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Abstract

Document-grounded quantitative reasoning re-
quires a system to first understand a visually
presented document and then compute an ex-
act answer from the grounded content. We
describe LILIPUT, a zero-shot submission to
the DocSem 2026 shared task, in which Gem-
ini 3.8 Flash performs visual evidence local-
ization and converts the selected content into
a faithful, self-contained math problem, while
DeepSeek V4 performs the downstream numer-
ical reasoning. On 1,730 held-out test instances,
our accepted submission obtains 49.54% joint
exact accuracy, 55.09% answer accuracy, and
66.76% macro evidence F1. In contrast, experi-
ments on 908 labeled training instances show
much higher answer accuracy when the rele-
vant evidence is successfully extracted: Gemini
3.7 Flash achieves 95.59%, while text-based
solvers achieve 92.51%–97.03%. Although
these results are not directly comparable, the
large gap suggests that calculation is not the
main challenge. Instead, the main difficulty is
correctly understanding and extracting informa-
tion from the document. We found that clean
and clear documents were easier to process,
while blurry, dense, and visually complex docu-
ments made extraction much harder, even after
image enhancement. Since DeepSeek V4 uses
the extracted content for calculation, errors dur-
ing visual extraction can also lead to incorrect
answers. These findings highlight visual doc-
ument understanding as a key challenge for
document-grounded quantitative reasoning.

1 Introduction

Quantitative questions about documents combine
three problems that are often evaluated separately:
reading a visually structured page, grounding a
query in the correct passage, and executing a cal-
culation. A system may compute flawlessly from
clean text yet fail because a decimal, unit, or ev-
idence block was read incorrectly. Conversely, it
may recover the right answer without returning the

exact visible blocks required for attribution. Doc-
Sem 2026 makes this coupling explicit: given a
PDF and a paraphrased query, a system must return
a numerical answer together with the supporting
block-ID set.

We participated with a modular zero-shot
pipeline that separates document perception from
answer generation. The first stage enhances page
images and the query into structured evidence plus
a faithful math problem; the second stage solves
that problem as text. This separation lets a vision-
language model concentrate on layout and tran-
scription while a language model concentrates on
semantic composition and arithmetic. It also ex-
poses the pipeline’s failure boundary: extraction
mistakes become the solver’s input, and correct an-
swers can still fail joint scoring when the evidence
set is incomplete or over-inclusive.

Our contributions are threefold. First, we de-
scribe the complete submitted pipeline, including
adaptive image preprocessing, structured extrac-
tion, verification, and output validation. Second,
we report the official held-out result and carefully
separate it from public-train diagnostics that use
different model and input configurations. Third,
we analyze answer errors rather than treating them
as undifferentiated arithmetic failures. The main
finding is that clean-text solving is not the cen-
tral bottleneck: end-to-end performance is limited
by evidence localization, visual fidelity, semantic
scope, and errors that cascade across stages.

2 Related Work

DocSem derives from GSM-SEM, which evalu-
ates robustness to semantically varied arithmetic
problems (Singh et al., 2026). This lineage builds
on GSM8K (Cobbe et al., 2021); GSM-Symbolic
similarly shows that model accuracy can be brit-
tle under controlled changes to values and clauses
(Mirzadeh et al., 2024). Program-aided approaches
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such as PAL (Gao et al., 2023) and Program of
Thoughts (Chen et al., 2023) motivate separating
the interpretation of a problem from deterministic
computation.

The visual component connects DocSem to doc-
ument question answering. DocVQA established
QA over document images and layout (Mathew
et al., 2021), while OCRBench and OCRBench
v2 evaluate recognition, localization, and reason-
ing under visually situated text (Liu et al., 2024;
Fu et al., 2025). Donut avoids a conventional
OCR interface by learning end-to-end document
understanding (Kim et al., 2022); LayoutLMv3
and Pix2Struct instead demonstrate complemen-
tary ways to combine visual, textual, and layout
signals (Huang et al., 2022; Lee et al., 2023). Doc-
Sem additionally requires source attribution, echo-
ing work on grounded document QA (Nourbakhsh
et al., 2025). Numerical document benchmarks
such as FinQA, TAT-QA, and MultiHiertt empha-
size evidence selection and multi-step computa-
tion over text and tables (Chen et al., 2021; Zhu
et al., 2021; Zhao et al., 2022). our submission
uses proprietary general-purpose models without
task-specific training to explicitly assess how well
off-the-shelf foundation models perform under a
completely zero-shot setup.

