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Abstract

Given a trained deep graph convolution network (GCN), how can we effectively compress it
into a compact network without significant loss of accuracy? Compressing a trained deep
GCN into a compact GCN is of great importance for implementing the model to environ-
ments such as mobile or embedded systems, which have limited computing resources.
However, previous works for compressing deep GCNs do not consider the multi-hop aggre-
gation of the deep GCNSs, though it is the main purpose for their multiple GCN layers. In this
work, we propose MustaD (Multi-staged knowledge Distillation), a novel approach for com-
pressing deep GCNs to single-layered GCNs through multi-staged knowledge distillation
(KD). MusTaD distills the knowledge of 1) the aggregation from multiple GCN layers as well
as 2) task prediction while preserving the multi-hop feature aggregation of deep GCNs by a
single effective layer. Extensive experiments on four real-world datasets show that MustaD
provides the state-of-the-art performance compared to other KD based methods. Specifi-
cally, MusTaD presents up to 4.21%p improvement of accuracy compared to the second-
best KD models.

Introduction

Given a trained deep graph convolution network, how can we compress it into a compact network
without a significant drop in accuracy? Graph Convolution Network (GCN) [1] learns latent
node representations in graph data, and plays a crucial role as a feature extractor when a
model is jointly trained to learn node features and perform a specific task. GCN has attracted
considerable attention from research community because it enables researchers to easily and
effectively analyze graphs. Various GCN models [2-4] have been proposed to boost the perfor-
mance of tasks on real-world graphs such as node and graph classification [1], link prediction
[5], relation reasoning [6], etc.

Recently, the research on deep-layered GCNs is highly in progress to extract sophisticated
node features in large and complicated graphs [7-13]. Those deep GCN models have many
layers to understand patterns of large graphs better and improve their performance. However,
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as the number of layers increases, the number of parameters to be trained also increases, and
this leads to a non-negligible increase of model size. Therefore, it is difficult to use those large
models in environments having limited computing resources such as mobile or embedded
systems.

Model compression aims to learn compressed and lightweight deep networks for low-pow-
ered and resource-limited devices without a significant loss of predictive accuracy. For the pur-
pose, many researchers have proposed various strategies such as parameter pruning [14], low-
rank factorization [15], weight quantization [16], and knowledge distillation [17]. Among
them, Knowledge Distillation (KD) has been popular due to its simplicity based on a student-
teacher model; KD distills the knowledge from a large teacher model into a smaller student
model so that the student performs as well as the teacher [18-20]. In this context, Yang et al.
[21] have recently proposed a KD method called LSP (Local Structure Preserving) for com-
pressing GCN models. However, LSP deals with rather shallow models, and only distills lim-
ited knowledge on feature aggregation of a teacher while disregarding various aspects to be
considered when a network becomes deep. Specifically, LSP does not consider the teacher’s
knowledge on multi-hop feature aggregation although the process is essentially involved in a
deep-layered GCN; thus, its performance on preserving accuracy is limited, especially for com-
pressing a deep GCN.

In this paper, we propose MustaD (Multi-staged knowledge Distillation), a novel approach
for compressing deep GCNss to single-layered GCNs through multi-staged knowledge distilla-
tion (KD) while preserving the multi-hop feature aggregation of deep GCNs. Based on the
concept of knowledge distillation, MusTAD aims to train a single-layered student GCN with
the same or even a lower feature dimension than that of a trained teacher GCN. The frame-
work of MustaD is illustrated in Fig 1. Our main idea is to distill the knowledge of multi-hop
feature aggregation from multiple GCN layers as well as that of task prediction. Specifically,
the single-layered student learns the knowledge of multi-hop feature aggregation of the teacher
by 1) matching hidden feature embeddings from the teacher, and by 2) imitating the multiple
GCN layers of the teacher with a single effective layer. The knowledge of task prediction is dis-
tilled to the student by transferring the probabilistic prediction vector of the teacher. These
multi-staged knowledge distillations guide the student to obtain similar aggregated features
and predictions to the deep-layered teacher with significantly less parameters.

Fig 2 depicts the overall performance of our MustaD compared to other KD-based meth-
ods. Our proposed method Student_MustaD shows the best performance among KD meth-
ods, especially for deep teachers.

Our contributions are summarized as follows:

o Method. We propose MustaD, a novel approach for compressing deep-layered GCNs
through distilling the knowledge of both the feature aggregation and the feature representa-
tion. We propose a simple but powerful method to preserve the multi-hop feature aggrega-
tion of the teacher with significantly less parameters.

« Theory. We provide theoretical analysis of the proposed MustaD, and show that the expres-
siveness of the student from MustaD is similar to that of a deep-layered GCN on a spectral
domain.

 Experiment. We validate MustaD on two trained deep GCN models in four datasets com-
pared to other distillation-based GCN compression methods. In particular, we improve the
accuracy by 3.95%p, 3.77%p, 4.21%p compared to the second-best KD models on Cora, Cite-
seer, and Pubmed, respectively. In ogbn-proteins, MustaD presents an 1.55%p improvement
in terms of AUC-ROC from the second-best KD model.
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Fig 1. Framework of MustaD. MustaD preserves the multi-hop feature aggregation of a teacher with a single effective layer in a student. Furthermore,
MustaD distills knowledge of 1) aggregation from multi-staged GCN layers as well as 2) task prediction. h;, represents the teacher’s last hidden

embedding of node 7, and h, corresponds to the student’s last hidden embedding of node i where the hidden dimension is matched to the teacher. p;,
and p,, denote the prediction probability vectors of node 7 of the teacher, and the student, respectively.

https://doi.org/10.1371/journal.pone.0256187.9001
The code and the datasets are available at https://github.com/snudatalab/MustaD.

