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Abstract

Pose-Guided Person Image Synthesis (PGPIS) aims to
transfer a person from a source image to a target pose (e.g.,
skeleton) while preserving their original appearance. Al-
though existing methods can produce high-quality results at
first glance, they often suffer from noticeable distortions in
fine details. We identify the root cause of these issues as the
heavy reliance on pre-trained encoders for extracting visual
features from the source image. To address this, we propose
a novel Query Enhancement Network composed of two key
components: the Query-based Feature Fusion Transformer
(QFFT) and Pose-Masked Attention (PMA). The QFFT uses
learnable queries to fuses multi-scale features from high to
low resolution extracted by the backbone encoder, thereby
significantly enhancing the realism of texture details in the
generated images. To better capture the relationship be-
tween pose information and visual features from the source
image, we introduce PMA that uses the pose skeleton as a
mask to guide the attention mechanism to focus on the pose
regions. Our method produces high-quality, visually coher-
ent results and outperforms existing approaches on stan-
dard evaluation metrics, including FID, SSIM, and LPIPS,
demonstrating its effectiveness on the DeepFashion dataset.

1. Introduction

Pose-guided person image synthesis (PGPIS) aims to
transfer the appearance of a source person onto a specified
target pose, facilitating various applications such as virtual
reality and [14]. Additionally, images generated by PG-
PIS can serve as valuable augmented data for downstream
tasks, including person re-identification and fashion Image
classification [6, 36, 41]. Despite its considerable promise,
PGPIS is challenging due to substantial discrepancies be-
tween source and target poses. These differences often hin-
der the accurate preservation of a subject’s identity and de-
tailed clothing features. Furthermore, achieving visual con-
sistency while maintaining image realism poses another ma-
jor difficulty.

To address these challenges, early methods pre-
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Figure 1. A simplified pipeline of our method: black lines indicate
existing components, while red lines represent our proposed addi-
tions. (a) We replace the original CLIP encoder with Query-based
Feature Fusion Transformer. (b) We additionally introduce a pose
mask generated from the pose skeleton to help the model enhance
its perception of fine details.

dominantly relied on Generative Adversarial Networks
(GANs) [4, 7, 11, 13, 18, 20, 21, 25, 29, 30, 34, 37, 40].
Recently, diffusion models [9, 31] have emerged as robust
alternatives, capable of generating high-quality images by
progressively refining noisy inputs through iterative denois-
ing steps. Numerous diffusion-based techniques have thus
been developed for PGPIS [1, 8, 12, 17, 33, 35], leverag-
ing various strategies to preserve subject details and image
realism. For instance, some methods utilize disentangled
guidance [1, 8] or structured denoising processes [26, 39]
to enhance visual consistency, while others employ auxil-
iary feature extractors to maintain fine-grained characteris-
tics of the source image [12, 33]. Among these, CLIP has
gained particular prominence due to its training on large-
scale image—text paired datasets. The resulting image em-
beddings effectively capture rich visual content and stylis-
tic attributes, offering notable advantages in both seman-
tic alignment and visual coherence. PCDMs [33] leverage
multi-stage diffusion inference along with auxiliary models



such as CLIP [28] and DINOv?2 for detailed feature extrac-
tion. Another representative approach, MCLD [12], selec-
tively extracts critical regions (e.g., face and clothing) in-
stead of uniformly processing the entire image.

While leveraging auxiliary vision-language models like
CLIP [28] has demonstrated effectiveness in preserving se-
mantic coherence, such approaches also come with notable
limitations. First, CLIP is trained using a contrastive loss
function that maximizes similarity between matched image-
text pairs while minimizing similarity between mismatched
pairs. Although powerful in capturing general semantic
correspondences, this training approach tends to sacrifice
sensitivity to fine-grained visual distinctions. As a result,
methods relying solely on CLIP may fail to adequately dis-
tinguish subtle but visually significant differences in tex-
tures or shapes. Second, CLIP’s Vision Transformer (ViT)
encoder accepts input images at a fixed resolution (up to
3842 pixels), inherently limiting the model’s ability to pro-
cess higher-resolution images. Consequently, these meth-
ods may underperform in scenarios requiring precise spatial
recognition or detailed visual synthesis (e.g., logos on cloth-
ing). Thus, a more flexible feature extraction approach that
is sensitive to fine-grained details and capable of handling
higher-resolution inputs remains desirable.

