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Abstract

Recent advancements in human preference
optimization, originally developed for Large
Language Models (LLMs), have shown signif-
icant potential in improving text-to-image dif-
fusion models. These methods aim to learn the
distribution of preferred samples while distin-
guishing them from less preferred ones. How-
ever, existing preference datasets often exhibit
overlap between these distributions, leading to
a conflict distribution. Additionally, we iden-
tified that input prompts contain irrelevant in-
formation for less preferred images, limiting
the denoising network’s ability to accurately
predict noise in preference optimization meth-
ods, known as the irrelevant prompt issue. To
address these challenges, we propose Dual
Caption Preference Optimization (DCPO),
a novel approach that utilizes two distinct cap-
tions to mitigate irrelevant prompts. To tackle
conflict distribution, we introduce the Pick-
Double Caption dataset, a modified version of
Pick-a-Pic v2 with separate captions for pre-
ferred and less preferred images. We further
propose three different strategies for generat-
ing distinct captions: captioning, perturbation,
and hybrid methods. Our experiments show
that DCPO significantly improves image qual-
ity and relevance to prompts, outperforming
other methods.

1 Introduction

Image synthesis models (Rombach et al., 2022;
Esser et al., 2024) have achieved remarkable ad-
vancements in generating photo-realistic and high-
quality images. Text-conditioned diffusion (Song
et al., 2020a) models have led this progress due
to their strong generalization abilities and profi-
ciency in modeling high-dimensional data distri-
butions. As aresult, they have found wide range of
applications in image editing (Brooks et al., 2023),
video generation (Wu et al., 2023a) and robotics
(Carvalho et al., 2023). Consequently, efforts have
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Figure 1: Sample image outputs generated by differ-
ent methods from benchmarks of HPSv2, Geneval, and
Pickscore. DCPO helps generate images that are no-
tably better aligned with the prompts and also in higher
visual appeal. See more examples in Appendix H.

focused on aligning them with human preferences,
targeting specific attributes like safety (Liu et al.,
2024b), style (Everaert et al., 2023), and personal-
ization (Ruiz et al., 2023), thereby improving their
usability and adaptability.

Similar to the alignment process of Large Lan-
guage Models (LLMs), aligning diffusion models
involves two main steps: 1. Pre-training and 2.
Supervised Fine-Tuning (SFT). Recent fine-tuning
based methods have been introduced to optimize
diffusion models according to human preferences
by leveraging Reinforcement Learning with Hu-
man Feedback (RLHF) (Ouyang et al., 2022), the
aim of which is to maximize an explicit reward.
However, challenges such as fine-tuning a separate
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Figure 2: The DCPO pipeline in 3 variants: DCPO-c, DCPO-p, and DCPO-h, all of which require a duo of a
captioned preferred image (z%, 2*) and a captioned less-preferred image (z}), 2'). DCPO-c (Top Left): We use
a captioning model to generate distinctive captions respectively for images =% and x{, given the shared prompt c.
DCPO-p (Bottom Left): We take prompt c as the caption for image z§, then we use a Large Language Model
(LLM) to generate a semantically perturbed prompt zfn given prompt c as the caption for image z},. DCPO-h

(Right):

A hybrid method where the generated caption z

"is now perturbed into z}, for image x{. Our Pick-

Double Caption Dataset discussed in Section 4.1 is constructed using DCPO-c.

reward model and reward hacking have led to the
adoption of Direct Preference Optimization (DPO)
(Rafailov et al., 2024) techniques like Diffusion-
DPO (Wallace et al., 2024). Intuitively, Diffusion-
DPO involves maximizing the difference between
a preferred image and a less preferred image for a
given prompt.

Although DPO-based methods are effective in
comparison to SFT-based approaches, applying di-
rect optimization in multi-modal settings presents
certain challenges. Current preference optimiza-
tion datasets consist of a preferred (z*') and a less
preferred (z!) image for a given prompt (c). Ide-
ally, " should show a higher correlation with c
compared to x!. However, we find that in current
datasets, both the images share the same distribu-
tion for the given prompt c, which we refer to as
conflict distribution in the data. Additionally, irrel-
ative information in c restricts the U-Net’s ability
to predict noises from ' in the diffusion reverse
process, which we refer to as irrelevant prompts.
This entails that there is a lack of sufficient distin-
guishing features between the two pairs (z%, c),
(«!, ¢), thereby increasing the complexity of the
optimization process.

To address the aforementioned bottleneck, we
propose DCPO: Dual Caption Preference Op-

timization, a novel preference optimization tech-
nique designed to align diffusion models by uti-
lizing two distinct captions corresponding to the
preferred and less preferred image. DCPO broadly
consists of two steps - a text generation framework
that develops better aligned captions and a novel
objective function that utilizes these captions as
part of the training process.

The text generation framework seeks to alle-
viate the conflict distribution present in existing
datasets. We hypothesize that ¢ does not serve as
the optimal signal for optimization because they
do not convey the reasons why an image is pre-
ferred or dis-preferred; based on the above, we
devise the following techniques to generate bet-
ter aligned captions. The first method involves us-
ing a captioning model Q4 (z|2%, c); which gen-
erates a new prompt z’ based on an image z° and
the original prompt ¢, where i € (w,[). The sec-
ond method introduces perturbation techniques f,
such that ¢ = 2%, 2! = f(c); i.e. generating 2/,
to represent the less preferred image, considering
the original prompt c as the prompt aligned with
the preferred image. We investigate multiple se-
mantic variants of f, where each variant differs in
the degree of perturbation applied to the original
caption c. Finally, we also explore a hybrid com-



bination of the above methods, where we combine
the strong prior of the captioning model and the ef-
ficient nature of the perturbation method. All the
above methods are designed to generate captions
that effectively discriminate between the preferred
and less preferred images.

We introduce a novel objective function that
allows DCPO to incorporate 2% and z' into its
optimization process. Specifically, during opti-
mization, the policy model pg increases the like-
lihood of the preferred image = conditioned on
the prompt 2%, while simultaneously decreasing
the likelihood of the less preferred image 2! con-
ditioned on the prompt z!. The results in Tables
1 and 2 demonstrate that DCPO consistently out-
performs other methods, with notable improve-
ments of +0.21 in Pickscore, +0.45 in HPSv2.1,
+1.8 in normalized ImageReward, +0.15 in CLIP-
score, and +3% in GenEval. Additionally, DCPO
achieved 58% in general preference and 66% in
visual appeal compared to Diffusion-DPO on the
PartiPrompts dataset, as evaluated by GPT-4o0 (see
Figure 7).

In summary, our contributions are as follows :

Double Caption Generation. We introduce the
Captioning and Perturbation methods to address
the conflict distribution issue, as illustrated in Fig-
ure 3. In the Captioning method, we employ state-
of-the-art models like LLaVA (Liu et al., 2024a)
and Emu?2 (Sun et al., 2024) to generate a caption
z based on the image x and prompt c. Addition-
ally, we use DIPPER (Krishna et al., 2024), a para-
phrase generation model built by fine-tuning the
T5-XXL model to create three levels of perturba-
tion from the prompt c.

Dual Caption Preference Optimization
(DCPO). We propose DCPO, a modified
version of Diffusion-DPO, that leverages the
U-Net encoder embedding space for preference
optimization. This method enhances diffusion
models by aligning them more closely with
human preferences, using two distinct captions
for the preferred and less preferred images during
optimization.

Improved Model Performance. We demon-
strate that our approach significantly outperforms
SD 2.1, SFT, Diffusion-DPO, and MaPO across
metrics such as Pickscore, HPSv2.1, GenEval,
CLIPscore, normalized ImageReward, and GPT-
40 (Achiam et al., 2023) evaluations.
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Figure 3: Conflict distribution in the Pick-a-Picv2
dataset. u! and ;% are the average CLIPscores for pre-
ferred and less preferred images.

