Linking human and artificial neural representations underlying face recognition:
Insights from MEG and CNNs

Hamza Abdelhedi (hamza.abdelhedi@umontreal.ca)
Cognitive & Computational Neuroscience Lab, Montreal, Canada
University of Montreal, Montreal, Canada

Karim Jerbi (karim.jerbi@umontreal.ca)
Cognitive & Computational Neuroscience Lab, Montreal, Canada
Psychology Department, University of Montreal, Montreal, Canada
Mila (Quebec Al Research Institute)
UNIQUE (Quebec Neuro-Al Research Center)

12
This work is licensed under the Creative Commons Attribution 3.0 Unported License.
BY To view a copy of this license, visit http://creativecommons.org/licenses/by/3.0



Abstract

Mounting evidence suggests that biological and artificial
neural networks trained on similar tasks can exhibit re-
markable functional similarities. In particular, Convolu-
tional Neural Networks (CNNs) trained on object recogni-
tion have been shown to learn representations that model
the processing hierarchy in the human visual system. But
what about the specific case of face recognition? Would
CNNs trained on face recognition learn representations
that capture the neural dynamics of the neural circuits
that mediate face recognition? Here, we investigated the
putative similarities between the representations learned
by three CNN architectures trained on face recognition
(FaceNet, ResNet50 and CORnet-S) and brain patterns
assessed with magnetoencephalography (MEG) recorded
during a face recognition tasks. We found that the neu-
romagnetic brain signals (especially in visual areas) was
correlated with activations in multiple CNN layers. How-
ever, these correlations were not as strong as those ob-
served in the more general task of object recognition.
This may suggest that CNNs trained on face recognition
capture only a small portion of the complexity of the real
brain patterns associated with face recognition. Our re-
sults contribute to an emerging stream of research that
seeks to probe face recognition mechanisms by joint ex-
ploration of the associated neural representations in both
brains and machines.
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Intro

Artificial neural networks (ANN), originally inspired by funda-
mental properties of brain structure and function, have gone
on to surpass human performance on many tasks and most
of the latest developments in Al occur with little if any links
to the field of neuroscience. This said, there is an increas-
ing recognition of the added value of combining Al and neu-
roscience research to mutually reinforce on another. One
promising approach within this subfield of Neuro-Al is to com-
pare artificial and biological systems’ internal representations
in an array of cognitive tasks such as visual categorisation
(Kubilius et al., 2019; Richards et al., 2019; Storrs, Kietzmann,
Walther, Mehrer, & Kriegeskorte, 2020; Yamins et al., 2014).
Here, we set out to investigate the similarity between neu-
ral representations in convolutional neural networks (CNNs)
and electrophysiological human brain data during face recog-
nition. To date, only a handful of studies studies have ad-
dressed this question. For instance, Chang, Egger, Vetter, and
Tsao (2021) used several models to explain the facial stim-
uli representation in IT cortex of non-human primates. Jiahui
et al. (2022) used fMRI recorded during processing of nat-
uralistic face stimuli to compare responses in face process-
ing regions in the brain to three different artificial networks.
The present study is, to our knowledge, the first to probe
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this question using magnetoencephalography (MEG). Previ-
ous work suggests that the high spatio-temporal resolution af-
forded by MEG could be crucial in investigating the links be-
tween CNN models and network dynamics of the human brain
(e.g. (Kietzmann et al., 2019)).

Methods
MEG Data

We used publicly available MEG data acquired using a 306-
channel system (Elekta Neuromag Vectorview) (Wakeman &
Henson, 2015). Neuromagnetic signals were recorded from
16 subjects while they performed a face recogniton task (150
Famous versus 150 Unfamiliar face stimuli and each picture
was presented twice, i.e. 600 trials). However, three partici-
pants were excluded because of excessive aretfacts. We repli-
cated the preprocessing steps reported in the original study
using the Biomag script (Jas et al., 2018). For each subject,
we used 300 trials (i.e. single picture presentations) epoched
into 800ms segments.

Network training and extraction of layer activations

We chose three networks: (i) The backbone of FaceNet
(Schroff, Kalenichenko, & Philbin, 2015) which was specifi-
cally built for face recognition, (ii) ResNet50 (He, Zhang, Ren,
& Sun, 2015) which was built for Object recognition, and
(iii) CORnet-S (Kubilius et al., 2018), which was designed to
model the visual cortex. To make sure the selected networks
perform well on a face recognition task, we first trained them
on the same classification tasks. An exhaustive search on hy-
perparameters led us to set a batch size of 32, a learning rate
of 0.01 and a step size of 10. Finally, we used Cross-Entropy
Loss for the all three networks.

