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Abstract

Question answering on free-form tables (a.k.a. TableQA) is a
challenging task because of the flexible structure and complex
schema of tables. Recent studies use Large Language Mod-
els (LLMs) for this task, exploiting their capability in under-
standing the questions and tabular data, which are typically
given in natural language and contain many textual fields,
respectively. While this approach has shown promising re-
sults, it overlooks the challenges brought by numerical val-
ues which are common in tabular data, and LLMs are known
to struggle with such values. We aim to address this issue,
and we propose a model named TabLaP that uses LLMs as
a planner rather than an answer generator. This approach ex-
ploits LLMs’ capability in multi-step reasoning while leav-
ing the actual numerical calculations to a Python interpreter
for accurate calculation. Recognizing the inaccurate nature of
LLMs, we further make a first attempt to quantify the trust-
worthiness of the answers produced by TabLaP, such that
users can use TabLaP in a regret-aware manner. Experimen-
tal results on two benchmark datasets show that TabLaP is
substantially more accurate than the state-of-the-art models,
improving the answer accuracy by 5.7% and 5.8% on the two
datasets, respectively.

Code — https://github.com/yxw-11/TabLaP

Introduction
Tables are a commonly used data format to organize and
present information. Table Question Answering (TableQA)
aims to answer questio ns based on data in tables. It arises
as an important problem to automatically extract informa-
tion from free-form tables for non-experts (Ye et al. 2023a).
In a typical TableQA task, questions are given in natural lan-
guage. The input tables are in free-form and may not have a
well-defined schema, i.e., they are not necessarily relational
tables, such as web tables (Cafarella et al. 2008). In other
words, these tables may have mixed data types in columns
and non-predefined logical forms (Jin et al. 2022). In this
case, structural query language-based solutions (Pasupat and
Liang 2015; Zhong, Xiong, and Socher 2017; Pourreza and
Rafiei 2023; Gao et al. 2024) are not always applicable. See
Figure 1a for an example of the TableQA task.
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Recent studies (Cheng et al. 2023; Ye et al. 2023b; Liu,
Wang, and Chen 2024; Patnaik et al. 2024) use Large Lan-
guage Models (LLMs), exploiting their semantic capabilities
to analyze textual questions as well as tabular data, where
many fields are often in text. Unfortunately, these studies
have overlooked a notorious issue of the LLMs – their lim-
ited capability in handling numerical data (Frieder et al.
2024). As Figure 1b shows, prompting an LLM (GPT-3.5
Turbo) directly with a table and a question for numerical
calculation could lead to an inaccurate answer.

To address this issue, we study how to strengthen the
capability of LLMs to handle numerical questions. A cru-
cial observation behind our proposed solution is that while
LLMs struggle with carrying out numerical calculations,
they are capable of producing plans to execute such calcula-
tions. As Figure 1c shows, using the same LLM but prompt-
ing it to generate a calculation plan in Python, the generated
Python script can be executed and yield the correct answer.

Based on this observation, we propose a TableQA model
with an LLM as a planner, TabLaP. We call the planner
LLM NumSolver and design a prompt to guide it to gen-
erate a plan that decomposes a complex numerical question
into sequential steps (in Python script) based on Chain-Of-
Thought (Wei et al. 2022). The script is then executed by a
Python interpreter to produce an answer to the question.

Moreover, to largely retain the strong capability of LLMs
to process non-numerical questions, TabLaP takes a dual-
branch structure, where NumSolver forms a branch and a
state-of-the-art (SOTA) TableQA model forms the other.

As each of the two branches produces an answer, to inte-
grate the answers from them, we exploit a third LLM (named
AnsSelector) – an open-source one (LlaMa 3-8B-Instruct)
which allows for fine-tuning – to take the question and an-
swers from both model branches (including the reasoning
texts) as input and selects a branch to trust. The answer from
the selected branch is then returned as the final answer.

Recognizing the inaccurate nature of LLMs, we further
quantify the trustworthiness of the answers generated by
TabLaP. We propose a module named TwEvaluator based on
yet another LLM and Multi-Arm Bandit (MAB) (Vermorel
and Mohri 2005). TwEvaluator tracks the answer correctness
of both TabLaP branches over time and yields a trustworthi-
ness label of the final answer accordingly. This label enables
users to consume the answer in a regret-aware manner.
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Overall, this paper makes the following contributions:
• We propose TabLaP, a multi-LLM-based model for

TableQA tasks with both numerical and non-numerical
questions. The core contribution of TabLaP lies in its
holistic system design that exploits the strength of each
model forming a module of TabLaP, rather than forcing
a model onto an unsuitable task.

