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Abstract—Text-to-image person re-identification (TIReID)
aims to retrieve person images from a large gallery based on
natural language descriptions. This task is challenging due to
the large modality gap between visual appearances and textual
expressions, and the need to capture fine-grained correspon-
dences that distinguish individuals with similar attributes such
as color, texture, and clothing style. To address these challenges,
we propose DiCo (Disentangled Concept Representation), a
framework that performs hierarchical and disentangled cross-
modal alignment. DiCo employs a shared slot-based represen-
tation, where each slot serves as a part-level anchor across
modalities and is further divided into concept blocks representing
complementary attributes (e.g., color, texture, shape). This de-
sign enables consistent part-level alignment while disentangling
semantic concepts across modalities. Experiments on CUHK-
PEDES, ICFG-PEDES, and RSTPReid demonstrate that DiCo
achieves competitive performance with state-of-the-art methods
and provides improved interpretability through explicit slot- and
concept-level representations for fine-grained retrieval.

Index Terms—Text-to-image person re-identification, Slot at-
tention

I. INTRODUCTION

Text-to-image person re-identification (TIReID) aims to
retrieve a particular individual within a large-scale image
gallery using only a natural language description [1]–[6].
Unlike conventional image-based ReID methods [7]–[13],
TIReID allows user queries to be formulated directly in natural
language, thereby providing a more flexible and user-friendly
retrieval paradigm. Despite its practicality, TIReID remains a
highly challenging task due to two fundamental difficulties. (1)
A substantial modality gap exists between textual and visual
representations, stemming from their inherently heterogeneous
nature. Visual data comprise dense, continuous signals that en-
code variations in pose, viewpoint, and illumination, whereas
textual inputs consist of discrete linguistic tokens expressing
abstract semantic concepts. This disparity makes direct align-
ment across the two modalities non-trivial, underscoring the
importance of learning a shared embedding space for robust
cross-modal matching. (2) Another key challenge involves cap-
turing fine-grained correspondences between textual attributes
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and subtle visual cues. Because part-level annotations are
rarely available in real-world datasets, it is crucial to design
models capable of automatically discovering and aligning
discriminative local features without explicit supervision.

To tackle the aforementioned challenges, early ap-
proaches [1]–[4], [14], [15] commonly employed dual-encoder
frameworks, where both images and texts are mapped into
a unified embedding space through global feature represen-
tations and metric learning objectives. However, this global
alignment strategy often fails to capture fine-grained and
discriminative local details. To address this limitation, sub-
sequent part-based or region-level methods [5], [6], [16]–[20]
decomposed person images into body parts and aligned these
regions with word-level textual tokens, thereby establishing
more localized and semantically consistent correspondences
between the two modalities. More recently, vision-language
models (VLMs) [21] have been adopted to enhance textual
comprehension and contextual reasoning, leading to richer
semantic embeddings that significantly improve retrieval per-
formance [18], [22], [23]. Despite these advances, existing
methods still struggle to fundamentally reconcile the hetero-
geneous characteristics of visual and textual modalities. To
mitigate this issue, prior works [1]–[6], [14]–[18], [22], [23]
have sought to reduce the modality gap either by enforcing
metric-based alignment between dual-encoder features in a
shared embedding space or by incorporating cross-attention
mechanisms atop dual-encoder representations. Although such
techniques enable limited cross-modal interactions, they tend
to yield shallow feature fusion rather than deep semantic
alignment. Moreover, most existing alignment strategies [5],
[6], [16]–[19] remain constrained to global identity features
or coarse part-level correspondences, making it difficult to
explicitly disentangle nuanced semantic factors such as color,
texture, and shape. As a result, subtle yet discriminative cues
that are crucial for distinguishing visually similar individuals
are often neglected.

In this work, we introduce DiCo (Disentangled Concept
Representation), a novel framework designed to establish
hierarchical and interpretable cross-modal alignments through
structured slot decomposition and concept-level disentangle-



ment. DiCo employs a unified collection of learnable slots
that serve as modality-shared anchors corresponding to distinct
body regions. Each slot is further decomposed into several
concept blocks that encapsulate semantically coherent at-
tributes such as color, texture, and shape. Unlike prior methods
relying on shallow feature fusion, DiCo bridges the intrinsic
modality gap through iterative and attentive interactions that
progressively refine semantic consistency between visual and
textual representations. By hierarchically structuring the rep-
resentation space—from global identity cues down to concept-
specific subspaces—DiCo can automatically discover and
align subtle visual attributes with their textual counterparts,
even in the absence of explicit part-level supervision. This hier-
archical design enables the model to reason effectively across
both coarse and fine-grained semantics, thereby improving its
ability to discriminate between individuals with subtle attribute
variations. Furthermore, DiCo is trained under multi-level
contrastive objectives and reconstruction constraints, ensuring
alignment at global, part, and concept levels. Through this
multi-granularity supervision, DiCo learns representations that
are both robust and semantically grounded. Comprehensive ex-
periments conducted on three public benchmarks demonstrate
the superiority of our method, showing competitive or better
performance compared to state-of-the-art approaches.

