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A Proof of Theorem 4.1

Proof. We prove this by using an approximation preserving reduction from the MAXIMUM COVER-
AGE problem. Given a universe U = {1, ..., 2, } of n elements, a collection S = {51, ..., Sy} of
subsets of U, and an integer k£, MAXIMUM COVERAGE problem asks to select & subsets from S such
that their union has the maximum cardinality.

Given an instance IIy;c of the MAXIMUM COVERAGE problem, we construct an instance IIcopm
of COEM problem as follows. First, we create a directed graph G = (V, E') with the set V' of
nodes containing the ground set U, a node s; for each subset S; € S, and an additional node ¢, i.e.,
V= {s1,...,sm} U {t} U{x1,...,2,}. We define the set £ of edges as E = {(s;,z;) | z; €
S;yU{(t,x;) | x; € U}. Finally, we letk, = 1, ky = k, and pl,, = p%,, = 1, for all (u,v) € E.

Let Syic = {5}, .., 5j, } denote the optimal solution to MAXIMUM COVERAGE problem on the
instance ITyc and let OPTyc = |Uses; S| Likewise, let (S, Sy) denote the optimal pair of seed
sets maximizing the co-exposure in the instance IIcopm and let OPTcopm = |1(S;) N I(S;)]. Next,
we will show that OPTyic = OPTcogm.

First we show that OPTyc < OPTcopm. Let S§ic = {Sj,,...5j, }- Since setting S, = {¢} and
Sy = {sj,,.. .5, } provides a feasible solution to COEM, we have OPTyic = |U N (U] S5, )
[1(S,) NI(Sp)| < OPTcogm-

We now show that OPTcopm < OPTyc. First, notice that any feasible solution (S;., S,) to COEM
in which node ¢ is not assigned to S, is suboptimal as the number of nodes co-exposed to both
campaigns would be upper bounded by the cardinality of the largest subset in S for such solutions.
It’s also easy to see that for any S, € V' \ {¢} such that S, N {x1,...,2,} # 0, we can always
find another feasible S; by replacing each x; € S; with a neighbor s; of z;. Thus, we have
OPTcorm = |I(S)) NI(SH)| =UNI(SE)] < OPTwmc.

Assume now that there is an approximation algorithm for COEM problem with a ratio better than
1- % This implies that we can also approximate the MAXIMUM COVERAGE problem with a ratio

better than 1 — %, which is a contradiction as shown by Feige et al. Feige|[|[1998]].
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B Proof of Lemma 4.2

Proof. Consider the following toy example. Let G = (V, E), where V' = {ry, 73, b1, b2, v1,v2}, and
E = {(r1,v1), (ra,v2), (by,v1), (bg,vg)} with pl = 1foralle € E and i = {r,b}. Let S, = {r1},
S] = {ra}, Sy = {b1}, and S} = {b2}. It follows that E[C(S,, Sp)] + E[C(S., S;)] = 0, while

[ 0,0)] + E[C(S, U S., S, Us; 1) = 2. which contradicts the condition of simple or directed
bisubmodularity. O

C Proof of Lemma 4.3

Proof. For any (S,, Sy) € O1, we can construct a set X C & by pairing each node in S, with at
most (%1 different nodes of \S;. The resulting X contains |Sp| pairs and is a member of Z since it
satisfies all the conditions of the set-of-pairs system (£, Z). Thus, we have O; C Os.

O

D Proof of Lemma 4.4

Proof. Let X CY C Eandlete € £\ Y. First, we show that f(-) is non-decreasing. Since by
definition, X C Y indicates that X,. C Y, and X}, C Y}, we have

FX) = (X)) N I(Xp)| < [I(Yr) N I(Yp)] < F(Y).
Next, we show that f is neither submodular nor supermodular by providing counter examples on

a toy graph. Let G = (V, E) be a directed graph such that V' = {rg, 71, by, b1, b2, vg, v1,v2} and

E = {(ro,v0), (ro,v1), (r1,v2), (bo, o), (bo, v1), (b1,v1), (b2, v2)}. Let pl, = pb,, = 1, for all

(u,v) € E.

