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Abstract

Real dialogues with Al assistants for solving table questions-answering tasks often follow dynamic, unpredictable
paths due to imperfect information provided by the user or in the data, which must be caught and handled. Developing
datasets which capture such user-Al interactions is difficult and time-consuming. In this work, we develop a novel
framework for synthetically generating controlled, multi-turn conversations between a user and Al assistant for
the task of table-based question answering (TableQA), which can be generated from an existing dataset with fully
specified TableQA examples for any target domain. Each conversation aims to solve a table-based reasoning
question through collaborative effort, modeling one of two real-world scenarios: (1) an Al-initiated clarification, or
(2) a user-initiated correction. Critically, we employ a strong teacher LLM to verify our synthetic conversations by
functional correctness, ensuring high quality. Finally, we demonstrate synthetic datasets generated from TableQA
tasks as benchmarks of frontier LLMs. We find that even larger models struggle to effectively issue clarification
questions and accurately integrate user feedback for corrections, demonstrating important areas for future research.
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1. Introduction

Al assistants are effective for solving data-centric
tasks, in particular table-based question-answering
(TableQA) (Li et al., 2021; Nararatwong et al., 2022),
with numerical reasoning frequently addressed by
for example generating code that operates on the
table (Deng et al., 2022; Chen et al., 2021). Yet,
solving problems in dialogue with Al assistants
is often more complex than single-turn requests.
These can be multi-turn conversations with an un-
predictable trajectory, especially if the task depends
on incomplete information both from a user and the
data context to achieve a solution. Identifying miss-
ing information and recovering from any errors that
arise is critical. To measure and improve the per-
formance on such conversations we typically rely
on available conversational datasets with labeled
dialog acts of clarifications and corrections. How-
ever, creating this dialogue data is often a laborious
and manual task, making it difficult to produce for
a target domain.

To address these gaps, we propose a novel
framework with a teacher-student method for syn-
thetically generating controlled, multi-turn conver-
sations between a user and an Al assistant for
TableQA tasks, involving clarifications and correc-
tions. Our approach leverages existing TableQA
datasets to create synthetic yet realistic dialogues
that model real-world interactions. Each conversa-
tion is designed to solve a table-based reasoning
question through collaborative effort, modeling one
of two common scenarios:

1. Al-initiated clarification: The assistant iden-
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tifies ambiguous or incomplete information in
the user’s question or data and proactively
asks for clarification to answer the question.

2. User-initiated correction: The assistant pro-
vides an initial answer that may be incorrect
due to missing information and a user provides
the missing information as a correction.

In our approach, a teacher model collaborates
with a student model (acting as the Al assistant) to
generate synthetic multi-turn conversations. These
dialogues, which incorporate both clarifications and
corrections, form a dataset for benchmarking (and
training) the student model. Using these dialogues,
we test how well the students are able to generate
clarification questions without knowing whether the
task can be solved with the available information,
as well as how effectively they can leverage user
feedback to correct a wrong answer.

Our synthetic benchmark is designed with solv-
ability as a core requirement. In every dialogue,
we ensure that (i) the student model is capable, in
principle, of asking the right clarification question,
meaning tasks are never impossible; (ii) when the
student poses a clarification question, there is a
clear pathway to correct a wrong answer; and (iii)
even if the student does not ask for clarification,
user intervention with necessary corrections can
guide the model to the correct answer.

We make the following contributions:

1. We present a novel teacher-student frame-
work for generating realistic conversational
data from arbitrary, existing TableQA tasks
which are verifiable for quality. We offer a solu-
tion to the unpredictability and manual creation
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Figure 1: lllustration of synthetic corrections and
clarifications based for the table question: In which
year was the amount for sensors the largest?. The
information about the field Sensors is ablated. Top:
lllustration with both question and table. Middle:
User-initiated correction. Bottom: Al-initiated clari-
fication.

issues of current datasets, as well as for eval-
uating models on these tasks.

2. We establish baselines for several large lan-
guage models (LLMs) on multi-turn TableQA
benchmarks with missing information. In the
scenario of Al-initiated clarification, we ob-
serve that even strong LLMs like GPT4-Turbo
struggle. In the scenario of user-initiated cor-
rection, we find that on average the models
perform better when they are directly corrected
by a user rather than when they ask for clarifi-
cation.

