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Abstract: As a crucial task in natural language processing, table question answering has garnered sig-
nificant attention from both the academic and industrial communities. It enables intelligent querying
and question answering over structured data by translating natural language into corresponding SQL
statements. Recently, there have been notable advancements in the general domain table question
answering task, achieved through prompt learning with large language models. However, in specific
domains, where tables often have a higher number of columns and questions tend to be more com-
plex, large language models are prone to generating invalid SQL or NoSQL statements. To address
the above issue, this paper proposes a novel few-shot table prompt question answering approach.
Specifically, we design a prompt template construction strategy for structured SQL generation. It
utilizes prompt templates to restructure the input for each test data and standardizes the model
output, which can enhance the integrity and validity of generated SQL. Furthermore, this paper
introduces a contrastive exemplar selection approach based on the question patterns and formats
in domain-specific contexts. This enables the model to quickly retrieve the relevant exemplars and
learn characteristics about given question. Experimental results on the two datasets in the domains of
electric energy and structural inspection show that the proposed approach outperforms the baseline
models across all comparison settings.

Keywords: table question answering; text-to-SQL; few-shot; large language models; prompt learning

1. Introduction

As an important medium for structured data storage and presentation, the two-
dimensional table can effectively organize and summarize large quantities of data in
different scenarios, presenting them in a concise and clear manner. Building upon this
foundation, structured query language (SQL) has emerged to enable rapid operations (such
as querying, adding, and deleting) on large volumes of structured tabular data, greatly
improving data management and organizational efficiency. However, the correct composi-
tion of SQL statements requires humans to learn its specific syntax and become familiar
with the tables it operates on, resulting in high learning costs and time consumption. To
address this, researchers in natural language processing have proposed the table question
answering task, which is also known as text-to-SQL [1]. It aims to translate natural lan-
guage questions and corresponding table information into SQL statements through the
appropriate design of algorithms or models. Due to its ability to intelligently retrieve and
analyze structured data, it can be widely applied in various fields such as finance, power,
and bridge maintenance, enhancing their levels of digitization and intelligence [2—4].

In recent years, language models trained through the paradigm of “pre-training +
fine-tuning” have significantly improved the performance of table question answering
tasks by leveraging large-scale pre-training on tables and text [5,6]. In some datasets, these
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models have approached human-level performance [7]. However, the aforementioned pre-
trained language models require a large amount of annotated data during the fine-tuning
process. In some specific domains, obtaining high-quality annotated data may even require
hiring domain experts, greatly limiting the development and application of table question
answering and similar tasks [8]. To address this issue, some researchers have employed
data augmentation or knowledge enhancement methods, effectively reducing the model’s
reliance on annotated data at the cost of a slight decrease in performance [9-11]. However,
due to the limitations of model parameter capacity, the initial language representation and
understanding capabilities of these models in table question answering tasks remain rela-
tively low, necessitating the annotation of a portion of the data (100-1000 instances) during
the application process to allow the model to fully learn task and domain characteristics.

Benefiting from the advancements in high-performance computing hardware and
algorithms, the parameter capacity of pre-trained language models has rapidly increased,
significantly improving their language representation and understanding capabilities [12].
OpenAl has discovered that large language models (LLMs) do not require fine-tuning
but can instead be driven to answer questions according to human intent by providing a
natural language prompt and a few annotated data exemplars (0-5 instances) for the down-
stream task [13]. This greatly reduces the model’s reliance on high-quality annotated data.
Among them, generative large language models such as ChatGPT [14], LLaMA [15], and
BaiChuan [16] have made significant progress in general domain table question answering
and other tasks. However, in specific domains, general purpose language models lack
sufficient domain knowledge, and training domain-specific language models to incorporate
domain knowledge requires enormous computational resources and massive amounts
of training data. Furthermore, for specific table question answering tasks, there may be
differences in task characteristics and data distribution between the given annotated data
exemplars and the given question, making it difficult to accurately understand the prompt
content and potentially resulting in the generation of invalid SQL or NoSQL statements [8].
Therefore, reasonable prompt construction and exemplar selection strategies have become
important requirements in domain-specific scenarios where resources are limited.

In this paper, we propose a novel few-shot table prompt question answering approach
for the domain-specific databases. Firstly, this approach is based on the opensource Vicuna-
13B language model, and it involves redesigning prompt templates to restrict the output
format of text-to-SQL tasks, thereby standardizing the model’s output to generate valid
SQL statements. Secondly, an exemplar selection strategy is employed to assist the model
in understanding the current problem and guide the model in completing the prediction
task. Lastly, the large language model is used to encode the context and output accurate
SQL statements. The main contributions of this paper are as follows:

(1) We design a structured prompt template construction strategy for the table QA task.
It utilizes prompt templates to restructure the input for each test data and standardizes the
model output, which can improve the integrity and validity of SQL statements generated
by the LLMs.

(2) We propose a contrastive exemplar selection strategy covering domain-specific
question patterns and methods based on the characteristics of QA tasks and data features,
combined with prompt engineering on LLMs. It can enable LLMs to retrieve the most
relevant exemplars and fully learn task and data characteristics about given question.

(3) Experimental results on two table QA datasets from the electric energy and struc-
tural inspection domain show that our approach outperforms the other baselines in all
comparison settings, and achieves the state-of-the-art results.

