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Abstract

Document Retrieval-Augmented Generation (DocRAG) is an emerging
paradigm crucial for complex tasks such as financial report analysis and
multi-source knowledge retrieval. However, existing benchmarks typically
target isolated capabilities, such as multi-modal or multi-hop reasoning,
and offer only single-perspective evaluations, revealing a need for more
comprehensive assessment. In this paper, we present ComDoc, a large-scale
multi-modal DocRAG benchmark spanning single-hop, multi-hop, and
multi-page tasks. ComDoc includes 1,755 real-world documents from four
domains, comprising 103,877 pages and 5,561 QA instances. To construct
ComDoc, we design a three-stage pipeline: data collection, hierarchical QA
pairs generation, and quality control. Using ComDoc, we systematically
evaluate state-of-the-art encoder-based, LLM-based, and MLLM-based re-
trieval models, as well as the generative capabilities of leading open-source
LLMs and MLLMs. Our results demonstrate substantial performance gaps
across different models and task types in both retrieval and generation.

1 Introduction

Retrieval-Augmented Generation (RAG) effectively answers complex queries by integrating
external information. In document-level, multimodal settings with text, images, and tables,
DocRAG advances beyond traditional retrieval and generation. Consequently, DocRAG
emerges as a vital paradigm for knowledge-intensive applications, such as academic docu-
ment analysis (Barron et al., 2025) and financial reasoning (Wang et al., 2025c).

The increasing adoption of DocRAG drives growing interest in systematic performance
evaluation. Recently, several benchmarks have emerged to assess DocRAG from diverse
perspectives. REAL-MM-RAG (Wasserman et al., 2025) evaluates four key dimensions
relevant to real-world retrieval: multimodal documents, task complexity, realistic RAG
queries, and precise annotation. ViDoRAG (Wang et al., 2025d) introduces ViDoSeek to
measure RAG performance on visually rich documents that require complex reasoning.
Similarly, ViDoRe (Faysse et al., 2025) and ViDoRe V2 (Macé et al., 2025) focus on evaluating
the ability of retrieval systems to align queries with relevant documents at the page level.
LongDocURL (Deng et al., 2025) emphasizes the deep understanding of lengthy documents,
numerical reasoning, and the synthesis of information across document elements, span-
ning 20 sub-tasks categorized by primary task types and evidence sources. Despite these
advancements, existing benchmarks either focus primarily on a specific dimension or are
limited in scale, making it difficult to adequately assess the complexity of different tasks.

In this paper, we focus on four core challenges in DocRAG: 1) Single-Hop: Requires extraction
or reasoning based on a single retrieved element or source to generate accurate answers; 2)
Multi-Hop: Requires reasoning across multiple retrieved elements or sources to generate
accurate answers; 3) Multi-Modal: Involves interpreting and integrating diverse content
types, such as text, image, and structured table; and 4) Multi-Page: Addresses scenarios
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Question: Which airline operates the most Airbus A321 aircraft, 
and in which locations is final assembly conducted for these aircraft?
Answer: American Airlines operates the most Airbus A321 aircraft 
(219), with final assembly conducted in Hamburg, Germany or 
Mobile, Alabama.

Evidence Type: Text
Evidence Page: Page 1

Question: What is the news volume for Hillary Clinton on 4/14/15?
Answer: About 3000

Evidence Type: Chart
Evidence Page: Page 6

Question: Based on the tested antioxidant activities (DPPH IC50) 
and α-amylase inhibition data of six Bangladeshi fruits, which fruit 
demonstrates the strongest antioxidant activity and the highest 
enzyme inhibition?
Answer: Borassus flabellifer (B. flabellifer) demonstrates the 
strongest overall performance, exhibiting the highest α-amylase 
inhibition (100% measured value) and significant antioxidant 
activity (DPPH IC50=1.11 mg/ml).

Evidence Type: Text & Table
Evidence Page: Page 5

Question: What was the total net change in property, plant and equipment 
assets from 2018 to 2019?
Answer: -26 є million

Reasoning: 12,062 - 12,088 = -26
Evidence Type: Table
Evidence Page: Page 92

Question: Among the four indicators of life satisfaction, future optimism, financial 
security, and job happiness, which group has the highest overall satisfaction—the 
general public or the elite?        
Answer: The elite group had the highest overall satisfaction, with an average of 89% 
across four indicators (life satisfaction 95%, future optimism 93%, financial security 
88%, work fulfillment 80%), significantly higher than the general public's 77.5% 
(life satisfaction 85%, future optimism 86%, financial security 67%, work 
fulfillment 72%).

Evidence Type: Charts
Evidence Page: Page 19 & Page 20

Question: Did the income tax benefit from the transfer of 
intangible assets by Microsoft Corporation in the 2019 fiscal 
year exceed the total income tax expense for the 2018 fiscal 
year？
Answer: Yes, the tax benefits from the transfer of intangible 
assets in fiscal year 2019 amounted to $2.6 bil l ion, 
exceeding the total income tax expenditure of $1.9903 
billion in fiscal year 2018 ($2.6 billion > $1.9903 billion).

Evidence Type: Text & Table
Evidence Page: Page 27 & Page 73

Figure 1: Overview of our proposed ComDoc benchmark. ComDoc comprises six types
of QA samples: Single-Hop Extraction, Single-Hop Reasoning, Multi-Hop Single-Modal,
Multi-Hop Multi-Modal, Multi-Page Single-Modal, and Multi-Page Multi-Modal.

where relevant information is distributed across multiple pages, necessitating retrieval and
aggregation from non-contiguous sections.

Guided by these four dimensions, we devise a three-stage pipeline comprising data collec-
tion, hierarchical QA pair generation, and quality control. In the initial phase, we employ a
domain-balanced sampling strategy to curate documents tailored for generative QA from
diverse datasets across four domains. For hierarchical QA generation, we parse docu-
ments and apply task-specific selection criteria and QA generation rules for single-hop,
multi-hop, and multi-page tasks. During quality control, we employ LLM-as-a-judge to
filter low-quality samples and engage five human experts to verify question-answer cor-
rectness. Ultimately, we propose a large-scale multimodal DocRAG benchmark ComDoc.
As shown in Figure 1, ComDoc encompasses six distinct task categories: Single-Hop (Ex-
traction), Single-Hop (Reasoning), Multi-Hop (Single-Modal), Multi-Hop (Multi-Modal),
Multi-Page (Single-Modal), and Multi-Page (Multi-Modal). ComDoc curates 1,755 real-world
documents across four domains, totaling 103,877 pages and 5,561 QA instances. We system-
atically evaluate state-of-the-art encoder-based, LLM-based, and MLLM-based embedding
models for document retrieval, as well as the generative capabilities of leading open-source
LLMs and MLLMs. The results demonstrate substantial performance variations among
different retrieval and generation paradigms across diverse tasks and domains. Our main
contributions are summarized as follows:

• We design a three-stage pipeline consisting of data collection, hierarchical QA pair
generation, and quality control for constructing a comprehensive DocRAG benchmark.

• We propose a large-scale multi-modal document retrieval augmented generation bench-
mark ComDoc that covers single-hop, multi-hop and multi-page tasks.

• We perform extensive evaluations of state-of-the-art retrieval and generation models
on ComDoc, providing actionable insights to drive advancements in DocRAG research.

2 Related Work

2.1 Benchmarks for DocRAG

While numerous benchmarks in the DocRAG domain evaluate both document retrieval
and answer generation, the majority suffer from critical limitations. For retrieval, PDF-
MVQA (Ding et al., 2023) offers comprehensive QA pairs but is limited to academic doc-
uments and lacks domain diversity. ViDoRe (Faysse et al., 2025) and ViDoRe-V2 (Macé
et al., 2025) provide multi-domain coverage but only support single-hop reasoning. MMDo-
cIR (Dong et al., 2025a) enables hierarchical references and domain diversity, yet its limited
queries reduce evaluation robustness. All retrieval benchmarks focus solely on retrieval per-
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Benchmarks
Document Question-Answer Evaluation

Domain #Pages #Docs Evidence #Queries Human
Verify

RAG
Suitable

Granular
Analysis

Hierarchical
Structure

PDF-MVQA Academia 5.9k 623 54.5k ✗ R ✗ SH/MH/MP
ViDoRe Multiple 8.3k - ✗ 3.8k ✓ R ✗ SH
ViDoRe-v2 Multiple 3.3k 66 ✗ 0.4k ✓ R ✗ SH
MMDocIR Multiple 65.1k 313 1.7k ✓ R ✓ SH/MH/MP
REALMM Finance 8.6k 163 4.6k ✗ R ✗ SH
DocBench Multiple 15.1k 229 1.1k ✓ G ✗ SH
MMlongBenchDoc Multiple 6.4k 135 1.1k ✓ G ✗ SH/MH/MP
M-LongDoc Multiple 37.9k 180 0.9k ✓ G ✓ SH
ViDoSeek Multiple - 300 1.1k ✗ R/G ✗ SH/MH
MMDocRAG Multiple 14.9k 222 4.1k ✓ R/G ✓ SH/MH/MP

ComDoc(ours) Multiple 103.9k 1,755 5.6k ✓ R/G ✓ SH/MH/MP

Table 1: Comparison of existing multimodal DocRAG benchmarks with ComDoc. RAG
Suitable: Assesses both retrieval (R) and generation (G) capabilities. Granular Analysis:
Evaluates performance across diverse sample types. Hierarchical Structure: Supports Single-
Hop (SH), Multi-Hop (MH), and Multi-Page (MP) references.

formance, omitting generation assessment. For answer generation, REALMM (Wasserman
et al., 2025), DocBench (Zou et al., 2025), and M-LongDoc (Ma et al., 2024) evaluate multi-
evidence understanding but lack cross-modality and multi-page support. VideoSeek (Macé
et al., 2025) and MMLongBenchDoc (Ma et al., 2024) include hierarchical references but offer
limited scale, reducing the evaluation challenge. MMDocRAG (Dong et al., 2025b) provides
extensive QA pairs and diverse capability assessment, but its small document set constrains
the difficulty. Detailed information is provided in Table 1.

