Diffusion Model

-based Generative Recommendation
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What is Diffusion
Forward I
process @' -

Reverse @ .
process e

Build the mapping between data sample and
Gaussian sample

Denoising Diffusion Probabilistic Models. NeurlPS 2020
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What is Diffusion

Predict
step 999 Noise

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~N(0,1)
2: XONQ(_XO) 2: fort=1T,...,1do
2' B Ij{;l(l(f)orlr)n({l, T 3: z~N(0,I)ift > l,elsez=0
TEn~ 5 i
5: Take gradient descent step on 4 X1 = \/_1a=t (xt - \/_TT%IE" (xt, t)) + o1z
Vo ||e—eg(\/6ztxo+\/1—dte,t)||2 5: end for
6: return xg

6: until converged

Remove the noise step by step from a
Gaussian sample.

Denoising Diffusion Probabilistic Models. NeurlPS 2020
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Diffusionin CV

Diffusion is at the core of visual content generation.

Image generation Video generation

Stable Diffusion, DALL-E... Sora, Hunyuan-Video, Keling...
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Diffusion for recommendation

Use diffusion to enhance traditional recommender

More robust representation
Data augmentation

Diffusion as recommender

Diffuse on the user interaction vector
Diffuse on item representation
Discrete diffusion

Diffusion for personalized content generation

Personalized try-on, image,....

249



Diffusion as enhancer

—> %
Output

hy h, h

U1 @ @ . . @ jrogo o % Transformer
: @Original item ! 4
Us @ @ . ! ! Zz Distribution Z
' ! Representation

, X , ‘f’Ugi‘Augment item |
Uqug 'U3 'U4 UZ "UG Rt wrwsssmsms ¢ ]
Sequence Level A,, ® i 2
""""""""""""""""""""""" ‘“ Input

Timeline-) | |

“E @O0 i et
“®®O O F 2

Item Level

S

S

User’s Historical Interaction Sequence S

Approximator fq(x,d, S)

Generate more interaction Enhance the robustness of
or sequences embeddings

Diffusion Augmentation for Sequential Recommendation, in CIKM 2023.
DiffuRec: A Diffusion Model for Sequential Recommendation, in TOIS 2024
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Pseudo sequence generation (1)

Generate pseudo sequence embeddings
conditioned on historical interaction sequence

Diffusion Augmentation for Sequential Recommendation, in CIKM 2023.
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Pseudo sequence generation (ll)

The model architecture is adopted from U-Net

-~

----------------------

..............

Diffusion Augmentation for Sequential Recommendation, in CIKM 2023.
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Diffusion for recommendation

Use diffusion to enhance traditional recommender

More robust representation
Data augmentation

Diffusion as recommender

Diffuse on the user interaction vector
Diffuse on item representation
Discrete diffusion

Diffusion for personalized content generation

Personalized try-on, image,....
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Diffusion as recommender

J

N

Eg{.@y T

=) -

[00000|[0®083|

20 21 -
Reverse

Diffuse on the user
interaction vector

Forward process (noising)

q(eqler™)

T t
€, =inni = -
o en L PO =
Reverse process (denoising)
Gaussian t—1|,t Target
noise Po(en "len, €n-1) item

el, —
€1:n-1 - Cn1—> MLPHE
t —

Diffuse on item
representation

‘ x - ’ Transitions

between items |
|

User Historical Interactions

Discrect Diffusion

: —@
* Item to be recommended E

Discrete
diffusion

Diffusion Recommender Model, in SIGIR 2023.
Generate What You Prefer: Reshaping Sequential Recommendation via Guided Diffusion, in NeurlPS 2023 254
Breaking Determinism: Fuzzy Modeling of Sequential Recommendation Using Discrete State Space Diffusion Model, in NeurlPS 2024



Interaction vector completion (l)

Motivation - limitation of GANs and VAEs:

() Forward
—_— > e ...

Xo X1 i X2 X
L_J Reverse

GAN- and VAE-based
recommenders suffers from
issues like instability and
representation collapse.

=)
o

E|H

(a) lllustration of VAE.

(

Historical Predicted future
interactions

H00000]|

O True-negative item

O True-positive item
0 ® False-positive item

® False-negative item

(c) Objective of recommender systems.

[00000|[0®08Q]|

(b) lllustration of DiffRec.

-DB Forward [ |
Zob-- Z4|--->

%o ol -

'_ Reverse |__|

E1, E2: encoders D1, D2: decoders

(d) llustration of L-DiffRec.

