
Multiset-equivariance without set-
equivariance is the proper permutation 
symmetry for set prediction and enables 
separating equal elements.

Tasks: Auto-encode random 𝑑-dimensional point sets of size 𝑛.

Examples:

Usually chosen as set-equivariant 
(permutation-equivariant)

CNN Set Prediction
Neural Network

Latent set

Prediction

Q: Can set-equivariant neural networks represent push_apart?

Definition of push_apart 𝑎, 𝑏 :
Push smaller to the left and larger to the right.

Examples:
push_apart 1, 2 ൌ 0, 3

push_apart 2, 1 ൌ 3, 0

Looks like it’s set-equivariant, but what if 𝑎 ൌ 𝑏?

push_apart 1, 1 ൌ 0, 2

push_apart 1, 1 ൌ 0, 2

A: Set-equivariant functions cannot represent push_apart!

iDSPN 𝒛 ൌ arg min
𝐘

 𝐿 𝒀, 𝒛,𝜽

Forward-pass:
Find the best output set 𝒀, by minimizing 𝐿 𝒀, 𝒛,𝜽 ൌ 𝑔 𝒀,𝜽 െ 𝒛
via gradient descent.

Backward-pass:
Calculate gradients for 𝚯 ൌ 𝐳,𝜽 using (approximate) implicit 
differentiation. In detail, the optimality condition is:

∇𝒀𝐿 𝒀∗,𝜽 ൌ 0
We differentiate both sides to get a linear system 𝑯𝑿 ൌ 𝑩:

𝜕∇𝐘L 𝐘∗,𝚯  
𝜕𝒀∗

𝜕𝒀∗ 𝚯
𝜕𝚯 ൌ െ

𝜕∇𝒀𝐿 𝒀∗,𝚯
𝜕𝚯

Solving the linear system for 𝑿 gives us the Jacobian for backprop.

Example: Given 𝑎,𝑎, 𝑏, 𝑏, 𝑏 , number each letter separately: 
𝑎, 0 , 𝑎, 1 , 𝑏, 0 , 𝑏, 1 , 𝑏, 2 .

Previous notion of permutation equivariance:
A function 𝑓:ℝ௡ൈௗభ → ℝ௡ൈௗమ is set-equivariant iff for any 
permutation matrix 𝑷:

𝑓 𝑷𝑿 ൌ 𝑷𝑓 𝑿

Better:
A function 𝑓:ℝ௡ൈௗభ → ℝ௡ൈௗమ is multiset-equivariant iff for 
any permutation matrix 𝑷ଵ, there exists 𝑷ଶ such that 
𝑷ଵ𝑿 ൌ 𝑷ଶ𝑿:

𝑓 𝑷ଵ𝑿 ൌ 𝑷ଶ 𝑓 𝑿

Equivariance: Role in Set Prediction

Limitation of Set-Equivariance

Multiset-Equivariance

Implicit Deep Set Prediction Networks

Multiset-equivariance more powerful than set-equivariance

Implicit DSPN greatly improves over baseline DSPN

Much more precise than SotA on CLEVR Object Prediction

Video, code, pre-trained models and run statistics available at
https://github.com/davzha/multiset-equivariance
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