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Overview

• Background

• Foundations for Masked Diffusion Model

• Science Challenges 

▪ Generation order matters: Topk and Topk-Margin

▪ Generate and then fix: Remasking strategy



● Masked diffusion models (MDMs) are recently emerged as a powerful class of 

generative models for language and image generation tasks.
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Background - MDMs

Khanna et al. (2025). Mercury: Ultra-Fast Language Models Based on Diffusion. ArXiv, abs/2506.17298.
Song et al. (2025). Seed Diffusion: A Large-Scale Diffusion Language Model with High-Speed Inference.
Yang et al. MMaDA: Multimodal Large Diffusion Language Models. ArXiv, abs/2505.15809.



● Fast generation speed

4

Background - The Advantage of MDM: Efficiency 

Wang et al. (2025). Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing.
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Yang et al. (2025). MMaDA: Multimodal Large Diffusion Language Models. ArXiv, abs/2505.15809.

Text -> text 

Text + image -> text 

Text -> image

The Advantage of MDM: One model for …
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Multimodal Masked Diffusion Model

Yang et al. (2025). MMaDA: Multimodal Large Diffusion Language Models. ArXiv, abs/2505.15809.
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Generation Order

[1]: Jaeyeon et al. Train for the worst, plan for the best: Understanding token ordering in masked diffusions. ICML 2025 outs tanding paper.
[2]: Zemin  et al. Reinforcing the diffusion chain of lateral thought with diffusion language models. ArXiv, abs/2505.10446, 2025.
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Current Performance of MDM

LLaDA is an open source large scale MDM trained 2.3 trillion tokens with 0.13 million H800 GPU hours

Nie et al. (2025). Large Language Diffusion Models. ArXiv, abs/2502.09992.
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SOTA Performance on Text-to-Image Generation

Yang, L., Tian, Y., Li, B., Zhang, X., Shen, K., Tong, Y., & Wang, M . (2025).  M MaDA: Multimodal Large Diffusion Language M ode ls. ArXiv, abs/2505.15809.
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SOTA Performance on Multimodal Understanding

Yang, L., Tian, Y., Li, B., Zhang, X., Shen, K., Tong, Y., & Wang, M . (2025).  M MaDA: Multimodal Large Diffusion Language M ode ls. ArXiv, abs/2505.15809.
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Masked Diffusion Models: How does it work
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Think of it like a game:

1. I take a clean photo

2. I add random static/noise to it

3. I show you the noisy photo and tell you HOW MUCH noise I 

added

4. Your job: tell me exactly WHAT noise I added

If you can do that perfectly, I can subtract the noise

and recover the clean photo!

Why it works



Continuous Discrete

Data Real-valued Categorical tokens

Corruption Add Gaussian noise Replace with [MASK]

Model predicts The noise ε that was added The original token x₀

Loss MSE: ‖ε - ε_θ‖² Cross-entropy: -log p_θ(x₀)

Generation Gradually remove noise Gradually unmask tokens

Comparing to Masked Diffusion (MDLM)

The core principle is identical — corrupt data gradually, learn to reverse the corruption — but the mathematical 

details differ because continuous noise and discrete masking require different tools.
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Masked Diffusion Models: How does it work
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Background on Masked Diffusion Model

Forward 
process

Reverse 
process

Training objective

Image credit to Ho et al. (2020). Denoising Diffusion Probabilistic Models. NeurIPS 
2020.



Forward

Think of a timeline from t=0 (clean) to t=1 (fully masked). At any time t, each token is 

independently masked with probability (1 - αₜ), where αₜ is a noise schedule that goes from α₀ 

≈ 1 (almost no masking) to α₁ ≈ 0 (everything masked).

"The cat sat on mat"

t = 0.0 (clean):     "The"   "cat"   "sat"   "on"    "mat"

↓       ↓       ↓       ↓       ↓

(each token independently: keep with prob αₜ, mask with prob 1-αₜ)

t = 0.2 (αₜ≈0.8):   "The"   "cat"   [M]     "on"    "mat"     ← ~20% masked
t = 0.5 (αₜ≈0.5):   [M]     "cat"   [M]     "on"    [M]       ← ~50% masked
t = 0.8 (αₜ≈0.2):   [M]     [M]     [M]     "on"    [M]       ← ~80% masked
t = 1.0 (αₜ≈0.0):   [M]     [M]     [M]     [M]     [M]       ← 100% masked

q(zₜⁱ | xⁱ) = Cat(αₜ · e_{xⁱ} + (1 - αₜ) · e_{[M]})



Reverse
Step 0 (t=1.0):  [M]    [M]    [M]    [M]    [M]

↓ Model predicts probabilities for all positions

↓ Select some positions to unmask

Step 1 (t=0.8):  [M]    [M]    [M]    "on"   [M]      ← "on" was easy/confident

↓ Model now sees "on" as context

Step 2 (t=0.5):  [M]    "cat"  "sat"  "on"   [M]      ← more context helps

↓

Step 3 (t=0.2):  "The"  "cat"  "sat"  "on"   [M]

↓

Step 4 (t=0.0):  "The"  "cat"  "sat"  "on"   "mat"    ← done!

If zₜⁱ ≠ [M] (already unmasked): q(zₛⁱ | zₜ, x⁰) = Cat(e_{zₜⁱ}) -> That is, just keep the token unchanged.

