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Abstract— We propose and demonstrate a compositional
framework for training and verifying reinforcement learning
(RL) systems within a multifidelity sim-to-real pipeline, in order
to deploy reliable and adaptable RL policies on physical hard-
ware. By decomposing complex robotic tasks into component
subtasks and defining mathematical interfaces between them,
the framework allows for the independent training and testing
of the corresponding subtask policies, while simultaneously
providing guarantees on the overall behavior that results
from their composition. By verifying the performance of these
subtask policies using a multifidelity simulation pipeline, the
framework not only allows for efficient RL training, but also
for a refinement of the subtasks and their interfaces in response
to challenges arising from discrepancies between simulation and
reality. In an experimental case study, we apply the framework
to train and deploy a compositional RL system that successfully
pilots a Warthog unmanned ground robot.

I. INTRODUCTION

Recent progress in reinforcement learning (RL) shows
tremendous promise in enabling data-driven robotic systems
that learn to carry out complex tasks in a variety of operat-
ing environments [1]–[6]. However, the deployment of RL-
trained policies on robotic hardware is challenging. Training
RL policies on hardware can be costly, and simulations can-
not perfectly capture the true system of interest [5], [7]. This
gap between simulation and reality may result in unwanted
behaviors when simulation-based policies are deployed on
hardware [8]–[10]. Furthermore, it is challenging to verify
the adherence of RL policies to user-defined specifications
(e.g., complete the task of interest and avoid an unsafe set
of states with a probability of at least 0.95). However, a
robot’s ability to satisfy such specifications is often essential
to its reliable and safe deployment [8], [11]–[13]. These
challenges become exacerbated when we consider complex
tasks comprising multiple subtasks over long time horizons.

We propose and demonstrate a compositional framework
for training and verifying RL systems within a multifidelity
sim-to-real pipeline, in order to deploy reliable and adaptable
RL policies on physical hardware. Figure 1 illustrates the
proposed framework, which consists of a multi-level abstrac-
tion of the decision-making problem itself, as well as the
aforementioned multifidelity simulation pipeline.

Building on [14], the framework defines a high-level model
(HLM), which is used to plan meta-policies that select the
subtasks necessary to complete the overall task. The subtasks
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themselves are executed by subtask policies, each of which
is trained using an RL algorithm in simulation. This multi-
level approach might be viewed as a form of hierarchical RL
[15]–[22]. As with hierarchical RL algorithms, the proposed
compositional approach can improve the sample efficiency of
learning by decomposing large sequential decision-making
problems into smaller ones. In addition to this benefit, our
work explicitly builds a model of the upper levels of the
decision-making hierarchy. The model is used for planning,
probabilistic verification of compositions of RL subsystems,
and to facilitate sim-to-real transfer by iterating between
training subtask policies in a low-fidelity simulator and
testing them across different levels of simulation fidelity.

In particular, by formulating the HLM as a parametric
Markov decision process (pMDP) [23], [24], the framework
enables automatic decomposition of task-level specifications
into a collection of corresponding subtask specifications (e.g.,
reach the subtask’s exit conditions with a probability of 0.98
from its entry conditions) via the solution to a parameter syn-
thesis problem. This decomposition allows for goal-oriented
training and testing of the subtask policies. It also enables an
iterative procedure in which estimates of the capabilities of
the subtask policies are used to update the HLM, which re-
plans accordingly and selects the best subtasks to train and
deploy. Finally, it allows for efficient adaptation to changes
in the decision-making problem: previously learned subtask
policies can be reused as components of new HLMs that
solve different tasks in altered environments.

In this work, we integrate a multifidelity sim-to-real
pipeline with the iterative and compositional approach to RL
described above. In general, discrepancies between simula-
tion and reality can result not only from a lack of accuracy in
predicting the robot’s physical dynamics, but also from a lack
of fidelity in capturing the interactions of the many complex
subsystems that are typical of robotics (e.g., asynchronous
message passing between sensors and processors, inaccura-
cies in the execution of actuation commands, uncertain state
estimations, and the update frequency of the decision-making
loop itself). Some of the latter sources of simulation error can
be reduced through software-in-the-loop (SIL) simulations
that implement the entire autonomy software stack as well as
the dynamics of the robot. However, these autonomy stacks
typically cannot run faster than real time, which precludes
their use for training RL policies.

