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Evolving Alignment via Asymmetric Self-Play
Scalable Preference Fine-Tuning Beyond Static Human Prompts
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solver ~ “regr;tr minimization” creator ~ “regret ma?xrimization” (implicit)

Motivation From Open-Ended RL to Minimax Games

Existing RLHF methods mostly rely on Two-Player Game with Solver Regret as the Objective:

fixed prompt sets, which can hurt model
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generalization & training efficiency.

o The Minimax Strategy at Nash Equilibrium:
A New Principle
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We design an open-ended RLHF principle S
for LLMs to self-improve by strategically Regret Minimization by the Solver:
co-evolving prompts & responses. Any preference optimization loss, e.g., DPO:
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A New Training Mechanism

Regret Maximization by the Creator:

/Classical RLHF A i .
o evolve prompts The Creator Step advantage-based
' P proxies for regret
- .
creator solver S TTMATE {xi M, 15 N O e , {info(xi) e ,,,imn}
Open-Ended RLHF: eva ® 0 Yi [
XO creator: X1 creator: ‘XZ 11'X ‘ TL.YIX
: propose responses A Ao "
B ¢ 0y e weighted © roximal e
- g SAMELE sampling © Evolving @ ®
EVOLVE ,  byinfo) , bymllM ®
Solver: propose preferred responses — >
Xt = {xi} Xt = subset ({xi}) Xt+1 = evolved ({xz})
Creator: propose more informative prompts N J
The Empirical Results The Practical Algorithm
[ ] “ L] ,, L] L] L] . L] L]
eva brings “universal” alignment gains. eva can be easily plugged into any RLHF pipeline.
MT-Bench Arena-Hard Alpacivel Algorithm 1 eva: Evolving Alignment via Asymmetric Self-Play
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eva's advantage-based proxy is effective. eva leads to continual self-improving — the infinite games!
Model Family (—) GEMMA-2-9B-IT Prompt Set () / Metric (—) Complexity (1-5) Quality (1-5) ertmg
Benchmark (—) Arena-Hard MT-Bench AlpacaEval 2.0 gigg::gggzﬁ_(:iﬁm_l 532 g;g o
Method (/) / Metric (—) WR (%)  avg.score 1% turn 24 tuyrn LC-WR (%) WR (%) UltraFeedback-ava-Tter-2 3.92 3.63 Humanities Roleplay
80,1: DPO 51.6 866 9.0 8.32 55.01 51.68 e - - N
0, ,;: +eva (uniform) 57.5 8.71 9.02 8.40 53.43 53.98 5 S gemmaZobit
0, . +eva (var(r)) 54.8 8.66 9.13 8.20 54.58 52.55 evariter- , EZEEZ;Zijiidiz-eva_iter1
6, ;: +eva (avg(r)) 58.5 8.76 9.13 8.40 55.01 55.47 2s00| W evariter-2 STEM Reasoning  _ pemma:2.9b-it-dpo-cvaiter.2
0, .:: +eva (1/avg(r)) 56.7 8.79 9.13 8.45 55.04 54.97 | [ U 0 2 4 10 A
0, ,;: +eva (1/A%.) 52.3 8.64 8.96 8.31 53.84 52.92 g
0,,1: +eva (A%,) cuwion 60.0 8.85 9.08 8.61 56.01 56.46 .
0, .«: +eva (A%) uvuin 60.0 8.86 9.18 8.52 55.96 56.09 .
0, . +eva (A%)owinn  601css 890 904  875.0m 5535 55.53 II II ll II Extraction Math
Qq’;& &&oﬁ* 3 {\\‘L\e‘bé&&&o C/o&o"o ogy\ \Q,Q\Qﬁ “o(.\&‘?o Co dmg
‘{3‘5 ‘2&6\ ® Q_e'z"

eva's evolving step is effective.
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