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Most popular social networks worldwide as of January 2018, ranked by

Facebook

YouTube

WhatsApp

Facebook Messenger

WeChat

QQ

Instagram

Tumblr**

QZone

Sina Weibo

Twitter

Baidu Tieba*

Skype*

LinkedIn**

number of active users (in millions)

2167
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* PRofession Identification in Social Media (PRISM)

Profession Identification with Personal Information

Profession Refinement with Community Structure

| [ e —————
| Base Classifier 01 +—— : | Type of this node v? .
| ' (ReTmEE | -
| 1 I lp{v € A)=p(v € B) (Personal Info)
: Base Classifier 02 +— |
| : | | Links{v, A)>>Links(v, B}
Y | |_
| ) i i- - - ——
| 8ase Classifier 03 o FUSI.O.H \—L> MEII?I
| : n,  Classifier 7 | Training
| . |
| a | s
| » | p
. |
: Base Classifiesrn  +— O N \
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[McPherson et al. 2001]
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Method | Accuracy | Precision | Recall F
LPA 58.86 57.05 54.53 | 55.76
CD 64.20 65.11 60.78 | 62.87

PRISM

A=0.1 84.17 83.15 81.62 | 82.37

A=0.2 84.92 83.78 81.89 | 82.82

1=03 81.12 79.10 77.42 | 78.25

A1=0.5 77.56 76.53 75.08 | 75.79

Method Accuracy | Precision | Recall F
DES 31.25 51.82 28.90 | 37.11
TAG 38.11 50.55 31.04 | 38.46
VER 78.63 75.73 74.89 | 75.31
MSG 47.47 49.58 42779 | 45.93
MEN 38.22 42.85 30.59 | 35.70
URL 26.38 36.47 13.68 | 19.90
ENT 33.86 36.88 26.95 | 31.15
HAS 30.91 37.44 17.60 | 23.94

Single Vector 39.25 48.33 34.92 | 40.54

Fusion 81.25 79.60 76.27 | 77.90

Fusion+MT 83.38 82.24 81.35 | 81.79
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No. Profession Con;. Interj. | M.P.

1 media A9v . .

2 government 1.29 0.17 1.70
3 entertainment | 1.08v7 | 0.26 /A | 2.38A
4 estate 1.26 0.15 1.72
5 finance 1.39A | 0.15v7 | 1.65vy
6 IT 1.35A | 0.1557 | 1.66
7 sports 1.04 0.25A | 2.60A
8 education 1.4 0.16v/ D0V
9 fashion 1.25 0.22 1.95
10 games 1.34 0.16 1.26vy
11 literature 1.31 0.27A | 2.25
12 services 1.29 0.18 1.94
13 art 1.11v7 | 0.22A | 2.06A
14 healthcare 1.76 A | 0.11 1.15
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Tag Correspondence Model (TCM)
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* kNN, TagLDA, NetSTM

Recall
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* Distributed Representation
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TensorFlow
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Fron Vikipedia, the free encyclopedia

TensorFlow is an open source software library for machine learning in various kinds of perceptual and language understanding tasks.¥) It is a second-gensration API which is currently used for both
research and production by 50[31:min 0:16/2:17 gigferent teans in dozens[1:P-2 of commercial Google products, such as speech recognition, Gmail, Google Photos, and Search. [31:0:26/2:17 These teanms had
previously used DistBelief, a first-generation API. TensorFlow was originally developed by the Google Brain tean for Google’s research and production purposes and later released under the Apache 2.0

open source license on November 9, 2015, [11[5]

Contents  [hide]

1 History

1.1 DistBelief

1.2 TensorFlow

1.3 Tensor Processing Unit (TPU)
2 Features
3 Applications
4 See also
5 References
6 Extemal links

History reait]

TensorFlow

TensorFlow

Developer (s) Google Brain Teanl!]

Initial release  November 9, 2015; 6
nonths ago

Stable relesse  0.8.02]

Development status Active

Written in Python, C++

Platforn Linu, Mac 05 X

Type Machine Learning

Page

External links [eait)

o Official websited

e Official source code repositoryd

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

. Biased Gradient
I Support Vectors
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* Max-Margin DeepWalk (MMDW)
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- Classification
Max-margin classifier
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Table 2: Accuracy (%) of vertex classification on Citeseer.

