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Abstract

The brain’s topographic organization has motivated topo-
graphic deep neural networks (TDNNs) as models of per-
ceptual and conceptual representation. However, prior TDNN
studies largely paired topography with cross-entropy (CE).
They have not examined whether contrastive objectives are
generally compatible with topographic training, how topo-
graphic strength affects run-to-run representational consis-
tency, or what failure modes limit the effect of the topo-
graphic constraint. We addressed these issues by training
TDNNs on CIFAR-10 with a local topographic loss that
minimized the average /> distance between afferent weight
vectors of neighboring units. We compared four objectives:
CE, supervised contrastive, self-supervised SimCLR, and a
label-aware contrastive margin loss reflecting an animacy hi-
erarchy. Across topographic strengths, label-supervised ob-
jectives maintained high accuracy, produced smooth acti-
vation maps, and increased within-class similarity relative
to CE. Two factors limited the impact of the topographic
loss: 1) dropout was required to obtain smooth maps rather
than sparse activations; 2) under strong penalties, networks
reduced the topographic loss by shrinking weight norms
rather than aligning weight directions. We also found that
stronger topographic constraints reduced cross-seed repre-
sentational consistency, indicating multiple comparably good
topographic solutions. Nonetheless, ensembles built from sets
of less-consistent models only slightly outperformed ensem-
bles without topographic constraints. Our results indicate that
contrastive objectives are a robust option for training topo-
graphic networks, producing good accuracy and high within-
class similarity. The findings also identify boundary condi-
tions for afferent-weight similarity as a topographic prior.

Code — https://github.com/gerrit-sander/ConTopo

Introduction

The modeling of processes and representations in the brain’s
ventral visual stream using pre-trained deep neural networks
has been a subject of great interest in recent years. These
models can predict neural responses and capture represen-
tational geometry across visual areas (Yamins et al. 2014;
Cadieu et al. 2014; Khaligh-Razavi and Kriegeskorte 2014;
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Giiclii and Van Gerven 2015). Consequently, they have be-
come potential models of brain organization, making it pos-
sible to study brain organization in silico. In this context,
considerable attention has been recently devoted to the pos-
sibility of learning a spatial, that is, a topographic structure
within the neural network, because in the brain, neurons in
close proximity often exhibit correlated responses to simi-
lar stimuli. For example, neurons in the primary visual cor-
tex (V1) are organized according to retinotopy and orienta-
tion selectivity (Hubel and Wiesel 1962; Sereno et al. 1995),
while higher visual areas contain spatially clustered regions
selective for abstract categories and features (Fujita et al.
1992; Kanwisher, McDermott, and Chun 1997; Tsao et al.
2006).

These observations have motivated recent studies exam-
ining whether DNNs can perform their tasks while at the
same time producing an internal representation that main-
tains a topographic organization. These studies suggest that
topographic DNNs seeded and trained with topographic con-
straints produce an organization with some similarities to
cortical spatial activation patterns (Margalit et al. 2024).
Most studies that used deep neural networks as models of the
ventral stream have relied on supervised training with cross-
entropy loss. This is natural given the long-standing view
of the ventral stream as supporting object recognition. How-
ever, recent findings suggest that ventral stream representa-
tions are not limited to categorization, but instead encode
semantically rich information useful for a variety of down-
stream tasks (Cadena et al. 2024). At the same time, super-
vised learning with labeled categories has been criticized as
biologically implausible (Konkle and Alvarez 2022; Zhuang
et al. 2021), motivating the adoption of self-supervised
and contrastive learning approaches as alternative training
paradigms (Konkle and Alvarez 2022; Zhuang et al. 2021).
These methods have been proposed as both more neurobi-
ologically grounded and more effective at learning flexible,
transferable representations.

Building on these motivations, several approaches have
been developed to induce topography in artificial networks.
Examples include post-hoc projection methods such as self-
organizing maps applied to feature spaces (Doshi and Kon-
kle 2023); architectural modifications that place convolu-
tional kernels or units on a two-dimensional sheet with lat-
eral interactions (Qian et al. 2024); and fully topographic ar-



chitectures that impose smoothness across all layers while
avoiding weight sharing entirely (Lu et al. 2025). Other
approaches add regularization terms to enforce similarity
among neighboring units in a predefined spatial layout (Mar-
galit et al. 2024), or introduce a local weight-similarity con-
straint that arranges the weight vectors of the penultimate
layer on a 2D grid and penalizes differences between neigh-
bors (e.g., Truong and Hasson 2025).

