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DreamBooth (2022)

Text to Image (T2)ETF VEFE L 3 v b T
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U-Net @ cross-attention ED A% E(C
FAVFa—ZvT FEESERBRIE3FE

Perfusion (2023)

— bk
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Textual Inversion (2022)
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U-Net D Cross Attention Ef9 THORE{L &2

EAT (2023)

Stable Diffusion &K |ZE2ERE. AR ID Encoder H B 15 7-EER %
< v B> 2 LCross-Attention |SE 4RI 2828 5

Celeb Basis (2023)
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Target Image Textural Inversion DreamBooth Custom Diffusion
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(Direct Optimization)
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Inference BFICHOASEBT H2RIBEBDOETIIVEZEE
FastComposer (2023)
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FastComposer (2023)
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3 : Methodology

3.1 : Multi-Scale Identity Encoder (MSID)

3.2 : Expression Guidance (EG)

3.3 : Class-Guided Denoising Regularization (CGDR)
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3.1 ! Multi-Scale Identity Encoder (MSID)
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Architecture

Face 2 Diffusion
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Multi-Scale Identity Encoder (MSID)

Celeb Basis Model (2023)
EAEERET IVOBRMEIRL -

Dream |dentity (2023)
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Multi-Scale Identity Encoder (MSID)
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3.2 . Expression Guidance (EG)
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Expression Guidance (EG)
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(b) Training pipeline for single image 3D face reconstruction

Analytic
- image
1@ generation
H 1

Image-level loss

(r-1)®4

Robust photometric loss

q9-q

Landmark location loss

Deep identity feature loss
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3.3 : Class-Guided Denoising Regularization (CGDR)

43



Architecture

Face 2 Diffusion

44

Input Image

Multi-Scale Identity Encoder fi4

1

Expression
Guidance

1

“A photo of S*”

Mapping Network fiqp

\(-

nput Image

Multi-Scale Identity Encoder f;4

l.

[Pexp —1 | | l

Unconditional 1
Expression

Mapping Network fr,q

!

Input Text: “4 photo of S* eating ice cream at a rooftop terrace”

\1/
Denoising UNet Class-Guided . —,DenoisingUNet| Output Image
Denoising Regularization €g
“A photo of a person” \/
. 1 |, Denoising UNet __
€
, Denoising UNet 1—1
|_, Denoising UNet o

(a) Training

(b) Inference



45
IVI eth Od o I Ogy Face Personalize HiE{E T IV DO FEE

Class-Guided Denoising Regularization (CGDR)
BE{E D Class — Guided Denoising (ZILEUBRRICHEWNT

R LE=BERVADEGRICBRES T 5ME@ICH S

BXfEFi% : Delayed Subject Conditioning
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Class-Guided Denoising Regularization (CGDR)

M=1 :E%8EE

€ = Eﬂ(zta t, ’T(p)), €c = EG(ztﬂ t?T(pC))

— |l & 2
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LEBiG R

BEETIVEDEELLER (65EIF)

AHZAHDID(BEANME) Z7AY7rFFRM)E Identity & Text
X9 5 8EE HAE&RO—BE D/NT v ZFH
Method Identity-Fidelity (T) Text-Fidelity (1) Identity x Text (1)
AdaFace  SphereFace  FaceNet CLIP dCLIP SigLIP | hMean gMean
Subject-driven
Textuallnversion [17] 0.1654 0.2518 0.3197 0.1877 0.1075 0.1283 0.0320 0.0575
DreamBooth [46] 0.3482(2) 0.4084 0.4774 0.2351 0.1480 0.3452(3) 0.0689 0.1116
CustomDiffusion [30] 0.4537(1) 0.5624(1) 0.6458(1) 0.2023 0.1490 0.2182 0.1078 0.1700(3)
Perfusion [54] 0.0925 0.1478 0.1887 0.2490 0.1686 0.3433 0.0342 0.0575
EAT [18] 0.0433 0.1190 0.1725 0.2510(2) 0.1784 0.2671 0.0370 0.0589
CelebBasis [63] 0.1601 0.2724 0.3762 0.2563(1) 0.1847(3) 0.3624(2) | 0.1138(3) 0.1542
Subject-agnostic
FastComposer [60] 0.1736 0.3271 0.4725 0.2495(3) 0.2149(1) 0.3168 0.1655(2) 0.2120(2)
ELITE [59] 0.0924 0.1925 0.3232 0.1755 0.1250 0.0671 0.0308 0.0624
Dreamldentity* [11] 0.2847 0.4252(2) 0.5523(2) 0.1924 0.1463 0.1539 0.0849 0.1326
Face2Diffusion (Ours) 0.3143(3) 0.4215(3) 0.5313(3) 0.2486 0.2020(2) 0.3856(1) | 0.1749(1) 0.2252(1)
TERAERHET  Arc Face + s rml - 2 TTTF R M EBEHRD =HERNL
AdaFace T & BHELUE adaptive margin AR cLP CLIPERLUE BAMEM hMean i : 2%
a+b
BADFERRAN—R D HREELICE D Angular7 s ZALR 7 bILDAFEH Text inversion e
SphereFace yemiig SR izl AL “yicnzn O S gMean  fRFEF49 : Vab
—HIEIBXRICED Googled AED S W . Google® Sigmoid-based LYy Fi
FaceNet VA BLETIL AL SELIP Clipmperrcomal BB
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FID(E&DEFNRE & SHREZAS1ER) + FENFA-2H+ 0 F&EE

