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Abstract

The ability to perform both causal (means-end) and ge-
ometric reasoning is important in order to achieve au-
tonomy for advanced robotic systems. In this paper, we
describe work in progress on planning for a humanoid
two-arm robotic system where task and path planning
capabilities have been integrated into a coherent plan-
ning framework. We address a number of challenges
of integrating combined task and path planning with
the complete robotic system, in particular concerning
perception and execution. Geometric backtracking is
considered: this is the process of revisiting geometric
choices (grasps, positions etc.) in previous actions in
order to be able to satisfy the geometric preconditions
of the action presently under consideration of the plan-
ner. We argue that geometric backtracking is required
for resolution completeness. Our approach is demon-
strated on a real robotic platform, Justin at DLR, and
in a simulation of the same robot. In the latter, we con-
sider the consequences of geometric backtracking.

Introduction
The robot Justin, which has been developed at the institute of
Robotics and Mechatronics at the German Aerospace Center
(DLR) in Oberpfaffenhofen, is an advanced humanoid robot
with two arms with four-fingered human-like hands, a head
with two video cameras for stereo vision, and a base with
four wheels mounted on extensible legs. The upper body of
Justin has 43 degrees of freedom: 7 degrees of freedom for
each arm, 12 for each hand, 3 for the torso and two for the
neck (Ott et al. 2006).

Justin, like other complex manipulators, was until re-
cently dedicated to performing only tasks involving pre-
specified objects and action sequences, at least at an ab-
stract level. In this article, we present the ongoing ef-
forts to provide Justin with a higher degree of auton-
omy within the scope of the EU FP7-project GeRT (see
http://www.gert-project.eu). Here, we focus on
planning for tasks, but there is also work in the project on
perception and grasping. The overall aim of the project is
that Justin should be able to generalize from existing pro-
grams for specific tasks and from known objects of certain

Copyright c© 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

classes, to perform new tasks consisting of the same types
of basic operations but combined in new ways, and with
new objects belonging to the same classes. In this paper,
we report on a prototype of a planner for Justin. Of course,
this problem is not limited to Justin, but applies to other ad-
vanced robotic systems as well.

There is a large body of work on task planning which
represents the world in logical terms (Nau, Ghallab, and
Traverso 2004). But such representations are insufficient for
modeling the kinematic and geometric properties of a robot
such as Justin and its environment. When planning with
Justin, one must take into account how it can move its arms
and hands, how it can grasp different objects, and whether
there are obstacles that can block its movements.

There is also a large body of work on path and motion
planning (LaValle 2006). These algorithms plan in continu-
ous state spaces, and include kinematic (or even dynamic)
models of the robotic system as well as models (often in
terms of polyhedrons) of obstacles.

While a path planner can find collision-free paths for vari-
ous movements, it is not able to decide whether such a move-
ment is a step in solving a complex task. A path planner is in
general incapable of the kind of means-end reasoning that a
task planner can do.

What Justin needs is a combination of task and path plan-
ning. It could be achieved by first solving the task planning
problem and then for each action in that plan solving the cor-
responding path planning problem. However, it might hap-
pen that no path can be found for an action in the task plan.
For instance, the presence of obstacles such as a big box in
the middle of the workspace, may render certain parts of the
workspace inaccessible for one or other of the arms. Yet, the
task planner has no way of determining that, and may gener-
ate plans where the wrong arm is chosen for e.g. picking up
an object from such a position. Hence, a solution with task
planning first and path planning after might result in plans
that are invalid at the geometric level. Instead, task and path
planning must be integrated. A hybrid approach is required.