Here we consider that supervised (cross-entropy) objec-
tives require that class exemplars maximally activate the
class logit, but do not explicitly require that class exem-
plars show greater similarity in embedding space than cross-
class exemplars. In contrast, contrastive learning simply
requires the latter constraint, which is known to produce
markedly different representations in feature space (e.g.,
Hadsell, Chopra, and LeCun 2006).

Against this backdrop, our main objective is to determine
how the choice of task loss shapes topographic organization
and learned representations under an identical spatial prior.
Prior work advances arguments for and against different ob-
jectives, yet their interaction with the same topographic con-
straint has not been studied. Our second objective is to evalu-
ate how the learning constraints impact the representational
consensus among within-architecture models trained from
different seeds. In particular, to the extent that some archi-
tectures are more effective in producing reduced representa-
tional consensus across models, this could produce a larger
mixture of experts that could be used in the context of en-
semble learning.

To address this, we systematically compare several train-
ing objectives under the same local weight-similarity con-
straint, and probe (i) task performance, (ii) the topographic
smoothness of activations, (iii) functional co-localization,
and (iv) the structure of the embedding space, includ-
ing within-class compactness and representational geome-
try. We conduct these analyses systematically varying the
strength of the topographic term in a manner that is model
agnostic, and also evaluate the impact of dropout in training.

Methods
Model and Dataset

For all task-loss and topographic weighting conditions, we
used a modified version of the ResNet-18 architecture (He
et al. 2015) trained end-to-end on CIFAR-10 (Krizhevsky,
Hinton et al. 2009). The architecture consisted of an initial
convolutional layer, followed by eight residual blocks with
two convolutional layers each, and a final fully connected
layer that created the embedding. We adapted ResNet-18 to
the low-resolution CIFAR-10 dataset. In particular, the orig-
inal 7x7 convolution with stride 2 followed by a 3x3 max-
pooling layer was replaced with a 3x3 convolution with
stride 1 and no max-pooling, following related work (Poli,
Dupoux, and Riad 2023).

Furthermore, the original 1000-dimensional fully con-
nected layer was replaced with a 256-dimensional em-
bedding layer, such that the ResNet-18 backbone func-
tioned as an encoder producing 256-dimensional represen-
tations. For contrastive learning settings, this encoder was

followed by a lightweight projection head composed of
batch normalization, ReLLU activation, dropout (p = 0.5),
and a 128-dimensional fully connected layer, yielding 128-
dimensional embeddings used to compute the contrastive
loss. For classification under cross-entropy loss, the encoder
was followed by dropout (p = 0.5) and a 10-dimensional
fully connected output layer.

Task Loss Functions

Models were trained in four different task loss settings: (i) a
pairwise, label-aware hierarchical margin loss with a con-
trastive term that imposes an animacy hierarchy: within-
class pairs are pulled closer and cross-class pairs are pushed
apart; additionally, images from animate categories are
pulled closer to each other than to inanimate categories (and
vice versa), (ii) the classical cross-entropy (CE) loss, (iii) the
fully self-supervised SimCLR loss (Chen et al. 2020), and
(iv) its supervised counterpart, SupCon (Khosla et al. 2020).

Margin Loss. First, we applied the margin loss. For a
mini-batch of size B, let z; € R'?® be the projection-head
output for sample . Using cosine similarity, define the dis-
tance d;; = 1 — simces(2i,2;). Let ¢; denote the (fine-
grained) class label and o; € {animate, inanimate} its an-
imacy superclass. We use three margins (hyperparameters):
(i) m,, for positive pairs (¢; = c;), (ii) ms for negative pairs
that share the same superclass (¢; # ¢; but o; = ¢;), and
(iii) m.,, for negative pairs across superclasses (0; # o). We
chose m,, = 0.05, ms = 0.3, and m,, = 0.5.
Writing the loss over unordered pairs, our objective is
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Thus positives are penalized only when their distance ex-
ceeds m,,; negatives are penalized only when their distance
falls below the appropriate negative margin (mj within su-
perclass, m,, across superclasses).

