PLOS

Check for
updates

G OPEN ACCESS

Citation: ElImoznino E, Bonner MF (2024) High-
performing neural network models of visual cortex
benefit from high latent dimensionality. PLoS
Comput Biol 20(1): 1011792. https://doi.org/
10.1371/journal.pchi.1011792

Editor: Drew Linsley, Brown University, UNITED
STATES

Received: July 18, 2023
Accepted: December 30, 2023
Published: January 10, 2024

Peer Review History: PLOS recognizes the
benefits of transparency in the peer review
process; therefore, we enable the publication of
all of the content of peer review and author
responses alongside final, published articles. The
editorial history of this article is available here:
https://doi.org/10.1371/journal.pcbi.1011792

Copyright: © 2024 Elmoznino, Bonner. This is an
open access article distributed under the terms of
the Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: The neural
electrophysiology datasets are publicly available
and were collected in prior work by Majaj et al and
Freeman et al. doi:10.1523/JNEUROSCI.5181-14.
2015 and DOI: 10.1038/nn.3402. It is imported

RESEARCH ARTICLE

High-performing neural network models of
visual cortex benefit from high latent
dimensionality

Eric EImoznino® *, Michael F. Bonner

Department of Cognitive Science, Johns Hopkins University, Baltimore, Maryland, United States of America

* eric.elmoznino @ gmail.com

Abstract

Geometric descriptions of deep neural networks (DNNs) have the potential to uncover core
representational principles of computational models in neuroscience. Here we examined
the geometry of DNN models of visual cortex by quantifying the latent dimensionality of their
natural image representations. A popular view holds that optimal DNNs compress their rep-
resentations onto low-dimensional subspaces to achieve invariance and robustness, which
suggests that better models of visual cortex should have lower dimensional geometries.
Surprisingly, we found a strong trend in the opposite direction—neural networks with high-
dimensional image subspaces tended to have better generalization performance when pre-
dicting cortical responses to held-out stimuli in both monkey electrophysiology and human
fMRI data. Moreover, we found that high dimensionality was associated with better perfor-
mance when learning new categories of stimuli, suggesting that higher dimensional repre-
sentations are better suited to generalize beyond their training domains. These findings
suggest a general principle whereby high-dimensional geometry confers computational ben-
efits to DNN models of visual cortex.

Author summary

The effective dimensionality of neural population codes in both brains and artificial neu-
ral networks can be far smaller than the number of neurons in the population. In vision, it
has been argued that there are crucial benefits of representing images using codes that are
as simple and low-dimensional as possible, allowing representations to emphasize key
semantic content and attenuate irrelevant perceptual details. However, there are compet-
ing benefits of high-dimensional codes, which can capture rich perceptual information to
better support an open-ended set of visual behaviors. We quantified the effective
dimensionality of neural networks created using a diverse set of training paradigms and
compared these networks with image-evoked codes in the visual cortex of both monkeys
and humans. Our findings revealed striking benefits of networks with higher effective
dimensionality, which were consistently better predictors of cortical activity patterns and
were able to readily learn new categories of images outside of their training domains.
Together, these findings demonstrate the computational benefits of high-dimensional
sensory codes, and they suggest that current neural network models of visual cortex may
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be better understood in terms of the richness of their representations rather than the
details of their training tasks.

Introduction

Deep neural networks (DNNs) are the predominant framework for computational modeling
in neuroscience [1-5]. When using DNNs to model neural systems, one of the fundamental
questions that researchers hope to answer is: What core factors explain why some DNNs suc-
ceed and others fail? Researchers often attribute the success of DNNs to explicit design choices
in a model’s construction, such as its architecture, learning objective, and training data [2, 4-
14]. However, an alternative perspective explains DNNs through the geometry of their latent
representational subspaces, which abstracts over the details of how networks are constructed
[15-19]. Here we sought to understand the geometric principles that underlie the performance
of DNN models of visual cortex.

We examined the geometry of DNNs by quantifying the dimensionality of their representa-
tional subspaces. DNN models of vision contain thousands of artificial neurons, but their rep-
resentations are known to be constrained to lower-dimensional subspaces that are embedded
within the ambient space of the neural population [20, e.g.]. Many have argued that DNNs
benefit from representing stimuli in subspaces that are as low-dimensional as possible, and it is
proposed that low dimensionality improves a network’s generalization performance, its
robustness to noise, and its ability to separate stimuli into meaningful categories [20-32]. Simi-
lar arguments have been made for the benefits of low-dimensional subspaces in the sensory,
motor, and cognitive systems of the brain [33-39]. However, contrary to this view, there are
also potential benefits of high-dimensional subspaces, including the efficient utilization of a
network’s representational resources and increased expressivity, making for a greater number
of potential linear readouts [40-45].

We wondered whether the dimensionality of representational subspaces might be relevant
for understanding the relationship between DNNs and visual cortex and, if so, what level of
dimensionality performs best. To answer these questions, we measured the latent dimensional-
ity of DNNs trained on a variety of supervised and self-supervised tasks using multiple data-
sets, and we assessed their accuracy at predicting image-evoked activity patterns in visual
cortex for held-out stimuli using both monkey electrophysiology and human fMRI data. We
discovered a powerful relationship between dimensionality and accuracy: specifically, we
found that DNNs with higher latent dimensionality explain more variance in the image repre-
sentations of high-level visual cortex. This was true even when controlling for model depth
and the number of parameters in each network, and it could not be explained by overfitting
because our analyses explicitly tested each network’s ability to generalize to held-out stimuli.
Furthermore, we found that high dimensionality also conferred computational benefits when
learning to classify new categories of stimuli, providing support for its adaptive role in visual
behaviors. Together, these findings suggest that high-performing computational models of
visual cortex are characterized by high-dimensional representational subspaces, allowing them
to efficiently support a greater diversity of linear readouts for natural images.

Results

Dimensionality and alignment in computational brain models

We set out to answer two fundamental questions about the geometry of DNNs in computa-
tional neuroscience. First, is there a relationship between latent dimensionality and DNN
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performance? Second, if latent dimensionality is indeed related to DNN performance, what
level of dimensionality is better? In other words, do DNN models of neural systems primar-
ily benefit from the robustness and invariance of low-dimensional codes or the expressivity
of high-dimensional codes? To explore the theoretical issues underlying these questions, we
first performed simulations that illustrate how the geometry of latent subspaces might
influence the ability of representational models to account for variance in brain activity
patterns.

