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Abstract

Modeling continuous-time dynamics from sparse and
irregularly-sampled time series remains a fundamental chal-
lenge. Neural controlled differential equations provide a prin-
cipled framework for such tasks, yet their performance is
highly sensitive to the choice of control path constructed
from discrete observations. Existing methods commonly em-
ploy fixed interpolation schemes, which impose simplistic
geometric assumptions that often misrepresent the underly-
ing data manifold, particularly under high missingness. We
propose FlowPath, a novel approach that learns the geome-
try of the control path via an invertible neural flow. Rather
than merely connecting observations, FlowPath constructs a
continuous and data-adaptive manifold, guided by invertibil-
ity constraints that enforce information-preserving and well-
behaved transformations. This inductive bias distinguishes
FlowPath from prior unconstrained learnable path models.
Empirical evaluations on 18 benchmark datasets and a real-
world case study demonstrate that FlowPath consistently
achieves statistically significant improvements in classifica-
tion accuracy over baselines using fixed interpolants or non-
invertible architectures. These results highlight the impor-
tance of modeling not only the dynamics along the path but
also the geometry of the path itself, offering a robust and gen-
eralizable solution for learning from irregular time series.

Code — https://github.com/yongkyung-oh/FlowPath
Extended version — https://arxiv.org/abs/2511.10841

Introduction
Many real-world systems evolve continuously over time. In
contrast, observations of these systems are typically sparse,
irregular, and incomplete (Choi et al. 2016; Hossain, Ahad,
and Inoue 2020; Oh, Lim, and Kim 2024). Such data are re-
ferred to as irregularly-sampled time series (ISTS), charac-
terized by non-uniform sampling intervals and missing ob-
servations over time. While discrete-time models such as
GRUs (Chung et al. 2014) have been adapted to handle ir-
regularity using decay mechanisms (Che et al. 2018), they
remain fundamentally discrete approximations. Neural Dif-
ferential Equations (NDEs) address this limitation by mod-
eling time as a continuous variable, with Neural Ordinary
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Differential Equations (Neural ODEs) as a foundational case
(Chen et al. 2018; Lu et al. 2018).

For ISTS, Neural Controlled Differential Equations (Neu-
ral CDEs) extend this idea by modeling system dynamics as
driven by a continuous control path derived from the input
(Kidger et al. 2020). Unlike Neural ODEs that evolve from
an initial state (Rubanova, Chen, and Duvenaud 2019), Neu-
ral CDEs respond directly to the full input stream. However,
the control path is typically constructed via fixed interpola-
tion methods, which impose predefined geometric assump-
tions. This choice has been shown to affect performance sub-
stantially and remains a key limitation of the Neural CDE
framework (Morrill et al. 2022).

In this paper, we propose FlowPath, a framework that
models the control path using an invertible neural flow
(Dinh, Sohl-Dickstein, and Bengio 2017; Papamakarios
et al. 2021). This replaces the fixed interpolant with a
learned, data-adaptive transformation that preserves invert-
ibility. Such flows serve as universal approximators of dif-
feomorphisms (Teshima et al. 2020; Ishikawa et al. 2023),
allowing the learned path to be smooth and information-
preserving. We formalize the FlowPath architecture, analyze
its theoretical properties, and evaluate it on 18 benchmark
datasets and real-world datasets. Our results demonstrate
that learning a structurally-constrained, data-driven mani-
fold leads to statistically significant improvements in clas-
sification accuracy over baselines using either fixed inter-
polants or non-invertible learned paths.

Related Work
RNN-style Discretizations. Traditional Recurrent Neu-
ral Networks (RNNs) assume fixed step sizes (Goodfel-
low, Bengio, and Courville 2016), and adaptations such as
GRU-D (Che et al. 2018) incorporate missingness indica-
tors or time-lag decay to handle irregular sampling, but
remain discrete-time approximations that can still struggle
with large sampling gaps or nonuniform intervals. Thus,
a conventional RNN or GRU-D processes data at sampled
time points {tk}. An RNN state hk ∈ Rdh typically evolves
via:

hk+1 = Ψ
(
hk, xk+1, ∆tk

)
,

where xk+1 is the observation at time tk+1 and ∆tk =
tk+1 − tk. The function Ψ may incorporate gating or de-
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cay terms to handle missingness and so remains a discrete
approximation of an underlying continuous process.

NDE-based Models. To overcome the limitations of
purely discrete-time methods, Chen et al. (2018) introduced
Neural ODEs, casting hidden state evolution as a continuous
function of time,

dz(t)

dt
= f

(
t, z(t)

)
, z(0) = h

(
x(0)

)
.

The state z(t) ∈ Rdz in a Neural ODE is obtained by in-
tegrating an initial value z(0) from 0 to T . While this con-
tinuous viewpoint elegantly handles irregular time points, its
strict reliance on the initial value problem makes it difficult
to incorporate new observations arriving at later times with-
out restarting or extending the integration (Rubanova, Chen,
and Duvenaud 2019; Kidger 2022).

Neural CDEs (Kidger et al. 2020) overcome this limita-
tion by representing the input time series as a control path
X(t) ∈ Rdx , thereby enabling the hidden state to evolve
continuously in response to incoming observations. The hid-
den state dynamics are governed by a Riemann–Stieltjes in-
tegral with respect to the control path:

z(t) = z(0) +

∫ t

0

f
(
τ, z(τ)

)
dX(τ), z(0) = h

(
X(0)

)
.

Control path X(t) is typically constructed from observed
data using fixed interpolation methods such as linear or cu-
bic splines (Morrill et al. 2021). This introduces a structural
prior that may not align with the true dynamics. Empirical
results show that interpolation choice is a sensitive hyper-
parameter with significant impact on performance, and no
single method is optimal across tasks (Morrill et al. 2022).

