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Abstract. The compliance verification of operating vehicles, also known as the verification of compliant 
vehicles, is a crucial link in ensuring road transportation safety. However, the traditional manual interpretation 
of the complex remarks in the announcement of compliant vehicle models suffers from low efficiency and 
is prone to errors. Therefore, this study proposes a multi-level intelligent text matching (MLITM) system 
framework to automatically determine whether text fragments comply with and explain the differences 
between the actual vehicles and the parameters in the announcement during the verification process. 
Methodologically, MLITM adopts a three-level collaborative strategy: rapid filtering through full-text 
matching; detection of high-similarity segments through the longest common substring matching; and recall 
of scattered keywords through adaptive sliding window matching. Experiments show that the matching 
accuracy of MLITM on the simulation dataset is 103.4% higher than that of the regular expression method, 
with an average processing time of only 26 microseconds and an efficiency improvement of 26 times; among 
all methods compared in this study, MLITM achieves the best recognition accuracy and recall for various 
typical samples. Furthermore, by encapsulating the core MLITM algorithm as a microservice module and 
integrating it into an actual vehicle compliance review system, this study verifies that the proposed method 
can effectively assist auditors in rapidly locating supporting textual evidence. The results demonstrate its 
significant potential for improving review efficiency and enhancing the consistency of review outcomes.This 
system framework provides an efficient and interpretable solution for compliance verification, verifying the 
feasibility of lightweight AI in vertical fields. Additionally, based on the structured vehicle parameter database 
generated by this study, it can also provide key data support for active and passive safety research such as the 
prevention of pedal misoperation in electric commercial vehicles.

Keywords: intelligent text matching, multi-level strategy, dynamic programming, sliding window algorithm, 
compliance verification, commercial vehicles, announcement remarks

1   Introduction

Road transportation is the lifeline of the national economy, and road transport vehicles, as the primary means of 
transportation, are directly linked to public safety, economic development, and people’s well-being. In China, 
the market entry of road transport vehicles (such as trucks and buses) is subject to strict regulation. According to 
the latest Provisions on the Technical Management of Road Transport Vehicles (Order No. 3, 2023 of the Minis-
try of Transport) and the Specification for the Compliance Verification of Road Transport Standard Vehicles, 
all newly introduced vehicles in the road transport market must undergo compliance verification between their 
actual parameters and those specified in the Catalogue of Road Transport Standard Vehicle Models (hereinafter 
referred to as the Catalogue) [1, 2].

The verification process primarily involves checking two components (Fig. 1). The first part concerns the 
validation of structured parameters (such as overall dimensions, wheelbase, engine model, brake type, etc.). 
Verifiers compare data measured or read from the actual vehicle against the parameter values explicitly listed in 
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the Announcement. Due to the clarity of the regulations and the structured nature of the data, automation for this 
part is relatively mature. This functionality has been implemented in the Road Transport Compliance Vehicle 
Verification System developed under the author’s leadership and deployed nationwide [3]. The second part, 
which also represents the core challenge currently facing automation, stems from the handling of the “Remarks” 
section in the Announcement. The “Remarks” section consists of unstructured text written in natural language 
and constitutes a legally binding component of the Announcement [4]. It encompasses optional configurations 
and complex relationships between parameters (e.g.: Front axle drum brakes rated for 89 km/h, equipped 
with ABS, no cab tire blowout emergency safety device, no tire pressure monitoring system, no brake lining 
replacement warning system, no FCW, no AEBS, no ESC; front axle disc brakes rated for 97 km/h, equipped 
with EBS, ESC, FCW, AEBS, cab tire blowout emergency safety device, brake lining replacement warning 
device, tire pressure monitoring system, 275/80R22.5 18PR, 295/60R22.5 18PR tires.”), key information such as 
special technical conditions and restrictions.

(1) Announcement structured parameters

(2) Announcement notes section

Fig. 1. Content of the approved vehicle model announcement on which compliance verification is based

According to China’s current “Road Transport Compliance Vehicle Verification Work Specifications”: When 
a mandatory inspection item in Part One is found to have actual vehicle parameters that “do not conform” to 
the values listed in the Announcement, the verifier must consult the “Remarks” section. If the Notes section 
contains supplementary explanations for that item, and such explanations reasonably justify and support the 
current parameter discrepancy (e.g., the Notes state that the parameter is “optional” under the current vehicle 
configuration, or specify its special relationship with other parameters), the item may be deemed “compliant.” 
The verifier must accurately enter the relevant text excerpt from the Notes into the system as the basis for the 



173

Journal of Computers Vol. 37 No. 4, August 2026

conclusion. Conversely, if no sup-porting text is found, the “non-compliant” determination should be maintained.
However, relying on manual retrieval and supporting judgments for “remarks items” presents significant 

drawbacks:
1. Low Efficiency: In China, compliance vehicle announcement information is initially self-reported by each 

vehicle manufacturer. Currently, thousands of domestic enterprises engage in compliance vehicle announcement 
submissions. Due to historical challenges in standardizing terminology and specifications, the reporting formats 
used by different manufacturers’ personnel vary greatly. This results in “remarks” sections for different product 
models typically being highly dense, lengthy, and diverse in expression. Typically, a proficient reviewer requires 
10–20 minutes to thoroughly examine the notes before determining all non-compliant items for a single vehicle 
[5].

