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ABSTRACT

TableQA plays an important role in supporting data-driven decision making and
improving information retrieval efficiency. The use of Large Language Models
(LLMs) through cloud services or external APIs enables systems to automatically
understand table structures and question contexts, perform generalisation, contextual
reasoning, and understand semantic relationships between entities in tables to generate
more relevant and accurate answers. This approach results in significant increases in
computational costs, potential data security risks, and limitations in model
development, customisation, and testing. This research proposes LoTQA for the
TableQA task. LoTQA is an approach that utilises local execution to evaluate and
compare LLM methods in generating answers from structured table data. Performance
evaluation on LoTQA (Qwen3:4b, LoRA Fine-tuned) obtained SacreBLUE of 8.613,
BLEU-1 of 35.623, BLEU-2 of 26.592, BLEU-3 of 22.723, ROUGE-1 of 0.364,
ROUGE-2 of 0.177, ROUGE-L of 0.311, and METEOR of 0.317. These results
indicate that the LoTQA method is quite good at providing semantically meaningful
sentences for predictions, even with low resources. The results of the performance
evaluation for each LLM model used show that the Qwen3:4b model achieved the
highest scores for SacreBLEU, ROUGE-1, ROUGE-2, ROUGE-L, and METEOR.
This study shows that LoTQA performs quite well on the TableQA task, despite low
resources.

Keywords: LoTQA, Large Language Models (LLMs), Table Question Answering,
TableQA

1. INTRODUCTION

Table Question Answering (TableQA) is a field in natural language processing that
focuses on table-based question answering systems, where the system must
understand the table structure and provide relevant answers to user questions [1], [2].
TableQA is used to support data-driven decision-making, improve information
retrieval efficiency, and facilitate access to structured data. Manual answer retrieval is
difficult because it requires time, special skills, and difficulty in handling complex
natural language questions [3]. Answer retrieval in TableQA can be done more
effectively by utilising Large Language Models (LLMs) that are capable of
understanding natural language questions and table structures automatically. LLMs
have advantages in generalisation, contextual reasoning, and understanding semantic
relationships between entities in tables to produce more relevant and accurate answers

[4].
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The application of LLM on TableQA is generally carried out through cloud-based
external API services. Cloud-based execution results in a significant increase in
computing costs and has the potential to pose data security risks. The use of external
APIs limits model development and customisation, and hinders the testing process.
Local execution (on-device or local runtime) is a solution because it reduces costs,
improves security, and provides full control over model development, customisation,
and testing [4].

Research on TableQA using LLM has been conducted by various studies. [5]
applied the SynTab-LLaVA approach based on LLM to the FeTaQA dataset with a
BLEU score of 35.45. [3] applied the T5-large architecture combined with TAPAS,
fine-tuned, and seq2seq to the FeTaQA dataset, but the research was not optimal with
a BLEU score of 30.54, ROUGE-1 of 0.63, ROUGE-2 of 0.41, ROUGE-L of 0.53,
and METEOR of 0.49. [6] applied an LLM-based Tree-Of-Table approach to the
FeTaQA dataset with a BLEU score of 34.73, ROUGE-1 of 0.68, ROUGE-2 of 0.46,
and ROUGE-L of 0.58. [7] applied an LLM-based Chain-of-Table approach to the
FeTaQA dataset with a BLEU score of 32.61, ROUGE-1 of 0.66, ROUGE-2 of 0.44,
and ROUGE-L of 0.56.

This study proposes LoOTQA for TableQA tasks. LoTQA is an approach that utilises
local execution to evaluate and compare LLM methods in generating answers from
structured table data. This approach aims to reduce the high computational costs of
cloud-based external API services, improve security, and facilitate model
development, customisation, and testing. This research compares LLM methods to
determine the most effective method for the TableQA task. The success rate of the
methods proposed in this research is measured by calculating the performance results
of SacreBLEU, BLEU-1, BLEU-2, BLEU-3, ROUGE-1, ROUGE-2, ROUGE-L, and
METEOR.