2.2 Retrieval and Generation Models

RAG systems consist of retrieval and generation models. In DocRAG, document retrieval
is crucial as it directly impacts generation quality. Early approaches use OCR tools such
as Nougat (Blecher et al., 2023) for text extraction, followed by embedding models like
ColBERT (Khattab & Zaharia, 2020), BGE (Chen et al., 2024), and E5 (Wang et al., 2024b)
for encoding and retrieval. Recent retrievers employ LLM-based and MLLM-based embed-
ding models, including GTE-Qwen2-7B (Li et al., 2023), NV-Embed V2 (Lee et al., 2025),
VLM2Vec (Jiang et al., 2025), UniME and UniME-V2 (Gu et al., 2025; 2026). However,
these models are designed to learn unified representations and are not specifically built
for document retrieval. In contrast, models such as ColQwen (Faysse et al., 2025) and Vi-
DoRAG (Wang et al., 2025d), which are tailored for visual document retrieval, demonstrate
significantly superior performance. For answer generation, RAG systems increasingly rely
on pre-trained MLLMs capable of reasoning over complex, multi-page contexts (Wang
et al., 2025a;b; An et al., 2025). The ecosystem features both proprietary and competitive
open-source models, including DeepSeek (Liu et al., 2024), QwenVL (Qwen et al., 2025; Bai
et al., 2025a), InternVL (Zhu et al., 2025; Wang et al., 2025e), and Llama (Grattafiori et al.,
2024). As the cognitive core of RAG systems, these models integrate visual and textual
evidence to generate accurate and coherent responses.

3 ComDoc Benchmark

To construct ComDoc, we design a three-stage pipeline that includes data collection (Sec-
tion 3.1) to construct document datasets, hierarchical QA pairs generation (Section 3.2) to
generate question-answer pairs for different tasks, and quality control (Section 3.3). We also
show the statistical information of our benchmark (Section 3.4).

3.1 Data Collection

Document Source. Our benchmark integrates materials from four domains: slide decks,
finance, academia, and world knowledge, comprises six document types: slide, report,
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Figure 2: Overview of the three-stage pipeline for constructing ComDoc: data collection,
hierarchical QA pair generation, and quality control.

academic paper, review, wiki article, and website. We source documents from multiple
public datasets: SlideVQA (Tanaka et al., 2023), FinanceBench (Wang et al., 2025c), ArX-
ivCap (Li et al., 2024), M2QA (Engländer et al., 2024), and FetaTab (Nan et al., 2021), and
further incorporate selected segments from UDA-QA-Fin, UDA-QA-Tat, UDA-QA-Paper,
NqText (Hui et al., 2024), and MINT-1T (Awadalla et al., 2024). For a more challenging
evaluation, we synthesized new QA pairs instead of relying on the original data from these
datasets. Table 2 provides a summary of the datasets and their key characteristics.

Domain Type Dataset #Doc #Page
Slides Decks Slide SlideVQA 1.1k 21.1k

Finance Report
FinanceBench 368 53.9k
UDA-QA-Fin 788 116.5k
UDA-QA-Tat 170 25.2k

Academia Paper ArXivCap 36.5k 443.3k
UDA-QA-Paper 1.1k 12.2k

World
Knowledge

Review M2QA 1.9k 29.0k

Wiki
FetaTab 871 13.7k
NqText 645 9.6k

Website MINT-1T 37.7k 449.4k

Table 2: Details of document collection sources.

Document Sampling. To mitigate do-
main imbalance in large datasets (e.g., ArX-
ivCap and MINT-1T, each with over 5k
documents), we balance domain distribu-
tion through a clustering sampling strat-
egy. Specifically, we first summarize the
first page of each document using Qwen2.5-
VL-7B (Bai et al., 2025b) to capture its pri-
mary topic and domain. Then, we encode
these summaries with BGE (Chen et al.,
2024) and cluster them into 1K groups us-
ing Faiss (Douze et al., 2025). From each
group, we select the top 10 highest-scoring documents as representative samples, resulting
in 10k documents. After integrating additional sources, we construct a 27K-document pool.
To preserve task difficulty, MinerU (Wang et al., 2024a) is applied to filter out documents
with fewer than three pages or lacking multiple visual elements (tables, charts, or images),
distilling the pool to 10K candidates.

3.2 Hierarchical QA Pairs Generation

3.2.1 Hierarchical Filtering

Inspired by the LLM/MLLM-as-judge approach (Gu et al., 2025), we introduce a hierarchical
QA pairs generation pipeline for ComDoc (As shown in Figure 2). The pipeline first employs
Qwen2.5-VL-7B (Bai et al., 2025b) to evaluate whether each document meets predefined
criteria, producing a binary decision (YES or NO) to filter out noisy samples. Documents
passing this stage are subsequently processed by DeepSeek-R1 (Guo et al., 2025) to generate
question-answer pairs for various tasks.

Evidence Parsing. Since question-answer generation for single-hop, multi-hop, and multi-
page tasks depends on identifying key evidence within documents, we first parse all
documents using the MinerU (Wang et al., 2024a) toolkit. This converts PDF pages into
three modalities: text (plain text and layout information), images (figures and charts), and
tables. We then filter documents according to task-specific evidence requirements.
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Statistic Number

Documents 1,755
- Document Types 6
- Gold/Noisy/Total Pages: 4.1k / 99.8k / 103.9k
- Avg./Med./Max. pages per doc 59 / 20 / 815
- Avg./Med./Max. words per doc 63k / 24.2k / 585k

Total Questions 5561
- Single-Hop(Extraction/Reasoning) 1,000 / 994
- Multi-Hop(Single/Multi-Modal) 989 / 980
- Multi-Page(Single/Multi-Modal) 882 / 716
- Newly-annotated questions 5,561 (100.0%)

(Hop Number Distribution) 6
1: 1,994(35.9%) 2: 2,126(38.2%)
3: 1,235(22.2%) ≥4: 206(3.7%)

(Question Type) 5
Extraction: 1,000 (18.0%) Reasoning: 994 (17.9%)
Aggregation: 1,384(24.9%) Bridge: 1,324 (23.8%)
Decomposition Reasoning: 859(15.4%)

(Evidence Modality) 7
Text: 1,480 (26.6%) Text + Table: 753 (13.5%)
Table: 825 (14.8%) Table + Image: 83 (1.5%)
Image: 1,596 (28.7%) Image + Text: 605 (10.9%)
Table + Text + image: 219 (3.9%)

Avg./Med./Max words: Question 27 / 26 / 84
Avg./Med./Max words: Answer 41 / 38 / 204

Table 3: ComDoc Statistics Overview.

(a) Question token length.

(b) Answer token length.

(c) Absolute position.
Figure 3: Overview of QA distribution.

(a) Document type. (b) #Pages Per Doc. (c) #Token (in K) Per doc.
Figure 4: Overview of document distribution. (a) Distribution of document types. (b)
Distribution of document page counts. (c) Distribution of document token counts.

Single-Hop Task. We perform page-level filtering based on factual content and image
relevance. Initially, we use Qwen2.5-7B to assess whether the text and tables contain factual
content (e.g., numbers, entities, time, or conditions). A valid page must provide at least one
extractable evidence for extraction tasks and at least two for reasoning tasks. Simultaneously,
we resize images and use Qwen2.5-VL-7B to filter out pages with irrelevant or noisy images
(e.g., expired graphics and meaningless logos). After filtering, 8,000 documents satisfied the
selection criteria, and 1,000 are ultimately selected for dataset construction.

