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Abstract

We propose unsupervised multi-scenario (UMS) person re-
identification (ReID) as a new task that expands RelD across
diverse scenarios (cross-resolution, clothing change, etc.)
within a single coherent framework. To tackle UMS-RelD,
we introduce image-text knowledge modeling ITKM) — a
three-stage framework that effectively exploits the represen-
tational power of vision-language models. We start with a
pre-trained CLIP model with an image encoder and a text
encoder. In Stage I, we introduce a scenario embedding in
the image encoder and fine-tune the encoder to adaptively
leverage knowledge from multiple scenarios. In Stage II, we
optimize a set of learned text embeddings to associate with
pseudo-labels from Stage I and introduce a multi-scenario
separation loss to increase the divergence between inter-
scenario text representations. In Stage III, we first intro-
duce cluster-level and instance-level heterogeneous match-
ing modules to obtain reliable heterogeneous positive pairs
(e.g., a visible image and an infrared image of the same per-
son) within each scenario. Next, we propose a dynamic text
representation update strategy to maintain consistency be-
tween text and image supervision signals. Experimental re-
sults across multiple scenarios demonstrate the superiority
and generalizability of ITKM; it not only outperforms exist-
ing scenario-specific methods but also enhances overall per-
formance by integrating knowledge from multiple scenarios.

1 Introduction

Given a query image of an individual, person re-
identification (RelD) (Ye et al. 2021b,a; Li et al. 2024; Gong
et al. 2024; Tan et al. 2024) seeks to identify images of the
same person from a gallery containing a large number of per-
son images. To reduce human labor and tedium, researchers
have explored various unsupervised traditional ReID (UT-
RelID) methods (Wang et al. 2021; Xuan and Zhang 2021;
Chen, Lagadec, and Bremond 2021; Dai et al. 2022; He et al.
2024), which typically utilize pseudo-labels generated by
clustering algorithms in place of manually annotated iden-
tity labels to guide model optimization. Although advanced
UT-ReID methods have achieved promising performance in
simple scenarios, they often struggle to handle more chal-
lenging scenarios. Therefore, researchers have explored var-
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Figure 1: Identity information is scenario-dependent.

ious challenging scenarios, such as unsupervised visible-
infrared RelD (UVI-RelD) (Pang et al. 2023; Shi et al. 2024;
Yang, Chen, and Ye 2023; Wang et al. 2025), unsupervised
clothing change RelD (UCC-RelD) (Pang, Zhao, and Wang
2024a; Pang et al. 2025), and unsupervised cross-resolution
ReID (UCR-ReID) (Pang, Zhao, and Wang 2024b), and pro-
posed methods tailored to each scenario.

The nature of identity-related information is typically dif-
ferent across various scenarios. As depicted in Figure 1,
in UCR-ReID, both the style and color of clothing are
considered identity-related information (Pang, Zhao, and
Wang 2024b). However, color is irrelevant for identity
in UVI-ReID (Yang et al. 2022) because of the lack of
color information in infrared images. Furthermore, UCC-
RelID typically assumes that the same individual may
wear different clothing, thus the style and color of cloth-
ing might not be identity-related (Pang et al. 2025). Be-
cause the afore-mentioned unsupervised scenario-specific
ReID (USS-RelD) methods focus on identity-related fea-
tures unique to each scenario, limiting their generalizabil-
ity across multiple scenarios. This results in two key lim-
itations. First, practical ReID applications often span mul-
tiple scenarios—for instance, a person may change cloth-
ing or appear under low-light conditions. Existing USS-
RelID methods typically require separate models for each
scenario, involving distinct training strategies and multiple
sets of weights, which increases both system complexity and
deployment cost. Second, existing USS-ReID methods are



designed for individual scenarios and do not support joint
training across multiple scenarios, thus failing to leverage
the performance benefits of increased data diversity (Zheng
et al. 2024; Shi et al. 2023).