• We propose NumSolver, an LLM-based module to
process numerical questions. We further fine-tune an
open-source LLM-based AnsSelector module to decide
whether to use the answer generated by NumSolver or a
SOTA TableQA model (e.g., Liu, Wang, and Chen 2024),
exploiting their capabilities in answering numerical and
non-numerical questions, respectively.

• We propose a regret-aware scheme enabled by an LLM-
and-MAB-based module named TwEvaluator that tracks
the correctness of the answer generation modules and
produces a trustworthiness label for the answers.

• We conduct experiments to test the effectiveness of
TabLaP on WikiTableQuesetions (Pasupat and
Liang 2015) and FTQ. WikiTableQuesetions is a
public dataset, while FTQ is adapted by us from the
FeTaQA dataset (Nan et al. 2022) by removing answer
tokens non-directly relevant to the questions. The ex-
perimental results show that TabLaP outperforms SOTA
TableQA models on both datasets by 5.7% and 5.8% in
accuracy, respectively. Meanwhile, the answer trustwor-
thiness labels generated by TabLaP help reduce the user
regret ratio on using the model generated answers by
19.6% and 20.6% on the two datasets, respectively, com-
pared with always trusting the model generated answers.

Related Work
Studies on TableQA are mainly driven by designing models
that can understand questions in natural language and tab-
ular data. These studies can be categorized into semantic
parsing-based, pre-trained language model (PLM)-based,
and large language model (LLM)-based.

Semantic parsing-based methods. Semantic-parsing-
based methods transform natural language questions into
a logical form (e.g., SQL) that machines can understand
and execute. There are two sub-categories of methods:
(i) weakly-supervised (Pasupat and Liang 2015; Neelakan-
tan et al. 2017; Yu et al. 2018a), and (ii) fully-supervised,
such as NL-to-SQL (Zhong, Xiong, and Socher 2017; Pour-
reza and Rafiei 2023; Gao et al. 2024). For weakly super-
vised methods, a semantic parser generates the logical form
based on an input question, a table, and the answer. There is
no pre-defined ground-truth logical form. Fully supervised
methods, on the other hand, further take a ground-truth log-
ical form as their input. Both sub-categories focus on ana-
lyzing the questions. They are less effective on tables with
complex structures and data types (Hong et al. 2024).

PLM-based methods. Language model-based methods,
including PLM-based ones, focus on guiding the mod-
els to understand tabular data. There are two directions:
(i) Tailoring Transformer (Vaswani et al. 2017) model struc-
ture for better tabular data understanding. For example,

Table Title:  Hannes Hopley Discus Throw

Question: The average distance of the discus throw for Hannes Hopley?

Historical 
Comparison

External 
Factors

Performance 
Data

Attempt 
Details

Last: 60.02m
Average: 59.80m

Wind: Light 
breeze

Distance: 59.51m
Accuracy: 85%1st Try

Last: 61.30m
Best: 62.90m

Wind: Slight 
increase at 2 m/s

Distance: 62.86m
Speed: 45 rpm2nd Try

Last: 62.00m
Best: 63.00m

Wind: Calm
Humidity: 60%

Distance: 63.50m
Release Angle: 35°3rd Try

Last: 62.70m
Average: 62.50m

Wind: Crosswind 
increased

Distance: 62.58m
Power: 92%4th Try

Last: 61.80m
Below Average

Wind: Gusty, 
challenging 
conditions

Distance: 60.99m
Fatigue: High5th Try

Last: 58.50m
Worst Attempt: 

57.50m

Wind: Strong 
gusts

Distance: 57.79m
Stability: Poor6th Try

Last : 59.00mWind:
UnfavorableDistance: 56.98m7th Try

(a)

LLM
Please answer the question regarding Discus Throw
| Attempt | Performance | External Factors | Historical Comparison |
|    …      |          …          |             …              |         …                     | 

Q:  Avg. distance of the discus throw for Hannes Hopley? 
- Solve step by step and give the process of deducing
- Give me the answer in the format “Final Answer: 
AnswerName1” form

The average distance of the discus throw is 60.99m 
- Total distance = 59.51m + 62.86m + 63.50m + 62.58m + 
60.99m + 57.79m + 56.98m = 423.97m 
-Average distance = Total distance / Number of tries = 
424.21m / 7 = 60.99 m Final Answer: 60.99m 

Prompt

❌

❌

Answer

(b)

LLM + Python Interpreter
Please answer the question regarding Discus Throw

- Return Python script (prefer using list operations)
- Give answer in format "Final Answer: AnswerName1" form

Prompt

Answer

```python 
distances = [59.51, 62.86, 63.50, 62.58, 60.99, 57.79, 56.98] 
average_distance = sum(distances) / len(distances) 
print(round(average_distance, 2)) Final Answer: 60.60 
``` 60.60Code Execution √

| Attempt | Performance | External Factors | Historical Comparison    |
|    …      |          …          |             …              |         …                     | 
Q:  Avg. distance of the discus throw for Hannes Hopley? 

