
Improving Source Localization
by Perturbing Graph Diffusion

Yaping Zhao1,2

zhaoyp@connect.hku.hk
Zhongrui Wang1,2

zrwang@eee.hku.hk
Edmund Y. Lam1,2,*

elam@eee.hku.hk

1The University of Hong Kong 2ACCESS — AI Chip Center for Emerging Smart Systems

Graph Diffusion

Source Localization

Diffused Not diffused

Fig. 1: From left to right, the graph diffusion phenomena that information propagates along the vertex connections to adjacent
nodes. From right to left, the graph source localization that identifies those nodes from which the information started to spread.

Abstract—Graph diffusion has quite common phenomenons in
our daily life, such as misinformation propagation. As the inverse
problem of graph diffusion, the goal of source localization is to
identify those nodes of the network from which the information
started to spread. Though graph diffusion has been well explored
in the literature, the emerging source localization problem
is important yet challenging because of its intrinsic ill-posed
characteristics. While graph neural networks (GNN) are recently
utilized to implement source localization and achieve state-of-
the-art performance, a general GNN framework consists of two
stages: feature construction and label propagation. Typically, a
neural network is pretrained in the feature construction, and then
combine with additional functions to jointly perform finetuning
for source localization. However, those emerging methods have
risks in overfitting the feature construction task, which usually
has a gap with the target downstream task of source localization.
Such a gap is neglected by previous methods and leads to
suboptimal performance. To address this issue, we propose a
very simple yet effective method to help better finetune feature
construction on the source localization task by adding some
noise to the parameters of the feature construction model before
finetuning. More specifically, we utilize a matrix-wise perturbing
method that adds different uniform noises to different parameter
matrices, and design the noise considering the variances and
magnitude of network weights. Extensive experiments on six real-
world datasets show the proposed method can consistently em-
power the finetuning of different pretrained feature construction
models on the downstream source localization task. Moreover,
we conduct an ablation study to investigate the performance
with different noise types and intensities. Code is available at:
https://github.com/IndigoPurple/PGD.
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I. INTRODUCTION

Since graph networks have developed a wide spectrum of
applications in various domains [1]–[3], information diffusion
within the graph networks has attracted broad research in-
terests [4], [5]. Recently, the inverse problem of information
diffusion leads to an emerging and interesting task, i.e.,
source localization. As Figure 1 shows, graph diffusion is
the phenomenon in which information propagates along with
the vertex connections to adjacent nodes, while the source
localization identifies those nodes from which the information
started to spread. Graph source localization also covers a
wide range of promising research and real-world applications.
For instance, tracking rumors to the source in real time is a
possible way to dispel misinformation and reduce stigma [6];
identifying the source Emails carrying viruses in the online
networks offer prevention of computer virus epidemics [7];
source localization enables us to build a detection system
against malware by locating the malware source in the Internet
of Things (IoT) network [8].

With the rapid advancement of Graph Neural Networks
(GNN) [9], [10], graph diffusion has been well explored.
However, its inverse problem, i.e., the source localization, is
much more challenging. Such an inverse problem is intrinsi-
cally ill-posed, because of the fundamental issue as Figure 2
shows: different source nodes could generate the same cascade
pattern. Although the learned knowledge from graph diffusion
models could facilitate predicting which node is likely to
be the source, it is prohibitively hard to incorporate graph
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Diffused

Not diffused

Fig. 2: As the inverse problem of graph diffusion, source localization is difficult because different source nodes could generate
the same cascade pattern.

diffusion models into the inverse problem directly and achieve
source localization since they are opposite processes.

Traditional methods [11]–[14] usually assume the topolo-
gies of networks and apply the classical probabilistic graphical
models, thus are limited to a specific type of neural network
and are difficult to generalize. With the development of
deep learning and neural networks, graph convolutional net-
works [15] and invertible graph diffusion neural networks [16]
are proposed for generic end-to-end source localization. While
there are many existing GNN-based graph diffusion models,
a general GNN framework consists of two stages: feature
construction and label propagation. In the feature construction,
a neural network is pretrained to estimate the initial node
diffusion vector. In the label propagation, a propagation func-
tion is designed to diffuse information to neighboring nodes.
However, those emerging methods have risks in overfitting
the feature construction task, which usually has a gap with
the target downstream task of source localization. Such a gap
is neglected by previous methods and leads to suboptimal
performance.

