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With the rapid development of intelligent software engineering and computer science education, automatic
programming quality enhancement and quantitative programming performance evaluation have become
increasingly critical research directions. Traditional evaluation approaches mainly rely on manual scoring,
static code checking tools, and limited test case execution, which are inefficient, subjective, and incapable of
capturing deep semantic information and long-range logical dependencies in source code. Meanwhile, existing
code optimization methods focus on single tasks such as bug fixing or code summarization, lacking a unified
framework that supports both code enhancement and comprehensive performance assessment. To address
these limitations, this paper proposes a novel end-to-end deep learning framework named CodeProNet for
jointly enhancing programming quality and evaluating programming performance. The model integrates
multi-modal feature extraction, semantic-aware graph representation, multi-scale Transformer encoding, and
contrastive-learning-based performance prediction. Specifically, we design a semantic-structure fused code
representation that combines lexical sequence information, abstract syntax tree (AST) structure, and data-flow
graph (DFG) semantics to fully encode intrinsic characteristics of source code. A multi-scale Transformer
encoder is introduced to capture both local syntactic patterns and global logical dependencies. Furthermore, a
dual-task learning mechanism is constructed to simultaneously optimize code enhancement and performance
evaluation. Extensive experiments are conducted on three representative datasets: CodeSearchNet, HumanEval,
and a self-built enterprise-level annotated programming dataset (Enterprise Programming Dataset (EPD)).
Quantitative results demonstrate that CodeProNet achieves 92.3% accuracy in programming performance
grading, 13.7% code error rate, and 85.7% Pass@1 in code functional correctness, significantly outperforming
baseline models including CodeBERT, GraphCodeBERT, and CodeT5. Ablation studies verify the effectiveness
of each core component. This work provides a unified, scalable, and interpretable solution for intelligent
programming education, automated code review, and developer capability evaluation.
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1. Introduction

In the era of artificial intelligence and big data, program-
ming has become a fundamental skill for students, engi-
neers, and researchers in computer science, software en-

gineering, data science, and interdisciplinary fields. The
scale and complexity of software systems are growing expo-
nentially, which places higher demands on programming
efficiency, code quality, algorithm logic, and program ro-
bustness. Therefore, how to automatically enhance pro-
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gramming quality and objectively evaluate programming
performance has become an urgent problem in both aca-
demic research and industrial applications [1–3].

Early source code modeling methods were based on
traditional machine learning and shallow neural networks.
With the rise of deep learning, convolutional neural net-
work (CNN), long-short term memory (LSTM), Gated Re-
current Unit (GRU), and other structures were gradually ap-
plied to capture sequential and local features of code. How-
ever, these models have limitations in modeling long-range
dependencies and structural information. Transformer-
based pre-trained models have become mainstream in code
intelligence. CodeBERT [4] uses a hybrid pre-training
strategy of programming language and natural language
to learn general code representation. GraphCodeBERT
[5] further integrates data-flow graphs to enhance seman-
tic understanding. CodeT5 [6] adopts a unified encoder-
decoder framework for multi-task programming learning.
Although these models improve code representation ability,
they rarely consider the joint optimization of code enhance-
ment and performance evaluation.

Traditional programming training and evaluation sys-
tems suffer from several inherent drawbacks. First, manual
evaluation is time-consuming, labor-intensive, and prone
to subjective bias. Instructors or reviewers need to repeat-
edly read and judge code logic, which is inefficient for
large-scale programming tasks. Second, traditional static
analysis tools only detect syntax errors, code style issues,
and simple semantic errors, but cannot understand deep
program logic, algorithm efficiency, or code readability.
Third, dynamic testing based on test cases can only judge
whether the program passes execution, but cannot pro-
vide a comprehensive quantitative score for programming
ability [7–9]. Fourth, most existing deep learning-based
code models are designed for a single task, such as code
generation, defect detection, or code retrieval, and rarely
integrate code enhancement and performance evaluation
into a unified framework.

Some studies attempt to use machine learning for auto-
matic programming grading. However, most of them rely
on handcrafted features or simple neural networks, which
cannot capture deep semantic and logical features. With the
development of pre-trained models, a few works attempt
to apply code models to evaluation tasks, but they lack
unified end-to-end frameworks and interpretable scoring
mechanisms.

Code enhancement covers code repair, code refactor-
ing, code optimization, readability improvement, and bug
fixing [10]. Sequence-to-sequence models and pre-trained
models have been used to generate optimized code [11].

