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Figure 1. Overview of the proposed VisME for identity-level multimodal embeddings. (a) Qualitative comparison with existing
UMEs on visual identity grounding tasks; (b) Illustration of four meta-tasks in MVEB (Identity Recognition, Re-Identification, Identity
Grounding, and Identity Editing), covering 28 datasets; (c) Quantitative evaluation on MVEB and MMEB benchmarks.

Abstract

Universal Multimodal Embeddings (UMEs) aim to unify

various modalities and tasks into a shared representation

space. In recent years, this field has witnessed substan-

tial progress driven by the development of Multimodal

Large Language Models (MLLMs). However, a crucial ca-

pability, visual identity discrimination, remains underex-

plored in existing UME methods, despite its critical role

in a wide range of tasks, including instance retrieval, re-

identification, and identity preservation in AI-generated

content. To bridge this gap, we propose a unified for-

mulation for visual identity discrimination (VisID) and in-

*Equal contribution. † Project Leader. ‡Corresponding author.

troduce MVEB (Multimodal Visual Identity Embedding

Benchmark), a large-scale benchmark curated from both

real-world and synthetic datasets to support evaluation and

training. Furthermore, we present a simple yet effective

learning framework that jointly optimizes general multi-

modal and visual identity representations through a care-

fully designed identity-aware sampling mechanism. Exten-

sive experiments demonstrate that our approach success-

fully endows UMEs with strong identity discrimination ca-

pability and maintains competitive general multimodal per-

formance. We believe this work not only illuminates a crit-

ical yet neglected capability, but also takes a step toward

more holistic universal multimodal embeddings. Code and

data are available at MVEB.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction

Multimodal embedding models aim to encode heteroge-
neous modalities, such as images, text, and videos, into
a unified representation space, enabling practical appli-
cations like multimodal search [63, 79] and multimodal
retrieval-augmented generation [7, 75]. Early approaches,
pioneered by CLIP [51], adopt a dual-encoder architec-
ture [22, 23, 56, 74, 77], where visual and textual inputs
are encoded separately and aligned by contrastive learning
on large-scale image–text pairs. While effective for cross-
modal alignment, these methods typically struggle with
complex instructions [16] and fused modalities [79]. More
recently, universal multimodal embeddings (UMEs) [16,
18, 25, 26, 38, 43, 45, 55, 66, 82] powered by multimodal
large language models (MLLMs) [1, 3, 32, 58, 89] have
been proposed. By encoding inputs into deep hidden states
and performing contrastive fine-tuning on instruction-aware
multimodal retrieval datasets [6, 25, 88], UMEs success-
fully inherit key capabilities from MLLMs: (i) a unified
embedding space that natively supports fused modalities,
(ii) strong capabilities in long-context reasoning and com-
plex instruction following.

Despite the advances, a fundamental yet overlooked ca-
pability remains underexplored in existing UMEs: Visual
Identity Discrimination (VisID), i.e., the ability to iden-
tify images that correspond to the same visual identity as
a query image, conditioned on a natural language task in-
struction (e.g., “find other photos of this person” or “retrieve
images containing the car of the same brand”). VisID is a
critical capability for both traditional vision-centric repre-
sentation tasks (instance retrieval [27, 64, 72, 73], person re-
identification [20, 69, 86], face recognition [11, 41]) and the
recently prominent identity-preserving AI-generated con-
tent [33, 34, 59, 76]. However, current SoTA UMEs of-
ten fail to distinguish the desired identity, as illustrated in
Figure 1. This is primarily because VisID has not been ex-
plicitly addressed in their design. For example, the most
widely used benchmark, MMEB [25], includes only a single
image-to-image subset (NIGHTS [13]) among its 36 sub-
sets. To bridge this gap, we revisit VisID from the perspec-
tive of UMEs and make the following contributions:
• Problem formulation. We formally define Visual Iden-

tity Discrimination as a core capability for UMEs and
decompose it into four practical meta-tasks: (i) Identity

Recognition, (ii) Re-Identification, (iii) Identity Ground-

ing, and (iv) Identity Editing. Some representative cases
are shown in Figure 1.

