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Abstract

Recent advancements in vision-language models have en-
abled multi-modal person re-identification (Re-ID), where
the system takes both an image and a text query to iden-
tify matching individuals. While previous state-of-the-art
methods perform well with detailed, sentence-level descrip-
tions, we found that their Recall@1 drops by half when us-
ing short, keyword-based queries due to ambiguity, training
biases, and under-represented attributes. Despite this chal-
lenge, short queries provide a more natural and efficient
user experience, requiring less effort and allowing for iter-
ative refinement. To address this limitation, we introduce
a new problem setting, Composite-Attributes Person Re-ID
(CA-ReID), along with a fine-grained composite attribute
dataset with queries belonging to varying levels of ambigu-
ity. We further propose two methods: Dense Disentangling
Loss to promote attribute-specific embeddings, and Part-
Aware Representations that use pose estimation to align tex-
tual attributes with relevant body regions. Our method sets
a new state of the art on the new CA-ReID benchmark (up to
+17% Recall@1) and performs on par with prior methods
on existing CC-ReID benchmarks.

1. Introduction

Person re-identification (Re-ID) aims to recognize the same
individual across different camera perspectives and vary-
ing backgrounds. Traditional Re-ID methods [20, 22, 36,
45, 51, 67, 77, 80, 81] formulate the task as an image-to-
image retrieval problem, where the objective is to retrieve
instances of the same person without any additional text
queries. Recent advancements in vision-language models
(VLMs) have enabled multi-modal retrieval [2, 21, 38, 62]
using both image and text inputs, allowing more fine-
grained control over the text query, such as specifying
“wearing a red jacket, purple pants, and black shoes.” How-
ever, we discovered that state-of-the-art (SOTA) methods
[21], while effective with detailed sentence-level descrip-
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Figure 1. (a) Existing methods, such as DIFFER [38], perform
image-only Re-ID without text control, while multimodal Instruct-
ReID [21] underperforms with short attribute queries. (b) Top1
accuracy drops on the Celeb-ReID-L [24] dataset with single at-
tribute query vs full description, highlighting the challenge of
jointly satisfying identity and short keyword constraints.

tions, suffer performance degradation when using short at-
tribute keyword queries. For example, a simple short phrase
like “wearing green pants” can reduce Recall@1 of Instruct-
ReID [21] by half on COCAS+Real2 dataset [35].

This drop in performance stems from three main issues:
(1) short keywords are often ambiguous, for example, over
30% of individuals in the Celeb-ReID-Light dataset [24]
match the phrase “long pants” requiring the model to rely
on visual identity to disambiguate. (2) Existing VLM-based
Re-ID models are primarily trained on full-sentence cap-
tions, making them less effective at interpreting brief and
ambiguous phrases. (3) Rare keywords, such as “straw hat,”
are underrepresented in the training data, leading to weak
generalization. Despite these challenges, short keyword
queries offer a better user experience than full descriptive
sentences, as they require less effort and feel more natural;
users can start with a simple keyword and iteratively refine
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Figure 2. Overall architecture of the proposed CA-ReID framework. Given an input image and a set of attributes, we construct
Part-Aware Representations (PAR) for both image and text modalities. Pose-guided patch pooling and the image encoder generate part-
aware image slots (id, head, top, bottom, feet, and other), while a text encoder produces the corresponding part-aware text slots. These
PAR features are then fused to form a composed representation. Training jointly optimizes a standard identity loss LID and two Dense
Disentangling Losses: (1) LDDL1 aligns the composed PAR with target-image features under both identity and attribute conditions, and
(2) LDDL2 enforces disentanglement across part-aware image features. At inference, a query image (with extracted pose keypoints) and a
condition description are converted into PAR, fused into a composed feature, and used for retrieval and re-ranking of gallery images.

their search by adding more terms.
To address the above issues, we first introduce a fine-

grained dataset categorized into five attribute groups: head-
wear/hairstyle, top clothing, bottom clothing, footwear, and
other, which includes accessories, belongings, and context
information (e.g., shopping bag, holding phone). Based on
this, we propose a new task, Composite-Attributes Person
Re-identification (CA-ReID, see Fig. 1(a)), which groups
attributes into three ambiguity levels: (1) hard, defined as
a single attribute that represents a user search with a sim-
ple keyword and high ambiguity; (2) medium, consisting
of 2–3 attributes that form a composition of keywords with
medium ambiguity; and (3) easy, comprising 4+ attributes
representing low ambiguity. This dataset motivates our
novel Dense Disentangling Loss (DDL) that encourages the
model to assign specific embedding dimensions to distinct
attributes while suppressing activations in irrelevant dimen-
sions. As a result, each attribute-specific embedding con-
tributes exclusively to its corresponding feature. For exam-
ple, a query like “jacket” activates only the top clothing em-
bedding, reducing confusion from unrelated attributes such
as bottom clothing, footwear, or accessories.