In this article, we present the hybrid task and path plan-
ning system we have developed for Justin. It is the first
time that hybrid planning has been used for such a complex
robotic system. Previous work has mainly relied on simula-
tion and sometimes very simplified models. Thus, the fact
that we adopt hybrid task and path planning for a real two-
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armed humanoid robotic system is the first contribution of
this paper. We present how the planner works together with
other components of Justin’s software, in particular for per-
ception and execution, and we provide details of how the
planner works. In particular, we show how several differ-
ent solvers for path planning, linear interpolation of paths,
and inverse kinematics need to be combined in order to find
paths. This is the second contribution of this paper. We also
consider the issue of geometric backtracking. Choices of
how to perform actions at the geometric level may have neg-
ative consequences for later actions. Geometric backtrack-
ing is the process of revisiting geometric choices in previous
actions in order to be able to apply the action presently un-
der consideration. For instance, if the task is to place two
cups on a small tray, the first cup may be placed in the mid-
dle of the tray, leaving insufficient space for the second cup.
When the action to place the second cup is found to be in-
applicable, one needs to go back to the first place action and
reconsider where the first cup is to be placed. We show how
geometric backtracking is performed in our planner, includ-
ing how alternative geometric choices are sampled. We also
argue that geometric backtracking is necessary for achiev-
ing resolution completeness for the hybrid planner. This is
the third contribution of the paper. Finally, we present a
number of demonstrations performed on the Justin platform,
and experiments on a simulated version of Justin. The for-
mer demonstrate that our approach actually works on a real
robotic system, and the latter investigate the benefits and
costs of hybrid planning and in particular geometric back-
tracking. The experiments include a large obstacle (which
makes path planning essential), and a number of objects that
are put in a limited space (requiring geometric backtrack-
ing). In the demonstrations and experiments, the robot only
manipulates objects for which it has a priori models, which
implies that grasping can be done with previously stored
grasps. While this paper focuses on Justin, we believe that
what can be learned from planning with Justin can also be
applied to other advanced robotic systems.

Related work
The approaches to combining task and path planning we
have encountered in the literature can roughly be divided
into two categories, defined in terms of how the task and
path planning components relate to each other.

Path planning guided by task planning. In these ap-
proaches, path planning is primary, and task planning sec-
ondary. The planners mainly work on a path planning prob-
lem, but there is also a symbolic interpretation of the domain
which can be used to structure the path planning problem
and determine where to direct the search. These approaches
include aSyMov (Cambon, Alami, and Gravot 2009) and
SamplSGD (Plaku and Hager 2010). I-TMP (Hauser and
Latombe 2009) should also be mentioned here, although it
strictly speaking does not involve a task planning algorithm
but a given task graph which represents a set of potential
plans. These approaches address path planning problems in-
volving a number of movable objects and/or multiple robots
and/or a robot with many links. Such path planning prob-
lems have high-dimensional configuration spaces. In order

to reduce that dimensionality, the problem is divided into
tasks or actions corresponding to lower-dimensional sub-
problems. Such actions can for instance be to move one sin-
gle object to a specific position while all other objects re-
main in position. The role of the task planner is to determine
what actions/subproblems are to be explored. For instance,
aSyMov only invokes the task planner as a heuristic for se-
lecting actions.

Task planning querying path planning. In these ap-
proaches, a task plan is generated, and some of the actions
involve path planning problems which are solved by dedi-
cated path planners. Each path planning problem is solved
separately. These approaches include Guitton and Farges
(2009), Alili et al. (2010), SAHTN (Wolfe, Marthi, and Rus-
sell 2010), semantic attachments (Dornhege et al. 2009a;
2009b), and HTN and motion planning (Kaelbling and
Lozano-Perez 2010). Typically, specific clauses in the pre-
conditions and/or effects invoke calls to a path planner. For
instance, the semantic attachments represent a general ap-
proach to invoking external solvers. A precondition clause
such as ([check-transit ?x ?y ?g]) may invoke a call to a
path planner. Information about the current robotic configu-
ration is encoded in the states of the task planner by terms
q1 ... qn and the transformation matrix for the pose of object
o is encoded by terms p0(o) ... p11(o).

It is noteworthy that these approaches have rarely been
applied to real robots. With the exception of I-TMP, which
has been demonstrated on a climbing Kapuchin robot, they
are (as far as we know) only tested on simulated systems or
very simple robots.

