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Abstract

Current object re-identification (RelD) methods train
domain-specific models (e.g., for persons or vehicles), which
lack generalization and demand costly labeled data for new
categories. While self-supervised learning reduces anno-
tation needs by learning instance-wise invariance, it strug-
gles to capture identity-sensitive features critical for RelD.
This paper proposes Visual In-Context Prompting (VICP), a
novel framework where models trained on seen categories
can directly generalize to unseen novel categories using
only in-context examples as prompts, without requiring pa-
rameter adaptation. VICP synergizes LLMs and vision
foundation models (VFM): LLMs infer semantic identity
rules from few-shot positive/negative pairs through task-
specific prompting, which then guides a VFM (e.g., DINO)
to extract ID-discriminative features via dynamic visual
prompts. By aligning LLM-derived semantic concepts with
the VFM’s pre-trained prior, VICP enables generalization
to novel categories, eliminating the need for dataset-specific
retraining. To support evaluation, we introduce ShopID10K,
a dataset of 10K object instances from e-commerce plat-
forms, featuring multi-view images and cross-domain test-
ing. Experiments on ShopID10K and diverse RelD bench-
marks demonstrate that VICP outperforms baselines by a
clear margin on unseen categories. Code is available at
https://github.com/Hzzone/VICP.

1. Introduction

Object Re-Identification (ReID) aims to identify and match
specific instances of objects across non-overlapping camera
views and scenarios, a capability critical for autonomous
systems, surveillance [42], and e-commerce. While exten-
sively studied for persons [30] and vehicles [49, 73], RelD
applications span diverse object categories like pets [57],
products [52], and wildlife [11]. Unlike object classification,
ReID demands distinguishing fine-grained intra-class varia-
tions—e.g., scratch on vehicles or logos for products—while
remaining invariant to viewpoint, lighting, and occlusion.
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Figure 1. Overview of Object Re-Identification: (a) Traditional
ReID methods trained the model on specific categories (e.g., rab-
bit, bicycle, person); (b) Self-supervised learning encourages pull
together different augmentations of the same image; (c) General-
izable Object RelD extends RelD to novel categories (e.g., chimp,
backpack), enabling RelD on unseen categories.

Traditional approaches address challenges like visible-
infrared RelD [46, 70], text-to-image retrieval [6, 12],
un/semi-supervised RelD [47, 76], domain adaptation [64],
and clothes-changing scenarios [25, 31]. Yet, these methods
remain category-specific: models trained on persons fail on
vehicles or products, requiring costly labeled data for each
new category, as shown in Fig. 1(a). This specialization
hinders deployment in dynamic real-world settings where
novel objects (e.g., rare animal species, or emerging retail
items) require rapid adaptation.

Self-supervised learning (SSL) methods like DINO [10,
53] and MoCo [16, 18, 28] learn representations by max-
imizing similarity between augmented views of an image,
like contrastive loss [67] (see Fig. 1(b)). While SSL re-
duces annotation needs and improves generalization to un-
seen domains, its objective—preserving semantic consis-
tency—aligns poorly with RelD’s core requirement: captur-
ing fine-grained, identity-sensitive features. For instance,
person RelD [15, 29, 30, 76] requires distinguishing subtle
differences in body shape or accessory, while pet RelD [57]
relies on unique fur patterns or facial markings. Conse-
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quently, SSL-trained models, usually beneficial for classifi-
cation/detection/segmentation, often overlook these discrim-
inative local cues, leading to suboptimal RelD performance.

A critical question emerges, as shown in Fig. 1(c): How
can we build a RelD model that generalizes to arbitrary
object categories without dataset-specific training? Vi-
sion foundation models (VEMs), e.g. DINOv2 [53] and
CLIP [54], offer strong visual priors, but their general-
purpose features lack task-specific adaptation for RelD. In
contrast, large language models (LLMs) [22, 78] excel at
in-context learning [20]—extracting task rules from minimal
examples. We propose that unifying these paradigms can un-
lock generalization: LLMs can infer identity-discriminative
rules from few-shot examples, while VFMs can localize
and encode fine-grained visual traits—leading to visual in-
context prompting (VICP), a unified ReID framework.

Specifically, in-context learning [20] enables models to
solve tasks by conditioning on example input-output prompts
without parameter updates. For RelD, this means providing
a model with contextual pairs (e.g., positive pairs of the same
instance and negative pairs of similar but distinct objects)
to infer identity-sensitive attributes. For instance, given
images of handbags, an LLM could deduce that “matching
stitching patterns and logo placements” define identity, while
“color variations under different lighting” are irrelevant. This
semantic reasoning can dynamically guide the VFM to focus
on task-critical features.