Multi-Hop Task. The multi-hop task requires the identification of relational connections
among multiple evidence items within a single page. We first extract subject-verb-object
triplets (S,V,O) for each paragraph using Qwen2.5-7B for further analysis of multi-hop
relationships. We then employ ChatGPT-4o to generate image captions, focusing on scenes,
objects, fine-grained details, and chart metadata. Finally, we feed the triplets, raw text,
tables, and captions to Qwen2.5-7B to assess whether they satisfy the following criteria:
1) Factual Content: Contains at least three valid facts; 2) Semantic Relation: Exhibits explicit
semantic relations; 3) Hop-Chain: Supports at least one two-hop reasoning chain; and 4)
Multi-Modal: Input incorporates multiple modalities. This process yields 3,000 eligible
documents, from which 1,000 are ultimately retained for dataset construction.

Multi-Page Task. The multi-page task generalizes the multi-hop requirement to span
multiple pages. We first cluster the plain text, image titles, and table titles of each document
into 10 topic-centered groups using BGE (Chen et al., 2024) and Faiss (Douze et al., 2025),
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Model

Single-Hop Multi-Hop Multi-Page
Overall

Extraction Reasoning Single-Modal Multi-Modal Single-Modal Multi-Modal

R@3 nDCG@3 R@3 nDCG@3 R@3 nDCG@3 R@3 nDCG@3 R@3 nDCG@3 R@3 nDCG@3 R@3 nDCG@3

OCR + Text Encoders
BGE-large (0.3B) 43.0 37.5 43.2 37.5 44.0 37.6 49.1 40.9 32.8 32.9 26.6 26.4 39.8 35.5
ColBERT (0.1B) 50.6 44.3 46.2 40.5 42.1 36.0 45.9 39.6 32.8 33.1 25.3 25.8 40.5 36.6
GTE-large (0.4B) 43.6 37.4 44.3 38.4 47.3 39.4 51.6 43.3 32.8 33.1 25.5 26.3 40.9 36.3
E5 (0.3B) 44.8 38.4 45.6 40.4 46.7 40.1 54.2 46.2 33.7 33.9 26.3 27.6 41.9 37.8
OCR + LLM-based Models
GTE (Qwen2-7B) 36.0 29.8 43.2 36.8 49.1 41.9 54.1 46.1 32.1 31.3 26.5 26.8 40.2 35.5
NVEmbedV2 (8B) 51.6 44.3 54.7 48.1 53.9 47.1 64.5 56.3 41.0 40.6 32.7 32.9 49.7 44.9
Qwen3-Embedding(8B) 54.9 47.1 63.2 56.2 69.2 60.4 73.6 65.4 41.6 41.3 34.6 36.0 56.2 51.1
Multimodal Encoders
CLIP-large (0.4B) 21.9 18.1 27.1 22.7 23.6 19.3 29.5 24.7 17.2 23.8 17.4 17.6 22.8 21.0
Jina-CLIP-v2 (0.9B) 30.5 25.2 36.3 30.6 37.6 31.6 46.2 39.8 25.7 25.3 22.3 23.6 33.1 29.4
MLLM-based Models
VLM2Vec (Phi-3.5-V-4.2B) 24.3 20.7 33.4 27.7 36.3 30.5 42.5 36.1 25.3 24.8 20.9 21.6 30.5 26.9
UniME (Phi3.5-V-4.2B) 41.9 36.0 42.9 36.7 52.2 46.4 50.6 43.5 34.3 33.6 27.0 27.6 41.5 37.3
VisRAG-Ret (MiniCPM-3B) 60.7 52.5 62.7 54.8 71.6 63.9 69.8 61.3 40.6 40.7 35.3 36.0 56.8 51.5
ColPali (PaliGemma-3B) 68.5 61.2 71.7 63.2 72.9 65.6 73.3 66.0 43.9 43.5 34.7 35.5 60.8 55.8
GME (Qwen2VL-2B) 69.7 61.8 72.3 64.0 79.6 70.9 78.5 70.6 46.7 46.7 37.7 38.4 64.1 58.7
ColQwen (Qwen2VL-2B) 85.9 78.7 84.0 76.3 85.3 77.7 82.8 75.8 51.8 52.3 39.4 41.1 71.5 67.0
ViDoRAG (Qwen2VL-2B) 87.2 79.9 84.6 76.7 86.7 79.3 83.8 76.8 52.9 53.7 40.4 41.9 72.6 68.1

Table 4: Retrieval performance comparison on ComDoc. Models are grouped by type and
sorted by overall Recall@3 in ascending order within each group. The best and second best
scores are in boldface and underlined.

with each cluster representing to a distinct topic. For each cluster, we generate text triplets
using Qwen2.5-7B and image captions using Qwen2.5-VL-7B, following the multi-hop
procedure. This yields a document-level dataset that distinguishes the multi-page setting
from single- and multi-hop tasks. After the clustering and filtering, 2,000 documents meet
the selection criteria, of which 1,000 are ultimately retained for dataset construction.

3.2.2 Hierarchical QA Generation

After filtering, we construct three datasets corresponding to each task. We then employ
DeepSeek-R1 to generate challenging QA pairs comprising five types: extraction and reason-
ing for single-hop tasks, decomposition reasoning, bridge, and aggregation for multi-hop
and multi-page tasks. Specifically, single-hop and multi-hop tasks operate at the page level,
while multi-page tasks are defined at the document level. For single-hop extraction, the
LLM processes text, tables, and images separately, producing answers under 20 characters
supported by evidence from a single sentence. Single-hop reasoning QA pairs emphasize
arithmetic, comparative, or summarization-based reasoning. In multi-hop and multi-page,
we enforce the following constraints: 1) Decomposition Reasoning: The reasoning chain is
structured such that each subsequent question logically depends on the answer to the previ-
ous on; 2) Bridge: Questions referencing multiple entities require identification of implicit
intermediate entities; 3) Aggregation: Answers synthesize information via summarization,
calculation, comparison, or integration; and 4) Subtype-Specific Constraints: Multimodal tasks
necessitate cross-modal reasoning at each step, while multi-page tasks require cross-page
information retrieval. Ultimately, the generation pipeline outputs a unified document paired
with diverse QA instances covering single-hop, multi-hop, and multi-page complexities.

3.3 Quality Control

LLM-as-a-Judge. To ensure benchmark quality, we employ three advanced LLMs: GPT-oss-
120B (OpenAI, 2025), Seed-oss-36B-INST (Team, 2025), and DeepSeek-V3.1 (Liu et al., 2024)
to evaluate document QA correspondence and overall quality. Each model assigns a score
on a three-point scale: 0 (Invalid), 1 (Partially Valid), and 2 (Fully Valid). We retain only
instances with an average score above 1.5 across models, filtering out approximately 40% of
pages/documents and corresponding QA pairs for each task.

Human Verification. To complement LLM-based quality control, we further perform
human verification with ten expert annotators, all holding master’s degrees. We provide
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Model

Single-Hop Multi-Hop Multi-Page
Overall

Extraction Reasoning Single-Modal Multi-Modal Single-Modal Multi-Modal

Acc ROUGEL Acc ROUGEL Acc ROUGEL Acc ROUGEL Acc ROUGEL Acc ROUGEL Acc ROUGEL

Large Language Models
LLaMA3.3-70B 67.6 61.9 32.2 33.0 24.0 16.2 22.8 13.3 17.1 18.3 24.9 14.8 31.4 26.3
Qwen2.5-72B 66.2 62.3 39.5 37.3 33.5 17.2 29.8 13.5 28.8 17.6 34.8 13.0 38.8 26.8
Qwen3-235B-A22B 67.8 62.4 41.6 40.0 38.4 25.3 37.3 22.4 33.6 26.0 40.0 25.5 43.1 33.6
DeepSeek-V3-685B 68.6 63.0 41.7 40.6 39.0 22.2 37.6 18.9 34.1 22.1 38.2 18.3 43.2 30.9
Multimodal Large Language Models
InternVL3-38B 60.7 58.9 31.3 35.5 25.1 20.3 26.0 17.9 24.9 21.0 25.2 18.4 32.2 28.7
InternVL3-78B 61.2 59.3 34.9 37.6 29.1 27.3 28.3 25.1 28.7 26.4 25.6 24.5 34.6 33.4
InternVL3.5-14B 67.4 61.2 31.6 36.3 28.8 26.1 26.9 23.8 23.4 24.3 24.7 23.3 33.8 32.5
InternVL3.5-38B 69.4 67.1 35.9 39.4 27.8 21.3 29.2 19.0 23.9 20.7 27.5 18.5 35.6 31.0
Llama4-Scout-17B-16E 50.7 39.2 17.4 14.6 14.7 9.2 14.7 6.3 11.3 8.4 13.8 7.7 20.4 14.2
Llama4-Maverick-17B-128E 73.9 69.5 36.1 36.2 31.2 17.0 29.7 13.0 26.9 17.6 30.0 14.3 38.0 27.9
Qwen2.5VL-72B 76.1 73.5 40.9 39.8 31.1 18.7 31.2 15.4 29.5 19.8 31.5 16.4 40.1 30.6
Qwen3-VL-235B-A22B 78.4 73.7 45.4 41.2 37.6 19.0 37.2 15.1 33.7 18.8 38.5 14.5 45.1 30.4

Table 5: Generation performance comparison on ComDoc. Models are grouped by type and
sorted by overall Acc in ascending order within each group. The best and second best scores
are in boldface and underlined.

unified annotation guidelines and conduct a calibration phase before formal annotation.
For each sampled instance, annotators assess the source document page, question, and
reference answer in terms of answerability, faithfulness, clarity, and document quality,
while identifying issues such as OCR errors, layout corruption, missing context, and poor
readability. Each instance is independently reviewed by two annotators, with disagreements
adjudicated by a senior annotator, and inter-annotator agreement is tracked throughout the
process. This stage functions as both a high-precision noise filter and an external audit of
the automatic scoring pipeline. It produces 5,561 human-verified QA pairs and nearly 0.1
million associated document pages within one week.