3. We demonstrate the effectiveness of using
additional synthetic conversations as training
data, resulting in significant improvements in
model performance, increasing the accuracy
of smaller LLMs like Llama3.1 8b and Qwen2.5
7b on clarifications.

2. Background and related work

Our approach for synthetically generating conversa-
tions with clarifications and corrections in TableQA
intersects with several research areas, ranging from

generating synthetic training data, synthetic bench-
marks for LLMs and synthetic data for task specific
dialogues.

Synthetic data generation Early approaches
to generate synthetic data for training originate
from traditional instruction tuning data (Longpre
et al., 2023) and include approaches like self-
instruct to generate instructions using LLMs (Wang
et al., 2023) or LLM-based augmentations with
rewrites (Xu et al., 2023). More recently, task-
specific synthetic training data using domain on-
tologies have emerged (Sudalairaj et al., 2024; Li
etal., 2024). For a more general overview on recent
approaches for synthetic training data, see (Long
et al., 2024; Liu et al., 2024).

Besides using LLMs to synthetically generate
training data, recently more and more benchmarks
for evaluations and automatic evaluation meth-
ods leverage LLMs to generate data and evaluate
model responses. Previous benchmarks (Zheng
et al., 2023; Dubois et al., 2024; Lin et al., 20244a;
Gu et al., 2024) mainly leverage synthetic data and
LLMs for evaluations. Such automatic evaluation
methods are based on using LLMs as a judge, re-
spectively auto-annotator. While several works on
LLMs-as-a-judge showed that open-ended qual-
ity criteria show a high correlation between LLM-
based judgments and human judgments (Muruga-
doss et al., 2024), works on correctness criteria and
verification show the dependence on LLMs with
high competence in the corresponding domain (Lin
et al., 2024b). Model hallucination is always a risk
in synthetic data, especially data for evaluation use
cases, so we aim to solve this problem categorically
using program-aided verification.

Dialogue systems The majority of the above-
mentioned approaches are single turn approaches,
synthetically generating a single user-Al interaction.
Prior work on generating conversational data and
dialogue acts with clarifications (Deng et al., 2023b;
Rahmani et al., 2023; Aliannejadi et al., 2021b;
Budzianowski et al., 2020) often leverage human
annotation with crowdsourcing making data gener-
ation expensive.

More recent approaches leverage LLMs to syn-
thesize conversations grounded in knowledge
sources (Bao et al., 2023) or hand-crafted tem-
plates (Kulkarni et al., 2024) for example. Gen-
erating conversations with clarification has been
explored before in conversational recommenda-
tion (Ren et al., 2021), information retrieval (Zamani
etal., 2020) , question answering (Guo et al., 2021)
or for open-domain questions by LLMs (Zhang et al.,
2025). Our approach is a scalable and automatic
way to generate controlled conversations with clari-
fications and corrections.
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General data-centric tasks Related work on
data-centric dialogues focus often on clarification of
the user queries and regard the data as fixed (Chen
et al., 2024; Deng et al., 2022; Aliannejadi et al.,
2021a; Wu et al., 2023; Guo et al., 2021), we take
a novel approach and assume the data is owned
by the user, and can be collaboratively improved
with the help of an agent to meet a user’s informa-
tion need. Further, in this work we generate entire
dialogues from existing target domain datasets, al-
leviating the burden of manually collecting conver-
sations as in prior work like (Deng et al., 2022).

In contrast to previous approaches, we propose
an automatic evaluation framework which reformu-
lates existing, non-conversational TableQA bench-
marks, concentrating on crucial dialogues around
corrections and clarifications. Our approach syn-
thetically generates both evaluation and training
data, and can be easily applied to any LLM to mea-
sure the quality on generating clarification ques-
tions as well as correcting response.

3. Framework

Our framework consists of two key components: 1)
a teacher-student method to generate a bench-
mark for a student model (an LLM acting as
TableQA assistant) with clarification questions and
corrections verified to lead to correction of a wrong
answer. We verify that the generated clarification
questions by the student are useful in correcting
wrong solutions and that the student can recover
from its initial error to come to the final correct an-
swer. 2) an evaluation method to evaluate the stu-
dent models on its ability to generate clarification
questions and fix incorrect solutions on the synthet-
ically generated dialogues in the benchmarks. We
filter synthetic questions based on these compo-
nents to produce a quality benchmark.

