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Introduction



A mecha robot playing the guitar in a forest, low quality, 3d, photorealistic

Diffusion Models are known to be good at generating realistic images.

Can they be used to generate texts ?
Several papers, different models We focus on the first one in this talk. J




Diffusion Models (2)

Two reciprocal processes: forward and backward

- diffusion distribution g (forward) generates noise from data
- generation generates data as denoising via distribution p (backward)
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For discrete distributions

This paper discusses how to model diffusion for multinomial distributions (MD)
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(b) Multinomial Diffusion: Each step p(@—1|a;) de-
noises the signal starting from a uniform categorical
base distribution which gives the model p(zo).




Model




We want to generate data from a target multinomial distribution of K classes.

Data
We denote:
- Xp, a piece of data generated by the target MD;
- Xt, @ piece of data generated by a noisy version of target MD after t forward steps.

X0y X1y - -+ s Xty - - ., X7 are all of length K.

Define a diffusion model
We need 2 conditional probabilities:

- forward q(x¢|xt—1)

- backward p(x¢|Xt+1)




Forward diffusion process

q(Xt[x¢—1)
- many possibilities, must be easy to sample from;
- in this paper:

1. flip a (biased) coin;
2. if head then do not chang x;_1, else (tail), choose a category at random (uniformly)

This amounts to:

1—B)+ 52 ifx =6
q(xtlxe—1 = 0) = (ﬂr &) « ‘ ) ‘
=z otherwise.

where B; is a hyper-parameter

But we will need more
- q(x:|xo) but be easily computable (apply t forward steps in a row)

- the posterior g(x:—1|Xt, Xo) must also be easy to compute




Combining steps of forward process

Combine 2 steps

G(Xe+11Xe—1 = 8k) = D A(XelXe—1 = 8)q(Xe1[Xe, Xe—1 = B¢)

Xt

Combinining t steps from the beginning
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= =@ e —

at + ifx; = o
Q(Xt|X0 = ék) = {1—&t «
K

otherwise.

{Wlth at = H/t:O(‘I = ﬁ,) and ar=1-— Ozt} 6




Computing the posterior

The posterior will be needed in the loss function

Derivation of posterior

q(Xe—1, Xt|Xo)
q(xt|xo)
q(Xt|xt—1,X%0)q(Xt—11Xo)
q(xt|xo0)
(% [Xi—1)a(xt—11%o)
q(xt|xo)

q(Xe—1|xt, Xo) =




Computing the posterior

The posterior will be needed in the loss function

Derivation of posterior

q(xt|xo)
q(Xe|Xt—1, X0)q(xe—11Xo)
q(xtlxo)
q(xt|xo)

q(Xe—1|xt, Xo) =

For concrete data values we have:
q(Xt = 5C|Xt—‘\ = Isp)q(Xt_j = 5p|X0 E 6k)
q(Xt = dc|Xo = d)
_ G0 = c|xe—1 = p)q(Xt—1 = Sp|Xo = )
Zap, q(xt = dc,Xt—1 = Opr X0 = Jy)

_ q(Xt = ﬁc\xt_1 = Jp)q(xt_1 = 6D|XO = 5;?)

225, (Xt = Oclxt—1 = 8p1)q(Xe—1 = G [Xo = &)
_ (3, dc)p

S pr—1 0(8, 8¢)pr

Take home message: we can precompute all posteriors and store them in tables. 7

q(Xt—1 = p|Xt = ¢, Xg = O) =




Backward Process p(x;—1|x;) as Denoising

- The distribution that we want to learn and implement via a neural network
- Actually, T distributions, with different behaviours: too difficult
- So we rewrite the backward process and model only a part of it
Denoising with posterior
To denoise from step t to step t — 1
1. complete denoising: predict clean from noisy (ie perform t backward steps)

2. from predicted data use the posterior to perform (t — 1) forward steps.
p(Xt—lxt) = ZD Xt—1, Xo|Xt)
= Z P(Xo|Xt)P(Xt—1|Xo, Xt)
24
= Z P (Xo|Xt)q(Xt—1|X0, Xt)

Xo

= q(Xt—1|Xo, Xt) with Xo = p(xt, 1)

Remarks
1. Xp is > 0, sums to 1, but not one-hot.

2. p(Xo|X1) = q(xo|Xo, X1) is simply Xo = (X1, 1) seen as a distribution. 8




Learning Diffusion Models




Learning Problem (1)

Maximize the log-likelihood with latent diffusion

log p(xo) =log > p(xo, X1, .--,Xr)
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Learning Problem (2)

Forget constant terms

T p(xe—alxe) p(xe—1|x:)
Eq[log p(x7) + Z log ——— il )

.
2 q(Xt|Xt—1)] = Eq[log p(x7)] + IEq[é log

Use the special definition of p(xo|x1)
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Forget constant terms

.

p(Xt—1lxt) p(Xe—1lxt)

Eq[log p(x7) + ; log 7Q(thxtf1)] Eq[log p(x7)] + IEq[z log € Qi) w)]
T

_ o p(Xt—1|xt)
= C+Eq[§| g 7q(xt‘XH)]

Use the special definition of p(xo|x1)

p(Xe—1|xt) p(Xo |X1)]

p(Xe—[xt)
EG[Z ]*Ea[z ol )]+Ea[|0g il

q(Xe|xe—

T
= B[ log 1)) 4 g £ 1,

= q(xtlxi—1) q(x1|xo)

:
= Eq[3 " log %1 + Eqllog (1, )] - C

t=2




Learning Problem (3)