2. Related Work
2.1. Table QA on General Domains
Before the emergence of pre-trained language models, researchers primarily conducted

table question answering studies using seq2seq models [17]. The seq2seq neural network
consists of an encoder and a decoder. The encoder is responsible for encoding the input
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natural language query and table schema, capturing their semantic and structural infor-
mation, while the decoder generates the predicted SQL statement. With the widespread
application of pre-trained language models such as BERT [5] and GPT [18], the field of table
question answering has also gradually explored methods based on pre-trained models.
Among them, TABERT [6] encodes natural language texts and structured tables jointly to
obtain semantic representations of natural language questions and tables. It introduces
the masked column prediction (MCP) and cell value recovery (CVR) training objectives
specific to table schemas, effectively improving the performance of general-domain table
question answering tasks. Tapas [19] extends the MLM training objective to structured
data and predicts answers by selecting subsets of cells and their aggregation operations.
Tapas concatenates the question and serialized table as input, and two classification layers
predict the selected cell subset and the aggregation operator, respectively. The aggregation
operation is then performed on the selected cell subset to obtain the final answer.

However, Tapas cannot handle large tables or databases containing multiple tables,
since it processes the entire table in memory as context. TAPEX [7] simulates SQL executors
through pre-training, with the actual results of executing SQL queries on tables serving
as supervised signals to train the model’s generated results. Wang et al. [20] propose an
execution-guided strategy to detect and exclude erroneous programs during the decoding
process using partially generated SQL, further improving performance. This mechanism
can be applied to any autoregressive generation model, assisting most semantic parsing
pre-training models in achieving further performance improvements. Hu et al. [21] propose
a novel Chinese few-shot text classification method called CIPLUD that combines an
improved prompt learning method and existing unlabeled data, which are used for the
classification of a small amount of Chinese text data. They used the Chinese pre-trained
language model to generate prompt prefixes with multiple masks and constructs suitable
prompt templates for Chinese labels. Then, the one-class support vector machine-based
unlabeled data leveraging (OCSVM-UDL) module to establish an OCSVM model in the
trained text vector space, selects reasonable pseudo-label data for each category from a
large amount of unlabeled data. Dang et al. [22] propose to enhance the verbalizer and
construct the refined external knowledge into a prompt-tuning (REKP) model. They employ
external knowledge bases to increase the mapping space of tagged terms and design three
refinement methods to remove noise data.

Currently, table question answering techniques based on pre-trained language mod-
els are becoming increasingly mature, with evaluation results on datasets such as WiK-
iSQL [23] surpassing human accuracy. However, existing methods mainly focus on general
domains, and further research is needed for table question answering methods targeting
specific domains.

2.2. Table QA on Specific Domains

Currently, table-based question answering methods for general domains have demon-
strated strong performance. However, there are certain limitations in terms of scalability
and transferability to specific domains. Challenges still exist in domain and task adapta-
tion training strategies, as well as generalization capabilities. To address these challenges,
researchers often incorporate specific domain data characteristics and domain expertise to
improve the effectiveness of table-based question answering models in specific domains.
Specifically, Guo et al. [24] enhanced the prediction accuracy of WHERE clauses by leverag-
ing table content, header, and cell features specific to the electricity domain. Pan et al. [25]
combined medical text features and SQL structures to link medical entities and used SQL
syntax trees as intermediate representations to reduce the search space for each decoding
step, thereby alleviating the issue of mismatch between medical questions and SQL queries.
He et al. [26] proposed a divide-and-conquer approach for a class of complex computational
queries in the financial domain. They decomposed a row-based computational query into
multiple sub-queries, generated corresponding SQL statements for each sub-query, and
then combined the sub-query SQL statements to form the original query’s SQL statement,
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thereby improving the effectiveness of complex queries in the financial domain [27]. Lv
et al. [28] addressed the problem of poor interpretability and strong dispersion in the
aluminum smelting domain dataset by incorporating factory metadata information during
data utilization to resolve issues of inconsistent representation and implied semantics in
Chinese column names. However, although the aforementioned work has made progress
in table-based question answering tasks in specific domains, they require a significant
amount of annotated data for table-based question answering tasks. In some cases, hiring
domain experts is necessary to obtain high-quality annotated data, which greatly limits
the development and application of table-based question answering and similar tasks. To
reduce the data requirements in real-world application scenarios, improve the accuracy
of table-based question answering models, and further empower industry applications,
further research is needed on few-shot table-based QA in specific domains.

2.3. Few-Shot Table QA

In response to the lack of high-quality annotated data in domain-specific, the emer-
gence of few-shot learning provides a feasible solution [29]. Some studies address the
few-shot table QA problem through transfer learning. Ye et al. [30] propose a decomposed
prompt learning named entity recognition (NER) framework for few-shot settings, de-
composing the NER task into two stages: entity locating and entity typing. In training,
the location information of distant labels is used to train the entity locating model. In
inference, a pipeline approach is used to handle the entire NER task. Yang et al. [31] pro-
posed SEQZERO, which decomposes the problem into a series of sub-problems, generates
concise answers through prompts to predict SQL clauses, and alleviates the combination
generalization problem caused by overfitting in few-shot scenarios. Wei et al. [32] in-
troduced a shared mechanism for multitask learning to reduce the complexity of model
sub-task decoding and designed a secondary weighted loss to balance the complexity of
SELECT and WHERE clauses. However, the approach of sharing decoders weakened the
model’s expressive power. Change et al. [9] explicitly mapped natural language entities
to table headers through auxiliary tasks, defining mapping relationships between condi-
tion columns and condition values. However, this approach requires additional BIO data
annotation, limiting its practicality. GAZP [33] adapted semantic parsers to new domains
through synthetic periodic consistency data, proposing a new paradigm for zero-shot
semantic parsing. Additionally, some studies have applied prompt engineering to table QA
task, significantly improving the representation performance of generative LLMs [34]. Gu
et al. [35] divided table QA into two stages, using prompts to predict SQL structures and
fill content separately. Shin et al. [36] proposed a language model-based semantic parsing
method, converting questions into controlled sub-languages through dynamic prompts or
fine-tuning and constraining decoding to ensure the legality of generated results. Prompts
effectively improve the generalization ability of models in few-shot scenarios, but the
design of prompt templates requires domain knowledge support and is susceptible to data
distribution influences.

