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Abstract

Image parsing with Vision Transformers has achieved state-
of-the-art results, but how these models process visual in-
formation compared to biological vision systems is an open
question. In this study, we present an extensive benchmarking
between the attention mechanisms in the Vision Transformer-
based models, such as Segment Anything, and its several
variants that capture long-range dependencies in understand-
ing the generalized features in natural images, with the neu-
ral responses captured from the mouse visual cortex for the
same visual inputs. We found a significant correspondence
between self-attention and convolutional maps in these mod-
els and cortical neural activity in the mouse visual cortex.
This trend is observed to be consistent across similar model
architectures with varying numbers of parameter units and
provides an explainable trade-off between the accuracy and
efficiency on real-world object segmentation datasets. This
relationship is observed to be generalized across the sub-
regions and neuronal genotypes, capturing diverse functional
units in the mouse visual cortex. Our work proposes a pio-
neering effort in identifying important parallels between hier-
archical representational learning in vision-based transform-
ers and the biological visual cortex. To advance the develop-
ment of neuro-Al models, these neural correlates suggest that
aspects of cortical computation, captured by the state-of-the-
art vision models, can potentially contribute to their effective-
ness for image understanding tasks as well as guiding the ad-
vancement of novel model architecture design. We anticipate
that this practice will also lead to future interpretability work
to better understand the encoding and decoding principles of
computation in the mammalian visual cortex.

Introduction

The rise of Al models in computer vision applications such
as image classification (He et al. 2016) and segmentation
(Long, Shelhamer, and Darrell 2015) has sparked increas-
ing interest from neuroscientists in investigating biological
similarities with brain computations (Kriegeskorte 2015).
Deep learning models exhibit striking similarities to neu-
ral representations when processing natural visual stimuli
(Cadieu et al. 2014), with recent focus shifting to Vision
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Transformers (ViTs) (Dosovitskiy et al. 2021). ViTs employ
self-attention mechanisms for computing spatial dependen-
cies, enhancing explainability in semantic feature process-
ing—paralleling neuroscience findings where visual neu-
rons respond to semantically aligned features (Blumberg and
Kreiman 2010; Kriegeskorte et al. 2008).

Although transformers have achieved state-of-the-art re-
sults in computer vision tasks (Thisanke et al. 2023), system-
atic investigations of cortical-ViT alignments remain lim-
ited. This gap is particularly important given that the hier-
archical ventral visual stream shares intriguing similarities
with multiscale ViT encoders - both process visual informa-
tion across increasing receptive fields through feedforward
and feedback pathways (Berezovskii, Nassi, and Born 2011;
Ghiasi et al. 2022). The mouse cortex provides a tractable
model for probing these relationships via in vivo calcium
imaging of neural populations.

This study presents extensive benchmarking between
state-of-the-art ViTs and neural recordings from the mouse
visual cortex using matching natural stimuli from the Allen
Brain Observatory. We systematically compare attention
maps with neural responses across 15 transformer architec-
tures, revealing strong alignments between artificial and bi-
ological kernels. Our experimental framework (Figure 1)
establishes a foundational approach for quantifying neural
plausibility across diverse ViT scales and architectures, pro-
viding concrete insights for developing biologically-inspired
Al models.

Related work
Functional Similarities - Models and Visual Cortex

Research into the primate visual system has been instrumen-
tal in designing Al models (Kubilius et al. 2019, 2018), with
CNNs showing high similarity to biological visual process-
ing mechanisms (Lindsay 2021). However, biological plau-
sibility is not always proportional to model complexity (Ku-
bilius et al. 2019, 2018). Models with recurrent shallow ar-
chitectures, such as CORnet-S (Kubilius et al. 2019, 2018),
demonstrate stronger brain alignment, emphasizing the im-
portance of recurrent structures in the ventral stream’s object
recognition processes (Kar et al. 2019).

Recent studies have explored functional similarities with
the mammalian visual system, particularly mouse. For in-
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Figure 1: Block diagram flowchart of the experimental setup to perform a systematic comparison between artificial and neural
kernels is shown. On the left, a sketch of a mouse running on a treadmill is drawn, which is presented with a sample visual
stimulus of a lion image. The same image is passed to the model framework, where it first passes through the image encoder,
followed by the mask decoder module. The model framework of SAM is presented here, where the zoomed-in version of the
image encoder is shown at the bottom, where the patch and positional embeddings are forwarded to the transformer encoder.
The mask decoder consists of multiple decoders and convolutional stages with a Multilayer Perceptron at the end, where the
output (semantic) segmentation mask is shown overlaid on the input image. On the right side, a qualitative sample comparison
of an artificial kernel (attention map) with a biological kernel is shown, overlaid on top of the input image. The anatomy of the
mouse visual cortex is shown at the bottom right with several highlighted sub-regions that are involved in visual information

processing of the input stimulus.

stance, the MouseNet model (Shi et al. 2022) provides
insights into mouse visual cortex (MVC) computations,
though DNNs effective for primates show diminished effi-
cacy in mouse systems (Cadena et al. 2019). This has driven
research into rodent visual cortex neural taskonomies (Con-
well et al. 2021) and robustness in neuro-inspired CNN ar-
chitectures (Li et al. 2019).

