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Human prefrontal areas show enhanced activations when individuals are presented with images,
under diverse task conditions. However, the functional role of these increased activations remains a
deeply debated question. Here we addressed this question by comparing, dynamically, the relational
structure of prefrontal activations and both visual and textual-trained deep neural networks (DNNs)
during a visual memorization task. We analyzed intra-cranial recordings, conducted for clinical
purposes, while patients viewed and memorized images of familiar faces and places. Our results reveal
that relational structures in the frontal cortex elicited during visual memorization were predicted by text
and not visual DNNs. Importantly, the temporal dynamics of these correlations showed striking
differences, with arapid decline over time for the visual component, but persistent dynamics including
a significant image offset response for the text component. The results point to a dynamic text-related
function of prefrontal cortex during visual memorization in the human brain.

While a large body of human brain research has centered on characterizing
the functional organization of the visual system located at the posterior part
of the brain', a consistent finding in visual research reveals activation of pre-
frontal cortex that is time-locked to visual images as well. These activations,
although showing substantial report-related modulations (e.g., *), have also
been demonstrated in relatively passive report-free situations such as movie
watching"” or viewing static stimuli*"’, as well as during the encoding stage
of image memorization tasks'>"*. However, despite these consistent reports
of frontal cortex activations to visual images under diverse task conditions,
their functional role and information coded by these frontal areas have
remained unclear. This question is of particular interest during image
memorization, since, for example, it is likely that participants may be
engaged in linguistic processing of the images during encoding. Yet, it is
unknown whether these frontal activations reflect visual or semantic pro-
cessing of information.

In recent years, the striking success of deep neural networks (DNNs)
opened a new window for addressing the difficult problem of cortical
functionality (see"™'®). A particularly fruitful research direction has been the
search for parallel relational structures in brains and artificial networks'’
(for review, see in ref. 23). Relational structures are a proposed

representational scheme in which cognitive content, e.g., a visual image, is
represented by the set of similarities and differences of this image from other
visual images™’. Such representations are particularly convenient when
comparing different systems and modalities. In the domain of human
perception, various recent studies have shown that such DNN-derived
relational structures account for a significant proportion of variance in
human representations of faces and objects, outperforming any previous
computational models™**”*". Given the finding of significant parallels
between artificial networks and visual representations at the posterior cor-
tex, itis of interest to search for such parallels in the visually active sites found
in the human frontal lobe.

Previous studies that used DNNs to predict brain activity to visual
images primarily used DNNs that were trained on visual inputs**>*. In a
recent study, Shoham et al. ** proposed a novel approach, involving
models trained on different types of information (visual or textual) to test
whether they explain unique perceptual and semantic components in the
representation of familiar visual stimuli in human perception and
memory. This approach is ideal to address the question of whether neural
activations to visual images reflect the processing of visual or linguistic
information. Specifically, we aimed to discern whether the response of
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Fig. 1 | Experimental design and general methods. a Experimental design: parti-
cipants viewed 28 images of familiar faces or places while their brain activity was
recorded via intracranial EEG. b Contact locations: yellow - Fronto-parietal visual
contacts, blue— Face-selective ventral contacts, white—visual non-selective con-
tacts, gray- non-visual contacts. The original images used in the experiment are not

copyrighted, images in the figure were replaced by licensed images with a similar
appearance. Credits: Barack Obama image is from Whitehouse.gov under a Creative
Commons license CC BY 3.0, Eiffel Tower image is from Freepik (https://
freepick.com).

the frontal lobe to visual stimuli during an image memorization task is
primarily representing visual or textual information. To achieve this, we
employed visual (ImageNet-trained VGG-16) and text (GPT2) DNNs to
model brain activity. Recent findings showed that the multi-modal,
image-language DNN, CLIP (Contrastive learning image pre-training)
also accounts for a significant proportion of variance beyond the
unimodal visual and semantic contributions in behavioral™ and neural
representations” . Therefore, in addition to standard visual and lan-
guage DNNG, we also extracted visual and textual embeddings from CLIP
image and text encoders.

To quantify the contributions of visual and textual information to
activations driven by memorization of visual stimuli in the frontal lobe,
we used intra-cranially prerecorded iEEG data in which patients were
presented with images of famous individuals and places and were asked
to visually inspect the images and memorize the visual details in each
image for a later recognition test (specifically noting their visual attri-
butes such as color and shape) (see Fig. 1). This dataset was previously
employed in exploring questions regarding hippocampal and high-order
visual cortex activations during memory recall’” and the stability of
relational structures in high-order visual cortex during viewing of sus-
tained visual stimuli’. Here, we purposely focused on visually-responsive
contacts in the frontal cortex that were not specifically examined priorly,
to explore the multivariate nature of activations in visually responsive
contacts located in the frontal cortex during memorization. The high
resolution of the iEEG brain recordings and their comparison to DNN
representations enabled us to follow the precise dynamics of these frontal
processes while participants viewed and memorized images, and inves-
tigate whether they are mainly driven by visual or textual information.
Our findings showed that the activity of visually responsive fronto-
parietal contacts was best predicted by text-based rather than visual-
based networks. These results indicate that the response of front-parietal
cortex to visual images reflects semantic rather than pure visual
processing.

Results

Experimental design and intra-cranial contacts information

Our study included intra-cranial recordings, conducted for clinical purposes
in 13 patients (10 females, mean age 34.7 £ 9.6) and 2571 recording sites.
The participants were presented with images of famous individuals and
places. Briefly, participants viewed 28 different images, 14 familiar places
and 14 familiar faces, divided into two experimental runs. Each image was
presented four times during the run, in a pseudo-random order, ensuring no
image was repeated twice consecutively. The images were presented for a
sustained time duration of 1500 ms, with 750 ms inter-stimulus fixation
intervals. No participants were excluded based on performance (for further
details see methods and***).

Figure 1 depicts the experimental set-up and recording sites that were
examined in the present study. We first identified the visually responsive
contacts (n =377, out of the 2571 total contacts) and then divided them,
based on their anatomical locations (ventral, fronto-parietal) and functional
characteristics, into the different regions of interest (ROIs) (see methods of *°
for details).

