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Abstract

V4, an intermediate visual area in the ventral pathway of the primate visual system, is known to contain neurons selective
to visual stimulus attributes of intermediate complexity. Recent studies have shown that macaque V4 is organized into
neuronal columns, each tuned to specific natural image features, and topologically arranged across the cortical surface
to form functionally specialized domains. Using digital twins of V4 constructed from a large-scale wide-field imaging
dataset, we demonstrate that shape- and texture-preferring neurons — previously identified in single-unit studies — are
spatially clustered into functional domains. The segregated spatial organization suggests the existence of parallel modules
for surface and boundary processing. Unlike artificial neural networks trained for ImageNet classification, which exhibit
a strong texture bias, we find that V4 cortical columns and functional domains are more evenly balanced between shape
and texture preferences. Finally, we show that computational constraints of feature similarity and retinotopy constraints
are necessary and sufficient to explain many observed properties of the organization of the V4 topological map of natural
image feature preferences.
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Introduction to complex attributes arising from natural image statistics
(Abbasi-Asl et al., 2018). V4 neurons with multifaceted feature

The ventral pathway of the hierarchical visual system in . i . . i .
selectivity are spatially organized into cortical columns (Willeke

primates extracts a variety of visual attributes (Kravitz et al.,
2013) to support object recognition (DiCarlo et al., 2012). Area
V4, an intermediate stage in this hierarchical pathway, contains

et al., 2023). Our earlier wide-field calcium imaging study
(Wang et al., 2024) obtained pixel wise cortical responses of

1 ficial 1 f V4 di t t of th
neurons selective for spatial frequency (Lu et al., 2018; Zhang a4 JaIge supetucial ‘ayer o » COTTESpPOnCINg to part o ©

et al., 2023), color (Liu et al., 2020), orientation (Tanigawa
et al., 2010), curvature (Hu et al., 2020) and figure ground
segregation (Roe et al., 2012). Meanwhile, neuronal groups are
independently tuned to object surface texture (Cox et al., 2013;
Okazawa et al., 2014; Kim et al., 2022) and boundary shape
(Pasupathy and Connor, 2001, 2002; Nandy et al., 2013; Jiang
et al., 2021), highlighting their distinct functionality (Kim
et al., 2019; Pasupathy et al., 2019). Recent advances utilizing
deep learning methods show that V4 neurons are not confined

lower right visual field. Each pixel contains roughly a hundred
neurons and covers a surface area of 90pm by 90pm, comparable
to that of a canonical column, such as a V1 orientation
column. Henceforth, we call each pixel a column. Each column
exhibits distinct natural image selectivity. Similarly tuned
columns cluster into functional domains (Fig. 1A-D), revealing
a topological map of natural image feature preferences. In this
paper, we aim to identify computational principles that explain
the topographical organization of these functional domains of

. . . . . various natural image preferences.
to encoding simple visual attributes; instead, they respond ge p
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There exists a spectrum of neuronal preferences for natural
image features. Wang et al. (Wang et al., 2024) introduced a
measure termed dispersity to characterize this spectrum along
a certain dimension (1E). Neurons with high dispersity prefer
features that are broadly distributed across their receptive
fields.
features. Perceptually, high-dispersity neurons tend to prefer

Neurons with low dispersity prefer more localized

patterns associated with surface texture properties, whereas
low-dispersity neurons tend to prefer patterns more related
to shapes and forms such as curves and corners. However, a
direct link between the dispersity measure and shape—texture
preferences has not been established. Here, we establish
this connection by performing in-silico neurophysiological
experiments using shape and texture stimuli previously
employed in V4 electrophysiological study (Kim et al., 2019).

‘We observe that neurons with similar dispersity cluster into
domains, with regions processing surface texture properties
interleaved with those encoding boundary shapes and object
parts in the topological map (Fig. 1C&D). This raises the
question: what computational constraints and key factors drive
the emergence of this interleaved organization of high- and
low-dispersity functional domains across the V4 cortical map?

