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Abstract

Pedestrian Attribute Recognition (PAR) is one of the indis-
pensable tasks in human-centered research. However, exist-
ing datasets neglect different domains (e.g., environments,
times, populations, and data sources), only conducting sim-
ple random splits, and the performance of these datasets has
already approached saturation. In the past five years, no large-
scale dataset has been opened to the public. To address this
issue, this paper proposes a new large-scale, cross-domain
pedestrian attribute recognition dataset to fill the data gap,
termed MSP60K. It consists of 60,122 images and 57 at-
tribute annotations across eight scenarios. Synthetic degra-
dation is also conducted to further narrow the gap between
the dataset and real-world challenging scenarios. To establish
a more rigorous benchmark, we evaluate 17 representative
PAR models under both random and cross-domain split pro-
tocols on our dataset. Additionally, we propose an innovative
Large Language Model (LLM) augmented PAR framework,
named LLM-PAR. This framework processes pedestrian im-
ages through a Vision Transformer (ViT) backbone to ex-
tract features and introduces a multi-embedding query Trans-
former to learn partial-aware features for attribute classifica-
tion. Significantly, we enhance this framework with LLM for
ensemble learning and visual feature augmentation. Compre-
hensive experiments across multiple PAR benchmark datasets
have thoroughly validated the efficacy of our proposed frame-
work.

Code&Dataset —
https://github.com/Event-AHU/OpenPAR

1 Introduction
Pedestrian Attribute Recognition (PAR) (Wang et al. 2022)
has been widely exploited in the Computer Vision (CV) and
Artificial Intelligence (AI) community. It aims to map the
given pedestrian image into semantic labels, such as gen-
der, hairstyle, and wearings, using deep neural networks and
achieves high performance on current benchmark datasets.
These models can be employed in practical scenarios and
may work well in simple scenarios. It can also help other
human-centric tasks, e.g., pedestrian detection and track-
ing (Li et al. 2024), person re-identification (Lin et al. 2019)
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and retrieval (Huang et al. 2024). However, the performance
of the current PAR model is still significantly affected by
challenging factors (e.g., low illumination, motion blur, and
complex backgrounds); moreover, there is still much room
for exploration in the relationship between pedestrian image
perception and multi-label attributes.

Considering these issues, we meticulously review the ex-
isting works and datasets on PAR and find that the develop-
ment in the PAR field has begun to enter a bottleneck period.
As an effective driving force for promoting the development
of PAR, benchmark datasets play a crucial role. However,
we believe that the PAR community needs to address sev-
eral core issues on the benchmark datasets as follows: 1).
The performance of existing pedestrian attribute recognition
datasets is close to saturation, and the performance improve-
ment of new algorithms has shown a trend of weakening.
However, only one small-scale PAR-related dataset has been
released in the past five years, thus, there is an urgent need
for new large-scale datasets to support new research endeav-
ors. 2). Existing PAR datasets use random partitioning for
model training and testing, which can measure the overall
recognition capability of a PAR model. However, this par-
titioning mechanism overlooks the impact of cross-domain
(e.g., different environments, times, populations, and data
sources) on the PAR model. 3). Existing PAR datasets do not
prominently reflect challenge factors, thus, this may poten-
tially result in neglecting the impact of data corruption dur-
ing real-world application, thereby introducing safety haz-
ards in practical settings. In conclusion, it is evident that the
PAR community urgently requires a new large-scale dataset
to bridge the existing data gap.

In this paper, we propose a new benchmark dataset for
pedestrian attribute recognition, termed MSP60K, as shown
in Fig. 1. It contains 60,122 images, and over 5,000 person
IDs, collected using smart surveillance systems and mobile
phones. To make our dataset better reflect the challenges
found in real-world scenarios, in addition to annotating as
many complex images as possible, we also process these im-
ages using additional destructive operations, including blur,
occlusion, illumination, adding noise, jpeg compression, etc.
As these images belong to different domains and scenarios,
such as supermarket, kitchen, construction site, ski resort,
and various outdoor scenes, we split these images according
to two protocols, i.e., random split and cross-domain split.
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Figure 1: (a, b). Comparison between existing PAR datasets and our newly proposed MSP60K dataset. (c). Illustrates the
synthetic degradation challenges we employed in our dataset to simulate the complex and dynamic real-world environment.

