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In real-world database applications, SQL statements written by users often create performance bottlenecks
because they violate best-practice rules. Traditional rule-based detectors have limited ability to recognize diverse
and increasingly irregular statements and are costly to maintain. To address this, we propose SLQ, a two-stage
intelligent SQL optimization framework. First, a lightweight stacked-LSTM module pinpoints problematic
statements; then a pre-trained large language model, Qwen3, automatically generates explanations for each
flaw and offers targeted rewrite suggestions, helping users quickly improve query quality. Evaluated on a
standard dataset, SLQ achieves accuracy, precision, recall and F1 of 0.9841, 0.9974, 0.9702 and 0.9836 respectively,
demonstrating superior detection and optimization capability and markedly enhancing SQL compliance and
execution efficiency.
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1. Introduction

In the widespread practice of database applications, ensur-
ing that user-submitted query statements adhere to specifi-
cations and possess good execution efficiency constitutes
one of the core challenges for guaranteeing system perfor-
mance and stability. Non-compliant SQL statements (e.g.,
full table scans without indexes, redundant subqueries,
or excessive nesting) frequently occur in online business
scenarios, often leading to query response delays, surging
resource consumption, and even triggering systemic per-
formance fluctuations [1]. According to public operations
reports, over 60% of online slow queries can be attributed to
non-standard writing practices at the statement level, with
a significant performance degradation event occurring on
average every minute [2]. Such problematic statements typ-
ically stem from developers’ insufficient understanding of
database execution mechanisms or a lack of unified coding
standards, causing query plans to fail in utilizing indexes

and generating substantial intermediate results, ultimately
impeding critical business processes.

Traditionally, preventing such non-compliant state-
ments primarily relies on pre-defined signature matching
(e.g., regular expressions), static code analysis, among other
methods. While capable of intercepting known problem-
atic patterns, these approaches exhibit significant limita-
tions: they struggle to comprehensively adapt to the highly
varied forms of user input (including complex, variant,
or unintentionally malformed constructions); maintaining
extensive predefined rule libraries is costly; furthermore,
when confronted with structurally complex or emerging
non-compliant query patterns, their detection accuracy and
efficiency are often inadequate. This is particularly evident
in complex modern web application interaction scenarios,
where updates to predefined rules frequently lag behind
newly emerging non-compliant input patterns.

In recent years, machine learning and deep learning
technologies have demonstrated substantial potential in
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the fields of pattern recognition and anomaly detection [3–
6]. Their core value lies in the ability to automatically learn
normative interaction patterns and identify deep-seated
deviation regularities directly from massive volumes of
raw user query data, without relying entirely on manually
predefined exhaustive rule sets. This presents a new oppor-
tunity to address the limitations of traditional methods in
identifying non-compliant input statements for databases.

Ensuring the normative quality of SQL query statements
submitted by users (or applications) represents a core chal-
lenge in safeguarding database performance and stability.
Numerous techniques have been developed to identify and
intercept non-compliant or malformed SQL input state-
ments, which can be broadly categorized into two classes:
rule-based syntactic normative checking methods, and ma-
chine learning-based and deep learning-based normative
identification methods.

The core of rule-based syntactic normative checking
methods lies in pre-defining a set of rules to determine
whether a user-input SQL statement conforms to the ex-
pected correct format. Typically, these rules are derived
from manual analysis of historically problematic non-
compliant statements [7]. As one of the early represen-
tative solutions, AMNESIA [8] pioneered a hybrid detec-
tion mechanism combining static source code analysis with
dynamic runtime monitoring (e.g., SQL query intercep-
tion) to counter non-compliant SQL input. Modern static
analysis-based detection approaches often leverage regu-
lar expressions [9] to perform real-time inspection of traf-
fic at the proxy layer, identifying queries with structural
anomalies or those containing known non-compliant pat-
terns. Similarly, Kini et al. [10] proposed a framework
integrating the BCRYPT hash algorithm with the efficient
Aho-Corasick multi-pattern matching algorithm. Herein,
the Aho-Corasick algorithm, by pre-storing a vast num-
ber of known, typical non-compliant patterns (including
common SQL non-standard structures) within a tree data
structure, significantly enhances the efficiency of rapidly
screening input streams for these non-compliant statement
features. Gu et al. [11] proposed a hierarchical detection
method that, targeting different types of structural anoma-
lies, utilizes database response information to construct a
multi-level regular expression rule set, identifying severely
non-compliant input statements through a layered filter-
ing approach. However, such rule-based methods suffer
from fundamental limitations: they heavily rely on pre-
defined pattern libraries, leading to insufficient capability
in identifying novel, complex, or inadvertently generated
non-compliant statements that users continuously create
and evolve [12]; the maintenance burden of the rule library

is heavy, and these methods struggle to adaptively under-
stand the root cause of statement anomalies to provide
repair guidance.