In-context learning is a novel approach within the field of natural language processing
(NLP) that involves utilizing one or more training exemplars of downstream tasks as input
for language models (LMs) [13]. These exemplars are directly decoded to produce outputs
without updating the model parameters, which effectively enhance the accuracy of LM
outputs through exemplar guidance. However, research conducted by Liu et al. [37] has
demonstrated that the performance of downstream tasks can significantly vary depending
on the chosen contextual exemplars. Hence, several studies have been dedicated to explor-
ing methodologies for selecting appropriate exemplars to improve the performance of LMs.
Rubin et al. [38] proposed an approach that employs the language model itself as a scor-
ing function to retrieve high-quality prompt exemplars from the context. Wang et al. [39]
treated large language models as topic models and adopted a strategy to select training data
exemplars that are most relevant to the task topic as input. However, the aforementioned
methods utilize large models for exemplar selection, which can significantly reduce the
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efficiency of inference. In response to this, Das et al. [40] introduced a neural-symbolic
exemplar reasoning approach that includes a non-parametric memory network for stor-
ing exemplars and a parametric model for retrieving exemplars relevant to the question,
thereby generating logical forms. Zhang et al. [41] applied reinforcement learning to treat
the selection process of input exemplars as a sequential decision problem and utilized a
Markov decision process to select the most relevant input exemplars. Nonetheless, the
aforementioned exemplar selection methods are primarily tailored to general domains [42].
The development of exemplar selection algorithms for domain-specific table prompt-based
question answering is still in its early stages, and the construction of prompt templates for
structured table-based question answering is also yet to be established.

3. Methodology
3.1. Task Formulation

This paper mainly focuses on the domain-specific text-to-SQL task, as referenced in [23],
where SQL statements are decomposed into six clauses: SELECT-Column (SC), SELECT-
Aggregation (SA), Where-Number (WN), Where-Column (WC), Where-Operator (WO), and
Where-Value (WV). These clauses are formally defined as follows: Given a natural language
question Q = {q1,42,- - ,4n} and the corresponding table T = {c1,¢cp,- - - ,cm}, the goal
is to generate the corresponding SQL query Y. Here, g; represents the i-th token in the
question, n represents the length of Q, ¢; represents the j-th column, and m represents the
total number of columns.

In few-shot table QA tasks, given a training set of question-SQL pairs D = {(x;, y;) }1;
for a text-to-SQL task and a test set x¢est, the objective is to train a retriever R (x¢est, D) to
retrieve a subset P = {(x/, y;) };n:l C D of training sets, where m < n. Given an arbitrarily
large language model g, efficient prompt engineering concatenates the test set xt.; with the
relevant prompt subset P as a prefix, passing it to g to complete the target sequence output,
resulting in ¢([P; xtest]) decoding to obtain yest. In the text-to-SQL task, x is the natural
language expression, and y is the corresponding SQL logical form.

3.2. Data Characteristics in Specific Domains

The text-to-SQL dataset ESQL [43] in the electricity domain is sourced from real power
energy agencies. Its tabular data cover multiple dimensions such as time, region, power
suppliers, user scale, project progress, enterprise profitability, and more. By analyzing
information from these dimensions, various queries and analyses can be performed on
electricity data from different perspectives, for example, understanding electricity con-
sumption and price fluctuations during different periods, in different regions, and from
different suppliers to evaluate the supply—demand situation, comprehend the scale of the
electricity market, and identify growth trends.

The text-to-SQL dataset SMI-SQL in the bridge maintenance domain is established by
the research team after conducting multiple text-to-SQL studies on industrial databases.
This dataset includes crucial information such as bridge basic information, structural
damage descriptions, maintenance and repair recommendations, etc.

The distribution of table column ranges in the ESQL and SMI-SQL datasets is shown in
Table 1. The ESQL dataset shows that within the range of 0 to 5 columns, both the quantity
and proportion are 0. When the number of columns is between 5 and 10 and 10 and 15, the
quantity and proportion are still 0. However, when the number of columns is in the range
of 15 to 20, there are 300 instances, accounting for 20% of the total. In contrast, for tables
with more than 20 columns, there are 1200 instances, constituting 80% of the total. This
indicates that most tables in the ESQL dataset have more than 20 columns and dominate
the dataset. On the other hand, the SMI-SQL dataset shows a different distribution. Within
the range of 15 to 20 columns, it has the highest proportion, reaching 36.47%. The next
highest proportion is in the range of 10 to 15 columns, accounting for 22.80%. In the range
of 5 to 10 columns, the proportion is 21.33%, while in the range of 0 to 5 columns, the data
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quantity is the lowest, at only 0.93% of the total. It is worth noting that there is still a certain
quantity of data with more than 20 columns, accounting for 18.47%.

Table 1. The distribution of table column ranges in the ESQL and SMI-SQL datasets.

Dataset Number of Columns 0~5 5~10 10~15 15~20 >20
Quantity 0 0 0 300 1200
ESQL -
Proportion 0 0 0 20% 80%
Quantity 14 320 342 547 277
SMI-SQL
Proportion 0.93% 21.33% 22.80%  36.47%  18.47%

3.3. Architecture

This study integrates heuristic prompt template generation strategies to build a few-
shot text-to-SQL model adapted to domain-specific tasks. Based on the Vicuna-13B lan-
guage model, the model adds prompt-engineered exemplars before input to control the
output format. The overall architecture of the model is shown in Figure 1.
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Figure 1. The overview architecture of the proposed model.

