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Abstract

The rapid development of large language models (LLMs) has
spurred their applications to tabular data. Prior research has
investigated prompt engineering and external tool integration
(e.g., code interpreters) to enhance LLMs’ table comprehen-
sion, yet existing approaches struggle to generalize across di-
verse table-based reasoning tasks due to task-specific fixed
workflows. Additionally, LLMs’ inherent limitations, includ-
ing hallucination and unreliable reasoning, necessitate iterative
refinement mechanisms for robust performance. Inspired by
cognitive-inspired problem-solving strategies, where iterative
reflection and tool augmentation improve decision-making,
we propose TableCritic, a functionally grounded computa-
tional framework for adaptive table reasoning. Following the
functional-structural model taxonomy, our framework operates
at the algorithmic level, implementing a dynamic feedback
loop: (1) LLM-driven self-critique evaluates intermediate out-
puts and (2) tool-guided error correction. This task-agnostic
architecture achieves performance transparency through mod-
ular tool composition while avoiding neurobiological imple-
mentation constraints. Experiments show that TableCeritic sig-
nificantly improves accuracy and outperforms baselines across
various table-based tasks.

Keywords: Cognitively-Inspired Al, Table-based Reasoning,
Large Language Model

Introduction

Table-based reasoning, such as Table Question Answering
(TQA) (W. Chen, Chang, Schlinger, Wang, & Cohen, 2020;
Z.Chen et al., 2021; Pasupat & Liang, 2015; Zhu et al., 2021)
and Table Fact Verification (TFV) (Aly et al., 2021; W. Chen
et al., 2019), requires a model to answer queries based on in-
formation extracted from the tables, where current solutions
typically rely on prompting large language models (LLMs)
with input tables flattened into a textual sequence (W. Chen,
2022; Cheng et al., 2023; J. Jiang et al., 2023; Z. Wang et al.,
2024; Ye et al., 2023). To address the challenges of complex
reasoning (X. Lu, Pan, Ma, Nakov, & Kan, 2024), limited
context window (Mashaabi, Al-Khalifa, & Al-Khalifa, 2024)
and hallucinations (Ji et al., 2023) in LLMs during table-
based reasoning, researchers have proposed effective prompt
engineering methods such as question decomposition (Ye et
al., 2023), chain-of-thoughts (CoT) (Wei et al., 2022), and
program-of-thoughts (PoT) (W. Chen, Ma, Wang, & Cohen,
2022). Moreover, LLMs have been integrated with external
tools to enhance their performance on table-based reasoning
tasks (P. Lu et al., 2024).
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However, there remain the following three drawbacks in
previous reasoning solutions. First, most existing work sup-
ports only one external tool, which is typically a code inter-
preter (Cheng et al., 2023; J. Jiang et al., 2023; Y. Zhang et al.,
2023). However, the varied distributions across a table-based
task pose a challenge that cannot be easily addressed by a
single tool. For instance, about 20% of WikiTableQuestions
(Pasupat & Liang, 2015) are not answerable by pure SQL
with a code interpreter, mostly due to the limited coverage
of the SQL grammar (Shi, Zhao, Boyd-Graber, Daumé 111, &
Lee, 2020). Second, previous studies can hardly simultane-
ously handle different table-based reasoning tasks, which are
often designed as fixed workflows for a specific task. For in-
stance, research on TFV tasks (Cheng et al., 2023; Y. Zhang
et al., 2023) primarily focuses on precise information extrac-
tion and numerical reasoning. In contrast, research on TQA
tasks (Zhao, Chen, Cohan, & Zhao, 2024) generally empha-
sizes leveraging the reasoning capabilities of LLMs, partic-
ularly for interpreting large tables and answering complex
questions. Third, current solutions generally rely on single-
round outputs only, which occasionally suffer from the mis-
behavior of LLMs, such as hallucination, faulty code, and
unfaithful reasoning (M. Chen et al., 2021; Gehman, Guru-
rangan, Sap, Choi, & Smith, 2020; Pourreza & Rafiei, 2024).