3.4 Statistics of ComDoc

Table 3 summarizes the statistical information of ComDoc. The ComDoc benchmark comprises
5.6K questions constructed from 1,755 lengthy documents spanning 6 document types,
totaling 103,877 pages. As shown in Figure 4, documents are highly diverse and lengthy,
with an average of 59 pages and a maximum of 815. Figure 3 details the question distribution.
Each of the six tasks includes over 700 QA pairs, with most questions requiring 2–3 reasoning
hops for multi-hop and multi-page tasks. Single-hop questions are evenly split between
extraction and reasoning (18% and 17.9% each), while multi-hop and multi-page questions
include aggregation (24.9%), bridge (23.8%), and decomposition (15.4%) reasoning. The
evidence spans several modalities: single-type formats including text (26.6%), tables (14.8%),
and images (28.7%), as well as composed modalities accounting for 29.8%. The average
question and answer lengths are 27 and 41 tokens, respectively. The diversity of question
types and evidence modalities reflects the breadth and challenge of our benchmark.

4 Experiments and Results

4.1 Evaluation Setup

For retrieval evaluation, we adopt distinct input modalities for text-only and multimodal
models. For text-only models, we use the MinerU toolkit (Wang et al., 2024a) to extract
text, images, and tables from document pages, with Qwen2.5-VL-7B generating captions
for images and tables. We then combine all textual content for downstream processing. For
multimodal models, we use raw-page images as input to preserve visual and spatial context,
enabling the exploitation of layout, typography, and other visual cues. For generation
evaluation, we construct evidence sets of five pages, combining golden pages and pages
retrieved by ViDoRAG (Wang et al., 2025d). We apply the same modality-specific settings
as in retrieval to evaluate the respective model types.
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(a) Retrieval Performance (b) Generation Performance

Figure 5: Fine-grained analysis for the effect of domain and evidence modality. T: Text, B:
Table, I: Image.

4.2 Baseline Models

Retrieval Models. We evaluate 16 retrieval models across four types on ComDoc. For text
encoders, we include BGE (Chen et al., 2024), GTE (Li et al., 2023), ColBERT (Khattab &
Zaharia, 2020), and E5 (Wang et al., 2024b). We also evaluate LLM-based models such as GTE
(Qwen2-7B) (Li et al., 2023), NV-Embed V2 (Lee et al., 2025), and Qwen3-Embedding (Zhang
et al., 2025b). For multimodal evaluation, we adopt CLIP (Radford et al., 2021) and Jina-CLIP
V2 (Koukounas et al., 2025). To explore the limits of multimodal understanding, we also
evaluate advanced MLLM-based models, including VLM2Vec (Jiang et al., 2025), UniME (Gu
et al., 2025), VisRAG-Ret (Yu et al., 2025), ColPali (Faysse et al., 2025), GME (Zhang et al.,
2025a), ColQwen (Faysse et al., 2025), and ViDoRAG (Wang et al., 2025d).

Generation Models. We conduct a comprehensive evaluation of 13 generation models. For
text-only models, we use the Qwen series (Yang et al., 2025), LLaMA3.3 (Grattafiori et al.,
2024), and DeepSeek-V3 (Liu et al., 2024) as upper bounds. For multimodal models, we
evaluate the InternVL family (InternVL3 (Zhu et al., 2025), InternVL3.5 (Wang et al., 2025e)),
the QwenVL series (Qwen2.5-VL (Bai et al., 2025b), Qwen3VL (Bai et al., 2025a)), and the
Llama series (Llama-4-Scout, Llama-4-Maverick).

4.3 Evaluation Metric

To evaluate page-level retrieval, we adopt Recall@3 and nDCG@3, aligning with prior
works (Jin et al., 2025; Peng et al., 2025). For the generation task, we employ a dual
evaluation strategy: we first report ROUGE-L to assess sentence-level quality, following
MMDocRAG (Dong et al., 2025b). Additionally, inspired by ViDoRAG (Macé et al., 2025),
we utilize Qwen3-32B and ChatGPT-4o (2025-12-02)1 as evaluators to assign holistic quality
scores on a 5-point scale (from 1: completely incorrect to 5: perfectly aligned). For uniformity,
all metrics are scaled to percentages. More details are provided in the Appendix.

5 Results and Analysis

5.1 Retrieval Analysis

Table 4 reports retrieval performance across various model types. Compared to prior text
encoders (e.g., GTE, E5) and multimodal encoders (e.g., CLIP, Jina-CLIP-v2), LLM and
MLLM based models achieve substantial improvements. These gains primarily result from
two factors: 1) The vast world knowledge embedded in LLMs further enhances semantic
learning and 2) Larger model capacities enable richer semantic representations. Further anal-
ysis shows that MLLM-based models consistently outperform LLM-based (OCR) models,
primarily due to their ability to jointly process textual and visual information, thus capturing
more comprehensive document representations. Notably, ColQwen and ViDoRAG achieve
state-of-the-art performance in visual document retrieval. Unlike VLM2Vec and UniME,
these models are specifically designed for this task and are trained on large-scale document
datasets, which contributes significantly to their effectiveness.

1https://azure.microsoft.com
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Takeaway 1: Leveraging rich semantics acquired from large-scale world knowledge and substantial model
capacity, LLM-based and MLLM-based retrieval models demonstrate strong performance.

5.2 Generation Analysis

In Table 5, we present generation results using different state-of-the-art LLMs and MLLMs.
As the number of model parameters increases, both InternVL-3 and InternVL3.5 show
consistent improvements in accuracy. To enable a direct comparison between the text-only
Qwen3-235B-A22B and the multimodal Qwen3-VL-235B-A22B, we convert document tables
into markdown text and describe images with descriptive captions (Generated by using
Qwen2.5-VL-7B) before feeding this unified textual input into the LLM. Notably, although
Qwen3-VL-235B-A22B achieves higher overall accuracy, Qwen3-235B-A22B attains compet-
itive performance in the multimodal setting by leveraging textualized representations of
non-text modalities. At the sentence level, we observe no substantial quality gap between
LLM and MLLM outputs. However, compared to the Intern and Qwen model families,
Llama4 generates noticeably lower-quality answers.

Takeaway 2: By incorporating textualized multimodal information, LLMs achieve performance comparable
to that of MLLMs.

5.3 Fine-Grained Analysis

Domain Effect. To analyze the impact of the six source types, we evaluate retrieval and
generation performance. As illustrated in Figure 5, Qwen3-Embedding and ViDoRAG
achieve their lowest retrieval recall (40.1% and 59.5%) on Reports. This difficulty stems
from the distinct characteristics of reports: compared to the standardized formats and
encyclopedic prose of Reviews and Wikis, reports feature dense terminology, complex
hierarchies, and multi-page visual elements requiring cross-element reasoning, thereby
complicating query-passage alignment. Furthermore, generation results for Qwen3-235B-
A22B and Qwen3-VL-235B-A22B demonstrate a contrasting trend, indicating that Review,
Report, and Wiki sources present the greatest challenges for generation tasks.

Takeaway 3: The Report source type presents significant challenges across both retrieval and generation
tasks, whereas Review and Wiki sources prove particularly difficult in generation.

Evidence Modality Effect. In Figure 5, we also present retrieval and generation results
under different modalities of evidence. On the retrieval task, we present Recall@3 scores for
Qwen3-Embedding and ViDoRAG across seven distinct modalities and their combinations.
The combined text+table+image modality proves most challenging, yielding the lowest
results of 17.9% and 56.7%, respectively. Furthermore, in comparisons between two-modal
combinations, text+image presents relatively lower difficulty than the other two pairings. In
contrast to the retrieval task, the image modality poses greater challenges than text and table
modalities in the generation task. Furthermore, combining different modalities significantly
increases the difficulty of generation, as the model must integrate cross-modal information.

Takeaway 4: In retrieval tasks, difficulty increases with the number of evidence modalities. Furthermore,
cross-modal integration poses even greater challenges for generation than for retrieval.

