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Table 1. Taxonomy of spectral GNN filters with notable corresponding models included in this paper. “Param.”
represents learnable filter parameters acquired during model training, while “HP” represents tunable filter
hyperparameters acquired through hyperparameter search. “Time” and “Memory” are time and space com-
plexity for filter computation, respectively.

Type Filter→ Filter Function 𝐿 (L̃) Param. HP Time Memory Model†

Identity I / / 𝑀 (𝑁𝑂𝑃 ) 𝑀 (𝑂𝑃 ) MLP

Linear 2I ↑ L̃ / / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) I: GCN [46]

Impulse (I ↑ L̃)𝐿 / / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: SGC [102], gfNN [81],
GZoom [19], GRAND+ [26]

Monomial 1
𝐿+1

∑𝐿
𝑀=0 (I ↑ L̃)𝑀 / / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: S2GC [126], AGP [95], GRAND+ [26]

PPR
∑𝐿

𝑀=0 𝑅 (1 ↑ 𝑅 )𝑀 (I ↑ L̃)𝑀 / 𝑅 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 )
I: GLP [53], GCNII [80];
D: APPNP [47], GDC [32],
AGP [95], GRAND+ [26]

HK
∑𝐿

𝑀=0
𝑁↑𝑂𝑂𝑀

𝑀! (I ↑ L̃)𝑀 / 𝑅 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: GDC [32], AGP [95], DGC [99]

Fixed

Gaussian
∑𝐿

𝑀=0
𝑂𝑀

𝑀! (2I ↑ L̃)𝑀 / 𝑅 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: G2CN [51]

Linear (1 + 𝑆 )I ↑ L̃ 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) I: GIN [104], AKGNN [45]

Monomial
∑𝐿

𝑀=0 𝑆𝑀 (I ↑ L̃)𝑀 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: DAGNN [67], GPRGNN [17]

Horner
∑𝐿

𝑀=0 𝑆𝑀 (I ↑ L̃)𝑀 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (2𝑂𝑃 ) I: ARMAGNN [6], HornerGCN [35]

Chebyshev
∑𝐿

𝑀=0 𝑆𝑀𝑇
(𝑀 )
Cheb (L̃) 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (2𝑂𝑃 ) I: ChebNet [18]; D: ChebBase [40]

ChebInterp 2
𝐿+1

∑𝐿
𝑀=0

∑𝐿
𝑃=0 𝑆𝑃𝑇

(𝑀 )
Cheb (𝑈𝑃 )𝑇

(𝑀 )
Cheb (L̃) 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 +𝑁2𝑂𝑃 ) 𝑀 (2𝑂𝑃 ) D: ChebNetII [40]

Clenshaw
∑𝐿

𝑀=0 𝑆𝑀𝑇
(𝑀 )
Cheb2 (L̃) 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (3𝑂𝑃 ) I: ClenshawGCN [35]

Bernstein
∑𝐿

𝑀=0
𝑄𝑀
2𝐿

(
𝐿
𝑀

)
(2I ↑ L̃)𝐿↑𝑀 L̃𝑀 𝑆𝑀 / 𝑀 (𝑁2𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: BernNet [39]

Legendre
∑𝐿

𝑀=0 𝑆𝑀
(↑1)𝑀

𝑀!
(
2𝑀
𝑀

) (2I ↑ L̃)𝑀 L̃𝑀 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (2𝑂𝑃 ) D: LegendreNet [12]

Jacobi
∑𝐿

𝑀=0 𝑆𝑀𝑇
(𝑀 )
Jacobi (L̃) 𝑆𝑀 𝑅, 𝑉 𝑀 (𝑁𝑄𝑃 ) 𝑀 (2𝑂𝑃 ) D: JacobiConv [98]

Favard
∑𝐿

𝑀=0 𝑆𝑀𝑇
(𝑀 )
Favard (L̃) 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 +𝑁𝑂𝑃 ) 𝑀 (2𝑂𝑃 ) D: FavardGNN [36]

