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Fig. 1: Planning to practice. To practice a skill, the robot needs to be in a state where the skill can be initiated. Here, the robot plans to
practice sweeping two toys into a bin from its initial state (left) in the Cleanup Playroom environment. This requires chaining up to 19 skills
(middle), some of which are omitted for brevity, before practicing (right). Some skill object parameters are also omitted.

Abstract—One promising approach towards effective robot
decision making in complex, long-horizon tasks is to sequence
together parameterized skills. \We consider a setting where a robot
is initially equipped with (1) a library of parameterized skills, (2)
an Al planner for sequencing together the skills given a goal, and
(3) a very general prior distribution for selecting skill parameters.
Once deployed, the robot should rapidly and autonomously learn
to improve its performance by specializing its skill parameter
selection policy to the particular objects, goals, and constraints
in its environment. In this work, we focus on the active learning
problem of choosing which skills to practice to maximize expected
future task success. We propose that the robot should estimate
the competence of each skill, extrapolate the competence (asking:
“how much would the competence improve through practice?”),
and situate the skill in the task distribution through competence-
aware planning. This approach is implemented within a fully
autonomous system where the robot repeatedly plans, practices,
and learns without any environment resets. Through experiments
in simulation, we find that our approach learns effective pa-
rameter policies more sample-efficiently than several baselines.
Experiments in the real-world demonstrate our approach’s ability
to handle noise from perception and control and improve the
robot’s ability to solve two long-horizon mobile-manipulation
tasks after a few hours of autonomous practice. Project website:
http://ees.csail.mit.edul[

I. INTRODUCTION

Given the recent progress in robot skill learning and design
(1112239} 61,67, we are quickly approaching a future where
robots will arrive at their deployment sites equipped with a
library of general-purpose skills. Each robot will sequentially
compose these skills in different ways to accomplish long-
horizon tasks that will vary considerably between deployment
sites. As the robot gathers experience during deployment, it
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should get better over time. In particular, the robot should learn
to rapidly specialize its skills to the unique objects, goals, and
constraints that it repeatedly encounters during deployment.
In this work, we consider skills that are continuously
parameterized and we focus on parameter policy learning [1,
[43]] as a mechanism for rapidly specializing skills.
For example, a “pick” skill may be parameterized by a relative
grasp and a “sweep” skill by a sweeping velocity (Figure 1).
Starting from general-purpose priors [53], we want
the robot to quickly learn specialized policies for selecting
grasps, push velocities, and other skill parameters. Following
previous work [T}, 33} [53]], we consider parameterized skills
that are (extended) options [38]); each skill has an initiation
condition, a parameterized controller, a termination condition,
and a success condition. For example, a “place” skill can be
initiated when the robot is holding an object and facing a
surface; the skill terminates after the robot opens its gripper;
and the skill is successful if the object is subsequently stably
resting on the surface. Options are closely related to Al plan-
ning operators (33 [53]] and we can leverage this relationship
to efficiently plan a sequence of skills to reach a goal [28].
We consider parameter policy learning in the context of
reset-free online learning 42| 39] where the robot
alternates between solving given tasks (fask time) and taking
actions of its choosing (free time). For example, a given
task might be to “clear objects off the table” (Figure 1).
We focus on free time and ask: how should the robot select
actions so that, after learning parameter policies from the
collected experience, the likelihood of solving given tasks in
the future is maximized? This is an embodied active learning
problem [16, 36, 42,[46]], which is distinct from standard active
learning [50] in that the robot must reason sequentially. For
example, to collect one “sweep” data point in our experiments,
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the robot needs to execute up to 19 skills in sequence to reach
a state where sweeping is possible (Figure [I). This setting
is also related to exploration in the reinforcement learning
literature [2, 18, [13, 29, 47]; we consider baselines from
that literature in experiments. Compared to end-to-end RL
though, our setting has significantly more structure, which we
can leverage to achieve much more sample-efficient learning,
especially over long-horizon tasks.

