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Abstract

Functional specialization within high-level vision is reflected in the topographic organization of the ventral temporal
cortex (VTC). The presence and consistent locations of small areas responding selectively to particular visual categories
— such as faces and scenes — has led to proposals of innate domain-specific modules. However, such proposals do not
easily explain other aspects of an apparently multi-scale topographic organization of high-level visual features in VTC.
Computational models have recently accounted for the presence of domain-selective areas and other facets of topographic
organization from a basic optimization process with local topographic pressures, such as locally constrained connectivity,
but fail to account for the consistent location of category-selectivity. In the current work, we extend a recent computational
model to demonstrate how this consistency may emerge from wiring constraints external to VT'C, focusing on the role of
retinotopically organized early visual representations. After training several random initializations of the model, we find
consistent global topographic organization, with face- and scene-selectivity emerging on opposite ends of a medial-lateral
gradient corresponding to eccentricity bias, similar to human VTC. As in human VTC, the eccentricity-biased topography
persists across viewing sizes under sufficiently broad viewing bias distributions, suggesting that it is a learned bias for
efficiently organizing representations proximal to the most useful inputs, rather than merely an explicit retinotopic code.
Abolishing the retinotopic constraint abolishes topographic consistency, but not topographic organization. Our work suggests
that the organization of high-level visual cortex may emerge from domain-relevant interactions between viewing biases
and task demands with an innate retinotopic scaffold. More generally, we suggest that both local and global connectivity
constraints interact with representation learning to produce mature cortical organization: local constraints pressure the
system towards smooth organization, whereas long-range constraints encourage a consistent global layout.

1 Introduction

Neuroscientists have long sought to parcellate the human brain into a discrete set of canonical brain areas involved in
particular mental functions or neural computations. Early work parcellated the brain anatomically, based on differences
in cytoarchitectural properties (Brodmann, 1909). More recent approaches aim to localize regions functionally within
individual subjects, based on patterns of responses to stimuli and/or tasks, allowing for individual differences in precise
anatomical localization (Kanwisher, 2010). Even still, some approaches opt to combine structural and functional features
into multimodal parcellations (Glasser et al., 2016). This discrete areal view has provided a useful lens on the large-scale
organization of the brain. However, in addition to this view, many cases of smooth gradations of functional organization have
been found, including maps of retinotopic space (Daniel and Whitteridge, 1961) and local orientation pinwheel topography
(Hubel and Wiesel, 1969) in primary visual cortex, large-scale feature tuning in higher-level visual areas (Konkle and
Caramazza, 2013; Bao et al., 2020; Yao et al., 2023), and large-scale semantic maps that cover much of the human cerebral
cortex (Huth et al., 2016). How can we understand both the discrete and graded forms of organization in terms of basic
principles?

1.1 Optimization and wiring constraints

One hypothesis is that cortical organization emerges under some optimization procedure in combination with powerful
biological constraints. Biological brains have evolved to increase the fitness of organisms, and this has led to powerful
learning algorithms that allow for behavioral optimization within the lifespan of an organism. This optimization procedure
can be seen as encompassing both evolutionary and ontogenetic factors. The optimization framework has provided strong
explanatory power in computational cognitive neuroscience (Richards et al., 2019), owing to advances in deep learning
systems, such that artificial neural networks can be optimized to exhibit human-level behavioral performance on several key
cognitive and perceptual tasks.

A fundamental constraint on the cortical organization of brain functions is the spatial cost of wiring connections between
neurons. To illustrate this, consider a simplified human brain containing 100 billion neurons placed on a spherical cortical
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surface, with axons of 0.1 um cross-sectional radius. Nelson and Bower (1990) found that this would require a sphere radius
of 10km to have sufficient volume to fit all of the axons — & 140, 000x the linear size of our brains (70mm radius). Even
under a more realistic scenario of neurons embedded within the sphere! (Behrmann and Plaut, 2020), the required radius is
~ 8.6km for full connectivity; assuming a realistic proportion of connectivity, with each neuron connecting to 10* others,
still requires a radius of /&~ 5.55m. Thus, sparse connectivity is not sufficient to fully alleviate the cost; connections must also
be distributed primarily locally in order to minimize the wiring cost to biologically reasonable levels. This perspective has
been termed the wiring minimization or wiring economy principle (Ramén y Cajal et al., 1899; Koulakov and Chklovskii,
2001; Chen et al., 2006). Phenomena as diverse as orientation pinwheel topography in V1 (Koulakov and Chklovskii, 2001)
to the layout of neurons in C. elegans (Chen et al., 2006) can all be explained in terms of arranging neurons so as to
minimize wiring costs given particular connectivity patterns.

1.2 The organization of high-level visual cortex

Here, we apply the wiring minimization principle to better understand the organization of high-level visual cortex, expanding
upon our earlier computational modeling work (Blauch et al., 2022; Plaut and Behrmann, 2011). The ventral temporal
cortex — the primary site of high-level visual representations in humans — contains spatial clusters of neurons that exhibit
preferential activation in response to the viewing of certain visual categories, across a large degree of variation in the precise
visual inputs. Notably, these clusters emerge in consistent locations across subjects (Kanwisher et al., 1997; Epstein and
Kanwisher, 1998; Chao et al., 1999; Grill-Spector and Weiner, 2014). Considering the ecological importance of the tasks
thought to be implemented in these clusters — facial recognition, spatial navigation, place and landmark recognition — it
is not unreasonable to surmise that these structures evolved as domain-specific modules for particularly relevant tasks
(Kanwisher, 2010; Fodor, 1983; Mahon and Caramazza, 2011).

However, the modular notion of VT'C has been repeatedly challenged by alternative accounts of more generic forms of
organization. Ishai et al. (1999) and Haxby et al. (2001) noted the presence of broadly distributed information patterns
across VT'C, where weak responses to a category in non-selective parts of VI C were sufficient to decode whether a
subject was viewing that or another non-selective category; using invasive techniques in non-human primates, distributed
information was later confirmed in precisely localized face-selective neuronal population activity (Meyers et al., 2015).
Although the information for non-preferred categories was found to be weaker than that of the more selective category
(Spiridon and Kanwisher, 2002; Meyers et al., 2015), it nevertheless suggested a less modular and more graded organization
of function that could be understood in terms of basic principles of cooperation, competition, and wiring efficiency in a
flexible learning system (Plaut and Behrmann, 2011; Behrmann and Plaut, 2015). Key to this idea are two broad sets of
findings detailing topographic organization in VI'C beyond the category-level: 1) spatially-organized tuning to low-level
retinotopic information, and 2) spatially-organized tuning to high-level visual features.

