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Motivations for Few-Shot Knowledge Distillation

• LLMs are powerful but expensive to deploy.
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KD needs lots of data. For some tasks, we 
often have very few labeled samples.

• Knowledge Distillation (KD) helps transfer 
capabilities to smaller models.



Contributions
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Can we use explanations to guide better distillation?

• Few-shot distillation leads to poor generalization and 
unfaithful student.

1. A counterfactual-explanation based strategy for few-shot distillation framework.

2. Theoretical motivations (statistical + geometric) on why CFEs improve boundary alignment.

3. Empirical gains – outperform standard KD using only half the samples.

Main Contributions



• Leverages CFEs: minimally perturbed inputs that flip the teacher's prediction.

• CFEs lie near the decision boundary ⇒ act as "boundary pegs".
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CFEs align student boundary with teacher's boundary more effectively with fewer samples!

A counterfactual explanation-based strategy for distillation
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In logistic regression setting, student’s expected estimation error is lower 
when training with CFEs infused data.

Proof relies on showing that the Fisher Information matrix is maximized with CFE infused data.

Statistical Motivation for CFE infusion
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Hausdorff Distance

CFEs act as boundary anchors that pull the student’s decision 
surface toward the teacher’s, ensuring their boundaries stay within 
a tight  (𝛼 + 𝜀)-tube and yielding faithful few-shot distillation.

Geometric Insight for Using CFEs for Distillation
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Sentiment Analysis Classification Task

Original Input
 I liked the movie.

Counterfactual
I disliked the movie. 

Proposed Algorithm: Counterfactual-Explanation-infused-Distillation (CoD)



• Generated CFEs using LLMs (GPT4o)

• Baselines: KD, LWD, TED

• 6 NLP datasets 

• Models: DeBERTa-v3, Qwen-2.5
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CoD achieves superior few-shot performance--outperforming standard distillation methods with as 
few as 8–128 samples--while using only half the original data, paired with their corresponding CFEs.

CoD

Empirical Validations



• Addresses few-shot distillation inefficiency by 
leveraging counterfactual explanations (CFEs).

• Statistical and Geometric motivations for CFE infusion.

• Empirically: CoD outperforms KD, LWD, and TED across 
benchmarks using only half the labeled data.

• CFEs turn explanations into data-efficient supervision, 
enabling faithful and robust few-shot distillation.
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Conclusion

Poster: Wed 3rd December 1 pm -- 4 pm CST
Paper: https://arxiv.org/abs/2510.21631
Code: https://github.com/FaisalHamman/CoD

Thank you!

https://arxiv.org/abs/2510.21631
https://github.com/FaisalHamman/CoD
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