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Abstract

Pedestrian attribute recognition (PAR) has received increas-
ing attention due to its wide application in video surveillance
and pedestrian analysis. Some text-enhanced methods tackle
this task by facilitating interactive learning between the at-
tributes and the visual images. However, these generic lan-
guages fail to uniquely describe different pedestrian images,
missing individual characteristics. In this paper, we propose a
Joint Implicit and Explicit Language Guidance Enhancement
Learning (JGEL) method, which converts each pedestrian im-
age into a language description with dual language learning
to effectively learn enhanced attribute information. Specifi-
cally, we first propose an Implicit Language Guidance Learn-
ing (ILGL) stream. It projects visual image features into the
text embedding space to generate pseudo-word tokens, im-
plicitly modeling image attributes and providing personalized
descriptions. Moreover, we propose an Explicit Attribute En-
hancement Learning (EAEL) stream to guide the generated
pseudo-word tokens obtained by ILGL explicitly aligned with
pedestrian attributes, which can effectively align the pseudo-
word tokens with the attribute concepts in the text embed-
ding space. Extensive experiments show that JGEL has sig-
nificant advantages in improving the performance of PAR and
the challenging zero-shot PAR task.

Introduction
Pedestrian Attribute Recognition (PAR) plays a crucial role
in safety monitoring and intelligent transportation systems
(Yuan et al. 2023). Given a pedestrian image, the goal of
PAR is to extract a predefined set of attribute information
for providing a detailed description for the given pedestrian
(Han et al. 2019; Cheng et al. 2022). Thanks to the continu-
ous development in deep learning technologies (Zhang et al.
2021; Zhang and Wang 2023; Zhang et al. 2023, 2025b),
the performance of PAR has seen substantial enhancements.
However, in practical applications, the PAR task still faces
some challenges, such as complex backgrounds, changes in
lighting and posture, which make the PAR task more chal-
lenging (Wang et al. 2017; Zhao et al. 2018; Zhang et al.
2024; Tan et al. 2024; Zheng et al. 2024).

Early PAR methods (Zeng et al. 2020; Feng et al. 2019)
primarily focused on extracting visual features from im-
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Figure 1: Comparison between existing methods and JGEL.
(a) Multi-label regression-based methods treat attributes as
labels to to unidirectionally optimize the features. (b) Text-
enhanced methods aim to facilitate interactive learning be-
tween the attributes and visual images. (c) JGEL converts
each pedestrian image into a language description to implic-
itly model the attributes of the images and provide personal-
ized attribute descriptions for pedestrian images.

ages to classify each attribute (Gong, Huang, and Chen
2022; Yang, Chen, and Ye 2024; Yao et al. 2025). However,
as illustrated in Fig. 1 (a), these early methods are essen-
tially unidirectional regression-based methods from image
to multi-label attribute. They regard the image as the sole
source of information and simply mine the features that can
be used for attribute recognition from the image, ignoring
the rich semantic information contained in the attribute la-
bels (Wang et al. 2022, 2024b; Gong et al. 2024).

Recently, the emergence of Contrastive Language-Image
Pre-training (CLIP) (Radford et al. 2021) has unlocked new
possibilities for cross-modal interaction learning between
visual and textual modalities. Some recent PAR methods
(Wang et al. 2025a; Zhang et al. 2025a; Zhu et al. 2023;
Wang et al. 2024b, 2025b) have explored the integration of
textual information by converting attribute labels into tex-
tual descriptions. These descriptions are then fed into a text
encoder to extract attribute-specific text features, as illus-
trated in Fig. 1 (b). These text features are subsequently
combined with visual features for interactive learning. How-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

12970



ever, these methods provide only a generic description of a
category rather than a personalized representation for each
pedestrian image. This lack of granularity can lead to con-
fusion between pedestrians who share similar category-level
attributes but differ in fine-grained details, ultimately com-
promising the accuracy of the PAR model.

