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Abstract— We consider a service robot in a household en-
vironment given a sequence of high-level tasks one at a time.
Most existing task planners, lacking knowledge of what they
may be asked to do next, solve each task in isolation and so
may unwittingly introduce side effects that make subsequent
tasks more costly. In order to reduce the overall cost of
completing all tasks, we consider that the robot must anticipate
the impact its actions could have on future tasks. Thus, we
propose anticipatory planning: an approach in which estimates
of the expected future cost, from a graph neural network,
augment model-based task planning. Our approach guides
the robot towards behaviors that encourage preparation and
organization, reducing overall costs in long-lived planning
scenarios. We evaluate our method on blockworld environments
and show that our approach reduces the overall planning costs
by 5% as compared to planning without anticipatory planning.
Additionally, if given an opportunity to prepare the environment
in advance (a special case of anticipatory planning), our planner
improves overall cost by 11%.

I. INTRODUCTION

We consider a service robot in a household that is given
a sequence of high-level task specifications (task planning
problem) one at a time, each expressed in Planning Domain
Definition Language (PDDL) [1] by a human operator. Most
existing task planners [2]–[9] in this setting solve each task
objective one at a time in isolation to complete each in mini-
mum cost. However, since the environment persists between
tasks, the robot may unwittingly introduce problematic side
effects for the subsequent tasks it has yet to be assigned. For
example (Fig. 1), consider a household robot given a task
from a sequence of tasks to clear the dining table that has a
plate on it. Though the quickest solution is to move the plate
to the desk, this limits the use of the desk later and increases
the planning cost of a future task to clean the bowl, and so
should instead be placed in the kitchen sink.

If the robot is to minimize an overall cost over the entire
sequence of tasks, it must have the capacity to understand
the impact of its actions—those that solve the current task—
on future tasks. In other words, to reduce the overall cost,
it would require the robot to act in a way that seeks to pay
down both the immediate cost of completing a current task
and the expected cost associated with future tasks in the
sequence which we call the anticipatory cost. We introduce
anticipatory planning: planning so as to minimize the joint
objective of planning cost for the current task and the
anticipatory cost.
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Fig. 1: An Anticipatory Planning Scenario: The immediate
plan to clear the dining table (left) is to move away the plate
to the desk with a minimum cost. However, this limits the use
of the desk later and also increases the cost of cleaning the
bowl later. Our robot instead anticipates how it may later
interact with the environment and takes preemptive action
(right) to reduce expected future cost.

If the robot were provided all its tasks in advance, existing
task planners could be used to find the minimum-total-cost
plan. Though the robot will not typically know future tasks
in advance, we assert that there exists a task distribution
inherent to the environment that can be used to define the
anticipatory cost: the expected future cost. To plan well, the
robot must determine which actions will reduce the joint
cost of completing the current task and the anticipatory cost.
Given access to task distribution and sufficient computation,
the robot could reduce anticipatory cost. However, during
deployment, computing anticipatory cost is often computa-
tionally infeasible, as there could be hundreds of possible
future tasks, or because the robot lacks direct access to the
task distribution when deployed in its new environment.

So as to overcome the challenges associated with limited
knowledge or computation, we use learning to estimate the
anticipatory cost. Doing so allows us to transfer experience
from an offline training phase—when we have both sufficient
computation and direct access to the task distribution—to im-
prove planning performance during deployment. Offline, the
robot has direct access to the task distribution, from which it
generates data to train a Graph Neural Network [10]–[12] to
estimate the anticipatory cost. During deployment, the robot
uses this anticipatory cost estimator to augment model-based
planning and improve overall cost.

Even when a task is not given, our Anticipatory Planning
approach allows our robot to ready the environment in
anticipation of future tasks, reducing cost for when a task
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by minimizing the expected cost associated with them. 
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Fig. 2: Preparation as Task-Free Anticipatory Planning:
The left figure shows the current state of an environment with
probable future tasks. In the right figure, our robot anticipates
future tasks and prepares an environment to minimize the
overall planning cost of a future task.

is eventually provided. We refer to this task-free planning
setting as preparation, illustrated in Fig. 2.

