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Abstract

The object re-identification (RelD) task aims to recognize
the same individual object across diverse viewpoints and
sensing conditions. Although person and vehicle RelD have
achieved remarkable success, most existing methods are
built on the assumption that training and testing data come
from the same object category. This constraint requires
separate models for each category, which limits scalabil-
ity and generalization. To address this limitation, we in-
troduce Object-Generalized Re-Identification (OG-RelD), a
new paradigm that learns unified identity representations
transferable across different object categories. Unlike con-
ventional domain generalization that focuses on appear-
ance variations within a single category, OG-RelD deals
with category shifts caused by intrinsic structural differ-
ences in identity cues. To achieve this goal, we introduce the
Meta-Generalized Object Re-Identification (MGOR) frame-
work, which treats meta-learning as semantic distributional
regularization, exposing the model to controlled category
shifts so that invariance emerges as an equilibrium between
semantic diversity and identity discrimination. Extensive
evaluations on more than 100 unseen object categories from
multiple domains show that MGOR outperforms existing
RelD approaches without any target-domain adaptation,
advancing toward universal identity perception beyond do-
main and category boundaries.

1. Introduction

The object re-identification (RelD) task aims to recognize
the same individual object across diverse viewpoints and
sensing devices [50, 51]. Over the past decade, signifi-
cant progress has been made in person and vehicle RelD,
where deep learning [15, 52] frameworks and metric learn-
ing methods have achieved high instance-level accuracy
within specific semantic domains [13, 54]. However, most
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Figure 1. Comparison between DG-RelID and OG-RelD. (a) DG-
RelD assumes a single category and addresses domain-level varia-
tions. (b) OG-RelD learns category-agnostic representations from
mixed-category data, enabling generalization across object types.

ReID methods are built upon a category-consistent assump-
tion that training and testing data originate from the same
object category [7, 22, 31]. This paradigm requires train-
ing and maintaining separate models for each object type,
which is annotation-intensive, computationally costly, and
difficult to scale. In real-world applications such as smart
cities, intelligent transportation, and ecological monitor-
ing, visual perception must simultaneously handle a wide
spectrum of categories, including persons, vehicles, vessels,
buildings, animals, and various objects. To bridge this gap,
future ReID systems should learn to generalize across het-
erogeneous objects with a unified model, an essential step
toward universal visual intelligence.

In this paper, we introduce a new paradigm termed
Object-Generalized Re-Identification (OG-RelD), which
studies instance-level matching in the absence of category
isolation or category-specific priors. Unlike conventional
RelD, which operates within a single semantic category,
OG-RelD learns category-agnostic identity representations
from mixed-category data and generalizes across hetero-
geneous object types. The core challenge underlying this
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problem is the presence of category shifts, which funda-
mentally differ from domain shifts [41] such as variations
in viewpoint or illumination. Category shifts arise from in-
trinsic differences in visual structures and identity-defining
cues across objects: persons are recognized by body parts
[25], vehicles by geometric contours [38], and animals
by texture patterns [32]. Such heterogeneity disrupts the
shared feature assumptions underlying conventional RelD
models, making it difficult to preserve identity consistency
across categories.

Domain generalization has long been explored in per-
son RelD to enhance robustness against unseen domains
when target-domain data are unavailable [29, 34, 39]. These
approaches share an objective of learning domain-invariant
representations [56]. To this end, a variety of strategies have
been explored, such as style normalization [26, 35] and data
augmentation [21] to mitigate domain-specific appearance
bias; feature alignment and regularization [5] to promote
inter-domain consistency; and disentanglement-based mod-
eling [3] to separate domain-dependent and identity-related
factors. Despite their effectiveness against domain varia-
tions, these approaches generalize poorly across category
shifts, where the defining cues of identity differ fundamen-
tally among object types, undermining the consistency of
learned representations.

Several studies have explored meta-learning frameworks
[9, 33, 59] that simulate episodic domain shifts to im-
prove generalization. However, these methods inherently
assume that repeated adaptation to synthetic domain splits
suffices for generalization, thus confining meta-learning to
appearance-level variations. We argue that, when reinter-
preted beyond task adaptation, meta-learning can serve as
a principled framework for semantic-invariant representa-
tion learning, enabling models to preserve identity consis-
tency under evolving semantic distributions. In this pa-
per, we propose Meta-Generalized Object Re-Identification
(MGOR), a meta-learning framework that generalizes iden-
tity representations across object categories. To achieve
semantic-level generalization, MGOR constructs dynamic
meta-episodes that expose the model to continuously shift-
ing category distributions, enabling it to internalize seman-
tic variability as part of the learning process rather than
noise to be suppressed.

