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Abstract

Direct Preference Optimization (DPO) aligns text-
to-image (T2I) generation models with human
preferences using pairwise preference data. Al-
though substantial resources are expended in col-
lecting and labeling datasets, a critical aspect is of-
ten neglected: preferences vary across individuals
and should be represented with more granularity.
To address this, we propose SmPO-Diffusion, a
novel method for modeling preference distribu-
tions to improve the DPO objective, along with a
numerical upper bound estimation for the diffu-
sion optimization objective. First, we introduce
a smoothed preference distribution to replace the
original binary distribution. We employ a reward
model to simulate human preferences and apply
preference likelihood averaging to improve the
DPO loss, such that the loss function approaches
zero when preferences are similar. Furthermore,
we utilize an inversion technique to simulate the
trajectory preference distribution of the diffusion
model, enabling more accurate alignment with
the optimization objective. Our approach effec-
tively mitigates issues of excessive optimization
and objective misalignment present in existing
methods through straightforward modifications.
Experimental results demonstrate that our method
achieves state-of-the-art performance in prefer-
ence evaluation tasks, surpassing baselines across
various metrics, while reducing the training costs.

1 Introduction

T2I diffusion models (Rombach et al., 2021; Podell et al.,
2023) have recently gained widespread popularity. However,
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several challenges remain, such as limited text rendering
capabilities (Chen et al., 2023a), unrealistic spatial layouts
(Lin et al., 2024) and improper illumination (Ren et al.,
2024). Current approaches to addressing these challenges
primarily focus on optimizing training strategies (Esser et al.,
2024), improving network architectures (Peebles & Xie,
2022), augmenting datasets (Gadre et al., 2023) and incorpo-
rating richer semantic conditions (Chen et al., 2024; Pernias
et al., 2023). Nevertheless, these improvements typically
necessitate retraining the models from scratch, making them
unsuitable for enhancing pre-existing models. Inspired by
reinforcement learning with human feedback (RLHF) meth-
ods used in large language models (LLMs) (Wang et al.,
2024), aligning T2I models with human preferences has
emerged as a promising direction to improve model perfor-
mance (Liu et al., 2024), though it is currently under active
exploration and holds significant potential.

Current research primarily focuses on two directions. The
first involves collecting human-labeled preference images
to train models (Lee et al., 2023b; Liang et al., 2023; Dai
et al., 2023). These datasets typically assume a binary pref-
erence distribution (Kirstain et al., 2023), which not only
requires substantial human resources but also neglects the
inherent variability of human preferences, often resulting
in excessive optimization. The second direction focuses
on designing methods to fine-tune T2I models using human
feedback data. Many previous approaches propagate reward
maximization through reward models (Clark et al., 2023;
Prabhudesai et al., 2023), leading to reward hacking. Alter-
natively, some approaches model the sampling process of
diffusion models as a Markov chain and employ reinforce-
ment learning (RL) objectives based on reward feedback
(Black et al., 2023; Fan et al., 2023; Zhang et al., 2024b; Li
et al., 2024b). However, these methods require extensive
online evaluations and suffer from training instability. More-
over, DPO methods (Wallace et al., 2023; Yang et al., 2023;
2024) optimize the RL objective toward the optimal trajec-
tory strategy for diffusion models. Nevertheless, estimation
based on the forward process often results in misalignment
between the optimization objective and the desired outcome.

