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Subject-Driven Image Generation

- ecTb 1-4 ncxopHbix potorpadpuin KOHKPETHOrO
ob6bekTa

* XOTUM Hay4YUTbCSl FEHEPUPOBATb 3TOT XK€ OOBEKT,
a He NPOCTO NOXOXMN OObEKT

» 0OBEKT [ONXKEH NOABNATLCS B HOBbIX NO3aX,
MecTax, CTUNISX U CLEeHapuUaX

- Npu ManoM yncne potorpaduin Moaesnb ObICTPO
3aNOMMHAET HEe TOJIbKO OOBEKT, HO U GOH,
OCBeleHMe, pakypcC U No3y

an the Acropolrs

an o doghouse

m o bucket

gettang a hatreut
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DDPM

Timesteps

r
Po(xo) = /P(XT)HPo(xx—l|xr)dx1:T§<}:l
=1

https://arxiv.org/abs/2006.11239

Forward Diffusion Process

axilx0) = NCxis /@1, (1= @)1
 xi=E@x+ T qe

T
D q(xrlx) = [ [ alx-n & N, 1)
=1

T

pe(xt—l Ixt) = N(xr—l > Mg(xt, t), Zg(x,, I))

Xi—1 = Ho(X;, 1) + y/Zo(X1, 1) €

== plar) = xp ~ N0 1)

€o(x0t) |

Reverse Diffusion Process




_’_

Stable Diffusion

- n3obparkeHune kogmpyetcsa ¢ noMmouibto VAE
naTeHTHoE NpencTaB/EHME;

- K TaTEHTHOMY NMpeacTaBlEHUIO NOCTENEHHO
pobaensercs WwyM, Mogesb YY4UTCA yOansTb WyM;

- U-Net Ha ka>kgoM wware nonyyaeT 3alyMNEHHbIN
nateHT, timestep u prompt;

- prompt kogupyetcs ¢ nomoubio CLIP 1
nepepaérca B U-Net uepes cross-attention;

- nocne 3aBepleHns obpatHoro and¢ysMoHHOro
npoLecca nosy4eHHbIn NaTeHT gekoanpyertcs
yepes VAE B nsobpaxeHue;

Latent Space

Diffusion Process

Pixel Space

Denoising U-Net €g

6onditionina

emanti
Ma

Text

Repres
entations

denoising step crossattention

switch

skip connection concat
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Dreambooth

- BBoguTcsa HOBbIN TOKEH 06bEKTa U TOKEH €ro
Knacca

- Mpun 06yyeHnn Ha ManoM KonmyecTBe JaHHbIX
Mopeslb MOXET 3a0bIBaTb UCXOOHbIE 3HAHMUSI.

- Prior Preservation Loss:
- Nepepn obyyeHneM reHepupytoTcs
n3o0bparkeHns Mo ONUCaHMIO KNacca.
- Mopenb 0693aHa BOCNpPOU3BOANUTDb UX, YTO
coxpaHseT obLee KayecTBO reHepaLmn.

https://arxiv.org/abs/2208.12242

Input images (~3-5)

‘o

” A dog ”

Reconstruction Loss

Shared
Weights

Class-Specific Prior Preservation Loss
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Dreambooth & LoRA

- MeTop, covetaet npeto Dreambooth c nérkum
apganTtaunoHHbIM croeM LoRA.

- BMecTo noobyueHuns Bcex BecoB Mopenu,

KOPPEKTUpPYIoLWME MaTpULbl fobaBnsoTcs K Pretrained
BbIOpPaHHbIM CNOSIM OCHOBHOM MOENN N TEKCTOBOIO Weights
3HKoAepa.

- LoRA cHukaeT puck nepeobydeHus u genaet npouecc
ObiCcTpee 1 aeweBne, COXpaHss NPU 3TOM CNOCOOHOCTb
Dreambooth ToyHO nepepaBaTb 0COGEHHOCTU OOBEKTA.

https://arxiv.org/abs/2106.09685



_’_

SISO: Single Image Iterative Subject-driven Generation and Editing

1) Iterative Optimization 2) Generation

Subject Image

“an oil painting of..."