As shown in Figure 1, the proposed approach in this study takes the question Q, table
name N, and table T as the original inputs of the model. First, the model adopts heuristic
prompt template generation strategies to design input-output prompt templates, recon-
struct input data, and inject information about aggregation function lists and conditional
operators needed for text-to-SQL tasks to achieve input format standardization, denoted
as I. Then, based on test set X, retrieve a subset P = { (xj, yj) };":1 of training set with
higher relevance from the training dataset. Concatenate this subset of training samples
according to the input format as prompt exemplars to form the complete input I_Final,
which guides the model’s output. Finally, following the constraints of the prompt output
template, the model modularly outputs according to the six clauses used in the evaluation,
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generating a complete SQL statement for evaluation. The input, reconstructed based on
prompt template engineering exemplars, is fed into the Vicuna-13B large language pre-
trained model in the general domain. Through exemplar-guided and output-constrained
learning, the model further achieves domain-specific and task adaptation.

3.4. Subsection

Based on the characteristics of text-to-SQL tasks and output formats, a prompt template
controlling the input and output of large-scale text-to-SQL models was designed according
to the submodule evaluation method. The specific algorithm for the prompt template
generation strategy is shown in Algorithm 1

Algorithm 1. The Prompt Template Generation Strategy Algorithm

The input information is as follows:

1: Question: {0}

2: Table name: {1}

3: Table headers: {2}

4: Given function list: [““, “AVG”, “MAX”, “MIN”, “COUNT”, “SUM”"]
5: Given condition operator list: [“>*, “<”, “=", “1="]
6: Return results in the following format:

7:

8: “SQL”: “~,

9: “Aggregate function”: “~,

10: “Query column”: ““,

11: “Where condition column”: [],

12: “Where condition operator”: [],

13: “Where condition value”: [],

14: “Number of where conditions”: ““

15: }

The placeholders in the template represent dynamic input information as follows:

1: Question: {0}: Represents the question, i.e., the query posed by the user.

2: Table name: {1}: Represents the table name, i.e., the name of the database table to be
queried.

3: Table headers: {2}: Represents the table headers, i.e., the column names of the
database table.

The template also provides predefined lists used to generate different parts of the SQL
query.

Given Function List: Provides the available aggregation function list, including an
empty string (no aggregation function), Average (AVG), Maximum (MAX), Minimum
(MIN), Count (COUNT), and Sum (SUM).

Given Condition Operator List: Provides the available condition operator list, includ-
ing Greater Than (>), Less Than (<), Equal To (=), and Not Equal To (!=).

The template defines an expected result format, including SQL query statement,
aggregation function, query column, condition column, condition operator, condition
value, and condition count. By filling and replacing placeholders, results are returned in
the specified format, generating SQL query statements and related information that meet
the requirements and are compliant with the standards for evaluation.

3.5. Exemplar Retrieval Approach

To inject training exemplars targeted to assist the model in understanding the task and
standardize model outputs, this paper proposes an exemplar injection prompt template
retrieval strategy, which retrieves relevant exemplars to guide model outputs, as shown in
Algorithm 2.
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Algorithm 2. The Prompt Template Retrieval Strategy

1: Input: Training dataset D = {(x;, ;) }/_1, test set Xest.
m
2: Output: Relevant subset P = { <x]-,yj) } L C D for the test set.

3: (1). Initialize a candidate set of training exemplars ¢ = R, ((x,y), D).

4: (2). Use the large language model g to independently score each ¢; € € as s(e;) = Probg(yle;, x).
5: (3). Based on the scores s(e;) from (2), define a positive exemplar set 05 and a negative
exemplar set ¢;,.¢ for each ¢;.

6: (4). Construct contrastive learning training data <xi,ei+, €1, 1Ciap_q >
7: (5). Compute the inner product sim(x, e) = EX(x)TEp(e).

8: 6.MinimizeL<x- e ey, e ):710 ¢ .
( ) A IAS &Y 7~i,B—1 gesim(xi,t’;r)+):72:3;l eslm(.’(l',é'i,j)

i +
>1m(x1,ci )

The algorithm describes the prompt template retrieval strategy for exemplar injection,
where the input consists of a training dataset D = {(x;,;)};_; and a test set x5, and the
output is the relevant subset P = {(xj, ;) };":1 of test exemplars, to aggregate exemplar

prompts to guide the large language model. The steps of the algorithm are as follows: first,
initialize the candidate training dataset ¢ = R, ((x,y), D); then, use the large language
model g to independently calculate the relevance probability score s(e;) of each ) € ¢
with the test set x.s;. Specifically, we utilize the output of the large model g to compute
yle;. The computed result is then used to calculate the relevant probability with the test
set, yielding the probability of y|e; being xt.st. Because we used Xt in the input, s(e;)
indicating how helpful each candidate object is for decoding the target exemplar. Next,
apply s(e;) to all training samples and define a positive instance set €;,,s and a negative
instance set €y,¢ for each e;, where ¢;,s and ¢y, respectively consist of the top k candidate
instances and the bottom k candidate instances based on the calculated scores s(e;). Then,

construct contrastive learning training data in the form of <xi, ef, R >, where

is a randomly sampled instance from e;@s, while the negative
instance is composed of a randomly sampled instance from e,(fgg, along with B — 1 positive
instances sampled from the same batch and B — 1 negative instances sampled from the

+

the positive instance ¢;

same batch. Finally, compute the inner product sim(x,e) = Ex (x)TEp(e) and minimize the
loss to train the exemplar retriever. Here, Ex(-) and Ep(-) represent the input encoder and
prompt encoder as described in reference [44].

Based on the detailed explanation of the prompt template generation strategy and
the prompt template retrieval algorithm, the exemplar-based injection approach based on
large language model prompting engineering is further demonstrated through specific
application examples. An example application of ESQL is shown in Algorithm 3, where
the input exemplar question is “For projects with an estimated net profit year-on-year
growth rate (compared to the previous period) below 44.33% and project estimated total
profit (excluding price reduction impact) higher than 3471.44, what is the average project
estimated total profit?” The exemplar retrieval strategy proposed in this paper injects
exemplars similar in semantics to this question from the same table to guide the model in
parsing the text-to-SQL task.