Related work

Many complex and deep networks are proposed to solve real-world tasks such as text classifi-
cation [22], malware detection [23], in-vehicle intrusion attack detection [24], and web
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Fig 2. Accuracy of student models for different number of GCN layers in a teacher model. Student_KD and Student_LSP represent the students
trained by distilling the knowledge of classes, and knowledge of the embedded topological structure of a teacher, respectively. Student_Base
corresponds to a model trained with the ground truth labels without the teacher. Note that our proposed MustaD (denoted as Student_MustaD)
provides the highest accuracy in most cases. We also observe that MustaD provides much better performance for deep GCN with many layers, unlike
competitors whose performances do not improve with more layers.

https://doi.org/10.1371/journal.pone.0256187.9002

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 3/18


https://github.com/snudatalab/MustaD
https://doi.org/10.1371/journal.pone.0256187.g001
https://doi.org/10.1371/journal.pone.0256187.g002
https://doi.org/10.1371/journal.pone.0256187

PLOS ONE

Compressing deep graph convolution network with multi-staged knowledge distillation

document classification [25]. In particular, several deep graph convolutional networks (GCNs)
are proposed to handle real-world graphs [7-13, 26, 27]. However, it is difficult to use these
models in environments with limited computing resources. Therefore, many Knowledge Dis-
tillation (KD) methods have been studied to compress a large teacher model to a smaller stu-
dent model by extracting compact and useful information [17, 18, 28-30]. Although those
methods improve the efficiency of compression, they are designed for the data in a grid
domain only; it is hard for them to be directly applied to the data in the non-grid domain such
as graphs.

In this section, we discuss related works on deep GCN and KD methods. Table 1 summa-
rizes the symbols used in this paper.

Deep graph convolution network

Since the first GCN has been proposed in [1], many convolution based graph neural networks
are proposed [2-4]. In GCNS, a convolution layer aggregates feature information from one-
hop neighbors, and multiple convolution layers aggregate feature information from multi-hop
neighbors. Recently, many deep GCNis are studied to consider the multi-hop feature informa-
tion [9-12, 27].

ResGCN [7] borrows residual/dense connections and dilated convolutions from CNNS,
and adapts them to GCN architectures. GEN [8] is a complementary version of [7]. The model
uses a modified graph skip connection which is a pre-activation version of residual connec-
tions in ResGCN.

Table 1. Table of symbols.

Symbol Definition

G=(V,€) | inputgraph. V: node set, £: edge set.

N number of nodes.

d input feature dimension.

X € RV input feature matrix.

X, € R? input feature vector for node i.

H" € R™“ | hidden feature embedding matrix of I-th GCN layer; vector h!” € R? of i-th row of H represents
that for node i.

h, €R? teacher’s hidden embedding of node i.

h, € R? student’s hidden embedding of node i.
N,

i

set of one-hop neighbors of node i in G.

Emb(-) learnable function that maps a given feature onto a new embedding space.

Aggregation | aggregation function that aggregates hidden features from one-hop neighbors.

¢

K number of layers.
GCN(-) single effective GCN layer in MustaD; shared in the student model.
K(-) kernel function.
D (+) Kullback-Leibler divergence.

Pis prediction probability vector of the student.

Pis prediction probability vector of the teacher.
Aemb hyperparameter for the embedding loss.
Apred hyperparameter for the prediction loss.

o hyperparameter for the initial residual.
B hyperparameter for the identity mapping.

https://doi.org/10.1371/journal.pone.0256187.t001
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GCNII [13] extends the vanilla GCN model to overcome the over-smoothing problem pro-
posed in [31]; [31] observes that given a renormalized graph convolution matrix P and an
input feature matrix X, a K-layer vanilla GCN simulates a fixed K-order polynomial filter P¥X,
and the over-smoothing problem is caused when PXX converges to a distribution that does
not carry the information of X. To overcome the over-smoothing problem, GCNII introduces
initial residual and identity mapping techniques to the vanilla GCN. The initial residual con-
structs a skip connection from the input layer, thus ensuring that the final representation of
each node retains at least a fraction of X. The identity mapping merely transfers the aggregated
features to the next GCN layer without any parameterized embedding process. Each GCNII
layer is characterized as:

H'" = o(((1 =, )D2AD*H" + o, X)((1 = )Ly + B, W) (1)

where H? corresponds to the '™ hidden feature representation, A represents the normalized
adjacency matrix, D represents the degree matrix of A, Iy denotes the identity matrix, and o
denotes the activation function. ¢y, and S, are two hyperparameters where ¢y, controls the
power of connection for the initial feature X to (I + 1)™ GCN layer, and f,, controls the degree
of merely transferring the aggregated features to the next GCN layer without any parameter-
ized embedding.

Although many deep GCN models accelerate their performance by considering the multi-
hop features in graphs, it is difficult to use them in environments with limited computing
resources such as mobile or embedded systems due to their large model sizes. In this paper, we
concentrate on compressing a deep GCN into a shallow GCN while preserving the multi-hop
feature aggregation property of deep GCNs.

Knowledge distillation

Knowledge Distillation (KD) [17] transfers knowledge from a large teacher model into a
smaller student model so that the student performs as well as the teacher. In the method,
task predictions of a teacher is smoothed by the softmax function. Distillation of knowledge
is done by making task predictions of the student be similar to that of the teacher. Several
KD methods distill not only the output of teachers but also the information of intermediate
hidden layers [18, 19]. [20] introduces intermediate-level hints from hidden layers of a
teacher to guide a student to learn intermediate representations of the teacher. However,
those methods aims to compress a wide and shallow teacher model into a thin and shallow
student model; i.e., they do not focus on compressing a deep teacher GCN model into a shal-
low GCN model. Thus, they have limitations in compressing multiple GCN layers into few
GCN layers.

Recently, to our best knowledge, the first KD method on GCNs based on Local Structure
Preserving (LSP) module is proposed in [21]. In the module, topological semantics from both
the teacher and the student are extracted as distributions, and the topology-aware knowledge
transfer is done by minimizing the distance between these distributions. However, LSP only
transfers the intermediate knowledge not considering task predictions which is specially
designed for the objective task. Furthermore, LSP does not consider the teacher’s knowledge
on multi-hop feature aggregation in a student although the process is essentially involved in a
deep GCN. Therefore, its performance about preserving the accuracy is limited, especially for
compressing a deep GCN.
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Proposed method

In this section, we propose MustaD (Multi-Staged Knowledge distillation), a novel approach
for effectively compressing a deep GCN by distilling multi-staged knowledge from a teacher.