"...chaing a ball" . eating lunch”

https://arxiv.org/abs/2503.16025
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T-LoRA: Single Image Diffusion Model Customization Without Overfitting

Yy Yy Yy
A TR . 2TK A TR
© r o |l- [8 E oo r(t) @ r _gr |
P Binit = 0 B =1 - B = U, (t)

oy W m W (I M, _ M,

Pim_t ~ N(0,02) |t 7 Eim_t ~ N(0,0%) }T(t) Binit Sinit Ainit E e I’I’(t)
0 7 -
N 0 N r N

(a) LoRA (b) Vanilla T-LoRA (c) T-LoRA

%

https://arxiv.org/abs/2507.05964



+

[lpobnematumka

[oBbICUTb YCTOMYMBOCTb NEPCOHANU3aLMN NPU MasioM KONMYeCTBE 00yYaroLmnx
M300pa>keHuni, cCoxpaHMB DanaHCc MexXkay yY3HaBaeMOCTbio 0ObeKTa U TMOKOCTbIO

reHepauuw.

%
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[unoTesa

Menkune pgetanu (t = 0) BaxkHbI gns
y3HaBaeMOoCTU obObekTa.

KpynHbie getanu (t > 500) zapaioT popmy u
CTPYKTYpPY, HO MEHEE KPUTUYHBDI.

Crpaterus: yawe caMnNIMpoBaTh BaXkHbI€e LIaru
(HU3KMM WyM), pexxe — MeHee Ba>kHble (BbICOKMM
LWYM), HO HE UTHOPMPOBATb UX.

Metog;: Importance Sampling c biased timestep
sampling.

Data

Forward diffusion process (fixed)

r.%

A L

J\

Noise
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Importance Sampling

Importance Sampling — ato meton, MoHTe-Kapno, koTopbii nossonset appekTnBHEE oL,eHMBaTb MaTeMaTUYECKOE
oXXupaHue, Bbibupas bonee BaXKHble 3HaYEHUS Yalle.

[Epr(x)[f (0] = | f)px)dx

Npes Importance Sampling: BMecTo ucxogHoro pacnpegenenus p(x) ucrnonb3osaTb gpyroe pacnpegeneHue q(x),
N3 KoToporo yaoobHee nnu nonesHee genatb BblIOOPKY, YTOObI OLLEHKa OCTanacb KOPPEKTHOM, KaXkabl NpUMepP

JOMHO>aeTCd Ha BEC.

p(x)

[Epr(x)[f(.X)] = [EXNC](X) (X)

)

13
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Importance Sampling 8 DDPM

Base Diffusion:

Z =Eua, 1), [ ” € = €l 1) ” 2]

P-LoRA:

p(®)
Z = [EINU(I,...,T),xO,e — BN

2
o lemaeonl]

[Eth(t)’ X0, € [

%
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Left P-LoRA & Right P-LoRA

Left P-LoRA

140

Left P-LoRA: 120

100

qefi) x (1 =% a>0

80
6
4
PacnpepeneHne KoHLEHTPUPYET BEPOSTHOCTb BOIN3M
2
t = 0, roe nateHTHoOe npeacTaBneHne coxpaHseT II..
0 0 200 400 600 800

OEeTaNbHYI0 MHPOPMALIMIO O BHELLHEM BUAE o

:
6
3710 pacnpepneneHne KOHUEHTPUPYET BEPOSITHOCTb )
BONM3uM t = T. AKLEHT Ha rnobanbHOM CTPYKType y IIIII
obbekTa. . III
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o
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Right P-LoRA

Right P-LoRA:

120
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U-Shape P-LoRA & Center P-LoRA

U-Shape P-LoRA:
qy(t) 11 -0, 0<a<1

PacnpepneneHue ob6begmHsaeT obyyatowmin CUrHan TOHKUX
netanen c cUrHanoM rpy6ori CTpyKTypbl U OCTaBsS
MeHbLLE MacCbl Ha CpefHuX LWyMax.

