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Abstract

Recent researchers have proposed using event cameras for
person re-identification (ReID) due to their promising perfor-
mance and better balance in terms of privacy protection, event
camera-based person RelD has attracted significant attention.
Currently, mainstream event-based person RelD algorithms
primarily focus on fusing visible light and event stream, as
well as preserving privacy. Although significant progress has
been made, these methods are typically trained and evaluated
on small-scale or simulated event camera datasets, making
it difficult to assess their real identification performance and
generalization ability. To address the issue of data scarcity,
this paper introduces a large-scale RGB-event based person
RelD dataset, called EvRelD. The dataset contains 118,988
image pairs and covers 1200 pedestrian identities, with data
collected across multiple seasons, scenes, and lighting condi-
tions. We also evaluate 15 state-of-the-art person RelD al-
gorithms, laying a solid foundation for future research in
terms of both data and benchmarking. Based on our newly
constructed dataset, this paper further proposes a pedestrian
attribute-guided contrastive learning framework to enhance
feature learning for person re-identification, termed TriPro-
RelD. This framework not only effectively explores the vi-
sual features from both RGB frames and event streams, but
also fully utilizes pedestrian attributes as mid-level semantic
features. Extensive experiments on the EvRelD dataset and
MARS datasets fully validated the effectiveness of our pro-
posed RGB-Event person RelD framework.

Code — https://github.com/Event-
AHU/Neuromorphic_RelID/tree/main/TriPro-main

Datasets — https://github.com/Event-
AHU/Neuromorphic_RelD/tree/main/TriPro-main

Introduction

Person re-identification (RelD) is a critical research topic
in the fields of computer vision and artificial intelligence.
Its goal is to find pedestrians with the same ID as a given
query sample from a set of candidate samples. It can be
used in intelligent video surveillance, commercial and retail
analysis, robotics and unmanned devices, etc. Most existing
RelD algorithms are based on RGB cameras, making them
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Figure 1: Imaging principle of event camera and comparison
of RGB frames and event streams in challenging scenarios.

highly susceptible to challenges such as illumination varia-
tions, motion blur, and privacy concerns.

To address the aforementioned issues, some researchers
resort to the bio-inspired event cameras for person re-
identification (Xu et al. 2025; Deng et al. 2025c,b), due
to their advantages in low energy consumption, high dy-
namic range, no motion blur, and spatial sparsity, as shown
in Fig. 1. Specifically, Ahmad et al. (Ahmad, Morerio, and
Del Bue 2023) propose a person re-identification method
through event anonymization, aiming to recognize individ-
uals based on behavior and dynamic features without re-
lying on identity information. Cao et al. (Cao et al. 2023)
present an event-guided person re-identification method that
leverages sparse-dense complementary learning, combining
sparse event data and dense image features to enhance the
robustness and accuracy of RelD across different scenar-
ios. Li et al. (Li et al. 2025) propose a video person re-
identification method that enhances performance by lever-
aging cross-modality fusion of visual and event data, along
with temporal collaboration to capture dynamic motion in
challenging scenarios.

Despite these progress, current event-based person re-
identification algorithms are still limited by the following
issues: 1). Existing person RelD algorithms are typically
trained and evaluated on small-scale or simulated event cam-



era datasets, making it difficult to assess their real iden-
tification performance and generalization ability. 2). Cur-
rent RelD algorithms mainly focus on learning event stream
features (Li et al. 2025) or fusing RGB and event fea-
tures (Cao et al. 2023), but fail to consider the semantic in-
formation, such as pedestrian attributes long hair, wearing
glasses (Wang et al. 2022; Wu et al. 2024, 2025b), they can
only achieve sub-optimal performance. Therefore, it is nat-
ural to raise the following question: “How can we design
a more effective and generalizable event-based person re-
identification framework that leverages not only large-scale,
real-world data but also incorporates rich semantic infor-
mation such as pedestrian attributes?”