We summarize the challenges and our ideas in developing our distillation method while
preserving the multi-hop feature aggregation of the deep-layered teacher.

1. When compressing a deep teacher GCN model to a small student GCN model by distilling
knowledge from the teacher model, it is essential to conserve the multi-hop feature aggrega-
tion of the deep model as the aggregation is the key purpose of stacking multiple GCN lay-
ers. We propose to use a single effective layer that imitates the K GCN layers in the teacher
model by a single GCN layer in the student while preserving the multi-hop feature aggrega-
tion process and reducing the model size significantly.

2. Itis also important to decide what knowledge to be distilled to preserve the performance of
the teacher model in the student model. We propose multi-staged knowledge distillation
that distills not only the knowledge of the teacher model’s task predictions but also its final
hidden embeddings to the student model. By distilling the knowledge of the final hidden
embeddings, the student model generates its final representation similar to that of the
teacher model; thus, the multi-staged knowledge distillation helps the single effective layer
imitate the multiple GCN layers.

Firstly, we describe how to preserve multi-hop feature aggregation of the teacher model in a
single effective student network based on the observation of the fundamental mechanism of
deep GCNs. Then we describe the knowledge distillation of embeddings as well as task predic-
tions, followed by the explanation of the final loss function for jointly training all of them for
the node classification task. At last, we give a spectral analysis of MustaD when distilling the
knowledge of GCNII teacher model to strengthen the theoretical background of our method.

Preserving multi-hop feature aggregation

We describe how MustaD preserves the feature aggregation procedure of deep GCN layers of
the teacher in a single GCN layer of the student. The main purpose of deep GCN is to consider
multi-hop neighbors using multiple GCN layers. Let G = (V, £) denote an input graph where
V and £ denote the sets of nodes and edges, respectively. Given the graph G, a GCN layer is
expressed by

" = e (W) .= Aggregation(Emb,,, (h;k))) (2)

jeEN Ui

where h{"’ denotes the hidden feature embedding for node i in the k-th GCN layer, A, denotes
the set of one-hop neighbors of node i in G, and Emby(-) is a learnable function that maps a
given feature onto a new embedding space, which is used in the k-th GCN layer. According to
Eq (2), a GCN layer aggregates hidden features from one-hop neighbors to obtain new hidden
features by Aggregation(-). Thus, when a model uses K GCN layers, it aggregates hidden fea-
tures from up to K-hop neighbors.

Given a teacher model having K GCN layers, our MusTaD preserves the process by imitat-
ing the teacher’s multi-hop feature aggregation in a single effective layer which is represented
by the following equation:

W = cen (b)) for k=1,2,---,K (3)

i

where GCN|(+) indicates a shared GCN layer in the student model, and hfk) denotes the hidden
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embedding of node i at k-th iteration in the student. In other words, MustaD repeats GCN(-)
K times in the student model to imitate the teacher’s multi-hop aggregation as shown in Fig 1.
Thus, our model reduces the number of model parameters by compressing multiple GCN lay-
ers into a single layer while effectively considering multi-hop feature aggregation.

Distilling knowledge from trained deep GCNs

MustaD distills the teacher’s multi-staged knowledge of embeddings and task predictions to
the student as depicted in Fig 1.

Distilling knowledge of embeddings. MustaD distills the last hidden embeddings after
K-hop aggregations of the teacher into the student. This distillation guides the student to fol-
low the teacher’s behavior more carefully. The main idea for the distillation is to make embed-
dings of both the teacher and the student similar by minimizing the following loss function:

L, =mean(K(h,h,)) (4)

ey i) it

where h;, is the teacher’s last hidden embedding of node i, ﬁi;S = W._h, where h; is the stu-
dent’s last embedding of node 7, and W is a learnable weight matrix used to match the dimen-
sion between the teacher and the student. The matching layer is omitted if they have the same
hidden dimension. /C(-) is a kernel function to measure the distance between the two given
embedding vectors, and any distance metric can be used. In this work, we investigate the effect

of kernel functions among the following metrics:

|h,, —h,| , (Distance — based kernel)
ﬁ,ﬂlh,‘;t (Linear kernel)
(ﬁ;-hi;t +o)* (Polynomial kernel)

K(h, h,) =

iy it

h, —h,|;
exp ( H”202””2> (RBF kernel)

- b,
Zh/ i 108 (h,l’]'s> (KL divergence — based kernel)
J

ijit

where h jie and h, jis denote the j-th element of h’i;t = Softmax(h;,) and h/,-;S = Softmax(h;,),
respectively.

Distilling knowledge of predictions. Distilling the knowledge of task predictions follows
the process proposed in [17] that minimizes the following loss function:

Lprcd = ml.eeen(DKL(pi;sHpi;t)) (6)

where Dy, (+) is the Kullback-Leibler divergence, p; denotes the prediction probability vector
of the student after passing through a softmax function, and p;, denotes that of the teacher
after passing through a softmax function conditioned with temperature T [17]. The distillation
of task prediction guides the student to obtain similar predictive outputs as the teacher.

Final loss function for node classification

The student model aims to solve the node classification task like the teacher model does.
Thus, the student model directly learns the task as well as the aforementioned distillations by
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minimizing the following cross entropy loss:

Lce = _Zzyij 1ngij:s (7)

ieV* jeC

where V" is the set of nodes with labels, and C is the set of labels. y;; is an indicator that is 1 if a
node i belongs to label j, and 0 otherwise. p;;, is the probability that the node i belongs to a
label j, which is predicted by the student. Note that Eq (7) assumes that each node belongs to
only one class. If a node has multiple labels (i.e., multi-labeled node classification), we use
binary cross entropy loss instead.

To jointly train for all of the aforementioned aspects, MustaD minimizes the following
final loss:

L= ‘Cce + 7\’emb‘cemb + 7\‘pred‘cpred (8)

where Ay.q and A.,,;, are hyperparameters to balance the proposed loss terms.

