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TL;DR Problem Formulation Summary of Imprecise Learning Framework

Users should pick the alighed model at deployment time!
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Aggregation Functions: Map risk profile R to objectives in user choice space A Step 1: Developer represents their uncertainty with credal set
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Step 2: Map credal set to user behaviour choice space A and pick hypothesis class 1 C H

Mostly infeasible 5
misalignment Privacy concerns Q the deployment time e Space L5(H) Space L IAI(H)
(a)Aggregation Function as Mapping (b) Conditional Value at Risk (CVaR) Developer Credal Set K(P) User Behavior Objectives
Ps - B
: .. —— pr=o[R](h(:,A = 0))
Domain Generalisation Augmented Hypothesis: Conditions model on user choice space A P4
. . . | . | . P T —— pr=1[R](h(-, A =1))
Given risk functional R : f — Ep[l(f(X),y)], we learn Bayes optimal fpgyes == argmin e 7z R(f) . .
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Step 3: Find Q7 € A(A) that does Pareto Improvement for model update

Do some Optimisation Users Obtain Data

on the risk profile

Developer Objectives Find Q) Update Model hg = h
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AGGREGATION. <> Scalaniz 1 Qr e argmin [[Ve,_,Jg(61)ll,|  Pe = he ~ Velar (6)
Imprecise Risk Optimisation (IRO) p1[R](h(,1))

Characterising the Optimal Catalogue:

Step 4: At deployment users can consume model (-, \) with their choice of A € A

Risk Profile
R = (Rl,. . ,Rd)

Augmented Hypothesis

Aggregation Function Experiments and Simulations

£ px: LA(H) = H | he: X x A=Y
arg minpy[R](he (-, X)), A € Af——— Choice Space Imprecise vs Precise Learners under Institutional Separation:
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= Ex~q [oA[R](R(-, A))]
where (Q € A(A)
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We pick distribution Q* which does C-Pareto Improvement. See, MGDA (Desideri, 2012) Comparison with other Domain Generalisation Methods:

Ve, 1JQ hﬁt 1 H hf’ = h§ — VftJQ*<ft>
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notion of generalisation

P € K(P) P

Commit to a “Precise”

K(P) P’ € K(P)

Qf € argmin
QeA(A)

e ~ Beta(0.9,1)
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Can ) not just be uniform?
Thought Experiment Qy J

MNIST
Deployed R Vox, [R] Vo [R] 0
L : Test Environments based on (Y =1 |color =red) = e
C ial <V‘JQT Objective  Algorithm 15 01 02 03 04 05 06 07 08 09 10 ~e8re
ommercia
peronal Car itciel rabs Vpra[R] Average Case ERM 96.1 87.1 780 72.1 65.8 59.2 51.8 47.1 39.9 33.6 28.3 72.7

: - : : . Worse Case  GrpDRO 54.1 55.6 58.1 595 61.5 64.5 66.3 69.1 70.5 73.9 75.5 46.9
Should model act same wn all vehicles in case of an accident: F=1 Invariance  IRM 720 72.0 72.0 72.0 72.1 69.7 693 69.9 69.2 69.7 67.7 32.3
Imprecise 1RO (Ours) 95.8 87.2 78.8 68.9 69.4 69.5 70.8 70.1 70.0 70.4 70.3 29.7
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