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Motivations: Rethinking Current Paradigms of LLM Reasoning
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• Not good at explicit searching, planning, and self-correction over 

iterative forward passes.

• External tools or workflows are utilized to tackle this, such as CoT, 

test-time scaling, agent, etc.

• Can we enable LLMs to have these capabilities built-in internally, 

using more efficient and expressive way than CoT?
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Background

❖ Autoregressive LLM

❖ Empirically successful

❖ Fundamental limitations in some hard / structured tasks

❖ Diffusion language model

❖ Mostly discrete diffusion (mainly masked diffusion)

❖ Capable of any-order generation
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Why Diffusion Language Models?

❏ Bidirectional attention?

❏ Any-order generation?

❏ Self-correction?

❏ Multi-token prediction?

❏ …

In this talk: expressivity (function class and computation complexity theory)
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Why Not Masked Discrete Diffusion Models?

❖ Limited expressivity due to finite discrete states

❖ Underusing historical information

➢ [M] not unmasked: no token-level information gain

➢ [M] unmasked: cannot be corrected

❖ “Randomized BERT” (SDE only)

In this talk: new diffusion modeling paradigms (hierarchical and continuous)

Cai Zhou    MIT CSAIL    https://homepage.zhouc.ai HDLM & CCDD Slide  5



Rethinking Current Paradigms of LLM Reasoning
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HDLM relax discrete recursive reasoning with

intermediate anchors,

... but still within the discrete framework

Can we move to the fully continuous regime?
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Rethinking Current Paradigms of LLM Reasoning
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Preliminary

❖ CTMC and discrete diffusion

❖ ODE/SDE and continuous diffusion

❖ Looped transformers: 
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CCDD: Theoretical Expressivity

❖ For fair comparison:

➢ Same architectures and parameter counts

➢ Up to slight difference in the first encoding layer and the last decoding layer

❖ Measure the computation complexity required to solve certain problem

➢ Transformers with CoT lie in TC0, looped transformers lie in TC1

➢ Complexity for graph reachability problems or formal language recognition 

with size n: O(n) for CoT, log(n) for LT [1]

➢ Scaling the depth (LT) is more efficient than scaling the context length (CoT)
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[1] William Merrill and Ashish Sabharwal. A little depth goes a long way: The expressive power 

of log-depth transformers. arXiv preprint arXiv:2503.03961, 2025.



CCDD: Theoretical Expressivity

★ CDM > DDM

Proof Sketch: DDM is always finitely supported and discards full logits in sampling

★ CDM > LT
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CCDD: Theoretical Expressivity

★ CDM > DDM

★ CDM > LT
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Proof Sketch: Construct the ODE Euler steps as LT iterations. 

CDM is more expressive thanks to timestep embeddings, stochastic injected noises, 

and flexible sampling procedures (test-time scaling).



CCDD: Practical Trainability

★ CDM > LT

★ DDM > CDM
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Remark: CDM provides intermediate supervision on the SDE/ODE path; 

LT typically only supervises the final rollout states



CCDD: Practical Trainability

★ CDM > LT

★ DDM > CDM 

○ Probability simplex: high dimension

○ Token-wise embedding: low-quality 

representation; less expressive

○ Contextualized embedding: 

combinatorial decoding complexity 
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Large decision space makes 

optimization and sampling harder!



Coevolutionary Continuous Discrete Diffusion
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Coevolutionary Continuous Discrete Diffusion

Remark: factorization is an efficient and sufficient parameterization that indeed captures 
the cross-modal dependency!

Cai Zhou    MIT CSAIL    https://homepage.zhouc.ai HDLM & CCDD Slide  17



❖ Joint diffusion process over the union of the discrete and continuous space

❖ Forward process:

❖ Reverse process:

❖ Training loss:

Coevolutionary Continuous Discrete Diffusion
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CCDD: Architecture
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❖ Selection of representation space: Qwen3-Embedding. 

➢ Representation alignment for acceleration: REPA [1], REED [2]

➢ Representation guidance: REED [2], RCG [3]

❖ Asynchronous noise schedule

CCDD: Implementation
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[1] Sihyun Yu, Sangkyung Kwak, Huiwon Jang, Jongheon Jeong, Jonathan Huang, Jinwoo Shin, and Saining Xie. 

Representation alignment for generation: Training diffusion transformers is easier than you think. ICLR 2025.

[2] Chenyu Wang*, Cai Zhou*, Sharut Gupta, Zongyu Lin, Stefanie Jegelka, Stephen Bates, and Tommi Jaakkola. 

Learning diffusion models with flexible representation guidance. NeurIPS 2025.

[3] Tianhong Li, Dina Katabi, and Kaiming He. Return of unconditional generation: A self-supervised representation 

generation method. NeurIPS 2024.



❖ Reduces over 25% valid. ppl. w/ same #params. and almost 0 

computation overheads

❖ Further better performance w/ more #params.

CCDD: Experiments
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CCDD: Experiments
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❖ Classifier-free guidance:

➢ Training: randomly zero-in & zero-

out continuous component

➢ Inference: combine discrete-only 

logits (unconditional)  and joint 

logits (conditional) using CFG 

scale w:

CCDD: Experiments
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❖ Few-step generation:

➢ Lower generative ppl with 8 steps 

than baseline with 256 steps

➢ Capability of global latent planning 

and modeling joint distribution!

CCDD: Experiments
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Axes of Reasoning Model Scaling

CoT: Scaling in length

MDM/LT: Scaling in depth

• Interleave between these two axes extends the boundary of reasoning
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Summary: Rethinking Current Paradigms of LLM Reasoning
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Thank you!
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