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Abstract. Misinformation prevention is a crucial research topic in the
social network community, which aims to identify, mitigate, and ulti-
mately prevent the spread of false or misleading information across the
social network. Traditional methods typically rely on detailed informa-
tion on underlying networks and propagation mechanisms. However,
these approaches can be impractical due to privacy concerns and restric-
tions on data accessibility. To overcome this challenge, we propose Met-
alearner, a novel framework that leverages historical pairs containing
queries and their high-quality decisions. This approach enables us to
derive effective decisions for new queries without requiring complete net-
work and diffusion information. We evaluate the performance of Met-
al.earner by comparing it with existing methods. The results show sig-
nificant improvements in both accuracy and computational efficiency,
demonstrating Metal.earner as a scalable and effective solution for mis-
information prevention.

Keywords: Misinformation Prevention - Social Network + Data-driven
Learning

1 Introduction

Social networks can connect people worldwide and enable rapid information
exchange, but they also facilitate the spread of misinformation, which refers to
false, inaccurate, or misleading information [4,16]. Preventing misinformation on
social media is essential to avoid distorting perceptions, public opinion impact,
and harmful consequences [1]. Additionally, disseminating accurate information
is important for informed decision-making [11], public safety [2], and maintaining
trust in institutions [14].

An effective strategy for preventing misinformation is to select influen-
tial users in social networks to disseminate accurate information before oth-
ers encounter false content [3,13,23]. This approach selects key individuals to
spread truthful information, thereby minimizing the number of users affected
by misinformation. The spread of information within networks can be captured
by various diffusion models [7,9,12], which indicate that the number of users
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unaffected by misinformation can be represented by a monotone-increasing sub-
modular function [3]. Previous works leverage this property to design greedy
algorithms for misinformation prevention in social networks [3,6,8]. However,
these methods typically require comprehensive information of social networks
and diffusion models, which is usually inaccessible in real-world scenarios due to
privacy concerns [17]. This constraint leads to an unknown objective function for
misinformation prevention, limiting the practical application of such methods.

Recently, Tong proposed StratLearner [18], an effective method for estimating
the objective function using randomly sampled subgraphs and historical query-
decision pairs, without requiring complete diffusion model information. In each
query-decision pair, the query represents users initially affected by misinforma-
tion and the decision refers to users selected to minimize misinformation spread.
However, StratLearner has two main limitations: 1) Its performance depends on
the number of sampled subgraphs, with more subgraphs improving accuracy but
increasing training time and memory cost; 2) It shows limited performance gains
even with larger training datasets, similar to the findings in Model Soup [22],
often converging to the same sub-optimal region with identical hyperparameters.

To address above limitations, we propose Metalearner, a two-step frame-
work for misinformation prevention in social networks with restricted access to
the underlying diffusion model. In the first step, we refine the sampling method
by leveraging historical query-decision pairs. Multiple models are trained on
distinct subsets of training data and randomly sampled subgraphs, producing
estimations of the objective function. Since we cannot directly select the most
accurate model due to limited access to the true objective function, we draw
inspiration from Multi-head Attention [21] and Model Soup [22], considering
each estimation as a representation of the social network graph. Ideally, we would
train numerous models, with each providing a representation to replace a ran-
domly sampled subgraph, thereby enhancing the accuracy of objective function
estimation in the second step. However, this approach is computationally infea-
sible. To address this, in the second step, we introduce an importance sampling
method that reduces the number of required models while still generating high-
quality subgraphs for objective function estimation. Once the objective function
is estimated, traditional misinformation prevention algorithms can be employed
to optimize it to generate solutions for new queries.

Overall, our contributions are summarized: 1) We propose MetaLearner, a
novel framework inspired by model ensemble techniques, enhancing the accuracy
of objective function estimation by a two-step learning process; 2) We introduce
an importance sampling strategy to reduce the number of required models to
&, 35, o, and 155 of the original amount. This reduction significantly decreases
computational cost and memory usage, making the approach practical for appli-
cations with limited data access; 3) We conduct extensive experiments, show-
ing that MetaLearner consistently outperforms the state-of-the-art methods in
accuracy and computational efficiency across various social network structures,
demonstrating its robustness and scalability for large-scale applications.
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The rest of the paper is organized as follows. Section 2 introduces the problem,
Sect. 3 describes the proposed method, Sect. 4 presents the experimental results,
and Sect. 5 concludes the paper.

