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Abstract: In this work, we propose a novel flow field-based motion planning
method that drives a robot from any initial state to a desired reference trajectory
such that it converges to the trajectory’s end point. Despite demonstrated effi-
cacy in using Koopman operator theory for modeling dynamical systems, Koop-
man does not inherently enforce convergence to desired trajectories nor to speci-
fied goals—a requirement when learning from demonstrations (LfD). We present
KoopMotion which represents motion flow fields as dynamical systems, param-
eterized by Koopman Operators to mimic desired trajectories, and leverages the
divergence properties of the learnt flow fields to obtain smooth motion fields that
converge to a desired reference trajectory when a robot is placed away from the
desired trajectory, and tracks the trajectory until the end point. To demonstrate
the effectiveness of our approach, we show evaluations of KoopMotion on the
LASA human handwriting dataset and a 3D manipulator end-effector trajectory
dataset, including spectral analysis. We also perform experiments on a physical
robot, verifying KoopMotion on a miniature autonomous surface vehicle operat-
ing in a non-static fluid flow environment. Our approach is highly sample efficient
in both space and time, requiring only 3% of the LASA dataset to generate dense
motion plans. Additionally, KoopMotion provides a significant improvement over
baselines when comparing metrics that measure spatial and temporal dynamics
modeling efficacy.

Keywords: Motion Planning, Dynamical Systems, Learning from Demonstra-
tions; Koopman Operator Theory

1 Introduction

Learning from demonstrations (LfD) is an imitation learning paradigm in which a robot or agent
learns how to complete a task, e.g. a particular motion, by mimicking behaviors from given demon-
strations. Learning from demonstrations is particularly useful for programming complex actions es-
pecially when desired actions cannot easily be defined as an optimization problem. As a result, there
is a rapidly growing interest in developing LfD methods for robots to learn increasingly complex
tasks. Such methods can fall under one of three categories: learning policies from demonstrations
[1], learning cost or rewards from demonstrations [2, 3], and learning plans from demonstrations
[4]. In this paper, we focus on learning policies, by learning dynamical systems from demonstra-
tions. This dynamical system can be used to generate reference trajectories for a robot during motion
planning.

To date, the most commonly used approach for learning dynamical system representations for mo-
tion planning has been Gaussian Mixture Models (GMM) [1, 5, 6, 7, 8, 9]. Other methods adopt
Neural ODEs (NODE) [10, 11], normalizing flows [12], Euclidean flows [13], or Gaussian Process
Regression [14]. While Koopman operator theory has been shown to model nonlinear dynamical
systems effectively [15, 16, 17, 18, 19, 20, 21, 22, 23], few works have used Koopman for learning
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Figure 1: Overview of KoopMotion. Demonstration trajectories are acquired, representing desired
nonlinear motions that a robot should follow. Trajectories are inputs to the KoopMotion model,
which estimates an almost divergence-free flow field for motion planning. This flow field drives
a robot from locations away from the desired motion towards the desired reference trajectory and
towards convergence to a desired goal. After scaling to the vehicle’s velocity limits, learnt KoopMo-
tion flow fields can be used for motion planning on real robots. In this work, we train KoopMotion
flow fields on demonstrations of human-drawn trajectories from the LASA handwriting dataset, de-
scribing the desired robot path in time. We evaluate the efficacy of using the learnt flow fields to
produce reference trajectories for miniature autonomous surface vehicles navigating in a flow field
tank with non-static conditions.

dynamical systems, to be used as reference trajectories that guide motion planning [24, 25, 26, 27].
Instead, most Koopman-based works adopt Koopman operator theory from a more control-theoretic
approach, and use their Koopman models for model-based control [28, 29, 30, 31, 32]. However,
of the few existing works that do focus on the direct learning of dynamical systems to generate
reference trajectories, they do not address the convergence to desired trajectories or goals. Since
Koopman operator theoretic approaches involve modeling the nonlinear dynamics via a spectral de-
composition, one can study the stability properties of the linearized systems more readily than other
approaches, such as GMMs and NODEs. Given this, we are interested in investigating whether
Koopman operator theory can be used for learning dynamical systems from demonstrations, where
a successfully learnt model captures the complex structure of the demonstrations, guides the system
to the desired motions, and converges to the desired goal.

Our contributions are a novel approach for learning almost divergence-free Koopman dynamical sys-
tem flow fields for motion planning. More specifically, we devise two novel loss functions that guide
the system towards the desired demonstration trajectories and the desired endpoint. We demonstrate
the efficacy of these novel loss functions on learning motion plans trained on the LASA handwriting
dataset. Our approach, KoopMotion, maps these hand-written motions to robot trajectories and can
be used to keep the robot tracking trajectories under disturbances, caused by, for example, unsteady
ocean flows or uneven terrain for ground vehicles or wind for aerial vehicles in agricultural fields.
We further verify the feasibility of the learnt dynamical system by evaluating our methods on a 3D
end-effector dataset, as well as on hardware experiments, whereby KoopMotion guides a miniature
autonomous surface vehicle during motion planning.

