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Preliminaries

e Softmax functions
e Distributional semantics

* Word2vec
— CBOW
— Skip-gram



Preliminaries

* Representation learning

— Using machine learning techniques to derive data
representation

* Distributed representation

— Different from one-hot representation, it uses dense
vectors to represent data points

* Embedding

— Mapping information entities into a low-dimensional
space



Softmax function

e |t transforms a K-dimensional real vector into
a probability distribution
— A common transformation function to derive

objective functions for classification or discrete
variable modeling
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Distributional semantics
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Distributional semantics

e Collect the contextual words for “stars”

Construct vector representations

shining bright trees dark look
stars 38 45 2 27 12

Similarity in meaning as vector similarity

e cucumber

e stars
® Sun




Word2Vec

* |[nput: a sequence of words from a vocabulary
74

e Output: a fixed-length vector for each term in
the vocabulary

_vW

It implements the idea of distributional semantics using a shallow neural network model.



Architecture 1: CBOW

* CBOW predicts the current word using
surrounding contexts

— Pr(w, | context(wy)) input

w(t-2)

* Window size 2c
¢ COYlt@Xt(Wt) = [Wt—Cl ceey Wt+C]

w(t-1)

w(t+1)

w(t+2)




Architecture 1: CBOW

* CBOW predicts the current word using
surrounding contexts

. Pr(Wt |C0nt€Xt(Wt)) Input projection  output

w(t-2)

SUM

— Using a K~-dimensional vector to v

— w(t)

TN\

represent words

* Wy & th w(t+1)
~ z:11':-=I-15C—val .

" Vy, = (i #1t) w(t+2)




Architecture 1: CBOW

* CBOW predicts the current word using
surrounding contexts

. Pr(Wt |C0nt€Xt(Wt)) Input projection  output

w(t-2)

SUM

— Basic Idea wit-)

e (Given the context of the current
word D,

— w(t)

w(t+1)

¢ Slm(ﬁwt ’ th) > Slm(?jwt ) vW])

TN\

w(t+2)




Architecture 1: CBOW

* How to formulate the idea
— Using a softmax function

— Considered as a classification problem
e Each word is a classification label

exp(sim(v,, , v,,))
2w exp(sim(v,, , vy,))

P(W|W ontext) =



Architecture 2

e Skip-gram predicts surrounding words using
the current word
— Pr(context(w;) | wy)
* Window size 2c
« context(wy) = [wi—c, .., Weicl

w(t-1)

w(t+1)

w(t+2)



Architecture 2

e Skip-gram predicts surrounding words using
the current word e e
— Pr(context(wy) | wy) w(t-2)
* Window size 2c
« context(wy) = [wi—c, .., Weicl

w(t-1)

H{
exp(sim(v,, , vy,)) \*

w(t+1)
2w €xp(sim(vy, , vy,))

P(w'|w) =

w(t+2)



Network Embedding Models

DeepWalk
Node2vec
GENE

LINE

SDNE



Network Embedding Models

° Deepwalk (Perozzi et al., KDD 2014)



What is network embedding?

* We map each node in a network into a low-
dimensional space

— Distributed representation for nodes

— Similarity between nodes indicate the link
strength

— Encode network information and generate node
representation
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e Anomaly Detection

e Attribute Prediction
>e Clustering

e Link Prediction
® .

d << V|



e Zachary’s Karate Network:

Example
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DeepWalk

 DeepWalk learns a latent representation of
adjacency matrices using deep learning
techniques developed for language modeling

Latent Dimensions

DeepWalk >

e Anomaly Detection

e Attribute Prediction
>e Clustering

e Link Prediction
® .

Adjacency Matrix

d << |V

19



Language modeling

* Learning a representation of a word from
documents (word co-occurrence):

—word2vec: ®:v eV — RV

 The learned representations capture inherent
structure

 Example:

|®(rose) — @(daisy)|| < ||(rose) — P(tiger)||



From language modeling to graphs

e |dea:

— Nodes <--> Words

— Node sequences <--> Sentences
* Generating node sequences:

— Using random walks
 short random walks = sentences

e Connection:

— Words frequency in a natural language corpus follows a
power law.

