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Abstract—Long horizon sequential manipulation tasks are
effectively addressed hierarchically: at a high level of abstraction
the planner searches over abstract action sequences, and when
a plan is found, lower level motion plans are generated. Such a
strategy hinges on the ability to reliably predict that a feasible
low level plan will be found which satisfies the abstract plan.
However, computing Abstract Plan Feasibility (APF) is difficult
because the outcome of a plan depends on real-world phenomena
that are difficult to model, such as noise in estimation and
execution. In this work, we present an active learning approach
to efficiently acquire an APF predictor through task-independent,
curious exploration on a robot. The robot identifies plans whose
outcomes would be informative about APF, executes those plans,
and learns from their successes or failures. Critically, we leverage
an infeasible subsequence property to prune candidate plans in the
active learning strategy, allowing our system to learn from less
data. We evaluate our strategy in simulation and on a real Franka
Emika Panda robot with integrated perception, experimentation,
planning, and execution. In a stacking domain where objects
have non-uniform mass distributions, we show that our system
permits real robot learning of an APF model in four hundred
self-supervised interactions, and that our learned model can be
used effectively in multiple downstream task

I. INTRODUCTION

Long horizon sequential manipulation tasks still pose a
challenging problem for robotic systems. Tasks such as as-
sembly depend on using many objects with varying physical
properties. Finding a plan to achieve a task in these domains
consists of reasoning over large spaces that include discrete
action plans, as well as low level continuous motion plans.

These problems can be effectively addressed hierarchically:
at the highest level of abstraction the system searches over
plausible abstract action sequences, and at the lower level it
plans for detailed concrete motion plans and object interac-
tions. The complexity of the search space for the concrete
planner is greatly reduced when constrained by the abstract
action sequence. Further computational efficiencies can be
gained if we lazily [17] postpone concrete planning until we
have a complete abstract plan that is likely to succeed, avoiding
the need to query the concrete planner multiple times. A
version of this approach is used in skeleton-based task and
motion planning systems (23] [16, 22].

The success of this lazy strategy hinges on our ability to
predict whether an abstract action sequence will be feasible
to execute. In this work, we call an abstract action sequence
feasible if both the concrete planner returns a solution and
this solution is reliably executed in the real world with the

! An accompanying video can be found at https://youtu.be/UF-SjGm20Mw.
*Equal contribution.

Fig. 1: The Franka Emika Panda robot constructing a tower to
improve its understanding of plan feasibility. A wrist-mounted camera
refines object pose estimates for precise grasping.

intended outcome. If the abstract planner does not take into
account errors in execution due to phenomena unmodeled by
the concrete planner, the robot may end up attempting a plan
that fails during execution.

Fortunately, even an approximately correct estimator of
abstract plan feasibility (APF) can offer huge computational
advantages during planning. In some cases it may be possible
to approximate APF via coarse-grained simulation. However,
this strategy still requires a coarse dynamics model, which may
not capture complex phenomena needed to accurately predict
feasibility in the real world.

Instead, we explore a strategy in which we learn a model
that predicts APF by exploring the space of real plan executions
without a specific planning problem or task at hand — a
form of curious exploration [27]]. Data efficiency is a primary
concern in enabling real robot learning of feasibility models.
Here, a training instance is the execution trace of an abstract
plan, labeled by success or failure. Labeling each such plan is
very expensive as it involves finding and executing a concrete
motion plan, potentially taking several minutes on a real robot.
Furthermore, due to the combinatorial input space of abstract
action plans, randomly executing actions is unlikely to elicit
interesting behavior.

To address the data efficiency problem, we observe that in
the process of training the APF model, some observations may
be more valuable than others. Active learning is a technique
for identifying unlabeled instances that are most informative
in learning a target concept. The technical challenge is how to


https://youtu.be/UF-SjGm20Mw

( Evaluation

( . .
Experimentation 01,...,6;
(A) Experiment Design (B) Detailed Planning and
Sample and score plans. a* Execution )
a* = argmazaeal($,0la,D) [ | fora; € a*: -

PlanAndExecute(a;)

(C) Model Training
6 6,

Pr(.p\a,e)(. Cx; C
t 1t 1

(D) MC Planner

Use APF model for planning. *
a1 | |plae) N

a* = argmazaca Ep(gja0) [V ()]

Detailed Planning and
Execution

fora; € a*:
PlanAndExecute(a;)

| o

I
€a

\FY

G

I P

Task Objective

Tallest Tower, Longest Overhang, etc. .