For our simulations, we considered a scenario in which all brain representations and all rel-
evant computational models are sampled from a large subspace of image representations called
the natural image subspace. Here, we use the term subspace to describe the lower-dimensional
subspace spanned by the major principal components of a system with higher ambient
dimensionality (e.g., neurons). We sampled observations from this natural image subspace
and projected these observations onto the dimensions spanned by two smaller subspaces called
the ecological subspace and the model subspace. Projections onto the ecological subspace simu-
late image representations in the brain, and projections onto the model subspace simulate
image representations in a computational model. We analyzed these simulated data using a
standard approach in computational neuroscience, known as the encoding-model approach.
Specifically, we mapped model representations to brain representations using cross-validated
linear regression. This analysis yielded an encoding score, which is the explained variance for
held-out data in the cross-validated regression procedure. Computational models with higher
encoding scores have better performance when predicting brain representations for held-out
data. Further details regarding the theoretical grounding and technical implementation of our
simulations are provided in 52 & S3 Text.

Using this simulation framework, we can now illustrate how two important factors might
be related to the performance of computational brain models: effective dimensionality and
alignment pressure. Effective dimensionality (ED) is a continuous measurement of the number
of principal components needed to explain most of the variance in a dataset, and it is a way of
estimating latent dimensionality in our analyses (see Fig 1a). A model with low ED encodes a
relatively small number of dimensions whose variance is larger than the variance attributed to
noise (i.e., whose signal-to-noise ratio (SNR) is high). In contrast, a model with high ED
encodes many dimensions with high SNR. Alignment pressure (AP) quantifies the probability
that the high SNR dimensions from a pair of subspaces will be aligned, as depicted in Fig 1b.
For example, if the AP between a model subspace and the ecological subspace is high, it means
that the model is likely to encode the same dimensions of image representation as those
observed in the brain.

Nearly all representational modeling efforts in computational neuroscience seek to opti-
mize AP. For example, when researchers construct models through deep learning or by speci-
fying computational algorithms, the hope is that the resulting model will encode
representational dimensions that are strongly aligned with the representations of a targeted
brain system. However, if one allows for linear transformations when mapping computational
models to brain systems—a procedure that may, in fact, be necessary for evaluating such mod-
els [6]—then there are possible scenarios in which model performance can be primarily gov-
erned by ED.

To understand how ED can influence model performance, it is helpful to first consider two
extreme cases. At one extreme, models with an ED of 1 can explain, at best, a single dimension
of brain representation and can only do so when AP is extremely high. Such a model would
need to encode a dimension that was just right to explain variance in a targeted brain system.
At the other extreme, a model with very high ED could potentially explain many dimensions
of brain representation and could do so with weaker demands on AP. This means that models
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Fig 1. A theory of latent dimensionality and encoding performance. a: This panel illustrates effective dimensionality (ED)
for a hypothetical population of three neurons. The data points correspond to stimuli, and the plot axes indicate the firing
rates of neurons in response to these stimuli. The leftmost plot shows a scenario where the firing rates of the neurons are
highly correlated and primarily extend along a single direction, resulting in an ED close to 1. The opposite scenario is shown
in the rightmost plot where variance in neural responses is equally distributed across all directions, resulting in an ED of 3.
On the right, we show the eigenspectra (A;) in each scenario and the equation that describes how ED is computed from these
eigenspectra. b: Our simulations examine two geometric properties: effective dimensionality (ED) and alignment pressure
(AP). ED is a summary statistic that indicates the number of features accurately encoded by an ecological or model subspace
(i.e., it is a way of estimating latent dimensionality). The eigenspectrum of a low-dimensional subspace decays quickly,
suggesting that most features are dominated by noise and, therefore, poorly encoded, whereas the eigenspectrum of a high-
dimensional subspace has high variance spread along a large number of dimensions. AP determines the alignment of high-
variance dimensions across two subspaces. Pairs of subspaces with low AP are sampled independently with little bias for
their signal dimensions to align, whereas pairs of subspaces with high AP are more likely to have substantial overlapping
variance along their signal dimensions. ¢: Depending on the distributions of ED and AP in empirical models, our
simulations predict different outcomes for the relationship between model ED and encoding performance. In the Alignment
regime, model performance is predominantly driven by the alignment of the meaningful, signal dimensions in the model
and the brain, with little to no influence of latent dimensionality. Most modeling efforts in computational neuroscience
implicitly assume that models operate in the Alignment regime. Another possibility is that models operate in a Joint regime,
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in which there exists some optimal dimensionality at which model representations are more likely to be aligned with the
brain (perhaps a low dimensionality as in the plot on the left, or an intermediate dimensionality as in the plot on the right).
This is the implicit assumption behind efforts to explain brain representations with models that compress latent
dimensionality (such as autoencoders). A third possibility, which has been largely overlooked, is that models operate in a
Dimensionality regime, in which models with higher latent dimensionality are more likely to contain the same
representational dimensions that were sampled in a neuroscience experiment. Note that the Dimensionality regime occurs
when there is large variance in model ED, so we use a logarithmic scale on the x-axis for this regime.

https://doi.org/10.1371/journal.pchi.1011792.9001

with extremely high ED have a higher probability of performing well and need only be partially
aligned with a targeted brain system.

The relative contributions of ED and AP will depend on their empirical distribution in
actual computational models trained to predict real neural data. To better anticipate the possi-
ble outcomes, we varied our simulation parameters and identified distinct regimes for the rela-
tionship between ED, AP, and the performance of computational brain models (Fig 1c).

In the Alignment regime, the ED of computational models varies significantly less than their
AP, such that AP predominantly drives performance in predicting neural activity. This per-
spective implicitly underlies most deep learning approaches for modeling visual cortex, which
emphasize factors affecting the alignment between a model and the brain, such as architecture,
layer depth, learning objective, and training images [2, 4-14, e.g.]. The alignment-based per-
spective does not entail any specific predictions about ED and, thus, suggests the null hypothe-
sis that ED and encoding scores are unrelated (Fig 1c left panel).

