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Generative Adversarial Network
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Diffusion Model

The Generative Learning Trilemma 5

High
Quality

Samples

Denoising
\,_ Diffusion
\ Models

e — — - - - - - —-————— <+ ---—---

Mode
Coverage /

“\ Diversity /-
—" ]Eq(xo)[DKL(CI(XT|X0)|P(XT)) + Z DKL(CI(Xt—1|Xt,X0)|P9 (Xt—llxt)) — logpe(Xolx1) |

t>1

* High quality : Data semantic & £ =0l latent representation 7/ X ot&, =M 9l denoising THA|
o M ECHAOIBIEMOlstepl = Qo 2l HE S5

« AlEA latent representationO| 2|5t diversity 7t =&



Diffusion Model Papers

* Deep Unsupervised Learning using Nonequilibrium Thermodynamics - ICML2015

« Denoising Diffusion Probabilistic Models(DDPM) - NeurlPS 2020



Diffusion Process
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Diffusion Process

Gaussian distribution

o EAMI A0l 4 L7HSHK| L} O stochastic processE [} Zd O| Lt
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Diffusion
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Diffusion

Forward process
Diffusion process

+ noise

Denoising process

Reverse process



Diffusion

Forward process (fixed)

Diffusion process

+ noise

- noise

—

Denoising process ]
(generative)
Reverse process



Forward Diffusion Process

* Markov chain2 = data0| S22 noiseE F7tot= 8 | |
Pure Gaussian

distributio

Data Noise

mean variance

0SB SR Bl

q(Xe|xi—1) = N(Xg5+ 1 — Bexe—1, Bel) 0.0001 ~ 0.02

Conditional gaussian distribution variance schedule

Closed-form » X =+ 1—[iXp_1 + \/EE where e~N(0,1I)

Reparameterization Trick(VAE)



Forward Diffusion Process

« St stepX forward= & ASHH B2 Memory2f Resources 2

mean variance

q(Xelxe—1) = N(X¢; V1= BiX¢—1,Bt])

Conditional gaussian distribution

pefine @; = [[521(1 — Bs) ™ q(X¢|Xo) = N(Xg;+/@eXo, (1 — @)l)

For sampling: Xy = /Xy + \/(1 — dt) € where e~ N((), ]) «__ Reparameterization Trick(VAE)

[& DA =Z2]




Reverse Denoising Process

«  Gaussian noise X 0| A T step Z+-Z Denoising St A O|0|X| x, & THE+= IHH

Reverse denoising process (generative)

e il . el e s

p(Xr) = N(xr1;0,I)
Po (Xe—1|Xt) = N(Xi—q1; o (Xe, t), Zo (X, )I)

\ J
Y

Trainable network
(U-net, Denoising Autoencoder)




Objective for Reverse process

Maximize pg(Xg)

« VAE &0 M A2 =l variational upper bound & 28 :

pG(XO:T)
Q(xl:T|XO)

[Eq(xo) [_logPB (XO)] = Eq(xo)q(x1:T|xO)[_109

» Sohl-Dickstein et al. ICML2015 (&1 X} =3)

Eq(xo)[DKL (q(xXr|x0)|lp(xX7)) + 2 Dk, (Q(Xt—1|xt,xo)|P9 (Xt—llxt)) — logpe (Xo[Xx1) ]

t>1
Lt Lt—l LO

* Hoetal. NeurlPS 2020 (&2 %} =5)

1 ~
L1 = DKL(CI(Xt—1|Xt,X0)|P9 (Xt—llxt)) = Egxo) Lth |10 (Xe, Xo) — t g (X¢, t)”z] +C



Deep Unsupervised Learning using Nonequilibrium
Thermodynamics - ICML2015

U-net




Deep Unsupervised Learning using Nonequilibrium

Thermodynamics - ICML2015

U-net
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« Posterior : q(X¢-1|X¢X0) = N(X¢—1; @c(Xe, X0), Bel) maxiza

- 1[>’t var(1-ay)

1—at

where  [i;(X¢, Xg) = X, + —"Lx, and B, =

« Reverse process . pg(Xi—11X¢) = N(X¢—1; g (Xp, 1), Lo (X, )
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Denoising Diffusion Probabilistic Models +oetar newps 2020

Xo

x; = x02F € 2| linear combination

1. a, 28 accumulationE NoiseE denoisingdte = st &

Xo= HIZ 0222 M x, AIHOIM x, 2| AEFE ZQIES 0ot L5 x,, o &= 2 &=
%‘— UL =, q(xt_1|xt,x0)01|*1 xo 7t —|—01’é' N x,_, & O & 6|=ot= A A



ObjECtiVe fOr D D PM KL(p,q) = log :_; 5 Gl ;:; Iz

o q(xX¢—1|Xe X0), Po (X1 %) T A= Normal distributions O| 7| =0

- KL divergence= ZtEtet HEf= TI| 7t

1~
L1 = DKL(CI(Xt—1|Xt,X0)|P9 (Xt—llxt)) = Eqxp) Lth |10 (Xe, Xo) — 1o (X¢, t)||2] +C
At XIE 5 /

Be(e, Xo) = =X, — e o (%e, £) = 7= (e — it=eq (xe, 1)

‘E—EQ (m+\/1—5t6,t)

Xt

Lsimple (6) == IIEt,xo,e [



Objective for DDPM

Lsimpie(0) == E¢x e ‘e — €y (m + \/1 — Q4 €, t)‘ 2

def forward_diffusion_samplelx_0, t, device="cpu"):
fangezt tinesteps input 22 2HOZEA noisyel imageE return
noise = torch.randn_like(x_0) # » J¢F 22 IS = gavserian distribution

sart _alphas_cumprod_t = get _index_from_list(sqart_alphas_cunprod, t, %_0.shape)
sart _one_ninus_alphas_cumprod_t = aget _index_from_|ist(

sart _one_minus_alphas_cumprod, t, x_0.<hape
For sampling: x¢ = Var xo+ /(1 —a;) e  where € ~ N(0,I)

