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You are given a math problem. If you cannot solve it directly,
you are also given a teacher's detailed solution and final answer.
Read and learn from it, then try to solve the problem again in
your own way, not by copying.

Instructions:

1. First try to understand the problem.

2. Use the teacher's solution only as guidance if you get stuck.
3. Explain the reasoning in your own words, step by step.

4. Conclude with the correct final answer.

Problem:
[problem]

Teacher's Solution (for reference):
[solution]

Now, solve the problem in your own way:

B 2: R 5 R RPN T S E MR, HHE
SRE A B B i R

3.2 BAn S BORR Y

HAIGIA—MEIREFTR T T, B
HIRE s pe FRBONIR G 01 i

with D (7mix||7e) < D(mspt|| 7).
3)
BAERF T B —A =B BOW 5 2R S5 -

T
Tsft — Tmix

o FDRHE: XA 2, BAT m R
FEZ ALY o ASRAT A we B IR AR 1 )
A, FATBEHLER B — IR e i B A7
23 E/T

o SIS T XS RIM A, FA]
ferR mo S H T R IR & 5 4%
MR, XL B L R SR R] LGk
MARZE TS (ZHE2). 5E%F—
B, ADPREEZ AR, H HARH AT
il —ANIEAR, BEHLOR B — A IR o w1
(I ERCEICR

o FMIIR: WERGISRFFURM, FATRF
R 2 JFUR & SR .

s Rude D' A S LRI A 5 7
HIR AT, L R B (U # i r R EHE N -
D' = Dse]f U Z)retell U Dexpert- “4)

DYAEHEZ AN WA, BN AL P
i SFT JE47H s AR SRems thad 51 e xd5r BB



XN RARRBR T Tmix = T (mspe) B
FEINZREAE 1) F ARSI RS, IMAE AT 46
Fl Bl D T SR 22

3.3 T RVERAE SRS Bt

ISNEEENANNEAGITE SRR IIE 2Bl S RN L
oAt HTESAEEMELRL KR, 1)
N REFFAESR R I ZE B EE S 58 58, LR Rl
ATRES I ASRIE2E0E PR My A SRm 20 BT 2
AR — IR, FAAE A AR I
PERAE:

ly'|

t=1

L1s(0) = Ez,y)~pr [— > w(z,yr) logmo(ys | z,y%) |

®)
H

/ /
To\Ye | L, Y
w(z, yr) :Sg< i | oy )

Tonie (Y | 2, Y)

e EEVEAE , sg(-) RoniEIEB R T, DA
B Lo B A A AR S Bl . 4 B DL
(Wu et al., 2025; Zhang et al., 2025b), FATIT{Ll
O3Bk i (Yt | 2,9%) = 1, bR ERHRGEIE
R LS A3 o

XGRS S AR O
FHAGE IS 5 A AL AN IE , SEH TR
2. W%, I BAERSAME (DFT) (Wu
et al.,, 2025) LA T

4 UG

4.1 B AER

%1% DFT(Wu et al., 2025), F&A1 14 ] Numi-

naMath CoT $(#E4E (LI et al., 2024) #E171)11%% .
JE AR AR A 5 R 2 860,000 JE K2 A K H:
R TT 5 T TR AS, FRATTBE
PR T 50,000 45261, FAEE g KA 7R
Bl PR EE T RZYy 48,000 4>,

HI T HATAY 5 IR TR A s T 1Y
ey 58, FeATSLE: T A R MR
¥ Qwen2.5-%*#-7B (Yang et al., 2024a), —4>

2IA PR LR e LR S B AR 1 AR

B W TR LR B @ B, Al llama-
3.1-8B-Instruct (Grattafiori et al., 2024), —/MiH
AR WOUIAL . X b LB SR AT REAS T A T
IR I7VE 2 A P DA EEAAR AR 48 PR DU 2
#RAZ 2

