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Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu ajayj@berkeley.edu pabbeel@cs.berkeley.edu
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Figul‘e 2: The directed graphical model considered in this work.

Denoising Diffusion Probabilistic Models, NIPS 2020



A;P 1. Forward Process

MR —AMBREAX G RTRIE, LPXd BAERKESRE FRENURAEFE,
FE QHA bRk E, BRERE—ASHOH, HhfF Ed B, &k Eo
RELE RBT K, RAHELSH xr TAZARIGZA0H
T
Q(Xl;T|XO) = H Q(thxt-l): Q(Xt|xt-1) S N(Xt; AV4 1 = flmey 5, /@tl)

=1

131,132;---;I3T)
Bl 24E, MRMAX
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A;P 1. Forward Process
s HEERINGSATEEMRE, FA#TENK,
q(x¢|x0) = (xt, Vaixo,(1—a@)I) a;:=1—p;anda; = [[._, o

I"
—
I
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A;P 2. Reverse Process

c FORBER-AMBREAXN G RTREE, X RBRMIFEESIH HHAHRE
o RETMOAH P EhRE, BREZEFTRIBLRZ-ANZHHF, HEfFLRETFHERY LHKO,
« FEUN RBFRB, FEKEBARRESH G R

.

IJH(K[]:T) == p(XT) HPH(Kt—l |Xﬁ)1 Pe (Xt—llxt) <= N(Xt—l : f-ﬁﬁ'(xtu t): Eﬁ'(xt: t))

b==i

Noise
Predicter
\_ _J
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« BRAERKAR BT NEFAGERELERGBRE LLBBRZAANEG,
« RAZRXMAET, ‘RXMPo(x0).
Sample {x1, ¥%, ..., ¥™} from Py (1)

m
We can compute Py (x!) 6" =arg mgaxl_[Pe (x)
i=1

Real Image
6
— { Network ] — X _\ @uasssass > Pdata (X)
Glz)=1n
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© RARMABMARZEN TR

IOgPQ(XO): log/%(mO:T)dmltT

— 10g/1%($0:T)‘Q($1:T|$0)

Q(ml:T|w0)

dml:T

(T1.7|T0)
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— log [EQ'(ml:TlmD) [q

NF—MORE f — P EfEE X

F(E[X]) <E[f(X)]

Denois CO0 mm—
e :

) °

‘&
pe(%0) = [ po(Xo.1) dX1.7 pe(Xo:1) = p(X7) HPB(Xt—l\Xt
i=1

Understanding Diffusion Models: A Unified Perspective, arXiv 2022
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a@a|z0) 108 Po(ZolE1)] + Eq(ar|aa) [Og q(a:rrlwo
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% J 'f R ﬂ-&'{ ;k é’#éﬁ % [Eq(a: \z0) [l0g Po(To|x1)] ”DKL(Q(iBTlfﬂ) | p(xT)) WZ‘[.E’I(‘”‘I"”“) [Dkr(q(xzi—1|ms, 20) || po(mi_i]xs))]
i p@ (X{JT) T struction term prine makchingittom denoising matching term
£ = Eq | log :| pg(x :T) — p(xT) PQ(X B ‘X )
q (XI:T|XB) 0 E t—1|X¢
X X
= [, —1ngx )_Zlo PB( b — 1| t) 32 =1 4 5
151 q(x¢[x-1)

q(x¢lxi—1)q(x¢—11x0) = q(x¢1xg) q(x¢—11xs, Xo)

Po(Xi—1|X¢) _Q(Xt—1|xu)  log pﬂ(xﬂxl)“

= E, | —log p(x7) Zlo Po(Xi—1|X:) 1ng9(x0|x1)
t>1 q(x¢|x¢—1) q(x1|x0)

=E,;|—logp(xr) — Z log

t>1

a1y fa F s, F /3R

Q(Xt—1|xtzxﬁ) Q(Xt|x(}) Q(X1|XD)
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T MaGro)] & ® 4t i x0)

@
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[DKL( (% |Kn | p(xr )) = Z DKL{E(Xt 1|Kt, X0 “”Pe(xt 1|Xt‘]) —= lmgpg(xn [K1)

t>1

LT: MeEEHE, p(X7) RAFRESSH, BAH R,
o Lo: TREBAHETHR, Tk AMonte Carlofs it kg Fhib .

