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ABSTRACT

Recent advancements in timestep-distilled diffusion models have enabled high-
quality image generation that rivals non-distilled multi-step models, but with sig-
nificantly fewer inference steps. While such models are attractive for applications
due to the low inference cost and latency, fine-tuning them with a naive diffusion
objective would result in degraded and blurry outputs. An intuitive alternative is
to repeat the diffusion distillation process with a fine-tuned teacher model, which
produces good results but is cumbersome and computationally intensive: the dis-
tillation training usually requires magnitude higher of training compute compared
to fine-tuning for specific image styles. In this paper, we present an algorithm
named pairwise sample optimization (PSO), which enables the direct fine-tuning
of an arbitrary timestep-distilled diffusion model. PSO introduces additional refer-
ence images sampled from the current time-step distilled model, and increases the
relative likelihood margin between the training images and reference images. This
enables the model to retain its few-step generation ability, while allowing for fine-
tuning of its output distribution. We also demonstrate that PSO is a generalized
formulation which can be flexibly extended to both offline-sampled and online-
sampled pairwise data, covering various popular objectives for diffusion model
preference optimization. We evaluate PSO in both preference optimization and
other fine-tuning tasks, including style transfer and concept customization. We
show that PSO can directly adapt distilled models to human-preferred generation
with both offline and online-generated pairwise preference image data. PSO also
demonstrates effectiveness in style transfer and concept customization by directly
tuning timestep-distilled diffusion models. The code is provided at: https:
//github.com/ZichenMiao/Pairwise_Sample_Optimizationl

1 INTRODUCTION

Diffusion models (Ho et al., |2020; [Song et al.l 2020; Nichol & Dhariwal, 2021} |Ho & Salimans)
2022; Karras et al.} 2022} [Rombach et al., [2022) have shown strong capabilities in generating high-
fidelity images, marking a significant advancement in the field of generative modeling. Despite their
impressive performance, a notable challenge is the high inference cost due to its iterative denoising
nature. To address this issue, various methods are proposed to accelerate the sampling process of
diffusion models, including improving the efficiency of samplers (Karras et al., |2022; Lu et al.,
2022ab; [Liu et al.l 2022; Zhao et al.l 2024) and employing model distillation techniques (Song
et al.| 2023; [Luo et al., [2023; |Sauer et al.| [2023; Xu et al.l 2023} [Lin et al., [2024; Sauer et al.,
2024} [Y1n et al., 2024bza; Ren et al., [2024; |Kohler et al., [2024) to reduce the number of inference
steps. Recent advancements in trajectory distillation methods and distribution matching techniques,
often enhanced by adversarial learning at scale, have shown considerable promise in generating
high-fidelity images in extremely low steps such as one to four steps.

Despite significant advancements in timestep-distilled diffusion models, it remains unclear how to
effectively fine-tune or customize such distilled models. Naively tuning the distilled model with dif-
fusion loss will make the generation results blurry, as shown in Figure[T|(b). An alternative approach
is to fine-tune or customize the original diffusion model, and then repeat the diffusion distillation
process to create a distilled model variant. However, the large computation cost of diffusion distil-
lation, when compared with the customization training used for applications (cf., 3840 A100 GPU
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Figure 1: lllustration of images sampled from: (a) original timestep-distilled diffusion models, (b)
Fine-tuned distilled model with diffusion objective (Ho et al., 2020), and (c) Fine-tuned distilled
models with our PSO, and It can be seen that simply tuning distilled models with the vanilla diffu-
sion loss leads to blurry, degraded generation, while our method can steer the distilled model toward
better alignment with human preference & prompts, and style-transferred generation. Prompt from
left to right: A Pirate in a Pirateship.// a woman with long hair next to a luminescent bird.// Photo-
graph of a wall along a city street with a watercolor mural of foxes in a jazz band.// A stern-faced,
brown-feathered owl P&mon with a leaf-shaped crown and piercing red eyes.// A cute rabbit.

hours for SDXL-DMD2 [Yin et al.| 2024a) and.25 A100 GPU hours for Dreambooth concept
customization[(Ruiz et al., 2023)), often makes such distilled model tuning approach less feasible.

In this paper, we present an effective algorithm named pairwise sample optimization (PSO), de-
signed to directly tuning a timestep-distilled diffusion model for different user preferences or cus-
tomizing it towards new image domains. PSO maximizes the likelihood ratio between a given pair
of target and reference images, where the target image is sampled from the distribution we wish to
tune the distilled model towards, and the reference image is sampled from the generative distribution
of the tuned distilled models on-the- y. By optimizing this relative likelihood objective, PSO effec-
tively aligns the timestep-distilled models with target distributions while best preserving its original
few-step generation ability learned through diffusion distillation. Our formulation of PSO can be
exibly adapted to both of ine and online settings, and uni es various prior wofks (Wallace et al.,
2024 Yang et al., 2024a) as special cases to our framework.

