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Abstract. Leveraging Multimodal Large Language Models (MLLMs)
has become pivotal for advancing Universal Multimodal Embeddings
(UME) in addressing diverse cross-modal tasks. Recent studies demon-
strate that incorporating generative Chain-of-Thought (CoT) reasoning
can substantially enhance task-specific representations compared to dis-
criminative methods. However, the generated reasoning CoTs of existing
generative embedding methods are limited to the textual analysis of
queries and are irrelevant to the retrieval of the targets. To address
these limitations, we propose a reasoning-driven UME framework that
integrates Embedder-Guided Reinforcement Learning (EG-RL) to op-
timize the Reasoner to produce evidential Traceability CoT (T-CoT).
Our key contributions are threefold: (1) We design an EG-RL framework
where the Embedder provides explicit supervision to the Reasoner, en-
suring the generated CoT traces are aligned with embedding tasks. (2)
We introduce T-CoT, which extracts critical multimodal cues to focus
on retrieval-relevant elements and provides multimodal inputs for the
Embedder. (3) With limited computational resources, our framework
outperforms the pioneering embedding model on both MMEB-V2 and
UVRB benchmarks. The integration of multimodal evidence in structured
reasoning, paired with retrieval-oriented alignment, effectively strengthens
cross-modal semantic consistency and boosts the model’s fine-grained
matching capability as well as its generalization across complex scenarios.
Our work demonstrates that targeted reasoning optimization can signifi-
cantly improve multimodal embedding quality, providing a practical and
efficient solution for reasoning-driven UME development. Project page.

Keywords: Multimodal Embedding · Generative Reasoning · Reinforce-
ment Learning

1 Introduction

Multimodal embedding, as a fundamental and core supporting technology for
cross-modal tasks, has been widely applied to numerous important and practical
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application directions such as image-text retrieval, video moment localization,
and visual document understanding [18,28]. Traditional multimodal embedding
methods typically adopt dual-encoder-based architectures, such as CLIP [33],
BLIP [26], and SigLIP [50]. These methods demonstrate weaker inherent capa-
bility in bridging the gap between different modalities compared with advanced
Multimodal Large Language Models (MLLMs) [1,23,24,39]. Additionally, MLLMs
benefit from their remarkably strong multimodal understanding and instruction-
following capabilities, enabling them to adapt to diverse, complex, and real-world
task requirements. Therefore, an increasing body of literature [11,18,31,36,47]
proves that MLLMs can be used to learn Universal Multimodal Embedding
(UME) that captures general-purpose content similarity. Meanwhile, evaluation
benchmarks such as the Multimodal Embedding Benchmark (MMEB) [18] and
its upgraded version MMEB-V2 [31] have addressed this academic demand for
UME research, covering 78 instruction-aware tasks across three modalities.
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<thinking>The provided image is a vintage Pepsi-Cola advertisement featuring a glass of cola, not a bottle. 
Since the current image does not contain an orange bottle, I cannot locate such an element within this 
image. {"bbox_2d": []} </thinking>
<rethink>There is no orange soft drink bottle in the provided image, so no bounding box can be provided 
for a matching element.</rethink>
<answer>No orange soft drink bottle in the provided image.</answer>
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orange Fanta, in a similar advertising or product display context. {"bbox_2d": [120, 100, 320, 500]}
</thinking>
<rethink>The bounding box corresponds to the glass of cola, so the replacement bottle must be visually 
identifiable as orange and part of a similar context. </rethink>
<answer> Replace the glass of cola in the original image with a real orange soft drink bottle such as 
Fanta. </answer>
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Fig. 1: Multimodal embedding optimization via Embedder-Guided Reinforcement Learn-
ing (EG-RL). (a) Frameworks evolution. (b) Reasoning enhancement with RL-optimized
evidential Traceability CoT (T-CoT). (c) Comparison of multi-task performance.

Currently, the majority of existing MLLM-powered embedding methods belong
to discriminative embedding models [21,30,53]. These models typically extract raw
embedding features directly from the final hidden states of input tokens, which
fails to fully leverage the generative capabilities and reasoning potential inherent
but untapped in MLLMs. Consequently, recent studies have begun to actively
explore the integration of generative reasoning into UME tasks, as shown in Figure
1. For instance, approaches like UME-R1 [22] effectively unify discriminative and
generative embeddings through textual Chain-of-Thoughts (CoTs) generated by
the MLLM Embedder. However, the simultaneous optimization of contrastive
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loss and next-token prediction objectives can result in severe conflicting gradients,
leading to suboptimal performance [3, 22]. In contrast, the decoupled Reasoner-
Embedder paradigm proposed by TTE [6], which relies on massive computational
resources and data distillation from large models, aims to alleviate this problem
by decoupling the two processes, using pre-trained MLLMs to generate offline
CoT reasoning to enhance embedding quality with only the Embedder trained.
Nevertheless, the CoTs generated by the Reasoner of TTE are not specifically
designed for embedding, as they are not trained together with the Embedder.
This misalignment may introduce noise and even lead to hallucinations. Moreover,
relying only on textual reasoning fails to leverage the MLLM Embedder’s potential
to process multimodal signals, whose representations could significantly enhance
retrieval performance. This multimodal cue insufficiency leads to embedding
alignment bias, where critical visual-spatial cues and video-temporal signals are
poorly captured in retrieval, resulting in less effective cross-modal matching and
restricted generalization on real-world multimodal tasks.

