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Abstract— We integrate neural networks into kinodynamic
motion planning and present the Learning for KinoDynamic
Tree Expansion (L4KDE) method. Tree-based planning ap-
proaches, such as rapidly exploring random tree (RRT), are the
dominant approach to finding globally optimal plans in contin-
uous state-space motion planning. Central to these approaches
is tree expansion, the procedure in which new nodes are added
to an ever-expanding tree. We study the kinodynamic variants
of tree-based planning, where we have known system dynamics
and kinematic constraints. In the interest of quickly selecting
nodes to connect newly sampled coordinates, existing methods
typically cannot optimise the finding of nodes that have a low cost
to transition to sampled coordinates. Instead, they use metrics
like Euclidean distance between coordinates as a heuristic for
selecting candidate nodes to connect to the search tree. We
propose L4KDE to address this issue. L4KDE uses a neural
network to predict transition costs between queried states, which
can be efficiently computed in batch, providing much higher
quality estimates of transition cost compared to commonly
used heuristics while maintaining almost-surely asymptotic op-
timality guarantee. We empirically demonstrate the significant
performance improvement provided by L4KDE on a variety of
challenging system dynamics, with the ability to generalise across
different instances of the same model class and in conjunction
with a suite of modern tree-based motion planners.

I. INTRODUCTION

This paper seeks to integrate neural network-based learning
into kinodynamic motion planning. We focus on asymptoti-
cally optimal, kinodynamic motion planning, where one aims
to find a globally optimal plan between the start and goal
coordinates while remaining both (1) collision-free and (2)
compliant with the kinodynamic constraints of the robot or
control system. When the search-space is continuous, kino-
dynamic variants of tree-based motion planning algorithms
are often the main workhorse for tackling these problems.
Existing tree-based methods often consider both collision and
kinodynamic constraints jointly during the motion planning
procedure. However, if one disentangles the two constraints,
one notices that collision constraints are environment-specific.
In contrast, kinodynamic constraints are inherited from the
robot hardware and do not vary over different planning tasks.

Our motivation stems from the critical need for efficient
and globally optimal motion planning in the context of kin-
odynamic systems. Kinodynamic motion planning is a fun-
damental problem in robotics. Robots must navigate through
complex environments while adhering to collision avoidance
and kinematic constraints. Achieving this balance is essential
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for real-world applications like autonomous vehicles, indus-
trial robots, and humanoid robots. In particular, unlike the
assumption of holonomic robots, practical, real-world robots
are often subjected to some form of kinodynamic constraints.
The choice of nodes directly impacts the efficiency and
quality of the resulting motion plan, where existing methods
typically rely on simplistic heuristics, like Euclidean distance,
to guide node selection. By providing a more accurate estima-
tion of state-transition cost, tree expansion can often benefit
from successful and realistic distance estimation during state
forward propagation, thereby expanding the capabilities of
kinodynamic planners.

With this insight, we integrate neural networks into
the planning process and contribute the Learning for
KinoDynamic Tree Expansion (L4KDE) method within tree-
based motion planners. L4KDE utilises a neural network to
predict the cost of transitioning between states under kinody-
namic constraints, allowing for efficient retrieval of the cost
when planning online. By leveraging the high representation
capacity of neural networks, L4KDE is exceptionally novel
in that it can also be directly conditioned on the parameters
of the dynamics model (For example, velocity limits). By em-
ploying the cost as a node selection heuristic in tree expansion
of the underlying planning algorithm, we obtain significant
improvements in planning performance over the commonly
used Euclidean heuristic. We show that L4KDE consistently
improves performance when used within a wide range of
tree-based motion planning algorithms across a variety of
tasks. Importantly we show that the improvement provided by
LAKDE holds for state-of-the-art, tree-based, asymptotically
optimal kinodynamic motion planners [1], [2].

II. RELATED WORK

Kinodynamic planning refers to the class of robot systems
that must obey kinematic and differential constraints [3]. For
example, velocity, acceleration or force bounds in systems
such as nonholonomic vehicles [4] and locomotion systems
[5]. Sampling-based motion planners (SBPs) are a class of
algorithms that avoid explicit representation of state space
while connecting feasible states to form solution trajecto-
ries. Compared to solutions given by trajectory optimisation
techniques which are prone to local minima [6], or reac-
tive methods which can be myopic [7], [8], SBPs provides
probabilistic completeness [9] and almost-surely asymptotic
optimality guarantee [10].

