SPaR: Self-Play with Tree-Search Refinement to Improve
Instruction-Following in Large Language Models

Paper : https://arxiv.org/abs/2412.11605
Data : https://huggingface.co/datasets/CCCCCC/SPaR
Repository : https://github.com/thu-coai/SPaR

Jiale Cheng

.-“,“\\\“\\"
p- = ®
4 _V‘_‘.‘?\....H.‘ c“ y
g S A,
7 £ -4
G G N -
4 &4
) 2
A S A
NG
A\
AN

S Tsinghua University

X




Motivation

@ Instruction-Following is the core of LLM alignment, which requires
LLMs to recognize subtle requirements and accurately reflect them in

responses.
Natural Language Instruction: Generated Response:
"Complete the task while "Response satisfying:
(constraint-1) and — LLM »> * (element matching constraint-1)
(constraint-2) with * (element matching constraint-2)
(constraint-3) = » (element matching constraint-3)

® This ability is well-suited for and often optimized by preference
learning.




Motivation

® Challenge.

= [ Write a story and end it with “The devil is in the details.” }

¢ Directly sample multiple
@: Response 1: Response 2: Refined Response: ind epen dent re sponses

story: from the model can

introduces irrelevant

<Hansel and Gretel> <Little Red Riding Hood> variations (e. g., style or
...... they defeated ... In the end, they lived ... In the end, they lived phrasing) .
the witch. The devil happily together. happily together. The

is in the details. devil is in the details. < ThlS Wlll distract from the
core objective of

e -~ M ~

N Y4 .
Learn more about the Learn exactly about the accurately fOHOWIHg

story content (interfering) ending sentence (expected)

instructions.




SPaR

@ Our solution: SPaR
¢ Self-Play Framework:
Leverages LLMs playing against themselves to foster continuous self-
Improvement.
¢ Tree-Search Self-Refinement:
Combines a tree-search strategy with self-refinement to generate valid,

comparable preference pairs while reducing irrelevant variations.



Overall Framework

® Step-1

¢ Negative Data Collection: Gather responses that fail to follow instructions

accurately.
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Overall Framework

® Step-2

¢ Tree Search Refinement: Apply a tree search to refine these failure cases.

Refinement helps exclude interfering factors, while tree search strategy

enhances refinement success rate.
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Overall Framework

® Step-3

¢ Model Training: Train the Actor using DPO and the Refiner using RFT to
optimize them and prepare for the next iteration.
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Experiment Setup
® Test Datasets

¢ Instruction-Following Benchmarks: IFEval, FollowBench
¢ Instruction-Following Judgment: LLMBar
¢ General Ability: GSM8K, TriviaQA, MMLU, HumanEval

® Backbone Models

¢ LLaMA-3 series
¢ GLM4-9B
¢ Mistral-7B



Main Results

@ SPaR significantly improves the instruction-following ability of LLMs.

| IFEval | FollowBench (SSR)
|P(L) I(@) P(@S) I(S) Avg |Lv-l Lv-2 Lv-3 Lv4 Lv-5 Avg
LLaMA3-8B Models

Model

LLaMA3-8B-Instruct | 77.6 845 706 789 779 | 694 622 63.1 619 609 635
AutolF-8Bf 431 560 288 422 425|546 521 500 490 437 49.9 82
SELF 782 845 760 829 804 | 683 657 652 622 624 648 Self-rewarding .
Humpback 725 802 701 781 752 | 668 66.1 672 602 626 64.6 \ Meta-rewarding — — — — S — = LU00_ _ | _ =TT
Self-Rewarding 773 842 741 817 793 | 728 66.6 668 649 641 670 — g SELF
Meta-Rewarding 778 841 754 823 799 | 739 719 660 623 626 673 2 Ol
SPAR-8B-SFT 754 825 734 806 780 | 739 674 681 631 613 66.8 "—;
SPAR-8B-DPO-iter1 780 847 758 826 803|753 677 676 647 623 675 S g+
SPAR-8B-DPO-iter2 | 789 850 77.1 833 81.1 | 739 719 69.1 640 622 682 @
 SPAR-8B-DPO-iter3 | 79.9 854 78.0 837 818 730 723 700 641 647 688 §
w/ tree search 824 875 795 853 837 | 739 717 703 668 641 694 v 79 |
GLM-4-9B Models g
=
GLM-4-9B-Chat | 715 799 68.0 772 742|808 751 674 643 654 706 <
SPAR-9B-SFT 715 805 688 781 747 | 794 709 682 651 637 69.5 781
SPAR-9B-DPO-iter3 773 841 736 814 791 | 827 767 679 683 642 720
LLaMA3-70B Models SFT Iteration-1 [teration-2 Iteration-3
LLaMA3-70B-Instruct | 83.7 889 77.1 838 834 | 771 725 694 687 663 70.8
AutoIF-70B' 856 904 802 867 857|710 672 662 646 635 665

SPAR-70B-DPO-iter3 | 85.6 902 813 873 86.1 | 803 757 714 737 705 743

_8—



General Performance

® SPaR does not damage general abilities.