Transformer-based models have recently gained promi-
nence in neuroscience; models such as VIT (Li et al. 2023a)
and Brain Network Transformer (Kan et al. 2022) provide
insights into neural information processing. (Kozachkov,
Kastanenka, and Krotov 2023) explored biological foun-
dations of transformers, suggesting that neuron-astrocyte
networks can implement transformer computations, while
(Toneva and Wehbe 2019) demonstrated brain alignment ap-
proaches to improve model performance (Igbal et al. 2025).
Exploring ViT-mammalian brain similarities has become in-
creasingly active (Li et al. 2023a; Kan et al. 2022; Johnson
et al. 2023; Robinson and Drenkow 2022).

Evolution of Vision Model Architectures

CNN-based models have dominated computer vision ap-
plications through hierarchical feature extraction, with ar-
chitectures like LeNet (Lecun et al. 1998), ResNet (He
et al. 2016), VGG (Simonyan and Zisserman 2015), YOLO
(Redmon et al. 2016) excelling in classification and de-
tection, while U-Net (Ronneberger, Fischer, and Brox

2015), DeepLab (Chen et al. 2016), and Mask-RCNN (He
et al. 2017b) pioneered semantic and instance segmenta-
tion. Transformers, originally designed for Natural Lan-
guage Processing (NLP) (Vaswani et al. 2017), evolved into
ViTs (Dosovitskiy et al. 2021), extending self-attention to
images with impressive results in classification, detection
(Carion et al. 2020), and segmentation (Li et al. 2022).

ViTs have become the backbone architectures for domain-
agnostic models (Kirillov et al. 2023a; Ke et al. 2023), with
variants like ViT-H/B/L, Tiny ViT (Wu et al. 2022), and Swin
Transformers (Liu et al. 2021) forming foundations for SAM
(Kirillov et al. 2023a), HQ-SAM (Ke et al. 2023), Semantic-
SAM (Li et al. 2023b), Mask2Former (Cheng et al. 2022),
and Mask DINO (Li et al. 2022). While these architectures
show promising results across vision tasks, limited work ex-
plores their neural plausibility. This paper introduces a novel
comparative approach to assess the biological plausibility of
state-of-the-art architectures with the mammalian visual cor-
tex, enabling novel ideas in building neuro-inspired Al mod-
els.

Methodology
Allen Brain Observatory dataset

The Allen Brain Observatory offers an invaluable dataset
that facilitates a quantitative exploration of the func-
tional properties underpinning the coding of sensory stim-
uli through the visual pathway. This dataset is character-



ized by its in-depth examination of visually evoked cellu-
lar responses, achieved using in vivo calcium imaging from
GCaMP6-expressing neurons. These neurons are meticu-
lously selected from specific regions of the MVC, various
cortical layers, and Cre lines that label a diverse range of
neuron types.

A standout feature of this dataset is its emphasis on the
neural responses to natural visual stimuli. To this end, a
library of 118 natural scenes, sourced from three distinct
databases (Berkeley Segmentation Dataset, van Hateren
Natural Image Dataset and McGill Calibrated Colour Im-
age Database) (Martin et al. 2001; van Hateren and van der
Schaaf 1998; Olmos and Kingdom 2004), was employed.
Each scene image from this collection was briefly displayed
for 250 ms and subsequently replaced by the subsequent
scene. This process was repeated 50 times for each image,
presented in a randomized sequence, interspersed with blank
intervals. Such a detailed presentation of natural scenes, in-
cluding images of various animals like owls, cheetahs, and
ducks, provides a comprehensive perspective on both indi-
vidual cellular and collective cell population responses to
intricate visual stimuli in the MVC. This dataset is collected
from 256 different mice, ensuring a diverse and representa-
tive sample for understanding neural responses. The distri-
bution of neurons across brain regions and their response
characteristics are detailed in Supplementary Figure S1.
The use of multiple mice allows for a more generalized un-
derstanding of the MVC’s response to natural visual stimuli,
accounting for potential individual variations and offering a
broader insight into the mammalian visual processing mech-
anisms.

In our endeavor to draw meaningful connections between
ViT-based model architectures and the MVC, we leveraged
this publicly available dataset from the Allen Brain Obser-
vatory (Allen Institute for Brain Science 2023). Specifically,
our analysis focused on the peak DF/F and time-to-peak at-
tributes of neurons, offering insights into the neural dynam-
ics in response to visual stimuli.

MYVC Neural Response dataset

Given a collection of natural scene stimuli and the associ-
ated neural activity for each stimulus display, we derived the
neural representations (V) for the neurons. The neural infor-
mation is structured into a matrix, with designated columns
for the experiment ID, neuron ID, Trial Traces, and stimu-
lus shown. Each neuron possesses a set of Trial Traces (1"
that correspond to its neural activity during the stimulus dis-
play. These traces are amalgamated with the flattened stimuli
(F'S) to create the neural representations. Initially, the stim-
uli are resized and flattened as:

FSZSl,SQ,...,Sn (1)

where s; represents the .S for the i*" natural scene. Subse-
quently, the T" for every neuron is represented as:

T:tl7t27"'7tn (2)

where t; denotes the set of 7" for the i stimulus display.
Ultimately, N is deduced as:

N =(TT.FS) 3)

Following the generation of neural representations, we
embarked on a meticulous selection procedure to curate a
balanced subset of these representations. To achieve this, we
employed UMAP embeddings, applying them distinctly to
both excitatory and inhibitory neural responses. The UMAP
settings we utilized were: number of neighbors set to 15,
minimum distance of 0.1, and a spread of 1. These parame-
ters were chosen to ensure that the local and global structure
of the data was preserved, allowing for a faithful representa-
tion of the high-dimensional data in a reduced space.

