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An Interview with Dr. Shipeng Yu, Winner of ACM SIGKDD 
2021 Service Award

ABSTRACT
Shipeng Yu, Ph.D. is the recipient of the 2021 ACM SIGKDD 
Service Award, which is the highest service award in the field of 
knowledge discovery and data mining. Conferred annually on one 
individual or group in recognition of outstanding professional 
services and contributions to the field of knowledge discovery and 
data mining, Dr. Yu was honored for his years of service and many 
accomplishments as general chair of KDD 2017 and currently as 
sponsorship director for SIGKDD. Dr. Yu is Director of AI 
Engineering, Head of the Growth AI team at LinkedIn, the world's 
largest professional network. He sat down with SIGKDD 
Explorations to discuss how he first got involved in the KDD 
conference in 2006, the benefits and drawbacks of virtual 
conferences, his work at LinkedIn, and KDD’s place in the field of 
machine learning, data science and artificial intelligence.  

CONGRATULATIONS ON RECEIVING 
THE SIGKDD SERVICE AWARD FOR 
YOUR CONTRIBUTIONS AS GENERAL 
CHAIR AND SPONSORSHIP DIRECTOR. 
PLEASE TELL US ABOUT YOURSELF. 
HOW DID YOU GET INTO THE FIELD OF 
DATA SCIENCE, AI AND MACHINE 
LEARNING?  
I was born and raised in China. I became interested in math early 
on, and studied the subject in undergraduate and graduate schools. 
I pursued my doctoral work at the University of Munich, where I 
had the good fortune to study under renowned Data Mining and AI 
experts Professor Hans-Peter Kriegel and Dr. Volker Tresp. While 
in Germany, I had the opportunity to work at Siemens Corporate 
Research, exploring broad applications of general machine 
learning, though much of my work focused on statistical machine 
learning. Given my experience in machine learning and data mining 
at a large scale, after completing my Ph.D., I accepted a role at 
Siemens Healthcare in the U.S. Over a span of eight years in the 
healthcare sector, I was introduced to many different kinds of 
medical data: image data, clinical data, genetic data. The goal was 
to improve diagnoses and personalize treatment through data 
mining. 
AS THE HEAD OF GROWTH AI AT 
LINKEDIN, CAN YOU SHARE WHAT 
THAT ROLE LOOKS LIKE?  
While I appreciated the very real impact—you are literally saving 
lives—of working with medical data, regulatory and other 
challenges are prevalent in the healthcare industry. You are also 
dealing with small data in most cases. My move to LinkedIn in 
early 2015 was prompted by a desire to apply the tenets of data 
mining in a new environment and a new industry. The Growth AI 
team at LinkedIn has broad-based responsibility, including network 
and engagement growth, as well as retention of the platform’s 800 
million members. We are primarily concerned with building the 

right network and getting the right communications to the right 
members at the right time. Data mining and machine learning are 
essential tools to optimize these growth charters. I still do research 
and publish papers, but that work is also product focused, with a 
goal to improve business functions and strategies.  
AS SOMEONE WITH EXPERIENCE IN THE 
PRIVATE SECTOR AND ACADEMIC 
RESEARCH, WHERE CAN ACADEMIA 
AND INDUSTRY HELP ONE ANOTHER? 
With experience spanning both academia and industry, I can say 
there are definitely some not-so-subtle differences between the two. 
Without the rigid pressure of metrics or budgets, universities tend 
to focus on fundamental research--things that are longer-term, more 
groundbreaking. Access to government funding and a pool of 
student researchers also contributes to the success and nature of 
academic research. On the other hand, industry has customers, 
partners, shareholders and other stakeholders to satisfy. As a result, 
businesses tend to focus research on solving fascinating real-world 
problems, often with a more aggressive timeline. While perhaps 
different in approach or context, I do believe there are problems 
common to both academia and industry, that may be tackled with 
data science. Because KDD spans both worlds, the organization 
and its many volunteers are ideally suited to help improve 
collaboration between higher education and the business sector, 
making the field of data science more equitable and diverse. 
WHEN DID YOU FIRST DISCOVER KDD 
AND HOW HAS YOUR RELATIONSHIP 
WITH THE CONFERENCE EVOLVED? 
KDD came on my radar in my early years at graduate school when 
some of my work was published at KDD conferences. I really got 
my foot in the door when I volunteered to be a reviewer at the first 
conference I attended, KDD 2006. That’s when I began to 
appreciate the international community of data mining and 
knowledge discovery researchers, and offered to help facilitate 
conference workshops. Between 2010 and 2016, my involvement 
grew steadily, and I was thrilled to be part of planning the first KDD 
conference in a major U.S. city, KDD 2016 in San Francisco. A 
resounding success, that year there were more than 2,700 attendees 
from 88 countries.  
I then had the honor and privilege to serve as general chair for KDD 
2017, which took place in Halifax, Nova Scotia. A fairly remote 
location and last-minute venue change posed challenges from an 
organizing perspective. However, building on the success of the 
prior year and adopting many of the same tactics to recruit 
volunteers and attract registrants, we were pleased to draw more 
than 1,700 attendees. Since serving as the sponsorship chair for the 
2018 conference in London, I have taken on responsibility for 
leading SIGKDD’s sponsorship efforts.  
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AS SPONSORSHIP DIRECTOR FOR 
SIGKDD, WHAT ARE YOUR OBJECTIVES 
AND HOW DO YOU MEET THEM? 
Sponsorships have been key to the longevity and success of the 
conference, with generous financial support ensuring KDD remains 
home to some of the most highly cited research papers in data 
science. While previous sponsorship chairs served one-year stints, 
I believe continued growth in this area requires leadership 
continuity, so have been pleased to serve in this role for three years. 
With the organization surpassing $1 million in annual 
sponsorship—$1.2 million in 2018 and $1.1 million in 2019, my 
goal is to continue and accelerate this trajectory.  
I am proud that we have secured interest from both government and 
corporate sponsors over my tenure. This healthy mix of support has 
enabled us to set sponsorship records. The switch from a physical 
package and to a virtual package necessitated by the Coronavirus 
pandemic, coupled with resulting economic uncertainty, have 
posed some sponsorship struggles. Fortunately, though, we have 
been building long-term relationships with many of our sponsors, 
and, as a result, financial support for our virtual conference 
improved in 2021.  
YOU HAVE HELPED ORGANIZE 
MULTIPLE IN-PERSON CONFERENCES. 
HOW HAVE THE PANDEMIC AND THE 
SHIFT TO VIRTUAL CONFERENCES 
CHANGED THE EXPERIENCE FOR 
ATTENDEES? 
The coronavirus pandemic has affected us in ways we never 
imagined. Every organization has had to adapt to the new normal. 
Prior to the public health crisis, KDD thrived as a vibrant, physical, 
in-person event. The conference was at its best when people were 
talking and collaborating in small group discussions. We have been 
forced to tackle head on the uncertainty around how we can recreate 

that experience online, how sponsors can reach members in this 
format, and which offerings will and won’t work virtually. At the 
same time, virtual conferences have opened up a lot of 
opportunities for attendees to interact with speakers and authors. It 
also democratizes the conference, making it available for everyone, 
as registration fees have been reduced and travel isn’t required. 
That’s why I believe there is value in the hybrid format. Yes, it had 
been done in the past, but it wasn’t mainstream. Now people can 
see that a combination of virtual and in-person conference setup not 
only works but expands opportunities for people to get together in 
a way that makes sense for them. 
WHY DO YOU THINK IT IS IMPORTANT 
TO VOLUNTEER FOR SIGKDD? 
KDD is special not only because of the groundbreaking discoveries 
presented at the show, but also the connections and bonds we are 
able to form with our colleagues. I have been extremely fortunate 
to serve as general chair as well as my current role. Being the 
sponsorship director at KDD is not just about raising money. It’s 
about raising awareness around our field and the phenomenal 
international community that we have built and exponentially 
grown over the past few years. Volunteering creates new and 
expanded opportunities to sustain and strengthen valuable personal 
and professional relationships, and give back to an organization at 
the forefront of advancing our industry.   
LASTLY, WHAT DOES THE SERVICE 
AWARD WIN MEAN TO YOU? 
I cannot begin to express my gratitude to everyone who has helped 
contribute to KDD’s growth and success over the past two decades. 
I am honored to join such an accomplished list of professionals and 
servants who have won this award, including last year’s winner, Dr. 
Michael Zeller. I encourage everyone in the data mining and 
knowledge discovery community to join us next year at KDD 2022. 
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ABSTRACT
Poor sleep habits may cause serious problems of mind and
body, and it is a commonly observed issue for college stu-
dents due to study workload as well as peer and social in-
fluence. Understanding its impact and identifying students
with poor sleep habits matters a lot in educational man-
agement. Most of the current researches is either based on
self-reports and questionnaires, suffering from small sample
size and social desirability bias, or the methods used are not
suitable for the education system. In this paper, we develop
a general data-driven method for identifying students’ sleep
patterns according to their Internet access pattern stored
in the education management system and explore its influ-
ence from various aspects. First, we design a Possion-based
probabilistic mixture model to cluster students according
to the distribution of bedtime and identify students who
are used to stay up late. Second, we profile students from
five aspects (including eight dimensions) based on campus-
behavior data and build Bayesian networks to explore the
relationship between behavioral characteristics and sleeping
habits. Finally, we test the predictability of sleeping habit-
s. This paper not only contributes to the understanding of
student sleep from a cognitive and behavioral perspective
but also presents a new approach that provides an effective
framework for various educational institutions to detect the
sleeping patterns of students.