Extraction of visual and textual representations from DNNs
Visual representations of the 28 images were extracted from the final fully
connected layer of an ImageNet-trained DNN (VGG-16) and from the final
layer of the visual encoder of CLIP. Textual representations of the same
familiar stimuli were the embeddings of the first paragraph of their Wiki-
pedia description based on the final layer of GPT2, and the embeddings of
their names, based on the textual encoder of CLIP (Supplementary Fig. 10
shows that CLIP’s name-based representations carry relevant semantic
information. See Methods section for details). We then generated repre-
sentational dissimilarity matrices (RDMs) by computing the cosine distance
between the embeddings of the 28 images/textual descriptions for each
DNN (see Fig. 2A). Resulting in four different RDMs, two visual-based
RDMs (VGG, CLIP-Image) and two text-based RDMs (CLIP-Text, GPT).
The correlations between the different DNNs are presented in Fig. 2B.
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Fig. 2 | Representational dissimilarity matrices.
A Representational Dissimilarity Matrices (RDMs)
of the 28 stimuli. RDMs of the embeddings of the
images based on visual DNNs (VGG, CLIP-image)
and of their textual description based on textual
DNNs (CLIP-text, GPT). RDMs of the neural
response to the images in face-selective ventral and
fronto-parietal visual contacts, based on multi-
variate responses across contacts. B The correlations
between the RDMs of the visual and textual DNN.
The thinner the ellipsoids, the greater the

correlation.
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Fig. 3 | Correlations (Top) and Partial correlations
(bottom) of image and text DNNs with Face-
selective ventral and Frontal-parietal visual con-
tacts. Zero order correlations are presented in top
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Fronto-parietal visual contacts are correlated with text-based
rather than visual-based DNNs

To explore the potential parallels between the activations in visually
responsive contacts located in the fronto-parietal cortex and DNNs, we
compared their relational structures as revealed through representational
dissimilarity matrices (RDMs, see in ref. 28). For each stimulus, we calcu-
lated the average response in each contact within a range of 0.1-0.4 s
(100-400 ms) from the moment the stimulus was presented. We mainly
focused on this time window as it encompasses the peak of the response, but
we explored the response averaged across other time windows as well (time
windows at 0.4-0.7 s, 0.7-1.0s, 1.0-1.3 s, and 1.5-1.8 s). We defined the
contacts’ mean response (averaged across 4 repetitions) population vectors
as the stimulus activation patterns in each ROI and measured the Pearson
correlation between each two stimuli activation patterns. One minus cor-
relation represented the dissimilarity score between the two stimuli

(lower = more similar) in this ROI This provided us with the RDM for each
ROI (see Fig. 2A).

Next, we compared the relational-structure similarities between the
fronto-parietal contacts and the output layers of four different networks: two
networks were text-based (GPT and CLIP-Text), and two networks were
image-based (CLIP-image and VGG). For further details about the different
DNNs, see methods. The correspondence between the patients’ fronto-
parietal ROI RDMs (or the face-selective ventral ROI) and the artificial
networks’ layers was computed using Pearson correlations: We computed
the correlation between the fronto-parietal ROI RDM with each network
RDM (Fig. 3 top-right panel). All four networks were correlated with the
response of the fronto-parietal cortex contacts to the images. However, our
aim in this analysis was to examine the unique contribution of each DNN
network to the overall variance. To test this unique similarity between each
network representation with the fronto-parietal cortex we calculated the
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partial correlations between each DNN and the patients’ RDM, when all
other DNNs are held constant. To test for statistical significance, we com-
puted the same correlations using a permutation test (shuffled pairs labels,
see methods for further details) and bootstrap analyses (leaving one parti-
cipant/contact/stimuli/repetition out). We tested both the significance of the
predictors’ partial correlations individually and the difference between each
partial correlation in each ROI. P-values were FDR corrected for each ROI
and each analysis (individual predictors and differences) separately.

Figure 3 (bottom panels) depicts the partial correlations found between
each of the different DNNs (warm colors depict the text-related while cold
colors the visual-related ones), when the other three DNNs are held con-
stant. The figure shows the occipito-temporal, high-order, visual face-
related ventral ROI (Panel A bottom) and the fronto-parietal visual contacts
(Panel B bottom) in the 0.1-0.4 s time window. As can be seen, in the
Fronto-Parietal RO, only the text-related DNNs displayed significant
partial correlations to the patients RDMs. The opposite selectivity was
found in the face-selective ventral contacts in the visual cortex. Here, only
the visual-related VGG DNN showed a significant partial correlation to the
Face-selective ventral contacts (note that for zero-order correlation (top
panels), both VGG and CLIP-Image are highly correlated with the ventral-
visual contacts. The reason the partial correlation with CLIP-Image is low is
because it does not contribute unique variance beyond the information that
VGG and the text networks contribute).

As shown in Fig. 3B top panel, all four networks were correlated with
the Fronto-Parietal ROL To better understand whether the visual networks
(whose correlation dropped in the partial correlation analysis) account for
the same information as the text networks, we added a category RDM as a
fifth predictor in the partial correlation analysis. The category RDM was
implemented by assigning similarity scores of 0 for same-category pairs
(face-face or place-place) and 1 for different-category pairs (face-place). We
then calculated the partial correlations between each predictor and the
Fronto-Parietal ROI. When adding the category RDM as a predictor, the
visual networks showed very low and non-significant partial correlations. In
contrast, adding the category RDM did not alter the significant association
between the Fronto-Parietal ROI and the text-based DNNs (see Supple-
mentary Fig. 1). These findings suggest that the association of the text-based
networks with the Fronto-Parietal ROI is not category-based.

Note, that although the fronto-parietal visually responsive contacts
show weaker correlations with the DNNs compared to the ventral contacts,
they also show substantially noisier responses as manifested in the lower
limit of noise ceiling measure (noise ceiling of 0.30 compared with 0.77,
respectively). Therefore, the correlation with the fronto-parietal contacts
and the correlations with the ventral contacts should be each evaluated
relative to their own noise ceiling (see method section for noise ceiling
calculation).