Our approach for Justin belongs to the second category.
Besides being aimed at an advanced real robot, it also distin-
guishes itself by using geometric backtracking: only an ex-
tended abstract by Alili et al. (2010) appears to address that
topic before (and only briefly, so there is not sufficient infor-
mation to make a comparison). However, the first category
of planners such as aSyMov (Cambon, Alami, and Gravot
2009) can perform similarly by exploring multiple paths be-
tween states.

Task and path planning
In task planning (Nau, Ghallab, and Traverso 2004) a state s
is a set of atomic statements p(c1, . . . , cn) where p denotes a
property of or a relation between objects denoted by names
ci. An action a has preconditions Pa (a logical combination
of statements) that specify in what states a is applicable, and
effects Ea (for instance a set of literals) that specify how
a state changes (i.e. what statements are added or deleted)
when a is applied. A planning domain D consists of a set of
actions, and a planning problem is comprised of a domain,
an initial state s0 and a goal formula g. A plan is a sequence
of actions P = (a1, . . . , an). The result of a plan is the state
s obtained by applying the first action a1 to get a state s′, and
then recursively applying the rest of the plan to s′. In a valid
plan, each action ai is applicable in the state obtained by
applying the preceding actions (a1, . . . , ai−1) starting from
the initial state s0. A solution to a planning problem is a plan
P with actions from D which when applied to the initial
state s0 results in a state s in which the goal g is satisfied.



Fig. 1 shows an example of an action schema from one of
the domains for Justin.

act: pick(h,g,o)
pre: empty(h) and graspable(o) and can-move-pick(h,g,o,τ )
eff: not empty(h) and grasped(h,o) and is-picked(h,g,o,τ )

Figure 1: Action schema for Justin, representing a set of pick
actions. The parameter h indicates what hand to use (left or
right), g indicates the type of grasp (e.g. top), o is an object
(e.g. cup1), and τ represents a path to be followed by the
hand h during a pick action.

Path planning (LaValle 2006), on the other hand, consid-
ers a continuous space. There is a world spaceW = R2 or
W = R3. The obstacles in the world space are defined by
the obstacle space O ⊆ W . There is a robot which can be a
rigid bodyA or a collection of connected linksA1, . . . ,An.

The configuration space C is determined by the various
translations and rotations that the robot (or its links) can
perform. A(q) is the space occupied by the robot trans-
formed according to the configuration q (and equivalently
for A1, . . . ,An). Cobs is the obstacle region in the configu-
ration space, defined as the set of configurations where the
interior (int) regions ofO andA intersect. Cfree = C \ Cobs
is the free space where the robot can move.

A path planning problem is defined by the above entities
(the domain), a start configuration q1 ∈ Cfree and a goal
configuration qG ∈ Cfree. A solution to a path planning
problem as defined above is a continuous path τ : [0, 1] →
Cfree where τ(0) = q1 and τ(1) = qG. This is the most
basic version of the path planning problem. There might for
instance be parts (objects) that the robot can transport, or
there might be multiple robots. In the case of Justin, the path
planning problems addressed concern one 7-degree arm at
a time, and any transported parts simply follow the hand.
Hence, C for each path planning problem effectively con-
sists of 7 parameters. The obstacle space Cobs comprises the
table surface, objects on the table, and the other arm.

Task planning and path planning representations can be
linked through the object names and atomic statements at the
task planning level: certain names correspond to parts, posi-
tions or regions at the path planning level, and certain state-
ments correspond to properties of or relations between the
parts and/or the robot. A state s then consists of a symbolic
component σs (a set of statements) and a geometric compo-
nent γs (containing the current configuration and poses of
objects). The preconditions Pa of an action a can refer to
both the symbolic and geometric state components, and the
effects Ea can alter them both.