— Vertex frequency in random walks on scale free graphs
also follows a power law.

21



Framework
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Representation Mapping

WL‘;; BV — VU3 — U] — Uy — M — Wg — Vsl — URg

Wy, = 4 = Map the vertex under focus (U7 ) to
s Its representation.
w | 1]v—> * m Define a window of size W
5!

1 d wlfW=1and V=01

Maximize: Pr(vz|®(vq))
Pr(vg|®(v1))
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Deep Learning Structure:
Skip-gram model

Skip-gram: The input to the model is w;, /| Ovtput layer
and the output could be / Lk o, OV1)
Wi Wi Wi, 1, Wio 4 o

Input layer e

——_Hidden layer/ -
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Experiments

* Node Classification

— Some nodes have labels, some don’t

* DataSet
— BlogCatalog
— Flickr
— YouTube



Results: BlogCatalog

%% Labeled Nodes 10% 20% 30% 40% 50% 60% T0% 80% 90%
DEEpPWALK 46.00 | 38.20 39.60 40,30 (| 41.00 41.30 41.50 41.50  42.00
SpectralClustering 31.06 34.95 37.27 35.93 39.97 40,99 | 41.66 | 42.42 | 42.62
EdgeCluster 27.94 30.76 31.85 32.99 34.12 35.00 34.63 35.99 36.29
Miero-F1(%) Modularity 27.35 30.74 31.77 32.97 34.09 36.13 36.08 37.23 818
wvRN 19.51 24.34 25.62 28,52 30.37 31.81 32.19 33.33 34.28
Majority 16.51 16.66 16.61 16.70 16.91 16.99 16.92 16.49 17.26
DEEPWALK 21.30 | 23.80 25.30 26.30 27.30 27.60 27.90 28.20  28.90
SpectralClustering 19.14 23.57 | 25,97 | 27.46 | 28,31 | 29.46 | 30.13 | 31.38 | 31.78
EdgeCluster 16.16 19.16 20.48 22.00 23.00 23.64 23.82 24.61 24,02
Macro-F1(%) | Modularity 17.36 20.00 20,80 21.55 22.65 23.41 23.59 24.20 24.97
wvRN 6.25 10.13 11.64 14.24 15.86 17.18 17.98 18,86 19.57
Majority 2.52 2.55 2.52 2.58 2.58 2.63 2.61 2.48 2.62
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Network Embedding Models

* Node2vec (Grover et al., KDD 2016)



Node2Vec

* A generalized version of DeepWalk

— Objective function

max Z log Pr(Ng(u)|f(u)).
uelV

— Conditional independence

Pr(Ns(w)|f(w) =[] Prnilf(w).

n;ENg(u)

— Symmetry in feature space

exp(f (n:) - ()
Pr(nil f(u)) = Eevexp(f(t) fa)




Node2Vec

Ns(u) CV
— a network neighborhood of node u generated

through a neighborhood sampling strategy S.

— The key lies in how to find a neighbor on the
graph

— How DeepWalk solve this?

Ty if B
P(Cezarlc?;_lv){ = if (v,x) €

0 otherwise

where 7., 1s the unnormalized transition probability between nodes
v and x, and Z is the normalizing constant.



How Node2vec Do this?

* Motivation

Figure 1: BFS and DFS search strategies from node u (k = 3).

— BFS: broader = homophily
— DFS: deeper -2 structural equivalence



How Node2vec Do this?

e Can we combine the merits of DFS and BFS

— BFS: broader = homophily
— DFS: deeper -2 structural equivalence

Tuz  if (v,z) € E

Ples=zleir=v) = {DZ otherwise

Tz = Qipg (fa 17) " Wox

1
p
if di, = 2

o=



How Node2vec Do this?

