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What is Self-Play Reinforcement Learning?

• A model challenges itself: challenger & reasoner

• Role of challenger: Creates more challenging questions

• Role of reasoner: Provides more accurate answers

Why is Self-Play Important?

• Eliminates the need for human-annotated training datasets

• Models can provide more diverse answers, potentially outperforming human experts

Description of Self-Play RL
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Related Work

• Absolute Zero set the groundwork by creating a framework of a challenger and reasoner

• Created a curriculum of reasoning tasks and trajectories

• Self-play loop consisted of asking and solving coding tasks and results were 
verified on math and coding benchmarks

R-Zero

• Used a very similar structure to Absolute Zero but also verified on general reasoning benchmarks

• Self-play loop used math questions and answers rather than code

Absolute Zero

• Adapted the reward of the challenger to target maximum uncertainty rather than maximum 
difficulty
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Research Gap and Contributions

• Hallucination Amplification: Model creates factual errors

• A large document corpus as an external knowledge source avoids factual errors

Contributions

• Two previous papers in self-play reinforcement learning (Absolute Zero, R-Zero) 

suffered from three major issues

• Information Symmetry: Model isn't challenged enough and has simple patterns

• Restricted to Verifiable Domains: Only works on math and code domains because ground 
truth can be verified

• Corpus-grounded self-play create information asymmetries forcing the model to reason

• The performance gains are verified across math and general reasoning domains, generalizable 

to broad domains

Limitations
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High-Level Overview of the Self-Play Loop
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Workflow of the Challenger

• Sample passages from the document corpus

• Improve itself according to a variance-based curriculum reward signal

• Create question-answer pairs with answers from the passage

6



Reasoner Workflow and Key Improvements

• Answer the challenger's question without access to the document corpus

• Improve itself with a binary correctness reward objective

Improvements of the SPICE Algorithm

Reasoner Workflow

• Question-answer pairs are corpus grounded so the model cannot hallucinate

• Challenger has access to document corpus while reasoner doesn't, creating challenging asymmetries

• Since ground truth is based on the document corpus, this method works on unverifiable domains

7



Full SPICE Algorithm
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Baseline

• Base model - Pretrained; No post Training

• Strong Challenger - Fixed stronger model as challenger

• R-Zero - Self-play; No corpus grounding

• Absolute-Zero - Self-play; Verified programing tasks 

• SPICE - Self-play; Corpus grounding

Model Types Small Scale Large Scale

General Purpose LLMs Qwen3-4B-Base Qwen3-8B-Base

Reasoning-oriented Models OctoThinker-3B-Hybrid-Base OctoThinker-8B-Hybrid-Base

Base model

Experiment Settings 

Evaluation for Mathematical Reasoning & General Reasoning

• Mathematical reasoning: MATH-500, AIME25, OlympiadBench, GSM8K, etc.

• General reasoning: GPQA-Diamond, MMLU-Pro, SuperGPQA, and BBEH.

→ Challenger Learning Impacts

→ Reward design

→ Corpus grounding
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Training Setup

• 20,000 high-quality documents used as the training corpus

• mathematical reasoning (Nemotron-CC-Math) + general reasoning (NaturalReasoning)
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Adversarial Training Dynamics

• Reduced pass rate → Challenger improves

• Increased pass rates → Reasoner improves

Challenger Learning Impact

Corpus Grounding Impact

(c)

(a) (b)

(d)

Insights from Training

• With challenger training → Higher benchmark average

• With corpus → Higher benchmark average
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Insights from Training

Surface-level Question → Complex Multi-step Questions
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Insights from Training

Unstructured Reasoning

Structured Multi-step Reasoning

→
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Evaluation Results
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Ablation Study: Corpus Distribution

How corpus composition affects reasoning?

Insights

• Domain-specific corpora improve performance in respective tasks

Algorithms

• Math + general reasoning corpora yields the best overall results

• With NaturalReasoning only

• With Nemotron-CC-Math only

• NaturalReasoning + Nemotron-CC-Math (SPICE)
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Ablation Study: Task Type

How task formats affect reasoning?

Algorithms

• Multi-choice questions (MCQ) only

• Free-form questions only

• MCQ + free-form (SPICE)

Insights

• Free-form questions enable more flexible reasoning

• MCQ + Free-form achieves the best overall performance

• MCQ provides clear answer space and stable evaluation
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Ablation Study: Challenger’s Reward

How challenger reward design affects training?

• Binary correctness reward

• Difficulty-based reward

• Variance-based reward (SPICE)

• Binary reward provides weak learning signals

• Variance-based reward generates diverse and informative challenges

Insights

Algorithm

• Difficulty-aware reward encourages harder questions
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Conclusions

Key Findings from Experiments

• Adversarial challenger-reasoner dynamics create an effective automatic curriculum

• SPICE consistently outperforms prior self-play methods across multiple models

• Corpus-grounded self-play significantly improves reasoning performance

• Pure self-play tends to stagnate due to hallucination and information symmetry

What These Results Suggest

• External grounding is critical for sustained self-improvement

• Large corpora can act as an open-ended learning environment

• No direct comparison with GRPO trained on curated datasets

• Requires access to large external corpora

Limitation
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Personal Takeaway

• Future LLM training may rely on self-generated tasks rather than curated datasets

• This work connects to the trend of self-improving reasoning systems for LLMs

• External knowledge grounding can act as a learning environment

Future Works

Personal Takeaway

• Hybrid training with curated reasoning datasets

• Exploring richer learning environments

• Corpus grounding introduces a new paradigm of self-play RL algorithms

• Moving beyond math and general reasoning benchmarks to specialized tasks
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