To tackle these limitations, we propose a novel Query
Enhancement Network for PGPIS. In contrast to conven-
tional image-to-image paradigms in Stable Diffusion, which
typically rely on pretrained CLIP models to extract im-
age features as conditions, our approach replaces CLIP
with a Query-based Feature Fusion Transformer (QFFT),
as illustrated in Fig. 1(a). This transformer employs a
set of learnable query vectors, which are randomly initial-
ized and iteratively refined through cross-attention layers to
progressively extract fine-grained, identity-preserving fea-
tures across multiple levels. To further guide the model
in focusing on pose-relevant regions, we introduce a Pose-
Aware Attention Mask derived from the target pose skele-
ton, shown in Fig. 1(b). This mask is injected into a special-
ized attention mechanism that dynamically modulates the
focus on critical areas such as joints and limb boundaries,
enabling more precise synthesis of structural details.

Our contributions can be summarized as follows:

‘We propose the Query-based Feature Fusion Transformer
(QFFT) to replace the pre-trained CLIP encoder, enabling
more effective fusion of multi-level features. This en-
hances both identity preservation and visual realism.

We design a Pose-Aware Attention Mask integrated into
ControlNet to selectively emphasize pose-critical regions.
This targeted attention mechanism improves the synthesis
of intricate visual details and spatial accuracy.
Experimental results show that the proposed method
achieves state-of-the-art results on the DeepFashion [15]
dataset, surpassing the state-of-the-art methods by +0.2%
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in SSIM and +1.7% in LPIPS, alongside consistent qual-
itative improvements.

2. Related Work

Pose-guided person image synthesis (PGPIS) has evolved
substantially from its GAN-based origins. Ma et al. [20]
first introduced the task using GANs, prompting diverse
approaches to model pose transfer via affine transforma-
tions [34], flow-based warping [11, 29], and semantic re-
gion decomposition [37]. Despite these efforts, early mod-
els struggled with texture distortions and poor semantic
consistency across transformed poses. UV mapping tech-
niques [7] attempted to establish spatial correspondences
between pose and appearance but remained limited in pre-
serving fine-grained visual details. With the advent of dif-
fusion models [9, 31], PGPIS experienced significant im-
provements in synthesis quality. PIDM [1] pioneered the
use of pixel-level diffusion conditioned on 2D poses, while
latent diffusion improved computational efficiency. Fur-
ther advancements include PoCoLD [8], which leverages
3D pose conditioning for better structural modeling, and
MCLD [12], which disentangles body regions to enhance
identity preservation.

To improve semantic alignment, recent methods inte-
grate auxiliary vision-language models like CLIP [28], as
seen in PCDMs [33]. These approaches enrich feature rep-
resentations but suffer from CLIP’s fixed input resolution
and its contrastive training objective, which limits sensitiv-
ity to fine-grained texture differences. In contrast, the pro-
posed Query Enhancement Network addresses these chal-
lenges by replacing fixed encoders with the Query-based
Feature Fusion Transformer (QFFT) and introducing Pose-
Masked Attention (PMA). This combination enables adap-
tive multi-resolution feature integration and pose-guided at-
tention, leading to more accurate structural rendering and
enhanced texture realism in synthesized person images.

3. Method

3.1. Preliminary

Stable Diffusion. Our model builds on Stable Diffu-
sion [31], a text-to-image latent diffusion model com-
prising two main components: a Variational Autoencoder
(VAE) [5] and a U-Net based denoising network [32]. The
VAE encodes images from pixel space into compact latent
representations, and the UNet predicts the noise added to
these latent variables. The training procedure follows the
Denoising Diffusion Probabilistic Model (DDPM) frame-
work [9], which defines a forward diffusion process that
gradually corrupts the data and a backward process that
learns to recover the original signal.

