
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 5389–5413
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

5389

Enhancing and Evaluating Tabular Models on the fly
via Synthetic Question-Answer Generation

Jorge Osés Grijalba1,3, Luis Alfonso Ureña-López1,
Eugenio Martínez Cámara1, Jose Camacho-Collados2

1SINAI Research Group, CEATIC, University of Jaén, Spain
2Cardiff NLP, Cardiff University, UK 3Law Business Research, UK

jorgeosesgrijalba@gmail.com, {laurena, emcamara}@ujaen.es,
camachocolladosj@cardiff.ac.uk

Abstract
Question Answering (QA) over Tabular Data has been traditionally a challenging task, but LLMs have recently shown
the ability to respond to questions related to this type of structured data. However, current tabular QA datasets are
skewed toward Wikipedia tables and SQL-style answers composed of human-crafted question-answer pairs. This
limits the evaluation of LLMs on this task to a narrow genre of data and language, while also requiring extensive
human effort for dataset or benchmark creation. To address this, we introduce SYNTABQA, a methodology for the
automatic generation of synthetic question-answer pairs from any unannotated table. SYNTABQA defines a detailed
question typology, enabling fine-grained evaluation and facilitating the creation of diverse QA datasets. Our approach
not only provides an automated test bed for any tabular dataset but can also be used in few-shot settings to supply
LLMs with tailored examples, improving their focus and accuracy. We validate SYNTABQA on two large, manually
constructed tabular QA benchmarks of different nature.
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1. Introduction

Recent advances in LLMs have significantly broad-
ened the scope of NLP models through zero-shot
and few-shot learning (Radford et al., 2019; Brown
et al., 2020). These general-purpose models now
handle applications ranging from sentiment anal-
ysis (Deng et al., 2023; Zhang et al., 2024b) and
summarization (Zhang et al., 2024a) to more com-
plex tasks in specialized domains, including agen-
tic behaviors and structured reasoning (Yang et al.,
2024a; Wei et al., 2022; Kang et al., 2023; Zhao
et al., 2024). A particularly promising application is
question answering (QA) over tabular data, where
models are expected to interpret and reason over
structured sources such as relational databases,
spreadsheets, and web tables.

Unlike traditional QA over text (Voorhees, 2001;
Rajpurkar et al., 2016; Khashabi et al., 2020), tab-
ular QA requires understanding column semantics,
combining heterogeneous data types, and lever-
aging implicit relationships across rows and fields
(Fang et al., 2024).

Tabular QA requires a special type of data re-
sources for model training, instruction, validation
and evaluation. Despite progress, developing ro-
bust LLM systems for tabular QA remains chal-
lenging. Datasets in this area often depend on
expensive human annotation, are typically limited
to a domain (e.g. financial) or language (e.g. SQL),
or are automatically constructed with LLMs (Chen
et al., 2021b; Nan et al., 2022a; Kweon et al., 2023;

Chen, 2023; Wu et al., 2025), which limits their ap-
plication in unseen datasets at scale. Therefore,
there is a lack of a domain-agnostic methodology
to generate question-answer pairs that can be used
to improve and validate LLMs in arbitrary datasets
and domains. Furthermore, LLMs rely heavily on
well-designed few-shot examples or code-based
prompts to generalize effectively in this setting.
However, manually producing these examples is
time-consuming and requires familiarity with the
table structure and reasoning patterns required.

In this paper, we introduce SYNTABQA, a novel
method to automatically generate diverse and high-
quality question-answer (QA) pairs for tabular data.
These QA pairs can be used flexibly across dif-
ferent model interaction paradigms by leveraging
key underlying structures of the data like column
types and question patterns. The method is also
language- and interface-agnostic, meaning it is
applicable to a wide range of programming lan-
guages and execution environments used to query
or reason over data requiring minimal adjustments.
Our approach generates relatively simple ques-
tions that span different data types, incorporating
multiple columns and realistic patterns of data in-
teraction.

As illustrated in Figure 1, we evaluate
SYNTABQA on two fundamentally different table
QA benchmarks: OpenWikiTables (Kweon et al.,
2023), based on Wikipedia tables, and DabaBench
(Osés-Grijalba et al., 2024b), a diverse benchmark
of real-world datasets. In particular, we demon-
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Figure 1: Overview of the two main experiments in which SynTabQA will be showcased.

strate that the generated QA pairs improve LLM
performance when used as part of the model few-
shot prompt. We also show how these QA can
be used for online LLM evaluation and its results
strongly correlated with those from the human-
crafted questions from the original datasets.

Contributions. Our contributions are threefold.
First, we propose SYNTABQA, a novel, automatic,
domain-agnostic and low-resource method to gen-
erate question-answer pairs for tabular data. Sec-
ond, we demonstrate the pairs resulting from
SYNTABQA enhance the performance of LLMs
over human-made QA pairs via custom few-shot
in both in-context and code-based approaches, in-
dependently of the programming language or in-
terface used. Third, our framework enables the
instant evaluation of any table QA models on the
fly.

2. Related Work

Until recently, there has been little research on
processing tabular data. Nonetheless, the interest
has surged in recent years due to the availability
of textual data stored in tables, and the new pos-
sibilities enabled by language models to answer
questions on non-textual data (Jin et al., 2022; Lu
et al., 2025).

Most of the works related to tabular QA are
skewed to processing data from Wikipedia, in par-
ticular the WikiTableQuestionDataset (Pasupat and
Liang, 2015a), which is still used in recent work
(Mouravieff et al., 2024). Other related datasets
were also compiled with data from WikiPedia,
as FeTaQA (Nan et al., 2022b), OpenWikiTables
(Kweon et al., 2023) and WikiSQL (Zhong et al.,
2017a). The release of datasets in a different do-
main from Wikipedia started in 2024 with the pub-
lication of the ICTQA dataset (Min et al., 2024),
which is a dataset grounded in documents of infor-
mation and communication technology products;
DataBench (Osés-Grijalba et al., 2024b), which is
a large collection of datasets of tabular data on
real scenarios stored in CSV; and the multimodal

MMSci dataset in the scientific domain (Yang et al.,
2025). We evaluate our method on textual tabular
data (Wikipedia and CSV files), excluding datasets
designed for table description (e.g., ICTQA) or mul-
timodal data (e.g., MMSci).