1. INTRODUCTION
Sleep matters a lot for health and well-being [38; 44; 4]. Poor
sleep habits like insomnia can easily cause serious problems
like worsened health-related quality of life and poor health
outcomes, especially for college students with psychological
immaturity [13]. Research have shown that the majority
of college students suffer from sleep disorders like feeling
tired, fatigue, or daytime sleepiness and sleeping less than
eight hours per night during the school week [6; 27]. 68% of
American teenagers report that their sleep time each night is
below the recommended eight-ten hours [15] and in East A-
sia, the sleep time of adolescents on weekdays night is below
six hours [29; 14]. Therefore, a significant topic of educa-
tional research is identifying college students with bad sleep

∗Corresponding author

habits timely [40; 3], and understanding its influence.

However, detecting sleep patterns accurately faces tremen-
dous challenges. Previous research are mainly based on
questionnaires, which is time-consuming and costly mak-
ing, and it is hard to be scale to a lot of students. In the
last decade, scientists propose a variety of techniques for
sleep tracking, and some related products are already in use
[2; 32]. These techniques can only be used for small-scale
analysis due to the high cost of the associated equipment.
Some studies have tried to do large-scale sleep-related re-
search through a data-driven approach like [4]. However,
such data is difficult to access except for large companies
like Microsoft, Google, etc. A data-driven framework for
sleep habit detection and analysis that can serve the daily
management of universities is urgently needed.

During the past decade, we have witnessed an increased u-
tilization of electronic devices like smartphones and tablets
[7]. As they become more lightweight, people may easily use
these devices even in bed. Electronic media use in bed after
bedtime is more common in younger compared to older age
groups [8]. Research show that more than 90% of young
people are used to playing mobile phones or tablets before
bedtime [21; 19]. Meanwhile, for college students, the cam-
pus network is a good choice because of its low price and
faster internet speed, which generates tons of data of inter-
net access logs stored in the local education management
system. This provides university management divisions a
new way to detect the sleep patterns of college students.
However, new challenges are introduced as well. First, these
data are not easy to obtain due to privacy protection [23;
36]. Second, the volume of data collected in this way is much
larger than the traditional method. Targeted methods need
to be designed for efficient data mining.

In this paper, we are devoted to identifying students with
the habit of staying up late and explore the influence of
this habit. First, we use the Internet access pattern to i-
dentify the bedtime of each student. Second, we design a
Possion-based probabilistic mixture model to cluster stu-
dents according to the distribution of bedtime and identify
students who stay up late. Third, besides sleep habit, we
profile students from five aspects in eight dimensions, in-
cluding interest (reading status, app preference status, and
surfing length status), orderliness (breakfast orderliness sta-
tus and bath orderliness status), finance (financial status),
academic performance (academic performance status) and
gender. Then we build Bayesian networks to explore the re-
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lationship between these characteristics and sleeping habits.
Finally, we design an experiment of predictive inference to
estimate the predictability of sleep status.

Our contributions could be summarized as follows:

• We design a Possion-based probabilistic mixture model
suitable for education management divisions to iden-
tify students’ sleep patterns.

• We profile students behavior from various aspects and
build Bayesian networks to explore the relationship be-
tween these characteristics and sleeping habits.

• We conduct comprehensive experiments on a large-
scale educational dataset and the extensive results demon-
strate the effectiveness.

This paper is organized as follows. In the next section, relat-
ed work is reviewed. The methods are presented in Section
3. In Section 4, we introduce the experiment setting and
analyze the results. In the final section, we present the dis-
cussion and conclusion of our work.

2. RELATED WORK
The sleep patterns of college students have attracted the at-
tention of scholars from various fields. As the negative im-
pact of poor sleep quality has been demonstrated, the main
concern of scientists is the factors that affect sleep quality.
Buboltz et al. [10] carry out a study focused on the sleep
disturbance of college students. The results show that most
college students suffer from sleep disturbance and women ex-
hibit more sleep disturbance than man do. Moreover, they
give some suggestions to reduce the negative influence on
academic performance. Tsai et al. [42] also focus on how
gender can impact students’ sleep. Brown et al. [9] use re-
gression modeling to capture the relationship between sleep
hygiene and sleep practices. The results demonstrate that
variable sleep schedules, going to bed thirsty, environmen-
tal noise, and worrying can all impact the quality of sleep.
Tavernier et al. [41] explore how the social tie can impact
sleep and the results show that positive social ties can con-
tribute to good sleep quality. Patrick et al. [35] focus on the
influence of energy drinks and binge drinks on sleep qual-
ity. The results show that drinking the above two drinks
can easily lead to poor sleep quality and fatigue the next
day. Meanwhile, Schneider et al. [37] focus on adolescents
and explore the relationship between sleep characteristics
and body-mass index. In this study, they emphasize the im-
portance of gender in related research. Orzech et al. [33]
proves that longer digital media use two hours prior to bed-
time leads to reduced sleep and later bedtime. They ob-
tain an interesting conclusion that more diverse media uses
are associated with longer sleep durations. Moreover, some
scholars have focused on sleep patterns and their impact on
daily life. Kelley et al. [27] explain adolescents’ fatigue and
irritability by the sleep problems caused by the disorder of
their biological time and social time. Althoff et al. [4] carry
out a convincing experiment based on a search engine Bing
from Microsoft including 3 million nights of sleep and 75
million interaction tasks. The results show how sleep de-
privation can seriously affect daily performance. However,
as mentioned before, such type of data is inaccessible for
education management divisions.

Thanks to the development of technologies, more and more
electronic devices are appearing in our daily lives [11] and
scientists try to use these advanced technologies (e.g. remote
bio-signal monitoring technology) to solve sleep problems.
Vroon et al. [43] propose an actuated robotic pillow to im-
prove the quality of sleep through enhancing the interaction
with users. De Arriba et al. [16] propose a smartphone-
based indicator that can calculate sleep patterns automat-
ically. They try to use this indicator to facilitate the con-
struction of software services in order to improve the effi-
ciency of the learning process. Liu et al. [28] propose a mo-
bile sleep-management system integrated with self-regulated
learning strategies and cognitive behavioral therapy. This
system can help students to improve their sleep quality by
improving their daily schedule and modify strategies to cul-
tivate good learning and healthy lifestyle habits. Zhao et
al. [45] design a smart-home system based on the Internet
of things, which realizes the function that judges the user’s
mood and automatically plays corresponding music through
facial expression recognition. However, the methods men-
tioned above are difficult to be used for large-scale sleep
detection on campus due to their high cost.

3. METHODS
In this section, we describe the models used in the experi-
ment. First, we introduce a mixed probability model used
to cluster students’ sleep habits. Then, we introduce the
Bayesian network model used to analyze the influence of
different sleeping habits.

3.1 Sleep Pattern Recognition

3.1.1 Aggregated Sleep Count
For universities that have campus-dedicated networks de-
ployed, web logs can be used to calculate the bedtime of
students every night based on the assumption that students
will access the Internet through mobile phones or comput-
ers before bedtime [5; 21; 19]. In other words, we can use
the time of the last network signal every day to quantify
the time students go to bed. To mine sleep patterns of d-
ifferent students, we define aggregated sleep count, which
represents the total number of days a student goes to sleep
at a particular time slot. For example, in a certain month,
daily bedtime is shown in Figure 1(a). Let’s take 0:00 as
an example. In this month, there are 4 days that sleep at
0:00 o’clock shown in Figure 1(a) with the red circle, the
aggregated sleep count of 0:00 in this month is 4 shown in
Figure 1(b) with a red bar. The aggregated sleep count of
each time period is shown in Figure 1(b).

3.1.2 Mixture Model with Gamma Priors
Inspired by [34], we design a Poisson mixture model to mine
the pattern on their aggregated sleep counts in each time
period. For student i, we let si be the vector of aggregated
sleep counts, where i = 1, 2, 3...N . The dimensionality D of
each vector is the number of time windows (D = 16 in this
case that we divided the time into 16 segments from 9:00 pm
to 4:30 am and the time span of each segment is 30 minutes
because: 1, the last class generally is over at 9:00 pm. 2,
the sun rises at around 4:30 am). Thus, our data consists of
N students each with D-dimensional vectors of aggregated
sleep counts.
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(a) Bedtime of a student in a month: this is the
calendar of a certain month and the number in the
middle of the square is the bedtime of the day.
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(b) Aggregated Sleep Count of a student in a
month: this is the aggregated sleep count of each
time period during the month.

Figure 1: Illustration for aggregated sleep count.

To mine the pattern behind this data, we build a probabilis-
tic mixture model with Poisson components. In terms of no-
tation, we let M be the number of components with an index
m = 1, 2, 3...M . The unobserved latent variable zi takes val-
ues from the set {1, 2, ...M} that corresponds to the latent
component of student i. Each component consists of a vector
of Poisson rate parameterss, λm = [λm1, .....λmd, .....λm16],
where d from [1, 2, 3.....D] represents a time window men-
tioned before. For example, a low value for λmd represents
that students rarely sleep during time window d. On the
contrary, a high value for λmd represents that students al-
ways sleep during time window d.

In this study, the Bayesian approach is used to fit our mix-
ture model. To encourage the model to avoid degenerate
solutions, we use Gamma prior distribution for the rate pa-
rameter λmd according to the conjugate prior theory. More
precisely, we use hyper parameters α = 1.1 and β = 0.1 for
the Gamma distribution, which makes it a step-like func-
tion that puts zero probability mass at λmd and provides a
relatively flat uninformative prior distribution over positive
rate parameter values [34].