To learn parameter policies through embodied active learn-
ing, we consider planning to practice parameterized skills.
During free time, the robot repeatedly selects a skill, plans to a
state where that skill can be initiated, practices the skill (selects
continuous parameters to try), records the success condition
outcome, and then updates its parameter policy accordingly.
The central question is: how should the robot decide what
skills to practice? One approach would be to practice the skill
with the lowest competence [14}, 57], that is, the skill that most
often fails to achieve its success condition. But that skill may
be impossible to improve or irrelevant to the given tasks.

We propose that the robot should instead practice the skill
whose predicted competence improvement would maximally
benefit the overall task distribution. Implementing this skill
selection strategy requires three steps: estimating current skill
competence; extrapolating the competence by predicting how
much it would hypothetically improve through practice; and
situating the competence in the task distribution by predicting
how overall task success rates would hypothetically improve.
We propose a Beta-Bernoulli time series model to estimate
and extrapolate skill competence and use cost-aware Al plan-
ning [28] to situate the competence in the task distribution.

In experiments, we evaluate the extent to which our Es-
timate, Extrapolate & Situate (EES) approach enables the
robot to make efficient use of its free time as measured by its
success rate during task time. In three simulated environments,
we compare to seven baselines and find that EES is consis-
tently the most sample-efficient. We also implement EES in
two real mobile manipulation environments using a Boston
Dynamics Spot robot with an arm (Figures [} 2). In these
environments, the robot plans and practices autonomously
for several hours, coping with noise inherent to real-world
perception and control, and rapidly improves its ability to solve
long-horizon mobile-manipulation tasks.

II. PROBLEM SETTING

This paper proposes a method for active practicing in the
context of a robot system that has mechanisms for planning
and learning. In this section, we describe our problem setting,
including assumptions about the robot’s environment as well as
minimal specifications for its planning and learning modules.

A. Modelling the World

We assume that the robot and its environment are modelled
as a goal-based Markov Decision Process with object-oriented
states [17] and parameterized actions [1, 40|]. States are fac-
tored into objects and their continuous features. For example,
consider the Ball-Ring environment shown in Figure [2| The

ball ,ring ,table , floor , and robot itself are objects,
and their features include, for example, gripper joint value
(for the robot) and xyz position (for other objects). Of course,
a real-world robot cannot perceive such features directly, so we
assume that the robot is equipped with a perception system that
can construct a fully-observed state x; € X from raw sensory
observations at each time step ¢ € Z*. This model does not
account for the perception noise that exists in the real world,
but in experiments, we find that our approach is reasonably
robust to that noise (Section [IV)).

The action space of the MDP is defined by a set of
parameterized skills that have continuous parameters. It is
often convenient to define object parameters as well, but for
the purpose of simplifying exposition, we will treat these
as part of the skill unless otherwise noted. For example, in
the Ball-Ring environment, Place(ball ,table , o) is one
skill v € U, where o denotes a placeholder for a continuous
parameter, and Place(ring , floor , o) is another u' € UF_-]
The continuous parameters for both skills are xy relative offsets
between the gripper and target surface (the height and gripper
orientation are fixed).

To define skills formally, we use an extension of the options
framework [58]. A parameterized skill © € U is given by
a tuple (Z,0,u,8,J) where I : X — {0,1} characterizes
states where the skill can be initiated, ® C R™ is the
set of possible continuous parameters, p(x, ) is a low-level
controller that takes a state = and continuous parameters
6 € © as input, 5 : X — {0,1} is a termination condition,
and J : X — {0,1} is a success condition indicating
whether the skill has achieved its intended outcome in the
terminal state. A skill with parameters assigned is treated
as an atomic action. After an action a; € A is executed,
the environment advances according to an unknown transition
distribution zy+1 ~ P(- | x4, ap).