2. Subjectivity and Inconsistency: The judgment process heavily relies on the verifier’s experience, expertise, 
and mental state at the time. Different verifiers may interpret the same annotation text differently, leading to 
inconsistent and unfair outcomes [6].

3. High Error Risk: Under repetitive and high-intensity work pressure, manual inspections are highly prone 
to omissions or misreadings, leading to non-compliant vehicles being mistakenly deemed compliant. This can 
trigger a series of safety risks or subsequent social conflicts [7].

As the road transportation industry continues to develop towards digital transformation and intelligent 
supervision, the quantity, type and complexity of unstructured text data such as vehicle compliance 
announcements, inspection reports, technical descriptions, audit records, etc. are growing rapidly. This trend 
has given rise to an urgent need for automated and intelligent information processing technology that can 
support large-scale and high-frequency supervision tasks. Especially in the process of vehicle compliance 
verification, efficiently and accurately identifying supporting evidence from the “Remarks” column has become 
a key technical problem. These remark columns often contain heterogeneous expressions, implicit semantic 
relationships, non-standard abbreviations, and complex logical structures, which makes manual verification time-
consuming, inefficient, and prone to inconsistencies due to different reviewers. Although deep learning-based 
semantic understanding methods have made great progress in many natural language processing tasks, their 
application in vertical supervision scenarios still suffers from some practical limitations. Vehicle compliance 
verification is a safety-critical task that usually requires high reliability, strong explainability, stable performance 
and traceability of the decision-making process. However, deep learning models often rely on large-scale 
annotated datasets, which are difficult and costly to construct in the professional regulatory world. Additionally, 
the inference mechanisms of these models are often opaque, making it difficult for reviewers to understand, 
validate, or interpret the basis for the model output. Their deployment and maintenance also require extensive 
computing resources and technical support. These limitations hinder their practical application in vehicle 
compliance verification and other safety-critical regulatory tasks, especially in those scenarios that require 
lightweight implementation, transparent logic, and operational robustness.

Therefore, developing a lightweight intelligent method that can automatically, quickly and accurately 
determine whether the verification basis (query fragment) input by the user highly matches the key content of the 
announcement remarks (source text) has become an urgent need to improve the quality, efficiency and reliability 
of the entire compliance verification system. The core challenge of this method (system) is to simultaneously 
meet four key requirements: high accuracy, high recall, millisecond speed, and interpretability of decisions.

In recent years, natural language processing (NLP) and text matching technology have been widely used 
in similar information retrieval and compliance inspection scenarios [8, 9]. The mainstream methods can be 
summarized as follows::

1. Deep learning–based semantic matching models (e.g., BERT and Sentence-BERT) [10, 11]: Although 
these models are effective in capturing deep semantic relationships, their application in the present context is 
constrained by the limited availability of labeled data, high computational requirements, and the lack of model 
interpretability. These limitations conflict with the requirements for reliability and transparency in high-risk 
decision-making scenarios.

2. Traditional fuzzy string matching algorithms: Methods based on edit distance [12] and the longest common 
subsequence (LCS) [13, 14] can accommodate character-level variations but often overlook textual continuity, 
which may result in semantically fragmented matches. Regular expressions, while flexible, require complex 
pattern design and maintenance, and their efficiency may deteriorate when processing long texts.

3. Keyword-based rule systems [5, 15]: As illustrated in Fig. 1, existing studies have constructed keyword 
knowledge bases for text matching. Although such approaches are simple and computationally efficient, they rely 
heavily on predefined exact keywords and therefore exhibit limited generalization capability. As a result, they 
struggle to handle keyword variants, changes in word order, and more complex logical relationships effectively.
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Existing approaches have yet to achieve a satisfactory balance among efficiency, accuracy, interpretability, and 
generalization capability. This limitation highlights the need for a new solution. To address this gap, this study 
proposes an Intelligent Text-Matching Method Based on a Multi-Level Matching Strategy (MLITM). The main 
contributions of this work are summarized as follows:

1. Innovative problem definition: For the first time, the “note verification” problem in vehicle compliance 
verification is accurately defined as a professional long text fragment matching task. The goal is to quickly 
determine whether a user-submitted text fragment is an (approximate) substring of the source announcement note 
text.

2. Method innovation: A novel, collaborative three-stage matching process architecture (S1+S2+S3) is 
designed. Its most critical theoretical innovation lies in the information transfer mechanism between the S2 and 
S3 levels: the length (L) of the longest common subsequence (LCS) calculated by S2 dynamic programming 
is used to intelligently initialize the search starting point of the S3 sliding window. This avoids blind scanning 
starting from the maximum possible length in S3 and enables a precise “analyze-guide-verify” closed loop.

3. Mathematical modeling and optimization: A strict formal mathematical model is established for each 
matching level.A joint optimization framework defining two core thresholds (, ) is formulated to seek the Pareto 
optimality between precision and recall.

4. Engineering implementation and verification: Integrate the MLITM system into a prototype system 
and conduct a comprehensive evaluation using simulated data sets constructed from real business scenarios. 
Experimental results show that compared with a single baseline matching method, MLITM achieves significantly 
higher accuracy while maintaining millisecond-level response time, effectively proving its great potential in 
practical industrial applications.

The rest of this paper is structured as follows: Section 2 reviews related research; Section 3 details the 
formal model, algorithm design and complexity analysis of the MLITM system; Section 4 describes the system 
implementation and experimental design; Section 5 displays and discusses the experimental results; Section 6 
summarizes the full text and looks forward to future research directions.

