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Hi3Doc: Hierarchical Tri-Level Representations for Multimodal
Long-Document Understanding

Supplementary Material

Table 4. Overall accuracy of general-purpose LVLMs and our
Hi3Doc framework. Hi3Doc, when combined with lightweight
GPT-mini backbones, consistently outperforms strong commer-
cial LVLMs, demonstrating the competitiveness of retrieval-plus-
reasoning pipelines for long-document understanding.

LVLM | MMLongBench-Doc | LongDocURL | SlideVQA | DUDE
GPT-40
(up to 120 pages) 0.428 ‘ 0.343 ‘ 0.713 ‘ 0.281
GPTSmini 0.281 0.313 0707 | 0.359
(up tp 50 pages)
Gemini-2.5-Pro
(up tp 120 pages) ‘ 0.438 ‘ 0.568 ‘ 0.795 ‘ 0.447
Hi3Doc
(GPT-4mini) 0.524 0.653 0.802 0.508
Hi3Doc
(GPT-5mini) 0.561 0.661 0.835 0.570
6. Benchmark Details

We evaluate our method on four representative multimodal
long-document benchmarks: MMLongBench-Doc [9],
LongDocURL [5], SlideVQA [13], and DUDE [15]. As
summarized in Table 5, the queries have a comprehen-
sive coverage of text (TXT), table (TAB), chart (CHA),
layout (LAY), and image (IMG) according to the ground-
truth evidence modalities, and their supporting evidence
can be distributed within a single page, across multiple
pages, or be absent (unanswerable). The underlying doc-
uments span common long-document formats such as PDF,
PPTX, and PNG, and cover diverse real-world domains,
including academic, financial, governmental, instructional,
and workplace documents, slide decks, as well as web
pages from large-scale book, document, and multimedia
archives. DUDE and SlideVQA contain relatively short
documents (average lengths 5.57 and 20.0, respectively)
and mainly test fine-grained modeling and understanding
of multimodal elements. In contrast, MMLongBench-Doc
and LongDocURL consist of much longer documents (av-
erage lengths 86.5 and 47.5), placing greater emphasis on
a model’s ability to retrieve and aggregate evidence across
ultra-long, multi-page contexts.

7. Hi3-HPC Implementation Details

To perform hierarchical semantic modeling of long docu-
ments, we first extract fine-grained element information at
the page level and then aggregate it across pages at the block
level, yielding page-block representations with clear struc-

ture and coherent semantics.

As shown in Fig. 7, we configure the LLM as a mul-
timodal document analyzer and instruct it, via prompts, to
identify key element types on each page (text paragraphs,
images, tables, charts, diagrams, etc.), to describe the topic
of each element in one or two sentences of natural lan-
guage, and to provide a high-level page summary for the
entire page. The output is represented as a combination of
“page summary + element list,” which explicitly preserves
element info and provides fine-grained cues for subsequent
cross-page aggregation based on element semantics. We
then perform the page-block summary stage. As illustrated
in Fig. 8, we feed the single-page summaries of a sequence
of consecutive pages (e.g., groups of 20 pages) into the
LLM and ask it to group consecutive pages discussing the
same topic into several page blocks according to the seman-
tic relations between the single-page summaries and their
element info. For each block, the LLM generates a higher-
level chunk summary and outputs the corresponding page
range as well as the pages where key elements appear.

Through this two-stage procedure, we retain element-
level semantic labels at the page level and obtain cross-
page chunk representations with coherent topics and clear
boundaries at the block level, providing structured semantic
priors for subsequent cross-page retrieval and multimodal
evidence localization.

8. VQA Performance Analysis
8.1. Compared to General LVLM

We further compare Hi3Doc with recent commercial
LVLMs that directly take document images as input, includ-
ing GPT-40 [10], GPT-5mini [12], and Gemini-2.5-Pro [8].
As summarized in Table 4, these LVLMs are evaluated in
an end-to-end setting with their native page limits (50 or
120 pages), whereas Hi3Doc employs the same backbone
understanding models (GPT-4mini and GPT-5mini) but is
equipped with our retrieval-centric long-document pipeline.
Across all four benchmarks, Hi3Doc consistently outper-
forms the pure LVLM baselines, even with the smaller
GPT-4mini backbone, indicating that the benefits mainly
come from our hierarchical retrieval and evidence aggre-
gation rather than from the scale of the backbone model.
These results demonstrate that simply scaling up general-
purpose LVLMs is insufficient for robust long-document
VQA: end-to-end models remain constrained by context
length and struggle to reason over dispersed evidence in
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Single-page Summary Prompt Template

You are an expert multimodal document analyst. For the given document page:

1. Identify each key element (especially **focus on following element type:text paragraph, image,
chart, table, diagram**). Ignore any minor or irrelevant elements that do not contribute to
understanding the page content.