Similarly, Algorithm 4 shows an application example in SMI-SQL. For the question
“How many provincial-level departments are there?”, the method proposed retrieves
the formatted representation of the most relevant question in the training set, “How
many municipal-level departments are there?” as a prompt output to guide the model in
generating the correct SQL statement.
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Algorithm 3. ESQL Application Example

1: Question: For projects with an estimated net profit year-on-year growth rate

(compared to the previous period) below 44.33% and project estimated total profit
Input (excluding price re-duction impact) higher than 3471.44, what is the average project

estimated total profit?

2: Table Name: table_6

Example 1:

1: Question: What is the lowest estimated net profit year-on-year growth rate
(compared to the previous period) in projects with funding source types and
year-end balances equal to 3975.46 and 1985.13, respectively?

2: Expected SQL Query Result:

3:

4: “sql”: “select MIN(estimated net profit year-on-year growth (compared to the
previous period)) from table_6 where funding source type = ‘3975.46” and year-end
balance = “1985.13"”,

5: “Aggregation Function”: “MIN”,

6: “Query Column”: “estimated net profit year-on-year growth (compared to the
previous period)”,

7: “where condition columns”: [“funding source type”, “year-end balance”],

8: “where condition operators”: [“=", “="],

9: “where condition values”: [“3975.46”, “1985.13"],

10: “where condition count”: “2”

11:}

Output

Algorithm 4. SMI-SQL Application Example

Input 1: Question: How many provincial-level departments are there?
2: Table Name: cbms_dept

Example 1:

1: Question: How many municipal-level departments are there?

2: Expected SQL Query Result:

3:{

4: “sql”: “select COUNT(DepartmentCode) from cbms_dept where

Department-Level = ‘municipal’”,

: “Aggregation Function”: “COUNT”,

: “Query Column”: “DepartmentCode”,

: “Where Condition Columns”: [“DepartmentLevel”],

: “Where Condition Operators”: [“="],

: “Where Condition Values”: [“municipal”],

10: “Where Condition Count”: “1”

11: }

Output

O 00 1 O Q1

4. Experiments
4.1. Experimental Settings

This study conducted extensive experiments on the ESQL and SMI-SQL datasets,
injecting 1 prompt training exemplar for each test data to guide the model output. Re-
garding the selection of the number of examples, we chose one exemplar for each input.
The reason for not selecting multiple examples is that, in our preliminary experiments, we
tried selecting from 1 to 5 examples and found that choosing one exemplar yielded the
best results. Multiple examples led to model learning biases and formatting errors, with
five examples exceeding the maximum length limit. It is worth noting that the experiment
requires at least one exemplar; for instance, this study uses one exemplar. However, the
number of examples needed may vary across different domains and should be determined
based on the specific circumstances. During testing, 1500 data points were used. The
sample sizes for each dataset used in the experiments are shown in Table 2.
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Table 2. ESQL, SMI-SQL dataset few-shot setting.

Dataset 1 Shot Test
ESQL 1 1500
SMI-SQL 1 1500

The experiments were conducted on a platform based on Linux 5.15.0 Ubuntu 20.04
64-bit operating system and PyTorch 1.13.1 deep learning framework. The hardware
environment included an Intel Core i9-10900X CPU, 128GB RAM, 4 NVIDIA RTX-3090Ti
24 GB GPUs, and a 4 TB hard drive. The model’s hyperparameter settings are shown in
Table 3. Due to the constraints of text length and hardware conditions, the batch size was
set to 120. In the preliminary experiments to prevent overfitting, various hyperparameter
combinations were tested. To prevent overfitting and achieve optimal performance, the
optimizer used was Adam, with a learning rate of 1 x 10~#, and the number of epochs was
set to 30.

Table 3. Hyperparameter settings.

Hyperparameter Optimizer Batch Size Learning Rate Epoch
Value Adam 120 1x1074 30

In this study, we did not employ fine-tuning. Instead, we used a contextual learning
approach, which does not suffer from the low generalization issue associated with the
fine-tuning paradigm, where parameters cannot be reused. In this approach, the model
parameters remain frozen, and the input consists of given samples along with data to be
predicted, allowing the model to output the predicted values. Since the model parameters
do not change during this process, there is no need to update them when applying to
downstream tasks, making it effectively applicable to the tasks addressed in this paper.

To evaluate the performance of the proposed approach, this paper uses Vicuna-13B
as the selected LM and compares prompt exemplar selection approaches, including the
following: (1) ZERO SHOT: zero-shot setting. This method supports diverse application
scenarios, but its performance cannot be guaranteed. (2) RANDOM: random sampling
with replacement from the training set D. This method is easy to understand and involves
random sampling, but it still faces challenges in handling complex tasks. (3) BM25 [45]:
TF-IDF-based sparse retrieval method. This method easily handles documents containing
query terms, but it is not good at dealing with semantic relatedness of words. (4) EPR:
prompt exemplar retrieval approach proposed in this paper. To maintain consistency
with existing research [23], this paper uses text-to-SQL task standard evaluation metrics
logical form accuracy (LF) and execution result accuracy (EX) to measure performance. LF
compares the synthesized SQL queries by the model with the actual SQL queries, and its
calculation method is shown in Formulas (1) and (2).

1,5QL" = SQL
Scorejy = { 0,SOL’ £ SOL (1)
Accy = %Zil Scoreff (2)

where SQL’ represents the predicted SQL statement, and SQL represents the true SQL
statement. ACCjs represents the logical form matching accuracy, and N is the total number
of questions.

EX compares the execution result of the generated SQL statement with the correct
answer. Its calculation method is shown in Formulas (3) and (4).

