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Is Structural Bias Helpful?





Autoregressive LLMs

Instruction: Put salt on steak

<latexit sha1_base64="76Orx9P5DW+0fVH2AS8H565G94c="></latexit>

p( “Go to the shelf.” | “There is a shelf in front of you.”)

<latexit sha1_base64="Y9Kz2d3CGNMma530AfJTCoIMzRc="></latexit>

p( “Pick up the saltbottle.” | “Go to the shelf. A saltbottle is on the shelf.”)

Change Ma et at., Language Model Non-Myopic Generation for Reasoning and Planning, ICLR 2025



Autoregressive LLMs

Instruction: Put salt on steak

<latexit sha1_base64="76Orx9P5DW+0fVH2AS8H565G94c="></latexit>

p( “Go to the shelf.” | “There is a shelf in front of you.”)

Change Ma et at., Language Model Non-Myopic Generation for Reasoning and Planning, ICLR 2025
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p(“Pick up the spicebottle” | “Go to the shelf. A spicebottle is on the shelf.”)



The Planning task
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(a) Accuracy of different 
method given 50k 
training data.

(b) Minimum data size 
required to solve (i.e., 
accuracy above 90\%) 
subgoal at each planning 
distance.

Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025
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3*13-39,9+10-19,39-19-24	
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Countdown Game



Shanghai is the largest city in the world

Iterative Refinement

Tokyo is the largest city in the world

[mask] [mask] [mask] [mask] [mask] [mask] [mask] [mask]

Parallel Generation

Non-autogressive Text Generation

In a different “family” of p(x) than the autoregressive ones
https://iclr-blogposts.github.io/2024/blog/diffusion-theory-from-scratch/



Non-autogressive Neural Machine Translation

Jiatao Gu, et al., Non-autogressive Neural Machine Translation, ICLR 2018

“Modality Conflicts”

many thanks	
thank you thank thanks



Diffusion Models
Forward-backward formulation 

The forward process gradually injects noise to the input	
The backward process denoises to recover the original data	

“Creating noise from data is easy; creating data from noise is generative modeling.” (Song et al., 2021)

CVPR 2022 tutorial on Denoising Diffusion-based Generative Modeling: Foundations and Applications	

<latexit sha1_base64="9q/Yf9jp49Jab5b2meWVtxekmL8="></latexit>

p✓(xt�1 | xt) ⇡ q(xt�1|xt)



Text Diffusion Models

Continuous Diffusion Discrete Diffusion



Text Diffusion Models

Xiang Lisa Li, et at., Diffusion-LM Improves Controllable Text Generation, NeurIPS 2022



Discrete Diffusion - Forward Process
<latexit sha1_base64="OlK1uLIimk9tYaLdE8OBjG3RkVo="></latexit>

q(x0) = pdata(x)
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q(xt | xt�1) = �txt�1 + (1� �t)qnoiseNoise:

Enjoys closed-form “marginal” distribution:

<latexit sha1_base64="6NhdJ0CMcgYMAzrI4m8YqUOtkHg="></latexit>

qnoise =
1

K
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qnoise = �([M])

“Multinomial” “Absorbing”



Discrete Diffusion - Learning
<latexit sha1_base64="9q/Yf9jp49Jab5b2meWVtxekmL8="></latexit>

p✓(xt�1 | xt) ⇡ q(xt�1|xt)Goal:

“Multinomial”

“Absorbing”

Enjoys closed-form “marginal” distribution:



Reparameterized Discrete Diffusion (RDMs)

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024

“Multinomial”

“Absorbing”

Key Observation:



Sampling Reparameterization

“Sampling from a mixture distribution”

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



Sampling Reparameterization

Reveals a latent routing mechanism

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



Training RDMs

Trained with ELBO:

Evaluated at noisy tokensTime-dependent weighting Simple Cross-Entropy Loss
<latexit sha1_base64="TPCLAnE7t/j2owcxTqQsEHbv0pg="></latexit>

�(2)
t�1 = 1� t� 1

T

Router-agnostic

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



Decoding RDMs

Confident-based Router

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



Experimental Results of RDMs
Close the gap with autoregressive models (Machine Translation)

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



Experimental Results of RDMs
Fix previously made errors in where vanilla discrete diffusion models get stuck

Lin Zheng et at., A Reparameterized Discrete Diffusion Model for Text Generation, COLM 2024



The Planning task (Revisit)
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Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025
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Effective Hard Subgoal Learning

Loss for a specific hard subgoal, i.e., PD=3, in 
Diffusion and AR modeling.

<latexit sha1_base64="dXnuektT+1JiIj1qS6q2KZTfvpw="></latexit>
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Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025



Effective Hard Subgoal Learning

unweighted loss 
<latexit sha1_base64="qYxtnLO5+5cBeQfPW+zhArAuvQ8="></latexit>
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Effective Hard Subgoal Learning

unweighted loss 
<latexit sha1_base64="qYxtnLO5+5cBeQfPW+zhArAuvQ8="></latexit>

u(x0,xt, n;✓)

a diverse range of interrelated objectives 
(Multi-view learning)
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Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025



Discrete Diffusion Models for Countdown
<latexit sha1_base64="Sau8pePgMHOBskPK2htNRujyjbU="></latexit>
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v(xt,n) = ↵(1� exp(�u(·)))�

Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025



Discrete Diffusion Models for Sudoku
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v(xt,n) = ↵(1� exp(�u(·)))�

Jiacheng Ye, Jiahui Gao et at., Beyond Autoregression: Discrete Diffusion for Complex Reasoning and Planning, ICLR 2025



Implicit Search via Discrete Diffusion Models

Jiacheng Ye et at., Implicit Search via Discrete Diffusion: A Study on Chess, ICLR 2025
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Autoregressive LLMs

Change	Ma	et	at.,	Language	Model	Non-Myopic	Generation	for	Reasoning	and	Planning,	ICLR		2025



DreamVLA — Vision-Language-Action Model



DreamVLA



DreamVLA
With Bidirectional Attention, 
Global planning, and Native 
Action Chunking, as chunk 
size grows, AR collapses. 
Dream-VLA improves — 97.2% 
LIBERO, 71.4% WidowX.



