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Abstract

Deep convolutional neural networks have emerged as convincing models of the visual
cortex, demonstrating remarkable ability to predict neural activity. However, the specific
combination of factors that optimally align these models with biological vision remains
an open question. Network architecture, training objectives, and the statistics of training
data all likely play a role, but their relative contributions and interactions are not fully
understood.

In this study, we focus on the role of training data in shaping the representations
learned by deep networks. We investigate how the degree of ‘realism’ in the training data
affects the similarity between network activations and neural recordings from mouse visual
cortex. We hypothesised that training on more naturalistic stimuli would lead to greater
brain-model similarity, as the visual system has evolved to process the statistics of the
natural world. We leveraged the Unity video-game engine to generate custom training
datasets with the ability to control for three distinct factors: the realism of the virtual
environment, the motion statistics of the simulated agent, and the optics of the modelled
eye. Deep networks were trained on datasets generated from all eight permutations of
these three experiment variables using a self-supervised learning approach. The trained
models were subsequently compared to mouse neural data from the Allen Institute using
representational similarity analysis.

Our results reveal that the realism of the virtual environment has a substantial and
consistent effect on brain-model similarity. Networks trained on the more realistic meadow-
environment exhibited significantly higher similarity to mouse visual cortex across multiple
areas. In contrast, the effects of motion statistics and visual optics were more subtle
and area-specific. Furthermore, all possible interactions between these three factors were
statistically significant, suggesting complex nonlinear relationships.
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Chapter 1

Introduction

The human brain is a marvel of systems design — a complex network of billions of neurons
and trillions of connections that allow us to perceive the world. Scientists have long been
fascinated and perplexed by the mechanisms underlying our perception and its computa-
tional underpinnings. Yet it remains one of the most poorly understood systems. Of the
brain’s many functions, vision is one of the most crucial and impressive. In a fraction of a
second, our brains take in visual information from our eyes and process it to recognize ob-
jects, detect motion, discern colour, and construct a coherent picture of the world around
us. In this work, we contribute to the large body of impressive neuroscience and computer
vision research that aims to elucidate vision.

This thesis is structured into four chapters. Chapter 1 provides a high-level intro-
duction, offering context and outlining the structure of the work. Chapter 2 covers the
requisite technical background, including related prior research and the foundational work
upon which this thesis builds. Chapter 3 presents a detailed methodology useful for repli-
cating this work. Chapter 4 presents the results and outcomes. Chapter 5 is a discussion
of the results, limitations, and directions for future work.

1.1 Neuroscience and Computer Vision

In the past few decades, there have been many parallel developments which have bolstered
our understanding of visual processing in the brain. Beginning in 2012, the first compu-
tational models of visual processing approaching human-level performance were developed
[ , |. Since then, the field of computer vision and deep learning has



made great strides in developing models that can process visual information — often with
human-like or even superhuman ability. In parallel, neuroscientists have made strides in
measurement techniques and experiments on biological neural networks. The number of
neurons that scientists have managed to record simultaneously has approximately doubled
every seven years, reflecting a trend similar to Moore’s Law | , ].
This has led to an explosion of data, enabling researchers to directly measure and map the
activity of neurons in the visual system.

These two fields — neuroscience and computer vision — have begun to converge in fas-
cinating ways. On one hand, our growing understanding of the brain’s visual system has
inspired new approaches in Al, leading to artificial neural networks whose structure and
function are loosely modelled on biological vision. On the other hand, computational
models have become powerful tools for modelling and predicting the brain’s responses to
visual stimuli. By comparing patterns of activity in Artificial Neural Networks (ANNs) to
those measured in animal brains, neuroscientists can gain insight into the computational
principles and mechanisms underlying vision.

This thesis explores the intersection of neuroscience and Al in the context of mice and
their visual processing. It aims to increase our understanding of what makes artificial
neural networks more or less ”brain-like” in their function. This work investigates how the
choice of training data — the set of images or videos used to ”teach” a neural network —
affects its ability to predict neural responses in mouse visual cortex.

1.2 Mice as a model organism

Mice offer several advantages as a model organism for vision research: they are relatively
inexpensive to house and care for, they reproduce and mature quickly, and scientists have
developed sophisticated tools for measuring and manipulating neural activity |

, |. In short, it is relatively easy to collect data on mice. By studying mice,
we can gain insights about visual processing generally, and perhaps these could lead to
insights that apply to other mammals including humans.



1.3 Experiment Overview
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Figure 1.1: A high-level overview of the experimental setup. Training data was recorded
from the Unity Video Game Engine in accordance with the desired motion model. The
training data was used to train MouseNet models using dense predictive coding, a con-
trastive learning algorithm. Afterwards, video clips and neural recordings, courtesy of the
Allen Institute, were used to compare the representations between trained MouseNet mod-
els and mouse visual cortex using representation similarity analysis.

We used the Unity video-game engine [Singh and Kaur, 2022] to generate custom training
datasets with varying degrees of naturalism. Some featured a realistic ‘'meadow’ environ-
ment, while others used a simplistic ‘spaceship’ environment with sharp geometric features.
We also varied the motion of the virtual camera used to record the videos, making it more
or less similar to the way a mouse moves. Finally, we experimented with two different
models of the mouse’s eye optics reflecting our best attempt at replicating mouse visual
optics against a simple baseline.

We used artificial neural networks with a structure inspired by the mouse visual system
called MouseNet [Shi et al.; 2022]. These networks were trained using a learning algorithm
called Dense Predictive Coding (DPC) [Han et al., 2019], an algorithm with parallels
to known biological learning mechanisms [Price and Gavornik, 2022]. A more extensive
overview of the training regime is provided in Section 2.2.2. Essentially, the networks
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learned to predict future frames in video sequences, forcing them to learn useful visual
representations.

After training MouseNet networks on these different datasets, we compared the patterns
of activity in the networks to those previously measured in the mouse visual cortex using
two-photon calcium imaging data from the Allen Institute [ |. We found
that using the more realistic meadow environment consistently led to neural networks
whose activity was more similar to real mouse brains. The effects of camera motion and
eye optic variables were more subtle and depended on the specific area of the visual cortex
under question.



Chapter 2

Background

2.1 Prior Work Modelling Visual Cortex

Understanding how the brain processes visual information is a fundamental goal of neuro-
science. One approach to this problem is to compare the representations learned by ANNs
to those measured in biological neural networks given a common input. By training and
identifying ANNs that best explain the brain’s representations, we hope to gain insights
into the computational principles that underlie biological vision. Furthermore, these bi-
ologically similar ANNs can serve as powerful models for understanding and predicting
neural responses in the visual system. This line of study, the modelling of biological neural
networks using deep networks, is a large and interdisciplinary field with many analytical
lenses. This section contains a non-exhaustive review of past and concurrent work most
closely related to this study, with a focus on computer vision and mouse visual cortex. We
provide an overview of the key ANN architectures, techniques, and datasets used in the
comparative study of ANNs and biological vision.

2.1.1 Neural Network Architectures

The architecture of an ANN plays a crucial role in determining its performance and internal
representations. In the context of modelling visual cortex, the choice of architecture is
often guided by the performance of classical computer vision tasks (such as classification
accuracy), heuristic based (‘visual cortex is wider than it is deep’), or more precise designs
based on anatomical and physiological constraints.