According to the total probability formula, the probability
of each student i under this mixture model is:

p(si|λ) =

M∑
m=1

p(si|zi = m,λm)p(zi = m) (1)

where p(zi = m) is the marginal mixing weight for each
component. Assuming conditional independence of aggre-
gated sleep count smd given component m, the probability
distribution of each component can be decomposed as:

p(si|zi = m,λm) =

D∏
d=1

p(smd|λmd, zi = m) (2)

3.1.3 Parameter Estimation
Expectation-Maximization (EM) algorithm, which is wide-
ly used in fitting a mixture model to data[17; 31], is used
in this experiment to estimate the parameter λm. More
specifically, the optimization objective in this experiment is
to maximize the product of the data likelihood times the
prior probability. This optimization process produces two
results. The first one is maximum a posteriori parameter
estimates for the Poisson components in the model and the
second one is membership weights ωim that is the probabil-
ity that student i belongs to component m. Each iteration
of the EM algorithm consists of two processes, the E (expec-
tation) process and the M (maximization) process. In the E
process, the probability of membership is computed for each
component m = 1, 2, ...M , for each student i = 1, 2, ...N .

ωim = p(zi = m|si,λ, α, β)

∝ p(zi = m, si,λm|α, β)

∝ p(si|zi = m,λm)p(λm|α, β)p(zi = m)

(3)

where ωim is the probability that student i belongs to com-
ponent m. In the M process, conditioned on the set of mem-
bership probabilities ωim, we estimate each parameter via
MAP (Maximum Posteriori) estimation:

λ̂m =

∑
i ωim(si + α− 1)∑

i ωim(β + 1)
(4)

p̂(zi = m) =

∑N
i ωim

N
(5)

The outputs of the M process provide the input for the next
E process, and thus, the cycle of E and M processes continue
iteratively.

3.2 Bayesian Network
In this study, Bayesian network (BN) is used to explore the
relevance between bedtime patterns and behavioral charac-
teristics [25; 20]. Based on Markov property, the BN uses a
set of local distributions to expresses the global joint distri-
bution [1; 12].

3.2.1 Bayesian network
A BN consists of two parts: a directed acyclic graph (DAG)
and a set of conditional probability distribution, which can
be represented as B = 〈Gd,Θ〉. The graph Gd represents
a directed acyclic graph whose vertices correspond to ran-
dom variables X1, X2, ...Xn and whose edges represent di-
rect dependencies between the variables, where n represent
the number of variable in B. The Θ = (θi)1≤i≤n denotes
the set of all parameters.

The nations we used are introduced as follows:

• n represent the number of variable in B and each node
Xi takes r possible values x1, x2, ...xr

• π(Xi), denoted the parent nodes of each variable Xi

in Gd, and has qi =
∏

m∈Ωi
rm possible configurations,

where Ωi = {m;Xm ∈ π(Xi)}
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• ch(Xi) denotes the children nodes of each variable Xi

in Gd

• The conditional distribution of Xi|π(Xi) is defined by
the matrix of probabilities θi = (θijk)1≤j≤qi,k∈(x1,...xr):

θijk = P (Xi = k|π(Xi) = j) (6)

For each Xi, θij = (θijx1 , θijx2 , ...θijxr ) is the vector of con-
ditional probabilities defining the distribution of Xi|π(Xi) =
j, where Σr

k=1θijk = 1. The joint probability distribution of
(X1, X2, ...Xi) is given by:

P (X1, X2, ...Xi) =

d∏
i

P (Xi|π(Xi)) (7)

3.2.2 Structure Design
To explore the main problem proposed in this paper men-
tioned above, we first define nine binary variables used in
our BN shown in Table 1 (Details are introduced in the fol-
lowing section). We use student data for one semester in
this paper. Based on the causal Markov assumption [39],
we develop a three-layers raw structure, shown in Figure 2,
with two rules: (1), the directed edge can start from one
node to another node on the same layer. (2), the directed
edge can only point from the lower-layer to the upper lev-
el. In other words, we blacklist all outgoing edges from the
upper-level nodes to lower level nodes. By construction, no
node is allowed to be the parents of gender, and no node
is allowed to be the child of academic performance. Such
design is consistent with common sense.

3.2.3 Structure Learning
In this research, we use BDeu (Bayesian Dirichlet equivalent
uniform) score to evaluate the BN and use the hill-climbing
strategy to optimize this score [24]. BDeu score is a variant
of the BDeu score, which aims at maximizing the posterior
probability of the DAG. We use MLE (maximum likelihood
estimation) to fit our BNs [22] in this research.

4. EXPERIMENTS AND RESULTS

4.1 Dataset
The dataset used in this research includes 5,200 students
from a Chinese university including freshmen students, sopho-
mores, and juniors and contains a total of about 50 million
records of data related to various behavior. For the priva-
cy concern, the students are already pseudonymous in the
raw data. Removing the student with incomplete data, we

Figure 2: Three-layers raw structure for BN.

Table 2: The number of student in each cluster.

stay-up non-stay-up Total
Junior 664 759 1423

Sophomore 807 773 1580
Freshman 714 532 1246

Total 2185 2064 4249

have 4,249 students left classified into three groups: fresh-
man (1,423 students), sophomore (1,580 students), and ju-
nior (1,246 students). This dataset consists of five types of
data. The datasets are described as follows:

4.1.1 Internet Access Data
For most students, the campus network is a good choice be-
cause of its low price and faster internet speed. The relat-
ed logs accurately record the student’s online information.
We use this data to profile students’ surfing behavior. The
experiment time is from November 2018 to April 2019 in-
cluding 4,541,247 records data. To ensure the validity of the
experimental results, we remove students with fewer related
records. In this research, surfing length status T , app pref-
erence status A, and sleep status S are calculated based on
this data.

4.1.2 Academic Performance Data
Students’ academic performance is generally be recorded,
which contains the grade, credit of each course for each s-
tudent. The academic performance data includes 1,048,575
records. In this research, we select the most recent grade
data from the period of Internet access data to obtain aca-
demic performance data Ac.

4.1.3 Demographic Data
For all schools, students are required to submit personal
information at the time of admission, like hometown, gender,
and nation. In this research, we take gender G as a feature.

4.1.4 Financial Data
Campus smart card, in most universities, is used as a recog-
nition tool for his identification. Generally, smart cards can
be used for any scene of consumption on campus and thus
record tons of data for student consumption behavior, such
as bathing and eating. Financial data include 22,176,513
records. In this research, breakfast orderliness status Br,
bath orderliness status Ba, and financial status F are ob-
tained based on this data.

4.1.5 Reading Data
Generally, every university has its own library that is the
main source of book reading by students. Reading data in-
clude 17,209,329 records. Reading status R in this research
is obtained from this data.

4.2 Student Clustering
Below, the results of fitting a two-component Poisson mix-
ture model are presented and discussed. Models with more
components are explored in this experiment, but the two-
components model mainly captures the primary modes of
student’s sleep patterns and more components models tend
to split students into further subgroups without any signifi-
cant additional insight.
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Table 1: Variables definition.

Variable Definition Description
G Gender Male or Female
R Reading status Classify students according to the number of books borrowed

A App preference status
Define online preferences based on usage time of

each app (Game app or Video app)
T Surfing length status Classify students according to their total length of surfing time
Br Breakfast Orderliness status Classify students according to the number of times they eat breakfast
Ba Bath Orderliness status Classify students according to the regularity of bathing
F Financial status Classify students based on daily average spending
Ac Academic performance status Classify students based on Grade-Point Average
S Sleep status Classify students according to whether they stay up late
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Figure 3: Clustering results of Poisson mixture model with two components.
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We set the threshold of component weight at 0.5 to classify
student i = 1, 2, ...N into one of the two components, i.e., if
ωi1 ≥ 0.5, then student i is classified into the group of stay-
ing up (where m = 1 corresponds to the staying up group).
We first experiment individually for freshmen, sophomores,
and juniors, and then experiment with all students together.
Figure 3 shows the λ of each component and Table 2 show
the corresponding number of each components. Two dis-
tinct sleep patterns can be seen for each group, as the λ of
Possion distribution represents the number of times things
happen per unit of time. Each pattern is an approximate
bell curve. They can be distinguished according to two im-
portant characteristics shown as follows:

• First, one of the mixture components has a peak at
10:30 pm (shown as the yellow bar chart) and the other
one has a peak at 0:00 am (shown as the blue chart).

• Second, the mixture component with 0:00 am peak has
a thicker tail compared with the other one with 10:30
pm peak.

Clearly, these two patterns reflect two different types of s-
tudents: students who stay up later and students who don’t
stay up late. According to the regulations of the university
where we carry out our experiments, all lights in dormitory
areas will be turned off at 10:30 to urge students to sleep
early, which is consistent with our experimental results, ver-
ifying the effectiveness of our proposed method. Moreover,
it can be seen in Table 2 that from the freshmen to the ju-
niors, the proportion of students who do not stay up late
gradually increased, eventually surpassing the proportion of
students staying up late. The possible reason is that they
are willing to live a more regular life because of increased
academic pressure and forthcoming job-hunting.

4.3 Student Profiling
In this section, besides sleep status (S) defined above through
the mixture probabilistic model, we profile students from
other five aspects in eight dimensions, including interest (R,
T and A), orderliness (Br and Ba), finance(F ), Academic
performance (Ac) and Gender (G). As shown in Table 1,
we sort students according to specific indicators and classify
students with 50% as a threshold, resulting in that all vari-
ables are binary. The details are introduced in this section.

The interest of students is profiled from three aspects: read-
ing habits R, Interest access time T , and internet prefer-
ences A. First, for reading habitR, we divide students into
two categories: those who like to read and those who don’t,
based on the number of books borrowed during the experi-
ment. Second, for Interest access time T , we divide students
into those who like to surf on the Internet and those who
don’t, based on their average Interest access time. Finally,
for app preference status A, apps in our dataset can be clas-
sified into two types: games app and video app according to
their functions, and compare the time that users spend on
both apps to identify their A.

The orderliness of students is profiled from two aspects:
breakfast orderliness Br and bath orderliness Ba. For order-
liness profiling, the indicator of Br is the number of taking
breakfasts during the experiment and the indicator of Ba
is the variance of bath date interval during the experiment.
Students are classified into two categories according to the
corresponding indicators, with a threshold of 50%.

