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Problems with Brute-Force
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Multirate Processing of Graph Signals Decimation & Expansion

M -Fold Decimation

D : CN Ñ CN{M

Dx

Which samples to keep?

Assume an appropriate permutation (labeling) of the nodes

Keep the first N{M samples

Why? Labelling of the nodes is arbitrary!

Definition (Canonical Decimator)

D “
“
IN{M 0N{M ¨ ¨ ¨ 0N{M

‰
P C

pN{MqˆN ,

which retains the first N{M samples of the given graph signal.
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Multirate Processing of Graph Signals M -Block Cyclic Graphs

M -block cyclic graphs

aO. Teke and P. P. Vaidyanathan. "Extending Classical Multirate Signal
Processing Theory to Graphs". IEEE Trans. Signal Process. (Submitted).

b
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structure a b
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bD. S. Watkins. "Product eigenvalue problems" SIAM Review, 2005
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4S.K. Narang and A. Ortega. “Perfect Reconstruction Two-Channel Wavelet Filter Banks for Graph Structured Data".
IEEE Trans. Signal Process. 60.6 (2012), pp. 2786–2799.
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Band-Limited Signals & Decimation on M -Block Cyclic
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Not true for an arbitrary x !

For kth-band-limited signals, x can be recovered from Dx
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M -Channel Filter-Banks (kth-Channel)
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A needs to have distinct eigenvalues.5 6

5O. Teke and P. P. Vaidyanathan. "Extending Classical Multirate Signal Processing Theory to Graphs – Part I: Fundamentals".
IEEE Trans. Signal Process. (Submitted).

6A. Sandryhaila and J. M. F. Moura. "Discrete Signal Processing on Graphs".IEEE Trans. Signal Process. 61.7 (2013)
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Eigenvector Property : vi,j+k “ Ω

k vi,j

Eigenvalue Property : λi,j+k “ wk λi,j

For any polynomial HpAq

HpQAQ-1q “ QHpAqQ-1 for any invertible Q

x H0pAq rD rU F0pAq
...

...
...

...

HM -1pAq rD rU FM -1pAq

` y

rD and rU have higher complexity, but no restrictive assumptions on A.
7O. Teke and P. P. Vaidyanathan. "Extending Classical Multirate Signal Processing Theory to Graphs – Part I: Fundamentals".

IEEE Trans. Signal Process. (Submitted).
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