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Abstract

In social networks, people influence each other through social
links, which can be represented as propagation among nodes
in graphs. Influence minimization (IMIN) is the problem of
manipulating the structures of an input graph (e.g., removing
edges) to reduce the propagation among nodes. IMIN can
represent time-critical real-world applications, such as rumor
blocking, but IMIN is theoretically difficult and computation-
ally expensive. Moreover, the discrete nature of IMIN hinders
the usage of powerful machine learning techniques, which
requires differentiable computation. In this work, we propose
DI1FFIM, a novel method for IMIN with two differentiable
schemes for acceleration: (1) surrogate modeling for efficient
influence estimation, which avoids time-consuming simula-
tions (e.g., Monte Carlo), and (2) the continuous relaxation
of decisions, which avoids the evaluation of individual dis-
crete decisions (e.g., removing an edge). We further propose
a third accelerating scheme, gradient-driven selection, that
chooses edges instantly based on gradients without optimiza-
tion (spec., gradient descent iterations) on each test instance.
Through extensive experiments on real-world graphs, we show
that each proposed scheme significantly improves speed with
little (or even no) IMIN performance degradation. Our method
is Pareto-optimal (i.e., no baseline is faster and more effective
than it) and typically several orders of magnitude (spec., up to
15,160x) faster than the most effective baseline, while being
more effective.

Code, datasets and online appendix —
https://github.com/junghunl/DiffIM

1 Introduction

In both online and offline social networks, a common phe-
nomenon is influence. That is, people influence other people
through social links. Typical examples include the spread
of information (e.g., rumors) and the contagion of a disease
(e.g., COVID-19). We can model social networks as graphs
and use the propagation among nodes to simulate such pro-
cesses (Kempe, Kleinberg, and Tardos 2005), and several
diffusion models mathematically model such propagation.
While the problem of influence maximization has been
widely studied, prior research has also explored influence
minimization (IMIN), where one aims to manipulate graph
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structures to reduce the propagation among nodes. IMIN is
relevant to real-world scenarios, such as blocking the spread
of rumors or diseases, and it has been studied with sev-
eral different formulations (Yan et al. 2019; Ni, Zhu, and
Wang 2023). In this work, we mainly focus on a formula-
tion with edge removal under the independent cascade (IC)
model (Kempe, Kleinberg, and Tardos 2003), due to its re-
alisticness and generality; and we provide discussions and
experiments on other models, spec., the linear threshold (LT)
model (Kempe, Kleinberg, and Tardos 2003) and the gen-
eral Markov chain susceptible-infected-recovered (G-SIR)
model (Yi et al. 2022), in Appendix B. Specifically, the IC
model is realistic and widely considered for modeling the
spread of information (Tripathy, Bagchi, and Mehta 2010)
and diseases (Borgs et al. 2014); and edge removal is general,
including node removal, another widely considered graph
manipulation, as a special case. For such real-world scenar-
ios, we need timely actions since any delay could witness an
exponential explosion in the spread of information (Jin et al.
2013) and diseases (Platto et al. 2021).

However, this problem is NP-hard, and even simply com-
puting influence under the IC model is computationally ex-
pensive (spec., #P-hard; Chen, Wang, and Wang 2010). There-
fore, several ideas, including Monte Carlo (MC) simulation,
bond percolation (Kimura, Saito, and Motoda 2009), reverse
influence sampling (Borgs et al. 2014; Yi et al. 2022), and
marginal-decrement heuristics (Yan et al. 2019), are available
for influence estimation. However, they offer limited speed
improvements (e.g., due to extensive sampling requirements)
and/or rely on assumptions (e.g., acyclic input graphs) that
do not generally hold in practice.

Notably, existing methods approach the IMIN problem as a
discrete optimization problem, which hinders the application
of powerful continuous-optimization (e.g., gradient descent)
and machine-learning (e.g., neural networks) techniques.

Instead, we propose a novel method for IMIN, called DIF-
FIM, with two main differentiable schemes: (1) surrogate
modeling for efficient influence estimation, and (2) continu-
ous relaxation of edge removal. To the best of our knowledge,
we are the first to approach influence minimization using dif-
ferentiable learning instead of discrete optimization.

Surrogate modeling. First, we propose an efficient scheme
for influence estimation. Inspired by Ko et al. (2020), we pro-



Symbol | Definition
G=(V,E) a graph with a node set V' and an edge set E
p: E —[0,1] |activation probabilities
SCV a seed set
m(v;G,p,S) |the influenced probability of v under IC(G, p, S)
a(S;G,p) the expected influence of S under IC(G, p, S)

GNNg(i'; G, p, S) | the predicted influenced probability of v by GNNjy

Table 1: Frequently-used notations

pose to train graph neural networks (GNNs) to “predict” the
influence when given an input graph and seed nodes (i.e., the
nodes where the propagation starts). Such surrogate modeling
leverages the efficiency of GNNs and avoids time-consuming
MC simulations or other estimation methods. Although GNN
training introduces additional overhead, it is affordable be-
cause once trained in advance, the GNN efficiently estimates
the influence of unseen graphs and/or seed nodes.