6 Conclusion

In this paper, we introduce ComDoc, a comprehensive multimodal DocRAG benchmark
spanning single-hop, multi-hop, and multi-page settings. ComDoc is built from 1,755 real-
world documents across four domains, covering 103,877 pages and 5,561 QA pairs, and is
constructed through a three-stage pipeline of data collection, hierarchical QA generation,
and quality control. Based on ComDoc, we conduct a systematic evaluation of representative
encoder-based, LLM-based, and MLLM-based retrieval models, as well as the generation
capabilities of state-of-the-art open-source LLMs and MLLMs. Our empirical results reveal
substantial performance disparities across model architectures, task complexities, and
domains, underscoring the unique challenges inherent in multimodal DocRAG.
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Appendix Overview

The appendix includes the following sections:

• Appendix A: We present the experimental setup and outline the retrieval and generation
processes.

• Appendix B: We provide case studies for each task type, encompassing single-hop tasks
(extraction and reasoning) as well as both single-modality and multi-modality scenarios
for multi-hop and multi-page tasks.

• Appendix C: We provide some prompts used in the benchmark construction pipeline,
including four prompts for data collection, hierarchical QA generation, quality control,
and final evaluation.

• Appendix D: We review the license agreements for ComDoc and all artifacts used in its
construction.

A Experiment Setup

A.1 Retrieval Experiment

We evaluate 16 state-of-the-art retrieval models on 8 NVIDIA A800 GPUs. Processing times
for the evaluation dataset vary significantly across models, providing insights into their
practical deployment feasibility. Optimized models such as E5, GTE, and BGE process the
dataset in as little as 10 seconds, while more computationally intensive models like GME
and VisRAG require 5 hours and 3 hours, respectively.

A.2 Generation Experiment

During the generation stage, the retrieved context is input to an LLM to produce the final
output. The hardware selection for this stage depends on the size of the generative model.
Most models run on an NVIDIA L20 GPU, while larger models, such as those with 72
billion parameters, utilize the NVIDIA A800 GPU to ensure efficient inference. For the
largest models in our study (e.g., Deepseek-V3), we employ commercial APIs 2 due to their
scale and the high cost of local deployment. Generation times vary by model architecture:
text-only LLMs require approximately 7 hours per experimental run, whereas other models
typically complete this stage within 4 to 5 hours.

B Case Study

Examples of ComDoc across different task types are shown in Figure 6 (single-hop extraction),
Figure 7 (single-hop reasoning), Figure 8 (multi-hop single-modal), Figure 9 (multi-hop
multi-modal), Figure 10 (multi-page single-modal), and Figure 11 (multi-page multi-modal).

C Prompts Used in Pipeline

Data Collection. As described in Section 3.1, we employ Qwen2.5-VL-7B to summarize the
first page of each document for initial filtering, using the prompt shown in Figure 12.

Hierarchical QA Generation. Following the procedure in Section 3.1, we first use Qwen2.5-
7B to generate triplets with the prompt in Figure 13, and ChatGPT-4o (2025-12-02) to
produce image captions with the prompt in Figure 14. For the multi-page multimodal task,
we then apply the prompt in Figure 15 and use DeepSeek-R1 to generate QA pairs, with the
corresponding prompt shown in Figure 16.

Quality Control. As described in Section 3.3, we employ a voting mechanism with GPT-
oss-120B (OpenAI, 2025), Seed-oss-36B-INST (Team, 2025), and DeepSeek-V3.1 (Liu et al.,

2https://azure.microsoft.com
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Question:
What technology does Bell Fibe Internet use for FTTP connections?

Reasoning Chain:
None

Answer: 
Fibre optic

Evidence Types: 
Text

Reference Pages:
32

Json Format:
{
        "uid": "tat_340",
        "query": "What technology does Bell Fibe Internet use for FTTP 
connections?",
        "reference_answer": "fibre optic",
        "meta_info": {
            "file_name": "bce-inc_2019",
            "reference_page": [
                32
            ],
            "source_type": "tat",
            "evidence_type": [
                "text"
            ]
        }
}

Page: 32

Figure 6: This example shows a typical Single-Hop Extraction task.

Answer: 
Combined percentage is 5%, 6% lower than Australia

Evidence Types: 
Image

Reference Pages:
2

Json Format:
{
        "uid": "tat_894",
                    

        
                

"query": "What is the combined sales percentage of the Far East and 

        "meta_info": 
Australia"

"reference_answer": "Combined percentage is 5%, 6% lower than
,

{
            "file_name": "cubic-corp_2019",
            "reference_page": [
                2
            ],
            "source_type": "tat",
            "evidence_type": [
                "image"
            ]
        },
        "reasoning_chain": [
            "Step 1: Calculate the combined percentage for the Far East and the 
Middle East: 3% + 2% = 5%",      
            "Step 2: Identify the sales percentage for Australia: 11%",
            "Step 3: Calculate the difference: 11% - 5% = 6%"
        ]
}Page: 2

                   

 
Step 1: Calculate the combined percentage for the Far East and the Middle East: 3% + 2% = 5

Question:
What is the combined sales percentage of the Far East and Middle East for Cubic in 2019, and how does it compare to Australia?

Reasoning Chain:
%

Step 2: Identify the sales percentage for Australia: 11%"
Step 3: Calculate the difference: 11% - 5% = 6%

Middle East for Cubic in 2019, and how does it compare to Australia?

Figure 7: This example shows a typical Single-Hop Reasoning task.

2024) to filter samples. Evaluation templates are provided in Figure 17 for multi-hop and
multi-page tasks.

LLM-as-a-Judge Evaluation. Figure 18 presents the prompt used by Qwen3-32B and
ChatGPT-4o (2025-12-02) to assign holistic generation scores on a 5-point scale.
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Answer: 
In 2018, Caterpillar Inc.'s total shareholder return per share was 
$13.62, consisting of $10.26 earnings per share plus $3.36 dividends 
per share.

Evidence Types: 
Images

Reference Pages:
6

Json Format:
{
        "uid": "fin_1540",
        "query": "What was the total shareholder return combination (dividends 
per share plus earnings per share) for Caterpillar Inc. in 2018?",
        "reference_answer": "In 2018, Caterpillar Inc.'s total shareholder return per 
share was $13.62, consisting of $10.26 earnings per share plus $3.36 dividends 
per share.",
        "meta_info": {
            "file_name": "CAT_2018",
            "reference_page": [
                6
            ],
            "source_type": "fin",
            "query_type": "image_aggregation"
        },
        "evidence_type": [
            "image",
            "image"
         ],
        "reasoning_chain": [.............]
}

Page: 6

Question:
What was the total shareholder return combination (dividends per share plus earnings per share) for Caterpillar Inc. in 2018?

Reasoning Chain:
Step1 
Q: Retrieve the Earnings Per Share (EPS) for 2018 from the Profit/Loss Per Share image.
A: The Profit(Loss) Per Share image shows 2018 Earnings Per Share (EPS) of $10.26.
Step2
Q: Retrieve the Dividends Per Share for 2018 from the Dividends Declared image.
A: The Dividends Declared image shows 2018 Dividends Declared Per Share of $3.36.
Step3
Q:Calculate the Total Shareholder Return Per Share for 2018.
A: The Total Shareholder Return Per Share for 2018 is $10.26 + $3.36 = $13.62.

Figure 8: This example shows a typical Multi-Hop Single-Modal task.

D License Agreement

ComDoc is constructed from 8 open-source large-scale datasets: SlideVQA (Tanaka et al.,
2023), FinanceBench (Islam et al., 2023), UDA (Hui et al., 2024), ArxivCap (Li et al., 2024),
M2QA (Engländer et al., 2024), FeTaTab (Nan et al., 2021), NqText (Hui et al., 2024), and
MINT-1T (Awadalla et al., 2024). All source datasets are released under the Apache License
2.0, which permits use, reproduction, and distribution for research purposes, subject to
its terms. All new annotations (e.g., question-answer pairs, evidence annotations, and
reasoning hops) introduced in this work are publicly available for research use only, and
may be used, modified, and shared for academic and non-commercial research activities.
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Question:
What is the difference, in US dollars, between the nominal gold price per gram in April 2025 and the inflation-adjusted peak price 
per ounce in 1980?

Reasoning Chain:
Step1 
Q: Retrieve the Nominal Gold Price per Gram in April 2025 from the text.
A: $106 per gram
Step2
Q:Retrieve the Inflation-Adjusted Peak Price per Ounce in 1980 from the image.
A: The image caption mentions that the inflation-adjusted peak price in 1980 is approximately $3,680 per troy ounce.
Step3
Q: Perform unit conversion and calculate the price difference
A: $3,680 per troy ounce ≈ $118.3 per gram; difference: $12.3 per gram

Page: 14

Answer: 
In April 2025, the nominal gold price stands at $106 per 
gram, while the inflation-adjusted peak from 1980 equates 
to approximately $118.3 per gram (from $3,680 per troy 
ounce). The difference of $12.3 per gram indicates that 
current prices remain below the historical inflation-adjusted 
peak.