Seminal work by [ | explored a broad space of Convolutional Neural
Network (CNN) architectures, concluding that performance on image classification was
correlated with how predictive the CNN’s representations were of primate areas V4 and
inferior temporal (IT) cortex. Thus, the classical CNNs designed for image classification
remain popular both as models and as baselines. AlexNet | ) |, was
the first of these high performance models and is a popular choice for models of primate
visual cortex | , , , , ,

, , ]. In [2023], the authors used a Residual
Model (ResNet) [ ] for introducing their Topographic Deep Artificial Neural
Network (TDANN) training regime. textcolorblackResNets introduced the skip-connection
novelty, where some feedforward connections would skip a set of intermediary layers to
allow for better synthesis of upstream and downstream representations. Follow-up work

by [ | also leverages a ResNet to build a model of ventral, dorsal, and parietal
processing streams using human FMRI responses. [ ] leverage a network
called 'VGG’ [ | when investigating whether perirhinal cortex,

a region in the medial temporal lobe, is involved in perception as well as memory.

[ | also leverage the VGG architecture in their investigation of specialization,
comparing object vs facial detection. VGG models are a simplification of the CNN concept,
composed of only simple convolutional layers and normalization layers. However, these
models were originally designed and refined to achieve high classification accuracy without
much consideration for biological parallels or modelling.

Concurrent work by [ | challenged the notion of using such deep
and high-resolution architectures for modelling visual cortex, especially in the context of
rodent vision. Rodent visual acuity is low, and its visual cortex is much more ‘shallow’ and
‘broad’ compared to the classical ‘deep’ and ‘narrow’ CNNs. They perform experiments
across three classes of networks: “deep”, “normal”, and “shallow”. They note that more
shallow models could be key to building more general-purpose models of vision.

Researchers have also begun to experiment with the number of parallel pathways, or
streams, in their models. The idea is to mimic the various parallel streams and functional
specializations observed in visual cortex. In [ ], the authors used a
two-stream CNN architecture and showed that specialization similiar to the dorsal and
ventral pathways of mouse visual cortex can emerge from self-supervised learning.

[ ] explored three variants, a single-stream pathway, a dual-stream pathway,
and a six-stream pathway to model mouse visual cortex, but their results did not show
significant variance between these conditions. | , | showed the emergence
of functionally different streams with just a single pathway with their TDANN training
regime, which explicitly induced local correlations across spatial indices.



Other studies have used architectures that are more directly constrained by biological

data. For example, MouseNet [ , |, which we discuss in greater depth below
(Section 2.2.1), has an architecture that is based on neuron counts and connectivity pat-
terns measured in the mouse visual system. In [ |, the author defines a procedure

for generating CNN architectures based on neural tract data and electrophysiology studies.

2.1.2 Loss Function

One of the key choices in the design of a deep learning algorithm is the choice of loss
function, which is core to defining the task that a model is learning and optimizing against.
This has proven a fruitful area of experimentation for researchers looking to model visual
cortex.

The most common loss function is the cross-entropy loss typically used for an image
classification task. Before self-supervised learning became well-established in the broader
deep learning literature, image classification was the dominant training task |

, ]. The most common approach is to train models using the
ImageNet dataset | , | on image classification, such as in
[2023], [2021], [2021], and [2022]. However,
supervised objectives with predefined labels are uncommon in nature. Biological neural
networks likely developed without the presence of external labels, instead relying on self-
supervised or unsupervised learning mechanisms.

Another approach quickly gaining popularity is self-supervised training. Here, the net-
work is trained to minimize a distance metric between representations of semantically
similar inputs (positive pairs) and maximize the distance between representations of dis-
similar inputs (negative pairs). Positive and negative pairs are not explicitly labelled but
are instead derived. For example, an image might retain its semantic content under some
distortion function. Thus, an image and its distortion would be automatically set as posi-
tive samples, in contrast to another image and its distortions. Such a learning rule, whereby
an animal must retain semantic continuity of its percepts, would be more readily available
compared to a supervised learning rule, where labelled data explaining a concept would
be sparse. This advantage of self-supervised learning was exemplified in
[ ], where the authors showed that self-supervision could be used to model the dorsal
stream in mouse cortex, thought to represent visual motion, but not using a supervised
approach. In [ ], the authors used a contrastive loss (Dense Predic-
tive Coding, elaborated further below in Section 2.2.2) to train their two-stream network,
where positive pairs were spatial and temporal indices of the next video sequence and



negative pairs were indices from a random other frame. [ ] did extensive
experiments contrasting self-supervised methods with supervised classification, showing
that self-supervised methods are key to building general-purpose models of mouse visual
cortex.

There is an array of alternative approaches to defining a loss function, or task, in an
attempt to replicate properties of visual cortex. In [ ], the authors define
a loss function which explicitly encourages the representations to be spatially correlated, as
it is in cortical sheets. [ ] propose an approach involving variational auto-
encoders and a Bayesian Evidence Lower Bound (ELBO) loss as an alternative to TDANN.

[ | similarly try to induce spatial correlations by explicitly minimizing a
'wiring cost function’ which aims to capture the distance of neurons across both breadth
and depth of the model.

2.1.3 Training Data

The choice of training data significantly influences the internal representations learned by
ANNs. We use the term training data in contrast to analysis data to disambiguate between
the data that is used to change model weights with the data used to elicit responses for
comparisons to biological neural networks.

One of the most widely used training datasets is ImageNet | , |, a large
image dataset containing over 14 million images across 1,000 object categories. Many
studies have used ImageNet for training models, especially as it relates to comparisons
with brain areas associated with object recognition | , , ,

, , , , , , |. Other popular
image datasets similarly derive from the object recognition literature, such as CIFAR-10
[ | and EcoSet | : .

In addition to static image datasets, researchers have also explored the use of video
datasets to capture the temporal dynamics of visual processing. This has been especially
useful in the context of self-supervised learning | , , ,

, , ]. For instance, [ | used the UCF-101 dataset
[ : |, which consists of videos of human actions, as a part of DPC training.
The temporal information in videos provides richer cues and are more aligned with the
dynamic nature of visual perception in biological systems. Video datasets also provide
opportunities for diverse training regimes, opening the door to more general visual systems
beyond object recognition.



After training, ANN weights are typically frozen and used in inference mode. They
are presented with common inputs also shown to their biological counterpart to which
they are being compared. These datasets, referred to here as analysis datasets, are core
to this line of work and have fortunately grown in quality and quantity in recent years.
The Natural Scene Dataset (NSD) | , | is a large-scale dataset of human
visual cortex using high-resolution functional magnetic resonance imaging (fMRI) data.
The dataset includes responses from eight participants who viewed a set of over 70,000
natural scene images. Studies such as [2023] and [2022] have
utilized the NSD to develop and evaluate models of visual representation.

[ ] introduced a dataset of multielectrode recordings from macaque V4 and IT cortex.
For mouse visual cortex, the Allen Institute’s 2-photon calcium imaging dataset |

, ], used extensively in this work, provides neural recordings from the mouse visual
cortex in response to natural movies, natural images, static gratings, and white noise.

2.2 Approach in this Study

2.2.1 CNN Backbone: MouseNet

MouseNet | ) ] is a CNN architecture designed to model the mouse visual
cortex. The architecture is based on anatomical and physiological data from the mouse
visual system, including neuron counts, layer thickness, and connectivity patterns. No-
tably, MouseNet is a wider, more shallow, and more densely connected model compared
to classical CNNs (Figure 2.1). MouseNet kernel sizes and channel counts are also much
larger than typical CNNs, as determined by anatomical data. MouseNet only processes
images of size 64x64-pixels which corresponds to the resolution of the training data in this
study. The network consists of eight core "areas”, corresponding to mouse-visual areas
LGN, VISp (V1), VIS], VISrl, VISal, VISli, VISpl, and VISpor. With the exception of
LGN, each area is divided into cortical layers corresponding to layers L2/3, L4, and L5
(Figure 2.1).

