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Algorithm 2: RandomWalk

Input: graph: G(V,E,T) ; Source node of RW v, ;
Nodes belong to the same community with v, Com,, ;
walk length: /; Random variable to Select from
neighbors or same community members: « .

Output: A path with max length /.

1: Initialize RW with v,

2: While /length(path) <1

3: if current node has neighbors

4 if random(0,1) <«

5 select v, at random from v, 's neighbors

6: else

7 select v, at random from members v, 's communities
8 else

9 backtrack in the path and select the last node which has

neighbors that are in the path
10: end While.
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Algorithm 1: Framework of CCNE

Input: graph: G(V,E,T) ; Window size: W ;
representation dimension d ;
walks per vertex: y ; walk length: /.

Output: matrix of network representations: ¢  R'
1: Com = Community Detection(G)
2: Sample ¢ from ulh

3: for i=0 to y do

4 v = shuffle(v)

5: for each vertex veV do
6 W, = RandomWalk(G,v,Com,l)
7 D, = ContextAggreation(G,v)

8 SkipGram(g,S,,W)

9 end for

10:  Pr,=BTM,(D)

11: end for

12: p=¢®Pr,

13: return ¢
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1. Gibbs

2. Smoothing

3. Structure-Based
4. Text-Based

Algorithm 3: Context Aggregation_typel
Input: graph G(V,E,T);
number of communities: & ;
probability of vertices belonging to
structure-based communities: 7, .
Output: the contextual text information: D,
1: Initialize D, with T,

2: While length(D,) < y.log|| do

3: if current vertex has neighbors, then

4: if (0 < random <= alpha ) then

S: u =select a vertex u from neighbors based on
random selection

6: else if (alpha < random < 1) then

7: u = select a vertex u at random from
members current vertex's communities

8: else

9: break

10: D =D ®T,

11:  endif

12: end while

13: return D,
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Algorithm 3: Context Aggregation_type2

Input: graph: G(V,E,T) ; number of communities: % ;
probability of vertices belonging to
structure-based communities: P

Output: the contextual text information: D, .
1: Initialize D, with T,
: While length(D‘,)<710g|v| do

2
3: if current vertex has neighbors, then
4 u = select a vertex u from neighbors based on random
selection if both vertexes are in same community
else
break
D,=D,®T,
end if
end while
0: return D,
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Algorithm 4: Framework of CSNE

Input: graph: G(V,E,T) ; Window size: w;
representation dimension d ; walks per vertex: y ;
walk length: / ; number of topics or communities: % ;
margin appear moment: M, ; margins enlarge speed: M .

Output: matrix of network representations: ¢ e R
1: Sample ¢ from ™

2 M, =0

3: for i=0 to y do

4 if i>yxM, then

S: M, . =min(LM__+ )
7xM,

6: end if

7: v = shuffle(V)

8: for each vertex velV do

9: S, = RandomWalk(G,v,I)

10: D, = ContextAggregation(G,v,F,)

11: SkipGram(®, S,,W)

12:  end for

13: P, =BTM(S)
14: P, =BTM (D)
15: end for

16: =9¢® p,

17: return ¢
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Algorithm 6: Context Aggregation

Input: graph G(V,E,T) ; number of communities: & ;
probability of vertices belonging to
structure-based communities: P, .

Output: the contextual text information: D, .

1: Initialize D, with 7,

2: While length(Dv)<ylog|v| do

3: if current vertex has neighbors, then
4: for each neighbor vertex u of v do
1 k
5: P ACIPRA o)
i=1
6: end for
7: select a vertex u from neighbors based on Roulette Wheel
8: D =D, ®T,
9: else
10: D, =D, ®T,
11:  endif

12: end while
13: return D,

Lo b oSy e 3l s )gSU Y JSC

2Bl Gl 4 (Sie g gy bl it Tae o8
S () ogb 4 il S wiyeSl g, 252 Sl bl
S (6 5V Ol el gl 35 1,8 drels S o

& s lo;l -£

9 Uw)l.o)] sodly degome oo slajigy lunl yisw cpl o
L S oSl o 1B ey 390 ) el Cloglas
55 5 4Sud s dile Oyl 9 (656500 gy 2 e > enidl)]
3y b (nbn 9 o) il wile ollly (g5l 4kl
ol 48,5 1,8 b))

Siloanss Glp b 0l GBiby Sl &S Bres giedl by
ol a8l (gilwduss 0je> )0 plidey (ool LS o odlanl 4
slapi;s5l COANE 4 CONE (CARE (sla yos) (yuizrod ool
L CARE by, disud a5ud (gjlwdusi ogad ) dxols 4 o]
ué)l...a}' 89,00y 5 03,8 c]/ow‘ Iy dzol> SleMb! SPL90 sl Jse
UP9) 5heslawl b 1y oJmJ.Jy gy oly coled yd ol 0 .\Jy )
A8 o a8 au b doles sl oy 4y Skip-Gram

ol g0 ead Sl s sla by, duslie 4 (isu (pl asbl oyl yo
L CSNE 4 CCNE_Type2 {CCNE_Typel CNE (slapl L dlds
» COANE 3 CONE (CARE 5105 (59,00l SudS (sla s,
Cowl ol izl ol dymo (sloodld degezs (g9

o3y acgosme Y-£

9 oMYl ile (6050L dlie YYA Jols Cora cuwlis
Lalgy g ool ol 1y dlie Sy oly o ool Yo oy s JU OFYR
00] dad o S 1) Joeme oduomy 4l S slowl o (gl
g ol Yo o JU oaleo YO 5 dllie yaulo ¥ Lol DBLP VY
ool 3 () Jase) ailo VeV /o¥/+A L jly 03l dcgazee (pl Fu )b
ol odlatwl Tyal (glyy 0,8 Deev g Vere dlawd b Q1,855 90 51 allio
[05] el

Algorithm 5: RandomWalk

Input: graph: G(V,E,T) ; Walk length: / ; number of
communities: K ; probability of vertices belonging to
structure-based communities: P, ; max margin among

vertices: M .

Output: a random walk sequence: S, .

1: Initialize random walk
2: While length(S,) <! do

3: if current vertex has neighbors, then
4: for each neighbor vertex u of v do
k
5: pup)=1-23|p, € p)-p, € o)
i=1
6: end for
7 select a vertex u from neighbors of v based on
Roulette Wheel.
8: else
9: backtrack in the sequence and select a vertex at random
10:  endif
11: end while
12: return S,
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