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Figure 2: Overview of GrokFormer. In addition to the use of self-attention to capture global information in the spatial
domain, a novel Graph Fourier KAN is proposed in GrokFormer to achieve global graph modeling in the spectral domain.
This design enables a strong adaptability in both spectral order and graph spectrum, offering superior expressive power in
capturing diverse graph frequency signals. GrokFormer synthesizes the spatial and spectral representations by a standard
summation and normalization layer, followed by a Feed-Forward Network (FFN) layer for prediction.
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The Proposed GrokFormer Filter

K M
Z Z cos (mA®) - agp, + sin (MA¥) - by
k=1m=0

Order and Spectrum Adaptability

M K
A — Z (cos (MA*) - am +sin (MmA®) - by,) AN = Z arbi (M)
m=0 ol

Spectral Graph Convolution
X = U diag(h(\)UTX(D

Network Architecture of GrokFormer
x'® = EMHA (LN (X0-D)) + X0~ 4 x{)
X® = FFN (LN (X’(l))) + X0
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» Our graph filter is learnable in both spectral order and graph spectrum.

K M
oy — Z Ok Z (cos (m)\k) - Qkm + Sin (m)\k) : bkm)

k=1 m=0

» Existing polynomial filters are a simplified variant of our graph filter.

K
h(A) = a0+ oA + X + - ag A = " apA”
k=0

» Specformer filter is a simplified variant of our graph filter.

M
hs(A) = apA + Z (sin(mA) - a; + cos(mA) - b;)

1=1
» Our filter 4(A) can approximate any continuous function and constructs a

permutation-equivariant spectral graph convolution.
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Results

Table 2: Node classification results on five homophilic and five heterophilic datasets: mean accuracy (%) + std. The best
results are in bold, while the second-best ones are underlined. ‘OOM’ means out of memory

Homophilic Datasets Heterophilic Datasets
Cora Citeseer Pubmed Photo WikiCS  Physics | Penn94 Chameleon Squirrel  Actor Texas
Spatial-based GNNs
GCN 87.14+100 79.86+067 86.74+027 88.26+073 82.32+060 97. 741035 | 82.47+027 59.61+221 46. 7841087 33.23+116 T77.38+13
GAT 88.031079 80.52+071 87.041024 9094106z 83.221078 97.824028 | 81.534055 63.13+195 44491088 33931247 80.821+213
H2GCN 87.96+037 80.90+121 89.18+028 95454067 83.45+026 97.19+013 | 81.31+0e0 61.20+428 305341088 36.314258 91.89+3903
HopGNN 88.68+106 80.381068 89.15+035 94.49+033 84.73+0s9 97.86+016 | OOM 65.254349 57.831211 39.334279 89.1514m
Spectral-based GNNs
ChebyNet 86.67+0s2 79.11+075 87.95+028 93.77+032 82.95+04s 97.25+078 | 81.09+033 59.28+125  40.55+042 37.61+0s0 86.221245
GPRGNN 88.57+060 80.12+083 88.46+033 93.85+028 82.58+0s80 97.25+013 | 81.38+016 67.28+100  50.15+192 39.921067 92951131
BernNet 88.52+09s 80.09+079 88481041 93.63+03s 83.56+0s1 97.361030 | 82471021 68294158 51.35+013 41.79+100 93.12406s
JacobiConv 88.98+045 80.78+079 89.62+041 95431023 84.131049 97.56+028 | 83.35+0n1  74.20+1.03 57384125 41.17+0sa 93.441213
HiGCN 80.23+023 81.124028 89.95+013 95331037 83.1410718 97.65+035 | OOM 68.47 +0.45 51.86+042 41.81+t0s52 92.15+07
Graph Transformers
Transformer | 71.83+168 70.55+120 86.66+0s50 89.58+105s 77.36+125 OOM OOM 45.21+2m 33.17+132 39.95+060 88.751630
GraphGPS 83.42+122 75.87+om 86.62+053 94.35+t025 79.26+0s7 97.60+00s | OOM 46.07+151 34.141073 37.68+094 83.71+sss
NodeFormer | 87.32+092 79.56+110 89.24+023 95.27+022 81.03+09s¢ 96.45+028 | 69.66+083 56.34+1.11 434240162 34624152 84.631547
SGFormer 87.87+261 79.62+163 89.071014 94344023 82.7110s6 97.9610s1 | 76.65+040 61444137 45824217 41.69+063 92.461143
NAGphormer | 88.15+135 80.12+12¢ 89.70+019 95.49+011 83.41+034 97.851026 | 73.98+053 54924111 48.55+256 40.08+150 91.80+1s5
Specformer | 88.57+101 81.49+094 90.61+023 95481032 85.15+063 97.75+053 | 84.32+032 74.72+129  64.64+081 41.93+104 88.23+038
PolyFormer | 87.67+128 81.80+076 90.68+031 94.08+137 83.62+017 98.081027 | 79.27+026 60.17+139 44981303 41.51+0m 89.02+5.44
GrokFormer | 89571143 81921125 91.3910s1 95521052 85.57106s 98.31+0as | 83.59+1026 T75.58+173 65121150 42981148 94.591208
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