Considering that the datasets for person re-identification
based on event cameras are still scarce and limited in scale,
for example, the Event RelD (Ahmad, Morerio, and Del Bue
2023) dataset contains only 16,000 samples involving 33
pedestrians. In this paper, we first propose a new bench-
mark dataset for event stream-based person re-identification
to bridge the data gap, termed EvRelID. It contains 118,988
image pairs (7 times larger than the current real RelD dataset
Event-RelD) and covers 1200 pedestrian identities (36 times
more than Event-RelD), with data collected across multiple
seasons, scenes, and lighting conditions. We also evaluate
15 state-of-the-art person RelD algorithms, laying a solid
foundation for future research in terms of both data and
benchmarking. Some representative samples of our EvRelD
dataset are provided in Fig. 2.

Based on our newly proposed benchmark dataset, we fur-
ther propose a new pedestrian attribute-guided contrastive
learning framework to enhance feature learning for person
re-identification, termed TriPro-RelID. This framework not
only effectively explores the visual features from both RGB
frames and event streams, but also fully utilizes pedestrian
attributes as mid-level semantic features. Specifically, given
multi-modal input data, we first perform patching and pro-
jection to obtain RGB and event tokens, which are then
fed into separate ViT backbone networks to learn spatio-
temporal features. To facilitate feature interaction between
the two modalities, we introduce a cross-modal prompt pro-
jector for cross-modal feature fusion. Meanwhile, we em-
ploy the VTFPAR++ (Wang et al. 2024b) to predict pedes-
trian attributes from the input samples and use a text en-
coder to generate attribute semantic tokens. Subsequently,
an attribute prompt injector is introduced to map these se-
mantic tokens and fuse them with the visual features. We
adopt widely-used metrics, including the triplet loss, ID loss,
and the vision-attribute contrastive loss, to jointly guide the
multi-modal feature learning for ReID. An overview of our
proposed RGB-Event based person re-identification frame-
work can be found in Fig. 3.

To sum up, the contributions of this paper can be summa-
rized as the following three aspects:

1). We propose a large-scale benchmark dataset for
RGB-Event based person re-identification, termed EvReID
dataset, which contains 118,988 image pairs and covers
1200 pedestrian identities, with data collected across mul-
tiple seasons, scenes, and lighting conditions. 15 state-of-
the-art (SOTA) person RelD algorithms are re-trained and
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evaluated on this dataset, which lays a solid foundation for
future research in terms of both data and benchmarking.

2). We propose a pedestrian attribute guided con-
trastive learning framework for RGB-Event based person
re-identification, termed TriPro-RelD. Both the semantic at-
tribute and multi-modal visual features are exploited in our
framework.

3). Extensive experiments conducted on two benchmark
datasets (i.e., EvVReID and MARS* dataset) fully validated
the effectiveness of our proposed RGB-Event person RelD
framework.

Related Works
Event-based Vision

While RGB-based vision systems generally achieve strong
performance, they often fail in low-light conditions. To ad-
dress this, event-based methods (Cheng, Knoll, and Cao
2025) have emerged, leveraging the high temporal resolu-
tion and low latency of event data. In person RelD, Ah-
mad et al. (Ahmad, Morerio, and Del Bue 2023) intro-
duce the first event-based dataset and propose a privacy-
preserving event RelD framework. In detection and track-
ing, recent works such as RVT (Gehrig and Scaramuzza
2023), MvHeat-DET (Wang et al. 2024a), and Mamba-
FETrack (Huang et al. 2024) demonstrate the potential
of event data through advanced architectures like Trans-
formers, SNNs, and Mamba networks. Despite their advan-
tages, event-based approaches often underperform in accu-
racy compared to RGB methods due to limited semantic
content. To bridge this gap, we propose a dual-branch RGB-
Event framework that exploits the complementary strengths
of both modalities for enhanced performance.