To address these issues, we propose an adaptive (with image-
dependent loss), and efficient approach for preference align-
ment of T2I diffusion models. Our insight is that, within
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Figure 1:Enhancement over Vanilla SDXL We introduce SmPO-Diffusion, designed to address the variability of human
preferences, as an adaptive and ef cient approach to aligning diffusion models with human preferences. The images in the
rst row are generated by the SDXL model, while the second row presents images generated by the SDXL model ne-tuned
using SmPO-Diffusion (denoted as SmPO-SDXL). The results demonstrate that SmPO-SDXL generates higher-quality
images, with signi cant enhancements in spatial layouts, text rendering, proper illumination and visual appeal.

the diffusion model framework, existing methods exhibit  of-the-art baselines for human preference alignment. Our
signi cant inaccuracies in both modeling human prefer-  approach outperforms existing methods across multiple hu-
ences and their estimation techniquesThus, we introduce man preference evaluation metrics (refer to Table 2) and
SmPO-Diffusion for modeling preference distributions to demonstrates signi cant improvements in image generation
improve the DPO loss function, along with a numerical quality (examples shown in Figures 1, 3 and 4) and training
upper bound estimation for the diffusion optimization ob-ef ciency (26 faster than Diffusion-KTO as per Table 1).
jective. To this end, we introduce two key contributions:

Smoothed Preference Modeling. As the adage goes, 2 Related Works
Bef”‘“t.y. IS In the eye of the beholder.” Given the inheren ext-to-Imgae Generative Models. Early research utilizes
variability in human preferences, we propose the use o AN for T2l generation (Reed et al., 2016: Karras et al
smoothed preference distributions to replace binary prefe5-018) while diffusion models (Ho et':all 20’20_ Nichol & "
ences. This approach mitigates label bias by integrating thf)hari\;val 2021) and ow matching (Liu.,et al é022' Lip-
average likelihood of preferences into the DPO loss func- ' N X

: . man et al., 2022; Albergo & Vanden-Eijnden, 2022) have
tion, as the loss function approaches zero when preferencg)s

. ) - ecome the dominant approaches for image synthesis. De-
are similar. In practice, our method eliminates the need . ” e
) . : Spite the ability of Stable Diffusion models (Rombach et al.,
for manual annotation by automatically generating smoot

2 .~ 2021; Podell et al., 2023; Esser et al., 2024) to produce high-
preferences through a reward model, signi cantly reducing o .
data collection costs and improving adaptability. quality images, these models are generally trained on large,

noisy datasets, which can lead to results that are contrary to
Optimization via Renoise Inversion.In addition, to accu- human intent. Our work explores the effectiveness of using

rately estimate the trajectory preference distribution of thesynthetically preference dataset (Kirstain et al., 2023) to im-

diffusion model, we employ the Renoise Inversion methodprove pre-trained T2l generative models through techniques
for estimating the sampling trajectory. This approach rethat learn from human/Al feedback .

places the forward-process-based estimation used in (W«%—

. : : . Preference Alignment of Diffusion Models.Inspired b
lace et al., 2023), effectively addressing the issue of ObJeCﬁLHF methosi% LLMs, text-image reward modzls (Scxr:uh-
tive misalignment and facilitating more ef cient ne-tuning. ’

mann et al., 2022; Radford et al., 2021a; Wu et al., 2023;
Extensive experiments demonstrate the advantages of odhang et al., 2024a; Xu et al., 2023; Wu et al., 2024) have
contributions. We compare SmPO-Diffusion with state-been increasingly developed and applied for ne-tuning

2
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T2l generation models. With these reward models, DRaFk} or loserx{, based on human preferences. The Bradley-
(Clark et al., 2023) and AlignProp (Prabhudesai et al., 2023Terry (BT) (Bradley & Terry, 1952) model de nes pairwise
update the diffusion model's sampling trajectory using dif-preference as follows:

ferentiable reward propagation, while DPOK (Fan et al.,

2023) and DDPO (Black et al., 2023) regard the sampling per (X§  Xpjo)= (r(xgic) r(xpic)  (3)
process as a Markov decision process and apply policy gra- ) , , ) ,

dient methods for training. However, these RL techniqued'here () is the sigmoid function ant(x,; €) is a reward
require resource-intensive training objectives and are pronB1°del which can be parameterized by a neural network and
to reward hacking. To address these issues, Diffusion-Dpdained with maximum likelihood estimation (MLE).
(Wallace et al., 2023) and D3PO (Yang et al., 2023) ne-Building on this, (Rafailov et al., 2024) design the following
tune the diffusion model for the unique global optimal pol-DPO loss function and demonstrate its equivalence to a
icy using DPO techniques, while DDIM-InPO (Lu et al., reinforcement learning (Sutton & Barto, 2018) process (such

