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.‘ QUClliTy /\nO|yTiCS Direct preference optimization: Your language model is secretly a reward model. Advances in Neural Information Processing Systems, 36.
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¢ Dataset
*  Pick-a-Pic [2023.5.2] 851k crowdsourced H|O|E{4! AR. Pick-a-Pic2 & UIOIA AFZFS0l|A| O|O|X| Ao il M= H7HE 07| == Sto] =T
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Plck a Pic: an open dataset

“Two-faced biomechanical cyborg...” “A bird with 8 spider legs”

“A sign that says Pick-a-Pic”

Ll a fairy tale in a crystal botlle

Click the image you personally prefer, or the button below
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.é. Quoli’ry /\nogly’rics Kirstain, Y., Polyak, A., Singer, U., Matiana, S., Penna, J., & Levy, O. (2024). Pick-a-pic: An open dataset of user preferences for text-to-image generation. Advances in Neural Information Processing Systems, 36.




- Diffusion-DPO
DPO for Diffusion Models
% Dataset
*  Pick-a-Pic [2023.5.2] 851k crowdsourced Cl|O|E{All AFE. Pick-a-Pic2 & UIO|A AFZIZO0f|A| O|O|X| A0]| Cholf M= HI IS Of7 | =& 5o =%l E
«  Synthesized image pair0i| Cii$ O =F ZEZE 9t M7t 1e{El) Q7 MS & 74 H IL5t (0]0]|X|= SDXL-Beta, Dreamlike (fine-tuned SD 1.5)2 2] A4d)
*  Pick-a-Pic =20|A= H|O|EA M2t} HE0] O] H|O|E{AlS 0|23l RLHF HAlo 2 MS & & 0fZSh= reward model ‘PickScore'S &5517 | = &

"A rabbit” "A bird with 8 spider legs”
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.ﬁ 83?'”[\;";\1:21glyﬁcs Wallace, B., Dang, M., Rafailov, R., Zhou, L., Lou, A., Purushwalkam, S., ... & Naik, N. (2023). Diffusion model alignment using direct preference optimization. arXiv preprint arXiv:2311.12908.
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.ﬁ Quolity /\nolytics Wallace, B., Dang, M., Rafailov, R., Zhou, L., Lou, A., Purushwalkam, S, ... & Naik, N. (2023). Diffusion model alignment using direct preference optimization. arXiv preprint arXiv:2311.12908.
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<Loss surface visualization>
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“A sign that says Pick-a-Pic” “Two-faced biomechanical “A bird with 8 spider legs”
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Experiments <Pick-a-Pic Cl|O|E{All>

“A butterfly flying above an ocean”

.ﬁv.A 5

LR

*  Pick-a-Pic 851k H|O|E{4llZ 0|83} Stable Diffusion(SD) 1.52f Stable Diffusion XL (SDXL) 1.0 =& fine-tuning
« HIAE A| HIX|OI3 G|O|E{ A Partiprompts, HPSV22| 44 1632713200702 H7} - Diffusion-DPO-tuned 221 baseline 22 H| 1
- HE0| BHE O|O|X|0j| CHSH human evaluator?t M= &= H7t O|Uf CHS: 7| 1

1. YU Mo - F0fT ZEE0 Clish 0T O|0|X|E O M2oh=A]|

2 2N MSE_mEme Tafsix| om OfE OO[K|7H K Al O R DRIEQIX]

)
3 EEIZE Y- OfE Oj0jK|7 HAE TEEECH T GHR

g‘ Partiprompts: General Preference HPS: General Preference :
%‘ Partiprompts: Visual Appeal HPS: Visual Appeal E
2 Partiprompts: Prompt Alignment HPS: Prompt Alignment -
a
0 20 40 60 80 100 O 20 40 60 80 100
<Partiprompts 244 0|&> <HPSv2 744 0| 8>

o DEMSE HIK|EO|A baseline £ 2 2L} Diffusion-DPO-tuned 2&O| H =2 MSE HQ!
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.‘\. Quoality Analytics Wallace, B., Dang, M., Rafailov, R., Zhou, L., Lou, A., Purushwalkam, S., ... & Naik, N. (2023). Diffusion model alignment using direct preference optimization. arXiv preprint arXiv:2311.12908.
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A smiling beautiful sorceress

A monk in an orange robe by around wearing a high necked blue suit Concept art of a mythical sky .. )
. . . . . . . . . A galaxy-colored figurine is floating
window in a spaceship in dramatic surrounded by swirling rainbow alligator with wings, nature R
o o N . over the sea at sunset, photorealistic
lighting aurora, hyper-realistic, cinematic, documentary

post-production

SDXL

|

. 4B

2| TETEE |:.| AtHIA

+  Human aesthetic preference0]| & align

* High contrast, vivid colors, fine detall, ...

