
Do Masked Autoencoders Learn a Human-Like Geometry of Neural Representation? 
Divergence and Convergence Across Brains and Machines During Naturalistic Vision

Hamed Karimi, Stefano AnzellottiDept. of Psychology and Neuroscience,
Boston College

@hamedk72.bsky.social
hamedk72@gmail.com

�����������������������������������������
�
���������
��������������	������������������������

Model Input Output Training 
Dataset

#Selected 
Layers

Supervised static Image Object identity

Image Object identity

ImageNet 11

Supervised static Image Action identity HAA-500 11

Self-supervised dynamic Video Optic �ows HAA-500 11

Supervised dynamic Video Action identity HAA-500 11

Pre-trained Masked 
Autoencoder (MAE)

(Masked) 
image (Unmasked) image ImageNet 12

Fine-tuned  Masked 
Autoencoder (MAE) ImageNet 12

(Masked) 
video (Unmasked) videoPre-trained Video 

Masked Autoencoder Kinetics-400

(Masked)
video

MAE and VideoMAE 
high-level features

Pre-trained Masked 
Video Distillation Kinetics-400

12

12

Video Action identityFine-tuned Video 
Masked Autoencoder Kinetics-400 12
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Model combination 
similarity with brain 

streams. 
Model-to-brain 

stream similarity

Models unique 
similarity with brain 

streams

element (i, j) displays the 
similarity (Pearson’s r) betwee 
combined features of model i, 
and j with each brain stream

sup: supervised
s-sup: self-supervised
MAE: masked autoencoder
MVD: masked video distillation

†: Image-net-trained
‡: HAA-500-trained
+: Kinetics-400-trained
*: �ne-tuned

Light color: static models
Bold color: dynamic models

element (i, j) displays the 
similarity (Pearson’s r) between 
each brain stream and model j 
features when controlled for 
model  i features variation.

Models with better categorization performance over static 
stimuli (i.e., images) are often reported to be better in cap-
turing the variation of neural activity [1].

Masked Autoencoders (MAE) are remarkably effective at 
categorization. Making them a promising candidate model 
for neural responses [2].

In addition to learning static spatial dependencies, Video-
MAEs learn a representation of temporal information in 
dynamic stimuli (i.e., videos) [3].

In the current study, we asked how well MAE models can 
capture the variation of neural activity, and how they are 
different from CNN in terms of their similarity with differ-
ent brain streams.

• Image MAE models show little correspondence with 
the neural activity in different brain streams.

• MAE models which represent dynamic information 
(VidoeMAEs and MVD) capture neural responses 
variation better but not as well as dynamic CNN 
models.

• Models based on optic flow representations (s-sup 
dynamic and sup dynamic) accounted for unique vari-
ance in all brain streams, even compared to Video-
MAEs and MVD.

• Despite learning to represent large-scale spatial and 
temporal dependencies of stimuli that are effective 
for categorization, Image and Video MAE models rely 
on a mechanism that differs from the human brain.

• Future research should focus on identifying tasks that 
reveal the differences between MAEs and human 
performance, as categorization tasks, where MAEs 
excel, do not adequately highlight this divergence.
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