By contrast, Machine Learning (ML) and Deep Learn-
ing (DL) techniques can automatically learn deep-seated
features and pattern differences from massive volumes of
user input query samples (including both compliant and
non-compliant statements), offering better generalization
potential and the ability to identify unknown or variant
non-compliant structures. These methods learn the intrin-
sic characteristics of non-compliant statements from sam-
ples and generalize this knowledge to unseen SQL queries.
Gandhi et al. [13] proposed a hybrid CNN-BiLSTM model
for learning to identify potentially non-compliant queries,
which provided an accuracy of approximately 98% com-
pared to other machine learning algorithms. Ahmed et
al. [14] utilized Natural Language Processing (NLP) tech-
niques (such as Bag-of-Words) to process query text, com-
bined with ensemble learning algorithms (like Random For-
est) to train models for normative classification of queries,
and their study also compared the classification effective-
ness of models including Decision Trees, Naive Bayes, Sup-
port Vector Machines (SVM), and KNN. Tripathy et al. [15]
created a dataset by collecting and combining numerous
smaller datasets and trained seven machine learning mod-
els (Decision Tree, AdaBoost, Random Forest, Optimized
Linear, Linear Neural Network, Deep Artificial Neural Net-
work, and Boosted Tree Classifier), with results indicating
that the Random Forest classifier outperformed all others
in distinguishing compliant from non-compliant queries.
Kasim et al. [16] designed a method using the Decision
Tree algorithm to detect normative queries, which achieved
98% accuracy in the binary classification task and 92% accu-
racy in a three-class task categorizing the severity level of
non-compliance into ’simple’, ’unified’, and ’lateral’. Tang
et al. [17] effectively identified statement structural devia-
tions by extracting high-dimensional features from query
samples and using an MLP as the classifier. Sommervoll et
al. [18] innovatively modeled query compliance checking
as a Markov Decision Process (MDP), employing reinforce-
ment learning to train an agent for automated optimization
of non-compliant statement identification. FAOOQ [19]
also extracts key features from text statistics: it encodes a
query statement into a 21-dimensional feature vector by
calculating the total frequency of key features like special
characters and applies ensemble learning techniques for
detection. Zhou et al. [20] proposed a method integrating
an LSTM network with syntactic parse trees, which first
traverses the syntactic parse tree using a depth-first search
algorithm to convert its structure into a numerical sequence,
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then leverages the LSTM to extract deep temporal features
from these sequences for classification.

Despite the respective advancements of the two classes
of methods—with rule-based methods having clear inter-
pretability and ML/DL-based methods achieving contin-
uous progress in recognition accuracy and generalization
capability—the primary focus of existing research remains
centered on determining whether an input statement is
"non-compliant". A critical component is lacking: inter-
vention for non-compliant statements. This significantly
limits the system’s capacity for "autonomous optimization"
of user input queries, leaving the repair process heavily re-
liant on manual analysis and diagnosis. To address this gap,
we propose the SLQ (Stacked-LSTM Qwen) framework, a
two-stage framework specifically designed for inspecting
user input, identifying non-compliant SQL statements, and
providing autonomous optimization solutions. Its two-
stage design (detection + autonomous optimization) not
only identifies non-compliant statements but also focuses
on endowing the system with the ability to "understand
the root cause of problems" and "autonomously repair and
optimize", thereby addressing the limitations of existing
methods.

Faced with massive volumes of user-generated, often
highly homogeneous non-compliant queries, the ability to
promptly identify and understand the root causes of non-
compliance, thereby automatically providing optimization
or remediation suggestions, would significantly reduce po-
tential losses and enhance system self-healing capabilities.
Many existing methods primarily focus on passively de-
termining compliance status, lacking in-depth analysis of
why a specific query statement is non-compliant and cor-
responding guidance on how to rectify it. To address this
gap, we propose the SLQ (Stacked-LSTM Qwen) frame-
work, a two-stage framework specifically designed for in-
specting user input, identifying non-compliant SQL state-
ments, and providing autonomous optimization solutions.
The SLQ framework comprises a Detector and a Repairer.
We designed a lightweight Detector based on a Stacked
Long Short-Term Memory (Stacked-LSTM) network, which
achieves high recognition accuracy for non-compliant state-
ments while efficiently processing massive query data. The
Repairer integrates Keras’ Tokenizer with the pre-trained
large language model Qwen3. When the Detector iden-
tifies a user-input query statement as non-compliant, the
Repairer automatically conducts an in-depth analysis of the
underlying reasons for its non-compliance. It then intelli-
gently generates the rationale for classifying the statement
as non-compliant, along with specific, actionable optimiza-
tion suggestions and vulnerability remediation plans, as-

sisting developers in swiftly implementing corrections and
achieving autonomous optimization.