* Explaining the sampling strategy
{%ﬂ if (v,2) € E

Ples=z]cimr =v) = 0 otherwise

W'L':I-‘ = ﬂpq(t* :I:) " ’wyx

; ifdyy = 0
L ifd,. =2
q tx —

Return parameter, p. Parameter p controls the likelihood of im-
mediately revisiting a node in the walk.

In-out parameter, ¢q. Parameter ¢ allows the search to differentiate
between “inward” and “outward” nodes.



Node2vec Algorithm

Algorithm 1 The node2vec algorithm.

LearnFeatures (Graph G = (V, E, W), Dimensions d, Walks per
node r, Walk length [, Context size k, Return p, In-out ¢)
7 = PreprocessModifiedWeights((, p, q)
G'=(V,E,x)
Initialize walks to Empty
for iter = 1 to r do
for all nodes v. € V do
walk = node2vecWalk(G', u, )
Append walk to walks
f = StochasticUradientDescent(k, d, watks
return f

node2vecWalk (Graph G’ = (V, E, ), Start node u, Length 1)
Inititalize walk to [u]
for walk_iter = 1tol do
curr = walk|—1]
Vewrr = GetNeighbors(curr, G')
s = AliasSample(V_ -y, )
Append s to walk
return walk




Comparison between DeepWalk and

Node2vec

* They actually have the same objective
function and formulations

* The difference lies in how to generate random
walks

 BEAUTY: node = word, path = sentence



Network Embedding Models

* GENE (Chen et al., CIKM 2016)



GENE

* |ncorporate Group Information to Enhance
Network Embedding

— When group information is available, how to
model it?

* Group =2 _,..,, Member



GENE

Recall doc2vec

Classifier | thel [ cat] |sat| [on |
Classifier v\\ //
m
Average/Concatenate
Paragraph Matrix-——— * Paragraph Matrix --------- >
Paragraph the at Paragraph
i id

How to use doc2vec to model group and
member vectors



GENE

* |ncorporate Group Information to Enhance
Network Embedding

— When group information is available, how to
model it?

(Va)
. . . D][IE] Average/Concatenate

ﬁg/ﬁmﬁ\..“.

Group label G Vnz ‘ - 1 an_l- Vn+2




GENE

Formulate the idea

— Z Z Z log p(vilvi g, ....viv k., gi)+

g, cC WEWQ v, eEW

(1)
B Y logp(vilg:))
'LJEW,Qi
T
exp(u” u
10%1?('1’_1|’1-’j—k= -**t't'!jﬂ—k*g'é) — ( ‘?) ; (2)
Zn Lexp(utul,)
T ~
) exp(ug, ;)
log p(v]g:) = : (3)

ZU L explug; Tiin) "



Network Embedding Models

* LINE 1.0¢ et ar, www 2015)



LINE

First-order Proximity

 The local pairwise proximity between

8 the vertices
9 — Determined by the observed links
° 10  However, many links between the

vertices are missing

— Not sufficient for preserving the entire
Vertex 6 and 7 have a large
first-order proximity network structure

From Jian Tang’s slides



LINE

Second-order Proximity

* The proximity between the

8 neighborhood structures of the
] vertices

10  Mathematically, the second-order
proximity between each pair of
Vertex 5 and 6 have a large vertices (u,v) is determined by:

second-order proximity

ps = (1,1,1,1,0,0,0,0,0,0) Du = Wy, Wy2, oy Wypp))
p,\6 = (1,1; 1’1’0J0J5)0)0J0) ﬁv = (W‘UliW‘UZJ "'!W‘UlVl)

From Jian Tang’s slides



LINE

Preserving the First-order Proximity

 Given an undirected edge (vi, vj), the joint probability of v;, v;

(vo9) = 1
P1 vuv] _1+exp(_a"l1'ﬁ’])/

A Wi
v. v. -_——
pl( i ]) Z(i’,j’) Wi’j’

