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Abstract
We study a multi-armed bandit learning setting where a social planner incentivizes a
set of heterogeneous agents to efficiently explore the set of available arms. At each
round, an agent arrives with their unobserved private type that determines both their
prior preferences across the actions as well as their action-independent confounding
shift in the rewards. The planner provides the agent with an arm recommendation
that may alter their belief and incentivizes them to explore potentially sub-optimal
arms. Under this setting, we provide a novel recommendation mechanism that
views the planner’s recommendations as forms of instrumental variables (IV) that
only affect an agents’ arm selection, but not the observed rewards. We construct
such IVs by carefully mapping the history –the interactions between the planner and
the previous agents– to a random arm recommendation. Despite the unobserved
confounding shift in the rewards, the resulting IV regression provides reliable
estimates on the reward effects of the actions and enables the social learning process
to minimize regret over the long term. Compared to the existing approaches in
the literature of incentivizing exploration, our IV-based mechanism also mitigates
selection bias and the negative externality that one group of agents may have on
others.
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Introduction

In many online recommendation systems, e.g. those used by Netflix, Amazon, Yelp, Stubhub, and
Waze, users are both consumers and producers of information. Users make their selections based
on recommendations from the system, and the system collects data about the users’ experiences to
provide better-quality recommendations for future users. To ensure the quality of its recommendations,
the system typically needs to balance between exploration—selecting potentially suboptimal options
for the sake of acquiring new information—and exploitation—selecting the best option given the
available information. However, there is an inherent tension between exploration and users’ incentives:
since each user is primarily concerned with their short-term utility, their incentives naturally favor
exploitation.
To resolve this tension between exploration and exploitation, a long line of work started by [11; 12]
has studied mechanisms that incentivize users to explore by leveraging the information asymmetry
between the recommendation system and users [13; 8; 12; 14]. These papers consider a multi-armed
bandit model where the recommendation system is a social planner who interacts with a sequence of
self-interested agents. The agents arrive one-by-one to choose from a given set of actions (or “arms”
or “alternatives”) and receive a reward for their choice. Upon the arrival of each agent, the social
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planner provides a recommendation (of one of the actions) that influences the agent’s selection. The
problem is to design a recommendation policy that incentivizes the agents to explore and in the long
run maximize the cumulative rewards of all the agents, even when the agents want to exploit.
Prior work on incentivizing exploration typically approaches the problem by enforcing Bayesian
incentive-compatibility (BIC) for every agent—that is, the planner recommends actions which it is in
each agent’s interest to follow, even if such action is inferior according to the agent’s prior belief. To
achieve BIC, a recommendation mechanism typically needs to make strong assumptions that 1) all
of the agents share a common prior over the rewards of actions and 2) all agents will comply with
each recommendation. However, in reality, agents tend to be heterogeneous in terms of their beliefs
and perceived rewards; as such, some may comply with a recommendation and some may not. In
particular, some agents can have a stronger bias that favors one action over others. Moreover, even if
the actions have the same effect or reward for all agents, their realized or observed utilities can be
different. For example, different patients taking the same drug may report levels of pain and different
drivers taking the same route may have different commute time.
Example 1.1. (Discriminatory lending) Consider the following scenario where some agents have
biases that favor one action over others concerns: a bank that lends in a discriminatory fashion
towards small businesses, as opposed to big ones. Suppose a bank is testing out a new sales campaign
where a loan officer can offer a business client a low-interest loan as an intervention. If the loan
officer offers the loan, the bank incurs some cost based on: 1) how much money the business takes
out; and 2) if the borrower defaults on their loan. Businesses generate baseline revenue that depends
on their types (big or small) and is independent of the intervention (i.e. offering the loan or not). The
loan officer knows their clients better than the bank does: so, the bank does not know the clients’
private types, but the loan officer does. The loan officer knows their clients’ types, but the bank does
not (say, because the loan officer knows their clients better than corporate does). Big businesses
already have more investments with the bank, so they generate more baseline revenue than small
businesses regardless of whether or not they’re offered a low-interest loan. Whether the loan officer
offers the loan depends on the business type and based on personal sales goals that are separate
from the bank’s goals. The officers are biased against small businesses, since they expect them to
be likely to default (which may be unfounded or not). Thus, the intervention choice is correlated
with the baseline revenue and causes a confounding effect. This confounding means that the bank,
who only observes the intervention choice and the total revenue and not the baseline revenue (nor
the client type), cannot estimate the effect of the low-interest loan campaign by standard methods
(e.g. OLS). Thus, they must use an instrument —here, the bank’s recommendation— to accurately
judge whether giving a low-interest loan causes higher profits than offering no loan and, similarly, to
estimate the effect of this intervention on profits. By giving recommendations to induce variability,
the bank can incentivize loan officers to lend to small businesses. Thus, the bank’s recommendation
policy mitigates selection bias, preventing discrimination against small businesses in this setting.
1.1

