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Workers spend a significant amount of time learning how to make good decisions. Evaluating the efficacy of

a given decision, however, is quite complicated. For one, decision outcomes are often long-term and relate to

the original decision in complex ways. The goal of our paper is to study whether machine learning can be used

to infer tips that can help workers learn to make better decisions. Such an algorithm must identify strategies

that not only improve worker performance, but that are also interpretable to the human workers so that

they can easily understand and follow the tips. We propose a novel machine learning algorithm for inferring

interpretable tips that can help users improve their performance in sequential decision-making tasks. We

perform a behavioral study to validate our approach. To this end, we designed a virtual kitchen-management

game that requires the participant to make a series of decisions to minimize overall service time. Then, we

compare the performance of participants shown a tip inferred using our algorithm compared to a control

group that is not shown the tip, as well as groups shown either a tip proposed by experienced human workers

or a tip inferred by a baseline algorithm. Our experiments show that (i) the tips generated by our algorithm

are effective at improving performance, (ii) they significantly outperform the two baseline tips, and (iii) they

successfully help participants build on their own experience to discover additional strategies and overcome

their resistance to exploring counterintuitive strategies.

Key words : behavioral operations, interpretable machine learning, sequential decision-making, best

practices, learning, human-AI interface

1. Introduction

Workers often spend a significant amount of time on the job learning how to make good decisions

that improve their performance (Chui et al. 2012). The impact of a current decision can be highly

stochastic and affect future decisions/rewards, making it difficult for them to evaluate the quality

of a decision. This issue is further exacerbated by the fact that multiple decisions are often made

sequentially, making it hard to determine which decisions are responsible for good outcomes. Many

jobs require sequential decision-making; for example, doctors making decisions to optimize the

long-term outcomes of their patients (Kleinberg et al. 2015) or drivers on ride-hailing platforms

optimizing their long-term profits (Marshall 2020). As a concrete example, physicians seek to learn

good strategies for ordering lab tests, since obtaining the appropriate testing results in a timely

fashion is necessary to minimize delays in patient visits. Song et al. (2017) finds that experienced

1



Bastani, Bastani, and Sinchaisri: Learning Best Practices
2

physicians have learned to order these tests early on to avoid delays. Despite the simple description

of the strategy—“order lab and radiology tests as early in the care delivery process as possible”—

learning it on the job is difficult because the connection between when the tests are ordered and

the overall quality of care is highly stochastic, and is influenced by other decisions made by the

physician as well as unrelated environmental factors such as hospital congestion.

The need to spend time learning on the job has consequences for service quality, since work-

ers likely make suboptimal decisions during this time. For instance, when surgeons first use new

devices, surgery duration increases by 32.4% (Ramdas et al. 2017). Thus, whenever possible, work-

ers seek alternative ways to acquire best practices on decision-making. Continuing our example on

physician decisions for lab testing, Song et al. (2017) finds that physicians can learn strategies for

reducing service time from their better-performing colleagues. This approach is effective precisely

because the strategy is simple and easy to communicate, yet time-consuming to discover indepen-

dently. However, learning from their peers is not always an option for workers; for instance, some

workers are comparatively isolated—e.g., physicians working in rural hospitals or operating their

own practices or independent workers in the gig economy. In these cases, workers must wastefully

spend time independently rediscovering best practices that are already known to their colleagues.

A natural question is whether we can automatically discover best practices and convey them to

workers to help them improve their performance. In particular, over the past two decades, many

domains have accumulated large amounts of trace data on human decisions. For example, nearly

every physician action is logged in electronic medical record data; every movement of a driver

is recorded on a ride-hailing platform; even retail manager decisions on pricing and inventory

management are recorded on a daily basis. This data implicitly encodes the collective knowledge

acquired by numerous workers about how to effectively perform their jobs. Thus, we might hope

to leverage tools from machine learning to mine this data and automatically discover insights that

can be used to help workers improve their performance.

In this paper, we study whether machine learning can be used to infer rules that help improve

workers’ performance at sequential decision-making tasks. In particular, we propose a novel algo-

rithm for mining useful rules or best practices. Our algorithm automatically learns a decision-

making rule that, if correctly followed by the human worker, most improves their performance. It

does so in two steps. First, our algorithm uses imitation learning (Abbeel and Ng 2004) to learn a

model of the current strategy employed by the human workers. These algorithms are designed to

reverse-engineer the strategy employed by humans based on data encoding the actions they take

in various states. In particular, we use Q-learning (Watkins and Dayan 1992) to learn a neural

network, called the Q-network, that approximates the long-term value of the actions taken by the

human workers. In addition to encoding the strategy of the human worker, the Q-network also
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encodes how changes to the human strategy affect their performance. Then, our algorithm lever-

ages the Q-network to learn a decision-making rule that modifies the human worker strategy in a

way that most improves their performance. We must carefully design the search space of decision-

making rules so that human workers can correctly follow the rule. That is, the rule must be an

interpretable model whose computation process can be understood by humans (Letham et al. 2015).

In particular, we design the search space to consist of if-then-else rules, and use an approach based

on interpretable reinforcement learning (Bastani et al. 2018) to learn the best rule. Importantly,

despite their simplicity, these if-then-else rules can capture useful insights that are challenging for

humans to learn by themselves due to the sequential nature of the decision-making problem.

As a case study, we have designed a game where human participants act as managers for a

virtual kitchen. An illustration of this task is shown in Figure 1a. In this environment, the human

is shown a set of food orders (e.g., burgers, tacos, etc.), each of which is decomposed into a set

of subtasks (e.g., chopping, cooking, serving, etc.). To complete an order, the human must assign

each subtask to one of the available virtual workers (e.g., chef, server, etc.). The goal is to do

so in a way that completes all the orders as quickly as possible. There are two aspects of this

environment that make it challenging: (i) each virtual worker has different skills (e.g., the chef

cooks quickly but serves slowly), and (ii) the subtasks have dependencies (e.g., the food must be

cooked before it is served). As a consequence, the human must balance leveraging the strengths

of each virtual worker (i.e., avoid assigning suboptimal subtasks that the virtual worker is slow to

complete) and ensuring that none of the workers are idle (i.e., assign suboptimal subtasks to avoid

idling the virtual worker). This environment can be thought of as a networked queuing model with

heterogeneous servers—i.e., the subtask dependencies are encoded by the network structure and

the virtual workers are the heterogeneous servers.

We conduct a behavioral study using Amazon Mechanical Turk (MTurk) workers to test whether

our machine-learning algorithm can learn rules that help human workers improve their performance.

Our study is based on two different configurations of our virtual kitchen environment. In the

“normal” configuration, the MTurk worker plays three identical instantiations of the environment.

In the “disrupted” configuration, the first two instantiations of the environment are identical to

the ones in the normal configuration, but the remaining four instantiations are modified so that

a key worker (namely, the chef) is no longer available. These two configurations are visualized in

Figure 1b. The disrupted configuration is particularly challenging for the MTurk workers, since

they must “un-learn” preconceived notions about the optimal strategy acquired during the first

two instatiations. For each of these configurations, we leverage our algorithm to learn interpretable

decision-making rules, and then demonstrate how providing this decision-making rule improves the

performance of the MTurk workers. Our results show that (i) the tips inferred from our algorithm
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Figure 1 Overview of behavioral study: virtual kitchen management.