. LH FEEEELENA, =R A T 8 @ M A
A %) = q(x¢e—1, X¢, X0) _ q(xelxe—1)q(xe—1]1x0)q(xg) _ q (x| xe—1)q(x—1]x0)
oo q(xe, xp) q(x¢|x9)q(xq) q(x¢|xo)
Vol —ae 1) + /o 1(1 — o) 33{1 (1—ay)(1 —ay_q)
o Nz 1‘1 1 oy 1 & E) po(Xe—1]Xt) = N (X¢—1; g (Xt, 1), Xo(X¢, 1))
fig I::;:_-ZU:I E:Eﬂ
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| _ ] Sample t
Algorithm 1 Training Xo
l: repeat
2: X ~ q(Xo) — ¢
3: t~ Uniform({1,...,7}) 1—a::
4: €~ N(0,I)
5: Take gradient descent step on

Vo || — eo(}/@rxo + VI — ase, t)||”

6: until cnnvelrged R 8 B AR N
n '
' Noise
B A7 7 A 49k R > 27777 @b |
t —
< J ¢
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Algorithm 2 Sampling

i T NN(D,I)
et =T ... 1d0
z~N(0,I)ift > 1,elsez=0

end for it
return xg

& X e B R

Xii—g = \#’Lﬂf_t (}{t — ﬁl&g{}{t,t)) + 0+ 7

Noise
t ;
Predicter
o —J

Denoising Diffusion Probabilistic Models, NIPS 2020
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1. FHEAHL?

« AEAFHEMENSEF-RE XEZRFTE, Hliexe = {0, 1},

- AZEBATRFRITTE, XREVBARTEAT AR FIRTEERE AR B LT
2. AHLREBF?

c B IFALEMHEELE, AREBRNREEANA PAXGAELIESE.
3. defThmig?

© EXREHMAAEXGEA (Pl XEEYE) T, AARERGLEZTHRE,

Collaborative Signals

Sequential Information

@ What is the Guidance (Optional) ? Multi-modal Knowledge

‘ Spatial-Temporal Data

r= - - - - B r— - - - — — A
H B Y ® 2
What to Diffuse ? e How to Accelerate ?
| Tabular Text | Diffusion-based | F |
| = | Recommender Model | vee
= | 5 |
| Embeddings | | |
L — _ L Discrete User Preference Distribution — Starting Point D s e J
Structured Data & Ranked Item List

Neural Embeddings — Continuous Latent Representation — Early Stopping
e LR N 1 9

A Survey on Diffusion Models for Recommender Systems, arXiv 2024
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Diffusion Recommender Model

Wenjie Wang Yiyan Xu Fuli Feng’
wenjiewang96@gmail.com yiyanxu24@gmail.com fulifeng93@gmail.com
National University of Singapore University of Science and Technology  University of Science and Technology
of China of China
Xinyu Lin Xiangnan He Tat-Seng Chua
xylin1028@gmail.com xiangnanhe@gmail.com dcscts@nus.edu.sg
National University of Singapore University of Science and Technology National University of Singapore
of China
e LF L

® PAAERBEANEAERME: TH5a%55 (VAE) Fed matffimM % (GAN) & A a4l
R TEMA PR L AR, 2ENGEEAR G,
« VAE: 2 TFRAXMR, TRAEMEAF LN I LM,
« GAN: I #Tf R T, LUK

® FHARRIE KA AT
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Tt 42
c BEAPLU, RAELXABEAX, = (X4, x2, ..., X}, xL A1AFRAUSHE
HITTRE, AONMERTFTEARXREL, EXg =X AMBRE

Forward Process

>

q(xe|x:_1)

Hﬂ I _Dﬂaﬂmnﬂﬂmﬂ . ,nﬂﬂnn

Xe—1 DPo(Xe—1|Xt)

<

Reverse Process

AL EARE &Anig
© BRIMNXg#ATE, TAXy, REERE X1 =X, 5t AXT AN (B REARE LY
B ATR B ) RIATR & RBEE

Diffusion Recommender Model, SIGIR 2023
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* 'D'l %iii{ Forward Process
q(xe|x,—1)

Algorithm 1 DiffRec Training | " | | | l ":I [ ] N [ ]D |:| Dl |
Input: all users’ interactions X and randomly initialized 6. X, N Xy pg(xt NED h

1: repeat P

2:  Sample a batch of users’ interactions X C X. nevense Focesy

3 for all x; € X do

4: Sample t ~ U(1,T) ort ~ ps, € ~ N(0,I); q(xt|x0) = N (x5 Varxo, (1 — ap)I), (3)

5 Compute x; given xy, t, and € via q(x|xp) in Eq. (3); L @

6 Compute L;|by Eq. (11) if ¢t > 1, otherwise by Eq. (12); q(xt]xp) [ (1 — 6—& T a’t) I|%o (xz2,8) — xo|lI5|,  (11)

7: Take gradierit descent step on Vg .L; to optimize 0;

8: until converged L1 = —Eg(x,|x,) [log pg(xolx1)] 12)
Output: optimized 6. =Eg(x,]x0) ||| xg(x1,1) — x0 ||§] :

\ 4
s ! |

S 3B BAT Ik WMERBAOHEE , HA I IR

J& 89 A Ao it 8] kP X o #AT R A
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- BRI
Forward Process .