Person Re-Identification

Person re-identification (ReID) (Shu et al. 2021; Zheng
et al. 2023; Deng et al. 2025a) has gained attention, es-
pecially in video-based settings leveraging temporal coher-
ence. Early CNN-based methods like AP3D (Gu et al. 2020)
and TCLNet (Hou et al. 2020) model spatial-temporal cues,
while CTL (Liu et al. 2021a) and PSTA (Wang et al. 2021)
incorporate LSTMs for temporal modeling. Graph-based ap-
proaches such as MGH (Yan et al. 2020) and keypoint-based
GCNs (Chen et al. 2022) capture complex spatial-temporal
relations. Transformer-based models like DCCT (Liu et al.
2023) and VDT (Zhang et al. 2024) enhance global context
representation. Event-based ReID methods (Ahmad, More-
rio, and Del Bue 2023) leverage event streams for accu-
racy under challenging conditions. Vision-language mod-
els like CLIP (Radford et al. 2021) have been adapted for
RelD with textual supervision (Yu et al. 2024), and seman-
tic knowledge integration (Wang et al. 2025b). Unlike heavy
semantic models, we propose a lightweight attribute-guided
dual-modality framework that predicts semantic attributes,
encodes them as text features, and fuses them with visual
cues via cross-modal prompting for fine-grained, semanti-
cally enriched representations.



#Index | Dataset Year | #IDs | #Images Modality | Seasons | Lighting | Real Event
01 PRID-2011 (Hirzer et al. 2011) 2011 | 200 40,033 RGB Single Daytime X
02 SAIVT-Softbio (Bialkowski et al. 2012) 2012 | 152 64,472 RGB Single Daytime X
03 iLIDS-VID (Wang et al. 2014) 2014 | 300 42,460 RGB Single Daytime X
04 HDA Person (Nambiar et al. 2014) 2014 53 2,976 RGB Single Daytime X
05 MARS (Zheng et al. 2016) 2016 | 1,261 | 1,067,516 RGB Single Daytime X
06 DukeMTMC-VideoReID (Wu et al. 2018) 2018 | 1,404 | 815,420 RGB Single Daytime X
07 LS-VID (Li et al. 2019) 2019 | 3,772 | 2,982,685 RGB Single | Day, Night X
08 Event ReID (Ahmad, Morerio, and Del Bue 2023) | 2023 33 16,000 Event Single Daytime X
09 EvRelID (Ours) 2025 | 1,200 | 118,988 | RGB-Event | Multi | Day, Night v

Table 1: Statistics of existing video-based person RelD datasets. Seasons indicates the diversity of data collection seasons,
Lighting refers to the time periods of video capture, Events-Reality denotes whether the event data were acquired from real

event sensors.

Benchmark Datasets for Video-Based Person
Re-Identification

The most commonly used datasets for video-based person
re-identification (RelD) include PRID-2011 (Hirzer et al.
2011), iLIDS-VID (Wang et al. 2014), MARS (Zheng et al.
2016), DukeMTMC-VideoRelID (Wu et al. 2018), and LS-
VID (Li et al. 2019). PRID-2011 and iLIDS-VID contain a
few hundred sequences captured by two cameras under con-
trolled and surveillance conditions, respectively. MARS is a
large-scale benchmark with over 17,000 tracklets of 1,261
identities from six cameras. DukeMTMC-VideoReID offers
702 training and 702 testing identities with additional dis-
tractors. LS-VID further expands the scale with 3,772 anno-
tated identities in diverse scenarios. Beyond RGB data, event
modalities have been introduced, with Ahmad et al. (Ahmad,
Morerio, and Del Bue 2023) proposing the first event-based
RelD dataset, Event-RelD, containing event sequences for
33 individuals. Existing datasets are limited either by modal-
ity or scale, and none combine RGB and event data under a
unified setting. To fill this gap, we present EvRelD, a dual-
modality video RelD benchmark supporting RGB, event,
and their fusion, enabling comprehensive evaluation and ad-
vancing multi-modal person RelD research.

