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Text-Based Person Search (TBPS) aims to retrieve target person images from a large-scale database using
natural language descriptions, serving as a critical task in multimodal perception and visual pattern recognition.
Bridging the semantic gap between heterogeneous modalities while capturing fine-grained correspondences
remains a fundamental challenge, especially when discriminating visually similar individuals based on complex
textual semantics. To address these challenges, we propose Sew Calibration and Masked Modeling (SCMM), a
unified framework that calibrates cross-modal representations for effective multimodal visual-textual pattern

matching. Concretely, SCMM introduces two principal components: a sew calibration loss that dynamically
aligns image-text features via a quality-guided adaptive margin governed by textual information density, and
a masked caption modeling loss that establishes fine-grained semantic correspondences through transformer-
based masked prediction. The sew calibration mechanism imposes bidirectional constraints to compactly cluster
same-identity features in a shared embedding space. Simultaneously, the masked modeling component acts
as a cross-modal decoder that learns word-level representations, effectively discriminating subtle attribute
differences. Importantly, our dual-encoder architecture strikes an optimal balance between representation
expressiveness and computational efficiency by adopting a training-only decoder design. Extensive experiments
on CUHK-PEDES, ICFG-PEDES, and RSTPRelD datasets demonstrate that SCMM achieves state-of-the-art
performance with Rank-1 accuracies of 73.81%, 64.25%, and 57.35%, respectively. Thorough ablation studies
confirm the efficacy of each proposed mechanism in establishing robust cross-modal patterns for multimodal

perception and recognition.

1. Introduction

Cross-modal data retrieval and multimodal perception have
emerged as fundamental research directions in pattern recognition,
driven by the increasing demand to efficiently process and under-
stand heterogeneous data sources [1]. Person re-identification (Re-ID)
exemplifies a challenging multimodal matching task that matches indi-
viduals across non-overlapping camera views by mining discriminative
visual representations [2]. However, conventional Re-ID systems rely

solely on visual queries, which inherently limits their applicability
when visual references are unavailable in the database [3]. Text-Based
Person Search (TBPS) overcomes this limitation by employing natural
language descriptions as database queries, necessitating sophisticated
knowledge engineering techniques to align visual and textual modali-
ties in a shared semantic manifold [4]. TBPS requires models to learn
robust multimodal embeddings that capture both global semantic align-
ments and fine-grained data correspondences [5], thereby presenting
unique challenges for representation learning and multimodal pat-
tern analysis [6]. Edge-cloud collaborative intelligence further shows
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Fig. 1. Illustration of the motivation behind our method. In cross-modal
tasks, a compact and well-aligned image-text feature distribution in the shared
embedding space is crucial for bridging the inter-modal gap. Additionally, cap-
turing fine-grained image-text correspondences is equally vital to distinguish
between similar individuals for text-based person searching.

that multimodal representation learning is increasingly shaped by
distributed deployment and model-optimization constraints [7].

The effectiveness of these retrieval systems heavily depends on
bridging the semantic gap between heterogeneous modalities while
preserving discriminative features essential for accurate retrieval [8].
Video anomaly detection studies similarly highlight the importance
of reliable visual evidence in networked safety-critical perception sys-
tems [9]. The primary challenge in TBPS arises from the semantic
discontinuity between raw visual data and structured textual con-
cepts, requiring features to be aligned across disparate embedding
distributions [10]. Large-scale clustering studies further highlight the
strong value of globally organized representation spaces when re-
trieval systems must remain reliable at scale [11]. Recent advances
in transformer-based architectures demonstrate that cross-modal atten-
tion mechanisms can facilitate rich feature interactions and semantic
fusion between modalities [12]. Contemporary pattern recognition re-
search highlights the importance of developing efficient alignment
strategies that combine complementary information while ensuring
computational tractability for real-time applications [13]. These ad-
vances are critical for cross-modal retrieval tasks that distinguish subtle
visual differences guided by complex textual descriptions [14]. Broader
machine-learning studies also motivate the need for efficient, stable,
and interpretable representation learning. GPU-accelerated optimal tree
learning has clearly shown how scalable optimization can effectively
improve discriminative decision structures on large datasets [15]. In
industrial monitoring, Cao et al. [16] made a valuable contribution
to reliable soft sensing by emphasizing that accurate models should
remain transparent under practical constraints.

Compared to conventional Re-ID, the main objective of TBPS is
to learn fine-grained cross-modal representations between visual and
textual modalities [17]. As shown in Fig. 1, cross-modal representations
have two key characteristics that contribute to effectively searching for
a person from images: closely aligned cross-modal representations and
fine-grained information correspondence. First, closely aligned cross-
modal representations can effectively reduce the inter-modal gap, mak-
ing it easier to locate specific persons using textual captions. Second,
detailed correspondence is particularly important for TBPS, because
fine-grained cross-modal information is often necessary to discriminate
between similar persons [18].

In the TBPS domain, numerous approaches have been proposed
from two distinct perspectives. First, some methods [19,20] employ
only dual encoders and align the two modal representations using
symmetric loss functions. Although computationally efficient, these

methods suffer from limited feature alignment capabilities. Progres-
sive knowledge distillation also suggests that staged supervision can
stabilize representation transfer in compact learning pipelines [21]. Al-
ternative approaches [22] utilize multi-modal models with transformer-
based [23] cross-attention mechanisms to improve cross-modal feature
alignment and interaction, a goal related to diffusion-guided seman-
tic consistency under multimodal heterogeneity [24]. However, such
methods often require high computational costs due to the exhaus-
tive fusion of all possible image-text pairs during inference, hindering
their efficiency in real-time applications. Second, to obtain robust fine-
grained features, recent TBPS works have designed multi-level [25-28],
multi-granularity [29,30] matching strategies, and specialized attention
modules [8,31,32]. Semantic prototype learning offers a related view
that class-level semantic anchors can improve recognition stability
when distributions shift [33]. While these methods provide fine-grained
features, they suffer from complex model architectures and expensive
computations. Furthermore, the fine-grained features they produce are
often limited and hinder significant performance improvements.