One of the key distinguishing features of MouseNet is its use of anatomically-derived
hyper-parameters. For example, the number of channels in each convolutional layer is
determined by the estimated neuron counts measured in the corresponding mouse visual
areas. Similarly, the kernel sizes and strides are chosen to match the spatial distribution
of inputs to neurons in each corresponding area. Among CNNs, MouseNet is the closest
architectural approximation of mouse visual cortex.



To evaluate MouseNet, [ | trained the network on image classification and
found that MouseNet achieved 90% accuracy on CIFAR-10 classification and 37% accuracy
on downsampled (64x64-pixel) Imagenet classification, while maintaining its biologically
inspired architecture. For reference, CIFAR-10 classification accuracy can be close to 99%
but typically with one or two orders of magnitude more parameters than MouseNet’s
relatively efficient 2.1 million parameters [ , ]. These
numbers showed that the explicitly biological design of MouseNet does not preclude the
functional performance which motivates the use of other CNNs. Similar to this study,

[ | analysed the learned representations in each layer of MouseNet and compared
them to neural recordings from the corresponding mouse visual areas. The results showed
that MouseNet is a promising step in building representations similar to those found in
the mouse visual cortex. The comparable classification accuracy of MouseNet to other
commonly used CNNs, along with it being the only CNN explicitly designed to model
mouse visual cortex, led to its selection as the backbone architecture for this study.

2.2.2 Training Regime: Dense Predictive Coding

The MouseNet models are trained through DPC | : |. DPC is a variant of
Contrastive Predictive Coding (CPC) | , ] for video data. These algorithms
are self-supervised, meaning they do not use explicitly provided labels to learn represen-
tations. CPC algorithms typically learn representations by contrasting positive samples
drawn from one distribution against negative samples from another distribution. With
DPC, the key idea is to learn latent representations which can be used to correctly clas-
sify the next frame (positive sample) in a video sequence against another random frame
(negative sample). The intuition is that if the model can identify the correct next frame
amongst a set of other frames, then it must have learned a useful semantic representation,
both spatially and temporally. The DPC learning algorithm retains the spatial dimensions
throughout and requires classification of the correct spatial index as well as the temporal
one.

More formally, in DPC an input video dataset is divided into several non-overlapping
"clips” x1,x9,...,T,, each containing five frames. Then five consecutive sequences of clips
are used as input to predict the embedding for the next three consecutive video clips (see
Figure 2.2). This process involves a non-linear encoder function f(.) which transforms each
video clip z; into a latent representation z;. In this study, MouseNet serves as f(.). Then,
an aggregation function ¢(.) — a convolutional gated recurrent unit | , ]
— temporally combines ¢ consecutive latent representations into a context representation
¢

10



z = f(x)

¢ =g(z1,22,...,2)

Here, z; has dimensions RF*#*W*C a5 number of frames per clip, height, width, and
channels respectively. Similarly, z is a feature map with dimensions R"># *W'*D Tn this
work, D is the total number of L5 output channels in Mousenet. The underlying idea of
the predictive task is that if future representations can be generated from c¢;, then ¢; and
the latent representations z1, 29, ..., z; must capture relevant semantics of the input video.
For instance, if a model can see a tree moving right across its field of view through time
and can correctly classify seeing a tree further right in its field of view in the future, then it
has likely developed a good representation of its environment and relative motion. Next, a
predictive function ¢(.) is introduced to forecast the future. Specifically, ¢(.) — a two-layer
fully-connected network — takes the context representation c¢; as input and predicts the
next clip representation Z;,; :

ét-l—l = ¢(Ct> = ¢(9<Z1, Y 7215))

Zipo = P(crr1) = O(9(21, 22, - -+, 21, Ze41))

Here, ¢; denotes the context representation from time step 1 to ¢, and Z;,; represents
the predicted latent representation for sequence at the time step x;.1. At each time step ¢,
the model uses the previously generated embedding Z; ; as input for generating the next
embedding Z;, enforcing the prediction to depend on all prior observations and predictions.

In DPC, the model classifies one real sample among many noise or negative samples.
Here, the loss used for the predictive task encourages the predicted representation Z to be
close to the ground truth z, analogous to a Noise Contrastive Estimation (NCE) loss |

Y ]

In the forward pass, both the ground truth z and the predicted Z representations are
computed. For the ¢-th time step, the loss looks at representations z; and 2, (24, 2% €
R XW'xD ), preserving spatial information. The feature vector at each spatial location of
the feature map is denoted as z;, € RP” and Zik € R?, where 7 is the temporal index and
k is the spatial index k € {(1,1),(1,2),...,(H,W)}. The similarity of the predicted and
ground-truth positive pair is computed using the dot product élT w - Zim- The objective is
to optimize:

11



eXp(éi—rk “Zik)
L=— log v
z‘z,k: [ (Zj,m exp(Z)y - zjm)

This is a cross-entropy loss that distinguishes the positive pair from all other negative
pairs. For a predicted feature vector Z;j, the only positive pair is (2, 2;x), i.e., the pre-
dicted and ground-truth features at the same time step and spatial location. All other pairs
(Zi ks 2j,m) Where (i, k) # (j,m) are negative pairs. The loss encourages higher similarity
for the positive pair compared to any negative pairs. Training the network with a larger
batch size increases the number of negative pairs.

The use of DPC for training MouseNet is motivated by several factors. Self-supervised
learning techniques have been shown to learn useful and transferable representations with-
out the need for explicit labels, making them appropriate for modelling the unsupervised
nature of learning in biological systems | , , , |. Further-
more, there are intriguing parallels between CPC and predictive coding, a phenomenon
observed where the brain actively predicts future sensory inputs based on past experiences
and current context, in biological cortex | : ].

2.2.3 Training Data: Unity Environment Recordings

One of the core contributions in this work is the introduction of a custom-built Unity envi-
ronment [ | to generate varying degrees of “realistic” or ethologically
relevant training data. Unity is a popular game development engine that has recently
gained traction in the machine learning community as a platform for creating virtual en-
vironments used in the training and testing of Al agents [ ],

[ ]. The aim is to quantify which factors of training data are the most relevant
to training models of mouse visual cortex.

Unity offers several advantages over other virtual environment platforms, such as Mu-
JoCo, Unreal Engine, OpenAl Gym, and Meta’s Habitat. Unity provides high-quality 3D
graphics. With the exception of Unreal Engine, most virtual environments used in the ma-
chine learning community are focused on reinforcement learning, as opposed to building
high-quality visuals. The Unreal Engine is most similar to Unity, but at the commence-
ment of this work lacked the depth of run-time integrations with other machine learning
software. Thus, Unity stands out for this work and allows the design of complex and re-
alistic virtual worlds that can interface with the rest of our Python-based programming
environment.

12



To set up our Unity environment, we first define the virtual world’s layout, including the
geometry of the ground, the placement of objects, and lighting conditions. Unity provides
a convenient “High Definition Render Pipeline” (HDRP) to build and package high-quality
elements together. We then specify the physical properties of the objects, such as their
mass, friction, and colliders, to ensure realistic interactions within the environment. Next,
we implement the desired behaviours and dynamics of the scene using Unity’s API, which
is implemented in the C# programming language. This allows for programmatic control
over the environment’s elements, such as the swaying of grass and leaves, the generation
of visual effects, and driving the ‘mouse’ agent within the virtual environment.