Variable

OptBasis
∑𝐿

𝑀=0 𝑆𝑀𝑇
(𝑀 )
OptBasis (L̃) 𝑆𝑀 / 𝑀 (𝑁𝑄𝑃 +𝑁𝑂𝑃 2

) 𝑀 (2𝑂𝑃 ) D: OptBasisGNN [36]

Linear
(channel-wise)

!𝑅
𝑆=1 (I ↑ 𝑊𝑆 L̃) 𝑊𝑆 / 𝑀 (𝑁𝑄𝑃 ) 𝑀 (𝑂𝑃 ) D: AdaGNN [21]

Linear
(LP, HP) 𝑊1 (I ↑ L̃) + 𝑊2L̃ 𝑊𝑆 / 𝑀 (𝑋𝑁𝑄𝑃 +𝑋𝑁𝑂𝑃 ) 𝑀 (𝑋𝑂𝑃 ) I: FBGCN (I/II) [72]

Linear
(LP, HP, ID) 𝑊1 (I ↑ L̃) + 𝑊2L̃ + 𝑊3I 𝑊𝑆 / 𝑀 (𝑋𝑁𝑄𝑃 +𝑋𝑁𝑂𝑃 ) 𝑀 (𝑋𝑂𝑃 ) I: ACMGNN (I/II) [71]

Linear
(LP, HP) 𝑊1 ( (𝑉 + 1)I ↑ L̃) + 𝑊2 ( (𝑉 ↑ 1)I + L̃) 𝑊𝑆 𝑉 𝑀 (𝑋𝑁𝑄𝑃 ) 𝑀 (𝑋𝑂𝑃 ) D: FAGNN [8]

Gaussian
(LP, HP)

∑𝑅
𝑆=1

∑↓𝐿/2↔
𝑀=0

𝑂𝑀
𝑆

𝑀! ( (1 + 𝑉𝑆 )I ↑ L̃)2𝑀 𝑊𝑆 𝑅𝑆, 𝑉𝑆 𝑀 (𝑋𝑁𝑄𝑃 ) 𝑀 (𝑋𝑂𝑃 ) D: G2CN [51]

PPR
(LP, HP)

∑𝑅
𝑆=1

∑𝐿
𝑀=0 𝑅𝑆 (1 ↑ 𝑅𝑆 )

𝑀
(I + 𝑉𝑆 L̃) (I ↑ L̃)𝑀 𝑊𝑆 𝑅𝑆, 𝑉𝑆 𝑀 (𝑋𝑁𝑄𝑃 ) 𝑀 (𝑋𝑂𝑃 ) D: GNN-LF/HF [127]

Bank

Mono, Cheb,
Bern, ID

∑Q
𝑆=1

∑𝐿
𝑀=0 𝑊𝑆𝑆𝑆,𝑀𝑇

(𝑀 )
𝑆 (L̃) 𝑊𝑆,𝑆𝑆,𝑀 / 𝑀 (𝑋𝑁𝑄𝑃 ) 𝑀 (𝑋𝑂𝑃 ) D: FiGURe [24]

→ Filter: LP = Low-pass, HP = High-pass, ID = Identity. † Model: I = Iterative architecture, D = Decoupled architecture.

2.1 Formulation of Spectral GNN Paradigm
Graph Notation. An undirected graph is denoted as G = ↗V, E↘ with 𝐿 = |V| nodes and𝑀 = |E |

edges. The adjacency matrix without and with self-loops are A and Ā = A + I, respectively. The
normalized adjacency matrix is Ã = D̄𝑌↑1ĀD̄↑𝑌 , where D̄ is the self-looped diagonal degree matrix
and 𝑁 ≃ [0, 1] is the normalization coe!cient [95, 107]. The attributed graph is associated with a
node attribute matrix X ≃ R𝑂⇐𝑃 , carrying an 𝑂 -dimensional attribute vector for each node.
Spectral Graph Theory. Spectral graph theory [20] relate the graph with signal processing
techniques, which utilizes the graph Laplacian matrix L = D ↑ A or its normalized counterpart
L̃ = I ↑ Ã. Graph Laplacian leads to its eigen-decomposition L̃ = U!U⊋ , where the graph spectrum
! = diag(𝑃1, · · · , 𝑃𝑂) is the diagonal matrix of eigenvalues 0 = 𝑃1 ⇒ 𝑃2 ⇒ · · · ⇒ 𝑃𝑂 ⇒ 2, and U is
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Table 5. E!ectiveness results (%) and standard deviations of spectral filters with full-batch training on
available datasets. For each dataset, results are highlighted based on the relative e!ectiveness among filters,
where green results are be"er.