(a) Workflow and main experimental task (b) Study configurations

are effective at significantly improving performance and speeding up learning, (ii) they outperform

the tips generated either by previous participants or the baseline algorithm by a significant margin,

and (iii) they induce the participants to discover additional optimal strategies beyond what is

stated in the tips.

1.1. Related Literature and Contributions

Process improvement has always been one of the major emphases both in the operations manage-

ment literature and in practice. Our work focuses on process improvement from the perspective of

individual workers. Scholars have identified various difficulties associated with learning to improve

performance. When first experiencing a new work environment, workers tend to have difficulty

adjusting, resulting in various degrees of undesirable performance. For instance, as mentioned

earlier, Ramdas et al. (2017) finds that when surgeons first use a new surgical device, surgery dura-

tion increases by 32.4%, hurting both their service quality and productivity. Bavafa and Jónasson

(2020a) shows that unexpected critical medical incidents slow down the ambulance activation

among paramedics. The situation exacerbates when inexperienced workers lack a guideline on how

to manage their workflow as their prioritization could often be suboptimal and detrimental to

productivity (Ibanez et al. 2017). The complex nature of workflow also plays a role. Workers tend

to focus on immediate challenges and ignore opportunities for learning (Tucker et al. 2002) and

switching between tasks could hurt as much as 20% of their productivity (Gurvich et al. 2019).

In many collaborative work settings, productivity depends on one’s co-workers. Collaboration is
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particularly challenging in distributed work, where there is considerable uncertainty about others’

behaviors (Weisband 2002, Mao et al. 2016). This is especially true in healthcare, where delivery

processes involve numerous interfaces and patient handoffs among multiple healthcare practitioners

with varying levels of training and prior experiences working together (Hughes et al. 2008, Akşin

et al. 2020).

To increase reliability and reduce process variation, process standardization is commonly imple-

mented to form best practices (Nonaka and Takeuchi 1995, Pfeffer et al. 2000, Spear 2005). Process

standardization is generally a two-step process: creating the standards and then communicating

them. Creating standards and developing knowledge of best practices are known to be hard as

they take time (Nonaka and Takeuchi 1995) and knowledge transfer often fails across organiza-

tional borders (Szulanski 1996, Argote 2012). A rich literature in operations management and

organizational behavior has shown how various aspects of experiences can improve individuals’

productivity and performance. For example, professional web developers frequently learn new con-

cepts and strategies by trial and error (Dorn and Guzdial 2010). Past experiences on the same

or related tasks, even subtasks, have a significant effect on performance (Huckman and Pisano

2006, Kc and Staats 2012), a variety of experiences could hinder workers’ ability to identify best

practices (Kc and Staats 2012). Furthermore, Bavafa and Jónasson (2020b) shows that greater

prior experience reduces variance of performance. Social interaction is another common way to

learn. Therapy workers learn from clients’ feedback to adjust their treatment process (Brattland

et al. 2018). Workers also learn significantly from their colleagues, particularly those with a high

level of knowledge or valuable skills (Herkenhoff et al. 2018, Jarosch et al. 2019). Song et al. (2017)

shows that by publicly disclosing relative performance feedback, physicians can better identify their

top-performing co-workers, enabling the identification and validation of best practices. Working

alongside experienced peers is shown to improve workers’ performance (Chan et al. 2014, Tan and

Netessine 2019). Team experience and familiarity with one another and with the tasks are associ-

ated with both team and individual performance (Akşin et al. 2020, Kim et al. 2020). However,

these learning strategies can be inefficient as they rely on the availability of experts and knowledge

of best practices. Given well-documented difficulties in learning on the job and identifying best

practices, our work proposes an effective approach to automatically extract best practices from

logs of historical decisions and outcomes.

Besides identifying best practices, effectively sharing and encouraging workers to adopt them are

known to be challenging (Tucker et al. 2007). One way to improve such knowledge transfer is to

structure it as a simple rule. The clarity of simple rules allows workers to gain deeper understanding

of the environment and potential improvement (Sull and Eisenhardt 2015, Gleicher 2016). A simple

training intervention is also shown to improve decision-making by persistently reducing cognitive
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biases (Morewedge et al. 2015, Sellier et al. 2019). Thanks to the fast-growing advancement of arti-

ficial intelligence, machine-learning models have demonstrated great success in learning complex

systems and making predictions that help guide high-stakes decision-making in various domains,

from healthcare to criminal justice. However, most commonly used black-box models do not provide

users with transparency, accountability, or explanations. The lack of human understanding of how

algorithms work poses serious problems to society (Rudin 2019) and leads to aversion to adopting

these tools (Dawes et al. 1989, Dietvorst et al. 2015). In recent years, significant efforts have been

dedicated towards the development of models that are inherently interpretable (e.g., see Murdoch

et al. (2019) for an in-depth review of methods and applications of interpretable machine learn-

ing). Incorporating human domain knowledge into algorithms has also received increased attention

recently (Arvan et al. 2019, Ibrahim et al. 2020). Our work contributes to this stream of literature

in two ways. First, we show that a simple intervention–providing a simple tip–can help improve

worker performance over time and speed up their learning process. Second, we develop a novel algo-

rithm that leverages the largely untapped potential of worker trace data to complement existing

training programs and learning among workers.

2. Inferring Tips via Interpretable Reinforcement Learning

Consider a human making a sequence of decisions to achieve optimize some desired outcome. We

study settings where current decisions affect future outcomes—for instance, if the human decides

to consume some resources at the current time step, they can no longer use these resources in the

future. These settings are particularly challenging for decision-making due to the need to reason

about how current actions affect future decisions, making them ideal targets for leveraging tips to

improve human performance. In particular, our goal is to provide insights to the human that enable

them to improve their performance. In this section, we describe our algorithm for computing rules

designed to improve the performance of human workers.

2.1. Background on MDPs

We begin by formalizing the tip inference problem. We model our setting as the human acting

to maximize reward in a Markov Decision Process (MDP) M = (S,A,R,P, γ) over a finite time

horizon T . Here, S is the state space, A is the action space, R is the reward function, and P is the

transition function. Intuitively, a state s∈ S captures the current configuration of the system (e.g.,

available resources), and an action a ∈ A is a decision that the human can make (e.g., consume

some resources to produce an item). More precisely, we represent the human as a decision-making

policy πH mapping states to (possibly random) actions. At each time step t∈ {1, ..., T}, the human

observes the current state st and selects an action at to take according to the probability distribution

p(at | st) = πH(st, at). Then, they receive reward rt =R(s, a), and the system transitions to the next
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state st+1, which is a random variable with probability distribution p(st+1 | st, at) = P (st, at, st+1),

after which the process is repeated until t= T . A sequence of state-action-reward triples sampled

according to this process is called a rollout, denoted ζ = ((s1, a1, r1), ..., (sT , aT , rT )). The human’s

goal is to act according to a policy πH that maximizes the cumulative expected reward J(πH),

where

J(π) =Eζ∼D(π)

[
T∑
t=1

γtrt

]
,

and where D(π) is the distribution of rollouts induced by using policy π.