)

£ mogn 1+ oKariance

return sart_alphas_cunprod_t to(device) + x_0.toldevice) # } )
+ sart_one_minus_alphas_cumprod_t . toldevice) + noise.toldevice), noise. toldevice) h

def get_lossinodel, = 0, t):
¥_noisy, noise = forward_diffusion_samplel(x_0, t, device)
noise_pred = model (x_noisy, t)
return F.l1_lossinoise, noise_pred)



Objective for Reverse process

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xp ~ N(0,1)
2 %o ~ q(Xo) 2: fort="T,... 1do
i' L~ Ijvn(ltf)orlr)n({l,...,T}) 3: z~N(0,I)ift > 1,elsez=0
€~ ) : 1 1—a
5: Take gradient descent step on doxe1 = Vo \ Xt T \/ﬁeﬁf(xta t)) + 012
Vo HE — eg(vVaurxo + V1 — ae, t)||2 5: end for Z0|) #DXtR 5
6: until converged 6: return xg




SHIOX=R 1

* Reparameterization tricke AFHE S closed form2 2 Y 2|9| A|ZttO|A] x, E MEET S = ULt

— o~ t
s ar=1—-p0¢ ar=[lj-qa;:
Xt = VA X1 + A/ 1-— Ar€r_1 N where €r—1,€t—2, .. NN(O, I)
= A Q1 Xe—z + /1 — Q1€ : where €,_, merges two Gaussians(*)

- \/C_If_tXO + 1 - C_(te
q(X¢]xq) = N(xt;\/gtxo, (1—a,)D

1

oot rln

-

o Hi
o

=2 (variance)= 7HX[= S0 7FR AR (N(0, 6%1),N(0,03D))= EE - N(0, (62 + 02)I)

=l T X (merged standard deviation) :

. \/(1 —ag) ta(l—ar_q) = \/1 — Aplp_q)



https://lilianweng.github.io/posts/2018-08-12-vae/#reparameterization-trick
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maximize pg(x) = Egx)[—logpe(xo)]

Ep~qiarixe) [~ 108 Ps(x0)]

_ Po(xo. X1 X3, %) | _ pelxr. %)
= Bar~qeriag) | =10 Pe(xy, X2, X3, o, XplX0)| bayes Uik palrrize) = pe(xo)
k| rog PE e X Xrs s Xp)  a(xirlo)

REEATIN pelxy, x2, X3, .., X7|Xg)  q(x37|%0)

Pe(Xo, Xy, X3, ... X7)| ; i "

- Eqsq(xﬂxo) —log aGerrixo) + KL divergence > 0,"ELBO
_ pO(XO:T) 2 :
= E"'Y‘Q(xflxo) = m -~ Notation
= pe(xr) "I=1P9(Xx—a|xs)l -
= Equ(xﬂxo) —log T a(xl%es) I - Below Markov chain property

T
= E-"xT‘Q(xlele) -logpg(xr) - Z]og Q(xtlxr-l)
t=1

T
Poxor) = po(ar) | [poCeeslxd)
t=1

Pe(xe—1lx;)

.
aGearixo) = | [aGaelxes)
t=1

'+ separating to summation in logarithm .

E“'l:r"q(xurlxo)[ = lOg pe(xﬁ)l

pG(xl—llxt)]

»
< - = o
@ < By oeq(xyrlxe) |~ 108 Pe(xT) leog Tl
[ T
B =K —logpe(x )—Zlogpo(x"llx‘) g Pe(Xolx1)
2y r~q(xy7l%) o\ X1 - qxg|xe-q) q(xy]x0)
( T
e ~logps(xr) — ) log Po(xe-1lx)  a(%i-1l%o) |\ Po(ol%:)
xpr~q(xy7ixe) a\xT £ s PnXe)  A(%I%e) AT,
[ T
® =E —logpg(x )—ZlogM_ q(x"llxo)_ ogl’o(xoln)
xpr~q(xyrixe) G\AT — q(xe—q]xe, X0) = q(x|xg) q(xy1x0)
T
=E ~logpg(x )-Zlog Po(Xe-11x¢) = q(x;y]xq) > pe(xolxy)
Xyr~q(xyrixe) e\AT £ q(n-,lx,,xo) q(xT|x0) D
T
®=E —iég pe(x7) -Zlog Po(xXe—y11xe) o,
i q(xrlxg) o q(xe—1lxp x0) sasaniis

*q(xy|x,—y)
= q(x¢xp-1,%0)
_ 3Gt Xe-1.%0)
q(x¢-1,%p)
| q(xt-lbxt'xo) ¢ Q(xnxo)
q(xe-1,%0)  q(x¢,%0)
q(x¢, Xo)
q(xe-1,%p)

* Markov chain property

** bayes rule

= q(xp-1 1%, x0)
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maximize pg(x) - Egx,)[—logpe(x)]

[ (x(),xl,xz,...,XT) p@(xT'xO)
= —lo Po - bayes rule, po(x;|xg) = ===
q(xo) i gpa(xl,xz,x;;, ,xT|x0) y pB( tl 0) pB(xO).
[ (x0,X1,X2,..,XT) q(X1.71%0) Po(x0,X1,X2,...XT)
= E —lo Pe ' < E —lo
q9(x0) | gPe(xsz»xs» o, XT|X0) a(X1.7|X0) q(xo) gpe(xbxz»xs» s XT|X0)



