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Abstract  Network feature learning can obtain the low-dimensional representations of network
by analyzing the relationships (structures or attributes) between nodes. However, there are
many nodes embedding methods, which based on assumptions of static and small-scale (such as
language networks), are unable to adapt to social networks, because social networks have their
specific properties such as dynamic and large-scale. Based on current researches, this paper
propose a damping based positive and negative sampling model for learning nodes embedding of
social networks. By sampling nodes at different levels with damping, at the same time design an
incremental learning method for newly added nodes, which makes it possible for learning nodes
features extracting during the dynamic changing process, thus to learning a better representations
of social networks. Finally, we select three large-scale, dynamic and real-life social networks for

dynamic link prediction task. The results show that, compared with DeepWalk and LINE methods,
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DNPS have achieved greater performance in prediction accuracy and time efficiency. The learned

node vectors by DNPS model can be used in many subfields of social network research. For

example, we can use it for large-scale dynamic social community discovery, user recommendation,

and user labeling.
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3. for i in range(len(path) —1) .
4. for j in range(i+1, len(path)):

0;; =powl(e, j—1 )XHw,//ifﬁfj]/‘&m}l?

(@]

6. yield(path[i], path[;], &)

7. while True:

8. forseedinV: //#li i —IK T HESR
9. path="[seed] //#) 41k 7T 35 f 12
10, Lyu=1

11. while True:

12. try:

13. next_node= random. choice(seed. children)
14. except IndexError:

15. i Ly <L«

16. break

17. else: / /8 FH pR BT 3R L3N 25 BEL JE TE A ]
18. Cpps + =return_DPS(path)

19. cover_count| = set(path)

20. break

21. path. append(next_node)

22. seed=next_node

23. Lo t+=1 //itHREKE

24, if Ly == Lox

25. Cpps + =return_DPS(path)

26. cover_count| = set(path)

217. break

28. if(len(V) —len(cover_count))/len(V)<ZA:

29.  break //i1 %R
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P LAORBED R SR A SR S5 e o8 OB, 2 R
BRI PN Y 0 AR 7Y BTk L P T L Zms L i
Y e=0. 1 W BREORT 3 M TTRRAU IR 229 0. 001,
SO, 58 BERFAE A DL AR B 5 i % 32 R A1 JL-F- 4 22 .
T LA X5 AN [R] 1 T 4, 1500 (bR il ) 5 ) 48 A B
S5 AL A AR E NV 1Y e (B O A5 90 B8 R0 IR B2 8 R 75 3]
— NG R TC EE )« BB 88 A R0 7E DR 55 HE 1l B2 1Y [F)
I AT VI R ]

R AL Y S Sl A B JE (R T 2 Ak TR Y
1E K (Damping-based Positive Sampling ., DPS) &
B0 R Z —. DPS B3k F 2 T 7= A4 1 45 r
it 1) TE A 3 5 Xof ) 4 v Y B AR AT B S R
7 A il U R R )L TR I R S A & DPS

GRS TS R R TG G 3 4 I 5 e ) 2 3
FHERG B A FE AR 2 —. 24 2 B9 TE AN L I SRt
R T A A R 2 B R A B A 1 S
TSR3 Sz A R T 2 g B i 2 1k I R 451 1)
Az L DT 3 B0 2R 45 R OF AN BLAHL (B L P Bl 2K
AL THI RIS 5 /N A 0 A 7 Sfe 458 R 1y st i) 85 .
PRI I s 7 I Zoiod 7 v 75 28 AR 4 A5 7R 149 52 B 2R R
WL LT A S8 IR K 7E S5 i e OF
5.4.3 5 COFA) BEAT A 43 A7
4.2 ETRHBHRNEEFIIEREE X

55 P 1Y 3h 75 1k S Ak R Ah 2 4% 1 B B AE 2
— JE IR T RS I 2% 1 5 9 2% 11 2 A AR Akl A
AR 22 5L T 10 25 00 T 245 SRRAE 27 2] 0 3 7 A TR A 2 2] 3%
R FEANEAR. B A S I s A AR SR T
BE TR P A AR Y 1 E R RE SR WL 3 X 4 i
AT 00805 o R TR A 1 12 R A B30 1k R B Ak SR s AR
o TR AT IR T A R 3R A

W 6 JT 7R o XF F 7 4] 9 48 A6 ¢ B 220 10 5% 422 4R
B S S S e+ 1B TR S R s
O A5 B 4R B DT R 0 0 R B R AFAE 3 D
TE 3.2 947 TR, xR Fp BT 1 1 1 28 B, DNPS
BRI TT T X5 g A 1 0 SRR SR AR 2 .
e TR A R 1 S A E R R H AR A /)
I B F 55 DA 5 A A 201 1) 485 ) A5 o {5 S, 3 s X
Y1, 37 1 T 4G i T R A X T v i B BT v
T GBI 4G VB O R R AT T Y BE AL T >k AR
SEUA T 1 100447 Ok 1) 25 R 2 AR A5 S iR TR R 2
(8T 388 49 ST S U S AR R O L R
BT R 30 BB T RE B AR

RGN

DO eI R 1%+ 14
D@ AT
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&% 2. Local Search based DPS, LSDPS. R IE R W 25 A AL RRAE.