2. For each element, briefly describe the topic or content **in one or two sentence**.

3. At the end, provide a one-sentence summary of what the entire page is about.

Output format(plain text only, no JSON):

<element1 type>: <short description of the topic>

<element2 type>: <short description of the topic>

So the page talks about <overall page summary>.

legalization

likely to have unfavorable views of bath parties

Democrats (9%) have an
both

----------------------- Summary of Page 14 el b

text paragraph: Public support for same-sex marriage has grown rapidly over the past decade,
with 62% of adults favoring it in June 2017.
chart: A chart showing the percentage of people who oppose and favor allowing gays and
lesbians to marry legally, as well as the percentage who think the use of marijuana should be
made legal or not.
text paragraph: Independents’ views of same-sex marriage were similar to Democrats', with
73% of Democrats and 70% of independents favoring gay marriage.

: So the page talks about public opinion on same-sex marriage and marijuana
legalization across different political affiliations.

N T o L e T e L L T e

fmmmmmmmmm e Summary of Page 16 EEEEEEEEEEEEEEEEEEEEEE N

text paragraph: More partisans and partisan leaners embrace ideological labels, with
increasing shares of Republicans and GOP leaners describing their views as conservative,
while more Democrats and Democratic leaners say they are liberal.
chart: Line graph showing trends in the percentage of Republicans, Democrats, and
Independents who identify as conservative, moderate, or liberal from 2000 to 2018.

: So the page talks about the changing political ideologies among Republicans}
|\Democrats, and Independents over time. J

e

Figure 7. Single-page summary prompt template. The LLM is prompted to act as a multimodal document analyst, identify key elements on
each page (e.g., text paragraphs, tables, charts, images), generate a brief description for each element, and produce a one-sentence summary
of the overall page content.
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Page-block Summary Prompt Template

You are an expert document analyst.You will be given a list of information for consecutive
document pages from a document.Your task is to group consecutive pages into coherent page
ranges, where each range covers pages that discuss the same topic.

Different ranges must focus on distinct topics.

Output Format:

[start page number, end page number]: summary, element information

Note:

the summary should be short and concise in one or two sentence.

the element information should focus on visually-rich element like table, figure, chart, diagram,
you should tell me which page contains what element.

{"[14:15]": "Public opinion on same-sex marriage and marijuana legalization, including
differences among independents and leaners. Element information: Page 14 has a chart
tracking support/opposition for same-sex marriage and legalization of marijuana; Page 15
gives subgroup figures for non-leaning independents (textual with summary percentages).”,

"[16:17]": "Trends in ideological self-identification (conservative/moderate/liberal) among
Republicans, Democrats, and independents, and the stable moderate tilt of non-leaning
independents. Element information: Page 16 features a line graph showing ideology trends
(2000-2018); Page 17 summarizes the distribution of ideology among non-leaning
independents (text).",

"[18:21]": "Party favorability and the rise of partisan antipathy over time, showing growing
very unfavorable views of the opposing party among leaners and partisans. Element
information: Page 18 includes a line graph of favorability patterns to both parties
(1994-2018); Page 19 presents a bar chart of favorable/unfavorable ratings by group
(Republican, Democrat, independents, leaners, no-lean); Page 20 references trend charts of
kunfavorable views over time; Page 21 gives numerical trend highlights (textual summary).",} j

_______________________________________________________________________

__________________________________~

Figure 8. Page-block summary prompt template. Given a sequence of single-page summaries, the LLM groups consecutive pages dis-
cussing the same topic into coherent page blocks, and for each block outputs a higher-level chunk summary together with the corresponding
page range and key element information.
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Table 5. Overview of evidence distribution, evidence modality, document length, and domains for the multimodal long-document QA
benchmarks used in our experiments.

Benchmark ‘ Evidence Distribution ‘ Evidence Modality ‘ Averagie D0ﬁument ‘ Topic/Domains
| Single Cross Una | TXT LAY CHA TAB IMG | engt \
Academic, financial, governmental,
MMLongBench-Doc v v v v v v v v 86.5 and instructional dgocuments
Research, instructional,
LongDocURL v v v v v v 4 47.5 and workplace documents
SlideVQA | v v | v v v v v | 20.0 \ Slidedecks
Web pages from large-scale book, document,
DUDE v v v v v v v 337 and multimedia archives

Table 6. Statistics on MMLongBench-Doc based on evidence modality and evidence distribution. Hi3Doc achieves the best performance
across different cross-modal QA settings, and significantly outperforms other methods in the challenging case where the answer is dis-
tributed across multiple pages. The best results are marked in bold, and the second-best results are underlined.