XTI ES, FATHE AR TEHG SR
FT B HARB FOR AR 10 AR Y. .
MBS E B LR 1o FATIE S
Qwen2.5-Math-7B 1t H #3055 pr B 7 £
(IR, AELAES | R0 55 W B ke i) 1) A /)
XA B2 B T HAH X T Llama-3.1-8B-Instruct
BT IRFERE
4.2 RS VRS

XFT SFT 2k, FeA 16 iR AHESE (Sheng
etal., 2025) F-R ] AdamW flifbds. “#>Fik
H >k Qwen2.5-Math-7B [ 5 x 10~° #] Llama-3.1-
8B-Instruct {4 7 x 107, Yt T—AN W1, it
FRNEH 2560 FRATR M ARTZIR KHYF T F
THPESRENE , HRE 0.1 AT LBl

T PEAL, FRATEAE DFT I 78 14>
J7Z R B B P AL s HE B RE
Math500(Hendrycks et al., 2021), Minerva
Math(Lewkowycz et al., 2022). Olympiad-
Bench(Investments, 2024), AIME 2024(American
2024) M AMC
2023(Mathematical Association of America,
2023), P GRS NAEIRE R 1.0 /Y
16 WEHIZAT P AP HERf .

Institute of Mathematics,

43 BERHHR

P 2 T A B MR AL I
R A EIEES (DR) FEFE Qwen2.5-
Math-7B #1 Llama-3.1-8B-Instruct | I5 20kt T
38 SFT A1 DFT.

Qwen2.5-5(*%-TB . TEXAN42: & A
., ArdE SFT SEBL 7 V-3 fER K 23.23%, i
DFT Rf HAE T % 36.61%. 5| A DR 4k T
F ¥ i, DR+SFT R fE 2 i 2 30.33%,
1M DR+DFT ik — 25 K H 4 5 2 42.03%F- 1



FMAE SRSy SR Rk
Qwen2.5-§%-7B 28,752 11,620 7,634 48,006
llama-3.1-8B-#§4 26,947 16,335 4719 48,001

1 AR5 B B Ba e ge it (Sepilgics ) .

BE 500 S Berssds AIME24 AMC23 P
Qwen2.5-%(*%-TB 3990 1443 17.16 7.50 2938  21.67
+SFT 5261  19.13 17.32 2.06 2500  23.23
+ DFT 6870 3192 3231 6.68 4344  36.61
+ DR + SFT (ours) 59.85  21.14 2354 8.54 38.59  30.33
+ DR + DFT (ours) 7040 3485  36.12 14.58 5422 42.03
Llama-3.1-8B-Instruct ~ 36.18  16.01 9.52 0.83 1453 1541
+SFT 2871  11.23 6.26 0.41 1031 11.39
+DFT 46.5 24.11 15.65 3.95 2250  22.54
+ DR + SFT (ours) 4438 1921 13.07 1.87 17.19  19.14
+ DR + DFT (ours) 4791 2472 1652 4.99 26.09  24.05

2 20 B e NP HER R (%) . FRATI DT ikS5 5 SFT 8 DFT, IR A REHUHT B A 3L 40 ¥R 5 Tt

PEfE. DR REHURES .

W . (HI5ERM 2, DR+DFT 7 A T
A L UE I BRI T dem o R 2 TR
AIME2024 (6.68% — 14.58%) #1 AMC2023
(43.44% — 54.22%) A T BERE.