2025) uses DDIM Inversion to align speci ¢ latent variables, as PPO or REINFORCE) with an explicit reward model:
leading to a series of variants (Yang et al., 2024; Li et al.,

2024a; Hong et al., 2024b; Lou etal,, 2024; Gu et al., 2024), o log  log POXBIC) o P (xoi0)
However, the awed design of human preferences in the (Xopxo Prer (X JC) Pref (X pjC)
dataset often results in over-optimization and low training (4)
ef ciency for these methods. Differently, our method inves-wherept (X pjc) is the reference distribution andis a
tigates more accurate modeling and estimation of humahyperparameter that governs regularization.

preferences.

= E

DPO for diffusion models. For diffusion models, since
directly computing the image's probability distribution
3 Preliminaries p(X,jc) is not feasible, Wallace et al. (2023) propose a
method for optimizing the upper bound of the original DPO

Diffusion Models. Diffusion models (Nichol & Dhari- objective function and derive a differentiable objective:

wal, 2021) consist of a forward procegs<o.1) that pro-
gressively adds noise to dat@  q(xo), and a learned Loro Dpiusion ()=

isi Exyixhiyp 109
denoising procesp (Xo.1) to reconstruct the data from

p (xt) N (0;1). The forward process is de ned as a e ien log P (X 1) g P°(Xh.t)
Markov processi(xjxt 1) = N (X¢;" “txe 15(1 o)), X}]_TI' Z“(xt_TTij%) Prer (X0:1) Phet (X0.7)
where . is the noise schedule. The denoising process takes ' ‘ (5)
the form ofp (x¢ 1jx¢) = N (x¢ 1; '(Xt); t(X1)). The
training obje(_:tive is tp maximize the vgriational Ic_)wer boundwherep®( ) representp ( jc) for compactness. They esti-
(VLB) associated with the parameterized denoiser mate Equation (5) based on the following formula:
2
Lom = BExoxtu 07); N (O;I)[ (1) t(Xt) 2] L()= E(x‘g;x'o;c)D ;Iog ( (St (X\(’)V;C) st (XIO;C)))
: p__ tu (0;T)

wherexo  gfXo)iXt  A(XtjXo) = N (X" Xo; (1 (6)

o). = it:l ¢ and (t) is a pre-speci ed positive Here the score functiosf is de ned as:
weighting function (Ho et al., 2020; Song et al., 2020b). . . ) . )

s (Xp;¢) = k (x¢;0)ks k ret (X1 C)K5: (7)

Denoising Diffusion Implicit Models (DDIM) (Song et al.,
2020a) formulate the denoising process as an ODE, dghere N (0;1) andx, = P TiXo + P T
terministically generating data. The discrete form of the

procerss can be exprtrassed as: r ! 4 Methodology

t 1 t 1 t+1 41
Xt+1 +
t+1 t t+1

Xt =

(xt+1):  Inthis section, we introduce our SmPO-Diffusion for align-
@ ing diffusion models with human preferenc@ur moti-

. . . vation is to enable more precise modeling and estimation
This proccess can also be reverse-integrated, starting from - e

. . . . . of human preferences within the framework of diffusion
noise-free image ¢ to estimatex; at any time step, which

is known as DDIM Inversion (Mokady et al., 2023). pre.ferglncg optimizatiorfirst, to account for the inherent
variability in human preferences, we employ a smooth pref-
Direct Preference Optimization. Given a prede ned hu- erence distribution for modeling (Section 4.1). Furthermore,
man preference datasbt= f(c;x¥;x})g, each sample we estimate the trajectory preference distribution of the dif-
consists of a prompt and a pair of images generated by fusion model through Renoise Inversion (Section 4.2). The
a reference model, with each pair labeled as the winneoverview of the SmPO-Diffusion is illustrated in Figure 2.
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Figure 2:Overview of SmPO-Diffusion. We present two steps of SmPO-Diffusion: (1) Smoothed preference modeling.

