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Abstract

The mouse is one of the most studied animal models in the field of systems
neuroscience. Understanding the generalized patterns and decoding the neural
representations that are evoked by the diverse range of natural scene stimuli in the
mouse visual cortex is one of the key quests in computational vision. In recent
years, significant parallels have been drawn between the primate visual cortex
and hierarchical deep neural networks. However, their generalized efficacy in
understanding mouse vision has been limited. In this study, we investigate the
functional alignment between the mouse visual cortex and deep learning models
for object classification tasks. We first introduce a generalized representational
learning strategy that uncovers a striking resemblance between the functional
mapping of the mouse visual cortex and high-performing deep learning models
on both top-down (population-level) and bottom-up (single cell-level) scenarios.
Next, this representational similarity across the two systems is further enhanced by
the addition of Neural Response Normalization (NeuRN) layer, inspired by the
activation profile of excitatory and inhibitory neurons in the visual cortex. To test
the performance effect of NeuRN on real-world tasks, we integrate it into deep
learning models and observe significant improvements in their robustness against
data shifts in domain generalization tasks. Our work proposes a novel framework
for comparing the functional architecture of the mouse visual cortex with deep
learning models. Our findings carry broad implications for the development of
advanced Al models that draw inspiration from the mouse visual cortex, suggesting
that AT models serve as valuable tools to explore neural representations of the
visual cortex and, as a result, enhance their performance on real-world tasks.

1 Introduction

Deep learning has revolutionized machine learning, enabling breakthroughs across a range of appli-
cations, particularly in computer vision |[Krizhevsky, Sutskever, and Hinton|(2012); [Simonyan and
Zisserman (2015); He et al.|(2016); |Chollet (2017); [Vaswani et al. (2017). Deep neural networks
(DNN5s) have achieved remarkable performance in tasks such as image recognition, object detec-
tion, and semantic segmentation by learning complex, high-dimensional representations from large
datasets.

Despite these advances, a critical challenge that persists is the problem of domain shift, where models
trained on a specific source domain perform poorly when applied to unseen target domains due to
differences in data distributions |Blanchard et al.|(2021)); [Taori et al. (2020); |Ben-David et al.| (2010);
Recht et al.|(2019); Moreno-Torres et al. (2012). This limitation hinders the deployment of DNNs in
real-world scenarios, where data often vary widely and cannot be fully anticipated during training.
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Addressing domain shift requires models that can generalize across diverse environments by capturing
domain-agnostic features robust to variations in input data. Biological visual systems, particularly
the mouse visual cortex (MVC), excel at this kind of generalization, efficiently processing a wide
range of visual stimuli with remarkable adaptability. The MVC’s ability to extract invariant features
from complex visual scenes offers valuable insights for improving domain generalization in artificial
systems.

In this paper, we leverage principles from the MVC to tackle the domain shift problem in deep
learning. Inspired from the Winner-Takes-All (WTA) mechanism observed in neuronal circuits (
Igbal et al. (2025)), we applied this approach to enable NeuRN—Neural Response Normalization—a
biologically inspired technique designed to enhance both the domain generalization capabilities and
biological alignment of DNNs. NeuRN normalizes pixel-level contrastive deviations to generate
domain-agnostic feature representations, enabling generalization across varying domains. Further-
more, NeuRN increases the biological alignment between artificial neural networks and the MVC by
incorporating properties of excitatory neurons into DNNs. Our contributions are:

* Framework for Biological and Artificial Representation Comparison: We introduce a
framework for comparing neural representations from the MVC and feature representations
from DNNs, revealing a strong alignment, particularly with excitatory neurons. This
comparison is conducted at both the population level and the single-neuron level, providing
a comprehensive understanding of the similarities and differences between biological and
artificial systems. Figure 1 shows the block diagram of our comparison framework.

* Development of NeuRN: Taking inspiration from the computational principles of visual
neurons |Igbal et al. (2025), we applied it as a neuro-inspired normalization technique
(NeuRN) that enhances domain generalization by capturing domain-agnostic features. By
mimicking the response normalization property of excitatory and inhibitory neurons, NeuRN
allows DNNs to focus on intrinsic structural features rather than superficial variations,
improving their ability to generalize across different domains.