We validate the effectiveness of the proposed method across a broad range of tasks, including human
preference tuning, style transfer, and concept customization. For preference tuning and style transfer,
we construct or directly utilize target-reference images with the given promgtswin-lose pairs

from the user preference data (Kirstain et al., 2023), and adopt our of ine PSO objective to tune
the distilled models. We also examine our online objective in preference tuning, where we sample
pairs of images from distilled model and use a reward mode to assign the label of target or reference.
For concept customization, we use the given concept images as target and sample reference images
from the tuned model. In all tasks and settings, PSO enables the lightweight ne-tuning of arbitrary
distilled models while preserving their few-step generation capability, as shown in Figure 1 (c).

We evaluate our method on various datasets and benchmarks. For human preference tuning, we
benchmark PSO on the standard Pick-a-Pic (Kirstain et al., 2023) and PartiPrompts (Yu et al., 2022)
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Figure 2: Demonstration of the proposed pairwise sample optimization. To tune the generative
distributionp to pgata , We sample a pair of images together with their trajectories of the same
prompt, where we adopt our Markov Decision Process (MDP) formulation for the timestep-distilled
diffusion model to ef ciently sample the backward denoising trajectofies g, while sampling

fx,, gfrom data via the forward diffusion process. The sampled trajectories are then sent to the nal
objective to move the generation trajectory aligned with the forward processfrem

datasets. We also evaluate distilled model ne-tuning by experimenting the image style transfer task
with the Pokemon dataset (Pinkney, 2022) and the concept customization task with the exeamples in
Dreambooth (Ruiz et al., 2023). We observe that PSO shows comparable performance to the oracle
results of ne-tuning a new teacher model and conduct the diffusion distillation training, while being
much less computationally expensive. Our approach also signi cantly outperforms other designed
baselines achieved via the use of LORA parameters.

Our contributions are summarized as follows.

* We present pairwise sample optimization (PSO) that can directly tune timestep-distilled
diffusion models toward a new output distribution for various customization applications.

» We show that PSO is a generalized formulation that covers both of ine and online prefer-
ence optimization scenarios, encompassing previous works, such as DiffusionDPO (Wal-
lace et al., 2024) and D3PO (Yang et al., 2024a) as special cases, which can be exibly
adapted to various settings and tasks.

» Extensive of experiments demonstrate the effectiveness of PSO in human preference tun-
ing, as well as other domain transfer tasks such as style transfer and concept customization.

2 METHOD

In this section, we present our method of pair-wise sample optimization (PSO) for directly ne-
tuning timestep-distilled diffusion models. We rst show the PSO formulation with both reference
and data trajectories, and then extend it to both online and of ine settings.

2.1 RIRWISE SAMPLE OPTIMIZATION FOR TIMESTEP-DISTILLED DIFFUSION MODELS

Consider a timestep-distilled diffusion mogelxojc) that samples clean imageg conditioned on

the promptc from initial noisext N (0; 1) with very few timestepN;N =1 4, we denote

its sampling trajectory abXi,, ; Xty ;5 Xty Xt,0; Wherety = T;tp = 0. Our target is to ne-

tune the model towards the given target distribupgga (Xq; €), i.e., maximizing the log-likelihood

logp (Xgjc), wherex,  paaa - Directly adopting the DDPM (Ho et al., 2020) formulation and
minimizing the diffusion objectiv§i (x, ;t)  jj? leads to blurry, degraded generation. To mit-
igate this issue, we introduce the reference samplérom the current modep and recast the
optimization as maximizing the relative likelihood between the target and reference samples. In-

tuitively, by maximizinglog g E’;O:g , we can steer the generative distributipntowards the data
0
distribution pgata - Meanwhile, we avoid directly minimizing the diffusion objective, which can

potentially help preserve its ability on few-step generation.
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Formally, given a pair of positive and negative images with the same pranpt,

Paata (X0jC); Xy P (XpjC), we take inspiration from direct preference optimization (Rafailov et al.,
2024) and maximize the margin betwelagp (Xyjc) andlogp (Xgjc), regularized by the pre-
trained timestep-distilled modeje ,

P (Xoic) log P_(*%0i©)
ppre(xojc) ppre(xojc)

where denotes the sigmoid function, is the regularization weighfipre = p . denotes the pre-
trained model.

