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Abstract

Universal multimodal embedding models are foundational
to various tasks. Existing approaches typically employ in-
batch negative mining by measuring the similarity of query-
candidate pairs. However, these methods often struggle to
capture subtle semantic differences among candidates and
lack diversity in negative samples. Moreover, the embeddings
exhibit limited discriminative ability in distinguishing false
and hard negatives. In this paper, we leverage the advanced
understanding capabilities of MLLMs to enhance represen-
tation learning and present a novel Universal Multimodal
Embedding (UniME-V2) model. Our approach first constructs
a potential hard negative set through global retrieval. We then
introduce the MLLM-as-a-Judge mechanism, which utilizes
MLLMs to assess the semantic alignment of query-candidate
pairs and generate soft semantic matching scores. These scores
serve as a foundation for hard negative mining, mitigating the
impact of false negatives and enabling the identification of
diverse, high-quality hard negatives. Furthermore, the seman-
tic matching scores are used as soft labels to mitigate the
rigid one-to-one mapping constraint. By aligning the simi-
larity matrix with the soft semantic matching score matrix,
the model learns semantic distinctions among candidates, sig-
nificantly enhancing its discriminative capacity. To further
improve performance, we propose UniME-V2-Reranker, a
reranking model trained on our mined hard negatives through
a joint pairwise and listwise optimization approach. We con-
duct comprehensive experiments on the MMEB benchmark
and multiple retrieval tasks, demonstrating that our method
achieves state-of-the-art performance on average across all
tasks.

Introduction

Multimodal embedding models aim to encode heterogeneous
multimodal data into a unified dense representation space,
enabling a wide range of downstream applications such as vi-
sual question answering (Dong et al. 2025; Hamza et al. 2025;
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Figure 1: Comparison between previous works and UniME-
V2. UniME-V2 exploits the understanding capabilities of
MLLMs for hard negatives mining and generates a soft se-
mantic matching score to supervise the model in learning the
semantic difference among candidates.

Li et al. 2025) and multimodal retrieval (Zheng et al. 2025;
Gu et al. 2025b; Yang et al. 2025; Gu et al. 2024). With the in-
creasing adoption of these models, multimodal representation
learning has garnered significant research attention. Among
these models, CLIP (Radford et al. 2021) stands out as a pio-
neering approach, achieving remarkable performance in text-
image retrieval by leveraging cross-modal contrastive learn-
ing on large-scale web-collected image-text pairs (Schuh-
mann et al. 2021). However, its effectiveness is hindered by
three major limitations: (1) CLIP enforces a strict text to-
ken limit of 77, which restricts its ability to process detailed
or lengthy descriptions (Zhang et al. 2024a; Cao, Wei, and
Ma 2024; Huang et al. 2024b); (2) Its dual-encoder design
processes images and text independently, which reduces its
effectiveness in handling complex tasks, such as instruction-
following multimodal retrieval (Jiang et al. 2025; Liu et al.
2024; Gu et al. 2025a); and (3) CLIP exhibits limited profi-



ciency in advanced language understanding, struggles with
handling compositionality, and often demonstrates bag-of-
words behavior (Yuksekgonul et al. 2022; Tschannen et al.
2023; Hu et al. 2025).

Recent advances in Large Language Models (LLMs) have
achieved state-of-the-art performance on the MTEB bench-
mark (Muennighoff et al. 2022). Motivated by these devel-
opments (Lee et al. 2024; BehnamGhader et al. 2024), re-
searchers are currently exploring how to utilize Multimodal
Large Language Models (MLLMs) to learn universal multi-
modal representation. E5-V (Jiang et al. 2024) adopts a uni-
modal contrastive learning approach, training the language
component of MLLMs on sentence pairs to better align the
cross-modal representation spaces. VLM2Vec (Jiang et al.
2025) introduces the Massive Multimodal Embedding Bench-
mark (MMEB), comprising 36 datasets across four meta-
tasks, and proposes a contrastive learning framework to re-
purpose pre-trained vision-language models as embedding
models via training on the MMEB dataset. QQMM (Xue, Li,
and Liu 2025a) provides an in-depth analysis of the gradients
derived from the InfoNCE loss and proposes amplifying gra-
dients associated with hard negative samples to encourage the
model to learn more discriminative embeddings. UniME (Gu
et al. 2025a) presents a two-stage framework that leverages
a powerful LLM-based teacher model to improve the em-
bedding capabilities of the language component in MLLMs.
Furthermore, it incorporates a hard negative sampling strat-
egy that selects multiple challenging negatives per instance
within each batch. Despite these advances, existing methods
fail to fully exploit the semantic differences between can-
didates and are limited by the lack of diversity in negative
samples. Moreover, the raw embeddings produced by these
models are frequently inadequate for reliably discriminating
between hard negatives and false negatives.

In this paper, we propose a novel Universal Multimodal
Embedding (UniME-V2) model, which leverages the robust
understanding capabilities of MLLMs to enhance representa-
tion learning. As shown in Fig. 1, we first construct a potential
hard negative set through global retrieval. Then, we intro-
duce MLLM-as-a-Judge to assess the semantic alignment of
query-candidate pairs, producing semantic matching scores.
This score serves as the foundation for hard negative mining,
effectively reducing interference from false negatives and
enabling the identification of high-quality, diverse hard nega-
tives. Additionally, we use the scores as soft labels to mitigate
strict one-to-one mapping constraints. Aligning the similarity
matrix with the semantic score matrix enables the model to
capture semantic distinctions among candidates, significantly
improving its discriminative ability. To further enhance per-
formance, we introduce UniME-V2-Reranker, a reranking
model trained on our mined hard negatives through a joint
pairwise and listwise optimization approach. Extensive exper-
iments on the MMEB benchmark and various retrieval tasks,
including short/long caption retrieval and compositional re-
trieval, demonstrate that our method achieves state-of-the-art
performance across all tasks. The main contributions of this
paper are summarized as follows:

* We introduce a MLLM-as-a-Judge pipeline for hard
negative mining that uses the advanced understanding

capabilities of MLLM to assess the semantic alignment
of each query-candidate pair within a globally retrieved
potential hard negative set.

