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Figure 1. Top: HG-DPO generates high-quality human images that encompass a wide range of actions, appearances, group sizes, and
backgrounds. Bottom left: This is because HG-DPO improves the base model to generate images with more realistic anatomical features
and poses, while also better aligning with the prompt (red text in the prompt). Bottom right: The benefits of HG-DPO transfer to
personalized text-to-image tasks without additional training, generating high-quality images with the identity of concept image.

Abstract

Human image generation is a key focus in image synthe-
sis due to its broad applications, but even slight inaccura-
cies in anatomy, pose, or details can compromise realism.
To address these challenges, we explore Direct Preference

Optimization (DPO), which trains models to generate pre-
ferred (winning) images while diverging from non-preferred
(losing) ones. However, conventional DPO methods use
generated images as winning images, limiting realism. To
overcome this limitation, we propose an enhanced DPO ap-
proach that incorporates high-quality real images as win-
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ning images, encouraging outputs to resemble real images
rather than generated ones. However, implementing this
concept is not a trivial task. Therefore, our approach, HG-
DPO (Human image Generation through DPO), employs
a novel curriculum learning framework that gradually im-
proves the output of the model toward greater realism, mak-
ing training more feasible. Furthermore, HG-DPO effec-
tively adapts to personalized text-to-image tasks, generat-
ing high-quality and identity-specific images, which high-
lights the practical value of our approach.

1. Introduction

Human image generation is a key focus in genera-
tive modeling due to its broad applications in entertain-
ment and social media. Despite advances in text-to-image
generation [23, 55, 58, 63, 64, 67] using diffusion mod-
els [16, 27, 73], it remains difficult to generate realistic hu-
man images because even slight inaccuracies in anatomy,
pose, or fine details can create artifacts that reduce real-
ism. Conventional approaches, which rely on supervised
fine-tuning of diffusion models using high-quality images,
often struggle to achieve the desired realism. Our objective
is to build upon this fine-tuned model as a base, enhancing
it to produce realistic human images as shown in Figure 1.

In response, we explore Direct Preference Optimization
(DPO) [62, 78], which trains models on pairs of preferred
(winning) and non-preferred (losing) images, guiding out-
puts toward preferred characteristics while avoiding non-
preferred ones. This approach suits complex tasks like hu-
man image generation by leveraging the contrasts between
winning and losing pairs. However, Diffusion-DPO [78]
and its variants [12, 17, 21, 24, 28, 39, 86, 88] struggle to
achieve high realism in human image generation because
they use generated images as winning images, limiting out-
put quality to the suboptimal level of generated images. To
overcome this, we propose an enhanced DPO method with a
novel preference structure that uses real images as winning
images, while treating generated images as losing images.

Notably, this preference structure integrates the train-
ing mechanism of Generative Adversarial Networks
(GANs) [22], which has proven highly effective in guid-
ing human image generation toward greater realism [30–
32, 53], into diffusion models. In GANs, a discriminator as-
sesses how closely a generated image resembles real images
and penalizes deviations, thereby guiding the outputs to be
more similar to real images. Similarly, HG-DPO penalizes
outputs that resemble generated (losing) images, while en-
couraging outputs more similar to real (winning) images.
Both methods guide outputs to resemble real images rather
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than generated ones, enhancing realism. However, unlike
GANs, HG-DPO implements it through DPO framework by
defining a preference structure between real and generated
images.

Based on this concept, our initial experiments used a
naive approach, applying DPO with real images as winning
and generated images as losing. However, this approach
fell short, likely due to the significant domain gap between
real and generated images. For example, real images typi-
cally have more realistic compositions, poses, and intricate
details. This gap can make a single-stage training difficult.

To bridge this gap, we integrate curriculum learning [3]
into the DPO framework, gradually training the model from
easy to hard tasks. As shown in Figure 2, HG-DPO training
consists of three stages: easy, normal, and hard. To create
tasks of varying difficulty at each stage, each stage utilizes a
dataset constructed in a different manner. As a result, in the
easy stage, the model learns basic human preferences, fo-
cusing on undistorted anatomy and poses, and better image-
text alignment. The normal stage enhances visual quality
by capturing more realistic compositions and poses. The
hard stage refines fine details to match real images, enabling
high-fidelity outputs. This gradual progression allows the
model to produce images that closely resemble real ones.
Notably, unlike existing DPO datasets [34, 82], our datasets
are constructed without costly human feedback.

Furthermore, HG-DPO can improve personalized text-
to-image (PT2I) [7, 8, 48, 65, 69, 84], by generating higher-
quality images tailored to specific identities, as shown in
Figure 1, without requiring additional training. This ver-
satility highlights its practical value for creative and social
media applications.

In summary, our contributions are as follows:
(i) We propose a novel DPO approach, HG-DPO, to gen-

erate high-quality human images. Unlike existing DPO
methods, our approach uses real images as winning images.
This can be viewed as introducing the training mechanism
of GANs into diffusion models.

(ii) However, implementing our approach is challenging.
To address this, we present a three-stage curriculum learn-
ing pipeline that enables the model to generate realistic im-
ages through gradual improvement.

(iii) Unlike existing DPO datasets, our proposed meth-
ods for constructing DPO datasets does not require costly
human feedback, making it more efficient.

(iv) We demonstrate that HG-DPO effectively adapts
to PT2I tasks without additional training, highlighting the
practical value of our work.

2. Related Work
Aligning diffusion models with human preferences.
Direct Preference Optimization (DPO) offers an improve-
ment over Reinforcement Learning from Human Feedback
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Figure 2. Three-stage training of HG-DPO. It progressively en-
hances the model’s human image generation capabilities.

(RLHF) [56], which is widely used to align large language
models (LLMs) to human preferences [9, 10, 13, 36, 42–
44, 71, 83, 92], by directly using human preference dataset
without requiring a reward model. Building on the success
of DPO in the field of LLMs, Diffusion-DPO [78] extends
DPO to diffusion models.Since then, several methods [12,
17, 21, 24, 28, 39, 86, 88] have demonstrated improved per-
formance over Diffusion-DPO. However, these approaches
primarily focus on enhancing training techniques while uti-
lizing the Pick-a-Pic dataset [34], which contains only gen-
erated images. On the other hand, DPOK [18], D3PO [87],
and AlignProp [59] propose online learning methods based
on policy optimization, DPO, and reward model gradients,
respectively. However, these approaches also do not incor-
porate real images into the training process. In contrast, we
enable the use of real images in the DPO dataset by integrat-
ing curriculum learning into DPO. Among existing meth-
ods, Curriculum-DPO [12] is the most closely related to
ours, as it also incorporates curriculum learning into DPO.
However, its performance gains are limited because it relies
exclusively on generated images.

Curriculum Learning. Curriculum learning [3] trains
models by first exposing them to simpler data or tasks, then
progressively introducing more complex ones. It has proven
effective in fields such as computer vision [4, 37, 60, 70, 74–
76, 90], natural language processing [2, 35, 40, 45, 66, 89,
91, 93], and reinforcement learning [19, 20, 47, 49, 51, 52,
54]. We employ curriculum learning to ease the transition
of model’s outputs from the generative to real domain, a
shift challenging to achieve through single-stage training.

3. HG-DPO

Given a human-specific paired image-text dataset Dreal =
(P,Xreal), where P is a set of prompts and Xreal is a set
of real human images, our objective is to design a model

that can generate images with a level of realism similar
to that of Xreal. We begin by establishing a base model
ϵbase by supervised fine-tuning a backbone model, which
is a latent diffusion model [64] with Dreal. Despite being
fine-tuned on high-quality real images, ϵbase often gener-
ates low-quality human images as shown in Figure 5.

