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Abstract

This paper presents the results of the UNLP
2026 Shared Task on Multi-Domain Document
Understanding. This Shared Task aims to chal-
lenge and assess AI capabilities to find the right
information in a stack of domain-specific doc-
uments and generalize across domains. Par-
ticipants were required not only to select the
correct answer, but also to localize it by predict-
ing the corresponding document and page. A
total of 54 teams registered for the competition,
15 teams submitted systems, and 513 runs were
evaluated on a hidden test set via Kaggle in a
code-only submission format under constrained
computational resources. The Kaggle leader-
board is left open for further submissions. Sum-
marizing the contributions of this work, we es-
tablish a Ukrainian multi-domain document un-
derstanding benchmark, which consists of: (1)
a collected dataset; (2) a proposed evaluation
metric; and (3) an analysis of top-performing
systems evaluated under a unified framework.

1 Introduction

Working with long and complex documents re-
mains a challenging problem in natural language
processing (NLP). While recent large language
models (LLMs) have made strong progress on ques-
tion answering tasks (Ma et al., 2025), they still
struggle when required to search through document
collections and reliably point to the exact source of
the answer (Huang et al., 2025). Moreover, com-
prehensive benchmarks for evaluating document
understanding capabilities remain limited for mid-
resource languages such as Ukrainian, where un-
derrepresentation in model pretraining and scarce
training resources make robust system development
challenging.

To address these challenges, the Fifth Ukrainian
NLP Conference (UNLP 2026) organized a Shared
Task on Multi-Domain Document Understanding1.

1https://unlp.org.ua/shared-task/

The goal of the task is to evaluate systems that can
both retrieve relevant information from domain-
specific documents and use it to answer questions.
Unlike standard question answering benchmarks,
participants were also required to indicate where
the answer comes from by predicting the corre-
sponding document and page.

The shared task is formulated as a multiple-
choice question answering problem over collec-
tions of domain-specific PDF documents. Given
a question and six candidate answers, systems are
required to:

1. identify the correct answer from six options

2. specify which document contains the answer

3. pinpoint the exact page number where the an-
swer is located

The dataset spans multiple domains with dis-
tinct structures and writing styles, including sport-
ing competition rules, medical product instructions,
and military regulations. The military domain was
kept hidden from participants to test how well sys-
tems generalize to previously unseen data.

The competition was hosted on Kaggle2 in a
code-only submission format under fixed computa-
tional constraints, encouraging participants to build
efficient and reproducible solutions. A total of 54
teams registered, of which 15 actively participated,
producing 513 submissions. Participants explored a
range of approaches, from relatively simple hybrid
retrieval pipelines to more complex multi-stage sys-
tems with reranking and instruction-tuned language
models.

The main contributions of this shared task are as
follows:

• Introduced a dataset for document understand-
ing in Ukrainian, covering three domains, in-
cluding one hidden.

2https://www.kaggle.com/t/
3ab59dd1807746c99d0a5c3b72580a8b
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• Proposed an evaluation framework for assess-
ing system performance on multi-domain doc-
ument understanding.

• Provided a comprehensive analysis of top-
performing Shared Task systems, evaluated
under a unified framework using the proposed
dataset and metric.

The remainder of this paper is organized as fol-
lows. Section 2 reviews previous work. Section 3
outlines the UNLP 2026 shared task setup, presents
the dataset and describes the evaluation metric.
Section 4 reports the leaderboard results and sum-
marises the submitted systems. Section 5 concludes
the paper, while Section 5 provides an ethics state-
ment, and finally, current limitations are stated.

2 Related Work

Document understanding and question answering
(QA) over complex sources have been widely stud-
ied in NLP.

Early benchmarks such as SQuAD (Rajpurkar
et al., 2016) established reading comprehension as
a core NLP task, but focused on short Wikipedia
passages. TAT-QA (Zhu et al., 2021) extended
this to financial documents combining text and ta-
bles, while MultiReQA (Guo et al., 2021) high-
lighted the difficulty of cross-domain retrieval-
based QA. In the visual document understand-
ing space, DocVQA (Mathew et al., 2021a) intro-
duced QA over single-page industry documents,
later extended to the multi-page setting by MP-
DocVQA (Tito et al., 2023). SlideVQA (Tanaka
et al., 2023) expanded multi-page document un-
derstanding to slide decks, requiring evidence se-
lection across multiple images alongside answer
generation. DUDE (Landeghem et al., 2023) fur-
ther introduced multi-domain and cross-domain
generalization as explicit evaluation goals across
visually-rich documents from diverse industries
and origins. Our shared task builds on these ideas
by combining answer selection with document and
page localization but applies them to text-based
multiple-choice QA over domain-specific PDF doc-
uments in Ukrainian.

