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Abstract. Text-based person search (TBPS) aims to retrieve images of
specific individuals from surveillance footage based on free-form text de-
scriptions. This technology enhances monitoring efficiency and reduces
operator workload in scenarios such as locating suspicious persons or
missing individuals. However, conventional methods consider only the
global consistency between the entire text and the image, and even state-
of-the-art TBPS approaches still fail to distinguish visually similar in-
dividuals with only subtle differences, such as clothing or carried items.
To address this limitation, we propose a novel TBPS framework that
learns and retrieves based on phrase-level consistency between text and
images. During training, phrase-level consistency is evaluated by assign-
ing labels to input text at the phrase level according to the similarity
to phrases extracted from ground-truth captions associated with the im-
ages. During retrieval, similarity scores computed from query phrases
are leveraged to refine the global similarity-based ranking in order to
lower the rank of visually similar but incorrect individuals. Compre-
hensive experiments conducted on two public datasets, RSTPReid and
ICFG-PEDES, demonstrate that our method significantly outperforms
conventional approaches.

Keywords: Text-based person search - Image retrieval - Vision and lan-
guage - Deep learning

1 Introduction

Text-based person search (TBPS) is a technology that searches for individuals
using free-form text descriptions. It improves the efficiency of monitoring oper-
ations and reduces the burden on operators by locating suspicious or missing
individuals based on eyewitness testimonies from surveillance camera footage.
Compared with person search based on attribute recognition, TBPS is not lim-
ited by the prior definition of attributes and has the advantage of incorporating
semantically higher-level words and expressions, as well as indicators of certainty
and ambiguity[6]. In recent years, with the development of vision-language mod-
els (VLMs) such as CLIP[13], BLIP[7] and ALBEF[8|, approaches that leverage
VLMs pre-trained on large-scale datasets and fine-tune them on relatively small
TBPS datasets have become mainstream [2[T2[TOJTI4].
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Consistent with image
Inconsistent with image

The woman is wearing a
dark jacket, dark pants and
green black shoes. She is
walking and carries a red
black bag on her left wrist.

Image Text

Fig. 1. Example of a negative pair in which the text is partially consistent with the
image. Phrases that are consistent with the image are shown in green, while inconsistent
phrases are shown in red.

Generally, TBPS datasets are constructed by collecting image-caption pairs
describing an individual’s clothing and belongings[I8I3]. Image-caption pairs
linked to the same person are referred to as positive pairs, while pairs linked
to different individuals are referred to as negative pairs. The model is trained
using classification-based or distance-based learning to determine whether ran-
domly sampled image-caption pairs from the dataset are positive or negative.

Negative pairs constructed from TBPS datasets include phrases in the cap-
tion that are partially consistent with the image. For example, the negative pair
shown in which consists of an image and a caption, contains phrases
such as “dark jacket” and “dark pants” in the caption, and these phrases are
consistent with the visual features of the person in the image. Previous TBPS
methods have focused solely on determining whether an image—caption pair is
positive or negative, and partial consistencies within negative pairs hinder precise
model learning.

In this paper, we propose a TBPS method that maximizes the use of textual
information through phrase-level consistency, enabling accurate discrimination
between the target individual and other visually similar individuals. Our ap-
proach consists of two components:

— Training method: This method extracts phrases representing person attributes
from the input text, evaluates the consistency of each phrase with the input
image based on its ground-truth caption, generates correct labels and uses
them for training. By explicitly training the model to predict positive labels
for phrases that are consistent with the image (even within negative pairs),
this approach mitigates the adverse effect of partial inconsistencies on model
learning.