First, Levy et al. (2001); Hasson et al. (2002) demonstrated that localized category selectivity could be systematically
related to broad retinotopic biases in VT'C, with activation to faces and words emerging in an area preferring foveal inputs,
and activation to scenes located in an area preferring peripheral inputs. This led to the eccentricity bias theory, which
accounted for category-selective organization in terms of early retinotopic organization and category-specific viewing biases.
Critical to this theory is the large-scale eccentricity organization of early visual areas (Daniel and Whitteridge, 1961; Sereno
et al., 1995), in which the fovea is overrepresented compared to the periphery, and eccentricity and polar angle form the two
organizing dimensions. An implication of this eccentricity-based organization of early visual areas is that stimuli that extend
into the periphery will be represented more medially along the ventral surface compared to stimuli restricted to the center
of gaze. As a result, any consistent viewing biases for particular semantic categories will impose a retinotopic eccentricity
bias on the organization of that category, under pressure to minimize wiring costs in the progression from early visual cortex
to high-level visual cortex. Indeed, real-world viewing of scenes stimulates the full visual field, whereas faces, objects and
words are often viewed at small sizes and require the high acuity of central gaze for accurate recognition in real world tasks.
The eccentricity biased organization of VTC has been replicated using more sophisticated population receptive field (pRF)
mapping methods (Silson et al., 2016, 2021; Finzi et al., 2021). Critically, retinotopic organization appears to be present at
birth (Arcaro and Livingstone, 2017), developing in utero through gradients of axon guidance molecules connecting retinal
ganglion cells (RGCs) to V1 via the lateral geniculate nucleus (LGN), as well as through activity-dependent mechanisms
operating over spontaneous retinal waves (McLaughlin and O’Leary, 2005; Huberman et al., 2008). This has led to the idea
that retinotopy serves as a "proto-architecture" on which high-level visual cortical organization is scaffolded (Hasson et al.,
2002; Arcaro and Livingstone, 2017; Groen et al., 2022).

Second, category selectivity has been shown to be systematically related to broader feature tuning (Konkle and
Caramazza, 2013), with large-scale topographic preferences for animacy and real-world object size that encompass smaller
category-selective regions; whereas face and body selectivity lie in a broad zone preferentially responsive to animate
information, scene selectivity is found within a broad zone preferentially responsive to large inanimate objects. Replacing
visual stimuli with texforms — stimuli designed to preserve mid-level visual features of images while eliminating the semantic
content — Long et al. (2018) demonstrated preserved selectivity, suggesting that mid-level visual features, rather than
explicitly semantic information, may be at the core of VTC organization. Thus, rather than representing animacy and
real-world size explicitly, these large-scale dimensions may represent their visual correlates in mid-level features. In line
with this idea, Bao et al. (2020) and Yao et al. (2023) have demonstrated that an organization of abstract "object space"
dimensions is present in VT'C, in which category selective clusters emerge naturally. Whether this organization is fully

1Given that the average distance between two points within a sphere of radius r is given as d= %7‘, we solve for the radius of the sphere
whose volume is filled with m = n2p axons of cross-sectional radius r. connecting n neurons with probability p, ignoring spatial overlap:

V= %mﬁ = nmei_rg. This yields r = reny/ %p
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experience-dependent is not fully determined, but it appears to arise from the natural statistics of images, as the object space
dimensions are directly derived from the representations in deep neural networks trained for object recognition. Relatedly, in
humans, the use of naturalistic movie stimuli and sophisticated representational alignment techniques (e.g., hyperaligment)
has demonstrated that category-selective topography can be predicted from high-dimensional cortical responses to movies,
in line with a more generic organization of content encompassing but not solely defined by category-selectivity (Haxby et al.,
2011, 2020). The high-dimensional organization of human visual cortex has been shown to follow precise mathematical
trends, with both the variance explained and the spatial scale decaying with a power law of the component number
(Gauthaman et al., 2024, 2025).

1.3 The current approach

While the retinotopic proto-architecture and generic-object-space perspectives have been explored in isolation as theories
regarding the organization of high-level visual cortex, here, we suggest that they can be generically cast under the ideas
of wiring minimization and task optimization. In previous work, we developed a computational model to account for the
topographic organization of high-level visual cortex. By training a deep learning model to perform to an expert level in
recognizing different faces, objects, and scenes, while reducing its wiring cost within high-level visual processing areas,
we found that highly domain-specialized organization emerged in the context of more generic self-organized topographic
organization (Blauch et al., 2022). Several additional computational models have recently been developed that account for
the topographic organization of ventral temporal cortex in generic terms, via optimization in a deep learning model (Keller
and Welling, 2021; Doshi and Konkle, 2023; Zhang et al., 2024; Margalit et al., 2024; Qian et al., 2024; Deb et al., 2025; Lu
et al., 2025). Notably, Doshi and Konkle (2023) and Keller and Welling (2021) studied the relationship between animacy
and object size with category-selectivity, finding a systematic relationship as predicted by human fMRI data. Although each
of the topographic models is subtly different, they can all be considered as "local constraint" models, per the terminology of
Mahon (2022), where the key driver of functional organization is local to high-level vision, rather than dependent on the
long-range interactions of high-level vision with broader brain networks.

These local-constraint models account for the systematic relationship between category selectivity and generic high-level
feature tuning. However, they have left unexplained the global organization of VTC, which is the key property of the
eccentricity bias theory. In this paper, we incorporate the eccentricity bias theory within the broad Interactive Topographic
Network (ITN) framework that combines wiring and task optimization to explain replicable and mature topographic
visual organization (Blauch et al., 2022). We demonstrate that a simple implementation of connectivity constraints with
retinotopically organized mid-level inputs constrains the global layout of topographic model layers, yielding an organization
that is remarkably similar to human VTC in its global category selectivity for objects, faces, and scenes. This allows the
topography of models to be analyzed at the group level via anatomical alignment, yielding strong group-level consistency
in topographic organization, as in the human brain. Critically, we demonstrate that the eccentricity-biased topography
is learned from domain-specific viewing biases, yielding a strong degree of invariance to size after learning, similar to the
findings of human empirical data (Park et al., 2024), but dependent on the degree of spatial invariance exposed to the model
through its viewing biases. Our results provide strong computational support for the idea that retinotopic connectivity
constraints shape the global layout of topographic organization in VT'C. More broadly, we suggest that eccentricity bias is
merely one example of a long-range connectivity constraint that shapes the optimization of topographic organization in
VTC.