In addition to interest and orderliness, we also profile stu-
dents from academic performance, financial situation, and
gender perspectives. For academic performance, students
are divided into two categories based on their Grade-Point
Average (GPA). For the financial situation, we divided stu-
dents into two categories according to their daily spending
during the experiment. For gender, students are divided
into males and females.

4.4 Bayesian Network Analysis

4.4.1 Bayesian Network
As mentioned above, our dataset includes three types of
students: freshmen, sophomores, and juniors. To capture
the rules between different groups, we first build BNs for
these three groups separately. In this research, we use a
hill-climbing strategy to build BNs through optimizing the
BDeu score.

1. First, for each group, we learn 200 BNs through a hill-
climbing strategy with restarts strategy, and the re-
sults are shown in Figure 4. We learn 200 BNs and
300 BNs, respectively, and find that the score of high-
quality BNs in these two cases are equal.

2. Second, we select one-third of the BNs with the high s-
core for the null model to build the consensus network
[1]. According to the frequency of edge occurring in
these BNs, we design null models with bootstrap sam-
pling to filter the invalid edge (shown in Figure 5) [30].
We determine the threshold by keeping the occurring
frequency above the mean value plus two times of stan-
dard deviation of the random case and in each group,
the value is 25, 27, and 25, respectively.

3. Third, we reconstruct the consensus BNs by those edges
that occur more frequently than thresholds.

All BNs are shown in Figure 6. Moreover, we synthesize
a total network based on three consensus-BNs according to
the occurring frequency of each edge shown in Figure 6(d).
For the same edge but different directions, we choose the
edge with higher occurrence frequency in high score BNs.
For example, in three consensus-BNs, the edge from T to A
and the edge from A to T have the same occurrence frequen-
cy. Because the edge from A to T has a higher occurrence
frequency in BNs with a high score, we keep this edge in
total BNs.

4.4.2 Structure Analysis

Table 3: Structure analysis for S in the three BNs.

G R A T Br Ba F Ac
Freshman

√ √ √ √ √ √

Sophomore
√ √ √ √ √

Junior
√ √

Times in π(S) 1 2 2
Times in MB(S) 1 1 3 3 2 1 2
Times in ch(S) 2 2
√

: The variable is in MB(S).√
: The variable is in π(S).√
: The variable is in ch(S).
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Figure 4: Scores of 200 BNs from restart strategy. We select one-third of the BNs with the high score (shown in the yellow area) for the
null model and the consensus network.
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Figure 5: Null model for each group.
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Figure 6: Consensus BN for each group. The orange node is sleep status and its Markov Blanket is represented by blue node.
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Figure 7: Prediction performance of each BNs. We use ROC to measure the prediction performance. AUC is indicated by yellow and
diagonal dotted lines indicate 0.5 in random cases.

The three networks shown in Figure 6 represent three types
of students: freshmen, sophomores, and juniors. It is ob-
vious that the behaviors of different groups are different.
According to the Markov property of the Bayesian network,
the parents node π(Xi) are the most related to the output
of the targeted node Xi. In this case, we summary those
BNs in Figure 6 and show the results in Table 3.

First, both A and T are frequent in π(S), representing that
a strong connection exists between sleep habit and surfin-
g habit. Specifically, from the perspective of App prefer-
ence, the probabilities of staying up late for people who love
watching videos are 0.75, 0.63, and 0.70, in freshmen, sopho-
mores, and juniors, respectively. For people who love playing
games, the probabilities are 0.5, 0.39, and 0.47. Video lovers
prefer to stay up late than game fans. Then, we summarize
the most popular games among college students, and the
top three are Glory of Kings, PUBG (Playerunknown’s Bat-
tlegrounds), and LOL (League of Legends), which account
for more than 80 percent (This result is consistent with the
findings of previous studies that people who primarily en-
gage in group play have superior adherence to people who
primarily play alone [26]). A common feature of these games
is that they are all web-based battle games. Compared to
previous single-player games, these games bring all players
together to collaborate or compete with each other through
an online platform. Players play with real people instead of
computers, which is closer to social behavior. In this case, if
the user’s enemies or teammates are sleeping, then this game
naturally loses fun, which explains why game fans don’t like
staying up late. This phenomenon can also be analyzed from
another perspective. According to the theory mentioned in
[18], ’spectator experience’ and a sense of social presence are
very important for players of online games, which can also
explain the finding of our experiment. In contrast, watching
a video is a behavior that a student can do well on their own,
even in the middle of the night. Note that the above results
show that people who love to watch videos are more likely
to stay up late rather than that videos are to keep people
stay up late compared with games, due to the differences in
the number of each type of students.

Does the seemingly rational behavior of game lovers contra-
dict the popular view of game addiction? We analyze the
relation between app preference A and total surfing length
T due to that A appears frequently in the parent node of T .
As mentioned before, according to the total length of surfing
time, we divide students into long-time internet users and
short-time internet users. The probabilities of game fans

surfing the Internet for a long time are 0.57, 0.60, and 0.57
in three groups, which is higher than 0.25, 0.22, and 0.22 for
video lovers. This is in line with the current popular view of
game addiction. At the same time, the above mentioned can
also explain why the short-time internet user prefers to stay
up late. (Note that this finding does not conflict with the
conclusions in [33] that a longer duration of digital media
use was associated with reduced total sleep time and later
bedtime because they focus on the digital media two hours
before bedtime instead of all day).

Second, for the child nodes of S, the variables of breakfast
status Br and academic performance Ac appear frequently
according to Table 3. In the matter of having breakfast, the
probability of students staying up late is 0.2 lower than nor-
mal students, which is consistent with common sense that
students who like to stay up late usually get up late to miss
breakfast. For the academic performance, students who go
to bed early are more likely to achieve a good grade, which
is consistent with previous findings, both in biology [27] and
cognitive science [4].

4.4.3 Inference
The Markov property of the Bayesian network implies that
conditioned on the Markov blanket of a node (shown in Fig-
ure 6), the probability distribution of the node is indepen-
dent of the rest of the network shown as the following equa-
tion:

X ⊥ {U −MB(X)− {X}}|MB(X) (8)

where U is the set of all random variables in BNs andMB(X)
represents the Markov blanket of variable X, which is a set
of nodes that consists of the parents of the node, the chil-
dren of the node, and any other parents of the children of
that node.

In our research, we design an experiment of predictive infer-
ence to estimate the predictability of sleep status. In other
words, we want to test whether the sleep state S can be
predicted rather than pursue prediction performance. So,
we use MLE to fit our datasets and use Area Under The
Curve (AUC) to evaluate the prediction performance. For
AUC, if the AUC is bigger than 0.5, representing that the
prediction result is better than the random model. In other
words, the S is predictive. From Figure 7, the AUC value
for each group is 0.683, 0.719 and 0.682, which reflects the
predictability of sleep pattern.
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5. DISCUSSION AND CONCLUSION
In this paper, we design a Possion-based probabilistic mix-
ture model to identify students who are used to stay up late
based on the Internet access patterns. We apply this model
to a real-world dataset and classify students into two groups:
students who are used to stay up late and students who sleep
on time. We profile students from five aspects in eight di-
mensions, including interest (reading status, app preference
status, and surfing length status), orderliness (breakfast or-
derliness status and bath orderliness status), finance (finan-
cial status), academic performance (academic performance
status) and gender. Then we build Bayesian networks to
explore the relationship between these characteristics and
sleeping habits and find that surfing habits have a big im-
pact on sleep habits. Finally, we test the predictability of
sleeping habits based on campus behavior features.

The assumption of our experiment that students will ac-
cess the Internet through mobile phones or computers before
bedtime is reasonable because the Internet pervades every
aspect of our lives, including entertainment, study, social
contact, and so on. However, the underlying assumptions
made in this study raise a couple of limitations. First, we
identify students staying up late based on a hypothesis that
students use mobile phones or computers to access the Inter-
net before going to bed. So, it is hard to detect the people
who don’t have this habit. Second, more data of life details
need to be collected for drawing a valid and solid conclusion.

There are multiple avenues for future work. First, we intend
to expand our dataset and investigate this issue from more
aspects. Second, we only check if the sleep status can be pre-
dicted rather than pursuing a precise prediction. Next, we
plan to design a prediction model with a good performance
and integrate this model into the modern educational man-
agement system and apply real-time data to detect the sleep
status of students.
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ABSTRACT
Graph Neural Networks (GNNs), a generalization of deep neural
networks on graph data have been widely used in various domains,
ranging from drug discovery to recommender systems. However,
GNNs on such applications are limited when there are few avail-
able samples. Meta-learning has been an important framework
to address the lack of samples in machine learning, and in recent
years, researchers have started to apply meta-learning to GNNs. In
this work, we provide a comprehensive survey of different meta-
learning approaches involving GNNs on various graph problems
showing the power of using these two approaches together. We cat-
egorize the literature based on proposed architectures, shared rep-
resentations, and applications. Finally, we discuss several exciting
future research directions and open problems.

