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Aligning models with human preferences

* We want to finetune the model p, from the pre-trained model p, to generate samples

that are preterred by humans.

th

| feel really sad today. I’m sorry to hear that.




Preference optimization

It we have a reward model r that predicts human preference, we can optimize the

model P, using:
Po 9 Keep the model close to the original model

max —c~D ., Xg~Poxolc) [V(C, xO)] I ﬁKL [ﬁe(xo ‘ C)HPH(XO ‘ C)]

A\

Po

Increasing human preference

where f# > 0 controls the regularization. c is a conditional input, such as a text

prompt.

Sequence tutor: Conservative finetuning of sequence generation models with kl-control, Jaques et al,. ICML 2017.



Bradley-Terry model

How can we get a reward model?

The Bradley-Terry (BT)* model defines the probability that a human prefers x over w,

dasS.

pPrr(Xy > x(-l) | ¢) = a(r(c, Xy ) — r(c, x(l)))

where r is the reward model, and x;’ anad xé denote winning and losing samples

respectively.

*Rank Analysis of Incomplete Block Designs, Bradley et al,. Biometrika 1952.



Bradley-Terry model

* The reward model r can be parameterized with a neural network ¢, and learned by

maximizing log-likelihood using labeled samples x" and x,

0

Lgr(@) = = E [log c (r¢(c, X ) — Ty(c, xé))]



Preference optimization

A common strategy is to train a separate reward model (e.g., a pairwise preference
classitier) and fine-tune the target model using its outputs.

However, training a separate reward model adds extra complexity and time, and its
inaccuracies can negatively affect preference optimization learning.



Intro: Direct Preference Optimization (DPO)

*In the preference optimization equation, we need the reward model:

max —c~D L xg~PoXplc) [F‘(C, XO)] I :BKL [ﬁe(xo ‘ C) Hpe(xo ‘ C)] '

A

Po

* Instead, Direct Preference Optimization (DPO)* proposes a method to directly
optimize using human preference data, without requiring a separate reward model.

*Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov et al., NeulPS 2023.



Intro: Direct Preference Optimization (DPO)

+ Spoiler: No need to train a separate reward model r,. x;" and xé are preferred and

dispreferred samples, respectively.

PoXy | € Pe(xg | ©)
Lppo(0) = — E¢ v [10%0 (,5 log —— — flog ——

pe(xy | € po(x} | €




Finding analytic global solution

* In the preference optimization equation, we need a reward model:

max
Pe

—c~D . Xg~Po(Xo|C) [I/'(C, x())] i ﬁKL [ﬁg(xo ‘ C)Hpé’(x() ‘ C)]

* DPO first shows that there is a global solution in the above equation:

Py Xy | ©) = po(xy | ©)exp(r(c, xy)/ p)I Z(c)

where Z(¢) = Z Po(xo | ©)exp(r(c, xy)/f) is the partition function.

A0

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov et al., NeulPS 2023.



Visualization of the reweighted distribution

* Visualization of an example: ﬁg(xo | ¢) = py(xy | ©)exp(r(c, xy)/ )/ Z(c) where
py ~ N (0,1), reward function r ~ #(2,1) and f = 0.1

* We can see that the reward acts as a weighting function.

— Original pg(xg|C)

0.6 1|—— Reweighted p, (xo|c)

- == Reward r(c, Xo) .
YL P ——— R S SR | S

O
w

Probability Density




DPO derivations (1/5)

max .. g x,~p, [7” (c, X())] — ﬁKL(ﬁe(xo | C)Hpe(xo | C))

= IMax

c~D

KL(P|| Q) =

ﬁe(xo | ¢)
Po(xp | €)

— X~ P [l()g

P(x)
Q(x)

|

(5 > 0)

(KL Divergence definition)



DPO derivations (2/5)

max .. g x~p, [r(c, x())] — ﬁKL(ﬁe(xo | C)Hpe(xo | C))

= IMax

= min

c~D

c~D

—Xo~Pe(Xolc) llOg

ﬁe(x() | ¢)

Po(xp | €)

ﬁe(xo | ¢)