* Evaluation of NeuRN’s Impact: We evaluate NeuRN’s impact on both domain general-
ization tasks and biological alignment. Our experiments demonstrate that DNNs equipped
with NeuRN not only perform better on challenging datasets such as MNIST, SVHN, USPS,
and MNIST-M but also exhibit increased similarity to biological neural representations.
We assess this alignment with and without NeuRN, showing that NeuRN enhances the
biological plausibility of DNN representations.

By bridging the gap between biological and artificial neural systems, our work offers a novel approach
to improving the robustness and adaptability of DNNs in the face of domain shift. Our findings have
broad implications for the development of advanced Al models that draw inspiration from the visual
processing capabilities of the brain, paving the way for more biologically plausible and generalizable
artificial intelligence.

2 Related Work

Neuro-inspired models have been widely studied to solve the problem of domain generalization
(Razzaq and Igbal|(2025b), Razzaq and Igbal|(2025a)). Convolutional Neural Networks (CNNs) have
demonstrated the ability to predict neural responses in the MVC (Cadena et al. (2019b), Igbal et al.
(2019b). Comparing DNNs with biological neural responses has provided valuable insights into how
artificial systems can emulate biological visual systems |Shi et al.|(2022);/Gao, Zou, and Duan (2023);
Conwell et al.|(2021). Furthermore, studies have shown that biasing CNN models toward a biological
feature space results in more robust models|Li et al.|(2019). A significant body of work has focused on
representational similarities between feature representations in DNNs and neural activity in response
to various visual stimuli |[Yamins et al.| (2014); [Cadieu et al. (2014); |Cadena et al.| (2019a); Igbal
et al.|(2019a)); |Shi, Shea-Brown, and Buice (2019); |Conwell et al. (2021). Models such as CORnet
Kubilius et al.| (2018); [Schrimpf et al.| (2018) and frameworks like MouseNet Shi et al.|(2022) and
CVSNet|Gao, Zou, and Duan (2023) have successfully incorporated biological principles, enabling
DNNss to better mimic the efficiency and adaptability of the brain’s visual processing. For example,
Li et al.| (2019) leveraged DNNs to probe the MVC, utilizing innovative regularization techniques to
increase robustness against adversarial attacks. While these studies have been pivotal in advancing
our understanding of mammalian brain functionalities and inspiring DNNs, a common limitation is



Step 2: DNN feature activations
Feature activations are computed against each stimuli from every layer of the DNN and the
corresponding feature detectors are stored.
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Step 3: MVC feature activations
Neural representations are computed against each stimuli from neural responses captured from
different regions and neural types presented in MVC.

Figure 1: Block diagram architecture of comparison framework: image stimuli are presented to mice
and DNN models (step 1) and their corresponding feature (step 2) and neural representations (step 3)
are computed and systematically compared (step 4).

their scalability and applicability to diverse, real-world scenarios. Many proposed models, although
theoretically profound, struggle to integrate effectively into practical applications across different
domains. Building on this prior work, our framework compares MVC receptive fields (hereby referred
to as neural representations) and DNN kernels (hereby referred to as feature representations), finding
a strong similarity. This insight informs the design of NeuRN, which aligns DNN representations
with biological plausibility, enabling robust generalization across varied visual tasks.

3 Methods

3.1 Allen Brain Observatory dataset

To conduct the comparison between DNNs and MVC, we utilized the Allen Brain Observatory
open-source dataset Allen Institute for Brain Science|(2016), which consists of in-vivo Calcium
imaging data from GCaMP6-expressing neurons. These neurons were strategically selected from
specific MVC areas, cortical layers, and Cre lines labeling a variety of neuron types. We specifically
focused on the peak DF/F and time-to-peak characteristics. Furthermore, the mice in the experiment
were presented with a variety of image stimuli, encompassing a wide spectrum of naturally occurring
visual elements and environments (Supplementary Figure S1), to closely mimic the diversity of
visual inputs they might encounter in the wild. Neural activity during this image exposure was
recorded and collated, providing a rich dataset on the response patterns of mouse visual neurons to
different visual stimuli. Using these neural traces, we constructed the neural representations dataset
to serve as the foundational basis for our comparative analyses.