P XL = 4

POSteriOr q (Xr—l | Xy X(]) =N (Xf—l;ﬁf (Xr'- X(l)'-ﬁfl)
fa_ . Ja, (1—a,_,) - —
where i, (x.x,) == vV l_b, %+ v ) 1 x, and j = 1 a,__l P
— a, 1l —a, 1l —a,
Note
q(x,—1 | x0)
X_q | xpx9) = q(xp | Xp_q) —————
q(xe-1 | X0 x0) = q(x; | x¢-1) a0x, | x0)
gz 1) = exp A Al
t|Tt-1) = & —
\fQ?Tﬁﬂ 2’85
q(z \m(}) = ! eXP( (xi - drxo)z
t = - -
V2r(l — &) 2(1 —ay)
(x1-1 — Va_120)*
q(@¢-1|z0) = ——exp (- - )
?T(]._at 1) 2(1_(1? 1)
. q(ze-1]2¢, o) exp ( (ze — V1 - Bwe1)’ (21— Vaiz)® | (2 — Vo)
L Ci—1 |, To) = —_—t — _
[ | T 2 201 — & 2(1 — a
1";:."27]_.3,.{ lf‘ﬁl ] fﬁ'! ( t l:] ( f}
1 1 1-B, 24/1— 5 2/ )
. exp (—(| + —— | . — . T+ - xo|zi—1 + C))
¥, o 28 =0 28 == '
vzwﬁ,{ll L) 2(1 — ay) B B 2(1 — @)
1 ( 1 | 0 2/ (1 — @-1) 1 2y a1 o
= expl————|T; 1 — Iy v — - To)Ti-1 T L
|"—[,., 1-a; . — &
v Zwﬁt{l |) 28,( : ﬂrl) 1 — oy 1-— &
1 ]_ 4/ X ||Bf \E(l = (_1:'1_1} 2
~ 1 exp ( T[qrf_l ( T, %0 - z: )°)
Y, Em:it{ “:} =y 28:( i—a; ) ¢ el

P(B|A) = P(Alﬂ)P(A)
(Iz—ﬁ?

2

1
o\ 21

e

o glx | xe_q) = N(It,:-."l' 1= Bexe—1, B¢ * f]|

* qlxe | xp) = N(xt; w,'rﬁ_txu:(l — @) *I)
* a=1-p

|
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|

=
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« Qverview

* qXeq | X)) = q(Xe—q | X, Xo) Qx| xe-) =*(“’(I:;_xfl-3rxr—nﬁr *}f]
~ = = qlxe | x0) = N(xg; o/ @ex, (1 — @) =1
o N (Xeop A0X, Xo), E(Xe, Xo)) P
. Na—1B¢ VA (1-a—q) 1_Et—1) @= Il
N (Xf-i’ 1—@, 0 + 1@, /B 1-a,

¢ X =\/a?txn+1/1—rft£
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Text Diffusion Progress

NeurlPS 2021 _ _ _ IC_ILR _2023_ _
Structured Denoising Diffusion Models in Discrete State-Spaces DiffusER: Discrete Diffusion via Edit-Based Reconstruction
EMNLP 2022 (Work in progress)
NeurlIPS 2020 Learning to Model Editing Processes(no diffusion) DiffusionBERT:

Improving Generative Masked Language

Denoising diffusion probabilistic models(DDPM) Models with Diffusion Models

@ ICLR 2023 R

Sequence to sequence text generation with diffusion models

NeurlPS 2022
Diffusion-LM Improves Controllable Text Generation
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Continues space



Text Diffusion Progress

Discrete space

Improving Generative Masked Language
Models with Diffusion Models

| NeurIPS 2021 | | ~ ICLR 2023 | ‘.

! Structured Denoising Diffusion Models in Discrete State-Spaces DiffusER: Discrete Diffusion via Edit-Based Reconstruction !

: —

! I

i EMNLP 2022 (Work in progress) !
NeurlPS 2020 Learning to Model Editing Processes(no diffusion) DiffusionBERT: !
1

Denoising diffusior{\probabilistic models(DDPM)

______________________________________________________________________________________________________________

ICLR 2023
Sequence to sequence text generation with diffusion models

v

NeurlPS 2022
Diffusion-LM Improves Controllable Text Generation



Diffusion-LM Improves
Controllable Text Generation

36th Conference on Neural Information Processing Systems (NeurlPS 2022)

Xiang Lisa Li John Thickstun Ishaan Gulrajani
Stanford University Stanford University Stanford Univeristy
xlisalil@stanford.edu jthickst@stanford.edu igul@stanford.edu

Percy Liang Tatsunori B. Hashimoto
Stanford Univeristy Stanford Univeristy
plianglcs.stanford.edu thashim@stanford.edu



Introduction

~ -
Gaussian Noise Gradually Denoising Word Vectors Text

XT X7T-1 XT X0

Diffusion-LM EBE - EH E - HEE S BHE __, Swbudsisa
Emnm coffee shop.
WA [ 4 ] & /4y

Query : Gradient J : J
% Classifier\) > Update . :
N

Classifier Parse Tree = / as «— Complex Control Tasks
I

e Continues domain
e Discrete domain2| text= continues domain® 8 &

* Controllable Text generation
AH A

 Gradual denoising steps = a hierarchy of continuous latent representations ‘i 3.
. O|& Sl &3  E&3t Control(Ex: Parse Tree)= 7S otA &.



Diffusion-LM: Continuous Diffusion Language Modeling
- Embedding step

~

Gaussmn Noise Denoising Rounding Text
po(Xi—1 | X¢) Po(W | X0)
K_/ \ = > (
q(x¢ | Xt—1) qg(x0 | W)
Noising Embedding

\_ J

» A EZw;, = HEH RO D &Eot= Embedding function Eme(w) = S 2|5t
continuous diffusion modelOf| discrete text= X -&.

EmB(w)= [EMB(w;), ..., EMB(w,)] € R®™ where w: Word sequence, n: Sequence length



Diffusion-LM: Continuous Diffusion Language Modeling
- Forward process

d: embedding size

(

[ i Rounding o
Forward | ] po(W | Xo) %
_ [ ] E (77 — n:length
[ ) gs(x0 | w) (DD
[ ] Embedding C] —

:::::::

Gaussian distribution

- EMB(w)=[EMB (w;),...,EMB(w,,)] € R"™ where w: Word sequence n : Sequence length
« Embedding (the forward process) : q(xo|lw) = N(EMB(w), al)
« X, =VaEMB(w;) + V1 — ae ~ N(0,])



Diffusion-LM: Continuous Diffusion Language Modeling

- Reverse process

Rounding

pe(W | Xo)

=

[j¢ X0 | W)

P —

|
|
| —
|
|

J208a0

Embedding

Y
Reverse

zzzzzzz

Gaussian distribution

=
o XtE ?:IEI

20F BERTZE &2 X, £ predict?!.