Related Work

Our work applies instrument variable (IV) regression [1; 2; 7] in a multi-armed bandits setting
[3; 10; 15]. We use IV regression because it yields consistent causal effect estimates in presence
of confounding, unlike OLS or ANOVA. The confounding effects of our model are a byproduct
of the more general setting of the model considered in [12]. Particularly, our model and algorithm
accommodates for heterogeneous priors, noncompliance, and binary treatment effect estimation; those
in [12] do not. Both [9] and [4] consider confounding in multi-armed bandits settings. However, [4]
does not consider incentive-compatibility nor do they employ IV regression. [9] uses IV regression in
a Bayesian bandits setting, but they consider an entirely different “instrument-armed bandit” problem
that does not consider incentivizing agents.
1.2

Results

We consider a Bayesian Incentive-Compatible bandits model that is more general than the benchmark
[12] insofar as it considers heterogeneous priors, noncompliance, confounding, and binary treatment
effect estimation. We provide an algorithm (see sub-algorithms 1 and 2) that employs IV regression
in a novel way in order to yield sub-linear regret (section 4.2) and a confidence interval on the true
treatment effect (theorems 3.2, 4.2 and 4.4). As an ancillary result, we provide a bound on the
difference between a true treatment effect and its finite-sample IV estimate theorem 2.1. In this
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workshop paper, we showcase our results in the simplified binary treatment setting with only two
types of agents to build intuition. Our results also apply to general settings with arbitrarily many
treatments and types of agents: however, this is reserved for our full paper.
Workshop Relevance. This paper is relevant to this workshop, because we consider a setting wherein
agents maximize their personal utility, which may be biased against choosing certain actions in such
a way that a confounding effect arises. We provide a recommendation system that incentivizes
exploration and consistently estimates treatment effect, despite these challenges.
Social and ethical impacts of our work include: 1) Estimating the causal effects of medical treatments in clinical trials where confounding effects are present; and 2) Mitigating selection bias in
settings similar to example 1.1.
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Model

We study a sequential game between a social planner and a sequence of agents over T rounds,
where T is known to the social planner.1 There are two actions to choose from: either the control
or the treatment. In each round t, an entirely new agent indexed by t arrives with their private type
ut drawn independently from a distribution U defined over the set U of all privates types. Each
agent t receives an action recommendation zt 2 {0, 1} from the planner and then selects an action
xt 2 {0, 1} and receives a reward yt 2 R.
Reward

Given the choice of xt 2 {0, 1}, the observed outcome yt for each agent t is given by
yt = ✓xt + g(ut ) + "t