— Re-ranking method: To lower the rank of visually similar individuals who
differ only in clothing or belongings, this method calculates a score based on
phrase-level similarity in the query text.
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2 Related Work

Compared with person retrieval based on attribute recognition[I4J17], text-based
person search (TBPS) has attracted increasing attention because it is not con-
strained by predefined attributes and can incorporate higher-level words and
expressions, as well as indicators of certainty and ambiguity [6]. TBPS was first
proposed by Shuang et al. [9]. In recent years, with the development of large-scale
vision-language models (VLMs) such as CLIP [13], BLIP [7], and ALBEF [§],
the mainstream approach has been to fine-tune pre-trained VLMs on datasets
tailored for TBPS [2IT2/T0/TI4]. Yang et al. proposed CFine [16], and Min et al.
introduced TBPS-CLIP [2], both of which leverage CLIP as the backbone for
TBPS. Qin et al. similarly introduced a CLIP-based method called RDE[12].
This method focuses on the prevalence of incorrect image-text correspondences
caused by annotation errors and adopts a strategy of preemptively excluding
misaligned pairs from the training data based on image-text similarity.

More recently, methods that go beyond simple image-text correspondence
and learn from more fine-grained relationships have achieved notable success.
Bai et al. proposed RaSa [I], a method built upon ALBEF that incorporates
two novel learning strategies: relation-aware learning (RA) and sensitivity-aware
learning (SA). RA trains the model to distinguish whether an input positive
image-text pair is a strongly related positive pair (comprising an image and its
directly descriptive caption) or a weakly related positive pair (comprising an
image and a caption describing another image of the same person). By differen-
tiating strong and weak positive pairs, RA mitigates noise introduced by weak
pairs in which the image and text are not perfectly consistent due to variations
in viewpoint or background. SA randomly replaces tokens in the input text with
alternative tokens predicted by a momentum model and requires the model to
predict whether each token has been replaced.

Building upon RaSa, Ergasti et al. proposed MARS [4], which introduces an
MAE decoder for reconstructing masked regions of an image and an attribute
loss (AL) that computes classification errors for individual phrases in the text.
In AL-based training, phrases composed of adjective-noun pairs are extracted
from the text, and classification errors are computed using the feature represen-
tations of tokens corresponding to these phrases from the cross-modal encoder
output. Incorporating AL improves discrimination performance by encouraging
the model to focus on specific textual phrases. The MAE decoder reconstructs
the randomly masked regions in an image using masked auto encoder[5]. How-
ever, we argue that AL in MARS still faces the following challenges. When an
image—text pair is a negative pair, it is uncertain whether the phrases extracted
from the text are actually inconsistent with the image. For example, as illustrated
in[Figure T] generic appearance-related phrases such as “dark jacket” often match
the image even in negative pairs. Nevertheless, because the image—text pair is
labeled as negative, AL trains the model to classify the features of all phrases
into the negative class.
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3 Proposed Method

In this section, we present the proposed TBPS method. As discussed in[Section 2]
AL in MARS [4] suffers from the issue that phrase labels do not necessarily re-
main consistent with the image. To address this problem, our method introduces
an improved phrase extraction approach that takes word dependencies into ac-
count and trains the model using phrase-level labels generated by our novel
labeling strategy. Furthermore, to enhance retrieval accuracy, the retrieval pro-
cess incorporates phrase-level similarity scores between the image and the query
text.

First, we describe the overall workflow of our method, followed by the pro-
cessing in each component, the loss function, and the retrieval strategy.

3.1 Overview

shows an overview of our TBPS method. Our approach is built upon
RaSa [I] and MARS [4]. For simplicity, modules that are common to these meth-
ods (such as the MAE decoder and certain loss functions) are omitted from both
the explanation and the illustration. Novel modules introduced in our method
are highlighted with a light blue background.

