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Method of Attributed Heterogeneous Network Embedding with Multiple Features

TANG Qi-you,ZHANG Feng-li, WANG Rui-jin, WANG Xue-ting,ZHOU Zhi-yuan and HAN Ying-jun

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054, China

Abstract Network embedding aims to represent nodes in unstructured network with low-dimensional, real-valued vectors,so that
node embedding can retain the structural and attribute features of the original network as much as possible. However, current re-
search mainly focuses on embedding the network structure. There are few researches considering relationship attributes and node
attributes with rich semantics in heterogeneous information networks, which may result in semetic loss of node embedding and af-
fect the prediction effect of downstream applications. To solve this problem, this paper designs a method of attributed heteroge-
neous network embedding with multiple features(tMFAHNE). This method integrates the relationship attributes,node attributes
and structural semantics in the network into the final node embedding through the steps of sampling sequence, embedding with
structural feature,embedding with attribute feature and merging features. Experiment result shows that this method can take into
account the structural feature and attribute features, realizes the mutual supplement of two kinds of feature information,and is
better than the traditional network embedding methods.

Keywords Network embedding, Heterogeneous information network, Structural feature, Attribute feature, Attributed heteroge-

neous network
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By il Hiinal @ RIVIX dim
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2. for viin V.
3. forvjin V.
4 wi.j<weighted(att; ;) (R (1) =R (4))
5. Sequence<—sample(W) (5X(5))
6. % FRAF i AR
7. for batch in batches:
8 score<— T HAHBLA B (H ) (R (8) (20 (9))
9. loss<3H5 451 2 (score, HY ) (2R(6) L3 (7) (3 (10))
10.  HH S % (loss)
11, = J@ PE R AL
12. for vin V.
13, for iin numau, (v):
14. h'Y <feature(att,.;) (X (11))
15.  h™<average(hi"") (X (12))
16. = ¥H{ERL&
17. x<std(H=) /std(H**) (X (15) , 5 (16))
18. for h*" in Hawv,
19.  for x in h¥"";
20. x'<mean(H*™) +A(x—mean(H")) (X (17))
21. Hfimal<sigmoid (H™ B H=) (£ (13) .20 (14) .7 (18))
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(2)Node2vec, ZJ7ETERFERY A I} %5 B T DES 5 BFS
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Xof TSR FEAR B 195 2T 5 R AR ] word2vee 15 55 A
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Table 2 Results of node classification

10% 20% 30% 10% 50% 60% 70% 80% 90%
Deepwalk 0.8219 0.8494 0.8659 0.8795 0.8945 0.9154 0.9238 0.9298 0.9277
Node2vec 0.8559 0.8657 0.8797 0.8921 0.9136 0.9266 0.9339 0.9443 0.9440
LINE(1st+2nd) 0.2417 0.2598 0.2702 0.2971 0.3209 0.3255 0.3368 0.3478 0.3297
metapath2vec)2g 0.7902 0.8368 0.8793 0.9004 0.9173 0.9310 0.9392 0.9483 0.9508
X ) metapath2vecess 0.8317 0.8601 0.8955 0.9125 0.9269 0.9411 0.9472 0.9559 0.9573
MicroF1 Featuresiru 0.8399 0.8636 0.9000 0.9161 0.9333 0.9469 0.9549 0.9626 0.9649
Featureay 0.9105 0.9099 0.9140 0.9136 0.9154 0.9130 0.9146 0.9084 0.9027
MFAHNE at 0.8406 0.8639 0. 9006 0.9167 0.9331 0.946 6 0.9551 0.9629 0.9654
MFAHNE, . 0.9108 0.9154 0.9349 0.9480 0.9609 0.9689 0.9746 0.9775 0.9728
MFAHNE 0.9353 0.9362 0.9519 0.9603 0.9701 0.9756 0.9800 0.9820 0.9799
Deepwalk 0.8073 0.8275 0.8543 0.8637 0.8852 0.9100 0.9185 0.9259 0.9243
Node2vec 0.8343 0.8553 0.8614 0.8785 0.9022 0.9179 0.9253 0.9377 0.9382
LINE(1st+2nd) 0.1692 0.1857 0.1966 0.2195 0.2432 0.2502 0.2580 0.2695 0.2531
metapath2vecizg 0.7650 0.8107 0.8674 0.8910 0.9112 0.9250 0.9344 0.9474 0.9474
Macro-F1 metapath2vecess 0.8120 0.8424 0.8890 0.9044 0.9223 0.9339 0.9424 0.9542 0.9539
Featuresiru 0.8219 0.8473 0.8903 0.9084 0.9285 0.9421 0.9515 0.9608 0.9634
Featureay 0.8845 0.8807 0.8873 0.8868 0.8896 0.8864 0.8912 0.8829 0.8764
MFAHNE 4 0.8227 0.8479 0.8911 0.9093 0.9282 0.9418 0.9518 0.9613 0.9638
MFAHNE e 0.8917 0.8958 0.9210 0.9383 0.9539 0.9615 0.9693 0.9735 0.9684
MFAHNE 0.9187 0.9195 0.9396 0.9504 0.9627 0.9680 0.9745 0.9774 0.9749
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Pl 3Ca) 4 i T 9 0 26 4 2R B i A 2 B A T AR Ak Y
TEOL . W T ALE BN 2> JEBOR B 22 L B iR 4 2
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Fig. 3 Parameter sensitivity analysis for classification
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Table 3 Results of node clustering

NMI AMI

Deepwalk 0.5004 0.4945
Node2vec 0.0678 0.0578
LINE(1st+2nd) 0.1201 0.1167
metapath2vecizg 0.4991 0.4990
metapath2vecss 0.5518 0.5501
Featuresiry 0.5977 0.5945
Featureauv 0.7211 0.7147
MFAHNE . 0.5860 0.5844
MFAHNE.e 0.7491 0.7428
MFAHNE 0.8369 0.8332
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