In summary, the key contributions of this paper are as
follows:

This paper proposes a two-stage autonomous SQL opti-
mization framework, SLQ, which achieves efficient and ac-
curate identification of non-compliant queries while provid-
ing autonomous optimization solutions, thereby promptly
mitigating potential losses.

This paper proposes a high-precision, lightweight
method for detecting standard SQL statements, effectively
enhancing detection performance.

Compared to existing SQL detection methods, the SLQ
framework achieves a higher detection rate on public
datasets and automatically provides specific and reason-
able repair suggestions.

2. Methodology

2.1. System Architecture

The proposed SLQ framework adopts a modular design,
comprising two core modules: the Detector and the Re-
pairer. As illustrated in Fig. 1, the overall workflow of the
SLQ framework is as follows: Upon receiving a query state-
ment, SLQ first utilizes the LSTM-based Detector to screen
the statement. If the statement is classified as compliant,
the Qwen3-based Repairer is not activated. If the statement
is identified as a non-compliant query, the built-in Keras
Tokenizer class is employed to generate corresponding to-
kens from the original SQL query string. Subsequently, the
Qwen3 model leverages these tokens to generate a detailed
rationale for the non-compliant classification, alongside
actionable suggestions for statement optimization, thereby
assisting the user in promptly identifying and rectifying
deficiencies.

Fig. 1. Schematic Diagram of the SLQ Framework.
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2.2. Detector Design

This paper proposes a normative SQL query detector
based on an improved Stacked Long Short-Term Mem-
ory (LSTM) network architecture. The design objective
of this detector is to efficiently and accurately identify
non-compliant SQL queries within database operations,
thereby providing support for database performance opti-
mization. The input to the entire model is a preprocessed
sequence representing the SQL query statement. This
sequence first passes through an embedding layer, then
through a multi-layer LSTM structure to extract semantic
features from the statement, and finally through a fully con-
nected layer to perform binary classification of the query
statement—determining whether the statement is a normal
query or a non-compliant query.

Assume an input sequence X = [x1, x2, · · · , xT ] where T
is the maximum sequence length and xi is the word index.
A pre-trained word embedding matrix We ∈ R(V+1)×d

(where V is the vocabulary size and d is the embedding
dimension) maps the discrete symbols in X to dense vector
representations.Specifically, the model input is a sequence
representing the SQL query statement, containing the max-
imum sequence length and word indices. To transform
these discrete symbols into dense vectors processable by
the model, we utilize a pre-trained word embedding matrix.
This matrix, with dimensions of vocabulary size multiplied
by embedding dimension, maps each word index into a
fixed-dimensional vector space, thereby capturing seman-
tic relationships between words:

E = Embedding(X) = [wx1 , wx2 , . . . , wxT ] (1)

Following the embedding layer, we introduce a Spatial-
Dropout1D mechanism. This serves as a regularization
technique that randomly masks entire feature channels
with a certain probability to reduce the model’s reliance on
specific input features, thereby mitigating the risk of overfit-
ting. This method is particularly well-suited for processing
sequential data, as it effectively weakens co-occurrence
noise between features and enhances the model’s general-
ization capability:

E′ = SpatialDropout1D(E, 0.3) (2)

Subsequently, a three-layer bidirectional LSTM architecture
is employed to progressively extract contextual features.
Bidirectional LSTM is a specific variant of the LSTM struc-
ture that incorporates both forward and backward LSTM
layers, enabling the simultaneous consideration of both
preceding and subsequent context for each element in the
sequence. Following each LSTM layer, a Batch Normaliza-
tion layer and a Dropout layer are inserted to accelerate

model convergence and further suppress overfitting. The
output dimensionality of the first bidirectional LSTM layer
is 256, and similarly, the output dimensionality of each sub-
sequent layer is also 256, ensuring consistent information
flow between layers. The hidden state calculation formula
for the LSTM layer can be expressed as:

→
h(k)t ,

←
h(k)t = BiLSTM(k)

(
H(k−1)

t

)
(3)

During the computation of the first bidirectional LSTM
layer, the output dimensionality for each subsequent layer
is 256. Batch Normalization and Dropout layers (Dropout
rate = 0.5) are inserted between the layers to accelerate
convergence and suppress overfitting.

