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Abstract

This report synthesises findings from 15 peer-reviewed papers ad-
dressing the following research question: What is the impact of using
contrastive learning with adversarial domain-specific code examples
during finetuning on the robustness of CodeT5 to syntax variations
in low-resource languages, as. 9 claims were extracted from source
literature; 1 was independently verified against retrieved documents.
An automated multi-reviewer quality assessment produced a score of
4.2/10. This report is a machine-generated literature synthesis and
does not constitute original research.

1 Introduction

This paper examines: Robust Pre-Training by Adversarial Contrastive Learn-
ing. Research question: What is the impact of using contrastive learning with
adversarial domain-specific code examples during finetuning on the robust-
ness of CodeT) to syntax variations in low-resource languages, as evaluated
by accuracy on MBPP benchmarks for domain-specific tasks?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 4.2/10.

3 Results

15 papers retrieved. 9 claims extracted; 1 independently verified. Quality
review score: 4.2/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative

information.

5 Extracted Claims

Claim

Verified Confidence

The evaluation is conducted on three datasets:
CIFAR-10, CIFAR-10-C, and CIFAR-100.

Two metrics are used for evaluation: Standard
Testing Accuracy (TA) and Robust Testing Ac-
curacy (RA).

For contrastive pre-training, the settings from
SimCLR are followed, including batch size of 512
and training for 1000 e

Adversarial perturbations are generated using
the $\infty$PGD attack with 5 steps in the pre-
training stage.

ACL (DS) is compared with Sele on CIFAR-10
and CIFAR-100 using ResNet-18 as the back-
bone.

ACL (DS) yields a significant improvement on
[TA, RA] by [2.14%, 2.99%] on CIFAR-10 and
[2.14%, 3.58%] on CIFAR-100 comp

ACL (DS) establishes new benchmark TA/RA
numbers on CIFAR-10 and CIFAR-100.

ACL (DS) achieves improvement on most of the
unforeseen attacks, with an average improve-
ment of 2.42%.

ACL (DS) outperforms Sele and UAT++ in
semi-supervised adversarial training on CIFAR-
10 and CIFAR-100.
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