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Ol. Introduction
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To fill this gap, we conduct a comprehensive study on: ¥ contribution

- Model Adaptation: How to effectively transform

decoder-only MLLMs into embedders. Based on these insights, we have introduced U-MARVEL,
- Training Strategies: The impact of batch size, which outperforms current competitors at various scales on
Jtelininte lreltcy Clielaielte {utefeld o ullnlliler the M-BEIR benchmark (e.g., 4B, 7B) by a large margin and

- Efficiency: Distilling the "recall-then-rerank” , :
shows su perior zero-shot performcmce across various tasks.

paradigm into a single model



02. Recipe for Building U-MARVEL
1. How to Adapt MLLMs into Embedding Models?

(S Embedding Extracti N ( B A
mbedding Extraction Instruction Integration == Progressive Transition
Findingl: Generating embeddings - o , NI : .
with bidirectional attention and mean Finding2: Masking instruction tokens JIELERs g Eeshe  densiion

. during mean pooling enhances effectively  adapts  decoder-only

pooling outperforms the common embedding performance MLLMs to embedding models through
approach of using compression ' stepwise training..
prompts with the last

\token mechanism. Y, \_ Y, \_ J

Tablel: 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 57.3 555
3 ID 2 + Progressive Transition 57.7 55.8



02. Recipe for Building U-MARVEL
2. How to Train MLLM-based Embedders by InNfoNCE?

o Hyperparameter Synergy Y Hard Negative Mining

Finding3: Increasing batch size yields performance gains, Fingding4: Filtering Hard negatives may hinder

but these improvements plateau without appropriate convergence during training. Filtering false negatives
learning rate scaling. Additionally, learnable temperature and mixing random in-batch negatives help balance
parameters play a pivotal role in enhancing the difficulty and improve performance.

effectiveness of contrastive learning.

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



02. Recipe for Building U-MARVEL

3. Will Reranker Distillation Improve Performance?
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Figure 2: Distillation Strateqy lllustration

= The Bottleneck of Traditional Distillation: Standard approaches compute similarity matrices

Cost Reduction
using all in-batch negatives. For an MLLM-based reranker, evaluating all @(n?) pairs incurs .
prohibitive computational costs (e.g., theoretically > 340 hours), making distillation ~96%
practically infeasible. Diversity Increase
= Our Improved Distillation Strategy: \We reconstruct the distillation samples to consist
strictly of the query, its positive match, and the top-k hard negatives retrieved by the recall 26x

model. We then align the student’s probability distribution with the teacher’s ensemble
scores using KL divergence.

[»] 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

Motivated by the findings presented above, we introduce a unified framework, termed U-
MARVEL (Universal MultimodAl RetrieVal via Embedding Learning), which consists of three
key stages:

1. Progressive Transition: The model is progressively fine-tuned on the increasing complexity
levels of the retrieval data, enabling it to gradually adapt to retrieval tasks.

2. Hard Negative Mining & Fusion Reranker Model: Building on progressive transition, we
first train a hard negative model for recall and a reranker model for ranking, then linearly
combine them to obtain a powerful recall-reranker model.

3. Improved Distillation: We perform improved knowledge distillation on the recall-reranker
model to achieve single-stage efficiency.



Key Results: Overall Performance

t!v SOTA Performance |L‘ Strong Generalization

Maintains SOTA performance across different
backbones (e.g, Qwen3-VL-4B-Instruct),
demonstrating robust generalization across model

