Optimal Interactive Learning on the Job via
Facility Location Planning

Shivam Vats™* Michelle Zhaot*
Maxim Likhachev+
"Brown University

Abstract—Collaborative robots must continually adapt to novel
tasks and user preferences without overburdening the user. While
prior interactive robot learning methods aim to reduce human
effort, they are typically limited to single-task scenarios and
are not well-suited for sustained, multi-task collaboration. We
propose COIL (Cost-Optimal Interactive Learning)—a multi-
task interaction planner that minimizes human effort across a
sequence of tasks by strategically selecting among three query
types (skill, preference, and help). When user preferences are
known, we formulate COIL as an uncapacitated facility location
(UFL) problem, which enables bounded-suboptimal planning in
polynomial time using off-the-shelf approximation algorithms.
We extend our formulation to handle uncertainty in user
preferences by incorporating one-step belief space planning,
which uses these approximation algorithms as subroutines to
maintain polynomial-time performance. Simulated and physical
experiments on manipulation tasks show that our framework
significantly reduces the amount of work allocated to the human
while maintaining successful task completion.

I. INTRODUCTION

Collaborative robots hold the promise of reducing human
workload, increasing productivity, and improving quality of
life by assisting with tedious and labor-intensive tasks. For
human-robot collaboration to be truly effective, robots must
safely complete assigned tasks according to individual user
preferences. Although robots can be equipped with prior
knowledge about the user and a library of common skills,
they will inevitably face novel situations in practical long-term
deployments. How can they learn and adapt on the job when
faced with tasks that are beyond their capabilities or when
the user preference is unclear? We explore these questions
in the context of multi-task domains, such as factories and
households, that require collaboration on a variety of tasks
during deployment. The central challenge in this setting is
to enable robots to learn interactively from humans while
ensuring that all tasks are completed with minimum human
effort.

Prior interactive learning approaches leverage active query-
ing strategies to proactively identify queries that result in
maximum uncertainty reduction [6]], volume removal [29] or
information gain [4]. Such active learning strategies have been
shown to reduce the number of queries. Furthermore, the use
of multiple query types, such as demonstrations and preference
queries, has been shown to alleviate the teaching burden by
accounting for the cost associated with each query type [10].
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Fig. 1: A human-robot team working together to pick objects off a
conveyor and pack them in bins. The robot queries the human online
to learn motor skills and user preference about how each object should
be grasped and where it should be placed. We propose a planning
algorithm COIL that optimizes how the robot allocates tasks and uses
these different types of queries to minimize human effort during the
course of its deployment.

However, these approaches focus on single tasks, and therefore
do not guarantee minimization of human effort across multiple
tasks in extended collaboration. The latter challenges the robot
to reason proactively about the expected utility of its queries
so that it does not overburden the user by seeking to learn all
the tasks.

We propose a novel multi-task interaction planner COIL
(Cost-Optimal Interactive Learning) that uses three types of
queries— skill, preference, and human help—to complete a
given sequence of tasks, simultaneously satisfying hidden
user preferences and minimizing user burden. Our key the-
oretical contribution is a novel formulation of multi-task
interactive robot learning as an instance of the uncapacitated
facility location (UFL) problem. Different from prior works,
our formulation is cost-optimal and jointly minimizes human
burden during learning and deployment. Our formulation has
significant theoretical and practical implications. Theoretically,
it shows that interactive robot learning in our setting can
be approximated, i.e, a bounded sub-optimal solution can be
computed in polynomial time. Practically, it enables the use
strong off-the-shelf UFL solvers for planning. We believe
that our UFL formulation opens exciting avenues for future
research by leveraging rich theory and algorithms developed
by the operations research community, without the need to
develop solutions from scratch. Furthermore, we extend our
UFL formulation to incorporate multiple query types by