2 Related Works

Aligning Diffusion Models. Recent advances
in preference alignment methods of text-to-image
diffusion models have shown that reinforcement
learning-free (RL-free) methods (Yang et al.,
2024; Li et al., 2024; Yuan et al., 2024; Gam-
bashidze et al., 2024; Park et al., 2024) outper-
form RL-based approaches (Fan and Lee, 2023;
Fan et al., 2023; Hao et al., 2023; Lee et al., 2023;
Prabhudesai et al., 2024; Black et al., 2024; Clark
et al., 2024) mainly because they eliminate the
need for an explicit reward model. Diffusion-
DPO (Wallace et al., 2024) directly adopts the
DPO method (Rafailov et al., 2024) into text-to-
image diffusion models, using pairwise preference
datasets as alignment guidance. Diffusion-KTO
(Li et al., 2024) incorporates Kahneman & Tver-
sky model of human utility to align these mod-
els, simplifying the process by using images with
binary feedback signals in terms of likes or dis-
likes, instead of pairwise preference data. For bet-
ter flexibility, Hong et al. (2024) introduce MaPO,
an alignment technique independent of a reference
model previously used by other methods, enabling
greater control over stylistic adaptations. How-
ever, previous alignment methods optimize diffu-
sion models based on a single prompt for a pair
of images, which supports the irrelevant prompts
issue explored in Section 3.1.

Text-to-image Preference Datasets. Text-to-
image image preference datasets commonly in-
volve the text prompt to generate the images, and
two or more images are ranked according to hu-
man preference. HPS (Wu et al., 2023c) and
HPSv2 (Wu et al.,, 2023b) create multiple im-
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Figure 4: Effect of perturbation on semantic distribu-
tions (CLIPScore): (a) shows z* and z' distributions
from LLaVA, while (b-d) depict increasing perturba-
tion levels on z!, amplifying the distribution gap. See
Appendix E for details.

ages using a series of image generation models
for a single prompt, and the images are ranked ac-
cording to real-world human preferences. More-
over, a classifier is trained using the gathered
preference dataset, which can be used as a met-
ric for image-aligning tasks. Also, Pick-a-Pic v2
(Kirstain et al., 2023) follows a similar structure
to create a pairwise preference dataset along with
their CLIP (Radford et al., 2021) based scoring
function, Pickscore. While these datasets are care-
fully created, having only one prompt for both
or all the images introduces conflict distribution,
which will be further discussed in Section 3.1. For
this reason, we modified the Pick-a-Pic v2 dataset
using recaptioning and perturbation methods to
improve image alignment performance.

3 Method

In this section, we present the conflict distribution
issue in preference datasets, where preferred
and less-preferred images generated from the
same prompt c exhibit significant overlap. We
also explain the irrelevant prompt issue found in
previous direct preference optimization methods.
To address these challenges, we propose Dual
Caption Preference Optimization (DCPO), a
method that uses distinct captions for preferred
and less preferred images to improve diffusion
model alignment.

3.1 The Challenges

Generally, to optimize a Large Language Model
(LLM) using preference algorithms, we need a

dataset D = {c,4",y'}, where y* and ' rep-
resent the preferred and less preferred responses
to a given prompt c. Ideally, the distributions of
these responses should differ significantly. Sim-
ilarly, in diffusion model alignment, the distribu-
tions of preferred and less preferred images should
be distinct for the same prompt c. However, our
analysis shows a substantial overlap between these
distributions, which we call conflict distribution,
as illustrated in Figure 3.

Another issue emerges when direct preference
optimizes a diffusion model. In the reverse denois-
ing process, the U-Net model predicts noise for
both preferred and less preferred images using the
same prompt c. As prompt c is more relevant to the
preferred image, it becomes less effective for pre-
dicting the less preferred one, leading to reduced
performance. We call this the irrelevant prompts
problem.

3.2 DCPO: Dual Caption Preference
Optimization

Motivated by the conflict distribution and ir-
relevant prompts issues, we propose DCPO, a
new preference optimization method that opti-
mizes diffusion models using two distinct cap-
tions. DCPO is a refined version of Diffusion-
DPO designed to address these challenges. More
details are in Appendix B. !

We start with a fixed dataset D = {c,z¥, 2} },
where each entry contains a prompt ¢ and a pair
of images generated by a reference model p;.y.
The human labels indicate a preference, with
preferred over z,. We assume the existence of
a model Ry(z|c,x), which generates a caption
z given a prompt ¢ and an image x. Using
this model, we transform the dataset into D’ =
{2w, 2l 2%, 2}, where 2% and 2! are captions for
the preferred image x(y’ and the less-preferred im-
age xf), respectively. Our goal is to train a new
model pg, aligned with human preferences, to gen-
erate outputs that are more desirable than those
produced by the reference model.

The objective of RLHF is to maximize the re-
ward r(c,xg) for the reverse process py(zo.7|2),
while maintaining alignment with the original ref-
erence reverse process distribution. Building on
prior work (Wallace et al., 2024), the DCPO ob-
jective is defined by direct optimization through
the conditional distribution py(xo.7|z) as follows:

"For additional background about diffusion and prefer-
ence optimization, refer to Appendix A.
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where log[-] is the sigmoid function.

However, as noted in Diffusion-DPO (Wal-
lace et al., 2024), the sampling process zi.7 ~
p(x1.7|x0) is inefficient and intractable. To over-
come this, we follow a similar approach by ap-
plying Jensen’s inequality and utilizing the con-
vexity of the —log(-) function to bring the ex-
pectation outside. By approximating the reverse
process pg(x1.7|xo, z) with the forward process
q(x1.7|x0), and through algebraic manipulation
and simplification, the DCPO loss can be ex-
pressed as:
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where z7 = aux§ + o€, and € ~ N(0,1) is a
sample drawn from q(z}|z). A\ = af/o? rep-
resents the signal-to-noise ratio, and w(\;) is a
weighting function.

To optimize a diffusion model using DCPO, a
dataset D = {2%, 2!, 2%, x}} is required, where
captions are paired with the images. However, the
current preference dataset only contains prompts ¢
and image pairs without captions. To address this,
we propose three methods for generating captions
z and introduce a new high-quality dataset, Pick-
Double Caption, which provides specific captions
for each image, based on Pick-a-Pic v2 (Kirstain
et al., 2023).

3.2.1 DCPO-c: Captioning Method

In this method, the captioning model Q4(z|c, )
generates the caption z based on the image x
and the original prompt c. As a result, we ob-
tain a preferred caption 2" ~ Q4(2"|c, z") for
the preferred image and a less preferred caption
2t ~ Qu(Z!c, 2!) for the less preferred image, as
illustrated in a sample in Figure 2. Thus, based on
the generated captions 2% and 2!, we can optimize
a diffusion model using the DCPO method.

In the experiment section, we evaluate the per-
formance of DCPO-c and demonstrate that this
method effectively mitigates the conflict distribu-
tion by creating two differentiable distributions.
However, the question of how much divergence is
needed between the two distributions remains. To
investigate this, we propose Hypothesis 1.

Hyphothesis 1. Ler d(z, x) represent the seman-
tic distribution between a caption z and an image
x, with | being the mean of the distribution d, and
Ap = p(d(=y, =) — p(d(zh,x0)) as the dif-
ference between the two distributions. Increasing
Ap between the preferred and less-preferred im-
age distributions in a preference dataset beyond a
threshold t (i.e., Ap > t), can improve the perfor-
mance of the model py.

Our hypothesis suggests that increasing the dis-
tance between the two distributions up to a cer-
tain threshold ¢ can improve alignment perfor-
mance. To examine this, we propose the pertur-
bation method to control the distance between the
two distributions, represented by A .

3.2.2 DCPO-p: Perturbation Method

While using a captioning model is an effective way
to address the conflict distribution, it risks deviat-
ing from the original distribution of prompt ¢, and
the distributions of preferred and less preferred
images may still remain close. To tackle these is-
sues, we propose a perturbation method. In this
approach, we assume that prompt c is highly rel-
evant to the preferred image ' and aim to gen-
erate a less relevant caption, denoted as c,, based
on prompt c. To achieve this, we use the model
W (cp|c), which generates a perturbed version of
prompt ¢, altering its semantic meaning. In this
framework, prompt c corresponds to the preferred
caption z* (¢ = z"), while the perturbed prompt
cp represents the less-preferred caption 2! (cp =
2. For the perturbation model Wy, we utilized
the DIPPER model (Krishna et al., 2024) built by
fine-tuning the T5-XXL (Chung et al., 2022) to
produce a degraded version of the prompt c.