tES

J . J

Fig. 2: The proposed system for learning Abstract Plan Feasibility (APF) operates in two phases. Experimentation Phase (left) The robot
iteratively designs and executes experiments that improve its APF model. (A) Using its current model, the robot selects the abstract action
sequence, a*, that minimizes its entropy over the APF model. (B) The robot then computes and executes a concrete motion plan for a*.
(C) After observing the true plan feasibility, ¢, the robot uses this new labeled data to update its APF model, represented as an ensemble
of neural networks. Evaluation Phase (right) Once an APF model has been learned, the robot can use it to perform various tasks, such as
building the tower with the longest overhang from a given set of blocks.

find plans of interest — an active learning approach requires
both a way to generate candidate plans, and a way to score
how informative a candidate plan might be given the current
model.

To determine how informative a plan is with respect to the
learned APF model, we adopt an information-theoretic active
learning approach [26] [19]]. To generate candidate plans, we
exploit an important property of abstract action sequences: for

infeasible, then any longer prefix (a;:::;a;) fori<j n
is also infeasible. This infeasible subsequence property gives
us leverage during data acquisition. A complex plan instance
may contain many elements that are highly informative for
model learning, but will never be experienced because early
elements in the plan will fail with high probability.

We apply this active learning strategy to the concrete
problem of stacking blocks with a real robot, where the blocks
are each unique and have non-uniform mass distributions. The
robot autonomously designs, plans, and executes experiments
to learn a feasibility model using a Franka Emika Panda
robot arm (Figure [I)). The robot is also capable of resetting
the world state after each experiment, enabling continuous
autonomous experimentation. The learned feasibility predictor
is later used to build towers with previously unseen blocks
that satisfy several different objective functions, including the
tallest possible tower or the tower with the longest overhang.
This sample-efficient autonomous learning process relieves
engineers from supervising data collection, resetting the exper-
imental environment, and having to specify accurate dynamics
models for planning. This results in a highly flexible and robust
system for planning and executing complex action sequences
in the real world.

In summary, our contributions are:

A method to learn an Abstract Plan Feasibility model by
synthesizing hypothetical plans;

A data acquisition approach which leverages the infeasi-
ble subsequence property when sampling potential plans;
A robotic system which conducts autonomous self-
supervised learning via integrated perception, experimen-

tation, planning, and execution.

II. PROBLEM FORMULATION

Our objective is to learn a model that predicts the success of
an abstract action sequence when it is executed by the robot.
That is, to learn the parameters  that predict

Pr( ja; );

where 2 T0;1g is the success of the sequence of abstract
using as few labeled action sequences (a; ) as possible.

Note that in general, APF may need to consider the initial
state in which a plan is to be executed, however in this work we
make the assumption that the first abstract action in a sequence
will be feasible, and does not depend on the initial state. The
method applies regardless of whether this assumption is made.

To learn this APF model, our system operates in two phases
as illustrated in Figure 2] In the experimentation phase, the
robot curiously explores the space of possible plans, learning
the parameters of the APF model; in the evaluation phase, the
robot is given specific goals to achieve, and uses the learned
APF model to efficiently plan over abstract action sequences.

Both phases depend on the ability to construct and execute
concrete plans on a real robot given an abstract action se-
quence. We assume that a system is available that can integrate
perception, planning, and control to execute an abstract action
sequence and observe whether or not it was successful. In
Section [[V] we describe our implementation of this system in
detail.

A. Experimentation phase

During the experimentation phase, the robot performs active
learning to efficiently design, plan, and execute abstract action
sequences that are informative about APF. This phase operates
in a loop. At each iteration, the robot first generates candidate
action sequences that may be informative according to some
sampling strategy. Each action sequence is then scored using
the current model according to some acquisition function, T :
A T R. The highest scoring plans are executed on the robot



to obtain feasibility labels which are then used to update the
model for future iterations of the active learning loop. The
effectiveness of active learning in reducing data complexity
depends critically upon the choice of acquisition function and
sampling strategy — or which action sequences are considered
as possible experiments. These choices are discussed in more
detail in Section

B. Evaluation phase

After the APF model has been learned, it can be used to
achieve multiple objectives. We assume that the robot is given
an objective function V which maps action sequences to real
values and its goal is to find the abstract action sequence,
a 2 A with the highest expected value,

a = argmax Epr( ja; ) [V (a)] ey
azA

where the expectation takes into account the likelihood that
an abstract action sequence is feasible when executed on the
real robot. To maximize this objective, we use a Monte Carlo
planner which randomly samples action sequences and selects
the one with the maximum expected value.