proposing a simple but effective one-step belief space plannistgte of the art results in sample complexity and reward
algorithm that can request user preferences when uncerté@arning for complex tasks [1,] 8, 18, 128]. Even so, these
Notably, even solving this one-step belief space plannimgiccesses come with a substantial cost of requiring hundreds
problem is NP-hard. Our UFL formulation enables us tor even thousands of preference queries and human-hours,
leverage fast approximation algorithms as sub-routines to plendering them infeasible for on-the-job learning from people.
ef ciently. We extensively evaluate and analyze the behavior of On-the-job collaborative methods automate task alloca-
our algorithm in simulated and physical manipulation domaintgon between machine and human either through modeled or
We nd that COIL minimizes user burden signi cantly betterlearned approaches| [3,115, 30, 37, 36]. For instance, Liu et al.
than existing approaches, can adapt to failures in teachifig}] propose a learning and deployment framework in which
and ef ciently scales to long-duration collaboration. COILthe human monitors the robot's performance to intervene and
results in interactions witdi2% 20% and 23% lower cost provide corrections. Data from deployment is then used in
than the best performing baseline in simulated manipulatisubsequent rounds to improve the robot's policy. Vats et al.
experiments and physical conveyor experiments respectivdB3] use a mixed integer program to decide when to learn
Additional details and videos of our experiments are availabtew skills and when to delegate tasks to the user. While their
at/https://sites.google.com/view/optimal-interactive-learningmethod accounts for the future utility of learning a task, they
do so without also considering the human's preferences. Racca
et al. [27] argue that active learning methods can increase the
Learning through multiple interaction modalities is an cognitive effort of human teachers by asking dif cult questions
active area of robotics resear¢h][14] 23]. By k etlal. [4] rsthat require frequent context change. This point suggests that
passively collect demonstrations to initialize a belief about trample-ef cient learning cannot be the sole end goal; the
human's reward function and then actively probe the user witlif culty of answering each question should be taken into
preference queries to zero-in on their true reward. Fitzgeradcount as well. While some of the aforementioned methods
et al. [10] also aim to learn a human's reward functiordo model different costs associated with querying, our method
but they do so by actively selecting the query from amorig the rst to do so across a stream of incoming tasks while
Corrections, Demonstrations, Preference Queries, and Binaonsidering human preferences as well.
Revyards _expected to be most informative to Fhe Iearner.. _In a lIl. PROBLEM STATEMENT
similar vein, Mehta and Losey [22] use multiple modalities
of physical interaction queries to rst learn a reward model
online using a neural network representation and then apBI!PZ
constrained optimization to identify an optimal trajectory. Lik
our work, these works aim to learn from multiple interactio
types. However, the aforementioned methods apply to singu
tasks, and while they actively query the human for feedback P i
that will be useful to the robot (and can do so while consid- Mask = F'safe™ Tpre _ )
ering the cost of querying), they do not plan for the future = Csilfail 1[Safety violatedl+

Ut|||ty of Iearning those tasks in the way our method does. The Safety rewardrsafe models user-agnostic Safety con-
Human preferenceis another wide-spread topic of interesktraints that the robot must not violate (e.g., avoid collisions,
in robotics [3,024,[ 25/ 26. 32]. Jeon et al. [17] present @ not drop objects). Thereference reward yer measures
unifying formalism for preference-based learning algorithmgow closely robot actions match user preferences (e.g., placing
thrOUgh multlple types of interaction with the Understanding p|ate on the r|ght shelf, not p|acing ngers inside a mug)
that a “preference” is implicit in the feedback provided by thgitially, r . is unknown to the robot but can be learned by
human and the skill being taught. Moreover, these preferenggferying the human. In addition, the robot starts with a base
must be learned through multiple interaction instances. §at of skillsLo := f g which may not cover all tasks. Hence,
contrast, our work encodes preferences as discrete statgn@rrobot should either request the user to handle such tasks
action parameters by which a skill must abide and are learngdask the user to teach it new skills such that it can then
through just one interaction instance. Had eld-Menell et atomplete them autonomously. Our goal is to complete all the
[12] introduce cooperative inverse reinforcement learning gsks while minimizing the burden placed on the user during
learn a human's reward function (i.e., preference). While thejie interaction. The human effort required to respond to each
POMDP-based approach could be applied in our paradigfjpe of robot query is quanti ed using costsum for assigning
our use of a HiP-MDPL[9] makes the problem tractable angtask to the humartg for requesting the human to teach

enables us to design an ef cient, effective planner. Work likg motor skill, andcyrer for requesting their preference. Hence,
Bajcsy et al. [[2] isolates a user's preferences by learnifge overall objective is to maximizé:

features one-at-a-time until converging to the complete reward

model, but they do so solely through demonstration queries X ' '

and without considering future utility. Finally, reinforcement J = Mtask  Cquery Crobs (2)
learning from human feedback (RLHF) methods have achieved i=1

