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Abstract

With the rapid proliferation of multimodal information, Visual Document Retrieval (VDR)
has emerged as a critical frontier in bridging the gap between unstructured visually rich
data and precise information acquisition. Unlike traditional natural image retrieval, visual
documents exhibit unique characteristics defined by dense textual content, intricate layouts,
and fine-grained semantic dependencies. This paper surveys the VDR landscape as a
retrieval problem in its own right, rather than as the front end of a generation pipeline,
and does so specifically through the lens of the Multimodal Large Language Model (MLLM)
era. We begin by examining the benchmark landscape, including the recent turn toward
reasoning-intensive evaluation, and then dive into the methodological evolution along two
orthogonal axes: what a retriever is, spanning multimodal embedding models and reranker
models, and how it is deployed, from single-stage retrieval through Retrieval-Augmented
Generation (RAG) to Agentic systems. Cutting across both, we analyse the representation–
efficiency trade-off that late interaction imposes. We ground these categories in leaderboard
evidence on where the empirical frontier actually lies, and close by identifying persistent
challenges and outlining promising future directions for multimodal document intelligence.

1 Introduction
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Figure 1: Natural-image retrieval (left) versus visual-
document retrieval (right), the focus of this survey.

Multimodal retrieval, the task of retrieving relevant
multimodal information from a large-scale collection
using queries that span multiple modalities like text
and vision, has become a cornerstone of modern
information retrieval (Mei et al., 2025; Zheng et al.,
2025a). Historically, research in this domain has
predominantly focused on natural image retrieval,
targeting datasets of photographs and web images
where the primary goal is to match objects, scenes,
or holistic visual concepts (Wu et al., 2024a; Arslan
et al., 2024). However, both academia and industry
have begun to turn their attention to a distinct yet
ubiquitous data type: visual documents1. These
documents, ranging from scanned PDFs and business reports to invoices and academic papers, are characterized
by a dense interplay of textual content, complex layouts, and graphical elements (Tang et al., 2023; Li et al.,
2024d). This shift necessitates an exploration of retrieval techniques tailored to the unique structure and
information density of visual documents, pushing the boundaries of what multimodal systems can achieve.

The pivot towards Visual Document Retrieval (VDR) is driven by three fundamental differences that
distinguish visual documents from natural images, as illustrated in Figure 1. ❶ Information modality and
density: unlike natural images which convey semantic meaning through holistic scenes, visual documents
are hybrid entities where meaning is co-determined by rich textual information and a structured spatial
layout. The information is dense, hierarchical, and multi-modal by nature. ❷ Semantic granularity:
retrieval in natural images often targets high-level concepts (e.g., "a cat sitting on a sofa"), whereas VDR
demands a much finer-grained understanding. Users may query for specific facts embedded within a table,
a particular sentence in a paragraph, or information contingent on its document-level position (e.g., "the
methodology section of a paper"). ❸ User intent and task complexity: VDR is geared towards precise
information-seeking, question answering, and evidence-based reasoning, rather than conceptual or aesthetic
matching.

1They are also commonly referred to as visually rich documents, document images, etc. We use “visual documents” as a
unifying term. See the illustrative examples from representative VDR datasets in Figure 2.
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ESG Report – ViDoRe-V2

Biomedical Slide – ViDoRe-V2

Economic Report – ViDoRe-V2

(a) Illustrative examples of ViDoRe-V2 (Macé et al.,
2025).

German New – JinaVDR Russian Beverage Catalogue – JinaVDR

Chinese Master Plan – JinaVDR Arabic Infographics – JinaVDR

(b) Illustrative examples of JinaVDR (Günther et al., 2025).

Figure 2: Illustrative examples from two representative datasets, ViDoRe-V2 (a) and JinaVDR (b).

Table 1: Coverage of prior surveys relative to ours. Instead
of tagging each work with a single Retrieval/Understanding
label, a dichotomy that misrepresents retrieval-oriented
surveys that happen to be framed around RAG, we score
four checkable axes of the retrieval stack: dedicated treat-
ment of Embedding models, of Rerankers as a first-class
stage, of index Eff iciency (pruning/merging/compression),
and of Reasoning-intensive retrieval. ✔ = dedicated sec-
tion or table; ✔ = discussed without dedicated treatment;
blank = absent. Each judgement is reproducible from the
cited work’s table of contents.

Survey Venue Scope Retrieval-Stack Coverage Agent
Emb Rer Eff Rea

Alaei et al. (2016) IJCNN’16 IR4Doc
Zhou et al. (2017) arxiv’17 IR4Img

Subramani et al. (2020) NeurIPS Workshop’20 DL4Doc
Cui et al. (2021) ICDAR’21 IR4Doc

Hameed et al. (2021) CE’21 IR4Img
Sassioui et al. (2023) WINCOM’23 IR4Doc

Zhao et al. (2023) EMNLP Findings’23 LLM4Img ✔

Ding et al. (2024) arxiv’24 DL4Doc ✔

Zhang et al. (2025c) arxiv’25 LLM4Img ✔ ✔ ✔

Ding et al. (2025) IJCAI Tutorial’25 LLM4Doc ✔

Zhang (2025) AACL-IJCNLP’25 LLM4Doc ✔ ✔ ✔

Abootorabi et al. (2025) ACL Findings’25 LLM4MM ✔ ✔ ✔ ✔ ✔

Huang et al. (2025b) IEEE TKDE’25 LLM4Doc ✔ ✔

Gao et al. (2026) ACL’26 LLM4Doc ✔ ✔ ✔ ✔ ✔

Ke et al. (2026) ACM TOIS’26 LLM4Doc ✔ ✔ ✔

Rombach & Fettke (2026) ACM Computing Survey’26 DL4Doc ✔

Ours - LLM4Doc ✔ ✔ ✔ ✔ ✔

Furthermore, as the general capabilities of Multi-
modal Large Language Models (MLLMs) advance
(Song et al., 2025; Yan et al., 2025b;a), the VDR field
is increasingly focusing on their integration. This in-
cludes the development of MLLM-based embedding
and reranker models to enhance semantic matching
(Tao et al., 2024; Zhang et al., 2024b; Wang et al.,
2024b). Beyond that, there is active exploration
into leveraging these models within more sophisti-
cated frameworks like Retrieval-Augmented Genera-
tion (RAG) pipelines (Gao et al., 2023; Cheng et al.,
2025; Gan et al., 2025a) and Agentic systems (Singh
et al., 2025) to tackle complex document-based set-
tings.

Scope. Prior reviews approach this material from
adjacent vantage points (Table 1). Earlier work
concentrated on classical document information re-
trieval (Alaei et al., 2016) and deep learning for
document understanding (Subramani et al., 2020;
Sassioui et al., 2023; Ding et al., 2024), or on re-
trieval for natural images (Zhou et al., 2017; Hameed
et al., 2021). Surveys written after the rise of MLLMs
largely retain a generation-centric or understanding-centric framing (Huang et al., 2025b; Rombach & Fettke,
2026; Ding et al., 2025; Ke et al., 2026) or target natural-image retrieval (Zhao et al., 2023; Zhang et al.,
2025c).

Three recent works are close enough that we state the difference explicitly rather than rely on a checkmark.
Abootorabi et al. (2025) survey multimodal RAG broadly; retrieval appears there as one component of a
generation pipeline, and visually rich documents are one modality among many, so the document-specific
retrieval stack (layout-aware multi-vector representations, index compression, document rerankers) is not the
organising concern. Gao et al. (2026) is genuinely retrieval-oriented and covers embedding models, the ColPali
family, and compression; its framing runs from multimodal RAG toward document understanding, and we
differ in emphasis rather than in kind, treating retrieval as the object of study instead of the front end of a
generator. Closest of all is Zhang (2025), a VDR retrieval survey with substantially overlapping scope; relative
to it we add a dedicated treatment of rerankers as a first-class stage with its ranking-paradigm taxonomy, the
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reasoning-intensive turn in benchmarks, an empirical reading of the current leaderboard frontier, and the
efficiency literature that has appeared since.

Our contribution is therefore not to be first to mention VDR, but to organise it as a retrieval problem in its
own right: we treat embedding, reranking, and agentic deployment along explicit axes, and pair
each with the benchmark and efficiency evidence needed to compare methods2.

Structure. We begin from a benchmark perspective, systematically organizing the field by examining
task formulations, basic settings, and dataset characteristics such as multilingual support and the growing
emphasis on reasoning-intensive queries. We then turn to a methodology-centric analysis.

Here we make our organising principle explicit, because a flat list of “paradigms” would conflate two questions
that vary independently. We use two orthogonal axes and one cross-cutting dimension. The first
axis asks what a retriever is, that is, its representation and scoring mechanism, and runs from single-vector
bi-encoders through multi-vector late interaction (▷ Section 3.1) to cross-encoder joint scoring (▷ Section 3.2)
and, most recently, generative formulations. The second axis asks how a retriever is deployed: single-stage
retrieval, retrieve-then-rerank cascades, static RAG pipelines, or iterative agentic loops (▷ Section 3.3). These
axes are genuinely independent: a multi-vector embedder can be deployed single-stage or inside an agent, and
an agentic system can be assembled from any underlying retriever. We note explicitly that the second axis is
downstream of the first, which is why Section 3.3 builds on rather than parallels the two preceding sections.
Cutting across both is the resource–quality trade-off : the representation choice that wins on accuracy
also determines index size and query-time cost, a tension we quantify in Section 3.1 and pursue in Section 4.3.

Finally, we conclude by discussing the challenges and outlining future frontiers, aiming to provide valuable
insights and inspire subsequent research in the multimodal document intelligence community.

2 Benchmark Perspective

This section provides a systematic review of the VDR evaluation landscape. We first establish a formal
mathematical definition (▷ Section 2.1), and then analyze the current trends in terms of data scale and metrics
(▷ Section 2.2), followed by a discussion on the emerging frontiers of multilingual support (▷ Section 2.3)
and reasoning-intensive retrieval (▷ Section 2.4), which reflect the shift from keyword matching to complex
document intelligence.

2.1 Formulation

VDR aims to identify the most relevant document images from a large-scale corpus based on a given query.
Formally, let C = {dn}|C|

n=1 be a corpus of document pages, where each dn ∈ I is a visually rich document
image. Given a query q, the task is to produce a ranked list of documents from C such that the top-ranked
items maximize a relevance score s(q, d).

Input and Modalities. In the standard VDR setting, the query is typically a natural language string
q ∈ T (text-to-image retrieval). However, the generalized VDR setting extends the query space to multimodal
inputs, including images or interleaved text-and-image sequences q ∈ {T ∪ I}∗. Unlike traditional OCR-based
retrieval that treats documents as plain text, VDR models process the document d directly in the visual
domain, often representing it as a set of patch-level embeddings to preserve layout and graphical information.

Mathematical Representation. Following the late-interaction paradigm pioneered by ColPali (Faysse
et al., 2024), let U(q) = {ui}

nq

i=1 denote the query-side embeddings (token-level for the standard text-query
setting) and V(d) = {vj}nd

j=1 the patch-level document embeddings, with ui, vj ∈ Rh. Relevance can then be
computed with a late-interaction operation such as MaxSim: s(q, d) =

∑nq

i=1 maxnd
j=1 u⊤

i vj .

Evaluation Metrics. This section provides detailed mathematical formulations for the primary retrieval
metrics used in the benchmarks discussed in this survey. For a given set of test queries Q, the goal of a
retrieval system is to return a ranked list of documents from a corpus C for each query q ∈ Q.

2This version covers literature up to 25 August, 2026, with updates scheduled every two months for the fast-growing
research community.
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❶ Recall@k Recall at k (Recall@k) measures the fraction of relevant documents that are successfully
retrieved within the top-k results. It is a metric of coverage, evaluating how well the system is able to find all
ground-truth documents. For a given query q, let D+

q be the set of ground-truth relevant documents and
πk(q) be the ranked list of the top-k retrieved documents. The overall Recall@k is the average score across
all queries in Q.

Recall@k is calculated as:
Recall@k = 1

|Q|
∑
q∈Q

|D+
q ∩ πk(q)|

|D+
q |

(1)

where |Q| is the total number of queries; |D+
q | is the total number of relevant documents for query q; and

|D+
q ∩ πk(q)| is the number of relevant documents found in the top-k retrieved list.

❷ Mean Reciprocal Rank (MRR) Mean Reciprocal Rank (MRR) evaluates the ranking of the first
correct document retrieved. It is particularly useful for tasks where finding a single relevant item quickly
is the primary goal. For each query q, the reciprocal rank is the inverse of the rank of the first relevant
document. If no relevant document is retrieved, the reciprocal rank is 0.

MRR is calculated as:
MRR = 1

|Q|
∑
q∈Q

1
rankq

(2)

where rankq is the position of the first relevant document for query q, with rankq = ∞ when no relevant
document is retrieved.

❸ Mean Average Precision (mAP) Mean Average Precision (mAP) provides a comprehensive evaluation
of a ranked list by considering both precision and recall. It rewards retrieving relevant documents at higher
ranks. The Average Precision (AP) for a single query is first calculated by averaging the precision at each
relevant document’s position. mAP is then the mean of these AP scores over all queries.

The Average Precision for a single query q is:

APq = 1
|D+

q |

|C|∑
r=1

Precq(r) relq(r) (3)

And mAP is the mean of all AP scores:

mAP = 1
|Q|

∑
q∈Q

APq (4)

where |C| is the total number of documents in the corpus; Precq(r) is the precision for query q at rank r; and
relq(r) is 1 if the document at rank r is relevant to q, and 0 otherwise.

❹ Normalized Discounted Cumulative Gain (nDCG@k) Normalized Discounted Cumulative Gain
(nDCG@k) is a measure of ranking quality that accounts for the graded relevance of documents. It assigns
higher scores to more relevant documents placed at top ranks, with a logarithmic discount for documents at
lower ranks. The score is normalized by the ideal ranking to fall between 0 and 1.

The DCG@k is first calculated as:

DCG@k(q) =
k∑

r=1

2gq,r − 1
log2(r + 1) (5)

The nDCG@k is then:
nDCG@k = 1

|Q|
∑
q∈Q

DCG@k(q)
IDCG@k(q) (6)

where k is the number of results being evaluated; gq,r is the graded relevance of the document at rank r for
query q; and IDCG@k(q) is the DCG of the ideal ranking for q up to rank k.
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❺ Hit Rate (HR@k) As used in benchmarks like Double-Bench (Shen et al., 2025), Hit Rate at k (HR@k)
is a binary success metric that evaluates whether at least one relevant document is found within the top-k
retrieved results. It is particularly useful for assessing whether the retrieval system can find any correct
evidence, which is a prerequisite for downstream tasks. For multi-hop queries, a "hit" is only registered if
evidence for all hops is found within the top-k results.

For a single-hop query q, the HR@k is:

HR@k(q) = I(πk(q) ∩ D+
q ̸= ∅) (7)

The overall HR@k is the average across all queries:

HR@k = 1
|Q|

∑
q∈Q

HR@k(q) (8)

where I(·) is the indicator function, which is 1 if the condition is true and 0 otherwise; πk(q) is the top-k
retrieved list and D+

q is the set of ground-truth relevant documents.