SimCLR and SupCon. In SimCLR and SupCon, two ran-
dom augmentations of each image were generated. In Sim-
CLR, the loss considers one positive pair for each anchor
image (its augmented twin) and 2 X (B — 1) negatives.
SupCon follows the same principle, but instead of treating
only the twin augmentation as positive, it also includes all
other images in the batch that share the same label. We used
a standard augmentation pipeline consisting of random re-
sized cropping, horizontal flipping, color jittering, and occa-
sional conversion to grayscale, in line with prior work (e.g.,
Chen et al. 2020; Khosla et al. 2020).

Cross-Entropy. The cross-entropy loss was used as in
typical applications, pushing the model to assign high prob-
ability to the correct class.

Topographic Learning

Topographic Constraint. All models were trained either
with or without an additional topographic constraint. To im-
pose a topographic structure on the model, the weights of



the 256-dimensional embedding layer were arranged as a
16 %16 grid. Following prior works (e.g., Truong and Hasson
2025), the local topographic loss Ly, reflected the average
¢4 distance between afferent (incoming) neighboring weight
vectors within this grid, emulating a push towards similar
afferent excitation in spatially adjacent units. In Eq. (1), p
denotes a reference unit and ¢ indexes its neighboring units,
q € N (p), the Moore neighborhood (i.e., all adjacent lo-
cations with ||p — ¢||coc = 1). The neighborhood size varies
with grid location: [N/ (p)| = 3 at corners, 5 along edges,
and 8 elsewhere. The per-unit topographic loss £;op (p) aver-
ages the /, distance between w,, and its neighbors’ incom-
ing weight vectors; the total loss Lop, aggregates these terms
over p € 2 (the set of grid locations):
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Joint Loss Term. The overall loss was defined as £ =
Liask + A Liopo- Because we compare the impact of induced
topography across task losses from different models, we
consider that task losses can have fundamentally different
scales/magnitudes, and control for this factor. We define a
dynamic ) that matches the gradient magnitudes of the two
losses and is updated at each mini-batch update step. We de-
fine p as a hyperparameter controlling the contribution of
the topographic loss to the model’s update step, ||-|| as the
¢5 norm, and VyLyg and VgLp, as the separately com-
puted gradients of the task and topographic losses, respec-
tively, each with respect to the encoder’s parameters 6. The
gradient-matched coefficient A\* is defined as

N=p- Vo Luask|| 7 2)
”vQ‘CtopoH +e

where ¢ is a small positive constant for numerical stability,

with 0 < ¢ < 1. The exponential moving average of \*,

denoted \;, with a fixed 0 set to 0.1 is then given by

At = (1- ,3)5\7571 + B A" 3)

Training and Evaluation

We evaluated 24 model types, produced by combining the
four task loss settings with six magnitudes of the topo-
graphic constraint weight (p € {0,0.008,0.04,0.2,1,5}).
Note that in our gradient-matched scheme (Equation 2), p
is not a raw loss weight but a target ratio that controls
the relative strength of the topographic update to the task

update. Since N &~ p - % (up to EMA smoothing

and ¢), the resulting update magnitudes satisfy the relation
[IAeVoLiopo|l = p - [[VoLiask||. Thus, p = 1 aims for parity
between the two loss signals; p < 1 assigns greater impor-
tance to the task gradient; and p > 1 assigns greater im-
portance to the topographic constraint. Setting p = 0 dis-
ables the topographic term. Because the scaling uses gradi-
ent norms, this interpretation holds across very different task
losses whose raw magnitudes are otherwise incomparable.

Each condition was trained with five random seeds to es-
timate variability. We refer to these five independent runs
as trials. We used the Adam optimizer (learning rate 0.002)
with a batch size of 512 to have enough pairs in the con-
trastive regimes. From the training set, Sk samples (500 per
class) were designated as a validation split. Training em-
ployed early stopping based on validation performance, with
a patience of 25 epochs. For contrastive regimes, early stop-
ping was determined by the validation task loss, whereas for
cross-entropy classification it was based on validation accu-
racy.