If zₜⁱ = [M] (still masked): q(zₛⁱ | zₜ, x⁰) = Cat( ((1 - αₛ)/(1 - αₜ)) · e_{[M]} + ((αₛ - αₜ)/(1 - αₜ)) · e_{x⁰ⁱ} )

That is:

● Stay masked with probability (1 - αₛ)/(1 - αₜ)

● Get unmasked to the true token with probability (αₛ - αₜ)/(1 - αₜ)



Approximation of the reverse

Since we don't know x⁰ during generation, we replace it with the model's prediction:

p_θ(zₛⁱ | zₜ) = q(zₛⁱ | zₜ, x⁰ ← x_θ(zₜ))

Where x_θ(zₜ) is the denoising neural network that predicts the clean data from the noisy input.

Final Objective

Loss(θ) = E_{t, x₀, xₜ} [ (α'ₜ / (1 - αₜ)) · Σᵢ₌₁ᴸ 𝟙[xₜⁱ = [M]] · (−log p_θ(x₀ⁱ | xₜ)) ]

● t ~ Uniform[0, 1] is a randomly sampled timestep

● x₀ ~ p_data is a clean sample; xₜ ~ q(· | x₀) is the masked version at time t

● α'ₜ = dαₜ/dt is the derivative of the noise schedule

● L is the sequence length



Results - Training on 1B tokens



Results - Scale up to 524B tokens



What’s the problem? - No going back

Reverse 
process

If zₜⁱ ≠ [M] (already unmasked): q(zₛⁱ | zₜ, x⁰) = Cat(e_{zₜⁱ}) -> That is, just keep the token unchanged.



What’s the problem? - No going back

Example: Math problem

Question: "What is 12 + 15 = ?"                     Target output: "1" "2" "+" "1" "5" "=" "2" "7"

Start:  [M] [M] [M] [M] [M] [M] [M] [M]

Bad order — pick the answer digit first (position 7):

Step 1: Pick position 7 → This is the tens digit of the answer

Model guesses → "3"    locked!                                        [M] [M] [M] [M] [M] [M] ["3"] [M]

Step 2: …

Step 3: Until all tokens are unmasked       → "1" "6" "+" "1" "5" "=" "3" "1"

✗ The question was 12+15, not 16+15!                      Cannot fix "31" — it's locked in.



In theory - what is MDM learning

MDM Loss = Order-Agnostic Training

● MDM loss = weighted sum over all 

possible mask patterns M

● ARM: only L subproblems (left-to-

right prefix masks)

● MDM: Θ(L · 2^L) subproblems —

some are inevitably hard

MDM training objective decomposes into a sum over all possible masking patterns. This is equivalent to 
training a model that must work for every possible permutation ordering. ARMs only handle one ordering.



Planning for the best - Adaptive Inference

Vanilla MDM Adaptive MDM

Step (a) S = random subset of masked 
positions

S = F(θ, x_t) — strategically 
chosen

Step (b) Sample x_s^i ~ p_θ(x^i | x_t) Same

● An ideal MDM (perfect on all subproblems) generates correctly regardless of 

unmasking order

● In practice, MDM errors are imbalanced → different orderings give different 

quality

● Solution: Adaptive MDM inference — instead of randomly selecting which 

tokens to unmask, use a strategy:



Planning for the best - Adaptive Inference

● Top-K Probability (Zheng et al., 2023):

○ Certainty at position i = max_j p_θ(x^i = j | x_t)

○ Unmask the K positions with highest max probability

○ Problem: Can be fooled when two values have near-equal high probabilities

● Top-K Probability Margin 

○ Certainty at position i = |p_θ(x^i = j₁ | x_t) − p_θ(x î = j₂ | x_t)|

○ where j₁, j₂ are the two most probable values

○ Unmask the K positions with largest margin

○ Better uncertainty estimate when multiple values compete



Results



But…

If model-logits alone are sufficient? 



Example
Rule: The sequence must alternate between A and B

Valid sequences:  A B A B A B

B A B A B A

Scenario 1: Logits are misleading
Current state:   [M] [M] [M] [M] [M] [M]

Model logits at every position:

Position 1: P(A) = 50%, P(B) = 50%

Position 2: P(A) = 50%, P(B) = 50%

...

Every position looks equally uncertain. The logits say "I have no idea." Top-K or Top-K Margin 

would say: all positions are equally confident — just pick randomly.

But actually:

● If you pick any position and commit to any value, the rest is fully determined!

The logits say "I'm uncertain everywhere" but the right strategy is "just pick anywhere and go."



Why?

The model predicts each position independently:

p_θ(xⁱ | x_t)  ← predicts position i given current 
visible tokens

It does NOT reason about:

● How positions constrain each other

● What happens after committing to a value

● The global consistency of the full sequence



What else can we do?

We capture the error token and then remask it 



What else can we do?

Pretrained MDMs can already detect their own mistakes

Training-Free Self-Correction for Multimodal Masked Diffusion Models. Yidong Ouyang et.al https://arxiv.org/abs/2602.02927

http://et.al


What else can we do?

Previous step:       ["The"][mask][mask][mask]["mat"]

Current sequence:    ["The"]["cat"]["sat"]["on"]["mat"]

↑ position d = 3

Temporarily mask d:  ["The"]["cat"] [M] ["on"]["mat"]

Ask model: p_θ("sat" | ["The"]["cat"][M]["on"]["mat"]) = 0.92 -> high 

If instead position 3 had been wrongly generated as "xyz":

p_θ("xyz" | ["The"]["cat"][M]["on"]["mat"]) = 0.001 → very low = 

likely wrong!

This is the inductive bias the paper exploits — no retraining needed.
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