Specifically, we design an Episodic Distribution Pertur-
bation Sampling (EDPS) strategy that builds multi-category
balanced mini-batches and introduces semantic perturba-
tion by randomly dividing them into meta-train and meta-
test subsets, effectively turning each episode into a con-
trolled distributional shift. Building on this, we propose
Meta-Object Invariance Learning (MOIL), which treats
each iteration as a distribution consistency test. The model
learns discriminative identity cues in the meta train phase
and is validated on perturbed meta test subsets with al-

tered category composition, promoting semantically invari-
ant identity learning. To preserve a stable decision struc-
ture under EDPS perturbations, we further introduce con-
ditional pairwise alignment regularization, which enforces
conditional stability for comparable semantic units. On the
other hand, a fundamental tension in object-level general-
ization lies in reconciling semantic discrimination within
categories and invariance across categories. We address
this tension through a Hierarchical Semantic Equilibrium
(HSE) mechanism that implicitly aligns domain-sensitive
and domain-invariant objectives via dual-level supervision.
By leveraging category-aware cues within episodic train-
ing while consolidating invariant identity structure across
episodes, MGOR internalizes semantic relations, yield-
ing representations that are both semantically agnostic and
identity discriminative across heterogeneous objects. In
summary, our main contributions are as follows:

* We introduce a new paradigm, Object-Generalized Re-
Identification, bridging the gap between category-specific
ReID and universal visual understanding, developing
MGOR as a unified framework for this setting.

* We propose Meta Object Invariance Learning (MOIL),
which treats semantic perturbations as distributional
shifts, promoting identity consistency under varying cat-
egory distributions with conditional pairwise alignment
regularization.

* We design Hierarchical Semantic Equilibrium, which im-
plicitly aligns domain-sensitive and invariant objectives
through dual-level supervision, promoting stable and se-
mantically disentangled identity representations.

» Extensive experiments over 100 heterogeneous categories
show that MGOR achieves state-of-the-art cross-category
generalization and strong scalability to unseen objects.

2. Related Work

Object RelID aims to match the same object instance across
different camera views despite appearance changes. Cur-
rent approaches to improving RelD fall into two categories:
designing advanced architectures (hybrid CNN and Trans-
former, hierarchical, or graph-based) [13, 38, 53] and en-
hancing feature representations by extracting stable, expres-
sive object cues (multi-spatial, rotation-invariant, and part-
level) [6, 24, 63]. Some methods use frequency-domain
cues [20, 54], such as Haar wavelet or Fourier transforms,
to enhance high-frequency texture details. Furthermore,
multi-modal approaches have emerged, utilizing text infor-
mation from Vision-Language Models to aid RelD by gen-
erating label text [23], constructing textual image represen-
tations [49], or employing object-level descriptive prompts
[17]. These methods are largely developed for single-
category RelD, they often exploit category-dependent ap-
pearance priors and dataset-specific biases, which weakens
their ability to generalize across heterogeneous object types
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and hampers scalable universal deployment.

Domain Generalized RelD focuses on training a model
on one or more labeled source domains that can directly
generalize to an unseen target domain without further adap-
tation. To enhance generalization, some methods incorpo-
rate meta-learning into training [33, 59], often simulating
train-test splits and using high-order derivatives for model
updates. Furthermore, Instance Normalization alleviates
domain-specific information, but often compromises object
discriminative details. Solutions combine Instance Normal-
ization and Batch Normalization [9, 16, 35] to achieve do-
main generalization while preserving identity cues. An-
other prominent approach introduces the Mixture of Experts
(MoE) mechanism to learn domain-discriminative features
using multiple experts [10]. To mitigate parameter increase,
specialized methods propose retaining expert-specific Batch
Normalization while sharing other parameters [47] or de-
signing parameter-efficient fine-tuning for MoE [45]. Re-
cent studies leverage multi-modal models such as CLIP [37]
to enhance domain-invariant feature learning, including
domain-invariant prompts [58] and DFS sampling for im-
proved fine-grained representations [57]. Collectively, these
methods address domain shifts within fixed categories, leav-
ing DG-RelD vulnerable to category shifts. Specifically,
DG-RelD assumes a single category, while OG-RelD learns
from mixed-category data and generalizes across heteroge-
neous categories.