When a training pair consisting of an image (hereafter referred to as the probe
image, Iyope) and a text (hereafter referred to as Tprope) is obtained, we first
retrieve from the dataset a ground-truth caption corresponding to the person
in Iprope (hereafter referred to as the positive caption, Tpositive). If multiple
captions are available for the person in Ip,ope, We collect up to Npositive Captions.
Next, both Tprope and Tpositive are fed into the phrase extraction block (PEB),
which extracts informative phrases for identifying the individual from each text

(details in [Section 3.2)). Then, using the phrase-level labeling block (PLLB),
we assign soft labels to the phrases extracted from T ope based on Tpositives

indicating whether each phrase is consistent with Ip,.pe (details in .
After that, Tprope and Iprope are input into the text encoder & and image encoder
&, of ALBEF [g|, respectively. The resulting features are then passed to the
cross-modal encoder &..,ss, which re-extracts text features while considering
image features. Finally, the output features of the class token and the tokens
corresponding to each extracted phrase are fed into two-class classifiers (single
fully connected layer), and the classification error is computed against the labels.
The label for the class token reflects the relationship between T;.ope and Iprope,
while the labels for the phrase tokens are those generated by PLLB. Henceforth,
we refer to the loss computed based on the phrase token labels as phrase-level
loss (Lpp).

During retrieval, we utilize both text-level similarity between the query text
and gallery images and phrase-level similarity, enabling clear discrimination be-
tween the target individual and other visually similar individuals.
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Fig. 2. Overview of our TBPS method. Novel modules are highlighted with a light blue
background. For simplicity, the MAE decoder and some loss functions are omitted.

3.2 Improved Method for Extracting Phrases from Text

In the PEB, we extract phrases that help identify individuals from the input text.
These phrases, referred to as person attributes, describe characteristics such as
gender, age, clothing, and belongings.

To perform phrase extraction, we utilize dependency parse trees. Specifically,
we employ the open-source natural language processing library spaCyEL which
enables analysis of both part-of-speech tags and dependency relationships be-
tween words in the text. For example, for the sentence “His vest is blue,” spaCy
produces a dependency parse tree as shown in In this tree, the word
“vest” depends on “his” with a possession (poss) relationship, and “is” depends

! https://spacy.io/
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/ poss \/ nsubj \/ acomp
His vest is blue.
PRON NOUN AUX AD]

Fig. 3. Example of a dependency parse tree for a text.

on “vest” as its nominal subject (nsubj). Based on the dependency tree, we ex-
tract phrases useful for identifying individuals. Starting from nouns in the text,
we group together adjectives and nouns that modify them into a single phrase.
Since multiple adjectives may be connected, a recursive search is performed on
the extracted words. Additionally, if the noun serves as the subject of the sen-
tence, adjectives functioning as complements are also included. For instance, in
the sentence “His vest is blue” shown in starting from the noun “vest,”
the adjective “blue,” which functions as a complement, is selected, resulting in
the phrase “blue vest.” By leveraging dependency structures in this way, our
method can extract not only person attributes expressed as adjective—noun se-
quences (as in MARS [4]) but also those composed of multiple connected nouns
and those expressed through subject—predicate relationships. This enables the
extraction of a wider variety of person attributes, thereby maximizing the use
of informative phrases for identification.

3.3 Method for Generating Labels for Phrases

In the PLLB, we assign labels to determine whether the phrases in Tpope, €x-
tracted by the PEB described in are consistent with I, o4 by refer-
encing the phrases in Tjsitive. The procedure for generating phrase-level labels

is illustrated in

First, each phrase extracted from T}, opc is individually fed into the text en-
coder &, and the class token from the output features is obtained. The same
process is applied to the phrases extracted from Tjsitive. Next, we compute the
cosine similarity between each phrase in T},ope and each phrase in Tpositive. For
every phrase in Tjope, the highest cosine similarity with any phrase in Tpositive
is selected. As shown in for the phrase “dark pants” extracted from
Tprobe, the highest cosine similarity is 0.95 with “dark trousers” from Tpositive-
This procedure is repeated for all phrases in Tj o5 Within the mini-batch. Sub-
sequently, the maximum similarity values for all phrases in the mini-batch are
normalized to the range [0, 1] using the minimum and maximum values. Finally,
the normalized similarity is used to generate soft labels such that the positive
class is assigned the normalized similarity, and the negative class is assigned 1
minus the similarity. These labels are then applied to each phrase.
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Fig. 4. Detailed processing flow of phrase-level labeling block

3.4 Retrieval Method Considering Phrase-Level Consistency

For the inference procedure that estimates the ranking of gallery images from
an input text query, we first outline the conventional approach [II4] and then
describe the differences introduced by our proposed method.