To address these challenges, we propose TableCritic, a
functionally-grounded framework that orchestrates LLMs’
self-critical capabilities and a modular toolset to iteratively
refine table-based reasoning. Drawing on the computa-
tional model taxonomy proposed by Lieto (Lieto, 2021), our
design operates at the algorithmic level, prioritizing task-
agnostic adaptability over biologically constrained architec-
tures. Specifically, the toolset can be selected from a tool li-
brary based on the task’s characteristics, which includes cur-
rent mainstream reasoning methods suitable for various tasks
and is extensible. As shown in Fig.1, the TableCeritic frame-
work mainly consists of the following four steps: (1) Table-
Critic obtains the model’s initial answer. (2) It then prompts
the model to evaluate whether the answer requires refinement
and generates corresponding suggestions. (3) If refinement is
deemed necessary, TableCritic adaptively selects a set of tools
from the tool library based on the current table task. Follow-
ing the multi-tool consistency mechanism, which draws on
the principle of mix self-consistency (T. Liu, Wang, & Chen,
2023), the optimal final answer is determined through ma-
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Figure 1: Overview of TableCeritic. (1) Given a table with questions, TableCritic begins by generating an initial output. (2) Then,
the output is passed to the criticism module to assess whether refinement is needed. (3) If refinement is necessary, TableCritic
regenerates the answer using selected tools from the tool library by multi-tool consistency, and the refined answer is then sent
back to the criticism module. Steps (2) and (3) iterate until (2) determines that no further refinement is needed.

jority voting among candidate answers generated by multiple
tools. (4) Step (3) and (2) iterate until the self-criticism mod-
ule in step (2) determines that no further refinement is needed,
which effectively enhances model responses to table-based
tasks.

We evaluated our approach in a variety of LLMs, including
GPT-40(Achiam et al., 2023), GPT-3.5 (Brown, 2020) and
open source LLaMA-3 (Dubey et al., 2024) variants (7B and
70B), spanning two distinct tasks: Table Question Answering
and Table Fact Verification. Our findings demonstrate the ef-
fectiveness of the TableCritic framework, with balanced per-
formance across both tasks. When applied to GPT-3.5, Table-
Critic surpasses the initial outputs, achieving an average ac-
curacy improvement of 6.0% across various tasks and reach-
ing the best average performance compared to all baselines,
with an accuracy of 82.5%. Specifically, the highest perfor-
mance improvement can reach up to 25.4% on Llama3-70B.
In summary, our primary contributions are as follows:

¢ We introduce the TableCritic framework that is, to the best
of our knowledge, the first to enhance table processing ca-
pabilities through human-like self-criticism.

* We experimentally verify that by integrating multiple tools
with multi-tool consistency, TableCritic demonstrates bal-
anced performance and great scalability across various
table-based reasoning tasks.

* We conducted comprehensive experiments across various
models and baseline approaches, demonstrating that Table-
Critic brings significant improvements to all foundational
models and outperforms all of the baseline methods em-
ployed.

Related Work

Recent research has primarily focused on designing prompts
and pipelines that leverage the remarkable capabilities of
LLMs to address specific types of datasets. Building on
the concepts of chain of thought and question decomposi-
tion, Chain-of-Table (Z. Wang et al., 2024) and StructGPT
(J. Jiang et al., 2023) leverage LLMs to gradually gather rel-
evant evidence to infer answers. Dater (Ye et al., 2023) and
TaPERA (Zhao et al., 2024) decompose the input question
into sub-questions and generate answers based on each sub-
question. Additionally, research demonstrates that when in-
tegrated with external tools, LLMs can significantly enhance
their capabilities in tool-related areas (Schick et al., 2024;
Zhuang, Yu, Wang, Sun, & Zhang, 2023). Binder (Cheng
et al., 2023) and ReAcTable (Y. Zhang et al., 2023) lever-
age the symbolic code generation capabilities of LLM to
parse text into SQL or Python code and execute it using a
code interpreter. Besides, Mix-SC (T. Liu et al., 2023) di-
rectly combines the LLMs’ direct reasoning and symbolic
reasoning to produce the final answer, utilizing a mixed self-
consistency mechanism that aggregates outputs from the two
reasoning methods through majority voting. Unlike previ-
ous approaches, we propose a tool library that features mul-
tiple tools, which is capable of adaptively selecting a set of
tools based on the characteristics of the current table-based
task. Furthermore, to better utilize multiple tools in multi-tool
scenarios, we propose the multi-tool consistency mechanism,
which conducts a majority vote across all candidate answers
from different tools to determine the final answer.