For integrating the Unity environment with our python-based pipeline, we utilise the
Unity ML-Agents toolkit. The ML-Agents toolkit provides a flexible API for the two-way
flow of data between Python and Unity’s event loop [ ]. Our python-based
motion model was used to feed movement commands into the Unity engine to drive the
movement of the mouse-agent within the virtual environment.

By leveraging the powerful features of Unity, its HDRP, and the ML-Agents toolkit,
we are able to create a highly customized virtual environment that can generate a wide
variety of video data for training. This flexibility allows us to control the various factors
of visual statistics that are explored in the following sections.

2.2.4 Quantifying Similarity

This work leverages Representation Similarity Analysis [ ) ] (RSA)
as the primary similarity metric and evaluation criteria. RSA is a useful analysis technique
as it allows the comparison of representations in fundamentally different spaces provided
a common set of inputs. Here, natural movies from the Allen Brain Observatory Open
2-photon Calcium Imaging Dataset | , | serve as the common input for
comparing representations in biological mouse-cortex with the trained models.

RSA is a two-step process. First, a common set of inputs is passed through two different
networks, in this case, one of them biological: visual input shown to mice in the Allen
Institute experiments; the other artificial: data passed through MouseNet models trained
on custom videos via DPC. For each network, the pairwise Pearson correlation of the inputs
is calculated, resulting in a symmetrical Similarity Matrix (SM) with a diagonal of ones.
The bottom triangle of these SM matrices, excluding the diagonal, is then compared using
a Kendall Tau rank correlation to yield a Similarity of Similarity Matrix (SSM).
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2.2.5 Allen Institute Calcium Imaging Dataset

We use the open 2-photon calcium imaging dataset from the Allen Brain Observatory.
This dataset contains neural recordings from mice who were presented with various visual
stimuli. We use data corresponding to presentations of 30 seconds of natural movies (from
the 1958 film "Touch of Evil’), with a frame rate of 30Hz. For each of these frames, the
Allen Institute provides pre-processed ’event data’, corresponding to normalized neural
activations | : ].
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Figure 2.1: Adapted from Shi et al. [2022], showing the schematic diagram of MouseNet
layers and connections. MouseNet is wider, has larger kernels, and is more interconnected
than typical CNN architectures. This makes MouseNet structurally more similiar to mouse
visual-cortex. Each area, with the exception of LGN, is divided into Layers 1.2/3, 14,
and L5. MouseNet features are drawn from all L5 regions, rather than from the most
downstream layer as is most common with CNNs.
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Figure 2.2: Adapted from [Han et al. [2019], showing an overview of DPC training. Video
clips (x;) are sequentially passed through a backbone neural network (f), before its outputs
(z) are fed into an autoregressive model (g). The outputs (¢;) of this autoregressive model
are used to generate a prediction for the next feature vector (Z,11). The model must then
classify the correct spatial and temporal indices against all other options in the batch.
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Chapter 3

Methods

In this work, we aim to investigate the role of visual statistics in mouse visual processing.
Our method follows three primary phases: 1) building a virtual environment within the
Unity video game engine, 2) driving the movement of an embodied mouse-agent within the
Unity environment, and 3) recording training videos from the perspective of the agent. The
output video footage is subsequently used to train an artificial neural network (MouseNet)
via a self-supervised contrastive learning algorithm (DPC). The resulting trained neural
networks are then analysed using Representational Similarity Analysis (RSA), comparing
them against mouse visual cortex. Eight sets of videos are recorded for all the permutations
of our three experimental variables, videos with: ’realistic movement’, 'realistic environ-
ment’, and ’realistic vision’ (Table 3.1). Here 'realistic’ is used as an adjective to denote
our best attempt at modelling ethologically relevant features compared to a trivial and
simplistic 'non-realistic’ alternative condition, outlined below. This work aims to establish
which elements of visual statistics are key components of mouse visual processing.

The following sections break down the methodology of the various stages of this work
(Figure 1.1), looking at the Unity video game engine itself, the movement modelling that
drives the embodied agent, the subsequent self-supervised training of MouseNet models,
and lastly the RSA analysis.

3.1 Unity Environment

The Unity Engine lies at the centre of the custom datasets we developed. Unity is a
video game engine used to render 2D, 3D, Augmented Reality (AR), and Virtual Reality
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(VR) environments. In this study, the Unity Engine was used to model a 3D rendering
of a grassy meadow, an environment deemed typical and natural to the one in which field
mice likely developed. The environment was modelled to contain features such as swaying
grass, rocks, dirt paths, trees, apples, cliffs, and clouds. We leveraged Unity Engine’s
High Definition Render Pipeline to ensure the best quality of visuals. A “mouse” agent
(henceforth referred to as ‘agent’) was placed within this environment and its “vision” was
recorded from two cameras. Owing to computation constraints, despite recording both
cameras only the output from the right one was used in training for this work.

T AR

b

Figure 3.1: A screenshot of the meadow environment from within the Unity Editor. Note,
this is not a sample of any of the recordings/training data.

In this work, we toggle three experimental variables which alter the final video outputs
resulting in eight different video datasets. These are 'realistic vision’, 'realistic movement’,
and ’realistic environment’. For each of the eight conditions, two hours of video were
recorded at a 50Hz frame rate. Figure 3.2 show samples from the training data.
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(a) Meadow Environment, Mouse Op- (b) Meadow Environment, pinhole
tics camera

(c) Spaceship environment, mouse op- (d) Spaceship environment, pinhole
tics camera

Figure 3.2: Screenshots from the training data. These show the meadow environment vs
and spaceship environment through both the modelled mouse optics and default pinhole
camera.
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Dataset | Realistic Environment | Realistic Vision | Realistic Motion
/// No No No
/M No No Yes
J/M/ No Yes No
E// Yes No No
E/M Yes No Yes
EV/ No Yes Yes
EV/ Yes Yes No
EVM Yes Yes Yes

Table 3.1: Dataset nomenclature definition. There are three experiment variables leading
to eight permutations of training datasets. A / represents an absense of the equivalent
'realistic’ condition. Thus, /// represents training data recorded from the spaceship envi-
ronment, using the pinhold camera, and driven by non-realistic motion. Conversely, £V M
represents recordings from the meadown environment, using a camera parameterized by
mouse-optics, and driven by the VARMA motion model
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3.1.1 Realistic Movement

It is reasonable to expect that the specific motion a mouse typically undertakes is an
important factor in the development and specialisation of mouse visual processing. To
validate this hypothesis, we drove the agent with two distinct types of inputs. First,
with data generated from a time series model of mouse movement, representing 'realistic’
mouse motion. Second, by directing the agent to drive in a perfectly straight line and
occasionally turning left or right, representing 'non-realistic’ mouse motion. The details of
the time series model and its training are outlined in Section 3.2.

Top down trajectory of 'Realistic’ Motion Top down trajectory of 'Unrealistic’ Motion

Pasition Z
Pasition Z

Position X Pasition X

Figure 3.3: Comparison of realistic motion (left) with non-realistic motion (right) from a
bird’s eyed view.