Rounding step (the reverse process) : pg (W|xo) = [1i%; po(w;|x})

Softmax distribution



Diffusion-LM: Continuous Diffusion Language Modeling

- Training

Gaussnan Noise Denoising Roundmg
Pe(xt 1| % 790 W | Xo)

I @ g ”‘
Q(Xt | X¢—1) 94 (X0 | w)
Noising Embedding

 Training loss function :

Diffusion loss

2
L2 (W) = Eq, [ Lo (o) + logg, (xo|W) — log,, (Wlxo)|

Embedding Rounding



Controllable Generation
with Diffusion-LM



Plug and Play Language Models:
A Simple Approach to Controlled Text Generation - ICLR 2020

chliken tasAtes W JA g i:\‘:(\‘\
\/ ’ o Step 1 ,\/\/\
—i—\ {7;515 """"""" 3 4““
z —
M LM M| S step 2
pex)|  ip(x) p(x) | & O
R - 2 —
: \WJ( ; =) o MK
Y WS Wl S =
The chicken  tastes 4————-

o)

P(x|a) « P(alx) - P(x)

k delicious

——> Forward Pass

Original distribution
("Ok")

Backward Pass

and update latents

Recompute with
updated latents

Recompute

Updated distribution
("delicious")

HEALQ OFEI7JFR| Ch3t attribute O A DF 24

o ﬁ:Ht‘l'AHt

EZ0|7ts.



Decoding and Controllable Generation with Diffusion-LM

- Controllable Text Generation

Eaussian Noise Gradually Denoising Word Vectors Text h
Diffusi LM X7 X7T-1 X772 X0 W
imusion- Starbucks is a
EBE% EHE —> EHE —> S —> EEE 3 coffee shop.
WAL | 4 | A /4y y
Query : Gradient N
(‘ Classifier\) = Update #L . J -
~N
Classifier Parse Tree = / S
VAN 7 N P4 | B,C) = D45 C)
P(B,C)
_ F(B|AC)IPAC)
. o~ = P(B.C)
* Reverse 1’ 0|l A Latent variable X~ X, & HHE = : P(B | 4,C) P(A| €) P(C)
T A P COPLC
— NB|AC)P 1P(C)
po(Xo.rlc) = p(X¢—1lx¢,€) - PBIOPO)
4 A4At=1 P(B|AC)PA|C)
Control target o P(B|C)

o ZFZ2}O| diffusion stepOl| A a sequence of control problems = decomposition:

p(Xe—1lXe, €) X p(Xp—1[Xe) - D(C|X—1,X¢) )




Decoding and Controllable Generation with Diffusion-LM
- Controllable Text Generation

(e P~ oy .
Sequence of control problems = %/ 2t Decomposition:

P(Xe_qlxg, €) X p(Xp_q1Xe) - p(C|Xpo1, X¢)
Conditional independence assumptionsOi| 2|3l p(c|x,_1, %) = p(c|x,) U222}
p(Xe—1X¢, €) < p(Xp_1]X¢) - p(€|Xp-1)

Gradient update 2 '#(SDE)= &l x,_; G O|O| E.

th_llagp(xt—llxt» c) = th_ll(?gp(xt—ﬂxt) + th_lp(clxt—l)

Diffusion-LM Classifier



Score-based generative modeling through stochastic

differential equations - icLr2021 dx = f(x,t)dt + g(t) dw
SDE : ‘-—v—-"drift difﬁl\w;-i;n

q(Xe|Xe—1) = N(X¢5+4/1 — BeXe—q, Bt]) —l

Forward SDE (data — noise)

dx = f(x,t)dt + g(t)dw

Anderson
- 1982

dx = [£(x,t) — ¢* (t)&x g, (x)]] dt + g(t)dw

Reverse SDE (noise — data)

score function :

T p(Xr) = N(xr;0,1)
Po(Xe—11X¢) = N(X¢—q; Ug (Xt t), Zo(Xe, )I)




Score-based generative modeling through stochastic
differential equations — Yang Song

* Reverse SDE(noise — data) : _
Score function

dx = [f(x,t) — g*()V,logp,(x)]dt + g(t)dw

* Controllable generation :

dx = [f(x,t) — g*(t)V, logp, (x|y)]dt + g(t)dw

* Bayes’rule:

dx = [f(x,t) — g*(©O)V,logp:(x) — g*> )V logp:(y|x)]dt + g(t)dw



Decoding and Controllable Generation with Diffusion-LM
- Controllable Text Generation

Gradient update 2 # (SDE)= &l x,_; G O|O| E.

th_llogp(xt—llxt; c) = th_llogp(xt_llxt) + th_lp(c|xt_1)

Diffusion-LM Classifier

dx = [f(x,0) = g2(O)Vs,  Logp, (e, |xe, ©)]dE + g(£)dw

X,_1= sampling ¢ Ct= &+ gradientE Al4tot 7| x,_, & ® 0| E

dx = [f(x,8) = (g% () Vs, logp: (xe—q|x)|+ g2 (@) Vs, logp.(c|xe—1))]dt + g(t)dw

Diffusion-LM Classifier




VXt_l logp (Xt—l

input_embs param = th.nn.Parameter(sample

X¢,¢) = th_llogp(xt—llxt) + th_lp(c|xt_1)

Diffusion-LM Classifier

) #sample= ZO|0[E G2 Foi 20l &=

with th.enable grad():

Diffusion modelO| sampling F x;_4

for 1 in range(K):
optimizer = th.optim.Adagrad([inp

ut_embs param], lr=step size) .
=l - Pretrained Control Model

DptimiEEP.EEPD_gPEd{}l

model out = model control(input_e
coef = coeff # ©.80865

# Ofefl =2 35
if sigma.mean() == 8:
logp term = coef * ((mean - 1

else:
logp term = coef * ((mean - 1

loss = model out.loss + logp term
loss.backward()
optimizer.step()