No computational models of V4 topological organization
have been rigorously evaluated and accepted, largely because
prior data on natural image preferences was lacking. A recent
deep residual network coupled with a spatial loss constraint,
called TDANN (Margalit et al., 2024), does have a presumed V4
layer, though it has not been evaluated against empirical data.
Models of topological organization in visual areas before and
after V4 along the ventral visual pathway can provide insight
into the key factor underlying topological organization in V4.
In macaque V1, neurons with similar orientation-selectivity
cluster together to form pinwheel structures on a continuous
map, allowing processing modules known as hyper-columns to
be organized under an innate retinotopic structure (Arcaro and
Livingstone, 2017a). As visual processing advances along this
hierarchy, receptive fields expand, and neuronal tuning evolves
to encode increasingly global attributes. This progression
results in a critical trade-off: some visual attributes attain
higher invariance, while others specialize further. At the apex
of this hierarchy, in the inferotemporal cortex (ITC), neurons
encoding related attributes cluster into functional domains
(Downing et al., 2006; Bao et al., 2020; Doshi and Konkle,
2023), dedicated to categories such as object size (Konkle
and Oliva, 2012), animacy (Konkle and Caramazza, 2013),
scenes (Arcaro and Livingstone, 2017b), and faces (McGugin
et al., 2012; Janssens et al., 2014), with reduced retinotopic
constraints (Levy et al., 2001; Hasson et al., 2002; Arcaro et al.,
2009). Area V4, with its unique position along this hierarchy
and distinct tuning, must integrates its preferred attributes into
a coherent topological map (Fize et al., 2003).

We investigate the computational constraints required to
reproduce the V4 topological map using a self-organizing map
(Kohonen, 1990). Our results show that a balance between
feature-tuning similarity and retinotopic constraints is essential
for capturing key properties of the V4 map, including (1)
the relative positioning of distinct functional domains, (2)
the simultaneous accommodation of both a continuous feature
map and a retinotopic map, and (3) the spatial clustering of
neurons tuned to surface texture (high-dispersity) versus shape
properties (low-dispersity). We further examine the TDANN
(Margalit et al., 2024) putative V4 map and find it diverging
substantially from the observed V4 organization, likely due to
the disproportionately strong texture bias displayed in neural

networks, including TDANN. In contrast, macaque V4 exhibits
a more balanced representation of shape and texture tuning.
This discrepancy highlights the critical role of neuronal tuning
preferences in shaping topological maps.

Our work underscores the importance of natural image
feature preferences, tuning similarity, and retinotopic
constraints in shaping the V4 functional map. We establish
a link between dispersity and shape—texture preferences,
revealing the interleaved functional domains that support the

processing of surface textures and boundary shapes in V4.

Materials and Methods

Self-organizing maps

We implement the Kohonen Self-Organizing Map (SOM) in
PyTorch to investigate the computational constraints governing
the development of the Macaque V4 topological map of natural
image preferences. We explored two variants, both of 60 x 60
units. The first map (SOM) learns its weight vector (w x h
x f: 60 x 60 x 50000) from 3048 V4 column responses to 50k
images, constrained only by tuning similarity. Another RSOM
(retinotopically constrained SOM) incorporates a retinotopic
vector (weighted polar angle and eccentricity) concatenated
with the 50k-dimensional image response vector (weight vector
of 60 x 60 x 50002) to allow dual similarity constrains.

SOM and RSOM training

Each SOM/RSOM weight is randomly initialized. During each
training forward pass, SOM unit that best matches the input
vector (one V4 column response vector) is identified as the best
matching unit (BMU, Equation 1, W = 1). For the RSOM, the
first 50k elements use W = 1, while two retinotopic terms use
W = 125. All units then update their weights using a Gaussian
neighborhood function (Equation 2), such that units closer to
the BMU are adjusted more strongly toward the input vector
than distant units. The neighborhood width ¢ starts large and
gradually decays over training, while the learning rate remains
constant (Equation 3). Each simulated map is trained for 120
epochs, with each epoch iterating over all 3048 V4 columns.
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Shape and texture experiments

To examine the relationship between shape—texture preference
and feature dispersity, we replicate the neurophysiological
experiment Kim et al. (2019) of 92 shape and 112 texture
images to probe V4 column responses in the V4 digital twin.
Rotation augmentation at 0°, 90°, 180°, and 270° yield 816
stimuli. Each resized image is centered within a V4 column’s
estimated receptive field to obtain its activation. For each
V4 column, the proportion of texture stimuli within its top
15% preferred images served as an index of texture-over-shape
preference, which correlates with V4 column’s feature dispersity
across the population (0.60 Pearson correlation).