II. RELATED WORKS

A. Text-to-image Person Re-identification

Text-to-image person re-identification (TIReID) aims to
retrieve the correct person image from a large gallery based on
a free-form textual description. Early methods [1]–[4], [14],
[15] typically adopt dual-encoder architectures, where images
and texts are embedded into a shared space using global
alignment objectives. While such methods establish a foun-
dation for cross-modal retrieval, they struggle to capture fine-
grained attributes essential for distinguishing visually similar
individuals. To address this issue, subsequent methods [5], [6],
[16]–[20] introduce part-based models that decompose person
images into body regions and align them with word-level to-
kens, enabling more localized correspondences. Despite these
advances, existing methods still face fundamental limitations
in modeling fine-grained cross-modal correspondences. While
these methods [5], [6], [16]–[20] have enabled more localized
alignment, the extracted part features are typically entangled
representations that fail to separate key semantic attributes like
color, texture, and shape within each region. Such entangled
representations hinder precise alignment, as they obscure sub-
tle yet discriminative cues necessary for identifying visually
similar individuals.

B. Slot Attention

Slot Attention [24] is proposed for unsupervised object-
centric learning, aiming to decompose visual scenes into
slot-based latent representations through an iterative attention
mechanism. Each slot typically corresponds to an object or a
part, yielding structured and interpretable representations with-
out requiring explicit supervision. Subsequent methods extend

Slot Attention to capture temporal dynamics in videos [25]–
[28], or integrate top-down signals to improve stability and
semantic alignment [29]. While slots provide region-level rep-
resentations, the semantic concepts within each region remain
entangled, which limits their ability to capture fine-grained
correspondences. In contrast, our DiCo extends the slot-based
paradigm by introducing modality-shared slots that serve as
common anchors across vision and language, and further
factorizing each slot into disentangled concept representations.

III. PROPOSED METHOD

A. Overall Framework

Given a person image I and a free-form textual description
T , the goal of TIReID is to retrieve person images matching
a given textual description by learning discriminative and
semantically aligned cross-modal representations. For the vi-
sual branch, a visual backbone processes the image into a
set of patch tokens Xv = {xv

n}Nn=1 ∈ RN×d and a global
representation gv ∈ Rd, where N denotes the number of image
patches and d is the feature embedding dimension. For the
textual branch, a textual backbone encodes the description into
word or subword tokens Xt = {xt

ℓ}Lℓ=1 ∈ RL×d and a global
representation gt ∈ Rd, where L is the number of tokens in
the text sequence.

To achieve fine-grained cross-modal alignment, we intro-
duce a shared set of K learnable slots S(0) = {s(0)k }Kk=1,
where each slot is initialized as s

(0)
k ∈ RM×dc . Each slot

is further factorized into M concept blocks such that sk =
[ sk,1; . . . ; sk,M ] with sk,m ∈ Rdc . The same slot indices are
shared across the visual and textual branches, encouraging the
k-th slot to capture a consistent semantic body part in the
person image and the corresponding descriptive expression
in the text. Meanwhile, the concept blocks within each slot
provide a disentangled representation of attributes such as
color, texture, and shape. Starting from S(0), each modality
refines its slots through an iterative interaction module, which
aggregates tokens into slots and updates their representations.
After T refinement steps, we obtain the final slot embeddings:

S(T )
v = {sv,(T )

k }Kk=1, S
(T )
t = {st,(T )

k }Kk=1, (1)

where s
v,(T )
k and s

t,(T )
k denote the k-th refined slot for the

visual and textual branches.
The model outputs both global embeddings

(
gv, gt

)
and

refined slot embeddings
(
S
(T )
v ,S

(T )
t

)
, which jointly contribute

complementary information for TIReID. During training, the
model is optimized with multi-level objectives that encourage
global alignment between global representations, part-level
alignment across slots, and concept-level alignment within
disentangled blocks. During inference, we compute similarities
by jointly comparing the three levels of representation: global
embeddings for identity cues, slot embeddings for region-level
alignment, and block embeddings for fine-grained attribute
matching.
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The man is wearing a red cap, a gray shirt, dark pants, 
and black shoes, carrying a white striped tote bag.
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Fig. 1. (a) Overall framework: Given an input image and text, visual and textual features are extracted by respective encoders, followed by global
alignment and refinement through shared slots. The refined slot representations are aligned at both part- and concept-levels to capture fine-grained cross-modal
correspondences. (b) Slot-concept Attention: disentangles slot representations into interpretable concept blocks while ensuring semantic consistency across
modalities.