The robot is tasked with achieving particular goals. Each
goal is sampled from a task distribution g ~ P(- | o). For
example, in the Ball-Ring environment, the goal might be that
the ball is stably at rest on the table. We do not assume direct
access to the goal distribution; instead, the robot receives goals
from a human gradually during learning Formally, a goal
is a binary classifier over states g : X — {0,1} where 1
indicates that a state is within the goal set. We refer to a
combination of an initial state xg and goal g as a task. Solving
a task entails taking actions to reach a state x; where g(x;) = 1
from xp within a maximum time-step horizon Hey,;.

B. Planning to Solve Tasks

Given a task, the robot will plan to generate actions that
are likely to accomplish the goal from the initial state. Fol-
lowing previous work [[1} |35} 56], we decompose planning
into two levels: skill sequencing and continuous parameter
selection. Skill sequencing consists of generating a skele-
ton, e.g., (MoveTo(ball , o), Pick(ball , floor , o),

Note that in implementation, we implement object-parameterized skills as
discussed in Appendix Section E



Algorithm 1: Planning and Execution
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Fig. 2: Running example: Ball-Ring environment. The goal is to
put the ball on the table. The robot should learn that (1) the ball
cannot be placed directly because it will roll off the slanted table;
(2) the ring can only be placed on the left side because the right side
is smooth (shown in the top-right corner); (3) placing the ring on
the table and then placing the ball inside the ring is the best way to
accomplish the goal.

MoveTo(table , o), Place(ball , table , o)). Given a
skeleton, we select continuous parameters using parameter
policies 6 ~ m,(- | x). Since parameter selection is condi-
tioned on the state x, and since we are not assuming a known
transition distribution [52], we sample and execute each skill
greedily. If the skill terminates and does not meet its success
condition, we replan. See Algorithm 1 for a summary.

The robot will learn parameter policies through online
experience (Section II-C). We assume that each skill u is
accompanied by a parameter prior 72 to be used before any
parameter policies have been learned. For example, a pick
skill may have an associated grasp sampler that provides valid
grasps some percentage of the time. At first, the robot uses
the parameter priors to select parameters (m, = 778), but as
the robot collects online experience, it will learn to improve
the parameter policies with respect to the environment and
task distribution. For example, the robot should learn grasp
samplers that are specialized to the objects in the environment
that need to be manipulated.

How can we generate skeletons to maximize the probability
that sampling will succeed? Towards answering this question,
we introduce the notion of skill competence.

Definition 1 (Skill Competence). The competence c,, . of
a skill v with current parameter policy m, is the expected
success E[J,(X¢+1) | L.(Xy)], where I, characterizes the
skill u can be initiated from, X; is a random variable for the
state before skill execution, A; is a r.v. for the action generated
from 6 ~ 7, (- | X¢), and Xy41 ~ P(- | Xy, As).

For example, if Pick(ball , floor , o) successfully
grasps the ball from the floor 80% of the time, the competence
would be 0.8. Note that competence is defined in terms of
the current parameter policy, and that the distribution of X,
is induced by the overall planning procedure and the task
distribution. In practice, skill competences are unknown and
must be estimated from data (Section III).

To establish a relationship between skill competence and

1 Input: Current state « and goal g.

2 Generate a skeleton (uo, ..., u,) to g from x.
3 Fori=0,...,n:

4  Sample 0 ~ m,, and execute u;(6).

5  Perceive and update the current state x.

6 If Jy, (z) # 1, repeat from line 2 (replan).

Algorithm 2: Online Learning Paradigm

1 Initialize parameter policies IT = {70 : u € U}.
2 Repeat:

3 If a human has given a goal g:

4 Plan and execute to g with Algorithm 1.

5  Else:

6 Select and execute actions of the robot’s choice.
7 Update II every m iterations.

full skeleton success, we introduce a strong assumption:

Assumption 1. Success J,(Xi+1) is independent from the
state X; conditioned on the initiation condition I,(X;) = 1.

