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Main Results

Table 1: Main results. Experiments on BBH, MMLU, News Headline and Scholarly Title Genera-
tion tasks under four transfer settings. Reasoning tasks (BBH, MMLU) are evaluated via LM-Eval

Step 1: Synthetic Data Generation
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Keywords:

Harness, and personalization tasks (News Headline, Scholarly Title Generation) via ROUGE-1/L.
Zero-shot evaluations are reported as the mean across 3 random seeds. Best scores are 1in bold.
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* Existing methods depend on: * Identify informative tokens via contrastive * Filter synthetic samples with top average contrastive Ablation Study
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Our Approach: TiTok
Strong Generalization

to External Data

* Train target LoRA on the filtered tokens.
* Core idea: Transplanting token-level

knowledge from the source model’s LORA

Q) How about cases where source and target models have different tokenizers?
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token span & assign to all alighed target tokens
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