The conventional method first encodes the search query and each image us-
ing the text encoder & and image encoder &,, respectively, and extracts their
features. Next, the similarity between the class tokens of the query and image
features is computed. For the top k pairs (where k = 128) with the highest sim-
ilarity, the query and image features are further processed by the cross-modal
encoder E.,,s5 to refine the features.

Next, the k pairs are re-ranked based on the classification score of the positive
class (hereafter referred to as the class score) obtained by feeding the class token
features from &..,ss into the classifier. In the proposed method, in addition to
the class score, we utilize classification scores obtained from individual phrases.
Specifically, the features of each phrase are input into the classifier to compute
the positive-class score, and the average of these scores (hereafter referred to as
the phrase score) is calculated. The final ranking score is obtained by adding the
weighted phrase score to the class score. By considering phrase consistency, the
ranking of visually similar individuals that differ only in minor attributes can be
suppressed, thereby improving retrieval accuracy. The overall score score,yerall
used for re-ranking is defined as follows:

SCOT€pperall = Spos (xcls) + Wphyr * SCOTEphr (1>

1
scoreppyr = W E Spos (Tphr)
TphrEP
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where score ;s denotes the class score, scorepy,, denotes the phrase score, s
represents the class token features, x,n, represents the features of each phrase in
the set of phrases P, spos(-) is a function that computes the positive score from
the input features, and wpn, is a weight parameter that adjusts the balance
between the two scores. We apply robust scaling among the top-k values for
each score to mitigate the influence of outliers.

3.5 Loss Function

The loss function used in our method is defined as follows:

L=Lprrm+MLpra+ Lriiv + AoLo-rTD
—_
Lra Lsa

+X3Lcr + MLlarag + AsLpr (2)

where £, rra and Ly,,q correspond to losses related to relation-aware learn-
ing proposed by RaSa [I], while £rrar and L, rrp correspond to losses related
to sensitivity-aware learning. L, is the contrastive loss that encourages the class
token features output by & and &, to be closer for positive pairs and farther
apart for negative pairs. Additionally, £y;4p is the reconstruction loss com-
puted by comparing the image reconstructed by the MAE decoder introduced
in MARS [4] with the original image. In this experiment, we also introduce Lpy,
as described in [Section 3.1l

To fully exploit phrase-level consistency between images and text, we intro-
duce phrase-level loss (£ pr,), which is inspired by the concept of AL in MARS [4].
First, from the output of the cross-modal encoder &.,.,ss, we obtain token fea-
tures corresponding to the phrases extracted in These features are
then fed into a classifier to predict a probability distribution. If multiple tokens
correspond to a single phrase, we compute the average of their feature vectors.
The phrase embedding is calculated as follows:

. 1 wi
ph’l‘(T7 ’U7ph’l’) = W Z gcross (Tv U) ’

W wephr

where Nfl’f”“ is the number of words in the phrase, and E.pss (7T, U)“’z represents
the cross-modal embedding of word w at position i. Here, v is the image embed-
ding obtained from the image encoder &,.

Next, based on the soft labels (probability distributions) generated in

we compute the error between the predicted distribution and the target
distribution using Kullback—Leibler divergence. The loss function is defined as:

ﬁPL:NL Z ! ZZyclog%,

N,
(I, T)eS:t phr phret ceC
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where p. is given by

exp (12" (phr (T, £,(1),phr)))
Ynec exp (1807 (phr (T, £,(I), phr)))

where y. denotes the soft label for class ¢, p. represents the predicted probability
for class ¢, Np is the batch size, S;; is the set of image—text pairs in the batch, ¢
denotes the set of phrases extracted from the input text 7', Npp, is the number of
phrases in ¢, and C'is the set of classes (negative/positive). The function /2" (-)
is the attribute classifier logit for class ¢ applied to a phrase embedding.