Synthetic data. Simple synthetic question gen-
eration methods have previously been used in this
task, as shown in works such as Pasupat and Liang
(2015b), primarily to decompose SQL queries into
simpler components that could be more easily
processed by earlier SQL parsers. QA datasets
for tables, including (Pasupat and Liang, 2015a;
Zhong et al., 2017b; Nan et al., 2022b; Zhong et al.,
2017a; Pasupat and Liang, 2015c; Kweon et al.,
2023), have been effective in improving model per-
formance. However, they are limited by the fact
that their questions and answers are tied to spe-
cific datasets. In contrast, we propose an agnostic
approach that can be used ad-hoc in arbitrary user
data.

Table QA methods. Three main approaches
have been proposed in the literature: (1) represent-
ing the tables as knowledge graphs, (2) leveraging
SQL sentences to generate the answers, and (3)
based on the use of LLMs. Regarding the first type
of approach, Pasupat and Liang (2015a) use a se-
mantic parser for representing tables into a knowl-
edge base. Similarly, TAG-QA Zhao et al. (2023)
built upon a graph neural network a parsing method
to also represent tables in a knowledge graph. In
the second group, there are several works: Zhong
et al. (2017b) propose a deep learning method
to transform questions into SQL queries to gen-
erate the response; Chemmengath et al. (2021)
follow a similar approach but in this case leverag-
ing BERT to generate the SQL queries; finally, Pal
et al. (2023a) propose MultiTabQA, a sequence
to sequence model to generate SQL queries to
answer the questions with tables. MultiTabQA is
able to answer questions from more than one table,
since it is based on SQL and relational databases.
Recent advancements have also explored improv-
ing robustness and scalability in table QA. Ashury-
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Example Dataset Example Questions for Columns A, B, C
A B C Question Column Types Answer
1 2.3 apple What is the first value of A where B > 1? number, number 1
2 0.8 banana What is the most common value of C if B < 1? category, number banana
3 1.5 carrot List the values of C where B is greater than 2 category, number [apple, banana]
4 0.4 apple What are all of the values in A where C is ‘apple’? number, category [1, 4]
5 2.1 banana What is the sum of B for rows where C = ‘banana’? number, category 2.9

Table 1: Illustration of a small dataset (left) and several automatically generated question-answer pairs
using SYNTABQA (right) for given columns A, B, and C.

Tahan et al. (2025) introduce a benchmark to evalu-
ate model consistency across table formats, while
Wang et al. (2024) enhance reasoning through
evolving tables. Additionally, Su et al. (2024) pro-
pose multimodal models that handle ambiguous
tables, and Yang et al. (2024b) focus on pretrain-
ing protocols to improve generalization for tabular
tasks. Osés-Grijalba et al. (2024b) test the ability of
LLMs to answer questions that can involve several
columns of the same table. They also show the
capacity of LLMs to generate programming code
to response questions that require complex mathe-
matical reasoning. Min et al. (2024) leverage LLMs
to transform tables into text, which is a more suit-
able representation to use again LLMs to response
the question with a plain text answer.

We propose a method to generate synthetic
pairs of questions and answers from tabular data
that can be used to improve performance in tabular
QA tasks through few-shot learning. This is, to
our knowledge, the first attempt of its kind that has
been tested within the task of tabular QA. There
are some contributions in the task of question gen-
eration (Guo et al., 2024b). For instance, Schmidt
et al. (2024) proposes a method grounded in LLMs
to generate synthetic questions for textual question
answering. Instead, our question and answer gen-
eration proposal is only focused on tabular data, is
independent from any LLMs or programming lan-
guage, and is able to involve several columns in
order to generate questions that require to deeply
understand the question and to leverage a reason-
ing process to generate the answer.

3. SYNTABQA: Synthetic Table
Question-Answer Generation

Method

Tabular data consists of records (rows) defined by
shared attributes (columns). Our question-answer
generation approach leverages this structure and
focuses on two main components: column types
common to all data formats and filtering method
that are common to those types. Examples of
questions generated using our method from a toy
dataset are included in Table 1.

Column Typing. Our method leverages a typ-
ing scheme based on standard database practices.
Specifically, we use a human-adapted version of
Apache Parquet’s type system1, which allows for
the automatic classification of table columns with-
out manual intervention. We rely on the open-
source implementation of Lector2. Identifying the
data type of each column is essential, since many
questions in Tabular QA require specific operations
such as mathematical computations, conditional
filtering, or date comparisons. The column types
we consider include numerical, categorical, date,
URL, text, boolean, and list columns containing
any of the aforementioned types.

Data Preprocessing and Ingestion. To stan-
dardize inputs across heterogeneous sources,
SYNTABQA utilizes the Lector framework for auto-
mated schema inference. Unlike standard parsers
that often perform destructive casting (e.g., con-
verting large integer IDs to floats), Lector imple-
ments a multi-step detection pipeline: (1) Dialect
Detection, which identifies CSV delimiters and en-
codings; (2) Preamble Removal, which strips meta-
data lines to locate the actual table header; and
(3) Type Inference, which uses PyArrow’s compute
functions to map columns to precise types (e.g.,
timestamp, category, or boolean). This ensures
that the question-generation templates are only in-
stantiated using validated data structures, directly
preventing the "nonsensical queries" (e.g., calculat-
ing the average of a URL column) that arise from
raw string-matching approaches. Template exam-
ples generated for a given dataset can be found in
Appendix C.

