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Abstract. Simulation-to-real is the task of training and developing ma-
chine learning models and deploying them in real settings with minimal
additional training. This approach is becoming increasingly popular in
fields such as robotics. However, there is often a gap between the sim-
ulated environment and the real world, and machine learning models
trained in simulation may not perform as well in the real world. We pro-
pose a framework that utilizes a message-passing pipeline to minimize
the information gap between simulation and reality. The message-passing
pipeline is comprised of three modules: scene understanding, robot plan-
ning, and performance validation. First, the scene understanding module
aims to match the scene layout between the real environment set-up and
its digital twin. Then, the robot planning module solves a robotic task
through trial and error in the simulation. Finally, the performance val-
idation module varies the planning results by constantly checking the
status difference of the robot and object status between the real set-up
and the simulation. In the experiment, we perform a case study that
requires a robot to make a cup of coffee. Results show that the robot is
able to complete the task under our framework successfully. The robot
follows the steps programmed into its system and utilizes its actuators to
interact with the coffee machine and other tools required for the task. A
noteworthy observation from the experiment is the speed and accuracy
with which the robot completed the task. The robot can make a cup of
coffee relatively quickly compared with traditional robot planning and
control methods, and its movements were precise and efficient. Overall,
the results of this case study demonstrate the potential benefits of our
method that drive robots for tasks that require precision and efficiency.
Further research in this area could lead to the development of even more
versatile and adaptable robots, opening up new possibilities for automa-
tion in various industries.
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Fig. 1. An overview of our Sim2Plan framework.A high-level schematic of the three
main components that make up the Sim2Plan framework: the experiment platform,
the simulation engine, and the message-passing pipeline.

1 Introduction

Traditionally, training a robot in a real setting involves designing the task, exam-
ining and setting up hardware, programming the robot, and testing the perfor-
mance [9]. These steps require careful planning, design, and execution, as well as
ongoing evaluation and refinement. In general, training a robot in the real world
can be expensive in terms of cost and time, especially when optimal performance
and safety need to be ensured.

Recently, Simulation-to-reality (Sim2Real) has been active in robotics. Driven
by advances in physics-based simulation, machine learning, and AI-based bench-
marking, Sim2Real techniques make it more efficient and accessible for robot
training and application in the real world. Compared with traditional robot
training methods, Sim2Real can be less expensive than traditional robot train-
ing methods because they do not require as many environmental resources [7]. It
can also increase safety, enable faster iteration, allow more precise and complex
control, and improve the robot’s performance from more training data.

Although Sim2Real techniques offer many advantages for robot training and
deployment, they also introduce some challenges related to the Sim2Real gap.
For example, simulated environments may not perfectly match the real world:
simulation can be hard to perfectly replicate the complexities and nuances of
the real world [7]. Besides, robots trained in simulation may struggle to general-
ize their learned behaviors and policies to new, unseen environments in the real
world, which limits the robot’s performance and adaptability in diverse environ-
ments [19]. In addition, real-world environments are inherently uncertain and
variable, with unpredictable factors such as lighting, background, and human
interactions [9].

To address the challenges introduced by the Sim2Real gap, we introduce
Sim2Plan, a framework that leverages the strengths of simulation for robot
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motion planning in real-world deployment. Sim2Plan combines advanced simu-
lation techniques with transfer learning and domain adaptation to enable robots
to learn from simulated environments and transfer those learned behaviors to
the real world.

Specifically, Sim2Plan consists of three main components: a real world ex-
periment platform, a simulated environment, and a message-passing pipeline.
The core idea behind Sim2Plan is to use the message-passing pipeline to inter-
change the information between the real-world experiment and the simulation
while constantly checking and correcting the information gap. The message-
passing pipeline (composed by scene understanding, robot motion planning, and
performance validation) is targeted to match the scenes, robots, and experi-
ments between reality and simulation. The scene understanding module collects
data from real experiments and constructs a digital twin in simulation. It also
provides essential information for the robot motion planning module, which gen-
erates actions for the robot both in simulation and in the physical environment.
Lastly, the performance validation Module evaluates the robot’s actual behav-
ior against its simulated counterpart, allowing for continuous improvement and
optimization of the system. Overall, our framework enables efficient and accu-
rate robot control through seamless integration between virtual and real-world
environments.

We evaluate Sim2Plan on a coffee-making case study. This study requires the
robot to perform object manipulation tasks through motion planning. Sim2Plan
demonstrate its effectiveness in improving the performance and generalization of
robotic systems. Our results show that Sim2Plan can significantly reduce the
amount of real-world training time required while enabling robots to perform
effectively in diverse and challenging randomized environments.

