Exploiting Dynamics Structures in Learning,
Planning and Control for Effective Robot Autonomy
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Fig. 1: My research exploits dynamics structures to achieve: (a) efficient dynamics learning of complex robot systems; (b) accurate trajectory
tracking with the learned dynamics; and (c) ultrafast generation of dynamically feasible trajectories, e.g., for a pick and place task.

I. MOTIVATION

The goal of my research is to develop effective, intelligent
autonomous robot systems that work across a wide range
of robots and scenarios, and self-improve through learning
from past experiences in a human-centered environment. To
build such robot systems for various dynamic and unstructured
environments, e.g., homes, offices, warehouses, or hospitals, it
is imperative to embrace both traditional planning and control
techniques and machine learning advances. Robot planning
and control rely on analytical models of the robot and the
world to enable reasoning about what to do next (planning) and
how to actually realize it (control). Meanwhile, learning en-
hances the robot’s performance by obtaining hard-to-describe
complex models and new skills from data. My goal is to
develop a principled framework for integrating learning with
planning and control so that the robot can work efficiently,
acquire and perfect its abilities via a continual self-improving
loop of planning, control, and learning from past experiences.

Towards this goal, my research seeks to unify machine
learning, planning, and control techniques via prior structures,
such as known physics knowledge and system properties. A
key assumption in planning and control is the availability of
an accurate robot dynamics model, governing the robot motion
over time. While full-order complex motions are challenging
to describe or learn from data, they are rich in dynamics
structures, e.g., universal physics laws, that are known to be
true and can be leveraged to assist learning. Such dynamics
structures free learning from the burden of re-inferring known
knowledge from data, and instead, redirect computational
resources to train a lightweight residual dynamics model that
can be updated easily over time from past experiences. I view
prior dynamics structures as a unifying thread, stitching robot
motions, machine learning, planning, and control together for

an efficient autonomous system. Therefore, my work aims to:

o develop the theory, design, and realization of learning-
based robot dynamics that preserve domain knowledge
and prior structures by construction,

o develop efficient planning and control techniques with
theoretical analysis based on the inherent structures,

« and enable resilient, long-term robot autonomy via a self-
improving learning-planning-control-data loop.

Thus far, my research has focused on preserving physics
structures for efficient dynamic learning and accurate con-
trol (Fig. [[(a)(b)), and exploiting dynamics structures for ul-
trafast motion planning under dynamics constraints (Fig.[I[c)),
with extensive validation on various robot platforms, from
mobile robots, legged robots, to manipulators (Fig. [I)).

II. PAST AND ONGOING RESEARCH

Overview. My work leverages known physics structures of
the robot dynamics and state spaces for efficient dynamics
learning with long-term predictions, ultrafast motion planning
and accurate control for safe and precise robot operations. Dy-
namics models from classical mechanics are widely used
in robotics, but may be over-simplified, leading to bias and
modeling errors. Data-driven techniques have emerged
as a powerful approach to approximate robot dynamics, e.g.,
with neural networks, but typically require a large amount of
data and training time. Hybrid approaches have started
combining physics knowledge with learning, but mainly fo-
cused on simple systems. Meanwhile, real and complex robot
systems often describe their states on a Lie group manifold,
e.g., robot/link poses on SFE(3), whose constraints are known
a priori but pose a significant challenge to incorporate into a
neural network. My work designs neural network architectures
that capture both physics structures of the (continuous-time
and discrete-time) robot dynamics, e.g., the law of energy