Benchmarks for document understanding re-
main scarce for Ukrainian. Recent efforts have
focused on building large language models such
as Lapa (Paniv et al., 2025) or MamayLM (Yukhy-
menko et al., 2025), and Syromiatnikov and Ru-
vinskaya (2024) explored context-based QA using

zero-shot and few-shot LLMs on general-domain
texts. The UNLP workshop series has progres-
sively built evaluation infrastructure for Ukrainian:
previous shared tasks addressed LLM instruction-
tuning (Romanyshyn et al., 2024) and social media
manipulation detection (Kyslyi et al., 2025).

The present task extends this line with a more
complex scenario: multi-domain document under-
standing with answer localization over domain-
specific PDFs, including a hidden domain to test
cross-domain generalization.

Several evaluation frameworks have been pro-
posed for measuring performance in document re-
trieval and question answering tasks. Mean Re-
ciprocal Rank (MRR) (Voorhees, 1999) and Nor-
malized Discounted Cumulative Gain (NDCG)
(Järvelin and Kekäläinen, 2002) are widely used
in information retrieval to assess ranking quality,
but they do not account for localization within a
retrieved document. RAGAS (Es et al., 2024) intro-
duced a suite of reference-free metrics for retrieval-
augmented generation, covering faithfulness and
answer relevance, yet it does not evaluate page-
level precision. In the document understanding
space, metrics used in DocVQA (Mathew et al.,
2021b) and MP-DocVQA (Tito et al., 2023) focus
primarily on answer correctness via Average Nor-
malized Levenshtein Similarity (ANLS), without
penalizing incorrect source attribution. Our pro-
posed metric addresses this gap by jointly reward-
ing answer accuracy, document retrieval correct-
ness, and page-level localization in a single unified
score, making it better suited for multi-document,
multi-domain settings where source traceability is
essential.

3 Task Description

The main goal of the shared task was to build a
system capable of retrieving the correct answer to a
particular question from multiple-choice options (6
options) based on a set of documents. In addition,
the developed system should also provide localiza-
tion of the corresponding information within the
document. Thus, the task can be decomposed into
two goals:

• Find the correct answer to a multiple-choice
question

• Identify the document and page where the
answer was found
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Based on the obtained dataset, the system was
evaluated across three domains of PDF documents
in Ukrainian. Additionally, the third domain was
completely hidden from participants during the sys-
tem development stage, which was intended to en-
sure robustness of the system to new domains.

3.1 Data

The dataset consists of three types of open-source
documents in Ukrainian: sporting competition
rules, medical product instructions, and military
regulations. In addition to the documents, it in-
cludes a set of multiple-choice questions associated
with them, along with references to the specific
document pages from which the questions were
derived (see Appendix B for a data sample exam-
ple). All documents were provided in PDF format.
Each domain was accompanied by a README
file describing the content of the documents in
both English and Ukrainian (see an example in Ap-
pendix A). The documents were sourced from offi-
cial government resources, such as the Official Por-
tal of the Ministry of Youth and Sports of Ukraine3,
the regulatory documents website of the Ministry
of Health of Ukraine4, and the official web portal
of the Parliament of Ukraine5.

The sporting rules are long documents that
define competition regulations, including game-
play rules, organizational procedures, participant
requirements, officiating, penalties, and integrity
measures. Some documents also include ethical
provisions and adaptations for people with disabili-
ties. Appendices often contain tables and diagrams.

The medical instructions are shorter texts that
describe the safe and effective use of medicinal
products. They follow a standardized format cover-
ing composition, pharmacology, indications, con-
traindications, dosage, side effects, storage condi-
tions, and regulatory and manufacturer informa-
tion.

The military regulations are extensive docu-
ments that define the principles, structure, and func-
tioning of Ukraine’s defense sector. They include
strategic-level documents outlining defense policy
and reform priorities, as well as statutes of the
Armed Forces that regulate military service.