We obtain each TDANN layer3.1 (V4) and layer4.0 (ITC)
unit's activation to these 816 images by centering each resized
image in the target unit's theoretical receptive eld (RF). This
RF center is derived from the TDANN convolution structure.
Its side length equals three times the mean of the target unit's
estimated receptive eld tted elliptical Gaussian Sigmas (see
feature attribution below). We use the most preferred nine
images of every map column / pixel to determine its texture
/ shape preference type, a surrogate for texture preference to
be compared against dispersity results.

Feature attribution and dispersity analysis

To quantify image selectivity of V4 columns along the
spectrum from shape to texture, we develop the feature
dispersity measurement (Wang et al., 2024). We perform
feature attribution analysis on TDANN (Margalit et al., 2024)
target units using the SmoothGrad-Square (Smilkov et al.,
2017; Hooker et al., 2019) method that introduces random
noise to augment an input image into a batch of 20 noisy
images before back-propagating the target unit activation for a
gradient heatmap. For a target unit, we compute an averaged
gradient heatmap from its most preferred 1k images (out of
50Kk), with each image's heatmap normalized and scaled to sum
up to the unit activation. The aggregated heatmap is tted with

an elliptical Gaussian with x- and y-axis Sigmas.

For a unit, its receptive eld is de ned as the area within the
tted Gaussian's half-maximum contour. We conduct content
removal test (Wang et al., 2024) on each target unit's 25 most
preferred images. Each image has its key area, K pixels with
the highest gradient heatmap values, preserved or occluded. As
K increases, target unit responses to key area preserved images

increase, while responses to key area occluded images decrease.

The particular K that produces the same response is called
the critical key area, which divided by the receptive eld area

is the feature dispersity, a measure that quanti es the level

of dispersion of preferred features of a target unit within its

receptive eld. Because natural image stimuli are cropped to
create round apertures at the center with soft fade-o, we only

compute dispersity values for TDANN units at the center of

every feature map for every layer, which shares its dispersity
with all other units in the same channel.

High-dispersity domain fragmentation

We compute Fano factor to characterize the degree of high-
dispersity domain fragmentation in the V4 and our simulated
maps. For a feature dispersity map, all units are hierarchically
clustered into high- or low-dispersity types. 1000000 square
neighborhoods are randomly sampled within the map space,
each recording the number of high-dispersity columns / units.
The variance of these numbers over their mean is the Fano
factor that characterizes how spatially fragmented or clustered
are high-dispersity units organized in cortical maps.

RSOM unit tuning decomposition

There are 16 functional domains in the V4 and simulated maps.
Each domain identi es 20 images that occur most frequently

among all units' top nine preferred images (from 50k images).
For each domain, we then select an example unit|the unit

exhibiting the strongest response to these 20 images|and
extract its responses to its top 1000 preferred images. We train
a LASSO model to t this response vector as a weighted linear
combination of responses from 3048 V4 columns to exactly these

w
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images (Equation 4). The loss is a mean squared error plus
another L1 punishment on all weights, multiplied by 0.01 to
control this penalty. Each model is trained with a learning rate
of 0.05 for 7500 epochs, giving a nal loss of around 0.01.

348
representative-unit o, = wi column-i top1k 4)

Results

Key characteristics of the V4 topological map

In our earlier work (Wang et al., 2024), we trained a deep
convolution neural network from V4 responses to 19.9k natural
images, obtained by wide eld calcium imaging. This model, as
a digital twin of the macaque V4, predicts 3048 V4 imaged pixel
responses to 50k ImageNet color natural images (Deng et al.,
2009). Each imaged pixel corresponds to the super cial layer
of 90pum x 90 um V4 cortical tissues, approximating the scale
of a single cortical column. We hence refer to each V4 imaged
pixel as a V4 column. These columns are arranged within a
cortical map covering roughly 7 mm ® 6 mm cortical surface,
with receptive elds positioned in the lower right visual eld,
spanning 1 °{2.2 ° eccentricities and polar angles up to 60  ° from
the vertical meridian. In the experiment, images were presented
ina4 O 4° aperture centered at 1.5 ° eccentricity and 45 ° polar
angle. While prior V4 studies focus on one domain specialized
for elementary visual features such as color (Liu et al., 2020) or
spatial frequencies (Zhang et al., 2023), our V4 map de nes 16
distinct domains based on the neurons' natural image feature
preferences, encompassing a broad range of feature selectivity
within a topological organization.