Center P-LoRA:
qy(t) 1= a>1
3710 pacnpepneneHne KOHUEHTPUPYET BEPOSITHOCTb BONM3M

t = T/2, roe obyuvalowmit curHan npeacraenser
KOMMPOMMCC MexXKay AeTansiMu u rnobanbHOM CTPYKTYPOW.
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Pe>knMbl 0b6y4eHuni

One Shot

Few Shot
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MeTpunku

Reconstruction score

Editability score

E = cos (CEimg’ Prexi(P )>’ ¢

img —

1

n

gen train
COS ¢img <Xl. )’ ¢img <X] )

B (7

cpenHee nonapHoe CLIP-cxopctBO Mexay
creHepupoBaHHbIMU U 0bYyYatoLWmMMK
N306pakeHnsaIMu

KOCUHYCHOE CXOACTBO MeXAy CpegHUM
aMbenanHIomM nsobpa>keHnin u
aMbeauHIoOM TEKCTA

%
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Ob6beM reHepaumii

a sks dog in a a sks dog with a a sks dog with the a sks dog on top of
superhero suit mountain in the Sydney Opera House a wooden floor
background in the background

[na oueHkn ncnonbayloTcs TPY rPyNMnbl NPOMMTOB:
base prompt, object_set u live_set

Base
DreamBooth

- Base prompt = "a photo of sks dog". icnonbayeTcs

aonga reconstruction score

Left
P-LoRA

- B object_set (N=31) 06bekT MeHseTCs No cTunio,

opexae, nos3e Uin AencTBuUIo: Cyneprepomncknm
Right

KOCTIOM, BanepuHa, ckenTbopa, NPbIXKOK C P-LoRA
napaluoToM

. U-Shape

- B live_set (N=31) o6bekT coxpaHseTcsi, HO pOH U P-LoRA

KOHTEKCT MEHSIIOTCS: NN, OepPeBAHHbIA Non,
Aidenesa balHs M apyrue mecTa

Center
P-LoRA

- Ha kaxkgbii npoMnT reHepupyetcs 15 nzobpakeHum




Pesyn bTaTbl 9KCNEPUMEHTOB
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Pesynbratbl: Left P-LoRA 1 Right P-LoRA

Reconstruction Score (few shot training)

Score

Score

0.94

0.92

0.90

0.88

0.86

0.84

0.82

0.94

0.92

0.90

0.88

0.86

0.84

0.82

—— Base DreamBooth

—— Left PLORA
—— Right PLoRA

200

400

600
Training Steps

800

Reconstruction Score (one shot training)

1000

200

400

600
Training Steps

—— Base DreamBooth

—— Left PLoRA
—— Right PLORA

800

1000

Score

0.355

0.350

0.345

0.340

0.335

0.330

0.325

0.35

0.34

0.33

0.31

0.30

0.29

200

200

Editability Score (few shot training)

400

600
Training Steps

—— Base DreamBooth
—— Left PLoRA
—— Right PLoRA

800

Editability Score (one shot training)

400

600
Training Steps

1000

—— Base DreamBooth

—— Left PLoRA
—— Right PLoRA

800

1000
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Mixture P-LoRA

- PaccmaTtpuBaem cMmech OBYX CcMeLLeHnid, roe npu A = 1 BocctaHasnmeaeTcA Left P-LoRA, npu A = 0 - Right P-LoRA.
« JKCMNEePUMEHTHI TOTbKO B pexknume few-shot (m = 5) onAa Tpéx 3HadeHnn A € {0.25, 0.5, 0.75}.

Imix(D) = AG1e(D) + (1 = Dgpigp (), 4 € [0,1]

Reconstruction Score Editability Score
0.94 0.355 —— Base DreamBooth
—— Left PLoRA
—— Right PLoRA
0.92 0.350 —— Lambda = 0.25
—— Lambda = 0.5
—— Lambda = 0.75
0.90 0.345
(] [ ]
= 0.88 2
S g 0.340
n wn
0.86
—— Base DreamBooth 0335
—— Left PLoRA
0.84
—— Right PLoRA 0.330
—— Lambda = 0.25 '
0.82 —— Lambda = 0.5
—— Lambda = 0.75
0.325

