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star [0,0,0,0,0,0,0,0,1,0,0,0,0,...]

sun 1[0,0,0,0,0,0,0,1,0,0,0,0,0, ..]

sim(star, sun) = 0 @
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Tomas Mikolov et al. Distributed representations of words and phrases and their
compositionality. NIPS 2013.
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 IRFBEEKRITHSMES (k=2)

Perozzi et al. DeepWalk: Online Learning of Social Representations. KDD 2014
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Tang et al. LINE: Large-scale Information Network Embedding. WWW 2015 16
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node2vec
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Grover and Leskovec, node2vec: Scalable Feature Learning for Networks. KDD 2016
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Yang et al. Network Representation Learning with Rich Text Information. [JCAI 2015.
Yang et al. Fast Network Embedding Enhancement via High Order Proximity Approximation



Algorithm Dataset
BlogCatalog PPI Wikipedia
Spectral Clustering 0.0405 0.0681 0.0395
DeepWalk 0.2110 0.1768 0.1274
LINE 0.0784 0.1447 0.1164
node2vec 0.2581 0.1791 0.1552
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Yang et al. Network Representation Learning with Rich Text Information. [JCAI 2015.
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Table 1: Evaluation results on Cora dataset.

Classifier Transductive SVM SVM
% Labeled Nodes 1% 3% 7% | 10% || 10% | 20% | 30% | 40% | 50%
[ DecepWalk 620 | 683 | 727 | 728 || 764 | 780 | 79.5 | 805 | 8I.0
PLSA 477 | 519 | 55.2 | 60.7 || 57.0 | 63.1 | 65.1 | 66.6 | 67.6
Text Features 33.0 43.0 57.1 62.8 58.3 67.4 71.1 73.3 74.0
Naive Combination | 67.4 | 70.6 | 75.1 | 77.4 |[ 765 | 80.4 | 823 | 833 | 84.1
NetPLSA 657 | 679 | 745 | 773 || 80.2 | 83.0 | 84.0 | 849 | 85.4
TADW 721 | 77.0 | 79.1 | 81.3 || 82.4 | 85.0 | 85.6 | 86.0 | 86.7
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I am studying NLP problems,
including syntactic parsing,
machine translation and so on.

<« Co-author P> & <4 Co-author-p a

NPT

My research focuses on typical am a NLP researcher in machine
NLP tasks, including word translation, especially using deep
segmentation, tagging and learning models to improve

syntactic parsing. machine translation.
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Tu, et al. CANE: Context-Aware Network Embedding for Relation Modeling. ACL 2017.
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%Removed edges | 15% 25%  35% 55% 65% 5% 85% 95%
DeepWalk 55.2 66.0 70.0 81.3 833 876 889 88.0
LINE 53.7 604 66.5 785 838 875 87.7 87.6
node2vec 57.1 63.6 69.9 84.3 87.3 884 89.2 89.2
Naive Combination 78.7 821 84.7 88.7 91.8 921 920 92.7
TADW 87.0 89.5 91.8 91.1 926 935 919 917
CENE 86.2 84.6 89.8 923 91.8 93.2 929 93.2
CANE (text only) 83.8 852 873 91.1 91.2 91.8 93.1 93.5
CANE (w/o attention) | 84.5 89.3 89.2 91.1 918 923 92. 6
CANE 90.0 91.2 920 942 946 954 95.7 96.3
Table 3: AUC values on HepTh. (o = 0.7, 8 = 0.2,y = 0.2)
%Removed edges 15% 25% 35% 55% 65% 5% 85% 95%
DeepWalk 56.6 58.1 60.1 61.8 619 63.3 63.7 67.8
LINE 52.3 559 59.9 64.3 66.0 67.7 69.3 711
node2vec 54.2 57.1 573 58.7 62.5 66.2 676 68.5
Naive Combination 55.1 56.7 58.9 644 687 689 69.0 715
TADW 523 54.2 55.6 60.8 624 652 63.8 69.0
CENE 56.2 574 60.3 66.3 66.0 70.2 69.8 73.8
CANE (text only) 55.6 56.9 57.3 63.6 67.0 685 704 735
CANE (w/o attention) | 56.7 _ 59.1 _ 60.9 66.1 689 698 T71.0 T74.3
CANE 56.8 59.3 629 689 704 714 736 754