On the other hand, to emphasize RelD-specific traits of
pre-trained VFMs, our framework translates LLM-derived
semantic rules into dynamic visual prompts—task-specific
instructions generated from in-context visual example pairs.
For instance, given a few-shot positive pair (e.g., two images
of the same handbag under different viewpoints) and a neg-
ative pair (e.g., two visually similar but distinct handbags),
the LLM analyzes their relationships to infer identity-critical
attributes (e.g., “focus on logo placement and stitching pat-
terns while disregarding lighting variations™). These inferred
rules are then mapped into visual prompts [34] that tune
the VFM'’s feature extraction process. Unlike text-based
prompting, our visual prompts are derived directly from the
input example pairs, enabling the model to prioritize fine-
grained local features (e.g., textures, shapes) over globally
invariant semantics. This adaptation preserves the VFM’s
generalization while aligning it with RelD, achieving strong
generalization without any parameter updates.

Despite progress in domain-specific RelD, generalizable
object RelD remains underexplored. In this paper, we sys-
tematically establish baselines for generalizable object RelD,
including self-supervised models, vision foundation models,
and their adaptations. Unlike limited categories [65, 75]
or well-controled conditions [39], we further introduce
ShopID10K, a dataset with instance labels curated from
e-commerce platforms, comprising 10K instances across

34 daily-life categories (bag, shoes, bicycle, efc.), featuring
multi-view images, occlusions, and high inter-class simi-
larity (e.g., near-identical products differing only in logos).
This benchmark enables the rigorous evaluation of cross-
category generalization under real-world conditions.

Our contributions are summarized as follows:

* We define a novel task, Generalizable Object RelD, that
requires ReID model to adapt to unseen categories using
only a few examples.

* We propose a unified ReID framework, VICP, where

LLMs infer identity rules from few-shot pairs, and dy-

namic prompts adapt VFMs for fine-grained RelD.

We release ShopID10K, a benchmark for evaluating cross-

category RelD generalization, fostering research in scal-

able RelD systems.

Our method outperforms self-supervised and few-shot

baselines by 4% mAP on ShopID10K and standard

datasets (MSMT17, VeRi-776), achieving state-of-the-art
performance with minimal prompts.

2. Related Work

Self-supervised Learning. Self-supervised learning is a
powerful paradigm for learning meaningful representations
without manual annotations. Contrastive learning methods,
such as MoCo [28] and SimCLR [14], construct positive
pairs through data augmentation and maximize agreement
between them. Subsequent works improve discriminativity
of representations via clustering [9, 32], hard negative [56]
or data augmentation [63]. Masked image modeling (MIM)
methods [8, 27, 69] like MAE [27] focus on reconstructing
masked regions, yet their representations are less discrimina-
tive than contrastive methods for fine-grained tasks. Foun-
dation models like DINOv2 [53], pre-trained on massive
datasets, demonstrate exceptional generalization in down-
stream tasks [2, 26, 35, 66, 71]. However, despite their se-
mantic awareness, these representations often fail at instance-
level retrieval due to the lack of explicit ID supervision. Our
method addresses this gap by leveraging LLM-guided in-
context learning to inject ID-sensitive priors into VFMs.

Object Re-Identification. Traditional object ReID meth-
ods [38, 43, 44, 49, 51, 59, 73] are category-specific, requir-
ing dedicated training for pedestrians or vehicles. While
variants like unsupervised ReID [76] and cross-modal RelD
[12] address label scarcity or modality gaps, they remain
confined to predefined categories. Deploying these methods
to novel categories (e.g., pets [57] or products [52]) necessi-
tates laborious data collection and retraining. This limitation
highlights the need for a unified framework capable of gener-
alizing across unseen object categories. Indeed, our method
allows a single model to adaptively identify object instances
from unseen categories using only a few exemplars.

