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Thesis Summary

Deep artificial neural networks (DNNs) now match or exceed human accu-
racy on many benchmarks, yet high performance alone does not imply human-
like representational structure. This motivates developing algorithms that not
only improve benchmarks but also produce representations that are better
aligned with human brain or behavior, so that models can be considered as
mechanistic accounts for “in silico” experiments in neurosciences. This thesis
contributes to the intersection of cognitive neuroscience and Al by studying
how biologically inspired algorithms can produce representations that better
align with human cognition, and how they shape the internal representations
of models beyond task performance.

Specifically, we focus on two complementary parts that potentially bring
cognitive neuroscience and Al closer together: (i) explaining and improving
representational alignment between pretrained models and human cognition,
using behavioral similarity judgments as a proxy for mental representational
geometry; and (ii) enforcing brain-like correlations in topographic networks, to
assess their capabilities of modeling high-level visual cortex, and to understand
how these correlations impact the network’s performance and representations.
Across both parts, the common aim is to test whether models can align with
specific aspects of human representational structure, and to characterize how
these constraints reshape model representations.

In Part I, aiming to improve and explain the alignment between model
representations and human semantic knowledge, we focus on representational
alignment with human similarity judgments. Rather than relying on all infor-
mation in the full embeddings extracted from the deep networks, as is common
in the literature, we identify the relevant information of the model’s repre-
sentational space that best match human similarity judgments of a certain
semantic category. Technically, we implement this using structured pruning
over learned feature maps or units in convolutional neural networks to select
a subset that can improve the alignment with human judgments. This part
consists of three studies. In Study 1.1, we introduce a statistic quantifying
how much each feature map contributes to alignment with human similarity
judgments called Alignment Importance Score (AIS), which is not only used
for improving alignment, but also for explainable Al analyses. By structured
pruning low-AIS feature maps, we improve out-of-sample prediction of human
judgments while reducing the number of feature maps. Moreover, AIS-pruning
can select feature that produces image-space heatmaps highlighting the visual
information most relevant for explaining human comparisons among objects,
supporting mechanistic interpretability. In Study 1.2, we investigate whether



alignment is driven by a small set of specialized units or by population-level
geometry. Using numerosity as a controlled domain, we find that the units
critical for capturing similarity judgments, identified via the same pruning
method, do not overlap with the units identified via a traditional statistical
test (ANOVA). This suggests that human-aligned representation in models is
an emergent property of population-level geometry rather than the result of
isolated, specialized units. Study 1.3 aims to identified the core representa-
tional geometry of an existing model, by extending pruning beyond layer-wise
and explicitly supervised targets in previous studies. We introduce Correla-
tion Retaining Iterative Structural Pruning, a geometry-guided procedure that
removes redundant feature maps or units, aiming to approximate a target rep-
resentational geometry. This task-agnostic algorithm formalizes the pruning
logic from the earlier studies into a more general framework that can be used
to compress models while either retaining a model’s own geometry or aligning
geometry to external targets such as similarity judgments.

Part II focuses on correlation-based, end-to-end topographic models, where
units are arranged on a physical space, then correlated activities are enforced
among nearby units via training, thus their activations can be visualized on
smooth, brain-like spatial maps. Specifically, we study the capability of cap-
turing cortical organization, and the computational properties of topographic
regularizers that encourage correlated representations. This part includes two
studies. In Study 2.1, we evaluate whether a current leading state-of-the-art
topographic model can capture the fine-grained organization of the human
occipitotemporal cortex. Focusing on the action dimension - the degree to
which an object is associated with physical manipulation - our results show
that while the model successfully captures broad divisions like animacy, it fails
to produce an action-related gradient. This finding suggests that generic spa-
tial constraints may be insufficient, and additional requirements are needed to
account for the specialized organization of human high-level visual cortex. In
the final study, Study 2.2, we investigate the computational advantages of cor-
related constraints in topographic models and how they shape the network’s
internal representations, beyond topographic map visualization - the primary
goal in most of previous work. We systematically compare two commonly
used local constraints in end-to-end convolutional networks: Activation Simi-
larity, which encourages nearby units to have similar activations, and Weight
Similarity, which encourages nearby units to develop similar afferent weight
vectors. Our analysis shows that the two constraints can produce robustness
not only to input perturbations but also to parameter noise. Moreover, the
two constraints produce qualitatively different computational properties at the
representation levels.



Overall, this thesis investigates cognitively inspired approaches, imple-
mented through structured pruning and topographic constraints, as meth-
ods for aligning human-DNN representations, and for shaping DNNs’ internal
representations. Practically, our studies support an alternative approach to
improving human—model alignment: instead of using full embeddings, we im-
prove alignment by selecting the most relevant information within the model.
Under this view, AIS and CRISP provide structured pruning tools that im-
prove or preserve alignment-relevant geometry while compressing networks and
enabling interpretability, including heatmaps for explaining human similarity
comparisons. For topographic modeling, we demonstrate the engineering ben-
efit of locally regularizing correlations, and show that either weight-based or
activation-based constraints can be a preferred choice to handle certain types
of noise. Theoretically, we show that human-like alignment is better character-
ized as an emergent property of population-level geometry rather than isolated
expert units, and we identify that current topographic models likely require
additional constraints to capture the fine-grained organization of the human
visual cortex. Collectively, these findings contribute toward more transparent,
robust, and cognitively aligned models for both practical applications and in
silico cognitive science research.
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Introduction

The deep learning advances in the last decade has brought AI and cognitive
neuroscience into closer contact. Deep neural networks (DNNs) can now per-
form many perceptual and cognitive tasks at or beyond human-level accuracy,
making them useful not only as engineered solutions but also as computa-
tional objects for modeling cognition. This creates an interaction in which
researchers use DNNs to test and formalize hypotheses about human cogni-
tion, and conversely use insights from human behavior and the brain to design
more human-like systems. Two prominent directions in this field are (i) evalu-
ating and improving alignment between models and human behavior or neural
measurements (Schrimpf, Kubilius, H. Hong, Najib J Majaj, et al. 2018a; Su-
cholutsky et al. 2023; Demircan et al. 2024; Oota et al. 2023; M. W. Mathis and
A. Mathis 2025), and (ii) injecting human-inspired inductive biases (built-in
assumptions that guide learning) into models to shape their internal represen-
tations and behavior (Kriegeskorte 2015; Lake, Ullman, et al. 2017; Goyal and
Bengio 2022). This thesis comprises a set of experimental papers that address
both directions. In Part I, we aim to model and explain human similarity judg-
ments as a task within the larger human-model alignment problem. In Part II,
we study topographic constraints as a biological-inspired inductive bias, test-
ing their ability to capture organization in the visual cortex and characterizing
their computational benefits and representational consequences.

0.1 Modeling human similarity judgments via
pruning

As Al models have continued to improve, they now match or exceed human
performance on many benchmarks (K. He et al. 2015; Achiam et al. 2023;
Maslej et al. 2025). However, strong task performance is not necessarily based
on human-like internal computations. Models can achieve high performance
while relying on different features, exploiting dataset shortcuts, or making er-
rors that humans do not (Geirhos, Rubisch, et al. 2018; Schrimpf, Kubilius, H.
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INTRODUCTION

Hong, Najib J Majaj, et al. 2018a; Geirhos, Jacobsen, et al. 2020; Wichmann
and Geirhos 2023). This raises an important question: when a model performs
well, does its success base on human-like representations? Ensuring human-like
internal mechanism has many practical benefits, for example, interpretability,
transparency, and effective collaboration with humans. Moreover, mechanis-
tic alignment between models and behavioral or brain data is necessary for
building “in silico” models in computational cognitive neuroscience.

The alignment problem spans many levels, from alignment of goals and
values, to performance, to alignment of cognitive and neural representations
(Shen et al. 2024; Ji et al. 2025; Sucholutsky et al. 2023; Oota et al. 2023;
M. W. Mathis and A. Mathis 2025). In our work, we focus on representational
alignment: the degree to which the internal representational structure of a
model corresponds to that of humans. In deep learning models, representa-
tions are typically taken as activation vectors from specific layers containing
useful features for the tasks. In humans, representations can be computed
from behavioral measures or from neural recordings via fMRI, MEG, EEG,
etc (Martin N Hebart, Contier, et al. 2023; Sucholutsky et al. 2023; Oota et al.
2023; M. W. Mathis and A. Mathis 2025; Lépez-Cardona et al. 2025). Work
on representational alignment includes measuring the mismatch, bridging the
two sides by mapping them into a shared representational space, and improv-
ing the match across diverse modalities (images, videos, text, audio, odorants,
etc). The results vary depending on the task, dataset, and the specific align-
ment goal (Sucholutsky et al. 2023). One common way to assess alignment
is through representational geometry, rather than matching representations
unit-by-unit (Kriegeskorte 2015; Sucholutsky et al. 2023). Representational
geometry is the pattern of similarities or dissimilarities among stimuli, which
can be viewed as the arrangement of stimuli relative to each other in a repre-
sentational space. This can be operationalized as a representational similarity
or dissimilarity matrix (RSM/RDM).

This motivates us to narrow our focus to the alignment of similarity judg-
ments. For example, in a normal context, if people have to pick the least
similar object among a dog, a cat, and a car, they are most likely to pick the
car (“odd-one-out”). Perceiving how similar objects are to each other reveals
the high-level internal representations of individual human and models . In
fact, similarity is an important concept in cognitive science: it helps humans
organize complex raw information from sensory input, shapes how humans
form categories, and supports downstream functions such as memory and rea-
soning (Roads and Love 2024). It is considered a more general task than
object classification (Roads and Love 2021). Behavioral similarity judgments
provide a direct way to estimate this structure, for example, through pairwise
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similarity ratings (Peterson et al. 2018) or odd-one-out task (Roads and Love
2024; Martin N Hebart, Contier, et al. 2023). Similarity can also be estimated
from brain activity by applying representational similarity measures to neural
responses (see datasets for this task in Roads and Love 2024), although this is
more noisy than behavioral data (Mur et al. 2013). In both cases, these data
can then be compared with the outputs of neural network models, or with
internal representations from intermediate layers of the models.

Next, we provide a brief review of models for capturing human similarity
judgments, pruning methods (which we apply for this task), and the thesis
contributions.

0.1.1 Modeling human similarity judgments

Common pre-deep learning methods for modeling HSJs include geometric, set-
theoretic, and graph-based approaches (Roads and Love 2024). Geometric
models map behavioral data into a low-dimensional space (e.g., Multidimen-
sional scaling; Shepard 1962; Joseph B Kruskal 1964) and then apply a metric
over this representational space to infer the similarity between objects. Set-
theoretic models represent an item as a set of features (e.g., a cat is an animal,
has fur, is carnivorous), and define similarity in terms of shared versus dis-
tinctive features (Tversky 1977). Graph models treat concepts as nodes and
relationships as links, such that two concepts are judged more similar when
they are separated by only a few steps (Carroll 1976; Cunningham 1978).
Together, these models can capture and explain latent mental structure that
are reflected in HSJs. However, a major limitation is that they typically rely
on hand-crafted, human-defined representations (e.g., feature lists) and well-
controlled, simple, non-ecological stimuli (see typical examples in Battleday
et al. 2021). They lack the feature-extraction capabilities of deep learning
architectures, making them difficult to scale to the complexity of real-world
environments.

Deep neural networks can address this problem thanks to the power of high-
level feature extraction from natural stimuli. Kamila M Jozwik et al. (2017)
showed that the later layers of AlexNet and VGG-16, two common convolu-
tional neural networks (CNNs), outperform human label feature-based models
(e.g., parts, colors, textures) on judging similarity in natural images, although
the models are not trained explicitly to do this task. Similarly, Kubilius,
Bracci, et al. (2016) demonstrated that higher-layer activations of CNNs show
high correlation with human perceptual shape judgments from natural ob-
jects. Moving beyond just using raw activations as representation, odPeterson
et al. (2018) learn reweighting factors for each feature, significantly boosting
the performance of predicting HSJs in many models. Attarian et al. (2020)
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learn a linear transformation of the penultimate layer of VGG-16, reducing
the dimension to half but improving the prediction of HSJs. Muttenthaler,
Linhardt, et al. (2023) extend the linear transformation to align the global
structure of similarity, such as the relationship between high-level concepts
(food and drinks), while preserving the similarity structure within concepts
(types of foods), showing benefits towards downstream tasks.

Martin N Hebart, Zheng, et al. (2020) showed that object embeddings
can be learned end-to-end in a shallow neural network to predict odd-one-out
judgments. Given a large amount of training data, this results in only 49 highly
interpretable dimensions, opening up the possibility to interpret the semantic
meaning in each dimension. These dimensions employ semantic properties
(e.g., “food related” and “fire related”), contrasting with the dominant visual
strategy (e.g., color, shape, materials) in models (Mahner et al. 2025). Jha
et al. (2023) added a bottleneck layer after the penultimate layer and trained it
end-to-end to predict HSJs, and found that only a small number of bottleneck
dimensions (around 10-60 compared to 4096 original dimensions) is sufficient
to achieve equal prediction of HSJs. Muttenthaler, Dippel, et al. (2022) and
Roads and Love (2021) showed that improvements in classification accuracy
do not entail better modeling HSJs. Moreover, training objective, such as
supervised or self-supervised, and the size and diversity of training datasets
drive the performance of modeling HSJs rather than the network architectures
(Muttenthaler, Dippel, et al. 2022).

Reweighting or transforming the activations (e.g. Peterson et al. 2018;
Kaniuth and Martin N Hebart 2022a; Attarian et al. 2020; Jha et al. 2023)
can be viewed as that the models can learn the required features for modeling
HSJs, but they need to be post-processed to boost the performance. This can
be done by reweighting the original features (Peterson et al. 2018; Kaniuth and
Martin N Hebart 2022a), or transformed the original dimensions into latent
dimensions containing useful features for this task (Attarian et al. 2020; Jha
et al. 2023). An alternative view is that the models already learns sufficient
features for the task; they just need selection of specific features for computing
the similarity . This is particularly relevant for modeling the representation
of specific categories where only a small number of dimensions is relevant.
For example, it is improbable that humans consider all features as in models
to judge similarity between two dogs, as maybe animal-related features are
useful enough. Based on this assumption, Tarigopula et al. (2023) applied a
feature selection process to prune irrelevant features from the activations to
model HSJs, improving out-of-sample prediction over reweighting (Peterson
et al. 2018). Bavaresco, Truong, et al. (2025) applied pruning to show that the
prediction of HSJs for different semantic categories employs different subspaces
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of the feature set, and even within the same category the relevant subspace
can vary across comparisons (e.g., highly-similar vs weakly-similar objects).

0.1.2 Pruning in machine learning research

Pruning is a subfield of research in machine learning. Pruning aims to compress
models while maintaining performance, or accept some loss in performance for
smaller models, to speed up running in real-world applications, especially on
edge devices (see review H. Cheng et al. 2024; F. Chen et al. 2024; Menghani
2023; Y. He and Xiao 2023; Mariné et al. 2023; Lé et al. 2023). Common
vision models are used in computational cognitive neuroscience like AlexNet,
VGG, or ResNet (trained on CIFAR or ImageNet-1K) can be pruned 90% of
the weights, with only less than 10% percentage point drop in accuracy (Y. He
and Xiao 2023; H. Cheng et al. 2024), suggesting that these models are heavily
over-parametrized.

Pruning techniques can be divided as unstructured or structured. Un-
structured pruning means freely removing any weights in the model, while
structured pruning removes an entire set of weights associated with a unit in
a fully connected layer, or entire filters in a convolutional layer. Structured
pruning can speed up model inference without specialized hardware support
because it reduces tensor dimensions, unlike unstructured pruning. Criteria
for pruning include weight, activation, or gradient magnitude, loss change, and
saliency. Pruning can be applied to pretrained models, while training models,
or even before training (H. Cheng et al. 2024). A pruning hypothesis, called
the lottery ticket hypothesis, states that given a randomly initialized network
there exists a subnetwork that can be trained to match the performance of the
entire network (Frankle and Carbin 2018; E. Malach et al. 2020).

Here, to model HSJs, we focus on structured pruning: besides achieving
speed-ups in running models, more importantly, structured pruning can im-
prove interpretability of existing models, e.g., we can analyze kept/pruned
units or feature maps and decoding the semantic meaning of those units. This
gives an advantage over reweighting or transforming the activations to model
HSJs (e.g. Peterson et al. 2018; Kaniuth and Martin N Hebart 2022a; Attarian
et al. 2020; Jha et al. 2023), as they change the profile of units and therefore
less straightforward to interpret at unit level compared to pruning. Moreover,
to study the utility of common foundation networks as models of vision, we
apply pruning to common pretrained models, rather than training new models
from scratch for explicitly learning the task (e.g. Martin N Hebart, Zheng,
et al. 2020; Mahner et al. 2025).
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INTRODUCTION

0.1.3 Thesis contributions

In the first part of the thesis, moving beyond correlations between models
and humans, we try to develop a mechanistic understanding of what internal
structures support representational alignment via similarity judgments. We
propose structured pruning as both a predictive, explanatory, and a diagnostic
tool to study human-model alignment.

Study 1.1: Pruning for predicting similarity judgments and explain-
ing human comparisons

In Tarigopula et al. (2023), pruning is shown to be an effective tool to predict
HSJs, but the underlined explanation on what high-level semantic features
drive the match is unexplored. Here, we use pruning both as a predictive and
an explainability tool for the alignment problem. We demonstrate that HSJs
within a category (e.g. animals) can be predicted by specific latent dimensions
in many CNNs (VGG, ResNet, DenseNet, Inception, etc) that can be isolated
and visualized.

In Study 1.1, we introduce the Alignment Importance Score (AIS), a met-
ric derived by pruning feature maps in convolutional layers to quantify their
unique contribution to the alignment of model- human similarity judgments.
First, we show that selectively pruning low-AIS features significantly improves
the model’s ability to predict HSJs of natural objects (data is from Peterson
et al. 2018), while on average reduces the number of feature maps in convolu-
tional layers to almost half. More importantly, by projecting these scores back
into image space, we provide a method for generating heatmaps that explain
the visual information underlying human comparisons, showing a dissociation
between cognitively relevant features and standard visual saliency (J. Lou et
al. 2022).

Study 1.2: Pruning for reassessing number-detector units in CNNs

If study 1.1 provides a tool to identify features in concrete objects, study 1.2
asks whether this alignment holds for abstract concepts. More importantly,
here pruning is used as a diagnostic tool to study representational geometry: is
alignment supported by highly specialized “expert” units, or by the population-
level representational geometry?

To test this, we use numerosity as a case study. Number sense, the abil-
ity to perceive the number of items in a set without counting, is found in
both human infants and adults, as well as some animals e.g. monkey, crow,
chick (Viswanathan and Nieder 2013a; Wagener, Loconsole, Helen M Ditz,
et al. 2018a; Kobylkov et al. 2022a). Here we also consider representational

16



0.1. MODELING HUMAN SIMILARITY JUDGMENTS VIA PRUNING

geometry among non-symbolic numbers, represented by images of sets (i.e.,
small dots on a clean background). Numerosity offers a controlled and scal-
able similarity structure, providing more data for representational geometry
than that of naturalistic images . Therefore, it is easy to simulate behavioral
judgments, providing a simple setting for testing alignment. Previous research
suggested that models can distinguish numbers thanks to “number-detector”
units (Nasr et al. 2019a; G. Kim et al. 2021a), identified via statistical tests
such as ANOVA, which are specialized units tuned to specific quantities (anal-
ogous to “number neurons” in the brain; Kutter et al. 2018; Dijk et al. 2022).

We use pruning as a diagnostic tool to test whether number-detector units
are necessary for population-level numerosity representations in CNNs. First,
following Nasr et al. (2019a) and G. Kim et al. (2021a), we apply ANOVA
on the activations of many layers in multiple CNN architectures to obtain the
set of number-detector units. Second, we prune the same activations using a
simulated human number similarity judgments as the alignment target. The
results show that these two sets generally do not overlap. This suggests that
although number-detector units can emerge in CNNs, they are not critical for
capturing population-level numerosity structure aligned with human behavior,
therefore the alignment in CNNs is better described as an emergent property of
representational geometry rather than the result of isolated, specialized units.

Study 1.3: Sparsity-guided pruning to preserve representational ge-
ometry and model human similarity judgments

Instead of treating accuracy as the objective to maintain during pruning, in
Study 1.3 we treat a model’s representational geometry as the objective to
retain. Technically, we aim to identify a smaller subnetwork that preserves
the similarity structure of the original model. Achieving a smaller model with
similar representational geometry provides benefits similar to knowledge distil-
lation - smaller, faster models, and better accuracy than training from scratch
(Hinton et al. 2015; Gou et al. 2021) - but here we obtain a compressed version
of the same model instead of training another model as in distillation. This
makes pruning a task-agnostic method for isolating the subspaces that carry
representational structure, enabling mechanistic analyses of what information
is retained or removed in the original models.

Implementing this idea requires moving beyond the layer-wise, supervised
pruning used in Studies 1.1 and 1.2. Layer-by-layer pruning can propagate
changes to later activations, and supervision with pairwise HSJs requires large
dataset collection. To address both issues, we develop an unsupervised, network-
level procedure that compares the representational geometry of subnetworks
to that of the original unpruned model. The same framework can also use ex-
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ternal targets such as HSJs, making it a predictive tool as in previous studies,
but using HSJs only at evaluation.

To do this, we develop a method called Correlation Retaining Iterative
Structural Pruning (CRISP), which preserves representational geometry while
removing redundant information. Following the motivation of structured prun-
ing, we target sparse activations and remove entire neurons or feature maps in
CNNs (Huan Hu et al. 2016), both to speed up model running and to provide a
potential basis for explainability. CRISP introduces a geometry-guided struc-
tural pruning framework that isolates the subspaces carrying representational
structure, either preserving a model’s own geometry or aligning it to HSJs,
and opens up the possibility of interpretation on what semantic feature is kept
and what is removed. In this way, CRISP formalizes the pruning logic used in
the previous studies into a task-agnostic algorithm. The preliminary results
show that CRISP can prune half of the number of units in fully connected lay-
ers with less than 10% decreasing the match with the geometry from original,
unpruned model.

Overall, the first part of the thesis addresses a question within the broader
human-machine alignment problem, which is modeling similarity judgments,
using structured pruning as a methodological tool. We show that pruning is
not only a predictive tool that can boost or maintain task performance with
smaller models, but also an explanatory tool for human visual comparisons,
and a diagnostic tool for studying the representational geometry of models.

0.2 Topographic models

Across both machine learning and computational cognitive science, biologically-
inspired inductive biases (i.e. built-in assumptions that guide learning) a re
often developed with two objectives: boosting the performance of artificial sys-
tems and increasing alignment with human behavior and neural data, thereby
improving interpretability and supporting mechanistic explanations. In ma-
chine learning practice, inductive biases are often evaluated mainly on task
performance, such as improvements in classification accuracy, rather than their
faithfulness to underlying neurobiological mechanisms (Hassabis et al. 2017).
In contrast, computational cognitive science treats biological constraints as
central modeling assumptions, aiming to replicate some aspects of behavioral
and neural mechanisms. Rather than optimizing performance alone, this ap-
proach seeks mechanistic explanations and architectures, and may accept en-
gineering trade-offs to achieve these goals (O’Reilly 1998; D. L. Yamins and
DiCarlo 2016; Pulvermiiller et al. 2021; Momennejad 2023; Cohen et al. 2022;
Jeon and T. Kim 2023; Ororbia et al. 2024). Topographic models mainly be-

18



0.2. TOPOGRAPHIC MODELS

long to the latter category, because their focus is to model the physical cortex
rather than to maximize task performance.

Specifically, topographic models are computational models inducing smooth-
ness among neighboring units, producing a topography that can be visualized
in a physical space. In these models, each neuron is assigned a position in a
physical space, such as a 2D grid or even a 3D volume, so that two neurons can
be close together or far apart. This adds an extra design compared to simply
connecting or disconnecting neurons in standard models. In addition to spatial
layout, neurons in these models are usually positioned so that nearby neurons
exhibit similar activation patterns, or nearby neurons connect with each other
while distant neurons connect rarely or not at all.

These constraints are often motivated by Hebbian locality (“neurons that
fire together, wire together”, Hebb 1949) and minimization of wiring cost
(Chklovskii and Koulakov 2004), which has been observed across many ar-
eas of the mammalian cortex (R. B. Levy and Reyes 2012; X. Jiang et al.
2015; Ringach et al. 2016; Ding et al. 2025). Consequently, when we visualize
the functions of a group of nearby neurons, we can find that they share similar
functions, creating continuous or discontinuous patches of activation. These
observations have been documented in many regions of the mammalian brain,
most notably in the visual cortex, but also in the auditory cortex (Humphries
et al. 2010; Saenz and Langers 2014), the somatosensory cortex (Penfield and
Boldrey 1937; Wong et al. 1978), and in the numerosity representation of pari-
etal cortex (Harvey et al. 2013). In primary visual cortex, topography can be
seen in several feature maps: orientation preferences appear as a collection of
pinwheels (Bonhoeffer and Grinvald 1991; Ohki et al. 2006), spatial-frequency
preferences appear as discrete islands (Shoham et al. 1997; Nauhaus et al.
2012), and color preferences appear as blobs (M. S. Livingstone and Hubel
1984; H. D. Lu and Roe 2008). In higher visual cortex, such as ventral tempo-
ral cortex in humans, there are category-selective areas for certain categories,
such as scenes, faces, bodies, hands, tools, and written words (Kanwisher 2010;
Cortinovis, Peelen, et al. 2025). Since topographic maps occupy much of the
cortex, provide metabolic benefits, and are central to many theories of vi-
sual information processing, they are considered central to sensory processing
(Kaas 1997; Silver and Kastner 2009; Patel et al. 2014). Topographic models
alm to capture some or many of these organizations, explain the mechanisms
behind map formation, and further generate hypotheses about how the cortex
is organized.

In the next section, a brief history of this type of model will be sketched,
followed by the rationale of the second part of the thesis.
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0.2.1 A brief history of topographic models

The first topographic models were developed nearly half a century ago, long
before the rise of deep learning—based topographic modeling. At that time,
models relied largely on simple algorithms, simple tasks, and simple stimuli,
yet they were able to demonstrate that such mechanisms could capture im-
portant characteristics of early visual cortex. One of the earliest examples is
the work of Von der Malsburg (1973), who proposed a model consisting of a
two-dimensional grid of neurons which was exposed to oriented bars. Using an
associative learning rule, where connections between afferent inputs and cor-
tical neurons are strengthened when both are active , following the Hebbian
principle, each neuron became selective to a specific orientation. Neurons with
similar orientation preferences formed clusters on the two-dimensional sheet,
resembling orientation columns in primary visual cortex. Willshaw and Von
Der Malsburg (1976) extended this self-organization principle to model retino-
topic maps, demonstrating ordered, topographic wiring between two neural
sheets rather than within a single sheet. Durbin and Mitchison (1990) framed
cortical maps as a dimension-reduction problem, in which a high-dimensional
feature space is mapped onto the two-dimensional cortical surface while pre-
serving local neighborhood relationships. Their elastic-net model explains the
emergence of pinwheel-like orientation maps when retinal position and orien-
tation selectivity are mapped jointly. Around the same time, Obermayer et
al. (1990) adopted self-organizing maps (SOMs; Kohonen 1982) and obtained
similar results, but with important technical differences: the mapping between
cortical sheets was optimized continuously in an iterative process similar to
modern deep learning , and the model operated directly on high-dimensional
stimuli rather than on preprocessed feature vectors. Beyond retinotopy and
orientation maps, related models have been proposed to account for other forms
of cortical organization, including color blobs (Barrow et al. 1996), and ocu-

lar dominance columns in V1 (see reviews by Erwin et al. 1995 and Swindale
1996).

