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Abstract

Representations are routinely used in machine learning,
psychology, and neuroscience to probe the computations
of biological and artificial systems. Yet it remains unclear
to what extent computation constrains representation in
artificial neural networks. One key obstacle is that these
networks admit parameter symmetries: transformations of
the parameters that preserve function exactly while reshap-
ing representational geometry. Here we show that known
parameter symmetries act on representations through just
three primitives: addition, duplication, and scaling. This
yields a closed-form descriptor of representational geome-
try as a sum of task-linked features and symmetry-induced
noise, extending recent dissociation results from linear to
nonlinear networks. Overall, our results delineate when
representation can support inferences about computation,
and when it cannot.

Computation and representation dissociate

A central question in representational alignment (Su-
cholutsky et al., 2025) is whether solving the same task
ensures systems develop similar representations. One
critical challenge is that even in linear networks, compu-
tation and representation can dissociate: networks can
implement the same input-output function while express-
ing different representational geometries, and similarity
measures quantifying their alignment can become mis-
leading unless additional constraints hold at the level of
implementation (Braun et al., 2025). The same issue
already arises in very simple networks with nonlinear
activation functions. First, one-hidden-layer networks
trained on a nonlinear task can arrive at different zero-
loss solutions with different representational geometries,
demonstrating that task optimization alone does not con-
strain representation (Fig. 1B). Second, when networks
are overparameterized, i.e., endowed with more neu-
rons than are necessary to implement a given function,
parameter symmetries (Fig. 1A) allow representational
geometry to vary with a fixed input-output function. For
example, a single neuron can be rescaled or split across
several copies, and groups of neurons can cancel out. In
this regime, representational geometries of overparam-
eterizations of the same solution can be nearly uncor-
related, while those of solutions implementing different
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functions can be perfectly correlated (Fig. 1B). The result-
ing picture is a double dissociation: the same function
can support very different representations, and represen-
tations of networks implementing different functions can
look deceptively similar.

From symmetries to feature transforms

Despite the variety of parameter symmetries in overpa-
rameterized networks (Martinelli et al., 2024; Simsek et
al., 2021), their effects on representational geometry are
simpler than their parameter-level descriptions suggest.
At the level of hidden activations, all known symmetries
reduce to combinations of three primitive transformations:
addition, duplication, and scaling (Fig. 2A). Viewing the
representational similarity matrix (RSM) as a sum of rank-
one contributions from hidden features, i.e.,

Np
RSM =Y "zz/, 2z =ow/X+b1")cR"™P, (1)
j=1
where Nj, is the layer width, o: R — R is a nonlinear
activation function, w; and b; are the network’s weights
and biases, respectively, and X is the input matrix used to
probe the network, these three feature transforms reveal
a decomposition into a task-linked core and symmetry-
induced nuisance structure (Fig. 2B). Duplication and
scaling reweight similarity structure already present in the
task-linked core, whereas addition contributes low-rank
terms previously absent from the RSM. This decompo-
sition into task-linked and nuisance components makes
explicit how the same function can support very different
geometries through a constrained set of transformations.

Discussion

Taken together, these results move toward a more princi-
pled account of when representational comparisons are
well-posed. They also suggest a route to characterizing
when links between representation and computation may
be partially restored in nonlinear networks, extending the
analysis of linear networks by Braun et al. (2025) to the
nonlinear setting. More broadly, these results sharpen a
central lesson: without accounting for degeneracy, repre-
sentational similarity alone need not constitute evidence
of shared computation.
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Figure 1: Parameter symmetries can doubly dissociate function and representation. (A) Parameter symmetries
let a network implement the same input-output function through different parameterizations. Rescaling symmetries
rescale individual neurons; other symmetries exploit redundancy among groups of neurons, either by distributing
one neuron’s computation across multiple copies or by coupling groups through algebraic structure in the activation
function. (B) Two-neuron, one-hidden-layer ReLU networks trained on XOR (center) from small initialization yield six
solutions, shown as heatmaps over input space with neuron decision boundaries overlaid. These form two families
(top left and bottom right) solving the same task with different functions, which exhibit nearly uncorrelated RSMs.
Moreover, overparameterizations of the same function can have uncorrelated RSMs (top and bottom), while different
functions can have perfectly correlated RSMs (left and right): a double dissociation of function and representation.
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Figure 2: Primitive transforms unify symmetries and isolate task-linked structure. (A) Parameter symmetries
decompose into three primitive feature transforms: addition, duplication, and scaling. Shown are their effects on
hidden activations and RSMs when a zero group is introduced to a solution from panel B of Figure 1 and one neuron
is then rescaled. (B) Decomposing the full RSM of the resulting overparameterized network (center) into task-linked
and symmetry-induced components reveals the source of the dissociation observed in Figure 1. Whereas the task-
linked component is nearly uncorrelated with the RSM of a solution from the opposite family, the symmetry-induced
component is nearly perfectly correlated with it.
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