Spectral analysis of MustaD

Spectral graph methods have become fundamental tools in the analysis of large networks [32-
34]. GCN [1] has attracted a lot of attention due to its successful implementation of graph con-
volution defined on a spectral domain as a simple matrix multiplication, thus achieving supe-
rior performance compared to other models. In this section, we first give a brief interpretation
of K-layer GCN on the spectral domain. Then we give a spectral analysis of MustaD when dis-
tilling the knowledge of GCNII teacher model, comparing the expressiveness of our MustaD
to that of K-layer GCN on the spectral domain.

Consider an adjacency matrix A € R™" of a graph with self-loop, and a graph signal
x € R which is a set of values residing on a set of nodes, where N is the number of nodes. A
polynomial filter of order K on the graph signal x is defined as

K
K — order polynomial filter on x = (ZBkik)x. 9)

k=0

where L = I, — D~"/?AD~/? is the normalized Laplacian matrix of A, and 0, € R is the poly-
nomial coefficient. D and I, € RY*N represent the degree matrix of A and the identity matrix,
respectively. [31] proves that a K-layer GCN simulates a polynomial filter of order K with
dependent coefficients ;’s, which is the interpretation of K-layer GCN on the spectral domain.
We show that the student distilled by our proposed MustaD also simulates the K-order poly-
nomial filter with inter-dependent coefficients using only a linear transformation layer and a
single effective layer, therefore has a similar expressiveness to the K-layer GCN.

Each layer of a teacher that uses GCNII architecture is represented as follows:

H"Y = ¢(((1 =, )D2ADHHY + 04, X) (1 = fy,,)1, + B, WD) (10)

where X € RY*? and o denote the input feature matrix and the activation function (ReLU),
respectively. o, , € Rand f8,,, € R are two hyperparameters. W' € R represents a learn-
able weight matrix in the (I + 1)™ GCN layer. H” € RY*“ corresponds to the I hidden feature
representation; i.e., each node has a hidden feature vector of length d. The initial hidden repre-
sentation H” is obtained by a linear transformation of X, expressed by H® = X W®_ Note
that the dimensions of hidden representations for every GCN layers are the same as that of the
initial feature vector since there is a residual connection to the input feature matrix X.

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 8/18


https://doi.org/10.1371/journal.pone.0256187

PLOS ONE

Compressing deep graph convolution network with multi-staged knowledge distillation

As we are dealing with a graph signal x € R" instead of the input feature matrix X, Eq (10)
changes to

h = 6(((1 B alﬂ)ﬁ%fiﬁ%h“) + 061+1X)((1 - ﬁ1+1) + B1+1W1+1)) ( )
11
- J(((l B aHl)ﬁ%AD%h(l) + O‘z+1x) V;H)'

where w,,, € Ris alearnable parameter, y;,, = (1 — f,,,) + .., w,,,> and h" e R represents
the I™ hidden feature representation; i.e., each node has a hidden representation of length 1.
The initial hidden representation h” is obtained by a linear transform of x which is expressed
by h? = x w,.

Theorem 1 Consider a K-layer GCNII teacher model. A student of the teacher distilled by
MustaD expresses a K-order polynomial filter (Zf:o 0,L%) with inter-dependent coefficients 0;s
fork € {0, - - -, K} in the following simple form

{y(—y)k—kaH 0.(3) where k € {0,1,--- K —1}
k pu—

wy(—7)* where k = K.

(12)

Proof. We consider a weaker version of the teacher model used in [13], by assuming x of
the signal vector to be non-negative and a;,; = 1/2. Furthermore, we remove the ReLU opera-
tion since the input feature x is non-negative as denoted in [13]. Thus, Eq (11) is simplified to
the following:

W = o((DHAD ! 1 x)3,.)

= 7., (D#AD#h" 4 x) (13)

= Vl+1((IN - L)h([) +x)

where y,,, = 7!,,/2, and L is a normalized Laplacian matrix of the adjacency matrix A. Since
MustaD uses the repeated single effective layer instead of the K discrete GCN layers, we set
141’8 to a single parameter y for / € {0, - - -, K — 1}. Consequently, recursive computations of Eq
(13) yield h® of the final representation from the single effective layer as follows:

h = (Z( H 70 Iy — L))x (14)

where y, =y fork € {1, - - -, K}, and yo = w,.
On the other hand, a K-order polynomial filter of an adjacency matrix A on a graph signal
x is expressed by the equation below:

D_0L)x =D 0,1y — (I, —L))x

k=0

K k k B

- 303} Ja- o ®
K K . k .

= (Z( > _0(=1) l )(Iy —L))x
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To show that the student of a K-layer GCNII teacher distilled by MustaD expresses a K-
order polynomial filter with inter-dependent coefficients, we prove that all 8;’s for k € {0, 1,
.-+, K} in Eq (15) are expressed by wy and y. Specifically, we show that all 8)’s in the following
equation

=

K k
Ve = Zek(_l)l< l) (16)

are expressed by wp and y forall k € {0, 1, - - -, K} where y, =y for k € {1, - - -, K}, yo = wp, and
1€{0,1,---,K}. When I = K, 0 is expressed by w, and y as follows:

0 = Wo(_V)K- (17)

k=K-1

Recursive computations express all 0;’s by wy and y as follows:

5 K
Ok :V(*”/)K 10K<K_1>

P K-1 K
Ok, =7(=7) —0x_, K_9 — Ok K—2 (18)

00 :y-@l_ez_..._BK.
In conclusion, a general expression of 0y in Eq (16) is expressed by

y(—y)k—Zf:kH 95(5) where k € {0,1,---, K — 1}

k

0, = (19)
wy(—7)* where k =K

which is our desired objective.

Experiments

We perform experiments to answer the following questions.

Q1. Prediction Accuracy How well does our MustaD preserve the multi-hop feature aggrega-
tion of a deep teacher model compared to other KD methods?

Q2. Parameters vs. Performance What is the trade-off between the number of parameters
and the accuracy in student models?

Q3. Ablation Study How effectively do the multi-staged distillation and the single effective
layer help a student conserve teacher’s performance?

