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An Effective Deployment of Diffusion LM for Data Augmentation
in Low-Resource Sentiment Classification
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/ INTRODUCTION

Sentiment classification models often
overfit and lack generalization
1n low-resource scenario.

Main Contributions:

* Proposed DiffusionCLS, a diffusion
LM-based DA method for SC, generating
diverse but consistent pseudo samples.

* Designed a noise-resistant training method,
boosting model performance with pseudo
samples.

* Experiments validate DiffusionCLS's
superior performance, with ablation studies
highlighting its module effectiveness.

Most existing Data Augmentation methods:
*Replace minor context, keep crucial tokens.
*Simple logical modifications.
*Solely rely on pretrained knowledge.

, *Introduce inconsistent samples.
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DiffusionCLS(ours):
*Reconstruct highly attentioned context.
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low-resource scenarios.