3.1. Teacher-student method

For the benchmark, we synthetically generate re-
alistic human-Al dialogues for TableQA tasks with
missing information and verified correctable solu-
tions by either, clarifications initiated by the Al as-
sistant, or corrections initiated by the user (see
Fig. 2 for an illustration). In contrast to previous ap-
proaches like (Chen et al., 2024; Deng et al., 2022),
we verify that the student model can come to a cor-
rect final answer after a clarification question and
a correction, making sure we do not create unsolv-
able tasks. Further, in contrast to (Deng et al., 2022;
Chen et al., 2024) our approach creates conversa-
tions with clarifications and corrections on task de-
scription and data, ablating necessary information
from both. This is our generation pipeline:

1. Seed Question Solvability Starting from an
original TableQA benchmark dataset Or, for each
initial TableQA task T' = (g, t) for a question ¢ about
a table ¢ represented as columns [¢y, - -, ¢;] @nd
each column ¢; consisting of values [vy;, - -, Vg
and a ground-truth answer o*, the teacher model
checks whether the student model can solve the
task by comparing the answer to the ground-truth
a*. If the student model can solve the task we can
proceed with the next steps to perform controlled
ablations. Otherwise, sample error would not be
attributable to our ablations, thus we discard un-
solvable samples.

The teacher then applies novel ablation strate-
gies removing information I from either the table ¢
or the question ¢, noted as T'_;. We then verify that
ablating this information makes the task unsolvable
by the student model. Adding this information back
in a follow-up clarification (initiated by the student
model) or correction (initiated by a user), the task
becomes solvable again for the student.

2. Ablation strategies To reformulate the orig-
inal TableQA tasks in such a way that a student
model can only solve them by asking clarification
questions and incorporating user given corrections,
we remove necessary information making the tasks
not directly solvable.

Removing necessary information from the tables
involves deleting either whole columnsi.e. I = ¢;,
or values I = v; ; from the table which is needed
to give the correct answer. Removing necessary
information from the question is done by rephrasing
the original question ¢ to ¢’ such that the question is
either ambiguous or not answerable due to missing
information, hence I = diff(¢,q’), the semantic dif-
ference between the two questions. In both cases,
we use the teacher model to perform the ablation.

If the removal of the necessary information
makes the student model fail to produce the correct
answer, producing a wrong answer a.;yonq, We add
the new task 7_; to a candidate set C of poten-
tially clarifiable (3A) and correctable (3B) questions
under the student model, otherwise we discard it.

3A. Clarification After ablating the information,
the teacher instructs the student model to generate
clarification questions to help answer the unsolv-
able tasks: Given 7T_; and a candidate answer a,
generate a clarification question g.; such that I C r
(the missing information is contained in the user’s
response) for r a user response to ¢.;; and find a
new answer a,.,, such that a,.,, = a*.

To simulate conversations with clarifications, the
teacher model guides the student model to gener-
ate a clarification question ¢.; for each example in
C, asking for more information. The teacher model
will not give the ground-truth but gives hints of what
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Figure 2: Teacher-Student framework illustrating synthetic dialogue generation with clarifications and
corrections. Starting with an initial (single turn) TableQA task, the teacher model rephrases and removes
information such that the student cannot solve it (anymore). Then, the teacher guides the student how to
ask clarification questions and how to use the provided user corrections to solve the task.

information is needed to answer the question based
on the above ablations.

Given the clarification question, the teacher
model further simulates a user response r con-
taining the missing information. We verify that
the clarification question together with the user re-
sponse does help solving the task by comparing
the model’s final answer with the ground-truth. If
the answer is correct, all aspects are verified and
we add the sample to the set of clarifiable questions
Cl.

3B. Correction Analogous to the clarification pro-
cess, the teacher instructs the student model to
answer the unsolvable task with a given user cor-
rection without initiating a clarification question.

Given T__;, a (possibly wrong) candidate answer
a, and a user response r such that I C r, find a
new answer a,.,, such that a,,., = a*. Hence, a
user-initiated correction task is similar to the clari-
fication task, but here the model does not initiate
a clarification question and instead directly returns
an answer, which will by definition be incorrect.