Generalizable Object RelD defines the advanced goal
of creating a single model capable of cross-category in-
stance recognition, moving beyond the fixed-category fo-
cus of traditional RelID. This task is practically important
because maintaining separate category-specific models is
often unrealistic in open-world applications with diverse
or unknown object types, and theoretically valuable be-
cause it studies category-agnostic identity representation
under semantically heterogeneous conditions. The devel-
opment of this field is underpinned by benchmarks like
CUTE [19], which features 50 object categories and 180
identities with variations in lighting, pose, and background.
However, the scene-constrained nature of this dataset may
limit its ability to fully simulate complex real-world en-
vironments. Recent work [62] leverages Large Language
Models [1, 2, 42], using in-context visual examples to con-
struct category-specific prompts that guide object feature
extraction and demonstrate better generalization to unseen
domains. However, this formulation still assumes category-
isolated retrieval, where category-specific visual cues are
available to guide representation learning. As a result, it
relies on category-conditioned modeling and does not di-
rectly apply to scenarios involving mixed or unseen cate-
gories without category priors. In contrast, our proposed
OG-RelD focuses on category-agnostic instance matching
under semantically heterogeneous settings, posing a funda-

mentally more challenging problem.

3. Method

3.1. Overview

The objective of Object-Generalized RelD is to learn
instance-discriminative representations that generalize to
unseen object categories with diverse semantics and appear-
ances. However, training on heterogeneous object types
inevitably induces semantic shifts, as each category ex-
hibits distinct structural patterns and identity-defining cues.
Such intrinsic heterogeneity disrupts feature consistency
and limits the transferability of existing domain generaliza-
tion RelD methods, which primarily address appearance-
level variations while assuming shared semantic structures
across domains. To overcome these limitations, we propose
the Meta-Generalized Object Re-Identification (MGOR)
framework, which reinterprets meta-learning as a process of
semantic distributional regularization. Instead of suppress-
ing inter-category variation, it internalizes semantic pertur-
bations into the learning process, allowing the model to ac-
quire invariance through exposure to dynamically shifting
category distributions.

Concretely, MGOR constructs episodic training scenar-
ios through (1) Episodic Distribution Perturbation Sam-
pling (EDPS), where multi-category balanced mini-batches
are perturbed across meta-train and meta-test splits. This
controlled semantic disturbance exposes the model to evolv-
ing category distributions and regularizes it to maintain
identity stability under distributional shifts. Building on this
foundation, (2) Meta-Object Invariance Learning (MOIL)
models each episode as a semantic consistency process,
driving the network to internalize identity invariance across
object categories rather than relying on explicit alignment
or adversarial objectives. Furthermore, (3) Hierarchical
Semantic Equilibrium (HSE) introduces dual-level super-
vision that implicitly aligns domain-sensitive and invariant
objectives, forming a semantic equilibrium that stabilizes
the learned representation space. The overall framework is
shown in Fig. 2.

3.2. Episodic Distribution Perturbation Sampling

Object-Generalized RelD requires learning identity repre-
sentations that remain instance-discriminative while being
insensitive to shifts in the category mixture (e.g., persons,
vehicles, animals). Conventional Px K sampling guar-
anties identity diversity within a mini-batch but leaves the
semantic composition largely unconstrained, so the train-
ing process rarely encounters the distributional changes
to which it must generalize. In this part, we intro-
duce Episodic Distribution Perturbation Sampling (EDPS).
EDPS remedies this by constructing categories-balanced,
identity-paired mini-batches and imposing an episodic

18483



Person

il 5 " Meta Train —> Meta Test

Vehicle I
= —
Episode 1
AN I I O
4 Episode 2
N I I []
Episqde3

Episodic Distribution
Perturbation Sampling

Episode n

Meta Train
LAY
® ® HSE

Encoder

pateys

Meta Test
Ps) (Ps) (Gy) (Gy

® ® v v
N @O O

> | Encoder >

ID Loss
Global

Ol O

Unified Identity Space

Transformer Layer ]

. Y

( Transformer Layer ]

Global & Specific

within-category pairing
P per ID@?
P, prototype .. Cross-category pairing

\/ " 1 -
L 2 Conditional

Pairwise
Alignment

P >
6 G Gy

Per-ID
P, prototype @

Figure 2. The MGOR framework with three components: EDPS for distribution-perturbed episodes, MOIL for cross-category identity
invariance, and HSE for dual-level supervision that equilibrates domain-sensitive and invariant goals.

meta-train/meta-test partition. Each mini-batch thereby be-
comes a controlled perturbation of the category distribution,
repeatedly testing and regularizing identity stability under
evolving semantics.