CustomDiffusion CelebBasis FastComposer Ours ut 5 ArcFace: ArcFacew MSF MSID

FID (|) 86.18 69.87 77.62 69.33 £ A‘;‘
#Params (|) 5.71 x 107 1024 8.88 x 108 1.20 x 107 ~“
Time (]) 140 sec 220 sec 0.026 sec 0.006 sec

Table 2. Comparison on FID and the computation costs.

MSID Encoder ®#1 3R

Encoder AdaFace CLIP | hMean

ArcFace [12] 0.2421  0.2758 | 0.2135

ArcFace w/ Multi-Scale Feat. [11] 0.3264  0.2069 | 0.1549

MSID Encoder (Ours) 0.3143  0.2486 | 0.2252

ArcFace IdentityDFBELIEAMELY TR FEAMAT L

ArcFace + Multi-Scale Identity DFERUE ASE LY TF X P ESEIENL

o . o “S* surrounded by tall bookshelves”

MSID EHSHEAR BOEHHELS L

(a) Effect of MSID encoder.
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Expression Guidance D %hE

Method AdaFace CLIP ‘ hMean

w/o Expression Guidance 0.3338 0.2315 | 0.2032
w/ Expression Guidance (Ours) 03143  0.2486 | 0.2252

Table 4. Effect of expression guidance.

w/o EG w/ EG

“S* smiling warmly at the camera”

A
“S* looking shocked”

> . . ‘(’
-

—
) =5

“S* looking angry”

CGDR(Class-Guided Denoising Regularization) ®) Effectof expression guidance.

Method AdaFace CLIP ‘ hMean
Reconstruction 0.3133 0.2053 | 0.1411
Masked Reconstruction 0.3012  0.1990 | 0.1282
Reconstruction w/ DSC [60]  0.1651  0.2851 | 0.1596
CGDR (Ours) 0.3143 0.2486 | 0.2252

w/o
Expression
Guidance

w/
Expression
Guidance

ldentityd
BUEL BV

Identity D $E{UE
HEEER R

Reconstruction

Masked
Reconstruction

Reconstruction
DSC

CGDR

Input S*
-

Identity ZBLUE,—E = W

L WE T AL
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textEAE T AlidentityFB{IL

EHNEHmIcELS
Identity ZLIE L NF X

Rec. Masked Rec. Rec. w/ DSC

“S* in front of Niagara Falls”

(c) Effect of CGDR.

CGDR
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Upper-bound Analysis

hMean
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0.3

0.21

0.11
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CustomDiffusion
—k— CelebBasis
—4— FastComposer
—— Face2Diffusion (Ours)

20 2! 2? 23 24
N: The number of generated images

Figure 7. Upper-bound analysis.