In other words, the success rate of a skill is the same for all
states in its initiation set. This assumption has been previously
considered in different forms [1, 33], but it does not always
hold in practice. For example, the specific grasp of an object
may influence the success rate of placing. We can mitigate
this by replanning, but to fully remove the assumption, we
would need task and motion planning [24, 56] or automated
skill partitioning [1, 33], which we leave to future work.

We can now revisit the problem of generating a skeleton that
has the maximum likelihood of success. Given Assumption 1,
we want to find a skeleton (uo, ..., u,) with three properties:
(D) H?:o ¢; is maximal, where cg, . .., ¢, are the correspond-
ing competences for the skills in the skeleton; (2) the initiation
and success conditions for subsequent skills chain together
(see [33] for a formal definition); and (3) the goal is achieved.
Following previous work [1, 33, 52, 53], we take advantage of
the close relationship between (parameterized) options and Al
planning operators to generate skeletons that satisfy conditions
(2) and (3). Previous work has considered how to learn
these operators automatically; we manually specify them for
this work. To satisfy condition (1), we associate a cost of
—log(c) to the respective operator and use an off-the-shelf
Al planner [28] to find a minimal cost (maximum likelihood)
skeleton. See Appendix A for further details.

C. Online Learning Paradigm

We want the robot to get better at solving tasks over time.
We consider a reset-free online learning [25, 38, 59] paradigm
where the robot is sometimes given a task to solve and
otherwise given free time during which it should autonomously
learn to improve. The key question is: what should the robot
do during free time to get better at solving tasks?

We assume that the skills themselves are fixed (e.g., for



Algorithm 3: Planning to Practice

Algorithm 4: Selecting a Skill to Practice

1 Input: Current parameter policies II.

2 Select a skill u € U to practice (see Algorithm 4).
3 Plan to I,, using Algorithm 1 with II.

4 Practice the skill v one time:

5 Sample parameters 6 from an explore policy 7 .
6 Execute u(f) and record the transition.

7 Repeat from line 2 until free time expires.

1 For each u € U with current parameter policy

2 Estimate the current competence ¢, .

3 Extrapolate: predict ¢, 5 the competence after
practicing v and updating 7, to ..

4  Situate the competence in the task distribution,
computing Juin () ! Juss (I — {7} U {7'}).

5 Return argmax,, Jsin(u) for practice.

safety reasons), but the parameter policies can change. The
robot should therefore use its free time to improve its param-
eter policies, specializing the given parameter priors to the
particular objects, goals, and constraints in its environment.
This setup is summarized in Algorithm 2. Note that this setup
is fully autonomous; the environment is not reset. Our main
interest is Line 6: how should the robot choose actions to
gather data for improving its parameter policies?

III. PLANNING TO LEARN

We propose that the robot should spend its free time plan-
ning to practice skills. In particular, we commit to the meta-
strategy shown in Algorithm 3, where the robot repeatedly
selects a skill to practice, plans to satisfy that skill’s initiation
condition, samples parameters from an explore parameter
policy, executes the action, and records the result. In using
this meta-strategy, we make two assumptions.

Assumption 2. For x € X and u € U, there exists a sequence
of actions that reach I, from x with nonzero probability.

In other words, it is not possible to get permanently “stuck”
during online learning. This assumption can be weakened if
certain skills do not need to be practiced infinitely often.

Assumption 3. (Informal) Parameter priors have support over
good parameter choices.

For efficiency (and perhaps safety) purposes, we will not
permit the robot to sample arbitrarily from skill parameter
spaces; we therefore assume that the priors are sufficiently
broad to enable learning. Given these assumptions, we are left
with three decisions:

1) How should we decide what skills to practice?

2) What explore parameter policies 7, should we use?

3) How should we update the parameter policies?
In this work, we choose to focus on the first question and draw
on existing techniques to answer the second two. See Figure 3
for an overview of the full pipeline.