Most of these models (e.g., SOMs and elastic nets) are based on compe-
tition and Hebbian learning, meaning that neurons which respond together
strengthen their connections while competing with other neighboring neurons,
and topography can emerge through learning. There are also other approaches
beyond Hebbian learning, such as correlation-based models, in which cortical
cells are learned from the statistical correlations of retinal activity, and spec-
tral models, which explain orientation and ocular dominance maps by directly
analyzing the statistical structure of visual input using mathematical filters
(Erwin et al. 1995). The stimulus sets used in most of these models are sim-
ple and limited: either symbolic inputs or points in low-dimensional spaces,
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elongated or circular patches (Swindale 1996). These models cannot capture
organization in higher visual cortex, because they cannot automatically learn
to represent complex objects from raw pixels. However, they still provide im-
portant insights into cortical map formation, showing that topography can
emerge from general constraints such as cortical geometry, wiring cost, and
self-organization. Moreover, these models can reproduce species-specific dif-
ferences in map organization (e.g., macaque versus cat) and generate concrete,
testable predictions about the dynamics of map development (Goodhill 2007).

Jacobs and Jordan (1992) pioneered an early form of end-to-end learning,
giving computational support to the hypothesis that the cortical organization
is a result of a biological bias toward minimizing connection length, due to the
high biological cost of long-range wiring . They trained shallow, fully connected
three-layer networks using backpropagation, optimizing a loss function that
combined task performance with a regularization term penalizing connections
between distant neurons. Through simulations on simple visual tasks with low-
dimensional stimuli, they showed that enforcing short-range connectivity leads
hidden and output layers to subdivide into specialized modules. This study
is consistent with the idea that physical wiring constraints are a fundamental
driver of modular organization in the brain, beyond purely computational or
functional considerations, and inspired later end-to-end models that explicitly
penalize long-range connections, e.g. Blauch et al. (2022) and X.-J. Zhang
et al. (2025).

Recent advances in deep learning bring two major developments. First,
end-to-end models (e.g. CNNs) can automatically learn hierarchical represen-
tations from low-level to high-level features, mimicking hierarchical processing
in the brain. Second, modern deep learning models can process naturalistic
stimuli, reducing reliance on handcrafted features by learning representations
directly from data, opening up the possibility of modeling multi-unit responses
beyond primary visual cortex. Recent models no longer replicate only proper-
ties of early visual cortex, but can also capture organization in higher visual
areas, e.g. ventral temporal cortex (VTC). Inspired by earlier wiring-length
constraints proposed by Jacobs and Jordan, Blauch et al. (2022) showed that
imposing a similar wiring penalty in deep networks leads to the emergence
of clustered neurons selective for faces, scenes, and objects in deeper layers.
Z. Lu et al. (2025) optimized correlations among neighboring weights and,
interestingly, captured not only V1- and VTC-like organization but also cen-
ter—periphery behavioral biases in visual processing. Qian et al. (2026) intro-
duced lateral connections between neighboring neurons, replicating character-
istic features of both early and higher-level visual cortex without explicitly
enforcing correlation constraints or minimizing wiring length.
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An important work is Margalit et al. (2024), in which they optimized cor-
relations between neighboring neurons. Their model can capture the organiza-
tion of not only single areas but of the entire sequence of ventral visual cortex,
from V1, including selectivity for orientation, spatial frequency, and chromatic
gratings, to VT'C category-selectivity maps, as well as the number, area, and
spatial overlap of category-selective patches. Importantly, this work aside from
developing a single model, proposed a framework that can be applied to repli-
cate the topographic organization across the entire cortex, and showed good
quantitative agreement with human and macaque brain data.

Going beyond vision, topographic modeling has also been applied to other
modalities, such as language and audition (Rathi et al. 2024; Binhuraib et al.
2025; Al-Tahan et al. 2025). More recently, analyses on topographic models has
extended beyond reproducing cortical maps toward more engineering-oriented
goals. For example, Poli et al. (2023) showed that introducing topographic
structure can improve robustness to pruning while maintaining classification
performance. Deb et al. (2025) focused on making topographic constraints easy
to plug into existing models to improve task performance. Qian et al. (2026),
D. Zhou et al. (2025), and Bashivan et al. (2025) demonstrated that topog-
raphy can increase robustness to adversarial noise. In addition, there is also
effort to push topographic models toward applications in discovery and inter-
vention. For instance, Kamila Maria Jozwik et al. (2023) provided a simulation
demonstrating how such models can be used to discover new category-selective
areas, while Mehrer, Lonnqvist, et al. (2025) used topographic models to guide
cortical stimulation in macaques to generate visual prosthetics.

0.2.2 Thesis contributions

Study 2.1: Testing general topographic principles with a new orga-
nization dimension in high visual cortex

Since end-to-end topographic networks are relatively new models, an important
question is how well they capture the organization of the ventral stream (occip-
itotemporal cortex; OTC). Recent models have shown that such networks can
capture several major dimensions of ventral OTC, including animacy and real-
world size, and can develop category-selective clusters. In particular, Margalit
et al. (2024) proposed a set of organizing principles that, in theory, should be
able to capture any kind of topographic organization within and outside visual
cortex. Therefore, here we put this claim to test, and we adopt this model
to try to replicate a specific type of spatial organization that goes beyond the
dimensions traditionally emphasized in ventral OTC.

In this study, we propose action as a new dimension shaping object organi-
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zation in OTC, and we use this dimension to test the model. In lateral OTC,
we found that action dimension appears as a graded, topographically orga-
nized map, with partially overlapping selectivity for body parts and objects
that differ in their action-related properties, which is a pattern that is not re-
ducible to animacy, shape, or real-world size (Konkle and Oliva 2012; Konkle
and Caramazza 2013; Bracci and H. O. d. Beeck 2016; P. Bao et al. 2020; Yue
et al. 2020). We therefore tested whether the topographic models of Margalit
et al. (2024) show a corresponding action-based organization. We found that
this model did not exhibit an action-related gradient, despite capturing the
animacy division, highlighting a limitation of current topographic modeling
approaches, and suggesting that additional constraints beyond generic spa-
tial organization may be required to account for the fine-grained topographic
structure of high-level visual cortex.

Study 2.2: Comparing topographic constraint implementations and
their computational consequences

Given the emerging landscape of end-to-end topographic models, we now have
many different implementations of topographic constraints. Some models di-
rectly enforce similarity in unit activations across nearby neurons (Lee et al.
2020; Margalit et al. 2024; Rathi et al. 2024; Poli et al. 2023), while others
impose similarity on connectivity (Z. Lu et al. 2025). These constraints have
different mathematical consequences on the internal representations, which in
turn shape the resulting topographic organization and map visualizations. At
the same time, topographic constraints come with computational disadvan-
tages, because they are not primarily designed to boost task performance:
accuracy often stays similar, and can even be detrimental (Margalit et al.
2024; Z. Lu et al. 2025; Rathi et al. 2024). This limits the use case of to-
pographic models if we only evaluate them by task accuracy or the quality
of topographic maps. More broadly, beyond producing brain-like topography,
the computational consequences of topographic constraints, and how different
implementations shape learned representations, remain unclear.

The second paper in this thesis addresses this gap by systematically com-
paring two commonly used local topographic constraints in end-to-end trained
convolutional networks: Activation Similarity (AS), which directly encourages
neighboring units to have similar activations, and Weight Similarity (WS),
which encourages neighboring units to develop similar afferent weight vectors
so that correlated activity can emerge. We show that the correlations in-
duced by topographic constraints can produce clear computational advantages
in terms of robustness to noise, both input noise and parameter noise. WS
generally produces clearer benefits than AS under parameter noise, while AS
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is generally better under input noise. Moreover, the representations shaped
by these two constraints are qualitatively distinct, affecting functional local-
ization and feature tuning. Together, these results highlight that the choice
of topographic constraint is not a minor technical detail: different ways of
injecting topography impose different consequences for both robustness and
representational organization, beyond producing visually smooth maps. With
this effort, we aim to bring topographic modeling beyond computational neu-
roscience to a broader machine learning community, since topography is not
just an inductive bias for modeling purposes only, but is also a useful bias to
gain engineering advantages.

Topographic modeling is an old line of investigation that has been revived
by the recent developments in deep learning. Modern end-to-end topographic
networks now can learn from naturalistic stimuli and reproduce several forms
of cortical-like organization. However, as a still-emerging model family, these
models need to be tested and characterized more carefully, both in terms of
what kinds of cortical topography they can (and cannot) capture, and what
computational consequences their constraints introduce. Together, the studies
presented in the second part of the thesis help characterize a family of models
that has the potential to serve as a foundation for cognitive computational
neuroscience.
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Chapter 1

Pruning for Explaining Human
Comparisons Using
Alignment-Importance
Heatmaps

Abstract We present a computational explainability approach for human
comparison tasks, using Alignment Importance Score (AIS) heatmaps derived
from deep-vision models. The AIS reflects a feature-map’s unique contribu-
tion to the alignment between Deep Neural Network’s (DNN) representational
geometry and that of humans. We first validate the AIS by showing that
prediction of out-of-sample human similarity judgments is improved when con-
structing representations using only higher-scoring AIS feature maps identified
from a training set. We then compute image-specific heatmaps that visually
indicate the areas that correspond to feature-maps with higher AIS scores.
These maps provide an intuitive explanation of which image areas are more
important when it is compared to other images in a cohort. We observe a cor-
respondence between these heatmaps and saliency maps produced by a gaze-
prediction model. However, in some cases, meaningful differences emerge, as
the dimensions relevant for comparison are not necessarily the most visually
salient. To conclude, Alignment Importance improves prediction of human
similarity judgments from DNN embeddings, and provides interpretable in-
sights into the relevant information in image space.

Code https://github.com/tlmnhut/ais\_heatmap

25



CHAPTER 1

Publication status This chapter is published in the paper: Truong, N.,
Pesenti, D., & Hasson, U. (2025). Explaining human comparisons using alignment-
importance heatmaps. Computational Brain & Behavior, 1-21. We also in-
clude a preceding analysis that closely related to this paper, in which the au-
thor of the thesis contributed towards developing the analysis. The additional
analysis is published in the paper: Tarigopula, P., Fairhall, S. L., Bavaresco,
A., Truong, N., & Hasson, U. (2023). Improved prediction of behavioral and
neural similarity spaces using pruned DNNs. Neural Networks, 168, 89-104.

1.1 Introduction

1.1.1 The question: Explaining human comparisons

Work in recent years has shown that DNNs learn feature spaces whose geom-
etry has some similarity to that of humans. This is convincingly shown by the
fact that human similarity judgments (HSJs) for pairs of words or images are
often quite well predicted by the distances between image-pairs or word-pairs in
vision-DNNs or language models (for reviews, see Battleday et al. 2021; Roads
and Love 2024; Sucholutsky et al. 2023). These models therefore naturally
extract features relevant for modeling HSJs when trained on standard tasks
such as image classification or word prediction. While the object-embeddings
of such pretrained machine learning models approximate HSJs quite well, it
has been further shown that these predictions can be considerably improved
using down-stream operations.

One such operation is to learn a reweighting of the products of feature val-
ues, which improves prediction of HSJs for both images e.g., Peterson et al.
2018; Kaniuth and Martin N Hebart 2022a and words e.g., Richie and Bhatia
2021. Another approach is to use supervised pruning to assess features’ im-
portance in the context of estimating a set of similarity judgments (Tarigopula
et al. 2023; Flechas Manrique et al. 2023b). Pruning does not alter the activa-
tion weights of the retained features, but instead removes a subset of features
from the embedding matrix. Pruning has also been used to identify sub-spaces
in language models that optimize particular classification tasks e.g., Cao et al.
2021.

While prior work has shown that pruning of nodes in a DNN’s penultimate
layer can improve prediction of similarity judgments, here we are interested
in its potential to explain what parts of an image matter for the judgment
itself. Understanding which information is used as a basis for comparison is a
fundamental question in cognitive science. Since the work of Tversky (1977),
many studies have shown that comparisons between objects are a function
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of those elements that are shared or distinct between them. However, for
naturalistic stimuli, it is difficult to know which properties are important when
an image is compared to a target set of images. Here we suggest that this
question is tractable via a computational solution in which latent dimensions
that are related to the comparison process are identified and projected onto
the image space as a heatmap.

1.1.2 Logic of the current study

We present the logic here, with a complete formal presentation provided in
Section 1.2.1. Our approach relies on evaluating how pruning changes the
alignment between human and computer-model representational spaces. Both
spaces are operationalized using pairwise distances between images. One set of
distances is derived from human behavior (H By ), the other is computed from
a computer model (Modely;s). We define the baseline isomorphism between
the two spaces as the correlation between these two vectors.

In the next step, a perturbation is introduced to the feature representa-
tions of an image. Specifically, a feature map in the last convolutional layer
is masked. Therefore, the information from that feature map is not encoded
in the model, and not propagated onwards to the fully connected layer from
which we obtain image embeddings. Subsequently, Modely;s; is recomputed,
as is the isomorphism between the representations. Note that only the target
image is affected, and not the other images. Furthermore, H By;s; remains un-
changed. There are two possible outcomes: %) if the encoded information from
the feature map is cognitively irrelevant or even confounding, its removal could
alter Modelg;s; in a way that improves the isomorphism with human similarity
judgments. Conversely, i) if the encoded information from the feature map
is cognitively-relevant (e.g., masking a feature map representing an animal’s
face in context of similarity judgments between animals), its removal will alter
Model ;¢ in a way that decreases the isomorphism with human judgments.
This occurs because the way that images stand in relation to each other in the
DNN representation is now lacking information that underlies human judg-
ments. By iteratively masking all feature maps in the last convolutional layer,
each feature map is linked with a perturbation score indicating its importance.

Similar logic was presented in the previous works, but masking was ap-
plied on the image space rather than the latent feature space. For instance,
Palazzo et al. (2020) masked image patches to evaluate how masking impacted
the compatibility between vision-DNN embeddings and EEG data. In other
work, Tarigopula et al. (2023) used this approach with human neuroimaging
data to explain which parts of an image contain information relevant to the
representational space of various brain regions.
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Since the author of the thesis contributed this analysis in Tarigopula et al.
(2023), we also present it here in the results section as a preceding analysis that
motivates the main study. These additional results (not appear in the current
published paper of the chapter) serve as a proof of concept that pruning can
produce interpretable heatmaps that explain the contribution of image parts
to the alignment between model and human data; however, this analysis lacked
quantitative evaluation. Below, we list the limitations of this approach, which
motivate improving the method for the current study and opening up new
utilities, which is explaining human comparisons.

1.1.3 Current aims and contribution

The current study’s aims advances over prior studies in three respects: it
directly studies human comparison processes, it introduces an advantageous
masking procedure, and it evaluates the results against typical saliency maps.
The aforementioned studies operationalized representational spaces from mul-
tivariate fMRI and EEG recordings but have not studied human comparison
processes. Furthermore, the technique they use, namely, mask-sweep over an
image, presents several major limitations: 1) the mask size is arbitrary, re-
quiring the use of multiple sizes; 2) an arbitrary decision is required regarding
how to combine information from different mask sizes; 3) the process is com-
putationally costly, as masks are ideally applied with each pixel being in the
mask center; 4) a theoretical weakness is that the mask is not informed by
prior information contained in the model.

Departing from these prior studies, here we directly model human compar-
ison judgments, and use a different, more efficient approach to masking im-
ages, which uses information already present in the DNNs own feature space.
Specifically, we focus on the feature maps in a deep convolutional layer, and
use them to define the masks. Our approach is inspired by Score-weighted
Class Activation Maps (Score-CAM) which is an explanatory method that
generates heatmaps indicating which sections of a target image are relevant
for its classification (H. Wang et al. 2020). Score-CAM takes the information
in each feature map, upscales it to the original input resolution, uses it as an
information selector for the original input image, and computes the activation
for correct class (pre-softmax confidence) when using that feature map alone.
After repeating this process for all feature maps, the confidence scores are used
as weights to generate a heatmap highlighting image areas important for clas-
sification. Using a similar logic, we show that information at the feature-map
level is also highly useful for identifying which feature maps are important for
the alignment between the DNN and human representational spaces, and that
these can be visualized in a similar manner.
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Beyond our main explainability objective, we have two other important
aims. First, we evaluate whether it is possible to identify feature maps that
are particularly important for predicting human representational spaces; using
only these feature maps should improve out of sample prediction accuracy for
human similarity judgments as compared to using all feature maps. Second,
we evaluate the relationship between heatmaps produced using this method,
and traditional saliency maps. While the latter operationalizes saliency us-
ing information latent in the image itself, the heatmaps we produce highlight
information pertinent to image comparisons within a given set.

1.2 Methods

1.2.1 Preliminaries

e Architecture and datasets: In the main analysis, We use VGG-16, a deep
neural network (Simonyan and Zisserman 2014), pre-trained on ImageNet
(Deng, Dong, Socher, L.-J. Li, K. Li, et al. 2009) and another trained on
Ecoset! (Mehrer, Spoerer, Jones, et al. 2021). VGG-16 was used because
Ecoset was trained on that model. It is also a common architecture used for
predicting human similarity judgements (Peterson et al. 2018; Kaniuth and
Martin N Hebart 2022a) and has been shown to be a good candidate for be-
havior or brain alignment (Schrimpf, Kubilius, H. Hong, Najib J Majaj, et al.
2018a). As images we used a dataset provided by Peterson et al. (2018), which
consists of 720 images divided into six categories of 120 images. The cate-
gories were: Animals, Fruits, Furniture, Various, Vegetables and Automobiles
(the latter effectively including any means of transportation including horses,
sleds, cranes; Transportation henceforth). Images had a native resolution of
500 x 500 which was downscaled to 224 x 224 to fit the model.

e Human Similarity Judgments: Let H be a matrix representing the similarity
judgments provided by human assessors for n objects. Each entry H;; in the
matrix corresponds to the similarity judgment between objects ¢« and j. We
use the upper triangle of matrix H, denoted as H,.

e Object distances in feature space: Let C' be a matrix representing the embed-
dings of n images onto d features of the penultimate layer of the pre-trained
computer vision model, denoted as C' € R™?.  Specifically, we use VGG-
16 with d = 4096, and the number of images in each Peterson’s category is
n = 120. Matrix C is obtained by considering all parameters of the pre-trained
model, and specifically all 512 feature maps of the deepest convolutional layer.

! Available at https://osf.io/kzxfg/
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Z, is the upper triangle of image-pair similarity matrix Z, computed from the
Spearman correlation for each row pair in C'.

e Subspaces in matrix C: We produce two variants of C' (all with dimension
n x d). The first variant (“remove 17), denoted as C°%)_ is constructed by
excluding feature map k where k& € {1,2,...,512}. The second variant is
produced when using only a subset S of feature maps in the model. Let
S C {1,2,...,512} be a set of selected feature-map indices, and let C'¥) be the
matrix representing the embedding of n images onto d nodes in the penultimate
layer, but when using the subset of feature-maps corresponding to .S. Note that
in all cases, the (one or more) feature-map activations are propagated to the
penultimate layer using the pre-trained weights.

e From the variants of C' we derive matching similarity matrices. The first,
Zk) s obtained by computing the cosine similarity for each pair of rows in
CCR) . The second, Z®¥ is formed using the selected feature indices in C%).

e As indicated, Z, and H, denote the vectorized upper triangles of matrices
7/ and H respectively. The Spearman correlation coefficient between the two
is denoted as p(Z,, H,). We refer to this value as a Baseline Second-Order-
Isomorphism (20I) between the two domains. Analogously, in some cases we

compute ,O(quﬁk), H,) and p(Z&S), H,).

1.2.2 Aim 1: Identifying a subset of feature maps that
optimizes prediction of human similarity judgments

We define the Alignment Importance Score (AIS) of each feature map in terms
of its predictive capacity for the human representation H,. Intuitively, we
aim to determine how the removal of each feature map k € {1,2,...,512}
affects the baseline isomorphism, p(Z,, H,). The removal of each feature map
produces a modified 201 score, p(Zi(fk), H,). Finally, The AIS of feature map k
is defined in Equation 1.1, with positive values indicating a relatively important
feature map, and negative values a less important one. After computing AIS
for all feature-maps, we rank-order them based on their AIS.

AISk = p(Zua HU) - p(Zz(;k)ﬁ HU) (1'1>

We then identify an optimal subset of feature maps for predicting H,. In
each iteration, one feature map is added to the subset S in descending order of
AIS rank, and we recompute the 201, p(quS), H,) using that subset of feature
maps alone. After these 512 iterations, subset S* ultimately selected is the
one that maximizes 20I.

To validate AIS, we use an 80:20 cross-validation framework where 80%
of the entries in H, are assigned to a training set, and the remaining 20%
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constitute the test set. The optimal subset of feature map indices, S*, is de-
termined from the training set using sequential features selection as described
above. For statistical significance testing, we repeat the entire cross-validation
process eight times with different dataset shuffling. This produces 40 Full vs.
Retained value-pairs for each relevant comparison. To evaluate generalization,
we use only this S* set of feature maps to predict HSJs on the test set. Pre-
diction performance is compared against a baseline where all 512 features are
used for predicting HSJs in the test set. Statistical significance testing, per
dataset, is based on the 40 value-pairs produced via cross-validation, which
are analyzed using paired two-tailed T-tests (12 tests in all, non-corrected
for multiple comparisons). Success of Aim 1 is determined if p(ZISS*), H,) sur-
passes p(Z,, H,), indicating superior prediction compared to the baseline using
a subset of feature maps.

As an additional baseline, we used Learned Perceptual Image Patch Sim-
ilarity (LPIPS), which is a method for obtaining a cognitively-relevant simi-
larity metric between image pairs (R. Zhang et al. 2018). LPIPS fine-tunes
a computer vision CNN so that the image distances in the network, calcu-
lated as differences between embedding vectors, align with human similarity
judgments. LPIPS is fine-tuned using human decision data regarding which
of two slightly altered images are closer to an original image, and is based
on reweighting all layers of the network. LPIPS has shown to closely match
human behavior in 2-Alternative Forced Choice tasks involving minor image
distortions and a reference image. To evaluate whether LPIPS is at all viable
for our materials and similarity judgments, we applied LPIPS to all images
in each dataset to compute pairwise distances between images, and computed
the Pearson correlation between the LPIPS distance matrix and the human
similarity judgments. Note that the LPIPS method does not allow integration
with pruning, as its reweighting function achieves a parallel goal. We use the
pre-trained LPIPS weights provided by the original authors as these have been
trained on a large set of human judgments and have been argued to predict
human behavior in multiple domains.

1.2.3 Aim 2: Explaining human similarity judgments

Our goal is to identify which image patches, in image space, are relevant to
comparisons between a target image ¢t and other images in the set. This is
visualized by creating a heatmap for ¢ identifying those image sections, as
follows. We begin by defining a baseline 201 for ¢ as the Spearman correlation
between the n — 1 similarity judgments associated with ¢, as quantified from
the model, and the corresponding set of human similarity judgments. As in
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Aim 1, we define the AIS of feature map k& by computing a value that reflects
the departure from baseline, as indicated in Equation 1.1.

We iterate over all 512 feature maps, producing 512 AIS values that indi-
cate the relative importance of each feature map for the alignment between
DNN-derived distances and human similarity judgments for target image t.
This produces an n x k matrix (120 [AIS] x 512 [feature map]) for each dataset
containing 120 images. We then compare these distributions between the Ima-
geNet and Ecoset-trained models to understand if and how the training regime
impacts the distribution of AIS. Histograms are computed for the mean AIS
value by feature, and the Mean Absolute Deviation, computed by feature (col-
umn) and by image (row).

Image-level heatmaps are then computed as follows. We first convert nega-
tive AIS values to zero because they indicate features that encode information
less relevant to modeling the human data (see Eq. 1.1). The remaining scores
are sum normalized. Subsequently, feature maps for an image are weighted-
averaged according to their corresponding AIS to create a heatmap. In the
heatmaps, warmer colors indicate image areas associated with the more im-
portant features.

To quantify the similarity between the heatmaps generated by Ecoset and
Imagenet, we defined a Match score for each image as the Pearson correlation
between the heatmap generated by the Ecoset model and the one generated by
the Imagenet model. Anticipating the results, in certain instances, the Match
score was low. We therefore examined if this occurred for images that did
not correspond to classes on which the models were trained. For each image,
we computed the entropy of the post-softmax probability distributions, inde-
pendently for the Ecoset and ImageNet trained models. The higher of these
two entropy values was retained and designated as maxEntropy. Subsequently,
considering all images in a dataset, we computed the correlation between the
Match score and maxEntropy.

1.2.4 Aim 3: Cross-referencing heatmaps against saliency
maps

We compare the heatmaps produced by our method to those produced by
TranSalNet (J. Lou et al. 2022), which is a state-of-the-art DNN that identifies
salient image sections and accurately predicts human gaze patterns (see Figure
14 in Appendix). We cross-reference TranSalNet against our method (AIS)
using two approaches: Precision-Recall curves and Subset analyses.
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Precision-Recall curves

First, we evaluate how well a pixel’s salience predicts its inclusion in an AIS
heatmap. When the salience and AIS maps are thresholded at a specified level
to form binarized maps, the relationship between them can be understood in
terms of precision and recall. The binarized AIS map is treated as the target
variable, and the binarized saliency map is the predicting variable. In this
case, we have:

Procision — |TranSalNet N ALS)|
|TranSalNet|
and
Recall — |TranSalNet N ALS|
|ALS|

We describe this relationship using a Precision-Recall curve. The curve is
generated by thresholding the AIS map at a fixed level and then plotting
precision versus recall as the saliency map is thresholded across a range of
levels.

The following steps were performed for each image: first, we created a
heatmap as described in Aim 2 and generated a corresponding saliency map
using TranSalNet. We kept the same aspect ratio of the images input to both
VGG-16 and TranSalNet for compatibility in later comparisons. We conducted
four separate analyses, where we created a binary mask for the AIS map at
each of the following percentiles: P = {60,70,80,90}. In each analysis we
thresholded the saliency maps at all percentiles between 1 and 99, with a step
size of 2. Percentiles were calculated separately for each image.

Conditional probability analysis

In this analysis we aim to identify whether an image section (specifically, a
pixel) identified as salient (Sal) is more likely to also be identified as comparison-
relevant (CR; that is, warm-colored in our analysis). To do this we threshold
both maps to select the top 5% of Salient and CR pixels, producing Sal, =Sal,
CR and —CR partitions of the image pixels. We then compute the Relative
Risk (RR) ratio as in Equation 1.2.