(ex: syntactic parser)

mbs=input_embs param, parse _chart=label ids, t=tt)

nput_embs_param) ** 2 / 1.).mean(dim=8).sum()

nput_embs_param)**2 / sigma).mean(dim=8).=sum()

1
T logp(X¢-11X¢) = ) (X¢—1 — H)Tz_l(xt—l —w)+C




&1 XIR.6

Diffusion Models Beat GANs on Image Synthesis — Supplementary Material :

(https://openreview.net/attachment?id=AAWuCvzaVt&name=supplementary material)

D.2 Deriving Algorithm 1: Conditional Sampling for DDPM

We showed in the previous section that to condition a diffusion process on a label y, it suffices to
sample each transition® according to

Po,6(Te|Tiv1,Y) = Zpo(xe|Ti41)Dp(y|2t) (48)

where Z 1s a normalizing constant. It is typically intractable to sample from this distribution exactly,
but Sohl-Dickstein et al. [63] show that it can be approximated as a perturbed Gaussian distribution.
Here, we review this derivation.

Recall that our diffusion model predicts the previous timestep x; from timestep ;. ; using a Gaussian
distribution:

po(xe|zeq1) = N(p, X) (49)

1
log po(zt|zes1) = —5 (&t — WS Ny —p)+C (50)


https://openreview.net/attachment?id=AAWuCvzaVt&name=supplementary_material

Main Results
- Syntax span

target span

[4, 16, VP]

FUDGE

Diffusion-LM

The Cambridge Blue pub is near the Café Brazil and offers a high price range for their French
food .

On the Ranch there is a children friendly pub called The Cricketers with an average customer
rating ,

FT The Travellers Rest Beefeater i1s an average rated restaurant located in the riverside area near
Calé Adriatic . Their price range is less than £ 20 .

target span [0, 2, NP]

FUDGE The Golden Palace is a cheap , 5 - star coffee shop , located on the river in the north of the city

Diffusion-LM

centre .
T'he Olive Grove 1s a pub that provides Indian food in the high price range . It is in the city
centre .

FT The Golden Curry is located in city centre near Café Rouge which provides English food . Its
customer rating is average and is not family - friendly .

target span [12, 13, NP]

FUDGE The Waterman is a family friendly place with a good rating .[missing span|

Diffusion-LM
FT

The Vaults is a high priced , family friendly restaurant that serves ltalian food .
Strada is a restaurant which costs less than £ 20 , but is not family - friendly and has an average
rating .




DIFFUSEQ : Sequence to sequence

text generation with diffusion models

(Under review as a conference paper at ICLR2023)



DIFFUSEQ

Reverse process —>  Forward process €—  (Gaussian Noise Rounding
Y - T O :
Pa(zi-1lz) pe(Wlzo) O w*
:' — — .- . — O W}" i
I qulu-) O I gpw ©
z z z - z I._ g pen-L'omain La UgLE ,
r ¢ =1 v Embedding map ) !
Partial Gaussian Noise < >  Word Embeddings <—> Text Sequence to Sequence

« Text generation2| L =2 sequence-to-sequence (Seq2Seq) =A| &

=

o Diffusion-LMO{| A| Seq2Seq2| Ct &St semantic meanings 2 2 2l Sl = Classifiers S SA|Z2 += QS5



DIFFUSEQ
- Embedding step

Reverse process —> Forward process €—

H ] ﬁ'

Zr

=

L]
&

¢

pPe(zZp-1]2¢)

—
T

q(Ze|2e-1)

Gaussian MNoise

L]

Partial Gaussian Noise <

 Embedding(Forward process) :

= e ———

L]

\a¥
Zg

Rounding
Pe(Wlzo) 8
«— — O

ap(zolw) O
Embedding map

Word Embeddings <—> Text

LW

wY |

I
x I

|
. E.g. Open-Domain Dialogue ,

Sequence to Sequence

EMB(w*®Y)= [EMB (W}), ..., EMB (W), EMB (w}), ... EMB (w},)] € Rm*txd,

N o o o o o o o e e e e e e e -

« Embedding transformation:

G (2o|W*™Y) = N(EMB(w”®Y), 5ol



DIFFUSEQ

- Forward process
d: embedding size

Forward

mmm <

Frozen
Frozen

: IIIIII

Gaussian distribution

* Forward & S5 EMB(wY) Bt =O|=& 7}

o 2¥ =az +VI—ae



DIFFUSEQ

- Reverse process

( EMB (w{) |
. EMBW)
[ J
— , )
T
z)!

Y
Reverse

A HO = sequence T |7 Y EH L[ reverse processE &l w”

Diffusion-LM 2} loss7F Z 2 H, wY Bt ossOf| AtE

EMB(w)

EMB(wy)

EMB(w))

EMB(w?)

— T T J J

Zy

=
I

"f‘——_—-"

Rounding

Pe(W|zo)
—_—

qg(Zo|W)

[0




DIFFUSEQ

- Generation Results

(Quora Question Pairs)

Table 2: Sample outputs in QQP test set, conditioned on the same x.

Original sentence: How do I make friends. Paraphrase reference: How to make friends ?
GPT2-large finetune GPVAE-TS (DIFFUSEQ \
How can I make friends? How can I make friends? How can I make friends better?

How can I make friends? How do I make friends? How can I make friends?

How can I make friends? How can I make friends? How do you make friends?

How can I make friends? How can I make friends? What is the best way to make friends?
How do I make friends and | What’s the best way to make How can I make friends and more
keep them? friends and make make friends? [\something? J

high diversity



DIFFUSEQ

- Dialogue test set

Table 5: Sample outputs with different random seed in Dialogue test set.

Utterance: How long does the dye last?
Response: Just did this two days ago, not sure how it’ll fade yet!

GPVAE-T5 GPT2-large finetune KD;FFUSEQ \
. 'm not sure, I'm not sure. I’ve tested it a few * Two weeks in my case.
times, but I don’t know for sure. I've * About an hour, 5 days or so.

