The Thirty-Seventh AAAI Conference on Artificial Intelligence (AAAI-23)

Extracting Low-/High- Frequency Knowledge from Graph Neural Networks and
Injecting It into MLPs: An Effective GNN-to-MLP Distillation Framework

Lirong Wu'-2", Haitao Lin">", Yufei Huang'2, Tianyu Fan?, Stan Z. Li""'

L AI Division, School of Engineering, Westlake University, Hangzhou, 310030
2 Zhejiang University, Hangzhou, 310058
{wulirong, linhaitao, huangyufei, fantianyu, stan.zq.li} @ westlake.edu.cn

Abstract

Recent years have witnessed the great success of Graph Neu-
ral Networks (GNNs) in handling graph-related tasks. How-
ever, MLPs remain the primary workhorse for practical indus-
trial applications due to their desirable inference efficiency
and scalability. To reduce their gaps, one can directly distill
knowledge from a well-designed teacher GNN to a student
MLP, which is termed as GNN-to-MLP distillation. However,
the process of distillation usually entails a loss of information,
and “which knowledge patterns of GNNs are more likely to
be left and distilled into MLPs?” becomes an important ques-
tion. In this paper, we first factorize the knowledge learned by
GNNss into low- and high-frequency components in the spec-
tral domain and then derive their correspondence in the spa-
tial domain. Furthermore, we identified a potential informa-
tion drowning problem for existing GNN-to-MLP distillation,
i.e., the high-frequency knowledge of the pre-trained GNNs
may be overwhelmed by the low-frequency knowledge dur-
ing distillation; we have described in detail what it represents,
how it arises, what impact it has, and how to deal with it. In
this paper, we propose an efficient Full-Frequency GNN-to-
MLP (FF-G2M) distillation framework, which extracts both
low-frequency and high-frequency knowledge from GNNs
and injects it into MLPs. Extensive experiments show that
FF-G2M improves over the vanilla MLPs by 12.6% and out-
performs its corresponding teacher GNNs by 2.6% averaged
over six graph datasets and three common GNN architectures.

Introduction

In many real-world applications, including social networks,
chemical molecules, and citation networks, data can be natu-
rally modeled as graphs. Recently, the emerging Graph Neu-
ral Networks (GNNs) (Hamilton, Ying, and Leskovec 2017;
Kipf and Welling 2016; Velickovi¢ et al. 2017; Wu et al.
2021b, 2022b; Liu, Gao, and Ji 2020; Zhou et al. 2020;
Liu et al. 2022; Xia et al. 2022) have demonstrated their
powerful capability to handle various graph-related tasks
(Zhang and Chen 2018; Fan et al. 2019; Errica et al. 2019;
Wau et al. 2021a). However, practical deployments of GNNs
in the industry are still less popular due to inference effi-
ciency and scalability challenges incurred by data depen-
dency (Jia et al. 2020; Zhang et al. 2021). In other words,
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GNNs generally rely on message passing to aggregate fea-
tures from the neighborhood, but fetching and aggregating
these nodes during inference can burden latency-sensitive
applications. In contrast, Multi-Layer Perceptrons (MLPs)
involve no data dependence between pairs of nodes and in-
fer much faster than GNNs, but often with less competitive
performance. Motivated by these complementary strengths
and weaknesses, one solution to reduce their gaps is to per-
form GNN-to-MLP knowledge distillation (Yang, Liu, and
Shi 2021; Zhang et al. 2021; Ghorbani et al. 2021; Gou et al.
2021), which extracts knowledge from a well-trained teacher
GNN and then distills it into a student MLP with the same
network architecture (e.g., layer number and layer size).

Most of the existing GNN-to-MLP distillation methods
(Yang, Liu, and Shi 2021; Zhang et al. 2021; Ghorbani et al.
2021) focus on special designs on either student MLPs or
teacher GNNs, but default to distill knowledge in a node-to-
node fashion. For example, CPF (Yang, Liu, and Shi 2021)
combines Label Propagation (LP) (Iscen et al. 2019) into
the student MLPs to improve classification performance and
thus still suffers from the neighborhood-fetching latency
caused by label propagation, which defeats the original in-
tention of MLPs to be inference-efficient. In contrast, GLNN
(Zhang et al. 2021) directly distills knowledge from arbitrary
GNN:ss to vanilla MLPs with the same network architecture.
While the distilled MLPs of GLNN can be greatly improved
by employing more powerful teacher GNNSs, the process of
distillation usually entails a loss of information (Kim et al.
2021), which may lead to sub-optimal student MLPs. In this
paper, we look away from specific instantiations of teacher
GNNs and student MLPs, but rather explore two fundamen-
tal questions: (1) Can existing GNN-to-MLP distillation en-
sure that sufficient knowledge is distilled from teacher GNNs
to student MLPs? If not, (2) Which knowledge patterns of
GNNs are more likely to be distilled into student MLPs?