Po(xy | ©)

|
I _I"(C, -x())

p

|
|

(5 > 0)

(KL Divergence definition)

(rearrangement)



DPO derivations (3/5)

max .. g x~p, [r(c, x())] — ﬁKL(ﬁe(xo | C)Hpe(xo | C))

= IMax

= min

— min

c~D

c~D

= Xo~Pe(Xolc) llOg

c~D

—Xo~De(%olc) llog

= o~ Boiole) l’” (¢, xp) — flog

ﬁe(xo | ¢)
Pe(xp | €)

— —r(c, xpy)

ﬁe(xo | ¢) 1
poxolc) p

ﬁe(xo | ¢)

Po(Xo | c)exp(r(c, xo)/f)

|

(5 > 0)

(KL Divergence definition)

(CEREREERY

(rearrangement)



DPO derivations (3/5)

(rewritten)

Po(xo | ©) ]

= min [E = ) lo
c~D = Xg~Pe(Xp|C) l 5 pg(xo ‘ C)eXP(V(C, xO)/ﬁ)

= min E__g[E log Pd%o | O
— c~D—=xy~Po(xp|C)
o~Palo = Pexo | O)exp (r(e, xp)!B) Z(e)

where Z(c) = Z Po(Xy | ©)exp (r(c, xo)/ﬁ)

X0

(infroducing Z(c) to make the denominator a valid probability)



DPO derivations (4/5)

=min E__g log

_Xo"’ﬁe(xdc )

Po(Xp | €)
Z(lc) Po(Xg | c)exp (V(C, Xo)/ ,B)Z(c)

. Po(Xy | ©)
=min k__g l_xONﬁH(xO|C) llog o | c)] — log Z(c)]

| |
70 Po(Xy | ©)exp (Er(c, xo))

where pi(xy | €)=

(substitution and rearrangement)



DPO derivations (5/5)

— min

— min

ﬁe(xo | ¢)
—c~D l_onﬁe(xOIC) llog ] — log Z(C)]

Pixy | ¢

o | KL (B0 | ) 1| P53 | ©)) = log Z(c)|

(rewritten)

* The minimum value of KL-divergence is achieved it and only if two distributions are

the same. Therefore, the optimal py(x, | ¢) is p¥(xy | ©).

ﬁ;(x() | ¢) =

Z(c) p

|
Po(Xo | ©)exp (—r(c, X)



Defining the reward function r

© We derived the optimal solution py(x, | ¢) = py(x, | ¢)exp (r(c, x0)/f)/Z(c) where
Z(c) = Zpe(xo | c)exp (r(c, xo)/ﬁ) is the partition function.
X0
* Then, the above equation can be rewritten as:

r(c,xy) = plog Po%o | © + flog Z(c).
Po(Xo | ©)




Plugging reward into BT model

* We can now plug-in the reward function into Bradley-Terry model objective:

Ly(¢p) = — L el [log o <r¢(c, Xy ) — 14(c, xé))]

ro(c, Xp) = flog P | ) + flog Z(c)
Po(Xo | ©)
A o
Lppp(0) = — E¢ vy [logo| flog PeXo | ©) _ Blog Pe(x(l) | ©)
. Pog 1 ©) P | ©

Using softplus for numerical stability.

—logo(z) = — log < > = log (1 +e7)

1 +e%



DPO summary

PoXy | € Po(x; | ©)
Lppo(0) = — E¢ v [10%0 (,5 log — A —

Poxy | ©) Po(x | ©
1. Collect a dataset of paired winning and losing samples.

: W [
2. Sample one paired sample, x)’ and x;,.

3. Given a condition ¢ (e.g., text prompt), compare the likelihood ratio between the

pretrained model p, and the finetuned model p,,.



DPO evaluation

Human evaluation (collecting preferred responses by human)

Model evaluation (e.g., asking GPT which answer is better)

DPO SFT PPO-1
N respondents 2772 122 199
GPT-4 (S) win % 47 27 13
GPT-4 (C) win % 54 32 12
Human win % 58 43 17
GPT-4 (S)-H agree 70 17 86
GPT-4 (C)-H agree 67/ 79 85
H-H agree 65 - 37/

Comparing human and GPT-4 win rates on TL;DR summarization samples*
(S: summary, C: concise, SFT: supervised fine-tuning, PPO: proximal policy optimization)

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov et al., NeulPS 2023.