Fig. 1A illustrates this large-scale organization, where each
of 3048 V4 columns shows its top nine preferred images from
its tuning, the digital twin's responses to 50k natural images
(Wang et al.,, 2024). On a coarse scale, the map exhibits
functional domains of color preference. A detailed examination
of 40 columns within Fig. 1A white box reveals multifaceted
neural preferences for complex image attributes, including
intricate shapes, patterns, and surface texture combinations
(Fig. 1B). Neuronal columns appear to exhibit a spectrum of
pattern preferences, ranging from patterns with characteristics
of surface textures at the left and patterns emphasizing
boundary curvatures and shapes at the right, and even facial
features at the lower right.

However, many natural images often contain texture and
shape features simultaneously. Preference for texture and shape
exists in a continuum and can be ambiguous for perceptual
classi cation. To systematically and objectively characterize
these preferences, we introduced the concept of dispersity
(Wang et al., 2024), a quantitative metric that captures the
degree to which neural columns prefer surface textures versus
precise spatial patterns such as shapes (Fig. 1E). While high-
dispersity columns typically respond to broadly distributed
features reminiscent of surfaces and textures, low-dispersity
columns show selectivity toward precisely localized shape
features. The dispersity map (Fig. 1E) highlights that the high
and low dispersity domains are spatially interleaved throughout
the V4 cortical surface, balancing each other proportionally.

This dispersity measure is related to shape and texture
image preference established by Pasupathy et al. (Pasupathy
and Connor, 2001; Kim et al., 2022), who identi ed di erent
neuronal populations that prefer shape or texture. Testing
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Fig. 1. A The V4 digital twin is a deep learning model that predicts monkey V4 neuronal column response to images obtained by calcium imaging.

This image preference map shows 3048 V4 columns' most preferred 9 images out of 50k color natural images.

B. Panel A white box zoom-in. C.

digital twin shape and texture image preference map. Each V4 column shows its most preferred 9 images out of a set of 816 synthetic shape and texture

images. D. Panel C white box zoom-in.

dispersity columns prefer dispersed texture features. Low dispersity columns prefer localized shape features.
60 units). Each unit learns a retinotopic position and responses to 50k images (tuning) whose most preferred nine images are shown.

E. V4 feature dispersity map and example natural images associated with dierent dispersity values. High

F. RSOM simulated cortical map (60 by

box zoom-in. H. RSOM connects to V4 column image space. Each column consists of a 50k dimension tuning and a retinotopic position.

their set of shape and texture stimuli (Kim et al., 2019) on
our V4 digital twin, we generate another image preference
map (Fig. 1C&D), which is correlated with the dispersity
map (see Materials and Methods), demonstrating that shape
preference domains (low dispersity) interleave systematically
with texture preference domains (high dispersity). Our ndings
support the notion that the complex topological arrangement
of V4 functional domains arises naturally from neural tuning
properties derived from natural image statistics, where shape
and texture selective neurons form distinct yet interleaved
functional domains, highlighting an organizational principle
that balances the processing of detailed shape features and
broader surface textures within the cortical map.

Self-Organizing Map can account for the V4 map

To understand the computational constraints underlying the
V4 map topology, we rst ask, given V4 columns each with
its tuning curve (responses to 50k natural images) and an
estimated retinotopic position using the SmoothGrad-Square
feature attribution analysis (Wang et al., 2024; Smilkov et al.,
2017; Hooker et al.,, 2019), can we use the self-organizing
algorithm to explain their topological organization?

We train two variants of self-organizing maps (see Materials
and Methods) to examine the constraints necessary to organize
V4 columns into the observed cortical map topologies. Our
rst self-organizing map (SOM) is a 2D network of 60 x

60 units, each receiving only the tuning curve from all V4
columns as input. This map enforces the continuity of stimulus
tuning while ignoring column's retinotopic position. The second
map (Fig. 1F&G) takes into account the retintopic position
of V4 columns in addition to the tuning curve, hence called
the retinotopically constrained SOM (RSOM). With a similar
network con guration, the RSOM enforces both the stimulus
tuning continuity and the retinotopy continuity (Fig. 1H).