(1)

where ✓ 2 [ 1, 1] denotes the unknown exogenous treatment effect, the term g(ut ) denotes a
baseline reward that depends on the agent’s private type ut , and the term "t denotes an independent
reward noise with a subgaussian norm of " and conditional expectation E["t | xt , ut ] = 0. We
assume that for all rounds t, the confounding term |g(ut )|  ⌥ for some constant ⌥. Both g(ut )
and "t are unobserved by the social planner. The social planner’s objective is to maximize the total
observed reward of all agents over all T rounds.
The utility for an agent t is different than the observed reward insofar as the agent incurs some cost
for taking the treatment that is not accounted for in the observed reward. Let the utility for agent t be:
ytagent := yt
(ut )xt = ✓xt
(ut )xt + g(ut ) + "t
(2)
where (ut ) denotes the cost to an agent of type ut for taking the treatment for cost function
: U ! [ ⌫, ⌫]. The social planner observes neither cost function nor agent reward ytagent .
Agents are self-interested individuals who aim to maximize their own expected reward ytagent , while
the social planner aims to maximize the long-term cumulative rewards across all agents.

History and recommendation policy The interaction between the planner and the agent t is given
by the tuple (zt , xt , yt ). For each t, let Ht denote the history from round 1 to t, that is the sequence
of interactions between the social planner and first t agents: ((z1 , x1 , y1 ), . . . , (zt , xt , yt )). Before
the game starts, the social planner commits to a recommendation policy ⇡ = (⇡t )Tt=1 where each
⇡t : ({0, 1} ⇥ {0, 1} ⇥ R)t 1 ! ({0, 1}) is a randomized mapping from the history Ht 1 to a
recommendation zt . The policy ⇡ is fully known to the agents.
Beliefs, incentives, and action choices Each agent t knows their place t in the sequential game.
As part of their private type ut , each agent t has a prior belief distribution Pt , which is a joint
distribution over the treatment effect ✓, the agents’ private types, and their reward noise.
In round t, the action xt chosen is given by a selection function f that takes the following form:

xt = f (ut , zt , t) :=
(3)
E [✓ | ut , zt , t] > (ut ) ,
Pt

1

In example 1.1, the social planner would be the bank and the agent would be the loan officer–business pair
that arrives on a given day.
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where, as above, (ut ) denotes the cost to an agent of type ut for taking the treatment, for some
bounded function : U ! [ ⌫, ⌫].

We say that the recommendation is Bayesian incentive compatible (BIC) for agent t if xt = zt .
2.1

Recommendations as Instruments

We model the observed reward yt and action xt in the presence of confounding variables that depend
on the type ut . In a bandits setting without a confounder, we could find the treatment effect ✓ by
taking the mean over sufficiently many observed rewards of each arm. However, because of the
unknown confounding variable g(ut ) that is correlated with xt , such simple estimation is inconsistent.
Instead, we use instrumental variable (IV) regression to estimate the exogenous treatment effect ✓.
Note that each recommendation zt can be viewed an instrumental variable because: (1) zt influences
the selection xt ; and (2) zt is independent from the endogenous error term g(ut ). Criterion (2)
follows because planner chooses zt randomly independent of the type ut .
Our mechanism periodically solves the following IV regression problem: given a set of n observations
{(xi , yi , zi )}ni=1 , find an accurate estimator ✓ˆn of ✓. To derive the estimator, we will rewrite the
selection and reward functions in (1) and (3) as a linear relationship between xi , yi and zi . Then
yi = ✓xi + g(ui ) + "i
(4)
xi = 1 zi + 0 (1 zi ) + ⌘i
= zi + 0 + ⌘i
(5)
where ⌘i = EU [x | zi ] xi and 1 = PU [xi = 1 | zi = 1] and 0 = PU [xi = 1 | zi = 0] make up
the compliance coefficient , which is given by:
= 1
(6)
P[xi = 1 | zi = 0]
0 = P[xi = 1 | zi = 1]
U