Finally, the value function V (π) : S→ R and Q function Q(π) : S ×A→ R of π are the unique

solutions to the recursive system of equations

V (π)(s) =Eπ(a|s)[Q(π)(s, a)]

Q(π)(s, a) =R(s) + γ ·EP (s′|s,a)[V
(π)(s′)],

respectively. Intuitively, V (π)(s) is the cumulative expected reward of using π if the initial state

is s, and Q(π)(s, a) is the cumulative expected reward of using π from state s, but where the first

action taken is fixed to be a.

2.2. Problem Formulation

Now, given the MDPM along with the human policy πH , our goal is to learn a a decision-making

rule or tip ρ that most improves the performance of the human as measured by the cumulative

expected reward J(πH). Formally, a tip indicates that in certain states s, the human should use

action ρ(s) ∈A instead of their own policy πH . For simplicity, we assume that the human always

follows the tip; while this assumption does not always hold in practice, we find that it works well

as long as the human can understand the tip along with its rationale. Thus, we consider tips in

the form of a single, interpretable rule:

ρ(s) = if ψ(s) then take action a,

where a ∈ A is an action and ψ(s) ∈ {true, false} is a logical predicate over states s ∈ S—e.g., it

might say that a sufficient quantity of a certain resource is currently available. Intuitively, a tip

ρ= (ψ,a) says that if the condition ψ is satisfied, then the human should use action a; otherwise,

they should use their default action πH(s).

Note that this tip specifies the action to take in a portion of the state space; in the remainder

of the state space, the human should continue to make decisions using their own policy πH . More
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precisely, assuming we have a mapping φ : S→{0,1}d of states to a set of binary properties φ(s)i,

then a state constraint is a predicate ψ : S→{0,1} of the form

ψ(s) = (φ(s)i1 = b1)∧ ...∧ (φ(s)ik = bk).

Then, the tip is a pair ρ= (ψ,a) of a predicate ψ and an action a.

Assuming the human follows this tip exactly, then the resulting policy they use is πH ⊕ρ, where

(π⊕ ρ)(s, a) =

{
1(a= a′) if ψ(s)

π(s, a) otherwise.

In particular, πH⊕ρ represents the setting where the human exactly follows rule ρ—i.e., they use

the action recommended by ρ when applicable and use their own policy πH otherwise.1 Finally, given

a class of rules ρ∈R, our goal is to choose the one that most improves the human’s performance—

i.e.,

ρ∗ = arg max
ρ∈R

J(πH ⊕ ρ). (1)

The tip inference problem is to compute ρ∗. To guide our algorithm for learning ρ∗, we assume we

are given an expert policy π∗ that achieves high performance J(π∗). In principle, we can compute

the exact optimizer π∗ = arg maxπ J(π) using dynamic programming. However, this approach is

computationally intractable for large state spaces. Instead, we can use techniques such as model-

free reinforcement learning (Watkins and Dayan 1992, Sutton et al. 2000) to compute π∗ that

approximately optimizes J(π). These approaches rely on our assumption that the MDP structure

is known; when it is unknown, our algorithm can instead leverage sampled rollouts from a human

expert.

2.3. Tip Inference Algorithm

Now, we describe our algorithm for maximizing the objective in (1). Ideally, our algorithm would

simply enumerate ρ∈R, compute J(πH⊕ρ), and return the rule ρ that achieves the highest score.

The key challenge is how to compute the value of the objective J(πH ⊕ ρ) in (1) for a candidate

tip ρ∈R.

We first compute the optimal Q-function Q∗ by (approximately) solving the Bellman equations

Q∗(s, a) =R(s) + γ ·Ea∼π(s,·),s′∼P (s,a,·)[Q
∗(s, a)]

using Q-learning (Watkins and Dayan 1992), where we parameterize Q∗ using a neural network

with a single hidden layer. Then, we leverage the following result from Bastani et al. (2018):

1 Although we rank rules assuming humans follow our tips exactly, this is not the case in practice. Nevertheless, our
behavioral experiments demonstrate that our tips significantly improve performance relative to other types of tips.
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Lemma 1. For any policy π, we have

J(π) =Eζ∼D(π)

[
T∑
t=0

Q∗(st, at)

]
,

We can use this result to rewrite the objective J(πH ⊕ ρ) in (1) as follows:

J(πH ⊕ ρ) =E
ζ∼D(πH⊕ρ)

[
T∑
t=1

Q∗(st, at)

]
.

However, we do not have access to samples ζ ∼D(πH⊕ρ). To address this issue, we use an approx-

imation where we assume that the tip ρ does not drastically change the human’s decisions or the

distribution over rollouts of the human–i.e., D(πH⊕ρ) ≈D(πH ). Then, we have

J(πH ⊕ ρ) =E
ζ∼D(πH⊕ρ)

[
T∑
t=1

Q∗(st, at)

]

≈E
ζ∼D(πH )

[
T∑
t=1

Q∗(st, (at⊕ ρ)(st)

]
,

where for a given tip ρ= (ψ,a) and action a′, we have

(a′⊕ ρ)(s) =

{
a if ψ(s) = 1

a′ otherwise.

Furthermore, we approximate the expectation in our objective using sampled rollouts ζ1, ..., ζk ∼

D(πH ) from the human policy πH , where ζi = ((si,1, ai,1, ri,1), ..., (si,T , ai,T , ri,T )). Thus, our algorithm

computes the tip

ρ̂= arg max
ρ

1

k

k∑
i=1

T∑
t=1

Q∗(si,t, (ai,t⊕ ρ)(si,t)), (2)

The remaining challenge is that we do not have access to the Q-function Q(π∗) of the expert

policy π∗. We can learn an estimate Q̂ of Q(π∗) using supervised learning based on sampled rollouts

ζ ∼D(π∗). In particular, given samples ζ1, ..., ζh ∼D(π∗), we solve the optimization problem

Q̂= arg min
Q∈Q

h∑
i=1

T∑
t=1

(Q(si,t, ai,t)−Qi,t)
2

where Qi,t =
T∑

τ=t+1

ri,τ .

Here, Qi,t is an unbiased estimate of Q∗(si,t, ai,t). For instance, we could choose Q to be a random

forest or a neural network. Then, our objective becomes

ρ̂= arg max
ρ∈R

1

k

k∑
i=1

T∑
t=1

Q̂(si,t, (ai,t⊕ ρ)(si,t)). (3)
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3. Case Study: Virtual Kitchen Management Game

We seek to evaluate whether our algorithm can reliably improve worker performance in a controlled

environment. To this end, we have developed a sequential decision-making task in the form of a

virtual kitchen game that can be played by individual human users.