To address these persistent data matching challenges, we propose a
novel framework, SCMM, structurally optimized for calibrating cross-
modal representations in TBPS. Our approach relies on a dual-encoder
architecture tailored for high-speed indexing and retrieval compu-
tationally fit for large-scale databases. To fully explore inter-modal
semantics without sacrificing efficiency, we propose two learning ob-
jectives. First, a sew calibration loss steers alignment via quality-guided
adaptive margins, selectively pushing apart negative instances and
drawing in positive ones across modalities based on textual information
density. Second, a Masked Caption Modeling (MCM) loss uncovers fine-
grained word-level visual-textual connections. Operatively based on
masked representation prediction, this phase activates a cross-modal
decoder during training, thereby mapping fine-grained semantic con-
nections without encumbering inference latency. Extensive experiments
on three benchmarks clearly underscore our system’s scalability and
robustness, yielding state-of-the-art performance across all tested envi-
ronments. In summary, the primary contributions of this work are as
follows:

» We propose SCMM, an efficient dual-encoder framework aug-
mented with an auxiliary cross-modal decoder, strategically de-
signed to overcome the classical trade-off between computational
scalability and multimodal alignment precision for text-based
person search.

We introduce a sew calibration loss anchored by quality-guided
adaptive margins. By dynamically altering alignment boundaries
based upon textual knowledge density, the loss diminishes the
semantic gap and effectively organizes visual-textual knowledge
representations.

We formulate a masked caption modeling loss tailored to mine
and formulate fine-grained cross-modal semantic
correspondences, substantially heightening discriminatory capa-
bilities among closely resembling instances.

We validate the efficacy of SCMM through comprehensive experi-
ments across CUHK-PEDES, ICFG-PEDES, and RSTPRelD datasets,
thereby validating the robustness of our method, with state-of-
the-art Rank-1 accuracies corresponding to 73.81%, 64.25%, and
57.35%.

The remainder of this paper is organized as follows. Section 2
reviews related work on text-based person search and metric learning.
Section 3 details the proposed SCMM framework, including the sew
calibration and masked caption modeling losses. Section 4 presents
the experimental setup, comprehensive results on three benchmarks,
ablation studies, and qualitative visualizations. Finally, Section 5 con-
cludes the paper with a summary of contributions and future research
directions.



2. Related work
2.1. Text-based person search

Text-based person search was first introduced by [8], which identi-
fies person images in a gallery using only textual queries. Fundamen-
tally, the task represents a critical application of multi-modal fusion,
where the integration of heterogeneous data sources (visual and tex-
tual modalities) becomes essential for enhanced understanding and
analysis capabilities. Multimodal medical surveys provide a related
example in which heterogeneous visual and textual evidence must be
fused carefully for dependable recognition [34]. Early works utilized
pre-processing methods to obtain external cues such as person segmen-
tation [25] and human body landmarks [35]. The evolution towards
sophisticated fusion architectures has become crucial, as multi-view
fusion combining complementary information from multiple sources
shows significant promise for enhancing prediction accuracy and ro-
bustness in cross-modal tasks [12].

In recent years, end-to-end frameworks based on attention mecha-
nisms [28,30,32] have become prevalent, addressing the fundamental
challenge of semantic mismatch between features of different modal-
ities. Cross-modal attention is critical for performing image-text in-
teraction, where advanced fusion strategies must consider the unique
attributes of cross-modal matching tasks [36]. Existing methods can
be broadly classified into attention-explicit and attention-implicit ap-
proaches. Attention-explicit methods [6,32] design specific attention
modules according to multi-granularity and multi-level strategies, im-
plementing early fusion techniques that combine features at the in-
put level. For example, NAFS [18] conducts cross-modal alignments
over full-scale features with a contextual non-local attention module,
while CFine [31] utilizes cross-attention for multi-grained global fea-
ture learning, achieving impressive results through knowledge transfer
from the CLIP [37] model. In contrast, attention-implicit methods [28,
30] utilize transformer-based models with shared parameters to align
cross-modal semantics implicitly, representing late fusion approaches
that combine decisions from individual modality-specific models [12].
However, compared to performing in-depth cross-attention with task-
driven approaches, existing methods face challenges in addressing in-
formation asymmetry problems and do not implement sufficient cross-
interaction with generalized performance, highlighting the need for
more sophisticated fusion techniques that enhance feature integra-
tion and establish deeper connections between global structure and
local details [36]. To address these issues, various complementary
strategies have emerged, such as serialized updating and matching
[38], implicit local alignment [39], and cross-modal context sharing
[40]. Furthermore, recent studies have explored robust feature learning
under limited data constraints [41], and introduced local-enhanced
representations [42] along with comprehensive attribute prediction
[43] to capture fine-grained characteristics. More recent transformer-
based TBPS systems, including IRRA [44], TP-TPS [13], and CLIP-
enhanced variants such as CFine [31], have further strengthened re-
trieval performance through task-specific alignment designs or stronger
pre-trained encoders. Their gains mainly come from richer feature
interaction or better initialization. SCMM is positioned differently: it
keeps the test-time dual-encoder retrieval path unchanged and sharpens
supervision during training through quality-guided sew calibration and
masked caption modeling. The resulting novelty lies in jointly improv-
ing person-specific global alignment and token-level correspondence
without introducing a heavier inference-time fusion pipeline.

2.2. Metric learning
Initially, metric learning used L, distance as the metric, with the

goal of minimize the L, distance between samples of the same class.
Some L,-based metric learning methods include Siamese Networks and

Triplet Networks [45]. With the development of deep learning, re-
searchers started using softmax-based loss functions in metric learning
to learn a more discriminative distance metric. Additionally, increasing
the margin between classes is an intuitive approach to learn a better
metric space [36]. L-Softmax introduced the concept of margin on
the softmax function for the first time [35]. The widely used Cos-
Face proposed large-margin cosine loss to learn highly discriminative
deep features for face recognition [45]. Circle loss [46] proposed a
simple loss based on a unified loss for metric learning and classifica-
tion. Recently, some works introduced adaptive margin into marginal
loss [6]. They usually learn image quality implicitly and adjust the mar-
gin accordingly. In single-modal representation learning, they usually
give large margins to high-quality samples for hard mining. Globally
optimized clustering for K-center objectives by Ren et al. [47] pro-
vides a strong and valuable complementary view of how compact
structure can be effectively imposed on large-scale representations.
Compared to them, we try to solve a cross-modal matching problem
where samples from two modalities have different information vol-
ume. We give greater tolerance to less informative samples in TBPS.
However, existing metric learning approaches face significant limita-
tions when applied to cross-modal scenarios. First, traditional methods
primarily focus on single-modal optimization and fail to adequately
address the heterogeneity gap between different modalities []. Sec-
ond, fixed margin constraints cannot adaptively handle the varying
information density across modalities, leading to suboptimal alignment
performance. Finally, most current approaches lack fine-grained corre-
spondence modeling capabilities essential for distinguishing between
similar cross-modal samples [3].