We further propose Part-Aware Representations (PAR,

see Fig. 2) by using a human pose estimation model to fur-
ther reduce the ambiguity from a short query. Our method
constructs spatial patches corresponding to individual hu-
man body parts and associates each part with a specific
embedding. This alignment provides strong spatial priors,
enabling more accurate disambiguation. For instance, the
head embedding is directly associated with the head re-
gion, allowing attributes such as hat or curly hairstyle to
be inferred exclusively from the head area. Combined with
DDL, our approach improves Recall@1 by up to +15% over
the previous best method [21] on our benchmark, while
maintaining comparable performance on existing CC-ReID
datasets. To summarize, our contributions are:
• We introduce Composite-Attribute Person Re-ID (CA-
ReID), where a query pairs a reference image with
short/composite keywords (e.g., “red jacket, sunglasses”)
for more intuitive search. In this setting, existing CC-/LI-
ReID methods [21, 38] experience sharp performance drops
(Recall@1 nearly halves) due to keyword ambiguity, short-
phrase vs. full description mismatch, and rare attributes.
• We propose Part-Aware Representations (PAR) and a
Dense Disentangling Loss (DDL) that tie attributes to body
regions, encouraging identity–attribute separation; e.g., a
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“sunglasses” query links to the head embedding, driving re-
trieval by head features rather than other parts.
• We achieve up to +15% Recall@1 over the previous best
method [21] on our composite-attribute dataset, while main-
taining on-par results on existing re-id benchmarks.

2. Related Work
Person ReID. Traditional person re-identification (ReID)
retrieves the same individual across non-overlapping cam-
eras despite changes in pose and background [15, 20, 22,
36, 45, 74, 77, 80, 81]. Clothes-changing ReID (CC-
ReID) extends this to large clothing variations, learning
clothing-agnostic representations [16, 25, 41, 42, 73], part-
based features [6, 43, 61], temporal modeling [51], or life-
long knowledge consolidation [10]. Attribute-guided ap-
proaches further improve fine-grained retrieval by incor-
porating semantic supervision [29, 37, 38]. Text-to-image
ReID (T2I-ReID) expands retrieval using natural language
queries, from early text-based person search [19, 33] and
cross-modal alignment [5, 12, 27, 34, 39, 52, 70, 79, 83] to
CLIP-driven and MLLM-based models using large-scale vi-
sion–language pretraining, human-in-the-loop refinement,
and multi-turn dialogue [2, 3, 28, 53, 62]. Unified multi-
modal ReID methods handle RGB/IR/thermal, sketch, or
text within one model, often with LLMs for instruction-
guided retrieval [17, 32, 69]. Instruct-ReID [21] defines a
multi-purpose, instruction-guided ReID benchmark and in-
troduces LI-ReID, where a reference image is paired with a
full text description as auxiliary information to retrieve any
image of the same identity. In contrast, CA-ReID formu-
lates CC-ReID as composed image retrieval, jointly condi-
tioning on a reference image and a short composite attribute
edits so that the retrieved image satisfies both identity and
requested attribute(s). To the best of our knowledge, this
setting has not been studied in prior person ReID.
Human Part-Aware Feature Disentanglement. Fea-
ture disentanglement is widely used in vision to separate
identity-related content from appearance or background, in-
cluding for human body editing and pose/appearance de-
composition [44, 60, 68, 75]. In person Re-ID, it helps
separate identity-relevant and appearance-specific features
(e.g., clothing) to improve robustness under appearance
changes [9, 13]. Recent works further exploit 3D body
shape, color disentanglement, and generative augmentation
to decouple identity from clothing appearance [6, 18, 41,
43, 49, 55, 60]. DIFFER [78] uses VLM-generated descrip-
tions supervision to disentangle identity and clothing, while
pose-guided methods [46, 56, 66] improve part-based align-
ment. PFD [66] uses pose heatmaps to guide feature disen-
tangling for part-aware representations. Such methods typi-
cally couple a ReID backbone with an external pose estima-
tor or 3D body model, using these cues at both training and
inference to stabilize part alignment [41, 43, 46, 56]. How-

