http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200800193

St A 2

ETSHERHEMESHEMNEZHRBEAHEEIRMGET X

K K BEH KFEK
dAFE T AFFEEFH A 100124

(miqing@ bjut. edu. cn)

H E OANRATEERTLEZ EHGIFELARRERERZ FIRABRAALEY RA DR T A EAEN
FTRixz, Ao, AAGHSRBTEBRIFEIARTERSZAATHELRSG, X BARDBEAEF X BRKFAF L7 ER
FHw L FEEREFRGS, AR X PRRAREFISAZTEHRARTFERET AT L HEREFREAZER B HK
AT i b AR 7 ok, B At A B A AP — A B W 2 AR N F A R R R R Y AR R KD 2 A 6 A 13 8 e
EAATE  RA RIS R T i) TR, AW Z T RS KT 5L 84, 6 W R AE A R, b ik A A RAY 2 W
HRIT 920 R AT AYZ WA BEARIT 650 AL RAKETRA G S AT BIET AR B 2 % Z
B AE Ao R AN 2 W) 50 AL,

KA AL T i b KA R AR IR T RS AR BRI

FEZESES TP311

Code Readability Assessment Method Based on Multidimensional Features and Hybrid Neural
Networks

MI Qing,GUO Li-min and CHEN Jun-cheng

Faculty of Information Technology,Beijing University of Technology,Beijing 100124, China
Abstract Quantitative and accurate assessment of code readability is an important way to ensure software quality, reduce com-
munication and maintenance costs, and improve the efficiency of software development and evolution. However, existing code
readability studies depend mainly on the manual feature engineering method, which is likely to limit the model performance due to
factors such as code representation strategies and technical means. Unlike prior studies, we propose a novel code readability as-
sessment method based on multidimensional features and hybrid neural networks by using the technique of deep learning. Specifi-
cally, we first propose a representation strategy with different granularity levels to transform source codes into matrices and vec-
tors as the input to deep neural networks. We then build a CNN-BiGRU hybrid neural network that can automatically learn struc-
tural and semantic features from the source code. The experimental results show that our method is able to achieve an accuracy of
84.6% ,which is 9. 2% higher than CNN alone and 6. 5% higher than BiGRU alone. Moreover, our method can outperform five
state-of-the-art code readability models, which confirms the feasibility and effectiveness of multidimensional features and hybrid
neural networks proposed in this study.
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Fig. 1 General overview of proposed approach
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