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MOTIVATION AND CONTRIBUTIONS

RESEARCH QUESTIONS

Q1 When is partial identifiability problematic?

Q2 What is the “best” approach to cope with partial
identifiability in Reward Learning (ReL) problems?

Q3 Can we apply it in a provably efficient manner?

CONTRIBUTIONS

* Novel quantitative framework for ReL
e Robust approach to tackle partial identifiability
e Provably efficient robust algorithm for ReL

PRELIMINARIES

REL AND PARTIAL IDENTIFIABILITY

Target reward »* — unknown, to learn
Feedback f — gives information on r*
Application g — for which we need r*
Partialidentifiability — f doesn’tuniquelyidentify r*

EXAMPLE

f = demonstrations D¥ = {(sp,,a)} ~ 7 (IRL)
f' = preferences D = {(w1,ws, o)} (RLHF)

g = find an optimal policy under r*

R ¢ = rewards equivalent to r* under f
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PREVIOUS FRAMEWORKS

Q1 When is partial identifiability problematic?
JEON ET AL. (2020)

Don’t consider applications
No criterion

SKALSE ET AL. (2023)

Qualitative model for applications

Criterion: f suffices if all the rewards in ‘R, have
the same meaning as r* for g (e.g., same optimal
policies)

Too restrictive: what if the meaning is close but dif-
ferent? (e.g., if 7 induces an e-optimal policy for r*)

ROBUSTNESS IN THE FACE OF PARTIAL IDENTIFIABILITY

IN REWARD LEARNING
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A NEW QUANTITATIVE FRAMEWORK

INGREDIENTS

e Model g as a pair (X, L)
e X, — set of objects to deploy (e.g., set of policies X, := II)
e L,: R x X, - R, — loss of an object for a reward (e.g., suboptimality L, (r,7) = J*(r) — J" (1))

OBJECTIVE

z* € argmin L,(r”, )
TEXy

A ROBUST APPROACH

But r* is still unknown — robust approach!

Lg(T*, ZC) S }“161%}; Eg(’ra 33)

Q1 When is partial identifiability problematic?
— Quantitative criterion: if the worst-case error 7y , == min,cx, max,cr; L4(r, ) is above some given threshold

Q2 What is the “best” approach to cope with partial identifiability in Reward Learning (ReL) problems?
— Robust approach: deploy the best object in the worst case x4 := argmin ¢y max,er; L4(r, 7)

ROB-REL - A ROBUST ALGORITHM

Q3 Can we apply it in a provably efficient manner?
— Yes in at least the following class of ReL problems
SETTING

Application g: assess which policy between m and ©* is preferred under r*

— X, =R, Ly(r,z) = ‘aj — (J7T (r)y—J" (r))‘

Feedback f: demonstrations from (sub-)optimal expert 7 — Ry, = {r e ®R: J 7TE(fr) > J*(r) — €}
Feedback fo: hard trajectory comparisons between wy and wy — Ry, = {r € R: G(wi;r) > G(wa; )}

Feedback f5: hard policy comparisons between m} and 5, — R, = {r cR: JM (r)y>J > (r)}
Finite data: transition models and policies have to be estimated from online interaction and offline data

ROB-REL

Estimate the transition model with RF-Express (Menard et al., 2021)

Estimate the occupancy measure of the policies with the empirical estimates

Notethatx;, = (M +m)/and Zy , = (M —m)/2, where M, m are max/min over r € Ry of (J7T1 (r)— Jm (r))
Solve the optimization problem with the primal-dual subgradient method (Nedic and Ozdaglar, 2009)

Theorem 1 In tabular MDPs, under Slater’s condition, for suitable choice of hyperparameters, Rob—ReL outputs I, %
such that, with probability 1 — 6: L,(r*,7) <Ly, + eand | Ly, —Z| < €, with a number of samples and iterations:

N < 6(SAH5 log 1)7 N, < 6(SAH5 (S—I—log 1))7 N, < 5((SA)3/2H5m).
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ILLUSTRATIVE SIMULATION

e Small MDPwith S =12, A=3,H =5

e Noisy transition model

e 7 feedback

e State-only 3-dimensional reward
Error reduction: 1.64 — 0.82
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What are other ReL problems in which this ap-
proach is doable?

How to apply it to non-convex feedback?
What are meaningful approximations?
What about problems with |S| = |A| = +00?
Deep nets function approximation
Empirical study
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