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Abstract: The high dynamics of opportunistic network topology leads to the challenges of topology prediction. The ex-
isting research mainly focuses on the long-term spatiotemporal dependence of networks, ignoring the short-term spati-
otemporal features. A topology prediction method for opportunistic network based on dynamic time warping algorithm
and spatiotemporal convolution (DTW-STC) was proposed, which integrated long-short term spatiotemporal dependence
in opportunistic network. The time slot was determined based on dynamic time warping algorithm, so that the opportunis-
tic network was sliced into snapshots which topology was presented by link state matrix. Temporal convolution was em-
ployed to extract short-term temporal features. The spatiotemporal graph, representing the short-term spatiotemporal rela-
tionship, was constructed by temporal features and network changes. The short-term spatiotemporal features were cap-
tured by graph convolution. After stacks of spatiotemporal convolution, the long-short term spatiotemporal features of
network were achieved. Based on the autoencoder structure, vector space transformation was realized, so that the future
network topology was predicted. The results on three real opportunistic network datasets, ITC, MIT, and Asturias-er,
show that the proposed DTW-STC has better prediction performance than ones of other baseline methods.
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4.2.4 HRREIR
I VY Rl S B B E STC A7 b i 4% & 4R 4h
AR T n A S, R4 R R 4
Fi7 o

HH3R 4 WA, BERRAT— i 5 T P Re 38 A B T
F%, AUC 1 PRAUC 73 AlF#fIK T 0.44%~2.63%F1
1.81%~5.77%. Fenlth, BRI SE G, TRRE
K, AUC F1 PRAUC MIFIMERIRT 1.97%A0
4.37%, XEFNBERE S E G, STC ALK
TR 200 R, FECR A BRI 2K A I 2
REAE, 10 I A 2 Pt T M e ) sk fe s A BRdh4h
AR S, AUC F1 PRAUC FPEIME 20 R T
0.75%F1 1.9%, FFRITEHITfE, AUC il PRAUC
HIFAME 5> 3 R BE T 0.80%A0 2.24%, IXHIX 2 4>
BN TN R B DTBRE D, RIS S Bk 1 Fh bR A
B RIS PRI s AT 25 ¢ RIMRAERE ST, |1 BTl
STC FEAYE— 35 O3 T IR 45 E

ARG UL, A AR S E L R
FERE. IR RERR ST STC BB TR PERE -
4.2.5 DTW-STC 7 ikt 3E

£ ITC.MIT 1 Asturias-er Hl< W25 5454 |,
DTW-STC J7i%5 7 FEEL ik gext thinsk 5
Fime IR S AIgn, HELEMEMEMLL,
DTW-STC ] AUC #1 PRAUC 7£ ITC E43 3427+ T

0.63%F1 1.65%, £ MIT E2HHTET 0.03%F0
1.47%, 1 Asturias-er 73732 T 0.64%H13.27%.

CTDNE #£ ITC #11 Asturias-er [ T0 M BE &
7, 1E MIT | AUC FabnfE A, 1B B T HE b1
FEMTALE CTDNE A& H T LA AL
2% ; 5 E-LSTM-D #1 Dyngraph2vec fHLL,
DTW-STC 7 MIT 55 Asturias-er b T GE RO T+
MEEERCR, SR EMEL, AUC fl PRAUC 43 5$2
=T 1.35%F01 3.83%, X/&F N DTW-STC $2HL T
P 265K A AR 2SRRI, RPRRASER . FRR T R AL
SR I TIN T FE U, Self-Attention A% FE /28 3
FMEEIL, GCN-GAN. T-GCN Al SE-GRU ZA1L T
P 28 5 S B 2 REAE, S EUE AT T A R S T
DTW-STC, H4%k GCN-GAN ] GAN H5a 57 [
316847, B MIT | DTW-STC HJ AUC Al
PRAUC# % T 0.03%A1 1.47%, 18 H A& di 4 I,
S ML, DTW-STC ) AUC fil PRAUC #75
T 0.64%H1 2.77%.

3 — 5 B0 UF F D TR 59 %o R 45 1 e 1) 5
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JIT 22 173 A R BRSO AR R I 48 P g i i , 2 56 45 TR 4l

%4 IHRASEIREER
ITC MIT Asturias-er MG
T 75
AUC PRAUC AUC PRAUC AUC PRAUC AUC PRAUC
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TR 777
AUC PRAUC AUC PRAUC AUC PRAUC
Self-Attention 0.9559 0.7555 0.962 9 0.764 7 0.971 8 0.858 6
CTDNE 0.736 8 0.760 7 0.8275 0.8508 0.691 6 0.767 9
Dyngraph2vec 0.956 9 0.885 4 0.938 1 0.8420 0.965 3 0.905 5
E-LSTM-D 0.945 1 0.8775 0.948 5 0.850 2 0.9812 0.946 7
GCN-GAN 0.944 7 0.8742 0.970 2 0.890 6 0.988 3 0.9523
SE-GRU 0.954 0 0.849 2 0.940 2 0.851 6 0.976 8 09115
T-GCN 09120 0.820 1 0.874 3 0.8122 09118 0.858 2
DTW-STC 0.963 2 0.901 9 0.970 5 0.905 3 0.994 7 0.9850
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