Let the operator ¯· denote the mean, e.g. ȳ :=

1
n

Pn

i=1

U

yi and ḡ :=

1
n

Pn

i=1

ȳ = z̄ + ✓ 0 + ✓¯
⌘ + ḡ + "¯
Thus, the centered reward and treatment choice at round i are given as:
⇢
yi ȳi = (zi z̄) + ✓(⌘i ⌘¯) + g(ui ) ḡ + "i
xi x̄i = (zi z̄) + ⌘i ⌘¯

g(ui ). The mean reward

"¯

(7)

Instrumental Variable Estimator. Using these formulations of the centered reward yi ȳ and
treatment choice xi x̄, we form the estimate ✓ˆn via Instrumental Variable (IV) regression. We
first form empirical estimates ˆn and ˆn by regressing the centered treatment choice xi x̄ and the
centered reward yi ȳ over the centered recommendation zi z̄, respectively. These estimates are
formed over n samples {xi , zi , yi }ni=1 as such:
Pn
Pn
(y
ȳ)(zi z̄)
(x
x̄)(zi z̄)
i=1
ˆn := i=1
Pn i
Pn i
and
ˆ
:=
(8)
n
2
z̄)
z̄)2
i=1 (zi
i=1 (zi
Second, we take their quotient as the predicted treatment effect ✓ˆn , i.e.
Pn
Pn
Pn
ˆn
(yi ȳ)(zi z̄)
(zi z̄)2
(yi ȳ)(zi z̄)
i=1
i=1
ˆ
Pn
Pn
✓n =
=
= Pni=1
(9)
2
ˆn
z̄)
x̄)(zi z̄)
x̄)(zi z̄)
i=1 (zi
i=1 (xi
i=1 (xi

We provide a finite-sample approximation bound on ✓ˆn , which may be of independent interest.
Theorem 2.1 (Treatment effect approximation bound). Given a sample set (zi , xi , yi )n , which
contains n samples of instrument z, treatment x, and reward y, we bound the difference between
the true treatment effect ✓ and the predicted treatment effect ✓ˆn derived via IV regression over
(zi , xi , yi )n . Let ⌥ be a upper bound on the confounding term g(ui ). For some confidence > 0,
with probability at least 1
:
p
(2 " + 4⌥) 2n log(4/ )
ˆ
✓n ✓  P n
.
| i=1 (xi x̄)(zi z̄)|
Proof. See appendix A.1.2 for a proof.
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Setting Assumptions and Sampling Stage for Control-Treatment with Two
Mixed-Preference Types

Assume that there are two types of agents. Let pi for i 2 {0, 1} be the proportion of agents of type i
in the population. The types are mixed, since agents of each type prefer different arms, i.e.
• agents of type 0 initially prefer the control (arm 0), i.e. µ00 > µ10 ; and
• agents of type 1 initially prefer the treatment (arm 1), i.e. µ01 < µ11 .
Our algorithm splits into two stages. First, in the sampling stage (algorithm 1), we incentivize only
type 0 agents to take all of our recommendations (see lemma 3.1). (Since they already prefer arm
0, the primary difficulty here is to incentivize them to take arm 1 when we recommend it.) We do
so by recommending arm 0 as an “exploitation” arm most of the time and recommending arm 1 as
an “exploration” arm with a low probability. Because we recommend the exploration arm with low
probability, our instrument is weak and it takes a lot of rounds to get an IV estimate with a good
approximation bound. So, once our approximation bound is good enough, we move to the second
phase: the racing stage (algorithm 2). In the racing stage, we play Active Arms Elimination [6] and
recommend arms 0 and 1 sequentially in equal proportion. In the first part of this stage, only type
0 agents are BIC, insofar as they always follow our recommendations. Up until this point, agents
of type 1 will always choose arm 1, regardless of what we recommend. However, in the second
part of the racing stage, our estimate ✓ˆ is good enough so that all agents become BIC and follow
our recommendations. Once one arm ‘wins,’ we end the racing stage and recommend the winning
arm for the remainder of the time horizon. At each stage, we get a confidence interval on the true
treatment effect relative to our estimate ✓ˆ and approximation bound (given in theorem 2.1).
3.1

