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* Introduction and motivation
* Convolution, graph signal, and graph Fourier transformation
* Spectral and spatial GNNs

* Frequency profile analysis



Brief Introduction and Motivation

* Understand the expressiveness of GNNs
* Spectral perspective

e Reformulate and analyze GNNs under one framework
* ChebNet, CayleyNet, GCN, GAT, and GIN



Notations

o~

A e {0’ 1}n><n : adjacency matrix A=A+1T : adjacency matrix with self-loop
D € Rnxn : diagonal degree matrix bii — Z . /L-j : degree matrix with self-loop
’ U € R*"*"
L =T — D Y2AD~1/2 :normalized Laplacian L = Udiag(A\)U? : eigendecomposition A € R"
diag(.) : vector -> diagonal matrix diag™*(.) : diagonal matrix -> vector
X € R**Jo : node features X, e R™ : the i-th column (feature)
1

HWY ¢ Rrxfi : node representations in layer| H(?) = X




Notations

o~

A e {0’ 1}n><n : adjacency matrix A=A+1T : adjacency matrix with self-loop
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L =T — D Y2AD~1/2 :normalized Laplacian L = Udiag(A\)U? : eigendecomposition A € R"
diag(.) : vector -> diagonal matrix diag™*(.) : diagonal matrix -> vector
X € R**Jo : node features X, e R™ : the i-th column (feature)

1
HWY ¢ Rrxfi : node representations in layer| H(?) = X

GCN Iayer: H(H‘l) — g(ﬁ_%ﬁﬁ_%H(l)W(l)) W(l) : parameters in layer |



Timeline of GNNSs

2013 First try of
generalize CNN on
graphs [1]



Timeline of GNNSs

2013 First try of
generalize CNN on
graphs [1]

Mid 2016 ChebNet [2]



Timeline of GNNSs

2013 First try of

generalize CNN on
graphs [1] Late 2016 GCN [3]

Mid 2016 ChebNet [2]



Graph Convolutional Network

GCN Iayer: H(H‘l) — g(b‘%ﬁﬁ_%H(l)W(l)) W(Z) : parameters in layer |
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Timeline of GNNSs

2013 First try of

generalize CNN on
graphs [1] Late 2016 GCN [3]

Mid 2016 ChebNet [2] 2019 CayleyNet [4]

2017 GAT [5]



Graph Attention Network

My

W () : parameters in layer |

(v; ; :attention score
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Graph Isomorphism Network
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(a) Mean and Max both fail (b) Max fails

GIN layer: HD =g(A+ (1+ )Y HOWO)
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(c) Mean and Max both fail

W () : parameters in layer |
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The Idea of Convolution

e Convolution of 2-d matrices in computer vision

(f*g)(a,b) YTfhw (a — h,b— w)

Source pixel

(-1x3)+(0x0)+(1x1)+
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The Idea of Convolution

e Convolution of 2-d matrices in computer vision

(f*g)(a,b) Tthu' (a— h,b— w)
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The Idea of Convolution

e Convolution of 2-d matrices in computer vision

(f *g)(a,b) js—‘tjs:—\.f? h,w)gla — h,b— w)
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Graph Signals

* A function defined on the vertices of a graph

RN




Graph Signals

* A function defined on the vertices of a graph

Node features:

X e R™*Jo

Each column (feature) is a signal:

X, e R"




Graph Laplacian

* A function that measures smoothness of a graph signal

fTLf _ 5 Z Wz’j (f(z) . f(j))2 Weighted adjacency matrix:
i,jzl W c R-nx-n



Graph Laplacian

* A function that measures smoothness of a graph signal

Weighted adjacency matrix:

W e Rnxn




Graph Laplacian

* A function that measures smoothness of a graph signal

Weighted adjacency matrix:

W e Rnxn

How to define convolution on
graph signals?