Face 2 Diffusion :
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2. Expression Guidance
- 3DFEHEAEA L, identity 28R 5 Z & B L KIBOHIEIEE IR
3. Class-Guided Denoising Regularization (CGDR)
- ESCETERICOEEL CTHE, BROBFEEHE DD, SRGLEMRZATREIC

[Face 2 Diffusion ®MBR51]
1. =7 Y7 =W FADRALICRE

CEFILEEICFFHOR L 7EGEICES VTSN TH Y . MSEAEOES () 7oX, BHEAA( 2 EAEE |
2. WHRAMD identity embedding 12Kk T

- IREFIETIE, identitylFEHRAIE L KIEBORAENTWBHIEIRD S 570, TEGEH AR MERETHD L MHENED D
3. BE - RIBFOBERITOVTFMERRIICKE

- BRAERCKIBHIENL, w27 (EEE)PCLIPZ Oy 7 FoFRBENICEELAZITPTL

= EE

95




S DRRE - PRk >0

[Face 2 Diffusion ®BR5R]
F—=T 7=V FADRLIZERE
ETIVEEICFFHOQPR L 7 EEICEDSWTIBEEINTE Y, BmigA
EOBE B 7 A AL 7. FARE) 1B
WRAD identity embedding (ZKTE

’EFETIE, identity|FHAEL KCIEBOAFNTWAEIEDLH B 7-0.
TOEGE A AR MERETH D EHEENED D
LE . REoREIZ7ay 7R 7I2IKTE
BRERCRIBHEEIL. v A7 (BEfEE) CCLIP7 0> 7 L o3RH 7 (L5 2
ZRITPTL

Gigzd)
« 2020~2025FECEFX LW EETHEINTULWTEEBE L (git-hubZzHALRFE L TWE 6 hE)

* ZHLZHDLBETNVOBUIEBL TW DB Y oD, STETHREL TEFETETLD, -1
- B OHARICHFED LE=WH, Face2DiffusionDBillA%x2Z DX EFEHT20IIHLZ 5 EITE., LMBETNVIEEIEZ S
[HEEIETNVOBSZMRILT L, SnT — 22 ERTT—2I02L LEDoZE LT, BUELVLWERTT—RICETEE
/EICB L TIARBDIC L 2FTEIDDBYFTELTVWAIRD TS/ 7O TRSZ LIEETIEGZVLY, w70 TlEAILDETS ZABRRKL
- FHEHEID XART DIAR
*GPSOMIT —2 DT 74N —FEL, EmBELBEE  etc.. ROR-Y



WLElET VAW -8imETE R TOHRE

#

X%

DiffTraj: Generating GPS Trajectory with
Diffusion Probabilistic Model

CoDiffMob: Diffusion Model-based
Urban Mobility Generation with
Collaborative Noise Priors

TrajGDM: Simulating Human Mobility
with a Trajectory Generation Framework
Based on Diffusion Model

UP-Diff: Urban Planning Prediction with
Remote Sensing via Latent Diffusion
Models

LayoutDM: Discrete Diffusion Model for
Controllable Layout Generation

&%

Ziyi Liu et al.

Jingtao Ding et al.

Sheng Wang et al.

Siyu Zhai et al.

Xingran Chen et al.

2024

2024

2024

2023

57

M=

LEETLEAWTT 741Ny —REINT
GPSEVINT — R & &l

EHR - EARNREE KR L ZEHEET — %
ERDFEERE,

HEET L ZEW, NAOBB#SZE I 2L —
ary - FATLIFEEZRERT

BEIEVE T Ve AW TEB T sk o0 3 A
TRZEIT,

HREGETTLAT Y LT 2EERHLEE

TILDIRZE,



B ET N2 HW-GPST —

Diffusion Models for Privacy-
Preserving Synthetic Mobility Data
Generation

Differentially Private Trajectory Data
Publishing Using Generative Models

Diffusion Models for Human Mobility
Patterns Reconstruction

E&%

Song et al.

Zhang et al.

Wang et al.

FRE

2023

2022

2023

58

2R DR

B

FEYTAT—RDT T7AN—(RELBERZIL
BETITEIRT 2 FEXRE,

ENTTANY — L ERETIILEEAE DY, GPS
T—RDEZLEEIR,

ANEDBEN/ R — > 2 B E TV THEBR L. U7
IVIZENIN & A BT S BT 5E,



59

LA ET W ZAW-GPST — X REAR DR

___________________________

‘@-—{ Traj-UNet }-»&‘g--.@-

xO -- —»[ Wide & Deep ]

|
el el
e e e e e e = e e e e e =
4

-

T o e mw m mmm e S e M e e e

Figure 1: An illustration for trajectory generation with diffusion model. (Left) Forward and the
reverse process (multiple GPS trajectories presented). (Right) Coupled the neural network model
structure for reverse denoising.
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Table 1: Performance comparison of different generative approaches.