Therefore, the newly proposed benchmark dataset can better
validate the performance of PAR models in real-world sce-
narios, especially under cross-domain settings. To create a
more thorough benchmark for PAR, we assess 17 represen-
tative and recently developed PAR algorithms on our dataset
using random and cross-domain protocols. These bench-
mark comparison methods can better facilitate the subse-
quent verification and experimentation of future PAR mod-
els.

Based on our newly proposed MSP60K PAR dataset, we
also propose a novel large language model (LLM) aug-
mented pedestrian attribute recognition framework, termed
LLM-PAR. Based on the widely used multi-label classifica-
tion framework, we rethink the relationship between pedes-
trian image perception and large language models as the
key insight of this work. As we all know, large language
models possess powerful abilities in text generation, com-
prehension, and reasoning. Therefore, we introduce a large
language model, which generates textual descriptions of the
image’s attributes as an auxiliary task based on a multi-label
classification framework. This LLM branch serves a dual
purpose: on the one hand, it can assist in the learning of
visual features through the generation of accurate textual
descriptions, thereby achieving high-performance attribute
recognition; on the other hand, the LLM can facilitate effec-
tive interaction between visual features and prompts. The
output text tokens can also be integrated with the afore-
mentioned multi-label classification framework for ensem-
ble learning.

As shown in Fig. 3, our proposed LLM-PAR can be di-
vided into two main modules, i.e., the standard multi-label
classification branch and the large language model augmen-
tation branch. Specifically, we first partition the given pedes-
trian image into patches and project them into visual embed-
dings. Then, a visual encoder with LoRA (Hu et al. 2022) is
utilized for global feature learning and a Multi-Embedding
Query TransFormer (MEQ-Former) is proposed for part-
aware feature learning. After that, we adopt CBAM (Woo
et al. 2018) attention modules to merge the output tokens
and feed them into MLP (Multi-Layer Perceptron) layers
for attribute classification. More importantly, we concate-

nate the part-aware visual tokens with the instruction prompt
and feed them into the large language model for pedes-
trian attribute description. The text tokens are also fed into
an attribute recognition head and ensembles with classi-
fication logits. Extensive experiments on our newly pro-
posed MSP60K dataset and other widely used PAR bench-
mark datasets all validated the effectiveness of our proposed
LLM-PAR.

To sum up, we draw the main contributions of this paper
as the following three aspects:

1). We propose a new benchmark dataset for pedestrian at-
tribute recognition, termed MSP60K, which contains 60122
images, over 5,000 IDs, and fully reflects the key challenges
in real-world scenarios. We benchmark 17 PAR algorithms
on the MSP60K dataset and hope that the introduction of
this benchmark dataset can better promote the development
and practical deployment of PAR models.

2). We propose a novel large language model (LLM) aug-
mented PAR algorithm, termed LLM-PAR, based on the
standard multi-label classification framework. The introduc-
tion of the LLM branch enables PAR to better leverage
its reasoning capabilities, achieving enhanced visual feature
representation and model integration.

3). Extensive experiments conducted on our newly pro-
posed MSP60K dataset and other PAR datasets fully
demonstrate the effectiveness of our proposed PAR model.
New state-of-the-art performances are achieved on mul-
tiple PAR datasets, e.g., 92.25/90.39 on mA/F1 metric
on the PETA (Deng et al. 2014) dataset, 91.09/90.41 on
PA100K (Liu et al. 2017).

2 Related Work
Pedestrian Attribute Recognition
Pedestrian attribute recognition (Wang et al. 2022) aims to
classify pedestrian images based on a predefined set of at-
tributes. Current methods can be broadly categorized into
attention-based, viewpoint-guidance, and visual-language
modeling approaches. Due to the strong correlation between
pedestrian attributes and specific body components, vari-
ous methods, such as HPNet (Liu et al. 2017) and DA-
HAR (Liu et al. 2017; Jia et al. 2022) focused on localizing
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Figure 2: Attributes Distribution in Different Scenes. Circular chart illustrating attribute distribution across scenes.

attribute-relevant regions via attention mechanisms. Some
researchers (Lu et al. 2023; Shen et al. 2024) model the con-
nections of attribution in different views to address the chal-
lenge of changing posture and view. Furthermore, pedes-
trian attributes are closely interconnected. Consequently,
JLAC (Tan et al. 2020) and PromptPAR (Wang et al. 2024a)
jointly model attribute context and image-attribute relation-
ships. While current methods recognize the importance of
exploring contextual relationships in the PAR task, leverag-
ing models like Transformers to capture attribute relation-
ships within datasets often struggles to represent connec-
tions involving rare attributes.

