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Abstract

Answering questions over real-world docu-
ments requires processing long inputs that in-
terleave text with tables. Optical context com-
pression, which represents context as images,
promises to reduce token cost, but its effect on
table understanding remains unclear. We study
pixel-level table compression for question an-
swering over documents with multiple tables,
evaluating five VLMs across two benchmarks
and five visual-token budgets. Representing
tables as images at native resolution matches
text in both performance and efficiency, but
downscaling them makes models compensate
the loss in readability with longer, less effec-
tive reasoning traces that cancel the expected
savings. Highly downscaled tables, however,
preserve enough signal to identify whether they
are relevant to a question. We exploit this asym-
metry with a training-free, two-step method:
the model first identifies the tables needed to
answer a question from a pixel-compressed con-
text, and then reasons over those at native reso-
lution. On long documents, our method saves
41% of total tokens and gains 7 accuracy points
over single-step QA with native resolution ta-
bles. It also uses 15% fewer tokens than the
most efficient single-step compressed configu-
ration, with no accuracy loss.'

1 Introduction

Real-world documents are long and heterogeneous,
mixing free-form text with structured elements
such as tables. Despite advances in efficient at-
tention, processing long inputs remains computa-
tionally costly (Liu et al., 2025), and performance
degrades once contexts approach or exceed the
lengths seen during pre-training (Liu et al., 2024;
Hsieh et al., 2024). Representing the input effi-
ciently is therefore not just an optimization goal
but a requirement for handling documents at scale.

'Code and data will be released upon publication.

Recent work on optical context compression has
shown that text rendered as an image typically con-
sumes fewer tokens than the same text represented
as raw text (Wei et al., 2025). Originally tested
on OCR-style reconstruction, these findings have
since been extended to downstream tasks, both with
dedicated training (Xing et al., 2025a; Cheng et al.,
2026) and with off-the-shelf VLMs (Li et al., 2025).
This evidence, however, is limited to plain text
which motivates our central question: can pixel-
level table compression improve efficiency at no
performance cost?

To answer it, we focus on question answering
(QA) over financial documents, a task representa-
tive of real-world challenges: long context, hetero-
geneous information (text and tables), and ques-
tions requiring numerical reasoning. We evaluate
5 open-weight models spanning fixed- and native-
resolution visual encoders, under a common frame-
work of five visual token budgets (64, 128, 256,
512, and 1,024 tokens per image), using the num-
ber of tokens processed by the decoder backbone
as a proxy for efficiency. Our experiments show
that simply lowering the resolution is not enough:
under aggressive compression, models cannot de-
cipher fine-grained cell values, and compensate by
reasoning more, to the point where the extra rea-
soning eats into the input savings that motivated
the compression in the first place. At the same
budgets, however, models remain able to identify
which tables are needed to answer a question.

Drawing on these findings, we propose a simple
two-stage method (see Figure 1). The model first
receives the document with every table compressed
to a given budget and, instead of answering directly,
it identifies the relevant tables first; these tables are
then supplied as images at native resolution, and
the model reasons over them to produce an answer.
Concurrent work shows that decoupling evidence
identification from reasoning can improve long-
context reasoning (Guan et al., 2026; Zhao et al.,
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Figure 1: Our two-stage identify first, reason later method. Stage 1: the model receives the document with every
table compressed to a small visual token budget and, instead of answering, identifies the tables it needs. Stage 2:
the identified tables are supplied at native resolution and the model reasons over them to answer.

2026). Our method shows that compression makes
the identification step cheap, since it preserves the
coarse information needed to locate relevant tables.
Our contributions can be summarised as follows:

* We characterize the accuracy-efficiency trade-off
of pixel-level table compression in multi-table
document QA, across 5 VLMs, two datasets, and
five visual-token budgets. At native resolution,
table images match their HTML serialization in
accuracy while using fewer tokens; under aggres-
sive compression, however, the rendered tables
become illegible, models can no longer read in-
dividual cell values, and accuracy drops.

* We identify an asymmetry in how compression
affects model behaviour. Lower resolutions de-
grade fine-grained reading and induce longer
reasoning traces that offset part of the input-
token savings, yet even heavily downscaled ta-
bles retain enough coarse signal for question-
conditioned identification of the relevant tables.

* We exploit this asymmetry with a two-stage
method that follows an identify first, reason later
recipe: it first identifies relevant tables in a com-
pressed context and then reasons over only those
tables at native resolution. On long documents
it saves 41% of total tokens while gaining 7 ac-
curacy points over single-step QA with native-
resolution tables, and matches the accuracy of
the most efficient single-step compressed config-
uration using 15% fewer tokens.

* We situate the method against external retrieval.
A dedicated retriever identifies evidence tables
more accurately than a model reading a com-

pressed context, but this advantage does not carry
through to a better accuracy-efficiency trade-off;
our method matches or exceeds retrieval at lower
token cost, and continues to save tokens when
applied on top of retrieved context.

2 Related Work

Efficient Long-context Inference Long-context
models remain costly and often struggle to use ev-
idence distributed across long inputs (Liu et al.,
2025, 2024). Complementary approaches reduce
the context processed in each forward pass through
prompt compression (Yoon et al., 2024), memory
(Chen et al., 2024c¢), agentic reading (Zhang et al.,
2024), or retrieval (Giinther et al., 2025). Recent
work further shows that separating evidence iden-
tification from reasoning improves long-context
performance (Guan et al., 2026; Zhao et al., 2026).
Our method adopts this separation but uses pixel
compression to make evidence identification over
multi-table documents inexpensive; it can be ap-
plied to either full or retrieved contexts.

Optical Context Compression Recent work has
explored representing language through rendered
pixels (Rust et al., 2023; Lee et al., 2023; Lotz
et al., 2023; Gao et al., 2024). A related line treats
this representtion as a form of context compression,
since visual encoders may represent rendered text
with fewer tokens (Wei et al., 2025). This idea has
been extended to downstream tasks through spe-
cialised training (Wang et al., 2024a; Xing et al.,
2025a; Cheng et al., 2026) and, more recently, with
off-the-shelf VLMs (Li et al., 2025). Related ap-
proaches prune visual tokens (Chen et al., 2024b;



MultiHiertt FinLongDocQA
Examples 1,044 400
Tables / doc 3[2,7] 80 [3, 122]
Pages / doc 412, 8] 100 [16, 156]
Max. Tokens (HTML) 12,264 127,816
Evidence tables 110, 3] 211, 8]
Evidence pages 111, 4] 212,3]
Answer in Text 11.0% 0.0%
Answer in Table 32.4% 100.0%
Answer in Text and Table 56.6% 0.0%
Questions / doc 312,6] 1[1,6]

Table 1: Statistics of the evaluation subsets (mode, with
[min, max] intervals, except ‘Max. Tokens’, which re-
ports the true maximum). FinLongDocQA annotates
evidence at the page level; we treat every table on an
evidence page as an evidence table. Answer in ‘Tex-
t/Table/Text and Table’ gives the percentage of questions
answerable from text alone, from a table alone, or both.

Shang et al., 2025; Choi et al., 2026), but are of-
ten tied to particular architectures. In contrast,
we study training-free pixel compression for struc-
tured, information-dense tables across both fixed-
and variable-resolution visual encoders.

