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Abstract
In the dominant paradigm for designing equitable
machine learning systems, one works to ensure
that model predictions satisfy various fairness criteria, such as parity in error rates across race,
gender, and other legally protected traits. That
approach, however, typically divorces predictions
from the downstream outcomes they ultimately
affect, and, as a result, can induce unexpected
harms. Here we present an alternative framework
for fairness that directly anticipates the consequences of actions. Stakeholders first specify
preferences over the possible outcomes of an algorithmically informed decision-making process.
For example, lenders may prefer extending credit
to those most likely to repay a loan, while also preferring similar lending rates across neighborhoods.
One then searches the space of decision policies
to maximize the specified utility. We develop and
describe a method for efficiently learning these
optimal policies from data for a large family of
expressive utility functions, facilitating a more
holistic approach to equitable decision-making.

1. Introduction
Statistical predictions are now used to inform high-stakes
decisions in a wide variety of domains. For example, in
banking, loan decisions are based in part on estimated risk
of default (Leo et al., 2019); in criminal justice, judicial bail
decisions are based on estimated risk of recidivism (Cadigan & Lowenkamp, 2011; Goel et al., 2018; Latessa et al.,
2010; Milgram et al., 2014); and in child services, screening decisions are based on the estimated risk of adverse
outcomes (Brown et al., 2019; Chouldechova et al., 2018;
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De-Arteaga et al., 2020; Shroff, 2017). In these applications
and others, equity is a central concern.
In the machine learning community, efforts to design fair
algorithms have largely focused on the predictions generated by algorithms. In particular, researchers have proposed
numerous methods to constrain predictions to achieve formal statistical properties, such as parity in error rates across
demographic groups (Barocas et al., 2017; Chouldechova &
Roth, 2018; Corbett-Davies & Goel, 2018).
To illustrate this traditional paradigm, consider an application in which one seeks to equitably allocate a limited
number of transportation vouchers to patients with upcoming medical appointments. This type of intervention has
recently shown promise for improving appearance rates
by alleviating the burdens many patients face in arranging
transportation (Chaiyachati et al., 2018b; Vais et al., 2020),
with an ultimate goal of improving health outcomes. In this
example, one might use historical patient data to predict
the likelihood one will miss their appointment, and then
allocate transportation vouchers to those patients at highest risk. To address equity concerns, one might exclude
protected attributes (e.g., race and gender) from the feature
set, and may additionally constrain the predictive model to
yield similar allocation rates—or, alternatively, similar error
rates—across race and gender groups.
This common approach, however, suffers from several significant shortcomings. First, it may not yield an efficient
strategy for allocating limited transportation resources to
increase appearance rates, since those patients at highest risk
of missing their appointments are not necessarily the same
as those who are likely to alter their behavior in response
to transportation assistance. Indeed, some prior work has
shown that ride vouchers do not always improve average
appearance rates (Chaiyachati et al., 2018a). In this case,
as in many others like it, it is important to consider the
heterogeneous causal effects of one’s actions—providing
transportation assistance—on downstream outcomes, like
appointment appearance. Second, the strategy neglects to
consider the idiosyncratic value of attending an appointment. For example, it may be more important for those
with serious health conditions to attend their appointments
than for patients who are generally healthy. Third, standard
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techniques for incorporating equity—such as blinding algorithms or equalizing error rates—may in fact harm the very
groups one seeks to aid. For example, gender-blind criminal risk assessments have been shown to overestimate the
risk that female defendants will recidivate; as a result, they
may lead to increased detention rates for women (Skeem
et al., 2016). Similarly problematic outcomes may result in
our example application if one modifies or constrains the
predictions in isolation.
To address the concerns outlined above, we propose an alternative, consequentialist framework to algorithmic fairness
that foregrounds the results of one’s decisions, rather than
the predictions used to inform those choices.
In our approach, one starts by identifying the utility of different possible outcomes of a decision-making policy. For
example, hospital stakeholders may indicate a preference
for greater appearance rates—particularly for those with serious health conditions—and a preference for demographic
diversity among recipients of the transportation assistance.
These complex preferences incorporate considerations of
both efficiency and equity. A large and growing body of
work has shown that one can often efficiently elicit these
preferences, even in high-dimensional outcome spaces (Chu
& Ghahramani, 2005; Fürnkranz & Hüllermeier, 2010; Lin
et al., 2020).
Next, given these preferences, we show how to learn a
decision-making policy with the largest expected utility
given budget constraints. Starting from a historical dataset
of decisions and outcomes, we demonstrate that this optimization problem can be written as a linear program (LP) to
efficiently identify optimal policies for a large and expressive family of utility functions. These utility-maximizing
policies can differ considerably from those suggested by
traditional approaches to algorithmic fairness, illustrating
the value of our approach.
Finally, in a dynamic setting, we show that one can use
our approach to efficiently learn utility-maximizing policies
over time through strategic exploration. Inspired by work in
multi-armed bandits, we learn these policies through optimistic exploration—where, at each step, we act according
to a policy optimized under optimistic estimates of the potential outcomes under different actions. In contrast to the
standard contextual multi-armed bandit setting, we consider
a more complex, structured objective to account for fairness
preferences and budget constraints inherent to many realworld applications. As such, our actions at each iteration
are guided by solving an LP corresponding to the static case
described above.
To evaluate our approach, we run a realistic simulation
study. We show that our framework yields substantially
better outcomes for participants during learning, and often

more quickly identifies higher utility decision policies for
future use, compared to standard approaches like randomized control trials that have been used in previous research
(Chaiyachati et al., 2018a;b).

