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Abstract

The paper proposes a dataset and annotation
tool to support the development of German-
language Tabular Question Answering systems,
with a specific focus on sustainability-related
information. By targeting tabular data from sus-
tainability reports, particularly within the Aus-
trian banking sector, this initiative addresses
the growing need for intelligent systems capa-
ble of extracting structured insights from com-
plex, multilingual documents. The key features
are its exclusive use of the German language
and a strong emphasis on information retrieval
from tables embedded in sustainability reports.
These tables often contain critical data - such as
environmental metrics, social responsibility in-
dicators, and governance benchmarks - that are
not easily accessible through text-based search
methods. The dataset is compiled from openly
available sources, including public databases
and openly published sustainability reports. An
annotation tool facilitates the streamlining of
the human annotation process, enabling effi-
cient labeling of question-answer pairs. Poten-
tial applications include training and evaluat-
ing TQA models that can accurately locate and
extract sustainability-related information from
tables. This capability is useful for tasks such
as regulatory compliance checks, ESG (Envi-
ronmental, Social, Governance) data analysis,
and automated report summarization.

1 Introduction

In the light of the increasing performance of
Large Language Models (LLM, e.g., GPT (OpenAI,
2023) or Llama (Touvron et al., 2023)) and their
presence in our everyday lives (Xu et al., 2025), the
pioneering performance of the Bidirectional En-
coder Representations from Transformers (BERT)
model (Devlin and et al., 2019) needs to be men-
tioned. It has led to numerous adaptations of this
architecture (Wang et al., 2022) and represents the
foundation of the state-of-the-art models related to

the present work. This paper focuses specifically
on the Natural Language Processing (NLP) task
of Question Answering (QA) (Wang, 2022) which
aims at interpreting natural language queries and
at finding relevant answers by searching through
large datasets. This process involves extracting
key terms or entities from the query, understanding
their meaning and finding relevant information in
the data. Although recent advances in NLP have
achieved impressive results on QA tasks in closed
domains (OpenAI, 2023), these models often face
challenges when dealing with tabular data. This is
mainly due to their limited ability to handle struc-
tured formats and the inherent lack of contextual
cues in tables (Jin et al., 2022). To overcome such
problems, the field of Tabular Question Answering
(TQA) has gained momentum. TQA is a special
subtype of QA in which answers are derived from
structured tables rather than unstructured text.

One of the most notable developments in TQA
is the TAPAS model (Herzig et al., 2020), which
has been pre-trained on millions of tables from
Wikipedia. TAPAS uses graph-attention mecha-
nisms to model relationships between table cells,
enabling it to answer complex queries accurately.
Yet, similar to the QA context (Höffner et al., 2016),
low-resource language TQA remains a major chal-
lenge. This is due to the absence of sufficient high-
quality datasets in languages other than English.
Therefore, TAPAS models are currently mostly
available for high resource languages such as En-
glish and Chinese. Although the English language
models can be fine-tuned to specific tasks in other
languages using transfer learning approaches, this
also requires high-quality training datasets in the
required language and application domain. Hence,
the development of domain-specific dataset is a de-
sirable and essential step towards building robust
multi-language TQA solutions.

This paper introduces a German language dataset
that consists of carefully collected tabular Ques-
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tions and Answer pairs (Q&A pairs) for TQA train-
ing as well as an annotation tool allowing to facili-
tate human annotation efforts in case the datasets
needs to be extended. Due to the current demand
for sustainability information retrieval, part of the
dataset consists of ESG-related Q&A pairs (Euro-
pean Commission, 2022), derived from sustainabil-
ity reports of major Austrian banks. The source of
remaining Q&A pairs comes from openly available
general governmental data sources (DESTATIS,
2013). In this regard, the dataset represents a com-
promise between regularly structured, general pur-
pose tabular data and more variational domain spe-
cific data points. The sustainability reports pub-
lished under evolving regulatory European frame-
works (e.g. the Corporate Sustainability Report-
ing Directive (CSRD) (European Union, 2022))
contain tables that vary widely in structure, termi-
nology, and semantic complexity. An exposure to
domain-specific tables and language renders TQA
models more robust with respect to interpreting
numeric entries, including contextual relationships,
or recognizing ESG-specific terminology.