2.3. Masked language modeling

MLM is a highly effective method for pre-training language mod-
els [48] by randomly selecting a certain percentage of words from
the input sentence and then predicting the masked words based on
the context of other words. Many cross-modal pre-training models
have utilized MLM in their methods. For example, the work in [22]
combines MLM with contrastive loss in the framework, which achieved
impressive performance in their cross-modal tasks. The success of MLM
in BERT [49] has proven its ability to adapt well to various down-
stream tasks, leading to generalized performance. In our fine-grained
framework, the task-driven decoder utilizing masked caption modeling
can facilitate generic cross-modal learning. However, existing MLM-
based cross-modal approaches face several limitations when applied
to fine-grained person search tasks. First, traditional MLM methods
primarily focus on intra-modal language understanding and lack ex-
plicit cross-modal interaction mechanisms, limiting their ability to
establish detailed visual-textual correspondences [5]. Second, most
existing approaches apply MLM uniformly without considering the
varying information density and quality of textual descriptions, leading
to suboptimal learning efficiency. Automated soft-sensor design offers
an important insight into deployment-facing model construction by
suggesting a related principle: model selection and adaptation should
respond to signal quality rather than remain fixed across all inputs [50].
Survey work on diffusion-based anomaly detection further illustrates
how generative objectives can strengthen discriminative learning when
supervision is limited or imbalanced [51,52]. Finally, current methods
often require complex multi-stage training procedures or heavy com-
putational overhead during inference, hindering practical deployment
in real-time applications [29].

3. Proposed methods

Formally, given a set of images with corresponding captions, de-
noted as X = {({;,T})} l’i iy where each image I; and its description text
T; is associated with a person ID y;, the text-based person search task

aims to retrieve the most relevant Rank k (e.g., k = 1,5,10) person
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Fig. 2. Overview of our proposed SCMM. The framework consists of a dual-encoder for extracting image-text features and calibrating cross-modal representations
with the sew calibration loss. We also include a decoder for performing cross-modal interaction with the task-driven Mask Caption Modeling. At the inference
stage, we only utilize the classification (CLS) tokens from the dual-encoder to implement similarity search.

images efficiently from a large-scale gallery using textual queries.
To accomplish this, the task requires learning discriminative cross-
modal representations that can bridge the semantic gap between visual
and textual modalities while maintaining fine-grained correspondence
for accurate retrieval. The fundamental challenge lies in designing
neural network architectures that can align heterogeneous feature rep-
resentations, where visual features capture spatial and appearance
characteristics while textual descriptions encode semantic attributes
and contextual information. Effective learning strategies must address
both global alignment across modalities and local correspondences that
enable discrimination between visually similar individuals.

To address these challenges in cross-modal learning, we propose
SCMMV, a streamlined yet effective framework as illustrated in Fig. 2.
Our approach employs a dual-encoder architecture using Vision Trans-
former (ViT) [53] and BERT [49] as backbone networks for visual and
textual feature extraction, respectively. The image encoder processes
image patches from I; along with a vision classification (CLS) token,
outputting an image feature sequence {v;} and a vision CLS token em-
bedding v¢. Similarly, the text encoder generates a text feature sequence
{#;} and a text CLS token embedding { for caption T}, following estab-
lished practices in vision-language learning [18,31]. Unlike CLIP-style
pre-training [37], which learns a generic joint space through symmetric
image-text contrast over web-scale pairs, SCMM preserves a TBPS-
oriented dual-encoder backbone and injects cross-modal interaction
only in the training phase. This design keeps retrieval efficient at infer-
ence time while retaining token-level textual representations required
by masked caption modeling. Our framework integrates two comple-
mentary learning mechanisms to calibrate cross-modal representations:
the sew calibration loss with adaptive margin constraints for global
alignment, and the masked caption modeling loss for establishing fine-
grained cross-modal correspondences. The sew calibration objective
also differs from the CLIP pre-training loss because it couples bidi-
rectional matching and identity-classification constraints with sample-
wise adaptive margins, thereby emphasizing person-specific alignment
rather than generic image-text agreement. The following subsections
elaborate on each component. We first introduce the sew calibration
loss that dynamically aligns cross-modal features based on textual
information quality. Subsequently, we present the masked caption mod-
eling mechanism that facilitates fine-grained correspondence learning
through transformer-based cross-modal attention and masked predic-
tion. The total loss function combines these complementary objectives
to jointly optimize global cross-modal alignment and fine-grained cor-
respondence learning, enabling the framework to achieve superior
performance while maintaining computational efficiency through the
streamlined dual-encoder architecture.

3.1. Sew calibration loss with constraints

In the TBPS task, closely aligning cross-modal representations is
crucial for effectively finding specific persons with textual captions.

To address the heterogeneity between modalities, we propose a sew
calibration loss that pushes each modality to a common space. As
shown in Fig. 3(a), in single modality settings, a triplet distance con-
straint is widely utilized when embeddings are from a single modality
distribution. In intra-class samples, the embeddings are pulled together,
while inter-class samples are pushed away. In the cross-modal setting,
we expect to impose constraints from both sides of the two embedding
distributions. For example, in one-direction retrieval, we first need to
align the features of a “perfect pair”, i.e., (I;,T;). The shortest distance
from the image embedding v; to the text embedding should be f,.
Consequently, it is a perfect matching pair in person re-identification,
and no other text feature will have a shorter distance (Eq. (1)). We set
the perfect pair as an image-text anchor (4,,,, 4,,,)- Next, we impose
another constraint between the image anchor 4,,,, and its correspond-
1ng positive text samples P, (1(y; = y;,i # j)) and negative text samples
N, (Eq. (2)). For the other direction, we put symmetric constraints
on A, and P,,,, N,,,. Fig. 3(b) shows the proposed constraints for
cross modality. Forces from both sides act like a seam to pull the two
distributions together.
Take the image side as an example, the L, distance constraints are
shown as follows:

D(Aimg’ Atxt) + Ml < D(Aimg’ Ptxt)’ (l)
D(Aimg’ Ptxt) + MZ < D(Aimg’ Ntxr)’ (2)

where D denotes L, distance. M, and M, are two margins, M; < M,.
With a bi-directional margin, each modal feature of the same pedestrian
target is compressed compactly, making decision boundaries clearer.
We then relax the constraints to:

0.5D*(Ajpg: Ar) + My < 0.5D* (A, P, 3)
0.5D%(Ajpg- Pt + My < 0.5D*(A,0. Ny @

Subsequently, we change the above pairwise constraints into soft forms
for better convergence following [46].