B. Disentangled Concept Representation

To achieve fine-grained cross-modal alignment, we employ
a shared set of K learnable slots, where each slot sk ∈ RM×dc

is decomposed into M concept blocks sk,m ∈ Rdc . Slots
act as part-level anchors across modalities, while their blocks
disentangle complementary attributes such as color, texture,
or shape. Starting from the initialization S(0) = {s(0)k }Kk=1,
tokens from both the visual and textual branches are iteratively
aggregated into slots and refined block by block, encouraging
consistent semantics without explicit supervision.

At refinement step t, input tokens from each modality
are assigned to slots through a cross-attention mechanism.
Specifically, for modality u ∈ v, t, we obtain queries from
the slots qu(S

(t−1)) and keys/values from the input tokens
ku(Xu), vu(Xu), where qu, ku, and vu denote modality-
specific learnable linear projections. The attention score matrix
is then computed as

M(t)
u =

ku(Xu) qu(S
(t−1))⊤√

dh
∈ R|Xu|×K , (2)

which represents the similarity between each input token and
each slot. We apply a softmax over slots to assign tokens
competitively, followed by a normalization across tokens to
ensure balanced slot coverage:

A(t)
u = softmaxk(M

(t)
u ), Ã(t)

u = A(t)
u /(A(t)

u 1). (3)

The aggregated token readouts are then obtained as

U(t)
u =

(
Ã(t)

u

)⊤
vu(Xu) ∈ RK×(M×dc), (4)

where each row u
(t)
k represents the readout of slot k. The

readout serves as a slot-specific summary vector obtained by
aggregating the input tokens assigned to the slot, thereby
capturing the localized information that the slot has attended
to in modality u. Each slot readout u

(t)
k is partitioned into

{u(t)
k,m}Mm=1, corresponding to its concept blocks. This decom-

position allows each block to focus on a distinct semantic
factor (e.g., color, texture, or shape), rather than keeping all
attributes entangled within a single vector. Each block is
refined independently through a gated residual update:

ŝ
(t)
k,m = GRUm(s

(t−1)
k,m , u

(t)
k,m),

s̄
(t)
k,m = ŝ

(t)
k,m +MLPm(LN(ŝ

(t)
k,m)).

(5)

By refining blocks independently, the model achieves a more
structured representation where different modules specialize in
complementary aspects of appearance. To encourage separa-
tion of semantic factors, each block is projected onto a shared
prototype memory Cm ∈ RKm×dc :

s
(t)
k,m = softmax

(
s̄
(t)
k,mC⊤

m√
dc

)
Cm. (6)

Cm serves as a compact dictionary of semantic prototypes that
are shared across modalities. Each block maintains its own
independent prototype memory Cm, ensuring that different
semantic factors are represented in distinct subspaces. By
mapping block features to a small set of prototypes, the
model enforces each block to be represented in a discrete and
interpretable semantic subspace. This prototype projection not
only regularizes the learning of disentangled concept factors
but also ensures that blocks with the same index in image
and text are aligned to consistent semantic anchors, thereby
facilitating fine-grained cross-modal correspondence.

After block refinement, each slot is reassembled as s
(t)
k =

[ s
(t)
k,1; . . . ; s

(t)
k,M ]. We then apply a lightweight self-attention

across slots to reduce redundancy among adjacent regions
while preserving their permutation consistency. Importantly,
both the initial slots S(0) and the concept memories {Cm}Mm=1

are shared across modalities, encouraging the k-th slot to



represent the same semantic region in images and the cor-
responding description in text. After T refinement steps, we
obtain the final modality-specific slots:

S(T )
v = {sv,(T )

k }Kk=1, S
(T )
t = {st,(T )

k }Kk=1, (7)

where each slot is further decomposed into block embeddings
s
u,(T )
k,m ∈ Rdc . These structured outputs provide a unified

representation that captures part-level anchors and disentan-
gled concept-level semantics, enabling fine-grained and inter-
pretable cross-modal correspondence.