‘ ‘ Evidence Modalities | Evidence Locality | Overall

Method | Model | TXT LAY CHA TAB IMG | SIN MUL UNA | ACC FI Score

OCR4LLM Mixtral-Instruct-VO0.1 [1] 0.342 0213 0.195 0.213 0.192 | 0.277 0.219 0.324 | 0.269 0.247

GPT-40 [10] 0411 0234 0285 0.381 0.224 | 0.354 0.293 0.186 | 0.301 0.305

LVLM InternVL-Chat-V1.5 [3] 0.140 0.162 0.071 0.101 0.166 | 0.149 0.122 0.175 | 0.146 0.130

GPT-40 [10] 0.463 0460 0453 0500 0.441 | 0545 0.415 0.202 | 0.428 0.449

M3DocRAG [4] 0.300 0.235 0.189 0.201 0.208 | 0.324 0.148 0.580 | 0.210 0.226

MMRAG-DocQA [7] 0.459 0.344 0449 0511 0375 | 0.535 0.368 0.762 | 0.523 0.460

RAG-based Colpali [6]+GPT4.1mini [11] | 0.454 0.441 0487 0.448 0.426 | 0.601 0.307 0.422 | 0.464 0.462

Colpali [6]+GPT5mini [12] | 0.524 0468 0492 0.489 0.497 | 0.639 0358 0488 | 0.513  0.519

Hi3Doc+GPT4.1mini [11] 0.491 0479 0.531 0.557 0.480 | 0.620 0.442 0.443 | 0.524 0.518

Hi3Doc+GPT5mini [12] 0.573 0.596 0.560 0.643 0.551 | 0.671 0.504 0.418 | 0.561 0.569

very long documents. In contrast, Hi3Doc’s retrieval-aware derstanding is crucial.

design effectively decomposes long documents into seman- The locality columns in Table 6 provide a more fine-
tically coherent chunks and presents focused evidence to the grained view of the evidence distribution analysis in Fig. 4.
backbone model, allowing a lightweight GPT-mini family Hi3Doc+GPT5mini achieves the highest accuracy on both
model to exceed the performance of much larger commer- single-page (SIN) and cross-page (MUL) questions, and
cial LVLMs. This confirms that a specialized retrieval-plus- Hi3Doc+GPT4.1mini consistently ranks second, confirm-
reasoning pipeline remains highly competitive, even in the ing that Hi3Doc effectively supports retrieval and reason-
presence of strong off-the-shelf LVLMs. ing over long documents, especially when relevant evidence

is dispersed across multiple pages. In contrast, conven-
8.2. Detailed VQA Results on MMLongBench-Doc tional RAG baselines (M3DocRAG, MMRAG-DocQA, and
Colpali-based variants) are noticeably weaker on cross-page
cases. On unanswerable questions (UNA), Hi3Doc-based
models lag behind some baselines, and we further discuss
this limitation and potential improvements in Section 4.4.2.

Table 6 reports the detailed breakdown of model perfor-
mance on MMLongBench-Doc across evidence modalities
and evidence locality, complementing the visual summaries
in Fig. 3 and Fig. 4 of the main paper. For each model,
we report accuracy on Text (TXT), Layout (LAY), Chart
(CHA), Table (TAB), and Image (IMG) evidence, as well as
on Single-page (SIN), Cross-page (MUL), and Unanswer- Table 7 reports the detailed results on LongDocURL un-

8.3. Detailed VQA Results on LongDocURL

able (UNA) cases, together with overall accuracy (ACC) der different retrieval methods and task settings. For
and F1 score. Consistent with the observations in Fig- both ChatGPT-4.1mini and ChatGPT-5mini, Hi3Doc con-
ure 3, Hi3Doc+GPT5mini achieves the best or near-best ac- sistently achieves the best overall accuracy (0.654 and
curacy on all five modalities, with particularly strong gains 0.661, respectively), outperforming all four RAG base-
on layout- and chart-intensive queries where structural un- lines (Colpali, VisSRAG, VDocRAG, and V-RAG). Across
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Table 7. Statistics on LongDocURL based on evidence modality, evidence distribution and task type. Hi3Doc achieves the best perfor-
mance across different cross-modal QA settings, and significantly outperforms other methods in the challenging case where the answer is
distributed across multiple pages. The best results are marked in bold, and the second-best results are underlined.