(c)

Figure 1: A TableQA example with a numerical question:
(a) Input table and question; (b) Answer from prompting an
LLM (GPT-3.5 Turbo) directly; (c) Answer from prompt-
ing the LLM to generate a Python script for the calculation
(we prompt the LLM to ignore the unit to suit the evaluation
procedure of the benchmark datasets, which can be kept by
adapting the prompt easily).

TAPAS (Herzig et al. 2020) masks table cells and extends
BERT (Devlin et al. 2019) by adding column, row, and
rank embeddings. TUTA (Wang et al. 2021) further masks
columns or table segments and designs a special atten-
tion mechanism with a tree structure to capture the hier-
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archical relationships and dependencies for tabular data.
TaBERT (Yin et al. 2020) extends BERT with vertical self-
attention and combines text and table representations in a
unified framework. (ii) Pre-training and fine-tuning models
for end-to-end TableQA. For example, TAPEX (Liu et al.
2022) pre-trains BART (Lewis et al. 2020) with a large syn-
thetic dataset derived from the WikiTableQuestions
dataset. CABINET (Patnaik et al. 2024) fine-tunes content
relevance-based modules that reduce the weight of irrelevant
rows or columns to guide the PLM focus more on the key in-
formation. OmniTab (Jiang et al. 2022) also leverages BART
as its backbone model, while it is pre-trained using both real
and synthetic data – these include SQL queries from the Spi-
der dataset (Yu et al. 2018b) and synthetic natural language
sentences converted from the SQL queries using their pro-
posed SQL2NL model. The aim is to enhance the model
capability to perform few-shot learning for TableQA. The
PLM models are smaller than the latest LLMs. They have
limited capabilities in understanding tabular semantics, lead-
ing to sub-optimal TableQA results, as shown empirically.

LLM-based methods. Recent studies exploit the seman-
tic and context (i.e., table) tracking capabilities of LLMs.

In-context learning is a common method, where a few
TableQA examples are fed into an LLM together with an
input question and a table to prompt the LLM for answer
generation. For example, Chain-of-Table (Wang et al. 2024)
solves TableQA problems step by step and obtains a sub-
table at each step using a GPT-based model. DATER (Ye
et al. 2023b) decomposes tables and questions into sub-
tables and sub-questions at each step to help LLMs under-
stand the question and data more easily.

Mix-SC (Liu, Wang, and Chen 2024), the SOTA model,
generates a few answers for each question exploiting the
stochastic nature of LLMs. It uses two types of prompts:
prompting the LLM to run as a Python agent to execute
Python scripts directly and Chain-of-Thoughts prompting
to ask the LLM to solve problems stey by step (Wei et al.
2022). The best answer is returned, which is selected using
a self-consistency method, i.e., taking the most frequent an-
swer. The models above generate answers by LLMs directly,
while we use LLMs to generate an answer calculation plan.
These models can form a branch in our model. We use Mix-
SC for its SOTA performance.

Binder (Cheng et al. 2023) uses an LLM to generate an
initial program for an input question and identify portions of
the program that are difficult to solve. It then re-invokes the
LLM to supplement these parts. Finally, the refined program
is executed by an interpreter to obtain the TableQA answer.
LEVER (Ni et al. 2023) exploits an LLM as a planner to
generate multiple possible SQL queries, executes them to
obtain candidate answers, and employs a verification model
to select the best answer. TabLaP differs from Binder in that
it uses the Chain-of-Thought method, allowing the LLM to
generate problem-solving scripts step by step and enables
the LLM to directly analyze and produce an answer, miti-
gating the impact of code execution errors. In comparison,
Binder’s answers heavily rely on the quality of the initially
generated program, while its design does not account for
handling errors in the program. Therefore, TabLaP better

leverages the analytical capabilities of LLMs and provides
a more reliable solution. Compared with LEVER, TabLaP
generates Python scripts instead of SQL queries, which are
more flexible for non-relational tables. Further, TabLaP’s an-
swer selector examines not only the answers (as done by
LEVER) but also the reasoning process of the answers, lead-
ing to more accurate answer selection.

Numerical Reasoning for LLMs. Understanding numer-
ical data and performing calculations are known issues with
LLMs (Didolkar et al. 2024; Frieder et al. 2024).

