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Abstract—Autonomously performing tasks often requires
robots to plan high-level discrete actions and continuous low-
level motions to realize them. Previous TAMP algorithms have
focused mainly on computational performance, completeness, or
optimality by making the problem tractable through simplifica-
tions and abstractions. However, this comes at the cost of the
resulting plans potentially failing to account for the dynamics or
complex contacts necessary to reliably perform the task when
object manipulation is required. Additionally, approaches that
ignore effects of the low-level controllers may not obtain optimal
or feasible plan realizations for the real system. We investigate
the use of a GPU-parallelized physics simulator to compute
realizations of plans with motion controllers, explicitly accounting
for dynamics, and considering contacts with the environment.
Using cross-entropy optimization, we sample the parameters of
the controllers, or actions, to obtain low-cost solutions. Since our
approach uses the same controllers as the real system, the robot
can directly execute the computed plans. We demonstrate our
approach for a set of tasks where the robot is able to exploit the
environment’s geometry to move an object. Website and code:
andreumatoses.github.io/research/parallel-realization �

Index Terms—Task and Motion Planning, Mobile Manipula-
tion, Manipulation Planning, Parallel Simulation.

I. INTRODUCTION

JOINTLY planning tasks and motions for real-world robots
presents significant challenges. It involves determining

both what to do, i.e., the sequence of high-level actions,
and how to do it, i.e., the specific motions associated with
each action. This joint problem is usually complex as early
actions can impact the performance of later actions or even
the overall plan feasibility. Task and Motion Planning (TAMP)
methods aim to simultaneously satisfy symbolic constraints
(relations between discrete, high-level actions in the task plan)
and geometric constraints (requirements on their continuous,
physical realization) [1], [2].

Consider, for example, a mobile manipulator that needs to
move an object from Table1 to Table2 and finally move to
a dedicated Exit location, as shown in Fig. 1a. In such a
scenario, the robot needs to move in sequence to Table1,
perform a grasping action, move to Table2 while holding the
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Fig. 1. (a) Mobile manipulator performing a sequential pick and place task.
The robot can exploit the obstacle’s slope to find a faster solution, instead of
going around. (b) Performing a move and push to put the block in the box.

object, perform a placing action, and finally move to the Exit .
To perform this autonomously, the robot would need to a)
compute a high level plan, given by a sequence of actions,
while considering its capabilities and its goal, and b) decide
how to perform each action, by selecting a suitable low-level
controller. The robot could, for example, approach Table1
from the right or from the left side, it could go around the
obstacle in many different ways, or even better, it could exploit
the geometry of the ramp-shaped obstacle to achieve its goal
faster. However, the robot’s ability to decide how to perform
actions is limited by the type of controllers available and
the action parameters that define the motions generated by
the controllers. For example, grasp actions can use full-body
geometric controllers which take as input desired final end-
effector poses. Move actions can use path planning algorithms
such as A∗ with a final position as input parameter.

Solving these TAMP problems is computationally expensive
and could require extensive modeling. The robot has to come
up with a sequence of actions for the plan, suitable action
parameters, and also evaluate whether such a plan is feasible
and efficient. Consequently, TAMP problems require the robot
to consider the large combinatorial set of possible plans that
accomplish the high-level task specification, as well as the
set of possible action parameters. To deal with such large
planning spaces in a computationally efficient way, most
TAMP algorithms use simplifications and abstractions, such as
sampling-based discretization of the state space [3], simplified
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dynamics [4], or limited modeling of contacts [5], if any. Fur-
thermore, sampling-based TAMP approaches typically rely on
rejection-sampling “streams” (generators) to synthesize con-
tinuous parameters. While effective for geometric constraints,
these streams become inefficient when valid parameters lie in
narrow manifolds determined by complex dynamics.

These assumptions and simplifications come at the cost
that the resulting plans may not adequately account for the
dynamics or complex contacts necessary to reliably perform
the task. Additionally, when ignoring the effect of the robot’s
low-level controllers, such approaches may obtain suboptimal
or even infeasible plans for the real system.

We investigate the use of parallelized physics simulators
[6] to compute low-cost realizations of a plan with realistic
controllers. The combination of such simulations with effi-
cient and parallelizable controllers allows us to consider the
dynamics, complex contacts, and limitations of the controllers
themselves when evaluating plan realizations [7], [8]. We can
see in Fig. 1a how the robot takes advantage of the ramp to
let the block slide to the table, without the need to go around,
and Fig. 1b, where the robot is able to push a stick to let the
block fall into a box.