Alternatively, models might inhabit a Joint regime where ED and AP are entangled, such
that there exists some optimal dimensionality at which model representations are more likely
to be aligned with the brain. Previous work has proposed that both biological and artificial
vision systems gain computational benefits by representing stimuli in low-dimensional sub-
spaces [15, 20, 37]. For instance, it has been hypothesized that dimensionality reduction along
the visual hierarchy confers robustness to incidental image features [21-25, 30, 31]. This
dimensionality-reduction hypothesis implicitly underlies a wide variety of machine learning
methods that attempt to encode complex stimuli using a small set of highly informative dimen-
sions (e.g., autoencoders) [27, 28, 32]. The strongest version of the low-dimensionality per-
spective predicts that ED and encoding scores will be negatively correlated or exhibit an
inverted U-shape, since models with relatively low-dimensional subspaces would tend to be
better aligned with the representations of visual cortex (Fig 1c middle panels).

A final possibility is that of a Dimensionality regime. This can occur if the computational
models under consideration vary significantly in terms of ED and are sufficiently constrained
to make the baseline probability of partially overlapping with visual cortex non-negligible (i.e.,
they have some moderate level of AP). In this case, ED will exert a strong, positive influence
on expected encoding performance (Fig 1c right panel). It is unknown whether ED is a rele-
vant factor for convolutional neural network (CNN) models of visual cortex, and, if so,
whether high-dimensional representations lead to better or worse models. Our simulations
suggest several possible outcomes depending on the empirical distribution of ED and AP,
including a previously unexplored scenario where high latent dimensionality is associated with
better cross-validated models of neural activity. However, these simulations explore the effect
of dimensionality in a highly idealized setting without attempting to capture the statistics of
real DNNs or brains. Moreover, in our simulations, we explicitly controlled the type and level
of noise in the representations, which makes the interpretation of ED straightforward,
whereas, in real networks the potential contribution of noise is far more complex and there is
no guarantee that ED will be related to the quality of latent dimensions. Nonetheless, these
simulations can help us to generate testable hypotheses about the potential implications of
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latent dimensionality in real networks, which we set out to explore next. Specifically, we sought
to examine the relationship between latent dimensionality and encoding performance in state-
of-the-art DNNs and recordings of image-evoked responses in visual cortex.

Dimensionality in deep neural networks

Before presenting our analyses, it is helpful to first consider the interpretation of latent
dimensionality in the context of DNNs and to highlight some important methodological
details. The logic underlying dimensionality metrics like ED is that the scale of a dimension’s
variance is indicative of its meaningfulness, with high variance corresponding to meaningful
dimensions and low variance corresponding to random or less-useful dimensions. Even in
deterministic systems, like the DNNs examined here, variance scale can indicate meaningful-
ness. Indeed, previous work has shown that network training expands variance along dimen-
sions that are useful for solving tasks while leaving unaltered, or even contracting, variance
along random dimensions [21, 46-49]. This explains why networks trained with different ran-
dom initializations end up with similar high-variance principal components but different low-
variance components, and it explains why measures of network similarity appear to be more
meaningful when they are weighted by variance [50, 51]. Furthermore, these empirical obser-
vations are consistent with theories of deep learning which argue that networks progressively
learn the principal components of their training data and tasks, with the number of learned
components increasing as a function of task and data complexity [48, 51-55].

It is important to note, however, that the scale of activation variance is not universally indic-
ative of representation quality in DNNSs. First, architecture-specific factors can affect ED in
ways that are independent of learning, which means that ED values (and related dimensional-
ity metrics) should only be compared across models with similar architectures [56]. Second, it
is possible to arbitrarily rescale the variance of any dimension through normalization proce-
dures (see S9 Text). Thus, to gain a better understanding of whether high-performing DNNs
have expressive, high-dimensional representations or compressed, low-dimensional represen-
tations, it is important to examine the role of dimensionality while controlling for architecture.
Here we controlled for architectural factors by focusing on a set of standard convolutional
architectures (mostly ResNet). We provide a more detailed discussion of these points in S1 &
S9 Text.

For our analyses, we examined a large bank of 568 layers from DNNss that varied in training
task, training data, and depth. The training tasks for these DNNs included a variety of objec-
tives, spanning both supervised (e.g., object classification) and self-supervised (e.g., contrastive
learning) settings. We also included untrained DNNs. The training datasets used for these
DNNs included ImageNet [57] and Taskonomy [58]. Most DNNs had ResNet50 or ResNet18
architectures [59]. We also examined a smaller set of models with AlexNet [60], VGG-16 [61],
and SqueezeNet [62] architectures to ensure that our findings were not idiosyncratic to
ResNets. We restricted our analyses to convolutional layers at varying depths because the
structure of the fully connected layers substantially differed across models. A detailed descrip-
tion of all models is provided in S5 Text. Using this approach, we were able to examine the
effect of ED while controlling for architecture.

We empirically estimated the ED of the DNNs by obtaining layer activations in response to
10,000 natural images from the ImageNet validation set [57]. We applied PCA to these layer
activations and computed ED using the eigenvalues associated with the principal components.
An important methodological detail is that we applied global average pooling to the convolu-
tional feature maps before computing their ED. The reason for this is that we were primarily
interested in the variance of image features, which indicates the diversity of image properties
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that are encoded by each model, rather than the variance in those properties across space. Nev-
ertheless, we show in S6 Text that our main results on the relationship between ED and encod-
ing performance were observed even when ED was computed on the entire flattened feature
maps without pooling (though to a lesser extent). The ED values that we computed can be
interpreted as estimates of the number of meaningful dimensions of natural image representa-
tion that are encoded by each model (i.e., their latent dimensionality).

Our analyses of ED showed several general trends, which are discussed in detail in S8 Text.
Briefly, we found that ED is higher for trained compared with untrained models, that ED
tends to increase with layer depth, and that ED tends to be higher for models trained on a wide
variety of natural images rather than only indoor scenes. These trends in ED suggest that fea-
ture expansion may be an important mechanism of the convolutional layers in DNNs.