In the forward process, or diffusion process, Gaussian
noise is progressively added to the latent variable zy over
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Figure 2. The overall pipeline of our Query Enhancement Network, which is built upon Stable Diffusion. For clarity and to highlight the key
components of the proposed framework, the encoder and decoder of the VAE are intentionally omitted here. Additionally, we introduce a
mask generated from the skeleton.(a) Through our Query Feature Fusion Transformer, the learnable query progressively integrates features
of different resolutions. (b) The mask is introduced into the transformer to enhance texture detail.

T = 1000 steps, where ¢ € [1,1000]:
Ty = /0o + V 1— 6(156,

where & is derived from a fixed variance schedule, and € is
sampled from a standard Gaussian distribution.

The backward process, or denoising process, trains the
UNet ey (x4, t, ¢) to predict the noise € from the noisy latent
x, conditioned on ¢ and an additional embedding c. The
objective is to recover the clean latent from its noisy coun-
terpart. The training loss is formulated as:

ey

2

Lmse - Emg,c,e,t [HE - 69(xtat7c)”g] .

ControlNet. To enable controllability in the image gen-
eration process, ControlNet [38] extends Stable Diffusion
by introducing external conditional inputs. The key idea
is to augment the original U-Net architecture with a learn-
able and lightweight control branch. Specifically, Control-
Net duplicates the U-Net’s downsampling blocks and mid-
dle block, inserting specialized layers known as “zero con-
volutions” into these copies. The outputs from the control
branch are then injected into the corresponding skip con-
nections of the original U-Net as residuals, effectively bal-
ancing conditional guidance with generative consistency.
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3.2. Query Enhancement Network

Overview. Our proposed framework, illustrated in Fig. 2,
enhances Stable Diffusion for pose-guided person image
synthesis by introducing two key modules: the Query-
based Feature Fusion Transformer (QFFT) and Pose-
Masked Attention (PMA). Given training inputs 7
T, Tg, Tsp, Typ, Where xg is the source image, x, is the
ground truth, x, is the source pose, and xy, is the tar-
get pose, the goal is to generate a person image that pre-
serves the identity and appearance of x, while matching
the structure of x,. The source image x is first encoded
by a multi-scale backbone, yielding hierarchical features
F, = [F1, Fy, F5, Fy]. To prevent the direct use of F; from
introducing redundant or misaligned information, we de-
sign the Query-based Feature Fusion Transformer (QFFT).
QFFT employs a set of learnable queries that progressively
fuse features from different scales through a cross-attention
followed by self-attention mechanism. Specifically, local
queries capture fine-grained textures, while global queries
encode holistic appearance and structural information, pro-
ducing a unified, identity-preserving representation to con-
dition the diffusion process.

To further enhance control over human structure, we in-
tegrate Pose-Masked Attention (PMA) into the ControlNet



branch of Stable Diffusion. PMA leverages a binary mask
derived from the target pose x4, to guide the attention mech-
anism, focusing it on body-relevant regions in the latent
space. This spatial prior ensures accurate synthesis of limb
positions and joint relations, while preserving global con-
sistency through unrestricted global queries. The training
objective combines a noise prediction loss Ly that su-
pervises the recovery of the clean latent from the ground
truth z, and an auxiliary source-to-source reconstruction
loss Ly conditioned on the source pose x, that encour-
ages detailed appearance preservation and pose alignment.
Together, QFFT and PMA enhance the controllability and
fidelity of the generated images, effectively addressing chal-
lenges in pose-guided person image synthesis.

Query-based Feature Fusion Transformer. In contrast
to prior methods that rely on CLIP-based embeddings for
conditioning, we propose the Query-based Feature Fusion
Transformer (QFFT) to directly fuse multi-scale features Fg
extracted from the source image. While the idea of using
learnable queries is common in recent architectures such as
Q-Former [10], our design explicitly separates the queries
into local queries (Q);) and global queries (Q,), each serving
distinct roles in the fusion process. The local queries are
dedicated to capturing salient fine-grained features, such as
textures and material details, through cross-attention with
the hierarchical features F. In contrast, the global queries
are designed to aggregate holistic appearance and structural
information across the entire image by attending to all local
queries via self-attention.