* We present UniME-V2, a novel universal multimodal em-
bedding model trained with an MLLM judgment based
distribution alignment framework. By leveraging seman-
tic matching scores as soft labels, the model effectively
captures semantic differences between candidates, signifi-
cantly enhancing its discriminative capability.

* We propose UniME-V2-Reranker, a reranking model
trained on high-quality, diverse hard negatives through a
joint pairwise and listwise optimization approach.

¢ We conduct extensive experiments on the MMEB bench-
mark and various retrieval tasks, including short and long
caption retrieval as well as compositional retrieval. The re-
sults demonstrate that our method achieves state-of-the-art
performance on average across all tasks.

Related Work
Multimodal Large Language Models

Multimodal Large Language Models (MLLMs) extend tra-
ditional LLMs to process and integrate information across
multiple modalities (Wang et al. 2025b,a; Xie et al. 2024;
Bai et al. 2025; An et al. 2025a, 2024). As a foundational
contribution, LLaVA (Liu et al. 2023) leverages a subset of
the CC3M (Changpinyo et al. 2021) dataset to achieve more
balanced conceptual coverage. In this approach, the visual en-
coder and language model remain frozen, while only the pro-
jection layer is trained to align visual features with language
tokens. Subsequently, numerous MLLM variants (Peng et al.
2023; Lin et al. 2024a; Tang et al. 2025a,b; An et al. 2025b)
have achieved remarkable results in multimodal understand-
ing and reasoning tasks. For instance, CogVLM (Wang et al.
2023) incorporates a trainable visual expert module into the
attention and feed-forward layers of the language model,
achieving significant improvements on 17 standard cross-
modal benchmarks. Similarly, Qwen2-VL (Wang et al. 2024)
introduces the Naive Dynamic Resolution mechanism and
integrates M-RoPE to enhance positional information fusion,
yielding competitive performance across diverse benchmarks.
LLaVA-OneVision (Li et al. 2024) pushes the boundaries of
open MLLMs by excelling in single-image, multi-image, and
video tasks, showcasing robust video understanding through
effective task transfer from image-based training. Although
these advances have significantly improved the understanding
capabilities of MLLMs, further research is needed to explore
how MLLMs can effectively learn unified multimodal repre-
sentations.

Multimodal Representation Learning

CLIP (Radford et al. 2021) demonstrates strong image-text
retrieval performance through large-scale cross-modal con-
trastive learning but faces three key limitations: (1) A 77-
token text truncation restricts fine-grained semantic align-
ment (Zhang et al. 2024a; Cao, Wei, and Ma 2024; Huang
et al. 2024b); (2) Its dual-encoder architecture limits effec-
tive cross-modal fusion, particularly for instruction-sensitive
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Figure 2: The MLLM-as-a-Judge pipeline for Hard Negatives Mining. We first utilize an existing multimodal embedding model
for global retrieval to construct a potential hard negative set. We then leverage the powerful understanding capabilities of MLLM
to score query-candidate pairs based on their semantic alignment, enabling precise identification of hard negatives.

tasks (Jiang et al. 2025; Liu et al. 2024; Gu et al. 2025a); and
(3) Simplistic language modeling results in bag-of-words rep-
resentations (Yuksekgonul et al. 2022; Tschannen et al. 2023;
Hu et al. 2025; Lei et al. 2024; Huang et al. 2024a; Ando-
nian, Chen, and Hamid 2022). To address these issues, recent
studies have incorporated MLLMs for enhanced multimodal
representation learning. E5-V (Jiang et al. 2024) employs
unimodal contrastive learning, training the language com-
ponent of MLLMSs on sentence pairs to reduce cross-modal
representation gaps. VLM2Vec (Jiang et al. 2025) introduces
the Massive Multimodal Embedding Benchmark (MMEB)
and adapts state-of-the-art vision-language models into em-
bedding models using a contrastive framework trained on
MMEB. QQMM (Xue, Li, and Liu 2025a) analyzes InfoNCE
loss gradients and proposes enhancing gradients associated
with hard negatives to improve embedding discrimination.
UniME (Gu et al. 2025a) adopts a two-stage framework with
an LLM-based teacher model to refine language embeddings
and employs a hard negative sampling strategy, selecting
multiple challenging negatives per batch. Despite these ad-
vancements, existing methods still under-utilize the semantic
differences among candidates and struggle to effectively iden-
tify and leverage hard negatives during retrieval.

Methodology
Task Definition

Unlike CLIP, which employs separate encoders to gener-
ate embeddings for each modality, we investigate leverag-
ing the unified architecture of MLLM to extract embed-
dings across multiple modalities and improve retrieval per-
formance through reranking. Specifically, given a query ¢
and a set of candidates Q. = {¢1,¢a,. .., ¢y}, which may
include images, text, and interleaved image-text data, the
universal embedding model @y, encodes the query and
candidates, retrieving the top-k most relevant candidates
Q. = Demn(q, Q). To further enhance retrieval perfor-
mance, a reranker model &, refines this subset through

a reranking process, producing the final ranked output Q=

(brank(Qa Qk)

MLLM-as-a-Judge for Hard Negatives Mining

Previous works (Jiang et al. 2025; Liu et al. 2024) primarily
rely on in-batch hard negative mining, where query-candidate
embedding similarities are computed to sample negatives.
However, this method often suffers from limited negative
sample diversity and insufficient embedding discriminative
power to effectively distinguish false and hard negatives. To
overcome these challenges, as shown in Fig. 2, we first con-
struct a potential hard negative set using global retrieval. After
that, inspired by previous work (Zheng et al. 2023; Chen et al.
2024a), we leverage the robust understanding capabilities
of MLLMs to assess the semantic alignment of each query-
candidate pair and generate a soft semantic matching score.
This score guides hard negative mining, enabling the iden-
tification of diverse and high-quality hard negatives while
reducing the impact of false negatives.

