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Reinforcement Learning from Verifiable Rewards (RLVR) 

Background

Tulu 3: Pushing Frontiers in Open Language Model Post-Training
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning
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Reinforcement Learning from Verifiable Rewards (RLVR) 

Background

Equation 2
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Self-play for self-improvement

Background

SPC: Evolving Self-Play Critic via Adversarial Games for LLM Reasoning
Language Models Can Teach Themselves to Program Better
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Introduction

Intuition: LMs can autonomously learn to define & solve challenging tasks.
Task: Code reasoning – 

Fill-in any element of the triplet:
{program, inputs, outputs}

Predominant approaches: 

● Supervised Fine-Tuning (SFT): requires strongly supervised task-rationale-answer demonstrations.
● RLVR: Generally uses expert-curated task-answer datasets, limiting scalability.

Limitation: Existing approaches are expensive & limited in scalability.
● Remove expert data-curation constraint – much cheaper.
● Remove data availability bottleneck – can theoretically learn infinitely.

This paper: 
Can we self-learn problem 
creation & solving using a 
grounded environment?
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Figure 3

Absolute Zero Overview
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Absolute Zero

The model simultaneously:

● Proposes tasks:

○ .

○

● Solves them:

○

And learns from both stages:

● Learnability reward:

○

○ How much can       improve by solving      ?  

● Solution reward:

○ .

○ How correct is    ?

Section 2.2

Two roles
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Absolute Zero

Equations 4, 5 & 3.

Two roles
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Absolute Zero Three tasks

Figure 4
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Absolute Zero Three tasks

Abduction:

Predict input given program & output.

Induction:

Predict program given n input-output pairs, and 

a natural-language description m.

Deduction:

Predict output given program & input.
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Absolute Zero

Task buffers:

● Problem caches for each task. (all the same size, 4 x Batch Size)

● Generated by the LLM:

○ Deduction & Abduction buffers generated as (p,i) pairs.

○ These are passed to e to get (p, i, o) triplets.

○ Sample from this & generate m to create Induction buffer.

Task Validation:

● Program Integrity

● Program Safety

● Program Determinism

Section 3.3

Algorithm

TRR++
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Absolute Zero

Section 3.3

Results
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Absolute Zero

Figure 6

Results
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Absolute Zero

1. Performance comparison: AZR-ed vs. RL-ed models (ie. with expert data)? 

○ AZR is SoTA; maintains performance cross-domain unlike other RL-ed models.

2. Initializing AZR from base vs. coder? 

○ AZR Coder is SoTA & surprisingly surpasses (non-AZR) Coder on math.

3. Does model size affect generalization?

○ AZR helps more when the base model is larger.

● Interesting behaviors/patterns:

○ Intermediate planning during code response

○ Cognitive behavior in Llama

○ Token length increase depends on task type.

Section 3.3

Research Questions
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Absolute Zero

Figure 34 & 8

Results
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Absolute Zero

Section 2.2

Algorithm