Type Filter !"#$ !%&’(’’# )*+,’- ,%.’ /’(&%".( &"0"1’#( 20%!1# $#3%4 ,$5 !6$,. (/%##’0 $!&"# #",$. #$&%.5( 7’$# )’..94 5’.%*( &8%&!6 )"1’!

Fixed

Identity 72.37±2.02 72.24±1.51 87.74±0.62 50.52±2.42 71.29±1.81 72.30±1.09 46.83±0.30 53.46±0.49 25.43±1.21 31.60±2.28 29.18±6.07 35.32±1.31 64.64±0.72 41.87±0.54 35.14±0.03 74.22±0.73 86.21±0.11 97.73±1.45 62.21±0.07
Linear 86.14±1.15 74.07±1.91 85.15±0.75 68.50±1.49 71.47±0.70 72.74±1.55 50.55±0.46 65.56±1.86 31.52±0.97 40.66±2.70 36.43±2.42 26.88±1.43 37.60±0.68 42.17±0.42 44.52±2.04 63.57±9.48 85.71±3.76 96.93±0.06 51.59±1.54
Impulse 84.43±0.82 74.24±2.19 83.38±0.54 64.06±1.61 69.24±1.37 56.75±2.13 49.92±0.23 63.84±1.58 29.32±1.57 37.57±3.71 35.48±2.12 25.67±1.13 27.37±3.27 31.67±3.94 40.68±0.46 51.00±2.85 88.02±0.15 96.93±0.06 51.40±0.81
Monomial 86.28±1.72 75.21±1.62 89.07±0.49 70.21±1.46 66.61±6.57 76.51±1.36 50.27±0.73 59.41±0.55 32.41±0.57 39.82±3.38 38.31±2.64 37.84±1.65 63.44±1.48 44.57±1.12 44.74±2.55 75.27±0.29 88.30±0.07 96.99±0.10 60.06±0.22

PPR 86.58±1.96 76.09±2.30 89.12±0.39 67.97±1.95 64.19±3.85 76.82±2.37 49.45±0.72 65.14±1.06 26.18±0.96 38.20±3.82 35.73±1.45 36.77±1.29 63.78±1.72 39.38±0.49 41.21±0.48 74.14±0.24 88.31±0.16 97.15±0.35 59.91±0.22
HK 86.02±1.53 74.62±1.96 89.15±0.66 72.95±1.15 70.71±1.64 76.72±1.91 47.15±0.06 69.26±0.37 23.53±1.04 40.10±4.77 37.89±2.27 37.57±1.04 65.08±1.08 41.40±0.91 44.62±0.98 74.59±0.34 88.31±0.21 96.94±0.08 62.10±1.09

Gaussian 86.44±1.02 75.36±1.64 88.97±0.73 72.61±1.09 66.25±3.71 78.32±1.69 46.67±0.30 63.72±0.83 27.87±3.45 36.38±4.57 36.35±1.36 37.35±1.22 64.04±0.90 41.68±0.40 46.11±1.94 74.64±0.17 87.93±0.21 97.63±0.06 59.95±0.06

Variable

Linear 85.72±1.46 75.17±1.95 85.50±0.69 72.41±1.21 68.97±3.02 72.04±6.40 50.53±0.10 63.69±1.22 31.11±0.60 40.66±3.57 37.61±2.27 26.81±1.71 31.16±0.86 43.83±1.36 46.58±0.63 70.81±0.09 88.42±0.11 97.18±0.49 (OOM)
Monomial 86.85±0.65 76.18±1.86 89.05±0.77 89.26±0.80 65.29±4.63 78.95±0.72 52.23±1.30 65.47±1.37 32.03±1.38 40.10±3.84 36.94±1.97 34.95±1.64 64.16±1.68 39.50±1.38 46.19±0.50 75.23±0.99 88.42±0.06 96.91±0.07 59.10±1.49
Horner 86.39±2.06 75.44±1.83 89.71±0.48 88.53±1.06 64.01±1.32 77.40±0.69 52.94±0.46 62.94±2.40 29.71±0.55 40.59±3.09 33.74±1.24 37.67±1.43 58.27±2.38 41.82±1.81 48.43±0.48 74.56±0.39 88.43±0.99 96.93±0.06 72.02±0.82