In this game, the human user takes a role of a manager of a virtual kitchen. The overall goal is to

complete a fixed set of n food orders (e.g., burgers, tacos, etc.), where order j ∈ {1, ..., n} consists

of kj subtasks (e.g., chopping, cooking, serving, etc.). To complete an order, the human user must

assign each of these subtasks to one of the available virtual workers (e.g., chef or server), ideally

accounting for the heterogeneous skillset of each worker. The game operates in discrete time steps

called ticks. On each tick, the human user can assign any of the available subtasks to any of the

available virtual workers, where (i) a subtask is available if all its prerequisites have been completed

but it has not yet been assigned, and (ii) a virtual worker is available if they are not currently

working on another subtask. Importantly, the human user can choose not to assign any subtask

to a virtual worker even if they are available—e.g., to strategically wait and assign the worker

a more appropriate subtask that will become available at a later tick. On each tick, the human

user makes their desired assignments, and then clicks a “next tick” button on the screen; upon

clicking this button, the assignments are made and the game is incremented to the next tick. This

process repeats until all orders are complete. The goal of the human user is to assign all subtasks

to the virtual workers in a way that minimizes the total number of ticks it takes to complete all

the orders.

There are two aspects of the game which make it challenging to play optimally. First, the subtasks

have dependencies—e.g., the burger must be cooked before it can be served. Second, the virtual

workers have different skills that affect how long they take to complete a subtask—e.g., a chef can

cook quickly but is slow at serving, whereas a server can serve quickly but is slow at cooking. Thus,

the human user must make trade-offs such as deciding whether to greedily assign a worker to a

task that they are slow to complete, or leave them idle in anticipation of an upcoming task they

can complete quickly.

3.1. Formulation as an MDP

At a high level, the states encode the progress towards completing all the food orders, the actions

encode the available assignments of subtasks to workers, and the rewards encode the number of

ticks the user takes to complete all the orders. More specifically, the states encode the following

information: (i) in all the orders, which subtasks have been completed so far, and (ii) which subtask

has been assigned to each virtual worker (if any), and how many ticks remain for the virtual

worker to complete that subtask. Next, the actions consist of all possible assignments of available

subtasks to available virtual workers. Finally, the reward is −1 at each tick, until all orders are

completed—thus, the total number of ticks taken to complete all orders is the negative reward.



Bastani, Bastani, and Sinchaisri: Learning Best Practices
11

3.2. Search Space of Tips

Next, we describe the search space of tips (i.e., rules) that are considered by our algorithm. Each tip

is actually composed of a set of rules inferred by our algorithm. Recall that our algorithm considers

tips in the form of an if-then-else statement that says to take a certain action in a certain state. One

challenge is the combinatorial nature of our action space—there can be as many as k!
(k−m)!

actions,

where m is the number of workers and k =
∑n

j=1 kj is the total number of subtasks. The large

number of actions can make the tips very specific—e.g., simultaneously assigning three distinct

subtasks to three of the virtual workers. Instead, we decompose the action space and consider

assigning a single subtask to a single virtual worker. To be precise, we include three features in the

predicate φ: (i) the subtask being considered, (ii) the order to which the subtask belongs, and (iii)

the virtual worker in consideration. Then, our algorithm considers tips of the form

if (order = o ∧ subtask = s ∧ virtual worker =w) then (assign (o, s) to w),

where o is an order, s is a subtask, and w is a virtual worker.

Even with this action decomposition, we found that these tips are still too challenging for human

users to internalize since the tips are very specific. Instead, we post-process the tips inferred by

our algorithm by aggregating over tuples (o, s,w) that have the same s and w—e.g., instead of

considering two separate tips2

if (order = burger1 ∧ subtask = cooking ∧ virtual worker = chef) then (assign (burger1, cooking) to chef),

if (order = burger2 ∧ subtask = cooking ∧ virtual worker = chef) then (assign (burger2, cooking) to chef),

we merge them into a tip

assign cooking to chef 2 times.

In other words, a tip is a combination of tips ρ= (ρ1, ..., ρk). The score that we assign to such a

tip is J(ρ) =
∑k

i=1 J(ρi). Then, we choose the tip that achieves the highest score.

3.3. Tip Inference Algorithm Implementation

First, we describe how we compute the expert Q-function Q∗. In principle, we could use dynamic

programming to solve for the optimal value function V ∗, and then compute the optimal Q-function

based on V ∗. However, while our state space is finite, it is still too large for dynamic programming

to be tractable. Instead, we use the policy gradient algorithm (which is widely used for model-free

reinforcement learning) as a heuristic to learn an expert policy π∗ for our MDP (Sutton et al.

2000).

2 We experimented with combinations of tips in exploratory pilots, and found that MTurk workers were unable to
operationalize and comply with such complex tips even though they might be part of an optimal strategy.
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At a high level, the policy gradient algorithm searches over a family of policies πθ parametrized

by θ ∈Θ⊆RdΘ ; typically, πθ is a deep neural network, and θ is the corresponding vector of neural

network parameters. This approach requires featurizing the states in the MDP—i.e., constructing

a feature mapping φ : S→{0,1}d. Then, the neural network policy πθ takes as input the featurized

state φ(s), and outputs an action π∗(φ(s)) ∈ A to take in state s.3 Then, the policy gradient

algorithm performs stochastic gradient descent on the objective J(πθ), and outputs the best policy

π∗ = πθ∗ . In general, J(πθ) is nonconvex so this algorithm is susceptible to local minima, but it is

well known that it performs exceptionally well in practice.

In our implementation, the state features include the availability of each sub-task (for each

order), the current status of each worker, and the time index. We take πθ to be a neural network

with 50 hidden units; to optimize J(πθ), we take 10,000 stochastic gradient steps with a learning

rate of 0.001. In addition, since our MDP has finite horizon, we use a discount factor of γ = 1.

Once we have computed π∗, we use the supervised learning algorithm described in Section 2

to learn an estimate Q̂ of the optimal policy’s Q(π∗); specifically, we choose Q̂ to be a random

forest (Breiman 2001). The random forest operates over the same featurized states as the neural

network policy—i.e., it has the form Q̂(φ(s), a)≈Q(π∗)(s, a).

Finally, we apply our algorithm to inferring tips on state-action pairs collected from observing

human users playing our game. Because our goal is to help human users improve, we restrict

our data to the bottom 25% of human users in terms of performance. In addition, we apply two

additional post-processing steps to the set of candidate tips. First, we eliminate tips that apply in

less than 10% of the states occurring in the human trace data—i.e., the predicate ψ(s) = 1. This

step eliminates high-variance tips that have large benefits, but are useful only a small fraction of

the time. Second, we eliminate tips that, when they apply, disagree with the expert policy more

than 50% of the time—i.e., for a tip (ψ,a), ψ(s) = 1 and a 6= π∗(s). This step eliminates tips that

have large benefits on average, but sometimes offer incorrect advice that can confuse the human

user (or cause them to distrust our tips).

3.4. Baseline Algorithm

Our first baseline is a näıve algorithm that, given rollouts D̂ from the optimal policy π∗, first

computes the frequency of state-action pairs in D̂—i.e.,

C∗(ψ,a) = log
(

1 + #{(ψ,a)∈ D̂}
)
,

3 To be precise, π∗(φ(s)) outputs a probability π∗(a | φ(s)) for each action a ∈A of taking a in state s. We take the
action a with the highest probability.
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where #{(ψ,a) ∈ D̂} is the number of times the action a was taken when the state constraint ψ

was active in one of time steps in a rollout in D̂. Then, the baseline algorithm selects the tip “if

ψ(s) then a” with the highest C∗(ψ,a):

ρ̂bl = arg max
ρ

1

k

k∑
i=1

T∑
t=1

C∗(si,t, (ai,t⊕ ρ)(si,t)). (4)

Intuitively, this objective ignores the structure of the MDP implicitly encoded in the Q-function,

and instead directly tries to imitate the optimal policy. Then, we post-process these tips in the same

way as we process the tips inferred using our algorithm. This comparison evaluates the importance

of accounting for the reward structure when selecting good tips.