Present Work. In this paper, we identify a potential infor-
mation drowning problem for existing GNN-to-MLP distil-
lation, i.e., the high-frequency knowledge of the pre-trained
GNNs may be overwhelmed by the low-frequency knowl-
edge during distillation. To illustrate this, we first factorize
GNN knowledge into low- and high-frequency components
using graph signal processing theory in the spectral domain
and then derive their correspondence in the spatial domain.
Moreover, we conduct a comprehensive investigation of the



roles played by low- and high-frequency components in the
distillation process and describe in detail what information
drowning represents, how it arises, what impact it has, and
how to deal with it. Extensive experiments have shown that
high-frequency and low-frequency knowledge are comple-
mentary to each other, and they can further improve perfor-
mance on top of each other. In this paper, we propose a novel
Full-Frequency GNN-to-MLP (FF-G2M) distillation frame-
work, which extracts both low- and high-frequency knowl-
edge from teacher GNNs and injects it into student MLPs.
As a simple and general framework, FF-G2M outperforms
other leading methods across various GNN architectures and
graph datasets in terms of classification performance. Codes
are available at: https://github.com/LirongWu/FF-G2M.

Related Work

Graph Neural Networks (GNNs). The early GNNs define
graph convolution kernels in the spectral domain (Bruna
et al. 2013; Defferrard, Bresson, and Vandergheynst 2016)
based on the graph signal processing theory, known as
ChebyNet (Defferrard, Bresson, and Vandergheynst 2016)
and Graph Convolutional Networks (GCN) (Kipf and
Welling 2016). The later GNNs directly define updating
rules in the spatial space and focus on the design of neigh-
borhood aggregation functions. For instance, GraphSAGE
(Hamilton, Ying, and Leskovec 2017) employs a general-
ized induction framework to generate embeddings for pre-
viously unseen nodes by aggregating known node features.
Moreover, GAT (Velickovi¢ et al. 2017) introduces the self-
attention mechanism to assign different importance scores
to neighbors for better information aggregation. We refer in-
terested readers to the surveys (Liu, Gao, and Ji 2020; Wu
et al. 2020; Zhou et al. 2020) for more GNN architectures.
Graph Knowledge Distillation. Despite the great progress,
most existing GNNs share the de facto design that relies
on message passing to aggregate features from neighbor-
hoods, which may be one major source of latency in GNN
inference. To address this problem, there are previous works
that attempt to distill knowledge from large teacher GNN’s
to smaller student GNNs, termed as GNN-to-GNN (Las-
sance et al. 2020; Wu et al. 2022a; Ren et al. 2021; Joshi
et al. 2021). For example, the student model in RDD (Zhang
et al. 2020) and TinyGNN (Yan et al. 2020) is a GNN with
fewer parameters but not necessarily fewer layers than the
teacher GNN, which makes both designs still suffer from the
neighborhood-fetching latency caused by data dependency.
To enjoy the low-latency of MLPs and high-accuracy of
GNN:gs, the other branch of graph knowledge distillation is
to directly distill from large teacher GNNs to student MLPs,
termed as GNN-to-MLP. The existing work on GNN-to-
MLP distillation can be mainly divided into two branches:
student MLPs-focused and teacher GNNs-focused. The for-
mer branch, such as CPF (Yang, Liu, and Shi 2021), directly
improves student MLPs by adopting deeper and wider net-
work architectures or incorporating label propagation, both
of which burden the inference latency. The other branch,
such as GLNN (Zhang et al. 2021), distills knowledge from
teacher GNNss to vanilla MLPs with the same network archi-
tectures but without other computing-consuming operations;
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while the performance of their distilled MLPs can be indi-
rectly improved by employing more powerful GNNSs, they
still cannot match their corresponding teacher GNNSs. In this
paper, we aim to develop a model-agnostic GNN-to-MLP
distillation that is applicable to various GNN architectures.

Preliminaries
Notions. Let G = (V, £, X) be an attributed graph, where V
is the set of N nodes with features X = [x1,X2, -+ ,Xn] €

RN*4 and £ denotes the edge set. Each node v; € V is as-

sociated with a d-dimensional features vector x;, and each
edge e; ; € £ denotes a connection between node v; and
v;. The graph structure is denoted by an adjacency matrix
A € [0,1]V*N with A;; = life;; € Eand A;; = 0
if e; ; ¢ £. Consider a semi-supervised node classification
task where only a subset of node V; with labels ), are
known, we denote the labeled set as Dy, = (V, V) and
unlabeled set as Dy = (Vy, Vv ), where Vg = V\Vy.. The
node classification aims to learn a mapping ® : V — ) with
labeled data, so that it can be used to infer the labels ).