Benchmark Datasets for PAR
The most commonly used datasets of PAR are PETA (Deng
et al. 2014), WIDER (Li et al. 2016b), RAP (Li et al. 2016a;
Li et al. 2019), and PA100K (Liu et al. 2017). To enhance the
ability to recognize pedestrian attributes at a long distance,
Deng et al. (Deng et al. 2014) introduced a new pedestrian
attribute dataset named PETA, labeling over 60 attributes.
Unlike PETA’s identity-level annotation, the RAP dataset
captures an indoor shopping mall and employs instance-
level annotation for the pedestrian images. Liu et al. (Liu
et al. 2017) proposed a large pedestrian attribute recognition
dataset, PA100K, with 100,000 images and 26 attributes, ad-
dressing the issue of information leakage by avoiding over-
lap between training and test sets. However, these datasets
only contain simple scenes with limited background varia-
tion and lack significant style changes among pedestrians.

Vision-Language Models
With the rapid development of the natural language process-
ing field, many large language models (LLMs) such as Flan-
T5 (Longpre et al. 2023), and LLaMA (Touvron et al. 2023)
have emerged. Although notable foundational models like
SAM (Kirillov et al. 2023) and CLIP (Radford et al. 2021)
have been introduced in the vision domain, the complexity
of visual tasks has hindered the development of generalized
multi-domain visual models. Some researchers have begun

to view LLMs as world models, leveraging them as the cog-
nitive core to enhance various multi-modal tasks. Recog-
nizing the high cost of training a large multi-modal model
from scratch, BLIP series (Li et al. 2022a, 2023), MiniGPT-
4 (Zhu et al. 2024), bridge existing pre-trained visual mod-
els and large language models. Although these models have
significant improvements in the field of vision understand-
ing and text generation, there are many challenges, such as
low-resolution image recognition, fine-grained image cap-
tion, and the hallucination of LLMs.

3 MSP60K Benchmark Dataset

Protocols

To provide a robust platform for training and evaluating
pedestrian attribute recognition (PAR) in real-world con-
ditions, we adhere to these guidelines while constructing
the MSP60K benchmark dataset: 1). Large Scale: We an-
notate 60,122 pedestrian images, each with 57 attributes,
comprehensively analyzing pedestrian characteristics in var-
ious conditions. 2). Multiple Distances and Viewpoints: Im-
ages are captured from different angles and distances using
various cameras and handheld devices, covering the front,
back, and side views. The resolution of pedestrian images in
our dataset is from 30×80 to 2005×3008. 3). Complex and
Varied Scenes: Unlike existing datasets with uniform back-
grounds, our dataset includes images from eight different
environments with diverse backgrounds and attribute distri-
butions, helping evaluate recognition methods in varied set-
tings. 4). Rich Source of Pedestrian Identity: We gather data
on pedestrians from different scenarios, nationalities, and
seasonal variations, enhancing the dataset with diverse styles
and characteristics. 5). Simulated Complex Real-world Envi-
ronments: The dataset includes variations in lighting, motion
blur, occlusions, and adverse weather conditions, simulating
real-world challenges in pedestrian attribute recognition.
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Attribute Groups and Details
To effectively evaluate the performance of existing PAR
methods in complex scenarios, each image in our dataset
is labeled with 57 attributes, which are categorized into 11
groups: gender, age, body size, viewpoint, head, upper body,
lower body, shoes, bag, body movement, and sports informa-
tion. The complete list of the defined attributes can be found
in Supplementary Material.

Statistical Analysis
Our MSP60K offers 8 distinct scenes and 57 attributes, pro-
viding richer annotations than datasets like PA100K (26 at-
tributes) and WIDER (14 attributes). The dataset comprises
60,122 images of over 5,000 unique individuals. It includes
varied environments such as markets, schools, kitchens, ski
resorts, and various outdoor and construction sites, offering
a broader scope than other datasets.