4. Experimental Design

We perform a behavioral study to evaluate whether the tips inferred using our algorithm can

help human participants improve their performance at complex sequential decision-making tasks—

specifically, in our virtual kitchen game. Our goal is to address the following research questions:

• Can our algorithm infer tips that help participants improve their performance on a complex

sequential decision-making task?

• How do the tips inferred by our algorithm compare to other approaches, including tips sug-

gested by experienced human participants as well as a baseline algorithm-inferred tip?

• Does the inferred tip help improve human performance solely because the participant follows

the tip, or does it induce them to improve in additional ways?

Recall that our tip inference algorithm requires data on the human performance so it can focus

on conveying information not already known by the humans. For example, if it is fairly common for

human participants to learn not to assign a lengthy cooking task to a virtual server, our algorithm

will search for other rules that are less obvious but vital to performance improvement. Thus, our

behavioral experiment proceeds in two phases. First, we collect data on the actions taken by the

humans participants when they are not provided with any tips, and use our algorithm in conjunction

with this data to infer tips. Second, we evaluate whether providing these tips can significantly

improve the performance of subsequent human participants, compared both to a control group of

participants who are not provided with any tips as well as two other groups of participants who

are each provided with tips of different sources (i.e., previous participants or a baseline algorithm).

Each human user plays the game several times in sequence, allowing them to learn good strategies

over time. For each time the user plays the game, we need to specify the orders that must be

completed as well as the available virtual workers; we refer to this specification as a scenario.

Furthermore, we refer to the overall sequence of scenarios played by the user as a configuration.
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We evaluate our algorithm based on two different configurations of our queueing game that

are designed to evaluate different conditions under which tips might be useful. First, the normal

configuration consists of a single scenario we refer to as the fully-staffed scenario. Thus, our goal

is to infer tips that help the human users fine-tune their performance at this scenario. Second,

the disrupted configuration starts with the fully-staffed scenario, but then switches to a modified

scenario called the understaffed scenario. Intuitively, we expect the human workers to acclimate

to the fully-staffed scenario; thus, they may have difficulty adapting to the understaffed scenario

where the high-level strategy is very different. Thus, our goal is to infer tips that convey shifts in

strategy that are needed to perform well in the new scenario.

For a given configuration, we additionally vary the tip that is shown to the user. Potential tips

include: no tip (i.e., the control), our algorithm-inferred tip, a baseline tip, and a human-suggested

tip. Our goal is to understand how the choice of tip affects the performance of the human users in

the context of that configuration.

4.1. Virtual Kitchen Scenarios & Configurations

Our experimental design is based on two scenarios of the virtual kitchen, differing in terms of

which workers are available. In the fully-staffed scenario, the human user has access to three virtual

workers, whereas in the understaffed scenario, the human user only has access to two workers.

The scenarios are identical in terms of the orders that must be completed. The orders are all the

same dish—specifically, they must complete four burger orders. To complete a single burger order

requires three subtasks: (i) chopping meat, (ii) cooking burger, and (iii) plating. Each subtask can

only be started once the previous one has been completed. The subtasks in the burger order are

illustrated in Figure 2.

Figure 2 Subtasks required to make a burger with a median processing time for each subtask.

There are three possible virtual workers in the kitchen: chef, sous-chef, and server. The chef is

fastest at chopping and cooking, but is slowest at plating. The sous-chef is a “jack-of-all-trades”,

who can perform all tasks at an intermediate speed. Finally, the server is fastest at plating, but

slowest at chopping and cooking. Participants are not given the exact number of ticks each worker

takes to complete each subtask. Instead, when a subtask becomes available, participants are shown

the median number of ticks required to complete that subtask. The true number of ticks for a
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given worker is only revealed if they assign the subtask to that worker. The human user must

experiment to learn this information by playing the game. Figure 3 shows two screenshots of the

game. While the optimal policy in these types of games are typically quite complex and must be

solved approximately, we find that a significant number of human users are able to learn very

efficient policies by playing the game 3-6 times in a row. For instance, they identify bottleneck

subtasks, and learn to mitigate them by assigning these subtasks to their most capable virtual

worker.

Figure 3 Example screenshots from the game.

(a) The initial state where participants observe available

subtasks from current orders, median times to comple-

tion, and three idle virtual workers. The interface also

shows the current tick, time limit, current progress, and

treatment-specific tip.

(b) The next state after all three previously available sub-

tasks were assigned to the virtual workers and the true

completion times were realized, revealing different levels

of virtual workers’ skills.

As discussed above, we consider two different scenarios for our virtual kitchen. First, in the

fully-staffed scenario, the human user has access to all three virtual workers—i.e., the chef, sous-

chef, and server. In contrast, in the understaffed scenario, the user has access to only two virtual

workers—namely, the sous-chef and server.

Finally, we describe the two configurations of our game used in our study. First, in the normal

configuration, the human user plays the fully-staffed scenario for three rounds. Second, in the

disrupted configuration, they first play two rounds of the fully-staffed scenario, followed by four

rounds of the understaffed scenario.

4.2. Experimental Procedure

We perform separate experiments for each configuration of our game. The high-level structure

of our experimental design for each configuration is the same; they differ in terms of when we
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show tips to the user and which tips we show. For each configuration, our experiment proceeds in

two phases. Before starting our game, each human user is shown a set of game instructions and

comprehension checks; then, they play a practice scenario twice (with an option to skip the second

one).4

In the first phase, we recruit 200 participants via Amazon Mechanical Turk to play the game.

At the end of all rounds of play, we give users a post-game survey where we ask several questions

regarding their experience with the game. Additionally, we ask the participants to suggest a tip

for future players. In particular, we show each participant a comprehensive list of candidate tips

and ask them to select the one they believe would most improve the performance of future players.

This list of tips is constructed by merging three types of tips: (i) all possible tips of the format

described in Section 3.2 (e.g., “Chef shouldn’t plate.”), (ii) generic tips that arise frequently in our

exploratory user studies (e.g., “Keep everyone busy at all time.”), (iii) a small number of manually

constructed tips obtained by studying the optimal policy (e.g., “Chef should chop as long as there

is no cooking task”). Importantly, this list always contains the top tip inferred using our algorithm.

Next, we use the data from the final round played by the participants to infer tips in three ways.

First, we train our tip inference algorithm described in §3.3 on the experimental data and obtain

an algorithm tip. Second, we implement the baseline algorithm described in §3.4, which directly

tries to imitate the optimal policy based on the frequency of state-action pairs observed in the

experimental data, and yield an baseline tip. Finally, we take the tip most frequently selected by

the participants in the post-game survey as a human tip.

Figure 4 Study flow for the normal configuration.