Model | GSM8k TriviaQA MMLU HumanEval | Average
Mistral-7B Models
Mistral-7B-Instruct 42.9 72.5 57.9 32.9 51.6
SPAR-7B-SFT 56.4 72.8 56.7 445 57.6 (+6.0)
SPAR-7B-DPO-iterl 55.6 72.2 55.3 46.3 57.4 (+5.8)
SPAR-7B-DPO-iter2 54.4 72.1 55.8 45.1 56.9 (+5.3)
SPAR-7B-DPO-iter3 58.2 71.6 55.1 46.3 57.8 +62)
LLaMA3-8B Models
LLaMA3-8B-Instruct 75.4 75.9 63.6 85.5 67.6
SPAR-8B-SFT 75.6 76.0 64.0 61.6 69.3 17
SPAR-8B-DPO-iterl 78.8 75.2 63.8 60.4 69.6 (+2.0)
SPAR-8B-DPO-iter2 77.0 74.9 63.1 60.4 68.9 (413
SPAR-8B-DPO-iter3 77.7 75.1 63.1 60.9 69.2 (+1.6)
GLM-4-9B Models
GLM-4-9B-Chat 80.6 69.7 71.9 74.3 74.1
SPAR-9B-SFT 82.9 69.4 71.8 73.8 74.5 (104
SPAR-9B-DPO-iterl 82.6 68.8 71.6 75.0 74.5 (04
SPAR-9B-DPO-iter2 82.8 68.9 71.8 73.8 74.3 (+0.2)
SPAR-9B-DPO-iter3 83.0 69.0 72.1 732 74.3 (102
LLaMA3-70B Models
LLaMA3-70B-Instruct 92.2 87.2 80.8 79.3 84.9
SPAR-70B-DPO-iterl 92.5 90.4 81.0 79.3 85.8 (+0.9)
SPAR-70B-DPO-iter2 92.9 89.5 80.4 78.7 85.4 (+0.5)
SPAR-70B-DPO-iter3 934 86.7 80.6 79.9 85.2 +03)




Judgment Evaluation

® SPaR iteratively enhances judgment capability.

‘ Adversarial
Model Natural Average

GPTInst GPTOut Manual Neighbor Average
Acc. F1 Acc. Fl Acc. Fl Acc. F1 Acc. Fl Acc. F1 Acc. Fl

GPT-40-Mini ‘ 745 705 692 616 609 514 598 519 728 664 657 578 674 604
LLaMA3-8B Models
LLaMA?3-8B-Instruct 600 518 554 461 479 1395 511 366 545 450 522 418 538 438

SELF 69.5 616 620 507 649 548 576 418 646 513 622 496 637 520
Self-Rewarding 710 663 701 667 638 595 620 557 675 617 659 609 669 619
Meta-Rewarding 705 663 685 646 649 602 641 583 690 631 666 616 674 625
SPAR-8B-SFT 685 609 679 624 596 500 630 541 683 593 647 565 655 573

SPAR-8B-RFT-iterl 68.5 632 668 606 638 553 620 533 668 590 649 57.1 656 583
SPAR-8B-RFT-iter2 70.5 642 668 616 660 600 652 579 69.0 624 668 605 675 61.2
SPAR-8B-RFT-iter3 70.5 659 70.7 66.7 638 575 685 633 683 622 678 624 683 63.1

GLM-4-9B Models
GLM-4-9B-Chat ‘ 745 765 745 759 574 623 533 566 698 720 6377 66.7 659 68.6
SPAR-9B-SFT 705 655 728 702 596 558 64.1 535 713 672 669 617 677 625

SPAR-9B-RFT-iter3 710 688 755 746 585 552 685 642 68.7 659 678 649 684 65.7
LLaMA3-70B Models

LLaMA3-70B-Instruct ‘ 750 719 734 696 69.1 667 663 608 69.0 634 695 651 706 66.5

SPAR-70B-RFT-iter3 ‘ 780 747 788 769 649 612 674 595 724 681 709 664 723 68.1




Refinement vs. Random Sampling

® Refinement preference pairs enhance instruction-

following capability more effectively.

Instruction-level Accuracy / Uppercase Ratio
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Ablation & Test-Time Scaling

® Each element is crucial in SPaR.

Table 4: Ablation study on the actor.

Table 5: Ablation study on the refiner.

Model IFEval FollowBench (SSR)
Prompt(S) Instruction(S) Avg.

SPAR-8B-DPO-iter3 78.0 83.7 68.8

w/o Tree Search -2.0 -0.8 -1.7

w/o Iterative Training -0.9 -0.2 2.0

w/o Refinement -2.6 -1.6 -3.1

Model Natural Adversarial

Acc. F1 Acc. F1

SPAR-8B-RFT-iter3  70.5 659 67.8 624

w/o Tree Search 05 -12 43 -82
w/o Iterative Training -0.5 -2.5 -1.7 -3.5

® Scaling test-time compute significantly =7

boosts model performance
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Conclusion

® Key Takeaways:

@ It is important to exclude interfering factors in preference pairs for
effective preference learning.

@ Iterative self-play enables continuous improvement in instruction-
following, judgment, and refinement, creating a scalable, self-
reinforcing enhancement loop.

® Test-Time scaling could largely improve instruction-following
capabilities.
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