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01. Introduction
Background

Universal Multimodal Retrieval 

(UMR) handles complex queries 

and candidates across diverse 

modalities. Despite the success of 

MLLM-based retrievers, the design 

principles for their embedding 

capabilities are not well understood.

Contribution

Based on these insights, we have introduced U-MARVEL, 

which outperforms current competitors at various scales on 

the M-BEIR benchmark (e.g., 4B, 7B) by a large margin and 

shows superior zero-shot performance across various tasks.

To fill this gap, we conduct a comprehensive study on:

• Model Adaptation: How to effectively transform 

decoder-only MLLMs into embedders.

• Training Strategies: The impact of batch size, 

learning rate, and hard negative mining.

• Efficiency: Distilling the "recall-then-rerank" 

paradigm into a single model



02. Recipe for Building U-MARVEL

Embedding Extraction
Finding1: Generating embeddings 
with bidirectional attention and mean
pooling outperforms the common 
approach of using compression 
prompts with the last
token mechanism.

Instruction Integration
Finding2: Masking instruction tokens 
during mean pooling enhances
embedding performance.

Progressive Transition
Finding3: Progressive transition 
effectively adapts decoder‐only 
MLLMs to embedding models through 
stepwise training..

Table1 : Incremental improvements of MLLM adaptation

ID Methods Local Avg. Global Avg.

0 Baseline (Causal-attn + Last token) 56.6 54.8

1 Bid-attn and Mean Pooling 57.2 55.2

2 ID 1 + Instruction Integration 57.3 55.5

3 ID 2 + Progressive Transition 57.7 55.8

1. How to Adapt MLLMs into Embedding Models?



02. Recipe for Building U-MARVEL

Hyperparameter Synergy
Finding3: Increasing batch size yields performance gains, 
but these improvements plateau without appropriate 
learning rate scaling. Additionally, learnable temperature 
parameters play a pivotal role in enhancing the 
effectiveness of contrastive learning.

Hard Negative Mining
Fingding4: Filtering Hard negatives may hinder 
convergence during training. Filtering false negatives 
and mixing random in‐batch negatives help balance 
difficulty and improve performance.

Table: Incremental improvements from training recipes

ID Methods Local Avg. Global Avg.

4 ID 3 + Hyperparameter Synergy 60.1 -

5 ID 4 + Continual Training with Hard Negative Mining 61.7 59.9

2. How to Train MLLM‐based Embedders by InfoNCE?



02. Recipe for Building U-MARVEL

Cost Reduction

~96%
Diversity Increase

26x

Figure 2: Distillation Strategy Illustration

3. Will Reranker Distillation Improve Performance?

ID Methods Local Avg. Global Avg.

5 Hard Negative Mining 61.7 59.9

6 U-MARVEL (ID 5 + Improved Distillation) 63.2 60.7



03. Proposed Framework: U-MARVEL



Key Results: Overall Performance
SOTA Performance
U-MARVEL significantly outperforms the baseline 
(LamRA-Ret) in both single-model and reranker-
augmented settings on the M-BEIR benchmark.

Strong Generalization
Maintains SOTA performance across different 
backbones (e.g., Qwen3-VL-4B-Instruct), 
demonstrating robust generalization across model 
sizes.
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Key Results: Zero-shot Evaluation
Zero-shot Capabilities
We evaluated U-MARVEL on unseen datasets for 
image-text and text-to-video retrieval.

Strong Transferability
U-MARVEL achieves state-of-the-art zero-shot 
performance, demonstrating robust transferability to 
new tasks.
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Conclusion & Acknowledgements

Conclusion

• We conducted a comprehensive study to 
uncover key factors for effective UMR with 
MLLMs.

• We introduced U-MARVEL, a unified framework 
that achieves SOTA performance on M-BEIR 
and strong zero-shot generalization.
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