain activity
based on non-invasive EEG, demonstrating a significantly higher similarity to human brain
representations. Our innovative image-to-brain multi-layer encoding framework advances human
neural alignment by optimizing multiple model layers and enabling the model to efficiently learn and
mimic the human brain’s visual representational patterns across object categories and different
modalities. Our findings demonstrate that ReAlnets exhibit stronger alignment with human brain
representations than traditional computer visionmodels, achieving an average similarity improvement
of approximately 3% and a maximum relative improvement ratio reaching up to 40%. This alignment
framework takes an important step toward bridging the gap between artificial and human vision and
achieving more brain-like artificial intelligence systems.

While current vision models in artificial intelligence (AI) have achieved
remarkable advancements, they still fall short of capturing the full
complexity and adaptability of the human brain’s information proces-
sing. Deep convolutional neural networks (DCNNs) now rival human
performance in object recognition1, and many studies have identified
representational similarities between the hierarchical structures of
DCNNs and the ventral visual stream2–6. However, aligning DCNNs with
human neural representations, though promising, remains an area with
significant potential for further exploration. Enhancing the similarity
between visual models and the human brain has become a critical con-
cern for both computer scientists and neuroscientists. From a computer
vision perspective, brain-inspired models often exhibit greater robustness
and generalization, which are essential for achieving brain-like intelli-
gence. Meanwhile, from a cognitive neuroscience perspective, models
that more closely resemble brain representations can provide valuable
insights into the mechanisms of human visual processing.

Conventional approaches—increasingmodel depth and layer count—
have struggled to emulate the complexity of human visual processing7.
Researchers have proposed various bio-inspired strategies to leverage the
understanding of the human brain to enhance current AI vision models,

including altering the architecture of the model (adding recurrent
structures4,8–11, dual-pathway models12–16, topographic constraints17–20 or
feedback pathways)21 and changing the training task (using self-supervised
training22,23 or 3D taskmodels)24. However, an important question remains:
Canwe directly use human neural activity to align artificial neural networks
(ANNs) in object recognition, thereby achieving more human brain-like
vision models?

Several previous studies have begun to explore the integration of neural
data into machine learning, particularly deep learning models, to enable
thesemodels to learn biologically inspired representations fromneural data.
One common strategy is to introduce a similarity loss during training to
increase the representational alignment betweenmodels and neural activity,
often derived from mouse V1 or monkey V1 and IT regions25–28. Another
strategy from ref. 29 integrates an additional task that uses an encoding
module to predict monkey V1 neural activity. Both similarity-based
methods and multi-task frameworks have been shown to produce more
brain-like representations and improvemodel robustness.However, the key
challenge of these neural alignment studies is they only align single brain
region or single model layer. Previous studies typically focused on aligning
only a single layer of a CNN with a specific brain region, such as V1 or IT,
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without a clearunderstandingof howmultiple layers correspond todifferent
brain regions. This oversimplification can lead to misalignment and inac-
curacies. Moreover, most of these studies depend on invasive neural
recordings from animals instead of human neural data, which limits the
direct applicability of findings to human visual processing. Human non-
invasive recordings, such as fMRI and EEG, often have lower data quality
compared to invasive animal recordings, making it more challenging for
models to learn human brain representations effectively. Early attempts
involved applying human fMRI signals as additional inputs to machine
learningclassifiers, such as SVMsandCNNs, resulting in improvedcategory
classification performance without altering the internal feature repre-
sentations of the models themselves30–32. While more recent research has
directly optimized CNN internal representations align with human fMRI
data for video emotion recognition33, going beyond earlier approaches that
only incorporated fMRI features into classification tasks30, this approachhas
been limited to a relatively simple six-category emotion classification task. It
remains unclear whether it could scale effectively tomore complex domains
like object recognition, which involves a far greater diversity of categories
(e.g., 1000 classes in ImageNet-trained models). Also, it is unclear whether
we can apply human neural data to optimizeANNs to achievemore human
brain-like internal model representations.

To address these limitations, our study proposes a novel approach that
employs an encoding-based framework for multi-layer alignment. This
framework goes beyond simple similarity by training an additional
encoding module to predict human neural activity, thereby enabling the
model to autonomously extract complex visual features. Our approach
leverages human neural data to achieve more effective alignment with
human brain representations in object recognition tasks.

To bridge the gap between AI vision and human vision, we introduce
Re(presentational)Al(ignment)net framework (hereafter, the ReAlnet fra-
mework), amethod for effectively aligning visionmodels with human brain
representations obtained from noninvasive EEG recordings. EEG was
chosen for its high temporal resolution and the capacity to collect a large
number of trials through rapid successive stimulus presentation,making it a
cost-effective and scalable option. Our novel encoding-based multi-layer
alignment framework effectively allows neural networks to learn human
brain representations, enabling the creation of personalized vision models
tailored to individual neural data. In this ReAlnet framework, each indivi-
dualized ReAlnet refers to one EEG-aligned model instance trained on a
single subject’s data, while the plural ReAlnets refers to the set of ten such
individualized models. Here, we define “direct alignment” as modifying a
model’s internal representational structure via a learning objective that
explicitly incorporates human neural data. Under this definition, our
approach constitutes the first direct alignment of object recognitionmodels
using noninvasive human EEG signals. This novel approach opens new
possibilities for enhancing brain-like representations in AI models. Fur-
thermore, human EEG-optimized ReAlnets demonstrate improved align-
ment with human brain representations across different modalities (both
human EEG and fMRI) and human behaviors.

Results
Aligning CORnet with human EEG representations
In this study, we developed a novel image-to-brain multi-layer encoding
alignment framework that integrates human EEG data directly into the
training of a deep convolutional visionmodel (Fig. 1).Given an input image,
the model simultaneously performs object classification and generates

Fig. 1 | ReAlnets aligned with human EEG signals as more human brain-like
vision models. A An overview of the ReAlnet alignment framework. Adding an
additional multi-layer encoding module to an ImageNet pre-trained CORnet-S, the
outputs contain the category classification results and the generated EEG signals.
Using the THINGS EEG2 training dataset, we aim to minimize both classification
loss and generation loss, enabling CORnet to not only stabilize the classification
performance but also effectively learn human brain features and transform into
ReAlnets. B Representational similarity between internal representations in models
and human temporal EEG signals from the THINGS EEG2 test dataset. Models
include ReAlnets and their primary comparison model CORnet-S, along with

ResNet101 and CLIP (with a ResNet101 backbone) as additional baselines. These
baselines are used in their off-the-shelf pretrained formwithout any EEG alignment;
only ReAlnet is optimized with human EEG. Because the additional baselines have
different number of layers, for all models we took the first layer as the Early Layer,
and the layer before the classification layer (or last visual layer in CLIP) as the late
layer for this analysis. The line labeled “ReAlnet” reflects the mean similarity across
10 individual ReAlnets, each trained on a different subject’s EEG data (N = 10). For
comparison models, each line reflects the mean similarity between the same 10
human EEG datasets and the single model instance. ReAlnets consistently show the
highest similarity to the human brain. Lines and shading reflect mean ± SEM.
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predicted EEG signals corresponding to that image. To instantiate this
framework, we built ten individual models, termed ReAlnets, using the
state-of-the-art CORnet-S model9,34 as the foundational architecture. Dur-
ing training, ReAlnets were optimized jointly for object classification and
EEG prediction using subject-specific EEG recordings collected while
human subjects viewed a massive number of natural images from the
THINGS EEG235 training set (Fig. 1A and see “Methods”).

As an initialfidelity check, we verified that this joint training procedure
preserved strong object recognition performance (average top-1 and top-5
accuracy on ImageNet: 69.31 and 88.88%, Supplementary Fig. 1A, B) while
enabling the model to generate realistic EEG signals (average 0.7785 simi-
larity, computed as Spearman correlation between generated and real EEG
time series, treating the full images × channel × timepointmatrix as a vector,
Supplementary Fig. 1C–E). To contextualize the highnumerical correlation,
we note that EEG signals exhibit highly consistent temporal patterns across
images within our short 0–200ms time-window, and EEG channels
themselves show strong cross-channel covariance. Even under a more
stringent metric removing the influence of these factors (an image-level
channel-timepoint-wise correlation: for each of the 17 channels and 20
timepoints, we correlated the 200-image vector between real and generated
EEG responses and then averaged the resulting 340 correlations), ReAlnet
still exhibited a significant positive correlation (0.3081), whereas Unpaired
and Scrambled controls were approximately zero (Supplementary Fig. 1F),
confirming that ReAlnets captured image-specific EEGpatterns rather than
merely reproducing the shared ERP profile.