2 Problem Formulation

Given training data D, consisting of desired motion demonstrations, either in the form of short hori-
zon training pairs (X, Xg+1), or long horizon trajectory data of length T', (Xg, Xp41, - - -, Xp+7)>



where xj; denotes the system state at time-step k, learn a discrete-time nonlinear dynamical sys-
tem that drives the system towards the desired reference trajectories. We call this learnt dynamical
system a motion planning flow field, as it can be used directly to compute velocity commands for
control. The dynamical system is of the form:

Xp+1 = f(xk) (1

where f represents a nonlinear mapping that propagates the system forward in time. The system
state in this work is the position of a mobile robot.

3 Methodology

We introduce KoopMotion, our data-driven modeling approach for estimating motion planning flow
fields, learnt from demonstrations.

3.1 Koopman Operator Theory

Due to the demonstrated effectiveness of modeling nonlinear dynamical systems from trajectory
data [25] and sparse flow data [26], KoopMotion adopts a data-driven Koopman operator theoretic
method to model nonlinear dynamical systems. In short, Koopman operator theory allows us to find
a linear dynamics mapping for nonlinear dynamical systems by applying an appropriate coordinate
transform that lifts a system into a higher dimensional space, in which the system dynamics now
evolve linearly [15]. Instead of defining the dynamics as in (1), Koopman theory involves parame-
terizing f with lifting functions, ¥(-), which are functions of the state, and the Koopman operator,
KC, which is a linear operator in this lifted space. More specifically,

U(xpr1) = KV (xz). ()

Modern Koopman theory approaches involve learning ¥(-) and K from data [16, 17, 18, 19, 20, 21,
24, 30, 28, 33], arising from work in Extended Dynamic Mode Decomposition (EDMD) [34].

3.2 Learning Interpretable Dynamics with Fourier Features

Similar to prior work [25] and [26], we use a set of v Fourier features (along with the state itself)
to represent the lifting functions. This idea of predefining a set of lifting functions comes from
EDMD [34], where a dictionary of different lifting functions is selected and the contribution of each
lifting function required to linearize the dynamics is learnt from data. However, instead of having
a mixture of different lifting functions, we assume that Fourier features alone are able to provide
sufficient modeling capacity, whilst removing the need for an expert user to select candidate lifting
functions. The user then simply chooses the dimensionality of the lifted space. The lifting function
that is learnt is defined as follows:

U(Xy) = (X, cos(w{ Xy, + bg), cos(wi Xy, + b1),

3
. co8(Wh Xy, 4+ by)], *

where cosine is applied element-wise to its inputs. Each Fourier feature has two learnable parameters
w and b. Intuitively, keeping the bias terms b = 0, models with higher w terms will represent flows
with greater curvature in structure, or higher frequency dynamics.

3.3 Almost Divergence-Free Flow Fields

To shape the vector field, and encourage the KoopMotion model to learn an attractor along the trajec-
tory demonstrations, we extend prior work [26], by drawing inspiration from [35] on the divergence
of vector fields. We include an additional loss term defined by the divergence of the learnt vector
field, F: .
. . OF;
div(F) =V -F = 4
iv(E) Z T 4)




The learnt vector field, I, of the dynamical system in the original space, is estimated by computing
the difference between initial conditions and forward propagated initial conditions, mapped forward
in time, by one time step, via the learnt Koopman operator K. Since the parameters defining I arise
from the composition of differentiable, learnable lifting functions, and a differentiable, learnable
Koopman operator, then F is also differentiable. This differentiability allows us to compute the
divergence, div(F), via automatic differentiation. In practice, we apply divergence constraints on a
subset of the vector field domain. We only compute the divergence of the learnt vector field at points
that overlap with the training data. The almost divergence-free flow property, defined by V - F=0
is obtained by using a loss term that encourages the computed divergence to be zero. Intuitively,
this means that along the desired trajectory, the flow will remain neutral, without any expansion
(positive divergence) or contraction (negative divergence), minimizing any tendency of leaving the
desired trajectory.

3.4 Convergence to Goal Position

To encourage the reference trajectories to converge to a desired goal position, we add a novel loss
that is defined for parameters in the lifted space. More specifically, the lifted system at the final time
step of the trajectory, or the goal position, should be unchanged under the action of the Koopman
operator:

\ij(XTfinal) = IC(\IJ(XTfm@z,))? (5)

where X,, ., represents the state of the system at the goal position. This should correspond to the
position at the final time-step of the demonstration trajectory.