We accordingly propose a three-layer simulation pipeline.
Initially, a low-fidelity simulation—which implements only
the robot’s physical dynamics—is used to train and verify
subsystem policies. This low-fidelity simulation makes a
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Fig. 1: The proposed framework provides a compositional approach to training and verifying reinforcement learning (RL)
policies in a multifidelity simulation pipeline, before deploying the trained policies on robot hardware. It constructs a high-
level model (HLM) of the robot’s task, which it uses to: plan meta-policies dictating which subtasks will be composed to
complete the overall task, decompose task specifications into subtask specifications, select the subtasks whose RL-based
policies require further training, assess the capabilities of the trained subtask policies, and use these assessments to place
probabilistic guarantees on the success of the composite policy. A low-fidelity simulation of the robot dynamics is initially
used to train and empirically verify the subtask policies. A high-fidelity software-in-the-loop simulation is used to test the
integration of the trained policies with the existing autonomy software stack, before deploying the policies on the target
robotic hardware. Feedback from both simulators and from the hardware tests is used to update the HLM, in order to adapt
and retrain subtasks as necessary. Videos of experiments are available at https://tinyurl.com/44j8s8nz.

number of simplifying assumptions, e.g., that the robot
perfectly observes its own state. Next, the resulting com-
positional RL policies are integrated into the software stack
that will be deployed on the true robot, before being tested
in a high-fidelity SIL simulation that relaxes the assumptions
made by the low-fidelity simulation, e.g., state observations
are now given by odometry-based estimates of the robot’s
location and pose. Finally, the policies are deployed on
the target robotic system of interest. At every level of
fidelity in this simulation pipeline, the performances of the
subtask policies are assessed and used to close the iterative
compositional RL loop, i.e., to update the HLM.

We apply the proposed framework to train and deploy a
compositional RL system that pilots a Warthog unmanned
ground robot. We implement the low-level simulation using
the Unity video game engine [25] and photogrammetry data
of the target operating environment in the real world. We
develop software to integrate the trained RL policies with the
Army Research Lab’s autonomy stack, named Phoenix, and
test the integration in a SIL simulation before successfully
deploying the policies on the ground robot.

Through this case study, we observe that the proposed
framework not only facilitates the process of training an RL-
based system to complete the robot’s navigation task, but it
also enables efficient adaptation to changes in the environ-
ment and it allows the user to isolate and address challenging
portions of the sim-to-real transfer. In one instance, a subtask
was failing to satisfy its subtask specification when deployed
in the real world. Instead of changing the overall learning
objective and restarting the training process for the entire
task, the compositional framework allowed us to isolate and
retrain only the individual subtask policy responsible for the

failure. The end result was a successful compositional policy
that consistently completes the robot’s task.

II. PRELIMINARIES

We model the robot’s control task using a partially ob-
servable Markov decision process (POMDP). A POMDP is
a tuple M = (S, A, P, Z, O) where S is a set of states, A
is a set of actions, P : S × A × S → [0, 1] is a transition
probability function, Z is a set of possible observations, and
O : S × Z → [0, 1] is an observation probability function.

In general, a policy within the POMDP is a function
π : (Z × A)∗ × Z × A → [0, 1] that maps histories of
observations and actions z0a0 . . . zt ∈ (Z × A)∗ × Z to
distributions over actions a ∈ A. Implementing policies
over histories of arbitrary length is impractical. Instead, it
is common to define policies that map fixed-length histories
of observations to distributions over actions. We use RL
algorithms to learn such policies π in M [26], [27].

III. COMPOSITIONAL REINFORCEMENT LEARNING

Instead of taking a monolithic approach that searches for
a single policy π accomplishing some objective in M , we
decompose the overall task of interest into subtasks and we
define a high-level model (HLM) to reason over compositions
of subtasks. For the sake of completeness, below we briefly
present definitions of tasks, subtasks, HLMs, and subtask
compositions that are adapted from [14]. However, for a more
detailed discussion surrounding the motivation and intuition
behind these definitions, we refer the reader to [14].

