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Abstract
Document understanding requires answering
questions over long, multi-page documents
that interleave text, figures, and tables. Re-
cent methods adopt the Document Retrieval-
Augmented Generation (DocRAG) paradigm,
which indexes each document and feeds the
top-K most relevant pages to a Multimodal
Large Language Model (MLLM) per query.
Because each page can be represented as ex-
tracted text or a rendered image, DocRAG
systems expose two key knobs: an indexing
modality choice when the documents are in-
gested and a context modality at query time.
Existing systems either fix both knobs to the
visual modality or use both modalities through-
out, often incurring higher indexing and query
costs than needed for a given document or
query. We propose AdaptiveDocRAG, which
adapts both knobs as well as the size of the vi-
sual context to optimize the trade-off between
accuracy, query response time, and indexing
time. AdaptiveDocRAG achieves this through
three lightweight modules. First, document-
adaptive indexing modality selection uses a
text-density heuristic to route text-dominant
documents to cheaper textual indexing. Sec-
ond, query-adaptive context modality selection
uses a learned per-query router to select tex-
tual or visual context. Third, query-aware vi-
sual context compression reuses the retriever’s
per-patch query–page similarity to crop rele-
vant sub-page regions and fuse them with top-
ranked text chunks. On MMLongBench-Doc
and NQ-Text with Qwen3-VL-8B, Adaptive-
DocRAG matches or improves upon the ac-
curacy of visual-only DocRAG (up to +1.1
points) while using ∼50% of the MLLM to-
kens, resulting in 1.30–1.79× end-to-end
speedup and 1.34× faster indexing.

1 Introduction

Document question answering (DocQA) supports
enterprise search, literature review, and the analysis
of legal and financial documents (Mathew et al.,

2021; Tito et al., 2023). Real-world documents
are long and multimodal, interleaving text, figures,
and tables in complex layouts that span hundreds
of pages. Answering questions over them requires
reasoning jointly across modalities and pages, a
substantially harder challenge than single-page or
text-only QA (Ma et al., 2024; Deng et al., 2025).

Recent Multimodal Large Language Models
(MLLMs) are well suited to DocQA because
they process and reason jointly over text and im-
ages (Anthropic, 2026; OpenAI, 2026; Google
DeepMind, 2026). However, directly feeding entire
documents to MLLMs does not scale in practice:
context windows are limited, and both inference
latency and token cost scale linearly with the num-
ber of pages. DocRAG (Cho et al., 2024; Yu et al.,
2025) addresses this by indexing each document
once with an embedding model and feeding only
the top-K pages most relevant pages to a query to
the MLLM, thereby reducing MLLM usage cost
and latency.

A DocRAG system has three stages with dis-
tinct costs. Indexing runs once per document and
embeds each page into a vector database; its cost
scales with the number of pages and dominates
time-to-first-response on a freshly ingested docu-
ment. Retrieval runs once per query and scores
each indexed page against the query to identify the
top-K most relevant pages; while its cost depends
on the database size, it is a very small part of query
response latency in our workloads. Question an-
swering runs once per query and feeds the top-K
pages to the MLLM; its cost scales with K and
dominates query response latency and token usage.

Each page in DocRAG is dual-modal: it can be
represented as extracted text or as a rendered page
image. This exposes two design knobs that together
define the DocRAG modality design space. The
indexing modality determines whether pages are
embedded as text or as images, affecting both in-
dexing latency and retrieval quality. The context
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Figure 1: Accuracy vs. tokens-per-question on the Long-
DocURL dataset across the 12 static DocRAG config-
urations (2 indexing modalities × 2 context modalities
× K ∈ {1, 3, 5}). Marker shape denotes the indexing
modality, and marker color denotes the context modality.
The star denotes the per-query oracle.

modality determines whether the retrieved pages
are passed to the MLLM as text or as images, af-
fecting token count, latency, and answer accuracy.