Diffusion Recommender Model, in SIGIR 2023.
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Interaction vector completion (ll)

Forward: corrupt the interaction vector into gaussian noise
Reverse: recover the interaction vector from the gaussian

——— o — ——

Latent Diffusion

Forward urverse

» ~r P El1

cCOX000®
=
o
v

E?
[\ [\ [

|
> @ ma Q- V4 B -
I ~
X0 |O: (OTrue-positive item OTrue -negative item X0
N = . 4
o ® False-positive item ® False-negative item
E1, E2, E3: encoders D1, D2, D3: decoders
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Generate item embedding

There exists an implicit distribution, from which
target item embedding can be generated.

Challenge:

e The data-generation distribution is

complicated and unknown.
Solution:

e Capture the data-generation
distribution by connecting it with
Gaussian distribution.

e This can be achieved by diffusion.

Learning-to-generate Paradigm

Generate What You Prefer: Reshaping Sequential Recommendation via Guided Diffusion, in NeurlPS 2023
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Generate item embedding

e Diffusion on target item embeddings.

e Guided by user interaction sequence for personalization.

Forward process (noising)

q(enler ™)

R R o -

........

Reverse process (denoising)
Gaussian t—11 .t

noise Peo (en |env Cn—l) item

el —»

n
€1n-1 - n-1=—> MLP €=

Diffusion
process

Guidance

Generate What You Prefer: Reshaping Sequential Recommendation via Guided Diffusion, in NeurlPS 2023
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Generate item embedding

e Different sequence encoder

Forward process

q (xr | x,_, )

RO —>- - - —> R

=1

S

—

Target item

Pa(

& 1d

(oluivl) H RelLu H Pooling I—T—ﬂ
rak |
S Convid - T |
X (1*3) © Pooling |5

|

|

|

Convild
-‘-{ a*s) HRd.u HPoolmg |

Sequence Multi-scale CNN

————

Reverse Process

BEND)

— O @ — xT

Gaussian noise

000000

Residual LSTM  Output

Diffusion Recommendation with Implicit Sequence Influence, in WWW 2024
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Generate item embedding

e Uncertainty-aware guidance

R i ST MMM LY I ML DLW M3 JCMCWESERERCN PO ) " '
1L ennv=[ee...,en ] ' 3 € N_1= €1N-1 Ly 1
: : m g @ \ : — - : : : Forward process —‘; :
 DBOBRUMG | oot )l BTl
1] i » - S : 1 (Posi 1 23 3 5 6 7 8 ), 1y Reverse process 1
1  Observed sequence with uncertain missing data . Ly : 1
| CouEETTEs eq_ s e ? T / ' I (@ Keep sequence stochastically I Ly |p9(ef“1|g, ey)| 1
I Y Sea < 1 = e i 1
: [ Global ] [ Local ] 4 | Sample to ' P e e CUTLLVLELY : : :. 250 Guidance g e :
; : Stability Continuity —> edit ellgN—l = [edit(en)], 7 i o & i
1 . Dual-side Probobility Models - \ o ‘ 1 : 1 31 - . e 3 :
:,——"' Stability: 06 ", : : W I .:! é.—»g —>g = \g<—£<—“é e
1 | [ continuity : 09 08 02 } : ' \_Pos:—1 S ‘ - "
L @ 23 ) ‘ : : | (@ Remove items stochastically I : : :: H
' : s ) = - . - L lig=e Consistency Regularization ]
1 - Uncertainty-aware guidance creation with |s y___ 502 2707 TR el .
: i f dual-side Thompson sampling : : Diffusion model :

Uncertainty-aware Guided Diffusion for Missing Data in Sequential Recommendation, in SIGIR 2025
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Generate item embedding

e |Incorporate preference optimization

»CSimple = ]E(e(—)i_,c,t) [||-F0(32L, ta M(C)) - 93_”2] )

Lppr-pift.c = —logo (—|H| . [S (éBL

Lreferpit =  ALsimple + (1 — A)Lapr-DifrC -
N——r b ~~ #
Learning Generation Learning Preference

Preference Diffusion for Recommendation, in ICLR 2025

,eg) - S(‘F@(ét_ataM(c))’éa)]) S
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Discrete diffusion

State transitions occur under discrete conditions for the

entire interaction sequence.

:E Descriptions Semantic IDsE

"
‘ ‘ Transitions ! Roses reg
9,0}

ency !
between items |i teacupand e |
0" saucer. !

H
11 Antique olive H
! 1 green flower (12,47,55) |

User Historical Interactions teacup.

Discrect Diffusion

t

!1 Baking mould |

11 heart white (17,37,69) |

:: chocolate. H
{ J o

Item to be recommended ! Seq2seq model

"

4 :

"‘“ e (17.42,51) |

fuzzy sets

Represent interaction sequence as
one-hot vector through semantic
ID.

Conduct discrete diffusion on
interaction sequence.

Breaking Determinism: Fuzzy Modeling of Sequential Recommendation Using Discrete State Space Diffusion Model, in NeurlPS 2024.