For contrastive training, we evaluated the class accuracy
by adding a linear readout, which was trained based on the
same stopping rules. Throughout training, we tracked the
best model based on the lowest total validatiop loss (task
plus topographic term with the corresponding \;), and this
checkpoint was used for all subsequent experiments. During
readout, the encoder was frozen, and a linear classifier was
trained using AdamW (learning rate 0.0003, betas = (0.9,
0.999)).

Results
Test Accuracy and t-SNE Visualization

Test accuracy was generally high and comparable across
models and parameter combinations, except for the Sim-
CLR condition (Figure 1). Topographic constraints did not
produce a drop in accuracy (see p = 0 condition in Fig-
ure 1). This shows that under supervised cross-entropy and
supervised contrastive settings, models can be trained with
varying levels of topographic regularization while achieving
consistently high test performance, occasionally surpassing
the baseline. This clarifies some prior results where topo-
graphic networks either surpassed or performed below non-
topographic ones, and we suggest the crucial factor is pre-
cise balancing of the loss terms that have different scales.
The self-supervised SimCLR regime was an exception. As
a feature extractor, it achieved low accuracy after training
a linear readout and showed a monotonic decline in perfor-
mance as p increased. While SimCLR performance could
likely be improved by more extensive searches for optimiz-
ers and hyperparameters, or by employing a more expres-
sive projection head, we deliberately kept its configuration
aligned with the other regimes for the sake of comparability.

t-SNE visualization was performed on 2,000 feature em-
beddings extracted from the trained encoder using the
CIFAR-10 test set. To compare topographic and non-
topographic embedding spaces, we focused on the con-
ditions with p = 0 and p = 0.2. The embeddings
were flattened and reduced to two dimensions using the
scikit-learn t-SNE algorithm, employing default parameters
and a fixed random seed for reproducibility. The resulting
two-dimensional projections were plotted with color-coded
points corresponding to each CIFAR-10 class (Figure 2).
Across all supervised conditions, we observed clear clus-
tering by class and, in many cases, a distinct separation
by the animacy superclass. In contrast, SimCLR produced
smoother, more entangled representations with substantial
overlap between classes.
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Figure 1: Test set accuracies for CIFAR-10 at each topo-
graphic weight p. Under gradient-matched topographic reg-
ularization, topographic regularization matched or exceeded
performance of non-topographic networks (p = 0) for all
supervised models (Margin, Cross-Entropy, SupCon). Val-
ues indicate mean =+ sd across five seeds. Small horizontal
jitter was applied to the x-positions for visualization only.
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Figure 2: Two-dimensional t-SNE visualizations of feature
embeddings extracted from the trained encoders on the
CIFAR-10 validation set. Each plot corresponds to the first
trial of a given model condition, comparing non-topographic
(p = 0) and topographic (p = 0.2) settings.

Smoothness

Figure 3 demonstrates the smoothness induced by different
models, presenting activation maps on the topographic grid
for a single image across the different training conditions. To
show the effect of dropout ablation, we also present results
for the cross-entropy models trained without dropout (for all
p values). It can be observed that in the no-dropout vari-
ants, the network could satisfy the topographic constraint
by producing highly sparse maps: a few edge units show
strong activation (carrying the post-ReL U relevant informa-
tion), while many central units remain redundant and weakly
active, leading to less coherent spatial patterns and implying
that central weight vectors become very small and thus close
in Euclidean space. This effect appears across task losses,
but is most pronounced in the cross-entropy setting. In such
cases, the topographic constraint is still met because these
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Figure 3: Smoothness across task loss and p conditions (ac-
tivation maps). Activation maps (from the same CIFAR-10
test image of a truck) arranged as a 16 x 16 grid for each
model condition from the first trial. In the no-dropout vari-
ants, the network often satisfies the topographic constraint
by producing highly sparse maps: a few edge units show
strong activation, while many central units remain redundant
and weakly active, leading to less coherent spatial patterns.
By contrast, with dropout, activations are more evenly dis-
tributed across the grid, resulting in qualitatively smoother
maps. (*Conditions marked with an asterisk denote models
trained without dropout.)

central weight vectors are highly similar, so that the differ-
ence in weight vectors of the edge units does not signifi-
cantly affect the overall topographic loss. By contrast, with
dropout, activations are more evenly distributed across the
grid, resulting in qualitatively smoother maps. In these cases
the network can no longer rely on sparse codes and fulfills
the topographic constraint by creating smooth maps.