Dimensionality and encoding performance for neural data

We next wanted to determine if the ED of representational subspaces in DNNs was related to
their encoding performance (Fig 2). To do so, we first compared DNN models with
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Fig 2. Method for comparing latent dimensionality with encoding performance for neural data. a: Layer activations were
extracted from a large bank of DNNGs trained with different tasks, datasets, and architectures. b: Using these layer activations
as input, we fit linear encoding models to predict neural activity elicited by the same stimuli in both monkey and human
visual cortex. We used cross-validation to evaluate encoding performance on unseen stimuli. c: To estimate the effective
dimensionality of our models, we ran principal component analysis on layer activations obtained from a large dataset of
naturalistic stimuli (specifically, 10,000 images from the ImageNet validation set). d: These analyses allowed us to examine the
empirical relationship between effective dimensionality and linear encoding performance across a diverse set of DNNs and
layers. DNN = deep neural network, PCA = principal component analysis. The brain icon in Fig 2 was obtained from https://
doi.org/10.5281/zenodo.3926117.

https://doi.org/10.1371/journal.pcbi.1011792.9002
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electrophysiological recordings of image-evoked responses in macaque IT cortex—a high-level
region in the ventral visual stream that supports object recognition [63]. These data were col-
lected by [64], and the stimuli in this study were images of objects in various poses overlaid on
natural image backgrounds. In total, the dataset consisted of 168 multiunit recordings for
3,200 stimuli. We quantified the ability of each convolutional layer in each DNN to explain
neural responses by fitting unit-wise linear encoding models using partial least squares regres-
sion, which is a standard procedure in the field for mapping computational models to neural
data [8]. These encoders were evaluated through cross-validation, where regression weights
are learned from a training set and then used to predict neural responses to stimuli in a held-
out test set (Fig 2b). We measured encoding performance by computing the median explained
variance between the predicted and actual neural responses across all recorded units.

Our analysis revealed a clear and striking effect: the encoding performance of DNN models
of high-level visual cortex is strongly and positively correlated with ED (Fig 3a). This effect was
also observed when separately examining subsets of models from the same DNN layer (Fig
3b), which means that the relationship between ED and encoding performance cannot be
reduced to an effect of depth. (Note that the reverse is also likely true: there may be effects of
depth that cannot be reduced to effects of ED.) This within-layer analysis also perfectly

a o Electrophysiology data b
-
06 - 55
=
P a2 08
~N s S~
% 05 - ) oS sET
s o s
S 04 - ey $ 06 1
@ o . 0° =
> o ff P o
D i by .08 : [}
c 03 WRF S, So o Q. i
3 RIRMC T v 3 04
Q 02 | 4,;"'5. e
w Py - sk 02 4
ot ‘g X% r=0.84 Untrained -
® Supervised
i i ® Self-Supervised
00 - 00 ; : :
T T T
3 s 3
e ' 0
10° 10’ 107 o e\meﬂ‘?’ “ P
Effective dimensionality eV

fMRI data d
C 08 A
f"
e ﬂ"
07 > 08 -
& -
X 06 8 .
; Y ‘.’ ’,r‘f* . “
. Y Q 06 -
S 05 ) NI 808
o = =
& x
=) i 9]
£ 04 > 04
=] ©
3 ¥ -
LICJ 03 7 %%,
™ = P i
02 1 A r=0.79 @ Untrained 02
iy ® Supervised
4 ® Self-Supervised
01 . . . P 0.0 i : :
) e s
10° 10’ 107 \3‘\\@‘“6 - “‘,e““?’e o oi®
Effective dimensionality et

Fig 3. Relationship between effective dimensionality and encoding performance. a: The encoding performance achieved
by a model scaled with its effective dimensionality. This trend also held within different kinds of model training paradigms
(supervised, self-supervised, untrained). Each point in the plot was obtained from one layer from one DNN, resulting in a
total of 568 models. Encoding performance is for the monkey IT brain region, which had the strongest relationship with ED
among regions we considered. b: Even when conditioning on a particular DNN layer, controlling for both depth and
ambient dimensionality (i.e., number of neurons), effective dimensionality and encoding performance continued to strongly
correlate. The plot shows the distribution of these correlations (Pearson ) across all unique layers in our analyses. ¢,d:
Similar results were obtained for human fMRI data.

https://doi.org/10.1371/journal.pcbi.1011792.9003
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controls for ambient dimensionality, which is the number of neurons in a layer, and, thus,
shows that this effect is specifically driven by the latent dimensionality of the representational
subspaces. Furthermore, this effect could not be explained by categorical differences across
learning paradigms or across model training datasets because it was also observed when sepa-
rately examining subsets of models that were either untrained, supervised, or self-supervised
(Fig 3a and 3b) as well as subsets of models that were trained on Taskonomy or ImageNet (see
S6 Text). Remarkably, this effect is not specific to the encoding model paradigm, as it was also
observed when using representational similarity analysis [65], which involved no parameter
fitting (see S7 Text). Finally, we also performed these analyses for human high-level visual cor-
tex using an fMRI dataset collected by [66]. The human fMRI results for the lateral occipital
region (LO; a high-level region supporting object recognition) are shown in Fig 3c and 3d, and
they reveal a similar positive relationship between ED) and encoding performance in the
human brain.

We further performed analyses in datasets for other lower-level visual regions in monkeys
(V1, V2, and V4) and for multiple other visual regions in the human brain. While the relation-
ship between ED and encoding performance was strongest in high-level visual cortex in both
monkeys and humans, similar but weaker effects were also observed in multiple other visual
regions, with the exception of monkey V1 (see S6 Text. We speculate that the effect was not
observed in the monkey V1 dataset for two reasons. The first is that the stimuli in this V1 data-
set were simple images of synthesized textures, which may not require the complexity of high
ED models [67]. The second is that V1 is known to be explained by primitive edge detectors
that likely emerge in most DNNG, even those with low ED. Another intriguing possibility is
that each brain region could have an “optimal” value of ED where model encoding perfor-
mance tends to peak (reminiscent of the “Joint regime” we showed in Fig 1c), and that this
optimal value could increase along the cortical hierarchy [68]. Indeed, when we fit inverted-U
shaped curves to the per-region data in S6 Text, the results suggest that the ED with peak
encoding performance increases from V1 to V2 and from V4 to IT.

In addition to ED, we examined the complete eigenspectra of all models (i.e., the variance
along successive principal components). Intuitively, models with more slowly decaying eigen-
spectra use more of their principal components to represent stimuli. In line with this, Fig 4a
shows that the more slowly a model’s eigenspectrum decays, the higher its encoding perfor-
mance tends to be. Interestingly, many of the top-performing models tend to approach a power-
law eigenspectrum decaying as 1, where i is the principal component index. This power-law
decay corresponds to a proposed theoretical limit wherein representations are maximally expres-
sive and high-dimensional while still varying smoothly as a function of changing stimuli [40].