ever, these methods focus on visual disentanglement and
appearance robustness, without supporting text composition
queries over part-level features. Our approach explicitly
connects part-aware representation learning with language
by using disentangled part slots as an interface for compo-
sitional text edits in CA-ReID.
Composed Image Retrieval (CIR). CIR retrieves images
conditioned on a reference image and a modifying text in-
struction, and is mainly studied on natural images such
as fashion, products, and scenes [4, 8, 31, 48, 63]. Prior
work typically operates in CLIP-style vision–language em-
bedding spaces, combining the reference and edit text
via feature modulation, residual composition, or atten-
tion [4, 30, 58, 64], while more recent work uses large-
scale VLMs/LLMs and pretraining for richer compositional
reasoning [11, 23, 57, 76]. Existing CIR benchmarks tar-
get generic objects and do not enforce maintaining identity,
whereas we instantiate CIR for person Re-ID, requiring re-
sults to match both identity and the requested attribute edit.

3. Composite Attributes Person Re-ID

3.1. Problem Formulation
Given a query image xq ∈ RH×W×3, attribute text t, and
a gallery G = {xi

g}Ni=1, our goal is to retrieve gallery im-
ages that (1) share the same identity as xq and (2) satisfy the
attributes described in t. The model ranks G using a simi-
larity score s(xq,x

i
g, t), where higher values indicate better

matches in terms of both identity and attributes. The score,
s(·) measures similarity in a learned embedding space.

CA-ReID differs from prior settings: CC-ReID performs
image-to-image matching across clothing changes without
text; T2I-ReID uses text-only queries with full descriptions
and no reference image; and LI-ReID [21] combines an im-
age and full-sentence description, optimizing only for iden-
tity. In contrast, CA-ReID jointly enforces identity and
short or composite attribute conditions. We focus on queries
such as [query image] + “with red jacket and sunglasses.”

To support such queries, we organize attributes into five
regions: head/hair, top, bottom, feet, and other (acces-
sories, belongings, context). Short phrases (e.g., “brown
cap”) or composite descriptions (e.g., “red jacket and white
sneakers”) can mention any subset of these regions, natu-
rally supporting both single- and multi-attribute composi-
tions. Depending on the ambiguity, this may result in either
single- or multi-target matches in the gallery.

3.2. Architecture Overview
We use CLIP-based [14, 54] encoders for vision (EI ) and
text (ET ) to build Part-Aware Representations (PAR). Given
an image x and attribute text t, PAR decomposes fea-
tures into slots separating identity from part-level attributes
(head, upper body, lower body, feet, other) for training and
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retrieval. For visual PAR (Sec. 3.3), EI outputs a global
token and patch tokens, which we group into semantic re-
gions (head, top, bottom, feet) using a pose estimator [59]
which serves as a modular spatial prior for grouping. The
identity slot is computed from the global and head-region
features to capture face-driven identity cues while remain-
ing robust to clothing changes. For textual PAR (Sec. 3.4),
ET encodes input attribute tk into part-aligned text slots,
and a gating module activates only the mentioned regions
(e.g., “red jacket” updates the top slot). Text and image
PAR are fused with FiLM [50] to produce composed PAR,
leaving the identity slot untouched. This produces a com-
posed representation that preserves identity and reflects the
desired attribute modifications. During training, we opti-
mize both a Dense Disentangling Loss and a standard iden-
tity loss (Sec. 3.6). At inference (Sec. 3.7), gallery images
are encoded once into image PAR, and retrieval ranks them
against the composed query PAR. Fig. 2 shows our pipeline.

3.3. Part-Aware Representations (Image)
We use a vision transformer encoder EI to extract a global
embedding c ∈ Rd and patch tokens {pi}Ni=1, where each
patch token represents a fixed spatial region of the input. To
obtain semantic body regions, we run an off-the-shelf pose
estimator [59] and map detected keypoints to patch-index
sets. For each part k ∈ {head, top, bottom, feet, other}, we
precompute an index set Ik ⊆ {1, . . . , N} indicating which
ViT patches belong to that region. These patch–part as-
signments are cached during training. For each part k, we
extract a part feature by mean-pooling the corresponding
patch tokens, followed by a lightweight projection:

f Ik = MLPk

(
1

|Ik|
∑
i∈Ik

pi

)
∈ Rd. (1)

To construct an identity feature that benefits from global
appearance cues while using discriminative facial regions,
we combine the global token with the head-part feature:
f Iid = MLPid

(
[c ; f Ihead]

)
where [·; ·] denotes concatenation.