In addition, the paper presents an annotation
tool to support the human mapping of table-related
questions and answer pairs by prompting the user
to formulate precise questions based on randomly
selected table rows and then select the correspond-
ing answers. It supports annotators with an intuitive
interface, ensuring consistency, accuracy, and scal-
ability in the creation of high-quality datasets for
TQA training and evaluation.

The presented dataset and annotation tool are
ready for practical use in German-language TQA
applications. They enable the fine-tuning of TQA
models to improve their performance, and increases
the relevance and precision of real-world applica-
tions. They also facilitate data augmentation and
the generation of new TQA datasets, contributing
to the development of more robust models.

In particular, the resources represent a practi-
cable advancement for knaoledge retireval from
sustainability reports. By focusing on tabular data
from German-language sustainability reports in the
Austrian banking sector, the dataset enables the de-
velopment of Tabular Question Answering (TQA)
systems capable of extracting key information from
complex documents. These reports typically con-
tain vital statistics related to environmental per-
formance, social responsibility, and governance
practices - data that is often locked within tables
and inaccessible through standard text-based search

tools. The dataset, sourced from openly available
databases and published reports, provides anno-
tated question-answer pairs specifically designed
for machine learning applications. TQA models
trained with this dataset can automate tasks such as
regulatory compliance checks, ESG data extraction,
and sustainability benchmarking. The annotation
tool further streamlines the human labeling process,
boosting the scalability and accuracy of the dataset.
With its exclusive focus on the German language,
this resource supports localized implementations in
Austria, Switzerland, and Germany, helping finan-
cial institutions meet emerging ESG standards. Ul-
timately, this initiative empowers stakeholders with
intelligent access to sustainability data, enabling
more efficient analysis, improved transparency, and
enhanced accountability in corporate reporting. It
lays the foundation for broader adoption of AI in
the ESG domains.

The remaining paper is organized as follows: In
Section 2, a brief overview of related work is pro-
vided. Section 3 then presents the design of the
proposed TQA dataset and elaborates on its charac-
teristics. The annotation tool used to facilitate the
extension of the dataset is described in Section 4.
Taking into account the use case of sustainability
reporting, Section 5 demonstrates the use of the
resources for a specific German language TQA
case. The paper concludes with a discussion of
the lessons learned from the design process in Sec-
tion 6 and provides an outlook on potential future
enhancements.

2 Related Work

Regarding table-based data resources for the train-
ing of TQA models, the situation is rather mod-
est. Even in high-resource languages such as Chi-
nese (Zheng et al., 2023a) or English, only a few
(albeit extensive) datasets are available.

Since this paper is concerned with the descrip-
tion of a German-language TQA dataset for the
fine-tuning of the TAPAS model (Herzig et al.,
2020), we will limit ourselves to the discussion
of the corresponding English-language datasets on
which TAPAS is based in the following.

TAPAS builds on the BERT architecture (De-
vlin and et al., 2019) and includes relative posi-
tion embeddings and user-defined token types to
effectively represent table structures. It was pre-
trained on text-table input pairs extracted from
6.2M Wikipedia tables with at most 500 cells (3.3M
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of class Infobox and 2.9M of class WikiTable). All
considered tables were tables with a header row in-
cluding column names. Despite its input size limi-
tation (≤ 512 table cells) (Google Research, 2020),
TAPAS still represents one of the best perform-
ing models in TQA and often outperforms newer
models such as TAPEX (Zheng et al., 2023b), es-
pecially in scenarios with vertically structured ta-
bles (Etezadi and Shamsfard, 2022; Yang et al.,
2023). The TAPAS model has been fine-tuned on
the three follwoing TQA datasets: Wiki Table Ques-
tions, SQA, and WikiSQL.