In Fig. 1, the predicates can-move-pick in the precondi-
tions and is-picked in the effects are geometric: the former
concerns the existence of a path τ in γs from the present
arm configuration for the selected arm to one where the se-
lected object can be picked, and the latter updates γs to such
a target configuration.

A statement that is interpreted geometrically can be true
in many different geometric states. This implies that a ge-
ometric effect can be realized in many different ways. For

Figure 2: Point clouds (cyan) from a Kinect camera together
with best matching models (red).

instance, if an object o is to be positioned in a certain region
r, then in(o, r) can be achieved by a set of different poses
which is constrained by the borders of r, the presence of
other objects in r and so on. Hence, an action with an effect
such as in(o, r) can be implemented in many different ways
geometrically. In addition, how it is implemented may affect
subsequent actions. For instance, if a later action has the ef-
fect in(o2, r), it will be constrained differently depending
on the selected pose for o, and in some cases may even be
infeasible.

System overview
Here, we present the relevant modules of Justin: perception,
world model, planning and execution.

The perception module is based on analysis of point
clouds obtained from stereo processing or some other range
sensor. Given geometric models of possible objects in the
actual scene, an interpretation of that scene in terms of these
objects is computed. In a first step, a set of hypotheses (sev-
eral tens) is computed for each object through pose cluster-
ing (Hillenbrand 2008; Hillenbrand and Fuchs 2011). In the
second step, these hypotheses are tested by aligning the ob-
ject models with the data (Fig 2) and scoring the inliers by
proximity to the model surface and similarity of surface ori-
entation. Finally, collisions of models are detected and lead
to pruning the hypotheses with the lowest scores.

The world model receives information from perception
about classes, shapes and poses of objects in the scene.
Presently, the world model has access to polygon mesh mod-
els of the corresponding example objects. When novel ob-
jects are introduced, these will have to be generated online
from the point clouds obtained from range sensing. In par-
ticular, the objects’ poses come with some uncertainty, and
the robot’s actions need to be robust enough to compensate
for that.

In addition, the world model has access to a set of grasps
for each object. These grasps are represented in terms of
configurations for the individual fingers and the relative pose
of the tool center point (TCP) which is roughly in the center
of the wrist.



The planner queries the world model in order to get ge-
ometric information about the planning problem addressed.
From the world model, it can construct an initial geometric
state with the 3D models of the objects positioned in the cor-
rect poses. Purely symbolic information is given in a prob-
lem file, as is the goal. Objects in the geometric state are
automatically given names from the symbolic states.

Next, the planner searches for a plan: how that is done
will be described in the next section. If successful, the plan
is used to generate a robot program in the form of a sequence
of Python scripts. Each action model in the domain corre-
sponds to one parameterized script segment, and each ac-
tion in the plan generates one segment in the final script,
instantiated with the appropriate objects and poses, grasps
and possibly also paths. The scripts may contain, among
other things, arm motions to specific frames, arm motions
according to a given path, finger motions to given configu-
rations, guards for specific conditions such as resistance due
to contact with some object, perceptual operations such as
looking for a specific object, and exception handling. These
scripts are then executed in the Justin execution environ-
ment. Python was already extensively used in the execu-
tion environment, and provides an expressive and efficient
high-level interface language between planning and execu-
tion. Fig. 3 shows one such Python script. In the future, we
intend to add execution monitoring and recovery techniques
to the system.

The planner
Our hybrid task and path planner is based on forward chain-
ing task planning in combination with bidirectional rapidly
exploring random tree (RRT) planning (LaValle 2006). Cur-
rently, we are using the hierarchical task network planner
JSHOP2 (Nau et al. 2003) as the task planning component; it
was chosen because it is a progressive planner and searches
among fully specified states. From the perspective of the task
planner, two modifications are made:

• The state is augmented with a geometric component,
which contains information about the (predicted) config-
urations of the robot and of any movable objects, as well
as their shapes (the latter are the same for all states).