Evidence Types: 
Text, Image

Reference Pages:
14

Json Format:
{
        "uid": "M2QA_Bench_1000",
        "query": "What is the difference, in US dollars, between the nominal gold price 
per gram in April 2025 and the inflation-adjusted peak price per ounce in 1980?",
        "reference_answer": "In April 2025, the nominal gold price stands at $106 per 
gram, while the inflation-adjusted peak from 1980 equates to approximately $118.3 
per gram (from $3,680 per troy ounce). The difference of $12.3 per gram indicates 
that current prices remain below the historical inflation-adjusted peak.",
        "meta_info": {
            "file_name": "Gold",
            "reference_page": [
                14
            ],
            "source_type": "M2QA_Bench",
            "query_type": "aggregation"
        },
        "evidence_type": [
            "image",
            "text",
        ],
        "reasoning_chain": [.............]    
    }

Figure 9: This example shows a typical Multi-Hop Multi-Modal task.
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Page: 7

Page: 9

Page: 4

Question:
What was the jersey number worn by the player who became teammates with Kyrie Irving 
after reaching 20,000 career points?

Reasoning Chain:
Step1 
Q: Identify the player who became the youngest to reach 20,000 career points in the NBA
A: LeBron James
Step2
Q: Find the team LeBron James was with when he became teammates with Kyrie Irving.
A: The images show James protecting the ball from Kyrie Irving in October 2017; the title 
indicates that they served together for three seasons in Cleveland
Step3
Q: Identify the jersey number LeBron James wore while playing for the Cleveland Cavaliers.
A: The images show James wearing the number 23 during his time with the Cleveland 
Cavaliers in 2007.

Answer: 
23

Evidence Types: 
Images

Reference Pages:
7, 9, 4

Json Format:
{
        "uid": "M2QA_Bench_565",
        "query": "What was the jersey number worn by the player who became teammates with Kyrie 
Irving after reaching 20,000 career points?",
        "reference_answer": "LeBron James reached 20,000 career points in 2013 and later became 
teammates with Kyrie Irving on the Cleveland Cavaliers, wearing jersey number 23.",
        "meta_info": {
            "file_name": "LeBron_James",
            "reference_page": [
                9,
                4,
                7
            ],
            "source_type": "M2QA_Bench",
            "query_type": "image_sequential_reasoning"
        },
        "evidence_type": [
            "image",
            "image",
            "image"
        ],
        "reasoning_chain": [.............]
    }

Figure 10: This example shows a typical Multi-Page Single-Modal task.
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Question:
What was JPMorgan Chase's Return on Equity (ROE) in 2004, and how does this metric relate to 
the company's overall operating environment at the time?

Reasoning Chain:
Step1 
Q: Extract the 2004 Return on Equity (ROE) data.
A:17%
Step2
Q: Collect key macroeconomic indicators for 2004.
A: U.S. GDP grew by 4.4%, the S&P 500 rose 9%, and the Federal Funds Rate increased from 1% 
to 2.25%.
Step3
Q: Extract credit‑rating evidence to substantiate financial health.
A: Parent company long-term debt rating Aa3/A+

   Step4
   Q: Analyze the contribution of investment banking performance to    

Return on Equity (ROE).
    A: Improved M&A ranking (No. 1 in the U.S., No. 2 globally) and 

enhanced equity underwriting ranking underpinned (or 
supported) the ROE performance.

  Answer: 
    In 2004, JPMorgan Chase achieved a return on equity (ROE) of                         
    17%. This metric was closely tied to the company's operating 
    environment: 1) Macroeconomic conditions were favorable, with 
    U.S. GDP growing by 4.4% and the S&P 500 index rising 9%; 2) At      
    the business level, its investment banking operations excelled  
    (ranking 1st in U.S. M&A, 2nd globally, and climbing to 4th in IPO
    underwriting); 3) Financially, the firm's Aa3/A+ credit ratings
    reflected robust health. These factors collectively supported the
    17% ROE performance.

  Evidence Types: 
    Texts, Table

  Reference Pages:
    32, 22, 58, 33

  Json Format:
    {
        "uid": "fin_894",
        "query": ".............",
        "reference_answer": ".............",
        "meta_info": {
            "file_name": "JPM_2004",
            "reference_page": [32, 22, 58, 33],
            "source_type": "M2QA_Bench",
            "query_type": "image_sequential_reasoning"
        },
        "evidence_type": [
            "text", "text", "table", "text",
        ],
        "reasoning_chain": [.............] }

Page: 32

Page: 22

Page: 58

Page: 33

Figure 11: This example shows a typical Multi-Page Multi-Modal task.
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# System Prompt:
You are an efficient document analysis assis-
tant.

Your task is to quickly extract the core information from
the document, with special attention to entities and key
concepts in the title, as well as document type and aca-
demic domain classification.

Strictly analyze the document and output the following 6
core elements (in English). Pay special attention to entities
and concepts mentioned in the title:
1. Core Theme (1 sentence):

- Summarize the main content of the entire document
in one precise sentence.

- Example: "Discusses deep learning model compres-
sion techniques for mobile AI deployments."

2. Key Entities (3-5):
- List most important entities (people, organizations,

locations, events) in order of importance.
- Key: Prioritize entities mentioned in the document

title.
- Example: ["ResNet architecture", "TensorFlow Lite",

"Stanford University"]

3. Main Purpose (1 sentence):
- Summarize the main objective or motivation.
- Example: "Proposes a lightweight neural network

pruning scheme."

4. Key Concepts (3-5 keywords):
- Extract essential technical or academic concepts.
- Key: Prioritize concepts mentioned in the document

title.
- Example: ["Model pruning", "Knowledge distilla-

tion", "Computational efficiency"]

5. Document Type (1 category):
- Classify based on content/structure. Choose ONLY

one:
- Options: Research Paper, Economic Document, Pre-

sentation Slides, Promotional Poster, News Article,
Wikipedia Document, User Manual, Other.

- Example: "Research Paper"

6. Domain (1 category):
- Identify main academic/technical domain. Choose

ONLY one:
- Options: Science, Art & Design, Health & Medicine,

Tech & Engineering, Business, Humanities & Social
Sci., Other.

- Example: "Tech & Engineering"

Output Requirements:
• Strictly output in JSON format, no explanatory text.
• Special attention: Extract entities/concepts from title.
• Document type and domain must be a single, specific

category.
• Ensure content is concise and accurate.
• If undetermined, use empty array [] or string "".

Input format:
Image: IMAGE

Output Format (JSON only, no text):

{
"core_themes": "",
"key_entities": [],
"document_purpose": "",
"key_concepts": [],
"document_type": "",
"domains": ""

}

Figure 12: Prompt template for efficiently summarizing document topic and domain.
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# System Prompt:
You are a relation extraction expert, special-
ized in extracting relation triplets for building
multi-hop question answering datasets.

Please extract relation information from the given text
that can support reasoning chains.

Entity Type Restrictions (only extract these types):
1. Organization: companies, institutions, governments,

schools, etc.
2. Person: names, positions, roles, etc.
3. Location: countries, cities, regions, addresses, etc.
4. Time: years, dates, periods, eras, etc.
5. Product: product names, technologies, services, etc.
6. Event: meetings, activities, incidents, achievements,

etc.
7. Concept: policies, theories, methods, technologies, etc.

Multi-hop Reasoning Supported Relation Types (prior-
ity):
1. Causal Reasoning (Most Important):

- Keywords: cause, lead to, result in, because, due to,
etc.

- Example: A causes B → (A, causes, B)
2. Hierarchical Inclusion (Important):

- Keywords: contain, belong to, part of, manage, lead,
etc.

- Example: A contains B → (A, contains, B)
3. Temporal Sequence (Important):

- Keywords: before, after, during, start at, occur at,
etc.

- Example: A occurs before B → (A, occurs before, B)
4. Spatial Location (Medium):

- Keywords: located at, in, from, adjacent to, near, etc.
- Example: A is located at B → (A, is located at, B)

5. Attribute State (Medium):
- Keywords: be, become, serve as, have, similar to,

etc.
- Example: A is B → (A, is, B)

6. Action Interaction (Basic):
- Keywords: create, buy, visit, cooperate, support, etc.
- Example: A creates B → (A, creates, B)

Strict Restriction Conditions:
1. Entity Quality: Specific/clear (no pronouns); Length

≤ 20 chars; Unique/consistent; Type matching.
2. Relation Quality: Explicit (no speculation); Clear di-

rection (A→B); Support reasoning; Standardized vo-
cabulary.