Sampling Stage for Control-Treatment with Two Mixed-Preference Types

In the first phase of algorithm 1, we let the agents pick their preferred arm. Hence, each agent chooses
the better arm according to their prior: agents of types 0 will choose control (arm 0) while agents of
type 1 will take treatment (arm 1). We observe the reward from these arm pulls. Assume that there
are `0 samples of arm 0 and `1 samples of arm 1 observed in this phase. For a given type i, there is a
non-zero chance that arm 0 performs so poorly that the posterior of arm 1 looks better than that of
arm 0 conditioned on the observed samples. We define this event as
8
9
s
s
`1
`0
<1 X
=
X
1
2 log(1/ )
2 log(1/ ) 1
⇠i =
yt1
yt0 > 2⌥ + "
+ "
+ +⌫
(10)
: `1
;
`0
`0
`1
2
t=1

t=1

where > 0 is a small failure probability and at round t, the term yta denotes the observed reward of
taking arm a at time t (or no reward if arm a is not observed at time t), i.e. yta = yt [Xt = a].
Algorithm 1: Sampling stage for control-treatment with two mixed-preference types
P

[⇠ ]

Input: parameters ⇢, `1 2 N and 0 < < 0 , where 0 := P08 0
In the first `0 + `1 rounds, let the agents pick their preferred arm. The sample average of control
reward y 0 after `0 pulls of arm 0 is denoted ȳ`00 . Similarly, the sample average of treatment reward
y 1 after `1 pulls of arm 1 is denoted ȳ`11 . After that, do the following:
s
s
2 log(1/ )
2 log(1/ ) 1
0
1
if ȳ`0 ȳ`1 > 2⌥ + "
+ "
+ + ⌫ then
`0
`1
2
a⇤ = 0
else
a⇤ = 1
end
From the set P of the next `1 .⇢ agents, pick a set Q of `1 agents uniformly at random.
Every agent t 2 P Q is recommended arm a⇤ .
Every agent t 2 Q is recommended arm 1.
Lemma 3.1 (Sampling Stage BIC for Type 0). Algorithm 1 with parameters (⇢, `0 , `1 ) completes in
`1 ⇢ + `0 + `1 rounds. Algorithm 1 is BIC for all agents of type 0 if we hold the assumption above
5

and the parameters satisfy:
⇢

1+

4(µ00

µ10 + ⌫ PP0 [⇠0 ])
.
PP0 [⇠0 ]

For type 0, the fighting chance event is given as
8
s
`1
`0
<1 X
X
1
2 log(1/ )
⇠0 =
yt1
yt0 > 2⌥ + "
+
: `1
`0 t=1
`0
t=1
and happens with probability at least 1

for confidence

"

> 0.

s

(11)

9
=
2 log(1/ ) 1
+ +⌫ ,
;
`1
2

(12)

Proof. See appendix A.2.1 for a proof.
Theorem 3.2 (Sampling Stage Treatment Effect Confidence Interval). With n total samples collected
from algorithm 1 –run with exploration probability ⇢ large enough so that our recommendation BIC
for type 0 agents (see lemma 3.1),– we form an estimate ✓n of the treatment effect ✓. With probability
at least 1
,
p
2⇢ ( " + 2⌥) 2n log(5/ )
ˆ
✓
◆
✓n ✓ 
q
n(1 1/⇢) log(5/ )
np0 (1 1/⇢)
2
Proof. See appendix A.2.2 for a proof.
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Racing Stage and Regret Analysis

We observe a set of ⇢` samples from the sampling stage. With large enough ⇢`, we run the racing
stage algorithm, which is a modification of the Active Arms Elimination algorithm [6] with added
BIC constraints, i.e. that agents of type 0 are BIC in the first part of the algorithm, then all agents in
the second part. Finally, once an arm is found to be sub-optimal, it will be dropped from the race and
the other arms “wins”. To accelerate the sample collecting process, we employ the doubling trick [5]
to increase the phase length of the racing stage.
4.1