L= E(Xo:xo:C) log log ; Q)

In diffusion models, obtaining (Xojc) requires integrating over intermediate states which is costly.
Instead, we consider the whole sampling trajecfoty, jcgl\-, , and maximize the margin between
their trajectory joint likelihoods. Speci cally, as shown in Figure 2, we sample the data trajectory
fxy,.1, Jcg with diffusion forward process, and sample the reference traje€tqry, , jcg with the
generative reverse process,

Y
Pdata (Xto:tN JC) = Pdata (Xtojc) q(xtn jxtn 1)

_ e . v
P (Xigity IO = P (X J©) P (Xy, Xy, 50):

n

Substitute the trajectory formulation into Eq. 1, and we obtain our PSO objective below,

" 4
X p (X, ,iXt, 0 p (X, ,iXt, 0
Lpso= E . o lo lo n 1o o) L L HL
PSO (Xocy Koty ©) 109 . Ppre(Xt, ,JX¢,:0) gppre(xtn X, 50
X
= E(me Xoty ic) Iog DKL[q(th ljxtn;to) K ppre(th 1jxtn ;C)]
n
. . P (X¢, ,i%, 0
D X X, ) kp (X X, ;0] log—2 21" —
kLlaxe, 1Xe,00) KP (X, 1%, 5 )] 9 ooreX. X010
3)

The derivation is provided in Appendix A.

To expand the joint likelihood terms, we need to de ne the transition keyngd;, ,jxt,;C). In-
spired by previous works (Black et al., 2023; Yang et al., 2024a), we formulate the denoising sam-
pling process of timestep-distilled models as a Markov Decision Process (MDP).

MDP Formulation for Timestep-Distilled Diffusion Models. Let (x,;tn;C) denote the
timestep-distilled diffusion model, which predictg asf (xt,;tn;C) = f( (Xt,:tn:C);Xt, tn)
given the corresponding noisy latexyt, (Song et al., 2023; Yin et al., 2024b;a). In the iterative
few-step sampling process, the distilled model rst predigisat t,, and then add noise back to
noise-levek, 1,

p—— P—
th 1: th 1f (th;tn;c)+ 1 th 1Z;Z N(O'I)' (4)
where ‘s are the forward process coef cients. The Markov Decision Process for distilled models
can be then formulated as,

Sn = (Xt,th); Sn = Xt, ;5 P(Sn+1jsn;an) = (Xt, ,:tn 1;€)
(anjsn) = NC 1, of (Xtitni0il ¢, )= N (Xt,5tai0); 1)

wheres; ; a, denote the state and actidh(s,+1 jSn; @,) denotes the transition kernelis the Dirac
function, and is the policy. For the last timestep, the distilled model directly predict the clean
image without noise added. This makes the nal timestep a deterministic trangiti@g, jsy ) =

(f (Xt,;t1;€)), so we remove the last time step from the training. With this formulation, we have

P (Xt, ,iXt,) = (anjXn).
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Final PSO Loss. By plugging the MDP action-state conditional distribution, we obtain the objec-
tive for our pairwise sample optimization,

X
Lpso= E log i (th;tn;c)jjz i pre(xtn;tn;c)jj2
n=z % (5)
2z I Xt OI% Ji X, ,  pre(Xnitn; Ojj2

The derivation is provided in Appendix A. We provide Alg. 1 for better illustration.

2.2 OFFLINE AND ONLINE EXTENSION

Our pairwise sample optimization can be extended to online and of ine settings as follows,

Ofiine PSO. In practice, we may have pre-samplied g from models that have similar gener-
ation distribution withp ( jc), which removes the need for reverse sampfirg g from p again.
In this case, we extend our PSO formulation by approximapin(@,, .;, jXq;¢) with the forward
trajeﬁoryq(xtl:tN iXo). Speci cally, we approximate the per-step transition kemék,  jx, ;c)
with  p(x, jo)a(X;, ,jXt,;Xt,), and we obtain our of ine PSO objective,

L PSO-Ofine = E IOQ JJ (th ; tn ; C)JJ 2 ” pre(th , tn , C)J] 2
n=2 I# (6)

Ii (th tns C)jj2 + ] pre(xtn tns C)jj2 ;

which can be seen as a variant of the of ine Diffusion-DPO (Wallace et al., 2024). We provide
Alg. 3 for better illustration.

Online PSO. There are also cases where we decide the data and the reference distribution in an
online manner, e.g., with a reward model. In this case, we can substitute the forward trajectory in
Eq. 3 with the generative trajectory,

jjxtn 1 (Xn;tn;c)jjz Ji Xty 1 pre(xn;tn;c)jj2
n =2 "

Lpso-onine= E log

I xe, o Xnitni Q2+ dix, ,  pre(Xnitn; Q%
(@)

which can be seen as a variant of the online DPO for diffusion models (Yang et al., 2024a). We
provide Alg. 2 for better illustration.

3 EXPERIMENTS

In this section, we validate our method with multiple tasks and experiments. First, we demonstrate
the effectiveness of our proposed PSO in the human-preference tuning task. We then present re-
sults on other general ne-tuning tasks for timestep-distilled diffusion models with PSO, including
style transfer and concept customization. Our experiments cover various main-stream timestep-
distillation methods, including Distribution Matching (DMD) (Yin et al., 2024a;b), Adversarial Dis-
tillation (ADD) (Sauer et al., 2023), and Latent Consistency Models (LCM) (Luo et al., 2023). We
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