%Labeled Nodes 10% 20% 30% 40% 50% 60% 70%
DW 49.09 |5§45_ T(;] 50.6 63.97 | 65.42 | 67.29 | 66.80
MFDW 57.19 | 58.60 | 59.18 | 59.17
LINE = 46|83 | 19[0 50.65 | 53.77 | 54.2 | 53.87
MMDW(; = 1077) | 5560 | 60l97 | 6348 | 65.08 | 66.93 | 69.52 | 70.47
MMDW(n = 107%) | [55.56 g.gs 63.36] | 65.18 | 66.45 | 69.37 | 68.84
MMDW(y = 10~%) | 54.52 ) 59.25 | 60.70 | 61.62 | 61.78 | 63.24

Table 3: Accuracy (%) of vertex classification on Wiki.

%Labeled Nodes 10% 20% 30% 40% 50% 60% 70%
DW 52.03 | 54.62 | 59.80 | 60.29 | 61.26 | 65.41 | [65.84
MFDW 56.40 | 60.28 | 61.90 | 63.39 62.87
LINE 52.17 | 53.62 | 57.81 | 57.26 RP2 | 62.46 | 62124
MMDW(n = 10~%) | 57.76 | 62.34 | 65.76 | 67.31 E7.33| 68.97 | [70.12 }
MMDW(n = 107%) | 54.31 | 58.69 | 61.24 | 62.63 | 63.18 | 63.58 | 65.28 | 64.83 | 64.08
MMDW(n = 10™%) | 53.98 | 57.48 | 60.10 | 61.94 | 62.18 | 62.36 | 63.21 | 62.29 | 63.67
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Table 2: Accuracy (%) of vertex classification on Citeseer.

%Labeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%
DW 49.09 @ 60.65 65.42 | 67.29 | 66.80 63.91
MFDW 50.54 . FTTT | 58.60 | 59.18 _5%» 70 55.35
LINE 39. : 50.65 | 53.77 3.87 | 54.67 | 53.82
MMDW(7; = 10~ 2) ﬁ 65.0% 03 | 69.52 | 70.47 | 70.87 | 70.95
MMDW(n = 10~%) : 66.45 | 69.37 | 68.84 | 70.25 | 69.73
MMDW(n = 10~%) | 54.52 60.70 | 61.62 | 61.78 | 63.24 | 61.84 | 60.25
Table 3: Accuracy (%) of vertex classification on Wiki.

%Labeled 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 _62_59—16784 JUHT | 61.63
LINE 52.17 | 53.62_| 24——5P70 | 58 04—067A6 | 62.24 | 66.74 | 67.35
MMDW(n = 10~2) | 57.76 | 6 m 67.33 | 6897 | 70.12 | 72.82 | 74.29
MMDW(n = 107%) | 54.31 ST | O1.24 ; 63.18 | 63.58 | 65.28 | 64.83 | 64.08
MMDW(n = 10~%) | 53.98 | 57.48 | 60.10 | 61.94 | 62.18 | 62.36 | 63.21 | 62.29 | 63.67
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I am studying NLP problems,
including syntactic parsing,
machine translation and so on.

My research focuses on typical
NLP tasks, including word
segmentation, tagging and
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¢ Co-author-p»

am a NLP researcher in machine
translation, especially using deep
learning models to improve
machine translation.

I am studying NLP problems,
including syntactic parsing,
machine translation and so on.
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I am studying NLP problems,
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machine translation and so on.
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edges

54.6 57.9 57.3 61.6 66.2 68.4 73.6 76.0 80.3
DeepWalk 55.2 66.0 70.0 75.7 81.3 83.3 87.6 88.9 88.0
LINE 53.7 60.4 66.5 73.9 78.5 83.8 87.5 87.7 87.6
Node2vec 57.1 63.6 69.9 76.2 84.3 87.3 88.4 89.2 89.2
NC 78.7 82.1 84.7 88.7 88.7 91.8 92.1 92.0 92.7
TADW 87.0 89.5 91.8 90.8 91.1 92.6 93.5 91.9 91.7
CENE 84.2 84.6 89.9 91.2 92.3 91.8 93.2 92.9 93.2
CANE(Text)  83.8 85.2 87.3 88.9 91.1 91.2 91.8 93.1 9315
CANE(w/o 84.5 89.3 89.2 91.6 91.1 91.8 92.3 92.5 9316
attention)