HA BN R Eney BT R set Vi,
f-f@l"H : fﬁiﬂ—:%ﬁﬂ”éﬁ:}ﬁ%% (TDI’S:[(nyvaXY)]

1. def get_path(from_node, to_node) :

2 path=[from_node, to_node] //¥]th k1% & I 15
3 Ly =2

4 while True:

5. try:

6 next_node=random. choice(to_node. children)
7 except IndexError:

8 return(path)

9 path. append(next_node) // Fifi ML 1%k 4 ¥ 12 J7 7]
10. to_node=next_node

11. L,at=1

120 il Lpaw = = Lo s //FIW0R A5 325 B HUE K B8 A2
13. return(path)

14. def return_LSDPS(path, type):

15, if type==0.://TFAEHTHE HAEA 1(00) 1Y IERAE
16.  for i in range(len(path) —1):
17. for j in range(i+1, len(path)):

J
18. 8y =pow(e, j— DX [[ o
19. yield(path[ 7], path[j], &;)
20, elif type==1.//THF I R HKB 200N A9 IE R,
21.  if path[0] in Vi, :
22. for 7 in range(1,len(path)):
23. 8();:p0W(€vi) *me

0

24. yield(path[0], path[i], &)
25. else:
26. yield (path[ 0], path[1], € * wn)
27. for 7 in range(2,len(path)):
28. 8y =pow(es i—1) X [[ i

1
29. yield (path[ 1], path[i], &)
30. else: //FFHHTHE T KA 3(NN) By IERFE
31.  yield(path[0], path[1], e * wo)

32. for link in Eyey: // %5373 21 HEAT 9 P W 1 2 Y

33. from_node, to_node=link. split()
34. link_type=len ({from_node, to_node}&.V,.,)
35. path=get_path(from_node, to_node)

36. Cpps +=return_LSDPS(from_node, to_node, link_type)
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p(A|B) (10)
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=27 27 > logpGilj)

AEV JEP, i€ (AUN;)

:Z E E log([o(v@) ]« «
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[1—c(vio)H ] (17

A HE S R # L AD T S X A8) k.
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ik 3. DNPS BRI ZRAES.

PN G S URIEIC R R IR E 3% b S UR T E D)

i 1L T SRR AE )

1. if not Incremental_Learning: //qF 3% & 2% 2]

2. Network Preprocessing // ¥ £& i &b J#

3. Parameters initialization //Z$(¥) i1k

4. DPS Bk / /3T FLJE 2 08 09 I R

5. for (X.,Y.0x) in Cpps

6. Eg=0

7. for i in Ny UX:

8. ifi==X.2=1

9. else: A=0

10. Eg+=0wXp[A—a(vj0") ]0’

11. 0'+=0nw Xp[A—0o (0" ) v,

12. vy +=Eg

13. else: //Hi &%)

14, Edge Classification / /#4143 %

15.  LSDPS 5k //8: T J5 il 18 & 1 B2 2 ik
16.  for (X.,Y,0x) in Crspps:

17. Update Parameter Vectors/ /5 JF 3% 55 A [A]
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Background

Network representation learning is becoming a hot topic
recently in network modeling research area. Most of the past
works are based on the assumptions that the networks are
static and small. The model or algorithm is designed very
complicated and time explosion, which makes the excessively
long processing times and excessively large memory space
requirement become major problems for large-scale networks
modeling nowadays.

As an important component parts for networks, social
networks are different from the language networks, power
networks or any other small networks. The lability and giant
are two key features of social networks. It’s hard to learning
the distributed representation of social networks with the
exist network embedding methods.

In this paper, we propose a method namely DNPS, to
handle the problem of learning distributed representation of
large-scale dynamic social networks. We first propose a
damping based positive sampling algorithm to generate the
positive training sets, which can satisfy the features of social
network that the nodes are hierarchical. With this method,
the weight of co-occurrence between nodes is various acoording
to the ranks of them. Considering the fact that social networks
are extremely labile, and the network evolution is a common
phenomenon of most existent social networks. So. learning

the distributed representation of dynamic social networks has
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become challenging to deal with. To solve this problem, we
proposed an incremental learning algorithm based on local
search around the newly added nodes or links to generate
positive pairs from evolved networks.

At the end of this paper, we conduct extensive experi-
mental analysis on three large-scale dynamic social networks
with the task of dynamic future links prediction. We compared
our model with two famous network-embedding methods, LINE
and DeepWalk, both in time and AUC test. The experiments
show that our method outperforms the LINE and DeepWalk
methods in several experiment settings. Especially the
dynamic prediction tests show that DNPS method is good at
handling the problem of learning distributed representation
for large-scale dynamic social network in a high efficient
working style.

The codes are available at http://www. n2v. org/cjc_
20161i. html.
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