II. RELATED WORK

A robot is asked to collaborate with a user to jointly com-
te a sequence of physical tagks).; = i;:::; n, €0,

king objects from a conveyor and sorting them into bins
ﬁlccording to hidden user preferences. Each task is described
Pé'ra vector ; 2 T and has an associated reward function:


https://sites.google.com/view/optimal-interactive-learning

Wherecy ey = Chym™ Cuki+ Corer MeaSUIes the cost of queryinga reward model to predict the expected return from skill
the human, and,, is a xed cost incurred if the robot execution before learning it. Let the robot's belief about the
undertakes the task. Note thataxJ min J. We will user's preference for the current task be. We provide
use this fact later to convert this into a minimization problenthe robot with a domain-specic function 3 to predict
the probability of safe execution.s®{ % O predicts the
probability of safe execution of a skill when deployed on
We model each task as a hidden-parameter MDP (HiR-task © with parameter © This function is de ned based
MDP), where some parameters of the reward function thgh similarity betweer( % 9 and the conditiong ; ) that
capture user preferences are uncertain. Each task HiP-MRR be learned for: 2% © 9 = f (k %+k  %). See
isM = (S;A; ;rasds;a2);T;P ), where s a discrete Appendix E for our instantiation in experiments. Intuitively,
set of possible reward parameters and is the prior over the probability of skill success is high if both tasks and
these parameters. The robot updates its posteriaver the preferences are similar and low otherwise. The preference

parameters based on its interaction with the hunmm a pelief b models the probability of preference satisfaction.
hidden distribution over reward parameters irand represents The skill return model is then:

the user's preferences for the given task. The reward for each B (. 0= safer G,
task rasd(S; @; z) is thus a function of the hidden preference G 9= [esara @ eacn % O 4)
distribution. We model the choice of acting autonomously and Corettal (1 b (Y

the three types of queries that the robot can make as fOULI'he rst term predicts the expected penalty for safety viola-

distinct actions that comprise the robot's aFtlon space tion and the second terms predicts the penalty for preference
1) Execute SkillThe robot executes a skill to complete thgjgjation. escn estimates the probability that the robot will
task. This is modeled by @b action which has a xed gyccessfully learn a skill from the human. We model the
Cost Gop and a variable task rewandasy that captures gyccess of teaching as a Bernoulli process and use Bayesian
how well the robot completed the task. inference to compute the posterior distribution with a Beta
2) Query type 1: Request Skilksk the user to teach a yigyribution Bet4: ) as the prior. We use the mean of the

new motor skill for a task via demonstrations. The usergjstribution in the return model as the estimated probability of
effort to perform this query is captured by the cogi-  gyccessful teaching:

If the robot fails to learn from the human, then the query

is deemed deaching failure teach= E[Betd ; )]=
3) Query type 2: Request Humahsk the user to complete

the task. The user effort required to ful ll this requesfThis enables the robot to identify dif cult-to-learn tasks and

is captured by the coshym. adaptits plan online if teaching fails so that it does not waste
4) Query type 3: Request Preferencisk the user for human time. Our experiments will show that non-adaptive

their preference about how a task should be done. Theethods expend signi cant human effort trying to learn such

user effort is captured by the cosger. Some prior tasks even after repeated teaching failures whereas COIL

work de ne “preference query” as a comparative choicassigns them to the human and focuses on learning feasible

between two possible options. In our case, the uskrsks.

chooses a preferred option from all available options. ) ) N
We will refer to it as a “preference request’ to avoid®- Skill Learning Under Known Preferences: Facility Loca-

tion Formulation

IV. APPROACH

+

confusion.

Robot Skills. The robot learns a library of task-specic ~ We rst consider the case in which the robot cannot query
skills (s; ) that are parameterized by task and user prefédhe human about their preference online and must plan with its
ence parameters. De ne the expected return for executing slaglief about the preferences. Previous work by Vats et al. [33]

with a speci ¢ preference parameterto complete task; Proposed a mixed integer programming formulation ADL to
as X plan in a similar setting. Unfortunately, solving MIP optimally

