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SPG: Sandwiched Policy Gradient with Evidence Bounds

A Tractable Evidence Upper Bound

A principal challenge in RL for diffusion large language models 
(dLLMs) is the computationally intractable log-likelihood, 
which is essential for accurate policy gradient estimation. Prior 
work applies the evidence lower bound (ELBO) or a one-step 
estimation as a surrogate for true likelihood, while leads to 
misaligned gradient.
We propose SPG to reduce bias by optimizing sandwiched 
variational bounds based on reward.

Block-Wise Masking Strategy for Monte Carlo Estimation

The commonly applied state-of-the-art inference 
strategy for dLLMs is block-wise semi- 
autoregressive unmasking, which is used 
during policy rollout.
To better align data distributions between policy 
rollout and optimization, we adopt a block-wise 
masking strategy instead of random masking 
for Monte Carlo estimation of ELBO and EUBO.

Results on Four Reasoning Benchmarks

Mixture of lower and upper bound as an estimation leads to 
1) confidence-aware weighting and 2) lower variance and more stable training.

Mixture of Upper and Lower Bound for Negative Advantage Traces

ELBO:
EUBO: ?

Ablations on Algorithm Components

1) Log-likelihood estimation methods for 
negative advantage traces.

2) Masking strategies in Monte Carlo estimation.

Ablations on Key Hyperparameters Ablations on Inference Strategies

Results on Coding

We apply two practical 
tricks to stablize the 
training:
1) Mixture of upper 
and lower bound for 
negative advantage 
traces and 
2) Block-wise masking 
strategy for Monte 
Carlo estimation.


