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Abstract

Attribute-specific fashion retrieval aims to enhance fine-
grained image retrieval by emphasizing the similarity of spe-
cific attributes. Current methods primarily rely on attention
mechanisms to extract attribute-related visual features but
face two key challenges: the limitations of coarse-grained lo-
calization in achieving fine-grained accuracy, and an imbal-
ance between global and local perception, where excessive
focus on local features can undermine overall performance.
To address these issues, we propose the fashion microscope
ProFashion, which achieves pixel-level attribute awareness
through optimal transport and neural semantic aggregation.
The framework begins by employing optimal transport to
align semantic attributes with visual patterns from a global
perspective, generating an attribute-visual value map that
highlights distinctive regions while reducing interference.
This is followed by simulating the human brain’s perception
of attribute feature patterns through superpixel generation and
aggregation, capturing attribute-related features at the pixel
semantic level and forming key semantic clusters that pre-
serve microstructures. Building on this, an attribute graph is
constructed to facilitate feature clustering, significantly en-
hancing the framework’s capability to handle overlapping
features and cross-scale relationships. Comprehensive exper-
iments on the FashionAI, DeepFashion, and DARN datasets
demonstrate the framework’s effectiveness, achieving overall
MAP improvements of 3.11%, 3.70%, and 3.49%, respec-
tively. Additionally, the framework delivers relative average
throughput gains of 26.94%, 22.22%, and 24.78% on the
FashionAI, DeepFashion, and DARN datasets, respectively.

Introduction
Unlike traditional fashion image retrieval (Tran et al. 2019;
Liu et al. 2021a; Ma et al. 2022), the key difficulty of the
Attribute-Specific Fashion Retrieval (ASFR) lies in accu-
rately identifying attribute-relevant features or patterns in
images based on the given attributes and retrieving similar
images based on these features or patterns (Ma et al. 2020;
Song and Han 2022; Dong et al. 2023). For instance, given
a query image and an attribute (e.g., skirt length), ASFR
leverages the visual features of the image along with the
attribute to retrieve fashion images from the database that
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Figure 1: Examples of differences in the distribution of vi-
sual attribute values at different granularities: attribute, im-
ages, attention heatmap, and superpixel.

align with the desired attribute details (e.g., image featuring
ankle length). This joint image-text retrieval approach al-
lows for more accurate capture of fine-grained features, sig-
nificantly improving the relevance and precision of search
results (Veit, Belongie, and Karaletsos 2017; Dong et al.
2021; Jiao et al. 2022, 2023). This task is particularly chal-
lenging because spatially localized attribute patterns (e.g.,
neckline design, sleeve length) occupy only small regions
of the image, whereas globally distributed ones (e.g., fab-
ric, texture) exhibit heterogeneous and fragmented distribu-
tions. This necessitates both integrating multi-regional cues
and disentangling overlapping characteristics to capture the
discriminative representations, as illustrated in Figure 1.

In recent years, researchers have primarily focused on
attribute-guided attention mechanisms to capture attribute-
aware features. The ASEN model (Ma et al. 2020) pioneered
this direction by employing spatial and channel attention
for fine-grained feature extraction. Subsequent works intro-
duced ASEN variants (Yan et al. 2021; Wan et al. 2024; Yan
et al. 2022a; Dong et al. 2021), further refining visual at-
tribute representation. Advanced approaches enhanced fine-
grained modeling through repeated attention mechanisms
and attribute-aware transformers (Dong et al. 2023).

Despite their progress, existing studies still face criti-
cal limitations when addressing the inherent challenges of
ASFR: (1) Coarse-grained localization vs. fine-grained re-
quirements. Region-level attentions (Figure 1, middle row)
are geometrically divided units based on a regular grid,
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Figure 2: An overview of the proposed framework ProFashion.

which may fragment semantically coherent attributes across
multiple units, disrupting attribute integrity. (2) Imbalanced
global-local perception. The attention mechanism com-
putes query–key correlations independently, which produces
locally optimal weights and limits the ability to aggregate
global information, thereby inducing local bias. As a result,
existing attention mechanisms often emphasize salient but
irrelevant regions while overlooking attributes distributed
across the image. As shown in Figure 1 (sleeve length), such
focus misalignment impairs the perception of globally co-
herent attributes, including fabric and style, which require
the integration of both global context and local details.