Therefore, we refine ϵbase to improve its human image
generation using HG-DPO, which consists of three progres-
sively challenging DPO stages: easy, normal, and hard (Fig-
ure 2). In each stage, the model faces increasingly difficult
objectives. The difficulty of each stage is determined by the
domain of winning images, the target images that the model
aims to generate. Specifically, the easy stage uses generated
images as winning images. Since there is no domain gap -
the model is trained on the same type of images it generates
- this stage represents an easier task. In contrast, the hard
stage uses real images as winning images. The model must
learn from a real domain, which differs significantly from
its generative domain, making it a more difficult task. For
losing images, we use the winning images from the pre-
vious stage, except in the easy stage, which has no prior
stage. Through each stage, the model is progressively re-
fined to generate images that more closely resemble real
images. Here, we employ LoRA [29] for training.

3.1. Easy Stage
In the easy stage, we refine ϵbase into ϵE to generate images
more likely preferred by humans. To achieve this, we cre-
ate pairs of winning and losing images, where the winning
images exhibit better anatomy, pose, and prompt alignment
than the losing images as shown in the green box in Figure 2
and Figure 3.

Image pool generation. The first step is to generate im-
ages using a prompt set P = {pi}Di=1 where pi is a prompt
andD is the size of Dreal. Instead of generating exactly two
images for winning and losing, we create an image pool
with N distinct images per prompt. For a prompt pi, the
image pool X i

gen of size N is defined as:

X i
gen = {xijgen}Nj=1 where xijgen = G(ϵbase, pi, rij ). (1)

Here, G is a text-to-image sampler with a random seed rij

used to generate xijgen. To generate N different images, we
employ N different random seeds {rij}Nj=1.

Selection of winning and losing images. We then score
the images using a human preference estimator f [34]:

Si
gen = {sijgen}Nj=1 where sijgen = f(xijgen, p

i), (2)

where sijgen is a preference score of xijgen considering pi. Un-
like existing DPO datasets [34, 82] that rely on costly hu-
man feedback, we use a more efficient AI-based method.
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Figure 3. DPO Dataset for the easy stage. In the upper figure,
DE, constructed with AI rather than human feedback, shows win-
ning images with superior features over losing images. A user
study in the lower figure confirms this outcome.

We select the images with the highest and lowest prefer-
ence scores from the image pool X i

gen as the winning and
losing images, xw,i

E and xl,iE , respectively. It ensures clear
semantic superiority of the winning image, consistent with
human preferences (Figure 3). Formally, this is defined as:

(xw,i
E , xl,iE ) = (X i

gen[j
w
E ], X i

gen[j
l
E]) (3)

where (jwE , j
l
E) = ( argmax

jwE ∈{1,...,N}
Si
gen, argmin

jlE∈{1,...,N}
Si
gen).

By assigning winning and losing images for all prompts in
P , we complete the dataset: DE = {(pi, xw,i

E , xl,iE )}Di=1.

Statistics matching loss. With DE, we can apply the ob-
jective function of Diffusion-DPO (LD-DPO) to update ϵbase
to ϵE. However, ϵE trained this way produces color shift ar-
tifacts, making images unnatural (see N > 2 in Figure 8).
This issue arises from the statistics of latents sampled by ϵE
diverging from those sampled by ϵbase. To address this, we
design a statistics matching loss to prevent this divergence.
Let lt be a noisy latent of a winning image generated by the
forward diffusion process at timestep t during training, and
let ϵθE be the model being updated in the easy stage. From
lt, we sample lt−1

θ and lt−1
base, which are latents sampled us-

ing ϵθE and ϵbase, respectively. The statistics matching loss
is defined as:

Lstat = EDE, t∼U(0, T )

[
|| µ(lt−1

θ )− µ(lt−1
base) ||

2
2

]
(4)

where µ calculates the channel-wise mean. Lstat only
matches the mean because it sufficiently resolves the color
shift artifacts. During the easy stage, ϵbase is updated using
the combined objective: L = LD-DPO + λstatLstat. Lstat is
applied only in the easy stage, since color shift artifacts are
not observed in the normal and hard stages.

3.2. Normal Stage
While ϵE generates human images aligned with human pref-
erences, they lack the realistic compositions and poses of
real images. To address this, we refine ϵE into ϵN through

the normal stage, improving visual quality (e.g., realistic
composition and pose). Instead of immediately using real
images as winning images after the easy stage, we intro-
duce the intermediate domain for winning images as shown
in the yellow box in Figure 2. The normal stage facilitates
training by providing an intermediate task before progress-
ing from the easy to the hard stage.

Intermediate domain. The intermediate domain has
mixed characteristics of generated and real domains.
Specifically, we produce the intermediate images through
Stochastic Differential Reconstruction (SDRecon), which is
similar with SDEdit [50], where noise is added to a real im-
age to generate a noisy image, which is then reconstructed
back into a real image using ϵbase. Here, we can use ϵE,
but by using ϵbase instead, we eliminate the need to wait for
ϵE to be fully trained in order to construct the intermediate
domain. This process retains certain features of the real im-
age (e.g., composition and pose), while other features, like
texture and fine details, resemble those of the generative do-
main. For example, in Figure 2, the intermediate image (the
winning image in the yellow box) maintains the pose of the
real image (the winning image in the red box), but it lacks
the fine details present in the real image (e.g., texture) re-
sulting in a smoother and more synthetic appearance.

We perform SDRecon by varying diffusion timesteps to
control noise magnitude, creating multi-level intermediate
domains. It allows us to adaptively select the most appro-
priate intermediate domain during training. Formally, for
each prompt pi ∈ P and paired real image xireal ∈ Xreal,
we use a set of T timesteps, T = {t1, t2, . . . , tT }, to gener-
ate a set of T intermediate images:

X i
int = {xitint}t∈T where xitint = R(ϵbase, p

i, xireal, t) (5)

where R is the proposed SDRecon operator. When t = tT ,
strong noise produces an intermediate image closest to the
generative domain, while t = t1 results in an intermediate
image closest to the real domain.

Selection of winning and losing images. We score each
image in X i

int to select the optimal winning image:

Si
int = {sitint}t∈T , where sitint = f(xitint, p

i). (6)

Then, we designate the image with the highest score in X i
int

as the winning image xw,i
N , while the winning image from

the easy stage is used as the losing image xl,iN . Here, we
consider only mid-level images from X i

int as candidates for
winning images. Formally, this process is defined as

(xw,i
N , xl,iN ) = (X i

int[j
w
N ], X i

gen[j
l
N]) (7)

where (jwN , j
l
N) = (argmax

jwN ∈T̂
Si
int, argmax

jlN∈{1,...,N}
Si
gen).
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑)

HPD v2 [82] 21.7855 0.2829 -0.0002 6.1132 29.99 35.98 0.9015 0.9592 19.22
Pick-a-Pic v2 [34] 21.7433 0.2831 0.0268 6.1315 30.05 37.89 0.8801 0.9464 19.00
Diffusion-DPO [78] 17.9314 0.2425 -1.8873 5.1183 24.03 112.67 0.8198 0.9438 36.30
NCP-DPO [21] 18.7679 0.2560 -1.6644 5.5309 24.37 96.72 0.7164 0.8702 18.81
MAPO [28] 20.4401 0.2707 -0.3613 5.4477 28.35 59.36 0.7117 0.8343 32.68
Curriculum-DPO [12] 22.4381 0.2869 0.6532 6.1925 31.50 35.35 0.8886 0.9561 23.36
AlignProp [59] 23.0202 0.2854 0.1989 6.2773 29.67 49.92 0.8599 0.9661 17.05
HG-DPO (Ours) 22.6043 0.2872 0.7568 6.1785 31.57 29.41 0.9343 0.9858 29.41

Table 1. Quantitative comparison with the previous methods. HG-DPO achieves superior performance over the existing methods.