2 Methods

We extend the Interactive Topographic Network framework (ITN; Blauch et al., 2022) to test whether additionally
constraining connectivity between posterior VT'C with early retinotopic areas, in combination with domain-biased viewing
conditions, produces the global layout of a single hemisphere of human VTC. As the focus of this computational model is
the human rather than macaque brain, we depart from the nomenclature of Blauch et al. (2022), referring to model areas as
"VTC" areas rather than "IT" areas; however, they are functionally the same. The architecture of the model is diagrammed
in Figure 1A.

2.1 Task and wiring optimization

The key idea of our topographic network approach is that biological neural networks must minimize wiring costs while
maximizing behavioral performance. Wiring cost can be quantified with a loss function £,, that decreases as wiring cost is
reduced, and behavioral performance can be quantified with a loss function £; that decreases as errors are reduced. We
then compute a global loss function £, where A is a hyper-parameter controlling the relative weighting on the wiring cost:

L=7L 4 Nw (1)

We set A, = 0.1, unless indicated otherwise. Both the task and wiring costs are flexible. Here, we focus on visual recognition
in a supervised learning setting, and thus use the cross-entropy loss. Given one-hot labels y;c — where each trial ¢ is
associated with a 1 at the index corresponding to category ¢, and 0 elsewhere — and predictions ., the cross entropy loss is
given as:

N C
Li=— Z Z Yie log(Jic) (2)

i=1 c=1
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Figure 1: Modeling eccentricity bias with connectivity constraints, task optimization, and viewing biases. A.
Architecture of the computational model and wiring cost computations. B. Example images from face, object/animal,
and scene datasets. Each row contains 5 example images of a given category, with 5 categories shown per domain.
C. Illustration of domain-specific viewing biases. Faces and objects are presented at medium sizes with identical
distributions, while scenes are presented at a larger size. Below the plot, we show an example face image at three
relative viewing sizes (0.2, 0.6, 1.0) to demonstrate the polar coordinate images and relative viewing sizes.

We use the same wiring cost explored in our previous work that introduced the ITN (Blauch et al., 2022), modified from
the earlier work of Jacobs and Jordan (1992). Specifically, given the Euclidean distance matrix D@ between all pairs of
units in areas a and b, and the corresponding weight matrix W(*® we used the following cost function:

2 2
(o)’ (")
(a,b) ) ]
Ly =

2
— W @b
" ! ( K )

®3)

We refer to this wiring cost as £19°?!, to contrast with the retinotopic input wiring cost discussed in 2.3. The entire
network is trained end-to-end from initial random weights, allowing the viewing biases to influence the representations
of the entire network. We begin with a learning rate of 0.01 and reduce it 5 times by a factor of 10 upon plateau of the
validation error; after the fifth learning rate decay, the next validation error plateau determined the end of training, up to a
maximum of 100 epochs. Stochastic gradient descent with momentum (p = 0.9) and L2 weight decay (A = 0.0001) was
used, with batch size of 256 on a single GPU.

2.2 Model architecture

As in the ITN, we adopt a three-stage model made up of an encoder, high-level topographic areas, and a readout layer. A
modified ResNet-18 encoder using reduced strides and pooling is used in order to allow for an output feature map size of
9x9 for a 112x112 image, serving as the "V4" inputs to pVTC, with V4 as the final stage of the encoder. We implement two
topographic layers of the excitatory-feedforward recurrent neural network (EFF-RNN) ITN variant (Blauch et al., 2022),
which was shown to exhibit the major hallmarks of topographic organization in ITN models, while demanding substantially
less memory and being simpler to analyze than fully separated E/I networks. This model circuit is similar to a standard
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or "vanilla" RNN, but restricts the feedforward connectivity sign to be positive, reflecting the dominance of excitatory
connectivity in communication between different cortical areas (Crick et al., 1986; Laszlo and Plaut, 2012).

2.2.1 RNN equations

Where (¥ is the vector of pre-activation activities in area a of IT, r(® is the vector of post-activation activities in area
a, b is the vector of baseline activities in area a, « is the discrete neuronal time constant, and WP ig the matrix of
weights from area a to area b, we have the discrete time update as:

2 = (1= a)af, +a (WOr®, + W) 4 5) @)

The activation function r§“> = [xia)h_ is positive rectification, also called a Rectified Linear Unit (ReLU). Additionally,
note that the feedforward weights are restricted to be positive [W<“71’“)]Jr

2.2.2 Layer normalization

As in standard ITN models, layer normalization (Ba et al., 2016) is used to stabilize training (Blauch et al., 2022), without
the trainable scaling parameter that is sometimes used (see Ba et al., 2016, for more details). Where p(x) is the mean of x,
and o(x) is the standard deviation of x, and b is the learned bias term (moved outside of the layer normalization), the
layer-normalized activities are given as:

x — p(xe)

=————+b
Zt (e +

7’1/5 = [zt]+

Incorporating layer normalization into our update equation yields the update equation:

2 = (1= a)z(% +a (WO 4 e ) (5)

2.2.3 Time constant

For computational convenience in training models end-to-end with greater retinotopic resolution — both of which increase
the computational demands on training — we train only on 5 time steps in our models here (in contrast to 20 time steps
used in previous work; Blauch et al., 2022). Thus, we opt to set a = 1, meaning that the networks’ activity would decay
exactly to zero in the absence of feedforward and recurrent connectivity, the standard choice in machine learning RNN
applications. This yields the simplified RNN update:

o) = W) 4 et e ©

2.2.4 Connection noise

As in previous work (Blauch et al., 2022), to approximate axon-specific variability in instantaneous firing rate (Cipollini
and Cottrell, 2013), we apply multiplicative noise on the individual connections between neurons. This helps to regularize
the activations in the network, encouraging a more distributed representation that aids the formation of topography across
a range of models. Noise is sampled independently from a Gaussian distribution A/ centered at 0 with variance o at each

time step of each trial, and is squashed by a sigmoidal function S(z) = 14-%’ ensuring that the sign of each weight is not

changed and each magnitude does not change by more than 100%. Thus, the noisy weight matrix WT(La’b) from area a to
area b on a given trial and time step is:

Wi = S (N(0,0)) « WY (7)

2.2.5 Readout

An excitatory-only linear readout is applied to the final (anterior) VTC layer. Given its weights W, and the rectified final
layer (aVTC) activations 7, this layer yields the vector of output predictions %; at time ¢ as:

Y = [Wr]+7“271 (8)

There are 300 output units, corresponding to 100 face identities, and 100 object categories, and 100 scene categories
(described below).
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2.3 Retinotopic constraints
2.3.1 Wiring costs

Retinotopic constraints are modeled by adding a spatial cost on feedforward connections from V4 into posterior VT'C
(pVTC) of the model. Whereas VTC layers are non-convolutional, and their units are thus simply placed on a 2D grid,
layers before VT'C (such as V4) are convolutional and can be understood as 3D blocks of feature maps. Focused on the
influence of retinotopy on high-level vision, and lacking a principled manner to organize feature channels and retinotopic
position jointly, we opt to model only the spatial component of V4 organization as a wiring constraint in feedforward
connectivity to pVTC. The spatial position of each V4 unit is thus determined solely by its feature map location — not its
feature index; given these spatial positions, spatial connectivity costs are then computed as for the other layers. Specifically,
ret

we can consider the wiring cost as a sum over local VT'C wiring costs £19°*! and retinotopic costs £, weighted separately,
and then added to the task cost to compute the overall optimization objective:

L= Lt + )\llgcal[/lical + /\fjt[/:jt (9)
Unless otherwise stated, we use A% = 0.1 and A!°®! = 0.01.