2 Problem Setting

A social network can be modeled as a directed graph G = (V, E,T), where V
represents the user set and F represents the connections between users. Specif-
ically, a directed edge (u,v) € E with u,v € V, indicates that the user u can
spread information to user v. T is a function that maps each edge (u,v) to a
real value T'(u,v) € (0,400) which represents the time cost for spreading infor-
mation from u to v. In addition, for each node v € V| its out-neighbor set and
in-neighbor set are denoted as Ny (v) C V and Ny, (v) C V), respectively.

The considered diffusion model follows the mechanism in triggering model
[12]. Given a social graph G, two types of cascades are disseminated simultane-
ously: the misinformation cascade M and the positive information cascade P.
Each node in the graph can be in one of three activation states: M-active state,
P-active state, and inactive state. Initially, a set of nodes M C V is M-active,
while another set of nodes P C V is selected to be P-active. The remaining
nodes are inactive. The diffusion process can be defined as follows.

— Timestep 0: Nodes in the M-active and P-active states begin attempting
to activate their neighbors.

— Timestep ¢: When a node u becomes M-active at time ¢, it attempts to
activate all its inactive out-neighbors N,,:(u). Each neighbor v € Ny (u)
will become M-active at time ¢ + T'(u,v). Similarly, if a node u becomes P-
active at time ¢, it attempts to activate all its inactive out-neighbors to become
P-active, following the same process. A node can only be activated by the
first attempt from any in-neighbors and will not switch states afterward. If a
node is activated by multiple in-neighbors in different states simultaneously,
it will become M-active.

— Termination: The diffusion process terminates when no more nodes can be
activated.

Given a social network G = (V, E,T), a diffusion model described above,
a node set M C V, and a budget r € ZT, the objective of misinformation
prevention problem is to select a set of nodes P C V with |P| < rand PNM =0
such that the number of nodes that are not M-active after the diffusion process
can be maximized. Let F(M, P, G) represent the number of nodes that are not
M-active after the diffusion process. The objective function f(M, P, G) is defined
as follows.

f(M,P,G)=F(M,P,G)— F(M,0,QG)

where F(M, ), G) represents the number of nodes that are not M-active when
no positive nodes are initially selected. Formally, the misinformation prevention
problem aims to find a node set P such that the objective function is maximized.

arg max f(M, P,G). (1)
PCV,PNM=0,|P|<r
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Algorithm 1. MetaLearner

1: Input: N, n,K € Z*, ¢, D;

2: Update the sampling method ¢ to a set of sampling methods ¢’ with Algorithm 2;
3: Estimate the objective function through Algorithm 3;

4: Return an estimation of the objective function f*(M, P, G);

In this paper, the collected data is represented as D = {M;, P;}"; where
each P; is an approximate decision for M; € X with its corresponding objective
function using some traditional misinformation prevention methods, where X
denotes the query space. Our goal is to learn a framework A for the misinforma-
tion prevention problem based on the historical query-decision data such that it
can obtain a good decision P = A(M) for a new given query M € X. We use [
to measure the performance of A.

f(M,P,G)

l(M,.A(M)) =1- W’

where P’ is an approximate decision for the new query M, obtained using the
same method applied to compute the decisions in the collected data. We prefer
lower values of [, as they indicate higher quality in the predicted decision P.
Formally, given the training data D, we aim to develop a framework A such that
the following loss function is minimized.

L(A) = Eprex[l(M, A(M))].

3 Method

In this section, we introduce our proposed framework MetalLearner. The main
challenge stems from the unknown objective function f(M,P,G) due to the
lack of information about the underlying diffusion models. To overcome this
challenge, we follow the idea in [18] that the objective function can be approx-
imated by using the subgraphs randomly drawn from some fixed distribution.
We assume that the objective function lies in the following space parameterized
by some learnable w € R.

