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Abstract— We present KoopCast, a lightweight yet efficient
model for trajectory forecasting in general dynamic environ-
ments. Our approach leverages Koopman operator theory,
which enables a linear representation of nonlinear dynamics
by lifting trajectories into a higher-dimensional space. The
framework follows a two-stage design: first, a probabilistic
neural goal estimator predicts plausible long-term targets,
specifying where to go; second, a Koopman operator-based
refinement module incorporates intention and history into a
nonlinear feature space, enabling linear prediction that dictates
how to go. This dual structure not only ensures strong predictive
accuracy but also inherits the favorable properties of linear
operators while faithfully capturing nonlinear dynamics. As a
result, our model offers three key advantages: (i) competitive
accuracy, (ii) interpretability grounded in Koopman spectral
theory, and (iii) low-latency deployment. We validate these
benefits on ETH/UCY, the Waymo Open Motion Dataset, and
nuScenes, which feature rich multi-agent interactions and map-
constrained nonlinear motion. Across benchmarks, KoopCast
consistently delivers high predictive accuracy together with
mode-level interpretability and practical efficiency.

I. INTRODUCTION

Trajectory forecasting of dynamic agents, such as pedes-
trians and surrounding vehicles, is a cornerstone of reliable
robotic navigation systems. Yet, despite extensive research,
forecasting remains intrinsically difficult: the intentions of
dynamic agents are unobservable, their motion patterns are
shaped by complex environmental contexts, and the resulting
trajectories exhibit strong nonlinearity. To cope with these
challenges, many state-of-the-art models employ large neural
networks [1], [2], [3], [4], which achieve strong benchmark
performance. However, these approaches come with critical
limitations: their black-box nature undermines interpretabil-
ity and trust in safety-critical decision-making pipelines,
and their substantial computational demands hinder real-
time deployment in downstream planning and control. This
gap underscores the need for forecasting frameworks that
combine predictive accuracy with transparency and com-
putational efficiency, ideally by exploiting structured math-
ematical representations, such as linear operator models,
to faithfully capture nonlinear dynamics while remaining
interpretable and lightweight.

In the pursuit of interpretable and computationally efficient
data-driven models for nonlinear dynamics, the Koopman
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operator has recently gained prominence in the robotics com-
munity [5], [6], [7], [8]. This framework lifts nonlinear sys-
tems into high-dimensional linear representations, enabling
data-driven methods to learn the parameters of the lifted
dynamics. By virtue of its linear structure, the Koopman
operator supports fast execution and consistent long-term
behavior. Moreover, this linearity facilitates a principled
analysis of the original nonlinear system, allowing it to be
interpreted through standard linear algebraic tools [9]. Con-
sequently, the Koopman operator framework offers a distinc-
tive combination of rapid inference, strong interpretability,
and competitive accuracy, making it particularly well suited
for trajectory forecasting in robotic navigation.

Building on these advantages, we introduce KoopCast, a
trajectory forecasting model that leverages Koopman opera-
tors in a data-driven setting. To the best of our knowledge,
KoopCast is the first model to perform trajectory forecasting
by explicitly learning Koopman operators. By representing
nonlinear dynamics through lifted linear systems, Koop-
Cast delivers strong performance across several dimensions:
achieving high predictive accuracy, ensuring stable trajectory
generation via spectral analysis, and enabling efficient train-
ing and inference through its lightweight structure.

Concretely, our approach leverages Koopman operator
theory to represent dynamics as linear in a high-dimensional
lifted space, incorporating both intent and history into non-
linear observables. This is particularly powerful because,
once an agent’s high-level intent (e.g., reaching a goal)
is specified, its motion typically follows consistent non-
linear dynamics rather than being governed solely by un-
certainty [10], [11], [12]. This structure enables accurate
trajectory refinement via a linear representation. Accordingly,
KoopCast performs prediction in two stages: (i) goal esti-
mation that integrates history, structural context (e.g., map
and lane information), and interactions with other agents;
and (ii) trajectory refinement, where the Koopman operator
captures nonlinear motion within a linear framework.