RR = P(CR|Sal)V - P(CR|~Sal) (1.2)

The relative risk as computed here measures the likelihood of Sal pixels be-
ing CR pixels compared to =Sal pixels. An RR value greater than 1 indicates
that salient pixels are more likely to be CR than non-salient ones, while an RR
less than 1 indicates the opposite. A main difference between this analysis and
the precision-recall one is that it also quantifies joint distributions within the
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non-salient pixel-set. We repeat this analyses when thresholding both maps at
10% and 15% top Sal and CR pixels.

We note that there is no requirement that the two methods identify the
same image features. The saliency map is driven by image features (including
higher level semantics captured by the DNNs), whereas the heatmap we pro-
duce from AIS values is a function of how a certain object stands in relation
to other objects in the set. As we will see, this produces cases of very high
overlap, but also important distinctions.

1.2.5 Aim 4: Generalization to other architectures and
training objectives

In Aims 1, 2 and 3 the image embeddings used were obtained from VGG-16.
VGG-16, and a later variant VGG-19, are somewhat unique in that after the
deepest convolutional layer, they also include two very large fully connected
layers. These layers perform non-linear, abstract interactions over the infor-
mation in the deepest feature map layer, and are essential for linking this
information to the classification task.

Many other computer-vision architectures do not include such layers, and
instead use the deepest feature maps, relatively directly, for classification. This
is done by implementing global average pooling, which reduces each of these
feature maps into a single value, followed by learning a linear combination
of these values for classification. Thus, in these architectures, the final layer
before classification receives an input corresponding to the number of feature
maps (after global pooling), and produces an output corresponding to the
number of classes to be learned.

To evaluate the applicability of the AIS-based analysis to other architec-
tures, we applied the analysis developed for Aim 1, with several modifications,
to the following models: Inception-V3 (Szegedy et al. 2015), ResNet-152 (K.
He et al. 2016), DenseNet-161 (G. Huang et al. 2016), EfficientNet-B3 (Tan and
Le 2019), RegNetY-400MF (Radosavovic et al. 2020), and ResNeXt-50-32x4d
(Xie et al. 2017). The deepest layers of these architectures contain varying
numbers of feature maps: Inception-V3, ResNet-152, and ResNeXt-50-32x4d
each have 2,048 feature maps, DenseNet-161 has 2,208, EfficientNet-B3 has
1,536, and RegNetY-400MF has 440.

We note that all these architectures learn features in the context of su-
pervised classification tasks. To evaluate feature maps produced by non-
supervised learning, we used a ResNet-50 architecture trained with the Barlow
Twins self-supervised learning framework (Zbontar et al. 2021). In this ap-
proach, the objective of the the model is learn representations by maximizing
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Figure 1.1: Out-of-sample predictions of human similarity judgments using
image embeddings. Full: using all 512 feature maps. Retained: using feature
maps identified from an independent training set. The numbers above the
second and fourth columns in each group represent averages of feature-map
set sizes across 40 folds. Error bars indicate standard errors adjusted for
paired-comparisons (Loftus and Masson 1994).

the similarity between two augmented versions of the same image. In this way,
training extracts general visual features, ignoring small visual distortions.

For each of these architectures we performed five-fold Cross validation, as
detailed for Aiml. For all architectures except VGG-16 and VGG-19, object
embeddings were generated by applying global pooling to the feature maps
from the deepest convolutional layer. For VGG-16 and VGG-19, embeddings
were constructed from the penultimate, fully connected layer.
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1.3 Results

1.3.1 Aim 1: Identifying a subset of feature maps that
optimizes prediction of human similarity judgments

As shown in Figure 1.1, by computing AIS it was possible to identify a subset
of 512 feature maps for each dataset, which produced improved out-of-sample
predictions compared to a baseline condition where all feature maps were used.
This was consistent for models trained on Ecoset or ImageNet, with less than
50% of the 512 feature maps being used in 5/12 cases. Paired T-tests indicated
that in all 12 cases, predictions from Full features were less accurate than those
from features learned via pruning (p-values < 0.01). The performance metrics
of ImageNet and Ecoset were quite similar.

Speaking to category-specific information, AIS values for each feature-map
differed across datasets. That is, feature maps important for aligning one
category were not necessarily important for another category. To evaluate this
issue, we computed pair-wise Pearson correlations between the AIS values of
the 512 feature-maps for each pair of datasets (e.g., Fruits vs. Vegetables). For
both Ecoset and ImageNet, the strongest correlation was between Fruits and
Vegetables (Ecoset R = 0.48; ImageNet R = 0.67). For Ecoset, the second
highest correlation was between Transportation and Furniture (R = 0.38),
whereas for ImageNet it was between Various and Animals (R = 0.26). Most
of other correlations, in both analyses, ranged from -0.2 to 0.2.

Finally, we evaluated the LPIPS method for human similarity modeling (see
Methods). LPIPS image-distances indeed tracked human similarity judgments
for all categories, in that higher LPIPS distances were associated with lower
similarity. However, these correlations were quite low. Spearman rho values
were: Animals 0.15, Automobiles 0.19, Fruits 0.15, Furniture 0.07, Vegetables
0.40, and Various 0.19. Thus, alignment with LPIPS did not approach the
levels seen in Figure 1.1, even for the non-pruned cases.

1.3.2 Aim 2: Explaining human similarity judgments

Figure 1.2 shows examples of heatmaps produced by alignment importance
scoring. Given that each dataset contained 120 images, we selected 4 images
from each dataset according to the principle that two of the images produced
apparently sensible results, and the two others were less sensible. It can be
seen that the method can identify image-sections that are relevant for inter-
category comparisons, such as the faces of animals, central parts of fruits and
vegetables, and discriminating elements of artifacts and man made objects. As
we will see later, these are not necessarily the most salient aspects of images.
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Animals Transportation Fruits Furniture Various Vegetables

Figure 1.2: Heatmaps generated using Alignment Importance Scores of feature
maps trained with Ecoset. For each dataset, two images with subjectively
higher interpretability (top two rows) and lower interpretability (bottom two
rows) were selected.

To assess the similarity of heatmaps produced by Ecoset and ImageNet, for
each image we calculated the correlation between the heatmaps produced by
the two methods. The median correlation values were as follows: 0.80 + 0.16
for Animals, 0.64 + 0.19 for Transportation, 0.73 4 0.22 for Fruits, 0.64 + 0.22
for Furniture, 0.64 + 0.27 for Various, and 0.56 + 0.25 for Vegetables. In all
datasets the maximum correlation values approached 1.0, while the minimum
values often approached zero (see the histogram in Appendix Figure 13). As
Appendix Figure 13 shows, for all categories (apart from Animals), around 10%
of images showed a low correlation of less than 0.2. Considering a correlation
of 0.8 as an (arbitrary) reference point for strong correspondence between
heatmaps, we find that for Animals more than 40% of the images showed
correlations that exceeded this value, whereas for Transportation and Furniture
the value was below 20%.

This means that although agreement was often good, training models on
Ecoset or ImageNet often produces different heatmaps. These findings are
consistent with those of Aim 1, which showed that the VGG-16 models trained
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on the two datasets capture and learn human similarity judgments in slightly
different ways.

As detailed section 1.2.3, we evaluated if images that presented a lower
Match between Ecoset and ImageNet heatmaps were associated with higher
entropy of post-softmax values in either of the two sets (maxEntropy), which
would produce a negative correlation between the two quantities. We found
that this was indeed the case, for Animals (R = —0.31), Fruits (R = —0.34),
Various (R = —0.24), and Vegetables (R = —0.21). Weaker, yet sill nega-
tive correlations were found for Transportation and -0.11, Furniture, Rs =
—0.11, —0.04 respectively. Thus, images that do not present information suf-
ficient for classification produce disagreement between the two models. These
might be out of distribution images or bad examples of trained categories.

Ultimately, in those cases where heatmaps differ, the results of Aim 1 may
be used as a guide to inform whether Ecoset or ImageNet is more plausible with
respect to the human representation of a given category. For instance, given
the low agreement in heatmaps produced for Transportation and Furniture,
one may select to use the ImageNet produced feature maps as these provide
better out-of-sample prediction of human behavior.

We also statistically quantified the relation between AIS values obtained
for feature maps when produced from models trained on Ecoset or ImageNet.
Figure 1.3 shows, for each dataset, histograms computing the Average AIS as-
sociated with each feature (logl0 scaled); and Figure 1.4, the Mean Absolute
Deviation computed per feature (column) and per image (row). The histogram
shows that the average AIS rarely exceeded 0.001 for any feature (Figure 1.3).
Two-sided Kolmogorov-Smirnov (KS) tests (Hodges Jr 1958) were conducted
to verify if the histograms associated with the two training regimes (ImageNet,
Ecoset) came from the same distribution. Overall, KS test confirmed signifi-
cant differences for all six categories (p < .05).

With respect to Mean Absolute Deviation (MAD), when computed per fea-
ture (Figure 1.4a) we find that the values varied around one order of magnitude,
with a few features showing relatively higher values meaning they were much
more important for some images than others. The MAD histograms computed
from per-image data indicated that ImageNet’s AIS distribution was consis-
tently left shifted with respect to Ecoset’s (Figure 1.4b). This means that the
AIS produced by Ecoset-trained model are more strongly distributed, suggest-
ing a more meaningful separation between those features relevant for alignment
and those that are not. Two-sided Kolmogorov-Smirnov tests on Mean Abso-
lute Deviation verify significant differences between the two models in all cases
(all six datasets, KS tests, p < .05).
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Figure 1.3: Log average of AIS values per feature for models trained on Ecoset
or ImageNet. A star symbol (*) indicates a significant difference between the
two distributions as determined by a KS test.

1.3.3 Aim 3: Cross-referencing heatmaps against saliency
maps

Precision-Recall curves

For each image, we thresholded the AIS-produced heatmap at a given thresh-
old to form a binary prediction target with AIS-related image sections (after
thresholding) constituting the positive class. We then evaluated the extent to
which these could be predicted by the saliency maps, using a Precision-Recall
curve. In this analysis, the target variable is thresholded at a fixed level (e.g.,
90th percentile), while the predicting variable is thresholded across a range of
levels, with precision and recall computed for each threshold.

Figure 1.5a shows the results when predicting AIS heatmaps produced
from ImageNet-trained feature maps, and with the AIS heatmaps thresholded
at the 60th percentile. We observe that when saliency maps are thresholded at
stringent levels (leftward points on the curve), precision is high for the Animals
category, and somewhat lower for other categories, with values ranging from
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0.6 to 0.8.

Lowering the threshold increased recall, but also gradually lowered pre-
cision as expected, While saliency and AIS maps were clearly related, with
the exception of Animals, predicting AIS from saliency appeared limited, even
when AIS heatmaps were thresholded at a relatively low value of 60th per-
centile. The other panels in Figure 1.5 show the same analysis with AIS
heatmaps thresholded at the 70th, 80th, and 90th percentiles. In the latter
analysis, AIS-relevant pixels are defined as the top 10%, and as shown in Figure
1.5d), saliency predicted membership in this class poorly, with the exception
of the Animals category. Another observation is that for the Fruits category,
thresholding the saliency map at the most strict level (left-most point) did not
produce the highest precision, which was instead achieved at lower thresholds.
This suggests that the most salient points were not always the most precise
predictors of AIS heatmaps..

In summary, we found that, with the exception of the Animals category,
saliency heatmaps could not predict AIS heatmaps with good precision and
recall, particularly when AIS heatmaps were thresholded at higher levels. A
very similar pattern was found for AIS heatmaps produced from Ecoset feature
maps (see Appendix Figure 15).

Conditional probability analysis

We observed that areas identified as comparison-relevant by AIS heatmaps
were much more likely to be associated with salient image sections than with
non-salient image sections, as indicated by Relative Risk values strongly ex-
ceeding 1.0 (Table 1.1). This was found regardless of whether pixels in both
heatmaps were thresholded at top 5%, top 10% or top 15%. As the table
shows, the RR values often exceeded 5, reaching as high as 30 for Animals.
The data were quite similar for ImageNet and Ecoset overall. Furthermore,
the Relative Risk values varied significantly across categories, being highest for
Animals, and lowest for Vegetables. This suggests that for Animals, elements
salient in images are also important for comparison, whereas this is less so for
Vegetables. This is numerically consistent with the Precision-Recall analysis
where we found that thresholding saliency maps at high percentiles produced
good prediction-precision of AIS data.

Figure 1.6 presents images on which we plotted contours reflecting TranSal-
Net’s salience (orange) and alignment score heatmaps (blue) to visualize their
overlap. For the two images on the left (bison and crane), the salience and
alignment maps consistently show strong agreement across all three thresh-
olding levels. For the two right images, there is no overlap. Specifically, the
monkey’s facial features are highly salient, but are not identified as important
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Table 1.1: Relative Risk values comparing heatmaps computed from Alignment
Importance Scores to those generated by TranSalNet, a saliency model that
predicts human gaze. Chance values are RR = 1.

Ecoset ImageNet
Category
5% vs. 5%  10% vs. 10% 15% vs. 15% 5% vs. 5%  10% vs. 10% 15% vs. 15%

Animals 308 +321 170+ 183 127+11.0 2824342 1494115 114 £8.2
Transportation 7.8 & 11.5 58 £ 7.0 5.2+ 6.5 6.4+ 78 5.6 £ 5.8 5.3 £ 5.2
Fruits 9.9 £ 18.5 74 £ 10.9 6.2 £9.2 9.9 +£21.4 6.6 +11.4 54 + 8.2
Furniture 6.1 £ 10.3 51+6.2 4.5 £ 4.8 6.5 £ 12.0 5.2 £ 6.5 4.6 £ 4.5
Various 173+ 274 10.2 £ 11.0 8.7+89 14.4 + 314 8.2+99 6.7+ 7.2
Vegetables 6.4 + 10.7 49+ 6.8 4.1+ 4.2 714147 50+ 6.8 4.1+4.2

All datasets 13.0 £ 221 84117 6.9 £ 84 12.1 + 238 76 +96 6.2 £6.9

for alignment. In the case of the truck image, the banner area depicting color-
ful peppers is identified as salient, but the wheel area is identified as important
for alignment. This is reasonable, as means of transportation in the set are
effectively compared by observing the lower section of the vehicle, which dif-
ferentiates trucks, cars, buses, motorcycles, trains and so on. Indeed we find
these elements are often highly salient in the produced heatmaps. More results
with appropriate level of detail are shown in the Appendix section below.

1.3.4 Aim 4: Generalization to other architectures and
training objectives

We find that quantifying alignment importance improved out-of-sample pre-
diction of human similarity judgments across all architectures and all six cat-
egories tested (see Figure 1.7).

Based on the results, we make the following observations. First, the two
VGG-based architectures tended to perform the best overall, ranking first in
three of the six image categories and second in all six categories. Second, base-
line performance (test-set prediction using all features) tended to be diagnostic
of which architecture would perform best using the learned pruned test set:
for four of the six categories, the best performing model when using the full
feature sets was also the best-performing when using the pruned sets.

However, in three cases, none-VGG models predicted human judgments
best. EfficientNet-B3 ranked highest for Fruits and Furniture. The compound
scaling used in this architecture, which optimally balances width, depth and
resolution has been argued to produce a better representation of relevant image
details (see Tan and Le 2019 their Figure 7). Furthermore, as indicated in the
Methods section, the fact that this model uses linear combinations of feature-
map information for classification (after global pooling) makes it potentially
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more interpretable than VGG-16 and VGG-19, which use fully connected layers
to learn complex combinations of feature-map information. Finally, the Barlow
Twins architecture which is self-supervised and is not guided by a classification
objective performed the best on the Various category.

These findings suggest that the VGG architectures show considerable strength
overall. However, the impact of removing single feature maps in these ar-
chitectures is effectively evaluated via the changes in activations in the fully
connected layers, which learn interactions between feature maps. Depending
on the aims of the analysis, other architectures may be used if such interac-
tion effects are of no interest. Practically, the findings of Aim 4 suggest that
when using AIS-based heatmaps as explanations for human comparisons, it is
is sensible to use an architecture that best predicts these judgments.

1.3.5 Heatmaps in Tarigopula et al. (2023) that show
the impact of brain-supervised pruning on repre-
sentational space

Here we present the preceding analysis in Tarigopula et al. (2023) that moti-
vates our current study. A similar pruning logic was proposed there, aiming to
compute the importance of each part of an image for the alignment between
models and human data. An image part is important if removing that part
decreases alignment; otherwise alignment remains the same or increases. The
main differences are: (1) we computed RDMs from regions of interests (ROIs)
extracted from fMRI data, where participants observed a set of natural object
images from different categories (King et al. 2019), unlike the homogeneous
category setting in Peterson et al. (2018). (2) We removed image parts us-
ing a predefined window size and swept the window across the image, similar
to convolutional filters, and we varied the window size and then aggregated
results across sizes. (3) There was no step of inserting the high-scored kept
parts to maximize alignment scores, as in AIS. Below we present the methods
and results of this analysis. Since this analysis served as a preliminary proof
of concept, there was no evaluation.

Because pruning fleshes out shared dimensions between a brain ROI and
a pruned DNN, it is possible to identify, for a given image, the contribution
of each image section to those shared dimensions. The principle is based on
evaluating the impact of masking a part of a single image on the 201 between
the DNN and Brain RDMs. In brief (see Appendiz Figure 16 for methods
details), we consider as input a set of N images presented for viewing in an
fMRI scanner. One image is selected for analysis and for this target image we
compute an RDM capturing the correlation between the target image and each
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other image. Correlations not involving the target image are not considered.
One RDM is computed from Brain data and another from DNN embeddings.
The second-order-isomorphism value for these two RDMs is taken as baseline
201, 201,s.. A portion of the target image is then masked, and the DNN RDM
is recomputed, whereas the brain RDM remains unaltered. This produces a
modified second-order isomorphism 201,,,s.

If the masked area changes the DNN RDM in a way that reduces its 201
with the brain RDM, i.e., 201,45t < 201p4se, this means that the masked area
contains information that loads on a latent dimension that contributes to 201I.
In contrast, if masking does not reduce 201, Or even improves on it, the
information within it is less relevant to shared dimensions. The contribution
of an image patch is therefore simply Contrib = 20 Iy,se — 201,45, With higher
values indicating greater importance of the masked area.

To make this concrete, consider a set of ten images where images 1-5 include
a face and images 6-10 do not. Assume that a certain brain area only codes for
the presence of a face. This brain area’s RDM will separately cluster images
1-5 and images 6-10. Assume also that a DNN has been pruned by this brain
area, and therefore produces a similar RDM. The relation between the two
RDMs is quantified via 201,,,.. Image 1 is chosen as the target image, and
the face depicted in that image is masked. The DNN RDM for correlations
with Image 1 changes: now, images [2-5] are strongly clustered but image 1
clusters with images [6-10]. Because the brain RDM remains unaltered. the
result is a reduction in 201, because the masked region was related to a
dimension that organized both RDMs. Contrarily, if a non-important part of
Image 1 were masked, the DNN RDM would not change, and so 20,5 would
remain unaltered. Implementation details can be found in the Appendix.

To apply this method we used brain RDMs from ventral temporal cortex
(vTC) and parahippocampal place area (PPA), and the two DNNs pruned by
these RDMs. For any given target image, the image was masked by sweep-
ing a mask over the entire image, and assigning a Contribution score to a
4 x 4 pixel area in the center of the mask. Following prior work Palazzo et
al. 2020 masks at different scales were applied, and we selected the Contrib
value that departed most strongly from zero as the value assigned to the
center of the mask. As an internal control, the analysis was also repeated
by computing DNN RDMs from a non-pruned version of VGG-19. This
control identifies shared dimensions between the ’vanilla’ non-pruned net-
work and a given brain RDM. The code for this can be found on Github
https://github.com/tlmnhut/Visualize\_PrunedDNN\_by\_HumanSim.

A sample result is shown in Figure 1.8 (see Appendiz Figure 17 for more
results). As shown, the method is highly useful for identifying types of infor-
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mation that may be important for a given brain area. In the outdoors image,
for vT'C, masking of sky-areas strongly perturbed 2015, but this was found
for the pruned DNN only. For PPA, in contrast, the unpruned DNN identified
the face as important, but the pruned DNN notably excluded face informa-
tion. We note that these effects were mediated by the global rather than
local structure of the image: applying the method to target images rotated by
180-degrees (e.g., sky is below) produced substantially different heatmaps.

Given these results as a proof of concept that supervised pruning by brain
data can produce interpretable heatmaps highlighting image parts that are
important for human—model alignment, we improve this method in the current
paper to make it both a predictive and explanatory tool for studying human
object comparisons, with concrete quantitative evaluation.

1.4 Discussion

Understanding what information is used in human comparisons is important
not only for a better understanding of the comparison process itself, but also
for comprehending how people form memories and make decisions (Roads and
Love 2024). We introduced and validated a feature-map’s Alignment Impor-
tance as a meaningful parameter relevant to such explanations. We first showed
that AIS values generalize to improve prediction of human similarity judg-
ments. This complements current approaches that achieve improvements by
using reweighting or pruning of nodes in a DNN’s penultimate layer (e.g. Pe-
terson et al. 2018; Attarian et al. 2020; Kaniuth and Martin N Hebart 2022a;
Jha et al. 2023; Tarigopula et al. 2023).

We then used AIS to produce explanations for those judgments via heatmaps.
These heatmaps offered some correspondence to state-of-the-art saliency maps,
in that when saliency maps were thresholded at high percentiles, the resulting
representation could sometimes predict (binarized) AIS heatmaps quite well,
especially for Animals. However, instances where saliency and AIS-reduced
maps diverged are of major theoretical importance as they show it is possible
to dissociate visually salient image elements from those that are important for
comparison.

Because the method we present is based on mapping, or aligning a DNN’s
representational space to a human one via pruning, the feature space of the
pretrained-DNN is of fundamental importance. For this reason, in Aim 1 we
studied DNNs trained on both ImageNet and Ecoset datasets. We found that
AIS scores improved out-of-sample prediction for models trained on either of
the training datasets. Thus, both models learn feature maps particularly rel-
evant for accounting for the representational space of specific categories. For
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both Ecoset and ImageNet, category-specificity was shown in the fact that the
relative ranking of AIS scores varied greatly across categories. Interestingly,
Ecoset appears to distribute the AIS scores slightly more uniformly across
feature-maps than ImageNet, which is a topic that requires further investiga-
tion.

Further speaking to generalization across both training sets, the heatmaps
were, for the most part, quite similar when created from Ecoset or ImageNet
AIS scores, with average correlations between the heatmaps exceeding 0.75 for
the Animals category. However, some images showed low correlations, and
these tended to be associated with more uniform post-softmax distributions
in the DNN’s categorization layer. This means that divergence in heatmaps
produced by the two models were more prevalent for images that one of the
models found difficult to classify. In practice, we recommend using both Ecoset
and ImageNet trained models to create heatmaps and carefully evaluating
images with inconsistent results.

The strongest demonstration of generalization of the AIS based approach
was provided in Aim 4, where we showed that the method improves out-of-
sample prediction of human similarity judgments across eight different archi-
tectures. From the perspective of construct validity, the choice of architecture
is fundamental for the effective use of the proposed method. An architecture
that provides poor out-of-sample predictions of human similarity judgments
will offer less meaningful explanations of human behavior compared to one
that provides strong predictions. Examining this issue we find that there was
no architecture that provided the best prediction across all six image cate-
gories. Thus, when explaining human comparisons for a stimulus set, it would
be generally important to select an architecture with the best predictive ca-
pacity.

However, we also note that predictive capacity should be considered con-
jointly with the complexity of the architecture. In the current study, we used
the VGG architecture in Aims 1, 2 and 3, as it was the reference architecture
in prior work on prediction of human similarity judgments from image em-
beddings (Attarian et al. 2020; Peterson et al. 2018; Tarigopula et al. 2023).
As mentioned in the Methods and Results, the two VGG architectures, while
providing good predictions, produce embeddings that naturally reflect interac-
tions between feature map information, and so the removal of a feature map is
assessed by the impact of its removal on these interaction values. Other archi-
tectures that do not use fully connected layer after the deepest convolutions
may produce simpler explanations. This is a topic that needs to be explored
in future work.
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%@gure 1.4: Histograms describing statistics of Alignment Importance Score
distributions for models trained on Ecoset or ImageNet. The x-axis are dis-
played in e-4 format. A star symbol (*) indicates a significant difference be-
tween the two distributions as determined by a KS test.
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Figure 1.5: Precision-Recall Curves when predicting AIS heatmap values from
saliency, for different thresholds of AIS heatmaps. The target variable was
heatmap values produced from AIS scores computed from ImageNet training.
The predicting variable were saliency map values obtained from TranSalNet.

47



CHAPTER 1

0.0 0.0 1.32

Figure 1.6: Overlap between the heatmaps created by Alignment Importance
Scores (blue contours) and the saliency maps from TranSalNet (orange con-
tours). The contours indicate the 5%, 10%, and 15% most important pixels,
with increasing color intensity respectively. Relative Risk values computed
from top 5%, 10% and 15% pixels in each map are printed on the top of each
images. The two left images are examples of cases where AIS and saliency
identified similar areas, whereas the two right images present extreme cases of
non-overlap.

48



1.4. DISCUSSION

Animals - All features Animals - Pruned features
2 1
0.75 -
c c
2 1 2 2
© 0.50 &
[ [
8 0.25 1 8
0.00 -
Transportation - All features Transportation - Pruned features
0.6 0.6 A
2 1
c c
i) i)
- B
© ©
[ [
S S
&) &)

Fruits - All features Fruits - Pruned features
1 2

Correlation
Correlation

Furniture - All features Furniture - Pruned features
0.6 A 1 2
c c
o o
© ©
[ [
5] S
&) &)
0.0 -
Various - All features Various - Pruned features
0.6
0.4 1 2

Correlation
Correlation

Vegetables - All features Vegetables - Pruned features
1 2

Correlation
Correlation

Figure 1.7: Cross-validation performance for models typically used as feature
extractors. The numbers ‘1" and ‘2’ refer to the two best performing models
on the test set when using all features or only the features retained from the
training set (‘Pruned features’).
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Original image PPA unpruned PPA pruned VTC unpruned VTC pruned

Figure 1.8: Heatmap in Tarigopula et al. (2023) showing the contribution of
each image section to second order isomorphism between a DNN RDM and a
Brain RDM. ‘pruned’ and ‘unpruned’ refer to whether or not the brain region
supervised the pruning of the DNN. Green colors indicate image areas whose
features contribute to shared DNN/Brain dimensions. The area within the
inner black square was captured by masks at all scale-sizes; areas outside the
black square also included padded data.
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Chapter 2

Pruning for Reassessing
Number-Detector Units 1n
Convolutional Neural Networks

Abstract Convolutional neural networks (CNNs) have become essential mod-
els for predicting neural activity and behavior in visual tasks. However, their
ability to capture higher-level cognitive functions, such as numerosity discrim-
ination, remains debated. Numerosity, the ability to perceive and estimate
the number of items in a visual scene, is often proposed to rely on special-
ized number-detector units within CNNs, analogous to number-selective neu-
rons observed in the brain. In this study, we use CORnet, a biologically in-
spired CNN architecture inspired by the organization of the primate visual sys-
tem. To address a limitation of classical Representational Similarity Analysis
(RSA)—its assumption that all units contribute equally—we apply pruning, a
feature selection approach that identifies the units most relevant for explaining
behavioral similarity structure. Our results show that number-detector units
are not critical for population-level representations of numerosity, challenging
their proposed role in previous studies.