Table Representation and Reasoning Tables
are commonly linearised for language models
(Herzig et al., 2020; Sui et al., 2023; Wang et al.,
2024b; Zou et al., 2025), although linearisation can
impair structural reasoning over long tables (Wang
et al., 2025). Other work compares visual and tex-
tual table representations (Deng et al., 2024; Zheng
et al., 2024; Alonso et al., 2024; Kim et al., 2024;
Singh et al., 2025) or dynamically routes between
them (Xing et al., 2025b; Wu et al., 2025). Most
closely related, Kwok et al. (2026) dynamically
select visual or textual representations for portions
of a table during reasoning. Their method targets
latency in single-table, multi-turn QA at a fixed
image resolution; we instead study token efficiency
under controlled compression in documents con-
taining multiple interleaved tables and introduce a
training-free method that separates table identifica-
tion from full-resolution reasoning.

3 Experimental Framework

3.1 Datasets

Existing table-understanding benchmarks (Chen
et al., 2020; Parikh et al., 2020; Kim et al., 2024,
Alonso et al., 2026) often present tables in isola-
tion, whereas real-world document QA requires
models to identify and reason over relevant tables
embedded within surrounding text. Our study also
requires tables that can be represented faithfully as

both text and images, so that differences between
modalities reflect the representation rather than dif-
ferences in content. We therefore focus on bench-
marks that contain multiple tables interleaved with
text and provide tables in a structured form that can
be rendered into images with content parity.

These criteria lead us to two benchmarks: Mul-
tiHiertt (Zhao et al., 2022) and FinLongDocQA
(Wang et al., 2026). Both combine multiple tables
with surrounding text, but differ substantially in
scale. We use MultiHiertt as a short-context set-
ting, with typically three tables and four pages per
document, and FinLongDocQA as a long-context
setting, with typically 80 tables and 100 pages per
document. Dataset statistics are shown in Table 1.

MultiHiertt test labels are private, so we evaluate
on the development set. Although current models
may have encountered this split during pre-training,
our analysis compares configurations within each
model rather than absolute performance across
models. For FinLongDocQA, we evaluate 400
randomly sampled questions from the rable cate-
gory, ensuring that the answer evidence is grounded
in tables.”> We sample from documents whose
HTML serialization fits within 128k tokens un-
der the Qwen 3.5 tokenizer, allowing all configura-
tions to be evaluated within the models’ supported
context windows. We report confidence intervals
throughout.

3.2 Input Settings

We compare two input settings that differ only in
how tables are represented; the document, question,
and the prompt are always provided as text.

Text (HTML) Tables are serialized as HTML,
which is a strong textual representation that pre-
serves hierarchical structure, including multi-level
headers and spanning cells (Sui et al., 2023). This
setting serves as the performance reference for both
accuracy and token usage.

Hybrid (Text + Images) Document text is pro-
vided as text, while tables are rendered as images
from the same HTML used in the textual setting.
This gives the two modalities identical content and
structure, allowing us to isolate the effect of repre-

At the time of dataset selection, some evidence anno-
tations in FinLongDocQA were incorrect. We therefore re-
stricted evaluation to the dataset’s table category, where ques-
tions are explicitly designed to be answered from tables. The
annotations were subsequently corrected by the dataset cre-
ators, and we use these for all reported results.



Model Tokenization Context Reasoning
Gemma4 E4B Fixed 128k v
Gemma4 26B-A4B Fixed 256k v
Qwen 3 VL-8B Instruct Variable 256k X
Qwen 3 VL-8B Thinking  Variable 256k v
Qwen 3.5-9B Variable 256k v

Table 2: The five open-weight VLMS we evaluate. To-
kenisation is whether the visual encoder emits a fixed or
variable number of visual tokens per image; Context is
the supported context-window length; Reasoning (//X)
marks test-time reasoning mode.

sentation. Tables are rendered in black and white
using a uniform typeface.’

3.3 Models

Fixed-length Visual Tokenization Gemma4
(Gemma Team, 2026) represents each image us-
ing a fixed number of visual tokens selected from
a discrete grid: 64, 121, 256, 529, or 1,089 tokens,
independent of the image’s dimensions. We eval-
uate Gemma 4 E4B and Gemma4 26B-A4B, with
context windows of 128k and 256k tokens, respec-
tively. The latter is a mixture-of-experts model
with 4B active parameters (see Table 2).

Variable-length Visual Tokenization Qwen 3
VL (Bai et al., 2025) and Qwen 3.5 represent im-
ages with a number of visual tokens that scales with
their pixel area. Qwen 3 VL pairs a Qwen 3 back-
bone with a SigL.IP2 encoder (Tschannen et al.,
2025) continued-trained at dynamic input resolu-
tions; Qwen 3.5 is natively multimodal, pre-trained
end-to-end on text interleaved with visual data, but
retains an encoder of the same family. In both mod-
els, a visual token corresponds to a 32 x 32 pixel
region, determined by the encoder’s patch size (16)
and spatial merge factor (2); so an image of size
h x wyields [h/32] x [w/32] tokens. We evalu-
ate the Instruct and Thinking variants of Qwen 3
VL-8B and Qwen 3.5-9B. All three configurations
support 256k-token contexts. Table 2 summarizes
our models; for the precise mapping from image di-
mensions to visual-token budgets, see Section 3.4.

3.4 Visual Token Budgets

To compare compression across visual encoders,
we define five nominal visual-token budgets for
each table image: B € {64, 128,256,512, 1,024}.
Each budget is applied independently to every ta-
ble image. For the Qwen models, an image of size

3Table images were rendered using Firefox in headless

mode (version 142.0.1, GeckoDriver 0.36.0) at an effective
density of 96 pixels per inch.

h x w produces [h/32] x [w/32] visual tokens. If
this exceeds B, we downscale the image, preserv-
ing its aspect ratio, to the largest resolution whose
token count does not exceed the budget; images
already below the budget are not upscaled. For
Gemma4, which supports only a discrete set of
visual-token configurations, we map the nominal
budgets to 64, 121, 256, 529, and 1,089 tokens,
respectively. All reported token counts use the ac-
tual number of visual tokens entering the language
decoder rather than the nominal budget.

We measure efficiency by the total number of
tokens processed by the language decoder: textual
input tokens, visual tokens, and generated tokens.
Counting both input and output captures not only
the savings from compressing tables but also any
additional test-time reasoning induced by compres-
sion. Decoder-token count provides a common
measure across model families, although it does
not include the cost of visual encoding or directly
measure latency.

4 Does Pixel-Level Compression Affect
Table Comprehension?

We examine how pixel-level compression affects
two capabilities required for table question answer-
ing: fine-grained reading and downstream reason-
ing. We first use transcription to test whether mod-
els can recover table structure and individual cell
values, and then evaluate whether compressed ta-
bles remain useful for answering numerical ques-
tions. For each configuration, we plot task per-
formance against the median number of input or
generated tokens across examples. Later sections
combine these quantities into total token cost.

