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£ Still using sample inefficient Self-Taught Reasoners (Rejection Fine-tuning)? paper  Code %Y
Existing Problem Empirical Study

« STaR (or RFT) allows LMs to improve iteratively by
2ataset

training on their own correct CoT solutions.
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AdaSTaR: Adaptive Data Sampling for Training Self-Taught Reasoners

Woosung Koh, Wonbeen Oh, Jaein Jang, MinHyung Lee, Hyeongjin Kim, Ah Yeon Kim, Joonkee Kim, Junghyun Lee, Taehyeon Kim, Se-Young Yun
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» Achieves best test accuracy in 6/6 benchmarks and reduced training FLOPs
by an average of 58.6%.
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2 200- s for iteration £ = 1, - do training samples ( standard deviation) SFTessC 2 e IS 72 25e 173 615 sSe M7
o F.° . . a : 1 : 76.0 1 : : 1 :
4= 150- 5 DL« 0, m <« 0; t;: Last sampled iteration STaR-Full 576 13it  2604.6 726 4it 6848 575 37it 3485
,m J tmp g L L STaR-Acc 64.8  22it 35284 770 3it  305.2 715 10it 1062
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s /* AdaC (83.2; lines 15-19) iImprovement post-training. ’ 0 pELOPs " props . D brops
o t+1 in(wt D) : 2. This is achieved using a compute-
2 20- 15 o,y < Train(my, DY) ; . Thisis ac g p . .
g - iy for 1. |mo”| do overhead free sampling algorithm. Star % and diamond €represents the best and second best accuracy.
8 10 > 17 i + HieMinHeap.pop ; 3. This algorithm results in improved post- » Training curve visualized up to the peak performance; afterwards it overfits.
S 55
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