While these results demonstrate that themodel successfully learned to
reproduce realistic EEG activity, building the most accurate EEG generator
is not our main objective. Instead, we seek to use EEG generation as a
training mechanism to optimize the model’s internal representations, with
the goal of making themmore similar to human brain representations. Our
critical hypothesis is that modifying the model’s internal representations in
this waymay carry benefits that generalize across image diet andmodalities.
Therefore, our core aim is to investigate whether aligning an artificial vision
model with individual neural representations from actual human subjects
can enhance the model’s similarity to the human brain.

In the following sections, we evaluate whether the model’s internal
representations have indeed become more brain-like by conducting
representational similarity analysis (RSA) to test the models’ similarity to
humanEEG, human fMRI, andbehavior. Topreview, using an independent
test dataset consisting of entirely novel (untrained) object categories, we
calculated the temporal similarity between different models and the human
brainEEG.As shown inFig. 1B, for both early and late layers, comparing the
ReAlnets to the original CORnet-S, alongwith ResNet101 andCLIP (with a
ResNet101 backbone) as additional baselines, ReAlnets consistently show
the highest similarity to the human brain patterns. Importantly, our
assessment of themodel’s similarity to humans is not limited to its similarity
with human EEG representations. We further evaluated the model’s simi-
larity to human brain fMRI representations (a completely different mod-
ality) from human subjects viewing a completely different dataset of novel
image categories (based on Shen fMRI test set)36. Additionally, wemeasured
the similarity between the model and human behavior in several object
recognition tasks using the Brain-Score platform37 based on two behavioral
benchmarks. In the sections that follow, we describe these results in more
detail, along with additional analyses and control experiments testing
ReAlnets.

Improved similarity to human EEG
After training the ReAlnets, we employed an independent test dataset
consisting of 200 images and associated EEG activity from the THINGS
EEG2 dataset35. These test set images had not been presented at all during
the training process, coming from entirely novel (untrained) object cate-
gories.We input these 200 test images to eachmodel (the 10 subject-specific
ReAlnets plus CORnet and other comparison models) and obtained the
feature vectors corresponding to each image for each layer in the model.
Then we obtained the actual human brain EEG patterns at each timepoint

for each of the 10 human subjects viewing those same 200 test images from
the THINGS EEG2 dataset35, we calculated (1) the internal representational
similarity between actual EEGdata andCORnet (with the same structure as
ReAlnets, but non aligned human neural data and non-individualized
model), and (2) the internal representational similarity between actual EEG
data and the subject-matched ReAlnet. As an additional control, we trained
a Scrambled-model version of the ReAlnet framework by aligning on
10 subjects’ Scrambled EEG signals (more details in the Control Experi-
ments section and “Methods” section) and conducted the same RSA
analysis.

ReAlnets exhibit significantly higher similarity to human EEG neural
dynamics for all four visual layers (layer V1: 70–130 and 160–200ms; layer
V2: 60–200ms; layerV4: 60–200ms; layer IT: 70–160ms) than the original
CORnet without human neural alignment, or than Scrambled models
trainedon ScrambledEEGsignals (Fig. 2A). TheEEGsimilarity curves often
show a two-peaked shape, potentially reflecting different stages of visual
information processing. Based on prior studies on human neural dynamic
representations38,39, the earlier peak (1̃00ms) likely corresponds to the
processing of lower-level visual features, such as color and retinal size. And
the later peak (1̃50–200ms or even later) may reflect the processing of
higher-level semantic features, such as real-world size and animacy
information40,41.

Further statistical analysis of each layer’s similarity improvement
(ReAlnet-CORnet) and improvement ratio ((ReAlnet- CORnet)/COR-
net) also indicates that at the similarity peak timepoint, there is a max-
imum of a 6% similarity improvement and a 40% improvement ratio
(Fig. 2B). Importantly, all individualized ReAlnets showed positive
improvement over CORnet and Scrambled models, suggesting that our
ReAlnet framework robustly generalizes across subjects and effectively
enhances model-EEG similarity when trained on each individual’s EEG
data. It is worth noting that the test set doesn’t overlap with the training
set in terms of object categories (concepts). Therefore, these significant
improvements reveal ReAlnets’ generalization capability across different
object categories. In addition to reporting layer-wise RSA curves, we also
computed the maximum similarity across all layers for each model at
each time point to provide a clearer summary of model-EEG align-
ment (Fig. 2C).

These results suggest three findings: (1) our multi-layer alignment
framework indeed improves all layers’ similarity to human EEG repre-
sentations. (2) Every ReAlnet with individual neural alignment exhibits
improved similarity to human EEG compared to the basic CORnet. (3)
ReAlnets demonstrate the generalization of improvement in human brain-
like similarity across object categories, as the image categories used for
testing were entirely absent during the alignment training.

Additionally, unlike traditional models in computer vision, ReAlnet is
a personalizedmodel trainedbasedondifferent individuals’neural data. Just
as neuroscientists are interested in studying individual differences in the
brain, we can similarly explore individual differences across the ten perso-
nalized ReAlnets—whether ReAlnets exhibit intra-model individual vari-
abilities and how such variabilities change across different layers of the
model. Note that CORnet serves as a single, publicly available reference
model with fixed official weights, and thus does not have individualized
versions analogous to ReAlnets. Therefore, inter-model variability can only
be meaningfully assessed across individualized ReAlnets. Importantly, all
ten ReAlnets were initialized with the same pretrained CORnet-S weights
and trained using the same random seed, ensuring that any observed dif-
ferences arise solely from the individual EEG data used for fine-tuning, not
from variations in model initialization. We hypothesize that the observed
individual differences in ReAlnets may provide insights into potential
mechanisms underlying individual differences in human brains. To inves-
tigate this, we analyzed individual variability in human brain regions (V1,
V2, V4, and LOC) using the Shen fMRI dataset based on a similar RDM-
based correlation analysis. As a comparison, we similarly analyzed indivi-
dual variability across different ReAlnet RDMs at each layer, using the 200
images in the THINGS EEG2 test set.
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Our results of individual differences suggest: (1) personalized
ReAlnets indeed exhibit individual variability (Fig. 2D). (2) This
variability increases with the depth of the layers (from Layer V1 to Layer
IT, Fig. 2D) and decreases in the output layer, which aligns with the
trend observed in the human brain—where individual variability
increases from V1 to V4 and then decreases in LOC. Importantly, we
included the output layer of ReAlnets, which performs category clas-
sification, and found that its individual variability decreases, mirroring
the pattern seen in the LOC region of the human brain (additional
analysis in Supplementary Fig. 2A confirms that LOC is significantly
more similar to the model’s output layer than layer IT, suggesting that

the model’s output layer rather than layer IT is more comparable to
brain LOC region).

While humans also show hierarchical increases in between-subject
variability, the larger absolute magnitude observed in neural data likely
reflects a combination of cross-participant representational heterogeneity
and measurement noise inherent to neuroimaging. We further considered
whether individual variability inReAlnets could arise from factors unrelated
to EEG alignment, such as random initialization or fine-tuning with
Scrambledor unpairedEEGdata.However, additional analyses showed that
Unpaired and Scrambled models lack the systematic increase in variability
from layer V1 to V4 observed in ReAlnets and exhibit overall weaker