Tree-based methods such as RRT [11] are the predom-
inant methods in SBPs. RRTs utilise random sampling to
create Voronoi bias [12], which helps to explore the space
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rapidly [13]. Compared to roadmap-based methods such as
PRM [14], tree-based methods do not require a steering
function, which requires solving the two-point boundary
value problem. Techniques that focus on sampling-based
planning can either focus on the algorithmic parts of graph
construction [15] or the sampling aspect of the planner [16].
Experience-based approaches can also improve planning ef-
ficiency, for example, the Lightning [17] and Thunder [18]
framework uses database structure to store past trajectories.
However, most of these approaches only focus on kinematic
planning and are not directly applicable to kinodynamic plan-
ning. Additionally, LAKDE is able to generalise over entire
classes of dynamics models, where each may have different
constraint limits or parameter values, which are conditioned.

For kinodynamic motion planning, we can form a suitable
steering function with LQR [19] in systems dynamics that
quadratic functions can linearise. Some approaches use tech-
niques to discover narrow passages [20], [21], uses space
projection [22] or heuristic measures of obstacles bound-
ary [23] to improve sampling. However, most approaches do
not work with kinodynamic constraints. There have also been
numerous learning approaches, such as leveraging experience
or environment [24] to utilise learned neural networks for
sampling. However, this is often not directly applicable to the
general class of kinodynamic problems, when more complex
differential constraints are involved.

Learning-based approaches have been one of the main
focuses in the sampling procedure of SBPs, for example,
by learning sampling distribution [16] from previous experi-
ence or utilising obstacle information to form an informed
distribution [25]. However, the node selection procedure is
understudied, as most existing works use Euclidean distance
to guide tree expansion [26]. Moreover, there are a few
works dedicated to asymptotically optimal, kinodynamic plan-
ning [1], [2], [27], but most continue to use the ill-formed
Euclidean distance metric to expand nodes in their search
trees. In this work, we attempt to tackle this issue by formal-
ising the learning-based tree expansion procedure under the
kinodynamic planning framework.

III. KINODYNAMIC TREE-BASED MOTION

PLANNING

A. Problem Setup

We shall first outline the kinodynamic motion planning
problem. Let the state space be denoted as X, the set of
controls within the control constraints as I/, the set of states
where kinematic constraints are satisfied as K, and the set of
collision-free states as O.

Definition 1: A feasible kinodynamic planning problem
asks, given an initial state xo, goal state X447, System dynam-
ics given by f, to produce a trajectory x(t) : [0, timaz] — X
and a sequence of controls u(t) : [0, tyaz] — U, such that:

=}
=

(initial state) (1)
(goal state) (2)
(kinematics) (3)

x(0) = xo,
X(tmam) = Xgoal

x(t) € K C X, Vt € [0, tinasl,

(t) € O C XVt €0, tmaz)s (obstacles) (4)
x'(t) = f(x(t),u(t)),Vt € [0,tmaz], (dynamics) (5)
The optimal kinodynamic planning problem additionally

asks to find a trajectory that minimises an objective cost,

subject to the constraints in eqs. (1) to (5). This objective is
given by:
C(x0,%x) = / L(x(t),u(t))dt + ®(x(tmaz)), (6)

0
where L is the incremental cost, and ® is the terminal cost.

X

tmax

B. Tree-Expansion

Tree-based motion planners like RRT* [28] iteratively con-
nect new coordinates into a space-filling tree by randomly
sampling and checking coordinates before expanding the
tree to connect with valid samples. This typically requires
a steering function, which finds the optimal path between
two coordinates under the presence of no obstacle—in the
absence of kinodynamic constraints, this is simply finding a
straight line. Although a steering function may be available
for a restrictive class of kinodynamically constrained systems,
we cannot generally find the optimal path without resorting to
solving an optimal kinodynamic planning problem between
a tree node and the sampled point.

To address this challenge, kinodynamic variants of tree-
based methods have been introduced. These methods do not
seek to connect sampled coordinates deemed valid but sim-
plify the optimisation and attempt to forward propagate from
the nearest existing tree node in a kinodynamically feasible
manner to a viable coordinate “closest enough” to the sample,
where the viable coordinate to the tree in lieu of the sample.