In-context Learning. In-context learning (ICL) [20], pop-
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Figure 2. Overview of our proposed framework. a) In-Context Visual Prompt Generation: Given few-shot input pairs, a frozen LLM
and a trainable connector/LM head process the context to infer identity-discriminative rules. The visual head generates learnable visual
prompts conditioned on the input pairs. b) Generalizable Object ReID: The generated visual prompts are injected into each layer of a vision
transformer (e.g., DINOvV2), dynamically modulating self-attention and feature aggregation to prioritize ID-sensitive local patterns (e.g.,
textures, logos) while suppressing irrelevant variations (e.g., viewpoint, illumination).

ularized by LLMs [74], where a model can rapidly adapt
to new tasks during inference by conditioning on a small
number of examples (i.e., prompts). Recently, researchers
have begun to explore this concept in multi-modal scenar-
ios [1, 5, 22, 78]. In these multi-modal in-context learning
frameworks, the model is provided with pairs of images and
text prompts, guiding it to perform specific tasks, e.g., image
classification/OCR [78] and visual question answering [22]
by leveraging cross-modal cues. We leverage the ICL to un-
derstand image/label pairs and dynamically generate visual
prompts for VFMs toward ID-discriminative features.

Generalizable Object ReID Datasets. Generalizable RelD
remains underexplored due to the absence of diverse bench-
marks. The sole prior work [39] introduces a lab-controlled
dataset with 180 instances from 50 categories, which re-
moves background to enhance self-supervised learning mod-
els. However, its limited scale (180 instances) and artificial
environments hinder practical evaluation. Moreover, precise
object segmentation is often infeasible in real-world scenar-
ios. Our work addresses these gaps with a large-scale dataset
(10K instances) and a novel visual prompting framework for
generalizable object RelD.

3. The Proposed Approach

3.1. Problem Formulation

Since we propose a new task, it is necessary to first formulate
our task. Traditional ReID methods require category-specific
training with extensive labeled data, limiting generalization
to new object categories, while self-supervised models learn
generic semantics, lacking fine-grained ID patterns.

In generalizable object RelD, we aim to learn a universal
feature extractor ¢(-) that adapts to unseen object categories
using only a small support set of examples. During training,
the model is exposed to a base dataset Dy,e = {(i, yi, i)},
where each image x; belongs to an instance-level identity
y, within a known object category ¢; € Cpase (e.8., back-
packs, shoes). Critically, identities are unique within their
categories, and instances across different categories are in-
herently distinct.

At test time, for a novel category ¢ € Cyove (dis-
joint from C,s.), the model is provided with a support set
S = {(x;,;,y;;)} containing labeled positive (y;; = 1)
and negative (y;; = 0) pairs, where labels indicate whether
x; and x; share the same instance ID. The feature ex-
tractor ¢(x|S) produces discriminative representations for
query/gallery images from ¢/, enabling accurate similarity
computation (e.g., cosine distance) solely conditioned on
S. Our goal is to retrieve another image of the same in-
stance, given a query image of one object instance. With
this goal, it’s not necessary to compare instances from dif-
ferent categories because cross-category comparison can
never retrieve the correct result. The key challenge of object
RelD is to distinguish subtle differences across different in-
stances belonging to the same category while being invariant
to background, lighting, or pose.

Therefore, a foundational assumption is category-aware
inference: during deployment, the object category ¢’ is
known a priori (e.g., via a pre-trained detector), ensuring that
cross-instance comparisons are restricted to within-category
pairs. This aligns with real-world RelD pipelines, where
an upstream detection stage first filters candidates to a spe-
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cific category (e.g., shoes), drastically reducing the search
space and avoiding redundant cross-category matches (e.g.,
comparing a shoe to a backpack). Consequently, our frame-
work does not need to handle cross-category ambiguity, as
identities are only compared within the same category.

Similar to few-shot learning paradigms [58, 62], gener-
alization to novel categories is achieved via dynamic condi-
tioning on the support set S, which guides ¢(+) to emphasize
category-specific discriminative features (e.g., shoe tread pat-
terns, bag stitching details). This parameter-free adaptation
mirrors real-world scalability requirements, where deploying
RelD systems for new categories can avoid costly retraining.

3.2. In-Context Visual Prompt Generation

In-context learning (ICL) [20] enables models to infer task-
specific rules from provided examples without parameter
updates. Unlike traditional supervised learning, ICL lever-
ages the inherent reasoning capability of pre-trained LLMs
to dynamically adapt to new tasks through sequential prompt-
ing. For RelD, this paradigm offers a critical advantage: the
ability to encode identity-discriminative priors directly from
visual context (e.g., “match objects based on logo details”)
while avoiding costly fine-tuning of large vision models.

