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cision-making. Al development requires interdisciplinary knowledge in computer
science, mathematics, and domain-specific expertise. The field continues to evolve
rapidly, driving innovation across industries. Al software development involves de-
signing, building, and deploying applications that mimic human intelligence—en-
abling machines to learn, reason, and make decisions. This field combines computer
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In the context of the development of the digital age, various types of software are the key to driving the coordinated
and efficient operation of systems and equipment. However, the traditional software development process faces the
problems of being time-consuming, labor-intensive, and costly, and the development cycle is lengthened because the
stages of demand analysis, design, coding, testing, and maintenance rely heavily on the support of professionals. In
response to this, drawing on and using the powerful data analysis, pattern recognition, and learning capabilities of
artificial intelligence technology can help solve the problems existing in software development and help achieve
automation in software development.

1. Requirements Analysis Phase
1.1 Foundations of Natural Language Processing Technology

Natural language processing (NLP) technology plays a key role in the process of using artificial intelligence algo-
rithms to parse software requirements described in natural language [1]. NLP covers a series of complex technologies
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and methods that aim to enable computers to understand, analyze, and generate human language. Its basic technolo-
gies include lexical analysis, syntactic analysis, and semantic analysis.

1.1.1 Lexical Analysis
Lexical analysis divides natural language text into lexical units and annotates information such as part of speech.
Hidden Markov Model (HMM) is a commonly used algorithm model for lexical analysis.

HMM is a dual random process, the state transition is a Markov process, and the observation value generation
depends on the current state. Assuming that the hidden state setis and Q = {q4,q5, -, qn} the observation value set
is V=1{vq,vy,-, vy}, for Tthe observation sequence O = {0,,0,,::-,0r} and state sequence of length I =
{i1, i, -+, it}, the HMM probability calculation is based on the following formulas:

State transition probability: a;; = P(iHl = q,liy = qi), which means the probability of being in the state q; at
time ¢t and transferring to the state q; attime t + 1.

Observation probability: b;(k) = P(ot =vli; =q j), which indicates the probability of generating an observa-
tion value v), when it is in the state g; at time ¢.

Initial state probability: m; = P(i; = q;), which represents the probability of being in the state g; at the initial
moment.

The Viterbi algorithm solves the most likely state sequence and completes the part-of-speech tagging. The appli-
cation example of HMM in lexical analysis is shown in Table 1.

Table 1. Application of HMM in lexical analysis

Application Description Advantage Limitation
Part-of-specch Use HMM s §tate transition and observa-  High cornputatlonal.efﬁmency, Weak ability to capture long-
. tion probability to mark the word part of capable of processing large- . .
tagging distance dependencies
speech scale text

1.1.2 Syntactic Analysis

Syntactic analysis focuses on analyzing the grammatical structure of sentences, constructing syntactic trees, and clar-
ifying the grammatical relationship between words. Graph-based dependency syntactic analysis algorithms are com-
monly used [2]. In graph-based dependency syntactic analysis, sentences are viewed as graphs, with nodes as words
and edges as dependency relationships. Assuming there is na word in a sentence, the score function of the depend-
ency relationship is defined as: s(i,j,7) = w - @(i,j), where is w,. the weight vector of @(i,j) the dependency
relationship and r is the feature vector between words i and j. The syntactic tree is constructed by finding the edge
connection method that maximizes the score function. Taking the requirement statement "the system needs to have
efficient data retrieval function to meet the user's needs for rapid information query" as an example, the algorithm
can determine that "system" is the subject of "has", "data retrieval function" is the object of "has", and other depend-
encies. The relevant characteristics are shown in Table 2.

Table 2. Syntax tree construction feature table

Application Description Advantage Limitation
Syntax tree con- Graph-based algorlthm to find 'the optimal .de- Able to handle complex High requirements for data
. pendency relationship and build a syntactic . . .
struction sentences effectively annotation quality

tree

1.1.3 Semantic Analysis

Semantic analysis aims to explore the deep meaning of text and eliminate semantic ambiguity. Semantic role labeling
(SRL) algorithm plays an important role in semantic analysis [3]. Semantic role labeling is usually based on the
predicate-argument structure. Assume that the predicate is and Pits argument setis A = {a,a,,:+, a,}. The semantic
role of each argument, such as agent, patient, etc., is determined by the classification model. For example, in the
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sentence "users use software to edit files", "user" is the agent of "use", "software" is the tool, and "file editing" is the
purpose. The semantic role labeling model training is based on the maximum entropy model, and the formula is:

1 n
PO = Zosexp| ) 2ifixy)
i=1

where y is the semantic role label, x is the input text feature, Z(x) is the normalization factor, \(\lambda_i\) is the
feature weight, and f;(x,y) is the feature function. The characteristics are shown in Table 3.