Fig. 2 | ReAlnets show higher similarity to human EEG and hierarchical indi-
vidual variability. A Representational similarity time courses between human EEG
and models (ReAlnets, Scrambled models, and CORnet) for different layers,
respectively. Dark blue square dots at the bottom indicate the timepoints where
ReAlnet vs. CORnet were significantly different (p < 0.05). Grey square dots at the
bottom indicate the timepoints where ReAlnet vs. Scrambled were significantly
different (p < 0.05). Lines and shading reflect mean ± SEM. B Similarity improve-
ment and similarity improvement ratio of ReAlnets compared to CORnet at the
similarity peak timepoint. Each circle dot indicates an individual ReAlnet. Error bar
reflects ± SEM.CTime courses of themaximumrepresentational similarity between
human EEG and different models (ReAlnets, Scrambled models, and CORnet),
computed by taking the highest similarity across all model layers at each timepoint.
Dark blue square dots at the bottom indicate timepoints where ReAlnets sig-
nificantly outperformed CORnet (p < 0.05). Grey square dots indicate significant
differences between ReAlnets and Scrambled models (p < 0.05). Lines and shading
reflect mean ± SEM. D Top: ReAlnet individual variability matrices of four visual

layers. Bottom left: ReAlnet individual variability along layers. Bottom right: Human
fMRI individual variability along the visual cortex. Each circle dot indicates a pair of
two personalized ReAlnets or two human subjects. Error bar reflects ± SEM.
E Cross-subject similarity matrix showing each individualized ReAlnet (rows)
generalizes to EEG representations from all 10 subjects (columns). Each cell reflects
the average representational similarity between human EEG and ReAlnets and
CORnet across four model layers and the 50–200 ms time window. F Cross-subject
generalization beyond baseline CORnet. Each cell reflects the ReAlnet-CORnet
difference in EEG similarity, with positive values indicating that even mismatched
ReAlnets outperform CORnet on other subjects' EEG data. G Left: column-wise
normalized similarity matrix based on baseline-subtracted similarity matrix, where
each column is scaled such that the highest similarity value is 1. Right: a statistical
comparison between matched and mismatched pairs. Black asterisks indicate sig-
nificantly higher similarity of matched pairs thanmismatched pairs (p < 0.05). Error
bar reflects ± SEM.
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variability (Supplementary Fig. 2B–D), indicating that ReAlnets optimized
using true EEG alignment more faithfully capture structured individual
variability. Although the overall magnitude of between-layer variability
remains smaller in models than in neural data—likely due to the archi-
tectural regularity of the models—both humans and ReAlnets exhibit
similar hierarchical trends.

To further evaluate the generalization ability of individualized ReAl-
netswithin the EEGmodality, we conducted a cross-subject analysis, testing
each model against the EEG RDMs of all subjects. We computed a model-
subject similarity matrix where each entry represents the average RSA
similarity across four model layers and the 50–200ms time window. This
approach summarizes each ReAlnet’s representational match with every
subject and produces a compact confusion matrix (Fig. 2E). To more
directly assess cross-subject generalization, we subtracted each subject’s
similarity with CORnet from all cells in that subject’s column (Fig. 2F).
Positive values in this normalized matrix indicate that even mismatched
ReAlnets outperform the CORnet baseline, confirming that ReAlnets cap-
ture representational structures that generalize across individuals. Finally, to
control for differences in signal quality across subjects, we applied column-
wise normalization to the matrix (Fig. 2G). To more directly quantify
subject-specificity, we compared similarity values for matched model-
subject pairs (the diagonal: i.e., models evaluated on the same subject used
for training) against unmatched pairs (the off-diagonal) and observed that
matched model-subject pairs show significantly higher similarity than
unmatched pairs (t = 5.6068, p = 0.0003). These results confirm that indi-
vidualized ReAlnets capture subject-specific representational features and
that these models generalize across individuals within the same neural
modality.

Improved similarity in ReAlnets to human fMRI
Although ReAlnets demonstrate higher similarity to human EEG, a ques-
tion arises: do ReAlnets learn representations specific to EEG, or more
general neural representations of the human brain? To ensure that our
alignment framework enables themodel to learn representationsbeyond the
single modality of EEG, we utilized additional human fMRI data of three
human subjects viewing natural images to evaluate the model’s cross-
modality representational similarity to human fMRI.

Excitingly, we indeed observed a clear improvement in this cross-
modal brain-like similarity. Based on human fMRI signals of three subjects
viewing 50 natural images, the similarity results indicate that, overall,
ReAlnets exhibit a stronger resemblance to human fMRI data than CORnet
and Scrambledmodels (Fig. 3A), despite being aligned using a different type
of neural signal with very different spatiotemporal properties (human EEG
data), and that was collected from a different set of participants. Although a
few conditions showCORnetmay have higher similarity than ReAlnets, the
general trend favors ReAlnets—highlighting their stronger alignment with
human neural representations and showing that EEG-optimized ReAlnets
generalize broadly to human representations.

We next asked whether the enhanced similarity between ReAlnets and
human brain representations extends beyond natural image stimuli. We
tested ReAlnets on additional stimulus sets included in the Shen fMRI
dataset, including 40 artificial shape and 10 alphabetical letter images. Our
results again demonstrate ReAlnets’ improved similarity to human brain
representations in comparisons to CORnet and Scrambledmodels (Fig. 3B,
C). While some comparisons yield small absolute differences, we also
examined effect sizes to better assess their statistical and practical sig-
nificance (detailed statistical results including t-value, p-value, and Cohen’s
d are listed in Supplementary Table 1).

These findings further highlight three points: (1) across multiple
regions-of-interest (ROIs), ReAlnets exhibits higher human fMRI similarity
thanCORnet. (2) Despite being trainedwith the EEGdata of subjects not in
the fMRI dataset, almost every ReAlnet shows higher fMRI similarity,
suggesting that ReAlnets learn consistent brain information processing
patterns across subjects. (3) Images from the fMRI datasets for evaluation
were never presented during the alignment training, reaffirming the

generalization of ReAlnets in improving brain-like similarity across object
categories and images.

Moreover, the similarity improvements across modalities were sig-
nificantly correlated (Supplementary Fig. 3): ReAlnets showing greater
improvement inEEGsimilarity also showedgreater similarity improvement
in fMRI similarity, when correlating these improvement values across dif-
ferent ReAlnet instances (r = 0.9204, p < 0.0001). This cross-modal corre-
spondence further indicates that the ReAlnet alignment framework is
tapping into meaningful and robust human neural signals.

Improved similarity in ReAlnets to behavior
Does this neural-level alignment also translate into any behavioral align-
ment? To test whether ReAlnets show improved similarity to human
behavior, we calculated the scores of CORnet and 10 personalized ReAlnets
based on the human behavioral assessments, including two object recog-
nition tasks, in the Brain-Score platform37. One task compared howwell the
ANN, compared to primates and humans, could recognize objects pre-
sented in the center of their visual field, even when the objects varied in
position, size, viewing angle, and background7. The other paradigm tested
the similarity of behavioral error between the errors made by humans and
ANN on an image-by-image basis42. These scores serve as indicators of the
models’ similarity to human behavior. The average of two behavioral scores
were used to compare model-behavior similarity. Excitingly, the result
reveals thatReAlnets, alignedwithhumanEEGdata, exhibit representations
significantly more akin to human behavior than CORnet and Scrambled
models do (ReAlnets vs. CORnet: t = 2.7702, p = 0.0217, d = 0.8762;
ReAlnets vs. Scrambledmodels: t = 8.5582, p < 0.0001, d= 3.8273) (Fig. 4A),
further expanding and emphasizing ReAlnets’ status asmore human brain-
like vision models. When looking separately at the two tasks, the results
show that ReAlnets exhibit a greater improvement in human behavior
similarity on the Geirhos2021 task compared to the Rajalingham2018 task.
A possible explanation could be that because ReAlnets are trainedwith EEG
data recorded from subjects viewing natural object images, it better captures
human-like behavioral consistency when evaluated on naturalistic, colorful
stimuli used in the Geirhos2021 task, compared to the grayscale images in
Rajalingham2018.Differences in imagemanipulation between the two tasks
(e.g., Rajalingham2018 but notGeirhos2021manipulates objects by varying
position, size, viewing angle, and background) may also contribute to this
disparity.

In addition, we submitted our ReAlnets to the updated brain-score
platform for evaluation andmade the scores publicly available on the Brain-
Score website (https://www.brain-score.org/vision/). Consistently, the
results confirm that ReAlnets achieve significantly higher scores compared
to CORnet (see Supplementary Fig. 4), further supporting their improved
alignment with brain visual processing.

