Diffusion Models for Text

Beyond autoregressive language modeling

Xiang Lisa Ll
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Autoregressive language models have been dominating NLP !
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Autoregressive Language Modeling

and

T sampling

P( and | Harry Potter graduated from Hogwarts) 0.65

P( school | Harry Potter graduated from Hogwarts) 0.15
P(. | Harry Potter graduated from Hogwarts) 0.2

Autoregressive LM

e.g., GPT-3

Harry Potter graduated from Hogwarts

Parametrize the probability of a sentence via chain rule:

For each token, compute the next-token distribution.
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Decoding from Autoregressive LM

Generating text from left-to-right, one at a time.
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Transformer blocks

1. Time complexity: O(n)
where n is the length of text.

2. Fixed generation order.

What if we want to generate right-to-left?
Or given left and right context, fill in the
middle”?
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Can we generate all words at once?

Diffusion-LM: Diffusion based Language Models



Can we generate all words at once?

Diffusion-LM: Diffusion based Language Models

1. What is diffusion model?
2. Apply diffusion to text

3. Discussion

1. Distinction btw text and images

2. Compare with autoregressive LM



Diffusion Model for Images is very successful!

Imagen Imagen

A brain riding a rocketship heading A bald eagle made of chocolate A small cactus wearing a straw hat A photo of a Corgi dog riding a bike
towards the moon. powder, mango, and whipped and neon sunglasses in the Sahara in Times Square. It is wearing
cream. desert. sunglasses and a beach hat.




Diffusion Model for Images

Generative Process: pPo (Xt—l | Xt)
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Generative Process: Do X¢_1 | Xy
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Diffusion Model for Images

Training: Construct latent variables pairs, then apply supervised training.
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Diffusion Model for Images

Training: Construct latent variables pairs, then apply supervised training.

@ @ () ()

(Xt ‘ Xt— 1)

I

Gaussian Noise T

Supervised Training: ﬁsmple(iﬁo — g : “‘J )HM@(Xt,t) Lt — 1(Xt7XO)
qd\ Xt | X0
t=1

pt—1(X¢, X0) = E[X¢—1|T¢ = Xy, To = Xo]
q

10



Diffusion-LM: Diffusion based Language Models

1. What is diffusion model?
2. Apply diffusion to text

3. Discussion

1. Distinction btw text and images

2. Compare with autoregressive LM



Diffusion Model for Discrete Text

Continuous Discrete
Gaussian Noise Denoising Text
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Diffusion Model for Discrete Text

Continuous Discrete
Gaussian Noise Denoising Text
po(X¢—1 \ X¢)
—>aas —> —> = —>
xt ‘ Xt— 1 C]¢ X0 | W

Noising Embedding
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Diffusion Model for Discrete Text

Continuous Discrete
Gaussian Noise Denoising ROU"d'"Q Text
pe Xt—1 \ Xt 109 \ Xo
—> —> —> = —>
Xt \ Xt— 1 q(;b X0 \ W

Noising Embedding
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Embedding

EMB(w;) maps each word to R
EMB(w) = [EMB(w), ..., EMB(w,)] € R™

0. 's a hyper parameter (a small number )

How to choose the embedding function EMB(wi)

Continuous Discrete
Text
nd _
7t € R 10 (%0 | W)

T - Rnd Embedding
13



Embedding

How to choose the embedding function EMB(w;)

1. Random Embedding?

2. Learn it end-to-end

Continuous Discrete
Text
< .
% € R™ qp(Xo | W)
z, € R™ Embedding

rT € R"4 14



Embedding: End-to-end Training
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Embedding: End-to-end Training

maximize probability of Embedding

EeQe — 0)|— lngg (W ‘ ilf())]
reconstruction loss
Esimple(x()) — 0 H:‘L/\Q(Xht) o ,LLt_l(Xt,X())HQ

o € Rnd
Ty € Rnd

rr € Rnd

10



Embedding: End-to-end Training
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Learned Embeddings
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Figure 3: A t-SNE [41] plot of the learned word
embeddings. Each word 1s colored by its POS.
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Rounding

w; = argmax Pe (wz | L0 [Z])
Wy
) —

A

& ldeally, the model should predict x;, that lies exactly on a word embedding.