Inspired by the hierarchical visual processing of the hu-
man perceptual system, we propose ProFashion, a progres-
sive framework for pixel-level fashion attribute perception
that integrates optimal transport, superpixel grouping, and
neural semantic aggregation. Unlike conventional region-
level attention mechanisms, our optimal transport module
not only models query–key correlations but also imposes
uniform distribution constraints on both queries and keys,
enabling a comprehensive consideration of global relation-
ships and effectively mitigating local bias. In parallel, the
superpixel grouping and clustering modules capture local-
ized attribute-level semantics to support fine-grained infer-
ence. Consequently, ProFashion achieves a balanced inte-
gration of global and local perception, effectively address-
ing the limitations of traditional attention mechanisms and
leading to significant performance improvements in ASFR.

In summary, We make three key contributions:

• We propose a hierarchical localization framework (re-
gion → patch → superpixel) that aligns visual patterns
and attribute semantics across multiple granularities.
By modeling pixel-level microstructures, our method
resolves feature-overlap ambiguity and achieves fine-
grained accuracy. To the best of our knowledge, this is

the first work addressing ASFR at superpixel granularity.
• We formulate attribute localization as a global optimiza-

tion problem via optimal transport theory, minimizing
Wasserstein distance to preserve key regions while sup-
pressing interference. Further, pixel-level semantic clus-
tering disentangles overlapping features by modeling lo-
cal dependencies, ensuring precise attribute separation.

• Comprehensive experiments conducted on the Fash-
ionAI, DeepFashion and DARN datasets validate the
efficacy of our framework, yielding overall MAP im-
provements of 3.11%, 3.70%, and 3.49%, respectively.
Otherwise, the framework achieves a 26.94%, 22.22%
and 24.78% relative average throughput on FashionAI,
DeepFashion, and DARN datasets, respectively.

Related Work
Attribute-Specific Fashion Retrieval
In recent years, the ASFR task has garnered significant at-
tention from academia and industry (Han et al. 2023; Yan
et al. 2022a; Jiao et al. 2023). Early work focused on cap-
turing attribute-aware visual features using attention mech-
anisms. As a seminal work in the ASFR field, CSNs (Veit,
Belongie, and Karaletsos 2017) used fixed masks to select
attribute-specific embedding dimensions for fine-grained
similarity measurement. ASEN (Ma et al. 2020) advanced
this by introducing Attribute-aware Spatial Attention (ASA)
and Attribute-aware Channel Attention (ACA), jointly learn-
ing multiple attribute-specific embeddings end-to-end. Sub-
sequent works built on ASA and ACA, including Yan et al.’s
hierarchical attribute embedding (Yan et al. 2021) and Wan
et al.’s parallel ASA and ACA application (Wan et al. 2024).
ISLN (Yan et al. 2022b) enhanced attribute-guided image
retrieval with iterative similarity learning, while AttnFash-
ion (Wan et al. 2022) mapped attributes to image regions
and semantics with adaptive feature fusion. MODC employs
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a deep learning-based online clustering method that explic-
itly optimizes clustering by jointly leveraging instance-level
and cluster-level triplet losses (Jiao et al. 2022). However,
region-based methods often introduce irrelevant background
noise due to coarse segmentation, limiting precise attribute
feature capture. Patch-based methods, such as Dong et al.’s
repeated ASA and ACA application (Dong et al. 2021) and
RPF’s transformer-based refinement (Dong et al. 2023), re-
duced noise but struggled with fixed patch segmentation,
failing to adapt to varying attribute shapes and scales. Recent
contrastive learning approaches with weak geometric dis-
tortion constraints (Xiao and Yamasaki 2025) or relational
knowledge distillation (Xiao and Yamasaki 2024) have im-
proved performance when integrated into existing models.

Despite these advances, two challenges persist: region-
level features introduce significant noise, and fixed patch-
level features cannot adapt to diverse attribute shapes and
scales. To address these, we propose a superpixel-based
method leveraging superpixel segmentation for semantically
consistent regions. This approach reduces noise and captures
attribute-relevant visual features with higher precision, of-
fering a finer-grained solution for ASFR.