U;: Embedding of vertex v;

* Objective: di
J 0, = d(1 (), () / KL-divergence

X — Z w;j log p1 (vi, vj)
(i,j)EE

From Jian Tang’s slides




LINE

Preserving the Second-order Proximity

* Given a directed edge (v;, v;), the conditional probability of v; given v; is:

=>IT = — . . ..
_ oy ) ____——| Ui Embedding of vertexiwhen iis a source node;
p2(vylvi) = 14 >IT, 2 u;: Embedding of vertex i when i is a target node
k=1 €Xp(Uy - U;) i :
A Wij
P2(vjlvi ) =
( ! ) Lkev Wik

* Objective:

0, = Eﬂid(ﬁz(' |Ui);Pz(' |Vi)) - A;: Prestige va_ertex in the network
i€V i = X Wij

X = z w;jlog p, (vj|v;)
(i,))EE

From Jian Tang’s slides



LINE

Preserving both Proximity

* Concatenate the embeddings individually learned by the two proximity

First-order
I > Loieioiorsiooiond

Second-order

From Jian Tang’s slides



Network Embedding Models

* SDNE (\yang et al., koD 2016)



Preliminary

— Autoencoder

input

code

decoder

output

SDNE

b: X > F

Vi F = X

argmin || X — (¢ 0 ) X]*
XY



SDNE

Preliminary

— Autoencoder
* The simplest case: a single hidden layer

z =0, (Wx+b)
input output

i x' = o09(W'z +b')

E(xrx’] = ||x — KIHZ

decoder



Preliminary

— Autoencoder

SDNE

* The simplest case: a single hidden layer

input

code

decoder

output

z =0, (Wx+b)
x' =03 (W'z +b')

L(x,x') =[x —x'||"



SDNE

First-order proximity

— Linked nodes should be coded similarly

Unsupervised Component Unsupervised Component

T (Local structure preserved cost) (Local structure preserved cos‘l}
E : (K) [If) 2 s rmaa—aaan e
£15t — 31 j”y ._T ||2 ddddddddd haring ... ...
e qn ——— !4n
i,j=1 (00000
L Supervised Component :
9 Global structure preserved :
- E Si.g ”)‘ri — Y || 9 (K) Laplacian (K)
S Yi Eigenmaps Yi
=1l —— i

x (000 ... prametersharig. | (@ @@ @O®) ! x

(1) !
* ; ¥
-
i

Vertexi Vertex j

v = o(Whx; + b))
ygk) _ .-;r(ﬂf'(k}y:k_l) + b“”), k=2,..K

T



SDNE

e Second-order proximity
— The model should reconstruct the neighborhood

vectors
— Similar nodes even without links

can have similar codes o
(Local structure preserved cost)

* Or we can not reconstruct the T TEXTL

. - (1) I

neighborhood " [0 ee)
I R (Glo
@ | |'oo: 00—

T
Lond = Z (%, —x:) © byl3
" 000 00)

= [|(X - X) ® B||x x (000 000
Vertex i

y“} = J(H' x; + b))

y B = o(W®y* D L p®) k=2, K



SDNE

* Network reconstruction

Table 4: MAP on ARXIV-GRQC and BLOGCATALOG on reconstruction task

Method ARXIV-GRQC BLOGCATALOG
SDNE | GraRep | LINE | DeepWalk | LE SDNE | GraRep | LINE | DeepWalk | LE
MAP || 0.836%* 0.05 0.69 0.58 0.23 || 0.63%%* 0.42 0.58 0.28 0.12
Significantly outperforms GraRep at the: ** 0.01 level.
Link prediction
Table 5: precision@k on ARXIV GR-QC for link prediction
Algorithm pP@2 | PQ10 | PQ@QI00 | P@200 | P@300 | P@500 | P@8O0 | P@1000 | P@10000
SDNE 1 1 1 1 1* 0.99%% | 0.97%* 0.91%%* 0.257%*
LINE 1 1 1 1 0.99 0.936 0.74 0.79 0.2196
DeepWalk 1 0.8 0.6 0.555 0.443 0.346 | 0.2988 0.293 0.1591
GraRep 1 0.2 0.04 0.035 0.033 0.038 0.035 0.035 0.019
Common Neighbor 1 1 1 0.96 0.9667 0.98 0.8775 0.798 0.192
LE 1 1 0.93 0.855 0.827 0.66 0.468 0.391 0.05