DPec =

4 Experiments

4.1 Datasets

RSTPReid [18] and ICFG-PEDES [3] are used for accuracy evaluation. RST-
PReid consists of 20,505 images, each accompanied by two captions. The images
are collected from 4,101 individuals, with five images per individual. The dataset
is divided into 3,701 individuals for training, 200 for validation, and 200 for test-
ing. ICFG-PEDES consists of 54,522 images, each accompanied by one caption.
The images are collected from 4,102 individuals, with an average of 13 images
per individual. The dataset is divided into 3,102 individuals for training and
1,000 for testing. Both datasets collect images from MSMT17 [I5], and many
images are shared between them. shows examples of captions assigned
to the same images in both datasets. The images in the upper and lower rows
depict the same person. Captions in RSTPReid are short and use similar phrases
for the same attributes, whereas captions in ICFG-PEDES are longer and often
exhibit paraphrasing, such as describing the same attribute as “medium length
black hair” and “short black hair.”

4.2 Experimental Setup

The model is trained for 30 epochs for experiments on RSTPReid [I§], and
for 60 epochs for experiments on ICFG-PEDES [3]. To ensure a fair compar-
ison, RaSa [I] and MARS [4] are trained using the same number of epochs.
AdamW [I1]] is employed as the optimizer with a weight decay of 0.02. The
learning rate is initialized at 10~° and decays to a minimum value of 1076 us-
ing a cosine scheduler. The weights of each loss term in are set to
A1 = 0.5, Ao = 0.5, A3 = 0.5, and A4 = 1.0, respectively. For A5, it is set to 3.0
for RSTPReid and 6.0 for ICFG-PEDES. Additionally, Npositive is set to 5.

4.3 Evaluation Metrics

We use Rank-N (N = 1,5,10) and mean average precision (mAP) as evaluation
metrics. Rank-N represents the proportion of queries for which at least one
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Caption
Image
RSTPReid ICFG-PEDES
l, r The man with glasses is wearing a A middle-aged man with medium
“, grey jacket with a blue shirt inside. He |length black hair parted sideways is
has his hands in his pockets. wearing a dark grey fleece coat with

black buttons over blue white striped
polo. He has a black bag strap around
his shoulders.

S The man is a strong man who is in a A man in his mid -forties with short

BN grey jacket. His shirt is blue and his black hair is wearing a long grey pea

trousers are black. coat, light blue shirt inside the coat
over black jeans. He is carrying a
backpack with black straps visible on
the coat and wearing brown formal
shoes.

Fig. 5. Examples of images and captions included in the evaluation datasets.

correct image is included within the top-V predicted images. mAP indicates how
well all images considered correct are retrieved at higher ranks. We emphasize
Rank-N for two key reasons:

— Due to factors such as the orientation of the person and low image quality,
some images labeled as correct do not sufficiently reflect the descriptions in
the query text. mAP is highly affected by such noisy images.

— In real-world monitoring tasks, operators need to quickly identify individuals
by checking only a few top-ranked images. Therefore, Rank-N is important
as it evaluates how highly the top correct image is ranked.