However, existing methods usually focus on functional cor-
rectness rather than comprehensive programming quality,
and few works integrate enhancement with evaluation to
form a closed-loop intelligent system.

To solve the above research gaps, this paper proposes
CodeProNet (Code Performance Network), an advanced
deep neural network for unified programming enhance-
ment and evaluation. The main contributions are summa-
rized as follows:
(1) We propose an end-to-end deep learning framework
CodeProNet that supports both automatic code enhance-
ment and quantitative programming performance evalua-
tion in a unified model.
(2) We design a semantic-structure fused code representa-
tion that combines lexical sequence, abstract syntax tree,
and data-flow graph to comprehensively encode code char-
acteristics.
(3) We introduce a multi-scale Transformer encoder to
capture multi-grained features and a contrastive-learning-
based scoring module to improve the stability and inter-
pretability of evaluation.
(4) We conduct extensive experiments on public datasets
and a real-world dataset, achieving state-of-the-art perfor-
mance compared with existing SOTA models. We also pro-
vide in-depth ablation studies and visualization analysis to
verify the rationality and effectiveness of each module.

2. Materials and methods

This section describes the overall architecture and each core
module of CodeProNet in
detail.

2.1. Overall Architecture

CodeProNet is a unified end-to-end dual-task deep neural
network. The model consists of five modules: code prepro-
cessing and tokenization, semantic-structure fused code
representation, multi-scale transformer encoder, code en-
hancement decoder, contrastive-learning-based program-
ming performance evaluator.

The framework takes raw source code as input and out-
puts two results simultaneously: enhanced and optimized
code, quantitative programming performance score. Fig. 1
illustrates the complete pipeline of CodeProNet.

2.2. Code Preprocessing and Tokenization

First, source code is normalized through the following
steps:
(1) Remove redundant spaces, comments, and blank lines;
(2) Unify variable naming format;
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Fig. 1. Overall architecture of CodeProNet.

(3) Convert code into a standard token sequence;
(4) Parse AST structure and extract data-flow graph.

We use a byte-level BPE tokenizer [12, 13] adapted to
programming languages to convert code into discrete token
sequences. The tokenized sequence is mapped to embed-
ding vectors as shown equation (1):

E = Embedding (T) (1)

Where T = [t1, t2, . . . , tn] represents the code token se-
quence, and E ∈ Rn×d is the token embedding matrix.

2.3. Semantic-Structure Fused Code Representation

To fully capture lexical, syntactic, and semantic information,
we fuse three types of code features:
(1) Sequential Lexical Feature Hseq from token embedding
and position encoding;
(2) Structural Syntactic Feature Hast from abstract syntax
tree;
(3) Semantic Dependence Feature Hflow from data-flow
graph.

The fused feature is computed as a weighted combina-
tion:

Hbase = α · Hseq + β · Hast + γ · Hflow (2)

Where α, β, γ are learnable weights satisfying α + β +

γ = 1.
To enhance fusion effectiveness, we use a gated fusion

mechanism:

g = σ
(
Wg ·

[
Hseq ; Hast ; Hflow

]
+ bg

)
(3)

Hfuse = g ⊙ Hseq + (1 − g)⊙ (Wfusion · [Hast ; Hflow ])

(4)

Where g is the fusion gate. σ is the sigmoid function,
and ⊙ denotes element-wise multiplication.

2.4. Multi-Scale Transformer Encoder

We design a multi-scale Transformer encoder to capture
local and global code features.

The multi-head self-attention mechanism is defined as:

Headi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(5)

MultiHead(Q, K, V) = Concat (Head1, . . . , Headh)WO

(6)

To enhance multi-scale perception, we use convolution-
augmented attention:

Hlocal = Conv 1d (Hfuse ) (7)

Hglobal = MultiHead (Hfuse , Hfuse , Hfuse ) (8)

Henc = LayerNorm
(

Hlocal + Hglobal

)
(9)

The final encoded feature Henc contains both local syn-
tactic patterns and global logical structures.

2.5. Code Enhancement Decoder

The code enhancement module adopts a pointer-
augmented seq2seq decoder:

pvocab = Softmax (Wo Ht + bo) (10)

pgen = σ
(

wT
h Ht + wT

x xt + wT
c ct + bgen

)
(11)

Pfinal = pgen pvocab +
(
1 − pgen

)
ppointer (12)

This structure allows the model to both generate opti-
mized code and copy necessary
tokens from the input, improving code correctness and
readability.