As shown in Fig. 2(a), our method employs a frozen
LLM (e.g., LLaMA [60]) to process in-context example
pairs and generate semantic guidance for ReID. Given a
support set S = {(x;, x;,y;;)} of positive (y;; = 1) and
negative (y;; = 0) image pairs, we first encode each image
x; into visual tokens using a pre-trained vision encoder (e.g.,
DINOvV2 [53]). To mitigate computational overhead from
excessive tokens (e.g., too many input pairs), we introduce
a Query-based Connector (Q-Former), inspired by BLIP-
2 [41], which compresses each image into a fixed set of
N latent tokens. For a pair (z;, x;), the connector outputs

two compressed token sequences I;, I; € RV*4 which are
concatenated into a unified sequence:
Ty; = [Li; 1 Li;] € RENTDAE, (1)

where L;; € R? is a learnable embedding indicating the
pair’s label (positive/negative). For K pairs, the full input
sequence becomes Ty = [TS); e TE;{)], forming a con-
textualized prompt. Instead of adopting LLaVA-style projec-
tion [45], the Q-Former can significantly reduce the number
of visual tokens, N for Q-former can be much smaller than
the number of feature tokens of the pre-trained model in
LLaVA, e.g., 256 for a single image in ViT.

The LLM processes T, to predict the next token in an
auto-regressive manner. Crucially, we mask the loss to only
supervise the label tokens L;;, preserving the LLM’s pre-
trained semantic knowledge while aligning it for ReID. The

training loss for a sequence of K pairs is:
K
i ==Y log P (LY | TEE10.10) @
k=1

where T5F denotes all preceding pairs in the context. This
forces LLM to reason across multiple pairs, identifying dis-
criminative patterns (e.g., “logo consistency matters more
than color”) that generalize beyond individual examples.

To generate adaptive prompts that encode ID-
discriminative knowledge, we append a set of M
learnable visual prompt tokens Pje,, € RMxd to the end of
the input sequence T'. These tokens, initialized randomly,
are jointly optimized with the connector and LM head
during training. The full input to the LLM becomes:

Tfull = [Tctx§ Pleam] € R(2NK+K+N[)Xd. (3)

The LLM processes Ty to contextualize the learn-
able prompts with the provided example pairs. The final
hidden states corresponding to Py, are then fed into a
lightweight Visual Head—a two-layer MLP—to produce the
task-specific visual prompts:

Ptask = MLP(Plearn : W]:{M) S RMXdViSion; (4)

where Wy projects the LLM’s hidden dimension d to the
vision model’s feature dimension dyiso,. These prompts
P,k implicitly encode how to compare instances for RelD,
distilling identity-sensitive cues (e.g., “focus on texture con-
sistency”’) from the in-context pairs.

3.3. Generalizable Object Re-Identification

Vision foundation models like DINOv2 [53], pre-trained on
large-scale datasets, learn rich visual-semantic representa-
tions that generalize across domains. However, while these
models excel at high-level semantic tasks (e.g., classifica-
tion or retrieval), their features lack the fine-grained dis-
criminability required for RelID. For instance, DINOv2 may
group images of “backpacks” by color or shape but fail to
distinguish subtle ID-specific traits (e.g., logo placement
or stitching patterns). Directly fine-tuning such models on
RelD data risks overfitting to specific categories and degrad-
ing their generalization ability.

To adapt the pre-trained vision model for RelD, we
inject the learned visual prompts Py € RM xdusin jnto
each transformer layer [34], as presented in Fig. 2(b). Let
7, € REXW+H)xdusn denote the input tokens at layer [,
where H x W are spatial dimensions and +1 corresponds to
the [CLS] token. The prompts Py, are concatenated with
Z,; to form an augmented token sequence:

Z) = [Zy; Pyy] € RUDWALEM) X hiion,

The self-attention mechanism then computes interactions
between all tokens, allowing the prompts to dynamically
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Categories

Dataset Instances Images Variation

Seen Unseen
MVImgNet [72] 5 233 205K 800K P
CUTE [39] 10 40 180 17K L/P/B
PetFace [57] 5 8 257K IM  L/P/B
MSMT17 [64] 1 (Person) - 4K 126K L/P/B
Market1501 [75] 1 (Person) - 1.5K 32K L/P/B
VeRi-776 [49] 1 (Vehicle) - 776 50K  L/P/B
ShopeID10K (ours) 7 27 10K 45K L/P/B

Table 1. Comparison of object ReID datasets, with variations in
lighting (L), pose (P), and background (B). While MVImgNet has
more categories/instances, it only contains pose variations.

reweight spatial features—e.g., amplifying regions with ID-
sensitive details (logos, textures) while suppressing irrele-
vant areas (backgrounds, occlusions). Crucially, the original
ViT parameters remain frozen; only the prompts P,y (gen-
erated per support set S) modulate the feature space.