To address the aforementioned issues, we propose a novel
image-text knowledge modeling (ITKM) framework that
effectively leverages the representational power of vision-
language models (VLMs) (Radford et al. 2021) for address-
ing the challenging unsupervised multi-scenario person re-
identification (UMS-RelID). UMS-RelD is a novel task that
aims to train a single general model in an unsupervised man-
ner to handle multiple diverse scenarios—unlike prior tasks
(Yang et al. 2022; Pang et al. 2025), which target individual
scenarios. To tackle the challenges of UMS-RelD, ITKM in-
troduces advances in both data processing and model opti-
mization. In terms of data, based on the relationship between
data heterogeneity (e.g., modality gaps, clothing variations,
and resolution disparities) and encoder structure (Wu and Ye
2023; Shi et al. 2024), we consistently divide the heteroge-
neous data in each scenario into two homogeneous groups,
ensuring that the image encoder in ITKM can accommodate
inputs from all scenarios. In terms of optimization, given the
powerful representation and transfer capabilities of VLMs,
we design ITKM as a three-stage framework based on CLIP
(Radford et al. 2021; Zhou et al. 2022). In Stage I, we in-
troduce a scenario embedding in the CLIP image encoder
and fine-tune the encoder to adapt and effectively leverage
knowledge from multiple scenarios. In Stage II, to obtain
scenario-specific text representations, we: (a) optimize a set
of learned text embeddings to associate, through the CLIP,
with identity pseudo-labels from Stage I and (b) introduce a
multi-scenario separation loss to increase the divergence be-
tween inter-scenario text representations. Stage III first in-
troduces cluster-level heterogeneous matching (CHM) and
instance-level heterogeneous matching (IHM) modules to
obtain reliable heterogeneous positive pairs (e.g., a visible
image and an infrared image of the same person, images
of the same person wearing different clothing, or images
of the same person with different resolutions) within each
scenario. Next, Stage III introduces a dynamic text repre-
sentation update (DRU) strategy that is guided by the latest
pseudo-labels and helps maintain consistency between text
and image supervision signals in unsupervised setting.

The main contributions are summarized as follows:

e We propose a novel task, UMS-RelD, along with a tai-
lored framework, ITKM, to address it. To the best of our
knowledge, this is the first study to explore unsupervised
person re-identification across multiple scenarios.

e To adapt to different scenarios and encourage scenario-
specific text representations, we introduce a novel sce-
nario embedding for the CLIP image encoder and pro-
pose a multi-scenario separation loss.

e We construct two new modules, CHM and IHM, for ob-
tain reliable heterogeneous positive pairs that are criti-
cal for learning in our unsupervised setting. Additionally,
we introduce the DRU strategy to ensure consistency be-
tween text and image supervision signals.

e Experimental results on datasets from different scenar-
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ios validate the superiority and generalization of ITKM,
which not only surpasses existing USS-RelD methods
within each scenario but also enhances overall perfor-
mance by incorporating multi-scenario knowledge.

2 Related Work

UT-ReID methods (Cho et al. 2022; Lan et al. 2023) typi-
cally assume that different images of the same person ex-
hibit high similarity. However, real-world applications of-
ten involve multiple challenging scenarios, where different
images of the same person may exhibit significant hetero-
geneity. These real-world complexities are partly addressed
in prior research by establishing specific tasks and tailored
methods. For example, given a visible (infrared) image of a
person, UVI-RelD (Yang, Chen, and Ye 2024) aims to find
images with the same identity in a gallery composed of in-
frared (visible) images. UCC-RelD (Li et al. 2023) typically
assumes that people may change clothes and seeks to match
images of the same person wearing different clothing. Addi-
tionally, UCR-ReID (Pang, Zhao, and Wang 2024b) aims to
match low-resolution images with high-resolution images of
the same person. Building on prior work, this paper proposes
a novel UMS-RelD method that supports multiple scenarios
simultaneously, aiming to promote broader real-world appli-
cations of RelD.

