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95 e X TSt T Baseline |  96.09 96.35
X
8 A C - -/f'- --------------- GCN 96.67 96.57
=] 5
<z 4 g0 /) Siamese-GCN | 97.54 97.51
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K S g5 ~e= embedding: struct only Siamese-GNN 97.76 97.58
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85 ¢ f =e= matching: struct only GMN 99.28 99.18
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Model 3. 200] [20. 200] 50, 200]
NGMN-GCN (Our) 97.73+0.11 98.29+0.21 96.81+0.96
NGMN-GraphSAGE 07.31+0.56 08.21£0.13 07.88+0.15
NGMN-GIN 07.97+0.08 98.06+0.22 04 66+4.01
NGMN-GGNN 98.42+0.41 99.77+0.07 97.93+1.18
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FFmpeg OpenSSL
Model
[3, 200] [20, 200] [50, 200] [3, 200] [20, 200] [50, 200]
NGMN (Max) 73.74+8.30 73.85+1.76 77.72+£2.07 67.14+2.70 63.31+3.29 63.02+2.77
NGMN (FCMax) 97.28+0.08 96.61+0.17 96.65+0.30 95.3740.19 96.08+0.48 95.90+0.73
NGMN (BiLSTM) 97.73+0.11 98.29+0.21 96.81+0.96 96.5610.12 97.60+0.29 92.89+1.31
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Model [3, 200] [20, 200] [50, 200]
MGMN (Max + BiLSTM) 97.44+0.32 97.84+0.40 97.2240.36
MGMN (FCMax + BiLSTM) 98.07+0.06 98.29+0.10 97.83+0.11

MGMN (BiLSTM + BiLSTM) 97.56+0.38 98.1240.04 97.164+0.53 17
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FFmpeg OpenSSL
Model
[3. 200] [20, 200] (50, 200] 3. 200] 120, 200] (50, 200]
SimGNN 95.38+0.76 9431+1.01 93.45+0.54 95.96+0.31 93.58+0.82 94.25+0.85
GMN 94.154+0.62 95.92+1.38 94.76+0.45 96.43+0.61 93.03+3 .81 93.91+1.65
GraphSim 97.4640.30 96.49+0.28 94.48+0.73 96.84+0.54 94.97+0.98 93.66+1.84
SGNN (Max) 93.9240.07 93.82+0.28 85.1541.39 91.07+0.10 88.94+0.47 82.10+0.51
SGNN (FCMax) {{FHE-E 9537+0.04 96.29+0.14 95.98+0.32 92.64+0.15 93.79+0.17 93.21+0.82
SGNN (BiLSTM) 96.9240.13 97.62+0.13 96.35+0.33 95.24+0.06 96.30+0.27 93.99+0.62
NGMN (Max) . 73.74+8.30 73.85+1.76 77.72+2.07 67.14+2.70 63.3143.29 63.02+2.77
NGMN (FCMax) (¥ {EFHTI =—E 97.28+0.08 96.61+0.17 96.65+0.30 95.37+0.19 96.08+0.48 95.90+0.73
NGMN (BiLSTM) 97.7340.11 98.29+0.21 96.81+0.96 96.56+0.12 97.60+0.29 92.89+1.31
MGMN (Max + BiLSTM) 97.44+0.32 97.84+0.40 97.22+0.36 94.77+1.80 97.44+0.26 94.06+1.60
MGMN (FCMax + BiLSTM) 98.07+0.06 98.29-+0.10 97.83+0.11 96.87+0.24 97.59+0.24 95.58+1.13
MGMN (BiLSTM + BiLSTM) 97.56+0.38 98.12+0.04 97.16+0.53 96.90+0.10 97.31+1.07 95.87+0.88
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Datasets Model mse (10™3) P T p@10 p@20
SImGNN 2.479+1.038 0.91240.031 0.7914+0.046 0.635+0.328 0.650+0.283
GMN 2.5714+0.519 0.906+0.023 0.763+0.035 0.888+0.036 0.856+0.040
GraphSim 0.47140.043 0.9764+0.001 0.931+0.003 0.956+0.006 0.942+0.007
SGNN (Max) 11.832+0.698 0.566+0.022 0.4044+0.017 0.226+0.106 0.492+0.190
SGNN (FCMax) {X{@HE-[E 1779540406  036240.021 025240015  0.23940.000  0.24140.000
SGNN (BILSTM) 2.140+1.668 0.935+0.050 0.8254+0.100 0.878+0.012 0.86540.007
LINUX1000

NGMN (Max)* 16.921+0.000 - - - -

NGMN (FCMax) 12@]55 '|'_l -8 4.793+0.262 0.8294+0.006 0.665+0.011 0.764+0.170 0.767+0.166
NGMN (BiLSTM) 1.561+0.020 0.945+0.002 0.8144-0.003 0.7434+0.085 0.7414+0.086
MGMN (Max + BiLSTM) 1.05440.086 0.962+0.003 0.850+0.008 0.8771+0.054 0.88340.047
MGMN (FCMax + BiLSTM) 1.5754+0.627 0.9461+0.019 0.817+0.034 0.807+0.117 0.78440.108

MGMN (BiLSTM + BiLSTM)

0.439+0.143

0.985+0.005

0.919+0.016

0.955+0.011

0.943+0.014
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FFmpeg OpenSSL
Model
[3, 200] [20, 200] [50, 200] [3, 200] [20, 200] [50, 200]
NGMN-(1 layer) 97.84£0.08 71.05+2.98 75.05+17.20 97.51+£0.24 88.87+14.79 77.72+7.00
NGMN-(2 layers) 98.030.15 84.72112.60 90.58+10.12 97.65=0.10 95.78%3.46 86.39£8.16
NGMN-(3 layers) 97.73+0.11 98.29+0.21 96.8110.96 96.56*0.12 97.60+0.29 92.89+1.31
NGMN-(4 layers) 97.96+0.22 98.06+0.13 97.94+0.15 96.79+0.21 98.211+0.31 93.40+1.78
- AELARE
FFmpeg OpenSSL
Model
[3, 200] [20, 200] [50, 200] [3. 200] [20, 200] [50, 200]
NGMN-(d = 50) 98.11+0.14 97.76+0.14 96.93+0.5% 97.38+0.11 97.03+0.84 93.38+3.03
NGMN-(d = 75) 97.99+0.09 97.94+0.14 97.41+0.05 97.09%0.25 98.66+0.11 92.10+£4.37
NGMN-(d = 100) 97.73+0.11 98.29+0.21 96.8110.96 96.56+0.12 97.60+0.29 92.89+1.31
NGMN-(d = 125) 08.10+0.03 98.06£0.08 97.2610.36 96.7310.33 98.67+0.11 96.03+2.08
NGMN-(d = 150) 98.321+0.05 98.11£0.07 97.92£0.09 96.50£0.31 98.04£0.03 97.13£0.36
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