A. Tasks, Subtasks, and (Sub)Task Specifications

We define a task in POMDP M as the tuple (sI , Starg)
that consists of an initial state sI ∈ S and a target set of
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states Starg ⊆ S that the robot must reach. Furthermore, let
PsI
M (♢Starg|π) denote the probability of reaching the target

set from sI under a particular policy π. We then define a task
specification as the requirement that PsI

M (♢Starg|π) ≥ 1− δ
for some allowable probability of failure δ ∈ [0, 1].

We similarly define a subtask as a tuple c = (Ic,Fc),
where Ic ⊆ S is a set defining the subtask’s entry conditions
and Fc ⊆ S is a set defining the subtask’s exit conditions.
The objective of a subtask policy πc is to reach an exit con-
dition s′ ∈ F from any one of the subtask entry conditions
s ∈ I. We note that this definition is similar to the popular
options framework, defined by [15]. A subtask specification
is then defined as the requirement that Ps

M (♢Fc|πc) ≥ pc
for every s ∈ Ic and for some pc ∈ [0, 1]. In words, for
subtask policy πc to satisfy the subtask specification, it must
reach the target set with a minimum probability of pc from
any state in the subtask’s set of entry conditions.

We define a collection C = {c1, c2, ..., ck} of subtasks to
be composable, if and only if for every i, j ∈ {1, 2, . . . , k},
either Fci ⊆ Icj or Fci∩Icj = ∅. We define a collection C of
subtasks to be compatible with an overall task (sI , Starg) if
and only if the following three conditions hold: 1) there exists
at least one i ∈ {1, . . . , k} such that sI ∈ Ici , 2) there exists
at least one i ∈ {1, . . . , k} such that Fci = Starg, 3) for
every i ∈ {1, . . . , k} either Fci = Starg or Fci ∩ Starg = ∅.

B. The High-Level Model and Compositions of Subtasks

Given a composable collection C = {c1, c2, . . . , ck}
of user-defined subtasks that are compatible with a task
(sI , Starg), we define a high-level state abstraction as the
equivalence relation R ⊆ S × S. Two states s and s′ are
related by R, denoted (s, s′) ∈ R, if and only if the following
two conditions hold.

1. For every c ∈ C, s ∈ Ic if and only if s′ ∈ Ic, and,
2. s ∈ Ftarg if and only if s′ ∈ Ftarg.

Given the definition of a high-level state abstraction, we
now define the high-level model (HLM) as a parametric MDP
(pMDP) M̃ = (S̃, s̃I , s̃g, s̃×, C, P̃ ). Here, S̃ is a set of high-
level states defined as the collection of all equivalence classes
[s]R = {s′ ∈ S|(s, s′) ∈ R} induced by R, s̃I ∈ S̃ is an
initial high-level state defined as the equivalence class [sI ]R
containing sI ∈ S, s̃g ∈ S̃ is a high-level goal state defined
as the equivalence class [s]R such that s ∈ Starg, and s̃× ∈ S̃
is an additional high-level state that is only transitioned to
when the task is failed. Meanwhile, P̃ : S̃ × C × S̃ → [0, 1]
is a parametric transition probability function defined as,

P̃ (s̃, c, s̃′) =


pc, if c ∈ C(s̃), s̃′ = succ(c)

1− pc, if c ∈ C(s̃), s̃′ = s̃×

0, otherwise,

where C(s̃) = {c ∈ C|s ∈ Ic for all s ∈ s̃} denotes the
set of available subtasks from high-level state s̃, succ(c)
denotes the unique high-level successor state of subtask c
(i.e. succ(c) = [s]R such that s ∈ Fc), and pc ∈ [0, 1] are
parameters associated with the separate subtasks c ∈ C.

Intuitively, the states of HLM M̃ correspond to sets of
states in POMDP M from which the same collection of
subtasks may be initiated. If a subtask c is initiated from
a given high-level state s̃, then with probability pc the
HLM transitions to a successor state that corresponds to the
successful completion of the subtask, and with probability
1 − pc it transitions to the failure state s̃×. We note that
the parameter pc may thus be interpreted as the probability
of subtask c being successfully completed, given that it is
initiated from a state within its set of entry conditions.