4.1 Table Transcription

Table transcription tests whether the model can read
every detail of a table, including its structure and all
cell values, without requiring reasoning beyond for-
mat conversion. Models receive the full document,
including its multiple tables and surrounding text,
and are asked to transcribe every table into stan-
dard HTML. We evaluate the similarity between
generated and reference tables using TEDS (Zhong
et al., 2020), a similarity metric based on tree-edit
distance. Tables are represented as trees follow-
ing their HTML structure, and TEDS is computed
as one minus the tree-edit distance between the
generated and reference trees, normalized by the
larger tree’s size, giving a score in [0, 1] that jointly
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Figure 2: Table transcription performance against input
tokens on MultiHiertt. The HTML—HTML control is
nearly perfect, while LATEX—HTML shows that format
conversion introduces error even without visual percep-
tion. Transcription from images degrades progressively
as the visual-token budget decreases.

reflects structural and cell-content accuracy.

We compare three settings. In HTML—HTML,
models copy the original HTML, providing a
control for the generation task itself. In LA-
TEX—HTML, models convert between two textual
representations, allowing us to measure the diffi-
culty of format conversion without visual percep-
tion. Finally, IMG—HTML evaluates transcription
from table images across the five visual-token bud-
gets. An example is provided in Appendix A.1.

Figure 2 shows TEDS against input tokens. The
HTML—HTML control is nearly perfect, confirming
that copying is not the bottleneck. LATEX—HTML
already incurs a measurable drop, showing that part
of the transcription error arises from format con-
version rather than visual perception. Transcription
from images remains strong at larger budgets but
degrades steadily as compression increases, indicat-
ing that increasingly compressed representations
lose fine-grained information about table structure
and cell values.

For Gemma4, the largest visual-token setting
also substantially increases input cost without im-
proving over the 512-token budget. This illustrates
that allocating more visual tokens does not neces-
sarily improve transcription once sufficient resolu-
tion has been reached.

4.2 Question Answering

Reduced transcription fidelity does not necessarily
imply lower downstream performance: answering
a question may require reading only a small portion
of a table rather than reconstructing it in full. We
therefore evaluate both input settings (Section 3.2)
on the MultiHiertt and FinLongDocQA dataset.
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Figure 3: QA accuracy on MultiHiertt (test-time rea-
soning enabled) for Gemma4 26B-A4B and Qwen 3.5-
9B, plotted against median input tokens (left) and gen-
erated tokens (right). At large budgets, table images
match HTML accuracy (left) using fewer input tokens;
stronger compression reduces accuracy and produces
longer reasoning traces (right). Results for all models
and FinLongDocQA are in Appendix E.

In this analysis, the model receives the complete
document; contexts assembled by an external re-
triever are considered in Section 5.3. Because both
datasets emphasize numerical reasoning, we enable
test-time reasoning in the main experiments and
report results without it in Appendix D.

Figure 3 reports QA accuracy against input to-
kens and generated tokens on MultiHiertt for the
latest and largest model in each family. Results for
all models and for FinLongDocQA are provided
in Appendix E. At sufficiently large visual-token
budgets, tables represented as images match and
sometimes exceed the accuracy of their HTML se-
rialization while using fewer input tokens. Below
this point, however, accuracy generally falls as the
token budget tightens. This pattern is consistent
with the transcription results: once compression
removes the detail needed to read cell values reli-
ably, models can no longer perform the numerical
operations required to answer the question.

Generated tokens reveal a second, less visible
cost of compression: lower visual-token budgets
produce longer reasoning traces, without improv-
ing performance. Inspection of the traces shows
repeated misreadings of cell values and uncertainty
over illegible entries, causing models to deliberate
for longer. This pattern also holds for FinLong-
DocQA, although its much larger number of tables
means that input-token savings still outweigh the
additional generation. Even so, measuring input
tokens alone overstates the efficiency gains of ag-
gressive compression. Full results for both datasets
and all models are reported in Appendix E.

Taken together, the results expose an important
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Figure 4: Relevant-table identification (F1) for Multi-
Hiertt across token budgets and table representations
(Gemma 4-26B, Qwen 3.5-9B). Bars (y axis), decom-
pose F1 into achieved vs. shortfall on requested tables;
HTML and TABLEID are references; the horizontal lines
mark random choice and ColQwen2 @1, its best-F1 op-
erating point. The percentage above each bar is the
overall downstream QA accuracy, so identification gains
carry through to the downstream task, not just retrieval
(see Appendix E for more detail).

limitation of direct QA over compressed tables.
Moderate compression can provide useful input
savings without sacrificing accuracy, but aggressive
compression removes the fine-grained information
needed for reasoning and induces additional gener-
ation that offsets part of those savings. This raises
a different possibility: heavily compressed tables
may still preserve enough coarse information to
identify which tables are relevant, even when they
are no longer legible enough to answer from di-
rectly. We test this possibility in the next section.

5 Our Two-Stage Method: Identify first,
Reason Later

We test whether low-resolution table images retain
enough information for a model to identify the
tables required to answer a question. Our two-step
procedure is illustrated in Figure 1. In the first step,
the model receives the document text together with
all tables compressed to a fixed visual-token budget.
Each table is preceded by a [TABLE_n] marker,
and the model identifies the tables it requires using
"request_table”: n. In the second step, the
requested tables are appended to the conversation
at native resolution, after which the model reasons
and produces the answer. The requested tables are
returned at 1,024 visual tokens, which amounts
to no compression on our datasets (we ablate this
choice for Qwen models in Appendix G). Only the
tables change between steps; the document text is
always provided as text. Our prompts are provided
in Appendix A.

The identification step is performed without test-

time reasoning, minimising its token overhead; in
preliminary experiments, enabling reasoning pro-
duced no significant improvement. The resulting
method is training-free, prompt-level, and model-
agnostic. It builds on evidence that separating iden-
tification from reasoning benefits long-context QA
(Guan et al., 2026; Zhao et al., 2026), while using
pixel compression to make identification over the
full set of document tables inexpensive.

We include two controls to isolate the informa-
tion supplied by the compressed images. The HTML
condition applies the same two-step procedure with
tables represented as text. In TABLEID, each table
is replaced by its identifier, removing its contents
while preserving its position and surrounding con-
text. Performance above TABLEID therefore indi-
cates that compressed table images provide useful
evidence-identification signals.

5.1 Stage 1: Relevant-Table Identification

We first evaluate evidence identification indepen-
dently of downstream reasoning, using F1 over the
requested tables. Our main analysis uses Multi-
Hiertt, which provides direct table-level evidence
annotations. FinLongDocQA instead annotates evi-
dence pages, so treating every table on an evidence
page as relevant produces only an upper bound on
the true evidence set (we nevertheless report these
results in Appendix F). Figure 4 reports results for
Gemma 4 26B-A4B and Qwen 3.5-9B; results for
all models are provided in Appendix F. A random-
selection baseline achieves 27.4% F1.

Table identification is robust to compression.
Identification performance varies little across
visual-token budgets: tables compressed to 64 to-
kens are identified nearly as accurately as tables
at higher resolutions or in HTML form. This con-
trasts with transcription and direct QA, both of
which degrade at the same budget (Figures 2 and 3).
Aggressive compression therefore removes the fine-
grained information needed to read cell values but
preserves the broader cues that reveal what a table
is about and whether it is relevant to the question.