Efforts have been made to improve LLMs’ mathematical
capability. DELI (Zhang et al. 2023), which utilizes an LLM
to generate the solution process for mathematical problems,
identifies mathematical expressions within the solution, and
then calls external tools to execute the calculation. PAL (Gao
et al. 2023) breaks down a mathematical problem into mul-
tiple steps, generates executable code for each step to pro-
duce intermediate results, and combines these intermediate
answers to calculate the final answer. Inspired by this latter
study, we generate multiple answers for an input question
and train a classifier to select the best answer. Our solution
differs from both studies above, in that we use an LLM to
generate Python scripts and execute them end-to-end, effec-
tively reducing the impact of errors produced by the interme-
diate steps. Additionally, by analyzing the reasoning process
to select the best answer, TabLaP addresses scenarios where
the calculation is correct while the reasoning is flawed.

Methods
Given a table T and a question Q regarding the data in T ,
our goal is to design a model that produces an accurate an-
swer for Q. Here, Q = (q1, q2, . . . , q|Q|) is given in natu-
ral language, where qi ∈ Q (i ∈ [1, |Q|]) is a token (e.g.,
a word), T is also represented as a sequence of tokens in
natural language, where the cells are separated by special
characters such as ‘|’ while the rows are separated by new-
line characters. The effectiveness of a model is measured by
a token-based comparison between the answer generated by
the model and the ground truth.

In this paper, we are particularly interested in multi-step
numerical questions which require applications of two or
more basic arithmetic and relational operators {+, −, ∗, /,
>, < }. These operators are common in our experimental
datasets, while the techniques proposed can be extended to
support more relational operators such as ≥ and ≤ straight-
forwardly. It is known that existing LLMs are less effective
in handling this type of questions.

Model Overview
As outlined in Algorithm 1, there are three stages in the
question answering process of our TabLaP model: (i) answer
generation, (ii) answer selection, and (iii) answer trustwor-
thiness evaluation.

In the answer generation stage, two models are adopted.
One is a SOTA model (Liu, Wang, and Chen 2024) (detailed
in Related Work), denoted by MSOTA, and the other is our
numerical question answering module NumSolver, denoted
by MNS (detailed in Answer Generation). These two mod-
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AnsSelector

TwEvaluator

Answer:
6√

trustworthiness 
label

Question: How many games did
the wining team score above 3 

points?

Res.ScoreOpponentVenueDateNo.

Won3-0Costa 
Rica

Kyoto, 
Japan

1995-
09-061

………………

Won4-1IraqBeirut
Lebanon

2000-
10-249

Table Title: Match Results Reasoning of the 
Answer: 

Steps to derive 
SOTA Answer:

Answer

Reasoning of the 
Answer: 

Steps to derive
Python Code
NumSolver 

Answer

Answer:
5 ❌

Answer:
6√

execute

self-correct

SOTA

NumSolver User

Answer GenerationInput Data Answer Selection
Trustworthiness 

Evaluation

Figure 2: Overview of TabLaP. The model has three stages: answer generation, answer selection, and trustworthiness evaluation.
(i) The answer generation stage uses both a SOTA TableQA model (Liu, Wang, and Chen 2024) and our NumSolver module to
generate answers for an input question and a table, where NumSolver focuses on numerical questions. (ii) The answer selection
stage selects answers from the generated ones, based on the question and the reasoning steps generated by the two models.
(iii) The trustworthiness evaluation stage tracks the success rates of both the SOTA model and NumSolver, and generates a
trustworthiness label that is presented to users together with the selected answer.

Algorithm 1: Table Question Answering with TabLaP
Require: Table T , questions Q, answer generation models

MSOTA and NumSolver MNS , AnsSelector, TwEvaluator
1: Answer Generation:

(1) Generate promptSOTA and promptNS for MSOTA and
MNS , respectively
(2) Obtain answer and reasoning pairs (AnsA,RsnA) and
(AnsB ,RsnB) by feeding promptSOTA and promptNS to
MSOTA and MNS , respectively

2: Selection by AnsSelector:
(1) Combine table T schema and Q with (AnsA,RsnA) and
(AnsB ,RsnB) to form answer selection promptsel
(2) Ansbest ← AnsSelector(promptsel)

3: Verification by TwEvaluator:
(1) Combine table T schema and Q with (AnsA,RsnA) and
(AnsB ,RsnB) to form verification prompttwe
(2) Labeltrue/false ← TwEvaluator(prompttwe)
(3) Update TwEvaluator based on Ansbest, Labeltrue/false, and
ground truth answer

4: return Ansbest, Labeltrue/false

els take the input pair (T,Q) and individually generate an-
swers (together with their reasoning steps) for Q.

In the answer selection stage, our AnsSelector module
(detailed in Answer Selection) takes as input the question Q,
the schema of T and the two answers along with the corre-
sponding reasoning steps provided by the two answer gen-
eration models in the previous stage. It decides an answer
from the two candidates.