To evaluate Anticipatory Planning, averaged across an en-
semble of multi-task sequences in a blockworld environment.
We demonstrate that our approach improves overall cost
by 5%. We also demonstrate that even in the absence of
an immediate task, anticipatory planning allows the robot
to prepare the environment and reduce the overall costs of
potential future tasks by 11%.

II. RELATED WORK

Task Planning and Learning-Augmented Planning:
Task and Motion Planning (TAMP) involves jointly solving a
high-level task and the motion planning to accomplish those
tasks [13].1 Many existing works in this space [2]–[6], [9] are
focused on solving a TAMP problem as quickly as possible
by using so-called classical planning strategies.

Recently, learning has been used to accelerate planning,
extending the limits of plan complexity and improving
plan quality. Learning techniques have been integrated into
many aspects of TAMP systems, from learning samplers for
continuous values [7], [8], [14], [15] to learning guidance
for symbolic planning [16]. However, approaches for both
classical TAMP and learning for TAMP primarily focus
on solving small-scale or deterministic planning problems
and are not directly applicable to solving our anticipatory
planning objective.

Learning from Demonstration and Common Sense
Planning: Common sense reasoning describes a class of
scenarios in which robot behavior is expected to agree with

1We do not currently tackle Integrated Task and Motion Planning. As we
highlight in Sec. IV, low-level motion planning and the costs of motion-
borne actions are computed independently of high-level task planning.

human intuition, though so far has generally defied pre-
cise mathematical definition. Agrawal [17] identifies under-
specification in the task definition as limiting common sense
and points to approaches to transfer and meta-learning [18],
[19] or diverse skill learning [20] that have shown lim-
ited promise in addressing this under-specification. In the
context of service and assistive robots, approaches such as
learning from demonstration (LfD), inverse reinforcement
learning [21], reward learning [22], and similar [23] have
proven effective in situations where an explicit reward func-
tion can be difficult to write down, encouraging intrinsic
motivation [24], [25], courtesy [26], [27], and avoiding side
effects [28], [29] in service-like domains. These approaches
to improve robot behavior typically struggle for long-horizon
planning in non-deterministic settings [30] and so efforts in
this space are primarily limited to deterministic settings—
for low-level [31]–[34] and high-level [35], [36] planning
and from physical corrections [37], [38]—or short-time-
horizons [39], [40].

Graph Neural Networks and Applications to TAMP:
In this work, we use graph neural networks (GNNs) [10],
[12], [41]. See [11] for a recent survey. Recently, GNNs have
proven effective for geometric integrated TAMP problems.
Graph representations of the state of an environment can
be fed into a graph neural net to guide sample-based motion
planning [16] or to estimate the relative importance of objects
in a scene to accelerate search over tasks [42]. We rely
on the powerful representational capacity and generalization
capabilities of GNNs to estimate the anticipatory cost in an
effort to improve planning across multiple tasks.

III. PROBLEM STATEMENT

A. Anticipatory Planning

We want to reduce the overall cost of solving a sequence
of N tasks τ , given only one task at a time considering both
the immediate cost of completing the current task and the
anticipatory cost of a state for future tasks in the sequence.
If we were to know the sequence of tasks in advance, we
could find a plan that minimizes total cost according to

s∗g1 , · · ·, s
∗
gN = argmin

sgi∈Gτi
∀i∈1···n

[V
∗
sg1

(s0)+V ∗
sg2

(sg1 )+···+V ∗
sgn

(sgn−1
)]

(1)

where τi is ith task in sequence, V ∗
sgi+1

(sgi) is the minimum
cost of completing τi, which can be computed via any
deterministic planner, for example, Sec. IV. State sgi is
the final state of completing τi and also the initial state
for completing task τi+1. However, since the robot will in
general not know all the tasks in advance, it instead seeks a
policy that minimizes expected total cost, where future tasks
τ are drawn from a task distribution: τ ∼ P (τ).