Since each patient was presented with the same visual images four
times, we wanted to ensure that the pattern observed in Fig. 3B (bottom) was
not primarily driven by a single repetition. To investigate this, we calculated
the partial correlations when excluding one repetition each time. The
dominance of the text-based DNNs remained consistent across all ‘leave-
one-repetition-out’ iterations (see Supplementary Fig. 2).

Finally, given that the stimuli set in this study included both places and
faces, we employed a second control ROI that was not only face-selective but
rather included contacts in high-order visual cortex that showed significant
preference for a subset of the stimuli (could be faces, places, or a mix of both-
Content Selective ROI, see Supplementary Material). The pattern observed
in this ROI was similar to the results found for faces-selective ventral con-
tacts (for details, see Supplementary Material and Supplementary Fig. 3).

Sustained textual contribution with a stimulus-offset response in
fronto-parietal visually responsive contacts

Given that CLIP-Text showed the strongest partial correlation with the
fronto-parietal visually responsive contacts, we proceeded to investigate this
brain-network correlation across different time windows (Fig. 4). For
comparative analysis, we examined CLIP-Text correlations within the same

time windows with face-selective ventral contacts as well as the correlations
of the ventral and fronto-parietal contacts with the visual DNN (VGG) (note
that analysis shown in Fig. 4 displays the correlations and not the partial
correlations that are shown in Fig. 3 bottom panels). To assess the sig-
nificance of differences in correlations across time windows, we used a
permutation test (see methods for further details). When exploring CLIP-
Text and fronto-parietal correlations (Fig. 4, bottom-right panel), they were
all as high as the correlation of the first time window (0.1-0.4 s), besides the
1.0-1.3 s, which showed no correlation. This might suggest a relatively
persistent processing pattern during the stimuli presentation for about 1 s.

Interestingly, a similar pattern seems to reappear at the stimulus offset
(1.5's). This was not the case for VGG correlations with the fronto-parietal
visual contacts (Fig. 4 top-right panel), which showed a steep decline after
the first time window. Nor is the case for the face-selective ventral contacts
that showed gradual decline in VGG correlations (Fig. 4 top-left panel) and
variable CLIP-Text correlations with time (Fig. 4 bottom-left panel). See
Supplementary Fig. 4 for a similar analysis with GPT. See also Supple-
mentary Fig. 5 for an exploratory analysis of the unique contribution of
visual and semantic information to the representation of the fronto-parietal
cortex in each time-point, by calculating the partial correlations between
VGG and CLIP-Text and the patients’ RDM.

A monotonic increase in the correlations with fronto-parietal
visual contacts across the layers of CLIP-Text

To further explore the initial-time window (0.1-0.4 s), we asked whether the
frontal correlation is merely due to the inner structure of the DNN,
regardless of its specific input contents. We also asked how the fronto-
parietal correlation is manifested across the different layers of the DNN.
Figure 5 shows that the correlation to CLIP-Text based on shuffled text
input is drastically reduced compared to the original text (the “output” layer
was used in the previous analyses; see Supplementary Fig. 11 for the same
comparison between GPT’s embeddings based on the original and shuffled
text, which shows similar results). We also extracted the RDM of each layer
of the CLIP-Text network (see methods for further details). Examining the
evolution of the correlation to the Fronto-parietal contacts’ RDM through
the DNN layers revealed a clear monotonic increase towards higher order
layers, reaching the highest values at the three top layers (Residual attention
blocks (RAB) 11,12, and output-13), indicating a specific, functional simi-
larity between the fronto-parietal contacts’ responses and the top CLIP-Text
layers. Also note the striking difference between the RDM correlations of the
correct and shuffled texts. For the correlation of the fronto-parietal contacts
with VGG layers, which shows a different pattern, lacking a monotonic
increase, see Supplementary Fig. 6.

To rule out the possibility that these correlations were a result of an
outlier patient, contact, or stimulus response, we examined how robust the
correlation was to CLIP-Text when using only partial data in the analysis.
These analyses and results are reported in the Supplementary material. As
can be seen in Supplementary Fig. 7, the results remained fairly robust to
different bootstrap analyses, arguing against an outlier-driven effect.

Correlations of CLIP-Text with fronto-parietal visually responsive
contacts are maximal for the first image repetition

Since the same visual images were shown four times to each patient, it was of
interest to examine how such repetitions affected the observed correlation to
the CLIP-Text network. To that end, separate RDMs were constructed for
each repetition of the stimuli. Supplementary Fig. 8 depicts the RDM cor-
relations across CLIP-Text layers for each of the repetitions. Results show
that the correlation levels changed in a complex manner across repetitions.
With the novel images (first appearance) failing to show any correlation, and
a significant correlation appearing for the first repetition followed by a
progressive decline in the second and third ones.

Finally, to examine whether the correlation to CLIP-Text changes
across different fronto-parietal subdivisions, the contacts were divided into
two major anatomical subdivisions, orbito-frontal and lateral-frontal con-
tacts (see further details in the Supplementary file). As can be seen in
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Fig. 4 | Correlations between VGG or CLIP-Text with Face selective ventral and
Frontal-parietal visual contacts at different time windows. Top bar plots (green
bars) show the correlations with VGG in face-selective ventral contacts (left), and
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visual contacts (right). Note the strikingly different dynamics in fronto-parietal
contacts between the visual component that declined rapidly and the text compo-
nent with persisted followed by an offset response. Error bars indicate leave one
participant out procedure s.e.m #ppp, <0.05, # % pppp <0.01, * * %pppp <0.001,

Supplementary Fig. 9, the overall pattern of correlations across anatomical
regions in the frontal cortex remained largely unchanged, showing a gradual
increase in correlation when moving from low-level to high-level network
layers.