To this end, we formulate the task planning problem us-
ing the widely used Planning Domain Definition Language
(PDDL) [9] due to its expressivity and the availability of off-
the-shelf symbolic planners. We then associate appropriate
controllers and their input parameters to the operators used
in the PDDL formulation. We explicitly frame the synthesis
of these controller parameters as a “Stream” (or generative
sampling strategy). However, instead of using standard rejec-
tion sampling, we implement this stream using Cross-Entropy
optimization to actively search for feasible and low-cost pa-
rameters. This enables the discovery of plan realizations that
exploit complex dynamics and contacts without significantly
increasing the modeling effort at the symbolic level. Since
our approach uses the same controllers as the real system, the
robot can directly execute our realized plans.

A. Related Work

There are a variety of integrated TAMP solvers [2], [10],
which can be categorized into constraint-based, sampling-
based, or optimization-based TAMP solvers.

Constraint-based TAMP [11] uses general-purpose Satis-
fiability Modulo Theory (SMT) solvers, where motion con-
straint information is incrementally added at the task level.
These methods focus on feasibility satisfaction of the resulting
plan, and require detailed knowledge about the symbolic and
geometric representations of the world, which need to be
sufficient to ground a given plan. Optimization-based TAMP
solvers often divide the problem into hierarchical feasibility
(and optimality) stages with progressively more detail to filter
the space of symbolic plans. In particular, [1], [12] use tree
search over sequences of symbolic actions and evaluate the
feasibility and optimality of each node with increasing detail as
an heuristic. Detailed motion calculation is based on carefully
crafted mathematical constraints and kinematic models that
can be leveraged by specialized optimizers [13], [14]. For

some problems these solvers may fail to find a solution, and
computational cost can increase prohibitively if more detail is
considered, such as dynamics and contacts.

Sampling-based TAMP methods focus on efficiently gen-
erating action parameters which can then be used at the
task planning stage. In [3], [15], conditional samplers are
used in combination with Planning Domain Definition Lan-
guage (PDDL) [9] symbolic planners to incrementally generate
PDDL sub-problems from discretized action parameters. [4]
introduces an optimal sampling-based approach using asym-
metric bidirectional sampling, which significantly improves
the efficiency of finding action parameters for plans without
the need for discretization. These methods require the creation
of domain-specific samplers that generate constraint-satisfying
configurations of the robot and objects to handle complex
dynamic interactions. This requires considerable engineering
effort when adapting to new problems without significant sim-
plifications. For instance, analytically modeling the physical
constraints for a single, generic ”place” action that covers all
possible dynamic outcomes is often intractable. Consequently,
prior methods typically require discretizing these interactions
into finer-grained, explicitly modeled actions (e.g., requiring
both place flat and place sloped). Recent work also explores
the use of sampling-based optimization to find plan realiza-
tions solving a non-linear program [16], [17]. [16] explores
the use of specialized MCMC sampling strategies and how
they could potentially be used in the context of TAMP. [17]
investigates the use of evolutionary strategies to generate high-
quality samples of these complex distributions. These non-
linear sampling-based optimization approaches are particularly
promising in TAMP settings where solutions lie in multi-
modal, disconnected regions of the parameter space.

There is growing interest in integrating closed-loop con-
trollers into TAMP solvers to facilitate real-world deployment.
In [18] a sequence of actions is executed by switching between
MPC controllers with the corresponding sets of constraints.
Once the set of goal states are deemed unreachable, a back-
tracking mechanism brings the execution back to the last
action from which the plan is feasible. Most recently, [19] uti-
lized pre-defined behaviors to handle informational uncertainty
(e.g., occlusions). In contrast, we address dynamic complexity.
By optimizing generic actions via physics simulation, our
framework automatically discovers complex interactions (e.g.,
sliding) without requiring them to be explicitly encoded as sep-
arate symbolic behaviors. In [20], a framework for uncertainty-
aware TAMP is presented. The uncertainty in the execution
of the controllers is estimated by simulating the actions and
recording successes. These approaches can be implemented in
real-world scenarios, as closed-loop controllers are expected to
compensate for disturbances arising from unmodeled complex
dynamics and contact interactions. However, while these bring
TAMP solvers closer to practical deployments, planning while
considering these effects remains a challenge.