Llama-3.1-8B-Instruct. ¥& i $5 415 2 AR A
I+, DR ¥ SFT M 11.39% 2515 19.14%, -
¥ DFT M 22.54% #7151 24.05% ., E SRR
3%, (HHMEREE/NT Qwen2.5-Math-7B |11
R, X F IS VB A B S T

7, 2.
b

TS b B AR RE A PE RE B2 T DA M
Qwen2.5-Math-7B I LLaMA-3.1-8B-Instruct 2
[EPEREZERE, AT T BFXIFF . Fa'gxt
FERIELR AR AR (%3, K 3).
AR, EEARAN TR, ONE
5 I V) . T 5 S TR R 1 T 3 0 B AR
(R ), XRS5 BRECRE M —2. 1t
Hb, ZATHR) SFT Fladi s 1 ) @ afe B 1Y

Qwen2.5-Math-7B LLaMA-3.1-8B-Instruct

-50
-100
-150

-200

-300

Average Log-Probability

-350

-400

SFT Data Self-alignment Guided-alignment Fallback

B 3 AR AT H A SF . Bl Se R mLR T4
SRR . SFT S 2R Fr Berd sty SFT
Bdli. AERLERTE, LR T4RS SFT didls—2k.

61 | NS B0 By E R D By o | I BIE G 44
MRRG4854 1 SR AT SRR THE
BEME A SRS 2500, R RO AN B TR
o dRE, TEA MR B T R TS R
LLaMA-3.1-8B-Instruct ZE¥& A~ T-EEp i & P
th Fb Qwen2.5-Math-7B S AIRHY X EER, X &



_— FIRHE ST UIES
SFT  Rewriting SFT  Rewriting SFT

Qwen2.5-%(%%-7TB  -184.44  -8336  -280.64 -259.44 -296.03

llama-3.1-8B-{54 -193.01 -127.67 -341.57 -303.44 -388.17

2 3 B R AE HFOTE 5SR-S R . R R RB) R B S

HARSRmg oAl
Method Math500 %L BARPLyiEde AIME24 AMC23 P
DFT 68.70 31.92 32.31 6.68 43.44 36.61
DFT + Self-Alignment 67.86 32.35 32.79 10.19 50.94 38.83
DFT + Guided-Alignment 70.06 32.57 32.16 8.54 48.44 38.36
DFT + Full DR 70.40 34.85 36.12 14.58 54.22 42.03

# 4 KT Qwen2.5-Math-7B (il SEH: 5 DFT, B ST 72 e (LB R A R R, 3138 54X

THALEIRILY. , 72 4 DR 855 W# .

AF 5 2 I BTSSR i 17 T30 FH 0 5 - BREE,
I T G/ NS 2 R ) 5 ]

Wekaha&. & 4 e7m T Qwen2.5-Math-7B F
LLaMA-3.1-8B-Instruct PFEERIAEARR 75T
MU Rdi 2k £k o FEIX MR, DFT #
DR+DFT [ SFT 411 DR+SFT I sif5 8 £ , 1F
W 40 — 50 25 kiR E TR R0
&, IR T BRI AR O AR E S
A ENE. BaRESEM M #—Euh
AR T I ah SFT 4k, kse THE AL RTRF I
it ARSI R 5 AT AR T 22 R E I
5. BRI, XFTPAMEAUNE, DR+SFT {58
TEHEET DFT B 05 iR m 4 K-, X5k
WA B SRR BT I e 0 A DR AT R A7
IE. [HAAEER 2, LLaMA-3.1-8B-Instruct ¥f
Ff 5 BRI HE Qwen2.5-Math-7B B
N, Ui T I 250 5 35 2 s sy
ZEPIMEFER, X TENIIEES
RS PEREIR THR /N, B0, DR+DFT 454
TIXPR AR, ST BRI R A A R
FIRAEE BUSCBIC: , IX AR T HAE 3k 2
A EHEN P ) PR B

4.4 {HEBESE

% 4 4 THE Qwen2.5-Math-7B I {#i fi]
DFT E£R (Il SEgG 455 . 15 A 2 &40 A DFT
FEAE TGRSR, A T A AR A A
IR R G SFT i, P HERf 2R 36.61%
PEEE) 38.83% . WM T 5152t 5, B R
1) 0 A RV A R B AR SR A TS, TR
HEUAE, BRI T IHREE R 38.36%, K
MG TE B TR IR MO R 22 i T BUR
2. PR %42 DR, %SG T B
FRFEEXS T, ST IRAREGIR, PR
PETL 2 42.03% , FAE A EAENHA TSR T
— e . X BRI T B RN 515 S
XPFEZ [ HAMER], PAKHE B2 SR A2 il
FER R BN R0 DA G/ INBCHRE 22 E 3 5 A
CEPALOE 2