2   Related Work

Text matching is a core task in natural language processing, and its technical routes are diverse. This section will 
be organized from three aspects: general technology, industry applications, and the current situation in this field, 
aiming to clarify the inherent limitations of various methods when dealing with the specific task of “note support 
judgment”, thereby establishing the necessity and innovation of this research work.

2.1   Limitations of General Text Matching Technology

Text matching technology can be roughly classified into three categories based on its granularity and strategy: 
character-based exact matching, statistical-based fuzzy matching, and semantic-based deep matching.

Exact Matching and Fuzzy Matching: The Conundrum of Efficiency and Semantics.  Exact string matching 
algorithms (such as KMP, Boyer-Moore [16, 17]) are extremely efficient and form the theoretical basis of the first 
level (S1) in MLITM. However, their strict requirement of “complete consistency” cannot cope with any form of 
variation in the text and has extremely low applicability in practical business. Fuzzy matching algorithms, such 
as those based on edit distance, can tolerate errors but their solution of the longest common subsequence allows 
for non-continuous characters, resulting in invalid matching with semantic breaks (such as the matching results 
of “optional cargo box” and “cargo box selection” cannot be regarded as continuous evidence). The longest 
common substring algorithm [18] solves the continuity problem, but its computational cost increases sharply 
with the length of the text, and as a single algorithm, once the longest substring does not meet the threshold, it 
declares failure, lacking a recall mechanism, and appears to be too fragile.

Deep Learning Model: Disconnection from Engineering Reality.  The semantic matching technology based 
on pre-trained language models (such as Sentence-BERT [19, 20]) has achieved breakthroughs in general fields. 
However, applying it directly to this specific vertical field faces three major insurmountable engineering gaps: 1) 
Black box of interpretability: The model’s decision-making process is opaque, and there is no intuitive evidence 
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to show “which keywords or segments were matched”, which is fundamentally in conflict with the high reliability 
and traceability required for compliance review. 2) Domain data dependence: Model fine-tuning requires a large 
amount of high-quality labeled data, while “annotation support” is highly specialized and extremely costly, and 
is a scarce resource in the industry. 3) High deployment cost: The model usually requires GPU acceleration to 
achieve real-time response, and it is difficult to be scaled up in low-cost, ordinary computing environments of 
grassroots verification institutions. Therefore, although deep learning technology is more “advanced” in terms of 
academia, in this specific scenario, it actually becomes an “unapplicable” technical approach.

2.2   Application and Differences of Text Matching in Compliance Review

Automated compliance review has been explored in fields such as finance [22], law [21], and healthcare 
[23]. These studies have demonstrated the value of text processing techniques in the field of standardization. 
However, the granularity of the problems they handle (such as document classification, entity recognition) and 
the performance requirements (typically asynchronous batch processing) differ significantly from the real-time, 
fragment-level, and high-precision matching requirements in vehicle verification. The core problem addressed in 
this study cannot be directly applied using existing frameworks.

2.3   Technical Status and Core Bottlenecks in Vehicle Verification Field

The development of vehicle verification technology exhibits a characteristic of “emphasizing perception 
but neglecting cognition”. The research focus has been on using computer vision and sensor technologies to 
automatically collect vehicle structured parameters [24, 25], successfully solving the automation problem of the 
first part of verification. However, in the second part, that is, the interpretation of “remark items”, the currently 
applied systems are still limited to simple database comparison [26] or preliminary attempts based on keyword 
Boolean matching [5]. The former completely shifts the problem to manual work, while the latter, due to its 
inability to handle keyword variations, word order changes, and complex logical relationships, has dual flaws 
in accuracy and recall rate, and essentially represents a rough matching strategy at a single level. This research 
work is based on this foundation, introducing a multi-level, adaptive fine-matching framework to address these 
deficiencies.

2.4   Positioning of Our Work

As shown in Table 1, the positioning and innovation of this study are clarified through comparison with existing 
technologies.

Table 1. Introduction to existing technologies

Method Efficiency Accuracy Interpretability Generalization ability Is it applicable to this 
task

Accurate matching (such as 
KMP algorithm) Extremely high Extremely low High None No (too strict)

Fuzzy matching (longest 
common subsequence, 
LCSeq)

Low Moderate Moderate Low No (non continuous 
matching)

Fuzzy matching (longest 
common substring. LCS) Moderate High High Low Partial fit (single level)

Statistical methods 
(N-gram) Moderate Low Moderate Moderate No (coarse-grained)

Deep learning methods 
(such as Sentence BERT) Low (without GPU) High (general field) Low High(general field) Partial fit (overused, 

poor interpretability)
Keyword Boolean matching 
[5] Extremely high Low High Low Partial fit (single level)

The MLITM method 
proposed in this article High High High Moderate Yes
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In conclusion, the MLITM method aims to fill the aforementioned research gaps. It does not pursue complex 
end-to-end models but instead designs a multi-level collaborative mixed-matching strategy tailored for industrial 
scenarios. It incorporates the advantages of various algorithms and achieves the optimal balance between 
efficiency and accuracy through the core design of inter-level information transmission (S2→S3). It is a tailor-
made optimal solution for the specific problem of “announcement note support judgment” in this field. 