Code https://github.com/alireza-kr/CORnetOnNumber

Publication status This chapter is taken from the workshop paper: Truong,
N., Noei, S., & Karami, A. (2024, December). Reassessing Number-Detector
Units in Convolutional Neural Networks. In NeurIPS 2024 Workshop on Be-
havioral Machine Learning. https://openreview.net/forum?id=n5cV83qUrs
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2.1 Introduction

Early breakthroughs in the study of biological vision served as the foundation
for convolutional neural networks (CNNs; Lindsay 2021). Like the brain, these
hierarchical models consist of several feedforward layers, with each layer com-
prising numerous artificial units that mimic neurons. Since then, CNNs have
evolved into state-of-the-art models for predicting neural activity and behavior
in visual tasks (Khaligh-Razavi and Kriegeskorte 2014; Daniel L. K. Yamins
et al. 2014; Daniel L K Yamins and DiCarlo 2016; Cichy et al. 2016). For ex-
ample, it has been demonstrated that CNNs trained on an object classification
task can account for the brain responses of both humans’ and monkeys’ infe-
rior temporal cortex (IT), a key region for object recognition (Khaligh-Razavi
and Kriegeskorte 2014).

But what happens when the images contain multiple objects? Perceiving
and representing the number of items in a set—known as numerosity—without
counting is considered a core and ancient cognitive ability shared by hu-
mans and many animal species, often referred to as ‘number sense’ (Dehaene
2011). Specialized neurons, or ‘number neurons’, that are tuned to the num-
ber of items in a visual display have been identified in numerically naive mon-
keys (Viswanathan and Nieder 2013b), crows (Wagener, Loconsole, Helen M.
Ditz, et al. 2018b), and untrained 10-day-old domestic chicks (Kobylkov et al.
2022b), suggesting that numerosity is automatically represented in the brain.
Brain imaging studies have also pinpointed regions in the parietal cortex that
are responsible for representing numerosity in both adults (Piazza et al. 2004;
Castaldi et al. 2019; Karami, Castaldi, Eger, and Piazza 2025) and preverbal
infants (Izard et al. 2008; Hyde et al. 2010; Edwards et al. 2015), demonstrat-
ing this ability at the population level. In addition, Karami, Castaldi, Eger,
M. Hebart, et al. 2025 combining magnetoencephalography (MEG) with fMRI
has shown that numerosity representations emerge rapidly after stimulus on-
set and evolve over time along the visual hierarchy, from early visual cortex
to higher-level associative areas. Additionally, fMRI decoding in the parietal
regions of adults has been linked to behavioral number discrimination acuity
(Lasne et al. 2019). Collectively, these findings highlight the critical role of
parietal brain activity in human number discrimination.

Recently, it has been shown that number-detector units, analogous to num-
ber neurons recorded in the prefrontal and parietal cortices of monkeys, can
emerge in the final layers of CNNs trained for visual object recognition (Nasr et
al. 2019b) and even in completely untrained CNNs (G. Kim et al. 2021b). How-
ever, Karami, Truong, et al. (2025), using RSA (Kriegeskorte 2008), demon-
strated that CNNs fall short of explaining the variance in numerosity represen-
tation observed in fMRI data from the human parietal cortex. Further analysis
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using multidimensional scaling (MDS; J. B. Kruskal 1964) revealed significant
differences in the geometric structure of numerosity representations between
human parietal regions and CNNs (Karami, Truong, et al. 2025). In the clas-
sical RSA framework used by Karami (2024), all features contribute equally
to the final dissimilarity estimate. However, this ‘equal weights’ assumption
conflicts with the notion that, when comparing representational dissimilar-
ity matrices (RDMs), certain features may carry more informative content
than others. As a result, this approach can underestimate the true correspon-
dence between the model and a specific brain region or behavior (Kaniuth
and Martin N. Hebart 2022b; Tarigopula et al. 2023). Moreover, the classi-
cal RSA approach may overemphasize non-relevant units by treating them as
equally important as units that carry behaviorally relevant information, such
as number-detector units in our case.

To assess the relevance of number-detector units in representing numeros-
ity at the population level within CNNs, we employed a pruning approach.
Pruning is a feature selection technique used to identify and retain the most
relevant parts of a model, such as specific weights or activations, that best
align with the behavior data and improve predictions (Flechas Manrique et al.
2023a; W. Bao and Hasson 2024; Truong et al. 2024). This approach is based
on the observation that pretrained models often contain redundant information
(Y. Cheng et al. 2015; Frankle and Carbin 2018). Therefore, using the entire
model may not be necessary for a specific task, such as numerosity discrimi-
nation in our case. Specifically, we pruned different CNN architectures based
on the number RDM, which captures the behavioral signature of numerosity
perception in humans. This matrix serves as a benchmark for comparing the
alignment of CNN representations with human numerosity processing. Our
results revealed that number-detector units are not critical for representing
numerosity at the population level within these networks. This finding sug-
gests that, while number-detector units may emerge in specific layers of CNNs,
they do not play a significant role in capturing the broader, population-level
representation of numerosity, as reflected in human behavioral data.

2.2 Methods and experimental setup

2.2.1 Stimuli and Training the CNN

To investigate number-detector units in CNNs we used CORnet-Z and CORnet-
S, models with four anatomically mapped areas (V1, V2, V4, and IT) followed
by a decoder layer. CORnet-Z is the simplest network in the CORnet family
and a lightweight alternative to AlexNet. CORnet-S also has recurrent connec-
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tivity and is designed to maximize Brain-Score (Schrimpf, Kubilius, H. Hong,
Najib J. Majaj, et al. 2018b). Each anatomically mapped area in the CORnet
consists of a single convolution, followed by a ReLLU nonlinearity, max pooling
and the decoder is a 1000-way linear classifier (Kubilius, Schrimpf, Nayebi,
et al. 2018; Kubilius, Schrimpf, Kar, et al. 2019).

We chose CORnet-Z and CORnet-S because it balanced the resemblance
to the architectures used by previous studies on numerosity and because it
well fit the visual system (Schrimpf, Kubilius, H. Hong, Najib J. Majaj, et al.
2018b). We used three versions of the CORnet:

1. the completely untrained version with randomly initialized weights to reveal
the effect of architecture alone (Cichy et al. 2016),

2. a version trained on object recognition using the ImageNet dataset (Deng,
Dong, Socher, L.-J. Li, N. K. Li, et al. 2009), which contained 1.2 million
images of objects over 1000 categories, as it has been used in a previous
study by Nasr et al. (2019b),

3. and a version of the network was specifically trained to discriminate be-
tween ten numerosity values: 6, 7, 9, 10, 12, 14, 17, 20, 24, and 29. We
specifically trained the networks to discriminate between numbers because
Mistry et al. (2023) demonstrated that training a CNN for numerosity dis-
crimination significantly reorganizes the number-detector units. To avoid
flawed stimulus design (Park 2022), where low-level visual features like size
or dot density correlate with the number of dots, we used the method in-
troduced by DeWind et al. (2015) to generate the dot sets. A sample of the
generated stimuli used for training the network is shown in Figure 2.1A. Fol-
lowing the approach of Mistry et al. (2023), we first initialized the network
with weights pre-trained on ImageNet, then trained it on the numerosity
task for 100 epochs using the Stochastic Gradient Descent (SGD) optimizer
with default PyTorch parameters.

After training, the three versions of the model were tested with visual dot
sets, where both the number of dots and low-level visual features (average
item area and total field area) varied across 32 different conditions: 4 nu-
merosities (6, 10, 17, 29), 4 average item areas, and 2 total field areas (Figure
2.1B). Each input image was 500 x 500 pixels. We selected four layers of the
network-analogous to visual brain areas (V1, V2, V4, and IT) and extracted
the activations of all nodes in each layer. The results from 100 instances of each
condition were averaged to produce a single activity vector for each condition
from the output of each layer.

54



2.2. METHODS AND EXPERIMENTAL SETUP

[>)

Total Field Area (vd) Total Field Area (vd

JaquinN

=y
=

=}
[3,]
(6oy) aouessiq
JaquinN
= ] = ] 3 | B |

0.04 0.07 0.07 0.12

Average Item Area (vd?) Average Item Area (vd?)

@®
@

Figure 2.1: (A) Sample stimuli used for training the networks. (B) Sample
stimuli used for testing the networks. (C) Number RDM, reflecting human
behavioral data, used to prune the network layers.

2.2.2 Identification of Number-Detector Units

Following Nasr et al. (2019b), we used ANOVA to find number-detector units.
Specifically, a three-way analysis of variance (ANOVA) with three factors -
numerosity, total field area, and average item area - was applied to select
number-detector units. The goal was to identify units that had a significant
change in response across different numerosities while maintaining an invariant
response across variations in total field area and average item area, as well as
across the three interactions among pairs of factors, and the interaction among
all of the three. A unit is marked as a number-detector if it shows a significant
change for numerosity (p < 0.01) but no significant change for the other two
factors or any of the interactions. Units that did not meet these criteria were
classified as non-selective. This method of selecting number-detector units is
analogous to the method that has been used to detect numerosity-sensitive
neurons in monkeys and humans.

2.2.3 Representational Similarity Analysis between Num-
ber RDM and Network RDM

To create the CNNs’ RDMs, we used the 32 activity vectors obtained by av-
eraging the 100 instances per condition. We chose 100 instances to address
concerns about the limited number of sample images used in previous studies,
such as Nasr et al. (2019b), which were criticized for this limitation (X. Zhang
and X. Wu 2020). The CNNs’ RDMs were constructed using 1 — Pearson
correlation between the activations of each layer for each pair of conditions.
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The number RDM (Figure 2.1C) was based on the logarithmic distance be-
tween the pairs of conditions in terms of numerosity. We then compute the
correlation between each CNN’s RDM and the number RDM.

Pruning the Layers of Models

The pruning algorithm, which is adapted from Tarigopula et al. (2023), involves
three steps. First, the importance of each unit is assessed by removing it from
the full set of units. Each time a unit is removed, a new RDM is computed,
and its score is compared to the number RDM. A significant drop in the score
compared to the full set RDM indicates that the unit is important for matching
the number RDM, while a smaller drop or an increase in score suggests the
unit is unimportant or possibly encoding noise. Second, all units are ranked
based on their importance scores, from highest to lowest. Third, starting with
an empty activation vector, units are sequentially added back in the order of
their ranking. After each addition, the fit between the RDM derived from the
new embedding and the number RDM is re-evaluated. We truncate and select
the set of neurons when the highest RSA score is achieved, and refer these
units as the ‘retained units’ after pruning.

2.3 Results

2.3.1 Retained Units After Pruning and Number-Detector
Units Often Do Not Overlap

Table 2.1: Number of retained units after pruning, and of number-detector
units identified by ANOVA. The full set of units in V1, V2, V4, and IT layer
in both models are 262144, 131072, 65536, 32768 respectively. The numbers
in parentheses denote the percentage of units compared to the full set.

CORnet | Laver After Pruning ANOVA
4 ImageNet DeWind Untrained | ImageNet DeWind Untrained
Vi 101511 (39) 100081 (38) 72429 (28) | 68 (0.03) 83 (0.03) 77 (0.03)

. V2 | 45421 (35) 45584 (35) 40176 (31) | 44 (0.03) 24 (0.02) 1 (0)
V4 | 32264 (49) 31979 (49) 20358 (31) | 13 (0.02) 27 (0.04) 13 (0.02)
IT | 6074 (19) 1971 (6) 4139 (13) | 32(0.1) 10 (0.03) 3 (0.01)
V1 | 58310 (22) 117169 (45) 100637 (38) | 803 (0.31) 939 (0.36) 657 (0.25
S

V4 423 (1) 16444 (25) 2595 (4) | 101 (0.15
IT 66 (0.2) 37 (0.1) 424 (1.3) | 126 (0.38

(0.31) )
V2 | 6886 (5) 39881 (30) 12344 (9) | 414 (0.32) 121 (0.09) 454 (0.35)
(0.15) 62 (0.09) 257 (0.39)
(0.38)  0(0) 125 (0.38)
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Table 2.2: The overlap scores between the units selected by the two methods.
The scores are defined as the number of units presented in both two sets divides
by the number of units in the smaller set, ranging from 0 (in case of no overlap)
to 1 (in case of the bigger set contains the entire smaller set). The value for
CORnet-S trained on DeWind was undefined as there was no unit detected

via ANOVA.

CORnet | Layer ‘ ImageNet DeWind Untrained

V1 0.40 0.57 0

7 V2 | 059 0.71 1
V4 1 0.85 1
IT | 0.09 0 0
\Z! 0.31 0.27 0.65

S v2 | o001 0.21 0.01
V4 0 0 0
IT | 0 - 0

Table 2.1 presents the number of units selected by two methods: pruning
and ANOVA. In both models, the number of retained units after pruning is
significantly higher than the number of number-detector units identified by
ANOVA. ANOVA results in significant more units in CORnet-S compared
to Z. Moreover, pruning removed the largest proportion of units in the IT
layer, while the ANOVA method showed no significant differences across layers.
There is no noticeable difference between the ImageNet-trained and DeWind-
trained models. Interestingly, both retained units and number-detector units
are found in untrained networks, consistent with the findings of G. Kim et al.

(2021D).

The overlap between the units selected by the two methods is defined as
the number of units shared by both sets, divided by the number of units in the
smaller set: |Pruning N ANOVA| / min(|Pruning|, |[ANOVA|). The overlap
scores, as shown in table 2.2, vary considerably across layers and models. Little
to no overlap was observed in the IT layer of both models and in the V4 layer
of CORnet-S, while significant overlap was found in the V2 and V4 layers
of CORnet-Z, and in the V1 layer of CORnet-S. Only three cases showed a
perfect overlap score of 1, while seven cases had a score of 0. Overall, the
results suggest that the two methods generally select non-overlapping sets of
units.
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2.3.2 Retained Units after Pruning Fit the Behavior
Data Better than Number-Detector Units

Figure 2.2 shows that the retained units after pruning provide a better fit
for modeling the number RDM compared to the full set of units, highlight-
ing the limitations of using the full set in classical RSA. Additionally, in
most cases—except for V2 and V1 in CORnet-S DeWind, which is specifi-
cally trained for number discrimination—the number-detector units selected
by ANOVA, as commonly studied in traditional literature, perform worse than
the retained units after pruning. In 8/22 cases, they are even worse than the
full set of units. This demonstrates that the number-detector units are not
important for capturing the population-level representation of numerosity in
human behavioral data.

CORnet-Z ImageNet CORnet-Z DeWind CORnet-Z Untrained
a~e = - < - ® Full . < =

®  Prune
V4 A e = A L = A ANOVA A e =
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Figure 2.2: The Pearson correlations, quantified using RSA, from the full set
of units, the retained units after pruning, and the number-detector units iden-
tified by ANOVA. The missing data points are due to an insufficient number
of minimum units (2) required to compute the correlations.

2.4 Discussion

It has been emphasized that cognitive and behavioral functions emerge from
the collective dynamics of neural populations, rather than isolated neuronal
activity (Yuste 2015), underscoring the importance of population-level anal-
ysis for understanding complex behaviors like numerosity discrimination. In
this context, RSA has become a widely used method for comparing representa-
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tional spaces from human brain activity, behavioral data, and computational
models. However, classical RSA assumes that each feature is equally impor-
tant, making it difficult to interpret the contribution of individual features.
In our case, classical RSA does not provide insights into the importance of
number-detector units identified in CNNs. To address this limitation, we ap-
plied pruning, a feature selection technique used to identify and retain the most
relevant components of a model—such as specific weights or activations—that
best align with behavioral data. Pruning revealed that the number-detector
units are not essential for contributing to the representation of numerosity at
the population level, casting doubt on their significance for numerosity dis-
crimination. These findings are also consistent with previous work by Mistry
et al. (2023), which demonstrated that training a CNN for numerosity discrim-
ination significantly reorganizes the number-detector units, and by Chapalain
et al. (2024), which showed that dot-pattern-tuned units do not generalize to
object-number information in photorealistic stimuli.

Future work could use explainable Al techniques to decode the semantic
content within the subset of units selected by both methods. Extending the
work on more ecological, natural image datasets (Upadhyay and Varma 2023;
Hou et al. 2024) or exploring the language domain (Shah et al. 2023; Wennberg
and Henter 2024; Varma et al. 2024) are also promising directions.
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Chapter 3

Sparsity-guided Pruning to
Preserve Representational
Geometry and Model Human
Similarity Judgments

Abstract While deep neural networks are increasingly adopted in cognitive
sciences, they are often computationally expensive and contain irrelevant in-
formation for downstream tasks. In contrast to pruning approaches that aim
to maintain classification accuracy, we present a pruning method to compress
entire models while preserving their representation geometry. The target rep-
resentational space can derived from a neural network or from human similarity
space. Our method involves eliminating sparse, rarely activated components
throughout the entire network architecture. We show that a deep model’s
representational space can be preserved or minimally altered when sparse fea-
tures are removed, producing a compact model for network distillation and
predicting human similarity judgments.

Publication status This chapter is extracted from a manuscript in prepara-
tion. The manuscript contains the extension of the works that were presented
as two conference abstracts: 1) Truong, N., & Hasson, U. (2024). Prun-
ing sparse features for cognitive modeling. In The 7th annual conference on
Cognitive Computational Neuroscience, and 2) Truong, N., Bavaresco, A., &
Hasson, U. (2023). The impact of rarely-firing nodes in neural networks on
representational geometry and predictions of human similarity judgments. In
Conference on Cognitive Computational Neuroscience 2023 (pp. 1025-1028).
The code will be published in the preprint version.
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3.1 Introduction

3.1.1 Sparseness in the brain and in deep neural net-
works

Biological and artificial neural systems can exhibit sparse activations, where
only a small subset of units responds to a given input, in contrast to dense
representations. In biology, sparse coding has been observed across domains,
including visual responses in visual cortex and odor responses in hippocampus
and amygdala (Rolls and Tovee 1995; Kehl et al. 2024). In vision, sparsity is
often attributed to metabolic efficiency and selective population coding. For
example, population sparseness can be extremely high in monkey visual cortex,
with j1% of neurons active for a stimulus (S. Tang et al. 2018).

Modern deep neural networks (DNNs) trained on image classification tasks
also produce highly sparse representations. In VGG-16, units in the deepest
fully connected layers respond, on average, to only 65% of the input images,
with some units not activating for more than 90% of the images Hengyuan
Hu et al. 2016. However, sparsity in DNNs is not produced by the same
pressures shaping neurobiological systems. Instead, it is at least a byproduct
of overparameterization: models are trained with far more parameters than
are required to perform the task, as demonstrated by extensive research on
pruning (see review H. Cheng et al. 2024; F. Chen et al. 2024; Menghani 2023;
Y. He and Xiao 2023; Mariné et al. 2023; Lé et al. 2023). In particular, pruning
motivated by the “lottery ticket hypothesis” (Frankle and Carbin 2018) has
shown that small subnetworks within the original model, which consist of a
subset of the original weights, can reach the same accuracy of the full network.

Overall, while neurobiological sparsity is functional, sparsity in DNNs is
at least partially a side effect of overparameterization. Units that contribute
to sparsity in DNNs do not necessarily contribute to population coding, sug-
gesting that sparsity in DNNs should be treated differently than in biological
systems. This is especially relevant when using pretrained models to study the
geometry of specific semantic categories (e.g., the dataset of Peterson et al.
2018), because units inactive for a category cannot support within-category
distinctions and should not involve in the analysis. Furthermore, if different
categories activate different subsets of DNN units, this would suggest that the
network organizes information in partially disjoint subspaces, corresponding
to different semantic domains (Bavaresco and Fernandez 2025). Thus, when
studying the representational geometry of a DNN, across or within categories,
it is useful to distinguish between active and inactive units.
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3.1.2 Correlation Retaining Iterative Structural Prun-
ing (CRISP)

There is currently no pruning method designed to approximate a target repre-
sentational geometry (e.g., from human behavior or from the internal geometry
of the model itself) by removing sparse, non-informative units. To address this
gap, we develop CRISP (Correlation Retaining Iterative Structural Pruning), a
structured, activation-based, global, iterative pruning method that compresses
pretrained CNNs by removing units and filters without fine-tuning and with-
out changing the weights of retained units. CRISP ranks candidates from the
whole network by activation sparsity (e.g., high “percentage of zeros”, follow-
ing Hengyuan Hu et al. 2016) and iteratively prunes while monitoring preser-
vation of representational similarity: after each step it recomputes activations
and derives an RDM, and continues until the correlation with a reference RDM
until the alignment drops below a threshold. Because it preserves similarity
structure, CRISP isolates the subspaces that are most important for stimulus
discrimination while facilitating explainability at the unit/filter level. Specifi-
cally, consistently inactive features can reveal what the model does not use to
encode within a stimulus domain.

3.2 Methods

3.2.1 Model and Datasets

We used VGG-16 architecture Simonyan and Zisserman 2014 pretrained on
ImageNet Deng, Dong, Socher, L.-J. Li, K. Li, et al. 2009. To evaluate the
alignment between the model and human judgments, we used data from Peter-
son et al. 2018, which includes pairwise-similarity judgments for six datasets,
each containing 120 images. These datasets were Animals, Fruits, Furniture,
Vegetables, Transportation (referred to as Automobiles in the original paper)
and Various. The latter combining images from the other categories. For each
dataset, ten participants judged the similarity of all image pairs, rating them
on a scale from 1 (completely dissimilar) to 10 (very similar). This process
resulted in six matrices of average human ratings, each with dimensions of
120 x 120. The judgment scores and relevant images were kindly provided by
the authors.

3.2.2 Pruning criterion

We used the Percentage of Zeros (PoZ) as the pruning signal. PoZ quantifies
the proportion of zero activations after applying the ReLLU function, reflecting
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a unit’s inactivity across a dataset Hengyuan Hu et al. 2016.

For a fully connected layer, PoZ is computed per unit as:

B
1 .
PoZ; = Y ey =0), (3.1)
b=1

where a is the post-ReLU activation of unit j for sample b, B is the total

number of samples, and I(-) is the indicator function.

For convolutional layers, PoZ is computed per feature map as:

L ek
PoZ;, = BHWZZZ]I(abhw =0), (3.2)

b=1 h=1 w=1

where aé’fgy is the activation at location (h,w) in feature map k for sample b,

and H x W is the spatial size of the feature map.

Implementation of CRISP

We first consider the target representation geometry comes from the model
itself, operating by a representational similarity /dissimilarity matrix computed
from activations of certain layers in the model. Our pruning method, CRISP, is
an iterative, structural pruning approach that eliminates units based on their
PoZ, while preserving the representational geometry of the original network
above a certain pre-defined threshold, while not altering the weights of all the
retained units. At each iteration, the units or filters with the highest PoZ are
structurally removed from the model. This involves permanently eliminating
the unit from the architecture, not just zeroing the weights.

After each pruning step, we compute the representational similarity matrix
(RSM) from penultimate-layer activations and evaluate its Spearman correla-
tion p with the original RSM. Pruning continues as long as p remains above
a user-defined threshold piareet. After each pruning step, PoZ is recomputed
for all remaining units: even though the retained weights remain fixed in mag-
nitude across iterations, removal of units changes the information flow in the
network and therefore the PoZ of units in all layers deeper than those of the
removed unit.
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Input:

1. Network N

2. The layer that we want to approximate its geometry

3. Threshold Spearman piareet for stopping the pruning process

4. Granularity GG indicating number of units to be removed in each iteration

// e.g. 1 for small models; 50 for large models

Output: Pruned sub-network NN, that preserves representational geometry at

the chosen layer with p > prarget

Data: Dataset D

Compute the original representational similarity matrix RS M, using Ny on D
Initialize N < N
stop_flag « False

while stop_flag = Fualse do
Pass D through N and extract activations from all layers

Compute PoZ (percentage of zeros) for all units in N
Identify the G units with the highest PoZ

Create a new network N’ by structurally removing units G from N
Compute the representational similarity matrix RSM’ at the chosen
layer of N’

Compute p = Spearman(RSM’, RS M)

if P Z Ptarget then

L Update N < N’ // Accept the removal
else
stop_flag <— True // Stop when removal reduces geometry below
threshold

Return final pruned network N, <— N

Application of CRISP in VGG-16

We applied CRISP to a pretrained VGG-16 model in two ways, correspond-
ing to two targets of representational geometry. First, we guided pruning by
RSMs produced from each category’s image-by-image similarity matrices as
computed from the entire (full) embedding matrix. Second, we used human
similarity judgments for the images within each category as guidance. Here,
we focused only on embeddings in fc1 and fc2 layers and evaluated whether
it is possible to derive pruned versions of the model that better align with

65



CHAPTER 3

human similarity judgments. Due to the large architecture of VGG-16 (over
10,000 prunable units), we removed 50 units or feature maps per iteration to
reduce computational cost.

3.3 Results

We tracked representational similarity across pruning iterations for fcl and
fc2, both relative to the original unpruned network (Figure 3.1) and relative
to HSJs (Figure 3.2), separately for each semantic category in Peterson et
al. (2018). For both layers, RSA relative to the original model remains high
across a large range of pruning iterations, nearly at ceiling for fcl, indicating
that substantial removal can be performed without strongly changing the rep-
resentational geometry. Beyond approximately 100 iterations (depends on the
datasets), RSA drops significantly, marking a transition where further pruning
rapidly decrease the geometry. Alignment with HSJs shows a similar pat-
tern: correlations remain largely stable during first around 100 iterations, and
then collapse near the point where model geometry diverges from the original.
Across panels, the ‘various’ category degrades earliest, which makes sense as
a sanity check because it contains mix categories. Overall, the results suggest
that the core, relevant geometry that represent a certain category is supported
by a relatively small set of units and feature maps with low PoZ that can be
retained under heavy pruning.

These preliminary results serve as a proof of concept for further analyses
in the future. Pruning could be extended to earlier layers to test the utility of
CRISP. Explainability analyses should also be included to decode the semantics
of retained and removed units or feature maps, revealing what information is
important for preserving the geometric structure within a semantic category
in pretrained models.
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RSA at fc1, compared with original model
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Figure 3.1: Tracking the representational geometry of the pruned models
against that of the original model. The chosen layers are fcl (top) and fc2
(bottom) from the fully connected layers. Each pruning iteration consists of
50 units or feature maps that have the highest PoZ at that iteration.
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RSA at fc1l, compared with human judgments
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Figure 3.2: Tracking the representational geometry of the pruned models
against human similarity judgments. The chosen layers are fcl (top) and fc2
(bottom) from the fully connected layers. Each pruning iteration consists of
50 units or feature maps that have the highest PoZ at that iteration.
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Investigating Action
Topography in Visual Cortex
and Deep Artificial Neural
Networks

Abstract High-level visual cortex contains category-selective areas embed-
ded within larger-scale topographic maps like animacy and real-world size.
Here, we propose action as a key organizing factor shaping visual cortex to-
pography and assess the ability of topographic deep artificial neural networks
(DANNS) in capturing this organization. Using fMRI, we examined responses
to images of body-parts and objects with different degrees of action proper-
ties. In left lateral occipitotemporal cortex, we identified a topographically-
organized action gradient, with overlapping activations for bodies, hands, tools,
and manipulable objects along a dorsal-posterior to ventral-anterior axis, cul-
minating at the intersection of body parts and objects exhibiting higher action
properties. Multivariate analyses confirmed action as a crucial organizing prin-
ciple, while shape and animacy dominated ventral occipitotemporal cortex and
DANNSs, which exhibited no action-based organization. Our proposed action
dimension serves as a further organizing principle of object categories, ad-
vancing understanding of visual cortex organization and its divergence from

DANN-based models.