1. INTRODUCTION
The methods of artificial intelligence (AI) and machine learning
have found tremendous success in various applications, ranging
from natural language processing [17] to cancer screening [66].
Such success of AI systems can be attributed to various architec-
tural innovations, and the ability of deep neural networks (DNN) to
extract meaningful representations from Euclidean data (e.g. im-
age, video etc.). However, in many applications, the data is graph-
structured. For example, in drug discovery, the goal is to predict
whether a given molecule is a potential candidate for a new drug,
where the input molecules are represented by graphs. In a recom-
mender system, the interaction between the users and the items are
represented by a graph, and such non-Euclidean data is crucial in
designing a better system.
The proliferation of graph structured data in various applications
has led to Graph Neural Networks (GNNs) which are generaliza-
tions of DNN for graph-structured inputs. The main goal of GNNs
is to learn effective representations of the graphs. Such representa-
tions map the vertices, edges, and/or graphs to a low-dimensional
space, so that the structural relationships in the graph are reflected
by the geometric relationships in the representations [29]. In re-
cent years, GNNs have been applied in diverse domains, often with
surprising positive results like discovery of a new antibiotic [57],
accurate traffic forecasting [14], etc.
Despite of recent success of GNNs in various domains, GNN frame-
works have their own shortcomings. One of the major challenges
in applying GNNs, particularly for large graph-structured datasets,

is the limited number of samples. Furthermore, real-world systems
like recommender systems often need to handle diverse types of
problems, and must adapt to a new problem with very few obser-
vations. In recent years, meta-learning has turned out be an im-
portant framework to address these shortcomings of deep learning
systems. The main idea behind meta-learning is to design learn-
ing algorithms that can leverage prior learning experience to adapt
to a new problem quickly, and learn a useful algorithm with few
samples. Such approaches have been quite successful in diverse
applications like natural language processing [41], robotics [48],
and healthcare [74].
Recently, several meta learning methods to train GNNs have been
proposed for various applications. There are two main challenges
in applying meta-learning to graph-structured data. First, an im-
portant challenge is to determine the type of representation that
is shared across different tasks. As GNNs are used for a wide
range of tasks from node classification to graph classification, the
learned shared representation needs to consider the type of tasks
to be solved and this makes the choice and design of architecture
quite important for meta-learning. Second, in a multi-task setting,
we usually have few samples from each task. Thus, the support
and query examples have often limited overlap in terms of simi-
larity. For example, in node classification tasks, the nodes rarely
are similar in the support and query set of a given task. On the
other hand, in link prediction, the support and query edges are of-
ten located far away from each other in the graph. Therefore, a
major challenge in applying meta-learning to GNNs is to model
the dependencies among nodes (or edges) that are far apart (both
distance-wise and similarity-wise) from each other in the graph. In
this survey, we review the growing literature on meta learning with
GNNs. There are several thorough individual surveys on GNNs
[77, 67] and meta-learning [30], but we believe this survey is the
first effort to categorize and comprehensively review the existing
papers on meta learning with GNNs.

1.1 Our Contributions
Besides providing background on meta-learning and architectures
based on GNNs individually, our major contributions can be sum-
marized as follows.

• Comprehensive review: We provide a comprehensive re-
view of meta learning techniques with GNNs on several graph
problems. We categorize the literature based on methods,
representations and applications and show various scenarios
where limitations of GNNs are addressed via meta learning.

• Future directions: We discuss how meta learning and GNNs
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can address some of the challenges in several areas: (i) com-
binatorial graph problems, (ii) graph mining problems, and
(iii) other emerging applications such as traffic flow predic-
tion, molecular property prediction, and network alignment.

The rest of this paper is organized as follows. Section 2 provides
background on a few key graph neural network architectures. Sec-
tion 3 outlines the background on meta-learning and major the-
oretical advances. A comprehensive categorization of the papers
that use the framework of meta-learning equipped with GNNs on
important graph related problems is described in Sections 4 and
5. First, Section 4 covers applications of meta-learning framework
for solving some classical graph problems. The problem discussed
here doesn’t explicitly propose a multi-task setting, rather the meta-
learning framework is applied to a fixed graph. In Section 5 we
cover the literature on graph meta learning when there are multiple
tasks and the graph might change with the tasks. Although various
GNNs have been proposed for graph meta-learning, they can be cat-
egorized broadly based on the type of shared representation, which
can be either at a local level (node/edge based) or at the global level
(graph based). Table 1 provides an overview of various papers cat-
egorized by the type of shared representation and the application
domains. Table 2 presents the papers described in Section 5 based
on the corresponding meta-learning approaches. Section 6 covers a
broad range of applications of meta-learning on GNNs and Section
7 suggests some exciting future directions.

2. GRAPH NEURAL NETWORKS
Generalizing deep learning on graphs has resulted in an exciting
area of Graph Neural networks (GNNs). GNNs embed or represent
nodes as points in a vector space with the help of structural and at-
tribute information from the neighbourhood of a node and the node
itself. They encode this information via non-linear transformations
and aggregation functions into a final representation. The proposed
architectures can be broadly categorized into two types: (i) convo-
lution on neighborhood, and (ii) location-aware.
(i) Convolution on neighborhood: The primary examples of ar-
chitectures that are based on convolution on neighborhood include
GCN [36], GRAPHSAGE [28], and GAT [61]. These architec-
tures mostly create representations of nodes through a convolution
operation ψ over its neighborhood, i.e., the embedding, zv,G =
ψ
(
Nk
G(v)

)
where the (k-hop) neighborhood (set of nodes) of the

node v in the graph G is Nk
G(v). Thus, two nodes with similar

neighborhoods are likely to have similar embeddings.
(ii) Location-aware: The examples of GNNs that are location
aware framework include PGNN [71] and GRAPHREACH [49]. In
this approach, if two nodes are located close (usually by number of
hops) to each other in the graph then they are expected to have sim-
ilar embeddings. If the graph has a high clustering coefficient, then
one-hop neighbors of a node share many other neighbors among
them as well. Therefore, if two nodes are close to each other, they
have a high likelihood of having similar neighborhoods. Many real
graphs have small-world and scale-free properties and have high
clustering coefficients. Next, we briefly describe the key architec-
tures of GNNs.
GCN [36]: A primary contribution in applying neural architectures
on graphs has been made by [36] with the introduction of Graph
Convolutional Networks (GCNs). GCNs are analogous version of
convolutional neural networks (CNNs) on graphs. Inspired by the
idea of representing a pixel with information from its nearby pix-
els (filter in CNNs), graph convolutions also apply the key idea
of aggregating feature information from a node’s local neighbor-
hood. More formally, GCNs are neural network architectures that

produces a d-dimensional embeddings for each node by taking as
input adjacency matrix A and node features X; GCN(A,X) :
Rn×n×Rn×p → Rn×d. The idea is to aggregate feature informa-
tion from a node’s neighborhood (can be generalized to multiple
hops) and its own features to produce the final embedding. A 2-
layer (neighbourhood is 2-hops) GCN can be defined as follows:

GCN(A,X) = σ(Âσ(ÂXW (1))W (2))

where Â = D̃−
1
2 ÃD̃−

1
2 is the normalized adjacency matrix with

D̃ as weighted degree matrix and Ã=In+Awith In being an n×n
identity matrix and σ is an activation function. Moreover,W (i) is a
weight matrix for the i-th layer to be learned during training, with
W (1) ∈ Rp×d

′
, W (2) ∈ Rd

′×d, and d (d′) being the number of
neural network nodes in the output (hidden) layer.
GRAPHSAGE [28]: Hamilton et al. [28] propose an inductive
framework with an aggregation function that is able to share weight
parameters (Wk) across nodes, can be generalized to unseen nodes
and scale to large datasets. To learn representation hkv of a node
v, it iterates over all nodes which are in their K-hop neighborhood.
While iterating over node v, it aggregates (with AGGREGATEk)
the current representations of v’s neighbors (hkN (v)) and concate-
nate with the current representation of v (hk−1

v ), which is then fed
through a fully connected layer with an activation function. Intu-
itively, with more iterations, nodes incrementally receive informa-
tion from neighbors of higher depth (i.e., distance). More specifi-
cally for k-th iteration,

hkN (v) = AGGREGATEk

({
hk−1
u , ∀u ∈ N(v)

})
hkv = σ

(
Wk · CONCAT

(
hkN (v), hk−1

v

))
GAT [61]: Graph Attention Networks (GATs) [61] learn edge
weights using attention mechanisms. GAT does not assume that the
contributions of neighbouring nodes are all equal unlike in GRAPH-
SAGE [28]. GAT learns the relative importance/weights between
two connected nodes. The graph convolutional operation (k-th it-
eration) is defined as follows:

hkv = σ

 ∑
u∈N(v)∪v

αkv,uWkhk−1
v


where αv,u measures the strength between the node v and its neigh-
bour u ∈ N(v). GAT has been shown to outperform both GCN
and GRAPHSAGE in node classification task both in transductive
as well as inductive settings in benchmark datasets.
PGNN [71]: Unlike in GRAPHSAGE where the representation of
a node depends on its k-hop neighborhood, PGNN follows a dif-
ferent paradigm and aims to incorporate positional information of a
node with respect to the nodes in the entire network. The key idea is
that the position of a node can be captured via a low-distortion em-
bedding by quantifying the distance between that node and a set of
anchor nodes. The framework first samples multiple sets of anchor
nodes. It also learns a non-linear aggregation scheme to combine
the features of the nodes in each anchor set. The aggregation is
normalized by the distance between the node and the anchor-set.
Other variations: There are several other variations and improve-
ments of GNNs that are based on different mechanisms: GAT is
further extended by Gated Attention Network (GAAN) [72] through
a self-attention mechanism which computes an additional attention
score for each attention head. Graph Autoencoders [9, 37] encode
nodes/graphs into a latent vector space and further reconstruct the
graph related data depending on the application from this encod-
ing in an unsupervised fashion; Recurrent GNNs [53, 39] apply
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the same set of parameters recurrently over nodes to extract high-
level node representations. For a comprehensive survey on GNNs,
please refer to [67].

2.1 Applications
GNNs outperform traditional approaches for semi-supervised learn-
ing tasks (e.g. node classification) on graphs. The high level appli-
cations of GNNs can be categorized in three major tasks: node clas-
sification, link prediction, and graph classification. For node clas-
sification and link prediction tasks, traditionally four benchmark
datasets are used: Cora, Citeseer, Pubmed, and protein-protein in-
teraction (PPI) dataset. Shchur et al. [56] and Errica et al. [22]
provide a detailed comparison of performances of the key architec-
tures on node and graph classification tasks. GNNs are also used in
the link prediction task that has applications in many domains such
as friend or movie recommendation, knowledge graph completion,
and metabolic network reconstruction [73].