Ri( D) r{ask(s;aj ): is NP-hard which makes it dif cult to scale ADL to larger

a (s:) problems. We propose a novel uncapacitated facility location
To complete ;, the robot must not only select which skili(UFL) formulation that has tight polynomial-time approxima-
tion algorithms which can ef ciently compute high-quality

to use, but also which preference parameter to execute said .. .
solutions even for large problems. Intuitively, the challenge

skill with. Let the robot have skills := f 1;:::; «g. Then, . . .. . . X
L : of identifying the minimal cost set of interactive actions that
the robot must choose a combination of skill and preference .
i . ; . cover the full task sequence maps nicely onto the UFL problem
parameter ;  with the highest return: . . . -
_ which seeks to service demands (tasks) by allocating facility
; zargmaxR'(; ): (3) resources (interactive actions) while minimizing costs.
L2 Facility Location Problem. We rst brie y introduce the

Skill Return Model. The true reward function is unknownuncapacitated facility location (UFL) problem. Please refer to
to the robot at planning time. Hence, the robot must us#illiamson and Shmoys [35, chapter 4] for a more detailed



Algorithm 1 Facility location formulation for COIL.

1: procedure COIL-KNOWNPREFY(B)N,; )

2: D f ;500 NnGF . demands and facilities
3 fori 2 1; :N do

4 F:inser{ihum), fihum Chum . human facility
5: U™ 0if i = | elsel

6 F:inser(iskm);fis'(”' Cskill . skill facility
7 forj 2i;:::;N do

8 Gl = cop max, RI( ;)

9 fori2L do . skills already learned
10: F:inser(ironod; f/°% 0 . robot facility
11: forj 21;:::;N do

12: = Gop  max, RI( ;)

132 (a)N;;J  soLveUFL(D;F;f;c)
14: return (&), ;J

be satis ed. Facilities correspond to interactive actions available fd5: procedure COIL((h);)
every task. We highlight facilities for,: Human facility can only  16: (g iN:1 0J COIL-KNOWNPREFS((I:))iN:1

service . Skill facility can service similar future tasks; 4; 5. 17 J 0

Robotfacility cannot service any task as the robot hasn't learned ;

skill yet. Furthermore, none of the facilities can service past tasks. for 2N do - possible query response
19: ()N,  UPDATEPREFBELIEFY( )
20 J%  COIL-KNOWNPREFY(H)N,; )

- . . = 0

treatment. The facility location problem has a set of demandé: J=J+h() J

D = f1;:::;mg and a set of facilities = f1;:::;ng. There 22:  if Gyer+ BJ-  J then

is facility costf; associated with opening each facility F  23: ar  Apref

and anassignmenir service costc; of serving demand return (& )i,

by facility i. The goal is to serve all the demands by openings: procedure INTERACTION(( )N, )
a subset of facilitie=° F such that the overall cost of 25: ()N,  INITPREFBELIEF()
k

opening the facilities inF° and the cost of assigning eachze: 1 . current task index
demandj 2 D to the nearest facility 2 F°is minimized: 27: while all tasks are not dondo
X X 28: plan COIL((b)N,) . replan
min fi + inZ1iFn0 Gj : B) 20 execute the rst action and updake
'2;%20_} 12° 2y % return UPTaE teach
facility cost service cost

We formulate the interaction planning problem as a facility
location problem by de ning demands, facilities, facility costs
and service costiD; F;fi;cji.

Tasks as DemandsDe ne the set of demands as the set

The robot executes; with preference parameters
that maximize the expected reward under its preference
belief distribution.

of tasksF = f 1;:::; NnO. A. solution to UFL ha_ts to satisfy 3) Robot Facilities.De ne one robot facility i, with a
all the demands. Hence, this guarantees that it will complete o .
all the tasks. facility cost of O that corresponds to the robot using a

previously learned skill ;. The service cost for com-
pleting a task; consists of a xed robot execution cost
Crop and the task reward as above.

Robot Actions as Facilities.In the following, we de ne
facilities corresponding to all the actions for every tagk
1) Human Facilities.De ne one humanfacility in,m with a . ) . )
facility cost of cnum that captures the cost of asking the APProximation Algorithms. We implement the approxi-
user to complete the task. The service cost to sefve mation algorithm proposed by Jain and Vazirani [16]. In the
is 0 as human effort is modeled hym and1 for all Worst case, this algorithm is 3-suboptimal when the facility
the other tasks as this action cannot not complete thelpcation problem is metric anl:bg(nz)-suboptimal otherwise.
2) Skill Facilities. De ne one skill facility igq with a 1his algorithm has a run-time @(n“log(n)), wheren is the