Chebyshev 85.95±1.13 75.38±2.13 89.14±0.61 89.92±0.78 62.65±4.21 78.85±0.83 55.11±0.14 66.31±0.61 30.90±1.42 33.71±3.30 37.11±2.39 35.76±1.03 67.92±2.22 39.70±1.17 42.91±1.42 84.31±0.27 87.47±0.03 96.93±0.06 54.26±0.43
Clenshaw 83.90±1.98 73.63±1.83 88.49±2.85 88.70±1.33 62.49±5.24 79.66±0.54 52.46±0.38 47.25±10.56 24.06±5.66 30.62±2.91 34.66±0.56 36.11±1.95 70.37±3.27 40.44±3.20 43.72±2.00 82.55±0.33 87.40±0.12 96.98±0.04 53.02±0.29
ChebInterp 83.52±5.59 66.96±6.76 89.72±0.87 89.43±0.86 68.15±5.93 80.27±0.91 54.97±2.55 62.81±1.84 23.25±3.75 30.41±4.08 35.59±1.74 35.78±2.29 69.38±1.98 36.70±0.14 46.50±0.06 82.26±1.37 79.65±7.86 96.93±0.07 69.15±0.10
Bernstein 71.03±2.49 62.21±2.39 84.24±0.97 87.38±1.12 62.51±2.89 76.36±1.24 47.95±0.56 48.86±0.73 13.83±3.31 34.97±3.41 35.84±1.81 34.90±0.97 46.77±2.18 27.56±2.78 43.08±0.21 81.36±0.56 87.32±0.10 96.92±0.06 72.03±0.21
Legendre 87.68±0.96 74.75±2.13 89.72±0.36 89.86±0.76 66.36±2.00 79.04±2.09 48.86±0.92 59.04±1.84 25.00±2.69 36.17±2.48 36.94±2.39 37.69±1.43 59.00±6.53 42.90±0.22 44.64±3.46 84.43±0.51 87.79±0.71 96.95±0.04 57.76±0.21
Jacobi 87.02±0.87 75.25±2.28 89.35±0.95 89.48±0.80 68.08±1.57 78.13±2.62 49.09±0.55 38.92±2.73 28.58±1.78 37.43±4.48 34.86±1.74 30.28±1.91 64.77±1.74 43.58±0.98 48.38±0.07 84.77±0.48 87.67±0.27 97.16±0.35 56.15±3.20
Favard 86.14±1.60 73.29±2.77 89.18±1.00 89.74±0.79 58.86±4.25 74.51±4.90 42.26±0.00 64.53±0.35 31.29±0.95 30.83±5.11 36.54±2.69 35.97±1.58 70.82±0.86 40.98±3.44 48.05±0.20 79.59±9.46 86.82±0.24 97.67±0.66 (OOM)
OptBasis 80.74±2.03 69.65±2.84 89.28±0.75 88.73±0.51 56.31±7.84 79.93±1.25 44.81±1.21 58.67±1.92 (OOM) 35.53±2.54 34.13±1.09 36.88±1.13 72.76±1.06 41.65±0.73 48.98±0.08 80.72±4.70 87.80±0.69 97.39±0.44 (OOM)