Continuous relaxation. Second, to further enhance speed,
we propose to relax the edge removal decisions, so that we
can directly optimize continuous (i.e., probabilistic) deci-
sions without evaluating individual edge removal. Specifi-
cally, for each edge, instead of considering a binary decision
(to remove it or not), we consider a probabilistic decision
representing the probability of removing it. Such relaxation
also allows us to incorporate powerful machine-learning tech-
niques, which typically use gradient descent and thus cannot
be naively applied to the original discrete problem.

Gradient-driven selection. These two schemes enable us
to compute gradients w.r.t. the probabilistic decisions on
removing edges, and the gradient of each edge is naturally
interpreted as its “sensitivity”. Specifically, with influence
as the objective, the influence is more sensitive to the edges
with higher gradients, and removing such edges is expected
to reduce the influence more effectively. Hence, we further
propose our third speed-up scheme, gradient-driven selection,
that removes edges based on their gradients, without further
optimization (spec., gradient descent iterations).

With the three proposed schemes, we propose three ver-
sions, DIFFIM, DIFFIM+, and DIFFIM++, equipped with
the first scheme, the first two schemes, and all three schemes,
respectively. More schemes result in faster speed, with little
(or even no) IMIN performance degradation.

Through extensive experiments on three real-world graphs,
we show the superiority of the DIFFIM family over baselines.
Specifically, all the versions of DIFFIM are Pareto-optimal
(i-e., no baseline is faster and more effective than any ver-
sion of DIFFIM), and they are typically orders of magnitude
faster (spec., up to 15,160 %) than the most effective baseline,
while also being more effective. We also show their ability to
perform well when trained and tested on different graphs.

In short, our main contributions are three-fold:

* Differentiable learning based approach: To the best of
our knowledge, we are the first to tackle IMIN using dif-
ferentiable learning, instead of discrete combinatorial op-
timization. We make this approach feasible by leveraging
GNN s as surrogate models and employing the continuous

18129

relaxation of edge removal.

Gradient-driven acceleration: We propose another
speed-up scheme, gradient-driven selection, that selects
edges based on their gradients without additional test-time
optimization (spec., gradient descent iterations).

Extensive experiments: We demonstrate the empirical
superiority of our methods over baselines in IMIN on real-
world graphs, in terms of both speed and effectiveness.

2 Preliminaries

Basic concepts. Refer to Table 1 for frequently-used no-
tations. Let N be the set of positive integers, and let [n] be
{1,...,n}. A graph G = (V, E) is defined by a node set
V and an edge set E. We consider directed edges, i.e., each
edge e = (u,v) € E is a directed link fromu € Vtov € V.

Definition 1 (Independent cascade (IC) model). Given (1)
a graph G = (V, E), (2) activation probabilities p : E —
[0,1], (3) a seed set S C 'V, the IC model IC(G,p, S) is a
stochastic process defined as follows:

o Initialization: At time step t = 0, each seed node vg € S
is activated and each non-seed node remains inactive.

* Diffusion steps: At each step t > 1, each node v that
is activated in the previous step t — 1 activates each of
its inactive out-neighbor u with activation probability
p(v,u).! That is, each activated node remains active for
the whole process but can only activate other nodes one
step after its activation. The process terminates when no
node is activated in the previous step.

As shown in Def. 1, the process is stochastic and the states
of nodes at the termination are thus probabilistic.

Definition 2 (Influenced probabilities and expected influ-
ence). GivenG = (V,E),p: E — [0,1], and S C V, for
each node v € V, the influenced probability of v, denoted
by w(v; G, p, S), is the probability of v being influenced (i.e.,
active) when the process of IC(G, p, S) terminates, and the
expected influence of the seed set S, denoted by o(S; G, p),
is defined as the expected number of finally influenced nodes,
ie,o(S;G,p) =3 cym(v;G,p,9).

Graph neural networks (GNNs). In GNNG, there are two
main types of operators on the node features: feature transfor-
mation and propagation (Zhu et al. 2021b). A feature transfor-
mation operator transforms node features at each layer into
the next layer via nonlinear transformation. A propagation
operator passes the features of a node to its neighbors, and
updates the feature of each node by aggregating the features
of its neighbors, typically in the form of H < AH, where
H is a node feature matrix, and A is a normalized adjacency
matrix. The strength of different edges (i.e., edge weights or
edge probabilities) can be incorporated in the entries of A.

3 Related Work

Influence estimation. As mentioned in Sec. 1, exactly com-
puting the influence under the IC model is costly, and thus
several methods have been proposed for influence estimation.

'The set of out-neighbors of anode vis {u € V : (v,u) € E}.