4.4 Results and Analysis

The performance comparison results on RSTPReid are presented in
Our method outperformed conventional approaches in terms of both Rank-N
and mAP metrics. In particular, Rank-1 reached 69.05%, significantly surpass-
ing state-of-the-art methods such as CADA [10] and MARS []. By computing
scores based on phrase-level consistency, our method demonstrated strong capa-
bility in retrieving the correct image at the top ranks when perfectly matching
the text description, contributing to improved Rank-1. The performance com-
parison results on ICFG-PEDES are shown in Similar to RSTPReid,
our method achieved 67.83% Rank-1, outperforming conventional approaches,
and demonstrating comparable performance in other metrics. As illustrated in
the captions in ICFG-PEDES contain phrases that are frequently para-
phrased in diverse ways, making it difficult to achieve high similarity between
text features. Consequently, even phrases that align well with the image may
fail to receive high positive labels. Further improvements are expected by re-
fining the labeling strategy, for example by incorporating adjustments based
on expression complexity. Moreover, since RDE [I2] has demonstrated strong
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Table 1. Performance comparison experiments using RSTPReid. The best results
for each metric are shown in bold, and the second-best results are underlined.
* model trained with the same number of epochs as ours for a fair comparison.

Method Backbone |Rank-1(%) Rank-5(%) Rank-10(%) mAP(%)
— ALBEF[8]| 50.10 73.70 82.10 41.73
— CLIP[I3] 54.05 80.70 88.00 43.41
CFinel[16] CLIP 50.55 72.50 81.60 —
TBPS-CLIP|2]|CLIP 61.95 83.55 88.75 48.26
RDE[12] CLIP 65.35 83.95 89.90 50.88
CADA[I0] BLIP[7] 67.70 84.60 89.75 49.95
RaSa*[I] ALBEF 66.60 85.85 91.05 50.98
MARS*[4] ALBEF 67.05 85.00 90.65 952.91
Ours ALBEF 69.05 85.90 91.70 53.63

Table 2. Performance comparison experiments using ICFG-PEDES. The best results
for each metric are shown in bold, and the second-best results are underlined.
* model trained with the same number of epochs as ours for a fair comparison.

Method Backbone |Rank-1(%) Rank-5(%) Rank-10(%) mAP (%)
— ALBEF[§] 34.46 52.32 60.40 19.62
— BLIP[7] 56.16 73.77 80.17 31.59
— CLIP[13] 56.74 75.72 82.26 31.84
CFine[l6] _ |CLIP 60.83 76.55 82.12 -
TBPS-CLIP|2]|CLIP 65.05 80.34 85.47 39.83
RDE[LZ] CLIP 67.68  82.47  87.36  40.06
CADA[I0]  |BLIP 67.38 8134 85.64  37.81
RaSa*[I] ALBEF | 65.92 81.06 85.88  42.91
MARS*@]  |ALBEF | 67.60 81.62 85.97  44.82
Ours ALBEF 67.83 81.43 85.98 44.74

performance in the ICFG-PEDES setting, it suggests that, when using captions
that are long and information-rich, strategies that minimize incorrect correspon-
dences between images and texts and focus on pairs that are relatively easier to
classify could also be effective.

The results of the ablation study on the loss function £p; and the phrase
score scorepp, used for re-ranking in the proposed method are shown in
[ble 3] For both datasets RSTPReid and ICFG-PEDES, accuracy was improved
by introducing Lpr, and further improved by incorporating score,n,. The im-
provement was more significant for RSTPReid, suggesting that the proposed
method is more effective when text descriptions are concise. shows how
Rank-1 and mAP vary as the weight wp, applied to score,, varies. Both Rank-
1 and mAP improve as wpy, increases from zero, although there is a slight gap
in the timing of their respective peaks.

The qualitative comparison of retrieval performance between our method and
conventional approaches is shown in For RSTPReid, we present the
top-10 retrieved images using the baseline methods MARS [4], RaSa [I], and
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Table 3. Ablation study on Lp; and scorepn,. Numbers in parentheses indicate im-
provements over the baseline.