Question Typing. The type of question that can
be asked depends on the data types involved in
both the condition and the target of the query. To
enable consistent evaluation and analysis, we label
each question based on the expected type of its
answer. This may be a single numeric value, a cat-
egorical value, or a list of either. These labels are
applied to both the synthetic QA pairs generated

1https://arrow.apache.org/
2https://www.github.com/graphext/lector

https://arrow.apache.org/
https://www.github.com/graphext/lector
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by our system and the human-written questions
used for validation.

3.1. Automatic Generation

SYNTABQA leverages the structural regularities of
tabular data to automatically generate diverse and
type-consistent question-answer pairs. Given a set
of column types, the system constructs pairs of
synthetic questions and answers that are contextu-
ally meaningful and semantically coherent with the
data schema.

Question-answer Formulation. We define a
question-answer generator as a function τ that
receives a set of structured arguments and returns
a pair of automatically constructed (question,
answer), independent of the specific mechanism
used to compute the answer. Unlike existing LLM-
assisted synthetic methods that rely on the model
to "guess" an answer from the table, SYNTABQA
utilizes a deterministic dual-generation approach
(R5). For every question, the system simultane-
ously generates a symbolic execution trace (the
Python/SQL code). The ground-truth answer is
then derived by executing this code against the ac-
tual data, ensuring 100% accuracy in the synthetic
supervision signal.

Considering two columns A and B as sets of
n ∈ N elements, and a parameter m ∈ N with
1 ≤ m ≤ n, we can formalize:

τ : (A,B, sel, fil, b) → (question, answer)

bool = {1, 0}

fil : (B, b) → booln

sel : (A, booln) → A ∪ IR ∪Am ∪ IRm

Here, the filter (fil) acts as a conditional opera-
tor applied to a reference column B and one of its
elements b ∈ B, determining which instances of A
contribute to the answer. Entries marked as 1 are
retained, while those marked as 0 are excluded.

The selector (sel) then operates on this filtered
subset of A, yielding either a single element, a
subset of m elements, a numeric value, or a vector
of m numeric values. These formally defined return
types correspond to our column representations:
category, number, list[category], and list[number].

Parameter Assignment. Each QA pair is gen-
erated by sampling argument values for τ from
predefined yet extensible candidate sets. For ev-
ery dataset, column pairs are dynamically selected.
Columns containing only null values are excluded,
after which one non-null value from the condition-
ing column and suitable operations (selectors and
filters) are chosen based on the inferred column
types.

Selector and Filter Operations. SYNTABQA
supports a rich collection of operators to maxi-
mize compositional variety and semantic coverage
across different data types.

For numeric columns, selectors such as average,
sum, count, maximum, minimum, median, and
standard deviation enable the generation of
quantitative summaries and comparisons. Corre-
sponding filters include greater than, less than,
equal to, not equal to, between, as well as
ranking-based filters such as top-k and bottom-k,
which select subsets based on ordered magnitude.
For categorical columns, SYNTABQA employs se-
lectors such as unique, first, last, mode, and
count per category, allowing aggregation and
frequency-based reasoning. The associated fil-
ters include is, is not, in set, starts with, and
contains, which capture equality and substring-
based constraints. When operating on tempo-
ral (date or time) columns, SYNTABQA can ap-
ply selectors like earliest, latest, duration, and
average date, supporting chronological or interval-
based queries. Temporal filters include before,
after, on, between dates, and in year/month,
enabling flexible temporal conditioning. Finally,
for text columns, the framework provides selec-
tors such as longest, shortest, most frequent
term, and contains keyword, which facilitate lin-
guistic and descriptive reasoning. Complementary
filters like contains, does not contain, matches
pattern, and starts with allow fine-grained selec-
tion based on text patterns or substrings.

Together, these operator sets allow SYNTABQA
to instantiate a wide range of semantically diverse
questions, spanning descriptive, comparative, and
conditional reasoning across heterogeneous data
modalities. The complete and extensible catalog
of implemented selectors and filters, including their
parameter configurations and examples, will be
provided in the appendices upon release.

For example, given columns salary (numeric)
and department (categorical), using selector aver-
age and filter is equal to for the value ‘Engineering’,
the generated question becomes:
What is the average salary of employees where
department is equal to ‘Engineering’?

The corresponding answer, derived from the
same argument set, might be 35. In parallel,
SYNTABQA produces the executable code snip-
pet associated with this computation, which can
support code generation or serve as a supervision
signal:
employees[employees["department"] ==
"Engineering"]["salary"].mean()

Although most examples use two-column inter-
actions, the formulation generalizes naturally to
multi-column settings and more complex relational
dependencies.
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Col. Type #DataBench #O. WikiT. Example

number 788 4100 55
category 548 8964 apple
date 50 47 1970-01-01
text 46 966 A red fox...
url 31 5 example.org
boolean 18 0 True
list[number] 14 0 [1,2,3]
list[category] 5 112 [cat, dog]
list[url] 8 0 [x.com,y.org]

Columns 1615 14086
Datasets 65 2262

Table 2: Data types in the columns present over the
DataBench and Open Wikitables table collections.

Scalability of Question Generation.
SYNTABQA can generate a large and diverse set
of question-answer pairs from a given dataset with
minimal human intervention and low computational
cost.

Formally, let N denote the total number of
columns in dataset D and c the average number of
non-null values per column. Assuming s selectors
and f filters are available, and considering all or-
dered column pairs, the total number of baseline
QA pairs is approximated by:

Nqa(D) = N × (N − 1)× c× s× f.

This quantity scales combinatorially with the
number of operations and columns, allowing
SYNTABQA to efficiently produce extensive QA
corpora for training or evaluation of table reasoning
models.

4. Experimental Setup

The experimentation has a twofold aim. First, it
will show that the generated question-answer pairs
(see section 3) can be used to evaluate LLMs, and
second, that those very same pairs can be useful
to inject this kind of knowledge via few-shot learn-
ing to enhance the ability of LLMs to respond to
answers from tabular data. In the following, we
present the datasets involved in our experimental
setup (section 4.1), along with the chosen small
open-source models (section 4.2), the evaluation
of the utility of the synthetic question-answers in
subsection 4.3 and how we design the few-shot
learning with the new synthetic pairs (section 4.4).