To simulate conversations with corrections, the
teacher model generates for each example in C' a
user response r with correction instructions con-
taining the necessary information 7. The student
generates a new answer a,.,,, given the simulated
response, which is evaluated by the teacher model
comparing the new answer to the ground-truth. If
the answer is correct, all aspects are verified and
we add the sample to the set of correctable ques-
tions Clo.

4. Benchmark Creation

To create a benchmark with synthetic conversa-
tions containing Al-initiated clarifications and user-

initiated corrections we apply the above introduced
teacher-student approach on two state-of-the-art
TableQA benchmark datasets, TAT-QA (Zhu et al.,
2021) and WikiTableQuestions (Wiki-TQ) (Pasu-
pat and Liang, 2015). Both datasets contain user
questions for a given table and a ground-truth an-
swer. Our framework applies to all such datasets,
as long as it contains a question, a table and a
ground-truth answer. We select from each dataset
1000 samples from the dev-splits as initial TableQA
tasks. We use GPT4-Turbo (OpenAl et al., 2024) as
teacher model with access to the ground-truth data
in all our experiments and use five different LLMs
of different sizes and model families as student
model acting as TableQA assistant: GPT4-Turbo
itself as student model as capable as the teacher.
Llama3.1 (Grattafiori et al., 2024) both 8b as small
and 70b as general purpose language models and
Qwen2.5 (Qwen et al., 2025) both 7b as small and
72b as larger models with stronger reasoning and
coding skills.

Starting from the samples, the teacher creates
the conversations for a benchmark with a student
model. On each sample, the teacher will ablate
information from the questions and the table, but
will only add the sample to the benchmark if the
student can come to a final correct answer after a
clarification or correction (see above). This means,
the final size of the benchmark depends on the
accuracy of the student model on the Al-initiated
clarification and user-initiated correction tasks un-
der the supervision of the teacher.

In Tab. 1, we report the results of the generated
benchmarks for the student models: (Acco,) mea-
sures the accuracies of the different student mod-
els as TableQA assistant on the initial tasks from
TAT-QA and Wiki-TQ (without the ablations); based
on the correctly answered initial tasks (in set C),
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TAT-QA Wiki-TQ

Original Ablate table Ablate question | Original Ablate table Ablate question
Student Accor Accey  Acccoo | Accer Accco Accor Accer  Accco | Accer  Accco
GPT4-Turbo 0.829 0.797 0.882 | 0.566 0.834 0.665 0.711  0.749 | 0.507 0.862
Llama3.1 70b | 0.571 0.737 0.786 | 0.62 0.716 0.637 0.555 0.665 | 0.483 0.747
Llama3.1 8b 0.234 0.351 0.439 | 0.329 0.351 0.295 0.299 0.417 | 0.355 0.553
Qwen2.572b | 0.703 0.645 0.786 | 0.62 0.773 0.579 0.587 0.717 | 0.573 0.784
Qwen2.5 7b 0.438 0.473 0.581 0.442 0.487 0.3 0.417 0.467 | 0.377 0.587

Table 1: Performance of student models while creating the synthetic benchmarks for TableQA with
teacher guidance. For each benchmark TAT-QA (left) and Wiki-TQ (right) we report: (i) Acco., the baseline
accuracy on the original table questions; (ii) Acccy, the accuracy on tasks derived from originally correct
examples after ablating essential information (from the table or question) and an Al-initiated clarification;
and (iii) Acce,, the accuracy when the missing information is provided via a user-initiated correction. These
metrics illustrate that larger models not only achieve higher baseline accuracies but also recover more
effectively when corrections are provided, compared to when they must generate clarification questions

on their own.

(Acccy) measures the accuracies of the student
models on the Al-initiated clarification tasks with
teacher model guidance; and (Accc,) measures
the accuracies of the student models on the correc-
tions tasks with the teacher model guidance.