* T’ ;
. ' mnot sure. I'm not sure how long it lasts, I'm I've had it for about a year.

sure it "11 get better. It’s been a while since

* 4 days.

. The dye can sit around for a month then you

.. I've been using it for about a year and a half. can wash it.

I’ve been using it for about a year and a half. * ['m not sure about this, about the same

kind of time.

\_ /)

Non-autoregressive
U= =X



DIFFUSEQ

- Question Generation

Statement: The Japanese yen is the official and only currency recognized in Japan.

Question: What is the Japanese currency?

GPVAE-TS

* What is the japanese currency
* What is the japanese currency
* What is the japanese currency

GPT2-large finetune

* What 1s the basic unit of currency for Japan?
* What 1s the Japanese currency

* What 1s the basic unit of currency for Japan?

\

( DIFFUSEQ ‘

NAR-LevT

* What 1s the basic unit of currency for Japan ?
* What 1s the basic unit of currency for Japan ?
* What 1s the basic unit of currency for Japan ?

* What is the Japanese currency
* Which country uses the “yen yen” in currency
* What is the basic unit of currency?

v




DIFFUSEQ

- Text Simplification test set

I:Il-ol- 2 ol&L|Ch

Slmpllﬂed =2l A

ol & dtLte

Complex sentence : AFES2 02 7HX| O|R 2 QIZZS Y = A2H o2 A2 aE7(9 2
g A 55 £ FEHO| o0 s MO 222 Gle Aut 22 B2 afel A0 282 &7

of 2l AlEDF M A= H7F §IRA7] WL e

Table 7: Sample outputs with different random seed in Text Simplification test set.

Complex sentence: People can experience loneliness for many reasons, and many life events
may cause it, such as a lack of friendship relations during childhood and adolescence, or
the physical absence of meaningful people around a person.,

Simplified: One cause of loneliness is a lack of friends during childhood and teenage years.

GPVAE-TS

People can experience loneliness for many
reasons, and many life events may cause it,

* such as a lack of friendship relations during
childhood and adolescence, or the physical
absence of meaningful people around a person

People can experience loneliness for many
reasons, and many life events may cause it,

* such as a lack of friendship relations during
childhood and adolescence, or the physical
absence of meaningful people around a person

People can experience loneliness for many
reasons, and many life events may cause it,

* such as a lack of friendship relations during
childhood and adolescence, or the physical
absence of meaningful people around a person

NAR-LevT

.. People may experience reashapphap-
phapphapphapphappabout life reasit.

.. People may experience reashapphap-
phapphapphapphappabout life reasit.

.. People may experience reashapphap-
phapphapphapphappabout life reasit.

GPT2-large finetune

* Loneliness can be caused by many things.

* Loneliness can affect people in many ways.

* Loneliness can be caused by many things.

( DIFFUSEQ

~N

* Many life events may cause of loneliness

.. People can also be very experience
loneliness for many reasons.

.. People can experience loneliness for many
K reasons, and many life events may, cause it. )




Text Diffusion Progress

Discrete space

Improving Generative Masked Language
Models with Diffusion Models

| NeurIPS 2021 | | ~ ICLR 2023 | ‘.

! Structured Denoising Diffusion Models in Discrete State-Spaces DiffusER: Discrete Diffusion via Edit-Based Reconstruction !

: —

! I

i EMNLP 2022 (Work in progress) !
NeurlPS 2020 Learning to Model Editing Processes(no diffusion) DiffusionBERT: !
1

Denoising diffusior{\probabilistic models(DDPM)

______________________________________________________________________________________________________________

ICLR 2023
Sequence to sequence text generation with diffusion models

v

NeurlPS 2022
Diffusion-LM Improves Controllable Text Generation



Structured Denoising Diffusion Models In
Discrete State-Spaces

NeurlPS 2021



Diffusion models for discrete state spaces

7|Z forward 2| 7F2A|Qt L O| = F7}E transition probabilities matrices £ 84

[Qt]ij: q(x¢ = jlxp—q = 1)

« EX) X, X,—10| K 70| categoriesOi| &, K=30|2} 71’4

q(x¢lxe—q) = Cat(xe; p = x¢—1Q¢)

06 02 0.2
x,=[010], Q,=]02 06 02
02 02 0.6

0.6 0.2 0.2
p=X;_10;=[0 1 0] [0.2 0.6 0.2] =10.2 0.6 0.2]
0.2 0.2 0.6



Uniform(Random token)

import numpy as np

X0 = np.array([
X = x0

Matrix = [][

b

for idx in range(10):
X = X @ Matrix

print(idx, np.round(x,

o oo -l oMM oara — O3

v

-0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

35
-0.5 0.0 0.5 10 15 20 25 3.0 3.5

[0.175 0.375 0.275 0.178]

[0.2125 0,315 0.2625 0.2125]
[0.2312 0.2812 0.2562 0.231¢2]
[0.2406 0.2656 0.2531 0. 2408]
[0.2453 0.2578 0.2516 0. 2453]
[0.2477 0.2533 0.2508 0.2477]
[0.2488 0.25¢ 0.2504 0.2488]
[0.2494 0,251 0.2502 0.2494]
[0.2497 0.2505 0.2501 0.2497]
[0.2499 0.2502 0.25 0.2499]

Random token

sampling

o




Diffusion models for discrete state spaces

- Training loss

Forward process £} Transition matrix = &</

q(xelxe—1) = Cat(xe;p = x¢-10Q4) [Qt]ij= q(xt = jlxe—q = 0)

° xt L XO 0// QE CyE/ b’f _HZE‘-/ 7l-E/L élLEo

q(x¢lxg) = Cat(xtip = xo@), with 5,; = (102 ... Q¢

Posterior= &©

q(xelxe—1, %0)q(xe—11%0)
q(x¢|xo)

q(xe_11x, %) =

x:Qt O xoat_l )