Table 3. Semantic understanding characteristics table

Application Description Advantage Limitation
Semantic Understand- Label the semantic role of predicates to Improve the accuracy of semantic Reliance on semantic
ing assist semantic understanding understanding knowledge base

1.2 Deep Application of Deep Learning Models

1.2.1 Recurrent Neural Network (RNN)
RNN can effectively model demand text with sequence characteristics. The basic unit calculation formula is:

he = o(Whpheq + Wypx + by)

where h; is t the hidden state at time t, x; is t the input at time t, Wy, is the weight matrix from hidden layer to
hidden layer, W, is the weight matrix from input layer to hidden layer, bj, is the bias term, and o is the activation
function. When analyzing a large amount of user feedback and requirement documents, RNN processes each word
in the order of the text, captures the dependencies between words, and then identifies high-frequency requirements.

For example, in the feedback from many e-commerce software users, expressions such as “simplify the shopping
process” and “improve payment convenience” frequently appear. RNN can accurately capture these high-frequency
word combinations and identify them as high-frequency demands [4].

1.2.2 Long Short-Term Memory Network (LSTM)

LSTM solves the problem of gradient vanishing or gradient exploding when RNN processes long sequences, and is
better at handling long-term dependencies in long text requirements. The LSTM unit contains an input gate i;, a
forget gate f;, an output gate o,, and a memory unit c;. The calculation formula is as follows:

it = 0(Wyixe + Wyihe—1 + b;)
fe = c(Wypxe + Wiphe_y + bf)
0y = 0(Wyoxt + Wioht—1 + by)

¢t = tanh(Wyexy + Wyche—y + be)
¢ = f:O0ci_q + i, OC
h: = 0,0tanh(c;)

where @ represents element-by-element multiplication. By learning from a large number of past requirement docu-
ments, LSTM can discover potential requirements. For example, when analyzing a requirement document for an
office software, although "multi-language support" is not directly mentioned, by deeply mining the relevant func-
tional descriptions and user usage scenarios, LSTM can infer that in the context of globalization, the software has
potential demand for multi-language support [5]. The performance comparison of RNN and LSTM in processing
software requirement text is shown in Table 4.
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Table 4. Comparison of the performance of RNN and LSTM in processing software requirement text

Long sequence processing High-frequency demand Ability to explore

Model capability Gradient Problem recognition capability potential needs
RNN Weaker Gradients are prone to vanishing Better Weaker
or exploding
LSTM Powerful Effectively solve the gradient Good Powerful
problem
2. Design Phase

In the software design stage, artificial intelligence plays a vital auxiliary role, especially in software architecture
design and module division. Genetic algorithm, as a classic optimization algorithm, is widely used in searching for
the optimal software architecture solution. Genetic algorithm is based on Darwin's theory of evolution and simulates
natural selection and genetic mechanisms. Its basic process includes initializing the population, where each individual
in the population represents a software architecture solution; calculating the fitness of each individual, and the fitness
function is designed according to the functional requirements and performance constraints of the software, for exam-
ple, it can be defined as:

Fitness = w; X Functionality + w, X Performance + w3 X Maintainability

Among them, Functionality represents the degree of satisfaction of software functional requirements,
Performance represents performance indicators such as response time and throughput, Maintainability represents
the maintainability of the software, and w,;, w, and w; are weight coefficients, which are adjusted according to
the focus of the project.

Through genetic operations such as selection, crossover and mutation, the population is continuously updated iter-
atively, gradually approaching the optimal solution. For example, the selection operation can adopt the roulette se-
lection method, and the probability of an individual being selected is proportional to its fitness. The crossover oper-
ation simulates the gene recombination in biological genetics, exchanging some genes of two parent individuals to
generate new offspring individuals. The mutation operation randomly changes certain genes of an individual with a
certain probability to maintain the diversity of the population.

At the same time, artificial intelligence can use neural network models in deep learning, such as multi-layer per-
ceptrons (MLP), to learn existing excellent software design patterns. Through a large amount of labeled data training,
the model can learn the relationship between different design patterns and software functions and performance. When
facing a new software project, input the project's functional requirements, performance constraints and other infor-
mation, and the MLP model can output reasonable design suggestions, including software architecture types, module
division strategies, etc. The application comparison of genetic algorithms and MLP in the software design stage is
shown in Table 5.