K

chil = log[1 + Z exp(a(DSTE — 57 + M), (5)
k=1

LPuh = jog[1 + Z Z exp(a(B{T; = B5T; + My))., (6)
k=1 j=1

where 7¢ and 7 are CLS token features after normalizing, K and J
denote the number of positive and negative samples in this batch,
respectively. a is a scale parameter. As a result, the image-to-text
matching part of the sew calibration loss is formulated as below:

nr Pull Push
L2t = phull oy pPush ™

match matc. match

The constraints in Eq. (2) can also be used to impose a classification loss
in a similar way. As there is no difference for perfect positive samples
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in the classification task, we omit to constrain Eq. (1). Formally, the
loss for our person ID classification part is as follows [20]:

n o
1 @y, i=Ma)
char — —log ( ) (8)
d z — ,
i n & @Gy, i=M2)) + Zj;&yl e(a(sy/,,))
s =wl 0, 0= @OTE-F, 9

LJ i

where n is batch size, and w represents the classification weight af-
ter normalization. §; can be explained as the projection of image
representation vf’s onto the normalized text representation . Intu-
itively, 0; keeps only the component of the image CLS representation
that lies along the paired text direction. The ID classifier therefore
scores whether the image embedding is projected onto the correct
text-conditioned identity axis, which makes Egs. (8) and (9) easier to
interpret: the margin term encourages the projected image feature to
stay closer to its matched identity than to competing identities in the
shared space.

E;it" ., and LZI?;IZ’ are in the same form as above, but the change
is focused on the text-to-image. Both matching and classification loss
have identical decision boundaries. Equipped with our proposed cross-
modal constraints, the sew calibration loss can effectively reduce the
gap between image and text feature distributions. Although the margin
restrictions allow our model to learn better cross-modal representa-
tions, using a fixed margin M in all cases may not be flexible enough.
A large margin constraint makes model learning difficult, while too
small a margin does not impose a significant constraint. An adaptive
margin guided by quality can be more effective. In TBPS, the texts come
from the annotator’s descriptions of the images. Images are expected
to have complete information, while texts have varying amounts of
information. Thus, we adjust the margin value based on the quality
of the text description. Token length is used here as a coarse proxy for
textual information density rather than a direct measure of semantic
usefulness: a short caption may still contain highly discriminative
attributes, whereas a longer description can include redundancy or
exceed the text encoder’s effective context usage. The adaptive margin
therefore serves as a monotonic prior on annotation richness, giving
looser constraints to less detailed captions while preserving a simple
formulation that is stable across datasets. Based on this design, we
compute the adaptive margin for each image-text pair according to its
text total tokens length 7;:

(Mmax - Mmin) | (/rl - Tmin)

= . 10
Ml Mmln * Tmax - Tmin ( )
where M,,,. and M,,;, are upper and lower bounds of margins. 7,,,.
and 7,,, are bounds of the captions length, respectively. We set 7,,,,.

and 7,,, according to the different dataset captions length distributions.
After that, we utilize M, to replace the fixed margin M above. We
simply set M| = M, = M,. Each M, is computed independently from
the token count of caption 7; before the batch losses are aggregated.
The normalization uses the dataset-level bounds (7, 7;,..) rather than
the current mini-batch statistics, so the adaptive margin is not re-scaled

by the composition of a particular batch.

Algorithm 1: Training Procedure of SCMM
Input: Image I and text T; a batch of n paired samples B =
(A" TH, T, . 1" T}
Output: Training loss (L, L,,,,) or embeddings (1., T,)
for each 7' in B do
T « mask(T")

sew?

end for
fori < 1 tondo
(Ij,s,ff, <o I « VIT (')

(T! T}, . T)) < Beru(T")
if Training Stage then

(I ,T! )« BatchNorm(I', ,T' )
icls cls ; ; iCIS [qls ;
Ic_omext’ Tcontext \ (11’ T Ic)’ (T [ ’Tc)

T! « Attn(T!

context contex{) )
Téro.r.r - CrOSSAttn(Tclomext_’ Iéan_text)
£’§ew « SewCalib.ration(I&S, TC’IS)
Lo« MCM(T!, T
else
{(Iclls’ Tcllx)’ (Iczlx’ Tczls)’ s (Ic,ls’ Tclls
end i
end for
if Training Stage then
return (£ L
else
return (1., T,;,)

end if

ross’

)} < (Icls’ Tcls)

sew? mcm)

3.2. Masked caption modeling loss

TBPS is a fine-grained cross-modal task, which means that only
caption-level discrimination is not enough. If the textual captions of two
persons differ in a few words, a TBPS method cannot retrieve a specific
person without word-level discrimination. Although there are many
works to establish word-level discrimination capacities, such methods
are complex and limited, hindering performance boost. To solve this
issue, we propose masked caption modeling to establish detailed image-
text relationships. Furthermore, by utilizing MCM, our framework can
perform more generic cross-modal learning.

Inspired by [5,48], we add a masked prediction task on the text
branch. Concretely, we mask a portion of text tokens (replacing them
with a learnable token vector) and employ a cross-modal decoder f,,.
The text encoder outputs the corresponding text features, and the de-
coder maximizes the conditional likelihood of the masked text feature
t, given the image feature sequence {v;} and text feature sequence {t;}.

N
£mcm == Zlog Pﬁ(tnl{ti}’ {Ui})’ (11)

n=1

where N is the total masked tokens numbers in a caption.



As shown in Fig. 2, the cross-modal decoder part, the decoder f,,
takes both unmasked text tokens and masked tokens in their original
order as the input. The multi-head self-attention [23] first encodes the
text features as Q,, K;, V;, while the cross self-attention further improves
the text features by taking into account the encoded image features as
K;,V; for visual context. The final linear projection layer has the same
number of output channels as the text vocabulary and computes the
cross-entropy loss between the reconstructed and original words only
on masked text tokens. It should be noted that f,; is only used during
training and not during inference.