Semantic similarity, rather than visual similarity ratings, uniquely
predicts the fronto-parietal neural response

To further examine if fronto-parietal processes during the memorization of
visual images are mainly driven by visual or semantic information, we tested
the correlation of this ROI with visual and semantic human similarity rat-
ings. We asked a different group of participants to rate the visual or semantic
similarity of all possible pairs among the 28 stimuli. One group (n = 20)
rated visual similarity based on the appearance of image pairs. The other
group (n =20) rated semantic similarity presented with the names of the
stimuli (e.g, the identity or place depicted), based on their conceptual
knowledge (see Fig. 6 and Methods for details). We created RDMs based on
the average similarity ratings across participants in the visual and semantic
tasks and calculated their correlations and partial correlations with the
fronto-parietal contacts. To test for the statistical significance of each cor-
relation (and partial correlation), we computed the same correlations using

a permutation test (shuffled pairs labels, see methods for further details). As
can be seen in Fig. 6, in the Fronto-Parietal ROI only the semantic ratings
displayed a significant partial correlation. The opposite pattern of correla-
tions was found in the face-selective ventral contacts in the visual cortex.
These findings further highlight the association of the Fronto-Parietal
neural responses to visual images during memorization with semantic
information.

Discussion

In this study, we used text-based and image-based DNNs to investigate their
similarity to brain activity in visually responsive sites, while participants
viewed and memorized images of famous faces and places. Our analysis
revealed that visually responsive fronto-parietal contacts’ activations were
best predicted by text-based networks, suggesting semantic rather than
visual-related processing during image memorization.

Frontal lobe representations in visual memorization processing
In agreement with a number of prior studies based on both fMRI
and intracranial brain recordings that revealed that the frontal lobes
are consistently activated to the presentation of visual images during
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perceptual and memorization'*"* tasks. Our study also reveals
image-responsive frontal activations. Importantly, in the present study, the
patients were instructed to view and memorize the visual details of the
images but were not instructed to report seeing the visual images- ruling out
the attribution of the frontal activations to explicit reporting’.

Though previous studies showed frontal lobe activations while
viewing™****** or memorizing'>"* visual stimuli, the specific role of these
frontal lobe responses to images is still unclear. Some research highlights the
non-visual nature of frontal lobe tasks, with the highest activations during
reporting and motor tasks*****, and lesion cases challenge the idea of the
prefrontal cortex’s essential role in perception'**°. It is important to note that
identifying the function of cortical responses is a fundamental challenge in
all human brain studies, particularly since causal manipulations are rare and
necessarily associated with poorly controlled clinical cases. We and others
have recently proposed'****** that insight into the functionality of cortical
responses can be gained by searching for “convergent evolution”—i.e.,
parallels that are found between artificial networks and brain systems'%***.
Here, we adopted this strategy to gain insights into the enigma of frontal
responses to visual images during a memorization task. By searching for
correlations between relational structures, revealed through RDMs, in
frontal cortex and visual and textual deep learning networks, we have
uncovered a preference for text-related networks. The correlations to the
image-based artificial networks although positive, were far weaker and did
not account significantly for the fronto-parietal response beyond the
textual-based networks.

The fact that the more specific correlation was found to a text-based
network rather than a similar visually related ones (CLIP-image) is intri-
guing, especially considering that the patients’ RDMs were based on visual
responses, during a task targeting memorizing specifically the visual details
of the image, and that visual-related DNNs were correlated with visual
contacts in high level visual cortex. This finding suggests that the frontal
responses to memorized visual stimuli may be more closely tied to linguistic
analysis driven by visual contents rather than visual perception per se (see in
ref. 50 for the opposite view). Notably, robust visual responses associated
with non-perceptual functions are well-documented in the human brain.
Particularly striking cases are visual activations found in the hippocampus
associated with conceptual representations™* and visual activations in
human high-order somatosensory cortex**". The visual activations in this
study appear to be more linked to linguistic rather than perceptual pro-
cessing functions and thus are compatible with prior studies supporting a
role of the frontal lobes in language and thought processing™. Furthermore,
while the participants in this study performed a visual memorization task,

the frontal lobe responses appeared to represent the linguistic over the
perceptual information during this task.

Participants in the current study were instructed to memorize specific
visual details of the images during the memorization task. In a recent
paper”’, using the same iEEG data, we dissociated between two types of
textual descriptions of images, visual text, which describes visual content of
the image, similar to the information participants encoded in this task, and
semantic text, which is the knowledge that we have about and image that is
independent of its appearance such as their name or location. Our findings
show that artificial language model representations of the visual text, but not
the semantic text, were correlated with the response of the visual cortex to
the images. Interestingly, the representation of the semantic text, but not the
visual text, was significantly correlated with the neural activation of the
fronto-parietal cortex. These findings indicate that it is not the encoding of
the visual details of the images that underlies the activation of the frontal
lobe to images, but their semantic linguistic information.

The temporal dynamics of prefrontal and posterior correlations

Comparing the temporal dynamics of correlations between the RDMs of
DNNs and brain activations revealed different patterns of results in pos-
terior compared to fronto-parietal ROIs. In the posterior face selective
ventral ROI both image-based (VGG) and text-based (CLIP-Text) networks
showed consistent correlations across time windows, with higher correla-
tions with the image-trained DNN (VGG). Conversely, activations in the
fronto-parietal ROI were correlated with image-trained DNN (VGG) only
in the earliest time window (0.1-0.4 s), in sharp contrast to the correlations
profile of CLIP-Text, which were found to be significant in all but one of the
time windows (1-1.3s). These results echo previous findings showing
persistent representations of visual contents in posterior regions*”*’, and
add novel insight regarding the dynamics of prefrontal activations in two
ways: First, the obtained results point to a differential dynamics for the
transient, visual-related aspects of the fronto-parietal activations vs the
persistent text-related ones. Second, by focusing on the text-based com-
ponent of the fronto-parietal activation, our results demonstrate an intri-
guing offset response. It is worth mentioning that whereas both CLIP-Text
and GPT were similarly correlated with fronto-parietal contacts during the
early latency, they exhibit distinct patterns of correlation when looking at
later time windows (Fig. 4 and Supplementary Fig. 4). These variations
might be due to their different input (name in CLIP-Text or paragraph from
Wikipedia in GPT) or the way they were trained. CLIP-Text is a multi-
modal visual language DNN, while GPT is a unimodal language DNN.
Further research is needed to account for these differences.
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Fig. 6 | Correlations (Top) and Partial correlations
(bottom) of human visual and semantic similarity
ratings with Face-selective ventral and Frontal-
parietal visual contacts. Zero-order correlations are
presented in top panels, and partial correlations
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Dynamic modulation of correlations by stimulus repetition