Preference optimization for images?

We want to fine-tune the model p, from the pre-trained model p, to generate samples

that are preterred by humans.

Make me a cat
iImage




Diffusion models (Recap)
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Diffusion Probabilistic Models, Ho et al., NeurlPS 2020.

Ising

Deno



Diffusion models - DDPM (Recap)

* Forward process: Add a noise with a predefined noise schedule.
q(x; | x,_1) = ‘/’/<xt; \/1 _ﬁtxt—laﬁtl>
q(x; | x0) = N (xt; \/ @, Xo, (1 = a)l )

Xy: original data (e.g., clean image)

X,. noisy data at the timestep ¢

[
f,: predefined variance schedule, @, = 1 — 8, @, = HaS

s=1

Denoising Diffusion Probabilistic Models, Ho et al., NeurlPS 2020.



Diffusion models - DDPM (Recap)

* Reverse process: Remove the noise using a learned model 6.

pH(xt—l | xt) — '/V(xt—l; /’té’(xta t)a ﬁtl)

L — _xo,t,e [H€ I 69(3% t)Hz]

. 1—-a
€y(x,, t): Predicted noise, € ~ N/(0, I), f, = 1 t_—l B
—a,

Denoising Diffusion Probabilistic Models, Ho et al., NeurlPS 2020.



Preference optimization for diffusion model

* Recap the preference optimization

MAX Lo xypurle (e, x0)| = BKL [By(xo | ©) [l po(x | )]
0

* We want to finetune the model p, from the pre-trained model p, to generate samples

that are preferred by humans.



Preference optimization for diffusion model

* Recap the preference optimization

MAX Lo xy-pule (c.x0)| = BKL [By(xo | ©) [ po(xy | )]
0

* To train a diffusion model with r(c, x,)), we would need to consider all possible

generation trajectories, which is computationally intractable.




Diffusion-DPO

Defines a reward function R(c, x,,.7) for a single trajectory x,., = (X, x;, ==+, X7)

The original reward function is then defined as:

I”(C, xO) — _x1:TNI59(X1:T|XO»C) [R(C’ XO:T)]

How can we change the below preterence optimization equation with the new reward

function R(c, xy.7)?

mnax —e~D L xg~Po(Xolc) [I’(C, xO)] I IBKL [ﬁe(xo ‘ C) Hpé’(xO ‘ C)]

VaN

Po

* Ditfusion Model Alignment Using Direct Preference Optimization, Wallace et al., CVPR 2024.



Diffusion-DPO derivations (1/6)

- Start from preference optimization objective:

mink, s [— r(c, Xo)] + p KL [ﬁg(xo | o) || po(x | C)]

<minlE, sl [— r(c, Xo)] + KL [ﬁe(xo:T | o) [l Po(xo.7 | C)]

KL [ﬁe(xo | ©) || Po(xo | C)] < KL [ﬁe(x():T | o) || Po(xo.7 | C)]

= Proof on the next slide



Diffusion-DPO derivations (1/6)

KL(ﬁ Q(XO:T) H pe(xO:T))
ﬁ Q(XO:T)

= Z Po(Xo.7)10g (definition)
— Po(Xo.7)

= Z Po(xo.7)| log Py + log PolXi.7 | %o (chain rule)
— Pe(Xp) Po(X1.7 | Xo)

Po(%o) A A Do(Xy.7 | Xp)

= 2, PoXp) 2 Po(x1.1 | Xp)log + 2 Po(X0) 2, Po(x1.7 | Xp)log
Z“E PEETTTOTTE pyxo) Z“Z T Dyl | %)

= Z Po(xp)log Pd0) Z Po(Xp) Z Po(x1.7 | X9)log Pohir | 10) (chain rule)
X Po(Xo) P Po( X1 | Xo)



Diffusion-DPO derivations (1/6)

KL(Pg(xo.7) | Po(X0.7))