In our benchmark dataset, we split the data using the ran-
dom and cross-domain partitioning strategies:
• Random Partitioning: 30,298 images for training, 6,002
for validation, and 23,822 for testing, ensuring a random dis-
tribution of scenes like other PAR benchmark datasets.
• Cross-domain Partitioning: To validate domain gener-
alization and zero-shot performance of PAR models, we di-
vide our dataset based on scenarios, i.e., five scenarios (Con-
struction Site, Market, Kitchens, School, Ski Resort) with
34,128 images are used for training, while three scenarios
(Outdoors1, Outdoors2, Outdoors3) with 24,994 images are
used for testing.

To assess the robustness of the model, we intentionally
degrade 1/3 of the images in each subset by introducing
variations such as changes in lighting, random occlusions,
blurring, and noise. With its extensive size and diverse con-
ditions, MSP60K offers a comprehensive platform for eval-
uating PAR methods.

4 Methodology
Overview
This paper introduces a method for improving pedestrian at-
tribute recognition (LLM-PAR) using multi-modal large lan-
guage models (MLLMs) that describe the image in detail.
As shown in Fig. 3, we leverage MLLMs to explore the con-
textual relationships between attributes, generating descrip-
tions that assist attribute recognition. The approach consists
of three main modules: 1) a multi-label classification branch,
2) a large language model branch, and 3) model aggregation.
Specifically, we first extract the visual features of pedestri-
ans using a visual encoder. Then, we design MEQ-Former
to extract specific features for different attribute groups and
translate to the latent space of MLLMs, improving the abil-
ity of MLLMs to capture fine details of pedestrians. The at-
tribute group features are integrated into instruction embed-
ding via a projection layer, the features feed into the large
language model to generate pedestrian captions. Finally, the
classification results from the visual features of each group
are aggregated with the results from the language branch to
produce the final classification results. The following sec-
tions will provide a detailed introduction to these modules.

Multi-Label Classification Branch
Given an input pedestrian image I ∈ RH×W×3, as shown
in Fig. 3, we first partition it into patches and project them
into visual tokens. The visual tokens are added with Posi-
tion Embedding (P.E.) which encodes the spatial informa-
tion. The output will be fed into a visual encoder (EVA-
ViT-G (Fang et al. 2023) is adopted for default) to extract
the global visual representation FV . In our implementation,
we freeze the parameters of the pre-trained visual encoder
and adopt LoRA (Hu et al. 2022) to achieve efficient tun-
ing. Then, a newly designed Multi-Embedding Query Trans-
former (MEQ-Former) which extracts specific features from
different attribute groups derived from primary visual fea-
tures. Here, the attribute groups are obtained by categorizing
the attributes into groups {Aj | j = 0, 1, . . . ,K}, based on
their type, such as head, upper body clothing, actions, where
K denotes the number of attribute groups.

As shown in Fig. 3, we create K sets of Partial Query
(PartQ) Qp ∈ RK×L×D, where L and D are the num-
ber and dimension of the queries, respectively. These em-
beddings are fed into the Attributes Group Features Ag-
gregate (AGFA) module to extract specific features Fg =
{F 1

g , F
2
g , ..., F

K
g } for different attribute groups. The AGFA

module consists of stacked Feed-Forward Networks (FFN)
and Cross-Attention (CrossAttn) layers. This process can be
formulated as:

Fg = FFN(CrossAttn(Q = Qp,K = FV , V = FV ))
(1)

The Fg is fed into the Q-Former EQ, which serves as
a bridge between the visual and language modalities, to
generate text-related information F j

q . Q-Former comprises
stacked self-attention and cross-attention layers, and ag-
gregates image information through cross-attention mech-
anisms. Then, we introduce the Convolutional Block Atten-
tion Modules (CBAM) (Woo et al. 2018) to capture fine-
grained features for each attribute from the Fg to produce
attribute-specific predictions in the attribute-level classifiers,
and we propose instance-level classifiers that share CBAM
to aggregate features within groups to allow rare attributes
to benefit from common ones.