To quantitatively assess the correspondence of our simulated
maps with the V4 map, we label each SOM / RSOM unit
to inherit the domain label, the retinotopic position, and the
dispersity value of a V4 column that has the most similar
tuning curve to it (Fig. 2A&B). This allows us to construct two
guantitative comparison metrics: a
average inter-domain distances between columns in one domain
and columns in another domain, and an Adjacency Matrix
indicating the frequency of one domain boundary columns
abutting another domain. Each matrix measured relationships
among the 16 identi ed functional domains, resulting in two
16 x 16 matrices for each of the SOM, V4, and RSOM
maps (Fig. 2C&D). The Pearson correlation between the
matrices of these maps shows a higher alignment between
V4 and RSOM compared to SOM (Table 1), conrming the
signi cant contribution of the retinotopic constraint to the
cortical topology of the V4 map.

Incorporating retinotopic constraints into the RSOM
produces a structured retinotopic map characterized by

G. Panel F white

Distance Matrix , recording
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Fig. 2. The rst, second, and third rows correspond to the SOM, monkey V4 digital twin, and the RSOM. Each column hosts a dierent metric /

map for all simulations and the V4.
between units. Spatially closed units have similar tuning.

Averaged domain-to-domain distance by sampling all pairwise units.
adjacent to another domain. E. Polar angle maps with contours.

A. Averaged correlations between pairwise unit responses to 50k images (tuning curve), as a function of distance
B. Domain color map. V4 has 16 domains labeled in 16 colors. Every SOM / RSOM unit
gets assigned the most similar V4 column based on tuning curve to borrow its domain label, retinotopy, and dispersity.

C. Domain distance matrix.

D. Domain adjacency matrix. The number of each specic domain's units being
F. Eccentricity maps with contours.

G. Feature dispersity maps. High-dispersity units

that prefer texture features cluster to form many smaller domains in V4 and the RSOM, but more concentrated cluster of texture units in the SOM.

Table 1. Simulated and V4 map comparison

Maps SOM RSOM V4
Correlation / distance (Fig. 2A) 0.972 0.967 1.0
Domain distance (Fig. 2C) 0.37 0.87 1.0
Domain adjacency (Fig. 2D) 0.60 0.72 1.0
Fano factor (Fig. 2G) 0.13 0.03 0.06

Evaluation metrics that compare simulated maps against V4. Each map

shows its similarity score against the V4 in 1-3. Each map has a stand-

alone index in 4. (1). Averaged pairwise units tuning correlations as a
function of map distances. (2). Domain distance matrix. (3). Domain
adjacency matrix. (4). Fano factor, high-dispersity units dispersion index.

eccentricity contours approximately perpendicular to polar
angle contours, closely matching the V4 retinotopic structure
(Fig. 2E&F, second and third rows). In contrast, the retinotopic
map of the SOM, driven solely by tuning similarity, appears
to be fragmented and lacks clear organization (Fig. 2E&F,
rst row). Notably, the retinotopic constraint leads to a more
fragmented spatial arrangement, dividing functional domains
of high dispersity into multiple smaller clusters, particularly
evident in dispersity maps (Fig. 2G column, comparing the rst
row versus the second and third rows). We compute a Fano
factor to quantitatively compare the degree of fragmentation
of high-dispersity units in the dispersity map derived from
our simulations with that of the V4 (see Materials and
Methods). A higher Fano factor re ects more spatial clustering.
The dispersity pattern of the RSOM closely matches that
of the empirical V4 map, again exceeding the SOM without
retinotopic constraints (Table 1). These results underscore
the essential role of the retinotopic constraint in shaping the
fragmented yet organized nature of functional domains in V4.

Tuning discontinuities at domain boundaries

The self-organizing map (SOM) groups neuronal columns
based on tuning similarity, striving for smooth feature
transitions across the cortical surface. However, due to
the inherent statistical structure of natural scenes, certain
visual features occur more frequently than others, leading
to non-uniform transitions between feature tunings. This
inherent non-uniformity can be further ampli ed by retinotopic
constraints. We leveraged this non-uniformity to delineate 16
functional domains in the V4 cortical map (Wang et al.,
2024). Consequently, we hypothesize that feature-tuning
transitions within functional domains should di er markedly
from transitions across domain boundaries.