R Po(Xp) R R Pox1.7 | Xp)
= ) Py(xp)log + ) Po(xp) D Dolxi.r | Xp)log
XZO 70 Po(Xp) XZO 70 % ST Po(x1.7 | Xp)

= KL(py(xp) || po(xp)) + =S KL(ﬁe(xlzT | %) || Po(Xy.7 | XO)]

> 0




Diffusion-DPO derivations (2/6)

* We start from preference optimization objective, and omit E_._g, for simplicity).

nl/\in _xONﬁQ(xOlc) [_ r(cv Xo)] +ﬁKL [ﬁ@(’xo ‘ C)Hpﬁ(x() ‘ C)]

Po

< nllﬁin = Xo~Po(Xolc) [_ r(c, xo)] + KL [ﬁe(x():T | ONlPe(xo.7 | C)]
0

— Hllﬁln =~ Xo.7~Peg(X0.7/C) [_R(C’ xO:T)] :BKL [ﬁQ(XO:T | C)HPH(XO:T ‘ C)]
0

Remember we defined r(c,xp) = E, _, . 1. [R(c, xO;T)].



Diffusion-DPO derivations (3/6)

Start from preference optimization objective:

minE, s . [—7(c, x0)| + KL [By(xg | Ollpg(g | ©)]

<mink, s o000 [— r(c, xo)] + /KL [ﬁe(xo:T | O)|Pe(xo.7 | C)]

=minEy s ho [=REXox)| + BRL [Pobxor | g | ©)

Py

: Po(Xo.7 | €) —
= IIlAIIl _XO:TNﬁe(Xo:ﬂC) [_R(C’ XOZT)] T _xo:TNﬁe(xo:ﬂC) 'B lOg (o/efmn‘lon)

Po Po(Xo. | €)

(rearrangement)

. Po(Xo.1 | €)
=minE, . —R(c, xn.7) + flo
g PO o) ¥ * P | 6)}



Diffusion-DPO derivations (4/6)

=min E, 50 10 l—R(C, Xo.7) + P log ’ ] (rewritten)

Po

' ﬁG(XO:T | C)
— i ~Xo.7~Po(Xp:71C) lOg 1
7 PolXor | €)exp (R(c, x0.7)!B) Z(c)

where Z(c) = Z Po(Xo.7 | ©)exp (R(c, xO:T)/:B)

XQ:T

(infroducing Z(c) to make the denominator a valid probability)



Diffusion-DPO derivations (5/6)

(rewritten)

. Po(Xo.7 | ©)
— min _XO:TNﬁe(XO:ﬂC) lOg 1

: ﬁe(xO:T ‘ C)
— min _x():TNﬁe(xo:ﬂC) llog A I log Z(C)]

p;k(xO:T ‘ C)

where p¥(xo.r | ¢) :=

| |
Z(0) PoXo.7 | €)exp (ER(CB xO:T))

(substitution and rearrangement)



Diffusion-DPO derivations (6/6)

ﬁe(xO:T ‘ C)

ﬁg(xO:T ‘ C)

=min E, 5 1 llog ] — log Z(c) (rewritten)

= min KL (ﬁg(x():T [ o) || P (xo.r | C)) — log Z(c) (by KL Divergence definition)

* The minimum value of KL-divergence is achieved if and only if two distributions are

the same. Therefore, the optimal py(xy.r | ¢) is p%(x.7 | ©).

| |
Z(0) PoXo.7 | €)exp (ER(C» xO:T))

ﬁ;k(xO:T‘ C) —



Derivations to find r

* We can rearrange the equation to get a reward function.