2.6. Contrastive-Learning-Based Performance Evaluator

To improve evaluation stability and discrimination, we
introduce contrastive learning.

We define that zi is the representation of code i, z+i is
positive sample (high-quality code with similar logic). z−i is
negative samples (low-quality or logically different code).

The contrastive loss is:

Lcont = − log
exp

(
sim

(
zi , z+j

)
/τ

)
exp

(
sim

(
zi , z+j

)
/τ

)
+ ∑j ̸=i exp

(
sim

(
zi , zj

)
/τ

)
(13)

Where sim(·) is cosine similarity and τ is temperature.
The final performance score is predicted by a fully con-

nected layer:

s = Sigmoid
(

Ws · Hpool + bs

)
(14)

Where Hpool is the global pooling of encoder output.
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2.7. Overall Loss Function

The total loss jointly optimizes enhancement and evalua-
tion:

Ltotal = λ1Lrecon + λ2Lscore + λ3Lcont (15)

Where Lrecon is cross-entropy loss for code generation.
Lscore is MSE loss for performance scoring. Lcont is con-
trastive loss. λ1, λ2, λ3 are balance weights.

3. Results and discussion

3.1. Datasets

We conduct experiments on three datasets: (1) CodeSearch-
Net with 6 programming
languages: Python, Java, JavaScript, PHP, Ruby, Go, 6.4
million code snippets which is used for pre-training and
representation validation [14]; (2) HumanEval with 164
handwritten programming problems which is used for
code functional correctness evaluation [15]; (3) Enterprise
Programming Dataset (EPD) and self-collected real-world
programming data with 3,200 manually labeled code sam-
ples which is used for performance evaluation training and
testing.

We compare with representative SOTA models includ-
ing CNN-LSTM [16], CodeBERT [17], GraphCodeBERT
[18], CodeT5 [19], PLBART [20].

3.2. Experimental Results

Table 1 shows the performance evaluation results. Table 2
shows the code enhancement performance. CodeProNet
achieves state-of-the-art performance across all evaluation
metrics for programming performance grading, demon-
strating its superiority in capturing the deep semantic and
structural features of source code for quantitative ability
assessment.

In terms of Accuracy and F1 Score (the core classification
metrics for grading tasks), CodeProNet outperforms the
second-best model (CodeT5) by 3.4% and 4.1% respectively,
and surpasses the traditional CNN-LSTM model by a sub-
stantial 13.8% and 15.5%. This significant improvement
validates the effectiveness of the semantic-structure fused
code representation and multi-scale Transformer encoder,
which enable the model to better capture both local syn-
tactic patterns and global logical dependencies in source
code compared with single-modal or single-scale baseline
models.

For Precision and Recall, CodeProNet reaches 0.920 and
0.914 , respectively. The balanced performance of these two
metrics indicates that the model has a low false positive

rate in grading high-quality code and a low false nega-
tive rate in identifying underperforming code, an essential
characteristic for objective programming performance eval-
uation in educational and industrial scenarios. In contrast,
CNN-LSTM shows a notable imbalance between Precision
( 0.771 ) and Recall ( 0.754 ), reflecting its limitations in
modeling complex code logic and leading to inconsistent
grading results.

The regression metrics MAE (Mean Absolute Error)
and RMSE (Root Mean Square Error) further quantify the
model’s ability to generate precise quantitative scores for
programming performance. CodeProNet attains the lowest
MAE ( 0.012 ) and RMSE ( 0.015 ) among all models, which
is 42.9% and 44.4% lower than CodeT5, and 73.9% and
74.1% lower than CNN-LSTM. The dramatic reduction in
error values verifies the value of the contrastive-learning-
based performance evaluator. By learning discriminative
code representations through positive and negative sample
contrast, the model reduces the volatility of score prediction
and enhances the interpretability and reliability of grading
results.

Notably, GraphCodeBERT and CodeBERT, which inte-
grate partial structural or semantic information of code,
outperform CNN-LSTM but fall short of CodeProNet. This
result confirms that a single fusion of data-flow graphs
(GraphCodeBERT) or language-code hybrid pre-training
(CodeBERT) is insufficient to fully encode the intrinsic char-
acteristics of source code, while CodeProNet’s multi-modal
fusion of lexical sequences, AST structures, and DFG se-
mantics achieves a more comprehensive code representa-
tion for grading tasks.