Superpixel Generation
Superpixels are clusters of homogeneous pixels defined by
features like brightness, color, or texture (Barcelos et al.
2024). They serve as a key over-segmentation tool in com-
puter vision, grouping pixels into perceptually meaningful
regions (Kim, Park, and Shim 2023). Early methods like
SLIC (Achanta et al. 2012) are widely used for their simplic-
ity and efficiency. Recent advances leverage deep learning,
with CNNs and transformer-based architectures enabling
adaptive superpixel generation for applications like seman-
tic segmentation and object detection (Zhu et al. 2023; Shen
et al. 2016; Yu, Yang, and Liu 2021; Liu et al. 2021b).
Unsupervised and weakly supervised approaches reduce re-
liance on labeled data (Kwak, Hong, and Han 2017), while
lightweight models optimize efficiency for real-time pro-
cessing on resource-constrained devices (Shang et al. 2020;
Gendy, He, and Sabor 2023).

Superpixels may enhance fine-grained feature extraction
by capturing localized semantic regions (e.g., texture), im-
proving accuracy through context-aware segmentation while
preserving structural details efficiently. To our knowledge,
superpixels have not yet been applied to the ASFR task.

Methodology
Overview of ProFashion Framework
The ProFashion framework is as shown in Figure 2.
Specifically, this framework consists of two modules:
Region→Patch (RP) and Patch→Superpixel (PS). The RP
module extracts attribute-relevant visual region features
through attribute-image optimal transport, and then crops
the image based on these features to obtain visual fea-
ture patches. The PS module processes these visual fea-
ture blocks through superpixel generation and grouping, ob-
taining attribute-aware superpixel features. These features
are then utilized to construct attribute graphs and enhance

clustering via contrastive learning, ultimately producing at-
tribute centroids for subsequent retrieval tasks.

Region → Patch
We propose to formulate the visual attribute feature region
localization as an Optimal Transport (OT) (Villani 2009;
Sinkhorn and Knopp 1967) problem to align attribute distri-
butions with visual patterns to extract attribute-relevant re-
gions in images. This approach enables precise localization
of attribute-specific features from a globally optimal per-
spective, avoiding the loss of key attribute features. More
precisely, our objective is to effectively locate and learn
attribute-relevant features from those image regions, rather
than representing the entire image indiscriminately.

To localize attribute-relevant regions in an input attribute-
image pair (a, I), we compute an assignment matrix encod-
ing correlation scores between the attribute and visual fea-
tures. The correlation quantifies their similarity. The image
I is processed by a visual encoder to produce a feature map.
Concurrently, the attribute a is converted into an embedding
vector fa ∈ Rlm via an attribute embedding module. The
image’s one-dimensional patch sequence feature is reshaped
into a two-dimensional spatial feature map, fI ∈ Rlm×h×w,
using a 1×1 convolutional layer to preserve spatial structure
and semantic richness. A common strategy for computing
the correlation map between attributes and images is to use
cosine similarity as follows:

Ccor =
fafI

∥fa∥∥fI∥
∈ Rh×w. (1)

We adopt a global perspective to maximize total correla-
tion, deriving the optimal assignment matrix Π∗ rather than
performing individual matchings. Our OT method computes
query–key correlations while enforcing uniform distribution
constraints across queries and keys, allowing comprehensive
consideration of global weights and mitigating local bias.
Superpixel grouping and clustering capture local attribute-
level semantics for fine-grained inference. To avoid trivial
solutions, we represent source and target feature maps with
uniform empirical distributions µ and ν, and constrain the
marginals of Π to match them. The cost matrix is defined
as C = 1 − Ccor. We further employ entropy regulariza-
tion (Cuturi 2013) to accelerate computation via smoothed
optimization, formulated as:

Π∗ = arg min
Π∈Rh×w

+

h∑
i=1

w∑
j=1

CijΠij − λH(Π),

s.t. Π1w = µ, Π⊤1h = ν.

(2)

In this way, our method can simultaneously achieve both
global and local perception, overcoming the limitations of
traditional attention mechanisms. After identifying attribute-
relevant features in the image, we crop the features fI by
thresholding to retain high-weight regions, obtaining fpatch
for the PS module.