In the answer trustworthiness evaluation stage, our TwE-
valuator (detailed in Trustworthiness Evaluation) tracks the
reliability of the answers generated by the two answer gen-
eration models and produces a trustworthiness label for the
answer selected in the previous stage.

Answer Generation
We use NumSolver and a SOTA model, Mix-SC (Liu, Wang,
and Chen 2024), as two separate branches to answer Q.

In NumSolver, we prompt a backbone LLM to answer
Q step by step and generate the reasoning process with
intermediate results. Besides, we also prompt the LLM to
write down the Python scripts to answer Q. By executing
the Python scripts with a Python interpreter, question an-
swers are obtained, which are found to be more accurate than
those obtained from the direct LLM reasoning process, espe-
cially for multi-step numerical questions. When the Python-
based answers are different from the LLM-generated ones,
and they contain numerical values, priority is given to the
Python-based answers. When errors occur during Python
execution, the answers obtained directly from the LLM are
used. This process is called self-correctness.

The prompts used in our models (including the ones in-
troduced below) are available in our online technical re-
port (Wang, Qi, and Gan 2024).

Answer Selection
AnsSelector decides the best answer from those generated
by the two model branches in the answer generation stage,
based on the question, table schema, generated answers,
and the reasoning process. We use a fine-tuned Llama3-8B-
Instruct as AnsSelector, which returns a label of either [A]
or [B], indicating that the answer from the SOTA TableQA
branch or NumSolver is preferred, respectively.

Trustworthiness Evaluation
TwEvaluator trains an LLM (a fine-tuned Llama3-8B-
Instruct) with a similar input to that of AnsSelector. It re-
turns an answer of either [True] or [False], indicating
whether TabLaP has answered the input question correctly.

To enhance the reliability of TwEvaluator, we use two
methods: the Expanding Window (EW) method and the
Multi-arm Bandits (MAB) with Upper Confidence Bound
(UCB) (Slivkins 2019), as rejection filters that filter poten-
tial false rejections of the TwEvaluator.
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The EW method. The EW method starts by accepting the
TwEvaluator LLM’s predictions for t TableQA instances, to
calculate an initial accuracy of the LLM, denoted by A(t):

A(t) =
num correct(MTw, t)

t
. (1)

Here, num correct(MTw, t) denotes the number of correct
predictions made by the TwEvaluator LLM for the t test in-
stances. From the (t + 1)-th test instance, the EW method
rejects the LLM’s unreliable labels with a probability of
P (t) = 1−A(t), and updates A(t) to A(t+ 1).

The MAB method. The MAB method aims to balance ex-
ploration and exploitation by selecting actions that maxi-
mize expected rewards while considering uncertainty. We
use an MAB of two arms representing either to accept or to
reject an unreliable label of the TwEvaluator LLM. We aim
to select the arm that maximizes the TwAccuracy of TabLaP,
as guided by the equation below:

µ̂i(t) =

∑t−1
n=1 ri(n) · I(a(n) = i)

Ni(t− 1)
, (2)

where µ̂i(t) is the estimated mean reward of arm i at time
(i.e., test instance) t; ri(n) is the reward received when arm
i is selected at time n; I(a(n) = i) is the indicator func-
tion, which equals to 1 if arm i is selected at time n, and 0
otherwise; and Ni(t) is the number of times arm i has been
selected up to time t.

To balance exploitation (i.e., to follow the arm with a
larger estimated mean reward µ̂i(t)) and exploration (i.e.,
to try the other arm and accumulate more accurate mean re-
ward estimates for the arm), we use the Upper Confidence
Bound (UCB) algorithm:

UCBi(t) = µ̂i(t) + c ·

√
ln t

Ni(t)
, (3)

where UCBi(t) is the UCB for arm i at time t; c is the ex-
ploration parameter that controls the balance between explo-
ration and exploitation; and ln is the natural logarithm func-
tion. We select the arm with a larger UCB value at time t.

Fine-tuning for AnsSelector and TwEvaluator
We adopt Low-Rank Adaptation (LoRA) (Hu et al. 2022),
to fine-tune our AnsSelector and TwEvaluator with Llama3-
8B-Instruct as the LLMs. The forward pass for both AnsSe-
lector and TwEvaluator LLMs is represented as:

h = W0x(T,Q,A) +∆Wx(T,Q,A)︸ ︷︷ ︸
gradient descent update

= W0x(T,Q,A) +ABx(T,Q,A)︸ ︷︷ ︸
LoRA update

,

(4)

where W0 is the initial parameter weights for the Trans-
formers; x(T,Q,A) is a tuple of input table, question, and
model answer sets, including answers and their correspond-
ing reasoning processes; and ∆W is the gradient descent
update for parameters which is decomposed into low-rank
matrices A and B: ∆W ∈ Rm×d, A ∈ Rm×k, and
B ∈ Rk×d. Matrices A and B have much fewer parame-
ters compared with matrix W, as k ≪ min(m, d).