The algorithmic outline of the tree expansion is shown in
algorithm 1. In the tree-building process, provided a randomly
sampled coordinate, we: (i) find the nearest node, X,¢tipe, i
the existing tree 7, via Nearest(-); (ii) propagate trajectories
by holding a valid control from Xgctive, for a randomly sam-
pled amount of time, to find a candidate “close” coordinate
Xcandidate- LThis is typically performed by either randomly
selecting a control, or randomly sampling and holding mul-
tiple controls and selecting the sampled control where the
final state is the closest to Xgumpie; (iii) validate whether
Xcandidate Can be feasibly connected to X,ctie, by checking
if the connection satisfies collision constraints and if the cost
to reach the new node is below the current best cost ¢*; (iv)
connect Xcqndidate S @ Nnew node to 7. The tree expansion
process is run iteratively as we sample more coordinates as

Xsample-
IV. L4KDE
In this section, we introduce our method of kinodynamic
tree expansion, Learning for KinoDynamic Tree Expansion

(L4KDE). In the following sections, we (i) outline the flaws
of the existing active node selection heuristic in tree-based
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(a) Existing tree-based kinodynamic methods select the active node
with Euclidean distance. The two coordinates are close in Euclidean
space but moving from the left to the destination on the right, assuming
Dublin’s car dynamics, may be fairly costly to reach (via red trajectory).
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(b) Transition costs between the origin state (61 = m,02 = m) and
other coordinates in state-space, for the double pendulum (with 4D
state-space). Axes shows the the two joint angles 01, 2 and the angular
velocity of the first joint wi (w2 omitted for visualisation).

Fig. 1: Illustrations of (a) the problem with an ill-informed metric and (b) visualisation of learning the differential system dynamics with
the proposed L4KDE. Existing tree-based kinodynamic methods select the active node with Euclidean distance. The two coordinates are
close in Euclidean space. However, moving from the current coordinates on the left to the destination on the right, assuming Dublin’s car

dynamics, may be fairly costly to reach (via red trajectory).

Algorithm 1 Kinodynamic Tree-Expansion

Require: 7, Xgqmple, HoldControl(-,-), Nearest(-), U,
C(-,-), ¢*, CollisionCheck(-), ExpandTree(-,-, )
Xactive < NeaIGSt(Xsa7nple)

Xcandidate < HO]-dcontrOJ-(Xactivea u, t)
if (CollisionCheck(Xcqndidate)) &
(C(X07Xcandidat6) < C*) then
T < ConnectNewNode (T, Xactive, Xcandidate )
end if

planning in the kinodynamic setup, where Euclidean distance
or absolute angular difference is used as a proxy for transition
cost [1]; (ii) describe a learning-based approach to predict
transition costs for the selection of active nodes quickly;
(iii) elaborate on training a neural network to predict state
transition costs.

A. Euclidean-based Heuristics: Fast but Flawed

The heuristic Nearest(-) aims to find the node in the
existing tree, which is the nearest to the sampled point under
kinematic constraints. From algorithm 1, we can see that
this is decoupled from the collision-checking. When calling
Nearest(-) during tree-expansion, existing kinodynamic tree-
based planning methods select the closest node coordinates
from the tree, 7, using Euclidean distance,

Xactive = NeareSt(Xsample) (7)

= arg ;IIGI%I_HX - Xsa’mple”2- (8)

In the absence of kinodynamic constraints, choosing the active
node via minimising the Euclidean distance is guaranteed
to provide the lowest cost path to the sampled coordinate.
However, under kinodynamic constraints, this is often not the
case and a high cost may be required to transition coordinates
close to Euclidean space. We illustrate in fig. 1a an example
of coordinates that are close in Euclidean distance but are rel-
atively costly to reach under the Dubins car dynamics. In later
sections, we shall empirically demonstrate that in many com-
mon kinodynamic planning tasks, the nearest node, according

to Euclidean distance, is frequently costly to transition to.

B. Transition Cost Prediction for Tree Expansion

Would it then be possible to find the nearest point, being
the node on the existing tree 7, which can reach Xsqmple
while incurring the lowest cost? Computing the (lowest) cost
to kinodynamically feasibly transition between two coordi-
nates in the absence of obstacles requires solving the optimal
cost kinodynamic planning problem between nodes in the
tree and the sampled coordinate. Finding the nearest node
based on transition cost requires us to solve the constrained
optimisation problem:

Xactive = arg Illei%}TransitionCost()gxsample), 9)
xX

TransitionCost (X, Xsample) = mi{} C (%, Xsampte) (10)
ue

S.t. X(O) =X, X(tmaz) = Xsample (11)
x(t) € K C X, (12)
x'(t) = f(x(t),u(t)),Vt € [0, tmaz].  (13)