In this paper, we propose a novel Joint Implicit and Ex-
plicit Language Guidance Enhancement Learning (JGEL)
method, which enhances attribute information by integrating
both implicit and explicit language guidance, as illustrated
in Fig. 1 (c). Specifically, JGEL consists of two key com-
ponents: Implicit Language Guidance Learning (ILGL) and
Explicit Attribute Enhancement Learning (EAEL). ILGL
generates pseudo-word tokens by projecting the visual fea-
tures into the text embedding space, thereby implicitly mod-
eling the attributes and providing personalized textual de-
scriptions for pedestrian images. Then, a Multimodal Inter-
active Module (MIM) is proposed to facilitate interactive
learning between implicit textual features and visual fea-
tures. The proposed EAEL aims to guide the pseudo-word
tokens generated by ILGL to be explicitly aligned with at-
tributes, which can effectively ensure that the pseudo-word
tokens are associated with the attributes in the text embed-
ding space. Moreover, a Textual Interactive Module (TIM) is
proposed to guide the implicit textual embeddings obtained
by ILGL to attend to regions that are semantically faithful
to the attributes. The main contributions of this paper can be
summarized as follows:

• We propose a novel JGEL method, which innovatively
combines implicit and explicit language guidance to harness
the power of dual language learning, thereby effectively en-
hancing attribute information for the PAR task.

• We propose an ILGL stream to project the visual image
features into the text embedding space to implicitly model
the attributes of the images and provide personalized textual
descriptions for pedestrian images.

• We propose an EAEL stream to guide the pseudo-word
tokens generated by ILGL to be effectively associated with
the attribute concepts in the text embedding space, which
ensures that the generated tokens are properly aligned with
the relevant attributes, enhancing the reliability and accuracy
of the attribute recognition process.

• Extensive experiments show that JGEL has significant
advantages in improving the performance of the PAR task.
Furthermore, we also demonstrate the effectiveness and gen-
eralization of JGEL in the challenging zero-shot PAR task.

Related Work
Pedestrian Attribute Recognition
In recent years, various PAR methods (Welling and Kipf
2017; Nguyen et al. 2021; Xiang et al. 2019) have been
proposed to learn feature representations corresponding to
attributes, which can be broadly categorized into the multi-
label regression methods and text-enhanced methods.

The multi-label regression methods (Wang et al. 2022;
Guo et al. 2019; Li et al. 2018a; Tan et al. 2020) primarily
rely on CNNs or Transformers to extract visual features to
predict the probability of each attribute. For instance, Chen

et al. (Chen et al. 2021) propose to quantify attribute contri-
butions and visualize the discriminative attributes. Zeng et
al. (Zeng et al. 2020) propose a co-attentive sharing module
to share features across multiple tasks by extracting relevant
channels and spatial regions. However, these methods treat
the image as the sole source of information. This limitation
may lead to suboptimal performance in complex scenarios
(Yang et al. 2023b,a).

To address these limitations, some recent text-enhanced
methods (Cheng et al. 2022; Wang et al. 2025a; Zhu et al.
2023; Wang et al. 2024b; Hu, Yang, and Ye 2024) have ex-
plored converting attribute labels into textual descriptions
and using them as inputs to a text encoder. VTB (Cheng
et al. 2022) is first proposed to introduce transformer into the
PAR task for fusing visual text inputs. PromptPAR (Wang
et al. 2025a) formulates PAR as a vision-language fusion
problem and expands the attribute phrases into sentences to
exploit the relations between pedestrian images and attribute
labels. While these methods incorporate textual information,
they still face challenges. The text features they generate
are based on attribute categories, providing only generic de-
scriptions rather than personalized representations for each
pedestrian image. This limitation hinders the model’s ability
to capture the unique details of individual pedestrians.

Vision-language Pretraining
Vision-language Pre-training (VLP) aims to align the vision
with its text description. Recently, VLP has significantly
improved the performance of many downstream tasks by
learning the semantic correspondence between vision and
text through large-scale image-text datasets (Li, Sun, and Li
2023). CLIP (Radford et al. 2021) utilizes text-image pairs
for training, enabling the model to understand the correspon-
dence between text and images through contrastive learning.
SimVLM (Wang et al. 2021) leverages weakly supervised
data for pre-training and exhibits text-guided zero-shot gen-
eralization capabilities in a cross-modal setting. ALBEF (Li
et al. 2021) aligns visual and textual features before fusing
them into a multimodal transformer. In this paper, we gener-
ate pseudo-word tokens by projecting the visual image fea-
tures into the text embedding space, thereby implicitly mod-
eling the attributes of the images and providing personalized
textual descriptions for pedestrian images.