EvRelID Benchmark Dataset
Protocols

To provide a good platform for the training and evalua-
tion of RGB-Event person re-identification, we construct
the EvReID benchmark dataset. When collecting data for
the EvRelD dataset, we obey the following protocols: 1).
Large Scale: EvRelD is the first video-based Re-ID dataset,
which integrates both RGB and Event modalities. It includes
1,200 unique identities, captured over 118,988 frames, pro-
viding a comprehensive foundation for training and evalua-
tion. 2). Multiple Viewpoints: We use a DVS346 Event cam-
era to capture spatiotemporally aligned RGB-Event sample
pairs. Specifically, by following the direction of the person’s
movement and rotating the camera’s viewpoint, we obtain
images of the same pedestrian from different viewpoints.
3). Complex and Varied Scenes: The dataset reflects real-
world variability by incorporating pedestrian footage across
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different times of day, seasons, and weather conditions, en-
suring it covers a wide range of scenarios that pedestrians
encounter in practice. 4). Bi-modal Complementarity: We
add 11 kinds of different noises on the RGB modal of the
EvRelD dataset, which include light change, motion blur,
and adverse weather conditions, to validate complementary
learning for enhanced bi-modality.

Data Collection and Statistical Analysis

s As shown in Table 1, we compare several representative
video-based person re-identification (RelD) datasets with
our proposed EvRelD dataset. The details about our pro-
posed EvRelD dataset can be found in the supplementary
materials.

Benchmark Baselines

To establish a comprehensive benchmark dataset for RGB-
Event based person re-identification, we select 15 SOTA
or representative methods for evaluation on our proposed
dataset, and more details can be found in the supplementary
materials.

Methodology
Preliminary: CLIP and CLIP-RelID

CLIP (Radford et al. 2021) consists of a visual encoder and
a text encoder trained jointly with contrastive learning to
map images and texts into a shared embedding space. Given
a batch of paired samples, images and texts are encoded
and projected into unified feature embeddings. The similar-
ity between image and text features is computed by their
projected embeddings. Contrastive losses align these fea-
tures during training. In downstream tasks, text inputs are
usually prompts like “A photo/video of a {class},” where
the class is specified. However, in person RelD, identities
are represented as integer labels rather than descriptive text.
To address this, CLIP-ReID (Li, Sun, and Li 2023) intro-
duces learnable identity-specific tokens forming personal-
ized prompts such as “A photo of a [X |1, [X]a, - , [X]Num
person.” The encoders are frozen while optimizing these to-
kens to learn discriminative textual identity representations.
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Figure 2: Comparison of existing video-based RelID datasets and our newly proposed EvRelD dataset.

Although effective for RGB-based RelD, a simple dual-
branch CLIP-RelD architecture is insufficient for RGB-
Event dual-modality scenarios, as it cannot fully exploit
complementary temporal and modality-specific cues from
event data. Moreover, these identity-aware prompts do not
explicitly capture fine-grained pedestrian attribute informa-
tion available in video frames.

Overview

We propose a novel framework, Triple-Prompting Re-
identification (TriPro-RelID), comprising two core modules:
Positive-Negative Attribute Prompting (PNAP) and Cross-
Modal Prompting (CMP). The framework is trained in three
stages. First, we use the vanilla CLIP contrastive learn-
ing pipeline to initialize identity-aware context prompts for
each person and associate them with corresponding IDs
to obtain textual representations. Second, we fix the iden-
tity prompts and introduce visual prompts into the visual
encoder to align visual features with textual ones. Mean-
while, CMPs bind RGB and Event visual features with iden-
tity embeddings, enabling cross-modality prompt propaga-
tion to leverage complementary multimodal information and
extract generalized knowledge from the pre-trained CLIP
model. Third, PNAPs, generated from person attributes and
encoded by the text encoder, are injected into intermediate
visual encoder layers to dynamically enhance visual fea-
tures with attribute-aware discrimination. The model is su-
pervised using ID and triplet losses for person ReID. De-
tailed descriptions of these modules follow.