Potential Hard Negative Set. To extract higher-quality hard
negatives from global samples, we first use VLM2Vec to gen-
erate embeddings for both queries and candidates. We then
retrieve the top 50 most relevant candidates for each query.
To address false negatives and improve diversity, we apply
a similarity threshold (§) based on the query-candidate simi-
larity scores and select the top 50 candidates as the potential
hard negative set (£,):

Q, = Ranksg ({1,...,2,}), Where x; < 0, (1)

where z; is the similarity score of the query ¢q and candidates
Q. calculated by the VLM2Vec model.

Semantic Matching Score. After constructing the potential
hard negative set (§2,), we employ an MLLM as a judge to
compute a semantic matching score for each query-candidate
pair in €2, guided by the following instruction:
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Figure 3: The architecture of the MLLM Judgment Based
Training Framework. UniME-V2 uses soft semantic matching
scores as supervised signals to enhance semantic distinction
learning between candidates. UniME-V2-Reranker employs
joint pairwise and listwise optimization to enhance reranking
performance.

I will provide you with a query and a candidate.
Please evaluate whether the candidate meets the re-
quirements of the query. If it does, respond with ’Yes’;
if it doesn’t, respond with ’No’. Query:<Query>,
Candidates: < Candidate>.

After that, we compute the semantic matching score S =

{s1,52,...,5m} based on the logits of the Yes (e,) and
No (e,,) tokens, where s; = (jTye%’ where S € R™2*50 apd
ng denotes the number of quef/ies. Leveraging the advanced
understanding capabilities of MLLMs, the semantic matching
score S effectively captures the degree of semantic alignment
between queries and candidates.
Hard Negative Sampling. To enhance the quality of hard
negatives, we refine candidates using the semantic matching
score (S). False negatives are excluded if their score exceeds a
threshold o = 0,., — 3, where c; denotes the positive sample
and (3 is a hyperparameter controlling the threshold margin
as 0.01. To maintain diversity, we apply a cyclical sampling
strategy with five-step intervals. If the refined set contains
fewer than ten candidates, we duplicate selections to ensure
a minimum of ten. In the rare case where no candidates meet
the criteria (< 1%), we randomly select 10 candidates from
the initial pool of fifty and assign each a semantic matching
score of 1.0. Finally, for each query ¢, we obtain the hard
negative set Q, = {c1, ..., ¢ } along with the corresponding
semantic matching scores Sy, = {Sq,¢; -+, Sq,cx }-

i

MLLM Judgment Based Training Framework

UniME-V2. Previous works (Jiang et al. 2025; Gu et al.
2025a) are limited by a rigid one-to-one mapping, which re-
stricts the ability to learn distinctions among diverse negative
samples. To address this, as shown in Fig. 3, we propose
an MLLM judgment based distribution alignment frame-
work, leveraging soft semantic matching scores as supervised
signals to improve representation performance. Specifically,

given a query ¢ and its candidate set Q. = {ct, ¢, ..., Ci }s
we input them into the MLLM and extract the last to-
ken as embeddings for the query e, and candidates E; =
{el, ez ... e. }, where ef is the embedding of target candi-
date and k is the hard negative number for each query. We
then compute the relation score matrix between the query
embedding e, and candidate embeddings E as follows:

exp(cos(eq, el)/T)
eap(cos(eq,el)/T) + 21, exp(cos(eq,e,-)/T)
€]
Based on the semantic matching scores S. =
{Sq,ct8q,c1s -+ Sq,cr }» W compute the semantic matching
score matrix Q(S.) derived from the MLLM judgment as
follows:

Q(Se) =

P(eqr EC) =

exp(sq,c. /T)
exp(sq.c./T) + Zf:l exp(Sq,c; /T)
To enhance learning robustness and ensure matrix symme-
try, we employ JS-Divergence, a symmetric alternative to
KL-Divergence (Nielsen 2020). The final loss function L is
defined as:

3

= L S KB B0
— a(NZ; ( (ei, c)HQ( C))+
1 z;V “)
N Z KL(Q(Se)|[P(es, Ec)))-

UniME-V2-Reranker. Following previous works (Liu et al.
2024; Lin et al. 2024b), we train a reranking model to en-
hance retrieval precision following initial embedding-based
retrieval. Specifically, we train UniME-V2-Reranker using
joint pairwise and listwise approaches to enhance its rerank-
ing capability (refer to Fig. 3). In pairwise training, we con-
struct two pairs for each query ¢ by combining with the
positive candidate c¢; and the hardest negatives c;,. We then
instruct UniME-V2-Reranker to output YES for the positive
and NO for the negative. The pairwise loss L4, is computed
using the cross-entropy loss function as:

ACpon'r = Cce(YESﬂ?(q,Ct» + ﬁce(NO777(q,Ch))7 (5)

where 7 denotes the autoregressive output process of UniME-
V2-Reranker. For listwise training, based on the semantic
matching score, we choose top-z candidates ({ci,...c;})
from the hard negative candidates, insert the target candidate
¢ at a random position and get its index I.,. The UniME-
V2-Reranker is then prompted to output the position of the
ground truth, formulated as:

Liist = Lee (Ict ) 77(% Ct, {Cl7 Caf})) (6)

The final loss function is defined as £ = Lyair + Liist.
Detailed descriptions of the prompts used for pairwise and
listwise training are provided in the supplementary material.