To address the above critical issues, this paper proposes an effective reasoning-
driven decoupled UME framework. This framework specifically leverages the
Embedder-Guided Reinforcement Learning (EG-RL) algorithm to optimize the
CoTs generated by the Reasoner, using our novel process reward oriented to the
accurate alignment between query and target and verifiable outcome reward for
efficient retrieval. Firstly, we carefully construct a comprehensive dataset that
initially trains the Embedder to generate high-quality embeddings conditioned
on the sequence of preceding input and CoT tokens. The trained Embedder acts
as a reward model and provides stable and reliable reward signals. Secondly,
inspired by the region-aware paradigm [8,35,37,57] that makes the model precisely
focus on the region of interest (RoI), we propose the evidential Traceability CoT
(T-CoT) that explicitly guides the Embedder to focus on task-related information,
effectively filter out redundant visual elements, and integrate modality-specific
critical cues to adapt to long-text retrieval, coarse-grained semantic matching,
and fine-grained alignment for enhanced robust performance across heterogeneous
tasks. The main contributions of this paper are summarized as follows:

1. Embedder-Guided Reinforcement Learning. We propose a novel de-
coupled RL framework where the Embedder guides the Reasoner to optimize
CoT trajectories for specific embedding tasks. This approach resolves key
conflict between generative and embedding objectives, ensures the Reasoner’s
output greatly improves retrieval quality, and addresses core challenge of
adapting general CoTs to embedding tasks.

2. Evidential Traceability CoT for Embedding. We further extend CoT
reasoning to complex multimodal scenarios, integrating explicit visual localiza-
tion information, video keyframes, and text keywords into detailed inference
trajectories. This design enables the model to focus on core retrieval-related
information and effectively mitigate the negative impact of redundant multi-
modal and text data on overall embedding alignment performance.

3. Efficient Performance Improvement Across Multiple Benchmarks.
Under computationally constrained real-world settings, the framework pro-
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posed in this paper effectively outperforms state-of-the-art generative embed-
ding models on both MMEB-V2 [31] and Universal Video Retrieval Bench-
mark (UVRB) [13] two key benchmark datasets, and achieves exceptional
retrieval performance across various combinatorial application scenarios.

2 Related Work

2.1 Universal Multimodal Embedding

Constructing robust multimodal representations is a fundamental core challenge
in multimodal learning. Pioneering models such as CLIP [33] and ALIGN [17]
adopt a dual-encoder architecture and learn effective representations through
contrastive learning on rich large-scale image-text paired data. However, they
struggle to handle interleaved image-text inputs, and their text encoders lack
sufficient capacity to understand truly complex textual content. To address this
issue, researchers leverage Multimodal Large Language Models (MLLMs) to build
embedding models [18, 28, 30, 31, 53, 58], capitalizing on their strong multimodal
comprehension capabilities to enhance overall learning performance.

Existing works focus on different aspects: VLM2Vec [18] transforms MLLMs
into embedding models via contrastive learning and achieves outstanding per-
formance on unconventional retrieval tasks such as visual question answering
and localization; MM-Embed [28] explores using off-the-shelf MLLMs as zero-
shot rerankers to optimize retrieval results; LamRA [30] unifies the multimodal
retrieval paradigm through two-stage retrieval training and joint reranking. Mega-
Pairs [58] and GME [54] address the modality imbalance problem with automated
pipelines; LLaVE [21] and Unite [19] focus on hard negative sample mining.

Recent studies focus on instruction-aware representations: MMEB [18] and
MMEB-V2 [31] construct a comprehensive evaluation benchmark covering 78
tasks. UME-R1 [22] first introduces reasoning mechanisms, yet simultaneous
optimization of dual components via Reinforcement Learning (RL) leads to con-
flicts, and redundant Chain-of-Thought (CoT) trajectories dilute representations.
TTE [6] adopts a decoupled yet computationally expensive architecture, and its
Reasoner is misaligned with retrieval tasks, resulting in task-irrelevant outputs.
In this paper, we propose a decoupled RL framework enabling separate optimiza-
tion of dual components and generating retrieval-relevant reasoning trajectories
through a dual reward mechanism, addressing the aforementioned challenges.

2.2 Multimodal Reasoning with Reinforcement Learning

MLLMs [1,23,29,39] extend and enrich the capabilities of Large Language Models
(LLMs) to the multimodal domain, achieving promising results across diverse
tasks including visual question answering [10,29, 38], visual grounding [5, 20,25],
and keyframe extraction [27, 40, 51, 59]. Early works [16, 41, 44, 46, 55] mostly
completed reasoning tasks using standardized CoT prompts. Since DeepSeek-
R1 [12] proposed the Group Relative Policy Optimization‌ (GRPO) RL algorithm,
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numerous recent works have optimized advanced RL algorithms [48, 56] and
enhanced the reasoning capabilities of MLLMs [2,7, 34,43,45].