Textual Inversion
Textual inversion aims to discover new pseudo-words in the
text embedding space for encapsulating both the visual con-
tent and intricate visual details (Gal et al. 2022). Recently,
various methods have been proposed to apply it to different
tasks. For example, Pic2Word (Saito et al. 2023) transforms
input images into language tokens, enabling the composi-
tion of image and text queries for zero-shot composed im-
age retrieval tasks. KEDs (Suo et al. 2024) introduces a tex-
tual concept alignment training paradigm, ensuring semantic
alignment between mapped visual features and rich seman-
tics. In this work, we harness the power of textual inversion
to learn rich visual embeddings for the PAR task and ensure
that the generated pseudo-word tokens are properly aligned
with relevant attributes.
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Figure 2: Overview of the proposed JGEL, which consists of a visual stream, an ILGL stream and an EAEL stream. The ILGL
stream is used to learn pseudo-word tokens S∗ by projecting the visual embeddings into the text embedding space. Then, a MIM
is proposed to facilitate interactive learning between the implicit textual features and the visual features. The EAEL stream aims
to guide the generated pseudo-word tokens by ILGL to be explicitly aligned with the attributes. Additionally, a TIM is proposed
to guide the implicit textual embeddings obtained by ILGL to attend to regions that are semantically faithful to the attributes.

Methodology
Preliminaries
Contrastive Language-Image Pre-training (CLIP) is a state-
of-the-art model that facilitates the retrieval and classifica-
tion tasks by aligning visual and textual representations in
a shared embedding space. CLIP is composed of two pri-
mary components: a visual encoder Ev and a text encoder
Et, both of which are trained on a vast dataset of image-
text pairs using a contrastive learning objective. The visual
encoder Ev processes an input image I to extract a visual
feature vector i = Ev(I) ∈ Rd, while the text encoder Et

takes a text caption T and produces a textual feature vec-
tor t = Et(T ) ∈ Rd. The alignment of these features is
achieved through a symmetric contrastive loss, which is cal-
culated after normalizing the image and text features.

A simple approach to applying CLIP to the PAR task is
to input attribute descriptions into the text encoder. How-
ever, since this method is based on the number of attributes
given for the entire dataset, it fails to generate personalized
attribute descriptions for each pedestrian image.

Overview
An overview of the proposed JGEL is depicted in Fig. 2.
Specifically, starting with the visual embeddings derived
from CLIP’s visual encoder, we first propose an ILGL
stream which employs an inversion network to project the
visual image features into the text embedding space and gen-
erate pseudo-word tokens, which can implicitly model the
attributes of the images and provide personalized attribute

descriptions for pedestrian images. Then, a Multimodal In-
teractive Module (MIM) is proposed to facilitate interactive
learning between the implicit textual features and the visual
features. Moreover, we propose an EAEL stream to guide
the generated pseudo-word tokens by ILGL to be explic-
itly aligned with pedestrian attributes. A Textual Interactive
Module (TIM) is proposed to guide the implicit textual em-
beddings obtained by ILGL to attend to regions that are se-
mantically faithful to the attributes. Note that the text en-
coder is frozen in the proposed JGEL.

Implicit Language Guidance Learning
Prior research has suggested that the word-embedding space
has sufficient expressiveness to encapsulate basic image
concepts (Cohen et al. 2022; Yang et al. 2024). However, ex-
isting methods (Cheng et al. 2022; Wang et al. 2025a) have
inherent limitations due to their pre-defined prompts. These
prompts are typically based on a fixed number of attributes
provided by the dataset, which may fail to fully encapsu-
late the diverse visual context for each individual pedestrian
image. Therefore, the descriptions generated by these meth-
ods may lack the necessary specificity to accurately reflect
the unique characteristics of different images. In contrast,
we propose to learn the pseudo-word token by textual inver-
sion technique (Saito et al. 2023) to align with the context of
the given pedestrian image. ILGL directly learns the pseudo-
word token from the image itself, rather than relying on pre-
defined prompts, thereby allowing for a more nuanced and
context-aware representation of pedestrian attributes.
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As illustrated in Fig. 2, let ϕ denote the textual inversion
network, which is a lightweight random-initialized model
employing a two-layered MLP of 512-dimensional hidden
state. ILGL aims to invert the visual embeddings v from the
visual space of CLIP into a pseudo-word tokens S∗ ∈ T ∗

by ϕ(v) = S∗, where T ∗ indicates the token embedding
space. Then, the attribute prompts for the input images are
structured as ‘A photo of a person with S∗’. The attribute
prompts with a tokenization process are fed into the text en-
coder of CLIP to obtain implicit text embedding ti.

