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e Results

Setup: DeepCoder and LambdaBeam list-processing DSLs. Length
generalization: train on programs of length 1-4, test on length 5.
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Programming-by-Example, zenkner et al.
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subgoal can be hard for the synthesizer.
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* The LLM result is preliminary (single seed).

e Takeaway

 GT subgoals are not always the subgoals a given
synthesizer solves best.

 Decomposition quality depends on the synthesizer, and
the decomposer can be trained against it.

* |dea: the frozen synthesizer scores sampled and greedy
subgoals by how well it recovers the GT subprogram p*;
the difference A trains the decomposer.

* Reward: R(O) = —CE(Synth(/, O), p*)

* Supervised loss L, keeps subgoals meaningful;
without it, task accuracy is below 20 % (single seed).

* Objective: L = Lqyp + LrL — NH (7g), A = 0.01

[1] J.S. Rule et al. Symbolic metaprogram search improves learning efficiency and explains rule learning in
humans. Nature Communications 15, 6847 (2024).
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