We define three levels of perturbation:
1) Weak: where prompt ¢, has high semantic
similarity to prompt ¢, with minimal differences.
2) Medium: where the semantic difference
between prompt ¢, and ¢ is more pronounced
than in the weak level. 3) Strong: where the
majority of the semantics in prompt c, differ
significantly from prompt c. For further details on



the perturbation method, see Appendix E.

The main advantage of DCPO-p is to reduce the
captioning process cost while staying closer to the
original data distribution by using prompt c as the
preferred caption. However, we observe that the
quality of captions in DCPO-c outperforms that of
the original prompt ¢, as shown in Table 8 in Ap-
pendix D. Based on this observation, we propose
a hybrid method to improve the alignment perfor-
mance by combining captioning and perturbation
techniques.

3.2.3 DCPO-h: Hybrid Method

In this method, instead of perturbing the prompt
¢, we perturb the caption z generated by the model
Q¢(z|x, c) based on the image x and prompt c. As
discussed in Section 3.2.1, the goal of the pertur-
bation method is to increase the distance between
the two distributions. However, the correlation be-
tween the image zg and prompt c significantly im-
pacts alignment performance. Therefore, we pro-
pose Hypothesis 2.

Hypothesis 2. Let S(c,x) represent the corre-
lation score between prompt c and image x, and
P(pg(c1,c2)) denote the performance of model
P optimized on captions c1 and co with DCPO,
where Wy is the perturbation model. If S(z,x) >
S(c,x), then P(pa(2¥,zy) ~ Wy(z)[z"))) >
Plpolc.cp ~ Wo(cplo)).

In Section 4.3, we provide experimental evi-
dence supporting Hypothesis 2 and investigate the
potential of using 2., ~ Wy(z}|2!) as the less-
preferred caption 2!, instead of 2y~ We(zp'|2")
as originally proposed in Hypothesis 2.

4 Experiments

We fine-tuned the U-Net model of Stable Diffu-
sion (SD) 2.1 using DCPO on the Pick-Double
Caption dataset and compared it with SD 2.1 mod-
els fine-tuned with SFT cposen, Diffusion-DPO, and
MaPO on Pick-a-Picv2 in various metrics. We
first describe the Pick-Double Caption dataset and
compare it to Pick-a-Picv2. Subsequently, we pro-
vide an in-depth analysis of the results. Details on
fine-tuning are in Appendix F, and further compar-
isons are in Appendix C.

4.1 Pick-Double Caption Dataset

Motivated by the conflict distribution observed in
previous preference datasets, we applied the cap-
tioning method described in Section 3.2.1 to gen-

Pick Image CLIP
Score (1 HPSV21(1) Reward ™ Score ™
Results from other methods
SD 2.1 20.30 25.17 55.8 26.84
SFTChosen 20.35 25.09 56.4 26.98
Diffusion-DPO 20.36 25.10 56.4 26.98
MaPO 19.41 24.47 50.4 24.82
Results from our methods
DCPO-c (LLaVA) 20.46 25.10 56.5 27.00
DCPO-c (Emu2) 20.46 25.06 56.6 26.97
DCPO-p 20.28 25.42 54.2 26.98
DCPO-h (LLaVA) 20.57 25.62 58.2 27.13

Table 1: Results on PickScore, HSPv2.1, ImageReward
(normalized), and CLIPScore.

erate unique captions for each image in the Pick-
a-Pic v2 dataset. For the Pick-Double Caption
dataset, we sampled 20,000 instances from Pick-
a-Pic v2 and cleaned the samples as detailed in
Appendix D. We then employed two state-of-the-
art captioning models, LLaVa-1.6-34B and Emu2-
37B, to generate captions for both the preferred
and less preferred images, as shown in Figure 2.

To generate the captions, we used two differ-
ent prompting strategies: 1) Conditional prompt:
where the model was explicitly instructed to gen-
erate a caption for image x based on the given
prompt ¢, and 2) Non-conditional prompt: where
the model provided a general description of the
image in one sentence without referring to a spe-
cific prompt. More details are in Appendix D.

We evaluated the captions generated by LLaVA
and Emu2 using CLIPscore, which revealed sev-
eral key insights. LLaVA produced captions
that have more correlation with the images for
both preferred and less preferred samples com-
pared to Emu2 and the original captions, although
LLaVA’s captions were significantly longer (see
Table 8 in Appendix D). Models fine-tuned on
captions from the conditional prompt strategy out-
performed those using the non-conditional ap-
proach, though the conditional prompt captions
were twice as long. Interestingly, despite Emu2
generating much shorter captions, the models fine-
tuned on Emu2 were comparable to those fine-
tuned on the original prompts from Pick-a-Pic v2.

A key challenge is generating captions for the
less preferred images using the captioning method.
We observed that in both prompting strategies,
the captions for the preferred images are more
aligned with the original prompt c distribution.
However, the non-conditional prompt strategy of-

2Note that we rerun all the models on the same seeds to
have a fair comparison.
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Figure 5: Performances in CLIPScore by four variants of DCPO-c and DCPO-h on different perturbation levels
Ap. All the regression lines show that the performances peak when Ay is around a threshold ¢ (orange boundary).

ten produces captions for less preferred images
that are out-of-distribution (OOD) from the orig-
inal prompt c in most cases. We will explore this
further in Section 4.3.

Finally, we observe that the key advantage of
the Pick-Double Caption dataset is the greater dif-
ference in CLIPscore (Apu) between preferred and
less preferred images compared to the original
prompts. Specifically, while the original prompt
has a Ay of 1.3, LLaVA shows a much larger dif-
ference at 4.3, and Emu2 at 2.8. This increased
gap reflects improved alignment performance in
models fine-tuned on this dataset, indicating that
the captioning method mitigates the conflict dis-
tribution.

4.2 Performance Comparisons

We evaluated all methods on 2,500 unique
prompts from the Pick-a-Picv2 (Kirstain et al.,
2023) dataset, measuring performance using
Pickscore (Kirstain et al., 2023), CLIPscore (Hes-
sel et al., 2022), and Normalized ImageReward
(Xu et al., 2023). Additionally, we generated
images from 3,200 prompts in the HPSv2 (Wu
et al., 2023b) benchmark and evaluated them us-
ing the HPSv2.1 model. To provide a comprehen-
sive evaluation, we also compared the methods us-
ing GenEval (Ghosh et al., 2023), focusing on how
well the fine-tuned models generated images with
the correct number of objects, accurate colors, and
proper object positioning.

We compared different versions of DCPO, in-
cluding the captioning (DCPO-c), perturbation
(DCPO-p), and hybrid (DCPO-h) methods, with
other approaches, as outlined in Section 3.2. For
more information on the fine-tuning process of the
models, refer to Appendix F.

The results in Tables 1 and 2 show that DCPO-
h significantly outperforms the best scores from
other methods, with improvements of +0.21 in
Pickscore, +0.45 in HPSv2.1, +1.8 in ImageRe-

ward, +0.15 in CLIPscore, and +3% in GenEval.
Additionally, the results demonstrate that DCPO-
¢ outperforms all other methods on GenEval,
Pickscore, and CLIPscore. While DCPO-p per-
forms slightly worse than DCPO-c, it still ex-
ceeds SD 2.1, SFT, Diffusion-DPO, and MaPO
on GenEval. However, its scores on ImageRe-
ward and Pickscore suggest that it underperforms
compared to the other approaches. Importantly,
DCPO-p shows significant improvement over the
other methods on HPSv2.1, highlighting the effec-
tiveness of the perturbation method.