DPO-SDXL

Data Mining , . e : o L . : .
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Experiments

LR

«  DPOOJA= B = 0.1 AME, Diffusion-DPOE= 8 = 2~5 ALE
- B7t 4R 2o ™ C|FM 20| pure reward scoring model2 243 g7+ L2 3 KL divergence K|2F0| Z6iX] &t QHE

HAAA O

«  RLHF X DPO2| & MY stepO| A supervised fine-tuning= 3A| 217t §IAS (SDE 7|1E Z20]| CHSH win rate 5.5%p S7F, SDXL2 25|21 Z2)

«  OHEAQ AAX| B2 E 3= SDEdit A2 2 O|0[X| g
«  DPO-SDXLO| O visually appealing

Original  SDXL DPO-SDXL

& Naik, N. (2023). Diffusion model alignment using direct preference optimization. arXiv preprint arXiv:2311.12908.
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< DPO loss& Customization0|] 0|-&5}X}
« Diffusion-DPO= C|E™ RHIO| 017to] M5 = & HIHSH= O|0|X|E MMsI== §I+
. O|H|_-IO1| O|_||7_|-9_| A-IEEjl' Ol-L-l Cons|stency %Xl% E&Ilgg DPO |OSS§ Ol% |_0:| E [=]= I% Eil’ﬁAl;:‘EX'—
r

. M (O CH3Y, reference data DRt EEI0| A#A3S}O|O|X| x AFO|2] consistencyE reward 2 H2| - 7'(X, €; Drer) == 7(X, C)

II|>

A teddy bear as astronaut,
walking on surface of Mars A {Christmas tree, butterfly, piano}
; in melting golden 3D rendering style

—>
ok5 O|ofX|
<Personalization> <Stylization>
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< Eales 8
x
DPOOfIA ‘g2let reward function: r(x,y) = Blog Ty | 2) + Blog Z(x)
Tret(Y | @)
DCOOHIA FOJ8t reward function:  7(Xq.7, €) = [ log Po(Xo.7|C) + Blog Z(c) - 2= marginal trajectoriesE Z&t
Pe(Xo:7|C)

marginal2| expectation

po(x0.7|C)
pe(Xo0.7|C)

T(X()? C) — Exlszpg(x1;T|X0,c) [/8 log :| + /BlogZ(C)
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Po (Xo:T \ C)

po(X02]0) ] + Blog Z(c)

T(X07 C) - Exl;T’*pe(Xl:ﬂXo,C) [B log

—  r(xg,c)/B~E - M]

log
q(x1:1[x0) © Do (X():T|C)

- Diffusion-DPOR} FAISIA|

il po(Xe_1|xs, ] intractable py L& g O + Jensen’s inequality O|&
0g

1 Pe(Xi—1]x¢; €

=K

q(x1:7(%0)

= IE(1(X1:T|X0)

\./\./ \/\./

T
Z [)0 Xt— lle
-1 (I(Xf 1|Xf X0

!

Z q(xt|x0) — Dy (q(x¢|x¢—1,%0)|po(x¢—1]%¢, €)) + Dxr(q(x¢|[x¢—1, X())|\P¢(Xt—1|xt- C))]

U — Eo o st — Tot) (ot c.1) — <2 — gl 1) — ef3)].

Lpco(f) = E(x.c)~’Dm,~,t~u(0,T),5~N(0,I)[ — log ( BTw(t)(eo(xt;c,t) — 5“2 leg(xt;c,t) — 5”3))]

Data Mining : ; ) L » o . : :
.ﬁ QUC!li'ry /\nolytics Lee, K., Kwak, S., Sohn, K., & Shin, J. (2024). Direct Consistency Optimization for Compositional Text-to-Image Personalization. arXiv preprint arXiv:2402.12004.



- Direct Consistency Optimization (DCO)

DPO for Customization

ISEA
Alsk o

R/

rk>

Lco(0) = Egx.c)~Dust~u(0,1),e~N (0D [ —1og o (= BTw(t)(leo(xis ¢, 1) — el — [es(xii¢.t) = €])2)) ]

BE reference data x, 244 ¢, (1) ey
timestep t, Gaussian noise 0f| CH{sH

« O] loss function= Ot o|0| & 7+&7f?