Moreover, the text matching system developed in this study not only enhances the efficiency of access 
verification but also provides key data interfaces and structured foundations for subsequent in-depth research on 
active and passive safety technologies from a broader perspective of vehicle full life cycle safety management. 
For example, in cutting-edge safety research topics such as “Key Technologies for Preventing Accidental Pedal 
Pressing in Electric Commercial Trucks with Auxiliary Driving Systems”, a core challenge lies in accurately 
obtaining the basic technical parameters of the target research vehicle (such as motor characteristics, braking 
system type, etc.) and establishing a correlation model between vehicle static characteristics and dynamic driving 
behavior. The efficient and accurate parameter extraction capability of this system can automatically build a 
reliable vehicle basic feature database for such research. By integrating the vehicle technical parameters obtained 
from the verification process with the dynamic operation data collected during real vehicle tests (such as pedal 
stroke, torque output, etc.), researchers can more accurately analyze the influence mechanism of electric vehicle 
characteristics on driver operation behavior, thereby laying a solid data foundation for building error detection 
models and collaborative control strategies. Therefore, this research can also be regarded as an indispensable data 
infrastructure layer for building research on the main and passive safety of new-generation vehicles.

3   The MLITM Methodology

This section will detail the formal definition, core algorithms and theoretical properties of the multi-level 
intelligent text matching system. As shown in Fig. 2, the overall structure of the multi-level intelligent text 
matching system is a three-level, step-by-step decision-making process, and each level can coordinate with each 
other.

3.1   Problem Formulation and System Overview

Define the question of “supporting speech judgment” as follows:
Definition 3.1 (Support matching issues). Given a query text fragment Q = q1q2...qm (supporting reasons 
entered by the verifier) and a source speech text S = s1s2...sn (the complete speech content of the announcement), 
where m is much smaller than n. The goal is to design a function F:

(1)

This function determines whether Q is a valid approximate substring of S. “Effective approximation” here 
refers to a highly continuous character overlap between Q and a certain substring of S, which is enough to prove 
that the content of Q does come from S, rather than the reviewer’s subjective speculation.

The MLITM system approximates the function F through three-layer strategies FS1, FS2, and FS3:

(2)

The core innovation of the system lies in its inter-stage coordination mechanism. Specifically, the second 
stage (S2) not only generates a binary output, but also passes the intermediate information calculated by it—the 
longest common substring length L—to the third stage (S3). This approach can intelligently initialize S3’s search 
parameters, thereby avoiding blind searches and achieving significant efficiency improvements.
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Fig. 2. Overall architecture of the MLITM system

3.2   Level 1: Exact Full-Match Filter

The first level of FS1 is a very efficient screening tool designed to handle the most basic situations.

(3)

Here, the symbol indicates that Q is a continuous substring of S.
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Algorithm 1. This algorithm is based on the KMP algorithm to implement FS1. First, it builds the longest prefix 
suffix table (LPS table) π[1..m] for the pattern string Q:

(4)

Subsequently, the main sequence S is scanned using the LPS table, with its core loop being: 

While j<n do
  If S[j]=Q[i] then
i→i+1; j→j+1
if i=m then
  return Support
else
  If i>0 then
     i→Π[i]
else
j→j+1
return No Support

Theorem 3.1. The time complexity of FS1 is O(m+n) and the space complexity is O(m). This layer can handle 
all simple cases of “exact matching” in linear time, which can reduce the burden of subsequent layers.

3.3   Level 2: Longest Common Substring via Dynamic Programming

If FS1 fails, initiate the second-stage FS2. This stage aims to find the longest common substring (LCS) between Q 
and S and determine whether its length is sufficient to support the match.

A space-optimized dynamic programming algorithm is used here. Define a dynamic programming table DP. 
The elements DP[i][j] in the table represent the length of the common substring ending with Q[i] and S[j]. Its 
state transition equation is as follows:

(5)

Where 1 ≤ i ≤ m and 1 ≤ j ≤ n. The first row and first column of the matrix are initialized to 0. While filling the 
matrix, record the current maximum value found and its position:

(6)

Here, L represents the length of the longest common substring.
Definition 3.2 Second-Level Decision Function. Given a threshold τLCS ∈ Z⁺ (typically TLCS ∈ [5,10]), the second-
level decision function is defined as:

(7)

Algorithm 2: Longest Common Substring Detection (Space-Optimized DP)
Input: Q, S
Output: Length L of the longest common substring; if L ≥ τLCS, return 

Support; otherwise, propagate L to the next level.
Initialization L = 0, dp_prev[0..n] = 0, dp_curr[0..n] = 0
 for i from 0 to m-1 do
   for j from 0 to n-1 do
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    if Q[i] == S[j] then
     dp_curr[j+1] = dp_prev[j] + 1
     L = max(L, dp_curr[j+1])
    else
     dp_curr[j+1] = 0
   dp_prev = dp_curr // Swap the arrays to prepare for the next row.
 if L ≥ τ_lcs then
   return Support
 else
   return Trigger Next Level with L

Algorithm 3 details this process. Its output is not only the decision result but, more importantly, the maximum 
value L, which serves as critical information passed to the third level.
Theorem 3.2. FS2 has both time and space complexities of O(m⋅n), with the space complexity optimized to O(n). 
This level precisely locates the longest contiguous matching segment, resolving the matching issue for “high-
similarity segments.”