We first show that f(-) is not submodular. Let X = ), Y’

have f(X U{e}) — f(X) = 0while f(Y U{e}) — f(Y)
0,

Now we show that f(-) is not supermodular. Let X =
have f(X U{e}) — f(X) =2, while f(Y U{e}) — f(¥V

= {(ro,b2)}, and e = (r1,bp). Then we
=3.

Y = {(ro,b1)}, € = (r0,b0). Then we

0.
O

E Proof of Lemma 4.5

Proof. We prove the monotonicity and submodularity of g(+) over a possible world w sampled from
G=(V,E,p).Let X CY C Eandlete = (e,,e) € E\ Y. We first show that g(-) is monotone.

9(X) = [Urpyex(I(r) N I1(0))] < U ey (I(r) NI(B))] = g(Y).

We now show that g(-) is submodular. Since U, p)ex (1(r) N I(b)) € Ugrpyey (L(r) NI(D)), for any
e € £\, it follows that
9(X U{e}) = g(X) = |(I(er) N 1(ep)) \ Urpyex (I(r) N 1(D))]
> [(I(er) N I(en)) \ Ugrpyey (I(r) N I(b))]
=g9(Y Ufe}) —g(Y).

Thus, g is a non-decreasing submodular function. O

F Proof of Lemma 4.6

Proof. We first prove the connection between f and g in any possible world w.

Given X* C €&, let ( ¥, X;) denote the corresponding pair of optimal seed sets. Assume wlog
that X* = {ro,..., 7, _1} Furthermore, let { X ,---, X7} be any partitioning of X" into k,



disjoint sets. Then we have
FOXT) = 11X N IXE)| = (U35 (i) N (U525 T(X,)]
= Uy Ui _l(l(r)ﬂI(XbL+m,))]l

=

< by maxc{ Vg (1(ri) N LKy goen, )5+ UG ML) N T (X g, )Y
<k g(X°).
Finally, by taking the linear combination over all possible worlds, we have E[f(X*)] < k, E[g(X?)].

O

G Proof of Lemma 4.7

Proof. First, we show that (£,7) is an independence system. Let X € Z, and let Y be any set
such that Y C X. Thus we have ¥;, C X, and ¥, C X,, it follows that |Y,| < |X,| < k,;
Y| = Y| <|Xp| = |X| < kpand Y, NY, C X, N X, = 0. Besides, for each ry € Y., it follows
that Uy, 5)ev 10} € U p)ex 10}, thus (U ey {b}] < [%] In conclusion, Y € 7.

Second, I is not a matroid. Let k, = 1, ky, = 2, let X = {(1,2),(1,4)},and Y = {(2,4)}, we have
|X| — Y| = 1, while neither {(1,2)}UY € Znor {(1,4)} UY € T.

In conclusion, (€, Z) is an independent system but not a matroid. O

H Proof of Lemma 4.8

Proof. Forany A C &, let X be the maximum base of A, let Y be the minimum base of A. Thus for
X, X0 > | X|/T42] = [X]/[22]. For Y, [V, UY,| < 2|Y3| = 2|Y].

If | X, | > |Y;| + |Y3|, then there is a pair that only exists in X, i.e. there exists z € X \ Y, such that
{z} UY € I, since both z, and z; are not in ;. U Y;. Thus we have |X|/H§—ﬂ < 2|Y, it follows

that | X|/Y] < 2[]. O

I Proof of Theorem 4.9

Proof. Lemmas 4.5 and 4.8 imply that
1

G 0
Elg(X™)] = 1 275 E[g(X")]
Furthermore, by using the result in Lemma 4.6, we have
G G 1 L Ef(X7)]
E[f(XF)]) > E[g(X™)] > mE[g(Xo)] > N +2[%] "