Dataset
# QA Pairs # Numerical Questions

Training Testing Training Testing

WTQ 11,321 4,344 5,461 2,148

FTQ 2,000 1,245 417 182

TabFact small 92,283 2,024 16,956 368

Table 1: Dataset statistics. The number of QA pairs in-
cludes both numerical and non-numerical questions. Be-
sides, the average # tokens per table for WTQ, FTQ, and
TabFact small are 662.6, 297.0, and 317.5. The aver-
age # tokens per answer are 1.7, 5.1, and 1.0, respectively.

Since Llama3-8B-Instruct is used as the backbone model,
the fine-tuning of AnsSelector and TwEvaluator LLMs is a
fully supervised classification task that is posed as an utter-
ance prediction task of the label words. The aim of the LLMs
is to maximize Pθ(x

(i)
t |x(i)

1 , x
(i)
2 , . . . , x

(i)
t−1), i.e., given pre-

vious tokens (x(i)
1 , x

(i)
2 , . . . , x

(i)
t−1), we maximize the condi-

tional probability of x(i)
t , where θ is the model parameter.

Therefore, the loss functions for this fine-tuning task are:

Lans = −
Vans∑
i=1

ym,i log(ŷm,i);Ltwe = −
Vtwe∑
i=1

yn,i log(ŷn,i)

(5)
L = − log(ŷm,ym

)− α log(ŷn,yn
) = Lans + αLtwe. (6)

Here, ym,i and yn,i are the ground-truth labels for the mth
and nth tokens at position i in one-hot encoding; ŷm,i and
ŷn,i are the model predicted probabilities for the mth and
nth tokens at position i; Vans and Vtwe are the dictionary
lengths of the AnsSelector and TwEvaluator LLMs, respec-
tively; Lans and Ltwe are the loss functions for the two
LLMs, respectively; and α is a coefficient used to control
the influence of the TwEvaluator LLM on the result, with its
default value being 1.

Experiments and Results
Next, we present experimental results to verify the effective-
ness of TabLaP. We aim to answer the following questions:
(Q1) How does TabLaP compare with SOTA models and
the latest LLMs, in terms of accuracy to process TableQA
tasks? (Q2) How effective is TabLaP in tracking the trust-
worthiness of its answers? (Q3) How effective is TabLaP in
handling numerical problems? (Q4) How much do the mod-
ules contribute to the overall accuracy of TabLaP?

Experimental Setup
Datasets. We use a public benchmark dataset named
WikiTableQuestions (denoted as WTQ) (Pasupat and
Liang 2015) and a dataset named FTQ which we adapted
from the FeTaQA dataset (Nan et al. 2022). Besides, we use
a third dataset named TabFact (Chen et al. 2020) to show-
case the general applicability of TabLaP. Due to space limit,
results on this third dataset is only included in our online
technical report (Wang, Qi, and Gan 2024).
FeTaQA is also a TableQA dataset. Its answers contain

descriptive content that may not be directly relevant to the
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Model Accuracy (%) TwAccuracy (%)
WTQ FTQ WTQ FTQ

Fine-tuned PLMs TAPEX-Large 57.5 19.8 – –
OmniTab-Large 63.3 25.2 – –

Zero-shot LLMs
GPT-3.5 Turbo 50.9 38.1 – –
GPT-4o 58.1 41.7 – –
Mix-SC 72.5 41.6 – –

Few-shot LLMs
Binder 64.6 – – –
DATER 65.9 – – –
Chain-of-Table 67.3 – – –

Ours
TabLaP-EW 76.6 44.1 77.6 53.8
TabLaP 76.6 44.1 77.9 53.7
∆ +5.7 +5.8

Table 2: TableQA performance results on WTQ and FTQ
datasets. Best results are in boldface, while second best re-
sults are underlined; ∆ (%) denotes the performance gain of
TabLaP comparing with the best baseline results.

questions. We remove such noisy information from the an-
swers and only retain the entities that answer the questions,
to form the FTQ dataset. Our technical report (Wang, Qi, and
Gan 2024) includes an example question-answer pair from
the original FeTaQA dataset and its cleaned-up version in
our FTQ dataset. We use GPT-4o to process the FeTaQA
dataset and extract the entities that may form answers to the
questions, which are refined manually to produce the final
question-answer pairs in FTQ. The prompt used by GPT-4o
to extract the entities and further details on the construction
of FTQ are also included in our technical report.

Table 1 summarizes the dataset statistics. WTQ is a larger
dataset with longer tables, while FTQ has longer answers
on average, making it a more challenging dataset (be-
cause its questions may contain multiple sub-questions).
TabFact small is a subset of the TabFact dataset for
table-based fact verification, where the task is to determine
whether each statement is entailed or refuted.