Pre-trained VLMs (Radford et al. 2021; Zhou et al. 2022;
Lin et al. 2024) have demonstrated promising transferability
in downstream tasks. A pioneer in this area is the CLIP (Rad-
ford et al. 2021) model that trains a pair of image and text
encoders by maximizing the representation similarity be-
tween matched image-text pairs. Subsequent research, such
as CoOp (Zhou et al. 2022), leverages learnable text embed-
dings to further enhance the flexibility of CLIP. Researchers
in the RelD field have also explored CLIP-based methods
(Li, Sun, and Li 2023; Chen et al. 2023; Yang et al. 2024).
For example, CLIP-ReID (Li, Sun, and Li 2023) first learns
a set of text embeddings for each identity, then uses the
learned text embeddings to assist in optimizing the image
encoder. CCLNet (Chen et al. 2023) optimizes learnable text
embeddings based on pseudo-labels in the UVI-RelD task
and uses the text representations as additional supervisory
signals. The proposed ITKM framework also benefits from
CLIP’s representation capabilities. Unlike prior works, we
focus on the UMS-RelD task and explicitly introduce DRU
to update text representations, addressing the limitations of
outdated offline representations used in previous methods.

3 Proposed Framework

To illustrate the UMS-RelD task, we use a multi-scenario
setting that includes UVI-RelD (Yang, Chen, and Ye 2024),
UCC-RelD (Pang, Zhao, and Wang 2024a), and UCR-RelID
(Pang, Zhao, and Wang 2024b). During the training phase,
we define the combination of the training sets from these
three scenarios as {X*}2_,, where s indexes the S=3 sce-
narios. This paper aims to demonstrate the potential of
UMS-ReID. Accordingly, we do not prioritize large-scale
datasets or extensive model parameters, leaving these as-
pects for future work. Given the data distribution, we first
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Figure 2: The proposed ITKM framework for UMS-RelD consists of three stages. Stage I performs unsupervised homogeneous

learning to generate pseudo-labels. Stage II learns text embeddings in the sentence “A photo of a [X1][X3]...

[X as] person” to

associate it with the images for a homogeneous pseudo-label via CLIP. Stage III conducts unsupervised heterogeneous learning
using CHM and IHM. In Stages I and III, colors indicate pseudo-labels and shapes indicate homogeneous groups.

divide the heterogeneous images within each scenario into
two homogeneous groups, labeled as a and b. As shown in
Figure 2, our proposed ITKM framework consists of three
stages: unsupervised homogeneous learning (Stage I), text
representation learning (Stage II), and unsupervised hetero-
geneous learning (Stage III).

3.1 Unsupervised Homogeneous Learning

In Stage I, we adapt the image encoder from a pre-trained
CLIP model to transform an input image into a scenario-
specific representation that preserves identity information.
Specifically, we adapt the vision transformer (ViT) (Doso-

vitskiy et al. 2021) F™Mt, which constitutes the CLIP image
encoder, to introduce a dual-branch frontend, where each
branch is used for one homogeneous group, and, addition-
ally, introduce a scenario embedding in the image encoder.
The process is illustrated in Figure 3 using an input image

a,m from the group a of s-th scenario. The image 7y, ,,, is
partitioned into /N patches which are flattened into vectors
r1,Ts,...cxN and a learnable embedding matrix P maps
each of the patches to a 1 x D vector. The class embedding
is concatenated at the head of the sequence of vectors and
position and scenario are then additively added into the re-
sulting vector to obtain an (N + 1)-length sequence of 1 x D
vectors

zo = [22:225 + es; [(E1;$2; cee ;xN]P] + [ZB’ .. ’Zlév] 1)

where [zg; e ;zf,V ] represent the position embeddings and

es is the learnable scenario embedding. The flattening and
projection of the patches, concatenation of zjif;’,lf, and the
position embedding are based on the standard ViT ap-
proach (Dosovitskiy et al. 2021). The scenario embedding

is introduced in this work to address our UMS-RelD setting.
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Figure 3: Architecture of image encoder used to obtain iden-
tity representations f;’;, from an input image z;, ,,

As shown in Figure 3, 2 is processed through a series
of transformer layers of the ViT, producing (at the head of
the final layer) the identity representatron a.m» Which is re-
ferred to as the instance-level image representatlon in the
following description. The instance-level image representa-
tion f;;1 for group b is similarly obtained. The instance-
level image representations are then clustered within each
homogeneous group to obtain homogeneous pseudo-labels.