Subsequent to the UMAP embeddings, we employed K-
means clustering, with K set at 10, for each neural response
category. From each of the 10 clusters, we selected 50 neu-
ral representations centered around the centroids, leading to
a total of 500 representations for both excitatory and in-
hibitory categories. This culminated in a combined dataset
comprising 1000 neural representations. The genotypes ana-
lyzed span both excitatory and inhibitory neurons, with com-
plete genotype naming conventions and Cre-labelling details
provided in Supplementary Table S1. The rationale behind
using K=10 in the K-means clustering was to ensure that
our sample was both balanced and comprehensive, captur-
ing the diversity and intricacies of the larger dataset. The
diversity of neuronal genotypes in our dataset is shown in
Supplementary Figure S2. This selection of parameters en-
sures computational tractability while maintaining represen-
tational diversity

Computing Neural Kernels

In the MVC response dataset, which comprises 1000 neu-
ral representations, each representation can be visualized as
a 2D spatial pattern. These 2D patterns, derived from the
neural activity in response to specific stimuli, capture the
essence of how the visual cortex processes different visual
inputs. Representative examples of these neural responses
are shown in Supplementary Figure S3. For the purpose of
our study and to simplify terminology, we will henceforth
refer to these 2D neural representations as “neural kernels”.
Just as model kernels in deep learning architectures (like at-
tention and convolutional layers) are pivotal in processing
and understanding input data, these neural kernels play a
crucial role in deciphering the visual stimuli presented to
the MVC. The term “neural kernel” underscores the paral-
lel between the computational units in Al models and the
functional units in the biological neural systems.

Shortlisted model architectures

We shortlisted a set of 15 state-of-the-art models that have
shown promising results on segmentation and object detec-
tion tasks. All models contain transformer encoders and de-
coder layers. SAM, MobileSAM, and HQ-SAM use pre-
trained ViT variants, including ViT-H, ViT-L, ViT-B, and
ViT-Tiny, as image encoders, while Semantic-SAM uses
Swin-L/T transformers as encoders. Unlike ViT, which com-
putes self-attention globally, Swin Transformer merges in-
put image patches to build hierarchical feature maps us-
ing shifted window partitioning with modified self-attention
(SW-MSA) and regular window partitioning based multi-
head attention (W-MSA) to establish connections across



3001 ... \ ‘
2504
Semanti L
n,qurmﬂ_L MaskDINO

2004

# of Parameters (M)

eeececcee

.

.

HQ-SAM-H
SAM-H
HQ-SAM-L
SAM-L
Semantic-SAM-L
MaskDINO
Mask2Former-] L
Mask2Former-B
HQ-SAM-B
SAM-B
Mask2Former-S
Semantic-SAM-T
Mask2Former-T
HQ-SAM-T
MobileSAM

650

@

«®
-

5M 200

cmanfieS AM-L
MaskDINO

50M :
MaskZFumler—B. 3

HO-SAM-B MaskZFormel;‘ ) 150M HQ-SAM-B m
1001 . 100 70
AM-B .. ( " SAM-B .
*+. Semantic-SAM-T]| 350M 7 *-. Semantic-SAM-T|
Mask2Former-T emdn & Mask2Former-T (((Q) e
50 m Mask2Former-S 50 ( Mask2Former-S =
HQ-SAM-T MobileSAM 650M HQ-SAM-T MobileSAM
o @ ® (@
0.90 0.91 0.92 0.93 0.94 0 0.90 0.91 0.92 0.93 0.94
1-RMSE 1-RMSE
m
%) LS A A a2 A A
-
R o & S S
& Ygx & ?§\ %?9
o Qoé‘” P Qé& &
> O
S & F s
¥ ¥

Figure 2: Similarity across attention and neural maps between model architectures and mouse visual cortex. Top left plot shows
the average similarity (1-RMSE) of the population of convolutional+attention kernels from models and neural kernels drawn
from different functional sub-regions in the mouse visual cortex. Different colors indicate different model architectures, where
the number of bubbles within the same color cluster represents different brain regions where neural kernels are drawn. Top
right plot shows the same trend, but each cluster of bubbles with the same color represents different genotypes, covering a
diverse population of neurons from all the sub-regions in the mouse visual cortex. The size of each bubble represents the total
number of parameters (in millions) present in the model architecture. Bottom plot shows the average similarity (1-RMSE) of
the convolutional (C) and attention (A) kernels from all the model architectures with the neural kernels from the mouse visual

cortex.

windows. Hence, Swin computes self-attention only within
each local window. This results in a linear computational
complexity as compared to ViT, which computes at a
quadratic complexity. Mask2Former and Mask DINO vari-
ants also use Swin backbones and transformer decoder lay-
ers with varying attention mechanisms. The set of shortlisted
models covers a large variety within and across transformer
encoder blocks.

Computing Artificial Kernels

Selected models have been trained on a range of datasets.
Mask DINO, Mask2former were trained on the COCO
dataset (Lin et al. 2014) while SAM, Semantic-SAM, and
Mobile SAM were trained on the SA-1B (Kirillov et al.
2023a) dataset. HQ-SAM, which was trained on HQSeg-
44K, consists of six image datasets (Ke et al. 2023) cov-
ering a wide range of semantic classes. The weights of these
model architectures comprise learnable and non-learnable
parameters from attention and convolutional layers in the en-
coder, decoder, and backbones of the models. For our anal-
ysis, the attention layers in these models that are inherently
structured in 2D were directly incorporated into the analysis
without any alterations as “artificial kernels”. This 2D struc-
ture of the attention layers naturally aligns with our objec-

tive, allowing us to directly use them as “artificial kernels”.