Input Representation

Given the video-based person RelD training sets Dg
N, :

{(@i,v:)}iy and Dp = {(x;,vy:)};, in the RGB and

Event modalities, respectively, we aim to extract identity-

specific sequence representations. For an identity y;, we use

NS

10175

the pre-trained CLIP visual encoder to extract sequence-
level features from RGB and Event video sequences, de-
noted as FR and F's. For RGB, each image sequence
{Ig,}L, is divided into N,, non-overlapping patches. Each
patch is projected into token embeddings via a linear pro-
jection layer, and a learnable class token [CLS] is added to
form the input to the visual encoder:

Z%iwh = [CLSt7 Eemb-[t,la to aEembIt,Np] +e® (1

where e denotes the spatial positional embedding. These
embeddings are subsequently processed by the CLIP visual
encoder. The resulting frame-level feature representation is:

Fp = V(Zh) )

where V(-) denotes the CLIP visual encoder. To incorpo-
rate identity-level textual guidance, we construct an ID-
specific prompt: “A photo of a [X]1, [X]2, -+ , [X]Num per-
son”, where each [X],, (y; € {1,...,Num}) is a learn-
able token with the same dimension as the word embedding
and is independently learned for each identity. The textual
prompt is fed into the CLIP text encoder 7 (-) to obtain the
identity-specific text feature:

Ty, = T(texty,) 3

where text,, is the generated textual description for identity
Yi-

Attribute Guided Prompt Learning

We design a dual-stream network architecture for RGB-
Event person RelD, which leverages CLIP-ReID as our
baseline and introduces two main modules to enhance fea-
ture fusion between RGB and Event modalities and explore
attribute semantic information for robust person RelD.

o Positive-Negative Attribute Prompts. To further en-
hance the discriminative capacity of identity representations
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Figure 3: An illustration of our proposed TriPro-ReID framework. The left part illustrates the overall architecture of the RGB-
Event person re-identification framework, consisting of dual-stream backbones and multi-level fusion modules. The right part
presents the three-stage training strategy, including Text Prompt Align, Multimodal Prompt Align, and Visual Modal Tuning

stages.

with fine-grained semantic cues, we propose a Positive-
Negative Attribute Prompting (PNAP) mechanism, which is
inspired by the learnable context prompt strategy in (Zhou
et al. 2022; Khattak et al. 2023; Wu et al. 2025a), and is
further motivated by (Wang et al. 2025b), which demon-
strates the benefits of incorporating attribute-level seman-
tic priors for multi-modal object re-identification. Specifi-
cally, we employ a pre-trained pedestrian attribute recog-
nition model (Wang et al. 2024b), denoted as PAR(:), to
predict attribute labels for a given input sequence. Based
on the predicted results, we construct a positive attribute
prompt AP* | which contains all the predicted attributes (e.g.,
“Male, Jacket, Bald”), and a negative attribute prompt A"¢
by negating the unpredicted attributes (e.g., “Not Female,
Not Short Sleeves, Not Long Hair”). Both types of prompts
are encoded into textual embeddings using the frozen CLIP
text encoder 7 (-). Following the prompt tuning paradigm
of CoOp (Zhou et al. 2022), we further introduce a set of
learnable context vectors: PP for positive prompts and
P& for negative ones. These are used to adapt the at-
tribute prompts to the target person RelD task. The enriched
prompts are then passed through a fully connected (FC)

layer and concatenated with the visual features Fp and Fig
to yield prompt-enhanced identity representations F5 and
F}). The overall process can be summarized as:

PNAP = T(AP PP) U T(A™E P8)  (4)
F% = Con(Fgr,FC(PNAP)) (5)

FY = Con(Fg, FC(PN AP)) (6)