Following prior work (e.g., Rathi et al. 2025), we quanti-
fied spatial smoothness in these 16x 16 activation maps us-
ing Moran’s I (Moran 1950). Higher values indicate stronger
positive spatial autocorrelation (smoother maps), values near
zero correspond to spatial independence, and negative val-
ues reflect checkerboard-like organization. We evaluated
smoothness scores for each model configuration, also in-
cluding a single additional run per condition trained with-
out dropout (i.e., following the procedure as described in
the Methods section but omitting dropout) (dotted lines)
(Fig. 4a). We observe that for the Cross-Entropy and Sim-
CLR settings, models trained without dropout consistently
yielded lower smoothness scores across p values. In the
supervised contrastive setting, however, this gap was rel-
atively small. As a result, Cross-Entropy was associated
with the least-smooth topographies without dropout and the
smoothest ones with dropout. Overall, these results highlight
the importance of including dropout for preventing trivial
solutions where few grid units carry most information.
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Figure 4: Smoothness metrics across task loss and p condi-
tions. a) Moran’s I smoothness score (averaged across the
CIFAR-10 test set) for all model conditions. Shaded bands
indicate standard deviation across trials, and dotted lines in-
dicate scores of the corresponding no-dropout models. b)
Relation between the average weight vector {5 norm of the
embedding layer and p values for each task loss condition.
Horizontal lines indicate the control conditions with p = 0.
(*Conditions marked with an asterisk denote models trained
without dropout.)

For dropout-regularized models, smoothness, particularly
in contrastive regimes, showed a non-monotonic relation-
ship with p: it increased from p = 0.008 to p = 0.2 but
declined at higher values (p € {1,5}). At first glance, this
may seem counterintuitive, since larger p places greater em-
phasis on the topographic objective, which minimizes the
{5 norm of differences between neighboring weights. How-
ever, inspection of the topographic loss during training indi-
cated the following: while the loss decreased monotonically
with increasing p, at higher values of p this was achieved
by shrinking weight magnitudes toward zero, thereby mini-
mizing neighbor differences without necessarily preserving
smooth activation-level organization. This is due to the fact
that the weight-similarity loss is scale sensitive. To verify
this behavior, we computed the average embedding-layer
weight norm, and found that it monotonically decreases as
p increases (Fig. 4b). Notably, in the absence of the topo-
graphic constraint (p = 0), weight norms are substantially
larger than in models with the constraint, even for small p
values such as 0.008 or 0.04.

Functional Co-Localization

We tested the extent to which similarly tuned units were spa-
tially proximate, which speaks to the localization of func-
tion in the topographic grid. For each model, we passed the
CIFAR-10 test set through the network, recorded each unit’s
activation vector across images, and computed the Pearson
correlation r for every pair of units. We then set correla-
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Figure 5: Functional co-localization. Mean grid distance
between unit pairs with correlation » > 75 as a func-
tion of p for each loss. Curves were shown for 7, €
{0.1,0.3,0.5,0.6,0.7,0.8}; the p = 0 baseline (expected
= 8.3) was annotated for reference and was shown as black
dots on the y-axis.

tion thresholds (7,...,7¢) = (0.1,0.3,0.5,0.6,0.7,0.8).
For each threshold 74, we kept all pairs with » > 75 and
measured their mean Euclidean distance on the 16 x 16 grid.
Units were indexed by their sheet coordinates, and distance
was the standard Euclidean distance on this grid. We sum-
marized results in Fig. 5; for comparison, Moran’s I was re-
ported in Fig. 4a.