Inference Pipeline

After obtaining UniME-V2 and UniME-V2-Reranker, we
integrate them during inference to improve retrieval perfor-
mance. We initially use UniME-V2 embed query and can-
didate into features and utilize cosine similarity scores to



Per Meta-Task Score Average Score

Models #Parameters
Classification VQA  Retrieval Grounding IND (0]0))) Overall
# of Datasets — 10 10 12 4 20 16 36
Zero-shot on MMEB
CLIP (ViT-L)(Jiang et al. 2025) 0.4B 42.8 9.1 53.0 51.8 37.1 38.7 39.2
OpenCLIP (ViT-L)(Radford et al. 2021) 0.4B 41.5 6.9 44.6 53.5 32.8 36.0 36.6
Magiclens (ViT-L)(Zhang et al. 2024b) 0.4B 38.8 8.3 354 26.0 31.0 23.7 27.1
SigLIP (So/14)(Zhai et al. 2023) 0.9B 40.3 8.4 31.6 59.5 323 38.0 35.0
BLIP2 (ViT-L)(Li et al. 2023) 1.2B 27.0 42 33.9 47.0 25.3 25.1 28.0
CLIP (ViT-BigG/14)(Cherti et al. 2022) 2.5B 52.3 14.0 50.5 60.3 38.9 45.8 443
EVA-CLIP(Sun et al. 2023) 3B 56.0 104 49.2 58.9 38.1 45.6 437
E5-V (Phi3.5-V)(Jiang etal. 2024) ~ =~ 42B° 391 96 380 = 576 331 ~ 319 361
E5-V (LLaVA-1.6)(Jiang et al. 2024) 7B 39.7 10.8 394 60.2 34.2 33.4 37.5
Fine-tuning on MMEB
CLIP (ViT-L)(Jiang et al. 2025) 0.4B 55.2 19.7 53.2 62.2 47.6 42.8 47.6
VLM2Vec (Qwen2-VL)(Jiang et al. 2025) =~ 2B 590 494 654 734 660 526 601
VLM2Vec (Qwen2-VL)(Jiang et al. 2025) 7B 62.6 57.8 69.9 81.7 72.2 57.8 65.8
LLaVE (LLaVA-OV)(Lan et al. 2025) 7B 65.7 65.4 70.9 91.9 75.0 64.4 70.3
QQMM (LLaVA-OV)(Xue, Li, and Liu 2025b) 7B 66.8 66.8 70.5 90.4 74.7 65.6 70.7
UniME (Qwen2-VL)(Gu et al. 2025a) 2B 59.0 534 64.9 69.6 65.5 54.6 60.6
UniME (Qwen2-VL)(Gu et al. 2025a) 7B 64.7 59.0 71.6 82.7 72.2 61.4 67.4
UniME (LLaVA-OV)(Gu et al. 2025a) 7B 66.8 66.6 70.5 90.9 74.6 65.8 70.7
UniME-V2(Qwen2-VL) 2B 62.1(+3.1)  56.3(+2.9) 68.0(+3.1) 72.7(+3.1) 67.4(+1.9) 58.9(+4.3) 63.6(+3.0)
UniME-V2(Qwen2-VL) 7B 64.0(-0.7)  60.1(+1.1) 73.1(+1.5) 82.8(+0.1) 72.0(-0.2) 63.0(+1.6) 68.0(+0.6)
UniME-V2(LLaVA-OV) 7B 65.3(-1.5)  67.6(+1.0) 72.9(+2.4) 90.2(-0.7) 74.8(+0.2) 66.7(+0.9) 71.2(+0.5)

Table 1: Results on the MMEB benchmark. IND: in-distribution, OOD: out-of-distribution. Scores are average Precision@]1.

Detailed results are in the supplementary material.

retrieve the top-10 most relevant candidates. Subsequently,
UniME-V2-Reranker reranks these candidates based on the
following instruction:

r

I will provide you with a query followed by multiple can-
didates in the format: (1) candidatel (2) candidate2,
etc. Each candidate is independent of the others. Evalu-
ate each candidate against the query, and respond with
the number corresponding to the candidate that best
meets the requirements of the query. Query:<Query>,
Candidates: < Candidate list>.

Experiments and Results
Implementation

We extract query and candidate embeddings using VLM2Vec
(Qwen2-VL-7B) to construct a potential hard negative set.
We use the Qwen2.5VL-7B to generate the soft semantic
matching score. We train UniME-V2 using two different
multimodal large language models: Qwen2-VL (Wang et al.
2024) and LLaVA-OneVision (Li et al. 2024). To optimize
GPU memory, we implement LoRA (rank=16) with Deep-
Speed ZeRO stage-2 (Aminabadi et al. 2022). The training of
UniME-V2 is conducted on 8 X NVIDIA A800 (80GB) GPUs
to accommodate the substantial computational demands. We
use 336x336 resolution image inputs, set the accumulated
batch size to 1024, with learning rates of le-4 (Qwen2-VL)
and 2e-5 (LLaVA-OneVision). We set the temperature of
the Symmetric KL loss 7 = 0.02 and sample k£ = 8 hard
negatives, and train each model for 2,000 steps.

Datasets and Evaluation

Training Data. Following VLM2Vec (Jiang et al. 2025)
and UniME (Gu et al. 2025a), we employ 20 in-distribution
datasets from the MMEB benchmark, which cover four core
multimodal tasks: classification, visual question answering,
multimodal retrieval, and visual grounding. This compre-
hensive training corpus, incorporating both unimodal and
multimodal input data, totals 662k carefully curated train-
ing pairs, ensuring robust model adaptation across diverse
multimodal tasks.

Evaluation. In this study, we evaluate UniME-V2 across
both in-distribution (20 test sets) and out-of-distribution (16
test sets) benchmarks from MMEB (Jiang et al. 2025) to
assess its multimodal embedding capabilities across diverse
retrieval tasks. Following standard evaluation protocols (Liu
et al. 2024; Jiang et al. 2025), we report Precision, measur-
ing the proportion of correct matches among the top-ranked
candidates for each dataset. To further examine the unimodal
embedding performance of UniME-V2, we conduct exper-
iments on multiple cross-modal retrieval tasks, including
short-caption image-text retrieval on Flickr30K (Plummer
et al. 2015) and COCO2014 (Lin et al. 2014), long-caption
image-text retrieval on ShareGPT4V (Chen et al. 2024b) and
Urban1K (Zhang et al. 2024a), and compositional retrieval on
SugarCrepe (Hsieh et al. 2023). Consistent with the MMEB
benchmark, we use Precision as the primary evaluation metric
across all datasets.