3.5 KoopMotion Loss Functions

We extend prior work [26], which uses a gradient-based Koopman optimization framework to learn
dynamical systems that mimic desired motions in space and time, and optimize over the two addi-
tional novel loss functions, namely a loss that encourages zero divergence of the learnt flow field
around the desired trajectories, and a second loss that encourages convergence to the goal:

’glinb BkEKoopman + /BdEFlowDivergence + 5g£Goal (6)
,w,

where the losses in Equation 6 are defined by:

£Koopman = \il(XkJrl) - ’6(\1,<Xk>) ‘2; (7)
OF;
EFlmuDivergence = ‘; (SXZ' 5’ (8)
LGoal = "il(XTfinal) - I€<¢J(XTfinal)) o’ 9)
and where 3 are weighting coefficients for each of the losses, and ‘ : ‘ denotes an mean squared
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error (MSE) or L2 loss. In this work, we select 8, = 1, 84 = 0.01, and 5, = 0.01. An ablation
study is performed in Supplementary S7 to understand any interactions between loss terms.

3.6 Training Data

2D data. We evaluate the performance of KoopMotion on the LASA handwriting dataset from
[1], which consists of desired motions for a robot that have been drawn by a human with a pen. In
this dataset, for each motion, a human was asked to draw 7 demonstrations of a desired pattern on
a tablet, by starting from different initial positions and ending at the same final point. The dataset
consists of 30 human handwriting motions, where 26 show the motion of the pen covering motion
in one direction. The remaining four motions include motions which start from multiple different



Figure 2: Qualitative performance of KoopMotion for learning motion planning flow fields for 30
nonlinear planar demonstrations from the LASA handwriting dataset. Training data, temporally
sub-sampled, using less than 3% of original training data (red), learnt motion plans from same
initial conditions as training data (black), motion plan from all other initial conditions in the domain
(gray). Eigenfunctions of some shapes are shown in Supplementary S1.

initial conditions, and again end at the same final point. Learning from these handwritten motions
provide motion flow fields for both a single robot or multiple robots operating in the same domain.

To train our KoopMotion model, we use planar position information only (i.e. not velocities). To
demonstrate the sample efficiency of KoopMotion, all results shown are for sub-sampled datasets,
where we take every 40-th sample of the trajectories of 1000 time-steps. This is illustrated in Fig.
8b of the Supplementary S4.

3D data. We also perform evaluations on an additional dataset of trajectories in 3D, generated
from the Robocasa simulator [36]. Datasets are acquired by teleoperating a 7-DOF robot moving in
the simulator, and collecting the pose of the end-effector. Due to space limitations, results trained
on 3D end-effector position information are shown in the Supplementary S3.

4 Results

4.1 Offline Flow Field Analysis
4.1.1 Goal Position Convergence Evaluations

Learnt KoopMotion for all 30 motions of the LASA dataset are shown in Fig. 2. The learnt motion
plans, plotted in black, show that KoopMotion is able to capture the complex nonlinear motions in
the demonstrations, even in the multi-modal examples, where demonstration trajectories start from
more than one set of initial conditions. The gray flow fields provide reference trajectories for initial
conditions outside of those in the training dataset. Upon careful inspection, qualitatively, we observe
that there are no spurious attractors in the gray flow.

To quantitatively evaluate the performance of KoopMotion, we take 500 randomly selected initial
conditions outside of the training dataset initial conditions, but within a square around the training
set, as evaluated in [1], and propagate them forward in time. We compute the number of points that
do not converge to the goal position. We report that for all 30 examples, all 500 initial conditions
converge to the end point of the trajectory, or hit a boundary wall. For these cases, we perform
interference on KoopMotion to obtain the vector field for a larger domain, to ensure that those
initial conditions that have hit a boundary wall would eventually converge to the goal position. To
better illustrate this qualitative evaluation, we include Fig. 3b, that shows the distribution of the 500
randomly seeded initial conditions, and how they all converge to the yellow goal position.

To highlight the effects of including the two novel losses, we include Fig. 3a which shows that with
only a Koopman based loss, the motion flow field almost converges to the desired goal. With the
inclusion of the goal converging loss, a spurious attractor is introduced, which is undesirable for
motion planning. However, with all three losses combined, we have both goal convergence, as well



(a) Effects of introducing novel losses in KoopMo- (b) Training data (red), learnt motion plans from same
tion motion policies: divergence loss and goal conver- initial conditions as training data (black), 500 motion
gence loss. LEFT: Lk oopmans MIDDLE: LK oopman + plans (blue) starting from 500 randomly initialized
LGoat, and RIGHT: Lxoopman + L FlowDivergence + initial conditions (green), with all 500 convergence
LGoal- points plotted (yellow) aligning with the goal position.

Figure 3: Qualitative experiments
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Figure 4: Performance evaluation of mean time dynamic time warping distance (DTWD) and mean
swept error area (SEA) over 7 demonstrations for 4 nonlinear demonstrations of the LASA hand-
writing dataset. For both metrics, the lower the value, the better. Results have been recreated from
Figure 3 found in [5]. KoopMotion (ours) has overall comparable DTWD metrics compared to base-
lines. This can also be qualitatively observed when comparing the trajectories as shown in Fig. 2,
and those in trajectories in [5] and in [37]. On the other hand, KoopMotion significantly outperforms
other baselines when comparing SEA metrics, which captures the spatiotemporal differences in the
trajectories, and is difficult to visualize qualitatively otherwise.

as desired flows from initial conditions outside of the training data. Our intuition for this behavior
is that the addition of Lg,,; may introduce conflicting optimization convergence criteria compared
to using only L g oopman, prohibiting the trajectory from converging to the goal. However, adding
L FiowDivergence Tegularizes the solution.