• Benchmark. We introduce the Multimodal Visual
Identity Embedding Benchmark (MVEB), a large-scale
dataset designed to comprehensively evaluate and en-
hance VisID capabilities. We carefully design a data
curation pipeline that integrates both real-world and AI-
generated data. As a result, MVEB covers all four VisID

meta-tasks across 28 datasets, of which 20 are allocated
for training and 8 are reserved for out-of-domain evalua-
tion.

• Training framework. We propose a simple yet effec-
tive joint training framework that unifies VisID learning
with standard contrastive objectives. Our method em-
ploys an identity-aware sampling strategy and a tailored
contrastive loss to enforce intra-identity consistency. Ex-
periments show that it improves VisID performance by →
25%+ on MVEB, while maintaining general multimodal
retrieval accuracy on MMEB, demonstrating strong com-
patibility with existing UMEs.
We will release data, models, and code to support the de-

velopment of identity-aware UMEs, a key step toward more
capable and general-purpose multimodal representations.

2. Related Work

2.1. Dual-Encoder Multimodal Embeddings

CLIP [51] established a foundational paradigm for multi-
modal representation learning by employing a dual-encoder
architecture within a contrastive framework to achieve
cross-modal semantic alignment. Subsequent works refined
this paradigm from three main perspectives: (i) Enhancing
the text encoder. The original CLIP text encoder lacks mul-
tilingual capability and is limited to short contexts (maxi-
mum 77 tokens). Chinese-CLIP [67], jina-clip-v2 [28] and
SigLIP2 [56] introduce multilingual capabilities. Recently,
with the advent of LLM-based embeddings [4, 31, 83],
LLM2CLIP [22], SAIL [80] and FLAME [5] utilize LLM-
based text towers [4, 31] that support longer sequences and
multiple languages. (ii) Scaling the vision encoder. Works
such as EVA-CLIP [53] and InternViT [8] explore larger
Vision Transformer (ViT) architectures to improve visual
representation capacity. (iii) Improving training objectives.
BLIP [35] and CoCa [74] incorporate image captioning as
an auxiliary training signal, while SigLIP [56, 77] advances
contrastive learning through optimized training objectives
and effective scaling strategies. Another challenge for the
dual-encoder paradigm is the lack of cross-modal fusion
ability. To tackle composed retrieval tasks, ALIGN [23],
UniIR [61] and MagicLens [79] either simply fuse features
by linear addition, or incorporate additional cross-attention
modules to realize cross modal interaction. However, the
limited capacity of fusion modules still constrains their per-
formance on modality-compositional tasks.

2.2. Universal Multimodal Embeddings

In response to the limitations above, a growing body
of research has focused on universal multimodal embed-
dings (UMEs) [6, 10, 16, 24, 25, 38, 82, 88]. This emerging
paradigm aims to develop a single, unified model capable of
processing diverse modalities and generating embeddings
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for a wide spectrum of tasks. From a modeling perspec-
tive, most UME approaches fine-tune a multimodal large
language model (MLLM) [3, 32, 58, 89] using contrastive
learning objectives. Several notable efforts have been made
in training data construction. M-BEIR [61] aggregates 10
source multimodal datasets to cover 16 diverse retrieval sce-
narios. VLM2Vec [25] introduces MMEB, a comprehen-
sive benchmark comprising numerous in-domain and out-
of-domain retrieval tasks for systematic evaluation. Mega-
Pairs [88] employs LLMs and VLMs to generate pseudo
instructions for curated image pairs, yielding 26M samples.
mmE5 [6] curates 560K high-quality multilingual synthetic
examples. Recent works also extend UMEs to more tasks.
GME [82] targets visual document retrieval. UNITE [26]
and VLM2Vec-v2 [45] further incorporate the video modal-
ity. Other approaches focus on performance improvement
through mining hard negative samples [30, 38, 55, 66] or in-
troducing specially-designed training stages [16, 26]. While
these methods support richer modalities and tasks, they re-
main focused on semantic-level alignment and largely ne-
glect fine-grained visual identity discrimination. In con-
trast, our approach builds upon the UME paradigm but ex-
plicitly prioritizes this critical capability.