Overall, Sim2Plan represents a promising approach to addressing the chal-
lenges introduced by the Sim2Real gap, and has the potential to significantly
improve the efficiency and effectiveness of robot training and deployment in the
real world.

2 Related Work

A considerable body of research is related to our study, including work on sim-
ulating real-world environments for robots, motion planning algorithms, and
embodied AI simulation.

2.1 Sim2Real

Recent advances in simulation-to-reality (Sim2Real) transfer have enabled robots
to learn complex manipulation tasks in simulation and apply these skills to the
real world. For instance, researchers have used Sim2Real transfer to teach robots
to grasp objects with greater accuracy [8], navigate through challenging envi-
ronments [21], and even perform tasks like pouring liquid into a cup [6]. These
advances are made possible by using machine learning algorithms to train robots
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in simulation and then fine-tuning the learned skills in the real world. Addition-
ally, advancements in hardware technology, such as high-fidelity simulators and
robust robotic systems [14] , have contributed to the success of Sim2Real trans-
fer. As a result, Sim2Real transfer is becoming an increasingly popular approach
for developing more capable and versatile robots that can operate effectively in
dynamic, real-world environments.

2.2 Robot Motion Planning

Recent studies have focused on developing more advanced algorithms for robot
motion planning that can handle increasingly complex scenarios. Some of these
approaches involve using machine learning techniques to generate plans based
on past experience [16], while others leverage cloud computing resources to dis-
tribute computationally intensive tasks among multiple servers [22]. Other areas
of interest include improving plan robustness to uncertainty and ensuring safe
interactions with humans in shared workspaces [5]. Ultimately, the goal of these
efforts is to enable robots to perform tasks autonomously and efficiently in dy-
namic and uncertain environments [11].

2.3 Embodied AI Simulators

Embodied AI is intelligence that emerges through interacting with environments
[4]. The growing interest in embodied AI fosters the development of embodied AI
simulators, which serve as benchmarks [2] to train and develop intelligent systems
before deploying them in the real world. The simulators typically address three
typical AI research tasks: visual exploration, visual navigation, and embodied
question-answering [3]. In visual exploration, the agent navigates through the
environment, processes visual information, identifies objects, and learns their
spatial relationships [10]. In visual navigation, the agent knows to plan its route,
avoid obstacles, and adapt its strategy based on environmental changes [23].
Finally, embodied QA tasks involve AI agents answering questions or reasoning
about their environment based on their egocentric perceptions.

3 Framework

In this section, we will discuss the various components that make up our Sim2Plan
framework, including establishing an experimental platform in the real world,
creating a simulated environment, and implementing a robust messaging-passing
pipeline. We show these in Figure 1.

The experiment platform serves as the interface for the real-world robot
environment (Section 3.1). The simulation part acts as the digital twin of the
experiment platform (Section 3.2), allowing for accurate modeling and prediction
of system behavior. Finally, the core element of the framework is the message-
passing pipeline (Section 4), which facilitates seamless communication between
the experiment platform and the simulation engine.
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3.1 Experiment Platform

The Sim2Plan framework requires the creation of a physical experimentation
platform in which the simulated models can be tested in the real world.

Robot. Setting up a robot in a physics space requires careful consideration of
several factors, such as the size and shape of the workspace, the type of tasks
the robot needs to perform, the sensors required to perceive its surroundings,
and the actuators necessary for motion control.

To set up the robot for our experiment, we followed several steps. Firstly, we
designed a fixed area as our workspace, where the robot would perform its tasks.
This was necessary to ensure that the robot would operate within a defined
and controlled environment, which would help us to measure its performance
accurately.

Next, we chose the robot arm as our primary training target. The robot arm
is a crucial component that enables the robot to manipulate objects and perform
tasks in the environment. By training the arm, we could help the robot develop
the skills needed to perform its functions effectively.

Finally, we select the gripper as the end-effector for the robot. The gripper is
a device that allows the robot to grasp and manipulate objects, while the end-
effector is the component attached to the end of the robot arm and is responsible
for performing specific tasks, such as picking up and moving objects. By care-
fully selecting the gripper and end-effector, we could ensure that the robot has
the necessary tools to perform its tasks effectively and efficiently.

Sensor. We use a single RGB camera without a depth sensor as the sole sensor
in the scene for the following reasons:

Simplicity : A monocular camera setup is often the most straightforward op-
tion, requiring fewer resources and less complex calibration than stereo or multi-
camera systems. This makes it suitable for smaller projects or prototyping pur-
poses where complexity may not be desirable.