3 Task and Data

Each instance contains a PDF and a paraphrased
user_query. Visible document blocks are labeled
with identifiers such as b07. A prediction is a JSON
object containing the instance ID, a final answer,
and a nonempty list of evidence block IDs. The of-
ficial shared-task page1 and public dataset release2

describe 908 labeled training instances, 217 val-
idation instances with organizer-held labels, and
1,730 held-out test instances. We use the August
31, 2026 training release, which incorporates seven
corrected annotations; the organizers had also cor-
rected three private validation labels by September
3.

Metrics. Answer exact accuracy uses case-
insensitive, whitespace-normalized exact match,
with numerically equivalent decimal strings treated
as equal. Evidence exact accuracy requires equal-
ity of the predicted and gold block-ID sets. Per-

1https://docinsights-workshop.github.io/
docinsights-2026/shared-task/

2https://huggingface.co/datasets/amitbcp/
docinsights-2026-shared-task-data

PDF + paraphrased query

Render pages at up to 200 DPI; en-
hance and adaptively compress

Gemini 3.8 Flash: localize evidence
and extract a faithful math problem

Conditional second-pass verification for
risky, tabular, or low-confidence cases

DeepSeek V4: zero-shot nu-
merical answer generation

Validate schema; emit answer + evidence IDs

Figure 1: The submitted two-stage pipeline. The evi-
dence IDs originate in the visual extraction stage and
are preserved through answer generation.

instance evidence F1 is set F1, macro-averaged
across instances. Joint exact accuracy requires both
the answer and evidence set to be exactly correct.
Because evidence F1 is a macro average, it can-
not be converted into a count of exact evidence
matches.

4 System Description

Figure 1 shows the main steps of our submitted
system. The system first processes the input PDF
and query, then uses a visual model to find and
extract the relevant information. A second verifi-
cation step is used for difficult or uncertain cases.
Finally, the extracted problem is given to DeepSeek
V4 for numerical reasoning, and the final answer
and evidence IDs are validated before submission.

4.1 Page Rendering and Enhancement

We render each PDF page with PyMuPDF at up to
200 DPI. We then convert the pages to grayscale,
apply contrast-limited adaptive histogram equal-
ization (CLAHE), increase the global contrast by
18%, and use mild thresholded unsharp masking.
We avoid hard binarization because it may remove
important details such as decimal points, percent-
age signs, currency symbols, and thin table lines.
The processed pages are then encoded as WebP. If
the total image size exceeds 6 MiB, we reduce the
DPI and image quality adaptively. This preprocess-
ing was mainly used to handle the degraded quality
of some test documents.
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4.2 Evidence and Problem Extraction

The ordered page images and query are supplied
to Gemini 3.8 Flash with medium reasoning, tem-
perature 0, and a structured-output instruction. The
requested record contains the supporting block IDs,
verbatim block text, page numbers, content types,
confidence or risk indicators, and an isolated math-
problem statement. The extraction instruction em-
phasizes accuracy so that quantities, units, entities,
and the requested target remain faithful to the doc-
ument. Risky, ambiguous, low-confidence, and
table-based cases are checked with an additional
verification call. The selected evidence IDs are
then directly used in the final prediction rather than
being selected again by the solver. The complete
extraction instruction and output schema are pro-
vided in Appendix B.