facility cost of cqq that corresponds to requesting th@umber of demands. In practice, we four_lc_j_it to be near-optimal
user to teach the robot a new skill for ;. The service for our problems. LeX be the set of facilities opened so far,

cost for completing a task; consists of a xed robot anq_lgtu be the set of d_ema.nds t_hat are not serve.d by open
execution cost,e, and the task reward facilities. Then, the algorithm |terat|\f/e1y3p|ck§a demari F
il A andY U that minimizes the ratio—-3**— and setd;
G = Gon MaxR(i; ): to 0. Intuitively, it opens a facility that has the minimum cost



per demand for some subset of demands and assigns thos®y 7DoF Manipulation is a simulated bin-packing task
demands to the opened facility. where a Franka robot manipulator must pick up and put
30 total objects of seven different varieties (e.g., milk
carton, mug) into one of four different bins. Each object
Equipped with a provably bounded-suboptimal plan for  de nes a task the agent must execute.

learning under known preferences as a reference point, COIL3) Conveyor is a real-world instantiation of a factory set-
then determines when preference requests are needed to clar- ting in which a Franka tabletop manipulator and a human
ify user preferences before execution. For each task, COIL  employee work side by side to sort objects arriving on a
evaluates the expected change, under its current bediefs conveyor belt into three containers. Some of the objects,
in overall plan cost should it request the users preference sych as the mug, have two possible grasps: handle and
for the current task. If the expected plan cost plus preference rim. The robot must pick each object using the preferred
request cost is lower than the current plan (line 22), COIL  grasp and place it in the preferred bin. We randomly
elects to rst reduce uncertainty in the preference parameters  sample 5 task sequences consisting of 20 tasks each.
for the current task. In this way, COIL augments its bounded- We pretrain GEM [18] using human demonstrations for

suboptimal reference plan with uncertainty-guided preference every task and use it to provide demonstrations in our
requests when necessary, towards improving the plan to handle = experiments.

uncertainty in preference parameters. During the interaction, i L with £-th h

we replan after every interactive action execution to take in%ﬁs,e ines\We cont:parﬂo. wit dstatel;o I} e-art aplp ro?c es

account the latest information. This is enabled by the fast ru " mteract_lve robot earning an task a ocat!on. mpiemen-

time of COIL which is polynomial in the number of tasks andétion details for each baseline can be found in the Appendix
D.

preference parameters.

B. Planning for Preference Requests

1) Con dence-based ADL{ ). ADL [33] addresses

Theorem 1. The worst-case runtime of COIL is polynomial the similar problem of planning for skill learning and

in n and k, wheren is the number of tasks arkl= | jis task allocation and thus makes for a strong baseline.
the number of possible preference parameters. However, ADL does not aim to learn human preferences

Proof: COIL solves the facility location problem and thus lacks the ability to reason jointly over prefer-
k = jj+1 times (see line 18) in total by call- ence and skill learning. To ensure a fair comparison,
ing the function COIL-KNOWNPREFS The complexity of the baseline makes preference queries when the
COIL-KNOWNPREFS s polynomial whensoLvEUFL is an robot's con dence over the human's preference is below
approximation algorithm. In particular, we use an approxi-  Some prede ned threshold.

mation algorithm with runtimeO(n2log(n), wheren is the ~ 2) Information Gain (G). BecauseCOIL plans over mul-
number of tasks. Hence, the overall complexity of COIL is tiple query types (skill, preference) and multiple human

O(k(n2 log(n)), which is polynomial inn andk. m contribution types (human, robot), it makes sense to de-
sign a baseline inspired by interactive learning methods
V. EXPERIMENTAL SETUP that incorporate multiple types of human feedback (e.g.,
To evaluate the ef cacy of our proposed approach, we runa  demonstrations, preferences, etc.). In these methods,
series of quantitative experiments to study howIL affects a widely-used approach is to select the query which

the costs of learning on the job during task execution compared provides the greatest expected information gain [10].
with baselines. We further investigate quantitatively the nature ~ While these methods typically learn reward functions for
of queries throughout the interaction to understand QawL a single task and consider neither human contributions
and other approaches induces different interactive behaviors.  nor the future utility of learning particular skills, we

Domains.We study the combined learning and execution costs ~ design an information gain objective which does both
incurred by our approach through experiments in three con- @S thelG baseline in our interaction paradigm.