2. Related work
Our work draws on research in algorithmic fairness,
multi-objective optimization, and contextual bandits with
budgets—connections that we briefly discuss below.
Over the last several years, there has been increased attention on designing equitable machine learning systems (Ali
et al., 2019; Blodgett & O’Connor, 2017; Buolamwini & Gebru, 2018; Caliskan et al., 2017; Chouldechova et al., 2018;
Datta et al., 2018; De-Arteaga et al., 2019; Goodman et al.,
2018; Koenecke et al., 2020; Obermeyer et al., 2019; Raji
& Buolamwini, 2019; Shroff, 2017), and concomitant development of formal criteria to characterize fairness (Barocas
et al., 2017; Chouldechova & Roth, 2018; Corbett-Davies &
Goel, 2018). Some of the most popular definitions demand
parity in predictions across salient demographic groups, including parity in mean predictions (Feldman et al., 2015) or
error rates (Hardt et al., 2016). Another class of fairness definitions aims to blind algorithms to protected characteristics,
including through their proxies (Chiappa & Isaac, 2018;
Coston et al., 2020; Kilbertus et al., 2017; Kusner et al.,
2017; Nabi & Shpitser, 2018; Nyarko et al., 2021; Wang
et al., 2019; Wu et al., 2019; Zhang & Bareinboim, 2018).
Whereas past approaches to fairness typically focus on the
predictions themselves, we foreground the consequences of
actions guided by those predictions. In our running medical
example, as we describe in detail in Section 4, a narrow focus on predictive parity can lead to an undesirable allocation
of limited transportation resources to patients.
In many real-world settings, decision makers have competing priorities, linking our work to the large literature on
learning to optimize in multi-objective environments (Zuluaga et al., 2013). Such inherent trade-offs have been
recently considered in the fair machine learning community
(e.g., Cai et al. (2020); Corbett-Davies et al. (2017); Rolf
et al. (2020)); however, there has been little work on creating equitable learning systems that account for competing
objectives.
One particularly challenging aspect of our setting is handling budget constraints (e.g., we may only be able to provide transportation assistance to a limited number of patients). Recent work has proposed methods for learning
decision policies with fairness or safety constraints through
reinforcement learning (Thomas et al., 2019) and contextual
bandit algorithms (Metevier et al., 2019), given access to a
batch of prior data. That work, however, neither addresses
learning with budget constraints nor handles the exploration-
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exploitation trade-off required for online learning.
The challenge of budget constraints has been considered
in a more general form of knapsack constraints in bandit
settings. Chapter 10 of Slivkins et al. (2019) provides a recent review of such work, focusing on the primary literature,
which has considered the (non-contextual) multi-armed bandit setting. Earlier work on contextual multi-armed bandits
with knapsacks (Agrawal et al., 2016b; Badanidiyuru et al.,
2014) provided regret bounds but lacked computationally efficient implementations. Agrawal et al. (2016a) later proved
regret guarantees for linear contextual bandit with knapsacks. Wu et al. (2015) provide a computationally tractable,
approximate linear programming method for online learning for contextual bandits with budget constraints, though
they do not consider multi-objective optimization, a critical
ingredient for equitable decision making.

3. Decision-making as optimization
We start by outlining a general, utility-based paradigm for
equitable decision-making. Then, by assuming complete
knowledge on the distribution of potential outcomes under
actions, we present a computationally efficient approach to
deriving optimal policies. (In Section 5, we use this result
to address the more general problem of learning optimal
policies from data.) Finally, we examine a common special case, and show that optimal decision policies take the
particularly simple form of personalized threshold rules.
3.1. Problem formulation
Consider a sequential decision-making setting where, at
each time step, one first observes a vector of covariates Xi
drawn from a distribution DX supported on a finite state
space X , and then must select one of K actions from the
set A = {a1 , . . . , aK }. For example, in our motivating
application, Xi might encode an individual’s demographics, medical status, access to transportation, and history of
appearance, and the set of actions might specify whether
or not transportation assistance is offered (here K = 2). In
general, we allow randomized decision policies π, where
the action π(x) is (independently) drawn from a specified
distribution on A.
In practice, there are often constraints on the distribution of
actions taken. For example, budget limitations might mean
that at most 20% of people can be offered transportation
assistance. As such, for constants b1 , . . . , bK , we require
our decision policy π to satisfy Pr(π(X) = ak ) ≤ bk ,
where the probability encompasses randomness in both the
covariate vector X and the decisions themselves. The unconstrained case corresponds to setting bk = 1.
Each action is associated with a potential outcome Yi (ak ),
and, in particular, taking action π(Xi ) results in the (ran-

dom) outcome Yi (π(Xi )). For example, Yi (1) may indicate
whether the i-th individual would attend their appointment
if offered transportation assistance, and Yi (0) may indicate
the outcome if assistance were not provided.
Now, suppose we have a real-valued function r(x, a, y) that
specifies the (ex-post) value of individual decisions and
outcomes. In our motivating application, we might set
r(x, a, y) = (a + c1 y) · (1 + c2 · Isevere (x)) ,