>

q(xelxe—1)

_DJ]_[[ _Dllﬂmnﬂﬂnﬂ 3} DDDD[L

Algorithm 2 DiffRec Inference X1 Po(Xi1]%)

Input: @ and the interaction hiStOI’Y X0 of user u. “"Reverse Process
1: Sample € ~ N(0,I).
2: Compute x7+ given xg, T’, and € via Eq. (3), and set x1 = x7.

3 fort=T.....1do q(x|x0) = N (g3 Varxo, (1 - ap)I), (3)
4 Xp—1 = pg(Xs,t) calculated from %; and %4 (-) via Eq. (10);
Output: the interhction probabilities X for user u. i (s 1) = T2 il —dr-1) \/OTT (1-anp (i6)
. —a; — Qi
M St X o ZEAT TR A
1 R 35 R4 X B R 6 K AR
Ve Ay o B AT TN r— i
M . - i (xt,Xg) = 1{% 1 ) \/a_tgl _(It_l)}(t
pﬂ(xﬁ—llxt) = N(Xt—lgﬁﬁ(xtit)aEﬂ(xt:ﬂt)) o ek
23
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Generate What You Prefer: Reshaping Sequential
Recommendation via Guided Diffusion

Zhengyi Yang! Jiancan Wu'* Zhicai Wang® Yancheng Yuan’* Xiang Wang*' Xiangnan He'!

tUniversity of Science and Technology of China
3The Hong Kong Polytechnic University

{yangzhy,wangzhic}@mail.ustc.edu.cn
{wujcan,xiangwang1223,xiangnanhe}@gmail.com
yancheng.yuan@polyu.edu.hk

WX B BAFIRERAT 0 F e R,
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Ydn, RiaTHKGZILELEY LN
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yEA4?

Forward process (noising)
g(et|ei1)  BE, BATAV E I RATkE R A0 B #
€=l > EY BARE e, BRIEANTRARTH
- Reverse process (denoising) ei.n-1=1er1,es,...,en_1l1, &4 ¥ AL
Gaus:.snan Do (et—l |et ,C _1) T':"gEt s s . 0
noise L LA Item ﬁ*i&}ﬂ F T"Tﬁ&ﬁ%ﬁ _F""/l\;)ﬁ B €no
enL —
 RAaAR S
| c FEMBEANMACEM, R ARG LI
€1:n-1 > T-enc {»Cn-1—t> MLP &> 5B F| k3 B kR AE
U ApAERAME, M6 TARNGKET
t — RZE—NEBANR B, MXAR B LR

ERMPREPXZSEMKE
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Algorithm 1 Training phase of DreamRec

1: repeat

2: €% eip_1~D > Sample and embed a data from training set.
3: cn—1 = T-enc(ei:n—1) > Encode interaction sequence.
4: With probability p,: cp—1 =@ > Perform unconditional training with probability p.,.
5: t ~ Uniform({1,]..,T}) o > Sample diffusion step.
6: €~ N(0,I) *fen, BfBATA A > Sample Gaussian noise.
7. e = Jae) + 1 —ae HATHA > Corrupt the traget item with Gaussian noise.
8: 0 =0—uVp ||eg —\fo(el,, cn_1,t) ||2 > Take gradient descent step, u is the step size.
9: until converged

\ 4
© RMINGAEHERT BB folel, DA RAE LR IHH
AW S ER T HBEA folel, cpq, 1)
o A FMFe A BRE—ANMEA A S AL R F G AT
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Algorithm 2 Generation phase of DreamRec

1: e1.n—1 ~ Dy > Sample and embed a data from testing set.
2: el ~N(0,1) > Sample Gaussian noise.
3: ¢p—1 = T-enc(e1.n—1) > Encode interaction sequence.
4. fort =1T,...,1do > Denoise for T steps.
5: z~N(0,I)ift > 1,elsez=0 > Sample denoising variance.
6: fo(eh,cn_1,t) = (1+w) fo(eh,cn-1,t) —w fo(eh,®,t) > Control the strength of guidance.
7. el = ‘/fi;ﬁt fg (efb,cn_l,t)‘—l— ‘/—(1 ;;t 1) ot n+ \/5tz > Denoise for one step.
8 end for ; B AR5 B
9: return e,, .
HAT TR
A4 1—a
fu o, o) = YOOt YOOL — Bet)
7 l‘.']ﬁt 1 — (It

© AR, ﬁﬁﬁ%&& B AT R St o A 69 ALK

c W EREH Cp 1 BENBEAE, BGHHWETIREEANERAA
BT, ETROBRT KA ZARSY, AL RS B 47
REGREo
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