Compressed images provide useful evidence.
The TABLEID control replaces every table with its
identifier, preserving its position and surrounding
text while removing its contents. Adding 64-token
images improves F1 by 16 for Gemma4 26B-A4B
and 10 points for Qwen 3.5-9B over this control,
confirming that the model uses information re-
tained in the compressed renderings rather than
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Figure 5: Accuracy against total tokens for direct QA and our two-step method, on MultiHiertt (top) and FinLong-
DocQA (bottom), for Gemma 4 26B-A4B and Qwen 3.5-9B. The two left columns feed the full document; the two
right columns feed a context retrieved by BGE-M3, with single-step QA over the retrieved units at increasing k as
reference. Markers along each line correspond to visual token budgets, and bands show 41 standard error of the
mean across examples (Appendix B). Results for all models are provide in Appendix E.

relying only on positional or textual cues. The
TABLEID condition nevertheless remains above
chance because surrounding passages often intro-
duce or describe the adjacent tables.

5.2 Stage 2: Full-Resolution Reasoning

Figure 5 (left panel) reports accuracy against to-
tal decoder tokens, and Table 3 summarises the
token savings of our method at budget 64 against
single-step references: the cheapest configuration
it matches in accuracy (Matched) and single-step
QA over native-resolution images (Image). The
Retrieval column is discussed in Section 5.3. All
configurations include a fixed cost of 2,655+28 to-
kens on MultiHiertt and 61,2614+348 on FinLong-
DocQA for the encoding of the surrounding docu-
ment text. We include this cost in all reported totals
but subtract it from the plot axes for readability.
On MultiHiertt, the two-step procedure avoids
much of the reasoning-token inflation observed in
Section 4.2 at budgets of 512 tokens or fewer. The
largest gain is for Gemma4 26B-A4B: at 256 to-
kens, our method uses 33.8% fewer tokens than
single-step QA over native-resolution images, with
a loss of 3.9 accuracy points. It is also consistently
more efficient than representing tables as HTML,;

for Qwen 3.5-9B, it matches the accuracy of native-
resolution images while using 20.9% fewer to-
kens. At budget 64, our method matches the cheap-
est equivalent single-step configuration while sav-
ing 6.1% of tokens on average, and trails native-
resolution images by only 4.4 accuracy points at
28.7% lower cost (Table 3).

On FinLongDocQA, the method improves accu-
racy at every budget. Its gains at 1,024 tokens show
that separating evidence identification from reason-
ing helps even without compression; reducing the
budget then adds further efficiency while degrading
much less than single-step QA. At 64 tokens, our
method exceeds native-resolution single-step QA
by 3.0 accuracy points while using 53.4% fewer
tokens for Gemma4 26B-A4B, and by 11.2 points
while using 27.7% fewer tokens for Qwen 3.5-9B.
On average across both models, it gains 7.1 ac-
curacy points over native-resolution images while
using 40.6% fewer tokens (Table 3).

5.3 Relationship to External Retrieval

In this section we consider the relationship between
our method and external retrieval. Specifically,
we examine whether a dedicated retriever can re-
place compressed relevant-table identification, and



Identify first (64) | Matched Image Retrieval
Reason later vs. Tok. | Tok.  Acc. | Tok. Acc.
MultiHiertt

Qwen 3.5-9B 14.0 |20.9 0.0 | 252 -0.7
Qwen 3 VL-8B 7.8 (148 —-7.8 (173 =27
Gemma4 26B 8.8 143.8 —-80|359 -8.0
Gemma 4 E4B —6.2 (352 —1.8(241 -34
Average | 6.1 287 —44]256 =37
FinLongDocQA

Qwen 3.5-9B 11.1 |27.7 +11.2 | 51.0 +2.2
Gemma4 26B 18.7 1534 +3.0 | 72.5 +0.2
Average | 149 |40.6  +7.1 | 618 +1.2

Table 3: Percentage of tokens saved (Tok.) and ac-
curacy difference in points (Acc.; positive favours our
method) of our two-stage method against three single-
step references. Matched is the cheapest single-step
configuration our method matches in accuracy, judged
by the confidence intervals of Appendix C; Image is
single-step QA over table images at native resolution;
Retrieval is single-step QA over a context retrieved by
BGE-M3.

whether our method remains useful after retrieval
has already reduced the context. All retrievers are
used zero-shot with their default pretrained weights
and the original question as the query; tables are
treated as atomic units.

External retrieval identifies better but costs
more. We replace the identification stage with
ColQwen?2 (Faysse et al., 2024), a multi-vector re-
triever designed for visually represented text and
the stronger retriever in our table-retrieval experi-
ments (Appendix H). Retrieved tables are supplied
uncompressed alongside the document text, and we
evaluate several values of k£ on both datasets.

ColQwen?2 identifies evidence tables more ac-
curately than models reading a compressed con-
text (Figure 4), but this advantage does not carry
through to downstream accuracy. On MultiHiertt,
retrieval plateaus at the accuracy our method al-
ready reaches: for Qwen 3.5-9B, our 64-token con-
figuration matches the accuracy of the cheapest
most accurate ColQwen2 configuration, using 19%
fewer tokens. Only for Gemma4 26B-A4B does
retrieval overtake our method, but never by more
than 7.3 accuracy points, which our method reaches
using 45.3% of the tokens. On FinLongDocQA our
method exceeds retrieval by 16 accuracy points at
the same cost. External retrieval therefore identi-
fies better without delivering a better end-to-end
trade-off. Full curves are in Appendix I.

Our two-step method still helps after retrieval.
We next apply our two-step method to contexts re-
trieved by BGE-M3 (Chen et al., 2024a) from a
unified pool of paragraphs and tables. We use k=5
on MultiHiertt and =100 on FinLongDocQA, ren-
der the retrieved tables at each visual-token budget,
and compare against single-step QA over the same
retrieved context (see Figure 5 right panel).

On MultiHiertt, retrieval performance falls
sharply below k=5, limiting how far retrieval alone
can reduce the context. Our method moves beyond
this limit: Qwen 3.5-9B matches the accuracy of
single-step QA at k=5 using 25.2% less tokens,
while Gemma4 26B-A4B at a budget of 256 uses
26.6% fewer tokens at a cost of 2.9 accuracy points.
The same general pattern holds for the remaining
models except Gemma4 E4B. As in Section 5.2,
compression alone does not achieve these gains;
they arise from identifying and restoring only the
tables needed for reasoning. On FinLongDocQA,
our method matches the accuracy of retrieval using
51.0% and 72.5% fewer tokens respectively (see
Table 3, Retrieval column).

6 Conclusions

We investigated whether pixel-level compression
can reduce the cost of question answering over
multi-table documents. Moderate compression al-
lows table images to match their HTML serializa-
tion while using fewer tokens. Under aggressive
compression, however, models lose the cell-level
information needed for numerical reasoning and
reason for longer, eroding the efficiency gains.

Our central finding is that compression affects
reading and identification differently. Even when a
table is too compressed to support accurate reason-
ing, it retains enough information for identifying
whether it is relevant. We exploit this asymmetry
with a training-free, two-step method that first iden-
tifies relevant tables in a compressed context and
then restores only those tables for full-resolution
reasoning. The method improves the accuracy-
efficiency trade-off in full-context QA and on top
of retrieval, using 41% fewer tokens while gain-
ing 7 accuracy points over single-step QA with
native-resolution tables on long documents.