Formally, in the cross-attention stage, each local query
in (Q; interacts sequentially with the feature maps F; where
i € 1,2,3,4, acting as queries (), while F; serve as keys
K and values V. This step enables the local queries to se-
lectively gather useful regional details across resolutions.
Subsequently, the local and global queries are concatenated
and processed together via self-attention, where the global
queries capture the overarching semantics and reinforce
the local queries by contextualizing them within the global
structure of the person. This two-stage attention strategy,
which first refines local details and then aggregates global
information, yields a unified and compact representation
that retains both critical identity features and pose-relevant
structures. With this design, QFFT provides the diffusion
model with conditioning features that balance fine-grained
texture fidelity with overall structural coherence.

Pose-Masked Attention. To better capture the relation-
ship between pose information and source image features
in the latent space z;, we propose the Pose-Masked Atten-
tion (PMA) module. PMA is designed to enhance atten-
tion between human-centric regions in z; and the learnable
queries, ensuring that pose guidance is explicitly injected
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into the feature interaction process. Concretely, we first di-

vide z; into L non-overlapping patches of size p X p, and

project them into query embeddings @) = Wjz;. Simulta-

neously, the learnable feature queries (), are projected into

keys K = W,Qr, and values V' = W, Q1. The attention is
A = softmax (QK

computed as:
v,
Vg )

where dy, is the dimension of the key vectors, used to nor-
malize the dot product and ensure numerical stability. To
focus attention on pose-relevant regions, PMA further intro-
duces a spatial mask M that modulates the attention com-
putation according to the target pose:

T

3)

QK"
Vdy,

A = softmax < + M ) V. 4@

The mask M is constructed from a binary pose mask
myp, which is generated by binarizing the target pose ),
and applying Gaussian blur to dilate the human body re-
gions. To align with the latent patch structure, m,, is parti-
tioned into L patches corresponding to z;, forming m;,

mz(;l), . ,m}(,L), where mg) = 1 if any pixel within the [-th

patch lies within the dilated pose region, and 0 otherwise.
This produces a spatial prior that emphasizes patches con-
taining human body information.

The set of learnable queries is defined as Q
{q(l)7 e q(N)}, encompassing both global and local
queries, each with distinct functional roles. To preserve the
global queries’ capacity to capture holistic semantics, we
explicitly exempt them from masking constraints, allowing
them to attend freely to all latent patches. Let M € REXN
denote the resulting attention mask matrix, where M;; con-
trols the interaction between the ¢-th latent patch and the
j-th query; here, ¢ indexes the latent patches of z; and j in-
dexes the queries in Q. The mask M is formally defined
as:

0 iftm{
0

—oo  otherwise.

=1,

M;; = if ¢\9) is global query, )

This masking strategy ensures that local queries attend
only to pose-relevant patches, effectively guiding the model
to focus on human body details. In contrast, global queries
remain unrestricted to maintain a coherent understanding of
the overall structure. By disentangling the attention path-
ways for local and global queries, PMA strikes a balance
between detailed pose fidelity and global semantic consis-
tency in the generated images.



3.3. Training Objective

The training objective of our model is designed to ensure
both faithful reconstruction of the target image and robust
alignment between pose and appearance features. The ini-
tial latent representation is obtained by encoding the ground
truth image x, using the VAE encoder, denoted as zp =
E(zy).

To guide the model in synthesizing the target pose xy,
conditioned on the source image x,, we formulate the pri-
mary objective as a noise prediction loss based on the de-
noising diffusion process:

Linge = Ezmzs,ww,e,t [H€ - 69(21&; t,xs, xtp)”%] ) (6)
where ¢ is the sampled Gaussian noise, ¢ is the diffusion
timestep, and €y is the model’s predicted noise given the
current noisy latent z;, timestep t, the source image x,
and the target pose wy,. This term supervises the model
to denoise the latent representation toward the correct target
pose.

Inspired by the dual-task learning strategy in DPTN [40],
we further introduce an auxiliary source-to-source recon-
struction loss, where the model is tasked with reconstruct-
ing the source image under the guidance of the source pose
Zsp. This auxiliary objective reinforces the model’s under-
standing of identity and appearance consistency:

2
Liee = Ezmws,azsp,e,t [H6 - 60(% t, s, xsp)”Q] . (N

Finally, the total loss is a simple summation of the two
terms, balancing the learning of target pose generation and
source appearance preservation:

Loverall = Lmse + Lrec~ (8)

This joint optimization not only stabilizes training but
also ensures that the model maintains fidelity in both pose
transfer and identity preservation.

