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My research interests span the areas of machine learning, robotic systems, motion planning
and probabilistic inference. A common thread in my research is in understanding the theory and
design of scalable architectures and accelerated approaches in a learning-based robotic system.
In particular, machine learning allows robots to take a data-driven approach to leverage prior
experience. Robotics is an interdisciplinary branch of computer science and engineering that
historically involve physical hardware and optimal control. As a learning-based approach, I
have resorted to mathematical methods of proof borrowed from the areas of Machine Learning,
Statistics, Set Theory, Combinatorics & Probability. Broadly speaking, my research intersects
Machine learning—which is a branch of Artificial Intelligence that focuses on leverging data to
imitate the way that humans learn, and Robotic System—which enables computational machines
to interact with the real-world.
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Background and Current Work

My Ph.D. dissertation focuses on modelling the planning problem as learning-based multiobjective optimisation problems that arise in most realistic robotic scenarios. Planning enables
computational machines to reason about the possible approaches for the agent to interact with
the world [LM20]. Typically, more controllable actuators imply more freedom for a robot to
execute its actions. However, the infamous curse of dimensionality typically arise due to the
exponential growth of search space [ES14]. Sampling-based motion planners (SBPs) are a class
of robust methods that takes a probabilistic approach to tackle this issue [KKL96]. SBPs uses
a graph structure [KF11] such as roadmap [KKL96] or tree [LaV98] to explore the search space.
They are probabilistic complete and almost-surely asymptotic optimal [GS21]—that is, converge
to the optimal solution with probability one. However, traditional approaches suffers the narrow
passages issue [YJSL05, WAS99, HJRS03, SHJK05] and often recreate motion plan from scratch
for every new tasks, which throws away useful information.
On the other hand, utilising space information have been proven to be helpful. For example, with an expansive tree [HLM97] or exploting local information [RBK08]. Multiple
search trees [KOH+ 15] or local trees [Str04] can often speed up the exploration process; bridge
test [QMI+ 13] can also helps to identify narrow passages [WZX18]. However, these are algorithmic approaches that do not utilise prior experience in a data-driven approach [LS02]. The
benefit of a learning-based approach lies in the utilisation of information observed from previous
examples [ABSC12, Che15] to improve future planning.
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My Research Focus