Refined object feature representations in ReAlnets
We found that ReAlnets exhibit improved similarity to the human visual
system, suggesting that by incorporating human EEG data, they have
learned brain representations that purely image-trained models could not
capture. Thus, this raises an important question: how do their internal
representations differ from those of CORnet? To further investigate what
visual object feature representations have been enhanced in ReAlnets by
learning human brain signals, we conducted internal representational
analysis on purely image-trained CORnet and human EEG-aligned ReAl-
nets (for the detailed description of the methodology used to analyze these
enhanced feature representations, refer to our Methods-Model internal
representational analysis section). Here, we tracked feature representations
of 49 object feature dimensions fromTHINGS (43) onmodels’ layer IT to see
which features could be better captured byReAlnets thanCORnet. These 49
object feature dimensions, derived from the THINGS dataset, describe
various conceptual and perceptual properties of objects, providing a
structuredway toassesshowdifferentmodels encodeobject featuresbeyond
simple category labels. Figure 4B left shows that ReAlnets show significantly
enhanced representations in food-related, artificial, and electronic
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information than CORnet (more detailed results of all 49 object feature
dimensions are shown in Supplementary Fig. 5). Interestingly, Scrambled
models also showed enhanced representations for some of these features,
suggesting that even the statistical properties of EEGdata can refine internal
model representations—though to a lesser extent than real, temporally
intact EEG signals.

To further dissociate neural-alignment effects from visual diet effects,
we conducted the same analysis on ReAlnet β = 0, which is trained on the
identical training images in THINGS EEG2 but without the EEG encoder.
This model, therefore, isolates the influence of visual diet alone. Strikingly,
ReAlnet β = 0 already shows a substantial increase in some feature
dimensions, such as the food-related feature dimension—often even higher
than the full ReAlnet—indicating that this representational change is pri-
marily driven by the THINGS visual diet rather than EEG alignment
(Supplementary Fig. 6).

To clarify which feature refinements genuinely reflect neural align-
ment, we compared both ReAlnets and Scrambled models relative to
ReAlnet β = 0 (Fig. 4B right). Several feature dimensions, including elec-
tronic/technology-related, flat/patterned, and long-thin, exhibit additional
enhancement in ReAlnets beyond ReAlnet β = 0. We note that flat/

patterned and long-thin dimensions were enhanced in both ReAlnets and
Scrambledmodels, suggesting that preserving the global statistical properties
of the EEGmight already bias these dimensions. In contrast, the electronic/
technology-related dimension shows a greater increasing in ReAlnets,
indicating that non-scrambled, paired EEG signals further strengthen this
representation, above and beyond visual diet or scrambled EEG. Overall,
these results clarify that while visual diet accounts for the main effects in
representational changes (particularly food-related), EEG alignment con-
tributes additional refinements in several object features.

Control experiments
To systematically evaluate how different training manipulations influence
model-to-brain alignment, we conducted a set of control experiments by
training four additional sets of ReAlnets. On the one hand, we would like to
test the importance of the two loss components in generation loss—
reconstruction loss and contrastive learning loss—in the model alignment.
To evaluate the importance of the two loss components in the model, we
tested model-to-brain alignment in (1)W/o ContLoss models (without the
contrastive loss component), and (2) W/o MSELoss models (without the
MSE loss component). Additionally, to evaluate the importance of different

Fig. 3 | ReAlnets show higher similarity to human fMRI representations.
Representational similarity between models and human fMRI of five different brain
regions when three subjects in the Shen fMRI test dataset viewed A natural images,
B artificial shape images, and C alphabetical letter images. Black asterisks indicate
significantly higher similarity of ReAlnets than that of the Scrambled model or

CORnet (p < 0.05), and grey asterisks indicate significantly lower similarity of
ReAlnets than that of the Scrambled model or CORnet (p < 0.05). All pairwise
comparisons were Bonferroni-corrected for multiple comparisons. Each circle dot
indicates an individual ReAlnet or Scrambled model. Error bar reflects ± SEM.
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types of information in the EEG signal for the alignment26,44, we tested (3)
Unpairedmodels (where the pairing between images and EEG signals was
disrupted), and (4) Scrambled models (where the EEG time-series were
scrambled). Detailed definitions ofUnpaired and Scrambled controlmodels
are provided inMethods, which target different information in EEG signals
(associative vs. temporal).More detailed statistical results, including t-value,
p-value, and Cohen’s d are listed in Supplementary Tables 1 and 2.

We tested the control models on the THINGS EEG2 test dataset and
the Shen fMRI dataset, and calculated the similarity improvement for each
control model compared to ReAlnets and the CORnet baseline. Figure 5
plots the improvement in similarity (compared to the CORnet baseline) for
ReAlnets and the four controls. Here, we averaged the EEG similarity
improvement of all layers and timepoints between 50 and 200ms, and
averaged the fMRI similarity improvement of three subjects and five brain
regions (See more detailed EEG and fMRI similarity results in Supple-
mentary Fig. 7). The W/o MSELoss, Unpaired, and Scrambled control
models showed no significant similarity improvement over CORnet for
human EEG (W/o MSELoss: t = 0.5640, p = 0.5865, d = 0.1784; Unpaired:
t = −0.6654, p = 0.5225, d = −2104; Scrambled: t = 1.9450, p = 0.0835,
d=0.6154) and even significant similarity decreasing for human fMRI (W/o
MSELoss: t =−6.3837, p = 0.0001, d = −2.0187; Unpaired: t = −3.1304,
p = 0.0121, d =−0.0900; Scrambled: t =−3.2647, p = 0.0098, d =−1.0324).

The W/o ContLoss control models were significantly improved over
CORnet for bothmodalities (EEG: t=11.4987, p< 0.0001, d=3.6362; fMRI:
t = 4.1036, p = 0.0027,d = 1.2977), but they didn’t perform as well as
ReAlnets in terms of fMRI similarity (t=− 8.0364, p< 0.0001, d=−1.5494)
but showed similar improvement for model-EEG similarity (t = 0.8543,
p = 0.4151, d = 0.0517).

The results of the control experiments reveal: (1) W/o ContLoss
models still exhibit an improvement in human brain similarity compared
toCORnet. However, while the similarity to humanEEGdid not decrease
compared to ReAlnets, the similarity to cross-modality human fMRI
significantly decreased. This suggests that the contrastive loss in our
alignment framework enables ReAlnets to learn broader and more
generalized visual representation patterns across different neuroimaging
modalities, such as EEG and fMRI data. (2) TheW/oMSELoss,Unpaired,
and Scrambledmodels failed to enhance brain similarity, which show no
significant improvement in brain similarity compared to CORnet,
indicating that the training process requires themodel to effectively learn
the specific neural visual features from the actual EEG signals corre-
sponding to each image. Only in this way can the model become more
human brain-like and then exhibit higher similarity to the human brain
across different object images, categories, and human neuroimaging
data modalities.

Fig. 4 | Enhanced behavioral similarity and feature representations in ReAlnets.
A ReAlnets show higher similarity to human behavior based on the Brain-Score
platform. Each orange circle dot indicates an individual ReAlnet. Each grey circle dot
indicates an individual Scrambled model. Asterisks indicate significantly higher
similarity of ReAlnets than that of CORnet or Scrambledmodels (p < 0.05). B Left:

top-5 enhanced feature representations in ReAlnets, Scrambled models, and ReAl-
nets β = 0 compared to CORnet. Right: top-5 enhanced feature representations in
ReAlnets and Scrambledmodels compared to ReAlnets β = 0. Each orange circle dot
indicates an individual ReAlnet. Each grey circle dot indicates an individual
Scrambled model. Error bar reflects ± SEM.

Fig. 5 | Results of control experiments. A Improvement in humanEEG similarity of
ReAlnets and controlmodels compared toCORnet.B Improvement in human fMRI
similarity of ReAlnets and control models compared to CORnet. Each circle dot

indicates an individualmodel. Asterisks indicate the significance (p<0.05). Error bar
reflects ± SEM.
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Human EEG-aligned ResNet also becomes more brain-like
Although we trained ReAlnets based on CORnet and confirmed that they
are more human brain-like, we also wondered whether our multi-layer
encoding-based alignment framework could be extended to other models.
Therefore, we chose ResNet18, a relatively largermodel, and aligned it with
the EEG representations of ten subjects from the THINGS EEG2 dataset
using the same framework as above.We refer to the alignedmodel based on
pretrained ResNet18 as ReAlnet-R. Subsequently, we tested ReAlnet-Rs for
their similarity to human EEG, fMRI, and behavior, comparing the results
with those of the purely image-trained ResNet18.