5 45k

TRAR kT — RO T A RO S
B, TR B B, 45 SFT %
B WL T eI
WA T R 2200, FEBL I



Type
0.5 4 — SFT
DFT
—— DR+SFT
—— DR+DFT
AR L

| gl

0.14

I
IS
L

o
w

Training Loss

o
N

N\

T T T T T T T T
0 25 50 75 100 125 150 175
Step

0.0+

(a) Qwen2.5-%j(2~-7B

0.7 1 Type
— SFT
DFT
—— DR+SFT
—— DR+DFT
J e

T T T T T T T T
0 25 50 75 100 125 150 175
Step

Training Loss

(b) llama-3.1-8B-Instruct

& 4: Qwen2.5-Math-7B #I Llama-3.1-8B-Instruct £ SFT. DFT K&H 5% &5 (DR) H& Tyl ih

2. DR+DFT I3 T fie IR e 240 Ml R WS

(eerELLIVER SERIS & ot 3 S & N
o FEZ MR B BRy) iz SEB R
SHEGEH) SFT M et i siaSmRm b, PhAe
Frgifem, JUHR eI AR T i 2
FINHEL o X R BB T AR DR
W e St T A 2R R 2 e SR Gl )
P

R il

BERBATH LIRS T B E SR E
SRS ML R 5 T A R, R A LR R
e HoG, BATHIPEAOURT — LA FRAYEZ,
ERRAPESHIBT, AR
TS 22 AR TR Ay 1 PR B A R R P A
Hk, JAseETdTHeAHEREEN I KF
BT B iz U, LA By IR R A
GREEATE, REENT 2. H=, &
IR TTVE R Bfe s 5 50, TS R %
BAEZR VA B0, S I 00 1E) Y 5
Mg AR TR AT — IR EH —— A At — e
FREMEAITERE. e, IRREEENES K
A, AR SR A e SRR, AU
TR AAER I .

References
American Institute of Mathematics. 2024. AIME 2024

Competition Mathematical Problems.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret
Zoph, Yi Tay, William Fedus, Yunxuan Li, Xuezhi
Wang, Mostafa Dehghani, Siddhartha Brahma, and
1 others. 2024. Scaling instruction-finetuned lan-
guage models. Journal of Machine Learning Re-
search, 25(70):1-53.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel-
ten, Alex Vaughan, and 1 others. 2024. The llama 3
herd of models. arXiv preprint arXiv:2407.21783.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong
Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability
in llms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Sonam Gupta, Yatin Nandwani, Asaf Yehudai, Dinesh
Khandelwal, Dinesh Raghu, and Sachindra Joshi.
2025. Selective self-to-supervised fine-tuning for
generalization in large language models. In Find-
ings of the Association for Computational Lin-
guistics: NAACL 2025, pages 6240-6249, Albu-
querque, New Mexico. Association for Computa-
tional Linguistics.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul
Arora, Steven Basart, Eric Tang, Dawn Song, and
Jacob Steinhardt. 2021. Measuring mathemati-
cal problem solving with the math dataset. arXiv
preprint arXiv:2103.03874.

XTX Investments. 2024. Ai  mathemat-
ical olympiad -  progress prize 1.
https://kaggle.com/competitions/
ai-mathematical-olympiad-prize.
gle.