Figure 4. Qualitative comparison with the previous methods. HG-DPO generates high-quality human images with more realistic
compositions and poses, providing superior text alignment compared to the prior methods.

Here, T̂ = {t | tr ≤ t ≤ tg} where t1 < tr and tg < tT .
Also, note that xl,iN = xw,i

E . By applying this process to all
prompts in P , we obtain a set of triplets {pi, xw,i

N , xl,iN }Di=1.

Filtering. Instead of using all D triplets, we filter them
to retain only those containing images of sufficiently high
quality, which are expected to benefit training. Specifically,
a triplet is included in the normal stage dataset DN only
when the score of xw,i

N meets or exceeds that of xl,iN :

DN = {(pi, xw,i
N , xl,iN )}i∈K

where K = {k|Sk
int[j

w
N ] ≥ Sk

gen[j
l
N]}. (8)

During the normal stage, we obtain ϵN by updating ϵE using
LD-DPO with the dataset DN.

3.3. Hard Stage
The objective of the hard stage is to enhance ϵN enabling
it to generate images that closely resemble real images,
including visual fine details. To achieve this goal, as
shown in the red box of Figure 2, the hard stage is de-
signed to leverage real images as winning images. How-
ever, we use images from the intermediate domain t1, which
are nearly indistinguishable from real images, as this ap-
proach has yielded better results in our experiments. For-
mally, the dataset for the hard stage, denoted as DH =

{(pi, xw,i
H , xl,iH )}i∈K where K is the same as K in Eq. (8), is

constructed with winning and losing images defined as

(xw,i
H , xl,iH ) = (X i

int[t1], x
w,i
N ). (9)

Using the dataset DH, we train ϵN via LD-DPO to obtain ϵH.

3.4. Training the Text Encoder
To improve image-text alignment, we train the text encoder
separately from the U-Net, following TexForce [6]. We use
both ϵH and the enhanced text encoder at inference. The text
encoder is trained only up to the easy stage, as the goal is to
improve image-text alignment rather than visual quality.

4. Experimental Settings
In this section, we describe our experimental settings. Ad-
ditional details not covered in this section are available in
the Appendices.

Datasets. We constructed an internal dataset consisting
of approximately 300k high-quality human images. From
this dataset, 5k images were randomly selected for testing,
while the remaining images were utilized for training. Cap-
tions for the training and test images were generated using
LLaVA [41] and Qwen2-VL [80], respectively. For evalua-
tion, we generate images using these 5k test prompts.
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑)

Base (ϵbase) 21.7364 0.2819 -0.0665 6.1061 29.72 37.34 0.9058 0.9573 18.73
Naive 17.9314 0.2425 -1.8873 5.1183 24.03 112.67 0.8198 0.9438 36.30
Easy (ϵE) 22.5384 0.2878 0.7146 6.1775 31.56 36.00 0.9057 0.9547 19.58
Normal (ϵN) 22.5422 0.2865 0.6515 6.1637 31.45 26.05 0.9302 0.9778 25.47
Hard (ϵH) 22.4698 0.2867 0.5791 6.1955 31.15 28.66 0.9365 0.9859 30.08
Hard (ϵH) + TE (HG-DPO) 22.6043 0.2872 0.7568 6.1785 31.57 29.41 0.9343 0.9858 29.41
E2E training 21.3244 0.2773 -0.0487 6.0892 29.50 57.10 0.7962 0.7862 9.46
Hard w/o easy 19.8417 0.2687 -0.8262 5.7305 27.36 72.34 0.8801 0.9631 19.72
Hard w/o normal 22.2541 0.2849 0.3932 6.1990 30.30 32.24 0.9233 0.9577 21.55
Base (ϵbase) + SFT 21.732 0.2808 0.0140 6.0948 30.67 34.05 0.8860 0.9531 22.09
Easy (ϵE) + SFT 21.858 0.2818 0.1788 6.0569 31.20 35.23 0.8802 0.9498 23.10
Normal (ϵN) + SFT 21.9077 0.2818 0.1840 6.0691 31.08 35.12 0.8882 0.9534 23.29

Table 2. Quantitative analysis of the HG-DPO pipeline. The row labeled Base (ϵbase) shows the base model’s performance, while Naive
to Hard (ϵH) + TE illustrate model progress through curriculum stages, ending with the final model, HG-DPO. Subsequent rows examine
the importance of each curriculum stage. E2E training refers to a model trained end-to-end using the combined training datasets from all
three stages, instead of the proposed three-stage training. Hard w/o easy and Hard w/o normal exclude the easy and normal stages from
the training pipeline, respectively. The last three rows indicate models with supervised fine-tuning (SFT) using winning images of the hard
stage after each curriculum step.

Figure 5. Qualitative progress. ϵbase evolves as it progresses
through each stage of the HG-DPO pipeline up to the hard stage.

Metrics. To assess prompt-aware human preferences, we
use PickScore (P-Score) [34], HPS-v2 (HPS) [82], and Im-
ageReward (I-Reward) [85]. For prompt-independent pref-
erences, we use the AestheticScore (AES) estimator [68].
For image-text alignment, we employ CLIP [61]. We apply
FID [25] to measure the distance between the generated and
real distributions using 5k test images. We also use CLIP-
IQA [79] to evaluate image quality (CI-Q) and sharpness
(CI-S), and ATHEC [57] for additional sharpness assess-
ment. CI-S uses pretrained CLIP, while ATHEC relies on
the standard deviation of the Laplacian of image pixels. To
quantify the color shift artifacts, we convert RGB images
to HSV and calculate the circular mean of hue. We mea-
sure color shift severity of the target model by comparing
the mean hue difference between the target model and the
base model. Finally, for identity similarity in PT2I tasks,
we compute feature distances using ArcFace [14] and VG-
GFace [5]. Higher values indicate better performance for all
metrics except FID, hue distance, ArcFace, and VGGFace.

Baselines. We compare HG-DPO with several existing
methods. To show that publicly available datasets may not
yield the best results, we include baselines trained on the
HPD v2 [82] and Pick-a-Pic v2 [34] datasets. To demon-

Figure 6. Qualitative results by the enhanced text encoder.
With the improved text encoder, Hard (ϵH) + TE can achieve the
enhanced image-text alignment, retaining the image quality of ϵH.

Figure 7. Qualitative results illustrating the importance of each
stage. To generate high-quality images like the one labeled as
Hard (ϵH), each stage of the HG-DPO pipeline is essential.

strate that the naive approach described in Section 1 is sub-
optimal even with improved objectives, we introduce base-
lines trained with NCP-DPO [21] and MAPO [28], which
have outperformed Diffusion-DPO [78]. We compare HG-
DPO with Curriculum-DPO [12], which applies curricu-
lum learning within DPO, but uses only generated images.
To clearly demonstrate the effectiveness of incorporating
real images, Curriculum-DPO is trained on our effective
image pool dataset (Eqs. (1) and (2)). Finally, we intro-
duce AlignProp [59] as an online learning baseline using
PickScore [34] as a reward model to highlight the advan-
tage of our approach over the online learning approach.

