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Abstract

Recent advancement 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@ [ 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-RelD), 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-RelD benchmark (up to
+17% Recall@ 1) and performs on par with prior methods
on existing CC-RelD 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, 717, 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 Inst-
ReID [21] underperforms with short attribute queries. (b) Topl
accuracy drops on the Celeb-ReID-L [24] dataset with single at-
tribtue 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-
RelD [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-RelD-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-RelID 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, upper, lower, 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 Lip and two Dense
Disentanglement Losses: (1) Lppr, aligns the composed PAR with target-image features under both identity and attribute conditions, and
(2) LppL, 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 introduced 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., necklace, shopping bag, holding phone).
Based on this, we propose a new task, Composite-Attributes
Person Re-identification (CA-RelD, see Fig. 1(a)), which
groups attributes into three ambiguity levels: (1) hard, de-
fined as a single attribute that represents a user search with
a simple keyword and high ambiguity; (2) medium, con-
sisting of 2-3 attributes that form a composition of key-
words with medium ambiguity; and (3) easy, comprising
4+ attributes representing low ambiguity. This dataset en-
ables the development of our novel Dense Disentangling
Loss (DDL) that encourages the model to assign specific
embedding dimensions to distinct attributes while suppress-
ing activations in irrelevant dimensions. As a result, each
attribute-specific embedding contributes exclusively to its
corresponding feature. For example, a query like “jacket”
activates only the top clothing embedding, reducing con-
fusion from unrelated attributes such as bottom clothing,

footwear, or accessories.

We further propose Part-Aware Representations (PAR)
by using a human pose estimation model to further re-
duce the ambiguity from a short query. Our method con-
structs spatial patches corresponding to individual human
body parts and associates each part with a specific embed-
ding. This alignment provides strong spatial priors, en-
abling 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@ I by up to +15% over
the previous best method [21] on our benchmark, while
maintaining comparable performance on existing CC-RelD
datasets. To summarize, our contributions are:

e We introduce Composite-Attribute Person Re-ID (CA-
RelD), 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-RelD
methods [21, 38] experience sharp performance drops (Re-
call@1 nearly halves) due to keyword ambiguity, short-
phrase vs. full description mismatch, and rare attributes.



e 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
“sunglasses” query links to the head embedding, driving re-
trieval by head features rather than other parts.

e We achieve up to +15% Recall@ ] 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 RelD. Traditional person re-identification (RelD)
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 RelD (CC-
RelD) 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-RelD) 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 RelD benchmark and in-
troduces LI-RelD, 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-RelD formu-
lates CC-RelD 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 RelD.

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 [0, 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 RelD 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-RelD.

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 attention [4,
30, 58, 64], while more recent work use large-scale VLM-
s/LLMs and pretraining for richer compositional reason-
ing [11, 23, 57, 76]. Existing CIR benchmarks target
generic objects and do not enforce maintaining identity,
whereas we instantiate CIR for person RelD, 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 x, € RT*W>3_attribute text ¢, and
a gallery G = {X;}zN:l’ our goal is to retrieve gallery im-
ages that (1) share the same identity as x, and (2) satisfy the
attributes described in ¢. The model ranks G using a simi-
larity score s(xg, Xé, 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-RelD differs from prior settings: CC-RelD performs
image-to-image matching across clothing changes without
text; T2I-RelD uses text-only queries with full descriptions
and no reference image; and LI-RelID [21] combines an im-
age and full-sentence description, optimizing only for iden-
tity. In contrast, CA-RelD jointly enforces identity and
short or composite attribute conditions, enabling 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 (£7) and
text (E7) to build Part-Aware Representations (PAR). Given



an image x and attribute text £, PAR decomposes fea-
tures into slots separating identity from part-level attributes
(head, upper body, lower body, feet, other) for training and
retrieval. For visual PAR (Sec. 3.3), £; 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),
Er encodes input attribute ¢ 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.