Main Results

Multi-Modal Retrieval. In Tab. 1, we present the perfor-
mance of the proposed UniME-V2 compared to existing



Short Caption Long Caption Compositional

Models #Parameters Flickr30K Coco ShareGPT4V UrbanlK SugarCrepe

gt = gt ¢t ot ¢t ot ¢ et ¢t > ¢t ¢' — ¢ Replace  Swap Add
OpenCLIP (ViT-L) (Radford et al. 2021) 0.4B 67.3 87.2 37.0 58.1 81.8 84.0 47.0 47.0 79.5 62.7 74.9
CLIP (ViT-BigG/14) (Cherti et al. 2022) 2.5B 79.5 92.9 51.3 67.3 90.1 93.6 77.8 80.7 86.5 68.9 88.4
EVA-CLIP (Sun et al. 2023) 8B 80.3 94.5 52.0 70.1 93.1 91.2 80.4 77.8 85.9 70.3 86.7
E5-V (Phi3.5-V) (Jiangetal. 2024)  ~ ~ ~ 42B  722 796 447 534 8.0 8.5 88 86 82 666 = 753
E5-V (LLaVA-1.6) (Jiang et al. 2024) 7B 71.3 85.7 49.1 57.6 85.1 82.1 88.9 83.2 86.3 68.7 66.9
VLM2Vec (Qwen2-VL) (Jiang et al. 2025) 2B 69.3 89.6 40.0 62.5 78.1 88.2 78.7 83.9 67.2 46.5 66.4
VLM2Vec (Qwen2-VL) (Jiang et al. 2025) 7B 80.0 94.2 49.2 68.5 78.5 90.4 94.0 94.2 70.0 51.7 72.2
UniME (Qwen2-VL) (Gu et al. 2025a) 2B 74.9 90.6 44.0 63.5 83.6 88.6 83.3 83.2 65.6 452 65.7
UniME (Qwen2-VL) (Gu et al. 2025a) 7B 80.8 92.7 50.9 69.8 86.5 93.8 95.3 94.0 68.8 53.0 69.8
UniME (LLaVA-OV) (Gu et al. 2025a) 7B 83.3 94.4 54.8 74.0 93.9 89.3 94.3 95.5 80.5 65.5 82.2
UniME-V2 (Qwen2-VL) 2B 79.8(+4.9) 89.9(-0.7) 53.7(+9.7) 65.1(+1.6) 91.6(+8.0) 94.2(+5.6) 95.6(+12.3) 92.2(+9.0) 70.9(+5.3) 51.2(+6.0) 70.2(+4.5)
UniME-V2 (Qwen2-VL) 7B 84.6(+3.8) 93.5(+0.8) 57.3(+6.4) 70.3(+0.5) 94.3(+0.8) 95.2(+1.4) 97.2(+1.9) 96.3(+2.3) 77.8(+9.0) 62.2(+9.2) 79.0(+9.2)
UniME-V2 (LLaVA-OV) 7B 85.5(+2.2) 93.7(-0.7) 60.9(+6.1) 74.1(+0.1) 95.1(+1.2) 94.1(+4.8) 96.3(+2.0) 96.7(+1.2) 88.6(+8.1) 73.7(+8.2) 90.5(+8.3)

Table 2: Zero-shot text-image retrieval results on short caption (Flickr30K, MS-COCO), long caption (ShareGPT4V, Urban1K)

and compositional (SugarCrepe) datasets. Scores are Recall@]1.

EVA-CLIP

UniME-V2

Text
Image

Figure 4: Comparison of representation distributions between
EVA-CLIP-8B and UniME-V2 (LLaVA-OneVision-7B).

baseline models. Under identical training data and configura-
tions, UniME-V2 consistently achieves notable performance
improvements across various foundation models. Specifically,
UniME-V?2 outperforms VLM2Vec by 3.5% and 2.2% on the
Qwen2-VL-2B and 7B models, respectively. When built on
LLaVA-OneVision as the foundation, UniME-V?2 achieves a
0.5%-0.9% improvement over previous state-of-the-art mod-
els, including QQMM, LLaVE, and UniME. Furthermore,
UniME-V2 attains a score of 66.7 on out-of-distribution
datasets, significantly exceeding all prior approaches, high-
lighting its robustness and superior transferability.

Short & Long Caption Cross-Modal Retrieval. We eval-
uate UniME-V2 on zero-shot cross-modal retrieval tasks. For
short-caption datasets, including Flickr30K and MS-COCO,
UniME-V2 demonstrates a 2.2%-9.7% performance improve-
ment in image-to-text retrieval compared to UniME. In text-
to-image retrieval, its performance is comparable to UniME,
primarily due to two factors: (1) the limited proportion of
text-to-image data in the MMEB training set and (2) the
insufficient semantic information in short captions. For long-
caption cross-modal retrieval tasks, UniME-V2 achieves sig-
nificant improvements on ShareGPT4V and Urban1K, ben-
efitting from its enhanced discriminative capability and the
richer semantic content provided by detailed captions. No-
tably, compared to EVA-CLIP-8B, UniME-V?2 demonstrates

Embedding Model Reranker #Data  MMEB  Rsport Riong  Rcompos
UniME(2B) — — 60.6 683 847 588
UniME-V2(2B) — — 63.6 721 934 641

UniME-V2(2B) ~ LamRA(7B) LIM 673 764 964 874
UniME-V2(2B) UniME-V2(7B) 0.6M  67.6 764 969 948

© UniME(7B) 0 —  — 674 736 924 639
UniME-V2(7B) — — 680 764 958 730
UniME-V2(7B) ~ LamRA(7B) LIM 69.1 783 972 874

UniME-V2(7B) UniME-V2(7B) 0.6M 69.6 787 975 94.8

Table 3: Comparison of reranking performance between
LamRA and UniME-V2-Reranker using UniME-V2 (Qwen2-
VL-7B) and UniME-V2 (Qwen2-VL-2B).

more robust retrieval performance. This is primarily due to
its universal multimodal embedding can significantly reduce
the modality gap (as shown in Fig. 4).