2.3. Visual Identity Discrimination

Several traditional visual recognition tasks are closely re-
lated to visual identity discrimination (VisID), includ-
ing instance-level image retrieval (e.g., cars [29, 68],
landmarks [50, 62], e-products [48, 49]), person re-
identification [52, 85], and face recognition [11, 19]. Classi-
cal approaches [41, 47, 86] typically learn domain-specific
representations. Although recent works [2, 12, 27, 72,
73] aim to build a universal visual embedding model for
general-purpose image-to-image search, they remain con-
fined to the unimodal setting. A very recent MLLM-based
embedding approach, IDMR [39], explores grounded in-
stance retrieval. However, it focuses on a single sub-
task. Universal multimodal embeddings still lack a compre-
hensive formulation and systematic investigation of these
identity-centric tasks.

Visual identity has gained significant attention in AIGC,
where ID-preserving image and video generation meth-
ods [33, 34, 59, 76, 84] aim to retain key attributes of a
reference subject during generation. In contrast to iden-
tity preservation in generation, our work focuses on iden-
tity discrimination in representations. We believe that ro-
bust identity-aware embeddings can play important roles in
AIGC, enabling higher-quality data curation and providing
a principled basis for evaluation.

3. Preliminary: Problem Formulation

Before introducing our method, we revisit the formula-
tion of universal multimodal embeddings (UMEs) and for-

mally define visual identity discrimination (VisID) within
this framework. Then, we systematically categorize related
tasks into four essential meta-tasks that encompass the core
aspects of VisID.

UMEs take as input image–text pairs from the multi-
modal space X = I ↑ T , where I and T denote the spaces
of images and text respectively. The UME model fω(·) en-
codes each input sample x = (i, t) into a universal embed-
ding space: fω(x) = y, where y ↓ RD is a D-dimensional
embedding vector. Within this framework, prior multi-
modal embedding models [22, 51] focus on cross-modal
alignment between text-only and image-only inputs, i.e.,
matching (ω, t) with (i, ω), where ω denotes a null (empty)
placeholder indicating the absence of a modality. In con-
trast, traditional visual recognition tasks [11, 69, 72] are in-
herently image-to-image, operating solely on pairs of the
form (i, ω).

Building upon the UME framework, we provide a more
comprehensive and formal definition of visual identity dis-
crimination (VisID). From a capability perspective, VisID
refers to the ability to identify images that correspond to
the same visual identity as a query image, conditioned on a
natural language instruction. We formalize VisID as a mul-
timodal matching task where both the query and candidate
items are represented as (i, t) pairs:
Query q = (iq, tq): The image iq serves as the identity
reference, while the text tq specifies the target visual content
to be identified. The text tq can be a task instruction (e.g.,
“find other photos of this person”), a descriptive caption, or
a composition of both.
Candidate c = (ic, tc): The image ic is the primary subject
of matching, accompanied by optional text tc that provides
generic context (e.g., “Represent the image”) or may even
be absent (tc = ω).

Based on this formulation, we categorize VisID into four
distinct meta-tasks according to the characteristics of the
query–candidate pairs.
• Identity Recognition. This task requires determining

whether two images belong to the same identity, where
identity may be defined either as a unique visual instance
or as a fine-grained semantic category. It covers tasks
such as product recognition, landmark recognition, arti-
fact matching, and fine-grained species recognition.

• Re-Identification (Re-ID). Re-ID is a specialized iden-
tity recognition task that focuses on matching the same
individual entity (e.g., a person, face, or vehicle) across
distinct visual observations or depictions.

• Identity Grounding. Going beyond conventional visual
grounding, this task uses a reference image depicting a
known identity as the query, either a cropped instance
from a scene or an image of the same entity captured in a
different context (e.g., another photo of the same person).

• Identity Editing. This task addresses the robustness
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of identity representation against generative transforma-
tions. By applying text-prompted edits to a source image,
the identity of the subject in the target image is preserved
but other attributes (e.g., style, background) are altered.

Each of the above meta-tasks presents unique challenges.
Representative examples are shown in Figure 1.