| Understan ding Evidence Modality

| Evidence Distribution | Task Type

‘ Overall

Retrieval ‘
Method |  Model | TXT TAB FIG LAY | SIN MUL | Uude Reas Loca | Accuracy
Colpali [6] 0.656 0.639 0.661 0.525 | 0.692 0.552 0.669 0.551 0.564 0.616
VisRAG [17] 0.637 0.618 0.642 0.508 | 0.663 0.542 0.652 0.550 0.531 0.599
VDocRAG [14] | ChatGPT- | 0403 0.435 0485 0319 | 0.447 0.361 0.424 0401 0362 | 0.402
V-RAG [2] 4.1mini [11] | 0.608 0.599 0.624 0.504 | 0.639 0.529 0.628 0.551 0.514 0.581
Hi3Doc \ | 0.683 0.668 0.689 0.571 | 0.698 0.614 | 0.698 0.645 0.578 | 0.654
Retrieval ‘ Understanding ‘ Evidence Modality ‘ Evidence Distribution ‘ Task Type ‘ Overall
Method |  Model | TXT TAB FIG LAY | SIN MUL | Uude Reas Loca | Accuracy
Colpali [6] 0.657 0.609 0.631 0.507 | 0.667 0.551 0.662 0.558 0.532 0.606
VisRAG [17] 0.637 0.604 0.615 0.510 | 0.655 0.541 0.647 0.558 0.521 0.594
VDocRAG [14] ChatGPT- 0.403 0431 0459 0.316 | 0.432 0.369 0.423 0418 0.346 0.399
V-RAG [2] Smini [12] 0.602 0585 0.593 0.504 | 0.613 0.534 0.618 0.546 0.502 0.572
Hi3Doc | | 0.700 0.668 0.669 0.567 | 0.701 0.626 0.717  0.675 0.554 | 0.661
evidence modalities, Hi3Doc attains the highest accuracy MMLongBench-Doc
on TXT, TAB, FIG, and LAY, with particularly noticeable 2.0 Average pages retrieved by Hi3Doc: 4.86 10
gains on figure and layout questions where document struc-
ture and cross-modal cues are important. When examining g T e e o8
evidence distribution, Hi3Doc yields the strongest perfor-
mance on both single-page (SIN) and cross-page (MUL) 06 Lo
cases, indicating that its hierarchical chunking and retrieval 3 g
strategy remains effective even when relevant evidence is € 0u] 70.4§
scattered over multiple pages. e
The task-type breakdown (“Uude”, “Reas”, and “Loca” 0p| 2 Copalirecal s
corresponding to understanding, reasoning, and locating Colpali Precision
questions, respectively) further confirms the robustness of f77 HISDoc Precislan
Hi3Doc on LongDocURL. Under all three types, Hi3Doc A 3 5 10 5

delivers the best accuracy in almost all cases; for ChatGPT-
Smini, it reaches 0.717 on understanding and 0.675 on rea-
soning, clearly surpassing the strongest baseline Colpali.
While the improvements on locating-oriented queries are
relatively smaller, Hi3Doc still remains competitive and
does not sacrifice performance on these tasks. Overall,
the LongDocURL results demonstrate that Hi3Doc gener-
alizes well beyond MMLongBench-Doc, providing consis-
tent gains across modalities, evidence distributions, and task
types when paired with different LLM backbones.

9. Evidence Retrieval Efficiency

We further analyze the evidence retrieval capability of
Hi3Doc under a limited context budget on MMLongBench-
Doc and LongDocURL. Figures 9 and 10 plot page-level
recall and precision of Colpali at different Top-K values,
together with the average recall and precision of Hi3Doc
shown as horizontal lines. On both benchmarks, Colpali’s

Top-K

Figure 9. Page-level recall and precision of Colpali under different
Top-K values on MMLongBench-Doc, compared with Hi3Doc.
Solid curves denote Colpali’s recall and precision, and dashed hor-
izontal lines denote Hi3Doc’s. Colpali only reaches a similar re-
call level when Top-K is increased to 10-15, which substantially
reduces precision and requires many more pages than Hi3Doc.

recall increases monotonically with larger Top-K, while its
precision continuously drops. In contrast, the number of
pages retrieved by Hi3Doc is fixed by the pipeline design
and does not depend on the Top- K parameter. Experiments
show that, to reach a recall level comparable to Hi3Doc,
Colpali must increase Top-K to 10-15, i.e., retrieve
2-3 times more pages than Hi3Doc. This substantially
enlarges the input context for the downstream LVLM and
simultaneously degrades precision, leading to much sparser
relevant evidence. In contrast, Hi3Doc attains the same or
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LongDocURL
Average pages retrieved by Hi3Doc: 4.78

1.0

0.8

o
o
Precision

I
>

Colpali Recall
-=-- Hi3Doc Recall [o.2
Colpali Precision
===~ Hi3Doc Precision

T T T T T 0.0
1 3 5 10 15
Top-K

Figure 10. Page-level recall and precision on LongDocURL.
Solid curves show Colpali at different Top-K, dashed lines show
Hi3Doc with an average of 4.78 retrieved pages; Colpali needs

K=

10 to match Hi3Doc’s recall.

even higher recall with a fixed and relatively small number
of retrieved pages, indicating that under the same or an
even tighter context budget, Hi3Doc is more effective at
selecting question-relevant evidence and providing more
focused retrieval results for long-document VQA.
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