Compositional Cross-Modal Retrieval. We evaluate the
capacity of the UniME-V2 model to discriminate hard nega-
tive samples using the compositional benchmark SugarCrepe.
As shown in Tab. 2, UniME-V2 consistently delivers superior
performance across all evaluated metrics. Compared with
UniME, our model achieves 5.3%, 6.0%, 4.5% performance
improvement using Qwen2-VL-2B. After scaling the model
from 2B to 7B, our model also achieves 9.0%, 9.2%, and
9.2% performance improvement. Additionally, UniME-V2
exhibits improvements of 2.7%, 3.4%, and 3.8% compared
to EVA-CLIP-8B, underscoring its robust capability to dis-
criminate against hard negative samples.

Reranking Comparison. In Tab. 3, we compare the per-
formance between LamRA and UniME-V2-Reranker using
listwise reranking on the top-5 retrieval results. To ensure
fairness, we use the same training parameters and base model
(Qwen2.5-VL-7B) as LamRA. When UniME-V2 (Qwen2-
VL-2B) is used for retrieval, both LamRA and UniME-
V2-Reranker improve performance across four downstream
tasks, with UniME-V2-Reranker consistently achieving su-
perior results while utilizing only half the data. Similarly,
with UniME-V2 (Qwen2-VL-7B) for retrieval, UniME-V2-
Reranker outperforms LamRA, achieving performance gains
0f 0.5%, 0.4%, 0.3%, and 7.4% across the four tasks. Notably,



Hard Negatives  Soft Score  MMEB  Rghort  Rrong  Rcompos

X X 60.1 634 822 60.0
v X 61.6 68.9  89.8 63.7
(4 4 63.6 72.1 934 64.1

Table 4: Ablation study on our proposed MLLM-as-a-Judge
hard negatives mining method and MLLM judgment based
training framework.

Judge Model MMEB Rshort RLong RCOmPQS
Qwen2.5VL-7B 63.6 72.1 93.4 64.1
InternVL3-8B 58.5 70.2 91.3 64.1

InternVL3-14B 63.2 729 931 63.2
Table 5: Ablation study on different MLLM-based judges.

#Negatives MMEB Rshort Riong Rcompos
4 61.3 69.2 91.0 62.4
6 61.8 70.8 91.7 61.2
8 63.6 72.1 934 64.1
10 63.0 72.0 934 63.4

Table 6: Ablation study on the number of hard negatives.

UniME-V2-Reranker demonstrates a significant advantage
over LamRA in compositional understanding retrieval tasks,
attributed to its use of MLLM’s understanding capabilities to
extract diverse and high-quality hard samples, which effec-
tively enhance the model’s discriminative power.

Analysis

Ablation on Different Components. We evaluate the ef-
fectiveness of UniME-V2 through ablation studies on the
proposed MLLM-as-a-Judge hard negatives mining method
and the MLLM judgment based training framework, utilizing
Qwen2-VL-2B. As shown in Tab. 4, our proposed hard neg-
atives mining method achieves performance improvements
of 1.5%, 5.5%, 7.6%, and 3.7% over direct contrastive learn-
ing (e.g., VLM2Vec) on the MMEB, short-retrieval, long-
retrieval, and composed-retrieval tasks, respectively. Build-
ing on this, the introduction of the MLLM judgment based
training framework further enhances the model’s discrimina-
tive ability by capturing finer semantic distinctions among
candidate samples, leading to additional performance gains
of 2.0%, 3.2%, 3.6%, and 0.4% for the corresponding tasks.

Ablation on Different MLL.M-based Judges. The com-
prehension ability of the MLLM acting as a judge directly
impacts the accuracy of the generated semantic matching
scores, thereby influencing the final model performance.
Therefore, based on Qwen2-VL-2B, we compare two in-
fluential MLLMs in the current open-source community:
Qwen2.5-VL-7B, InternVL3-8B, and InternVL3-14B. As
shown in Tab. 5, under the same inference settings, the qual-
ity of semantic matching scores produced by Qwen2.5-VL is
significantly superior to that of InternVL3-8B, particularly on
the MMEB (63.6 v.s. 58.5). When employing InternVL3-14B,
there is a notable enhancement in downstream performance
compared to Intern3-8B, but it remains slightly inferior to
Qwen2.5-7B. The primary reason can be attributed to differ-
ences in the distribution of instruction data used during their
SFT phase.

P .
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Figure 5: Qualitative examples. We present the retrieval and
reranking results of our method across different tasks.

Ablation on the Number of Hard Negatives. Tab. 6
presents the impact of varying the number of hard nega-
tives based on Qwen2-VL-2B. When the number of hard
negative samples increases from 4 to 8, UniME-V?2 demon-
strates consistent improvements across all evaluation metrics:
+2.3% on MMEB, +2.9% on short retrieval, +2.4% on long re-
trieval, and +1.7% on composed retrieval. These gains can be
attributed to the model’s enhanced ability to discriminate be-
tween candidates during training. However, further increasing
to 10 introduces easier negatives, diminishing discriminative
learning, and slightly reducing performance.

Qualitative Results. Fig. 5 illustrates the qualitative re-
sults of our method across various tasks. Retrieval results
from UniME-V2 are shown, with the top-1 candidate refined
by UniME-V2-Reranker highlighted in red dashed boxes.
UniME-V2 effectively retrieves query-relevant candidates,
such as “black bear” and “brown bear” in the first exam-
ple, while UniME-V2-Reranker further refines the ranking of
retrieved results, prioritizing “brown bear” over “black bear”.