As a baseline, with no topography (p = 0), the mean pair-
wise grid distance was about 8.3 and was essentially un-
affected by the choice of 7j. Introducing the topographic
prior produced clear structure: higher thresholds (i.e., keep-
ing only pairs with larger 7) yielded shorter mean distances,
so strongly co-activating units clustered more tightly. Dis-
tances were relatively large at p = 0.008 and dropped
sharply by p = 0.04, especially for Cross-Entropy and Sim-
CLR. The tightest neighborhoods were typically observed
for pairs with » > 0.8, followed by progressively weaker
correlation bands. The minima of these high-r curves usu-
ally aligned with the p values that maximized Moran’s I,
linking smoother activation maps to tighter spatial cluster-
ing of functionally similar units.

At larger p, mean distances sometimes rose again even
when Moran’s I remained flat, most clearly seen for Cross-
Entropy. One possible explanation could be that effec-
tive spatial degrees of freedom were reduced as clusters
broadened, which could increase within-cluster pair dis-
tances despite similar global smoothness. Overall, moder-
ate p yielded compact, localized functional clusters, whereas
very strong regularization tended to produce broader, less
compact groupings.
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Figure 6: Representational consistency over random
weight initializations decreases with topographic constraint
strength. Model representations were operationalized as rep-
resentational dissimilarity matrices (RDMs). For each con-
dition, the consistency score is the mean of all pairwise
correlations between models’ RDMs across the five re-
initializations.

Representational Geometry

Consistency of Representational Geometry. Consider-
ing that all models reached comparable accuracy, we aimed
to determine whether some models produced less consistent
representations than others. A model’s representation was
defined as the representational-dissimilarity matrix (RDM)
produced at the penultimate layer of the model (whether
trained as topographic or not). RDMs were computed by
generating embeddings from 100 images of each of the 10
classes. Then, the similarity of any two representations was
quantified as the Pearson linear correlation between the up-
per triangles of the two RDMs. Note that, for each model,
we had 5 iterations from random initializations, at 6 lev-
els of the topographic constraint (including 0). This pro-
duced 30 RDMs for each of the 4 models. Figure 6 shows,
for each of the four models, the average pairwise consensus
across RDMs. Consistency generally declined with increas-
ing topographic regularization relative to the p = 0 controls,
with the drop becoming larger at higher p. The main excep-
tion was SimCLR, which showed comparatively high con-
sistency, particularly at p = 1.

Overall, these observations suggest that, in the supervised
settings and especially at higher p, models converge on dif-
ferent—but equally effective—representations: despite de-
creasing consistency, test accuracy remains high on this 10-
way classification task.

Within vs. Across-Class Similarity. To verify whether
the contrastive loss produced greater within-class similarity
in the topographic layer, we computed cosine-similarity be-
tween image embeddings in that layer, summarizing the dis-
tributions separately for within-class and across-class pairs
(Table 1). As would be expected, across models, the within-
class mean exceeded the across-class mean. Speaking to
the effectiveness of contrastive learning, within-class means

were higher than for training under the CE objective, and un-
der low topographic constraints, across-class similarity was
also kept low. Taken together with prior data it appears that
contrastive topographic learning with a moderate p = 0.2
smoothing constraint successfully produces several interest-
ing behaviors: a smooth topography, strong functional local-
ization, and strong within-category similarity.

The magnitude of the differentiation between within- and
across-class similarity varied with both the objective and p.
Cross-entropy maintained a clear separation even at large p
(e.g., at p=5: uw=0.89 vs. pa= — 0.03), aligning with its
stable test accuracy (Figure 1). Label-aware contrastive ob-
jectives (SupCon, margin) also showed strong separation at
small-moderate p, but at very large p the across-class mean
approached the within-class mean (e.g., SupCon at p=5:
pw ~=pa~1.00), effectively compressing cosine differences.
SimCLR exhibited the smallest gap overall, and the gap nar-
rowed with p as both within- and across-class means moved
toward ceiling for p>1. Consistent with Figure 1, this nar-
rowing did not harm test accuracy for the supervised objec-
tives (CE, SupCon, margin), which remained high across p,
whereas SimCLR accuracy declined monotonically with in-
creasing p (while remaining above chance).