Existing DocRAG systems fix these knobs stati-
cally and adopt one of two strategies. Visual-only
systems (Faysse et al., 2025; Cho et al., 2024; Yu
et al., 2025) use the visual modality for both index-
ing and context, treating page images as a superset
of text. Dual-modality systems (Han et al., 2025;
Jain et al., 2025; Suri et al., 2025; Wang et al., 2025)
index pages in both modalities and consume both
at query time. Both strategies incur a cost that is
often unnecessary: page images produce at least
3× more tokens than their text, increasing both
encoder compute at indexing and MLLM tokens
at query time—yet many documents and queries
(e.g., named-entity lookups, factoids) are answer-
able from text alone. A per-query oracle that selects
the best static configuration for each question lies
well above both fixed strategies (Figure 1), reveal-
ing substantial room for adaptation along these two
axes. A third axis remains unaddressed: even when
visual context is needed, prior work feeds the en-
tire page image, though query relevance is typically
concentrated in a small region. Together, these ob-
servations expose three inefficiencies in DocRAG
systems.

We propose AdaptiveDocRAG, a query- and
document-adaptive DocRAG framework that ad-
dresses these inefficiencies through the following
techniques:

• Document-adaptive indexing modality selec-
tion, which uses text density to select be-

tween textual or visual indexing at ingestion
time, reducing indexing time and time-to-first-
response for text-heavy documents.

• Query-adaptive context modality selection,
which uses a learned decision tree to select
textual or visual context for each query, reduc-
ing MLLM token cost and response time.

• Query-aware visual context compression,
which crops retrieved pages to query-relevant
regions and fuses them with top-ranked text
chunks, reducing MLLM token usage while
retaining relevant visual evidence.

On MMLongBench-Doc and NQ-Text with
Qwen3-VL-8B, AdaptiveDocRAG matches or im-
proves upon visual-only DocRAG accuracy by up
to 1.1 points while using approximately half as
many MLLM tokens, running 1.30–1.79× faster
end-to-end, and indexing documents 1.34× faster.

2 Related Work

DocRAG pipelines. Document retrieval has
evolved from OCR-based pipelines with dense or
late-interaction text retrievers (Khattab and Za-
haria, 2020; Chen et al., 2024a) to vision-based
retrievers that embed rendered page images di-
rectly. ColPali (Faysse et al., 2025) introduced
patch-level late interaction over a vision-language
backbone, and ColQwen (ColQwen2) extends it
to Qwen2-VL. Multimodal DocRAG systems pair
these retrievers with MLLMs for question answer-
ing. M3DocRAG (Cho et al., 2024) and Vis-
RAG (Yu et al., 2025) use the visual modality for
both indexing and context, treating page images as
a superset of OCR text. MDocAgent (Han et al.,
2025) and VisDoM (Suri et al., 2025) use parallel
text and image RAG pipelines and consume both
modalities at query time, increasing MLLM token
use regardless of query type. SimpleDoc (Jain et al.,
2025) and ViDoRAG (Wang et al., 2025) use itera-
tive retrieval, whereas MoLoRAG (Wu et al., 2025)
uses page-graph traversal and MAB-DQA (Xiang
et al., 2026) decomposes queries via a multi-armed
bandit; all require multiple MLLM calls per query.
Adaptive RAG methods instead decide whether to
retrieve or how many passages to retrieve (Jeong
et al., 2024; Asai et al., 2024; Taguchi et al., 2025),
but operate on a single modality. AdaptiveDocRAG
differs by selecting the indexing modality per docu-
ment, the context modality per query, and the extent
of visual context per query.
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Indexing Time/doc (s) Accuracy (%)

Textual 6.8 45.6
Visual 18.9 47.5

Table 1: Cost–accuracy trade-off of the indexing modal-
ity on LongDocURL.

Context Accuracy (%) Tokens Resp. (s)

Textual 40.9 1,737 0.18
Visual 47.5 5,755 0.57

Table 2: Cost–accuracy trade-off of the context modality
on LongDocURL.

Visual context compression. General-purpose
token-pruning methods operate within the MLLM.
FastV (Chen et al., 2024b) discards low-attention
vision tokens in early decoder layers, LLaVA-
PruMerge (Shang et al., 2025) compresses tokens
in the vision encoder using CLS attention, and Spar-
seVLM (Zhang et al., 2025) uses cross-modal atten-
tion for text-conditioned selection. RegionRAG (Li
et al., 2026), the most closely related method to our
third module, fine-tunes a vision-language retriever
with region-level supervision, groups high-scoring
patches into semantic regions, and crops them for
MLLM input. AdaptiveDocRAG instead reuses
an off-the-shelf retriever’s per-patch query–page
similarity without additional training, combines
cropped regions with top-ranked text chunks, and
operates outside the MLLM.