Let S be the set of object categories; for each s € S,
let )V, denote the set of identity labels within s. We jointly
train on the union of multiple datasets

U U {@ v s (1)

s€S yels

where x is an image, y its identity, and s its category. An
encoder fy maps x to an identity representation z = fy(x).
Given a target mini-batch size B and per-identity multiplic-
ity K > 2, EDPS samples a subset S, C S, and for each
s € S, selects at least two identities,

Vs € Sp: yb(s):{ygs),...,yp }C Vs, P> 2,
2

then draws K images for each selected identity,
X(y) = {=, ... 2aW¥}. 3)

Within each categories, identities are paired (y;,y;) and
packed to form the mini-batch

SESy (yi’yj)epairs(yb(s)) @
| X (i) U X (y;)] = 2K,

until |B| < B. This preserves a Px K-style structure while
explicitly balancing semantics at the batch level.

EDPS produces an episode by uniformly partitioning 3
into two equal, disjoint halves ,

Btrain, Btest cC B, Btrain N Btest —

) 5
‘Btram‘ _ ‘Btest‘ _ %’B‘ ( )

3.3. Meta-Object Invariance Learning

Building on EDPS, which provides for each episode ¢ a
meta-train set B{"™ and a meta-test set B{°" with perturbed
category mixtures, MOIL reinterprets each training itera-
tion as a distributional consistency test. The encoder fy
must (i) learn fine-grained identity discrimination on the
meta-train set and (ii) retain this discrimination under a
perturbed semantic composition on the meta-test set. De-
parting from adaptation-oriented meta-learning [12], MOIL
formulates a distributional-invariance objective: a single
6 is optimized to preserve identity discriminability across
shifts in the semantic mixture.

Let (z, s, 5;) €D (Eq. 1) and z; = fo(x;) €RZ To en-
sure discrimination on B{*#1® we optimize identity classifi-
cation £{5*™ and a commonly used metric criterion L2
(e.g., triplet/batch-hard). Keeping 6 fixed, we evaluate the
global identity discrimination capability of B{*** by com-
puting £I5%* to test its robustness to the introduced seman-
tic perturbations. This denies readaptation to the new mix-
ture, making semantic-level invariance an explicit stability
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requirement for the same parameters 6.

Conditional Pairwise Alignment. Although the iden-
tity losses applied in the meta-train and meta-test phases
encourage discrimination, each operates within its own dis-
tribution. To establish cross-perturbation discriminative sta-
bility, we propose Conditional Pairwise Alignment: under
EDPS-induced mixture shifts, it first constructs cross-split
semantic pairings between comparable units across B{rin
and B{* identity prototypes by default, or nearest-neighbor
mini-clusters, and then applies lightweight stability only
within those matched units. This preserves the global se-
mantic diversity while reinforcing the local discriminative
geometry that supports identity recognition.

Residual view and paired geometry. Let z = fy(x) and
decompose each representation into an identity prototype
and a residual,

Zi = My, +Ti, Hy = \X%y)| Z folzj),  (©)
z;€X(y)

where r; captures fine-grained, identity-preserving varia-
tion. In each split, we form positive/negative distance sets

D:;ain = {HZZ - Z]” ‘Y = yj}a

_ )
Digain = 2 = 2ill 2 9i # w5}

and analogously D\, D;.., on Bt**. This promotes con-
ditional stability by aligning the shapes of these distribu-
tions via the 1D sliced Wasserstein distance:

»Cpair = S(D‘jrairﬂ Dttzst) + S(Dt:‘ain’ Dt;st) . (8)

3.4. Hierarchical Semantic Equilibrium

A central design in HSE is to factorize the label space into
two complementary levels that mirror the objectives of OG-
RelD. Let S denote the set of categories. For each s€ S, let
Y, be the set of instance identities within s, and define the
global identity space as the disjoint union

Yy = |_|ysa

seS

m:Y—=S, w(y)=sifyeVs. (9)

Every identity y € ) has a unique category tag 7(y) = s,
and a category-local index § € {1,...,|Vs|} inside its own
category. This hierarchical labeling induces two supervi-
sion views over the same representation z = fy(z): (i) a
global view that treats all identities in Y as mutually exclu-
sive classes, abstracting away the category; (ii) a category-
local view that focuses only on Ys when 7(y) = s, sharpen-
ing fine-grained separation within s. HSE leverages these
two views to reconcile cross-category invariance with intra-
category discrimination through dual-level supervision ap-
plied asymmetrically across the EDPS episode.