2. RELATED WORK

Research on TableQA has been conducted by various studies. [8] applied the GPT-
3.5-turbo architecture combined with Relevant-Cell-based Rationales on the FeTaQA
dataset with a SacreBLEU score of 41.3, ROUGE-1 of 0.70, ROUGE-2 of 0.50,
ROUGE-L of 0.61, and METEOR of 0.58. However, this research was still conducted
through an external cloud-based API service. [9] applied the GPT-3.5-turbo
architecture combined with Text-Davinci-003 and ReAcTable on the FeTaQA dataset
with a ROUGE-1 score of 0.71, ROUGE-2 of 0.46, and ROUGE-L of 0.61, however,
this research is still conducted through an external cloud-based API service. [10]
applied the GPT-3-Codex architecture combined with dater on the FeTaQA dataset
with a SacreBLEU score of 39.92, ROUGE-1 of 0.66, ROUGE-2 of 0.45, and
ROUGE-L of 0.56. however, the research is still conducted through an external cloud-
based API service. [11] applied the GPT-3.5-turbo architecture combined with
instruction, LoRA, Llama3-8b and TQAgent with a SacreBLEU score of 28.62 and
ROUGE-1 of 0.61, but the research was still conducted through an external cloud-
based API service. [12] applied Reason SFT (Supervised Fine-Tuning) combined with
LLM-based RL (Reinforcement Learning) on the FeTaQA dataset with a SacreBLEU
score of 43.18, but the research was still conducted through an external cloud-based
API service. [13] applied the GPT-4 architecture combined with mistral-7b and cliff
(based on Named Entity Recognition (NER) models and MaskRel) on the FeTaQA
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dataset with a SacreBLEU score of 41.88, but the research was still conducted through
an external cloud-based API service. [14] applied LLM-based CABINET (Content
Relevance-Based Noise Reduction for Table Question-Answering) on the FeTaQA
dataset with a SacreBLEU score of 40.5, but the research was still conducted through
an external cloud-based API service. [15] applied the TableLlama architecture
(LLaMA2-7b fine-tuned) combined with LonglLoRA and Tablelnstruct on the
FeTaQA dataset with a SacreBLEU score of 39.05, but the research was still
conducted through an external cloud-based API service. [16] applied the Phi3-7b
architecture combined with instruction, GPT-3.5-turbo, and GPT-4-turbo on the
FeTaQA dataset with a SacreBLEU score of 38.13, but the research was still
conducted through an external cloud-based API service. [17] applied the HeLM
architecture (LLaMA2-13b fine-tuned) combined with QLoRa and ChatGPT-based
reasoning distillation on the FeTaQA dataset with a SacreBLEU score of 36.74,
ROUGE-1 of 0.696, ROUGE-2 of 0.482, and ROUGE-L of 0.595, but the research
was still conducted through an external cloud-based API service. [18] applied the
GenTaP architecture (BART with intermediate pre-training) on the FeTaQA dataset
with a SacreBLEU score of 36.74, ROUGE-1 of 0.689, ROUGE-2 0f 0.476, ROUGE-
L of 0.587, and METEOR of 0.545, but the research is still being conducted through
an external cloud-based API service. [19] applied a GPT-3 architecture combined with
GPT-3, Codex, T5-3b, and UnifiedSKG on the FeTaQA dataset, achieving a
SacreBLEU score of 33.44, a ROUGE-1 score of 0.6521, ROUGE-2 of 0.4309,
ROUGE-L of 0.5531, and METEOR of 0.5123. However, this research was still
conducted through an external cloud-based API service. [20] GPT-3.5-turbo-0125
architecture combined with fine-tuning, triples, and RAG on the FeTaQA dataset with
a SacreBLEU score of 31.3, ROUGE-1 of 0.67, ROUGE-2 of 0.44, and ROUGE-L of
0.55, but the research is still conducted through an external cloud-based API service.
[21] applied the GPT-3.5-turbo architecture combined with EnoTab on the FeTaQA
dataset with a SacreBLEU score of 30.46, ROUGE-1 of 0.67, ROUGE-2 of 0.45, and
ROUGE-L of 0.57, but the research is still conducted through an external cloud-based
API service. [22] applied the GPT-4o architecture combined with TableMaster on the
FeTaQA dataset with a SacreBLEU score of 28.94, ROUGE-1 of 0.6606, ROUGE-2
0f 0.4529, and ROUGE-L 0f 0.5456, but the research is still being conducted through
an external cloud-based API service. [23] applied the GPT-4 architecture combined
with 2-shot CoT on the FeTaQA dataset with a BLEU-1 score of 62.2, BLEU-2 of
48.6, BLEU-3 0f 39.2, ROUGE-1 0f 0.6606, ROUGE-2 0f 0.4529, and ROUGE-L of
0.5456. but the research is still being conducted through an external cloud-based API
service.