J Proof of Lemma 5.1

Proof. To avoid ambiguity, we use subscriptions w and v to denote specific samples drawn from G
and V/, respectively; thus, if w and v are given, we write g,,(X) = |U¢p)ex (Lw(r) N Iy (b))|, and
Ry ={(r,b):ve L,(r)NIL,b)}
First, it follows by definition that, in a possible world w, R, ., N X # () if and only if 3(r,b) € X
such that v € I,(r) N I,,(b). Thus, in a possible world w, we have
guw(X) =[{v eV |ve Ly(r) N L,(b), (r,b) € X}
={veV|RyunX #0}
=3 1R N X #0)

veV
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where 1(R, ., N X # 0) is an indicator variable that takes the value of 1 if R, ,, N X # 0 and 0
otherwise. Then, we have:

E[Q(X)] = Z PI‘[’LU] gw(X)
w;é

=) Priw] > 1(RywNX #0)

wEG veV

= Z Z Priw] 1(R,,w N X #0)
veV wEG

_ W E[1(RN X £ 0)]

where the last equality follows from taking the expectation over the randomness of v ~ V and

w~G.
So far we have shown that for a random RRP-set R, we have E[1(R N X # 0)] = E9C) Then, by

using Fr (X) as an estimator of E[1(R N X # ()], we have: "

E[Fr(X)]=E 2ner Mgf X720

_ YrerEILERNX #0)]
R|

_ R[-E[L(RNX #0)]

- IR

Elg(X)]

K Proof of Theorem 5.2

We first provide the pseudocode of the greedy pair selection phase of TCEM in Algorithm|[I]

Algorithm 1: RR-Pairs-Greedy
input :R, (€,7)
output: X¢
XG0
T = argmax,,(,\,xeer Fr(XY U{z}) — Fr(X)
while = # ) do
X¢=X%u{z};
T =argmax, (., ¥cer Fr(X%U {z}) — Fr(X9)
end
return X €

We now show that 'z (+) is monotone. Given any X C £ and = € £ \ X, we have

_ Taen MANXOEN20  Saen IRNXLY )

Fr(X U{a}) = -

Thus, Fr(+) is monotone.



Next we show that F'r (-) is submodular. Givenany X CY C Eandz € £\ Y, we have

Fr(X U {z}) — Fr(X) = =rer HEOX UL 0] = ) per LR N X7 0)

R
_ YrerlRN{z} #0,RNX =10
B R
> dorer URN{z} #0,RNY = (]
- R

= FR(Y U {l‘}) - FR(Y)

We have shown that Fiz (+) is monotone and submodular. Thus, Algorithmprovides (1 +2 [%] ) -

approximation Calinescu et al.[[2011] to the problem of maximizing Fr (X) on the sample R; let

X := argmax Fr (X) denote the optimal solution of this problem. Then, we have
Xez

Fr(X€) > H;[,WFR(XH M
Given that X T is the optimal solution on the sample, we also have

Fr(X™) > Fr(X?) @)
where X% = arg maxx 7 E[g(X)].
We remind that OPT = E[g(X")] and that the size of the sample R is such that
[nFr(X) —E[g(X)]] < € OPT holds for any X € Ty, with probability at least 1 — 1~ /|Zyqsel-

Then, by using Eq.sand 2| and a union bound over all n=* /| Zy,. | estimations, w.p. at least 1 —n~*

we have:
E[g(X%)] = n Fr(X%) - £ OPT
1 €
> pFRr(XT)-=O0PT
_
T 142[8]
1
2 Iy
1+2[32]
1
= kb
1+2[32]

1
= <1+2H§i1 - 6) E[g(X°)]

Finally, by using Lemma 4.6, we obtain

% 1 0
]E[Q(XG)] > <1+2H§i] - 5) E[g(X™)]

n Fr(X°) — % OPT
(E[g(X°)] — % OPT) — % OPT

E[g(X°)] — eOPT

Finally, we note that the running time of Algorithm [I]follows from the running time analysis for the
maximum coverage problem; that is, it is linear in the size of the input as each pair in each RRP-set
of the sample will be consider at most once, leading to O(}_ . | R|).