Our analyses in Fig. 3A&E support this hypothesis. Three
example domains are shown, one per row. Fig. 3B&D present
example domains in the RSOM and V4 maps, respectively, each
highlighting the target domain with a color-coded boundary
(same color scheme as Fig. 2B): the green-outlined, pink-
outlined, and red-outlined domains in the rst, second, and
third row, respectively. For each target V4 domain, we extract
all boundary columns and compute, for each boundary column,
how its tuning correlates with the tuning of other columns
within a local neighborhood around that boundary location.
Fig. 3E shows the average of these tuning correlations as a
function of the physical map distance between column pairs
that fall either within the same domain (blue curves) or across
di erent domains (yellow curves). We nd that V4 column
tuning varies more gradually within a functional domain
but drops sharply across domain boundaries. This distinctive
pattern is consistently observed across all domains in the RSOM
and the V4 map, con rming that functional domain boundaries
coincide with salient discontinuities in feature tuning.

While tuning discontinuities at V4 domain boundaries are
preserved in the RSOM, we further examine RSOM units
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Fig. 3. Tuning gradients within and across domain boundaries. Three example functional domains are shown and analyzed, one per row, outlined by

green, pink, and red contours respectively.

A. Correlations between the tuning (responses to 50k natural images) of a RSOM domain boundary unit and

tunings of other units (both inside and outside the domain, all within a 11-by-11 neighborhood centered around the boundary unit), as a function of

distance away from the boundary unit, averaged over an example domain's all boundary units.

B. Heatmap of RSOM averaged and normalized responses

to each domain's 20 most frequently preferred images, with color-coded contour overlaid to outline domain (also indicate domain's boundary units). The

black dot indicates each domain's example unit.

C. Example unit tuning is decomposed as a weighted linear combination of all V4 columns' tunings

with a LASSO linear model. Each bin represents one V4 column, whose color indicates its domain label. 15 columns with the largest linear regression

model weights are shown.
outline domain.

to explain this phenomenon from a connectivity perspective.
Each RSOM domain identi es its top twenty most frequently
preferred images and one example unit with the strongest
response to these images (black dot in Fig. 3B), whose tuning
is decomposed as a weighted linear combination of all V4
column tunings (see Materials and Methods). The example
unit at the green-outlined domain center (Fig. 3B, rst row)
aggregates V4 columns from the same domain (Fig. 3C,
rst row), representing homogeneous connectivity. When the
example unit lies near a domain boundary|as in the second
and third rows of Fig. 3B|its tuning becomes an aggregation

of V4 columns originating from both the same domain and
neighboring domains. Fig. 3C visualizes this heterogeneous
connection to V4 columns from di erent domains (orange, light

/ dark green bins in the second, third rows, respectively). We
further randomly sample ten boundary and interior units from
each RSOM domain to analyze their tunings as in Fig. 3C,
which results in statistically distinct connections (p
While boundary units on average exhibit 41% homogeneous
connection (summative weights of homogeneous V4 columns in
LASSO model), this rate increases to 74% for interior units.

In general, RSOM units located near the center of domains
aggregate V4 columns mostly from their home domain. RSOM
units at domain peripheries integrate inputs from a more
heterogeneous mixture of V4 domains. This heterogeneity at
domain boundary contributes to the tuning discontinuities

< le-5).

D. Heatmap of V4 responses to each domain's 20 most frequently preferred images, with color-coded contour overlaid to
E. Correlations between V4 domain boundary column tuning and tunings of other columns, as similarly computed in A.

observed in our simulated maps. This nding aligns with our

earlier empirical observations (Wang et al.,, 2024), based on
combined wide- eld and two-photon calcium imaging data,

showing that V4 neurons at domain boundaries often exhibit

mixed feature tunings spanning multiple functional domains.

Topological maps of arti cial neural networks

We have demonstrated that the self-organizing algorithm, when
constrained by balanced retinotopic and feature continuity
factors, captures critical features of the V4 map. Articial
neural networks (Zhuang et al.,, 2021; Konkle and Alvarez,
2022) incorporating similar factors should also account for
key V4 map features. Performance-optimized convolution
neural networks have been shown to resemble the hierarchical
organization of the primate ventral visual pathway. Early
convolution layers exhibit stronger representational similarities

to lower visual areas, while deeper layers align more closely
with ITC responses (Margalit et al., 2024). However, even the
best model explains only about half of the variance in neuronal
responses. Notable discrepancies have been observed between
the population coding patterns in these models and the brain
(Linsley et al., 2023; Dyballa et al., 2024).

TDANN, a recent topographic deep arti cial neural network
(Margalit et al., 2024), essentially incorporates a similar feature
continuity constraint, as well as the retinotopic constraint
implicitly through its convolution architecture. TDANN is
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