Graph Neural Networks (GNNs). Most existing GNNs
rely on message passing to aggregate features from the
neighborhood. A general GNN framework consists of two
key computations for each node v;: (1) AGGREGATE: ag-
gregating messages from neighborhood N;; (2) UPDATE:
updating node representation from its representation in the
previous layer and aggregated messages. Considering a L-
layer GNN, the formulation of the I-th layer is as follows

m” = AGGREGATE" ({h;l‘” tv; € M})
1
h(’ =UPDATE® (h{'~", m(") .

where 1 <[ < L, hgo) = X, is the input feature, and hgl) is
the representation of node v; in the [-th layer.

Multi-Layer Perceptrons (MLPs). To achieve efficient in-
ference, the vanilla MLPs (with the same network architec-
ture as the teacher GNNis) are used as the student model by
default in this paper. For a L-layer MLP, the [-th layer is
composed of a linear transformation, an activation function
o = ReLu(-), and a dropout function Dropout(-), as

zl(-l) = Dropout (a(zglfl)W(l_l))% Zz('O) =x; ()

where W(©) € RI*F and W) € RF*F (1 <[ < L) are
weight matrices with the hidden dimension F'. In this paper,
the network architecture of MLPs, such as the layer number
L and layer size F), is set the same as that of teacher GNNs.
GNN-to-MLP Knowledge Distillation. The knowledge
distillation is first introduced in (Hinton et al. 2015) to han-
dle mainly image data, where knowledge is transferred from
a cumbersome teacher model to a simpler student model.
The later works on GNN-to-MLP distillation (Yang, Liu,
and Shi 2021; Zhang et al. 2021; Ghorbani et al. 2021)
extend it to the graph domain by imposing KL-divergence
constraint Dk, (-, -) between the softmax label distributions
generated by teacher GNNs and student MLPs and directly
optimizing the objective function as follows

Crn = ﬁ ieZvDKL (softmax (")), softmax (b)) (3



Knowledge Factorization from the Perspective
of Spectral and Spatial Domain

In this section, we first theoretically factorize the knowledge
learned by GNNss into low- and high-frequency components
in the spectral domain based on graph signal processing the-
ory (Shuman et al. 2013). The normalized graph Laplac1an
matrix of graph G is defined as L = Iy — D 2AD 2,
where A = -A+Iy € RN*N is an adjacency matrix with
self- loop, D € RV*N js a diagonal degree matrix with
D Z AZ j» and Iy denotes the identity matrix. Since
Li 1s areal symmetnc matrix, it can be eigendecomposed as
L = UAU', where A = diag ([A1, Xa, - - - , Ax]) with each
eigenvalue \; € [0, 2] corresponding to an eigenvectors u;
in U (Chung and Graham 1997). According to graph sig-
nal processing theory, we can directly take the eigenvector
{ul}lj\il as bases. Given signal x € RY, the graph Fourier
transform and inverse Fourier transform (Sandryhaila and
Moura 2013; Ricaud et al. 2019) are defined as X = UTx
and x = UX. Thus, the convolutional *¢ between the signal
x and convolution kernel F can be defined as follows

Fxax=U((U'F)o(U'x)) =UgU'x ()

where ® denotes the element-wise product and gy is a pa-
rameterized diagonal matrix. Most of the existing GNNs ar-
chitectures can be regarded as a special instantiation on the
convolutional kernel F (i.e., the matrix gp). For example,
GCN-Cheby parameterizes gg with a polynomial expansion
go= Y"1 ax A*, and GCN defines the convolutional ker-
nel as gg =1y — A. Considering a special convolution kernel
Fa=1In, wehave Fqxox=UIyUTx=UX=x, i.e., this
is an identity mapping, where all information can be pre-
served. Next, we decompose the graph knowledge into low-
frequency and high-frequency components (Bo et al. 2021a;
Wu et al. 2019) by factorizing F 4 =1 as follows

2)4+(Iy—D 2AD )

High-pass Filter F gy

fA:IN:%((INm—%Aﬁ—

Low-Pass Filter F s

For a given signal x € R?, e.g., node feature, we have F 4 ¢
=3 (Fu + Fr) *¢ x = 4 (Fu *¢ X + Fy *¢ X) = X,
which means that any signal x can be decomposed into the
average of two components Fys *g X and Fg *g X.
Analysis on the Spectral Domain. The Proposition 1 states
what the two components Fj; *g x and F *g X represent.