To train the framework, we propose two loss functions
that preserve the vision model’s generalization while enhanc-
ing ID information.

ReID Loss: We adopt triplet loss to optimize global fea-
ture discriminability. For a mini-batch of images within the
same category, we sample triplets (z,, z,, z, ), where z,
(anchor) and x,, (positive) share the same instance ID, and
x,, (negative) has a different ID. The loss enforces a margin
« between positive and negative similarities:

B
Lip =Y max (0,0 - sim(¢(a). 6(x})

i=1
+sim(o(z,), 6(@))). )

where B is the number of triple pairs and ¢(x) is [CLS]
token embedding. Triplet loss is preferred over classifica-
tion losses (e.g. ArcFace [19], AdaFace [37]) or contrastive
loss [67] as it only penalizes violations of the margin con-
straint, imposing softer updates that preserve the pre-trained
model’s semantic prior, while [19, 37, 67] push the features
to align better that may degrade the generalization ability.

Patch Alignment Loss: To further refine local feature dis-
criminability, we compute the optimal transport (OT) dis-
tance between patch embeddings of image pairs. For a pair
(zi,z;), let F;,F; € R *W)xdison be their patch-level
features (excluding [CLS]). The OT distance reflects the
matching cost across local patches. We adopt the inex-
act proximal point method [68] to compute OT distance
as Dor(+). Based on this, we define the alignment loss:

Laign = Y [H(yij = 1) Dor(Fi, F;)
(%i,%5)

—I(y;; = 0) - Dor(F4, Fj)|, (6)

where [(+) is an indicator function, 1 if condition holds and
otherwise 0, and Dor(F;, F,) denotes the aforementioned

Bicycle

Bicycle Helmet

Figure 3. Examples of 4 categories, 2 instances per category, and
3-4 images per instance from our ShopID10K dataset.

OT distance. This formulation encourages positive pairs,
i.e., I(y;; = 1)) to align spatially (e.g., matching similar
regions such as logos), while separating negative pairs, i.e.,
I(y;; = 0), thereby enhancing local feature consistency.

3.4. Training and Inference

The framework is trained end-to-end with a composite loss
that unifies in-context learning, ID discrimination, and local
feature alignment:

Liotal = L1p + AicLLicL + Aatign Latign,

where A« balance the contributions of each objective.
During the testing of a novel category ¢’, the model pro-
cesses the support set S through the LLM-based prompt
generator to produce category-specific visual prompts P .
These prompts are cached and reused for all query-gallery
comparisons within ¢/, incurring only a one-time computa-
tional cost for prompt generation. Subsequent feature ex-
traction and similarity computation follow standard RelD
pipelines, with the frozen VFM modulated by Py,s. Conse-
quently, the cached prompts enable instant deployment to
new categories without re-computation, which is ideal for
dynamic environments (e.g., retail inventory updates).

4. Experiments

Datasets. We extensively evaluate on seven datasets span-
ning both general and specific domains, as listed in Tab. 1.
MVImgNet [72] provides multi-view object videos captured
under controlled lighting, offering pose variations but lack-
ing background/lighting diversity. To adapt it for ReID, we
employ GroundingDINO [48] for detection and SAM 2 [55]
to remove the background. We then select the four most
different frames, focusing on intrinsic ID characteristics.
CUTE [39] captures lab-controlled images with varying illu-
minations/backgrounds per object, yet its limited scale (180
instances) restricts practical use. PetFace [57] aggregates
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Figure 4. The ranking results of different models on PetFace/MVImageNet/ShopID10K/CUTE datasets. Blue/Red boxes indicate
correct/wrong instance ID. The results show that VICP is largely superior to baselines in finding the fine-grained information of local details.

257K pet images from Internet. For domain-specific base-
lines, MSMT17 [64], Market1501 [75] and VeRi-776 [49]
represent person/vehicle ReID benchmarks, although they
only contain one category.