H(k) = Dropout

 BatchNorm(
operatornameBiLSTM(k)

(H(k−1))

) (4)

Following processing by the LSTM layers, the output
features are passed through a fully connected layer with
256 dimensions. This layer utilizes the ReLU (Rectified
Linear Unit) activation function to introduce non-linearity,
enabling the model to learn more complex feature represen-
tations.The LSTM output features hfinal are processed by a
256-dimensional fully connected layer followed by ReLU
activation:

z = ReLU(Wdhfinal + bd) (5)

Finally, unnormalized probabilities are obtained through a
Sigmoid output layer:

ŷ = σ(wT
o z + bo) (6)

The binary cross-entropy loss is minimized based on the
Adam optimizer:

L = − 1
N

N

∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] (7)

Where N is the number of samples, and yi ∈ 0, 1 is the true
label.

2.3. Repairer Design

When the detector of the SLQ framework identifies a non-
standard SQL query, these queries are passed to the Text
Tokenizer module for further processing. In this process,
we utilize the built-in Tokenizer class from the Keras library,
which is a powerful tool specifically designed for convert-
ing textual data into a format processable by models. The
Tokenizer works by splitting the input string based on
spaces and other delimiters, thereby generating an ordered
token sequence denoted as , where represents a fundamen-
tal semantic unit in the input. A token is a basic semantic



Journal of Applied Science and Engineering 30 (2026) 26030025 5

unit in the text, which can be a word, a punctuation mark,
or a special character. The Tokenizer is modified to ac-
commodate SQL’s structural features. Key configuration
parameters and rules are defined as follows:

• Sequence Truncation/Padding: We calculated the
length distribution of all SQL statements (mean: 32
tokens, 95th percentile: 58 tokens) and set the maxi-
mum sequence length to 58. Statements longer than
58 tokens are truncated from the end (to preserve the
initial syntax structure like SELECT ... FROM), while
shorter ones are padded with ⟨PAD⟩ at the end.

• Case Sensitivity: The lower parameter is set to False
(SQL keywords are case-insensitive in practice, but we
unify them to uppercase during preprocessing to en-
sure consistent tokenization—e.g., select and SELECT
are both converted to SELECT before tokenization).

After the token sequence is generated, these tokens are
fed into the Qwen3 large language model. Qwen3 is a
pre-trained large language model that has been trained on
massive text data, equipping it with profound language
understanding and generation capabilities. At this stage,
the core task of Qwen3 is to perform detailed analysis and
reasoning on the non-standard SQL query to accurately
diagnose the underlying causes of its non-conformance.

By thoroughly parsing the semantic structure and intent
of the input token sequence, Qwen3 can identify the issues
within the query statement. For instance, it can detect im-
plicit type conversion issues in the SQL query, which might
cause the database management system to forgo using in-
dexes, thereby increasing query time. Furthermore, Qwen3
can identify full table scan problems caused by the use of
SELECT * statements. This operation leads the database to
return unnecessary columns, increasing network I/O and
table lookup operations, further reducing query efficiency.

Taking the example in the diagram, the original query
SELECT * FROM orders WHERE user_id = 12345 exhibits
the two aforementioned issues. Firstly, the value for the
user_id field is not enclosed in quotes, potentially leading
to implicit type conversion. Secondly, the SELECT * state-
ment causes the database to return all columns from the
orders table, rather than only the required ones.

After completing the diagnosis of the statement, Qwen3
generates specific optimization suggestions based on its
built-in structured knowledge base. In the example above,
Qwen3 suggests rewriting the query as SELECT order_id,
amount, pay_time FROM orders WHERE user_id = ’12345’.
This revision offers two main benefits: firstly, by specifying
explicit column names, it reduces the reading of unnec-
essary columns, thereby lowering network I/O and table

lookup operations; secondly, by enclosing the user_id value
in quotes, it avoids implicit type conversion, allowing the
database to utilize indexes and consequently improving
query efficiency.

In summary, through the collaborative work of the Text
Tokenizer module and the Qwen3 large language model,
the SLQ framework can accurately diagnose non-standard
SQL queries and provide concrete, actionable optimization
solutions, thereby significantly enhancing the efficiency
and performance of database queries.

3. Results and discussion

3.1. Dataset Introduction

We collected publicly available datasets for non-standard
SQL statement detection from competition platforms such
as Kaggle and aggregated them to create a benchmark
dataset. This dataset contains a total of 148,326 SQL state-
ments, comprising both non-standard SQL queries (such
as full table scans without indexes and redundant sub-
queries) and standard SQL queries. It is divided into 92,165
non-standard statements (62.1%) and 56,161 standard state-
ments (37.9%). Each statement has only one classification
label (yes or no). We categorized non-standard statements
into 3 types (syntax-level, logic-level, performance-level)
based on their root causes, with specific examples for each
type (see Table 1). This classification helps clarify the
dataset’s coverage and ensures alignment with common
SQL optimization pain points.