Wiki Table Questions (Pasupat and Liang, 2015)
is a dataset designed for semantic parsing and ques-
tion answering over Wikipedia tables. To this end,
humans were given a table and asked to compose
a series of questions that include comparisons, su-
perlatives, aggregations or even arithmetic opera-
tions. The results were then verified by different
volunteers. The dataset enables the evaluation of a
TQA model’s ability to answer questions in natural
language, e.g., by mapping them to logical forms to
be executed on semi-structured tables. WikiTable-
Questions includes 22,000 questions over 2,000
English Wikipedia tables.

Further, the SQA dataset (Iyyer et al., 2017) was
constructed by asking humans to decompose a sub-
set of complex questions from the WikiTableQues-
tions dataset into sequences. The final dataset con-
sists of 6,066 question sequences (with an average
of 2.9 question per sequence).

The third dataset is the WikiSQL dataset (Zhong
et al., 2017) which focuses on translating text to
SQL. To this end, humans were asked to paraphrase
a template-based question into natural language.
The dataset contains 80,654 examples extracted
from 24,241 tables.

Another related dataset is TabFact (Chen et al.,
2020) which represents an English-language large-
scale tabular fact-checking dataset consisting of
over 100,000 human-annotated statements paired
with Wikipedia tables. Each statement is catego-
rized as implied or disproven based on the table
content. This makes TabFact a benchmark for
assessing logical reasoning and natural language
understanding in table-based questions and fact
checking. However, it primarily serves the task of
fact verification and differs from the other TQA
datasets, particularly in the input format and the
label structure. E.g., while the input of WikiTable-
Questions consists of question and table combina-
tions to which a specific correct answer from the

table is made available, the TabFact dataset speci-
fies a statement and a table as input and assigns a
binary output (true/false).

As far as German-language TQA model train-
ing is concerned, the availability of data is even
more limited. To our knowledge, the first German-
language TQA dataset was created to fine-tune the
TAPAS model offset TAPASGO (Kowieski et al.,
2024). TAPASGO demonstrated transfer learn-
ing capabilities to German-language TQA tasks
and showed significant accuracy advantages over
the combined use of the English-language TAPAS
model and translation tools.

Based on this largely undocumented dataset
in (Kowieski et al., 2024), this work aims to es-
tablish a practical dataset that can be easily used
for training, fine-tuning, or benchmarking of Ger-
man TQA models. The focus of the dataset expan-
sion was on tabular data and associated question
and answer pairs in the context of ESG data, as
the extraction of information from sustainability
reports is a promising use case for TQA. While
pre-trained models like TAPAS or TAPASGO ex-
hibit strong performance on general-purpose data,
they may show significant limitations when applied
to domain-specific contexts such as sustainability
reporting. These limitations are largely due to the
domain shift between the model’s training data and
the target data it is expected to operate on (Herzig
et al., 2020; Kowieski et al., 2024; Eisenschlos
et al., 2020).

Sustainability reports, especially those published
under evolving regulatory frameworks in Europe,
such as the Corporate Sustainability Reporting Di-
rective (CSRD), often contain structured data in the
form of tables that communicate complex, techni-
cal information related to ESG metrics (European
Banking Authority (EBA), 2021). These tables
vary widely in structure, terminology, and semantic
complexity, posing challenges for models trained
on generic tabular datasets such as WikiTables (Pa-
supat and Liang, 2015) or the TabFact corpus (Chen
et al., 2020). Without exposure to domain-specific
tables and language during training, TQA mod-
els tend to misinterpret numeric entries, overlook
contextual relationships, or fail to recognize ESG-
specific terminology. That is, the dataset can also
be used to generally refine German TQA models
and make them more robust in relation to specific
domains, independently of its application to sus-
tainability reports.
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3 Dataset Description

A well-constructed dataset serves multiple roles in
the development of a TQA system. First, it acts as a
training resource, exposing the model to examples
that reflect the real-world structures and semantics
of the target domain. In this case, tables from sus-
tainability reports feature terminology, formatting,
and data patterns specific to ESG topics. With-
out domain adaptation, models often struggle to
correctly interpret such specialized content (Eisen-
schlos et al., 2020). Second, the dataset also serves
as a benchmark for evaluating the effectiveness of
domain-specific fine-tuning. By comparing model
performance before and after fine-tuning, it be-
comes possible to quantify improvements in both
accuracy and relevance. This is especially impor-
tant in domains like sustainability reporting, where
precision in data interpretation can impact regula-
tory compliance and public accountability.

