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MOTIVATION

Social media play an important role in the
way that people receive news :

It is estimated that 62% of adults in the
US get their news on social media [3].
Social media provide searching,
personalization, and recommendations.

Criticism: social media amplify echo
chambers and filter bubbles: users get less
exposure to conflicting viewpoints and are
isolated in their own informational bubble.
This phenomenon is more acute for
controversial topics [2].

Need for mechanisms to “burst” the filter
bubbles. One approach is to convince a small
set of “key” individuals to post information
favoring one topic.

ASSUMPTIONS

The information propagates according to
the independent-cascade model.
Two opposing campaigns, with an initial
seeds I1 and I2, not necessarily distinct.
A user is exposed to campaign i via
diffusion from the set of seeds Ii, i = 1, 2.
Two cascade settings. Heterogeneous:
the activation probability of each edge is
dependent on the campaign. Correlated:
the edges are activated with the same
probability for the two campaigns.

PROBLEM FORMULATION
Problem (BALANCE)

Given a social network G = (V,E), two
sets I1 and I2 of initial seeds of the two
campaigns, and a budget k.
Let ri(S) be the random variable
describing the set of exposed nodes to
campaign i from the set of seeds S.
Find two sets S1 and S2, where
|S1|+ |S2| ≤ k maximizing

Φ(S1, S2) =

E[|V \ (r1(I1 ∪ S1)4 r2(I2 ∪ S2))|] .

Φ(S1, S2) is the expected number of
vertices that are either exposed by both
campaigns or remain oblivious to both
campaigns.

Echo chambers

OUR RESULTS

Complexity:

The BALANCE problem is NP-hard.
Φ is not submodular.

Decomposition of the objective function:

Let X = {r1(I1) ∪ r2(I2)}, Y = V \X . The
objective function can be written as:

Φ(S1, S2) = Ω(S1, S2) + Ψ(S1, S2)

Ω(S1, S2) = E[|X \ (r1(I1 ∪ S1)4 r2(I2 ∪ S2))|]

Ψ(S1, S2) = E[|Y \ (r1(I1 ∪ S1)4 r2(I2 ∪ S2))|]

Proposition 1. The function Ω(S1, S2) is
monotone and submodular.

Cover (greedy maximizing Ω):

Initialize S1 ← S2 ← ∅
While |S1|+ |S2| < k

s1 ← arg maxs Ω(S1 ∪ {s} , S2)
s2 ← arg maxs Ω(S1, S2 ∪ {s})
If Ω(S1 ∪ {s1} , S2) ≥ Ω(S1, S2 ∪ {s2})
then S1 ← S1 ∪ s1, else S2 ← S2 ∪ s2

Return S1, S2

Proposition 2. Let 〈S∗1 , S∗2 〉 be the optimal
solution maximizing Φ. Let 〈S1, S2〉 be the
solution obtained via the Cover algorithm. Then

max{Φ(S1, S2),Φ(∅, ∅)} ≥ 1− 1/e

2
Φ(S∗1 , S

∗
2 ).

Hedge (greedy considering adding to both
campaigns at each iteration):

Initialize S1 ← S2 ← ∅
While |S1|+ |S2| < k

c← arg maxc Φ(S1 ∪ {c} , S2 ∪ {c})
s1 ← arg maxs Φ(S1 ∪ {s} , S2)
s2 ← arg maxs Φ(S1, S2 ∪ {s})
add the best option among 〈c, c〉,
〈∅, s1〉, 〈s2, ∅〉 to 〈S1, S2〉while
respecting the budget

Return S1, S2

Proposition 3. Algorithm Hedge achieves a
(1− 1/e)/2 approximation for the BALANCE
problem in the correlated setting.

Common (greedy that forces Ψ = 0):
Greedy algorithm that only adds a common
seeds to both campaigns, or adds to a
campaign a seed of the opposing campaign.
This forces Ψ(S1, S2) = 0.

Proposition 4. Algorithm Common achieves a
(1− 1/e)/2 approximation for the BALANCE
problem in the correlated setting.

EXPERIMENTS

Datasets: Experiments on real-world data collected from twitter. We use datasets from six
topics with opposing viewpoints, covering politics, policy, and lifestyle.
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Baselines: BBLO is an adaptation of the framework by Borodin et al. [1]. For the next two
heuristics we proceed as follows. Each campaign i = 1, 2 selects S′i, |S′i| � k, to optimize ri(S′i).
Union sets S1 and S2 to be the k/2 first distinct nodes in S′1 ∪ S′2.
Intersection sets S1 and S2 to be the k/2 first vertices in S′1 ∩ S′2.
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