Large Language Model Branch
Although this multi-label classification framework can
achieve decent accuracy, it still fails to consider the logi-
cal reasoning of large language models, which is evident in
the image-text domain. Therefore, this paper attempts to use
LLM as an auxiliary branch to enhance pedestrian attribute
recognition. As shown in Fig. 3, we first build the instruc-
tions based on each attribute group Aj . Then, we adopt the
Tokenizer (Zheng et al. 2023b) to get the instruction em-
beddings TE = {T 1

E , T
2
E , . . . , T

k+1
E } and concatenate them

with visual features Fq of the human image as the instruc-
tion features FI . Note that, we embed the ground truth and
concatenate it with FI as the initial input of the LLM dur-
ing the training phase. The Vicuna-7B (Zheng et al. 2023b)
and OPT-6.7B (Liu et al. 2021) are exploited as the LLM
and also tuned using LoRA in our experiments. Finally, we
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Figure 3: An illustration of our proposed LLM-PAR framework illustrates how we use Multimodal Large Language Models
(MLLMs) for deep semantic reasoning, combining images and descriptive text to provide more interpretable visual under-
standing. Through this framework, we can recognize pedestrian attributes and generate natural language descriptions, thereby
offering more intuitive explanations. Our framework consists of three parts: visual feature extraction, language description gen-
eration, and language-enhanced classification.

get the last hidden state from MLLM and the corresponding
image captions through the Language Model Head.

Model Aggregation for PAR
After being equipped with the LLM, our algorithmic frame-
work can simultaneously output pedestrian attribute results
and complete text passages to describe the attributes of a
given pedestrian. To leverage the strengths of these two
branches, we have designed an algorithm integration module
to achieve enhanced prediction results. As shown in Fig. 3,
we define two visual classifiers for attribute recognition, i.e.,
the attribute-level and instance-level classifiers. We also get
the classifier for recognition using tokens from the large lan-
guage model branch.

In our implementation, we exploit the following three
strategies to fuse these three results as ours. Specifically, 1).
Attributes-Specific Aggregation (ASA): we adaptively weight
and sum the attribute predictions of each classifier based on
the weights learned from the training subset. 2). Mean Pool-
ing: We directly take the average of the results from the two
branches as the final model output. 3). Max Pooling: We take
the maximum value of the logits from the three prediction
branches as the final prediction result. Note that, we adopt
the Mean Pooling strategy as the default setting in our ex-
periments if not otherwise specified. More detailed results
can be found in our experiments.

Loss Function
In the training phase, we adopt the widely used weighted
cross-entropy loss (WCE Loss) Lwce(·) (Li, Chen, and
Huang 2015) for attribute prediction branches, i.e.,

LMLC = Lwce(ŷ, Pattr) + Lwce(ŷ, Pin) (2)

We also adopt cross-entropy loss Lce(·) for the captioning
generation in the LLM branch.

LLLM = Lwce(ŷ, Pllm) + Lce(ŷcap, Pcap) (3)

where ŷ and ŷcap denote the ground-truth labels and corre-
sponding pedestrian attribute description, respectively. The
Pcap is the logits generated by the Large Language Model
Head.

5 Experiments
Datasets and Evaluation Metric
In this study, we conduct a comprehensive benchmark of
17 pedestrian attribute recognition methods, which repre-
sent the most important models in the field of pedestrian
attribute recognition. Furthermore, the performance of our
methods is compared with existing state-of-the-art (SOTA)
PAR methods in our own benchmark and in three publicly
available datasets: PETA (Deng et al. 2014), PA100K (Liu
et al. 2017) and RAPv1 (Li et al. 2016a). Five widely used
evaluation metrics are employed for evaluating the perfor-
mance, including: mean Accuracy (mA), Accuracy (Acc),
Precision (Prec), Recall and F1-score (F1). More details
about these evaluation metrics can be found in our supple-
mentary materials.

Comparison on Public PAR Benchmarks
• Result on MSP60K Dataset. We collect and analyze
public PAR methods from 2015 to 2024 on the MSP60K
dataset. As shown in Table 1, methods like HAP (Yuan et al.
2024), and PARformer (Fan et al. 2023), which perform well
in the random split, experience significant drops in perfor-
mance in the cross-domain split. For instance, mA, Acc,
and F1 of HAP scores drop by 18.22, 25.53, and 19.20,
respectively. Some methods show smaller declines in the
cross-domain split, with PromptPAR (Wang et al. 2024a)
achieving state-of-the-art results, though still with notable
decreases. We also tested MiniGPT-4 (Zhu et al. 2024) in
a zero-shot setup on our dataset, with significant drops ob-
served in the cross-domain split. After optimizations, LLM-
PAR achieved 80.13, 78.71, 84.39, 90.52, and 86.94 in the
random split, and 66.29, 58.11, 65.28, 81.21, and 72.05 in
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Methods Publish Random Split Cross-domain Split
mA Acc Prec Recall F1 mA Acc Prec Recall F1