Like humans, large language models (LLMs) do not al-
ways generate the best output on their first try. Self-refine
(Madaan et al., 2024) improved initial outputs from LLMSs
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(a) Initilization

Lets think step by step:

The sum of Laptops is: 5 x 700 = 3500 USD

The sum of Monitors is: 150 x 10 = 1500 USD

Add Laptops and Monitors:
3500 + 1500 = 4000 USD

So the total cost of all items is: | 4200

(b) Criticism

(¢) Refinement

Selected tools: Python Code Generation
Python Code:
items=[...]
for item in items:
name, cost per unit, quantity = item
item_total = cost_per_unit *quantity
answer += item total
Executed answer: = None

(d) Criticism

(e) Refinement
Selected tools: Python Code Generation
Suggestions: ... return answer
Python Code:

for item in items:

return answer
Executed answer: = 5200

(f) Criticism

Question Assessment: Python Code: ...

The question don’t involve complex sub-question. ~ Executed answer: None

Crebility and Correctness:

Sucessfully calculate the sum of each items, but
the step 3500 + 1500 = 4000 USD is wrong.
Handling of Computations:

The question involve in numerical reasoning.

Rationality:
Correctness: ...

.. return answer
Therefore, there is a need to refine the answer.

The code does not return the result.

Here’s a better solution:

Therefore, there is a need to refine the answer.

Python Code: ...
Executed answer: 5200
Rationality:
There is no problem with the above code.
Correctness:
It correctly answers the total cost of all items.

Therefore, the answer is right!

Figure 2: Example of a TQA task. The first row represents the table processing workflow, with (a) indicating direct answers
generated by the initialization module and blue indicating answers generated by the refinement module using tools, which
sends its output to the criticism module shown in the second row. The criticism module continues its evaluation until no further
refinement is required. Here, gray indicates errors, yellow represents decisions and suggestions, and ' green denotes the

correct answer.

through iterative feedback and refinement. Critic (Gou et
al., 2023) amend the outputs like human interaction with
tools. However, to the best of our knowledge, no human-like
mechanism has been applied in the table-based tasks domain.
Thus, inspired by human cognitive processes where iterative
reflection and tool-augmented reasoning enhance decision-
making, our proposed framework leverages feedback from
the LLM’s self-criticism and external tools to evaluate the
quality of answers and suggest corrections.

Methods

In this section, we first define the tasks of TQA and TFV
and then present main pipeline of TableCritic. As outlined in
Fig.1, the TableCritic framework comprises three main com-
ponents: the initialization module, the criticism module, and
the refinement module.

Problem Definition.

Each instance in table-based reasoning can be represented as
a triplet (T,Q,A), where T is the table, Q denotes a question
or statement related to the table, and A is the ground-truth
answer. Table-based reasoning aims to predict the answer
A given the question Q and the table T as inputs. Specif-
ically, for table-based fact verification (TFV), the answer
A € {0,1} is a boolean value determining whether the input
statement Q is true or false. As for table-based question an-
swering (TQA), the answer is a natural language sequence
A =<ay,---,a, > to the question Q. To conform with the
model training paradigm, we follow (Ye et al., 2023; Y. Zhang
et al., 2023) and convert the table into textual representations.

Initialization Module.

Given a table T and a question (or statement) Q as inputs, an
LLM M is employed to generate the initial answer yo with a

chain-of-thought (Wei et al., 2022) thinking step (. Specifi-
cally, we use a step-by-step prompt P;,;; to instruct the model
to answer the question.

Criticism Module.

We employ the same LLM M in the initialization stage to de-
cide whether the initialization and refinement modules’ out-
puts require further improvements and then provide refine-
ment suggestions.