GRIT [8] interleaves bounding box coordinates with textual reasoning chains
and designs an RL scheme based on the GRPO algorithm, enabling efficient
training with dual robust rewards and no additional annotated data. Ground-
R1 [2] proposes an RL framework to achieve grounded visual reasoning without
extra annotations, guiding response generation through dual rewards to improve
reasoning reliability and interpretability. BRPO [4] uses Intersection over Union
(IoU)-based rewards to guide models to autonomously generate visual-text re-
flections, combined with a visual token mechanism to mitigate the problems of
visual attention dilution and hallucinations. DeepEyes [57] adopts end-to-end
RL to induce models to develop the ability of “thinking with images”, improving
performance on various reasoning tasks. TreeVGR [37] proposes the TreeBench
benchmark and the TreeVGR training paradigm, enhancing visual grounding
reasoning capabilities by jointly supervising localization and reasoning via RL.
Inspired by grounding reasoning, this paper further proposes evidential Trace-
ability CoT (T-CoT), which constructs structured multimodal reasoning chains
by extracting bounding boxes of images, keyframes of videos, and keywords of
text. This method enables the model to focus on the core regions of retrieval
tasks, thereby improving embedding quality.

3 Methodology

3.1 Preliminaries

We focus on the universal multimodal retrieval task, where given a query q (text,
image, or interleaved text-image modalities) and a candidate set Ω = {cn}Nn=1,
the goal is to retrieve the most relevant candidate from Ω.

To learn discriminative multimodal embeddings, we adopt contrastive learning
with the InfoNCE loss [32], as shown in Figure 2(a). For a query qi, its positive
target t+i , and its negative target set T − = {t−j }j ̸=i, the InfoNCE loss optimizes
the model to maximize the similarity between qi and t+i while minimizing the
similarities to all t−j ∈ T −. The loss is defined as:

LInfoNCE = − 1
N

∑N
i=1 log

exp

(
cos(hqi

,h
t
+
i
)/τ

)
exp

(
cos(hqi

,h
t
+
i
)/τ

)
+
∑

t−∈T − exp(cos(hqi
,ht− )/τ)

, (1)

where hqi and ht are embeddings of qi and target t (extracted as the last-layer
hidden states of the last token from a vision-language model), cos(·, ·) denotes
cosine similarity, and τ is the temperature hyperparameter.

3.2 Data Construction

To support the training of reasoning-driven universal multimodal embeddings,
we construct a high-quality multimodal dataset following a “sampling-annotation-
filtering-splitting” pipeline, as illustrated in Figure 2(a). The dataset integrates
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Fig. 2: Overview of the proposed data synthesis and EG-RL framework. (a) Data
Construction generates T-CoT annotations for query-positive pairs, filters and splits
the dataset to enable contrastive and reinforcement learning, laying the groundwork for
reasoning-aware embedding. (b) Embedder-Guided Reinforcement Learning finetunes
the MLLM with a process-outcome reward function, encouraging T-CoT trajectories
that yield more discriminative and beneficial generative embeddings.

diverse modalities (image, video, visual document) and ensures alignment between
reasoning trajectories and retrieval objectives through strict quality control.

We first curate the initial data pool by adopting a stratified sampling strategy
across three core sources, and referencing the data paradigm of VLM2Vec-V2 [31]:
(1) Image-centric tasks from MMEB-train [18], covering image classification,
Question Answering, retrieval, and grounding; (2) Video-language instruction
data from LLaVA-Hound [52], including video captioning, QA, and retrieval; (3)
Visual document retrieval data from ViDoRe [9] and VisRAG [49].

Next, we perform evidential Traceability Chain-of-Thought (T-CoT) an-
notation for all query-positive pairs. Each T-CoT follows a structured three-
part format: (1) <thinking> extracts modality-specific cues (text keywords via
text_keywords, image spatial locations via bbox_2d (two-dimensional bounding
box), video critical moments via key_frames); (2) <rethink> refines reasoning
logic to focus on key retrieval-relevant aspects; (3) the final answer summa-
rizes core retrieval-relevant information. We design task-specific prompts for
annotation, ensuring T-CoT aligns with diverse multimodal retrieval scenarios.
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Following annotation, we perform a strict CoT-guided relevance filtering to
eliminate noisy samples. With a custom-designed judgment prompt, we assess
whether the T-CoTs of queries and their positive samples are clearly irrelevant
or contradictory to the task description. We retain only samples labeled “No”,
meaning those that are relevant and not contradictory, for contrastive learning.
This filtering step effectively mitigates noise interference in contrastive learning.
The initial dataset contains 2.22 million samples, and 1.83 million are preserved
after filtering, yielding a retention rate of approximately 80%. Approximately 20%
of the filtered-out samples are uniformly sampled and used in the reinforcement
learning stage, as these hard examples are valuable for model exploration in
reinforcement learning. In addition, we assign training weights to different datasets
based on their task importance and data quality.

