
Why Distribution Matching?

REINFORCE++, PPO, and GRPO all share the same
objective: maximize expected reward. This drives the
policy toward a single high-reward mode, ignoring
equally valid but different reasoning paths.

We propose to instead match the full reward
distribution  preserving diversity by design.

Our Approach

We introduce a learnable partition function Z (x)
that normalizes rewards into a proper distribution,
then train the policy  to match it via reverse KL:

Training pipeline:

Z : 3-layer MLP  ·  veRL framework  ·  =15  ·  rollout n=8  ·  max 8K tokens

min DKL( (y x) exp( r(x, y))
Z (x) ) exp( r)
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Theoretical Foundation

Proposition 1 (Sec. 3.2).  In terms of expected
gradients, minimizing the KL divergence above is
equivalent to minimizing the GFlowNet trajectory
balance loss:

Two practical issues arise when applying this to LLMs:

1.  Exploding gradients: log  grows with sequence
     length. We apply length normalization.

2.  Off-policy mismatch: trajectory balance requires on-policy
     samples. We use clipped importance weights.

DKL( e r

Z ) (log Z + log r)2

Final objective:

= w (log Z + 1
|y| log r 1

|y| log ref)2

Reasoning Diversity

We measure diversity by asking GPT-4o-mini to judge
whether Avg@16 rollouts on AIME 24/25 yield genuinely
different solution strategies (not just rephrasing).
FlowRL roughly doubles the diversity of all baselines.
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Summary

1.  We reframe LLM RL as distribution matching rather than reward maximization.

2.  Proposition 1 connects KL minimization to GFlowNet trajectory balance.

3.  FlowRL outperforms GRPO by +10.1 and PPO by +5.1 across 6 math benchmarks.

4.  Solution diversity roughly doubles versus all baselines tested.
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