Reasoning about future cost over a long sequence of tasks
is computationally challenging, and so we instead seek to
minimize the expected cost associated with an immediately
available task and a single next task in the sequence. In
general, planning in this domain involves first moving from
starting state s0 to some intermediate goal state s′, belonging
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to the set of goal states Gτ in which the task τ is completed,
and then subsequently completing another task τ ′ ∼ P (τ).
We refer to this planning objective as anticipatory planning,
the aim of which is to find the intermediate goal state s∗g that
minimizes the total cost according to

s∗g = argmin
s′g∈Gτ

[
V ∗
s′g
(s0) +

∑
τ ′

P (τ ′)V ∗
τ ′(s′g)

]

= argmin
s′g∈Gτ

[
V ∗
s′g
(s0) + V ∗

A.P.(s
′
g)

] (2)

where V ∗
s′g
(s0) is the optimal cost of moving from state s0 to

state s′g , and V ∗
τ ′(s′g) is the cost of completing task τ ′ starting

from state s′g . We refer to V ∗
A.P.(s

′
g) as the anticipatory

planning cost: the expected cost of completing a single
follow-up task starting from state s′g .

V ∗
A.P.(s) =

∑
τ ′

P (τ ′)V ∗
τ ′(s) (3)

While V ∗
s′g
(s0) can be computed using existing task planning

solvers, the anticipatory planning cost is often too difficult
to compute online, and so we instead estimate it via learning
(see Sec. V).

B. Preparation as Task-Free Anticipatory Planning

Even when the robot is not assigned an immediate task
τ—a common scenario for household robots, which may not
be constantly given active instruction—anticipatory planning
can inform how the robot can reconfigure its environment so
as to reduce expected future cost for when it is eventually
given a task. We refer to this objective as preparation, in
which the robot seeks to find a prepared state of the environ-
ment s∗prep, when the state has the minimum expected cost
V ∗
A.P.. This scenario is related to the anticipatory planning

objective of Eq. (2), yet the robot (not given an immediate
task) accumulates no cost for immediate actions. As such,
it is the robot’s objective to minimize only the anticipatory
planning cost V ∗

A.P.:

s∗prep = argmin
s∈S

[V ∗
A.P.(s)] (4)

where S is the set of all possible states in the environment.
In our experiments, we will demonstrate the effectiveness

of both anticipatory planning and preparation in improving
the expected cost of planning.

IV. PRELIMINARIES: TASK PLANNING WITH PDDL

In this paper, we consider pick-and-place-style task plan-
ning problems, for which action costs are computed sepa-
rately via low-level motion planning. To achieve high-level
goals—e.g., clearing a table—robots need to be able to carry
out high-level actions, such as picking up a bowl and moving
around the environment. We represent both the tasks and
the actions available to the robot for this Task Planning
problem using the Planning Domain Definition Language
(PDDL) [1]. PDDL defines a fully observable deterministic

Initial State

A B

r0

C

A robot is given a task from the
following sequence one at a time,
however, it does not know the next
task in advance.
1. Move block 'A' to red region
2. Move block 'B' to blue region

 has the higher expected
future cost as the robot has
to move the white block
before it completes the next
task(dotted line). This is the
case in Myopic Planning.

 has the lower expected
future cost by making it
easier to move the blue
block to the blue region
(dotted line). Anticipatory
Planning achieves this
behavior.

The robot completes the first task  as it is also seeking to pay down the expected cost associated
with future task   which is drawn from .Our planner searches over intermediate goal
states  (in this case:  and ) to minimize the anticipatory planning cost Eq. (2).

 

Fig. 3: A schematic overview: Our robot reduces the overall
planning cost of the sequence by considering the immediate
cost of the current task and the expected cost associated with
future tasks.