3.3. Total loss

The total loss function of SCMM integrates our two complementary
learning mechanisms to achieve comprehensive cross-modal alignment
and correspondence learning. Our unified optimization objective com-
bines the sew calibration loss and the masked caption modeling loss to
jointly address both global alignment and fine-grained correspondence
challenges in cross-modal representation learning. The sew calibration
loss L,,,, includes bidirectional matching and classification components
that ensure symmetric cross-modal alignment:

_ pI2T T21
Lo =L cr

sew match + atch + £1’L12T + E;Zz” (12)
where the image-to-text and text-to-image matching losses establish
cross-modal correspondence constraints, while the identification losses
enforce discriminative learning for person-specific features. Impor-
tantly, the bidirectional formulation ensures that both modalities are
effectively aligned in the shared embedding space through symmetric
constraints. Subsequently, the complete loss function combines both
components through weighted summation:

L= Alﬁxew + AZ‘Cmcm’ (13)

where 4, and A, are hyperparameters balancing global alignment and
fine-grained correspondence learning. Through this joint optimization,
the framework simultaneously learns compact cross-modal represen-
tations while capturing detailed visual-textual relationships for dis-
criminating similar individuals. The complementary loss components
create synergistic effects ensuring comprehensive representation learn-
ing, addressing both inter-modal gap reduction and fine-grained cor-
respondence modeling. Regarding computational complexity, SCMM
maintains efficient processing through its streamlined dual-encoder
architecture.

4. Experiments
4.1. Datasets and evaluation metric

We evaluate SCMM on three benchmarks: CUHK-PEDES [8], ICFG-
PEDES [26], and RSTPReid [17]. As the first large-scale benchmark for
text-based person search tasks, CUHK-PEDES contains 40,206 images of
13,003 person IDs collected from five person re-identification datasets,
with each image having two different textual captions with an extensive
vocabulary and an average sentence length of 23.5 words. Additionally,
the testing set comprises 3074 images and 6148 descriptions of 1000
persons. ICFG-PEDES contains 54,522 images of 4102 persons, where
each image’s corresponding description has an average length of 37
words, and the testing set consists of 19,848 image-text pairs of 1000
persons. RSTPRelID contains 20,505 images of 4101 persons, with each
pedestrian having five images. It is divided into a training set with 3701
persons, a validation set with 200 persons, and a testing set with 200
persons. For our evaluation metric, we report the Rank k (k =1, 5, 10)
text-to-image accuracy, which is commonly used in previous works to
evaluate text-based person search. Given a textual description as the
query, if the top-k retrieved images contain any person corresponding
to the query, we consider it a successful person search.

Table 1

Comparison with SOTA methods on the CUHK-
PEDES dataset. Rankl, Rank5, and Rankl10
accuracies (%) are reported. Bold number rep-
resents the best score. R and C denote the
re-ranking post-processing operations and im-
age encoder pre-trained on CLIP model.

Method Rank1 Rank5 Rank10
GNA-RNN [8] 19.05 - 53.64
CMPM/C [20] 49.37 - 79.27
Dual-path [19] 44.40 66.26 75.07

ViTAA [25] 55.97 75.84 83.52
VP Net [35] 58.83 81.25 86.72
SUM [38] 59.22 80.35 87.60
CLIP [37] 60.67 81.99 88.87
DSSL [17] 59.98 80.41 87.56
MGEL [29] 60.27 80.01 86.74
SSAN [26] 61.37 80.15 86.73
TestRelD [41] 64.08 81.73 88.19
ACSA [32] 63.56 81.40 87.70

IVT [53] 64.00 82.72 88.95

SAFA Net [28] 64.13 82.62 88.40
TIPCB [27] 64.26 83.19 89.10
CAIBC [14] 64.43 82.87 88.37

AXM Net [40] 64.44 80.52 86.77
CFine [31] 65.07 83.01 89.00
ISANet [39] 63.92 82.15 87.69
CAPL [43] 65.63 84.81 90.21
LERF [42] 65.84 84.24 90.22

SCMM 67.71 84.57 89.44

SCMM-+R 71.09 86.78 91.23

SCMM-+C 69.61 86.01 90.90

SCMM+R+C 73.81 88.89 92.77

4.2. Implementation details

In our visual-textual dual-encoder, we extract visual representations
using the ViT-Base pre-trained on ImageNet [54]. The images are
resized to 224 x 224 pixels. For textual representations, we use the
BERT-Base-Uncased model pre-trained on the Toronto Book Corpus
and Wikipedia. The representation dimension is set to 768, and the
feature sequence lengths are set to 197 and 100, respectively. During
the training phase, we use a batch size of 64 and train for 60 epochs.
We use Adam optimizer with an initial learning rate of 0.001. To
augment our data, we apply a random horizontal flipping operation,
and we use a mask ratio of 0.1 for randomly masking text tokens.
After selecting this value on CUHK-PEDES through the ablation in Table
7, we keep the same 0.1 mask ratio for ICFG-PEDES and RSTPReID
rather than tuning a separate ratio for each dataset. Only the caption-
length bounds (7,,,;,. 7,4, are adjusted to match dataset-specific caption
distributions. The minimum and maximum textual information length
boundaries 7,,;, and 7,,,, are set to 20-60, 25-65, and 22-60 according
to the caption length distributions of CUHK-PEDES, ICFG-PEDES, and
RSTPRelD, respectively. The bounds of the upper and lower margin M
are set to 0.4 and 0.6, and the scale parameter « is set to 32. For each
loss in the total loss function, the balance factors 4; and 4, are set equal
to 1. During the testing phase, we apply a re-ranking post-processing
approach to improve search performance following NAFS [18]. We
conduct the experiments on four NVIDIA 2080Ti with PyTorch.

4.3. Comparison with state-of-the-art methods

4.3.1. Results on CUHK-PEDES

Table 1 compares our framework and previous methods on CUHK-
PEDES. To keep the comparison fair, it is useful to read the results in
three groups: standard methods without re-ranking or CLIP-enhanced
initialization, methods with re-ranking, and variants that addition-
ally import a CLIP-pre-trained visual encoder. Under the standard



Table 2
Quantitative results on the ICFG-PEDES
dataset.