4. Methodology

4.1. MVEB: Data Curation

To facilitate the training and evaluation of VisID, we con-
struct the Multimodal Visual Identity Embedding Bench-

mark (MVEB), a comprehensive dataset spanning the full
spectrum of identity-level tasks defined in Sec. 3. To ensure
both the diversity and the data quality, we carefully design
a three-step curation pipeline, illustrated in Figure 2.
Step 1: Collection and Screening. We aggregate raw data
from diverse public sources and apply a multi-tier screening
process. This includes manual verification of relevance to
VisID tasks, followed by dataset-level quality assessment.
We exclude entire datasets that fail to meet either the rele-
vance or quality criteria.
Step 2: Refinement and Mining. We perform fine-grained
balancing and cleaning in this step: For existing identity-
based datasets, we remove long-tail samples via identity-
aware re-sampling to promote domain balance, e.g., for the
4.1M GLDv2 [62], we sample 7.5K identities with at most
four images each, yielding →30K training samples.

For AIGC datasets such as GPTImageEdit [60], where
hard-negative samples are scarce, we further leverage an
auxiliary embedding model trained following [2, 72, 73]
to perform denoising and hard-negative mining. Specifi-
cally, we first identify candidate negative pairs that share the
same editing instruction but originate from different source
identities. From this candidate pool, we then employ an
auxiliary embedding model to select the pairs whose gen-
erated images are closest in the embedding space. These
samples are challenging because they are semantically con-
gruent with the instruction yet identity-inconsistent, forcing
the model to learn more fine-grained representations.
Step 3: Task Formatting and Splitting. Each sample is
assigned a task-specific natural language instruction that ex-
plicitly encodes its retrieval objective. (e.g., “Find the same
object as the one in the given image.”). Finally, we parti-
tion the data into training (as well as in-domain validation),
and out-of-domain validation sets. Crucially, whenever fea-
sible, we enforce a strict identity-aware split: no identity
present in training appears in any evaluation set. For sub-
datasets with insufficient unique identities, we fall back to a
standard random split at the sample level.

Through the above curation pipeline, we construct
MVEB, a benchmark comprising four meta-tasks, 28 sub-
datasets (20 for training and 8 for out-of-domain valida-

tion), and a total of 522K samples. Detailed statistics are
provided in Figure 3.

4.2. Training framework

To integrate VisID into existing UME training paradigms,
we design a simple yet efficient framework that is fully
compatible with standard UME pipelines. Our approach
jointly addresses data sampling and loss design, enabling
optimization of identity-aware representations in the current
framework.

4.2.1. Data Sampling

We consider data sampling from three perspectives, i.e.,
semantic-aware sampling, identity-aware sampling, and
hard-negative sampling to construct meaningful triplets
(q, C+, C→). Each mini-batch B is formed by aggregating
samples from K sub-datasets, with each sub-dataset con-
tributing exactly M samples:

B =
⋃K

k=1
Bk, |Bk| = M. (1)

This design ensures two key properties. First, it guarantees
inter-source diversity, exposing the model to varied data
distributions within a single batch. Second, it preserves
intra-source coherence, which naturally promotes the for-
mation of challenging hard negatives. Specifically, samples
from the same sub-dataset often share high-level semantic
or stylistic properties, making them ideal negative candi-
dates.
Semantic-aware Sampling. For semantic-aware tasks, we
follow the classic in-batch contrastive learning paradigm.
For a given query q, the positive set is C+ = {c+}, where
c+ denotes the unique sample in the batch that matches q.
The negative set comprises all remaining samples in the
batch: C→ = B \ {c+}, which includes both intra-source
and inter-source negatives.
Identity-aware Sampling. Unlike generic cross-modal
datasets, each query q in identity-centric datasets X belongs
to an identity group GX

q , defined as

GX
q = {x ↓ X | ID(x) = ID(q)}. (2)

Naive in-batch sampling is ill-suited for such data, as it may
inadvertently include other members of GX

q in the same
batch, leading to false-negative pairs that violate the con-
trastive assumption.