The constructed dataset exhibits three features: (1) modal diversity, covering
three modalities of text, image, and video; (2) reasoning alignment, where T-
CoT explicitly integrates multimodal cues and retrieval-related logic, avoiding
informational redundancy; (3) quality assurance, as rigorous filtering and weighted
sampling ensure that the dataset is free of significant noise and balanced across
tasks. This dataset lays a solid foundation for the two-stage training, enabling
Embedder to learn reasoning-aware representations and the Reasoner to optimize
the generation of retrieval-centric T-CoTs through reinforcement learning.

3.3 Embedder-Guided Reinforcement Learning

To address the misalignment between generative reasoning and embedding ob-
jectives, we propose a decoupled reinforcement learning framework in which the
pre-trained Embedder provides supervision to the Reasoner. This framework
optimizes the generation of T-CoT to prioritize retrieval-relevant multimodal
cues, leveraging a dual-guidance reward mechanism and Group Relative Policy
Optimization (GRPO) [12]. Figure 2(b) illustrates the workflow of this stage.

EG-RL Framework Design. First, we fully train an Embedder using the
InfoNCE loss to equip it with robust embedding capabilities. Our RL frame-
work maintains strict separation between two components: the Reasoner, which
is responsible for generating T-CoT, and the Embedder, which is frozen after
contrastive training. This decoupling ensures three key benefits: (1) targeted opti-
mization of reasoning without disrupting the Embedder’s learned discriminative
capabilities; (2) stable reward signals from the frozen Embedder that consistently
evaluate T-CoT quality based on embedding alignment; and (3) flexible integra-
tion of multi-source rewards to internalize both retrieval and reranking knowledge.
The Reasoner takes multimodal queries as input and outputs structured T-CoT,
which integrates three critical cues: text keywords, image bounding boxes, and
video keyframes. Additionally, we recrop the content within the bounding boxes
and keyframes based on T-CoT to achieve multimodal reasoning-aware embed-
dings. This structured reasoning is then concatenated with the original input to
form the Embedder’s input, denoted as I:

I = [xtext, ximg, xvid, T-CoT(x), <emb>] . (2)
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In this equation, <emb> is a special token whose hidden state is extracted as the
final embedding, and the evaluation of this embedding by the Embedder directly
guides the Reasoner’s policy update.

Reward Function with Process and Outcome Guidance. We design
a three-component reward function to align T-CoT generation with embedding
quality, combining format compliance, outcome-level retrieval effectiveness, and
process-level T-CoT alignment:

Format Reward (Rformat): This reward ensures T-CoT strictly follows the
predefined template (<thinking> → <rethink> → <answer>) and includes all
required multimodal cues. Reward 1 for full compliance, 0 otherwise, guaranteeing
T-CoT output interpretability and compatibility with the Embedder module.

Embedder-Guided Outcome Reward (Routcome): This reward measures
how T-CoT improves embedding alignment by jointly assessing the ranking
accuracy of positive samples and the similarity margin between positive and
hard negative samples. The margin is a softmax-weighted average of negative
similarities scaled by a temperature parameter. For a query qi with positive
target t+i and in-batch negatives {t−j }j ̸=i, embeddings are eqi = πe(qi, o

q
i ) and

etj = πe(tj , o
t
j), where oqi and otj are T-CoT outputs for query and target. The

reward for oqi is defined as:

Routcome(o
q
i ) = Acck(eqi , t

+
i ) ·

(
sim(eqi , et+i

)− Eτ

[
sim(eqi , et−j

)
])

, (3)

where Acck(eqi , t
+
i ) denotes the top-k retrieval accuracy, which measures whether

t+i is among the top-k ranked targets when sorted by cosine similarity to eqi ;
sim(·, ·) denotes the cosine similarity between normalized embeddings; and Eτ [·]
stands for the softmax-weighted average of cosine similarities between eqi and
embeddings of in-batch negative targets.

Additionally, we compute Routcome symmetrically for positive targets: taking
t+i as the anchor, qi as its positive query, and other in-batch queries as negatives
to calculate Routcome for oti. This symmetric computation enforces consistent
embedding alignment in both query-to-target and target-to-query directions.
This reward optimizes T-CoT with embedding learning as the core objective,
enhancing its discriminative ability across samples.