4.1.2 Baselines

We compare our work to results shown in [5], including their CDSP algorithm, and the baselines
therein: DMP [38] and CLF-DM [37].

4.1.3 Maetrics

To quantitatively assess the performance of KoopMotion, we compute the dynamic time warping
distance (DTWD) and swept error area (SEA), as defined in [1] between each LASA demonstration
and KoopMotion trajectories. DTWD is a measure of the similarity between the two temporal
sequences that may vary in speed. This means that it measures a similarity in the shape of the
demonstration and Koopman trajectories, without considering misalignment in time. On the other
hand, SEA penalizes both spatial and temporal misalignment between the two sets of trajectories.
SEA is defined as:

LoN 1 d d K K
SEAmean = N Zn:l Et:1~’4<xt emo’ xtJerTo7 Xy 00p7 Xt-i-olop) (10)
where N is the number of demonstration trajectories, and A (X1, X2, X3, X4) corresponds to the area

between the points x; to x4, and xfem" and xf( %P refers to the spatial location of the demonstration



segment 2

rendezvous
point

LN

I
o380
o
o
.
.
.
{ .
Im(A)
"’!t‘.
3-‘ 1
-
Im()\)
.
odee
.
)
%0 %% 00,
.o
.
~e %

Figure 5: Experimental verification of KoopMotion with miniature autonomous surface vehicles
operating in fluid flow tank on LASA LEFT leaf (Leaf_1), CENTER letter ‘z’ (ZShape), and RIGHT
multi modal (Multi_Models_4) trajectory with two starting points. TOP ROW shows training data
motion demonstrations in red, learnt motions for same initial conditions as training data in black,
attracting KoopMotion flow field in gray. Other colors show experimental runs from different vari-
ous conditions. MIDDLE ROW shows an example of snapshots of the autonomous surface vehicle in
time, with convergence to the goal. White arrows indicate direction of motion. For the multi modal
trajectories RIGHT, we show the trajectories of a robot starting from the left (segment 1), and start-
ing from the right (segment 2), and separate the two real-world experiment trajectories to emphasize
this. This experiment demonstrates that the KoopMotion flow fields can be used for multi-robot
rendezvous. We note that we did not fine-tune the existing velocity controller for these experiments.
BOTTOM ROW shows the spectral analysis of the system, showing the eigenvalues of the discrete-
time Koopman operator. The magnitude of all eigenvalues are less than 1, showing system stability.

data and KoopMotion predicted data, at time ¢. The smaller the value of these metrics, the better the
quality of the learnt dynamical system model.

Figure 4 summarizes the quantitative performance of KoopMotion in comparison to the baselines
for 4 types of motions. The results show the mean metrics over 7 sets of demonstrations for each
motion. For both KoopMotion (ours) has overall comparable DTWD metrics compared to baselines.
This can also be qualitatively observed when comparing the trajectories as shown in Fig. 2, and
those in trajectories in [5] and in [37]. On the other hand, KoopMotion significantly outperforms
other baselines when comparing SEA metrics, which captures the spatiotemporal differences in the
trajectories, and is difficult to visualize qualitatively otherwise.

4.1.4 Evaluating System Spectral Properties

Given that Koopman operator theory is a spectral method, we can apply linear tools and analysis on
the learnt system. This makes Koopman-based approaches more favorable over existing methods,
including those that model dynamical systems with GMMs, NODEs, or Gaussian Process Regres-
sion methods, whose system stability cannot be analyzed as readily. In this work, we learn a discrete
time Koopman operator, defined by Equation 2. Therefore, to assess the system stability, we can
study the eigenvalues of the learnt K. More specifically, we know that the system is asymptotically



stable if and only if the magnitude of all of the eigenvalues of K are less than 1: if |A:| <1 for all 4,
where \; are eigenvalues of C.

The bottom row of Fig. 5 includes the spectral analysis of the learnt Koopman operator that produced
the gray flow fields estimated in the top row. Given that the magnitude of all of the eigenvalues of
IC, |Ai| < 1, we know that these learnt dynamical systems are asymptotically stable.