Kag-


https://www.maa.org/math-competitions/aime
https://www.maa.org/math-competitions/aime
https://doi.org/10.18653/v1/2025.findings-naacl.349
https://doi.org/10.18653/v1/2025.findings-naacl.349
https://kaggle.com/competitions/ai-mathematical-olympiad-prize
https://kaggle.com/competitions/ai-mathematical-olympiad-prize

Nathan Lambert, Jacob Morrison, Valentina Pyatkin,
Shengyi Huang, Hamish Ivison, Faeze Brahman,
Lester James V Miranda, Alisa Liu, Nouha Dziri,
Shane Lyu, and 1 others. 2024. Tulu 3: Push-
ing frontiers in open language model post-training.
arXiv preprint arXiv:2411.15124.

Aitor Lewkowycz, Anders Andreassen, David Do-
han, Ethan Dyer, Henryk Michalewski, Vinay Ra-
masesh, Ambrose Slone, Cem Anil, Imanol Schlag,
Theo Gutman-Solo, and 1 others. 2022. Solv-
ing quantitative reasoning problems with language
models. Advances in neural information process-
ing systems, 35:3843-3857.

Jia LI, Edward Beeching, Lewis Tunstall, Ben Lipkin,
Roman Soletskyi, Shengyi Costa Huang, Kashif
Rasul, Longhui Yu, Albert Jiang, Ziju Shen,
Zihan Qin, Bin Dong, Li Zhou, Yann Fleureau,
Guillaume Lample, and Stanislas Polu. 2024.
Numinamath. [https://huggingface.co/
AI-MO/NuminaMath-CoT](https://github.
com/project-numina/aimo-progress-prize/
blob/main/report/numina_dataset.pdf).

Mingyang Liu, Gabriele Farina, and Asuman
Ozdaglar. 2025a. Uft: Unifying supervised
and reinforcement fine-tuning. arXiv preprint
arXiv:2505.16984.

Zihan Liu, Zhuolin Yang, Yang Chen, Chankyu Lee,
Mohammad Shoeybi, Bryan Catanzaro, and Wei
Ping. 2025b. Acereason-nemotron 1.1: Advancing
math and code reasoning through sft and rl synergy.
arXiv preprint arXiv:2506.13284.

Shayne Longpre, Le Hou, Tu Vu, Albert Webson,
Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V
Le, Barret Zoph, Jason Wei, and 1 others. 2023.
The flan collection: Designing data and meth-
ods for effective instruction tuning. In Interna-
tional Conference on Machine Learning, pages
22631-22648. PMLR.

Lu Ma, Hao Liang, Meiyi Qiang, Lexiang Tang, Xi-
aochen Ma, Zhen Hao Wong, Junbo Niu, Chengyu
Shen, Runming He, Bin Cui, and 1 others. 2025.
Learning what reinforcement learning can’t: In-
terleaved online fine-tuning for hardest questions.
arXiv preprint arXiv:2506.07527.

Mathematical Association of America. 2023. AMC
2023 Competition Problems.

Doina Precup, Richard S. Sutton, and Satinder P. Singh.
2000. Eligibility traces for off-policy policy eval-
uation. In Proceedings of the Seventeenth Inter-
national Conference on Machine Learning, ICML
’00, page 759 — 766, San Francisco, CA, USA.
Morgan Kaufmann Publishers Inc.

Chongli Qin and Jost Tobias Springenberg. 2025. Super-
vised fine tuning on curated data is reinforcement
learning (and can be improved). arXiv preprint
arXiv:2507.12856.

John Schulman, Sergey Levine, Pieter Abbeel, Michael
Jordan, and Philipp Moritz. 2015. Trust region
policy optimization. In International conference
on machine learning, pages 1889-1897. PMLR.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec
Radford, and Oleg Klimov. 2017. Proximal
policy optimization algorithms. arXiv preprint
arXiv:1707.06347.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, YK Li, Yang Wu, and 1 others. 2024.
Deepseekmath: Pushing the limits of mathematical
reasoning in open language models. arXiv preprint
arXiv:2402.03300.