On the other hand, convolutional layers required a more
nuanced approach. We specifically excluded layers with
1 x 1 and 2 x 2 size filters. The rationale behind this ex-
clusion was twofold: individual 1 x 1 and 2 x 2 kernels
were too small to capture global information, and their inclu-
sion would not allow for a uniform comparison between the
small 1 x 1 and 2 x 2 kernels and the sizeable attention lay-
ers. The artificial kernels from the convolutional layers were
computed through the following approach: Given the convo-
lutional layer L characterized by dimensions [F, C, H, W],
where I’ denotes the number of filters, C' the number of
channels, H the height, and W the width, we considered
the channels of all filters as separate entities. This resulted
in a reshaped structure of [F' x C, H, W], essentially treating
each channel of every filter as a distinct 2D kernel. To further
refine our convolutional layer selection, UMAP embeddings
were employed, ensuring that both local and global relation-
ships within the data remained intact. This was followed by
K-means clustering with K = 10, aiming to extract a rep-
resentative subset of these 2D kernels. This methodology,
combining UMAP and K = 10, was consistent with our
approach for neural representations and kernels. K=10 was
selected to balance computational efficiency with adequate
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Figure 3: Qualitative comparison of randomly selected arti-
ficial and neural kernels. Each row depicts the overlaid arti-
ficial and neural kernels on top of an input stimulus image of
a lion (same as in Figure 1), followed by their 1D represen-
tation, plotted as curves in the plots. Here, the black curve
shows the neural kernel representation, and the colored ones
are randomly picked from the model (here, 1D representa-
tion of attention maps). The last column shows the qualita-
tive output of the models with the segmentations.

sampling diversity, ensuring each cluster contained suffi-
cient samples for robust statistical comparison while main-
taining distinct cluster identities.

In conclusion, from both the attention and convolutional
layers, we derived 2D “artificial kernels” that serve as the
foundation for our subsequent analyses with the ’neural ker-
nels” drawn from the mouse visual cortex.

Artificial & Neural kernel similarity analysis

Before diving into the specifics of our analysis technique,
it is crucial to understand the foundation of our compari-
son. We have two primary sets of kernels for our study: the
neural kernels and the artificial kernels. The neural kernels
are derived from natural visual stimuli, capturing the MVC’s
response to these stimuli. On the other hand, the artificial
kernels, originating from the models, are pre-trained on the
COCO, SA-1B, and HQSeg-44K datasets. These datasets
are rich in natural stimuli, ensuring a consistent basis for our

comparison. The choice of dataset for model training is piv-
otal in similarity analysis. As highlighted by (Conwell et al.
2021), the dataset on which a model is trained plays a sig-
nificant role in determining the nature and structure of the
features it learns. Given that both our neural and artificial
kernels are grounded in natural stimuli, we have a consistent
and robust foundation for our subsequent analyses.

While our models underwent different pretraining proce-
dures, we normalized all kernels using z-score normaliza-
tion to ensure consistent comparison scales. This normaliza-
tion removes scale differences from varied pretraining, al-
lowing fair structural comparison. Additionally, all models
were evaluated on the same natural image stimuli present
in both training datasets and the Allen Brain Observatory,
providing a common reference framework that mitigates po-
tential biases from varied training protocols.

With this groundwork laid, we proceed to the compari-
son between the two kernel types. To avoid any dimensional
mismatch, each 2D artificial kernel was resized to a fixed
size, matching the size of the neural kernels. To ensure a
consistent scale and distribution, the kernels underwent nor-
malization. Given a kernel array k, the normalized image
krnorm is computes as following, where p is the mean of k
and o is its standard deviation:

k—p

“4)

knorm =
g

After normalization, we employed the Root Mean Square
Error (RMSE) to conduct our analysis. We employed RMSE
as it provides a pixel-wise measure of spatial correspon-
dence between normalized 2D patterns, making it suitable
for comparing the spatial structure of attention maps with
neural activity patterns. Mathematically, the RMSE between
two kernels k7 and k5 is defined as following where IV rep-

resents the total number of pixels:

N
RMSE = ;V;(ku — ko;)? (5)
A lower RMSE value indicates that the artificial and neu-
ral kernels are more similar, implying a better match. Con-
versely, a higher RMSE value suggests a greater disparity
between the two kernels. To provide a more intuitive inter-
pretation, especially when comparing multiple models’ arti-
ficial kernels with neural kernels, we used 1 — RMSE. This
metric transforms the RMSE such that a higher value is bet-
ter. Specifically, a 1 — RMSE value close to 1 indicates a
near-perfect match between the artificial and neural kernels,
while a value close to 0 indicates a poor match. By using
both RMSE and 1 — RMSE, we offer a comprehensive view
of the similarities and differences between the artificial and

neural kernels under examination.

Results & Discussion

From our experimental setup, we ran systematic compar-
isons of artificial (convolutional and attention) kernels with
the neural kernels from all the brain regions and unique neu-
ral genotypes. These results are summarised in Figure 2,
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Figure 4: Left - Trend of 1-RMSE scores for neurons from various brain regions across different models, highlighting region-
specific neural similarities. Right - Trend of 1-RMSE scores for different neuronal genotypes across the models, illustrating
genotype-specific neural correspondences.