Here, A = PAR(IR) is the recognition result from the
pedestrian attribute recognition model, 7(-) denotes the
CLIP text encoder, and Con(-) represents the feature con-
catenation operation. F} and Fj serve as the prompt-
augmented input representations for the RGB and Event
branches, respectively.

e Cross Modal Prompts. Inspired by the Visual Prompt
Tuning paradigm (Jia et al. 2022), we design a Cross Modal
Prompting (CMP) mechanism to facilitate bidirectional in-
teraction between RGB and Event modalities at the feature
level, which introduces a set of learnable prompts to enable
early-stage alignment across modalities. Concretely, we ini-
tialize a set of modality-specific prompt tokens C' M P, for
the RGB branch and project them into the Event branch via
an FC layer to obtain C' M P%. These prompts are concate-
nated with the visual features F' and F2, resulting in the
prompt-injected features Fj, and F'L, respectively:

F} = Con(F},CMPy) (7)
CMPy, = FC(CMPY) ®)
Fj = Con(Fg,CMPg) )

Here, FI% and F}% denote the visual features at the input of
the transformer for the RGB and Event branches, respec-
tively, while C'M Py, and C M P}, represent the initial Cross
Modal Prompt tokens for each modality. As the features
propagate through the transformer layers, the RGB CMPs
are iteratively updated to CM P}, ..., C M PF, where the



Methods Modality | Publish mAP Rank-1 Rank-5 Rank-10
#01 AP3D (Gu et al. 2020) v ECCV2020 65.4 83.0 92.1 95.3
#02 PSTA (Wang et al. 2021) A% ICCV2021 63.3 85.2 92.5 95.3
#03 GRL (Liu et al. 2021b) A% CVPR2021 34.5 58.2 73.6 84.0
#04 SINet (Bai et al. 2022) A% CVPR2022 62.7 83.0 924 96.5
#05 CLIP-RelID (Li, Sun, and Li 2023) A% AAAT023 49.9 68.8 81.0 84.0
#01 AP3D (Gu et al. 2020) E ECCV2020 40.6 67.3 80.8 86.2
#02 PSTA (Wang et al. 2021) E ICCV2021 37.1 61.0 77.4 84.6
#03 GRL (Liu et al. 2021b) E CVPR2021 38.9 62.6 78.0 83.6
#04 SINet (Bai et al. 2022) E CVPR2022 40.1 67.0 81.5 85.2
#05 CLIP-RelD (Li, Sun, and Li 2023) E AAAlL 23 30.4 52.5 70.3 79.1
#01 OSNet (Zhou et al. 2019) V+E ICCVa019 23.7 49.1 65.4 72.3
#02 TCLNet (Hou et al. 2020) V+E ECCV2020 55.8 77.4 89.0 93.1
#03 AP3D (Gu et al. 2020) V+E ECCV2020 66.9 86.5 95.6 96.5
#04 MGH (Yan et al. 2020) V+E CVPR2020 43.2 70.9 89.4 92.7
#05 STMN (Eom et al. 2021) V+E ICCV2021 42.1 73.8 - -
#06 PSTA (Wang et al. 2021) V+E ICCV2021 68.2 823 90.8 94.5
#07 GRL (Liu et al. 2021b) V+E CVPR2021 389 62.6 78.0 83.6
#08 BiCnet-TKS (Hou et al. 2021) V+E CVPR2021 50.8 80.5 89.6 92.5
#09 SINet (Bai et al. 2022) V+E CVPR2p22 67.1 834 93.0 95.6
#10 DCCT (Liu et al. 2023) V+E TNNLS2023 | 24.6 42.7 64.9 75.5
#11 CLIP-RelD (Li, Sun, and Li 2023) V+E AAAl023 49.2 73.0 85.5 91.5
#12 SDCL (Cao et al. 2023) V+E CVPR2o23 54.2 69.3 83.8 87.1
#13 TF-CLIP (Yu et al. 2024) V+E AAAl2024 56.9 78.6 91.8 94.3
#14 DeMo (Wang et al. 2025a) V+E AAAl22s5 594 75.7 90.1 92.8
#15 CLIMB-ReID (Yu et al. 2025) V+E AAAl025 68.3 85.2 92.8 95.8
#16 TriPro-RelD (Ours) V+E - 69.3 88.6 943 95.4