LY =Y
Scoreey = { 0.Y £Y 3)
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N
AccCey = %Z Scorel, 4)
i=1
where Y and Y represent the execution results of the predicted SQL statement and the
execution results of the true SQL statement, respectively, Accyx represent the accuracy of
the execution results, with N being the total number of questions.

Therefore, the experiment comprehensively evaluated the performance of nine tasks,
including the syntax legality of the generated SQL (Syn-SQL), LF, and EX, as well as the
performance of six sub-tasks (SC, SA, WN, WC, WO, and WV). It is important to note that
Syn-SQL is constructed through an exception handling mechanism; that is, if an invalid
statement occurs, the system will throw an exception.

4.2. Experimental Results

The experimental results of various prompt template retrieval strategies on the ESQL
dataset are compared in Table 4. The evaluation of Syn-SQL under the zero-shot condition
is 57.7%, and the legality of each method is significantly improved after injecting exemplars.
In particular, when using the EPR approach, the legality score of SQL reaches 92.6%,
indicating excellent performance of the EPR retrieval strategy in assisting large language
models to improve grammatical correctness. In terms of LF and EX metrics, the EPR
approach also performs well, achieving 23.3% and 35.8%, respectively, surpassing the zero-
shot 20.2% and 27.2% and significantly outperforming other comparative strategies. This
demonstrates that EPR can generate SQL statements that match the query intent. It is worth
noting that although EPR’s LF and EX are lower compared to Syn-SQL, primarily due to
the strong domain-specific nature and complexity of the ESQL and SMI-SQL datasets, this
does not negate the practical benefits it brings.

Table 4. Comparison of prompt retrieval strategies in the ESQL dataset.

Models Syn-SQL LF EX
ZERO SHOT 57.7% 3.1% 8.6%
RANDOM 84.9% 9.8% 13.1%
BM25 88.4% 15.4% 27.6%
EPR(Ours) 92.6% 23.3% 35.8%

Table 5 shows the experimental comparison results of various prompt template re-
trieval strategies on the SMI-SQL dataset. The results indicate that the Syn-SQL score
under zero-shot conditions is 58.6%. However, after injecting exemplars, the legality of
SQL queries significantly improved. Specifically, the proposed EPR strategy achieved the
highest legality score of 95.8%, surpassing other methods significantly. Additionally, the
EPR model demonstrated outstanding performance in LF and EX accuracy evaluations,
reaching 22.4% and 36.2%, respectively, outperforming the random strategy’s 11.9% and
20.9%. This further proves the advantage of the EPR model in generating semantically
accurate SQL queries and demonstrates its robustness across multiple domain-specific
datasets.

Table 5. Comparison of prompt retrieval strategies in the SMI-SQL dataset.

Models Syn-SQL LF EX
ZERO SHOT 58.6% 2.9% 11.0%
RANDOM 87.9% 10.5% 15.3%
BM25 90.5% 17.8% 33.4%
EPR(Ours) 95.8% 22.4% 36.2%

Table 6 presents the comparison results of exemplar retrieval strategies for submod-
ules in the ESQL dataset. Compared to the zero-shot scenario, the exemplar injection
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showed performance improvements for each submodule task. Taking the SC submodule
as an example, the random sampling strategy and BM25 strategy improved by 19.5%
and 37.3%, respectively, compared to zero-shot. The proposed EPR method achieved a
39.5% improvement. The experimental results demonstrate the significant effectiveness of
exemplar injection in improving submodule tasks, especially with the best performance
achieved by the EPR method proposed in this paper. This indicates that the EPR method
can better utilize exemplar information to enhance the performance of text-to-SQL tasks.
The experimental results across different submodule tasks confirm the effectiveness of
exemplar injection and provide valuable insights for further research and improvement.

Table 6. Comparison results of exemplar retrieval prompt strategies for ESQL submodules.

Models SC SA WN WC WO WV
ZERO SHOT 22.3% 28.9% 41.4% 17.6% 24.4% 22.9%
RANDOM 41.8% 33.5% 44.6% 27.4% 36.8% 26.4%
BM25 59.6% 37.6% 49.7% 34.6% 37.4% 27.5%
EPR(Ours) 61.8% 44.5% 52.3% 37.5% 45.8% 34.2%

Table 7 presents the comparison results of exemplar retrieval strategies for submodules
under the ESQL dataset. The results show the performance scores of various exemplar
injection strategies on six text-to-SQL subtasks. In terms of the SC metric, the random
model achieved a score of 53.4% compared to zero-shot, an improvement of 8.1 percentage
points. The BM25 model scored 58.9% on SC, showing an improvement of 13.6 percentage
points compared to zero-shot. On the other hand, the proposed EPR method achieved a
score of 63.5% on SC, showing an improvement of 18.2% compared to zero-shot. In terms
of the SA metric, the random model and the BM25 model achieved scores of 32.9% and
37.4%, respectively, showing improvements of 8.4% and 12.9% compared to zero-shot. The
proposed EPR method, on the other hand, showed an improvement of 19.1%. For the
WN, WC, WO, and WV metrics, the random model, BM25 model, and EPR method all
exhibited varying degrees of performance improvement. Overall, the experimental results
demonstrate that exemplar injection has a significant effect on improving sub-module tasks,
especially with our proposed EPR method showing the best performance across multiple
metrics. This indicates that the EPR method can better utilize exemplar information to
enhance the performance of SMI-SQL tasks.

Table 7. Comparison results of exemplar retrieval prompt strategies for SMI-SQL submodules.