(1)

where a ∈ {0, 1} indicates whether transportation assistance is provided, y ∈ {0, 1} indicates whether an individual appeared at their appointment, Isevere (x) indicates
whether an individual has a severe medical condition, and
the positive constants c1 and c2 characterize the relative
values of the terms.1 This choice of r encodes the belief
that: (1) appearing at one’s appointment is better than not
appearing; (2) receiving transportation assistance is better
than not receiving it, regardless of the outcome; and (3) the
value of assistance and of appearance is greater for those
with severe medical conditions.
In discussions of algorithmic fairness, special attention is
often paid to groups defined by legally protected characteristics, such as race and gender. To facilitate these considerations, we allow individuals to be associated with a set of
identities s(Xi ) ⊆ G, where G is a finite set. For example,
s(Xi ) might specify both an individual’s race and gender.
Finally, given the above setup, we define the utility U (π) of
any decision policy π to be:
U (π) = E[r(X, π(X), Y (π(X)))]
X
−
λg kD(π(X) | g ∈ s(X)) − D(π(X))k1 , (2)
g∈G

where D(π(X) | g ∈ s(X)) and D(π(X)) denote the conditional and unconditional distributions of π(X), represented
PK
as vectors in RK , kvk1 = k=1 |vk | is the L1 norm, and
λg are non-negative constants.
The first term in U (π) captures the value directly associated with individual decisions. The second term captures the
value of treatment parity across the population more broadly.
For example, in addition to preferring transportation assistance policies that boost appearance rates, we might also
prefer those for which a similar proportion of individuals
receive assistance across neighborhoods.
Our goal is to find a utility-maximizing policy π ∗ that satisfies the budget constraints. Formally, we seek to solve the
following optimization problem:
π ∗ = arg max U (π)
π

subject to: Pr(π(X) = ak ) ≤ bk for 1 ≤ k ≤ K.

(3)

1
In Eq. (1), we do not multiply a by a constant, since the overall
scale of r is arbitrary.
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We next discuss settings in which these optimal policies can
be efficiently derived.
3.2. Computing optimal decision policies
As a first step for computing optimal policies in real-world
settings, we assume one knows the distribution of X and
the conditional distribution of the potential outcomes Y (ak )
given X—i.e., D(X) and D(Y (ak )|X). In this case, we
show the optimization problem in Eq. (3) can be expressed
as a linear program (LP), yielding an efficient method for
computing an optimal decision policy. In Section 5, we then
integrate this result into a contextual bandit framework to
learn optimal policies from data, even without prior knowledge of the potential outcomes.
To construct the LP, first observe that any policy π correK
sponds to a vector v ∈ RX
+ × R+ , where vx,k denotes the
probability x is assigned to action k. Thus, the complete
space of policies Π can be written as:
(
)
K
X
X
K
Π = v ∈ R+ × R+
vx,k = 1 ,
k=1

and we can accordingly view the components vx,k of v as
decision variables in our LP.
Now, in this representation, the budget constraint
Pr(π(X) = ak ) ≤ bk in Eq. (3) can be expressed as K
linear inequalities on the decision variables:
X
Pr(X = x) · vx,k ≤ bk for 1 ≤ k ≤ K.
x∈X

construction to transform it into an expression that is. In
general, suppose we aim to maximize an objective function
of the form
cT x − |dT y|,
(4)
where c and d are constant vectors. We can rewrite this
optimization problem as a linear program that includes an
additional (slack) variable w:
Maximize: cT x − w
Subject to: dT y ≤ w
w ≥ 0.
For completeness, we provide a proof of this equivalence in
Appendix A.
Putting together the pieces above, we now write our policy optimization problem in Eq. (3) as the following linear
program:
Maximize:
X
E[r(x, ak , Y (ak )) | X = x] · Pr(X = x) · vx,k
x,k

−

which is linear in the decision variables.

vx,k , wg,k ≥ 0
X
vx,k = 1

k

X
k

1
Pr(g ∈ s(X))
−

X

X

Pr(X = x) · vx,k

x : s(x)3g

Pr(X = x) · vx,k .

x

Due to the absolute value, the expression above is not linear in the decision variables. But we can use a standard

∀x

Pr(X = x) · vx,k ≤ bk

∀k

x

1
Pr(g ∈ s(X))
−

X

Pr(X = x) · vx,k

x : s(x)3g

X

Pr(X = x) · vx,k ≤ wg,k

∀g, k

x

1
Pr(g ∈ s(X))
−

kD(π(X) | g ∈ s(X)) − D(π(X))k1
X
=
| Pr(π(X) = k | g ∈ s(X)) − Pr(π(X) = k)|

∀ x, k, g

k

Next, note that

=

λg wg,k

Subject to:

E[r(X, π(X), Y (π(X))]
X
=
E[r(x, ak , Y (ak )) | X = x] · Pr(X = x) · vx,k ,
x,k

X
g,k

X

Finally, we need to express the utility U (x) in linear form,
which we do in two steps. First, observe that

(5)

dT y ≥ −w

X

Pr(X = x) · vx,k

x : s(x)3g

X

Pr(X = x) · vx,k ≥ −wg,k

∀g, k.