ﬁg(xO:T ‘ C) —

| |
Z(C) pH(xO:T ‘ C)@Xp <ER(C, xO:T)>

ﬁfgk(xO:T ‘ C)

|
= A0 Po(xo.7 | €) - P (ER(C, XO:T)>

N ﬁlOg (Z(C)pg(xO:T‘ C)) _ R(C, XO:T)

pQ(XO:T ‘ C)

(Plug into the equation r(c, xy) =

Po(Xo.7 | €)
=> r(c,xg) =PE,. 5 1. 10 ' - log Z(c
(e, %) =P L1~Po6.7lxp.0) 108 po(Xo.r | €) plog Z(c)

_xlzTNPQ(xl:T|x09C) [R(C’ XOST)] )



Derivation of the loss (1/13)

Now, we can now plug-in the reward r into the Bradley-Terry model objective:

LBT(¢) — = _c,x(gv,x(l) llog o (I"¢(C, xg}) — }’¢(C, Xé))]

ﬁe(xO:T ‘ C)

Po(Xo.7 | €)

where r(c,xy) = f + plog Z(c)

_XlzTNﬁe(X1:T|XO=C) lOg

Lpitrusion—ppo(?) =

Pt | ﬁ9<xé;T>]>
 log

— w41 log o "W~ DX .
i~ 2708 <ﬁ N pg(xljlx@)l gpe(x(v)va) Po(Xh. 1)

x{:T ~ ﬁe(X{:T | Xé)



Derivation of the loss (2/13)

We now have a loss function for the Diffusion-DPO:

Va\ A l
Po(X0.7) Po(Xo.7)
Lpifrusion-ppo(®) = = By ~ o log G(ﬁ Sty ~ poxtty | ) [ 108 ——— — log —— .
x{:T ~ ﬁg(X{:T | X(l)) p@(xOT) pe(x()T)

However, we need to sample x;.; ~ py(x;.7- | Xy) which is both inefficient and intractable.

Instead, we utilize the forward process g(x;.7| x,) for approximation.

T

(Difference) py(xy.7| Xp) = pe(xT)H po(x,_; | x,) is a model trajectory, while g(x;.;-| xy) is
=1

simple fixed forward process.



Derivation of the loss (3/13)

P | ﬁ9<xé:T>])
— 10

LDiffusion—DPO(H) - Xy, X~ D lOg G(’B e P9 llog pH(x(v)‘?T) pé’(x(l):T)

x{:T ~ ﬁe(x{;T | x(l))

- log 0( SE o1 | log Po(Xo:7) log ﬁe(xé:T) )
Woxh ~ D X{'p ~ qX{'r | Xy —
. xlfTT ~ q(xl{i | ;Zl)) PoXg:7) Po(XG.7)

%
|

Here, x; and x(l) are sampled from data. x;,- and xf:T are obtained by simply adding

Gaussian noises through the forward process.



Derivation of the loss (4/13)

X\ X,
—log 6(,6 Cx ~ g | x| 108 P (:‘;T) — log Pl (;‘T) ) (rewritten)
P H(XO: T) P H(XO: T)

X~ g0 | Xp)

_ ﬁg(xtvh | xtw ) ﬁe(xth | xtl)
= —logo | p =~ g | X0) log — log
=1

x{.p ~ gt | xb) pe(xf—l | Ay ) PH(XH | xt)

(using chain rule, markov process)

pxo.7) = pCxp) - pOxr—y | x7) - pOr_s | X7_1) ==+ p(xo | p1)



Derivation of the loss (5/13)

Po(Xo-1) ﬁe(xé:T)
_lOgG ,B ot~ gl | x) log ” lOg l

x{:T Cl(xlzT | xo)

I
Po(X.Zy | ;") Poxi_1 | X))
= —logo | p g ~ g0y ) lZ(lOg t oy 08 t
—1 171

[
X
Xy~ qxirp|xp) L=l pe( pe( —1 ‘ t)

T
X X X X
= —logo ﬂz Cx ~ gl | X)) [lnge( =1 1% logpg( -1 t)]

W [
=1 x|~ q(xl | xb) Po(2 1 | X)) Pox;_y | xP)

(Linearity of expectation: E(A + B) = E(A) + E(B))



Derivation of the loss (6/13)

_lOgG ﬁz xlT q(xlTlx)

— —logg :BT =t )~ g | ) llog

A ﬁe(x;_1 | X; ") ﬁe(x;_1 | x )
lo — log l
pé’( ~1 | x}¥) Pe( _1 | x})

=1 xlp~qGlp | )

p@(xt—l ‘ xt ) 1 p@(xt—l ‘ Xt)
Og
Pe( 1‘35) Pe( 1‘36)

xl 1.1 ~ q(x,_ 1t|x())

We can marginalize out unused latents from x;.;, keeping only x,_; , = (x,_, x,).

c.f.