5. Analysis on HG-DPO
We quantitatively and qualitatively analyze HG-DPO to
demonstrate its effectiveness. We retain the notations in-
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑) Hue (↓)

Base (ϵbase) 21.7364 0.2819 -0.0665 6.1061 29.72 37.34 0.9058 0.9573 18.73 -
N = 2 22.1939 0.2854 0.3610 6.1408 30.66 34.44 0.8887 0.9472 18.96 10.24
N > 2 22.5688 0.2872 0.7830 6.2544 31.50 37.29 0.8879 0.9471 27.20 98.54
N > 2 + β ↑ 22.2506 0.2864 0.5435 6.1129 31.30 36.00 0.8416 0.9141 19.17 23.77
N > 2 + Lstat (ϵE) 22.5384 0.2878 0.7146 6.1775 31.56 36.00 0.9057 0.9547 19.58 27.94

Table 3. Quantitative analysis of the easy stage. For DE, N = 2 generates exactly two images per prompt, while N > 2 builds an image
pool as defined in Eq. (1). N > 2 + β ↑ and N > 2 + Lstat add regularization to address the color shift artifacts in N > 2. Specifically,
N > 2 + β ↑ applies a higher β, which is a strength of the original regularization in LD-DPO, and N > 2 + Lstat integrates Lstat (Eq. (4)).
N > 2 + Lstat, which is highlighted in blue, is our proposed training configuration for the easy stage.

troduced in Section 3. In Tables 1, 2, 3, and 4, bold text and
underlined text indicate the best and second-best results, re-
spectively. The row corresponding to our final model, HG-
DPO, or the proposed training configuration is highlighted
in blue in each table. Additional results not included in this
section including a user study are provided in the Appen-
dices.

5.1. Comparison with the Previous Methods
In this section, we compare HG-DPO with existing meth-
ods discussed in Section 4. As shown in Figure 4, HG-DPO
produces more natural poses (first row) and better text align-
ment (second row) than models trained on the HPD v2 [82]
and Pick-a-Pic v2 [34] datasets. This highlights the limita-
tions of relying solely on public datasets for human image
generation, supported by the quantitative results in Table 1.

We also evaluate baselines trained with the naive single-
stage approach, where real images are treated as winning
images and generated ones as losing images, using var-
ious objective functions (Diffusion-DPO, NCP-DPO, and
MAPO). However, Figure 4 shows that this naive approach
fails to deliver satisfactory results, regardless of the objec-
tive function. In contrast, HG-DPO, leveraging curriculum
learning, generates high-quality human images. Table 1 fur-
ther confirms the superiority of our curriculum-based ap-
proach over naive methods.

Additionally, we compare HG-DPO to Curriculum-
DPO, which also employs curriculum learning but is ex-
clusively trained on generated images. In Figure 4,
Curriculum-DPO fails to achieve realistic compositions,
poses, and fine details compared to HG-DPO, demonstrat-
ing the benefits of including real images in training. This
is consistent with the superior realism (FID and CI-Q) and
sharpness (CI-S, and ATHEC) scores of HG-DPO com-
pared to those of Curriculum-DPO in Table 1.

Finally, Figure 4 shows that AlignProp produces images
with a distinct aesthetic style, deviating from the model’s
original style. This likely stems from optimizing only
PickScore, which may cause catastrophic forgetting and
mode collapse [11, 38, 78]. As a result, while AlignProp
achieves higher P-Score and AES in Table 1, it scores lower
on other metrics compared to HG-DPO.

Figure 8. Qualitative analysis of the easy stage. In the easy
stage, only the model trained with both DE and Lstat, namely N >
2 + Lstat, produces images without distortions in pose and color.

5.2. Progress through the HG-DPO Pipeline

We evaluate the impact of each stage in the HG-DPO
pipeline. First, the naive single-stage approach, which treats
real images as winning and images generated from their
captions as losing, performs worse than ϵbase (Figure 5 and
Table 2). This underscores the challenge of using real im-
ages as winning images. Additionally, the model labeled as
Naive in Table 2 corresponds to Diffusion-DPO in Table 1.

To address this, we first train ϵbase to obtain ϵE through
the easy stage. In Table 2, ϵE shows significant im-
provements over ϵbase in human preference metrics (P-
Score, HPS, I-Reward, and AES) and image-text alignment
(CLIP). Figure 5 also shows that ϵE produces better anatom-
ical features than ϵbase. These gains stem from the superi-
ority of the winning images in DE over the losing images
(Figure 3). However, FID and CI-Q, which measure image
realism, show no significant improvement since the winning
images are generated rather than real.

In the normal stage, ϵN uses intermediate domains to pro-
duce more realistic images than ϵE. Figure 5 shows that ϵN
generates more realistic composition, pose, and facial qual-
ity than ϵE, consistent with FID and CI-Q improvements
in Table 2. As realism improves, image sharpness also in-
creases, reflected in CI-S and ATHEC scores.

Through the hard stage, ϵH achieves even greater realism
and sharpness than ϵN (Figure 5), supported by higher CI-Q,
CI-S, and ATHEC in Table 2. However, ϵH shows a slight
FID degradation compared to ϵN, though it still surpasses
ϵbase and ϵE. Given that ϵH achieves higher CI-Q, CI-S, and
ATHEC scores than ϵN, this likely reflects reduced image
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑) ArcFace (↓) VGGFace (↓)

IB [69] 21.6847 0.2807 -0.1045 6.0697 29.72 39.61 0.9034 0.9427 18.02 0.2662 72.11
HG-DPO + IB 22.5674 0.2855 0.6864 6.1321 31.24 29.30 0.9279 0.9806 26.79 0.2586 71.45

Table 4. Quantitative results on PT2I. HG-DPO brings its improvements to PT2I generation while preserving the identity injection
capability of pre-trained PT2I model, InstantBooth (IB) [69]. The qualitative results are reported in the Appendices.

diversity. However, our goal prioritizes image quality over
diversity. Also, ϵH shows lower image-text alignment than
ϵE and ϵN, though it remains better than ϵbase. This may
result from the absence of the prompt-aware preference es-
timator (PickScore) in the hard stage, which was used in the
easy and normal stages to select winning images (Eqs. (3)
and (7)). To address this, we first improve visual quality by
training the U-Net through the hard stage, accepting some
image-text alignment degradation, and then refine the text
encoder to restore image-text alignment.

Our final model, HG-DPO (Hard (ϵH) + TE), integrates
text encoder enhancements, improving image-text align-
ment over ϵH (Table 2 and Figure 6). This likely boosts
prompt-aware human preference metrics (P-Score, HPS,
and I-Reward) in Table 2. HG-DPO also preserves the high
realism and sharpness of ϵH, as shown by FID, CI-Q, CI-S,
and ATHEC scores. Overall, HG-DPO significantly outper-
forms ϵbase across all metrics, aligning with Figure 1.

5.3. Necessity of the Each Proposed Stage
We demonstrate that each stage in the proposed HG-DPO
pipeline is essential for achieving optimal results.

Firstly, the model labeled as E2E training in Table 2 and
Figure 7 is trained in an end-to-end manner by combin-
ing training datasets from all three stages, but this approach
leads to suboptimal results, showing the effectiveness of our
three-stage curriculum learning.

The model labeled as Hard w/o easy, which is trained
only on the normal and hard stages, also produces a no-
ticeably degraded results as shown in Table 2 and Figure 7,
underscoring the importance of the easy stage. In contrast,
Hard w/o normal, trained only on the easy and hard stages,
generates a more natural image than Hard w/o easy, as il-
lustrated in Figure 7. However, when it comes to fine detail,
ϵH, which includes the normal stage, produces a more re-
alistic image than Hard w/o normal. Table 2 supports this
finding, where ϵH achieves higher scores in FID, CI-Q, CI-
S, and ATHEC, indicating the normal stage’s crucial role to
achieve optimal results.