B. Contributions
This paper contributes a task and motion planning method

that accounts for the robot’s dynamics and physical constraints,
environment, contacts, and controllers. We
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Fig. 2. Overview of our TAMP framework. (a) The scenario specification involves defining symbolic actions the robot can perform, e.g., moving to something,
and parameters for the actions, e.g., a region corresponding to Table1 or the Exit. Note that parameterized actions such as moveTo(Table1,. . . ) may result in
different motions, shown in blue. (b) We optimize the parameters of the symbolic plan using parallel simulations and cross entropy optimization.

1) combine PDDL [9] with information on low-level con-
trollers and required parameters to formulate symbolic
tasks plans, treating the parameter synthesis as a black-
box stream;

2) propose a cross-entropy optimization algorithm to opti-
mize the parameters of the controllers that realize the
candidate plan and minimize the cost function. Cross-
entropy optimization is performed in a simulator to con-
sider dynamics, contacts, and the controllers’ limitations
when finding plan realizations;

3) demonstrate the method on both a pick-and-place and
pushing task, in simulation and on a real robot. Our re-
sults show that we can find solutions that take advantage
of contact with the environment, which would require
explicit modeling in traditional methods.

II. PROBLEM FORMULATION

We consider TAMP problems, where a mobile manipulator
needs to execute a sequence of k actions, performed by low-
level controllers, to achieve a high-level goal while minimizing
a cost function. Each controller requires the input values of
several parameters to fully define the resulting robot motion.
Additionally, we focus on TAMP problems where the robot
may be able to exploit the environment’s geometry and dy-
namics, e.g., by making contacts, to find low-cost plans.

The configuration space of the system is X = Q×SE(3)m,
where Q denotes the configuration space of the robot, and
there are m objects in the environment. We use xt ∈ X to
denote the state of the whole system at time t. We assume
that the problem can be solved within a time horizon T , if
a solution exists. The task specification ψg encodes the goal,
which is achieved if ψg(xT ) = True for the final time T .
Formally, the problem is stated as follows.

Problem 1 (Sequence of Controllers). Given a set of con-
trollers Γ, cost functions (1a), goal specification ψg(xT ),
and system dynamics (1b), we aim to find a sequence of k
controllers c1:k, each selected from Γ, and their parameters
z1:k that solve the following optimization problem:

min
c1:k,z1:k

k∑
i=0

Ti∑
t=t0,i

J(xt, ẋt, ci, zi) + Jend(xT ) (1a)

s.t. xt+1 = f(xt, ci, zi), (1b)

ψg(xT ) = True (1c)

where t0,i and Ti are the initial and final time of controller ci
execution. The next controller’s execution will start thereafter,
i.e., t0,i+1 = Ti+1. The number of controllers k is not known
a priori, and assumed to be bounded.

III. METHOD

Solving Problem 1 requires simultaneously finding the dis-
crete sequence of controllers c1:k and their continuous param-
eters z1:k in a high-dimensional planning space. Further, we
must consider non-linear dynamics, as well as discontinuities
introduced by contact events and controller switches. These
additional considerations make it intractable to use direct
search methods to find the sequence of controllers that achieve
the goal specification.

To address this issue, we propose to divide the problem into
two levels, illustrated in Fig. 2. First, an abstracted symbolic
task planning step, where we define the robot’s actions and
associated parameters for the task, and find a candidate se-
quence of actions and their associated controllers. This step
effectively provides a good candidate for the assignment of
c1:k in Problem 1, and narrows down the parameters. We
refer to this candidate plan as symbolic plan π. Secondly,
we perform cross-entropy optimization to determine values for
the parameters that render the plan feasible with low cost. We
call this step finding a plan realization, which provides values
to the parameters z1:k consistent with the task plan. In this
work, we assume that the candidate symbolic plan is physically
feasible. We define high-level actions broadly (e.g., a generic
place action), leaving the complex geometric details to
be solved by the optimizer. This generality maximizes the
chance of finding a working solution. While our optimization
method could theoretically search over multiple candidate
plans simultaneously, we restrict the current scope to a single
plan to maximize the computational efficiency of the parallel
physics simulation.

A. Symbolic Task Planning

The objective of the symbolic task planning step is to
provide a candidate symbolic plan π that is 1) general enough
to allow many possible realizations, and 2) informative to the
subsequent plan realization step. To this end, we deliberately
model the set of possible actions as general as possible. For ex-
ample, in Fig. 1, we consider actions such as ”move”, ”pick”,
or ”place”, without specific references to the environment,
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e.g., to objects or regions. Thus, without requiring expert
knowledge of the environment.