Table 4: AUC values on Zhihu. (a = 1.0, 8 = 0.3,y = 0.3)




e Mutual Attention

Edge #1: (A, B)

Machine Learning research making great progress many
directions This article summarizes four directions discusses
current open problems The four directions improving
classification accuracy learning ensembles classifiers methods
scaling learning algorithms

learning complex stochastic models

The problem making optimal decisions uncertain conditions
central Artificial Intelligence If state world known times world
modeled Markoy Decisior Process MDP MDPs studied
extensively many methods known determining optimal courses
action policies The realistic case state information partiall
observable Partially Observable Markov Decision H
received much less attention The best exact
algorithms problems inefficient space time We introduce
Smooth Partially Observable Value Approximation SPOVA
new approximation method quickly yield good approximations
improve time This method combined “ learning
ﬁ combination effective test cases

Edge #2: (A, C
ﬁ H tesearch making great progress many

directions This article summarizes four discusses
current open problems The four directions improving

classification accuracy learning ensembles classifiers methods
scaling reinforcement learning
learning

In context machine leaming examples paper deals problem
estimating quality attributes without dependencies among

Rendell developed algorithm called RELIEF shown efficient
estimating attributes h RELIEF deal discrete continuous
attributes limited twoclass problems In paper analysed
extended deal noisy incomplete multiclass data sets The
extensions verified various arfificial one well known realworld
problem
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& ¥ot lozzed in Talk Contributions Create accomnt Log i

Article Talk Read Edit View history |Search Q
Wikeprd  LensorFlow
[Cresieyiopatiy From Vikipedia, the free encyclopedia
Main page TensorFlow is an open source software library for nachine learning in various kinds of perceptual and language understanding tasks. %) It is a second-generation API which is currently used for both TensaFlow
i“"“"': research and production by 50031min 0415/2:17 gigferent teans in dozens(*1'»-2 of commercial Google products, such as speech recognition, Gmail, Google Photos, and Search. (31:0:%8/2:17 These teans had
" tent
I 1y used lief, a ion API. TensorFlow vas originally developed by the Google Brain tean for Google’s vesearch and production purposes and later veleased under the Apache 2.0
Bandon wrticle open source license on November 9, 2015. [1(5]
Donate to Wikipedia
0o Himo Conterts  [hide]
= 1 History
Interaction L1 DietBelict
-~ .1 DistBelie
Lo di 1.2 TensorFlow
o (BT
Communi ty portal 1.3 Tensor Processing Unit (TPU) TensorFIoW
Recunt]ohanges 2 Features Developer(s) Google Brain Tean[!]
Contact page
e 3 Applications Initiel release Hovember 9, 2015; 6
Tools 4 See also months age
W¥hat links here § References Stable release  0.8.0[2)
RIceodl e 6 Rt 60 .
Upload £ile Developnent status Active
Special pages Written in Python, C++
Permanent link HiStOI‘y [edit] Platform Linux, Mac 0S X
o . Type Machine Learning
al links
External i [ edit]
o Official websited
e Official source code repositoryd
sof tware

Categories: Applied machine learning |Data mining and machine learning software IDeep learning | Free statistical
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DeepWalk as Matrix Factorization

. Biased Gradient
I Support Vectors

- Classification

Max-margin classifier Boundary

Tu, et al. Max-Margin DeepWalk: Discriminative Learning of Network Representation.

[JCAI 2016.
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DeepWalk as Matrix Factorization
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Table 2: Accuracy (%) of vertex classification on Citeseer.

o
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%Labeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%
DW 49.09 | 55.96 | 60.65 | 63.97 | 65.42 | 67.29 | 66.80 | 66.82 | 63.91
MFDW 50.54 | 54.47 | 57.02 | 57.19 | 58.60 | 59.18 | 59.17 | 59.03 | 55.35
LINE 39.82 | 46.83 | 49.02 | 50.65 | 53.77 54.2 53.87 | 54.67 | 53.82
MMDW(n = 107°) | 55.60 | 60.97 | 63.18 | 65.08 | 66.93 | 69.52 | 70.47 | 70.87 | 70.95
MMDW(n = 10-3) 55.56 | 61.54 | 63.36 | 65.18 | 66.45 | 69.37 | 68.84 70.25 | 69.73
MMDW(n = 10~%) | 54.52 | 58.49 | 59.25 | 60.70 | 61.62 | 61.78 | 63.24 | 61.84 | 60.25
Table 3: Accuracy (%) of vertex classification on Wiki.