More broadly, our results suggest that pixel com-
pression is most effective not as a representation
from which models must reason over directly, but
as an inexpensive intermediate step for locating
evidence before native-resolution computation.



Limitations

Our experiments are limited to English-language
financial documents and two datasets; moreover,
MultiHiertt results are reported on the development
set for the reasons discussed in Section 3.1. We
render tables from clean structured representations
using a uniform style in order to preserve informa-
tion parity between the textual and visual settings.
Real-world table images may contain varied fonts,
complex layouts, scanning artifacts, and recogni-
tion errors. Our experiments also assume that ta-
ble boundaries are known; applying the method
to raw documents may require an additional table-
detection or extraction stage.

The effective compression level depends on table
dimensions, information density, rendering style,
and the model’s visual encoder. The specific token
budgets identified here may therefore not transfer
directly to other domains or document formats, al-
though the evaluation procedure can be used to
determine suitable budgets in new settings.

Finally, we use the number of decoder tokens
as an architecture-independent proxy for efficiency.
This measure captures both input and generated
tokens, but not visual-encoder computation, the
latency and overhead of the additional inference
pass, or hardware-dependent differences in cost.
Measuring wall-clock latency, memory use, and
FLOPs would be necessary to establish the full
computational trade-off.
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A Prompts

This appendix shows the prompts used in our exper-
iments Figures 6-8). For readability, each prompt
shows a single table image, but every <image>
placeholder in the actual prompts is accompanied
by its corresponding table image. The tables shown
here are included for reference only and are not
rendered at the pixel dimensions of any particular
visual-token budget.

A.1 Transcription (OCR)

Figure 6 shows the prompt used for table tran-
scription, in the IMG—HTML setting. In the
HTML—HTML and LATEX—HTML settings, each
<image> placeholder is replaced by the HTML or
LaTeX serialization of the same table, respectively,
and the rest of the prompt remains unchanged.

A.2 Question Answering (QA)

Figures 7 and 8 show the prompts used for direct
QA and for our two-stage method, both in the
hybrid setting. The HTML setting replaces each
<image> placeholder with the HTML serialization
of the same table, and the rest of the prompt re-
mains unchanged.

B Confidence intervals

Every score we report is a mean over a fixed set
of N test examples. We take the test example as
the unit of analysis and report the standard error
of the mean (s.e.m.). Let s; € {0, 1} be a model’s
exact-match accuracy on example . We report the
mean [ = % > ; Si (shown as a percentage) with
a band of +1 s.e.m., a 68% interval under a nor-
mal approximation, which captures the sampling
uncertainty of each plotted mean:

o N
o .9 1 2
sem.=—, 0°=—— (si — u) . (D)

C Quantifying Token Savings

Each configuration in this work gives us two num-
bers, accuracy and token cost. We know that the
Pareto frontier lies in the upper-left corner of our
accuracy per token graphs, but defining its precise
gradient requires choosing which of the two to
prioritize. When selecting a point of reference to
compare our method against, we prioritize accu-
racy. That is, we compare the cheapest and most
accurate configuration of each method, first select-
ing the most accurate and then, among the results
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( )
prompt
You are given a financial document containing text and interleaved tables.

Your task is to convert ONLY the tables into HTML. Ignore the rest of the document.

Rules:

- Preserve the exact structure, hierarchy, and content of each table.

- Use ONLY these tags: <td>, <tr>, <table>, <sup>, <i>, <sub>. And only the following attributes
when needed: colspan, rowspan. Do not use any other HTML tags or attributes.

- Do not add, omit, or modify any cell content. Reproduce it exactly as it appears.

- Output one HTML string per table, in order of appearance in the document, one after the other
<table>...</table><table>...</table>.

Example:

This table <image> should be converted as:

<table><tr><td></td><td colspan=\"2\">As of December</td></tr><tr><td><i>$ in millions</i></td><td>
2015</td><td>2014</td></tr><tr><td>Collateral available to be delivered or repledged<sup>1</sup></
td><td> $636,684</td><td>$630,046</td></tr><tr><td>Collateral that was delivered or repledged</
td><td> 496,240</td><td>474,057</td></tr></table>

Document:
// ... text omitted in the paper ... //
<image>
May 27, 2012 May 29, 2011
In Millions Notes Payable Weighted- Average Interest Rate = NotesPayable Weighted-Averagelnterest Rate
U.S. commercial paper = $412.0 0.2% $192.5 0.2%
Financial institutions 114.5 10.0 118.8 11.5
Total $526.5 2.4% $311.3 4.5%
// ... text omitted in the paper ... //
<image>
// ... text omitted in the paper ... //
J
Figure 6: Prompt used for table transcription.
( )
prompt
You are given a financial document containing text and interleaved tables.
Answer the following question based ONLY on the provided document.
You may reason about the answer, but you MUST include your final answer in the following JSON
format exactly once in your response:
{"answer": "YOUR_ ANSWER"}
Rules:
- Provide the answer exactly as it appears or can be derived from the document.
- Do not include units, currency symbols, or extra text inside the answer unless the question asks
for them.
- If the answer is a number, provide it as a plain number (e.g., \"21164\", not \"$21,164\" or
\"21,164 million\").
Example:
Question: What's the greatest value of Consumer in 2011? (in million)
Answer: {\"answer\": \"21164\"}
Document:
// ... text omitted in the paper ... //
<image>
May 27, 2012 May 29, 2011
In Millions Notes Payable = Weighted- Average Interest Rate = NotesPayable Weighted-Averagelnterest Rate
U.S. commercial paper $412.0 0.2% $192.5 0.2%
Financial institutions 114.5 10.0 118.8 11.5
Total $526.5 2.4% $311.3 4.5%
// ... text omitted in the paper ... //
<image>
Question: What's the total amount of the elements in the years where Corporate is greater than
700002
_ J

Figure 7: Prompt used for direct QA.




Step 1 prompt

You are given a financial document containing text and interleaved tables.

In this stage you MUST request the table(s) you need in order to answer the given question. Do not
answer the question and do not reason in this first step, focus only on requesting the right table
to answer the question. You will reason later when the table is retrieved.

Each table in the document is associated with an identifier of the form [TABLE n], where n is its
number in the document.

To request a table, emit JSON in this format:

{"request_table": n}

where n is the table's number (e.g., to request [TABLE 0] emit {"request table": 0}). If answering
genuinely requires data from more than one table, you may emit several such objects in the same
response (e.g., {"request_table": 3},{"request_table": 1}).

Request ONLY the specific table(s) strictly necessary to answer this question.

The requested table(s) will then be provided, and you will answer in the next step.