The most related approach is by Ko et al. (2020), where graph
neural networks (GNNs) are used to learn the influence under
the IC model. The Monte Carlo (MC) simulation (i.e., taking
the mean value of samplings) has been a common practice
for influence computation (Zhou et al. 2013; Yang, Brenner,
and Giua 2019; Manouchehri, Helfroush, and Danyali 2021).
Kimura, Saito, and Motoda (2009) used the bond percola-
tion method, and Yi et al. (2022) used the reverse influence
sampling instead of MC, but samplings are still required.

Influence minimization. Influence minimization (IMIN)
has been widely studied, and it has several different vari-
ants. Researchers have considered node removal (Zhu et al.
2021a; Ni, Zhu, and Wang 2023) and edge removal (Kimura,
Saito, and Motoda 2009; Tong et al. 2012); and different
models other than IC (Dai et al. 2022) have also been con-
sidered (note that we also considered other models; see Ap-
pendix B). Moreover, prior studies have explored blocking
propagation to specific targets (Jiang et al. 2022; Wang et al.
2020) and/or without specific seed sets (Zareie and Sakellar-
iou 2022), as well as active defense by propagating opposite
information (Budak, Agrawal, and El Abbadi 2011; Luo et al.
2014). In this work, we consider edge removal under the IC
model. While Yan et al. (2019) used the same problem formu-
lation, their analysis, and proposed method were limited to
acyclic graphs. Due to the difficulty of influence computation
or even estimation, different heuristics without direct influ-
ence estimation have also been considered. They proposed
considering the incremental differences when removing each
edge, assuming that the input graph is acyclic. Tong et al.
(2012) proposed to choose the edges according to the leading
eigenvalues of the adjacency matrix, but the effect of seed
nodes is not considered in the method. See Appendix D for
more details on existing IMIN methods. Note that no existing
method for IMIN has considered a differentiable learning
scheme, which is a novel approach introduced in this work.

4 Problem Statement and Hardness

As mentioned in Sec. 3, there are different problem formula-
tions for influence minimization (IMIN). One can consider
different graph manipulation (edge removal or node removal)
and different diffusion models. In this work, we consider
the formulation with edge removal under the independent
cascade (IC) model (see Sec. 2) due to the following reasons:

* The formulation with edge removal is more general than
that with node removal. Specifically, node removal can be
seen as edge removal with additional constraints that the
edges incident to a node should be all kept or all removed.

Blocking spread between users (i.e., edge removal), such
as through contact restriction, is often more feasible than
completely removing a user (i.e., node removal).

Regarding the diffusion model, the IC model has been
widely considered for the spread of information (e.g., ru-
mors) (Tripathy, Bagchi, and Mehta 2010; Xu and Chen
2015; Shelke and Attar 2019) due to its simple yet real-
istic nature. However, note that our proposed approach
is not limited to the IC model but can be applied to
more diffusion models, spec., the linear threshold (LT)
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model (Kempe, Kleinberg, and Tardos 2003) and the gen-
eral Markov chain susceptible-infected-recovered (G-SIR)
model (Yi et al. 2022), as explored in Appendix B.

Hereafter, we simply call the considered problem influence
minimization when no confusion is likely.

Problem 1 (influence minimization).

* Given: a graph G = (V, E), activation probabilities p :
E — [0,1], a seed set S C 'V, and a budget b € N,

* Find: a set £ of b edges, i.e., E C Eand |E| = b,

* to Minimize: the expected influence of S after removing
the edges in £ from G, i.e., 0(S; G\, p\¢) with G\¢ =
(V,E\E)andp\g(e) =ple),Ve e B\ E.

We show the NP-hardness of influence minimization (see
Appendix A.1), and Yan et al. (2019) proved that influence
minimization is non-submodular.

Theorem 1. Influence minimization (Problem 1) is NP-hard.

Theorem 2 (Yan et al. 2019). Influence minimization
is non-submodular, ie., f(€;G, p,S) = o(S;G,p) —
o(S; G\g, p\¢) is not submodular w.rt. £.

5 Proposed Method

Thms. 1-2 show the non-triviality of influence minimization
(IMIN; Problem 1). Below, we further analyze the challenges
in IMIN and propose our method, DIFFIM, to address them.

5.1 Naive algorithms and their problems

Before introducing our method DIFFIM, we discuss some
naive algorithms, and analyze their problems.

A naive enumeration algorithm evaluates all possible com-
binations of b edges and chooses the best combination. This
requires computing influence for (%) = ©(|E[) times,
which is computationally prohibitive. One can reduce the
frequency of influence computation by adapting it in an in-
cremental manner. There are b rounds in total, and in each
round, we choose an edge whose removal reduces the ex-
pected influence of .S most. See Alg. 2 in Appendix C for
the pseudo-code of such an incremental greedy algorithm.
Although such an idea requires computing influence for only
O(b|E|) times, as discussed in Secs. 1 & 3, the exact compu-
tation of expected influence is computationally prohibitive,
and the existing estimation methods, e.g., Monte Carlo (MC)
simulation, are still time-consuming because they require ex-
tensive sampling. Below, we shall propose multiple schemes
to speed up the process of choosing each edge.

