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The Problem: Multimodal Retrieval

Multimodal Retrieval Evaluation

Inference: Flexible Trade-offs: Latency vs Accuracy

Key Idea: Matryoshka Multi-Vector Retrieval (MMR)
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• Contrastive losses on nested prefixes so the first few vectors form a coarse summary and additional vectors 

progressively refine it.
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Table 1 Precision@1 (%) results on MMEB, which includes 36 tasks across four categories: Classification, Visual
Question Answering (VQA), Retrieval, and Visual Grounding. IND and OOD represent the in-domain average and
out-of-domain average metrics, respectively. Bold denotes the best scores in the subset and the second-best scores are
highlighted with underline.

Models Size Per Meta-Task Score Average Score

Classification VQA Retrieval Grounding IND OOD Overall

Baseline Models
CLIP 428M 55.2 19.7 53.2 62.2 47.6 42.8 45.4
MagicLens 613M 38.8 8.3 35.4 26.0 – – 27.8
UniIR 428M 42.1 15.0 60.1 62.2 – – 42.8
MM-EMBED 7B 48.1 32.2 63.8 57.8 – – 50.0
GME 7B 56.9 41.2 67.8 53.4 – – 55.8
VLM2Vec 7B 61.2 49.9 67.4 86.1 67.5 57.1 62.9
VLM2Vec-V2 2B 62.9 56.3 69.5 77.3 – – 64.9
MMRet 7B 56.0 57.4 69.9 83.6 68.0 59.1 64.1
mmE5 11B 67.6 62.7 71.0 89.7 72.4 66.6 69.8
MoCa-3B 3B 59.8 62.9 70.6 88.6 72.3 61.5 67.5
MoCa-7B 7B 65.8 64.7 75.0 92.4 74.7 67.6 71.5
B3-7B 7B 70.0 66.5 74.1 84.6 75.9 67.1 72.0

MetaEmbed – PaliGemma Initialized
MetaEmbed-3BGemma 3B 64.9 53.5 70.9 79.5 68.6 61.3 65.4

MetaEmbed – Llama-3.2-Vision Initialized
MetaEmbed-11B 11B 66.4 42.1 74.3 91.6 65.7 64.3 65.1

MetaEmbed – Qwen2.5-VL Initialized
MetaEmbed-3B 3B 62.7 68.1 71.9 79.6 73.5 63.8 69.1
MetaEmbed-7B 7B 71.3 74.2 78.7 85.4 81.8 70.0 76.6
MetaEmbed-32B 32B 73.7 78.6 78.9 88.1 82.8 73.7 78.7

designs where visual information is integrated into the language model through cross-attention layers. In
this section, MetaEmbed-3B, -7B and -32B refer to models finetuned on Qwen2.5-VL backbones and
MetaEmbed-11B is finetuned on the Llama-3.2-Vision model.

Training. We train MetaEmbed-7B on 32 NVIDIA H100 SXM5 96GB GPUs for 3,500 steps with a
global batch size of 2, 048, which leads to 30 hours for training. Appendix A has training details for other
variants. We use LoRA (Hu et al., 2022) with a rank of 32 and scaling factor ω = 32 in all training.
For models with Matryoshka Multi-Vector Retrieval, we empirically choose G = 5 group sizes of (rq, rc)
as {(1, 1), (2, 4), (4, 8), (8, 16), (16, 64)} and discuss other group size options in §4.3. Group-specific hyper-
parameter wg in Equation 7 is set to 1 following Kusupati et al. (2022). Contrastive training temperature ε is
set to 0.03. We only incorporate MMEB-train (Jiang et al., 2025) and ViDoRe-train (Faysse et al., 2025) with
one explicit hard negative from Chen et al. (2025a) for training all variants of MetaEmbed.

Evaluation. We assess the general multimodal embedding ability of MetaEmbed on the Massive Multimodal
Embedding Benchmark (MMEB) (Jiang et al., 2024) and use Precision@1 as the evaluation metric. MMEB
is an established benchmark covering 36 tasks across four types, including classification, visual question
answering (VQA) e.g. ScienceQA (Lu et al., 2022), VizWiz (Gurari et al., 2018), ChartQA (Masry et al.,
2022), retrieval across a variety of domains e.g. Visual News (Liu et al., 2021), FashionIQ (Wu et al., 2021),
OvenWiki (Hu et al., 2023), and visual grounding e.g. COCO (Lin et al., 2014), RefCOCO (Kazemzadeh et al.,
2014; Yu et al., 2016). In addition, to compare with existing multi-vector solutions on text-image retrieval,
we evaluate MetaEmbed on Visual Document Retrieval Benchmarks (ViDoRe) v2 (Macé et al., 2025) and
use average NDCG@5 as the metric. ViDoRe (Faysse et al., 2025) was first introduced to benchmark visual
document retrieval capabilities in di!erent domains, and its v2 version mitigates performance saturation by
including more generalized settings and incorporating multilingual subsets. We refer to Appendix C for an
introduction to selected baseline methods.
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