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This work

Wan, Z. et al. “Discrete guidance matching: Exact guidance for discrete flow matching.” ICLR 2026. 
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Application Example #1: Text-to-Image Generation

Application Example #2: Multimodal Understanding



Outline

• A brief introduction of discrete flow models

• Proposed algorithm: density-ratio based exact guidance

• Numerical experiments
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Discrete Flow Models

• Continuous Time Markov Processes
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Transition rate 
(to be learned)

Noise Data

Campbell, A. et al. “Generative flows on discrete state-spaces: Enabling multimodal flows with applications 
to protein co-design. ICML 2024. 
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learned denoising model 



Main insights for guidance
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Suppose that the conditional probability path of the source distribution 
𝑝𝑡|1 and the target distribution 𝑞𝑡|1 are the same for any t. Then we have

 

where 𝑟 ⋅ = 𝑞1(⋅)/𝑝1(⋅) is the density ratio.
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where 𝑟 ⋅ = 𝑞1(⋅)/𝑝1(⋅) is the density ratio.

Density Ratio
𝑟 𝑥 = 𝑞1(𝑥)/𝑝1(𝑥)

Pre-trained model
𝑝1|𝑡(𝑥1|𝑥)

Guidance
ℎ𝑡(𝑥)

Target model
𝑞1|𝑡(𝑥1|𝑥)

(Approximated by a neural network)



In Practice: Factorized Velocities

• Generate 1000 tokens:
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Intractable

Campbell, A. et al. “Generative flows on discrete state-spaces: Enabling multimodal flows with applications 
to protein co-design. ICML 2024. 
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In Practice: Factorized Velocities

• Generate 1000 tokens:
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Intractable

𝒅-th coordinate

Campbell, A. et al. “Generative flows on discrete state-spaces: Enabling multimodal flows with applications 
to protein co-design. ICML 2024. 



Main results

8

Informal Theorem
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• Train a guidance network to approximate the guidance term

Bregman Divergence



Sampling Algorithm
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Sampling Algorithm
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𝑥𝑡+ℎ𝑥𝑡

𝑥1 ∼ 𝑞1|𝑡
𝜃 (𝑥1|𝑥𝑡)

𝑥0 𝑥1



Special Cases

10



Simulation

• Sample space
• Source distribution 𝑝1; Target distribution 
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Real data

• Visual Generation Performance on the GenEval Benchmark. 
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A beautiful modern 
wooden house …



Real data

• Multimodal Understanding Performance on Various Benchmarks.
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Q: Is the phone 
number in…?



Comparison to literature

• Discrete Diffusion / Flow Models
• Discrete diffusion models [Austin et al, NeurIPS 2021] [Campbell et al, NeurIPS 

2022] [Sun et al, ICLR 2023] [Lou et al, ICML 2024] etc.
• Discrete flow matching / CTMC models [Gat et al, NeurIPS 2024] [Campbell et al, 

ICML 2024] [Shaul et al, ICLR 2025] etc.
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Guidance Method Exact Guidance # of Function Calls

Posterior-Based (Ours) 1

Rate-Based [Nisonoff et al, 
ICLR 2025]

First-Order Approximated 
[Schiff et al, ICLR 2025] 
[Vignac et al, ICLR 2023] etc.

2



Summary

Guidance 
Network

• Derive the exact guidance for discrete 
flow-based models, steering a pre-
trained generation process toward the 
target distribution

• Efficient to compute: a single forward 
pass in each sampling step

• Unified framework: with many existing 
guidance methods as special cases.
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Density 
Ratio
𝑟 𝑥

Zhengyan Wang, Yidong Ouyang, X., Fang Fang, Hongyuan Zha, and Guang Cheng. “Discrete guidance 
matching: Exact guidance for discrete flow matching.” ICLR 2026, also on arXiv:2509.21912. 

Thanks!
liyanxie@umn.edu
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