My research aims to bridge the gap between the learning-based and algorithmic-based approaches.
Traditional approaches, such as optimal control, often provide theoretical guarantees in bounds
by rigorous theorems that ensure safety when robots interact with the world. In contrast,
learning-based approaches often fail to provide strict guarantees due to their data-driven nature.
However, they offer an excellent prior belief to robots on how the world works.
Combining Machine Learning and Algorithmic Approach: An innovative contribution of my work is establishing a new perspective to incorporating learning
into the algorithmic planning framework while maining theoretical guarantees. My
research on robot planning algorithms is two-fold. Firstly, I address the issue of
the narrow passage by decoupling the planning with a disjointed-tree approach to
simultaneously explore multiple regions [LRF19]. This approach mimics an MCMC
random walk, borrowing from statistics literature. I then propose to use a Bayesian
approach in the sampling distribution to update our prior belief [LMRF20] on the
distribution as we observe more data from the environment [LR21c]. A Bayesian
view on planning problems allows us to exploit prior domain knowledge on the
problem setup while updating our posterior as we observe more outcomes. This is
especially essential in robotic applications as they are often interdisciplinary with
various existing domain-specific knowledge and theorems. Rather than reinventing
the wheels with a purely learning-based approach, we should instead better utilise
existing domain knowledge to combine the strength from both fields.
Reasoning on Past Experience: Replanning is often necessary when the robot’s internal world representation differs from its surrounding environment changes. This
is especially true in many real-world applications as the world is inherently dynamic with spatiotemporal uncertainty. Therefore, constructing a robust agent
calls for the need of leveraging experience to reduce recomputation in subsequent
episodes [LR21b]. Moreover, we can often exploit structure and patterns within
the problem setup to learn to plan more optimally in subsequent episodes [LR20].
I have proposed several algorithms that leveraged learning-based approaches in
robot planning. Importantly, we can still maintain theoretical results that support
the guarantees of completeness and solution optimality for the planning horizon.
Formualise Sampling Distribution for Optimal Control and Planning: Complementary to previous works, I also focus on improving sampling distribution with
diffeomorphic bijective mappings which provides unique mathematical properties.
One of the main classes of methods for planning and control is the sampling-based
approach. Rather than explicitly representing the entire search space (which is
often exponential to the dimensionality of the space), sampling-based approaches
can be thought of as an approximation method. Planing and control algorithms
perform reasoning on the search space through sampling, which can often provide
a rough estimation of the actual problem. The performance of many existing algorithms relies on the quality of the samples, which I had attempted to address
with normalising flow [LR21a] for learning a near-optimal distribution. Another
follow-up work constructs a diffeomorphic distribution to draw samples that are
near obstacles-free [LZHR21]. These distributions provides a grounded informative
prior based on the robot’s past experience under similar environments [LR20].
Probabilistic Planning and Reasoning: Robots should also hold a probabilistic view
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of the world as realistic environments constantly evolve as time goes by. For
example, we can build a predictive framework [LZR19] for predicting human trajectories [ZLOR21] while avoiding collisions with pedestrians [ZLO+ 21]. This
perspective creates a new class of planners that utilises prior experience to improve
future decision making. These methods highlight the gap within literature and
call for the need for a unified framework to integrate a learning-based approach
in planning. I help to facilitate the research discussion among this line of work
by open-sourcing a unified testing environment [Lai21] that allows easy integration with existing machine learning techniques for motion planning in a popular
language.
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Motivation for future research

Research on the border of computer science and artificial intelligence attracts many scholars
from various communities. Traditional planning theories provide robust algorithmic procedures
to tackle the complexity within robot control. However, the growing number of machine learning
and data science literature indicates that we can extract much more from the readily available
data for robots to perform inferences—akin to allow robots learn through experiences.
I believe the current interests in this field are the results of both intellectual and practical
motives. The lowering cost of hardware and readily available sensors enable us to access a
sufficient amount of data to construct models that are learnable from consumer hardware. This
trend motivates researchers and industry partners to better utilise their domain-specific data
for their application use-cases. I conclude this statement with a number of issues which, in my
opinion, will motivate future research in this area.

Unified theories for learning-based complexity: Complexity issues are inherent to
algorithmic research and are currently absent from these disciplines. Empirically, we
can evaluate the performance gain by applying certain machine learning techniques.
However, there is often a lack of theoretical guarantees on how effective are these
approaches. Unifying these very different fields is a serious and fascinating challenge
and will source many intriguing problems.
Uncertainty quantification on learned policy: Data-driven approaches tend to provide a point estimate of the objective function that we are modelling. However,
since the prediction comes from some learned policy, it is often challenging to
provide theoretical bounds on subsequent actions that depend on such a prediction.
A possible approach is to compose some learning-based policies that provide upper
and lower bounds on such estimation through convex optimisation. The benefit of
such a policy is that the robot can then create robust planning and reasoning that
accounts for the uncertainty due to the lack of data for rare events.
Probabilistic planning and reasoning: In addition to uncertainty that arises from
learning-based policy, the world is also inherently stochastic. Modelling the stochastic nature of and accounting for the uncertainty should be an integrated part of
robot planning. However, approaches commonly take a static snapshot of the world
and plans without considering the stochasticity. They rely heavily on the controller
to address the environmental noises. This becomes problematic when the internal
belief about the world is also stochastic and imprecise. The planner will create
plans that are infeasible for the underlying controller to follow. We should instead
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take a probabilistic view during planning to better account for the stochastic nature
and minimise regrets during execution.
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