3.3. Part-Aware Representations (Image)

We use a vision transformer encoder £; to extract a global
embedding ¢ € R? and patch tokens {p;},, 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 Z, C {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:

1
fl = MLP, (m Z pi> € R4 (1)

1€y

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:
£l = MLPy([c; fL,4]) 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 = {fll{h thead? flf)p’ fbluttom7 ff{eel? foIther} . (2)

which enables fine-grained reasoning over both identity and
localized attribute 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 ¢; using a frozen CLIP text encoder &,
which produces a global text embedding f7 € R?. This
global representation is then projected into part-specific
slots through learned transformations: £/ = W/ f7 where
wl e R?*4 is a learnable projection matrix for each part
k € {head, top, bottom, feet, acc}. To ensure that only rel-
evant parts are activated, we implement a parsing mecha-
nism that analyzes c; to identify mentioned attributes. For
parts corresponding to unmentioned attributes, we suppress
their activations by setting f/ = 0. For instance, the query
“red jacket” would activate only fgp while keeping other
text slots zero. This selective activation prevents spurious
cross-part interference and ensures that textual condition-
ing is applied only where semantically appropriate. Dur-
ing training, we use frozen vision-language models to ex-
tract part-specific attribute descriptions from target images
(e.g., top: “red jacket”), providing supervision for learning
these part-aware projections without requiring manual an-
notations.

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 ¢ppm
(a lightweight MLP applied slot-wise) inspired by [50]. For
each attribtue category k, the fusion module receives the
image and text features and predicts a modulation vector:

f, = N +8) . By = oriem ([ £11) . 3)

where N is L-2 feature normalization. This formulation
allows 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: fiy = £l.
The final representation is

F = {f‘ida f‘headv f‘topa f‘bottomy f‘fr:eta f‘othr:r}7 (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 complimentary objectives, iden-
tity—attribute disentanglement and inter-part orthogonality.

3.6.1. Identity-Attribute Disentanglement

The first component, Lppr,, 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 F, 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
(F41): Images with matching attributes but different iden-
tities. These should align in attribute dimensions while dif-
fering in identity features. (3) Identity-Only Match (F/*):
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:

LppL, = alﬁtri(F7F+7FA+) + Oézﬁm(ﬁ‘, F, F”)

i )
+043,Cm(F,F+,F )7

where Ly;(-) denotes triplet loss with cosine similarity, and
{a1, @2, a3} 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, Lppy,,, enforces disentanglement
between body parts by minimizing their mutual similarity:

~ ~ 2
Loty = Y ||eose,. £, ©)
ki#k;

where k;, k; € {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:

Lip = Etri(fitb fij’ fig)’ @

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

Lot = M Lip + A2LpprLi + A3Lppr2, (3

where {1, A2, A3} 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 x,, conditioning text ¢, and gallery images {x! }, we
first obtain image PARs F} and F] using £;. We encode ¢
with €7 to get text PARs (FT'), and form a composed query

PAR F, = N (FL+ ¢pm(FLFT)) . Retrieval is per-
formed by cosine similarity between f‘q and cached gallery
PARs: R

F,- Fg

—_—. C)]
(LA

s(Xg,Xg, 1) =

For standard CC-RelD (image-only), we omit ¢ and directly
compare Fé and Fg 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-
RelD): pairing reference images with full-sentence descrip-
tions from GPT-4-labeled COCAS+Real2 [35] to retrieve
same-identity images. While promising, LI-RelD 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 textual conditions (e.g., “with black bag”) are sat-
isfied, 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-RelD, 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 (Fig. 4), and evaluate by en-
forcing joint identity and attribute satisfaction, supporting
both single and multi-target scenarios.

4.2. Dataset Construction

We build our CA-ReID benchmark on Celeb-RelD-
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 4. Proposed dataset settings. From structued attribute cat-
egories: , top, bottom, , and (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
cleanly localized to a single body part (e.g., crossed arms
or hands in pockets), while body-related attributes remain
grounded in PAR.

Annotation Pipeline. VLMs are increasingly used in
recent Re-ID works [7, 21, 38, 62] for scalable image anno-
tation. We InternVL3-38B [82] and Qwen2.5-VL-34B [1],
with structured prompts (see Supplementary). Both mod-
els independently annotate all images; agreement (~90% of
samples) were automatically accepted, while disagreements
(~10%) were manually audited. 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 are fully
annotated by human annotators.