3 Motivation

DocRAG indexes each page as extracted text or
a rendered image, retrieves the top-K pages rel-
evant to a query, and supplies their content to an
MLLM for question answering. The indexing and
context modalities can each be textual or visual,
yielding four choices in addition to the retrieval
depth K. We characterize the cost–accuracy trade-
offs of these choices to identify opportunities for
improvement. To isolate modality effects, we use
ColQwen2 for both modalities and Qwen3-VL-8B
as the MLLM on LongDocURL.

Observation 1: Indexing modality presents a
speed–accuracy trade-off. On LongDocURL,
textual indexing is 2.8× faster per document than
visual indexing but sacrifices 1.9 percentage points
in accuracy at K = 3 (Table 1). This trade-off
suggests that textual indexing is suitable for text-
heavy documents, whereas visual indexing remains

Visual context Accuracy (%) Tokens

Full page 47.5 5,755

Top 8 sub-pages 35.6 3,877

Top 4 sub-pages 27.8 1,997

Table 3: Effect of reducing visual context to query-
relevant sub-pages on accuracy and MLLM input to-
kens.

important when layout and visual content provide
retrieval evidence.

Observation 2: Context modality presents a
token–accuracy trade-off. Visual context uses
3.3× as many MLLM input tokens as textual con-
text but improves accuracy by 6.6 percentage points
at K = 3 (Table 2). This loss exceeds the 1.9-point
loss from textual indexing, indicating that visual
evidence matters more for question answering than
for retrieval. Nevertheless, text-answerable queries
can use textual context, whereas queries involving
charts, tables, and diagrams benefit from page im-
ages. These results motivate document- and query-
adaptive modality selection.

Observation 3: Fixed visual-context budgets
present a token–accuracy trade-off. Reducing
visual context from full pages to the top 8 and top
4 query-relevant sub-pages lowers MLLM input to-
kens by 33% and 65%, respectively, but decreases
accuracy by 11.9 and 19.7 percentage points at
K =3 (Table 3). This aggregate loss is unevenly
distributed across queries: among questions an-
swered correctly with full-page visual context, 70%
and 54% remain correct with only the top 8 and top
4 query-relevant sub-pages, respectively. These re-
sults expose a cost–accuracy trade-off under fixed
sub-page budgets, motivating query-aware visual
context compression that selects the amount of
visual evidence supplied to the MLLM for each
query.

Observation 4: No static configuration matches
a per-query oracle. No static configuration ad-
dresses all three trade-offs. Figure 1 compares the
12 static configurations (2 indexing modalities ×
2 context modalities × K ∈ {1, 3, 5}) with a per-
query oracle. The oracle achieves 60.7% accuracy
with 1,180 tokens, whereas the best static configu-
ration (visual context, K=5) reaches 48.1% with
9,507 tokens. This gap motivates a framework that
is adaptive to documents and queries.
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Figure 2: Overview of AdaptiveDocRAG with three adaptive modules (green boxes) that choose the indexing
modality (per document), context modality (per query), and visual context compression.

4 AdaptiveDocRAG Methodology

AdaptiveDocRAG is a query- and document-
adaptive DocRAG framework with three
lightweight modules that address the trade-offs
identified above (Figure 2). We first select an
indexing modality for each document using text
density. For each query, we then use a learned
decision tree to select textual or visual context
from features of the query and retrieved pages.
When visual context is selected, we further
compress it by retaining query-relevant sub-page
regions and top-ranked text chunks. None of the
modules requires fine-tuning of the retriever or
MLLM, and each adds negligible computation
relative to MLLM inference.