Given outputs yo and its thinking step G, from the initial-
ization module as inputs in this stage, we design a prompt
P)°... that consists of both rules and instructions to guide
the model M in determining whether further refinement is
needed. For example, based on the observed low accuracy of
the LLM in numerical computation, we establish a rule that if
the problem Q involves numerical reasoning, further refine-
ment is required. As shown in Fig.2(b), TableCritic first iden-
tifies that the reasoning process behind 3500 + 1500 = 4000
is incorrect, noting that the question involves numerical rea-
soning and therefore necessitates tool assistance for modifi-
cation. Alternatively, if no further refinement is necessary,
TableCritic will return yq as the final answer.

As for inputs from the refinement module, since the an-
swers are obtained with the assistance of tools, we employ
specialized prompts P}, specifically designed for tool 7; to
guide the judgments of M .Answers that require no further re-
finements are returned directly. In contrast, those in need of
refinement are attached with tool suggestions .5, from M and
returned to the refinement module for improvements. From
Fig.2(d), the input is based on Python code, TableCritic veri-
fies the code’s accuracy—ensuring it is free from errors—and
assesses its completeness to determine if it effectively ad-
dresses the table problem. Upon completion of the criticism,
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it provides suggestions for refinement, targeting any errors or
gaps in information.

Refinement Module

To effectively address table-based tasks, we propose a com-
prehensive and scalable tool library 7,. Any tools or methods
beneficial for table processing can be incorporated into the
library, allowing for more flexible utilization. Specifically,
this paper introduces two tools: a sub-table extraction tool
for handling long and noisy contents and a Python code gen-
eration tool for numerical computations or key identification.

With the tool library at hand, we can utilize appropri-
ate tools 7y C 7, that are task-dependent, heuristically se-
lected, or automatically chosen for effective table process-
ing. In our implementation, we prespecify tools for differ-
ent tasks to facilitate evaluation and experimentation.  As
shown in Fig.2(c), when the tool #; is being used for the first
time, TableCritic generates answers directly with its process-
ing steps (;; otherwise, it integrates suggestions 5, from the
criticism module to prevent the recurrence of similar errors as
in Fig.2(e).

Specifically, leveraging the tabular data processing tools,
each tool generates n candidate responses. Following the
completion of candidate generation across all tools, Table-
Critic employs a multi-tool consistency mechanism to deter-
mine the final answer, which is subsequently fed into the crit-
icism module along with its corresponding tool. Formally,
let a‘,’[ denote the j" candidate output from tool ¢;, where
i€{1,2,....,|%|} indexes the tool set 7; and j € {1,2,...,n}
enumerates the candidate outputs per tool. The multi-tool
consistency mechanism executes a majority voting protocol
across the complete set of candidate outputs {a;, | Vi, j}, con-
sidering all tools and their respective candidates. This proce-
dure enables TableCeritic to derive the optimized output y |
through systematic aggregation of multi-tool evidence, ensur-
ing robust decision-making through cross-verification of tool
outputs.

Algorithm 1 encapsulates the essence of the TableCritic
framework, highlighting its iterative approach.

Experiments

In this section, we will talk about the implementation of the
experiment. All of the algorithms are achieved in Python 3.

Datasets and Metrics

To evaluate the efficacy of the TableCritic framework, we
have curated six benchmark datasets from the realms of TQA
and TFV: WikiTableQuestions(WTQ) (Pasupat & Liang,
2015) is a dataset of complex questions on semi-structured
Wikipedia tables. FinQA (Z. Chen et al., 2021) is a large-
scale dataset with 2.8k financial reports for 8k QA pairs an-
notated by finance expert. TabMWP (P. Lu et al., 2022) is
a dataset containing open-domain grade-level problems that
require mathematical reasoning on both textual and tabular
data. TabFact (W. Chen et al., 2019) is a dataset of 118k
statements and 16k Wikipedia tables for verifying whether a

statement is entailed or refuted by the table. Scitab (X. Lu,
Pan, Liu, Nakov, & Kan, 2023) is a dataset consisting of 1.2K
expert-verified scientific claims originating from authentic
scientific publications and requiring compositional reasoning
for verification. Pubhealth(PubHT) (Kotonya & Toni, 2020)
is a comprehensive dataset for explainable automated fact-
checking of public health claims.