The experimental design in the present study included four repetitions of
each of the stimuli presented. The temporal distance between repetitions
was randomized across stimuli- however, grouping the repetitions
according to their sequential repetition order revealed a complex dynamic of
the correlation magnitude to the CLIP-Text network. Thus, one could
discern two, not necessarily linked, changes (see Supplementary Fig. 8). The
first was a rapid increase from essentially no correlation in the first, novel
image presentation to the first time the images were repeated. This suggests
that the fronto-parietal cortex function that is correlated to the CLIP-Text
network may not be an encoding function, but rather related to automatic
short-term memory or recall. It is interesting to note that a similar dis-
crepancy between novel and repeated presentations was observed in the
hippocampal formation® where content-selectivity appeared only on a
second presentation, while the first response was a more generalized novelty
signal. It is intriguing to speculate that this novelty effect may have been
dominant also in the pre-frontal recordings and masked the potential
correlation with the CLIP-Text network. The second effect was a gradual
decline in the correlation at further repetitions. This type of gradual decline,
termed adaptation or repetitions suppression, has been ubiquitously
observed in the visual system®”~*". It is interesting to note that what appears
as a repetition-suppression effect can be revealed through the window of
brain-artificial network correlations.

Potential insight into theories of consciousness

There is an ongoing debate concerning the functional role of visually driven
prefrontal activations in human consciousness. Of particular significance,
the hypothetical function assigned to pre-frontal activations and their
temporal dynamics has played a major role in global theories of
consciousness’’. For example, “localist” theories (e.g., *****), positing that
different contents of awareness should be linked to information in local
cortical regions, will argue that the visual pre-frontal regions are likely linked
to non-perceptual aspects, typically attributed to the frontal lobe- such as
language and decision making. In contrast, “globalist” theories- such as
Global Neuronal Workspace™*, or High Order Theories***’ will attribute to
frontal activations a central role in enabling visual perceptual awareness, and
even representing the contents of conscious perception according to some
views. Moreover, according to the Global Neuronal Workspace theory,
prefrontal activations are hypothesized to be transient, showing at both the
appearance and disappearance of perceived stimuli, reflecting the updating
of consciously perceived contents***" (for a recent review of this debate see in
refs. 43,68). Thus, highlighting the potential functional role and dynamics of
visual activation in human prefrontal cortex, beyond its immediate interest
in understanding the functionality of the frontal lobes, has theoretical
consequences. Our results demonstrate the intriguing offset response when
focusing on the text-based component of the frontal activation is predicted,
albeit for visual processing under relatively passive viewing conditions (up to
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300 ms after stimulus offset), by the Global Neuronal Workspace theory™.
However, our findings highlight the non-visual nature of processing of the
frontal lobe, arguing against global theories of consciousness which posit
that visual processing necessitates a spread to fronto-parietal cortex during
conscious vision. However, it should be noted that our finding might be
specific to the visual memorization task and therefore might not generalize
to conscious perception per se.

Using deep neural networks to test the contribution of different
types of information to neural representations

Current DNNs, such as the transformer models used here, were not ori-
ginally designed to model the architecture of the brain, and their application
in neuroscience must be approached with caution. These models are best
understood as provisional starting points for generating and testing
hypotheses about neural function, rather than as direct explanations. In line
with this view, our use of different DNN architectures was not intended to
imply that any one model offers a complete account of neural processing.
Rather, our goal was to leverage their divergent training objectives (e.g.,
vision vs. language) to disentangle the types of representational content
present in different brain regions. By contrasting the representational
structures of these models, we could isolate whether specific brain areas,
particularly in the fronto-parietal cortex, encode more visual or semantic
information. Therefore, while these models are limited as biological
accounts, their differences serve a valuable functional purpose in our study.
The observed pattern of correlations, especially the alignment with text-
based models in higher-level brain regions, provides empirical evidence for
the presence of text-related (semantic) representations in these regions.

Limitations
Although we analyzed only contacts driven by the presentation of visual
images, we cannot conclusively attribute our results to perception or mem-
orization alone. The semantic representations we identified in the fronto-
parietal cortex emerged at image presentation and were time-locked to the
images (0-400 ms, Figs. 3, 5 and 6), suggesting they may reflect responses to
the images themselves. However, since participants were instructed to
memorize the images for a later memory task, these activations could also
reflect rapid aspects of the memorization process. It should be noted that the
present study did not attempt to disentangle the perceptual from the
memorizing aspects of the task to the extent that this is at all possible®”. Future
studies should investigate whether the fronto-parietal cortex represents
images differently during e.g., passive viewing versus memorization.
Examining the magnitude of the correlation between the RDMs derived
from fronto-parietal activations and the CLIP-Text layers, even when spe-
cifically focusing on the optimal conditions, failed to reveal correlation levels
higher than 0.3. This is a significantly lower value compared to magnitude of
the brain to network correlation values found in high order visual areas—
which was substantially higher, ranging from 0.4 to 0.6 (and see VGG
correlations in Fig. 4). Therefore, it could be argued that the differential
correlation pattern we found in fronto-parietal and posterior areas merely
reflects a coarser grained representation in fronto-parietal cortex. However,
the finding that text-models show higher correlation in fronto-parietal
compared to posterior visual areas on the one hand, and the discovery of
different temporal dynamics of the correlations in fronto-parietal vs pos-
terior regions—argue against such possibility. Moreover, while the fronto-
parietal correlation of 0.2-0.3 was lower than the visual correlation (0.6)—it
should be noted that such correlations are consistent with a number of
previous studies showing similarly lower, yet significant, correlations””. A
number of sources, not necessarily mutually exclusive, could account for
such relatively low correlation values. The most obvious factor is the rela-
tively low activation level of the fronto-parietal contacts, especially relative to
the ongoing noise. This weak activation and low SNR is typical in report-free
paradigms such as the one adopted in the present study (see also in refs. 2,8),
and is reflected in the lower noise ceiling. Whether this effect is simply due to
smaller signal-to-noise ratios in the weakly responding contacts or whether it
reflects a less selective signal in these contacts remains to be studied.

