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Abstract

Data-driven approaches for multi-robot control problems have proven very promising with a
variety of model architectures, including deep reinforcement learning, GNN, and Gaussian Pro-
cesses. So far, simulation data has been the main sampling source, where typically a large amount
of training data is required. The model trained from the simulation, when deployed onto the real
world (sim-to-real transfer), can lead to a significant reality gap due to the limitations of simula-
tion assumptions, real-world noises, and robot-robot interactions. Alternatively, we propose that
a direct mapping of current states and action policies to next states can be learnt as the simula-
tor, such that the real action policies for different tasks can be learnt with RL methods. We also
propose a general framework for such real-world data-driven models on single- and multi-robot
systems with an active and efficient data sampling mechanism.

1 Introduction, approach and outcomes

In a wide range of robotics tasks, gathering data and training policies and then transferring them into
the real world(sim-to-real) has been a standard approach, and the reality gap [1] - the performance
disparity between simulations and real world - as a result of this transfer has been dealt with many
approaches, such as domain adaptation and domain randomization. However, instead of relying on
simplified simulation assumptions or devising extremely complicated analytical simulations for train-
ing action policies, we can directly train an end-to-end neural network that maps the current state to
control parameters in deployment. This data-driven approach has shown great potential in many tasks
for multi-robot systems, but each trained model is isolated and only specific to one task with poor
generalizability.

Another two main considerations for the data-driven approach are the large size of data required and
the sensitivity of performance to the quality and coverage of the data we feed into it. One intuitive
method would be collecting samples that have not been covered by our training data so far independent
of specific tasks. However, it is not pragmatic to sample the whole action space. An alternative view is
to leverage active learning methods for continuous data sampling that minimizes model uncertainty via
active information acquisition [2, 3] by strategically picking the most informative samples. Therefore,
one key objective of this project is to explore the adaptive sampling mechanism for better and more
efficient data collection, potentially leading to a data collection library as a deliverable.

The main objective of the project is to learn a model that maps the current state and desired action
to the next state with neural networks [4],which serves as the simulator(real-to-sim transfer); and this
trained model will then be used for learning the actual action policy. This approach follows the same
intuition from VR-Goggles real-to-sim transfer [5], and we expect much better action generations for
the sim-to-real deployment. In the multi-robot case, GNN-based methods will also be considered for
modelling robot-robot interactions [6]. We will first consider a single-robot system (RoboMaster)



with only robot-environment interactions, and then the problem can be extended to either a multi-
RoboMaster or a single-drone system. Ideally, the trained model will be task-agnostic, such that
specific tasks - such as static or dynamic targets, evader pursuit problems [7], narrow passage problem
for a robot formation [6], and collision avoidance - would use a subset of dynamics that have been
captured by the learnt model. There are also a few simulation environments to choose from (such
as Pybullet [8] or Gazebo) for different tasks as a baseline. The final outcome for the real-to-sim
adaptation approach will be compared to the simple simulation results on different tasks and systems
as another success criterion.

There are four potential extensions to this project following the core problem described above: (1)
Generalizing the adaptation techniques to multiple drones that accounts for significant robot-robot
interactions(such as down-wash effects), (2) constructing a ready-to-use framework for different en-
vironments, formations, and tasks following the essential data collection procedures and experiments,
(3) embedding physical knowledge priors into a Gaussian Process regression and comparing the hy-
brid modelling with our main framework [9] and (4) exploration of safe reinforcement learning ap-
proach, which concerns maximizing total reward within the safety constraints [10].

2  Workplan

An overview of the work plan broken into 2-week blocks is shown in the table on the next page. Some
tasks divided into different chunks are not necessarily isolated, as they may take place simultaneously
for different parts of the experiments.

The first two blocks are dedicated to literature review and early environment setups, as well as a full
mathematical formulation of the core tasks. Before the start of Lent term, data collection pipelines
and early results for different data collection schemes should be completed, which will then serve as
the basis for all of the following real-world data-based experiments. The main focus for weeks 7-10
will be on single-robot systems training and evaluation, such that by the end of week 10, a preliminary
set of full experiment results and benchmarking should be delivered.

The next 6 weeks will be primarily on the extension to multi-robot systems and adapting our current
data collection and training framework to multi-agent problems, and by the end of week 16, full
experiment results, analysis, and the expanded framework will be concluded.

More extensions mentioned in Introduction section will be explored in the next two chunks before
the final dissertation writing in Easter, where some additional techniques and ideas will be tested, and
one will be explored more in-depth depending on the preceding results. Note that one chunk is left
blank as required in case of emergencies, but if things go as planned this will be used for extension
exploration as well.



Weeks | Tasks Notes
1-2 Literature Review, Code base Review
34 Earniliarize with Hardw.are, tools, and Formal work formulation
single-robot data collection plans
Milestone: construction
of a framework for data
5-6 Set up data collection pipelines collection with different
methods (random, hand-
picked, active acquisition)
7.8 Single-robot experiment setup and
training
9-10 Simulation .training and deployment for Early experiment results
benchmarking
11-12 Extension to multi-robot scenarios and
new experiment designs
Multi-robot task formulations, setup,
13-14 | and model designs(with GNN and
DRL methods)
Experiment results and
15-16 | Multi-robot training and evaluation extended framework pro-
duced
Further extensions (Framework build-
17-18 | . .
ing, multi-drone system)
Further extensions (safe RL considera- Only‘ one or tW(.) of ﬂ.le
19-20 tions and physical priors) mentioned extensions will
be explored in depth
21-22 | Buffer weeks In case of contingencies
23-24 | Dissertation writing
25-26 | Dissertation writing and proofreading
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