Table 2: Comparison with public methods on our datasets. The highest results are shown in bold, while the second-best results

are indicated with underline.

superscript k indicates the corresponding transformer layer.
At each layer, the CMPs in the Event branch are syn-
chronously replaced with the transformed RGB CMPs from
the same layer, enabling continuous and guided feature fu-
sion between the two modalities throughout the network.

Experiments
Datasets and Evaluation Metric

To evaluate the performance, we conduct a comprehensive
benchmark of 15 pedestrian attribute re-identification meth-
ods, representing the most important models in the field of
pedestrian attribute re-identification. Since there is no avail-
able RGB-Event person RelD dataset, Cao et al. (Cao et al.
2023) generate events from MARS (Zheng et al. 2016). We
adopt this simulated dual-modal MARS RGB-Event dataset
(MARS*) and our proposed EvRelD dataset for evalua-
tion. Following previous works, we adopt the mean Average
Precision (mAP) and Cumulative Matching Characteristics
(CMCQ) at Rank-/C (IC = 1, 5, 10) as our evaluation metrics.

Implementation Details

We adopt CLIP-ReID as our baseline, using separate back-
bone parameters for each modality. We use SGD in the first
two stages and AdamW (Loshchilov and Hutter 2017) in the
third, with learning rates of 3.5 x 1072, 3.5 x 1073, and
5 x 1076, and batch sizes of 64, 64, and 8, respectively. All
experiments are conducted on an NVIDIA RTX 3090 GPU.
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Additional details are provided in the source code and sup-
plementary materials.

Methods Modality | mAP Rank-1
#01 OSNet (Zhou et al. 2019) \Y 81.4 87.3
#02 GRL (Liu et al. 2021b) A% 84.8 91.0
#03 STMN (Eom et al. 2021) A% 84.5 90.5
#04 PSTA (Wang et al. 2021) \Y 85.8 91.5
#05 TF-CLIP (Yu et al. 2024) A% 89.4 93.0
#06 CLIMB-RelD (Yu et al. 2025) v 89.7 93.3
#07 TCLNet (Hou et al. 2020) E 38.2 25.3
#08 GRL (Liu et al. 2021b) E 27.7 16.7
#09 BiCnet-TKS (Hou et al. 2021) E 30.9 17.3
#10 STMN (Eom et al. 2021) E 22.4 10.0
#11 OSNet (Zhou et al. 2019) V+E 81.9 87.7
#12 GRL (Liu et al. 2021b) V+E 82.8 88.7
#13 SRS-Net (Wang et al. 2020) V+E 83.8 89.3
#14 STMN (Eom et al. 2021) V+E 83.4 89.0
#15 PSTA (Wang et al. 2021) V+E 85.1 89.9
#16 SDCL (Cao et al. 2023) V+E 86.5 91.1
#17 TriPro-RelID (Ours) V+E 88.4 91.1

Table 3: Comparison on the MARS* dataset.

Comparison with Other SOTA Algorithms

e Result on EvRelD Dataset. As shown in Table 2,
our model achieves impressive mAP, Rank-1, Rank-5, and
Rank-10 scores of 69.3/88.6/94.3/95 .4, respectively, signifi-
cantly surpassing existing baseline methods. This substantial
performance gain highlights the effectiveness of our dual-
branch architecture, which fully exploits the complemen-



| EvRelID | MARS*
#Index | Base PNAP CMP [ AP Rank-T ‘ AP Rank-
1 v 49.2 73.0 86.8 88.7
2 v v 62.3 81.1 87.2 89.9
3 v v 50.2 75.2 87.5 90.1
4 v v v 69.3 88.6 88.4 91.1

Table 4: Ablation study on our proposed EvRelD dataset and
the public MARS* dataset. PNAP and CMP denote Positive-
Negative Attribute Prompts and Cross Modal Prompts,
respectively, where the length of CMP is set as 20.