We observe that the bigger models (GPT4,
Llama3.1 70b, and Qwen2.5 72b) perform the best
on the initial tasks, resulting in a larger pool of can-
didates for their benchmark (high Acco,.). These
models are also better in solving the Al-initiated
clarifications tasks (high Acce;) and user-initiated
correction tasks (high Acce,) after the teachers
ablates information. For example, Qwen2.5 72b
can solve 70% of the original TAT-QA tasks. For
these tasks, we perform the above-described abla-
tions such that Qwen2.5 72b can no longer solve
them. Now, generating a clarification question, the
model can correct the answer in 64% of the cases;
given directly the missing information as user cor-
rection, the model can correct the answer in 78%
of the cases. We see that generating a clarification
question results in lower performance compared to
when a user gives the correction directly (without
making the model generate the clarification ques-
tion). This discrepancy is attributed to the model
not being able to integrate the missing information
from the simulated user in their new solution. The
analysis in section 4.1 shows the simulated user re-
sponse contains the right missing information with
high accuracy.

Based on the performance of the students, we
can generate a benchmark with conversations con-
taining a set C1 of clarifications and a set Co of cor-
rections. Starting from the initial TableQA tasks, the
sizes of these sets depend on the accuracy of the
corresponding student models, i.e., for Llama3.1
8b starting with 1000 of the Wiki-TQ TableQA tasks,
the benchmark will contain around 299 clarifications
and 417 corrections. While this means we throw
away a lot of TableQA tasks due to the student not

Teacher GPT4 Llama3.1 Qwen2.5
Student -Turbo  70b 8b 72b 7b
GPT4-Turbo 086 0.64 066 0.81 0.63
Llama3.170b | 0.88 0.76 0.71 089 0.73
Llama3.1 8b 0.78 0.57 056 0.766 0.56

Table 2: Pearson correlations between human
annotations and correctness judgments of differ-
ent teacher models, higher values indicate higher
agreement on correctness.

being able to finally get to a correct answer, we
ensure the benchmark contains only tasks which
are solvable in principle by a clarification or a cor-
rection.

4.1.

The teacher model plays a central role at several
locations in our framework including a) measur-
ing the correctness of a student model answer, b)
rephrasing the TableQA task; and c) simulating
a user response providing information to correct
an answer. We analyze the quality of the teacher
on these tasks using both human annotations and
automatic comparisons methods.

Teacher Model Analysis

Teacher Model We hand-labelled the answers
from three different student models (GPT4-Turbo,
Llama3.1 70b and LIlama3.1 8b) for correctness and
compared the results with judgments from differ-
ent teacher models (all considered models: GPT4-
Turbo, Llama3.1 70b and 8b, Qwen2.5 72b and
7b).

We see a strong correlation 2 between our hu-
man judgments of correctness of the student an-
swers with GPT4-Turbo’s as well as Qwen2.5 72b’s
correctness judgments as teacher model. These
models also perform well on the original TableQA
tasks, which aligns with findings that the LLM’s abil-
ities on evaluation tasks depends on their ability to
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Sentence Sim 2-Rouge

Original  Pacific \ Original  Pacific

Ours 0.77 0.74 0.71 0.71
Pacific 0.84 1 0.77 1

Table 3: Average sentence similarity and 2-
gram overlap (Rouge-score) between the origi-
nal user questions in the TAT-QA dataset and
their rephrased version to remove information by
both, our proposed teacher model and the human
rephrases in the Pacific dataset.

solve the task themselves (Lin et al., 2024b). The
major source of disagreements come from format-
ting issues i.e., rounding a number like 0.59 given a
ground-truth answer of 0.6. Based on these finding
we choose GPT4-Turbo as teacher model for all
our experiments.

Task ablation To study the quality of ablating
question information by the teacher model, we
compare the resulting rephrased questions ¢’ to
the original question, as well as to the correspond-
ing human questions from the Pacific (Deng et al.,
2022) dataset as reference. We find that the
rephrased questions in both approaches, ours from
the teacher model and human ones from the Pacific
dataset, are both semantically and lexically similar.
In Tab.3, we report the sentence similarity (Reimers
and Gurevych, 2019) and the 2-rouge scores (Lin,
2004) between original questions from TAT-QA, the
rephrased questions by the teacher model and the
questions from the Pacifc dataset.