We use PDDL [9] to model the symbolic planning problem.
This choice gives us an action-focused notation with flexibility
in the level of detail considered in the abstractions. However,
we need to add additional information to distinguish between
different parameters for the actions. More formally, we define
the task planing problem with:

a) Parameters: We define the set of symbolic parameters
Z = {z1, z2, . . .}. Each parameter zj ∈ Z is defined as
a tuple zj = ⟨symj ,Mj , Cj⟩, where: symj is the unique
identifier (e.g., Table1,Cube, Start) used in the PDDL domain.
Mj is the underlying manifold (e.g., R2, SE(3)) defining the
continuous space of the parameter. We use ⊥ to denote a
parameter that requires no realization, indicating it is used
solely for symbolic logic and not as an optimization variable.
Cj is a set of constraint functions h(z) ≤ 0 defining the
valid range or region (e.g., circular region around a table).
During symbolic planning, zj is treated as a discrete token.
During plan realization, we optimize over values in Mj only
for parameters where Mj ̸= ⊥

b) Action Schema: The robot can execute different con-
trollers ci. The parameters of a controller result in different
actions, e.g., the different moveTo actions in Figure 2a. We
define action schemas as abstractions of high-level skills
(e.g., grasping or placing) and the associated controllers and
parameters. Action schemas αi are defined by the tuple

αi = (Zαi , cαi , Jαi(xt0,i:Ti), successαi , ψpre, ψeff), (2)

where Zαi
⊆ Z is the subset of parameters consistent with the

action’s type of input. For example, if the action schema uses
a point in R2 for its tracking controller, the type of parameter
must also be in R2.

The cαi uses the parameters to calculate the action motion
and control the robot. The action schema has a cost Jαi(xt),
which can be continuously evaluated or only once when the
action is finished. We can determine an action’s success by
evaluating the Boolean function successαi

∈ {True, False},
depending on the executed motion.

Following the PDDL convention, ψpre is the set of pre-
condition predicates, which are evaluated on the symbolic
parameters. The action can be executed if the preconditions are
met. Similarly ψeff is the set of effect predicates that abstract
the effects of a controller in the environment by describing
which predicates change value after execution. By chaining
actions of compatible effects and preconditions, we can limit
the possible sequences of actions to the ones that are at least
feasible at the abstract level.

As the plan’s feasibility is only verified in the realization
step, see Section III-B, we do not require the ψpre and ψeff
predicates to accurately model complex physical interactions
in the environment. For example, when performing a grasping
action, we do not enforce that a grasp is physically stable.
Instead we limit the predicates to model logic at the symbolic
level, such as not being able to perform the grasp action if the
robot gripper is not empty.

When a compatible assignment of parameters Zai
⊆ Z is

made to instantiate an action schema, we obtain a symbolic

action ai. As an example, consider the symbolic actions
resulting from a different choice of parameters for the schema:
moveTo(·,Exit), moveTo(·, Table1). The action is realized
when a value is chosen for its parameters Zai

.
A symbolic plan is a sequence of symbolic actions

π = (a1, . . . , ak) with its associated parameters, Zπ =
(Za1

, . . . ,Zak
). We use a standard symbolic planner [21] to

generate the symbolic plan that accomplishes goal predicates
ψ̃g , which we assume models ψg(xT ) at the symbolic level.

B. Plan Realization

Once the solver generates a candidate symbolic plan, we
need to find a feasible and low-cost realization of the actions
to execute the plan on the real robot. A plan is realized when
all its actions are realized, and it is feasible if all actions can be
executed and the goal specification ψg(xT ) is achieved. The
total cost of a realized plan is the sum of all realized action
costs plus a final cost.

Problem 2 (Symbolic Plan Realization). Given a symbolic
plan π = a1:k, goal specification ψg(xT ) and system dynamics
f , find a realization of Zπ = Za1:k

that solves

min
Za1:k

Jend(xT ,Za1:k
) +

k∑
i=1

Ti∑
t=t0,i

Jai(xt)

s.t. successai
= True, ∀ ai ∈ π,

ψg(xT ) = True,

xt+1 = f(xt, ai),

where t0,i and Ti represent the start and end time of ai.

