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We study how three large language models with code capabilities - ':o‘ Siaven ) eanle e EIE BErR e G e e e s ]
Codel5, Codex, and ChatGPT - generalize to out-of-domain data on two £ P .

applications code summarization and code generation. We establish . o , .
that all models are subject to distribution shift naturally occurring in We test the capacity for generalization to new domains by comparing the

software. Finally, we show how different domain adaptation techniques performance of the models that have been adapted to the new domain
handle such distribution shift. (ID) to those that only encountered out-of-domain data (OOD).

For CodeT5 we use few-shot finetuning or PE finetuning for adaptation,

whereas for Codex and ChatGPT we use ICL.
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=~  How to get better out-of-domain generalization?
In this work E

There are many reasons why adapting with labelled data might
impractical, so we consider other approaches that would not require
labelled data and could potentially close the performance gap.

We study the challenges of distribution shifts that are stemming from
the hierarchical nature of software data.
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See the paper for more experimental results, as well results on a
challenge scenario with a new dataset — the Vault.

We used CodeSearchNet dataset’s JavaScript portion for our study.
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We separate all domains into a set of training and target domains,  Domain adaptation can be effective with a very small\

where the latter is unseen during trammg. For domain adaptation, we N amount of labelled/unlabelled data
use some examples from a target domain and evaluate models on - “;,

unseen examples from the same target domain. S o - .

Follow the QR code at the top for access to code, data, individual i * Retrieving examples for supervision is effective for
experimental results and model outputs. K combating distribution Shift/