4.1 Document-Adaptive Indexing Modality
Selection

We select an indexing modality once per document
using its text density. We use text density as a proxy
for the extent to which a document’s retrieval evi-
dence is available in extracted text. For text-heavy
documents, textual embeddings are likely to cap-
ture much of the retrievable content while avoiding
the cost of image encoding. Conversely, documents
with little extracted text often contain visual ele-
ments, such as tables, figures, and diagrams, whose
information is better preserved by visual indexing.
During preprocessing, we divide each document
D into pages and extract text from each page us-
ing PDF text extraction when applicable and using
OCR otherwise. We define the text density dTD as
the average character count per page in D. Given a
threshold τ , we assign the indexing modality as:

M(D) =

{
TEXTUAL dTD ≥ τ

VISUAL dTD < τ
(1)

4.2 Query-Adaptive Context Modality
Selection

For each query, we select extracted text when it
is likely sufficient to answer the question and ren-
dered page images when answering requires layout
or other visual evidence. Because both represen-
tations are retained at ingestion, this selection is
independent of the indexing modality. We use a
lightweight decision tree to make this choice from
features of the query and its top-K retrieved pages.
The routing decision asks whether the retrieved
evidence is sufficient in textual form or whether
answering the query requires visual evidence. To
make this prediction, we use three complementary
features:

Query intent. Some queries can be answered by
locating textual facts, whereas others require visual
reasoning over charts, tables, or layouts. We con-
struct two reference sets of example questions: one
containing questions answerable from text alone,
such as named-entity lookups, and another contain-
ing questions requiring visual reasoning, such as
chart interpretation. For each query seen at run-
time, we compute its cosine similarity to the two
sets; these similarity scores characterize whether
the query is more likely to require textual or visual
evidence.

Retrieved-page content. For each retrieved page,
we compute text density from its extracted text
and image entropy from its rendered image. Text
density quantifies the amount of textual evidence
available in the page, whereas image entropy
characterizes the complexity of its visual content.
These measurements, together with the document’s
selected indexing modality M(D), characterize

66



Top-K Retrieved 
Page Images

Patch–Query Similarity 
Heatmap

Selected Sub-Pages on 
G × G Grid

high

low

Sub-Pages + Text Chunks 
(MLLM Input)

Text Chunks

θ
Already computed 

during retrieval

Figure 3: Query-Aware Visual Context Compression: thresholding normalized sub-page scores aggregated from
patch–query similarities selects sub-pages, which are fused with top-T text chunks to form the MLLM input.

whether the retrieved evidence is better represented
as text or images.

Query–page alignment. For each retrieved page,
we compute the cosine similarity between the query
and the page’s extracted text. This similarity in-
dicates whether the page contains query-relevant
textual evidence.

Let Pq = {p1, . . . , pK} denote the top-K re-
trieved pages for query q, and ϕ(q,Pq) the feature
vector defined above. We use the decision tree T
to assign the context modality:

C(q) = T (ϕ(q,Pq)) ∈ {TEXTUAL, VISUAL}.
(2)

Router training. We construct oracle modality
labels on a held-out training set by running both
textual and visual contexts for each query with the
same retriever. We label each query with the higher-
scoring modality, assigning ties to the lower-cost
textual modality. We train the decision tree on
these labels and the routing signals above. The de-
cision tree provides interpretable routing decisions
at negligible cost relative to MLLM inference.

4.3 Query-Aware Visual Context
Compression

Visual context is token-intensive because each re-
trieved page is represented by many image tokens.
However, a query often requires evidence from only
a small part of a page, such as a chart, table, or fig-
ure. We therefore identify query-relevant sub-page
regions and pair them with relevant text chunks,
rather than passing all retrieved page images in full
to the MLLM (Figure 3).

Patch–query similarity. To identify these re-
gions, we divide each retrieved page into a G×G

grid of sub-pages. We use the query–patch simi-
larities produced by the late-interaction retriever to
assign each sub-page c on page p a score s(p, c) by
summing its patch similarities.

Sub-page selection. To select the most relevant
regions, we normalize sub-page scores jointly
across all K×G2 candidates:

ŝ(p, c) =
s(p, c)− smin

smax − smin
, (3)

where smin and smax are the minimum and maxi-
mum scores across the candidate sub-pages. We
retain sub-page (p, c) when ŝ(p, c) ≥ θ and pass
its cropped image to the MLLM; applying the same
threshold to every candidate makes the number of
retained sub-pages query-adaptive rather than fixed.
For a query about a localized element, only a few
sub-pages score above θ and are retained, whereas
queries requiring evidence across the page retain
more sub-pages.

Text chunk fusion. After selecting the visual
regions, we add complementary text because the
crops may omit textual evidence needed to inter-
pret the visual content, including evidence located
elsewhere in the retrieved pages. We therefore rank
fixed-length chunks from the retrieved pages by
their similarity to the query and append the top-T
chunks to the selected crops.