RSTPReid ICFG-PEDES
Lpr|scorepnr|Rank-1 (%) mAP (%) Rank-1 (%) mAP (%)
67.35 53.05 67.01 43.53
v 68.15 (1+0.80) 53.21 (10.16) [67.77 (10.76) 44.68 (1 1.15)
v | v [69.05 (+1.70) 53.63 (+0.58) |67.83 (+0.82) 44.74 (+1.21)

69.0 1 - 53.8
- 53.7
68.8
g L 53.6 <
% 68.6 - &
E 535
2]
68.4 L 53.4
L 53.3
68.2 —@— Rank-1
. —— mAP
L 53.2

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75
WU phr

Fig. 6. Changes in Rank-1 and mAP as wpn, varies

our proposed method. The correct images corresponding to the query text are
highlighted with green bounding boxes. Our method, which ranks results based
on phrase-level consistency, effectively assigns lower ranks to individuals who do
not fully match the query phrases and higher ranks to those who are consistent
with all phrases, demonstrating its effectiveness.

Furthermore, as one possible application of our method, we examine a re-
trieval approach that emphasizes specific phrases in the query text. This is useful
in scenarios where the confidence level for each attribute needs to be adjusted,
such as when there are specific clues that should be emphasized during iden-
tification based on eyewitness testimony in video footage. shows the
retrieval results when the weight of a specific phrase ( “suitcase” in the figure)
is set significantly higher (x10 in the figure) than other phrases during the re-
ranking process. Orange frames indicate individuals actually carrying a suitcase.
It can be observed that individuals exhibiting the emphasized feature are more
frequently retrieved among the top-ranked images. These findings indicate that
our method offers highly practical functionality for real-world applications.



Phrase-Level Consistency for Text-Based Person Search 13

The person has a short dark hair and is wearing a dark
Query green jacket, loose jeans with a bag over his shoulders. His
hands are in the trousers pocket.

#6  #7

Fig. 7. Top 10 search results obtained by our proposed method and conventional meth-
ods. The correct person’s images are indicated with a green frame.

5 Conclusion and Limitations

In this paper, we proposed a novel TBPS framework that explicitly leverages
phrase-level consistency between images and texts. For training, we assign labels
to individual phrases in the input text and introduce a loss function that evalu-
ates phrase-level consistency. For retrieval, we proposed a re-ranking method that
utilizes similarity scores estimated for each phrase in the query text. Extensive
experiments on public benchmarks demonstrate that our approach consistently
outperforms conventional methods, particularly in terms of Rank-1 accuracy,
which is critical for practical monitoring scenarios. Moreover, we showed that
emphasizing specific phrases in the query text enables flexible and interpretable
retrieval behavior, highlighting the practical usefulness of the proposed frame-
work.

Despite its effectiveness, this work has several limitations. First, the phrase-
level re-ranking stage introduces additional inference cost, as it requires cross-
modal encoding of top-ranked candidates and phrase-wise classification. While
this design allows fine-grained consistency modeling, it is inherently more com-
putationally demanding than global-only matching. In practical deployments, it
is possible to limit the number of phrases used for re-ranking or to apply the
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Fig. 8. Effect of emphasizing a specific phrase. Top: Retrieval results using our method
without emphasis. Bottom: Retrieval results with emphasis applied. Orange frames
indicate individuals actually carrying a suitcase.

re-ranking stage as an offline process; however, improving inference efficiency
remains an important direction for future work. Second, the phrase-level label-
ing relies solely on text-to-text similarity, which makes the method sensitive to
paraphrasing. As observed on datasets with diverse linguistic expressions, such
as ICFG-PEDES, visually correct phrases may receive lower confidence scores
when lexical variations are large. Incorporating image-aware semantic alignment
or more robust language normalization is a promising avenue for future research.

Looking ahead, we believe that the concept of phrase-level consistency mod-
eling can be extended beyond TBPS. In general object retrieval scenarios, partial
visual matches in negative pairs may similarly hinder effective learning. Likewise,
in video-based action recognition, different actions often share overlapping tem-
poral segments. Decomposing labels and explicitly modeling partial consistency
at a finer granularity could therefore offer benefits across a broader range of
vision and language tasks.
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