We split the benchmark dataset into training and valida-
tion sets in an 8:2 ratio. Examples of one non-standard and
one standard statement are shown below:

Non-standard statement: select * from users where id =
1 or ",." or 1 = 1 – 1

Standard statement: SELECT * FROM depend WHERE
escape = mice

Furthermore, during dataset construction, we per-
formed a comprehensive data preprocessing pipeline in-
cluding "URL Decoding - Repetitive Space Removal -
Empty/Duplicate Statement Removal". The specifics are
as follows:

URL Decoding: As we collected public datasets from
multiple different creators, some datasets contained SQL
statements that had undergone URL encoding. Directly
mixing URL-encoded statements with unprocessed state-
ments for the detector to learn from could impair the de-
tector’s normal operation by causing it to learn incorrect
lexical semantics. Therefore, we used Qwen3 to filter all
statements, identifying those potentially containing URL
encoding. Qwen3 provided the decoded results, which
were then manually reviewed.
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Table 1. Categories and Examples of Non-Standard SQL Statements.

Category Description Example SQL Statement
Syntax-Level No quotes for string-type conditions, causing index failure, SELECT * FROM products

or retrieves unnecessary columns, increasing I/O WHERE price > 100
Logic-Level Unnecessary nested subqueries, wasting resources, SELECT * FROM customers WHERE

or prevents index usage, leading to full-table scan age > 30 OR city = ’Beijing’
Performance No index on filtered columns, slowing query, SELECT * FROM users, orders
-Level or risk of Cartesian product, increasing data transfer WHERE users.id = orders.user_id

Repetitive Space Removal: The initially preprocessed
dataset contained numerous SQL query statements with
repeated spaces. For instance, the aforementioned non-
standard example statement, before processing, was select
* from users where id = 1 or ",." or 1 = 1 – 1 and contained
excessive repeated spaces. Although repeated spaces do
not affect visual observation and judgment by humans,
they could introduce additional noise into the detector’s
decision-making process and the repairer’s analysis and
suggestion process. We used Python scripts to automati-
cally replace repeated spaces with a single space, thereby
achieving repetitive space removal.

Empty/Duplicate Statement Removal: Some statements
might become duplicates of others in the dataset after the
aforementioned preprocessing steps. Therefore, we placed
the "Empty/Duplicate Statement Removal" preprocessing
step as the final stage and used Python scripts to automati-
cally remove duplicate and empty statements.

3.2. Experimental Platform and Metrics

The deep learning server platform used in this study is
equipped with an Intel Xeon Platinum 8336C CPU @
2.30GHz, 128 GB of memory, and an Nvidia RTX 4090
graphics card. The experiments were conducted on an
Ubuntu 22.04 operating system and relied on Anaconda
(version 24.5.0) to build the Python (version 3.9.21) ex-
perimental environment. The open-source tool llama.cpp
was used to quantize and accelerate the locally deployed
Qwen3-8B model. This study employs Accuracy, Precision,
Recall, and F1-score as evaluation metrics. The specific
calculation formulas are as follows:

Accuracy =
TP + TN

N
(8)

Precision =
TP

TP + FP
(9)

Recall =
TP

TP + FN
(10)

3.3. Comparative Experiments

We conducted a systematic comparison between Stacked-
LSTM (the detector of the proposed SLQ framework) and
eight open-source algorithms from the Kaggle platform

on the collected SQL benchmark dataset, aiming to com-
prehensively evaluate the performance of different models
in detecting non-standard SQL queries. The experimental
results are shown in Table 2, where the best performance
for each evaluation metric is indicated in bold.

The data in Table 2 provides a comprehensive analysis of
the Stacked-LSTM model’s performance on the benchmark
dataset, revealing its significant advantages across multiple
key metrics. Firstly, the Stacked-LSTM model achieved an
accuracy of 98.41%. This figure is not only impressive but
also 0.69 percentage points higher than the 97.72% accu-
racy of the next best model, XGBoost. This indicates that
Stacked-LSTM is more reliable in identifying samples of
the correct category and can more effectively distinguish
between non-standard and standard SQL queries.

Secondly, the Precision of Stacked-LSTM reached
99.74%, which is 1.00 percentage point higher than the
98.74% of the traditional CNN model. This improvement
in Precision significantly reduces the risk of false positives,
meaning fewer instances of standard statements being in-
correctly identified as non-standard. This is crucial for
database management systems as it reduces unnecessary
query optimizations, thereby saving resources and improv-
ing efficiency.