Ensemble Methods and Noise Robustness

The representational consistency analysis showed that mod-
els trained with stronger topographic regularization tend to
converge on less similar representational geometries across
random seeds, while still achieving comparable test accu-
racy at the individual model level. This suggested that en-
sembles of such models might benefit from complementary
representations, as diverging representations could mean
that the models from different seeds might learn different
features.

To test this, we focused on the cross-entropy models. For
each p setting, we trained a total of 10 independent trials
(instead of 5 as in the main experiments). Performance was
evaluated in two ways: first, each of the 10 models was tested
individually on the CIFAR-10 test set, and results were av-
eraged across runs. These results replicate test accuracies in
Figure 1, with standard deviations around 0.004, confirming
that accuracy is highly stable across seeds. Second, for each
test image we collected the logits from all 10 models, aver-
aged them across runs, and used the argmax of the averaged
logits as the ensemble prediction (i.e., a soft-voting scheme).

As expected, ensembles consistently improved test accu-
racy across all p conditions (Fig. 7), whether or not the en-
semble was produced from topographic or non-topographic
models had a minor impact. For example, for non-noisy
images, the ensemble boosted prediction by 2.9% over the
average individual model performance when constructed
from non-topographic models, whereas the boost was be-
tween 3.0-3.15% when constructed from topographic mod-
els. This suggests that while ensembles reliably reduce
model-specific errors, representational diversity induced by
higher p does not directly translate into larger ensemble
gains.

We next evaluated the effect of the ensemble method for
noisy datasets. We applied three common noise types—pink,



Table 1: Topographic regularization tends to increase within-class similarity and reduce across-class similarity. Within vs.
across-class cosine similarity at each topographic weight p. For each objective, the first row (W) reports within-class similarity
and the second row (A) reports across-class similarity. Entries are y (SD), rounded to two decimals. Boldface marks topographic
conditions for which, relative to the baseline model, within-class similarity is matched or higher and across-class similarity is

matched or lower.

Objective p=0 p=0008 p=0.04 p=02 p=1 p=>5
Margin (W) 87(20) .85(.21) .85(24) .87(24) .93(11) .99 (.02)
Margin (A) A8 (19) 15(.19) .02(21) .00(.29) .51(21) .93 (.04)

Cross-Entropy (W) .77 (23) .79 (.23)
Cross-Entropy (A) -.01 (.21) .00 (.21)

.80 (.24) .82(.26) .85(.27) .89 (.25)
-.03 (.22) -.05(.32) -.05(.44) -.03 (.56)

SimCLR (W) 26(.29) .26(29) .28(.29) .78 (.16) .98 (.02) 1.00 (.00)

SimCLR (A) .05(29) .05(29) .07(30) .71(.18) .97 (.02) 1.00 (.00)

SupCon (W) 83(24) .83(.26) .84(.25) .84(.27) .95(.08) 1.00 (.00)

SupCon (A) 10(.18) .04 (17) .06 (.18) -.03(.21) .70 (.13) 1.00 (.00)
21 rele N/.i/ . romeso as a feature extractor and a linear classification head was
310 i: . added only for evaluation. Under these matched settings, ac-
o 40 S curacy remained consistently high and similar for CE, Sup-
205 35 ] Con, and margin-based contrastive models, across all tested
290 30 i topographic strengths.
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Figure 7: Ensemble boost under noisy test conditions. Each
subplot shows the increase in test accuracy when averag-
ing predictions across 10 cross-entropy models compared to
single-model performance. The x-axis denotes the p value,
and the y-axis the accuracy gain. Subplot 1 shows results
on clean CIFAR-10, while subplots 2—6 show results under
pink, white, and salt-and-pepper noise at varying strengths.
Dotted lines indicate the non-topographic control condition.

white, and salt-and-pepper—at five different intensity lev-
els. Here, ensemble effects were more variable across p val-
ues: sometimes boosts were larger for topographic mod-
els, sometimes not. Independent of p, however, the largest
ensemble gains were consistently observed at intermediate
noise levels (e.g., noise strengths of 0.05-0.15), where en-
sembles improved accuracy by up to 10% compared to sin-
gle models (Fig. 7). At very strong noise levels (e.g., 0.2),
the ensemble effect diminished toward zero, with absolute
accuracies falling close to chance level (=~ 10%), indicat-
ing that models were no longer able to extract meaningful
features from the corrupted inputs.