3. METHOD

Text preprocessing is the process of converting the original language into a more
structured format by removing information that has no significant meaning so that it
can be processed accurately using a model. Text preprocessing is carried out by
matching letter forms and removing punctuation marks that have no significant
meaning [24]. The stages of text preprocessing in the FeTaQA dataset applied in this
study can be seen in Figure 1.
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FIGURE 1. Illustration of Research Methodology Flow.

Figure 1 illustrates the research methodology process flow. The initial stage of the
research methodology flow is data description, which is carried out to explain the
characteristics and structure of the raw data used. The text preprocessing stage is
carried out to standardise letters to lowercase (case folding) and remove punctuation,
so that the dataset can be processed by the model. The model development (LLM)
stage is carried out to adjust the model to the research dataset through a fine-tuning
process so that it is able to understand the context of the table and specific questions.
The model inference (Ollama) stage is carried out to run the prediction process using
LLM so that the output is a response to the question. The final stage is performance
evaluation, which is carried out to assess the performance of the model based on the
evaluation metrics used.

3.1 DATA DESCRIPTION

The data used in this study is the FeTaQA dataset in English obtained from GitHub
[25]. The FeTaQA dataset contains 10,330 questions and answers in English for
TableQA tasks with descriptive (free-form answer) answer types. The FeTaQA
dataset consists of 7,326 training data, 1,001 validation data, and 2,003 test data. Each
row in the FeTaQA dataset contains questions and answers that are interrelated and
require reasoning based on the available information.

3.2 TEXT PREPROCESSING

Text preprocessing is the process of converting the original language into a more
structured format by removing information that has no significant meaning so that it
can be processed accurately using a model. Text preprocessing is carried out by
matching letter forms and removing punctuation marks that have no significant
meaning [24]. The stages of text preprocessing in the FeTaQA dataset applied in this
study can be seen in Figure 2.
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FIGURE 2. Illustration of Text Preprocessing Stages in the FeTaQA Dataset.
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Figure 2 illustrates the text preprocessing stages in the FeTaQA dataset. The text
preprocessing stage begins with case folding, which converts capital letters to
lowercase letters. The punctuation removal stage is applied to remove punctuation
marks that have no significant meaning. The result of text preprocessing is text that
has been cleaned of irrelevant elements, making it more structured, ready for further
analysis, and capable of being accurately processed using Large Language Models
(LLM).

3.3 DEVELOPMENT OF LARGE LANGUAGE MODELS (LLM)

The model used in this study is based on Large Language Models (LLM). LLM is
a highly complex artificial intelligence system that has the ability to learn from a large
amount of available text data [26]. This study utilises several LLM variants, namely
TinyDolphin:1.1B, Granite3.1-MoE:1B, Falcon3:1B, Granite3.1-MoE:3B,
LlaMa3.2:3b, Qwen3:4b, LlaMa3.1: latest, Qwen2.5:7b, Mistral:7B, and Falcon3:7b.
The LLM models used each have a parameter range from 1 to 7 billion. The LLM
models were developed by adjusting the model instructions using system prompts and
fine-tuning. The fine-tuning stage was used to adjust the models to the FeTaQA
dataset. The development process was carried out using the Parameter-Efficient Fine-
Tuning (PEFT) approach to efficiently optimise some parameters by adjusting the
LLM model parameters, as well as reducing computational costs and memory usage
[27]. One of the most common PEFT methods is Low-Rank Adaptation (LoRA).

LoRA reduces memory and computational usage for fine-tuning by updating a
portion of the low-rank weight matrices that can be trained, without making changes
to the overall main model weights [28]. The PEFT approach, such as LoRA, enables
the LLM model adjustment process to be carried out efficiently in terms of memory
usage and training time while maintaining the performance of the base model [29].
The model training process was carried out with the following fine-tuning parameter
configuration: max _seq length = 2048, rank (r) = 24, lora_alpha = 32, lora_dropout
= 0.05, per device train_batch size = 4, gradient accumulation_steps = 2,
warmup_steps =200, num_train_epochs =3, learning rate=15 X [ 0>, logging steps
=10, optim = “adamw_8bit”, weight _decay=0.01, Ir_scheduler type = “linear”, seed
= 3407. The result of developing an LLM model to optimise the model against the
FeTaQA dataset in order to produce more accurate predictions at the model inference
stage.