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

sizes.
Methods ¢ — ¢ ¢ = g () ¢ — ! ¢ »d  (dhd) = (d.d) = d A
VisualNews MSCOCO Fashion200K WebQA EDIS WebQA VisualNews MSCOCO Fashion200K NIGHTS OVEN InfoSeek FashionIQ CIRR OVEN InfoSeek
R@5 R@5 R@10 R@5 R@5 R@5 R@5 R@5 R@10 R@5 R@5 R@S5 R@10 R@5 R@5 R@5
Single model
CLIP-L (Radford et al. 2021) 43.3 61.1 6.6 362 433 451 41.3 79 7.7 26.1 242 205 7 132 388 264 325
SigLIP (Zhai et al. 2023) 30.1 75.7 36.5 398 27 435 30.8 88.2 342 289 297 251 144 227 417 274 372
UnilR-BLIP > » (Wei et al. 2024) 23.4 79.7 26.1 80 509 79.8 22.8 89.9 28.9 33 41 224 29.2 522 558 33  46.8
UnilR-CLIP g - (Wei et al. 2024) 42.6 81.1 18 847 594 78.7 43.1 923 18.3 32 455 279 244 446 67.6 489 50.6
LamRA-Ret (Liu et al. 2024b) 41.6 81.5 28.7 86 62.6 812 39.6 90.6 304 32.1 541 521 332 531 762 633 56.6
U-MARVEL(Qwen3VL-4B-Instruct) 36.2 82.6 27.9 96.8 662 86.7 35.7 93.9 26.5 333 579 56.8 360 605 733 701 5838
U-MARVEL(Qwen2VL-7B-Instruct) 47.3 84.4 33.6 97.1 78.8 88.5 47.3 93.5 351 342 625 583 364 60.7 794 747 63.2
+Reranker
LamRA (Liu et al. 2024b) 48 852 329 96.7 758 817 48.6 923 36.1 335 592 6441 37.8 633 792 783 63.7
U-MARVEL T (Qwen3VL-4B-Instruct) 42.0 85.5 29.5 98.1 69.1 888 41.3 93.0 30.7 350 590 58.0 3830 641 781 751 61.6
U-MARVEL ' (Qwen2VL-7B-Instruct) 494 85.6 342 98.5 814 894 50.5 88.4 37.7 347 637 629 382 632 808 789 0648

Table 7: Comparisons with SOTA approaches on M-BEIR benchmark in local pool setting.



Key Results: Overall Performance

t!: SOTA Performance

U-MARVEL significantly outperforms the baseline
(LamRA-Ret) in both single-model and reranker-

augmented settings on the M-BEIR benchmark.

ad Strong Generalization

Maintains SOTA performance across different
backbones (e.g, Qwen3-VL-4B-Instruct),
demonstrating robust generalization across model

sizes.

t i
Methods g —c

qt — Ct

qt N (Ci,Ct)

qi — Ct

qi N Ci

VisualNews MSCOCO Fashion200K WebQA EDIS WebQA VisualNews MSCOCO Fashion200K NIGHTS OVEN InfoSeek FashionIQ CIRR OVEN InfoSeek

(d,q") = ¢ (d',q") — ¢ Avg.

R@5 R@5 R@10 R@5 R@5 R@5 R@5 R@5 R@10 R@5 R@5 R@5 R@10 R@5 R@5 R@5
Single model
UnilR-BLIP g i~ (Wei et al. 2024) 23 75.6 254 79.5 503 797 21.1 88.8 27.6 33 38.7 19.7 28.5 514 57.8 277 455
UnilR-CLIP g i (Wei et al. 2024) 42.6 71.9 17.8 847 594 788 42.8 92.3 17.9 32 39.2 24 24.3 439 602 44.6 48.9
MM-Embed (Lin et al. 2024) 41 71.3 17.1 959 68.8 85 41.3 90.1 18.4 324 42.1 423 25.7 50 o64.1 57.7 52.7
LamRA-Ret (Liu et al. 2024b) 41.3 75.4 28.7 85.8 625 81 39.3 90.4 30.4 32.1 484  48.7 33.1 505 70 60 54.9
U-MARVEL(Qwen3VL-4B-Instruct) 36.0 73.2 27.9 96.6 659 86.3 35.6 93.9 26.3 33.2 53.7 47.7 35.8 572 67.1 62.7 56.2
U-MARVEL(Qwen2VL-7B-Instruct) 47.2 72.8 333 96.7 78.7 87.7 47.2 93.5 349 34.0 583 522 36.0 56.0 731 69.2 60.7
+Reranker
LamRA (Liu et al. 2024b) 46.9 78 32.5 96.5 744 87.1 47.6 924 36.6 34.2 54 58.7 374 59.7 726 74 614
U-MARVEL T (Qwen3VL-4B-Instruct) 41.2 71.1 29.7 98.0 69.7 88.8 40.8 90.8 30.6 34.1 53.7 51.0 374 60.7 714 702  58.7
U-MARVEL T (Qwen2VL-7B-Instruct) 48.8 70.1 338 983 80.8 883 49.8 86.0 36.8 348 58.7 56.9 37.4 584 749 738 618

Table 8: Comparisons with SOTA approaches on M-BEIR benchmark in global pool setting.