T-CoT Process Reward (Rprocess): We employ an independent pretrained
Vision-Language Model Discriminator D for listwise comparison to align T-
CoT outputs of queries and targets. Let qcot be the query’s T-CoT output and
{cjcot}mj=1 the T-CoT outputs of m in-batch candidate targets, comprising positive
samples from multiple rollouts of the query’s data pair and negative samples.
After shuffling, the index set of ground-truth positives is denoted P . To mitigate
position bias, we feed qcot and shuffled {cjcot}mj=1 to D as pairwise inputs. The
reward quantifies alignment via D’s selection correctness, formally defined as:

Rprocess(oi) =

{
1, if D

(
qcot, {cjcot}mj=1

)
∈ P,

0, otherwise,
(4)

where oi denotes the T-CoT generation outcome of the i-th sample, and D(·, ·)
outputs the index of the candidate T-CoT most aligned with qcot in the shuffled
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candidate set. A reward of 1 indicates that D correctly selects a positive T-CoT
from the ground-truth set, signifying well-aligned query-target T-CoT pairs; a
reward of 0 means D fails to select any positive T-CoT, indicating misalignment
between query and target T-CoT outputs. We compute Rprocess symmetrically in
the reverse direction, moving from positive targets to their corresponding queries,
to ensure consistent embedding alignment across both directions.

This reward guides Reasoner to align query and target T-CoT outputs. Since
T-CoT is the intermediate process for embedding generation, T-CoT alignment
quantified by D selection correctness directly improves embedding quality.

The total reward is a weighted combination of these three components:

Rtotal = αRformat + βRprocess + γRoutcome, (5)

where α, β, γ are non-negative weighting coefficients that balance the relative
contributions of the three reward components in the total reward optimization.

Policy Optimization with GRPO. We adopt GRPO to optimize the
Reasoner’s policy, and use group-based rewards to stabilize the training process.
For each query-target pair q ∼ S, where S denotes the training sample set
of query-target pairs. We sample G = 8 candidate T-CoT sequences {oi}Gi=1

according to the old policy πθold . The optimization objective is defined as:

Lgrpo = E q∼S,
{oi}∼πθold

[
1

G

G∑
i=1

(
min (rθ(oi)Ai, clip (rθ(oi), 1− ϵ, 1 + ϵ)Ai)

− βDKL (πθ∥πref)
)]

,

(6)

where rθ(oi) = πθ(oi|q)/πθold(oi|q) denotes importance ratio, ϵ is the clipping
threshold of importance ratio, β is a hyperparameter weighting the Kullback-
Leibler divergence term, πref denotes the reference policy model before optimiza-
tion, and Ai = (ri − µr)/σr represents advantage, where µr = mean({r1, ..., rG})
and σr = std({r1, ..., rG}) are the mean and std of group rewards.

4 Experiments

4.1 Implementation Details

We train Qwen3-VL-2B [1] and Qwen3-VL-4B [1] as Embedders with the Deep-
Speed Zero2 optimization framework, and adopt a sub-batch strategy following
VLM2Vec [18]. The models are trained for 2 epochs with a learning rate of 1e-4
and weight decay of 0.01; the batch size is computationally light: 512 for the 2B
model and 256 for the 4B model, and we use Low-Rank Adaptation (LoRA) [14]
for fine-tuning. For reinforcement learning, Qwen3-VL-8B [1] is trained as Rea-
soner via the GRPO algorithm [12] for 1 epoch, with a computationally light
batch size of 256, a learning rate of 3e-6, and standard GRPO hyperparameters.
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4.2 Baselines and Datasets

We compare with representative multimodal embedding models with diverse
architectures, modalities and scales. These baselines cover image, video and
visual document retrieval, ensuring thorough and fair evaluation. We evaluate
against GME [54], ColPali [9], VLM2Vec [18], LamRA [30], CAFe [47], VLM2Vec-
V2 [31], TTE [6],UME-R1 [22], InternVideo2 [42], Unite [11], and GVE [13].

For the training phase, we followed VLM2Vec-V2 [31] and constructed a
comprehensive dataset from three key sources: video-language instruction data
from LLaVA-Hound [52], visual document retrieval data from ViDoRe [9] and
VisRAG [49], and image-based vision-language task data from MMEB-train [18].
Detailed training procedures, hyperparameters, and dataset construction are in
the supplementary material. We evaluate on two comprehensive benchmarks:

MMEB-V2 (Massive Multimodal Embedding Benchmark) [31]: It is a com-
prehensive and robust benchmark consisting of 78 diverse tasks across three core
visual modalities (image, video, and visual document). MMEB-V2 extends the
original MMEB [18] by introducing five additional meta-tasks focused specifically
on video and visual document understanding, bringing the total to nine meta-
tasks. We adopted Hit@1 as the evaluation metric for image and video tasks, and
Normalized Discounted Cumulative Gain (NDCG@5) [15] for visual documents.

UVRB (Universal Video Retrieval Benchmark) [13]: It is a suite of 16 datasets
to identify capability gaps in video retrieval across tasks and domains. UVRB
measures multi-dimensional generalization over textual, composite, and visual
retrieval tasks, including across coarse-grained, fine-grained, and long-context
scenarios. We report mean Average Precision (mAP) for all UVRB tasks.

4.3 Main Results

Table 1: Video retrieval perfor-
mance on UVRB. Domain dimen-
sions: Coarse-grained (CG), Fine-
grained (FG), Long-context (LC).
The best and second-best results
are marked in bold and underline.