A. Selecting Skills to Practice

Given the relationship between competence and task suc-
cess, a natural answer to the first question would be to practice
the skill with the lowest current competence. However, there
there are two major issues with this “Fail Focus” strategy. First,
a low-competence skill may be impossible to improve. For
example, in the Ball-Ring environment, the Place(ball

table , o) skill is bound to fail since the table is slanted
(as seen in Figure 2). Second, even if a low-competence skill
could be improved, the skill may be less critical for the task
distribution than others. In the worst case, Fail Focus may
cause the robot to spend all its free time attempting to improve
an impossible skill that is of no consequence to any given task.

A better skill selection strategy would be more directly tied
to our real objective: to efficiently and effectively solve the
tasks given to the robot. We consider a close proxy to this real
objective. Given parameter policies IT = {7, : u € U} and a
task (o, 9), let Jus(IT, 2o, g) be the probability that planning
succeeds without replanning. From Section II-B, we have that
Juskc (I, 20, g) = H?:o ¢;, where ¢; is the competence of the
i skill in the skeleton generated for the task. Given a task
distribution (Xo, G), our overall objective is to learn parameter
policies that maximize:

Jlasks(H) ! E [Jtask(Hy X07 G)], (1)
X().,G

that is, the expected probability that planning succeeds without
replanning over the task distribution.

We propose to practice the skill whose predicted improve-
ment would maximally increase Jigs(I1). In other words, we
will practice the skill with the greatest expected improve-
ment to the overall distribution of human-given tasks. We
do this in three key steps (Algorithm 4). For each skill, we:
(1) Estimate the competence: compute the current competence
of the skill from data; (2) Extrapolate the competence: predict
how the competence of the skill would change if it were prac-
ticed once more and then its parameter policy was updated; (3)
Situate the competence: predict how the overall success rate on
the task distribution would change given the extrapolated skill
competence. This approach resolves the issues with Fail Focus:
by extrapolating, we avoid practicing impossible or plateaued
skills; and by situating, we avoid practicing irrelevant or
unimportant skills. We now describe these steps in detail.

1) Estimating Skill Competence: Our first task is to esti-
mate the current competence of a skill based on the transitions
that have been collected thus far. To estimate competence,
we propose a graphical model that explicates the relationship
between competence, transitions, and learning.

Recall that parameter policies are updated periodically (Al-
gorithm 2); we refer to each period with the same parameter
policy (i.e., before an update is made) as a learning cycle.
Thus, the robot’s free time is composed of a series of learning
cycles. Let \S; ;, be a binary random variable for the result of
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because it maximizes Juin (Algorithm . (2) The robot plans to satisfy the initiation condition of the skill and then selects a continuous
parameter to practice (Algorithm . (3) The resulting success or failure of the skill is used to improve the parameter policy (Section @

the success condition on the k' usage of the skill in learning
cycle .2 Note that different skills are selected for practice each
cycle, so the number of skill usages (maximum k values) varies
and can be zero. In practice, this number is low, so we cannot
reliably estimate the competence of a skill based on data from
the current cycle alone.

Let C; be a random variable for the skill’s competence
during learning cycle ¢ (before it has re-learned using the
data from that cycle). To estimate skill competence, we wish
to know .P(C’]c | S]_)]_, S]_)z, ey Sl,nl R 5271, ey Sk,nk ), that
is, the conditional distribution of competence now given all
observations up until now. We consider a Bayesian time series
model with a joint distribution that factorizes as follows:

P(S1nys s Skimg s oo Crivga) = [ [ PAC) [[ P(Sik | C)
i k

where P(S; i | C;) is the observation model and P;(C;) is a
cycle prior. For the observation model, we use a Bernoulli:

P(Si)k=1|Ci=c)=c.