Patch → Superpixel
Superpixel Generation Although fpatch captures attribute-
relevant visual features, it includes some irrelevant elements.
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Method
MAP for each attribute Overall

MAPskirt sleeve coat pant collar lapel neckline neck
length length length length design design design design

CSN (Veit, Belongie, and Karaletsos 2017) 61.97 45.06 47.30 62.85 69.83 54.14 46.56 54.47 53.52
ASEN (Ma et al. 2020) 64.44 54.63 51.27 63.53 70.79 65.36 59.50 58.67 61.02
HAEN (Yan et al. 2021) 64.13 55.52 56.41 72.31 73.32 69.22 62.41 59.80 64.13

ASEN++ (Dong et al. 2021) 66.34 57.53 55.51 68.77 72.94 66.95 66.81 67.01 64.31
AttnFashion (Wan et al. 2022) 65.70 56.46 54.64 71.12 74.45 69.36 65.69 65.54 65.37

ISLN (Yan et al. 2022b) 65.91 58.83 56.45 71.22 74.53 70.55 65.71 65.61 66.10
RPF (Dong et al. 2023) 66.75 67.84 59.59 73.14 75.72 73.18 74.40 74.98 70.10

ASEN V2+PKD (Xiao and Yamasaki 2024) 69.28 62.13 59.72 73.08 80.11 74.08 68.98 70.04 68.48
ASEN V2+PT+PKD (Xiao and Yamasaki 2024) 68.94 62.13 60.88 73.56 78.20 77.77 69.94 69.32 69.14

ASEN+GeoDCL (Xiao and Yamasaki 2025) 65.20 53.95 50.42 67.10 76.32 70.47 64.60 67.55 62.81
ASEN V2+GeoDCL(Xiao and Yamasaki 2025) 68.71 59.18 55.54 70.72 77.14 73.03 68.49 69.25 66.48

RPF+GeoDCL (Xiao and Yamasaki 2025) 69.96 68.70 61.05 73.96 78.34 77.19 70.72 80.01 71.15

ProFashion 70.73 70.01 64.45 76.69 80.86 78.57 78.01 78.40 74.26

Table 1: Comparative evaluation (%) on FashionAI dataset. Top: Prior SOTA baselines; Middle: SOTA with knowledge distil-
lation enhancements; Bottom: Ours. Best in bold, second underlined.

To address this and enhance pixel-level microstructure anal-
ysis, inspired by the concept of pixel density (Ni et al. 2006;
Nishiwaki et al. 2013; Zhang et al. 2024), the pixel density
of pixel p is defined as:

ρp =
∑

q∈Np

ds(p, q)dc(p, q), (3)

where Np denotes the neighboring pixels around p, and
d(p, q) measures the similarity between pixels p and q. Ds

and Dc represent the Euclidean distances in the spatial and
color feature spaces, respectively, and are mapped to [0, 1]
via a Gaussian kernel to generate ds and dc as follows:

ds(p, q) = exp

(
−Ds(p, q)

2

2δ2s

)
, (4)

dc(p, q) = exp

(
−Dc(p, q)

2

2δ2c

)
, (5)

d(p, q) = dc(p, q) + αds(p, q). (6)
To enhance computational efficiency, we set Np at a

smaller size. Pixel density values are computed using Eq.
(3). Initial candidate pixels are randomly sampled and it-
eratively moved to high-density positions within a search
region (e.g., 3 × 3). Superpixels are generated based on
Eq. (6) and cluster centers for semantic partitioning. Us-
ing the OT assignment matrix Π∗ from Eq. (2), we calcu-
late mean correlations between superpixels and attributes to
select highly correlated superpixels for constructing the at-
tribute graph. This integrates OT with superpixel generation,
optimizing visual semantic partitioning and visual-textual
semantic alignment for fine-grained attribute-relevant visual
features fsu-pixel.