L Proof of Lemma 5.3

Proof. For any X € Tpuse, we have | X,.| = k., | Xp| = kp, and each node in X, is paired with 7
nodes in X;. Notice that, there are ( ) ways to select red and blue seed nodes. Once we select

T+1
1

n
kr+ky
k., + kp nodes, we create k,. groups of at most 7 + 1 nodes, each of which has at most (
create ordered pairings by using the nodes in the group. Thus, we have

[ Tpasel < (k: _T:k ) (%i;%) (7‘—;— 1) (k'r' + kp —7(_/{:_; 1)(r + 1)) (T_;_ 1)
(kr(7+ 1)> e (1)

) ways to

M Proof of Lemma 5.4

We follow the martingale based framework as in|Tang et al.|[2015],|Aslay et al.[[2018]].

First we introduce preliminary definitions.

Definition M.1 (Martingale). A sequence of random variable Y1,Ys,Ys, ... is a martingale, if and
only if E[|Y;|] < +o0 and E[Y; | Y1,Ya,...,Y; 1] = Y;_1 for any i.

Given a random sample R = {Ry,..., Ry}, let z; be a binary random variable defined as x=; =
1[R; N X# (]. By Lemma 5.1, we have w. Noting that the generation of an RRP-set R; is
independent of Ry, ..., R;_1, we have E[z; | 21,...,2;_1] = w.

Letz = 1E[g(X)], let M; = 37 _ (. — x), s0 E[M;] = 0, and
]E[M] | Ml, . ,Mj,ﬂ = E[Mj71 + T;—T | Ml, . ,Mjfl]
= Mj 1 —x+Elz]

= j—1
therefore, the sequence M, ..., My is a martingale.
We have shown that M, ..., My is a martingale. We now restate a concentration inequality for

martingale sequences by Chung and Lu (Chung and Lu| [2006].

Lemma M.1. [Theorem 6.1|Chung and Lu|[2006|]] Let Y1, Y5, . .. be a martingale, such that Y7 < a,
VarlY1] < b, |Y, = Y,_1]| < ajforz € [2,j], and

VarlY, | Y1,...,Y._1] < b, for z € [2, ],

where Var|[-] denotes the variance. Then, for any v > 0

2
v
Pr(Y; —E[Y;] >7) <exp | — :
) 22 s+ av/3)
We now use Lemma [M.T|to get the concentration result for the martingale sequence Mj, ..., M.

Since x; € [0,1] for all j € [1,6], we have |M| = |z; — z| < 1 and |M; — M;_| < 1 for any
j € 12,0]. Var[M;] = Var[z,], and for any j € [2,0]

VG,T'[M]‘ | Ml, PN ,Mj,ﬂ = VQT[MJ',1 + T; — X ‘ Ml, ceey Mjfl]

= VCLT'[iCj | Ml, N ,Mj,ﬂ
= Var(z;].

And for Var[z;] we have that

Varlz;) = E[x?] — E[:Ej]2
=z —z° <z
By using Lemma for My = Z?Zl(asj —xz), withE[My] =0,a=1,b; =z, forj =1,2,...,0,
and v = 60z, we have the following corollary.



Corollary M.1.1. Forany § > 0,
sz—9x>5t9x] <exp|—5——0z|.
j=1 +2

Moreover, for the martingale — My, ..., —Mp, we similarly have e = 1 and b; =z forj =1,...,0.
Note also that E[—Mpy] = 0. Hence, for —My = 2321(55 — x;j) and v = 06z we can obtain:

Corollary M.1.2. Forany § > 0,

9 2
Pr[z xj — Ox < —60x] < exp (—266_'_2 9:10) .
3

=1

We are now ready to prove Lemma 5.4.