3. BACKGROUND ON META-LEARNING
Meta-learning has turned out to be an important framework to ad-
dress the problem of limited data in various machine learning appli-
cations. The main idea behind meta-learning is to design learning
algorithms that can leverage prior learning experience to adapt to a
new problem quickly, and learn a useful algorithm with few sam-
ples [55]. Such approaches have been quite successful in diverse
applications like natural language processing [41], robotics [48],
and healthcare [74].

3.1 Framework
In standard supervised learning, we are given a training dataset
D = {xi, yi}ni=1, a loss function `, and we aim to find a predictive
model of the form ŷ = fθ(x).

θ∗ = argminθL(D, θ) = argminθ

n∑
i=1

`(fθ(xi), yi)

In meta-learning, we are given samples from a number of different
tasks and the goal is to learn an algorithm that generalizes across
tasks. In particular, the tasks are drawn from a distribution p(T ),
and the meta-objective is to find a common parameter that works
across the distribution of tasks.

ω∗ = argminω
∑

Ti∼p(T )
Di∼Ti

Li(Di, ω) (1)

In the meta-test phase, we are given a target task (say task 0) and
we use the meta-knowledge ω∗ to obtain the best parameter for the
target with few samples.

θ∗0 = argminθL0(D0, θ|ω∗)

3.2 Training
Many popular meta-learning algorithms are based on gradient de-
scent on the meta-parameter ω [23, 52]. In order to understand
how to perform gradient descent with respect to ω, it is insightful
to frame Equation (1) as a bi-level optimization problem.

ω∗ = argminω
∑

Ti∼p(T )
Di∼Ti

L(Di, θ∗i (ω), ω)

s.t. θ∗i (ω) = argminθLi(θ, ω,Di) ∀i

If we have a model for the inner-optimization method, then a gra-
dient of the objective with respect to ω can be computed by using

the chain rule e.g.

∇ωL(Di, θ∗i (ω), ω) = ∇θ∗i (ω)L(Di, θ
∗
i (ω), ω)

dθ∗i (ω)

dω

However, often the inner objective function is non-convex, and hard
to solve. So model agnostic meta learning (MAML), introduced by
Finn et al. [23] suggests to first take a gradient step for each task i
as follows:

θ′i = θi(ω)− α∇θLi(θi(ω), ω,Di)

Then MAML replaces θ∗i (ω) in the outer objective, i.e.,

ω = ω − β∇ω
∑
i

L(Di, θ′i, ω)1

We now instantiate the MAML algorithm for the task of classifying
nodes of a graph. Recall the GCN framework from Section 2. Here
the t-th task is classification of nodes of a graph Gt with adjacency
matrix At and node-feature matrix Xt. Then a standard two-layer
GCN for node classification problem is given as follows:

f(Xt, At,Wt) = softmax
(
ÂtReLU

(
ÂtXtW

(1)
t

)
W

(2)
t

)
(2)

Given labels of the nodes Yt, such a network is often trained with
the cross-entropy loss:

Lt(Xt, At,Wt) = −
∑
`

∑
f

Y`f ln f(Xt, At,Wt)`f

Usually, the parameters Wt are trained by stochastic gradient de-
scent. Here, we wish to identify a meta parameter vector W?,
which is close to the parameters of different tasks (i.e. ‖Wt −W?‖F ≤
δ for some δ > 0). The benefit of learning such meta-parameters
W? is that, on a new task s, we can initialize task-parameter Ws as
W? and the new task would require very few samples to train. Al-
gorithm 1 describes the MAML algorithm instantiated for the case
of node classification with GCN based representation.

ALGORITHM 1: Model Agnostic Meta-Learning for GCN

Input: Step sizes α and β.
Initialize W?.
do

Sample a batch of T tasks {Gi} ∼ p(·).
Sample a batch of T datasets {Di = (Ai, Xi, Yi)} where
Di ∼ Gi.

for each task t in T do

Update Wt =W? − α∇WLt(Xt, At,W )

∣∣∣∣
W=W?

.

Update W? =W? − β∇W
∑
t L(Xt, At,W )

∣∣∣∣
W=Wt

while Not Convergence
return Meta-parameter W?.

3.3 Representation Learning
Another perspective of meta-learning, which will be particularly
important for the context of graph neural networks, is learning a
shared representation across different tasks. Here we assume that,
given an input x, the training data from the t-th task is generated
as yt = ft ◦ h(x) + ηt, where ηt is some iid noise. Effectively,
the function h maps input x to a shared representation and then
a task-specific function ft is applied to generate the task-specific
representation.
1We write θi(ω) to denote the meta-parameter ω adapted to task i.
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During the meta-training phase, we attempt to learn the shared
function h. Suppose we are given T datasets Dt = {(xti, yti}nt

i=1

for t = 1, . . . , T . Then we solve the following optimization prob-
lem to recover h.

argmin
h,{ft}Tt=1

T∑
t=1

nt∑
i=1

Lt (yti, ft(h(xti))) +R(h) +
∑
t

R(ft) (3)

Here R(·) is some regularization function, and let ĥ,
{
f̂t
}T
t=1

be
its solution. In general, the optimization problem defined in Equa-
tion (3) is hard to solve unless we make specific assumption about
the types of functions. For example, even if we assume ft is same
across the tasks and in fact an identity function, the problem de-
fined in Equation (3) can involve learning a general neural network
based shared representation h. For the special case of linear mod-
els, this problem can be solved efficiently (e.g. by using matrix
regression [59]). In this survey, we focus on gradient based meth-
ods for learning the shared representation h in equation (3), which
has been quite successful in practice. In the meta-test phase, we are
given samples from a new task s e.g. {(xsi, ysi)}ns

i=1. We substi-
tute ĥ, the estimate of the common representation function h, and
learn the new task-specific function fs.

f̂s ← argmin
fs

ns∑
i=1

Ls
(
ysi, fs(ĥ(xsi))

)
+R(fs)

We now instantiate this framework for the task of classifying nodes
of a graph. As before, we use two-layer GCN where the model
is defined in Equation (2). However, we now assume that the first
layer is shared across different tasks and only the second layer is
trained for a new task. In particular, we assumeWt = [W ?;W

(2)
t ].

Although, the optimization problem in Equation (3) is NP-hard to
solve with this particular type of representation, we can write down
an algorithm to solve for the meta-parameter W ? using gradient
descent. Algorithm 2 describes this algorithm and returns the meta-
parameter W ?.

ALGORITHM 2: Shared Representation Learning for GCN

Input: Step sizes α and β, datasets Dt = {(xti, yti}nt
i=1 for

t = 1, . . . , T .
Initialize W ?.
Initialize W (2)

t for t = 1, . . . , T .

Set Wt = [W ?,W
(2)
t ].

do
for each task t in [T ] do

Update

W
(2)
t =W

(2)
t − α∇WLt (Dt, [W ?;W ])

∣∣∣∣
W=W

(2)
t

.

Update W ? =W ? − β∇W
∑
t L
(
Dt, [W ;W

(2)
t ]

) ∣∣∣∣
W=W?

while Not Convergence
return Meta-parameter W ?.

3.4 Theory
Despite immense success, we are yet to fully understand the the-
oretical foundations of meta-learning algorithms. Baxter [5] first
prove generalization bound for multitask learning problem, by con-
sidering a model where tasks with shared representation are sam-
pled from a generative model. Pontil et al. [51], and Maurer et
al. [46] develop general uniform-convergence based framework to
analyze multitask representation learning. However, they assume
oracle access to a global empirical risk minimizer. Recently, there

have been promising attempts to understand meta learning from
representation learning. The main idea is that the tasks share a com-
mon shared representation and a task-specific representation [60,
59, 21]. If the shared representation is learned from the training
tasks, then the task-specific representation for the new task can be
learned with only a few samples. Finally, there have been interest-
ing recent work trying to understand gradient-based meta-learning.
[24, 4, 35, 16] analyze gradient based meta-learning in the frame-
work of online convex optimization (OCO). They assume that the
parameters of the tasks are close to a shared parameter to bound
regret in the OCO framework.

4. META-LEARNING ON FIXED GRAPHS
In this section, we review applications of meta-learning for solving
some classical problems on graphs. Here we consider the setting
when the underlying graph is fixed and the node/edge features do
not change with different tasks. In fact, we are not in a multitask
framework where there are a number of tasks and few samples are
available from each task. Rather, the framework of meta-learning is
applied to various graph problems by creating multiple tasks either
considering the nodes or the edges.

4.1 Node Embedding
The goal of node embedding is to learn representations for the
nodes in the graph so that any downstream application can directly
work with these representations, without considering the original
graph. This problem is often challenging in practice because the
degree distributions of most graphs follow a power law distribution
and there are many nodes with very few connections. Liu et al. [43]
address this issue by applying meta-learning to the problem of node
embedding of graphs. They set up a regression problem with a
common prior to learn the node embeddings. Since the base repre-
sentations of high-degree nodes are accurate, they are used as meta
training set to learn the common prior. The low degree nodes have
only a few neighbors (samples), the regression problem for learn-
ing their representations is formulated as a meta-testing problem,
and the common prior is adapted with a small number of samples
for learning the embeddings of such nodes.