3https://mms.gov.ua
4https://mozdocs.kiev.ua/
5https://zakon.rada.gov.ua/

3.2 Data Annotation Process
In order to generate questions, we adopted a hybrid
approach: a pool of volunteers created questions
with multiple-choice answers, and additionally, we
generated questions using GPT-4o mini. The latter
were validated by volunteers as well as professional
Ukrainian linguists to ensure grammatical correct-
ness and eliminate hallucinations. Specifically, we
designed an annotation process to assess several
aspects: (1) whether the question is accurate, (2)
whether the answer options are plausible, and (3)
whether the referenced page is correct. For more
details, see Appendix C.

Annotators assessed each question along with
answers as valid, flagged it for removal, or marked
it as uncertain. As 65% of the data was anno-
tated by professional linguists, their judgements
dominated the overall data quality profile. Pro-
fessional linguists applied markedly stricter stan-
dards than volunteers, both in terms of rejection
and correction. As shown in Table 1, linguists
rejected items at nearly twice the rate of volun-
teers (33.6% vs. 19.4%), a statistically significant
difference (z = 3.24, p < 0.01). Among items ap-
proved as valid, linguists further edited at least one
field—question phrasing, correct answer, or a page
number—in 82.7% of cases, compared to 63.3%
for volunteers (z = 3.77, p < 0.001). These re-
sults suggest that professional linguists not only
removed a larger share of items but also actively im-
proved the quality of those they retained. The com-
parison is based on a single domain-matched subset
reviewed by both groups (n = 412), ensuring that
any observed differences in annotation quality are
not confounded by domain variation; therefore, the
results should be treated as exploratory.

As a result, we obtained a dataset that was parti-
tioned into three subsets: train (or dev), public
test, and private test. The dataset statistics
are presented in Table 2. It is important to note that
questions were not written for all documents (as
illustrated in the fourth column of Table 2). Addi-
tional documents in the training set can be used for
system optimization, while additional documents
in the test set can be used for more robust system
validation.
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Group Total items Drop rate 95% CI (drop rate) Valid items Correction rate (valid)
Professional

linguists
226 33.6% [27.5%, 39.8%] 150 82.7%

Volunteers 186 19.4% [13.7%, 25.0%] 147 63.3%

Table 1: Annotation quality metrics by annotator group. Drop rate: proportion of items flagged for removal out of
all reviewed items. Correction rate (valid): proportion of approved items with at least one edited field (question,
correct answer, or page number).

Domain Split #Docs #Docs w Qs Avg. len. #Qs
Sport train 11 11 78.64 20

public 19 19 78.21 319
private 46 46 76.83 704

Medical train 30 20 8.53 20
public 50 50 8.26 464
private 120 106 8.32 942

Military private 5 5 103 500

Table 2: Dataset statistics.

3.3 Evaluation
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Final evaluation metric6 is shown on Equation 1.
And it is composed of three terms:

• Answer accuracy - Equation 2

• Document correctness - Equation 3

• Page correctness - Equation 4

The metric is constructed in such a way that its
upper bound is equal to one, while the lower bound

6https://www.kaggle.com/code/vladimirsydor/
unlp-2026-document-understanding-metric

is theoretically unbounded due to the pi term. How-
ever, by applying a straightforward rule that limits
the number of predicted pages for a particular docu-
ment by the maximum number of pages (n_pagesi),
the minimum value is also effectively bounded by
zero.

Exploring the first term - Answer accuracy - it is
assigned the largest coefficient. This is motivated
by the fact that the two subsequent terms reflect
the system’s localization ability, and we treat them
as a single second goal of the task. It is also im-
portant to mention that accuracy can be affected by
class imbalance; however, since the distribution of
correct choices can be controlled, it can always be
adjusted to be approximately uniform.

Document correctness is required to evaluate
how accurately the system can select the relevant
document. For example, this is important in cases
where the system needs to retrieve information
about a drug that has a very close substitute. It
also directly affects the next term of our metric -
Page correctness - because selecting any page from
an incorrect document is not meaningful.

