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. Background of Set Function Learning

A Database &, Customer

S ¢ PSR

Utility function

Ground set V/ Foe (V) VR

Data Generation Process:

S* = argmax Fy-(S; V)
se2V
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t® Shopping cart

Optimal subset §*

~ (S, V) =:8s=s*v
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. Background of Set Function Learning

S§* = argmax Fy:(S; V)
se2V

Set anomaly detection Compound selection
i

Qo< O,\K.O}{}

O

Drug-like & Lead-like

Fg+(S;V) = Xs,es 1(s; is male) — 1(s; is female)
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. Background of Set Function Learning

Setting: Training data is given in form of {(V;, S}y,

N a3t 20
- N
Cannot access

Ground set V Optimal subset S*
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Setting: Training data is given in form of {(V;, S}y,

N gt

L\' Cannot access

\!

Ground set V Optimal subset S*

Goal: Learn a surrogate Fy to approximate the oracle utility function Fy-.

S* = argmax Fy(S;V),v(V,S*) € {(V;, SH}L,
se2V
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Empirical distribution

Maximum Likelihood: .
argmax Ep(sev)[logpe(S*|V)]

5. t.pg(S|V) o Fo(S; V), VS € 2V
?

Monotonically grows with the utility function
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Empirical distribution

Maximum Likelihood: .
argmax Ep(sev)[logpe(S*|V)]

5. t.pg(S|V) o Fo(S; V), VS € 2V
?

Monotonically grows with the utility function

How to construct a proper set mass function py(S|V)?
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Maximum Likelihood:
Argmax Ep(s* 1 [logpe(S™|V)]

s.t.pg(S|V) < Fg(S;V),vS € 2¥

Desiderata:

Permutation invariance

BCTA) = ACNLE

Varying ground set

BOCE;END) -0 R(E TN~
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exp(Fg(S; V)

/<« Partition function Z := Y¢c, exp(Fy (S; V))

pe(S|V) =

DeepSet for Permutation Invariance & Varying Ground Set:

Input Output
Sl Kk(s1)
A Y
SN Kk(sn) Z
Transform Aggregate Transform
s€RVN > RNXM > RM > R

Zaheer Kottur, Ravanbakhsh, Poczos, Salakhutdinov and Smola. Deep sets. NIPS 2017. 9
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Marginal-based Loss:

1" is differentiable w.r.t. 6 a(S;¥) = Mies Wi [es(1 — ¥;), ¥ € [0,1]V]

\ \
Yo = argmin KLL(q4(S; 1) Ipe (5)
" : «| 6 *
0" = arg;nln Yica[— Zjesf log l/)jl — Zjevi\s*{ log(1 — 1,
t t
Training 6 by differentiating through 1) using cross entropy loss

)
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. Training Discrete EBMs

Marginal-based Loss:

1" is differentiable w.r.t. 6
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q(S;y) = Hies Y, qugg(l — l/Jj),l/) € [0,1]|V|

v v
7 = arg]lr)nin KL(qe (S; )11 (S))

* . x|6 x|0
6" = arggnln 2?’:1[— 2]-65; log l/)jl — ZjEVi\Szf log(l — l/le )]

t t

Training 6 by differentiating through 1) using cross entropy loss

N

Mean-field inference

p 1%
j\ /\/\ /\/\ Iter 1 to optimize ¢ Iter 2
S —_—

Initialization /\/\

Minimize cross entrgpy
to optimize 6

/\ dp = pg = P

Mean-field inference
to optimize ¢

Ilter N
E ——
N-—-1
M Optimal

Minimize cross entro'py
to optimize 6
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¥V = argmin KL(4(S; 1) 1P (5))

" : x| 0 x| 6
0" = argmin 5L [~ X je; log 1) = Ljevs; log(t = 1'")]
Equivariant Variational inference for Set function learning (EquiVSet)

= min KL(q4(S; )| pe(S))

differentiable  (F4.0)
MF VI update

correlation aware
amortized inference

V—| EquiNet MFVI MLE
— (0)__, — o (K) 0) — on
| W = O,k |T¥TO) =
qb s ( ¢)Sec. 4.1 0 = (l/J ,V,Sec.).'i.Q q¢(5,|hl!}(~>)(9))
(variational param.) (EBM param.) S
— learning ¢ — learning 6

——— inference |
—————— + (backprop) ------+ (backprop)
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EquiVSet achieves SOTA results on 3 different tasks!!!

“ EquivSet % “

[$
——
Product Recommendation oy
g
¥
B s % w o
: %, &
: EXS o\ B /&
>
ack H: v
Big Nose LT .
Set Anomaly Detection Compound Selection
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. Applications: product recommendation
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Table 2: Product recommendation results on the Amazon dataset with different categories.

Categories Random PGM DeepSet (NoSetFn) DiffMF (ours) EquiVSet, , (ours) EquiVSet  , (ours)
Toys 0.083 0441 4+0.004 0429+0.005 0.6104+0.010 0.650 = 0.015 0.680 + 0.020
Furniture  0.065 0.1754+0.007  0.176 = 0.007  0.170 &= 0.010  0.170 = 0.011 0.172 £ 0.009
Gear 0.077 0.471+0.004 0381 +0.002 0.560 +0.020  0.610 & 0.020 0.700 £ 0.020
Carseats  0.066 0.230 +0.010 0.210+0.010  0.220 +0.010  0.214 4 0.007 0.210 £ 0.010
Bath 0.076 0.564 +0.008  0.424 +0.006  0.690 +0.006  0.650 = 0.020 0.757 + 0.009
Health  0.076 0.449 £0.002 0.448 +0.004  0.565 £ 0.009  0.630 £ 0.020 0.700 + 0.020
Diaper  0.084 0.580+0.009 0457 +0.005 0.700 & 0.010  0.730 % 0.020 0.830 + 0.010
Bedding 0.079 0.480+0.006 0.482+0.008 0.641 £0.009 0.630 £ 0.020 0.770 £ 0.010
Safety 0.065 0.25040.006 0.221 £0.004  0.200 4+ 0.050  0.230 % 0.030 0.250 + 0.030
Feeding  0.093 0.560 0.008  0.430+0.002  0.750 & 0.010  0.696 + 0.006 0.810 + 0.007
Apparel  0.090 0.533 £0.005 0.507 +0.004  0.670 £+ 0.020  0.650 = 0.020 0.750 £ 0.010
Media 0.094 0.441+0.009 0.420+=0.010 0.5104+0.010  0.551 % 0.007 0.570 £ 0.010

EquiVSet achieves improvements up to 33% on average
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Thank you!

Code is available at: https://github.com/SubsetSelection/EquiVSet
v' Welcome to try it out in Colab: 'eo csenincors



https://github.com/SubsetSelection/EquiVSet