Key Results: Zero-shot Evaluation

ol Strong Transferability
U-MARVEL achieves state-of-the-art zero-shot
performance, demonstrating robust transferability to

B3 Zero-shot Capabilities

We evaluated U-MARVEL on unseen datasets for
image-text and text-to-video retrieval.

new tasks.
Methods qi N ot qt N Ci (qi7 qt) N Ci qdialog N Ci (ql @ qt) N Ci IT™
ShareGPT4V Urban-1K* Flickr ShareGPT4V Urban-1K* Flickr CIRCO* GeneCIS* Visual Dialog* Multi-round FashionIQ* CC-Neg Sugar-Crepe ™
R@1 R@1 R@1 R@1 R@1 R@1 MAP@5 R@l1 R@1 R@5 Acc. Acc.
Single model
CLIP-L (Radford et al. 2021) 84 52.8 67.3 81.8 68.7 87.2 4 13.3 23.7 17.7 66.7 73
UnilR-CLIP g - (Wei et al. 2024) 85.8 75 78.7 84.1 78.4 94.2 125 16.8 26.8 39.4 79.9 80.3
E5-V (Jiang et al. 2024a) 86.7 84 79.5 84 82.4 88.2 248 18.5 54.6 19.2 83.2 84.7
MagicLens-L (Zhang et al. 2024b) 85.5 59.3 72.5 60.9 24.2 84.6 29.6 16.3 28 22.6 62.7 75.9
VLM2Vec (Jiang et al. 2024b) 90.7 90.8 76 85.8 84.7 90.6 - - - - - 79.5
UniME (Gu et al. 2025) 97.2 95.9 81.9 93.9 95.2 93.4 - - - - - 85
LamRA-Ret (Liu et al. 2024b) 93.3 95.1 82.8 88.1 94.3 92.7 332 18.9 62.8 60.9 79.6 85.8
U-MARVEL(Qwen3VL-4B-Instruct) 96.4 96.5 79.3 96.7 98.2 874 333 18.4 64.5 63.8 76.4 89.0
U-MARVEL(Qwen2VL-7B-Instruct) 96.4 96.7 85.4 97.2 93.5 933  36.2 19.1 70.3 65.7 84.5 87.9
+Reranker

LamRA (Liu et al. 2024b) 97.9 98.8 88.1 96.5 98 97.6 428 24.8 70.9 63.9 85.9 93.5
U-MARVEL 1 (Qwen3 VL-4B-Instruct) 97.8 98.4 86.4 99.0 99.0 933 423 21.6 74.2 65.1 76.7 95.2
U-MARVEL ' (Qwen2VL-7B-Instruct) ~ 97.8 977 885 989 982 951 460 226 716 663 86.1 93.4

* indicates that the images in these datasets are sourced from COCO or FashionlQ.

Table 9: Comparisons with SoTA approaches on zero-shot image and text benchmarks



Key Results: Zero-shot Evaluation

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

B3 Zero-shot Capabilities

We evaluated U-MARVEL on unseen datasets for
image-text and text-to-video retrieval.

Methods MSR-VTT MSVD
R@l R@5 R@10 R@l R@5 R@I10
Zero-shot (finetuned with text-video data)

InternVideo (Wang et al. 2022) 400 653 741 434 699  79.1
ViCLIP (Wang et al. 2023) 424 - - 49.1 - -
UMT-L (Li et al. 2023b) 426 644 731 499 777 853

InternVideo2,2-6B (Wang et al. 2024b) 559 783 851 593 844 896

Zero-shot (finetuned only with text-image data)

VLM2Vec (Jiang et al. 2024b) 43.5 69.3 78.9 49.5 77.5 85.7
LamRA (Liu et al. 2024b) 44.7 68.6 78.6 524 79.8 87.0
LLaVE-7B (Lan et al. 2025) 46.8 71.1 80.0 529 80.1 87.0
U-MARVEL(Qwen3VL-4B-Instruct) 34.1 54.4 64.1 44.0 70.3 79.1
U-MARVEL(Qwen2VL-7B-Instruct) 47.2 72.0 80.2 54.6 80.9 87.7

U-MARVEL T (Qwen3VL-4B-Instruct) 47.0 69.7 78.5 53.1 79.9 87.1
U-MARVEL T (Qwen2VL-7B-Instruct) 34.5 54.2 64.1 44.1 70.4 79.1

Table 10: Comparisons with SOTA approaches on zero-shot text-to-video retrieval benchmarks.
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