Finally, Page correctness reflects how close the
predicted page is to the correct page, but only if the
document has been selected correctly. To measure
this closeness, 1 − Relative Absolute Error at the
page level was used. The motivation for this choice
is as follows: using a strict indicator function would
be too restrictive, since information relevant to a
particular question may be distributed across sev-
eral pages, or the exact page may not be predicted
correctly. In such cases, localization near the cor-
rect page is still a more desirable outcome than
predictions far from it. Regarding the use of abso-
lute error instead of a quadratic penalty, this choice
was made to keep the metric simpler and because
it is not obvious how strongly outliers should be
penalized.
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Rank Team Public Score Private Score
1 GA 0.9460 0.9598
2 Bullseye Emoji 0.9211 0.9420
3 Dialogus ex

Machina
0.9402 0.9411

4 Golden Retriev-
ers

0.8876 0.9191

5 Daria Belozor 0.8715 0.8802
6 lawandia 0.8528 0.8775
7 PFW 0.8688 0.8722
8 OM 0.8376 0.8314
9 OksanaTkach 0.7720 0.8210

10 catdlia 0.7831 0.8095

Table 3: Leaderboard for UNLP 2026 Shared Task. Fi-
nal ranking is based on private leaderboard scores; pub-
lic scores are shown for comparison.

3.4 Data Split and Competition Setup
The Shared Task was conducted on the Kaggle
platform7 using a special type of competition - a
Code Competition. This competition format allows
all testing data to be hidden from participants, in-
cluding both target values - correct answer choices,
document IDs, and page numbers - and input data
- questions, documents, and domain descriptions.
This feature is critical for document understanding
and information retrieval shared tasks, as it explic-
itly limits participants from:

• manually finding answers and localizations
for test questions,

• overfitting the system to particular documents
or questions,

• overfitting the system to all domains available
in the test set.

Additionally, all data from the Military domain
was placed in the private test set, so participants
were not able to explicitly track performance on it
via the public leaderboard and ranking. The first
two domains were split document-wise in order to
avoid data leakage. Detailed data split statistics can
be found in Table 2.

4 Results and System Descriptions

In this section, detailed metric results from the top-
ranking team, together with a brief description of
the top two systems on the public leaderboard, are
discussed.

4.1 Overall Results Summary
Metric scores obtained by the top 10 teams on the
public and private test sets are presented in Table 3.

7https://www.kaggle.com

The overall average absolute deviation between
public and private scores is approximately 0.018,
with private scores being slightly higher. This devi-
ation is relatively small, indicating consistent per-
formance across the two evaluation settings. Team
rankings are also largely preserved, with only mi-
nor one-position swaps observed between three
pairs of teams.

The results presented in Table 4 reveal several
consistent tendencies across domains, metrics, and
evaluation settings. First, performance on the pri-
vate test set is generally higher than on the public
test set, indicating that the systems do not exhibit
significant overfitting to the public subset and are
able to generalize reasonably well to unseen data.
This trend is particularly evident for the Sport do-
main, where improvements are observed across all
metrics.

Across domains, the Medical domain demon-
strates the highest overall performance, with consis-
tently strong results for all metrics. This suggests
that the corresponding documents are either more
structured or easier to interpret for retrieval and
localization tasks. In contrast, the Sport domain ap-
pears more challenging, especially in terms of doc-
ument and page correctness, indicating potential
ambiguity in document selection and localization.

Analyzing the decomposed metrics, answer ac-
curacy is generally high and stable across domains,
confirming that systems are effective at selecting
the correct answer once relevant information is
identified. Document correctness also achieves
strong performance, particularly in the Medical
and Military domains, suggesting reliable docu-
ment retrieval. However, page correctness consis-
tently lags behind the other metrics, highlighting
the difficulty of precise localization within docu-
ments. This gap indicates that, while systems can
often identify the correct document, accurately pin-
pointing the exact page remains a more challenging
task.

Finally, the Military domain, available only in
the private test set, shows competitive performance
levels, which suggests that the systems are robust
to domain shifts despite the absence of explicit ex-
posure during development. Overall, the observed
trends indicate that the primary bottleneck of cur-
rent approaches lies in fine-grained localization
rather than answer selection or document retrieval.
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Metric Answer Document Page
Team Pub Priv Pub Priv Pub Priv Pub Priv

Sport
GA 0.9195 0.9481 0.9279 0.9574 0.9310 0.9560 0.8914 0.9216
Bullseye Emoji 0.8601 0.9163 0.8840 0.9403 0.8558 0.9091 0.8166 0.8753
Dialogus ex Machina 0.9198 0.9220 0.9310 0.9176 0.9310 0.9503 0.8860 0.9024
Golden Retrievers 0.7675 0.8254 0.8683 0.8991 0.6897 0.7741 0.6435 0.7292
Daria Belozor 0.7981 0.8452 0.8777 0.9048 0.7524 0.8196 0.6845 0.7515