trolled environments: an object pickup and drop&ffdworld 3) Con dence-based Autonomy { /). Inspired by Cher-
environment implemented using MiniGrid [7], a simulated ~ Nova and Veloso [6];- "/ requests skill and preference
7DoF Manipulation environment implemented using robo- teach_ing if the robot.is uncgrtain about user prefergnces
suite [38], and a real-worl€Conveyor manipulation setting. or skills and otherwise assigns the task either to itself
Brief descriptions of each domain are below; please see the ©OF the human.

appendix B for details. Human Cost Pro les. The costs a human might associate with

1) Gridworld is a discrete, 17x17 grid comprised of a@eaching, executing tasks, or responding to preference requests
sequence of 15 total objects of nine varieties distidepend on domain-speci ¢ variables such as the cost of labor
guished by objectype color, andposition Each object and the dif culty of teaching. We study the performance of our
de nes a task the agent must execute, and each taskajgproach under multiple simulated users with three different
to navigate to an object, pick it up, and transport it toost pro les. In our evaluations, we assign a costgf = 10
the user's preferred location for that object. There ate each robot executiort,,m = 80 to human task execution,
three possible goal locations. and cyref = 20 to each preference request. The robot incurs a



Cost  Algo #teach #human #pref #robot Cost

Low COIL 443 (0.88) 2.43(1.26) 4.43(0.88) 12.57 (1.26)630.67(50.26)
C-ADL 6.87(0.72) 0.0(0.0) 6.87(0.72) 15.0(0.0)  630.67 (50.26)
IG 6.87 (0.72) 0.0(0.0) 6.87(0.72) 15.0(0.0)  630.67 (50.26)
CBA 687 (0.72) 00(0.0) 6.87(0.72) 150 (0.0)  630.67 (50.26)

Med COIL  4.13(0.85) 2.77 (1.26) 4.13 (0.85) 12.23 (1.26B39.67(53.7)
C-ADL 4.17 (0.86) 2.7 (1.29) 6.87 (0.72) 123 (1.29)  893.0 (60.84)
IG 6.87 (0.72) 0.0 (0.0)  6.87(0.72) 15.0(0.0)  974.0 (86.16)
CBA  687(0.72) 00(0.0) 6.87(0.72) 15.0(0.0)  974.0 (86.16)

High COIL  0.37 (0.66) 13.2(3.12) 053 (0.67) 1.8(3.12) 1158.0(85.42)
C-ADL 2.33(0.7) 6.37(1L.72) 6.87(0.72) 863 (1.72) 1199.67 (78.42)
IG 417 (0.86) 2.7 (1.29) 6.87(0.72) 12.3(1.29)  1309.67 (108.27)
CBA  687(0.72) 00(0.0) 6.87(0.72) 15.0(0.0) 1660.67 (157.96)

TABLE [: In the Gridworld domain, we nd that COIL makes fewer
preference queries than the con dence-based baselines because COIL
only asks for human preferences if it believes that this information
will be useful later. Format is mean(standard deviation).

penalty cost ofsifai = 100 if it fails to successfully execute

any skill, and a penalty obper.rai = 100 if it successfully Fig. 3: Under Med- and High-Cost teaching cost pro l€SQIL
executes a skill by placing the object in a goal undesired lbynsistently chooses the lowest cost plan compared with baselines.
the user. To compare the pro les with minimal cost tuning//e highlight the qualitative behavior 6fOIL compared to baselines:

we examine pro les across the cost of human skill teaching;O!L  under the medium cost teaching prole assigns singleton
asks to the human when the cost of learning is high. Error bars

1) Low-Cost Teachingcsyii = 50): This pro le simulates indicate standard error over 30 randomized task sequences and true
an experienced teacher for whom providing demonstrasman preferences in the Gridworld domain. ** represgnts 0:01