Considering that the textual embeddings obtained by
the text encoder incorporate diverse semantics, the image
patches obtained by the visual encoder corresponding to
such semantics inherently possess substantial influence con-
ducive to discrimination. Therefore, we propose a Multi-
modal Interactive Module (MIM) to facilitate interactive
learning between the implicit text embeddings ti and the
visual embeddings v, as illustrated in Fig. 2. The MIM con-
sists of a multi-head cross attention (MCA) layer and 2-layer
transformer blocks. The implicit text embedding and visual
embedding obtained by the text encoder Et and the vision
encoder Ev are fed into the proposed MIM to fuse visual and
implicit text embeddings. Specifically, we project the im-
plicit text embeddings ti into a query matrix Q1, and project
the visual embeddings into a key matrix K1 and a value ma-
trix V1 with three different linear-projection layers. Then,
the full interactive learning between image and implicit text
embeddings can be achieved by:

v+ = Transformer(MCA(LN(Q1,K1, V1))), (1)

where v+ ∈ RB×d, B is the batch-size in a mini batch and d
is the embedding dimension. LN(·) is Layer Normalization,
Transformer(·) denotes transformer blocks, and MCA(·)
is the multi-head cross attention and can be achieved by:

MCA(Q1,K1, V1) = Softmax

(
Q1K

T
1√

d

)
V1, (2)

where d is the embedding dimension.
Then, the obtained embeddings v+ are fed into a classi-

fier layer to obtain predicted attribute classes yv . The binary
cross entropy (BCE) loss is used to optimize the attribute
classes yv predicted by the classifier layer of the proposed
ILGL, which can be mathematically expressed as follows:

Lcla(y,yv) =− 1

B

B∑
i=1

[
yi · log(σ(yi

v))

+(1− yi) · log(1− σ(yi
v))

]
,

(3)

where y is the attribute label, and σ(yv) is the sigmoid acti-
vation function to convert yv into a probability value.

Explicit Attribute Enhancement Learning
Although the proposed ILGL can generate pseudo-word to-
kens to provide personalized attribute descriptions for each
pedestrian image, it has a limitation: these pseudo-word to-
kens are not aligned with the textual concepts in the text em-
bedding space, which may introduce challenges during in-
ference. To address this issue, we propose an EAEL stream
to guide the generated pseudo-word token aligned with
pedestrian attributes.

Specifically, for the pedestrian attributes A =
{A1, A2, . . . , AN} in the PAR dataset, where N is the
number of attributes, we first translate each attribute into
a language description by following PromptPAR (Wang
et al. 2025a). For example, the attribute ‘upper jacket’ is
transformed into the language description ‘A photo of a
person with upper jacket’. Then, this description undergoes
a tokenization process and is then input into the text encoder
of CLIP to obtain the explicit text embedding te.

Then, we propose a Textual Interactive Module (TIM) to
guide the implicit text embedding ti with the obtained ex-
plicit text embedding te to attend to regions that are seman-
tically faithful to the attributes. Specifically, as illustrated
in Fig. 2, similar to MIM, we project the implicit text em-
bedding ti into a query matrix Q2, and project the explicit
text embedding into a key matrix K2 and a value matrix V2
with three different linear-projection layers. Then, the full
enhancement learning between implicit and explicit text em-
beddings can be achieved by:

ti+ = Transformer(MCA(LN(Q2,K2, V2))), (4)

where ti+ ∈ RB×N×d, B is the batch-size in a mini batch,
N is the attribute number in dataset and d is the embedding
dimension. In this way, the proposed TIM can effectively
aggregates the attention map to highlight the regions of high
attribute response.

Then, the obtained embeddings ti+ are fed into N classi-
fier layer to obtain predicted attribute classes yt. The BCE
loss is used to optimize the attribute classes yt predicted
by the classifier layer of the proposed EAEL, which can be
mathematically expressed as follows:

Lcla(y,yt) =− 1

B

B∑
i=1

1

N

N∑
j=1

[
yi · log(σ(yi,j

t ))

+(1− yi) · log(1− σ(yi,j
t ))

]
.