Multi-Granularity Query Generation. We synthesize
three levels of query granularity (Fig. 4) from our structured
attribtues : (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 c¢; 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-Light (more
details in Supplementary).

Vocabulary and Evaluation Protocol. Unlike
COCAS+Real2’s fixed list captions, our free form VLM
annotations yield open vocabulary from generic (“black
top”) to fine grained (“checked white blazer”) phrases.
Light post processing preserves diversity (Table 1). For
evaluation, we precompute gallery embeddings, and com-
pute a distance matric with composed query embeddings.
Retrieval succeeds if any valid target appears at rank k,
explicitly measuring joint identity condition satisfaction.
Celeb-RelD-Light’s diversity naturally produces single or
multi target queries, while COCAS+Real2’s constrained
space yields repeated phrases.

Extension to Existing Benchmark. We reformulate
COCAS+Real2 [35] using Qwen3-8B-Instruct [71] to ex-
tract structured attributes from its GPT-4 captions [21].
Applying our Easy/Medium/Hard generation reveals that
LI-ReID methods degrade under CA-RelD’s composi-
tional queries. Together, Celeb-RelD-Light and reformu-
lated COCAS+Real2 provide complementary testbeds for
identity-consistent, attribute-aware retrieval under different
attribute distributions.

5. Experiments

5.1. Experimental Setup

We evaluate in two settings: (1) CA-RelD where queries are
image and attribute text; matches must satisfy identity and
the attribute, and (2) standard CC-RelD where query image
only (identity-only retrieval).

Datasets. For CA-RelD, we build composed-attribute
splits (see Sec. 4) on Celeb-ReID-Light [24] (10,842 im-
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 | summarizes the resulting query and at-



Attribute | Celeb-RelD-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 0/0 0/0
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-RelD attribute statistics. Each cell shows unique
/ total attribute instances in train and test splits. Celeb-RelD-L
uses free-form VLM text (many unique attributes), whereas CO-
CAS+Real?2 relies on a fixed list (fewer unique but many repeated).

tribute statistics. For completeness, we also evaluated the
standard CC-RelD setting on LTCC [51] (17,119 images,
152 identities), PRCC [61] (33,698 images, 221 identities).

Implementation Details. Following [38], we use
EVAO02-CLIP-L/14 as the visual encoder backbone and its
paired text encoder. All input images are resized to 224 x
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 RelD perfor-
mance [66] All attribute descriptions are generated with In-
ternVL3 and Qwen2.5-VL (details in the Suppl.). The batch
size is set to 32 for all experiments. The EVA02-CLIP back-
bone base learning rate set to 1 x 10~% and weight decay
of 5 x 1074, and all MLP heads learning rate of 3 x 10*
and weight decay of 5 x 10~%. We use SGD with a cosine-
annealing scheduler. We apply a warm-up phase with an
initial learning rate of 1 x 10~7 and train for 70 epochs on
1 NVIDIA A100 GPUs. We set the loss weights to App,
AppLi, and Apppo to 1.0, 1.0, and 0.02, and the margin hy-
perparameters o, e, g to 1.0, 1.0, and 1.5.

Evaluation Metrics. For CA-RelD, each query g is
paired with a set of valid targets 7 (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-RelID 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-RelD Setting

Table 2 summarizes CA-RelD performance across Easy /
Medium / Hard query settings. We compare against DIF-
FER [38], a strong image-only CC-RelD baseline, and the
multi-modal model from Instruct-ReID [21]. Since DIF-
FER ignores the conditioning text, it cannot effectively con-
trol composite attributes in the CA-RelD setting. There-
fore, its performance is poor for both dataset. Our method
consistently outperforms Instruct-RelD across all difficulty
levels and datasets. Instruct-ReID can performs reason-

Method Celeb-ReID-L COCAS+ Real2

R@1 R@5 mAP|R@1 R@5 mAP

Query

DIFFER [38]* | |23.6 252 125|316 392 149

81.8 95.6 20.8|827 935 364
740 81.8 19.0 |51.8 782 179
41.6 71.0 147|440 679 199

Inst-RelD [21]