CANE 90.0 I 91.2 92.0 93.0 94.2 94.6 95.4 95.7 96.3
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54.6 57.9 57.3 61.6 66.2 68.4 73.6 76.0 80.3
DeepWalk 55.2 66.0 70.0 75.7 81.3 83.3 87.6 88.9 88.0
LINE 53.7 60.4 66.5 73.9 78.5 83.8 87.5 87.7 87.6
Node2vec 57.1 63.6 69.9 76.2 84.3 87.3 88.4 89.2 89.2
NC 78.7 82.1 84.7 88.7 88.7 91.8 92.1 92.0 92.7
TADW 87.0 89.5 91.8 90.8 91.1 92.6 93.5 91.9 91.7
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CANE(w/o 84.5 89.3 89.2 91.6 91.1 91.8 92.3 92.5 93.6
attention) ! 3
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Edge (A, B) and (A, C)

Machine Learning research making great progress many gachine Learning research inaking great progress many
directions This article summarizes four directions discusses 1rections 1nis artcie summarizes four directions discusses
current open problems The four directions improving current open problems The four directions improving
classification accuracy learning ensel‘lihlﬁ.daﬁﬂ.ﬁ.w{.lda classifi les classifiers methods
scaling supervised learning algorithm{ reinforcement learnin, scaling Fupervised learning algoriﬂremforcement learning
learning complex stochastic models learning COMpIEX SOCRASLIC MOAeIs

The problem making optimal decisions uncertain conditions In context fnachine learning|examples paper deals problem
central Artificial Intelligence If state world known times world estimating%ﬁ'ﬂymﬂﬂﬂgwnhout dependencies among Kitd
modeledDP MDPs studied Rendell developed a 3 RELIEF shown efficient
extensively many methods known determining optimal courses estimating attributes Ve or B 4 ek

action policies The realistic case state information partially . CeRe _
observable Partially Observable Markov Decision Processes :;ttr égléteeg (lllerzlltsgig?; C?)S;Slr é)t ;ﬁ?ti::lls:spg; - S:'EEF e

POMDPs received much less attention The best exact A . 1 -l
: : 4 ) : extensions verified various artificial one well known realworld
algorithms problems inefficient space time We introduce problem

Smooth Partially Observable Value Approx1mat10n SPOVA

new approximation method quickly s
improve time This method combined reinforcement learning
methods combination effective test cses
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Metric | hits@Ql  hits@5  hits@10 | MeanRank || hits@l  hits@5  hits@10 | MeanRank
DeepWalk 13.88 36.80 50.57 19.69 18.78 39.62 52.55 18.76
LINE 11.30 31.70 44.51 23.49 15.33 33.96 46.04 22.54
node2vec 13.63 36.60 50.27 19.87 18.38 39.41 52.22 18.92
| TransE | 39.16  78.48  88.54 5.39 5748  84.06  90.60 | 444 |
| TnsNet | 47.67  86.54  92.27 | 5.04 || 7722  90.46  93.41 | 4.09 |
Metric | hits@Q1 hitsQ5 hits@Q10 | MeanRank | | hitsQl hits@Q5 hits@10 | MeanRank
DeepWalk 7.27 21.05 29.49 81.33 11.27 23.27 31.21 78.96
LINE 5.67 17.10 24.72 94.80 8.75 18.98 26.14 92.43
node2vec 7.29 21.12 29.63 80.80 11.34 23.44 31.29 78.43
| TansE | 194 4916 6245 | 25.52 3155 5587 6683 | 23.15 |
| TransNet | 27.90 66.30 76.37 | 2518 | 58.99 7464 79.84 | 22.81 |
Metric | hits@Q1 hits@b5 hits@10 | MeanRank || hits@1 hits@5 hits@10 | MeanRank
DeepWalk 5.41 16.17 23.33 102.83 7.59 17.71 24.58 100.82
LINE 4.28 13.44 19.85 114.95 6.00 14.60 20.86 112.93
node2vec 5.39 16.23 23.47 102.01 7.53 17.76 24.71 100.00
| TansE | 1538 4187 5554 | 3265 || 2324  47.07 5933 | 30.64 |
TransNet 28.85 66.15 75.55 29.60 56.82 73.42 78.60 27.40

59
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Table 5: Label comparisons on Arnet-S. (x 100 for hitsQk)

Tags | Top 5 labels I Bottom 5 labels

Metric | hits@l  hits@5  hits@10 | MeanRank || hits@l  hits@5  hits@l0 | MeanRank

TransE | 58.82 85.68 91.61 3.70 52.21 82.03 . 5.65

TransNet || 77.26  90.35 9353 | 389 ||| 78.27 90.44  93.30 || 4.8
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Table 6: Recommended top-3 labels for each neighbor.