This preserves identity-relevant information while remain-
ing invariant to clothing changes. The final image part-
aware representation consists of five localized part features
and the identity vector:

FI =
{
f Iid, f

I
head, f

I
top, f

I
bottom, f

I
feet, f

I
other

}
. (2)

which enables fine-grained reasoning over both identity and
localized attributes within a unified feature space.

3.4. Part-Aware Representations (Text)
To enable compositional attribute control, we first trans-
form the global text embedding into part-specific represen-
tations that align with the image features. We encode the
conditioning text ct using a frozen CLIP text encoder ET ,

which produces a global text embedding fT ∈ Rd. This
global representation is then projected into part-specific
slots through learned transformations: fTk = WT

k fT , where
WT

k ∈ Rd×d is a learnable projection matrix for each part
k ∈ {head, top, bottom, feet, other}. To ensure that only
relevant parts are activated, we use a parsing mechanism
that analyzes ct to identify mentioned attributes. For parts
corresponding to unmentioned attributes, we suppress their
activations by setting fTk = 0; e.g., the query “red jacket”
would activate only fTtop while keeping other text slots zero.
This selective activation prevents spurious cross-part inter-
ference and ensures that textual conditioning is applied only
where semantically appropriate. During training, frozen
vision-language models extract part-specific attributes from
target images (e.g., top: “red jacket”), supervising these
part-aware projections without manual annotations.

3.5. Composed Part Aware Representations
To integrate attribute conditioning into the visual represen-
tation, we fuse image and text part features using an addi-
tive residual feature-wise linear modulation network ϕFLM
(a lightweight MLP applied slot-wise) inspired by [50]. For
each attribute category k, the fusion module receives the
image and text features and predicts a modulation vector:

f̂k = N
(
f Ik + βk

)
, βk = ϕFiLM

(
[f Ik ; f

T
k ]
)
, (3)

where N is L-2 feature normalization. This formulation al-
lows the text to selectively modify the appearance of the
corresponding visual region while preserving the underly-
ing spatial layout encoded by the vision transformer. The
identity feature remains unmodulated to ensure that identity
information does not shift under attribute queries: f̂id = f Iid.
The final representation is

F̂ = {f̂id, f̂head, f̂top, f̂bottom, f̂feet, f̂other}, (4)

which merges identity and localized attribute cues in a
structured, part-aware space.

3.6. Dense Disentangling Loss
To encourage the model to learn part-specific features while
maintaining identity, we introduce a Dense Disentangling
Loss (DDL) with two complementary objectives, iden-
tity–attribute disentanglement and inter-part orthogonality.

3.6.1. Identity-Attribute Disentanglement
The first component, LDDL1

, learns to separate identity
information from attribute variations by considering four
types of sample relationships within training batches. For
each anchor query with composed features F̂, we identify:
(1) Full Match (F+): Target images sharing both the same
identity and matching attributes. These should be max-
imally similar to the anchor. (2) Attribute-Only Match
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(FA+): Images with matching attributes but different iden-
tities. These should align in attribute dimensions while dif-
fering in identity features. (3) Identity-Only Match (FI+):
Images of the same person with different attributes. These
should maintain identity similarity while allowing attribute
variation. (4) No Match (F−): Images with neither match-
ing identity nor attributes. These should be maximally dis-
similar. We formulate this as a multi-triplet loss:

LDDL1 = α1Ltri(F̂,F
+,FA+) + α2Ltri(F̂,F

+,FI+)

+α3Ltri(F̂,F
+,F−),

(5)

where Ltri(·) denotes triplet loss with cosine similarity, and
{α1, α2, α3} are balancing coefficients. We mine samples
globally within each batch using identity labels and part-
level attribute annotations. If any of the three required re-
lational samples cannot be found for an anchor, that triplet
term is omitted.

3.6.2. Inter-Part Orthogonality
The second component, LDDL2 , enforces disentanglement
between body parts by minimizing their mutual similarity:

LDDL2 =
∑

ki ̸=kj

∥∥∥cos(f̂ki , f̂kj )
∥∥∥2 , (6)

where ki, kj ∈ {head, top, bottom, feet, other} denote dif-
ferent body regions. This regularization prevents feature
leakage across parts, ensuring that each slot captures only
its designated semantic region.