MS COCO

Point | Point

(max) | (oracle)
Models APy | AP | AP; |[AP,, | AP | 1-I0U| 1-IoU
SAM-H 34.0148.9|64.5|53.3|34.4| - -
HQ-SAM-H 34.9(49.9|66.5|54.0 (34.2| - -
SAM-B 28.2144.4157.7148.7(32.1| 52.1 | 68.2
HQ-SAM-B 31.3146.7162.9|50.5|32.0| - -
SAM-L 33.3|148.5163.9|53.1 |34.1| 55.7 | 70.5
HQ-SAM-L 34.4149.5|66.2|53.8[33.9| - -
Semantic-SAM-L*| - - - - - | 57.0 | 74.2
HQ-SAM-T - 145.0162.8|48.8|29.2| - -
MobileSAM - |44.3]/61.8]48.1|28.8| - -
Semantic-SAM-T*| - [47.4|166.1|50.7 [28.3| 54.5 | 73.8
Mask2Former-L - |50.1{72.1{53.9 (29.9| - -
Mask DINO* - |52.1|72.5/554 (32.9| - -
Mask2Former-B* - |48.171.1]152.0 (27.8]| - -
Mask2Former-S* - 146.3168.4150.3 (25.3| - -
Mask2Former-T* - 145.0167.4|48.3|24.5| - -

Table 1: Models’ performance on the COCO segmentation
dataset. Bold indicates best performance, underlined bold
indicates second best, and underlined indicates third best.
1-IoU shows 1 click-IoU. Models marked with * are evalu-
ated on the COCO val2017 dataset.

showcasing the level of biological plausibility (1-RMSE)
the experimented models hold with the neural kernels in
the MVC. Higher 1-RMSE demonstrates a stronger correla-
tion between artificial kernels and neural kernels. We make
our observations keeping in account the biological plausibil-
ity of models demonstrated in Figure 2 and their recorded
performance on real-world segmentation tasks using COCO
dataset, shown in Table 1. Our shortlisted models can be di-

vided into two groups via a diagonal trend-line (shown as
dashed curve in the top plots of Figure 2). These trends are
consistent across different brain regions and neuronal geno-
types, as detailed in Figure 4, which shows region-specific
and genotype-specific neural correspondences. Models on
the right of this trend-line tend to have a higher number
of parameters (except Semantic-SAM-T), achieve stronger
biological plausibility (1-RMSE), and have been reported
(Table 1) to hold benchmarking performance on the seg-
mentation task using the COCO dataset. In contrast, models
that are lower on the left of this trend-line attain relatively
less significance with the biological similarity metric, have
relatively fewer parameters, and suffer in real-world perfor-
mance on the COCO dataset. Following sub-sections explain
the observed trends in greater detail. The complete mapping
of genotype abbreviations used throughout this analysis to
their full Cre-labelling techniques is provided in Supplemen-
tary Table S1.

Impact of model size on neural similarity and
benchmarking

It can be observed from Figure 2 (top plots) that models
with largest number of parameters (SAM-H and HQ-SAM-
H) shows high neural similarity (1-RMSE) and are one of
the top performing models on real-world task (Table 1). On
the right side of the trend-line, all the models are observed
to hold benchmarking (top-3) performance in Table 1. The
exception holds for Semantic-SAM-T, which is one of the
high-performing models with around 50 million parame-
ters. Interestingly, Semantic-SAM-T and Mask2Former-T,
although they have similar number of parameters but they
exhibit a strong gap in the neural similarity index, where
Semantic-SAM-T outperforms Mask2Former in terms of bi-
ological plausibility as well as real-world benchmarking in



Table 1. This performance boost of Semantic-SAM-T with
such a low number of parameters as compared to bigger
models (e.g., SAM-H and HQ-SAM-H) can be explained by
two major differences in its training and underlying model
architecture. To highlight the former, Semantic-SAM and
its variants (T/L) have also been trained on 1/10th of the
SA-1B dataset in addition to the COCO dataset. In terms
of architecture, Semantic-SAM variants and Mask DINO
(also showing best performance in Table 1 for AP, AP, and
AP, while staying above trend-line) have a common query-
based transformer decoder architecture that constructs a
pixel embedding map using the output from the backbone
and the transformer encoder layer. This is in contrast to
Mask2Former models, which are outperformed by Mask
DINO in real-world benchmarking as well as the neural sim-
ilarity index. In Mask DINO (and Semantic-SAM), the pixel
embedding map and query embedding are combined via dot-
product to obtain an output mask.

m=d® (S{t(Mb) + g(Me))) (6)

where S is the segmentation head, ¢ is a convolutional
layer to map the channel dimension to the Transformer hid-
den dimension, and g is a simple interpolation function to
perform 2 x upsampling of Me. Mb and M e are backbone
and encoder output feature maps respectively, while d is
the query embedding from the transformer decoder. On the
other hand, Mask2Former models that lie below the trend-
line consist of masked attention in the decoder:

X, = softmax(M;_, + QK )Vi + X1 (7

where M;_; is the attention mask in layer [, X; € RNVxC
refers to N C' — dimensional query features at the I*?
layer and Q; = fo(Xn) € RVXCY [ K,V € REIWixC
are the image features under transformation. The attention
masks predicted from a previous layer are of high resolution
and used as hard-constraints for attention computation. They
are neither efficient nor flexible for box prediction. Hence,
query-based decoders boost biological plausibility and real-
world dataset performance unless the number of parameters
is boosted (such as that in Mask2Former-L, where increas-
ing the number of parameters also enhances their biological
plausibility and real-world dataset performance).