Experimental setup

Dataset. We use four graph datasets as summarized in Table 2. Cora, Citeseer, and
Pubmed are citation datasets where nodes and edges represent documents and citations,
respectively. Each node feature indicates whether a word is included in each document. The
ogbn-proteins dataset is an undirected and weighted graph where nodes represent proteins
and edges mean different types of biological associations between proteins. An edge in the
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Table 2. Dataset statistics.

Dataset

Cora' [35]

Citeseer’ [35]
Pubmed' [35]
ogbn-proteins? [36, 37]

! https://lings.soe.ucsc.edu/data

2 https://ogb.stanford.edu/docs/nodeprop/

https://doi.org/10.1371/journal.pone.0256187.t1002

Classes Nodes Edges Features
7 2,708 5,429 1,433

6 3,327 4,732 3,703

3 19,717 44,338 500

112 132,534 39,561,252 8

graph has an 8-dimensional feature, and a node has an 8-dimensional one-hot feature indicat-
ing which species the corresponding protein comes from.

Teacher models. We perform the distillation from two different teacher models. The first
teacher model, GCNII [13] uses initial residual and identity mapping techniques and achieved
state-of-the-art performance in Cora, Citeseer, and Pubmed. We compress the trained GCNII
teacher in those three datasets. The second teacher model, GEN [8] proposes generalized mes-
sage aggregators and pre-activation residual connections; GEN achieves a good performance
in the ogbn-proteins dataset. We perform distillation from a trained GEN teacher in the ogbn-
proteins dataset. When reproducing the teacher model, experimental settings such as data
split, optimizer, regularization, activation functions, and hyperparameters follow those of [8,
13] unless explicitly stated.

Competitors. We compare MusTtaD with the following competitors:

« KD [17] is the model for knowledge distillation. It softens task predictions of the teacher and
distills the knowledge of classes to a student. We denote the student distilled by this method
as Student_KD. The final loss is:

L = Ece + 7\’predﬁpnzd (20)

« LSP method [21] distills an embedded topological structure of a teacher and achieved the
best performance in graph-structured datasets. We denote the student trained by this
method as Student_LSP. The final loss function is computed by:

L= ‘Cce + XLSPELSP (21)

All methods are implemented by PyTorch and PyTorch Geometric [38]. We use a machine
with Intel E5-2630 v4 2.2GHz CPU and Geforce GTX 2080 Ti for the experiments.

Semi-supervised node classification

Cora, Citeseer, and Pubmed. We perform distillation on trained GCNII models in Cora,
Citeseer, and Pubmed. In particular, we perform KD from teachers with varying numbers of
layers to show how well MusTaD preserves the multi-hop feature aggregation of the teacher.
When reproducing teacher models, we use the same settings as [13]. When training students,
the early stopping patience is increased from 100 epochs to 200 epochs to get more stable
results. Student_Base is a model trained with the ground truth labels without the teacher.
Student_MustaD is our distilled student that has the same hidden feature dimension to the
teacher. We train Student_KD with A, 0f 0.1, 0.1, and 100 on Cora, Citeseer, and Pubmed,
respectively. For Student_LSP, we set A;sp to 10 on both Cora and Citeseer. Student_LSP fails
to be trained in Pubmed as every training node has only one neighbor which means there is no
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Table 3. Semi-supervised node classification accuracy for Cora, Citeseer, and Pubmed. We perform the distillation from trained teachers with various number of GCN
layers: 2, 4, 6, 8, 16, 32, and 64. Student_MusTaD is our distilled student that has the same hidden feature dimension as the teacher. Note that MustaD consistently outper-
forms other KD methods while preserving the multi-hop feature aggregation of the deep teacher.

Data Model Number of Parameters Number of GCN Layers in the Teacher
2 4 8 16 32 64
Cora Teacher [13] 354K 81.83 82.92 84.13 84.56 85.28 85.34
(64 layers)
Student_Base [13] 96K 79.71 79.71 79.71 79.71 79.71 79.71
Student_KD [17] 96K 80.05 80.12 80.31 80.54 80.76 79.41
Student_LSP [21] 96K 80.02 79.88 79.96 79.99 80.02 80.33
Student_MustaD 96K 82.35 82.33 82.92 84.58 84.52 84.71
Citeseer Teacher [13] 3,047K 67.62 68.13 70.77 72.87 72.89 72.71
(32 layers)
Student_Base [13] 1,015K 67.82 67.82 67.82 67.82 67.82 67.82
Student_KD [17] 1,015K 68.21 68.03 68.35 68.92 68.87 69.06
Student_LSP [21] 1,015K 68.32 68.26 68.27 68.29 68.36 68.21
Student_MustaD 1,015K 67.10 66.72 66.45 69.55 71.79 72.83
Pubmed Teacher [13] 1,178K 78.59 77.94 78.13 80.35 79.95 79.96
(16 layers)
Student_Base [13] 195K 75.61 75.61 75.61 75.61 75.61 75.61
Student_KD [17] 195K 75.71 75.87 76.01 76.03 75.84 75.98
Student_LSP [21] 195K - - - - - -
Student_MustaD 195K 76.01 78.42 78.75 79.69 79.73 80.24

https://doi.org/10.1371/journal.pone.0256187.t003

local structure to be distilled [13]. Other hyperparameters for each competitor are tuned to
obtain the best results on the validation set. For our Student_MustaD, we set A4 to 1, 0.1,
and 100, A,,,,, to 0.01, 0.01, and 10 in Cora, Citeseer, and Pubmed, respectively, and the kernel
function to KL divergence.

Table 3 shows the overall results on node classification in terms of mean accuracy after 50
runs. Note that our MustaD gives the best performance in terms of accuracy. In particular,
Student_MustaD presents 3.77 ~ 4.21%p improvement to the second-best model with
3.00 ~ 6.04x smaller model size than the best teacher. Furthermore, the performance of the
proposed MustaD increases as the number of layers in the teacher increases, unlike other KD
methods. It indicates that MustaD preserves the aggregation process successfully whereas oth-
ers do not. This also implies that MusTAD gains more knowledge from the given input features
when more GCN layers are used in the teacher.

