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Overview

Scale up RL with unlabeled data to turn more computation into intelligence, and move toward
the RL-driven self-evolution method.
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Unlabeled Data (e.g., Test Data)

Pre-Training Data Labeled Data

TTRL estimates rewards via majority voting
on unlabeled data for RL training.
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Experiments & Analysis

We study the problem of training a pre-trained model during test time using RL without
ground-truth labels. We call this setting Test-Time Reinforcement Learning.
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Figure 1 | Overview of the survey. We introduce the foundational components of RL for LRMs,
along with open problems, training resources, and applications. Central to this survey is a focus on
large-scale interactions between language agents and environments throughout long-term evolution.