=cat| x;_;p = =
XoQ, Xt

Training loss : KL(CI(xt—1|xt»xo)||p9 (xt—llxt)) = 2. p;log (Z_Z)



DiffusER: Discrete Diffusion
via Edit-based Reconstruction



Discrete Diffusion Model using Editing Processes

The | dog is a cute |animal\\)

The | dog is a cute lanimal| and is friendly

INSERT DELETE

| REPLACE keep  +— edit operations

« Levenshtein(1966)0| Xﬂ?ﬁi edit operations= edit processOl X &

. Chad| oM 2R

o
Ly =
g eds W=

ClE 2= 0= St=2| OfL|2} O™ edit process2| contextE HHE 2



DIFFUSER

= EDIT-BASED CORRUPTION

« 47}X| Levenshtein T A

« t HXY, forward process :

(Xt 1X¢t—1; & 3!)

b
[0
Ho
I
rlo
k>
02
[0
mn
U
[
4>
$0
rr

T
= HPH(Xt—ﬂXt)
t=0

1%
o>
OF

o=

rir

s
i
o



DIFFUSER

EDIT-BASED RECONSTRUCTION

domesticated descendant of

domestic a
Decoder Decoder Decoder I
A
The dog is an animal | and is descended from the wolf
INSERT| KEEP | KEEP | REPL | DEL DEL DEL REPL REPL | KEEP | KEEP
[ Autoregressive Predictor J
r ™y
Encoder
p "y
. . . T edit compressed
The dog is an animal and is descended from the wolf sequences

. DEHCS WX TZ)MAE L3
e Encoder: HZ! Tt T2 M| A
« Decoder: =8 L= A9 A2 token= M

Po (Xt—l \Xt) = p?g(et \Xt)pgen(Xt—l \Xt;et)



Step 1

elf meantime Nano (; Aden Prepare hue—mHieﬂyﬂgms—hueHeat

Goalsgeordnet LewisSession beet remindersrights rézes redund boldWmconsm—
Port compl rocks @ @aetual Parish-nerm1La i

eradicateewerksechaften—ovleingebracht naked Law ers Dr anisation wvon
Gewerkschaften al contestants negligible GenelZE etablieren. HT

Step 2

elf meantime Nano (j Aden—Prepare—hueHeat——Geoalsgeordnet
avatedabgeordnet LewisSession beet remindersrights rézes redund

Mﬁfﬁﬁ%ﬁ%ﬂﬁ@%ﬁ%bﬂ]dWmcunsm eingebracht

naked Lawyers Organisation von Gewerkschaften al contestants negligible
2400 CLR GenelZE etablieren. HT-isationatar ent

Step 3

elf—meantime—Naneo—(j—aggravatedabgeordnet—containing Tai _Prison
Kongressabgeordnet und John LewisSession beet remindersrights rézes
redund—beldWiseonsin-rézesvorschlag eingebracht naked Lawyers Organisa-
tion von Gewerkschaften al-contestants—negligible2400-CLR-GenelZE-als
Biirgerrecht zu etablieren.isationatar ent

Step 4

| £ orseiol . ,g Ll noebrachtnaked I Die
Kongressabgeordneten Keith Ellison und John Lewis haben einen
Gesetzesvorschlag eingebracht, um die Organisation von Gewerkschaften
als Biirgerrecht zu etablieren. isationatarent

Target

Die Kongressabgeordneten Keith Ellison und John Lewis haben einen Geset-
zesvorschlag eingebracht, um die Organisation von Gewerkschaften als
Biirgerrecht zu etablieren.

Table 1: Example diffusion process for machine translation from random tokens.



Source
Document

(CNN)They're not gonna take it anymore. Really. Twisted Sister says that its 2016 tour will
be its last, according to a press release. Next year marks the band’s 40th anniversary, and to
celebrate, the tour is being titled "Forty and F¥*ck It.” "It’s official: Farewell,” Twisted Sister
singer Dee Snider posted on Facebook. Snider also noted that the band will play with a new
drummer, Mike Portnoy of Adrenaline Mob. Portnoy replaces A.J. Pero, who died March 20.
The band will also perform two shows in Pero’s honor: one at Las Vegas® Hard Rock Hotel and
Casino, the other at the Starland Ballroom in Sayreville, New Jersey. The latter is in support
of Pero’s family. Twisted Sister’s biggest hit, "We're Not Gonna Take It,” hit the Top Forty in
1984 and was featured in a popular video.

Step 1

{ENMYThey ' renet-gonna-takett-anymere—Really—Twisted Sister says that its 2016 tour will

be its last, according to a press release. Next year marks the band’s 40th anniversary, and to
celebrate, the tour is being titled "Forty and F¥ck It.” "It’s official: Farewell,” Twisted Sister
singer Dee Snider posted on Facebook. Snider also noted that the band will play with a new
drummer, Mike Portnoy of Adrenaline Mob. Portnoy replaces A.J. Pero, who died March 20.
The band will also perform two shows in Pero’s honor: one at Las Vegas’ Hard Rock Hotel and
Casino, the other at the Starland Ballroom in Sayreville, New Jersey. The latter is in support
of Pero’s family. Twisted Sister’s biggest hit, "We're Not Gonna Take It,” hit the Top Forty in
1984 and was featured in a popular video.

Step 2

Twisted Sister says that its 2016 tour will be its last, according to a press release. Next year
marks the band s 40th anmvcrsary and to cclcbmtc the tour is bcmg titled ’Forty and F*ck
It LLIEE) P . ' L 0

rcplaces Al Pcro whD dled March 20 The band will a]so pcrform two shows in Pero’s
honor: one at Las Vegas® Hard Rock Hotel and Casino, the other at the Starland Ballroom in
Sayreville, New Jersey. The latter is in support of Pero’s family. Twisted Sister’s biggest hit,
"We're Not Gonna Take It,” hit the Top Forty in 1984 and was featured in a popular video.