Through this Koopman operator-based trajectory recon-
struction, our framework not only improves predictive ac-
curacy but also enables interpretation and analysis of agent
dynamics through the lens of linear algebra. Extending this
perspective, KoopCast may further contribute to a deeper
understanding of pedestrian and vehicle behaviors in future
research. At the same time, it achieves low-latency inference
via a simple operator-multiplication structure, making it
well suited for autonomous driving applications. Together,
these properties highlight the significance of KoopCast in
ensuring reliable navigation performance when integrated
with downstream planners or controllers.
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Fig. 1: Overview of KoopCast. The prediction process is divided into two phases: (1) estimating a temporal goal from
history, map, and interactions; (2) refining the trajectory via Koopman operator theory, where nonlinear lifting functions
enhance accuracy by enabling stable and interpretable linear evolution of motion.

The contributions of this paper are summarized as follows:
• We propose KoopCast, a trajectory forecasting model

grounded in Koopman operator theory to address the
nonlinear nature of agent dynamics. By leveraging
its linear structure, KoopCast offers a straightforward
learning procedure, further enhanced by our design
of goal-conditioned observable functions that improve
learning efficiency. As a result, KoopCast achieves
competitive prediction accuracy across ETH/UCY [13],
[14], the Waymo Open Motion Dataset (WOMD) [15],
and nuScenes [16].

• We conduct a spectral analysis on the learned Koopman
matrices and confirm that their spectral radii remain
bounded by 1, ensuring marginal stability of the fore-
casts. Moreover, we identify specific Koopman modes
near the unit circle (|λ| ≈ 1) that dominate agent be-
havior, illustrating KoopCast’s potential for interpreting
complex motion dynamics.

• We design KoopCast with a shallow observable func-
tion and Koopman operator-based matrix formulation,
substantially reducing computational overhead. Empiri-
cally, we demonstrate inference times up to 93.5% lower
than recent deep learning-based methods [1], making
KoopCast well suited for downstream navigation tasks.

The implementation is publicly available at https://
github.com/KoopCast/KoopCast.

II. RELATED WORK

Trajectory prediction. Early efforts in dynamical agent
trajectory prediction (e.g. pedestrians and vehicles) em-
ployed physically grounded and rule-based models [17],
[18]. However, these approaches suffered from limited local
accuracy and an inability to capture latent features, as
they relied heavily on predefined rules and prior domain
knowledge. With the rise of deep learning and large-scale
datasets, data-driven methods have become dominant, span-
ning LSTM-based sequence models [19], [20], convolutional
and graph architectures [21], [1], generative models such as
GANs [22], [2] and diffusion models [3], as well as Trans-
formers [4], [23]. A particularly promising direction is the

intention–refinement paradigm [11], [10], where high-level
intentions are first localized and then refined into detailed
motions. While achieving strong performance, modern deep
learning–based approaches suffer from long inference times
and limited interpretability, motivating alternative designs.
Yet although these improve efficiency via lighter architec-
tures and offer partial structural interpretability [24], [25],
they rarely provide a principled analytic treatment grounded
in dynamical-systems theory. KoopCast addresses these lim-
itations by providing a lightweight, supervised alternative
that combines high interpretability with practical efficiency,
without sacrificing predictive accuracy.
Koopman operator theory. The Koopman operator [26], a
long-standing framework for representing nonlinear dynami-
cal systems in linear form, has gained renewed interest with
the rise of data-driven methods that can construct effective
approximate representations [27]. Thanks to its linear struc-
ture, the Koopman operator framework enables a straight-
forward extension of control-theoretic tools developed for
linear systems and has been applied to diverse robotics
problems, including system identification, prediction, and
model-based control [28], [29]. Whereas prior efforts have
primarily focused on modeling macroscopic crowd behavior
using Koopman operators (e.g., [30]), we instead apply the
framework at the level of individual agents, directly learning
and predicting their inherently nonlinear movements. This
shift allows Koopman operator-based methods to capture
fine-grained pedestrian, vehicle, and cyclist dynamics that
cannot be explained by macroscopic approximations alone.

III. BACKGROUND: KOOPMAN OPERATORS

We consider a discrete-time nonlinear dynamical system
on a state space S ⊂ Rn with dynamics sk+1 = F (sk),
where sk ∈ S. Let Φ ⊂ {φ : S → R } denote a vector
space of observables, which can be chosen, for example,
as the space of bounded continuous functions Cb(S) or the
space of square-integrable functions L2(S). The Koopman
operator K : Φ → Φ is defined through composition as
(Kφ)(s) = φ

(
F (s)

)
, φ ∈ Φ. The operator K is linear on

Φ, even when the underlying map F is nonlinear. Thus,
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Fig. 2: Illustration of the KoopCast framework.

the Koopman operator provides a linear propagation of
measurement functions of the system state along the flow
of the dynamics.