Single Two
object objects

Method Overall Counting  Colors  Position  Attribute
binding

Results from other methods

2 04775 0.96 052 035 0.80 0.09 0.15
SFTChosen 04797 1.00 042 042 0381 0.07 0.14
Diffusion-DPO 04857 099 048 046 083 004 0.1
MaPO 0.4106 098 040 028 066 0.06 0.09

Results from our methods

DCPO-c (LLaVA) 04971 1.00 043 0.53 0.85 0.02 0.14
DCPO-c (Emu2) 0.4925 1.00 0.41 0.50 0.85 0.04 0.15
DCPO-p 0.4906 1.00 0.41 0.50 0.83 0.03 0.17
DCPO-h (LLaVA)  0.5100 0.99 0.51 0.54 0.84 0.05 0.14

Table 2: Results on the GenEval Benchmark.

4.3 Ablation Studies and Analysis

Support of Hypothesis 1. As described in Sec-
tion 3.2.2, we defined three levels of perturbation:
weak, medium, and strong. In Hypothesis 1, we
proposed that increasing the distance between the
distributions of preferred and less preferred im-
ages Ap improves model alignment performance.
To explore this, we fine-tuned SD 2.1 using the
DCPO-h method with three levels of perturbation
applied to the less preferred captions z! generated
by LLaVA. The results in Figure 5 show that in-
creasing the distance Ay between the two distri-
butions enhances performance. However, this dis-
tance must be controlled and kept below a thresh-
old ¢, a hyperparameter that may vary depending
on the task. These findings support our hypothesis.

Support of Hypothesis 2. To illustrate the im-
pact of the correlation between the prompt ¢ and
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Figure 6: Comparisons of DCPO-h’s performances over In-distribution vs. out-of-distribution data.

image x on the perturbation method, we perturbed
both the original prompt ¢ and the less preferred
caption 2, generated by the model )4, where
2V~ Wy(2"|Qe(2"[2", c)). At the same time,
we kept the caption generated by (), for the
preferred image as the preferred caption, z* ~
Q(z"|xz",c). In this case, we assume @y =
LLaVA and Wy = DIPPER. The results in Ta-
ble 8 in Appendix D show that the caption = gen-
erated by LLaVA is more correlated with the im-
age x than the original prompt ¢, indicating that
S(z,x) > S(c, z). Based on the results in Table 3
in Appendix C, we conclude that perturbing more
correlated captions leads to better performance.

In- vs. Out-of Distribution. We evaluated
DCPO on in-distribution and out-of-distribution
(OOD) data. As discussed in Section 4.1, the cap-
tioning model can generate OOD captions. To
explore this, we fine-tuned SD 2.1 with DCPO-
h using LLaVA and Emu2 captions at a medium
perturbation level. Figure 6 Left shows that in-
distribution data significantly improve alignment
performance, while OOD results for LLaVA in
GenEval, Pickscore, and CLIPscore are compara-
ble to Diffusion-DPO. Similar behavior was ob-
served for DCPO-c, as noted in Appendix F.

Effectiveness of the DCPO. Our analysis shows
that LLaVA captions are twice the length of the
original prompt c, raising the question of whether
DCPO’s improvement is due to data quality or the
optimization method. To explore this, we fine-
tuned SD 2.1 with Diffusion-DPO using LLaVA
and Emu2 captions instead of the original prompt.
The results in Table 4 in Appendix C show that
models fine-tuned on LLaVA captions outperform
Diffusion-DPO with the original prompt. How-
ever, DCPO-h still surpasses the new Diffusion-
DPO models, demonstrating the effectiveness of
the proposed optimization algorithm.

DCPO-h vs Diffusion-DPO on GPT-40 Judg-
ment. We evaluated DCPO-h and Diffusion-
DPO using GPT-40 on the PartiPrompts bench-
mark, consisting of 1,632 prompts. GPT-40 as-

[0 WinRate [ Loss Rate

0% 20% 40% 60% 80% 100%
% GPT-40 Votes

Diffusion-DPO

Diffusion-DPO

DCPO-h (ours)

Diffusion-DPO DCPO-h (ours)

"A raccoon wearing formal clothes, wearing a “A mixed media image with a photograph of a
tophat and holding a cane. The raccoon is holding  woman with long orange hair over a background
a garbage bag. Ol painting in the style of pixel art.’ that is a sketch of a city skyline."

Figure 7: (Top) PartiPrompts benchmark results for
three GPT-40-voted questions. (Bottom) Qualitative
comparison of DCPO-h and Diffusion-DPO.

sessed images based on three criteria: Q1) Gen-
eral Preference (Which image do you prefer given
the prompt?), Q2) Visual Appeal (Which image is
more visually appealing?), and Q3) Prompt Align-
ment (Which image better fits the text descrip-
tion?). As shown in Figure 7, DCPO-h outper-
formed Diffusion-DPO in Q1 and Q2, with win
rates of 58% and 66%. Refer to Appendix G for
details on the prompt style and the analysis of po-
sition bias in GPT-40 judgments.

5 Conclusion

In this paper, we present a novel preference opti-
mization method for aligning text-to-image diffu-
sion models called Dual Caption Preference Opti-
mization (DCPO). We tackle two major challenges
in previous preference datasets and optimization
algorithms: the conflict distribution and irrelevant
prompt. To overcome these issues, we introduce
the Pick-Double Caption dataset, a modified ver-
sion of the Pick-a-Pic v2 dataset. We also identify
difficulties in generating captions, particularly the
risk of out-of-distribution captions for images, and
propose three approaches: 1) captioning (DCPO-
¢), 2) perturbation (DCPO-p), and 3) a hybrid
method (DCPO-h). Our results show that DCPO-
h significantly enhances alignment performance,
outperforming methods like MaPO and Diffusion-
DPO across multiple metrics.



Limitation

While DCPO achieves strong performance on var-
ious benchmarking metrics, its captioning and per-
turbation processes require considerable computa-
tional resources. We encourage future research to
explore more efficient and cost-effective alterna-
tives to further enhance its practicality. The pre-
liminary results in Section C indicate that DCPO
outperforms Diffusion-DPO across different back-
bones, such as Stable Diffusion XL (SDXL)
(Podell et al., 2023). However, further investi-
gation into its performance with emerging state-
of-the-art models remains essential. Additionally,
exploring DCPO’s applications in safety-related
tasks could be a valuable direction for future work.
We believe our research will contribute signifi-
cantly to the alignment community and inspire fur-
ther advancements in this field.

Ethical Considerations

The authors state that this work is in accordance
with the ACL Code of Ethics and does not raise
ethical issues. Al assistants, specifically Gram-
marly and ChatGPT, were utilized to correct gram-
matical errors and restructure sentences.
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A Preliminary

A.1 Diffusion Models

Based on samples from a data distribution g(x¢), a noise scheduling function «; and o (Rombach et al.,
2022) denoising diffusion models (Song et al., 2020b) are generative models pg(z¢) that operate through
a discrete-time reverse process structured as a Markov Decision Proces where

2

O
po(ia o) = N(we; po (@), o3y 1~ 5 ). 3)
t

The training process involves minimizing the evidence lower bound (ELBO) associated with this
model (Song et al., 2021):

Loa = Bagetm[w(M)]|e — o, ) [3] @

where € ~ N(0,1),t ~ U(0,T), v q(z¢|z0) = N (245 0, 021). Ny = 2 /o? is a signal-to-noise
ratio (Kingma et al., 2021), w(\;) is a predefined weighting function (Song and Ermon, 2019).

A.2 Preference Optimization

Aligning a generative model typically involves fine-tuning it to produce outputs that are more aligned
with human preferences. Estimating the reward model r based on human preference is generally chal-
lenging, as we do not have direct access to the reward model. However, if we assume the availability
of ranked data generated under a given condition ¢, where zy > xé\c (with zy’ representing the pre-
ferred sample and 336 the less-preferred sample), we can apply the Bradley-Terry theory to model these
preferences. The Bradley-Terry (BT) model expresses human preferences as follows:

per(af = aple) = o(r(c,zf) — (e 2p)) (5)

where o(+) is the sigmoid function, and r(x, c) is derived from a neural network parameterized by ¢.
Subsequently, ¢ is estimated by maximum likelihood training for binary classification as follows:

Lpr (d)) = _]Ec,a:g’ b log o(rg(c,ad)—re(c,zh))] (6)

where prompt c and data pair (z{’, 336) are sourced from a human-annotated dataset.