3.6.3. Overall Training Objective
In addition to DDL, we employ a standard identity loss to
maintain person discrimination:

LID = Ltri(f̂id, f
+
id , f

−
id ), (7)

where f+id and f−id denote identity features from same-person
and different-person samples, respectively. The complete
training objective combines all components:

LTotal = λ1LID + λ2LDDL1 + λ3LDDL2, (8)

where {λ1, λ2, λ3} are hyperparameters controlling the rel-
ative importance of each objective.

3.7. Inference
At test time, no VLM annotations are needed. Given a query
image xq , conditioning text t, and gallery images {xi

g}, we
first obtain image PARs FI

q and FI
g using EI . We encode t

with ET to get text PARs (FT ), and form a slot-wise com-
posed query PAR following Sec. 3.5

F̂q = N
(
FI

q + ϕFiLM(FI
q ;F

T )
)
. (9)

where F̂q is the composed query PAR. Retrieval is done by
cosine similarity between F̂q and cached gallery PARs:

s(xq,xg, t) =
F̂q · FI

g

∥F̂q∥∥FI
g∥

. (10)

For standard CC-ReID (image-only), we omit t and directly
compare FI

q and FI
g with cosine similarity.

4. Composed Attribute Dataset
4.1. Motivation
Recent multimodal Re-ID work, particularly Instruct-
ReID [21], introduced Language-Instructed Re-ID (LI-
ReID): pairing reference images with full-sentence descrip-
tions from GPT-4 labeled COCAS+Real2 [35] to retrieve
same-identity images. While promising, LI-ReID evalua-
tion remains identity-centric and inherits three critical lim-
itations from its dataset: (1) Identity-only evaluation: re-
trieval success requires only correct identity, regardless of
whether text conditions (e.g., “with black bag”) are satis-
fied; the text functions as auxiliary guidance rather than a
binding constraint; (2) Limited diversity: COCAS+Real2
contains merely 101 identities with few outfit variations
across multiple views, while its GPT-4 captions, generated
from fixed attribute lists, produce repetitive phrases with re-
stricted coverage; (3) No compositional support: the bench-
mark requires full-sentence descriptions paired with refer-
ence images, failing to evaluate keyword-based or compo-
sitional queries (e.g., “red jacket”, “holding cup”) that de-
mand joint identity-attribute reasoning.

To address these limitations and enable CA-ReID, we
construct a comprehensive dataset with explicit identity-
condition retrieval protocol. We leverage a diverse Re-ID
base [24] and annotate images with open-vocabulary at-
tributes spanning new categories (appearance, accessories,
belongings, and contextual actions; see Fig. 3) via an
MLLM-as-judge pipeline. We compose queries at three
granularities (Easy/Medium/Hard) ranging from full de-
scriptions to single keywords (shown in Fig. 4), and eval-
uate by enforcing joint identity and attribute satisfaction,
supporting both single and multi-target scenarios.

4.2. Dataset Construction
We build our CA-ReID benchmark on Celeb-ReID-
Light [24] (590 identities), which provides rich appear-
ance variation for compositional queries. Celebrities’ nat-
ural variability enables both expressive and ambiguous
attribute-conditioned retrieval; for example, “red jacket”
may correspond to multiple valid images of one or several
identities, better reflecting realistic search than clothing-
template datasets [35]. We annotate images with open-
vocabulary attributes across seven categories: appearance
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Figure 3. Single-attribute query examples (hard setting) from our dataset. Dashed line separates the image and condition text query (left)
from its valid target image (right). Our dataset contains both single- and multi-target queries. More examples in the Supplementary

Query Condition Text

with a white sweater, and black bag.

with a black bag.

Medium

Hard

+

with black long hair, a white sweater, 
red pants with white stripes, 
white sneakers and black bag.

Easy

Query 
Image

Target 
Image

Figure 4. Proposed dataset settings. From structured attribute cat-
egories: head, top, bottom, feet, and other (accessories, belong-
ings, context), we generate three text query settings: Easy (all at-
tributes), Medium (2 attributes), and Hard (single attribute).

(head/hairstyle, top, bottom, feet), objects (accessories, be-
longings), and context (actions such as holding a phone or
crossing arms). Context attributes capture conditions not
tied to a single body part (e.g., crossed arms or hands in
pockets), while body attributes remain grounded in PAR.