While visual inspection of eigenspectra plots can be illuminating, it is difficult to succinctly
summarize the large amount of information that these plots contain. We, therefore, continue
to use ED in our discussions below because of the concise, high-level description it provides.

Finally, in S1 Text, we compared ED with other geometric properties, and we examined
how all these properties are related to both encoding performance and object classification
performance. Our findings show that ED is among the strongest geometric predictors of DNN
performance metrics, suggesting that high-dimensional representational subspaces allow
DNNs to perform a variety of tasks related to primate vision, including the prediction of
image-evoked neural responses and the classification of natural images.

In sum, these findings show that when controlling for architecture, latent dimensionality is
strongly linked to the encoding performance of DNN models of high-level visual cortex, sug-
gesting that the richness of the learned feature spaces in DNNis is central to their success as
computational models of biological vision.
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Fig 4. Relationship between model eigenspectra and encoding performance. Each curve shows the eigenspectrum of one
layer from one DNN. The x-axis is the index of principal components, sorted in decreasing order of variance, and the y-axis
is the variance along each principal component (scaled by a constant in order to align all curves for comparison). The black
line is a reference for a power law function that decays as 1, where i is the principal component index. This power law of + was
hypothesized in [40] to be a theoretical upper limit on the latent dimensionality of smooth representations. a: Eigenspectra
are color-coded as a function of the corresponding encoding performance each model achieved. Models with more slowly
decaying eigenspectra (i.e., higher latent dimensionality) are better predictors of cortical activity, with top-performing
models approaching the theoretical upper bound on dimensionality proposed in [40]. Encoding performance is for the IT
brain region, which had the strongest relationship with ED among regions we considered. b: Eigenspectra are color-coded as
a function of their corresponding ED. Since ED is a summary statistic of an eigenspectrum meant to quantify its rate of
decay, models with more slowly decaying eigenspectra tend to have higher ED.

https://doi.org/10.1371/journal.pcbi.1011792.9g004

High dimensionality is associated with better generalization to novel
categories

Our finding that top-performing encoding models of high-level visual cortex tend to have high
dimensionality was surprising given that previous work has either not considered latent
dimensionality [2, 4-14] or argued for the opposite of what we discovered: namely that low-
dimensional representations better account for biological vision and exhibit computational
benefits in terms of robustness and categorization performance [20, 37]. We wondered
whether there might be some important computational benefits of high-dimensional sub-
spaces that have been largely missed in the previous literature. Recent theoretical work on the
geometry of high-dimensional representations suggests some hypotheses [16, 40, 44]. Specifi-
cally, it has been proposed that increased latent dimensionality can improve the learning of
novel categories, allowing a system to efficiently generalize to new categories using fewer
examples [16]. Efficient learning is critical for visual systems that need to operate in a diversity
of settings with stimulus categories that cannot be fully known a priori, and it is something
that humans and other animals are remarkably good at [69-72].

Thus, we examined whether the dimensionality of our DNNs was related to their generali-
zation performance on newly learned categories. We employed a standard transfer learning
paradigm in which we fixed the representations of our DNN models and tested whether they
could generalize to a new target task using only a simple downstream classifier (depicted in Fig
5a). Following the approach in [16], we trained a classifier on top of each model’s representa-
tions using a simple prototype learning rule in which stimuli were predicted to belong to the
nearest class centroid. We used 50 object categories from the ImageNet-21k dataset [73] and
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substantially better accuracy on this transfer task, as measured using the mean reciprocal rank (MRR).

https://doi.org/10.1371/journal.pcbi.1011792.9005

trained on 50 images per category, evaluating on another 50 held-out images from the same
categories. Importantly, none of the ImageNet-21k classes appeared in any of the datasets our
models were pre-trained on, allowing us to assess a relationship between the latent dimension-
ality of a representation and its ability to classify novel categories. The results, illustrated in Fig
5b, show a striking benefit of high-dimensionality for this task. Even though high-dimensional
representations have traditionally been thought to be undesirable for object classification [17,
21-25], they proved to be extremely effective in separating novel categories. This suggests that
while low-dimensional representations may be optimal for performing specialized tasks (such
as separating the fixed set of categories in the standard ImageNet training set), high-dimen-
sional representations may be more flexible and better suited to support open-ended tasks [16,
43,47, 74, 75).

High dimensionality concentrates projection distances along linear readout
dimensions

How do high-dimensional models achieve better classification performance for novel catego-
ries? If we consider an idealized scenario in which category instances are distributed uniformly
within unit spheres, it is a geometric fact that projections of these subspaces onto linear read-
out dimensions will concentrate more around their subspace centroids as dimensionality
increases [16, 76, 77]. The reason for this is that in high dimensions, most of the subspace’s
mass is concentrated along its equator, orthogonal to the linear readout dimension. This bless-
ing of dimensionality is typically referred to as the concentration of measure phenomenon [76],
and we depict it for the case of an idealized spherical subspace in Fig 6a and 6b (see Section
Materials and methods).

Although we do not know the geometric shapes of category subspaces in DNNs or whether
they can be approximated by elliptical subspaces, we can, nonetheless, test whether there is
empirical evidence that a similar concentration phenomenon occurs in our models. To answer
this question, we computed the average sample projection distance between every pair of our
50 ImageNet-21k classes, normalized by an estimate of the subspace radius for each class (see
Section Materials and methods). This yielded a matrix of all pairwise projection distances for
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Fig 6. High-dimensional models concentrate sample projections close to their class centroids. a: For binary
classification, the projection distance of a sample refers to the sample’s distance from its class centroid along the
classification readout direction, normalized by the subspace radius. b: For idealized spherical subspaces, the distribution of
projection distances concentrates more tightly around 0 as the dimensionality Dy, increases. c: Empirically, the mean
projection distances of our models decreased as effective dimensionality increased, matching what is predicted by theory.
Note that because the magnitude of projections partially depend on the model architecture and layer depth (denoted by
different colors), projection distances form distinct bands in the plot. However, when looking only at models with the same
architecture and layer (i.e., looking at points sharing the same color), projection distances reliably decrease with ED. d: Full
projection distance matrices, computed along classification readout directions between all object category pairs. Matrices are
shown for three different models of increasing effective dimensionality.

https://doi.org/10.1371/journal.pcbi.1011792.9006

each model. Fig 6¢ shows that, as predicted, the mean projection distance systematically
decreases as model ED increases. This means that sample projection distances concentrate
closer to class centroids as model dimensionality increases, allowing DNNs with higher ED to
discriminate novel categories more effectively. This concentration effect exemplifies an under-
appreciated computational advantage conferred by the geometric properties of high-dimen-
sional subspaces.