In general, finding the cost of a feasible trajectory between
nodes in the existing tree and the newly sampled node cannot
be efficiently solved online. We propose to approximate in-
stead the obstacle-free transition cost function in eq. (10) via
offline learning with a function approximator and minimise
the approximate cost online to select the active node. Impor-
tantly, as the cost function factors in the kinodynamic con-
straints but not the environment-specific collision-avoidance
constraints, the trained model is specific to the system dy-
namics and does not need to be tuned when planning in
different environments. We use a neural network, denoted as
gg, with parameters @ as the function approximator. Finding
the nearest node by the approximate transition cost is then
given as the unconstrained:

Xactive = ar'g gg;l_ ge (X7 Xsample)~ (14)

15)
This can be solved very efficiently, as it only requires one

ge ~ TransitionCost((X, Xsample)-
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batched query of gg, then selecting the argmin from the
outputs. The batched querying of neural networks can be per-
formed efficiently in parallel on a GPU. Empirically, we found
the run-time of finding X,¢¢ive Via €q. (15) to be roughly twice
as long as finding X,.ti0e Via eq. (8), as is done in existing
planning methods. It is important to note that our approach
continues to maintain almost-surely asymptotic optimality
guarantee for our various optimal planners as our procedure
does not alter their subroutine optimality convergence. We
had omitted the discussion in this work for brevity.

C. Training the Function Approximator

As the kinematic constraints are not tied to a specific
environment, we can train the function approximator offline
go : S xS — R to approximate the transition cost. We collect
a dataset with n data examples D = {(Xy445 X, 001)> € o1
where c is the cost to the goal, X041, from the start X4
This dataset can come either from offline simulation or by
observing planning runs online in a life-long learning manner.
As stated above, we use a neural network as the function
approximator gg. Neural networks are universal function
approximators [29], and have been widely used on learning
problems involving large and high-dimensional datasets. We
train the neural network via mean squared error loss:

E(e) - ||C*ge(xst(wt @Xgoal)H%v (16)
where X141 @ Xg0q1 denotes the vector concatenation of the
start and goal coordinates. The model gg can then be trained
via gradient descent optimisers.

Typically, the dataset D is collected from a single system,
and the learned transition cost predictor will be specific to the
dynamics model and kinematics constraints of that system.
Importantly, we can learn a transition cost predictor to a
class of dynamic models with varying kinematic constraints
by conditioning on the limit values of the constraints. For
example, we can learn a cost predictor model for Dubins car
models with various turn rate limits, which we denote as €.
We then augment the input space of the neural network by
concatenating the turn rate, i.e. go(Xstart © Xgoar P €2). The
results are shown in table I.

V. EXPERIMENTAL RESULTS

We extensively validate L4KDE for tree expansion using
multiple dynamics models; the model dynamics examined
include: (1) Dubins car dynamics with condition-able turn
rate; (2) Double pendulum dynamics; and (3) Gooseneck
trailer dynamics.

The Dubins car dynamics are given by x = [xz,y,0)]
and u = [us,ug), where & = ugcosf, § = u,sinb, 0 =
Us/ Laxies tan ug, and Lyyes denotes the distance between the
front and rear axles. The Double Pendulum dynamics are
given by x = [01, w1, 02, ws] and u = [ug,, Ua, ], Where 0; =
Wi, Wi = Uq, /(mL?)—gsin®;/L;, and L; denotes the length
of the i" arm. The Gooseneck Trailer dynamics are given
by x = [x,y,601,02] and u = [us, ug], where & = u, cos ¥,
7 = u,sinb, 6, = us/Lq tan ug, Gy = us/ Lo sin (61 — 602),
and L, L, denote the axles distance.

The L4KDE tree-expansion method can be used within a
suite of widely-used tree-base kinodynamic motion planners;
these include: (1) RRT [30]; (2)Anytime RRT [31]; (3)
SST [2]; (4) SST* [2]; and (5) AO-RRT [1]. We additionally
compared our planner with (6) AO-EST [1] which is incom-
patible with LAKDE because its tree-expansion mechanism
measures the space’s expansiveness.

All experiments are repeated 20 times, with a maximum
run-time of 30 seconds for the Dubins vehicle, 3 minutes
for the double pendulum and 5 minutes for the gooseneck
trailer dynamics. All our models use the same neural network
architecture: state space input dimension, followed by 5 fully
connected layers, each with ReLU activation functions in
between, and a Sigmoid as the output activation function.
During training, we scale the target cost to cover the full
range of the Sigmoid layer’s output. The metrics used in our
experiments are (1) time-to-solution: the time, in seconds,
taken to find a feasible solution; (2) success percentage: the
percentage of runs where feasible solutions are found.