4.1. Data

We use two standard, diverse, and large bench-
marks to evaluate the quality and utility of the gen-
erated question-answer pairs. These benchmarks
differ in nature: the first, Open WikiTables, re-
quires answer retrieval via SQL database queries,

while the second, DataBench, involves generating
Python code to access the data and produce the
answers. General statistics for both benchmarks,
including data types, are provided in Table 2.
Open WikiTables. The data released from Kweon
et al. (2023) comprises the test set. It is built upon a
collection of 2,262 tables extracted from Wikipedia
articles (Zhong et al., 2017a; Pasupat and Liang,
2015b). The suite does not provide an answer
typing system, but answers can be classified into
either numbers or categorical data, which we have
done in order to perform a subsequent analysis.
As originally envisaged, we tackle this task with a
SQL Query Generation approach.
DataBench. DataBench (Osés-Grijalba et al.,
2024b) provides a collection of 66 datasets ex-
tracted from various sources and contains associ-
ated QA sets over them. Although the benchmark
is approach-agnostic, we will approach it as a code
generation task in Python, as performed in the orig-
inal evaluation. The answers fall into an array of
types ranging from booleans to lists of elements,
and thus present a wider variety than answers from
the Open Wikitables benchmark.

4.2. Models

The focus of our study will be small open-source
models that can be run with comparatively modest
resources. We have selected five of the most pop-
ular smaller language models, including both spe-
cialised coding models such as codellama (Roz-
ière et al., 2024) or deepseek-coder (Guo et al.,
2024a) and other general-purpose ones such as
zephyr (Tunstall et al., 2023), mistral (Jiang et al.,
2023a) and openchat (Wang et al., 2023). All of
our models are GPTQ versions of 7 billion param-
eters with no additional fine-tuning, and we use
code-generation tasks in order to help make their
reasoning more understandable. Specific param-
eters, prompts and more detailed information can
be found in Appendix A and the related GitHub
repository3.

4.3. Evaluation on Synthetic Data

For Experiment 1, we generate a synthetic set of
question-answer (QA) pairs for each dataset in our
collections, following the procedure described in
section 3. Each model is then evaluated using the
previously defined non–few-shot prompt on these
automatically generated QA pairs. The generation
process is highly flexible and can produce thou-
sands of QA pairs per dataset (see subsection 3.1).
Since using SYNTABQA on the whole collections
from Open WikiTables and DataBench yields ex-
cessively large outputs, we limit production to 30

3https://github.com/jorses/syngen-tables

https://github.com/jorses/syngen-tables
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synthetic QA pairs per dataset. To account for
variability in the generation process, we create
three independent sets of 30 synthetic QA pairs
per dataset. In total, for Open WikiTables (226
datasets), we produce 67,860 QA pairs across the
three sets, and for DataBench (65 datasets), we
produce 1,980 QA pairs.

4.4. Few-shot Evaluation

In Experiment 2, we initially benchmarked all lan-
guage models with a zero-shot prompt approach
over real data, which will be used as the basis for
the comparison and baseline in the few-shot ex-
periment. The basic prompt has the necessary
information for the models to answer the questions,
including a basic dataset representation that con-
tains the columns and first few rows, and informa-
tion on the expected format of the answer.

We then assess whether the 30 synthetic QA
pairs per dataset generated in Experiment 1 can
improve the model’s ability to answer human-
authored QA pairs. Specifically, we conduct an
incremental few-shot evaluation where we inject an
increasing number of synthetic examples, starting
from 5 and growing in increments of 5 up to 30 per
prompt, into the model’s context. Each larger few-
shot configuration includes all examples from the
previous one. The process followed is illustrated in
Figure 2.

Figure 2: Incremental prompting approach followed
in Experiment 2 in order to produce the results
seen in Figure 3.

This setup enables us to analyze how the num-
ber of synthetic QA pairs provided as in-context
examples influences model performance on real,
human-created QA tasks, and to determine the op-
timal few-shot sample size for knowledge injection.

5. Results

In this section, we present the main results of Ex-
periment 1 and Experiment 2.

Model
Synth. QA Pairs

O. WikiTables
Synth. QA Pairs

DataBench

codellama 80.60± 1.14 47.17± 0.64
deepseek 83.43± 0.90 63.59± 0.45
mistral 82.20± 0.14 28.65± 0.26
openchat 25.07± 0.37 36.26± 1.02
zephyr 28.13± 1.65 31.67± 0.39

Table 3: Experiment 1: Average accuracy (± std)
for each model on synthetically generated QA pairs
from each table collection.

5.1. Experiment 1: Evaluation on
Synthetic Data

The main results of evaluating LLMs on our
synthetically-generated question-answer pairs are
presented in Table 3.
Open Wikitables. The performance of comparison
models is quite diverse. The models that perform
better are codellama, deepseek and mistral, while
openchat and zephyr perform much worse. These
Wikipedia-based datasets have been extensively
used in the table QA domain and elsewhere, which
may explain the high performance of recent LLMs.
DataBench. The results seem to indicate that
the synthetic questions are harder to answer in
the context of code-completion than those in the
Wikipedia case, so we could expect to see a higher
improvement in these types of dataset in the few-
shot scenario. The best model, deepseek, is also
the best model at answering the real questions,
as we will further analyse in subsection 6.1. We
highlight the performance degradation of mistral
in this case where the nature of the tables differs
from traditional relational tables as the ones found
in Open WikiTables.

5.2. Experiment 2: Few-Shot Evaluation
on Real Data

Figure 3 shows the few-shot results for the given
models and datasets in both Open Wikitables and
DataBench. The zero-shot baseline is indicated by
0, and it contributes the baseline we compare our
experiments to. In all cases, providing examples to
the models in a few-shot fashion help, with results
generally picking with five or ten example. In terms
of benchmarks, DataBench seem to benefit the
most from the few-shot setting in comparison to
Open Wikitables. Expanded results can be found
in Appendix B.