Medical
GA 0.9629 0.9642 0.9547 0.9628 0.9871 0.9841 0.9551 0.9471
Bullseye Emoji 0.9607 0.9634 0.9569 0.9628 0.9763 0.9756 0.9528 0.9523
Dialogus ex Machina 0.9533 0.9528 0.9461 0.9597 0.9828 0.9735 0.9382 0.9186
Golden Retrievers 0.9703 0.9655 0.9677 0.9628 0.9871 0.9830 0.9587 0.9535
Daria Belozor 0.9220 0.9075 0.9483 0.9406 0.9440 0.9151 0.8474 0.8337

Military
GA – 0.9684 – 0.9540 – 0.9860 – 0.9795
Bullseye Emoji – 0.9381 – 0.9500 – 0.9300 – 0.9223
Dialogus ex Machina – 0.9462 – 0.9340 – 0.9700 – 0.9469
Golden Retrievers – 0.9638 – 0.9580 – 0.9760 – 0.9630
Daria Belozor – 0.8785 – 0.8980 – 0.8820 – 0.8359

Table 4: Performance across 5 top teams, domains, and evaluation metrics. Public (Pub) and private (Priv) scores
are reported. Best values per column are highlighted in bold.

4.2 First Place Solution

The winning team created a system that works in
three stages: chunks documents, retrieves relevant
passages, and then generates an answer (Bazdyrev
et al., 2026). First, documents are split into over-
lapping chunks while keeping important context
intact (tables are flattened into text, and each chunk
gets a prefix identifying which document it came
from). For every multiple-choice option, the sys-
tem builds an instruction-style query and runs it
through dense retrieval using Qwen3-Embedding-
8B, pulling the top 20 candidates. A fine-tuned
Qwen3-8B reranker then narrows these down to
just the top 2 passages. The final answer comes
from Qwen3-32B-AWQ, which uses constrained
decoding so it can only output a valid option label
(A through F). The document and page predictions
are simply taken from passage in which reranker
scored highest. To train the reranker, the team com-
bined Ukrainian QA data (FIdo-AI/ua-squad) with
translated synthetic datasets built from sources like
MS MARCO and HotpotQA. Everything was de-
signed to run within Kaggle’s hardware limits (two
T4 GPUs), relying on vLLM with quantization and
trimmed context lengths to fit.

4.3 Second Place Solution

The second place system takes a two-stage ap-
proach, pairing hybrid retrieval with a fine-tuned
generation model (Nosenko and Kilko, 2026). Doc-
uments are first converted to Markdown, then
ranked at the document level using both seman-

tic embeddings (computed over the opening text)
and BM25. When the two methods disagree, their
candidate lists are merged and reranked. Next, the
system zooms in to the page level within the chosen
document: it chunks pages, scores them with em-
beddings and BM25, blends the results using Recip-
rocal Rank Fusion, and applies a custom reranker
on top. To boost performance, the team gener-
ated roughly 7,000 synthetic QA examples from
the training data and used them to fine-tune Ma-
mayLM with LoRA. The model learns to predict
both the answer option and the page number in
one shot (outputting something like "A 2"). For
deployment, the model is quantized and packaged
in GGUF format, running through llama.cpp. At
inference time, it gets the top 3 retrieved pages as
context to work with.

5 Conclusion

We believe that the UNLP 2026 Shared Task
on Multi-Domain Document Understanding is in-
strumental in facilitating research on retrieval-
augmented question answering for Ukrainian lan-
guage documents. The task introduced a novel
evaluation scenario requiring systems to simulta-
neously select the correct answer from six options,
identify the source document, and pinpoint the
exact page, evaluated under a unified metric that
jointly rewards answer accuracy and localization
quality. The use of a hidden military domain further
tested cross-domain generalization under realistic
constraints, revealing the ability of top systems to
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adapt to previously unseen document types.
A total of 54 teams registered, 15 submitted

systems, and 513 runs were evaluated on Kaggle
under fixed computational constraints. Teams ex-
plored a variety of techniques, from hybrid retrieval
combining dense embeddings and BM25 to cross-
encoder reranking, synthetic data generation for
fine-tuning, and post-answer page verification and
demonstrated the creative potential of the NLP re-
search community when working in low-resource
settings. Top-performing systems employed mod-
els such as Qwen3-32B, Lapa, and MamayLM
alongside multilingual retrievers like BGE-M3. All
final solutions were required to be released under
an open license, promoting reproducibility and ac-
cessibility. The Kaggle leaderboard remains open
for further submissions.