In Citeseer and Pubmed, MustaD achieves the best performance when the student imitates
64 GCN layers of the teacher. However, the performance of the teacher decreases when more
than 32 and 16 layers are stacked, respectively. It indicates that MusTaD enables the student to
aggregate information from farther nodes than the teacher does. If the accuracy of the teacher
is too low, it is not easy for our student to show the remarkable performance consistently since
MustaD aims to preserve the accuracy of deep teachers. However, the ability of MustaD to
aggregate information from farther nodes than the teacher relieves the student’s strong depen-
dence on the performance of the teacher.

ogbn-proteins. We perform knowledge distillation using trained GEN teacher model in
the ogbn-proteins dataset. Since the ogbn-proteins dataset is dense and large, full-batch train-
ing is not easy. We apply a random node sampler to generate batches for both mini-batch
training and testing. Following [8], we set each batch size to one subgraph. Thus, as the num-
ber of batch increases, the size of the subgraph in each batch decreases and that leads to a

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 12/18


https://doi.org/10.1371/journal.pone.0256187.t003
https://doi.org/10.1371/journal.pone.0256187

PLOS ONE

Compressing deep graph convolution network with multi-staged knowledge distillation

Table 4. Multi-labeled node classification performance (AUC-ROC) in ogbn-protein. The distillations are done from trained teachers with different numbers of GCN
layers: 3, 7, 14, 28, and 56. Note that the proposed method Student_MustaD provides the best performance among the student models.

ogbn-proteins Number of Parameters Number of GCN Layers in the Teacher
3 7 14 28 56
Teacher [8] 483K 0.819 0.829 0.835 0.837 0.837
(28 layers)

Student_Base [8] 42K 0.797 0.797 0.797 0.797 0.797
Student_KD [17] 42K 0.801 0.805 0.808 0.803 0.805
Student_LSP [21] 42K 0.798 0.799 0.798 0.799 0.798
Student_MustaD 42K 0.811 0.819 0.821 0.823 0.820

https://doi.org/10.1371/journal.pone.0256187.t1004

decreased performance. Through experiments, we increase the number of batches from 10 to
40 to fit the large graph in our GPU (GeForce GTX 2080Ti with 11GB of memory) whereas [8]
uses NVIDIA V100 with 32GB of memory. As a result, the reproduced teacher achieves the
best performance with 28 layers although [8] achieves that with 112 layers. Without loss of
generality, we perform the distillation on the reproduced teacher and validate our MustaD
compared to other methods.

We evaluate the performance of each method on a multi-labeled node classification task in
a semi-supervised setting. We train Student_KD with A4 of 0.1 and Student_LSP with A, sp
of 10. For competitors, every hyperparameters are tuned to obtain the best results on the
validation set. For our model, we set A,eq to 0.1, Aeyp, to 0.01, and the kernel function to KL
divergence.

Table 4 summarizes the results in terms of AUC-ROC. MusTaD presents an 1.55%p
improvement in terms of AUC-ROC from the second-best KD model while requiring 11.41x
fewer parameters than the teacher. Tables 3 and 4 show that our MusTAD achieves the state-of-
the-art performance with various teacher models.

Parameters vs. performance

We perform a parameter study to show the trade-off between the number of parameters and
accuracy. We vary the hidden feature dimension and the number of the effective layers in the
student to vary the number of parameters. Furthermore, we vary the kernel functions used for
distilling the knowledge of multi-hop feature representations and evaluate the performance.
We analyze Cora with the trained 64-layered GCNII teacher.

Hidden feature dimension. We set the student’s hidden feature dimensions to be the
same as that of the teacher in the previous section; it limits the degree of model compression.
We study the trade-off between the hidden feature dimension and the accuracy in Table 5. In
particular, we vary the feature dimension from 16 to 128.

The table shows that Student_MustaD with the hidden feature dimension of 64 achieves
the best performance. Note that setting the same feature dimension for the student as that of

Table 5. Trade-off between the hidden feature dimension and the accuracy. Note that the proposed MustaD with
the hidden feature dimension of 64 shows the best performance.

Hidden Feature Dimension 16 32 64 128
Number of Parameters 24K 49K 96K 193K
Accuracy (%) 79.13 83.01 84.71 84.42

https://doi.org/10.1371/journal.pone.0256187.1005
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Fig 3. Accuracy of MustaD for different numbers of the effective layers in a student. M represents the number of effective layers in the
student, and L corresponds to the set consisting of the number of teacher layers that each effective layer in the student imitates; e.g., M = 2 and
L = {1, 63} denotes that the two effective layer in the student imitates a GCN layer, and 63 GCN layers of the teacher, respectively. Note that
MustaD, which has a single effective layer in the student, is enough to conserve the multi-hop feature aggregation of the teacher.

https://doi.org/10.1371/journal.pone.0256187.9003

the teacher shows the best performance even when significantly smaller number of layers are
used. It is also noteworthy that Student_MustaD with the hidden feature dimension of 32 still
shows the best performance among KD methods shown in Table 3, while requiring 1.96x
fewer parameters than the competitors, and 7.22x fewer parameters than the teacher. When
the feature dimension is set to 128, MustaD shows a lower performance than MustaD with the
dimension of 64, due to overfitting.

Number of the effective layers. Our proposed MustaD compresses the hidden GCN lay-
ers of a teacher into a single effective layer in a student. We study how the accuracy of MustaD
changes as the number of the effective layer increases. However, to increase the number of the
effective layer, we have to set the number of teacher layers that each effective layer in the stu-
dent imitates. Let M denote the number of the effective layers in the student. We tune the set L
consisting of the number of teacher layers that each effective layer in the student imitates in
[{1, 63}, {32, 32}, {63, 1}] for M =2, [{1, 22, 41}, {21, 22, 21}, {41, 22, 1}] for M = 3, and [{1, 11,
21,31}, {16, 16, 16, 16}, {31, 21, 11, 1}] for M = 4.

Fig 3 shows that students having more than one effective layer shows a similar performance
to the student having a single effective layer. It indicates that a single effective layer in the stu-
dent is enough to conserve the multi-hop feature aggregation process of the teacher.