(5)

In addition, to fully align the implicit text embedding
ti obtained by the pseudo-word tokens in ILGL with ex-
plicit text embedding te, we calculate the similarity scores
s ∈ RB×N between those two embedding vectors. Then,
the BCE loss is used to optimize similarity scores s, which
can be mathematically expressed as follows:

Lsim(y, s) =− 1

B

B∑
j=1

[
yj · log(σ(sj))

+(1− sj) · log(1− σ(sj))] ,

(6)

where sj =
tij ·t

e
j

∥tij∥2∥tej∥2
denotes the cosine similarity be-

tween two vectors tij and tej .

Optimization
Training optimization. In summary, the overall objective
function for the proposed JGEL method can be mathemati-
cally expressed as follows:

Lall = Lcla(y,yv) + Lsim(y,yt) + Lsim(y, s). (7)
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Methods PETA PA100K RAPv1 RAPv2
mA Accu Recall F1 mA Accu Recall F1 mA Accu Recall F1 mA Accu Recall F1

AttExpIB-Net(Wu et al. 2023) 85.90 77.58 86.36 85.32 83.23 79.42 88.60 87.23 82.46 68.81 81.63 80.25 80.60 67.31 80.38 79.15
EALC (Weng et al. 2023) 85.94 80.58 87.38 87.44 80.52 80.13 88.59 87.88 82.09 69.30 82.77 81.17 - - - -
CAS (Yang et al. 2021) 86.40 79.93 87.33 87.18 82.86 79.64 87.79 85.18 84.18 68.59 83.81 80.56 - - - -
VAC (Guo, Fan, and Wang 2022) - - - - 82.19 80.66 88.10 88.41 81.30 70.12 81.51 81.54 79.23 64.51 79.43 77.10
DAFL (Jia et al. 2022) 87.07 78.88 87.03 86.40 83.54 80.13 89.19 88.09 83.72 68.18 83.39 80.29 81.04 66.70 82.07 79.13
CGCN (Fan et al. 2020) 87.08 79.30 89.38 86.59 - - - - 84.70 54.40 83.68 70.49 - - - -
SOFAFormer (Wu et al. 2024) 87.10 81.10 88.40 87.80 83.40 81.10 89.00 88.30 83.40 70.00 83.00 81.20 81.90 68.60 83.10 80.20
PARFormer (Fan et al. 2023) 88.65 82.34 91.55 88.66 83.95 80.26 91.07 87.69 83.84 69.70 87.81 81.16 - - - -
SSPNet (Shen et al. 2024) 88.37 82.80 90.55 89.50 83.58 80.63 89.32 88.55 83.24 70.21 82.90 81.50 - - - -
DRFormer (Tang and Huang 2022) 89.96 81.30 91.08 88.30 82.47 80.27 88.49 88.04 81.81 70.60 80.12 81.42 - - - -
VTB* (Cheng et al. 2022) 85.31 79.60 87.17 86.71 83.72 80.89 89.30 88.21 82.67 69.44 84.39 80.84 81.34 67.48 83.32 79.35
PromptPAR* (Wang et al. 2025a) 87.09 80.19 88.66 86.89 85.47 81.33 90.53 88.55 84.48 69.97 85.87 81.23 81.67 68.00 85.02 79.85
JGEL (Ours) 90.27 83.23 93.64 89.22 87.61 82.03 94.91 88.92 86.09 70.23 90.64 81.32 85.54 68.24 91.73 79.79

Table 1: Comparisons with state-of-the-art methods on four PAR datasets. The best and the second best results are represented
by bold font and underline, respectively. ∗ indicates that the method also employs language to assist in the PAR task.

Experiments
Datasets and Evaluation Metrics
We evaluate JGEL on four widely used datasets (includ-
ing PETA (Deng et al. 2014), PA100K (Liu et al. 2017),
RAPv1 (Li et al. 2016) and RAPv2 (Li et al. 2018b)) for
the PAR task, and two zero-shot datasets (including PETA-
ZS (Jia et al. 2021) and RAP-ZS (Jia et al. 2021)) for the
zero-shot PAR task, and adopt the standard data settings as
(Jia, Chen, and Huang 2021; Wu et al. 2024). Details about
these datasets and the implementation details of the pro-
posed method can be found in the supplementary material.

Comparison with State-of-the-art Methods
To verify the superiority of JGEL, we compare it with sev-
eral state-of-the-art methods. The quantitative results on four
PAR datasets are shown in Tab. 1.