K
{szf(M7P7.gZ) wleR7glesvk€Z+}7 (2)
i=1

where S indicates a set of subgraphs with size K that are sampled from the true
graph structure G = (V, E). Specifically, S = {g1, -+ ,9x} and ¢g; = (Vi, E;, T})
where V; C V, E; C E, and T; is a function that assigns each edge in g a
non-negative weight. Therefore, our approach focuses on accurately estimating
f(M, P,G) via searching from the above space by using the historical query-
decision data. We can then apply traditional optimization algorithms to infer a
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Algorithm 2. Sampling modification

1: Input: N, n,K € Z*, ¢, D;
2: for j=1,2,--- N do:
3: Sample K subgraphs with the sampling method ¢ to construct S7 =
{9{7 T 791.(}793. = G(‘/z‘jvEg7Tv;j)5

Sample n training pairs from the dataset D to construct D?;

Calculate w/ = {w{7 e ,wi(} for D?, 87 by applying cutting plane algorithm
[10] to solve Equation 3;
6 Construct an edge set E' = Uf(zl Ef, where Ef is the edge set of subgraph gf;
7 for e € E] do:
8 Calculate the weighted weight 77 (e) = S.5  w?! - T/ (e), T/ (e) = 0 if e ¢ g/;

9: Sample a from a uniform distribution [A, B], with positive integers A, B;
10: Calculate b by solving E[Weibull(a, b)] = 77 (e);
11: ¢’ (e) = Weibull(a, b);

12: end for

130 ¢ ={¢'(e)},e € EY;

14: end for

15: Return a set of sampling method ¢’ = {¢*,--- ,¢" };

decision P when given a new query M by solving Eq. 1. In general, the overall
framework is composed of two main steps: in the sampling modification step,
we train N € Z7T different models using n € Z™T training pairs to learn an effec-
tive sampling method that approximates the true graph structure. In objective
function estimation step, we estimate the objective function using the learned
sampling method, yielding the final approximation f*(M, P, ). The overall algo-
rithm is summarized in Algorithm 1.

Sampling Modification. We summarize this step in Algorithm 2. Following
the idea of the multi-head attention mechanism, this approach estimates the
social network graph by analyzing different groups of weighted subgraphs across
various subsets of training data, resulting in a diverse set of sampling methods.
Specifically, we use ¢ to denote the initial sampling method, which is a function
that samples a weighted subgraph g = (V', E’,T") from a graph structure G =
(V,E), where V' C V,E' C E, and T" is a function that assigns a non-negative
weight to each edge in g. Given an initial sampling method ¢ and the training
dataset D, MetaLearner samples N € Z™ groups of different weighted subgraphs
{SY,--- SN} using ¢ and N subsets of training datasets {D!,---, DV} from
D. The size of each subgraph group is denoted by K € Z™, and the size of each
training data subset by n € Z%1. Using each dataset D7 and subgraph group
S7, we obtain estimated objective functions from the search space following the
margin-based maximization strategy by training N Structured Support Vector
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Machines (SSVM) [20] as follows.
1l s O
min §||WJH2 + o ;&

Ko Ko 3)
S.t. Zw{c . f(Mi7Piagk) - Zwi; " f(MiaP*agk> Z O[H(PZ,P*) _§i7
k=1 k=1

Vi € [n],j € [N],Y(M;, P;) € DI VP* : |P*| <r, P* # P;,

where C,a € R* are hyperparameters. The function H(P;, P*) measures the
similarity between two decisions. Specifically, H(P;, P*) = h(P;, P;) — h(P;, P*),
where h(P;, P*) = |Np, N Np«| with Np denoting the set of nodes directly
connected to any of the nodes in P, including P itself.

After training the N SSVMs, MetalLearner obtain a group of weight vectors
{wl -, w™} with size N, where w/ = {w], -+ ,w}-} and j € [N]. Each SSVM
searches for an objective function that is most suitable for the given dataset D7
from the search space in Eq.2. After obtaining the weights w’, MetaLearner
estimates the objective function as follows.

K
(M, P,G) =) wl- f(M,P,g]),w] € w, gl €.

=1

MetaLearner then updates the sampling method based on each trained SSVM.
For each group of subgraphs S7, a corresponding edge set EJ = Ufil E} is
generated, where Ef is the edge set of subgraph g{ . The diffusion time 77 (e) for
each edge e € E7 is then calculated as follows.