We calculate smoothed preference labels for all image pairs in the dataset. Unlike traditional methods such as expert ratings
and human voting, we employ a reward model (PickScore) to assign scores to preference pairs. These reward scores are
subsequently normalized and processed using a Softmax function to derive the nal smoothed labels. (2) Optimization via
Renoise Inversion. To estimate Equation (10), we use Renoise Inversion (repeat a few steps of Equation (13) for Inversion,
and perform one step of Renoise according to Equation (14)) to estimate the diffusion model sampling trajectory, maximizing
the smoothed log-likelihood of preferences to diffusion models. The nal loss function is formulated as Equation (15).

4.1 Smoothed Preference Modeling with p( jc), yields the following training objective:

When sampling any pair of images from the dat&ein- p*(x§) B° (x5)

dividual preferences can exhibit signi cant variability. In Lsmpo = By, 100 log P (XY) 9 B (X5)

this case, we employ a smooth distribution to model hu- P N crw N

man preferences (Furuta et al., 2024) Assuming that the- Epu i l0g (2 ) (log '2 (XOW) log p°(xo) )

datasets of the winnersy and losers, are sampled from a D Prer (X5) Pler (xo)

smoothed probability densit( jc), we model the complex ) . ©) .

probability distribution using a weighted average: Equatlorj (8) represents one of the options for regulariza-
tion design. If we use binary labels, i.e.,=1, =1,

Equation (9) reduces to the original form Equation (4).

wi i

% p(xgic) = p(XOJC)ZMF,)Ez)OJC) Modeling for diffusion models. Following (Wallace et al.,
P . (8)  2023), we redistribute the reward§ o; ¢) over all poten-

3 p(xbjc) = p(xgic)  P(Xoic) tial diffusion trajectoriep (X 1.7jXo;c), with the goal of

' 0 Z},(C) minimizing the KL-divergence between the joint probabil-

ity distributionsDy; (p (Xo:1]JC)jjPref (X0:T7jC)). Thus, we

P B B - . . . .
where fagtor& ¥ (c) = _— p(X¥ic) p(xbhic) ang Arive at the following objective for diffusion models:

Zp(€) =yt PIXBIC)  P(xpiC) arefornomaliza- | oo g = Epuiigp g @)

t|on Since these values are challenging to estimate, the 0o

normalization term is approximated as a constantand omit- PPXET) g PP 0T)

ted. Here, the weighting factorbalances the relative con- &7 ”C((’)‘(}:T’.f(?)) g Pl (X 1) g P (X b, 1)
tributions of the winner and loser distributions, while the 7 7 7770 (10)

sensitivity factor governs the sensitivity of the mixture

distribution to variations in parameters. Weighted averagingVhen preferences are more similar, meaning humans nd
serves as a smoothing technique, enabling effective modul#-harder to differentiate image quality, the loss function
tion of the likelihood scale. Replacing jc) in Equation (4) decreases further; otherwise, it increases. This modeling
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approach more accurately re ects human preferences. Tsteps are taken, which results in a time-intensive inversion
achieve this goal, how shouldand be formulated? In process that is detrimental to improving training ef ciency.
our work, we de ne the weight-to-sensitivity ratie  as  Therefore, inspired from (Garibi et al., 2024), we employ a
the probability of the winnep(xy  xbjc), ensuring better ~ few-step DDIM Inversion (fewer than 10 steps), followed

alignment with human preferences. by an additional single ReNoise step:

!
Smoothed Preference of Reward Modellnspired from _ ' : ' A "1 f L tea
prior works (Lee et al., 2023a; Black et al., 2023; Fan et al.,*" = . 1*‘ 1¥ . L1 (Resc):
2023), we adopt the text-image reward model as a reliable (14)

alternative to expert rating or human voting. Itis because AlFollowing (Wallace et al., 2023), once we obtainand we

reward models demonstrate strong consistency with humagan estimate Equation (10) in the following manner:
preferences, a concept commonly used in the RLHF litera- =~~~ _— tol.

ture. To produce smooth preference labels, reward scordsl )= Etplog ( (2 ) (s (Xg;c) s (Xgp:€))
are computed for all image pairs, with the higher-scoring im- . (15)
age selected as the winner. Speci cally, we feed the prompt/here score function is de ned as:

¢ and imagex, ir}to a reward mpdei to derive reward st (x0:€) = k, ‘(xt;c)kg kK o 0% ;c)kg (16)
scoreq (X ; c). GivenD, we obtain a set of reward scores, p__ p. . )
denoted aRp = f(r (x¥;);r (Xh;€)Gpy ut.cyp - TO  WNEIE = (Xt = Xg)= 1 1. This loss function
achieve a balanced probability distribution, we normalized"Ves denoising g’ at pointx;" to improve more signi -

the reward score as described below: cantly than denoising denoising, at pointx}. Unlike the
random noise addition process in Diffusion-DPO, this ap-

r(Xg;¢) max(Rp) . (11) proach enables ne-tuning variables highly correlated with

Oy () =
o) max(Rp) min(Rp)’ the image, thereby enhancing training ef ciency.

For various preference data pairs, the Weight-to-sensitivit)é .
ratio = is modeled as: Experiments

exp(r (x4 c) 51 Setup

exp(r (x¥';c)) + exp(r Axp;c)) Implementation Details. Our method is applied to align the
Stable Diffusion 1.5 (SD1.5) and Stable Diffusion XL-base-
1.0 (SDXL). We utilize the Pick-a-Pic v2 dataset, which
contains 851,293 data pairs and 58,960 unique text prompts
as (Wallace et al., 2023). We employ AdamW (Loshchilov,
2017) as the optimizer for SD1.5 and Adafactor (Shazeer &
Stern, 2018) for SDXL. All experiments are performed on 8
A800 GPUs, with each GPU handling a batch size of 1 data
To perform optimization on Equation (10), we need to sampair. Through 128 gradient accumulation steps, an batch
ple X 1.7 pS(x1.7jX0). Given that the sampling pro- size of 1024 data pairs is achieved. The learning rate is set
cess is intractable, previous methods (Wallace et al., 20239 22%22:048 &, with a linear warm-up phase. For SD1.5,
Hong et al., 2024b) replace the reverse process with the for- is set to 2000, while for SDXL, is set to 5000.

ward noisy procesg(x 1.t X o). Since the noise is randomly Evaluation. We compare SmPO-Diffusion with existing

dfa.W” from a Gaussian distyibution, it re;ults in'inaccurateoase”nes across three dimensions: automatic preference
es_tlmatlon of the loss funct|on._We c_on3|d_er th'_s _to be thqﬂetrics, user studies, and training resource consumption.
primary cause of the observed inef ciency in training. In this work, we compare the following baseline methods:
In order to improve the estimation of Equation (10), we Supervised Fine-Tuning (SFT), Diffusion-DPO, Diffusion-
apply an Inversion technique to evaluate the diffusion samKTO (for SD1.5), and MaPO (for SDXL). These baselines
pling procesgC(x 1.1jX o). Given imagex o, to computex; share a common focus on human-aligned image genera-
at any time step, we rst apply DDIM Inversion (Mokady tion but differ fundamentally in their technical mechanisms:
et al., 2023) iteratively to derive an approximate estimate: Diffusion-KTO adopts the Kahneman-Tversky model to
I represent human utility instead of maximizing the log-
C oy o 1 1 1 Lxe 100)° I?kel?hood of pr_eferences. MaPO jointly maxir_nizes the
t 1 t t o1 "7 likelihood margin between the preferred and dispreferred
(13) datasets and the likelihood of the preferred sets, learning
Here, we denote the estimatexgfobtained ag. However, preference without reference model. To ensure a fair com-
Equation (13) assumes that a suf cient number of inversiorparison, all models are ne-tuned on the Pick-a-Pic v2

—(x8;xp) =

In our work, we employ PickScore (Kirstain et al., 2023) as
the reward model. To control the effect of weighting factor

on the uctuations of the loss function, we set sensitivity
parameter to a xed value.