A. Dubins Car: Conditioning on Constraint Limit Values

We wish to investigate whether L4AKDE can generalise
over an entire class of dynamics models and predict the
transition cost of Dubins car models with different kinematic
constraints. We consider Dubins car models with different
turn rate constraints, where |u,| < arctan (Lgxes - €2). The
bounds on turn rate ?TZ are denoted as €. We collect transition
cost data from Dubins car models where the turning rate
limits, 2, are 15 equi-distance values between 0.5 and 7.
We then run L4AKDE within the tree-based motion planners,
where ) = {0.5,1.38,2.26, 7}. An illustration of the test
environment, along with an example solution (in red) and the
tree (in grey), is given in fig. 4a. The results of using L4AKDE,
as compared to using Euclidean distance to select nearest
nodes, within tree-based approaches is tabulated in table I,
and the shortest time-to-solution plan for each €2 is given in
bold. We observe that for different turn rate limits and over
different motion planning methods, using L4KDE for tree
expansion gives consistently shorter time-to-solution values
and higher success percentages. The success percentages of
each tree-based motion planner for each €2, over different
run-times, are shown in fig. 2. We observe that the LAKDE
variants of motion planning algorithms have a higher success
rate at almost any given time than the standard variants.

B. Gooseneck Trailer and Double Pendulum: L4KDE for
Highly Challenging Systems

We validate that L4AKDE improves the quality of the tree
expansion in the challenging gooseneck trailer and double
pendulum tasks. An outline of the environmental obstacle
setup is shown in fig. 4b and fig. 4c. The time-to-solution
and success percentage results are tabulated in table II. We
see that for each of the different motion planning algorithms,
using L4KDE significantly improves performance, often re-
ducing the time-to-solution by more than half. The percentage
of success over time for each method is illustrated in fig. 3. We
observe that LAKDE variants of the suite of motion planning
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TABLE I: Time-to-solution and success percentage for the Dubins Car turn-rate experiments.

Motion Planner

Dubins Car Maximum turning rate (1 + o)

Q=05 Q=1.38 0 =226 Q=
Standard with L4KDE Standard with L4KDE Standard with L4KDE Standard with L4KDE
. RRT 10.84 £ 7.55 7.98 £ 6.81 4.07 £ 4.02 238 + 1.75 2.66 + 3.34 0.96 + 0.93 1.39 £ 0.95 2.05 + 1.79
S AO-RRT 17.99 + 3.89 7.45 +7.86 8.75 £ 9.27 2.74 + 1.82 429 +5.17 0.64 + 0.40 3.58 + 3.01 0.71 £ 0.60
28 Anytime-RRT 15.31 £ 4.65 6.95 + 4.58 5.84 + 4.52 235+ 1.85 3.63 +2.68 1.33 + 1.07 393 +3.05 2.26 + 2.04
4 SST - 9.05 + 5.81 6.40 + 6.32 1.31 + 0.97 5.52 + 6.54 1.59 + 1.34 3.86 + 4.03 1.59 + 1.69
é SST* - 20.50 + 5.64 8.29 + 6.43 3.33 +2.57 491 £ 452 1.37 £ 1.58 3.76 + 4.50 2.10 £ 1.76
AO-EST - N/A 20.70 + 5.41 N/A 17.23 + 5.68 N/A 11.84 £ 5.95 N/A
. RRT 65.0% 70.0% 100.0% 100.0% 100.0% 100.0% 85.0% 100.0%
g AO-RRT 10.0% 85.0% 95.0% 100.0% 95.0% 100.0% 95.0% 100.0%
P Anytime-RRT 40.0% 50.0% 80.0% 100% 90.0% 100% 95.0% 100%
8 SST 0.0% 85.0% 95.0% 100% 100.0% 100.0% 95.0% 100.0%
;:; SST* 0.0% 45.0% 85.0% 100.0% 100.0% 100.0% 100.0% 100.0%
AO-EST 0.0% N/A 75.0% N/A 90.0% N/A 95.0% N/A
& - SST* (L4KDE) SST* # - SST (L4KDE) SST
==% = RRT (L4KDE) =O= RRT ==#% = Anytime-RRT (L4KDE) ==O= Anytime-RRT
=% - AO-RRT (L4KDE) = 0= AO-RRT =0O= AQO-EST
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Fig. 2: Success percentage for various max turn-rate {2 in the Dubins car environment.
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TABLE II: Time-to-solution (x = o) and success percentage for the double pendulum and beetle gooseneck trailer