We then calculate cluster-level image representations. For
example, the representation of the u-th cluster in group a in
the s-th scenario is defined as:

1 N;.u
e = 0 D fine ©))

a,u m=1
where N7 u Tepresents the number of images in this clus-
ter and f27, denotes the instance-level image representation

in this cluster. Subsequently, we refine the image encoder
E}mt based on homogeneous learning, and the optimized
image encoder is referred to as E;. Specifically, the homo-
geneous contrastive loss is introduced to optimize E; based



on the pseudo labels. For an instance-level image represen-
tation the homogeneous contrastive loss is defined as:

exp( s Cal T/T)

> 1exp(f el )

where ¢, is from the same cluster as f57,, C ‘ represents
the number of clusters in group a in the s-th scenario, and 7
is the temperature hyperparameter. For an instance-level rep-
resentation f,! b.m 10 group b, the corresponding loss Ly bm g
obtained analogously. The overall homogeneous contrastlve
loss is then obtained as:

S B
Lne =5 SZZ (L™ + L™, @)

where B is the batch size. Clustering for assigning homo-
geneous pseudo-labels and optimizing E; (to minimize the
loss in Eq. 4) are performed iteratively. The final pseudo-
labels are then used in Stage II.

am’

3

Lo = —log

3.2 Text Representation Learning

Stage II, which is illustrated in Figure 2, learns iden-
tity related text representations by using a (second) pre-

trained CLIP model with an image encoder EM! and

a text encoder EMMU. Specifically, for each homogeneous
pseudo-label saved during Stage I, a set of text embed-
dings [X]1[X32]...[X ] are learned to optimize the associa-
tion between the pseudo-label tagging sentence “A photo of
a [X]1[Xz2]...[X ] person” and the images with the pseudo-
label by minimizing an overall loss:

S B
1 s,m s,m
53 § E (L™ + L") + AmssLimss,  (5)
s=1m=1

where L;"™ and L;;™ are image-to-text and text-to-image
contrastive losses, respectively, L,,ss is a multi-scenario
separation loss designed to encourage scenario-specific text
representations and enable the model to effectively adapt to
different scenarios, and \,,ss is a weight hyperparameter
that controls the relative significance of L,,ss. These indi-
vidual components of the overall loss are defined as:

exp(fi' - )

L log SP e itT) (6)
Lem = S~1t Z 1 eXp(fo{t.fs,iT)‘T o
[20 |f,;’i€<pf’t ZB L exp( fm R )
s s 1B 2
Lss =y 52 = ®
gl 1T a5

where 5 denotes the representation of the v-th image in
the batch, f5 is the representation of the sentence for the
pseudo-label assigned to the v-th image, ¢5;' denotes the
set of image representations (in the batch) that share the
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same pseudo-label as the f5¢, x is a margin hyperparam-
eter that ensures adequate separation between inter-scenario
text representations, and [(]; denotes the positive part of
(the real-number) (. Note that the learnable text embeddings
[X]1[X2]...[X as] are optimized by minimizing the loss in
Eq. 5 while keeping the parameters of the encoders EM

and Elet frozen. Since the same operations are performed
on all images and do not involve interactions between het-
erogeneous images, we do not differentiate between them in
the equations.

We refer to the text representation output by EIMU for
a sentence as the cluster-level text representation. The fi-
nal cluster-level text representations for the sentences are
saved, and for each image within a cluster, an instance-level
text representation is initialized as the corresponding cluster-
level text representation. The saved text representations are
referred to as offline text representations.

3.3 Unsupervised Heterogeneous Learning

Stage III aims to optimize the dual front-end image encoder
from Stage I to ensure its identity representations are effec-
tive for UMS-RelD. To achieve this, we employ an itera-
tive approach that alternates between updating the image en-
coder and leveraging the current text representations. Specif-
ically, each iteration in Stage III begins by using the current
image encoder EI to obtain instance-level image represen-
tations for {X*}7_;. These representations are then clus-
tered within each homogeneous group to generate homoge-
neous pseudo-labels and cluster-level image representations
are computed similarly to Eq. 2. DRU is utilized to obtain
instance-level online text representations guided by the lat-
est pseudo-labels. CHM and IHM are the utilized to obtain
cluster-level heterogeneous image pairs and instance-level
heterogeneous positive sets, respectively. An overall con-
trastive loss—comprising homogeneous, cluster-level het-
erogeneous, instance-level heterogeneous, and text-guided
contrastive losses—is used to update E;. Details of DRU,
CHM and IHM are provided next.