Models SC SA WN WC WO WV
ZERO SHOT 45.3% 24.5% 33.7% 15.6% 20.3% 17.1%
RANDOM 53.4% 32.9% 45.2% 22.8% 32.7% 22.5%
BM25 58.9% 37.4% 47.9% 30.5% 38.9% 27.8%
EPR(Ours) 63.5% 43.6% 50.4% 39.7% 47.5% 33.7%

4.3. Case Analysis

Further qualitatively compare and analyze the impact of zero-shot, random sampling,
BM25, and the proposed EPR strategy exemplar selection on downstream text-to-SQL tasks
by selecting two examples from ESQL and SMI-SQL, respectively. As shown in Table 8§,
under the zero-shot condition, the SQL generated by the ESQL dataset is formatted in a
disorderly fashion, leading to situations where the generated SQL is NOSQL, and it exhibits
a strong degree of randomness, resulting in lower accuracy. In comparison, the random
sampling and BM25 strategies generate SQL with higher relevance to the question after
injecting samples, but there are still errors in predicting submodules such as condition
columns, aggregation functions, etc., leading to SQL errors. However, the proposed EPR
strategy in this paper can better understand the problem, provide high-quality exemplars
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to guide the large language model’s generation, and achieve correct predictions under the
above circumstances.

Table 8. Case analysis of comparative models on the ESQL dataset.

Models Result

Question-1
For an organization with a net profit lower than 4845.59 and a factory reporting a total amount
higher than 1383.54, what is the highest amount of goods replenishment?

SELECT MAX (‘The amount of goods replenishment’) FROM table_2
Golden WHERE ‘The net profit’ < “4845.59” AND ‘The factory reporting total
amount” > “1383.54”

SELECT MAX (‘The amount of goods replenishment”) FROM table_2
ZERO SHOT WHERE ‘Institution” < “4845.59” AND ‘The factory reporting total amount’
> “1383.54” GROUP BY ‘Institution’

SELECT MAX (‘“The amount of goods replenishment’) FROM table_2
RANDOM WHERE ‘The net profit’ < “4845.59” AND ‘The factory reporting total
amount” > “1383.54”

SELECT MAX (‘The amount of goods replenishment’) FROM table_2
BM25 WHERE ‘The net profit’ < “4845.59” OR “The factory reporting total
amount” > “1383.54”

SELECT MAX (‘The amount of goods replenishment’) FROM table_2
EPR(Ours) WHERE ‘The net profit’ < “4845.59” AND ‘The factory reporting total
amount” > “1383.54”

Question-2
What is the total amount of non-current assets due within one year outside of Taizhou City?

SELECT SUM(‘The non-current assets due within one year’) FROM table_5
WHERE ‘City of residence’!="Taizhou”

ZERO SHOT NOSQL

SELECT SUM (‘The non-current assets due within one year’) AS ‘Sum’
FROM table_5 WHERE ‘Province of residence.” = “Taizhou” AND “The

Golden

RANDOM non-current assets due within one year” IS NOT NULL GROUP BY
‘Province of residence’ HAVING ‘Province of residence’ != “Taizhou”
BM25 SELECT SUM (‘The non-current assets due within one year’) FROM
table_5 WHERE ‘City of residence’!="Taizhou”
EPR(Ours) SELECT SUM (‘The non-current assets due within one year’) FROM

table_5 WHERE ‘City of residence’!="Taizhou”

Table 9 presents a comparison of different exemplar retrieval strategies in SMI-SQL.
Similar to ESQL, the model’s output under zero-shot conditions still includes NOSQL and
complex SQL outputs that do not align with the questions. After injecting exemplars using
different strategies, the relevance of the model’s output to the questions is significantly
improved. However, random sampling and BM25 strategies still exhibit some errors
in predicting certain sub-modules. In contrast, the output guided by the EPR strategy
proposed in this paper per-forms well in terms of sub-module logical form and overall SQL
execution result accuracy.

Table 10 presents the case analysis of examples where the proposed EPR method still
fails to correctly parse the ESQL and SMI-SQL datasets. Firstly, the proposed method still
exhibits sub-module prediction errors such as WHERE clause operators and query columns
in text-to-SQL tasks. For instance, in Question-1, the model incorrectly predicted ‘!="as ‘<,
while in Question-3, it made an extra prediction of the query column ‘level code’. For the
simple query in Question 1, the EPR model failed to produce the correct output condition.
This is because the “!=" symbol in Question 1 consists of two character symbols. While
this combination is straightforward for humans to interpret, it poses a challenge for the



Algorithms 2024, 17,278 14 of 18

machine model to recognize the judgment operator composed of two symbols. On the
other hand, when dealing with complex WHERE conditions, the accuracy of SQL results
generated by the model is not satisfactory. As shown in Questions-2 and Questions-4, when
understanding complex questions, the model failed to include conditions like ‘province” =
“Jiangxi” and ‘City” = “Yuanzhou District”. This indicates that even under the guidance of
the EPR method, the large language model still struggles to accurately parse and generate
the corresponding number of WHERE conditions, especially when dealing with semantic
continuity. In most cases, the model parsed fewer WHERE conditions than the actual count,
leading to inaccurate final pre-diction results.

Table 9. Case analysis of comparative models on the SMI-SQL dataset.

Models Result

Question-1
The expansion joint device on the Dongdagou Bridge was evaluated at what time?