ShopeID10K. To establish a comprehensive benchmark for
generalizable object RelD, we first define 34 daily object cat-
egories, including backpack, bicycle, efc. For each category,
we collect product images from Amazon customer reviews
by searching category keywords. Crucially, we treat all im-
ages uploaded by the same reviewer for a specific product as
sharing the same instance ID, simulating real-world scenar-
ios where multiple images of an object instance are captured
by everyday users. After detection and filtering, we ensure
each instance has at least 3 images, leading to 10K instances
and 45K images. The key advantage of ShopeID10K is the
diversity, as shown in Fig. 3. Each instance exhibits natural
variations in lighting, occlusion, pose, and background.

Implementation Details. All experiments are conducted on
two H100 GPUs with a fixed learning rate of 10™%, weight
decay of 1074, 81 = 0.9 and B> = 0.99. The margin
for triplet loss is set to 0.1. We use pre-trained DINOv2
ViT-small [21] as the backbone. We train the model with
the batch size 256 for 10 epochs with the image size of
224 x 224 and random horizontal flip as data augmentation.
During training, we randomly sample 64 positive/negative
pairs. The number of visual tokens for Q-former is 32.

4.1. Qualitative Results

In Fig. 4, we visualize retrieval results of unsupervised DI-
NOvV2, Triplet+, and our methods on ShopID10K. DINOv2
predominantly retrieves images sharing shape similarity or

semantic attributes (e.g., matching object categories) but fails
to prioritize identity-specific features, resulting in frequent
false positives. In contrast, triplet fine-tuning remarkably
mitigates such errors by refining the embedding space to
emphasize discriminative ID cues. These qualitative com-
parisons substantiate the superior discriminative capability
of our method: it consistently retrieves identity-consistent
instances across extreme variations in viewpoint and illumi-
nation while suppressing semantically similar distractors.

4.2. Quantitative Results

We conduct extensive evaluations under the proposed gen-
eralizable object RelD paradigm. A subset of categories
from each dataset is selected as base categories for training,
and the rest are novel categories for testing. We repeat this
process 5 times and report the average across different runs.

Baselines. There are three types of baselines for compari-
son: (1) fully supervised models, which are trained on la-
beled data encompassing all target categories (including both
seen and unseen classes during training). These models es-
tablish the empirical performance upper bound for ReID
systems. (2) unsupervised or weakly supervised representa-
tion learning models [3, 4, 10, 24, 33, 35, 40, 54], such as
DINO [35] and CLIP [54], dedicated to extracting general-
izable visual features. For example, for downstream tasks
like image retrieval, and Unicom [3] proposes clustering-
based feature refinement. (3) To build strong baselines, we
fine-tune DINOV2 on the base categories with learnable vi-
sual prompts [34], augmented with metric loss functions to
encourage discriminative representations, i.e., ArcFace [19],
AdaFace [37] and supervised contrastive learning (SCL) [36].
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Verification Identification
AUC ACC mAP  Top-1
57
11

CLIP [54] 71.5 64.6 7.1 4.4
OpenCLIP [33] 734 673 7.6 5.8
DINO [10] 822 747 19.7 16.5
DreamSim [24] 842 764 17.9 14.9
Unicom [3] 733 672 7.0 5.4
I-JEPA [4] 740 67.1 10.9 8.7
DINOV2 [35] 71.6 659 6.5 5.1
Arcface [19] 89.1 815 46.6 443
Adaface [37] 89.3 824 46.9 444
SCL [36, 67] 91.1 83.1 46.3 43.4
Triplet [7] 91.7 849 48.2 45.9
Triplet+ 7] 925 85.6 498 477
VICP (ours) 93.5 86.0 51.2 49.7

Table 2. Results on PetFace [57]. [Key: First, Second]

In particular, Triplet+ fine-tunes the model by incorporating
few-shot examples based on the model trained with triplet
loss, enabling targeted optimization of the ReID framework.

Results on PetFace (Tab. 2). PetFace [57] collects multiple
IDs of the same pet from web sources, comprising 13 cat-
egories, 170K unique IDs, and 1 million images. PetFace
adopts two evaluation metrics aligned with face recogni-
tion paradigms: (1) Verification constructs positive/negative
pairs per category and computes AUC/Accuracy via 10-fold
cross-validation. Our experiments strictly follow PetFace’s
verification protocol. (2) Identification measures the ability
to retrieve the same instance ID gallery images from query
samples. Instead of using training data in PetFace, we align
with standard person RelD practices. Each image in the test
set is used as a query and the remaining forms the gallery,
quantified by top-1 accuracy and mAP. Five categories are
randomly selected as base categories for training, while the
remainder forms novel categories for testing.