A composition of subtasks is defined by a meta-policy µ :
S̃×C → [0, 1] that maps high-level states to distributions over
subtasks. The execution of a composition of subtask policies
thus proceeds as follows. From initial state sI , the meta-
policy conditions on the corresponding high-level initial state
s̃I to select a subtask c to execute. The corresponding subtask
policy πc is executed in POMDP M until it reaches an
exit condition Fc, at which point it relinquishes control.
The meta-policy then uses the corresponding high-level state
s̃ = succ(c) to select the next subtask to execute and the
process continues. If the subtask policy fails to reach an
exit condition (e.g., it does not relinquish control within
some user-defined maximum allowable time), then the task
is considered failed and the HLM transitions to s̃×.

Let PsI
M (♢Starg|µ, πc1 , . . . , πck) denote the probability

that such a composition of subtask policies reaches the target
set Starg from initial state sI within POMDP M . Given an
allowable failure probability δ ∈ [0, 1], our objective is to
find a collection of subtask policies {πc1 , . . . , πck} and a
meta-policy µ such that the composition satisfies the task
specification PsI

M (♢Starg|µ, πc1 , . . . , πck) ≥ 1− δ.

C. Automatic Decomposition of Task Specifications

We note that the meta-policy may be viewed as a Marko-
vian policy within the HLM [28]. We may thus define the
probability Ps̃I

M̃
(♢s̃g|µ, pc1 , . . . , pck) of µ reaching the high-

level goal state s̃g from the high-level initial state s̃I , given
values for the transition parameters pc1 , . . . , pck .

We briefly recall the conclusion of Theorem 1 from
[14], which states that if every subtask policy πc satis-
fies the subtask specification defined by parameter pc, i.e.,
PM (♢Fc|πc, s) ≥ pc for every s ∈ Ic, then

PsI
M (♢Starg|µ, πc1 , . . . , πck) ≥ Ps̃I

M̃
(♢s̃g|µ, pc1 , . . . , pck).

So, if we pick values for parameters pc1 , . . . , pck
and simultaneously find a meta-policy µ such that
Ps̃I
M̃
(♢s̃g|µ, pc1 , . . . , pck) ≥ 1−δ, then we may conclude that

the composition of subtask policies defined by µ will satisfy
the task specification of interest. A parameter synthesis
problem that simultaneously solves for a meta-policy and for
a collection of values pc1 , . . . , pck that minimize

∑k
i=1 pci

while ensuring this condition holds may be formulated as
a bilinear program. We exclude a full statement of this
optimization problem due to space constraints, however, a
detailed description of the problem is available in [14].
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IV. THE MULTIFIDELITY SIM-TO-REAL PIPELINE

We integrate the above framework for compositional RL
with a multifidelity simulation of a wheeled ground robot and
its operating environment. This pipeline allows for efficient
training and testing of subtask policies in a low-fidelity
simulation that can be run faster than real time. However, it
also allows for the nuanced interactions between the trained
policies and the existing software stack to be tested in a
high-fidelity simulation before deployment.

We formulate states, actions, observations, and rewards
that are specific to wheeled robot navigation tasks. However,
we emphasize that the presented framework may easily be
adapted to different robotic systems, or to handle different
task objectives and decision-making considerations. We also
remark that while we develop the proposed framework with
RL algorithms in mind, both the HLM and the multifidelity
simulation pipeline may be used to develop and test any
collection of subtask policies πc, so long as they all satisfy
their subtask specifications.

A. Modeling the Robotic System

We use the POMDP Mtrue = (S, A, Ptrue, Z, Otrue)
to represent the true physical system of interest. The robot’s
state s describes its position x ∈ R3, velocity vx ∈ R3,
orientation ω ∈ H, and angular velocities vω ∈ R3. So, the
set of all possible states is given by S = R9 × H, where
H denotes the quaternions. The robot’s permissible actions
correspond to linear and angular velocity commands, i.e.,
a = [vx, vω] ∈ A, where vx corresponds to velocity along
the forward-backward axis and vω corresponds to angular
velocity about the axis perpendicular to the ground plane.
The action set itself is given by a bounded rectangle in
R2, i.e., A = [vmin

x , vmax
x ] × [vmin

ω , vmax
ω ] ⊆ R2, where

vmin
x , vmax

x , vmin
ω , and vmax

ω correspond to the minimum and
maximum allowable linear and angular velocity commands.
The robot’s observations z ∈ Z contain information related
to its current state, although these observations may be noisy
and may additionally include other modes of information
(e.g., lidar or camera data). Meanwhile, the observation
probability function z ∼ Otrue(·|s) is unknown. The spe-
cific observation z ∈ Z that is sampled will depend not
only on the measurement noise in the robot’s sensors, but
also on the software that the robot implements to process
these measurements and to estimate its state. Similarly, the
transition probability function s′ ∼ Ptrue(·|s, a) is unknown
and depends on the physical dynamics of the robot, as well as
on the software that implements the velocity commands (e.g.,
velocity commands are typically used to compute setpoints
for the feedback controllers of the individual wheels).