For the cycle priors, we use Beta distributions, since the
Beta is the conjugate prior of the Bernoulli. Let us first con-
sider Py(Cp), the prior competence before any observations
have been made. We define one prior for all skills that has
high mean but large variance (in experiments, Beta(10, 1)),
reflecting our weakly held expectation that parameter priors
70 will be generally good. This also introduces a form of
optimism, which can be helpful for exploration [4} 4TI

For subsequent cycle priors P;(C;), we assume that a skill’s
competence is some function of the size of the dataset used to
learn that skill’s parameter policy. Note that we are not posit-
ing a general relationship between data count and competence.
One skill may always have perfect competence; another may
always have zero competence; and a third may improve as data
increases. Let fy : Z+ o — Beta(a, 3) be a competence model
where the input is the number of data used for learning, the
output is a Beta distribution over competence and ¢ indicates

2We have not yet defined the explore policy, but it is important here that
only “exploit” samples are used to estimate competence; see Section @

that the function belongs to a hypothesis class F. The cycle
prior P;(C};) is given by fys(m;) where m; is the number of
data collected for the skill through cycle i. For example, in
Ball-Ring, a good competence model for the Place(ball
table , o) skill would output a near-zero Beta for any input,
because no amount of data can improve the skill. On the other
hand, a competence model for Place(ring , table , o)
should output Beta distributions with increasing modes, since
that skill can improve with practice.

To estimate the current skill competence, we need to infer
C; for all ¢ and fit ¢ for f;. We considered two approaches:
a principled expectation-maximization (EM) approach, and a
much simpler sliding-window-based approach. In preliminary
experiments, we found the simpler approach to perform at least
as well as EM, and its behavior was much easier to interpret,
so we used it for our main experiments. See Appendix

2) Extrapolating Skill Competence: Given the competence
model f, fit during estimation, extrapolation is straightfor-
ward: we can simply evaluate fg(m + 1) to predict how
the skill competence would change if we collected one more
data point of practice, where m is the number of data seen
so far. Let ¢ denote the mode of fy(m + 1), i.e., the most
likely next competence. Here we assume that a skill’s com-
petence never gets worse with learning: V¢, if m' > m, then
E[fs(m')] > E[fs(m)]. We can enforce this assumption by
choosing F appropriately. This assumption may not always
hold in practice, but for the purpose of extrapolation, it is
important that the agent be optimistic and not deliberately
avoid collecting additional data for a skill.

3) Situating Skill Competence: Our final step is to predict
the expected improvement to the overall task distribution given
the extrapolated competence. Let II' be the set of current
parameter policies II, but with the parameter policy m, for
the current skill under consideration u replaced with ’R’L,
a hypothetical policy that would result from practicing
once more and re-learning. We wish to compute Jtasks(H!)
(Equation [I), the expected probability that planning would
succeed (without replanning) over the task distribution.

To compute Jyq(IT', 20, g) for a given task xg, g, we need



not know 7r!u itself, but only the competence of WL, which
we have computed by extrapolating. To complete Jyss(IT'),
we need to take an expectation over the task distribution. As
mentioned in Section [[I] we do not assume that the robot has
direct access to the task distribution; instead, we collect the
states and goals used to query the planner, including when
replanning is triggered (Algorithm [I)) and use that empirical
task distribution to approximate Jis(IT').

B. Explore Parameter Policies

After we have selected a skill to practice and planned to
satisfy its initiation condition, we must decide what parameters
to use (Algorithm [3). We can view this parameter selection
problem as a contextual bandit with infinite arms [6, 37]]. Here,
the context is the current state x;, the actions are parameters
0, and the reward is 1 if the success condition passes and O
otherwise. To balance exploration and exploitation, we use an
epsilon-greedy policy:

Ty = 67r2 +(1—om,.
Other choices are possible; we use this simple approach to

maintain focus on the skill selection problem.