One consistent finding is a pattern of decreasing biologi-
cal plausibility amongst ViT-based encoders from H, L, B,
and T variants (in order). In Figure 2, it can be seen that this
is true for SAM and HQ-SAM variants. The trend is consis-
tent for brain regions (top left, Figure 2) as well as the geno-
types (top right, Figure 2). One factor here is the decreasing
number of parameters; we observe a depreciation in biolog-
ical plausibility amongst these variants. Furthermore, when
comparing variant groups for SAM and HQ-SAM, we ob-
serve a deterioration of plausibility for HQ-SAM variants as
compared to SAM variants. In HQ-SAM, an HQ-Output To-
ken and Global-local Feature Fusion is introduced in SAM
for high-quality mask prediction. Moreover, the lightweight
HQ-Output Token reuses SAM’s mask decoder to gener-
ate new MLP layers for performing point-wise product with
fused HQ-Features. This is also consistent for HQ-SAM-T

and MobileSAM, where the number of parameters are ap-
proximately the same, but the introduction of HQ tokens and
Fusion results in lower biological plausibility between HQ-
SAM-T and MobileSAM. Hence, the additional tokens to
SAM happen to reduce biological plausibility even though
performance remains in the same ballpark.

Neural response activation similarity with
convolutional & attention layers in ViTs

From Figure 2, the top plots provide an overarching view,
showcasing the average biological plausibility across all lay-
ers for each model. At a cursory glance, Semantic-SAM-T
stands out as the most biologically plausible model. How-
ever, a deeper dive into the individual layers, as depicted
in the bottom plots of Figure 2 and detailed layer-by-layer
analysis in Figure 5, reveals a more nuanced explanation.
The attention layers consistently exhibit a higher degree of
biological plausibility, i.e. higher 1 — RM S'E score as com-
pared to their convolutional counterparts. In fact, the atten-
tion layers in most models surpass even the overall bio-
logical plausibility of Semantic-SAM-T, which is the front-
runner in the top plots of Figure 2. This stark difference
underscores the inherent biological alignment of attention
mechanisms. However, it is crucial to note that while atten-
tion layers outshine in terms of biological plausibility, the
convolutional layers still play a critical role in these archi-
tectures, contributing to their overall performance. The aver-
aged biological plausibility, as seen in the top plots (Figure
2), is a testament to the combined efficacy of both these
layers. Yet, the standout performance of attention layers
suggests a clear direction for future research. Given their
closer alignment with biological neural kernels and their in-
tegral role in transformer-based vision architectures, atten-
tion mechanisms seem poised to be the cornerstone of future
advancements in both deep learning and our understanding
of the neural underpinnings of visual perception.

Qualitative analyses reveal synchronized responses and
deformations, indicating the early ViT layers encode lower-
level visual features similar to the neural populations. This
is depicted in Figure 3, with additional qualitative compar-
isons across diverse stimuli (bird, wolf) shown in Supple-
mentary Figure S5, and further explained in Supplementary
data. Through rigorous analysis, we quantify which specific
cortical visual areas align most strongly to different ViT lay-
ers. Applying explainability techniques on a per-head ba-
sis reveals increasing receptive field size and complexity
through the depth, matching the ventral stream hierarchy.
Pre-trained representations transferred to downstream tasks
also demonstrate enhanced neural plausibility, suggesting
generalizable biological compatibility.

Conclusion

We performed systematic comparisons of artificial and neu-
ral kernels in high-performing vision transformer architec-
tures and the mouse visual cortex. Our results provide em-
pirical evidence that intrinsic attention and convolutional
maps in transformer architectures are well-suited for captur-
ing core representations in hierarchical biological vision sys-
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Figure 5: This figure presents a detailed performance evaluation of various neural network models, each depicted in a distinct

subplot. The y-axis represents the ”’1 - RMSE” performance

metric, while the x-axis enumerates the layers within each model.

The size of each scatter point is indicative of the number of parameters in the respective layer, with larger points signifying
layers with a higher parameter count. Attention layers are distinctly marked by their model-specific color with a transparent fill,
while non-attention layers are represented in black. This visualization offers a comprehensive view of the relative performance
of attention versus non-attention layers across a range of neural network architectures. A similar visualization in Supplementary

Figure S4 compares attention and convolutional layers.

tems. The global receptive fields and long-range dependen-
cies modeled by multi-headed self-attention appear to mimic
cortical computations’ primitives. These findings provide
concrete design principles for developing more efficient,
brain-inspired vision architectures. The attention mecha-
nism alignment suggests prioritizing multi-head attention in
resource-constrained environments where biological plausi-
bility and computational efficiency must be balanced. Our
neural analysis motivates hybrid architectures augmented
with convolution that balance local and global processing,
while dynamic routing and sparse attention can improve ef-
ficiency while retaining long-range interactions.

Several limitations should be acknowledged. Mouse vi-

sual cortex, while providing a tractable biological model,
is less complex than primate visual systems that more
closely resemble human visual processing. This work rep-
resents foundational research establishing Neuro-Al corre-
spondences rather than direct performance improvements.
Our analysis focuses on kernel-level similarities without ex-
ploring dynamic temporal processing differences between
biological and artificial systems.

Future research will apply these neural constraints to de-
sign biologically plausible, efficient attention mechanisms.
Extended primate data analysis and investigation of neural
temporal dynamics will further advance our understanding
of visual principles in both artificial and biological systems.
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Supplementary Material
Allen Brain Observatory Dataset

The Allen Brain Observatory dataset is a comprehensive
dataset containing important observations, and encompass-
ing a vast array of neurons, each uniquely characterized by
distinctive brain regions, genotypes, and neural responses.
This section delves into the exploratory data analysis, shed-
ding light on the diversity and characteristics of the neurons
observed.