❻ Averaged Normalized Longest Common Subsequence (ANLCS) Used in VisDoMBench (Suri
et al., 2025) to evaluate evidence extraction, Averaged Normalized Longest Common Subsequence (ANLCS)
measures the textual similarity between retrieved content and ground-truth evidence. Instead of evaluating
ranking, it assesses the quality of the retrieved content itself. First, the Normalized Longest Common
Subsequence (NLCS) is calculated for a pair of text strings, measuring their shared content normalized by
their lengths.

The NLCS between a ground-truth evidence string xgt and a retrieved chunk string xret is:

NLCS(xgt, xret) = 2 |LCS(xgt, xret)|
|xgt| + |xret|

(9)

The ANLCS score for a query is then computed by finding the best-matching retrieved chunk for each
ground-truth evidence chunk and averaging these scores. The final metric is the average over all queries.

ANLCS@k = 1
|Q|

∑
q∈Q

 1
|Gq|

∑
g∈Gq

max
x∈Xk(q)

NLCS(g, x)

 (10)

where LCS(xgt, xret) is the Longest Common Subsequence between the two strings; |x| denotes the length
of string x; Gq is the set of ground-truth evidence texts for query q; and Xk(q) is the set of retrieved text
chunks in the top-k results for query q.

2.2 Basic Setting

Escalating Research Momentum. Over the past two years, VDR has transitioned from a niche task
to a central focus in both industry and academia. As shown in Table 2, the majority of specialized VDR
benchmarks, such as the ViDoRe series (Faysse et al., 2024) and Real-MM-RAG (Wasserman et al., 2025b),
emerged in 2024 and 2025. This surge is driven by the realization that (OCR-based) text-only retrieval fails
to capture the visual nuances of documents, such as tables, charts, and spatial hierarchies (Zhang et al.,
2025b; Most et al., 2025).

Diverse Dataset Scales. Current benchmarks exhibit a wide range of data magnitudes (Cao et al., 2025).
While expert-annotated sets like SeaDoc (Xiao et al., 2025b) and M4DocBench (Dong et al., 2025c) focus on
specialized samples, recent large-scale efforts have pushed boundaries. NL-DIR (Guo et al., 2025) provides
205k queries, and Jina-VDR (Günther et al., 2025) utilizes over 70k documents, reflecting a trend toward
scaling both query volume and corpus diversity.

Standardized Evaluation. nDCG and Recall remain the primary metrics for performance measurement.
However, as VDR is increasingly integrated into RAG, some benchmarks (e.g., EVisRAG (Sun et al., 2025c)
and MMLongBench-Doc (Ma et al., 2024b)) incorporate downstream Accuracy and F1 scores to evaluate
how retrieval quality directly impacts final multimodal generation.
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Category Benchmark Publication Dataset Resource
Team Venue #Query* #Corpus* Multilingual Reasoning Retrieval Metric

VDR MRMR (Zhang et al., 2026b) NTU ICLR’26 1.50k 42.80k en ✔ nDCG / HR
VDR Invoice Haystack (Kanagalingam et al., 2026) Melbourne ECCV’26 200 1.50k en - Recall
VDR VisDocAgentBench (Hu et al., 2026b) PKU arxiv’26 120 2.38k en ✔ MRR / Recall
VDR MMLongEmbed (Wang et al., 2026a) Soochow & Ant Group arxiv’26 8.46k 20.88k en - Precision
VDR CHaystack (Li, 2026) SCU arxiv’26 4.54k 17.49k zh - Recall
VDR KoViDoRe (Choi et al., 2026b) Kyung Hee arxiv’26 706 6.73k ko - nDCG
VDR LëtzCross (El Bachyr et al., 2026) Luxembourg arxiv’26 579 908 4 - nDCG
VDR ViDoRe-V3 (Loison et al., 2026) Illuin Tech arxiv’26 3.10k 26.00k en, fr - nDCG
VDR IRPAPERS (Shorten et al., 2026) Weaviate arxiv’26 180 3.23k en - Recall
VDR ViDoRe-V1 (Faysse et al., 2024) Illuin Tech ICLR’25 3.81k 8.31k en, fr - nDCG / Recall / MRR
VDR VisRAG (Yu et al., 2024) Tsinghua ICLR’25 3.61k 20.64k en - Recall / MRR
VDR SeaDoc (Xiao et al., 2025b) Alibaba NeurIPS’25 1.00k 5.06k 4 - nDCG
VDR MMDocRAG (Dong et al., 2025b) Huawei NeurIPS’25 4.06k 14.87k en - Recall
VDR Real-MM-RAG (Wasserman et al., 2025b) IBM ACL’25 4.55k 8.60k en - nDCG / Recall
VDR NL-DIR (Guo et al., 2025) CAS CVPR’25 205.00k 41.80k en - Recall / MRR
VDR OpenDocVQA (Tanaka et al., 2025) NTT CVPR’25 43.47k 206.27k en - nDCG
VDR ViDoSeek (Wang et al., 2025b) Alibaba EMNLP’25 1.14k 5.39k en - Recall / MRR
VDR MMDocIR (Dong et al., 2025a) Huawei EMNLP’25 1.66k 20.40k en - Recall
VDR Jina-VDR (Günther et al., 2025) Jina AI EMNLP’25 57.33k 70.62k 20 - nDCG
VDR VisDoMBench (Suri et al., 2025) UMD NAACL’25 2.27k 8.30k en - ANLCS
VDR ViDoRe-V2 (Macé et al., 2025) Illuin Tech arxiv’25 1.15k 4.54k en, fr - nDCG
VDR EVisRAG (Sun et al., 2025c) PKU arxiv’25 4.26k - en - Acc / F1
VDR Double-Bench (Shen et al., 2025) SCUT arxiv’25 5.17k 73.06k 6 - HR
VDR VisR-Bench (Chen et al., 2025c) UB arxiv’25 35.57k 35.63k 16 - Acc
VDR MR2-Bench (Zhou et al., 2025a) BAAI arxiv’25 1.31k 47.74k en ✔ nDCG / Recall
VDR MIRACL-VISION (Osmulski et al., 2025) NVIDIA arxiv’25 7.90k 338.73k 18 - nDCG
VDR UniDoc-Bench (Peng et al., 2025) Salesforce arxiv’25 1.74k 70.00k en - Recall / Precision
VDR ViMDoc (Kim et al., 2025a) KAIST arxiv’25 10.90k 76.35k en - Recall
VDR M4DocBench (Dong et al., 2025c) Huawei arxiv’25 158 6.18k en, zh ✔ Recall
VDR SDS KoPub VDR (Lee et al., 2025a) Samsung arxiv’25 600 40.78k en, ko - nDCG / Recall
VDR Nayana-IR (Kolavi & Jain, 2025) CognitiveLab arxiv’25 1.00k 5.40k 22 - nDCG / Recall / mAP / MRR
VDR MMLongBench-Doc (Ma et al., 2024b) NTU NeurIPS’24 1.08k 6.41k en - Acc / F1

Gen. MMEB-V2 (Meng et al., 2025) Salesforce TMLR’26 - - en - nDCG
Gen. MM-BRIGHT (Abdallah et al., 2026b) University of Innsbruck arxiv’26 2.80k 2.50M en ✓ nDCG
Gen. ARK-Bench (Lin et al., 2026) SCU arxiv’26 1.55k 36.03k en ✓ nDCG / Recall
Gen. MMEB (Jiang et al., 2024c) Waterloo & Salesforce ICLR’25 12.00k 12.00M en - Precision
Gen. Visual Haystacks (Wu et al., 2024b) UCB ICLR’25 20.10k 97.00k en - Acc
Gen. COCO-Facet (Li et al., 2025c) Washington NeurIPS’25 9.11k 911.20k en - Recall
Gen. UMRB (Zhang et al., 2024c) PolyU & Alibaba CVPR’25 200.00k 40.00M en - nDCG / Recall
Gen. MIEB (Xiao et al., 2025c) Durham University ICCV’25 1.25M 7.62M 38 - nDCG / Recall / mAP
Gen. MMNeedle (Wang et al., 2025a) Rutgers University NAACL’25 280.00k 40.00k en - Acc
Gen. MMMEB (Musacchio et al., 2025) Uniba arxiv’25 9.20k 9.20k 5 - Precision
Gen. MM-NIAH (Wang et al., 2024c) FDU & Shanghai AI Lab NeurIPS’24 5.58k - en - Acc
Gen. M2KR (Lin et al., 2024b) Cambridge ACL’24 39.79k 514.85k en - Recall
Gen. M-BEIR (Wei et al., 2024a) Waterloo ECCV’24 190k 5.6M en - Recall

Table 2: Comparison of VDR and general multimodal retrieval benchmarks. In the Resource column, we denote the
corresponding GitHub codebase, Hugging Face repository, and paper (e.g., arXiv paper, technical report, or blog)
as / / . * indicates that #query and #corpus correspond to the retrieval-related #evaluation samples and
#candidates, respectively, for general multimodal retrieval benchmarks.

2.3 Multilingual Support

The majority of early VDR benchmarks are predominantly English-centric. Following advances in multilingual
text-embedding evaluation (Enevoldsen et al., 2025; Zhang et al., 2023), recent VDR work has begun to
bridge this linguistic gap. Jina-VDR (Günther et al., 2025) and Nayana-IR (Kolavi & Jain, 2025) represent
a significant shift, supporting 20 and 22 languages, respectively. Similarly, MIRACL-VISION (Osmulski
et al., 2025) introduces a large-scale multilingual corpus covering 18 languages. This movement highlights the
necessity for VDR models to move beyond English-specific representations and develop cross-lingual semantic
alignment capabilities, particularly for visually rich documents. Figure 3 makes concrete what that demand
involves. Across the six subsets the queries are not translations of one another but are grounded in locally
specific artefacts, a Habsburg-era subscription notice, a Belarusian price list, a Niigata ramen catalogue, an
Arabic-labelled chart, a Hindi house journal and an Italian letterhead, and the answer span is a different
structural object in each. Two consequences follow for benchmark design. First, reporting a single averaged
multilingual score conflates script recognition with layout understanding, since a model can fail panel (b) for
want of table parsing while failing panel (e) for want of Devanagari reading. Second, right-to-left scripts such
as the Arabic of panel (d) alter the reading order that patch-level models implicitly assume, an effect that no
amount of additional training data in left-to-right languages will surface.
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(a) German

Wann beginnt der 18. Jahrgang

der 'Bozner Nachrichten'?

jinaai/europeana-de-news

When does the 18th volume

of the 'Bozner Nachrichten'

begin?

answer: 1 January (1906)

(b) Russian

Какой объем имеет

бутылка водки

«Метелица»?

jinaai/beverages_catalogue_ru

What volume does the

bottle of «Metelitsa»

vodka have?

answer: 0,5 litres

(c) Japanese

中華麺食堂かなみ屋の

本格四川麻婆麺の

スープの味付けは？

jinaai/ramen_benchmark_jp

For the Sichuan mapo

noodles at Kanamiya,

what seasons the soup?

answer: house-made chili oil, 7 spices

(d) Arabic

ما هي الدولة التي لديها

من البالغينأعلى نسبةأعلى نسبةأعلى نسبةأعلى نسبة

السمنةالسمنةالسمنةالسمنةالذين يعانون من

1989؟1989؟1989؟1989؟في عام

jinaai/arabic_chartqa_ar

Which country has the

highest share of adults

with obesity in 1989?

answer: Brazil

(e) Hindi

राजभाषा भारतीराजभाषा भारतीराजभाषा भारतीराजभाषा भारती का

अंकअंकअंकअंक कितना है?

jinaai/hindi-gov-vqa

What is the issue number

of Rajbhasha Bharati?

answer: issue 106

(f) Italian

Quando è stato fondato

il Centro di Studi

Ciceroniani?

jinaai/europeana-it-scans

When was the Centro di

Studi Ciceroniani

founded?

answer: 7 January 1957

Figure 3: What multilingual VDR actually asks of a retriever. One case from each of six non-English
JinaVDR subsets (Günther et al., 2025). Each panel pairs the query in its original script (left) with an English gloss
(right) on the same line, and outlines in red the page region that answers it, annotated with the answer itself. Key
entities, dates and quantities, the tokens that must survive cross-script alignment, are set in bold in both the original
and the gloss, so the two readings can be compared term by term. The panels span four writing systems and both
text directions, and the evidence takes a different form in each: a masthead notice (a), a single table cell (b), a shop
card (c), a bar in a chart (d), an issue number in running prose (e), and a date inside a letter body (f). A retriever
therefore needs script-level reading, layout parsing and numeric grounding at once, which is why the reranking gap
discussed in Section 3.2 is not merely a matter of adding languages.

Results expose substantial task-level heterogeneity. Figure 4 compares Jina-VDR results on the
same six subsets visualized qualitatively above. Jina v4 (multi) ranks first on every subset and reaches a
six-task macro-average of 68.09, compared with 60.14 for its single-vector mode and 48.35 for DSE-Qwen2,
the strongest non-Jina-v4 baseline on this slice. Because the two Jina v4 modes share a backbone, their
comparison controls model capacity more closely than a cross-model contrast: late interaction adds 7.96
nDCG points on average. The gain is nevertheless far from uniform: it is largest on the two Europeana
scan tasks, Italian (+15.28) and German (+14.87), but narrows to +2.05 on the Russian catalogue and
+3.88 on the Japanese ramen catalogue. This pattern is consistent with, although it does not by itself
prove, the hypothesis that patch-level matching is especially useful when a small answer-bearing region must
be localized within degraded or layout-heavy pages. The older systems also reverse order across subsets:
DSE-Qwen2 is the strongest non-Jina-v4 model for German, Russian and Arabic; Jina v3 + OCR leads that
group for Japanese; and ColPali does so for Hindi and Italian. Nor should these scores be interpreted as an
isolated ranking of language difficulty: the best score ranges from only 22.49 on Hindi government documents
to 94.65 on the Japanese catalogue, while each column simultaneously changes the script, domain, corpus
size, scan quality and evidence structure. A single multilingual average therefore hides both architectural
sensitivity and task-specific failure modes, and the comparison supports a claim about heterogeneity across
language–document pairs, rather than a causal claim that one language is intrinsically harder than another.
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DE
news

RU
catalogue

JA
ramen

AR
chart

HI
gov. docs

IT
scans

Macro
mean

BM25 + OCR

Jina v3 + OCR

Jina CLIP v2

ColPali v1.2

DSE-Qwen2

Jina v4 (single)

Jina v4 (multi)

11.3 11.1 28.0 9.3 1.8 39.1 16.8

12.0 14.1 63.4 8.6 7.5 38.8 24.1

11.2 39.7 41.3 6.6 5.2 16.5 20.1

35.2 68.5 52.0 26.9 11.4 58.7 42.1

44.3 80.3 51.7 49.4 10.2 54.3 48.4

48.9 85.7 90.8 62.2 15.3 58.0 60.1

63.8 87.7 94.7 66.6 22.5 73.3 68.1

0 50 100
JinaVDR nDCG@5 (%)

Figure 4: Model performance on the six subsets illustrated in Figure 3. Results from Jina-VDR (Günther
et al., 2025): cells show nDCG@5 (%) on a fixed 0–100 scale; bold values mark the per-column maximum, and the
outlined row wins every column. “Macro mean” is the unweighted average over only these six subsets, rather than
JinaVDR’s all-task average. Each language code is paired with its document type because language, domain and
visual format co-vary.