4.2 Hardware Experiments

We evaluate KoopMotion in an indoor laboratory experimental testbed, designed to enable experi-
mental validation of motion control and coordination strategies. This testbed is a 4.5mx3.0m x 1.2m
water tank equipped with an OptiTrack motion capture system. A miniature autonomous surface
vehicle (mASV) with differential drive, is used to evaluate the reference trajectories generated by
KoopMotion. Desired reference trajectories can be computed either by Euler integration of the learnt
vector field, or through Koopman propagation. Both yield the same results. To execute these trajec-
tories on the mASYV, an on-board velocity-controller is used. We scale the learnt KoopMotion vector
field such that the maximum vector magnitude does not exceed the maximum speed of the vehicle.
Then, as summarized in Fig. 1, the robot uses the KoopMotion vector field to iteratively determine
its desired velocity, given its current position. This desired velocity v4.s is used to compute the

desired heading, § = atanQ(vd“y ) and desired magnitude, vges = ||Vdes||2. These two parameters

Vdesg

are sent to the velocity controller, which sends the required velocity commands to the left and right
rear thrusters.

Figure 5 shows the mASV operating in the tank. The second row shows the mASYV, depicted by its
LEDs in time, using KoopMotion to track the desired reference trajectory. The white arrows show
the motion of the vehicle in the tank. Given the smoothness of the learnt KoopMotion dynamical
system, the mASV is able to follow the desired reference trajectory well. Additionally, for the third
case we have a successful demonstration of the mASV completing the multi-modal trajectory, as it
starts from two different starting points, mimicking multi-robot rendezvous at the goal position.

In the first row, additional experimental runs are shown, showing that even if the robot starts in
positions away from the demonstration motions (in colors other than red and black), it is still able
to converge to the goal position (the end of the trajectory). We note several additional details about
these experiments. First, as the robot is actuated and acts on the surrounding water, the motion
of the fluid environment that the mASV operates in is non-static, possibly giving rise to the wavy
motion observed in the top row of Figure. 5. Also, we did not fine-tune the PID controller for
these experiments—other than scaling the vector field to the maximum velocity of the robot, this was
a direct transfer of KoopMotion from sim2real. We also note that the robot updates its velocity
control using the current state. However, the future predicted state or multiple predicted states could
be used for smoother control.

5 Conclusion

In this work, we have introduced KoopMotion, a data-driven Koopman operator theoretic dynamics
model that enables learning smooth motion plans that guide a system towards demonstration trajec-
tories; along trajectories, and towards their goal positions. Our experimental evaluations on the 2D
LASA handwriting dataset and 3D Robocasa end-effector position dataset both qualitatively and
quantitatively reveal the effectiveness of our novel divergence and convergence loss function terms.
Spectral analysis of the linear Koopman operator was also performed to assess the learnt system
stability. KoopMotion reference trajectories were additionally successfully evaluated on a miniature
autonomous surface vehicle operating in a fluid flow tank. We show results trained on sparsely sam-
pled datasets, highlighting the sample efficiency of our approach. In future work, we are interested
in performing evaluations on higher dimensional systems, namely for mobile aerial vehicles or ma-
nipulators, providing guarantees with methods such as those in [39], as well as extending work to
capture greater variability in the demonstration motions.



6 Limitations

This work focuses on learning dynamical systems, learnt from demonstrations that provide refer-
ence trajectories that guide the system towards demonstration motions when away from the training
data; guide the system along desired trajectories; and guide the system to convergence to a desired
goal position. While this work has empirically demonstrated the effectiveness of introducing loss
terms that encourage effective flow fields for motion planning, we do not have guarantees for these
system properties. Moreover, the divergence loss, with the weighting selected in this work, causes
the learnt trajectories to collapse onto one attractor. This means that we can lose variation present in
the motions, especially early on in the demonstration. Additionally, while the method can provide
reference trajectories, for deployment on real systems for motion planning, it relies on the avail-
ability of a low-level controller. The method also does not account for the robot’s dynamics when
learning the dynamical system.

7 Acknowledgements

We gratefully acknowledge the support of NSF DCSD-2121887.

References

[1] S. M. Khansari-Zadeh and A. Billard. Learning stable nonlinear dynamical systems with gaus-
sian mixture models. IEEE Transactions on Robotics, 27(5):943-957, 2011.

[2] A. D. Dragan, K. Muelling, J. A. Bagnell, and S. S. Srinivasa. Movement primitives via
optimization. In 2015 IEEE International Conference on Robotics and Automation (ICRA),
pages 2339-2346. IEEE, 2015.

[3] K. Dvijotham and E. Todorov. Inverse optimal control with linearly-solvable mdps. In Pro-
ceedings of the 27th International conference on machine learning (ICML-10), pages 335-342,
2010.

[4] G. Konidaris, S. Kuindersma, R. Grupen, and A. Barto. Robot learning from demonstration by
constructing skill trees. The International Journal of Robotics Research, 31(3):360-375,2012.

[5] H. C. Ravichandar, I. Salehi, and A. P. Dani. Learning partially contracting dynamical systems
from demonstrations. In CoRL, pages 369-378, 2017.

[6] H. C. Ravichandar and A. Dani. Learning position and orientation dynamics from demonstra-
tions via contraction analysis. Autonomous Robots, 43(4):897-912, 2019.