In addition, compared to the result for ϵH, the results for
Base (ϵbase) + SFT, Easy (ϵE) + SFT, and Normal (ϵN) +
SFT in Table 2 and Figure 7 reveal that supervised fine-
tuning (SFT) with the hard-stage winning images is sub-
optimal when applied to models trained on earlier stages.
Furthermore, these three models generate similar images,
suggesting that SFT, regardless of the starting point (ϵbase,
ϵE, or ϵN), may undesirably lead to forgetting knowledge

previously learned through each stage.

5.4. Additional Analysis on the Easy Stage
The significantly degraded results of Hard w/o Easy in Ta-
ble 2 and Figure 7 highlight the importance of the easy
stage. To explore this further, we conduct an additional
analysis of the easy stage.

In Table 3, we observe that the model labeled as N = 2
underperforms in human preference metrics and image-text
alignment compared to configurations the model labeled as
N > 2, highlighting the effectiveness of employing the im-
age pool. This observation is further supported by Figure 8,
whereN = 2 results in an image with a distorted pose, sim-
ilar to that produced by ϵbase, whereas N > 2 generates an
image with an undistorted pose.

However, Figure 8 shows that for N > 2, unnatural
color shift artifacts occur, corroborated by the highest hue
distance in Table 3. To mitigate these artifacts, increas-
ing the weight of the regularization term from the original
Diffusion-DPO objective significantly reduces the hue dis-
tance, as seen in the N > 2 + β ↑ results. However, this
adjustment leads to a noticeable decline in human prefer-
ence metrics and image-text alignment in Table 3. In con-
trast, our proposed statistics matching loss reduces the hue
distance while maintaining strong performance in human
preference metrics and image-text alignment, as evidenced
by the results of N > 2 + Lstat in Table 3 and Figure 8.

5.5. Personalized T2I with HG-DPO
To improve PT2I generation, we adapt pre-trained HG-DPO
LoRA layers to the pre-trained InstantBooth (IB) [69]. As
shown in Table 4, HG-DPO + IB outperforms IB in human
preferences, image-text alignment, image realism, and im-
age sharpness while preserving identity injection, as indi-
cated by similar ArcFace and VGGFace distances.

6. Conclusion
HG-DPO represents a significant advancement in human
image generation by integrating real images and curricu-
lum learning into the DPO framework. By gradually train-
ing the model from achieving basic anatomical accuracy to
complex details of real images, HG-DPO narrows the real-
ism gap between generated and real images. Furthermore,
HG-DPO is adaptable to personalized T2I generation, con-
sistently improving image quality. This adaptability makes
it a valuable tool for creative applications and social media.
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Appendices

A. Additional Results of HG-DPO

In this section, we present additional qualitative and quan-
titative results of HG-DPO to demonstrate the effectiveness
of HG-DPO.

A.1. Text-to-Image Generation

As demonstrated in Figure 9, HG-DPO successfully gener-
ates high-quality human images with diverse actions, ap-
pearances, group sizes, and backgrounds. This is made
possible by HG-DPO’s effective enhancement of the base
model, as demonstrated by extensive experimental results
in our manuscript and Figure 10.

As a result, in Table 5, HG-DPO outperforms other exist-
ing methods. Table 5 is similar to Table 1 in the manuscript
but differs in two key aspects: it includes additional base-
lines, DPOK [18] and D3PO [87], and uses 10 random seeds
instead of a single one. To train DPOK and D3PO, we use
our training prompt set P and PickScore [34] as the reward
model. While D3PO originally uses human feedback, we
follow the authors’ setup by using the reward model instead.
The results in Table 6, which converts Table 5 to samplewise
win rates, further highlight the effectiveness of HG-DPO.

Furthermore, HG-DPO significantly outperforms the
base model and the previous approaches in the user study,
as shown in Figure 11. In the user study, we evaluated
a selected subset of the baselines introduced in Section 4
of our manuscript against HG-DPO. Specifically, since the
model trained with HPD [82] yields results similar to the
model trained with Pick-a-Pic [34] (see Figure 4 in our
manuscript), we compared HG-DPO exclusively with the
model trained using Pick-a-Pic [34], which is widely used in
DPO-related studies. Furthermore, we excluded Diffusion-
DPO [78], NCP-DPO [21], and MAPO [28] from the user
study because these models often failed to generate images
reliably and exhibited severe artifacts (see Figure 4 in our
manuscript).

A.2. Personalized Text-to-Image Generation

HG-DPO significantly improves personalized text-to-image
(PT2I) generation. As shown in Figure 12, this allows
the generation of high-quality images that accurately re-
flect specific identities. Notably, these improvements are
achieved without compromising the identity injection capa-
bility of the base PT2I model.

B. Additional Analysis on the Easy Stage

In this section, we present additional experimental results
and further analysis of the easy stage.

B.1. Effectiveness of the Easy Stage
In the easy stage, we refine the base model to generate
images that align more closely with human preferences as
shown in Figure 13. Specifically, the model is improved to
produce images with undistorted poses and anatomies and
stronger alignment with the given prompts.

B.2. Image Pool with AI Feedback
In our manuscript, we propose a method for selecting win-
ning and losing images from the image pool using AI feed-
back (PickScore [34]). This method assumes that a larger
PickScore difference between the winning and losing im-
ages indicates greater semantic differences, which are cru-
cial for enhancing the model through DPO and align bet-
ter with actual human preferences. As shown in Figure 14,
comparing the image with the highest PickScore to the im-
age with the l-th highest PickScore reveals that the semantic
differences between the two images (e.g., anatomy, pose,
and text-image alignment) become more pronounced as l
increases. By choosing the images with the highest and
the 20th highest PickScores as the winning and losing im-
ages, respectively, we accentuate the semantic differences
between them, better reflecting human preferences.

B.3. Statistics Matching Loss
In this section, we further analyze the statistics matching
loss.

B.3.1. Hypothesis test
Here, we validate the hypothesis underlying the statistics
matching loss, Lstat. Let us denote the model obtained by
training ϵbase through the easy stage without Lstat as ϵ̂E. ϵ̂E
is a model that suffers from the color shift artifacts. As ex-
plained in our manuscript, we hypothesize that the cause of
the color shift artifacts is the divergence between the latent
statistics sampled by ϵ̂E and those of ϵbase during inference.
Lstat is designed to prevent such divergence based on this
assumption.

To verify our hypothesis more directly, we design an
inference-time statistics matching approach called latent
adaptive normalization (LAN). If the gaps in the channel-
wise statistics of the latents during inference cause the color
shift artifacts, then eliminating those gaps should resolve
those artifacts.