Table 5. Algorithm model comparison table

Algorithm L S

Model Application Advantage Limitation
Genetic Al- Search for thej optimal software archi- Strong global search capability and The amount of calcu!atlon is large
. tecture solution based on the fitness ; and it is easy to fall into the local

gorithms . can handle complex constraints .

function optimum

MLP Learn excellent design patterns and Quick learning ability and quick to High reliance on training data and
provide design suggestions give advice poor interpretability
3. Coding Phase

Code generation technology is based on machine learning models and has greatly improved coding efficiency and
accuracy. For example, language models based on the Transformer architecture, such as the GPT series, have per-
formed well in the field of code generation. The Transformer architecture uses a multi-head attention mechanism that
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can focus on different positions of the input sequence in parallel, thereby better capturing the semantic information
in the text [6].

For code generation tasks, the model is trained based on a large code corpus. During the training process, the model
learns the grammatical structure, semantic relations, and patterns of different functional codes of the code. When
given a software design and requirement description as input, the model encodes the input through a self-attention
mechanism, and then generates the corresponding code based on the learned code pattern. For example, for a simple
requirement description "implement a function that calculates the sum of two integers", the model generates the
following Python code framework:

defadd numbers(a, b):
result=a+b
return result

The characteristics of the language model based on the Transformer architecture in code generation are shown in

Table 6.
Table 6. Code features table

Feature Description Advantage Limitation

Understanding demand seman-
tics through self-attention
mechanism

Semantic under-
standing ability

Able to generate code according  The generated code may contain logical
to complex requirements errors and requires manual verification

The effectiveness of code generation

Coding S.tyle Learn multiple coding styles Can generate cod'e that con- for specific domains is limited by train-
adaptability forms to a specific style .
ing data
4. Testing Phase

Artificial intelligence plays an important role in software testing in many aspects. In terms of test case prioritization,
classification algorithms based on machine learning, such as support vector machines (SVM), can be used. SVM
separates data of different categories by finding an optimal hyperplane. In test case prioritization, various features of
test cases, such as execution time, number of lines of code covered, historical defect discovery rate, etc., are used as
input features to classify the priorities into high, medium, and low categories. The decision function of SVM can be

expressed as:
n
f(x) = sign (Z a;y; K(x4,%x) + b)

i=1

Among them, «; is the Lagrange multiplier, y; is the category label of the sample, K(x;,x) is the kernel function,
band is the bias term.

In terms of automatic test case generation, mutation testing algorithms can be combined with machine learning.
Mutation testing generates multiple variants by mutating the original code, and then judges the effectiveness of the
test case based on the survival of the variants. The machine learning model can predict the code area where defects
may occur based on the historical defect data and changes of the software, so as to generate test cases in a targeted
manner. The comparison of the application effect of artificial intelligence in software testing is shown in Table 7.

Table 7. Application effect table

Application Algorithm Model Advantage Limitation

Can effectively prioritize High requirements for feature engineer-

Test case prioritization SVM test cases ing and long model training time

Mutation operations are computationally
intensive and may generate redundant
test cases

Automatically generate Mutation testing combined Improve test case target-
test cases with machine learning ing and coverage
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5. Maintenance Phase

Artificial intelligence provides strong support for maintenance personnel in the software maintenance stage. In terms
of code understanding, the abstract syntax tree (AST) combined with the graph neural network (GNN) technology
can be used. AST parses the code into a tree structure, where nodes represent code elements and edges represent the
relationship between elements. GNN can process AST and learn the structure and function information of the code.

For example, the graph convolutional network (GCN) in GNN can extract the semantic features of the code by
performing convolution operations on the features of AST nodes, and provide code annotations and modification
suggestions for maintenance personnel. In terms of predicting software maintenance workload and potential problems,
time series analysis algorithms such as the ARIMA model can be used. The ARIMA model predicts future mainte-
nance workload by analyzing historical maintenance data. Assuming that the maintenance workload time series is y;,
the expression of the ARIMA (p, d, q) model is:

p q
1—Z(piBi 1-B)%y, =u+ 1+Z&9ij €t
i=1 =

Among them, B is the backward shift operator, ¢; is the autoregressive coefficient, 6; is the moving average
coefficient, p is the constant term, and €, is the white noise sequence.
The application characteristics of artificial intelligence in the software maintenance stage are shown in Table 8.

Table 8. Application characteristics of artificial intelligence in the software maintenance stage

Application Algorithm Model Advantage Limitation

The ability to understand complex codes

AST combined with  Accurately analyze code structure needs to be improved, and the computing

Code understanding

GNN and functionality
resources are consumed a lot
Maintenance workload ARIMA Model Make effective forecasts based on High requirements for data stability and
and problem prediction historical data difficulty in handling sudden changes

6. Conclusion

In the entire life cycle of software development, artificial intelligence algorithms play a powerful enabling role. How-
ever, artificial intelligence currently faces challenges such as data quality and model interpretability in the software
development automation process. However, with the continuous development and innovation of technology, it is
expected to achieve more efficient and intelligent software development and push the software industry to new
heights.
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