Document:

// ... text omitted in the paper ... //

[TABLE_0]

<image>

May 27, 2012 = May 29, 2011

In Millions Notes Payable = Weighted- Average Interest Rate = NotesPayable = Weighted-AverageInterest Rate
U.S. commercial paper $412.0 0.2% $192.5 0.2%
Financial institutions 114.5 10.0 118.8 11.5
Total $526.5 2.4% $311.3 4.5%

// ... text omitted in the paper ... //

[TABLE n]

<image>

Question: What's the total amount of the elements in the years where Corporate is greater than
70000°?
\

r

Step 2 prompt
Below are the table(s) you requested:

[TABLE_ 3]
<image>

Now answer the question using the original document together with the table(s) above. You can no
longer request additional tables.

You may reason about the answer, but you MUST include your final answer in the following JSON
format exactly once in your response:

{\"answer\": \"YOUR ANSWER\"}

Rules:

- Provide the answer exactly as it appears or can be derived from the document.

- Do not include units, currency symbols, or extra text inside the answer unless the question asks
for them.

- If the answer is a number, provide it as a plain number (e.g., \"21164\", not \"$21,164\" or
\"21,164 million\").

Example:
Question: What's the greatest value of Consumer in 2011? (in million)
Answer: {\"answer\": \"21164\"}

Question: What's the total amount of the elements in the years where Corporate is greater than
70000?
.

Figure 8: Prompt used for our two-stage method.



Algorithm 1 Token savings at matched accuracy

1: Order the baseline results by accuracy, highest
first, and take each in turn as the target level.

2: Collect every configuration, from either
method, whose accuracy is not below the target
once error intervals are accounted for.

3: If none of our method’s configurations quali-
fies, the target is out of reach; skip to the next.

4: Otherwise take the cheapest qualifying config-
uration of our method and the cheapest quali-
fying baseline.

5: Report the percentage of tokens the former
saves over the latter.

at equivalent performance, the cheapest. We de-
fine equivalence using the confidence intervals of
Appendix B.

We also assume that the baseline can represent
tables as images and that pixel-level compression is
available to it as well. Note that this strips from our
results the improvements that come from those two
techniques alone, so what remains comes solely
from the two-stage procedure itself, making this a
conservative estimate and, in our view, a fairer and
more realistic comparison. Algorithm 1 states the
procedure.

D Effect of Test-Time Reasoning

Figure 9 compares direct QA with and without test-
time reasoning across visual token budgets. Two
patterns emerge. First, the token cost of reasoning
grows as tables are compressed, so the gap between
the two conditions widens towards the lower bud-
gets, which is the effect discussed in Section 4.2.
Second, the accuracy benefit of reasoning varies
by model, but is predominantly positive across all
models. We enable test-time reasoning in the main
experiments because both datasets emphasize nu-
merical reasoning, and because it is the stronger of
the two conditions for most models.

E Full Results

This appendix reports the complete results for Sec-
tions 4.2, 5.2, and 5.3, for all models and both
datasets. Figures show accuracy against total to-
kens; tables give the underlying numbers, including
the breakdown of token counts into their textual, vi-
sual, and generated tokens. On FinLongDocQA we
evaluate only the largest and most recent model of
each family, as Gemma 4 E4B’s 128k context win-

dow cannot accommodate these documents along-
side reasoning traces, and each configuration is
considerably more expensive to run at this length.

E.1 Full-Context QA

In this setting, the complete document is provided
to the model, with tables represented as images at
each visual token budget (Figure 10). Direct QA
answers from this context in a single step, while our
two-stage method first identifies the tables it needs
and then reasons over them at native resolution.

E.2 QA over Retrieved Context

In this setting, the context is assembled by BGE-
M3 rather than fed in full, using k=5 on Multi-
Hiertt and k=100 on FinLongDocQA (Figure 11).
Direct QA and our two-stage method operate over
this reduced context, with single-step QA over re-
trieved units at increasing k included as a reference
for what retrieval alone achieves.

F Table Identification: All Models

Figures 12 and 13 extend the identification re-
sults of Section 5.1 to every model. Robustness
to compression holds across the board: identifica-
tion varies little across visual token budgets for all
models. The gain over the TABLEID is clear for
Qwen 3.5 and the Gemma 4 models, but marginal
for Qwen 3 VL.

On FinLongDocQA, identification F1 is almost
identical between low image budgets and TABLEID.
As noted in Section 5.1, this dataset annotates evi-
dence at the page level, so treating every table on an
evidence page as relevant yields an upper bound on
the true evidence set. The downstream accuracies
printed above each bar tell a different story. Remov-
ing table contents costs Qwen 3.5 a large amount
of accuracy (37.0 at 64 tokens against 17.8 for
TABLEID) and Gemma4 26B-A4B a smaller one
(43.2 against 41.2), even though the two conditions
are indistinguishable under F1. This is consistent
with the annotation being too coarse to separate
them: a model that locates the right page scores
well whether or not it can tell which of its tables
matters, while the answer still depends on getting
that distinction right.

G At What Resolution to Return the
Requested Table

The two stages of our method have independent
budgets: the first compresses every table in the con-
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Figure 9: Direct QA with and without test-time reasoning across visual token budgets on MultiHiertt, for all four
reasoning-capable models. Compression widens the gap between the two conditions, as lower budgets induce longer

reasoning traces.

text, while the second returns the requested table
at a chosen resolution. The main text fixes the re-
turn budget at 1,024 visual tokens, which amounts
to no compression on our datasets. Figure 14 jus-
tifies this choice on Qwen 3.5-9B, sweeping the
return budget over HTML and the five visual-token
budgets for each of the five context budgets.

Accuracy holds up as long as the returned table
is legible: HTML and 1,024 visual tokens perform
equally, and accuracy begins to degrade from 512
tokens onwards—slightly at first, then more clearly
at the lower budgets. Generated tokens mirror the
finding of Section 4.2: returning the evidence at a
low budget reintroduces the longer reasoning traces
that compression induces, so the second stage loses
the very property that motivates it. We therefore re-
turn the requested table at 1,024 tokens, which pre-
serves accuracy and keeps reasoning traces short,
and which on our datasets is equivalent to returning
it uncompressed.

H Retriever Comparison

This appendix compares the two retrievers used
in the paper and justifies where each is applied.
BGE-M3 (Chen et al., 2024a) indexes linearised
text, while ColQwen?2 (Faysse et al., 2024) indexes
rendered images, so only the former can operate
over a pool that mixes paragraphs and tables. Fig-
ure 15 reports average recall and F1 against the
number of retrieved units, under three settings. In
any (paragraph) and any (table), the pool contains
both the document’s paragraphs and its tables, and
we measure how well the retriever recovers para-
graph evidence and table evidence respectively;
only BGE-M3 applies here. In fables, the pool con-
tains tables alone, which allows both retrievers to

be compared directly, BGE-M3 over their textual
serialization and ColQwen2 over their rendered
images.

ColQwen?2 outperforms BGE-M3 at retrieving
tables from a table-only pool, which is why we use
it in the table-retrieval setting of Section 5.3 and as
the reference operating point in the identification
results of Section 5.1. BGE-M3 is used wherever
the pool mixes modalities, since ColQwen2 cannot
index text.

On FinLongDocQA we omit the any (para-
graph) setting, as the dataset annotates evidence at
the page level rather than per passage. For the same
reason, we treat every table on an evidence page as
an evidence table, which inflates the size of the evi-
dence set and is part of why recall approaches 1.0
more slowly than on MultiHiertt; the far larger can-
didate pool, around 80 tables per document against
three, accounts for the rest.