Dynamic text representation update. The offline text
representations saved in Stage II may have pseudo-labels
that are inconsistent with the newly obtained pseudo-labels
in Stage III, potentially misleading the optimization process.
To address this, we develop a dynamic text representation
update (DRU) strategy to obtain online text representations.
Mutual updating between cluster-level and instance-level
text representations is accomplished through DRU. Specifi-
cally, after each clustering iteration in Stage III, we first cal-
culate the cluster-level text pseudo-representation:

(L
~t s,t
= ? , 9
=N m§:1 i ©))

where N is the number of images in the u-th cluster of the
s-th scenario, and f2" is the instance-level text representa-
tion in the corresponding cluster. Subsequently, we define
the top 7 proportion of instance-level text representations
within the cluster that are closest to ¢!, as the neighboring



representation set £(¢f,), and then calculate the new cluster-
level text representation:
. 1

Cc, =

“oolee)l

(10)

>

fateger)

Then, based on the new cluster-level text representation, we
update each instance-level text representation:

e L =a)fol + ac, (11)

where « is the update rate hyperparameter. From the above
process, it is evident that the DRU allows text representa-
tions to be updated alongside pseudo-labels.

DRU effectively prevents inconsistencies between the text
and image supervision signals. Moreover, this strategy has
the potential to ensure inter-cluster separability and intra-
cluster compactness. On one hand, based on Eq. 9 and Eq.
10, DRU only utilizes the inner instance-level text repre-
sentations to compute the new cluster-level text representa-
tion, thereby ensuring inter-cluster separability. On the other
hand, DRU updates all instance-level text representations
within the cluster using the new cluster-level text represen-
tation, enhancing intra-cluster compactness.

Finally, we design a text-guided contrastive loss to pro-
vide supervisory signals from text semantics for E;. For any

ffr;i, the text-guided contrastive loss is defined as:
T
ex 5,0, £5,t
Lige = — Z Z log p(fim - Zm s)tT ,
s—lm 1 Zv 1 €X p( s JY )

(12)
where f5:% and f;! are the instance-level image and text rep-
resentations of the same image, respectively.

Cluster-level heterogeneous matching. CHM aims to
identify cluster-level heterogeneous image pairs of the same
identity, with each pair consisting of one cluster from each of
the two homogeneous groups. After each clustering, based
on cluster-level image representations, we match cluster-
level heterogeneous image pairs and cluster-level heteroge-
neous text pairs using the graph matching strategy (Wu and
Ye 2023). For example, in UVI-RelD, a cluster-level hetero-
geneous image pair consists of one cluster composed of in-
frared images and another composed of visible images, both
presumed to contain images of the same person. We next
assess consistency between cluster-level heterogeneous im-
age and text pairs. For consistent pairs, we directly retain
the corresponding cluster-level heterogeneous image pairs;
for each inconsistent pair, we stochastically retain the cor-
responding cluster-level heterogeneous image pair with a
probability 8 € [0,1]. Each retained cluster-level hetero-
geneous image pair corresponds to two clusters that are (pu-
tatively) mutually heterogeneous positive clusters. Finally,
we construct a cluster-level heterogeneous contrastive loss
to mitigate intra-scenario heterogeneity. For any f;°! , the

(l’f)’L’

cluster-level heterogeneous contrastive loss is defined as:

=T
exp(f3h, 'CZ’Z /7)

5,1 ’

Cy
v= 1exp( am va /T)

s,abm __
Lchc -

—log (13)
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where ¢)’ represents the cluster-level image representation

of the heterogeneous positive cluster corresponding to

a?n’

C‘” represents the number of clusters in group b in the s-th
scenario. For any fb ' .» the cluster-level heterogeneous con-

trastive loss L, hbf "™ is similarly defined. The overall cluster-

level heterogeneous contrastive loss is then defined as:

L('h(':B SZZ

s=1m=1
Instance-level heterogeneous matching. In addition to
matching heterogeneous positive clusters, we also focus
on obtaining (putative) heterogeneous positive sets at the
instance-level. Specifically, we first search for heteroge-
neous neighbor sets for each image in both image and text
representation spaces based on cosine similarity. For the
instance-level image representation jﬁn of any given image
x; ., we define the heterogeneous neighbor set ¥;(z; ,,)
as the set of images in group b corresponding to the top-
k instance-level image representations that have the high-
est cosine similarity with f7;, . Similarly, we define the
heterogeneous neighbor set ¢t( ;) as the set of images
in group b corresponding to the top-k instance-level text
representations that have the highest cosine similarity with
the instance-level text representation j;fn of the image
z; .- Subsequently, we take the set of the instance-level
image representations corresponding to all images in the
intersection v;(x; )¢ (z as the instance-level het-

erogeneous positive set US'L, ={f, "1 for o1, Similarly,
we also identify a instance-level heterogeneous positive set
Ut ={ fou} for f,. Finally, we construct an instance-
level heterogeneous contrastive loss to further bridge intra-

scenario heterogeneity. For f° , the instance-level hetero-
geneous contrastive loss is defined as:

s ,abm
chc

LG a4

am)

s,abym __ -1 Z e exp( ! b u /T)
the - S, Ng T ’
Vim0, oot 1127

15)
where IV} represents the number of images in group b within
the s-th scenario. For fb ", the loss Lf;fca’m is similarly de-
fined. The overall instance-level heterogeneous contrastive
loss is then obtained as:

s=1m=1

Line = thib " thbpa ™). (16)
For any given image, we refer to the combination of the
image with any image from the heterogeneous positive clus-
ter obtained by CHM, as well as the combination with any
image from the instance-level heterogeneous positive set ob-
tained by IHM, as a heterogeneous positive pair.
In summary, the overall objective function of Stage III is

defined as:
Lg3 = Lpc + Lene + Lipe + )\tchtgc, (17)

where A4 is a weight hyperparameter for L;g.. The final
trained image encoder E; for ITKM is obtained by optimiz-
ing Lg3.



4 Experiments
4.1 Datasets and Evaluation Metrics

We evaluate the proposed method on the commonly used
SYSU-MMO1 (Wu et al. 2017), LTCC (Qian et al. 2020),
and MLR-CUHKO3 (Pang, Zhao, and Wang 2024b), using
mean average precision (mAP) and cumulative matching
characteristic (CMC) as evaluation metrics.

4.2 Comparison with State-of-the-Art

In Table 1, we evaluate ITKM trained in a single scenario
(denoted as ITKM(S)) and ITKM jointly trained across three
scenarios (denoted as ITKM(M)) on SYSU-MMO1, LTCC,
and MLR-CUHKO3, respectively.

First, we find that ITKM(S) outperforms existing unsuper-
vised traditional (UT) methods, including ICE (Chen, La-
gadec, and Bremond 2021), CC (Dai et al. 2022), Purifi-
cation (Lan et al. 2023), and DCCC (He et al. 2024). This
is because UT-RelD does not account for the heterogeneity
within scenarios, making it difficult to obtain sufficient het-
erogeneous positive pairs, whereas ITKM utilizes CHM and
IHM to acquire ample heterogeneous positive pairs.

Next, we compare ITKM with unsupervised scenario-
specific (USS) ReID methods for each individual scenario,
including the UVI-ReID methods SDCL (Yang, Chen, and
Ye 2024) and TokenMatcher (Wang et al. 2025), the UCC-
ReID methods CICL (Pang, Zhao, and Wang 2024a) and
JAPL (Pang et al. 2025), and the UCR-ReID method DRFM
(Pang, Zhao, and Wang 2024b). We find that ITKM(S)
is competitive with state-of-the-art USS-ReID methods on
SYSU-MMOL1 and LTCC, and significantly outperforms the
USS-RelID method DRFM on MLR-CUHKO3. These results
not only validate the superiority of ITKM but also confirm
its generalizability across multiple scenarios.