Listing 1: PDDL code definition for action pick

( : a c t i o n p i c k
: p a r a m e t e r s ( ? r ? b ? s )
: p r e c o n d i t i o n ( and ( Robot ? r ) ( HandEmpty

? r ) ( At ? r ? s ) ( In ? b ? s ) )
: e f f e c t ( and ( Hold ing ? r ? b ) ( n o t ( In ? b

? s ) )
( n o t ( HandEmpty ? r ) )
( i n c r e a s e ( t o t a l − c o s t ) 100)
) )

planning problem as tuple (A, s0, g), where A is a set of
parameterized actions, s0 is an initial state and g is a goal
condition for the problem. An example PDDL definition of
a pick action is included in Listing 1.

Actions involving picking up or placing an object have a
constant cost. By contrast, costs for the move action come
from a separate motion planning process. We consider a
move action as the robot’s motion from one location l1 to
another l2, represented by the tuple (l1, l2, f) where f is a
collision checking function between l1 and l2. We use the
Lazy Probabilistic Roadmap (Lazy PRM) algorithm [43] to
get the cost for move action provided by [2]. Lazy PRM
operates like traditional PRM [44], but lazily checks the
collision, which removes redundant sampling of regions that
does not provide the solution and accelerates planning.

We use Fast Downward [45] for task planning, using
A* search with the admissible max heuristic, so as to
yield optimal plans.2 The planner consumes in the PDDL
definition of the problem, including pre-computed motion
planning costs for move actions, and returns minimum-cost
plans that solve the task. We use the notation V ∗

sg (s0) to
mean “the cost of the optimal plan to get from state s0 to

2We note that one could use an inadmissible search heuristic—e.g., the
well-known Fast-Forward (FF) heuristic [46]—for both data generation and
planning and trade optimality for improvements in planning speed. In this
work, we focus only on admissible search via A*.

11540



Blockworld

red

blue

robot

orange

white

purple

violet

A

B

D

C

A

D

C

B

green

yellowrobot

orange

purple

yellow

white

red

blue

violet

green

Fig. 4: An example of a state in an environment and its
corresponding graph structure for training data

goal state sg .”

V. ESTIMATING ANTICIPATORY COST

Direct computation of the anticipatory cost V ∗
A.P.(s) dur-

ing deployment is often not feasible—either because it is
computationally challenging or because the robot does not
have direct access to the task distribution P (τ). This makes
the robot unable to search over the states during planning
to solve Eq. (2), which depends on the anticipatory cost
V ∗
A.P.(s). To overcome this limitation, we instead use learn-

ing to estimate the anticipatory cost of the state s. Offline,
we randomly generate task sequences drawn from the task
distribution P (τ), with which we compute samples of the
anticipatory cost to serve as training data.

We learn the anticipatory cost in a supervised manner. To
be useful as a component in a search procedure, we require a
process for mapping states to inputs to our estimator. During
deployment, a photorealistic simulator may not be available,
so images are not well-suited for this purpose. Instead, we
represent the environment state as a graph and train a Graph
Neural Network [11] to estimate the anticipatory cost. Graph
Neural Networks (GNNs) have proven effective tools for
making predictions in household robotics settings [16], [42].

A. Representing the Environment State as a Graph

The state s of an environment E defines the location of
each object in that environment as well as the location of
various regions in which those objects can be placed. Each
graph G represents a state. For example, in the blockworld
environment, as shown in Fig. 3, the state is defined as blocks
being placed in specific regions.

To represent the environment state as a graph G, nodes
correspond to (i) places in the environment (including a node
for the environment itself), (ii) objects in the environment,
and (iii) locations in which objects can be placed. Edges
are created whenever one entity is contained by another. For
example, a block is in the red region, so an edge connects the
two. An illustration of an example state and its corresponding
graph can be seen in Fig. 4.