3. Triplet Quantity: Min 3, Max 15. Prefer fewer high-
quality.

4. Reasoning Chain: Min 2 hops, Max 5 hops. Com-
plete/verifiable.

5. Forbidden Relations: Abstract ("related to"), Subjec-
tive ("good"), Distant/vague time, Missing entities.

Cross-paragraph Reasoning Requirements:
1. Multi-paragraph coverage: Chain involves ≥ 2 para-

graphs.
2. Paragraph distribution: Triplets distributed across

paragraphs.
3. Connection: Prioritize relations connecting different

paragraphs.
4. Diversity: More paragraphs involved = better.
5. Strict uniqueness: Every step in a chain must have a

different paragraph id.

Reasoning Chain Extraction Rules:
1. Identification: Identify sequences forming reasoning

paths.
2. Numbering: Unique chain_id (chain_1, chain_2...).
3. Lists: List entities and relations in reasoning order.
4. Path: Use arrows (→) to represent complete paths.
5. Hops: hops = number of relations (starts from 1).
6. Description: Briefly describe logical meaning.
7. Paragraph ID Uniqueness: All steps must use differ-

ent paragraph ids.

Extraction Strategy:
1. Prioritize causal/hierarchical relations.
2. Focus on entity repetition (key to multi-hop).
3. Ensure relation completeness for reasoning.
4. Avoid redundancy (extract triplet only once).
5. Emphasize reasoning potential (connects multiple en-

tities).

Quality Checklist (Check before output):
• Entities specific/clear; Length ≤ 20 chars.
• Relation vocabulary standardized; No duplicates.
• Triplet count 3-15; All have correct paragraph #.
• Forms ≥ 2-hop chains; Hops calc correct.
• Chain count 1-3; Involves ≥ 2 paragraphs (coverage ≥

2).
• Strict: No duplicate paragraph ids in a single chain.

Important Notes:
• Only extract explicitly existing relations.
• Return empty string if no multi-hop support found.
• Ensure paragraph numbering matches text order

(starts from 1).
• Priority: Cross-paragraph multi-hop chains.
• Forbidden: Two steps in same chain using same para-

graph id.

Input format::
Text: TEXT

Output Format (Strict JSON, no analysis):

{
"triplets": [
{
"subject": "subject", "relation": "relation",
"object": "object", "paragraph": "para_num",
"page_idx": "page_index"

}
],
"reasoning_chains": [
{
"chain_id": "chain_1",
"entities": ["ent1", "ent2", "ent3"],
"relations": ["rel1", "rel2"],
"path": "ent1 -> rel1 -> ent2 -> ...",
"hops": 2,
"paragraphs": [1, 2],
"page_idxs": [1, 2],
"paragraph_coverage": 2,
"description": "Brief description..."

}
]

}

Figure 13: Prompt template for triplets extraction.
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# System Prompt:
Please perform the image content extrac-
tion task:

Type determination
- If there are visual elements such as axes/legends/data
labels → classify as "Chart"
- If the main subject is a natural scene/person/object →
classify as "Ordinary Image"

Classification description framework
A. Ordinary Image
1. Scene positioning:
- Environment type (indoor/outdoor/natural environ-
ment/cityscape)
- Geographical clues (landform features/architectural
style/vegetation type)
- Time indication (lighting angle/shadow length/sea-
sonal features)

2. Subject analysis:
- Core object recognition (person/animal/object)
- Physical characteristics (color/shape/size/quantity)
- Dynamic description (action/posture/interaction)
- If portrait: estimate attributes (age/gender/occupa-
tion clues)

3. Detail elements:
- Text content (extract all visible text and mark location)
- Artificial elements (brand logos/device models/art-
works)
- Natural elements (weather phenomena/flora and
fauna/geological features)
- Visual characteristics (color tone/lighting effect/com-
position technique)

4. Context integration:
- Event inference (ongoing activity)
- Atmosphere conveyance (emotional tone/environ-
mental atmosphere)
- Abnormal elements (objects inconsistent with the
scene)

B. Chart
1. Metadata recognition:
- Chart type (bar chart/line chart/pie chart/heatmap,
etc.)
- Axis definition (X/Y axis labels and units)
- Legend explanation (color/shape encoding rules)
- Data source (title/footnote annotation)

2. Data analysis:
- Key values (maximum/minimum/average)
- Data trends (increase/decrease/fluctuation/stability)
- Comparative relationships (category differences/time
changes/proportion distribution)
- Outliers (outliers/data gaps/special marks)

3. Information integration:
- Core conclusion (main information conveyed by the
chart)
- Business meaning (real-world significance of the data)
- Visualization evaluation (clarity of labels/data density)

Output specification
- Mark the type in the first line: [Ordinary Image] or
[Chart]
- Ordinary images should be described in the logic of
"scene→subject→details→context"
- Charts should follow the process of "metadata→data
analysis→information integration"
- Text content must mark the location (e.g., "top right
title")
- Use "possibly"/"seems"/"inferred" for ambiguous
content
- Use accurate technical terms (e.g., "the line chart
shows month-on-month growth")

Input format:
Image: IMAGE

Example output
[Ordinary Image]
In a tropical rainforest environment, three macaws
perch on palm branches. The main subjects are large
parrots with red, blue, and yellow feathers, two of
which are pecking at coconut fruits. The background
shows dense ferns and waterfall mist, with a sign read-
ing "Amazon Reserve" in the upper left corner. Sunlight
filters through the canopy, creating a Tyndall effect,
presenting a high-humidity ecological environment.

[Chart]
Dual-axis line chart, X-axis is January-December 2023,
main Y-axis is sales (ten thousand USD), secondary
Y-axis is market share (%). The blue line shows stable
sales in Q1 (average $1.2M), a peak of $1.85M in Q2
(+54%), and a drop to $0.9M in Q4; the red line shows
market share stable at 12%-15%. This reflects dramatic
sales fluctuations but stable market position, with
August data missing and marked as "audit adjustment".

Figure 14: Prompt template for image captioning.
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# System Prompt:
You are a multimodal reasoning and
dataset construction expert.

You will receive text triplets, image content descriptions,
table information, and paragraph original text. Your
task is to evaluate whether this content can construct
high-quality multimodal multi-hop reasoning chains
with cross-page requirements.

# Understand Multimodal Cross-Page Requirements
- Critical Principle 1: Reasoning chain must involve at
least two different modalities (text/table/image)
- Critical Principle 2: Reasoning chain must involve at
least two different pages (cross-page requirement)
- Minimum Steps: Chain must contain at least 2
reasoning steps
- Modality Diversity: Each step should use different
modalities where possible
- Page Diversity: Each step should involve different
pages where possible

# Scoring Criteria
Evaluate quality based on the following scoring criteria:
- 0: Completely unsuitable, single modality or single
page only
- 1: Mostly unsuitable, severe modality or page
limitations
- 2: Partially suitable but with significant gaps in
cross-modal/cross-page integration
- 3: Moderately suitable but lacks full cross-modal/cross-
page reasoning
- 4: Largely suitable with good multimodal cross-page
reasoning potential
- 5: Perfectly suitable, excellent multimodal and
cross-page integration

# Scoring Aspects
Evaluate each aspect independently and objectively:
- 1. Modality Diversity: Number and variety of
different modalities involved (text/table/image)
- 2. Cross-Page Connectivity: Degree of logical
relationships and connections across different pages
- 3. Reasoning Chain Complexity: Length and
complexity of reasoning chains (minimum 2 steps)
- 4. Entity Connectivity: Coherence and logical
connections between entities across modalities and
pages
- 5. Content Completeness: Availability and traceability
of original content across modalities and pages

# Input format:
Text Triplet: TEXT TRIPLET Table: TABLE
Image Captioning: IMAGE CAPTIONING Text:
TEXT

# Output format
Output only a JSON object with the following structure:

{{
"quality": "high", // or "low"
"reason": "Brief explanation of the rating",
"reasoning_chain": [
// Reasoning chain steps, empty list if low

],
"source_content": {{
// Empty dictionary if low
"paragraphs": [
// ...

],
"tables": [
// ...

],
"images": [
// ...

]
}},
"available_ids": {{
"paragraphs": [
{{"page_idx": "1", "paragraph_idx": "1"}}
// ...

],
"tables": [
{{"page_idx": "2", "table_id": "T1"}}
// ...

],
"images": [
{{"page_idx": "3", "image_id": "I1"}}
// ...

]
}}

}}

Figure 15: Prompt template for Multi-Page Multi-Modal reasoning chain assessment.
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# System Prompt:
You are a multimodal recursive retrieval
QA generation expert.

You will receive cross-page multimodal content (text,
images, tables) and extracted triplet relationships. Your
task is to construct systematic cross-page multimodal
sequential reasoning retrieval Q&A, with strict entity
endpoint connection.