Recall is another important metric for assessing model
performance, and Stacked-LSTM also excelled in this as-
pect, achieving 97.02%. This surpasses the Recall of Ran-
dom Forest (96.02%) and AdaBoost (95.23%). This result
verifies that Stacked-LSTM has a stronger capability in cap-
turing target samples, meaning it can more effectively iden-
tify all non-standard queries without missing too many.

It is particularly noteworthy that the F1-score of Stacked-
LSTM reached 98.36%, which is 1.07 percentage points
higher than the 97.29% of the single-layer LSTM. The F1-
score is the harmonic mean of Precision and Recall, and
this improvement demonstrates that the stacked architec-
ture of Stacked-LSTM is more effective in extracting se-
quential features. Compared to the baseline model Naive
Bayes, Stacked-LSTM’s F1-score represents a performance
improvement of nearly 10 percentage points.

Furthermore, while achieving ultra-high Precision
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Table 2. Performance Comparison of the SLQ Framework Detector (Stacked-LSTM) and Other Models on the Benchmark
Dataset.

Model Accuracy Precision Recall F1-Score
Naive Bayes 0.8814 0.8802 0.8951 0.8876
Decision Trees 0.9215 0.9183 0.9205 0.9187
SVM 0.9438 0.9412 0.9395 0.9402
CNN 0.9662 0.9874 0.9475 0.9671
AdaBoost 0.9681 0.9863 0.9523 0.9689
LSTM 0.9701 0.9891 0.9573 0.9729
Random Forest 0.9774 0.9964 0.9602 0.9779
XGBoost 0.9772 0.9933 0.9629 0.9779
Stacked-LSTM 0.9841 0.9974 0.9702 0.9836

(99.74%), the Stacked-LSTM model also maintained a high
Recall (97.02%). This balance is critically important for
practical applications. It ensures an extremely low false
positive rate (only 0.26% false positives) while maintain-
ing a true positive coverage rate of over 97%. This means
the model can reduce false alarms while simultaneously
ensuring that the majority of truly non-standard queries
are correctly identified.

In summary, the Stacked-LSTM model comprehensively
surpasses current mainstream models across key perfor-
mance metrics. This overall superiority highlights the prac-
tical value and deployment potential of Stacked-LSTM for
the task of identifying non-standard SQL queries. These
advantages position Stacked-LSTM as a powerful tool that
can assist database administrators and developers in more
effectively identifying and optimizing query statements,
thereby enhancing the overall performance and stability of
databases.

Fig. 2a illustrates the changes in the accuracy of the
Stacked-LSTM model on both the training and validation
sets as the number of training epochs increases. The graph
shows that within the first 5 epochs, the accuracy for both
sets exhibits a rapid upward trend. This indicates that
during the initial training phase, the Stacked-LSTM model
effectively learns and captures the underlying patterns of
non-standard features in the SQL statements, leading to a
significant performance improvement. However, a critical
turning point occurs at the 5th epoch. The validation ac-
curacy experiences a sharp decline, dropping to a range
around 0.75, which represents a decrease of over 15 percent-
age points compared to the previous peak. This significant
drop suggests that the model begins to suffer from a degra-
dation in generalization capability at this stage, meaning it
overfits the training data while its adaptability to unseen
validation data deteriorates.

Fig. 2b depicts the changes in the loss values for the
training and validation sets throughout the training pro-
cess. Corresponding to the accuracy trend, the loss values

Fig. 2. a. Accuracy performance of the Stacked-LSTM
model during training, showing the variation of training

and validation accuracy across epochs. b. Loss
performance of the Stacked-LSTM model during training,

showing the variation of training and validation loss
across epochs. c. ROC AUC curve of the Stacked-LSTM

model, demonstrating the classification performance of the
model, with an AUC value of 0.99. d. Confusion matrix of

the Stacked-LSTM model, presenting the classification
results of the model on the test set.

for both sets show a rapid decrease in the initial epochs.
This demonstrates the model gradually adapting to the
training data and effectively identifying non-standard pat-
terns in the SQL statements. However, at the 5th epoch,
coinciding with the turning point in the accuracy curve,
the validation loss suddenly exhibits severe oscillations.
These pronounced oscillations further reveal issues with
the model’s generalization ability at this phase. While the
model continues to optimize on the training set, its perfor-
mance on the validation set becomes unstable, indicating
potential overfitting to the training data and an inability to
generalize effectively to new, unseen data, thereby impact-
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ing the model’s overall performance and stability.