[7] N. Figueroa and A. Billard. A physically-consistent bayesian non-parametric mixture model
for dynamical system learning. In Conference on Robot Learning, pages 927-946. PMLR,
2018.

[8] T. Li and N. Figueroa. Task generalization with stability guarantees via elastic dynamical
system motion policies. In 7th Annual Conference on Robot Learning, 2023.

[9] S.Sunand N. Figueroa. Se (3) linear parameter varying dynamical systems for globally asymp-
totically stable end-effector control. In 2024 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pages 5152-5159. IEEE, 2024.

[10] F. Nawaz, T. Li, N. Matni, and N. Figueroa. Learning complex motion plans using neural odes
with safety and stability guarantees. In 2024 IEEE International Conference on Robotics and
Automation (ICRA), pages 17216-17222. IEEE, 2024.

[11] M. Kasaei, K. K. Babarahmati, Z. Li, and M. Khadem. A data-efficient neural ode framework
for optimal control of soft manipulators. In The Conference on Robot Learning 2023, pages
2700-2713. PMLR, 2023.



[12] J. Urain, M. Ginesi, D. Tateo, and J. Peters. Imitationflow: Learning deep stable stochas-
tic dynamic systems by normalizing flows. In 2020 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), pages 5231-5237. IEEE, 2020.

[13] M. A. Rana, A. Li, D. Fox, B. Boots, F. Ramos, and N. Ratliff. Euclideanizing flows: Dif-
feomorphic reduction for learning stable dynamical systems. In Learning for Dynamics and
Control, pages 630-639. PMLR, 2020.

[14] M. Schneider and W. Ertel. Robot learning by demonstration with local gaussian process
regression. In 2010 IEEE/RSJ International Conference on Intelligent Robots and Systems,
pages 255-260. IEEE, 2010.

[15] B. O. Koopman. Hamiltonian systems and transformation in hilbert space. Proceedings of the
National Academy of Sciences, 17(5):315-318, 1931.

[16] I. Mezi¢. Analysis of fluid flows via spectral properties of the koopman operator. Annual
review of fluid mechanics, 45:357-378, 2013.

[17] S. Pan and K. Duraisamy. Physics-informed probabilistic learning of linear embeddings of
nonlinear dynamics with guaranteed stability. SIAM Journal on Applied Dynamical Systems,
19(1):480-509, 2020.

[18] S. E. Otto and C. W. Rowley. Koopman operators for estimation and control of dynamical
systems. Annual Review of Control, Robotics, and Autonomous Systems, 4:59-87, 2021.

[19] S. L. Brunton, M. Budisi¢, E. Kaiser, and J. N. Kutz. Modern koopman theory for dynamical
systems. arXiv preprint arXiv:2102.12086, 2021.

[20] E. Yeung, S. Kundu, and N. Hodas. Learning deep neural network representations for koopman
operators of nonlinear dynamical systems. In 2019 American Control Conference (ACC), pages
4832-4839. IEEE, 2019.

[21] Q. Li, F. Dietrich, E. M. Bollt, and 1. G. Kevrekidis. Extended dynamic mode decomposi-
tion with dictionary learning: A data-driven adaptive spectral decomposition of the koopman
operator. Chaos: An Interdisciplinary Journal of Nonlinear Science, 27(10), 2017.

[22] B. D. Shaffer, J. R. Vorenberg, and M. A. Hsieh. Spectrally informed learning of fluid flows.
Chaos: An Interdisciplinary Journal of Nonlinear Science, 35(3), 2025.

[23] B. Lusch, J. N. Kutz, and S. L. Brunton. Deep learning for universal linear embeddings of
nonlinear dynamics. Nature communications, 9(1):4950, 2018.

[24] P. Bevanda, M. Beier, S. Kerz, A. Lederer, S. Sosnowski, and S. Hirche. Diffeomorphically
learning stable koopman operators. IEEE Control Systems Letters, 6:3427-3432, 2022.

[25] T. Salam, A. K. Li, and M. A. Hsieh. Online estimation of the koopman operator using fourier
features. In Learning for Dynamics and Control Conference, pages 1271-1283. PMLR, 2023.

[26] A. K. Li, T. C. Silva, and M. A. Hsieh. Enkode: Active learning of unknown flows with
koopman operators. IEEE Robotics and Automation Letters, 2024.

[27] Y. Han, M. Xie, Y. Zhao, and H. Ravichandar. On the utility of koopman operator theory
in learning dexterous manipulation skills. In Conference on Robot Learning, pages 106—126.
PMLR, 2023.

[28] D. Bruder, B. Gillespie, C. D. Remy, and R. Vasudevan. Modeling and control of soft robots
using the koopman operator and model predictive control. arXiv preprint arXiv:1902.02827,
2019.

10



[29] I. Abraham, G. De La Torre, and T. D. Murphey. Model-based control using koopman opera-
tors. arXiv preprint arXiv:1709.01568, 2017.

[30] I. Abraham and T. D. Murphey. Active learning of dynamics for data-driven control using
koopman operators. IEEE Transactions on Robotics, 35(5):1071-1083, 2019.