Discussion

By computing geometric descriptors of DNNs and performing large-scale model comparisons,
we discovered a geometric phenomenon that has been overlooked in previous work: DNN
models of high-level visual cortex benefit from high-dimensional latent representations. This
finding runs counter to the view that both DNNs and neural systems benefit by compressing
representations down to low-dimensional subspaces [20-39, 78]. Furthermore, our findings
suggest that DNN models of high-level visual cortex are best understood in terms of the rich-
ness of their natural image representations rather than the details of their training tasks and
training data.

Our results speak to a fundamental question about the dimensionality of neural population
codes. Empirical estimates have consistently shown that the latent dimensionality of both
DNN s and neural systems is orders of magnitude lower than their ambient dimensionality
(i.e., the number of neurons they contain) [15, 20, 22, 29, 33-37, 78, 79]. Furthermore, there

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011792 January 10, 2024 12/23


https://doi.org/10.1371/journal.pcbi.1011792.g006
https://doi.org/10.1371/journal.pcbi.1011792

PLOS COMPUTATIONAL BIOLOGY Neural network models of visual cortex benefit from high latent dimensionality

are compelling theoretical arguments for the computational benefits of low-dimensional
codes, which may promote robustness to noise [21, 24, 25, 27, 30, 31], abstraction and invari-
ance [23, 28, 32, 38, 79], compactness [15], and learnability for downstream readouts [80]. It
is, thus, no surprise that many neuroscientists and machine learning researchers have argued
that a signature of optimal population codes is the degree to which they reduce latent
dimensionality, focusing on the minimum components needed to carry out their functions.
However, there are competing theoretical arguments for the benefits of high-dimensional pop-
ulation codes. High-dimensional codes are more efficient [42, 45], they allow for the expres-
sion of a wider variety of downstream readouts [43], and they may have counterintuitive
benefits for learning new categories due to concentration phenomena in high dimensions [16].
Furthermore, recent evidence from large-scale data in mouse visual cortex suggests that corti-
cal population codes are higher dimensional than previously reported and may, in fact,
approach a theoretical limit, above which the code would no longer be smooth [40]. Our find-
ings provide strong evidence for the benefits of high-dimensional population codes. Specifi-
cally, we demonstrated two major benefits that are directly relevant to computational
neuroscientists. First, high-dimensional DNNs provide more accurate cross-validated predic-
tions of cortical image representations. In fact, when looking at the eigenspectra of our top-
performing models, they appear to approach the upper limit on dimensionality that was pro-
posed in [40]. Second, high-dimensional DNNs are more effective at learning to classify new
object categories. We suggest that while low-dimensional codes may be optimal for solving
specific, constrained tasks on a limited set of categories, high-dimensional codes may function
as general-purpose representations, allowing them to better support an open-ended set of
downstream tasks and stimuli.

Our findings also have implications for how neuroscientists interpret the relationship
between DNNs and neural representations. When developing theories to explain why some
DNNs are better than others as computational brain models, it is common for researchers to
place a strong emphasis on the task on which the network was optimized [2, 4-14]. We and
others have found that a variety of tasks are sufficient to yield high-performing encoding mod-
els of visual cortex [10-12, 14]. However, when analyzing the geometry of these networks, we
found that a common thread running through the best-performing models was their strong
tendency to encode high-dimensional subspaces. It is worth emphasizing that we were only
able to observe this phenomenon by analyzing the geometry of latent representations in many
DNNs s with the same architecture and examining large-scale trends across these models. In
other words, the most important factors for explaining the performance of these models were
not evident in their task-optimization constraints but rather in their latent statistics. This find-
ing is consistent with other recent work showing that widely varying learning objectives and
architectures—including transformer architectures from computational linguistics—are suffi-
cient to produce state-of-the-art encoding performance in visual cortex, which suggests that
task and architecture are not the primary explanation for the success of DNNs in visual neuro-
science [11, 12, 14]. Our findings are also consistent with recent work that calls into question
the apparent hierarchical correspondence between DNNs and visual cortex [81, 82]. Indeed,
we found that the relationship between latent dimensionality and encoding performance gen-
eralized across layer depth, meaning that even within a single layer of a DNN hierarchy, encod-
ing performance can widely vary as a function of latent dimensionality. Our work suggests
that the geometry of latent representations offers a promising level of explanation for the per-
formance of computational brain models.

A recent preprint examined the ED of layer activations across a highly varied set of neural
networks and found that while ED was higher for trained versus untrained versions of the
same architectures, as was also shown here, variation in ED across diverse trained networks
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was not correlated with encoding performance in visual cortex [14]. However, we want to
emphasize that this latter finding is not unexpected given the nature of the model set examined
in the study. Specifically, the authors examined the best performing layer from models with
diverse architectures and varied normalization layers, including convolutional networks,
transformers, and multilayer perceptrons, all of which can have architecture-specific effects on
the shape of representational eigenspectra (see Section Dimensionality in deep neural net-
works and S9 Text). Importantly, the existence of such architecture-specific effects means that
a given ED value will not have the same meaning across all networks, and, for this reason, we
caution against comparing ED values (and related dimensionality metrics) across networks
with highly varied architectures [56]. Furthermore, the ED metric computed in Conwell at al.
is different from the ED metric that we found to be most informative in our own analyses. Spe-
cifically, we computed ED based on channel covariance by using global pooling, whereas Con-
well at al. computed ED based on a mixture of both channel and spatial covariance, which in
our models predicts encoding performance less well (see S6 Text). We focused on channel
covariance because it reflects the richness of feature types in a network and because it has been
shown to be highly informative for theories of learning in convolutional architectures [48]. In
contrast, spatial covariance reflects the spatial smoothness of layer activations, which is infor-
mative in its own right but appears to be less useful for understanding the richness of DNN
representations. In sum, we argue that the most informative approach for understanding the
role of dimensionality in DNNGs is to examine how variations in dimensionality are related to
variations in model performance while controlling for architecture. We further propose that
channel covariance, rather than spatial covariance, offers the best lens on the key representa-
tional properties of DNNs.