5.2 DIFFIM: Surrogate modeling for efficient
influence estimation without simulation

We shall first address the problem of time-consuming estima-
tion of influence. We propose to use graph neural networks
(GNNs), which are computationally efficient.

The high-level idea is to use a GNN as a surrogate model
(neural approximation) of the influenced probabilities 7(+)
(see Def. 2). That is, we see 7 as a black-box function,
and we aim to train a GNNy parameterized by 6 such that
GNNy(v; G, p, S) = 7(v; G, p, S),VG, p, S, v. Specifically,



p is used as edge weights and S is represented by one-
dimensional binary node features. Although GNN training
introduces additional overhead, it is affordable since it can
be done once in advance on existing or randomly gener-
ated data. Once trained, GNNy efficiently estimates the influ-
enced probabilities GNNy (v'; G, p', S') = n(v/; G, p’, §)
of new unseen cases (see Sec. 5.5 for complexity analysis),
avoiding time-consuming MC simulation or other estimation
methods (see Sec. 3 for examples).

Notably, even with a single input graph, we are able to
generate multiple data points by generating different seed
sets, and the training process can be easily extended to mul-
tiple graphs. We first obtain the influence of each training
seed set by MC simulation and use it as the “ground-truth”
influence, and then update the parameters of the GNN w.r.t.
the difference between the predicted influence by the GNN
and the “ground-truth” influence. Specifically, for each seed
set .S;, the L2-1oss is used, i.e.,

‘C(GNNea 77(7 {Si}? Gap)
\/Z GV(GNNQ(U; Gap7 SL) - 7?(1)7 Gapa St))Q

The final loss function is averaged over seed sets, i.e.,

L(GNNy; 7, S,G,p) = ﬁZSieS L(GNNg; 7, {S:}, G, p).

After training, we can use the trained GNN as a surrogate
model for each test instance 7 = (G,p,S,b) (see Prob-
lem 1), while still following an incremental greedy scheme,
i.e., choosing the edges one by one with the highest effect
estimated by the trained GNN, which results in DIFFIM.
See Alg. 1 for pseudo-code of DIFFIM, and see Alg. 3 in
Appendix C for that of GNN training.

5.3 DIFFIM+: Continuous relaxation of edge
removal without individual removal evaluation

Although DIFFIM accelerates influence estimation using
GNNss as a surrogate model, DIFFIM still needs to evaluate
each individual edge removal (spec., compute the estimated
influence when each edge is removed), which can still take
considerable time even with efficient influence estimation.
To this end, we propose to use continuous relaxation of edge
removal to avoid individual edge-removal evaluation.

Continuous relaxation. The high-level idea is that, for
each edge e = (v, u), instead of a binary decision r(v,u) =
1((v,u) ¢ €) € {0,1} (i.e., to keep it or not; recall £ is the
set of edges to be removed), we consider a probabilistic deci-
sion (v, u) = Pr[(v,u) ¢ &] € [0, 1], i.e., the probability of
keeping e. Such relaxation can be readily incorporated into
our surrogate-model-based influence estimation. Specifically,
by the multiplication rule: Pr[v activates u via (v,u)] =
Pr[v activates u A (v, u) is kept] = p(v, u)7(v, u).
Therefore, given activation probabilities p : E — [0, 1]
and probabilistic decisions 7 : E — [0, 1] on the edges, we
obtain the modified activation probabilities pr : E — [0, 1]
by pr(v,u) = p(v,u)F(v,u),¥(v,u) € E. Specifically,
given a graph G = (V, E), activation probabilities p, a seed
set S C V, atrained GNNjy, and probabilistic edge-removal
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Algorithm 1: DIFFIM / DIFFIM+/ DIFFIM++

Input: (1) G = (V, E): an input graph
(2)p: E — [0, 1]: activation probabilities
(3) S C V:aseed set
(4) b: an edge-removal budget
(5) GNNp: a trained GNN
(6) 7 : E — [0, 1]: initial probabilistic decisions
> For DIFFIM+ and DIFFIM++
(7) nep: the number of epochs for each removal
> For DIFFIM+ only
Output: £ C E: a set of edges chosen to be removed
T « (G,p,S,b) > Initialize the IMIN problem instance T
E«0 > Initialize the set of edges to be removed
fori=1,2,...,bdo
e = EdgeSelection () or EdgeSelection+ ()
or EdgeSelection++ () > Select an edge
E+— E\{e}; €+ EuU{e} > Remove the edge
G+ (V,E); T + (G,p,S,b) > Update the graph
return £

WO =

Function EdgeSelection ():
| return argmincen Y, oy GNNg(v; G, p\¢e, S)

—

Function EdgeSelection+ ():
for j =1,2,...,n¢p do
Compute the derivative VL := 2
Update 7 via gradient descent w.r.t. VL
return arg mineeg 7(e)

11
9L (7;T,GNNg)
13

14

15 Function EdgeSelection++():
03 ,cv GNNp (v;G,p\g,5)
Vi(e) = £v 57() A

return arg maxecg Vi(e)

16 ,Vee E

17

decisions 7, the influenced probability of each node v € V is
estimated as GNNy(v; G, pr, S). Notably, such an estimated
influenced probability is differentiable w.r.t. 7.