[31] F. E. Sotiropoulos and H. H. Asada. Dynamic modeling of bucket-soil interactions using
koopman-dfl lifting linearization for model predictive contouring control of autonomous exca-
vators. IEEE Robotics and Automation Letters, 7(1):151-158, 2021.

[32] N. S. Selby and H. H. Asada. Learning of causal observable functions for koopman-dfl lift-
ing linearization of nonlinear controlled systems and its application to excavation automation.
IEEE Robotics and Automation Letters, 6(4):6297-6304, 2021.

[33] S. Leask, V. McDonell, and S. Samuelsen. Modal extraction of spatiotemporal atomization
data using a deep convolutional koopman network. Physics of Fluids, 33(3), 2021.

[34] M. O. Williams, I. G. Kevrekidis, and C. W. Rowley. A data—driven approximation of the
koopman operator: Extending dynamic mode decomposition. Journal of Nonlinear Science,
25:1307-1346, 2015.

[35] J. Richter-Powell, Y. Lipman, and R. T. Chen. Neural conservation laws: A divergence-free
perspective. Advances in Neural Information Processing Systems, 35:38075-38088, 2022.

[36] S. Nasiriany, A. Maddukuri, L. Zhang, A. Parikh, A. Lo, A. Joshi, A. Mandlekar, and Y. Zhu.
Robocasa: Large-scale simulation of everyday tasks for generalist robots. arXiv preprint
arXiv:2406.02523, 2024.

[37] S. M. Khansari-Zadeh and A. Billard. Learning control lyapunov function to ensure stability
of dynamical system-based robot reaching motions. Robotics and Autonomous Systems, 62(6):
752-765, 2014.

[38] A. J. Ijspeert, J. Nakanishi, H. Hoffmann, P. Pastor, and S. Schaal. Dynamical movement
primitives: learning attractor models for motor behaviors. Neural computation, 25(2):328—
373, 2013.

[39] H. Guo, Y. Han, and H. Ravichandar. On the surprising effectiveness of spectrum clipping in
learning stable linear dynamics. arXiv preprint arXiv:2412.01168, 2024.

11



Supplementary material for: KoopMotion: Learning Almost Divergence-Free
Koopman Flow Fields for Motion Planning

S1 Additional Spectral Analyses—KoopMotion Eigenfunctions

In addition to performing stability analysis on the learnt system by studying the learnt Koopman
operator, K, as shown in the main text, we can additionally visualize the system eigenfunctions. Let
®(y) denote the eigenfunctions of K such that the following is true, for a given state of interest y:

Ke(y) = A0(y) (11)

For a eigenvector v; of K, which provides a weighting of each of the learnt basis functions \il(y),
the associated eigenfunction ¢;, is defined by:

i =v; (y) (12)

Since we are interested in studying how the Koopman mode, as defined in [16], affects or contributes
to the vector field, we define y = X1 — Xg.

Ap =0.958+0.154j Aa =0.953-+0.217; Ay =0.976+0.133)

Ay =0.966+0.127j

S
AN e\
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X =0.956-+0.0851

X =0.046 +0j g =0.921+0.0386
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Figure 6: Eigenfunctions of KoopMotion models for shapes of the LASA dataset, based on the

largest eigenvector of K. Eigenfunctions of the learnt Koopman operator represent groupings
within the domain, where the space is partitioned into regions that exhibit similar dynamics. This
is illustrated by partitions with the same color (eigenfunction value). The shapes shown here
from left to right, top to bottom are BENDEDLINE, ZSHAPE, LEAF_1, JSHAPE_2, PSHAPE,
MULTI_MODELS_4, SINE, MULTI_MODELS_3, SPOON
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S2 KoopMotion Hyperparameters

We train all shapes on the same hyperparameters to demonstrate the lack of reliance on defining a
unique set of hyperparameters for an individual nonlinear shape This lack of reliance on fine-tuned
hyperparameters contrasts prior work, which performance is dependent on a good choice of the
number of Gaussian models that make up a GMM.

For this work, we use Adam, a stochastic gradient based optimizer, for optimization over the learn-
able parameters for the Fourier features w0, b and for the Koopman operator K., defined in Equation
6. Based on the same Equation 6, we select 8, = 1, Bq = 0.01, and 5, = 0.01 for all examples
shown. We lift the system to a higher dimensional space of dimension v = 1024. We train every
KoopMotion model for 2200 total iterations, with 200 epochs and a batch size of 16, with 168 tra-
jectory points. We use a learning rate of 8¢~*. In practice, we use a low-rank form of the Koopman
operator to minimize the number of parameters to be learnt. Meaning, we use K = ABT, where
A e RUHDXr and B € RW+D*T are matrices, and K € RVTD*@+d) \where v is the number of
Fourier features, and d represents the dimension of the original system, which for planar data such
as the LASA dataset d = 2, otherwise for 3d trajectories, d = 3. We use r = 32. For a model with
v = 1024, the model is defined by approximately 70k parameters.