We should also note that because we focused specifically on channel covariance in our
main analyses, our notion of dimensionality is different from the dimensionality metrics used
in most previous studies of CNNs, which generally did not make a distinction between channel
and spatial information [15, 20, e.g.]. We believe that channel and spatial covariance have dif-
ferent functional consequences for visual representations, and it may be important to keep the
distinction between these two factors in mind when examining dimensionality and when com-
paring results across studies. Nonetheless, we did not find evidence in our study to suggest that
dimensionality trends in CNNs are markedly different when spatial information is included
—-rather when including spatial information in our analyses, we found qualitatively similar,
though weaker, relationships between dimensionality and measures of model performance.
We suggest that a useful direction for future work is to better understand the specific ways in
which channel and spatial covariance might differentially affect task performance in neural
networks.

Our results raise several important considerations for future work. First, while our findings
show that computational models of visual cortex benefit from high latent dimensionality, our
method cannot speak to the dimensionality of visual cortex itself and was not designed to do
so. Indeed, the theory that we presented in Section Dimensionality and alignment in computa-
tional brain models predicts that high-dimensional DNNs should generally better explain neu-
ral activity even if neural representations in the brain are low-dimensional. However, our
findings suggest a promising model-guided approach for tackling this issue: one could use
high-dimensional DNNss to create stimulus sets that vary along as many orthogonal dimen-
sions as possible. This sets up a critical test of whether the latent dimensionality of visual cortex
scales up to the dimensionality of the model or, instead, hits a lower-dimensional ceiling.

Second, we found that one way in which DNNs can achieve both strong encoding perfor-
mance and strong image classification performance is by increasing the latent dimensionality
of their representations. However, this finding diverges from previous work that has linked
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better classification performance to dimensionality reduction in DNN representations [20,
21]. We believe that this discrepancy arises due to a fundamental problem with classification
metrics: DNNs with the best classification scores are optimal for a single task on a small and
closed set of categories (e.g., ImageNet classes), but these seemingly optimal DNNs may be less
useful for representing new categories or for representing meaningful variance within a cate-
gory (e.g., object pose). This problem with classification metrics may help to explain why the
strong correlation between DNN classification performance and cortical encoding perfor-
mance [8, 12] appears to break down at the highest levels of classification accuracy [83-85]
(see an extended discussion of these issues in S1 Text). Future work should move beyond clas-
sification accuracy and explore richer descriptions of representational quality.

Third, it is important to keep in mind that ED can vary as a function of architecture-specific
factors and that some classes of operations can break the relationship between ED and the
diversity of learned features, as we show in S9 Text. Thus, high ED is not universally associated
with better DNN performance and comparisons of ED across different architectures may not
be informative. In our analyses, we were able to reveal the benefits of high latent dimensional-
ity by controlling for architecture. An exciting direction for future work is the development of
new metrics of representational richness whose interpretation is independent of architecture.

Finally, an open question is whether our results are specific to convolutional neural net-
works and higher visual cortex or whether similar results could be obtained for other classes of
computational models (e.g., transformers) and other sensory and cognitive domains (e.g.,
audition, language). Note that our approach of using global pooling to focus on channel
covariance means that our methods are tailored to convolutional architectures. Thus, further
work will be needed to apply our approach to other classes of architectures in which channel
and spatial information are not readily separable.

In sum, we propose that the computational problems of real-world vision demand high-
dimensional representations that sacrifice the competing benefits of robust, low-dimensional
codes. In line with this prediction, our findings reveal striking benefits for high dimensionality:
both cortical encoding performance and novel category learning scale with the latent
dimensionality of a network’s natural image representations. We predict that these benefits
extend further and that high-dimensional representations may be essential for handling the
open-ended set of tasks that emerge over the course of an agent’s lifetime [16, 43, 47, 74, 75].

Materials and methods
Simulations

The theory and rationale behind our simulations are explained in S2 Text. Precise implemen-
tation details are provided in S3 Text. Additional simulation results are provided in 54 Text.

Deep neural networks

We used 46 different DNNs, each with either a ResNet18, ResNet50, AlexNet, VGG-16, or
SqueezeNet architecture. Training tasks included supervised (e.g., object classification) and
self-supervised (e.g., colorization) settings. We also used untrained models with randomly ini-
tialized weights. The training datasets of these DNNs included ImageNet [57] and Taskonomy
[58]. Further details describing each model are provided in S5 Text. Convolutional layers in
ResNets are arranged into 4 successive groups, each with a certain number of repeated compu-
tational units called blocks. We extracted activations from the outputs of each of these compu-
tational blocks, of which there are 8 in ResNet18 and 16 in ResNet50. For other architectures,
we used layers that were close to evenly spaced across the depth of the model. Across our 46
DNN:, this resulted in a total of 568 convolutional layers that we used for all further analyses.
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Neural datasets

Neural responses were obtained from a publicly available dataset collected by [64]. Two fixat-
ing macaques were implanted with two arrays of electrodes in IT—a visual cortical region in
later stages of the ventral-temporal stream—resulting in a total of 168 multiunit recordings.
Stimuli consisted of artificially-generated gray-scale images composed from 64 cropped
objects belonging to 8 categories, which were pasted atop natural scenes at various locations,
orientations, and scales. In total, the dataset held responses to 3,200 unique stimuli.

In S6 Text, we also show results on additional datasets. The V4 electrophysiology dataset
was collected in the same study as for IT [64]. The V1 electrophysiology dataset was collected
by [67], and consisted of responses to 9000 simple synthetic texture stimuli. In addition to our
electrophysiology datasets, we also used a human fMRI dataset collected by [66]. The stimulus
set consisted of 810 objects from 81 different categories (10 object tokens per category). fMRI
responses were measured while 4 subjects viewed these objects, shown alone on meaningless
textured backgrounds, and performed a simple perceptual task of responding by button press
whenever they saw a “warped” object. Warped objects were created through diffeomorphic
warping of object stimuli [86]. The methods for identifying regions of interest in these data are
detailed in [66]. The localizer scans for these data did not contain body images, and, thus, a
contrast of faces-vs.-objects was used to select voxels from the parcel for the extrastriate body
area (EBA).