Portability : By relying exclusively on an RGB camera, the system becomes
highly portable since no additional sensors need to be integrated into the setup.
This allows for quick deployment across multiple platforms or environments with-
out significant modifications.

Versatility : Despite being a basic configuration, an RGB camera can still cap-
ture valuable information for various perception tasks, including object detec-
tion, segmentation, and even Simultaneous Localization And Mapping (SLAM).
These algorithms rely heavily on visual cues from images, making the RGB
camera a sufficient input data source.

While other configurations might offer greater robustness or accuracy, an
RGB camera remains a practical choice due to its ease of implementation, afford-
ability, and broad applicability. As technology advances, these benefits continue
to make it a viable option for many real-world scenarios.
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Object. When considering the interaction between the robot’s tool and the ob-
jects in the scene, we must account for their physical properties. Our framework
will focus on three distinct categories: rigid bodies, soft bodies, and fluids. Each
type presents unique challenges when attempting to manipulate or interact with
the environment.

Rigid bodies : objects made up entirely of solid material, such as metal or
plastic, are classified as rigid bodies. They maintain their shape under external
forces and not deform unless subjected to extreme stress or impact. Manipulat-
ing rigid bodies requires careful consideration of their mass distribution, center
of gravity, and friction coefficients. Tools designed for rigid bodies typically have
high stiffness and low compliance to minimize deflection and ensure stable in-
teractions. Examples of rigid bodies encountered in our scenario could include
cups, coffee machines, or furniture pieces.

Soft bodies : Unlike rigid bodies, soft bodies exhibit some degree of elasticity
or compressibility. Soft materials, such as foam, rubber, or fabric, behave differ-
ently than hard solids when subjected to external loads. Interacting with soft
bodies demands special attention to contact mechanics, deformation modeling,
and damping effects.

Fluids : Fluid would introduce new complexities into the equation due to
its continuous nature and nonlinear behavior. Flow patterns, turbulence, and
viscosity variations play crucial roles in understanding how fluids respond to
pressure, temperature, or velocity changes. In addition, robots operating within
fluid environments need to cope with issues related to buoyancy, drag, and other
dynamic properties.

3.2 Simulation

In this section, we will describe the setup of the digital twin of the experiment
in the simulation environment, which involves retaining simulated robot, sensor,
and objects.

Simulation Engine. To create a comprehensive simulated training program
for robots, we choose Nvidia Omniverse [17] as the development platform for
our Sim2Plan. Omniverse boasts cutting-edge simulation features that enable
efficient and dependable representation of rigid bodies, soft bodies, articulated
objects, and fluids. Furthermore, the platform supports seamless integration of
Python scripts, enabling access to a vast array of open-source and third-party
libraries. Another advantage of using Omniverse lies in its advanced ray tracing
technology, allowing for breathtakingly realistic renderings.

Digital Twin. A digital twin is a virtual replica of a physical entity created
through computer simulations and sensor data [20]. The purpose of establishing
a digital twin is to provide a dynamic, interactive representation of the original
object, allowing for better analysis, prediction, and optimization of its perfor-
mance. First, we meticulously scrutinize the surroundings and concentrate on
configuring the digital twin for the robot, camera, and task items (see Figure 2).
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Afterward, we utilize the digital twin to reenact diverse situations and gauge the
system’s execution for the experiment.

Fig. 2. Digital twin components. An overview of the key elements involved in creating a
comprehensive digital twin, including rigid bodies, lighting, fluids, cameras, articulation
bodies, and soft bodies.

4 Message-Passing Pipeline: An Experiment

In this section, we test our Sim2Plan framework in a case study: make coffee
by a coffee machine. Then, we introduce how we set up the digital twin, discuss
implementing the message-passing pipeline, and demonstrate the results.

4.1 Preparation

To create a coffee-making experiment’s digital twin, we first gather information
about its physical properties, such as dimensions, materials used, and internal
components. Then, we use computer-aided design (CAD) software to model the
coffee machine digitally. Next, we simulate the behavior of the coffee machine
using physics engines inOmniverse. These simulations consider gravity, friction,
and other forces acting on the device during operation.

The experiment is captured from multiple angles to give a comprehensive
setup overview (see Figure 3). The global view provides a broad perspective of
the experimental arrangement, showcasing the interaction between the physical
objects and the virtual representation. Meanwhile, the camera view offers a
closer look at specific aspects of the experiment, highlighting details that would
be applied for object detection. Lastly, the simulation view displays the digital
twin of the investigation, allowing us to visualize the system’s inner workings
and plan the robot’s behavior. Together, these views offer comprehensive insights
into the experiment and enable more informed decision-making.
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Fig. 3. Different views of the experiment. The global view shows the overall setting of
the experiment. The camera view shows what can be seen from the camera. And the
simulation view shows the digital twin of the experiment.