(a) Phase I (b) Phase II

4 The practice scenario is meant to familiarize participants with the game mechanics and the user interface. In this
scenario, they manage three identical chefs to make a single, simple food order. This food order is significantly different
than the burger order used in the main game.
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In the second phase, we evaluate the effectiveness of the each of the inferred tips based on the

data from the first phase. In this phase, human users are randomly assigned to one of four arms,

which differ in terms of the tip that is shown to the user. These arms include the control arm (i.e.,

no tip), the algorithm arm (i.e., the tip inferred by our algorithm), the baseline arm (i.e., the tip

inferred by the baseline algorithm), and the human arm (i.e., the tip most frequently recommended

by human users). We recruited 350 MTurk users to play each arm in each configuration, totaling

2,800 users.

The specific tips we show on each round depends not just on the arm, but also varies from round

to round depending on the configuration. For the normal configuration (i.e., the human user plays

the fully-staffed scenario for three rounds), we show the tip for the current arm on all three rounds.

Figures 4a and 4b illustrate the study flow for the normal configuration. However, for the disrupted

configuration configuration (i.e., they first play two rounds of the fully-staffed scenario, followed by

four rounds of the understaffed scenario), the tip for the current arm is specific to the understaffed

scenario. Thus, we only show the tip for the current arm on rounds 3-6. In all arms, for rounds 1

and 2, we show the tip inferred using our algorithm for the fully-staffed scenario from the normal

configuration. By doing so, we help the human users learn more quickly to play the fully-staffed

scenario before switching to the understaffed scenario. Figures 5 and 6 illustrate the study flow for

the disrupted configuration.

Figure 5 Study flow for Phase I of the disrupted configuration.

Figure 6 Study flow for Phase II of the disrupted configuration.
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Each participant receives a participation fee of $0.10 for each round they completed. We also

provide a bonus based on their performance, measured by the number of ticks taken to complete

each round. The bonus ranges from $0.15 to $0.75 per round. The full pre-registration document

for our study is available at https://aspredicted.org/blind.php?x=8ye5cb.

4.3. Hypotheses

We are interested in addressing three sets of hypotheses with our experiment.

1. Do humans perform better with the tip from our algorithm compared to receiving no tips?

H1a: In the normal configuration, participants who receive the tip generated by our algorithm

will perform better than those not receiving any tips.

H1b: In the disrupted configuration, participants who receive the tip generated by our algo-

rithm will perform better than those not receiving any tips.

2. Do humans perform better with a tip from our algorithm compared to the tip most frequently

suggested by other humans who have completed the game?

H2a: In the normal configuration, participants who receive the tip generated by our algo-

rithm will perform better than those receiving the tip most frequently suggested by past

participants who also played the normal configuration.

H2b: In the disrupted configuration, participants who receive the tip generated by our algo-

rithm will perform better than those receiving the tip most frequently suggested by past

participants who also played the disrupted configuration.

3. Do humans perform better with the tip from our algorithm compared to the tip from a baseline

tip mining algorithm?

H3a: In the normal configuration, participants who receive the tip generated by our algorithm

will perform better than those receiving the tip generated by the baseline.

H3b: In the disrupted configuration, participants who receive the tip generated by our algo-

rithm will perform better than those receiving the tip generated by the baseline.

To do so, we perform six two-sample one-sided t-tests to compare the distributions of number of

ticks to completion of the final round of each configuration. We also consider additional secondary

outcome measures including the learning rate (e.g., performance across rounds), the fraction of

participants who completed each round of the game by taking the optimal number of steps, and

how well the participants complied with the provided tip and learned additional optimal strategies.

5. Experimental Results

We show that our tips significantly improve participant performance compared to the control

group, as well as compared to two baselines: (i) a baseline algorithm that näıvely tries to match

the optimal policy, and (ii) tips suggested by previous participants. These results demonstrate that

https://aspredicted.org/blind.php?x=8ye5cb
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despite their simplicity and conciseness, our tips capture strategies that are hard for participants

to learn and can significantly improve their performance. In addition, we find evidence that the

participants were not blindly following our tips, but combine them with their own experience

to improve performance. Finally, we also find evidence that participants build on our tips by

discovering additional strategies beyond the ones stated in the tips. We first discuss the tips inferred

from our algorithm and the baselines in §5.1, and then describe our main results in §5.2–5.5.

5.1. Inferred Tips

Normal configuration. 183 participants5 successfully completed the game in the first phase of

the normal configuration. The top three tips inferred from each of the sources are reported in

Table 1. For the algorithm tip, “Chef should never plate” is selected as it is expected to be the most

effective at shortening completion time (2.43 ticks). For the baseline tip, “Chef should chop once”

is chosen as it is the most frequently observed state-action pair in the data. Finally, for the human

tip, “Strategically leave some workers idle” received the most votes among previous participants

(28.42%).

Table 1 Top three tips inferred from different sources for the normal configuration.

Normal Tip #1 Tip #2 Tip #3

Algorithm Chef should never plate Server plates three times Server should skip chopping once

Baseline Chef should chop once Server should plate three times Sous-chef should plate twice

Human
(% voted)

Strategically leave
some workers idle

(28.42%)

Server should never cook
(21.31%)

Chef should never plate
(13.11%)

It is worth noting that all of the top three human-generated tips are in line with the optimal

policy. The first tip captures the key strategy that some virtual workers should be left idle rather

than assigned to a time-consuming task. However, it is less specific than the other tips or tips

from our algorithm. The second and third tips reflect the fact that the server takes the most time

cooking and the chef takes the most time plating, which participants could learn from assigning

these tasks to them during the game.

Disrupted configuration. 172 participants6 successfully completed the first phase of the disrupted

configuration. Table 2 reports the top three tips inferred from each of the sources. The best algo-

rithm tip is “Server should cook twice” with the expected completion time reduction of 2.32 ticks.

Interestingly, only the first and third tips are in line with the optimal policy. The second tip is

5 The average age of the participants is 34.6 years old, 57.38% are female, and 67.73% have at least a two-year degree.

6 They are 36.4 years old on average, 61.63% are female, and 77.91% received at least a two-year degree.
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slightly off as in the optimal policy Sous-chef and Server should each plate twice. For the baseline

arm, all three tips are in line with the optimal policy and we select “Sous-chef should plate twice”

as the baseline tip. Finally, for the human tip, we select the one with the most votes from the

participants: “Server should cook once” or “Sous-chef should cook three times”.

Table 2 Top three tips inferred from different sources for the disrupted configuration.

Disrupted Tip #1 Tip #2 Tip #3

Algorithm Server should cook twice Sous-chef should plate once Server should chop once

Baseline Sous-chef should plate twice Sous-chef should chop three times Server should cook twice

Human
(% voted)

Server should cook once
(28.48%)

Server should never cook
(23.84%)

Keep everyone busy
(16.86%)

Unlike the top human tips in the normal configuration, the two tips with the most votes in the

disrupted configuration are not part of the optimal policy. In the optimal policy, Sous-chef and

Server should each cook twice. While the third human tip is in line with the optimal policy as no

worker should be left idle in the disrupted scenario, it is much less specific than the first two tips

or those inferred from our algorithm. This highlights the increased difficulty for humans to identify

the optimal strategy in the disrupted configuration compared to the normal configuration.