3.4 MODEL INFERENCE (OLLAMA)

The model inference stage is carried out using the Ollama platform, which
functions as a system for running fine-tuned models locally. The fine-tuned model is
run through a system prompt (system instruction) containing questions and
instructions in accordance with the FeTaQA dataset. Ollama processes the system
prompt (system instruction) using a model that has been loaded together with the
LoRA adapter training results, which contain fine-tuning parameters to adjust the
model to the FeTaQA dataset. The model inference process is carried out with the
following parameter configuration: temperature = 0.3, top_p = 0.9, repeat_penalty =
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1.1, num_ctx = 4096, num_predict = 256. The results of model inference are text
outputs of model answers to each question in the FeTaQA dataset. These outputs are
used for performance evaluation using the SacreBLEU, BLEU-1, BLEU-2, BLEU-3,
ROUGE-1, ROUGE-2, ROUGE-L, and METEOR evaluation metrics to measure the
level of conformity of model answers with reference answers in the FeTaQA dataset.

3.5 PERFORMANCE EVALUATION

The evaluation stages were conducted to measure the performance of the method
after testing it on TableQA tasks. Performance evaluation on TableQA was carried
out using metrics that assess the similarity between the model's answers and the
reference answers [30]. The performance evaluation measures used in this study are
BLEU, ROUGE, and METEOR [31].

BLEU (Bilingual Evaluation Understudy) is an evaluation metric that measures the
conformity between the model's output sentences and human reference sentences
based on word order [32]. The BLEU evaluation metrics used are SacreBLEU, BLEU-
1, BLEU-2, and BLEU-3 [33].

SacreBLEU is a standardised version of BLEU designed to produce uniform and
consistent BLEU calculations [34]. The SacreBLEU calculation process can be seen
in Equation (1) [35].

SacreBLEU = BP - exp(X%, w;log p;) (H
where

e(l_%) if c<r
BP = {1 ’

if czr

BP is a brevity penalty to adjust the score so that shorter texts do not receive
excessive scores, 1 1s the i-th n-gram, n is the n-gram, w; is the weight of the i-th n-
gram, p; is the i-th precision, c is the length (number of words) of the model's output
sentence (candidate), r is the length (number of words) of the reference sentence.

BLEU-1 is an evaluation metric that measures the similarity between the model's
output unigram sentence and human reference sentences based on word order [34].
The BLEU-1 calculation process can be seen in Equation (2) [36].

BLEU — 1 = BP - exp(log p;) 2)
where

-9 ,
BP = {:13 c’, if c<r

if cz2r

BP is a brevity penalty to adjust the score so that shorter texts do not receive
excessive scores, 1 1s the i-th n-gram, n is the n-gram, p; is the 1-th precision, c is the
length (number of words) of the model's output sentence (candidate), r is the length
(number of words) of the reference sentence.
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BLEU-2 is an evaluation metric that measures the similarity between the model's
output bigram sentence and human reference sentences based on word order [37]. The
BLEU-2 calculation process can be seen in Equation (3).

BLEU—2=BP-exp(§logp1 +§logpg) (3)
where

eU—%) if c<r
BP={ ©

if c2r

BP is a brevity penalty to adjust the score so that shorter texts do not receive
excessive scores, 1 is the i-th n-gram, n is the n-gram, p; is the 1-th precision, p, is the
2-th precision, c is the length (number of words) of the model's output sentence
(candidate), r is the length (number of words) of the reference sentence.

BLEU-3 is an evaluation metric that measures the similarity between the model's
output trigram sentence and human reference sentences based on word order [38]. The
BLEU-3 calculation process can be seen in Equation (4).

BLEU — 3 = BP - exp (;log p; +3log pz +5log ps) “4)
where

e(l_%) if c<r
BP = {1 ’

if cz2r

BP is a brevity penalty to adjust the score so that shorter texts do not receive
excessive scores, 1 is the i-th n-gram, n is the n-gram, p; is the 1-th precision, p, is the
2-th precision, pj; is the 3-th precision, c is the length (number of words) of the model's
output sentence (candidate), r is the length (number of words) of the reference
sentence.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is an evaluation
metric that measures the degree of lexical overlap between the reference text and the
prediction [39]. The most commonly used ROUGE evaluation metrics are ROUGE-
1, ROUGE-2, and ROUGE-L [40].

