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2. Graph INRs
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3. Limitations of Spectral Graph Embeddings
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Fig. 1. Architecture for the Proposed Model
H, S, E = Embeddings for graph on hyperbolic, spherical,

2EYFHEF

and Euclidean spaces, respectively,
FC = Fully-connected layer,

IV, Experiments
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Table 1. Results for Graph Signal Learning Tasks

Dataset US Election Stanford Bunny
Model R® (1) | MSE (1) | R* (1) | MSE ()
Proposed 1.000 7.32:1077 1.000 7.89-107°
GINR 0.997 3.41-107° 1.000 8.18:107°
INR - - 1.000 8.45-107°
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Table 2. Results for Graph Signal Prediction Tasks

Dataset US Election Stanford Bunny
Model R® (1) | MSE (1) | R® (1) | MSE ({)

Proposed 0.434 6.64-107" | —0.210 | 6.97-107°
GINR 0.141 1.01-10° | -0.006 | 5.79:1073
INR - - 0.063 5.39:107°
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Fig. 2, Comparison of Signals on the Super-Resolved Stanford
Bunny Mesh,
(@) true signal, (b) proposed model, (c) GINR, (d) INR,
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Table 3. Results for 3D Mesh Super—Resolution Tasks

Model R* (1) MSE (1)
Proposed 0.715 3.48:1073
GINR -1.493 3.05-107°
INR 0.857 1.75:107°

V. Conclusions
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