To operationalize the factorization, we adopt a Vision
Transformer with two class tokens: a global token c© for

category-agnostic identity evidence and a local token c' for
categories-specific detail. Both tokens attend to the same
patches through the shared backbone; after the final layer
they yield readouts z&, 2 € R that feed a global classi-
fier g : R® — APl and categories-conditional classifiers
{g®) : R — AP} 5. Supervision-aligned readouts
encourage the backbone to allocate complementary sub-
spaces to category-invariant and category-sensitive factors
with minimal architectural overhead. In inference, only the
global path 2 is used.

For (z,y,s) with y € ), and categories-local index g,
we adopt the standard global identity loss and its categories-
local counterpart:

Zgl()b(l‘v y) = IOg g(zG)ZH

] (10)
fspeC(l‘a Y, 8) = - lOg g(S) (’ZL)Q

The global term {g10p is the same identity objective used in
MOIL on both episode splits:

Lig™" = By y, )i Loton (7, )]

s 1D
Ligt = E(ay,)~piest [£aon (2, )]

Meanwhile, the categories-local term is only active in meta-
train:

E;;agcn = E(I,y’s)wggmiﬂ [gspec(xa ﬂa S)] ) (12)
The global term pulls 2z toward a category-agnostic iden-
tity topology, while the categories term sharpens local mar-
gins in z". With a shared backbone, their complementary
gradients separate invariant from category-sensitive cues
without heavy architectural branching. The episode-level
loss combines meta-train discrimination, meta-test stability,
and a lightweight alignment penalty:

Lag = L™ + Lot + Liged + L8 + Mpair (13)
HSE complements MOIL’s distributional consistency by
injecting structure from the label space: meta-train exploits
both global and categories-local signals to sculpt the rep-
resentation, while meta-test validates only the global path-
way under semantic perturbations. The episode-level con-
sistency (MOIL) and the label-level factorization (HSE)
yield embeddings that are category-agnostic yet instance-
discriminative, with clean test-time fidelity and reduced
negative transfer across heterogeneous object types.

4. Experiments

4.1. Datasets and Evaluation Metrics

Datasets. Our experiments assess generalization using
datasets that span multiple object domains and highly di-
verse scenarios (Fig. 3), with dataset statistics summarized
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Table 1. Training and test set statistics.

Split Subset #1IDs  #Images  # Categories
iPanda-50 [44] 35 5,209 1
Market-1501 [60] 751 12,936 1
Train VeRi [30] 576 37,715 1
ATRW [22] 107 1,887 1
VesselRelD [55] 623 14,570 1
Total (Train) 2,092 72,317 5
MSMT17 [46] 3,060 93,820 1
UAV-VelD [43] 2,208 19,058 1
LeopardID2022 [14] 130 2,673 1
ELPephants [18] 83 591 1
Test University-1652 [61] 701 52,056 1
es CUTE [19] 180 18,000 50
GZGC [36] 529 1,409 2
PetFace [40] 55,686 115,708 13
Wildlife71 [17] 1,924 108,096 67
Total (Test) 64,501 411,411 137

in Table 1. We constructed the training data by select-

ing representative benchmark from each of the most widely
used object-level RelD datasets, resulting in five category
RelD datasets: Market-1501 [60], VeRi [30], VesselRelD
[55], iPanda-50 [44], and ATRW [22]. Specifically, Market-
1501[60], VeRi [30], and VesselReID[55] represent the per-
son, vehicle, and maritime object domains, respectively,
while iPanda-50 [44] and ATRW [22] represent two distinct
animal domains. For testing, we validate our approach on
nine diverse datasets to ensure robustness against both un-
seen categories and domain shifts. We select highly var-
ied test data to evaluate generalization across complex sce-
narios. For known categories, we include MSMT17 [46],
a large-scale, scene-complex person RelD benchmark, and
UAV-VelD [43] for vehicle ReID, which presents the ex-
treme domain challenge of drone perspectives. To assess
generalization to unseen categories, our evaluation covers
over 69 types of wild animals, including the specific animal
datasets LeopardID2022 [14] and ELPephants [18], along-
side Wildlife71 [17], which features numerous species in
varying wild environments. We also evaluate our model on
multi-category object datasets. CUTE [19] introduces 50
diverse object categories in a lab-controlled setting. Fur-
thermore, we test our model’s adaptability beyond the ReID
task. We evaluate its performance on a Geo-localization
task using the University-1652 [61] dataset, which focuses
on building recognition from satellite view to drone view.
We also include PetFace [40] for the face recognition task
on fine-grained pet instances.

