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Abstract: In the process of building Docker, establishing an early warning mechanism can accurately predict the occurrence of build fail-
ures, thereby effectively saving time costs incurred due to waiting for the completion of the build. A deep neural network model DeepPDBR
based on improved source code representation and multi head attention mechanism is proposed to address the problems of difficulty in effective-
ly extracting semantic features, capturing complex feature patterns, and deep semantic relationships in existing Docker prediction models
based on configuration semantic features and traditional machine learning algorithms. Firstly, the source code is characterized using AST
staged parsing to extract deep semantic features, and the AST nodes are serialized and vectorized using Word2Vec for feature vectorization
Secondly, using Transformer encoder to capture global connections and further extract input data features; Again, using BILSTM network for
long—distance dependency feature extraction to preserve the serialized features of the data; Finally, the classification results are obtained
through the fully connected layer and Softmax layer. The experimental results show that compared to existing models, DeepPDBR has im-
proved accuracy, F1 score, and area under the curve by 5.63%~12.28%, 1.47%~50.49%, and 61.209%~93.03%, respectively, confirming its
effectiveness in Docker based prediction tasks.
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Fig. 2 Phased parsing flow of abstract syntax tree
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Table 2 Setting of model parameters
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SRR SHH
Epochs 50
Batch_size 64

Learning rate 0.000 3
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Input_dim 100

Attention_head 4

FeedForward_hidden_size 64
BiLSTM_hidden_size 64
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Table 3 Result comparison of different models

K3 TREBERLER

pi%id) Precison/% Recall/% F1/% AUC/% lERiEE]
PDBR-KNN 85.43 83.94 84.68 53.79 56s
PDBR-SVM 83.85 49.00 61.85 45.27 8 min 49 s
PDBR-LR 86.34 90.96 88.59 52.67 135
PDBR-DT 82.59 68.87 75.11 49.42 9s
PDBR-RF 84.68 85.59 85.13 44.92 14s
PDBR-NB 87.79 69.02 77.28 57.49 S5s
GRU 86.92 92.12 89.44 52.73 42 min
LSTM 87.02 92.05 89.46 52.78 47 min
RoBERTa 86.82 97.12 91.68 50.12 18 h 20 min
CodeBERT 86.72 97.28 91.70 50.59 19 h 10 min
CodeT5 86.76 97.30 91.73 50.52 37 h 15 min
DeepPDBR 92.73 93.43 93.08 86.71 19 min 25 s
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Table 4 Ablation experiment result
T4 HRELIELER (%)

T Rl Precison Recall K1 AUC
BRI FRAE Ty 20 89.45 90.96 90.20 74.25
Bedf Word2Vec [ 1k 79.21 80.33 79.77 58.16
BBRIEARIDRAE 4574 57.66 51.01 39.70
F B4R Transformer Zi i 7 85.03 89.72 87.31 50.23
B BILSTM %% 90.13 91.24 90.68 77.54
SRR A 92.73 93.43 93.08 86.71
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