Ti(e) = 3wl - T)(e),

where Tij (e) represents the diffusion time of edge e in subgraph g{ . If edge e
is absent from subgraph gf , then TLJ (e) = 0. Given these T7(e), MetaLearner
updates the sampling methods. The distribution of the weight on each edge
is modeled as a Weibull distribution, denoted by ¢’(e) = Weibull(a, b), where
a,b € R are the distribution parameters. By setting the expectation equal to
T7(e), a new sampling method ¢/ = {¢/(e)}, e € E’, is obtained.

Objective Function Estimation. Given the N learned sampling methods
{¢t,..., ¢V} and the dataset D, MetaLearner proceeds to estimate the final
objective function. We outline the objective function estimation process in Algo-
rithm 3. The key challenge is effectively combining the outputs of the multiple
SSVMs. Given that each SSVM provides an estimated objective function along
with a corresponding social network graph, we explore two strategies for integra-
tion. One approach is to uniformly average the learned social network graphs,
similar to the uniform soup. The other approach involves training a final SSVM
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Algorithm 3. Function estimation

1: Input: n, K € ZT, {¢',--- ,¢"}, D;

2: Sample % subgraphs from each new sampling method and combine them as a new
group of subgraphs S’;

3: Sample n training data from D as training dataset D';

4: Calculate w' = {w], -+ ,w} for D', S’ by applying cutting plane algorithm [10]
to solve problem 3;

5: Return the final estimation of objective function as f*(M,P,G) = Y& wj -
f(M, P, gi),w; € w',g; € S';

based on the learned social network graphs from the previous SSVMs. Specifi-
cally, we can train NV = K different SSVMs, and the resulting K subgraphs are
used to train the final SSVM, which can estimate the final objective function.
However, as the value of K increases, the computational resources and time
required also grow, making it infeasible to train a large number of SSVMs.

To address the challenge of scaling, we employ importance sampling, which
allows us to balance effectiveness and efficiency by estimating a sampling method
from the learned social network graphs and sampling subgraphs accordingly.
MetaLearner samples % subgraphs from each sampling method ¢’ to obtain a
group of subgraphs S’. Then, another SSVM is trained on a new dataset D’,
sampled from D, to optimize the final weight vector w’. Altogether, the final
objective function is calculated by the following equation.

K
(M, P,G) = "w}- f(M,P,g),w, ew g, €S
=1

4 Experiment

In this section, we present empirical studies on our proposed method for the
misinformation prevention task across various graph datasets.

4.1 Experiment Setting

Graph Data. Our approach is evaluated on three graph datasets which are
generated from classic graph models, i.e., Erdds-Rényi graph (ER) [5], power-
law graph (Pow) and Kronecker graph (Kro) [15]. For each generated graph
G(V,E,T), we assume that each edge weight follows a Weibull distribution
Weibull(a, b) with parameters a and b sampled from the set {1,---,10} inde-
pendently, and the weight set to the expected value of this distribution.

Sample Generation. The size of the set M is determined by random sampling
from a power-law distribution with a parameter of 2.5. Subsequently, we ran-
domly select |M| nodes from the set V' to form M. For each query M, we employ
the HMP algorithm [19] to compute the approximated decision P on the graph
G(V, E,T), with the budget » = |M|. A sample pool with a total of 2,500 such
pairs (M, P) is generated for each graph dataset.
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Baseline Method. We select the state-of-the-art method, StratLearner, as the
baseline for our comparisons. We also compare our method with a random algo-
rithm that randomly selects the decision P.