• Atomic statements with certain predicates are not evalu-
ated in the symbolic component of the state but in the ge-
ometric one. When such a statement is encountered while
testing a precondition of an action, a method is called that
evaluates whether it is true in the geometric state com-
ponent. When a statement with a geometric predicate is
encountered while adding the effects of an operator, a
method is called which updates the geometric state ac-
cordingly.

Thus, the application of an action results in updating both
the symbolic state, by adding/removing statements, and the
geometric state, by invoking the associated methods. Notice,
that the interaction between task and path planning occurs
exclusively through the geometric predicates, in the pre- and
postconditions of operators and possibly when the goal is
evaluated. Thus, the only modifications of the task planner

are how preconditions and effects are applied, and the inclu-
sion of a geometric component into the state.

A method for the geometric state may be of two kinds. It
may involve a simple computation, e.g. if it concerns the po-
sition of a certain object. It may also involve a more complex
computation such as searching for a path in the configuration
space of one of the arms. The latter is done as follows for a
statement with the predicate can-move-pick:

1. The present configuration in the geometric state is the ini-
tial configuration for the path planning.

2. The goal configuration is computed by first determining a
desired pose for the tool center point of the selected arm.
There are typically several alternative grasps and hence
several TCP poses that constitute a sample. An inverse
kinematic solver for Justin’s arms then computes a set of
arm configurations that puts the tool center point in the
desired pose. These are tested for collisions, and one of
those found to be collision free will be the goal configu-
ration.

3. Inverse kinematics is also used to generate a configuration
at some distance from the object, and this will be the ap-
proach configuration. Passing through this configuration
reduces the risk of failing the grasp due to e.g. unexpected
collisions between the hand and the object.

4. A bidirectional RRT planner attempts to find a collision-
free path for the arm between the initial and approach
configurations. The RRT planner employs a forward-
kinematic model for projecting Justin’s arm into the work
space.

5. A path between the approach configuration and the goal
configuration is computed by linear interpolation.

6. The fingers are closed according to a grasp-specific con-
figuration.

7. If a path is found, it is stored for later use, and the state-
ment is considered true in the state.

The predicate can-move-pick is used in preconditions. The
corresponding effect predicate, is-picked, updates the geo-
metric state such that the selected arm and hand are set to
the target configuration generated by can-move-pick. In ad-
dition, the grasped object is constrained to follow the hand.

For the predicate can-move-place, which is used when
grasped objects are moved to a new position, the sequence
is: select a target pose (there may be many, if the target is
an extended area), compute inverse kinematics for this pose,
compute inverse kinematics for an approach pose and a lift
pose, do linear interpolation between the start and lift con-
figurations, call the RRT planner for a path between the lift
and approach configurations, and do linear interpolation be-
tween the approach and target configurations.

As mentioned before, each type of action is associated
with a parameterizable Python script that can be executed on
the robot. The parameters include paths found during path
planning, and these are subject to smoothing in the script be-
fore they are executed. The scripts may also contain guards
in order to detect e.g. when an object that is to be placed has
contact with the table. The scripts for the actions in the plan



### user header ’pyrs_source’

# move hand to pregrasp config with side left, type top and object 4

path0 = [[0.2443, 0.0873, 0.1745, -0.0, 0.0, 0.6109, -0.0, 0.0, 0.5236, -0.0, 0.0, 0.6109]]

execute_path(path0, path_is_for_manipulators=[’left_hand’])

# move arm to REAL pre-grasp (RRT-path which needs shortening):

path1_1 = [[-0.7907, -1.4714, 0.239, 1.6179, 0.7105, -0.6163, 0.6261],... ]

execute_path(path1_1, path_is_for_manipulators=[’left_arm’]) # <-- with joint path shortener!