Attribute-relevant Visual Feature Clustering Consider-
ing that the same attribute pattern can manifest in various
forms, this paper constructs attribute graph and employs
clustering to identify the core representations for subsequent
prediction and retrieval tasks. We construct an attribute

graph G = (X,A) using the attributes of the fine-grained
superpixel fsu-pixel in the image. Let V = {v1, v2, . . . , vN}
represent a set of N nodes, each associated with m attribute
values, and let E denote the set of edges. Each node vi cor-
responds to a fine-grained superpixel feature Isu-pixel, with
its attributes reflecting the attribute values. The edges be-
tween nodes indicate whether two superpixel images share
common attribute values, while the weight wj represents the
cosine similarity of their attribute-relevant features. The at-
tribute matrix is denoted as X ∈ RN×D, and the original
adjacency matrix is denoted as A ∈ RN×N , and the degree
matrix of A is denoted as D ∈ RN×N . The non-symmetric
normalized Laplacian matrix X̃ = (I + D−1A)tX is used
to process the matrix X, where t represents the number of
layers of the Laplacian filter and X̃ is the smoothed attribute
matrix. Inspired by (Liu et al. 2023), we embed nodes into
a latent space through M parameter-untied MLP encoders
EviM

i=1, where each encoder processes the attribute matrix
X̃ and outputs ℓ2-normalized representations Evi(X̃). This
design constructs multiple semantic views without relying
on data augmentation, effectively mitigating semantic drift
in graph representation learning.

To enhance sample discriminative capability, we use high-
confidence clustering in a contrastive learning. We average
outputs from multiple encoders, denoted E(X̃), and apply
K-means clustering to obtain K clusters, with centroids Cp

used for prediction. High-confidence samples are selected
based on confidence score confj = exp

(
−∥Ej −Cp∥2

)
,

taking the top τ samples. These samples form K disjoint
clusters across M views. Reliable positive samples are en-
codings from the same cluster across views, while different
clusters provide hard negative samples. The training objec-
tive includes positive sample loss:

Lp =

∑K
p=1

∑M
i=1

∑M
j=1,i̸=j

∥∥Ci
p −Cj

p

∥∥2
2

2KM(M − 1)
, (7)
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Method MAP for each attribute Overall MAP
texture fabric shape part style

CSN (Veit, Belongie, and Karaletsos 2017) 14.09 6.39 11.07 5.13 3.49 8.01
ASEN (Ma et al. 2020) 15.01 7.32 13.32 6.27 3.85 9.14

AttnFashion (Wan et al. 2022) 12.90 6.34 11.38 5.24 4.20 8.01
ASEN++ (Dong et al. 2021) 15.60 7.67 14.31 6.60 4.07 9.64

RPF (Dong et al. 2023) 15.62 8.30 15.02 7.38 4.77 10.22

ASEN+GeoDCL (Xiao and Yamasaki 2025) 16.09 7.84 12.80 6.27 5.25 9.41
ASEN V2+GeoDCL (Xiao and Yamasaki 2025) 15.29 7.11 11.77 5.52 3.76 8.68

RPF+GeoDCL (Xiao and Yamasaki 2025) 16.69 8.95 15.47 8.02 5.19 10.80

ProFashion 20.51 11.98 19.45 9.06 8.12 14.50

Table 2: Comparative evaluation (%) on DeepFashion dataset.

Method
MAP for each attribute Overall

MAPclothes clothes clothes clothes clothes clothes collar sleeve sleeve
category button color length pattern shape shape length shape

CSN (Veit, Belongie, and Karaletsos 2017) 34.10 44.32 47.38 53.68 54.09 56.32 31.82 78.05 58.76 50.86
ASEN (Ma et al. 2020) 36.69 46.96 51.35 56.47 54.49 60.02 34.18 80.11 60.04 53.31
HAEN (Yan et al. 2021) 32.10 47.04 45.03 48.27 49.92 51.22 28.05 78.29 58.47 48.70

AttnFashion (Wan et al. 2022) 34.94 48.56 48.14 54.47 52.65 56.36 32.32 82.63 60.77 52.32
ISLN (Yan et al. 2022b) 38.84 51.26 52.67 56.55 53.85 58.34 36.64 82.74 61.28 54.68

ASEN++ (Dong et al. 2021) 40.15 50.42 53.78 60.38 57.39 59.88 37.65 83.91 60.70 55.94
RPF (Dong et al. 2023) 44.60 55.30 54.02 63.85 56.91 60.15 38.70 84.57 59.35 56.88

ProFashion 49.61 59.20 58.75 69.58 59.16 66.08 40.16 87.90 63.28 60.37

Table 3: Comparative evaluation (%) on DARN dataset.

and negative sample loss:

Ln =

∑K
p=1

∑K
q=1,p̸=q

∑M
i=1

∑M
j=1

∥∥Ci
p −Cj

q

∥∥2
2

2KM(K − 1)(M − 1)
. (8)

The total loss is:
L = Lp + βLn, (9)

where minimizing Lp enhances intra-cluster similarity and
Ln ensures inter-cluster separation, reducing false negatives.