S3 Modeling Trajectories in Higher Dimensional Spaces

When trained on 3D position data, generated from the Robocasa simulator [36], we are successfully
able to model the nonlinearities of the 3D trajectories in the training data. The eigenfunctions are
able to additionally partition the dynamics of the three different modes of trajectories. And finally,
the learnt model is stable, as the magnitude of the largest eigenvalue is within the unit circle.

Learnt Trajectories

Training Data (Colored by Eigenfunction)

Xo =0.996-+0j

Eigenvalues of Learnt
KoopMotion Model

Max [A] = 0.99635035
004  emmmeen

0.75 - N

0.50 4 ° \

0.25

0.00

Im(\)

°

°

L]

L]

L]
e

—0.25

—0.50 Y, L4 ’

—0.75 N %

—1.00

Figure 7: Learnt KoopMotion R? dynamics for multi-modal trajectory data (3 separate groups of
starting locations, converging to one goal position). LEFT is the training data of an end effector oper-
ating in 3-dimensional space. MIDDLE is the learnt trajectories of points propagated by KoopMotion
from initial conditions matching those in training data. These trajectories are colored by the eigen-
function value of these initial conditions. Given the three distinguishing colors, (dark blue, light
blue, and red), similar to plots in Fig. 6, we demonstrate that eigenfunctions which are obtained
from the learnt Koopman operator, partition the space into regions that exhibit similar dynamics.
This partitioning is not readily available to the user with existing works, (e.g., GMMs, NODEs etc.).
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S4 Sparse Training Data

As detailed in the main text, we train on 3% of the original LASA dataset. To demonstrate how little
data is used, we include examples below. Every demonstration has 25 time-steps of the trajectory.
We train on the 7 demonstrations in the dataset. This gives rise to 168 time-steps worth of trajectories
in the training data (24 pairs of time-shifted data).

During evaluation using the metrics defined in the main text (DTWD and SEA), we compare time
integrated data against the entire dataset, which has not been sub-sampled in time.

(a) All training data. (b) Training data used

Figure 8: Sparsity of the dataset.

S5 Additional Robot Experiments

We include additional real-robot experiments that further validate the effectiveness of KoopMotion.
For these experiments, we limit the vehicle’s motion to half of the maximum velocity, for smoother
trajectory following using the KoopMotion vector fields, with a PID controller tuned for aggressive

steering, as shown for following the SINE shape well.
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Figure 9: Additional results of the miniature autonomous surface vehicle using the vector fields
for motion planning, where vector field is rescaled to half of the max vehicle velocity. The shapes
shown here from left to right, top to bottom are SPOON, ANGLE, SINE, BENDEDLINE, ZSHAPE,
MULTI_MODELS_4

14



S6 Ablation Studies—Number of Fourier Features

Across all of the shapes, we perform an ablation study on the effects of the number of Fourier
features, v on the two evaluation metrics defined in the main text, DTWD and SEA.

Table 1: Metric Average (= Standard Deviation)

Metric/v 500 750 1000 1250 1500
DTWD  1432.40 (£413.97) 1548.00 (£ 574.38) 1595.49 (£ 537.12) 1576.91 (£ 504.71) 1963.84(% 1380.01)
SEA 148.35 (+ 69.55) 162.76 (+ 78.46) 169.39 (£ 73.95) 174.94 (+68.15) 154.06(£ 75.70 )

S7 Ablation Studies—Loss Term Weighting

We ran an additional 1440 experiments to understand the effects of varying the loss term weights.
We perform pair-wise experiments for different sets of Koopman loss Sy, divergence loss 34, and
goal convergence loss 8y, where EXPERIMENTED_WEIGHTS = {0,0.1,1.0,10.0}. By pair-wise,
we mean that we keep one of the sets of weights constant, and vary the remaining two losses.
This gives rise to 48 experiments for each of the 30 shapes of the LASA dataset, that allow us to
understand the interactions between the loss terms. Note that before multiplying by the EXPER-
IMENTED_WEIGHTS, we inspect the gradient norms of each term during the initial iterations of
training, and pre-adjust the weights such that the contributions of each of the terms to the total
gradient are roughly comparable. Here, we plot SEA (DWT results show similar trends).

Heatmap of SEA with Varying fq and 3, Heatmap of SEA with Varying 84 and 35

Heatmap of SEA with Varying 8 and 3,

0.0 0.1 1.0 10.0 0.0 0.1 1.0 10.0 0.0 0.1 1.0 10.0
By B B,

Figure 10: Ablation study to investigate the effects of varying the weights in the loss function. Note
that the lower the SEA metric, the better the performance.
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Figure 11: With the divergence loss term set to zero, we are able to achieve flows that do not collapse

onto one another, but are less attracting for points away from the desired trajectory. These results

demonstrate the flexibility of the approach, where loss weights can be adjusted based on the desired
flow properties.
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