2.4 Reasoning-Intensive Setting

The rapid advancement of MLLMs has expanded information-retrieval evaluation beyond surface-level
semantic matching toward tasks that require explicit reasoning (Bi et al., 2025; Su et al., 2025b; Lin et al.,
2025b; Yan et al., 2024). Text-centric retrieval has already developed reasoning-aware capabilities
through benchmarks3 (e.g., BRIGHT (Su et al., 2024), RAR-b (Xiao et al., 2024), ATEB (Han et al., 2025a),
R2MED (Zhang et al., 2025g)), embedding models (e.g., ReasonIR (Shao et al., 2025), ReasonEmbed (Chen
et al., 2025d), RaDeR (Das et al., 2025), DIVER-Retriever (Sun et al., 2025a), RITE (Liu et al., 2025f),
REAPER (Joshi et al., 2024)), and rerankers (e.g., Reason-to-Rank (Ji et al., 2024), InteRank (Samarinas
& Zamani, 2025), Rank1 (Weller et al., 2025b), Rank-K (Yang et al., 2025a), TFRank (Fan et al., 2025),
TS-SetRank (Huang et al., 2025a), InsertRank (Seetharaman et al., 2025), RGS (Xu & Chen, 2025)). VDR is
now undergoing the same transition: dense textual information combined with intricate visual layouts (e.g.,
charts, tables, and diagrams) demands logical deduction beyond traditional OCR-based matching (Duan
et al., 2025; Liao et al., 2025; Nacson et al., 2025; Jiang et al., 2025).

Recent pioneering efforts have begun to formalize this reasoning-intensive frontier through three distinct
perspectives:

❶ Vision-Centric Logic and Abstract Reasoning. As highlighted by MR2-Bench (Zhou et al., 2025a),
current VDR models often suffer from "shallow matching," where they succeed by identifying object-text
correlations but fail at logical, spatial, or causal inference. MR2-Bench introduces vision-centric tasks such as
Visual Puzzle (solving Raven-style matrices) and Visual Illustration Search (e.g., matching a mathematical
formula to its corresponding geometric proof). Their findings reveal a massive "reasoning gap": models
achieving high scores on general multimodal benchmarks (e.g., MMEB) exhibit a significant performance
drop when required to solve abstract visual analogies or multi-image relational scenarios.

3Instruction-following retrieval (e.g., FollowIR (Weller et al., 2024) and mFollowIR (Weller et al., 2025a)), long-context
retrieval (e.g., LongEmbed (Zhu et al., 2024a)) and code retrieval benchmarks (e.g., CoIR (Li et al., 2024b) and CodeRAG-Bench
(Wang et al., 2024e)) are not within the scope of reasoning-intensive retrieval in this survey.
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❷ Expert-Level Multidisciplinary and Contradiction Reasoning. Moving beyond general knowledge,
MRMR (Zhang et al., 2026b) introduces Contradiction Retrieval, a novel task requiring models to identify
rules or requirements that conflict with a given case description (e.g., identifying a traffic violation in a visual
scene based on a text-based rulebook). MRMR focuses on expert domains like medicine and engineering,
where visually rich documents (e.g., pathological slides) require specialized interpretation. Figure 5 makes
the distinction among its three task families concrete: Knowledge grounds a visual symbol in expert facts,
Theorem infers and instantiates the rule needed to solve a problem, whereas Contradiction verifies a polarity
conflict between visible evidence and a candidate statement. Consequently, success requires an intermediate
inference that is not literally shared by the query and relevant document, rather than surface-level image–text
overlap alone.

F-sharp

Dominant: F-sharp

1 OBSERVE
read the note as F-sharp

2 INFER
dominant = fifth degree

3 RETRIEVE
B minor maps it to F-sharp

sector

sector-area rule

1 BIND
r=4; θ= π/4

2 SELECT
A= r2θ/2

3 SOLVE
target answer is 2π

keyboard present

Candidate document

This image includes mouse,

dining table, book but

no keyboard.
conflicting claim

1 GROUND
a keyboard is present

2 NEGATE
candidate says "no keyboard"

3 RETRIEVE
select the explicit conflict

MULTIMODAL QUERY RELEVANT DOCUMENT REASONING OPERATION

(A) KNOWLEDGE · MUSIC test_Music_327

Query

Determine True or False:
This is the dominant
in B minor.

(B) THEOREM · MATHEMATICS test_Math_16

Query

The radius is 4 and ∠A=45 ∘ .
What is the area of the
shaded section of the circle?

(C) CONTRADICTION · NEGATION 340894

Query

Retrieve the text that has
contradictory information
to the image.

Figure 5: Three reasoning operations in MRMR. Each row links a multimodal query to its relevant document
through an explicit inference; red boxes mark the decisive cues. Knowledge grounds F-sharp in B minor, Theorem
applies the sector-area rule, and Contradiction detects the conflict between a visible keyboard and “no keyboard.”
Cases are from MRMR (Zhang et al., 2026b).

Figure 6 further shows that Qwen3-Embedding with image captions obtains the best overall score (54.1) and
leads 9 of the 11 subtasks, indicating that language-model-mediated visual interpretation remains stronger
than direct multimodal alignment on this benchmark. Even the strongest native multimodal configuration,
Ops-MM-Embedding with merged images, falls from a 67.4 Knowledge mean to 37.4 on Theorem and 36.6 on
Contradiction; moreover, 15 of the 16 configurations remain at or below 20 Hit@1 on Negation, below its 25%
random baseline.
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EVA-CLIP

SigLIP

OpenCLIP

JinaCLIP

VISTA

E5-V

MM-Embed

VLM2Vec

GME-Qwen2-VL

Ops-MM-Embedding
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Figure 6: MRMR performance by task family and subtask. Results from MRMR (Zhang et al., 2026b): the
matrix retains all 16 configurations and 11 subtask scores, with unweighted family means. Negation uses Hit@1 (25%
chance), while the other columns use nDCG@10. Bold values mark maxima; the solid and dashed outlines identify the
best overall and strongest native multimodal configurations, respectively.

❸ Agentic, Multi-hop, and Process-Oriented Reasoning. In complex enterprise scenarios,
M4DocBench (Dong et al., 2025c) redefines reasoning as an iterative, agentic process. It introduces
the M4 framework (Multi-modal, Multi-hop, Multi-document, and Multi-turn), focusing on deep research
tasks where evidence is scattered across dozens of documents. Unlike single-shot retrieval, M4DocBench
evaluates a system’s ability to perform Query Decomposition and iterative refinement. It underscores that
deep document intelligence requires "Strategic Planning", the ability to filter relevant documents from noisy
collections and adaptively select the optimal retrieval granularity (e.g., chunk, page, or summary) based on
the evolving state of the research workflow.

Future Frontiers. Despite these early triumphs, several reasoning challenges remain largely unexplored.
Future VDR research must address implicit retrieval intents, where queries involve fuzzy constraints that
can only be resolved through world-knowledge synthesis (Zhang et al., 2025f; Wei et al., 2024b). Furthermore,
the development of active retrieval agents, capable of self-correcting their search path when initial reasoning
leads to dead ends, will be paramount to unlocking the full potential of multimodal document intelligence in
open-domain, large-scale scenarios (Zhu et al., 2024b; Liu et al., 2025c; Zhang et al., 2025d).
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3 Methodology Perspective

This section deconstructs the technical trends that underpin modern VDR, following the two axes declared in
Section 1.

Section 3.1 and Section 3.2 traverse the first axis, what a retriever is: embedding models that score a query
against a precomputed index (Table 3), and rerankers that jointly encode a query–candidate pair to trade
throughput for precision. The two are separated by where interaction happens, at index time versus at query
time, which is what fixes their asymmetric cost profiles. Section 3.3 then traverses the second axis, how a
retriever is deployed, from static RAG pipelines to iterative agentic loops. This second axis presupposes
the first: an agentic system is assembled from the components of Section 3.1 and Section 3.2 rather than
competing with them, so the reader should expect composition here, not a third alternative.

3.1 Embedding Models

3.1.1 Formulation

In the context of VDR, an embedding model, denoted by an encoder E(·), processes multimodal inputs to
produce vector representations. Let Tq = {τ q

i }nq

i=1 be the token sequence for a query q and Pd = {pd
j }nd

j=1
the image-patch sequence for a document page d. The objective is to learn an encoder that aligns their
representations. While early models produced a single vector for each item (Zhang et al., 2024c; Liu et al.,
2025e; Jiang et al., 2024c), recent VDR models adopt a multi-vector paradigm, yielding the embedding sets
U(q) = E(Tq) and V(d) = E(Pd) introduced in Section 2.1. Their relevance score s(q, d) is often computed
using late interaction such as MaxSim (Faysse et al., 2024).

3.1.2 Common VDR Training Sets.

The primary distinction between specialized VDR models and general multimodal embedding models lies
in their training data. VDR models are fine-tuned extensively on visual document datasets to master the
fine-grained semantic and layout-aware understanding required for this domain. We discuss common VDR
training sets as follows.

❶ colpali-train-set. This dataset serves as the training data for the ColPali model4 and represents a hybrid
approach to data collection (Faysse et al., 2024). It comprises approximately 127,000 query-image pairs,
strategically combining established academic benchmarks (63%), such as DocVQA (Mathew et al., 2021),
InfoVQA (Mathew et al., 2022), TAT-DQA (Zhu et al., 2022) and arXivQA (Li et al., 2024a), with a custom
synthetic dataset (37%). The synthetic component was created from a diverse collection of web-crawled PDF
documents, with pseudo-questions generated by Claude-3 Sonnet. The dataset is intentionally English-only,
designed to facilitate research into zero-shot cross-lingual generalization capabilities of VDR models.

❷ VisRAG-Ret-Train-Synthetic-data. As the synthetic training component for the VisRAG model5
(Yu et al., 2024; Sun et al., 2025c), this dataset is composed entirely of VLM-generated data, totaling around
239k query-document pairs. The corpus was constructed from web-crawled PDFs spanning diverse domains,
including college-level textbooks6, academic papers from premier conferences like ICML’23 and NeurIPS’23,
and product manuals7. A powerful VLM, GPT-4o, was leveraged to generate pseudo-queries for these
document pages, creating a large-scale resource tailored for training retrieval models on a variety of document
layouts and topics.

❸ vdr-multilingual-train. This dataset8 marks a significant step towards multilingual VDR, containing
nearly 500,000 query-image samples across five languages (English, Spanish, Italian, German, and French).

4https://huggingface.co/datasets/vidore/colpali_train_set
5https://huggingface.co/datasets/openbmb/VisRAG-Ret-Train-Synthetic-data
6https://openstax.org/
7https://www.manualslib.com/
8https://huggingface.co/datasets/llamaindex/vdr-multilingual-train
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Category Embedding Publication Model Novelty Resource
Team Venue Params. Backbone Multilingual Multi-Vec Training-Free Generative

VDR Nemotron ColEmbed V2 (Moreira et al., 2026) NVIDIA ECIR’26 4B/8B Qwen3-VL/Llama3.2 en ✔ - - M D
VDR Argus-Retriever (Abdallah et al., 2026a) Innsbruck & Chungbuk arxiv’26 2B/4B/9B Qwen3-VL en ✔ - - M
VDR MM-Matryoshka (Xiang et al., 2026) HKUST(GZ) & Alibaba arxiv’26 2B/3B PaliGemma/Qwen2-VL en ✔ - - T E
VDR VaRS-Doc (Wang et al., 2026b) SJTU arxiv’26 3B Qwen2.5-VL en ✔ - - M
VDR NanoVDR (Liu et al., 2026c) Aalto University arxiv’26 69M/112M/151M BERT en - - - T E
VDR CausalEmbed (Huo et al., 2026) HKUST(GZ) & Alibaba arxiv’26 3B Qwen2.5-VL/PaliGemma en ✔ - ✔ T E
VDR ColParse (Yan et al., 2026c) HKUST(GZ) & Alibaba arxiv’26 2B/7B Qwen2/2.5-VL en ✔ ✔ - M E
VDR ColChunk (Yan et al., 2026a) HKUST(GZ) & Alibaba arxiv’26 2B/7B Qwen2/2.5-VL en ✔ ✔ - M E
VDR Ops-Colqwen3 (OpenSearch-AI, 2026) Alibaba blog’26 4B Qwen3-VL 30 ✔ - - M D
VDR ColPali/ColQwen (Faysse et al., 2024) Illuin Tech ICLR’25 3B PaliGemma en ✔ - - M D T
VDR Unveil (Sun et al., 2025b) PKU ACL’25 3B MiniCPM-V en - - - M
VDR ColMate (Masry et al., 2025) ServiceNow EMNLP’25 3B PaliGemma en/fr ✔ - - M
VDR ColFlor (Masry & Hoque, 2025) York Uni. arxiv’25 0.2B Florence-2 en/fr ✔ - - E
VDR ColModernVBERT (Teiletche et al., 2025) Illuin Tech arxiv’25 0.3B SigLIP en ✔ - - M E
VDR Nemoretriever ColEmbed (Xu et al., 2025a) NVIDIA arxiv’25 1B/3B Llama-3.2 18 ✔ - - M
VDR jina-embeddings-v4 (Günther et al., 2025) Jina AI arxiv’25 4B Qwen2.5-VL 20 ✔ - - M T
VDR Tomoro-ColQwen (Huang & Tan, 2025) Tomoro AI blog’25 4B/8B Qwen2.5/3 en/fr ✔ - - E
VDR ColNetraEmbed (Kolavi & Jain, 2025) CognitiveLab arxiv’25 4B Gemma 3 22 ✔ - - D
VDR Granite-vision-embedding (Team et al., 2025a) IBM arxiv’25 2B Granite-3.1 en - - - D E
VDR SauerkrautLM-ColQwen (Golchinfar, 2025) VAGO Solutions blog’25 2B/4B/8B Qwen3-VL 6 ✔ - - D
VDR vdr-2b-multi-v1 (Cimolai & Markewich, 2025) LlamaIndex blog’25 2B Qwen2VL 5 - - - D E
VDR Eager Embed (Balarini, 2025) Eagerworks blog’25 4B Qwen2.5-VL en - - - -
VDR ColNomic Embed Multimodal (Nomic AI, 2025) Nomic AI blog’25 3B/7B Qwen2.5-VL 5 ✔ - - D T
VDR DSE (Ma et al., 2024a) Waterloo EMNLP’24 4B Phi-3-Vision en - - - D