We find that the teacher rephrases the questions
similar to how humans perform this task in the Pa-
cific dataset. For example one strategy to rephrase
the question is to remove nominal entities men-
tioned at the end, which is also observed in the Pa-
cific dataset, i.e., the original question What was the
discount rate for 20197 from the TAT-QA dataset
is rephrased both by our teacher model approach
and the human annotators in the Pacific dataset as
What was the discount rate?.

Analogue to the questions, we study the quality
of ablating table information by measuring the differ-
ences to the original table. In 98% of all cases, the
teacher changes the table after being instructed
to remove relevant information. 36% of the time
the teacher removes columns, 67% of the time the
teacher removes values (not a whole column). We
find that on average 5% of the original table is re-
moved (the main table stays intact) and in 85% of
the cases the table ablation successfully results in
a deficiency to solve the task, where at least one
of the student models can clarify or correct it.

User responses We analyze how well the
teacher model simulates a user response by mea-

suring the amount of the ablated information con-
tained to correct an answer. We perform a semi-
automatic annotation where we first check how
much of the ablated information (either from the
question or the table) is contained in the user re-
sponse. To account for rephrasing and simple
misses due to formatting, we add an additional
human annotation to perform the same task.

For ablating question information, we find that
in more than 99% of all simulated user responses,
the ablated information is contained, either directly
or rephrased. This is also independent on whether
the student can finally answer the question. For
ablating table information, we find that in 95% of all
simulate user responses, the response contains a
subset of the ablated information from the table. In
average 83% of the ablated information is returned
to the student by the simulated user. We observe
that the teacher model does not always return all
the information it has removed from the table. Non-
relevant, but ablated information, are often omitted.

4.2. Human study

We additionally conducted a crowd-sourced anno-
tation study on Prolific to assess the quality of the
teacher-generated questions, the simulated user
responses, and the overall conversational quality.
Three independent annotators evaluated 120 ex-
amples from the GPT4-generated benchmark, as-
signing scores from 1 (low) to 3 (excellent).

On average, both the conversational quality and
the simulated interactions were rated highly. For
cases involving missing information in the question,
the teacher-generated clarification questions and
simulated user responses received mean scores
of 2.7 and 2.8, respectively. For cases involving
missing information in the table, the scores were
slightly lower, at 2.5 for the questions and 2.6 for the
responses. The overall conversational quality was
rated at 2.6 for both question- and table-ablation
scenarios.

Inter-annotator agreement was 72% for the qual-
ity of question ablations and 60% for table abla-
tions, indicating moderate to substantial consensus
among raters.

5. Evaluation

Based on the benchmarks generated for each stu-
dent model from the dev-splits from TAT-QA and
Wiki-TQ as introduced above, we evaluate the stu-
dent models on solving the tasks in Cl and Co with-
out the teacher guiding the clarification or correc-
tion process. We still leverage the teacher model to
simulate user responses, but the teacher no longer
helps the student directly.

We evaluate the student using two prompting

4204



TAT-QA Wiki-TQ
Student P R F1 Acce;  Accco | P R F1 Accc; Acccoo
GPT4-Turbo 082 036 05 0.81 0.91 0.81 0.38 0.51 0.67 0.75
Llama3.170b | 0.55 0.94 0.69 0.86 0.89 056 091 0.69 0.63 0.71
Llama3.1 8b 029 1.0 045 0.63 * 059 1.0 0.74 0.57 *
Qwen2.572b | 0.93 0.16 0.27 0.86 0.91 0.74 0.16 0.27 0.55 0.69
Qwen2.5 7b 044 1.0 0.61 0.78 * 045 098 0.62 0.71 0.6

Table 4: Performance of the student models on their created synthetic benchmarks for TableQA without
teacher guidance using a follow-up instruction prompt. For each benchmark TAT-QA (left) and Wiki-TQ
(right) we report: (i) precision, recall and F1-score on Al-initiated clarification questions; (ii) Acccy, the
accuracy on the examples with the ablated essential information after the Al-initiated clarification; and
(iii) Accceo, the accuracy on the examples with the ablated essential information after a user-initiated
correction. *No user-initiated corrections since the model asked always a clarification question. These
metrics illustrate that smaller models almost always ask for clarification if they are prompted for such a

decision.