5.2. Our Tips Substantially Improve Performance

We assess performance by comparing the completion time in the final round. Overall, our algorithm

was the most successful at improving performance.

Normal configuration. 1,317 participants7 successfully completed the game. Participants shown

our tip completed the final round in 22.54 steps on average (optimal is 20 steps), significantly

outperforming those in other arms: 23.86 (control group, t = −4.397, p < 0.0001), 23.73 (human

tip, t= 3.628, p= 0.0002), and 23.82 (näıve algorithm, t=−4.232, p < 0.0001); see Figure 7a.

Disrupted configuration. 1,011 participants8 successfully completed the game. 244 were assigned

to the control arm, 247 to the algorithm arm, 249 to the human arm, and 271 to the baseline

arm. Participants shown our tip completed the final rounds in 37.05 steps, again significantly

outperforming those in other arms: 37.92 (control group, t = −4.361, p < 0.0001), 37.53 (human

tip, t=−2.52, p= 0.0061), and 38.40 (näıve algorithm, t=−7.348, p < 0.0001); see Figure 7b.

7 The mean age is 33.3 years old, 51.03% are female, and 67.73% completed a degree beyond high school.

8 On average, participants are 34.9 years old, 60.14% are female, and 70.43% have at least a two-year degree.



Bastani, Bastani, and Sinchaisri: Learning Best Practices
21

Figure 7 Performance of participants across conditions in the last round of Phase II.
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(a) Normal configuration (optimal: 20 ticks)
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(b) Disrupted configuration (optimal: 34 ticks)

5.3. Learning Over Time: Our Tips Speed Up Learning

Next, we study how performance improves across rounds as participants learn better strategies.

In particular, tips can be thought of as a substitute for learning, reducing the number of rounds

needed for participants to achieve a certain performance level. Recall that participants in the

normal configuration had three game rounds over which they could learn and improve, while those

in the disrupted configuration had four rounds (not counting the initial two rounds with the fully-

staffed scenario). In addition to the number of ticks to complete all orders, we also examine the

fraction of participants that reach the optimal reward—i.e., completing the game in 20 ticks for

the fully-staffed scenario or in 34 ticks for the understaffed scenario).

Normal configuration. Our tip speeds up learning by at least one round compared to any of the

other arms—i.e., the performance of participants given our tip on the kth round was similar to the

performance of participants in alternative arms on the (k+ 1)th round.

Figure 8a illustrates the performance measured by the number of ticks taken to complete each

round for participants in each condition. First, we observe that participants in all arms improved

over the three rounds. Although participants in each of the three arms (but not the control)

received tips starting from the first round, only those receiving our tip performed significantly

better the control in any of the three rounds. In fact, our tip speeds up learning by at least one

round compared to any of the other arms—i.e., the performance of participants given our tip on

the kth round was similar to the performance of participants in alternative arms on the (k+ 1)th

round.

Figure 8b displays the fraction achieving this optimal performance for each arm over the rounds.

As before, we observe that all participants improved over the three rounds, and that our tip was

the only one to significantly improve performance in any round.
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Figure 8 Performance of participants in each condition across the rounds of Phase II (normal configuration).
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Disrupted configuration. Figure 9a shows the performance measured by the number of ticks taken

to complete each round for participants in each arm. As before, we find that participants improve

over the rounds. The improved speed of learning was even more apparent under the disrupted

configuration: participants in the control group took four rounds to achieve the same level of

performance as those provided with our tip on the first round. In addition, Figure 9b shows the

fraction of participants that achieved optimal performance. Interestingly, only participants given

our tip achieved optimal performance: by the last round of the game, 18.79% of participants in the

algorithm arm played optimally, compared to 1.14% of the human tip arm, 0.99% of the baseline

arm, and 0.51% of the control arm.

Intuitively, the näıve algorithm performs poorly since it blindly tries to mimic the optimal

policy rather than focus on account for consequential decisions. For instance, in the disrupted

configuration, it infers the tip “Sous-chef should plate twice”, which actually reduces performance.

The actions suggested by this tip occur on the end of the game, which is too late to significantly

benefit overall performance. In contrast, our algorithm focuses on mimicking decisions made by

the optimal policy that have long-term benefits.

Next, note that the human arm initially improves performance comparably to our arm; however,

it levels off towards the end whereas our arm continues to improve. These results suggest that our

tip, while simple and concise, encodes a complex underlying strategy that the participants come

to understand when they combine it with their own experience playing the game. In contrast, the

human-suggested tip encodes a more shallow strategy that quickly improves performance but does

not lead to deeper insight over time.

Lastly, we believe that one potential obstacle to uncovering the optimal strategy during the

understaffed scenario is the participants’ inability to “un-learn” and adapt their strategy to the

disrupted environment. In the first two rounds with the fully-staffed scenario, participants have

potentially learned each worker’s skill level and developed a strategy to assign tasks based on
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Figure 9 Performance of participants in each condition in the last four rounds of Phase II (disrupted

configuration).
37

.0
37

.5
38

.0
38

.5
39

.0

Round #

# 
T

ic
ks

 to
 c

om
pl

et
io

n

3 4 5 6

control
algorithm

baseline
human

(a) Ticks to completion

0.
00

0.
05

0.
10

0.
15

0.
20

0.
25

Round #

F
ra

ct
io

n 
ac

hi
ev

in
g 

op
tim

al

3 4 5 6

control
algorithm

baseline
human

(b) Fraction achieving optimal

such knowledge. A long task (e.g., cooking burger) is often assigned to the highly skilled worker

(e.g., chef), while the least skilled worker (e.g., server) is reserved to carry on a short task (e.g.,

plating). Once the disruption took place, the majority of participants kept their original strategy—

i.e., not assigning chopping or cooking tasks to the server. After four rounds of the understaffed

scenario, a fraction of participants learned that leaving the server idle was suboptimal. The human-

proposed tip (“Server should cook once”) suggests that participants were able to adjust their

strategy towards the optimal one after four rounds. However, this tip is not aggressive enough to

achieve the optimal performance—as indicated by our tip (“Server should cook twice”). In optimal

play, the server actually needs to perform a significantly larger share of the subtasks than the

human tip suggests. Another evidence for this explanation is observed in the post-game survey of

both phases of the normal configuration. Although participants in these studies did not experience

a disruption, they were asked to imagine a hypothetical understaffed scenario and select the best

tip that they expected to help improve performance in such disruption. The tip that received the

most votes is “Server shouldn’t cook”. Without the actual experience of managing the disruption,

participants appeared to be biased towards their strategy learned in the normal scenario. Thus, we

believe the success of our tip is due in part to how it helps human decision-makers overcome their

resistance to exploring counterintuitive strategies.