831 97.8 245|839 947 383
789 86.2 233|551 824 21.2
58.6 794 204|504 742 213

CA-RelD (Ours)

TZom|Z oo

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

ably well for Easy / Medium queries with clearer descrip-
tions, but degrades on Hard queries with more ambigu-
ous composite attributes. Notably, on Hard queries, we
observe gains of roughly +17% R@1 and +5.7% mAP
on the Celeb-RelD/Celeb-RelD-Light dataset, and +6.4%
R@1 and +1.4% mAP on COCAS+Real2. These results
indicate that Pose-Guided Part-Aware Representations and
Dense Disentanglement loss lead to more reliable ground-
ing of short, compositional attribute edits.

Category | R@1 R@5 mAP

head 594 793 18.4
top 624 852 235
bottom 60.3 832 219
feet 583 802 210

accessories | 55.4 76.1 19.5
belongings | 582  77.8 19.9
context 56.2 74.1 18.4

Table 3. Results by attribute category on Celeb-RelD-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-RelD-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-
wear attributes are are more fine-grained and distinctive.

5.3. Ablation Study

Table 4 shows the contribution of each loss term on both
composed-attribute retrieval (Celeb-RelD-L, R@1/mAP)
and standard clothes-changing Re-ID (LTCC, Top-1/mAP).
The identity-only baseline (Lip) serves as a no-PAR set-
ting, relying on global features. Adding Lppr,, applied on
PAR representations, provides consistent improvements, in-



Losses | Celeb-ReID-L | LTCC
Lo Lop, Loou, | R@1  mAP | Topl —mAP
v 547 172 | 602 523
v v 550 185 | 627 526
v v v 561 207 | 63.8 537

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

dicating that separating part features stabilizes the represen-
tation. The identity—attribute disentanglement loss Lppr,
further improves performance across all metrics, yielding
the best results. Overall, Lppr, and Lppr, 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.

Rank-1 Rank-2 Rank-3 Rank-4 Rank-5

wearing a
straw hat

D @ IDg D D IDAg
Cond. € Cond. Cond. & Cond. Cond.

‘74‘ - -

hY PO DO
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Figure 5. Sample top-5 retrieval results for the hard setting from
the Celeb-RelID-L dataset. Target image highlighted in green.

5.4. Qualitative Results

Fig. 5 shows example retrievals on Celeb-ReID-L (Hard).
The first two rows are successesful, 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-

Method Venue LTCC[51] | PRCC[72]

Topl mAP | Topl mAP

TransRelD [20] CVPR’21 | 46.6 448 | 344 17.1

CAL [16] CVPR’22 | 552 55.8 | 40.1 18.0
AIM [73] CVPR’23 | 579 583 | 40.6 19.1
LDF [6] ACM’23 584 58,6 | 329 154
3DInv [41] ICCVv’23 | 409 189 | 565 572
CCFA [18] CVPR’23 | 453 221 | 612 584

CVPR’24 | 421 229 | 61.8 583
CVPR’24 | 66.7 467 | 542 523
CVPR’25 | 685 64.7 | 582 31.6

CLIP3D [43]
Inst-ReID [21]
DIFFER [38]

CA-ReID (Ours) — | 638 537 | 552 434

Table 5. Standard CC-RelD benchmark comparisons.

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-RelD Setting

Table 5 compares our method against leading CC-RelD
methods on LTCC and PRCC. Although our model is
designed for compositional retrieval rather than purely
clothes-agnostic RelD, it remains competitive with special-
ized CC-RelID 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 nears recent clothes-invariant
methods [41] while outperforming [21]. This performance
gap is expected, as our model is designed for attribute-
conditioned retrieval, which introduces an inductive bias to-
ward attribute compliance.