Discussion

We controlled the relative weights of the task and topo-
graphic losses to enable matched comparisons across objec-
tives. For contrastive objectives, the backbone was trained

Topographic strength impacted spatial smoothness in a
non-monotonic way. Increasing the topographic weight to
p € {0.008,0.04,0.20} resulted in visibly smoother acti-
vation maps (Fig. 4a) and higher values of Moran’s I. How-
ever, further increases of the topographic constraint to p = 1
and p = 5 reduced smoothness. In this high-penalty regime,
the network satisfied the topographic objective by shrink-
ing weight norms instead of producing similar weight vec-
tors, which weakened the intended effect of the prior. We
consider that cosine distance would avoid norm shrinkage.
However, it breaks the intended biological analogue that Eu-
clidean distance captures, which is pushing for similar affer-
ent weights for nearby units.

Dropout was necessary for the topographic prior to in-
duce spatial smoothness in the topographic grid. Without
dropout, we observed that a small subset of units carried
most task-relevant information while many units mainly car-
ried the topographic constraint and often remained below the
ReLU threshold. In contrast, including dropout spread activ-
ity across units producing smooth maps (Fig. 4).

With  respect to  functional localization on
the grid, stronger topographic constraints in the
p € {0.008,0.04,0.20} range increased the tendency
of highly correlated unit pairs to be within a close distance
on the grid. This is a signature of functional localization.
However, different objectives produced slightly different
localization profiles. CE positioned units with correlations
above ~ 0.5 very close together with limited further
differentiation as correlation increased (Fig. 5). The
margin-based contrastive objective produced inter-unit
distances that scaled more continuously with correlation.
This scaling was most evident for SiImCLR, which showed
the tightest relationship between pairwise correlation and
typical grid distance, although SimCLR was less sensitive
to the absolute p value. These findings effectively indicate



that topography produces a spatial kernel whose properties
depend on the hyperparameters of the learning objective.

In the embedding space, supervised contrastive objectives
(margin and SupCon) produced greater within-class simi-
larity relative to CE. Furthermore, CE kept between-class
similarity near zero, indicating the expected hard separation
across categories. The contrastive objectives allowed modest
between-class similarity, which is consistent with character-
istics of CIFAR-10 where items from different classes can
be visually similar.

Topographic constraints reduced cross-seed representa-
tional consistency. Without a topographic constraint, cross-
seed RDM alignment within a model family was high, ap-
proximately 0.80—0.87. At p = 0.20, alignment decreased
to approximately 0.60—0.80 for the label-supervised models
(Figure 6). Thus, while CE, margin, and SupCon achieved
similar accuracy with and without topography, adding the
topographic loss pushed different training runs to produce
different representations. Given this, we tested whether soft-
voting ensembles of topographic models would produce
larger gains than ensembles of non-topographic models. The
effect we found was in the predicted direction, but weak. On
average, topographic soft-voting ensembles outperformed
non-topographic ensembles by only about 0.1%. We also
evaluated out-of-distribution robustness by testing the same
ensembles on images to which different types of noise were
added, at different levels. For some noise levels (e.g., 0.05,
0.15, 0.20), topographic ensembles performed slightly bet-
ter on pink and white noise (solid purple/black lines above
dotted purple/black in Fig. 7), not under salt-and-pepper
noise. These out-of-distribution effects therefore require fur-
ther study.

The study has several implications for future work. The
fact that topographic priors are equally compatible with con-
trastive objectives allows choosing training losses that pro-
vide some control over the desired feature space for down-
stream goals (e.g., improved transfer) or to pair topogra-
phy with additional constraints (e.g., hierarchical represen-
tations as shown here, or neurosymbolic structure). The
study suggests that distances between weight vectors can
be effectively used, but should be monitored to avoid norm-
collapse. Adding norm penalties may help address this issue.
The dependence on dropout indicates that achieving smooth,
cortex-like activity requires coordination of multiple mech-
anisms that promote distributed activation. Balancing acti-
vation sparsity (often found in cortical systems) with the
strength of the topographic prior is therefore a key design
trade-off and an important direction for future work.
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