Supervised fine-tuning on full data significantly outper-
forms both original PetFace and MegaDescriptor [11] base-
lines, demonstrating the efficacy of large-scale pre-trained
VFMs. Unsupervised pre-trained models exhibit subopti-
mal RelD performance. Notably, fine-tuning on RelID data
enhances generalization even to novel categories.

Triplet loss surpasses alternative loss functions by selec-
tively optimizing challenging RelD pairs while preserving
pre-trained representations’ inherent generalizability. In con-
trast, other losses will harm the embeddings because they
will always minimize loss. Triplet+ further enhances novel
category performance via integrating few-shot pairs. Our
models, without further parameter updates, achieves superior
generalization compared to fine-tuning-based approaches.

Results on MVImageNe and ShopID10K (Tab. 3). Sim-
ilar to PetFace, five categories are randomly selected as

MVImageNet ShopID10K
mAP  Rank-1 mAP Rank-1 Rank-5

CLIP [54] 394 55.6 37.1 48.6 72.1
OpenCLIP [33] 41.8 57.8 40.2 51.3 75.4
DINO [10] 53.0 69.8 41.2 54.4 75.9
DreamSim [24]  56.1 71.7 44 .4 56.9 78.7
Unicom [3] 455 61.1 43.8 54.6 78.2
I-JEPA [4] 412 58.1 32.7 45.6 67.3
DINOV?2 [35] 473 64.1 34.1 457 67.5
Arcface [19] 72.2 58.5 453 56.5 78.0
Adaface [37] 73.0 59.0 45.6 57.2 78.7
SCL [36, 67] 68.2 80.4 46.9 56.6 79.5
Triplet [7] 72.9 82.1 50.3 63.1 80.9
Triplet+ [7] 732 84.0 54.8 674 85.6

VICP (ours) 74.9 85.4 58.5 68.4 87.5

Table 3. Results on MVImageNet [72] and our ShopID10K.

base categories. MVImageNet, constructed from multi-view
object videos, primarily captures pose variations with mini-
mal environmental complexity, resulting in relatively lower
challengingness. Interestingly, even slight fine-tuning on
its constrained category set yields substantial performance
gains, indicating its effectiveness as a benchmark for view-
invariant representation learning. In contrast, our newly
introduced ShopID10K exhibits extreme diversity across
backgrounds, lighting conditions, occlusion patterns, and
viewpoints. While PetFace focuses on constrained pet fa-
cial recognition, our method observes the same trends and
achieves greater improvements on ShopID10K.

Results on CUTE (Tab. 4). CUTE dataset provides
laboratory-controlled multi-view imagery of objects under
varying illumination and pose conditions, designed as a
benchmark for intrinsic object similarity metrics. Evalua-
tion is conducted via pairwise comparisons across instances,
with performance measured using ReID metrics: mAP and
top-1 accuracy. We adopt three distinct evaluation regimes:
(1) In-the-wild—images contain simultaneous variations in
background, pose, and illumination; (2) [llumination and (3)
Pose use controlled illumination or pose variations to assess
representation robustness under isolated conditions.

Conventional fine-tuning approaches suffer from severe
base-category overfitting, significantly impairing in-the-wild
generalization. In contrast, our method achieves consistent
performance gains across all regimes, with a 2% improve-
ment in mAP under in-the-wild settings. These results high-
light its ability to disentangle intrinsic object features from
confounding environmental factors.

Results on Person and Vehicle RelD. We further vali-
date our approach on popular person/vehicle ReID bench-
marks. For person RelD, as shown in Tab. 5, our method
achieves competitive performance against state-of-the-art
person ReID models, where PASS [76] and DINO [10] are
pre-trained on human datasets. For vehicle RelD, VICP
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In-the-wild Illumination Pose
mAP  Top-1 mAP Top-1 mAP Top-1

CLIP[54] 70.7 596 722 718 778 95.1
OpenCLIP [33] 750 684 73.6 759 793 95.7
DINO[10] 716 571 728 689 8l.1 972
DreamSim [24] 730 596 70.0 652 834 979
Unicom [3] 75.1 69.6 753 772 824 973
I-JJEPA[4] 613 396 650 576 746 921
DINOv2 [35] 805 747 813 804 834 96.2

Arcface [19] 782 743 751 750 815 965
Adaface [37] 784 740 776 786 820 963
SCL[36,67] 794 759 777 7718 816 964

Triplet[7] 809 765 842 859 841 975

VICP (ours) 825 773 898 892 87.6 989

Table 4. Results on CUTE [40].