A second possibility is that, as indeed suggested by the preferential
correlation to the text-related DNNs, the true function of the pre-frontal
contacts is not perceptual, but semantics-related. Since the task of the
patients did not involve explicit semantic or textual aspects, the visual
activation may have merely occurred as an automatic, auxiliary by-product
of the visual presentation and memorization of a familiar image. Hence, the
obtained frontal activation may be less precisely time-locked to the pre-
sentation of images, leading to noisier, less consistent responses compared to
the posterior perceptual activation. Resolving this issue will necessitate
additional experiments in which semantics and decision-making tasks will
be manipulated in addition to the visual images.

Another limitation to note is that we used a relatively small number of
stimuli (n = 28), whereas recent fMRI studies have explored neural repre-
sentations with a much larger set of stimuli”*. iEEG is a superior method
compared to non-invasive techniques such as fMRI or scalp EEG, as it
combines high temporal resolution, allowing us to explore dynamic changes
in correlations, with high spatial resolution, and is more directly related to
the underlying neuronal activity. However, a major limitation of this unique
method is that, due to patient fatigue, an extensive study including many
images and categories is not feasible. Previous studies explored brain
representation using different recording methods, have also used such
limited set size of stimuli**"*”"*7*7%,

Finally, one cannot rule out the possibility that more advanced network
structures may produce higher and more consistent activation levels. The
recent explosive growth in the variety and power of language models will
offer rich ground for future explorations in this domain.

To conclude, our findings suggest a closer association between visually
responsive fronto-parietal regions and text-based rather than visually rela-
ted DNNs. The temporal dynamics of this text-based association were
observed in different latencies of the stimuli presentations with a drop and a
recovery after the stimulus offset. Overall, our findings highlight the non-
visual processing of the frontal lobe during the visual memorization of
images.

Methods

Human iEEG data

We describe here the participants tasks and stimuli as well as ROI defini-
tions. Additional details can be found in ref. 8.

Participants. Electrophysiological data were acquired from 13 patients
(10 females, mean age 34.7 + 9.6) via intracranial iEEG recordings. The
recordings were obtained while the patients underwent pre-surgical
evaluation for drug-resistant epilepsy at North Shore University Hospital
in NY. As part of the clinical assessment, subdural or depth contacts were
implanted in all patients. The study followed the latest version of
Declaration of Helsinki, and all patients provided a fully informed con-
sent to participate, including consent to publish the results, according to
the US National Institute of Health guidelines. The Feinstein Institute for
Medical Research’s institutional review board monitored the study, and
all ethical regulations relevant to human research participants were fol-
lowed. Notably, no clinical seizures occurred during the experiment.

Experimental task and stimuli. The experiment comprised two runs,
each starting with a 200-s resting phase with closed eyes. Subsequently,
participants viewed 14 different images in each session (7 images of each
category—famous faces or famous places). In total, 28 stimuli were used,
14 in each run (a similar stimuli set size was used previously in studies
that measured neural representations of visual stimuli**”°7>’*7). Each
image was presented four times (for 1500 ms each time, with 750 ms
inter-stimulus intervals) in a semi-random order to avoid consecutive
repeats. Participants were instructed to look carefully at the pictures and
note, specifically, the visual rather than semantic details. They were
informed that they would later be required to recall the images and
describe their visual features in detail, rather than merely identifying
them. Consequently, they were instructed to memorize the details of the
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images. Participants performed well, and no participants were excluded
based on performance (Further details can be found in ref. 39).

Definition and grouping of visually responsive contacts. Our study
comprised of 2571 recording sites (contacts). However, the analyses
focused only on visually responsive contacts, subdivided into different
ROIs. Visual responsivity was defined as electrodes displaying statisti-
cally significant activations in response to stimuli presentations. To do so,
the data from all contacts (visual and non-visual) was preprocessed and
transformed to the high-frequency broadband (HFB) signal (see in
refs. 8,38,39 for further details). We extracted visual-responsive contacts
by a comparison of each contact’s post-stimulus HFB response, averaged
across the 100 to 500 ms period following stimulus onset, with its pre-
stimulus baseline, averaged across the —400 ms to —100 ms interval prior
to stimulus onset. This comparison was conducted using a two-tailed
Wilcoxon signed-rank test, which was FDR corrected for all contacts
(from all patients) together. Subsequently, contacts demonstrating a
significant HFB response (py;, <0.05) were categorized as visually
responsive, totaling 377 contacts.

Following this, visually responsive contacts were grouped into
subsets based on their anatomical and functional characteristics, namely
face-selective ventral and fronto-parietal visual contacts. Face-selective
ventral contacts were defined by comparing mean HFB responses
between faces and places during the 100-500 ms post-stimulus window
using a Wilcoxon rank-sum test. Contacts showing significantly greater
activation to faces compared to places (P <0.05), located anatomically
beyond early visual regions (but excluding the frontal cortex), were
categorized as face-selective ventral contacts (n =43, depicted in blue in
Fig. 1B). We defined the fronto-parietal ROI based on the Desikan
Killiany atlas locations of the following labels: superior frontal gyrus,
rostral middle frontal gyrus, pars orbitalis, pars triangularis, pars oper-
cularis, precentral gyrus, postcentral gyrus, supramarginal gyrus, orbital
frontal gyrus, and the anterior cingulate. Visual contacts located within
these regions were categorized as the fronto-parietal visual contacts
(n =63, depicted in yellow in Fig. 1B). Any visually responsive contacts
not falling into these specified categories were termed “other visually-
responsive contacts” and are depicted in white in Fig. 1B, while non-
visual contacts are depicted in gray. Further details can be found in ref. 8.
A third group of visual contacts was extracted to be used as a second
control for the Fronto-parietal ROI. We refer to this group as content-
selective contacts (n=114). Their extraction and results are fully
described in the Supplementary Material and Supplementary Fig. 3.