4.2 Node Classification
The node classification task aims to infer the missing labels of
nodes of a given partially labeled graph. This problem often ap-
pears in diverse contexts such as document categorization and pro-
tein classification [58, 6], and has received significant attention in
recent years. However, often many classes are novel i.e., they have
a small number of labeled nodes. This makes meta-learning or few-
shot learning particularly suitable for this problem.
Zhou et al. [76] have applied a meta-learning framework for the
node classification problem on graphs by learning a transferable
representation using data from classes that have many labeled ex-
amples. Then, during the meta-test phase, this shared represen-
tation is used to make predictions for novel classes with few la-
beled samples. Ding et al. [19] improve upon the previous method
by considering a prototype representation of each class and meta-
learning the prototype representation as an average of weighted
representations of each class. Lan et al. [38] address the same prob-
lem via meta-learning but in a different setting where the nodes do
not have attributes. Their method only uses the graph structure to
obtain latent representation of nodes for the task. Subsequently,
Liu et al. [42] point out that it is important to also learn the depen-
dencies among the nodes in a task, and propose to use nodes with
high centrality scores (or hub nodes) to update the representations
learned by a GNN. This is done by selecting a small set of hub
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Graph applications

Representation Node classification Link Prediction Graph Classification

Node/Edge Level Meta-GNN [76], GPN [19], MetaR [12], GEN [1]
RALE [42], AMM-GNN [62]

SAME [8], SELAR [32] SAME [8], SELAR [32] SAME [8]
GFL [70], Meta-GDN [20]

Graph Level MI-GNN [64] Meta-graph [7] AS-MAML [44], Spectral [11]

Table 1: Organization of the papers on Meta-learning and GNNs based on applications and underlying graph-related representations. The ab-
breviations of the frameworks (methods) are as follows. GPN: Graph Prototypical Networks, MetaR: Meta Relational learning, GEN: Graph
Extrapolation Networks, RALE: Relative and Absolute Location Embedding, AMM-GNN: Attribute Matching Meta-learning Graph Neural
Networks, SAME: Single-task Adaptation for Multi-task Embeddings, SELAR: SELf-supervised Auxiliary LeaRning, GFL: Graph Few-shot
Learning, GDN: Graph Deviation Networks, MI-GNN: Meta-Inductive framework for Graph Neural Network, AS-MAML: Adaptive Step
Model Agnostic Meta Learning.

nodes and for each node v, considering all the paths to the node v
from the set of hub nodes. It helps to encode the absolute location
in the graph. Parallel to these developments, Yao et al. [70] con-
sider a metric-learning based approach where the label of a node
is predicted to be the nearest class-prototype in a transferable met-
ric space. They first learn a class-specific representation using a
GNN, and then learn a task-specific representation using hierarchi-
cal graph representations.
Finally, the few-shot node classification task has also been used
in the presence of noisy or inaccurate labels in the support sets of
different tasks. Ding et al. [18] propose a method (Graph Halluci-
nation Network) that creates a set by taking a specified number of
samples from a class. Then the method learns to produce a confi-
dence score on the accuracy of the label of each node in the set. By
using these weights/scores, the final cleaner (i.e., less noisy) node
representations are generated. The rest of the algorithm follows the
standard MAML framework.

4.3 Link Prediction
The objective of the link prediction problem is to identify pairs of
nodes that will either form a link or not. Meta-learning has been
shown to be useful for learning new relationship via edges/links
especially in multi-relational graphs.
In multi-relational graphs, an edge is represented by a triple of two
end points and a relation. Such graphs appear in many important
domains such as drug-drug interaction prediction. The goal of link
prediction in multi-relation graphs is to predict new triples given
one end point of a relation r with observing a few triples about r.
This problem is challenging as only few associative triples are usu-
ally available. Chen et al. [12] use meta-learning to solve the link
prediction problem in two steps. First, they design a Relation-Meta
Learner which learns shared structure across a number of relations.
Such a meta-learner generates relation meta from heads’ and tails’
embeddings in the support set. Second, they use an embedding
learner that calculates the truth values of triples in support set via
end points’ embeddings and relation meta.
Multi-relational graphs are even more difficult to manage with their
dynamic nature (addition of new nodes) over time and the learn-
ing is even more difficult when these newly evolved nodes have
only few links among them. Baek et al. [1] introduce a few-shot
out-of-graph link prediction technique, where they predict the links
between the seen and unseen nodes as well as between the unseen
nodes. The main idea is to randomly split the entities in a given
graph into the meta-training set for simulated unseen entities, and
the meta-test set for real unseen entities.
Finally, Hwang et al. [32] show the effectiveness of graph neu-

ral networks on downstream tasks such as node classification and
link prediction via a self-supervised auxiliary learning framework
combined with meta-learning. The auxiliary task such as meta-
path prediction does not need labels and thus the method becomes
self-supervised. In the meta learning framework, various auxiliary
tasks are used to improve generalization performance of the un-
derlying primary task (e.g., link prediction). The proposed method
effectively combines the auxiliary tasks and automatically balances
them to improve performance on the primary task. The method is
also flexible to work with any graph neural network architecture
without additional data.

5. META-LEARNING ON GRAPH NEURAL
NETWORKS

We now discuss the growing and exciting literature on graph meta
learning where there are multiple tasks and the underlying graph
can change across the tasks. The changes in graphs occur when
either the node/edge features change, or the underlying network
structure changes with the tasks. In the context of meta-learning,
several architectures have been proposed in recent years. However,
a common thread underlying all of them is a shared representation
of the graph, either at a local node/edge level, or at a global graph
level. Based on the type of shared representation, we categorize
the existing works into two groups. Most of the existing literature
adopt the MAML algorithm [23] to train the proposed GNNs. The
outer loop of MAML updates the shared parameter, whereas the
inner loop updates the task-specific parameter for the current task.
Table 2 lists the shared and the task-specific parameters for all the
papers in this section.

5.1 Node/Edge Level Shared Representation
First, we consider the setting where the shared representation is lo-
cal i.e. node or edge based. Huang et al. [31] consider the node
classification problem where the input graphs as well as the labels
can be different across tasks. They learn a representation for each
node u in two steps. First, the method extracts a subgraph Su cor-
responding to the set of nodes {v : d(u, v) ≤ h} where d(u, v) is
the distance of the shortest path between nodes u and v. Then it
feeds the subgraph Su through a GCN to learn a representation for
node u. The theoretical motivation behind considering the graph
Su is that the influence of a node v on u decreases exponentially as
the shortest-path distance between them increases. Once the nodes
are encoded, one can learn any function fθ that maps the encodings
to class labels. Huang et al. [31] use MAML to learn this function
with very few samples on a new task, enjoying the benefits of node-
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Figure 1: A prototype of the meta learning framework with GNNs
for solving node classification problem. This is based on the archi-
tectures proposed by [31] and [62]. Following [31], the neighbor-
hoods of each node are used for node embedding. Embedding layer
1 is trained in the outer loop of MAML, whereas the other layers
are adapted for particular tasks.
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Figure 2: A prototype of the meta learning framework with GNNs
for solving graph classification problem. This is based on the ar-
chitectures proposed by [44], and [8]. The embedding and pooling
layers learn global representation of the input graph, and are trained
in the outer loop of MAML. The final multi-layer perceptron (MLP)
is used for the classification task and is adapted to the particular task
at meta-test.

Meta-learning parameters

Papers Inner Loop Outer Loop
(Task-Specific) (Shared)

[31] Node embeddings Classification
[62] Node embeddings Feature matrix
[11] Graph feature, graph label/

Super-class actual class
[44] Graph feature, graph embedding/

Graph embedding Classification
[8] Node Embedding Output Layer
[7] VGAE Initialization Graph Signature

(GCN + MLP)
[43] High-degree node specific

node embedding embedding

Table 2: Organization of the papers in Section 6 based on the cor-
responding meta-learning approaches.

level shared representations in node classification.
Wang et al. [62] also consider the few-shot node classification prob-
lem for a setting where the network structure is fixed, but the fea-
tures of the nodes change with tasks. In particular, given a base
graph with node feature matrix X ∈ Rn×d, the proposed model
learns a new feature matrix Xt = X � αt(φ) + βt(φ) for the
t-th task, and then use a GNN fθ(Xt) to learn the node represen-
tations for the t-th task. During training, the outer loop updates the
φ parameters, whereas the inner loop of MAML only updates the
θ-parameter. This enables quick adaptation to the new task.
Wen et al. [64] study the problem of node classification in an in-
ductive setting, where the graph instances in testing and training do
not overlap. Their method involves computing a task prior given a
graph (i.e., its representation) using multi-layer perceptron (MLP).
These representations are useful for the graph-level adaptation. They
used the traditional MAML paradigm in their approach for the task-
level adaptation.