Lemma 1. GNNy(v; G, pr, S) is differentiable w.r.t T.

Proof. See Appendix A.2. O

Differentiable optimization. After training GNNy, by
Lemma 1, we can now conduct differentiable optimization
on the probabilistic edge-removal decisions for each test
instance T = (G, p, S,b) of the IMIN problem (see Prob-
lem 1), which results in DIFFIM+ (see Alg. 1). The high-level
process is as follows: we fix GNNj after training, and only
update 7 to minimize the loss £, which has three parts:

Lo := »Cobj + aﬁbudget + ﬁﬁcenaintya (D

where the loss coefficients, « and f3, are hyperparameters.
The first part Ly is regarding the main optimization ob-
jective of IMIN (Problem 1), defined as

Eobj (’F; T, GNN@)

> wev (GNNg (v;G,p,S)—GNNp (v;G,p7,95))
> vev GNNg (v;G,p,S)—|S| ’

which is the reduction ratio in the estimated number of in-
fluenced non-seed nodes. Specifically, the numerator is the
estimated influence reduction after the probabilistic edge re-
moval 7 is applied, and the denominator is the estimated num-
ber of influenced non-seed nodes before the edge removal.



When the surrogate model is perfectly accurate, minimizing
Lopj is equivalent to optimizing the objective of IMIN.
The second part Lyuqger is regarding the budget constraint:

Louge(7 T, GNNp) o= (|| = ) #(e) = b)%,

which is the squared difference between the expected number
of removed edges and the required budget. When the budget
is exactly used, Lo is 0, i.e., minimized.

The third part Leeraingy is regarding the certainty (i.e., close-
ness to binary) of the probabilistic decisions 7:

Accertainty (ﬁ T7 GNNO)

_ Xeen(T(e)log T(e)*(l‘*f(e)) log(1—-7(e)))
= = ,

which is inspired by the Shannon entropy, and Leerainty iS
smaller when each 7(e) is closer to O or 1.

Even with continuous relaxation, optimizing £ remains
closely aligned with the IMIN problem, as discussed in Ap-
pendix A.3. In Alg. 1, we show pseudo-code of DIFFIM+,
where some details (e.g., how we initialize and normalize 7)
are omitted and will be deferred to Sec. 6 when we describe
the detailed experimental settings. Given initial probabilis-
tic decisions 7, in each iteration, we update it via gradient
descent according to the loss function Lo (Eq. (1)) and its
derivative. For each specified number ., of epochs, the edge
with the smallest 7(e) value is removed.

5.4 DIFFIM++: Gradient-driven selection without
test-time gradient-descent optimization

The previous two schemes entail differentiability, enabling
us to compute gradients w.r.t. the probabilistic decisions on
edges. The gradient of each edge can be naturally interpreted
as its “sensitivity”. Specifically, the influence is more sensi-
tive to the edges with higher gradients, and removing such
edges is expected to reduce the influence more effectively.
Hence, we propose DIFFIM++ with gradient-driven edge
selection, which instantly removes the edge with the largest
gradient in each round, instead of performing optimization
(spec., gradient descent) over many epochs.

Alg. 1 shows pseudo-code of DIFFIM++. After training
GNNy, for each test instance 7 = (G = (V, E), p, S, b) of
the IMIN problem, we compute the derivatives on all edges,

Vile;T) = 9% vev %ﬁii;(v;G’p’s),Ve ek,
and remove the edge with the largest V(e; T) in each round.

Discussion. For DIFFIM+, instead of removing edges one
by one after n., epochs, one can choose the bottom-b edges
with the lowest 7 values at once. Similarly, for DIFFIM++,
one can choose the top-b edges with the largest gradient at
once. Empirically, we observe that choosing edges at once
in such a way achieves similar or worse performance. See
Appendix G.3 for more detailed results and discussions.

5.5 Time and space complexities

Given a test instance T = (G = (V, E), p, S, b) of the IMIN
problem, assume that (1) we use graph convolutional net-
works (GCNs; Kipf and Welling 2017) with a constant num-
ber of layers, as in our experiments, (2) the dimensions of
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dataset abbr. training graph test graph
VI B VI B
WannaCry |WC | 16,246 |84,217|19,381| 85,202
Celebrity |CL 7,848(28,839| 7,336 27,699
Extended |ET 5,636 (31,826 | 5,413|27,146

Table 2: Basic statistics of the real-world datasets.

hidden features are fixed as constant, which are indeed fixed
and much smaller than the size of graphs in our experiments,
and (3) the input graph is sparse (specifically, |E| = O(|V])),
which is indeed true for the datasets in our experiments (see
Table 2), we can derive the time and space complexity of DIF-
FIM based on existing results (Chiang et al. 2019; Blakely,
Lanchantin, and Qi 2021).