3.1.2 Realistic Vision

The Unity Engine provides the ability to customise the optical properties of each camera
that is capturing video output. As mentioned, two cameras are virtually mounted on the
agent. The cameras have horizontal viewing angles of 135 degrees, are separated lcm
apart and oriented 100 degrees away from one another, as in the eyes of a field mouse
[ , |. To toggle realism in the vision of the agent, we used two sets of
optical settings. 'Non-realistic’ vision was set to be the default pinhole camera provided by
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Unity Engine. 'Realistic vision” was determined by setting the focal length at 2.6mm and
a numerical aperture (NA) of 0.49 [Geng et al; 2011]. This means objects 10-15cm away
from the agent are in focus, consistent with the near-sightedness of mice. Additionally,
the red and green colour channels are averaged together, while the blue channel remains
unchanged [Ali and Klyne, 1985].

3.1.3 Realistic Environment

It was also hypothesised that the specific environment mouse vision developed within likely
has a large effect on its processing. To test this, a 'non-realistic’ environment was gener-
ated within the Unity Engine. This second, non-realistic environment was modelled after a
spaceship: with grey metallic walls, roofs, and ceilings. It contains hallways punctuated by
large open rooms. It also has bright neon light strips across the walls and floor. We devel-
oped this environment in contrast with the naturalistic and relatively feature rich meadow
environment. We refer to the non-realistic environment as the Spaceship Environment and
the realistic version as the Meadow Environment. We leveraged third party asset packages
from the Unity Asset Store, namely the NatureManufacture package [NatureManufacture]
for meadow and foliage assets, Survival Kit Lite [Rowntec-Assets] for fruit assets, and
Sci-Fi Styled Modular Pack [[Xhal-Studios] for the spaceship environment.

.

Figure 3.4: Realistic Meadow Environment (left) and the non-realistic Spaceship Environ-
ment (right), captured from within the Unity Engine editor. These are not sampled from
the training data.
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3.2 Movement Modelling

In order to model mouse movements, we used data on mouse movements courtesy of Adrien
Peyrache. A mouse was placed in a 50cm x 50cm box while its motion was recorded by
a head-mounted motion capture device at 100 Hz. The data captured the position of the
mouse within a 50cm by 50cm range and the orientation of the mouse’s head in global Euler
xyz coordinates. We received 30 minutes of this recording. Given that our virtual unity
environment is much larger than 50cm x 50cm, and the fact that we wished to have more
than 30 minutes of data, we needed to generate new and unbounded data which captured
the basic statistical properties of mouse motion. We elected to use a Vector Autoregressive
Moving Average (VARMA) model, which acts like an infinite impulse response filter with
white noise as input. The VARMA model was chosen due to its simplicity and ability to
model vectors of motion through time. However, the data was not appropriate in its raw
form for modelling. Below we outline the steps involved in creating a time-series model of
mouse motion.

Figure 3.5: Bird’s eyed view of the head-mounted motion capture data, courtesy of Adrien
Peyrache.
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3.2.1 Two-Stage Model

Qualitative analysis of the motion data revealed two distinct and alternating states: run-
ning and stopping. The mouse would alternate between periods of running within the box
and periods of standing stationary in place. We determined that such distinct patterns of
motion would be difficult to capture in a single model, so we elected to model these two
states separately.

To do this, we hand labelled the motion data into periods of running and stopping. To
capture the transition between running and stopping, we fit an exponential distribution
using maximum likelihood estimation to the state durations for the two states separately.
The running model had parameters (offset, decay) = (400, 723) and the stopping model
had parameters (offset, decay) = (400, 907) in units of 1/50th a second. An exponential
distribution was chosen due to the qualitative similarity to the distribution of state dura-
tions and its intuitive interpretation. To switch smoothly between models, we introduced
a seven-frame blank interval corresponding to 350ms and linearly interpolated.

Histogram of running durations Exponential PDF fit from data
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Figure 3.6: Distribution of the duration of running states (left) and the exponential function
fit from the data (right). A similiar distribution was fit and used to sample the duration
of stopped states as well.

3.2.2 Preprocessing

The raw features of the data included three dimensions of position data and three dimen-
sions of orientation data. The position data was naturally limited to the 50cm by 50cm
box, and in order to extend the agent’s range we decided to model the mouse’s velocity
rather than its position. This was done on the surface-plane (xz), and the vertical plane
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(y) was kept as an absolute position to avoid unrealistic drift off the ground. We also con-
verted the absolute velocities to relative, egocentric velocities. We adopted the convention
of forward/backward as the z-axis, left/right as the x-axis, and up/down as the y-axis.
This was done in order to better fit the data to the purpose of driving an agent within a
virtual environment.

The raw data, however, was not suitable for modelling directly. The orientation data
was given in global Euler angles which contain discontinuities, and the data frequently
passed through these discontinuities. Discontinuities naturally present a challenge to most
models, especially the autoregressive and linear VARMA model. Beyond discontinuities,
there were also readily discernible invalid entries in the data, as seen in Figure 3.9. These
invalid entries created a distinct noisy pattern, likely due to either sensor imperfections or
the fit of the sensor on the mouse’s head.

To account for these data challenges, we designed a two-stage pre-processing pipeline.
The rotation coordinates were transformed into quaternions, the data pre-processed and
cleaned, and subsequently converted back into the dimensions used for VARMA modelling.
The final dimensions used for VARMA modelling were egocentric velocities in the (xz)-
plane, position in the vertical y-axis, angular velocity in the y-axis (panning), and rotation
in the (xz)-axes (roll and yaw). This setup proves useful on a few accounts. The ego-
centric velocities yielded unbounded spatial coordinates in the (xz)-plane, while modelling
y-position directly retained reasonable vertical bounds. The choice of rotation features neu-
tralized the discontinuities, as natural mouse motion has a limited roll and yaw range, but
can undergo the full range of panning. The specifics of the pre-processing are elaborated
in the remainder of this section.

In order to preprocess and clean the raw motion data, the rotation coordinates were
transformed from global Euler angles into quaternions. Quaternions are a four-dimensional
extension to the complex number system and are often used to describe 3-dimensional
rotations | ) ]. Quaternions are a useful alternative representation of orien-
tation given they are continuous. Any 3-dimensional orientation can be represented by a
location on the four-dimension unit hypersphere. Transforming the rotations to quater-
nions helped distinguish discontinuities from sensor noise, allow for downsampling, and
a smoother change in coordinate space. However, any given orientation which is repre-
sented by quaternion-vector 'Q’ is also represented by ’-Q’. Thus, orientations are mapped
twice onto the unit hypersphere. To account for this in our model, we “flip normalise”
consecutive quaternions which are more than 7/2 radians apart in the motion data. This
resulted in a smooth and continuous representation of orientation throughout time in four
dimensions.
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Figure 3.7: Discontinuities owing to Euler representation of angles. Difficulties with mod-
elling these angles motivated the switch to quaternion representations for preprocessing.

We classified “invalid indices” by the hypersphere angle between two consecutive quater-
nions. If two consecutive angles were more than 0.125 radians apart, it was classified as
an “invalid index”. The threshold was chosen as corresponding to a limit of 15 degrees
per hundredth of a second, a reasonable upper bound on the rotation speed of a mouse’s
head as well as corresponding to a recognizable tail in the distribution of consecutive an-
gles. Invalid indices were nullified and in their place interpolated using a variant of linear
interpolation known as spherical linear interpolation (slerp) [Shoemake, 1985], as we were
interpolating along the quaternion hypersphere.