2.3.2 Polar coordinates

Critical to the eccentricity bias theory of cortical organization is that eccentricity is a dominant spatial dimension of early
retinotopic maps. While cortical organization is better described by a logarithmic sampling of eccentricity (Schwartz,
1980), such a mapping is largely unsuitable for low-resolution images, due to the excessive magnification of the fovea.
Thus, following our previous work (Plaut and Behrmann, 2011), we approximate the cortical mapping function as a
mapping from Cartesian coordinates (z,y) to polar coordinates (r, ), where r = \/x2? + y? is referred to as eccentricity and
0 = arctan (y, x) is the polar angle. Polar images are sampled equally in r and 6, with the top of the image corresponding
to the upper vertical meridian (0 = 7/2). For a given square image with side-length resolution s, 6 is then incremented in
steps of Ay = 27/s until the maximum value of § = 37/2 — Ay is reached. This allows for the top half of polar images
to correspond to the left visual field, and the bottom half to the right visual field. Similarly, for a square image of r is
sampled linearly from 0 to v/2s in increments of /2. The sampled coordinates are then converted to Cartesian coordinates
for sampling the image. In practice, we use the warp_polar function implemented in scikit-image. To enable learning of
visual representation with polar coordinates, we use wrap-around distances in the angular dimension throughout all layers
of the network. That is, in convolutional layers, wrap-around padding is performed in order to complete receptive fields
along the vertical meridian. Similarly, in VTC layers, distances are computed with wrap-around boundary conditions along
the polar angle dimension, but not the eccentricity dimension.

2.3.3 Viewing biases

A critical component of retinotopic constraints is that particular categories or domains of stimuli have distinct eccentricity
biases in natural viewing experience (Levy et al., 2001; Hasson et al., 2002). In natural viewing, scenes typically take
up the full visual field, and thus place strong demands on peripheral vision. Computational work has demonstrated the
preferential informativeness of the periphery, relative to the fovea, in scene recognition (Wang and Cottrell, 2017). In
contrast, faces and objects are frequently viewed at smaller sizes and fixated. We model these viewing biases across domains
in a simple, yet sufficient way to explore how they might constrain the topographic layout of VT'C. Specifically, we use
truncated Gaussian distributions of relative image size, where the relative size of each domain d is specified by a mean pq
and standard deviation o4, along with bounds [Sq min, Sd,max). For each training image i, given the domain d;, a candidate
size s; is drawn from the Gaussian distribution N (g, 0q); if the sample drawn is outside the bounds [$q,min, Sd,max], further
samples are drawn until s; € [Sd,min, Sd,max]. Specific viewing biases used in the main model are given in Figure 1B, with an
example image at two characteristic sizes.

2.3.4 Stimuli

Three domains of stimuli are used: objects (ImageNet; Deng et al., 2009; Russakovsky et al., 2015), faces (VGGFace2; Cao
et al., 2018), and scenes (Places365; Zhou et al., 2018), as in Blauch et al. (2022). In contrast to this previous work, we
cropped objects within ImageNet images in order to more precisely control viewing biases as can be done for the cropped
face images. To do so, we used ImageNet images for which bounding boxes were available, and selectively cropped the main
category of interest. Each dataset was generated to contain 100 categories, with 50,000 training images (500 per category)
and 10,000 validation images (100 per category).

2.4 Analysis techniques
2.4.1 Selectivity

We follow the approach from functional neuroimaging (Kanwisher, 2010) in understanding topographic visual organization
through selectivity analyses, contrasting particular sets of stimuli. The functional relevance of selectivity in DNNs has
been shown by us and others in recent work (Blauch et al., 2022; Prince et al., 2024). Here, we adopt the use of an effect
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size metric, namely Cohen’s d, applied to a vector of responses for a target domain x; over n; examples, and a vector of
responses to off-target domains x2 over ny examples:

B1 — po
1
d . (10)

Where pq1 and po are the means of 1 and x2, and s is the pooled standard deviation, computed from the individual
standard deviations o1 and oa:

> \/(nl —1)o?+ (n2—1)o? (11)

ny+ng2 +2

Selectivity is computed independently for each unit in the network. To summarize selectivity for faces, objects, and
scenes simultaneously, we plot Cohen’s d for each domain as an RGB channel normalized to a maximum of d = 1.

2.4.2 Eccentricity-based lesions

To analyze the functional consequences of selectivity, we analyze performance after lesions to the model, following our previous
work (Blauch et al., 2022). Here, since we are interested in eccentricity-biased organization, we perform eccentricity-biased
lesions, corresponding to the deletion of a vertical strip of units with a similar eccentricity bias. We use a sliding window of
lesions to map out the impact of lesioning parts of the network with different eccentricity biases. Each retinotopically-biased
lesion is applied to 25% of the units in the layer, corresponding to 8 columns of units. Eight lesions equally spaced across
the eccentricity-biased (i.e. column) dimension of the map, corresponding to column-wise jumps of 4 units, are performed.

2.4.3 Model consistency across random seeds

To examine the consistency of topographic organization across models, we test multiple random seeds of the model with
otherwise identical architectural and training hyper-parameters. The seed controls both the random initialization of weights,
as well as the random order of training stimuli. In previous work without retinotopic constraints, changing this random
seed was sufficient to rearrange the global layout of category selectivity, while leaving other aspects of representation and
topographic organization highly similar (Blauch et al., 2022). To demonstrate inter-subject consistency, we perform group
analyses over models with identical hyperparameters except for a different random seed controlling the stimulus presentation
order and random initialization of network weights.

2.5 Neuroimaging data

We make use of data from two neuroimaging datasets for comparisons with our models. We briefly describe the datasets
below, and refer the reader to the original sources for more information.