x

Our approach above is a computationally efficient method
for finding optimal decision polices. In theory, linear programming is (weakly) polynomial in the size of the input:
O(|X |K + |G|K) variables and constraints in our case. In
practice, using open-source software running on conventional hardware, we find it takes less than a second to solve
random instances of the problem on a state space of size
|X | = 1, 000 with |G| = 10 groups and K = 5 treatment
arms.2
2

We used the Glop linear optimization solver, as im-
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Our optimization approach is also quite flexible, and can
accommodate a wide range of utility functions even beyond the specific form we present in Eq. (2). For example,
we could similarly include terms in U (π) that encode a
preference for parity in the expected individual-level reward
E[r(X, π(X), Y (π(X))] across groups. Further, rather than
focusing on parity, we could set group-specific target distributions for the assignments or rewards.
We note, however, that to express our general optimization
problem as a tractable LP, it is important for the group
preferences encoded in U (π) to be written in terms of L1
norms. Although an L2 -based utility could be expressed
as a quadratic program (QP), such optimization problems
are typically much more computationally challenging to
solve. More generally, if we were to allow arbitrary utility
functions, then finding an optimal decision policy is NPhard, as we show in Appendix B.
3.3. Personalized threshold rules
The LP described in Section 3.2 yields a solution to our
general decision-making problem, with an arbitrary number
of treatment arms and a potentially complex utility function.
Here we show that in the common case of K = 2 treatments (e.g., with the options corresponding to whether or
not one provides transportation assistance), optimal decision
policies can be expressed in a simple, interpretable form.
Moreover, for a reward function r that decomposes into
aggregate and individual components—as in Eq. (1)—we
can view optimal policies as personalized threshold rules.
Theorem 1. In the setting of Section 3.1, suppose K = 2
and |s(x)| = 1 (i.e., G partitions X ). Let
∆(x) = E[r(x, a1 , Y (a1 )) − r(x, a0 , Y (a0 )) | X = x].
Then, for group-specific constants tg and pg , there exists an
optimal decision policy π ∗ of the form

∆(x) > ts(x)
 1
ps(x) ∆(x) = ts(x)
Pr(π ∗ (x) = a1 ) =
(6)

0
otherwise.
We include the proof of Theorem 1 in Appendix C. As an
immediate corollary, we have the following result.
Corollary 1. In addition to the assumptions of Theorem 1,
suppose r decomposes as
r(x, a, y) = c(x)u(a, y) + d(x),
where c(x) > 0. Let
∆u (x) = E[u(a1 , Y (a1 )) − u(a0 , Y (a0 )) | X = x].
plemented in Google OR-Tools (https://developers.
google.com/optimization/).

Then, for group-specific constants tg and pg , there exists an
optimal decision policy π ∗ of the form

∆(x) > ts(x) /c(x)
 1
ps(x) ∆(x) = ts(x) /c(x)
Pr(π ∗ (x) = a1 ) =

0
otherwise.
In Corollary 1, u(a, y) can be viewed as the baseline
value of actions and outcomes—irrespective of individual characteristics—with ∆u (x) incorporating the likely
outcomes for an individual under the two possible actions.
For example, as in Eq. (2), u may represent the individualagnostic value of receiving transportation assistance and of
appearing at one’s medical appointment, with ∆u (x) largest
for those individuals for whom the assistance would most
increase their marginal likelihood of appearance. Now, if r
decomposes as in the corollary, then we can view the optimal policy as providing transportation assistance to those
with sufficiently large marginal gain, where the threshold for
assistance ts(x) /c(x) accounts both for group membership
(to satisfy parity considerations) and idiosyncratic utility
adjustments (e.g., those associated with single caregivers).

4. Principled trade-offs
The structure of our utility function in Eq. (2) captures a
common trade-off in decision problems. On one hand, one
seeks to maximize the total number of realizations of a
desired outcome (e.g., hospital appearances); on the other
hand, however, one also seeks to maintain treatment parity
across groups in a population. The weights λg encode the
relative value of these two objectives, allowing us to make
difficult decisions in a principled manner that align with our
underlying preferences.
To explore this trade-off, we return again to our motivating
application of allocating transportation vouchers to hospital
patients. For simplicity, we consider a patient population
with two equally sized groups that have identical appearance
rates in the absence of transportation assistance. However,
one group (which we refer to as the targeted group) has a
lower average treatment effect, and so a preference for parity
introduces a tension between maximizing total appearances
and equitably allocating assistance across the two groups.
We describe the data-generating process for this synthetic
population in detail in Appendix D.
In Figure 1, for budget b = 1/3, we trace out the Pareto
frontier for this example, which shows how the appearance
rate (on the vertical axis) varies under policies that optimally
allocate transportation assistance to a given fraction of the
targeted patient population (on the horizontal axis). By
Theorem 1, each point on the frontier corresponds to a
threshold policy that provides assistance to patients with
the largest treatment effects in each group, subject to the
demographic and budget constraints.
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Maximum appearances
Maximum utility (when λ = 0.01)

100

Number of additional appearances

Pareto frontier, meaning appearance rates are lower than
if one were to more judiciously allocate transportation assistance. The equal FNR point lies on the curve, meaning
it happens to be optimal for a specific choice of λ. But a
rule that simply demands error-rate parity—as opposed to
selecting λ in a more principled manner—can result in a
sub-optimal balance of appearances with the demographic
makeup of transportation recipients, relative to the underlying preferences of the policymaker.

