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ABSTRACT

General-purpose AI document assistants (e.g., NotebookLM) in-

creasingly play an important role and are widely adopted across

diverse domains. However, they consistently struggle on compli-

cated multimodal documents such as �nancial reports and scienti�c

papers, where hierarchical structures, complex layouts, and inter-

leaved visual elements carry essential semantics. A key reason is

that these assistants lack native multimodal data management capa-

bilities: they typically linearize documents into �at text chunks or

page images, discarding the logical hierarchy and cross-modal con-

text that are critical for faithful evidence retrieval and reasoning. To

address these limitations, we present MoDora, an interactive, tree-

structured multimodal document analysis agent harness. Designed

to make the document analysis process transparent and control-

lable, MoDora introduces an end-to-end user experience through

three core functionalities: (1) an automated document ingestion

engine that seamlessly transforms unstructured PDFs into a layout-

aware component tree, preserving both textual hierarchy and vi-

sual elements; (2) an interactive structure visualizer that allows

users to intuitively inspect the extracted document hierarchy and

re�ne structural relations via drag-and-drop or natural language

commands; and (3) a veri�able multimodal QA interface that sup-

ports complex, cross-modal queries with precise bounding-box-

level grounding back to the original PDF regions, enabling users to

e�ortlessly trace and verify the underlying evidence. Experimental

results on the MMDA benchmark show that MoDora achieves an

AIC-Acc of 71.1%, outperforming baselines by over 14%.
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Figure 1: Overview of the MoDora Demonstration.

PVLDB Artifact Availability:

The source code, data, and/or other artifacts have been made available at

https://github.com/OpenDataBox/MoDora.

1 INTRODUCTION

AI-powered document tools have become essential for helping hu-

man workers to extract actionable insights from raw documents.

Widely used products such as Google NotebookLM and ChatGPT

with �le upload have made document-grounded analysis increas-

ingly accessible to end users. Meanwhile, research systems such

as DocAgent and M3DocRAG further explore long-context multi-

modal document understanding and retrieval, while DocOwl stud-

ies OCR-free multimodal document understanding [3, 10, 15]. How-

ever, these general-purpose assistants consistently underperform

on multimodal documents (e.g., those with interleave hierarchical

text, tables, charts, and images in complex layouts [12]). For in-

stance, when asked about a speci�c data point in a scienti�c paper,

a general assistant may hallucinate values because it �attens the

table into plain text, misidenti�es sidebar content as main body, or

fails to link a chart to its describing paragraph [13].

We argue that the root cause lies in the absence of systematic mul-

timodal data management capabilities within these assistants. Exist-

ing approaches either process documents end-to-end with models

that jointly reason over visual, textual, and layout signals [11, 15],
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Figure 2: System Architecture of MoDora.

or index them for retrieval at passage or page granularity [3, 5].

Neither paradigm captures the rich, nested structure inherent in

real-world documents. Recent datamanagement research has begun

to address document structure. For example, ZenDB [6] extracts se-

mantic heading trees for SQL-style analytics, and EVAPORATE [1]

generates structured views from data lakes. However, these sys-

tems remain largely text-only and cannot handle visual elements

such as charts and tables that carry critical information. As a result,

three fundamental data management challenges remain open. (1)

Fragmented Element Aggregation. Low-level parsing tools, such as

OCR engines, produce fragmented elements that are stripped of

their original semantic context, making it di�cult to form coherent,

self-contained units for downstream analysis [13]. (2) Hierarchi-

cal and Layout-Aware Representation. Documents exhibit nested

hierarchies, for example, chapters containing sections and sections

containing �gures, as well as layout-speci�c distinctions, such as

sidebars versus the main body, which �at-chunk or page-level repre-

sentations fail to capture [8, 14]. (3) Cross-Modal Evidence Retrieval

and Alignment. Answering complex questions often requires re-

trieving and aligning evidence scattered across multiple regions,

pages, and modalities, for example, linking a descriptive paragraph

to a table cell located elsewhere in the document [3, 13].