=L f0] = [f<x>p<x, y)dxdy = = [f(x) dx p(x,y) dy = Jf(X)p(X) dx =

(rewritten)

= [f(0)]



Derivation of the loss (7/13)

T A 1% W A l l
PoxZq | X ) Pox_1 | x;)

w [
t=1 x{:TN Q(x{:T | x(l)) p@( -1 ‘ xt ) p@( —1 ‘ xt)

ﬁ@(x—l |x ) 15.9(35_1 \x)
= —logo | pTE, S~ g, | ) log t — log t
l PexY 1 | X)) po(x_ | xD)

ng—lt Q(xt—l,t | x5)

— log O ,BT —1, %" ~ q(x; | X)X~ gy | X, xy)

ng ~ q(x; | x(l)) xlg_1 ~ q(x,_1 | lea X(l))

1 p‘e(xtvz ‘ xtw ) PQ(X;_ ‘ Xt)
0g — log l
Po(xY | x) po(xt_, | xb)



Diffusion-DPO (Derivation of the loss)

Pe(xt 1‘36 )

—logo | PT Er xv ~ i, | spExr, ~ gty | x0,x) llog

xl ~ g(x, | xO) th_l ~ q(x,_; | X, x(l))

Po(x)

Yo )

ﬁ@(xz_1 | x )
— 10Z l
Pé’( —1 | x})

< — xp ~ q(x; | xy) lOg G(ﬂT =)~ gy | X, 1) [lOg

xt~ q(x, | xp) x! o~ qlx_q | xtxb)

By Jensen’s inequality with the convexity of —log: @ (

function.

p@(xt | ‘ Xt ) 1 p@(-xt | ‘ Xt)
0g
Po(x 1 | ") po(x_; | xD)

—[X]) <

= [qD(X)] if @ is a convex



Diffusion-DPO (Derivation of the loss)

X X X X
— L xy ~ qlx | xY) lOg 0<,BT =X~ llOg pg( -t ‘ t ) lOg pe( . ‘ t)] )

X x!
ng ~ q(x; | X(l)) th_l ~ q(x,_q |x£,x(l)) pé’( —1 ‘ [ ) pQ( t—l ‘ t)

We can write the above equation using KL-divergence:

1 (ﬂT(KL( | Py | | %)) — KL | po(x? | | X, >>>
0g o
) _KL(Q(X_l ‘ x() t) Hpé’(x_l ‘ xl)) T KL(Q( —1 ‘ x() t) HPQ(X_l ‘ xl))>

—1, X" ~ q(x; | Xy

ng ~ q(x; | x(l))

KL(P[[Q) =E,.p [log



Diffusion-DPO (Derivation of the loss)

:BT(KL(Q( —1 ‘ x() t) Hpe( —1 ‘ X¢ )) + KL(Q( —1 ‘ x() t) Hpé’( —1 ‘ X¢ ))>

— Ly~ qglx | xP) l()g o
—KL(q()c_1 | xO ) Hp(g(x_1 | x)) + KL(Q( | x() ) HPQ(X_l | xt)))

ng ~ q(x; | x(l))

Recap the diffusion model:

ot) = —— (= ——% e
Ho\ Xy _\ﬁt X¢ \/1_@ Eo\X¢s

KL Divergence of Gaussian distributions:

21
Dt (ot Z0) Il H Gy, 2)) = 2(0(Z7150) + Gy = i) 'S Gy = ) = d o+ In 127 )




Diffusion-DPO (Derivation of the loss)

We want to calculate KL (q(xvﬁl | x| Pox)” | x}”))

Recap the diffusion model

- 1 1 — ¢,
p@(xt—l | xt) — '/’/<xt—1; M@(xta t)a ﬂt1> /’te(xta t) — Xp — — GH(Xta t)

\

And can calculate g(x,_; | x,,) since the forward process has a closed form.