4.2 Optimization via Renoise Inversion

r r r

Xt =

5
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Figure 3:Qualitative comparison. We provide a qualitative comparison of SmPO-Diffusion and other different preference
optimization methods (Re ner, Diffusion-DPO, MaPOQ) for SDXL. The results indicate that our model generates the highest
guality images, including aspects such as llumination and spatial composition, text rendering, visual appeal, and others.

dataset. To comprehensively assess quality of image gendble 1:Computational cost comparison.We report the

ation, we use ve reward evaluators: CLIP (Radford et al. NVIDIA AB0O0 GPU hours required for training our SmPO-

2021a) for text-image alignment, LAION aesthetic classi-Diffusion and the baselines on SDXL and SD1.5.

er and Imagereward (Xu et al., 2023) for image quality,

PickScore (Kirstain et al., 2023) and HPSv2.1 (Wu et al., Model GPU Hourst  Model GPU Hours#

2023) for simulating human preferences. During testing, im- DPO-SDXL 976.0 DPO-SD1.5 204.8

ages are generated using the Parti-Prompts (1632 prompt 2';%’_2?)(& ?gg'g g;%’g_%gi 5 123320

(Yu et al., 2022) and HPDv2 (3200 prompts) (Wu et al., : . -

2023) text test sets with the same seed. We use the median of

reward scores and the win-rate as automatic preference méitustrated in Figure 1, SmPO-SDXL improves the quality

rics, where the win-rate indicates the frequency with whichof generated images while achieving better alignment with

the reward evaluator prefers images from SmPO-Diffusiorhuman preferences, and it also resolves some failure cases.

over those from the baselines. Additionally, we compare theAdditionally, as demonstrated in Figure 3, compared to

GPU hours required for training across different methods. other advanced preference optimization methods for SDXL

(Re ner, DPO-SDXL, MaPO-SDXL), our SmPO-SDXL

5.2 Primary Results produces images of the highest quality, with notable en-
L ) ._hancements in illumination, spatial composition, text ren-

Qualitative results. Figures 1 and 3 present the qua“ta'dering, visual appeal, and other key aspects. These hidden

tive comparison results of our SmPO-Diffusion and Otheradvantages lie within human preferences, further validating

baselines used for ne-tuning base SDXL model. First, aSe effectiveness of our method

6
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Table 2:Quantitive comparison. We employ the HPDv2 and Parti-Prompts test sets to generate images using each SDXL
and SD1.5 model. By performing automatic evaluation of each reward evaluator, we report the median reward score (Score)
of the images generated by all models and show the win-rate (%) of our SmPO-Diffusion compared to the corresponding
baseline models (WR). Higher scores and win-rates demonstrate the superiority of our method. In the Score column, the
highest value is displayed bold, the second highest isiderlined Additionally, win-rates exceedir 50 % are highlighted.