Significantly outperforms Line at the: ** 0.01 and * 0.05 level, paired t-test.




Network Embedding Models

DeepWalk
— Node sentences + word2vec

Node2vec
— DeepWalk + more sampling strategies

GENE
— Group~document + doc2vec(DM, DBOW)

LINE
— Shallow + first-order + second-order proximity

SDNE

— Deep + First-order + second-order proximity



Applications of Network Embedding

Basic applications
Data Visualization
Text classification
Recommendation



Basic Applications

Network reconstruction
Link prediction
Clustering

Feature coding

— Node classification

* Demographic prediction



Applications of Network Embedding

* Data Visualization 1, ot a1 www 2016)



Data Visualization

(8 8

° oo * .o,
EEEEEEEEE K-NNG construction Graph visualization ..... = :..!::
.0' ° ....

—> T -
:O..:.. ..... o o,
(555 6 i S S § LN
L] e o0
.o '..oo'
{0010 I 1

(a) High-dimensional feature vectors

(b) K-nearest neighbor graph (K-NNG)

(c) 2-dimensional layout

Figure 1: A typical pipeline of data visualization by first constructing a K-nearest neighbor graph and then projecting the
graph into a low-dimensional space.



Data Visualization

* Construction of the KNN graph

For the weights of the edges in the K-nearest neighbor
graph, we use the same approach as t-SNE. The conditional
probability from data 7; to ¥; is first calculated as:

exp(—||7 E}'Hszggf) and
2 imer XP(—|Ti — Til|?/207) (1)

;”.i|.l' = D'.

Pjli =

Then the graph is symmetrized through setting the weight
between ; and &; as:



Data Visualization

* Visualization-based embedding

Plei; = 1) = f(||#fi — w;l])

Plei; = wij) = Ple; = 1)"4

0 = H plei; = 1)"" H (1 —plei; = 1))

(i.j)cE (i,)EE

x Y wijlogple; =1)+ Y ~ylog(l—p(ey = 1)),

(i.j)EE (i,j)eE



Data Visualization

* Non-linear function

Plei; = 1) = f(|l5i — #;]).

Accuracy
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Figure 4: Comparing different probabilistic functions.




Data Visualization

* Accuracy

o | o B g
\ <) e —_ _—
B o — TTT——ee———
~ | ————— — - ©
o < | o -~ —o— |argeVis a
—&— LargeV] e ] —— t=SNE (default) A A A
© —&— 1-SNE © 1-SNE (optimal)
o —*— SNE 2 . . . o - SNE T o
g LINE g x— " £ LINE <
é wn — g e o LargeVis guw g °
e * * < A I—S‘IJ\IF = g’ " < —e— LargeVis
- % SNE A,/_/):/—!x;—'—* ~ —&— 1=SNE (def_auh}
LINE x = 1-SNE (optimal)
< | = / e -~ SNE
[=] [=]
o~ LINE
S
“ ] © ] >
= T T T T T o T T T T T T T T T T = T T T T T
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Number of neighbors in KNN Number of neighbors in KNN Number of neighbors in KNN Number of neighbors in KNN
(a) 20NG (b) MNIST (c) WikiDoc (d) LiveJournal

* Running time

Table 2: Comparison of running time (hours) in graph visualization between the t-SNE and LargeVis.