Let ĥt−1
E and ht−1

base denote the latents sampled from the
same random noise using ϵ̂E and ϵbase at inference time with
timestep t, respectively. Formally, we define

ĥt−1
E = ψ(htE, p, t, ϵ̂E) (10)

ht−1
base = ψ(htbase, p, t, ϵbase) (11)

where ψ denotes a inference-time latent sampler and p de-
notes an inference prompt. Then, we define LAN as fol-
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Figure 9. Qualitative results of HG-DPO. HG-DPO is capable of effectively generating high-quality human images that encompass a
wide range of actions, appearances, group sizes, and backgrounds.
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑)

HPD v2 21.7211 0.2821 -0.1353 6.0928 29.71 39.53 0.8856 0.9507 17.45
Pick-a-Pic v2 21.6778 0.2821 -0.1352 6.0999 29.72 40.85 0.8614 0.9383 17.43
Diffusion-DPO 18.0731 0.2408 -1.9616 5.0637 23.49 160.11 0.6638 0.8715 40.31
NCP-DPO 17.4631 0.2327 -2.0222 4.7983 21.53 184.81 0.6342 0.8236 12.09
MAPO 20.3971 0.2692 -0.5150 5.4260 28.22 63.33 0.6459 0.7566 30.71
Curriculum-DPO 22.4298 0.2868 0.5823 6.1874 31.43 37.02 0.8857 0.9528 21.63
AlignProp 22.8933 0.2843 0.0693 6.2670 29.50 53.87 0.8534 0.9609 15.67
DPOK 21.6709 0.2809 -0.2344 6.0998 29.25 41.52 0.8756 0.9332 15.68
D3PO 21.6905 0.2810 -0.1914 6.0764 29.59 41.26 0.8902 0.9508 17.41
HG-DPO (Ours) 22.5781 0.2871 0.7384 6.1758 31.53 30.91 0.9327 0.9852 28.28

Table 5. Quantitative comparison with the previous methods. HG-DPO achieves superior performance over the existing methods across
nearly all evaluation metrics. Bold text and underlined text indicate the best and second-best results, respectively. The row corresponding
to our final model, HG-DPO, is highlighted in blue. For a more accurate comparison, we evaluate using 10 random seeds.

Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) CI-Q (↑) CI-S (↑) ATHEC (↑)

vs HPD v2 85.13 % 76.44 % 82.25 % 62.17 % 73.15 % 82.31 % 86.64 % 93.75 %
vs Pick-a-Pic v2 86.03 % 76.14 % 82.08 % 61.06 % 72.64 % 89.63 % 90.87 % 93.79 %
vs Diffusion-DPO 99.97 % 99.96 % 99.67 % 96.91 % 96.48 % 96.74 % 88.17 % 27.24 %
vs NCP-DPO 99.97 % 99.85 % 99.78 % 95.04 % 98.95 % 99.61 % 96.94 % 97.02 %
vs MAPO 97.92 % 98.35 % 88.51 % 96.26 % 84.78 % 98.89 % 98.10 % 42.07 %
vs Curriculum-DPO 60.85 % 51.86 % 57.10 % 49.51 % 50.21 % 84.35 % 88.66 % 82.74 %
vs AlignProp 33.82 % 62.12 % 75.80 % 37.73 % 74.02 % 95.35 % 85.45 % 97.98 %
vs DPOK 86.19 % 80.71 % 84.06 % 61.80 % 77.67 % 85.67 % 91.82 % 95.91 %
vs D3PO 85.90 % 81.70 % 83.69 % 64.16 % 74.82 % 81.09 % 87.46 % 92.90 %

Table 6. Samplewise win rates (%) of HG-DPO against the previous methods. HG-DPO achieves superior performance over the
existing methods across nearly all evaluation metrics. This table converts Table 5 into win rates, which means that these results are also
calculated using 10 random seeds.

Figure 10. Qualitative enhancements in text-to-image genera-
tion through HG-DPO. HG-DPO improves the base model’s ca-
pability to generate human images with more realistic poses and
anatomies that align more accurately with the given prompt.

Figure 11. User studies comparing HG-DPO and baselines.
HG-DPO demonstrates superior performance compared to the
base model and previous approaches in human evaluation. Partic-
ipants were tasked with choosing the image that exhibited higher
realism and better alignment with the given prompt from the out-
puts of the two models. The detailed process for conducting the
user study is described in Section F.5.
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Figure 12. Qualitative advancements achieved through in personalized text-to-image (PT2I) generation through HG-DPO. HG-
DPO improves the base model’s capability to generate human images with more realistic poses and anatomies that align more accurately
with the given prompt, and these improvements extend to PT2I generation. As a result, we can produce high-quality images that accurately
reflect the identity of the concept image shown in the bottom left.

lows:

ht−1
E =

(
ĥt−1
E − µ(ĥt−1

E )

σ(ĥt−1
E )

)
σ(ht−1

base) + µ(ht−1
base) (12)

where µ and σ calculate the channel-wise mean and stan-
dard deviation from the input, respectively. ht−1

E is used in
Eq. (10) of the supplementary material at the next inference
timestep.

Table 7 reveals that N > 2 (ϵ̂E) + LAN significantly
reduces the hue distance compared to N > 2 (ϵ̂E). Fur-
thermore, N > 2 (ϵ̂E) + LAN achieves comparable per-
formance to N > 2 (ϵ̂E) in human preference metrics (P-
Score, HPS, I-Reward, and AES) and image-text alignment
(CLIP). These findings validate LAN’s effectiveness in ad-
dressing the color shift artifacts and support the hypothesis

underlying the design of Lstat.
However, because LAN requires additional sampling

from ϵbase during inference, it incurs higher computational
costs during inference compared to N > 2 + Lstat. For this
reason, we propose Lstat as a more computationally efficient
solution to mitigate the color shift artifacts.

B.3.2. What causes the color shift artifacts?
The color shift artifacts arise from the deviation of the
channel-wise statistics of latents sampled using ϵ̂E from
those sampled using ϵbase, as demonstrated by the effec-
tiveness of LAN in the previous paragraph. Here, to find
the cause of this deviation, we further analyze the winning
and losing images used in the easy stage. Specifically, we
calculate the cosine distance of channel-wise statistics of
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Figure 13. Qualitative advancements achieved through the easy stage. We enhance the base model through the easy stage to generate
images that better align with human preferences. Specifically, the model is improved to produce images with undistorted poses and
anatomies and stronger alignment with the given prompts.

encoded latents of winning and losing images. In Table 8,
the results reveal that the cosine distance between the la-
tents’ means for the winning and losing images is 0.2035,
while the cosine distance for their standard deviations is
0.005. Since DPO trains the model to learn the differences
between winning and losing images, it can be inferred that
the differences in the channel-wise mean values of latents
present in the dataset are also learned by the model. This
can encourage the model to shift the mean of the sampled
latents far from that of the losing image and close to that of
the winning image.

B.3.3. Why is it sufficient to match only the mean?

Lstat mitigates the color shift by preventing the aforemen-
tioned mean shift through the mean matching loss. Interest-
ingly, as reported in the previous paragraph, we can observe
that the cosine distance of standard deviation between the
latents of winning and losing images is close to zero. We
believe this is why matching only the mean in Lstat is suffi-
cient to prevent the color shift artifacts.

B.3.4. Importance of the statistics matching loss

As illustrated in Figure 15, the absence of Lstat results in
generated images appearing unnatural due to the color shift
artifacts. Incorporating Lstat effectively eliminates these ar-
tifacts, producing noticeably more natural images.

C. Additional Analysis on the Normal Stage

In this section, we present additional experimental results
and further analysis of the normal stage.

C.1. Effectiveness of the Normal Stage
We further explore the role of the normal stage, which re-
fines ϵE, derived from the easy stage, to produce ϵN. While
the easy stage enables ϵE to generate images aligned with
human preferences resulting in undistorted anatomical fea-
tures and poses, they still fall short of achieving the realism
found in real human portrait images. For example, as shown
in Figure 16, although the poses are largely free from dis-
tortion, they still appear somewhat unnatural compared to
those in real photographs. The normal stage enhances ϵE
by improving its ability to generate compositions and poses
that are not only distortion-free but also realistic, closely
mirroring those found in the real dataset. Figure 16 illus-
trates that ϵN achieves significantly more realistic composi-
tions and poses, derived from real human portrait images,
than ϵE.