Algorithm 1 TableCritic algorithm

Require: model 9, table T, question or statement Q, prompts,
table tools pool 7,
select I, C 7,
GyosY0 = M (Pinir, T, Q) > Initialization Module
needRe finement = M (P.°,...T,0,y0, Gy,)
> Criticism Module
if not needRe finement then
return yo
end if
for iteration L € 0,1, ..., iter,u, — 1 do
for tool index i € 0,1, ...,|Z;| do
Gi’yti = M(Bi7T7Q"5ti>
end for '
Yu+1 = argmaXZl-rfl‘ l}‘:l ]l(a't); =a)
a

> Refinement Module

> Multi-tool Consistency
S, needRe finement = M(Pff”-m, 7,0,G,;)
> Criticism Module
if not needRe finement then
return Yu+1
end if
end for
return y,

Given that the ground-truth for Scitab and Pubhealth in-
cludes a third option beyond true and false, specifically “not
enough info”, we have extracted subsets, denoted as Sc-
itab* and Pubhealth*, that focus exclusively on judging true
or false for our experiments. This approach aims to align
with the data format of TabFact and concentrate more on the
model’s reasoning capabilities when information is available.
Due to budget constraints, we randomly sampled 500 exam-
ples from the validation set of each dataset.

Following prior studies (Cheng et al., 2023; Ye et al.,
2023), we use denotation accuracy to evaluate the TQA tasks,
which measures the proportion of predictions that exactly
match the true answers. Specifically, for the WTQ dataset,
we adopt and improve upon the Semantic Match Evaluator
used in Binder (Cheng et al., 2023). For TFV datasets, given
that the answers are binary (true or false), we employ binary
classification accuracy.

Baselines

To verify the enhancement effect of TableCritic on the base
model, we selected two widely recognized benchmark mod-
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Table 1: Performance evaluation across baseline models using the TableCritic framework. We use the test set of each dataset
to calculate the accuracy. For the WTQ dataset, we adopt the Semantic Match Evaluator. The last column shows the average
accuracy. The red numbers indicate the average increase over self-consistency.

TQA TFV AVG.
Models Settings WTQ FinQA TabMWP  TabFact Scitab* PubHT* ACC (%)
Performance of TableCritic on GPT models
w/Cot 60.2 48.6 74.0 86.8 63.8 82.2 69.3
GPT-3.5 w/SC 65.8 52.0 77.4 86.8 63.8 82.2 71.3
,,,,,,,,, w/lableCritic | 794z | 34Aqas | 856as2) | 896pg | 674aae) | 873¢ss | T73(16.0)
w/Cot 77.8 53.2 84.6 90.6 74.2 84.6 71.5
GPT-40 w/SC 80.6 55.2 87.4 90.6 74.2 87.4 79.2
Performance of TableCritic on Llama models
w/Cot 45.6 5.0 222 39.6 21.2 23.0 26.1
Llama3-8B w/SC 50.2 5.8 26.6 39.6 26.6 28.3 29.5
,,,,,,,,, w/lableCritic' 7 46 042 11T 240040 0 00312y N4 Op5 0y A3 Bihaza) AT Naie) 1 30-8(16.3)
w/Cot 58.2 37.8 48.0 70.2 45.5 56.6 52.7
Llama3-70B  w/SC 63.4 41.3 56.8 76.6 59.0 75.7 62.1
w/TableCritic 73'0(T9~6) 53 S(le 5) 82.2@2544) 74.6@240) 59'5(T0~5) 783(12.6) 70.2(T 8.1)

els to establish a comparative baseline: GPT-40* (Achiam
et al., 2023) and GPT-3.5 (Brown, 2020). Additionally, we
evaluated the potential of smaller, open-source alternatives,
particularly the LLaMA-3 variants with 8B and 70B param-
eters (Dubey et al., 2024). Consistent prompting strategies
were maintained across all model variants to isolate frame-
work effects