OPT
Proof. Using CorollariesM.1.1{and [M.1.2|and letting § = €
nx

, we obtain

Prl|nFie (X) — Elg(X)]|> 5 OPT] = IZx@—ﬂxlzg—;OPT]

( e
<2exp | —5;5 Ox
5 +2

» 3¢2 OPT?
= X —
P\ 71 n(e OPT + 6nzx)

oo [ 3¢2 OPT?
= 2P\ T4 n(cOPT + 60PT)

e 0OPT
—2exp -2 g
eXp( 4n(5 +2) ) ’

where the last inequality above follows from the fact that no < OPT. Finally, by requiring
2 OPT 1
2exp| ————= 0 — =,
p( 4n(§+2) ) = 1 [ Tpasel

we obtain the lower bound on 6.

N Proof of Theorem 5.5

We provide the pseudocode of the sampling phase of TCEM in Algorithm 2]

Let 5 (3e2+2)(1 lnn+1n10g2 2n+In|Zyese|)n

. To prove Theorem 5.5, we first prove Lemma
Lemma [N.2] In these lemmas we show that we can return a lower bound of OPT with hlgh
probability.

Lemma N.1. Ler X be the output of Algorithm when the size of sampled R is 0 and
(262 +2)(IInn + Inlogy 2n + In|Zyase|) 1

2 )
€5 Yy

0>

if OPT < y, then n FR(X') < (1 + e2)y, with probability at least 1 —

log2 n'

Proof. To prove this, we will show that, when OPT < y, the probability that nFir (X) > (1 + €2) y

is at most m Let X be arbitrary X € Ty, and let 2 = 2E[g(X)]. Assume that OPT < y
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Algorithm 2: Sampling

Input :G, )\ B, e, 1
Output : R
R+ 0;
LB + LBy ;
fori=1,...,logan —1do
Y+ n/2t;
0; =12
Yy
while |R| < 6, do
\ R + R U GenerateRRP-Set;
end

X, < RR-Pairs-Greedy(R, I) ;
ianR(X,) Z (1 + 62) Y, then
n Fr(X;
LB A 1?—&2 ) ;
break;
end
end
6 + \/LB;
while [R| < 6 do
\ R + R U GenerateRRP-Set ;
end
Return R;

which 1mphes that v < 9T
Then, by using Corollary m we have

Pr[nFr(X) > (1+¢€)y] =Pr [GFR(X) —0x > 0z <(

< Pr[fFr(X) — 0z > Oxes]

€
< exp By +2c9
3€2

< exp & Yy
562 + 2 n

a 10g2 n‘Ibase|

nx

Finally by a union bound, we conclude that if OPT < y, then nFR(f( ) <

1— nt

logon*

1+e)y

< Z,and 1 < -Z. Notice that by construction y < n since y < n/ 20,

)

(1 + e2)y w.p. at least

O

Lemma N.2. Let X be the output of Algorithm when the size of sampled R is 6 and

6>
€5

if OPT >y, then n Fr(X) < (1 + €3)OPT with probability at least 1 —

Proof. Let X be arbitrary X € Zp,s.. Assume that OPT > y, let x =

We will now show that when OPT > y, the probability that n Fr (X

X)

(262 +2)(IInn + Inlog, 2n + In|Tyase|) 1

U]

Y

log()

1
n
> (1

Elg

—£

(X
+

)], thus % > 1.
2)OPT is at most
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By using Corollary , we obtain

_n_
logs n|Zpasel

P[n Fr(X) > (1 + €2)OPT] = Pr [GFR(X) — Oz > O (“*ZC)OPT - 1)]

2
& Y
< exp <_2€ +2n0>
3 2

n?t

S -
10g2 n|Ibase|

By taking a union bound, we reach the desired result. O
Now we prove Theorem 5.5.