To address this, we adopt an offline sampling scheme:
before training, we pre-generate all mini-batches for the en-
tire training schedule, ensuring two key properties: (i) each
identity appears at most once per batch across all datasets,
and (ii) the sampling probability of each identity is propor-
tional to the total number of its instances in the dataset.

During training, batches are read sequentially from the
pre-scheduled stream. For any anchor q, a single positive
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Figure 2. Overall dataset curation pipeline.
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Figure 3. The distribution of MVEB dataset. Sectors shaded in light gray correspond to out-of-domain (OOD) validation sets.

candidate c+ is then randomly sampled from GX
q to form

the training triplet.
Structured hard-negative sampling. To enhance the dis-
crimination of models, we introduce a mechanism for struc-
tured hard-negative mining. For certain sub-datasets that
contain pre-defined hard-case relationships, we ensure these
hard negatives are actively sampled. Specifically, when
an anchor q is drawn from such a dataset, we simultane-
ously sample k of its designated hard negatives into the
same mini-batch. This forces the model to learn more
fine-grained boundaries beyond what random sampling pro-
vides.

Consequently, by combining these strategies, both
identity-centric and semantic-aware tasks are optimized un-
der a single objective (q, C+, C→), enabling a unified and
effective training framework.

4.2.2. Unified Contrastive Loss

To realize our unified learning objective, we adopt a single
contrastive loss that jointly optimizes semantic alignment
and identity discrimination through triplets (qi, C+

i , C→
i )

generated by our sampling strategy. Here, qi is a query,
c+i ↓ C+

i is a positive candidate, and C→
i ) is the set of nega-

tive candidates drawn from the same mini-batch.
Let fω(·) denote the universal embedding function. The

similarity between two inputs xi and xj is defined as the
scaled cosine similarity:

Sim(xi, xj) =
fω(xi)↑fω(xj)

ε
(3)

where ε > 0 is a learnable temperature parameter.
For each query qi, the loss encourages its embedding

to be closer to that of its positive c+i than to any negative
c→i ↓ C→

i . Leveraging the natural partitioning of negatives
into intra-source and inter-source groups, as ensured by our
batch construction, we formulate the loss as:

Li = ↔ log
eSim(qi,c

+
i )

eSim(qi,c
+
i ) +

∑
c→j ↓C→

i
eSim(qi,c

→
j )

. (4)

The total batch loss is the average over all queries:

L =
1

|B|
∑

i↓B
Li. (5)

This formulation is inherently universal: the same loss
(Eq. 4) governs both paradigms, with task specificity emerg-
ing solely from how triplets are constructed. In semantic-
aware tasks, c+i is a caption aligned with qi. In identity-
discrimination tasks, it is another view or edited variant of
the same entity. Meanwhile, structured hard negatives en-
sure fine-grained discrimination, while inter-source nega-
tives provide broad semantic diversity.

5. Experiments

5.1. Experimental Setup

Datasets and Metrics. Our training corpus is constructed
by combining the MMEB [25] and our proposed MVEB.
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Table 1. Comparison of methods on benchmark datasets. Bold indicates the best result, underline the second best.

Models MMEB MVEB Average score
Cls VQA Ret Grd ID-Rec Re-ID ID-Grd ID-Edit MMEBavg MVEBavg

Dual-Encoder Models
CLIP (ViT-large-14) [25] 42.8 9.1 53.0 51.8 55.3 44.3 37.4 52.5 37.8 48.2
SigLIP2 (so400m-14-384) [56] 55.7 9.1 43.6 62.2 73.1 45.6 36.8 65.4 39.4 57.1
LLM2CLIP (EVA-02) [22] 54.1 14.5 61.3 63.5 65.4 47.5 38.1 72.1 46.5 56.2