III. ACTIVE LEARNING OF ABSTRACT PLAN FEASIBILITY

Collecting data on real robot platforms is both time and
cost-intensive. To minimize the amount of data needed to learn
the APF model, we take an information theoretic approach to
active learning [19]. Concretely, we maintain a distribution
over model parameters that are consistent with the data we
have observed so far. Our objective is to select new data
that minimize the entropy over this distribution as quickly as
possible. Efficient active learning requires: (1) a model class
that captures uncertainty in model parameters, (2) a way to
score unlabeled plans based on how informative they may be,
and (3) a method of generating potentially informative plans.
We discuss each of these in turn.

A. Abstract plan feasibility model

Our APF model, Pr( j a; ), aims to capture the uncer-
tainty in the underlying stochastic process of predicting the
feasibility of abstract action sequences. This uncertainty can be
attributed to phenomena such as the robot’s motor capabilities,
errors in perception, or unmodeled behaviors of the planning
process, and is referred to as aleatoric uncertainty. Our goal is
to learn parameters  such that this uncertainty is adequately
captured and our model can be leveraged, along with a low
level planner, to achieve a goal.

We take a Bayesian approach to learning the model param-
eters, and maintain a distribution over the parameter space,
Pr( ). This distribution aims to capture the uncertainty we
have regarding the accuracy of our predictions, referred to as
epistemic uncertainty. In general, for complex model classes
such as neural network classifiers, an explicit representation of
Pr( j D) for training data D is difficult to construct or update
with new data. We therefore follow the strategy of Beluch
et al. [3] and represent this uncertainty with an ensemble of
N models, ( 1;:::; N), where 2 RY. Initial parameters are

drawn independently at random and are updated to incorporate
new data via gradient descent.

The design of the models in the ensemble is selected to
match the underlying structure of the prediction problem. In a
naive implementation, we can directly estimate feasibility from
the entire sequence of actions. We will refer to this approach as
a complete model, denoted by  comp. However, we observe
that the infeasible sub-sequence property provides a strong

is only feasible if all of its prefixes are also feasible. As such,
the model can instead learn the probability a specific action
is feasible given all previous actions were feasible. We will
refer to a model that considers this property as ss. Under
this model, the feasibility of a plan, a, is:
'

Pr( ijawi;
i=2

Pr( znja ss) = i 1=1, ss) (@
where j represents whether action a; is feasible given a3 1
were feasible, and we use the subscript 1 : n to refer to a
sequence of variables. In our method we assume initial actions
are feasible, meaning Pr( ; =1ja;) =1.

The comp model only considers full action sequences, and
therefore entire plans correspond to a single label once they
are executed. On the other hand, s requires labels after each
action is executed.

In both of these models, the length of plans for which we
require predictions varies. Therefore, we use graph neural net-
works (GNNs), which make predictions based on aggregations
of local properties and relations among the input entities, and
exploit parameter tying to model global properties of plans
of arbitrary size using a fixed-dimensional parameterization

. For a detailed description of GNNs, see the overview by
[39]]. More details about the specific architecture we use can
be found in Section

B. Entropy reduction

Following [26), 6], we guide our active learning by picking
a sequence of data D that maximally reduces the entropy of
Pr( j D). The general problem of designing a sequence of
experiments to minimize entropy — or equivalently, maximize
information gain — is a difficult sequential decision-making
problem. Fortunately, due to sub-modularity of the objective,
a myopic approach that considers only the next experiment
to conduct can be shown to be a good approximation to the
optimal experimentation strategy [9].

Given a model distribution Pr( j D) that depends on the
data we have seen so far, D, we choose the action sequence
a 2 A that reduces the entropy of the posterior distribution as
much as possible:

a =argmaxH( jD) E

az2A

pr(jp:ay [HC jDja; )] (3)

While the robot can select the plan, a, to experiment with,
it cannot select the outcome , so to compute this quantity,
we have to take an expectation over the outcome, using our
current model distribution.