In this paper, inspired by a recent work NoisyTune [17]
for natural language processing (NLP), we propose a very
simple yet effective method named PGD to help better finetune
feature construction on the source localization task by adding
some noise to the parameters of the feature construction model
before finetuning. More specifically, we utilize a matrix-wise
perturbing method which adds different uniform noises to
different parameter matrices. To take a further step from
NoisyTune, we design the noise considering the variances and
magnitude of network weights, and conduct an ablation study
to investigate the performance with different noises. Extensive
experiments on six real-world datasets show the proposed
method can consistently empower the finetuning of different
pretrained feature construction models on the downstream
source localization task.

In a nutshell, our main contributions are as follows:
• We propose a method named PGD to improve the per-

formance of source localization by perturbing the feature
construction for graph diffusion before finetuning on the
source localization task.

• Extensive experiments on six real-world datasets demon-
strate the effectiveness of our proposed method and show
superior performance against state-of-the-art algorithms.

• The ablation study provides a further investigation of the
performance improvement regarding different noise types
and intensities.

II. RELATED WORK

A. Graph Diffusion

Graph diffusion aims at predicting the information dissemi-
nation in complex networks, which has been widely applied in
real-world applications such as societal event prediction [18],
and adverse event detection in social media [19], [20]. Tra-
ditional methods [11]–[14] usually assume the topologies
of networks and apply the classical probabilistic graphical
models, thus are limited to a specific type of neural network
and are difficult to generalize. A recent line of research works
usually include multimodality [21], and various techniques
have been applied including self-attention mechanism [22],
knowledge base [23], multi-task learning [24], and stochastic
processes [25]–[27]. However, they cannot utilize network
topology to enhance predictions. To address this issue, GNN
has been combined with RNN [28]–[30], and a handful of
other neural network architectures are also investigated [31],
[32].

B. Graph Source Localization

The goal of the graph source localization is to identify
the source of a network based on observations such as the
states of the nodes and a subset of timestamps at which
the diffusion process reached the corresponding nodes [16],
[33]. Graph source localization has a wide range of appli-
cations such as disease localization, virus localization, and
rumor detection [34]–[36]. Similar to graph diffusion models,
existing graph source localization papers usually require the
assumptions of the diffusion, network topology, and observa-
tions. With the development of GNNs, Dong et al. proposed a
Graph Convolutional Network for multiple source localization
[15]. However, its model relies heavily on hand-crafted rules.
To break through the limits of previous methods, Zhao et

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on February 20,2023 at 09:05:48 UTC from IEEE Xplore.  Restrictions apply. 



Invertible Graph Diffusion Network

𝒚′ = 𝐹𝑾 𝒙 =
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Fig. 3: Overview of the invertible graph diffusion network. While a GNN-based graph diffusion framework generally consists
of two stages, feature construction and label propagation, we adopt the network from IVGD, which consists of graph residual
blocks to model invertible graph diffusion.

Notations Descriptions
V The node set.
E The edge set.
x The source node vector.
y The initial node diffusion vector.
zt The diffusion vector at time t.
T The length of diffusion.
fW The function of feature construction.
g The function of label propagation.

Φ(x) = 0 The equality constraint of a validity pattern.

TABLE I: Key notations and descriptions.

al. [16] proposed an invertible graph diffusion neural network
for source localization, named IVGD, which consists of graph
residual blocks of feature construction and label propagation
to model invertible graph diffusion.

It is worth noting that all the aforementioned GNN frame-
work generally consists of two stages: feature construction and
label propagation. In the feature construction, a neural network
is learned to estimate the initial node diffusion vector. In the
label propagation, a propagation function is designed to diffuse
information to neighboring nodes. However, those emerging
methods have risks in overfitting the feature construction task,
which usually has a gap with the target downstream task
of source localization. Such a gap is neglected by previous
methods and leads to suboptimal performance.

III. METHOD

In this section, we will first formulate the source localization
problem in Section III-A and describe the invertible graph
diffusion network in Section III-B, as Figure 3 shows. Next,
we will devise a very simple yet effective method named in
Section III-C to help better finetune feature construction on
the source localization task, as Figure 4 shows.