Furthermore, we compared the WTQ and TabFact results
from other table-reasoning models. Specifically, the base-
lines can be divided into those based on the pre-LLMs and
the LLMs. For pre-LLM methods, we select TAPEX (Q. Liu
et al., 2022), TaCube (Zhou et al., 2022), ReasTAP (Zhao,
Nan, Qi, Zhang, & Radev, 2022), OmniTab (Z. Jiang, Mao,
He, Neubig, & Chen, 2022) and CABINET (Patnaik et al.,
2024). For LLM methods, we included the approaches us-
ing the same underlying model (GPT-3.5-turbo), including
Binder (Cheng et al., 2023), Dater (Ye et al., 2023), Text-
to-SQL (Rajkumar, Li, & Bahdanau, 2022), Alter (H. Zhang,
Ma, & Yang, 2024), Chain-of-Table (Z. Wang et al., 2024)
and Mix-SC(T. Liu et al., 2023). Where methodologically
appropriate, we incorporate published results from Chain-of-
Table (GPT-3.5-turbo implementation) and pre-LLM base-
lines reported in Alter (H. Zhang et al., 2024) to optimize
computational resource allocation.

Experimental Settings

Based on previous studies (Gou et al., 2023; Madaan et al.,
2024), 2-3 rounds of self-correction yield most of the benefits.
Therefore, we set the maximum number of self-criticism iter-
ations to 3, stopping early if the answer remains unchanged
for two consecutive corrections. To ensure consistent results,
we few-shot prompt the model with 2 examples, apply a self-
consistency technique with five sampling times for each out-

* Due to limited budget, we use 40-mini for the experiment.

put, and set the temperature parameter to 1.0 to enhance out-
put diversity. Specifically, for GPT models, we utilized APIs
directly without retraining. For the LLaMA model, the in-
ference is conducted using vVLLM (Kwon et al., 2023) on
NVIDIA Tesla A100 40G GPUs.

Main Results

We initially conducted experiments to verify whether Table-
Critic can enhance the model’s performance. Our experimen-
tal design encompassed three distinct settings designed to as-
sess table understanding: (1) chain-of-thought(CoT) (Wei et
al., 2022), (2) self-consistency (X. Wang et al., 2022), and
(3) TableCritic. As delineated in Table 1, the experimental
results demonstrate that our TableCritic pipeline significantly
improves the model’s capacity to interpret and understand ta-
bles. Our findings are as follows:

1. TableCritic has consistently enhanced table under-
standing across all models evaluated. As shown in Table 1,
the implementation of TableCritic on the GPT-3.5 model re-
sulted in a 13.6% enhancement in performance on the WTQ
dataset, achieving an overall average improvement of 6.0%
across all datasets. Comparatively, GPT-40 showed a 3.4%
improvement, while the LLaMA 7B and 70B models demon-
strated improvements of 6.3% and 8.1%, respectively. The
improvement of all models underscores the significant impact
of the TableCritic framework in enhancing the model’s capac-
ity to comprehend and interpret tabular data.

2. TableCritic has outperformed all baseline methods,
including both fine-tuned and non-fine-tuned approaches.
Table 2 presents a comparative analysis of various meth-
ods, focusing on their performance on the WTQ and Table-
Fact datasets. Notably, the results demonstrate that Table-
Critic, our proposed method, outperforms other techniques,
achieving the highest accuracy of 75.4% on WTQ and 89.6%
on TableFact. Additionally, compared to existing methods,
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Table 2: Comparation results with baseline methods on GPT-
3.5. Underline denotes the second-best performance; bold
denotes the best performance. * represents using the official
denotation accuracy (Pasupat & Liang, 2015) for WTQ eval-
uation to align with these methods.

Methods WTQ TableFact AVG.
Q Pre-LLM era
TAPEX (Q. Liu et al., 2022) 57.2 85.9 71.6
TaCube (Zhou et al., 2022) 60.8 - 60.8
ReasTAP (Zhao et al., 2022) 58.6 86.2 72.4
OmniTab (Z. Jiang et al., 2022) 62.7 - 62.7
CABINET (Patnaik et al., 2024) 69.1 - 69.1
& LLMs era
Text-to-SQL (Rajkumar et al., 2022) 52.9 67.7 60.3
Binder (Cheng et al., 2023) 56.7 79.2 68.0
Dater (Ye et al., 2023) 52.8 78.0 65.4
Chain-of-Table (Z. Wang et al., 2024)  59.9 80.2 70.1
Alter (H. Zhang et al., 2024) 70.4 87.2 78.8
Mix-SC (T. Liu et al., 2023) 73.3 88.5 80.8
TableCritic(Ours) 75.4* 89.6 82.5

TableCritic achieves the highest average accuracy of 82.5%,
indicating balanced performance across two different table-
based tasks and demonstrating strong scalability and robust-
ness.