Bank

AdaGNN 85.45±1.25 74.52±2.09 89.82±0.65 85.83±4.37 67.48±1.86 79.65±1.29 53.55±0.75 54.62±2.20 28.06±5.25 36.10±4.05 38.62±2.19 36.77±1.23 64.62±0.89 39.39±1.48 46.41±0.58 77.02±1.94 87.73±0.36 97.17±0.42 63.99±1.00
FBGNNI 81.43±5.82 73.56±1.36 87.06±0.85 89.60±3.13 61.14±3.56 76.63±2.09 51.08±0.66 63.73±3.91 (OOM) 35.88±3.40 33.20±2.22 34.66±1.72 60.35±1.52 40.36±1.71 47.70±0.48 68.67±2.35 87.62±0.31 97.63±0.14 (OOM)
FBGNNII 81.18±4.04 73.08±2.08 88.12±0.91 84.37±3.70 62.72±5.60 77.31±1.48 52.84±1.12 66.76±3.93 (OOM) 39.97±4.30 34.05±1.66 36.02±1.18 58.82±2.97 42.91±0.41 45.14±2.53 72.22±0.35 82.11±0.36 97.77±0.24 (OOM)
ACMGNNI 85.12±1.98 74.62±1.90 88.70±0.94 86.21±4.93 56.29±7.46 80.30±1.85 51.04±1.07 69.41±0.51 (OOM) 38.83±4.15 22.78±6.72 35.73±0.81 55.79±2.70 42.13±0.25 43.46±2.03 72.50±0.27 85.73±1.86 96.93±0.06 (OOM)
ACMGNNII 84.16±4.09 73.95±2.11 89.16±0.54 86.23±3.50 52.93±5.17 84.51±1.09 52.83±1.65 54.49±2.39 (OOM) 35.04±4.34 34.69±1.42 32.50±3.91 55.20±2.08 40.04±2.83 46.94±0.37 73.96±0.30 87.44±0.37 97.08±0.25 (OOM)
FAGNN 85.45±0.85 75.53±1.58 87.19±1.36 73.98±2.10 66.95±4.62 74.99±1.20 50.06±1.75 67.51±0.40 30.78±1.89 37.71±2.79 35.34±1.62 26.50±1.77 39.50±0.36 43.28±0.77 48.25±0.28 67.15±2.28 88.13±0.16 97.06±0.21 53.55±0.28
G2CN 85.12±3.32 75.50±1.44 88.67±0.69 67.98±1.24 68.95±2.30 77.91±1.95 51.83±0.21 68.96±0.92 29.72±2.17 40.45±2.75 34.63±1.12 35.76±1.22 61.45±1.89 44.35±1.35 48.29±0.46 77.26±0.65 88.37±0.27 97.43±0.15 54.13±0.04

GNN-LF/HF 86.83±0.98 75.53±1.67 89.03±0.66 87.80±0.77 60.29±3.55 78.27±2.02 52.34±0.19 60.97±0.32 27.63±0.48 36.80±2.40 36.04±2.04 34.29±2.07 62.68±3.63 38.72±0.04 41.28±0.26 74.54±0.68 87.81±0.11 97.02±0.14 63.06±0.23
FiGURe 87.04±0.99 74.49±1.71 88.22±0.95 89.71±0.56 65.38±8.16 79.76±1.39 53.02±0.65 67.57±0.40 29.43±2.18 34.90±1.63 39.16±1.24 33.45±1.09 62.84±1.45 41.69±0.34 44.14±3.99 83.30±0.31 88.19±0.83 97.15±0.38 (OOM)

In this section, we analyze the e!ectiveness among the "lter variants, particularly focusing on two
aspects: "lters under varying degrees of heterophily and "lters across di!erent categories.

RQ3: How do the graph pattern of homophily/heterophily a!ect "lter e!ectiveness?

As introduced in Section 2.1, under homophily, simple "lters such as Linear can leverage graph induc-
tive bias in low-frequency components and bene"t e!ectiveness over Identity [31]. On conventional
homophilous graphs (!"#$ and )*+,’-), it is common that a large part of "lters can achieve top-tier
accuracy within the error interval. This observation indicates that the graph signal is relatively
easy to learn, and is in line with other recent GNN evaluations [74, 87]. With proper settings,
even conventional !xed !lters such as PPR andHK can deliver satisfying performance.
Contrarily, variable "lters and "lter banks (AdaGNN and FiGURe) are superior on &"0"1’#( and
,%.’(8’’)’#. Although these graphs are also classi"ed as homophilous, we deduce their graph
patterns are more complex than simple low-frequency clustering, and thus demands more adaptive
"lters.
The scenario of heterophily is more challenging, as the local graph structure does not assist

