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Diffusion Language Models

1. Background
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MDLM
(Sahoo et al., 2024)

Diffusion-LM
(Li et al., 2022)

Li et al., “Diffusion-LM Improves Controllable Text Generation”, NeurIPS, 2022. Li et al., “Diffusion-LM Improves Controllable Text Generation”, NeurIPS, 2024.

A Diffusion Language Model is a language model that generates text by iteratively denoising 
noise into coherent sequences, analogous to how diffusion models generate images from noise.



Controllability Challenge in DLMs
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With their iterative denoising and bidirectional context, diffusion language 
models (DLMs) enable fine-grained and flexible control over text generation.

However, major limitations remain:

(1) Low fluency — weak token dependency

(2) High computational cost — hundreds of steps

We argue that these issues stem from 
uniform, context -agnostic updates.



Our Contribution

1. Background
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Goal: Achieve stable and controllable text generation  
by preserving guided edits across timesteps.

Our Contributions:

1. Identify update-forgetting  as the key bottleneck in 
controllable diffusion text generation.

2. Propose TTA -Diffusion — an inference-time method 
that allocates timesteps per token for stable control.

3. Demonstrate improved controllability, fluency, and 
efficiency across tasks and domains.



Diffusion Fluctuation

2. Motivation
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• Each diffusion step introduces small perturbations to tokens.

• When fluctuations grow large, sentences lose coherence and fluency.

• Strong correlation observed: higher fluctuation → higher perplexity .

->   Indicates instability in token transitions harms generation quality.



Update Forgetting

2. Motivation
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• Guided edits made at one step often fade in later steps.

• Classifier confidence drops when key tokens are overwritten.

This causes semantic drift and 
loss of control accuracy.

Need for preserving guided 
token updates  across timesteps



Token Timestep Allocation (TTA-Diffusion)

3. Method
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• We propose a soft ordering based on timesteps, applied only during inference time.

• Each token has its own refinement rate, allowing flexible and continuous updates.

Core Idea:

• Assign a per-token timestep:

𝑡𝑖 = 𝑓(𝑖, 𝑡)

Large 𝑡𝑖 -> higher noise -> stronger denoising

Small 𝑡𝑖 -> lower noise -> weak denoising

• This enables token-wise control in inference time



Semantic-based Adaptive Allocation

3. Method
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• Fixed schedules might ignore semantic importance

• Some tokens (e.g., sentiment words) should stay stable, others can change

Core Idea:

• Use classifier gradients to measure token importance.

• High gradient -> token has already been refined much -> assign smaller 
timestep



Results: Controllable Text Generation

4. Experiments
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• We evaluate on detoxification and sentiment control , showing that TTA -Diffusion 
improves both control accuracy and fluency (lower perplexity).



Results: Effect of TTA & Transferability

4. Experiments
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For more detailed and interesting results, please check out our paper!



Thank you!
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