It can be observed that JGEL achieves the best per-
formance in most evaluation metrics on the four datasets.
Specifically, in mA, JGEL outperforms the second-best per-
formance by 0.31% (DRFormer (Tang and Huang 2022))
on PETA, 2.14% (PromptPAR* (Wang et al. 2025a)) on
PA100k, 1.61% (PromptPAR* (Wang et al. 2025a)) on
RAPv1 and 3.64% on RAPv2, respectively. It can be noticed
that the PromptPAR* also utilizes language to assist in the
PAR task. Under a fair comparison (using the same back-
bone ViT-B/16), JGEL surpasses PromptPAR* in all four
evaluation metrics on four datasets. For example, JGEL re-
spectively surpasses PromptPAR by 2.18%, 3.03%, 4.08%,
and 0.95% in the four evaluation metrics on the PETA
dataset even though it uses a larger image input scale (224
× 224). The consistent improvements across various PAR
datasets and evaluation metrics demonstrate the effective-
ness of JGEL for the PAR task. Moreover, JGEL can main-
tain good performance on four different datasets, indicating
it has a certain degree of universality and stability.

Generalization Analysis on Zero-Shot PAR
To evaluate the generalization performance of JGEL, we
conduct experiments on the PETA-ZS and RAP-ZS datasets.

Data. Methods mA Accu Recall F1

PE
TA

-Z
S

VAC (Guo, Fan, and Wang 2022) 71.91 57.72 70.64 70.90
MCFL (Chen et al. 2022) 72.91 57.04 74.35 71.29
ALM (Tang et al. 2019) 73.01 57.78 73.69 71.53
JLAC (Tan et al. 2020) 73.60 58.66 72.41 72.05
SOFAFormer (Wu et al. 2024) 74.70 62.10 75.10 74.60
VTB* (Cheng et al. 2022) 75.13 60.50 74.40 73.38
PromptPAR* (Wang et al. 2025a) 78.37 63.77 77.72 76.05
JGEL 80.56 64.98 86.39 76.75

R
A

P-
Z

S

VAC (Guo, Fan, and Wang 2022) 73.70 63.25 76.97 76.12
MCFL (Chen et al. 2022) 74.37 63.37 83.86 77.02
ALM (Tang et al. 2019) 74.28 63.22 80.73 76.65
JLAC (Tan et al. 2020) 76.38 62.58 79.20 76.05
SOFAFormer (Wu et al. 2024) 73.90 66.30 79.40 78.40
VTB* (Cheng et al. 2022) 75.76 64.73 80.85 77.35
PromptPAR* (Wang et al. 2025a) 78.35 68.08 84.08 78.74
JGEL (Ours) 80.10 67.96 90.15 79.73

Table 2: Comparison with several state-of-the-art methods
on the PETA-ZS and RAP-ZS datasets.

As we can see from Tab. 2, in both the PETA-ZS and
RAP-ZS datasets, JGEL demonstrates remarkable superi-
ority across most evaluation metrics. For instance, on the
PETA-ZS dataset, JGEL achieves the best values in mA
(80.56%), Accu (64.98%), Recall (86.39%), and F1 (76.75)
compared to existing methods. Similarly, on the RAP-ZS
dataset, JGEL also shows excellent performance with best
results in mA and Recall, and competitive results in other
metrics as well. These results indicate that JGEL has a strong
ability to generalize and adapt to new data in the zero-shot
scenario, effectively extracting relevant information to rec-
ognize pedestrian attributes accurately.

Ablation Studies
Ablation studies for the effectiveness of different com-
ponents. To demonstrate each component’s contribution in
JGEL, we conduct ablation studies by evaluating results of
different components on the PETA and RAPv1 datasets. As
we can see in Tab. 3, the results show that: (1) Comparing

12974



Components PETA RAPv1
ILGL MIM EAEL TIM mA Recall mA Recall

a) ✗ ✗ ✗ ✗ 86.84 88.72 81.25 81.31
b) ✓ ✗ ✗ ✗ 88.94 91.67 84.88 87.65
c) ✓ ✓ ✗ ✗ 89.56 92.36 85.44 88.38
d) ✗ ✗ ✓ ✗ 87.14 89.06 84.57 85.44
e) ✗ ✓ ✓ ✗ 88.31 90.04 84.83 86.90
f) ✓ ✓ ✓ ✗ 89.90 93.20 85.88 89.96
i) ✓ ✓ ✓ ✓ 90.27 93.64 86.09 90.64

Table 3: Ablation studies for the proposed JGEL method on
the PETA and RAPv1 datasets.