Equalized FNR
Demographic parity
90

80

70

5. Learning optimal policies

60

Random allocation

50
0%

20%

40%

60%

To solve our policy optimization problem, we have thus far
assumed perfect knowledge of

Percent of patients in target group receiving transportation

f (x, a) = E[r(x, ak , Y (ak )) | X = x],
Figure 1. The Pareto frontier for a stylized population model,
showing the trade-off between appearances and treatment rates
in the target group. The vertical axis shows expected additional
appearances relative to a policy that does not provide transportation
assistance to any patients. Under this model, with the decisionmaker’s stated preference for λ = 0.01, common heuristics (e.g.
maximizing appearances, and demanding demographic or errorrate parity) lead to sub-optimal policies.

The point at the crest of the curve (in blue) achieves the
highest number of overall appearances, and corresponds
to a policy without parity constraints (i.e., with λ = 0).
Under this policy, a lower share of patients in the targeted
group receives assistance than in the non-targeted group.
If one seeks perfect demographic parity—meaning 1/3 of
patients in both groups receive assistance, corresponding to
λ = ∞—then that means having fewer overall appearances,
as indicated by the red point on the curve. For any nontrivial λ between 0 and ∞, the optimal policy interpolates
between these two extremes, balancing appearance rates
with parity considerations. For example, the green point on
the plot indicates the optimal policy for λ = 0.01.
This simple example helps illustrate the value of viewing
decisions from a consequentialist perspective, complementing the rule-based, deontological approach that has been the
focus of much past work on algorithmic fairness. Although
the extremes of maximizing appearances and requiring strict
demographic parity are perhaps reasonable heuristics, they
can obscure the trade-offs inherent to many policy problems.
As a final comparison, we plot points on the curve corresponding to random allocation (in purple) and equal false
negative rates (FNR) between groups (in brown).3 Random
allocation results in demographic parity, but lies below the
3
In this case, equal FNR means that Pr(π = 0 | Y (0) =
0, Y (1) = 1, G = g) = Pr(π = 0 | Y (0) = 0, Y (1) = 1). That
is, among those who would benefit from the assistance, an equal
proportion do not receive it in both groups.

for all values of x and k. In reality, however, these quantities must be estimated from observed data. One common
approach is to run a randomized controlled trial (RCT) to
estimate the effect of actions on individuals. But RCTs
suffer from a major drawback: they favor exploration over
exploitation. In our running example of providing transportation vouchers to patients, this can mean distributing
limited resources to patients who do not need them.
In contrast to RCTs, contextual bandit algorithms are often
designed to maximize expected utility while learning, which
typically involves estimating the potential performance of
each action a and using that information to accrue benefits. To efficiently learn decision policies in the real world,
we now outline our procedure to integrate the LP formulation from Section 3.2 with three common contextual bandit
approaches: ε-greedy, Thompson sampling, and upper confidence bound (UCB), as described in Algorithm 1.4 Later,
in Section 5.1, we demonstrate the efficacy of this procedure
with experiments on synthetic data.
At a high level, at each step i, our ε-greedy approach first
estimates f (x, a) using the maximum likelihood estimate of
a chosen parametric family, and uses this estimate to find the
optimal policy πi∗ with our LP. Then, with probability 1 − ε,
we treat the i-th individual according to πi∗ ; otherwise, with
probability ε, we take action ak with probability proportional to the budget b∗k,i . Our Thompson sampling approach
maintains a posterior over the parameters of a model of
the potential outcomes fˆ(x, a), samples from this posterior,
uses the posterior draw in the LP formulation to compute
a policy πi∗ , and then treats the i-th individual according
to πi∗ . Finally, under our UCB approach, we compute πi∗
4
For simplicity, we assume knowledge of the covariate distribution Pr(X = x), which is often easily obtained from historical data, even in the absence of past interventions. If historical
data are not available, the covariate distribution can instead be
estimated from the sample of individuals observed during the
decision-making process.
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Algorithm 1 Policy Learning
1: input: Actions ak , budgets bk , parity preferences λg ,
reward function r, covariate distribution Pr(X = x),
group membership function s, bandit algorithm, `
2: initialize: Randomly treat first ` people
3: for each subsequent individual i do
Set Di := {(Xj , Aj , Yj )}i−1
4:
j=1 , where Xj , Aj , and
Yj denote the covariates, actions, and outcomes for
previously seen individuals
Estimate f (x, a) with a parametric family of func5:
tions g(x, a; θ) fit on Di
6:
if ε-greedy then
7:
fˆ(x, a) := g(x, a; θ̂i ), where θ̂i is the MLE
8:
else if Thompson sampling then
9:
fˆ(x, a) := g(x, a; θ̂i∗ ), where θ̂i∗ is drawn from
the posterior of θ̂i
10:
else if UCB then
11:
fˆ(x, a) := the α-percentile of the posterior of
g(x, a; θ̂i )
12:
end if
13:
Compute nominal budgets b∗k,i according to Eq. (7)
14:
Find solution πi∗ of the LP in Section 3.2 with input
values fˆ(x, a), s, λg , b∗k,i , and Pr(X = x)
15:
if ε-greedy and B ERNOULLI(ε) == 1 then
16:
Take random action Ai where Pr(Ai = ak ) ∝ b∗k,i
17:
else
18:
Take action Ai ∼ πi∗ (Xi )
19:
end if
20:
Observe outcome Yi
21: end for

by solving the LP with an optimistic estimate of f (x, a)
(e.g., using the 95th percentile of the posterior distribution
of fˆ(x, a)).
Because our inferred policies πi∗ evolve over time, they
are not guaranteed to adhere to the budget constraints. To
account for this possibility, if we find ourselves spending
more on an action than is budgeted, we gradually lower
the nominal budget for that action until it meets the target
budget (and vice versa for underspending). Specifically, for
each treatment ak at each iteration i, we compute a new
budget b∗k,i :
Pi−1
b∗k,i