In order to optimize the values of the parameters Zπ of a
given plan π in Problem 2, we use Cross-Entropy optimization
(CE) [22]. The method iteratively refines the estimation of the
optimal parameter values by using importance sampling.

In CE optimization, we assume that there exists a target
distribution over the parameter space from which samples
have a high chance of being low cost. Our aim is to move
an approximated distribution closer to this target distribution
after each iteration, to generate low cost parameter samples. To
this end, we assign a probability distribution to each parameter
of an action zk ∼ ϕ(θk) ∀ zk ∈ Zai parametrized by
θk. Let ϕ(θπ) be the resulting stacked vector of probability
distributions of all the parameters of a plan π. For convenience,
we refer to sampling all the parameters of the plan as sampling
the vector Zπ ∼ ϕ(θπ).

After sampling an nenv-sized batch of parameter values Zπ ,
we roll out the plans in parallel using a physics simulator, and
subsequently evaluate the samples feasibility and performance.
The top Ne elite samples, that is the feasible ones with lowest
cost, are used to find a new θπ such that the KL divergence
with respect to the target distribution is minimized [22].
With the updated approximated distribution, we can sample
again and repeat until convergence. This approach allows for
gradient free optimization and to consider the discontinuities
and nonlinearity of the dynamics.

Algorithm 1 outlines our CE optimization algorithm. The
initial sampling stage is critical for the algorithm’s perfor-
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Algorithm 1 Plan Parameter Cross-Entropy Optimization
Inputs:

1: π: Symbolic plan
2: Zπ: Symbolic parameters used by the actions
3: ϕ(θ0π): Parameterized initial distribution
4: nenv(j): Number of parallel plans for each iteration j
5: Ne: Number of important samples

Main loop:
6: j = 0 ▷ CE iteration counter
7: while θjπ not converged do
8: S ← Sample nenv(j) times Zπ ∼ ϕ(θjπ)
9: C ← Evaluate successful plan costs of samples in S

10: θj+1
π ← Update distribution from top Ne samples

11: j = j + 1
12: end while
13: return Best sample Zπ ∈ S, and final θj+1

π

mance, as ideally it provides enough feasible samples rep-
resenting the potential multi-modal realizations. Consider, for
example avoiding an obstacle from the left, or from the right;
these are two realizations that may exist in disconnected
regions of the parameter spaces. For this reason, the initial
distribution ϕ(θ0π) used in Algorithm 1 is uniformly distributed
inside the region of the parameter h(zk) ≤ 0, which acts as
an initial guess of areas where solutions may exists. Fig. 2a
illustrates examples of such parameter regions, e.g., a circular
approach region around the table. In subsequent iterations of
the algorithm, the constraints on parameter values may not be
enforced, as we assume that the next samples will not deviate
excessively from the previous feasible samples. In line 10,
if the number of feasible solutions nfeasible is lower than Ne,
only the nfeasible samples are used to update the distribution.
If only one solution is found, the successful sample is used
with added artificial noise to enforce exploration around the
sample in the subsequent iterations.

In cases where an action’s parameter space is high-
dimensional and its region is poorly chosen, such as grasp
poses, we may not find feasible plan realizations during the
initial sampling step. Even if a valid grasping pose is sampled,
it may not satisfy ψg(xT ) in combination with the other
realized plan parameters. In these cases, we use the plans
where at least all actions are feasible, i.e., successai

=
True, ∀ai ∈ π, for the update of the sampling distribution. We
hypothesize that the parameters of a plan where all actions are
individually successful are strongly correlated to parameters
that render the whole plan feasible, i.e., ψg(xT ) = True. As
a result, subsequent sampling iterations have a higher chance
of generating feasible plan realizations.

IV. RESULTS

We evaluate our method for a pick and place task of
a cube with a mobile manipulator, and for a move and
push task. These scenarios were selected to demonstrate the
method’s capability to resolve complex hybrid dynamics where
defining explicit analytical constraints is non-trivial. We show
simulation and real-world results, Fig. 3 and Fig. 6.

A. Experimental setup

a) Robot and dynamics model: The robot in our exper-
iments is a Dingo-O with Kinova 6DoF arm and gripper.
To model the dynamics and complex contacts of the robot
interacting with objects in the environment, we use the GPU-
based physics simulator IsaacGym [6]. The simulator allows
for computationally efficient parallelized execution of plans.