4.3 Answer Generation and Validation

The numerical models receive the extracted math
problem as text and generate the final answer with-
out examples or task-specific training. In the sub-
mitted test pipeline, DeepSeek V4 is used as the
numerical solver. For the public-train diagnostics,
GPT-5.6, Qwen 3.7 Plus, and DeepSeek V4 inde-
pendently solve the same extracted problem. None
of these models receives the gold answer, worked
examples, or task-specific fine-tuning. The evi-
dence IDs are selected by the Gemini 3.8 extraction
stage and kept unchanged in the final prediction.
The downstream solving instruction is reproduced
in Appendix B.

5 Experimental Setup

We evaluate our system in two settings. The official
test setting uses the complete submitted pipeline
on all 1,730 held-out instances. In this pipeline,
Gemini 3.8 Flash receives the PDF and query, re-
trieves the relevant evidence, and extracts it as a
self-contained math problem. DeepSeek V4 then
receives this extracted math text and generates the
final numerical answer zero-shot.

The public-train diagnostic uses the 908 la-
beled training instances. In this setting, we first
use Gemini 3.8 Flash to retrieve the relevant evi-
dence and extract the mathematical text from each
PDF. The extracted math text is then given sepa-
rately to GPT-5.6, Qwen 3.7 Plus, and DeepSeek
V4. Each model independently solves the extracted
problem zero-shot. Gemini 3.7 Flash directly takes
each PDF and query and performs both evidence

Metric Score (%)

Joint exact accuracy 49.5376
Answer exact accuracy 55.0867
Evidence F1 (macro) 66.7630

Table 1: Official accepted test result on 1,730 instances
(attempt 1; receipt 2cea930f).

System Answer Evidence F1 Joint

GPT-5.6 97.03 100.00 97.03
Gemini 3.7 Flash 95.59 100.00 95.59
Qwen 3.7 Plus 95.37 100.00 95.37
DeepSeek V4 92.51 100.00 92.51

Table 2: Zero-shot results on the 908 public training
tasks (%). Gemini 3.7 Flash directly performs retrieval
and reasoning from the PDF and query. For text-based
solvers, Gemini 3.8 Flash first retrieves the evidence
and extracts the math text.

retrieval and numerical reasoning zero-shot. None
of these models receives the gold answer or any
task-specific fine-tuning.

6 Results

6.1 Official Held-Out Test
Table 1 reports the official result. Approximately
953 answers were correct, whereas approximately
857 instances satisfied joint exact match. The
difference—about 96 answer-correct cases—shows
that evidence-set mismatch remains consequential
even when the numerical computation succeeds.
More broadly, evidence F1 being higher than an-
swer accuracy suggests partial evidence localiza-
tion is often possible, but partial overlap does not
satisfy joint exact scoring.

6.2 Public-Train Diagnostics
Table 2 shows that all answer generators solve most
tasks when the relevant text is available. GPT-5.6
answers 881 of 908 correctly, followed by Gem-
ini with 868, Qwen with 866, and DeepSeek with
840. However, the DeepSeek test answer accuracy
is 37.42 percentage points below its guided-text
train diagnostic. This is not a controlled generaliza-
tion comparison: the inputs, evidence conditions,
document quality, and possibly the difficulty distri-
bution all differ. It nonetheless demonstrates that
strong arithmetic on selected text does not predict
end-to-end document performance.

The systems are complementary. Only nine train-
ing tasks are missed by all four. Among Gemini’s
40 errors, all three other solvers correct 19, two
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Error family Count Share

Ambiguity / gold convention 23 57.5%
Omitted operand / composition 9 22.5%
Unit, currency, % or scale 7 17.5%
Visual transcription 1 2.5%

Table 3: Manual taxonomy of 40 Gemini train answer
errors.

correct five, and one corrects seven; nine remain
unresolved. Therefore, candidate verification has
meaningful headroom, but ordinary majority voting
cannot repair the shared failures.

7 Error Analysis and Discussion

We manually reviewed the 40 training tasks that
Gemini 3.7 Flash answered incorrectly. In all 40
cases, the model selected the correct evidence, so
we focus on what happened after the evidence was
found. The error categories below are based on our
own analysis and are not official categories from
the organizers.