Fourier Transformation

* Classical Fourier transformation
* From time/space domain to frequency domain
* Formula:

N

fl&) = (r.em) = [ eyema
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* Graph Fourier transformation
* From vertex domain to graph spectral domain
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Fourier Transformation

* Classical Fourier transformation
* From time/space domain to frequency domain

* Formula: , _
f(g) — (f, ezm{t> — / f(t)ezﬂ'z‘ftdt
R

* Graph Fourier transformation
* From vertex domain to graph spectral domain

e Formula: ()\l) = (f,u) = Zf z)ul (4) —— f: UTf

* |Inverse formula:

FG@) =) f(N)w(d) — . = Uf

[=1

\; : |-th eigenvalue of L
u; : I-th eigenvector of L
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the Fourier transforms
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Convolution and Fourier Transformation

* The Fourier transform of the convolution is given by the product of
the Fourier transforms

* Generalize to graph Fourier transformation
* Elementwise notation

(Fem)i) =3 FOhu()
=1
* Matrix notation

fxh=U(foh) =U(U"f)® (U h))



Convolution and Fourier Transformation

* The Fourier transform of the convolution is given by the product of
the Fourier transforms

* Generalize to graph Fourier transformation
* Elementwise notation

Fr)i) = 3 FOROu()
=1

 Matrix notation

A

frh=U(foh)=UU"f)o U )

* Further equals to

fxh=Udiag(hA))UT f



Spectral GNNs

* General formula of convolution in layer | (Bruna 2013)
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Spectral GNNs

* General formula of convolution in layer | (Bruna 2013)

H™Y = (Z Udiag(F\""\U T H| “) forj € {1,..., fis1}.
1=1
* Non-parametric spectral GNN

 Afull parameter matrix: F(J) ¢ RnXx/i

* Function bases, e.g. B-splines, Chebyshev polynomials, Cayley polynomials
* Formula: g9 = pwY, .. wlhe]!

?,J ,c-c,



Spectral GNNs

* General formula of convolution in layer | (Bruna 2013)

i |
H™ =0 (Z Udiag(F}"”)UTH}“) . forje{l,..., fis1}

1=1
* Non-parametric spectral GNN
 Afull parameter matrix: F(.J) ¢ Rnx/i

* Function bases, e.g. B-splines, Chebyshev polynomials, Cayley polynomials
+ Formula: 1) = B WD, . W]

Se : total # filters
* Base function of eigenvalues: B € R"*%c By s = ®4(\x) k=1,....n

s=1,...,8,
e Parameters: W) ¢ Rfixfia
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Spatial GNNSs

* General formula

HWY: v-th row,
H:(1£+1) - upd(gg(H:(,f,)), agg (91 (H:(,i)) ‘u € N(v))) all features of node v
H+D = O'(Z C(S)H(Z)W(l’s)) C($) € R™*" is the s-th convolution support

* GCN  HOY =o(D 2 AD- HOW®)
*GIN H"Y =g((A+ 1+ )HOWY)
* GAT

) —q,., = €v,u €y = € alo) O @s) | g O Ws)
( )v,u ’ Zk:EJ\?(’U) Bv’k ? Xp (0( [ ' || . ]))

Note: GAT also falls into this framework, but its convolution support is different from layer to layer



Rewrite Spectral GNNSs

| fi .
* From HJ(-H_I) =0 (Z Udlag(Fz(l’J))UTHz(“) ) for j € {13 - 'afl+1}'

1=1

i) — g [W(l,l)

(]

W(l,se)] T Bk,s _ (I)S(/\k)

i, g

* To (I+1) — (8) gy ,s)
H o CYHYW



Goal: HHY =4 ( S o® H(nwu,s))

fi
141 : L,j L i
HJ(' =0 (§ :Udlag(Fz-( J))UTHz'( )) Fz-(m) =B [W'(l"l) --aWz'(,ii’SE)]T By,s = ®5(Ax)

1,7 ?°
=1

derivation



Goal: HHY =4 ( S o® H(nwu,s))

fi
1+1 - L,j 1 -
H} W=o (2 :Udlag(Fi( J))UTHz'( )) Fz-(l’J) =B [WiElJ',l)"'-aWi(,g,SE)]T Bi,s = ®s(Ak)

=1 ‘

H(H-l =0 (Z Udlag(ZW(l ) P NeN )UTH,i(l))

derivation



Goal: HHY =4 ( S o® H(nwu,s))

8

fi
1+1 - L,j 1 -
H} W=o (2 :Udlag(Fi( J))UTHz'( )) Fz-(l’J) =B [WiElJ',l)"'-aWi(,g,SE)]T Bi,s = ®s(Ak)

=1

! S
HJ(_I+1) =0 (Zl: Udiag( Z Wz‘(,lj’S)(I)s(A)) UTHi(l))

