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1. Motivation

v Why is multimodal document QA hard?

• Evidence is scattered across many pages

• Information appears in text, tables, charts, 
and layout

• Reading the whole document is noisy and   
expensive

• So the key is: retrieve the right pages before 
reasoning
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2. MDocAgent: Why multi-agent?

• A single pass often misses cross-modal evidence

• Documents contain both textual and visual clues

• Different subtasks require different reasoning roles

• So MDocAgent decomposes the process into multiple specialized agents



2. MDocAgent

MDocAgent: Multi-agent RAG for long document understanding



2. MDocAgent

Qualitative example



Experimental Setup

• 5 benchmarks: MMLongBench, LongDocURL, PaperTab, PaperText, FetaTab

• 5-agent framework: general / critical / text / image / summarizing

• Models: Llama-3.1-8B-Instruct (text agent), Qwen2-VL-7B-Instruct (other agents)

• Retrieval: ColBERTv2 for text, ColPali for image

• Settings: top-1 and top-4 retrieval

• Evaluation: GPT-4o judge, average accuracy



QA performance

=> MDocAgent improves average accuracy by 12.1% over prior SOTA through five specialized agents.
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3. SimpleDoc: Why simplify the pipeline?

• Multi-agent systems are powerful but complex

• Initial retrieval is often noisy

• We need a lightweight way to select better pages

• So SimpleDoc uses dual-cue retrieval + iterative refinement



3. SimpleDoc

Offline page summaries + dual-cue retrieval + iterative reasoning



3. SimpleDoc

Iterative retrieval

if the first retrieval is insufficient
=> the model refines the query   
and retrieves again



Experimental Setup

Dataset:

Baseline: M3DocRAG, MDocAgent

Visual retrieval backbone: ColQwen-2.5

• MMLongBench: 1,073 queries/135 docs, 47.5 pages/doc
• LongDocURL: 33,000 pages, 2,325 queries.
• PaperTab: 393 queries / 307 paper.
• FetaTab: 1,023 queries / 878 document/table.

VLM generation: Qwen2.5-VL-32B-Instruct

Evaluate QA: GPT-4.1



Retrieval performance

Þ summary-based re-ranking improves retrieval.    
precision while keeping the number of read pages low.

=> Better evidence selection leads to better answer quality.



Generate performance

=> SimpleDoc achieves the best average accuracy with only ~3.5 pages per question



Generate performance

=> SimpleDoc remains competitive even with smaller models.



Generate performance



v Same task, different design philosophy

Retrieval Evidence Reasoning AnswerQuery

MDocAgent

• multi-agent collaboration

• separate text/image reasoning roles

• stronger modularity, higher complexity

SimpleDoc

• one reasoner + dual-cue retriever

• summary-based reranking

• lighter pipeline, fewer pages read



Discussion and Conclusion

• Long document QA is mainly a retrieval problem before it is a generation 
problem

• MDocAgent improves reasoning by decomposing roles across agents

• SimpleDoc improves efficiency by making retrieval more selective and 
iterative

• The key trade-off is not accuracy alone, but reasoning structure versus 
system simplicity.



Thank you
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