2.5.1 Natural Scenes Dataset

For analyses of category-selective topographic organization that do not rely on comparisons with retinotopy data, we made
use of the Natural Scenes Dataset (Allen et al., 2022) (NSD), which provides excellent functional localizer data at 7T
resolution. We focused on the fLoc category-selective mapping data, using pre-computed selectivity contrasts. We loaded
these contrasts for each of eight NSD subjects, and the domains of faces, places, and objects, using the nsdaccess toolbox
(10.5281/zenodo.14165749). We projected these maps into fsaverage group cortical surface space using the nsdcode toolbox
(https://github.com/cvnlab/nsdcode).

Following our previous work (Blauch et al., 2025b), we constructed a large ventral temporal cortex (VITC) anatomical
parcel from the Human Connectome Project Multi-Modal Parcellation (HCPMMP) group-level atlas in fsaverage surface
space. We constructed the VTC ROI as the union of several HCPMMP parcels: V8, pIT, FFC, VVC, PHA1, PHA2, PHA3,
TE2p, TF, PH, VMV1, VMV2, VMV3. This constrained all further analyses of NSD. For each voxel, given a vector of
selectivity t-values across subjects with mean p and standard deviation o, we constructed group selectivity maps using the
one-sample version of Cohen’s d compared to a baseline of 0: d = £

2.5.2 Human Connectome Project

To analyze the relationship between early visual cortex eccentricity bias and high-level visual cortex category-selectivity,
we make use of the Human Connectome Project (HCP) (Glasser et al., 2013), focusing on the visual working memory
task which can serve as a localizer for visual category-selectivity (Glasser et al., 2016), along with the HCP 7T retinotopy
dataset.

Visual working memory task. The visual working memory (WM) task consisted of a block design of visual categories
— faces, bodies, tools, and places — with a 0-back or 2-back working-memory task, which was used in order to index category
selectivity in VT'C and neural mechanisms for visual working memory. Our focus is on the former usage. We focus on
face and place (i.e. scene) selectivity, using the standard contrasts "FACE-AVG" and "PLACE-AVG', which contrasts the
responses of faces and places to those of all other categories. We downloaded pre-computed category selective maps available
on Amazon Web Services S3 storage, under the HCP_ 1200 folder. Specifically, we extracted surface-based contrast maps in
the 32k_fs LR group CIFTI space of the HCP preprocessing pipeline (Glasser et al., 2016), using standard sulcal-based
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alignment rather than the multimodal-surface-matching procedure (Robinson et al., 2014). We acquired the maps smoothed
with a Gaussian kernel of 2mm FWHM, the smallest amount of smoothing available for download. We used the same VTC
ROI as described above. We used the neuromaps and hcp_utils packages to transform maps from the 32k_fs LR space to
the fsaverage template, for comparison with HCP 7T retinotopy data and visualization in PyCortex (Gao et al., 2015).

7T retinotopy. The HCP 7T retinotopy dataset (Benson et al., 2018) provides retinotopic localizers for 181 of the
original HCP subjects at 7T, allowing for precise retinotopic mapping. Stimuli subtended up to 8 deg in the periphery, in
contrast to the 4.2 deg subtended by NSD retinotopic stimuli, making it more suitable for analyzing peripherally-responsive
cortex. We downloaded from a publicly available repository on OSF https://osf.io/bw9ec the pre-processed population
receptive field (pRF) mapping results, described further in (Benson et al., 2018). Specifically, we focused on the estimated
pRF eccentricity maps in fsaverage group space.

Computing geodesic distance between V4 voxels and category-selective regions. To assess the retinotopic
wiring constraints on category-selective regions in VT'C, we computed geodesic (surface) distances between these category-
selective regions and each voxel in V4. We computed category-selective regions by constraining a functional mask of
selectivity with an anatomical mask spanning VTC. We used the same VTC parcel as described in 2.5.1, and adopted a
relatively high threshold of functional selectivity (¢ > 6) to avoid the presence of spurious voxels which would artificially
deflate the minimum geodesic distance values to V4 vertices. For a V4 parcel, we noted that the HCPMMP1 atlas (Glasser
et al., 2016) and Wang atlas (Wang et al., 2015) gave very different anatomical definitions of the early visual regions
V2-V4. Whereas the HCPMMP1 atlas provides ring-like regions for V2, V3, and V4, spanning both ventral and dorsal
cortex, the Wang atlas divides V2 and V3 into separate dorsal and ventral regions, and defines a single ventral "hV4"
region. This hV4 regions spans only a very small degree of the eccentricity gradient visible in the group-level map. We
thus opted to construct a ventral V4 parcel by constraining the HCPMMP V4 parcel within the ventral cortex. To do
so, we intersected the V4 parcel with a ventral ROI composed of the "midventral" and "ventral' ROIs of the NSD (Allen
et al., 2022) nsdgeneral atlas. We found that the mean pRF eccentricity within this region yielded the predicted smooth
lateral-to-medial progression from foveal to peripheral eccentricity bias, as shown in Figure 3A. To compute geodesics, we
used an implementation of the efficient heat-based geodesic method (Crane et al., 2013) implemented within the PyCortex
software package (Gao et al., 2015). Given an ROI, this method efficiently computes the minimum geodesic distance to
every vertex on the cortical surface, separately for each hemisphere. Thus, we computed the minimum geodesic distance
between face- and place-selective regions within VT'C to each V4 vertex.

3 Results

3.1 Globally consistent topographic organization

Following training, we test the selectivity of units in the VT'C model layers to faces, objects, and scenes, using held-out
images not seen during training, presented at random relative sizes that are uniformly drawn from 0.3 to 1 in the distribution
of size. We compare the selectivity of 8 instances of the model with the 8 subjects of the Natural Scenes Dataset (NSD).
Human VTC and model VTC category selectivity are shown in Figure 2. In the first column of each row, we plot the
group effect size map using Cohen’s d, demonstrating strong topographic selectivity in both human and model VTC. In
the remaining columns, we show selectivity in each individual human or model. As can be seen in Figure 2A, while there
are some differences across individual human VTCs, the broad theme of vertical strips of selectivity running along the
posterior-anterior dimension, with domains organized across the medial-lateral dimension, is apparent in every subject. In
Figure 2B, we show this same pattern in each model instance, with a striking degree of consistency.