4. Experiments

4.1. Setup

Datasets. We conduct experiments on the DeepFash-
ion [15] In-shop Clothes Retrieval Benchmark, which con-
tains 52,712 high-resolution person images. We use Open-
Pose [2] to extract 18 joint keypoints, constructing skeleton-
based pose representations. Following the data split defined
by GFLA [29], the dataset is partitioned into 101,966 train-
ing pairs and 8,570 testing pairs, where each pair depicts
the same person in different poses. This setup provides a
diverse and challenging benchmark for pose-guided person
image synthesis.
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Method Venue FID| LPIPS| SSIM{ PSNR?T
Evaluate on 256x176 resolution
PATN [44] CVPR 19’ 20.72 0.253 0.671 -
ADGAN [24] CVPR 20’ 14.54 0.225 0.673 -
GFLA [29] CVPR 20’ 9.82 0.187 0.708 -
PISE [37] CVPR 21’ 11.51 0224  0.653 -
SPGNetf [19] CVPR 21” 16.18 0.225 0.696 17.22
DPTN{ [40] CVPR 22’ 17.41 0.209 0.697 17.81
NTEDfT [30] CVPR 22’ 8.51 0.177 0.715 17.74
PIDM7 [1] CVPR 23’ 6.36 0.167 0.731 -
PoCoLD [8] ICCV 23’ 8.06 0.164  0.731 -
CFLD [17] CVPR 24’ 6.80 0.157 0.734  18.23
MCLD# [12] CVPR 25’ 6.69 0.148 0.751 18.84
Ours - 6.71 0.150  0.747  18.37
Evaluate on 512x352 resolution
CoCosNet2 [42] CVPR2I’ 13.12 0226  0.723 -
NTED 7 [30] CVPR 22’ 7.64 0.199 0.735 17.39
freqHPT [23] CVPRW 23’ 6.55 0202  0.745 -
WavelPT [22] ICCV 23’ 4.82 0242  0.741 -
CFLD [17] CVPR 24’ 7.14 0.181 0.747 17.65
MCLDi [12] CVPR 25’ 7.07 0.175 0.755 18.21
Ours - 7.04 0.172 0.757 18.01
Table 1. Qualitative comparison with state-of-the-art methods.

TWe follow the data splitting protocol from GFLA [29], and the
corresponding scores are evaluated and reported using the method
from CFLD [17], as it adopts the same validation set partitioning
strategy. £Results are obtained in their paper, since splitting pro-
tocol are identical.

Metrics. We evaluate the quality of generated images
using four objective metrics: Fréchet Inception Distance
(FID), Learned Perceptual Image Patch Similarity (LPIPS),
Structural Similarity Index Measure (SSIM), and Peak
Signal-to-Noise Ratio (PSNR). FID and LPIPS are feature-
based metrics computed from deep neural networks, with
FID measuring the Wasserstein-2 distance between feature
distributions extracted by a pre-trained Inception-v3 model,
and LPIPS quantifying perceptual similarity in the learned
feature space. SSIM and PSNR are pixel-level metrics that
assess structural and signal fidelity between the generated
and ground truth images.

Implementation Details. Our model is implemented
based on Stable Diffusion [31] (version 1.5), using Py-
Torch [27] and the HuggingFace Diffusers library. Both
source and target images are resized to 512 x 512. The
Query-based Feature Fusion Transformer adopts the Swin-
B [16] encoder pretrained on ImageNet [3].