Experiment
Experimental Setup
Datasets Following established practices in the field (Ma
et al. 2020; Dong et al. 2021, 2023; Jiao et al. 2023), we
evaluate ProFashion’s performance on three standard bench-
mark datasets: FashionAI (Zou et al. 2019), DeepFashion
(Liu et al. 2016), and DARN (Huang et al. 2015). The dataset
partitioning and preprocessing procedures remain consistent
with prior works. Notably, while images in DeepFashion
may have multiple attribute annotations, DARN and Fash-
ionAI label only a single attribute per image.

Baseline Models We select several representative base-
line methods for comparison: CSN (Veit, Belongie, and
Karaletsos 2017), ASEN (Ma et al. 2020), HAEN (Yan
et al. 2021), ISLN (Yan et al. 2022b), ASEN++ (Dong
et al. 2021), AttnFashion (Wan et al. 2022), and RPF (Dong
et al. 2023). Additionally, we include knowledge distillation-
enhanced approaches (GeoDCL (Xiao and Yamasaki 2025)
and PKD (Xiao and Yamasaki 2024)), all of which represent
the current State-Of-The-Art (SOTA) in this domain.

Implementation Details To ensure fair evaluation and
compatibility with baseline models, we report the mean av-
erage precision (MAP) for each attribute and the overall
MAP across all datasets. For our model architecture, we use
a CLIP (ViT-B/32) as the image encoder for the RP mod-
ule and a ViT-B/16 network pre-trained on ImageNet for the
PS module. Our training strategy follows a two-stage pro-
cedure, as outlined in (Dong et al. 2021): (1) Initial learning
rate of 1e−4, decaying by a factor of 0.3 every 3 epochs, for
a total of 50 epochs. (2) Learning rate reduced to 1e− 5, de-
caying by a factor of 0.95 per epoch, for a total of 50 epochs.
The optimal model is selected according to the average over-
all MAP of three datasets on their validation sets by grid-
search with three trials. Hyperparameters are set as follows:
Np = (7, 7) (Eq. (3)), δs = 60 (Eq. (4)), δc = 150 (Eq. (5)),
α = 0.1 (Eq. (6)), β = 0.5 (Eq. (9)), M = 3 (Eqs. (7)-(8)),
and τ = 0.5.

Performance Comparison
Comparative Analysis of Basic Performance Tables 1-3
show ProFashion outperforms all baselines, achieving Over-
all MAP improvements of 3.11%, 3.70%, and 3.49% over
prior SOTA (RPF+GeoDCL/RPF) on FashionAI, DeepFash-
ion, and DARN datasets, respectively. We observe that
ProFashion achieves consistent performance improvements
across all three datasets, demonstrating the effectiveness
of the proposed progressive fine-grained feature penetra-
tion framework in handling both global fine-grained at-
tributes and scenarios with overlapping attribute character-
istics. To further illustrate the strengths of ProFashion, we
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Method
DARN → FashionAI Overall

MAPsleeve
length

coat
length

neckline
design

ASEN (Ma et al. 2020) 29.36 25.08 16.86 23.35
ASEN++ (Dong et al. 2021) 30.56 26.08 17.26 24.31

RPF (Dong et al. 2023) 34.93 27.96 20.89 26.09

ProFashion 70.01 64.45 78.01 70.05
39.62 31.06 24.92 30.09

Method
FashionAI → DARN Overall

MAPsleeve
length

clothes
length

collar
shape

ASEN (Ma et al. 2020) 65.63 43.67 24.08 37.46
ASEN++ (Dong et al. 2021) 65.68 44.35 24.08 38.05

RPF (Dong et al. 2023) 66.14 44.87 23.62 38.81

ProFashion 87.90 69.58 40.16 66.29
68.78 48.35 28.21 41.95

Table 4: Cross-dataset evaluation performance. S → T de-
notes the setting of training on S dataset and evaluation on T
dataset. Within-dataset test results are underscored.