Gen. MetaEmbed (Xiao et al., 2025d) Meta ICLR’26 3-32B Qwen2.5/Llama-3.2 en/fr ✔ - - M E
Gen. UME-R1 (Lan et al., 2025b) Tencent ICLR’26 2B/7B Qwen2-VL en - - ✔ M T
Gen. TTE (Cui et al., 2025b) Meta ICLR’26 2B/7B Qwen2-VL en/fr - - ✔ M T
Gen. U-MARVEL (Li et al., 2025d) NJU ICLR’26 7B Qwen2-VL en - - - M T
Gen. VLM2Vec-V2 (Meng et al., 2025) Salesforce TMLR’26 2B Qwen2-VL en/fr - - - D
Gen. Evo-Retriever (Li et al., 2026c) Alibaba CVPR’26 3B/8B Qwen2.5-VL en ✔ - - T
Gen. MuCo (Gu et al., 2026) NAVER AI CVPR’26 2B/7B Qwen2-VL en - - - T
Gen. UniME-V2 (Gu et al., 2025b) MiroMind AAAI’26 2B/7B Qwen2-VL/LLaVA en - - - D T
Gen. Qwen3-VL-Embedding (Li et al., 2026a) Alibaba arxiv’26 2B/8B Qwen3-VL 30 - - - D T
Gen. V-Retrver (Chen et al., 2026a) Tsinghua arxiv’26 7B Qwen2.5-VL en - - ✔ M T
Gen. TTE-v2 (Cui et al., 2025a) Meta arxiv’26 2B/7B Qwen2-VL en - - ✔ M
Gen. Embed-RL (Jiang et al., 2026) Tsinghua & Kuaishou arxiv’26 2B/4B Qwen3-VL en - - ✔ M T
Gen. PLUME (He et al., 2026) SEU & CAS arxiv’26 2B Qwen2-VL en - - ✔ M T
Gen. RAR (Zhang et al., 2026a) Wisconsin-Madison arxiv’26 8B Qwen3-VL 30 - - ✔ M D
Gen. TRACE (Hao et al., 2026) CAS arxiv’26 7B Qwen2.5-VL en - - ✔ M D
Gen. MMEmb-R1 (Wang et al., 2026c) CUHK & ByteDance arxiv’26 2B/4B/7B Qwen2/3-VL en - - ✔ M T
Gen. Magic-MM-Embedding (Li et al., 2026b) Huawei arxiv’26 7B InternVL3 en - - - M T E
Gen. e5-omni (Chen et al., 2026b) RUC arxiv’26 3B/8B Qwen2.5-Omni en - - - M T
Gen. AGFF-EMBED (Hu et al., 2026a) Tencent arxiv’26 7B Qwen2-VL en - - - M T
Gen. MM-Embed (Lin et al., 2024a) NVIDIA ICLR’25 7B LLaVA-NeXT en - - - T
Gen. VLM2Vec (Jiang et al., 2024c) Waterloo & Salesforce ICLR’25 8B Phi-3.5-V en - - - M D
Gen. B3 (Thirukovalluru et al., 2025) Duke NeurIPS’25 2B/7B/8B Qwen2-VL/InternVL3 en - - - D T E
Gen. LCO-Embedding (Xiao et al., 2025b) Alibaba NeurIPS’25 3B/7B LLaVA/Qwen2.5-VL 38 - - - M
Gen. MMRet-MLLM (Zhou et al., 2025b) BUPT ACL’25 7B LLaVA-1.6 en - - - D
Gen. UniSE (Liu et al., 2025h) BAAI ACL’25 0.4/2B CLIP/Qwen2-VL en - - - M D
Gen. GME (Zhang et al., 2024c) PolyU & Alibaba CVPR’25 7B Qwen2-VL en - - - D
Gen. LamRA (Liu et al., 2025e) SJTU & Xiaohongshu CVPR’25 7B Qwen2-VL en - - - M
Gen. VladVA (Ouali et al., 2025) Samsung CVPR’25 7B LLaVA-1.5 en - - ✔ M
Gen. CAFe (Yu et al., 2025a) Meta ICCV’25 0.5B/7B LLaVA-OV en - - ✔ T
Gen. UniME-V1 (Gu et al., 2025a) Sydney MM’25 4B/7B Phi-3.5/LLaVA en - - - T
Gen. CoMa (Li et al., 2025a) CAS & Kuaishou arxiv’25 3B/7B Qwen2.5-VL en - - - M E
Gen. FreeRet (Zhu et al., 2025c) NJU arxiv’25 2-32B Qwen2/2.5-VL/InternVL3 en - ✔ - M
Gen. LLaVE (Lan et al., 2025a) Tencent arxiv’25 0.5B/7B LLaVA/Aquila en - - - T
Gen. mmE5 (Chen et al., 2025b) RUC arxiv’25 11B Llama-3.2 93 - - - D
Gen. MoCa (Chen et al., 2025a) RUC arxiv’25 3B/7B Qwen2.5-VL en/fr - - - M T
Gen. PDF (Wang et al., 2025e) Alibaba arxiv’25 2B/7B LLaVA/Qwen2-VL en - - - M T
Gen. QQMM (Xue et al., 2025) Tencent arxiv’25 7B LLaVA/Qwen2-VL en - - - T
Gen. ReMatch (Liu et al., 2025d) Xiaohongshu arxiv’25 2B/7B Qwen2/2.5-VL en - - - M
Gen. RGE (Liu et al., 2025a) SenseTime arxiv’25 3B Qwen2.5-VL en - - ✔ M T
Gen. RzenEmbed (Jian et al., 2025) 360 AI arxiv’25 2B/8B Qwen2-VL en - - - D T
Gen. Unite (Kong et al., 2025) Kuaishou arxiv’25 2B/7B Qwen2-VL en - - - D T
Gen. VIRTUE (Wang et al., 2025d) Sony arxiv’25 2B/7B Qwen2-VL en - - - M D
Gen. xVLM2Vec (Musacchio et al., 2025) UBAM arxiv’25 4B Phi-3.5-V 5 - - - D T
Gen. SAIL-Embedding (Lin et al., 2025a) ByteDance arxiv’25 - SAIL-VL en - - - D T
Gen. Ops-MM-embedding (OpenSearch-AI, 2025) Alibaba blog’25 2B/7B Qwen2-VL en - - - D
Gen. EvoQwen2.5-VL-Retriever (ApsaraStackMaaS, 2025) Alibaba blog’25 3B/7B Qwen2.5-VL en ✔ - - D
Gen. Seed1.6-Embedding (ByteDance, 2025) ByteDance blog’25 - Seed1.6-flash en - - - D
Gen. PreFLMR (Lin et al., 2024b) Cambridge ACL’24 2B BERT en ✔ - - M D
Gen. Vista (Zhou et al., 2024) BUPT ACL’24 0.2B BGE-v1.5 en - - - M D
Gen. UniIR (Wei et al., 2024a) Waterloo ECCV’24 0.4B CLIP en - - - D
Gen. M-Solomon (Kim et al., 2025b) NC AI CIKM’24 7B Qwen2-VL en - - - M
Gen. Nomic Embed Vision (Nussbaum et al., 2024) Nomic AI arxiv’24 0.2B BERT en - - - -
Gen. E5-V (Jiang et al., 2024b) Beihang arxiv’24 8B LLaVA-NeXT en - - - M T

Table 3: Comparison of VDR and general multimodal embedding models. In the Novelty column, we denote
Model-/Data-/Training-/Efficiency-level contributions as M / D / T / E . In the Resource column, we denote the
corresponding GitHub codebase, Hugging Face repository, and paper (e.g., arXiv paper, technical report, or blog) as

/ / .

Its construction involved a highly sophisticated pipeline. First, a diverse corpus of ~50k documents was
scraped from the internet using topic-based search queries for each language. A key innovation was the use of
layout analysis to sample pages, ensuring an even distribution of text-only, visual-only, and mixed-modality
pages. Synthetic queries were then generated using powerful VLMs (Gemini-1.5-Pro and Qwen2-VL-72B)
with an advanced prompting technique that distinguished between general and specific questions to improve
query quality. The dataset underwent rigorous cleaning, filtering, and hard-negative mining to enhance its
utility for training robust retrieval models.
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❹ VDR_MEGA_MultiDomain_DocRetrieval. This dataset9 represents the largest and most com-
prehensive resource to date, amalgamating approximately 1.09 million examples across five languages. It
functions as a meta-dataset, strategically fusing the three previously mentioned datasets (colpali-train-set,
VisRAG-Ret-Train-Synthetic-data, and vdr-multilingual-train) with several new, domain-specific col-
lections. These additions cover specialized fields such as military10, energy11, hydrogen technology12, and
geotechnical engineering13. By unifying multiple datasets, it provides unparalleled scale and diversity in both
language and subject matter, making it an ideal resource for training highly generalized and robust VDR
systems.

❺ docmatix. This is an interleaved multimodal pre-training dataset14 created for the modality-aware
continual pre-training of MoCa models (Chen et al., 2025a). It is adapted from the original Docmatix
dataset (Laurençon et al., 2024), a massive-scale Document Visual Question Answering resource containing
approximately 2.4 million images and 9.5 million question-answer pairs, which was initially used to fine-tune
the Idefics3 model. The adaptation process involves transforming the original question-answer pairs by
concatenating document screenshots with their corresponding texts, thereby creating an interleaved format
suitable for continuous pre-training.

Common Characteristics. The current generation of VDR training sets reveals several unifying trends.
Firstly, there is a clear paradigm shift towards leveraging synthetic data generation at scale. All
major datasets heavily rely on powerful VLMs to create pseudo-queries for large, unannotated document
corpora, effectively bypassing the bottleneck of manual annotation. Secondly, these corpora are primarily
built from web-crawled PDF documents, which provides a rich diversity of layouts, domains, and styles
that mirror real-world scenarios. Thirdly, there is a growing emphasis on sophisticated data curation,
including techniques like layout-aware page sampling and automated hard-negative mining, to improve
training efficiency and model performance. Finally, a clear trajectory exists towards increasing scale and
multilingualism, evolving from English-only datasets to massive, multi-language compilations that enable
the development of globally competent models.

Future Directions. Looking ahead, the optimization of VDR training sets can be advanced in several key
directions. The most critical frontier is moving beyond simple semantic matching towards reasoning-
intensive data. Future datasets should include query-document pairs that necessitate multi-hop, logical,
or causal reasoning to find the correct answer, mirroring the challenges posed by benchmarks like MRMR
and M4DocBench. Secondly, there is a need for enhanced data authenticity and complexity. While
VLM-generated queries are scalable, they can lack the nuance and "messiness" of real user intent. Future
work could explore mining queries from anonymized user logs or using agentic workflows to simulate more
realistic information-seeking behaviors. Lastly, training sets could benefit from finer-grained structural
annotations. Instead of just matching a query to a page, future datasets could provide explicit links to
specific sub-page elements (e.g., a single row in a table, a data point in a chart, or a specific paragraph),
which would be invaluable for training models that can perform precise, element-level evidence retrieval.

3.1.3 Technical Trends

Model Choices. The field has witnessed a clear trend in both model scale and architecture. While early
models were based on smaller backbones like BERT (Nussbaum et al., 2024), current VDR embeddings are
predominantly built on powerful MLLMs, such as PaliGemma (Beyer et al., 2024) and Qwen-VL series (Bai
et al., 2025). Parameter counts have also escalated, with SOTA models typically ranging from 2 to 8 billion
parameters, a significant increase that enables more nuanced comprehension of complex document structures.

9https://huggingface.co/datasets/racineai/VDR_MEGA_MultiDomain_DocRetrieval
10https://huggingface.co/datasets/racineai/VDR_Military
11https://huggingface.co/datasets/racineai/VDR_Energy
12https://huggingface.co/datasets/racineai/VDR_Hydrogen
13https://huggingface.co/datasets/racineai/VDR_Geotechnie
14https://huggingface.co/datasets/moca-embed/docmatix
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Multilingual Support. As document intelligence applications become increasingly global, multilingual
capability has emerged as a critical focus in VDR. Unlike general-domain image retrieval where this aspect
is less emphasized, the prevalence of multilingual business reports, academic papers, and official forms
necessitates cross-lingual understanding. Recent models like jina-embeddings-v4 (Günther et al., 2025) and
Nemoretriever (Xu et al., 2025a) reflect this shift, offering support for over 20 languages and demonstrating
strong performance on multilingual VDR benchmarks such as Jina-VDR (Günther et al., 2025) and Nayana-IR
(Kolavi & Jain, 2025). Complementing these broad-coverage models, a language-specialised strand is emerging:
KoVRE (Choi et al., 2026a) trains a compact Korean VDR encoder, and is released alongside the KoViDoRe
benchmark (Choi et al., 2026b), an instance of the co-design of model and evaluation that Section 3.2 argues
is precisely what multilingual reranking still lacks.
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Figure 7: Single-vec (left) and multi-vec (right) VDR.

Multi-Vector Representation. The multi-vector
paradigm, popularized in the VDR domain by ColPali
(Faysse et al., 2024), has become a dominant approach
for fine-grained retrieval (Li et al., 2025b; Yang et al.,
2026; Chaffin et al., 2026; Zhu et al., 2026), as shown
in Figure 7. Instead of compressing an entire document
or query into a single embedding, this method gener-
ates a set of token-level or patch-level embeddings. This
granular representation is particularly effective for VDR
because it enables "late interaction" matching (Khattab
& Zaharia, 2020), where specific phrases in a query can be precisely aligned with corresponding visual or
textual regions in a document, thus preserving local details often lost in single-vector representations. ColPali
(Faysse et al., 2024) adapts PaliGemma to produce multi-vector outputs by treating the embeddings of
individual image patches as distinct vectors for late interaction. PreFLMR (Lin et al., 2024b) generates its
multi-vector representations by concatenating embeddings from text tokens with both global and patch-level
visual features, which are further refined through cross-attention to be query-aware. Addressing efficiency,
ColModernVBERT (Teiletche et al., 2025) demonstrates that a compact, bidirectional language encoder can
be effectively aligned with a vision encoder to generate granular embeddings; while MetaEmbed (Xiao et al.,
2025d) introduces a fixed set of learnable "Meta Tokens" whose final hidden states serve as a compact and
scalable multi-vector representation, enabling flexible trade-offs between retrieval quality and efficiency at
test-time.

The empirical case for this paradigm is now unusually clear-cut, and Figure 8 makes it concrete. Of the
top-20 systems on the public ViDoRe-v3 leaderboard, 18 are multi-vector late-interaction models; the
only single-vector entries are the two Qwen3-VL-Embedding checkpoints, and the stronger of them ranks
only 14th. Three readings of the figure are worth drawing out. ❶ The gap is not a scale artefact. The best
dense model (Qwen3-VL-Embedding-8B, 8.14B parameters) reaches 57.78, while a late-interaction model at
fewer parameters (Nemotron ColEmbed-VL-4B-v2, 4.80B) reaches 61.54, a 3.76-point advantage at roughly
40% fewer parameters. ❷ Late interaction buys parameter efficiency. VultronRetriever-Flash at 0.85B lands
within 1.6 points of the 8.14B dense model, a nearly ten-fold parameter reduction, indicating that fine-grained
matching recovers signal that a single pooled vector discards regardless of encoder capacity. ❸ Within-family
scaling is real but secondary. The dashed trajectories climb monotonically, yet their slopes are visibly shallower
than the vertical offset between the dense and multi-vector frontiers: choosing the interaction mechanism
matters more than adding parameters. We caution that these are leaderboard-reported numbers under each
submitter’s own inference configuration rather than a controlled study, so the magnitudes should be read as
indicative; the ordering, however, is stable across the public and private splits, as panels (b) and (c) of Figure
8 confirm.