B. The Low-Fidelity Dynamics-Only Simulator

The low-fidelity simulation models only the aspects of the
system that are fundamental to the decision-making problem
at hand, while making several simplifying assumptions to
reduce its required computational effort. In particular, it
simulates the physical dynamics of the ground robot, and
the configuration of the robot’s operating environment (e.g.,

the locations of the buildings and goal). However, it assumes
that sensor measurements and state estimations are perfectly
accurate, and it does not implement the majority of the
software stack required to operate the robot.

Conceptually, we use POMDP Mlow = (S, A, Plow, Z,
Olow) to model the low-fidelity simulation. We note that the
sets of states S, actions A, and observations Z are identical to
those from Mtrue: this ensures that the subtask entry and exit
conditions, as well as the inputs and outputs to the learned
subtask policies πc, are consistent across simulations. By
contrast, Plow and Olow will both be slightly different than
their real-world counterparts. In particular, state transitions
s′ ∼ Plow(·|s, a) are governed by a simulator of the robot’s
dynamics, which is accurate enough to capture the robot’s
kinematics and the individual feedback controllers outputting
motor torques, but which cannot perfectly represent more
complex effects like motor nonlinearities or wheel slip.
Furthermore, to avoid simulating localization and mapping
algorithms, we assume that Olow returns perfect observations
of the robot’s position and velocity.

C. The High-Fidelity Software-in-the-Loop Simulator

The high-fidelity simulation builds on the low-fidelity
dynamics simulation, but also includes the entire software
stack that will be deployed to control the physical robot.
This software-in-the-loop (SIL) simulation thus relaxes the
assumptions that the robot can perfectly observe its own state
and that the velocity commands are instantaneously con-
verted into motor-torque setpoints. Instead, z ∼ Ohigh(·|s)
will be given by estimates of the robot’s global position and
velocity that are computed from local sensor measurements
with simulated noise. Meanwhile, the SIL simulation also
captures the asynchronous message passing between the
robot’s sensors, post-processing scripts, subtask policies, and
actuators. This affects the state transition probabilities s′ ∼
Phigh(·|s, a) by changing the update rate of the decision-
loop. This asynchronicity between the RL-based policies
and the rest of the simulation is closer to reality, but is
markedly different from the implementation of the low-
fidelity simulation, which sequentially alternates between
sampling actions from the policy and advancing individual
timesteps in the environment.

D. Verifying the Subtask Policies and Refining the HLM

Both the low-fidelity and high-fidelity simulations, as well
as tests on physical hardware, can be used to verify the
performance of the compositional RL system. The results of
these tests can be used to update the HLM and the definitions
of the subtask entry and exit conditions, or to help manually
troubleshoot issues with particularly challenging subtasks.
The result is an iterative procedure in which subtask policies
are trained, their performance is tested in the multifidelity
simulation pipeline, and the results of those tests are used
to replan which subtasks should be used and trained further.
We demonstrate an instance of such simulation-driven veri-
fication, as well as of the iterative procedure, in the context
of an experimental case study in Section V.
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Fig. 2: Left: Robot trajectories generated by a composition of subtask policies in the high-fidelity simulator (blue) and in
the real world (green). The exit conditions of the possible subtasks are highlighted in yellow. Right: The index of the active
subtask policy, the position and heading errors (w.r.t. the currently active subtask), and the robot’s speed. The dashed black
lines illustrate the threshold error and speed values that the robot must reach to successfully complete the active subtask.

V. AN EXPERIMENTAL CASE STUDY

To demonstrate the proposed framework, we apply it to
train compositional policies that control a Warthog unmanned
ground robot, illustrated in the bottom right of Figure 1.