5 Experimental Results

5.1 Experimental Setup

Datasets. We evaluate AdaptiveDocRAG on a
2,204-question test set combining MMLongBench-
Doc (Ma et al., 2024) (1,091 questions across
135 chart/table/figure-heavy documents) and NQ-
Text from the UDA benchmark suite (Hui et al.,
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Method Indexing Time
(s/doc) K=1 K=3 K=5

Accuracy (%) Tokens Accuracy (%) Tokens Accuracy (%) Tokens

Textual RAG 2.10 46.2 792 53.1 2,256 55.7 3,656

Visual RAG 5.83 46.4 1,929 54.7 5,613 56.6 9,194

AdaptiveDocRAG (θ=0.5) 4.34 45.4 963 54.5 2,724 57.4 4,360

AdaptiveDocRAG (θ=0.3) 4.34 45.7 996 54.7 2,909 57.7 4,721

MDocAgent 7.93 53.1 7,169 58.4 17,663 61.4 27,688

SimpleDoc 124.9 60.0 13,820 63.8 15,561 65.4 17,152

Oracle 7.93 60.5 823 67.3 2,416 68.6 4,005

Table 4: AdaptiveDocRAG Compared with baselines on MMLongBench-Doc and NQ-Text with Qwen3-VL-8B.

2024) (1,113 questions across 274 text-heavy doc-
uments). We use LongDocURL (Deng et al., 2025)
(2,325 questions across 396 documents) for the
cost–accuracy analysis in Section 3 and for hyper-
parameter tuning.

Models. We use ColQwen2 (ColQwen2; Faysse
et al., 2025) as the retriever for both textual and
visual indexing, so comparisons isolate the effect
of modality rather than retriever architecture. All
experiments use Qwen3-VL-8B-Instruct (Qwen
Team, 2025) as the MLLM and BGE-M3 (Chen
et al., 2024a) for context-routing features and top-T
text-chunk selection.

Implementation details. We render page images
at 144 DPI and extract embedded text using ei-
ther PyMuPDF (Artifex Software, 2024), or us-
ing Tesseract OCR (Smith, 2007) when embedded
text is unavailable. The MLLM is served with
vLLM (Kwon et al., 2023) on a single A100 80GB
GPU. We use τ = 2,500 chars/page for indexing
modality routing, grid size G=2, sub-page simi-
larity threshold θ=0.3, and T =10 text chunks for
visual context compression.

Metrics. Accuracy is measured by ANLS on
MMLongBench-Doc and by an LLM-as-judge
score on NQ-Text, using Qwen3-VL-8B-Instruct
as the judge and reporting scores on a percentage
scale. Cost is measured by indexing time per docu-
ment and MLLM tokens per question.

5.2 Main Results
We compare AdaptiveDocRAG with Textual RAG,
Visual RAG, a per-query Oracle, MDocAgent (Han
et al., 2025), and SimpleDoc (Jain et al., 2025).
Textual RAG fixes both indexing and context to
text, while Visual RAG fixes both to page images.
Oracle selects, for each query and K, the best

of the four static (indexing, context) choices. For
MDocAgent and SimpleDoc, we use ColQwen2
and Qwen3-VL-8B-Instruct to match Adaptive-
DocRAG. Table 4 reports average accuracy and
total MLLM tokens (context + response) per ques-
tion at K ∈ {1, 3, 5}. Table 8 reports the effect
of replacing the textual retriever at fixed K = 5.
AdaptiveDocRAG matches Visual RAG’s accuracy
at K = 3 using 52% of its tokens, and Pareto-
dominates it at K = 5 (+1.1 points at 51% of its
tokens). The more aggressive θ=0.5 configuration
provides a lower-token operating point: at K=5,
it exceeds Visual RAG by 0.8 points while using
47% of its tokens. At K = 1, AdaptiveDocRAG
trails Visual RAG by 0.7 points, where a single
routing or compression error cannot be offset by
other retrieved pages. AdaptiveDocRAG remains
within 1.21× of Oracle’s token cost at every K.
At K∈{3, 5}, MDocAgent and SimpleDoc obtain
higher accuracy with approximately 4–6× more
tokens.