#01 DeepMAR (Li, Chen, and Huang 2015) ACPR15 70.46 72.83 84.71 81.46 83.06 54.84 44.97 63.38 58.81 61.01
#02 Strong Baseline (Jia et al. 2021) - 74.09 73.74 84.06 83.51 83.31 55.91 46.25 63.28 61.34 61.64
#03 RethinkingPAR (Jia et al. 2021) arXiv20 74.01 74.20 84.17 83.94 84.06 55.98 46.52 62.85 62.09 62.47
#04 SSCNet (Jia, Chen, and Huang 2021) ICCV21 69.71 69.31 79.22 82.47 80.82 52.84 40.88 56.26 58.64 57.43
#05 VTB (Cheng et al. 2022) TCSVT22 76.09 75.36 83.56 86.46 84.56 58.59 49.81 65.11 66.11 65.00
#06 Label2Label (Li et al. 2022b) ECCV22 73.61 72.66 81.79 84.32 82.56 56.38 45.81 59.67 64.20 61.19
#07 DFDT (Zheng et al. 2023a) EAAI22 74.19 76.35 85.03 86.35 85.69 57.85 49.97 65.34 66.18 65.76
#08 Zhou et al. (Zhou et al. 2023) IJCAI23 73.07 68.76 78.38 82.10 80.20 54.26 41.91 56.23 60.11 58.11
#09 PARFormer (Fan et al. 2023) TCSVT23 76.14 76.67 84.77 86.93 85.44 57.96 50.63 62.28 71.04 65.82
#10 SequencePAR (Jin et al. 2023) arXiv23 71.88 71.99 83.24 82.29 82.29 57.88 50.27 65.81 65.79 65.37
#11 VTB-PLIP (Zuo et al. 2023) arXiv23 73.90 73.16 82.01 84.82 82.93 56.30 46.77 61.20 64.47 62.18
#12 Rethink-PLIP (Zuo et al. 2023) arXiv23 69.44 68.90 79.82 81.15 80.48 57.18 46.98 63.57 62.16 62.86
#13 PromptPAR (Wang et al. 2024a) TCSVT24 78.81 76.53 84.40 87.15 85.35 63.24 53.62 66.15 71.84 68.32
#14 SSPNet (Shen et al. 2024) PR24 74.03 74.10 84.01 84.02 84.02 56.15 46.75 62.44 63.07 62.75
#15 HAP (Yuan et al. 2024) NIPS24 76.92 76.12 84.78 86.14 85.45 58.70 50.59 65.60 66.91 66.25
#16 MambaPAR (Wang et al. 2024c) arXiv24 73.85 73.64 83.19 84.29 83.28 56.75 47.34 61.92 64.98 62.80
#17 MaHDFT (Wang et al. 2024b) arXiv24 74.08 74.40 82.82 86.41 83.93 58.67 50.65 62.39 71.13 65.85
Zero-shot - 56.93 52.97 72.26 64.69 67.46 52.19 39.26 60.12 52.09 55.15
Ours - 80.13 78.71 84.39 90.52 86.94 66.29 58.11 65.68 81.21 72.05

Table 1: Comparison with public methods on our datasets. The first and second highest scores are represented by bold font and
underline, respectively. Zero-shot refers to the use of MiniGPT4 for zero-shot inference to generate all dataset descriptions. It
then utilizes BERT to extract text features, followed by training a fully connected layer for classification.

Methods Publish PETA PA100K RAPv1
mA Acc Prec Rec F1 mA Acc Prec Rec F1 mA Acc Prec Rec F1