# Understand Cross-page Multimodal Recursive
Requirements
- Entity-Based Recursion: Each retrieval step must
use the previous step’s entity_link as the core retrieval
target
- Entity Endpoint Connection: Each step’s entity_link
must exactly string-match the core entity in the next
step’s retrieval query
- Entity_link Source Constraint: Each step’s entity_link
must come from the entity in the current step’s answer
field, not from the search field
- Cross-modal recursion: Steps can switch between
text, images, and tables, and must clearly indicate the
modality used
- Recursive Depth: 2-5 layers of recursion, information
gradually deepening
- Completeness: Ensure the recursion chain can fully
answer complex questions
- Modality Diversity Constraint (STRICT): Reasoning
chain must involve at least two different modalities
- Multi Page Constraint (STRICT): Reasoning chain
must involve at least two different pages

# Scoring Criteria
Evaluate multimodal recursive QA quality based on:
- 0: Completely invalid, violates core multimodal
requirements
- 1: Mostly invalid, severe issues with entity chain or
modality diversity
- 2: Partially valid but with noticeable multimodal
integration flaws
- 3: Moderately valid but contains minor modality/rea-
soning issues
- 4: Largely valid with only minor multimodal integra-
tion problems
- 5: Perfectly valid, excellent cross-modal reasoning and
entity chain continuity

# Scoring Aspects
- Entity Chain Continuity: Must exhibit strict ‘en-
tity_link‘ progression between steps. The previous
step’s ‘entity_link‘ must exactly string-match the core
entity/main target of the next step’s retrieval query.
- Modality Diversity (STRICT): Reasoning chain must
involve at least two different modalities
- Cross-Source Diversity: Each step must use a different
‘page_idx‘ or ‘paragraph_idx‘
- Evidence Integration and Support: The answer
must integrate information from multiple modalities
(Multimodal dependency) and the final step must
comprehensively analyze all collected data. Each
bridge relationship must have clear evidence support.
Previous steps must fully collect all relevant data.

- Reasoning Complexity and Information Gain: Must
involve multi-step recursive reasoning with a goal of
information gain in each step. The final answer must
integrate multi-step information
- Question Clarity and Specificity:Question must use
specific, clear entity names. Do not mention the specific
format or location of the information source. Question
must be self-contained and not rely on previous text or
external knowledge.

# Input format:
Image: IMAGE Text: TEXT
Table: TABLE

# Output Format:
Output only QA pairs in the specified JSON object for-
mat:

{
"qa_pairs": [

{
"question": "Complex question",
"reasoning_path": {
"expected_hops": 2-5,
"information_targets": ["Target 1", "..."],
"path_complexity": ""

},
"reasoning_chain": [
{
"step": 1,

"search": "Initial query targeting core entity",
"retrieval_focus": "Retrieval target",
"modality": "text/image/table",
"answer": "Specific answer",
"evidence": "Supporting content",
"confidence": 0.0-1.0,
"extracted_entities": ["Key entities"],

"entity_link": "Next step retrieval entity",
"reasoning_logic": "",
"metadata": {
"document_name": "Document name",
"page_idx": "Page number",

"paragraph_idx": "Paragraph/table/image number"
}

}
//Adding retrieval steps if needed
],
"final_answer": "Complete comprehensive answer",
"reasoning_type":
"Cross-page Multimodal Recursive Retrieval",
"page_ids": [List of page_idx used by each step],
"modality": [List of modality used by each step]

}
]
}

Figure 16: Prompt template for Multi-Page Multi-Modal task QA pairs generation.
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You are a quality assessment expert for multi-hop
question-answering sequential reasoning chain (Sequen-
tial Reasoning/bridge/aggregation) datasets. Please
strictly follow the following standards to evaluate each
group of sequential reasoning chain Q&A for type judg-
ment and correction, as well as chain quality review, and
output detailed assessment opinions and pass/fail con-
clusions.

# For Sequential QA pairs
Step 1: Type Judgment and Correction
Please judge which type the Q&A sample belongs to and
correct if errors exist:
• Sequential Reasoning Chain: Each step’s retrieval tar-

get depends on the answer from the previous step. The
main question cannot directly decompose all retrieval
targets. Must advance through step-by-step retrieval.
Suitable for tracking single entity/information.

• Bridge Chain: Contains bridge entities connecting two
or more explicit entities. Answer depends on bridge
relationships. Suitable for implicit entity connections.

• Aggregation Chain: Multiple steps retrieve fragments;
final step summarizes/compares/counts. Suitable for
integrating multi-source information.

• Correction Rule: If type is incorrect, modify to the cor-
rect type and output the corrected reasoning chain.

Step 2: Sequential Reasoning Chain Quality Review
1. Question Standardization

• Single main question (no listing of sub-questions).
• Explicit entities only (no pronouns like "that coun-

try", "he/she").
• Self-consistent and complete without context.

2. Reasoning Chain Compliance
• entity_link must strictly appear in next step’s

query and come from current step’s answer.
• entity_link cannot come from search field.
• Length: 2-5 steps. Progressive information, no skip-

ping/breaks.
• Exact string matching for entity_link.

3. Answer Reasonableness
• Comprehensive result of multi-step reasoning (not

from single step).
• Consistent with chain content; no external info.

4. Error Case Detection
• entity_link missing in next query / not from answer

/ from search.
• Vague references / Non-compliant step count.

# For Bridge QA pairs
Step 1: Type Judgment and Correction
Please judge type according to definitions and correct if
errors exist:
• Sequential Reasoning Chain: ......
• Bridge Chain: There are bridge entities in the reason-

ing chain that connect two or more explicit entities, and
the answer depends on bridge relationships. Suitable
for reasoning that requires establishing connections
between entities through implicit entities.

• Aggregation Chain: ......
• If type incorrect, modify and output corrected chain.
• If chain has problems (non-compliant, entity inequiva-

lence), correct it.

Step 2: Bridge Chain Quality Review
1. Question Standardization

• Explicit entities only (no pronouns/vague expres-
sions).

• Self-consistent and complete without context.
2. Reasoning Chain Compliance

• Must have bridge entities connecting multiple steps.
• Length: 2-5 steps, progressive, no breaks.
• Bridge relationships must have clear evidence sup-

port.
3. Answer Reasonableness

• Depends on bridge entity reasoning (not from single
step).

• Consistent with chain content; no external info.
4. Error Case Detection

• Missing bridge entities / Evidence lack support.
• Vague references / Non-compliant step count.

# For Aggregation QA pairs
Step 1: Type Judgment and Correction
Please judge type according to definitions and correct if
errors exist:
• Sequential Reasoning Chain: ......
• Bridge Chain: ......
• Aggregation Chain: Multiple steps respectively re-

trieve information fragments, and the final step sum-
marizes, compares, counts, or concludes to form a com-
prehensive answer. Suitable for reasoning that requires
integrating multi-source information to reach conclu-
sions.

• If type incorrect, modify and output corrected chain.
• If chain has problems, correct it.

Step 2: Aggregation Chain Quality Review
1. Question Standardization

• Explicit entities only; self-consistent and complete.
2. Reasoning Chain Compliance

• Steps retrieve independent fragments.
• Final step: clear summarization/comparison/count-

ing.
• Length: 2-5 steps. Conclusions based on all previous

results.
3. Answer Reasonableness

• Comprehensive summarization result.
• Consistent with chain content.

4. Error Case Detection
• Missing conclusions / Conclusions unrelated to re-

sults.
• Vague references / Non-compliant step count.

# Input format
Original data: ORIGINAL DATA
Generated retrieval QA: GENERATED QA

# Output format (Strictly JSON):

{
"type_judgement": {

"original_type": "Sequential Reasoning Chain...",
"correct_type": "Sequential Reasoning Chain...",
"correct_reasoning_chain": [...],

"correct_final_answer": "Answer from correct chain",
"reason": "Reason for type judgment and correction"

},
"chain_quality": {

"pass": true/false,
"problems": ["Problem description 1"...],

"suggestion": "If not passed, how to modify/improve"
}
}

Figure 17: Prompt template for Multi-Hop and Multi-Page QA pairs quality assessment.
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# System Prompt:
You are an expert evaluation system for a
question answering chatbot.

You are given the following information:
• A user query and reference answer
• A generated answer

Your task is to judge the relevance and correctness of the
generated answer. You may also be given a reference
answer to use for reference in your evaluation.

Your job is to judge the relevance and correctness:
• Output a single score that represents a holistic evalua-

tion.
• You must return your response in a line with only the

score.
• Do not return answers in any other format.
• On a separate line provide your reasoning for the score

as well.

Follow these guidelines for scoring:
• Your score has to be between 1 and 5 (1 = worst, 5 =

best).
• Score 1: If the generated answer is not relevant to the

user query.
• Score 2-3: If the generated answer is relevant but con-

tains mistakes.
• Score 4-5: If the generated answer is relevant and fully

correct.

# Input format:
User Query: QUERY
Reference Answer: REFERENCE ANSWER

# Output format: The generated answer has the exact
same metrics as the reference answer, but it is not as con-
cise.
Score: SCORE

Figure 18: Prompt template for GPT-4o for answer evaluation.
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