This approach to reward modeling has gained popularity in aligning large language models, partic-
ularly when combined with reinforcement learning (RL) techniques like proximal policy optimization
(PPO) (Schulman et al., 2017) to fine-tune the model based on rewards learned from human prefer-
ences, known as Reinforcement Learning from Human Feedback (RLHF) (Ouyang et al., 2022). The
goal of RLHF is to optimize the conditional distribution p(zo|c) (where ¢ ~ D,) such that the reward
model r(c, zg) is maximized, while keeping the policy model within the desired distribution using a
KL-divergence term to ensure it remains reachable under the following objective:

H}SX ECNDC,x()Npg(iEOlC) [T(C, 550)] — DKL [pg(xo‘c)‘ |pref($0|c)] (7

where /3 controls how far the policy model py can deviate from the reference model p,. .
It can be demonstrated that the objective in Equation 7 converges to the following policy model:

Py(olc) = pret(wolc) exp(r(c, z0)/B)/Z(c) ®
where Z is the partition function.
The training objective for py, inspired by DPO, has been derived to be equivalent to Equation 8 without
the need for an explicit reward model r(z, ¢). Instead, RLHF learns directly from the preference data
(c,z¥,zb) ~ D:

po(alc) Po(glc)
Lowo(8) = —E, 1y 1 [log o (Blog PLT0I. _ 5169 DAL ’
DPO( ) (S 71’6[ OgU<I3 8 pref(xzﬂc) B o8 pref(x6|c)>] ®



where o (+) is the sigmoid function.
Through this re-parameterization, instead of optimizing the reward function r before applying rein-
forcement learning, the RLHF method directly optimizes the conditional distribution pg(xg|c).

B Formal Proofs Regarding DCPO

B.1 Optimizing the DCPO Loss is Optimizing the DPO Loss

Inspired by Bansal et al. (2024), we can intuitively assume that the DCPO objective is to learn an aligned
model py by weighting the joint probability of preferred images py(z(, 2*) over less preferred images
po(xh), 2'). We set the optimization objective of DCPO is to minimize the following:

Locpo(0) = ~Ep o 2t z0)pr 108 (B py @t [0t o).t g ~po(al ph2))
log po(zgr, 2") Po (g7, %) ) (10)
pref(xaT’ Zw) pref(xé;T‘Zl)

Here, we highlight that reducing Lpcpo(6) is equivalently reducing Lppo(#) when the captions are the
same for the preferred and less preferred images.

Lemma 1. Under the case where Dyepne = {2§, c, xé, c}, that is, the image captions are identical
for the given pair of preferred and less preferred images (z¥, x}), we have Lppo(0; Dppo; B; Pref) =
Lpcpo(0; Daefine; B; Pref), in which Dppo = {c, zy, z}}.

Proof of Lemma 1.

Lpcpo(0; D', B, pref) = E(ow l 20 )~

r w LW I
o (o (8108 22 oy~ svon 120 ) )
L pref(xo ) Zw) pref(x(]a z ) (1 1)
= E(zg’,xé,zw,zl)ND’
r w| W w I l
log <G (5105; Pe(l‘?u|z )po(2") Blog Pe(x?\zl)pe(z)l ))}
L pref(xo |Zw)pref(zw) pref(xo‘z )pref(z )

2W=zl=c

£DCPO(G; Decfine, B, pref) = E($0w70,$6,C)NDdeﬁne
w l
[log <U (po(c) <510g pe(%wIC) _ Blog po(wolIC) >>>}
Pref(C) Pret (2| ) Pref(@g)c)
()
i@ C g (12)
- (z¥ x4 ,c)~Dppo
w l
[log (U (C Blog 2201 _ Blogm@ol\@m
pref(x[) |C) pref(.’L'0|C)
= Lppo(8; Dpro, B, Prer)
In Equation 12, C' is a constant value that equates to %. The proof above follows the Bayes rule by

substituting ¢ according to 2% = 2! = c.

B.2 Analyses of DCPQ’s Effectiveness

In this section, we present the formal proofs of why our DCPO leads to a more optimized L(6) of a
Diffusion-based model and, consequently, better performance in preference alignment tasks.



Proof 1. Increasing the difference between Apreferrea and Ajegs-preferred improves the optimization of
L(6).

For better clarity, the loss function L(#) can be written as:
L() = —E [log o ( — BTw(N) - M)]

where o(x) is the sigmoid function that squashes its input z into the output range (0,1), and
M = Apreferred — Aless-preferred- 1.€., the margin between the respective importance of the preferred and
less preferred predictions.

Characteristically, the gradient of o(x) is at its maximum near x = 0 and decreases as |z| in-
creases. A larger margin in terms of M makes it easier for the optimization to drive the sigmoid function
towards its asymptotes, reducing loss.

e When M is small (|M| ~ 0): The sigmoid o(—fTw(\¢) - M) is near 0.5 (its midpoint). Also,
the gradient of log () is the largest near this point, meaning the model struggles to differentiate
between preferred and less preferred predictions effectively.

* When M is large (|M| > 0): The sigmoid o(—BTw()\¢) - M) moves closer to 0 or 1, depending
on the sign of M. For a well-aligned model, if the preferred predictions are correct, M > 0 and
o(=BTw(A\) - M) approach 1, thus minimizing the loss.

Intuitively, an ideally large M represents a clear distinction between the preferred image-caption versus
the less preferred image-caption. Thus, by maximizing M, we may push the loss L(6) towards its
minimum, leading to better soft-margin optimization.

Proof 2. Replacing caption c with the specifically generated caption 2* for the less-preferred image xf)
decreases Alem-preferred-

To analyze how replacing ¢ with z!, where ¢ C z! and z' ~ Q(2Z!|2!,¢), for the less-preferred
image xf] improves the optimization, we delve into how the loss function is affected by this substitution.
The term relevant to the less-preferred image x! in the loss is:

Aless-preferred = Hel - GH(Xfﬁa t, C)H% - Hel - eref(Xfﬁa t, C)HS

Replacing ¢ with z' modifies the predicted noise term €y(x.,t,c) to €y(x},t,2'). Since z' better
represents xi, we have:

le" — ep(xt, t,2)[13 < [le" — e (x1,t,0) 3 (13)

When ||€! — ep(x}, ¢, 2!) |2 becomes smaller, the term Alegs-preferred decreases. This leads to Apreferred —
Aless-preferred becoming larger, which improves the soft-margin optimization in the loss function L(6) that
we have shown in Proof 1.

We further elaborate on why Equation 13 is true. In the context of mean squared error (MSE) mini-
mization, the optimal predictor of €’ given some information is the conditional expectation:

» When conditioned on (x!,, c):

ej(xl,t.c) = E [ | xi,t,¢]

» When conditioned on (x!, ¢, 2!):
e (x,t,2)) =E [el ] xi,t,zl}

3



The total variance of € can be decomposed as by the Law of Total Variance (conditional variance for-
mula) (Ross, 2014):

Var (el) =E [Var <el | x, ¢, c)} + Var (E [el | xi,t,c})

Similarly, when conditioning on 2':

Var (d) =K [Var (el | x ¢, zlﬂ + Var (E [el | b, t, ZZD

Since ¢ C 2!, the information provided by 2! is richer than that of c. In probability theory, conditioning
on more information does not increase the conditional variance:

Var <el | Xi,t,zl) < Var (el | xé,t, c) (14)

This inequality holds because conditioning on additional information (') can only reduce or leave un-
changed the uncertainty (variance) about €.
The expected squared error when using the optimal predictor is equal to the conditional variance:

E [Hel —e5(xL,t, c)Hj =E [Var <el ] xi,t,c)}

Similarly,

2
E [Hel — e (x4t zl)‘u =E [Var <el | xi,t,zlﬂ
From 14, we have:

Var (el | Xé,t,zl) < Var (el | Xi,t,c>

Taking expectations on both sides:

E [Var (el | x,t, Zl) <E Var (el \ xi,t,c)-

Therefore,

o l—*ltl2-<E-’—*lt 2
€ —€p(xy,t,2) ) € — €y(xy,t,c) ,

Assuming that the neural network €y is capable of approximating the optimal predictor €, especially
as training progresses and the model capacity is sufficient, we can write:
2 2
! ! ! ! ! l
N R e

Similarly for ¢

l l 2 l Ly 2
He — €g(xy, t, C)H2 ~ He - ee(xt,t,c)Hz.