3.2 Neural representations dataset

Each stimulus from the Allen Brain Observatory natural scenes dataset [Allen Institute for Brain|
(2016) was resized and flattened to create a uniform representation. This process resulted in
a collection of flattened stimuli F'S = {fs1, fsa, ..., fsn}, where fs; is the flattened representation
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Root Mean Squared Error (RMSE)

Figure 2: A) RMSE score comparison of feature representations from NeuRN and non-NeuRN
DNN models with MVC neural representations. Data points below the diagonal line signify better
NeuRN models’ biological plausibility with MVC neural representations. B) RMSE scores of feature
representations’ comparisons with neural representations across neural types for 13 (non-NeuRN)
DNN models.

of the ' stimulus. For each neuron, we captured a series of trial traces in response to the stimulus
presentations, forming T = {t¢1,t,...,%,}, where each t; is a concatenated vector of trial traces
corresponding to the i" stimulus presentation. The neural representation N for each neuron was
computed as the product of the transpose of the trial trace matrix 77 and the flattened stimulus matrix
F'S, resulting in:

N=TT.FS

Each element n;; of the matrix N represents a 2D matrix that captures a detailed measure of the
neuron’s response, including both intensity and spatial distribution.

We analyzed neural responses from 1,000 neurons (500 excitatory and 500 inhibitory) selected
using Uniform Manifold Approximation and Projection (UMAP) embeddings Hastie and McMahan
(2018) to capture the high-dimensional structure of the data. The UMAP parameters were set to
n_neighbors = 15, prioritizing local structure preservation, with a ‘euclidean’ distance metric for
similarity measurement, and min_dist = 0.1 to prevent excessive clustering. Following UMAP
dimensionality reduction, we applied K-means clustering with k£ = 10 to segment the neurons into
clusters that balance granularity with over-segmentation. From each cluster, we extracted 50 central
neural representations for both excitatory and inhibitory neurons, ensuring representative samples
while avoiding outliers. This approach allowed us to obtain a diverse yet representative subset of
neurons for our analysis.

3.3 Artificial feature representations

To ensure that the DNNs have captured features from images similar to natural stimuli and are
therefore comparable with neural representations from the MVC, we pre-trained the DNNs on
ImageNet and fine-tuned them on a specifically curated subset of CIFAR-100 (please refer to the
supplementary materials for further details on DNN model training and the CIFAR-100 subset). To
extract artificial feature representations, we utilized the convolutional layer L of the DNNs, defined
by dimensions [F, C, H, W], where F signifies the number of filters, C' the number of channels, H
the height, and W the width. We considered each channel of every filter individually and reshaped it
to [F' x C, H, W], interpreting each channel of a filter as a distinct 2D feature representation.
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Figure 3: Distributional comparison of NeuRN and non-NeuRN feature representations with neural
representations is shown. KDE curves of randomly sampled excitatory and inhibitory neurons show
that NeuRN augmented feature representations are more similar to biological representations.

To select a representative sample of these feature representations for comparison with neural data,
we applied UMAP embeddings to capture the underlying structure of the high-dimensional data.
Subsequently, we performed K-means clustering (using the same parameters as for the biological
neural representations) to group similar feature representations. This approach allowed us to generate
a representative sample of 500 feature representations for each DNN, facilitating a meaningful
comparison with the neural representations.

3.4 High-level representational analysis

To compare the neural and artificial feature representations, we considered an artificial feature
representation /K1 and a biological neural representation K5, both of size m x n. We reshaped K3
and K> into 1D arrays:

K1_flat = [kl1,kla, ... kly,)

K2_flat = [le, k22, ey kan]

With K1_flat and K2_flat mapped to an mn-dimensional space, we computed the Root Mean
Squared Error (RMSE) between these vectors as a measure of dissimilarity:

mn

RMSE(K1_flat, K2_flat) = % > (k2i — k1;)? 1)

i=1

In our comparison methodology, which is essentially Representational Similarity Analysis (RSA),
we use RMSE as the distance metric. This choice aligns with approaches in previous studies, such as
those by |[Khaligh-Razavi and Kriegeskorte|(2014), where they discuss the use of Euclidean distance—
closely related to RMSE—in RSA frameworks. We employ RMSE because it provides a direct and
interpretable measure of the average magnitude of differences between corresponding elements in
high-dimensional neural and model representations. RMSE captures both the direction and magnitude
of discrepancies, making it sensitive to absolute differences in activation patterns. This sensitivity
is crucial for our analysis, as we aim to assess not just the pattern similarity but also the fidelity of
the model’s predicted neural responses to the actual biological neural data. By using RMSE, we can
quantify how closely our models replicate the neural representations, accounting for both pattern
shape and activation magnitude, thereby providing a robust metric for evaluating representational
alignment.