Method Rank1 Rank5 Rank10

CMPM/C [20] 43.51 65.44 74.26
Dual-path [19] 38.99 59.44 68.41

ViTAA [25] 50.98 68.79 75.78
SSAN [26] 54.23 72.63 79.53
CLIP [37] 53.96 73.69 80.43
TIPCB [27] 54.96 74.72 81.89
IVT [30] 56.04 73.60 80.22
CFine [31] 55.69 72.72 79.46
CFine+C [31] 60.83 76.55 82.42
IRRA [44] 63.46 80.25 85.82

TP-TPS [13] 60.64 75.97 81.76
ISANet [39] 57.73 75.42 81.72

LERF [42] 57.23 76.64 83.11
CANC [6] 60.52 78.36 84.13

SCMM 60.20 75.97 81.78
SCMM+R 62.17 85.74 89.67
SCMM+C 62.29 77.15 82.52

SCMM-+R+C 64.25 86.95 90.70

Table 3
Quantitative results on the RSTPReid
dataset.

Method Rank1 Rank5 Rank10
CLIP [37] 50.10 76.10 84.95
DSSL [17] 32.43 55.08 63.19
SUM [38] 41.38 67.48 76.48
SSAN [26] 43.50 67.80 77.15
IVT [30] 46.70 70.00 78.80
ACSA [32] 48.40 71.85 81.45
LERF [42] 46.75 71.30 81.60

CFine [31] 45.85 70.30 78.40
CFine+C [31] 50.55 72.50 81.60
TP-TPS [13] 50.65 72.45 81.20

SCMM 50.75 74.20 81.70
SCMM+R 55.35 77.30 84.25
SCMM+C 51.95 73.50 82.45

SCMM+R+C 57.35 77.50 85.50

setting, our proposed SCMM outperforms the previous best method
CFine [31] by 2.64%, 1.56%, and 0.44% on Rank1, Rank5, and Rank10,
respectively. The state-of-the-art results on CUHK-PEDES show the
effectiveness of SCMM in the same inference regime. Re-ranking then
provides an additional boost, raising Rankl to 71.09%. Furthermore,
with a stronger image encoder pre-training on CLIP, SCMM achieves
73.81%, 88.89%, and 92.77% on the three metrics, respectively. In
this comparison, SCMM + C replaces only the visual backbone with
CLIP-pre-trained initialization [37] while retaining the BERT-based text
encoder [49]. That configuration isolates the effect of transferring a
stronger visual encoder into the proposed framework and keeps the
masked caption modeling branch compatible with token-level word
prediction. Replacing the text encoder with a CLIP text tower is also
meaningful, but it would require a joint redesign of the textual token
interface and the training-only decoder rather than an isolated back-
bone swap. Overall, the grouped comparison shows that SCMM scales
consistently across the base setting, stronger visual pre-training, and
extra post-processing operations.

4.3.2. Results on ICFG-PEDES and RSTPReid

We also utilized other benchmarks to validate SCMM'’s performance
and generalization. The ICFG-PEDES and RSTPReid datasets are more
challenging compared to CUHK-PEDES, and our method significantly
outperformed all state-of-the-art methods on these two datasets by
a large margin, as reported in Tables 2 and 3. Compared with the
state-of-the-art results [31] on ICFG-PEDES, SCMM achieved significant

Table 4
Performance comparisons of various components.

ID Res ViT Sew-F Sew-A  MCM Rank1

Rank5 Rank10

1 v 60.39  80.22 86.53
2 v 62.29  81.25 87.22
3 v v 65.41  82.56 88.01
4 v v 66.02  83.33 88.61
5 v v 65.16  81.95 87.93
6 v v v 67.71  84.57 89.44

Notes: Res and ViT denote ResNet and Vision Transformer as image encoders,
respectively. Sew-F and Sew-A refer to the fixed and adaptive margin versions of
the sew calibration loss, respectively. Model 2 is our baseline.

improvements, with scores of 60.20% (+4.51%), 75.97% (+3.25%),
and 81.78% (+2.32%) on Rankl, Rank5, and Rank1O0, respectively.
On the RSTPReid dataset, we achieved scores of 50.75% (+4.90%),
74.20% (+3.90%), and 81.70% (+3.30%) on the three metrics. With
re-ranking post-processing, we were able to achieve scores of 62.17%
and 55.35% on Rankl1 for the two benchmarks, respectively. The gain
on RSTPReid is more modest before re-ranking: SCMM improves Rank1
from 50.65% with TP-TPS [13] to 50.75%, which is still a positive but
narrower margin than the headline results obtained with re-ranking
or CLIP-enhanced initialization. A plausible reason is that RSTPReid
contains fewer testing identities and many visually similar pedestri-
ans [17], making fine-grained distinctions harder when retrieval relies
only on the base embedding geometry. Re-ranking should therefore be
interpreted as a separate post-processing enhancement rather than part
of the core base-model comparison, and it brings a significant boost
because the learned embeddings already preserve compact cross-modal
neighbor relations. Moreover, by utilizing the CLIP pre-trained image
model as an encoder, we achieved even better results, with scores of
64.25%, 86.95%, and 90.70% on ICFG-PEDES, and scores of 57.35%,
77.50%, and 85.50% on RSTPReid. Consequently, the two challenging
benchmark results demonstrate the robustness and scalability of SCMM
across the base setting and the stronger CLIP-initialized variant.

4.4. Ablation studies

4.4.1. Analysis of model components

To validate SCMM’s components, we evaluate their contributions
on CUHK-PEDES (Table 4). Models 1 and 2 compare ResNet-50 and
ViT-Base encoders, with ViT showing superior performance (+1.90%
Rank1). Using Model 2 as the baseline, Models 3 and 4 demonstrate
that the sew calibration loss improves alignment, with adaptive margins
(Model 4) outperforming fixed margins (Model 3). Model 5 shows
that MCM significantly boosts performance by mining fine-grained
details. Notably, the full SCMM framework (Model 6) combines these
components to achieve the best results, outperforming the baseline by
5.42% in Rank1 accuracy. The separate gains from Sew-A (+3.73%) and
MCM (42.87%) are therefore not strictly additive, indicating partial
overlap in the errors they correct. At the same time, the full model still
surpasses either single component by 1.69%-2.55%, which suggests a
positive interaction: sew calibration improves the global embedding
geometry, while MCM contributes complementary token-level cues that
are more useful once the two modalities are already better aligned.
The consistent improvement confirms that jointly optimizing global
alignment and fine-grained correspondence is essential for effective
cross-modal representation learning.