3.2 Abolishing retinotopic constraints abolishes the consistency, but not presence,
of topographic organization

What happens if we remove the retinotopic constraint? To answer this question, we set the retinotopic wiring penalty
£ = 0, increasing £12°?! from 0.1 to 0.5 to account for the lack of retinotopic wiring cost. We trained 8 models like
this, plotting the results in Figure 2C; we additionally plot models with £12°?! = 0.1 in Figure S1. On the left, we show a
group Cohen’s d selectivity map, computed identically to the one shown in Figure 2B. On the right, we show selectivity
maps for individual models. Here, we see strong topographic clustering, but an inconsistent global layout. This leads to
weak group-level selectivity, in contrast to the main model. Thus, the retinotopic constraint here is necessary to sculpt
the global organization of topography, but not to produce topography in the first place. Notably, the organization here is
not completely random (in contrast to the model of Blauch et al., 2022), with a preference for vertical strips of selectivity
similar to that seen in the retinotopic model. This is due to the use of wrap-around distances along the angular dimension,
which makes communication between the top and bottom of VTC more efficient than communication between the left and
right. This thus yields a bias towards organizing specialized representations vertically, since this allows for the use of shorter
connections. Nevertheless, these results demonstrate that the consistent global layout is determined specifically by the
retinotopic connectivity constraint.
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Figure 2: Consistent topographic organization from retinotopic connectivity constraints. A. Individual model domain-
level selectivity plots. B. Group-level selectivity probability maps. For each domain, we plot the probability of selectivity
at a given VTC location, computed over the 8 model runs shown in panel A., at a threshold of Cohen’s d > 0.3. C.
Group-level selectivity probability maps in models trained without a wiring cost (£:* = 0, increasing £!9¢! to 0.5 (from
0.1) to account for the lack of retinotopic wiring cost.

3.3 Eccentricity-biased organization in human and model high-level visual cortex

Next, we examine the effects of eccentricity bias in greater detail. In Figure 3A, we plot category selectivity in VTC
alongside eccentricity preference in V4, in both the model and human VTC. (Note that, due to the use of HCP, we do not
plot object selectivity.) We see that the category selectivity in VT'C is neatly organized along the eccentricity gradient
in V4, in both the model and human VTC. We quantify the proximity between V4 voxels and pVTC category selective
regions in individual subjects/models and aggregate results at the group level (see 2.5.2 for details on geodesic calculations
in human fMRI data). As shown in Figure 3B, in both cases, we find that the scene-selective area is significantly closer to
more peripherally preferring V4 voxels/units, whereas the face-selective area is significantly closer to foveally-preferring V4
voxels/units. In Figure 3C, we plot the eccentricity bias of pVTC. For each pVTC unit, we compute a weighted sum of
feedforward V4 weights, weighting the input eccentricity according to the learned weight magnitude (note that feedforward
weights are strictly positive), and summing across V4 channels; we then divide by the number of input units to yield the
weighted eccentricity bias preference map. A smooth gradient is seen, allowing for the minimization of the retinotopic
wiring cost £1°. Note that this eccentricity bias is not hard-coded into the connectivity between V4 and pVTC, but rather
emerges to minimize the overall objective function.

We next demonstrate the consequences of this eccentricity bias for domain-level representations. In Figure 3D, we
progressively lesion vertical strips corresponding to 25% of pVTC, and measure the accuracy of within-domain recognition
for faces, objects, and scenes. We plot the result as a function of the difference from unlesioned performance, ignoring
absolute differences between domains. The results reveal a strong eccentricity bias in the locus of damage to each domain:
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foveally-biased lesions primarily affect face recognition, whereas peripherally-biased lesions primarily affect scene recognition;
intermediate lesions primarily affect object recognition. These results allow us to conclude that the observed functional
organization is functionally significant.
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Figure 3: Retinotopic biases on category-selective organization. A. Eccentricity bias and category-selective organization
in the human ventral temporal cortex (left) and computational model (right). In both cases, we show the eccentricity
representation of the "V4" region, and category selectivity in the "VTC" region. In the human brain, we plot the average
eccentricity over all subjects in the HCP 7T retinotopy dataset, masked within the ventral portion of the HCPMMP V4
region. In the model, we plot eccentricity as the column index of the polar feature map of the final convolutional layer,
which we call "V4". Both human and model VTC show a layout of face and scene selectivity that corresponds to the V4
eccentricity gradient, with place selectivity located more medially, proximal to peripheral V4, and face representations
located more laterally, proximal to foveal V4. B. Quantification of proximity between category-selective regions and V4
eccentricity in individual subjects. C. Eccentricity bias in pVTC, computed as a weighted sum of V4 eccentricity inputs,
using the V4-pVTC feedforward weights to compute the sum for each pVTC unit. D. Group-level eccentricity-biased
lesion results in pVTC. Error bars plot 95% confidence intervals computed over model seeds.

3.4 Eccentricity bias persists across retinotopic variation

One question that arises from these results is whether the retinotopically-biased topographic organization is indeed a learned,
efficient organization optimized for the viewing biases and retinotopic connectivity constraints, versus merely an explicit
retinotopic code inherited from the V4 region (owing to that region’s convolutional nature). The results thus far have
collapsed across responses to images presented at a range of sizes, generally suggesting that the organization generalizes
across size and is, therefore, a learned organization. However, the extent of generalization is yet unclear. To assess this, we
analyze the topographic organization explicitly at a range of relative viewing sizes, rather than collapsing across them.
The results, shown in Figure 4A, demonstrate a striking consistency of the topographic organization across a large range
of viewing sizes, indicating a relative invariance to changes in the retinotopic inputs. We quantify this by localizing the
selective regions at the intermediate size of 0.6, and analyzing domain-level responses across the full range of relative sizes.
In both pVTC and aVTC, we see that face, object, and scene selectivity is nearly invariant to relative size, remaining strong
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across the full range of sizes. These results are in line with the idea that the retinotopically-biased topographic organization
of VTC is an efficient organization of category-representations based on experienced viewing biases, rather than on an
explicit retinotopic code.

