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Controllable Text Generation

“Generate a sentence 
with a target structure or 

requirement.”

Semantic Content
“Mention Indian food”

Parts-of-speech
Match a POS sequence

Syntax Tree
Follow a parse tree

Syntax Span
Satisfy a syntax span

Length Control
Hit a target length

Infilling
Fill in the middle sentence

One model, many kinds of control



Why are Standard LMs Hard to Control?

Autoregressive LM

● Left-to-right processing

● Local next-token decisions

● Past mistakes are hard to fix

Complex Control Needs

● Global structure (Parse trees)

● Future planning

● Right-context awareness

Local generation is a poor fit for global constraints.

Autoregressive: Local Error Propagation

The barked loudly at

Control: Global Sequence Planning
S

NP VP Target Span



Controlling Frozen Autoregressive LMs

● PPLM: Gradient updates on hidden 
activations to steer next tokens

● FUDGE: Future discriminator 
reweights token predictions during 
decoding

● Fine-tuning Oracle: Retrain or 
update parameters for each 
specific control task

Standard Autoregressive Pipeline

Frozen AR LM Controller

Next-Token Decoding

PPLM: 
hidden-state steering

FUDGE: 
Future Discriminator

FT: separate 
task-specific model

Good for simple attributes, weak on structured/global constraints.



Generate Text Through Continuous Diffusion

Key Idea: Control the entire sequence, not just the next token

● Start from Gaussian noise (xT)

● Gradually denoise into word 
vectors (x0)

● Round vectors to words (w)

● Steer the latent sequence with 
classifier gradients

xT

Noise

xT-1 x0

Vectors

w

Text

Classifier
Gradients

Classifier applies gradients on intermediate latents
Final rounded sentence at right

…



Formalizing Controllable Generation

Goal: Generate text w satisfying control c

Want: p(w | c)

Plug-and-play view:

pLM(w) = fluency
p(c | w) = control satisfaction

Fluency
pLM(w)

Control
p(c|w)w

Good Output =
Fluent + Controlled

Example Control: "mention Indian food"
✓ "The restaurant serves Indian food in the city complex..." → Good: High Fluency + Satisfies Control
✗ "Indian food Indian food Indian food..." → Bad: Low Fluency
✗ "The restaurant has a cozy atmosphere and friendly staff..." → Bad: No Control Satisfaction



Diffusion Background

Two stages:
Forward process

● Add Gaussian noise step by step

Reverse process
● Learn to denoise step by step

In this paper: noise → word vectors → text



Why Text Is Harder than Images

Text is discrete

● Cannot directly diffuse 
tokens

Need embeddings

● Words must be mapped 
to vectors

Need rounding

● Vectors must be 
mapped back to tokens

Text Tokens Embeddings Latent

Diffusion

Predicted 
Vectors

Rounded 
Tokens

Text needs both an embedding step and a rounding step



Main Challenge: Global Control over Discrete Text

● Constraints depend on entire 
sequence

● Autoregressive models optimize 
locally

● Text is discrete → hard to optimize

We need global optimization over the entire sequence



The Paper’s Approach: Diffusion for Controllable Generation

Noise

Gaussian Distribution
(t=T)

Continuous Sequence

Latent Representations
(x_T ... x_0)

Controlled Denoising

Gradient-Based Steering
(Fluency + Control)

Text

Discrete Tokens
(w)

Full-sequence representation: Enables global coordination over the entire output
Iterative refinement: Gradually reduces noise to produce high-quality samples
Gradient-based control: Flexible plug-and-play steering via external classifiers



End-to-End Training



Rounding Errors

● Loss guidance to make x_t stay close to 
embedding only happens when t is close to 0



Rounding Errors

● Reparameterize the loss to make “every” 
step predict x_0 directly during training

● Apply clamping during decoding



Gradient-Based Guidance



6 Control Tasks Evaluated



Classifier-Tasks

Diffusion-LM significantly outperforms prior plug-and-play autoregressive models on 

complex tasks like syntactic tree matching because it can plan globally across the 

sequence.



Non-Classifier-Tasks

For sentence infilling, Diffusion-LM significantly outperforms prior work COLD and

Delorean (numbers taken from paper), and matches the performance of an 

autoregressive LM trained from scratch to do infilling.



Takeaways