4.4.2. Impact of sew calibration loss for reducing cross-modal gap
Benefiting from the sew calibration loss, which reduces the cross-
modal gap, the learned representation distributions are closer than
with the basic loss. To demonstrate this, we illustrate a comparison
of singular value decomposition on cross-modal representations [36].
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Fig. 4. Comparison of singular values for image-text embedding features across CUHK-PEDES (a-b) and ICFG-PEDES (c-d) datasets. (a) and (c) depict the
distribution of singular values, where a smaller inter-line gap indicates a closer cross-modal distribution. (b) and (d) present the logarithmic difference in singular
values between the baseline and our approach for CUHK-PEDES and ICFG-PEDES, respectively.

Table 5
MCM components on the CUHK-PEDES dataset.
Mask  Attention  Caption modeling  Rankl Rank5  Rank10
v 63.65  81.84 87.51
v 63.83  80.87 86.35
v v 64.28  81.97 87.75
v v v 65.16  81.95 87.93

Specifically, Fig. 4(a) and (c) present the baseline and SCMM’s singular
value decomposition for the text and image modalities. We computed
the distance between these two modalities at specific singular values
and reflected them in Fig. 4(b) and (d). Intuitively, the smaller the
distance between different modality features, the closer the distribution
learned by the model. We find that the sew calibration loss performs
better representation distributions in the common embedding space. It
ensures closer cross-modal representation distributions and a smaller
inter-modal gap than the baseline.

4.4.3. Impact of masked caption modeling

The masked caption modeling operation in fine-grained cross-modal
interaction is critical in our framework. It comprises token masking, an
attention module, and masked tokens prediction. As shown in Table 5,
we explore the effectiveness of MCM components on the CUHK-PEDES.
First, only masking on the input text tokens without a reconstruction
task behaves like a random erase text augmentation. Remarkably,
the augmentation can already bring +1.36% marginal improvement
and reach 63.65% on Rankl. It shows that the details provided by
word tokens are helpful for fine-grained recognition. Next, if we only
utilize the attention mechanism to enhance cross-modal representations
without the mask caption modeling, it can achieve 63.83% on Rankl.
We explain this improvement as the cross-attention brings details from
sequence tokens to the CLS token. Meanwhile, image features also
contribute a lot to this process.

On the other hand, we also design an experiment of mask caption
modeling without the cross attention. The decoder f,, directly predicts
all masked tokens from dual-encoder outputs. In this experiment, we
observe 64.28% on Rankl. It proves the reconstruction tasks in the
decoder help guide the text encoder to learn richer and more refined
representations. We also notice that with all three components, the
MCM achieves 65.16% on Rank1. With the help of cross attention from
image features, the CLS token ensembles all those rich information.

4.4.4. Analysis of generalisability validation

To better understand the contributions of MCM in our framework,
we conduct a domain generalization analysis on the three benchmarks
to demonstrate our generalization performance. In Table 6, CUHK =
ICFG and CUHK = RSTP indicate using the model trained on the CUHK-
PEDES dataset to infer their test sets and vice versa. Compared to
the baseline, we can observe a performance improvement in the three
metrics for ICFG-PEDES and RSTPReid. The fine-grained features mined
by MCM are more resistant to overfitting. People-centric domain gener-
alization provides related evidence that human-centered representation

Table 6
Performance analysis for cross-domain valida-
tion.
CUHK = ICFG Rank1 Rank5 Rank10
Baseline 30.79 49.10 57.47
Baseline+MCM 31.13 49.52 58.07
ICFG = CUHK Rank1 Rank5 Rank10
Baseline 22.19 40.55 50.52
Baseline+MCM 23.78 42.41 52.11
CUHK = RSTP Rank1l Rank5 Rank10
Baseline 37.40 63.40 74.35
Baseline+MCM 39.25 63.95 74.55
RSTP = CUHK Rank1l Rank5 Rank10
Baseline 10.02 22.95 31.04
Baseline+MCM 10.69 25.20 33.93

models should maintain discriminative behavior when data distribu-
tions shift across domains [55]. The improvement in domain gener-
alization shows the capability of our framework in learning generic
cross-modal information, which is essential to solving the fine-grained
modal heterogeneity.

4.4.5. Effect of margin parameters

In Section 3.1, we introduce the adaptive margins to constrain cross-
modal learning using Sew Calibration loss with constraints. We find
that compared to the manually fixed parameters (SEW-f), our adaptive
margins (SEW-a) produce better results, as shown in Fig. 5, where we
investigate the effect of manual margin in different settings on the
CUHK-PEDES [8] on Rank1 accuracy. The best performance of 65.41%
is achieved when M = 0.5, while the worst model performance of
62.29% is observed when M = 0. We note that the performance first
improves as the margin increases, which is due to our bi-directional
margin compressing the same pedestrian target compactly. However,
we find that the performance does not continue to improve as the
margin increases, and we observe an inflection point around a margin
of 0.5. When the margin is too large, the tight constraints make the
model too hard to train. Therefore, it is critical to utilize quality-guided
adaptive margins according to the textual information. In this regard,
we set the upper and lower margin bounds (M,,;, = 04 and M,,,, =
0.6). In this range, our Sew Calibration loss with adaptive constraints
obtains the best performance, which a manually fixed margin cannot
achieve, regardless of how the margin value is tuned.

4.4.6. Effect of mask ratio

Inspired by Masked Language Modeling [49], we propose the MCM
loss which leverages a masked captions prediction task to establish
detailed and generic relationships between textual and visual parts.
Our method requires setting the mask ratio in the MCM. To investigate
the effect of the mask ratio on model performance and generalization
learning ability, we conducted ablation experiments, and the results
are shown in Table 7. When the mask ratio is set to 0, which is
equivalent to the baseline, the performance is the worst. Compared to



64.21

41
65.32 65 65.21

64.44

Rank-1

65
S
>
g 64 63.65
=
5 63.48
<63

62.29
62

0.0 0.1 0.2 0.3
Margin

0.4 0.5 0.6 0.7

Fig. 5. Effect of the manual fixed margin parameter settings of our Sew Calibration loss in terms of Rankl accuracy on the CUHK-PEDES.