Training Settings. In the experiment evaluating StratLearner, we use n’ =

{270,540, 1080, 2160} samples for training and 270 samples for testing, report-

ing the ratio %, where P is the decision made by StratLearner. Each

f(M, P,@G) is calculated through 10,000 simulations. The number of weighted
graphs K’ is set to {100,400, 800, 1600}. In the experiment of MetaLearner, we
set N = 10 and use n = {27,54,108,216} samples for training each model

and 270 samples for testing, also reporting the ratio ﬁ%’,j%g)). The number of
weighted graphs K is set to {10, 40,80, 160}. This ensures that the total number
of training samples and weighted graphs remain consistent across experiments,
such that N x n = n/;, N x K = K'. For each (n,K) pair, we repeat the
experiment five times and report the mean ratio and corresponding variance.
The hyperparameter « in Eq.3 is set to 1,000, and C' is set to 0.01. In the
StratLearner, each subgraph is generated by selecting each edge independently
at random with a probability of 0.01 and assigning a fixed weight of 1.0 to each
selected edge. We denote such distribution as ¢{-9!. In the MetaLearner app-
roach, subgraphs are also generated with a 0.01 probability for selecting each
edge, but the edge weights are sampled from a different Weibull(c, d) distribu-
tion, with ¢ and d independently sampled from {1,---,10} for each edge during

each sampling process. We denote such distribution as ¢3; 5.

4.2 Analysis

Table 1. Results for the Misinformation Prevention on Kro Graph. Each cell
shows the average ratio compared with the sample decision, together with the standard
deviation (std). The total number of sampled graphs K’ are 100, 400, 800 and 1600
respectively.

TrainingNumber of sampled grpah
Size n’ 100 400 800 1600
Strat-Learner|270 0.699 (8E—3)|0.759 (7TE—3)|0.785 (1E—2)|0.810 (9E—3)
540  0.707 (5E—3)0.743 (SE—3)/0.780 (9E—3)0.813 (TE—3)
1080 0.708 (2E—2)|0.760 (1E—2)|0.782 (8E—3)|0.817 (5E—3)
2160 0.701 (1E—2)|0.756 (1E—2)/0.792 (5E—3)|0.821 (8E—3)
Meta-Learner|270 0.698 (5E—3)|0.777 (8E—3)|0.807 (1E—2)|0.819 (9E—2)
540 0.694 (1E—2)|0.772 (8E—3)|0.805 (5E—3)|0.827 (8E—2)
1080 0.704 (8E—3)|0.773 (6E—3)|0.807 (9E—3)|0.831 (8E—2)
2160  0.710 (1E—2)0.773 (1IE—2)/0.811 (9E—3)0.834 (9E—2)
Other Method Random  (0.190 (5FE—3)
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Table 2. Results for the Misinformation Prevention on ER Graph. Each cell
shows the average ratio compared with the sample decision, together with the standard
deviation (std). The total number of sampled graphs K’ are 100, 400, 800 and 1600

respectively.
TrainingNumber of sampled grpah
Size n’ 100 400 800 1600
Strat-Learner|270 0.661 (2E—2)|0.853 (6E—3)/0.873 (1E—2)0.892 (3E—3)
540 0.673 (2E—2)|0.861 (1E—2)/0.876 (6E—3)|0.897 (1E—2)
1080 0.688 (3E—2)|0.844 (9E—3)/0.870 (1E—2)|0.899 (8E—3)
2160 0.674 (2E—2)|0.857 (2E—2)|0.873 (5E—3)|0.903 (3E—3)
Meta-Learner|270 0.678 (2E—2)|0.853 (2E—2)/0.913 (TE—4)|0.941 (3E—3)
540 0.645 (2E—2)|0.862 (6E—3)|0.917 (1E—3)|0.938 (5E—3)
1080 0.669 (3E—2)|0.858 (2E—2)/0.913 (1E—2)|0.936 (3E—3)
2160 0.660 (3E—2)|0.868 (1E—2)/0.910 (6E—3)|0.937 (4E—3)
Other Method Random  0.052 (2E—2)

The main results of the StratLearner and the MetalLearner are shown in
Table 1. We observe that when the number of sampled graphs is small, the
MetaLearner achieves a similar performance compared to StratLearner. As
the number of sampled graphs increases, MetaLearner consistently outperforms
StratLearner across all three graph datasets. The magnitude of the performance
gap between StratLearner and Metal.earner varies across different social network
graphs, with additional results provided in Table2. We believe this is because
the function estimation step requires a sufficient number of subgraphs to gain
adequate prior knowledge about the social network.