qx_1 | X X) = N (xt—l; Hq(Xps Xp), lgtl )

( )— . — : t N,/V( I)
U (X, Xq) = X €], € 0,
g\ M0 ,—t t \/1 _t




Diffusion-DPO (Derivation of the loss)
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In our diffusion model, the means are:

(X, 1) = : — : : (x;, 1) ( = : — : t
Up(X,, 1) = X e (X, , M (X, X X e 1.
O\t /—t 4 \/1 _t O\t AN 0 /—t A \/1 _t

The variances of both distribution are fixed as 1. We can simplify the divergence as:

KL (g, 1) 1550524 1 6)) o lle” = eyl ol



Diffusion-DPO (Derivation of the loss)

Lppo-piftusion() <

xtwrvq(xt\x ), X ~

—Lxy~qx | xy) lOg o

ng ~ q(x; | xé)

=, 0 log 0< _BTw(2)

(/3T(I<L<q<x_1 [ x) 1 o, | ) — KL(g(x” | | x3) Il po(x ;| ™)
_KL(Q( 1 | xo t) ”pe( _1 | Xt)) + KL(Q( _1 | x() t) Hpé’( _1 | xt)))

HGW I é\e(xtwa t)Hz I HGW I GQ(XZ‘Wa t)Hz

— lle! = &, DI + lle! = eyt 01| )

q(x, | xp), t ~ [0,1], €”, €' ~ H(0, I)

)



Diffusion-DPO summary

Lppo-pifrusion(?) < — Cfev el logo (_ﬁTa)(/lt) €™ — €y(x/", ’f)Hz — |[e" = eg(x;", t)Hz

I Hel I é\e(xtla t)Hz + Hel I GH(tha t)Hz

X~ qx | xy), X7~ q(x; | xé), t ~[0,1], €, el ~ H(0, I)

1. Collect a dataset of paired winning and losing samples.

2. Sample one paired sample x;’ and X).

3. Select a timestep .

4. Generate noisy data x! and x! using the forward process g.

5. Compare the model predicted noise €, with the generated noisy data.



Diffusion-DPO evaluation

Human evaluation to compare the generations under three criteria:
Q1. General preference (Which image do you prefer given the prompt?)
Q2. Visual appeal (Which image is more visually appealing regardless of the prompt?)
Q3. Prompt alignment (Which image better fits the text description?)

BN c o ae I
DPO-SDXL SDXL




Diffusion-DPO examples

Stable
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Application: Diffusion-DPO for safe generation

* As image generation becomes more realistic and widely used, preventing NSFW
(Not Sate For Work) content has become increasingly important.

We will introduce DUO* that utilizes Ditfusion-DPO for safe image generation.

Direct Unlearning Optimization for Robust and Safe Textto-lmage Models, Park et al., NeurlPS 2024.




Previous methods for safe image generation

Most of the previous safety methods depend on malicious text prompts.

For example, the model is fine-tuned to generate safe images even when pre-defined
malicious keywords (e.g., sexual content, violence) are given.

Erasing Concepts from Ditfusion Models. (Gandikota et al., ICCV 2023)

Result of the original model Result of the edited model



Erasing Concepts from Diffusion Models

Erasing Concepts from Ditfusion Models. (R. Gandikota et al. ICCV 2023)

They fine-tune the model to denoise a noised image x, given a malicious prompt ¢ as it

does without the prompt.

By subtracting the predicted noises with and without the prompt, we can find the direction
related to the malicious prompt and more suppress the model using it.

€g+(X,, C, 1)

£ it
oy by .
i '-Q‘ ‘",_“

Fine Tune

(xt’ C’ t) _> ESD




Problem of the previous method

However, this approach is often prone to adversarial prompt attacks.

Adversarial prompt: a seemingly harmless prompt that makes the diffusion model generate
unsafe images (e.g., s#i2cn!).

This is because the approach fine-tunes the model only for specitic prompts, and several

studies* have shown that by bypassing those prompts, unsafe images can still be
generated.



Direct unlearning optimization (DUO)

To prevent adversarial prompt attacks, the model needs to remove features related to
unsafe concepts, regardless of the given prompt.