Components PETA RAPv1
mA Recall mA Recall

ILGL & w/o MIM 88.94 91.67 84.88 87.65
+1 Cross Attention 89.26 91.97 85.23 88.12

+1 Cross Attention & 1 Self Attention 89.39 92.12 85.37 88.29
+1 Cross Attention & 2 Self Attention 89.56 92.36 85.44 88.38
+1 Cross Attention & 4 Self Attention 89.68 92.20 85.55 87.64

ILGL + & EAEL & w/o TIM 89.90 93.20 85.88 89.96
+1 Cross Attention 90.05 93.43 85.96 90.22

+1 Cross Attention & 1 Self Attention 90.18 93.55 86.05 90.53
+1 Cross Attention & 2 Self Attention 90.27 93.64 86.09 90.64
+1 Cross Attention & 4 Self Attention 90.33 93.19 86.12 90.02

Table 4: Ablation studies for the proposed MIM and TIM.

case (a) (baseline) with case (b) and case (c), in the PETA
dataset, the mA increases from 86.84% to 89.56%, and the
Recall increases from 88.72% to 92.36%, which shows that
the ILGL plays a significant role in improving the mA and
Recall of the model by generating pseudo-word tokens to
provide personalized attribute descriptions. (2) Comparing
case (a) with case (d) and case (e) (in which the text em-
beddings are fused with visual image embeddings), the mA
increases from 86.84% to 88.31%, and the Recall increases
from 88.72% to 90.04%, which indicates that the EAEL can
also improve the performance of the model. (3) Compar-
ing case (c) with case (f), the mA increases from 89.56% to
89.90%, and the Recall increases from 92.36% to 93.20%,
which shows that EAEL can effectively align the generated
pseudo-word tokens aligned with pedestrian attributes in the
text embedding space. (4) By integrating the above compo-
nents into an end-to-end joint implicit and explicit language
guidance enhancement learning framework, JGEL can effec-
tively improve the performance of the PAR task, achieving
competitive results.

The effectiveness of MIM and TIM. To validate the ef-
fectiveness of MIM and TIM in JGEL, we conduct com-
prehensive ablation studies by evaluating the experimental
results corresponding to varying numbers of cross-attention
and self-attention layers on the PETA and RAPv1 datasets,
as shown in Tab. 4. With the number of Self Attention lay-
ers increases, the results initially show an upward trend, but
subsequently, they begin to fluctuate and decline. This ob-
servation implies that while the addition of Self Attention
layers can enhance the model’s performance, an excessive
number of such layers may lead to overfitting, thereby ad-

Methods RAPv1
TT Params mA Recall

SNN-PAR (Wang et al. 2024a) 45.92 h 583.40 M 75.4 78.3
PARFormer-L (Fan et al. 2023) 63.33 h 755.60 M 84.1 88.2
VTB (Cheng et al. 2022) 0.86 h 157.54 M 82.67 84.39
PromptPAR (Wang et al. 2025a) 15.88 h 2.30 M 84.48 85.87
JGEL 2.83 h 95.83 M 86.1 90.6

Table 5: Comparison of training times and the number of pa-
rameters under the same backbone (ViT-B/16) on the RAPv1
dataset. TT means the total training time, and Params de-
notes the number of learnable parameters in the whole
model. All models are evaluated on a single 2080Ti GPU.

Figure 3: Attribute-wise mA comparison between the base-
line (blue box) and JGEL (yellow box) on the PETA dataset.

versely affecting the Recall. Concurrently, it is important to
note that an increase in the number of Self Attention lay-
ers also demands more memory space for parameter storage.
Consequently, to strike an optimal balance between perfor-
mance and computational resource consumption, we have
determined that employing 1 cross-attention layer and 2 self-
attention layers for both MIM and TIM within the proposed
JGEL represents the most favorable configuration.