6. Conclusion

This work presents Composite-Attributes Person Re-ID
(CA-RelD),a new setting which matches a reference iden-
tity with compositional query text. We construct a dataset
with varying ambiguity (Easy/Medium/Hard) and fine-
grained attribute for real-world applications. We propose
pose-guided Part-Aware Representations (PAR) and Dense
Disentangling Losses (DDL) to align text with body regions
and disentangle identity from part-level attributes. Experi-
ments show consistent gains across the CA-RelD setting,
and competitive performance on standard Cloth-Changing
Re-ID benchmarks.
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7. Dataset and Annotation Details

7.1. Overview

Datasets. Our CA-RelD dataset is sourced from two com-
plementary corproa: Celeb-RelD-Light (Celeb-RelD-L), a
curated subset of Celeb-RelD and COCAS+ Real? (Real2),
the dataset used by Instruct-ReID for LI-RelD. Celeb-
RelD-Light is selected because each identity exhibits rich
intra-identity variation in apparel and appearance across
public sightings of celebrities. Typical clothes-changing
RelD datasets focus on view changes (e.g., different camera
angles) with limited wardrobe diversity. However, Celeb-
ReID-L focuses on celebrities whose outfits, hairstyles, and
accessories vary substantially over time. While Celeb-
ReID-L lacks true cross-camera variation, its strong diver-
sity in clothing and appearance makes it well-suited for test-
ing attribute-centric retrieval: from short, generic prompts
(e.g., “white t-shirt, blue jeans”) to specialized, fine-grained
descriptions (e.g., rare accessories or layered outfits).

To cover the complementary axis, we also include Real2,
a clothing-template-based ReID benchmark used in LI-
RelD. Real2 provides varied camera viewpoints and non-
celebrity images, but its text side largely comes from
template-generated full captions, which restrict the long-tail
of clothing terms (i.e., fewer open-vocabulary garment at-
tributes). Pairing both datasets allows us to evaluate both
generic and specialized prompts under different sources of
variability.

Annotation modality. For Celeb-RelD-L (images with-
out attributes), we obtain open-vocabulary attributes di-
rectly from images via a large vision-language models
(LVLMs). For Real2, we parse the provided full descrip-
tion captions into the same structured slots via a text-only
large language models (LLMs). Both paths produce a uni-
fied JSON covering select attribute groups. This alignment
permits consistent query generation across datasets and dif-
ficulty levels (Easy/Medium/Hard).

Intended use & licensing. All data are used for research
purposes only. Due to image licensing for Real2, we do
not reproduce sample images from Real2 in the paper or
supplemenrtary material; we report results and show text-
side artifacts only.

7.2. Open-Vocabulary Attribute Schema

We annotate seven attribute categories:

* Head: hairstyle and color, headwear (e.g., hats, caps),
and face wear (e.g., glasses, sunglasses)
 Top: upper boidy clothing

7.3. Attribute Extraction

VLM/LLM-as-a-Judge. @ We extract open-vocabulary
person attributes using two large, open-source VLMs;
InternVL3-38B ' and Qwen?2.5-VL-32B-Instruct >, with the
same instruction and output schema across models to en-
able consistent aggregation. For Celeb-RelD-Light (images
without attributes), we run both VLMs on each image using
an identical prompt and return a single JSON object with
seven fields. The prompt is shown in Fig. 7.

For Real2 (captioned images from LI-RelID), we do not
use a VLM, instead, we keep the original full captions and
split them into the same seven slots with a text-only LLM
prompt (Fig. 8). This preserves the dataset’s captions while
aligning formats for our query difficulty sets (Easy/Medi-
um/Hard).

Post-processing & normalization. Because LLM/M-
LLM outputs can hallucinate or vary in phrasing, we apply
a two-stage normalization:

1. Text cleanup & lexical rules. We remove fillers
and punctuation; normalize colors (e.g., “dark
blue”—‘“navy” when unambiguous); fold synonyms
(“tee”—"“t-shirt”, “slacks”—“trousers”); enforce the
slot typing (arrays vs. strings) and empty values as
[1 or "". Head/face accessories (caps, hats, glasses,
masks, headbands, headphones, earrings) are only kept
in head hairstyle_color and removed from
accessories.