3.5 Single neuron-level analysis

Traditional efforts, such as those inWilliams et al. (2021);|Conwell et al. (2021), have aimed to under-
stand the representational similarity of neural manifolds by mapping them to the architectural space
of models. These approaches primarily focus on embedding high-level representations of the neural
population, often overlooking the intricacies at the single neuron level. Our work introduces a novel
depth of exploration at this granular level, providing a richer understanding of the representational
similarity between biological neural representations and artificial feature representations. In the MVC,
the neural representations are used, captured by presenting specific stimuli. Analogously, in DNNS,
feature representations act as the response to input stimuli. By comparing the feature representations

KDE (kernel density estimation)



from both NeuRN and non-NeuRN DNNs, we can contrast every neural representation in our dataset
with the feature representations from each DNN layer, ensuring a comprehensive comparison with
minimal data loss.

Our methodology offers a detailed examination of neural compatibility, going beyond the generalized
shape metrics on neural representations explored in works like [Williams et al. (2021). While linear
regression-based single neuron predictivity, as mentioned in|Conwell et al. (2021), provides insights
into neural representation correlations, our approach introduces a biophysical analysis that aligns
feature representations at both the collective population and individual neuron levels. By emphasizing
the distributional comparison of activations, we enrich traditional methodologies, extending beyond
sole reliance on RSA. For each DNN layer, we retrieve its feature representations and evaluate their
distributions using a Kernel Density Estimate (KDE). Similarly, we compute the KDE of the neural
representations. The similarity between these KDEs is determined using the Intersection over Union
(IoU) metric.

For each layer in a DNN, we extract the feature representations x of R dimensions and compute their
distributions using a KDE:

1 u?
K(u) = - 2
()= e (=55 ) @
where u is the distance from the center of the kernel, and the factor
1
3)
2ro (

ensures that the kernel integrates to 1. The kernel density estimator for feature representations, f(z),

denoted as M:
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To get the KDE for 2D neural representations (/) we repeat the same process. We calculate the
overlap between biological and artificial KDEs to quantify their similarity, where IoU is derived as:

RNN
RUN

IoU =

&)

3.6 CIFAR-100 subset: CIFAR-27

Alongside our work with mice and natural scenes, we used models pre-trained on ImageNet, a
large-scale and diverse image dataset widely used in deep learning. ImageNet pre-training enables
the model to develop a broad set of feature detectors that can be applied across various visual tasks.
We fine-tuned the models on a specifically curated subset of the CIFAR-100 dataset (Supplementary
Figure S2). The CIFAR-100 dataset is a collection of 60,000 32x32 color images in 100 classes, with
600 images per class. Our subset comprised 27 classes, all pertaining to natural scenes or organisms.
The classes included: butterfly, chimpanzee, bear, elephant, forest, fox, kangaroo, leopard, lion, lizard,
maple_tree, mountain, oak_tree, orchid, otter, palm_tree, pine_tree, plain, poppy, rose, sea, sunflower,
tiger, tulip, turtle, willow_tree, and wolf. This data set was developed to ensure proximity to natural
scenes stimuli.