To address these challenges, we develop MoDora, an agentic tree-

based multimodal document management and analysis system. As

shown in Figure 1, MoDora represents unstructured PDFs as hier-

archical Component-Correlation Trees (CCTrees), which capture

both document hierarchy and visual semantics. Built on this abstrac-

tion, MoDora provides an end-to-end human-in-the-loop analysis

pipeline that supports structure-aware document ingestion, inter-

active CCTree inspection and re�nement, grounded multimodal

retrieval, and observable answer veri�cation.

Compared with our research paper [13], this demonstration fo-

cuses on the system-level integration and user-facing interaction

design of MoDora. In particular, the demo exposes interfaces for

document collection management, smart tagging, tree visualization,

interactive grounding, and node-level retrieval heatmaps. These

interfaces allow users to organize document collections, inspect

and revise extracted structures, verify retrieved evidence against

the original PDF, and improve retrieval accuracy by manually

editing tree structures or re�ning them through natural-language

instructions. We have implemented MoDora and evaluated it on

the MMDA benchmark. Experimental results show that MoDora

achieves an AIC-Acc of 71.1%, outperforming eight representative

baselines [2, 3, 5, 6, 9–11, 15] by more than 14%.

In summary, this demonstration makes the following contri-

butions: (1) a CCTree-based multimodal document management

system that preserves structural and visual semantics for document

analysis; (2) an interactive human-in-the-loop pipeline for ingestion,

tree construction, multimodal QA, evidence grounding, structure

editing, and retrieval inspection; and (3) a user-facing demonstra-

tion and evaluation showing how CCTree-based analysis supports

transparent and veri�able multimodal document understanding.

2 SYSTEM ARCHITECTURE

The architecture of MoDora is designed to transform unstructured,

multimodal documents into a structured knowledge hierarchywhile
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Figure 3: User Interface of MoDora

providing an interactive and veri�able user experience. As illus-

trated in Figure 2, the system consists of two layers: a User Interac-

tion Layer and a Three-Stage Document Analysis pipeline.

User Interaction Layer. MoDora provides an integrated interface

with three user-facing modules: a File Manager for document up-

load and cross-session reuse, a Chat Engine for multimodal question

answering with interactive grounding, and a Tree Visualizer for CC-

Tree inspection, node heatmap visualization, and natural-language

structure re�nement.

Three-Stage Document Analysis. Behind the interactive fron-

tend, MoDora employs a robust three-stage pipeline to process doc-

uments and answer queries.

• Stage 1: Component-Level Document Preprocessing. MoDora

�rst converts raw PDF and OCR outputs into structure-aware multi-

modal components, preserving both textual content and key visual

information needed for later retrieval and grounding.

• Stage 2: Hierarchical Tree Construction. The resulting com-

ponents are then organized into a hierarchical CCTree, which

preserves document structure, captures layout distinctions, and

provides a stable basis for inspection, retrieval, and downstream

interaction.

• Stage 3: Grounded Retrieval and Answering. Finally, MoDora

performs multimodal retrieval and answer generation over the

CCTree. The evidence is grounded back to the PDF and recorded

as provenance, enabling users to inspect supporting regions, verify

system responses, and iteratively re�ne document understanding.

3 END-TO-END EXPERIENCE

This section demonstrates how users turn unstructured multimodal

documents into veri�able knowledge assets. Figure 3 shows the

layout: V1 is the File Manager, V2 is the Chat Engine, and V3 is the

Tree Visualizer. Figure 4 illustrates the loop connecting answering,

veri�cation, retrieval inspection, and structure re�nement.

Document Ingestion and Automated Modeling. Users begin

in V1, the �le and session manager, where they upload documents,

browse processed �les, and switch sessions. Once a document is

submitted, MoDora converts it into a structured CCTree displayed in

the interface. A persistent global library enables cross-session reuse,

and summary statistics plus semantic tags help users understand

document composition before deeper inspection.

Transparent Structure Inspection and Editing. V3 presents sec-

tions, paragraphs, tables, and �gures as an editable CCTree, making

missing nodes, incorrect parent-child relations, or misplaced visual

Figure 4: End-to-end interaction loop in MoDora.

components directly observable. Users re�ne the tree by drag-and-

drop or natural-language instructions such as “Move ’3.2 Results’

under Section III”, after which the system updates the CCTree and

runs later retrieval over the revised structure.