# move arm to REAL grasp (along a Cartesian line without shortening):

path1_2 = [[-0.9226375374193561, 1.3244301190878176, 0.9000000000000015, 1.473463845957323,

2.441791818050337, 0.8452778932497086, -0.12911968091025275],...]

execute_path(path1_2, path_is_for_manipulators=[’left_arm’], skip_optimization=True)

# grasp it!

path2 = [[0.2443, 0.2793, 0.3142, -0.0, 0.384, 0.6109, -0.0, 0.384, 0.5236, -0.0, 0.384, 0.6109]]

execute_path(path2, path_is_for_manipulators=[’left_hand’])

rave.bind(’leftArm’, ’mug1_1’)

execute_path(path1_2[::-1], path_is_for_manipulators=[’left_arm’], skip_optimization=True)

exit(’out’)

Figure 3: Python script generated by planner for a grasping action (paths have been truncated). Note the different phases:
pregrasp configuration for hand and then for arm, grasp configuration for arm, and actual grasp with hand.

are then executed in a sequence, making the robot perform
the plan.

Geometric backtracking
When the planner selects an action, it not only chooses the
type of action and what objects and locations are involved. It
also needs to make geometric choices that are not visible to
the task planner, but are related to the interpretation of cer-
tain geometric statements. These might be the exact TCP to
use when grasping an object as in the statements can-move-
pick(h,g,o,τ ) and is-picked(h,g,o,τ ). These might also con-
cern the exact pose when an object is put down at a given lo-
cation, as in can-move-place(h,g,o,τ ) and is-placed(h,g,o,τ ).
As mentioned before, such choices may very well affect the
applicability of actions later on. However, these choices are
done locally, and are not informed about constraints imposed
by subsequent actions. Hence, it is important that they can
be reconsidered. Otherwise, the planner would be incom-
plete relative to its sampling at the geometric level. For in-
stance, consider the example with the small tray and two
cups from the introduction. If the planner only tries to put
the first cup in the center of the tray (this might be the first
sampled placement), then it will never find a placement for
the second cup and will ultimately fail to find a plan.

To sample statements with geometric predicates in a sys-
tematic manner, we use the van der Corput and Halton se-
quences (Kuipers and Niederreiter 2005). These sequences
guarantee a uniformly distributed sampling over [0, 1]n,
and can straightforwardly be used to sample a bounded n-
dimensional space.

Backtracking occurs along a single sequence of ac-
tions/states

(an, sn, an−1, sn−1, . . . , an−k, sn−k)

where an is the most recent action. Other parallel search
branches at the task planning level are unaffected. Back-
tracking is triggered when an is not applicable because some

particular geometric statement related to motion was false.
The most recent van der Corput indices that were used for
geometric sampling for each action are also maintained:
(in, in−1, . . . , in−k). The most recent index in is incre-
mented, giving a new geometric sample for the previously
failed geometric predicate. If that fails, the procedure is re-
peated. If a maximal value for the index has been reached, it
is reset to 0, and we move up one step to an−1 and increment
its index in−1, giving a new geometric sample at that level
and for the relevant geometric predicates there. If successful,
we update the geometric state γsn and move downwards to
an and in again. If after repeated failures at an−1 the index
in−1 reaches its maximal value, it is reset to 0 and we move
up yet another level and so on, in a recursive manner. Fig. 4
shows an example of geometric backtracking.

In our current implementation, we use the van der Corput
sequence to sample (1) orientations of TCP relative to tar-
get object for the can-move-pick predicate where the domain
[0, 1] of the van der Corput sequence is mapped to [0, 2π]
(radians), and (2) position (x and y) and (optionally) orienta-
tion for the can-move-place action. In general, the sampling
schema is built into the interpretations of the various predi-
cates.

Another important factor is the sample size, which deter-
mines the resolution at the geometric level. Presently, we
have a fixed size for each predicate. This is basically where
we define the balance between task planning and path plan-
ning: a large sample size will effectively result in more effort
being spent on path planning and inverse kinematics tests for
each action.