SELECT “Evaluation time” FROM evaluate_bridge_part_evaluation

Golden WHERE ‘Bridge name’ = ‘Dongdagou Bridge” AND ‘Bridge component
name’ = “Expansion joint”
ZERO SHOT NOSQL
SELECT “Evaluation time” FROM evaluate_bridge_part_evaluation
RANDOM WHERE ‘Bridge name’ = ‘Dongdagou Bridge” AND “Bridge component

code’ = “Expansion joint”

SELECT SUM (“Evaluation time”) FROM
BM25 evaluate_bridge_part_evaluationWHERE ‘Bridge name” = ‘Dongdagou
Bridge” AND ‘Bridge component name’ = “Expansion joint”

SELECT “Evaluation time” FROM evaluate_bridge_part_evaluation
EPR(Ours) WHERE ‘Bridge name’ = ‘Dongdagou Bridge” AND “Bridge component
name’ = “Expansion joint”

Question-2
The minimum abnormal value collected for anchor cable gauge 28-9 on Yuehai Bridge is how
much?
SELECT MIN (‘The abnormal value collection amount’) FROM
Golden analy_monitor_type WHERE ‘Bridge name” = “Yuehai Bridge” AND

‘Sensor name’ = “Anchor cable gauge 28-9”

SELECT MIN (‘The abnormal value collection amount’) FROM
analy_monitor_type WHERE ‘Bridge code’” = “Yuehai Bridge” AND
‘Sensor code’ = “Anchor cable gauge 28-9” AND ‘The abnormal value
ZERO SHOT collection amount’ < (SELECT MIN(‘The abnormal value collection
amount’) FROM analy_monitor_type WHERE ‘Bridge code” = “Yuehai
Bridge” AND ‘Sensor code’ = “Anchor cable gauge 28-9”) GROUP BY
‘Sensor code’

SELECT MIN (‘The abnormal value collection amount’) FROM
RANDOM analy_monitor_type WHERE ‘Bridge name” = “Yuehai Bridge” AND
‘Sensor code” = “Anchor cable gauge 28-9”

SELECT AVG (‘The abnormal value collection amount’) FROM
BM25 analy_monitor_type WHERE ‘Bridge name’ = “Yuehai Bridge” AND
‘Sensor name’ = “Anchor cable gauge 28-9”

SELECT MIN (‘The abnormal value collection amount’) FROM
EPR(Ours) analy_monitor_type WHERE ‘Bridge name’ = “Yuehai Bridge” AND
‘Sensor name’ = “Anchor cable gauge 28-9”
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Table 10. EPR case analysis.

Dataset Models Result

Question-1
The total number of units for which the Engineering Project Management Index is
not equal to 3959.82 is how many?

SELECT COUNT (‘Company name’) FROM table_4 WHERE ‘the
Engineering Project Management Index” != “3959.82”

SELECT COUNT (‘Company name’) FROM table_4 WHERE ‘the
Engineering Project Management Index’ < “3959.82”

Golden

EPR

Question-2
ESQL In companies located in Jiangxi province with a product inventory turnover rate of
less than 45.42%, how many regions have operating revenues higher than 4730.85
units?
SELECT COUNT (‘Company name’) FROM table_8 WHERE ‘province’

Golden = “Jiangxi” AND ‘The product inventory turnover rate’ < “45.42%"
AND ‘The regional operating income” > “4730.85”

SELECT COUNT(*) FROM table_8 WHERE ‘The product inventory
EPR turnover rate’ < “45.42%"” AND ‘The regional operating income” >

“4730.85” AND ‘province’ =“fiangxi*

Question-3
The status of anchor cable gauge 45-14 of the main bridge (steel-concrete
composite arch bridge) of the Yuehai Bridge is what?

SELECT ‘Sensor status” FROM t_sensor WHERE ‘Bridge name” = “The
Golden main bridge (steel-concrete composite arch bridge) of the Yuehai
Bridge” AND ‘Sensor name’ = “The anchor cable gauge 45-14”

EPR SELECT ‘Grade code’, ‘Sensor status’ FROM t_sensor WHERE ‘Grade
SMI-SQL code” = “45-14” AND ‘Sensor name’ = “The anchor cable gauge”

Question-4
How many very long tunnels are there in Yuanzhou District?

SELECT COUNT (‘Tunnel name’) FROM tunnel_basic WHERE
Golden  ‘Locality” = “Yuanzhou District” AND ‘Tunnel classification” = “Very
long tunnels”
SELECT COUNT(*) FROM tunnel_basic WHERE ‘Tunnel classification”

. eyt “” ”

= “Very long tunnels” =

EPR

4.4. Model Performance

From the experimental results, it is evident that the exemplar retrieval method pro-
posed in this paper achieved excellent performance on both the ESQL and SMI-SQL datasets,
reaching comprehensive optimality. This section will summarize the method’s performance
and, to better illustrate the performance comparison of various strategies, visualize the
experimental results on the two datasets. As shown in Figures 2 and 3, the method pro-
posed in this paper achieved better results than other comparative methods on both ESQL
and SMI-SQL tasks. The proposed strategy retrieval method can select exemplars that
are close to the input question in terms of question type and semantics, thus effectively
guiding the model output. In contrast, the random sampling method randomly selects
exemplars from relevant samples, but its consistency with the current problem cannot be
guaranteed, making its guidance relatively weak. The BM25 retrieval strategy only filters
based on surface semantic relevance, and when the main subject of the problem changes,
the relevance of the selected exemplars may decrease, leading to lower accuracy of the
selected exemplars. The prompt retrieval strategy proposed in this paper relies on the large
language model itself to score each exemplar and retrieves exemplars with high relevance
through comparative learning as input, thus guiding the model output more efficiently
during testing.
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Figure 2. The comparison results of various models on the ESQL dataset.
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Figure 3. The comparison results of various models on the ESQL dataset.

5. Conclusions

This paper proposes a few-shot table QA method based on prompt engineering on
large language models in domain-specific contexts. This method involves restructuring
input using input and output prompt templates for all test data, standardizing the model’s
output, and employing an efficient exemplar retrieval strategy to inject exemplars with the
highest relevance to the current question to guide the large language model output, signifi-
cantly improving accuracy in zero-shot scenarios. We evaluated the proposed method on
the ESQL and SMI-SQL datasets and achieved optimal performance, particularly outper-
forming the compared random sampling strategy and BM25 strategy.
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