Ablation analysis

In this section, we will conduct ablation studies to investigate
the importance of tools and criticism.

Table 3: Ablation study of TableCritic on GPT-3.5

Settings WTQ TabFact AVG.
TableCritic 79.4 89.6 84.5
w/o Criticism module 77.8() 1.6) 88.6() 1.0) 83.2({ 1.3)
w/o Tool Library 63.8(1 15.6) 86.2(] 3.4) 75.0()9.5)
+ Sub-table extractor  69.8(] 9.6)  86.4(] 3.2) 78.1() 6.4)
+ Python code 71.6(17.8)  88.0() 1.6) 79.8(]4.7)

Impact of tools

As presented in Table 3, the performance of TableCritic de-
creased by 9.5% on GPT-3.5 without using tools. Specifi-
cally, when not using Python code, the performance of GPT-
3.5 decreased by 6.4%, and when not using sub-table ex-
traction, the performance decreased by 4.7%, which demon-
strates that both Python code and sub-table extraction are es-
sential.

By leveraging multi-tool consistency and implementing a
voting mechanism across tools, the model can select the most
appropriate tool and answer for the current table, thereby en-
hancing overall performance.

Impact of criticism

As shown in Table 3, omitting the iterative process and di-
rectly invoking tools resulted in a 1.3% accuracy decline for
GPT-3.5. The decline is attributed to the inherent limitations
of the tools, which are incapable of resolving all issues (such

as those related to semantics). The criticism module also
allows for corrections based on feedback from these tools.
Consequently, the removal of the criticism module results in
a deterioration of model performance. Further analysis of the
TabFact dataset reveals that 61.0% of answers generated by
the initialization module required no additional tool utiliza-
tion, as the criticism module confirmed their validity during
the first iteration cycle, achieving an accuracy assessment of
87.5%. Through progressive iterations, an increasing propor-
tion of issues were either corrected or validated through tool-
assisted refinement processes. Notably, compared to direct
tool invocation approaches, the criticism module delivered
dual advantages: it not only enhanced overall system perfor-
mance but also optimized computational resource allocation
through strategic reduction of tool-calling overhead.

We further analyzed the effects of different criticism itera-
tions on TabMWP and Scitab*. As illustrated in Fig.3, iter-
ative refinements can lead to improvements, with the highest
improvements observed on the TabMWP dataset, achieving
an increase of 25.4% on Llama3-70B. For the GPT models,
performance consistently improves from zero to three itera-
tions, while for the Llama models, performance gains are ir-
regular and less stable. This suggests that the criticism mod-
ule performs better when paired with more powerful LLMs,
consistent with the findings of Critic (Gou et al., 2023).

.
@
3

30]get ;
v
JST.._ e LTTI— rrreeeeeaaas .T

[ 1 2 3 [ i 2 3
Iteration Iteration

(a) Scitab* (b) TabMWP

Figure 3: Iterations on 2 example datasets.

Conclusion

Our study presents TableCritic, a framework that elevates
table-based reasoning through LLM self-critique and adap-
tive tool orchestration. Aligned with functional compu-
tational models, TableCritic implements cognitive-inspired
iterative refinement, dynamically guiding error correction
through contextual tool selection. Experimental results
demonstrate the framework’s effectiveness and task-general
adaptability, advancing functional Al systems that synergize
cognitive principles with algorithmic transparency. This work
bridges cognitive strategy formalization with practical Al de-
velopment, particularly in structured data domains. We en-
vision this methodology inspiring hybrid models that embed
neurosymbolic constraints while maintaining computational
efficiency across data modalities.
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