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin
Wu, Wang Zhang, Ru Zhang, Yanghua Peng,
Haibin Lin, and Chuan Wu. 2025. Hybridflow:
A flexible and efficient rlhf framework. In Pro-
ceedings of the Twentieth European Conference on
Computer Systems, pages 1279-1297.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
and 1 others. 2022. Chain-of-thought prompting
elicits reasoning in large language models. Ad-
vances in neural information processing systems,
35:24824-24837.

Yongliang Wu, Yizhou Zhou, Zhou Ziheng, Yingzhe
Peng, Xinyu Ye, Xinting Hu, Wenbo Zhu, Lu Qi,
Ming-Hsuan Yang, and Xu Yang. 2025. On the
generalization of sft: A reinforcement learning per-
spective with reward rectification. arXiv preprint
arXiv:2508.05629.

Jianhao Yan, Yafu Li, Zican Hu, Zhi Wang, Ganqu
Cui, Xiaoye Qu, Yu Cheng, and Yue Zhang. 2025.
Learning to reason under off-policy guidance.
arXiv preprint arXiv:2504.14945.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao,
Bowen Yu, Chengpeng Li, Dayiheng Liu, Jian-
hong Tu, Jingren Zhou, Junyang Lin, and 1 others.
2024a. Qwen2. 5-math technical report: Toward
mathematical expert model via self-improvement.
arXiv preprint arXiv:2409.12122.

Zhaorui Yang, Tianyu Pang, Haozhe Feng, Han Wang,
Wei Chen, Minfeng Zhu, and Qian Liu. 2024b.
Self-distillation bridges distribution gap in lan-
guage model fine-tuning. In Proceedings of the
62nd Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers),
pages 1028-1043, Bangkok, Thailand. Association
for Computational Linguistics.

Dylan Zhang, Qirun Dai, and Hao Peng. 2025a. The
best instruction-tuning data are those that fit. arXiv
preprint arXiv:2502.04194.

Wenhao Zhang, Yuexiang Xie, Yuchang Sun, Yanxi
Chen, Guoyin Wang, Yaliang Li, Bolin Ding, and


[https://huggingface.co/AI-MO/NuminaMath-CoT](https://github.com/project-numina/aimo-progress-prize/blob/main/report/numina_dataset.pdf)
[https://huggingface.co/AI-MO/NuminaMath-CoT](https://github.com/project-numina/aimo-progress-prize/blob/main/report/numina_dataset.pdf)
[https://huggingface.co/AI-MO/NuminaMath-CoT](https://github.com/project-numina/aimo-progress-prize/blob/main/report/numina_dataset.pdf)
[https://huggingface.co/AI-MO/NuminaMath-CoT](https://github.com/project-numina/aimo-progress-prize/blob/main/report/numina_dataset.pdf)
https://www.maa.org/math-competitions
https://www.maa.org/math-competitions
https://doi.org/10.18653/v1/2024.acl-long.58
https://doi.org/10.18653/v1/2024.acl-long.58

Jingren Zhou. 2025b. On-policy rl meets off-policy
experts: Harmonizing supervised fine-tuning and
reinforcement learning via dynamic weighting.
arXiv preprint arXiv:2508.11408.

Chunting Zhou, Pengfei Liu, Puxin Xu, Srinivasan Iyer,
Jiao Sun, Yuning Mao, Xuezhe Ma, Avia Efrat,
Ping Yu, Lili Yu, and 1 others. 2023. Lima: Less
is more for alignment. Advances in Neural Infor-
mation Processing Systems, 36:55006-55021.

Wenhong Zhu, Ruobing Xie, Rui Wang, Xingwu
Sun, Di Wang, and Pengfei Liu. 2025. Prox-
imal supervised fine-tuning.  arXiv preprint
arXiv:2508.17784.



	介绍
	相关工作
	以数据为中心的SFT改进措施
	结合SFT和RL
	离策略学习

	方法
	SFT 作为离策略学习等价物
	数据重写作为政策对齐
	重要性采样与对齐数据

	实验
	数据集和模型
	训练和评估详情
	主要结果
	消融研究

	结论