Evaluation Metrics. We evaluate the performance
across nine distinct datasets, employing the standard Re-ID
metrics, mAP (mean Average Precision) and CMC (Cumu-
lative Matching Characteristics). For datasets without cam-
era annotations, we further use mINP (mean Inverse Nega-
tive Penalty) [50], which evaluates accuracy on the hardest
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Figure 3. Evaluation on diverse domain generalization scenarios.

negative samples. The dataset-specific evaluation details are
provided in the Appendix.

4.2. Implementation Details.

The backbone network used in our experiments is ViT-B/16
[11] pretrained on ImageNet-1K. Input images are resized
to 256 x 256 pixels, padded by 10 pixels, and randomly
flipped horizontally with a probability of 0.5. Each train-
ing iteration constructs an episode consisting of a category-
balanced meta-training batch with P x K samples (K = 4)
and a meta-test batch with perturbed class proportions. The
total batch size is 64. Optimization is performed using SGD
with an initial learning rate of 10~3 and weight decay of
10~%. Backpropagation is applied once per episode, and
training proceeds for 60 epochs.

4.3. Comparison with SOTA DG-RelID Methods

In Table 2, we group the compared approaches into two cat-
egories: conventional domain-specific ReID methods and
domain-generalizable ReID methods. Evaluation is con-
ducted under two regimes: Single-Category and Multi-
Category. In the Single-Category regime, we evaluate the
model on both seen and unseen categories. MSMT17 [46]
and UAV-VelD [43] are used for seen-category evaluation,
with the same target categories as in training but markedly
different data settings. Several animal datasets are used for
unseen-category evaluation. In the Multi-Category regime,
each dataset exhibits substantially higher diversity and com-
plexity. The suite includes multi pet face recognition that
captures variation across different pet types [40], instance-
level identification of regular objects [19], and large-scale
wildlife RelD that spans terrestrial, aerial, and marine envi-
ronments [17]. All comparison results were reproduced un-
der the same settings as our method, except for VICP [62],
which additionally requires one batch of target-domain data
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Table 2. Comparison with state-of-the-art methods on nine datasets. The upper table shows single-category RelD results, and the lower
table shows multi-category RelD results. 1 denotes methods adapted with a few target-domain samples.

Time | MSMTI17 [46] |

UAV-VeID [43]

| LeopardID2022[14] | ELPephants[18] | University-1652 [61]

Method

| mMAP mINP Rl | mAP mINP Rl | mAP mINP Rl | mAP mINP Rl | mAP mINP RI

State-of-the-art methods for domain specific ReID
TransReID[13] ICCV 2021 122 07 296|350 350 274246 93 630 11.1 27 330|115 21 282
PASS-ReID[63] ECCV 2022 35 02 103 ] 260 260 191|232 91 627 | 95 22 272| 63 06 234
PHA[54] CVPR 2023 8.2 05 2101339 339 264|239 92 618 | 114 26 338 88 12 234
CLIP-ReID[23] AAAT 2023 194 14 434|353 353 276|247 93 624 | 87 20 244|154 19 317
State-of-the-art methods for domain generalizable ReID