ROUGE-1 is an evaluation metric that measures the amount of unigram or single-
word overlap between the reference text and the prediction [41]. The ROUGE-1
calculation process can be seen in Equation (5) [42].

ROUGE — 1 = 2 x 2221 (5)
R;+P;

Where

Number of matching unigrams between prediction and reference
1 =

Number of unigrams in the reference
Number of matching unigrams between prediction and reference
1 =

Number of unigrams in the prediction
R, is the recall value in ROUGE-1, P; is the precision value in ROUGE-1.
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ROUGE-2 is an evaluation metric that measures the overlap of bigrams or adjacent
word pairs between the reference text and the prediction [43]. The ROUGE-L
calculation process can be seen in Equation (6) [44].

ROUGE — 2 = 2 x 22XP2 (6)
Ry+P;
Where
Number of matching bigrams between prediction and reference
2 —

Number of bigrams in the reference
Number of matching bigrams between prediction and reference
2 =

Number of bigrams in the prediction

R, is the recall value in ROUGE-2, P; is the precision value in ROUGE-2.
ROUGE-L is an evaluation metric that measures the similarity between reference

text and prediction by finding the longest sequence of identical words between the two

[31]. The ROUGE-L calculation process can be seen in Equation (7) [45].

_ (I+BPXRLPL
ROUGE — L = R @)
Where
L(X,Y
g, LD
L()TY)
PL = ’
n

B is the recall weight against precision, X is the reference text, Y is the predicted
text, L(X,Y) is the longest sequence of words that appear in the same order between
the reference text (X) and the predicted text (Y), R, is the recall value in L, P; is the
precision value in L, m is the length (number of words) of the reference text, n is the
length (number of words) of the predicted text.

METEOR (Metric for Evaluation of Translation with Explicit ORdering) is an
evaluation metric that measures the semantic similarity between the model's output
sentences and human reference sentences based on word order, synonyms, and root
words [46]. The METEOR calculation process can be seen in Equation (8) [47].

METEOR = Fpjoqn X (I — Penalty) ®)
Where
10PR

Fuean = 3 35p
h
Penalty = 0.5 X (5)3

Fyrean 18 the harmonic mean between precision (P) and recall (R). Penalty is a
reduction factor used to lower the score when the word order in the model's output
text differs from the word order in the human reference text. P is precision (the ratio
between the number of matching words between the model's output text and the
human reference text and the total number of words in the model's output text). R is
recall (the ratio between the number of matching words and the total number of words
in the human reference text). 4 is the number of chunks (sequential groups of matching
words), u is the number of matching words.
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4. RESULT AND DISCUSSION
4.1 ANALYSIS AND INTERPRETATION OF RESULT

The analysis and interpretation stages involved comparing the results of the model
performance evaluation on the TableQA task with previous studies and comparing the
performance evaluation results for each LLM model used. The model performance
evaluation results were obtained from testing using NVIDIA RTX4070 12GB and
32GB RAM (16GB already in use). A comparison of the performance evaluation
results for each LLM model used can be seen in Table 1.

TABLE 1.
Comparison of Performance Evaluation Results for Each LLM Model Used.

Model LLM SacreBLUE ROUGE-1 ROUGE-2 ROUGE-L METEOR
TinyDolphin:1.1B 3.285 0.2218 0.0895 0.1739 0.3853
Granite3.1-MoE: 1B 3.064 0.2197 0.0862 0.1710 0.3941
Granite3.1-MoE:3B 3.356 0.2283 0.0937 0.1780 0.4169
Falcon3:1B 3.397 0.1900 0.0809 0.1524 0.3414
LLaMa3.2:3b (Fine- 2.447 0.1683 0.0683 0.1335 0.3422
Tuned Model)

Owen3:4b (Proposed 5.222 0.2620 0.1172 0.2117 0.3707
Model)

Llama3.1:latest 2.742 0.1805 0.0765 0.1420 0.3771
Owen2.5:7b 2.773 0.1861 0.0773 0.1453 0.3830
Mistral:7B 3.053 0.2051 0.0867 0.1606 0.4111
Falcon3:7b 3.217 0.1837 0.0799 0.1473 0.3513

