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Usually chosen as set-equivariant
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A function f: R™ %1 - R™*?z js set-equivariant iff for any Tasks: Auto-encode random d-dimensional point sets of size n.
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Else —|3‘|—|—|—Pq|—> Model Image size  APu AP, APy APy2s APpis  APposs
b-1 at+l iDSPN(z) = arg min L(Y, z,0) Slot MLP 128x128  19.8:05  Ldios 03202 00:00 00500 —
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Examples: E;?’,{?];dbzztszht ut set ¥, by minimizing L(¥, z, 6) = [lg(Y, 8) — z]| Slot Attentiont  128x128 906518 890421 84dizs  50.83:as  THiro —
) ,2,0) = ,0) —z -
push apart([1,2]) =[0,3] . f P 4 9 9 iDSPN 128x128  98.8+0s 08.5:0e 98.2:00 05.8207 76.9x2s 32.3:a0
- via gradient descent. iDSPN 256x256  99.4+0s  99.2:0s  99.010c  97.8:00 86910 472508
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push apart([Z, 1]) = [3, 0] . Image Ground-truth iDSPN 10 iterations iDSPN 20 iterations IDSPN 40 iterations
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