C. Training and Inference
The training objective aims to align visual and textual

representations at different levels of granularity. At the global
level, we optimize a bidirectional contrastive loss between the
image embedding gv and the text embedding gt to capture
overall cross-modal correspondence. This pulls paired samples
closer in the embedding space while pushing non-matching
pairs apart:

Lglobal = − 1

B

B∑
i=1

[
log

exp(⟨giv, git⟩/τ)∑B
j=1 exp(⟨giv, g

j
t ⟩/τ)

+ log
exp(⟨git, giv⟩/τ)∑B
j=1 exp(⟨git, g

j
v⟩/τ)

]
,

(8)

where τ is a learnable temperature.
At the slot level, we align the refined slots across modalities,

ensuring that the k-th slot in the visual branch corresponds to
the same semantic region as the k-th slot in the textual branch:

Lslot = − 1

B

B∑
i=1

K∑
k=1

[
log

exp(⟨zv,ik , zt,ik ⟩/τs)∑B
j=1 exp(⟨z

v,i
k , zt,jk ⟩/τs)

]
. (9)

At the block level, we encourage alignment of disentangled
concepts. Since each slot is further decomposed into concept
blocks (e.g., color, texture, shape), we align corresponding
blocks across modalities to ensure consistent matching of fine-
grained cues:

Lblock = − 1

B

B∑
i=1

K∑
k=1

M∑
m=1

log
exp(⟨zv,ik,m, zt,ik,m⟩/τb)∑B
j=1 exp(⟨z

v,i
k,m, zt,jk,m⟩/τb)

.

(10)
To further enhance discriminability, we introduce identity

supervision at both global and local levels. At the global level,
the embeddings gv and gt are classified into identity labels,
ensuring that they remain discriminative beyond cross-modal
matching:

Lglobal
ID = − 1

B

B∑
i=1

[
logP (yi | giv) + logP (yi | git)

]
. (11)

At the local level, each slot embedding zuk (u ∈ v, t) is
supervised with the same identity label, encouraging part-level
features to preserve identity cues:

Lslot
ID = − 1

B

B∑
i=1

K∑
k=1

[
logP (yi | zv,ik ) + logP (yi | zt,ik )

]
.

(12)

Finally, we introduce a reconstruction objective to stabilize
slot refinement. By reconstructing the original token features
from aggregated slots, the model is encouraged to preserve the
fine-grained information captured in the inputs:

Lrec =
1

B

B∑
i=1

(
∥X̂i

v −Xi
v∥22 + ∥X̂i

t −Xi
t∥22
)
. (13)

For clarity, we group these objectives into three components:
alignment loss Lalign = Lglobal+λsLslot+λbLblock, identity loss
LID = Lglobal

ID +Llocal
ID , and reconstruction loss Lrec. The overall

training objective is then expressed as

L = Lalign + LID + λrLrec. (14)

During inference, a text query is matched with gallery im-
ages by combining similarities across multiple levels. Global
embeddings provide identity-level cues, refined slots capture
region-level correspondences, and block embeddings align
fine-grained semantic attributes. The final retrieval score is
computed as a weighted combination of these similarities, bal-
ancing overall identity with disentangled concept-level details.

IV. EXPERIMENTS

A. Experiment Setting

1) Datasets: We conduct experiments on three widely
used benchmarks for text-based person retrieval: CUHK-
PEDES [30], ICFG-PEDES [31], and RSTPReid [32]. CUHK-
PEDES contains 40,206 images of 13,003 identities, each
paired with two natural language descriptions, totaling 80,440
sentences. It is split into 34,054 images for training, 3,078 for
validation, and 3,074 for testing. ICFG-PEDES is constructed
from the ICFG-Person dataset and comprises 54,522 images of
4,102 identities, each annotated with one descriptive sentence.
The official split includes 34,674 training images, 19,651
test images, and 197 for validation. RSTPReid is a large-
scale benchmark focusing on more challenging scenarios. It
consists of 20,505 images of 4,101 identities, with each image
annotated by a single textual description.

2) Implementation Details: Our model is built upon the
CLIP [21] ViT-L/14 [33] backbone with an image resolution
of 384×128 pixels and a stride size of 16. The slot attention
mechanism employs 8 slots with a slot dimension of 2,048,
organized into 8 blocks of 256 dimensions each. We utilize a
shared prototype memory with 512 prototypes across modal-
ities to facilitate cross-modal part correspondence learning.
The slot attention module performs 5 iterations during the
iterative refinement process, and the temperature parameter
for prototype assignment is set to 1.0. For training, we use
the Adam [34] optimizer with an initial learning rate of 5e-6.
The overall loss is a weighted sum of all objectives, where
λs and λb are set to 0.5 for the slot- and block-level losses,
respectively, and λb is set to 0.1. At inference, the final score
is obtained from a weighted combination of global-, slot-, and
block-level similarities, with all weights set to 1.