Firstly, ReAlnet-Rs show significantly higher similarity to human EEG
neural dynamics compared to ResNet for nearly all visual layers (layer 1:
70–160ms, layer 5: 60–200ms, layer 9: 60–200ms, layer 13: 60–180ms,
layer 17: 70–160ms, Fig. 6A; maximum similarity across all layers:
120–180ms, Fig. 6B; see all layers’ EEG similarity results in Supplementary
Fig. 8). Secondly, personalized ReAlnet-Rs, similar to ReAlnets, exhibit
individual variability increasing with the depth of the layers (Fig. 6C; see all
layers’ individual variability matrices in Supplementary Fig. 9). Thirdly,
ReAlnet-Rs also show higher similarity to human fMRI representations
acrossmultiple visualROIs anddifferent image categories (Fig. 6D; see fMRI
similarity results on all three subjects in Shen fMRI dataset in Supplemen-
tary Fig. 10 and detailed statistical results including t-value, p-value, and
Cohen’s d are listed in Supplementary Table 4.). Fourthly, for human
behavioral similarity, although it is not significant on the average score
(t=1.6529, p=0.1328,d=0.5227), seven out of tenReAlnet-Rs showhigher
similarity than the original ResNet. And ReAlnet-Rs show significantly
higher behavioral similarity on the Geirhos2021 task. These results collec-
tively indicate that our alignment framework canbe successfully extended to

other visual models, such as ResNet, with ReAlnet-Rs still demonstrating
improved similarity to human neural and behavioral representations.

ReAlnets trained across subjects
While the core focus of our study is on individualized ReAlnets that capture
subject-specific neural representational patterns, we also evaluated the
generalization capability of our alignment framework beyond individual
tuning. To this end, we trained an additional model, ReAlnet-AcrossSub,
using EEG data pooled across all ten participants in the THINGS EEG2
training set. Concretely, we pooled the EEG data across subjects by treating
all trials as coming from a single “super-subject”, without averaging across
them, and themodelwas trainedwithout subject identifiers. Thus, insteadof
10 individualizedReAlnets,wehave a singleReAlnet-AcrossSub.Analogous
to the single CORnet, we then conducted RSA by comparing the across-
subject model against individual subjects’ EEG and fMRI RDMs, as in our
main analyses.

ReAlnet-AcrossSub shows significantly higher similarity to human
EEG and fMRI representations when human participants viewed natural
images compared to CORnet (Supplementary Fig. 11A–C). These results
demonstrate that this across-subject model learned unified neural repre-
sentations across individuals and generalized across neural modalities.
However, ReAlnet-AcrossSub did not show model-fMRI similarity
improvement on artificial shape or alphabetical letter images. And they did
not improve behavioral similarity, performing slightly worse than CORnet
(Supplementary Fig. 11D). This dissociation implies that individual-specific
neural tuning may be important for improving more brain-like repre-
sentations of shape or letter visual inputs and capturing human behavioral
patterns. When comparing ReAlnet-AcrossSub to the original

Fig. 6 | Similar improvements in ReAlnet-Rs. A Representational similarity time
courses between human EEG and models (ReAlnet-Rs and ResNet) for layer 1, 5, 9,
13, and 17, respectively. Black square dots at the bottom indicate the timepoints
where ReAlnet-Rs vs. ResNet were significantly different (p < 0.05). Lines and
shading reflect mean ± SEM. B Time courses of the maximum representational
similarity between human EEG and different models (ReAlnet-Rs and ResNet),
computed by taking the highest similarity across all model layers at each timepoint.
Black square dots at the bottom indicate timepoints where ReAlnet-Rs significantly
outperformed ResNet (p < 0.05). Lines and shading reflect mean ± SEM.C ReAlnet-
R individual variability matrices of layer 1, 5, 9, 13, and 17 and individual variability

along layers. Each circle dot indicates a pair of two personalized ReAlnets.
D Representational similarity between models and human fMRI of five different
brain regions when subject 2 in the Shen fMRI test dataset viewed natural, artificial
shape, and alphabetical letter images. Black asterisks indicate significantly higher
similarity of ReAlnet-Rs than that of ResNet (p < 0.05). Grey asterisks indicate
significantly lower similarity of ReAlnet-Rs than that of ResNet (p < 0.05). Each
circle dot indicates an individual ReAlnet-R. Error bar reflects ± SEM. E Similarity
betweenmodels and human behavior based on the Brain-Score platform. Each circle
dot indicates an individual ReAlnet-R. Error bar reflects ± SEM.
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(individualized) ReAlnets, ReAlnet-AcrossSub performed better in some
cases (model-EEG similarity, model-fMRI similarity of shape and letter
images, and model-behavior similarity) but worse in others (model-fMRI
similarity of natural images).

Discussion
Building upon previous research utilizing neural data for aligning object
recognition models, we propose a novel framework for human neural
representational alignment, alongwith the corresponding humanbrain-like
model, ReAlnet. Unlike previous studies that focused on using animal
neural signals to optimizemodels orwereunable touse global neural activity
for comprehensive model optimization25–29, our approach leverages human
EEG activity to simultaneously optimize multiple layers of the model,
enabling it to learn the human brain’s internal representational patterns for
object visual processing.Notably, unlikeprior research relyingonbehavioral
or single modality neural recording data for model evaluation25–29,33, we
employed different modalities of human neuroimaging data and also
human behaviors for model evaluation to ensure that ReAlnets learn
broader, cross-modal brain representational patterns. Additionally, we have
extended our alignment framework to another convolutional neural net-
work model to obtain ReAlnet-Rs and observed a similar enhancement in
the similarity to human brain representations.

Recent advances in brain-inspired AI have explored various approa-
ches to enhancing biological alignment, including self-supervised learning,
recurrent architectures, and direct optimization of similarity to neural data.
Unlike prior studies that primarily focus on invasive recordings from
nonhuman primates, ReAlnets directly incorporate noninvasive human
EEG data, offering a more accessible alternative for modeling human visual
representations. While previous work has attempted to improve model-to-
brain alignment at a single layer or specific brain region, our multi-layer
encoding-based alignment framework enables a more comprehensive
alignment across the visual processing hierarchy. This framework is parti-
cularly useful in contextswhere biological plausibility is a key objective, such
as cognitive neuroscience and brain-inspiredAI. Recent studies in cognitive
neuroscience have begun to apply CNNs to obtain visual features from
complex stimuli45–47. Building on this, more brain-like models can now be
used to extract representations that are closer to human neural patterns.
This approach offers a newway to probe how neural representations evolve
across different modalities (e.g., EEG vs. fMRI), stimuli, tasks, and indivi-
duals, thereby providing insights into the mechanisms underlying visual
perception.

Regarding ReAlnets themselves, they effectively learn not just the
patterns of EEG data, but appear to capture something even broader about
the brain’s internal processing patterns of visual information. The fact that
ReAlnets show higher similarity than the original CORnet not only to
within-modality EEG but also to cross-modality fMRI and behavior sug-
gests that the learned representations in ReAlnets capture shared neural
patterns that are consistent across different neuroimaging modalities. One
possibility is that these shared patterns may reflect the encoding of funda-
mental visual features, from lower- to higher-level, that are robustly
represented in the brain irrespective of the neuroimaging method. In
essence, the EEG data could be capturing a core, image-specific repre-
sentation that generalizes across modalities, providing crucial cues for
perceptual inference. And such cross-modal generalization highlights the
potential of the ReAlnet alignment framework as a flexible framework for
extracting the key neural representations beyond single modalities. Our
control experiments also highlight that only the model trained on image-
specificEEG signals and including bothMSE and contrastive learning losses
shows this generalization performance. If we remove the contrastive
learning loss, we can still see significant model-fMRI similarity improve-
ment, but not as great as ReAlnets. If we remove theMSE loss or we employ
shuffled (unpaired or time-scrambled) EEG signals to train models, the
model-fMRI similarity became evenworse than that of the originalCORnet.
Future work could further explore the specific factors that drive this gen-
eralization, such as shared representational structures in EEG and fMRI

neural features. And extending this alignment framework to directly
incorporate fMRI data or combining fMRI and EEG for joint training could
further enhance the model’s ability to capture cross-modal brain repre-
sentations. Additionally, the ability of ReAlnets to generalize from EEG to
fMRI suggests a degree of representational consistency across neural
modalities. This observation raises the possibility that different neuroima-
ging techniques, despite capturing distinct aspects of neural activity (e.g.,
temporal dynamics in EEG vs. spatial patterns in fMRI), may share a
common representational basis48–50. Investigating this consistency further
could provide insights into the shared neural mechanisms underlying
human visual processing and inform the design of more versatile brain-
aligned models.