The split-level view. Separating the two splits matters for two reasons. First, it is a contamination check:
the public split overlaps corpora that several submitters may have trained on, whereas the private split does
not. Second, it tests whether the multi-vector advantage just claimed is an artefact of the public data. It is
not, since the ordering of the dense and multi-vector frontiers is preserved on the private split, where the best
single-vector model reaches 55.73 against 62.04 for a smaller late-interaction model. The comparison does,
however, expose a per-model robustness signal that the aggregate hides. Most systems lose only a fraction
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Figure 8: Why late interaction became the default VDR architecture. Parameter count against retrieval
quality for the top-20 entries of the public ViDoRe-v3 leaderboard, using the latest results available as of 25 Aug,
2026. Panel (a) aggregates all tasks; panels (b) and (c) repeat the analysis on the public and held-out private splits,
and share the legends of panel (a). Colour groups a model family, with dashed lines joining its released scales; bubble
area is proportional to embedding dimension, the per-vector cost that late interaction multiplies by the number of
retained patches; hatching marks the only single-vector (dense) models in the top-20. The dense frontier sits below
the multi-vector frontier at every scale in all three panels, and the gap does not close as parameters grow.

of a point moving from public to private, but a few degrade sharply: webAI-ColVec1-9b falls from 64.45 to
57.20, a 7.25-point drop, while its successor webAI-ColVec1.1-8b loses only 1.85 points. Such asymmetric
drops are a useful diagnostic for generalisation, and we suggest that future VDR leaderboards report the
public–private delta as a first-class metric rather than a derived one. This gap is precisely what motivates
the compression literature of Section 4.3: late interaction is winning on quality while carrying a storage cost
that single-vector models do not pay.

A parallel line of work attacks the same limitation from the supervision side rather than the architecture side:
Tilli & Mesgar (2026) argue that patch-level late interaction degenerates into a “bag of patches” that discards
global page layout, and recover that structure by distilling a textual layout descriptor into the retriever
during training. Hybrid designs go further and reintroduce explicit lexical signal alongside the dense one:
DocRetriever (Hu et al., 2026c) pairs a layout-aware sparse embedding with a generalisable few-shot reranker,
retaining OCR-free operation while restoring the exact-match behaviour that dense vectors blur.

16



More recently, ColParse (Yan et al., 2026c) introduces a layout-informed paradigm that leverages document
parsing models to extract a compact set of semantically meaningful sub-images. By fusing these local
layout-aware embeddings with a global page-level vector, ColParse achieves superior retrieval performance
while significantly reducing storage requirements. Meanwhile, CausalEmbed (Huo et al., 2026) reframes
the problem through an auto-regressive generative lens. It treats multi-vector embedding construction
as a sequential latent space generation task, enabling flexible test-time scaling, where retrieval precision
can be dynamically adjusted by modifying the token budget at inference, thereby achieving high-fidelity
representations with only a fraction of the conventional token count.

Training Paradigm Exploration. The predominant training method for VDR embedding models is
end-to-end supervised fine-tuning using a contrastive loss, such as InfoNCE (Oord et al., 2018). This objective
pulls positive query-document pairs closer together in the embedding space while pushing negative pairs
apart. Beyond this standard approach, two novel paradigms are gaining traction.

The first paradigm reduces the dependence on annotated multimodal supervision. Here it is worth separating
two claims that are frequently conflated, since they imply different deployment costs.

E5-V (Jiang et al., 2024b) is best described as single-modality training, not as a training-free method. Its
mechanism is prompt-based: carefully designed prompts drive the MLLM to compress either an image or
a sentence into one representation, which bridges the modality gap and, as the authors report, already
yields strong embeddings even without fine-tuning. Its actual proposal, however, is to then train the model
exclusively on text pairs. This is what delivers the headline result: outperforming conventional training
on image–text pairs while cutting training cost by roughly 95% and removing the need to collect multimodal
training data altogether. The lesson generalises beyond E5-V: because the prompt already aligns the
modalities, the supervision needed to sharpen the representation need not itself be multimodal.

Genuinely training-free retrieval is a stronger and rarer proposition, exemplified by FreeRet (Zhu et al.,
2025c): a plug-and-play framework that drives off-the-shelf MLLMs for both embedding-based search and
multiple-choice reranking with no parameter updates at all. The practical distinction is that single-modality
training still requires a fine-tuning budget and a text corpus but yields a fixed, cheap-to-serve encoder,
whereas a training-free pipeline eliminates that budget entirely and pays for it with higher inference-time
compute.

The second paradigm explores how to harness the generative capabilities of MLLMs to enhance retrieval.
Early works such as CAFe (Yu et al., 2025a) and VladVA (Ouali et al., 2025) introduced hybrid training
frameworks; they jointly optimize a contrastive loss for discriminative power with an autoregressive, next-token
prediction loss to preserve and leverage the model’s inherent generative abilities. More recent approaches
explicitly integrate reasoning as a precursor to embedding. For example, RGE (Liu et al., 2025a) and TTE
(Cui et al., 2025b) both propose a "think-then-embed" process, where the model first generates an explicit
rationale or reasoning trace, and the final embedding is conditioned on this generated context to capture
more nuanced semantics. Moving one step beyond embedding construction, Retrv-R1 (Zhu et al., 2025b)
employs reinforcement learning to optimize a step-by-step reasoning process that directly selects among
candidates; we therefore treat it as an adjacent generative-retrieval formulation rather than include it in
the embedding-model taxonomy below. Similarly, TTE-v2 (Cui et al., 2025a) extends this paradigm with a
cascaded retrieval-reranking framework, using joint query-candidate reasoning to refine the initial results and
leveraging the reranker as a teacher for hard negative mining. Embed-RL (Jiang et al., 2026) proposes an
Embedder-Guided Reinforcement Learning (EG-RL) framework to optimize a reasoner to produce evidential
traceability CoTs that better align with the embedding task. MMEmb-R1 (Wang et al., 2026c) introduces
pair-aware reasoning selection to identify beneficial rationales and uses reinforcement learning to adaptively
invoke reasoning only when necessary. In a different direction, PLUME (He et al., 2026) internalizes reasoning
into a compact latent rollout of continuous hidden states, replacing expensive explicit CoT generation while
preserving the benefits of multi-step computation for efficiency.
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Figure 9: Taxonomy of VDR embedding-model innovations. Contributions are grouped by where they
intervene (model, data, training, or efficiency), matching the M / D / T / E annotations in the Novelty column of
Table 3. Each level is refined into the strategies the field has actually converged on, with representative work at the
leaves. This axis is orthogonal to the representation axis of Section 3.1: it classifies contribution type, so a model may
legitimately appear under more than one level.

3.1.4 Technical Innovations

Having placed embedding models on the representation axis, we now ask a different question: where does a
given paper actually intervene? Two models may share the late-interaction mechanism yet contribute nothing
comparable: one may add an architectural component, another only a data recipe. We therefore group
contributions into four levels (model, data, training and efficiency) and subdivide each into the concrete
strategies the literature has converged on. Figure 9 lays out the resulting taxonomy with representative work
at the leaves; these are the same four levels annotated per row in Table 3, so the figure and the table are two
views of one scheme. We stress that this is a taxonomy of contribution type, not a third representation axis:
a single model can and often does appear under several levels, and the assignment below reflects each paper’s
primary claim.

❶ Model-level—changing the inference-time representation path. This level covers changes to the
encoder, the units it emits, or the mechanism by which query and page interact; the defining test is that the
model computes a different representation even if its data and loss are held fixed. Late-interaction adaptation
first made visual patches directly retrievable: ColPali (Faysse et al., 2024) projects PaliGemma patch states
and applies token-to-patch MaxSim, preserving local evidence without an OCR bottleneck. Layout- and
structure-informed encoding instead changes the unit being matched. ColParse (Yan et al., 2026c), for
example, replaces an undifferentiated patch grid with parsed semantic sub-images and combines their local
vectors with a global page vector, so sections, tables and figures remain distinct retrieval units. Compact
token budgeting controls how many such units reach the index: MetaEmbed (Xiao et al., 2025d) summarizes
a page into a fixed set of learnable meta tokens, whereas CausalEmbed (Huo et al., 2026) autoregressively
produces a variable number of latent vectors, turning representation fidelity into a test-time token-budget
decision.

❷ Data-level—changing which relevance relations are learned. Data-level innovations leave the
serving architecture largely intact but reshape the tasks, positive pairs and confusing negatives from which
its geometry is learned. Under unified task formulation, VLM2Vec (Jiang et al., 2024c) casts heterogeneous
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Reranker Publication Model Benchmark* Resource
Team Venue Para. Backbone Ranking Multilingual

ZipRerank (Sun et al., 2026) Magellan Tech. RI ICML’26 8B Qwen3-VL LI en MMDocIR
miniReranker (Fan et al., 2026) EIT arxiv’26 2B Qwen3-VL PO en MMDocIR
Lychee-rerank-mm (Dai et al., 2025) HIT ICLR’26 7B Qwen2.5-VL PO en MRB/MRMR
UniME-V2-Reranker (Gu et al., 2025b) MiroMind AI AAAI’26 7B Qwen2.5-VL PA LI en MMEB
Qwen3-VL-Reranker (Li et al., 2026a) Alibaba arxiv’26 2B/8B Qwen3-VL PO >30 MMEB-v2/JinaVDR/ViDoRe-v3
llama-nemotron-rerank-vl (Moreira et al., 2026) NVIDIA ECIR’26 3B Llama 3.2 LI en MIRACL-Vision/ViDoRe-v1/v2/v3
Rank-Nexus (Cai, 2026) Malaya arxiv’26 2B Qwen3-VL/InternVL3 LI en MMDocIR
LamRA-Rank (Liu et al., 2025e) SJTU & Xiaohongshu CVPR’25 7B Qwen2.5-VL PO LI en M-BEIR
DocReRank (Wasserman et al., 2025a) WIS EMNLP’25 2B Qwen2-VL PO en ViDoRe-v2/Real-MM-RAG
RagVL (Chen et al., 2024) IDEA EMNLP Findings’25 1B/2B/4B/13B Qwen-VL/InternVL/LLaVA-v1.5 PO en -
MM-R5 (Xu et al., 2025b) DP Tech arxiv’25 7B Qwen2.5-VL LI en MMDocIR
jina-reranker-m0 (Jina AI, 2025) Jina AI blog’25 2.4B Qwen2-VL PO 29 ViDoRe-v1/M-BEIR
MonoQwen2-VL-v0.1 (Chaffin & Lac, 2024) LightOn blog’24 2B Qwen2-VL PO en ViDoRe-v1

Table 4: Comparison of multimodal document rerankers. * indicates evaluation only on VDR-related benchmarks. In
the Ranking column, we denote POintwise/PAirwise/LIstwise designs as PO / PA / LI . In the Resource column,
we denote the corresponding GitHub codebase, Hugging Face repository, and paper (e.g., arXiv paper, technical
report, or blog) as / / .

multimodal tasks as instruction-conditioned retrieval in MMEB, while UniIR (Wei et al., 2024a) places
image–text and cross-modal search in one retrieval interface; both broaden transfer by making formerly
separate tasks share a ranking objective. Large-scale pair synthesis expands coverage beyond manually
labelled corpora: MegaPairs (Zhou et al., 2025b) mines heterogeneous visual-semantic and visual-pattern
relations before synthesising query–candidate pairs, so scale is coupled to relationship diversity rather than
simple duplication. Finally, quality-aware hard-negative mining determines which near-misses should shape
the boundary. UniME-V2 (Gu et al., 2025b) uses an MLLM judge to assign graded semantic supervision to
retrieved candidates, whereas B3 (Thirukovalluru et al., 2025) builds a graph over the corpus and constructs
batches rich in mutual hard negatives; the former improves label quality and the latter improves negative
density, so they belong to the same data-level scope but are not the same mechanism.

❸ Training-level—changing how supervision is converted into an encoder. This level concerns
objectives, schedules and optimisation policies rather than the examples themselves. Single-modality and
multi-task objectives relax the standard one-loss/one-output recipe: E5-V (Jiang et al., 2024b) uses prompting
to bridge modalities and then fine-tunes only on text pairs, while jina-embeddings-v4 (Günther et al., 2025)
jointly learns single-vector and late-interaction outputs with task-specific adapters. Reasoning-conditioned
embedding inserts computation before compression: RGE (Liu et al., 2025a) generates an explicit rationale
and conditions the embedding on it, whereas PLUME (He et al., 2026) replaces readable chains of thought
with compact continuous latent rollouts. RL-optimised embedding policies supervise the reasoning or control
decision rather than only the final similarity: Embed-RL (Jiang et al., 2026) rewards evidential traces
that improve a downstream embedder, UME-R1 (Lan et al., 2025b) optimizes reasoning-driven embedding
generation, and MMEmb-R1 (Wang et al., 2026c) learns when reasoning is beneficial. These methods therefore
remain within the embedding scope while optimizing when and how retrieval reasoning is performed.

❹ Efficiency-level—changing the deployable cost envelope. Efficiency-level work treats model depth,
vector width and vector count as explicit resources, seeking lower indexing or query-time cost without
redefining relevance. Compact backbones and distillation reduce encoder cost: NanoVDR (Liu et al., 2026c)
distils a 2B visual retriever into a roughly 70M text encoder, while DistilVDR (Liu et al., 2026b) uses dual
students to retain end-to-end visual retrieval in a smaller model. Elastic and nested representations train one
checkpoint for several budgets; MM-Matryoshka (Xiang et al., 2026) nests both vector prefixes and intermediate
encoder layers, whereas SMEC (Zhang et al., 2025a) stabilises dimension-wise Matryoshka learning through a
sequential schedule. Sparse and post-hoc index reduction operates after encoding: DocPruner (Yan et al.,
2025d) removes low-importance patch vectors, while AnchorFold (Zuo et al., 2026) selects attention-central
anchors and folds non-anchor evidence into them. The last distinction matters operationally: pruning saves
count by discarding vectors, whereas folding tries to preserve their contribution inside a smaller index.