At ingestion, AdaptiveDocRAG routes 38.9% of
documents to textual indexing, yielding a 1.34×
indexing speedup over Visual RAG. Oracle and
MDocAgent require both text and visual indices,
raising indexing time to 7.93s/doc. SimpleDoc
requires substantially more indexing time because
it summarizes each page with an MLLM, raising
indexing time to 124.9s/doc.

At query time, AdaptiveDocRAG selects textual
context for 75.4% of queries. At K=3, routing re-
duces MLLM tokens to 56% of Visual RAG before
compression. Compression further reduces this
cost to 52%, while the complete pipeline matches
Visual RAG’s 54.7% accuracy. This compression
path is available for visually indexed documents
with visual context, for which patch–query similar-
ity scores are available.
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Figure 4: End-to-end wall time per document for Tex-
tual RAG, Visual RAG, Oracle, and AdaptiveDocRAG
at K∈{1, 3, 5}.

Strategy Accuracy
(%)

Indexing Time
(s/doc)

Textual Indexing 51.8 2.10

Visual Indexing 54.7 5.83

Adaptive Indexing 53.4 4.34

Table 5: Indexing modality ablation at K = 3 with
context modality held at visual.

Figure 4 includes all adaptive-module overheads:
routing features over the query and retrieved pages,
tree inference, sub-page selection, and text-chunk
ranking— totaling tens of milliseconds per query.
AdaptiveDocRAG is 1.30× / 1.62× / 1.79× faster
than Visual RAG at K∈{1, 3, 5}. MDocAgent and
SimpleDoc are omitted from the chart for legibility;
at K = 3, they are 4.5× and 17.0× slower than
AdaptiveDocRAG, respectively.

5.3 Ablation Studies

We ablate the three adaptive modules and evaluate
sensitivity to the textual retriever.

For indexing, we hold context modality fixed
to visual at K = 3 and vary only the indexing
modality (Table 5). Adaptive indexing achieves
53.4% accuracy, within 1.3 points of visual index-
ing, while reducing indexing time from 5.83s/doc
to 4.34s/doc. This reduction comes from routing
39% of documents to textual indexing; the remain-
ing gap occurs when textual retrieval misses pages
found by visual retrieval.

With adaptive indexing fixed, query-adaptive
context routing provides the largest token reduc-
tion (Table 6). It improves accuracy from 53.4%
to 55.2% relative to adaptive indexing with visual

Strategy Accuracy (%) Tokens

Adaptive Indexing + Textual Context 52.6 2,135

Adaptive Indexing + Visual Context 53.4 5,614

Adaptive Indexing + Adaptive Context 55.2 3,119

AdaptiveDocRAG 54.7 2,909

Oracle (per-query) 67.3 2,416

Table 6: Context modality and compression ablation at
K=3 on top of adaptive indexing.

Strategy Accuracy (%) Tokens

θ=0, T =0 (Full Visual Page) 46.1 8,560

θ=0.1, T =10 46.0 8,271

θ=0.3, T =0 (sub-pages only) 40.7 5,724

θ=0.3, T =10 46.1 6,552

θ=0.5, T =10 44.6 4,651

θ=0.7, T =10 39.8 3,006

Table 7: Visual context compression ablation at K=5
on queries routed to visual context with visual indexing
(n=419).

context and reduces tokens from 5,614 to 3,119
per query. Compression further reduces tokens to
2,909 per query with a 0.5-point accuracy decrease,
so the full pipeline remains 1.3 points above adap-
tive indexing with visual context while using 52%
of its tokens.

We evaluate compression on the 419 queries
routed to visual context from visually indexed doc-
uments at K=5 (Table 7). At the default setting
(θ=0.3, T =10), compression matches full-page
accuracy while using 77% of the uncompressed to-
ken budget. Sub-page selection without text fusion
loses 5.4 accuracy points, whereas adding T =10
text chunks recovers the full-page accuracy. Rais-
ing θ to 0.5 reduces tokens to 54% of the uncom-
pressed budget, with a 1.5-point accuracy decrease.