M= o|o|x|oi CHaH
LRI AZE E=EO . . S
AErEEs - (1) fine-tuned modelO| 04|=3t noisel| Hat= 7t
/ (2) pre-trained modelO| 0153} noise| H = HLt =2+E £
y = —logo(—x)
Data Mining : : : o ” o . : :
.‘ QUC!HTy /\nolytics Lee, K., Kwak, S., Sohn, K., & Shin, J. (2024). Direct Consistency Optimization for Compositional Text-to-lmage Personalization. arXiv preprint arXiv:2402.12004.




- Direct Consistency Optimization (DCO)

DPO for Customization

o AAISEA
s =4l5kx MO

Lco(0) = Egx.c)~Dust~u(0,1),e~N (0D [ —1og o (= BTw(t)(leo(xis ¢, 1) — el — [es(xii¢.t) = €])2)) ]

2= reference data x, 74 ¢,
timestep ¢, Gaussian noise £0i| CHSH

«  Gradient analysis of DCO loss _
y 7| OB josset £

VoLpco(8) o (1 —o(d:)) Vollea(xi;c,t) — el wheredy = —BT (g (x, i t) —€ll3 —ep(xe: ¢, t) —]3)

RE KX+ Sk
=

~ 1 /_, fine-tuned modelO| 'LO|=E & 0| SSHEE &
| / | fine-tuned modelO| 0|&3t L 0|=0| QA7+ E4-E,

r: 0 5 Pre-trained modelO| 0|3+ LLO|=O| QKAIIt AHE4-F
(=2H0| l0|=E ER 0|FE+F) 2 7154 5o

y=1—-0(—x)
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AL =LA
& alokr Mol

7| CIFH loss2t 52
VoLoco(9) o (1 —a(dy)) Veleg(xiic,t) — 3  whereds = =BT ([leq(xs, c;t) — €5 — [eg(xs5 €. 1) —€]3)

«  DCO loss2| &H

Reconstruction Loss

«  7|F personalization &'#E2! DreamBooth+ prior preservation= {SH
F7+H|O|HAE Tt SHEsloF =

ArAO

« 2Lt DCOE 7|E pre-trained 22T} 2 HOX|X| A= E Sh=

Inputimages (~3-5 DPO2| KL divergence 7HE& &6t YOS Z prior preservation0] 22

Class-Specific Prior Preservation Loss

<DreamBooth>
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% Reward Guidance
gg: fine-tuned =&
é(xt3 c,t) = Wrg (eo(x¢3¢,t) — €¢(Xt; C, t))

+ Wiext (€4 (X15€, 1) — €p(Xt, 1)) + €4(x¢, 1)

g4 pre-trained 22

-  7|E0= fine-tuned 22 ETt lL-O0|=Z A|4t Reward guidanceE S5l pre-trained 221} fine-tuned 222 output= Z2SH0] 2EE = U= F

T AN

n%

OolHd

2HPH QI CFG (dlassifier free guidance) 4k, w4 = fine-tuned 22| output &S ZE5|= scaler (==0f1 2.0, 3.0, 40, 5.0 AFE)

=
—

Wiext

< Comprehensive caption

Compact caption Comprehensive caption
”A photo of a dog sitting on a CLASL IH A L = K|rUsL KF AdDHAL L
“A photo of [V] dog” couch covered with grey blanketin ~ * Cheoh MO 2 obsdk= AL O|0|X| & Z|Cfet & 2F5k=
a living room, indoor lighting style" Al A o
REIETENCE | gning sy WMo 2 SIS NS WX(3l D SH ChAS CHE CHA STt

[V] dog with lake  [V] dog in cartoon  dog with lake in dog in cartoon
in the background  line drawing style the background  line drawing style
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oo AlS Ol 1 7|_ DB: DreamBooth
o0 o NTL
¢ EAXxo DB+p.p.: DreamBooth + prior preservation

«  Stable Diffusion XL (SDXL) 1.0 + LoRA fine-tuning

DB DCO (ours)

Reference DB+p.p. DB DCO (ours) Reference

- J|EUHERC A identityS
i\ 3 ! o MEe TETE O A

An alarmrclock hade out of leather

ST

Adog graceful/ leaing in origam)'isty/e g

<personalization H| 1l >
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LR

 Stable Diffusion XL (SDXL) 1.0 + LoRA fine-tuning

Reference DCO (ours)

in watercolor painting style

<Stylization H| !>
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o A Y|

Merge: personalization (content) + Stylization (style)
Style

flat cartoon

Content
d
illustration style 2

teddy bear

alarm clock

)