Algorithm 20NG | MNIST | WikiWord | WikiDoc | LiveJournal | CSAuthor | DBLPPaper
t-SNE 0.12 0.41 9.82 45.01 70.35 28.33 18.73

LargeVis 0.14 0.23 2.01 9.60 9.26 4.24 3.19

Speedup Rate 0 0.7 3.9 7 6.6 5.7 4.9




Data Visualization

(a) 20NG (t-SNE) (b) 20NG (LargeVis)



Applications of Network Embedding

e Text classification (Tang et al., KDD 2015)



Text Classification

Network embedding helps text modeling

Text representation, e.g., word and document
. degree
representation, ...

Deep learning has been attracting increasing
attention ... node /

~
A future direction of deep learning is to integrate network\ (WOI'd
unlabeled data ... / \ teX
edge
The Skip-gram model is quite effective and & / ahssiﬁcation

efficient ... embedding

Information networks encode the relationships
between the data objects ...

document

Free text word co-occurrence network

If we have the word network, we can a network embedding model to learn word representations.

From Jian Tang’s slides



null
null
null
label
label

Iabil

Text Classification

 Adapt the advantages of unsupervised text embedding approaches but naturally
utilize the labeled data for specific tasks

» Different levels of word co-occurrences: local context-level, document-level, label-

level

Text representation, e.g., word and document
representation, ...

Deep learning has been attracting increasing
attention ...

A future direction of deep learning is to integrate
unlabeled data ...

The Skip-gram model is quite effective and
efficient ...

Information networks encode the relationships

between the data objects ...

document

!

Text corpora

From Jian Tang’s slides

o

node

degree
8 document

~. network / word

~ text =~
edge / \

/ %ssiﬁcation

embedding

(a) word-word network

text doc_1
information doc_2
network doc_3
word doc_4
classification

(b) word-document network

text

information label_1
network label 2
word label_3
classification’

(c) word-label network

!

Heterogeneous text network



Text Classification

Bipartite Network Embedding

— Extend previous work LINE (Tang et al. WWW’2015) on large-scale information network
embedding

— Preserve the first-order and second-order proximity
— Only consider the second-order proximity here

* For each edge (vi, vj), define a conditional probability

v; B A
L] A
exp(ﬁT-ﬂi)
p(vjlv; ) = 3 v N A,
L] A
[ ] A
Vg

T —
e XPQT)

* Objective:

0=-— 2 w;jlogp(v;|v;)
(i,j)EE

* Edge sampling and negative sampling for optimization

Tang et al. LINE: Large-scale Information Network Embedding. WWW’2015

From Jian Tang’s slides



Text Classification

Heterogeneous Text Network Embedding

* Heterogeneous text network: three bipartite networks
— Word-word (word-context), word-document, word-label network
— Jointly embed the three bipartite networks
* Objective
Opte = Oyw + Oyq + Oy

/ Obijective for network
h Oww = Z Wij logp(vllv]
o (i.))EEww
W e re / Obijective for network
Opa== ) wylogp(vild))
(i,))€Ewa
/ Objective for network
O == ) wylogpwill)

(l:])EEWl

From Jian Tang’s slides



Text Classification

Results on Long Documents: Predictive

Type Algorithm
Unsupervised LINE(Gq)

Predictive PTE(Gy,)

embedding PTE(Gyy + Gy

Micro-F1  Macro-F1 Micro-F1  Macro-F1 Micro-F1  Macro-F1
79.73 78.40 80.14 80.13 89.14 89.14
CNN 78.85 78.29 79.72 79.77 86.15 86.15
CNN(pretrain) 80.15 79.43 79.25 79.32 89.00 89.00
82.70 81.97 79.00 79.02 85.98 85.98
83.90 83.11 81.65 81.62 89.14 89.14
PTE(Gwa + Gw1) 84.39 83.64 82.29 82.27 89.76 89.76
PTE(pretrain) 82.86 82.12 79.18 79.21 86.28 86.28
PTE(joint) 84.20 83.39 82.51 82.49 89.80 89.80