The complete German language TQA dataset
proposed in this paper is available on GitHub (Kara-
pandžić and Hellwig, 2025). Its content consists
of tables and corresponding natural language ques-
tions as well as the respective answers. The dataset
addresses the task of extracting the correct answer
from the respective tables. The detailed structure
is described in the sections below.

3.1 Data Sources and Collection Process

The dataset presented is based on a selection of
tables from two types of German-language sources.
On the one hand, a selection of governmental ta-
ble data (DESTATIS, 2013) was used and, on the
other hand, sustainability reports from the Aus-
trian banking sector. This composition offers a
good compromise between preferably general and
sustainability-specific question and answer pairs.
This composition offers a good balance between
general and sustainability-specific question-answer
pairs, with the easily accessible governmental data
providing a diverse range of topics and a broader
contextual foundation.

Governmental data source: Regarding the freely
accessible governmental German data tables, we ac-
cessed the DESTATIS platform (DESTATIS, 2013).
It is maintained by the German Federal Statistical
Office and it provides access to a wide range of of-
ficial statistics. Its main tool, the GENESIS-Online
database, allows users to search, customize, and
download statistical tables on topics such as pop-
ulation, economy, and health. Data can be filtered

Figure 1: Examplary table from a 2023 sustainability
report (Hypo Vorarlberg Bank AG, 2023).

by time, region, and category and exported in for-
mats such as Excel or CSV. The online platform is
available in English and German and supports both
manual and automatic data access via an API.

Sustainability reports: In addition, to the above
data source, we utilized real-world sustainability
reports from diverse sources to capture the variabil-
ity in reporting practices. This stage ensures that
the dataset is representative of real-world scenarios
and covers a wide range of formats and terminol-
ogy. Therefore, three sustainability reports from
three major banking institutions: Hypo Vorarlberg
Bank AG, Österreichische Volksbanken-AG, and
Raiffeisen Bank International AG were selected.
All reports represent documents available from the
reporting year 2023. The reports for that year were
the most up-to-date and complete source at the time
the data collection started. To extract tabular data
from these reports, tools like Camelot, Tabula, and
Pdfplumber were tested, but due to the complexity
and inconsistency of table formats, manual correc-
tions were also required. An example of a such a
sustainability report table is provided in Fig.1.

3.2 Annotation Schema

The annotation schema used in this study defines
the structure of the question-answer pairs extracted
from tables. Each annotation is stored as a row in
a CSV file, with seven columns that capture key
information about the table, question, and answer.
The first column in the CSV, which has no header
name, simply represents a running index from 0 to
n, where n is the total number of annotated pairs.
This index serves as a unique identifier for each
annotation entry.

The second column, id, refers to the identifier
of the table from which the annotation was created.
This allows grouping of multiple annotations re-
lated to the same source table. The third column,
annotator, indicates how many times a specific
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table has been annotated. For instance, the first an-
notation for a given table is marked as 0, the second
as 1, and so on. This helps differentiate between
multiple questions derived from the same table and
supports tracking the reuse of table data.

The question column contains the natural lan-
guage question formulated by the annotator. The
format and phrasing of the question are flexible,
but each question must be answerable by selecting
exactly one cell from the table. This constraint
is enforced by the custom annotation tool used in
the dataset creation process, which only permits
single-cell selection for answer annotation. As a
result, all questions in the dataset are factoid in
nature, aiming to retrieve a specific piece of factual
information from the table.

The column table_file records the filename
of the source table, providing traceability and
context. The answer itself is represented in two
parts: answer_coordinates and answer_text.
The answer_coordinates are specified as a pair
of integers (row, column), indicating the exact lo-
cation of the answer within the table. Importantly,
these coordinates exclude the table header, mean-
ing that (0,0) refers to the first cell in the first row
of actual data-effectively the second row in the
table structure. The answer_text is the literal con-
tent of the identified table cell and serves as the
ground-truth answer for the corresponding ques-
tion. Answers are strictly span-based, tied directly
to the textual content of a single table cell. The
system does not support abstractive or multi-span
answers due to the annotation tool’s design. Conse-
quently, all questions in the dataset are inherently
factoid, as they are limited to retrieving a single,
factual value from one specific table cell.