4.2 Scene understanding

Prior knowledge.We first utilize prior knowledge to gain a basic understanding
of the scene layout. Prior knowledge refers to the fixed measures within the scene,
such as the sizes ŝi of objects like the table, robot, coffee machine, cup, and
coffee capsule. Since the camera, table, and robot positions remain unchanged
throughout the experiment, we also measure their respective positions p̂i. By
incorporating these measurements into our analysis, we enhance our ability to
interpret the visual input from the camera view and obtain a clearer picture of
the scene.

Ŝprior = {ŝtable, ŝrobot, ŝcoffee machine, ŝcup, ŝcapsule} (1)

P̂prior = {p̂table, p̂camera, p̂robot} (2)

Object detection. To better understand the scene layout, we employ the object
detection module to identify objects present in the scene. Two state-of-the-art
deep learning-based algorithms are used for this purpose: Open-Vocabulary Ob-
ject Detection (OWL-ViT) [15] and Grounding DINO [13]. Both methods take
the image and text prompt as the inputs and leverage powerful vision transform-
ers to detect and localize objects within the image frame, providing accurate
bounding boxes and class labels for each detected instance. This information
serves as crucial contextual awareness for subsequent tasks involving manipula-
tion planning and execution.

Vision inference. Besides using the object detection module, we also gather
relevant metadata about the camera to ensure optimal calibration and accuracy.
Precisely, we determine the camera’s focal length (fx, fy), resolution, and prin-
cipal point (cx, cy), which are essential parameters for correcting lens distortion
and projecting 3D points onto the 2D image plane. With all this information, we
have a solid foundation for building a reliable and effective perception system
tailored to our needs.

Figure 4 demonstrates the steps involved in estimating the 3D position of an
object from a 2D camera view. The process begins with a computer vision model
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Fig. 4. Obtaining object 3D position from 2D camera view. A visual explanation of the
process used to estimate the 3D position of an object from a single 2D image captured
by a camera. After the getting the bounding box (thus the object center) in the image
space, we can project the point p0 to the ground (table) in 3D space. Since the size of
the object ŝ0 and the position of the camera ĥ0 are known as prior knowledge, we can
thus determine the the object’s 3D position d0.

(left side), which uses the input image to predict the location of the object. Once
the bounding box in the image space of the object is obtained, the next step
(right side) utilizes geometric principles to calculate the 3D position of the object
relative to the camera’s field of view. Specifically, this requires knowledge of the
camera’s intrinsic parameters (e.g., focal length, principal point) and extrinsic
parameters (e.g., rotation matrix, translation vector). These values allow us to
project the bounding box onto the 3D world coordinate frame, resulting in the
final estimated position of the object in 3D space.

Compared to Owl-Vit, the Ground-DINO model performs better in detecting
objects such as cups, coffee machines, and coffee capsules. Leveraging vision
inference techniques, the final prediction error for the 3D position of these objects
can be controlled within 5 mm, enabling precise robot motion planning. This
level of accuracy is sufficient for our real-world experiment.

4.3 Robot Motion Planning

After obtaining the scene information from the prior knowledge and the vision
module, we use the Riemannian Motion Policy (RMP) [18] as the motion policy
controller for the robot in its digital twin simulation. RMP has the following
advantages. Firstly, RMP considers the geometry of the configuration space (c-
space), which allows for smooth and efficient trajectories even when working close
to singularities or other nonlinear regions. Secondly, RMP ensures that the re-
sulting motions satisfy constraints on joint velocities, accelerations, and torques,
making it suitable for robots with limited dynamic capabilities. Thirdly, RMP
enables real-time optimization of motion plans based on sensor feedback, en-
abling adaptive behaviors that respond to environmental changes. Finally, RMP
simplifies the design of complex motion sequences, reducing the computational
burden required for generating feasible solutions.

After applying the RMP as the motion policy controller, we generate collision-
free paths for the robot using Rapidly-exploring Random Tree (RRT) [12]. The
RRT algorithm constructs a tree data structure that grows randomly in the
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Fig. 5. Task completion verification by MiniGPT-4: the image from the camera view
and the prompt are input, and we check the keyword in the response (answer) to verify
the task is complete.

high-dimensional configuration space until it reaches a solution. New nodes are
sampled randomly at each iteration and connected to existing ones if they lie
within a certain distance threshold. We then check whether newly added nodes
violate collision constraints with environmental obstacles. If so, we reject them;
otherwise, we add them to the tree. Once the tree spans the entire configuration
space, we extract a valid path between the initial and final configurations. Our
approach leverages the strengths of both RMP and RRT, allowing us to achieve
safe and efficient motion planning under uncertainty.