Veri�able Multimodal Question Answering. V2 hosts the con-

versational assistant. For each natural-language query, MoDora clas-

si�es the query type (position-sensitive vs. content-centric), selects

the CCTree retrieval path, and returns answers with inline citations

linked to CCTree nodes. Clicking a citation activates interactive

grounding in the original PDF, highlighting the exact bounding box

of the relevant paragraph, table, or chart while preserving headers,

sidebars, �gures, and layout cues for transparent veri�cation.

Retrieval Provenance and Iterative Re�nement. Figure 4

shows the closed human-in-the-loop cycle. After receiving an an-

swer (step ①), users verify cited evidence through PDF grounding

(step ②) and inspect retrieval behavior via the Node Heatmap (step

③), whose color intensity shows which CCTree nodes contributed

most strongly. If evidence is incomplete or mis-structured, users

revise the tree editor (step ④) and reissue the query, turning MoDora

into an iterative document-understanding environment.

4 EVALUATION

In our evaluation, document preprocessing uses PPStructureV3 [4]

for element extraction; Qwen3-VL-8B [7] and Qwen3-Embedding-

8B are separately deployed on twoNVIDIAGeForce RTX 4090 GPUs

(24GB each) for template-based enrichment/backward veri�cation

and embedding retrieval. GPT-5 serves as the backbone LLM for

format-aware hierarchy detection and answer generation. As a

system, these model components are modular services and can also

be readily accessed through hosted APIs instead of local GPUs.

4.1 Quantitative Comparison

We �rst conduct quantitative evaluation on the MMDA bench-

mark [13], which contains 537 multimodal documents spanning

scienti�c reports, �nancial statements, and technical manuals,

with 1065 questions covering �ve types: text-only, hybrid-data,

structural-hierarchy, location-based and metadata-related.

As shown in Figure 5, MoDora achieves 71.1% AIC-Acc, outper-

forming the strongest baseline (DocAgent, 57.0%) by 14.1 percentage

points. The gap is clear against methods without explicit struc-

tural modeling: GPT-5 (46.5%) treats documents as �at page images,
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Figure 5: Experimental results on the MMDA dataset.

Figure 6: User-facing comparison of evidence presentation.

text-only RAG methods such as TxT-RAG (36.2%) and SV-RAG

(37.7%) discard visual elements, and end-to-end models such as

UDOP (29.6%) and DocOwl (15.8%) face sequence-length and coarse-

encoding limits. MoDora preserves hierarchy and cross-modal com-

ponent semantics for more precise evidence retrieval.

4.2 User-Facing Comparison

To contextualize MoDora’s capabilities beyond benchmark accuracy,

we compare it with Google NotebookLM, a representative general-

purpose document assistant, on the same multimodal document.

Figure 6 presents a side-by-side comparison of how each system

presents evidence to users.

Evidence Presentation. When asked “What is the header and

sidebar in the second page respectively?”, NotebookLM returns a

text-based answer assembled from extracted text chunks (upper

panel of Figure 6). The source panel lists document segments as �at

text or image snippets without spatial context, making it di�cult

for users to verify whether the identi�ed "header" and "sidebar"

correspond to the correct visual regions. In contrast, MoDora (lower

panel of Figure 6) provides the answer with interactive grounding:

clicking the citation highlights the precise bounding box in the

original PDF, showing the header region at the top and the sidebar

region on the left of page 2. This grounding preserves the original

layout, font formatting, and surrounding visual context, enabling

users to verify the answer at a glance.

Structure-Aware. Beyond answer presentation, MoDora exposes

an explicit document structure through the CCTree. This structure-

aware view helps separate main-body content from supplementary

regions such as headers, footers, and sidebars, enabling more pre-

cise evidence tracing for document-structure-related queries (e.g.,

“What are the section titles?”). In contrast, general-purpose assis-

tants typically expose retrieved evidence as text/image snippets

rather than an editable structural view of the document. As a result,

MoDora provides a more transparent user experience for inspecting,

verifying, and re�ning document understanding.
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