Estimating the entropy over a high-dimensional parameteraximizes theBALD objective, given that we have already
space is expensive, so we follow the approach of Houlsby et aptimistically constructedy., 1. This strategy does not take
[19] to reformulate the objective in (3) as: into consideration that if a plan fails early, we do not get to
learn from the full plan execution.

a = argmaxi( : jD;a) (4)

DA We can leverage additional structure afforded to us by the
argmaxH( jD;a) E pgp)[H( ja )] : (5) |nf§a3|ble subsequence properyen we do active I(_earnlng
a2A using the ¢ model class. In the following, we consider two
HRossible strategies.
Sequential When generating a potentially informative plan

allowing the computation of entropies to take place in t
lower-dimensional label space, This is known aBayesian ) 'c
for the s model, we can take into account the probability

Active Learning by Disagreemerdr BALD. . ) ) ‘
The BALD objective invites an appealing interpretation® SP€Ci ¢ action will be attempted (i.e., that the plan was

maximizing the rst term encourages selecting anthat succesgful up gntil that action). This gllows us tf). nd plans
our model is overall uncertain about, and minimizing th@hose informative outcomes have a high probability of being
second term encourages selectingadar which the individual OPServed. The resulting objective is:

models in( 1;:::; n) can make con dent predictions about X

the outcome . If we think of the overall uncertainty as a argmax — Pr( 1 1= 1jay 1; ss)BALD(@u:i; ss)
combination ofepistemicand aleatoric uncertainty then this an2A = ®)

objective seeks an experiment with high overall uncertainwhere the probability is calculated as in Equation 2. This

and_lowaleato_rlc uncgrtamtyyvhmh thgrefore ha_s higapis- equation computes the expected information gain for executing
Femlc unpertalntylptu!tlyely, if the various possible modelsa plan, taking into account the probability that plan execution
in Pr(j D) are |nd|V|_duaIIy con dent but abo‘_“ dlffer_lng fails at any given step as predicted by the learned model.
outcomes, then observing thevalue corresponding ta is We refer to this as theequentiaistrategy.

“kﬂy.to prove som(ta)lof tfhose o”utcor‘r_]estw:jcorrect. N ¢ We implement thesequentialpproach naively by sampling
sing an ensemble of equally weighted parameter Vecly/g, scoring entire plans. Likeomplete this method requires
1;::7; N ) to represenPr(  j D) allows us to compute a

lobal feasibili dicti exponentially more samples for longer plans, however, in the
global feasibility prediction, domain we considered, a sampling approach was acceptable as

1 X we had a relatively short plan horizon. In the future work we
Pr(=  ja)= N Pr( = ja; i) hope to extend this strategy to a search-based method which
i=1 prunes candidate plans by their predicted feasibility.
as well as nd the experiment that maximizes the estimatedIncremental We also consider a strategy where we only
BALD objective in the form: consider plangay;:::;a,) for which we have already ob-

X : :
BALD(&; )= H( Pr( ja;)) Ni HPr( ja ;)): (&iiii;an 1) together with result 1., 4 = 1 are in the

i=1 current data sed. We call this theincrementalstrategy.
(6)
. . argmaxl(am 1; =1) 2D BALD(al:n; ss) (9)
C. Sampling Strategies aun 2A

Now that we have established an informational score for Although this strategy nds more feasible plans theom-
experiments, we consider several sampling strategies for @#ete it also requires the robot to reuse plan pre xes, so we
timizing over A, the set of plans up to a xed length. do not gather novel observations when repeating a plan pre x.
Maximizing the BALD objective over the entire seA is Constraining our experiments to build on previously feasible
dif cult because we need to consider all discrete plans upgans may be overly restrictive.
to length L, as well as all possible assignments to each
continuous abstract action parameter.

Complete One strategy we consider is uniformly samplin
complete plans fror\ and scoring the samples. We call thi
the completestrategy.

IV. IMPLEMENTATION

We have implemented this framework for a class of prob-
gems in which the robot manipulates objects to construct
towers. All of our experiments use theDOF Panda robot
from Franka Emika, in simulation and in the real world.

argmaxBALD(@; comp) @) )
a2A A. Domain

Unfortunately, to achieve a consistent sampling density, theThe world consists of the robot and a set of obje@s,
number of required samples scales exponentially with tléth which it can interact. In this work, we consider cuboids
length of the plan. Additionally, this strategy might generateith non-uniform mass distributions (Figure 3). Each object,
most of its samples in the infeasible part of the space. 02 O, is described by a tupldd;c; m), whered 2 R® are

Greedy Another strategy requiring fewer samples is the dimensionsg 2 R® is the offset of the center of mass
greedyapproach, in which we select the next actignwhich from the center of geometry, amd 2 R is the object's mass.
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