4.2. Quantitative Comparison

We compare our method against 12 advanced approaches,
covering GAN-based, flow-based, attention-based, and
diffusion-based methods. Evaluations are conducted at two
resolutions, 256 x 176 and 512 x 352. As shown in Tab. 1,
our method consistently achieves state-of-the-art perfor-
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Figure 3. Qualitative comparison on the DeepFashion dataset. From left to right: source image, target pose, ground truth, DPTN, PIDM,
PCDMs, MCLD, and our method. Our approach produces superior image quality, more accurately reconstructing clothing patterns and
text, while effectively reducing distortion and deformation.

mance across multiple metrics at the higher resolution of method consistently yields visually superior results.
512 x 352. At 256 x 176, our performance is slightly lower We make three key observations from these compar-
than MCLD, which may be attributed to MCLD’s use of 3D isons. First, while both GAN-based and diffusion-based
pose information that offers more explicit structural con- baselines have made progress, most methods still struggle
straints. Furthermore, our FID score is marginally higher with accurately preserving fine clothing textures such as
than that of PIDM, possibly due to PIDM’s weighting strat- patterns, fabrics, and text. For example, other methods of-
egy, which aligns closely with the dataset distribution but ten generate distorted or blurred patterns when the clothing
tends to introduce overfitting. involves intricate designs. In contrast, our method, aided
Lo . by the Query-based Feature Fusion Transformer, better cap-
4.3. Qualitative Comparison tures and reconstructs these high-frequency details, leading
Fig. 3 presents a qualitative comparison of our method to clearer and more faithful appearance synthesis.
against recent state-of-the-art approaches on the Deep- Second, when large pose transformations are involved,
Fashion dataset. From left to right, each column shows prior methods frequently introduce artifacts such as dispro-
the source image, target pose, ground truth, DPTN[40], portionate limbs or structural misalignment. Our method
PIDM [1], PCDMs [33], MCLD [12], and our method. mitigates these issues, maintaining both the integrity of
Across a variety of poses, identities, and clothing styles, our the human body structure and the fidelity of clothing at-
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Method ~ PIDM [1]

12.8%

PCDMs [33]
18.7%

MCLD [12]
22.5%

Ours

46.0%

Preferences

Table 2. User Study about the preferences of generated images
towards ground truths.

Method  Queries Type PMA LPIPS| SSIMt
Evaluate on 256x176 resolution

B1 Local 0.161 0.724
B2 Local Eq. (9) 0.154 0.735
B3 Local+Global 0.158 0.731
B4 Local+Global Eg. (9) 0.151 0.741
Ours Local+Global Egq. (5) 0.150 0.747

Table 3. Qualitative comparison for ablation studies. This study
investigates the effects of different learnable query types in QFFT
and various masking mechanisms in PMA.

tributes. This improvement is mainly attributed to the Pose-
Masked Attention mechanism, which guides attention to-
wards human-centric regions, allowing the model to syn-
thesize complex pose changes with greater precision.

Lastly, in scenarios with occlusions or partially missing
information in the source image, our model demonstrates
a stronger ability to infer plausible completions, resulting
in more natural and coherent outputs. This is particularly
evident in cases where parts of the body or clothing are
not visible in the source image. Overall, these qualitative
results highlight our method’s ability to balance pose ac-
curacy, identity preservation, and fine-grained appearance
consistency better than existing alternatives.

4.4. User Study

The above quantitative and qualitative results demonstrate
that the method we proposed has significant advantages.
However, since the quality of PGPIS remains subjective, the
evaluation results may vary between individuals. To address
this, we conducted a user study using the Jab metric [1, 43]
to further validate the effectiveness of our approach. In this
study, participants were asked to select the image most sim-
ilar to the ground truth from a set of candidates, based on
three criteria: texture quality, texture preservation, and iden-
tity preservation. A total of 50 participants were recruited,
each completing 25 questions. The results of the study are
presented in Tab. 2. Compared to other methods, our ap-
proach achieves a score as high as 46.0%, surpassing the
second-best method by 23.5%. This demonstrates that our
method performs exceptionally well in preserving identity
and texture based on objective metrics.

4.5. Ablation Study

We conduct ablation studies to evaluate the contributions of
the Query-based Feature Fusion Transformer (QFFT) and
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Target

Pose

Figure 4. Qualitative ablation results. We evaluate the effective-
ness of the learnable query and mask, with the corresponding set-
tings detailed in Tab. 3. Our approach integrates both high-level
semantic features and low-level visual cues to achieve more pre-
cise results.

the Pose-Masked Attention (PMA) module. The quantita-
tive results are presented in Tab. 3, with corresponding qual-
itative examples in Fig. 4. As introduced in Sec. 3, QFFT
employs both local and global learnable queries for multi-
scale feature extraction. To isolate their effects, we sys-
tematically ablate the query types and observe the resulting
changes in performance.