Code osf.io/ctmbx/
github.com/DavideCortinovis/Action-topography-in-visual-cortex
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Publication status : The author of the thesis contributed to the topo-
graphic modeling section in the paper: Cortinovis, D., Truong, N., Op de
Beeck, H., & Bracci, S. (2025). Investigating action topography in visual cor-
tex and deep artificial neural networks. Nature Communications. This chapter
contains the full abstract and introduction of the paper, and additionally the
methods, results, and discussion involving the spatial organization of visual
cortex and topographic models. Although the fMRI analyses are not the con-
tributions of the author of this thesis, they are included in this chapter to
support understanding of the topographic modeling section.

4.1 Introduction

Topography — the systematic, spatial organization in which neurons (or vox-
els) with similar functional properties are located near one another in the
cortex — is ubiquitous throughout the cortex, from the retinotopy and pin-
wheels of primary visual cortex to the complex somatotopic organization of
body parts in the so-called motor homunculus in M1 (Durbin and Mitchison
1990; Wandell et al. 2007; Penfield and Boldrey 1937). In occipitotemporal
cortex (OTC), a topographic organization of functionally selective areas has
been shown, with areas responding preferentially to ethologically-relevant cat-
egories such as faces, body parts, words, and scenes, mirrored along the ventral
and lateral OTC, and forming a consistent spatial arrangement across partic-
ipants (Kanwisher 2010; H. P. Op de Beeck et al. 2008; Taylor and Downing
2011; Grill-Spector and Weiner 2014).

Several accounts have tried to explain this organization by highlighting
the role of different features that map object space onto the two-dimensional
cortical sheet, leading to the emergence of functionally selective areas. These
features span from low-level principles like eccentricity, to mid-level properties
(e.g., curvature, aspect-ratio, texture), and to semantic principles like animacy
and real-world size (Gomez et al. 2019; 1. Levy et al. 2001; R. Malach et al.
2002; Yue et al. 2020; P. Bao et al. 2020; Coggan and Tong 2023; Jagadeesh
and Gardner 2022; Kriegeskorte et al. 2008; Konkle and Oliva 2012). Some
of these dimensions appear to be repeated across ventral and lateral OTC,
explaining the mirrored organization of category-selective areas (Hasson et al.
2003; Konkle and Caramazza 2013; Silson et al. 2015). Remarkably, the repre-
sentational space of higher-level layers in DANNSs trained on object recognition
captures the same object dimensions observed in the visual cortex (e.g., ani-
macy, aspect-ratio — but see Yargholi and H. Op de Beeck 2023 — shape, real-
world size; Khaligh-Razavi and Kriegeskorte 2014; P. Bao et al. 2020; H. O. d.
Beeck et al. 2023; Zeman et al. 2020; T. Huang et al. 2022). Moreover, topo-
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graphic DANNs — architectures that incorporate biologically inspired spatial
constraints — develop category-selective responses (e.g., for faces, bodies, and
scenes) that mirror the topographic organization found in the visual cortex
(Blauch et al. 2022; Margalit et al. 2024; Z. Lu et al. 2025).

Notably, accumulating evidence suggests that despite the fact that lateral
and ventral OTC show a similar mirrored object topography, their underlying
representational space might be better explained by different object dimensions
(Lingnau and Downing 2015; Wurm and Caramazza 2022). For instance, the
left lateral OTC shows sensitivity to categories characterized by their action-
related properties such as hands and tools, whose underlying selectivity is
spatially adjacent to, and partially overlaps with, one another (Bracci and
H. O. d. Beeck 2016; Mahon, Milleville, et al. 2007; Weiner and Grill-Spector
2010; Bracci, Cavina-Pratesi, et al. 2012). Hands and tools differ in many
visual and semantic properties, such as their shape and animacy; eccentricity
and real-world size accounts also cannot explain this pattern of results as this
effect does not extend to other object categories sharing similar eccentricity
or real-world size (Bracci and Peelen 2013; Striem-Amit et al. 2017). Instead,
this evidence suggests that another dimension plays a role in shaping the topo-
graphic organization of visual cortex object space: action (Bracci and Peelen
2013).

The present study aims to investigate the principles underlying the organi-
zation of functionally selective areas, with a focus on how behaviorally relevant
action properties of objects shape the spatial organization and content of rep-
resentations in ventral and lateral OTC. We conducted an fMRI experiment
where participants viewed images of body parts and objects varying in their
degree of action properties (Mati¢ et al. 2020).

Using univariate and multivariate analyses on fMRI data, along with rep-
resentational predictions based on human similarity judgments, we tested how
action dimensions interact with other proposed dimensions and compared re-
sults in human visual cortex with DANNs. Our results show a dissociation be-
tween ventral and lateral OTC in both topography and representational space.
Action—alongside shape and animacy—emerged as a key principle explaining
the arrangement of categories in lateral OTC, while animacy best explained to-
pography and representational content in ventral OTC and in DANNSs, which
in turn did not show any action-related organization. These results demon-
strate that action is a fundamental organizing dimension of OTC, and that
further developments are necessary for current computational models to fully
capture both topography and function of high-level visual cortex.
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4.2 Methods

4.2.1 fMRI experiment and analyses
Participants

19 participants took part in the fMRI experiment (11 females, sex self-reported,
mean age 25.6 years, standard deviation 6.06). One male participant was ex-
cluded due to head motion exceeding one voxel. All participants were right-
handed except one, all had normal or corrected-to-normal vision, and no his-
tory of neurological disorder. All participants gave informed consent. The
Ethics Committee of the University of Trento approved the procedure.

Stimuli

The stimulus set included 6 categories (Figure 4.1). Part of the images were
used in Mati¢ et al. (2020). The set comprised 3 body-parts (hands, headless
bodies, and faces), 3 inanimate object categories (tools, manipulable objects,
and non-manipulable objects), and chairs as a control category. Each object
category was associated with a different degree of action-related properties.
Tools were defined as hand-held objects that are typically used to physically
and directly act on another object or surface (e.g., hammer); therefore, tools
are not only graspable and manipulable, but also serve as action-effectors, akin
to our hands (Bracci and Peelen 2013). Manipulable objects are objects that
can be grasped, lifted, and manipulated but are not usually used as action-
effectors (e.g., glass). Finally, non-manipulable objects were defined as large
objects that cannot be grasped nor manipulated (e.g., bed). To control for low-
and mid-level visual features, the object categories were matched for their per-
ceived shape and orientation (Figure 4.1). In addition, tools and manipulable
objects were matched for real-world size, ensuring that any difference between
the two categories cannot be attributed to their actual size. Each category
included 12 grey-scale images with a white background of 400x400 pixels.

Scanning procedure

In the fMRI experiment we collected 8 runs per participant. Each run lasted
400 sec (200 volumes). Each image was presented for 0.4 s, with an ISI of
0.266 s, in blocks of 8 s (i.e., 12 images per block). For each subject and
for each run, a fully randomized sequence of all conditions was repeated 4
times, with a fixation block of 16 seconds at the beginning, in the middle
(between sequences), and at the end of each run. Stimuli were presented with
the Psychophysics Toolbox package (Brainard and Vision 1997) in MATLAB
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Figure 4.1: Stimulus set. Images were divided into 6 categories varying
along two dimensions, animacy and action. For inanimate objects, action was
characterized by two properties, action-effector (red) and graspability (orange).
The three inanimate objects were matched for visual shape and orientation, to
avoid confounds based on the overall shape (e.g., the elongation) of the stimuli.
All images in this figure have been replaced with photographs obtained from
Unsplash (https://unsplash.com), which provides images under a license
allowing free commercial use without permission. Images were selected to
be visually similar to the original stimuli. Face images were replaced with
photographs of individuals who provided explicit consent for publication.

(2021b) (The MathWorks). Images were projected onto a screen (8 x 8 degrees
of visual angle) and shown to the participants through a mirror mounted on
the head coil. Participants were instructed to fixate their gaze on the fixation
cross in the middle of the screen and press a button whenever the same image
was repeated twice in a row within each block. The repeating image appeared
once per block.

The imaging parameters and preprocessing process are described in the full
paper.
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Category overlap analysis

We measured the amount of voxel overlap between the activation clusters
for each condition, separately for ventral and lateral OTC. To do that, we
selected two masks using a combination of functional and anatomical crite-
ria; specifically, we used the Neuromorphometrics atlas (Neuromorphometrics,
Inc.) to define regions within ventral and lateral OTC; ventral OTC included
the fusiform gyrus and the parahippocampal gyrus, whereas lateral OTC in-
cluded the inferior and middle occipital gyri and the inferior and middle tem-
poral gyri; within these anatomical regions we selected all the active voxels
with a contrast of all conditions vs. baseline with a liberal threshold (p <
.05 uncorrected); these masks, which contain only the voxels modulated by
visual information, were used for the subsequent analysis. To compute the
overlap analysis, we calculated the number of active voxels within each of the
two masks for each condition vs. all remaining conditions (e.g., hands vs. all
others) with a more conservative threshold (p < .001 uncorrected at the voxel
level and p < .05 FDR-corrected at the cluster level). Applying a cluster cor-
rection ensures that only contiguous voxels with a meaningful minimum size
are considered for the analysis. The resulting active voxels were employed to
compute the overlap index which was calculated pairwise for all possible com-
bination of categories by taking the number of voxels common to two clusters
(for instance, the voxels that are active for both hands and tools) and dividing
it by the number of voxels of the smaller of the two clusters. An index of 0
indicated no overlap between two categories, whereas an index of 1 indicates
that the smaller cluster of a category falls completely within the bigger cluster
of the other category. Following previously adopted approaches (e.g. X. Luo
et al. 2024), we calculated the overlap at the group level. Overlap analysis
at the group level may introduce smoothing that overestimate the amount of
overlap between categories; however, previous comparisons of overlap analyses
based on single subjects vs. group analyses revealed little differences in the
results between the two (Cant and Xu 2012); moreover, the use of relatively
conservative thresholds and the use of selective contrasts ensure the control of
overestimation of overlap effects.

4.2.2 Topographic networks!

We tested a computational model of the spatial organization of ventral visual
cortex to test its possible convergence or divergence with the spatial organiza-
tion of visual cortex.

IThe thesis’s author developed these analyses.
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As standard artificial neural networks do not have topographic constraints,
we selected a further recently developed family of models that implement some
constraints within their architecture to mimic the topographic organization of
visual cortex (Margalit et al. 2024). These models — called Topographic Deep
Artificial Neural Networks or TDANNSs — were based on a ResNet-18 architec-
ture and were trained with a self-supervised contrastive learning task on the
ImageNet dataset (T. Chen et al. 2020). Prior to training, a mapping of units
is implemented within each layer of the network, so that each unit has a cor-
responding 2D coordinate that maps them into a 2D grid that represents their
physical distance. During training, a spatial loss function (together with the
self-supervised task loss) is introduced: this function constraints nearby units
to have correlated firing patterns to the same features within the dataset, so
that the units that have similar functional properties will fall close in the simu-
lated physical space. A parameter called « in the spatial loss function indicates
how much the neighbouring units must be correlated with each other; following
Margalit et al. (2024), we used a value of o = 0.25, as it has been demonstrated
to be the optimal value for the emergence of VTC-like topographic organiza-
tion. These networks include 8 layers implementing topographic constraints,
with different surface areas across layers to simulate the hierarchy of the ven-
tral visual stream, from V1 to high-level VTC. We use five different random
initializations of the network weights.

Data analyses

Univariate We performed simulated univariate analysis by testing the topo-
graphic organization and selectivity profile of the five different random initial-
izations of the network in response to our six object categories; most analyses
were conducted on the last layer that qualitatively showed the clearest cluster-
ing by categories, which we called VTC-like layer (as in Margalit et al. 2024).
Specifically, we tested 1) the clustering of units selective for the different ob-
ject categories within the simulated physical cortical space in the VTC-like
layer and 2) the selectivity profile of the top-50 most selective neurons for each
category in the VTC-like layer.

Overlap To examine whether object categories in the VTC-like layer of the
TDANN exhibit a similar relationship to those found in the OTC, we mea-
sured the overlap in selectivity between units across different conditions. We
followed the method introduced by Margalit et al. (2024). Specifically, the
simulated cortical sheet was partitioned into 1 mm wide square sections. In
each section, we assessed the proportion of units that were selective (¢t > 3.5)
for two categories (e.g., hands and tools, hands and faces, etc.) in pairs. The
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overlap between these categories was determined by analysing the frequency
of selectivity co-occurrence of the two categories within each section. Essen-
tially, if the selectivity frequency for one category can predict the selectivity
for the other, the unit populations are considered to overlap. This overlap
is measured using an index that ranges from 0 to 1: a score of 0 means the
presence of units selective for one category (e.g., hands) always predicts the
absence of units selective for the other (e.g., tools); a score of 0.5 indicates
no predictability between the two categories; and a score of 1 signifies perfect
overlap, where the presence of units selective for one category always coincides
with the presence of the other category.

4.3 Results

To investigate how action-related properties influence object topography in
visual cortex, we designed a stimulus set organized along two dimensions: an-
imacy (body parts vs. inanimate objects) and action. Specifically, the three
inanimate categories vary along two action-related properties: action effector
and graspability (Figure 4.1). Tools are both action effectors and graspable;
manipulable objects are graspable but not effectors; and non-manipulable ob-
jects are neither effectors nor graspable. The three body parts also differed in
action relevance: low for faces, higher for bodies, and highest for hands. We
first present results for the action-related organization of visual cortex, and
then test if topographic models capture the same organization.

4.3.1 Action properties differentially shape object to-
pography in ventral and lateral OTC

To investigate object space organization in ventral and lateral OTC (VOTC
and LOTC, respectively), we first mapped the activation response for each
category (versus all others, t > 3.5, p < .05 FDR corrected at the clus-
ter level) onto the whole-brain surface (Figure 4.2a). Beyond replicating the
known parallel organization of category selective responses in lateral and ven-
tral OTC (Pillet et al. 2024), the whole-brain analysis confirmed a dissocia-
tion between the VOTC and LOTC in the left hemisphere (Figure 4.2a) based
on the activation patterns for object classes with varying degrees of action-
related information. Whereas in VOTC we found the typical medial-to-lateral
animacy division with no overlap between animate and inanimate categories
(Grill-Spector and Weiner 2014), in LOTC we observed overlapping responses
between animate and inanimate conditions with a different degree of action
properties. From dorsal-posterior to ventral-anterior, we observed selective
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and partly overlapping activations for bodies, hands, tools, and manipulable
objects, with a convergence and high degree of overlap for the animate and
the inanimate categories characterized by the highest degree of action proper-
ties: hands and tools. The action-based organization was particularly evident
when comparing activations of inanimate objects. Specifically, we found a
consistent action-related gradient in LOTC, with a smooth transition across
the cortical surface where the activation to object categories characterized by
different action properties changes systematically according to the two action-
related properties. This gradient was characterized by a large activation clus-
ter for tools which are both action-effector and graspable, a smaller cluster for
manipulable objects which are only graspable, and no significant activation
for non-manipulable objects which are neither action effector nor graspable;
the opposite pattern was observed in VOTC, with a larger cluster for non-
manipulable relative to manipulable objects, which in turn revealed a larger
activation relative to tools. Unlike the left hemisphere, the right hemisphere
did not show any action-related organization, as neither tool nor object selec-
tivity were observed. In the remainder of the paper, all analyses refer to the
left hemisphere.

These results were further confirmed by the overlap analysis, which allowed
us to further assess the spatial relationship between categories, with the under-
lying rationale that spatial proximity and overlap in the cortex suggest shared
features (John Brendan Ritchie et al. 2024). We quantified the extent of acti-
vation overlap between each category by calculating an overlap index for each
pairwise combination of regions, separately for the ventral and lateral OTC (see
methods, Figure 4.2b). The index represents the number of voxels common
between the areas, varying from 0 (no voxels in common) to 1 (the smaller area
falls completely within the larger). In LOTC, from dorsal-posterior to ventral-
anterior a large overlap could be observed between hands and bodies (0.68),
between hands and tools (0.45), and between tools and manipulable objects
(1.0, where manipulable objects fall completely within the larger tool cluster),
but no overlap could be observed for the other combinations. On the contrary,
in VOTC, no overlap could be observed between animate and inanimate cat-
egories, nor between faces and hands; inanimate objects, instead, presented a
strong overlap with each other, with tools falling completely within the manip-
ulable object cluster (1.0), and manipulable showing an extended overlap with
non-manipulable objects (0.88), thus further confirming the opposite gradient
in LOTC and VOTC for objects characterised by a different degree of action
properties. A schematic visualization of category overlap is shown in Figure
4.2Db.
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Figure 4.2: Action-related topography of occipitotemporal cor-
tex. a) Whole-brain results. Response for each category (vs. all)
was visualized on a freesurfer average brain surface using Brain-
Surfer (https://www.mathworks.com/matlabcentral /fileexchange /91485-
brainsurfer), with a threshold of t > 3.5 (p < 0.05 FDR corrected at the
cluster level), excluding activations within early visual cortex (approximately
V1-V2-V3) to focus on the regions of interest in LOTC and VOTC. Color-
coded dashed lines indicate overlap between activations. The black dashed
line indicates the mid-fusiform sulcus. b) Category overlap visualization. The
size of each circle represents the approximate size of the category-selective
cluster in VOTC and LOTC in the left hemisphere.
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4.3. RESULTS

4.3.2 Topographic DANNSs successfully mimic animacy
division in VOTC but fail to replicate action-based
topography in LOTC?
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Figure 4.3: Spatial distribution of each category (as defined by t-values)
on the simulated cortical space of the VTC-like layer of five random initial-
izations of the TDANN. Rows correspond to each of the five initializations.
Stars represent the location of the top-50 most selective units for that cate-
gory. Category-selective units (positive t values) are shown in red while units
not selective for that category (negative t values) are shown in blue.

The above results show that the lateral and ventral OTC are character-
ized by a different topographic organization: whereas in VOTC the animacy
of objects strongly drives the organization of representations giving rise to
the well-documented animacy division, in LOTC the topographic organiza-
tion is driven by the degree of object action properties with a gradient from
posterior-superior to anterior-inferior. Here, we test whether topographic deep
artificial neural networks (TDANNSs), a type of computational model developed

2The thesis’s author developed these analyses.
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Figure 4.4: TDANNSs replicates animacy but not action-related orga-
nization of OTC. a) Overlap analysis. Statistical significance was assessed
using permutation tests (10,000 randomizations on the mean overlap score
across initializations). Stars represent statistical significance at the minimum
resolvable p-value (p = .0001), corresponding to the 10,000-permutation limit.
Error bars correspond to + 1 SEM across the random initializations. Black
dashed line represents baseline (overlap of 0.5 means no correlation between
the presence of two categories). Each data point represents the value from a
single TDANN initialization (n = 5 model initializations). b) Selectivity profile
of the top-50 most selective units for each category (red = faces; orange = bod-
ies; yellow = hands; dark blue = tools; blue = manipulable objects; light blue
= non-manipulable objects), based on the activation of the VT'C-like layer (as
in a). Each data point corresponds to one TDANN model initialization (n =
5 model initializations). Error bars indicate & 1 SEM across model initializa-
tions. A baseline overlap of 0.5 denotes chance-level correspondence between
category-selective units.
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to capture the topographic organization of ventral visual cortex (Margalit et
al. 2024), can mimic the action-related organization observed in lateral OTC.
TDANNSs allow testing whether a model designed to capture general topo-
graphic organization as a by-product of minimizing wiring length can account
for object topography in visual cortex (Chklovskii, Schikorski, et al. 2002),
thus suggesting that brain-like representations and their spatial organization
can co-emerge with biologically inspired spatial constraints.

The network architecture was based on a ResNet-18 backbone, pre-trained
with a self-supervised contrastive-learning object recognition task (T. Chen
et al. 2020). We tested five different random initializations of the network’s
weights. We fed the networks with the images from our experiment and ex-
tracted the activation maps for each topographic layer, selecting the last VT C-
like layer for further analyses (consistent with Margalit et al. 2024). A unit
was defined as selective if its response for a specific category passed a set
threshold (defined as t > 3.5, with a contrast of category > all). This uncor-
rected threshold was chosen for visualization purposes only (Figure 4.3). The
subsequent functional selectivity analysis was performed on the first 50 most
selective units. To investigate whether TDANNSs replicate the topography and
functional profile of category activations in visual cortex, we visualized their
respective spatial distribution in the simulated cortical space and plotted the
activation profiles for the 50 most selective units per category. Results are
shown in Figure 4.3. Despite some variations between the five initializations
— especially in the clustering’s strength — two main findings could be observed
(Figure 4.3): first, in all networks, units selective for animate and inanimate
objects formed separate clusters, such that when a unit responded to a body-
part it did not respond to an inanimate object and vice versa; second, no
organization based on action properties was observed. Specifically, tools and
hands did not activate the same units, and no smooth overlap based on action
properties was found among the three object categories.

To quantify these observations and compare TDANNs with brain results,
we performed an overlap analysis (as in Margalit et al. 2024). Specifically, we
measured the co-occurrence of units selective for each category by using an
overlap score ranging from 0 (the presence of one category always predicts the
absence of the other) to 0.5 (no relationship) to 1 (perfect co-occurrence). Sta-
tistical significance was tested via 10,000 permutation tests. Results (Figure
4.4a) confirmed significant overlap within animate (score: 0.68, p < .001) and
inanimate (score: 0.74, p < .001) categories relative to the between-category
overlap (animate-inanimate, score: 0.51). In other words, units that responded
to a body part or an inanimate object also responded significantly to other cat-
egories within the same superordinate class. Second, the overlap score between
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action effector categories such as hands and tools (score: 0.59) was not signif-
icantly higher than the overlap between hands and other manipulable objects
(score: 0.594, p = .37), as well as the overlap between tools and manipulable
objects (score: 0.79) was not significantly larger relative to the overlap be-
tween tools and non-manipulable objects (score: 0.72, p = .24), nor relative to
the overlap between manipulable and non-manipulable (score: 0.72, p = 0.33)
thus, showing no action-related organization in TDANNSs.

Visual exploration of Figure 4.3 suggests that, in addition to the separa-
tion between animate and inanimate categories, there seem to be additional
differences in the organization of categories. Specifically, whereas the spatial
distribution of units selective for the different body parts seem a bit scat-
tered around, the inanimate objects mostly activated a similar portion of the
cortical space. To investigate the functional profile of the TDANN units, we
extracted the activation profiles for the 50 most selective units for each cat-
egory and plotted the results (Figure 4.4b shows results averaged across the
five initializations). Here, the focus was not on unit selectivity per se (e.g.,
do tool units respond to tools more than all other categories) but rather the
degree to which a unit that responds to one category also responds to other
categories (e.g., do tool units respond to other categories as well?). Overall,
the results show that while a certain degree of category-selectivity could be
found for the different body-parts, as different units selectively activated for
each body part independently from the other body parts, the top-units for
each inanimate object category responded to the other inanimate objects to a
similar degree. Indeed, the selectivity of units chosen based on their response
for faces, bodies, and hands was significantly higher for their preferred category
compared to all other categories (for all contrasts, p < .001; permutation test n
= 10,000). In contrast, units selected for their response to tools, manipulable
and non-manipulable objects did not differ in selectivity across other inani-
mate object categories (for all contrasts, p > .05), while being more selective
for their preferred category than for the animate categories (for all contrasts,
p < .001; permutation test n = 10,000). Thus, similar to what we observed
in visual cortex, TDANNs units that respond to one inanimate object cate-
gory do also respond to the other inanimate object categories, but differently
from human VTC, we did not observe any differential response gradient from
high to low (tools > manipulable > non-manipulable) as observed in LOTC
or from low to high (non-manipulable > manipulable > tools) as observed in
VOTC. Finally, differently from visual cortex, units that respond to tools did
not seem to activate hand units, thus confirming results from the TDANNs
overlap analysis.

Overall, these results show that TDANNs primarily distinguish between
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animate from inanimate objects, with additional functional selectivity for in-
dividual body-parts, and a weaker, or absent, distinction among inanimate
object categories. These results mirror the pattern of overlap found in VOTC,
which also showed a separation between animate and inanimate object cate-
gories, with further clustering for hands and faces. However, no action gra-
dient organization, as found in LOTC, could be observed in TDANNs. Al-
together, these analyses on networks implementing biologically-inspired topo-
graphic constraints reveal their ability to capture visual features important to
distinguish animacy and to capture — to a certain extent — the selectivity for
body-parts, but cannot replicate the action-related organization observed in
visual cortex.

4.4 Discussion

Our study identifies action as a fundamental dimension shaping the topo-
graphic organization of the visual cortex. We demonstrate that the left lateral
occipitotemporal cortex (LOTC) exhibits a dorsal-posterior to ventral-anterior
gradient where body parts and inanimate objects are topographically organized
based on their action-related properties. The combination of action effector
and graspability contributes to explain the spatial organization of voxels that
show a preferential response to bodies, hands, tools, and manipulable objects
(Downing et al. 2001; Bracci, letswaart, et al. 2010; Pillet et al. 2024; Orlov
et al. 2010; Chao et al. 1999; J. Almeida et al. 2023). While DANNS replicate
aspects of ventral stream organization (e.g., animacy), they entirely lack the
action-related topography observed in lateral OTC. Together, our results show
that the action dimension is an important organizing principle of lateral OTC
and highlight remaining gaps between biological and artificial systems.
Previous work emphasised how the combination of multiple object dimen-
sions and principles may result in the topography-by-selectivity that is ob-
served in high-level visual cortex (Grill-Spector and Weiner 2014; Arcaro and
M. Livingstone 2024; Bracci and H. P. Op de Beeck 2023; Contier et al. 2024;
Huth et al. 2012; Mahon and Caramazza 2011; H. P. O. d. Beeck, Pillet, et al.
2019; Peelen and Downing 2017; Prince et al. 2024; J Brendan Ritchie et al.
2025; Magri et al. 2020), with proposals stressing the role of shape, animacy,
and real-world sizel (Konkle and Oliva 2012; Konkle and Caramazza 2013,;
H. P. O. d. Beeck, Torfs, et al. 2008), among others. Previous studies have
already shown the relevance of action in explaining aspects of LOTC object
space (Lingnau and Downing 2015; Kabulska et al. 2024; Tarhan and Kon-
kle 2020; Tucciarelli et al. 2019). For example, overlapping responses in left
LOTC between tools and hands, or tools and graspable food might reflect
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shared end-effector properties and action-related affordances (Bracci, Cavina-
Pratesi, et al. 2012; John Brendan Ritchie et al. 2024). Our results are in line
with these previous findings and lift them up to a whole new level by reveal-
ing that a large-scale topographic organization is responsible for these earlier
findings. More specifically, this approach enables us to move beyond post-hoc
interpretations of visual cortex category organization (e.g., faces in lateral FG,
tools in medial FG), allowing us to generate novel predictions about the spa-
tial organization of new object categories — to be tested in future experiments
— that share similar action-related features. Based on where these categories
fall within a multidimensional feature space, we can predict their alignment
within the topographic layout of OTC.