The numerical questions are counted by keyword
matches. Each keyword may suggest single- or multi-
step calculations, while a question with multiple keyword
matches typically involve multi-step calculations. Refer to
our technical report for further details on the keywords used
for numerical question counting and typical examples of
multi-step numerical questions.

Model input data preparation. Following a common
practice of the literature (Yin et al. 2020; Liu, Wang, and
Chen 2024; Wang et al. 2024), tables are flattened and con-
verted into a sequence to form part of the prompts to the
LLMs. Table cells are separated by ‘|’ characters, while rows
are separated by line breaks. Questions in natural language
are added directly into the prompts, and answers (which are
also in natural language) are only used for training the AnsS-
elector and the TwEvaluator modules. Details of the ground-
truth construction for fine-tuning AnsSelector and TwEval-
uator are included in our technical report.

For the AnsSelector and TwEvaluator LLMs, they take
the question, the table titles and headers but not the contents
as input, together with the answers and reasoning process,
such that they can focus on analyzing the generated answers

instead of attempting to answer the questions again. As men-
tioned earlier, the prompts for the LLMs of TabLaP, AnsSe-
lector, and TwEvaluator can be found in our technical report.

Competitors. We compare our models TabLaP-EW
(which uses the EW method for TwEvaluator) and TabLaP
with three categories of baseline models including SOTA in
each category: (1) Fine-tuned PLM-based models: TAPEX-
Large (Liu et al. 2022) and OmniTab-Large (Jiang et al.
2022) (SOTA); (2) Zero-shot LLM-based models: GPT-3.5-
Turbo (OpenAI 2024a), GPT-4o (OpenAI 2024b), and Mix-
SC (Liu, Wang, and Chen 2024) (SOTA); (3) Few-shot
LLM-based models: Binder (Cheng et al. 2023), DATER (Ye
et al. 2023b), and Chain-of-Table (Wang et al. 2024)
(SOTA). For Binder, DATER, and Chain-of-Tables, we use
the best results reported in their papers. For the other models,
we rerun the experiments on the three datasets (with fine-
tuning if applicable).

Implementation details. We use Mix-SC for the SOTA
branch of TabLaP and GPT-3.5 Turbo as the backbone
model of NumSolver. We fine-tune the AnsSelector and
TwEvaluator LLMs with the AdamW optimizer (Loshchilov
and Hutter 2019) using a learning rate of 0.0002 and a
weight decay 0.001. The maximum number of input tokens
is 5,000, and the maximum number of epochs is 20. More
details of the hyper-parameters are in our technical report.

Evaluation metrics. We report both the exact-match an-
swer Accuracy for each model, as well as the accuracy
(TwAccuracy) of the trustworthiness label generated by our
TwEvaluator module. TwAccuracy is calculated as the num-
ber of times when the trustworthiness label is correctly pre-
dicted, divided by the total number of test instances.

All experiments are run with two NVIDIA A100 80 GB
GPUs on a cloud GPU server.

Results
Overall results (Q1). Table 2 reports the overall perfor-
mance of the models. Our TabLaP models outperform all
competitors on both datasets, improving TableQA accuracy
by 5.7% and 5.8%, respectively. This confirms the effective-
ness of our dual-branch model structure to exploit both a
SOTA TableQA model and our NumSolver to yield accurate
answers for more questions. We run chi-squared tests com-
paring TabLaP with SOTA (Mix-SC on WTQ and GPT-4o on
FTQ), yielding p-val of 0.002 and 0.24, respectively. This
confirms that the result on WTQ is statistically significant,
while the larger p-val on FTQ is due to the smaller test set
size. The accuracy of TabLaP-EW and TabLaP are the same
because they share the answer generation modules and differ
only in the TwEvaluator module (detailed next).

Among the baseline models, Mix-SC has the best overall
results, for its self-consistency-based method to choose the
most likely answer from multiple answers. On FTQ, GPT-4o
is slightly better than Mix-SC, because Mix-SC uses a less
advanced backbone, GPT-3.5 Turbo, while we have used its
default prompts which might not be optimized for FTQ.

The PLM-based models are uncompetitive. Their smaller
model sizes limited their semantic understanding capability.

The few-shot LLM-based models Binder, DATER, and
Chain-of-Tables do not run directly on FTQ. Since they are
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Figure 3: Model accuracy on numerical questions.

outperformed by Mix-SC, we did not adapt their implemen-
tation for comparison on FTQ.