Proposition 1 The convolution kernel Fy; works as a low-
pass filter, which filters out high-frequency information, and
Fur xg X represents low-frequency knowledge; Fi works
as a high-pass filter, which filters out low-frequency infor-
mation, and F 1 *q X represents high-frequency knowledge.

Proof 1 For a L-layer GNN, the signal x is ﬁltered by the
L-order convolution kernel F&, = (Iy + D : AD_’)

(2Ix — L)L 10 output F& xgx = U(2Iy — A) LU Tx wzth
gk () = (2 — X)L As shown in Fig. 1, gl (\i) decreases
monotonically in the range \; € [0,2] and reaches gl (\i=
2) = 0 at \; = 2, which mainly amplifies the low-frequency
information and filters out the high-frequency information.
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Eigenvalue A

Figure 1: Eigenvalues vs. Amplitudes

Similarly, the L-order convolution kernel F}; has gi'(\;) =
AF. As shown in Fig. 1, gé:()\i) increases monotonically in
the of range \; € [0,2] and reaches gf(\; = 0) = 0 at \; =
0, which mainly filters out the low-frequency information but
in turn amplifies the high-frequency information.

Correspondence on the Spatial Domain. We have derived
that Fjs *¢ x and Fp *g X represent mainly the low- and
high-frequency components of signal x, and we next can de-
rived their correspondences in the spatial domain, as follows

Fuvxg X — xglow) =x; + Z

Xj
2 NG
x Xj
e
e NN

By the derivation in Eq. (5), the low-frequency knowledge
Fur *@ x is the sum of node feature and its neighborhood
features in the spatial domain. On the other hand, the high-
frequency knowledge Fp *¢ x represents the differences
between the target node feature with its neighborhood fea-
tures. There have recently been some novel GNN models
(Bo et al. 2021b; Pei et al. 2020; Zhu et al. 2020; Chien et al.
2021) that can capture both low- and high-frequency infor-
mation simultaneously or adaptively. However, in this paper,
we focus on the design of distillation objective functions and
do not consider indirect performance improvements by em-
ploying these more powerful but complex GNNs. Instead,
we consider the most commonly used GNNs, such as GCN
(Kipf and Welling 2016), GraphSAGE (Hamilton, Ying, and
Leskovec 2017), and GAT (Velickovié et al. 2017), all of
which rely on multi-layer message passing to aggregate fea-
tures of neighboring nodes that are multiple hops away, i.e.,
they essentially work as a low-pass filter £, or its variants.

(high) _

]:H*Gxi — X;

Roles Played by Low- and High-Frequency
Knowledge during Distillation
Rethinking the Core of Knowledge Distillation

We rethink the core of knowledge distillation from three
shallow-to-deep perspectives to highlight our motivations.

* Firstly, knowledge distillation enables the representa-
tions of MLPs to “mimic” those of GNNs as closely as
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Figure 2: (a) Mean cosine similarity (the higher, the better) between nodes with their first-order neighbors on Cora. (b) Pairwise
distance differences (the lower, the better) between teacher GCNs and student MLPs on Cora. (c)(d) Illustrations of how the
high-frequency information drowning arises and what potential impact it has in the spectral and spatial domains, respectively.

possible by imposing KL-divergence constraints between
their softmax distribution probabilities. However, such a
mimicking (or fitting) process is inevitably accompanied
by aloss of information, especially high-frequency infor-
mation, which explains why the performance of student
MLPs is always hard to match with that of teacher GNNs.

Secondly, for a neural network framework, any change
in the final representations is achieved indirectly by op-
timizing the mapping function, i.e., the network parame-
ters. In this sense, knowledge distillation essentially opti-
mizes the parameter matrices {W ()} /! of the student
MLPs to make it functionally approximates the convolu-
tion kernel of the teacher GNNs, which makes the student
MLPs also serve as a low-pass filter F 1@ for graph data.

Finally, the low-pass filter in the spectral domain is
equivalent to neighborhood aggregation in the spatial do-
main as derived in Eq. (5), which in essence can be con-
sidered as a special use of the graph topology.