= bk · Pi−1

j=1

∗
j=1 bk,j

I(Aj = ak )

,

(7)

where Aj is the action taken on the j-th individual, and bk
is the target budget for the action.

5.1. Simulation study
To evaluate our learning approach above, we conducted a
simulation study on a synthetic population of patients. In
this example, patients can receive one of three mutually
exclusive treatments ak : a free ride, a free transit voucher,
or no transportation assistance. We fix our budgets for free
transit vouchers at 20% of the population, and for free rides
at 5% of the population.
Our hypothetical population is comprised of two demographic groups. The utility of a policy is described by
Eq. (2), where we set r(x, a, y) = y and λg = 0.02. This
choice yields an oracle policy that balances between maximizing appearances and achieving parity in the distribution
of transportation assistance across groups. Both the datagenerating process for this population and additional experiment parameters are described in detail in Appendix E.
We compare our contextual bandit approaches against several baselines. First, we compare to an RCT, in which treatment is randomly selected (in accordance with the budget)
throughout the entire experiment. We also include variations on this approach, where we run an RCT on the first n
individuals, and then follow the optimal policy estimated
at individual n for the rest of the sample. We compare
all approaches against an oracle that can observe the true
expected appearance probabilities.5
We repeat this evaluation on 2,000 independent instances of
the synthetic population, and compare the performance of
all approaches using two different metrics. Our main two
bandit approaches—Thompson sampling and UCB—not
only significantly reduce regret when compared to an RCT
during the training/learning process (Figure 2), but also learn
policies that, if used for future populations, would equal or
outperform all other approaches (Figure 3). In our setting,
certain individuals respond better to transit vouchers when
compared to rides, even though vouchers are more plentiful
and rides are (on average) more potent. The best-performing
methods quickly exploit this pattern and similar heterogeneity in the population to efficiently and equitably allocate
resources, as we discuss in more detail in Appendix E.
In contrast to our two main bandit algorithms, the ε-greedy
approach also manages to reduce regret, but is slower to
learn a near-oracle policy. The RCT and its variations illustrate the limits of the conventional randomized approach.
For example, it is possible to learn a near-oracle policy using a classic RCT, but this incurs substantial regret during
the experiment. Though it is possible to reduce this regret
by ending the RCT early, these alternatives do not learn a
near-oracle policy.
5
In expectation, the oracle will meet our target budgets, so we
do not apply the adjustments from Eq. (7).
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Figure 2. Mean regret, across 2,000 simulations, incurred by different learning approaches. We define regret here as the difference
between the observed utility and the utility obtained by an oracle
during the same experiment. Uncertainty bands represent 95%
intervals for the mean. We note that the three bandit approaches—
ε-greedy, Thompson sampling, and UCB—incur substantially less
regret than the RCT. It is possible to reduce the regret incurred
during an RCT by stopping the RCT early, and following the optimal estimated policy from that point forward. However, these
stop-early RCT approaches produce worse policies than other approaches (Figure 3).
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Figure 3. Mean performance, across 2,000 simulations, of optimal
policies estimated with data available at each iteration i. Performance is defined as the additional utility obtained by a policy over
a baseline of no treatment, with 100% indicating this quantity
for the oracle policy. Uncertainty bands represent 95% intervals
around the mean. In contrast with Figure 2—which shows the expected loss in utility while learning—this plot shows the expected
loss in utility if one were to follow the optimal estimated policy
after iteration i on subsequent individuals. Thompson sampling
and UCB generate policies that are as good as (or better than)
a conventional RCT. In contrast, the ε-greedy approach and the
stop-early versions of the RCT generate policies that are slower to
(or may never) reach the performance of the best approaches.

6. Discussion
We have outlined a consequentialist framework for equitable
algorithmic decision-making. Our approach foregrounds
the role of an expressive utility function that captures preferences for both individual- and group-level outcomes. In
this conceptualization, we explicitly consider the inherent
trade-offs between competing objectives in many real-world
problems. For example, in our running example of allocating transportation assistance to patients, there is tension
between maximizing appearance rates and ensuring an equitable distribution of benefits. Popular rule-based approaches
to algorithmic fairness—such as requiring equal false negative rates across groups—implicitly balance these competing
objectives in ways that may be at odds with the actual preferences of stakeholders. Our approach, in contrast, requires
one to confront the consequences of difficult choices, and,
in the process, helps one improve those decisions.
For a rich class of utility functions, we showed that one can
efficiently learn optimal decision policies by coupling ideas
from the contextual bandit and optimization literatures. For
example, with our UCB-based algorithm, we do so by repeatedly solving a linear program under optimistic estimates
of the potential outcomes of actions. In a simulation study,
we showed that this strategy can outperform common alternatives, including learning through randomized controlled