In the original TAPAS Conversational fine-
tuning dataset the column position appears and
represents a sequence in which questions and
follow-up questions are being asked. The first
asked question therefore always has position 0,
while the first follow-up question has position 1. In
our dataset we did not formulate follow-up ques-
tions, therefore position is always set to 0.

This annotation schema ensures a consistent,
cell-based approach to question answering, which
aligns well with the capabilities of TAPAS (Herzig
et al., 2020), or TAPASGO (Kowieski et al., 2024),
respectively. All questions are designed to be an-
swered through direct extraction from a single table
cell, making the dataset suitable for training and
evaluating span-based, tabular QA models in the

domain of sustainability reporting.
The complete German language TQA dataset

is available on GitHub (Karapandžić and Hellwig,
2025). Its input consists of a natural language ques-
tion and a table, and the task is to extract the correct
answer from the respective table.

3.3 Dataset Statistics

To better understand the structure and composi-
tion of the dataset, the key statistics regarding its
sources, size, and distribution are presented in Ta-
ble 1. The dataset was constructed with the goal of
covering both domain-specific and general-purpose
tabular content in the German language, allowing
for diverse and realistic question-answering scenar-
ios across varying levels of complexity.

The dataset comprises a total of 360 German-
language tables, annotated with 1,649 ques-
tion–answer pairs. Of these, 124 tables were
sourced from the sustainability reports of three ma-
jor Austrian banking institutions: 30 from Hypo
Vorarlberg Bank AG, 41 from Österreichische
Volksbanken-AG, and 53 from Raiffeisen Bank In-
ternational AG. These tables yielded 613 annotated
Q&A pairs. The remaining 236 tables were ob-
tained from publicly available governmental data
provided via the DESTATIS platform. This por-
tion contributed an additional 1,036 annotated ques-
tion–answer pairs. The final dataset thus combines
both general-purpose and domain-specific tabular
content, supporting diverse evaluation scenarios in
German-language TQA.

Notably, the tables in the dataset are generally
of modest size, which is consistent with the typical
structure found in sustainability reports (cf. Fig. 1).
This also aligns with the practical limitations of the
TAPAS model, which operates within constraints
related to input size and transformer-based encod-
ings. While the model can technically handle up to
512 cells, prior work has shown that larger tables
can result in performance degradation, or even fail-
ure during training and conversion, due to format
incompatibilities (Kowieski et al., 2024).

GovDat SusRep Total
# Tables 236 124 360
# Q&A pairs 1036 613 1649
Percentage 62.8% 37.2% 100%

Table 1: Distribution of tables and question–answer
(Q&A) pairs obtained by source domain: Governmental
data (GovDat) and Sustainability Reports (SusRep).
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4 Annotation Tool

To streamline the creation of training data for Tab-
ular Question Answering (TQA) models, partic-
ularly TAPASGO, a custom annotation tool was
developed. This tool was designed with a focus
on ease of use, domain-specific adaptability, and
seamless integration of annotated data into the fine-
tuning process.

4.1 Design Goals and Architecture

The primary goal of the annotation tool was to
ensure usability for non-technical users, enabling
them to create high-quality question–answer pairs
without requiring programming skills or prior expe-
rience in data annotation. The tool was used in this
work for both sustainability and ESG-related con-
tent as well as general-purpose tabular data, demon-
strating its flexibility and effectiveness across do-
mains, provided the input follows the required for-
mat.

The system is built with separate frontend and
backend components. The frontend provides an
intuitive and interactive interface for annotators,
while the backend manages data ingestion, stor-
age, and annotation tracking. Upon initialization,
the tool reads a metadata CSV file containing ta-
ble identifiers, filenames, and file paths. Using this
metadata, it loads individual CSV tables into a Post-
greSQL database, storing each cell along with its
row and column index and corresponding column
headers. This structure ensures that each table cell
is stored with sufficient context to support mean-
ingful question generation.