Finally, we train and test two existing methods,
SDCL (Yang, Chen, and Ye 2024) and TokenMatcher (Wang
et al. 2025), on the unsupervised multi-scenario (UMS) set-
ting that combines the three datasets. These methods are de-
noted as TokenMatcher(M) and SDCL(M), respectively. As
shown in Table 1, joint training across multiple scenarios
does not improve the performance of TokenMatcher(M) and
SDCL(M); instead, they perform worse compared to single-
scenario training. This indicates that these methods strug-
gle to adapt to multiple scenarios. In contrast, ITKM(M),
which is trained across multiple scenarios, shows slight im-
provements in performance over ITKM(S) across all three
scenarios and significantly outperforms TokenMatcher(M)
and SDCL(M). This is because the scenario embedding and
multi-scenario separation loss in ITKM enable the image en-
coder to adapt to different scenarios, thereby improving the
model’s generalization ability.

4.3 Ablation Study

In Table 2, we assess the effectiveness of the five compo-
nents within ITKM, specifically: scenario embedding e®,
multi-scenario separation loss L,,ss, DRU, CHM, and IHM.
M1 uses PGM (Wu and Ye 2023) to obtain heterogeneous
positive pairs and employs ACCL (Wu and Ye 2023) along
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Figure 4: Two-dimensional t-SNE (Van der Maaten and Hin-
ton 2008) visualizations of the text representations for ab-
lated methods M2 and M3. Different colors representing text
representations from different scenarios.

with offline text representations to jointly optimize the im-
age encoder. Other ablation methods sequentially embed the
above components or alternatives into M1.

Effectiveness of e°, L,,,s and DRU. As shown in Ta-
ble 2, M2 achieves a significant performance improvement
over M1 after introducing scenario embedding e®. Specif-
ically, the Rank-1 accuracy increases by 2.3%, 2.4%, and
1.2% on SYSU-MMO1, LTCC, and MLR-CUHKO3, respec-
tively. This validates the effectiveness of scenario embed-
ding in the UMS-RelD task. Additionally, M3 further im-
proves recognition performance by introducing L,,,ss on top
of M2. To further evaluate the effectiveness of L,,ss, wWe
use t-SNE (Van der Maaten and Hinton 2008) visualiza-
tions of the text representations corresponding to the text
embeddings learned by M2 and M3 during Stage II. To avoid
the influence of data heterogeneity, we only visualize the
text representations corresponding to high-resolution visible
images, excluding those corresponding to infrared or low-
resolution images. As shown in Figure 4, compared to M2,
the text representations of M3 exhibit greater inter-scenario
separability. This confirms that L,,s enhances model per-
formance by encouraging scenario-specific text representa-
tions. As shown in Table 2, M4 achieves Rank-1 accuracy
improvements of 2.3%, 1.7%, and 0.7% over M3 on SYSU-
MMO1, LTCC, and MLR-CUHKO3, respectively. These re-
sults validate the effectiveness of DRU.

Effectiveness of CHM. As shown in Table 2, M5 achieves
significant performance improvements over M4. Addition-
ally, to assess the effectiveness of CHM in obtaining reli-
able heterogeneous positive pairs, we calculate the F-score
(Goutte and Gaussier 2005) of the training pseudo-labels for
M4 and M5. A higher F-score indicates greater accuracy of
the pseudo-labels. As illustrated in Figure 5, M5 consistently
achieves a higher F-score than M4 throughout the training
process. This confirms that CHM enhances model perfor-
mance by improving the accuracy of heterogeneous positive
pairs.

Effectiveness of IHM. In Table 2, M6 and M7 introduces
CNL (Yang, Chen, and Ye 2024) and IHM, respectively,
to obtain instance-level heterogeneous positive sets based
on M5, and both achieve performance improvements. This
confirms the feasibility of obtaining heterogeneous positive