Ideally, one would select observables that form an in-
variant subspace; however, since this is generally infeasible,
practical approaches rely on effective observables with well-
characterized approximation errors [31]. Common choices φ
include polynomial basis functions [32], [33], approximate
eigenfunctions [34], and data-driven lifting functions learned
via neural networks [35], [36]. In this work, we adopt
polynomial basis functions to construct the approximation.

The resulting finite-dimensional model takes the following
form. Let U = span{φ1, . . . , φp} ⊂ Φ(S) denote an ap-
proximate K-invariant subspace, which specifies the chosen
dictionary of lifting functions. Each basis element φj : S →
R is observable, and the collection φ = (φ1, . . . , φp) defines
the lifting map. The lifted state

zk = φ(sk) ∈ Rp, (1)

resides in the finite-dimensional feature space Rp, where
the Koopman operator admits a matrix representation. This
yields the following finite-dimensional lifted linear model

zk+1 = K zk, (2)

where K ∈ Rp×p approximates the action of K on U . The
original state sk can be recovered from the lifted coordinates
via a map C : Rp → Rn. Depending on the observables, the
map may be as simple as coordinate extraction—as in the
polynomial case, where the state itself is included—or as
complex as a neural network decoder.

A practical data-driven construction of K is provided by
extended dynamic mode decomposition (eDMD) [37]. Given
snapshot pairs {(sk, sk+1)}mk=1, we lift them to zk = φ(sk)
and form

Z =
[
z1, . . . , zm

]
, Z ′ =

[
z2, . . . , zm+1

]
, (3)

after which we solve the least-squares problem

K = Z ′ Z†, (4)

where Z† denotes the Moore–Penrose pseudoinverse.
At prediction time, a state sk is first lifted to zk = φ(sk),

then propagated linearly as zk+ℓ = Kℓzk, and finally
projected back via ŝk+ℓ = C zk+ℓ. This framework recasts
nonlinear dynamics as linear evolution in a lifted space,

enabling the use of linear-system tools such as control-
oriented formulations, lightweight computation, and spectral
analysis [9].

IV. TRAJECTORY FORECASTING VIA
KOOPMAN OPERATORS

A. Problem formulation

An overview of the KoopCast framework is shown in Fig-
ure 2. We consider a point agent with physical position yτ ∈
Rd (d = 2 in our setting), sampled at discrete time τ . At time
t, we observe an H-step history ht := (yt−H+1, . . . , yt) ∈
(Rd)H , together with the scene context Ct = { q ∈ R2 |
∥q − yt∥ ≤ r }. We then define the constrained context
ct = { q(j) ∈ Ct | j = 1, . . . ,min(|Ct|, N) }, where q(j)
denotes the j-th nearest point to yt. That is, we retain at
most N nearest points to yt in order to reduce computa-
tional overhead while preserving locality. For pedestrian-only
scenarios, the context corresponds to the positions of other
agents, whereas for vehicles, ct additionally incorporates
lane-boundary and centerline points. For compactness, we
denote the observed input by xt := (ht, ct). The forecasting
task is therefore to model the conditional distribution of the
P -step future yt+1:t+P := (yt+1, . . . , yt+P ) given xt.

A central challenge in future prediction lies in the high
degree of uncertainty, primarily due to the unknown inten-
tions and latent characteristics of surrounding agents. We
adopt an “intention/target-first” framework, in which a likely
destination is first localized and then a feasible motion is re-
fined around it—a paradigm followed by several recent high-
performance models [11], [12], [10]. Accordingly, KoopCast
employs a two-stage scheme: (i) estimating a distribution of
temporal goals using map and agent context, and (ii) refining
the trajectory conditioned on the selected target.

Note that KoopCast constitutes a general framework, both
theoretically and practically, as it is largely independent of
specific agent type. Once a goal is specified, the Koop-
man operator-based refinement leverages motion history—
capturing velocity, acceleration, and related dynamics—
thereby ensuring consistent prediction quality across pedes-
trians, vehicles, and cyclists alike.