To act as input to a graph neural network, nodes have
accompanying node input features that include properties of

Algorithm 1 Search for an Intermediate State

1: function SEARCH(s0, ESTIMATOR, τ )
2: π, V ∗

τ (s
′
g) = TASKPLAN(s0, τ)

3: s∗ = s′g
4: V ∗

total(s
∗) = V ∗

s′g
(s0) + ESTIMATOR(s′g)

5: Gτ = SETOFALTERNATEGOALSTATES(τ, π)
6: for s′ ∈ Gτ do
7: V ∗

total(s
′) = V ∗

s′(s0) + ESTIMATOR(s′)
8: if V ∗

total(s
′) ≤ V ∗

total(s
∗) then

9: V ∗
total(s

∗) = V ∗
total(s

′)
10: s∗ = s′

11: return s∗

the entity it represents. Node features in our graph consists
of a one hot encoding of its entity type (whether it is
a room, location, or object), entity color (specifying its
semantic class), and the 2D coordinate of its location in the
environment. For example, a node for a book from Fig. 4
has the entity type is object, thus we get one hot encoding
of object. Since it is not both room and location type, all
vectors in both encodings are zeros. Book is an object type
from which we get the corresponding encoding. It also has
a color blue which has scalar value (0.0, 0.0, 1.0, 1.0).

B. Data Generation

To train our graph neural network (GNN) to estimate
the anticipatory cost, we require training data generated
from each environment class of interest. To obtain this data,
we use Sec. IV to solve each planning problem instance
from task distribution P (τ) from randomly sampled 200
states in each seed of environment. We generate data from
250 procedurally-generated training environments and 150
distinct testing environments. We compute the anticipatory
cost VA.P. for each state s. Each labeled datum consists of
the graph G of s and its anticipatory cost VA.P..

C. Graph Neural Network Structure and Training

Our estimator is a graph neural network that takes as input
a graph G with nodes v and edges e(v1, v2) corresponding to
the environment state s trained to estimate the anticipatory
cost V ∗

A.P.(s). Our graph neural network consists of three
SAGEConv layers [41], provided by the PyTorch Geomet-
ric package [47], each followed by leaky ReLU activation
function. We also add a mean pooling layer for batch-wise
graph level outputs averaging node features and, finally, a
linear classifier layer to produce the anticipatory cost. We use
mean absolute error (MAE) as our loss function. We train
our model using Adam optimizer [48] on PyTorch [49] with
a batch size of 8 and roughly using 50k training samples.
We train for 10 epochs using a fixed learning rate of 0.01.

VI. SEARCH IN ANTICIPATORY PLANNING

It is computationally infeasible to enumerate all states in
a complex environment when searching during anticipatory
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planning to find states that reduce overall cost according to
Eq. (2). Instead, we rely on an iterative procedure to search
more efficiently over states likely to improve the total cost,
shown in Alg. 1.

We first compute the minimum-cost plan for task τ using
the solver, TASKPLAN (Sec. IV), which returns both the
plan π and the immediate cost of that plan V ∗

τ (s
′
g). We

compute the total expected cost of the state, including the
estimated expected future cost via ESTIMATOR(s′g). From
this plan, we compute a set of possible alternate goal
states Gτ via a procedure SETOFALTERNATEGOALSTATES:
each element sg ∈ Gτ is a potential state in which the
task τ is satisfied. To save computation, the procedure
SETOFALTERNATEGOALSTATES is not exhaustive, and in-
stead enumerates alternate placements only of objects ma-
nipulated during solution plan π, keeping only those that
still solve the task τ . For example, in Fig. 3, for the first
task, the immediate goal state is block A being in the red
region and block C being in blue. One such alternate goal
state could be to place block A in the red region and C in
the white region. We iterate over all sg ∈ Gτ to find the
alternative intermediate goal state that minimizes the total
cost—computed via both the Fast Downward solver (Sec. IV)
and our ESTIMATOR for the anticipatory cost.