A. Problem Statement

As source localization aims to inversely infer sources of
graph diffusion, it could be formulated mathematically in the
form of an inverse problem. Table I outlines key notations

used in this paper. Consider a graph G = {V,E}, where
V = {v1, . . . , vn} and E are the node set and the edge set
respectively, |V | = n is the number of nodes. zt ∈ {0, 1}n
is a diffusion vector at time t. zt,i = 1 means that node i is
diffused at time t, while zt,i = 0 means that node i is not
diffused at time t. S is a set of source nodes. x ∈ {0, 1}n is a
vector of source nodes, xi = 1 if vi ∈ S and xi = 0 otherwise.
The diffusion process begins at timestamp 0 and terminates at
timestamp T . While there are many existing GNN-based graph
diffusion models, a general GNN framework consists of two
stages: feature construction and label propagation.

In the feature construction, a neural network fW is learned
to estimate the initial node diffusion vector based on input x:

y = fW(x), (1)

where W is the learnable weights in fW .
In the label propagation, a propagation function g is de-

signed to diffuse information to neighboring nodes:

zT = g(y). (2)

Therefore, the graph diffusion model is:

p = g(fW(x)), (3)

and its inverse problem, graph source localization, is to infer
x from zT . Moreover, a validity pattern can be imposed on
sources in the form of the constraint Ω(x) = 0 such as the
number of source nodes, and the connectivity among multiple
sources. Then the graph source localization problem can be
mathematically formulated as follows:

p−1 : zT → x s.t.Ω(x) = 0. (4)

B. Invertible Graph Diffusion Network

Our goal in this subsection is to obtain an approximate esti-
mation of the source vector x based on the learned knowledge
from the graph diffusion model p. One intuitive idea is to invert
the process of the forward model p. The key challenge here is
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Invertible Graph
Diffusion Network
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(a) Standard IVGD finetuning.

Invertible Graph
Diffusion Network

Pretrain

Validity-aware Layers

Finetune Final ModelAdd Noise

(b) Our method.

Fig. 4: Schematic comparisons between standard IVGD finetuning and our method.

that p is not necessarily invertible, so the task is how to devise
an invertible architecture based on p.

Now we focus on determining an invertible GNN-based
architecture. While there are many classic invertible architec-
tures such as iRevnet and Glow [37]–[39], their forms are quite
complex and require extra components to ensure one-to-one
mapping. IVGD [16], which extended i-ResNet [40] to the
GNN, stands out among others because of its simplicity and
outstanding performance. We adopt IVGD as our invertible
architecture, and Figure 3 provides the overview of our invert-
ible graph diffusion network. Specificallt, we first formulate
the graph residual net of the general GNN framework:

y′ = FW(x) = (fW(x) + x)/2, (5)
z′
T = G(y′) = (g(y′) + y′)/2, (6)

where FW(·) and G(·) are graph residual blocks of feature
construction and label propagation, respectively. The graph
residual net for graph diffusion could be denoted as :

P (x) = G(FW(x)), (7)

and its inverse for graph source localization could be denoted
as P−1. Here, P can be inversed to P−1 by fixed point
iterations [16].

C. Pertubring Graph Diffusion

As Figure 4(a) shows, a standard IVGD will typically
first pretrain the neural network on the feature construction
task, and then incorporate it with the validity-aware layers to
conduct finetuning for the source location task. As a result,
IVGD suffers risks in overfitting the feature construction task,
which usually has a gap with the target downstream task
of source localization. Such a gap is neglected by previous
methods and leads to suboptimal performance.

To handle this challenge, inspired by a recent work Noisy-
Tune [17] for natural language processing (NLP), we propose
a very simple yet effective method named PGD to help

better finetune feature construction on the source localization
task by adding some noise to the parameters of the feature
construction model before finetuning, as Figure 4(b). More
specifically, we utilize a matrix-wise perturbing method which
adds different uniform noises to different parameter matrices.
Unlike NoisyTune, we consider two different ways as follows
to add noise.

