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Abstract

Building models that explain how biological brains pro-
cess information is a central goal of computational neu-
roscience. A common way to evaluate such models is to
ask how well they align with neural data. This alignment
is routinely quantified by comparing model and brain rep-
resentations using measures such as RSA and CKA. In
doing so, high representational similarity is often taken
as evidence of similar computation and behaviour. Here,
we show that representational similarity can dissociate
from both function and behaviour in task-optimised vision
networks. Across architectures and datasets, including
comparisons to macaque IT cortex, networks can match a
target model’s outputs, task performance, and trial-by-trial
behaviour while exhibiting a wide range of representa-
tional similarity scores. Conversely, networks can closely
match task performance and representational similarity,
yet differ substantially in trial-by-trial behaviour. These
findings show that representational similarity alone is in-
sufficient evidence for shared computation and motivate
stricter criteria for brain-model alignment.

Introduction

Artificial neural networks (ANNs) are widely regarded as
the most powerful models of brain computation in compu-
tational neuroscience. This view is articulated explicitly in
the neuroconnectionist research programme (Doerig et
al., 2023), which argues that ANNs occupy a “Goldilocks
zone” of biological abstraction: abstract enough to re-
main analytically useful, yet close enough to biology to
support meaningful comparison with brains. Within this
framework, research alternates between model creation
and evaluation. A key part of evaluation is alignment with
neural data, often quantified by comparing model and
brain representations using similarity measures such as
Representational Similarity Analysis (RSA) (Kriegesko-
rte et al., 2008) and Centred Kernel Alignment (CKA)
(Kornblith et al., 2019).

Due to their central role in assessing alignment, repre-
sentational similarity measures have been scrutinised in
several ways, including sensitivity to confounds in stim-
ulus structure and training data (Dujmovic¢ et al., 2024),
dependence on their statistical properties (Groger et al.,
2026), and the fact that high representational similarity
can coexist with poor behavioural alignment (Wichmann

& Geirhos, 2023), to name but a few. Beyond concerns
about confounds and metric properties, recent theory
shows that function and representation can dissociate in
deep networks: similar representations can arise from
different functions, and identical functions from different
representations (Braun et al., 2025), at least for linear
ANNs. Here we show that an analogous dissociation
also arises in task-optimised nonlinear vision networks
widely used in computational neuroscience; worryingly,
representation can dissociate from both function and be-
haviour. Across architectures and datasets, including
comparisons to macaque IT cortex, networks can match
outputs, task performance, and trial-by-trial behaviour
while exhibiting a wide range of representational similar-
ity scores. Conversely, networks closely matched in task
performance and representational similarity can differ
substantially in trial-by-trial behaviour. These findings
challenge the interpretation of high representational sim-
ilarity as evidence of shared computation and motivate
stricter criteria for brain-model alignment.

Methods

Experimental paradigm. We considered two experi-
ment families. In all cases, networks were trained for
image classification. In the first, networks were trained
to match a fixed target network’s outputs while realis-
ing a broad range of representational similarity scores,
evaluated against the target model or neural data, in
same- and cross-architecture settings. In the second,
networks were trained to match the task performance
and representational similarity of independently trained
task-optimised baselines while differing in trial-by-trial be-
haviour. In all experiments, the optimised network shared
a frozen feature extractor with the target. By fixing early
visual features while allowing downstream representa-
tions to vary, we explicitly test how tightly function and
behaviour constrain downstream representational geom-
etry. Training used a stochastic augmented Lagrangian
formulation (Dener et al., 2020, Algorithm 1).

Quantifying similarity. We distinguish representation,
function, and behaviour. Representational similarity was
quantified at the penultimate layer using distance-based
RSA (Spearman or Pearson correlation of scaled squared
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Figure 1: Representation can dissociate from function and behaviour. (A) Sweeping target similarity from 0 to 1
produces ResNet-50 networks spanning the full range of representational similarity scores (RS) to the target model,
while top-1 accuracy (ACC) and error consistency (EC) remain at baseline levels (blue). A similar sweep against
macaque IT responses yields a broad range of ANN—IT similarity scores saturating around 0.47 (red). (B) Weight
distributions of networks from (A) closely match those of independent baselines. (C) Networks (green) can closely
match representational similarity and task performance of independent baselines at substantially different EC levels.

Euclidean distances) and linear CKA. Functional similar-
ity was quantified by mean squared error (MSE) between
logits. Behavioural similarity was quantified by trial-by-
trial error consistency (Geirhos et al., 2020).

Networks, datasets, neural data. Experiments used
LeNet-5 (LeCun et al., 1998), AlexNet (Krizhevsky et al.,
2012), VGG (Simonyan & Zisserman, 2015), ResNet
(He et al., 2016), and ViT (Dosovitskiy et al., 2021)
trained on Fashion-MNIST (Xiao et al., 2017), CIFAR-10
(Krizhevsky, 2009), and ImageNet (Deng et al., 2009).
Brain comparisons relied on direct recordings from
macaque IT cortex (Cadieu et al., 2014).

Results

Dissociating representation from function. In our
main experiment (ResNet-50 trained on ImageNet), we
sweep target representational similarity scores from 0
to 1 in steps of 0.1 and recover networks at each target
(Fig. 1A). Across this range, top-1 accuracy, logit MSE,
and error consistency remain within the range observed
across independently trained baselines. Thus, repre-
sentational similarity can vary from near-zero to near-
perfect alignment without any noticeable changes in func-
tion or behaviour. The same dissociation recurs across
same-architecture comparisons spanning networks and
datasets of different scales (LeNet-5 x Fashion-MNIST,
AlexNet x CIFAR-10, VGG /ResNet/ ViT x ImageNet). It
also persists in cross-architecture comparisons between
AlexNet and ResNet-50 trained on ImageNet.

The same dissociation emerges in comparisons to neu-
ral data. Using ImageNet-trained AlexNet, we obtain
similarity scores to macaque IT data from Cadieu et al.
(2014) ranging from 0.00 to 0.47 (Fig. 1A). Across this

range, task performance and behavioural similarity re-
main within the range of independently trained baselines.

Despite their divergent internal representations, these
networks are not pathological outliers. They remain indis-
tinguishable from standard trained networks in task per-
formance, logits, trial-by-trial behaviour, and weight vari-
ation, with learned weights staying within the range ob-
served across independently trained baselines (Fig. 1B).

Dissociating behaviour from representation. The
converse also holds. In AlexNet x CIFAR-10 experi-
ments, we closely match representational similarity and
top-1 accuracy to independent baselines while nearly
halving error consistency (Fig. 1C). Thus, representa-
tional alignment need not imply similar behaviour either.

Discussion

Our results demonstrate that representation is substan-
tially underdetermined by function and behaviour in
task-optimised vision networks. Across architectures,
datasets, and comparisons with macaque IT cortex, net-
works can closely match outputs, task performance, and
trial-by-trial behaviour, while exhibiting widely varying
representational similarity to a fixed reference. This sug-
gests that high representational alignment, on its own, is
weaker evidence for shared computation than is often as-
sumed. The converse result reinforces the same conclu-
sion: even when task performance and representational
similarity are matched, trial-by-trial behaviour can still
vary substantially. Together, these findings argue against
treating representational similarity as a sufficient criterion
for brain-model alignment. Stronger alignment claims
should instead rest on convergent evidence across rep-
resentational, functional, and behavioural levels.
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