The autonomous navigation task: We consider the navi-
gation task of reaching the goal location (illustrated on the
left in Figure 2) with a probability of at least δ = 0.95.
We manually define 10 possible subtasks, allowing the robot
to either navigate left or right around the central building.
Each of these subtasks is defined by an initial location and
heading, as well as a goal location and heading. The subtask
entry conditions Ic are then defined as the collection of states
such that the robot is within 3.0 meters of the initial location
and within 0.5 radians of the initial heading. Similarly, the
exit conditions Fc are defined such that the robot is within
1.0 meter and 0.4 radians of the goal location and heading.

We define these subtask entry and exit conditions to
be overlapping, i.e., the goal location of one subtask will
coincide with the initial location of another. This overlapping
structure defines a subtask graph (similar to that illustrated
on the left in Figure 1), which we use to construct the HLM.

Training the subtask policies: We train each of the possible
subtask policies πc for one million training steps in the
low-fidelity simulator. We parametrize each policy, and its
corresponding value function, as a neural network with two
fully-connected hidden layers of 64 units with tanh(·) acti-
vation functions. We train these networks using the Stable-
Baselines3 implementation of proximal policy optimization
(PPO) algorithm with the default hyperparameters [29], [30].

Each training episode for subtask c begins by randomly
sampling an initial state from the subtask’s entry conditions
s ∈ Ic. The episode terminates with a reward of +5 when
the robot reaches an exit condition s ∈ Fc, and it terminates
with a reward of −20 whenever the robot collides with an
obstacle. At every other timestep, the robot is assigned a
negative reward that is a linear combination of its distance
to the subtask goal, the magnitude of the difference between
its own heading and the goal heading, and its change in
heading since the last timestep.

Constructing the low-fidelity simulation: We train the

Subtask c0 c1 c2 c3 c4 c5

p̂c 1.00 0.98 1.00 1.00 0.90 0.97
pc 1.00 0.98 1.00 1.00 0.95 0.97

TABLE I: Top: Empirical estimates of the probability of
subtask success. Bottom: Automatically decomposed subtask
specification values for the meta-policy in Figure 2.

subtask policies in the low-fidelity simulation, which we
implement using the video game engine Unity [25]. The
robot dynamics are modeled using Unity’s built-in physics
engine, the robot’s kinematics, and simulated PID controllers
for each of its four wheels. Meanwhile, the simulation of
the robot’s environment is constructed from photogrammetry
data from the real-world test site. At each timestep, the robot
observes: its relative position and orientation with respect to
the end goal defined by its subtask, its heading relative to
the location of this goal, and its linear and angular velocities.
The minimum and maximum allowable linear and angular
velocity commands are set to vmin

x = 0[ms ], v
max
x = 2[ms ],

vmin
ω = −1.0[ rads ], and vmax

ω = 1.0[ rads ].
Verifying the compositional RL systems in simulation:

After training each subtask policy πc, we estimate its proba-
bility p̂c of subtask success by rolling out the learned policy
100 times in the low-fidelity simulator from initial states that
are sampled uniformly from its entry conditions Ic.

To decompose the task specification (complete the task
with a probability of at least δ = 0.95) into subtask spec-
ifications, we solve the HLM parameter synthesis problem
discussed in §III-C using Gurobi [31]. Recall that the output
of this problem is a meta-policy µ and a collection of subtask
specifications: acceptable values pc of the lower-bounds on
the probabilities of subtask success.

By comparing the empirical estimates, p̂c, to the subtask
specification values pc, the framework automatically deter-
mines which of the subtask policies are underperforming
with respect to their requirements. These specific subtask
policies are then trained further until they either satisfy their
subtask specifications, or a pre-defined maximum training
budget is exhausted. In the latter case, the framework will
automatically add the constraint pc ≤ p̂c to the parameter
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synthesis problem and re-solve it: alternate subtasks need to
be selected by the meta-policy to complete the overall task.

Table I illustrates the values of both p̂c and pc for subtasks
c0 to c5 in the example from Figure 2. In this case, subtask c4
is the only subtask for which p̂c4 ≤ pc4 . After further train-
ing, however, we empirically observe that p̂c4 = 1.00. At this
point, all subtask policies satisfy their subtask specification
and so we conclude that the compositional policy defined by
meta-policy µ will satisfy the overall task specification.