Effectiveness in tracking answer trustworthiness (Q2).
Table 2 also shows the accuracy (i.e., TwAccuracy) of
TabLaP to report the trustworthiness of its answers. On WTQ,
TwAccuracy of the TabLaP models is close to 80%, mean-
ing that users can follow the trustworthiness labels to either
consume or reject our models’ answers, without any regret
for four out of five questions asked to TabLaP on average.

On FTQ, TwAccuracy of the TabLaP models is not as
high, because the dataset is more difficult, such that it is also
challenging to predict the trustworthiness of the model an-
swers. Note that TwAccuracy of TabLaP is now much higher
than the answer accuracy (53.7% vs 44.1%), meaning that it
is more beneficial to follow our trustworthiness labels than
blindly trusting the answers.

None of the baseline models offer any trustworthiness
labels and hence they do not have TwAccuracy results. If
users simply accept the answers generated by these mod-
els, the TwAccuracy of these models will be the same as
their answer accuracy. Let the user regret ratio of a model
be 1 − TwAccuracy. Then, the lowest regret ratios of the
baselines are 1− 72.5% = 27.5% and 1− 41.7% = 58.3%
on the two datasets, respectively, while those of TabLaP are
1 − 77.9% = 22.1% and 1 − 53.7% = 46.3%, which are
19.6% and 20.6% lower, respectively.

Performance on numerical questions (Q3). Figure 3
reports accuracy on numerical questions. We show the re-
sults of the SOTA PLM-based model (OmniTab) and zero-
shot LLMs (GPT-4o and Mix-SC). We also include GPT-3.5
Turbo since it is the backbone of our NumSolver.

TabLaP has the highest accuracy on both datasets, now
outperforming the best baselines by 6.3% (72.8% vs. 68.5%
of Mix-SC) and 6.8% (42.3% vs. 39.6% of GPT-4o) on the
two datasets, respectively. This result confirms that exploit-
ing the reasoning and planning capabilities of the backbone
LLM to process numerical questions is more effective than
prompting the LLM to generate the results directly.

Ablation study (Q4). We conduct an ablation study
with four model variants: (1) NumSolver; (2) TabLaP-w/o-
NumSolver, where NumSolver is replaced with GPT-3.5
Turbo; (3) TabLaP-w/o-AnsSelector, where AnsSelector is
replaced with a random selection of the answers from the
two branches of TabLaP; and (4) TabLaP.

As Table 3 shows, using just NumSolver causes sub-

Model Accuracy (%)
WTQ FTQ

NumSolver 64.7 42.6
TabLaP-w/o-NumSolver 62.2 43.5
TabLaP-w/o-AnsSelector 68.5 42.2
TabLaP 76.6 44.1

Table 3: Ablation study results.

stantial accuracy drops, as there are many non-numerical
questions in the datasets which NumSolver is not designed
for. Meanwhile, removing either NumSolver or AnsSelec-
tor from TabLaP also leads to lower accuracy. This con-
firms the effectiveness of both modules in contributing to the
overall accuracy of TabLaP. We also replace our NumSolver
and TwEvaluator with two out-of-box LLMs, Llama3-8B-
Instruct and GPT4o-mini, which result in lower Accuracy as
well (see our technical report), confirming the need for the
fine-tuned modules.

We then study the effectiveness of TwEvaluator with
EW and MAB. As shown in Table 2, both TabLaP-EW
and TabLaP (with MAB) share similar TwAccuracy. While
TabLaP-EW is more accurate on FTQ, TabLaP outperforms
on WTQ. This is because TabLaP-EW can estimate the accu-
racy of the TwEvaluator LLM quickly by the simple design
of EW, which better suits the smaller test set of FTQ, while
MAB takes more test instances to learn an (more precise)
estimation of the accuracy of the TwEvaluator LLM – refer
to our technical report for additional results.

Case study. In our technical report, we also include three
typical numerical questions that fail the SOTA model Mix-
SC, while TabLaP successfully answers those questions.

Conclusion
We proposed TabLaP, an accurate and regret-aware multi-
LLM-based model for the TableQA task. TabLaP uses an
LLM as a planner to generate calculation plans for numer-
ical questions, exploiting the reasoning capability of LLMs
while avoiding their limitations in carrying out the actual
calculations. TabLaP comes with a module based on multi-
arm bandit to quantify the trustworthiness of the answers
generated by the model, enabling users to consume the an-
swers in a regret-aware manner for the first time. We ver-
ified the effectiveness of TabLaP on a public benchmark
dataset WikiTableQuestions and an adapted dataset
FTQ. The results show that TabLaP outperforms SOTA
TableQA models in accuracy by 5.7% and 5.8% on the two
datasets, respectively. Meanwhile, the answer trustworthi-
ness labels generated by TabLaP help reduce the user regret
ratio on consuming the model generated answers by 19.6%
and 20.6% on the two datasets, respectively, compared with
always trusting the model generated answers.
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