3.4   Level 3: Adaptive Sliding Window for Long Segment Matching

After both the first and second levels fail, the system enters the third level, FS3. This represents the core 
innovation of our system. Traditional sliding window algorithms re-quire scanning starting from a predefined 
maximum window length Lmax (typically m), which is inefficient. MLITM innovatively utilizes the L computed 
in the second level as the initial window length Lstart for S3, thereby significantly reducing the search space.
Definition 3.3. Third-Level Decision Function. Given L from the second level and a minimum matching 
threshold , the third level starts with length = L and decrements toward :

(8)

Algorithm 4. It implements this adaptive process. For each window length l to be tested, the algorithm uses an 
inner loop to traverse all possible starting positions k in Q:\

for k →1 to m-l+1 do
  fregment→Q[k.k+l-1]
if FS1(fragment,S)=Support then
  return Support

Specifically:
Input: Q, S, L (from S2)

Output: If a matching substring of length between [ , L] is found, return 

Support; otherwise, return No Support.
Initialize the current window length l = L

while l ≥  do

for k from 0 to m - l do // Iterate through all starting positions in Q
	 sub_q = Q[k : k+l]
	 if sub_q is a substring of S (using an efficient string search algorithm) then
	   return Support
l = l - 1
return No Support

Theorem 3.3. The worst-case time complexity of FS3 is O((L− +1)⋅m⋅n). However, since in the vast majority 
of cases the algorithm quickly finds a matching when l approaches L (or fails quickly due to L being small 
itself), its average-case efficiency is significantly higher than the traditional sliding window method starting from 
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m, which has O(m²⋅n) complexity. This level is specifically designed to recall difficult cases characterized by 
“keyword dispersion.”

3.5   Parameter Optimization and Theoretical Analysis

Threshold Optimization Model.  System performance is highly dependent on the settings of two thresholds, 
 and . This study formalizes this as a joint optimization problem.

Given a validation set with true labels, 1, ,{( )}N
i i i iD Q S y == , where yi ∈ {0,1} (1 indicates Support), the objective 

is to find optimal parameters to maximize the F1 score:

(9)

Fig. 3. Optimal parameters of grid search

Given the limited and integer-valued parameter space, grid search optimization was employed. Specifically, 
this study systematically evaluated all combinations of  (range: 3–10) and (range: 2–5) on the validation 

set, ultimately selecting the combination yielding the highest F1 score (  = 5,  = 3) as the system 
parameters, as shown in Fig. 3.

Complexity Analysis.  The overall complexity of the MLITM system is the sum of three levels of complexity. 
The worst-case scenario occurs when the query text Q is extremely mismatched with the source text S, requiring 
the system to execute all three levels of operations.

(10)

Given that L may be a small constant in the worst case, and  and  are fixed values, the asymptotic 
complexity in the worst case remains O(mn). However, as stated in Theorem 3.3, the inter-level coordination 
mechanism enables the system to achieve significantly better performance than any single algorithm or its simple 
concatenation in the average case.
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Interpretability and Robustness.  The MLITM system possesses inherent interpretability. Regardless of the 
decision-making level, the system outputs explicit evidence:

• Level S1: Outputs the complete matched segment.
• Level S2: Outputs the longest common substring found (Q[iend−L+1.. iend]).
• Level S3: Outputs the successfully matched substring fragments.
This “white-box” characteristic is crucial for high-risk decision-making applications. Additionally, character-

continuity-based matching exhibits robustness against spelling errors and punctuation variations in words.

Supplementary Theoretical Points.  This section briefly discusses the correctness and computational efficiency 
of the key steps in the proposed MLITM method.

(1) Phase S1: Exact Matching.
In this phase, the classic Knuth–Morris–Pratt (KMP) algorithm is adopted for exact string matching. The time 

complexity of KMP is . The correctness of the algorithm is guaranteed by the construction of the 
longest prefix–suffix array. When a mismatch occurs, this array enables the pointer of the pattern string, namely 
the query text Q, to shift directly to the position corresponding to the longest reusable prefix of the previously 
matched substring. As a result, the pointer of the source text S does not need to backtrack. This mechanism 
eliminates redundant comparisons and ensures linear-time exact matching.

(2) Phase S2: Longest Common Substring.
In this phase, a dynamic programming algorithm is used to compute the longest common substring. The core 

logic of the state transition is as follows: if the current characters and are identical, then the length 
of the common substring ending at these two positions is equal to the length of the common substring ending 
at and , plus one. This recursive relationship ensures that the lengths of all common substrings 
ending at each pair of positions can be accurately calculated. The maximum value among these results is then 
taken as the length  of the longest common substring.Since the algorithm obtains the result by traversing the 

entire m×n search space, its time complexity is . In implementation, the space complexity is optimized 

to  by maintaining only two rows of the dynamic programming array.
(3) Information Transfer Mechanism from S2 to S3.
The information transfer mechanism from Phase S2 to Phase S3 is critical to improving the efficiency of the 

proposed method. The value  obtained in Phase S2 represents the length of the longest contiguous matching 

segment that actually exists between  and . In Phase S3,  is used as the initial window length for the 
sliding-window search, rather than adopting the conventional strategy of starting from the maximum possible 
length . The rationale for this design is straightforward: if a matching substring longer than  existed, it 
would have already been identified as the longest common substring in Phase S2. Therefore, starting the search 
from  and then decreasing the window length is an efficient strategy. It avoids unnecessary scans with overly 
long windows and directs the search immediately toward the most promising matching interval. This qualitative 
analysis provides a theoretical explanation for the 26-fold efficiency improvement reported in Section 5.1.