3.5 Topography becomes more explicitly retinotopic with less variation in viewing
conditions

How does the learned efficient organization optimized for viewing biases and retinotopic connectivity constraints arise?
One hypothesis is that it arises due to sufficient variation in viewing conditions, allowing for the extraction of an invariant
representation whose location is optimized to the mean of viewing conditions. To test this hypothesis, we trained another
model with less within-domain variation in viewing size biases. As shown in Figure 4B, we kept the means of relative size
distributions the same, but reduced the variance. After training, this model showed a similar domain-level topography,
however, it was less invariant to relative size. As inputs were presented at smaller sizes, the intermediate and far periphery
reduced their consistency in selectivity for scenes and objects, with more intermixing (Figure 4B). We quantified this by
analyzing the mean responses in category selective VT'C regions computed at the intermediate size of 0.6, as in the previous
set of analyses. This confirms what is apparent in the selectivity maps, that at smaller relative sizes, the scene selective area
becomes less selective for scenes and the object selective area becomes less selective for objects; this is driven by a reduction
in responses to scenes in the scene-selective area, and a large increase in responses to scenes in the object-selective area. In
contrast, selectivity for faces is strongly invariant to relative size. These results demonstrate that the extent to which the
high-level topography retains a retinotopic representational bias, vs. purely a retinotopic location bias, is dependent on the
learned viewing conditions, and how sufficient they are for developing an invariant representation. Further viewing bias
experiments are presented in the Appendix, Figure S2.
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Figure 4: Eccentricity-biased topographic organization generalizes across large changes in retinotopic input size, given
sufficient viewing bias variation. A. Domain-level topographic organization in the main model VTC across variation
in the relative viewing size. Top-left: viewing size distributions during training. Top-right: mean responses to each
domain in each domain-selective area (computed at the intermediate size of 0.6) across the full range of sizes. Bottom:
VTC domain-selectivity across 5 representative relative sizes. B. Domain-level topographic organization in a model
trained with less variation in domain-specific viewing size biases. The layout is the same as in panel A.
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4 Discussion

The wiring minimization principle has been successful in explaining aspects of both local smooth functional organization
(Mitchison, 1991; Koulakov and Chklovskii, 2001; Chklovskii and Koulakov, 2004) as well as the organization of entire
connectomes, including C. elegans (Chen et al., 2006), and, with less precision, human connectomes measured with functional
and structural imaging (Bassett et al., 2010; Raj and Chen, 2011). Recent topographic models of high-level vision have shown
how wiring constraints from local to high-level visual processing layers can give rise to many key characteristics of VI'C
topographic organization (Blauch et al., 2022; Keller and Welling, 2021). Similar results emerge in broader local-constraint
accounts that do not model local connectivity directly, but arise through other smoothness constraints on high-level visual
representations (Doshi and Konkle, 2023; Margalit et al., 2024). These local-constraint models have explained the presence
and form of certain topographic visual features of the high-level visual cortex, suggesting that long-range connectivity is not
necessary for such organization to emerge, and that an efficient mapping of features that describe the visual world may give
rise to a large degree of the organization of VTC. However, purely local models provide no explanation for the consistency of
the global layout of cortical organization across individuals, suggesting that additional, long-range connectivity constraints
are needed.

We argue that a specific connectivity-based view on local constraints allows for local constraints to naturally be subsumed
within a more generic optimization-based view on VTC cortical organization, where both local and long-range connectivity
constraints play an important role. To do so, we consider such optimization to occur over both phylogenetic and ontogenetic
timescales. Over evolution, nature has selected for brains that do not connect indiscriminately, but exhibit a bias towards
local connectivity, mitigating the extreme spatial costs of full random connectivity. However, to support efficient network
integration, specific long-range fiber bundles are required (Bullmore and Sporns, 2012) and have been selected for, as
indicated by comparative studies and heritability (Ardesch et al., 2019; Miranda-Dominguez et al., 2018). Last, evolution has
selected for powerful learning algorithms that allow for ontogenetic development to further optimize brain representations for
behavioral and energetic demands (Richards et al., 2019). Such learning algorithms allow for representations to be sculpted
into the brain according to the experience of the organism (Dehaene and Cohen, 2007; Arcaro et al., 2019). Critically,
such learning is constrained by the particular long-range pathways that exist, the particular developmental processes that
constrain local branching patterns, and the particular mechanisms of plasticity that allow neurons to modify the weights
from and onto other neurons.

Our work provides a computational demonstration of how the innate retinotopic organization of early visual repre-
sentations may serve as a long-range constraint, or scaffold, on the organization of high-level vision, in line with earlier
theories (Hasson et al., 2002; Arcaro et al., 2019). We demonstrated that this retinotopic bias was not necessary for the
emergence of high-level topographic organization (which arose due to local connectivity constraints) but was critical for the
emergence of a spatially consistent layout. This spatially consistent layout exhibited a remarkable retinotopic bias, with
topographic clusters responsive to faces and scenes laying in areas proximal to foveal and peripheral inputs, respectively, as
in the human brain. We found that this did not necessitate strong retinotopic coding; under sufficiently broad distributions
of experienced viewing biases, the emergent category-selective areas yielded strong invariance to the particular retinotopic
properties of stimuli, despite their locations being optimized for the learned retinotopic biases. However, under narrower
distributions of learned viewing biases, a stronger degree of retinotopic sensitivity was seen. This thus provides a general
principle for the retinotopic influences on high-level vision, in which retinotopic biases shape the organization of high-level
vision but can be abstracted away under sufficient conditions for invariant representation learning.

One limitation of our model is its relatively simplified implementation of retinotopic input constraints, using a polar-
coordinate transformation of an input image. This implementation does not capture the precise details of foveated retinal
sampling (Watson, 2014) and the exact magnification of the fovea in human visual cortical maps (Daniel and Whitteridge,
1961), in favor of a simplified model that captures a key critical detail — mediolateral organization of eccentricity. A more
realistic approach would use a logarithmic sampling of the input corresponding to both spatially-variant retinal sampling
and cortical magnification (Schwartz, 1980). However, accurately characterizing foveated sensing requires the use of a curved
manifold rather than a rectangular image, and an associated specialized architecture (Blauch et al., 2025a). Additionally,
properly modeling foveal sampling necessitates the use of multiple fixations to aggregate information over time, and ideally,
an intelligent mechanism for choosing where to fixate. Thus, in this work we model the minimal important detail of early
retinotopic organization — mediolateral eccentricity organization — and delegate the modeling of foveated sensing, and the
study of its impact on high-level visual representations, to future work.