C.2. Intermediate Domains
In the normal stage, we introduce intermediate domains for
winning images. Figure 17 illustrates the outcomes of the
SDRecon operation used to create these intermediate do-
mains, along with the winning images employed during the
normal stage.

C.2.1. Intermediate domains with SDRecon
As shown in Figure 17, we use 10 intermediate domains, la-
beled from t1 to tT . While t1 is nearly identical to a real im-
age, tT resembles a generated image, retaining little of the
real image’s original features. As the transition progresses
from t1 to tT , the characteristics of the real image gradually
fade, increasingly resembling those of a generated image.
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Figure 14. Visualization of the image pool. This figure shows the image pool with the size of 20 for the prompt in the leftmost column.
The column labeled as 1st contains images with the highest PickScore, while the column labeled as 20th contains images with the 20th
highest PickScore, i.e., the lowest PickScore, in the image pool. By selecting the image with the highest PickScore from this image pool
as the winning image and the image with the 20th highest PickScore as the losing image, we magnify the semantic differences between the
winning and losing images.
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑) Hue (↓)

Base (ϵbase) 21.7364 0.2819 -0.0665 6.1061 29.72 37.34 0.9058 0.9573 18.73 -
N = 2 22.1939 0.2854 0.3610 6.1408 30.66 34.44 0.8887 0.9472 18.96 10.24
N > 2 (ϵ̂E) 22.5688 0.2872 0.7830 6.2544 31.50 37.29 0.8879 0.9471 27.20 98.54
N > 2 (ϵ̂E) + β ↑ 22.2506 0.2864 0.5435 6.1129 31.30 36.00 0.8416 0.9141 19.17 23.77
N > 2 (ϵ̂E) + LAN 22.6474 0.2885 0.7677 6.1899 31.60 37.08 0.9086 0.9521 18.65 16.13
N > 2 + Lstat (ϵE) 22.5384 0.2878 0.7146 6.1775 31.56 36.00 0.9057 0.9547 19.58 27.94

Table 7. Quantitative analysis of the easy stage. For DE, N = 2 generates exactly two images per prompt, while N > 2 builds an image
pool. N > 2 + β ↑, N > 2+ LAN, and N > 2 + Lstat add regularization to address the color shift artifacts in N > 2. Specifically,
N > 2 + β ↑ applies a higher β, which is a strength of the original regularization in LD-DPO, N > 2+ LAN applies latent adaptive
normalization (Section B.3), and N > 2 + Lstat integrates Lstat. Bold text and underlined text indicate the best and second-best results,
respectively. The row corresponding to the proposed training configuration in the easy stage is highlighted in blue.

Mean Standard deviation

Cosine distance 0.2035 0.0005

Table 8. Difference of channel-wise statistics between winning
and losing images. Cosine distance of channel-wise statistics of
encoded latents of winning and losing images. For the encoding,
we use the encoder of VAE [33] used in HG-DPO.

Specifically, fine-detail information is lost first, followed by
the loss of pose information.

C.2.2. Winning images from the intermediate domains
As depicted in Figure 17, we select four intermediate do-
mains, t4 through t7, as candidates for the winning images
in the normal stage. This is because the our qualitative anal-
ysis reveals that these domains generally retain the realistic
pose of the real image while exhibiting fine details resem-
bling those of generated images. Among these candidates,
the image with the highest PickScore [34] is chosen as the
winning image.

D. Additional Analysis on the Hard Stage
In this section, we present additional experimental results
and further analysis of the hard stage.

D.1. Effectiveness of the Hard Stage
We investigate the impact of the hard stage, which refines
ϵN, obtained from the normal stage, to produce ϵH. While
ϵN achieves realistic composition and poses during the nor-
mal stage, it struggles to generate fine details. For instance,
as shown in Figures 18, 19, 20, and 21, ϵN 1) fails to ac-
curately depict fine facial features such as eyes and lips, 2)
requires better shading, and 3) suffers from image blurri-
ness. Although these details may seem minor, they play a
crucial role in achieving overall image realism. The hard
stage addresses these limitations by enhancing ϵN, resulting
in ϵH, which excels in generating realistic fine details. Fig-
ures 18, 19, 20, and 21 illustrate that ϵH effectively produces

Figure 15. Qualitative enhancements achieved with the statis-
tics matching loss. The statistics matching loss effectively re-
moves the color shift artifacts, leading to the generation of signifi-
cantly more natural images.

fine details that ϵN cannot, significantly improving image re-
alism. As shown in Figure 22, in a user study comparing ϵN
and ϵH, ϵH is rated higher, further demonstrating its effec-
tiveness.
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Figure 16. Qualitative advancements achieved through the normal stage. ϵN, derived by refining ϵE through the normal stage, generates
images with more realistic compositions and poses compared to ϵE.

D.2. Winning Images of the Hard Stage

In the hard stage, we employ images from the intermediate
domain t1 as winning images instead of real images. As
illustrated in Figure 17, images from the intermediate do-
main t1 are visually nearly indistinguishable from real hu-
man portrait images, making this approach effectively com-
parable to using real images directly as winning images.
This choice is motivated by the observation that, while real
images and intermediate domain t1 images appear almost
identical to the human eye, utilizing intermediate domain
images leads to slightly better quantitative performance.
Specifically, as demonstrated in Table 9, the model trained
with intermediate domain t1 images achieves results similar
to those trained with real images, with a slight improvement

in CI-Q scores.

D.3. Effectiveness of the Enhanced Text Encoder
We train the text encoder during the easy stage to en-
hance image-text alignment and employ it alongside ϵH,
derived from the hard stage, during inference. As shown
in Figure 23, the enhanced text encoder effectively im-
proves image-text alignment without compromising the im-
age quality achieved by ϵH.

E. Limitations
Through a three-stage training pipeline, HG-DPO enhances
the base model to generate not only realistic anatomical fea-
tures and poses but also fine details with greater realism.
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Figure 17. Visualization of the intermediate domains. The images labeled t1 to tT are reconstructed from real images using the SDRecon
operation. The image labeled generated image is produced via text-to-image generation based on the caption of the real image. As the labels
progress toward tT , SDRecon applies increasingly stronger noise to the real image, causing it to lose more of its original characteristics
and resemble the generated image more closely. For the normal stage, we select four intermediate domains, t4 to t7, as candidates for
winning images, because they maintain the realistic pose of the real image while adopting the fine details typical of the generated image.
The image with the highest PickScore among these candidates is chosen as the winning image.
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Figure 18. Qualitative advancements achieved through the hard stage. ϵH, derived by refining ϵN through the hard stage, generates
finer details, especially more realistic depictions of the eyes, compared to ϵN as shown in the red box.
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Figure 19. Qualitative advancements achieved through the hard stage. ϵH, derived by refining ϵN through the hard stage, generates
finer details, especially more realistic depictions of the gaze, compared to ϵN as shown in the red box.

19



Figure 20. Qualitative advancements achieved through the hard stage. ϵH, derived by refining ϵN through the hard stage, generates
finer details, especially more realistic depictions of the lips, compared to ϵN as shown in the red box.
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Figure 21. Qualitative advancements achieved through the hard stage. ϵH, derived by refining ϵN through the hard stage, generates
sharper images with improved fine details, particularly exhibiting more vivid and realistic shading, compared to ϵN.
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Figure 22. User study comparing a model trained up to the
normal stage (ϵN) with one trained through the hard stage (ϵH).
Participants were tasked with choosing the image that exhibited
higher realism and better alignment with the given prompt from
the outputs of the two models. The model trained through the hard
stage achieves higher human evaluation scores due to its ability to
generate finer details with greater realism compared to the model
trained only up to the normal stage.