To keep computation efficient, we require the use of robot
controllers that can be evaluated efficiently and in parallel,
together with the simulator. For our experiment, we consider:

b) Whole-body control: We employ Geometric fabrics
for fast computation of motion for the base and the robot arm
when end-effector pose control with collision avoidance is re-
quired. Geometric fabrics [23], [24] are based on Riemannian
Motion Policies (RMPs) [25] where the desired behaviors of
the robot, such as collision avoidance and convergence to a
goal pose, are composed into a differential equation:

M̃(q, q̇)q̈ + f̃(q, q̇) + γ∂qψ +Bq̇ = 0, (3)

where M and f encode the system that is forced by a potential
ψ towards a goal with attractor weight γ and damping B. Solv-
ing (3) yields the trajectory generation policy q̈ = π̃(q, q̇) for
whole-body control of the robot, which allows for parallelized
evaluation.

c) Path planning for the base: We employ A* [26] to
compute collision-free paths for the mobile base when moving
between locations. The generated waypoints are tracked with
a PID controller and evaluated in parallel.

d) TAMP problem: Our pick and place task with one
object and two tables is illustrated in Fig. 2a. The goal
specification is for the cube to be on Table 2, and the robot
needs to be in the exit zone by the end of the plan. Between
the tables, there is an obstacle, the geometry of which could
be exploited to find better solutions. We consider two setups:
Setup 1) the obstacle has a slanted side, effectively creating a
ramp, and setup 2), the obstacle has no slanted side, making
it a rectangular prism, which we call box. Fig. 2a shows a
diagram of the environment setup with the ramp obstacle.

We define the following symbolic parameters that represent
regions and grasps of interest

• Table1 ∈ R2. Represents the region of points around
Table 1. The initial uniform sampling is taken within a
ring (r = 1.1, R = 1.5)m centered around the table.

• Table2 ∈ R2. Region of points around Table 2. The
initial uniform sampling is taken from within a ring
(r = 1.2, R = 1.7)m centered around the table.

• Cube ∈ SO(3). Represents the orientation of a grasp
pose, located in the center of the object to be picked. The
orientation is encoded as a quaternion initially sampled
uniformly within a 0.3 size hyper-rectangle centered
around a top-down grasp pose.

• Target ∈ SE(3). Represents the position and orientation
of the end effector when the grasped object is released. It
is encoded by a location p ∈ R3, initially sampled from a
hyper-rectangle of size (0.2, 0.4, 0.6)m, located on top of
the table and partially on the obstacle, and a quaternion
initially sampled as in Cube.

https://clearpathrobotics.com/dingo-indoor-mobile-robot/
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a) Pick and Place with ramp b) Pick and Place with obstacle c) Move and Push with stick and box

Fig. 3. Simulation results of: a) plans for ramp-shaped obstacle, and b) without ramp. When the ramp is present, the robot uses it to let the cube slide,
avoiding going around the obstacle. When the obstacle is a box, the robot only finds solutions that go around it. In c), the move and push scenario.

• Exit ∈ R2. Represents a rectangular area of size (1,1)m
where the robot needs to be at the end of the plan. The
values are initially sampled uniformly in the rectangle.

We define the following action schemata to abstract moving,
picking and placing and generate the possible symbolic actions
together with the previously defined parameters.

move to({p1 ∈ ⊥, p2 ∈ R2},A*, Jm(xt), succm(p), (4)
ψpre = {robot at(p1)},
ψeff = {robot at(p2), ¬ robot at(p1)})

grasp({q ∈ SO(3), p ∈ ⊥},Fabrics, Jg(xt), succg(q), (5)
ψpre = {robot at(p), object at(q, p), ee empty},
ψeff = {¬ object at(q, p),¬ ee empty})

place({q ∈ SE(3), p ∈ ⊥}, Fabrics, Jp(xt), succp(p), (6)
ψpre = {robot at(p),¬ ee empty},
ψeff = {object at(q, p), ee empty})

The robot arm remains static during moveTo. The cost Jm
is set to 1 for every time step the action is not successful.
The success condition is true if the mobile base is at the goal
location within a tolerance succm(p2) : ∥xbase − p2∥ ≤ ϵ

For (5) and (6), we use as input parameters an orienta-
tion and a grasp pose respectively. Both use the full body
(mobile base + arm) parallelized geometric fabrics controller.
As before, the cost is simply 1 every time step the action
is not finished. The success condition is true if the end
effector has reached the grasp/place pose within a tolerance
succg(q) : ∥q − pee∥ ≤ ϵ. For grasping, we additionally check
for the gripper to enclose the object.