=1 s=1

S f
Hj(l+1) =0 (Z i: Udiag (WZ_(,?S)(I)S(A)) UTH?:(Z))

derivation



Goal: HHY =4 ( S o® H(nwu,s))

8

fi .
=0 (Z Udiag(Ff"%UTH}”) F = BWEY, W] Bis = 25(\)

fi S
HHY — o ( Udiag( 3 W}fﬁ@s(x)) UTH§’))

J
=1 s=1
s f
(I+1) l . (1,s) T 77(D)
H™ =0 ( 33 vdiag(W 57 ®,(\) ) U B,
s=1 =1
s f
£ ~ L) g T
T =0 (Y W Udiag(@.(N)U T H,

derivation



Goal: HHY =4 ( S o® H(z>W(z,s))

fi
1+1 - L,j 1 -
H} W=o (2 :Udlag(Fi( J))UTHz'( )) Fz-(m) =B [WiElJ"l)a---,Wi(,g’SE)]T Bi,s = ®s(Ak)

1=1
fi S
HJ(_I+1) =0 ( Udiag( Z Wz‘(,lj’S)(I)S(A)) UTH,L.(I))
1=1 s=1
S N
H' =0 (303 vdiag(W ) @,(0)UTHY
s=1 i=1

(l,S) . T (l)
Wz-,j Udiag(®:(A\))U ' H, )

Wi(,?S)C(S) Hv;(l)) C®) = Udiag(®,(\))U "

derivation



Goal: HHY =4 ( S o® H(z>W(z,s))

fi
1+1 - L,j 1 -
H} W=o (2 :Udlag(Fi( J))UTHz'( )) Fz-(m) =B [WiElJ"l)a---,Wi(,g’SE)]T Bi,s = ®s(Ak)

=1
fi S
HJ(_I+1) =0 ( Udiag( Z Wz‘(,lj’S)(I)S(A)) UTH,L.(I))
1=1 s=1
J1
HOD — 4 (Z ) " Udiag (Wz-(,ﬁfs)d)s( A)) uTHY
s=1 i=1

(l,S) . T (l)
Wz-,j Udiag(®:(A\))U ' H, )

S
HJ('ZH) =0 Z C(S)H(l)w(l,s))

Wi(,?S)C(S) Hv;(l)) C®) = Udiag(®,(\))U "

derivation
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Summary

* Looks like we just did a lot of matrix notation manipulation, what
have we done?

» Spectral-designed GNNs: start with the definition of convolution and
parametrize the filter function using a function basis

 Spatial-designed GNNs: collect information from neighbors

U+ — J(Z O/(s) H(UW(z,s))

Definition 2. A Spectral-designed graph convolution refers to a convolution where supports are
written as a function of eigenvalues (®s(\)) and eigenvectors (U ) of the corresponding graph Lapla-

cian (equation a) Thus, each convolution support C®) has the same frequency response ® (\) over
different graphs. Graph convolution out of this definition is called spatial-designed graph convolu-
tion.



Frequency Response

* A measure of magnitude and phase as a function of frequency

%
RV, N
N S

Input : Output :
x(1) =asm(ar) v(t)=bsm(ax +¢@)




Frequency Response

* A measure of magnitude and phase as a function of frequency

%
RV, A~
N\

Input : Output :
x(1) =asm(ar) v(t)=bsm(ax +¢@)

e Filters

A

Lol b

Low-pass W High-pass w Band- W Band-stop w
P and-pass (Low-high-pass)
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Review Notations

A e {O,l}nx’” - adjacency matrix

D e R**xn

L =171—D1Y2AD—1/2 :normalized Laplacian

diag(.)
X e R™»*Jo

H(l) = Rnxfz

: diagonal degree matrix

: vector -> diagonal matrix

: node features

: node representations in layer |

o~

A=A+1] : adjacency matrix with self-loop
D;; = ZJ_ Az.j : degree matrix with self-loop
U € R™"
_ - T . . oy e
L = Udlag(/\)U : eigendecomposition A € R”
diag_l(.) : diagonal matrix -> vector
X; e R" : the i-th column (feature)
HO =X
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Review Graph Signals

* A function defined on the vertices of a graph

RN

Node features:

X € R’nxfo

Each column (feature) is a signal:

X, e R"




Review Fourier Transformation

* Classical Fourier transformation
* From time/space domain to frequency domain

* Formula: , _
f(g) — (f, ezm{t> — / f(t)ezﬂ'z‘ftdt
R

* Graph Fourier transformation
* From vertex domain to graph spectral domain

* Formula: ()\l) = (f,u) = Zf uy(l) — f: UTf

* |Inverse formula:

FG@) =) f(N)w(d) — . f= Uf

[=1

\; : |-th eigenvalue of L
u; : I-th eigenvector of L




Review Convolution and Graph Fourier
Transformation

* Generalize graph convolution using graph Fourier transformation
* Elementwise notation

(f *h)(@) = Y FOAN)w(3)
* Matrix notation -

fxh=U(foh) =U(U"f)® (U h))

* Further equals to

Fxh=Udiag(h(\)UTf



Review Spatial GNNs

* General formula

HWY: v-th row,
H:('jJrl) - upd(gg(H:(,f,)), agg (gl (H:(zzt)) ‘u € N(v))) all features of node v
H+D = O'(Z C(S)H(Z)W(l’s)) C($) € R™*" is the s-th convolution support

* GCN  HOY =o(D 2 AD- HOW®)
*GIN H"Y =g((A+ 1+ )HOWY)
* GAT

(C(l’s)) — (yq is the attention score between node v and u
v, u

Note: GAT also falls into this framework, but its convolution support is different from layer to layer



Review Spectral GNNSs

* General spectral formula

fi
H™ =0 (Z Udiag(Fi(l’J))UTHim) . forje{l,..., fis1}.
1=1
* Non-parametric model
F(l’.?) E Rnxfl.
: : /W(lys) c ]szxfzb
* Model with base functions
Fz'(l}j) =B [Wz’(’?l)a O Wr,;(fj}SE)] ! Bk,s - q)s ()‘k) Se : total # filters
* To the general formula of spatial and spectral k=1,...,n
\3 =1,...,8, J

HO = (3 C(8>H“>W(l>3>) C®) = Udiag(®,(A)UT

8



summary

» Spectral-designed GNNs: start with the definition of convolution and
parametrize the filter function using a function basis

 Spatial-designed GNNs: collect information from neighbors

* General formula for both cases

U+ — U( Y o® H(ww(z,s))

Definition 2. A Spectral-designed graph convolution refers to a convolution where supports are
written as a function of eigenvalues (® (X)) and eigenvectors (U ) of the corresponding graph Lapla-

cian (equation a) Thus, each convolution support C®) has the same frequency response @ (\) over

different graphs. Graph convolution out of this definition is called spatial-designed graph convolu-
tion.



Frequency Response

* A measure of magnitude and phase as a function of frequency

%
RV, A~
N\

Input : Output :
x(1) =asm(ar) v(t)=bsm(ax +¢@)

e Filters

A

Lol b

Low-pass W High-pass w Band- W Band-stop w
P and-pass (Low-high-pass)




Frequency Profile

Corollary 1.1. The frequency profile of any given graph convolution support C®) can be defined
in spectral domain by

®,(A) = diag L (UTCOU). (7)

where diag™* (.) returns the vector made of the diagonal elements from the given matrix.
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* A measure of magnitude as a function of eigenvalues
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Corollary 1.1. The frequency profile of any given graph convolution support C®) can be defined
in spectral domain by

®,(A) = diag L (UTCOU). (7)

where diag™* (.) returns the vector made of the diagonal elements from the given matrix.

* A measure of magnitude as a function of eigenvalues

* For spectral-designed GNNs, the frequency profile is the frequency
response.



Frequency Profile

Corollary 1.1. The frequency profile of any given graph convolution support C®) can be defined
in spectral domain by

®,(A) = diag L (UTCOU). (7)

where diag™* (.) returns the vector made of the diagonal elements from the given matrix.

* A measure of magnitude as a function of eigenvalues

* For spectral-designed GNNs, the frequency profile is the frequency
response.