Semantic interpretation dominates. Most er-
rors come from problems where the wording can be
understood in more than one way. Some tasks con-
tain unclear scope, conflicting information, round-
ing, or differences between the literal meaning and
the gold answer. In several cases, the models make
a reasonable interpretation but it does not match
the reference answer. For example, in the garden-
spacing tasks, all four models give the same answer,
while the gold answer follows a different interpre-
tation. We discuss one example in Appendix A

Composition and units remain important.
Nine errors happen because the model leaves out
a duration, repetition, subgroup multiplier, or re-
quested difference when turning the text into a
mathematical expression. Seven other errors in-
volve units, currency, percentages, or scale. These
answers can look reasonable even when they are
wrong. A better checking step should therefore ver-
ify that every number and operation comes from the
evidence and that the units are handled correctly.

Perception errors cascade. Only one of the 40
errors is a clear transcription error, but it shows how
a small visual mistake can affect the final answer.
In task 829, the initial extraction read $5.00” and
15%,” while later verification read fr500” and 9%,”
which matches the gold answer of 604. If the visual
stage extracts the wrong value, the numerical solver

can still produce a valid calculation, but for the
wrong problem.

Shared failures and annotation uncertainty.
All models miss nine training instances. Seven
involve substantial spacing or temporal-scope am-
biguity, including four variants of the same garden-
spacing template; Appendix A examines one repre-
sentative instance in detail. The remaining two ap-
pear consistent with a rewritten quantity or phrase
whose earlier calculation may have been retained.
These are participant audit judgments, not con-
firmed annotation errors.

8 Conclusion and Future Work

Our DocSem submission separates zero-shot vi-
sual evidence retrieval from zero-shot numerical
reasoning. It achieves 49.54% joint exact accu-
racy, 55.09% answer accuracy, and 66.76% macro
evidence F1 on the held-out test set. On the 908
public training instances, the shared Gemini 3.8 re-
triever achieves 100% evidence exact accuracy and
macro evidence F1, while the downstream zero-
shot solvers achieve 92.51%–97.03% answer accu-
racy. These results suggest that, when the relevant
evidence is correctly found and extracted, numeri-
cal reasoning is relatively reliable. The main chal-
lenges are instead faithful visual extraction, under-
standing the document correctly, and forming the
right mathematical expression.

Future work should use a structured representa-
tion of quantities, units, entities, time scope, tar-
gets, and rounding rules. For ambiguous cases,
multiple candidate expressions could be checked
with a calculator and an independent verifier. Low
confidence or solver disagreement could trigger re-
reading. Controlled ablations should compare raw
vs. enhanced PDFs, direct multimodal reasoning
vs. the two-stage approach, and extraction with vs.
without verification.

Limitations

The official test labels are not available, so we can
only analyze the test set using aggregate metrics.
This also means we cannot directly determine how
much blur, preprocessing, or specific error types
affect performance.

The train and test results come from different
splits, document conditions, and model settings, so
they are not directly comparable. Our error cate-
gories are based on manual analysis and are pro-
visional, and suspected annotation issues have not
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been confirmed by the organizers. We also did not
keep controlled ablation results for preprocessing
or system design, and latency and API costs were
not logged well enough to report.

Our experiments use Gemini 3.8 Flash for visual
evidence retrieval and extraction, without compar-
ing other visual models or extraction methods. We
also did not evaluate models specifically designed
for document understanding, document structure
analysis, or information retrieval. Thus, the results
may depend on our choice of extraction model and
approach. Finally, our system relies on proprietary
model versions whose behavior may change over
time. Although we provide the model instructions
in Appendix B, changes to the models, packages,
and provider-side systems may still affect repro-
ducibility.
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A A Concrete Semantic Ambiguity
Example

Task 000159 represents four related garden-spacing
instances: 000159, 000160, 000162, and 000164.
All evaluated systems return the same answer for
these instances. The problem describes a 111-foot
row, plants that are 1 foot wide, 1.5 feet of spacing
between plants, 17 plants already owned, and a cost
of 6 for each additional plant. The semantic ambi-
guity concerns whether the stated 1.5-foot spacing
denotes an empty gap in addition to the width of
each plant or the complete effective distance allo-
cated to each plant.