All annotations created through the tool are
stored in a dedicated PostgreSQL table. Once
the annotation process is complete, the resulting
dataset is exported as a CSV file, which contains
natural-language questions, the corresponding an-
swer cell coordinates, answer text, and other rele-
vant metadata. This exported file serves as the basis
for subsequent preprocessing and model training.

The annotation tool can also be found in
the GitHub repository associated with the TQA
dataset (Karapandžić and Hellwig, 2025).

4.2 Features and Extensibility

Once initialized, the tool presents annotators with
five randomly selected rows from five different ta-
bles, each accompanied by the relevant column
headers for context. Before beginning the annota-
tion process, annotators are shown clear guidelines,

Figure 2: Illustration of the Annotation Tool interface
and the introductory guidelines.

suggestions, and examples to help them understand
what is expected and how to formulate valid ques-
tions1. This initial explanation ensures consistency
and improves annotation quality, especially for non-
expert users. Annotators are then prompted to write
a natural-language question for each row and select
the appropriate answer by clicking on the corre-
sponding cell. Due to this design, only single-cell
answers are supported. Each annotation includes
the question, the selected cell value, and metadata
such as table ID, answer coordinates, and file name.
A screenshot of the interface is shown in Figure 2.

In case that either the question or the selected
answer is missing, the tool alerts the annotator and
prevents submission until the input is complete. If
the annotator is unsure how to formulate a question
or notices an issue with the presented data that
makes it unclear or unusable, they are instructed to
enter "ungültig" (invalid), so that these cases can
be reviewed and processed separately afterward.
After submitting, all data is stored centrally in a
PostgreSQL database table designed for annotation
management. A sample of the annotated entries is
displayed Figure 3.

Although current functionality is limited to
single-cell span selection, the tool architecture al-

1As the tool is primarily designed to support the creation
of German question annotation, so far the guidelines are dis-
played in German language only.
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Figure 3: Illustration of a sample of annotated dataset entries.

lows for future extensibility. Features such as text
highlighting, multi-span selection, and abstractive
answer support could be added with minor fron-
tend and backend extensions. Similarly, the tool
could incorporate automatic question suggestions,
user roles for collaborative annotation, and qual-
ity control mechanisms like annotator agreement
metrics.

The system also allows for scalable expansion
of the dataset with domain-specific questions, sup-
porting future iterations of fine-tuning and evalu-
ation. Although no formal annotation guidelines
were enforced in the current version, the simplicity
of the interface and the constrained question type
ensured consistent and high-quality annotations
across users.

5 Use Case and Evaluation

5.1 Domain Adaptation Scenarios

The dataset introduced in this work supports
domain-specific question answering over tabular
data in German. Two TAPAS-based models were
fine-tuned using this dataset: one on governmental
data and the other on sustainability reports.

The first model, TAPASGO, was obtained by
fine-tuning the original TAPAS architecture on a
newly created corpus of German-language govern-
mental tables. This resulted in a German-adapted
variant capable of understanding and extracting in-
formation from structured public-sector data, as
documented in Kowieski et al. (2024). While
TAPASGO performed well on general tabular con-

tent, it showed limitations when applied to domain-
specific contexts such as sustainability reporting.

To address this, TAPASGO was further fine-
tuned on a set of annotated tables extracted from
sustainability reports published by major European
banking institutions. This phase used 80% of the
sustainability-specific QA pairs to adapt the model
to the specialized terminology, structures, and ques-
tion patterns typical of ESG-related data. As dis-
cussed next, the remaining 20% of the annotated
examples were reserved for evaluation. Fine-tuning
followed the same hyperparameter configuration
as the original TAPASGO setup (Kowieski et al.,
2024), using a learning rate of 5e− 5, a batch size
of 13, and training for 100 epochs.

5.2 Evaluation and Test Results

The held-out test set was used to evaluate the per-
formance of the fine-tuned TAPASGO model in
comparison to both the original TAPAS and the
initial TAPASGO baseline trained only on govern-
mental data.