%1abeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%
DW 52.03 | 54.62 | 59.80 | 60.29 | 61.26 | 65.41 | 65.84 | 66.53 | 68.16
MFDW 56.40 | 60.28 | 61.90 | 63.39 | 62.59 | 62.87 | 64.45 | 62.71 | 61.63
LINE 52.17 | 53.62 57.81 57.26 | 58.94 | 62.46 | 62.24 | 66.74 | 67.35
MMDW(n = 107%) | 57.76 | 62.34 | 65.76 | 67.31 | 67.33 | 68.97 | 70.12 | 72.82 | 74.29
MMDW(n = 107%) | 54.31 | 58.69 | 61.24 | 62.63 | 63.18 | 63.58 | 65.28 | 64.83 | 64.08
MMDW(n = 107 | 53.98 | 57.48 | 60.10 | 61.94 | 62.18 | 62.36 | 63.21 62.29 | 63.67
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(a) Friendship Network (b) User Trajectory

Fig. 1. An illustrative example for the data in LBSNs: (a) Link connections represent the friendship be-
tween users. (b) A trajectory generated by a user is a sequence of chronologically ordered check-in records.

Yang et al. A Neural Network Approach to Jointly Modeling Social Networks and Mobile
Trajectories. ACM TOIS.
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Short-term Context Representation modeled by RNN

Long-term Context Representation modeled by GRU
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Dataset Brightkite Gowalla
Metric (%) | R@l | R@5 | R@10 | R@l | R@5 | R@10
PV 18.5 | 44.3 53.2 9.9 27.8 36.3
FBC 16.7 | 44.1 54.2 13.3 | 344 | 42.3
FPMC 20.6 | 45.6 53.8 10.1 | 24.9 31.6
PRME 15.4 | 44.6 53.0 12.2 | 31.9 38.2
HRM 17.4 | 46.2 56.4 7.4 26.2 37.0
JNTM 22.1 | 51.1 60.3 154 | 38.8 48.1

ii—l_-J
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Dataset Brightkite Gowalla
Metric (%) | R@l | R@5 | R@10 | R@l | R@5 | R@10
PV 0.5 1.5 2.3 1.0 3.3 5.3
FBC 0.5 1.9 3.0 1.0 3.1 5.1
FPMC 0.8 2.7 4.3 2.0 6.2 9.9
PRME 0.3 1.1 1.9 0.6 2.0 3.3
HRM 1.2 3.5 5.2 1.7 9.3 8.2
JNTM 1.3 3.7 5.5 2.7 8.1 12.1
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Training Ratio 20% 30% 40% 50%
Metric (%) R@5 | R@10 | R@5 | Re10 | R@5 | Re10 | R@5 | R@10
DeepWalk 2.3 3.8 3.9 6.7 5.5 9.2 7.4 12.3

PMF 2.1 3.6 2.1 3.7 2.3 3.4 2.3 3.8
PTE 1.5 2.5 3.8 4.7 4.0 6.6 5.1 8.3
TADW 2.2 3.4 3.6 3.9 2.9 4.3 3.2 4.5
JNTM 3.7 6.0 54 8.7 6.7 11.1 8.4 13.9

Training Ratio 20% 30% 40% 50%
Metric (%) R@5 | R@10 | R@5 | Re@10 | R@5 | R@10 | R@5 | R@10
DeepWalk 2.6 3.9 5.1 8.1 7.9 12.1 | 10.5 15.8

PMF 1.7 2.4 1.8 2.5 1.9 2.7 1.9 3.1
PTE 1.1 1.8 2.3 3.6 3.6 5.6 4.9 7.6
TADW 2.1 3.1 2.6 3.9 3.2 4.7 3.6 5.4
JNTM 3.8 5.5 5.9 8.9 7.9 11.9 | 10.0 15.1
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— Bipartite Networks, Signed Networks, Hetereogeneous
Networks, ...
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Entity Space - Relation Space of r

TransR (AAAI 2015)
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Description-Embodied KRL
DKRL (AAAI 2016)
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Path-based Transk
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KRL with entities, attributes and relations
KR-EAR (1JCAI 2016) 0
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http://nlp.csal.tsinghua.edu.cn/~lzy/

lluzy@tsinghua.edu.cn