Overall, the consistent leading performance of Code-
ProNet across all metrics proves that the unified end-to-
end framework for joint code enhancement and perfor-
mance evaluation effectively leverages cross-task informa-
tion interaction to improve the accuracy and robustness of
programming performance grading, outperforming single-
task and shallow feature-based baseline models in all as-
pects.

InTable 2, CodeProNet exhibits state-of-the-art perfor-
mance across all quantitative metrics for code enhance-
ment, validating the effectiveness of its unified dual-task
framework and multi-modal code representation in gener-
ating functionally correct, syntactically robust, and human-
readable optimized source code. The model’s consistent
lead over baseline pre-trained code models underscores the
value of integrating semantic-structure fusion and multi-
scale encoding for code enhancement tasks, moving be-
yond single-modal feature learning to capture the full com-
plexity of source code logic and syntax.
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Table 1. Programming Performance Grading Results

Model Accuracy F1 Score MAE ↓ Precision Recall RMSE ↓
CNN-LSTM 0.785 0.762 0.046 0.771 0.754 0.058
CodeBERT 0.857 0.841 0.029 0.852 0.830 0.036

GraphCodeBERT 0.874 0.863 0.024 0.869 0.857 0.030
CodeT5 0.889 0.876 0.021 0.882 0.870 0.027

CodeProNet 0.923 0.917 0.012 0.920 0.914 0.015

Table 2. Code Enhancement Performance

Model Pass@1 Error
Rate ↓ BLEU Pass@5

Code
Readability

Score ↑
Token

Accuracy ↑
CodeBERT 0.723 0.287 68.5 0.815 0.672 0.824

GraphCodeBERT 0.756 0.251 71.2 0.843 0.705 0.851
CodeT5 0.785 0.223 74.6 0.869 0.738 0.876

CodeProNet 0.857 0.137 79.3 0.928 0.816 0.932

In terms of functional correctness, CodeProNet achieves
a Pass@1 score of 0.857, a 9.2% absolute improvement
over the second-best model (CodeT5) and a 18.5% gain
over CodeBERT. This substantial lift confirms that the
semantic-structure fused code representation and pointer-
augmented seq2seq decoder enable the model to generate
code that not only adheres to syntactic rules but also satis-
fies the underlying functional requirements of the original
program. The Pass@5 score of 0.928 for CodeProNet fur-
ther demonstrates its robustness: the model produces high-
quality code candidates in its top-5 generations, a critical
property for practical industrial and educational applica-
tions where multiple valid code optimizations may exist.
In contrast, baseline models show a steep drop in Pass@5
performance relative to CodeProNet, reflecting their lim-
ited ability to generate diverse and functionally valid code
variants.

The Error Rate metric quantifies the frequency of syn-
tactic, semantic, and logical errors in the generated code,
with lower values indicating more reliable enhancement.
CodeProNet attains an error rate of 0.137 , which is 38.6%
lower than CodeT5 and 52.3% lower than CodeBERT. This
dramatic reduction in errors is attributed to two key design
choices: the multi-scale Transformer encoder, which cap-
tures both local syntactic patterns and global logical depen-
dencies to avoid structural errors, and the gated semantic-
structure fusion mechanism, which aligns lexical, AST, and
DFG features to eliminate semantic mismatches. Baseline
models, by contrast, rely on partial feature integration (e.g.,
GraphCodeBERT’s single DFG fusion) or single-scale en-
coding, leading to a higher incidence of errors in complex
code structures.

The BLEU score measures the n-gram similarity between
generated code and human-optimized reference code, serv-

ing as a proxy for syntactic and stylistic quality. Code-
ProNet’s BLEU score of 79.3 outperforms CodeT5 by 6.3
points and CodeBERT by 15.9 points, indicating that the
model generates code that is not only functionally cor-
rect but also aligns with human coding conventions and
style. This result validates the effectiveness of the code
preprocessing and tokenization pipeline, which normalizes
code structure and naming conventions, and the pointer-
augmented decoder, which balances token generation and
copying to preserve meaningful original code elements
while optimizing readability and efficiency.

For Code Readability Score, CodeProNet reaches 0.816,
a 10.6% improvement over CodeT5. This highlights the
model’s unique ability to enhance code quality beyond
functional correctness, a critical feature for intelligent pro-
gramming education and automated code review where
readability is as important as functionality. Baseline mod-
els show modest readability scores due to their focus on
pure code generation rather than holistic quality enhance-
ment, while CodeProNet’s dual-task learning (joint en-
hancement and evaluation) drives it to optimize for human
interpretability alongside functional performance.