SSCNet (Jia, Chen, and Huang 2021) ICCV21 86.52 78.95 86.02 87.12 86.99 81.87 78.89 85.98 89.10 86.87 82.77 68.37 75.05 87.49 80.43
CAS (Yang et al. 2021) IJCV21 86.40 79.93 87.03 87.33 87.18 82.86 79.64 86.81 87.79 85.18 84.18 68.59 77.56 83.81 80.56
IAA (Wu et al. 2022) PR22 85.27 78.04 86.08 85.80 85.64 81.94 80.31 88.36 88.01 87.80 81.72 68.47 79.56 82.06 80.37
DRFormer (Tang and Huang 2022) NC22 89.96 81.30 85.68 91.08 88.30 82.47 80.27 87.60 88.49 88.04 81.81 70.60 80.12 82.77 81.42
VAC (Guo, Fan, and Wang 2022) IJCV22 - - - - - 82.19 80.66 88.72 88.10 88.41 81.30 70.12 81.56 81.51 81.54
DAFL (Jia et al. 2022) AAAI22 87.07 78.88 85.78 87.03 86.40 83.54 80.13 87.01 89.19 88.09 83.72 68.18 77.41 83.39 80.29
VTB (Cheng et al. 2022) TCSVT22 85.31 79.60 86.76 87.17 86.71 83.72 80.89 87.88 89.30 88.21 82.67 69.44 78.28 84.39 80.84
PromptPAR (Wang et al. 2024a) TCSVT24 88.76 82.84 89.04 89.74 89.18 87.47 83.78 89.27 91.70 90.15 85.45 71.61 79.64 86.05 82.38
PARformer (Fan et al. 2023) TCSVT23 89.32 82.86 88.06 91.98 89.06 84.46 81.13 88.09 91.67 88.52 84.43 69.94 79.63 88.19 81.35
OAGCN (Lu et al. 2023) TMM23 89.91 82.95 88.26 89.10 88.68 83.74 80.38 84.55 90.42 87.39 87.83 69.32 78.32 87.29 82.56
SSPNet (Shen et al. 2024) PR24 88.73 82.80 88.48 90.55 89.50 83.58 80.63 87.79 89.32 88.55 83.24 70.21 80.14 82.90 81.50
SOFA (Wu et al. 2024) AAAI24 87.10 81.10 87.80 88.40 87.80 83.40 81.10 88.40 89.00 88.30 83.40 70.00 80.00 83.00 81.20
FRDL (Zhou et al. 2024) ICML24 88.59 - - - 89.03 89.44 - - - 88.05 87.72 - - - 79.16
Zero-shot - 61.32 50.75 68.57 64.00 65.52 65.26 56.99 79.21 65.20 70.75 65.46 50.90 64.48 65.20 66.06
Ours - 92.25 84.59 88.41 92.94 90.39 91.09 84.12 87.73 94.09 90.41 87.80 71.86 78.36 88.20 82.64

Table 2: Comparison with SOTA methods on PETA, PA100K and RAPv1 datasets. The first and second highest scores are
represented by bold font and underline, respectively.

the cross-domain split, which achieves the best results on
nearly all metrics. The experiments on the MSP60K dataset
fully validated the effectiveness of our proposed LLM-PAR
for attribute recognition.

• Result on Public Dataset. As shown in Table 2, we com-
pare our method with several SOTA methods on PETA,
PA100K, and RAPv1. Our method outperforms these meth-
ods in most metrics. Compared to SSPNet (Shen et al.
2024) with prior guidance on these three datasets, we ob-
serve improvements of 3.52/1.79/0.89, 7.51/3.49/1.86, and
4.56/1.65/1.14 in mA, Acc, and F1, respectively. We also
get significant improvements compared to OAGCN (Lu
et al. 2023), the last best method, with 2.34/1.64/0.89 and
7.35/3.74/3.02 in three metrics on PETA and PA100K, re-
spectively. Though the mA score of 0.03 decreased when
we conducted experiments on RAPv1, we still got 2.54/0.08

improvements in Acc and F1 metrics. In contrast to Prompt-
PAR (Wang et al. 2024a) with visual-language modeling,
we outperform them by 3.49/1.75/1.21, 3.62/0.34/0.26, and
1.83/0.95/0.74, respectively. Based on the experiments con-
ducted on the four datasets, it is noticed that LLM-PAR de-
livers impressive results by combining visual classification
and LLM modeling within the LLM-augment framework.
Furthermore, the AGFA module extracts attribute group-
specific features to capture detailed information and inte-
grate them with Q-former into MEQ-Former, thereby en-
hancing the pedestrian caption details of LLMs.