We hope this shared task will serve as a founda-
tion for future work in Ukrainian NLP, and that the
tools, data, and approaches developed through this
competition will continue to support progress in
document understanding and information retrieval
for low-resource languages.

Ethics Statement

To ensure fair competition and support the develop-
ment of reproducible and transparent solutions, the
shared task was conducted under a set of clearly
defined rules governing data use, system design,
and participant behavior.

By participating in the shared task, all teams
agreed to comply with the competition rules. In
particular, participants were required to avoid any
form of unfair advantage, including leaderboard
probing or attempts to infer hidden test data. The
hidden domain used for evaluation was explicitly
protected, and any effort to retrieve or approximate
its content through indirect means was strictly pro-
hibited.

Participants were required to use open-source
models in their final solutions, proprietary models
were permitted only for data generation purposes.
The use of external data was allowed provided the
corresponding licenses permitted research use. We
encouraged participants to use Ukrainian-specific
language models such as Lapa and MamayLM. Fi-
nal solutions were required to be released under an
open license, promoting reproducibility and acces-
sibility for the research community.

The dataset used in the shared task consists of
publicly available documents, and no personal or

sensitive data was included. Questions were gener-
ated and validated through a combination of auto-
mated methods and human review, with additional
validation to ensure correctness and minimize po-
tential errors.

Limitations

We identify the following limitations of our work:

• The dataset covers only three domains, which
consist of relatively well-structured and typi-
cal documents. To make the benchmark more
challenging and representative of real-world
scenarios, it should be extended to a broader
range of domains with less structured data,
such as newspapers, blogs, and social media
posts.

• The proposed evaluation metric was not com-
pared with existing metrics for document re-
trieval in terms of correlation with subjective
or human-centered evaluation criteria. As a re-
sult, it lacks sufficient empirical justification.
A more thorough comparative analysis would
strengthen the validity of the proposed metric.

• The collected benchmarks are primarily aimed
at maximizing the proposed metric rather than
encouraging a broader diversity of method-
ological approaches. Consequently, many so-
lutions rely on similar techniques. Expanding
the benchmark to promote methodological di-
versity, rather than optimization of a single
metric, would further strengthen the study.
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A Domain Description Example

This appendix provides an example of a domain
description (README file) accompanying the
dataset.

This folder contains the rules of sporting compe-
titions for various sports. All documents are written
in Ukrainian. The average length of a document is
77 pages.

Each document provides a clear and structured
presentation of the rules governing the conduct of
competitions, as well as ensuring fairness and the
safety of participants.

The main sections of a competition rules docu-
ment include the following information:

• general points describing the scope of appli-
cation of the rules;

• terms and abbreviations used in the rules;

• rules of games and competitions, often taking
into account different disciplines and formats
of the sport concerned;

• competition organization processes and com-
petition regulations;

• requirements for competition venues, equip-
ment, and facilities;

• requirements for competition participants and
qualification criteria;

• rules for team formation in team competitions;

• medical supervision of competition partici-
pants;

• officiating, scoring, and determination of win-
ners;

• violations of competition rules, penalties, and
disqualification;

• participants’ protests and appeals against offi-
cials’ decisions;

• anti-doping rules and measures;

• measures to prevent corruption in competi-
tions.

The rules of some sports also include ethical
provisions and adaptations for war veterans, people
with disabilities, and individuals with conditions
that limit their daily activities.

The documents may include diagrams and tables,
most of which are placed in appendices.

The rules of sporting competitions serve as a pri-
mary source of information for organizers, officials,
and participants, ensuring unified standards and a
shared understanding of the rules of play.

B Data Format Example

This appendix illustrates the structure of a sin-
gle data row from the dataset, clarifying which
fields are available to participating systems as input,
which must be predicted, and which are technical
(additional) ones.

