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1. Background

Diffusion Language Models

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.

Diffusion-LM MDLM
(Li et al., 2022) (Sahoo et al., 2024)
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1. Background

Controllability Challenge in DLMs

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

Input Condition Diffusion Backward Pass Generated Text HOWEVE r' majOr |imitatiOnS remain:

“Generate a
positive sentence —
about a cat.”
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my cat.” (1) Low fluency — weak token dependency

(2) High computational cost — hundreds of steps

Denoising Step Guided Update Denoising Step

Diffusion LM —+ Classifier Diffusion LM - l

“lamacat.”  “Ilove my cat.” “I hate my cat.”

Model might forget We.argue that these Issues stem from
previous updates Unlform, ConteXt'agn05t|C updateS. Q
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1. Background

Our Contribution

Goal: Achieve stable and controllable text generation
by preserVing gl‘”ded edits aCross timeStepS' Prefix: “The lake” Condition: Positive steer

Our ContributionS: Input for the timestep T:

“The lake be clean, and food is plentiful — this is... ”

1. Identify update-forgetting as the key bottleneck in |
controllable diffusion text generation. Output of the denoising step:

without allocation:

2. Propose TTA-Diffusion — an inference-time method “The lake is dirty, and food is scarce — that’s what...”
that allocates timesteps per token for stable control.

with allocation:
3 Demonstrate |mproved Controua b|||ty fluency and “The lake is clean, and food is plentiful — that’s what... ”
* 1 1
efficiency across tasks and domains.
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2. Motivation

Diffusion Fluctuation

« 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.
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Figure 2: Fluctuation vs. perplexity across timesteps. At each timestep ¢, samples are grouped by
fluctuation ratio, showing that higher fluctuation is consistently associated with higher perplexity. o
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2. Motivation

Update Forgetting

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.
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Need for preserving guided
token updates across timesteps
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Figure 3: Classifier confi-
dence drop due to update-
forgetting.
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3. Method

Token Timestep Allocation (TTA-Diffusion)

« 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: Constant Linear
’ Token position Token position :
« Assign a per-token timestep: 1000 0o | [1o0c m : - “ W m
§ <p> <p> < : : <p- :
ti=f@t) £ % ;.u
5 50 (500 ] [s00 ] |I| o] [Gsoo] m
Q She likes like ! I 1 like pizza
= _ She likes lke !
Large t; -> higher noise -> stronger denoising 3 - ? fm m ‘hkc pm -
I Small t; -> lower noise -> weak denoising |I| [o ][0 ] m
love pizza
Every token shares Tokens at the front
« This enables token-wise control in inference time : the same schedule receive lower timegcps




3. Method

Semantic-based Adaptive Allocation

« Fixed schedules might ignore semantic importance
« Some tokens (e.g., sentiment words) should stay stable, others can change Adaptive

Token position

Core ldea: P —

« Use classifier gradients to measure token importance.

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

likes apple

0 o [

g; — Il]ll]j gJ :
He likes apple !

-

max; g; — min; g;
Important tokens
receive lower timesteps

tadaptive

i = Qsmootht + (]- — as]‘nooth)(l — gz)f




4. Experiments

Results: Controllable Text Generation

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

Model Toxicity Sentiment Control
Avg. tox| Max. tox] Dist-37 | Acc? PPL| Dist-31

Auto-regressive Baselines

PPLM : A 7.4 : 42.6
GeDi 2. : : . 79.9
DExperts . : 48. : 83.2
Air-decoding . 4().4 49. 9. 82.6
LM-Steer . 47. 14 .4 : 85.4
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4. Experiments

Results: Effect of TTA & Transferability

(a) Detoxification and sentiment control.
B Constant BE Adaptive
Model T Detoxification Sentiment
Tox.] PPL] Acc.T PPL.
TTA (5000) oo 132 6304 808 473 0.20
+ with schedule = 12.8 70.8 82.1 355

TTA (50) 5 14.0 68.0 83.5 44.0 2 0.15
+ with schedule = 12.5 59.5 85.9 40.2
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0.05

Key Token
Change Ratio

Method Valid (%) Mean Property

D-CBG 989 0.474 800 700 600 00900 [ 800 700

+ Adaptive 998 0.494 Timestep Timestep
10 D-CBG 721 0.585 |

+ Adaptive 756 0.591 (a) (b)

0.00

For more detailed and interesting results, please check out our paper!
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Thank you!

Woojin Kim, Jaeyoung Do"
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ECE, Seoul National University
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