We introduce a goal random variable at horizon P , gt ∈
G ⊆ Rd, associated with observation time t, where G denotes
the set of map-feasible endpoints. Using gt as a latent
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variable, the future distribution is factorized as

p(yt+1:t+P |xt) =

∫
G
p(gt|xt) p(yt+1:t+P |gt, xt) dgt, (5)

which naturally decomposes prediction into two comple-
mentary components. Although (5) introduces a latent goal
variable, we adopt the modeling assumption that the latent
goal corresponds to the future endpoint yt+P during training.
The goal predictor estimates a compact distribution p(gt |
xt) over map-consistent temporal targets from history and
scene context, capturing multimodal intent at inference time.
Conditioned on the predicted goal, the trajectory refinement
module models p(yt+1:t+P | gt, xt) using Koopman operator
theory.

B. Temporal goal estimator

Following the above modeling assumption, we define the
temporal goal at horizon P as gt := yt+P ∈ Rd. To capture
the multimodal nature of future intentions shaped by map
structure and interactions with other agents, we employ a
Gaussian mixture model (GMM) as the goal predictor.

Given the input xt = (ht, ct), consisting of the agent’s
motion history and local scene context, a mixture density
network (MDN) outputs the parameters of a Gaussian mix-
ture with M components over gt:

p(gt | xt) =

M∑
j=1

πj(xt)N
(
gt;µj(xt),diag(σ

2
j (xt))

)
, (6)

where πj(xt) are mixture weights with πj(xt) ≥ 0 and∑M
j=1 πj(xt) = 1, and µj(xt) ∈ Rd, σ2

j (xt) ∈ Rd
+.

The network is trained end-to-end by minimizing the
negative log-likelihood of the observed ground-truth goals,
enabling it to capture diverse, map-consistent endpoints.
During inference, we sample multiple goals from the learned
distribution, each giving rise to a distinct predicted trajectory.
This formulation allows the model to represent the stochastic
nature of the prediction task. Additional architectural details
of the goal predictor are provided in the Appendix.

C. Koopman operator-based trajectory refinement

We now refine motion behavior by generating a plausible
trajectory conditioned on the estimated goal. Conventional
trajectory refinement methods [10], [11] typically operate by
progressively pruning trajectories through offset regression,
iterative query updates, and candidate scoring using large-
scale multilayer perceptron (MLP) or transformer-based ar-
chitectures. Although these mechanisms can improve accu-
racy, they depend on dense candidate generation and multi-
layer attention modules, which incur heavy computational
overhead and limit interpretability.

In contrast, KoopCast avoids candidate-intensive refine-
ment by employing a lightweight Koopman operator formu-
lation. By lifting motion history into a higher-dimensional
observable space, future trajectories evolve linearly under
Koopman dynamics, with the goal providing contextual

guidance. This linear propagation enables efficient closed-
form rollout without requiring dense proposal sets or multi-
layer attention, thereby substantially reducing computational
cost. Beyond efficiency, the spectral structure of the Koop-
man operator offers a natural avenue for interpretability:
eigenvalues characterize the persistence or decay of dynamic
modes, while eigenfunctions capture direction-specific be-
haviors such as turning or acceleration. As a result, KoopCast
combines fast inference with transparent dynamics analysis,
making it well suited for downstream planning tasks where
both latency and reliability are critical.

Since the dominant uncertainty in trajectory forecasting
arises from high-level target ambiguity [38], [39], the re-
finement dynamics themselves can be reasonably modeled
as deterministic when training the Koopman operator. Ex-
tending the framework to stochastic refinement remains an
important direction for future work.

Building on this perspective, we reformulate trajectory
prediction and demonstrate its effectiveness through empir-
ical results. Recall yt ∈ Rd (agent position) and ht =
(yt−H+1, . . . , yt). Our aim is to obtain a deterministic formu-
lation of trajectory refinement. In this setting, we use (ht, gt)
instead of (ht, ct), since the context ct is already encoded
in the goal gt. Accordingly, we construct an autonomous
augmented state by appending a temporal goal gt ∈ Rd:
st = (ht, gt) ∈ S ⊂ Rd(H+1) and posit the nonlinear but
closed evolution

st+1 = F (st), (7)

which shifts the history and updates the goal component.
During training, we set gt := yt+P and gt+1 := yt+1+P

from data; during testing, we obtain ĝt from a pretrained
goal estimator and hold it fixed during rollout.