Based on Table 1, a comparison of the performance results of each LLM model
used based on the ROUGE and METEOR evaluation metrics in the TableQA task.
The performance evaluation results for each LLM model used show that the Qwen3:4b
model has the highest scores for SacreBLEU, ROUGE-1, ROUGE-2, ROUGE-L, and
METEOR, at 5.222, 0.2620, 0.1172, 0.2117, and 0.3707, respectively. The 7B
parameter model cannot be run using LoRA fine-tuning due to low resources. The
model proposed in this study is Qwen3:4B, which shows the best performance and
can be run using LoRA fine-tuned. The LLaMA3.2:3B model was fine-tuned using
LoRA because it has the largest parameters after Qwen3:4B. A comparison of
performance evaluation results for the proposed method with previous studies based
on the BLEU evaluation metric can be seen in Table 2.
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Previous Research Based on the BLEU Evaluation Metric.

TABLE 2.
Comparison of Performance Evaluation Results in the Proposed Method with

Answering

Method Runtime Result

Environment
SacreBLUE BLEU-1 BLEU-2 BLEU-3

GPT-3.5-turbo and Relevant-  Cloud-based 41.3 - - -

Cell-based Rationales [8] external API

GPT-3-Codex and Dater [10] Cloud-based 30.92 - - -
external API

GPT-3.5-turbo, Instruction, Cloud-based 28.62 - - -

LoRA , Llama3-8b, and external API

TQAgent [11]

Reason SFT-RL [12] Cloud-based 43.18 - - -
external API

GPT-4, mistral-7b, and cliff Cloud-based 41.88 - - -

[13] external API

CABINET [14] Cloud-based 40.5 - - -
external API

TableLlama, LongLoRA, and  Cloud-based 39.05 - - -

Tablelnstruct [15] external API

Phi3-7b, Instruction, GPT-3.5- Cloud-based 38.13 - - -

turbo, and GPT-4-turbo [16] external API

HeLM, QLoRA, and Cloud-based 36.74 - - -

ChatGPT-Based Reasoning external API

Distillation [17]

GenTaP [18] Cloud-based 36.74 - - -
external API

GPT-3, Codex, T5-3b, and Cloud-based 33.44 - - -

UnifiedSKG [19] external API

GPT-3.5-turbo-0125, Fine- Cloud-based 31.3 - - -

tuned, Triples, and RAG [20]  external API

GPT-3.5-turbo and EnoTab Cloud-based 30.46 - - -

[21] external API

GPT-4.0 and TableMaster [22] Cloud-based 28.94 - - -
external API

GPT-4 and 2-shot CoT [23] Cloud-based - 62.2 48.6 39.2
external API

LoTQA (LLaMa3.2:3b, Local 5.791 15.411 9.53 7.151

LoRA Fine-tuned)
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LoTQA (Qwen3:4b, LoRA Local 8.613 35.623 26.592 22.723
Fine-tuned) (Proposed
Research)

Based on Table 2, a comparison of the performance results of the proposed method
with several other methods using the FeTaQA dataset based on the BLEU evaluation
metric in the TableQA task. Previous studies only calculated the SacreBLEU
performance evaluation score, except for the study by [23]. The study [12] produced
the best SacreBLEU value compared to other previous studies, but it only calculated
the SacreBLEU performance evaluation value and was still run through a cloud
service or external API. The study [23] produced the best BLEU-1, BLEU-2, and
BLEU-3 scores compared to other previous studies, but it did not calculate the
SacreBLEU performance evaluation score and was still run through a cloud service or
external API. The results of LoOTQA (Qwen3:4b, LoRA Fine-tuned) produced the best
SacreBLEU, BLEU-1, BLEU-2, and BLEU-3 scores compared to LoTQA
(LLaMa3.2:3b, LoRA Fine-tuned). The SacreBLEU, BLEU-1, BLEU-2, and BLEU-
3 results of the method proposed in this study show fairly good performance compared
to the methods used in other studies, despite low resources. The SacreBLUE results
show that LoTQA performs quite well in measuring the similarity between the model's
output sentences and human reference sentences based on word order using the
standard version of BLEU, which is designed to produce uniform and consistent
calculations, despite low resources. BLUE-1 shows that LoOTQA performs quite well
in measuring the unigram alignment between model output sentences and human
reference sentences based on word order, despite low resources. BLUE-2 shows that
LoTQA performs quite well in measuring bigram alignment between model output
sentences and human reference sentences based on word order, despite low resources.
BLUE-3 shows that LoTQA performs quite well in measuring the trigram alignment
between model output sentences and human reference sentences based on word order,
despite low resources. A comparison of the performance evaluation results of the
proposed method with previous studies can be seen in Table 3.