We solved a closed-set face recognition task by training the
networks on the VGGFace dataset (Cao, Shen, Xie, Parkhi,
& Zisserman, 2017). We then fine-tuned the architectures on
a distribution of the celebA dataset (Liu, Luo, Wang, & Tang,
2015) which is similar to the stimuli used in the MEG exper-
iment. To extract the layer activations needed for the subse-
quent similarity analyses, we passed the face stimuli used in
the MEG data to the networks, and saved the response of all
layers (flattened in stored in 1D activation arrays). Depending
on whether a given convolutional layer was followed by batch
normalization and/or an activation function, we considered the
layer activations to be the output of the layer response, of the
batch normalization or of the convolutional layer. We also gen-
erated a single aggregate response for each network by con-
catenating all individual layer activations.

Representational Similarity Analysis (RSA)

Inline with previous work, we used Representational Similarity
Analysis (RSA) (Kriegeskorte, Mur, & Bandettini, 2008) to as-
sess the similarity between the activity patterns of the artificial
and biological systems, in response to the same face stimuli.
We computed representational dissimilarity matrices (RDMs)
to quantify pairwise dissimilarities between the activations to



the stimuli. We computed one RDM per layer in each net-
work, in addition to a general network-level RDM based on the
whole-network activations. For the MEG data, we computed
the RDMs at each sensor and then averaged them across all
subjects. We computed the similarity between the RDMs in
each sensor and the RDM of each layer of the three networks.
We did the same for the whole network RDM.

All the correlations, in the RDM cells but also across RDMs
(similarity scores) were calculated using Pearson correlation.

Results

Figure 1 C shows that the three networks provided similar
global correlation levels with the MEG data when presented
with the same face stimuli. Although the correlations levels are
moderate, they are comparable to previous findings, including
the study by Jiahui et al. (2022). We also found that MEG gra-
diometer channels yielded higher correlations than the mag-
netometers. In terms of classification accuracy, all three net-
works achieved reasonable performances on the CelebA stim-
uli, with the Resnet50 reaching the best decoding accuracy
(Figure 1 B). In addition, the topographical maps of the MEG-
Model similarity scores (Figure 1 C) suggest a prominent role
of channels over occipital and, to some extent, central areas,
with very similar topographies across the three architectures.
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Figure 1: (A) Maximum similarity scores obtained across all
MEG sensors for each architecture activations. (B) ANN per-
formances on CelebA face stimuli. (C) Topographical maps
of the MEG-Model similarity scores for each architecture and
MEG sensor type (i.e. single RDM per architecture).

The topographies shown in Fiugure 1 C were obtained us-
ing a single RDM for the entire network. In contrast, Figure 2
depicts the max similarity scores of all layers of each network
(panel A) and the topographical maps of correlations obtained
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with the layer that yielded the highest correlation (panel B). In-
terestingly, we observed a drop in similarity between the MEG
activity and the last few layers at the end of the three architec-
tures, especially for ResNet50 and CORnet-S.
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Figure 2: (A) Networks layers’ maximum correlations with the
MEG (planar gradiometer) sensors. (B) Topographical maps
of the correlation values obtained with the specific layer that
yields the highest similarity score. White stars indicate MEG
sensors with the highest correlation values

Disussion

The three networks examined here succeeded to some extent
in capturing neuromagnetic signatures of the brain dynamics
involved in face recognition. However, this success is limited
as the observed correlations are very moderate. This said,
the levels of correlations are aligned with those reported in a
similar study that used fMRI data (Jiahui et al., 2022). We
should also keep in mind that the results presented here are
first steps towards building new Al-driven models of the face
recognition system in humans. We plan to extend these inves-
tigations in several directions. First we will further investigate
the robustness of our observations including careful consider-
ations of potential caveats and known limitations of the RSA
approach (Dujmovi¢, Bowers, Adolfi, & Malhotra, 2022). We
also plan to explore the added value of source space MEG
data analysis and examine distinct frequency bands of the
MEG signal. Finally, even though the added neuroscientific
value of the findings at this stage is arguably limited (i.e. what
have we learned about the face recognition system that we did
not already know?), we believe the current work to be part of
a much-needed collective thrust in the field towards designing
and validating new tools and methodological frameworks that
will enable significant advances bridging neuroscience and Al
research over years to come.
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