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Goal input Experimental Evaluation

Classical CNN Graph CNN Spectral Patterns sample spectral coefficients with
class-dependent support in powerset Fourier domain.

—> given such a signal, what is the generating class?

k-Junta sample set functions that only depent on k of
the n elements of the ground set. = given a k-junta,

whatisk? Thereis N’ C N with |N'| = k: s(A) = s(ANN").

Submodularity sample submodular and almost sub-
modaular set functions = given a set function, is it

submodular? For A C B : s4u{z) — 54 = SBU{z} — SB-

std. convolution graph convolution

New Powerset CNN
: Hyperedge Closure a set of vertices is called open if
11,72, %3 new powerset convolution

. . . it is a clique in the 2-section of the hypergraph and not
new powerset poollng Pattern MatCh I ng Pe rS pec.tlve POwe rSEt CN N contained in a hyperedge. > given a Subhypergraph, IS it open
port deep learning toolbox or closed? (COAUTH10, CON10)
powerset signal = set function o
ML objective functions (e.g., SIS), Let h € R® be a filter. Convolutional Layer Source Hypergraph sample subhypergraphs from
different source hypergraphs. = given a hypergraph, what is
n. input-, n s output channels, and o(z) = max(0, z): the source hypergraph? (DOM4, DOM6)

entropy of RVs, valuation functions,
coalition games, hypergraph cuts,...

Pattern p4 = argmax (hxs)y

SERQn:HSH=1 t(j) B (Z
Derivation: Algebraic Signal Processing (ASP) | A T O0\Z=1

shift equivariant

1 : Pooling Layer
convolution i

shift —— — neural layers etc.

Images h=-1 1 Y= . n. input-, n. output channels:

: 5 #() — P(s(i)) 2-section hypergraph  subhypergraph
Powerset Convolution at any location

L e.g., combine elements in N Results
(h x S)i,j — E hk,lsi—k:,j—l — E hi—l—k,j+lsk,l or combine elements in 2N Patterns k-Junta  Submod. | COAUTHI0 CON10 DOM4 DOM6

Baselines

Consider the gI'OUIld set NV = {Ll?l, S, {Bn} k,leZ k,leZ MLP 46.8+£3.9  43.2+£25 | 80.7+02 66.1+18 93.6+02 TL140.3
L-GCN 52.5£0.9  69.3+2.8 - | 847409 67.2+1.8 96.0+0.2 73.740.4

Groundset POOII“Q L-GCN pool 450+1.0 609+15 | 832407 657410 932411 717405
Powerset patterns L-GCN pool avg. 421403 643£22 822404 | 568+11 641+£17 88403 628+0.4

A-GCN 65.5 + 0.9 95.8 £ 2.7 80.5 £ 0.7 649+ 1.8 93.9=0.3 69.1 £ 0.5

ldea: combine two elements A-GCN pool 569422 919421 89.84+1.8| 841406 660+L16 938+03 707404

A-GCN pool avg. 548+ 0.9 958+ 1.1 84.8+1.9 64.8 £ 1.1 65.4 4+ 0.7 92.7 £ 0.6 67.9£0.3
Proposed models

! . /. /
U — {331,332} and N’ := {ZL’ g L3y e ,.CCn} +PCN 88.5+4.3 97.2+23 88.6+0.4 | 80.6£07 628+29 941+03 705+0.3

L *PCN pool 80.94+09 96.0£16 8.1+1.8| 826+£04 629+20 94.0£03 70.2+£0.5

«PCN pool avg.  75.9+19  965+0.6 87.0+1.6 | 80.6+05 634+35 944+03 73.0+0.3

S$193 o-PCN - 97.5+1.4 -| 836+04 68.7£1.3 93.7£02 69.9+0.3

Ty, 9 T, T3 ) 5123 o-PCN pool - 964+1.7 84.8+0.3 682+08 93.6+03 703104

@ x - o-PCN pool avg.  54.84+1.9 96.6+0.7 80.9+2.9 83.3+05 67.0+20 94.8+0.3 73.5+0.5
. .
1 3 x' = {xy, 20}

@ : . . . ” S P Algebraic Signal Processing
1 3

SQ https://www.ece.cmu.edu/~smart/  https://acl.inf.ethz.ch/research/ASP/

Powerset = Hypercube

L1,L2,T3

Signal (= set function)

n (S o oo 1t LU, - A
S = (SA)AQN c R? (A\{z’ HU

. Framework to generalize standard DSP
S A otherwise.

) \ ASP is constructive: derived from shift
Shifted Signal - Powerset Pooling

—2

for all Q C N Idea: remove an element N’ := N\ {z1}

Tos = (sa\Q)acN General Equation 5193

maX(823, 8123)
1D space shift 1D generic next 2D quincunx

Filter (= set function) Z hQSA\Q _ Z Z ho,U0. SA\Q, (yields DCTs/DST) neighbor shift shifts
h = (hQ)QCN - Rzn QCN Q1CA \Q2CN\A max(ss, 513) . W,
=:h/

Convolution Equivariance Q1 .- \./ e
ap HBCA /\
(h*S)A — ZQQN hQSA\Q h*TQS — TQ(h*S) o o

otherwise. 2D hexagonal shifts graph shift set shifts

(yields graph DSP)