Testing the compositional RL systems using the high-
fidelity simulation: Before deploying the compositional sub-
task policies on the physical hardware, we test their inte-
gration with the existing ROS-based software stack. In the
high-fidelity simulation, the robot’s observations are derived
from odometry measurements estimated using a multimodal
approach that combines LiDAR and IMU data. These ob-
servations are processed into an input format compatible
with the subtask policy networks. The outputs of the policy
networks are in turn converted into, and published as, ROS
Twist messages. We remark that the inference time required
to evaluate the policy networks is minimal: on the robot’s
onboard computers, the policy can be evaluated at 80Hz.

Testing compositions of learned policies in the high-
fidelity simulation reveals potential causes of subtask failure
before the policies are deployed on hardware, e.g., due to
simulation mismatch, or due to practical issues arising from
policy integration with the software stack. This information
is not only helpful for refining the HLM and the subtask entry
and exit conditions, but is also necessary to practically deploy
the learned policies while reducing overall engineering effort.

Compositional RL systems trained in simulation lead to
successful task completion on hardware: Figure 2 illustrates
the result of deploying the trained compositional RL systems
both in the high-fidelity simulator as well as on the robot
hardware. The left image illustrates four separate runs of the
compositional policies on hardware and five separate runs
in simulation. These separate trajectories can hardly be told
apart. The plots on the right of the figure further detail a
representative trajectory from both simulation and hardware.

The framework automatically and efficiently adapts to
environment changes: We now move a barricade into the
robot’s path, as illustrated on the left in Figure 3. We mirror
this real-world environmental change by also including the
obstacle in the low-fidelity simulator and by re-estimating
p̂c, the probabilities of subtask success. As a result, p̂c2
falls to 0.0, and this value does not improve within the
maximum allowed training budget for πc2 . So, the meta-
policy illustrated in Figure 2 is no longer guaranteed to
satisfy the task specification in the low-fidelity simulation.

As described above, the framework thus adds the con-
straint p̂c2 ≤ 0.0 to the HLM parameter synthesis problem
and re-solves it to obtain a new meta-policy and new subtask
specifications. This new meta-policy now selects subtasks
that navigate past the other side of the central building.

Instead of restarting the training process for the entire
system, the framework reuses policies πc0 and πc5 . It only
trains the newly required subtask policies πc6 , πc7 , πc8 , and

An obstacle (red)
blocks the previously

selected path.

Automatic replanning
fails subtask 8 on
physical hardware.

Targeted re-training
of specific subtasks

leads to task success.

Simulated trajectory Real-world trajectory

Fig. 3: The compositional framework enables efficient adap-
tation to changes in the operating environment. It also
simplifies the process of resolving sim-to-real errors.

πc9 until they satisfy their respective subtask specifications.
The resulting composition of policies successfully completes
its task in 5 consecutive trials within the high-fidelity simu-
lation, illustrated in blue in the middle of Figure 3.

The framework simplifies the process of resolving sim-to-
real errors: However, we observe from this same middle
figure that while the composition of subtask policies is
successful in simulation, it fails to satisfy the task when
deployed in the real world. In particular, subtask policy πc8 is
never able to reach the heading angle necessary to complete
its subtask. This discrepancy between simulation and reality
is likely due to errors in the simulated dynamics, particularly
when the robot is attempting to turn on loose gravel.

However, this sim-to-real issue only causes a challenge for
subtask c8. We accordingly adjust the heading angles that are
used to define its entry Ic8 and exit Fc8 conditions, in order
to reduce sharpness and precision of the turns that the robot
is required to make in this area. We then retrain only subtask
policies πc7 , πc8 , and πc9 (note that by redefining Ic8 and
Fc8 we have changed the definitions of Fc7 and Ic9 as well).

The image on the right of Figure 3 illustrates the robot
trajectories that result from this updated composition of
subtask policies. By reusing the successful subtask policies
and retraining only those causing challenges, we are able
to efficiently adapt them until their composition consistently
completes its task on hardware.

VI. CONCLUSIONS

We propose a framework for compositional reinforcement
learning (RL) within a multifidelity sim-to-real pipeline in
order to facilitate the process of reliably deploying RL-
based controllers on robot hardware. We demonstrate the
framework’s capabilities on an unmanned wheeled ground
robot. Future work will study compositional multi-robot
systems and vision-based subtask policies, automating the
definition of subtasks, and using data from all levels of the
multifidelity simulation for training.
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