Annotation Pipeline. VLMs are increasingly used in
recent Re-ID works [7, 21, 38, 62] for scalable image
annotation. We use InternVL3-38B [82] and Qwen2.5-
VL-34B [1], with structured prompts (see Supplementary).
Both models independently annotate all images; agreement
(∼90% of samples) was automatically accepted, while dis-
agreements (∼10%) were manually audited adn reviewed.
We found InternVL3 more robust and detailed in ambiguous
cases and use it as default during disagreement resolution.
A small subset of images (∼100 per dataset) with empty or
invalid outputs were fully labeled by human annotators.

Multi-Granularity Query Generation. We synthesize
three levels of query granularity (Fig. 4) from structured at-
tributes: (1) Easy, consisting of full sentences that com-
bine all categories to minimize ambiguity; (2) Medium, con-
sisting of phrases mentioning two categories (e.g.,“white t-
shirt and sunglasses”) that balance brevity and specificity;
and (3) Hard, consisting of keywords mentioning a single
attribute (e.g., “with black bag”) to probe identity and at-
tribute disentanglement under high ambiguity. The condi-
tioning text ct is derived from gallery attributes at the cho-

sen difficulty. Easy queries typically yield a single target,
whereas Hard queries often produce multiple matches in the
diverse appearance space of Celeb-ReID-L (see Suppl.).

Extending Existing Benchmarks. While Celeb-
ReID-Light contains rich clothing variation, it of-
fers limited cross-camera diversity. We therefore use
COCAS+Real2 [35] as a complementary dataset. Instruct-
ReID [21] augmented this dataset with full GPT-4-
generated image captions; we then use Qwen3-8B-
Instruct [71] as a text-only parser to extract our prede-
fined attribute categories directly from these captions. Un-
like Celeb-ReID-L, which we annotate directly from im-
ages using VLMs, COCAS+Real2 is constructed entirely
from caption parsing (details in Suppl.). Applying our
Easy/Medium/Hard generation reveals that LI-ReID [21]
degrades under CA-ReID’s compositional queries. Celeb-
ReID-Light and COCAS+Real2 thus serve as complemen-
tary testbeds with varying attributes and camera angles.

Vocabulary and Evaluation. Unlike COCAS+Real2’s
fixed-list captions, our free-form VLM annotations yield
open-vocabulary descriptions ranging from generic (”black
top”) to fine-grained (”checked white blazer”) phrases.
We apply light post-processing through punctuation/filler
cleanup, lexical normalization, synonym merging, and
category reassignment (e.g., headwear and facewear are
mapped to the head slot). Celeb-ReID-L’s diversity
naturally produces single- or multi-target queries, while
COCAS+Real2’s constrained space yields repeated phrases
(Table 1). For evaluation, we precompute gallery embed-
dings and compute a distance matrix with composed query
embeddings. Retrieval succeeds if any valid target appears
at rank k, measuring joint identity-condition matching.

5. Experiments
5.1. Experimental Setup
We evaluate in two settings: (1) CA-ReID where queries are
image and attribute text; matches must satisfy identity and
the attribute, and (2) standard CC-ReID where only query
image is used (identity-only retrieval).

Datasets. For CA-ReID, we build composed-attribute
splits (see Sec. 4) on Celeb-ReID-Light [24] (10,842 im-
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Attribute Celeb-ReID-L COCAS+Real2

Train Test Train Test

head 447 / 12,014 254 / 6,829 68 / 8,063 28 / 876
top 2,948 / 11,345 572 / 7,987 143 / 9,086 75 / 1,884
bottom 909 / 7,087 201 / 5,191 38 / 10,262 14 / 324
feet 719 / 7,717 181 / 5,955 37 / 10,552 28 / 1,046
accessories 403 / 2,118 97 / 1,941 − /− − /−
belongings 831 / 4,454 202 / 3,799 52 / 3,250 19 / 709
context 802 / 3,784 144 / 2,633 140 / 20,480 67 / 983

Table 1. CA-ReID attribute statistics. Each cell shows unique
/ total attribute instances in train and test splits. Celeb-ReID-L
uses free-form VLM text (many unique attributes), whereas CO-
CAS+Real2 relies on a fixed list (fewer unique but many repeated).

ages, 590 identities) and COCAS+ Real2 [35] (21,319 im-
ages, 101 identities). Each query consists of a query im-
age, a conditioning text, and one or more valid target im-
ages, grouped into three difficulty levels (Easy / Medium /
Hard, see Sec. 4) based on the number and complexity of
attributes; Table 1 summarizes the resulting query and at-
tribute statistics. For completeness, we also evaluated the
standard CC-ReID setting on LTCC [51] (17,119 images,
152 identities), PRCC [61] (33,698 images, 221 identities).