Step 3

Twisted Sister says that its 2016 tour will be its last, according to a press release. Next year
marks the band’s 40th anniversary, and to celebrate, the tour is being titled "Forty and F#ck
It.”” Portnoy replaces A.J. Pero, who died March 20. The band will alse-perform two shows
in Pero’s honor —ene-at-las-Vegas—HardReckHotel-and-Casino-the-other-at-the-Starland
Balhmn‘r i S"lj."t‘t‘,\-'lﬂe New Jer«;ey The-}altel 15 mﬂuppol t-of Pere’ *r-ﬂum}y P lxted— Sister’s

.‘:‘C‘

"rl'dfﬂln Las Veras and New Jerse

Step 4

Twisted Sister says that its 2016 tour will be its last, according to a press release. Next year
marks the band’s 40th anniversary, and to celebrate, the tour is being titled "Forty and F*ck It.”
Pertnoyreplaces-A.]. Pero, whe-died March 20. The band will perform two shows in Pero’s
honor in Las Vegas and New Jersey.

Generated
Summary

Twisted Sister says that its 2016 tour will be its last. Next year marks the band’s 40th anniver-
sary, and to celebrate, the tour is being titled "Forty and F*ck It.” A.J. Pero, died March 20.
The band will perform two shows in Pero’s honor in Las Vegas and New Jersey.




DiffusionBERT: Improving Generative Masked
anguage Models with Diffusion Models

(Work in progress)



DiffusionBERT

" [MASK] [MASK] [MASK]" "[MASK] world !" "Hello world !'"

po(xt—1|xt, 1)

— ... — > — ... —
@ @@ 2@

Q(xt|xt—1)

(a) Diffusion models for discrete data

"[MASK] [MASK] [MASK]" "Hello [MASK] !" "Hello world !"

Po(x¢—1|x¢)

—7 ... 7 ? —7 ...
€= ¢ ¢m=m - ¢= 7 ¢

N AN Q(xtlxt—lax('}) AN |
I
I

(b) Non-Markovian DiffusionBERT

* Pre-trained LM & A&

« Absorbing stateE & & St= A 0| pre-trained LM= A& 5H=0| 2 1tH

« Spindle Noise Schedule

o ME-2 noise schedule &&= K| 2HSHO Non-Markovian forward process=

Al

A
o

M

9|



Diffusion models with a Discrete Absorbing state

« Markov = = A| A Of| A absorbing state

. ZHEZL ZUSIH QK| T HLE 2670 THEZ [MASKIE 22 2 M SHtransition)

« t stepO| A Transition matrix:

(1 if i=j=[M]
[Qclij =4 1— B¢ ifi=j #[M]
« t stepOlA Marginal q(x}|x}):
a(eilet) =@ T xe=x

1-a ifxf:=[M]



Absorbing state

1, if i =j=[M] 1 .
[Q¢]ij=41— B if i=j#[M] S
Be, if j=[M],i# [M] |
. . -0.5 0.0 0.5 1.0 1.5 2.0 2.5 30 35
import numpy as np
00 0750, 0.2
0 = np.array(10, 1[0, 056200 0438
x = x0 2 [0, 0.4220. 0.57)]
. 300, 09160, 0.5 -
e $[0. 0230, 073 S2MPIng
5[0 01780, 0.82
5[0, 0.0330. 0.867]
e | 700, 010 0.9
o e 8 [0. 0070 0,928
9 [0, 0.0560. 0.944]

print(idx, np.round(x, 3))




Spindle Noise Schedule

* B, : Noise schedule®j| &gt 1 &

 SequenceOf| A token?t

« LIMEERZ2 G &2 likelihood

OI_-|O-|I-I

* Easy-first generative behavior : 7} HHEH 7} B2 E 3 HE mASK

Forward process

[Bella]
[is]
[sitting]
[over]
[there]

[MASK]
[is]
[sitting]
[over]
[there]

[MASK]

[is]
[MASK] .
[over]
[there]

v

[MASK]
[MASK]

B [MASK]

[MASK]
[MASK]



Spindle Noise Schedule

« t step0l A Marginal q(x!|xi):
Spindle Noise Schedule pOﬂ -I g g( ll 0)

. 1 _ l
1.0 - — “Bella”, A=0.5 g(xi|xd) = ¢ if xt= x4
"is", A=0.5 i = apai
g & -=-= "Bella",A=1.0 1 at I’f xt [M]
T 0.8 - \ "is", A=1.0
2 = i t _
: a;,=1—=—5(t) - H(x¢
30.6~ t T ( ) ( O);
£
§ tm
< 9% S(t) = Asin—,
) T
2 02/ |
: n_ H(x]
o _ ] _1 0
Hxb)=1-""——
_ y T T T T - nH(XO
0 100 200 300 400 500
Timeetep: Entropy : 8H&EIO|E/OI A xi7F LIEF frequency@ 74t
» 21%40] 1.0 [ “Bella”2| unmasked SEO| 2| B K| “is” 2| HE2 MHS| HO|

. H(x})2| 20| AR 42 g, 2H0| ZOFX|0f MASK EE0| 2242



Main results

Method Pretrained Schedule Time Step PPL | BLEUT Self-BLEU |
3 . .
(T i) LTE 82.34  0.3897 0.2347
D3PM (Austin et al., 2021) X TAD 125.15  0.3390 0.2720
Spindle LTE 77.50  0.4241 0.2288
Diffusion-LM (Li et al.. 2022) X Cosine LTE 118.62  0.3553 0.2668
v Cosine LTE 132.12  0.3562 0.2798
BERT-Mouth (Wang and Cho, 2019) v - - 142.80  0.2867 0.1240
LTE 92.53  0.3995 0.2118
| —1
- (T —t+1) PTE 7995 0.3886 0.2156
DiffusionBERT v ——
TAD 78.76  0.4213 0.2116
Spindle TAD 63.78  0.4358 0.2151

« D3PMI} H|1D : Pretrained LIM= AIE RS M| A
e Continues domainX| Al 7} A|9F L O| =& AtE S} pretrained LM= AtE

M= [ 0| L0t (0| F: Continues domainOf| A= PLM= B ESH7|7F 2l X| & &
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