3.7 Evaluation datasets

Our domain generalization study utilizes diverse datasets including MNIST, SVHN, USPS, and
MNIST-M, each presenting unique challenges |[LeCun, Cortes, and Burges| (2010); |[Netzer et al.
(2011); Hull (1994); |Ganin et al.|(2015). MNIST is a standard benchmark with 70,000 grayscale
images of handwritten digits LeCun, Cortes, and Burges (2010). SVHN, with over 600,000 images,
features house numbers in real-world scenarios, adding complexity to digit recognition tasks Netzer
et al.| (2011). USPS, comprising 9,298 16x16 grayscale images from scanned mail Hull (1994).
Finally, MNIST-M fuses MNIST digits with BSDS500’s colored backgrounds, testing models
against variations in color and texture (Ganin et al. (2015). These datasets effectively test machine
learning models’ ability to generalize from clean, handwritten digits to recognizing numbers in varied,
naturalistic settings. They serve as critical benchmarks to assess the generalization capabilities of
vision models in diverse visual environments.



4 Results & discussion

For structural clarity, we outline our analysis as follows. We first extract neural representations from
the MVC and artificial feature representations from DNNs to evaluate representational similarity.
Our analysis reveals that excitatory neurons exhibit a significantly stronger correlation with artificial
feature representations compared to inhibitory neurons. Based on these findings, we designed
NeuRN by drawing inspiration from the response normalization property of neurons. Integrating
NeuRN with DNNs led to a further increase in the similarity between artificial and biological
neural representations. To assess NeuRN’s efficacy in improving generalization, we conduct domain
generalization experiments using datasets such as MNIST, SVHN, USPS, and MNIST-M |LeCun,
Cortes, and Burges (2010); Netzer et al. (2011); [Hull (1994); |Ganin et al. (2015), which present
varying challenges in digit recognition tasks. Our results demonstrate that NeuRN not only brings
artificial feature representations closer to biological ones but also enhances DNNs’ ability to capture
domain-agnostic features, leading to improved generalization across different domains. The following
sections detail each step of our analysis.

4.1 Strong alignment between feature and neural representations

Representational analysis was performed on neural representations and feature representations from
the selected DNN models to quantify the similarity between biological and artificial responses to
stimuli. This comparison established a benchmark for how closely the artificial models could mimic
the biological neural representations. The analysis, shown in Figure[2(B), indicates that the biological
neural representations and artificial feature representations have a significant degree of similarity,
as evidenced by their RMSE scores. This result reaffirms the connection between biological and
artificial neural networks, which has been previously suggested in studies such as |[Kubilius et al.
(2018); [Shi et al.| (2022); [Kubilius et al. (2019); Jozwik et al.| (2019); [Kar et al.| (2019); Conwell
et al. (2021). We measured the similarity across all brain regions in the MVC, as well as across
different neural genotypes. Among all the brain regions studied, the anterolateral visual area (VISal)
prominently stood out for its close resemblance to DNN feature representations. This result aligns
with the findings of Conwell et al. |(Conwell et al.|(2021), which highlighted the distinct patterns in
VISal that mirrored those captured by DNNs. Moreover, excitatory neurons consistently exhibited
lower RMSE compared to inhibitory neurons (Figure [2(B)), emphasizing a stronger correlation
between the activity of excitatory neurons and DNN feature representations.

These findings suggest that DNNs are more effective at capturing the representational characteristics of
excitatory neurons in the MVC. This strong alignment supports the potential of leveraging biological
insights to inform and improve artificial neural network designs.

4.2 Neural Response Normalization (NeuRN)

Building on our observation of a strong similarity between excitatory neurons and DNN feature
representations, and after incorporating insights from Winner-Takes-All (WTA) mechanism observed
in neuronal circuits [Igbal et al. (2025), we adapted Neural Response Normalization (NeuRN), a
neuro-inspired layer that embeds the response normalization property of excitatory and inhibitory
neurons into DNNs Zayyad, Maunsell, and MacLean|(2023); |Burg et al. (2021);|Sawada and Petrov,
(2016); Das and Ray|(2021). These neurons are distinguished by their ability to encode the structure
and contrast of input images. By incorporating this biological functionality into DNNs through
NeuRN, we aim to enhance the models’ ability to replicate the natural processing capabilities of the
brain.