This abrupt fluctuation potentially stems from two
causes: Firstly, specific batches within the validation set
might contain adversarial samples or novel types of non-
standard SQL queries that exposed vulnerabilities in the
model at that specific training stage. Secondly, a temporary
distribution shift might have occurred between the train-
ing data and the validation set at that particular epoch. It
is noteworthy that the model demonstrated excellent self-
correction capability: after the fluctuation, it required only
2-3 epochs to rapidly recover and converge again. Ulti-
mately, both the training and validation accuracy stabilized
at a high plateau above 0.95, while the loss values concur-
rently converged to a low-risk range near 0.1. Collectively,
this indicates that although the Stacked-LSTM exhibited
a brief period of vulnerability during mid-training, it ul-
timately demonstrated robust feature learning capability
and stability.

Fig. 2c clearly displays the Receiver Operating Char-
acteristic (ROC) curve of the Stacked-LSTM model. The
shape of this curve is near-perfect, and the Area Under the
Curve (AUC) value reaches 0.99. This high AUC value
indicates that the Stacked-LSTM model demonstrates ex-
ceptional accuracy in distinguishing between standard and
non-standard SQL queries. In the field of machine learn-
ing, the ROC curve is a crucial tool for evaluating the per-
formance of binary classification models. It reflects the
model’s classification capability by plotting the relation-
ship between the True Positive Rate and the False Positive
Rate. The high AUC value of the Stacked-LSTM model
signifies that, regardless of the threshold setting, the model
maintains an excellent True Positive Rate while keeping the
False Positive Rate at a very low level. This demonstrates
that the model can very effectively identify non-standard
SQL statements in practical applications, thereby provid-
ing strong support for database security and performance
optimization.

Fig. 2d presents the confusion matrix of the Stacked-
LSTM model. This matrix provides a detailed view of the
model’s classification performance on the test set. A con-
fusion matrix is a tool used to evaluate the performance
of classification models; it visually reflects the model’s ac-
curacy by showing the relationship between the model’s
predictions and the actual labels. In the confusion matrix
of the Stacked-LSTM model, the counts for both True Pos-
itives (correctly identified non-standard statements) and
True Negatives (correctly identified standard statements)
are very high. This indicates that the model can accurately
classify SQL statements in the vast majority of cases. Con-
currently, the counts for False Positives (incorrectly iden-

tifying standard statements as non-standard) and False
Negatives (incorrectly identifying non-standard statements
as standard) are relatively low. This low misjudgment rate
further validates the high efficiency and reliability of the
Stacked-LSTM model in handling the task of SQL statement
optimization. These results show that the model not only
accurately identifies non-standard SQL statements but also
effectively avoids misjudgments while maintaining high ac-
curacy, thereby providing reliable assurance for the stable
operation and performance optimization of databases.

3.4. Case Study

Fig. 3 demonstrates the application effectiveness of the
SLQ framework in optimizing SQL queries. This frame-
work can identify non-standard SQL statements that lead
to low query efficiency and provide targeted optimization
suggestions.

Fig. 3. SLQ Framework Case Study.

In the first case, the SLQ framework processed a com-
plex subquery statement involving a time-range query. The
original query performed a grouping operation on the en-
tire orders table before applying the time filter condition.
This approach is inefficient because it scans the entire table
before applying the filter, resulting in the processing of a
large amount of unnecessary data.

The SLQ framework identified this issue and proposed
an optimization. It recommended moving the time filter
condition outside the subquery, thereby allowing the index
on the create_time field to be utilized before the grouping
operation. Furthermore, the framework suggested using
the DATE_FORMAT function for time formatting instead
of performing the grouping within the subquery, as the
formatting operation does not interfere with index usage.
Through these optimizations, the query can significantly
reduce the amount of data scanned and accelerate the query
process.

The second case involved a query statement with multi-
ple conditions. The original query used multiple OR con-
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ditions, which can prevent the database optimizer from
effectively utilizing composite indexes, as OR conditions
often cause the optimizer to abandon index usage in favor
of a full table scan.

The SLQ framework identified this problem and sug-
gested splitting the original query into multiple subqueries,
using UNION ALL to combine the results. This allows each
subquery to independently leverage the indexes on the
brand and price fields. In this way, the query can utilize in-
dexes more effectively, thereby improving query efficiency.

The final case was a query involving multi-table joins.
The original query used implicit joins, which can lead to
performance issues because implicit joins might be inter-
preted as Cartesian products, resulting in significant data
transfer and table lookup operations.

The SLQ framework highlighted this issue and recom-
mended replacing the implicit joins with explicit JOIN syn-
tax. This not only improves the readability of the query
but also avoids accidental Cartesian products. Addition-
ally, the framework suggested selecting only the necessary
columns instead of using SELECT *, which reduces the
amount of data transferred and the number of table lookup
operations, further enhancing query efficiency.