Table 3. Results for Memory and Time Costs on ER Graph. The memory
cost is measured in MB, and the time cost is measured in seconds. The total number
of sampled graphs K’ are 100, 400, 800 and 1600 respectively.

TrainingMemory Cost (MB) |Time Cost (S)
Size n’ 100|400 |800 [1600 (100 [400 |800 |1600
Strat-Learner|270 51.1/195.5|387.2/772.0/111.0/435.31/987.3 |2070.4
540 53.1/197.9/390.1|776.4/665.2/197.9 |1378.1|2677.3
1080 56.8/202.7/396.4(784.9/294.4/1154.5/2331.5|3848.5
2160 64.4/212.2/1408.5/802.2|518.5/2177.4/4356.2/6819.1
Meta-Learner|270 8.9 26.5 |52.8 |144.9/94.1 |364.9 691.6 |1493.9
540 9.0 26.6 |52.9 |145.4/154.4/479.1 954.1 |2069.4
1080 9.4 |27.1 |53.2 |145.4]222.8/609.6 (1437.6/3260.7
2160 10.1|27.7 |54.2 |146.01358.51153.112301.4/4764.6
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We also report the time and memory cost of the StratLearner and Met-
alearner in Table 3. It is not surprising that the memory cost of MetaLearner is
less than that of StratLearner since MetaLearner trains models with less train-
ing data and fewer sampled subgraphs. However, we are pleased to find that the
time cost of MetaLearner is also less than that of StratLearner, even though Met-
aLearner trains multiple small models while StratLearner trains a single model.
These results demonstrate that MetaLearner is more efficient than StratLearner.
Additionally, we observe that the number of sampled graphs has a greater impact
on time cost than the amount of training data. Increasing the number of sampled
graphs significantly improves performance but also increases time cost. There-
fore, a trade-off between effectiveness and efficiency must be considered.

A StratLearner @ MetaLearner
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Fig. 1. The results on the ER graph without training. Each subgraph is labeled

by the value of K and n and displays the results of 10 repeated experiments without

training for StratLearner and MetalLearner. The result indicates the ratio %.

To evaluate the effectiveness of function estimation step, we conduct experi-

ments to test the performance of StratLearner and MetaLearner without training

using the sampling method ¢{;°+ on the ER graph. The results are displayed in
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Fig. 1. It is clear that when the number of sampled graphs is insufficient, the
sampling method refined by MetaLearner does not necessarily perform better
than the initial sampling method qb%,oé. However, with an increased number of
sampled graphs, the quality of the sampling method refined by MetaLearner is
improved significantly over the initial sampling method. Moreover, as the num-
ber of sampled graphs increases, the performance gap between MetalLearner
and the initial method becomes larger. Another interesting observation is that
increasing the number of sampled graphs from 100 to 400 significantly improves
StratLearner’s performance without training. However, further increasing the
number of sampled graphs beyond this point results in less noticeable perfor-
mance gains. This suggests that both StratLearner and MetaLearner require a
sufficient number of samples to reach optimal performance levels.

It is worth noting that although we train the models sequentially in the func-
tion estimation step of MetaLearner, these models can be trained concurrently.
This parallel training approach would significantly reduce the training time but
would also increase memory cost. Thus, MetaLearner provides an option to bal-
ance between memory cost and time efficiency.

5 Conclusion

In this paper, we introduce MetaLearner, a novel two-step framework designed to
enhance the accuracy and efficiency of misinformation prevention in social net-
works. MetaLearner addresses the challenge of limited access to the complete dif-
fusion model by leveraging historical query-decision pairs and employing refined
sampling methods. Our approach combines the strengths of the StratLearner
framework with the robustness of ensemble methods, specifically incorporating
the concepts of Model Soup and importance sampling. Extensive experiments
on various graph structures demonstrate that Metal.earner consistently out-
performs the state-of-the-art methods in terms of accuracy. Furthermore, Met-
alearner exhibits significant improvements in computational efficiency, reducing
both memory usage and training time compared to those of the state-of-the-art
methods. This makes MetaLearner a more practical solution for large-scale social
network applications. Overall, Metal.earner represents a significant advancement
in misinformation prevention techniques for social networks, providing a scal-
able and efficient solution that can adapt to various network structures and
constraints.
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