Let F(S) be a linear space of observables and φ =
(φ1, . . . , φp) : S → Rp the dictionary that defines the lifting.
Ideally, the Koopman operator is defined by (Kφ)(s) =
φ(F (s)), which acts on functions in an infinite-dimensional
space. To obtain a computable representation, however, we
restrict our attention to the finite-dimensional subspace U =
span{φ1, . . . , φp} and approximate K by its projection onto
U . With this approximation, the lifted state zt = φ(st) ∈ Rp

evolves linearly according to

zt+1 = Kzt. (8)

Therefore, the nonlinear dynamics of (7) can be represented
as a linear dynamical system (8) within the Koopman oper-
ator framework.

During training, we compute the Koopman matrix
via eDMD using a row-stacked formulation equivalent
to the column-stacked form in Sec. III. Snapshot pairs
{(st, st+1)}mt=1 are lifted via φ to zt, zt+1 and stacked as

Z =

z
⊤
1
...

z⊤m

 , Z ′ =

 z⊤2
...

z⊤m+1

 .
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We then solve the ridge-regularized least-squares problem

K = argmin
W

∥ZW − Z ′∥2F + γ∥W∥2F (9)

= (Z⊤Z + γI)−1Z⊤Z ′.

The ridge-regularized estimator in (9), with regularization
parameter γ > 0, ensures numerical stability. In our ex-
periments, the learned Koopman operators exhibit bounded
spectral radii (see Sec. V-D), and no ill-conditioning or
instability is observed in practice.

The KoopCast trajectory prediction process at test time
is illustrated in Figure 2: (i) The temporal goal vector ĝt
is computed from the history (ht) and surrounding context
(Ct) by the goal predictor; (ii) the estimated goal ĝt is
incorporated into the lifted state, which is concatenated with
the trajectory history ht to form the full observable zt =
φ(st); (iii) the Koopman operator is applied to propagate the
lifted state linearly, zt+1 = Kzt; (iv) the predicted physical
state ŷt+1|t is extracted from the lifted state zt+1; (v) this
process is repeated autoregressively for P steps using the
same Koopman operator at each step:

zt+ℓ = Kℓ zt, ŷt+ℓ | t = C zt+ℓ, 1 ≤ ℓ ≤ P.

To capture nonlinearity, we employ a second-order poly-
nomial observable dictionary for φ. This choice reflects
a trade-off between expressive power and computational
efficiency: first-order lifting underfits nonlinear motion (e.g.,
turning and acceleration), whereas higher-order polynomials
substantially increase the lifted dimension and computational
cost with only marginal accuracy gains. The projection map
C ∈ Rd×p extracts the current position yt from the lifted
state. Since yt corresponds to the last d entries of the history
block in zt, we set C = [ 0 Id 0 ], yielding ŷt+ℓ|t = C zt+ℓ

for ℓ = 1, . . . , P .

V. EXPERIMENTS

A. The setup

Datasets. To evaluate the efficiency of our approach, we
conduct experiments on established trajectory forecasting
benchmarks that include trajectories of pedestrians, vehi-
cles, and cyclists. The benchmark datasets consist of the
pedestrian-centric ETH/UCY datasets [13], [14], as well as
two large-scale autonomous driving datasets: the Waymo
Open Motion Dataset (WOMD) [15] and nuScenes [16].
Metrics. We follow the common practice of reporting mi-
nADE and minFDE [14], [19], i.e., best-of-K displacement
errors, where in our case the stochasticity arises from goal
prediction. For dataset-specific settings, we use 8 history and
12 prediction steps on ETH/UCY; a 2 sec history with a 6 sec
prediction horizon at 2 Hz on nuScenes; and a 1 sec history
with a 3 sec prediction horizon at 10 Hz on Waymo.
Baseline comparisons. For prediction accuracy, we construct
the comparison table using results reported in studies with
comparable settings [40], [41]. For inference time, we eval-
uate Trajectron++ [1] and EigenTrajectory [42] using the
publicly available code released by the respective authors.

B. Implementation details

Observable function. To capture hidden linearity, KoopCast
augments the observable dictionary with motion histories,
their quadratic terms, and temporal goals, i.e., φ(st) =
[ht, h⊙2

t , gt ]
⊤. We define a projection map C : Rp → Rd

that extracts yt, i.e., the last d entries of ht.
Normalization. For large-scale datasets (e.g., Waymo,
nuScenes), we stabilize training by shifting the map to the
origin and standardizing coordinates using the training-set
mean and variance.