Discrete diffusion

Semantic IDs

.4

Algorithm 1 Training of DDSR. /

Input: historical intera¢tion sequence vi.n—1 = C1:n—1;1:m; target ifem v, = Cp;1.m; transition
matrix Q,; Approxifrator=z{):

Output: well-trained Approximator fo(-). Forward process

While not converged do:

1: Sample Diffusion Time: ¢t ~ [0,1.....T]; e,

2: Calculate ¢-step transifion probability: Q_t =Q,Q5--Qy; QI ij = {(1 ~EAM =R iiz i; '

3: Convert Cn;1:m 1O one-hot encoalng mn P

4: Obtain the discrete state mn 1.m after ¢ steps by Equation 2, thereby obtaining the ’fuzzy set’
cl:n—l;l:m’ N t

5: Modeling cz.p.1.m based on *fuzzy sets’ through Equation 5; Co:n;1:m = fo (cl:n—l;lzm7 t).

6: Take gradient descent step on VLo g (€2:n:1:m s C2:n:1:m)-

Breaking Determinism: Fuzzy Modeling of Sequential Recommendation Using Discrete State Space Diffusion Model, in NeurlPS 2024.



Discrete diffusion
e Quantization embedding with continuous diffusion.

Semantic Codebook | DGR x| T, ke XD
Reverse
e s e R
Update Quantize %) = fo(xt,5,t)
Next item ¢ Time step Tt ;
%1 ¢2 ¢cs Y 4 E: e [t R
Enhanced guidance . — Y :]io XL
OIITO: 3 Dencisin e
D:D:D] S Dj:D:D sq S 9 @ 7 Ground-truth
I:[F —] |:> Enhanced guidance model f0 ¢ next item
/ ! ~t g \ J Denoised item
ITTTOs [ITITO s, 3 o LLT1 S 7 VP
Sequence Embeddings  Quantized Embeddings =y ¢
Semantic Vector Quantization Contrastive Discrepancy Maximization

Distinguished Quantized Guidance for Diffusion-based Sequence Recommendation, in WWW 2025..



Diffusion for recommendation

Use diffusion to enhance traditional recommender

More robust representation
Data augmentation

Diffusion as recommender

Diffuse on the user interaction vector
Diffuse on item representation
Discrete diffusion

Diffusion for personalized content generation

Personalized try-on, image,....
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Personalized content generation

e A photo of V woman A photo of mysterious
: ﬁ shaking hands with A photo of V. woman V woman witcher at
¥ Joe Biden night

piloting a fight jet

¥

Personalized try-on Personalized image

OOTDiffusion: Ouftfitting Fusion based Latent Diffusion for Controllable Virtual Try-on, in arXiv
InstantBooth: Personalized Text-to-lmage Generation without Test-Time Finetuning. In CVPR 2024. 266



Personalized Try-on

Generate realistic 3D try-on given person images,

clothes images, and a text prompt.

3D Human Generator

“A woman wears and grey skirts.”
I Back Propagation l 1 Back Propagation
template ,,,,,,7‘ .
[ 1 @ . - (/ ;
13 Differentiable | | P! leferenuahle ,)‘D lefuse
\ Renderer } } } Renderer \ L5
\ ‘ \
| I
| I /
| L
,,,,,,,,
DMTet ¥,
ST T
s s
[ i
} \ } | DensePose
(g, my) | | } Reﬂdef er
I I
I I /
| L
,,,,,,,,
DensePose

s

D e . Wy

¢ 1
|
Differentiable } } | [hfferenuable lefuse Y LEWS
Renderer } I } Renderer
|
o | [Re
*i I_LremplatEJ X I L /
e = T
DMTet ¥,
| Back Propagation A+ 1 ¢ Back Propagation
_______________________________________________
| D SD + Multi-concept Normal-style Pre-defined Uniformly- dlsmbuted|
| ControlNet LoRA LoRA ﬂ Camera Camera |

DreamVTON: Customizing 3D Virtual Try-on with Personalized Diffusion Models. MM 2024
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Personalized Image

Generate personalized image given person images and
the desired concept.

Rich Patch Feature

e (N -~ CrossAttn
Encod EENEEEEEN - -
i L AN Adapter
N
................. . 3
v SelfAttn
Shared "‘
Backbone Prompt Embeddlngs n

[_Jphoto ‘2

3 a 4

o of L o :
; L R s~ R CrossAttn
Concept 0 2 Vo Generated Image

Input Images Encoder ! ~.

i peson e

N b it e s ® - G

]- SelfAttn
Frozen
Input Prompt: "Photo of 7 person” —-[ CLIP Text Encoder ] U-Net

Trainable

InstantBooth: Personalized Text-to-lmage Generation without Test-Time Finetuning. CVPR 2024
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