SFT Doesn't Always Hurt General Capabilities:
Revisiting Domain-Specific Fine-Tuning in LLMs
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Directly down-weight hard-token losses to curb their potential
Why do milder updates preserve general abilities while still enabling strong disproportionate influence to general performance degradation
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Recent Papers Claim about Continual Learning:

Domain-Specific SFT Harms General Capabilities
domain gains?
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» Target domain performance is comparable to that with
larger learning rates

Revisiting the Role of Learning Rate

Datasets: two domain-specific datasets, MedCalc and ESCI

Why choose the two datasets?

» Existing open-source LLMs perform poorly on them
» Thus, domain-specific SFT is motivated to enhance

Most tokens in SFT training data pose
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low learning difficulty.
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Token Probability

* The majority of tokens in the target sequence are confidently predicted by the model
* The upper quartiles are tightly clustered near 1.0, and the medians are consistently high

Theoretical Analysis
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Experimental Results

Let N be the number of supervised tokens in the batch;
Mean (averaged) reweighted loss:

Lo = —logp)

Parameter update:
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Algorithm 1: Token-Adaptive Loss Reweighting (TALR) for Domain-Specific SFT. The sg(-)
operator denotes stop gradient, meaning that wy is treated as a constant during backpropagation
to prevent gradients from flowing through the weight computation.

Training Dynamics

Token Loss Before Reweighting During Training
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