To explore the roles played by graph topology during
GNN-to-MLP distillation, we plot the mean cosine simi-
larity of nodes with their first-order neighbors for vanilla
GCNs, vanilla MLPs, and Distilled MLPs (GLNN) on the
Cora dataset in Fig. 2(a), from which we observe that the
mean similarity of GCNs and GLNN gradually increases
with training, while that of vanilla MLPs gradually de-
creases, which indicates that knowledge distillation has in-
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troduced graph topology as an inductive bias (as GCNs has
done), while vanilla MLPs do not. As a result, the distilled
MLPs can enjoy the benefits of topology-awareness in train-
ing but without neighborhood-fetching latency in inference.

High-Frequency Information Drowning

Next, we discuss a potential high-frequency information
drowning problem from both spectral and spatial domains,
i.e., the high-frequency information of the pre-trained GNNs
may be overwhelmed by the low-frequency knowledge dur-
ing the process of GNN-to-MLP knowledge distillation.

How information drowning arises? From the perspec-
tive of spectral domain, the knowledge distillation opti-
mizes the network parameters of the student MLPs to make
it functionally approximate the convolution kernel of the

teacher GNN:s, i.e., F AL/[ ~ F 1%4 The information loss in-
duced by such approximation may be inconsequential for
high-amplitude low-frequency information but can be catas-
trophic for those high-frequency information with very low
amplitude, as shown in Fig. 2(c). As a result, compared to
low-frequency information, high-frequency information is
more likely to be drowned by these optimization errors.

What impact does information drowning have? From the
perspective of spatial domain, the information drowning
may lead to distilled MLPs that, despite preserving neigh-
borhood smoothing well, can easily neglect differences be-
tween nodes, such as pairwisde distances. To illustrate this,
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Figure 3: Illustration of the Full-Frequency GNN-to-MLP (FF-G2M) distillation framework, where the dotted red lines denote
the predicted class-boundary, the solid black lines denote feature aggregation from the neighborhood, and the dashed black
lines denote the distillation of knowledge (neighborhood features and pairwise distances) from teacher GNNs to student MLPs.

we consider a target node v; and its two neighboring nodes
v; and vy in Fig. 2(d), where they are mapped closely by
GNNGs. In the process of knowledge distillation, the repre-
sentations of these three nodes may be mapped around the
representations of teacher GNNG, i.e., they are still mapped
closely with most of their low-frequency information pre-
served; however, the relative distances between nodes, i.e.,
their high-frequency information, may be drowned dramat-
ically. For example, node v; is adjacent to node v; but far
from node vy, in the representation space of teacher GNNs.
However, in the representation space of student MLPs, node
v; becomes closer to node vy, and farther from node v;.

The curves of the pairwise distance differences between
the teacher GCNs and the student MLP in Fig. 2(b) show
that common knowledge distillation (e.g., GLNN) is not
good at capturing high frequency information, compared to
our proposed FF-G2M. Moreover, extensive qualitative and
quantitative experiments have been provided to demonstrate
the harmfulness of the identified high-frequency information
drowning problem in the experimental section. The detailed
experimental settings, including hyperparameters and eval-
uation metric definitions, are available in Appendix B&E.

Full-Frequency GNN-to-MLP (FF-G2M)
Knowledge Distillation

The above discussions reached two important insights: (1)
the inductive bias of graph topology plays an important role,
and (2) it is mainly the low-frequency knowledge of graph
data that has been distilled from the teacher GNNs to the stu-
dent MLPs. Inspired by these two insights, we propose Low-
Frequency Distillation (LFD) and Hign-Frequency Distil-
lation (HFD) to fully capture the low-frequency and high-
frequency knowledge learned by GNNs, respectively. An
high-level overview of the proposed Full-Frequency GNN-
to-MLP (FF-G2M) framework is shown in Fig. 3.

Low-Frequency Distillation (LFD)

The node representations of teacher GNNs are generated
by explicit message passing, so it mainly captures the low-
frequency information of the graph data as analyzed ear-
lier. Unlike aggregating features from neighborhoods as in
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GNNs, we directly distill (diffuse) knowledge from teacher
GNNs into the neighborhoods of student MLPs in order
to better utilize topological information and low-frequency
knowledge captured by GNNs, formulated as follows

1 L L

| > Y pra (o i), 0 /) )

i€V jEN,; Ui

Lyrp =

where 77 is the low-frequency distillation temperature, and
o = softmax(-) denotes an activation function.