SCMM
Baseline

1D 3858 (1) Heatmap (2) Heatmap  (3) Bag
SCMM

(4) Floral

Baseline

SCMM
Baseline

1D 5536 (1) Heatmap (2) Heatmap (3) Backpack
SCMM

(4) Shoes

Baseline

1D 8491 (1) Heatmap (2) Heatmap (3) Bike

(4) Backpack

1D 10648 (1) Heatmap (2) Heatmap (3) White  (4) Sleeveless

Fig. 6. Visualization of attention maps from baseline and SCMM on the CUHK-PEDES. We present the total caption-level results and the fine-grained word-level
results, respectively. The caption-level heat maps average the last-layer attention over heads, while each word-level map uses the selected token as the query and
averages its last-layer cross-attention over heads without averaging across different keywords. (1) Baseline caption-level results, (2) Our caption-level results, (3)

& (4) Our word-level results.

Table 7
Ablation results of mask ratio on the CUHK-
PEDES.
Baseline+MCM Rank1 Rank5 Rank10
Mask = 0 62.29 81.25 87.22

Mask = 0.1 65.16 81.95 87.93
Mask = 0.3 64.97 81.38 87.71

Mask = 0.5 63.78 81.11 87.43

the baseline, our method with a 0.1 mask ratio achieves the best results,
with scores of 65.16%, 81.95%, and 87.93% on Rankl, Rank5, and
Rank10, respectively. The experiments are conducted on the CUHK-
PEDES dataset using the Baseline + MCM method. As shown in these
results, the model achieves the best performance when the mask ratio
is set to 0.1, and the performance gradually decreases as the ratio
increases. We therefore keep 0.1 as a single shared hyperparameter
on ICFG-PEDES and RSTPRelD instead of re-tuning it per dataset, so
the cross-dataset comparisons reflect the same MCM configuration.
The main reason is that the information provided in the annotated
caption text is already accurate and relatively concise. As the mask ratio
expands, more key information may be obscured, causing the model to
fail to learn enough semantic information to complete the construction
of the image-text relationship.

4.5. Qualitative analysis

4.5.1. Visualization of attention map

We visualize attention maps on the CUHK-PEDES test dataset to
demonstrate model capability in learning image-text correspondence.
As shown in Fig. 6, the visualization obtained by SCMM is more
apparent and refined than the baseline. For the caption-level panels, the
displayed response summarizes the final-layer attention pattern across
heads. For the word-level panels, each heat map is generated from one
selected keyword in the caption description, such as bag, shoes, colors,
and clothing, and no additional averaging is performed across different
tokens. For example, the visualizations of IDs 8491 and 10648 do not
focus on the most useful detailed information under the baseline. The
key messages in the two images are a man riding a bike with a backpack
and a woman wearing a sleeveless white dress. SCMM captures these
key details more reliably, showing that the MCM branch learns critical
parts in the cross-modal correspondence.

4.5.2. Visualization of image-text feature distribution

SCMM is capable of learning better image-text representation dis-
tributions with fine-grained image-text interaction and adaptive con-
straints to reduce the cross-modal gap. To demonstrate this, we ran-
domly selected some pedestrians and extracted their image-text global
features, then mapped them to two dimensions for visualization in
Fig. 7(a) and (b). For instance, we can take IDs 5532 and 11800 as
examples. We can observe that the image-text features of the same
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ID distribution are compressed more compactly, and the boundaries
between them are more apparent than the baseline results, which
demonstrates the effectiveness of SCMM in mitigating the cross-modal

gap.

4.5.3. Visualization of top-5 retrieval results

To comprehensively evaluate the retrieval performance of our
method, we randomly selected several sets of search results and visu-
alized them in Fig. 8. For each target image, we show the top-5 most
similar search results, with similarity scores after re-ranking displayed
above each image. Correct retrievals are indicated by red rectangles,
and the number in the last column shows how many pedestrian targets
sharing an identical ID have been recalled.

Taking ID 5219 as an example, our method correctly retrieved
all three target images, with similarity scores of 1.2563, 1.2100, and
0.9775, respectively. The two unmatched images received substantially
lower similarity scores of 0.5174 and 0.5011. Although those images
share partial visual similarities with the positive samples, they conflict
with key details in the text description, demonstrating that SCMM has
learned to differentiate subtle distinctions. The final row of Fig. 8 illus-
trates a particularly challenging case where the query person possesses

10

highly similar attributes to multiple other pedestrians; nevertheless,
SCMM correctly ranks two out of three positive images as the top-2
results.

5. Conclusion

In this paper, we proposed SCMM, an innovative multimodal per-
ception framework designed to calibrate cross-modal representations
for text-based person search, advancing multimodal pattern recognition
research. Focusing on the precise alignment of visual and textual
semantics, SCMM uniquely integrates a sew calibration loss anchored
by quality-guided adaptive margins, establishing global semantic align-
ment, and a masked caption modeling loss that facilitates complex
fine-grained concept correspondence. Crucially, our dual-encoder ar-
chitecture employs a training-only cross-modal decoder, thereby avoid-
ing computational overhead during inference while maximizing cross-
modal pattern discovery capabilities. Extensive experiments across
three large-scale benchmark datasets consistently demonstrate that
SCMM significantly advances the state-of-the-art framework bound-
aries, achieving 73.81% Rank-1 retrieval accuracy on CUHK-PEDES,
validating the effectiveness of our approach for multimodal perception
and visual pattern recognition.



Despite these strengths, several limitations merit acknowledgment.
First, the quality-guided adaptive margin currently uses text token
length as a proxy for informational density, so it cannot explicitly
distinguish concise but highly discriminative captions from long de-
scriptions containing redundant phrases. Richer quality signals based
on semantic complexity, attribute diversity, or encoder confidence may
yield further gains. Second, SCMM requires fully annotated image-
text pairs during training, which limits scalability to weakly supervised
or cross-lingual retrieval scenarios where matched pairs are scarce.
Third, the framework’s discriminative capacity may diminish under
severe occlusion or drastic appearance changes across non-overlapping
camera views, an open challenge shared across TBPS methods. The
broader pattern recognition value of SCMM lies in its modular and
efficient alignment design: the dual-encoder backbone remains suitable
for large-scale retrieval, while sew calibration and MCM can be adapted
to related cross-modal frameworks without adding inference-time cost.
The domain-generalization results in Table 6 further indicate that MCM
learns transferable cross-modal information across CUHK, ICFG, and
RSTP. Future work will therefore focus on richer semantic quality esti-
mators beyond token length, weaker supervision for scarce paired data,
and extensions to video-based or open-vocabulary person retrieval.
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