4   System Implementation and Experimental Setup

This chapter aims to comprehensively elaborate on the implementation strategy and rigorous experimental design 
of the Multi-Level Intelligent Text Matching (MLITM) system. A core objective of this research is to validate 
the feasibility of a lightweight, high-efficiency, and robust intelligent assistance solution within specialized 
vertical domains. To this end, the system prototype was developed using the Python ecosystem. The reason for 
choosing Python is that it has a rich scientific computing library, excellent cross-platform capabilities, and is 
widely recognized in the academic community, which provides a good basis for fairly evaluating algorithms and 
conducting reproducible research.
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4.1   System Implementation

Core Algorithm Implementation.  In the Python environment, according to the multi-layer matching algorithm 
discussed in Chapter 3, it is built using major library sub-modules such as NumPy. When doing it, the calculation 
speed and memory usage were mainly considered.

Level 1: Exact match filtering
This module uses an optimized Boyer-Moore-Horspool algorithm (implemented through efficient libraries 

such as pyahocorasick). The average time complexity is O(n/m), which greatly improves the efficiency when 
processing large amounts of text.

Level 2: Detecting the longest common substring using dynamic programming
The classic dynamic programming algorithm is used here to calculate the length of the longest common 

substring (LCS). A space-saving method is also adopted, retaining only two one-dimensional arrays, reducing the 
space complexity from O(mn) to O(n). This is important when working with long texts.

Level 3: Adaptive sliding window search
This module is the core part of the system’s collaborative optimization mechanism. It will receive the 

information from S2 - that is, the length L of the longest common substring, and use this length as the initial 
window length during search.

System Integration.  By establishing a unified main control function mlitm_pipeline, the three-level processing 
process can be coordinated, and threshold  and  parameters can be flexibly set. This design ensures the 
modularity and scalability of the system.

4.2   Experimental Design

Test Dataset.  By constructing a benchmark dataset comprising 150 sample pairs, we cover five challenging 
scenarios: exact matches (CM), high-similarity fragments (HSF), keyword dispersion (DK), low-similarity 
distractors (LSD), and complete irrelevance (CI) (distributions shown in Table 2). This dataset comprehensively 
simulates the diverse complexities en-countered in real-world text matching tasks.

Table 2. Benchmark dataset statistics

Scenario type Quantity Description Challenge

Exact Match (CM) 30 The target is a continuous 
substring of the source.

Test the efficiency of the first 
level.

High Similarity Fragment (HSF) 30
A paragraph that is long and 
highly similar but not exactly 
the same.

Test the accuracy of 
Level 2 (longest common 
subsequence).

Distributed Keywords (DK) 30 Distributed semantic related 
keywords in the source.

Test the recall capability of 
Level 3.

Low Similarity Interference (LSD) 30 Short, accidental character 
matching.

Test accuracy and anti-
interference ability.

Completely unrelated (CI) 30 No semantic or character level 
correlation.

Test specificity and noise 
suppression.

Total 150 - -

Baselines.  Compare MLITM and baseline methods:
• Regular expressions (Regex): implemented using Python modules, representing traditional rule methods 

based on existing human knowledge.

Evaluation Metrics and Configuration.  
• Evaluation Metrics: Recall, Precision, F1-Score, Average Processing Time.
• Parameter Optimization: Through grid search, the optimal parameters for MLITM were determined as  

= 5 and = 3.
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• Experimental environment: All experiments are conducted on the same standard workstation (Intel Core i7-
10700K, 32GB memory). Each algorithm is run 10 times continuously, and the results are averaged to reduce 
fluctuations.

5   Results and Analysis

This section lists and analyzes in order all the results obtained under the experimental settings of Chapter 4. 
All experiments were conducted on the same hardware platform and used the exact same 150-sample test set to 
ensure that the results were comparable to each other and fair. The main focus here is to evaluate the performance 
of the MLITM system in two aspects - one is its recall ability and the other is the computational efficiency - and 
compare it with traditional methods.

5.1   Overall Performance Comparison

This study evaluates the performance of the MLITM system and the underlying regular expression method 
(Regex) on a test set containing 150 samples. Table 3 and Fig. 4 show the complete performance comparison 
results. The number of matches directly reflects the recall capabilities of the system, while the processing time is 
an accurate measure of its computational efficiency.

Table 3. Overall performance comparison between MLITM and Regex Baseline

Method Number of matching cases Total time consumption 
(milliseconds)

Average time per case 
(milliseconds)

Regex (Baseline) 59 105.57 0.704
MLITM (Proposed) 120 3.91 0.026
Improvement rate 103.40% -96.30% -93.30%

Fig. 4. Overall performance comparison between MLITM and the Regex Baseline

(1) Recall ability: The MLITM system successfully matched 120 samples. Compared with the baseline Regex 
method (matching 59), the number of absolute matches increased by 103.4%. This result is very obvious. It 
shows that the multi-level collaborative structure of MLITM (precise filtering in the first stage, key fragment 
positioning in the second stage, and intelligent retrieval in the third stage) can significantly expand the coverage 
of the algorithm. The system successfully identified many scattered and variant pieces of key evidence that 
cannot be detected by the fixed-pattern Regex method. In practical applications, this means that the risk of false 
negatives is greatly reduced, directly improving the reliability of the verification operation.
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(2) Computational efficiency: The MLITM system shows significant efficiency advantages. Its total processing 
time on the entire test set is only 3.91 milliseconds, and the average judgment time per sample is as low as 26 
microseconds. This shows that the processing speed of MLITM is 26 times faster than the Regex method (the 
total time is reduced by 96.3%). This efficiency improvement is mainly attributed to the inter-stage information 
transfer and guidance mechanism proposed in this article: the longest common substring length L calculated in 
the second stage provides an optimal starting point for the sliding window search in the third stage. This avoids 
the costly blind search starting from the maximum length in traditional methods, thus focusing computational 
resources on the most likely interval.