Implementation Details. Following [38], we use
EVA02-CLIP-L/14 as the visual encoder backbone and its
paired text encoder. All input images are resized to 224 ×
224. For pose estimation in PAR, we use HRNet-W32 [65]
(75.8/74.9 AP on COCO [40] val/test) from MMPose [47];
different off-the-shelf estimators yield similar ReID perfor-
mance [66]. All attribute descriptions are generated with
InternVL3 and Qwen2.5-VL (details in the Suppl.). The
batch size is set to 32 for all experiments. The EVA02-
CLIP backbone base learning rate is set to 1 × 10−6 and
weight decay of 5 × 10−4, and all MLP heads use a learn-
ing rate of 3× 10−4 and weight decay of 5× 10−4. We use
SGD with a cosine-annealing scheduler. We apply a warm-
up phase with an initial learning rate of 1 × 10−7 and train
for 70 epochs on 2 NVIDIA A100 GPUs. We set the loss
weights to λID, λDDL1, and λDDL2 to 1.0, 1.0, and 0.02, and
the margin hyperparameters α1, α2, α3 to 1.0, 1.0, and 1.5.

Evaluation Metrics. For CA-ReID, each query q is
paired with a set of valid targets T (q), defined by both iden-
tity and attribute satisfaction. Following CIR-style eval-
uation [26], we report the Recall@K (R@K): a query is
counted as correct if any t ∈ T (q) appears within the top-
K matches. In addition, we report mAP to compare with
conventional Re-ID setups. For CC-ReID benchmarks, we
follow standard protocol [21, 38] and report identity-only
CMC top-k (k ∈ {1, 5}) and mAP metrics.

5.2. Evaluation in CA-ReID Setting
Table 2 summarizes CA-ReID performance across Easy /
Medium / Hard query settings. We compare against DIF-
FER [38], a strong image-only CC-ReID baseline, and the

Method Query Celeb-ReID-L COCAS+ Real2
R@1 R@5 mAP R@1 R@5 mAP

DIFFER [38]∗ E 23.6 25.2 12.5 31.6 39.2 14.9

Inst-ReID [21]
E 81.8 95.6 20.8 82.7 93.5 36.4
M 74.0 81.8 19.0 51.8 78.2 17.9
H 41.6 71.0 14.7 44.0 67.9 19.9

CA-ReID (Ours)
E 83.1 97.8 24.5 83.9 94.7 38.3
M 78.9 86.2 23.3 55.1 82.4 21.2
H 58.6 79.4 20.4 50.4 74.2 21.3

Table 2. Results on the proposed CA-ReID setting. E/M/H denote
Easy, Medium, and Hard query settings. ∗Image only ReID.

multi-modal model from Instruct-ReID [21]. Since DIF-
FER ignores the conditioning text, it cannot effectively con-
trol composite attributes in the CA-ReID setting. Therefore,
its performance is poor for both datasets. Our method con-
sistently outperforms Instruct-ReID across all difficulty lev-
els and datasets. Instruct-ReID performs reasonably well
for Easy / Medium queries with clearer descriptions, but
degrades on Hard queries with more ambiguous composite
attributes. Notably, on Hard queries, we observe gains of
roughly +17% R@1 and +5.7% mAP on the Celeb-ReID-
Light dataset, and +6.4% R@1 and +1.4% mAP on CO-
CAS+Real2. These results indicate that Part-Aware Repre-
sentations and Dense Disentangling Loss lead to more reli-
able grounding of short, compositional attribute edits.

Category R@1 R@5 mAP

head 59.4 79.3 18.4
top 62.4 85.2 23.5
bottom 60.3 83.2 21.9
feet 58.3 80.2 21.0
accessories 55.4 76.1 19.5
belongings 58.2 77.8 19.9
context 56.2 74.1 18.4

Table 3. Results by attribute category on Celeb-ReID-L (Hard).

