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Fig. 1 Graph conversion
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Fig. 2 Graph structure
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Tablel HolStep dataset statistics
Train Test Positive Negative
Examples 2013046 196030 1104538 1104538
Avg.length 503.18 440.20 535.52 459.66
Cojectures 9999 1411
Avg.
. 29.58 22.82
dependencies
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Fig. 6 Data set organization



statement conjecture
GraphConv GraphConv
MaxPooling MaxPooling
GraphConv GraphConv
MaxPooling MaxPooling
| Concat |
Dense
Dropout
| Softmax |
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Table 4 GCN performance details

model CNN | RNN | %€ | GCN
Acuraccy(%) 82 83 71 80
Table 3 Confusion Matrix
Actual \ Predict Positive Negative
Positive 82934[TP] | 15081[FN]
Negative 23320[FP] | 74695[TN]

Each performance index Value(%)

Accuracy 80

Recall 85

Precision 78

f1 81
1
0.9
0.8
o7

g
0.6
0.5
0.4
4 8 16 32 64 128 256
batchsize
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