Racing Stage for Control-Treatment with Two Mixed-Preference Types

Lemma 4.1 (Racing Stage BIC for Type 0). Fix some constant ⌧ 2 (0, 1). Remember that (ut ) 2
[ ⌫, ⌫] for all ut and PP0 [✓ > ⌧ ] be the prior probability that ✓ > ⌧ for agents of type 0. Let the
approximation bound sL after the sampling stage be
p
(2 " + 4⌥) 2L log(4/ )
⌧ PP0 [✓ > ⌧ ] ⌫
sL := P

.
(13)
L
4
2
(x
x̄)(z
z̄)
i=1

i

i

Then, during the first phase of the racing stage, the recommendations from algorithm 2 are BIC for
agents of type 0.
Proof. See appendix A.3.1 for a proof.

Theorem 4.2 (First Part Racing Stage Treatment Effect Confidence Interval). With n total samples
collected from the first part of algorithm 2 where the type 0 BIC criterion on the sampling stage
approximation bound is met (see lemma 4.1), form an estimate ✓n of the treatment effect ✓. With
probability at least 1
,
p
8 ( " + 2⌥) 2n log(5/ )
p
✓ˆn ✓ 
np0
n log(5/ )
Proof. See appendix A.3.2 for a proof.
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Algorithm 2: The racing stage for control-treatment with two mixed-preference types
Input: samples SL := {xi , zi , yi }L
1 sampling stage sans the first phase L 2 N; time horizon T ;
minimum phase length h; probability ; and upper bound ⌫ on cost function (ut )
ˆ
Input: IV estimate of mean
p reward ✓, denoted ✓L and approximation bound
(2

+4⌥)

2L log(4/ )

"
P
defined over samples SL from the sampling stage
| Li=1 (xi x̄)(zi z̄)|
Let ✓ˆ0 := ✓ˆL and s0 := sL and S0 := SL ;
Split the remainder into consecutive phases of h2q rounds each, starting q = 1;
while ✓ˆq 1  sq 1 do
The next h2q agents are recommended both arms sequentially;
For each arm a 2 {0, 1}, let yta be one sample reward of that arm in this phase;
q
Let the samples gathered from round q be denoted Sq := {xi , zi , yi }L+h2
L+h2q 1
Define SqBEST as the samples from the phase (including the sampling stage samples SL ) with the
p
2( " +2⌥) 2|Sr | log(4/ )
BEST
P
best approximation bound, i.e. Sq
= argmin
;
| Sr (xi x̄)(zi z̄)|
Sr , 0 r q
Define ✓ˆq and sq as the estimate and approximation bound defined over the best samples SqBEST ;
q = q + 1;
end
h
i
For all remaining agents recommend a⇤ =
✓ˆq > 0

sL :=

Lemma 4.3 (Racing Stage BIC for Type 1). Fix some constant ⌧ 2 (0, 1). Remember that (ut ) 2
[ ⌫, ⌫] for all ut and PP1 [✓ < ⌧ ] be the prior probability that ✓ < ⌧ for agents of type 1. Let the
approximation bound sL1 after the first racing stage be
p
(2 " + 4⌥) 2L1 log(4/ )
⌧ PP1 [✓ < ⌧ ] ⌫
sL1 := P

.
(14)
L1
4
2
(x
x̄)(z
z̄)
i=1

i

i

Then, during the second part of the racing stage, the recommendations from algorithm 2 are BIC for
agents of type 1 (as well as for type 0).
Proof. See appendix A.3.3 for a proof.
Theorem 4.4 (Second Part Racing Stage Treatment Effect Confidence Interval). With n total samples
collected from the second part of algorithm 2 where the BIC criterion for both types on the sampling
stage approximation bound is met (see lemmas 4.1 and 4.3), form an estimate ✓n of the treatment
effect ✓. With probability at least 1
,
p
8 ( " + 2⌥) 2n log(5/ )
ˆ
✓n ✓ 
n
Proof. See appendix A.3.4 for a proof.
4.2