Predicting neural responses

We obtained activations at a particular layer of a DNN to the same stimuli that were used for
obtaining neural responses. The output for each stimulus was a three-dimensional feature map
of activations with shape channels x height x width, which we flattened into a vector. For our
monkey electrophysiology dataset, we fit a linear encoding model to predict actual neural
responses from the DNN layer features through partial-least-squares regression with 25 latent
components, as in [8] and [83]. To measure the performance of these encoding models, we
computed the Pearson correlation between the predicted and actual neural responses on held-
out data using 10-fold cross validation, and averaged these correlations across folds. We aggre-
gated the per-neuron correlations into a single value by taking the median, which we then nor-
malized by the median noise ceiling (split-half reliability) across all neurons. This
normalization was done by taking the squared quotient = (rlreen)? converting our final
encoding score into a coefficient of explained variance relative to the noise ceiling. The entire
process described above for fitting linear encoding models was implemented with the Brain-
Score package [83, 84] using default arguments for the [64] public benchmark.

The process for fitting voxel-wise encoding models of human fMRI data (presented in S6
Text) differed slightly from the above. For each of our 4 subjects, we used 9-fold cross-vali-
dated ordinary least squares regression. Encoding performance was measured by taking the
mean Pearson correlation between predicted and held-out voxel responses across folds, and
then aggregated by taking the median across voxels. Finally, this score was averaged across
subjects. No noise-ceiling normalization was used.

Before fitting these linear encoding models, we also applied PCA to the input features in
order to keep the number of parameters in the encoders constant. For each model layer, prin-
cipal components were estimated using 1000 images from the ImageNet validation set. Layer
activations to stimuli from the neural dataset were then projected along 1000 components and
finally used as regressors when fitting linear encoding models. We emphasize that this
dimensionality reduction procedure was done purely for computational reasons, as using
fewer regressors reduced the computer memory and time required to fit our encoding models.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011792 January 10, 2024 16/23


https://doi.org/10.1371/journal.pcbi.1011792

PLOS COMPUTATIONAL BIOLOGY Neural network models of visual cortex benefit from high latent dimensionality

Our findings are not sensitive to this particular decision, as we obtained similar results by
applying average-pooling instead of PCA to our DNN feature maps as an alternative method
for reducing the number of regressors.

Estimating latent dimensionality

We used a simple linear metric called effective dimensionality (ED) [87-90] to estimate the
latent dimensionality of our model representations. ED is given by a formula that quantifies
roughly how many principal components contribute to the total variance of a representation.
We, thus, ran PCA on the activations of a given model layer in response to a large number of
natural images (10,000 from the ImageNet validation set) in an effort to accurately estimate its
principal components and the variance they explain. An important methodological detail is
that we applied global average-pooling to the convolutional feature maps before computing
their ED. The reason for this is that we were primarily interested in the variance of image fea-
tures, which indicates the diversity of image properties that are encoded by each model, rather
than the variance in those properties across space.

Classifying novel object categories

To see how model ED affected generalization to the task of classifying novel object categories,
we used a transfer learning paradigm following [16]. For a given model layer, we obtained acti-
vations to images from M = 50 different categories each with Ny,,;, = 50 samples. We then
computed M category prototypes by taking the average activation pattern within each cate-
gory. These prototypes were used to classify N, = 50 novel stimuli from each category accord-
ing to a simple rule, in which stimuli were predicted to belong to the nearest prototype as
measured by Euclidean distance. This process was repeated for 10 iterations of Monte Carlo
cross-validation, after which we computed the average test accuracy. Importantly, none of
these object categories or their stimuli appeared in any of the models’ pre-training datasets. Sti-
muli were taken from the ImageNet-21k dataset [73], and our object categories were a subset
of those used in [16].

Projection distances along readout dimensions

Section High dimensionality concentrates projection distances along linear readout dimen-
sions investigated how points sampled from high-dimensional object subspaces project along
linear readout vectors. First, we illustrated this phenomenon in Fig 6b using simulated data.
We sampled N points uniformly in the volume of a sphere of dimensionality d and radius 1.
For each point, we projected it along a random unit vector in R?, forming a distribution of
projection distances from samples in the sphere to its centroid. We then plot this distribution
for increasing values of d.

For the experimental results in Fig 6¢ and 6d, we sampled 50 random images from the same
50 ImageNet-21k object categories described earlier. For every pair of object categories i and j,
we created a classification readout vector w”/ by taking the difference between category cen-
troids normalized to unit length:

y WX dim =1) — (X, dim = 1)
wh = ,
|#(x, dim = 1) — p(X0, dim = 1)||*

where X € R*™?is a matrix of model activations for a particular object category and y(-,
dim = 1) computes the category centroid by taking the mean along the row dimension. This is
the readout vector along which samples would be projected using a prototype learning
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classification rule. We then projected each sample k in category i along the readout vector,

yielding a scalar projection distance p;’ to the category centroid:
Pl = 1(x, — p(X, dim = 1)) - wh.

For each pair of categories (i, j), we therefore had a vector of projection distances p* € R
coming from the 50 image samples in category i, and we took the average of this vector to give a
mean projection distance. This mean projection distance was the summary statistic we were
interested in, since theory predicts that it is both influenced by dimensionality and relevant to
classification [16]. However, one issue is that we wished to compare this summary statistic across
different architectures and layers, which might have different feature scales. To correct for this,
we needed to normalize each model’s mean projection distances by some normalizing factor
that quantifies the feature scale. We computed this normalizing factor by taking the square root
of the average variance for each category’s representations, which conceptually can be thought of

>«

as quantifying category subspace’s “radius” [16]. Specifically, for a given model, we computed:

R = \/p(var(X',dim = 1), dim = 2)),

where var(-, dim = 1) computes the per-dimension variance. We refer to the resulting values as
the mean normalized projection distances p'/ = %. Fori,j=1, .., 50 object categories, this
procedure yields a 50 x 50 matrix P for each model. Fig 6d shows examples of these matrices for

models of increasing ED. The means of these matrices as a function of ED are shown for all
models in Fig 6c¢.
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