strategies, as well as by supervised finetuning: 1)
Similar to the teacher-student interactions to gen-
erate a benchmark, we first prompt the model to
answer the table question and then prompt the
model as follow-up to decide whether to ask a clar-
ification question or not. After the response from
the student model, we simulate a user response
either providing the information asked for in the
clarification question (if the student initiates this)
or provide a direct user correction with the missing
information if the model does not initiate clarifica-
tion question. 2) We prompt the student model to
answer the table questions and to decide whether
to return either the answer or a clarification ques-
tion in a single prompt (hence, first solve the task,
next decide whether to ask for clarification), with ze-
roshot and fewshot prompting (Brown et al., 2020).
3) Finally, we create a new training dataset based
on the train-split of the TableQA benchmarks TAT-
QA and Wiki-TQ and finetune the student models
on these tasks. Then, we measure whether the
models can improve their performance on the clari-
fication and corrections tasks through finetuning by
evaluating them on the dev-split based benchmarks
using zero-shot prompting.

Given the benchmark for each student we mea-
sure precision, recall and F1-score on generating
clarification questions based on the successful clar-
ifications (positive class) and successful original
tasks which did not need a clarification to answer
(negative class). Further we measure the accuracy
of the final answer after either the student initiated
a clarification (C1) or the user directly corrected the
model with the missing information if the model did
not initiate a clarification questions (Co). This mea-
sure whether the student can recover from a wrong
answer.

1) Follow-up instruction prompt First we evalu-
ate the student models to solve the clarification and
corrections tasks when prompted as a follow-up

after receiving an initial answer (Tab. 4).

We observe that the stronger models are more
reluctant in generating clarification questions, re-
sulting in a lower recall, but when they ask they are
accurate, resulting in high precision i.e., Qwen2.5
72b has a low recall of 0.16 but a high precision of
0.93 on benchmark from TAT-QA. For the weaker
models, we observe the opposite, a high recall and
a low precision i.e., Llama3.1 8b has a recall of 1
but a low precision of 0.29. These models are less
confident in their answers, asking almost always
clarification questions, even if not needed. This
behavior is consistent across the datasets.

On both datasets, we see that recovery from a
wrong answer without the teacher guidance, with
or without asking a clarification questions, is chal-
lenging even for highly capable student models.
GPT4-Turbo for example achieves 81% accuracy
on tasks when it initiated a clarification, and 91%
when a user directly provided the correction. For
the smaller models, like Llama3.1 8b, we observe
lower accuracies, ranging between 57% and 67%.

As observed before, we see higher accuracies on
the corrections tasks (C'o) when the student models
decide not to ask a clarification question, compared
to the Al-initiated clarification tasks (C!) when the
models ask a clarification question. For example,
Llama3.1 70b is only able to give a correct final
answer after clarification in 63% of the tasks in the
benchmark from Wiki-TQ, but in 71% of the tasks
without asking a clarification question.

2) Few-shot prompts In contrast to testing the
student models with a follow-up prompt to decide
whether to ask a clarification question, next we test
them in a single step, prompting them only once
to generate an answer and clarification question
if needed. This tests the student models on their
self-criticizing abilities. We are testing the students
using zero- and fewshot prompting (Tab. 5 - top
and middle section). For the fewshot prompts we
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TAT-QA Wiki-TQ
Student P R F1 Acce;  Accco | P R F1 Accc; Acccoo
Zeroshot
GPT4-Turbo 098 0.31 047 0.9 0.86 098 044 0.61 0.65 0.79
Llama3.170b | 0.96 0.09 0.16 0.8 0.75 093 0.22 0.35 0.53 0.76
Llama3.1 8b 0.5 0.01 0.03 0.67 0.46 062 0.03 0.05 0.55 0.61
Qwen2.572b | 1.0 0.07 0.13 0.88 0.79 1.0 0.09 0.17 0.79 0.74
Qwen2.5 7b 092 022 0.36 0.55 0.66 0.84 0.34 0.49 0.57 0.72
Fewshot
GPT4-Turbo 098 0.28 0.43 0.89 0.83 097 0.36 0.52 0.59 0.6
Llama3.1 70b | 0.84 0.12 0.2 0.7 0.64 096 0.19 0.32 0.62 0.66
Llama3.1 8b 0.29 0.08 0.11 0.33 0.33 0.86 0.07 0.12 0.43 0.42
Qwen2.572b | 1.0 0.1 0.19 0.85 0.74 091 0.08 0.14 0.71 0.71
Qwen2.5 7b 0.88 046 059 046 0.44 085 048 0.61 0.57 0.66