5.2 Graph Level Shared Representation
In this subsection, we discuss the setting when the shared repre-
sentation is global i.e. graph-level. A canonical application of this
representation is the graph classification problem, where the goal
is to classify a given graph to one of many possible classes. This
problem appears in many applications, ranging from bioinformat-
ics to social network analysis [69]. However, in many settings, the
number of samples/graphs available for a particular task is few and
the graph classification task often requires a large number of sam-
ples for high quality prediction. These challenges can be addressed
via meta-learning. The existing papers on using meta-learning for
graph classification usually learn an underlying shared representa-
tion and adapt the representation for a new task.
Chauhan et al. [11] propose the few-shot graph classification task
based on graph spectral measures. In particular, they train a feature-
extractor Fθ(·) to extract features from the graphs in meta-training.
For classification, they first use a unitCsup to first predict the super-
class probability of a graph which is a clustering of abundant base
class labels. Then they use Catt, an attention network to predict the
actual class label. During the meta-test phase, the weights of the
networks Fθ(·) and Csup are fixed, and the network Catt is retrained
on the new test classes. As the feature extractor Fθ is the common
shared structure, and is not retrained on the test tasks, this approach
requires few samples from new classes.
Although Chauhan et al. [11] propose a novel meta-learning archi-
tecture for graph classification, there are several limitations. First,
the architecture assumes significant overlap between the super-class
structure of the test and the training set. Second, the fixed feature
extractor cannot be updated for the new tasks. Ma et al. [44] design
a better meta-learning technique by allowing the feature extractor to
adapt efficiently for new tasks. They apply two networks – embed-
ding layers (θe), followed by classification layers (θc) to classify a
given graph. However, for a new task, both θe and θc are updated.
In particular, the authors use MAML [23] to update the parameters
and use a reinforcement learning based controller to determine how
the inner loop is run i.e., what is the optimal adaptation step for a
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new task. The parameters of the controller is updated using the
graph’s embedding quality and the meta-learner’s training state.
Jiang et al. [33] solve the problem of few-shot graph classification
via a paradigm in meta learning called metric learning approach
[63] that is different from MAML. In the training phase, the idea
is to get a mean representations of the instances in each class in
the support set. The prediction for query is based on the nearest
neighbour. Here the graph representations were obtained by the
Graph Isomorphism Network (GIN) model. To capture the global
structure of the graph, they used different weights for different GIN
layers in the final aggregation scheme. To encode the crucial local
structures that might have importance in deciding the graph label,
the paper embeds subgraphs and includes their representations with
different attention weights.
Finally, Buffelli et al. [8] attempt to develop a framework that can
adapt to three different tasks – graph classification, node classifi-
cation, and link prediction. Like [11, 44] they use two different
layers; one generates node embeddings and converts the graph to
a representation, and another is a multi-head output layer for the
three types of tasks. The node embedding layer is trained during
the initialization phase of MAML and the multi-head output layer
is updated in the inner loop of MAML based on the type of task.
Bose et al. [7] consider the few-shot link prediction problem, where
the goal is to predict labels of links/edges that contain only a small
fraction of their true labels. They assume that the graphs are gener-
ated from a common distribution p(·) and learn a meta link predic-
tion model that can be quickly adapted to a new graphG ∼ p(·). In
particular, the authors use Variational Graph Autoencoder (VGAE)
[37] to model the base link prediction model. There are two sets
of parameters – global initialization parameters for the VGAE, and
local graph signature sG = ψ(G) which is obtained by passing the
graph G through GCN and then using a k-layer MLP. The training
is done using MAML and only the graph signature is updated for
the test graph.

6. OTHER APPLICATIONS
We have discussed applications of meta-learning equipped with
GNNs on node classification, link prediction, and graph classifi-
cation. In fact, this framework is quite general and can be applied
to many other relevant important problems.
Anomaly Detection: The problem of anomaly detection often suf-
fers from scarcity of labels, as obtaining labels for anomalies is
usually labor intensive. Ding et al. [20] study anomaly detection
when there are scarcity of labels, and different tasks involve dif-
ferent graphs. The proposed method used traditional architectures
of GNNs to embed nodes and predict the anomaly score by adding
another layer after the embedding is obtained. Finally it exploits
the traditional MAML framework to deploy the meta-learner. The
inner loop optimizes the parameters for a specific task, i.e., graph.
The outer-loop optimizes the generic parameter for all graphs.
Network Alignment (NA): NA aims to map or link entities from
different networks and relevant in many application domains such
as cross-domain recommendation and advertising. Zhou et al. [75]
address this alignment problem via meta-learning. If two different
networks share some common nodes or anchors, then these net-
works are partially aligned networks. A virtual link between two
anchors is called anchor link. In NA, given a set of networks and
some known anchor nodes (or links), the goal is to identify all the
other (unknown) potential anchor nodes (or links). The main idea
in [75] is to frame this problem as one shot classification problem
and use the meta-metric learning from known anchor nodes to ob-
tain latent priors for linking unknown anchor nodes.

Traffic Prediction: Recently, the traffic prediction problem [50]
has been addressed via meta-learning. In traffic prediction, the
main challenges are modeling complex spatio-temporal correla-
tions of traffic and capturing the diversity of such correlations vary-
ing locations. Pan et al. [50] address these challenges with a meta-
learning based model. Their method predicts traffic in all locations
at the same time. The proposed framework consists of a sequence-
to-sequence architecture that uses an an encoder to learn traffic his-
tory and a decoder to make predictions. For the encoder and de-
coder components a combination of graph attention networks and
recurrent neural networks is used to model diverse spatial and tem-
poral correlations respectively.

7. FUTURE DIRECTIONS
The application of meta-learning using GNNs for graph specific ap-
plications is a growing and exciting area of research. In this section,
we suggest several future directions for research.

7.1 Combinatorial Optimization Problems on
Graphs

Combinatorial optimization problems appearing in graphs have ap-
plications in many domains such as viral marketing in social net-
works [34], health-care [65], and infrastructure development [47],
and several architectures based on GNNs have been proposed for
solving them [15, 40, 26, 45]. These optimization problems are
often NP-hard, and polynomial-time algorithms, with or without
approximation guarantees, are often desirable and used in practice.
However, some techniques [40, 45] based on GNNs need to gener-
ate candidate solution nodes/edges before generating the actual so-
lution set. Note that, labels in the form of importance of each node
in a solution set of these problems are often difficult to get. Meta-
learning can be used when there are scarcity of labels. Furthermore,
these combinatorial problems often share similar structures. For
instance, the influence maximization problem [34] have similarity
with the Max Cover problem. However, even performing a greedy
iterative algorithm to generate solutions/labels for influence maxi-
mization problem is computationally expensive. The idea of using
meta-learning in solving a harder combinatorial problem (unseen
task) with a fewer node labels will be to learn on the easier prob-
lems (seen tasks) where labels can be generated at a lower cost.
Solving combinatorial optimization problems on graphs via neural
approaches has recently gained a lot of attention and we refer the
readers to [10] for further reading.

7.2 Graph Mining Problems
There has been recent attempt to solve classical graph mining prob-
lems with GNNs. For instance, a popular problem is to learn sim-
ilarity between two graphs, i.e., to find graph edit distance (sim-
ilarity) between two graphs [2]. When the notion of similarity
changes and there are not enough data to learn via a standard su-
pervised learning method, can meta-learning be helpful? Another
popular graph mining problem is detecting the Maximum Common
Subgraph (MCS) between two input graphs with applications in
biomedical analysis and malware detection. In drug design, com-
mon substructures in compounds can reduce the number of human-
conducted experiments. However, MCS computation is NP-hard,
and state-of-the-art exact MCS solvers are not scalable to large
graphs. Designing learning based models [3] for the MCS problem
while utilizing as few labeled MCS instances as possible remains
to be a challenging task and meta-learning could be helpful in mit-
igating this challenge.
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7.3 Theory
We point out several important theoretical questions in the context
of meta learning with GNNs. The most natural question is under-
standing the benefits of transfer learning in GNNs. Garg et al. [25]
and Scarselli et al. [54] have recently established generalization
bounds for GNNs. On the other hand, in the context of meta-
learning, Tripuraneni et al. [60] consider functions of the form fj ·h,
where fj ∈ F is the task-specific function and h is the shared func-
tion. Then the number of samples required in the meta-test phase
grows asC(F), which can be significantly lower than learning fj ·h
from scratch. It would be interesting to see if one can prove similar
speedup results for GNNs by generalizing the results of [25] and
[54]. Another interesting question is determining the right level of
shared representation and figuring out the expressiveness of such
structures. The seminal work of Xu et al. [68] proves that variants
of GNNs such as GCN and GraphSAGE are no more discrimina-
tive than the Weisfeiler-Lehman (WL) test. Since GNNs for meta-
learning further limit the type of architecture used, an interesting
question is whether it comes with any additional cost on expres-
siveness. Finally, the methods discussed in Section 5 differ in one
crucial way – whether they fine-tune and update the shared meta-
parameter on a new task or whether they keep the shared meta-
parameter fixed. Recently, Chua et al. [13] show that fine-tuning
the meta-parameter could be beneficial in some situations, particu-
larly when the number of samples on the new task is large. In the
context of meta learning on GNNs, it would be interesting to un-
derstand when such fine-tuning helps to improve the performance
on a new task.

7.4 Applications
We have already discussed a few applications of meta-learning with
frameworks of GNNs in Section 6. This generic framework is quite
relevant for many important problems in the field.
Network alignment: A potential problem where meta-learning
could be helpful is network alignment (NA) [75]. In NA, the main
goal is to map or link entities from different networks and the exist-
ing approaches is quite difficult to scale. An interesting direction of
research would consider meta-learning to overcome this scalability
challenge.
Molecular property prediction: GNNs have been also used in
predicting molecular properties. However, one of the main chal-
lenges is that molecules are heterogeneous structure where each
atom has connection with different neighboring atoms via different
types of bonds. Secondly, often a limited amount of data on labeled
molecular property are available; and thus, to predict new molec-
ular properties, meta-learning techniques [27] can be relevant and
effective.
Dynamic graphs: In many applications, graphs arise with their dy-
namic nature, i.e., nodes and edges along with their attributes can
change (addition or deletion) over time. Most of the papers dis-
cussed above use frameworks that are built on meta-learning and
GNNs for static graphs. An interesting direction would be to extend
this framework for dynamic graphs. Dynamic nature brings new
challenges such as difficulty in obtaining labels for newly added
nodes or edges. For instance, in knowledge graphs, newly added
edges introduces new relationships. The other challenge is effi-
ciency as managing and making predictions on evolving networks
are difficult tasks as its own. Meta-learning would be useful to ad-
dress these challenges.

8. CONCLUSION
In this survey, we have performed a comprehensive review of the

works that are combination of graph neural networks (GNNs) and
meta-learning. Besides outlining backgrounds on GNNs and meta-
learning, we have organized the past research in an organized man-
ner in multiple categories. We have also provided a thorough re-
view, summary of methods, and applications in these categories.
Furthermore, we have described several future research directions
where meta learning with GNNs can be useful. The application of
meta-learning to GNNs is a growing and exciting field and we be-
lieve many graph problems will benefit immensely from the com-
bination of the two approaches.
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