Field Roles
• Input fields (visible to the system):
Question_ID, Question, A, B, C, D, E, F

• Target fields (output of the system):
Correct_Answer, Doc_ID, Page_Num

• Additional fields: Domain, n_pages

C Question Validation Guidelines

This appendix describes the validation procedure
for generated questions used in the UNLP 2026
Shared Task on Multi-Domain Document Under-
standing.

C.1 Task Overview
Participants are provided with sets of PDF docu-
ments, where each set corresponds to a particular
domain. In addition to the PDFs, each set includes
two text files, in Ukrainian and English, describing
the domain.

For each domain, a set of multiple-choice ques-
tions is prepared in a standard quiz format, consist-
ing of one question and six answer options. Partic-
ipants are required to build a system that can: (i)
identify the correct answer, (ii) indicate the exact
document and page where the answer was found,
and (iii) perform well on these tasks regardless of
the domain or document length.

The domains are as follows:

• domain_1: rules of sporting competitions
across various sports approved by the Min-
istry of Youth and Sports of Ukraine;

• domain_2: medical product instructions;

• domain_3: currently undisclosed.
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Field Value (Ukrainian) Value (English)
Input fields
Question_ID 0 0
Question Що означає термiн «у грi» на зма-

ганнях з регбi?
What does the term “in play” mean at
rugby competitions?

A гравця позначили маленькою по-
значкою ’X’

the player was marked with a small ‘X’
marker

B гравець перебуває в положеннi, що
дає можливiсть брати участь у грi

the player is in a position that allows
them to participate in the game

C гравець перетнув лiнiю вкидання the player has crossed the throw-in line
D гравець покараний за положення

«поза грою»
the player was penalized for being in an
offside position

E удар ногою, призначений на ко-
ристь невинної в порушеннi коман-
ди

a kick awarded in favor of the team not
at fault for the infringement

F гравець опинився ближче 10-ти ме-
трiв вiд суперника

the player ended up within 10 meters of
an opponent

Additional fields
Domain domain_1 domain_1
n_pages 79 79
Target fields
Correct_Answer B B

Doc_ID
759dfc8486c0f02391d7
cfc1fed753b0608fc601.pdf

759dfc8486c0f02391d7
cfc1fed753b0608fc601.pdf

Page_Num 43 43

Table 5: Example data row split by field role.

C.2 Validation Task

Validators are asked to review each generated
question and mark the corresponding value in the
Validated? field. The following criteria should
be taken into account.

C.2.1 Question Formulation

• The wording of the question should allow one
to identify unambiguously the document that
contains the answer. For example, it is too
broad to ask about clothing in karate in gen-
eral, since multiple types of karate are repre-
sented in the collection. Instead, the question
should specify a particular discipline, such as
kyokushin karate competitions.

• The question must be answerable using only
the content of the given document. No ex-
ternal resources, including internet sources,
should be needed.

• Overly trivial questions should be removed.
For instance, a question such as “What ac-
tive substance is contained in caffeine sodium
benzoate?” is not informative if the answer
simply repeats the name of the product.

• If the name of the medication or sport is omit-
ted from the question, it should be added
whenever necessary to avoid ambiguity.

C.2.2 Answer Options
• The answer to each question must be located

on a single page of the document. Accord-
ingly, the Page_num field should contain ex-
actly one page number.

• If the relevant information is repeated on mul-
tiple pages, such questions should preferably
be excluded.

• If the relevant context spans the boundary be-
tween two pages, it is better not to formulate
a question based on that passage.

• Each question must have exactly one correct
answer and five incorrect answers.

• Incorrect answers should be plausible. They
may be constructed on the basis of the same
document. For example, in a question about
active ingredients in a medication, excipients
listed in the same instruction may serve as
distractors.
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• One of the incorrect answers may be inten-
tionally nonsensical in order to test models
for hallucinations.

• GPT-generated questions and answers may
occasionally contain phrasing errors, lexical
mistakes, or other inaccuracies. Such cases
should be corrected during validation.

C.2.3 Page Numbering
• In the Page_num field, make sure the page

number corresponds to the one in the PDF
reader rather than the page number printed
inside the document itself, if such numbering
is present.

• In longer documents, GPT may assign incor-
rect page numbers. Please correct these errors
whenever they are detected.

C.3 Practical Note
For convenience, the generated questions are
grouped by document and page. This allows one to
work with one document at a time and review all
associated questions efficiently.
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