Regret Analysis

The goal of this algorithm is to maximize the cumulative reward of all agents. We measure the
algorithm’s performance through the definition of regret. We are interested in minimizing the ex-post
regret of the algorithm, which is the regret specific to a particular treatment effect ✓. Since the priors
are not exactly known to the social planner, this ex-post regret is correct for any realization of the
priors and treatment effect ✓.
Definition 4.5 (Ex-post Regret). The ex-post regret of the algorithm is
R✓ (T ) = T ✓a

⇤

T
X
t=1

7

✓xt

(15)

The Bayesian expected regret of the algorithm is:
"
RP (T ) = E T ✓a

⇤

⇤

T
X
t=1

#

✓xt = E[R✓ (T )]

(16)

⇤

where if ✓ > 0, then ✓a = ✓; and otherwise if ✓  0, then ✓a = 0.
Using these definitions, our entire algorithm (with the sampling stage and the racing stage) achieves
sub-linear ex-post regret.
Lemma 4.6 (Regret). Algorithms 1 and 2 with parameters `1 , ⇢ 2 N achieves ex-post regret
p
R(T )  `1 ⇢ + O( T log T )
(17)
where `1 is the sampling stage’s phase length and 1/⇢ is the exploration probability in the sampling
stage.
Proof. See Appendix B.1 for a proof.
With similar analysis, we also achieve sub-linear expected regret over the randomness in the priors of
the agents. Lemma 4.7 provides a basic performance guarantee of our algorithm.
Lemma 4.7 (Expected Regret). Algorithms 1 and 2 with parameters `1 , ⇢ 2 N achieves expected
regret
p
(18)
E[R(T )] = O( T log T )
Proof. See Appendix B.2 for a proof.

These results are analyzed via standard technique and are comparable to the regret of the classic
multi-armed bandit problem, with some added constants factors for the BIC constraints [6]. Although
the regret of our algorithm is the same as the fully incentive-compatible algorithm for both types,
our algorithm can finish in a more timely manner and has smaller prior-dependent constants in the
asymptotic bound.
From the analysis in lemma 4.6, we can derive the type-specific regret for each type of agent. Since
our algorithm does not guarantee that all agents follow our recommendation, this regret analysis is
divided into two cases, depending on the best arm overall. If we assume that proportions of each type
in the population are equal, lemma 4.8 below demonstrates the type-specific regret guarantee of our
algorithm.
Lemma 4.8 (Type-specific regret). Algorithms 1 and 2 with parameters `1 , ⇢ 2 N achieves typespecific regrets in table 1.
Table 1: Type-Specific Regret for Two Arms & Two Types with partially BIC Algorithm
Best arm / Type Type-specific regret
⇣
⌘
p
T
Arm 0 / Type 0 O (⌧ PP log
+ O( T log T )
2
[✓
⌧
]
⌫)
0
⇣
⌘
⇣
⌘
p
T
log T
Arm 0 / Type 1 O (⌧ PP log
+ O (⌧ PP [✓<
+ O( T log T )
2
2
[✓
⌧
]
⌫)
⌧
]
⌫)
0
⇣
⌘
p 1
T
Arm 1 / Type 0 O (⌧ PP log
+
O(
T log T )
2
p 0 [✓ ⌧ ] ⌫)
Arm 1 / Type 1 O( T log T )
Proof. See Appendix B.3 for a proof.
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Full results

For simplicity, we showcased our how we apply our algorithm with recommendations as instrumental
variables in a binary treatment setting with only two types of agents. However, our results apply
to general settings with many treatments and many types. Please see our full paper for these fully
general results.
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