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Summary Optimal Policies from Imperfect Scores Empirical Results
We study algorithmic policies which trade off between two distinct When scores are not exact, but are predictions ﬁ:(x), Ev(x) Youtube Engagement vs Profit:
measures of performance. While optimal policies can be described based on features, we consider Pareto optimality with respect to » 39,817 YouTube videos; policy 5
using traditional notions of Pareto optimality when high quality all policies that act on the predicted scores: m decides which videos to show. 2
data are readily available, we focus on understanding how to make Moy = {7 (fP(X), ?vv(X)) — [0,1]} . » Measure user engagement (p) g
decisions in noisy or data-poor regimes. . . . . via number of views of each video. 2
The Pareto optimal policy for this class of policies is: | 802+ SIS -
opt B B » Measure quality (w) = 1o kel L
P bl S . T, = ]1((]_ — CV) * Up + Q- oy 2 0)7 by predicted SCores (empirica|) 10° 105 .167 10°
roblem Setting a threshold on the conditional expectations: or hand-annotated labels . number of views
- /\ ] A A . . . . abel: unknown
A central policymaker has two simultaneous objectives: to tp(fe(x), fw(x)) :== Ep|p | fo(x), fw(x)], (<.>pt|rr.1a|—|n—h|nd.s.|ght) _Of whether © non-conspiracy
maximize some private profit return (e.g. total user engagement) ﬂw(fP(X)a ?Vv(x)) = Ep[w | fp(x), fw(x)] | video is a conspiracy video [1]. e

Using the predicted scores we trace the predicted Pareto frontier;

as well as a public welfare objective (e.g. user health):
using binary ground truth values we trace the empirical frontier:

Policies 7%" for o € [0, 1] trace out an empirical Pareto frontier.

Uw(r) = E[w - (x)] and Up(m) = E[p - 7(x)]. » [he empirical Pareto frontier is dominated by the exact

The policymaker makes decisions about individuals, who are Pareto frontier that would arise if exact scores were known. 096- ol s =08
specified by feature vectors x € RY, as well as profit scores p € R » Both the empirical and the exact Pareto frontiers exhibit g ose % N g __ predicted
and change in welfare w € R, if selected by the policy. diminishing marginal returns. as a policy forgoes more profit g"'g“ ;; B :Zrt?rloafurve
Decision policies w(x) € [0, 1] corresponding to the probability to increase welfare, less welfare is gained for the same e s in hindsight
that an individual with features x is selected. amount of profit forgone. §°90 fi,-fv(”' T hredictions

Plug-in Policies: When the conditional expectations above are %:: > Paret curve |
Pareto Optimal Policies hard to specgll,gwe c_an define thE plug-in /tihresho/d policy: ;if?%rﬁ’é‘ii u5§de0|(1 ;;2;52*?;;;?‘) I Geo:]ga;;meggot

mo (%) = I((1 = a)fe(x) + afiw(x) 2 0). (a) Predicted Pareto Curve (b) Empirical Pareto Curve

Pareto optimal policies
maximize a composite objective:

. Simulations demonstrate the degradation of the plug-in policy . . o/ - .
0.4+ At the maximum-engagement policy, a 1.0% increase in average

under noise: . L . . .
video quality is achieved with a 0.1% loss in total engagement.
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. . = > et optimal with> Our framework elucidates trade-offs inherent to optimizing dual
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v 0.1 > S 0.0 objectives with machine learning predictions. Diminishing
oot g 0.1- T . marginal returns indicate that often a small amount of profit can
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When scores are exact, rofit utility U, o » be sacrificed for large gains in welfare.
the optimal policy is a threshold: e — ———
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» Otherwise, the plug-in policy is not guaranteed to be the
optimal policy based on the scores. Under certain settings,
we can correct for this using a debiasing procedure on the
predicted scores.
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