Similarly, for our preparation tasks, for which a current
task is not given, planning via Eq. (4) involves minimizing
the anticipatory cost over state space. This algorithm follows
a hill-climbing optimization approach. First, the algorithm
is seeded with the initial state s0. For 200 iterations, the
robot randomly samples tasks from the task distribution and
evaluates whether the anticipatory cost VA.P. improves along
the way to solving it, computed using the trained model from
Sec. V. If the anticipatory cost of the resulting state is lower
than that of the previously visited state, the robot chooses
that state as the prepared state (s∗A.P.) and repeats.

VII. EXPERIMENTS AND RESULTS

We evaluate our Anticipatory Planning approach on a
2D Blockworld environment, with procedurally generated
worlds as shown in Fig. 5. We include experimental trials
showing both (i) planning beginning from a random initial
configuration of the environment and also (ii) the impact of
preparation: task-free anticipatory planning (as described in
Sec. III-B).

For this environment, the task distribution is hand coded
and has 20–25 pick-and-place-style tasks for each environ-
ment. Task specifications consist of placement directives for
one or two blocks; for example, a task could involve moving
only block A to the red region or moving block A and
block B to the red and blue region respectively. The tasks
are randomly sampled in a way that they are achievable
in the environment and that only non-white blocks and
non-white regions are involved. We also note that multiple
blocks cannot be placed in one location. We use a uniform
distribution over possible tasks. We then generate training
data as described in Sec V-B.

Approach Average Cost

N.L. Myopic 827.8
A.P. (ours) 785.1

(a) Anticipatory Planning

Approach Average Cost

Prep (ours) + N.L.Myopic 779.0
Prep (ours) + A.P. (ours) 735.9

(b) Preparation: Task-Free Anticipatory Planning

TABLE I: Average cost per task in a 10-task sequence,
averaged over 100 sequences in each of 32 Blockworld
environments.

For each environment, we evaluate over 100, 10-length
task sequences, drawn according to the task distribution
τ ∼ P (τ), each in 32 different randomly generated environ-
ments, for a total of 32,000 task executions. For each trial,
we evaluate performance using four planning approaches
that leverage different aspects of our learning-augmented
anticipatory planning approach:
Non-Learned Myopic Baseline (N.L. Myopic) Classical

planning via Fast Downward [45], without any
anticipatory planning cost. Plans only to minimize
immediate cost V ∗

τ (s0).
Anticipatory Planning (A.P.) Planning is augmented with

estimates of the anticipatory planning cost. Planning
seeks to reduce the overall cost of both the immediate
task and a single future task, Eq. (2).

Preparation + Myopic Baseline (Prep + N.L. Myopic)
Non-learned myopic planning, yet the robot is first
allowed to prepare the environment, Eq. (4).

Preparation + Anticipatory Planning (Prep + A.P.)
Anticipatory planning, yet the robot is first allowed to
prepare the environment, Eq. (4).

We show our results in Table I, which show that anticipa-
tory planning A.P. (in the absence of preparation) reduces
overall planning cost across all sequences by 5%. N.L.
Myopic has higher planning costs because the plans gener-
ated from the task will introduce side effects on subsequent
tasks, increasing the cost of their plans.

We additionally evaluate scenarios in which we first al-
low both robots to prepare their environment via task-free
anticipatory planning, Eq. (4). When allowed to prepare the
environment in advance using estimates of the anticipatory
cost V ∗

A.P., the performance of both planners improves. Af-
ter preparation, even the non-learned baseline Prep+N.L.
Myopic shows improved performance by 5%, since objects
that could potentially clutter and obstruct its plans are moved
out of the way in advance. With preparation, our anticipatory
planning approach Prep+A.P. improves overall perfor-
mance by 11% compared to the non-prepared, non-learned
baseline N.L. Myopic.