Table 5: Performance of the student models on their created synthetic benchmark for TableQA without
teacher guidance using zero and fewshot prompts. For each benchmark TAT-QA (left) and Wiki-TQ
(right) we report: (i) precision, recall and F1-score on Al-initiated clarification questions; (ii) Accey, the
accuracy on the examples with the ablated essential information after the Al-initiated clarification; and (iii)
Accceo, the accuracy on the examples with the ablated essential information after a user-initiated correction.
These metrics illustrate with zero- and fewshot prompts all models are reluctant in asking clarifications

before returning an answer.

TAT-QA
Student P R F1 Accer Acceo
Llama3.18b | 0.62 0.56 0.59 0.71 0.78
Qwen2.57b | 045 0.71 0.55 0.72 0.69

Table 6: Performance of the student models on the
synthetic benchmark for TableQA after finetuning.
Finetuning increases the recall and also improve
the accuracies on the final answers. Bold numbers
indicate improvement over the non-finetuned model
using zero-shot prompting.

extract 4 examples from the train benchmarks and
present them in two different orders to avoid posi-
tional biases.

We observe that, in contrast to testing the stu-
dents with a follow-up prompt, all models are now
more reluctant to ask clarification questions. With
zeroshot prompting for example, the smaller stu-
dent models Llama3.1 8b, and Qwen2.5 7b drop
in recall from 1 to 0.22, respectively 0.01 when not
prompted as a follow-up to decide to ask a clarifi-
cation question and instead prompted to make this
decision before returning an answer.

3) Finetuning We additionally generate a training
dataset using the teacher-student method using the
train-splits of the TableQA datasets from TAT-QA
(Tab. 6). We finetune Llama3.1 8b and Qwen2.5 7b
for four epochs on this train dataset and test both
finetuned models with zeroshot prompting on the
synthetically generated benchmarks from above,
analogue to the previous evaluation. We observe
that after finetuning, the performance of both mod-
els improve in generating clarification questions
and fixing the initial incorrect answer after a clari-

fication or a correction from a user. Llama3.1 8b
benefits the most from finetuning, significantly in-
creasing in recall compared to zeroshot and few-
shot prompting the non-finetuned model.

6. Conclusion

In this work, we introduced a novel teacher—student
framework to generate a benchmark of synthetic
conversations with Al-initiated clarifications and
user-initiated corrections for TableQA tasks. Our
approach leverages a strong teacher model to ver-
ify that every synthesized dialogue constitutes a
solvable sub-task, ensuring that the generated data
provides a reliable benchmark for evaluating large
language models. Further, in contrast to previous
approaches, we leverage ablations of information
from both the question and the table to synthetically
generate dialogues with the need of clarifications
and corrections.

We conducted extensive experiments using two
well-known TableQA datasets (TAT-QA and Wiki-
TQ) and evaluated a range of student models, from
highly capable systems such as GPT4-Turbo to
smaller models like Llama3.1 8b and Qwen2.5 7b.
Our results show that stronger models not only
achieve higher baseline accuracy on original tasks
but are also more effective at handling informa-
tion deficiencies when guided by teacher feedback.
Moreover, we demonstrate that finetuning on the
synthetic conversations significantly improves stu-
dent models’ ability to generate clarification ques-
tions and correctly incorporate user-initiated correc-
tions.

4206



7. Limitations

The benchmarks are dependent on the characteris-
tics of a specific student model, meaning it may
overlook failure cases that are common across
other models. Additionally, the framework requires
a strong teacher LLM to generate and validate the
synthetic conversations—although this is still more
cost-effective than human annotation, it can be ex-
pensive and the teacher model may itself exhibit
issues such as hallucinations, biases, or lower per-
formance than human evaluators. Even though the
main authors performed a human evaluation on
the generated questions and corrections, we can-
not guarantee general correctness and naturalness.
Hallucinations and data leakages are possible, al-
though our approach makes sure that the student
never has access to the ground-truth and we only
keep generated dialogues that end in a correct an-
swer.
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