Additionally, we examine the impact of different mask-
ing strategies in PMA. Specifically, we propose a simplified
attention mask defined by:

Mij{

Tab.3 summarizes the effects of query types and masking
strategies in PMA. We compare three configurations: dis-
abling masking, applying the simplified mask in Eq. 9 to
local queries, and applying the full mask in Eq. 5 to both
local and global queries. Models B1 and B2 use only local
queries, with B2 introducing the simplified mask, which al-
ready yields noticeable improvements in LPIPS and SSIM
by guiding attention towards pose-relevant regions. B3 and
B4 further incorporate global queries, with B4 applying
the simplified mask to local queries. While global queries
help, the gains are less substantial compared to the impact
of masking, suggesting that local queries interacting with
multi-scale features already encode partial global context.
Our complete model, combining both query types with the
full PMA masking strategy, achieves the best performance,
demonstrating the synergy between query design and pose-
aware attention for enhancing both perceptual quality and
structural fidelity.

it my =1, ©)

—oo  otherwise.



Figure 5. Qualitative results of Our Models for image appearance editing. The generated images preserve the identity and pose of the
source image while drawing on the clothing style from the reference image. For each example, the first row shows the reference image,

and the second row presents the corresponding generated image.

4.6. Image Appearance Editing

Our method leverages the flexibility and controllability in-
herent in diffusion models, enabling straightforward and ef-
fective appearance editing without the need for any addi-
tional training. Specifically, given a source image and a
reference image and a binary mask m that indicating the re-
gion in the source image to be edited. Our approach seam-
lessly integrates information from both images during the
sampling process. The noise prediction at each diffusion
timestep is decomposed into

€t)y=m-e+(1—m)- 2%,
src

where y$ Vay® ¢ + /1 — age as defined in Eq. (1).
This formulation allows the model to selectively apply
changes only within the masked region, while preserving
the original content outside of it. As a result, our method
generates realistic and detailed textures in the edited areas,
closely aligning with the appearance cues from the refer-
ence image. At the same time, it maintains the overall vi-
sual integrity and coherence of the source image, ensuring a
natural and seamless composition. The effectiveness of our
approach is demonstrated through various editing examples,
which are illustrated in Fig. 5.

5. Limitation and Future Work

Although the Query Enhancement Network can gener-
ate high-quality and realistic images on the DeepFashion
dataset, its performance significantly declines when applied
to in-the-wild datasets, which often contain complex back-
grounds and previously unseen visual patterns. This per-
formance gap underscores the model’s limited generaliza-
tion capability when exposed to data that deviates from the
structured and relatively clean training distribution. To ad-
dress this, our future research will focus on enhancing the
model’s adaptability and generative performance on more
diverse and unconstrained datasets. In addition, we plan to
explore the potential of extending this method to other chal-
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lenging downstream tasks that commonly face performance
bottlenecks due to insufficient or low-quality training data,
such as person re-identification. We aim to improve data
augmentation and cross-domain alignment in these con-
texts. Ultimately, our goal is to strengthen the model’s gen-
eralization ability and robustness across diverse real-world
applications, thereby providing more practical and impact-
ful generative technology support for other domains.

6. Conclusion

In this paper, we propose a novel Query Enhancement Net-
work designed for the Pose-Guided Person Image Syn-
thesis (PGPIS) task, with a particular focus on improving
the generation of fine-grained visual details. The core of
our approach comprises two key components: the Query-
based Feature Fusion Transformer (QFFT) and the Pose-
Masked Attention (PMA) module. QFFT is designed to ef-
fectively fuse multi-resolution visual features by a query-
driven mechanism, enabling the network to retain both
global structure and subtle appearance cues. Meanwhile,
PMA selectively attends to regions of interest based on pose
guidance, allowing the model to better preserve identity
information and spatial consistency during synthesis. To-
gether, these modules form a cohesive framework that sig-
nificantly enhances the quality of generated person images.
Extensive experiments conducted on Deepfashion dataset
demonstrate that our method achieves superior performance
compared to existing state-of-the-art approaches, as mea-
sured by both qualitatively and quantitatively.
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