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Background of Set Function Learning
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Data Generation Process:

𝑆∗ = argmax
"∈$!

𝐹%∗(𝑆; 𝑉)
∼ 𝕡 𝑆, 𝑉 =: 𝛿!"!∗|$
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Ground set 𝑉 Utility function
𝐹6∗ ⋅; 𝑉 : 27 → ℝ

Optimal subset 𝑆∗
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𝑆∗ = argmax
"∈$!

𝐹%∗(𝑆; 𝑉)

𝐹"∗ 𝑆; 𝑉 = ∑#"∈% 𝕀 𝑠& 𝑖𝑠 𝑚𝑎𝑙𝑒 − 𝕀 𝑠& 𝑖𝑠 𝑓𝑒𝑚𝑎𝑙e

Compound selectionSet anomaly detection
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Setting: Training data is given in form of V&, S'∗ '()
*

Ground set 𝑉 Optimal subset 𝑆∗
Cannot access

( ),𝐹"∗



Background of Set Function Learning
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Goal: Learn a surrogate 𝐹% to approximate the oracle utility function 𝐹%∗ .  

𝑆∗ = argmax
"∈$!

𝐹% 𝑆; 𝑉 , ∀ 𝑉, 𝑆∗ ∈ V&, S'∗ '()
*

Setting: Training data is given in form of V&, S'∗ '()
*

Ground set 𝑉 Optimal subset 𝑆∗

( ),𝐹"∗

Cannot access



Learning Set Function Under the OS Oracle
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argmax
%

𝔼ℙ "∗,0 [log 𝑝% 𝑆∗ 𝑉 ]

𝑠. 𝑡. 𝑝% 𝑆 𝑉 ∝ 𝐹% 𝑆; 𝑉 , ∀𝑆 ∈ 20

Empirical distribution

Monotonically grows with the utility function 

Maximum Likelihood:



Learning Set Function Under the OS Oracle MLE
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How to construct a proper set mass function 𝒑𝜽(𝑺|𝑽)?

argmax
%

𝔼ℙ "∗,0 [log 𝑝% 𝑆∗ 𝑉 ]

𝑠. 𝑡. 𝑝% 𝑆 𝑉 ∝ 𝐹% 𝑆; 𝑉 , ∀𝑆 ∈ 20

Empirical distribution

Monotonically grows with the utility function 

Maximum Likelihood:



Learning Set Function Under the OS Oracle MLE
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Desiderata:

Permutation invariance

( ),𝐹" ( ),𝐹"=

Varying ground set

……

( )𝐹" ; ( )𝐹" ;

Maximum Likelihood:
argmax

%
𝔼ℙ "∗,0 [log 𝑝% 𝑆∗ 𝑉 ]

𝑠. 𝑡. 𝑝% 𝑆 𝑉 ∝ 𝐹% 𝑆; 𝑉 , ∀𝑆 ∈ 20



Energy-based Modeling for Set
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p% S V =
exp(F%(S; V))

𝑍 Partition function 𝑍 ≔ ∑%⊆( exp(𝐹"(𝑆; 𝑉))

DeepSet for Permutation Invariance & Varying Ground Set:

𝑠)
𝑠*

𝜅
𝜅(𝑠!)

𝜅(𝑠") 𝑍

𝜌 𝐹"(𝑆; 𝑉)

𝑠 ∈ ℝ% ℝ%×' ℝ' ℝ

Input Output

Transform Aggregate Transform

Zaheer Kottur, Ravanbakhsh, Poczos, Salakhutdinov and Smola. Deep sets. NIPS 2017.



Training Discrete EBMs

101010

𝜓∗|% = argmin
3

𝕂𝕃(𝑞4(𝑆; 𝜓)‖𝑝%(𝑆))

𝜃∗ = argmin
%

∑&()5 [−∑6∈";∗ log𝜓6
∗|% − ∑6∈0;\8;∗ log(1 − 𝜓6

∗|%)]

𝑞 𝑆; 𝜓 = ∏&∈%𝜓&∏+∉%(1 − 𝜓+) , 𝜓 ∈ 0,1 |(|𝜓∗ is	differentiable	w.r.t. 𝜃

Justin Domke. Learning graphical model parameters with approximate marginal inference. PAMI 2013.
.

Marginal-based Loss:

Training	𝜃 by	differentiating	through	𝜓∗ using	cross	entropy	loss		
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𝜓∗|% = argmin
3

𝕂𝕃(𝑞4(𝑆; 𝜓)‖𝑝%(𝑆))

𝜃∗ = argmin
%

∑&()5 [−∑6∈";∗ log𝜓6
∗|% − ∑6∈0;\8;∗ log(1 − 𝜓6

∗|%)]

𝑞 𝑆; 𝜓 = ∏&∈%𝜓&∏+∉%(1 − 𝜓+) , 𝜓 ∈ 0,1 |(|𝜓∗ is	differentiable	w.r.t. 𝜃

Justin Domke. Learning graphical model parameters with approximate marginal inference. PAMI 2013.
.

Marginal-based Loss:

Mean-field inference
to optimize 𝜙

Minimize cross entropy
to optimize 𝜃

Iter 1
……

Mean-field inference
to optimize 𝜙

Minimize cross entropy
to optimize 𝜃

Iter 2 Iter 

𝑁 − 1

𝑞# 𝑝" 𝕡

Initialization

Iter 𝑁

Optimal

𝑞# ≈ 𝑝" ≈ ℙ

Training	𝜃 by	differentiating	through	𝜓∗ using	cross	entropy	loss		



EquiVSet Overview
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𝜓∗|% = argmin
3

𝕂𝕃(𝑞(𝑆; 𝜓)‖𝑝%(𝑆))

𝜃∗ = argmin
%

∑&()5 [−∑6∈";∗ log𝜓6
∗|% − ∑6∈0;\8;∗ log(1 − 𝜓6

∗|%)]

Equivariant Variational inference for Set function learning (EquiVSet)



Applications
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EquiVSet achieves SOTA results on 3 different tasks!!!

EquiVSet

Product Recommendation

Set Anomaly Detection Compound Selection



Applications: product recommendation
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EquiVSet achieves improvements up to 33% on average



Code is available at: https://github.com/SubsetSelection/EquiVSet
ü Welcome to try it out in Colab:

Thank you!

https://github.com/SubsetSelection/EquiVSet