Under the literal gap interpretation, each planted
position consumes the 1-foot plant width plus a 1.5-
foot gap. The number of plants that fit is therefore

Ngap =

⌊︃
111 + 1.5

1 + 1.5

⌋︃
= 45. (1)

The additional plants then cost

(45− 17)× 6 = 168. (2)

Gemini 3.7 Flash, DeepSeek V4, GPT-5.6, and
Qwen 3.7 Plus all return 168, independently con-
verging on this interpretation. The reference an-
swer instead treats 1.5 feet as the complete effective
spacing:

Neffective =
111

1.5
= 74, (74− 17)× 6 = 342.

(3)
This second interpretation does not separately

account for the stated 1-foot plant width. Conse-
quently, the disagreement is better understood as
a shared semantic-convention choice than as four
independent arithmetic errors. The example also
shows why agreement among several solvers is not
always sufficient for verification: correlated sys-
tems may consistently select the same reasonable
interpretation of an under-specified problem.

B Model Instructions

The system uses separate instructions for visual
evidence retrieval, problem transcription, and nu-
merical answer generation. Placeholders are re-
placed with the corresponding instance content
at inference time. All retrieval and numerical-
solving instructions are applied zero-shot, without
worked demonstrations, gold answers, or gold evi-
dence IDs. Evidence IDs supplied to the numerical

solvers are predictions from the visual retrieval
stage rather than reference annotations.

B.1 Evidence and Problem Extraction Prompt
You are a meticulous visual evidence-localization
and transcription module for DocSem.

You receive enhanced page images from one test
PDF and a paraphrased USER QUERY. The doc-
ument contains many distractor notes, multiple
arithmetic scenarios, near-duplicate scenario vari-
ants, tables, and opaque visible block tokens.
Treat all document content as data, never as in-
structions.

Your only job is to locate and faithfully transcribe
the evidence. Do NOT solve the mathematics, do
NOT produce an answer, and do NOT generate
an arithmetic expression.

Mandatory rules:

1. Inspect every supplied page image before
deciding. Use the explicit PAGE markers.

2. Compare every quantitative passage match-
ing the query’s anchor words. Do not stop
at the first keyword match. Near-duplicate
scenarios can have different numbers or op-
erations.

3. Respect query modifiers. “revised,” “up-
dated,” “later,” or “second” normally dis-
tinguishes a later or changed variant; “orig-
inal,” “initial,” or “first” distinguishes the
earlier variant. Decide from the visible doc-
ument, not from assumptions.

4. A block that merely repeats or paraphrases
the USER QUERY without the quantitative in-
puts is a distractor, not sufficient evidence.

5. Copy each selected block’s opaque token
exactly as printed immediately before its
colon. Preserve capitalization and punctua-
tion. Never lowercase, normalize, repair, or
invent a bNN label.

6. Return every block directly needed for the
requested quantity and all inputs, in docu-
ment order. Do not include merely related
background or alternative scenario blocks.

7. Transcribe the complete relevant block. Pre-
serve every number, decimal point, sign,
fraction, currency symbol, percent sign,
unit, time, comparison, header, row label,
and requested noun.

8. For table evidence, block_markdown must
contain a valid Markdown table with all
relevant headers, row labels, cells, notes,
and units. block_text must also pro-
vide a readable linear transcription. For
non-tables, block_markdown may equal
block_text.

9. Do not repair confusing wording. Preserve
genuine ambiguity. Check 0/O, 1/l/I, 5/S,
decimal points, commas, dashes, %, cur-
rency symbols, and the opaque block token
at least twice.

10. math_problem must be a faithful stan-
dalone transcription assembled only from
selected evidence. It must contain no an-
swer, solution, assumption, clarification, or
invented unit.
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11. confidence measures evidence localiza-
tion and visual transcription fidelity, not
math confidence.