Overall, we consider how to perform the sampling and
how large to make the sample size as central questions in
hybrid task and path planning. This issue will be discussed
further within the context of our experiments, where we
also give some concrete examples of the utility of geometric
backtracking.
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Figure 4: Geometric backtracking. The arrow shows the tem-
poral order of the (partial) plan being explored. The circles
with γk are different geometric states generated that belong
to the hybrid states sk (the symbolic components of the lat-
ter do not change), ak are actions with geometric precon-
ditions and/or effects, and the numbers on the lines are van
der Corput indices that are used for sampling. The lines end-
ing with a horizontal stroke are failed attempts to satisfy the
corresponding pk. The dashed line shows the order of traver-
sal, starting from γ31 with the failed application of action a3
and ending successfully in γ41 with the same action. Note,
that we always consider the same sequence of actions: what
varies is the sampling at the geometric level.

Demonstrations on real Justin
A number of demonstrations have been performed on the
real Justin robot. The purpose with these demonstrations is
to provide evidence that our hybrid planning approach is rel-
evant to a real robot, and not just limited to simulation. They
show how we have connected perception, planning and exe-
cution on the Justin robot.

We worked on two scenarios where small cups are to be
manipulated by Justin. The initial geometric state was the
same: 2 cups were placed on the table in front of Justin (see
Fig. 5). Information about this geometric state was obtained
through perception, as explained above. The planner had no
a priori information about the geometry, but knew what ob-
jects would be present.

In the first scenario, the 2 cups are to be placed in a re-
gion on the table on the left side of Justin, which is shown
with red in Fig. 5. Justin plans and successfully executes 4
symbolic actions with the left arm:

pick(left,top,cup2), place(left,red-region,cup2),
pick(left,top cup1), place(left,red-region,cup1).

Of course, this only shows the symbolic actions. In reality,
the plan also includes specific paths for the arm and specific
grasps, and those imply specific poses for the objects.

In the second scenario, the 2 cups are to be placed in two
different regions on the table. Cup2 is to be placed in a re-
gion on the right side of Justin (green). Cup1 is to be placed
first in a region in front of Justin (grey) and then it is to be
placed in a region on the left side of Justin (red). Justin plans

Figure 5: The setup of the first two scenarios. The regions
where the cups should be placed are indicated.

Figure 6: Simulated Justin using the top of the box as a tem-
porary placement for the cup during the first series of exper-
iments (P1).

and successfully executes 7 symbolic actions involving both
arms:

pick(right,top,cup2), place(right,green-region,cup2),
pick(right,top,cup1), place(right,gray-region,cup1),
move-hand-away(right,cup1), pick(left,top,cup1),
place(left,red-region,cup1).

Note how cup1 is handled by both hands, and how the right
hand is moved away from it before it is grasped by the left
hand.

Experiments in simulation
In addition to the demonstrations on the real Justin, a num-
ber of experiments in simulation have been conducted. The
aims of these experiments are (1) to test the planner with
more challenging tasks, and (2) to explore the benefits and
costs of using geometric backtracking. The planner was run-
ning in Java 1.6.0 RTE with 32-bit native libraries used for
collision detection (VCOLLIDE), inverse kinematics, and
forward kinematics computation. The computer had an Intel
CORE i5 vPro processor (2.5GHz, 64 bits, 2 cores, 3MiB for
the cache memory), 8 GB memory and Linux kernel 2.6.38.

The first series of experiments involves a large box at the
center of the table. The presence of this box causes repeated



failures of the path planner when objects placed near the cen-
ter are to be moved from one side of the table to the other.
However, the box can also be used for temporarily placing
objects (Fig. 6), and this gives the robot an opportunity to
shift hands. Hence, the following plan works well for mov-
ing a single cup from one side to the other:

pick(right,top,cup1), place(right,box-top,cup1),
move-hand-away(right,cup1), pick(left,top,cup1),
place(left,red-region,cup1)

Table 1 presents the results from these experiments (the
three lines marked P1, with varying sampling resolution).