Proof. Leti* = [logy g |- We will first show that the probability the stopping condition holds
while OPT < y is at most (i* — 1)/(n’log, n). Recall that the value of y is determined by n/2!
at each iteration ¢. Then for any ¢ < ¢*, we have y = n/ 2t < OPT. Thus, by Lemmaand the
union bound over ¢* — 1 iterations, the probability that OPT < y and nFr(X) > (1 + €2)y is at
most —~——. Furthermore, it follows from Lemma that the probability that OPT > y and

nflog, n”

n Fr(X) > (1 4 €2)OPT is at most 1/(n’ log, n). Hence, when the stopping condition holds, by
union bound, the probability that OPT > y and n Fr(X) < (1 + €2)OPT is at least

1 1 »
1-— + >1—n"".
nflogon  nflogyn

Then, by Lemmaand the union bound, it follows that w.p. at least 1 — n—!, we have

opr > MR

1+e€
Therefore, the algorithm sets LB<OPT w.p. at least 1 — n~¢ and returns a sample R such that
A A
Rl > = > ——
IRl = LB = OPT
w.p. at least 1 — n =% O



O Experiment

0.1 Experiment Setup

In Table[T] we report the graph statistics on number of nodes, edges and average degree.

Table 1: Statistics of the Datasets
Dataset n m d(G)

Flixster 28843 272786 9.4576
Last FM 1372 14708 10.72
NetHEPT 15229 62752  4.1204
WikiVote 7115 103689 14.57

Baseline. MN]H solves arg maxxe7|N'(X,) N N'(Xyp)|, where N'(X;) is the union of X; and
X;’s out neighbors, and Z is given in Definition 3.1. MNT has a similar formulation as the f; while
MNI only picks the seed nodes that can maximally influence the neighbors without taking further
nodes into consideration. We apply this local-based method as a comparison with our global based
algorithm TCEM.

0.2 results

We set k. = 20, and k;, = 20 : 10 : 200, here we use the Matlab grammar for list, e.g. k. = 20 : 10 :
200 means k,. ranges from 20 to 200 with increment value 10. The results are put in Figure[l]}

500 120 45 700
o o 110 v 0 o “— TCEM
3 3 . 3 3
o0 400 0100 ¢ 035 o 650 > Degree-One
0 o o o Degree-T
300 ¢ %0 230 2600 egree-Two
9 9 &0 925 9 -
0 200 o 70| £} 020 0550
< < 60 Cs| ¥ ° .
;1000 ; ; ; 500
L 2 50 S10E ¢
v T 4 v . 0 450!
)5 50 8 035180235 45 50 6 130 155 150225 15 50 85 130 135 150 235 5 50 85 120 155 190 225
ky ky ky ky
(a) Flixster_het (b) Last. FM_het (c) NetHEPT _het (d) WikiVote_het
g 1400 o155 g 900
51200 W 5150 5 880
§1000 §145 ) éaeo
X 800 X 140 X 840
¢ 600 C13s 820
[e] [e] o
O 400 P eaannd Y130 Ogoo| ¥
Q Q Q
g 0p—— T Gus 2780,/
L ®129 Y10 9 76
%550 8 o5 Bozs 45 50 8 130 155 150225 45 50 85 130 135 150 235 4550 85 130 135 150 225
ky ky ky Ky
(e) Flixster_hom (f) Last. FM_hom (g) NetHEPT_hom (h) WikiVote_hom
1800 300 350 300
] 9] 9] z V]
5 1600 5 280 5 2 £
2 2 3300 g 3250
3 1400 3260 s o
X 1200 X 240 % 250 x 200
& 1000 6220 4200 5150
Y 800 Y200 © 150 © 100
Q Q Q Q
£ 600 5180 £ £
400 16 100 50
1550 6 120 155 190 225 '°U5 50 85 130 155 190 225 U5 50 &5 130 155 180 235 15 50 85 120 155 190 225
k;, kr, kh kb
(i) Flixster_wc (j) Last. FM_wc (k) NetHEPT _wc (1) WikiVote_wc

Figure 1: Co-exposure results for different networks for varying k.