Supplementary Figure S1 (middle) presents a bar chart
illustrating the average peak response times of neurons in
relation to the stimuli across various brain regions. Notably,
the VISam region registers the longest average peak time,
approximately 0.34 seconds, hinting at a more gradual or
lagged neuronal response in this region compared to others.
On the opposite end, the VISpm region records the shortest
average peak time, suggesting a more rapid neuronal reac-
tion.

Supplementary Figure S1 (right) offers a detailed
overview of the distribution of top-performing neurons
(those with Peak DF/F values greater than 10) across var-
ious brain regions. The bar chart distinctly highlights that
the VISp region is home to the largest count of these top
neurons, with numbers surpassing 20. Other regions, such
as VISI, VISal, and VISpm, also feature these top neurons,
albeit in lesser quantities.

Supplementary Figure S1 (left) and Supplementary Fig-
ure S2 provide a comprehensive overview of the distribu-
tion of neurons across different brain regions and geno-
types. Notably, the VISp region stands out, hosting the most
significant number of neurons, while VISam appears less
densely populated. This distribution suggests that our se-
lected dataset is representative of the overall population, em-
phasizing the dataset’s richness in terms of diversity.

Supplementary Figure S3 offers a detailed visualization
of DF/F traces for various neurons, capturing their unique
activity profiles over time. These traces, which represent
neuronal activation across different trials, provide a com-
prehensive view of the temporal dynamics of neuronal re-
sponses. The x-axis represents time in seconds, while the
y-axis denotes the neural amplitude. By observing the evo-
lution of these signals, both before and after stimulus pre-
sentation, and comparing them to peak DF/F values, we can
discern the distinct response patterns of neurons. The vari-
ability in these DF/F traces, both in terms of their profiles
and magnitudes, underscores the rich diversity of neuronal
responses. This diversity is influenced by various factors,
including the brain region in which the neuron is located,
its genotype, and its functional characteristics. This figure,
therefore, serves as a testament to the intricate and varied
ways in which neurons respond to stimuli, highlighting the
depth and richness of the data collected.

In order to completely understand Supplementary Fig-
ures S2 and S4, refer to Supplementary Table S1, which pro-
vides the comprehensive mapping of genotype abbreviations
to their corresponding full names, including Cre-labelling
techniques. The best performing brain region in all models
is VISpm, and the best performing genotype is Scnnla-2.

Shortlisted Model Architectures

As explained in the main section of the manuscript, we
deployed 15 model architectures for the comparisons with
the neural kernels’ data from mice visual cortex. All the
models used in our comparisons consist of transformer
encoder-decoder architecture as well as Swin (Liu et al.
2021)/ViT (Dosovitskiy et al. 2021) backbones pre-trained
on the Imagenet-21k (Deng et al. 2009) dataset. The follow-
ing is a comprehensive explanation of each model:

SAM (Kirillov et al. 2023b) SAM consists of an Im-
age Encoder from a pre-trained ViT, adapted using Mul-
tilayer Autoencoder (MAE) techniques. For prompts, po-
sitional encodings and learned embeddings are used for
sparse prompts, while convolutions are employed for
dense prompts. The Mask Decoder is a modification of a
transformer decoder block, which integrates prompt self-
attention and cross-attention mechanisms followed by an
MLP-driven output token that feeds into a dynamic linear
classifier for mask foreground probabilities. Training was
performed on SA-1B (Kirillov et al. 2023b), which contains
more than 1B masks across 11M images.

Semantic-SAM (Li et al. 2023b) The Image Encoder
consists of pre-trained Swin-T/L(Liu et al. 2021). For the
decoder, nine decoder layers are used from MaskDINO(Li
et al. 2022) for all the segmentation tasks. The pre-trained
base model in UniCL (Yang et al. 2022) is used as a lan-
guage model. Training datasets include SA-1B (Kirillov
et al. 2023b), followed by COCO (Lin et al. 2014), ADE20k
(Zhou et al. 2016), Objects365 (Shao et al. 2019), part seg-
mentation data of PASCAL part (Chen et al. 2014), PartIm-
ageNet (He et al. 2021) and PACO (Ramanathan et al. 2023)
for joint training.

MobileSAM (Zhang et al. 2023) MobileSAM architec-
ture is built using decoupled distillation where a lightweight
Image Encoder (ViT tiny) (Wu et al. 2022) is distilled di-
rectly from the heavyweight Image Encoder (ViT-H) in
SAM. It is trained on only 1% of the SA-1B (Kirillov et al.
2023b).

HQ-SAM (Ke et al. 2023) In addition to the encoder-
decoder architecture of SAM, HQ-SAM contains an HQ-
Output Token and Global-local Feature Fusion for high-
quality mask prediction. The HQ-Output Token generates
new MLP layers for performing pointwise product with
fused HQ-Features. It is trained using HQSeg-44K dataset
which comprises of DIS (Qin et al. 2022) (train set),
ThinObject-5K (Liew et al. 2021) (train set), FSS-1000 (Wei
et al. 2019), DUT-OMRON (Yang et al. 2013), ECSSD (Shi
et al. 2016), MSRA10K (Cheng et al. 2015) each one con-
sisting of an average of 7.4K mask labels.