Furthermore, we demonstrate that lateral and ventral OTC represent dif-
ferent object features, with their topographic organization exhibiting opposing
response patterns that depend on the degree of action properties associated
with objects. In left LOTC, the action-based topography culminated at the
intersection between animate (hands) and inanimate (tools) as both being end-
effectors. Dorsally and posteriorly, hands overlap with bodies and inferiorly
and anteriorly, tools overlap with manipulable objects which share with tools
grasping properties but not end-effector properties. This organization is con-
sistent across participants (even in unsmoothed, native surface) and cannot
be explained by differences in object size or shape as tools and manipulable
objects are matched for real-word size and all object categories are controlled
for their overall shape. The opposite object pattern can be observed in VOTC,
with higher and more extended activation for non-manipulable than manipu-
lable objects, and tools being embedded within the manipulable object cluster
in medial VOTC. These findings challenge views that tool representations in
VOTC reflect action-related properties (Mahon, Milleville, et al. 2007), sug-
gesting instead that they encode general object features — such as surface prop-
erties or weight (Cant and Goodale 2007; Gallivan et al. 2014) — shared across
manipulable and non-manipulable objects to support recognition of inanimate
objects in general rather than tools specifically (Cortinovis, Peelen, et al. 2025;
Mahon and J. Almeida 2024).

DANNSs results revealed both convergence and divergence with the func-
tional and spatial organization of the visual cortex. Prior studies using topo-
graphic artificial neural networks or self-organizing maps have shown that prin-
ciples like minimization of wiring length yield emergent macro- and mesoscale
structures resembling those in visual cortex, including clusters for faces, bodies,
scenes, and objects, and large-scale gradients of animacy and real-world size
(Blauch et al. 2022; Z. Lu et al. 2025; Margalit et al. 2024; Cowell and Cottrell
2013; Doshi and Konkle 2023; Y. Zhang et al. 2024). Here, we confirm that
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while these networks capture the large-scale clusters based on animacy, and to
a certain extent the category clusters for faces, bodies and hands, they could
not capture the action-based object topography and the category clusters for
the three inanimate object categories.

This failure may stem from DANNSs’ reliance on mid-level visual features —
such as shape and texture—that often correlate with object category in natural
datasets. While this works well for animate categories (possibly because of
curvature features; Long et al. 2018), it breaks down for inanimate categories
when visual features are controlled, as in our study. In these cases, DANNs
may default to encoding lower-level properties like orientation or aspect ratio,
leading to weak category-specific clustering for inanimate objects. Thus, a
tight control of visual features is especially important when comparing visual
cortex and DANNSs, as the two systems may represent objects in an apparent
similar way but actually use different visual features that are confounded in
the natural environment or uncontrolled stimulus sets (Bracci, Mraz, et al.
2023; Mahner et al. 2025).

The failure of these models in capturing action topography might stem
from the fact that they are trained with static images that lack sensitivity
to temporal dynamics, predictive processing, and temporal integration that
humans naturally rely on Lake, Ullman, et al. (2017). Moreover, aside from
motion, human action perception is shaped also by social context and affor-
dances (Chartouny et al. 2024), factors that are entirely absent from current
DANN models (Lake, Ullman, et al. 2017). For instance, the comparison be-
tween DANNs and visual cortex is especially revealing when considering the
case of shape: while both systems are sensitive to aspects of shape, such as
elongation and aspect-ratio, shape information might be used for different pur-
poses: exclusively for categorization in DANNSs, where shape is indicative of
category membership, and for more varied behaviorally-relevant goals in the
brain, such as grasping, manipulation, and functional use of objects. This di-
vergence may arise because DANNs are trained on passive visual tasks (e.g.,
classification), whereas biological vision is inherently linked to action plan-
ning and sensorimotor experience. A promising direction may involve training
models through reinforcement learning in embodied agents, where tasks are
grounded in action. For example, agents could learn to evaluate an object’s
graspability or identify the specific parts relevant for grasping and functional
use or learning actions in social contexts while interacting with humans (Char-
touny et al. 2024; Yang et al. 2023). Overall, while TDANNSs represent a step
forward in modelling visual cortex organization, we point to the necessity of
using more ecological, varied tasks — including beyond object or action classi-
fication — and the inclusion of biological constraints (gqian2024local) to fully
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model OTC spatial organization (but see Finzi et al. 2023).

In summary, this study demonstrates the critical role of the action di-
mension as an organizing principle of object representations in lateral occip-
itotemporal cortex. While artificial neural networks successfully replicated
animacy-based organization, they failed to capture the action-based topogra-
phy observed in the brain, despite their prominence in human functional or-
ganization. These findings underscore the importance of behaviorally relevant
object properties in shaping the visual cortex’s topography and advance our
understanding of how multidimensional representations support object vision
in the human brain.
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Beyond Topography:
Topographic Regularization
Improves Robustness and
Reshapes Representations in
Convolutional Neural Networks

Abstract Topographic convolutional neural networks (TCNNs) are compu-
tational models that can simulate aspects of the brain’s spatial and func-
tional organization. However, it is unclear whether and how different types of
topographic regularization shape robustness, representational structure, and
functional organization during end-to-end training. We address this ques-
tion by comparing TCNNs trained with two local spatial losses applied to a
penultimate-layer topographic grid: i) Weight Similarity (WS), whose objec-
tive penalizes differences between neighboring units’ incoming weight vectors,
and 4i) Activation Similarity (AS), whose objective penalizes differences be-
tween neighboring units’ activation patterns over stimuli. Compared to con-
trol non-topographic models, both regularizers tended to improve robustness
against most types of input perturbations, and reduce activation-sparsity. WS,
but not AS, consistently produced increased robustness to weight perturba-
tions and signatures of functional localization. Together, these results show
that local topographic regularization can improve robustness during end-to-
end training while systematically reshaping representational structure.

Code github.com/tlmnhut/weight_vs_act_toponet
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Publication status Under review (April 2026).

5.1 Introduction

Topographic models are computational models that provide an analogy to the
cortical organization of the brain by instantiating a cortical-like map. In these
models, each unit is assigned a position in a 2D grid (Poli et al. 2023), which
defines a notion of distance between grid units. A topographic loss term can
then be defined, which encourages spatially local similarity or smoothness in
units’ responses (or parameters) across the grid. It has been shown that when a
task loss (e.g., cross-entropy) is optimized jointly with a topographic loss, both
shallow (Jacobs and Jordan 1992) and deep (Blauch et al. 2022; Margalit et al.
2024; 7. Lu et al. 2025; Qian et al. 2026; Doshi and Konkle 2023; Deb et al.
2025; Y. Zhang et al. 2024; Rathi et al. 2024; Binhuraib et al. 2025; Al-Tahan
et al. 2025) topographic networks can produce competitive task performance,
while producing spatially organized responses that resemble cortical functional
maps. For example, they produce angular and orientation preference such as
those observed in early visual cortex, as well as category-selective clusters
analogous to those reported in higher-level visual cortex (e.g., Blauch et al.
2022; Margalit et al. 2024; Z. Lu et al. 2025; Qian et al. 2026; Doshi and
Konkle 2023; Deb et al. 2025; Y. Zhang et al. 2024). These models can also
capture spatial biases in human behavior, recognizing objects more accurately
when they appear in locations where they are most frequently experienced
(Z. Lu et al. 2025). Outside the vision domain, topographic modeling has
reproduced tonotopic organization in auditory cortex (Al-Tahan et al. 2025),
and higher-level language organization e.g., Rathi et al. 2024; Binhuraib et al.
2025. Topographic networks can also be more strongly pruned, suggesting a
sparser distribution of weight values (Poli et al. 2023; Deb et al. 2025).

The correlated activation patterns produced by topographic models carry
parallels to brain activity, where nearby neurons often fire together, with cor-
relations sometimes exceeding r = 0.4 in certain cortical circuits (e.g., Zohary
et al. 1994; Hansen et al. 2012). Although such correlations reduce the degrees
of freedom and representational capacity in biological neural populations (Zo-
hary et al. 1994), they may also offer benefits such as robustness, as redundant
neurons can compensate for one another (Harris and Mrsic-Flogel 2013). A
similar trade-off has been discussed for computational models: on the one hand
correlated units encode overlapping information and can impair decoding per-
formance (Abbott and Dayan 1999), but on the other, moderate correlations
can act as a form of regularization, producing more compact representations
or giving priority to more informative features (Poli et al. 2023). In summary,
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correlations constrain capacity but may provide computational advantages.

While topographic models are a topic of emerging interest in computational
and systems neuroscience (Margalit et al. 2024; Rathi et al. 2024; Z. Lu et al.
2025; Lee et al. 2020; Blauch et al. 2022; Doshi and Konkle 2023; Y. Zhang
et al. 2024; Krug et al. 2023; Hannagan 2021; Keller et al. 2021; Qian et
al. 2026; D. Jiang et al. 2024; Deb et al. 2025; Dehghani et al. 2024; Finzi
et al. 2023; Achterberg et al. 2023; Binhuraib et al. 2025; D. Zhou et al.
2025; Bashivan et al. 2025; Kamila Maria Jozwik et al. 2023; Mehrer, Spoerer,
Kriegeskorte, et al. 2020; Al-Tahan et al. 2025; Cortinovis, Truong, et al.
2025), there is a substantial gap in our understanding of the computational
consequences of imposing topographic regularization. This is an important
open question not only for computational neuroscience, where topographic
networks are mainly studied for their ability to reproduce brain-like spatial
organization of responses, but also for machine learning, where the impacts of
these locally induced correlations are poorly understood.

Going beyond a focus on spatial organization, we therefore ask whether
these correlations provide any computational advantages, such as improved
robustness to noise, and how they, in turn, shape the representations learned
by topographic networks. To our knowledge, neither of these issues has been
systematically examined in controlled comparisons to date. Specifically, we
address these questions using two related criteria:

1. Network robustness: We introduce internal noise by perturbing the read-
out weight matrix connecting the penultimate (topographic) layer to the
classification layer (Cheney et al. 2017; Arechiga and Michaels 2018; Savva
et al. 2023), and external noise by corrupting input images at test. We test
how resilient topographic models are compared to non-topographic models
in terms of both representational stability and classification accuracy .

2. Representational properties: We compare topographic models to size-
matched non-topographic control models; we quantify unit-level sparsity
and entropy, similarity of weights and activations, the dimensionality of
the latent space, and the tendency of models to produce category-selective
“expert units”. We further characterize the spatial organization of represen-
tations by measuring the smoothness of topographic maps and the extent
to which activity is functionally localized (i.e., whether similarly respond-
ing units are spatially clustered). Finally, we test whether topographic
regularization changes functional organization by quantifying orientation,
eccentricity, and angular tuning in topographic and non-topographic net-
works.

To understand the computational effects of topographic regularization, we
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use local spatial losses and end-to-end training. Prior work has often relied
on global spatial losses that include a distance-dependent term over all unit
pairs. These global losses directly encourage high activation similarity be-
tween nearby units as well as low activation similarity between distant ones
(e.g., Poli et al. 2023; Margalit et al. 2024). They therefore effectively impose
functional localization by suppressing long-range correlations. This makes lo-
calized clusters an outcome of the training objective rather than an emergent
property. We therefore restrict the regularizer to local interactions only (e,g.,
Z. Lu et al. 2025). In addition, we train topographic networks end-to-end,
because post hoc projection methods operating on frozen pretrained features
(e.g., self-organized mappings, Doshi and Konkle 2023; D. Jiang et al. 2024;
Krug et al. 2023; Y. Zhang et al. 2024) cannot address whether topographic
regularization impacts feature learning itself.

Regarding the technical implementation, correlated activations in topo-
graphic models are often produced using an objective that encourages sim-
ilarity between neighboring units’ activation patterns (e.g., Lee et al. 2020;
Margalit et al. 2024; Rathi et al. 2024; Poli et al. 2023). An alternative is to
impose similarity constraints on incoming weights (Z. Lu et al. 2025), which
may be more biologically plausible: correlated activity should emerge due to
shared afferent connectivity instead of being directly enforced at the level of
activations. For this reason we also avoid explicit lateral connections, as corre-
lations in the brain often reflect shared afferent input (Shadlen and Newsome
1998). To directly contrast these two positions we compare two local topo-
graphic losses (Figure 5.1): Activation Similarity (AS), whose objective is
to produce correlated activations in adjacent units, and Weight Similarity
(WS), whose objective is to produce similar afferent weight vectors in adjacent
units. In both cases, we consider only local neighbors.

We find that AS and WS training produced qualitatively different compu-
tational outcomes. Compared with AS and control (non-topographic) mod-
els, WS training produced representations that are more robust to perturba-
tions of the readout weight matrix and stronger functional localization, with
similarly responding units positioned at closer spatial distances. AS training
produced representations that were more robust to degraded inputs, showed
weaker functional localization than WS, and did not necessarily form smoother
topographic maps as spatial smoothness strength increased.

As compared to control models, AS and WS produced different emphases
on angular, orientation and symmetry tuning. Interestingly this was not neces-
sarily accompanied by a reduced effective dimensionality of the network activa-
tion, as for the lowest level of the topographic regularizer, the overall effective
dimensionality of topographic models could match or exceed those of the con-
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Figure 5.1: Overview of main concepts. Objects (O;-O3) are passed to
a neural network. Two example output units (x = v and A = v) are indi-
cated. For each example unit, an activation vector (a,,a,) summarizes that
unit’s responses across objects, and a weight vector (w,, w,) summarizes the
incoming weights from the preceding layer. Activation similarity is computed
by correlating activation vectors across objects. Weight similarity is computed
as a distance between weight vectors.

trol models. Taken together, this suggests that topographic regularization
does not simply reorganize the weight matrix to maintain classification, but
produces a markedly different feature space.

5.2 Related work

5.2.1 Topographic regularization in artificial neural net-
works (ANNSs)

Several studies have examined how spatially organized response patterns, often
accompanied by increased local correlations, can be induced in ANNs by apply-
ing topographic objectives. One approach is end-to-end topographic training,
which introduces a topographic loss term directly into the training objective.
Typically, a joint loss combines a task loss (e.g., cross-entropy for classification)
with an additional topographic spatial term. Early work of Jacobs and Jordan
(1992) introduced a spatial loss in small-scale, fully connected networks, penal-
izing the weight magnitude proportionally to the physical distances between
the pre- and post-synaptic units’ assigned positions. As a result, adjacent units
showed similar tuning. Others (e.g., Poli et al. 2023) introduced a loss that
enforces an inverse relationship between the activation similarity of spatially
arranged convolutional filters and their distances. This improved robustness
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to pruning while maintaining task performance. Related approaches that pro-
duce cortical-like spatial organization include penalizing connections between
spatially-remote units (Blauch et al. 2022), introducing lateral pooling be-
tween neighboring filters (Qian et al. 2026), and adding topographic structure
to variational autoencoders (Keller et al. 2021). Topography can also emerge
without an explicit spatial loss when kernels in deeper layers are defined as
averages of partially overlapping kernels from a preceding layer, producing
smooth transitions across kernel maps (Bashivan et al. 2025).

Other work used a hybrid approach Margalit et al. (2024), in which unit
locations are optimized based on activation similarity computed from a pre-
trained model and then held these locations fixed during subsequent training.
This model reproduced spatial properties of both early and high-level visual
cortical features and outperformed standard networks on biological bench-
marks. Similarly, Z. Lu et al. (2025) trained a fully topographic model by
maximizing weight vector similarity between immediate neighboring units, and
showed that the resulting networks capture spatial biases including center-
periphery preferences.

Another class of topographic models is based on post hoc projection of
pretrained representations, for example, via self-organizing maps (SOMs). In
these approaches, a fixed, pretrained feature space is mapped onto a 2D grid
with the objective of producing spatial clusters of similarly-responding units
(Doshi and Konkle 2023; D. Jiang et al. 2024; Krug et al. 2023; Y. Zhang et
al. 2024). Conceptually, these methods learn a spatial embedding of existing
representations: they operate on frozen features and therefore cannot address

how topographic regularization shapes feature learning during end-to-end task
training (Tyson N. Aflalo and M. S. A. Graziano 2006).

5.2.2 Impact of topography on representational struc-
ture

Beyond producing correlated responses, topographic regularization also influ-
ences the representational structure of ANNs. Several studies have reported
that such regularization reduces the effective dimensionality of latent represen-
tations (Deb et al. 2025; Margalit et al. 2024; Qian et al. 2026) and improves
robustness to pruning (Poli et al. 2023; Deb et al. 2025).

At the same time, inter-unit correlations are sometimes considered detri-
mental in machine learning research. For example, the Barlow Twins architec-
ture (Zbontar et al. 2021) maximizes agreement between paired views (original
and distorted image) while penalizing correlated activity across units as com-
puted from the off-diagonal terms of the batch-wise cross-correlation matrix.
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The study demonstrates that reducing correlations improves classification ac-
curacy. In addition similarity between incoming weight vectors is often con-
sidered a negative computational property, as minimizing such correlations
improves classification accuracy (Cogswell et al. 2015; Rodriguez et al. 2016;
G. Jin et al. 2020; Z. Wang et al. 2020). Reducing redundancy across convo-
lutional filters has been reported to produce similar benefits (H. Zhang et al.
2025).

5.3 Methods

5.3.1 Models and datasets

MNIST. The model used for MNIST (LeCun 1998) training was a relatively
shallow CNN. It consisted of two convolutional layers: the first with 32 output
channels and the second with 64 channels, each using a 3 x 3 kernel. Both
convolutional layers were followed by a ReLLU activation function and 2 x2 max-
pooling. After the second convolutional layer (conv2), global average pooling
was applied to each of the 64 feature maps, producing a 64-dimensional feature
vector for each input image. This vector was then fed into a fully connected
layer, fc1, which mapped the 64-dimensional vector to 121 units. The output
of fc1 was connected to a second fully connected layer, £c2, which produced
the final 10 logits for classification, corresponding to the 10 MNIST classes.
To reduce overfitting, dropout with a rate of 0.5 was applied after fc1.

CIFAR-10. We used the standard CIFAR-10, a 10-class dataset of 32 x 32
images (Krizhevsky, Hinton, et al. 2009). The CNN model used for image
classification consisted of four convolutional layers with batch normalization
applied after each. The number of channels in the first three layers were: 32, 64,
and 128, each followed by max-pooling stride = 2. The fourth convolutional
layer consisted of 256 channels and was followed by a global average pooling
layer (n = 256 values). The last two layers were two fully connected layers.
The first (fc1) consisted of 121 units, with dropout (0.3), and the second (fc2)
mapped feature activations to the 10 output classes.

The exact same model definitions were used for the topographic models
and the control models, for CIFAR-10 and MNIST. The only difference was
that in the topographic models, the 121 fc1 units were arranged on a 11 x 11
grid to which a spatial loss function could be applied as described below.
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5.3.2 Spatial loss: weight-similarity and activation-similarity

Weight similarity. For training with a weight-similarity objectives, we used
a joint loss function, combining the standard cross-entropy loss term, Lo =
cross-entropy (output, target), and a spatial loss term Lgpatia. For weight-
similarity, the spatial loss term was designed to increase similarity among
immediately adjacent weight vectors in the 11 x 11 grid structure. To compute
Lspatial, We indexed the 121 incoming weight vectors of fc1 on an 11 x 11 grid.
Each grid position corresponds to one fc1 unit with an incoming weight vector
of dimension 64 (MNIST) or 256 (CIFAR-10). For each of the 121 grid cells,
the immediate neighbors were identified. Then, for each cell, the Ly norm
(Euclidean distance) was computed between the weight vector of that cell and
those of each neighboring cell. These distances were summed across all cells
and divided by the number of neighboring cells, producing a single value in-
dicating the average pairwise distance across the grid. The joint loss function
was therefore Lioint = Lcg + A Lopatial, Where A is a weighting factor that sets
the contribution of the spatial loss. We evaluated the impact of the spatial
loss term under six weighting levels, with A\ € {0.1,0.3,0.5, 1,2, 3}.

Activation similarity. The activation-similarity (AS) spatial loss term pro-
duced a single value indicating the similarity of each unit to its immediate
neighbors. For AS, similarity was defined as 1 — r, where r is the Pearson’s
correlation between the two units’ activation vectors across minibatch sam-
ples. Here too fc1 was the topographic layer, defined by reshaping 121 units
to 11 x 11 grid.

Training parameters. MNIST models were trained using the Adam opti-
mizer with a learning rate of n = 0.001 for 15 epochs. Initial evaluations showed
that all models converged to a training-set accuracy of approximately 97% un-
der moderate regularization strength. The CIFAR-10 model was trained using
the same optimizer parameters for 30 epochs, reaching similar training accu-
racy of around 93% across the three model conditions.

We trained 10 independently initialized models for each A level under both
WS and AS regularization, resulting in 60 WS models and 60 AS models in
total. Additionally, we trained 10 control models without topographic regu-
larization, which are equivalent to A = 0. In all analyses, mean statistics were
computed from each set of 10 models from the same .
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5.3.3 Robustness tests

Robustness of representational geometry. After training the control,
AS and WS models on MNIST and CIFAR-10, we extracted the weight matrix
connecting the topographic penultimate layer to the classification layer (a 10 x
121 matrix in both cases). We consider each of this matrix’s 10 row vectors
as a class weight vector; (CWVs). From these CWVs, we computed a class-
weight representational similarity matrix (RSM), which is a 10 x 10 matrix of
pairwise similarity between CWVs (Lake, Zaremba, et al. 2015; Nayak et al.
2019; Filus and Domaiiska 2024; Filus and Domaiiska 2025). This was treated
as the baseline representational geometry.

To evaluate the robustness of this representation, we conducted several
perturbation tests in which Gaussian noise (four intensity levels) was added
to the 10 x 121 class-weight matrix, and the RSM was recomputed. We refer
to these as perturbed RSMs. Each analysis was repeated 100 times, and we
report the mean results.

We determined the impact of noise using two metrics. First, we computed
the second-order similarity as the cosine similarity between the upper triangles
of the unperturbed and perturbed RSMs. This indicates how much the rep-
resentational geometry was impacted by noise. This was computed separately
for the WS, AS, and control models. Second, we evaluated the drop in classi-
fication accuracy caused by the addition of noise, relative to the unperturbed
models.

Robustness to input corruption. For both WS and AS models, we eval-
uated their performance under various corruptions, with the noise applied to
test-set images (training images were not corrupted). In all cases, corrupted
images were normalized to the mean and standard deviation of MNIST and
CIFAR-10 training sets. The noise interventions consisted of adding white
noise, pink noise, and salt-and-pepper noise. White noise was introduced by
adding to each pixel a random value from the standard normal distribution.
Pink (1/f) noise was generated such that the power spectral density of the
signal is inversely proportional to its frequency. Salt-and-pepper noise con-
verted a proportion of randomly chosen image pixels to either black or white.
Examples of each type are given in Supplementary Figure 21. Each noise
intervention was applied at five different intensities.

5.3.4 Orientation and eccentricity tuning

After training MNIST and CIFAR-10, we evaluated the responses of the trained
models on a standard stimulus set typically used for retinotopic mapping of
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human occipital cortex. To study angular and orientation tuning we presented
the trained networks with a rotating wedge (36 positions, angle extent 10°,
radius = 14 pixels). To study eccentricity tuning, we presented the network
with ring images (13 different radius levels). For each unit in the grid this
produced a 36-element series for the wedge angle and a 13-element series for
ring eccentricity.

Orientation analysis. To describe angular tuning in topographic units, for
each unit we measured responses to the 36 wedge stimuli. We applied a Fast
Fourier Transform to each unit’s 36-point response profile and extracted the
spectral power for the first five harmonics (cycles 1-5). These components
reflect different angular periodicities: cycle 1 indicates preference for a single
direction, cycle 2 for 180° symmetry consistent with orientation tuning, and
cycle 4 indicates fourfold (90°) angular periodicity. We defined the dominant
harmonic for each unit as the harmonic (cycle 1-5) with the largest spectral
power (excluding the DC component; i.e., the mean value of the signal). These
dominant harmonic labels were assigned to the 11 x 11 grid.

Eccentricity analysis. To study eccentricity response profiles, we analyzed
each unit’s response to the 13 ring stimuli of increasing eccentricity by fitting
a linear model to the 13 response values. Units with a Pearson correlation
coefficient of |r| > 0.8, were labeled as increasing or decreasing depending
on the sign of r. For units not showing a linear profile, we evaluated if the
response was selective to a particular eccentricity, indicating a band-pass re-
sponse. To test this, we fitted a four-parameter Gaussian function (baseline,
amplitude, center, width) to the unit’s 13-point response profile. The quality
of fit was determined using the coefficient of determination (R?), and a unit
was categorized as showing a bandpass response when R? > 0.5. Profiles that
did not meet any of the above criteria were labeled flat.

5.3.5 Functional localization

For each trained model, we measured localization to understand how closely
located were correlated units. We first computed the correlation between every
pair of units’ activations across the test images. Given a chosen correlation
threshold, we marked a pair of units as connected if their correlation exceeded
that threshold, producing a binary connectivity matrix (connected vs. not
connected). Next, for each unit, we identified all other connected units and
computed the mean Euclidean distance to those. In a last step, we averaged
these per-unit distance values across all units in the grid to obtain a single

96



5.3. METHODS

localization score for the model at that threshold. Smaller values indicate that
strongly correlated units are more spatially clustered.

5.3.6 Weight correlations and activation correlations

After WS and AS training, we computed, for each unit in the 11 x 11 grid, its
average incoming-weight correlation with neighboring units. Incoming weights
refer to the weight matrix from the precedlng global-average pooling layer to
the 121-unit grid layer. The correlation T(I between the incoming weight
vectors of units 7 and j was the Pearson correlatlon of the two vectors:

() > p(wi — w;) (wj, — w;) |
? \/Zk(wzk - 71)2‘)2 Zk(w]k — U_)j)2 ’ (5 1)

where w;;, and wj;, denote the k-th afferent weight into units ¢ and j, respec-
tively, and w; and w; are the means of their incoming weight vectors (dimension
64 for MNIST; 256 for CIFAR-10). For each unit ¢, we then computed the mean
correlation over its immediate (Moore) neighborhood S;. The neighborhood
size |S;| was 3, 5, or 8 for corner, edge, and interior units, respectively:

ZIn) |S | Z (5.2)

JES;

We evaluated activation correlations using the same logic described above
for computing of incoming weight correlations. The difference was that for
each unit-pair, we computed the correlation of their activation profiles for
a minibatch of images. This allowed computing, for each unit, its average
neighbourhood correlation. It also allowed studying the entire distribution of
pairwise correlations.

Both the AS and WS spatial loss terms operate locally, by encouraging
each unit to be similar to its immediate neighbors in the grid. This differs from
global objectives Poli et al. (2023), which use a spatial loss that encourages
activation similarity to decrease with grid distance across all unit pairs. Global
objectives penalize cases where highly correlated units are positioned far apart.
They therefore discourage the formation of multiple, disconnected clusters of
similarly-responding units, and instead produces spatially contiguous regions
of response-similar units.