Critically, even in the absence of preparation, the task
cost for our anticipatory planning approach (A.P.) gradually
decreases as it accomplishes more tasks, suggesting that
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Myopic Planning: Robot takes actions  (  and 
 in an immediate (optimal) plan  with solid

orange arrows) to complete the first task which
introduces side effects (Block F in blue region)

for second task to complete (dotted purple
arrows). 

Anticipatory Planning: Robot plans in such a
way that its current actions (solid orange

arrows) make the next task in sequence easier
(no block F in blue region) shown in dotted

purple arrow with action. Note that the
intermediate goal state for the first task is not

an optimal as it was in Myopic.      

Preparation + Anticipatory Planning: Our
robot first prepares the environment when no
task is given. A to red region is moved easily

and C is moved to green region before moving
B to blue which also satisfy goal condition for

final task. The overall cost is reduced.

Total Planning Cost: 2166.316 Total Planning Cost: 2051.533

Total Planning Cost: 2012.796 Total Planning Cost: 1841.774

Preparation + Myopic: Robot first prepares the
environment by moving away white blocks from

colored regions when no task is given. Then it uses
myopic planning when a task is given.  A to red is
moved easily(dotted orange arrow) and for second
task, it puts C in cyan (solid purple arrow) as  an
optimal plan but C is moved to green in third task.

A robot is given a task from a following sequence one at a time. However,
it does not know the next task in the sequence in advance.


1. Move block 'A' to 'red' region. 

2. Move block 'B' to 'blue' region 

3. Move block 'C' to 'green' region


C

Fig. 5: Anticipatory Planning Reduces Total Planning
Cost of a Sequence: We provide the robot to solve the
sequence of three tasks. We see the total planning cost is
improved with anticipatory planning. The robot minimizes
the overall cost according to Eq. (2) in which it estimates
V ∗
A.P..

it is gradually preparing or organizing the environment,
incrementally making it cheaper to plan. By the end of
the sequences (at T10 in Fig. 6), the average task cost
approaches that of the initially prepared environment with
anticipatory planning.

Furthermore, to qualitatively illustrate the benefits of both
anticipatory task planning and preparation, we highlight one
result scenario in Fig. 5. An example task sequence is given
to the robot to complete one task at a time: [(T1) Move
block A to the red region, (T2) Move block B to the blue
region, (T3) Move block C to the green region]. N.L.
Myopic first places block F in the blue region and block A
in the red region to satisfy the goal condition. However, its
placement of block F on the blue region introduces a side
effect, so that the robot must subsequently take an additional
step to complete the second task: moving block F to the
white region. Under our anticipatory planning approach,
the white block F is moved directly to the white region,
avoiding this expensive side effect at the expense of a small

Fig. 6: Average total cost of planning 100, 10-task sequences
in each of 32 unique Blockworld Environments. Each task
sequence is unique and randomly sampled from the set of
task; the “task index“ thus corresponds to how many tasks
in each sequence have so far been completed.

initial cost.

VIII. CONCLUSION AND FUTURE WORK

In this work, we present Anticipatory Planning, an ap-
proach for learning-augmented planning that aims to reduce
planning costs for long-lived household robots expected to
accomplish sequences of tasks, yet given only one at a time.
Through the estimation of the anticipatory planning cost, and
thus the expected impact actions on potential future actions,
our approach guides the robot towards behaviors that reduce
overall planning cost.

Additionally, when a task is not given—a common sce-
nario for household robots, which may not be constantly
given active instruction—the robot is allowed to prepare the
environment (task free anticipatory planning) so as to reduce
expected future costs when it is eventually given a task.

In future work, we seek to apply this approach to guide
integrated Task and Motion Planning, which would make our
approach more broadly applicable in all manner of household
domains in which the robot’s implicit decisions can nega-
tively impact future tasks and the state of its surroundings. In
such environments, one could use an existing dataset, such
as the ALFRED task benchmark [50], to provide tasks to
define the task distribution.
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