Through these cases, we can observe the effectiveness
of the SLQ framework in optimizing SQL queries. It can
not only identify non-standard SQL statements that cause
low query efficiency but also provide specific optimization
suggestions. These suggestions include moving time filters
to utilize indexes, splitting queries to leverage indexes, us-
ing explicit JOIN syntax, and selecting necessary columns.
By implementing these optimizations, the SLQ framework
significantly improves query efficiency and database per-
formance, thereby providing strong support for the stable
operation and performance optimization of databases.

3.5. Hyperparameter Optimization

To justify the hyperparameter settings of the Stacked-LSTM
Detector, we conducted experiments and visualized the
results in Fig. 4, evaluating three key hyperparameters:

• Number of Layers: Tested values were 2, 3, and 4. As
shown in the left subplot, accuracy peaks at 3 layers
(98.41%), indicating 3 layers are optimal for capturing
hierarchical features of SQL queries.

• Dropout Rate: Tested values were 0.1, 0.3, and 0.5.
The middle subplot shows a Dropout rate of 0.3 bal-
ances regularization and performance, maintaining
high accuracy while preventing overfitting.

• Learning Rate: Tested values were 0.0001, 0.001, and
0.01. The right subplot demonstrates 0.001 is optimal,

as it achieves the highest accuracy without causing
instability or slow convergence.

The current setting (3 layers, Dropout rate 0.3, learning
rate 0.001) is thus validated as the optimal combination
through this grid search and visual analysis.”

Fig. 4. Influence of hyperparameters on Stacked-LSTM
accuracy.

3.6. Evaluations on small database

Due to the fact that the benchmark dataset only contains
query statements, it is not possible to conduct actual op-
timization quality assessment. To quantify the effective-
ness of the optimization suggestions, we conducted experi-
ments on a small-scale database with 8 tables (user_info, or-
der_details, product_catalog, etc.) containing 5,000-10,000
records each. From the original dataset (Section 3.1), 100
non-compliant queries were selected and adapted: their
table/column names were modified to align with the small
database’s schema, while structural issues (e.g., full table
scans, implicit type conversion) were retained.

The experiment was conducted on a hardware platform
equipped with an Intel Core i7-12700H processor, 32GB
of random-access memory (RAM), and a 1TB solid-state
drive (SSD); for the software environment, the MySQL
8.0 database management system (with InnoDB as the
storage engine) was adopted, and the entire experimen-
tal process was monitored using MySQL Workbench. Per-
formance tests conducted on the adapted queries demon-
strated significant improvements across key performance
metrics following optimization: the average execution time
of the adapted queries decreased from 420 ms in the pre-
optimization phase to 256 ms in the post-optimization
phase, achieving a 39% reduction in latency, while CPU
utilization dropped from 58% (pre-optimization) to 32%
(post-optimization), effectively reducing the consumption
of computing resourcesṪhese results collectively validate
the practical value of the proposed optimization recommen-
dations, providing a feasible empirical basis for enhancing
the performance of database queries.

Performance gain analysis of model integration were
conducted on the same small-scale database. The test set
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Table 3. Performance Gain Analysis of Model Integration.

Scenario Detection Suggestion AvgTime(ms) Suggestion Accuracy
Only Qwen3 No Yes 277 97.3%

Only Stacked-LSTM Yes No 59 -
SLQ Yes Yes 227.6 98.7%

included 1,00 adapted queries (40% compliant, 60% non-
compliant) from the small database. The scenarios and
results are shown in Table 3. The average processing time
per query for SLQ is 227.6ms. Although it is inferior to
Stacked-LSTM, it has achieved effective SQL statement
optimization functionality. Only Qwen3 lacks statement
filtering, which tends to cause over-generation of sugges-
tions, so the accuracy of its suggestions is not as high as
that of SLQ.

4. Conclusion

This study proposes a modular SQL autonomous optimiza-
tion framework named SLQ, whose core involves the col-
laborative operation of a Stacked-LSTM detector and a
Qwen3-based repairer. The workflow of the SLQ frame-
work is designed as follows: the detector first identifies
the input query statements, triggering the repair process
only for suspicious statements; at this point, the Tokenizer
converts the original statement into tokens, based on which
Qwen3 intelligently generates the rationale for classifying
the statement as non-standard, along with optimization
and repair suggestions, to assist users in reinforcing de-
fenses. Experimental analysis shows that SLQ provides a
lightweight and responsive solution for the stable operation
of databases. Its capabilities in accurate statement iden-
tification and intelligent repair suggestions significantly
enhance the autonomous optimization level of database
systems when dealing with non-standard query inputs.

In the future, we will focus on optimizing the efficiency
of suggestion generation. We will integrate a lightweight
prefix tuning module in Qwen3 to reduce the number of
parameter updates during the recommendation generation
process. The goal is to reduce the average generation time
from 150ms while maintaining a suggestion error rate of
less than 1.5%.
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