graph learning and entails advanced "lters featuring high-frequency spectral signals, i.e., "lters
emphasizing 𝐿𝐿 for larger 𝑀-s under our polynomial formulation Eq. (1). Empirical results in
Table 5 support the design intuitive, as low-pass "lters (Linear, Impulse) fail on heterophilous graphs,
sometimes performing even worse than Identity. Filters incorporating high-pass components
are e"ective in learning under heterophily. This guideline applies to all "lter categories: for
"xed "lters, this can be achieved by increasing the hop number 𝑁 (Monomial) or reducing the decay
factor 𝑂 (PPR, Gaussian). For variable "lters, it is usually bene"cial to select bases that facilitate
learning for high-frequency parameters (Horner, Bernstein) [70]. Meanwhile, there are also critiques
that some variable bases, includingMonomial and Bernstein, prioritize heterophilous accuracy and
sacri"ce their capability under homophily [70].

RQ4:What is the impact of variable and "lter bank designs on "lter e!ectiveness?

In our taxonomy Table 1, we identify the di!erent designs of "lter parameterization, typically
discriminating "xed, variable, and "lter bank designs. Our observation in Table 5 suggests that,
di"erent designs do not guarantee improved accuracy on certain graphs, but may bene!t
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Effectiveness

Larger graph 
→Global view
→ Varied accuracy
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(a) !"##94 (b) !$%"& (c) ’#(! (d))*%*
Fig. 2. Comparison of filter time and memory e!iciency under mini-batch (MB, upper axis) and full-batch
(FB, lower axis) training on four medium- to large-scale datasets. Note that FB and MB axes may be on
di!erent scales. Empty bars are models with OOM error.

to successfully scale up an array of advanced spectral GNNs to these million-scale datasets and
comprehensively characterize the performance.
Another advantage of MB lie in time e!ciency. Even though FB for some !lters is applicable

to some million-scale graphs (!"#$%, &’(!), the training time is excessively long.MB achieves a
signi!cant 10→50↑ speedup by decoupling the computation-intensive propagation operations and
simplifying the iterative training. Moreover, the speedup is mainly observable on large-scale
datasets, while FB and MB present the same level of overall time on medium-sized graphs (!$’’94).
This can be explained by RQ1, as the increase in e"ciency stems from faster propagation and is
only e#ective when propagation is the bottleneck.
By summarizing RQ1&2, we conclude our guidelines for employing mini-batch training:

Firstly, MB is particularly suitable for !lters without variable parameters, showcasing faster com-
putation and a smaller memory footprint thanks to better device utilization. Another ideal use
case arises when FB for complex !lters is prohibitive due to memory constraints. MB is capable of
conducting graph !ltering operations on CPU and storing full-scale representations in RAM at the
cost of increased CPU/RAM usage. Even so, since GPU memory often has stricter constraints on
practical platforms, MB with GPU memory complexity independent of the graph scale is favorable
for deploying spectral GNNs across a wider range of environments.

5.2 E!ectiveness
Our benchmark speci!cally features the !lter e#ectiveness from the varied ancillary settings,
aiming to demystify their capability in processing graph signals with fair comparison. Table 5
displays the !lter accuracy with decoupled architecture and full-batch training. In particular, Identity
represents the baseline without graph information. Our results align with previous evaluations
involving spectral GNNs such as [7, 63, 85] and are mostly comparable to those in the original
papers listed in Table 1.

5.2.1 Filter-level Comparison. As an overview, our results suggest that !lter e"cacy depends
on graph patterns, and no single !lter consistently achieves dominant accuracy across all scenarios.
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Efficiency

Effectiveness → Dominated by spectral property

Time: Feature Transformation →Graph operation 
Memory: Network Parameters →Graph features

• Scalability bottleneck → faster graph operations 
Small scale: network-dominant  
Large scale: graph-dominant

• Effectiveness → understand graph pattern
Suitable filter: graph-specific improvement
Variable params: benefit generality

• Effectiveness vs Efficiency → not mutually exclusive
Simple filters: can excel in common tasks
Complicated designs: need to consider overhead