After interpolation, the data was low-pass filtered backwards and forwards with a 25Hz
Sth-order Butterworth filter, before being downsampled by a factor of two. This brought
the data down from a 100 Hz sampling rate down to 50Hz, matching the frame rate of
the Unity models and the framerate of the movies being captured. The quaternions were
then normalised back onto the unit hypersphere, as the linear filtering introduced slight
deviations, which ended up being minimal given the sampling rate. After this final step,
units were converted into their final form as egocentric velocities in the (xz)-plane, position
in the vertical y-axis, angular velocity in the y-axis (panning), and rotation in the (xz)-axes
(roll and yaw).
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Figure 3.8: Quaternion representation of angles before and after 'flip normalization’. The
"flip-normalized’ quaternions also conveniently highlight areas of easily discernable sensor
noise, which are subsequently filtered out.

3.2.3 Motion Modelling with VARMA

We chose to model the agent’s motion using a Vector Autoregressive Moving Average
(VARMA) model. A VARMA model takes a set of vector inputs (X;_;) and models a
vector output (X;). It does so by linearly regressing past outputs (the autoregressive
components x;) and a linear combination of moving average inputs (6;) in the form of
white noise (¢). In this way, a VARMA model is an infinite impulse response filter being
applied to white noise. VARMA models contain two hyperparameters which determine the
size of the model. They are typically denoted as the hyperparameters p and ¢, representing
how far back in time the autoregressive and moving average components extend.

p q
Xy =c+e+ Z KiXt—i + Z Oier—i

i=1 =1
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Figure 3.9: Invalid data entries within the raw real-mouse motion data. This is likely due
to sensor imperfections or the fit of the sensor on the mouse’s head.

The VARMA models were trained using the Python-based statsmodels package [Seabold
and Perktold; 2010]. A VARMAX model was fitted with default settings (50 iterations by
maximum likelihood via Kalman filter).

To determine the hyperparameters of our model, we first did a sparse search of the
parameters and qualitatively analysed which yielded realistic looking outputs. This was a
simple process as models which failed often did so drastically, generating very implausible
mouse motion. We determined that the model orders (p, ¢) yielding plausible motion
were typically in the single digit range. At this point, we elected to determine our model
quantitatively using the Akaike Information Criteria (AIC). The AIC is a commonly used
criterion for comparing time series models with one another Stoica and Selen [2004]. Tt is
defined as AIC = 2k - In(L), where K represents the number of parameters in the model
and L is the maximum value of the likelihood function. The AIC balances minimising
the number of parameters with maximising the likelihood function. Thus, a lower score is
better. We subsequently did a grid search of hyperparameters (p, ¢) and found that (p, q)
= (7, 2) is the best for the running state and (p, q) = (5, 5) is best for the stopping state.

To validate the data generated by our model, we performed four checks. First, we
looked at the cross-correlation of features between the reference training data and the
generated data (Figure 3.10). Second, we looked at the individual and pairwise distribution
of features. Finally, we ran the generated data through the Unity Engine and qualitatively
assessed whether the model-generated inputs were both A) plausible and B) similar to the
training data (with the exception of being unbounded).
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3.3 Training and Analysis Details

Once we had the video datasets recorded from the Unity Engine, the next step was to use
those datasets to train the MouseNet models. Five models each with a different random
seed were trained using gradient descent for each of the eight dataset conditions for 100
epochs. Batch sizes of 32 were used for a total of 281 mini-batches per epoch. An Adam
optimizer | , | was used with a learning rate of 0.001 and a weight decay
of 1075.

For DPC training we divided training videos into sequences of eight five-frame clips (see
Section 2.2.2 for more details). Sequences were organized into random mini-batches of size
32. The batch size was limited by 32GB memory on Nvidia V100 graphical processing units
(GPUs). The model used the first five clips (25 frames) in each sequence as context, and
was trained to classify each of the three subsequent five-frame clips from among negative
examples in the same mini-batch. Note that the negative samples were drawn from other
clips in the batch, including the two remaining within-sequence clips.

We retained the same recurrent head as in | , ]. We use a convolutional
GRU unit with an input size of 144, with the same hidden size, a kernel size of one, one
hidden layer, and a dropout ratio of 0.1.

3.3.1 Adapting MouseNet

Given that MouseNet was designed to handle single images, it has been adapted in this work
to be used as the backbone for a video-based DPC training regime. For every video block of
single image frames, the frames are fed individually through MouseNet and their features
concatenated before being used in downstream processing. Unlike the common approach
to feature extraction in CNNs, whereby the last and final layer is used as the feature
extractor, MouseNet features are extracted from layer 5 (L5) of each area. The extracted
features at each area are of differing spatial dimensions and are thus downsampled into 4x4
grids using average-pooling prior to concatenation. All Mousenet models were initialized
using kaiming initialization [ , | prior to training.

3.3.2 Quantifying Similarity

For calculating neural SM, we first downsample event data by a factor of five, which is
also the clip size used in DPC training. Thus, both neural recordings and CNN activations
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have aligned similarity matrices with dimensions 180x180 (900 total "Touch of Evil’ frames
divided by five).

Noise ceilings were calculated by taking the similarity scores between two biological-
mice samples. The idea is that the highest measure of similarity between an artificial
neural network and mouse-cortex should be capped by the similarity scores between two
biological mice. The noise ceiling was determined by taking the median similarity score
of 100 pairs of mice. We selected for the CEX2-CRE2 mice, which was the transgenic
line with the highest noise ceilings. This selection resulted in recordings from five distinct
areas of the mouse visual cortex: VISp, VISI, VISal, VISpm, and VISam. Notably, we
did not include VISrl in this analysis due to its very low noise ceiling. These recordings
come from cortical depths between 175-250 pm, corresponding to cortical layer 2/3, and
265-250 pm, corresponding to cortical layer 4. All similarity scores presented in this work
are normalized by their respective noise ceilings, and all noise ceilings have a value of at
least 0.3.
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Generated vs Training Data for first 100 lags
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Figure 3.10: Auto and cross-correlations for the running model for the first 100 lags across
both the training data (blue) and the generated data (orange).
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Chapter 4

Results

In all analyses the default comparison will be to models trained for 100 epochs on the
/// dataset condition — also known as the ”base condition”. The untrained condition was
not used as the base condition for regressions as it consistently resulted in highly skewed
residuals. However, Figure 4.1 includes similarity scores for untrained models and Section
4.1 explores additional comparisons against a set of untrained models. While the analysis
explores the end-state after 100 epochs, Appendix A shows the similarity scores throughout
training.

For each of the eight dataset conditions, five MouseNet models were trained, each with
different random seeds. For each trained model, similarity scores were calculated for each
combination of mouse-area to CNN-area. A regression over all similarity scores, taking
mouse-areas as features, is shown in Table 4.1. In this regression, there are two sets of one-
hot encoded variables: one specifying the mouse area (columns of the similarity matrix) and
the other specifying the experimental condition. The coefficients of the former represent
the similarity scores of the model trained with base condition. While this provides a good
high level summary of the training results, the impact of training is not uniform across
mouse areas, as can be seen in Figure 4.1.

All conditions with a realistic environment enabled have a significant effect with respect
to the base condition. The dataset with only realistic motion enabled (//M) also shows a
significant, although small, effect above the base condition.