High-Frequency Distillation (HFD)

As derived in Eq. (5), the high-frequency components in
the spectral domain represent the differences between node
feature and its neighborhood features in the spatial do-
main. Inspired by this, we propose High-Frequency Distil-
lation (HFD), a GNN knowledge objective that trains stu-
dent MLPs to preserve the neighborhood pairwise differ-
ences from the representation space of teacher GNNs. The
neighborhood pairwise differences around node v; are de-
fined as the differences between the target node feature s;
and its neighborhood features {s; | j € N;}, which can be
computed by the kernel K (s;,s;) = |s; — s;|, where | - | de-
notes the element-wise absolute values. The high-frequency
distillation trains the student model to mimic the neighbor-
hood pairwise differences from the teacher GNNs via KL-
divergence constraints, which can be defined as follows

1
€] 2") /1),

=2 Y Do (K(zY,

i€V jEN;

Lurp =
@)
o(K(m",nY) /7))

where K (-, -) denotes the element-wise absolute values, and
T is the high-frequency distillation temperature.

Training Strategy

The pseudo-code of the FF-G2M framework is summarized
in Appendix C. To achieve GNN-to-MLP knowledge dis-
tillation, we first pre-train the teacher GNNs with the clas-
sification loss Ligbel = \VilLl D ey, ’;’-L(yi7 a(hEL))), where
H(-) denotes the cross-entropy loss and y; is the ground-
truth label of node v;. Finally, the total objective function



Teacher GNNs Method Cora Citeseer Pubmed Amazon-Photo Coauthor-CS Coauthor-Phy Average?t
Vanilla GCN  822+0.5 71.6+04 793403 91.8 £ 0.6 89.9 +0.7 919+ 1.2 -
VanillaMLP 597+ 1.0 60.7+0.5 71.5+0.5 774+ 1.2 875+ 14 89.2+0.9 -
GLNN 828+0.5 727+04 802+0.6 914+ 1.0 927+ 1.0 932 +0.5 -

GCN FF-G2M 843+04 740+0.5 81.8+04 94.2 +04 93.8 £ 0.5 944+ 09 -
Agen 2.1 24 2.5 2.4 39 2.5 2.63
AnLp 24.6 13.3 10.3 16.8 6.3 52 12.75
AGLNN 1.5 1.3 1.6 2.8 1.1 1.2 1.58
Vanilla SAGE 82.5+0.6 709+06 77.9+04 92.0. £ 0.6 89.7+ 1.0 922+0.9 -
VanillaMLP 597+ 1.0 60.7+05 71.5+0.5 774 +1.2 875+ 14 89.2+0.9 -
GLNN 82.7+0.8 705+05 79.7+0.6 91.0+0.9 925+ 1.0 93.0 £ 0.7 -
GraphSAGE ~ FF-G2M 845+0.8 73.1+12 80.9+0.5 94.1 + 0.5 93.6 + 0.5 94.5 + 1.1 -
AsacE 2.0 2.2 3.0 2.1 39 23 2.58
AnrLp 24.8 12.4 9.4 16.7 6.1 53 12.45
AGLNN 1.8 26 12 3.1 1.1 1.5 1.88
Vanilla GAT 819+10 712+05 78.6+04 91.4+0.8 90.5+0.8 923+1.5 -
VanillaMLP 597+ 1.0 60.7+05 71.5+0.5 774+ 1.2 875+ 14 89.2+0.9 -
GLNN 82.1+0.7 70.6+08 804+1.0 91.7+0.7 92.7+0.9 92.7+£0.6 -
GAT FF-G2M 84.0 0.7 735+0.8 81.1+0.6 93.9 + 0.7 94.0 + 0.7 94.7 + 1.2 -
Agar 2.1 2.3 2.5 2.5 35 2.4 2.55
Anrp 24.3 12.8 9.6 16.5 6.5 5.5 12.53
AgLNN 1.9 2.9 0.7 22 1.3 2.0 1.83

Table 1: Classificatiom accuracy =+ std (%) on six real-world datasets, where we consider three different GNN architectures
(GCN, GraphSAGE, and GAT) as the teacher and pure MLPs as the student model. The best metrics are marked by bold.

to distill the low- and high-frequency knowledge from the
teacher GNNs into the student MLPs is defined as follows

A Z H(ys, U(ZEL)))+(1—/\) (LLep+Lurp)

E = =——
total |VL| 5

where ) is the weights to balance the influence of the classi-
fication loss and two knowledge distillation losses. The time
complexity analysis of FF-G2M is available in Appendix D.