Motion Planner

Double Pendulum

Standard with L4KDC
i RRT 5358 £+44.76  20.58 + 24.21
] AO-RRT 54.23 £27.69  23.99 + 20.06
) Anytime-RRT 50.94 £29.90  16.76 + 10.21
& SST 55.41 £ 33.71 28.52 + 34.72
E SST* 63.04 £37.16  36.97 + 19.31
AO-EST 119.39 + 28.57 N/A
. RRT 100.0% 100.0%
‘g AO-RRT 80.0% 100.0%
2 Anytime-RRT 95.0% 100.0%
8 SST 100.0% 100.0%
é SST* 100.0% 100.0%
AO-EST 35.0% N/A

Motion Planner

Beetle Gooseneck Trailer

Standard with L4KDC
, RRT 17176 + 116.88  95.04 + 94.92
3 AO-RRT 293.50 + 28.35  201.93 + 108.89
& Anytime-RRT | 12643 + 108.44  65.31 + 68.08
b SST 131.50 + 110.57  95.17 + 112.39
.E SST* 17774 + 11596 167.84 + 121.38
AO-EST 281.91 * 56.69 N/A
) RRT 65.0% 90.0%
g AO-RRT 5.0% 55.0%
2 Anytime-RRT 80.0% 95.0%
g SST 85.0% 80.0%
é SST* 55.0% 60.0%
AO-EST 10.0% N/A
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Fig. 3: Success percentage in the Double Pendulum and Beetle Gooseneck Trailer environment over 20 runs.

(a) Dubins car. Red circle denotes goal cle denotes goal

algorithms have a consistently higher success percentage over
almost all points in time for both challenging problem setups.

C. Offline Training time vs Cumulative Performance Improve-
ment

Training of the predictive model gy can be accomplished
offline and as such is not time-critical to online planning
performance. As such, we can characterise training as a “sunk
cost” before the online motion planning. We wish to contex-
tualise the benefit of L4AKDE with respect to the time that it
took to fully train our predictive model. In fig. 5, we record
our model’s training and testing loss against wall time for the
double pendulum problem. We then run multiple planning
episodes using AO-RRT with and without L4KDE on the
double pendulum problem setup, and record the cumulative
time-to-solution differences between the two. All procedures
are performed on the same hardware. We found that training
our model can fully converge within one minute. This is
the one-time cost of training. Our sunk cost (in wall-time)
can then be recovered within 1-2 episodes, and thereafter,

(b) Gooseneck trailer. Red cir-

(d) DP with a successful trajec-
tory

Fig. 4: Planning environments. Solution trajectories are shown in red; tree in grey ((a) and (b)) and blue ((c) and (d)); obstacles in black.
Subfigure (c) and (d) illustrate the Double Pendulum (DP) problem with obstacles.

(c) DP during planning. Red
line denotes goal

the cumulative benefit of using LAKDE grows with every
additional planning episode. This illustrates the simple yet
powerful cumulative benefit of utilising our learning-based
method in kinodynamic problems. The sunk cost of training
the predictive model can be recovered after a fairly small
number of motion planning episodes.

VI. CONCLUSION

We integrate neural networks into kinodynamic motion
planning. We introduce Learning for KinoDynamic Tree
Expansion (L4AKDE) method for kinodynamic tree-based plan-
ning. Existing kinodynamic tree-based methods use Euclidean
distance as a proxy for transition cost when selecting the
nearest nodes on the tree. Using Euclidean distance for node
selection is fast but often leads to suboptimal nodes being
selected. Instead, we propose to train a neural network to
predict the transition cost online efficiently. Our model is able
to condition the parameters and limits of the dynamics model,
enabling us to predict the costs over an entire class of models
rather than a single model. We demonstrate that utilising
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Fig. 5: The cumulative benefit of using L4KDE is that it accelerates planning after passively observing the transitions of system dynamics.
Left plot shows the training loss against time in the double pendulum problem. Right plot illustrates the corresponding time saved
(cumulative differences of time-to-solution, yi = Zf(tstandam,i — trakpE,i ) when using L4KDE for the tree expansion.

L4KDE for tree expansion provides significant performance
improvements in terms of success rate for a given time
budget and time to solution within a suite of state-of-the-art
asymptotically optimal, tree-based motion planning methods.
We additionally show that the upfront cost of training our
model quickly pays for itself after only a few online motion
planning episodes in terms of overall compute time saved.
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