* For spatial-designed GNNs, U "C(®)U is not diagonal, we further
define the full frequency profileas ®, = UTCGIU



Analyze Frequency Profile of ChebNets

* Chebyshev polynomial is recursively
defined on [-1, 1]

T()(CE) =1 Tl(ZE) — X
Ti(x) = 22T _1(z) — Tp—o(x)



Analyze Frequency Profile of ChebNets

* Chebyshev polynomial is recursively
defined on [-1, 1]

TQ(CIZ) =1 Tl(CE) =
Ti(z) = 22T 1 (x) — Ti—2(x)

* Frequency Profile
2\

/\max

By(A) = 285 (A)Bj_1(A) — Bp_o(N)

B (A) =1, By(N) = 1




Analyze Frequency Profile of ChebNets

* Chebyshev polynomial is recursively
defined on [-1, 1]

TO(.CB) =1 Tl(ZU) =
Tk(CB) = 227Tk_1($) — Tk_z(iv)

Magnitude

* Frequency Profile
2\

)\max

—1

P (A) =1, $3(A) =

By(N) = 285 (N)Bs_1(A) — Bp_o(A)

(a) First 5 ChebNet supports



Analyze Frequency Profile of CayleyNets

* CayleyNets are able to detect narrow
frequency bands of importance and
have greater flexibility.

(A, h) = co + 2Re ic hA =1
g\ A, — €0 k h)\+i

k=1




Analyze Frequency Profile of CayleyNets

* CayleyNets are able to detect narrow
frequency bands of importance and
have greater flexibility.

(A, h) = co + 2Re ic hA =1
g\ A, — €0 s k h/\+i

* Frequency Profile

1 ifs=1
®,(A) = cos(36(hA)) ifs€{2,4,...,2r}
—sin(2=210(hX)) if s € {3,5,..., 2r + 1}

2

O(x) = atan2(—1, z) — atan2(1, x)



Analyze Frequency Profile of CayleyNets

e CayleyNets are able to detect narrow
frequency bands of importance and
have greater flexibility.

(A, h) =co+ 2Re Zr:c hA—i)"
g\A, — €0 a k A+ i

* Frequency Profile

1 ifs=1
®,(A) = cos(36(hA)) ifs€{2,4,...,2r}
—sin($10(hA)) if s € {3,5,...,2r + 1}

O(z) = atan2(—1, x) — atan2(1, x) (b) First 7 CayleyNet support



Analyze Frequency Profile of GCN

* GCN on regular graph

Proposition 2. Coen = (D + I)"Y2(A + I)(D + I)~Y2 frequency response is ®gon(A) =
1-— p%A for regular graphs whose node degrees are p.



Goal: (I’GC'N(A) =1— D:-;IA

D = pI A=pl—pL  Cgon=[D+I)"*(A+I1)(D+I1)"'/?

derivation
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pl —pL + 1 D
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derivation



Goal: (I)GC‘N()\) =1— p:-;lA

D = pI A=pl—pL  Cgon=[D+I)"*(A+I1)(D+I1)"'/?

pl —pL + 1 D
cen p+1 p+1

. P T
= Udiag(l — ——A)U
& p+1 )

derivation



Analyze Frequency Profile of GCN

* GCN on regular graph
Proposition 2. Coen = (D + I)"Y2(A + I)(D + I)~Y2 frequency response is ®gon(A) =
1-— p%A for regular graphs whose node degrees are p.

* GCN on general graph

®(A) ~1-Ap/(p+1)



Analyze Frequency Profile of GCN

®(A) ~1—-Ap/(p+1)

L o

< .

= A regular
) . .
E‘: o circular line
%0 ZL ) graph with
2 0.2 1001 nodes

(a) GCN frequency profiles



Analyze Frequency Profile of GCN

dP(A) ~1-Ap/(p+1)

* GCN works as low-pass
filter and does not cover
the whole spectrum.

* GCN is not able to learn
relations that are
represented by high-pass
or band-pass filtering

A regular
circular line
graph with
1001 nodes

Magnitude

(a) GCN frequency profiles



Full Frequency Profile of GCN
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Figure 5: Full frequency response of GCN on 1D, Cora and CiteSeer graphs



Analyze Frequency Profile of GIN

* GIN on regular graphs

Proposition 3. For Corny = A+ (1+¢€)1, the frequency response is Parn(A) = p (% +1-— A)

for regular graphs, where p is the node degrees.



A =pl —pL

Goal: (I)GIN(A) =Dp (% +1-— A)

Cain =A+(1+¢€)l

derivation



D = pI A =pl —pL

Goal: ®arnv(A) =p (2 +1-A)

Cain =A+(1+¢€)l

derivation



Goal: ®cinv(A) =p (% +1-— A)

D = pl A =pl —pL Carn = A+(1+¢€)l

Coin=p+1+el—pL=(p+1+eUIU" — pUdiag(A\)U "

derivation



Goal: ®cinv(A) =p (% +1-— A)

D = pl A =pl —pL Carn = A+(1+¢€)l

Coin=p+1+el—pL=(p+1+eUIU" — pUdiag(A\)U "

= Udiag(p+e+1—pA)U "

derivation



Analyze Frequency Profile of GIN
* GIN on regular graphs

Proposition 3. For Corny = A+ (1+¢€)1, the frequency response is Parn(A) = p (% +1-— A)

for regular graphs, where p is the node degrees.