DIFFIM. A forward pass of GCN takes O(|E|) time. In
each round, we conduct O(|E|) forward passes, with b rounds
in total. Thus, the time complexity of DIFFIM is O(b| E|?).

DIFFIM+. A backward pass of GCN takes O(|E|) time,
and there are b rounds each with n., epochs (see Alg. 1).
Therefore, the time complexity of DIFFIM+ is O(n.,b|E|).

DIFFIM++. We conduct one backward pass in each of the
b rounds, so the time complexity of DIFFIM++ is O(b|E).

Note. Regarding the time complexity, DIFFIM > DIFFIM+
> DIFFIM++, as intended.

Space complexity. For each version, itis O(|E| + |V]) =
O(|E|), dominated by the space complexity of GCN.

6 Experiments

We performed experiments on real-world graphs, aiming to
answer the following questions:

* Q1. Performance: How effectively and quickly does DIF-
FIM minimize influence?

* Q2. Scalability: How does the running time of DIFFIM
grow with the budget b?

* Q3. Influence estimation quality: How well does the
surrogate GNN model in DIFFIM estimate the influence?

* Q4. Inductivity: How does DIFFIM perform when
trained and tested on different/same graphs?

* QS. Ablation studies: How does each component or al-
gorithmic design affect the performance of DIFFIM?

6.1 Experimental settings

Datasets. We used three real-world social-network datasets
from Ko et al. (2020): WC, CL, and ET, consisting of interac-
tions logs, e.g., retweets among users (Sabottke, Suciu, and
Dumitras 2015). Such interactions naturally represent peo-
ple’s impact on others, i.e., influence. We provided their basic
statistics in Table 2. Each dataset was split into training and
test graphs based on a time threshold ¢;: edges before t;y,
were used for training, and those after were used for testing.
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Figure 1: The effectiveness (the reduced ratio of influence) and running time of each method, with budget b = 5 (top) and b = 10
(bottom). The baselines with outputs independent of seed sets were represented as horizontal lines. We compared the running
time of the best baseline to one of our methods with the most similar reduced ratio, and in all cases, DIFFIM was 30 x to 15,160
x faster. See Appendix G.1 for full results with standard deviations.

Baselines. We considered the following baselines:

1. RANDOM removes b edges chosen uniformly at random.

2. ODC (Out-degree Centrality; Kempe, Kleinberg, and Tar-
dos 2003) removes the top-b edges w.r.t. the sum of out-
degrees of their two endpoints.”

. BC (Betweenness Centrality; Schneider et al. 2011) re-
moves the top-b edges w.r.t edge betweenness.

. PR (PageRank; Page et al. 1998) removes the top-b edges
w.r.t. the sum of the PageRank scores of their endpoints.

. KED (Tong et al. 2012) removes the b edges to minimize
the leading eigenvalue of the adjacency matrix.

. MDS (Yan et al. 2019) greedily removes b edges w.r.t.
the importance scores estimated by influenced probability
and rumor-spread ability of their endpoints.

. BPM (Kimura, Saito, and Motoda 2009) removes the
top-b edges w.r.t. importance scores estimated using the
bond percolation method (BPM). BPM does not consider
specific seed nodes.

. Modified BPM (MBPM) is a modified version of BPM
that considers specific seed nodes.

. GREEDY removes b edges greedily with influence esti-
mated by Monte Carlo (MC) simulation.

10. RIS (Yi et al. 2022) estimates the importance of each

edge for propagating to other nodes using sampling, and
removes the b most important edges.

*The out-degree of eachnode v € V'is [{u € V : (v,u) € E}|.
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For MBPM and GREEDY, a number after their names de-
notes the number of samplings (e.g., GREEDY-100 denotes
GREEDY with 100 samplings). For RIS, a small € increases
sampling numbers and improves edge importance estimation
accuracy. Note that all these baselines approach IMIN as a dis-
crete combinatorial optimization problem. See Appendix E
for more details on the baselines.

DIFFIM. For each training graph, we generated 1,000 ran-
dom seed sets, using 800 for training and 200 for validation.
For each test graph, we generated 50 random seed sets and
reported average performance, where we used 10,000 Monte
Carlo simulations as the “ground-truth” influence, following
the settings by Kempe, Kleinberg, and Tardos (2003). We
consistently used a graph convolutional network (GCN) with
six layers and a final fully connected layer. For DIFFIM +,
the probabilistic decisions 7 were optimized (see Alg. 1) in
Nep = 100 epochs for each removal with « = 0.1 and 8 = 1.

Seed set generations. For each seed set, the size was sam-
pled uniformly between 10 and [0.01|V|| (inclusive), and
then the nodes were sampled uniformly.