C. Main results: Prediction performance

Tables I, II, and III report a quantitative comparison of
KoopCast against baseline methods. Our approach achieves
the largest gains on the large-scale Waymo and nuScenes
benchmarks, consistently outperforming several competitive
baselines. On the ETH/UCY dataset, KoopCast also delivers
competitive results, particularly in complex and dynamic
scenes (Univ, Zara01, Zara02). These improvements stem
from combining efficient closed-form rollout with inter-
pretable spectral dynamics, enabling both fast inference and
reliable performance on large-scale benchmarks. ETH and
Univ involve abrupt, interaction-driven motions that are less
compatible with our goal-conditioned assumption, yielding
smaller gains. Future work will study unified Koopman mod-
els without explicit goal conditioning to improve robustness.

TABLE I: Performance on ETH/UCY dataset (ADE/FDE in
meters). The top three results are highlighted in bold.

ETH Univ Zara01 Zara02
Linear 1.07/2.28 0.52/1.16 0.42/0.95 0.32/0.72
SocialGAN [22] 0.64/1.09 0.56/1.18 0.33/0.67 0.31/0.64
SoPhie [43] 0.70/1.43 0.54/1.24 0.30/0.63 0.38/0.78
SocialWays [44] 0.39/0.64 0.55/1.31 0.44/0.64 0.51/0.92
STAR [23] 0.36/0.65 0.31/0.62 0.29/0.52 0.22/0.46
TransformerTF [45] 0.61/1.12 0.35/0.65 0.22/0.38 0.17/0.32
MANTRA [46] 0.48/0.88 0.37/0.81 0.22/0.38 0.17/0.32
MemoNet [47] 0.40/0.61 0.24/0.43 0.18/0.32 0.14/0.24
PECNet [48] 0.54/0.87 0.35/0.60 0.22/0.39 0.17/0.30
Trajectron++ [1] 0.54/0.94 0.28/0.55 0.21/0.42 0.16/0.32
AgentFormer [49] 0.45/0.75 0.25/0.45 0.18/0.30 0.14/0.24
BiTraP [50] 0.56/0.98 0.25/0.47 0.23/0.45 0.16/0.33
SGNet-ED [51] 0.47/0.77 0.33/0.62 0.18/0.32 0.15/0.28
KoopCast 0.66/1.22 0.35/0.72 0.21/0.40 0.17/0.32

TABLE II: Performance on Waymo Open Motion Dataset.
The top two results are highlighted in bold.

Waymo (Validation Set) minADEk (m) minFDEk (m)
k = 1 k = 5 k = 1 k = 5

Constant Velocity 2.04 - 5.25 -
Constant Lane 2.54 - 5.85 -
Kalman Filter 1.99 - 4.07 -
SAMPP [52] 1.26 - 2.80 -
IMAP [52] 0.97 - 2.03 -
Trajectron++ 0.88 0.56 2.37 1.41
MotionCNN [53] 0.83 0.40 1.99 0.81
M2I [54] 0.67 0.42 1.60 0.85
ContextVAE [40] 0.59 0.30 1.49 0.68
KoopCast 0.60 0.40 1.54 0.98
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TABLE III: Performance on nuScenes Dataset. The top two
results are highlighted in bold.

nuScenes (Validation Set) minADEk (m) minFDEk (m)
k = 1 k = 5 k = 1 k = 5

Constant Velocity 4.61 - 11.21 -
Constant Lane 5.45 - 12.73 -
Kalman Filter 4.17 - 10.99 -
Trajectron++ 4.08 2.41 9.67 5.63
P2T [55] 3.82 1.86 8.95 4.08
AutoBots-Ego [56] 3.86 1.70 8.89 3.40
ContextVAE 3.54 1.59 8.24 3.28
KoopCast 2.50 1.73 4.74 3.31

Fig. 3: Koopman modal decomposition of a predicted vehicle
trajectory in a real road scene. (a), (b) Eigendecomposition
of motion modes (left: full decomposition; right: zoom near
prediction). The predicted trajectory (orange) is reconstructed
by summing the green and red modes. (a) corresponds to
straight motion before a right turn, while (b) shows turn
initiation. During turning, the steering-dominant mode (red)
aligns with the curvature and exhibits increased magnitude,
indicating its dominant role in motion propagation.