2. Cross-model merge (Celeb-RelD-Light). For each slot,
we compare InternVL3 vs. Qwen2.5-VL outputs using
(i) word-level overlap after regex normalization and (ii)
sentence-embedding cosine similarity. If the candidates
are semantically close, we keep InternVL3’s phrase (pi-
lot tests and audits found it more accurate and descrip-
tive); otherwise we flag the item for human review.

3. For caption-parsed attributes, we verify that each ex-
tracted token/phrase appears in the original caption af-
ter punctuation/stop-word removal. Items failing con-
tainment are dropped (no guessing). In addition,
we load the Instruct-RelD attribute bank and vali-
date slot placement (e.g., “hat” must not appear under
bottom_clothing_and_color; “coat” cannot be in
footwear_and_color).

Human audit and fallback policy. We audit roughly
10% of samples at random. Disagreements between VLMs
or low-similarity merges are sent to the audit pool. In prac-
tice, auditors found that defaulting to InternVL3 on close

Uhttps://huggingface.co/OpenGVLab/InternVL3-38B
Zhttps://huggingface.co/Qwen/Qwen2.5-VL-32B-Instruct



matches was the correct choice in most cases, so we retain
this rule for the remaining data. When an image is missing
an entire attribute JSON (about 200 images in Celeb-RelD-
L, none in Real2), we annotate it manually to ensure every
image has at least minimal attribute coverage.

7.4. Query Generation

We generate text condition queries from per-image at-
tributes. For each image as a query in text set, we
find all images from same id and treat them as tar-
getsm by using the target iamge attribtues to form the
condition text. @ We apply a uniform pipeline to all
rendered texts. First, we normalize each candidate
string into a canonicalsignature by lowercasing, drop-
ping all punctuation except hyphens, removing stop-
words {a, an, the, and, with, of, in, on,
person, wearing}, then whitespace-splitting, lexico-
graphically sorting the tokens. All outputs are formatted as
lowercase, comma-separated phrases ending with a period;
we keep compact noun phrases (e.g., “white t-shirt”, “blue
jeans”), preserve hyphenated orientation tokens, and omit
brand names or identity cues.

Easy/Medium composition. We first collect candi-
date phrases per category bucket: head, top, bottom,
feet, and an other bucket formed by concatenating
accessories,belongings, context.

For easy queries, we want to provide a full description so
we pick one attribute from each bucket, and randomly shuf-
fle their order to form a comma seperated sentence, which
starts with “wearing” or “with” keywords. Some examples
are shown below:

» “with dark wavy hair with fringe, wearing white crop top,
black boots, blue jeans, and hairband.”

» “with dark ponytail hair, wearing red crop top, multicol-
ored shorts, black heels, and hands on hips.”

» “with blonde long hair, wearing blue jeans, black shoes,
white shirt, and black handbag.”

For medium queries, we uniformly sample two distinct
buckets, so queries contain two attribtues from different
buckets seperatede by keyword and’. Some examples are
shown below.

» “wearing white crop top, and blue jeans.”

* “wearing white pants with black stripes, and dark
medium-length hair.”

* “with white cap, and red bag.”

Hard composition. For Hard we produce one short sen-
tence per attribute category. We provide examples per cat-
egory below. More examples are shown in Fig. 6.

%

* Head: “with sunglasses”, “with grey hat”, “with blonde
hair tied back”
» Top: “wearing white and grey striped crop top”, “wearing

floral off-shoulder dress”, “wearing black blazer”
* Bottom: ‘“wearing white and grey striped pants with

with black
headphones

¥
Tt
JJ white choker

sweater necklace

) wenringl wearing

wearing teal
Jacket

wearing
sweatpants
with white

stripes

wearing
blue

denim

shorts

hands in
pockets

Figure 6. Single-attribute query examples (hard setting) from our
dataset, per attribute categories: top, bottom, , and (ac-
cessories, belongings, context).

patches”, “wearing ripped blue jeans”, “wearing floral
skirt”

* Feet: “wearing black ankle boots”, “wearing high heeled
sandals”, “wearing white sneakers with orange accents”

e Accessories: “with watch”, “with blue scarf”, “with
necklace”

* Belongings: “carrying coffee cup”, “carrying black hand-
bag”, “carrying white tote bag”

¢ Context: “holding hands with someone”, “hands in pock-

ets”, “waving hands”



You are an expert at identifying human visual attributes from images.
You are shown an image of a single person.