I Retriever for Identification

Section 5.3 asks whether a dedicated retriever can
replace the identification stage of our method. Fig-
ure 16 reports the full curves behind that compari-
son, for every model and both datasets. In the re-
trieval condition the document text is fed in full, as
in our hybrid setting, but the tables are supplied by
ColQwen?2 at increasing k and left uncompressed,
so the retriever assumes the role our first stage oth-
erwise plays.
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Figure 10: Accuracy against total tokens for direct QA and our two-step method, on MultiHiertt (top) and
FinLongDocQA (bottom), for Qwen 3 VL 8B, Qwen 3.5 9B, Gemma4 E4B, and Gemma4 26B-A4B for full
document. Markers along each line correspond to visual token budgets, and bands show %1 s.e.m. across examples
(Appendix B).
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Figure 11: Accuracy against total tokens for direct QA, our two-step method, on MultiHiertt (top) and FinLong-
DocQA (bottom), for Qwen 3 VL 8B, Qwen 3.5 9B, Gemma 4 E4B, and Gemma4 26B-A4B. We feed a context
retrieved by BGE-M3, with single-step QA over the retrieved units at increasing k as reference. Markers along each
line correspond to visual token budgets, and bands show +1 s.e.m. across examples (Appendix B).
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Figure 12: Relevant-table identification (F1) on MultiHiertt across token budgets and table representations, for all
models. Bars show identification F1 (y axis), decomposed into F1 achieved vs. shortfall on requested tables; HTML
and TABLEID are references, and the horizontal lines mark random choice and ColQwen2@1, its best-F1 operating
point. The percentage above each bar is the overall downstream QA accuracy.
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Figure 13: Relevant-table identification (F1) on Fin-
LongDocQA for the two models evaluated on this
dataset. Bars and references are as in Figure 12, except
that the retrieval line marks ColQwen2 @4, its best-F1
operating point on this dataset. FinLongDocQA anno-
tates evidence at the page level, so every table on an
evidence page counts as relevant and the resulting scores
are an upper bound on true identification performance.
These results are shown for reference and are not used
to support any claim in the paper.
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In any (paragraph) and any (table) the pool contains both paragraphs and tables, and only the text retriever applies;
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as its evidence is annotated at the page level.
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Figure 16: Accuracy against total tokens for our two-stage method with model-based table identification, and for
direct QA over a context in which the tables are supplied by ColQwen?2 at increasing k, on MultiHiertt (top) and
FinLongDocQA (bottom). Both conditions receive the full document text; they differ only in how the tables reach
the model. Markers along our curves correspond to visual token budgets, and bands show +1 s.e.m. across examples
(Appendix B).



Model Budget Task Acc. Inputtext Inputvisual Outputtext Total

Qwen 3 VL-8B - Dir. QA 24.8 4696 0 32768 36752
Qwen 3 VL-8B 1024  Dir. QA 42.2 2601 1351 2745 6990
Qwen 3 VL-8B 512 Dir. QA 40.0 2601 1089 2563 6682
Qwen 3 VL-8B 256 Dir. QA 34.5 2601 722 3100 6574
Qwen 3 VL-8B 128 Dir. QA 28.2 2601 430 3526 7053
Qwen 3 VL-8B 64 Dir. QA 17.8 2601 294 4522 7346
Qwen 3 VL-8B - 2Stage QA 37.4 5987 0 3920 8094
Qwen 3 VL-8B 1024 2Stage QA 39.7 2884 1923 3457 6812
Qwen 3 VL-8B 512 2Stage QA 39.2 2886 1742 3688 6435
Qwen 3 VL-8B 256 2Stage QA 39.0 2886 1344 3982 6162
Qwen 3 VL-8B 128 2Stage QA 36.6 2878 966 4991 5901
Qwen 3 VL-8B 64 2Stage QA 34.5 2872 766 5990 5956
Qwen 3.5-9B - Dir. QA 39.6 4765 0 4958 9946
Qwen 3.5-9B 1024  Dir. QA 40.5 2650 1358 2974 7472
Qwen 3.5-9B 512 Dir. QA 39.1 2650 1070 2818 6874
Qwen 3.5-9B 256 Dir. QA 37.3 2650 717 3140 6780
Qwen 3.5-9B 128 Dir. QA 29.8 2650 425 3804 7206
Qwen 3.5-9B 64 Dir. QA 23.2 2650 292 5238 8466
Qwen 3.5-9B - 2Stage QA 39.9 6064 0 2190 8795
Qwen 3.5-9B 1024 2Stage QA 41.1 2959 1891 1772 7008
Qwen 3.5-9B 512 2Stage QA 40.8 2962 1716 1695 6536
Qwen 3.5-9B 256 2Stage QA 41.2 2960 1338 1824 6282
Qwen 3.5-9B 128 2Stage QA 40.8 2960 984 1882 6110
Qwen 3.5-9B 64 2Stage QA 40.5 2959 822 1868 5910
Gemma 4-E4B - Dir. QA 355 4756 0 790 5723
Gemma 4-E4B 1024  Dir. QA 35.5 2632 4292 688 7422
Gemma 4-E4B 512 Dir. QA 35.2 2632 2114 758 5498
Gemma 4-E4B 256 Dir. QA 329 2632 1028 786 4528
Gemma 4-E4B 128 Dir. QA 29.9 2632 494 839 4115
Gemma 4-E4B 64 Dir. QA 23.1 2632 235 902 3858
Gemma 4-E4B - 2Stage QA 36.3 5978 0 560 6679
Gemma 4-E4B 1024  2Stage QA 35.7 3841 4292 574 8590
Gemma 4-E4B 512 2Stage QA 36.2 3839 2114 557 6600
Gemma 4-E4B 256 2Stage QA 35.2 3830 1028 566 5566
Gemma 4-E4B 128 2Stage QA 35.1 3820 494 598 5034
Gemma 4-E4B 64 2Stage QA 33.7 3816 235 615 4810
Gemma 4-26B A4B - Dir. QA 44.2 4756 0 4332 9666
Gemma 4-26B A4B 1024  Dir. QA 44.9 2632 4292 3874 11326
Gemma 4-26B A4B 512 Dir. QA 43.7 2632 2114 4112 9280
Gemma 4-26B A4B 256 Dir. QA 40.8 2632 1028 5138 9118
Gemma 4-26B A4B 128 Dir. QA 36.4 2632 494 6739 9982
Gemma 4-26B A4B 64 Dir. QA 24.7 2632 235 10288 13339
Gemma 4-26B A4B - 2Stage QA 40.7 5983 0 1869 8508
Gemma 4-26B A4B 1024  2Stage QA 41.2 3886 4292 1956 10540
Gemma 4-26B A4B 512 2Stage QA 42.0 3886 2114 1968 8468
Gemma 4-26B A4B 256 2Stage QA 41.0 3870 1028 2230 7492
Gemma 4-26B A4B 128 2Stage QA 39.1 3852 494 2138 6948
Gemma 4-26B A4B 64 2Stage QA 37.0 3778 235 1948 6360

Table 4: Full-context results on MultiHiertt. Budget is the visual token budget applied to each table image, with
‘~’ denoting the HTML setting in which tables are serialized as text; Task is the QA setting. Acc. is exact-match
accuracy; the remaining columns report median token counts per example, split into input text tokens, input visual
tokens, and generated tokens, with their sum in Total.