!Short for maximum neighborhood intersection.

10



We set k, = k., and k,, = 10 : 6 : 64. The results are put in Figure

500 110 70 700
[J] o [J] o
s 5100 560 5 650 o
0 400 0 I 0 > Degree-One
o 5 90 050 o
%300 (><l 80 %40 %600 Degree-Two
) @ 70 ) @ 550 2 = NI
200 O 60 630 s
0 % o O 0500
g 100 o ot o
X x 40 x 10 g4s0

[} o] ¥ 40

v g
45 20 30 40 50 0 To
ky

(a) Flixster_het

30!
%920 30 40 50 €0 7o
ky

(b) Last. FM_het

9970 30 40 50 60 7o
ky

(c) NetHEPT _het

%520 30 40 50 €0 7o
ky

(d) WikiVote_het

1800 o170 0120 950
Y2600 £ g p
% 1400 2 7 100 2 900
8 1200 Q150 9 g9 o
Q Q Q 0.850
X 1000 X 140 X X
] () @ 60 [0}
1800 1130 v 1
o > 0 4 & 800
S 600 ot P Oy o 40 o
g Y0 v g g 20 g 750
5 S G ;
% 20 30 40 50 60 70 %0 70 30 40 50 60 70 o 20 30 40 50 60 70 %0 20 30 40 50 60 70
ky Ky Ky ky
(e) Flixster_hom (f) Last. FM_hom (g) NetHEPT_hom (h) WikiVote_hom
3000 0350 600 0300
— — — —
52500 3 300 5500 5250
3 3 3 8
9 2000 9 9 400 Q200
X x 250 X X
1500 B 300 150
. 5 200 o 3
S 1000 g S S 200 S 100
S 500 g 150 S.100 g 50
X X X X

ky

(i) Flixster_wc

) @10
0 20 30 40 50 60 70 80 90

010 20 30 40 50 60 70
ky

(j) Last. FM_wc

v 9
10 20 30 40 50 60 70 80 90
Ky

(k) NetHEPT_wc

0
10 20 30 40 50 60 70
ky

(1) WikiVote_wc

Figure 2: Co-exposure results comparison on fixed k;, = k,



Wesetk, =10:6:

64, and k, = 1.5k,

. The results are put in Figure [3]

600 140 80 700
o o v 70 v “— TCEM
3500 31 120 s 8 60 a 650 b »—> Degree-One
§400 §100 :.’_50 C§:<r)_600 Degree-Two
300 0 80 V40 V550 =t MNI
9200 S 60 S ;g S 500
2100 S 40 a 0450
) 3 sh by
Y030304050 60708090100 21020304050 6070 60 90100 1020 30 40 50 60 70 80 90100 4020 30 40 50 €0 70 80 9010
ky ky Ky ky
(a) Flixster_het (b) Last. FM_het (c) NetHEPT _het (d) WikiVote_het
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Figure 3: Co-exposure results comparison on fixed k, = 1.5k,



We set k,, = 10 : 6 : 64, and ky, = 2k,.. The results are put in Figureﬂ
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Figure 4: Performance comparison with fixed 7 = 2
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We set k. + k

50,100, 150,200, we first obtain the k, and k; through implementing
BalanceExposure, then we compare the performances of all the algorithms.
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Figure 5: Performance comparison with fixed &, + k
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0.3 Time and Memory

We set &k, = 20, and k;, = 20 : 10 : 200.We show the Memory and Time consumption with k,. + k

increasing. The results are put in Figure[6] and Figure[7}
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Figure 6: Memory consumption with varying k, + kj.
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Figure 7: Time consumption with varying k, + k.
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