Noise-celling measure. After dividing the visual contacts into different
ROIs, we calculated a noise ceiling for each ROIL As ROIs were defined by
pooling electrodes across participants, we used a split-half procedure
based on stimulus repetitions to compute the noise ceiling. For each ROI
and stimulus, we first calculated the average response of each contacts
within the 0.1-0.4s window (100-400 ms) following stimulus pre-
sentation. Next, we split the data into two halves, with two repetitions in
each half. For each stimulus, we averaged the contact responses within
each half. We defined the contacts’ mean response population vectors as
the stimulus activation patterns in each ROI. We then computed the
Pearson correlation between the activation patterns of each pair of sti-
muli, resulting in an RDM. To estimate the reliability of the RDM, we
calculated the correlation between the two halves. This process was
repeated for all three possible split-half combinations, and the average
correlation between the two halves was computed. The final average
correlations were 0.77 for face-selective ventral contacts and 0.30 for
fronto-parietal visual contacts.

Deep neural networks

We chose VGG, CLIP, and GPT-2 over newer models because we aim to
balance state-of-the-art performance with architectures that are either
purely visual, purely semantic, or multi-modal:

Visual network—ImageNet pre-trained VGG-16: To examine a
network-based visual representation of the presented stimuli, we used the
VGG-16 network” pre-trained on ImageNet”, which includes 300,000
images from 1000 object categories. VGG is a commonly used network
performing object and face categorization at human level’**'***. We then
extracted the embeddings of each image based on the feature vector
representation in the penultimate- i.e., the hidden layer just below the output
(fc7) layer of the network, which is the representation that is used for the
classification. The similarity between each image pair was computed based
on the cosine distance between these feature vectors.

Text network—openAl GPT2: A transformer-based language
algorithm®. GPT is trained on a vast corpus of text to carry out various
language tasks (e.g., semantic similarity, questions answering, grammatical
correction, etc.), often involving longer text captions. Therefore, we chose to
extract its representations using text from Wikipedia to obtain the repre-
sentation of each stimulus (see Supplementary Table 1 for the text used for
each stimulus). Specifically, we retrieved the embeddings of the first para-
graph from Wikipedia corresponding to each familiar stimuli (identity or a
place), based on the model output layer. Subsequently, we computed the
similarity between each stimuli pair based on the cosine distance between
the representations of these textual descriptions.

Multi-modal network - CLIP (Contrastive Language-Image pre-
training)“‘S : CLIP is trained in a self-supervised, contrastive manner to create
similar representations for images and their text caption based on a training
set of 400 M images and their captions from the internet”. We extracted the
embeddings of each image based on the output layer of trained ResNet
architecture using the visual and language components of CLIP.

CLIP Visual Component (CLIP-Image): We extracted the repre-
sentations of the 28 visual images that were presented to the patients. We
then computed the similarity between each object pair based on the cosine
distance between these visual embeddings. We will refer to these repre-
sentations as CLIP-Image.

CLIP Text component (CLIP-Text): CLIP textual component is
trained with short captions that are used as labels of images on the internet
and is limited to short text input (up to 77 characters). Therefore, we
extracted its representations based on the names of the stimuli (see Sup-
plementary Table 1 for the name used for each stimulus). We extracted the
representations based on the names of the familiar exemplar (identity or a
place) presented in each stimulus (e.g., “Eiffel Tower”). We computed the
similarity between each object pair based on the cosine distance between
these name representations. We will refer to these representations as
CLIP-Text.

This provided us with the RDM of each network that is based on its
output (or penultimate) layer. In addition, we also extracted the RDMs of
each layer of the network.

As described above, we extracted the representations of GPT and
CLIP-Text based on different text inputs. The representations of GPT were
based on Wikipedia definitions, while the representations of CLIP-Text
were based on the image’s names. While we chose each input based on the
network’s nature of learning, extracting the representations of CLIP-Text
based on names might seem like a significant reduction in information
compared with GPT’s input. However, we believe this is not the case. First,
we extracted the similarity scores between all images and all names of the
identities/places presented in the images using Image and CLIP-Text,
respectively. This enabled us to create a familiarity RDM and identify which
name was most similar to each image based on CLIP representation (see
Supplementary Fig. 10). We found that for each image, the most similar
name was its corresponding name (e.g., Barack Obama’s image was closest
to the text “Barack Obama” compared to any other name in the list), sug-
gesting that CLIP’s name-based representations carry relevant semantic
information. Moreover, as seen in the results section, these CLIP-Text
representations had the highest association with the fronto-parietal con-
tacts, indicating that they represent the stimuli in some informative way.
Finally, to test if we could extract further information from CLIP-Text, we
also extracted its representations based on the Wikipedia definition (limited
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to 77 characters), which did not improve its association with the brain ROIs
(see Supplementary Material for details).

Shuffled text representations. To assess CLIP-Text correlation with
fronto-parietal contacts, we compared the original text representations
with six variations of the same text, randomly shuffled. For each varia-
tion, we generated the representations based on CLIP-Text different
layers and calculated the correlations with the fronto-parietal lobe in the
first time window (0.1-0.4 s). Then we calculated the average of these
correlations for each layer. Figure 5B shows the average correlation of the
fronto-parietal contacts with CLIP-Text layers, based on these six
shuffles.

Behavioral data: human similarity ratings

Participants. Forty participants were recruited for this study via the
Prolific platform, with 20 participants assigned to each of the two
experimental conditions: visual similarity based on images and semantic
similarity based on names. The sample had a mean age of 29 years
(SD =2.9), with 20 females and one participant preferring not to disclose
their gender. Participants received £6 for their participation (£9 per
hour). Informed consent was obtained before the experiment, which was
approved by the Tel Aviv University ethics committee, and all ethical
regulations relevant to human research participants were followed. The
sample size was determined based on prior research on similarity tasks™.