SYSU-MMO1 LTCC
Methods All Search Indoor Search | Clothing Change General MLR-CUHKO3
Rank-1 mAP | Rank-1 mAP | Rank-1 mAP | Rank-1 mAP | Rank-1 Rank-5 Rank-10
ICE 20.5 20.4 29.8 38.4 14.5 7.1 61.1 28.4 27.6 65.3 80.6
CC 20.2 22.0 23.3 34.0 7.4 6.0 17.0 11.0 31.6 66.8 80.8
Purification 20.8 21.3 30.6 39.0 15.6 8.7 52.8 23.9 30.5 65.8 78.9
DCCC 18.8 18.6 21.3 33.1 13.7 7.2 47.6 21.3 27.6 60.3 73.6
SDCL 64.5 63.2 71.4 76.9 - - - - - - -
TokenMatcher 65.1 62.8 69.0 74.9 - - - - - - -
CICL - - - - 25.7 13.0 60.3 29.6 - - -
JAPL - - - - 26.1 12.9 63.0 31.8 - - -
DRFM - - - - - - - - 35.8 72.2 83.6
ITKM(S) 64.6 63.2 72.0 76.7 26.2 13.2 62.8 31.6 62.5 85.1 90.3
SDCL(M) 63.0 61.8 69.2 75.0 18.8 9.3 55.2 25.7 353 71.6 82.1
TokenMatcher(M) 62.5 60.9 68.7 73.6 16.9 9.0 55.3 25.5 37.7 72.5 83.0
ITKM(M) 64.9 63.3 72.3 77.1 27.3 14.4 63.3 32.5 63.6 85.7 91.6

Table 1: Comparison of ITKM with existing methods on SYSU-MMO1, LTCC and MLR-CUHKO3.

s SYSU-MMO1(All Search) | LTCC(Clothing Change) MLR-CUHKO3
Methods e Lpyss DRU  Cluster Instance Rank-T AP Rank-1T AP Rank-T  Rank-3

M1 PGM 53.8 49.0 152 9.7 33.2 68.6
M2 v PGM 56.1 52.2 17.6 10.7 344 71.2
M3 v v PGM 57.0 52.7 18.5 10.9 36.3 72.5
M4 v v v PGM 59.3 54.9 20.2 11.3 37.0 72.9
M5 v v v CHM 62.6 59.1 23.8 12.3 50.7 79.8
M6 v v v CHM CNL 63.2 61.5 25.6 13.5 56.5 82.1
M7/1TKM | v v v CHM IHM 64.9 63.3 27.3 14.4 63.6 85.7

Table 2: Results of the ablation study. “Cluster” and “Instance” refer to the methods used for obtaining heterogeneous positive
clusters and instance-level heterogeneous positive sets, respectively.

0.5 0.66
0.52 / 0.63
2049 20.60
£ 0461 £0.57],
b M4 M4
043 s 0.54 s

0.40

10 15 20 25 30 35 40 45 50 0.51

Epochs

(a) SYSU-MMO1

10 15 20 25 30 35 40 45 50
Epochs

(b) MLR-CUHKO03

Figure 5: F-score for M4 and M5.

Given images:

Figure 6: Visualization of instance-level heterogeneous pos-
itive sets obtained by M6 and M7. True and false positive
samples are marked with green and red boxes, respectively.

pairs at the instance-level. Furthermore, we find that M7 out-
performs M6. To explore this further, we visualize some of
the instance-level heterogeneous positive sets obtained by
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M6 and M7 in Figure 6. Compared to M6, M7 effectively ex-
cludes some false positive samples that are visually similar.
This may be due to the different cognitive focuses of the text
encoder and image encoder, allowing ITHM to avoid certain
misjudgments of the image encoder by relying on consis-
tency. In contrast, although CNL also relies on consistency,
specifically between shallow and deep representations of the
image encoder, it is inherently dependent on the knowledge
within the image encoder, making it difficult to overcome
the image encoder’s inherent limitations. This validates the
effectiveness of IHM.

5 Conclusion

We introduce the UMS-RelD as a new task and propose
the ITKM framework to tackle the challenges associated
with UMS-RelD. Ablation experiments validate the effec-
tiveness of various components in ITKM, namely the sce-
nario embeddings and multi-scenario separation loss effec-
tively encourage the model to adapt to multiple scenarios,
while CHM and IHM obtain reliable heterogeneous positive
pairs. Additionally, DRU effectively enhances model perfor-
mance by maintaining consistency between text and image
supervision signals. Experimental results validate the superi-
ority and generalizability of ITKM, demonstrating that it not
only competes effectively with advanced scenario-specific
methods within each scenario, but also leverages knowledge
from multiple scenarios to further enhance performance.
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