4.4 Performance Validation

We assess the robot’s performance by verifying its configuration and task com-
pletion against simulations. By comparing the actual robot configuration with
the planned one, we ensure that the physical robot adheres to the desired path
generated during simulation. Additionally, we validate the successful completion
of subtasks by evaluating the task configuration in the real environment. These
checks enable us to confirm that the robot operates correctly and achieves its
intended goals, thereby improving overall reliability and effectiveness.

Robot Configuration. We continually compare the actual joint states ji (and
gripper state gi) with those predicted by the simulation. By doing so, we can
ensure that the physical robot follows the intended instructions and performs
according to expectations. The deviations or errors identified during this process
can be addressed and corrected. If a large deviation is detected, we immediately
stop the task execution to prevent the failure case from causing any safety con-
cerns. Through this validation step, we can improve the reliability, effectiveness,
and safety of the robotic system.

Task Completion. In addition, we continually compare the robot’s performance
in the real world with simulation by verifying the completion of subtasks. To
ensure that each subtask, such as pick up the cup or place the cup, is executed
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Fig. 6. Real-world side camera view vs. simulated screenshot for subtask examples.
Comparison between real-world images captured through a side camera and their sim-
ulated counterparts in the virtual environment.

correctly, we apply visual question answering (VQA) techniques [1] to verify the
goal conditions from the camera’s perspective. Specifically, we employ the newly
released MiniGPT-4 [24] module to perform the VQA task in practice. This
allows us to accurately assess the robot’s ability to accomplish specific subtasks
and identify discrepancies between the simulated and real-world environments
from vision-based prediction.

Figure 5 illustrates verifying subtask completion using Visual Question An-
swering (VQA). To do this, we first compare the current robot configuration with
the planned one after the planning and execution stages of a subtask. Next, we
employ the MiniGPT-4 model to analyze the real-time visual input from the
camera. Then, based on the specific context of each subtask, we formulate ap-
propriate prompts for the VQA module and receive the corresponding answers
from MiniGPT-4. Subsequently, we examine the keywords in these responses
(such as yes or no) to confirm the successful completion of the subtask. This
method provides an accurate and timely evaluation of the robot’s progress, en-
suring that it meets the requirements of each step along the way.

4.5 Results

Our experiments have demonstrated the effectiveness of our Sim2Plan frame-
work for zero-shot robot motion planning (without training the robot in real
space). In the first set of trials, where the positions of the coffee machine, coffee
capsule, and cup are fixed, our framework achieved a remarkable 90% success
rate out of 20 attempts. When the positions of the capsule and cup are random-
ized, our framework could still successfully pick up the items 83.3% and 76.6%
of the time, respectively. Despite the increased difficulty due to randomization,
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our framework managed to complete 75% of a total of 20 trials. Overall, these
results highlight the robustness and adaptability of our Sim2Plan framework
in various environments and situations, making it a promising tool for robotic
manipulation tasks.

Figure 6 presents several examples of subtasks performed by a robot from
a side camera view in the real world and their corresponding screenshots taken
from the simulation environment. Each block displays two images side by side,
with the left one being the real-world snapshot and the right one showing the sim-
ulated scenario. These comparisons showcase how closely the simulation matches
the real-world environment, demonstrating the validity of our proposed frame-
work for zero-shot robot motion planning.

Furthermore, our proposed method also has practical benefits when applied
to real-world settings. Since the robot was trained in a zero-shot manner during
testing, it did not require any additional fine-tuning or retraining after being
deployed to new environments. This means that the robot could quickly adapt
to new situations without incurring significant delays or costs associated with
retraining. By leveraging the motion planning from the digital twin, our method
effectively reduces the amount of time required to train robots for specific tasks,
making them more versatile and useful in a wide range of industries.

5 Conclusion

Sim2Real is an increasingly popular approach in robotics that involves training
and developing machine learning models in a simulated environment and deploy-
ing them in the real world with minimal additional training. However, there is
often a gap between the simulated environment and the real world, limiting the
effectiveness of machine learning models trained in simulation.

In this work, we present Sim2Plan, a framework that utilizes a multi-stage
message-passing pipeline that has been proposed to minimize the information
gap between simulation and reality. Sim2Plan includes modules such as scene
understanding, robot planning, and performance validation, and it is demon-
strated through a case study involving a robot making a cup of coffee. The
results of the experiment suggest that the proposed framework has the potential
to drive robots for tasks that require precision and efficiency and could lead
to the development of more versatile and adaptable robots that could increase
productivity in various industries.
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