200 400 600 800 1000 200 400 600 800 1000
Training Steps Training Steps



Pesynbratbl: U-Shape P-LoRA n Center P-LoRA

Reconstruction Score (few shot training) Editability Score (few shot training)
0.94 0.355 —— Base DreamBooth
——— U-Shaped PLoRA
0.92 —— Center PLoRA
0.350 Right PLoRA
Left PLORA
0.90
0.345
0.88
L L
S 086 S 0.340
0.84 0.335
S
—— U-Shape o
—— Center PLoRA 0.330
0.80 —— Right PLoRA
—— Left PLORA
0.325
200 400 600 800 1000 200 400 600 800 1000
Training Steps Training Steps
Reconstruction Score (one shot training) Editability Score (one shot training)
0.950 —— Base DreamBooth
0.35 —— U-Shaped PLoRA
0.925 : —— Center PLoORA
—— Right PLoRA
0.34 Left PLORA
0.900
0.875 0.33
L <
] S
2 0.850 0 032
0.825 0.31
—— Base DreamBooth
0.800 ~—— U-Shaped PLoRA 0.30
—— Center PLoRA
—— Right PLoRA
0.775 —— Left PLORA 0.29
200 400 600 800 1000 200 400 600 800 1000

Training Steps Training Steps



Pesynbrathl: 00w ee cpaBHEHME

Score

0.94

0.92

0.90

0.88

0.86

0.84

0.82

0.80

200

Reconstruction Score (few shot training)

400

600
Training Steps

800

0.355
0.350
0.345
o
2 0.340
Base DreamBooth
U-Shaped PLoRA
Center PLoRA 0.335
Right PLoRA
Left PLORA
Lambda = 0.25 0.330
Lambda = 0.5
Lambda = 0.75
0.325
1000

Editability Score (few shot training)

Base DreamBooth
U-Shaped PLoRA
Center PLoRA

Right PLoRA
Left PLoRA
Lambda = 0.25 —_—
Lambda = 0.5 \
Lambda = 0.75

200 400 600 800 1000

Training Steps

%
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PesynbraTtbl: cpaBHeHue ¢ T-LoRA

Score

Score

0.94

0.92

0.90

0.88

0.86

0.84

0.82

0.80

0.78

0.950

0.925

0.900

0.875

0.850

0.825

0.800

0.775

Reconstruction Score (few shot training)

200 400 600 800

Training Steps

Base DreamBooth
U-Shaped PLoRA
Center PLoRA
Right PLoRA

Left PLORA
T-LoRA

1000

Reconstruction Score (one shot training)

200 400 600 800

Training Steps

Base DreamBooth

—— U-Shaped PLoRA

Center PLoRA
Right PLoRA
Left PLORA
T-LoRA

1000

Score

Editability Score (few shot training)

0.355

0.350

0.345

0.340

0.335

0.330

0.325

200 400 600 800

Training Steps
Editability Score (one shot training)

0.35

0.34

0.31
0.30

0.29

200 400 600 800
Training Steps

Base DreamBooth
U-Shaped PLoRA
Center PLoRA
Right PLoRA

Left PLoRA
T-LoRA

1000

Base DreamBooth
U-Shaped PLoRA
Center PLORA
Right PLORA

Left PLoRA
T-LoRA

1000
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PasmbiTne & HacbliweHHOCTb

* P-LoRA reHepupyeT 60nee 4ncTblih n CTabunbHbIN

JoOH.

* Y DreamBooth noABnAlOTCA WYMHble TEKCTYpPbI U
apTedakTbl pasmMbITUA.

- DreamBooth yacto genaet uBeTa CNULWLKOM DreamBooth Right P-LORA
HaCbILLEHHbIMW. One shot One shot

t &
;M i-lu¢
DreamBooth Right P-LoRA

One shot One shot ;

* P-LoRA nyduie coxpaHAeT peanncTnYHyto LBETOBYIO
rammy.

« BuayanbHo P-LoRA ny4ywe otoenAeT oO6bekT OT
dooHa.
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BbiBOoL,

- [epepacnpepeneHune timestep sBnseTca NPOCTbIM U
rmbknuM cnocoboM ynpasnsaTb KOMNPOMUCCOM MeXAY
COXpPaHEeHUEM NOEHTUYHOCTUN N PEAAKTUPYEMOCTbIO

 HuskowyMoBble Wwarn NnoMoraoT fly4lle COXPaHsTb
penakTMpyeMoCTb U CNOCOBHOCTb Moaenn cneaoBaTb
HOBbIM TEKCTOBbIM 3aMpocam

- BbicokolwymoBble Wwaru ynyywatoT reconstruction
score, Tak Kak CU/ibHee OTBEYAIOT 3a 00l CTPYKTYPY
obbekTa u CueHbI

27
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28



[locTuykeHus

SIHpekc

CBugerenbcTBO

‘Tennos Awape Pomanosu
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