While not the main focus of the evaluation, we
observe that the models that are intended for code
generation like deepseek-coder tend to do better.
Open Wikitables. Figure 3 shows the perfor-
mance across models has indeed benefited from
few-shot. We can see that codellama has improved
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Figure 3: Experiment 2: Accuracy of evaluating LLMs in Open Wikitables and DataBench over human-
made QA sets using zero or more synthetically generated examples in the prompt over the original
human-made evaluation sets for each table collection.

from 33% to 42%, deepseek from 40% to 48%.
Mistral does not seem to be considerably improv-
ing its results, only by 3%, while the smaller mod-
els seem to be benefiting the most by the strat-
egy, doubling their previous performance and be-
ing on-par with models that performed better in
the baseline. This seems to indicate that the in-
formation injected can be used to boost the per-
formance of models that are not specialised on
code or on a given task, putting them closer to
specialist models that are more or less better pre-
pared for that task. Those trained as general chat
agents (mistral;openchat:zephyr) seem unable to
fully learn from this approach in our setup. Zephyr’s
low accuracy is mainly due to a pattern of faulty
response by repetition of the same SQL query both
in the baseline and few-shot runs.
DataBench. Improvements are larger than in
the Wikipedia case, presenting an improvement
up to 65% for deepseek, and both mistral and
codellama getting up the 50% range, as we ex-
pected based on the results only on synthetic QA
pairs (see Table 3). Most models here seem to
peak around 5 to 10 questions, and performance
stagnates later. It is worth noting that the task of
code generation in Python is still better captured
by these non-specific models than the task of an-
swering a SQL query.

5.2.1. Question type analysis

Building on our typing system, we now analyze
how different question types in the few-shot setting
influence model responses. For each model and
benchmark, we focus on the 10-question few-shot

configuration in Figure 3, as this appears to yield
the largest performance gains across all models.
DataBench. Table 5 shows that there are gains
across the board for most models. Improvements
are on average of 20%, with both types of lists and
boolean questions (those which answer is yes or
no) having much better improvements than cate-
gories and numbers. This could be because cate-
gories and numbers are on average much better
results in the first place, and in fact remain on top
after all improvements are made. This could indi-
cate that there is a theorical ceiling of improvement
from our approach that especially benefits those
questions on which the model is underperforming,
but further research is needed.
Open WikiTables. In the case of WikiTables (Ta-
ble 4), overall gains are much lower on average,
of 7.2%. The largest gains are achieved by Open-
Chat, which did worse than the others in the initial
evaluation on synthetic data, and Zephyr. Since the
type component is not less rich in this data suite,
and there are not significant differences between
types for SQL, this is not entirely surprising. Type
differences are in general much smaller here than
in DataBench. It remains to be seen if tackling the
Open Wikitables set with Python instead of SQL
would result in a larger type difference. The effect
that is also observed here is that the larger the
initial accuracy, the smaller the gain.

6. Validation of Automatic Question
and Answer Generation

In section 5.2, we showed how our method can
yield improvements when used in a few-shot fash-
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category number overall

deepseek 46.99 (+6.8) 49.74 (+6.1) 48.11 (+6.5)
codellama 33.46 (+3.2) 39.43 (+1.8) 35.84 (+2.7)
mistral 22.59 (-2.6) 33.42 (-0.1) 26.79 (-1.6)
openchat 28.68 (+23.2) 32.74 (+21.8) 30.23 (+22.9)
zephyr 10.22 (+6.4) 15.83 (+3.5) 12.19 (+5.4)

Average 28.39 (+7.4) 34.23 (+6.6) 30.63 (+7.2)

Table 4: Experiment 2: Detail of few-shot accu-
racy per Open Wikitables question type, few shot
with 10 examples. Accuracy gains vs. baseline in
parentheses.

ion for a suite of language models. In this section,
we further validate our method in two ways: (1) we
study how robust our automatic evaluation is with
respect to standard human-created datasets (sec-
tion 6.1), and (2) we perform an ablation study
where synthetic questions using our methodology
in the few-shot settings are replaced for generic
questions (section 6.2).

6.1. Comparison with manually-crafted
table QA datasets

While we claim that our synthetically-generated
question and answers can be used for online LLM
evaluation, it is important that we validate our
approach against existing human-crafted bench-
marks. As we can see in Figure 3, the hierar-
chy of LLMs with respect to the evaluation on
the synthetic datasets we generated in Table 3
is roughly preserved. The best performing models
on the synthetic data are also the best performing
ones in the human-created datasets. This is espe-
cially the case in Open Wikitables for openchat and
zephyr that have a poor performance in our syn-
thetic test set and have a similarly poor zero-shot
performance in the human-crafted benchmarks.
In DataBench the trends are also maintained, al-
though with smaller differences among them.The
Pearson correlation score of the model perfor-
mance between the real (zero-shot - baseline) and
synthetic sets yields r = 0.93 in Open Wikitables
and r = 0.81 in DataBench, taking into account
all of the runs performed for the experiments, in-
cluding those that are averaged to create Figure 3.
These results show that the performance on syn-
thetic data could therefore serve as a proxy for
performance on real data (online evaluation) on its
own, as question and answers can be generated
ad hoc for any given tabular dataset.

6.2. Ablation study

When information about a dataset is injected
into the prompt through few-shot examples, two
tasks occur simultaneously. First, the model re-

ceives general guidance on how to handle datasets
(few-shot learning), and second, it gains dataset-
specific details through synthetic QA pair gener-
ation. The system generates variables based on
column names and sampled values from the target
dataset, automatically retrieving column informa-
tion. However, because this combines sampled
data and general instructions, the goal was to iso-
late the impact of sampling specific column values
and make it depend only on the dataset extract-
ing generic information about it. To achieve this,
a simpler set of generic questions, such as "What
is the number of rows in this dataset?" or "What
is the number of columns in this dataset?" was
developed. These 30 fixed questions, which do
not rely on sampling or dataset structure, enable
comparison of model performance to determine
how much learning comes from the few-shot mech-
anism versus the proposed approach (section 3).
Results showing the improvements from these pro-
posed questions across both data collections are
presented in Table 6. The values marked with "+"
indicate the performance gains from SYNTABQA
compared to a more generic few-shot approach.
Overall, adding sampled table values using our pro-
posed approach consistently yields positive effects
across all models.