Discussion and Comparision

In this subsection, we compare the proposed FF-G2M
framework with the commonly used node-to-node distilla-
tion (e.g., GLNN) in Fig. 3. While the node-to-node distil-
lation can map neighboring nodes closely in the representa-
tion space of MLPs, i.e., preserving low-frequency knowl-
edge, it completely confounds the relative distance between
node pairs, i.e., high-frequency knowledge is drowned, lead-
ing to a different (incorrect) class-boundary with the teacher
GNNs. In terms of the proposed FF-G2M framework, the
Low-Frequency Distillation distills (diffuses) the features
aggregated from the neighborhood in the teacher GNNs
back into their neighborhood of the student MLPs to bet-
ter utilize the extracted low-frequency knowledge. Besides,
High-Frequency Distillation directly distills the neighbor-
hood pairwise differences from teacher GNNSs into the stu-
dent MLPs to better capture the high-frequency knowledge
patterns, i.e., the relative positions between pairs of nodes.

Experiments

Datasets. The effectiveness of the FF-G2M framework is
evaluated on six public real-world datasets, including Cora
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(Sen et al. 2008), Citeseer (Giles, Bollacker, and Lawrence
1998), Pubmed (McCallum et al. 2000), Coauthor-CS,
Coauthor-Physics, and Amazon-Photo (Shchur et al. 2018).
For each dataset, following the data splitting settings of
(Kipf and Welling 2016; Liu, Gao, and Ji 2020), we select
20 nodes per class to construct a training set, 500 nodes for
validation, and 1000 nodes for testing. A statistical overview
of these datasets is placed in Appendix A. Besides, we defer
the implementation details and hyperparameter settings for
each dataset to Appendix B and supplementary materials.

Baselines. Three basic components in knowledge distil-
lation are (1) teacher model, (2) student model, and (3)
distillation loss. As a model-agnostic general framework,
FF-G2M can be combined with any teacher GNN archi-
tecture. In this paper, we consider three types of teacher
GNN:s, including GCN (Kipf and Welling 2016), Graph-
SAGE (Hamilton, Ying, and Leskovec 2017), and GAT
(Velickovi¢ et al. 2017). As for the student model, we de-
fault to using pure MLPs (with the same network architec-
ture as the teacher GNNSs) as the student model for a fair
comparison. Finally, the focus of this paper is on designing
distillation objectives rather than powerful teacher and stu-
dent models. Therefore, we only take GLNN (Zhang et al.
2021) as an important baseline to compare FF-G2M with the
conventional node-to-node distillation approach. The exper-
iments of all baselines and FF-G2M are implemented based
on the standard implementation in the DGL library (Wang
et al. 2019) using PyTorch 1.6.0 library on NVIDIA V100
GPU. Each set of experiments is run five times with differ-
ent random seeds, and the average are reported as metrics.
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Figure 4: Representation 2D-Visualizations (by UMAP (Mclnnes, Healy, and Melville 2018)) of the teacher model and three
student models on Cora. Each node is colored by its ground-truth label, and the numbers around the nodes denote the node ids.

Classification Performance Comparison

This paper aims to explore which knowledge patterns should
and how to be distilled into student MLPs, rather than de-
signing more powerful teacher GNNs. Therefore, we con-
sider three classical GNNs, including GCN, GraphSAGE,
and GAT, as the teacher models and distill their knowledge
into MLPs with the same network architecture. The experi-
mental results on six datasets are reported in Table. 1, from
which we can make the following observations: (1) In gen-
eral, more powerful teacher GNNs can lead to student MLPs
with better classification performance. However, such im-
provements are usually very limited and do not work for
all datasets and GNN architectures. For example, on the
Citeseer dataset, the performance of GLNN drops over the
vanilla implementation of teacher GNNs by 0.4% (Graph-
SAGE) and 0.6% (GAT), respectively. (2) The proposed FF-
G2M framework can consistently improve the performance
of student MLPs across three GNN architectures on all
six datasets. For example, FF-G2M can outperform vanilla
teacher GNNs by 2.63% (GCN), 2.58% (GraphSAGE), and
2.55% (GAT) averaged over six datasets, respectively.

Qualitative and Quantitative Analysis

Extensive qualitative and quantitative experiments are con-
ducted to explore the existence and harmfulness of the infor-
mation drowning problem and how to solve it by FF-G2M.
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Qualitative Analysis on Visualizations. We consider
GCNs as the teacher model and compare its visualization
with that of vanilla MLPs, GLNN, and FF-G2M on the
Cora dataset (due to space limitations, more results can be
found in Appendix F). We select a target node (id 27 for
Cora) and analyze its relative position relationship with its
neighbors in Fig.4, from which we observe that: (1) The
vanilla MLPs map neighboring nodes apart, which indi-
cates that it is not even good at capturing low-frequency
information. (2) GLNN fails to capture the relative posi-
tions between the target node and its neighbors, i.e., high-
frequency information. (3) FF-G2M well preserves the rel-
ative positions between nodes while mapping neighboring
nodes closely, which suggests that it is good at capturing
both low- and high-frequency information. For example, on
the Cora dataset, the target node (id 27) is the closest to node
(id 1810) and the farthest from node (id 2678) in the visual-
izations of both teacher GCNs and FF-G2M’s student MLPs.