MSMT17 Market1501
mAP Rank-1 mAP Rank-1
DINO [10]  66.1 84.6 91.0 96.0

BOT [50] 50.2 74.1 85.9 94.5
MGN [61]  63.7 85.1 87.5 95.1
SCSN [17] 58.5 83.8 88.5 95.7

ABDNet [13]  60.8 82.3 88.3 95.6
AAformer [77] 63.2 83.6 87.7 954
TransRelD [29]  63.6 82.5 87.4 94.6
PASS [76]  69.1 86.5 92.2 96.3

VICP (ours) 753  89.2 903 955

Table 5. Results on person RelD datasets.

outperforms TransRelD [29] on the VeRi-776 dataset [49],
achieving a higher mAP (81.2 vs. 79.6) and slightly bet-
ter R1 (97.1 vs. 97.0). While existing methods primarily
optimize for dataset-specific biases, our approach enables
stronger generalization to novel categories, highlighting its
adaptability beyond domain-specific constraints.

4.3. Ablation Study
‘We show thee ablation studies in Tab. 6.

Ablation on Different Components. To evaluate our
framework, we conduct incremental ablation studies starting
from the unsupervised DINOv2 baseline [i] and gradually
adding our components. Even minimal fine-tuning on RelD
datasets [ii]—despite category mismatches—yields notice-
able gains, demonstrating the strong transferability of pre-
trained visual priors to identity-sensitive tasks. Few-shot
supervision (Triplet+ [iii]) brings moderate improvement,
though its scalability is limited in real-world scenarios.
While LLMs exhibit promising in-context learning
(ICL [v]) capabilities, performing pairwise query-gallery
inference directly is computationally impractical for large-
scale RelD. Instead, we utilize LLMs as auxiliary semantic
guides, encoding relational structures into ICL-based visual
prompts [iv]. This enhances the VFM’s cross-domain rea-
soning without introducing LLM inference costs at runtime.

PetFace ShopID10K
mAP  Top-1 mAP  Rank-1
[i] Unsupervised [35] 6.5 5.1 34.1 45.7
[ii]+Triplet 48.2 459 50.3 63.1
[iii] Triplet+ 49.8 47.7 54.8 67.4
[iv]+ICL visual prompts ~ 50.8 48.6 56.3 67.1
[v] ICL from LLM 42.1 37.5 39.6 48.5
[vi]+Patch Align 51.2 49.7 58.5 68.4
K=32 50.4 47.9 55.7 67.5
64 51.2 49.7 58.5 68.4
128 48.8 47.0 56.8 66.9
N=16 49.9 48.1 55.9 67.0
32 51.2 49.7 58.5 68.4
64 48.6 47.5 57.1 67.6

Table 6. Results of ablation study.

Finally, the patch alignment loss [vi] enforces spatial
consistency across discriminative regions, improving feature
localization and leading to better patch-level embedding
separation, which ultimately boosts RelD accuracy.

Ablation on Number of Examples. We investigate the
impact of the number of in-context examples with K €
{32, 64, 128} examples per category. Our method achieves
peak performance at 64 examples, with 32 examples yielding
marginally lower results and 128 examples causing degra-
dation. With 32 examples, the LLM struggles to capture
nuanced ID discrimination patterns, while it is too long for
128 examples to learn the complex patterns.

Ablation on Number of Latent Tokens. We vary the num-
ber of latent tokens N € {16, 32,64} in the Query-based
connector. The best performance is achieved at N = 32. A
smaller N (16) lacks expressiveness, while a larger N (64)
leads to longer, noisier inputs that hurt performance and in-
crease cost. This aligns with our findings on in-context exam-
ple count, indicating both overly simple and overly complex
prompts degrade results. In supplementary, we show addi-
tional ablation in occlusion robustness, cross-domain gener-
alization, and comparisons with few-shot learning methods.

5. Conclusion

We address the underexplored challenge of Generalizable
Object Re-Identification by integrating large language mod-
els (LLMs) with vision foundation models. Key contri-
butions include: (1) reformulating RelID as an in-context
learning task with LLM-guided feature extraction from few-
shot exemplars, and (2) introducing the first large-scale
benchmark with 10K real-world instances across 34 cat-
egories—surpassing prior lab-controlled datasets in diversity
and complexity. Our method outperforms self-supervised
baselines on novel categories while requiring less labeled
data than conventional RelD. In the future, we aim to tackle
the harder zero-shot RelD setting without exemplars.
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