Kernel functions. MustaD uses various kernel functions (Eq 5) to distill the knowledge of
multi-hop feature representations from the teacher. We compare students with different ker-
nel functions in Cora and show the result in Table 6. We set p to 2 for the distance based ker-
nel. For the polynomial kernel, c and d are set to 2 and 0, respectively. For the RBF kernel, o'is
set to 1. In Table 6, ‘None’ represents the student model without the multi-staged knowledge
distillation; i.e., it distills only the task prediction, not the embedding.

Note that the ‘None’ student shows a worse performance than students which distill embed-
dings with kernel functions. Among the kernel functions, KL divergence shows the best
accuracy.

Table 6. Accuracy with different kernel functions in the Cora dataset. Note that KL divergence-based kernel provides the best accuracy, and the student ‘None’ without
the embedding distillation shows a poor performance.

Kernel Function None L2 Norm Linear Poly RBF KL Divergence
Accuracy (%) 84.29 84.61 84.60 84.47 84.40 84.71

https://doi.org/10.1371/journal.pone.0256187.1006
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Fig 4. Accuracy of MustaD without the multi-staged knowledge distillation. Note that Student_MustaD (Without Multi-staged KD)
is trained without distilling the knowledge of multi-hop feature representations; i.e., the teacher distills only the knowledge of task
prediction to the student. MustaD with the distillation consistently shows a better performance compared to MustaD without it.

https://doi.org/10.1371/journal.pone.0256187.g004

Ablation study

We provide ablation studies for the effect of multi-staged knowledge distillation of the teacher,
and the single effective layer in the student. The studies are done in three citation datasets;
Cora, Citeseer, and Pubmed.

Multi-staged knowledge distillation. MustaD distills a teacher’s knowledge in a multi-
staged manner to conserve the accuracy. We show the effect of multi-staged knowledge distil-
lation in Fig 4. Note that Student_MustaD (Without Multi-staged KD) is trained without dis-
tilling the knowledge of multi-hop feature representations; i.e., the teacher distills only the
knowledge of task prediction to the student.

If we distill only the knowledge of task prediction, the teacher’s error of prediction directly
propagates to the student. However, the distillation of multi-hop features compensates for the
error, and thus MustaD with the distillation presents a superior performance compared to
MustaD without it as depicted in Fig 4. In other words, the multi-staged knowledge distillation
takes a crucial role in acquiring proper knowledge from the teacher.

Single effective layer. MustaD imitates the multi-hop feature aggregation process of a
teacher by a single effective layer. We investigate the effect of the single effective layer by com-
paring the proposed MusTaD to a student with a single naive GCN layer.

Fig 5 shows that MustaD without the single effective layer presents significantly lower
performance than the original MustaD. Furthermore, the accuracy of MustaD without the

——— Student_MustaD (Proposed) —+ Student_MustaD (Without the Single Effective Layer)
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Fig 5. Accuracy of MustaD without the single effective layer. Note that the student without the single effective layer shows
significantly lower performance than the original MustaD.

https://doi.org/10.1371/journal.pone.0256187.9005
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effective layer does not improve as the number K of GCN layers in the teacher increases,
whereas the performance of MustaD with that improves as K increases. This is because the
method preserves the teacher’s multi-hop feature aggregation, which is the main purpose of
the multiple layers in the teacher, by a single effective layer.

Conclusion

In this work, we have proposed MusTtaD, an accurate method for compressing deep graph con-
volution networks (GCNs) by distilling multi-staged knowledge from a teacher. MustaD dis-
tills the teacher’s knowledge of multi-hop feature aggregation by imitating the multiple GCN
layers using a single effective layer in a student, which reduces the model size significantly, and
by transferring the final hidden feature embeddings of the teacher to the student. MustaD also
distills the knowledge of task prediction by transferring the prediction of the teacher. We give
a theoretical analysis of MusTAD, comparing the expressiveness of the proposed method to
that of multi-layered GCN on a spectral domain. MusTaD achieves the state-of-the-art perfor-
mance in four real-world datasets, preserving the multi-hop feature aggregation of the teacher,
compared to other distillation based GCN compression methods. Future works include
extending MustaD to consider the semantics of features.

Author Contributions
Conceptualization: Junghun Kim, Jinhong Jung.
Data curation: Junghun Kim, Jinhong Jung.
Formal analysis: Junghun Kim, Jinhong Jung.
Funding acquisition: U. Kang.

Investigation: Junghun Kim, Jinhong Jung.
Methodology: Junghun Kim.

Project administration: U. Kang.

Resources: Junghun Kim.

Software: Junghun Kim.

Supervision: U. Kang.

Validation: Jinhong Jung, U. Kang.

Writing - original draft: Junghun Kim.
Writing - review & editing: Jinhong Jung, U. Kang.

References
1.  Kipf TN, Welling M. Semi-Supervised Classification with Graph Convolutional Networks. CoRR. 2016;.

2. Velickovic P, Cucurull G, Casanova A, Romero A, Lid P, Bengio Y. Graph Attention Networks. CoRR.
2017;.

3. Hamilton WL, Ying Z, Leskovec J. Inductive Representation Learning on Large Graphs. In: Advances in
Neural Information Processing Systems; 2017.

Kipf TN, Welling M. Variational Graph Auto-Encoders. CoRR. 2016;.
Zhang M, Chen Y. Link Prediction Based on Graph Neural Networks. In: NeurlPS; 2018.

6. Dettmers T, Minervini P, Stenetorp P, Riedel S. Convolutional 2D Knowledge Graph Embeddings. In:
AAAI; 2018.

7. LiG, Miller M, Thabet AK, Ghanem B. DeepGCNs: Can GCNs Go As Deep As CNNs? In: ICCV; 2019.

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 16/18


https://doi.org/10.1371/journal.pone.0256187

PLOS ONE

Compressing deep graph convolution network with multi-staged knowledge distillation

11.

12

13.
14.
15.

16.

17.
18.
19.

20.

21,

22,

23.

24,

25.

26.

27.

28.
29.

30.
31.

32.

33.

34.

35.

36.