Table 3 further breaks down performance for Hard
queries by attribute sub-category (head, top, bottom, feet,
accessories, belongings, context) on the Celeb-ReID-Light
dataset. The results highlight varying levels of difficulty in
localizing and disentangling different attribute types. At-
tributes with strong, localized visual grounding, such as
top and bottom clothing, achieve the highest recall, likely
due to their distinct appearance cues and lower ambiguity.
In contrast, attributes that are diffuse, context-dependent,
or weakly localized (e.g., accessories, belongings, and
scene context) remain more challenging. The top category
achieves the highest recall, potentially because many top-
clothing attributes are more fine-grained and distinctive.
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Losses Celeb-ReID-L LTCC

LID LDDL2 LDDL1 R@1 mAP Top1 mAP

✓ 54.7 17.2 60.2 52.3
✓ ✓ 55.0 18.5 62.7 52.6
✓ ✓ ✓ 56.1 20.7 63.8 53.7

Table 4. Ablation on loss terms. LDDL1 is the identity-attribute
disentanglement loss, LDDL2 is the inter-part orthogonality loss.

5.3. Ablation Study
Table 4 shows the contribution of each loss term on both
composed-attribute retrieval (Celeb-ReID-L, R@1/mAP)
and standard clothes-changing Re-ID (LTCC, Top-1/mAP).
The identity-only baseline (LID) serves as a no-PAR set-
ting, relying on global features. Adding LDDL2

, applied on
PAR representations, provides consistent improvements, in-
dicating that separating part features stabilizes the represen-
tation. The identity–attribute disentanglement loss LDDL1

further improves performance across all metrics, yielding
the best results. Overall, LDDL2

and LDDL1
are complemen-

tary: the former enforces structural separation across body
parts, while the latter aligns identity and attribute factors to
produce attribute-aware yet identity-preserving retrieval.

wearing a
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ID
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ID
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Figure 5. Sample Top-5 retrieval results for the hard setting from
the Celeb-ReID-L dataset. Target image highlighted in green.

Method Venue LTCC [51] PRCC [72]
Top1 mAP Top1 mAP

TransReID [20] CVPR’21 46.6 44.8 34.4 17.1
CAL [16] CVPR’22 55.2 55.8 40.1 18.0
AIM [73] CVPR’23 57.9 58.3 40.6 19.1
LDF [6] ACM’23 58.4 58.6 32.9 15.4
3DInv [41] ICCV’23 40.9 18.9 56.5 57.2
CCFA [18] CVPR’23 45.3 22.1 61.2 58.4
CLIP3D [43] CVPR’24 42.1 22.9 61.8 58.3
Inst-ReID [21] CVPR’24 66.7 46.7 54.2 52.3
DIFFER [38] CVPR’25 68.5 64.7 58.2 31.6

CA-ReID (Ours) − 63.8 53.7 55.2 43.4

Table 5. Standard CC-ReID benchmark comparisons.

5.4. Qualitative Results
Fig. 5 shows example retrievals on Celeb-ReID-L (Hard).
The first two rows are successful, the correct target image
appears within the Top-5. Retrieved results typically satisfy
the attribute or close variants (e.g., straw hat query retrieves
hats), while identity-similar impostors cluster nearby. This
indicates the composed representation enforces the attribute
constraint strongly and largely preserves identity for com-
mon, well-localized cues. The last row is a failure: the
model returns attribute-consistent distractors but misranks
the true identity, likely due to the small/occluded region
and class imbalance. Overall we observe an attribute-first
bias, clear and frequent attributes help, whereas rare or fine-
grained attributes lead to confusion.

5.5. Evaluation in CC-ReID Setting
Table 5 compares our method against leading CC-ReID
methods on LTCC and PRCC. Although our model is
designed for compositional retrieval rather than purely
clothes-agnostic ReID, it remains competitive with special-
ized CC-ReID methods: on LTCC it surpasses many prior
baselines [18, 41, 43] and is close to the best reported meth-
ods [21, 38], and on PRCC it approaches the performance of
recent clothes-invariant methods [41] while outperforming
[21]. This performance gap is expected, as our model is de-
signed for attribute-conditioned retrieval, which we believe
introduces an inductive bias toward attribute compliance.

6. Conclusion
This work presents Composite-Attributes Person Re-ID
(CA-ReID), a setting that matches a reference identity to
compositional text queries. We construct a dataset with
varying ambiguity (Easy/Medium/Hard) and fine-grained
attributes for real-world applications. We propose pose-
guided Part-Aware Representations (PAR) and Dense
Disentangling Loss (DDL) to align text with body re-
gions and disentangle identity from part-level attributes.
Experiments show consistent gains on CA-ReID and com-
petitive performance on standard CC-ReID benchmarks.
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