To generate candidate symbolic plans, we consider the
symbolic goal robot at(Exit) AND object at(Table2). The
resulting realized plan is considered successful if ψg(xT ) :
xrobot(T ) ∈ Exit and xcube ∈ XTabe Surface, i.e. the cube is
on the upper surface of Table 2, and the robot is at the exit re-
gion. Notice how the requirement of a successful plan does not
enforce the robot to be in the annular regions Table1, Table2
after executing the move to actions. The regions serve as an
initial guess for sampling.

We create a candidate symbolic plan using the off-the-shelf
PDDL solver [27]. The resulting plan accomplishes at the
symbolic level the goal of moving the cube to the second
table, and ends with the robot in the designated exit area.

The plan sequence is defined as follows, where parameters
in bold denote continuous variables optimized by our frame-
work, while non-bold parameters represent fixed symbolic
context (M = ⊥):

πp&p = moveTo(Start,Table1), grasp(Cube, Table1),

moveTo(Table1,Table2), place(Target, Table2),

moveTo(Table2,Exit) (7)

Similarly, for the move and push problem, we have an open
box, a wooden rod, and a red block on its top. The goal is
to place the red block inside the box as fast as possible. The
candidate symbolic plan is

πm&p = moveTo(Start, rodloc), push(rodloc, rodp) (8)

We initialize the symbolic location rodloc as an annular
region around the rod. The push action is parameterized by a
target end-effector pose rodp ∈ SE(3). Its controller reaches
the target and opens the gripper. The symbolic preconditions
require the robot to be located at rodloc and the block to be on
the rod. This pose, rodp, is initially sampled inside a cuboid
centered around the rod, as seen in Fig. 6

e) Algorithm setting: We run the CE Algorithm 1, by
initially sampling values uniformly within the bounds of the
parameters. For subsequent iterations, we model the distribu-
tion of the parameters as an independent normal distribution.
The resulting µ and σ of the elite parameter samples are used
for the next iteration. We initially sample nenvs = 3000 and
decrease linearly to 300 in iteration 10, constant afterwards.
Ne = 50 elite samples are used. We repeat each experiment
for 10 different random seeds.

B. Simulation Results

Fig. 4 shows sampled plan realizations at different CE stages
for the pick and place problem (ramp setup). The sampled
parameters and trajectories are projected onto the ground
plane. The best sample’s end-effector trajectory is overlaid.

In the pick and place problem with the ramp obstacle, the
best solution exploits the geometry by sliding the cube down
the slope to the table, avoiding going around it (Fig. 3a).
When the obstacle is a box instead, the robot goes around
it to directly place the cube (Fig. 3b).

Fig. 5a-b shows the success rate and cost of the best
sampled plan over CE iterations for both setups. We observe
that initially, only ≈ 0.1% of the sampled plans are feasible.
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Failed plans

Feasible plans

Best: mobile base

Best: end effector

Start position

(a) Iteration 0 (b) Iteration 2

Using ramp
Around Left
Around Right

(c) Final iterations for different runs.

Fig. 4. Plans simulated from the sampled parameters for different iterations of the CE optimization. The trajectories displayed in orange tones show the
trajectory of the mobile base of failed plans. The trajectories in cold tones show the successful plans. The best-sampled plan is shown in cyan, both base
and end effector trajectory (EE), in continuous and dashed lines, respectively. The cross markers show the value of the parameter. The parameter areas are in
clear grey. The tables and obstacles are in black, with 20cm of additional padding, as used by the A* algorithm.

Feasible values for parameters like grasp and place poses oc-
cupy highly constrained, disconnected regions of the parameter
space, causing low initial success rates. On the other hand,
parameters such as locations are more often successful, as
the controller used can accomplish the move action reliably
for most parameter’s values. Over iterations, successful plan
realization samples significantly increase and costs decrease.
For these reported metrics, we utilized a fixed budget of 20
iterations to ensure asymptotic stability, though we observe
that the solution cost typically converges (< 1% variance)
within the first 5-10 iterations.