Paraphrase and Variations. To assess the in-
fluence of specific question wording, we tested a
simple paraphrasing procedure by rephrasing the
questions generated in Experiment 1 using claude-
4.5-sonnet. As shown in Table 7, the results sug-
gest that paraphrasing has little effect on question
difficulty, compared to the results of Table 3. Con-
sequently, retaining the original on-the-fly genera-
tion method allows us to avoid reliance on external
models for paraphrasing without sacrificing per-
formance, albeit at the cost of a necessarily less
complex question wording.

7. Conclusions

In this paper, we presented SYNTABQA, a method
to generate questions and answers automatically
given any table as input. Our method relies on an
organised and diverse set of heuristics that lever-
ages structures found in all tables regardless of
storage type. This method can then be used for
multiple purposes, from which we focus on two as-
pects: (1) developing an automatically-constructed
benchmark to assess the performance of exist-
ing LLMs for different types of questions, and (2)
using these questions to guide an LLM to better
answer questions from a given dataset through
means such as in-context learning. One of the key
aspects of this method is that it can be applied on-
the-fly, i.e., for tables in any data format for which
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boolean category number list[num] list[cat] all

codellama 45.80 (+32.8) 63.85 (+22.3) 76.25 (+14.9) 38.26 (+25.0) 38.61 (+23.2) 52.53 (+23.7)
deepseek 55.34 (+31.7) 73.46 (+4.2) 81.61 (+4.6) 60.61 (+29.6) 56.76 (+46.7) 65.54 (+23.4)
mistral 41.60 (+15.7) 64.62 (+24.2) 70.50 (+8.4) 28.79 (+12.9) 45.56 (+37.1) 50.15 (+19.6)
openchat 51.91 (+37.4) 58.46 (+13.9) 72.80 (+0.8) 32.20 (+23.9) 18.53 (+11.2) 46.78 (+17.5)
zephyr 52.67 (+12.2) 36.15 (+3.5) 67.43 (+6.9) 34.85 (+28.8) 32.05 (+20.5) 44.64 (+14.4)

average 49.46 (+26.0) 59.31 (+13.6) 73.72 (+7.1) 38.94 (+24.0) 38.30 (+27.7) 51.93 (+19.7)

Table 5: Experiment 2: Few-shot (n=10) accuracy per DataBench question response type. Accuracy
gains vs. baseline in parentheses.

Model n=5 10 15 20 25 30

Open Wikitables
codellama +1.2 +4.2 +5.9 +6.1 +5.2 +9.9
deepseek +2.2 +4.2 +4.5 +3.5 +3.8 +4.1
mistral -4.4 -2.7 -1.3 -1.7 +0.3 +0.6
openchat +2.9 +8.9 +9.0 +7.1 +5.9 +12.3
zephyr +1.7 +1.2 +0.1 -1.7 +0.1 -0.8

DataBench
codellama +9.7 +8.9 +13.2 +8.2 +14.0 +6.5
deepseek +9.6 +7.4 +9.5 +5.1 +9.7 +7.2
mistral +3.7 +5.4 +5.1 +6.0 +5.5 +5.8
openchat -0.7 +2.0 -0.8 +0.3 -0.5 +3.4
zephyr +2.8 +2.1 +2.9 +2.4 +6.7 +5.3

Table 6: Experiment 2: Accuracy improvements
attributable to SYNTABQA versus a generic few-
shot approach in DataBench and Open Wikitables.

Model
Synth. QA Pairs

O. WikiTables
Synth. QA Pairs

DataBench

codellama 80.60± 3.12 47.17± 1.84
deepseek 83.43± 2.91 63.59± 3.27
mistral 82.20± 3.73 28.65± 1.98
openchat 25.07± 2.36 36.26± 0.45
zephyr 28.13± 0.67 31.67± 2.21

Table 7: Experiment 1 with paraphrases: Aver-
age accuracy with paraphrases (± maximum de-
viation over 5 runs with paraphrased questions)
for each model on the synthetically generated
Question-Answer pairs using SYNTABQA on Open
Wikitables and Databench.

we need to answer questions quickly. The source
code is available in the GitHub repository 4.

Limitations

One of the main limitations of our experimentation
is the lack of experiments with LLM of more than 7
billion parameters. This is partly due to computa-
tional resources, but also due to a conscious deci-
sion to test open and relatively small models which
can be potentially benefited from the approach to

4https://github.com/jorses/syngen-tables

a larger extent. This does not mean that larger
models cannot benefit from our approach, but this
would need to be empirically tested. Moreover, the
automatic evaluation suite proposed can be used
by any type of model, which can also be viewed as
a kind of unit test for different types of questions.

Moreover, all the experiments are done on En-
glish datasets, mainly due to the scarcity of data
in other languages. We are planning to extend our
setting to other languages — our approach is in
theory language independent and therefore, low
resource languages for which specific datasets do
not exist could be benefitted from it.

The evaluation was based on fixed prompts,
which can be viewed as a limitation due to our
limited computing resources to complete all the ex-
periments. A multi-prompt evaluation can provide
more robust evidence in future evaluation.

Finally, all the evaluation is based on a fixed set
of answer types. This is a limited set of all possible
settings of the QA over tabular data task. We focus
on these types of questions as they represent a
wide variety of the type of concrete questions that
can be asked from a table, and also make for a
solid evaluation setting with existing benchmarks
such as Open Wikitables and Databench, which
we use as the basis for our evaluation. Nonethe-
less, future research could explore more open QA
settings, as well as investigating robust evaluation
protocols.