C. Learning to Improve Parameter Policies

To complete our approach for planning to practice param-
eterized skills, we must now determine how the collected
experience can be used to improve the parameter policies.
Recall that for each skill u, we are given a parameter prior
70 and we wish to learn an improved parameter policy 7.
Recall also that we have recorded transition data, which we can
partition by skill and label according to whether the J check
for that particular skill passed: D, = {((x¢, ar), Ju(xi+1)) :
a; uses skill u}. Given these data, many approaches are pos-
sible. Our approach is to learn an implicit (energy) function
E,: X x A— R g to define the parameter policy:

(0 | ) xx 72(0 | 2)E, (x, u(h)).

Specifically, we train small neural network classifiers to min-
imize binary cross entropy loss and then use the classifier
log probabilities for E,. In contrast to the explore policy,
the parameter policy 7, is meant to exploit, so we select
parameters via argmax, 7, (6 | ). In practice, we sample 100
candidates from the prior 72(6 | x) and select the maximum.
For real-robot experiments, it is essential that parameter
policies can be learned from very little data. Beyond using
good parameter priors, we take two additional steps for data
efficiency. First, we share neural network weights between
parameter policies that have the same “parent” skill but
different object parameters (e.g., Place(ball , table , o)
and Place(ring , floor , o)). Second, we perform feature
engineering for learning by mapping the full state and action
to a low-dimensional vector that is input to E,,. After applying
these features to the data in D,,, we are left with a standard
binary classification dataset. See Appendix [E for details of the
feature mapping as well as the training and use of E,,.

IV. EXPERIMENTS

Our experiments are designed to empirically answer the
following questions about our approach (EES):

Q1. To what extent does EES choose skills for practice
that lead to improvements in task distribution success rate,
especially compared to alternative approaches?

Q2. How sample efficient is EES compared to alternatives?

Q3. To what extent is EES aware of the task distribution?

Environments. We now provide high-level environment
descriptions with details in Appendix [F| We use three sim-
ulated environments of varying complexity and two real-robot
analogs to simulated environments. For details on our real-
robot setup, see Appendix D. See also the supplementary
material for time-lapse videos of the real robot practicing skills
and learning over time.

o Light Switch (Simulated): A toy 1D grid environment. The
robot starts in the leftmost room (grid cell) and must switch
on a light in the rightmost room. The light is controlled by
a dial in the same room that must be precisely actuated.
The robot has skills to move left or right, turn the dial to
a sampled setting, and also try to “jump” from a particular
room all the way to the final room with the dial, though
this jump skill is impossible and always fails. We use a
grid size of 25 rooms in our main experiments.

e Ball-Ring (Simulated): A simulated version of the en-
vironment depicted in Figure |2} To add complexity, the
simulated version features multiple tables, some of which
are slanted and partially smooth (as shown in the figure)
and others that are standard flat surfaces. The relative
locations of the smooth patches vary between tables. The
robot does not initially know that placing the ball on a
slanted surface will fail, nor does it know that placing the
ring on the smooth part of a slanted table will fail with
high probability. The robot has skills for moving, picking,
and placing the ball and ring.

e Ball-Ring (Real): The real version of the previous envi-
ronment. See Figure 2 and the supplementary video.

e Cleanup Playroom (Simulated): A simulated version of
the environment depicted in Figure |1 The robot is tasked
with cleaning up a child’s playroom by putting two toys
into a bin. The toys start out atop a table that may be
blocked by a chair. There is also a brush on the floor. The
robot again has skills for moving, picking, and placing,
but also for grasping and dragging the chair, grasping and
dumping out the bin, and sweeping toys from the table into
the bin. The success of sweeping depends on the relative
positions of the toys and bin and the sweeping velocity.

e Cleanup Playroom (Real): The real version of the sim-
ulated Cleanup Playroom environment. See Figure |l| and
the supplementary video.

Approaches. We now briefly describe all of the approaches
that we evaluate. See Appendix [E for details. The first five ap-
proaches are alternative instantiations of planning to practice
(Algorithm [3)); the last three do not use that meta-strategy.