Therefore, the expected squared error satisfies:

! I NI l ! 2
E He —eg(xt,t,z)H2 <E He —EQ(Xt,t,C)H2
Since the term of Ajegs-preferred in the loss function involves the difference of squared errors, using 2!

instead of c for the less preferred sample results in a lower error term:

2

1 2
= ¢~ . - [¢eatet

less-preferred =

4



Comparing with the original:

A© _ |l Lol Z e Ly ol
less-preferred — —Eg(Xt, 76) 9 —||€ _Gref(xtv ,C) 9

Assuming the reference model €,f remains the same or also benefits similarly from the additional
information in 2!, the net effect is that the first term decreases more than the second term, leading to a
reduced Aless-preferred~

Proof 3 Replacing caption c with the specifically generated caption 2" for the preferred image X§
increases Apreferred-

To prove that replacing ¢ with z ~ Q(z"|z",c), where ¢ C z", for x{{ also contributes to a
better optimized loss L(6), we examine how this particular substitution affects the loss function.
We let

Ro(c) = [le" — ep(x{", 1, 0)]3,

Riet(c) = [[€" — €rer(xy’, 1, C)||%

The rate of decrease in Ry due to z* is proportional to the model’s ability to exploit the additional
conditioning. Since €y is learnable, it can more effectively leverage z" than €, yielding:

ARy = Rg(c) — Rg(Zw) > AR = Rref(C) — Rref(zw>.

We further elaborate on why the learnable model’s noise prediction residual (Rg) decreases faster
than the reference model’s residual (R.¢) when c is replaced by z". The residuals for the learnable and
reference models are defined as:

Ry(c) = ||€” — ep(x’, t, 0)|[3,
Riet(c) = [|€" — €ret(x}’, 1, C)||%

When c is replaced with z* (where ¢ C z"), the residuals become:

Ry(z") = ||€” — es(x}’,t,2") |3,
Rref(zw) = Hew - €ref(X3fU>ta Zw)H%
The rate of decrease for each residual is defined as:
ARy = Ry(c) — Ry(z"),

ARyt = Rref(c) - Rref(zw)-

The quality of conditioning, Q(c), represents how well the conditioning c aligns with the true noise €".
We assume that

Q(z") > Q(c),

where the improvement in conditioning quality A(Q) is defined as
AQ = Q(z") — Q(c).
The residual for Ry is proportional to the misalignment between ()(c) and €":

1

Ry(c) x Q)




Replacing c with z% (higher () results in a larger proportional reduction:

Ry(z") x with ARy ox AQ.

1
Q(z")
The reference model’s residual R.s depends weakly on Q(c), as it is fixed or less adaptable:

1
Qref(c) ’

Rief(c)

where Qref(c) is less sensitive to changes in c.
Thus, the proportional improvement in Ry due to AQ is significantly larger than for Rys.
The preferred difference term is:

Apreferred = Ry — R

As Ry decreases significantly more than Ry.f, the gap 29 — Rt becomes larger, increasing Apreferred:
ARy > ARt => Apreferred increases.

The learnable model €y benefits more from the improved conditioning z* because of its adaptability
and training dynamics. This results in a larger reduction in %y compared to R..r. Mathematically, the
relative rate of decrease:

ARy
Relative Rate =
A]%ref
which ensures that Apreferrea also increases, hence improving the optimization process in L(6) and
helping the model distinguish predictions on preferred and less preferred image-captions more effec-
tively.

> 1,

C Additional Experiments and Analyses on DCPO

A preference alignment dataset, such as Pick-a-Pic (Kirstain et al., 2023), is defined as D = {¢, 2", wl},
where 2% and 2! represent the preferred and less preferred images for the prompt c. Diffusion-KTO
(Li et al., 2024) hypothesizes the optimization of a diffusion model using only a single preference label
based on whether an image z is suitable or not for a given prompt c. Diffusion-KTO uses a differently
formatted input dataset D = {¢, z}, where x is a generated image corresponding to the prompt c.

Diffusion-KTO’s hypothesis is fundamentally different from our DCPO’s. While Diffusion-KTO
focuses on binary preferences (like/dislike) for individual image-prompt pairs, our approach involves
paired preferences. We observe that using the same prompt c for both preferred and less preferred im-
ages may not be ideal. To address this, we propose optimizing a diffusion model using a dataset in terms
of D = {z%, 2!, 2™, 2!}, where 2 and 2! are the captions generated by a static captioning model Qg for
the preferred and less preferred images, respectively, referring to the original prompt.

Method \ Pair Caption Perturbed Level Pickscore (1) HPSv2.1 (1) ImageReward (7) CLIPscore (1) GenEval (1)

DCPO-p (c,cp) weak 20.28 25.42 54.20 26.98 0.4906
DCPO-h (2", 2zp) weak 20.55 25.61 57.70 27.07 0.5070
DCPO-h (=", zé,) weak 20.58 25.70 58.10 27.15 0.5060
DCPO-p (¢, cp) medium 20.21 25.34 53.10 26.87 0.4852
DCPO-h (", z) medium 20.59 25.73 58.47 27.12 0.5008
DCPO-h (=", zﬁl) medium 20.57 25.62 58.20 27.13 0.5100
DCPO-p (c,cp) strong 20.31 25.06 54.60 27.03 0.4868
DCPO-h (2", z) strong 20.57 25.27 57.43 27.18 0.5110
DCPO-h (G zé,) strong 20.58 25.43 57.90 27.21 0.4993

Table 3: Performance comparison of DCPO-h and DCPO-p across different perturbation levels. The perturbation
method has a strong impact on captions that are more closely correlated with images.



Method ‘ Input Prompt ‘ Token Length (Avg) ‘ Pickscore (1) HPSv2.1 (1) ImageReward () CLIPscore (1) GenEval (1)

Diffusion-DPO prompt ¢ 15.95 20.36 25.10 56.4 26.98 0.4857
Diffusion-DPO caption 2% (LLaVA) 32.32 20.40 25.19 56.6 27.10 0.4958
Diffusion-DPO caption 2" (Emu2) 7.75 20.36 25.08 56.3 26.98 0.4960
DCPO-h (LLaVA) Pair (z“",zzl]) (32.32,31.17) 20.57 25.62 58.2 27.13 0.5100
DCPO-h (LLaVA) Pair (2*,2) (32.32,27.01) 20.57 25.27 574 27.18 0.5110

Table 4: Performance comparison of DCPO and Diffusion-DPO fine-tuned on the Pick-Double Caption dataset.
While larger captions improve the performance of Diffusion-DPO, DCPO-h still significantly outperforms
Diffusion-DPO.

Method \ GenEval (1) Pickscore (1) HPSv2.1(7) ImageReward (1) CLIPscore (1)
Diffusion-KTO 0.5008 20.41 24.80 55.5 26.95
DCPO-h 0.5100 20.57 25.62 58.2 27.13

Table 5: Comparison of DCPO-h and Diffusion-KTO across various benchmarks.

We nonetheless conduct comparisons between Diffusion-KTO and DCPO on various preference align-
ment benchmarks. The results in Table 5 show that our DCPO-h consistently outperforms Diffusion-KTO
on all benchmarks, demonstrating the effectiveness of our DCPO method.

To further demonstrate DCPO’s versatility, we fine-tune Stable Diffusion 2.1 using Diffusion-DPO and
DCPO on another high-quality preference dataset Rapidata (Christodoulou and Kuhlmann-Jgrgensen,
2024). Table 6 shows that our DCPO variants consistently outperform the Diffusion-DPO baseline on
multiple benchmarking metrics, including GenEval, Pickscore, HPSv2.1, ImageReward, and CLIPscore.