TABLE I
PERFORMANCE OF TEXT-TO-IMAGE PERSON RE-IDENTIFICATION

METHODS ON THREE BENCHMARK DATASETS. BOLD DENOTES THE BEST
AND UNDERLINE DENOTES THE SECOND BEST.

Method CUHK-PEDES ICFG-PEDES RSTPReid
R@1 R@5 R@1 R@5 R@1 R@5

GNA-RNN [14] 19.05 - - - - -
CMPM/C [4] 49.37 71.69 43.51 65.44 - -
PMA [35] 53.81 73.54 - - - -
TIMAM [3] 54.51 77.56 - - - -
ViTAA [36] 55.97 75.84 50.98 68.79 - -
NAFS [16] 59.94 79.86 - - - -
SSAN [6] 61.37 80.15 54.23 72.63 43.50 67.80
SRCF [19] 64.04 82.99 57.18 75.01 - -
TIPCB [5] 64.26 83.19 - - - -
SAF [37] 64.13 82.62 - - - -
IVT [38] 65.59 83.11 56.04 73.60 46.70 70.00
CFine [23] 69.57 85.93 60.83 75.55 50.55 72.50
IRRA [22] 73.38 89.93 63.46 80.24 60.20 81.30
PLOT [18] 75.28 90.42 65.76 81.39 61.80 82.85
Ours 75.79 91.10 66.20 82.18 62.79 83.96

B. Quantitative Results

We compare our DiCo with state-of-the-art text-to-image
person re-identification methods on CUHK-PEDES [30],
ICFG-PEDES [31], and RSTPReid [32]. As shown in Ta-
ble I, methods that perform only global matching (e.g., GNA-
RNN [14], CMPM/C [4]) fail to capture discriminative details,
leading to inferior performance. Part-level matching methods
(e.g., ViTAA [36], IRRA [22], PLOT [18]) improve discrim-
inability by localizing body regions, but they still fail to
disentangle concept-specific factors such as color or clothing
type, leading to ambiguous alignments and reduced robustness.
In contrast, our proposed DiCo performs hierarchical align-
ment across global, slot, and block levels, explicitly balancing
identity cues with fine-grained semantic concepts.

C. Qualitative Results.

a) Slot-Level Attention.: In Fig. 2, we provide visual-
izations of the learned slot-level attention to better understand
how our model captures fine-grained correspondences between
text and image. Each slot attends to distinct regions of the
person image, such as the shirt, pants, or shoes, while simul-
taneously focusing on semantically related words in the textual
description. For example, slots specialize in attributes like
“yellow shirt”, “floral pants”, or “blue shirt”, consistently
linking localized visual cues with their linguistic counterparts.
These results highlight that the proposed disentangled slot rep-
resentations partition the image into semantically meaningful
parts. They also capture fine-grained alignments with textual
tokens, enabling precise cross-modal matching without the
need for part-level annotations.

b) Block-Level Clustering.: We validate the disentan-
glement ability of DiCo by analyzing block embeddings on
CUHK-PEDES [30], as shown in Fig.3. Specifically, we ran-
domly sample 10 person images and visualize the embeddings
of 8 blocks within the second slot using t-SNE [39]. As shown
in Fig. 3, features from different samples cluster together when
they share the same concept, even across distinct individu-
als. This indicates that each block consistently captures the

Text: a woman wearing a yellow shirt, a pair of white and black floral print pants and a 
pair of white and black shoes.

Text: a woman wearing a blue shirt, a pair of dark blue pants and a pair of black and 
white shoes.

Image Slot 1 Slot 2 Slot 3 Slot 4 Slot 6 Slot 7 Slot 8Slot 5

Image Slot 1 Slot 2 Slot 3 Slot 4 Slot 6 Slot 7 Slot 8Slot 5

Fig. 2. Visualization of slot-level attention for text queries and corresponding
images. Each slot attends to distinct body regions and aligns with relevant
words in the query, effectively capturing fine-grained attributes such as color,
clothing type, and shoes.

Fig. 3. t-SNE [39] visualization of 8 blocks embeddings from the second slot
on randomly sampled images from the CUHK-PEDES [30] test set. Despite
originating from different person samples, the embeddings form coherent
clusters, indicating that the block consistently captures the same underlying
semantic concept across individuals.

same underlying semantic concept across samples, rather than
being entangled with individual appearance differences. This
clustering clearly demonstrates that the proposed block-level
design learns concept-specific representations, facilitating fine-
grained and interpretable cross-modal alignment.
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