HPDv2 (3200 prompts)

PickScoré HPSv2.1 ImReward Aestheti¢ CLIP"

Model

Parti-Prompts (1632 prompts)

PickScoré HPSv2.1 ImReward Aestheti¢ CLIP"

Score WR Score WR Score WR Score WR Score Waore WR Score WR Score WR Score WR Score WR

SDXL 22.7588.1 28.4£94.5 0.88179.3 6.11464.7 38.3€56.2
SFT 22.1795.4 28.3¢90.3 0.756 79.5 5.98¢72.8 37.6€62.9
DPO 23.1377.2 30.0€86.7 1.18462.9 6.11267.7 38.8€50.5

22.6386.2 27.4£92.6 0.92€81.9 5.75:74.0 35.5255.6
21.98 95.2 27.0091.1 0.66(C 83.7 5.70574.2 34.77164.1
22.9377.2 28.8¢82.5 1.28( 67.8 5.81:70.6 36.3C(51.5

MaPO 22.8186.3 29.1190.8 1.224 60.5 6.309 47.6 38.1758.1
SmP0O23.62 - 3253 - 1331 - 6.264 - 38.88 -

22.8380.2 28.4784.9 1.26€ 63.5 6.012 47.3 35.2460.7
2335 - 3073 - 1429 - 5959 - 36.34 -

SD1.5 20.8:88.0 23.6193.9 -0.07€85.9 5.39(81.5 34.7169.3
SFT 21.6475.8 28.6(65.7 0.73862.1 5.72£63.3 36.2461.4

21.4074.5 24.9789.2 0.12177.3 5.35576.4 33.1163.1
21.77 65.6 28.1762.3 0.702 59.8 5.59255.9 34.0759.5

DPO 21.2€79.1 25.1189.5 0.19580.1 5.53(72.7 35.5€64.6
KTO 21.5473.4 28.2666.8 0.706 61.9 5.69265.1 35.9264.5

21.62 66.5 25.7€84.9 0.38€ 71.2 5.44270.2 33.5459.7
21.77 65.8 28.0£64.5 0.67759.9 5.54762.8 34.1159.0

SmP022.08 - 2931 - 088 - 5831 - 3719 - |2200 - 2881 - 0911 - 5636 - 3472 -

Figure 4:Conditional generation comparison.SmPO-SDXL produces images with the highest quality (cf. Section 5.3).

Computational cost. As illustrated in Table 1, our SmPO- consistent with our motivation.

Diffusion requires around 150.8 and 41.3 A800 GPU hours

to train SDXL and SD1.5, respectively. These include .
Quantitative results.

5.3 A800 GPU hours of PickScore reward model train- ¢ SmPO-alianed ;i?le_z preszn':s thedrgwar(lj_ scorez
ing. In comparison, ne-tuning SDXL and SD1.5 with © Our sm--aligned difusion modeis and baseliné mod-

Diffusion-DPO demands 976 and 204.8 GPU hours, re8ls, along with the win-rates of our model compared to

spectively. The results demonstrate that SmPO-SDXL angf2selines. Overall, our SmPO ne-tuned SDXL and SD1.5

SmPO-SD1.5 achieve signi cant improvements in gener_models demonstrate superior performance over the base-

ation quality while reducing training time to only 15.5% line models on nearly all test datasets and reward evalua-

and 20.29% of that required by DPO-SDXL and DPO-SD1.5,,0 MelTcs: For instance, o fhe HEBV2 (o5t s6f, e me-
respectively. Compared to the latest methods, smpo-spxfian Ve L scores for smro- and >smr-SbL.

requires only 18.1% of the training time of MaPO-SDXL, reach 32.53 and 29.31, respectively, re ecting signi cantim-
and SmPO-SD1.5 requires merely 3.9% of the training tim rovements of +4.08 and +4.7 compared to Base-SDXL and

of KTO-SDL1.5, resulting in a 26-fold ef ciency improve- thasli-PSSD 12‘? Wr:e_n complartehd 'iosstapt((e)-osf-g;(el_-artrl]a_asellnes,
ment. We attribute this remarkable ef ciency gain to the N Ve.L metric reveals that smet- achieves an

: : S 6.7% win-rate against DPO-SDXL on the HPDv2 test set
deling and estimation of h f ge. . . : :
MOTe precise modeting and estimation ot human pre erenceWhlIe SmPO-SD1.5 achieves a 66.8% win-rate against KTO-