TransMatcher [27] ~ Neur[PS 2021 | 15.1 04 424 | 278 278 236 109 29 426 | 102 22 261|106 04 508
QAConv [28] CVPR 2022 148 03 430|283 283 243|103 29 438 | 101 22 264 | 104 03 568
PAT [34] ICCV 2023 141 07 353|349 349 278|249 90 622 | 114 26 338 | 140 17 324
BAU [8] NeurIPS 2024 | 2.7 01 91 ] 90 90 61| 123 83 420 | 43 1.8 9.0 | 04 0.1 2.9
ReNorm [35] ECCV 2024 6.8 02 2411253 253 215|167 85 557 | 68 22 162 | 30 01 244
DACS [48] AAAT 2024 125 07 318|335 335 269| 254 97 626 | 109 24 318|149 19 322
CLIP-FGDI [58] TIFS 2025 158 07 389|239 239 180 175 83 571 | 64 19 154 | 46 03 208
ADSR [4] ACMMM 2025 | 1.2 01 45 | 108 108 67 | 233 90 616 | 86 2.1 235 57 02 307
VICP 1[62] ICCV 2025 160 08 404 | 195 195 136|236 92 626 | 11.1 23 323 | 137 26 284
Ours - | 181 1.1 413 386 386 320|247 92 619 140 28 386 | 195 35 387
Method Time | CUTE [19] | GZGC [36] | PetFace [40] | Wildlife71 [17] | Avg.

| mMAP mINP Rl | mAP mINP Rl | mAP mINP RI | mAP mINP Rl | mAP mINP RI

State-of-the-art methods for domain specific ReID
TransRelD [13] ICCV 2021 196 06 839 141 73 250 291 276 266 | 833 491 96.1 | 267 149 459
PASS-RelD [63] ECCV 2022 131 06 773|129 65 226 | 224 211 207 | 81.1 449 963 | 22.0 124 400
PHA [54] CVPR 2023 192 06 840|139 72 250|261 246 239 | 809 441 961 | 251 13.8 439
CLIP-RelD [23] AAAI 2023 237 09 848 | 136 70 227|229 216 205|755 323 959|266 124 459
State-of-the-art methods for domain generalizable ReID

TransMatcher [27]  Neur[PS 2021 | 17.9 0.6 744 | 11.3 60 20.1 | 341 327 312 ] 720 298 950 | 233 114 45.1
QAConv [28] CVPR 2022 145 06 738 | 125 65 227 | 334 322 31.0| 71.8 292 947 | 229 114 463
PAT [34] ICCV 2023 241 07 837|135 68 243|358 342 328 | 833 468 959 | 284 153 476
BAU [8] NeurPS 2024 | 11.1 06 693 | 5.0 27 76 | 3.1 30 27 | 166 09 688 | 72 29 242
ReNorm [35] ECCV2024 | 171 06 79.0 | 82 39 156 | 176 167 163 | 514 97 924 | 170 7.5 384
DACS [48] AAAI 2024 235 07 849|132 67 23.0| 324 308 295 | 827 467 958|277 148 465
CLIP-FGDI [58] TIFS 2025 249 09 86| 105 54 191 | 11.5 108 100 | 425 64 904 | 175 65 391
ADSR [4] ACMMM 2025 | 149 0.6 79.1 | 9.2 42 164 | 208 198 183 | 62.1 127 945 | 174 66 373
VICP 1[62] ICCV 2025 301 08 897 | 74 36 130|309 294 279|387 12 833|212 68 435
Ours - | 329 13 879 | 142 71 252 | 414 397 382 860 545 958 322 175 511

(128 images) for adaptation. Results show that under OG-
RelD, many existing DG methods fail to generalize and
even perform worse than several domain-specific baselines.

Single-Category Evaluation. For RelD tasks involv-
ing a single object category, several domain generalization
methods such as PAT [34] and CLIP-FGDI [58] still main-
tain competitive performance, due to their algorithmic de-
signs with broad applicability. For instance, PAT empha-
sizes local discriminative cues, while CLIP-FGDI bene-
fits from the strong cross-category knowledge encoded in
CLIP. However, other DG-oriented methods focusing pri-
marily on style normalization, such as ReNorm [35], BAU
[8], and ADSR [4], show significant performance degra-
dation, often falling behind conventional supervised RelD
methods. This observation suggests that most existing DG-
RelID techniques, when trained jointly over multiple object

categories, struggle to learn robust discriminative represen-
tations due to semantic entanglement across domains, lead-
ing to reduced generalization. In contrast, conventional
supervised approaches such as TransRelD [13], which
adopt transformer-based backbone architectures, demon-
strate greater structural stability. Building on this robust
backbone, our method explicitly learns object-invariant fea-
tures that generalize across diverse categories, achieving
state-of-the-art performance. While CLIP-ReID achieves
slightly higher accuracy than ours on MSMT17, our method
demonstrates more consistent and overall superior perfor-
mance across diverse domains, highlighting its stronger
generalization capability beyond specific categories.