Component Analysis
We conduct ablation experiments to analyze the contribu-
tions of different components in our method, including the
visual backbone, AGFA module, and LLM branch. The vi-
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# CLS-Attr FT Q-Former LoRA CLS-LLM AGFA CLS-IN PETA Dataset
mA Acc F1

1 ✓ 71.54 58.24 71.96
2 ✓ ✓ 82.89 72.32 81.89
3 ✓ ✓ ✓ 90.14 83.25 89.38
4 ✓ ✓ ✓ ✓ 90.89 83.64 89.60
5 ✓ ✓ ✓ ✓ ✓ 91.78 84.47 90.27
6 ✓ ✓ ✓ ✓ ✓ ✓ 92.25 84.59 90.39

Table 3: Component Analysis on the PETA Dataset. The mA, Acc, and F1 results are reported.

sual backbone analysis reveals that the EVA-CLIP (Fang
et al. 2023) and Q-Former (Li et al. 2023) alone achieve
mA, Acc, and F1 scores of 71.54, 58.24, and 71.96, respec-
tively. Fine-tuning with LoRA (Hu et al. 2022) improves
these scores to 90.14, 83.25, and 89.38. When additional
LLM branches are incorporated, the scores further improve,
reaching 90.89 for mA, 83.64 for Acc, and 89.60 for F1.
The efficacy of the AGFA module is confirmed with scores
of 91.78, 84.47, and 90.27, highlighting its role in improv-
ing feature aggregation and model recognition capabilities.
Lastly, the CLS-IN module improves the mA, Acc, and F1
scores by 0.47, 0.12, and 0.12, respectively, indicating its
contribution to enhancing the recognition of tail categories
and supplementing other categories through shared feature
learning.

Ablation Study

In this section, we conduct detailed analysis experiments on
the main module of LLM-PAR. This includes the Number of
AGFA Layers and the Length of PartQ in the PETA (Deng
et al. 2014) dataset.
• Analysis on the Number of AGFA Layers. As shown
in Table 4, we introduce the AGFA module for extracting
pedestrian attribute group features in this study. We analyze
the impact of AGFA modules with 1, 3, 6, 9, and 12 layers on
recognition performance. Our analysis reveals that increas-
ing the number of AGFA layers improved recognition per-
formance. However, considering computational efficiency,
we opt for a 3-layer AGFA module to balance computational
burden and performance.
• Analysis on the Length of PartQ. As shown in Table 4,
we examine the effect of the number of attribute group
queries in the AGFA module on performance. Our findings
show that using 128 queries obtains the best performance,
with performance deteriorating with more than 256 queries
and a significant decline observed with 64 queries.
• Analysis on the Aggregation Strategy of Threes
Branches. To improve the aggregation of results from three
branches, we design and evaluate some aggregation strate-
gies, including mean pooling and max pooling, and the per-
formance of each strategy is reported in Table 5. Mean pool-
ing achieves 92.25 and 90.39 in mA and F1 scores, respec-
tively, while max pooling achieves 92.46 and 88.95. We find
that mean pooling mitigates the influence of abnormal val-
ues on the final result. Additionally, we explore and design
the attribute-specific aggregation (ASA), resulting in 91.53
and 90.17.

AGFA Layers Querys
1 3 6 9 12 64 128 256

mA 91.97 92.25 92.57 92.68 92.77 92.01 92.25 92.20
F1 89.82 90.39 90.61 90.69 90.53 88.28 90.39 90.02

Table 4: Performance comparison for AGFA across different
layers and query numbers

Metric ASA Mean Pooling Max Pooling
mA 91.53 92.25 92.46
F1 90.17 90.39 88.95

Table 5: Comparison of different aggregation strategies.

6 Conclusion
This paper addresses the limitations of existing pedes-
trian attribute recognition (PAR) datasets by introducing
MSP60K, a new large-scale, cross-domain dataset with
60,122 images and 57 attribute annotations across eight sce-
narios. By incorporating synthetic degradation, we further
bridge the gap between the dataset and real-world chal-
lenging conditions. Our comprehensive evaluation of 17
representative PAR models under both random and cross-
domain split protocols establishes a more rigorous bench-
mark. Moreover, we propose the LLM-PAR framework,
which leverages a pre-trained vision Transformer back-
bone, a multi-embedding query Transformer for partial-
aware feature learning, and is enhanced by a Large Lan-
guage Model for ensemble learning and visual feature aug-
mentation. The experimental results across multiple PAR
benchmark datasets demonstrate the effectiveness of our
proposed framework. Both the MSP60K dataset and the
source code will be released to the public upon acceptance,
contributing to future advancements in human-centered re-
search and PAR technology.

In our future work, we plan to further expand the scale of
the dataset to conduct more extensive and thorough experi-
mental validations. Moreover, the training and inference of
the model still require substantial computational resources.
In the future, we will design lightweight models to achieve
a better balance between accuracy and performance.
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