Follow this numbered checklist. Only describe what is clearly visible.
If a detail is not visible/unclear, leave it empty. Do not guess.

1) head_hairstyle_color
- Hairstyle details (e.g., buzzcut, shoulder-length, ponytail, bald).
- Hair color (e.g., black, brown, blonde, dyed pink).
- Include head/face accessories and coverings here: caps/hats/beanies, headbands,
glasses/sunglasses, face masks, earrings, headphones, etc.

If multiple items apply, provide a list of short attribute phrases (e.g.,["short brown hair",
"black cap", "glasses"]).

2) top_clothing and color
- Upper-body garments with visible colors/patterns (e.g., "white t-shirt",6"grey coat", "striped
shirt"). List layered items separately in order from inner to outer.

3) bottom clothing and color
- Lower-body garments with visible colors/patterns (e.g., "blue jeans", "black trousers", "khaki
shorts", '"checked skirt").

4) footwear_ and color
- Shoes/boots/sneakers with visible color/pattern (e.g., "black sneakers").
- If barefoot/unknown, leave empty.

5) accessories
- Worn items that are not clothing and not already included in (1): watch, bracelet, necklace,
scarf, belt, gloves, etc.

6) belongings
- Items carried or worn as gear: backpack, handbag, tote, shopping bag, umbrella, phone, camera,
suitcase, pet leash, etc.

7) contextual details
- Visible cues/actions/details not captured above, and any contextual information about the
individual: "hand in pocket", "arms crossed","hood up", "rolled sleeves", "waving hand", etc.

Rules:

- Use concise, literal phrases; no attributes not visible in the image.

- Prefer common color words; include patterns when clearly visible (striped, checked).

- Do not repeat head/face accessories in (5) or (6); they belong in (1).

- Return ONLY the JSON object below. No extra text, no comments.

- If there are no attributes for a given category, return an empty list for that category.

Output format (return only this JSON object):

{
"head_hairstyle color": [],
"top_clothing_and color": [],
"bottom_clothing and color": [],

"footwear_ and color": [],
"accessories": [],
"belongings": [],
"contextual details": []

Figure 7. VLM prompt for attribute extraction from images only.



You are an expert at extracting structured clothing and appearance attributes from descriptive
captions of people.

Follow this numbered checklist. Use only information explicitly stated in the caption.

If a detail is missing or unclear, leave it empty. Do not guess.

1) head hairstyle color
- HaIrstyle (b;zzcut, shoulder-length, ponytail, bald).
- Hair color (black, brown, blonde, dyed pink).
- Include head/face accessories and coverings here: caps/hats/beanies, headbands,
glasses/sunglasses, face masks, earrings, headphones, etc.

2) top_clothing and color
- Upper-body garments with colors/patterns mentioned (e.g., "white t-shirt", 'grey coat",
"striped shirt"). List layers separately, inner - outer.

3) bottom clothing and color
- Lower-body garments with colors/patterns (e.g., "blue jeans", "black trousers",
"checked skirt").

4) footwear_and color
- Shoes/boots/sneakers with color/pattern (e.g., "black sneakers"). Leave empty if not stated.

5) accessories
- Worn items not in (1): watch, bracelet, necklace, scarf, belt, gloves.

6) belongings
- Items carried or worn as gear: backpack, handbag, tote, shopping bag, umbrella,
phone, camera, suitcase, pet leash, etc.

7) contextual details
- Short cues explicitly in the caption but not captured above.

Rules:

- Use concise, literal phrases only from the caption; no inference.
- Use same wording as captions. Do not reword.

- Do not duplicate head/face accessories in (5); they belong in (1).
- Return ONLY the JSON object below. No extra text, no comments.

Output format (return only this JSON object):
{
"head_hairstyle color": [],

"top_clothing and_color": [],

"bottom_clothing and color": [],
"footwear and color": [],
"accessories": [],

"belongings": [],

"contextual details": []

Figure 8. LLM prompt for attribute extraction from text captions only.
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