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Preliminary Experiments

Hypothesis: 
we can guide the student 
model to better focus on 
salient information, 
enhancing its reasoning 
capabilities by pruning 
distracting patterns.

Phenomenon：
Teacher model aligns its 
attention closely with the 
relevant tokens, while the 
student model’s attention is 
more dispersed.
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Preliminary Experiments

Reasoning Accuracy: A significant increase in performance, with over 20% 
improvement on the math corpus and more than 10% on the code corpus.
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Preliminary Experiments

Response Quality: A shift in Jaccard Similarity distribution for responses 
generated by the student model on both code and math tasks.
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How to Deal With It? In a Causal Perspective 

Spurious Correlations: 
Misleading dependencies distort the model’s 
attention mechanisms and bias its reasoning 
process, ultimately yielding unreliable 
predictions.

Key Message：Our method detects and 
prunes A, effectively eliminating the spurious 
edge from A to Y and restoring the true 
causal dependency.
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How do we get there? LeaF

Stage 1: Confounding Token Detection ⟹ Stage 2: Causal Attention Distillation

• Stage 1: How to identify confounding token?

• Stage 2: How to capture casual relationships between the student and the teacher?

Teacher–student Gradient-based comparisons

Hybrid distillation loss

• Identifies confounding tokens through gradient-based comparisons.
• Generates counterfactual samples by span pruning.

Minimizes two KL divergences: one for original sample (standard distillation) 
and one for counterfactual sample (counterfactual distillation).
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LeaF: how it works
Step 1: Confounding Token Detection
Identifies confounding tokens via teacher–student gradient-based comparisons 
and constructs counterfactual samples by pruning these tokens.
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Collective pruning vs. Span pruning

How to prune?

• Collective Pruning: remove the entire set of identified confounders 𝐴, yielding 𝑋\𝐴.

• Span Pruning: remove only one contiguous confounding span 𝑨𝒊 at a time, yielding 𝑋\𝐴".
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LeaF: how it works
Step 2: Causal Attention Distillation
Captures causal dependencies through a hybrid distillation loss that aligns the 
student with the teacher on both original and counterfactual samples.
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Instruct-level Pruning vs. Response-level Pruning

Response Pruning Strategies
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Main results

LeaF consistently outperforms standard knowledge distillation 
when using the same training corpus.



11

Masking Strategies Analysis

Analysis

• Gradient-based Masking (ours) consistently 
outperforms both baselines, with the highest 
accuracy on MATH and OlympiadBench. 

• Random Masking leads to performance 
degradation on GSM8K and Olympiad, despite 
showing a slight improvement on MATH.

• PPL-based Masking provides modest 
improvements on GSM8K and MATH, but 
performs comparably to random masking on 
OlympiadBench.
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Response Splitting Strategies

Analysis

• Response-level pruning (both 2-segment and 
3-segment splits) significantly outperforms 
instruct-level pruning.

• The performance of 3-segment splits is 
comparable to that of 2-segment splits, 
suggesting that further segmentation at the 
response level yields diminishing returns.
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Threshold Sensitivity Analysis
• For both instruction-level and response-level, LLaMa3.2-LeaF-1B achieves optimal 

performance at a higher misleading token threshold than LLaMa3.2-LeaF-3B.

Analysis
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Case Study

LeaF allows the model to 
focus more on the critical 
information, such as 
“multiple”, “5”.
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Summary

• LeaF = a simple, effective and efficient causal attention method
• Robust performance across math and code benchmarks.

• The interpretability case study shows that LeaF allows the model to focus 
more on the critical information.

• Limitations: 
• Dependence on an advanced teacher model.

• Limited scalability to long-text tasks.
• Limited by the fixed threshold.
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