Denote the parameter matrices in a the feature construction
function fW as [W1,W2, . . . ,WN ], where N is the number
of parameter matrix types. Denote the perturbed version of the
parameter matrix Wi as W̃i, which is computed as follows:

W̃i = Wi + U(0, α) ∗ std(Wi), (8)

where std stands for standard deviation, the function U(0, α)
represents uniform distribution noise ranging from 0 to α,
and α is a hyperparameter that controls the relative noise
intensity. Using this method, parameters in IVGD with higher
variance will be added with stronger noise. It is worth noting
that this technique is plug-and-play and could be simply
implemented by inserting the following PyTorch-style code
before finetuning:

f o r name , p a r a in model . named paramete r s ( ) :
model . s t a t e d i c t [ name ] [ : ] +=

( t o r c h . r and ( p a r a . s i z e ( ) ) )
* n o i s e a l p h a * t o r c h . s t d ( p a r a )

While Equation 8 uses the noise based on the variances
of network weights, we also investigate another adding noise
method considering the magnitude of network weights:

W̃i = Wi + U(0, β) ∗Wi, (9)

where the function U(0, β) represents uniform distribution
noise ranging from 0 to β, and β is a hyperparameter that con-
trols the relative noise intensity. Using this method, parameters
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in IVGD with larger values will be added with stronger noise.
Similarly, it could be implemented by inserting the following
PyTorch-style code before finetuning:

f o r name , p a r a in model . named parame te r s ( ) :
model . s t a t e d i c t [ name ] [ : ] +=

( t o r c h . r and ( p a r a . s i z e ( ) ) )
* n o i s e b e t a * p a r a

IV. EXPERIMENTS

A. Experimental Settings

1) Datasets: We compare our proposed PGD with the
state-of-the-art methods on six real-world datasets in the
experiments, of which statistics are shown in Table II and
descriptions are outlined as follows:

a. Karate [41]. Karate contains the social ties among the
members of a university karate club.

b. Dolphins [41]. Dolphins is a social network of bottlenose
dolphins, where edges represent frequent associations
between dolphins.

c. Jazz [42]. Jazz is a collaboration network between Jazz
musicians. Each edge represents that two musicians have
played together in a band.

d. Network Science [43]. Network Science is a coauthor-
ship network of scientists working on network theory
and experiment. Each edge represents two scientists who
have co-authored a paper.

e. Cora-ML [44]. Cora-ML is a portal network of computer
science research papers crawled by machine learning
techniques.

f. Power Grid [45]. Power Grid is a topology network of
the Western States Power Grid of the United States.

In addition, Figure 5 visualizes the smallest dataset Karate.
2) Training Details: For all datasets, we generated diffusion

cascades based on the following strategy: 10% nodes were
chosen as source nodes randomly, and then the diffusion was
repeated 60 times for each source vector. For each cascade,
we have a source vector x and a diffusion vector zT . The
ratio of the sizes of the training set and the test set was 8 : 2.

3) Compared Methods: For perforamance evaluation, four
state-of-the-art approaches LPSI [46], NetSleuth [47], GC-
NSI [15] and IVGD [16] are compared with our proposed,
all of which are outlined as follows:

a. LPSI [46]. LPSI is short for Label Propagation based
Source Identification. It is inspired by the label propa-
gation algorithm in semi-supervised learning.

b. NetSleuth [47]. The goal of NetSleuth is to employ the
Minimum Description Length principle to identify the
best set of source nodes and virus propagation ripple
[40].

c. GCNSI [15]. GCNSI is a Graph Convolutional Network
(GCN) based source identification algorithm. It used the
LPSI to augment input, and then applied the GCN for
source identification.

Fig. 5: Visualizations of the real-world dataset Karate.

Name #Nodes #Edges Average Degree Diameter
Karate 34 78 2.294 5

Dolphins 62 159 5.129 8
Jazz 198 2,742 13.848 9

Network Science 1,589 2,742 3.451 17
Cora-ML 2,810 7,981 5.68 17

Power Grid 4,941 6,594 2.669 46

TABLE II: Statistics of six real-world datasets.

d. IVGD [16]. IVGD is an invertible graph diffusion neu-
ral network for source localization, which consists of
graph residual blocks of feature construction and label
propagation to model invertible graph diffusion.