The main comparison and module ablations
use ColQwen2 for both textual and visual re-
trieval, which keeps the retriever architecture fixed
when evaluating modality decisions. Table 8 tests
whether AdaptiveDocRAG is sensitive to the tex-
tual retriever. We replace only the textual retriever
with BM25 or BGE-M3, while keeping ColQwen2
for visual retrieval and using the same routing
model, thresholds, and compression settings. BGE-
M3 matches ColQwen2 within 0.1 accuracy points
and slightly reduces both indexing time and token
use. BM25 reduces Textual RAG indexing time
from 2.10s/doc to 0.08s/doc, but the correspond-
ing AdaptiveDocRAG variant loses 1.9 accuracy
points, indicating that lower ingestion cost comes
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Document Type: Financial Report
Total Pages = 109    dTD = 2756
Indexing Modality= Textual (2.8x faster indexing)

Document Type: Slide Deck
Total Pages = 31   dTD = 188.5
Indexing Modality = Visual

Question: How many pages for the hatom
data type in the Structured Markup?
Textual Modality: ❌ 685 tokens
Visual Modality:  ✅ 6309 tokens (9.2x ↑)

Question: How many switches to flip to 
remove the battery?
Textual Modality: ✅ 1459 tokens (6.6x ↓)
Visual Modality :❌ 9581 tokens

Question: In the SnapNTell model architecture, 
what is the image used as an example input?
Visual Context Compression: 4x 

Question: How many years of data are included 
in the chart in section 8.8? Context Visual 
Visual Context Compression: 2x

(a) Document-Adaptive Indexing Modality 
Selection

(b) Query-Adaptive Context Modality 
Selection

(c) Query-Aware Visual Context 
Compression

Figure 5: Qualitative examples of AdaptiveDocRAG’s three techniques: (a) document-adaptive indexing modality
selection, (b) query-adaptive context modality selection, and (c) query-aware visual context compression.

Retrievers Index
(s/doc)

Acc.
(%) Tokens

Textual RAG
BM25 0.08 52.7 3,580
BGE-M3 1.82 55.7 3,280
ColQwen2 2.10 55.7 3,656

Visual RAG
ColQwen2 5.83 56.6 9,194

AdaptiveDocRAG
BM25 + ColQwen2 3.59 55.8 4,621
BGE-M3 + ColQwen2 4.27 57.6 4,472
ColQwen2 + ColQwen2 4.34 57.7 4,721

Table 8: Textual retriever ablation at K=5; Adaptive-
DocRAG rows list textual + visual retrievers.

with weaker retrieval accuracy.

5.4 Qualitative Analysis

Figure 5 illustrates representative decisions from
the three adaptive modules. Document-level text
density routes a text-heavy SEC form 10-K to tex-
tual indexing, which is 2.8× faster, and a sparse
slide deck to visual indexing to preserve its lay-
out (Fig. 5a). Query-level routing selects textual
context for a procedural question, answering it cor-
rectly with 6.6× fewer tokens, but selects visual
context for a table lookup that requires row–column
structure (Fig. 5b). For visual-context queries, sub-
page selection reduces visual context by 4× when
relevant evidence is localized and by 2× when it
spans a larger portion of the page (Fig. 5c).

6 Conclusion

Static DocRAG pipelines incur avoidable costs
by fixing the indexing modality, context modal-
ity, and extent of visual context independently of
the document and query. We introduced Adaptive-
DocRAG, which adapts these three design knobs
with lightweight modules: a text-density rule se-
lects textual or visual indexing, a learned decision
tree selects textual or visual context for each query,
and patch–query similarity selects query-relevant
sub-page regions that are paired with top-ranked
text chunks. In our evaluations, AdaptiveDocRAG
matches or improves upon the accuracy of visual-
only DocRAG while substantially speeding up in-
dexing and query response.

Limitations

Our evaluation is limited to MMLongBench-Doc
and NQ-Text, a single MLLM (Qwen3-VL-8B),
and thresholds tuned on LongDocURL. The extent
to which the routing and compression decisions
transfer across models, languages, and document
domains remains to be evaluated.

Ethics Statement

By selecting the indexing modality per document
and the context modality per query, Adaptive-
DocRAG reduces MLLM token use and end-to-end
latency. These reductions may lower the compute
and deployment costs of multimodal document QA.
Our evaluation uses publicly available research
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benchmarks: MMLongBench-Doc, NQ-Text, and
LongDocURL. Deployment over sensitive corpora
may create privacy risks, and users may over-rely
on automated answers. Appropriate data gover-
nance and human oversight are especially impor-
tant in high-stakes settings.
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