Method (SD2.1) Geneval Pickscore HPSv2.1 ImageReward CLIPscore

Diffusion-DPO 0.4813 20.34 25.10 554 26.84
DCPO-c 0.4867 20.44 2543 55.7 26.86
DCPO-h 0.4978 20.42 25.10 55.6 26.91

Table 6: DCPO performances using SD2.1 on Rapidata (Christodoulou and Kuhlmann-Jgrgensen, 2024).

We also perform additional experiments to evaluate the performance of DCPO using Stable Diffusion
XL (SDXL) (Podell et al., 2023), a different backbone model for T2I. Due to the larger parameter size
of SDXL, we conduct LoRA fine-tuning with minimal hyperparameter search. The results in Table 7
show that DCPO outperforms Diffusion-DPO on key metrics such as Pickscore, Geneval, HPSv2, and
CLIPscore, while achieving comparable performance on ImageReward. We hope that our results would
encourage other researchers to further explore DCPQO’s effectiveness on different datasets in future, gain-
ing more valuable insights into its broader applicability and robustness.

D Pick-Double Caption Dataset

In this section, we provide details about the Pick-Double Caption dataset. As discussed in Section 4.1,
we sampled 20,000 instances from the Pick-a-Pic v2 dataset and excluded those with equal preference
scores. We plot the distribution of the original prompts, as shown in Figure 8.

We observed that some prompts contained only one or two words, while others were excessively
long. To ensure a fair comparison, we removed prompts that were too short or too long, leaving us with
approximately 17,000 instances. We then generated captions using two state-of-the-art models, LLaVA-
1.6-34B, and Emu2-32B. The construction of the Pick-Double Caption dataset is illustrated in Figure 9,
which provides several examples.

We acknowledge that while captioning and perturbation introduce additional computational costs,
these are one-time expenses incurred only during pre-processing and do not affect training or evaluation
time. We introduce three variants of DCPO—c, p, and h—each with different processing requirements.
For instance, DCPO-c and DCPO-h involve captioning, whereas DCPO-p is more computationally effi-
cient as it only perturbs a less preferred caption. Furthermore, captioning 20,000 images using LLaVA



Method (SDXL) Geneval (Overall) Pickscore HPSv2.1 ImageReward CLIPscore

Diffusion-DPO 0.5645 21.77 28.64 712 28.61
DCPO-c 0.5758 21.87 28.65 71.2 28.63
DCPO-h-weak 0.5704 21.87 28.64 71.2 28.62
DCPO-h-medium 0.5700 21.86 28.64 71.2 28.63
DCPO-h-strong 0.5696 21.86 28.64 71.2 28.62

Table 7: DCPO performances of using Stable Diffusion XL (SDXL) (Podell et al., 2023) as the backbone model.

Occurence

100 150 200 250 300 350 400
Length of Prompt in Pick-a-Pic v2

Figure 8: The distribution of token lengths in the original prompts.

Prompt ¢ \ Prompt ¢ \ Prompt ¢ \
P . ' "Gla . . . , ' Anime, Pretty Woman in Blue Dress, Sunset Horizon,
4

'
Soon" written in smoke morous dressing room with large mirror Focused, anime style illustration by Makoto Shinkai. '

—

Preferred Image Less Preferred Image

Less Preferred Image

Preferred Image

Less Preferred Image

Caption LLaVA Caption LLaVA Caption LLaVA Caption LLaVA Caption LLaVA Caption LLaVA
The image shows a large, glowing, : A luxurious and well- An animated character with A young woman in a blue
" A man holding a baseball A modern bathroom
three-dimensional sign spelling out P P . L
the word "SOON" with a dark, bat stands in front of a with a large mirror and org_amzed men's wardrobe red ha_lr and a blue dress, dress sitting on grass,
billowing smoke cloud behind it, set " "o . with a central island and standing against a sunset looking out at a sunset over
against a twilight sky. large, fiery "soon" sign. vanity. hanging suits. sky. a body of water.
Caption Emu2 Caption Emu2 Caption Emu2 Caption Emu2 Caption Emu2 Caption Emu2
The word soon is A man standing in A dressing room with A glamorous wardrobe An anime girl in a blue A woman sitting on the
\written in flames. front of the word soon. Wiﬂks and mirrors.  with a large mirror. @S standing on the  grass looking at the
beach. sunset.

Figure 9: Examples of Pick-Double Caption dataset.

requires less than 12 hours on a single A100:80G GPU, and this process can be significantly accelerated
using multiple GPUs.

As explained in Section 4.1, we utilized two types of prompts to generate captions: 1) Conditional
prompt and 2) Non-conditional prompt. Below, we outline the specific prompts used for each captioning
method.

Example of Conditional Prompt

Using one sentence, describe the image based on the following prompt: playing chess tournament
on the moon.

Example of Non-Conditional Prompt

Using one sentence, describe the image.

Table 8 presents a statistical analysis of the Pick-Double Caption dataset. With the non-conditional
prompt method, we found that the average token length of captions generated by LLaVA is similar to that
of the original prompts. However, captions generated by LLaVA using conditional prompts are twice as
long as the original prompts. Additionally, Emu2 generated captions that, on average, are half the length
of the original prompts for both methods.



Text Token Len. Token Len. CLIP CLIP

(Avg-in) (Avg-out) score (in) score (out)
prompt ¢ 15.95 15.95 (26.74,25.41) (26.74,25.41)
caption 2z (LLaVA) 32.32 17.69 30.85 29.04
caption z' (LLaVA) 32.83 17.91 26.48 28.29
caption z* (Emu2) 7.75 8.40 25.44 25.18
caption 2! (Emu2) 7.84 8.44 22.64 24.88

Table 8: Statistical information on the Pick-Double Caption dataset, including the CLIPscore of in-distribution data
and average token count of captions generated by LLaVA and Emu?2 for both in-distribution and out-of-distribution
data.

| Weak Medium Strong
Prompt c,, | Cryptocrystalline quartz, melted gemstones,  Painting of cryptocrystalline quartz. Melted Cryptocrystalline quartz with melted stones, in
telepathic Al style. gems. Sacred geometry. telepathic Al style.
Caption z;" A digital artwork featuring a symmetrical, A digital artwork featuring a symmetrical, A kaleidoscope with symmetrical and colourful
(LLaVA) kaleidoscopic pattern with vibrant colors and a kaleidoscopic pattern with contrasting colors  patterns and central starlike motif.
central star-like motif. and a central star-like motif.
Caption z; A vivid circular stained-glass art with a sym-  The image is of a radially symmetrical stained- A colorful, round stained-glass design with a
(LLaVA) metrical star design in its center. glass window. symmetrical star in the center.
Caption z;" Abstract image with glass. An abstract image of colorful stained glass. An abstract picture with glass in many colors.
(Emu2)
Caption zé) An abstract circular design with leaves. A colourful round design with leaves. Brightly colored circular design.
(Emu2)
Original Prompt c: Painting of cryptocrystalline quartz melted g sacred g try pattern telepathic Al style

Table 9: Examples of perturbed prompts and captions after applying different levels of perturbation.

E More Details on Creating Perturbed Captions

We provide the setups for the LLM-based perturbation process involved in the DCPO-p and DCPO-h
pipelines. Similarly to the method of constructing paraphrasing adversarial attacks as synonym-swapping
perturbation by Krishna et al. (2024), we use DIPPER, a text generation model built by fine-tuning T5-
XXL (Chung et al., 2022), to create semantically perturbed captions or prompts, as shown in Table 9.
Our three levels of perturbation are achieved by only altering the setting of lexicon diversity (0 to 100)
in DIPPER - we use 40 for Weak, 60 for Medium, and 80 for Strong. We also use "Text perturbation
for variable text-to-image prompt." to prompt the perturbation. We hereby provide a code snippet to
showcase the whole process to perturb a sample input:

I from transformers import T5Tokenizer, T5ForConditionalGeneration

2> class DipperParaphraser (object) :

3 # As defined in https://huggingface.co/kalpeshk2011l/dipper-paraphraser-xx1l

4

5 prompt = "Text perturbation for variable text-to-image prompt."
6 input_text = "playing chess tournament on the moon."