Despite these improvements, HG-DPO does not address the
generation of realistic fingers. As shown in Figure 24, HG-
DPO produces an image with sharper and more realistic fine
details compared to the base model. However, the generated
fingers remain notably unrealistic.

F. Implementation Details
In this section, we provide implementation details on train-
ing and inference.

F.1. Details on Supervised Fine-Tuning
First, we introduce the method for obtaining ϵbase through
supervised fine-tuning.

Text-to-image dataset. We collected approximately 300k
high-quality human images. Each image has a resolution of
704 × 1024. We use LLaVa [41] to generate text prompts
for all the collected images for training. This text-to-image
dataset corresponds to Dreal in our manuscript.

Furthermore, we use Qwen2-VL [81] for visual question
answering to analyze distribution of this dataset, which in-
cludes 40.7% male and 59.3% female, and 24.45% child,
2.82% teenager, 41.00% youth, 31.61% adult, and 0.12%
elderly. While the proportions of teenagers and elderly ap-
pear small, images in these groups may have been reason-
ably classified into adjacent categories (e.g., teenagers as
child/youth, elderly as adult).

Architecture. We employ Stable Diffusion 1.5
(SD1.5) [64], which is pre-trained with large text-to-
image datasets, as our backbone model. More specifically,

Figure 23. Qualitative advancements achieved through the
text encoder enhancement. By training the text encoder through
the easy stage and incorporating it with ϵH during inference, we
achieve improved image-text alignment compared to using ϵH
alone. Moreover, the use of the enhanced text encoder does not
compromise the image quality produced by ϵH.

we use majicmix-v7 [1], a fine-tuned model of SD1.5
specialized in human generation. We further fine-tune this
backbone model with Dreal, to obtain our base model, ϵbase.

Loss function. For fine-tuning, we use the noise predic-
tion loss [27]. Also, we use DDPM noise scheduler [27] for
the forward diffusion process during training.

F.2. Details on HG-DPO Training

In this section, we provide details on how to improve ϵbase
using HG-DPO.
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Model P-Score (↑) HPS (↑) I-Reward (↑) AES (↑) CLIP (↑) FID (↓) CI-Q (↑) CI-S (↑) ATHEC (↑)

Real 22.4773 0.2857 0.5388 6.1953 30.99 28.56 0.9298 0.9885 29.13
Intermediate t1 22.4698 0.2867 0.5791 6.1955 31.15 28.66 0.9365 0.9859 30.08

Table 9. Quantitative results based on the type of images used as winning images in the hard stage. The row labeled Real displays
the results for the model trained with real images as winning images, while the row labeled Intermediate t1 shows the results for the model
trained using images from the intermediate domain t1 as winning images. Bold text indicates the best results. The row corresponding to
the proposed training configuration in the hard stage is highlighted in blue.

F.2.1. Architecture
U-Net. Instead of training the all parameters of ϵbase
through HG-DPO, we attach LoRA [29] layers to the all
linear layers in the attention modules and only train them.
We set LoRA rank as 8.

Text encoder. When training the text encoder, we also at-
tach LoRA [29] layers to the all linear layers in the attention
modules and only train them. For the text encoder, we set
LoRA rank as 64.

F.2.2. Loss function
DPO loss. We adopt the objective function of Diffusion-
DPO (LD-DPO) [78] with β = 2500. For LD-DPO, we use
DDPM noise scheduler [27] for the forward diffusion pro-
cess.

Statistics matching loss. For the statistics matching loss
(Lstat), we set λstat = 10000. Also, for the latent sam-
pling in Lstat, we use DDPM sampler [27]. We tried DDIM
sampler [72], but there was no significant difference. In ad-
dition, classifier-free guidance [26] is not used during the
latent sampling in Lstat.

F.2.3. Optimization
For the optimization, we set the local batch size to four,
which corresponds to the total batch size to 16 because we
used four NVIDIA A100 GPUs. As an optimizer, we use
the 8-bit Adam optimizer [15] with β1 and β2 of the Adam
optimizer to 0.9 and 0.999, respectively, and the learning
rate to 1e − 5. Additionally, we utilize mixed precision for
efficient training. For the easy, normal, and hard stages, we
update the model for 300k, 20k, and 20k steps, respectively.

F.2.4. Dataset
Image pool. For the image pool generation, we simply
use the prompt set from Dreal. Furthermore, as shown in
Figure 14, we generate 20 images per prompt for the image
pool, which corresponds to N = 20 in our manuscript.

Intermediate domains. For the intermediate domains,
we introduce 10 intermediate domains from t1 to tT=10 as
shown in Figure 17. These 10 domains are generated by
evenly dividing the diffusion timesteps from 1 to 1000 into

Figure 24. Qualitative results illustrating the limitations of
HG-DPO. While HG-DPO significantly improves the base model
in generating more realistic human images, it still struggles to ac-
curately synthesize fingers.

Figure 25. User study interface. We conduct the user study by
providing a prompt and two images, asking users to choose the
one that appeared more realistic considering the given prompt.

10 intervals. Specifically, we set t1 = 100, t2 = 200, ...,
tT = 1000. Then, we set tr = t4 and tg = t7 for candidates
of winning images as shown in Figure 17.
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F.3. Adaptation to Personalized T2I model
To adapt HG-DPO to the personalized T2I model, we firstly
trained InstantBooth [69] using ϵbase as the backbone. Af-
ter training InstantBooth, we can seamlessly adapt the pre-
trained HG-DPO LoRA layers to InstantBooth because they
share the same backbone, ϵbase.

F.4. Details on Image Sampling
Sampling method. DPMSolverMultistepScheduler [46]
in diffusers [77] is used with the step size of 50 for
sampling the images, using classifier-free guidance [26]
with the guidance scale of 5.0.

LoRA configuration. In addition, the LoRA weight of
0.5 is applied to both the U-Net and the text encoder. The
LoRA layers in the text encoder are specifically trained to
improve image-text alignment rather than visual quality, so
they are applied only to a subset of inference timesteps near
the noise. Specifically, the text encoder’s LoRA layers are
activated during inference timesteps 900 to 1000. Addi-
tionally, as ϵH focuses on enhancing visual fine details, its
LoRA layers are applied solely to the upsampling blocks
of the U-Net, while the remaining U-Net blocks are frozen.
This approach is chosen because qualitative analysis sug-
gested that applying ϵH’s LoRA layers to all U-Net blocks
reduces image diversity. This method allows for improved
image quality while preserving diversity as much as possi-
ble.

F.5. Details on User Study
In Figures 11 and 22, we present the results of user studies.
Each participant was tasked with selecting one of two im-
ages that best aligned with the given prompt and appeared
more realistic. Here, these two images are generated by the
models being compared. Evaluations were conducted using
a web-based user interface, as illustrated in Figure 25.

G. Broader Impacts
We recognize the potential negative societal impacts of our
work. Since our method can generate high-quality human
images, it could be misused to create malicious fake images,
especially when combined with personalized T2I models. It
can cause significant harm to specific individuals. However,
our work can also have positive impacts on society when
used beneficially, such as in the entertainment or film in-
dustries. For instance, users can create desired high-quality
profile pictures using text input. It highlights the beneficial
uses of our work.
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