* GIN on general graphs

(14 €
q)G[N()\)FtSp( 5 —I—l—)\)



Analyze Frequency Profile of GIN

Parn(N) =p (2 +1-A)

Magnitude
Magnitude

i ‘"
Ig() -

0.5 R —
E’g@ T
-1} Va ]U@S-,l 5

(b) GIN on 1D (¢) GIN on CiteSeer



Analyze Frequency Profile of GIN

Porn(A) =p (% +1-— )\)

* GIN works as a filter
covers a specific
frequency
corresponding to €

Magnitude

9 3
* GIN is more expressive 2"
than GCN, but it still . , €
doesn’t cover the whole Eigen,, o Y. ey ol
es 2 ’

spectrum |
(b) GIN on 1D (¢) GIN on CiteSeer



Analyze Frequency Profile of GAT

* The convolution support of GAT depends on node features, which
makes it hard to derive a closed form frequency profile formula, but
we can still check the empirical result.



Analyze Frequency Profile of GAT

* The convolution support of GAT depends on node features, which
makes it hard to derive a closed form frequency profile formula, but
we can still check the empirical result.

Randomly simulate Train weights of all
attention weights attention heads
- Standard Deviation :“ :J

— Mean

[ -
[¥] FS
— b
- N &

Magnitude
Magnitude
Magnitude
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L
0 0.2 0.4 0.6
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Eigenvalue Eigenvalue

Eigenvalues

(a) Expected frequency response (b) Heat density map of learned fre- (c) Heat density map of learned fre-
from Simulation on Cora quency response on ENZYMES  quency response on PROTEINS



Why Do GCN, GIN, and GAT Work Well|?

* GCN, GIN and GAT obtain SOTA performance on reference node
classification datasets such as Cora, CiteSeer and Pubmed. These
good results are induced by the nature of the graphs to be processed.

Indeed, citation network problems, which are heavily assortative, are
inherently low-pass filtering problems.



In What Case Will GCN, GIN, and GAT Fail?

e Pattern classification

e Set up: generate images of random frequency patterns by a sinusoidal function
with frequency in [1-5]. O: frequency in [2-2.5] or [4-4.5]. 1: otherwise.




In What Case Will GCN, GIN, and GAT Fail?

e Pattern classification

e Set up: generate images of random frequency patterns by a sinusoidal function
with frequency in [1-5]. O: frequency in [2-2.5] or [4-4.5]. 1: otherwise.
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e Result

MLP GCN GIN GAT ChebNet
Accuracy 50 77.90 87.60 85.30 98.2
Loss 069 0454 0273 0324 0.062




Limitation of ChebNets?

* It is worth noting that, if we use enough convolution kernels, the
frequency response of ChebNet kernels covers nearly all frequency
profiles. However, these frequency responses are not specific to
special bands of frequency.



ChebNets v.s. CayleyNets

 Community detection of on a synthetic graph with 15 communities
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 Community detection of on a synthetic graph with 15 communities
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ChebNets v.s. CayleyNets

 Community detection of on a synthetic graph with 15 communities

N
~
-
2
=
: 5
. Z
.
.
.. -
...’. ° e
° «? $ a
.... ... a s.
LI o °
o.o..
o .'.°
.
®
[
* »
L
L ]

100
80
60
40
20

—— ChebNet
) CayleyNet

[
2 - 6 8 10 12

Order r

2

ChebNet 5\: -1
CayleyNet A — A1
WIEYNEE A= I+ i



ChebNets v.s. CayleyNets

 Community detection of on a synthetic graph with 15 communities
* CayleyNets are able to detect narrow frequency bands of importance,

and thus have greater flexibility

Accuracy %
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Order r
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ChebNet X\ — 2> _1
Cayl NtS\—h’\_i
WYL A = I+ i




Conclusion

* From a spectral perspective, current GNNs are limited

* To achieve better performance
e Use the most suitable model for a specific problem
* Develop more expressive model architecture
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