What is striking is the amount of time spent on geometric
reasoning (inverse kinematics and path planning): it is sev-
eral orders of magnitude more than the time spent on task
planning. We present average path planning times with four
decimal precision only to show how little time is spent on
task planning. Also note the number of times the geometric
reasoning fails to find a solution. This indicates that if we
had solely relied on task planning, the risk of obtaining a
plan that was not executable due to obstacles and kinematic
constraints would have been considerable. Inspections of the
logs of the planning process confirm this.

The problem was solved with varying resolution in the
sampling for the geometric backtracking. Lower values for
resolution where also tried, but then the planner often failed
to find a solution. Not surprisingly, the choice of resolution
strongly influences the total planning time, and the number
of geometric configurations considered. Most of the time by
far was spent on geometric backtracking (compare columns
#conf and #fail conf to #conf bt and #fail c bt).

The second series of experiments involves moving a num-
ber of cans (shaped as cylinders) onto a tray positioned on
the table. Each tray had a fairly small area which requires
planning when putting more than one can on it. We var-
ied both the number of cans — 2, 3 or 4 — and the size
of the trays: they could just fit 2, 3 or 4 cans, respectively.
We made a series of runs where the position of one cup can
trigger a geometric backtracking when later cups are placed.
Without geometric backtracking, the problems could not be
solved. The planner would simply have considered the sec-
ond (or third) placement action as inapplicable, and would
have backtracked at the task planning level.

The following is a plan generated for putting three cans
on a tray large enough for three cans (P3).

pick(right,top,can1), place(right,tray,can1),
pick(right,top,can2), place(right,tray,can2),
pick(right,top,can3), place(right,tray,can3).

Table 1 shows the results of the experiments. The problems
are: P2 with 2 cans and a tray for 2, P3 with 3 cans and a
tray for 3, P4 with 4 cans and a tray for 4, P5 with 2 cans
and a tray for 4, and P6 with 3 cans and a tray for 4. Again, a
considerable amount of time is spent on geometric reasoning
and especially backtracking. The task planning problem, on
the other hand, requires comparatively little effort. However,
for P5 and P6 (with plenty of extra space on the tray), there
is none or little backtracking.

A general problem appears to be to determine in advance
how much geometric backtracking (if any) is needed. This

is due to the complexity of the problem: each arm is a 7-
degrees of freedom system with complex kinematics, there
are constraints on how the objects can be grasped, there
are obstacles that constrain movements (including other ob-
jects that can be moved), and the goal positions can be con-
strained in different ways. Hence, it may be a good idea to
for instance iteratively increase the resolution instead of set-
ting a fixed level. This also applies to the maximal number
of nodes for path planning. We should also point out that
the way we sample at the geometric level may not always
be optimal. For instance, in order to fit several objects into
a constrained area, it might be better to focus the sampling
near the borders of the (remaining) space.

Summary and conclusions
In this article, we have presented a prototype of a hybrid task
and path planning system for a humanoid two-arm robotic
system. It is as far as we know the first time hybrid task and
path planning has been applied to such an advanced robotic
system. The planning system integrates a task planner and
several methods for generating paths: a bidirectional RRT
planner for longer movements and linear Cartesian interpo-
lators for shorter approach and lift motions. The interface
between task and path planning consists of a number of ge-
ometric predicates that can occur in the preconditions and
effects of actions. We have presented how the planner works
together with other components of the robot’s software, and
we have demonstrated that we have a working system. We
also consider the issue of geometric backtracking: the pro-
cess of revisiting geometric choices in previous actions in
order to be able to apply the action presently under consid-
eration. Simulated experiments have been made to illustrate
the utility of geometric backtracking. We think that efficient
methods for geometric backtracking (in particular how to
sample and how much to sample) are vital for achieving ef-
ficient hybrid planning, and much remains to be done.

The current system has some limitations. First, there is no
grasp planning available yet, which restricts us to a priori
known objects for which there is a set of directly applica-
ble grasps. Second, although some robustness towards un-
certainty has been built into the path planning and the pro-
duced Python scripts, a monitoring and recovery component
would also be needed. Both these issues will be addressed in
the near future.
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