Recent findings have highlighted the critical role of the training image
diet indetermining themodel-to-brainfit51. In addition to the generalization
to other neuroimaging modalities, our ReAlnets trained on the THINGS
EEG2 training dataset also demonstrated robust generalization to held-out
THINGS categories. This generalization suggests that the networks can
capture shared representational structures that are meaningful both within
andbeyond the trainingdistribution. Such robustness indicates that training
on semantically rich and ecologically valid images and the corresponding
brain signals, such asTHINGSEEG2,maypromote the emergence of brain-
like visual representations that generalize across diverse visual domains. On
the one hand, ourfindings demonstrate that our approach improvesmodel-
brain similarity. On the other hand, these results may also suggest that
selecting appropriate training datasets might be important for letting arti-
ficial models learn generalized human brain representations.

EEG signals provide high temporal resolution data that capture rapid
neural dynamics underlying visual processing. By leveraging EEG data, our
alignment framework enables themodel to alignwith temporal features that
likely correspond todistinct stages of visual processing, such as early sensory
features and later semantic attributes. Also, compared to fMRI or electro-
physiology, EEG is significantly more cost-effective, making it more prac-
tical for widespread use. Recent studies in cognitive and computational
neuroscience using the THINGS EEG2 dataset have traced evidence of
human visual feature processing, including object categories, size, depth,
image entropy41,52, and even reconstructing visual information throughEEG
signals53–55 and realizing inter-subject EEG conversions6. In our internal
representational analyses, we initially observed that ReAlnets showed
enhanced representations along several object dimensions, such as food-
related, artificial/hard, electronic/technology-related, and others. Further
analysis revealed that a substantial portion of these enhancements—most
prominently the food-related dimension—are driven primarily by visual-
diet differences between ImageNet and THINGS. This demonstrates that
visual diet alone accounts for most of the feature shifts. Crucially, however,
when we controlled for the visual diet effect, we still identified several
dimensions—such as electronic/technology-related, flat/patterned, and
long-thin—that showed additional enhancement only in the EEG-aligned
models. Together, these findings highlight two complementary influences
onmodel representations: (1) visual diet, which induces broad, dataset-level
shifts in representational geometry; (2) neural alignment, which provides
more targeted refinements in specific dimensions. It does warrant further
exploration to ascertainwhat specific informationhas been learned from the
alignment with human brains. More analyses of the neural network’s
internal representations may be needed to delve into this. Also, from a
reverse-engineering perspective, attempting to understand the brain-like
optimization process of the model could further aid in unraveling the
mechanisms by which our brains process visual information56–60.

Interestingly, whenwe applied this alignment framework to ResNet18,
the resulting ReAlnet-Rs still demonstrate more human brain-like repre-
sentations, akin to those exhibited by ReAlnets. This framework’s general-
izabilitymay suggest that our alignment framework is potentially applicable
to aligning other AI models with human EEG signals. Therefore, one
potential direction for future research is to examine whether this alignment
framework could generalize to other model architectures or neuroimaging
modalities. First, while the current study only utilizes EEG signals for
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alignment, the observed generalization to fMRI and behavior suggests
potential cross-modal consistency in the learned representations. However,
we acknowledge that our findings do not directly demonstrate general-
ization from fMRI to EEG. Future work incorporating direct fMRI-based
alignment or joint EEG-fMRI training would be necessary to establish the
full bidirectionality of cross-modal generalization. Future studies could test
whether this alignment framework could be extended to other neural
modalities, such as fMRI and MEG (dimensionality reduction might be
necessary for extensive neural data features), suggesting potential applic-
ability of this framework to variants aligned with fMRI or MEG data. Sec-
ond, another ambition is to adapt this framework to awider range ofmodels
and tasks in the future, including language and auditory processing and self-
supervised or unsupervised models, which may be adapted for other
modalities and learning paradigms, including auditory or language inputs
and unsupervised learning settings. Third, one direction for refinement
includes integrating loss functions designed to emphasize task-relevant
neural features. Also, although our framework successfully demonstrates
generalization to fMRIdata, furtherwork is needed to systematically analyze
the factors contributing to this transfer. For instance, identifying repre-
sentational dimensions that are consistent across EEG and fMRI, and
relating themto specificbrain regions, couldprovidedeeper insights into the
mechanisms of cross-modal generalization.

Additionally, as a coarsepooled-data control,we also trained anacross-
subject variant (ReAlnet-AcrossSub) that removed subject identifiers and
treated trials as from a single “super-subject”. This pooling simplifies the
setup but likely injects noise by ignoring inter-individual variability. Con-
sistent with this, ReAlnet-AcrossSub improved model-EEG and model-
fMRI similarity on natural images compared to CORnet, yet did not
improve behavioral alignment and underperformed individualized models
on shapes/letters. These observations suggest that individualized tuning is
beneficial for behavior alignment, and that richer across-subject designs
(e.g., subject IDs or multi-head readouts) may better capture shared vs.
idiosyncratic structure in future work.

While this study demonstrates encouraging progress, several limita-
tions warrant consideration. First, the relatively small sample size of EEG
data and the high level of signal noise may limit the precision of model-to-
brain alignment. Second, the lack of shared category labels across datasets—
such as the absence of ImageNet labels for THINGS stimuli—complicates
consistent model evaluation. These issues may constrain the model’s per-
formance both in brain alignment and object recognition. In addition,
althoughReAlnetswerefine-tuned onEEG signals from individual subjects,
they still inherit architectural and representational biases from the pre-
trained image recognition model, which may limit alignment fidelity.
Beyond these data-related factors, certain limitations may also stem from
the alignment methodology itself. For instance, our framework employs
relatively simple alignment objectives—such as MSE and contrastive losses
—thatmay not fully capture the complex, nonlinear, and distributed nature
of brain representations. Furthermore, the shallow encoding modules
assume a direct mapping between neural activity and model features,
potentially overlooking intermediate transformations or multistage pro-
cessing. These design choices could limit themodel’s capacity to learnmore
abstract or hierarchically structured neural patterns. Thus, themodest effect
sizes observed may reflect not only data constraints, but also the current
methodological limits of representational alignment strategies.

Despite these limitations, the framework consistently improves
alignment with human EEG, fMRI, and behavior. To build on this work,
future efforts could assess whether training the model jointly on EEG and
fMRI improves cross-modal generalization and whether the framework
remains robust when using smaller or noisier EEG datasets. Moreover,
evaluating how alternative training losses or network architectures impact
representational similarity may reveal which components are critical for
capturing brain-like representations. Finally, although the THINGS EEG2
dataset is ecologically valid, further work is needed to test whether these
findings generalize to datasets with different semantic or contextual
structures.

Overall, this study underscores the importance of investigating the
limitations and potentials of human EEG signals in shaping brain-like AI.
We employ a novel alignment framework using humanEEGdata to achieve
more human brain-like vision models—ReAlnets. Demonstrating sig-
nificant advances in bio-inspired AI, ReAlnets not only align closely with
human EEG and fMRI but also exhibit hierarchical individual variability
and increased similarity to human behavior, mirroring human visual pro-
cessing.Wehope that our alignment framework stands as a testament to the
potential synergy between computational neuroscience and machine
learning and enables the enhancement of diverse AI models to be more
human brain-like, opening up exciting possibilities for future research in
brain-like AI systems.

Methods
Here, we describe the human neural data (EEG data for the alignment, and
both EEG and fMRI data for testing the similarity between models and
human brains) we used in this study, the alignment pipeline (including the
structure, the loss functions, and training and test methods) for aligning the
model representations with human neural representations, and the eva-
luation methods for measuring representational similarity between models
and human brains and human behaviors.

Human EEG data for representational alignment
Human EEG data were obtained from an EEG open dataset, THINGS
EEG235, includingEEGdata from10healthyhumansubjects in a rapid serial
visual presentation paradigm. Stimuli were images sized 500 × 500 pixels
from theTHINGS dataset61, which consists of images of objects on a natural
background from 1854 different object concepts. Before imputing the
images to the model, we reshaped image sizes to 224 × 224 pixels and
normalized thepixel values of images to ImageNet statistics. Subjects viewed
one image per trial (100ms). Each participant completed 66160 training set
trials (1654 object concepts × 10 images per concept × 4 trials per image)
and 16000 test set trials (200 object concepts × 1 image per concept × 80
trials).