trials or acting greedily based on the available information.
In this work, we have assumed access to a well-specified
utility function that reflects stakeholder preferences. In
practice, inferring this utility is a complex task in its own
right. There are, however, several established techniques to
elicit multi-faceted preferences less directly. One family of
approaches selects pairs of similar realistic scenarios, asks
stakeholders to pick their preferred outcome, and infers their
preferences from these choices (Chu & Ghahramani, 2005;
Fürnkranz & Hüllermeier, 2010; Lin et al., 2020).
Another challenge—particularly relevant in the dynamic
setting—is accounting for delayed outcomes. In our running
example, we may choose to offer transportation assistance
to a patient days or weeks before their appointment date. As
a result, there may be large gaps between when an action
is taken and when we observe its outcome. One way to
address this issue is through the use of proxies or surrogates,
in which intermediate outcomes are used as a temporary
stand-in for the eventual outcome of interest (Athey et al.,
2019). For example, with transportation assistance to patients, one might use intermediate responses (like a patient’s
confirmation to attend their appointment) as a proxy for
appearance. Another strategy is to reduce the budget for
costly actions, effectively limiting the resources spent while
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waiting to observe outcomes.
Algorithms impact individuals both through the decisions
they guide and the outcomes they engender. Looking forward, we hope our work helps to elucidate the subtle interplay between actions and consequences, and, in turn,
furthers the design and deployment of equitable algorithms.
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Appendices
A. Absolute value in an LP objective

By construction, δg (π̃) = δg (π), and
X

∆(x)π̃(x) Pr(X = x) ≥

x

If (x∗ , y ∗ , w∗ ) is a solution to the LP in Eq. (5), then we
claim (x∗ , y ∗ ) is a solution to the original optimization problem in Eq. (4). Let OPTabs and OPTLP denote the optima
of Eqs. (4) and (5) above. Now, since w = |dT y| satisfies
the LP constraints, OPTabs ≤ OPTLP . Conversely, because
the LP objective function decreases in w, if dT y ∗ ≥ 0, then
w∗ = dT y ∗ (since dT y ∗ ≤ w, and the other two constraints
are immediately satisfied in this case). On the other hand,
if dT y ∗ ≤ 0, then w∗ = −dT y ∗ (since dT y ∗ ≥ −w).
Thus, in either case, w∗ = |dT y ∗ |, which implies that
OPTabs = OPTLP = cT x∗ − |dT y ∗ |.

X

∆(x)π(x) Pr(X = x).

x

Consequently, U (π̃) ≥ U (π), establishing the result.

D. Experiment details for Section 4
We consider a patient population with one observable covariate Xi ∼ Unif(0, 1), and two equally sized groups
Gi ∼ Bernoulli(0.5) that have identical appearance rates
in the absence of transportation assistance, but which, on
average, respond differently to the assistance. Specifically,
for actions a ∈ {0, 1}, potential outcomes in this stylized
model are generated according to:

B. Hardness of Policy Optimization
Proposition 1. If we allow arbitrary utility functions U in
Eq. (3), then finding an optimal policy is NP-hard.
Proof. We reduce to the NP-hard subset sum problem.
Given integers x1 , . . . , xn , consider the policy optimization problem for K = 2 actions and no budget constraints
(i.e., bk = 1), with utility

X
 1 A(π) 6= ∅ ∧
xi = 0
U (π) =
i∈A(π)

0 otherwise
where A(π) = {i : Pr(π(xi ) = a1 ) = 1}. Then
maxπ U (π) = 1 if and only if there exists a non-trivial
subset of the integers {x1 , . . . , xn } that sums to zero, establishing the claim.

C. Proof of Theorem 1
Proof. We start by rewriting the utility U (π) as
X
U (π) =
E[r(x, a0 , Y (a0 )) | X = x] · Pr(X = x)
x

+

X

∆(x) · π(x) · Pr(X = x)

x

−2

X

λg δg (π),

Yi (a) = I(Ui ≤ logit−1 ((1 + a)Xi + (1 − Gi )Xi a − 1)),
where I(·) ∈ {0, 1} indicates whether its argument is true,
and Ui ∼ Unif(0, 1) is a latent, individual-level covariate
that ensures Yi (0) ≤ Yi (1).
For this example, we use the following utility function:
U (π) = E[Y (π)] − λ

X

kD(π | G = g) − D(π)k1

g∈{0,1}

= E[Y (π)] − 4λ| Pr(π = 1 | G = 1) − Pr(π = 1)|
= E[Y (π)] − 4λ| Pr(π = 1 | G = 1) − b|,
where b = Pr(π = 1) is our budget.

E. Experiment details for Section 5.1
We create a synthetic population of patients according to the
following structural equation model. We imagine individuals have three observable covariates, Xa , Xd , Xm , which
can be viewed as describing one’s age, proximity to transit,
and income, respectively. In addition, each individual is
equally likely to belong to one of two groups, with group
membership denoted by G. Specifically, we have

g∈G

where
δg (π) = | Pr(π(X) = a1 | s(X) = g) − Pr(π(X) = a1 )|.
Now, for any policy π, we construct a threshold policy π̃ of
the form in Eq. (6) by assigning to action a1 those x in each
group g having the largest values of ∆(x) such that
Pr(π̃(X) = a1 | s(X) = g) = Pr(π(X) = a1 | s(X) = g).