→ 2B VLM Models
VLM2Vec (Qwen2-VL-2B) [25] 58.7 49.3 65.0 72.9 50.1 24.1 32.5 53.3 59.7 40.4
GME (Qwen2-VL-2B) [82] 56.9 41.2 67.8 53.4 62.2 39.1 33.7 72.9 55.8 52.2
UniME (Phi-3.5-V) [16] 54.8 55.9 64.5 81.8 44.4 31.8 33.8 70.3 64.2 43.6
LLaVE (Aquila-VL-2B) [30] 62.1 60.2 65.2 84.9 29.1 26.6 29.4 72.9 65.2 36.4
VLM2Vec-V2.0 (Qwen2-VL-2B) [25] 62.9 56.3 69.5 77.3 61.8 33.9 39.8 74.2 64.9 52.3
B3 (Qwen2-VL-2B) [55] 67.0 61.2 70.9 79.9 53.7 13.8 31.7 59.5 68.1 40.1
VisME (Qwen2-VL-2B) 66.1 62.5 69.5 78.4 74.7 54.4 62.0 87.3 67.6 69.1
VisME (Qwen2.5-VL-3B) 63.3 67.4 70.5 87.8 78.7 67.7 75.1 87.4 69.6 76.7

→ 7B VLM Models
VLM2Vec (Qwen2-VL-7B) [25] 62.6 57.8 69.9 81.7 61.8 33.9 39.8 74.2 65.8 52.3
GME (Qwen2-VL-7B) [82] 57.7 34.7 71.2 59.3 63.3 43.3 39.8 74.6 56.0 55.3
UniME-v2 (LLaVA-OneVision-7B) [17] 65.6 68.7 73.1 90.9 58.4 40.5 40.6 69.3 71.8 52.1
LamRA (Qwen2.5-VL-7B) [43] 51.7 34.1 66.9 56.7 26.9 17.2 12.9 19.9 52.4 20.2
LLaVE (Llava-OV-7B) [30] 65.7 65.4 70.9 91.9 57.8 42.0 44.9 77.2 70.3 54.5
B3 (Qwen2-VL-7B) [55] 70.0 66.5 74.1 84.6 61.1 35.5 43.5 70.9 72.0 52.7
VisME (Qwen2-VL-7B) 68.9 69.1 72.8 86.1 78.6 60.6 68.6 90.2 72.1 74.0
VisME (Qwen2.5-VL-7B) 66.4 70.2 72.6 90.7 80.8 70.6 76.7 88.7 72.2 78.8

This unified collection comprises 40 datasets totaling 1.1M
pairs. The MMEB portion contributes 20 in-distribution
datasets (662K pairs) covering four general tasks: Classi-
fication (Cls), VQA, Retrieval (Ret), and Grounding (Grd).
The MVEB portion adds another 20 in-distribution datasets
(439K pairs) focusing on four identity-centric tasks: Iden-
tity Recognition (ID-Rec), Re-Identification (Re-ID), Vi-
sual Identity Grounding (ID-Grd), and Identity Editing (ID-
Edit). For evaluation, we assess performance on the MMEB
(20 in-distribution and 16 out-of-distribution test sets) and
the MVEB benchmark (20 in-distribution and 8 out-of-
distribution test sets). We report Precision@1 (P@1) as the
primary metric for all tasks.

Implementation Details. Our model, based on Qwen2.5-
VL [3] and Qwen2-VL [58], is trained on 8 NVIDIA A800
GPUs. We use LoRA (rank=16, alpha=32) [21] and Grad-
Cache [14] for memory optimization. We process images at
a maximum resolution of 200,704 pixels, corresponding to
256 visual tokens, and limit the maximum sequence length
at 768. The model is trained for 3,000 steps using a global
batch size of 1024 and a learning rate of 1e→4. The con-
trastive loss uses a learnable temperature ε , initialized to
0.02, and k = 5 hard negatives same as the paper [55].

5.2. Main Results

We compare our method against a range of baselines, in-
cluding dual-encoder models and recent UMEs. The results
are summarized in Table 1.
• Dominant Performance Across Benchmarks. Our method

establishes best results on both MMEB and MVEB
benchmarks. On the MMEB, our 7B model achieves
an average score of 72.2, outperforming the best (B3).
The superiority is even more pronounced on our proposed
identity-centric MVEB benchmark. Our 2B model alone
scores 69.1, significantly surpassing all baselines, and our
7B model extends this lead, reaching an impressive 78.8.
This demonstrates our model’s robust general multimodal
capabilities and its exceptional strength in fine-grained
identity understanding.