Probabilistic decisions. The probabilistic decisions
were normalized by a sigmoid function Ogigmoid(2)
€ [0,1]. We used initial probabilistic decisions

1
Tte—=

7(e) = Osigmoid(x) = 1 — |—g|,Ve € E, which makes the loss
Lpuage: regarding the budget constraint to be 0 (see Sec. 5.3).
See Appendix F for more details of the experimental settings,

e.g., hardware information.
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Figure 2: The running time of each DIFFIM version when
budget b increases from 1 to 10. The running time of each
version grew linearly with b, showing good scalability.
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Figure 3: The Pearson correlation coefficients between the
ground-truth influence of the validation sets and that esti-
mated by MC simulation of a trained GNN. In all the cases,
trained GNNs estimated influences near-perfectly.

6.2

We shall show that DIFFIM showed good performance in
influence minimizing (IMIN; Problem 1) in terms of effec-
tiveness (the reduced ratio of influence) and efficiency (the
running time). Formally, the reduced ratio 2, is defined as

Q1. Performance

a(8;G,p)—0(S;G\e:p\e)
a(S;G,p)—1S] ’

R.(&G,p,8) = @)
A higher R, implies higher effectiveness in IMIN.

In Fig. 1, we reported the average reduced ratio of influence
and running time across all the test seed sets for each dataset
and method, using budgets b € {5, 10}. Methods taking more
than one hour on a single seed set were considered “out of
time” and excluded. Several baselines (RANDOM, ODC, BC,
PR, BPM, and KED) do not depend on the seed set, and can
be executed once for all seed sets. Hence, we represented
the performance of each of those methods as a horizontal
line. All the versions of DIFFIM were Pareto-optimal, i.e.,
no baseline was faster and more effective than any version,
with at least one version outperforming all the baselines w.r.t.
effectiveness in each case. In most cases, all the versions out-
performed all the baselines w.r.t. effectiveness. Specifically,
DIFFIM achieves 30 x to 15,160 x speed-up with similar
effectiveness. Notably, for WC, RIS-¢ ran out of time for each
e € {0.2,0.4,0.6}. As intended, the more proposed schemes
we use, the higher speed we have (w.r.t. speed, DIFFIM <
DIFFIM+ < DIFFIM++). The effectiveness of different ver-
sions did not vary much, yet we observed an overall trend:
DIFFIM > DIFFIM+ > DIFFIM++. See Fig. 5 and Table 7
in Appendix G.1 for the full results with standard deviations
with different budgets b € {3,5,7,10}.
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WC
17,227

CL
7,390

ET
6,818

datasets

time (in seconds)

Table 3: Average training time (in seconds) for GNNs.

estimation method WC CL ET
GNN 0.0082 | 0.0056 | 0.0056
MC simulation 3.7757 | 0.8276 | 0.7817

Table 4: Average time (in seconds) to estimate influence
for each seed set using GNNs and MC simulations. MC
simulations were repeated 10,000 times for estimation.

6.3 Q2. Scalability

In Fig. 2, we reported the running time of all DIFFIM ver-
sions on each dataset with different budgets. As the budget
b increased from 1 to 10, the running time increased almost
linearly for all versions, which validated our analysis on the
time complexity in Sec. 5.5. Our analysis in Sec. 5.5 also
implies that DIFFIM+ and DIFFIM++ have better scalabil-
ity w.r.t. the input graph size than DIFFIM. Specifically, the
time complexity of DIFFIM is quadratic in |E/| while that of
DIFFIM+ and DIFFIM++ is linear, which was also validated
in Fig. 2, where the running time gap between DIFFIM and
the other two versions increased on the larger dataset WC. In
Table 9 in Appendix G.2, for each method and each dataset,
we provided the minimum budget b for the method to run out
of time (i.e., take more than one hour on a single seed set).

6.4 Q3. Influence estimation quality

We shall show that our surrogate GNNs were trained well
for influence estimation. In Fig. 3, for the validation seed
sets (recall that for each training graph, we generated 1,000
random seed sets, using 800 training and 200 for validation;
see Sec. 6.1), we reported the Pearson correlation coefficients
(Pearson’s ) between the influence obtained by MC simu-
lation (seen as the ground truth) and that estimated by the
trained GNNs. The estimation by the GNNs was highly cor-
related with the ground truth. Specifically, the trained GNNs
achieved a Pearson’s r of 0.999 or higher on each dataset.
See Appendix G.4 for more details, e.g., how the estimation
errors decreased along training.

We reported the training times for GNNs in Table 3 and
compared the influence estimation times of GNNs with MC
simulations in Table 4. Overall, the estimation times of GNNs
were at least 100x faster than those of the MC simulations.