Model Budget Task Acc. Inputtext Inputvisual Outputtext  Total

Qwen 3.5-9B - Dir. QA 29.0 102782 0 4760 108016
Qwen 3.5-9B 1024  Dir. QA 25.8 61050 33444 3690 100936
Qwen 3.5-9B 512 Dir. QA 255 61050 24916 3844 91947
Qwen 3.5-9B 256 Dir. QA 25.0 61050 15950 4116 82064
Qwen 3.5-9B 128 Dir. QA 19.0 61050 8914 5006 75332
Qwen 3.5-9B 64 Dir. QA 14.8 61050 6064 5252 73452
Qwen 3.5-9B - 2Stage QA 382 104222 0 3949 108494
Qwen 3.5-9B 1024 2Stage QA 42.8 61973 33732 2342 101184
Qwen 3.5-9B 512 2Stage QA 422 61974 25564 2434 91910
Qwen 3.5-9B 256 2Stage QA 42.2 61974 16652 2336 82077
Qwen 3.5-9B 128 2Stage QA 40.2 61974 9398 2404 75324
Qwen 3.5-9B 64 2Stage QA 37.0 61974 6562 2923 72930
Gemma 4-26B A4B - Dir. QA 445 102562 0 4984 109496
Gemma 4-26B A4B 1024  Dir. QA 40.2 60829 85892 4642 157397
Gemma 4-26B A4B 512 Dir. QA 40.8 60829 42340 5398 112222
Gemma 4-26B A4B 256 Dir. QA 40.0 60829 20630 5686 90110
Gemma 4-26B A4B 128 Dir. QA 38.0 60829 9990 6712 80083
Gemma 4-26B A4B 64 Dir. QA 28.7 60829 4814 8182 75411
Gemma 4-26B A4B - 2Stage QA 502 104154 0 2796 109296
Gemma 4-26B A4B 1024  2Stage QA 41.5 62219 85892 3154 158804
Gemma 4-26B A4B 512 2Stage QA 46.2 62948 42340 3088 112073
Gemma 4-26B A4B 256 2Stage QA 47.2 62468 20630 3368 89158
Gemma 4-26B A4B 128 2Stage QA 45.8 62764 9990 3248 78417
Gemma 4-26B A4B 64 2Stage QA 43.2 62696 4814 3444 73280

Table 5: Full-context results on FinLongDocQA. Budget is the visual token budget applied to each table image,
with ‘=" denoting the HTML setting in which tables are serialized as text; Task is the QA setting. Acc. is exact-match
accuracy; the remaining columns report median token counts per example, split into input text tokens, input visual
tokens, and generated tokens, with their sum in Total. Gemma 4 E4B and Qwen3-VL-8B are omitted, as this dataset
exceeds the context window of the former and makes every configuration considerably more expensive to run.

Model Budget Task Acc. Inputtext Inputvisual Outputtext Total
Qwen 3 VL-8B 1024@100 Re. QA 39.0 2583 1358 2828 7005
Qwen 3 VL-8B 1024@50 Re. QA 394 1927 1348 2901 6372
Qwen 3 VL-8B 1024@25 Re. QA 39.5 1091 1260 2679 5153
Qwen 3 VL-8B 1024@5 Re. QA 375 358 768 2934 4066
Qwen 3 VL-8B 1024@3  Re. QA 369 290 616 2952 3936
Qwen 3 VL-8B 1024@2  Re. QA 32.8 255 531 3188 3940
Qwen 3 VL-8B 1024@1 Re. QA 28.7 221 336 3318 3858
Qwen 3.5-9B 1024@100 Re. QA 41.2 2650 1358 2889 7184
Qwen 3.5-9B 1024@50 Re. QA 40.3 1978 1348 2991 6502
Qwen 3.5-9B 1024@25 Re. QA 40.7 1122 1260 3201 5668
Qwen 3.5-9B 1024@5  Re. QA 39.5 372 768 3341 4462
Qwen 3.5-9B 1024@3  Re. QA 36.7 302 616 3775 4630
Qwen 3.5-9B 1024@2  Re. QA 342 267 531 4208 4896
Qwen 3.5-9B 1024@1  Re. QA 28.6 232 336 4318 4818
Gemma 4-E4B 1024@100 Re. QA 354 2632 4292 744 7498
Gemma 4-E4B 1024@50 Re. QA 359 1979 4284 728 6798
Gemma 4-E4B 1024@25 Re. QA 36.0 1126 3276 758 5637
Gemma 4-E4B 1024@5  Re. QA 34.7 381 2144 719 2950
Gemma 4-E4B 1024@3  Re. QA 33.0 311 1100 686 2514
Gemma 4-E4B 1024@2  Re. QA 30.0 276 1085 671 2114
Gemma 4-E4B 1024@1  Re. QA 25.0 241 1078 656 1720
Gemma 4-26B A4B  1024@100 Re. QA 43.9 2632 4292 4117 11314
Gemma 4-26B A4B  1024@50 Re. QA 434 1979 4284 4036 10262
Gemma 4-26B A4B  1024@25 Re. QA 433 1126 3276 4257 9310
Gemma 4-26B A4B  1024@5  Re. QA 42.8 381 2144 3955 6256
Gemma 4-26B A4B  1024@3  Re. QA 39.8 311 1100 4368 6011
Gemma 4-26B A4B  1024@2  Re. QA 36.4 276 1085 4201 5616
Gemma 4-26B A4B 1024@1  Re. QA 30.8 241 1078 4766 5532

Table 6: Results on MultiHiertt with a context retrieved by BGE-M3. Budget reports the visual token budget applied
to each table image and the number of retrieved units £, in the form budget@#k; Task is the QA setting. Acc. is
exact-match accuracy; the remaining columns report median token counts per example, split into input text tokens,
input visual tokens, and generated tokens, with their sum in 7otal.



Model Budget Task Acc. Inputtext Inputvisual Outputtext Total
Qwen 3.5-9B 1024@200 Re. QA 33.2 14574 24480 3188 44049
Qwen 3.5-9B 1024@100 Re. QA 29.5 6266 16518 3908 28185
Qwen 3.5-9B 1024@10 Re. QA 242 782 1870 6042 9134
Gemma 4-26B A4B  1024@200 Re. QA 42.8 14688 64844 5413 88282
Gemma 4-26B A4B  1024@100 Re. QA 41.2 6370 42202 6561 57069
Gemma 4-26B A4B  1024@10 Re. QA 30.8 804 4351 8650 14367

Table 7: Results on FinLongDocQA with a context retrieved by BGE-M3. Budget reports the visual token budget
applied to each table image and the number of retrieved units %, in the form budget@Fk; Task is the QA setting.
Acc. is exact-match accuracy; the remaining columns report median token counts per example, split into input text
tokens, input visual tokens, and generated tokens, with their sum in 7otal. Gemma4 E4B and Qwen3-VL-8B are

omitted for the reasons given in Table 5.
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