Model CG FG LC

InternVideo2-6B [42] 50.4 41.7 42.3
VLM2Vec-V2 [31] 49.8 50.2 76.2
GME-7B [54] 51.8 50.7 78.8
Unite-7B [19] 54.1 53.9 74.6
GVE-3B [13] 55.2 54.1 76.4

Embed-RL-2B 59.1 54.6 86.9
Embed-RL-4B 60.7 55.6 86.1

Table 2 compares the comprehensive perfor-
mance of our proposed Embed-RL models with
various baseline approaches on the MMEB-
V2 benchmark. Our Embed-RL models consis-
tently achieve superior performance directly
compared to all baseline models. Specifically,
Embed-RL-4B attains the best overall score
of 68.1, outperforming the strong next top
baseline UME-R1-7B by 3.6 points. Embed-
RL-2B follows closely with an overall score
of 66.8, also surpassing all baseline variants.
Across different modalities, our models show
clear and notable advantages. In the Image
modality, Embed-RL-4B impressively achieves
the best grounding (GD) performance of 91.4,
with Embed-RL-2B ranking second at 90.4.
For the Video modality, both Embed-RL-2B
and Embed-RL-4B outperform all baselines in



Embed-RL: RL for Reasoning-Driven Multimodal Embeddings 11

Table 2: Comparison of performance between baselines and our method on MMEB-V2.
CLS: classification, QA: question answering, RET: retrieval, GD: grounding, MRET:
moment retrieval, VDR: ViDoRe, VR: VisRAG, OOD: out-of-domain. The highest and
second-highest values highlighted in bold and underline.

Model
Image Video VisDoc

All
CLS QA RET GD Overall CLS QA RET MRET Overall VDRv1 VDRv2 VR OOD Overall

# of Datasets 10 10 12 4 36 5 5 5 3 18 10 4 6 4 24 78

[HTML]EDEDED Baseline Models

ColPali-V1.3-3B [9] 40.3 11.5 48.1 40.3 34.9 26.7 37.8 21.6 25.5 28.2 83.6 52.0 81.1 43.1 71.0 44.4
GME-2B [54] 54.4 29.9 66.9 55.5 51.9 34.9 42.0 25.6 32.4 33.9 86.1 54.0 82.5 43.1 72.7 54.1
GME-7B [54] 57.7 34.7 71.2 59.3 56.0 37.4 50.4 28.4 38.2 38.6 89.4 55.6 85.0 44.4 75.2 57.8
LamRA-2-7B [30] 59.2 26.5 70.0 62.7 54.1 39.3 42.6 24.3 34.6 35.2 22.0 11.5 37.4 21.0 23.9 40.4
LamRA-2.5-7B [30] 51.7 34.1 66.9 56.7 52.4 32.9 42.6 23.2 37.6 33.7 56.3 33.3 58.2 40.1 50.2 47.4
VLM2Vec-2B [18] 58.7 49.3 65.0 72.9 59.7 33.4 30.5 20.6 33.0 29.0 49.8 13.5 51.8 33.5 41.6 47.0
VLM2Vec-7B [18] 62.7 56.9 69.4 82.2 65.5 39.1 30.0 29.0 40.6 34.0 56.9 9.4 59.1 38.1 46.4 52.3
VLM2Vec-V2-2B [31] 62.9 56.3 69.5 77.3 64.9 39.3 34.3 28.8 38.5 34.9 75.5 44.9 79.4 39.4 65.4 58.0
VLM2Vec-V2-7B [31] 65.7 61.5 70.0 85.2 68.1 45.9 33.9 27.6 39.3 36.4 78.8 52.6 82.7 42.1 69.3 61.2
CAFe-7B [47] 63.6 61.7 69.1 87.6 67.6 35.8 58.7 34.4 39.5 42.4 70.7 49.6 79.5 38.1 63.9 60.6
TTEs-2B [6] 67.9 66.6 70.2 84.1 70.1 47.3 49.1 34.4 33.2 32.1 77.5 53.2 83.2 41.1 68.8 63.1
UME-R1-2B [22] 64.8 62.8 67.6 77.2 66.6 44.3 51.2 32.9 39.7 42.2 72.4 46.2 79.2 37.2 63.9 60.1
UME-R1-7B [22] 67.1 69.2 71.9 84.9 71.3 48.6 60.7 38.2 39.3 47.5 75.7 50.5 83.7 37.6 67.1 64.5

[HTML]FFE5E5 Ours

Embed-RL-2B 62.8 67.9 68.6 90.4 69.2 57.0 55.9 45.1 49.4 52.1 79.9 52.0 84.6 65.7 74.1 66.8
Embed-RL-4B 63.7 70.5 71.3 91.4 70.1 57.6 58.4 45.1 49.5 53.0 80.2 53.4 84.9 67.1 74.7 68.1

overall score, with Embed-RL-2B scoring 52.1 and Embed-RL-4B scoring 53.0,
and they achieve a video retrieval (RET) score of 45.1. In the visual document
modality, we observe significant improvements in out-of-domain (OOD) perfor-
mance, where Embed-RL-4B reaches 67.1 and Embed-RL-2B 65.7, far exceeding
prior baseline results. These results demonstrate the effectiveness of our proposed
approach across diverse visual modalities and task types.