3.2 Reranker Models

Table 4 summarizes the architectures, ranking paradigms and language coverage of representative multimodal
document rerankers before we examine their formulation and emerging trade-offs.
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3.2.1 Formulation

A reranker model, denoted by R(·, ·), performs query-conditioned joint encoding after first-stage retrieval. At
the basic pointwise granularity, it takes a query q and a single candidate document dc as a combined input.
By jointly processing the query-token sequence Tq = {τ q

i }nq

i=1 and document-patch sequence Pdc
= {pdc

j }ndc
j=1,

the model can leverage deep cross-attention to capture fine-grained inter-modal dependencies, yielding the
scalar score ρ(q, dc) = R(Tq, Pdc). Pairwise and listwise variants extend the jointly encoded input from one
candidate to a pair or an entire candidate list, as detailed in Section 3.2.3. This deep interaction allows the
model to make more accurate relevance judgments than the dot-product-based similarity used in a bi-encoder.

3.2.2 Technical Trends

Model Choices. Similar to embedding models, the trend in rerankers is towards larger, MLLM-based
architectures. Models such as UniME-V2-Reranker (Gu et al., 2025b) and LamRA-Rank (Liu et al., 2025e)
utilize powerful Qwen2.5-VL with parameter counts reaching 7 billion. The strong multimodal understanding
capabilities of MLLMs make them suited for reranking.

Multilingual Support. In stark contrast to the rapid adoption of multilingualism in VDR embedding
models, this capability remains largely underdeveloped in the reranker space. Of the eleven rerankers in Table
4, only two report broad language coverage, namely jina-reranker-m0 (Jina AI, 2025) with 29 languages and
Qwen3-VL-Reranker (Li et al., 2026a) with over 30, while the remainder, including DocReRank (Wasserman
et al., 2025a), MM-R5 (Xu et al., 2025b) and MonoQwen2-VL-v0.1 (Chaffin & Lac, 2024), are English-only. On
the embedding side of Table 3, by contrast, multilingual coverage is routine: Nemoretriever ColEmbed spans
18 languages (Xu et al., 2025a), jina-embeddings-v4 20 (Günther et al., 2025), ColNetraEmbed 22 (Kolavi &
Jain, 2025), and mmE5 93 (Chen et al., 2025b).

Why the asymmetry? Prior work notes the gap but rarely asks what sustains it. We attribute it to four
structural causes rather than to a simple lack of effort, and each suggests a different remedy.

❶ Supervision cost scales differently. A multilingual embedder can be trained from (query, positive) pairs
alone, with in-batch sampling supplying negatives for free; such pairs are cheap to mine or synthesise per
language, which is exactly how the datasets of Section 3.1 were built. A reranker needs graded, comparative
judgements (which of these k candidates is more relevant), and for listwise objectives an ordering over the
whole list. Annotation cost therefore grows with languages × candidates rather than with languages alone,
and the resulting labels are far harder to synthesise reliably.

❷ Inference cost multiplies the research overhead. As formalised in Section 3.2, a cross-encoder requires a
forward pass per query–candidate pair, whereas an embedder amortises document encoding into a reusable
index. Every additional language thus multiplies not just training but also validation and ablation cost.
Faced with a fixed budget, the higher marginal return lies in improving a multilingual first-stage retriever,
since first-stage recall upper-bounds what any reranker can recover.

❸ Cross-lingual alignment is harder in pixel space. An embedder can inherit cross-lingual transfer from the
backbone’s shared semantic space under a single contrastive objective. A document reranker must jointly (i)
read text rendered as pixels, possibly in a script different from the query’s, and (ii) judge relevance. Both
must succeed for the score to be meaningful, so errors compound multiplicatively; and step (i) degrades
precisely on low-resource and non-Latin scripts (connected Arabic forms, Indic conjuncts, dense CJK glyphs
at low resolution), where the backbone’s visual text recognition is weakest. This also explains why the
two multilingual exceptions are built on backbones with strong multilingual pre-training rather than on
document-specific architectures.

❹ A missing-evaluation feedback loop. The multilingual benchmarks that do exist, namely Jina-VDR (Günther
et al., 2025), Nayana-IR (Kolavi & Jain, 2025), MIRACL-VISION (Osmulski et al., 2025) and SDS KoPub
VDR (Lee et al., 2025a), report first-stage retrieval metrics and define no standard reranking protocol over
their candidate pools. Without a leaderboard slot there is little incentive to train multilingual rerankers, and
without such models there is little pressure to add the protocol: the gap is self-reinforcing. The cheapest
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intervention is consequently not a new model but a reranking track over existing multilingual candidate pools,
which would convert a latent gap into a measurable one.

3.2.3 Reranking Paradigms

Reranker models are typically trained using one or a combination of three main paradigms:

❶ Pointwise: This approach evaluates each query-document pair (q, di) independently, predicting an
absolute relevance score. The model is trained using a loss function like Binary Cross-Entropy (BCE)
on the predicted score ρi = ρ(q, di) against a ground-truth label yi ∈ {0, 1}. It can be formulated as
Lpointwise =

∑
i BCE(ρi, yi).

❷ Pairwise: This method learns relative relevance by comparing pairs. Given a query q and a pair of
documents (di, dj) where di is more relevant than dj , the model is trained with a margin m > 0 to ensure
ρ(q, di) > ρ(q, dj), formulated as Lpairwise =

∑
(i,j): yi>yj

max(0, m − (ρi − ρj)).
❸ Listwise: This paradigm considers the entire list of candidate documents for a query simultaneously. It

optimizes a loss function, such as ListNet’s softmax cross-entropy, that directly corresponds to ranking
metrics like nDCG, learning to predict the optimal ordering of the full list, formulated as Llistwise =
−

∑
i ηi log η̂i, where ηi and η̂i are the ground-truth and predicted probabilities assigned to candidate di.

Recent rerankers have shown that combining multiple loss functions often yields superior performance.
LamRA-Rank (Liu et al., 2025e) and UniME-V2-Reranker (Gu et al., 2025b) adopt hybrid training strategies
that combine listwise optimization, where the model predicts the correct item’s position, with pointwise or
pairwise objectives that classify the relevance of individual or paired candidates. Other approaches refine a
single paradigm to great effect; models like Lychee-rerank-mm (Dai et al., 2025) and DocReRank (Wasserman
et al., 2025a) utilize supervised fine-tuning to frame reranking as a pointwise classification task, predicting
"yes" or "no" to align with the generative nature of MLLMs. Besides, MM-R5 (Xu et al., 2025b) advances the
listwise paradigm by incorporating CoT reasoning and leveraging reinforcement learning with a task-specific
reward to optimize the ranked output.

The three paradigms are usually presented as a modelling choice, but they differ just as much in cost, and
that is what governs which is deployable. Pointwise scoring is embarrassingly parallel, since each pair is
independent and a batch of k candidates is one batched forward pass, but it must produce a calibrated
absolute score, and calibration drifts across domains, which is why pointwise rerankers often need per-corpus
threshold tuning. Listwise scoring sidesteps calibration entirely, since only the induced order matters, but it
must place all k candidates in a single context window. For visual documents this is punishing: each page
costs hundreds to thousands of visual tokens, so a list of ten pages can exceed the context budget outright
and grows the attention cost super-linearly. Pairwise scoring sits between the two, trading O(k2) comparisons
for supervision that is easier to elicit than a full ordering.

This cost asymmetry explains the direction of recent work. ZipRerank (Sun et al., 2026) keeps the listwise
formulation but compresses the visual evidence entering the context; Figure 10 shows that it reaches 89.0/89.3
macro Recall@5 on the DSEwiki−ss/ColQwen candidate pools, 5.2/2.7 points above MM-R5 while reducing
cached reranking time from 3.82/3.74 seconds to 0.36 seconds. It remains within 1.9/2.6 points of GPT-5-mini
yet is 64.9×/68.6× faster, demonstrating that visual-context compression can retain most of the listwise
quality without API-model latency. miniReranker (Fan et al., 2026) instead accepts the pointwise formulation
and attacks its per-pair overhead through visual cache reuse and interaction sparsity. DocRetriever (Hu et al.,
2026c) takes a third route, targeting the generalisation weakness of supervised rerankers with reasoning-
augmented demonstrations so that a single reranker transfers across domains without per-corpus retraining.
The common thread is that the paradigm is increasingly chosen for its cost profile and then repaired, rather
than chosen for its statistical elegance.

3.3 RAG Pipelines & Agentic Systems

3.3.1 Formulation

The integration of a VDR embedding model E(·) and a reranker R(·, ·) into a RAG pipeline can be formulated
as a multi-stage process. Given a query q and a corpus C, the process unfolds as follows:

21



0.25 0.5 1 5 25
cached LLM reranking time (s; log scale)

76

80

84

88

92

m
ac

ro
 R

ec
al

l@
5 

(%
)

78.0

82.7
83.8

90.989.0

88.2

(a) DSEwiki − ss candidate pool

MM-R5 →  ZipRerank
+5.2 pt ⋅ 10.6× faster

64.9× faster

0.25 0.5 1 5 25
cached LLM reranking time (s; log scale)

84.7

86.7 86.6

91.989.3

88.3

(b) ColQwen candidate pool

MM-R5 →  ZipRerank
+2.7 pt ⋅ 10.4× faster

68.6× faster

UniME LamRA MM-R5 GPT-5-mini ZipRerank-50% ZipRerank

Figure 10: The quality–latency frontier of listwise visual-document reranking. Results from ZipRerank
(Sun et al., 2026); each panel fixes the first-stage candidate pool and compares macro Recall@5 with cached-LLM
reranking wall time on a log scale, excluding visual encoding and preprocessing. ZipRerank improves over MM-R5
by 5.2/2.7 points while being 10.6×/10.4× faster on the DSEwiki−ss/ColQwen pools, respectively; it approaches the
stronger GPT-5-mini listwise judge at a small fraction of its latency.

❶ First-Stage Retrieval: The embedding model efficiently retrieves an initial set of k candidate documents
Ck(q) from the corpus according to the relevance function defined in Section 2.1: Ck(q) = Topk

d∈C
s(q, d).

❷ Second-Stage Reranking: The reranker jointly scores or orders the candidate set and returns its top
j ≤ k documents: C̃j(q) = Topj

(
R

(
q, Ck(q)

))
. This notation covers pointwise score sorting as well as

pairwise or listwise ordering.
❸ Augmented Generation: Finally, a generative MLLM G(·) synthesizes an answer a by conditioning on

both the original query and the reranked documents: a = G
(
q, C̃j(q)

)
.

In an agentic system, this process becomes dynamic and iterative. An agent A uses the VDR model as a
tool. At each step t, based on the query q and internal state (or history) σt, the agent generates an action
αt = A(q, σt). If αt issues a retrieval query qt, the VDR system returns an evidence set Zt = Retrieve(qt),
after which the agent updates its state as σt+1 = Update(σt, qt, Zt) and decides on the next action.

3.3.2 Current Paradigms and Key Trends

The integration of VDR into RAG and agentic systems has moved beyond simple document fetching, evolving
into sophisticated frameworks that emulate human-like reasoning and interaction (Li et al., 2025g; Arya &
Gaud, 2025). This evolution is characterized by several key trends, progressing from foundational end-to-end
pipelines to complex, iterative, and deeply aware reasoning workflows.

❶ Foundational Multimodal RAG Pipelines. The most fundamental shift has been the move from
brittle OCR-based textual RAG to robust, end-to-end multimodal pipelines that process documents as visual
inputs. This paradigm preserves critical layout and graphical information often lost in text extraction. A
prime example is M3DocRAG (Cho et al., 2024), which establishes a flexible framework for multi-page and
multi-document question answering by directly retrieving relevant page images for a multimodal generator,
forming a foundational approach for subsequent innovations.

❷ Expansion of Interaction Modalities. Building on the visual-centric pipeline, researchers are expand-
ing the interaction modalities beyond traditional text-based queries to create more natural and accessible
interfaces. A pioneering work in this direction is TextlessRAG (Xie et al., 2025), which introduces a fully
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"textless" pipeline that directly processes speech queries and generates spoken answers without any explicit
Automatic Speech Recognition (ASR) or Text-to-Speech (TTS) steps, showcasing the potential to significantly
broaden the application scenarios of VDR.

❸ Emergence of Agentic and Iterative Reasoning Workflows. A dominant trend is the replacement
of static, linear RAG pipelines with dynamic, agentic systems that perform multi-step, iterative reasoning.
These systems decompose complex queries and progressively refine evidence, mimicking human research
processes.

• Task Decomposition and Collaboration: Many frameworks now employ a "society of agents," where
specialized agents collaborate to solve a problem. For instance, MDocAgent (Han et al., 2025b) utilizes a
team of five agents (e.g., General, Critical, Text, and Image agents) to synthesize insights from different
modalities. Similarly, ViDoRAG (Wang et al., 2025b) introduces a coarse-to-fine workflow where a "Seeker"
agent hunts for relevant images and an "Inspector" agent provides detailed feedback, enabling iterative
evidence refinement.

• Iterative Deep Research Workflows: This agentic concept is scaled further in systems designed for
"deep research." Doc-Researcher (Dong et al., 2025c) implements a comprehensive multi-agent framework
with a "Planner" for query decomposition and a "Searcher-Refiner" loop that iteratively gathers and filters
evidence across multiple documents and granularities (e.g., chunks, pages, or summaries).

❹ Enhancing Core RAG Components with Advanced Mechanisms. Beyond structuring the
workflow, significant innovation is occurring within the core retrieval and generation components themselves
to make them more intelligent and aware.

• Holistic Knowledge Retrieval and Fusion: To address the challenge that standard retrieval often
misses nuanced information, new methods are designed for more comprehensive knowledge extraction.
HKRAG (Tong et al., 2025) explicitly models and retrieves both "salient" and "fine-print" knowledge using
a hybrid masking retriever and an uncertainty-guided generator. In a similar vein, VisDoMRAG (Suri
et al., 2025) runs parallel textual and visual RAG pipelines and then employs a consistency-constrained
fusion mechanism to intelligently integrate their outputs.

• Active Visual Perception and Learning: The most advanced systems empower agents with the ability
to actively interact with retrieved visual content. VRAG-RL (Wang et al., 2025c) pioneers this by defining
a visual perception action space that allows an agent to perform actions like "crop" and "zoom" on retrieved
images. This interactive process is optimized using reinforcement learning, enabling the agent to actively
seek out fine-grained details in a coarse-to-fine manner, much like a human analyst.

What does the agentic loop actually buy? VisDocAgentBench (Hu et al., 2026b) makes the answer
measurable rather than purely architectural. On the shared Qwen3 visual index in Figure 11(a), static
Recall@1 falls from 40.0 on direct queries to 2.5 on two-bridge queries, whereas a GPT-5.6-sol agent retains
40.0; the separate Nemotron baseline shows that even 97.5 direct-match recall can still collapse to 2.5 when
bridge evidence is required. This is a diagnostic contrast rather than a strict model-controlled comparison,
but panel (c) supplies controlled component evidence: within the same GPT-5.6-sol agent, removing iterative
search costs 8.34/9.17 Recall@1 points on the visual/OCR routes, and removing page inspection costs
15.84/21.67.

The representation and planner remain coupled. Every one of the ten planners in Figure 11(b) performs
better with visual than OCR-text retrieval, so the modality advantage established in Section 3.1 survives
inside an agentic loop rather than being washed out by it. At the same time, the wide spread among planners
shows that the agent is not a commodity layer over an interchangeable retriever, strengthening the co-design
argument of Section 4.4.