Multi-Category Evaluation. In multi-category RelD
scenarios, our approach exhibits even more pronounced
advantages. Although VICP [62], a general object RelD

18487



Table 3. Experimental results of the ablation study for the proposed Meta-Generalized Object Re-Identification framework.

Method CUTE [19] MSMT17 [46] PetFace [40] University-1652 [61] Wildlife71 [17] ELPephants [18]
mAP | R1 | mAP | R1 | mAP | R1 | mAP | R1 | mAP | R1 | mAP R1
Baseline 233 85.6 14.2 34.1 31.5 28.8 13.5 32.0 83.3 95.0 11.8 34.7
+ EDPS & MOIL 31.6 88.0 16.2 39.4 40.5 37.4 18.2 37.9 85.3 95.7 13.6 36.5
+ EDPS & MOIL & HSE 32.9 87.9 18.1 41.3 414 39.7 19.5 38.7 86.0 95.8 14.0 38.6
Baseline Ours (a) Multi-categories (b) Single-categories
g ¥, as brovcs
& 86%0 8, ° 46 20 .
° 44 13295

Figure 4. Domain distribution visualization of samples: Baseline
(left) vs. Ours (right). Samples from different domains (colors) are
more mixed within each cluster, indicating smaller domain gaps.

method with goals similar to ours, performs well in single
category scenarios, it suffers a pronounced drop in mixed
category settings. This decline may result from prompt-
based adaptation with limited target-domain data, which is
less effective in multi-category settings. In contrast, our
method needs no target-domain adaptation and still achieves
comparable or better accuracy, showing strong practical po-
tential for open-world RelD.

4.4. Ablation Study

Effectiveness of Each Component. To evaluate the contri-
bution of each component in the proposed MGOR frame-
work, we conduct an ablation study across six bench-
mark datasets. Our baseline is the plain ViT-based RelD
model from TransRelD[13], without any additional mod-
ules. As shown in Table 3, incorporating Episodic Distri-
bution Perturbation Sampling (EDPS) and Meta-Object In-
variance Learning (MOIL) consistently improves the base-
line across all datasets. This demonstrates that episodic per-
turbation and meta-level invariance learning effectively reg-
ularize the feature space against distributional and seman-
tic shifts. Further integrating Hierarchical Semantic Equi-
librium (HSE) yields the most significant overall improve-
ment, achieving state-of-the-art performance across both
evaluation regimes. The dual-level supervision enhances
fine-grained identity discrimination while stabilizing cross-
category representation learning.

Visualization Analysis. We randomly select domains
spanning multiple categories. Features extracted by base-
line and ours are embedded into a shared 2D space for visual
comparison. As shown in Fig. 4, each color corresponds to
a category. Compared with the baseline, our method pro-

mAP
w
8

327329330 38140135130

PetFace CUTE Wildlife MSMT17 University Elephant

Figure 5. Parameter analysis of EDPS under different category-
disjoint probabilities between the meta-train and meta-test sets.

duces stronger cross-domain color mixing and markedly
weaker domain boundaries. This indicates that the pro-
posed framework learns representations that are more in-
variant across domains, enabling improved generalization
under previously unseen semantic conditions.

Parameter Analysis. In Fig. 5, we study the effect of
the category-disjoint probability between the meta-train and
meta-test sets in EDPS. We first replace EDPS with the
widely used PK sampling strategy in ReID. Unlike PK sam-
pling, which introduces random perturbations between the
meta-train and meta-test sets, EDPS provides more control-
lable category allocation. Increasing the disjointness be-
tween meta-train and meta-test degrades performance on
the seen-category dataset MSMT17, but improves perfor-
mance on multi-category evaluation.

5. Conclusion

We introduced the Object-Generalized Re-Identification
paradigm and the MGOR framework, which promotes
category-agnostic identity generalization through seman-
tic distributional regularization. This setting is important
because it moves RelD beyond category-bounded mod-
eling toward a more unified and scalable form of iden-
tity perception across heterogeneous objects. Despite its
promise, our framework still depends on existing anno-
tated datasets, whose limited scale and category coverage
restrict the diversity of semantic shifts available for train-
ing. Future work may further advance this direction through
larger open benchmarks, reduced reliance on annotation
via self-supervised learning or continual meta-learning, and
stronger semantic transfer from vision-language foundation
models. We hope this study can serve as a step toward more
universal and practical ReID systems.
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