Given an input image denoted by I € RW*HXC where W, H, and C represent the width, height,
and channels of the image, respectively, we aim to obtain a domain-agnostic representation /, of
this image. The procedure involves extracting patches of size k from each channel in /. Assuming a
stride of 1, the total number of these patches equals the pixel count of the input. We represent the
collection of these patches as P = {pg,, Dks, - - - » Dk, }» Where py, is defined as the patch of size k
surrounding the pixel x located at coordinates (7, j) within the image. We then compute the mean
Iip, and standard deviation o, of each patch:

1 1
Hpy, = %2 Z LTijs  Opy = ®) Z (CUij - :upk)2
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Finally, we normalize the standard deviation to obtain the domain-agnostic representation:

I, = -0y, wherec=max(0o)
c

By using the standard deviation, o, , NeuRN captures the contrast of local features, leading to
representations that can generalize better across domains. Unlike Local Response Normalization
(LRN) [Krizhevsky, Sutskever, and Hinton (2012), which focuses on channel-wise activations using
ratios of activations to neighbouring sums, and Local Contrast Normalization (LCN) [Jarrett et al.
(2009), which enhances individual pixel contrast but may miss the larger structural context, NeuRN
considers spatial information of patches and maintains structural details throughout the image. This
holistic, context-aware approach accommodates both local and global patterns, making NeuRN
robust across varied visual settings. By aligning closely with neurobiological insights—specifically
how neurons in the visual cortex encode contrasting features—NeuRN provides a more biologically
plausible model for response normalization.

Table 1: The table compares the performance of image-classification DNNs across domain transfer
tasks from the source to the target (source — target) domains. The domains involved are MNIST (M),
SVHN (S), USPS (U), and MNIST-M (MM). Entries in bold indicate an enhancement in performance
due to the NeuRN adaptation, and underlined values are close-to-benchmark scores.
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VGG19+NeuRN 742 245 626 484 204 305 513 284 384 962 743 336
VGGI19 709 137 3907 662 139 199 472 325 339 943 767 225
EfficientNetB0+NeuRN | 7.6 68 182  11.6 108 108 242 149 211 93. 513 218
EfficientNetB0 86 74 184 94 80 106 346 120 186 9638 178 125
DenseNetI2[+NeuRN | 264 159  50.8 431 148 210 491 200 326 852 540 263
DenseNet121 743 117 384 395 114 209 341 221 315 966 733 213
ShuffleNet+NeuRN 70 561 711 226 362 272 321 275 289 848 76 50.4
ShuffleNet 93 190 141 449 122 130 261 3L1 197 387 32 183
Xception+NeuRN 619 209 597 413 159 258 488 164 377 957 318 331
Xception 624 194 560 209 119 211 427 142 342 979 778 256
NASNetMobile+NeuRN | 454 211 475 255 104 169 476 165 351 956 583  3L1
NASNetMobile 330 127 360 248 100 214 460 238 326 900 637 203
ResNet50v2+NeuRN 314 231 596 284 141 207 505 188 357 964 557 313
ResNet50v2 787 216 578 1l1 86 105 480 156 337 972 78.1 17.2
Tnceptionv3+NeuRN 526 226 622 508 144 313 479 197 376 961 755 340
Inceptionv3 698 164 578 342 89 249 535 280 390 972 820 150
MobileNetv2+NeuRN | 209 163 450 342 106 175 489 150 362 9.2 885 339
MobileNetv2 88 161 459 326 93 178 459 177 308 942 449 208
VIT+NeuRN 619 162 447 366 141 253 332 255 265 878 389 235
ViT 69.4 131 328 262 94 156 452 365 306 955 644 218

4.3 NeuRN improves feature and neural representational alignment in DNNs

Our results show that after incorporating NeuRN into the models and subjecting them to the same
training regimen (pretrained on ImageNet and fine-tuned on a subset of CIFAR-100), models with
NeuRN achieved lower RMSE scores compared to those without NeuRN. This demonstrates NeuRN’s
effectiveness in enhancing the models’ ability to mimic biological neural representations. As shown
in Figure [2(A), all genotypes, except for Fezf2, exhibited lower RMSE scores in NeuRN mod-
els compared to their non-NeuRN counterparts. This suggests that NeuRN’s normalization effect
improves representational similarity and, consequently, biological plausibility among DNN archi-
tectures. Furthermore, we observe that feature representations of models correspond more closely
with excitatory neural representations, characterized by genotypes such as Rbp4, Emx1, and Scnnla,
than with inhibitory neural representations, associated with genotypes like Sst and Vip. However, the
differences are insignificant. Such findings align with existing biological literature, which emphasizes
the pivotal role of these biological neurons in information processing and signal transmission within
neural circuits Markram et al. (2004). The adaptation of NeuRN further accentuates this correlation.
These results underscore the potential of NeuRN in bridging the gap between artificial and biological
neural representations, enhancing the biological plausibility of DNNs, and potentially leading to
models that more accurately reflect neural processing in the brain.