D. Key properties of KoopCast

1) Stability guarantee: A key requirement for trajectory
refinement is stability: without it, even plausible dynamics
may yield exploding or oscillatory trajectories, which is
unacceptable in safety-critical forecasting. Most existing
approaches address this challenge by designing elaborate re-
finement modules, such as dense candidate selection [10] or
query-based iterative adjustments [11]. In contrast, KoopCast
inherently ensures stability through the spectral properties of
the Koopman operator. The lifted state zt, which contains
the physical state st together with history and goal features,
remains bounded for arbitrarily long horizons, thereby ensur-
ing stable trajectory refinement. Specifically, the propagation
zt+ℓ = Kℓzt, ℓ = 1, . . . , P , remains stable when the spectral
radius is no greater than 1, i.e., ρ(K) = maxi |λi(K)| ≤ 1,
where {λi(K)}pi=1 are the eigenvalues of K.

Because the Koopman matrix K is estimated via ridge
regression (9), its spectrum can be explicitly controlled.
Figure 4 illustrates that, in practice, the eigenvalues cluster

near or within the unit circle; moreover, increasing the
ridge coefficient further contracts the spectrum, ensuring
|λi(K)| < 1 and thereby guaranteeing long-horizon stability.

Fig. 4: The spectrum of K scattered on the complex plane.

2) Interpretability: Given the eigendecomposition K =
V ΛV −1 with eigenvalues {λi}pi=1 and right eigenvectors
vi, the ℓ-step Koopman propagation is ŷt+ℓ|t = CKℓzt =
C
∑p

i=1 viλ
ℓ
i (w

⊤
i zt), where w⊤

i is the i-th row of V −1,
zt is the lifted state (including history and goal), and C
projects the observable back to physical coordinates. Each
term C(viλ

ℓ
i(w

⊤
i zt)) corresponds to the isolated trajectory

contribution of a single mode. In Figure 3 the green and red
mode curves represent the sequences {C(viλ

ℓ
i(w

⊤
i zt))}Pℓ=1,

while the full Koopman rollout (yellow) is obtained as their
direct sum. The modes can be broadly divided into two
categories: those with |λi| ≥ 0.8, which exert a dominant
influence, and those with |λi| ≤ 0.3, which quickly decay.
Among the persistent modes, steering maneuvers consistently
activate a distinct steering-dominant mode (red), whose di-
rection aligns with the turn curvature. Figure 3 illustrates this
phenomenon: while all modal contributions (green/red) su-
perimpose to reconstruct the trajectory (orange), the steering-
related mode (red) is strongly amplified during turning.

Beyond interpretability, the modal decomposition also
provides practical benefits. By identifying typical mode
combinations, anomalies can be flagged when unusual ac-
tivations occur (e.g., sudden U-turns). Moreover, detecting
strong steering-related modes enables autonomous systems
to anticipate turns earlier and adjust planning in advance,
improving both prediction accuracy and safety. A more
detailed investigation is left for future work.

TABLE IV: Average inference time per sample (ETH/UCY
datasets). Values are averaged across all scenarios.

Linear KoopCast EigenTrajectory Trajectron++

Time [ms/sample] 0.0019 0.116 0.665 1.778

3) Training and inference time: We compare inference
times on ETH/UCY in Table IV. The Linear baseline is the
fastest owing to direct extrapolation. Excluding this trivial
case, KoopCast achieves substantially lower latency than
deep models such as EigenTrajectory and Trajectron++, with
inference approximately 93.5% faster than the latter. This
efficiency arises from its shallow goal estimator and linear
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eDMD refinement, which avoid costly recurrent or attention
mechanisms, making KoopCast well suited for real-time
navigation and control.

VI. CONCLUSIONS

We have presented a motion prediction framework for dy-
namic agents grounded in Koopman operator theory, which
lifts nonlinear dynamics into a higher-dimensional linear rep-
resentation. Our predictor demonstrates strong performance
across diverse environments with heterogeneous agents (e.g.,
pedestrians, vehicles, cyclists), while ensuring stable tra-
jectory evolution through both theoretical guarantees and
empirical validation based on Koopman spectral analysis.
Beyond accuracy, the Koopman-based formulation provides
interpretability for analyzing motion dynamics, together with
efficient training and low-latency inference.

APPENDIX

In this appendix, we provide implementation details of the
goal estimator.

