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PROBLEM & MOTIVATION BACKGROUND

This research examines a Ten-
sor Product Representation
(TPR)-based attention frame-
work to achieve combinatorial
generalization — the ability to
recombine known factors of
variation. Achieving combina-

Previous works focus on learning disentangled representations [1, 2].
However, evidence suggests that disentanglement alone may not guar-
antee compositional generalization [3]. Montero et al. (2024) show that
models achieving high disentanglement can still fail to generalize com-
positionally when factors interact [3]. Our work focuses on this hard
case of interacting factors of variation.

A TPR encodes structured objects using role-filler bindings [4]. Roles

torial generalization is crucial
for many real-world decision-
making problems, where it is
implausible for data to cover all
possible combinations.
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specify an attribute slot (e.g., shape, colour), and fillers are the values
occupying each role (e.g., square, red).
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METHODOLOGY

There are three stages in TPR-Attention: (i) generate a structured role-
filler query and match relevant objects, (i1) extract a target property
from each matching object and (iii) transform each extracted property
We evaluate our mechanism on | | and re-bind it to a new role per attention head.

a controlled composition task

based on feature substitution,

adapted from [3]. In our setup, Object1  Object2  Object3 Memory M
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level images, allowing us to iso-

late and evaluate the composi- 0, Os Os /\ /\
tion mechanism independent of
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perceptual representation learn-
ing. We define different out-of-
distribution and interaction set-
tings based on numerical and
categorical factors of variation.
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transform

To match and extract at the same index 7, we define a TPR-based struc-
tured associative memory mechanism (TPR-SAM):
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The extracted property from the matched object is then transformed by
a learned matrix H and re-bound to a new role r,, per attention head.
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