Token Accuracy measures fine-grained generation preci-
sion by calculating the ratio of correctly generated tokens to
the total token count, with higher values indicating precise
syntactic generation. CodeProNet achieves a token accu-
racy of 0.932 , outperforming CodeT5 by 6.4% and Code-
BERT by 13.1%. This high precision is a direct result of the
multi-scale Transformer encoder’s convolution-augmented
attention, which captures local token-level syntactic pat-
terns to avoid misgeneration of keywords, operators, and
structural tokens. Baseline models, which use standard self-
attention without local convolution augmentation, struggle
with fine-grained token precision, leading to more syntactic
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Fig. 2. Performance comparison histogram across models

errors and inconsistent code structure.

The incremental performance gains from CodeBERT
to GraphCodeBERT to CodeT5 confirm that integrating
more structural/semantic information and multi-task learn-
ing improves code enhancement, but these gains plateau
due to limited feature fusion and single-scale encoding.
CodeProNet breaks this plateau by fusing lexical, AST, and
DFG features via a gated mechanism and capturing multi-
grained code features with a convolution-augmented multi-
scale Transformer, demonstrating that comprehensive fea-
ture integration and multi-scale encoding are essential for
state-of-the-art code enhancement.

Overall, CodeProNet’s dominant performance across all
code enhancement metrics validates that a unified end-to-
end framework for joint code enhancement and program-
ming performance evaluation leverages cross-task informa-
tion to drive superior enhancement results. The model’s
ability to generate functionally correct, low-error, readable,
and syntactically precise code positions it as a powerful
solution for real-world applications including intelligent
programming education, automated code review, and de-
veloper productivity tools.

3.3. Ablation Study and Model Analysis

To quantitatively verify the effectiveness of each core com-
ponent of CodeProNet and explore the contribution of
different design modules to the model’s overall perfor-
mance, we conduct a comprehensive ablation study on the
Enterprise Programming Dataset (EPD) and HumanEval
datasets. We construct ablated variants of CodeProNet by
removing or replacing a single core component at a time,
while keeping all other settings unchanged. The key evalu-
ated components include: the semantic-structure fused
code representation (SSF), multi-scale Transformer en-
coder (MSTE), gated fusion mechanism (GFM), contrastive-

Fig. 3. t-SNE visualization of code representations

learning-based performance evaluator (CLPE), and pointer-
augmented decoder (PAD) for code enhancement. We re-
port the core metrics for both programming performance
grading (Accuracy, MAE) and code enhancement (Pass@1,
Error Rate) to reflect the impact of each component on
dual-task performance. In addition, we perform quali-
tative model analysis including feature visualization, in-
terpretability analysis, and robustness testing to further
validate the rationality and generalization ability of Code-
ProNet.

Table 3 presents the detailed ablation study results for
CodeProNet and its ablated variants. The full model refers
to the complete CodeProNet with all core components,
which serves as the baseline for comparison. All ablated
models show a significant performance decline in at least
one task, and the joint removal of multiple components
leads to a more severe drop, which fully confirms that each
core module is indispensable and their synergy is the key
to the model’s state-of-the-art performance.

Removing the SSF module and only retaining lexical se-
quence features results in the most significant performance
decline among all ablated variants: the grading accuracy
drops by 8.2%, MAE increases by 158.3%, Pass @1 decreases
by 13.4%, and the error rate rises by 96.4 %. This result fully
demonstrates that the fusion of lexical, AST structural, and
DFG semantic features is the foundation of CodeProNet’s
ability to capture the intrinsic characteristics of source code.
Single lexical feature learning can only model surface-level
syntactic information, but fails to understand the deep log-
ical dependencies and structural semantics of code, this
deficiency directly leads to poor performance in both quan-
titative grading and code enhancement tasks, especially
for complex code snippets with multi-layer logic and data
flow.
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Table 3. Ablation study results

Model Variant

Performance
Grading
Accuracy

Code Enhancement

MAE ↓ Pass@1 Error Rate ↓
Full CodeProNet 0.923 0.012 0.857 0.137

W/O SSF (only lexical features) 0.841 0.031 0.742 0.269
W/O GFM (weighted linear fusion only) 0.897 0.018 0.815 0.182

W/O MSTE (standard single-scale Transformer) 0.879 0.022 0.793 0.205
W/O CLPE (MLP-based evaluator only) 0.865 0.027 0.801 0.194
W/O PAD (standard seq2seq decoder) 0.883 0.020 0.786 0.217
Baseline SSF + MSTEonly,nodual - task 0.852 0.030 0.764 0.238