The other main limitation of our model is its limited scope on the possible long-range influences on high-level vision.
For example, the impact of language on the emergence of lateralized responses to words is firmly established, for example,
with demonstrations that individual variability in VT'C word laterality is directly related to language laterality (Gerrits
et al., 2019) and word responses in traditional language-selective areas (Blauch et al., 2025b). Moreover, many others have
argued that long-range connectivity constraints shape the organization of high-level visual cortex beyond the lateralization
of word-selective responses (Saygin et al., 2012, 2016; Powell et al., 2018; Ratan Murty et al., 2020). The large-scale
impact of language processing on broad cortical networks appears to shape the hemispheric organization of domains beyond
word recognition, for example, through competitive influences social processing (Rajimehr et al., 2022), that may impose
long-range coupling constraints on high-level visual cortex for domains such as faces (Blauch et al., 2025b). Modeling
all of the constraints on high-level visual cortex within task-optimized deep learning is a challenging endeavor, and it
is our view that systematically incorporating additional constraints is a good route for tempering this complexity and
precisely understanding each constraint in turn. Thus, the current work should not be taken to claim that the retinotopic
organization of EVC is the only external constraint on VT'C organization. Rather, our argument is that it is a very powerful
constraint shaping VTC, and we provide computational simulations as a proof of concept.
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We find that simple biases in viewing, combined with a constraint to minimize connectivity between retinotopically
organized early-mid-level visual areas with high-level visual areas, results in a consistently biased global layout that places
high-level scene representations nearer to peripheral visual input, and face representations nearer to foveal visual input.
Owing to a requirement to represent these high-level visual categories across a range of viewing sizes, this organization is
not retinotopic per se, but retinotopically biased, with stable category preferences across a range of retinotopic variation,
as has been found in the human brain (Hasson et al., 2002; Silson et al., 2021; Park et al., 2024). Critically, topographic
organization in the model emerges regardless of whether the retinotopic connectivity constraint is included; the retinotopic
constraint ensures that the global organization is consistent in order to minimize the connectivity with retinotopic input
areas.

If other long-range connectivity constraints do shape the organization of high-level visual cortex, we propose that the
retinotopic constraint may have served as an important evolutionary scaffold on which these other long-range connections
have evolved. While high-level vision in higher primates interfaces with complex cognitive behaviors such as social perception
(Isik et al., 2017), tool use (Mahon et al., 2007), and, specifically in humans, reading (Dehaene and Cohen, 2007), spatial
vision pre-dates all of these behaviors phylogenetically, and retinotopic maps exist across the animal kingdom (Cisek, 2019).
To the extent that long-range connectivity has been genetically modified to support particular human cognitive tasks, it had
to interface with an already retinotopically-biased visual system — this retinotopic bias would have provided an inherently
systematic organization on which long-range connectivity could operate, leading to natural selection of particularly effective
fiber tracts. Thus, while there is some evidence that category-selective organization persists in the absence of visual input
(Mahon et al., 2009; van den Hurk et al., 2017; Ratan Murty et al., 2020), such evidence should not be taken to imply
that retinotopic influences and visual experience do not shape VT'C organization. Indeed, in sighted monkeys deprived
of experience with faces, topographic face selectivity does not emerge (Arcaro et al., 2017, 2019; Arcaro and Livingstone,
2021). We leave for future work a systematic exploration of long-range connectivity constraints. With the emergence of
agentic modeling frameworks and ever more powerful and available computational resources, systematic investigation of
increasingly plausible interactions between vision and other cognitive functions will be possible. Such agentic modeling
will allow for viewing biases to emerge entirely naturally due to the agent’s actions in the world, including active foveated
eye movements, which will depend on higher cognitive demands. Such advances will provide important refinements to the
wiring minimization account of cortical organization in high-level vision and beyond.
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5 Appendix

Non-retinotopically constrained models

In our main analyses, we presented results with a non-retinotopically constrained model that used a higher Al°® value to

accommodate the reduced overall wiring cost resulting from A\*** = 0. Here, we compare this model with a model trained
with Ao = 0.1, as in the retinotopically constrained model (where A" = 0.01), shown in Figure S1. We see that the
additional local wiring cost was necessary to encourage a smoother topographic organization, but in both cases, no global
consistency is seen due to the lack of retinotopic wiring constraints.

A N =0 A =011

w
Group cohen's d Seed 1 Seed 2 Seed 3 Seed 4 Seed 5 Seed 6 Seed 7 Seed 8

anterior

posterior

foveal «—— peripheral
eccentricity bias

At=0 Al =05

B Group cohen's d Seed 1 Seed 2 Seed 3 Seed 4 Seed 5 Seed 6 Seed 8
.

anterior

posterior

foveal ¢—— peripheral
eccentricity bias

Figure S1: Removing the retinotopic constraint by setting A'* = 0. A. Using the same value of A9 = 0.1 as in
the retinotopically constrained model (where A'* = 0.01) Left: group effect size (d) map. Right: individual model
selectivity effect size (d) maps for 5 random model seeds. B. Same organization as A., but for a set of models trained
with a stronger local wiring cost (A9°a! = 0.5) to make up for the lack of retinotopic wiring cost.
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Differential viewing biases differentially bias topographic organization

Thus far we have explored viewing biases in which objects and faces were presented at distributionally smaller sizes than
scenes. Nevertheless, faces have taken the foveally biased area consistently when retinotopic connectivity constraints were
enabled, both with large and small amounts of within-domain viewing variation. To explore how the emergent global
topographic layout depends on the viewing biases, we trained 3 additional models with different sets of viewing biases
constructed from the distributions used in the model trained with less within-domain variation (Figure 4B), shown in Figure
S2. We first plot the model from Figure 4B as a reference, in Figure S2A. This model shows a similar pattern of lesion
deficits in pVTC as in the main model with greater within-domain viewing bias variation.

Next, we plot the first model variant in Figure S2B. This model was trained without any differential viewing biases:
faces, objects, and scenes were all presented at a shared large size. Interestingly, this produced the same rough global layout
as in the main model with differential viewing biases; however, the effects of eccentricity-biased lesions were less sharply
centered, suggesting a greater overlap of representations. Assuming that this result did not emerge by chance, it suggests
that the image features of faces may lend themselves towards affinity towards the foveal representations, perhaps due to
their canonical structure or a greater importance of foveal features at the same retinotopic size. In the next model variant,
we trained objects at a small size, and faces at the same large size as scenes, to determine whether this would lead objects
to take the fovea. Interestingly, domain-selective topography and lesions revealed a more intermixed foveal territory — with
representations for faces and objects intermixed. We hypothesized that this was due to a pressure for objects and scenes to
partially share resources. To test this hypothesis, we trained a final model variant with scenes presented at the same smaller
size as objects. Despite no change in the sizes of faces or objects, in support of our hypothesis, this led objects to more
convincingly take over the foveal territory, with scenes emerging intermediate and faces spread across intermediate and
peripheral territory. Collectively, these results suggest that viewing biases, combined with retinotopic constraints, indeed
influence but do not uniquely determine the global topographic layout; the interrelationships between domains, and the
informativeness of features at different eccentricities for fixed viewing biases, also appear to influence the layout.
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Figure S2: Analyzing emergent topography under different viewing biases. In each panel, we plot the viewing size
distributions (left), pVTC domain-level topography (middle), and damage resulting from eccentricity-biased pVTC
lesions (right).
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