Chengdu Xi’an
Methods
Density ({) Trip ()  Length () Pattern (1) Density ({) Trip () Length(]) Pattern (1)

RP 0.0698 0.0835 0.2337 0.493 0.0543 0.0744 0.2067 0.381
GP 0.1365 0.1590 0.1423 0.233 0.0928 0.1013 0.2164 0.233
VAE 0.0148 0.0452 0.0383 0.356 0.0237 0.0608 0.0497 0.531
TrajGAN 0.0125 0.0497 0.0388 0.502 0.0220 0.0512 0.0386 0.565
DP-TrajGAN 0.0117 0.0443 0.0221 0.706 0.0207 0.0498 0.0436 0.664
Diffwave 0.0145 0.0253 0.0315 0.741 0.0213 0.0343 0.0321 0.574
Diff-scatter 0.0209 0.0685 - - 0.0693 0.0762 — —
Diff-wo/UNet 0.0356 0.0868 0.0378 0.422 0.0364 0.0832 0.0396 0.367
DiffTraj-wo/Con 0.0072 0.0239 0.0376 0.643 0.0138 0.0209 0.0357 0.692
Diff-LSTM 0.0068 0.0199 0.0217 0.737 0.0142 0.0195 0.0259 0.706
DiffTraj 0.0055 0.0154 0.0169 0.823 0.0126 0.0165 0.0203 0.764

Bold indicates the statistically best performance (i.e., two-sided t-test with p < 0.05) over the best baseline.

(a) VAE (b) TrajGAN (c) Diffwave (d) Diff-LSTM (e) DiffTraj () Real
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Figure 2: The overall workflow of mobility generation with collaborative noise priors.
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Dataset | ISP MME
| Trajectory Flow Trajectory Flow
Metrics Diversity Diversity
| Radius Distance Duration DailyLoc CPC MAPE Radius Distance Duration DailyLoc CPC MAPE
TimeGEO 0.3171 0.2984 0.0526 0.2877 0.2133 0.8637 0.1498 0.3678 0.4807 0.0891 0.2512 0.3248 0.8274 0.1682
PateGail 0.1979 0.1826 0.1867 0.2933 0.0714 0.9827 0.0984 0.1824 0.1673 0.1376 0.2883 0.1548 0.9136 0.1136
MoveSim 0.2313 0.2623 0.2861 0.4289 0.0932 0.9983 0.0492 0.1936 0.2219 0.2084 0.3746 0.1739 0.8873 0.0492
VOLUNTEER 0.4435 0.4716 0.4245 0.5155 0.0044 1.0088 0.0839 0.3826 0.3911 0.3512 0.4558 0.0927 0.9512 0.0928
TrajGDM 0.2977 0.2393 0.2443 0.4121 0.0070 1.0022 0.1271 0.3123 0.2577 0.2875 0.3961 0.0526 0.9813 0.1474
DiffTraj 0.0519 0.1662 0.0895 0.1617 0.3992 0.8331 0.0028 0.1028 0.1242 0.0949 0.2657 0.4198 0.7727 0.0053
CoDiffMob | 0.0183 0.1203 0.0245 0.1558 0.6842 0.6361 0.0046 | 0.0519 0.0970 0.0796 0.1729 0.6067 0.6731 0.0089
7 7 CPC =0.6842 CPC =0.3992

(a) Observed Flows

(b) Ours

(c) DiffTraj

Figure 3: Visualization of the observed flows and generated flows on ISP dataset.
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Original Case Study

Input S*

#AND7Aary7 b

conda run -n f2d python3 inference_f2d.py /
-p* [fl] =S* --=--coee - RN Fd=Da
-i input/Hato_ver2_rgb.png / <Ef5s&
--w_map checkpoints/mapping.pt / & Mapping Network EHDEF L
--w_msid checkpoints/msid.pt / < Multi-Scale Identity Encoder FE®EF L
-0 output_professor ver2.png /

-n 10 <« &tk
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Original Case Study
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(Jensen DAFER)
HBEERZTH X &, o B'M (concave) B TH NI,

o(E[X]) = Elp(X)].
"o D (convex) BA%L THNIERESFEREICHED T !
o (E[X]) < Elp(X)].
ZIT EEEUVLTELESDD Tp(t) =logts DHBETT,
log(-) IXMBEI%7E DT,

log(E[Y]) > EllogY| (%7LY >0)
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