An ANOVA analysis is shown in Table 4.2. This confirms the regression results showing
that there is a significant difference between the various training conditions compared to
the baseline, with the exception of the /V/ and the /M/ conditions.
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Variable Coefficient P > [t

VISal Layer 2-3 0.4187 0.000
VISal Layer 4 0.6363 0.000
VISam Layer 2-3 0.5883 0.000
VISI Layer 2-3 0.5097 0.000
VISp Layer 2-3 0.5988 0.000
VISp Layer 4 0.6741 0.000
VISpm Layer 2-3 0.5511 0.000
/M 0.0154 0.000
J/V/ -0.0045 0.141
JVM 0.0041 0.179
E// 0.0590 0.000
E/M 0.0303 0.000
EV/ 0.0533 0.000
EVM 0.0489 0.000

Table 4.1: Regression analysis of various dataset training conditions. The coefficients in
the shaded area represents the similarity of the baseline condition /// at that mouse-area.
Coefficients for the dataset conditions (unshaded) represent change in similarity compared
to baseline.
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Figure 4.1: The mean similarity scores by B®use-area and dataset condition. Error bars
reflect 95% confidence intervals over random seeds and CNN-areas.



Effect F Value Pr > F
E// 95.0731 0.0000
/V/ 0.1321 0.7201
/M 0.7398 0.3999
EV/ 25.1064  0.0001
E/M 50.9053  0.0000
JVM 13.0832 0.0017
EVM  41.2990  0.0000

Table 4.2: ANOVA results: A 2x2x2, within-subject ANOVA, controlling for CNN-Areas
as the subject.

In the following sections, we outline some of the key takeaways from the experiments.

4.1 Training has a significant effect on similarity

We want to look at the effects of training compared to the untrained, randomly initialized
models in order to elucidate the effects of the training regime as a whole. Figure 4.2 shows
the average change in similarity score, across CNN areas and random seeds, of the trained
models and 30 randomly initialized MouseNet models. The max and mean are shown in
Figure 4.2, showing that this training regime does have a significant effect on similarity
scores, with the maximum change in similarity starting at 0.05 for all mouse areas.

Figure 4.3 shows the average similarity score across all areas at the end of training.
While this view masks the non-uniform effects owing to different mouse-areas and CNN-
areas, it does show a key result: all conditions with the realistic environment boost simi-
larity and outperform the other conditions.
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VISal VISal  VISam VIS VISp VISp  VISpm

Layer Layer 4 Layer Layer Layer Layer 4 Layer
2-3 2-3 2-3 2-3 2-3

/// 0.42 0.62 0.60 0.49 0.65 0.65 0.54
/M -0.04 0.04 0.04 0.03 0.03 0.03
/V/ -0.02 -0.02
JVM -0.02 0.03
E// 0.07 0.07 0.03 0.09 0.09 0.06
E/M 0.06 0.07 -0.08 0.07 0.06
EV/ 0.10 0.06 0.02 0.06 0.09 0.05
EVM 0.05 0.06 0.02 0.07 -0.02 0.10 0.07

Table 4.3: Regressions per mouse area. The constant coefficient is the baseline condition
(dataset ///), and the first row (shaded) captures the similarity score at that baseline con-
dition. The remaining coefficients show the effect of switching to a given dataset condition,
per area. Scores with p-values above 0.05 are omitted as blanks.

Average change in similarity score compared to untrained model

ViSal_Layer2-3

Visal_Layer4

ViSam_Layer2-3
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Mouse Area

VISp_Layer2-3

VISp_Layerd

Metric

ViSpr_Layer2-3 = Mean
= Max
0.00 0.02 0.04 0.06 0.08 0.10

Absolute difference in similarity score

Figure 4.2: Change in similarity score, across CNN-area and random seed, compared to
the untrained models. Error bars show standard deviation.
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Average of SSM score at the end of training
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Figure 4.3: Average similarity scores by end of training. Error bars are standard deviation
across mouse-areas, CNN-areas, and random seeds.

4.2 Realistic environment yields most significant gains

The Realistic Environment condition has the largest effect on similarity scores. In the
aggregate (Table 4.1), the largest increase in similarity is observed in the E// dataset
condition, which increases similarity by a substantial 5.9%. The next three largest effects
are shown by the EV/, EV M, and E/M dataset conditions which increases the score by
5.3%, 4.9%, and 3.0% compared to the baseline /// condition. Compared to untrained-
models, the models trained with the realistic environment condition are the only ones which
average higher similarity scores (Figure 4.3).

The only time the realistic environment condition decreases similarity across any mouse
area is at mouse area VISp Layer 2-3 (Table 4.3). For E/M specifically, the similarity
score is uniquely low at VISp Layer 2-3 compared to all other experiment conditions. This
condition drops the similarity score by a significant -7.7% below even the untrained-models.
Without this outlier at VISp Layer 2-3, training on the E/M dataset increases similarity
scores by 4.2% from the baseline /// dataset condition.
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Difference of Similarity With Environment Toggle vs Without (all conditions)

Visal2/3 . P < 0.05
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Figure 4.4: Average similarity difference between environment conditions per CNN area.
Dark points represent a difference with p-value < 0.05. Notably, the early CNN areas
at VISp show insignificant change, the subsequent parallel CNN areas show a moderate
change, and the VISpor — the most downstream CNN area — showed the largest change.

The realistic environment conditions have differing effects across CNN areas as well.
Notably, the further downstream in the CNN, the greater the boost to similarity score
from enabling a realistic environment. Figure 4.4 shows the average change in similarity
between dataset conditions with a realistic environment enabled vs ones with it disabled.
The earliest layer in MouseNet is VISp, followed by five parallel streams that ultimately
feed into VISpor. The boost owing to the realistic environment condition is smallest at
VISp, bounded between 0.02 and 0.06 for the parallel streams, and largest at the VISpor
channels.

4.3 Realistic Motion results highly area-dependant

While the realistic motion condition shows modest differences in the aggregate (Table 4.1),
there are large area-dependant effects (Table 4.3). In the aggregate, adding the realistic
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motion condition slightly decreases the similarity scores compared to the same dataset
conditions without realistic motion. The one exception is //M compared to ///, which
increases similarity by 1.5%.

In particular, the high performance of the //M condition corresponds to the only
condition in VISam Layer 2-3 which increases similarity compared to the untrained models.
This is notable as VISam is typically thought to be the most dorsal region of mouse visual
processing, responsible for representing and processing motion | , ].

The realistic motion condition sometimes causes large performance degradation. The
E/M dataset condition causes a unique and severe decrease in similarity at VISp Layer
2/3. Similarly, VISal Layer 2/3 shows a large -4% at the //M dataset condition. These
effects are area-specific and occurred significantly and reliably across five different random
seeds (see Appendix A for area-specific similarity scores throughout training).

4.4 Realistic vision has little effect

It is difficult to find a consistent and significant effect owing to realistic vision in this
experimental setup. The realistic vision condition decreases visual acuity, making the
videos more blurry and removes red colour details. While adding realistic vision in EV M
significantly increases similarity compared to E/M, it slightly decreases similarity in all
other conditions.

Breaking it down by mouse areas, we see the addition of the realistic vision parameter
has a uniformly positive effect on mouse area VISal Layer 2-3, neutral or negative effect on
VISal Layer 4, negative effect on VISp Layer 2-3, neutral or positive effect at VISp Layer
4, and mixed results everywhere else.

4.5 Contrastive loss is not a good proxy for mouse
brain

While the contrastive training regime has been shown to be effective at training models
with increased similarity scores, we show that the contrastive loss and associated accuracy
metrics are not positively correlated with similarity. /// and /V/ are the two dataset
conditions which clearly stand out in terms of lowest loss and highest training accuracy.
Both of these models are the lowest performing in terms of similarity to mice visual cortex.
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Figure 4.5: Loss and Top-1 Accuracy Curves per mini-batch for all random seeds.

Low loss and high accuracy are likely indicative of a task being "too easy” and thus
bypassing the learning of representations more similiar to mice cortex.