The primary evaluation metric was Exact Match
(EM) accuracy, which measures whether the pre-
dicted answer cell content exactly matches the
ground-truth text. Results demonstrate a substantial
improvement in domain-specific accuracy follow-
ing fine-tuning on the sustainability dataset. The
adapted TAPASGO model showed significantly bet-
ter precision in identifying the correct cell and un-
derstanding the semantics of domain-specific ques-
tions.
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These results highlight the effectiveness of
domain-specific fine-tuning in enhancing TQA per-
formance on specialized corpora. They also rein-
force the importance of aligning QA models with
the structural and linguistic characteristics of the
target domain to achieve high accuracy and practi-
cal utility.

5.3 Annotation Efficiency

To evaluate the efficiency of the annotation pro-
cess using the custom annotation tool, the time
required for creating question–answer pairs was
analyzed. The annotators, a mix of employees and
researchers from the research institution, interacted
with the tool to generate questions and select the
corresponding answers.

Due to the simplicity of the interface, anno-
tators quickly adapted to the tool’s functionality.
However, the initial phase of question formulation
proved challenging. For first-time users, under-
standing the structure of the presented tables, read-
ing through them, and formulating valid questions
took approximately 10 minutes for the first three
questions. This steep initial learning curve was
primarily due to the need to familiarize themselves
with the table structure and identify patterns for
meaningful question generation.

Once annotators became accustomed to the pro-
cess, their efficiency improved significantly. They
could generate five high-quality question–answer
pairs in approximately 5 to 6 minutes. This indi-
cates a marked improvement in annotation speed
after overcoming the initial adjustment period.

The tool’s intuitive design and the simplicity of
its requirements, such as single-cell answer selec-
tion, contributed to this efficiency. By ensuring
ease of use, the annotation process became stream-
lined, enabling annotators to focus on question
quality rather than tool navigation.

6 Conclusion and Future Work

The present work presents a German-language
dataset and a custom-built annotation tool for Tab-

TQA Model EM accuracy
TAPAS 17.9%
TAPASGO baseline 28.5%
TAPASGO fine-tuned 94.3%

Table 2: Exact Match (EM) accuracy of different TQA
models on the held-out sustainability test set.

ular Question Answering. While 2/3 of it is based
on general governmental tabular data, a third of the
data focuses on sustainability reporting. By com-
bining structured data from governmental sources
and the complex, structured data found in ESG-
related disclosures, the dataset offers both thematic
depth and generalizability, addressing a gap in ex-
isting non-Englisch TQA resources.

The annotation tool enabled efficient, high-
precision span-based question–answer creation,
even by non-technical users, though it currently
lacks support for complex annotations. Its simple,
constraint-driven interface allowed for the efficient
creation of factoid question–answer pairs based
on single-table cell selection. The decision to en-
force a span-based answer format, despite being
a limitation, ensured a high degree of answer pre-
cision, which is particularly relevant in regulatory
and technical contexts such as sustainability report-
ing. While the tool currently lacks support for more
complex annotations like multi-span or abstractive
answers, its modular design allows for potential
extensions in this direction.

Fine-tuning experiments demonstrated that
domain-specific data significantly improves model
performance, highlighting the value of tailored
datasets. While the original TAPAS and a version
fine-tuned on governmental data alone yielded mod-
est results, the model adapted with sustainability-
specific examples achieved a significant perfor-
mance boost.

Looking forward, the project aims to foster
community-driven development through public re-
lease and enhancements such as semi-automated
annotation, broader answer formats, and active
learning strategies, laying the groundwork for ro-
bust, domain-aware TQA in German language.
Lessons learned during the annotation process in-
cluded that providing clear, concise examples and
task definitions for annotators significantly im-
proved consistency. Additionally, domain-specific
knowledge, while helpful, was not essential due to
the limited question types and structure of the tool.
User feedback was generally positive, particularly
regarding the clarity and ease of use of the tool.
However, commentators expressed a desire for fea-
tures such as automatic question suggestions or
better handling of ambiguous table entries, which
could be important for future revisions of the tool.
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