4.4 NeuRN improves feature and neural representational alignment at single neuron-level

Our experiments demonstrate that NeuRN-activated feature representations exhibit a higher average
activation mean compared to those without NeuRN. This increase in activation levels makes the
model’s neurons more comparable to excitatory neurons in the biological brain, known for their
significant role in signal transmission and higher firing rates. As shown in Figure [3, there is
substantial overlap between the activation profiles (measured using KDE) of excitatory genotypes
and brain regions and those of NeuRN feature representations, indicating a close alignment with the
distribution of biological neural responses. This similarity reflects not just activation patterns but also
key statistical properties like mean activation levels and variability, which are crucial for accurate
information processing in neural networks.

These findings align with our high-level representational analysis, reinforcing NeuRN’s consistent
impact across different analysis levels. By enhancing activation levels in DNNs to match those of
excitatory neurons, NeuRN improves the models’ ability to emulate the functional characteristics of
biological neural networks. Thus, incorporating NeuRN increases the biological plausibility of DNN
feature representations, particularly among excitatory neurons. This enhanced alignment suggests
that NeuRN enables DNNs to better capture the intrinsic properties of biological neurons, leading
to models that are more robust in domain generalization tasks and more reflective of actual neural
processing in the brain.

4.5 NeuRN-derived performance boost for domain generalization in DNNs

Using the digit datasets MNIST, SVHN, USPS, and MNIST-M, we test NeuRN’s domain-agnostic
feature encoding capabilities and evaluate its impact on domain generalization. These datasets
present unique challenges due to variations in image quality, style, and background noise, making
them suitable for testing domain generalization capabilities. Our results, summarized in Table
1, show that DNNs fine-tuned on a single source domain and tested on various target domains
exhibited significant improvement in cross-domain evaluation when equipped with NeuRN. This
improvement is particularly evident in transitions from MNIST-M to SVHN, MNIST to SVHN,
MNIST to MNIST-M, and USPS to SVHN, highlighting NeuRN’s strong domain bridging capability.
The significance of these results lies in NeuRN’s ability to enhance the robustness of DNNs against
domain shifts, a critical challenge in deploying machine learning models in real-world scenarios where
data distributions often differ from training conditions. By normalizing input data in a biologically
inspired manner, NeuRN enables models to focus on intrinsic structural features rather than superficial
variations, leading to improved generalization across diverse datasets.

5 Conclusion

This work presents a comprehensive framework for comparing biological neural representations from
the mouse visual cortex with artificial feature representations from deep neural networks, enabling
analysis at both population and single-neuron levels across different brain regions and genotypes.
Our framework reveals strong representational similarities between excitatory neurons in the MVC
and DNN feature maps, providing new insights into the computational principles shared between
biological and artificial visual systems.

Building on these findings, we implemented Neural Response Normalization (NeuRN), a biologically-
inspired technique that captures the response normalization properties of visual cortex neurons.
NeuRN enhances both the biological alignment of artificial networks and their domain generalization
capabilities. Through extensive evaluation on multiple datasets including MNIST, SVHN, USPS,
and MNIST-M, we demonstrate that NeuRN-equipped models achieve significant improvements in
cross-domain performance while exhibiting closer correspondence to biological neural responses.
The dual benefit of enhanced biological plausibility and improved practical performance positions
NeuRN as a valuable contribution to neuro-inspired machine learning. Our approach successfully
bridges neuroscience and artificial intelligence, demonstrating that biologically-motivated design
principles can yield both scientific insights and practical advances. The framework’s modularity
allows for application to diverse neural populations and extension to other sensory modalities.

Future work will test NeuRN on broader visual tasks like segmentation, detection, and view synthesis,
advancing biologically inspired methods for more robust and interpretable Al.
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