tions of robot skills is not burdensome. signi cance.
2) Med-Cost Teachingcgi = 100): This pro le simulates
a teacher for whom teaching is moderately more bugest Algo #teach #human _ d#pref #robot Cost
; Low COIL 6.6 (1.50) 4.0 (3.58) 5.6 (1.02) 19.4 (4.29) 1519.0(351.86)
d(_ensome than p(_arformlng the taSk_ themsel\_/es' COIL-NoAd 8.3 (2.9) 0.8 (0.98) 5.6 (1.02) 20.9 (2.84) 1630.0 (402.34)
3) High-Cost Teachindcsi = 200): This pro le simulates C-ADL 88(3.76) 0.0(0.0) 6.4(08) 21.2 (3.76) 1705.0 (509.91)
. .. . c IG 30.0 (0.0) 0.0 (0.0) 6.4 (0.8) 0.0 (0.0) 2403.0 (279.11)
a novice teacher for whom prowdmg demonstrations Wled  colL 6.0 (1.095) 5.1(3.91) 5.6(1.0198) 18.9 (4.4821)1722.0(406.98)
robot skills is h|gh|y burdensome. COIL-NoAd 7.6 (261) 15(0.92) 5.6 (1.02) 20.9 (2.84) 1940.0 (474.15)
) ) ] ) ) ) C-ADL 7.4 (297) 14(12) 6.4(08) 21.2 (3.76) 1990.0 (638.12)
Preference Belief Estimation.The robot maintains a belief 16 300(00) 00(00 64008 00000 3839.0 (274.02)

- . : igh  COIL 4.1 (0.3) 8.0 (4.54) 4.0 (0.0) 17.9 (4.72) 2099.0(391.80)
estimateb of the user's hidden personal preferences fote COIL-NoAd 5.9 (2.34) 5.3 (2.53) 4.0 (0.0) 18.8 (3.79) 2495.0 (785.94)

il C-ADL 6.3 (2.93) 3.0(1.84) 6.4(0.8) 20.7 (3.80) 2644.0 (864.56)
every task. The probablhty that e_ach preference paramet_er pa 0000 30000 6408 06 00) 25980 (16.0)
satis es user preference, i.d, ( ), is modeled as a Bernoulli ) _ -
distribution. These belief estimates are updated based WLE II: Results on the manipulation domain. On averag®)L

: . : ans interactions that result "6 to 18% reduction in cost compared
feedback from the user using a Bayesian lter (described 0 the best performing baseline. The improvement over baselines is

Appendix section A). particularly marked when the cost of teaching is more expensive
than assigning the task to the human, i.e, medium and high cost
VI. EXPERIMENTAL RESULTS pro les. The reported statistics are averaged over 10 interactions with

We summarize our results through four major takeaway8 randomly sampled tasks each.

derived from ve distinct experimental focuses: (A) cost

comparisons under different human cost proles when all

task skills are learnable by the robot, (B) scalability angrole, COIL and all baselines achieve similar plan costs (no
computational costs offOIL under long task sequencessigni cance). As the cost of human demonstrations increases
(C) online-adaptiveness dEOIL when challenging-to-learn (med-cost and high-cost)COIL consistently achieves the
skills necessitate online replanning, and (D) a real-worl@west-cost plans of all the methods. We compared statistical
instantiation ofCOIL that enables the human-robot team tdifferences using a one-way ANOVA [31] between costs
teach and learn as they manipulate objects which arrive oraehieved for each algorithm, and evaluated pairwise differ-

conveyor. ences using pairwise t-tests [19] with Bonferroni correction
o . ] [34] if signi cant main effects were present. For the Med-
A. COIL outperforms myopic interactive learning. Cost human cost pro le in the Gridworld domain, we found

COIL signi cantly outperforms myopic interactive learningsigni cant effects of planneri = 23:48;p < 0:01), and found
methods that do not consider plan over the future utility of adligni cant (p < 0:01) pairwise differences betwee@OIL
possible plans (Figure 3). In the Gridworld domain instantiatexhd all baseline algorithms. For the High-Cost human cost
such that all objects are learnable by the robot, we evalugt® le in the Gridworld domain, we found signi cant effects
the incurred plan costs over 30 task sequences and randomiaeglanner £ = 120:58,p < 0:01), and found signi cant
human object arrangement preferences. Under the low-cgst< 0:01) pairwise differences betweeGOIL versus



Fig. 4: COIL
computes
near-optimal
solutions
signi cantly
faster than
optimal
mixed integer
programming.