¢ Reality: there is still rounding error.

Continuous Discrete
Rounding Text

po(W | x0) gm

19



Reducing Rounding Error

N\

W; = argmaxp@(wz‘ | L0 [i])

Wy

——

— ldeally, the model should predict x;, that lies exactly on a word embedding.

iy Reality: there is still rounding error.

My ice cream is [BLANK].

melting

“melting” and “saving” are close in the embedding space.

Saving X But they are not substitutable in this context.

20



Reducing Rounding Error (training time)
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Reducing Rounding Error (training time)

@_>..._>@ . @_,..._>

1
[fsimple(m()) — Z X H:u/\@(xt?t) IR :ut—l(ajt?aj())HQ

Intuition: Rounding happens all at the last step: x; — X, which is hard and prone
to error.



Reducing Rounding Error (training time)

Deterministic
Mapback

OO =06

predict
Match the noiseless data

N\
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Reducing Rounding Error (training time)

Deterministic
Mapback

predict
Match the noiseless data

N\

Esimple(m()) — Z 4 HfQ(xtvt) T $O||2

t—1 Q(mt |$O)

Intuition: Training to predict X, at each diffusion step makes predicted x;, more
precise and reduce rounding error.



Diffusion-LM: Diffusion based Language Models

1. What is diffusion model?
2. Apply diffusion to text

3. Discussion

1. Distinction btw text and images

2. Compare with autoregressive LM



Discussion: Iext v.s. Images

High frequency v.s. Low frequency

Low frequency &d the large scale structure of the images
Medium frequency &d the details.
High frequency &d perceptually meaningless.

High noise levels: build up the low-frequency components.
| Low noise levels: refine the high frequency details.

Perceptually
similar

——_—

Add high
frequency noise

For text, what does high frequency even mean?

24



Discussion: Iext v.s. Images

High frequency v.s. Low frequency

For text, what does high frequency even mean?

e.d., the frequency can be defined as the rate of change in the embedding of the neighboring words.

Hurts ngram
fluency

My ice cream is melting My ice skate is saving The high frequency components matters a lot for

_ text, becuase it relates to token prediction, and it’s
Add high .
. easy to notice bad ngrams.
frequency noise

The most natural way to capture high frequency components is to do next token prediction.
But diffusion LM can still benefit from the low frequency (coarse-grained) planning...

25



Discussion: Diffusion v.s. Autoregressive



Discussion: Diffusion v.s. Autoregressive

How human writes long text:
Core concepts d writing structure [.d wording and phrasing



Discussion: Diffusion v.s. Autoregressive

How human writes long text:
/ Core concepts d writing structure [.d wording and phrasing

\ How autoregressive LM produce long text:
Left-to-right.
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Discussion: Diffusion v.s. Autoregressive

How human writes long text:
/ Core concepts . writing structure .J wording and phrasing

\ How autoregressive LM produce long text:
Left-to-right.

How diffusion LM produce long text:
Coarse-to-fine.

26
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Autoregressive LM can be regarded as a special form of iterative
refinement, where each step refines the next token.
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Training Efficiency

Decoding Efficiency

Autoregressive LM: O(sequence length)
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Flexible Decoding time steering

1. Flexible Generation Order

2. Controllable Text Generation

(Spoiler)

29
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Text Generation

Generated Text
Harry Potter is graduated from Hogwarts...

Starbucks is a great coffee shop originated from Seattle, ...
Once upon a time, there are three little pigs...
To demonstrate the effectiveness of the method, the doctors conducted...

T Sample from the LM

Pretrained LM e.g., GPT-3
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Text Generation

Generated Text
Harry Potter is graduated from Hogwarts...