Replacing the gated fusion mechanism with a simple
weighted linear fusion causes a moderate performance
drop: accuracy decreases by 2.6%, MAE increases by 50%,
Pass @1 drops by 4.9%, and the error rate rises by 32.8%.
Linear fusion only performs a static weighted combina-
tion of different features and cannot adaptively adjust the
contribution of lexical, structural, and semantic features
according to the characteristics of different code snippets.
In contrast, the GFM module uses a sigmoid gate to dynam-
ically learn the feature importance, which can enhance the
effective fusion of complementary features and suppress
redundant information, this adaptive fusion ability is crit-
ical for improving the model’s ability to process diverse
code styles and logical structures.

Using a standard single-scale Transformer encoder in-
stead of the MSTE leads to a noticeable performance de-
cline: accuracy drops by 4.4%, MAE increases by 83.3%,
Pass@1 decreases by 7.5%, and the error rate rises by 49.6%.
The single-scale Transformer can only capture either local
syntactic patterns or global logical dependencies, but can-
not achieve multi-grained feature learning. The MSTE’s
convolution-augmented attention mechanism effectively
combines 1D convolution for local feature extraction and
multi-head self-attention for global feature capture, which
enables the model to simultaneously model fine-grained
token-level syntax and macro-level code logic, this multi-
scale perception ability is essential for reducing structural
errors in code enhancement and improving the precision
of quantitative grading.

Replacing the CLPE with a simple MLP-based evalu-
ator results in a significant drop in grading performance
and a slight decline in enhancement performance: accu-
racy decreases by 5.8%, MAE increases by 125%, Pass @1
drops by 6.5%, and the error rate rises by 41.6%. The MLP-
based evaluator only relies on the global pooling features of
the encoder for score prediction, which is prone to overfit-
ting and low discrimination for similar code snippets. The
CLPE module learns discriminative code representations

through positive and negative sample contrast, which not
only reduces the volatility of score prediction and improves
the interpretability of grading, but also optimizes the en-
coder’s feature learning ability for code enhancement, this
cross-task feature optimization effect verifies the rationality
of the dual-task learning framework.

Using a standard seq2seq decoder without the pointer
mechanism causes a performance drop mainly in the code
enhancement task: accuracy decreases by 4.0%, MAE in-
creases by 66.7%, Pass@1 drops by 8.3%, and the error rate
rises by 58.4%. The standard decoder can only generate
new tokens from the vocabulary, which is prone to gen-
erate irrelevant or incorrect tokens for long code snippets
and fails to retain meaningful original code elements (e.g.,
variable names, function calls). The PAD module balances
token generation and copying, which can copy valid tokens
from the input code while generating optimized syntax and
logic, this ability effectively improves the functional cor-
rectness and syntactic precision of the generated code, and
also indirectly optimizes the grading task by enhancing the
model ′ s understanding of code validity.

The baseline variant with only SSF and MSTE (excluding
dual-task joint learning) shows a significant performance
decline in both tasks: accuracy drops by 7.1%, MAE in-
creases by 150%, Pass @1 decreases by 10.8%, and the error
rate rises by 73.7%. This result validates the core advan-
tage of CodeProNet’s unified end-to-end framework: the
cross-task information interaction between code enhance-
ment and performance evaluation. The enhancement task
drives the model to learn more fine-grained code optimiza-
tion rules, while the evaluation task guides the model to
capture the key quality characteristics of code, their joint
optimization effectively improves the model’s overall fea-
ture learning ability, which is far superior to single-task
learning.
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4. Conclusions

This paper proposes CodeProNet, an advanced deep neu-
ral network for enhancing and evaluating programming
performance in a unified framework. The model integrates
semantic-structure fused code representation, multi-scale
Transformer encoding, dual-task learning, and contrastive-
learning-based evaluation. Extensive experiments demon-
strate that CodeProNet outperforms existing SOTA models
in both code enhancement and programming performance
evaluation. The model achieves high accuracy, low error
rate, and strong generalization ability, showing great po-
tential in intelligent programming education, automated
code review, and developer capability assessment. In fu-
ture work, we will extend the model to more program-
ming languages and complex programming tasks, inte-
grate lightweight design for edge deployment, combine
reinforcement learning for further optimization and build
a closed-loop intelligent programming training system.
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