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Motivation

5 Keep your response under 20 characters in length. Include at least one word ending with "ing'.
) Are you familiar with OET or Occupational English Test ? What is the weather like today?
Response 1: Today's weather is sunny
& s ) @ | and the wind is blowing. ) (@
a -
Response LRtsptmsz 2: Yes, I'm familiar with OET.J @ U:‘:ggg;‘t 02 d’ﬂyThe weather is sunny and it J @
N—’ - N—'
L] [ ece
- \_ 1 def contains_ing_word(response)
1 def evaluate(response): = i
Verification 2 return len(response) < 20 4 with('ing')
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A core strength of LLMs lies in executing natural language
instructions. We presents AUTOIF , the first scalable framework
for automated generation of high-quality instruction-following data.
By reframing data validation as code verification, AUTOIF
orchestrates three components: instruction generation, response-
validation code synthesis, and unit test creation, forming a closed-
loop quality assurance system. Execution feedback-driven rejection
sampling efficiently produces data for SFT and RLHF.

Evaluations on top open-source LLMs demonstrate substantial
improvements across SFT, Offline/Online DPO training paradigms,
particularly in self-alignment strong-to-weak distillation.

Contribution & Conclusion

» We propose AUTOIF to efficiently enhance LLMs' instruction -
following. It converts instruction-following alignment into auto
code verification, making LLMs generate instructions, verification
code, and unit test samples.

» Based on DPO algorithms, we treat executor feedback as a
reward model, create pairwise preference samples, and design
offline/on-policy strategies to optimize the model's instruction-
following.

» AUTOIF is validated on benchmarks in "Self-Alignment" and
"Strong-to-Weak" settings. It reaches over 90% accuracy in IFEval
without sacrificing general and reasoning capability

Qwen Team, Alibaba Inc.
ICLR 2025 (Spotlight, TopS% paper)
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1. Instruction Augmentation: Starting with seed instructions, LLMs generate augmented
instructions through self-instruct.

2. Verification Functions: Automatically generating Python functions to verify the correctness of
responses.

3. Back-Translation: Ensuring consistency between instructions and verification functions.

4. Query Augmentation: Creating diverse queries and responses for training.

5. Quality Filtering: Filtering data based on verification function accuracy and query relevance.

Training Strategies
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Main Results

Model IPEval FollonBeich (SSR) C-Eval MMLU GSM8k HumanEval
Pr(S) Pr(L) Ins.(S) Ins.(L) Levell Level2 Level3 Level4 Level5 Avg

Baselines (< 10B)

Qwen2-7B 317 436 494 534 556 S35 537 499 486 523 | T4 644 LI 8.1

Qwen2-7B(ShareGPT) 309 335 424 452 56.1 527 50.8 452 479 50.5 702 59.8 594 524
LLaMA3-8B 24.6 26.1 38.1 397 10.0 103 10.5 143 127 11.6 242 388 45 0.6
LLaMA3-8B(ShareGPT) 23.7 264 338 37.1 44.0 40.0 39.6 333 336 38.1 352 4.6 20.5 38.1
Mistral- 7B 233 246 384 396 400 397 379 357 367 380 | 382 476 205 384
Baselines (> 10B)

Qwen2-72B-Instruct 771 804 844 86.9 702 66.6 63.5 58.1 56.3 629 838 808 87.9 73.8
LLaMA3-70B-Instruct 778 838 842 888 607 605 6L 6L7 603 609 | 602 805 926 787
Mixtral-8x22B 418 413 ss2 60.0 63.9 60.0 58.2 56.2 553 58.7 - - - -
GPT4 76.9 793 836 854 847 716 76.2 779 733 7.9

GPT-3.5 Turbol - - - - 803 712 742 696 611 725

Supervision Model: Qwen2-72B

Strong-to-Weak

Qwen2-7B-SFT 407,30 445,09 513,19 554020 602446 537502 543406 499500 48.6:00 533:10 739500 644100 T4liap  583.02

wi Offline DPO 412,55 447,15 51400 562,08 6ldysy 545,10 543406 512013 486,00 540,17 |77 645,01 12908 595414

w/ Online DPO 440,63 466,30 550,56 579,45 _6ldyss 568,33 578,41 554i55 51.6.30 56.6:43 |760,16 648104 723,12 58201

Self-Alignmens~ — — - - - -~ - -~ - - - - -- - oo o oo oo oo m oo m o m oo e Tt
en2-72B-Instruct

Q\:I/C)mmc DEO 802,31 823,19 861,17 880,11 76260 698,32 670,35 616,35 628465 .57.5,%‘349*,, 812,04 882,03 750,12

Supervision Model: LLaMA3-70B.

Strong-to-Weak

LLaMA3-8B-SFT 2874414034142 414,33 52.2412.05 46.6436.6 46.2,359 4594354 3764223 41.0,23.3 43.5,31 9[34.5,103 456468 3324087 3824376
w/ Offline DPO 279,33 416,155 405,04 541144 5194419 513,410 50.1439,6 453,31 0 47-5,34.5 492,37 6(36.2,12.0 453465 319,204 385,379
W/ Online DPO___ 28.8,42 431,170 422,41 5601163 5461446 5211418 5004305 49.04347 43.7431.0 49.9438338 24140 451163 3254280 384u3rs
Self-Alignment
LLaMA-3-70B
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Results:

1. AUTOIF achieves up to 90.4% accuracy on IFEval
and over 5% improvement on FollowBench.

2. No decline in other capabilities

Key Findings:

3. Online DPO outperforms Offline DPO by effectively
targeting model weaknesses

4. Larger models (e.g., Qwen2-72B) show greater
improvements.

5. Higher function pass rates lead to better performance.

Scaling Results

25 25
= Data Amount ‘—.' + Data Amount
—0— Prompt Acc (Loose) |=o= Prompt Acc (Loose)
20 55 WIHT—T T 55
I ™, I
- - N,
RS - \ H
215 > 504 215 S, 503
| 4 R :
e ] ~ S
fu e 0z 2 L3 1%
] ~e = Ses
a ~, Ea S~—ca. g
: :
5 R e T 5 See 40
sl
35 35
0%  20%  40%  60%  80%  100% 0% 204 40%  60%  BO%  100%
Pass Rate of Verification Function Pass Rate of Query Function

\_ J