Conclusion

In this paper, we explore how to leverage the advanced under-
standing capabilities of MLLMs to enhance representation
learning and propose a novel Universal Multimodal Embed-
ding model (UniME-V2). Specifically, we first construct a
potential hard negative set using global retrieval. We then
introduce MLLM-as-a-Judge, which utilizes the robust se-
mantic understanding of MLLMs to assess the alignment of
query-candidate pairs and generate soft semantic matching
scores. These scores guide hard negative mining by reduc-
ing false negative interference and identifying high-quality,
diverse hard negatives. Additionally, the scores serve as soft
labels, relaxing the rigid one-to-one mapping constraint. By
aligning the similarity matrix with the soft semantic matching
score matrix, the model learns finer-grained semantic distinc-
tions among candidates, thereby enhancing its discriminative
power. To further improve performance, we propose UniME-
V2-Reranker, which incorporates joint pairwise and listwise
reranking optimization based on the mined hard negatives.



We conduct extensive experiments on the MMEB bench-
mark and various retrieval tasks and our method achieves
state-of-the-art performance on average across all tasks. We
hope our work provides insights into universal multimodal
representation learning.
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This supplementary material elaborates on our experi-
mental setup, covering training configurations, instruction
prompts for UniME-V2-Reranker and evaluation bench-
marks for retrieval tasks. It also includes extended results
such as an ablation study on temperature and a detailed per-
formance analysis on the MMEB benchmark. Additionally,
we provide supplementary visualizations of training data
samples, retrieval outputs, and reranking results.

Detail Experiment Setting
Training Details

We provide the training configurations of UniME-V2 in Tab. 7
and UniME-V2-Reranker in Tab. 8.

UniME-V2: Following UniME (Gu et al. 2025a), we adopt
identical experimental settings for training UniME-V2. We
configure LoRA rank as 16 and employ GradCache (Gao
et al. 2021) for efficient training over 2,000 steps using
8xA800 GPUs (80GB memory each). The learning rate is
set to 1 x10~* for the Qwen series and 2x10~° for LLaVA-
OneVision. Due to memory constraints, the input resolution
is fixed at 336 for LLaVA-OneVision and 672 for the Qwen
series.

Hyperparameter Qwen2-VL-2B/7B LLaVA-OV-7B
Training samples 662K
Batch size 1024
Learning rate 1x1074 2x1075
LoRA rank 16
Training steps 2000
Optimizer AdamW
Infra GradCache
Max length 4096
temperature 0.02
#Hard Negatives 8
Image Resolution 672 336
Precision BF16
GPU configuration 8xA800
Random Seed 42

Table 7: Training hyperparameters and computational require-
ments for UniME-V2 (Qwen2-VL-2B/7B) and UniME-V2
(LLaVA-OneVision-7B).

UniME-V2-Reranker: Following LamRA’s experimental
setup (Liu et al. 2024), we adopt Qwen2.5-VL-7B as the
backbone for UniME-V2-Reranker. The model is trained us-
ing LoRA with a rank of 128 for 1 epoch almost 2,000 steps.
All experiments are conducted using the Imms-finetune in-
frastructure with a maximum sequence length of 4096 tokens.

Detail Instruction Prompt for UniME-V2-Reranker

The prompt template employed for pairwise training of
UniME-V2-Reranker is presented below:

Hyperparameter Qwen2.5-VL-7B
Training samples 662K
Batch size 64
Learning rate 2x107°
LoRA rank 128
Training epochs 1
Optimizer AdamW
Infra Imms-finetune
Max length 4096
Precision BF16
DeepSpeed Stage 2
GPU configuration 8xA800
Random Seed 42

Table 8: Training hyperparameters and computational require-
ments for UniME-V2-Reranker (Qwen2.5-VL-7B).

I will provide you with a query and a candidate.
Please evaluate whether the candidate meets the re-
quirements of the query. If it does, respond with ’Yes’;
if it doesn’t, respond with ’No’. Query:<Query>,
Candidate:< Candidate>.

The prompt used for listwise training of UniME-V2-
Reranker is shown below:

( )

I will provide you with a query followed by multiple
candidates in the format: (1) candl (2) cand2, etc.
Each candidate is independent of the others. Evalu-
ate each candidate against the query, and respond with
the number corresponding to the candidate that best
meets the requirements of the query. Query: <Query>,
Candidates: < Candidate list>.
\ J

Retrieval Task Evaluation Benchmarks

We evaluate UniME-V2 and UniME-V2-Reranker on diverse
retrieval benchmarks, including short-caption, long-caption,
and compositional image-text tasks (Tab. 9). For each bench-
mark, we follow the standard evaluation protocol. In retrieval
tasks, we primarily report Recall@1 as the evaluation metric,
using the prompt “Represent the image/text” for both image
and text instructions.

Benchmark Zero-shot #Queries #Cands
Flickr30K (Plummer et al. 2015) v 1K 5K
COCO (Lin et al. 2014) (4 5K 25K
ShareGPT4V (Chen et al. 2024b) v 1K 1K
Urban1K (Zhang et al. 2024a) v 1K 1K
SugarCrepe (Hsieh et al. 2023) v 7.5K 2

Table 9: Summary of the evaluation benchmarks. # Queries
represents the number of test queries, and # Cands denotes
the number of test candidates per query.



Temperature MMEB Rshort Riong Rcompos

0.03 61.9 70.6 92.0 65.8
0.02 63.6 72.1 93.4 64.1
0.01 62.1 70.1 91.1 66.5

Table 10: Ablation study on the temperature. We report the
mean scores on the MMEB benchmark, short and long cross-
modal retrieval, as well as compositional cross-modal re-
trieval.
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Figure 6: Qualitative examples. We present examples show-
ing queries and their corresponding hard negative candidates
processed after our hard negative mining pipeline.

External Results

Ablation on the Temperature

We conduct additional experiments with UniME-V2 (Qwen2-
VL-2B) to analyze the impact of temperature in the final loss
function. As evidenced by Tab. 10, a temperature value of
0.02 yields optimal performance across all evaluation metrics,
including MMEB, short & long retrieval, and compositional
retrieval tasks.