EEG data were collected using a 64-channel EASYCAP and a Brain-
Vision actiCHamp amplifier. We use already pre-processed data from 17
channels (O1,Oz,O2,PO7,PO3,POz,PO4,PO8,P7,P5, P3, P1,Pz, andP2)
overlying occipital and parietal cortex. We re-epoched EEG data ranging
from stimulus onset to 200ms after onset with a sample frequency of
100Hz. Thus, the shape of our EEG data matrix for each trial is 17 chan-
nels × 20 time points. and we reshaped the EEG data as a vector including
340 values for each trial. Before the model training and test, we averaged all
the repeated trials (4 trials per image in the training set and 80 trials per
image in the test set) to obtain more stable EEG signals.

It is worth noting that the training and test sets do not overlap in terms
of object categories (concepts), which means that the performance of
ReAlnets trained on the training set, when evaluated on the test set, can
effectively reveal themodel’s generalization capability across different object
categories.

Human fMRI data for cross-modality testing
To demonstrate that our approach of aligning with human EEG not only
enhances the model’s similarity to human EEG but indicates that ReAlnets
have effectively learned the human brain’s representational patterns more
broadly, we also performed cross-modal testing, testing ReAlnets on data
from a different modality (fMRI), from a different set of subjects, viewing a
different set of images. The fMRIdata originate fromref. 36. This Shen fMRI
dataset recorded human brain fMRI signals from three subjects while they
focused on the center of the screen viewing images. We selected the test set
from the Shen fMRI dataset, which comprises fMRI signals of each subject
viewing 50 natural images of different categories from ImageNet, 40 arti-
ficial shape images, and 10 alphabetical letter images, with each image being
viewed 24, 20, and 12 times, respectively. We averaged the fMRI signals
across the repeated trials to obtainmore stable brain activity for each image
observation and extracted signals from five ROIs for subsequent
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comparison of model and human fMRI similarity: V1, V2, V3, V4, and the
lateral occipital complex (LOC).

Image-to-brain encoding-based alignment pipeline
Basic architecture of ReAlnets and ReAlnet-Rs. We have chosen the
state-of-the-art CORnet-S model9,34 as the foundational architecture for
ReAlnets, incorporating recurrent connections akin to those in the bio-
logical visual system and proven to more closely emulate the brain’s
visual processing. BothCORnet and ReAlnets consist of four visual layers
(V1, V2, V4, and IT) and a category decoder layer. Layer V1 performs a
7 × 7 convolutionwith a stride of 2, followed by a 3× 3max poolingwith a
stride of 2, and another 3 × 3 convolution. Layer V2, V4, and IT each
perform two 1× 1 convolutions, a bottleneck-style 3 × 3 convolutionwith
a stride of 2, and a 1 × 1 convolution. Apart from the initial layer V1, the
other three visual layers include recurrent connections, allowing outputs
of a certain layer to be passed through the same layer several times (twice
in layer V2 and IT, and four times in layer V4). We have also chosen
another widely used model in image recognition, ResNet18, as the
foundational architecture to obtain human EEG-aligned ReAlnet-Rs,
which consists of 18 layers (the last layer is the final decoder to output the
predicted category label).

EEG generation module. For ReAlnets, in addition to the original
recurrent convolutional neural network structure, we have added an EEG
generation module designed to construct an image-to-brain encoding
model for generating realistic human EEG signals. Each visual layer is
connected to a nonlinear N × 128 layer-encoder (Enc-V1, Enc-V2, Enc-
V4, and Enc-IT correspond to layer V1, V2, V4, and IT) that processes
through a fully connected network with a ReLU activation. These four
layer-encoders are then directly concatenated to form anN × 512 multi-
layer visual encoder, which is subsequently connected to anN × 340 EEG
encoder through a linear layer to generate the predicted EEG signals.
Here, N is the batch size. For eAlnet-Rs, which is highly similar to
ReAlnets, we extracted the features from layer 5, layer 9, layer 13, and
layer 17 to connect to four nonlinear N × 128 layer-encoders through
fully connected networks with ReLU activations, and these four layer-
encoders are then directly concatenated to form an N × 512 multi-layer
visual encoder, which is subsequently connected to an N × 340 EEG
encoder through a linear layer to generate the predicted EEG signals.

Therefore, we aim for the model to not only perform the object clas-
sification task but also to generate human EEG signals, which can be highly
similar to the real EEG signals when a person views the certain image
through the EEG generation module with a series of encoders. During this
process of generating brain activity, ReAlnet(-R)s’ visual layers are poised to
effectively extract features more aligned with neural representations.

Alignment Loss. Accordingly, the training loss LA of our alignment
framework consists of two primary losses, a classification loss and a
generation loss with a parameter β that determines the relative weighting:

LA ¼ LC þ β � LG ð1Þ

LC represents the standard categorical cross entropy loss for model pre-
dictions on ImageNet labels:

LC ¼ �
XN

i¼1

yi logðpiÞ ð2Þ

Here, yi represents the i-th image, and pi represents the probability that
model predicts the i-th image belongs to class i out of 1000 categories.
However, the correct ImageNet category labels for images in the THINGS
dataset are not available. Therefore, we adopt the same strategy as in ref. 25,
using the labels obtained from the ImageNet pre-trained CORnet without
neural alignment as the true labels to stabilize the classification performance
of ReAlnets.

LG is the generation loss, which includes a mean squared error (MSE)
loss LMSE and a contrastive loss LCont between the generated and real EEG
signals. To compute the contrastive loss, we originally aimed to use
Spearman correlation to measure the similarity between predicted and
target signals. However, as Spearman correlation involves a ranking
operation that is non-differentiable, we replaced it with Pearson correlation,
which is a differentiable similarity metric. Specifically, the dissimilarity
index was calculated as 1 minus Pearson correlation. This substitution
allowed us to compute gradients effectively during backpropagation,
ensuring the compatibility of the contrastive loss with gradient-based
optimization. The contrastive loss aims to bring the generated signals from
the same image (positive pairs) closer to the corresponding real humanEEG
signals and make the generated signals from different images (negative
pairs) more distinct. LG is calculated as followed:

LG ¼ LMSE þ LCont ð3Þ

LMSE ¼ 1
N

XN

i¼1

ðSi � bSiÞ
2 ð4Þ

LCont ¼ 1þ 1
N

XN

i¼1

½1� rðSi; bSiÞ�

� 1
NðN � 1Þ

XN

i¼1

XN

j¼1;j≠i

½1� rðSi; bSjÞ�
ð5Þ

Here, Si andbSi represent the generated and real EEG signals corresponding
to the i-th image.

Training procedures. Unlike CORnet and ResNet18, which trained on
purely image-based ImageNet dataset, ReAlnets and ReAlnet-Rs addi-
tionally trained on individual EEG data. According to ten subjects in the
THINGS EEG2 dataset, we obtained ten personalized ReAlnets. Each
network was trained to minimize the alignment loss, including both
classification and generation losses with a static loss weight β of 100 and a
static training rate of 0.00002 for 30 epochs using the Adam optimizer.
We used a batch size of 16, meaning the contrastive loss computed dis-
similarities of 256 pairs for each gradient step.

Additionally, for ReAlnets, we applied other three different β weights
(β = 1, 10, or 1000) separately to train the model to further explore the
impact of this β value on the performance of ReAlnets. We observed that
with an increase in β, ReAlnets show greater similarity to human EEG and
fMRI andmore pronounced individual variability withinmodels. However,
only ReAlnets with β = 100 show significantly higher similarity to human
behaviors. Thus, we suggest that β = 100 could be the best parameter to
conduct the human EEG alignment. Supplementary Figs. 12–15 show the
performance and similarity results of ReAlnets with different β values.

We tested the classification accuracy of ReAlnets on ImageNet at dif-
ferent β values (Supplementary Fig. 1A). Importantly, to ascertain that the
observed decrease in accuracy was not due to the additional generation task
compromising classification performance, but rather the absence of correct
ImageNet labels for images in the THINGS EEG2 dataset, we trained a
ReAlnet with β = 0. This ReAlnet excluded the EEG signal generation
module but underwent fine-tuning with images from the THINGS EEG2
dataset. The results indicated that the ReAlnet with β = 0 also experienced a
similar level of decline.