FHETF LS

Neighbors | TransE | TransNet

Matthew Duggan ad hoc network; wireless management system; ad
sensor network; wireless hoc network; wireless
sensor networks sensor

K. Pelechrinis wireless network; wire- | wireless network; wire-
less networks; ad hoc net- less sensor network; rout-
work ing protocol

Oleg Korobkin wireless network; wire- resource management;

less networks; wireless
communication

system design; wireless
network

61



gg

|FH|

i 534

‘ﬂﬁﬂ%%T
« RPN FRos - BRBEMEFUN (ACM TIST)
s BT FIIRFHMNERR - RS HSE (JCST)

* FRINMNZIR

- WAERNSERT | TRFRETEFNS R (IJCAI 2016)

o FTRXHEXRMERT | TRXAEE (ACL2017)

- HEAHEREMBPIMERT | 1BFRZE R (ICAI2017)
o TRAMRMMERT | 1L X5 2 (IEEETKDE)




ST SR RIS A EE A4
c HX AT REERENER
* X AEBAT /M@ T B RFRE MK

X

nilp

G



* Communtiy-Enhanced NRL (CNRL)

* DeepWalk: 7 = B,

* CNRL: %75 =19 L Ry 4T
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AlphaGo

AlphaGo is a computer program
that plays the board game Go. It
was developed by Alphabet
Google DeepMind in London.
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Figure 1: An illustration of CNRL.
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Table 2: Vertex classification results. (%)

Dataset Cora Citeseer Wiki BlogCatalog
% Training ratio | 10% 50% 90% 10% 50% 90% 10% 50% 90% 1% 5% 9%
DeepWalk 70.77 | 75.62 7727 | 47.92 54.21 55.33 58.54 | 65.90 | 67.56 23.66 | 30.58 32.31
LINE 7061 | 7866 | 7967 | 4427 | 5193 | 5401 | 5753 | 6655 | 6831 | 1931 | 2589
node2vec 73.29 78.40 79.15 | 49.47 | 55.87 | 57.56 58.93 | 66.03 | 68.99 24.47 | 30.87 | 31.96
MNMF 75.08 79.82 79.41 51.62 56.81 57.22 54.76 62.74 64.77 19.26 25.24 27.16
I1'D\'v- 1412 | 2033 | S1.02 2072 [ D700 [ o800 [ o072 Jorb 1 70m 12380300
_DW 7427 | 7R 88 | 7941 1 4993 | 5576 | 5719 | 5093 | 6700 | 789 | 2403 | 3119 | 3276
S-n2v 75.86 82.81 | 83.65 | 53.12 | 60.31 | 62.63 | 60.66 | 68.92 | 71.60 | 24.95 30.95 32.34
Lm—- v 706.90 | 81.20 | 32.80 | D182 | 0l.10 | o8boI | o007 |©orb6Z | 70.71 45.75-'3ﬂ3'ﬁ2'80|.
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Datasets SCP LC BigCLAM | S-DW | E-DW | S-n2v | E-n2v
Cora 0.076 | 0.334 0.464 0.464 1.440 | 0.447 1.108
Citeseer | 0.055 | 0.315 0.403 0.486 1.861 | 0.485 1.515
Wiki 0.063 | 0.322 0.286 0.291 0.564 | 0.260 | 0.564

Figure 2: Detected communities on Karate (Fast Unfolding, 2 communities by CNRL, 4 communities by CNRL).
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* http://github.com/thunlp/NRLpapers

® Unwatch~ 136 % Unstar 815 ¥ Fork 283

* http://github.com/thunlp/OpenNE

® Unwatch~ 28 ¥ Unstar 370 YFork 134

« http//qgithub.com/thunlp/CANE M2017FE4B &S

® Unwatch~ 15 % Unstar 103 = ¥ Fork 52 Star;’,;i—l—l400+
* http://github.com/thunlp/TransNet fOFk%i‘l‘SZO‘F
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* http://github.com/thunlp/MMDW
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