Xa , Xd , Xm ∼ U NIF(0, 1)
G ∼ B ERNOULLI(0.5)
Next, we define three potential outcomes for each individual,
corresponding to appearance in the absence of assistance
(a = 0), appearance if provided a transit voucher (a = 1),
and appearance if provided a free ride (a = 2). We do so in
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terms of the following structural equation:
200

fY (a, xa , xd , xm , g, u)

Vouchers

RCT
RCT to 175

= g · 1(a = 0) · 1(u ≤ logit−1 (−xa ))
(−xa + 2xd ))

+ g · 1(a = 2) · 1(u ≤ logit

(−xa + 4xm ))

−1

+ (1 − g) · 1(a = 0) · 1(u ≤ logit

−1

(8)

(−xa ))

+ (1 − g) · 1(a = 1) · 1(u ≤ logit−1 (−xa + xd ))
+ (1 − g) · 1(a = 2) · 1(u ≤ logit−1 (−xa + 2xm )).

Number of treatments

+ g · 1(a = 1) · 1(u ≤ logit
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Finally, for a latent variable U ∼ U NIF(0, 1), we define the
potential outcomes:
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Y (a) = fY (a, Xa , Xd , Xm , G, U ).

As described in the main text, the utility U is defined by
Eq. (2), where we set r(x, a, y) = y and λg = 0.02. In
other words,
U (π) = E[Y (π(X))]
X
−
λg kD(π(X) | G = g) − D(π(X))k1 .

12.5

Mean cumulative rides for subpopulation

This structure ensures that Y (0) ≤ Y (1) and that Y (0) ≤
Y (2), meaning that receiving any form of assistance is
always better than no assistance. Further, the type of
assistance—transit voucher or free ride—that is best for
each individual varies across the population. Finally, although the base rate of appearance in the absence of assistance is the same across groups, one group (g = 1) is
systematically more responsive to the assistance. As a result,
a preference for parity is at tension with simply allocating
assistance to those who would benefit the most.

Figure E1. Mean number of vouchers and rides provided across
2,000 simulations. The voucher and ride budgets are illustrated
with a dashed and dotted gray line, respectively.
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g∈{0,1}

The first term in U is the expected number of patients that
would show up under the policy π, and the second term
captures our parity preferences. The constant λg was chosen
so that the oracle policy exhibited a balance between perfect
demographic parity and simple appearance maximization.
When estimating f (x, a) during policy learning, we use
a logistic regression with the same functional form as the
data-generating process above. We started each of our experiments with a small warm-up phase of 25 people. During
this period, the first three patients seen from each group
were assigned to a = 0, a = 1, and a = 2, respectively. All
other individuals were assigned to one of the three actions
uniformly at random. The treatments during this warm-up
period are not included in the budget adjustment calculation
for b∗k,i .
Our learning framework formally relies on having a discrete
covariate space, but our synthetic population has continuous

Figure E2. Mean cumulative rides, across 2,000 simulations,
among individuals where Xd > 2 · Xm as each simulation progresses. As a direct consequence of our population model given
by Eq. (8), the oracle never treats these individuals with rides. Our
two main bandit methods, UCB and Thompson sampling, learn to
mimic the oracle faster than other policies by quickly refraining
from treating this population with rides. The structure of this chart
mimics the regret plot in Figure 2.

covariates. To address this mismatch, we transfer our continuous setting to the discrete setting in two steps. First, at
the start of our experiments, we draw one random sample C
of n = 1,000 patients, and approximate the full population
by a discrete distribution over this observed sample, with
each patient assigned probability 1/n. Now, the policies we
construct (i.e., those produced by our LP) are technically defined only for individuals having covariates matching those
of a patient in the initial sample C. Consequently, when mak-
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ing decisions for a new individual, we act according to the
learned policy for the most similar patient in C, where similarity is defined in terms of estimated potential outcomes.
Specifically, for a patient with covariates x, we define its
nearest neighbor NN(x) to be:
NN(x) = arg min
kfˆ(x0 , ·) − fˆ(x, ·)k2 .
0
x ∈C

Then, for any policy π defined on C, we extend it to a policy
π̃ on the full population by setting π̃(x) = π(NN(x)).
For the ε-greedy model, we set ε = 0.1. For both UCB and
Thompson sampling, we use the default weakly informative
priors provided by the sim function in arm (Gelman & Su,
2020). For UCB, we used the 95th percentile estimate of
the posterior of g(x, a, θ̂i ).
Eq. (7) describes a method for constraining allocations to
achieve the desired budgets in expectation. In Figure E1,
we show that this approach works well in practice.
Our two bandit methods strategically exploit structural features of our population model, as we illustrate with a specific
example. The form of our population model in Eq. (8) allows for some treatments to be strictly better for specific
subpopulations. For example, individuals with Xd > 2Xm
will always respond to the (plentiful) transit voucher a = 1
more potently than to the (limited) ride assistance a = 2.
For these individuals, our bandit algorithms learn it is disadvantageous to provide these individuals with a ride. In
contrast, other approaches (the RCT in particular) continue
to expend limited rides on these individuals (Figure E2).