Ethical Statement

In this work, we use two existing and publicly avail-
able benchmarks and reference them accordingly.
From our work, there is no particular risk, but mod-
els deployed to answer questions from tables need
to be further investigated – in this work, we focused
on the effectiveness of synthetic data but did not
fully investigate the type of errors made by the sys-
tem. This can be problematic depending on the
domain, and further testing would be required, for
which our automatically-generated tests can serve
as the basis for unit testing on unseen datasets.
During the work we focus on open weights model
due to privacy concerns, as usually datasets are

https://github.com/jorses/syngen-tables
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proprietary owned, and external APIs may not be
suitable, in addition to remain unreliable and the
inability of performing further testing.
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A. Example Prompts for Tabular QA

We provide some example prompts provided to
LLMs in our experiments. Table information show-
cased within the prompt changes depending on
the table needed to answer the question.

A.1. SQL

Listing 1: SQL Prompt Example for Open Wikita-
bles. Inspired by the one provided by LangChain(?)
You are a SQLite expert. Given an input question,
first create a syntactically correct SQLite
query to run, then look at the results of the
query and return the answer to the input
question.

Unless the user specifies in the question a
specific number of examples to obtain, query for
at most 1 result using the LIMIT clause as per
SQLite. You can order the results to return the
most informative data in the database.

Never query for all columns from a table. You
must query only the columns that are needed to
answer the question. Wrap each column name in
double quotes (\") to denote them as delimited
identifiers. Pay attention to use only the
column names you can see in the tables below. Be
careful to not query for columns that do not
exist. Also, pay attention to which column is in
which table.

Use the following format:

Question: <Your question here>
SQLQuery: <SQL Query to run>

Only use the following table:

CREATE TABLE table_1_1013129_8 (
"Pick" TEXT,
"Player" TEXT,
"Position_" TEXT,

)

/*
Example rows from table_1_1013129_8:
Pick Player Position_

183 Jason Boudrias Forward
184 Brad Englehart Centre
185 Rob Guinn Defence
*/

Question:

A.2. Python

Listing 2: Python Prompt Template for DataBench
You are a Pandas expert. You are given a
function called answer, which
must answer a given question.

Below are a number of examples of questions and
their corresponding Pandas queries.

# Dataframe representation:
# Left Satisfaction Level Avg Monthly Hours
# 0 0.94 173
# 1 0.21 273
# 0 0.63 293

col_names= ['Left', 'Satisfaction Level', 'Avg
Monthly Hours']

def answer(df: pd.DataFrame):
"""Question: question to answer will be here

"""
df.columns = col_names
return # answer code here

B. Additional Results

B.1. Synthetic Dataset Descriptions

In Table 8 we see a detailed composition of the syn-
thetic datasets generated that end up being used
in our main few-shot experiment. The procedure
followed is that described in section 3.

B.2. Detailed Averages

In Table 9 and Table 10 we display the same data
as in Figure 3 but in tabular format.

B.3. Generic Question Experiments

In Table 11 and Table 12 we can see accuracies
for the repetition of the main experiment but using
generic questions. The result of subtracting the
values from the generic questions in Table 12 to
the averages displayed in Table 10 yields Table 6.

C. Template Examples

In Table 15, Table 16, and Table 17, we present
representative samples of the templates generated
for the 4-column toy dataset described in Table 14.

http://arxiv.org/abs/2306.13304
http://arxiv.org/abs/2306.13304
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Q. Type Wiki A Wiki B Wiki C Bench A Bench B Bench C

category 50813 50867 19026 220 221 220
number 17047 16993 48834 800 800 803
list[category] - - - 773 749 771
list[number] - - - 157 180 156
Total 67860 67860 67860 1950 1950 1950

Table 8: Type composition and number of QA pairs generated per data type in Open Wikitables (Wiki)
and Databench (Bench).

baseline (0) 5 10 15 20 25 30

codellama 33.07 37.00 39.40 40.60 41.10 41.20 41.90
deepseek 40.83 46.90 48.30 48.50 47.30 46.60 46.70
mistral 27.93 25.30 26.30 27.20 27.90 29.20 29.80
openchat 12.37 22.00 29.10 32.10 30.30 27.30 26.10
zephyr 6.77 8.80 10.50 11.20 8.80 7.60 6.20

Table 9: Results of Open Wikitables in Figure 3 in tabular format.

baseline (0) 5 10 15 20 25 30

codellama 29.07 51.30 52.40 51.90 50.80 51.10 51.10
deepseek 42.13 63.60 65.40 65.40 64.30 64.60 64.90
mistral 30.77 49.90 51.00 52.00 51.30 51.80 52.20
openchat 29.37 44.90 46.70 47.60 46.10 45.90 44.80
zephyr 30.20 45.10 44.10 44.90 43.90 44.70 43.30

Table 10: Results of DataBench in Figure 3 in tabular format.

baseline (0) 5 10 15 20 25 30

codellama 33.07 35.78 35.14 34.69 35.00 35.96 31.98
deepseek 40.83 44.73 44.08 44.03 43.77 42.77 42.60
mistral 27.93 29.78 29.00 28.55 29.60 28.85 29.20
openchat 12.37 19.04 20.21 23.10 23.20 21.37 13.78
zephyr 6.77 7.12 9.30 11.09 10.50 7.44 7.02

Table 11: Accuracies on Open WikiTables with generic questions at varying few-shot counts.

baseline (0) 5 10 15 20 25 30

codellama 29.07 41.58 43.50 38.74 42.60 37.14 44.60
deepseek 42.13 53.98 58.00 47.93 59.20 43.95 57.70
mistral 30.77 46.17 45.60 46.86 45.32 46.32 46.40
openchat 29.37 45.64 44.70 48.39 45.80 46.40 41.40
zephyr 30.20 42.34 42.00 41.96 41.50 37.98 38.00

Table 12: Accuracies on DataBench with only generic questions at varying few-shot counts.