5.3.7 Expert unit analysis

Following prior work e.g., Fedzechkina et al. 2025, we define expert (class-
selective) units whose activations reflect one-vs-rest discrimination of a target
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class. For each unit in the 11 x 11 topographic grid layer and each class, we
quantified discriminability using the area under the receiver operating char-
acteristic curve (AUC), computed from the unit’s post-ReLU activations over
the test set. The AUC estimates the probability that the unit’s activation for
an input from the target class exceeds activations for inputs from any other
class.

We use two AUC thresholds. Units with AUC > 0.70 were classified as
moderately class-selective; they produce higher activation to the target class in
more than 70% of random class—nonclass comparisons. Units with AUC > 0.90
were classified as strongly class-selective. For each condition, we counted the
number of units meeting these criteria, and normalized by the total number of
units (n = 121) to obtain a proportion. Condition-level values were obtained
by averaging the corresponding measures across the ten independently trained
models for each condition.

To quantify the distribution of expert units over classes, each expert unit
was assigned to the class for which it achieved its maximal AUC. This produced
a distribution of expert units for each model family. We then computed the
entropy of this distribution and normalized it by the maximum entropy for
ten classes (log10). We refer to this quantity as expertise balance; it equals 1.0
when expert units are uniformly distributed across classes and lower otherwise.

Finally, we quantified the selectivity of expert units by computing, for
each unit, the difference between its highest AUC (corresponding to the most
discriminative class) and its second-highest AUC across classes. This AUC
gap shows how exclusively a unit discriminates its preferred class relative to
alternative classes. We refer to this as expertise selectivity.

5.4 Results

5.4.1 Accuracy

Control models were generally associated with the highest accuracy, followed
by AS. For MNIST, WS slightly outperformed the control models at the lowest
lambda level, while AS outperformed at A = 0.1—0.5 (Figure 5.2). For CIFAR-
10, accuracy of the topographic models was often lower than that of controlled
ones. Stronger topographic regularization produced a drop in accuracy up to
2%, and more strongly for WS. This drop in accuracy was also observed in
previous end-to-end topographic models (Margalit et al. 2024; Z. Lu et al.
2025; Rathi et al. 2024).
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Figure 5.2: Test accuracy as a function of topographic regularization
strength \. Mean classification accuracy for control (dashed), AS (blue), and
WS (orange) models is shown for the different values of A. Error bars indicate
+ s.e.m.

5.4.2 Robustness

Robustness of representational geometry. We added Gaussian noise of
varying magnitudes to the weight matrix connecting the topographic and clas-
sification layers, then evaluated the resulting representation by constructing a
representational similarity matrix (RSM) from the class-weight vectors. The
intervention showed that WS training resulted in a more robust representa-
tional geometry than for AS and control models (see Figure 5.3). First, the
second-order similarity between the baseline and perturbed RSMs was consis-
tently higher for WS models, for both MNIST and CIFAR-10. WS models,
particularly when trained with larger A, were consistently top-ranked, showing
less degradation in representational geometry. The control models showed the
least robustness.

Robustness of representation was also evident in the accuracy drop statis-
tics: for MNIST, WS models showed a relatively small drop of 0-5% point, but
AS models showed larger drops of 5-20%. A similar pattern was observed for
CIFAR-10, where the accuracy drop for AS was, on average, more than that
of WS. In both datasets, WS outperformed the control models as well. These
results suggest that WS training stabilizes representations under perturbation,
which in turn also better maintain classification performance.

Robustness to image corruption Figure 5.4 shows, for each level and
type of noise, which model family (AS, WS, control) was most robust to input
corruption. For both datasets, AS tended to be the most robust. (Figure 22
presents the full breakdown, presenting accuracy changes compared to base-
lines by noise type, noise level and \.)
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Figure 5.3: Robustness to weight perturbations as a function of noise
levels. Robustness is evaluated by changes in representational geometry (top
row) and test accuracy (bottom row) for increasing levels of additive weight
noise. Representational geometry is defined as the representational similar-
ity matrix (RSM) computed from class weight vectors (CWVs) in the read-
out layer. Cosine similarity between original and perturbed representations is
shown in the top row; corresponding changes in test accuracy relative to base-
line (non-perturbed) models are shown in the bottom row. Shaded regions
indicate min—max range across \ levels. Values computed separately for each
A level and model are reported in Supplementary Figure 20.
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Figure 5.4: Model-group robustness under input corruptions. For each
dataset and corruption type (white, pink, and salt-and-pepper), the most ro-
bust model group is defined as the one showing the smallest drop in test
accuracy relative to the uncorrupted baseline. Each cell reports the A value
associated with the winning group. A full breakdown of accuracy drops across
A and corruption intensities is reported in Supplementary Figure 22.

It should be noted that at the lowest regularization strength (A = 0.1)
in MNIST, AS and WS showed stronger robustness to input corruption and
stronger representational robustness than control models, but similar classifi-
cation accuracy. Prior studies have tried training for robustness, finding this
typically reduces accuracy (Hendrycks and Dietterich 2019; Lopes et al. 2019;
Tsipras et al. 2018; Su et al. 2018). Our findings suggest that moderate topo-
graphic regularization can achieve a similar aim without a strong trade-off.

5.4.3 Activation entropy, sparsity and effective dimen-
sionality

The variance or entropy of a unit’s activations is often treated as an indicator
of its functional importance within an ANN. Higher entropy reflects greater
sensitivity to input variation, and lower-entropy elements are targets for prun-
ing (Polyak and Wolf 2015; J. Wang et al. 2021; J.-H. Luo and J. Wu 2017;
Liao et al. 2023; Z. Lu et al. 2025). Similarly, a unit’s tendency to remain
inactive across inputs, quantified as PoZ (Percentage of Zeros), is used as a
pruning criterion, with higher PoZ indicating less functional importance (Huan
Hu et al. 2016). We analyzed the entropy and PoZ of the grid units in AS,
WS, and control models. Entropy was computed from each unit’s pre-ReLLU
activations across the 10,000 images test images. PoZ was computed post-
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Figure 5.5: Unit-level entropy and Percentage-of-Zero activations as a
function of topographic regularization strength (\). The two left plots
show average entropy of pre-ReLLU unit activations for MNIST and CIFAR-10
across values of A. The two right plots show the average Percentage-of-Zero
(PoZ) of post-ReLU unit activations. Error bars indicate £ s.e.m.

ReLU, reflecting the fraction of inputs for which a unit’s activation was zero.
We computed the average entropy and PoZ across units within each grid. As
shown in Figure 5.5, for MNIST, WS models present slightly lower entropy
than AS models, but for CIFAR-10 they are significantly higher. Regarding
PoZ, WS models show the lowest across all A in both datasets, and both AS
and WS showed their PoZ far below that of control. This suggests that incor-
porating similarity in either weights or activations during training leads to less
sparse models.

To determine how these unit-level properties translate into the organization
of information in the latent space, we examined the Effective Dimensionality
(ED) of model activations (e.g, Margalit et al. 2024; Qian et al. 2026; Deb
et al. 2025). Using the activations evoked by the 10,000 test images, we com-
puted ED from the covariance matrix of all images to estimate the overall
dimensionality of the representation. In addition, we computed within-class
ED by isolating activations for each class and averaging ED across classes.
We find that AS and WS models produced different effects on the dimen-
sionality of latent representations (Figure 5.6). For both datasets, AS models
were associated with higher overall effective dimensionality than WS and con-
trol models, meaning that information resided in a larger number of latent
dimensions. These results suggest that WS training produces a more redun-
dant, low-dimensional class representations. As expected, increasing A led to
a gradual reduction in both overall and within-class effective dimensionality,
though the trend was stronger for WS. We also note that for CIFAR-10, WS
produced higher overall effective dimensionality than control models at the
lower A levels. This shows that stronger local correlations do not necessarily

102



5.4. RESULTS

Overall effective dimensionality Within-class effective dimensionality
MNIST CIFAR MNIST CIFAR

8 8 8 8

7 7 7 7

6 [ IS S S 6 6

Qs ~— 5 }__{/7’1 1 R ¥ ittt

4 4 I 4 A ey s

3 3 3 3

01 03 0.5/\1.0 2.0 3.0 0.1 03 05 1.0 2.0 3.0 01 03 O.SAI.O 2.0 3.0 0.1 03 05 1.0 2.0 3.0

—=—- Control —$— AS WS

Figure 5.6: Effective dimensionality of topographic representations.
Overall effective dimensionality (ED; left) and within-class effective dimen-
sionality (right) of the fcl layer as a function of the spatial regularization
strength A. Overall ED is computed from the activation covariance across all
images; within-class ED is computed for each class separately and then aver-
aged across classes. Error bars denote s.e.m, and dashed lines indicate control
models.

result in reduced dimensionality.

5.4.4 Functional localization metrics
Functional co-localization

To evaluate to what extent units with similar firing patterns were positioned
closely on the topographic grid, we defined two units as belonging to the same
functional network if their activation patterns exceeded a correlation threshold
a. We then computed the average Euclidean distance between connected units
(see Methods). Figure 5.7 shows the results for WS and AS (for simplicity, the
figure presents the mean and +15D over responses of «; details are presented in
Supplementary Figure 23). As the figure shows, for both MNIST and CIFAR-
10, WS was associated with smaller distances between correlated units.

Spatial autocorrelation of unit activations

To understand the spatial organization produced by WS and AS training,
we quantify activation smoothness, weight similarity, and activation correla-
tions among neighboring and non-neighboring units on the topographic grid.
We first quantified the spatial smoothness of activation maps using Moran’s
I, which is a spatial smoothness statistic Moran 1950, previously used in re-
lated work e.g., Rathi et al. 2024. Positive values indicate smoother transitions
among neighboring units, negative values indicate spatial dispersion (e.g., high-
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Figure 5.7: Correlated-unit distance in the topographic grid as a
function of topographic regularization strength (\). Mean spatial dis-
tance between pairs of units whose activity-correlation exceeds a threshold
a € 0.1,0.3,0.5,0.6,0.7,0.8.  Solid lines indicate distances averaged across
correlation thresholds «; shaded regions denote +1 SD across « thresholds.
Distances computed separately for each correlation threshold and model are
reported in Supplementary Figure 23.

low activation transitions between neighbors), and zero indicates randomness.
We applied this metric to the pre-ReLLU activation maps produced by each
image in each model, and averaged within AS, WS, and control models. Fig-
ure 5.8 presents the results for MNIST, and similar findings were found for
CIFAR-10 (see Supplementary Figure 24).

As Figure 5.8C shows, WS models produced consistently positive Moran’s I
values, which increased monotonically with A. However, this monotonic trend
does not hold for AS models, which shows that stronger spatial regularizations
are not necessarily lead to smoother topographic maps. The control models
approximated zero as expected. To visually appreciate the distribution of local
activation similarity, Figure 5.8A shows activation maps from three randomly
selected WS models trained under regularization strength of A = 0.1,0.3,0.5.
It is evident that both WS and AS training produces substantial spatial auto-
correlation even at A = 0.1.

To understand these patterns, we analyzed activation correlations at both
local and global scales. At the neighborhood level, WS training produced
slightly stronger correlations between adjacent units than AS across all values
of A, even though its objective did not encourage activation similarity (Figure
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Figure 5.8: Spatial smoothness of activation maps under activation-
and weight-similarity training. Sample activation maps from a topo-
graphic grid layer are shown for WS-trained models (Panel A) and AS-trained
models (Panel B) at three values of A. Panel C shows Moran’s I, which quan-
tifies spatial autocorrelation of grid activations. Similar patterns are observed

for CIFAR-10 (Appendix Figure 24).

5.9, A-B). The control models show approximate zero correlations. At the level
of all unit pairs (Figure 5.9, C-D), AS and WS training produced qualitatively
different correlation structures: AS produced either a bimodal distribution
or near-perfect correlation (r ~ 1) distribution. This means that the AS
objective was achieved by strongly coupling a subset of units while leaving
others weakly correlated. WS, in contrast, produced a flatter distribution
with higher correlations across a broader range of unit pairs. Both AS and
WS increased local similarity among incoming weight vectors relative to control
(Supplementary Figure 25), though more strongly for WS as would be expected
from its training objective.

5.4.5 Reorganization of angular and eccentricity tuning
under topography

Relative to control models, topographic regularization resulted in changes to
tuning profiles. The strongest effects were found when analyzing orientation-
like angular responses and for the balance between central and peripheral ec-
centricity coding. For angular tuning, topographic regularization changed the
balance between orientation tuning (cycle=2) and symmetry tuning (cycle=4)
responses (Figure 5.10). For CIFAR-10, both AS and WS increased the preva-
lence of orientation tuning and reduced the number of units displaying sym-
metry tuning. For MNIST, the opposite patterns are observed: both AS and
WS decrease the former and increase the latter. Thus, topographic train-
ing reweighted angular harmonics, but this depended on dataset properties
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Figure 5.9: Different patterns of correlated activations under
activation- and weight-similarity training. Cumulative distributions of
pairwise activation correlations between adjacent units are shown for MNIST
(Panel A) and CIFAR-10 (Panel B). Distributions of correlations computed
across all unit pairs are shown for MNIST and CIFAR-10 (Panels C and D).

(MNIST vs. CIFAR-10) and the form of topographic regularization. Supple-
mentary Figure 26 shows the spatial distribution of angular tuning profiles in
the topographic grid for WS-trained models.

A reorganization was also observed for eccentricity tuning (Figure 5.11).
Here, tuning profiles reflect radial gain functions: decreasing responses cor-
respond to filters that weight central locations more strongly; increasing re-
sponses weight peripheral locations more strongly. The most salient effect was
that, in both datasets, both AS and WS strongly reduced centrally preferring
(decreasing) responses as compared to control. In MNIST), this reduction was
accompanied by an increase in monotonically increasing responses, indicating
greater sensitivity to peripheral locations.

5.4.6 Expert units

All models developed expert units that discriminated specific categories. We
defined two levels of expertise: moderate-expertise units that systematically
showed higher activity for one category in more than 70% of random cate-
gory—noncategory comparisons, and high-expertise units, corresponding to a
90% threshold. The main finding, as shown in Figure 5.12, was that for both
MNIST (Panel A) and CIFAR-10 (Panel D), AS models produced a larger
proportion of high-expertise units as compared to WS and control. Regarding
moderate-expertise, AS and WS are on par.

We next examined how expert units were distributed across categories by
quantifying the balance of expertise (Figure 5.12, B, E). Overall, in both
datasets the balance tends to decrease in stronger A, showing the effect of
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Figure 5.10: Distribution of angular tuning profiles relative to control
models under topographic training. Percentage of units associated with
each angular sensitivity profile (Cycles 1-5) is shown. Cycle 1: classic polar-
angle tuning; Cycle 2: orientation-like tuning; Cycles 3-5: higher angular
frequencies. Bars indicate mean percentages averaged across the six values of
the regularization parameter \; vertical whiskers indicate the full min—max
range across A. In both datasets, orientation-like tuning (Cycle 2) is the most
prevalent profile, and AS and WS models differ from control models in the
relative distribution of units across profiles. Full cycle-response data, shown
separately for each value of A, are reported in Figure 27.
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Figure 5.11: Distribution of eccentricity tuning profiles relative to
control models under topographic training. Percentage of units showing
increasing (Inc), decreasing (Dec), band-pass (BP), or flat eccentricity tuning
profiles is shown. Bars indicate mean percentages averaged across values of
the regularization parameter \; vertical whiskers indicate the full min—max
range across A. In both datasets, AS and WS models differ from control in the
relative distribution of units across eccentricity tuning profiles. Eccentricity
data, shown separately for each value of A, are reported in Figure 28.

107



CHAPTER 5

MNIST

A B C

011 Iy —————— o 1.00 Z
2 2 2
' 0.90 ol € os g 015

- © 1

£ _0--0-=0=-0- o~ G g e —————————
50804 © » 0.12
Q o Rl 9 ~— -0
3 0.70 5 0601 £ 010{a_—@ A O NR
P T el 2 g ~\.__r—£

0.60 1 * 0.40 o 0.08

01 03 05 1.0 20 3.0
A

CIFAR-10
D
1.00 {I— —N o 1.00
2 g
2 | <
S 075 < 0.80 4
g °
§ 0.50 N é’ 0.60 o
Y0254 0-0-C" -0 g £
B X 0.40 =%
............................... w
T T T T T T T T T T T T w T T T T T T
01 03 05 1.0 2.0 3.0 01 03 05 1.0 2.0 3.0 01 03 05 1.0 2.0 3.0

A

—@— AS (AUC>0.70) -0 AS (AUC>0.90) == Control (AUC>0.70)
WS (AUC>0.70) WS (AUC>0.90) ==+ Control (AUC>0.90)

Figure 5.12: Expert unit prevalence, balance, and selectivity. Expert
unit prevalence, defined as the proportion of units whose category discrim-
inability exceeds a threshold (AUC > 0.70 or AUC > 0.90), is shown for
MNIST (Panels A) and CIFAR-10 (Panels D). Expertise balance, quantified
as the normalized entropy of expert units across categories, is shown in Panels
B and E. Expertise selectivity, defined as the difference between the highest
and second-highest AUC values for each unit, is shown in Panels C and F. See
Methods for formal definitions of all measures.

skewing the distribution of expert units. For CIFAR-10, the balance was quite
similar for moderate-expertise, while AS is slightly higher than WS and con-
trol for high-expertise. For MNIST, the patterns for high-expertise balance
are opposite, where AS is lower than WS and control.

Finally, we evaluated the selectivity of expert units by isolating them and
quantifying the difference between the response to the most preferred category
and the second-most preferred category (Figure 5.12, panels C and F). We find
that for both MNIST and CIFAR-10 the relative selectivity of expert units
did not differ strongly among conditions. Taken together, the results show
that topographic training strongly impacted the proportion and distribution
of expert units. However, this depended on an interaction of dataset properties
(MNIST vs. CIFAR-10) and the topographic loss itself.
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5.5 Discussion

We studied how topographic regularization impacts robustness and represen-
tational characteristics of shallow CNNs when applied during end-to-end train-
ing. We focused on two local topographic losses: activation similarity (AS),
which encourages Pearson correlation between neighboring units’ activation
vectors (computed across inputs), and weight similarity (WS), which encour-
ages similarity among adjacent units’ incoming (afferent) weight vectors. Our
main objectives were to evaluate (1) robustness to readout-weight perturba-
tions and input corruptions, and (2) representational properties including the
entropy, sparsity, similarity profiles of the weights and activations, effective
dimensionality, the emergence of class-selective (expert) units, and the spatial
organization of responses on the 2D grid including smoothness and functional
localization.

The following main findings emerge: (1) Overall, AS and WS models pro-
duced greater robustness to input corruption as compared to control models;
(2) WS models were more robust to perturbations of the readout (classifier)
weight matrix, accompanied by lower activation sparsity (lower PoZ); (3) Both
AS and WS models could produce smooth topographic maps, however, WS
achieved so with stronger functional localization; (4) Both AS and WS changed
the distribution of pairwise correlations, consistent with the objectives of the
two regularizer, but AS did so by aggressively driving very high pairwise cor-
relations.

5.5.1 Topographic regularization improves robustness
to noise

One key finding emerging from our study is that topographic regularization
can produce models that are more robust to both weight perturbations and
input corruptions. This is important because several approaches for achieving
robustness against noisy inputs have used training on corrupted data (e.g., Si-
etsma and Dow 1991; Lopes et al. 2019). In prior work, robustness against pa-
rameter perturbations (Cheney et al. 2017; Arechiga and Michaels 2018; Savva
et al. 2023) typically relies on specifically tailored loss terms (Tsai et al. 2021).
In contrast, we find that robustness can be a byproduct of the topographic
regularization itself. This suggests that a biologically inspired regularizer can
be a viable strategy for improving robustness (see J. Liu and Y. Jin 2023 for
review on robustness methods). Specifically, for both CIFAR-10 and MNIST,
WS models showed advantages over AS and control models in terms of robust-
ness to weight perturbation. In particular, representational similarity matrices
of WS-trained models were more stable under weight perturbation, and clas-
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sification accuracy degraded less. On the other hand, AS models were often
more robust against image corruption for both MNIST and CIFAR-10. These
results extend prior work showing that certain types of topographic architec-
tures are more robust against adversarial attacks (Qian et al. 2026; Bashivan
et al. 2025; D. Zhou et al. 2025).

Importantly, we observe a non-monotonic relationship between robustness
and model performance. For MNIST, AS models trained with a weak regu-
larization (A = 0.1 and 0.3) produced higher accuracy than control models
(Figure 5.2, left). Notably, the same setting also produced stronger robustness
than controls. This pattern contrasts with prior work reporting that improved
accuracy is associated with reduced robustness, particularly in adversarial-
robustness settings (Su et al. 2018; Tsipras et al. 2018). Our findings point
to a potentially important exception, where a moderate topographic regular-
ization can, under some settings, improve both classification performance and
robustness.

Our findings also show that the relative accuracy of topographic models
and non-topographic controls depends on regularization strength (\). In fact,
previous studies report mixed findings, with some reporting reduced accuracy
(Margalit et al. 2024; Z. Lu et al. 2025; Rathi et al. 2024) or slightly improved
performance (Poli et al. 2023; X.-J. Zhang et al. 2025; Deb et al. 2025; Rathi
et al. 2024) depending on setting. These spatial loss functions differed in
their topographic objective, including local similarity between unit-weights or
activations (Z. Lu et al. 2025; Deb et al. 2025), and global distance-weighted
similarity penalties on activations (Margalit et al. 2024; Poli et al. 2023) or
weight magnitudes (X.-J. Zhang et al. 2025; Jacobs and Jordan 1992). While
the literature on this point is mixed, our findings suggest that the strength of
topographic regularization is a key determinant.

5.5.2 Topographic regularization reshapes model repre-
sentations

As noted in the introduction, in machine-learning practice, the presence of cor-
relations among unit activations or among incoming weight vectors is often dis-
couraged due to reduced feature diversity (Zbontar et al. 2021; Z. Wang et al.
2020) and because models often aim to de-correlate representations (Cogswell
et al. 2015; Rodriguez et al. 2016; G. Jin et al. 2020). This emphasis differs
from the role of correlations in biological systems, where correlated activity can
serve to amplify specific signals (e.g., Shadlen and Newsome 1998). In artificial
networks, however, similar effects can be achieved without correlated popula-
tions, for instance, by using high downstream readout weights. Still, some
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machine-learning approaches intentionally produce structured redundancy, for
example, by developing methods to cluster similar weights or activations into
groups that enforce within-group similarity, with the intention of providing a
basis for subsequent model compression (S. Han et al. 2015; D. Zhang et al.
2018; Neill et al. 2020; Wen et al. 2016). The results of the AS condition
are most relevant to this literature as we find that it produces a substantial
proportion of units with highly correlated activation profiles, suggesting that
it might be a useful loss term for subsequent pruning or compression. While
we have not specifically studied the pruning or compression potential of topo-
graphic models, several studies have already shown that topographic models
are more amenable to pruning (Poli et al. 2023; Deb et al. 2025; Z. Lu et al.
2025).

The changes we find in representational organization were accompanied
by changes to single-unit responses properties. Specifically, WS training was
associated with significantly higher unit entropy than AS training in CIFAR-
10, while in MNIST the entropy values are quite similar to those of AS and
control. WS training also produced a lower PoZ than that of AS and control
in both datasets. Higher entropy indicates greater response variability across
inputs. The lower PoZ suggests reduced sparsity because units are active
for a larger fraction of inputs. Both statistics depended on the strength of
regularization, and differed for AS and WS models.

Consistent with prior reports (Margalit et al. 2024; Qian et al. 2026; Deb et
al. 2025), we found that the topographic regularizer could reduce the effective
dimensionality of the representations as A increases (Figure 5.6). Both AS
and WS training tend to produce lower effective dimensionality than control
models. However, not all topographic conditions were associated with lower
overall effective dimensionality; specifically, for CIFAR-10, both AS and WS
showed higher dimensionality than control at certain levels of A, and AS models
do not follow a monotonic decreasing trend. In contrast, within-class effective
dimensionality was consistently at or below control levels. This suggests that
the topographic regularization mainly reduces within-class variation.

Lower-dimensional representations have been linked to increased robust-
ness, as they are more resilient to various types of perturbations (Sanyal et al.
2018; Awasthi et al. 2020). Related findings in non-topographic models also
suggest that encouraging similarity in learned features or activations improves
robustness (Nassar et al. 2021; Gourtani and Meratnia 2024). Importantly, our
results (Figure 5.6) suggest that robustness is not necessarily accompanied by
lower dimensionality: in some cases, topographic regularization was associated
with both higher overall effective dimensionality and greater robustness.

When analyzing the spatial organization of activity, we found that while
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both AS and WS models produced high spatial smoothness (Moran’s 1), WS
achieved so with shorter spatial distances between highly correlated units. AS
models, interestingly, did not show a monotonic increase in spatial smoothness
when the strength of spatial regularization (\) increases, suggesting that over-
smoothing can hurt the smoothness of activation maps in topographic models.

Regarding the emergence of expert units, we find that topographic reg-
ularization influences unit-level specialization by changing the number and
distribution of class-selective expert units. The difference in the proportion
of expert units between WS and AS, especially at high X\ levels, suggests that
both the type of loss function and the regularization strength control the pro-
duction of category-selective elements. The AUC gap between the top and
second-best class was similar across conditions, suggesting that topographic
regularization mainly affects expert prevalence and class coverage rather than
increasing unit selectivity.

5.5.3 Implications and future directions

An important implication for machine-learning applications is that moderate
topographic regularization strengths can improve both task performance and
robustness to noise. This suggests that modulating local correlations may be
beneficial in some settings, even when brain-like spatial smoothness is not an
objective in itself. This can be simply implemented by adding a topographic
regularizer to the training objective.

Another direction for future research is to evaluate pruning in different
types of topographic models (Poli et al. 2023; Z. Lu et al. 2025; X.-J. Zhang
et al. 2025; Deb et al. 2025; Blauch et al. 2022). This can be done not only
to achieve compression, but also to identify subnetworks that maintain high
performance. Another possibility is to evaluate the existence of “winning tick-
ets” as suggested by the lottery ticket hypothesis (Frankle and Carbin 2018), to
test whether topographic networks are associated with sparser winning tickets.
Extending topographic regularization to additional layers, including convolu-
tional ones, could improve robustness to adversarial inputs, as suggested in
Bashivan et al. (2025) and D. Zhou et al. (2025). In parallel, scaling topo-
graphic training to large-scale datasets could help facilitate comparisons of
noise robustness between models and neural data (Jang, McCormack, et al.
2021; Jang and Tong 2024). Finally, we note that we studied topographic reg-
ularization in a supervised classification setting, where the spatial losses were
jointly optimized with cross-entropy. More generally, topographic regulariz-
ers can be combined with many sorts of objectives, including unsupervised
and self-supervised losses. An important direction for future research is to
understand if the effects observed here generalize beyond supervised training.
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5.6 Summary of contributions

This thesis studies cognitive-inspired approaches, implemented through struc-
tured pruning and topographic constraints, as methods for aligning represen-
tations between human and DNNs, and shaping the internal representations
of DNNs beyond task accuracy. The objectives are to test whether models
capture targeted aspects of human representational space, and to character-
ize how different constraints change what models represent and how robust or
interpretable those representations become.