In the broader field of video retrieval, benefiting from the effectiveness of our
T-CoT to accurately locate keywords or keyframes, our model exhibits significant
advantages in Coarse-grained (CG), Fine-grained (FG), and Long-context (LC)
retrieval tasks. As shown in Table 1, detailing video retrieval performance of
different models on the UVRB dataset across the three domains, our Embed-RL
models consistently excel: 4B tops CG at 60.7 and FG at 55.6, while 2B leads
LC at 86.9, both outperforming all existing baselines by a clear margin.

Additionally, Figure 3 presents the visualization of our T-CoT on text, image
and video; we crop bbox and keyframe to achieve multi-modal CoT input, and
our T-CoT accurately locates retrieval needs to improve retrieval performance.
More scores and visualizations are provided in the supplementary material.

4.4 Ablation Study

To dissect the contribution of each component in our framework, we conduct
ablation experiments on MMEB-V2, where Embed-RL-2B serves as the model.
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Query:
Align the question with 
image for representation: 
What toy is held by more 
children?

<thinking>The image shows three children 
on grass. The child on the left holds a 
small teddy bear, the child in the middle 
holds a small round object (not a toy), and 
the child on the right holds a large teddy 
bear. Only two children are holding teddy 
bears. {"bbox_2d": [[30, 370, 220, 550], 
[440, 220, 800, 480]]}</thinking>
<rethink>The small teddy bear is held by 
one child, and the large teddy bear is held 
by another. Since only one child holds 
each, neither is held by more children 
than the other.</rethink>
<answer>The teddy bear is held by more 
children.</answer>

Target: teddy bear

Query Traceability CoT for Image

Text-Image → Text

…

1st

2nd

4th

last

Query Traceability CoT for Video

<thinking>The video shows a red liquid being transformed into a foamy pink 
substance. Frame 2 clearly depicts a mixer with beaters actively blending the 
liquid, creating the foam. This is the only frame showing the transformation 
process. {"key_frames": [2]}</thinking>

Query:
What utensil is used to turn 
the red liquid into a foamy 
pink substance?

Target:
An electric hand mixer is 
used to turn the red liquid 
into a foamy pink substance.

Text-Video → Text

Query: The frames begins … various shades of purple flowers … A table with a matching 
floral piece …The visible text … "Angela Flower” … . (Total 200 words)

<thinking>The description outlines a visual sequence. {"text_keywords": 
["purple flowers", "table with floral piece", "Angela Flower"]}</thinking>
<rethink>The sequence involves hands arranging flowers, structural 
transformation, and final composition with brand text.</rethink>
<answer>A video showing individuals arranging purple flowers on a curved 
metallic structure with visible text "Angela Flower."</answer>

Query Traceability CoT for Long Text
Target

Text → Video

Cropped Image
for Embedder

<rethink>Frame 2 is the only frame showing the utensil 
actively turning the red liquid into the foamy pink 
substance, which is a mixer with beaters.</rethink>
<answer>A mixer with beaters is used to turn the red 
liquid into a foamy pink substance.</answer>

Select Frame
for Embedder

Fig. 3: Example visualization of our reasoning-driven embedding framework on mul-
timodal retrieval tasks. The figure shows the evidential Traceability CoT reasoning
process for video and visual document retrieval.

Analysis of the reward model in the RL Stage.As shown in Table 3,
removing the RL stage leads to an overall performance decline of 1.5 points,
dropping the score from 66.8 to 65.3. This result verifies that RL fine-tuning is
indispensable for embedding alignment. Omitting weighted negative sampling, a
core module of our contrastive reward mechanism, brings a performance reduction
of 0.3 points from 66.8 to 66.5. This outcome emphasizes the component’s key
function in prioritizing hard negative examples to strengthen discriminative
embedding learning.The process reward is formulated to reward logical reasoning
steps and align query T-CoT with target T-CoT. It contributes 0.8 points to
the overall performance, as its exclusion lowers the score from 66.8 to 66.0. This
component shows the most notable influence on video tasks, where performance
falls from 52.1 to 51.3. This trend reveals that video understanding strongly
depends on step-by-step reasoning and further reflects the critical role of the
process reward in T-CoT alignment.Additionally, the outcome reward is built to
reward final predictions. It contributes 1.0 point to the overall performance, and
its removal reduces the total score from 66.8 to 65.8. This reward ensures that
the reasoning process remains consistent with the objective of the target task.