conservation, and the manifold structures of the state space,
e.g., a Lie group, for efficient training, generalization, accurate
long-term predictions, and control designs. Furthermore, my
work shows that other dynamics structures, such as differential
flatness [10], can unlock the potential of motion planning
under dynamics constraints by driving the planning times
to the sub-millisecond range. My unified approach of learn-
ing, planning and control enables effective robot autonomy
with: data-efficient dynamics learning and accurate trajectory
tracking [11H14]] under dynamics disturbances [15]; safety
guarantees [16} [17]; accurate jumping and backflipping ma-
neuvers [18, [19]; multi-agent tasks [20, 21], and ultrafast
generation of dynamically feasible trajectories [[22].
Learning and control of continuous-time dynamics. I
proposed a Hamiltonian-based neural ordinary differential
equation (ODE) network on Lie groups in [11H13}[15], whose
architecture captures both the energy conservation law and the
state space constraints via a Hamiltonian dynamics formula-
tion on a Lie group [23]. The Hamilton’s equations of motion
and Lie group constraints are known physics structures, whose
unknown quantities, such as kinetic energy, potential energy,
energy dissipation, and input gains, are modeled by neural
networks to capture hard-to-describe dynamics effects. The
Hamiltonian structure allows us to design an energy-based
controller [24] for trajectory tracking, successfully demon-
strated on a quadrotor [12] (Fig. [[{a)(b)) and a non-holonomic
ground robot [13] (Fig. [T(a)). While larger black-box models
struggle to converge, my approach learns accurate dynamics
from only a few minutes of state-control trajectories and
provides accurate state predictions over horizons hundreds of
times longer than those from black-box models. Our model
can be fine-tuned quickly to handle dynamics changes, e.g.,
extra payload or hardware upgrades. The encoded structures
enable Lyapunov stability analysis of our controller, which are
typically unavailable with black-box dynamics models.
Learning and control of discrete-time dynamics.
Discrete-time dynamics models, e.g., for widely used model
predictive control (MPC) [25], are typically obtained by dis-
cretizing the continuous-time dynamics using numerical inte-
gration [26]], without preserving physics laws and state space
constraints, leading to high accumulated prediction errors. In
[14], T developed a variational integrator (VI) network that pre-
serves the energy conservation law and Lie group constraints
in the discrete-time dynamics via the Lagrange-d’Alembert
principle [27]]. Unknown quantities, such as mass, potential
energy, and input gains, are represented by neural networks
and trained to capture intricate nonlinear dynamics effects
from data. The preserved physics structures effectively regulate
long-term prediction errors for accurate MPC control, e.g., on
a quadrotor [14], and challenging jumping and backflipping
maneuvers with legged robots [18 [19] (Fig. EI)(b)).
Leveraging dynamics structures for ultrafast kinody-
namic planning. Planning a trajectory that respects the robot
dynamics, i.e., kinodynamic planning [28]], is crucial for safe
and accurate robot operations. For high-degree-of-freedom
robots, such as manipulators, sampling-based kinodynamic

planners are common but their planning time is hindered by
intractable boundary value problems (BVPs) [29, 30] during
tree expansion. Recently, advances in parallelization [31} [32]]
have reduced planning times to less than a millisecond, but
are limited to geometric planning. My research addresses
these challenges by exploiting a dynamics structure, called
“differential flatness,” and develops an extremely fast kinody-
namic planning technique for a broad class of robot platforms,
from mobile robots [33H35], manipulators [10], slider-pusher
systems [36, 137], to mobile manipulators [38-40]. In my
recent work [22], this structure transforms nonlinear dynamics
into equivalent linear systems, and simplifies kinodynamic
planning by obtaining a time-parameterized solution of the
BVPs. Such closed-form solutions can be checked for col-
lisions at multiple time samples in parallel, offering sub-
millisecond planning times across benchmarks and real exper-
iments (Fig. [T[c)). Via differential flatness, my work broadly
transforms any existing geometric planners into ultrafast kin-
odynamic versions with dynamical feasibility guarantees.

III. FUTURE DIRECTIONS

My work thus far is the beginning of a long-term agenda to-
wards effective robot autonomy by unifying learning, planning
and control. My future directions will prioritize: time-critical
robotic missions, contact-rich applications, and semantic struc-
tures of the environment for planning and control.

The time-parameterization of our trajectories allows us to
specify and synthesize deadline-driven robotic missions, that
explicitly reason about task ordering, temporal dependencies,
and completion deadlines. I will develop a time-critical task
and motion planning framework under such temporal con-
straints, formulated as “durative actions” in Planning Domain
Definition Language [41], or enforced in Mission-time Linear
Temporal Logics [42]. The resulting task plan can be quickly
grounded to a trajectory by our kinodynamic planners.

In human-centric environments, it is important to consider
robot interaction with objects in planning and control. Such
interaction might create additional constraints, e.g., keeping
a cup of water upright, that can be converted to the flat state
space with simpler dynamics. It might involve object pushing,
which is shown to be differentially flat [36} 37]] and therefore,
compatible with my kinodynamic planners. For control, I will
integrate learned contact dynamics, e.g., by exploiting linear
complementarity structures [43| |44]], with parallelism for fast
and accurate sampling-based MPC controllers [45] 46].

Furthermore, human-centric environments such as homes,
offices, and hospitals are rich in spatial and semantic struc-
tures, e.g., in a scene graph map [47, 48], that can be used
to enhance planning and control, e.g., via “common sense”
reasoning capability of a foundation model [49} 50]. I have
started exploring this direction by using a large language
model with a scene graph map to guide an A* planner [51].

Finally, my future directions aim to develop an intelligent
robot system for human-centered environments that humans
can trust, thanks to embedded prior structures, while remaining
capable of self-improving over time based on past experience.
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