There is also a noticeably faster drop in the loss, as well as a rise in top-1 accuracy, of
models with the motion toggle enabled at the beginning of training (Figure 4.5). This is
surprising and counter-intuitive, given that the realistic motion makes the video movements
considerably more complex and presumably harder to learn early in training. However, by
the end of training the dataset conditions with the realistic motion condition showed sim-
iliar losses and significantly lower top-1 accuracy compared to their counterparts without
the realistic motion conditions. The consistent under-performance of the motion-enabled
datasets in terms of top-1 accuracy is not reflected in terms of similarity scores.
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Chapter 5

Discussion

This thesis highlights the importance of visual statistics in shaping the representations
learned by neural networks. By systematically toggling the realism of the environment,
motion, and optical properties in the training data, we have shown that these factors can
have a significant influence on the degree to which the learned representations align with
those found in biological neural networks.

One of the key findings is that training on videos from a realistic environment leads
to the most significant gains in similarity to mouse visual cortex. This suggests that
the statistical properties of natural scenes are critical for the development of biologically
plausible visual representations. The fact that the boost in similarity is most pronounced in
downstream areas of the CNN (e.g., VISpor) aligns with the notion that downstream areas
encode more complex and semantically rich features, which are more likely dependent on
the complexity and realism of the visual input | , , , ,

, 2023].

5.1 Limitations

There are several limitations to this study that are important to consider. First, the current
analysis involving neural activations did not consider any time delays between visual areas.
However, biological neural networks do not instantaneously transmit information. This
simplification is motivated by toy examples that were run showing the final similarity
measures are not sensitive to temporal offsets up to 130ms. The structure of the similarity
matrices are dominated by the temporal autocorrelation in the movie stimuli. Extensions to
this work aiming to capture temporal dynamics should also investigate this simplification.
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Another limitation is the use of a 2D CNN as the backbone model. While the DPC
architecture does capture temporal dynamics through a gated recurrent unit, MouseNet
itself does not in the same way that 3D-CNN or recurrent networks could. Incorporating
the temporal information more explicitly into the model architecture would probably lead
to more biologically plausible representations and dynamics.

There is also a potential mismatch between the training environment and the natural
habitat of mice. While a daylight meadow scene is used to represent a naturalistic environ-
ment, mice are primarily nocturnal and burrowing animals. The meadow environment does
not toggle between night-time and day-time and does not contain burrows or otherwise
allow for the mouse-agent to do a borrowing-like action.

Another important limitation to consider is the potential conflation of ”naturalism”
with complexity in this study. None of the datasets were controlled for spatial frequency
components or other measures of complexity. Further work would benefit from control-
ling for these factors to determine which specific elements of naturalism lead to greater
similarity.

Furthermore, the mouse motion model was trained on data collected in a 50cm x 50cm
cage, which may not fully capture the range and complexity of natural mouse movements
in the wild. The data likely oversimplifies the diverse movement patterns that mice exhibit
in their natural habitats. For example, mice seem to express an anxiety driven tendency to
stay close to walls in their motion | , ], a phenomenon that is not addressed
in the current motion model as it is independent of the environment. Future studies would
likely benefit from more complex motion models which are trained on more sophisticated
data, incorporate task-based objectives, and are aware of the environment.

Finally, our experiments were cut down due to computational constraints. The con-
trastive training regime we employed likely would have benefited from batch sizes larger
than 32, but that was the largest amount that would fit within the 32GB memory limit
on the V100 GPUs. Additionally, despite recording videos from both eyes of the virtual
mouse agent, only outputs from the right eye were used for training. This was once again
due to memory limits. Future work would benefit from exploring optimization techniques
in the deep learning literature in addition to larger memory GPUs.

5.2 Future Directions

This work opens up several exciting avenues for future research. It provides a virtual
environment, code resources, and datasets which will hopefully set the stage for further
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insights into the complexities of neural computation. One promising direction is to extend
the Unity environment with a richer feature set, including more diverse objects, textures,
scenes, and other animated agents. This could help to better capture the complexity and
variability of natural environments experienced by mice.
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Appendix A

Similarity Scores throughout training

A.1 Mouse View

Similarity scores by mouse-area (columns in the SSM matrix).
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Similarity scores of mouse areas grouped by region and plotted through training. For
example ”VISp_Layer2-3” and ”VISp_layer4d” would be grouped into ”VISp”.
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Similarity Score through training for Mouse Region: VISpm

Dataset
—
— M
— N
— VM
0.60 Bl

0.62

— EM
— BV

EVM
0.58{ I Untrained

=

0.56

Similarity Score

0.54

0.52

N

u‘%

ATV WA VN

0 5000 10000

15000 20000 25000
Training Step

A.1.3 Mouse Layers

Dataset

Correlation through training [ 1-%°
= . 0.75
=
S 0.50
-
2 0.25
=
2 0.00
o
- --0.25
ar
= -0.50
@
=
-0.75
@
1.00

Dataset

The similarity scores across the two measured mouse layers, ”layer 2-3” and ”layer 47,

plotted through training.
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A.2 CNN View

Similarity scores by CNN layer/region (rows in the SSM matrix) are shown below. For
brevity, not all 21 CNN areas are shown. Instead, aggregation of similarity score by layer
and region are plotted through training.

A.2.1 CNN Regions

Similarity Score through training for CNN Region: VISp

0.63

0.62

Correlation through training [ ¢

0.58

0.61 = 0.75
z 0.50
@ -
v
S 0.60 2 0.25
0] R
o EES 0.00
5 EE
k] a]
Z 0.59 5 --0.25
@ [}
=
@
=
]

Dataset

0.57

O el

0.56
I Untrained

0 5000 10000 15000 20000 25000
Training Step

60



0.66

0.64

0.62

o
o
o

Similarity Score
=}
(%]
(=]

0.56

0.54

0.52

0.66

0.64

0.62

o
=3
o

Similarity Score
=
w
[=:]

0.56

0.54

0.52

Similarity Score through training for CNN Region: VISal

Dataset

10000

15000
Training Step

Similarity Score through training for CNN Region: VISI

20000

25000

—
/M
— N
— UM
— B
— M
— BV
— EVM
I Untrained

10000

15000
Training Step

20000

61

25000

o
]
]
]

=
©

[a]

£
5-
Z
ES
&
=
o
]
=
]

Dataset

EVMEV/ E/M El/ VM NI /M Jif

Correlation through training Il-oo

C e

0.50

JF M N NME) EM BV EVM
Dataset




Similarity Score

Similarity Score

0.66

0.64

0.62

0.60

0.58

0.56

0.54

0.52

0.50

0.64

0.62

0.60

0.58

0.56

0.54

0.52

0.50

0.48

Similarity Score through training for CNN Region: VISli

| A » f.'
vy “
\ " A PN S M A A .

N Y MRATNARTTS

v\ LA AVAT Y AN
T e

0 5000 10000 15000 20000 25000
Training Step

Similarity Score through training for CNN Region: VISpl

[ Untrained

0 5000 10000 15000 20000 25000
Training Step

62

Dataset

EVMEV/ E/M E/f VM N M

Dataset

EVMEV/ E/M B NM N M

Correlation through training [ 1-%°
sl HEEENE g
e P[]

0.50

-0.25

Dataset

Correlation through training [ ¢

0.75

JF M N VM E) EM BV
Dataset



Similarity Score through training for CNN Region: VISrI
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A.2.2 CNN Layers

Similarity Score through training for CNN Layer: 2/3
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