Impact of Reasoning Components on T-CoT. As shown in Table 4,
removing the reasoning process while retaining the answer part leads to a per-
formance decrease of 1.3 points from 66.8 to 65.5. Image grounding and video
moment retrieval see notable drops, falling from 69.2 to 67.9 and 52.1 to 50.5,
which highlights the importance of multimodal evidence tracking for fine-grained
alignment tasks. Removing multimodal cues leads to a performance reduction of
1.0 points from 66.8 to 65.8, validating the necessity of extracting multimodal
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cues through bounding boxes and keyframes to enhance alignment between mul-
timodal representations and retrieval objectives. Most critically, using only raw
input without T-CoT causes a catastrophic decrease in overall performance of
6.6 points, from 66.8 to 60.2. The greatest impact appears on video tasks, where
performance falls from 52.1 to 43.7. This dramatic decline demonstrates the
necessity of high-quality evidential Traceability CoT for retrieval accuracy, as it
enables the model to decompose complex retrieval and understanding tasks into
manageable steps and improve cross-modal embedding quality.

Table 3: Ablation Study on Reward Com-
ponents in EG-RL stage.

Model Image Video VisDoc All

Embed-RL-2B 69.2 52.1 74.1 66.8

w/o EG-RL 68.0 50.1 72.7 65.3
w/o weighted negative 68.9 51.7 73.9 66.5
w/o process reward 68.3 51.3 73.5 66.0
w/o outcome reward 68.1 51.2 73.1 65.8

Table 4: Ablation Study on Reasoning
Components in T-CoT.

Model Image Video VisDoc All

Embed-RL-2B 69.2 52.1 74.1 66.8

w/o reasoning 67.9 50.5 73.1 65.5
w/o multimodal cues 68.1 51.4 73.3 65.8

w/ raw input 60.4 43.7 72.4 60.2

Ablation Study on Model’s Discriminative Ability for Candidates.
We define top-ranked candidates with the highest similarity (excluding positive
samples) as highly similar samples. On this basis, we study how optimizing the
reasoner with EG-RL improves the model’s ability to distinguish between similar
candidates. Specifically, we calculate the difference between the query’s similarity
to the most and second-most similar candidates on each dataset, both before
and after RL. This difference measures whether the model assigns significantly
higher similarity to positive samples than to other highly similar candidates. As
shown in Figure 4, we observe that on different datasets across three modalities,
the radar chart obtained after RL prominently encloses the one obtained before
RL. This indicates that the computed similarity difference becomes larger after
RL, widening the gap between the query’s similarity to the top-ranked candidate
and the second-ranked candidate. It demonstrates that the model’s ability to
discriminate between similar candidates is effectively enhanced. Meanwhile, the
bar chart shows that the model achieves consistent overall improvement on three-
modality datasets. This verifies that optimizing T-CoT with RL strengthens the
model’s general ability to distinguish between different candidates.

Ablation on traceable evidence count and retrieval metrics. We also
systematically analyze the relationship between the number of traceable evidence
pieces and core retrieval metrics across all datasets before and after reinforcement
learning. For images and visual document data, we count the change in the
number of bounding boxes. For video data, we similarly count the change in the
number of keyframes. We observe that after reinforcement learning, the T-CoT
generated by the Reasoner tends to produce more bounding boxes. For the video
modality, the model tends to focus on fewer keyframes. The retrieval metrics
yield consistent and significant improvements, with the curves after reinforcement
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Fig. 4: Similarity difference ∆s = sim(query, top1)− sim(query, top2) before and after
EG-RL. Here, sim(·, ·) denotes cosine similarity of normalized embeddings, top1 is the
most similar positive candidate and top2 the second-most similar. This metric quantifies
the model’s discriminative ability over similar candidates on multimodal datasets.

learning lying entirely above those before. For the image modality, the model
captures more visual evidence to boost reasoning accuracy and recall. For the
video modality, it concentrates on critical frames and conducts precise keyframe
extraction and temporal localization to identify key content. These changes are
particularly pronounced on complex samples involving multi-object localization
and multi-person relationship reasoning.
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Fig. 5: Relationship between traceable evidence counts and retrieval metrics across
datasets. Hit@1 is employed for Image and Video; NDCG@5 is used for VisDoc. Bounding
box counts are shown for Image and VisDoc, while keyframe counts for Video.

5 Conclusion

This work addresses key limitations of generative universal multimodal embedding
(UME) methods: chain-of-thought (CoT) remains text-only, resulting in poor re-
trieval relevance, while joint optimization of generative and embedding objectives
gives rise to gradient conflicts that impede cross-modal matching. We propose
Embed-RL, a reasoning-driven UME model built upon Embedder-Guided RL
(EG-RL), which serves as a decoupled reinforcement learning framework that in-
tegrates multimodal evidential Traceability CoT (T-CoT) and a retrieval-oriented
dual-reward mechanism to enable precise reasoning-embedding alignment. Ex-
tensive experiments on the MMEB-V2 and UVRB benchmarks demonstrate
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that Embed-RL outperforms state-of-the-art counterparts within computational
constraints, achieving significant improvements in cross-modal retrieval and
out-of-domain generalization tasks. This work shows that targeted reasoning
optimization can substantially enhance multimodal embeddings, providing an effi-
cient solution for reasoning-driven UME and valuable insights into the integration
of generative reasoning with multimodal representation learning.
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