How can we remove harmful features from the model without using text prompts?

Direct Unlearning Optimization
for Robust and Safe Text-to-Image Models

Yong-Hyun Park*!, Sangdoo Yun?°, Jin-Hwa Kim?>°, Junho Kim3, Geonhui Jang?,
Yonghyun Jeong?, Junghyo Jo'!:°, Gayoung Lee'3,

1 Department of Physics Education, Seoul National University
2School of Industrial and Management Engineering, Korea University
*NAVER Al Lab
“NAVER Cloud
°Korea Institute for Advanced Study (KIAS)
© Al Institute of Seoul National University or SNU AIIS




Rethinking unlearning as preference optimization

Lppo-piffusion(?) < — E;ev i l0go (—ﬁTa)(/lt) l(HeW — €p(X;", DII* = lle” — €g(X; t)Hz)

— (lle! = &t 0l = lle’ = ey, 01?) | )
X~ q(x | X)), xY ~ q(x, | x)), £ ~[0,1], €, €' ~ N (0, I)
+ x¥ is a safe image sample and x; is an unsafe image sample in our task.

+ Since our method unlearns harmful features without relying on text prompts, it
remains robust even when an adversarial prompt is given.



DUO - synthesize paired data

For preference optimization, we need paired data, (x;, x(l)), where x is a set of safe

images and x; is a set of unsafe images.
Unsafe images often contain concepts that are unrelated to the unsafe content.

How can we selectively remove the unsafe concepts while keeping the rest intact?

Concepts to be removed: Naked, Nudlity...

Concepts to be kept: Forest, Human, Girl...

* High-Resolution Image Synthesis with Latent Diffusion Models, Rombach et al., CVPR 2022
** SDEdit: Guided Image Synthesis and Editing with Stochastic Differential Equations, Meng et al., ICLR 2022.



DUO - synthesize paired data

For preference optimization, we need paired data, (x;, x(l)), where x is a set of safe

images and x; is a set of unsafe images.
Unsafe images often contain concepts that are unrelated to the unsafe content.

How can we selectively remove the unsafe concepts while keeping the rest intact?

Concepts to be removed: Naked, Nudity...

* High-Resolution Image Synthesis with Latent Diffusion Models, Rombach et al., CVPR 2022
** SDEdit: Guided Image Synthesis and Editing with Stochastic Differential Equations, Meng et al., ICLR 2022.



DUO - synthesize paired data

+ For preference optimization, we need paired data, (x, x(l)), where x is a set of safe

images and x; is a set of unsafe images.

* We utilize synthetic data using Stable Ditfusion* 1.4 and SDEdit**.

- SDEdit** is an image editing method via noise injection and denoising.

e FNY TS TR I LAY AT VT Y IS
At : AR

Denoising with
safe prompt

Noise
injection

|}/

Unsafe image by SD1.4 Noised unsafe image Edited safe image

* High-Resolution Image Synthesis with Latent Diffusion Models, Rombach et al., CVPR 2022
** SDEdit: Guided Image Synthesis and Editing with Stochastic Differential Equations, Meng et al., ICLR 2022.



DUO results
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While previous methods that use prompts for training struggles with adversarial

prompt attack (Ring-A-Bell*), our method still prevents unsafe image generation.

Ring-A-Bell! How Reliable are Concept Removal Methods For Diffusion Models? Tsai et al., ICLR 2024



DUO results

* Results using prompts from the MS COCO validation after removing nudity.

* For unrelated prompts, the finetuned model keeps the original performance.



Summary

Preference optimization refers to training (usually fine-tuning) a model to align with
human preferences as specitied by a reward model.

Direct Preference Optimization (DPO) removes the need for an explicit reward model
by directly optimizing the loss using paired winning and losing samples.

Diffusion-DPO extends DPO to ditfusion models by defining a reward function over
multi-timestep trajectories and approximating the DPO loss in the ditfusion setting.

Direct Unlearning Optimization (DUO) leverages Dittusion-DPO for unlearning by
framing the unlearning task as dispreferring unsafe images.



Thank you!

* Any question?