Specific Results on the MMEB Benchmark

Tab. 11 presents comprehensive results on the MMEB bench-
mark across eight models: BLIP2, MagicLens, EVA-CLIP,
E5-V, VLM2Vec, UniME, UniME-V2, and UniME-V2'. Re-
sults for BLIP2 through UniME are reproduced directly from
UniME (Gu et al. 2025a). Our implementation details spec-
ify that UniME-V2 employs the Qwen2-VL-7B backbone,
while UniME-V2 represents uses LLaVA-OneVision-7B as
its backbone.

Further Analysis

Visualization of the Training Data

Fig. 6 presents training examples from the MMEB dataset
annotated with their semantic matching scores, which ob-
tained after our proposed pipeline. The visualization demon-
strates: (1) target candidates achieving the highest match
scores (nearly 1.0), (2) partially relevant candidates with in-
termediate scores (between 0.0 and 1.0), and (3) irrelevant
candidates receiving near-zero scores.
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Figure 7: Qualitative examples. We present the additional
retrieval and reranking results of our method across different
tasks.

Visualization of the Retrieval and Rerank Results

Fig. 7 presents additional qualitative results demonstrating
our method’s performance across multiple tasks. The visual-
ization reveals that while UniME-V2 successfully retrieves
query-matched candidates, UniME-V2-Reranker further re-
fines these results by selecting the optimally matched candi-
date as the final output.



BLIP2 MagicLens EVA-CLIP E5-V VLM2Vec UniME UniME-V2 UniME-V2f

Classification (10 tasks)

ImageNet-1K 10.3 48.0 75.0 40.5 66.5 71.3 80.3 78.8
N24News 36.0 33.7 33.8 31.5 76.4 79.5 66.9 66.6
HatefulMemes 49.6 49.0 49.3 49.3 60.9 64.6 65.9 65.3
VOC2007 52.1 51.6 44.3 76.7 84.0 90.4 84.9 92.0
SUN397 34.5 57.0 62.7 52.3 73.2 75.9 78.9 78.7
Place365 21.5 31.5 38.7 32.0 42.1 45.6 425 429
ImageNet-A 32 8.0 54.8 18.2 39.9 45.5 53.7 48.0
ImageNet-R 39.7 70.9 95.4 56.7 74.6 78.4 87.9 89.3
ObjectNet 20.6 31.6 67.8 34.2 34.3 36.4 35.0 73.1
Country-211 2.5 6.2 38.7 5.9 16.1 18.7 323 19.8
All Classification 27.0 38.8 56.0 39.7 56.8 60.6 64.0 65.3
VQA (10 tasks)

OK-VQA 8.7 12.7 9.9 15.1 66.5 68.3 59.3 71.9
A-OKVQA 32 2.9 2.8 4.7 54.9 58.7 323 71.4
DocVQA 2.6 3.0 7.4 9.1 64.4 67.6 91.2 92.6
InfographicsVQA 2.0 5.9 6.0 8.7 34.8 37.0 63.9 63.5
ChartQA 0.5 0.9 1.5 4.2 33.1 334 56.9 55.8
Visual7W 1.3 2.5 2.2 4.5 49.8 51.7 60.1 62.5
ScienceQA 6.8 52 14.1 9.6 37.3 40.5 44.5 54.0
VizWiz 4.0 1.7 4.3 8.6 39.9 42.7 474 53.7
GQA 9.7 43.5 44.7 34.1 57.3 63.6 55.8 69.5
TextVQA 33 4.6 10.8 9.5 65.7 65.2 78.4 84.5
All VOA 4.2 8.3 10.4 10.8 50.4 52.9 60.1 67.6
Retrieval (12 tasks)

VisDial 18.0 24.8 20.4 57.6 75.3 79.7 83.4 84.2
CIRR 9.8 39.1 36.0 41.0 51.3 52.2 64.0 65.5
VisualNews_t2i 48.1 50.7 82.4 439 70.7 74.8 79.9 71.3
VisualNews_i2t 13.5 21.1 88.2 46.8 75.2 78.8 83.5 79.2
MSCOCO_t2i 53.7 54.1 65.3 68.6 69.9 74.9 77.7 79.1
MSCOCO_i2t 20.3 40.0 67.2 54.8 67.7 73.8 73.0 75.2
NIGHTS 56.5 58.1 0.2 0.1 63.3 66.2 69.3 68.1
WebQA 55.4 43.0 70.9 33.7 83.6 89.8 91.5 90.6
FashionIQ 9.3 11.2 16.1 11.2 15.2 16.5 28.5 26.4
Wiki-SS-NQ 28.7 18.7 46.7 61.0 63.4 66.6 68.8 71.2
OVEN 39.5 1.6 1.8 0.5 49.6 55.7 71.2 68.0
EDIS 544 62.6 95.6 53.8 73.7 86.2 84.4 88.2
All Retrieval 339 35.4 49.2 39.4 63.3 67.9 73.1 72.9
Visual Grounding (4 tasks)

MSCOCO 28.9 22.1 35.8 41.7 77.0 76.5 69.3 78.2
RefCOCO 474 22.8 59.9 62.2 85.9 89.3 88.4 94.6
RefCOCO-matching 59.5 35.6 70.0 74.9 83.8 90.6 89.7 91.4
Visual 7W-pointing 52.0 23.4 70.2 61.8 83.6 84.1 78.7 93.8
All Visual Grounding 47.0 26.0 58.9 60.2 82.6 85.1 82.8 90.2
Final Score (36 tasks)

All 28.0 27.1 43.7 37.5 63.3 66.6 68.0 71.2
All IND 25.3 31.0 38.1 34.2 64.9 68.4 72.0 74.8
All OOD 25.1 23.7 45.6 334 53.9 57.9 63.0 66.7

Table 11: The comprehensive evaluation results comparing baseline methods with our UniME-V2 on the MMEB benchmark,
comprising 20 in-distribution and 16 out-of-distribution datasets (the OOD marked with yellow). The UniME-V2 uses Qwen2-
VL-7B as its backbone, and UniME-V2' denotes using LLaVA-OneVision-7B as its backbone.