Li G, Xiong C, Thabet AK, Ghanem B. Deepergcn: All you need to train deeper gcns. CoRR. 2020;.
Henaff M, Bruna J, LeCun Y. Deep Convolutional Networks on Graph-Structured Data. CoRR. 2015;.

SunK, Lin Z, Zhu Z. AdaGCN: Adaboosting Graph Convolutional Networks into Deep Models. CoRR.
2019;.

Rong Y, Huang W, Xu T, Huang J. DropEdge: Towards Deep Graph Convolutional Networks on Node
Classification. In: ICLR; 2020.

Rong Y, Huang W, Xu T, Huang J. The Truly Deep Graph Convolutional Networks for Node Classifica-
tion. CoRR. 2019;.

Chen M, Wei Z, Huang Z, Ding B, Li Y. Simple and Deep Graph Convolutional Networks. CoRR. 2020;.
Srinivas S, Babu RV. Data-free Parameter Pruning for Deep Neural Networks. In: BMVC; 2015.

Tai C, Xiao T, Wang X, E W. Convolutional neural networks with low-rank regularization. In: ICLR;
2016.

Han S, Mao H, Dally WJ. Deep Compression: Compressing Deep Neural Network with Pruning, Trained
Quantization and Huffman Coding. In: ICLR; 2016.

Hinton GE, Vinyals O, Dean J. Distilling the Knowledge in a Neural Network. CoRR. 2015;.

Kim'Y, Rush AM. Sequence-Level Knowledge Distillation. In: EMNLP; 2016.

Chen G, Choi W, Yu X, Han TX, Chandraker M. Learning Efficient Object Detection Models with Know!-
edge Distillation. In: NIPS; 2017.

Romero A, Ballas N, Kahou SE, Chassang A, Gatta C, Bengio Y. FitNets: Hints for Thin Deep Nets. In:
ICLR; 2015.

Yang Y, Qiu J, Song M, Tao D, Wang X. Distilling Knowledge From Graph Convolutional Networks. In:
CVPR; 2020.

SRIVASTAVA G, MADDIKUNTA PKR, GADEKALLU TR. A Two-stage Text Feature Selection Algo-
rithm for Improving Text Classification. Asian Language Information Processing. 2021; 20.

Imtiaz Sl, ur Rehman S, Javed AR, Jalil Z, Liu X, Alnumay WS. DeepAMD: Detection and identification
of Android malware using high-efficient Deep Artificial Neural Network. Future Gener Comput Syst.
2021; 115:844-856. https://doi.org/10.1016/j.future.2020.10.008

Rehman A, Ur Rehman S, Khan M, Alazab M, G TR. CANintelliiDS: Detecting In-Vehicle Intrusion
Attacks on a Controller Area Network using CNN and Attention-based GRU. IEEE Transactions on Net-
work Science and Engineering. 2021; p. 1-1.

Shankar GS, Palanivinayagam A, Vinayakumar R, Ghosh U, Mansoor W, Alnumay WS. An Embedded-
Based Weighted Feature Selection Algorithm for Classifying Web Document. Wirel Commun Mob Com-
put. 2020; 2020:8879054:1-8879054:10.

Battaglia PW, Hamrick JB, Bapst V, Sanchez-Gonzalez A, Zambaldi VF, Malinowski M, et al. Relational
inductive biases, deep learning, and graph networks. CoRR. 2018;.

ZouD,HuZ,Wang, Jiang S, Sun Y, Gu Q. Layer-Dependent Importance Sampling for Training Deep
and Large Graph Convolutional Networks. In: NIPS; 2019.

Ba J, Caruana R. Do Deep Nets Really Need to be Deep? In: NIPS; 2014.

Yim J, Joo D, Bae J, Kim J. A Gift from Knowledge Distillation: Fast Optimization, Network Minimization
and Transfer Learning. In: CVPR; 2017.

Huang Z, Wang N. Like What You Like: Knowledge Distill via Neuron Selectivity Transfer. CoRR. 2017;.
Wu F, Jr AHS, Zhang T, Fifty C, Yu T, Weinberger KQ. Simplifying Graph Convolutional Networks. In:
ICML; 2019.

Sakumoto Y, Kameyama T, Takano C, Aida M. Information Propagation Analysis of Social Network
Using the Universality of Random Matrix. IEICE Trans Commun. 2019;.

Hammond DK, Vandergheynst P, Gribonval R. Wavelets on Graphs via Spectral Graph Theory. CoRR.
2009;abs/0912.3848.

Ng AY, Jordan MI, Weiss Y. On Spectral Clustering: Analysis and an algorithm. In: Advances in Neural
Information Processing Systems 14 [Neural Information Processing Systems: Natural and Synthetic,
NIPS 2001, December 3-8, 2001, Vancouver, British Columbia, Canada]. MIT Press; 2001. p. 849—
856.

Sen P, Namata G, Bilgic M, Getoor L, Gallagher B, Eliassi-Rad T. Collective Classification in Network
Data. Al Mag. 2008;.

Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al. STRING v11: protein-
protein association networks with increased coverage, supporting functional discovery in genome-

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 17/18


https://doi.org/10.1016/j.future.2020.10.008
https://doi.org/10.1371/journal.pone.0256187

PLOS ONE Compressing deep graph convolution network with multi-staged knowledge distillation

wide experimental datasets. Nucleic Acids Res. 2019;. https://doi.org/10.1093/nar/gky1131 PMID:
30476243

37. Consortium TGO. The Gene Ontology Resource: 20 years and still GOing strong. Nucleic Acids Res.
2019;. https://doi.org/10.1093/nar/gky 1055 PMID: 30395331

38. FeyM, Lenssen JE. Fast Graph Representation Learning with PyTorch Geometric. CoRR. 2019;.

PLOS ONE | https://doi.org/10.1371/journal.pone.0256187  August 13, 2021 18/18


https://doi.org/10.1093/nar/gky1131
http://www.ncbi.nlm.nih.gov/pubmed/30476243
https://doi.org/10.1093/nar/gky1055
http://www.ncbi.nlm.nih.gov/pubmed/30395331
https://doi.org/10.1371/journal.pone.0256187