Mask2Former (Cheng et al. 2022) The model’s set-
ting is based on the same fundamental architecture as
MaskFormer(Cheng, Schwing, and Kirillov 2021) - a Swin
backbone (Liu et al. 2021) pre-trained on ImageNet-21K
(Deng et al. 2009), pixel decoder, and a Transformer de-
coder. Mask2Former introduces a transformer decoder with
masked attention. It uses Detectron2 (Wu et al. 2019), and



Abbreviation | Full Name

Cux2_1 Cux2-CreERT2/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/wt

Rbp4_1 Rbp4-Cre_KL100/wt;Camk2a-tTA/wt;A193(TITL-GCaMP6f)/Ai93(TITL-GCaMPO6f)
Cux22 Cux2-CreERT2/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/Ai93(TITL-GCaMP6f)
Slc17a7_1 Slc17a7-IRES2-Cre/wt;Camk2a-tTA/wt; Ai93(TITL-GCaMP6f)/wt

Cux23 Cux2-CreERT2/Cux2-CreERT2;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/Ai93(TITL-GCaMP6f)
Emx1_1 Emx1-IRES-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/wt

Rorb_1 Rorb-IRES2-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/Ai193(TITL-GCaMP6f)
Fezf2 Fezf2-CreER/wt;Ai148(TIT2L-GCO6f-ICL-tTA2)/wt

Scnnla_1 Scnnla-Tg3-Cre/wt;Camk2a-tTA/wt; Ai93(TITL-GCaMP6f)/wt

Ntsrl Ntsr1-Cre_GN220/wt;Ail148(TIT2L-GC6f-ICL-tTA2)/wt

Rbp4 2 Rbp4-Cre_KL100/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/wt

Emx1.2 Emx1-IRES-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/Ai193(TITL-GCaMP6f)
Nr5al_1 Nr5al-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/A193(TITL-GCaMP6f)
Nr5al2 Nr5al-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMP6f)/wt

Rorb_2 Rorb-IRES2-Cre/wt;Camk2a-tTA/wt;Ai93(TITL-GCaMPO6f)/wt

TIx3 TIx3-Cre_PL56/wt;A1148(TIT2L-GCO6f-ICL-tTA2)/wt

Slc17a722 Slc17a7-IRES2-Cre/wt;Camk2a-tTA/wt;A194(TITL-GCaMP6s)/wt

Emx1.3 Emx1-IRES-Cre/wt;Camk2a-tTA/wt; Ai93(TITL-GCaMP6f)-hyg/wt

Scnnla 2 Scnnla-Tg3-Cre/wt;Camk2a-tTA/wt; Ai93(TITL-GCaMP6f)/Ai93(TITL-GCaMP6f)
Vip Vip-IRES-Cre/wt;Ai148(TIT2L-GC6f-ICL-tTA2)/wt

Pvalb Pvalb-IRES-Cre/wt;Ail 62(TIT2L-GC6s-ICL-tTA2)/wt

Sst Sst-IRES-Cre/wt;Ai148(TIT2L-GCO6f-ICL-tTA2)/wt

Supplementary Table S1: Mapping of Genotype abbreviations to full names with Cre-labelling techniques.

the updated Mask R-CNN (He et al. 2017a) baseline set-
tings(Wu et al. 2019) for the COCO dataset.

MaskDINO (Li et al. 2022) It builds from the fundamen-
tals of Mask2Former (Cheng et al. 2022) to construct a pixel
embedding map using the output from the backbone and
Transformer encoder layer. The pixel embedding map and
query embedding are combined via dot-product to obtain an
output mask. The baseline settings (Wu et al. 2019) for seg-
mentation tasks are the same as Mask2Former (Cheng et al.
2022), as well as the pre-trained ImageNet-21K (Deng et al.
2009) backbone.
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Supplementary Figure S1: Data statistics from Allen Brain Observatory. The left plot shows the unique number of brain regions
in the mouse visual cortex from which the neural response dataset is collected. The middle plots show the average peak time
of neural response in the individual visual cortex sub-regions. The right plots show the highest active neurons from the same

sub-regions.
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Supplementary Figure S2: Labelled neurons from each genotype. The plot represents the number of neurons that are captured
by each genotype on the x-axis. Most of these genotypes capture the excitatory neurons, whereas genotypes like Sst, Vip, and
Pvalb capture the subsets of inhibitory neurons in the brain.



DF-F Traces of: Cell ID:662224682, Experiment ID:648389302
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Supplementary Figure S3: A range of DF/F traces showcase the activation patterns of distinct neurons across multiple trials,
highlighting their individual activity profiles. The x-axis represents time in seconds, while the y-axis denotes neural amplitude.
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Supplementary Figure S4: The figure showcases the performance of various models, with each model represented in a separate
subplot. The y-axis indicates the performance metric ”’1 - RMSE”, while the x-axis enumerates the layers within each model.
The size of each scatter point corresponds to the magnitude of the layer’s parameters, with larger points indicating layers with
more parameters. Two distinct color schemes are used to differentiate between layer types: attention layers are represented by
their respective model’s unique color with a transparent fill, while the “mistyrose” color is reserved for convolutional layers.
This visualization provides insights into the distribution and performance of attention and convolutional layers across different
neural network architectures.
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Supplementary Figure S5: Extended qualitative comparison of artificial and neural kernels using multiple stimuli. Each row
showcases overlaid artificial and neural kernels on top of two distinct input stimulus images: a bird and a wolf. These are
followed by their 1D representations, with the black curve illustrating the neural kernel and the colored curves representing
randomly selected artificial kernels (e.g., 1D representations of attention maps) from the model. The final column provides a
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qualitative display of the model outputs, highlighting the segmentations for each stimulus.