analyze its performance on individual attributes. Notably,
ProFashion substantial relative improvements of 34.26%
compared with RPF+GeoDCL on DeepFashion dataset, par-
ticularly in attributes such as texture (+22.89%), fabric
(+33.85%), and style (+54.67%). This strong performance,
especially in granular attributes like texture, fabric, and
style, suggests that ProFashion’s underlying architecture
and learning mechanisms are particularly adept at captur-
ing fine-grained visual cues and complex semantic relation-
ships crucial for distinguishing these detailed fashion char-
acteristics. These results highlight its superior global fine-
grained attribute pattern extraction capability. More impor-
tantly, our framework also demonstrates relative improve-
ments in distinguishing attributes that primarily focus on lo-
cal features (e.g., collar shape 9.85% on Deepfashion, neck
design 9.95% on FashionAI), indicating that it can effec-
tively handle both global and local fine-grained attributes.

Generalization on Out-of-domain Data We investigate
ProFashion’s generalization ability through cross-dataset
evaluation. As shown in Table 4, ProFashion achieves con-
sistent improvements over baseline models across all at-
tributes in bidirectional cross-dataset evaluations (DARN ↔
FashionAI). Notably, it surpasses RPF by 4.00% in over-
all MAP for DARN → FashionAI and 3.14% for the re-
verse transfer (FashionAI → DARN), demonstrating robust
knowledge transfer capabilities. However, label granularity
differences may lead to performance degradation: Overall
MAP drops by 39.96% (DARN→FashionAI) and 24.34%
(FashionAI→DARN) over to within-dataset evaluation.

Ablation Study
Effect of Key Component Table 5 shows the performance
variation when different framework components are system-
atically removed. Removing any module leads to significant
performance degradation, with the PS module having the
most substantial impact. Without the PS module, the model
cannot capture microstructural attribute patterns or identify

Method MAP for each attribute Overall
MAPtexture fabric shape part style

w/o RP 15.17 9.92 15.66 7.08 4.96 11.05
w/o PS 14.02 8.68 14.86 6.40 4.45 10.44

w/o Lp 18.46 10.64 17.08 8.91 7.49 12.55
w/o Ln 17.80 10.10 16.76 8.86 6.08 12.97

w/o Lp,Ln 17.26 9.71 16.52 8.50 6.76 12.60

ProFashion 20.51 11.98 19.45 9.06 8.12 14.50

Table 5: Ablation studies on DeepFashion dataset for the
contribution of ProFashion’s different components.

Method FashionAI DeepFashion DARN
OT → Attention 72.24 10.36 57.42
CLIP → ResNet 72.75 12.58 59.16

ProFashion (CLIP and OT) 74.26 14.50 60.37

Table 6: Ablation studies on three datasets for different RP
key component choices (overall MAP).

overlapping features, resulting in the largest performance
drop. This confirms that both RP and PS modules are es-
sential, with their synergy driving the framework’s effec-
tiveness. The loss function analysis in Table 5 reveals that
removing both Lp and Ln from Eq. (9) yields the lowest
MAP scores. In contrast, combining Ln and Lp achieves
optimal performance. This demonstrates that cluster refine-
ment using high-confidence samples consistently improves
model effectiveness.

Choice of Key Component Table 6 presents an abla-
tion study examining the core components of the RP mod-
ules. We systematically substitute CLIP (ViT-B/32) and OT
with ResNet and Attention mechanisms respectively, while
maintaining identical experimental conditions. The results
demonstrate that backbone encoder selection significantly
impacts performance. The larger encoders yield perfor-
mance gains. CLIP-based encoding consistently outper-
forms ResNet across all three datasets by 1.51%, 1.92%,
and 1.21% respectively. More critically, replacing OT with
attention mechanisms causes substantial performance drops
of 2.02%, 4.14%, and 2.95%. This degradation occurs be-
cause attention mechanisms primarily capture localized cor-
relations while neglecting the global feature interactions es-
sential for modeling complex attribute relationships. In con-
trast, OT’s global perspective preserves semantically impor-
tant features that attention-based approaches would other-
wise lose.