Fig. 5: In the Gridworld environment, when half of the objects are

challenging-to-learnCOIL achieves the lowest plans, compared to
and . Though we did not nd a pairwise signi cant and other baselines across teaching pro les. In high
difference, we observe thaOIL achieves a slightly lower cost teachingCOIL and often assign tasks to the
cost on average compared with/ D (Figure 3). We provide h‘éma“ off ”:je zat’ redUCi”93(t)he ig‘pa?t gf adlfpti"ity- Error bgrs
all statistical testing values in Appendix E-D. indicate standar error over 30 randomize task sequences and true
To understand the differences between the behaviors F#_man preferences. ** represeipis< 0:01 signi cance.

duced by each algorithm, the bottom four rows of Figure 3

highlight a task sequence of 10 objects when each metht‘ﬁgs work, we investigate howCOIL can adapt to failures in

fﬁll&;boratfs W'tth lthe lr)ned—cost ?um?n grot(éOIrl;t L(:]entlk(.a”s learning with online replanning. Importantly, these “challeng-
€ lowest-cost plan by requesting to be taug € SKIIS Ay skills are comparatively dif cult to learn and are revealed
preferences associated with repeated instances of the sgiIie

biect and deleqati inaleton tasks to the h e such only after the robot tries to acquire the skill via
object and delegating singleton tasks 1o the human pamher., ., gemonstrations. We demonstrate these results in both

|dent.| esa pllan similar toCOIL , but it asks for prefer- (t]he Gridworld and Simulated 7DoF Manipulation domains.
ence queries for singleton tasks that are eventually assigne tg) COIL Adaptivity in Gridworld: In the simulated Grid-

the human., incurring additional preference cost. Under M?ﬁ’orld domain, we control for the presence of challenging
Cost teaching|G and opt to learn every preference an

skill (Table I). On the other hand, under Low-Cost teachins:kllls by varying the number of skills that are challenging-to-

. Yéarn (i.e., can never be learned), and examine the relationship
all approaches choose to learn all preferences and skills, gi €0 veen number of challenging skills and the bene t of esti-
that the total cost of doing so is not expensive. These resuy %ting eacnonline in theCOIL. framework. As the proportion
highlight a particular strength .dEO”‘ to balanc'e Iearning', f challeilagcing skills increases (from 10% to 50% (Fig 5) to
requests for human contribution, and execution especi 5%), the added bene t of replanning based on the observed

when the right course of action under nuanced costs is r?(e)}:lsibility of teaching enable€OIL to identify lower-cost

easily known. plans than which optimistically assumes that
B. COIL efciently scales to long task sequences witho@l skills are learnable. Baselines that do not adapt to teaching
compromising plan quality. failures also incur higher costs tha®OIL . (Fig 5). Refer

We compare the approximation algorithm used ilp Appendix F for reported statistical analysgs and d_etailed
COIL with an optimal mixed-integer programming (M|P)analy5|s of resultg on _100/9 and 90% challengl_ng-to_—objects.
approach.The MIP formulation is implemented using 2) COIL Adaptivity in Simulated 7DoF ManipulationVe
Gurobi [11], a state-of-the-art MIP solver, while oufext study the adaptivity o€OIL in the simulation manip-

algorithm is implemented in Python, leaving room for furtheylation domain. We consider task sequences of 30 objects,
improving run-time. COIL ef ciently computes near—optimalsampled from 7 unique varieties. The mug object is too wide

solutions signi cantly faster than MIP. The speedup ifor the robot gripper which results in a teaching failure when
de ned as the ratio of MIP runtime to COIL runtime. whileth€ human tries to teach the rob@OIL takes this failure

sub-optimality is measured as the ratio of the cost of plaff§0 account by updating reach for all mugs and adapts its
generated by COIL to those produced by MIP. In Figure Blan to assign mugs to the human. This results in statistically
we observe that the computational advantage of COIL ov&lgni cantly lower costs than baselines ( gure 6, table II). In

MIP gets more pronounced for longer task sequences withd{iS €xperiment, we compare with our 3 strongest baselines,
compromising on solution quality. derived from our earlier results, removing from our

analysis. Statistical analyses are detailed in Appendix G.
C. Adapting to teaching failures online reduces human bur-
den. D. COIL succeeds in real-world operations.

Thus far, our assumption that the robot can reliably learn We evaluateCOIL on a physical conveyor domain designed
skills for all tasks enabled us to evaluate and compare ttteemulate collaboration in factories. We ran the experiments
plan costs incurred b OIL and baselines. While accuratelywith a medium cost pro le withcyym = 50; csin = 100,
modeling the feasibility of skill learning is not the focus o different task sequences, each with 20 objects randomly
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