We also observe the multi-modality of the realizations found
in the pick and place problem. The solution modes can be
divided in three, ordered by increasing average cost: 1) using
the ramp (only possible with the ramp), 2) going around the
obstacle from the left, and 3) going around the obstacle from
the right. Fig. 4c shows a converged example for each mode.
As we use normal distributions for sampling the parameters,
they eventually collapse to single local minima corresponding
to a mode. If the initial samples cover the full range of
modes equally, thus providing information about the different
costs, Algorithm 1 converges to the mode that provides the
best costs. However, as few feasible plans are found in the
initial iterations, some modes may be overrepresented, and
the updated distribution will move towards them even if they
create higher cost realizations. In Fig. 5a, with the ramp, we
observe that out of the 10 final solutions, 6 use the ramp, 3
go around the left, and 1 goes around the right. For the box
setup, Fig. 5b, we observe 7 solutions going around the left,
3 going around the right.

Evaluating the computational cost on an NVIDIA 4060
(Laptop), we find the bottleneck is parallel controller execu-
tion (≈ 80% of total time) compared to physics simulation
(≈ 19%). However, the time per iteration decreases drastically
as the optimization converges. For the pick and place scenario,
the compute time drops from ≈ 6 min (Iteration 0) to 50s
(Iteration 10+) as the number of active environments decreases
and trajectories become more efficient. Similarly, the Push
scenario decreases from 1.5 min to 15s per iteration. The cost
of the plan realizations follows a steep decrease during the
initial iterations Fig. 5, which allows the possibility to obtain
a low cost solution with relatively few iterations.

C. Real World Experiments
We report results for 1) the pick and place (ramp setup),

and 2) move and push problem on a real-world system. To
bridge the sim-to-real gap, we rely on three design choices.
First, identical closed-loop controllers in simulation and reality
compensate for minor dynamic mismatches. Second, object-
centric reference frames to ensure actions remain valid relative
to the object even if global localization varies. Third, we
utilize Domain Randomization (DR) to robustify plans against
bounded uncertainty in friction or mass [28], though deter-
ministic optimization proved sufficient given accurate motion-
capture estimation. Simulator inputs include geometries of the
objects in the environment and their locations. Fig. 6 shows
key execution moments.

The real-world execution consistently matched the optimal
simulation strategy (Fig. 3). While the pick-and-place task
took longer (35 s vs. 21 s) due to ground friction and less
capable actuators than in simulation, the move-and-push task
showed only a 3 s difference. The solution showcases that
complex contacts and dynamics such as sliding a cube can
be considered at the plan realization stage in a real system,
without injecting expert knowledge at the symbolic stage.

V. CONCLUSIONS

Our work computes plan realizations of task plans while
implicitly accounting for robot dynamics and contacts with
the environment. We employ a parallelized physics simulator
and cross-entropy optimization to sample the parameters used
by the controllers, or actions, and obtain feasible and low-cost
solutions. The results of our simulations and real-world experi-
ments showcase that our method is capable of finding low-cost
plan realizations within a few CE iterations and with little prior
information. The generated solutions consider geometrical
constraints, such as the inability of the robot to reach objects
from certain positions. Instead of explicitly modeling these
constraints in the problem, our method implicitly models them
as a consequence of the physics simulations. This allows us
to consider the effects of the utilized controllers, e.g., as seen
when our mobile base is repositioned while pushing against
the table during grasping and placing. This behavior resulting
from environment contacts and robot controllers could not be
modeled in previous sampling-based methods [3], [4].
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(a) Pick and place with ramp obstacle (b) Pick and place with box obstacle (c) Move and Push problem.

Fig. 5. Top: Cost evolution of the best-sampled plan realization for each scenario. Bottom: Percentage change of sampled, feasible plans.

Fig. 6. Plan executed in the real system, using the same low level controllers.
(Top row): Pick and place scenario with the ramp-shaped obstacle. (Bottom
row): Move and Push problem.

Limitations: Despite GPU parallelization, evaluating full-
horizon physics rollouts remains computationally expensive,
currently limiting real-time planning, or evaluating different
symbolic plans efficiently. Furthermore, the approach relies on
informative initial regions; without these, the optimizer may
fail to converge in sparse solution spaces.

REFERENCES

[1] M. Toussaint, “Logic-geometric programming: an optimization-based
approach to combined task and motion planning,” in Proc. of the Int.
Conf. on AI, Buenos Aires, Argentina, 2015, pp. 1930–1936.

[2] C. R. Garrett, R. Chitnis, R. Holladay, B. Kim, T. Silver, L. P. Kaelbling,
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