Effect of Training Data Size We evaluate ProFashion’s
performance across varying proportions of training data
from the DeepFashion dataset. Specifically, we randomly
selected 20%, 50%, and 80% of the training set for model
training and then assessed its performance on the test set.
As shown in the Figure 3 (a), the model’s performance im-
proves as the size of the annotated dataset increases. More-
over, compared to prior SOTA RPF, ProFashion exhibits
lower sensitivity to the annotated dataset.
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Figure 3: Performance under varying training sizes and hy-
perparameter sensitivity analysis on DeepFashion dataset.

Time Efficiency Analysis
Compared to RPF, ProFashion (ResNet) achieves a 26.94%,
22.22% and 24.78% relative average throughput on Fash-
ionAI, DeepFashion, and DARN datasets, ProFashion
(CLIP) shows a relative decrease in throughput of 0.56%,
8.36%, and 6.92%, respectively. This is due to the increased
inference time caused by the CLIP encoder, but it also
brings a greater improvement. CLIP-based encoding con-
sistently outperforms ResNet across all three datasets by
1.51%, 1.92%, and 1.21% respectively.

Hyperparameter Sensitivity Analysis
We assess the effects of hyperparameters α, β, and τ on
the DeepFashion dataset, with results shown in Figure 3 (b)-
(d). Our analysis shows that α and β are largely insensitive
within the 0.1–0.9 range, while τ is highly sensitive. The
MAP reaches its peak at τ = 50% and drops when τ devi-
ates from this value, likely due to overly confident pseudo-
labels causing confirmation bias or an insufficient number of
positive samples limiting the network’s discriminative abil-
ity. Overall, most hyperparameters exhibit low sensitivity
and do not constrain the method’s applicability.

Visualization Analysis
Figure 4 shows visualization examples in the context of fash-
ion attribute analysis. The first row of images displays the
original clothing images, each representing a different fash-
ion attribute. The second row shows the attention heatmaps
corresponding to the attributes displayed in the first row.
These heatmaps provide insights into the image regions the
model focuses on when making attribute predictions, al-
though some attributes may exhibit bias or introduce ir-
relevant noise. The third row displays the superpixel se-
mantic segmentation results, which align more closely with
attribute-relevant regions.

part
(batwing)

OT 
Heatmap

texture
(leopard)

Superpixel 
group

OT 
Heatmap

Superpixel 
group

Figure 4: Visualization examples of attribute-relevant visual
features at different granularities.

neckline design
(deep V neckline)

Query Top-5 images retrieved of ProFashion

(V neckline)

Top-5 images retrieved of RPF

(V neckline)

Figure 5: Case examples of retrieval results on the Fash-
ionAI dataset. Incorrectly retrieved results are indicated by
red borders. Blue text shows the attribute values of the input
image, while red text denotes the actual attribute values of
the incorrectly retrieved results.

Case Study
We present example cases of retrieval given a query im-
age and attribute, showing the results of ProFashion and the
baseline model RPF (Dong et al. 2023), respectively. The top
5 images retrieved from the dataset that match the query at-
tribute are displayed. Figure 5 demonstrates that ProFashion
can distinguish fine-grained differences in local attributes,
such as accurately differentiating between deep V-neck and
V-neck in the neckline design row. In contrast, RPF returns
incorrect results. These results highlight the superior capa-
bility of ProFashion in handling complex attribute-specific
fashion retrieval tasks compared to the baseline model.

Conclusion
In ASFR tasks, patch-level mechanisms introduce coarse-
grained localization and local bias, motivating our design.
To address these challenges, we propose ProFashion, a pro-
gressive framework inspired by the human brain’s process-
ing of attribute patterns. Our key innovation lies in extract-
ing attribute-related features at the superpixel level, rep-
resenting the first approach of its kind. Acting like a mi-
croscopic lens, ProFashion employs optimal transport and
neural semantic aggregation to achieve pixel-level attribute
awareness, enabling precise modeling of fine-grained im-
age structures. Comprehensive experiments on FashionAI,
DeepFashion, and DARN highlight the framework’s accu-
racy and computational efficiency, achieving MAP improve-
ments of 3.11%, 3.70%, and 3.49%, with relative average
throughput of 26.94%, 22.22%, and 24.78%, respectively.
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