TABLE 3.
Comparison of Performance Evaluation Results in the Proposed Method with
Previous Research Based on ROUGE and METEOR Evaluation Metrics

Mehod Runtime Result
Environment

ROUGE-1 ROUGE-2 ROUGE-L METEOR

GPT-3.5-turbo and Cloud-based 0.70 0.50 0.61 0.58
Relevant-Cell-based external API

Rationales [8]

GPT-3.5-turbo, Text- Cloud-based 0.71 0.46 0.61 -
Davinci-003, and external API

ReAcTable [9]
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GPT-3-Codex and Dater  Cloud-based 0.66 0.45 0.56 -
[10] external API
GPT-3.5-turbo, Cloud-based 0.61 - - -
Instruction, LoRA , external API
Llama3-8b, and
TQAgent [11]
HeLM, QLoRA, and Cloud-based 0.696 0.482 0.595 -
ChatGPT-Based external API
Reasoning Distillation
[17]
GenTaP [18] Cloud-based 0.689 0.476 0.587 0.545

external API
GPT-3, Codex, T5-3b, Cloud-based 0.6521 0.4309 0.5531 0.5123
and UnifiedSKG [19] external API
GPT-3.5-turbo-0125, Cloud-based 0.67 0.44 0.55 -
Fine-tuned, Triples, and  external API
RAG [20]
GPT-3.5-turbo and Cloud-based 0.67 0.45 0.57 -
EnoTab [21] external API
GPT-4.0 and Cloud-based 0.6606 0.4529 0.5456 -
TableMaster [22] external API
GPT-4 and 2-shot CoT Cloud-based 0.658 0.428 0.544 -
[23] external API
LoTQA (LLaMa3.2:3b, Local 0.328 0.144 0.277 0.307
LoRA Fine-tuned)
LoTQA (Qwen3:4b, Local 0.364 0.177 0.311 0.317

LoRA Fine-tuned)
(Penelitian yang
diusulkan)

Based on Table 3, a comparison of the performance results of the proposed method
with several other methods using the FeTaQA dataset based on the ROUGE and
METEOR evaluation metrics for the TableQA task. Research [11] only calculated the
ROUGE-1 performance evaluation scores. Research [10], [17], [20], [21], [22], [23]
did not calculate the METEOR performance evaluation score. Research [18], [19] is
still conducted through cloud services or external APIs. Research [9] produced the
best ROUGE-1 and ROUGE-L scores compared to other previous studies, but this
study did not calculate the METEOR performance evaluation scores and was still
conducted through cloud services or external APIs. The study [8] produced the best
ROUGE-2, ROUGE-L, and METEOR scores compared to other previous studies, but
the study was still conducted through cloud services or external APIs. The results of
LoTQA (Qwen3:4b, LoRA Fine-tuned) produced the best ROUGE-1, ROUGE-2,
ROUGE-L, and METEOR scores compared to LoTQA (LLaMa3.2:3b, LoRA Fine-
tuned). The ROUGE-1, ROUGE-2, ROUGE-L, and METEOR results of the proposed
method in this study show fairly good performance compared to the methods used in
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other studies, despite low resources. The ROUGE-1 results show that LoTQA
performs quite well in measuring the unigram overlap between the reference text and
the prediction, despite low resources. The ROUGE-2 results show that LoTQA
performs quite well in measuring the bigram overlap between the reference text and
the prediction, despite low resources. The ROUGE-L results show that LoTQA
performs quite well in measuring the similarity between the reference text and the
prediction by finding the longest common sequence of words between the two, despite
low resources. The METEOR results show that LoTQA performs quite well in
measuring the semantic similarity between the model's output sentences and human
reference sentences based on word order, synonyms, and root words, despite low
resources.

5. CONCLUSION

This study utilises LoTQA in Table Question Answering (TableQA) tasks.
Performance evaluation results on the Qwen3:4B model achieved the highest scores
for SacreBLEU, ROUGE-1, ROUGE-2, ROUGE-L, and METEOR. Overall, the
measurements show that LoTQA's performance on the TableQA task is quite good
compared to the methods used in other studies, despite low resources. These results
indicate that the proposed method performs quite well on the TableQA task, despite
low resources.
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