Quantitative Analysis on Evaluation Metrics. To study
what knowledge patterns of GNNs are actually distilled into
MLPs during GNN-to-MLP distillation, we consider both
(1) low-frequency knowledge, measured by the mean cosine
similarity of nodes with their first-order neighbors, and (2)
high-frequency knowledge, measured by KL-divergence be-
tween the pairwise distances of teacher GNNs and student
MLPs, respectively. The detailed mathematical definitions
of these two evaluation metrics are available in Appendix



Method Cora Citeseer Pubmed Amazon-Photo Coauthor-CS Coauthor-Phy
Vanilla GCN 8224+05 71.64+04 793403 91.8 + 0.6 89.9 +0.7 919+ 1.2
Vanilla MLP 59.7+10 607+05 715405 774 +1.2 875+ 1.4 89.2+09
GLNN (Zhang et al. 2021) 828+05 727+04 802+0.6 914+1.0 927+1.0 932 +0.5
Low-Frequency KDw/ Lrpp  83.4+09 73.74+0.6 81.0£0.5 92.1 £0.8 932+0.8 93.7+0.8
High-Frequency KD w/ Lypp 68.54+08 6324+0.7 744+04 825+ 13 893+ 1.7 91.0+ 1.6
FF-G2M (full model) 843+04 740105 81.8+04 94.2 + 0.4 93.8 + 0.5 944 + 0.9

Table 2: Classificatiom accuracy = std (%) on six real-world datasets. The best metrics are marked by bold.
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Figure 5: (a) Curves of mean cosine similarity (the higher, the better) between nodes with their first-order neighbors. (b) Curves
of pairwise distance differences (the lower, the better) between the teacher GNNs and student MLPs.

E. From the experimental results on the Cora dataset re-
ported in Fig. 5, we make four observations: (1) The vanilla
MLP does not consider the inductive bias of the graph
topology at all and thus fails to capture the low-and high-
frequency knowledge in the graph data. (2) GLNN is capable
of successfully capturing low-frequency information, i.e.,
neighborhood smoothing, but is not good at capturing high-
frequency knowledge, i.e., difference information between
pairs of nodes. (3) The proposed low- and high-frequency
distillation has an advantage over GLNN in capturing one
type of individual frequency but lags behind in another fre-
quency. (4) The proposed FF-G2M combines both the two
distillation and is better at capturing both low- and high-
frequency knowledge than GLNN, especially the latter.

Roles of Low- and High-frequency Knowledge

To evaluate the roles played by low- and high-frequency
knowledge in GNN-to-MLP distillation, we consider distil-
lation with only £ rp and Lypp, in addition to the full FF-
G2M model. The experiments (with GCNs as the teacher
model) on six datasets are reported in Table. 2, from which
we observe that: (1) The proposed low-frequency distilla-
tion Lrrp makes fuller use of the graph topology and the
low-frequency information from GNNs, and in turn outper-
forms GLNN that adopts node-to-node distillation on all six
datasets. (2) While both low- and high-frequency distilla-
tion can work alone to improve the performance of vanilla
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MLPs, the former plays a primary role and the latter a sec-
ondary (auxiliary) role. More importantly, these two distil-
lations are complementary to each other and can further im-
prove performance on top of each other. (3) The FF-G2M
(full model) considers both low- and high-frequency distil-
lation and is capable of capturing full-frequency knowledge,
and thus can far outperform GLNN on all six datasets.

Conclusion

In this paper, we factorize the knowledge learned by GNNs
into low- and high-frequency components in the spectral
and spatial domains and then conduct a comprehensive in-
vestigation on their roles played in GNN-to-MLP distilla-
tion. Our key finding is existing GNN-to-MLP distillation
may suffer from a potential information drowning prob-
lem, i.e., the high-frequency knowledge of the pre-trained
GNNs may be overwhelmed by the low-frequency knowl-
edge during distillation. Therefore, we propose a novel Full-
Frequency GNN-to-MLP (FF-G2M) knowledge distillation
framework, which extracts both low- and high-frequency
knowledge from GNNs and injects it into MLPs. As a sim-
ple but general framework, FF-G2M outperforms other lead-
ing methods across various GNN architectures and graph
datasets. Limitations still exist; for example, this paper pays
little attention to the special designs on teacher GNNs, and
designing more expressive teachers to directly capture full-
frequency knowledge may be another promising direction.
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