Use the posterior

IEq[zlo ALELD) ]*EQ[Zl p(Xt—1x) Q(Xr—1|Xo)]

(% |xe— = & G0ealxixo) alxelxo)

Use Kullback-Liebler divergence
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Learning Problem (&)

From our definitions of posteriors

0()(’\0,X[)[Xt71]
>26(Xo, xt)

(X0, Xt)[Xt—1]

2= 0(xo,Xt)

KLt Xt %0) |G (6 e, o)) = —KL(2 I )




Learning Problem (&)

From our definitions of posteriors

0()(,\0,X[)[Xt,1]

2= 0(Xo, Xt)

(X0, Xt)[Xt—1]

2= 0(xo,Xt)

~ 7]
—KL(q(xt—11xt, X0)||g(Xt—1|xt, X)) = —KL( I

Congratulations! You (and I) survived

We have our loss function defined as:

T

(X0, X)X
L(x0) = Eqglog p(Xo|*1) + ;Eq [—KL( (X)(:O@)((;l[,)(;t)ﬂ

B(XA(),X[)[X[_1]

>-0(Xo, Xt)

I )]

In practice, do not optimize for every timestep:
- sample 1<t < T atrandom
- diffuse xq for t timesteps (or better, sample from q(x:|xo) directly)

- optimize KL for timestep t only

- move to the next example
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Experiments on Language

Datasets

- text8: data has First billion characters from wikipedia (clean data), can be used
in word2vec, glove etc
- 27 categories (26 letters + space)
- chunked in sequences of length 256
- train/dev/test sizes: 90000000/5000000/5000000
- enwik8: first 100,000,000 (100M) bytes of the English Wikipedia XML dump on Mar.
3, 2006 and is typically used to measure a model’s ability to compress data

- 256 categories (bytes)
- chunked in sequences of length 320
- train/dev/test sizes: 90000000/5000000/5000000

Architecture
- 12 layer transformer (encoders only), 8 heads, layer size is 512
- 1000 diffusion steps for text8

- 4000 diffusion steps for enwik8




Results (1)

Compression metrics

Table 3: Comparison of different methods on text8 and enwik8. Results are reported in negative
log-likelihood with units bits per character (bpc) for text8 and bits per raw byte (bpb) for enwik8.

Model type Model text8 (bpc) enwik8 (bpb)
ARM 64 Layer Transformer (Al-Rfou et al., 2019) 1.13 1.06
TransformerXL (Dai et al., 2019) 1.08 0.99
AF/AF* (AR) (Ziegler and Rush, 2019) 1.62 1.72
VAE IAF / SCF* (Ziegler and Rush, 2019) 1.88 2.03
CategoricalNF (AR) (Lippe and Gavves, 2020) 1.45 -
. Argmax Flow, AR (ours) 1.39 1.42
GenerativeFlow 1 ax Coupling Flow (ours) 1.82 1.93
Diffusion Multinomial Text Diffusion (ours) 1.72 1.75

* Results obtained by running code from the official repository for the text8 and enwiks8 datasets.

- worse than autoregressive models

- better than non-AR with continuous embeddings




Results (2)

Sampling

Xk qu ti 1 badyeqlrl jztxnrl ghgxszp rp 1
lupiarusmbl i uui ii i 1 gkettifzuhm
v
rs~ l@r_iler) §ar~aariar)
armad hmoezilatms irvigkehclesent toyt
jond jbhagnoujciegtloealcp:

geyco thejz le qfemellunns nfn be senuoreu ylso wct
cope itw xmaxfficw]lyqen apgusw oze shcee

hmad a nobilitis first be closent to t

thgt the role of mellings not be eekuorer also
he ope indtdhuy and moahosons she criticized itm SPACLELcAlly on august ome fhree movement and a renouncing local parcy of ectt

@0~ plaole) @1 ~ g o)

that the role of tellings not be required also action characters passed on constitution ahmad a nobilitis first be closest to t
he cope and dhur and nophosons she criticized itm specifically on august one three movement and a renouncing local party of exte

Figure 7: Intermediate steps of the generation chain of the Multinomial Text Diffusion model trained
on texts8.




Results (3)

Spell Checking

as a by-product, assume that input text is x; and predict xo

mexico city the aztec stadium estadio azteca home of club america is on

e of the world s largest stadiums with capacity to seat approximately o

ne one zero zero zero zero fans mexico hosted the football world cup in
one nine seven zero and one nine eight six

(a) Ground truth sequence from text8.

mexico citi the aztec stadium estadio azteca home of clup amerika is on

e of the world s largest stadioms with capakity to seat approsimately o

ne one zeto zero zero zero fans mexico hosted the footpall wolld cup in
one nine zeven zero and one nyne eiggt six

(b) Corrupted sentence.

mexico city the aztec stadium estadio aztecs home of club america is on

e of the world s largest stadiums with capacity to seat approximately o

ne one zero zero zero zero fans mexico hosted the football world cup in
one nine seven zero and one nine eight six

(c) Suggested, prediction by the model.

Figure 5: Spell checking with Multinomial Text
Diffusion.
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Conclusion

Summary

- First attempt to define a diffusion model for discrete multinomial data

- data is discrete
- time is discrete

- Language modelling performance worse than autoregressive
- prediction does not depend (directly) on the length of the generated sequence

The Future (of this paper)
- discrete diffusion and autoregressive models

- continuous time

- score-matching for complex discrete data (enery-basde models)
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