Starbucks is a great coffee shop originated from Seattle, ...
Once upon a time, there are three little pigs...
To demonstrate the effectiveness of the method, the doctors conducted...

T Sample from the LM

Pretrained LM e.g., GPT-3

How to generate positive reviews about a coffee shop called Coupa?

Coupa is a delicious coffee shop located on Stanford campus.

30



How to Control Text Generation?

Goal: generate positive reviews about a coffee shop called Coupa?

Plug-and-play Control p(x ‘ C) X p(x)p(c \x)

Frozen LM p(x) Pretrained LM
Parameters
p(c|x)
Attempt 1 Once upon a time, there are three little pigs... Control Critic
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Parameters g g
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How to Control Text Generation?

Goal: generate positive reviews about a coffee shop called Coupa?

Plug-and-play Control p(x ‘ C) X p(x)p(c \x)

*.
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Goal: generate positive reviews about a coffee shop called Coupa?

Plug-and-play Control p(x ‘ C) X p(x)p(c \x)
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How to Control Text Generation?

Goal: generate positive reviews about a coffee shop called Coupa?

Plug-and-play Control p(x ‘ C) X p(x)p(c ‘ x)
Frozen LM p(X) Pretrained LM “~ Steg,
Parameters g o
R p(c|x)
Attempt 1 Once upon a time, there are three little pigs... I

Attempt 2 Starbucks is a great coffee shop originated from Seattle, ... o
y Semantic Content
Attempt 3 Coupa is a great coffee shop originated from CA, ...

lightweight. Frozen LM; only need to specify the classifier.
Enables composition.




Controllable Generation

Goal: sample from p(xg.7|c)
Diffusion-LM

Gaussian Noise Gradually Denoising Word Vectors Text
XT XT—1 XT—2 X0 W

Starbucks is a
BEE — BEE —> BEB —> anmn — BEE —> Coffee shop.

36




Controllable Generation

Goal: sample from p(xg.7|c)
Diffusion-LM

Gaussian Noise Gradually Denoising Word Vectors Text
XT XT—1 XT—2 X0 W

-] — oo

Query | : Gradient
Classifier\ - Update

Critique Model
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Goal: sample from p(xg.7|c)
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Controllable Generation

Goal: sample from p(xg.7|c)
Diffusion-LM

Gradually Denoising Word Vectors Text

X0 W

H-H- B" .~ i — s

4

Query | : Gradient . ::

Classifier '- Update . :
Critique Model

36

Gaussmn Noise




Controllable Generation

1

Query Gradlent C ‘ :L't 1)
Classifier Update

Critique Model

Update XL¢_1 inthe following gradient direction:

th_l 10gp(xt—1 | X¢ )+ th_l logp(c | Xt—l)a

Diffusion-LM Classifier
transition score




Controlling Semantic Content

Task:

Given a field (e.g., rating) and value (e.g., 5 star), generate a sentence that covers
fleld=value. Report success rate by exact match of ‘value’.

Example:

Food = Japanese

]Ic?;ir;)r\]/\érsj r(});r:]_kl){]lggseclrsre%cigcll for Japanese food and also children
Results: gg .

Sentence
Fluency

67.5 4.5 (Lower is better)
Higher s botte 45 3
22.5 1.5
0 0

38



Controlling Semantic Content

Task:

Given a field (e.g., rating) and value (e.g., 5 star), generate a sentence that covers
fleld=value. Report success rate by exact match of ‘value’.

Example:
Food = Japanese
Browns Cambridge is good for Japanese food and also children
friendly near The Sorrento .
Results: 90 6
Sentence
67.5 4.5 Fluency

(Lower is better)

Success Rate 45

Takeaway
|  Diffusion-LM outperform other controllable generation baselines, and perform on par Wlth
\the fine- tunlng oracle. '



Thanks :)

Diffusion-LM Improves Controllable Text Generation
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