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We consider the problem of compositional evaluation.

color

shape



P.rev.ic.)us works evaluated compositional generalization under
significantly heterogeneous assumptions, making comparability hard.

color




Previous works evaluated compositional generalization under
significantly heterogeneous assumptions, making comparability hard.
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Orthotopic evaluation framework allows rigorous
compositional generalization testing.
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Orthotopic evaluation framework allows efficient

compositional generalization testing.
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Algorithm 1 Orthotopic split generation.

1: procedure SPLITDATASET(X, G, ¢)
22 S=(5)={SCG:|S|[=c+1}
for each s € S do

> Get all combinations of ¢ factors in G
> Iterative orthotope pruning

3

4: Xoproj = Proj Xirain | > Project X ontq the c—dimengional subspace s
5: Xtrain = Xirain \ (Xproj N exclusion(s)) > Pruning operation in the subspace s
6 return X, qin, XE’r’ain
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We provide an updated picture of compositional generalizat
. te eralization
In SOTA models, training more than 5000 modelfin total.
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Monolithic networks are parameter-etficient but do not
generalize well.
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Disentangled networks generalize well but are very
parameter-inetficient.
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The solution? Attribute Invariant Networks generalize well and
are parameter etficient!
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AIN achieve Pareto optimality in compositional generalization.
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TL;DR: Orthotopic evaluation makes measuring compositional
generalization raster and more rigorous. Attribute Invariant
Networks achieved the Pareto-optimality in this task.

github.com/IBM/scalable-compositional-generalization