8 dp = DipperParaphraser ()

10 cap_weak = dp.paraphrase (input_text, lex_diversity=40, prefix=prompt, do_sample=True
, top_p=0.75, top_k=None, max_length=256)

11 cap_medium = dp.paraphrase (input_text, lex_diversity=60, prefix=prompt, do_sample=
True, top_p=0.75, top_k=None, max_length=256)

12 cap_strong = dp.paraphrase (input_text, lex_diversity=80, prefix=prompt, do_sample=
True, top_p=0.75, top_k=None, max_length=256)

F More Details about Training of Diffusion Models

In this section, we provide a detailed explanation of the fine-tuning methods used. We fine-tuned SD 2.1
with the best hyperparameters reported in the original papers for SFTchosen, Diffusion-DPO, and MaPO,



Method \ Pair Caption Perturbed Level Pickscore (1) HPSv2.1 (1) ImageReward (7) CLIPscore (1) GenEval (1)

DCPO-h (2", 2p) weak 20.10 21.23 49.7 26.87 0.5003
DCPO-h (=", zlp) weak 20.32 234 53.8 27.06 0.5070
DCPO-h (2", 2z) medium 20.31 23.08 532 27.01 0.4895
DCPO-h (=", zé,) medium 20.33 23.22 53.8 27.09 0.5009
DCPO-h (2", 2zp) strong 20.31 22.95 53.1 27.11 0.4878
DCPO-h (=", zé,) strong 20.35 23.24 53.63 27.08 0.5050

Table 10: Results of the perturbation method applied to Emu2 captions across different levels.

Method\ 8 \Pickscore (1) HPSv2.1 (1) ImageReward (1) CLIPscore (1) GenEval (1)

DCPO-h | 500 20.43 26.42 58.1 27.02 0.5208
DCPO-h | 1000 20.51 26.12 58.2 27.10 0.4900
DCPO-h | 2500 20.53 25.81 58.0 27.02 0.5036
DCPO-h | 5000 | 20.57 25.62 58.2 27.13 0.5100

Table 11: Results of DCPO-h across different 3.

using 8 A100 80 GB GPUs for all models. To fine-tune SD 2.1 with Diffusion and MaPO methods, we
used a dataset D = {c, 2", 2!} where c, 2, 2! represent the prompt, preferred image, and less preferred
image. To optimize a SD2.1 with SFTchosen We utilized a dataset D = {c, 2"} where ¢, " represent
the prompt, preferred image and image. In this paper, dataset D represents the sampled and cleaned
version of the Pick-a-Pic v2 dataset. Additionally, we clarify the DCPO models DCPO-c, DCPO-p, and
DCPO-h. In this paper, DCPO-c and DCPO-p refer to SD 2.1 models fine-tuned with the DCPO method,
using LLaVA and Emu?2 for captioning and perturbation methods at three distinct levels, respectively.
The main results for DCPO-p in the text are based on weak perturbation applied to the original prompt.
In Table 3, we also report DCPO-p’s performance across other perturbation levels.

For DCPO-h, we applied perturbations to both the preferred and less preferred captions generated
by LLaVA. The reported results for DCPO-h reflect a medium level of perturbation applied to the less
preferred caption. In Table 3, we present the performance of DCPO-h across various perturbation levels,
including perturbations to the preferred captions. Additionally, in Table 10, we show the results for
DCPO-h using captions generated by Emu?2.

The key findings indicate that perturbation on short captions not only fails to improve performance but
also produces worse outcomes compared to DCPO-c (Emu2).

Additionally, we conducted more experiments on in-distribution and out-of-distribution data. For
this, we generated out-of-distribution data using LLaVA and Emu2 in the captioning setup. As shown
in Figure 10, in-distribution data generally outperformed out-of-distribution data. However, the most
significant improvement was observed with the hybrid method, as reported in Figure 6.
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Figure 10: Comparison of DCPO-c performance on in-distribution and out-of-distribution data.

Table 11 presents the performance details for different values of 3, conducted using the medium level
of DCPO-h. The results indicate that while lower values of 3 significantly improve GenEval and HPSv2.1
on average, the optimal value for 3 is 5000. We suggest that this hyperparameter may vary based on the
dataset and task.
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Method | General Preference Visual Appeal Prompt Alignment

DCPO-h 58% 64.5% 56.5%
Diffusion-DPO 42% 35.5% 43.5%

Table 12: Comparison of DCPO and Diffusion-DPO across different positions based on various criteria.

G GPT-40 as Evaluator

To obtain binary preferences from the API evaluator, we follow the approach outlined in the MaPO paper
(Hong et al., 2024). To address positional bias in GPT-40’s evaluations, we alternate the positions of the
images across different criteria on 100 samples (explained in Section 4). The results in Table 12 show
that DCPO consistently achieves better performance than Diffusion-DPO, even when positional bias is
accounted for.

Similarly to Diffusion-DPO, we use three distinct questions to evaluate the images generated by
DCPO-h and other baseline models, all utilizing SD 2.1 as the backbone. These questions are presented
to GPT-4o to identify the preferred image. In the following, we provide details of the prompts used.

GPT-40 Evaluation Prompt for Q1: General Preference

Select the output (a) or (b) that best matches the given prompt. Choose your preferred output,
which can be subjective. Your answer should ONLY contain: Output (a) or Output (b).

## Prompt:
{prompt }

## Output (a):
The first image attached.

## Output (b):
The second image attached.

## Which image do you prefer given the prompt?
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GPT-40 Evaluation Prompt for Q2: Visual Appeal

Select the output (a) or (b) that best matches the given prompt. Choose your preferred output,
which can be subjective. Your answer should ONLY contain: Output (a) or Output (b).

## Prompt:
{prompt }

## Output (a):
The first image attached.

## Output (b):
The second image attached.

## Which image is more visually appealing?

GPT-40 Evaluation Prompt for Q3: Prompt Alignment

Select the output (a) or (b) that best matches the given prompt. Choose your preferred output,
which can be subjective. Your answer should ONLY contain: Output (a) or Output (b).

## Prompt:
{prompt}

## Output (a):
The first image attached.

## Output (b):
The second image attached.

## Which image better fits the text description?

H Additional Generation Samples

We also present additional samples for qualitative comparison generated by SD 2.1, SFT chosen, Diffusion-
DPO, MaPO, and DCPO-h from prompts on Pickscore, HPSv2, and GenEval benchmarks.
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SD 2.1 Base SFT¢hosen  Diffusion-DPO MaPO DCPO-h (ours)
- ’ Sl

'Photo of Violet Parr
from The
Incredibles in a two-
piece dress at the
beach.’

‘A ps2 anime witch
from madoka
magicka is flying on
a broom through [~
New York causing /4
people to run for
their lives due to a
terrorist attack.'

'Portrait of an ape
wearing an
astronaut helmet.." §

‘A close-up portrait
of Sailor Moon
standing in front of a
panel house with a
grey winter
landscape and an
Orthodox church in
the background.'

'Woman with a
motorcycle staring '
) -~
over a bridge at a
wetlands.

Figure 11: Additional generated outcomes using prompts from HPSv2 benchmark.
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SD 2.1 Base SFT chosen Diffusion-DPO MaPOv ‘ DCPO-h (ours)

'Mugshot of a man
side profile in
1950's style black
and white grainy
image'

'Fantasy landscape painting
of a river valley,
mountainous terrain during
a autumn season, fantasy
art, meadows and and fruit
trees along the meandering
river banks, midday of a
rainy and stormy day'

'Cinematic shot of a
Ferrari carin a
desert’

'Realistic portrait of
Thanos'

‘a logo of a gym with
a lion and a barbell
or plate’

Figure 12: Additional generated outcomes using prompts from Pickscore benchmark.
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SD 2.1 Base SFT chosen Diffusion-DPO MaPO DCPO-h (ours)

'A photo of a
toaster'

'A photo of a cat' '

‘A photo of a book
and a laptop'

‘A photo of a
broccoli and a
parking meter'

'A photo of an ¢
orange snowboard - \ o
and a green cat' &

Figure 13: Additional generated outcomes using prompts from GenEval benchmark.
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