Part T develops pruning as both a predictive, explanatory and diagnostic
tool for alignment to a target representational geometry, which could be be-
havioral or synthetic similarity judgments, or the geometry from the models
themselves. Across the three studies in Part I, we show that pruning is an
effective tool to select a subset of model activations that align with human
similarity judgments, often better than using the full activations, as is com-
monly done in the literature. Moreover, the remaining/kept subset can be
interpreted as relevant or irrelevant for modeling a certain semantic category
such as animals, furnitures, etc. Study 1.1 demonstrates that the kept di-
mensions of convolutional layers can be projected back into image space to
generate heatmaps that highlight the visual information most relevant for ex-
plaining human comparisons, offering an interpretable tool different from usual
methods producing saliency heatmaps. In Study 1.2, by capturing similarity in
the numerosity domain, we find that alignment is better explained by represen-
tational geometry than by isolated expert units. In Study 1.3, we contribute a
geometry-guided structured pruning procedure that removes redundant chan-
nels or units while preserving a target representational geometry, extending
earlier supervised pruning methods into a more general framework.

Part II evaluates what fine-grained cortical organization that topographic
models can capture, and what computational advantages that topographic
constraints offer. Specifically, in Study 2.1, we test whether a leading topo-
graphic model can capture the action-related dimension in occipitotemporal
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cortex. While the model captures broad divisions such as animacy, it fails to
produce an action-related gradient, highlighting a limitation of current generic
spatial constraints and motivating additional inductive biases. In Study 2.2,
going beyond the focus on topographic map visualization, we compare two
common local constraints - Activation Similarity (AS) and Weight Similarity
(WS) - and show that they yield different representational and computational
consequences. Importantly, both can improve robustness to input perturba-
tions and parameter noises, with AS generally producing clearer benefits on
the former and WS on the latter. Moreover, AS and WS shape representations
differently, affecting localization and feature tuning.

Overall, the thesis evaluates biologically motivated constraints not only
by alignment performance or topographic map visualization, but by how they
reshape the internal representational geometry, support interpretability, and
improve robustness, helping clarify when and how such constraints can move
models toward more human-like grounded representations.

5.7 Connecting to the broader landscape of
literature

5.7.1 Low dimensional structure in human and model
representations

A consistent finding across the pruning studies in Part I is that only a re-
stricted subspace of a model’s representation is relevant for a given semantic
domain. This idea is aligned with previous evidence investigating the mul-
tidimensional representations in both behavioral and neural data. Analyses
of large-scale behavioral datasets such as THINGS (Martin N Hebart, Zheng,
et al. 2020) consistently show that the vast majority of variance in human sim-
ilarity judgments is captured by a small number of interpretable axes. Specif-
ically, a limited number of sparse, interpretable dimensions are sufficient to
predict odd-one-out judgments across thousands of everyday objects. This
low-dimensional structure is not confined to human similarity judgments: a
series of studies using the fMRI and MEG data collected with the THINGS
dataset (Martin N Hebart, Dickter, et al. 2019; Martin N Hebart, Contier,
et al. 2023) have shown that these same dimensions are spatially mapped
onto the visual cortex in topographic arrangements (Contier et al. 2024), and
that they exhibit distinct, dissociable time-resolved profiles during visual pro-
cessing (Teichmann et al. 2026), suggesting that dimensionality reduction is
a fundamental organizing principle of cortical representation. Beyond object
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perception, this principle extends to action recognition: a limited subset of
action-related dimensions can account for the broad range of everyday actions
humans perform (Bockes et al. 2025).

The pruning framework developed in Part I provides a computationally ex-
plicit method for identifying the analogous low-dimensional subspaces within
artificial neural networks. Where approaches such as SPoSE (Martin N Hebart,
Zheng, et al. 2020) and related embedding models recover interpretable di-
mensions by training directly on behavioral data, AIS-guided pruning and
CRISP isolate these subspaces within pretrained networks without retraining,
revealing which portions of an existing model’s representational geometry carry
human-relevant structure and which are redundant or misaligned. This con-
nection also points to an important limitation. Recent work by Mahner et al.
(2025) shows that the dimensions spontaneously recovered from deep network
representations tend to reflect purely visual properties such as color, texture,
or shape, rather than the semantic and functional properties that dominate
human behavioral dimensions. Our results in Study 2.1 is consistent with these
findings and reflect them at the neural level: current artificial neural networks
(including topographic models or even networks trained in action recognition)
fail to reproduce the action-related gradient in lateral OTC, despite capturing
more visually-based divisions such as shape. This also suggests that action may
potentially constitute a demanding future benchmark for closing the alignment
gap between models and cortex.

Taken together, these converging findings - from behavioral embeddings,
neural topography, time-resolved decoding, and structured pruning - suggest
that dimensionality reduction is not just a computational convenience, but
reflects a fundamental organization of representational geometry of the brain
and, to an important but incomplete degree, of artificial neural networks.

5.7.2 Biological and artificial pruning

An interesting parallelism can be drawn between pruning in biological and arti-
ficial neural networks. While DNNs do not necessarily replicate the brain, and
DNN pruning primarily serves engineering objectives, many works in machine
learning related to pruning mention biological synaptic pruning as a source of
inspiration (e.g. Bellec et al. 2017; Gerum et al. 2020; Zhao and Zeng 2021; B.
Han et al. 2024). In our work, although we applied structured pruning to ac-
tivations or feature maps, at the implementation level it involved the removal
of weights, analogous to synapses in the brain.

In biological development, the brain initially overproduces synaptic connec-
tions and subsequently eliminates the weaker, less-used ones, a process that
has been shown to refine neural circuits, improve signal-to-noise ratio, and
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support the emergence of sparse, efficient coding (Neniskyte and Gross 2017;
Riccomagno and Kolodkin 2015). This process is not random: competition for
limited resources means that active, informative synapses are preserved while
redundant ones are removed (Stephan et al. 2012). The pruning framework
developed in Part I of this thesis operates under a similar logic. AIS-guided
pruning and CRISP do not remove weights based on magnitude alone, but
instead identify and retain the subspace of a model’s representation that is
most informative for a specific target geometry, which are human similarity
judgments or the model’s own representational structure. This mirrors the
biological pruning more closely than standard magnitude-based approaches,
which have been argued to lack biological plausibility because small weight
magnitude does not imply low functional importance (Scholl et al. 2021).

A further point of convergence may be the functional consequences of prun-
ing. In the brain, adolescent synaptic pruning in the prefrontal cortex helps im-
prove high-level cognitive functions, such as working memory and goal-directed
behavior, at the cost of some flexibility and generalization (Blakemore 2008;
Averbeck 2022). Similarly, pruned recurrent networks show more stable dy-
namics and more accurate in reinforcement learning tasks, but learn new tasks
more slowly than unpruned networks (Averbeck 2022). In modeling human
similarity judgments, pruning a pretrained network for a given semantic cate-
gory improves out-of-sample prediction within that domain, but the kept sub-
space is category-specific and does not necessarily generalize across domains
(Bavaresco, Truong, et al. 2025). This suggests that the pruned represen-
tations are more specialized and less flexible, consistent with the functional
consequences of pruning as a mechanism that finetunes representations to a
specialized target structure at the expense of broader utility. In both the brain
and models, pruning is not only a compression tool, but also a mechanism that
shapes the representation toward sparse, task-relevant coding.

5.7.3 From spatial layout to computational advantages
in topographic models

The topographic modeling work presented in this thesis is part of a broader
and rapidly growing effort to understand what architectural constraints are
necessary and sufficient to reproduce the spatial organization of ventral visual
cortex, and potentially of the cortex more generally. A number of end-to-end
topographic models based on deep artificial neural networks have been pro-
posed in recent years, differing in the specific form of the spatial constraint
they impose. One of the most prominent is the model of Margalit et al. (2024),
which we adopt in Study 2.1 to test its ability to capture a novel organizational
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dimension. While this model successfully reproduces broad divisions such as
animacy and real-world size, we find that it fails to produce the action-related
gradient we identify in lateral occipitotemporal cortex, suggesting that generic
spatial smoothness constraints, however powerful, do not rule out the induc-
tive biases needed to account for the fine-grained functional architecture of
high-level visual cortex. Other recent models have explored alternative formu-
lations of the spatial loss or relaxed standard architectural assumptions. Deb
et al. (2025) demonstrated that topographic constraints can generalize beyond
the visual domain, capturing spatial organization in auditory cortex as well,
suggesting that the organizing principles may reflect domain-general proper-
ties of cortical computation rather than vision-specific solutions. Z. Lu et al.
(2025) proposed a model that moves away from the weight-sharing structure
of standard convolutional networks, a feature widely regarded as biologically
implausible, by optimizing correlations among neighboring weight vectors, also
reproducing retinotopic and category-selective organization. Despite their dif-
ferences in implementation, all of these models converge on the same result:
spatially constrained deep networks replicate (to an extent) the known orga-
nization of ventral visual cortex and beyond.

A potential limitation shared by most of these approaches, including the
method in this thesis, is that the spatial organization they produce is imposed
at some levels, rather than discovered: the spatial loss directly penalizes devi-
ations from local similarity, and this must result in some forms of clustering.
An old study (Sirosh and Miikkulainen 1994) and a recent study (Qian et al.
2026) challenges this assumption by showing that explicit spatial losses may
not be necessary at all. Qian et al. (2026) demonstrated that incorporating
local lateral connections into the architecture, without any direct spatial loss,
is sufficient for the network to develop category-selective clusters organized
along large-scale gradients resembling those observed in visual cortex. This
result raises an interesting question about the origin of cortical topography:
whether it is shaped by optimization pressure on spatial layout, or whether it
is shaped as an emergent consequence of local connectivity.

Our work contributes to the topographic modeling literature in a distinct
but parallel way. Rather than treating topographic modeling purely as a repli-
cation of the spatial layout of the cortex, we investigate topographic constraints
as computational tools that shape the internal representational geometry of
networks and confer functional advantages beyond map formation. Study 2.2
shows that inducing topographic organization improves robustness to both in-
put perturbations and parameter noise. In this sense, the choice of spatial
loss is not just a technical detail but provides a computational benefit to the
model. This finding bring extra engineering benefits to the computational cog-
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nitive neuroscience community, and may contribute as a bridge to connect to
machine learning community.

Because the landscape of topographic models is diverse, with many different
technical implementations, and because some existing works investigated ad-
versarial noise with naturalistic data, whereas we used non-adversarial noise
with small-scale, simple datasets, we cautiously extrapolate our findings to
other models. We speculate that any method that produces high correlation
in neighboring weights will benefit parameter-noise robustness. Methods that
impose activation similarity at a global level (Margalit et al. 2024; Poli et al.
2023) may result in very high correlations between any pairs of units across
the topographic grid, as suggested in our local AS cases. In these models, since
they achieved slightly lower or on-par accuracy with non-topographic models,
they may rely on different magnitudes of activation in the topographic layers
to satisfy the classification or self-supervision task, or employ decorrelation at
the readout layer. Moreover, because we found that stronger spatial regular-
ization does not necessarily lead to smoother topographic maps, we speculate
that, if one optimizes for smoothness, spatial regularization strength should
be searched as a normal hyperparameter.

5.8 Relationship between pruning and topog-
raphy

Since the thesis presents two parallel topics, here we investigate the relationship
between the two by reviewing the use of pruning deep neural networks in topo-
graphic models. Topographic models, regardless of whether they are trained to
increase correlation in activities or not, produce smoother activities than non-
topographic baselines, which may increase redundancy and thus create a basis
for pruning. Poli et al. (2023) applied weight-based magnitude pruning (L2)
to convolutional filters and found that their topographic models can be pruned
more than baseline models given the same accuracy drop. A similar finding is
reported in Deb et al. (2025), where they applied L1 weight pruning. Z. Lu
et al. (2025) lesioned the 25% lowest-entropy units in their topographic maps,
resulting in only a small decrease in classification performance. We speculate
that topographic models that have lower effective dimensionality than baseline
models (e.g., our models, Margalit et al. 2024; Qian et al. 2026), encode more
redundancy in their representations, and therefore could be pruned more than
baseline models to achieve the same accuracy.

Another application of pruning in topographic models is to use pruning as
a lesion tool on category-selective areas that specialize in certain functions,
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to test whether the model can still function without the missing units, and
to compare the findings to the neuroscience literature. Tyson N Aflalo and
M. S. Graziano (2006) lesioned the hand-selective units in their model of mo-
tor cortex and found that the model reorganizes the functions in other units to
reallocate hand-selective responses, consistent with observations in the brain.
Cowell and Cottrell (2013) removed units that were maximally activated for
face and house images, and found that the remaining units were still sufficient
for classifying the two categories, replicating findings in humans (Haxby et al.
2001). Blauch et al. (2022) reports the opposite pattern: lesioning selective
units for certain categories (face, object, scene) leads to a strong drop in accu-
racy for the lesioned category, and a slight drop in other categories, suggesting
that functional organization is highly specialized but not strictly modular.

Since minimization of wiring length is one hypothesis explaining the forma-
tion of topography (Chklovskii and Koulakov 2004), pruning, which removes
neuronal connections thus reduces wiring length, could be considered as a
method to implement learning mechanisms in topographic models. Jacobs
and Jordan (1992) showed that penalizing the weights between distant units
drives the emergence of topography resembling organization in early visual cor-
tex, but without explicitly pruning these weights from the model. Achterberg
et al. (2023) explicitly pruned weak weights as a learning mechanism, showing
that the model mirrors similar structural and functional organization in many
cortical areas beyond vision. X.-J. Zhang et al. (2025) employed sparse evolu-
tionary training, where weights between units are grown and pruned to satisfy
a task loss and a topographic loss that penalizes long distance connections
(similar to Jacobs and Jordan 1992). They find that their models can improve
task performance, form task-specific modules, and simulate the distribution of
neuronal connections in animals such as Ciona intestinalis and Caenorhabditis
elegans (a type of sea vase and worm). Deb et al. (2025) mentioned synaptic
pruning in the brain as inspiration to develop their methods (although they
do not employ pruning as a mechanism to achieve topography), while Poli
et al. (2023) cited synaptic pruning as motivation to perform their pruning
experiments.

5.9 General limitations and future directions

The limitations and future directions of each study were discussed within each
chapter, therefore, here we sketch the overall limitations and future directions
across all presented studies. Regarding the theoretical limitations, we have not
examined the nuance of human similarity judgments that can change depend-
ing on context and task (Murphy and Medin 1985; Roads and Love 2024). For
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example, in an odd-one-out task with “banana”, “blackberry”, and “android”,
the odd one out could be “android” if a person considers the other two words
as fruits, but it could be “banana” if a person considers the other two words as
smartphones. Moreover, we use average population similarity judgments, so
we do not capture individual differences that may result in selecting different
subsets of the model via pruning (Carroll and J.-J. Chang 1970; Honekopp
2006; Simmons and Estes 2008; Ichien et al. 2019). We note that our method
can be applied to individual representational structure without adding any
technical details.

Regarding the technical limitations, the pretrained model choices may need
to be diversified, as the current models in the thesis are all CNNs. For exam-
ple, vision transformers are also common models of vision (Oota et al. 2023; J.
Tang et al. 2023; Adeli et al. 2025; Nguyen et al. 2025). This can lead to more
comprehensive comparisons; however, vision transformers are not necessarily
better aligned with human vision compared to traditional CNN models (Q.
Zhou et al. 2022; Linsley, Rodriguez Rodriguez, et al. 2023; Linsley, Feng, et
al. 2025). Moreover, the current models are trained with supervised learning,
so adding self-supervised models could also help extend the work to investigate
the effect of tasks on representational changes (Bakhtiari et al. 2021; Konkle
and Alvarez 2022). Another limitation is in the metric measurements: we
always employ RSA, which has certain drawbacks such as loss of important
stimulus-response information, second-order confounds, and cases where high
alignment scores still coexist with unhuman-like failures in DNNs (Dujmovié
et al. 2023; Viviani 2021; Gao et al. 2025). Methods such as linear regression
between activations and behavior /brain data, or Centered Kernel Alignment,
could complement RSA and compensate for some of these limitations (Korn-
blith et al. 2019).

Regarding future directions, in Study 1.1, we showed that pruning fea-
ture maps in convolutional networks against human similarity judgments can
provide a mechanistic explanation of how people compare objects, therefore,
future work may apply the same method to neural data, extending this frame-
work beyond the behavioral level. This would make it possible to test whether
neural representations in specific brain regions are sufficient to explain ob-
ject comparisons and to identify which areas best capture the representational
structure underlying human similarity judgments. In Study 1.2, we applied
pruning in the numerosity domain and found that number-detector units are
not critical for preserving population-level representations. Future work should
better characterize the semantic content of the number-detector units, as well
as the units retained or removed by pruning, using explainable Al approaches.
In Study 1.3, we used pruning to isolate a subnetwork in later layers that pre-
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served the representational geometry of either the original network or human
similarity judgments. In future work, pruning should be extended to the whole
network to test the broader utility of the method. Explainability analyses may
be applied to decode the semantic content of retained and removed units or
feature maps, thus revealing what information is important for preserving the
geometric structure of a semantic category in pretrained models.

In Study 2.1, we found that a prominent topographic model could not cap-
ture the action dimension in the ventral visual stream. This suggests that
future models of action-related organization may need to be trained on more
ecological tasks, such as fine-grained action discrimination, or even on embod-
ied data from simulations or robots interacting with objects in the real world.
In Study 2.2, we showed that correlation topographic constraints can improve
robustness to noise. A direction for future work is to scale these approaches to
larger datasets and compare their noise robustness more directly with neural
data. It will also be important to test whether these effects generalize across a
wider range of architectures, including recurrent or transformer-based models,
and across alternative training objectives such as self-supervised learning.

Another general future direction is extending to the language domain, as
large language models now not only process language but can surprisingly
model many vision tasks as well (Doerig et al. 2025; Conwell 2024; Bavaresco
and Fernandez 2025). Analyzing neural data is also necessary, so that we can
move toward the underlying mechanisms that generate behavior (Charest et al.
2014).
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Appendix for Chapter 1

.0.1 Histogram of image-level correlations between Ecoset
and ImageNet produced AIS maps
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Figure 13: Cumulative histogram of correlations between heatmap’ values cre-
ated by ImageNet-trained and Ecoset-trained models.

.0.2 TranSalnet and AIS maps: Additional Images

Additional images showing the overlap between the heatmaps created by Align-
ment Importance Scores (blue contours) and the saliency maps from TranSal-
Net (orange contours). Contours indicate the 5%, 10%, and 15% most impor-
tant pixels, with increasing color intensity respectively. Relative Risk values
computed from top 5%, 10% and 15% pixels in each map are printed on the
top of each images.

153



CHAPTER

Animals: High Relative Risk Ratio

Animals: Low Relative Risk Ratio
4686556.7

g

Furniture: High Relative Risk Ratio
80@ 3.355.68
b O

R

9.1217.47

0.0‘2&)_0 i

(o

Transportation: High Relative Risk Ratio

30.929.416.78 TSI 06

154



.0.3 TranSalNet performance

The image, below, adapted from Lou et al. (2022) shows performance of
Translanet in prediction of human gaze. The figure presents the original image,
the human gaze location (Ground Truth), and the gaze predictions made by
Translanet, when trained on two different vision models.

.0.4 Precision-Recall curves for Ecoset-produced images

See Figure 15.

.0.5 Production of second-order-isomorphism image-specific
heatmaps in Tarigopula et al. (2023)

An image was masked using a sliding mask to evaluate how the masking of
each image section impacted the 201 between the DNN RDM and Brain RDM.

Figure 16 describes the main steps in the analysis. All 144 images in Set2 of
King et al. (2019) were passed through a pruned DNN to extract embeddings.
From these we constructed a baseline Representational Dissimilarity Matrix,
(RDMpNN pase)- The correlation between RDMpyn pase and RDMp,qi, con-
stituted (20Ip4se). The masking procedure was applied to a target image and
applied as follows. Masks were square 0O-filters, and their sizes were set the
range 24-56 pixels in intervals of 4 pixels (9 mask sizes in all). We used vari-
able sizes to be sensitive to features of different granularity. The stride step
size was set to 4 pixels for all filter sizes. We added zero padding to the edges
of images as required depending on the size of each masking filter. As de-
scribed in the main text, the perturbation to 201, induced by each mask
(computed as 201,,,5) was assigned to a 4 x 4 area at the center of the mask.
This produced 8 perturbation values for the center of each set of 8 masks, of
which we selected the value associated with the maximum absolute value (i.e.,
the negative or positive value that departed maximally from zero).

This entire procedure was applied to DNN embeddings extracted from
VGG-19 DNNs whose embeddings were pruned as supervised by brain RDMs,
or to embeddings derived from a non-pruned version of VGG-19 (internal con-
trol). In all cases we used a VGG-19 pretrained model as provided in Pytorch.

To visualize the perturbation scores we colored the 4 x 4 area in the center
of each mask to avoid overlapping colors. Green colors denote a positive score,
meaning the masking the given area produced a drop in 20I, whereas red
denotes the converse. Figure 17 presents more sample results.
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Figure 14: Figure adapted from Lou et al (2022).
https://doi.org/10.1016/j.neucom.2022.04.080. Original figure licensed
CC-BY.
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Figure 15: Precision-Recall Curves for different thresholds of the tar-
get variable. The target variable was heatmap values produced from AIS
scores computed from Ecoset training. The predicting variable were saliency
map values from obtained from TranSalNet.
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Figure 16: Main steps in producing 20I-perturbation heatmap in
Tarigopula et al. (2023). 1. A section of the target image is masked.
2. The masked image is passed through the DNN and the image embed-
dings are extracted. 3. A Similarity Matrix (inverse version of RDM) is
constructed to reflect the distance between the masked image and all other
images (SMpnN_maskea); Only correlations involving the target image are con-
sidered from this point on. 4. A 20I value is computed by relating this set
of correlation values to the set computed from brain data (SMp,q,). Those
correlations involving the target image (here, e.g., Image 1) are delineated in
the Figure by a dashed blue square. The two sets of correlation values are
related via R? coefficient of determination. 5. The difference between 2014k
and 2014, is stored as the impact of the mask. 6. The magnitude of the
difference is mapped onto a color scale.
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Figure 17: Additional sample heatmaps from Tarigopula et al. (2023) showing
the contribution of each image section to second order isomorphism between
a DNN RDM and a Brain RDM. More results can be downloaded from Github:
github.com /timnhut/Visualize_ Pruned DNN_by_HumanSim /tree/main/results /grid
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Appendix for Chapter 5

.0.6 Training Dynamics

To evaluate how AS and WS regularization impacted training, we evaluated
the cross-entropy loss and spatial-loss trajectory over the training epochs for
A = 0.1. Figure 18 shows the results for MNIST, and Figure 19 shows similar
findings for CIFAR-10. For both MNIST and CIFAR-10, the trajectory of
cross-entropy reduction (and accuracy) were highly similar, for all three types
of models. This suggests that the different models learn the differentiation
between classes at similar rates. With respect to the spatial loss terms, in
MNIST, both AS and WS showed a strong increasing trend in a first few
epochs, then the spatial losses dropped towards the end of training. In CIFAR-
10, the AS-loss monotonically decreased, while WS-loss only decreased in the
later half of the training process. For both datasets, accuracy remained at a
relatively high level ( 50% of initial level) and began to slow down when training
accuracy was already high. These data suggest that the inclusion of AS and WS
regularization did not strongly impact the dynamics of classification accuracy
or those of cross entropy loss during training. They also suggest that both
AS and WS loss functions can produce an initial trade-off between the spatial
and cross-entropy objectives, perhaps because the topographic regularization
harms the feature learning required for classification. Once the features are
learned, the spatial objective is more easily satisfied.
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Figure 18: MNIST Train stats: Train-set accuracy and loss terms.

CIFAR
€
] ‘g- 1.0 A
1.259 1 p
" | % 0.8 1 _.90 =
NS &
2 1.00 A = < g0 /
- £ 0.6 > /
w B y
G 075 =3 C 704 /
o n 0.44 5 /
> 0.50 A 2 9 /
< 3 i < 60 A
- 0.2
0.25 A ® /
| . . | B oo, : ; L ] ] ]
0 10 20 30 0 10 20 30 0 10 20 30
Epoch Epoch Epoch
-=-- Control AS WS

Figure 19: CIFAR-10 Train stats: Train-set accuracy and loss terms.
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.0.7 Supplementary Figures
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Figure 20: Robustness to weight perturbations evaluated across in-
dividual values of A\. Robustness is assessed by changes in representational
geometry (top row) and test accuracy (bottom row) under increasing levels
of additive noise applied to the final classification-layer weights. Representa-
tional geometry is defined as the 10 x 10 cosine-similarity matrix computed
from category-level weight vectors, and robustness is quantified as the similar-
ity between the original and perturbed matrices. Results are shown separately
for MNIST (left) and CIFAR (right), and for control, AS, and WS models at
individual values of the regularization parameter A (indicated by line style).
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Figure 21: Examples of noise types and noise levels. Representative
MNIST (a) and CIFAR-10 (b) images are shown under different noise types
(white noise, pink noise, and salt-and-pepper noise) and increasing noise levels.
Rows: noise types; columns: noise level. For reference, noise-free inputs are
presented in the top row.
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Figure 22: Accuracy changes under input corruption across noise
type, noise level, and topographic regularization. Changes in classi-
fication accuracy compared to baseline (non-perturbed) models are shown as a
function of A\ for models trained with AS, WS, and control objectives. Results
are shown for MNIST (top) and CIFAR (bottom), for three types of corruption
(white noise, pink noise, and salt-and-pepper; rows), and for increasing noise
levels (columns). Accuracy values are compared to the corresponding noise-
free baseline (accuracy after adding noises minuses before adding). Shaded
regions indicate +s.e.m across runs.
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Figure 24: Spatial smoothness of activation maps under activation-
and weight-similarity training for CIFAR-10.
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and WS models across values of the regularization parameter .
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Figure 26: Angular response properties under weight-similarity train-
ing. Topographic maps show the dominant angular response type for units in
the grid across values of the regularization parameter A under WS training.
Angular response types correspond to five harmonic components with period-
icities of 360°, 180°, 120°, 90°, and 72° (Cycles 1-5), indicated by color. Results
are shown for MNIST and CIFAR-10. Two randomly trained models shown
per dataset. Columns correspond to values of .
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Figure 27: Angular tuning profiles across training conditions and reg-
ularization strengths ()\). Percentage of units assigned to each angular
tracking profile (Cycles 1-5) is shown. Cycles correspond to harmonic re-
sponse types with periodicities of 360°, 180°, 120°, 90°, and 72°, respectively.
Within each cycle, bar order is control, followed AS and WS, at increasing
values of A\. Bars indicate mean percentages across runs; error bars denote
variability across runs.
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Figure 28: Eccentricity tuning profiles across training conditions and
regularization strengths. Percentage of units showing increasing, decreas-
ing, band-pass, or flat eccentricity tuning profiles. Each panel corresponds to
one eccentricity tuning profile, as defined in the main text. Increasing and de-
creasing profiles correspond to monotonic changes in response magnitude with
eccentricity and reflect units with positive or negative radial gain, respectively.
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