• Analysis of Dual-Encoder Models. To accommodate
the architectural limitations of dual-encoder models, we
modified all tasks except Identity Editing into pure image-
to-image retrieval tasks by eliminating the text. For Iden-
tity Editing, we generate the final representation by aver-
aging the corresponding visual and text embeddings. Un-
der this adapted protocol, SigLIP2 distinguishes itself as
the best-performing dual-encoder on MVEB, especially
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on the Identity Recognition task. This interesting phe-
nomenon suggests that the dual-encoder architecture also
holds promise for VisID tasks.

• Shortcomings of Existing UMEs. Among the UMEs,
GME-7B demonstrates the best results. We contend that
its performance stems from its diverse UMRB dataset,
which likely fosters a more optimal feature space distri-
bution. This view is supported by the VLM2Vec-V2.0
model, whose superior performance over other 2B-scale
models can be linked to its training on more extensive
data. Nevertheless, a clear pattern emerges: all these
UME models lag significantly behind our approach on
identity-level benchmarks. This performance discrepancy
reinforces our central claim that visual identity under-
standing represents a critical, yet previously neglected,
capability in the multimodal representation learning.

5.3. Ablations Analysis

In the following ablation studies, our default setting is the
Qwen2.5-VL-3B model trained on a combined dataset of
MMEB and MVEB.
Effectiveness of Sampling Strategies. To evaluate the ef-
fectiveness of our sampling strategy, we conduct all exper-
iments using LoRA with rank 16 and alpha 32. The results
are presented in Table 2. Our baseline model is trained
using interleaved batch sampling without any constraints
on the in-distribution dataset; specifically, each interleaved
batch has a size of 64, yielding a total batch size of 1024.
By incorporating ID-aware sampling, we observe substan-
tial performance gains: MVEB’s in-distribution accuracy
improves by 11.9 points and its out-of-distribution accuracy
by 12.8 points compared to the variant without ID-aware
sampling. This improvement stems from the fact that, un-
der standard interleaved sampling, each batch is drawn ex-
clusively from a single sub-dataset, which increases the risk
of false negatives, particularly when samples sharing identi-
cal IDs appear across different batches. Our ID-aware sam-
pling explicitly mitigates this issue by ensuring that such
samples are not treated as negative pairs, thereby prevent-
ing the severe performance degradation previously observed
in MVEB. Furthermore, by integrating a controlled propor-
tion of hard negative examples into the training pipeline,
both MMEB and MVEB consistently outperform random
sampling across both IND and OOD settings. Collectively,
these two strategies allow for the unified training of both
normal and ID-centric data.
Impact of Training Data. Under the proposed train-
ing framework, the formula of training data influences the
model’s performance preferences. We compare training on
the MMEB and MVEB datasets individually versus on their
combined mixture. Results are shown in Table 3. Train-
ing on a single benchmark only enhances the correspond-
ing capability, failing to generalize to the other. In con-

Table 2. Ablation study on our proposed sampling strategy.

ID-aware
Sampling

Hard Case
Mining

MMEB MVEB

IND OOD IND OOD

✁ ✁ 74.2 59.4 64.3 61.2
✂ ✁ 74.2 59.8 76.2 74.0
✂ ✂ 75.1 60.3 77.7 74.1

Table 3. Ablation study on the composition of training data. Ex-
periments are conducted on the Qwen2-VL-2B.

Data Formula
Benchmarks MMEB MVEB

IND OOD IND OOD

MMEB 71.4 59.0 51.7 51.2
MVEB 41.9 43.5 72.4 64.8
MMEB+MVEB 72.3 59.2 76.8 72.6

Table 4. Ablation study on interleave batch size.