4) Parameter Settings: As we adopt IVGD as our invert-
ible graph diffusion architecture, all the parameter settings
follow IVGD [16]. Nonetheless, we additionally perturb the
parameters of the neural network before finetuning by adding
some noise. The parameters α and β, which are related to the
noise intensity, are set to different values according to achieve
optimal performance on different datasets. More details would
be given and discussed in Section IV-C.

5) Metrics: Five metrics were applied to evaluate the
performance:

a. Accuracy (ACC). ACC is the ratio of accurately labeled
nodes to all nodes.

b. Precision (PR). PR is the ratio of accurately labeled as
source nodes to all nodes labeled as source.

c. Recall (RE). RE defines the ratio of accurately labeled
as source nodes to all true source nodes.

d. F-Score (FS). FS is the harmonic mean of Precision and
Recall.

e. Receiver operating characteristic curve (AUC). AUC
is an important metric to evaluate a classifier given
different thresholds.

B. Performance Evaluation

Table III demonstrates the test performance of all com-
pared methods on six datasets, where the best performance is
highlighted in bold. Overall, our proposed PGD outperforms
all compared methods on all datasets under the optimal
hyperparameter settings, which will be further discussed in
Section IV-C. Specifically, the ACCs of the proposed PGD on
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Dataset Method ACC PR RE FS AUC

Karate

LPSI 0.9559 0.6800 1.0000 0.7970 -
NetSleuth 0.9147 0.5371 0.6833 0.5965 -

GCNSI 0.7088 0.1150 0.2667 0.1581 -
IVGD 0.9853 0.8717 1.0000 0.9213 0.9975

PGD (Ours) 0.9902 0.9139 1.0000 0.9463 1.0000

Dolphins

LPSI 0.9677 0.7790 1.0000 0.8717 -
NetSleuth 0.9306 0.6454 0.7425 0.6904 -

GCNSI 0.6177 0.1015 0.2548 0.1372 -
IVGD 0.9935 0.9444 1.0000 0.9701 1.0000

PGD (Ours) 0.9960 0.9630 1.0000 0.9799 1.0000

Jazz

LPSI 0.9035 0.6074 0.9944 0.7371 -
NetSleuth 0.9222 0.5904 0.6629 0.6245 -

GCNSI 0.7525 0.0685 0.1280 0.0849 -
IVGD 0.9980 0.9802 1.0000 0.9899 0.9997

PGD (Ours) 0.9979 0.9803 1.0000 0.9898 0.9998

Network Science

LPSI 0.9831 0.8525 1.0000 0.9202 -
NetSleuth 0.9595 0.7642 0.8429 0.8016 -

GCNSI 0.8840 0.0582 0.0135 0.0218 -
IVGD 0.9946 0.9476 1.0000 0.9730 1.0000

PGD (Ours) 0.9991 0.9906 1.0000 0.9953 1.0000

Cora-ML

LPSI 0.9011 0.5067 0.9993 0.6724 -
NetSleuth 0.8229 0.1627 0.1793 0.1706 -

GCNSI 0.8580 0.0970 0.0478 0.0637 -
IVGD 0.9973 0.9744 1.0000 0.9870 1.0000

PGD (Ours) 0.9963 0.9636 1.0000 0.9815 1.0000

Power Grid

LPSI 0.9673 0.7584 1.0000 0.8624 -
NetSleuth 0.9276 0.6347 0.6986 0.6651 -

GCNSI 0.7125 0.1022 0.2285 0.1410 -
IVGD 0.9902 0.9133 1.0000 0.9546 1.0000

PGD (Ours) 0.9949 0.9528 1.0000 0.9758 1.0000

TABLE III: Test performance of all compared methods on six datasets. The best performance is highlighted in bold.

six datasets are all above 0.990, and the PRs are also above
0.91, FSs above 0.94, AUCs above 0.9998. Most importantly,
the REs of the proposed PGD constantly achieves 1.