Procedure. Participants rated the visual or semantic similarity of all 378
possible pairs of the 28 items:

Visual similarity task. On each trial, participants were shown a pair of
images of two different items and asked to rate their visual similarity on a
6-point scale (1 =very similar, 6 = very dissimilar). The question, “How
visually similar are these images?” appeared above the images, along with the
similarity scale. Participants selected their ratings using a mouse. Each pair
was displayed until the response, with the next pair appearing 1 s later. After
every 80 pairs, participants took a mandatory 10-s break (four breaks total).
After completing all 378 ratings, participants were asked to indicate their
familiarity with each image before the experiment. The task took
~40 minutes to complete.

Semantic similarity task. Participants rated the similarity of item names
based on their conceptual or semantic knowledge of the stimuli. The
procedure and timing were identical to the visual task, except that the
instruction was shown only at the beginning, without a trial-by-trial
prompt.

Trial exclusion. Trials were excluded if participants indicated unfami-
liarity with any item in the pair. Participants who were unfamiliar with
30% or more of the items were removed from the analysis entirely.
Additionally, trials with response times shorter than 200 ms or longer
than 30,000 ms (30 s) were excluded, as these were assumed to reflect
poor task performance. In the visual similarity task, 23% of trials were
excluded, including 33 due to response times exceeding 30s, with the
remainder excluded based on the familiarity criterion. In the semantic
similarity task, 15% of trials were excluded, with 50 trials removed for
exceeding the 30-s response time and the rest excluded due to the
familiarity criterion.

Statistics and reproducibility (Data Analysis)

For the purpose of Representational Similarity Analysis (RSA) we created a
dissimilarity matrix (RDM) of all possible stimuli pairs within the pool of the
28 stimuli (a total of 378 pairs), separately for each different brain ROI, the
different DNNs and for the human similarity ratings.

Correlation between the DNN representations and brain ROIls. We
first computed the Pearson correlation between the RDMs of each DNN

and the RDMs of the ventral and fronto-parietal visual contacts. Then, to
assess the unique contribution of each DNN to the neural responses, we
computed the partial correlation of each DNN while holding the other
DNNSs constant. We calculated the partial correlation between each DNN
and the brain data while controlling for all other DNNs, based on the
general partial correlation formula. Since our study includes more than
two DNNs, we used pairwise partial correlation, which measures the
correlation between residuals—what remains in each variable after
accounting for shared variance with others. For this, we applied the pcor
function from the ppcor library*® in RY, for further details and equations
of this process please see in ref. 86. Applying partial correlations provides
us with the unique association between each pair of variables, that is not
mediated by other variables, and this process is not affected by the order
of the variables™.

To test the significance of a correlation/partial correlation of a single
network in a specific ROI we used a permutation test in which the net-
works’ similarity scores (between pairs of stimuli) were held constant, but
we shuffled the similarity scores that are brain-based. For each analysis
and each ROI, we shuffled the similarity between pairs of stimuli in 10,000
iterations. Then we calculated the correlation/partial correlation
(respectively) of the network with the patients’ RDM (based on the
shuffled similarities). P-value assigned to each network and layer was the
proportion of iterations in which the original correlations/partial corre-
lation (based on the real similarities) was greater (or smaller) than the
value that was calculated in each iteration. P values were adjusted
according to Phipson and Smyth* correction for permutation tests, and
then they were FDR corrected for all networks that were tested in the same
analysis, for each ROI separately. Then we used a two-tailed alpha
(p value < 0.025) to infer significance. We also tested the significance of the
difference between each pair of two DNNs or two time windows; To do so,
we used a permutation test in which the networks’ similarity scores were
held constant, but we shuffled the similarity scores that are brain-based.
For each analysis and each ROI, we shuffled the similarity between pairs of
stimuli in 10,000 iterations. Then we calculated the correlation/partial
correlation (respectively) of each network/time window with the neural
RDM (based on the shuffled similarities), and proceeded to calculate the
difference between each two networks'/time windows' correlations/partial
correlations (with the neural RDMs). P value assigned to each comparison
of a pair of networks was the proportion of iterations in which the original
difference in correlations/partial correlation (based on the real simila-
rities) was greater (or smaller) than the value that was calculated in each
iteration. P values were adjusted according to* correction for permutation
tests, and then they were FDR corrected for all networks that were tested in
the same analysis, for each ROI separately. Then we used a two-tailed
alpha to infer significance.

Correlation between the human similarity ratings and brain ROls.
Similarly to the DNNs, we now used the visual and semantic averaged
RDM (across participants) as predictors of the ventral and fronto-parietal
visual contacts response. We computed the Pearson correlation and
partial correlations between the ROIs and the averaged RDM of each
similarity task (when the second task is held out). To test the significance
of a correlation/partial correlation of a single task in a specific ROI we
used a permutation test in which the task similarity scores (between pair
of stimuli) were held constant, but we shuffled the similarity scores that
are brain-based. For each analysis and each ROI, we shuffled the simi-
larity between pairs of stimuli in 10,000 iterations. Then we calculated the
correlation/partial correlation (respectively) of the task with the patients’
RDM (based on the shuffled similarities). P-value assigned to each task
and was the proportion of iterations in which the original correlations/
partial correlation (based on the real similarities) was greater (or smaller)
than the value that was calculated in each iteration. P values were adjusted
according to Phipson and Smyth* correction for permutation tests, and
then they were FDR corrected. Then we used a two-tailed alpha to infer
significance.
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Data availability

The iEEG data and code underlying all main figures are available in this OSF
folder™: https://doi.org/10.17605/OSF.I0/A2B]G. The original data™ from
Broday-Dvir et al. * is located in this Zenodo folder: https://doi.org/10.5281/
zenodo.7813404.

Code availability
The code for extracting representations from DNNs is available upon
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