Length | mAP Rank-1 Rank-5 Rank-10
40 | 624 814 90.9 93.9
20 | 693  88.6 94.3 95.4
10 | 69.8 87.1 92.8 95.4

Depth | mAP Rank-1 Rank-5 Rank-10
12 1693 88.6 94.3 95.4
6 |66.7 858 93.4 95.3
3 66.2 849 93.7 95.3

Table 5: Comparing different Depths and Lengths of Cross-
modal Prompt on EvRelD dataset.

tary strengths of both RGB and Event modalities. Unlike
prior ReID methods, including CNN-based, graph-based,
and Transformer-based approaches, our model incorporates
a hierarchical cross-modal prompting mechanism that seam-
lessly integrates multi-modal information. Moreover, at-
tribute prompts further enhance the discriminative capacity
of pedestrian features, leading to more robust and distinc-
tive representations. Together, these innovations enable our
model to achieve superior accuracy and generalization in
person Re-identification tasks.

e Result on MARS™ Dataset. We further evaluate TriPro-
ReID on the MARS* dataset using both RGB and Event
modalities. As a large-scale and challenging benchmark,
MARS* provides a rigorous testbed for assessing model ro-
bustness. As shown in Table 3, our method achieves 88.4%
mAP and 91.1% Rank-1 accuracy, surpassing all existing
RGB-Event based methods. This demonstrates the effec-
tiveness of our framework in learning discriminative spa-
tiotemporal features. While not outperforming some uni-
modal methods, this is likely due to the synthetic nature of
the Event modality in MARS*, which may introduce noise
and hinder full modality complementarity.

Ablation Studies

In this section, we first present the results evaluating the ef-
fectiveness of key components. We further provide detailed
experimental analyses of different settings within each com-
ponent. Additional results and implementation details are
available in the supplementary materials.

o Effect of Key Components. As shown in Table 4, adding
PNAP or CMP individually to the base model leads to
consistent performance improvements on both EvReID and
MARS* datasets. Introducing PNAP increases the mAP
from 49.2% to 62.3% on EvRelD, showing its effectiveness
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Figure 4: Visualization of the rank list.

in modality-degraded scenarios. CMP also brings gains by
enhancing cross-modal interaction. When both modules are
used together, the model achieves the best results, demon-
strating the complementary advantages of PNAP and CMP.
o Effect of Different Depth and Length of CMP. As shown
in Table 5, shorter prompt lengths outperform longer ones,
with the best mAP of 69.8% achieved at length 10. For
depth, the best performance is observed at depth 12, while
reducing it to 6 or 3 leads to noticeable drops in accuracy.

Visualization of Rank List

Fig. 4 shows the rank lists from TriPro-RelD, demonstrat-
ing its ability to produce accurate rankings and validate its
effectiveness. We present the top-5 ranked results for each
query, highlighting the model’s precision in ranking and its
effectiveness in identifying the correct matches.

Conclusion and Future Works

This paper presents TriPro-ReID, a novel approach for
RGB-Event-based person re-identification, which integrates
an attribute-guided framework. Our method demonstrates
superior performance, addressing key challenges in exist-
ing dual-modality person RelID. Furthermore, we introduce
a new dataset, EvRelD, designed to foster progress in this
domain by providing a comprehensive benchmark that spans
diverse seasons, scenes, and lighting conditions. In addition,
we retrain 15 state-of-the-art methods on this dataset, con-
tributing to the ongoing development of RGB-Event-based
person re-identification. In the future, we plan to expand the
scale of the dataset and investigate the impact of temporal
dynamics on model performance. Additionally, the use of
more advanced large foundation models (Wang et al. 2023)
will be explored to enhance the overall accuracy.
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