Control experiments. To systematically evaluate how different losses
and how shuffled EEG data influence our results, we conducted four
control experiments. The corresponding four control conditions are
defined as follows: (1)W/o ContLoss control: we removed the contrastive
loss component; (2) W/o MSELoss control: we removed the MSE loss
component; (3) unpaired EEG control: For each trial, the entire 17-
channel × 20-timepoint trial-averaged EEG response matrix was
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preserved but randomly reassigned to a different image. This broke the
true image-EEG pairing while preserving the full temporal and channel
structure of the EEG data; (4) Scrambled EEG control: after trial aver-
aging, within each 17 × 20 EEG response matrix, the 20 timepoints in
each of the 17 channels were independently permuted. This procedure
destroyed all temporally structured information and cross-channel
synchrony while preserving the image-channel pairing and overall signal
statistics (e.g., mean and variance across time).

Model-human similarity measurement
Neural similarity via representational similarity analysis (RSA). RSA is
used for representational comparisons between models and human
brains62 based on first computing representational dissimilarity matrices
(RDMs) for models and human neural signals, and then calculating
Spearman correlation coefficients between RDMs from two systems.

To evaluate the similarity between models and human EEG, we cal-
culated EEG RDMs using classification-based decoding accuracy as the
dissimilarity index. While fMRI RDMs are typically calculated using
1 minus the correlation coefficient (below)2,62–64, decoding accuracy is more
commonly used for EEGRDMs65,66. Since EEGhas a low SNR and includes
rapid transient artifacts, Pearsoncorrelations computedover very short time
windows yield unstable dissimilarity estimates67,68 and may thus fail to
reliably detect differences between images. In contrast, decoding accuracy—
by training classifiers to focus on task-relevant features—better mitigates
noise and highlights representational differences. For each image, we
extracted the corresponding EEG response matrix (80 trials × 17 chan-
nels × 20 timepoints). For each subject and each timepoint, we referred 80
trials per image as training samplesand17channels as features, resulting in a
total of 160 samples for every pair of two images i and j. A linear SVM
classifier was employed to classify the EEG responses between two images
using a 5-fold cross-validation approach. In each fold, the classifier was
trained on 4 folds of the data and tested on the remaining fold, ensuring that
the decoding accuracy reflected generalizable patterns. The average
decoding accuracy across the 5 folds was computed and used as the dis-
similaritymeasure between images i and j. And this processwas repeated for
all possible pairs of the 200 images, resulting in a 200 × 200 RDM for each
subject and each time point. For model RDMs, we input 200 images into
each model and obtained latent features from each visual layer. Then, we
constructed each layer’s RDMby calculating the dissimilarity using 1minus
the Pearson correlation coefficient between flattened vectors of latent fea-
tures corresponding to any two images. To compare the representations, we
calculated the Spearman correlation coefficient as the similarity index
between layer-by-layer model RDMs and timepoint-by-timepoint neural
EEG RDMs.

To evaluate the similarity between models and human fMRI, we used
the Shen fMRI dataset, which includes fMRI activationpatterns for different
image categories (natural images, artificial shape images, and alphabetical
letter images). We calculated separate RDMs for each category, and the
RDM dimensions correspond to the number of images in each category:
50× 50 fornatural images, 40× 40 for artificial shape images, and10× 10 for
alphabetical letter images. We used the GLM activation values (beta
weights) provided in the open dataset for each image and each voxel, and
calculated RDMs based on the common correlation-based method2,62–64, as
follows. For each subject and ROI, we defined the voxel-wise activation
pattern for each image as the vector of activation values (e.g., if a given ROI
had 250 voxels, this would be a 1 × 250 vector for each image). Then, for
every pair of images, we computed the dissimilarity index as 1 minus the
Pearson correlation coefficient between the two voxel-wise activation vec-
tors corresponding to the two images. This was repeated for all image pairs,
resulting in a symmetrical dissimilaritymatrix (the RDM) for each ROI and
each subject. For model RDMs, similar to the EEG comparisons above, we
obtained the RDM for each layer from eachmodel. Then, we calculated the
Spearman correlation coefficient as the similarity index between layer-by-
layermodel RDMs andneural fMRIRDMs for different ROIs, assigning the

final similarity for a certain brain region as the highest similarity result
across model layers due to the lack of a clear correspondence between
different model layers and brain regions. All RSA analyses were imple-
mented based on the NeuroRA toolbox69.

Behavioral similarity via Brain-Score. Brain-Score is a framework that
evaluates how similar ANNs are to the primate visual system37. To
measure the behavioral similarity between ReAlnets and humans (and
monkeys) in visual recognition tasks, we used two behavioral bench-
marks from the Brain-Score framework: (https://github.com/brain-
score/vision). ”Rajalingham2018public-i2n”7 task uses grayscale images
where objects are manipulated by varying position, size, viewing angle,
and background, while “Geirhos2021-error_consistency”42 task employs
out-of-distribution colorful natural images. Both tasks calculate beha-
vioral similarity between themodel and human (and primates) observers
using the error consistency method, which measure whether there is
above-chance overlap in the specific images that humans and models
classify incorrectly. The behavioral Brain-Score is calculated by taking the
average of two behavioral benchmarks. We compared the results from
ReAlnets and ReAlnet-Rs to the behavioral Brain-Score of CORnet and
ResNet, respectively, using the same benchmarks. For more detailed
information about the behavioral benchmarks used in this study, please
refer to the original papers by refs. 7,37,42.

Individual variability in ReAlnets. To quantify inter-individual repre-
sentational variability among the individualized ReAlnets, we computed
a variability index at eachmodel layer. Specifically, we extracted the RDM
from each individualized ReAlnet (one per subject) for a given layer and
then calculated all pairwise Spearman correlations between the RDMs of
the ten models. The variability index was defined as the average of one
minus Spearman correlation coefficient between two RDMs. A higher
value indicates greater variability (i.e., less similarity) across models.

Model internal representational analysis
This section describes the methodology used for the analysis in results-
refined object feature representations in ReAlnets section, where we
examined which object feature dimensions were more strongly encoded in
ReAlnets compared to CORnet. Specifically, we utilized 49 object feature
dimensions from the THINGS dataset43. Each object concept is represented
along these 49 feature dimensions. Our analysis focused on the 200 images
in the test set of the THINGS EEG2 dataset, which were not part of the
model’s training data. We applied an RDM-based partial Spearman cor-
relation method for the analysis. First, we computed the RDM for the IT
layer of eachmodel,which contains higher-level information, and49 feature
RDMs based on the 200 images by calculating the absolute differences in
feature encoding strength between pairs of images as dissimilaritymeasures.
Next, we computed the partial correlation between the model RDM and
each feature RDM,while controlling for the other 48 feature RDMs. Finally,
we calculated the square of the partial correlation coefficient to determine
the variance explained by the model for each object feature dimension and
got the top-3 improved feature dimensions of ReAlnets.

Statistics and reproducibility
All statistical analyses were conducted using custom scripts in Python.
Statistical tests were two-sided, and exact p-values and effect sizes are
reported in themain text, figure captions, or Supplementary Tables. Sample
sizes were determined by the available datasets. Comparisons between
models were performed using one-sample or paired-sample t-tests across
different model instances. We considered p < 0.05 as the threshold for
significance. To ensure that statistical significance reflects meaningful dif-
ferences,we also report effect sizes in the SupplementaryMaterials. Random
seeds were fixed across training runs to ensure reproducibility, and all
analyses were conducted on held-out test datasets with no overlap with
training data.
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Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The EEG data (THINGS EEG2 dataset) used are available as open data
via the Open Science Framework (OSF) repository: https://osf.io/
3jk45/35,70, and the fMRI data (Shen fMRI dataset) used are available as
open data via the figshare repository: https://figshare.com/articles/Deep_
Image_Reconstruction/703357736,71. The numerical Source data for all
graphs in this paper can be found in Supplementary Dataset 1 and
Dataset 2.

Code availability
The models and the analysis code can be assessed at https://github.com/
ZitongLu1996/ReAlnet.
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