6.5 Q4. Inductivity

In Table 5, we compared the effectiveness (the reduced ratio
of influence; see Eq. (2)) of all DIFFIM versions in the trans-
ductive setting (trained and tested on the same dataset) and
the inductive setting (trained and tested on different datasets)
when budget b = 5. Note that even for the transductive
setting, the training and test graphs were different (spec.,
different timestamps), and the seed sets were different (see
Sec. 6.1). In the inductive setting, on each dataset, we tested



method DIFFIM DIFFIM+ DIFFIM++
dataset WC CL ET WC CL ET WC CL ET
transductive 0.4311 | 0.6547 | 0.5613 || 0.3914 | 0.6614 | 0.5332 || 0.3876 | 0.6583 | 0.4718
inductive 0.4256 | 0.6394 | 0.5429 || 0.3910 | 0.6534 | 0.5045 || 0.3692 | 0.6230 | 0.5050
(difference) (-1.3%) | (-2.3%) | (-3.3%) || (-0.1%) | (-1.2%) | (-5.4%) || (-4.7%) | (-5.4%) | (+7.0%)
strongest baseline (transductive) || 0.3160 | 0.5591 | 0.5284 || 0.3160 | 0.5591 | 0.5284 || 0.3160 | 0.5591 | 0.5284

Table 5: The effectiveness (the reduced ratio of influence) of each DIFFIM version when budget b = 5, and the comparison
between the performance in transductive and inductive settings, with each percentage being the difference ratio (negative means
the effectiveness in inductive settings was lower). In all the cases, the effectiveness of each DIFFIM version was only slightly
lower (or even higher) in the inductive setting. Importantly, DIFFIM outperformed all the baselines in most cases in both

transductive and inductive settings.

loss WC CL ET

original 0.3914 | 0.6614 | 0.5332
— Lpudget 0.0052 | 0.0112 | 0.0170
—Lcertainty | 0.3891 | 0.6479 | 0.5282

Table 6: The effectiveness (the reduced ratio of influence) of
DIFFIM+ on budget b = 5 when removing different parts of
the loss function (Eq. (1)). Each part was helpful, and Lyygge
was much more helpful than that of Lceriainty-

the two models that were trained on the other two datasets.
The reported performance was the average of the results from
these two models. In most cases, the effectiveness of our
methods was higher in the transductive setting than in the in-
ductive setting. From transductive to inductive settings, their
effectiveness dropped by at most 5.4%. In most cases and
settings, the effectiveness of our methods is higher than the
most effective baseline (which was transductive and much
slower than DIFFIM+ and DIFFIM++), showing the good
inductivity of our methods.

6.6 Q5. Ablation studies

We evaluated the importance of Lpudger and Leertainyy in the
loss function of DIFFIM+ (see Eq. (1)). In Table 6, we com-
pared the effectiveness (the reduced ratio of influence) of
DIFFIM+ on budget b = 5 when using the whole loss func-
tion and when removing Lyugger OF Leertainy- We observed
the effectiveness of DIFFIM+ droped significantly without
Lpudget> showing the significance of Lyugger. The effectiveness
of Leerainy Was marginal, but it was necessary for theoretical
guarantees (see Lem. 2 in Appendix A.3).

6.7 Additional experiments

We also conducted experiments on two more influence
diffusion models, specifically, the linear threshold (LT)
model (Kempe, Kleinberg, and Tardos 2003) and the gen-
eral Markov chain susceptible-infected-recovered (G-SIR)
model (Yi et al. 2022). On these models, DIFFIM still showed
empirical superiority, being significantly faster than the most
effective baseline, while achieving a similar reduced ratio of
influence. See Appendix B for more details.
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In addition, we conducted experiments on large-scale
datasets. Due to the absence of realistic activation proba-
bilities, for these datasets, we used the weighted cascade
model (Kempe, Kleinberg, and Tardos 2003), a special case
of the IC model where the activation probability of each edge
from node u to v is 1 divided by the in-degree of v. On these
datasets, many strong baselines ran out of time or memory,
and DIFFIM consistently outperformed those that completed
within the given limits. See Appendix G.5 for details.

Furthermore, in Appendix G, we presented additional ex-
perimental results on (1) the detailed trade-off between time
and reduction ratio, (2) scalability w.r.t. budgets, and (3)
comparisons with variants of DIFFIM missing certain com-
ponents. Overall, we demonstrate the superiority of DIFFIM
over baseline methods in terms of trade-offs and scalability,
and the importance of each component in DIFFIM.

7 Conclusions

In this work, we studied influence minimization (IMIN) with
edge removal under the independent cascade (IC) model,
with more models discussed in Appendix B. We proposed
DIFFIM (Sec. 5), which incorporates two key schemes: surro-
gate modeling for efficient influence estimation (Sec. 5.2) and
continuous relaxation of edge removal (Sec. 5.3). Addition-
ally, we proposed gradient-driven edge selection for instant
edge selection without test-time gradient descent iterations
(Sec. 5.4). Our extensive experiments demonstrated that all
three schemes improved the speed of DIFFIM with little (or
even no) IMIN performance degradation, in addition to its
superior speed and effectiveness over baselines (Sec. 6.2). We
also showed its scalability (Sec. 6.3) and ability to perform
well when trained and tested on different graphs (Sec. 6.5).

Our future work will extend our approach to other
influence-related graph problems. For example, our method
can be adapted to the influence maximization prob-
lem (Kempe, Kleinberg, and Tardos 2003), whose objective
is to identify the most influential seed set, by (1) introducing
a global seed node linked to all existing nodes with 100%
activation probabilities and (2) selectively removing some of
these new edges to maximize the influence of the seed node.
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