5.2   Internal Composition and Ablation Analysis

In order to study the role of each strategy layer in the MLITM system, this article analyzes its internal 
composition, and the results are shown in Table 4 and Fig 5.

Table 4. Internal component analysis of the MLITM system

Composition strategy Number of matching cases Contribution rate Solution scenario
Level 1 (Exact match) 30 25.0% Perfect Match (CM)
Level 2 (Based on longest 
common subsequence 
matching)

38 31.7% High Similarity Fragment 
(HSF)

Level 3 (Adaptive sliding 
window matching) 52 43.3% Distributed Keywords (DK)

MLITM (Combination 
matching) 120 100% All

Fig. 5. Internal component analysis of the MLITM system

Analysis:
(1) The three-layer strategy handles samples with different characteristics respectively, achieving functional 

complementarity.
(2) The first layer solves 20% of “exact match” cases and is the most efficient.
(3) The second layer and the third layer jointly handle the remaining matching tasks. They are good at 

handling the “highly similar paragraphs” and “keyword scattered” situations respectively - these two are the most 
critical and difficult situations.

This result strongly proves that the multi-level, heterogeneous collaboration framework proposed in this study 
is necessary and correct. It decomposes a complex problem into three sub-problems ranging from simple to 
complex, and assigns the most appropriate algorithm to each sub-problem, ultimately achieving the synergistic 
effect of “1+1+1 is greater than 3”.
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5.3   General Discussion and Industrial Implications

Experimental results show that the MLITM system successfully solves several main problems raised in the 
introduction:

(1) Fundamentally improve operational reliability: MLITM increases the recall rate of effective matching by 
103.4%, which directly reduces the false negative rate significantly. This avoids the risk of misjudgment caused 
by missing annotation supporting information from the source, and has important practical application value.

(2) Obvious efficiency optimization has been achieved: MLITM shortens the processing time of a single 
judgment from milliseconds to microseconds, improving efficiency by 26 times. This enables the system to 
support large-scale, high-concurrency automated real-time verification, providing a technical foundation for the 
intelligence of the entire business process.

(3) Verified the feasibility of the “lightweight AI” model: An important contribution of this study is to illustrate 
that in a specific vertical field, exquisite algorithm design can bring greater value than a complex general 
model. By deeply understanding the actual difficulties in the field and designing “small but precise” solutions 
accordingly, the performance of this method still exceeds that of traditional methods without requiring a large 
amount of annotated data or consuming a large amount of computing resources. This algorithm also shows good 
portability, laying the foundation for deployment in a wide range of application scenarios - from cloud servers to 
edge devices, and even ordinary office software can be used.

6   System Integration and Engineering Validation

In order to evaluate the engineering potential and application possibilities of the MLITM method in actual 
operating environments, this study designed its core algorithm into an independent microservice module and 
added it to the existing road transport vehicle compliance inspection system. The purpose of this engineering 
practice is to bridge the gap between algorithm design and practical application. This chapter introduces the 
design ideas, integration structure, implementation method and operation process of the proposed application 
module. In addition, through logical analysis, process comparison and description of practical application 
scenarios, it further demonstrates how this module can help improve the efficiency and consistency of compliance 
audits.

6.1   Application Module Design

The design of the MLITM service module follows the principle of closely connecting internal functions and 
minimizing external dependencies. The purpose is to provide a clear and efficient text matching service to 
the upper-layer business system. Its core structure, as shown in Fig. 6, adopts a simple network interface 
design and wraps up the algorithm core discussed in Chapter 3. Through a clearly defined JSON interface, this 
module receives two key parameters from the business system: Source_text, which refers to the full text of the 
announcement note, and Query_text, which refers to the text fragment to be verified. Then the internal processing 
engine will strictly execute the three-stage process in the order of S1→S2→S3. Finally, it will return a structured 
JSON object, which contains the judgment result (is_supported), matching evidence (matched_snippet) and 
judgment basis (match_level). This design maintains the independence and clarity of algorithm logic, and at the 
same time can achieve seamless integration with different business systems through standardized network service 
interfaces.
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Fig 6. MLITM service module architecture and integration with business systems

6.2   Integration with Existing Business Systems

System integration success is based on making as few changes as possible to the existing system and making 
user experience as good as possible at the same time. Here in this research, the MLITM service part is set up 
as a separate small service. It talks with the main business system through internal network connections, like 
what Fig. 7 shows. The place where they connect is put into the part where people check things by hand in 
the old system. When a person who checks types in the text that needs to be checked, the system’s front part 
automatically uses the /api/v1/match part of the MLITM module. This way of designing gives help for making 
decisions right away: as soon as the person who checks finishes typing the text, the system screen automatically 
shows the first matching results made by the MLITM module. So, the work of the person who checks changes 
from taking a lot of time to search the whole text, like “looking for a needle in a haystack,” to quickly checking 
and making sure the results that the machine checked first. This way of connecting means a change in the 
process of checking if things follow the rules, from only people doing the work to smart work where people and 
machines work together.