Comparison of training efficiency. In order to evaluate
the efficiency of JGEL, we carry out a comparative analysis
between JGEL and some other methods, as shown in Tab.
5. Overall, the proposed JGEL exhibits outstanding compre-
hensive advantages in training time, the number of model
parameters, and performance metrics. Compared with VTB,
JGEL not only ensures relatively high accuracy and recall
rates, but the training time is not overly long, and the num-
ber of parameters is significantly reduced. Compared with
PromptPAR, JGEL has a significant improvement in perfor-
mance (both mA and Recall are higher), while the training
time is greatly shortened, and it also makes more rational
use of resources in terms of parameter scale to achieve high
performance. These advantages enable JGEL to stand out in
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Figure 4: Visualization of specific attribute response maps
using only the image encoder and with the guidance of ILGL
on the PETA dataset. (a) are the input images, (b) are the
results obtained using only the image encoder, and (c) are
the results obtained with the guidance of ILGL.

the PAR task and are more suitable for a variety of practical
application scenarios.

Visualization Analysis
Attribute-wise mA comparison. To evaluate the effective-
ness of the JGEL, we compare the attribute-wise mA value
obtained by the baseline and JGEL on the PETA dataset,
which is shown in Fig. 3. Generally speaking, the proposed
JGEL performs better than the baseline in all the attributes,
which indicates that JGEL method has certain advantages in
the PAR task. For example, in accessory attributes, as well
as various upper body clothing, and lower body clothing,
the recognition accuracy of JGEL is higher than that of the
baseline, indicating that JGEL can more effectively recog-
nize these attributes. This may be because JGEL has a better
ability to capture and understand the texture and style of the
upper body clothing in the model structure or feature learn-
ing process. Whether it is the detailed features of clothing
or the clues related to personal characteristics, they can be
better learned and utilized, thus improving the recognition
performance in various attributes.

Specific-attribute attention heat maps. To further
demonstrate the effectiveness of the ILGL, we compared the
differences between the heatmaps obtained by using only
the visual encoder and those obtained with the guidance of
ILGL. The results are shown in Fig. 4. It can be seen that the
heatmaps obtained by the visual encoder show that the atten-
tion areas are relatively scattered and not accurate enough.
The highly activated areas may not accurately focus on the

Upper jacket
Lower jeans
Lower trousers
Shoes other
Shoes sneaker

Lower casual
Lower formal
Lower jeans
Lower trousers

Upper jacket
Upper other
Attach nothing
Age less 30
Age 30 45

Head long hair
Upper jacket
Shoes sneaker
Age less 30
Age 30 45

Lower casual
Lower jeans
Shoes sneaker
Attach other

Upper jacket
Upper other
Attach backpack
Age less 30
Age 30 45

Figure 5: Some failure cases on the PETA dataset. The at-
tributes highlighted in red are the incorrectly recognized re-
sults, while those in blue are the unrecognized results.

parts of the image that are closely related to the target at-
tributes. Some of the areas covered by the heatmaps con-
tain a large amount of irrelevant background information.
In contrast, the activated areas in the heatmaps guided by
ILGL are more concentrated and accurately cover the image
areas related to the target attributes, showing that the model
can precisely capture the visual clues related to the attribute.
This is due to the pseudo-word tokens generated by ILGL
can implicitly model the image attributes and provide more
targeted guidance for the model, making the model more di-
rectional when paying attention to the image content.

Analysis of failure cases. To further analyze JGEL, we
visualize some failed cases, as shown in Fig. 5. In terms
of incorrectly recognized attributes, for clothing attributes,
there are cases such as misrecognizing “upper other” as “up-
per jacket” and “shoes other” as “shoes sneaker”, because
the model has insufficient ability to distinguish and classify
the styles of tops and shoes. In terms of unrecognized at-
tributes, age attributes such as “age less 30” and “age 30 -
45” are not correctly recognized, because the judgment re-
quires comprehensive information and the model has diffi-
culty in integrating it. Therefore, JGEL still needs to be im-
proved. For clothing attributes, it is necessary to improve the
ability to distinguish different styles; for attributes such as
age and clothing style, it is necessary to optimize the ability
to process comprehensive information.

Conclusion

In this paper, we present a novel JGEL method for the
PAR task, which consists of two key components: ILGL and
EAEL. ILGL generates pseudo-word tokens by projecting
visual features into the text embedding space, enabling im-
plicit modeling of image attributes and providing personal-
ized descriptions for pedestrians. EAEL refines these tokens
by explicitly aligning them with pedestrian attributes, en-
suring accurate representation of attribute concepts in the
text embedding space. Extensive experiments show that the
proposed JGEL has significant advantages in improving the
performance of the PAR task. Furthermore, we also demon-
strate the effectiveness and generalization of JGEL in the
challenging zero-shot PAR task.
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