Among the compared methods, the results of LPSI, Net-
Sleuth and GCNSI are not competitive. Specifically, regarding
LPSI, its REs achieve 1 almost on all the datasets (except for
Jazz). However, the ACCs of LPSI on six datasets range from
0.90 to 0.97, PRs range from 0.51 to 0.78, and FSs range from
0.67 to 0.92, which show limited and unstable performance.
Similarly, regarding NetSleuth, its ACCs on six datasets range
from 0.82 to 0.96, PRs range from 0.16 to 0.76, REs range
from 0.18 to 0.84, and FSs range from 0.17 to 0.69, which
are even more limited and unstable. Moreover, we observe
the bitter failure of NetSleuth at the Cora-ML dataset, which
indicates that NetSleuth is sensitive to different networks and
vulnerable to some specific types. Regarding GCNSI, it shows
the worst performance, with ACCs around only 0.70 on all
datasets, PRs around only 0.10, REs around only 0.20, and
FSs around only 0.15.

For IVGD, the ACCs on six datasets are above 0.985 (which
is 0.015 lower than ours), and the PRs are above 0.87 (which
is 0.04 lower than ours), FSs above 0.92 (which is 0.02
lower than ours), AUCs above 0.9975 (which is 0.0025 lower
than ours). Therefore, by simply adding some noise to the
parameters of the feature construction model before finetuning,
our method effectively improves the performance of IVGD.

C. Ablation Study

In this section, we study the influence of the most important
hyperparameter in PGD, i.e., α in Equation 8 and β in
Equation 9, which control the noise intensity. Figure 6, 7, 8
and 9 show the improvement of ACC, PR, FS, AUC against
IVGD, respectively, with regard to different α and β values.

We find that when α or β is too small or too large, the
performance is not optimal. This is because when α or β is too
small, it is difficult for PGD to do parameter space exploration
and overcome the overfitting problem. While when α or β is
too large, the useful pretrained knowledge in PGD may be
overwhelmed by random noise. For α in Equation 8, values
between 0.1 and 0.2 are more suitable for PGD on the six
datasets. For β in Equation 9, values between 0.01 and 0.05
are more suitable for PGD on the six datasets.

We additionally find an interesting observation that the two
different noise types, which consider either the variance or the
magnitude of network weights, lead to different performance.
As Figure 8 shows, adding noise based on the magnitude of
network weights using β in Equation 9 could better boost
the FS performance than that based on the variance using α
in Equation 8. On another hand, as Figure 9 shows, adding
noise based on the variance could better boost the AUC
performance and show stronger robustness than that based on
the magnitude. It indicates that adding noise considering both
the variance and the magnitude of network weights could be
considered and explored in the future.
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(a) (b)

Fig. 6: The improvement of ACC against IVGD by our method, with regard to different noise intensities, i.e., (a) α regarding
the variance of network weights and (b) β regarding the magnitude of network weights.

(a) (b)

Fig. 7: The improvement of PR against IVGD by our method, with regard to different noise intensities, i.e., (a) α regarding
the variance of network weights and (b) β regarding the magnitude of network weights.

V. CONCLUSION

In this paper, we focus on source localization, which aims
at identifying the source nodes of graph diffusion within a
network. To solve the problem that emerging invertible graph
diffusion neural network methods have risks in overfitting
the feature construction task, we propose a very simple but
effective method named PGD, which can help better finetune
feature construction on the downstream source localization
task by adding a little noise to them before finetuning. In
PGD, we propose a matrix-wise perturbing method that adds
noise with different intensities to different kinds of parameter
matrices in feature construction according to their variances

or magnitude. To take a further step from the previous natural
language processing work adding noise for finetuning, we
design the noise considering the variances and magnitude of
network weights, and conduct an ablation study to investigate
the performance with different noises. Extensive experiments
on six real-world datasets demonstrate the effectiveness of our
proposed method and show superior performance against state-
of-the-art algorithms. Our ablation study provides a further
investigation of the performance improvement regarding dif-
ferent noise types and intensities.
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(a) (b)

Fig. 8: The improvement of FS against IVGD by our method, with regard to different noise intensities, i.e., (a) α regarding
the variance of network weights and (b) β regarding the magnitude of network weights.

(a) (b)

Fig. 9: The improvement of AUC against IVGD by our method, with regard to different noise intensities, i.e., (a) α regarding
the variance of network weights and (b) β regarding the magnitude of network weights.
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