Interleave
Batch size

MMEB MVEB

IND OOD Avg IND OOD Avg

32 74.7 59.5 69.1 76.8 72.6 75.6
64 75.1 60.3 69.6 77.7 74.1 76.7

128 75.2 60.5 69.7 78.1 73.5 76.8

trast, mixed training consistently improves performance on
both datasets, with the gains for MVEB exceeding those for
MMEB. This indicates that the two datasets complement
each other, and that general mixed training particularly ben-
efits MVEB.
Influence of Interleave Batch Size. To further investi-
gate the impact of interleave batch size on model perfor-
mance, we conduct a controlled ablation study under the
full sampling strategy described above, varying the inter-
leaved batch size while keeping all other components fixed.
Results are reported in Table 4. As shown in the table, in-
creasing the interleaved batch size from 32 to 64 yields con-
sistent performance gains across both MMEB and MVEB.
However, further increasing the size from 64 to 128 leads to
only marginal improvements, and even a slight degradation
on the MVEB OOD split, suggesting diminishing returns
and potential negative effects from excessive intra-batch ho-
mogeneity. Based on this analysis, we select an interleaved
batch size of 64 as the optimal trade-off between cross-
dataset mixing and preservation of ID-aware structure.
Sensitivity to Experimental Parameters. We further con-
duct ablation studies on key hyperparameters. As shown
in Table 5, initializing the temperature in the loss function
at 0.02 yields the best performance, though it is nearly in-
distinguishable from fixing it at 0.02 throughout training.
We also evaluate the effects of batch size and LoRA rank.
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Retrieve all images 
with the same cartoon 
character.

Retrieve all images 
that depict the same 
species

Represent the face in 
the given image.

ID-Rec

Re-ID

ID-Grd

ID-Edit

VisME-7B（ours） VLM2Vec-7B

Wearing white sneakers,
sitting on a park bench. 

Figure 4. Qualitative comparison of image retrieval results on four tasks (ID-Rec, Re-ID, ID-Grd, and ID-Edit) between our method (based
on Qwen2.5-VL-7B) and VLM2Vec-7B. Green boxes denote correct or relevant results, red boxes denote failures or irrelevant outputs, and
no boundary indicates that all target images have been retrieved.

Table 5. Ablation study on temperature for contrastive learning.

Temperature
ω

MMEB MVEB

IND OOD Avg IND OOD Avg

0.01 74.5 60.0 69.2 77.4 72.9 76.1
0.02 75.0 60.3 69.5 77.6 74.0 76.6
0.03 74.5 60.0 69.1 77.5 72.0 75.9

0.02(learnable) 75.1 60.3 69.6 77.7 74.1 76.7

Figure 5. Performance variation with respect to batch size and
LoRA rank.

Increasing the batch size from 256 to 1024 leads to mod-
est performance gains, suggesting that hard-case mining re-
duces the model’s sensitivity to batch size. Additionally,
varying the LoRA rank reveals that rank 32 achieves opti-
mal results.

5.4. Qualitative Analysis

Figure 4 presents a qualitative analysis of our model’s per-
formance across four meta-tasks, highlighting its superior
identity-level capabilities. The model accurately identifies

butterfly species by capturing subtle wing patterns—details
that baseline models like VLM2Vec overlook. It also ex-
hibits broad cross-domain versatility (Row 2). Notably, our
VisME model introduces an identity grounding capability
absent in prior UMEs (Row 3): given a cropped face as
query, it retrieves both the original source image and other
distinct images containing the same person, effectively link-
ing partial observations to a complete identity. Finally, Row
4 shows the model’s proficiency in handling compositional
queries involving instruction-based editing, accurately re-
trieving a specific identity even when the query is modified
by textual instructions.

6. Conclusion

In this work, we addressed a critical yet overlooked capa-
bility within the field of Universal Multimodal Embeddings
(UMEs): visual identity discrimination (VisID). We argued
that the absence of a focus on VisID limits the practical util-
ity of current UMEs. To bridge this gap, we introduced
a comprehensive framework encompassing a new problem
formulation, a large-scale benchmark targeting this problem
(MVEB), and an effective identity-aware training strategy.
Extensive experiments show that our approach significantly
enhances performance on our identity-centric MVEB by a
large margin, while maintaining competitive performance
on the general multimodal benchmark, i.e., MMEB. Fur-
ther, our work may help to establish a quantitative evalua-
tion for identity similarity, boosting future studies about AI-
generated content requiring identity preservation. We hope
our work will be able to support diverse communities.
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