In summary, the application of VDR in RAG and agentic systems is rapidly maturing from a simple retrieval-
and-generation process to highly dynamic, interactive, and collaborative workflows. The field is pushing
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Figure 11: What interaction contributes to visual-document retrieval. Results from VisDocAgentBench
(Hu et al., 2026b). (a) Recall@1 by evidence-path depth; the GPT-5.6-sol agent and Qwen3 static baseline use the
same Qwen3 visual index, whereas Nemotron is a stronger but different static retriever. (b) Visual versus OCR-text
Recall@1 across ten planners; marker shape distinguishes open-weight Qwen3.5 planners. (c) Controlled GPT-5.6-sol
ablations, expressed as the point loss relative to the full agent. Together, the panels separate the need for iterative
evidence acquisition, the value of native visual retrieval, and the contribution of page inspection.

towards systems that not only find relevant documents but also intelligently reason, synthesize, and interact
with multimodal information to solve complex problems (Ashraf et al., 2025; Zhang et al., 2025i; Yan et al.,
2025c; Su et al., 2025a).

3.3.3 The Evolutionary Synergy of VDU and VDR

The boundary between Visual Document Understanding (VDU) and VDR is rapidly dissolving in the MLLM
era. Modern RAG pipelines are evolving into autonomous agentic systems capable of perception, strategic
planning, and iterative refinement.

VDU Trends in RAG and Agentic Systems. Recent breakthroughs emphasize moving from single-turn
OCR-based retrieval to multi-step reasoning-driven navigation. (Sourati et al., 2025) introduces LAD-RAG,
which leverages an LLM agent to dynamically interact with a symbolic document graph and neural indices,
capturing structural dependencies missed by dense embeddings. (Yu et al., 2025b) proposes MACT, a
collaborative framework that decomposes document intelligence into planning, execution, and judgment
agents, implementing a self-correction loop via procedural scaling. To address evidence sparsity, MHier-RAG
(Gong et al., 2025) facilitates multi-granularity reasoning by retrieving parent pages and document summaries,
while MoLoRAG (Wu et al., 2025) constructs page graphs to navigate logical connections beyond surface-level
semantic similarity. For fine-grained localization, DocLens (Zhu et al., 2025a) employs a tool-augmented
“zoom-in” strategy where agents locate specific visual elements like tables or charts within retrieved pages.
Finally, SLEUTH (Liu et al., 2025b) optimizes the input quality through context engineering, utilizing
page-screening agents to filter visual noise and construct evidence-dense multimodal contexts.

Comparison between VDR and VDU. Table 5 illustrates the multi-dimensional differences and the
emerging convergence between retrieval and understanding tasks. While VDR focuses on efficient large-scale
candidate localization, VDU emphasizes deep reasoning. The integration of the two, as seen in recent agentic
frameworks, enables systems to perform “Retrieval as Understanding.”

Reflections on VDR: Toward Cognitive Discovery. Future VDR systems should evolve from passive
semantic matchers to active cognitive navigators. The integration of reinforcement learning (as in VRAG-RL
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Dimension Visual Document Retrieval (VDR) Visual Document Understanding (VDU) Convergence Trend

Core Objective Candidate page localization Information extraction & reasoning R → U Integrated
Granularity Coarse (Document/Page-level) Fine (Element/Token-level) Hierarchical Indexing
Compute Pattern Broad, shallow (whole corpus) Narrow, deep (top-k) Adaptive Resource Scaling
Key Technique Late Interaction, Multi-vector Indexing Visual CoT, Multimodal Fusion Agent-driven Seek-then-Verify
Main Metric nDCG, Recall@k Accuracy, F1-score Source Attribution Accuracy

Table 5: Multi-dimensional comparisons between VDR and VDU. Recent agentic systems bridge the gap through
iterative reasoning and dynamic filtering.

(Wang et al., 2025c)) and symbolic-neural fusion (as in LAD-RAG (Sourati et al., 2025)) suggests that the
next frontier of multimodal document intelligence lies in the ability to understand the “logical topology” of a
document. Rather than just returning snippets, future retrievers will actively discover implicit contradictions
and synthesize cross-document insights, transforming VDR into a tool for complex decision support in expert
domains.

It is worth being precise about what "convergence" does and does not mean here, since the claim is easy to
overstate. VDR and VDU are not becoming the same task: their cost structures remain opposed, as Table 5
records: retrieval must touch the whole corpus cheaply, understanding must touch a handful of pages deeply.
What is dissolving is the interface between them. In a one-shot pipeline that interface is a ranked list, a lossy
summary of everything the retriever knew. In an agentic loop the interface becomes a dialogue, so partial
understanding can reshape the next retrieval and retrieval can supply the evidence that understanding lacked.
The practical consequence is an evaluation gap: neither nDCG, which ignores whether the evidence sufficed,
nor answer accuracy, which cannot say whether a failure was retrieval’s or the reader’s, measures the quality
of that interface. Source-attribution accuracy is the most promising candidate precisely because it is the one
metric that both stages can be blamed for.

4 Challenges & Outlook

As shown in Figure 12, building a truly effective, efficient, and interactive VDR system entails persistent
challenges. The ultimate goal extends beyond simple document matching to enabling nuanced, real-time
document intelligence that is scalable and trustworthy. Achieving this vision requires addressing critical
bottlenecks across the entire VDR ecosystem. These challenges span from the foundational level of data (▷
Section 4.1) and model architectures (▷ Section 4.2) to the practical imperatives of performance efficiency
(▷ Section 4.3) and system interactivity (▷ Section 4.4), and culminate in the higher-order needs for
understanding model scaling behavior (▷ Section 4.5). The following sections delineate five core challenges
and outline promising future directions to navigate these frontiers.

Expanding the 
Data Frontier

Effective

Rethinking 
Architecture 

Paradigms

Performance 
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Dilemma

Towards 
Interactive 
Retrieval

Uncovering 
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for VDR
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Figure 12: Overview of five future challenges for VDR.
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4.1 Expanding the Data Frontier

The foundation of robust VDR systems is high-quality, diverse, and challenging data, yet the current landscape
of benchmarks and training sets presents a significant bottleneck to progress. A primary limitation is the lack
of diversity in language, domain, and document structure. While recent benchmarks like Jina-VDR (Günther
et al., 2025) and MIRACL-VISION (Osmulski et al., 2025) have made commendable strides in multilingual
support, the majority of available resources remain predominantly English-centric and confined to general-
domain web documents. Furthermore, most benchmarks focus on retrieving single, self-contained pages,
failing to capture the complex, multi-hop, and cross-document reasoning required for genuine information
synthesis, a gap that pioneering benchmarks like MR2-Bench (Zhou et al., 2025a) and MRMR (Zhang et al.,
2026b) are only beginning to explore. A more insidious issue lies in data provenance; the heavy reliance on
VLM-generated queries for training data, a common practice in datasets, risks creating a hermetic feedback
loop where models are evaluated on the same kind of logic they were trained on, inflating performance
metrics without guaranteeing real-world generalization. This is compounded by the potential for data leakage
between large, web-crawled training sets and evaluation benchmarks, which casts a shadow over the true
robustness of current models (Apicella et al., 2025; Lilja et al., 2024).

Addressing these data frontiers requires a multi-pronged, forward-looking strategy that moves beyond mere
data scaling. A primary imperative is the creation of large-scale benchmarks that are not only multilingual
but also multi-domain, extending into specialized corpora like legal contracts, financial reports, and
medical records, which demand expert-level nuance (Tang & Yang, 2024; Cao, 2024; Chung et al., 2025).
To cultivate reasoning-intensive capabilities, future data curation can leverage agentic frameworks to
automatically generate complex, multi-hop query-evidence chains that span multiple documents, simulating
the realistic research workflows envisioned by systems like Doc-Researcher (Dong et al., 2025c). To break
the cycle of synthetic data bias and enhance authenticity, a pivot towards incorporating real human
queries is essential; this could be achieved by mining anonymized search logs or utilizing human-in-the-loop
annotation platforms to capture the ambiguity and complexity of genuine user intent. Finally, to ensure
robust and fair evaluation, the community must adopt stricter data governance practices. This includes
establishing "firewalled" test sets derived from entirely held-out web crawls or proprietary document collections
and developing standardized protocols for data contamination detection, thereby fostering a more reliable
assessment of model generalization and pushing the field towards true document intelligence (Song et al.,
2024; Xu et al., 2024; Samuel et al., 2025).

4.2 Rethinking Architectural Paradigms

The multimodal retrieval field has largely converged on a paradigm centered around contrastively-trained
discriminative models, typically bi-encoder architectures that learn to maximize the similarity between positive
query-document pairs while minimizing it for negative ones. While highly effective for semantic matching, this
approach has inherent limitations. It primarily treats powerful MLLMs as static feature extractors (Mischler
et al., 2024; Jeong et al., 2024), underutilizing their sophisticated generative and reasoning capabilities,
which can lead to information bottlenecks where fine-grained details or implicit document semantics are lost
during compression into a fixed-budget representation. Moreover, this "one-size-fits-all" strategy forces a
single, monolithic model to act as a generalist for an incredibly diverse array of document structures, from
text-heavy reports and dense tables to complex charts and forms, limiting both performance specialization
and computational efficiency (Gan et al., 2025b; Fan et al., 2024; Lo et al., 2025).

To overcome these limitations, future research is pivoting towards two promising architectural shifts: autore-
gressive retrieval and the integration of Mixture of Experts (MoE). The first paradigm reframes retrieval
from a purely discriminative task to a generative one (Deng et al., 2025a; Xiong et al., 2024). For
instance, future models could adopt an "embed-via-answering" framework, where embeddings are derived from
generating a concise answer to an instruction, as pioneered by InBedder (Peng et al., 2024). More advanced
paradigms may even involve generating sequences of non-human-readable "soft tokens" that iteratively refine
the embedding, a concept introduced by GIRCSE (Tsai et al., 2025) which learns to "speak an embedding lan-
guage" and shows improved quality with more generation steps at test time. This generative-representational
synergy is also validated by frameworks like GritLM (Muennighoff et al., 2025), which successfully unifies
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generative and embedding tasks within a single model, demonstrating that these capabilities can coexist
without performance degradation. We summarize and compare the representative works from text-only and
multimodal generative retrieval in Table 6.

Representative Works Modality Core Paradigm Generated Content Embedding Source Training Objective
InBedder (Peng et al., 2024) Text Embed-via-Answering Concise Answer Hidden state of the 1st generated token Instruction Tuning (QA)
GIRCSE (Tsai et al., 2025) Text Iterative Refinement Soft Tokens (Non-readable) Pooled hidden states of generated soft tokens Iterative Contrastive Refinement (ICR)
GritLM (Muennighoff et al., 2025) Text Task Unification Text Response or Embedding Mean pooling over input with bidirectional attention Joint Contrastive + LM Loss
RGE (Liu et al., 2025a) / TTE (Cui et al., 2025b) Multimodal Think-then-Embed Reasoning Trace (CoT) Hidden state conditioned on generated reasoning Joint LM (on trace) + Contrastive Loss
CAFe (Yu et al., 2025a) / VladVA (Ouali et al., 2025) Multimodal Joint Training N/A (for retrieval) Last token’s hidden state Joint Contrastive + Autoregressive Loss
Retrv-R1 (Zhu et al., 2025b) Multimodal Reasoning-driven Selection Reasoning trace leading to a selection Not an embedding model; selects best candidate SFT + Reinforcement Learning (GRPO)

Table 6: A multi-dimensional comparison of representative works in generative retrieval. These approaches move
beyond static encoding by leveraging the generative capabilities of (M)LLMs. They differ in their core paradigm, the
nature of the generated content (from concise answers to reasoning traces), and their training objectives, which range
from joint contrastive-generative losses to reinforcement learning.

Concurrently, the MoE architecture offers a path to efficient specialization. For instance, different
experts can be trained to handle distinct document modalities (e.g., text, tables, audio), a direction explored
by Uni-MoE (Li et al., 2025i;h) and M3-JEPA (Lei et al., 2024), which use multi-gate MoE to disentangle
modality-specific and shared information. This architecture also unlocks novel embedding sources, as
demonstrated by MOEE (Li & Zhou, 2024), which shows that the expert routing weights themselves can
serve as a potent, complementary embedding signal. Together, these architectural innovations promise to
evolve VDR from static matching towards more dynamic, specialized, and generative systems.

4.3 Performance-Efficiency Dilemma
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Figure 13: Quality retention under index compres-
sion. Results from AnchorFold (Zuo et al., 2026), averaged
across three backbones and the ViDoRe v1/v2 suites. An-
chorFold remains above three representative pruning or
clustering baselines at every evaluated compression ratio.

The high accuracy of state-of-the-art multi-vector
VDR models stems directly from their fine-grained
representation paradigm, where each document page
is encoded into hundreds or even thousands of patch-
level embeddings (Faysse et al., 2024). While this
enables precise query-to-patch matching, it creates
a significant performance-efficiency dilemma. The
primary issue is the prohibitive storage overhead; for
instance, a medium-sized document of just 50 pages
can require approximately 10 MB of storage for its
embeddings alone (Ma et al., 2025), rendering the
large-scale deployment of such models economically
and practically challenging. Furthermore, this abun-
dance of vectors increases online computational costs
during the late-interaction scoring stage. Figure 13
previews how far a recent structure-aware compres-
sor can move this frontier, motivating embedding
reduction techniques that retain retrieval evidence
in a much smaller index.

Future solutions to this dilemma are evolving from post-hoc compression to built-in adaptability. The two
primary post-hoc strategies are embedding pruning and merging (Yan et al., 2026b; Cha et al., 2026;
Qin et al., 2026; Pony et al., 2026; Liu et al., 2026a). Pruning aims to discard redundant embeddings.
While early heuristic-based methods proved unstable (Liu et al., 2024; Lassance et al., 2021; 2022), more
sophisticated approaches like DocPruner (Yan et al., 2025d) use attention scores to adaptively prune 50-60%
of patches per document with minimal performance loss. Alternatively, merging or clustering aggregates
similar patches, a method that some argue is more suitable as it retains information rather than discarding it.
For example, Light-ColPali (Ma et al., 2025) employs hierarchical clustering to merge embeddings, while
HEAVEN (Kim et al., 2025a) uses visually-summarized pages to create a compact first-stage index. Recent
work has pushed this in three directions that are worth distinguishing, because they trade different resources.
Learned pooling keeps the number of vectors fixed but makes the reduction itself trainable, as in the lightweight
fine-tuning of Josef (2026); coverage-aware merging such as MarginMerge (Mahdizadeh et al., 2026) selects
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which patches to fuse so that the retained set still spans the page rather than clustering redundantly; and
quantisation such as CrossQ (Salla et al., 2026) leaves the vector count untouched and instead shrinks each
vector’s width, which composes with either of the former. AnchorFold (Zuo et al., 2026) illustrates that
these are not mutually exclusive, folding attention onto anchor tokens recursively to cut both count and cost.
Quantitatively, Figure 13 retains 98.3% of full-index nDCG@5 at 5× compression and 92.4% at 20×, while
storing only 5% of the vectors; at the latter budget it remains 6.0 points above the strongest baseline shown.
This makes fold depth a promising corpus- or query-adaptive budget that future systems can combine with
vector quantisation rather than treating compression methods as mutually exclusive.
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Figure 14: Joint depth–width elasticity in MM-
Matryoshka. Results from MM-Matryoshka (Xiang et al.,
2026): ViDoRe-v2 nDCG@5 retained at each backbone’s
middle layer and 32d, relative to its final-layer 128d refer-
ence.