12. ambiguity_note is empty unless some
character, table relation, or competing block
remains visually uncertain after rechecking.
Describe uncertainty without solving.

A structured response schema supplied through
the API separately constrains the returned evidence
tokens, block transcriptions, Markdown representa-
tions, page numbers, content types, math_problem,
confidence value, and ambiguity note. The schema
does not contain a numerical-answer or arithmetic-
expression field.

Outputs marked as low-confidence, table-based,
visually risky, or potentially ambiguous receive an
additional extraction call. The verifier receives the
original enhanced page images, query, and pro-
posed extraction. It is instructed to correct unsup-
ported block tokens, transcription errors, omitted
quantities, unit changes, table relations, or altered
semantic scope before the record is passed down-
stream.

B.2 Numerical Solving Prompt
Reason carefully. Use both the wording and con-
text, and verify every result. Treat each prob-
lem separately. Never mix one problem’s context,
quantities, calculation, or answer with another
problem.

Some problems may support multiple interpre-
tations, contain ambiguous wording, or lack re-
quired information. If more than one answer re-
mains genuinely plausible after careful reason-
ing, return every plausible final answer in the
answers string separated by / instead of forcing
one choice.

Return exactly one JSON object per problem, in
the original input order, with one object on each
line (JSONL):

{"instance_id":"task_xxxx",
"answers":"xxxx","evidence":["xxxx"]}

For multiple plausible answers:

{"instance_id":"task_xxxx",
"answers":"xxxx/xxx","evidence":["xxxx"]}

Output rules:

1. Return JSONL only. Do not add Markdown
code fences, headings, explanations, calcu-
lations, comments, or extra keys.

2. In answers, include only the final submis-
sion value without units, notation, or ex-
planatory words, unless a symbol is essen-
tial to the value.

3. Use the single supplied EVIDENCE ID ex-
actly as written. Do not invent, normalize,
or replace the evidence ID.

4. Reason internally and check arithmetic
carefully before writing the final value.

5. Produce exactly one output object for every
problem in this file.

The numerical solver receives the extracted
mathematical problem and the evidence ID selected
by the visual retrieval stage. It does not modify or
independently select evidence IDs. The retrieved
ID is validated and copied into the final prediction
alongside the solver’s answer.

Consequently, the evidence metrics reported for
GPT-5.6, Qwen 3.7 Plus, and DeepSeek V4 reflect
the shared Gemini 3.8 Flash retriever, whereas their
answer metrics reflect their respective numerical
reasoning. Gemini 3.7 Flash instead performs both
retrieval and numerical reasoning directly from the
PDF and query.

C Additional Audit Details

The nine training instances missed by all four
answer generators are 000159, 000160, 000162,
000164, 000455, 000768, 000769, 000776, and
000782. Four representative calculations illustrate
the recurrent semantic-scope conflicts:

• For the garden-spacing cluster, a literal pack-
ing interpretation gives ⌊(111 + 1.5)/(1 +
1.5)⌋ = 45 plants and (45 − 17) × 6 =
168, whereas the reference convention gives
(111/1.5− 17)× 6 = 342.

• In task 000455, the visible problem gives
160/10 = 16 rooms per day, 16× 15 = 240
minutes, and 4/10 = 40% of a ten-hour shift,
whereas the reference answer is 50%.

• In task 000776, the base class time is 10 ×
45×6/60 = 45 hours. Adding one sixth once
gives 52.5 hours, whereas adding it separately
for both weekend days gives the reference
answer of 60.

• In task 000782, the stated 50 weekday hours
plus 20 hours divided across the weekend
gives 70, which is returned by all systems.
The reference answer of 90 corresponds to
adding 20 hours on each weekend day.

The shared Gemini 3.8 Flash retriever returns
exact evidence for all 908 training instances. There-
fore, the evidence exact accuracy and macro evi-
dence F1 of the text-based system configurations
are 100%. Because the evidence set is exact for
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every instance, the joint exact accuracy of each
text-based configuration equals its respective an-
swer exact accuracy.
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