A. Architecture of the goal estimator

At time t, we observe the input xt = (ht, ct) consisting
of the H-step history ht = (yt−H+1, . . . , yt) and the local
scene context ct. Before predicting the temporal goal gt, we
normalize xt by projecting geometric data into the ego frame
of the target agent. Given the pose (pt, Rt) ∈ SE(2), each
qt (representing other agents or lane points) is transformed
as q̄t := R−1

t (qt − pt), which maps the agent to (0, 0) with
its heading aligned to the x-axis.

Our goal predictor outputs a distribution over 2D goals G
given xt, implemented as a 2-layer MLP. The final layer pro-
duces {πj , µj , σj}Mj=1, parameterizing the GMM: pθ(g|x) =∑M

j=1 πj(x; θ)N (g|µj(x; θ),diag(σ
2
j (x; θ))), thereby cap-

turing the multi-modality of goals. The input xt consists of
the ego-aligned trajectory history together with local scene
context. In particular, xt = (ht, ct), where ct contains the N
nearest points within radius r from yt, representing nearby
agents or lane geometry depending on the scene.

B. Training and inference

Both predictors are trained by minimizing the negative
log-likelihood. Given data {x(k), g(k)}Nk=1, the objective is
LNLL(θ) = − 1

N

∑N
k=1 log pθ(g

(k)|x(k)), which is optimized
using Adam [57]. During inference, the predictor outputs
pθ(g|x), from which we draw K samples {g(k)}Kk=1 ∼
pθ(·|x) to capture multi-modality. These candidates are used
for best-of-K comparison (Sec. V-C). For navigation, one
may instead use ḡ = Epθ

[g|x].

C. Implementation details

Table V lists the hyperparameters used to train the goal
predictor of KoopCast across all datasets. For ETH/UCY,
we use an 80/10/10% train/validation/test split, while for
WOMD and nuScenes we use 90% for training and the
official validation sets. The MDN output dimension equals
M × (2d + 1), corresponding to mixture weights, means,

TABLE V: Goal estimator hyperparameters by dataset.

Hyperparameter Waymo nuScenes ETH/UCY

Optimizer Adam [57] Adam Adam
Learning rate 1e−3 1e−3 1e−3
Input dimension 98 98 86
MLP layers 2 2 2
Hidden units 128 128 128
Activation ReLU ReLU ReLU
Mixtures (M ) 5 5 6
Goal dim (d) 2 2 2
Batch size 128 128 1
Epochs 100 100 30
Ridge parameter (γ) 1 1 1e−3

and diagonal variances. The implementation is based on
PyTorch [58] and experiments are run on an Intel i9-13900K
CPU with an NVIDIA RTX 4090 GPU.

ACKNOWLEDGMENT

The authors would like to thank Prof. Ram Vasudevan
at the University of Michigan for his insightful discussion.
ChatGPT (OpenAI) was used for language editing and assis-
tance with code design; all content was reviewed and verified
by the authors.

REFERENCES

[1] T. Salzmann, B. Ivanovic, P. Chakravarty, and M. Pavone, “Tra-
jectron++: Dynamically-feasible trajectory forecasting with heteroge-
neous data,” in Proc. Eur. Conf. Comput. Vis., 2020, pp. 683–700.

[2] Y. Hu, S. Chen, Y. Zhang, and X. Gu, “Collaborative motion predic-
tion via neural motion message passing,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2020, pp. 6319–6328.

[3] W. Mao, C. Xu, Q. Zhu, S. Chen, and Y. Wang, “Leapfrog diffusion
model for stochastic trajectory prediction,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2023, pp. 5517–5526.

[4] P. S. Chib and P. Singh, “CCF: Cross correcting framework for
pedestrian trajectory prediction,” arXiv preprint arXiv:2406.00749,
2024.

[5] D. Bruder, X. Fu, R. B. Gillespie, C. D. Remy, and R. Vasudevan,
“Data-driven control of soft robots using Koopman operator theory,”
IEEE Trans. Robot., vol. 37, no. 3, pp. 948–961, 2020.

[6] G. Mamakoukas, M. L. Castano, X. Tan, and T. D. Murphey,
“Derivative-based Koopman operators for real-time control of robotic
systems,” IEEE Trans. Robot., vol. 37, no. 6, pp. 2173–2192, 2021.

[7] D. A. Haggerty, M. J. Banks, P. C. Curtis, I. Mezić, and E. W.
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