6.3   Validation Methods Based on Real-world Business Scenarios

To evaluate the performance of integrated systems from an engineering perspective, this study adopts an 
analytical approach based on actual business processes. Rather than building additional test data sets, this 
approach uses business interaction data that naturally arises after system integration. Specifically, the consistency 
between the module’s matching results and the final human judgment is checked by analyzing the module’s 
response to historical or real-time business requests. Service response latency is evaluated through system logs 
to determine whether the module meets the real-time requirements of interactive applications. Furthermore, 
the robustness of the module is assessed by examining its performance on business texts with varying levels of 
complexity and different writing styles.

Analysis shows that the integrated system is able to consistently provide relatively accurate matching results 
and effectively narrow the search scope required for manual review. Its response time is significantly shorter than 
manual search and comparison times, enabling real-time feedback during the review process. In addition, the 
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module shows strong adaptability when dealing with actual business documents containing diverse expressions, 
non-standard abbreviations and format interference. This further confirms the actual effectiveness of the fault 
tolerance and incremental search mechanisms embedded in the design of the MLITM method.

Fig 7. MLITM service module design interface

6.4   Efficiency and Business Value Analysis

The core value of integrating the MLITM module is to optimize the review process and improve the review 
model.

(1) Improvement of process efficiency. The most obvious improvement is the reallocation of reviewer 
workload. In the past, full-text scanning and identification of evidence fragments were time-consuming and 
repetitive tasks that were mainly done manually. Once integrated, these tasks can be completed automatically 
and almost instantly by the MLITM module. This allows reviewers to devote more expertise and time to more 
valuable work, such as evaluating the logical consistency of machine-generated evidence candidates and handling 
those complex edge cases. This human-machine division of labor significantly reduces the average completion 
time of each audit task.

(2) Improved audit quality and consistency. The MLITM module adopts consistent execution logic for each 
audit rule, thereby significantly reducing differences in judgment caused by auditors’ different experience, 
attention, or understanding. In addition, the standardized and traceable matching evidence generated by the 
system also makes the audit process more transparent and verifiable. Therefore, the introduction of the MLITM 
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module can help improve the consistency, reliability and standardization of compliance audit work.
(3) Response to core issues.This engineering application directly responds to the industry pain points identified 

in the introduction of this article. By converting the MLITM algorithm into an online service and embedding 
it into actual business workflows, this study verifies the feasibility of using lightweight, explainable intelligent 
methods to assist traditional manual review. This application not only demonstrates the advantages of MLITM 
at the algorithm level, but also highlights its actual value in improving review efficiency and reducing subjective 
judgment errors. Therefore, it provides a basis for generalizing the method to a wider range of business scenarios 
in the future.

7   Conclusion

This study mainly discusses the main problems in compliance inspection of road transport vehicles. Specifically, 
manual interpretation of the remarks part in the announcement is inefficient, subjective and inconsistent. The 
solution is to propose and use a multi-layer text matching (MLITM) system based on the multi-layer matching 
method. The main contributions of this paper can be divided into four aspects:

(1) Problem reorganization and accurate positioning: For the first time, the common business problem of 
“remark-assisted judgment” is accurately defined as a specialized computing task of approximate substring 
matching in long texts. Its core requirements for high recall and efficiency are clarified, which provides clear 
targets for computational solutions.

(2) Algorithm innovation and theoretical modeling: An innovative three-stage collaborative matching structure 
is designed. This structure organically combines exact matching (S1), longest common substring detection 
(S2) and adaptive sliding window search (S3). The main theoretical innovation lies in the establishment of an 
information transfer mechanism between stages: the calculation results of the S2 stage (the length of the longest 
common substring L) are used to intelligently initialize the search parameters of the S3 stage. This greatly 
reduces the computational complexity from the traditional O(m²n) to close to O(mn), theoretically ensuring the 
efficiency of the algorithm.

(3) Lightweight implementation and good performance: The system prototype is implemented on common 
computing platforms. Experimental results on different test sets containing multiple sample categories show 
that compared with traditional regular expression methods, the recall rate of the MLITM system is increased 
by 103.4%, while the processing efficiency is increased by 26 times (the average processing time is reduced to 
26 microseconds). This comprehensively verifies the dual advantages of this method in both effectiveness and 
efficiency.

(4) Technical Pathway Validation: This work successfully demonstrates the potential of the “lightweight 
AI” technical paradigm in vertical domains. Specifically, it proves that intelligent solutions with outstanding 
performance, high interpretability, and extremely low deployment costs can be constructed without relying on 
large-scale labeled data or complex black-box models. Instead, this is achieved through domain-knowledge-
driven algorithm design combined with rigorous engineering optimization, providing a practical example for the 
adoption and implementation of AI technology in traditional industries.

In summary, the MLITM system not only provides a powerful intelligent tool for road transport vehicle 
compliance verification but also offers new methodological insights and a reusable technical framework for 
addressing text-matching problems in similar vertical domains.
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