P, 1\

7| & HEHCE CHAO| dentity X styles O & SX|SHHA &
Pre-trained 221} L F HO{X|X]

=13
=
U0 H O2E = U= 5= DCO loss AFH| A 2F
S =20 LoRA fine-tuned 7HE BEEISE MZQtZ OlE2[= A
4 DB Merge: DreamBooth lossZ &H& et
DB Merge i 9} styl ightS Chad| gist
) 5\ content LORAZ} style LORA weight= thT=o| 3¢
7%

DB ZipLoRA

DB ZipLoRA: DreamBooth lossZ &3t

content LORA2} style LoRA weight= ZipLoRA Al = &

St
=1

4
DCO Merge =

(ours)

_ o DCO Merge: DCO lossZ st&¢t
/S\, \ content LoRA2} style LoRA weights Thed| gt
‘?\I; ¥ A
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o A8l 9 E}

«  Merge: personalization (content) + Stylization (style) — CHot MEE ZTETEQ Ast

drinking on the Sleeping under riding a playing a
cherry blossom bicycle violin

Subject Style

\\.
by RN
o A‘\ *ﬂ./

N E‘

+  Contentt styleS SA|0f & EIF5IHA =710l ZEZEQ]| Sk O|0[X| &S
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X SigLIP: CLIPTH SSHH| HIAEQL O|0|X|S 22 S7H AN ShEs B &

& Al Ol 7
¢ BB X I- CUPZ} CHE T2 lossE softmax0ilA sigmoid 2 HREE 2
. )
«  Image similarity: DINOVv2 score O|&
0.65 o =50 Reference O|0|X|2t synthesized O|0|X|Z DINOV20I| 11 2H|E ==
. rg .
= AH|Eo] AR FALEE image similarity =2 9
0.60 - 20| 25 YL O[0|X|o| EHS H HEESIEE A
> P .
£ 055 +  Image-text similarity: SigLIP score O &
(U .
£ HETY ZEZEES Siglip HAE QIAG0f o YH|E ==
wn
@ 0.50 ¢ + synthesized O|0|X|Z SigLIP O|0|X| QIRLH0]| 'Z0f YHY =&
© = 2. . C
£ Wrg = 2.0 = QH|Zlo| ARl QAMEE image similarity2 o]

0.45 —@- DCO+CC (ours)
—®—- DreamBooth+CC
—@- DreamBooth+CC+p.p.

0.40 —@—- DreamBooth (baseline)

- (0| 2= HI2E0} O|0|X| MO alignO] & H=A

=]
=]

M|t

« ¥ point 47l 22t w,, = 5.0,4.0,3.0,2.02Z 4
P g

. ARZFA paint: 2IHEAO| OrO 2 AH=Z]|
0.60 0.65 0.70 0.75 0.80 0.85 0.90 1% point: LTI CFG scaleTto= BT

Image-Text Similarity

i
0
ks
olr
Al
Ju

, , - 7|EYHE0] H[sH DCO7} Image similarity2} Image-text similarityOflAl 25
CC: Comprehensive caption

p.p-: prior preservation
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o A Y|

« Ablation study

wrg = 5.0 wrg = 5.0
ju%
~-e DB
0.65 S%e.
0.65 SN 2.5 ~e- DCO (8=0.5)
“ So - =
2 > Ry o s~ DCO (B=1.0)
2 £ SNy -e- DCO (B=2.0)
= 0.60 3 0.60 o =
E I5 \ $ 15
) () g \‘ I
-
% %055 \\ ; 1.0 ",._‘.\\
2 055 -e- DB (Compact) - & -o- DB N ..
- —e— DB (Comprehensive) \\\ - DCO (B=0.5) \\‘ 0.5 y—*——o\.\:\.
-®#- DCO (Compact) . \\ Wrg = 20 050 -e- DCO (B=1.0) \\wrg =20 ,__*__.__.__‘._::1:_.:: !
050 —* DCO (Comprehensive) N ~e- DCO (B=2.0) N o \
0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 0 200 400 600 800 1000
Image-Text Similarity Image-Text Similarity Timestep
(a) Ablation on comprehensive caption (b) Ablation on 3 / (c) Noise distance
DCO7} pre-trained model output2} fine-tuned model output AFO| QX A+
+ 2 U0l B2 SHEAI LT (=KL regularizationS ZSHA| 2=5) QAP 25
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