Dream-Coder 7B 

Dream-Coder 7B, the first fully open-source diffusion LLM for code that 
provides complete transparency throughout its development pipeline, with all 
components publicly available -- data processing scripts, implementation code, 
and model weights.



Dream-Coder 7B 

Sketch-First Generation (from LiveCodeBench)

Left-to-Right Generation (from BigCodeBench)

Interleaved Reasoning Generation (from CRUXEval)



Discrete Diffusion: Fixed-Size Canvas



Discrete Diffusion: Fixed-Size Canvas

With too few masked tokens, diffusion models 
lack sufficient room for meaningful code infilling.

Too many masked tokens cause overgeneration of 
unnecessary code snippet depth > 0 that is incorrect.

Code infilling becomes meaningless given the oracle length.



Discrete Diffusion: Fixed-Size Canvas

<latexit sha1_base64="OubHYpNXbUHzbawIsflH11cpMho="></latexit>

Models
Initial Mask Length

Avg. Oracle

4 8 16 32 64

Dream-Coder-7B 24.9 61.2 72.6 62.4 55.5 55.3 93.3



Self-infilling Code Generation (AR solution)
<prefix> … </prefix> <suffix> … </suffix><middle> … </middle>

Lin Zheng et at., Self-Infilling Code Generation, ICML 2024



DreamOn: Go Beyond Fixed-Size Canvas



DreamOn: Go Beyond Fixed-Size Canvas

<latexit sha1_base64="qtTiFWZRqjxT8zyBU6YvgSKybaA="></latexit>

Models
Initial Mask Length

Avg.
4 8 16 32 64

Dream-Coder-7B 24.9 61.2 72.6 62.4 55.5 55.3

DreamOn-7B 88.7 90.6 91.0 91.6 92.1 90.8



Text Diffusion Models

Xiang Lisa Li, et at., Diffusion-LM Improves Controllable Text Generation, NeurIPS 2022



Classifier Guidance

Sumanth Dathathri, et at., Plug and Play Language Models: A Simple Approach to Controlled Text Generation, ICLR 2020



Sequence to Sequence Text Diffusion

“Seq2Seq” tasks: x→y

Shansan Gong, et at., DiffuSeq: sequence to sequence text generation with diffusion models, ICLR 2023



Sequence to Sequence Text Diffusion

Shansan Gong, et at., DiffuSeq: sequence to sequence text generation with diffusion models, ICLR 2023
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Sequence to Sequence Text Diffusion

Shansan Gong, et at., DiffuSeq: sequence to sequence text generation with diffusion models, ICLR 2023

<latexit sha1_base64="qKl1fJgPrJbhlrQ/TXK91MJDe3k="></latexit>

Statement: The Japanese yen is the o�cial and only currency recognized in Japan.
Question: What is the Japanese currency?

GPVAE-T5 NAR-LevT
* What is the japanese currency * What is the basic unit of currency for Japan ?
* What is the japanese currency * What is the basic unit of currency for Japan ?
* What is the japanese currency * What is the basic unit of currency for Japan ?

GPT2-large finetune Di↵uSeq
* What is the basic unit of currency for Japan? * What is the Japanese currency
* What is the Japanese currency * Which country uses the “yen yen” in currency
* What is the basic unit of currency for Japan? * What is the basic unit of currency?

Diversity Ensures Quality



Accelerated Seq2Seq Diffusion Models

Training
Discrete noise: replace the embedding of one 
token with [mask] token’s embedding. 4x ⬆ 
(fp16)

Sampling

Use DPM-solver to speedup generation.  	
800x ⬆ (fp16)

Shansan Gong, et at., DiffuSeq-v2: Bridging Discrete and Continuous Text Spaces for Accelerated Seq2Seq Diffusion Models, EMNLP 2023 Findings



Diffusion of Thoughts (DoTs)

Jiacheng Ye, Shansan Gong, Liheng Chen et at., Diffusion of Thoughts: Chain-of-Thought Reasoning in Diffusion Language Models, NeurIPS 2024

Diffusion of Thoughts



Jiacheng Ye, Shansan Gong, Liheng Chen et at., Diffusion of Thoughts: Chain-of-Thought Reasoning in Diffusion Language Models, NeurIPS 2024

Diffusion of Thoughts
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Models
4⇥ 4 Mult. 5⇥ 5 Mult. Boolean logic GSM8K-Aug

Acc Throughput Acc Throughput Acc Throughput Acc Throughput

Chain-of-Thoughts (CoT)
GPT2-medium 100 1.2 100 0.8 100 0.5 43.9 1.1
GPT2-large 100 0.8 99.3 0.6 100 0.3 44.8 0.7

Di↵usion-of-Thoughts (DoT)
SEDD-small 100 59.2 100 55.5 100 33.3 45.3 (51.8) 1.0
SEDD-medium 100 31.8 100 28.5 100 17.2 53.5 (59.4) 0.5



“Imagine people who could only think aloud.  

(As there are people who can only read aloud.)”

— Philosophical Investigations, §331, 1953

Ludwig Wittgenstein



All the 
blogs 
are here.