A more forward-looking paradigm is Matryoshka
Representation Learning (MRL) (Kusupati
et al., 2022), which trains embeddings to be in-
herently flexible. MRL ensures that a single high-
dimensional embedding contains a hierarchy of
smaller, nested embeddings that are also effective.
Flexible Matryoshka embeddings have been adopted
by top-performing text embedding models (e.g.,
Qwen3 Embedding (Zhang et al., 2025h), Gemini Em-
bedding (Lee et al., 2025b), KaLM-Embedding-V2
(Zhao et al., 2025), EmbeddingGemma (Vera et al.,
2025), jina-embeddings-v3 (Sturua et al., 2024), jina-
colbert-v2 (Jha et al., 2024)) across diverse real-world
tasks (Lai et al., 2024; Wang et al., 2024d; Nacar
& Koubaa, 2025; Hanley & Durumeric, 2025; Fu
et al., 2025). MM-Matryoshka (Xiang et al., 2026)
transfers this idea to multi-vector VDR by nesting
both vector prefixes and encoder layers. At the joint
middle-layer-plus-32d budget, Figure 14 shows 74.3–
85.8% retention across three backbones, versus only 14.4–31.4% under direct truncation—a 54.4–59.9-point
gain. This makes a single two-dimensionally elastic checkpoint plausible; future systems could select depth
and width jointly for each corpus, device, or query instead of maintaining separate retrievers. Formally, at full
width hmax, the encoder E produces the multi-vector representations U(q) and V(d) introduced in Section 2.1,
with every constituent vector in Rhmax . MRL trains the model on a set of nested widths H = {h1, h2, . . . , hK},
where h1 < h2 < . . . < hK = hmax. For each hi, U[hi](q) and V[hi](d) retain the first hi components of every
query and document vector, respectively. The training objective LMRL sums a standard representation loss
ℓ(·, ·) over all nested widths:

LMRL(q, d+) =
∑

hi∈H

λi ℓ
(

U[hi](q), V[hi](d+)
)

(11)

where q is a query, d+ is a positive document, and λi are loss weights. This allows practitioners to truncate
stored embeddings at inference time, providing a flexible dial to balance performance and efficiency. Building
on this, 2DMSE (Li et al., 2024c) extends this elasticity to model depth, while frameworks like Starbucks
(Zhuang et al., 2024) and MatTA (Verma et al., 2025) refine the training process to bridge the performance
gap with individually trained models. The Matryoshka principle has also been generalized to new granularities
and architectures: M3 (Cai et al., 2024) and MQT (Hu et al., 2024) apply it to the number of visual tokens in
LVLMs; Matryoshka Re-Ranker (Liu et al., 2025g) enables flexible depth and sequence length for re-ranking;
and MatMamba (Shukla et al., 2024) integrates it into State Space Models. The application of MRL has
further expanded to diverse tasks such as improving feature hierarchy in Sparse Autoencoders (Bussmann
et al., 2025) and enabling multi-precision models via Matryoshka Quantization (Nair et al., 2025). Finally,
innovations in the training paradigm itself, such as the sequential learning in SMEC (Zhang et al., 2025a)
and the post-hoc tuning of Matryoshka-Adaptor (Yoon et al., 2024), are making the creation of these flexible
embeddings more efficient and accessible. Besides, recent works also focus on sparse coding (Wen et al., 2025;
Guo et al., 2026) and isolation kernel (Zhang et al., 2026c) for more lightweight representation learning. We
compare the representative works above in Table 7.
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Table 7: A multi-dimensional comparison of representative works in Matryoshka Representation Learning
(MRL). The principle of nested, adaptable representations has been extended from embedding dimensions to model
depth, token counts, and even quantization bit-widths, addressing a wide range of tasks from efficient retrieval to
model interpretability.

Representative Works Modality Target Task Matryoshka On Core Innovation
MRL (Kusupati et al., 2022) Multimodal Classification / Retrieval Embedding Dimension Foundational concept of nested embeddings.
2DMSE (Li et al., 2024c) Text STS / Retrieval Embedding Dimension & Model Depth Extends MRL to two dimensions for greater flexibility.
Starbucks (Zhuang et al., 2024) Text STS / Retrieval Embedding Dimension & Model Depth Improves 2DMSE to match individually trained models.
MatTA (Verma et al., 2025) Text General Tasks Model Depth & Width (FFN) Teacher-TA-Student distillation for elastic student models.
M3 (Cai et al., 2024) / MQT (Hu et al., 2024) Multimodal VQA / Reasoning Number of Visual Tokens Enables adaptive visual granularity in LVLMs.
Matryoshka Re-Ranker (Liu et al., 2025g) Text Re-ranking Model Depth & Sequence Length Creates flexible re-rankers with configurable architecture.
SMEC (Zhang et al., 2025a) Multimodal Retrieval / Classification Embedding Dimension Sequential training to mitigate gradient variance.
Matryoshka-Adaptor (Yoon et al., 2024) Multimodal Retrieval Embedding Dimension Post-hoc tuning to impart Matryoshka properties.
MM-Matryoshka (Xiang et al., 2026) Multimodal Retrieval Embedding Dimension & Encoder Depth One multi-vector checkpoint with selectable 2D budgets.
MatMamba (Shukla et al., 2024) Multimodal LM / Classification Hidden Dimension & Heads Generalizes MRL to State Space Model (SSM) architectures.
Matryoshka SAE (Bussmann et al., 2025) Model Activations Interpretability SAE Dictionary Size Mitigates feature splitting in Sparse Autoencoders.
Matryoshka Quantization (Nair et al., 2025) Model Weights Model Compression Quantization Bit-width Leverages nested structure of integer data types.

4.4 Towards Interactive Retrieval

Integrating VDR with agentic systems holds immense potential, particularly for complex scenarios like
Deep Research, where a query requires iterative evidence gathering from a vast candidate pool (Java et al.,
2025; Chen et al., 2025e; Huang et al., 2025c; Zhang et al., 2025e). The current challenge, however, is that
most agentic systems treat VDR models as passive, reactive tools rather than active, strategic partners.
These agents typically operate within a predefined, reactive loop of reasoning and acting, which limits their
ability to dynamically formulate or adapt a high-level retrieval strategy. For instance, while frameworks like
WebThinker (Li et al., 2025f) and DeepResearcher (Zheng et al., 2025b) enable agents to interleave thought
with web search actions, they often function as sophisticated tool-executors that reactively process information
rather than as research strategists that proactively plan a multi-step information-seeking campaign. This
limitation becomes particularly evident in complex research tasks, such as generating structured reports with
dynamic outlines as demonstrated by WebWeaver (Li et al., 2025j) or creating text-chart interleaved content
as in Multimodal DeepResearcher (Yang et al., 2025b), where the retrieval process itself must be strategically
guided to gather diverse and structured evidence.

Future work must focus on the co-design of agents and VDR tools to foster a more organic and
strategic synergy. A primary direction is to empower agents with explicit retrieval planning capabilities,
enabling them to decompose a high-level query into a multi-step, multi-granularity retrieval plan. This
moves beyond simple tool use towards strategic orchestration. For example, a planner agent, inspired by the
hierarchical structure of Cognitive Kernel-Pro (Fang et al., 2025), could adaptively select retrieval granularity
(choosing between document summaries, full pages, or specific visual elements) and delegate these sub-tasks
to specialized agents. To handle the inevitable "dead ends" in complex research, agents must also develop
self-correction mechanisms. Frameworks like DeepAgent (Li et al., 2025e), with its autonomous memory
folding, offer a powerful blueprint by allowing an agent to "take a breath," discard a failed exploration
path, and restart from a consolidated memory state. To effectively learn such complex strategies, agents
require more fine-grained feedback. This can be achieved through mechanisms like the Atomic Thought
Rewards (ATR) proposed in Atom-Searcher (Deng et al., 2025b), which uses a reasoning reward model to
provide process-level supervision on the agent’s retrieval strategy. Finally, for massive-scale research, parallel
exploration frameworks like the Research-Synthesis approach in WebResearcher (Qiao et al., 2025) and
Tongyi DeepResearch (Team et al., 2025b), where multiple agents conduct concurrent searches, can transform
interactive retrieval into a scalable, collaborative process. The ultimate goal is to evolve the VDR system
from a passive tool into an active, strategic partner in the knowledge discovery process.

4.5 Uncovering Scaling Laws for VDR

While scaling laws (predictable power-law relationships between model performance, size, and data volume)
are well-documented for general-purpose LLMs (Alabdulmohsin et al., 2022; Zhang et al., 2024a; Xiao et al.,
2025a; Pearce et al., 2024), their application to the specialized domain of VDR remains a largely unexplored
and complex frontier. The core challenge is that the scaling behavior in VDR is not a straightforward
extrapolation of model size or data quantity. On the model axis, naively increasing parameter count does not
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guarantee proportional performance gains. Larger models, without proper fine-tuning, can exhibit greater
embedding anisotropy, which paradoxically harms retrieval performance in zero-shot settings by compressing
the effective embedding space, even as they capture richer features for transfer tasks (Jiang et al., 2024a;
Wu et al., 2026). This complexity is mirrored on the data axis, where simply increasing the volume of raw
documents is insufficient. The effectiveness of VDR models is deeply tied to the quality and diversity of the
training pairs. Recent studies powerfully illustrate this, showing that models trained on smaller, high-quality
synthetic datasets can significantly outperform those trained on orders-of-magnitude more, but less curated,
data. For example, both mmE5 (Chen et al., 2025b) and MegaPairs (Zhou et al., 2025b) demonstrated
that superior performance can be achieved with a fraction of the data if it is diverse and of high quality,
underscoring that scaling in VDR is a nuanced interplay between model capacity and data sophistication,
rather than a simple numbers game.

To systematically navigate this challenge, future research must pivot from ad-hoc scaling to establishing
formal, VDR-specific scaling laws, adapting methodologies from the dense retrieval domain (Fang
et al., 2024). A foundational step is to adopt continuous and sensitive evaluation metrics, such as contrastive
entropy, which can more accurately capture subtle performance changes compared to discrete ranking metrics
like nDCG, thus enabling precise power-law curve fitting for parameter count (Nθ) and training-set size
(Ntrain). Concurrently, advancing the "data" axis of the scaling law requires moving beyond simple data
augmentation to sophisticated, document-aware synthetic data generation. This involves leveraging MLLMs
not just for query generation but for creating entire ecosystems of diverse training tasks (Wang et al., 2024a),
mining heterogeneous relationships between documents using multiple similarity models (e.g., visual-semantic
and visual-pattern correlations) (Zhou et al., 2025b), and implementing rigorous quality control through
mechanisms like single-pass multi-aspect interpretation and self-refinement (Chen et al., 2025b). By combining
a formal scaling law framework with advanced data synthesis, the VDR community can quantitatively model
the trade-offs between investing in larger models versus more extensive data annotation. This will enable
more efficient resource allocation and pave the way for building maximally effective VDR systems under
practical budget constraints.

5 Conclusion

This survey systematically discusses the VDR landscape, categorizing the evolution of benchmarks and
methodologies, including embedding models, rerankers, and their integration with RAG and agentic systems.
Current triumphs push the boundaries of fine-grained matching, but the field’s trajectory is shifting towards
more complex document intelligence. Navigating the future frontiers of data complexity, architectural
innovation, efficiency, and interactivity will be critical for realizing the full potential of VDR as a cornerstone
of multimodal document intelligence.

6 Broader Impact and Societal Considerations

While this survey focuses on the technical advancements of VDR in the MLLM era, the deployment of such
systems carries significant broader societal implications. As VDR transitions from academic benchmarks to
real-world deployment in legal, medical, and enterprise workflows, we must critically evaluate its impact on
accountability, equity, and environmental sustainability.

Transparency, Accountability, and Trust. A primary concern in deploying VDR systems, particularly
in high-stakes domains, is the "black-box" nature of multimodal reasoning. When retrieval decisions are
based on opaque, latent-space alignments, the inability to provide clear, human-interpretable rationales
(or citations to evidence) complicates auditability. To ensure responsible deployment, the development of
VDR should not only prioritize retrieval accuracy but also emphasize traceable reasoning. Systems that
integrate "retrieval-as-reasoning", where the model provides an explicit chain-of-thought or highlights the
specific visual/textual evidence, are essential for establishing trust and accountability, especially in regulatory
contexts where document decisions must be legally defensible.

Mitigating Bias and Promoting Multilingual Equity. The VDR landscape remains heavily skewed
towards English-centric datasets and models. If left unchecked, this "linguistic and cultural bottleneck"

30



threatens to marginalize non-English speaking communities and industries, potentially reinforcing existing
global inequities in information access. The surge in multilingual benchmark development is a necessary
step, but technical efforts must also address inherent biases within foundation models. Retrieval systems
that unknowingly favor dominant cultural or Western-centric document formats risk systematic information
omission. We advocate for research that explicitly models fairness across linguistic and structural diversities
to ensure that VDR is a globally inclusive technology.

Environmental Impact of Large-Scale Intelligence. The transition from traditional, lightweight OCR-
based search to massive-scale VDR models based on multi-vector late-interaction paradigms introduces a
significant performance-efficiency dilemma. While these models offer unprecedented semantic depth, they
impose substantial computational costs in terms of memory storage, index maintenance, and GPU-intensive
inference. In an era where AI-related energy consumption is under intense scrutiny, the pursuit of performance
must be balanced with environmental responsibility. Developing sparse, efficient, and Matryoshka-style
representations is not merely a technical optimization; it is a critical requirement to ensure that the widespread
adoption of multimodal intelligence does not come at the expense of an unsustainable carbon footprint.

Societal Safeguards and Data Integrity. The ability of VDR models to extract fine-grained, structured
information from unstructured PDFs, including sensitive personal data, private business intelligence, and
restricted intellectual property, poses risks of unintended information disclosure. The shift toward agentic RAG
systems that "browse" and synthesize evidence across vast document stores exacerbates the danger of bypassing
existing security controls. Therefore, we underscore the necessity of robust data governance, including fine-
grained access control and privacy-preserving retrieval architectures, as foundational requirements for future
VDR systems.

In summary, the evolution of VDR toward more sophisticated, autonomous, and reasoning-intensive workflows
necessitates a proactive approach to societal safeguards. We hope this perspective encourages the community
to view technical robustness, interpretability, and ecological sustainability not as peripheral concerns, but as
integral pillars of responsible multimodal document intelligence.
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