PTE(joint) > PTE(pretrain)

PTE(joint) > PTE(G,,;)
PTE(joint) > CNN/CNN(pretrain)

From Jian Tang’s slides




Text Classification

Results on Short Documents: Predictive
| | o, | MR | Twitter |

Type Algorithm Micro-F1  Macro-F1 Micro-F1 Macro-F1 Micro-F1  Macro-F1
Unsupervised LINE 74.22 70.12 71.13 71.12 73.84 73.84
embedding (Gww + Gwa)
CNN 76.16 73.08 72.71 72.69 75.97 75.96
CNN(pretrain) 75.39 72.28 68.96 68.87 75.92 75.92
Predictive PTE(Gy,;) 76.45 72.74 73.44 73.42 73.92 73.91
embedding PTE(Gyw + Gwi)  76.80 73.28 72.93 72.92 74.93 74.92
PTE(Gwg + Gui) 77.46 74.03 73.13 73.11 75.61 75.61
PTE(pretrain) 76.53 72.94 73.27 73.24 73.79 73.79
PTE(joint) 77.15 73.61 73.58 73.57 75.21 75.21

PTE(joint) > PTE(pretrain)

PTE(joint) > PTE(G,,;)
PTE(joint) ~ CNN/CNN(pretrain)

From Jian Tang’s slides



Applications of Network Embedding

* Recommendation ., et a1, Ars 2016)



Recommendation

Learning Distributed Representations for
Recommender Systems with a Network
Embedding Approach

— Motivation

Tag
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(a) User-item bipartite net- (b) User-item-tag tripartite
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Recommendation

* From training records to networks

Definition 3. Bipartite User-Item (UI) Network. Let U denote the set of all the users,
and I denote the set of all the items. A bipartite user-item network can be denoted by
G = (V. £. W), where the vertex set V = U UT, the edge set € C U x I, the weight
matrix W stores the edge weights, and W, ; denote the link weight between a user u
and an item 1.

Definition 4. Tripartite User-Item-Tag (UIT) Network. Let U denote the set of all the
users, I denote the set of all the items, and ‘T denote the set of all the tags. A tripartite
user-item-tag network can be denoted by G = (V.E, W), where the vertex set
V=UUTIUT,theedgesetE C (U XxTI)U U x T)U(Z xT)), and the weight
matrix W stores the edge weights.



Recommendation

* Given any edge in the network
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Recommendation

e User-item recommendation

Table 2. Performance comparisons of the proposed method and baselines on item recommenda-
tion.

ID Movielens
P@10|R@10|MAP MRR||P@10|R@10MAP|MRR

BPR 0.17110.360 {0.337]0.564 | 0.097 | 0.169 {0.148|0.195
DeepWalk|| 0.259 | 0.443 [0.502/0.8061] 0.203 | 0.243 10.249]0.358
NERM [[0.275]0.477 |0.528|0.819| 0.206 | 0.256 |0.2580.368

Methods




Recommendation

* User-item-tag recommendation

Table 4. Performance comparisons of the proposed methods and baselines on tag recommenda-

tion.

Last.fm Bookmarks
P@l |[R@]|F@] ||P@5|R@5|F@5||P@] |[R@]|F@]||P@5|R@5|F@5
PITF 0.305[0.125]0.1781({0.18910.351]0.245(10.381(0.13210.197]10.20410.3040.244

DeepWalk |0.088(0.044/0.059/0.040{0.099]0.057{0.064|0.024{0.035]{0.038|0.0740.050
NERM |/0.327]0.165|0.220{0.182]0.370{0.244|/0.396|0.135]0.201||0.228|0.323|0.267

Methods




Conclusions

 There are no boundaries between data types
and research areas in terms of mythologies

— Data models are the core
e Even if the ideas are similar, we can move

from shallow to deep if the performance
actually improves
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