C. Learning Samplers for Task and Motion Planning

In the context of the task and motion planning (TAMP)
literature [24]], our parameter policies can be seen as samplers
for refining skeletons generated by task planning. TAMP ap-
proaches typically do not make Assumption [I]and instead sam-
ple parameters contingent on the entire skeleton (e.g., selecting
grasp parameters that enable future constrained placements).

Several works have considered learning samplers for
TAMP [12,130]. Silver et al. [53]] learn samplers from an offline
demonstration dataset. The details of our neural-network learn-
ing over object-centric states are most similar to theirs. Other
recent work has considered learning samplers with diffusion
models [43] [66]]. Most relevant of these is the work by Mendez-
Mendez et al. [42], who consider diffusion-based sampler
learning for TAMP in an embodied lifelong setting. However,
in that work, the robot is not given free time; it remains in task
time throughout online learning. Additionally, the agent does
not have separate exploration and exploitation samplers, but
rather only an exploitation sampler. Wang et al. [[62]] consider
active sampler learning for TAMP with a focus on the inner
bandit problem of selecting parameters to practice for a given
skill. In principle, their parameter selection method could be
swapped in for our epsilon-greedy approach.

In the TAMP literature, the work by Noseworthy et al.
[46] is another instance of active learning. They learn to
predict whether a skeleton is feasible [18, 163} 65], i.e., whether
there exists continuous parameters that would achieve the
goal (typically in a deterministic setting). Future work could
combine active feasibility prediction with our active parameter
policy learning as a path toward removing Assumption (1| and
scaling to more geometrically complex environments.

VI. LIMITATIONS AND FUTURE WORK

In this work, we proposed Estimate, Extrapolate & Situate
(EES) as a method for planning to practice parameterized
skills. We found that simulated and real robots using EES
are able to rapidly and continually improve their parameter
policies with respect to human-given task distributions. Our
real-robot results are particularly noteworthy as instances of
reset-free online learning in challenging, long-horizon mobile
manipulation environments.

There are several limitations of the present work and of
EES as a general method. For the sake of rapidly learning
on a real robot, we started with a considerable amount
of prior knowledge: known object (feature) detectors, fully-
specified parameterized skills (and operators for planning),
low-dimensional feature selectors for parameter policy train-
ing, and good parameter priors. Previous work has considered
learning each of these components (e.g., [33, B3]), but
doing so may require significantly more data than what we
considered here. We also made Assumptions 1-3, which are
strong, and while we need not satisfy them completely to attain
good performance, they remain worthy of further scrutiny. Our
approach also implicitly assumes the overall task distribution is
stationary, which may not hold in many complex and dynamic
real-world environments. Our relatively naive treatment of

noise and our assumption of full observability are also clearly
limiting. Furthermore, our commitment to planning to practice
(Algorithm 3) is perhaps overly myopic: better strategies might
anticipate that practicing one skill enables quickly practicing
another, reasoning over sequences of practice attempts. Finally,
this work presupposes that robots should be practicing and
learning during deployment. The extent to which this is true
depends greatly on the nature of the deployment and the
constraints under which the robot is allowed to practice.

One future direction that could address multiple limita-
tions simultaneously would be to give the agent access to a
simulator. A significant challenge with doing this is that the
precise models of all the objects the robot might encounter
during deployment are not available ahead of time, and thus
the robot must acquire aspects of these online. However,
even if the acquired simulation were a coarse approximation
of the real world, the robot could nonetheless use it to
bootstrap real-world practice time. The same simulation could
be used for reasoning about potentially irreversible actions
before executing them in the real world, and for integrated
task and motion planning (TAMP) [24]] towards removing
Assumption 1. Leveraging TAMP would also be a step toward
more principled planning in stochastic [S1] and partially-
observable environments [23]].
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