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Why using S?FT instead of Full FT or LoRA? Sparse FT demonstrate better generalization ability. Discover Coupled Structures in LLMs.
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(a) Training Loss (b) Near OOD Acc. (Easy) (c) Near OOD Acc. (Hard) (d) Far 00D Acc. Step 1: Select sparsely with coupled structures
Structured Sparse Fine-Tuning (S?FT), is a family of PEFT methods ==-281
for LLMs that achieves high quality, efficient training, and scalable The counterintuitive observation that selecting channels with the smallest C== SO0 | faamte SETID T ©_ro 0
serving simultaneously. Compared to LoRA, S?FT offers several key activations leads to improved performance further support this finding.
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Experimental Results
a) High Quality on Commonsense Reasoning: ¢) High Quality on Instruction-Following : e) Scalable Serving through effective adapter fusion:
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b) High Quality on Arithmetic Reasoning: . . . X . : I £
) High Quality g d) Efficient Training with varying sequence lengths and batch sizes : s “x <
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LoRA 0.70 99.5 61.6 92.7 25.6 96.3 73.8 90.8 77.2 8 L i il i . Available sources:
DORA 0.71 98.8 62.7 92.2 26.8 96.9 74.0 91.2 77.5 g & E | o Code: https://github.com/Infini-Al-Lab/S2FT
3 . . o Blog: https://infini-ai-lab.github.io/S2FT-Page/
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