5.4. Complying to Tips: Human Users are More Compliant Over Time

The effectiveness of a tip critically depends on whether the participant follows it; to better under-

stand this relationship, we study how well participants complied with tips across arms. Importantly,

participants were not informed of the source of the tips, so variation in compliance is entirely due

to the contents of the tips.
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Normal configuration. We find that participants increasingly comply with tips across rounds

in all arms, as can be seen in Figure 10a. However, in the final round, a significantly higher

fraction participants complied with our tips and the human suggested tips compared to the baseline

algorithm tips, suggesting that participants determined that the näıve algorithm did not suggest a

useful tip. These results suggest that participants are not blindly following tips; instead, they only

follow the tip if it suggests a strategy that makes sense to them. Furthermore, they show that our

strategy is effective even though our tips are inferred under the assumption that the participant

exactly follows the tip. Intuitively, we believe our approach remains effective since our objective of

identifying a tip that maximizes long-term payoff is consistent with the idea that participants only

follow the tip if it encodes an effective strategy; that is, they follow the strategy as long as they

can understand it and it is effective.

Figure 10 Compliance rate across the rounds of Phase II.
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(b) Disrupted configuration

Disrupted configuration. As before, Figure 10b shows that participants increasingly comply to

their respective tips across rounds. The compliance of the human-suggested tip (“Server cooks

once”) is significantly higher than the others, likely because it is the most intuitive. In contrast,

our tip (“Server cooks twice”) is counterintuitive since the server is slow at cooking; nevertheless,

it is more effective at improving performance when followed.

5.5. Learning Beyond Tips: Our Tips Help Users Learn to Play Optimally

A key question is understanding how humans internalized and actualized the strategies encoded in

the tips we inferred. We study this question in two ways. First, we examine cross-compliance, which

is the compliance of the participant to alternative tips other than the one we showed them. Näıvely,

there is no reason to expect participants to cross-comply with an alternative tip (assuming it does

not overlap with the tip shown), beyond the cross-compliance of the control group to that tip.

Thus, cross-compliance measures how showing one tip can enable participants to discover strategies
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beyond what is stated in that tip. Finally, we investigate whether the tips could help participants

uncover the structure of the optimal policy beyond the simple rules they stated.

Cross-compliance. We find that our tips had high cross-compliance than other tips in both

configurations. For the normal configuration, we find that participants across all arms learn not to

assign plating to the chef (Figure 11a), strategically leave some virtual workers idle (Figure 11b),

and let the chef chop only once (Figure 11c). These tips are all consistent with the optimal policy,

suggesting that participants generally learn over time to improve their performance regardless

of the treatment. Interestingly, participants in the algorithm arm have similar or higher cross-

compliance compared to the other arms. This result suggests that our tip is the most effective as

the information it conveys encompasses the information conveyed by the other tips.

Figure 11 Cross-compliance rate across the rounds of Phase II (normal configuration).
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(a) Algorithm: “Chef shouldn’t plate”
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(b) Human: “Leave some idle”
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(c) Baseline: “Chef chops once”

For the disrupted configuration, the cross-compliance of the the human and control arms with

our tip remained flat (Figure 12a). We observe a similar trend for the näıve algorithm tip (Figure

12c). These results suggest that participants do not naturally learn this strategy over time, most

likely since it is counterintuitive. In particular, simple tips can greatly improve human performance

by capturing counterintuitive strategies that take a great deal of experimentation to discover.

Finally, Figure 12b shows the cross-compliance to the human tip. Interestingly, compliance of the

algorithm arm to this strategy actually decreases over time; indeed, the tip suggested by humans

is a suboptimal strategy, so complying with this tip leads to worse performance.

Uncovering the optimal policy. At a high level, the optimal policy for the fully-staffed scenario

has the chef cook most of the dishes, has the server plate most of the dishes, and never assigns the

chef to plate or the server to cook. We observe that participants generally recovered these optimal

strategies as they played more rounds. For instance, the fraction of participants in each arm that

never assigned cooking to the server in each round, as if they were following the tip “Server shouldn’t

cook”, increases over time and within each round the fractions are not statistically different among

the arms (see Figure 13a). This result suggests that people learned about this rule by themselves

across all arms.
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Figure 12 Cross-compliance rate across the rounds of Phase II (disrupted configuration).
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(a) Algorithm: “Server cooks twice”
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(b) Human: “Server cooks once”
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(c) Baseline: “Sous-chef plates twice”

Figure 13 Fraction of participants taking optimal action beyond the tips they were shown across the rounds.
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(a) Fully-staffed: “Server shouldn’t cook”
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(b) Under-staffed: “Server chops once”

Furthermore, for the under-staffed scenario, the optimal policy requires balanced assignment of

cooking and plating tasks to both sous-chef and server while assigning most of the chopping tasks

to sous-chef. A key rule beyond our tip is thus “Server chops once”. We find that only participants

in our arm cross-complied with this auxiliary tip (see Figure 13b), again demonstrating that our

tip enables participants to discover strategies beyond what is stated in the tip.

6. Concluding Remarks

We have proposed a novel machine learning algorithm for automatically identifying interpretable

tips designed to help improve human decision-making. Our behavioral study demonstrates that

the tips inferred using our algorithm can successfully improve human performance at a challenging

sequential decision-making task. In particular, our results for the normal configuration suggest that

our tip can speed up learning by up to three rounds of in-game experience, demonstrating that

our tip can significantly reduce the cost of learning. Furthermore, in the disrupted configuration,

our results suggest that our tip enables the human participants to discover additional strategies

beyond the tip. In other words, the benefit of tips comes not just from having the human follow

the letter of the tip, but from how the human builds on the tip to discover additional insights.
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An important ingredient in our framework is the incorporation of trace data to identify pieces of

information that are most likely to help improve the performance of an average worker. Modern-day

organizations have benefited from using customer data to inform new product strategies and pro-

vide personalized offerings to their customers, but the data on their own employees is underused.

Our framework provides techniques to leverage the largely untapped potential of readily available

trace data in pinpointing areas of performance improvement and identifying new practices. Even

when the true optimal strategy is unknown, trace data of workers with high experience or good

performance can be used to identify good strategies. In recent years, a growing number of orga-

nizations have adopted a gig economy employment model or allowed for remote work in response

to worker preferences for flexibility and independence. To compensate for the lack of interactions

among workers, firms can employ our algorithm to learn best practices from the highly performing

workers and then provide tips to help individuals improve.

There are several important directions for future work. First, incorporating personalization to

individual workers could greatly improve the performance of our tip inference algorithm. Our opti-

mal tips were chosen based on the expected improvement among the bottom quartile of performers

in the game. Ideally, we would instead infer tips personalized for different skill levels and individual

worker characteristics. Furthermore, in our approach, we only inferred tips at one point in time.

In practice, our approach could also be performed every time additional data is collected. Then,

an important question is understanding the long-term benefits of our approach and understand-

ing how it affects learning behavior over a longer period of time. Another promising direction is

extending our algorithm to a collaborative setting. We have only studied how individual workers

learn to improve performance, but a similar approach may help teams improve their collaboration

and optimize information sharing. Finally, future work is needed to study how to better convey

machine-generated tips to improve compliance. Recent work has documented human aversion to

advice made by algorithms (Eastwood et al. 2012, Dietvorst et al. 2015) and shown certain condi-

tions that alleviate such aversion (Dietvorst et al. 2018, Logg et al. 2019). In our study, a fraction

of participants chose to forgo our tip and continue using their own strategy. Finding ways to

build trust and encourage compliance is an important ingredient for ensuring our tips help people

improve.
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