The number of QA pairs can be computed di-
rectly from the dataset in Table 14, without requir-
ing any assumptions. The dataset contains N = 4
columns: Team, Location, Points, and Age, each
with 2 distinct non-null values. For every ordered
pair of distinct columns (A,B)—where A is the tar-
get and B is the conditioning column—we gener-
ate one QA pair for each unique value in B. Since
there are 12 such ordered pairs and each condition-

ing column has 2 unique values, the base number
of QA pairs is:

12× 2 = 24 Npairs.

By applying 3 selectors and 3 filters to each base
pair—yielding 9 combinations—the total number of
QA pairs becomes:

9× 24 = 216.
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Type Numerical Columns Categorical
Columns

Selectors average, maximum,
minimum

unique, first by row
order, last by row or-
der

Filters bigger than, smaller
than, equal to

is, is not

Table 13: Selectors and filters used for numerical
and categorical columns.

Team Location Points Age

Red Hawks East Coast 34 21
Blue Whales West Coast 28 25

Table 14: Extended toy dataset with two categorical
and two numerical columns.

This example is meant to illustrate that even an
extremely small table like Table 14 can produce
as many as 216 synthetic QA pairs. The various
selectors and filters applicable to each type of col-
umn in the dataset are listed in Table 13. Despite
the limited data variety, even this small toy dataset
enables the generation of a substantial number of
synthetic questions.
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Index Template Value Columns Filled Template Answer
1 What is the average of

A where B is equal to
c?

Red Hawks points, team What is the average of
points where team is
equal to Red Hawks?

34

2 What is the average of
A where B is equal to
c?

Blue Whales points, team What is the average of
points where team is
equal to Blue Whales?

28

3 What is the average of
A where B is not equal
to c?

Red Hawks points, team What is the average
of points where team
is not equal to Red
Hawks?

28

4 What is the average of
A where B is not equal
to c?

Blue Whales points, team What is the average
of points where team
is not equal to Blue
Whales?

34

5 What is the max of A
where B is equal to c?

Red Hawks points, team What is the max of
points where team is
equal to Red Hawks?

34

6 What is the max of A
where B is equal to c?

Blue Whales points, team What is the max of
points where team is
equal to Blue Whales?

28

7 What is the max of A
where B is not equal to
c?

Red Hawks points, team What is the max of
points where team
is not equal to Red
Hawks?

28

8 What is the max of A
where B is not equal to
c?

Blue Whales points, team What is the max of
points where team
is not equal to Blue
Whales?

34

9 What is the min of A
where B is equal to c?

Red Hawks points, team What is the min of
points where team is
equal to Red Hawks?

34

10 What is the min of A
where B is equal to c?

Blue Whales points, team What is the min of
points where team is
equal to Blue Whales?

28

11 What is the min of A
where B is not equal to
c?

Red Hawks points, team What is the min of
points where team
is not equal to Red
Hawks?

28

12 What is the min of A
where B is not equal to
c?

Blue Whales points, team What is the min of
points where team
is not equal to Blue
Whales?

34

Table 15: Templates 1–12 generated for Table 14 (part 1/3).
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Index Template Value Columns Filled Template Answer
13 What is the first value of

A where B is equal to c?
34 location, points What is the first value of

location where points is
equal to 34?

East Coast

14 What is the first value of
A where B is equal to c?

28 location, points What is the first value of
location where points is
equal to 28?

West Coast

15 What is the first value of
A where B is less than
c?

34 location, points What is the first value of
location where points is
less than 34?

West Coast

16 What is the first value of
A where B is less than
c?

28 location, points What is the first value of
location where points is
less than 28?

17 What is the first value of
A where B is more than
c?

28 location, points What is the first value of
location where points is
more than 28?

East Coast

18 What is the first value of
A where B is more than
c?

34 location, points What is the first value of
location where points is
more than 34?

19 What is the last value of
A where B is equal to c?

34 location, points What is the last value of
location where points is
equal to 34?

East Coast

20 What is the last value of
A where B is equal to c?

28 location, points What is the last value of
location where points is
equal to 28?

West Coast

21 What is the last value of
A where B is less than
c?

34 location, points What is the last value of
location where points is
less than 34?

West Coast

22 What is the last value of
A where B is less than
c?

28 location, points What is the last value of
location where points is
less than 28?

23 What is the last value of
A where B is more than
c?

28 location, points What is the last value of
location where points is
more than 28?

East Coast

24 What is the last value of
A where B is more than
c?

34 location, points What is the last value of
location where points is
more than 34?

Table 16: Templates 13–24 generated for Table 14 (part 2/3).
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Index Template Value Columns Filled Template Answer
25 What are the unique

values of A where B is
equal to c?

34 location, points What are the unique
values of location
where points is equal to
34?

East Coast

26 What are the unique
values of A where B is
equal to c?

28 location, points What are the unique
values of location
where points is equal to
28?

West Coast

27 What are the unique
values of A where B is
less than c?

34 location, points What are the unique
values of location
where points is less
than 34?

West Coast

28 What are the unique
values of A where B is
more than c?

28 location, points What are the unique
values of location
where points is more
than 28?

East Coast

29 What is the average of
A where B is equal to
c?

34 age, points What is the average
of age where points is
equal to 34?

21

30 What is the average of
A where B is less than
c?

34 age, points What is the average of
age where points is less
than 34?

25

31 What is the max of A
where B is equal to c?

28 age, points What is the max of age
where points is equal to
28?

25

32 What is the min of A
where B is equal to c?

34 age, points What is the min of age
where points is equal to
34?

21

33 What is the first value
of A where B is equal to
c?

21 team, age What is the first value
of team where age is
equal to 21?

Red Hawks

34 What is the last value of
A where B is equal to
c?

25 team, age What is the last value
of team where age is
equal to 25?

Blue Whales

35 What are the unique
values of A where B is
less than c?

25 team, age What are the unique
values of team where
age is less than 25?

Red Hawks

36 What is the average of
A where B is equal to
c?

21 points, age What is the average
of points where age is
equal to 21?

34

Table 17: Templates 25–36 generated for Table 14 (part 3/3).
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