Recent studies replace the fixed interpolant with a
learned path from unconstrained networks, such as encoder-
decoders (Jhin et al. 2022, 2023). Others apply attention
mechanisms within the Neural CDE framework to reweight
temporal contributions (Jhin et al. 2024). Further work fo-
cuses on improving the expressivity of the dynamics by
signature transformation (Morrill et al. 2021). These ap-
proaches enhance flexibility but may introduce instability
when the learned path lacks structural constraints.

Neural Flows. Bilos et al. (2021) propose modeling ODE
solutions with an invertible transformation, circumventing
numerical solvers by directly parameterizing a diffeomor-
phism in time. Such invertible mappings have been exten-
sively studied in normalizing flows (Papamakarios et al.
2021), where tractable Jacobians enable density estima-
tion or generative sampling. Formally, Neural Flow (Bi-
los et al. 2021) is designed to learn an invertible mapping
F (t,x(0); θF ) that directly parameterizes the solution of an
ODE or dynamical process. Given an implicit dynamical
system governed by,

dz

dt
= f

(
z(t)

)
, z(0) = x(0),

Neural Flow posits a neural function F satisfying,
d
dt F (t,x(0)) = f

(
F (t,x(0))

)
, F (0,x(0)) = x(0).

Crucially, F (·) is designed to be a diffeomorphism in x, en-
suring that mapping local volumes is always invertible. This
property allows Neural Flow to avoid the need for standard
numerical ODE solvers and to guarantee the model’s Jaco-
bian is tractable. While originally aimed at continuous nor-
malizing flows for generative tasks, the concept of applying
invertible flows to dynamic time series modeling has grown
(Bilos et al. 2021; Oh, Lim, and Kim 2025).

Our approach builds on the observation that Neural CDEs
and Neural Flows address complementary aspects of time
series modeling. Instead of using a Neural Flow as an end-
to-end model, we use it to construct a data-driven control
path. This design combines the continuous-time formula-
tion of NDEs with a learnable, invertible transformation that
adapts to the observed data, avoiding the limitations of fixed
interpolation schemes or unconstrained trajectories.

Methodology
We are given a dataset D = {(Xi, yi)}Ni=1, where each in-
stance Xi comprises a time-indexed sequence

(
ti,xi

)
. Each

ti ⊂ T represents the set of sampling times, and xi ∈ Rdx is
the multivariate observation at those times. We aim to clas-
sify each instance with a label yi ∈ {1, 2, . . . ,K}. The sam-
pling intervals ∆tj = tj+1 − tj are not necessarily uniform,
and certain intervals may be missing data entirely. We aim
to learn a predictive function H : (ti,xi) 7→ yi that robustly
classifies sequences under irregular sampling.

FlowPath Framework
Raw observation x(t) includes how missing values create
discontinuities and distortions in the time series, disrupt-
ing its temporal structure. The proposed learnable flow Φ(t)
generates a continuous path that preserves the underlying
temporal dynamics. Unlike interpolation, which applies a
fixed approach, the learnable flow adapts to surrounding pat-
terns, leading to more informative representations for the
downstream task.

Learning the Underlying Manifold. Let F : [0, T ] ×
Rdx → Rdx be a neural network parameterized by θF such
that the mapping F is a diffeomorphism in its second argu-
ment (Bilos et al. 2021). We explicitly define the learnable
control path Φ : [0, T ] → Rdx as:

Φ(t) = F
(
t, x; θF

)
, (1)

where x(0) ∈ Rdx denotes the earliest available observa-
tion in the irregular time series. Unlike fixed spline-based
interpolations, Φ(t) is parameterized by a neural network F
with learnable parameters θF , allowing the control path to be
learned directly from data in a flexible and adaptive manner.

Dynamics on the Learned Manifold. We define a hidden
state z(t) ∈ Rdz governed by the Riemann–Stieltjes integral
as suggested by Kidger et al. (2020):

z(t) = z(0) +

∫ t

0

f
(
τ, z(τ); θf

)
dΦ(τ). (2)

Then, an equivalent ODE form of Eq. (2) defines:

ż(t) = f
(
t, z(t); θf

)
Φ̇(t), (3)
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with z(0) = h
(
x(0)

)
, and h : Rdx → Rdz an embed-

ding layer. In Eq. (3), the dot notation ż(t) and Φ̇(t) de-
note the time derivatives, i.e., dz(t)

dt and dΦ(t)
dt , respectively.

The smoothness assumptions on Φ guarantee Lipschitz con-
tinuity in time, while invertibility enforces distribution-
preserving transformations (Papamakarios et al. 2021; Bi-
los et al. 2021). Since Φ is a diffeomorphism, the learned
path t 7→ Φ(t) admits well-defined inverses and Jacobians,
which strengthen theoretical guarantees such as existence,
uniqueness, and universal approximation for continuous-
time processes. In practice, numerical solvers treat Φ̇(t) as
a known function (output of a neural net) and integrate ż(t)
forward in time, following the ODE form in Eq. (3).

Considerations for the Invertible Flow. We parameter-
ize the control path using an invertible neural network based
on normalizing flows, which provide a flexible framework
for learning smooth, bijective transformations (Papamakar-
ios et al. 2021). Recent theoretical results show that such ar-
chitectures can approximate any diffeomorphism under suit-
able conditions (Teshima et al. 2020; Ishikawa et al. 2023).
This ensures that the learned path Φ(t) remains invertible
and smooth by design, reducing the risk of instability often
seen in unconstrained path parameterizations.

Within the FlowPath framework, Φ(t) = F (t,x(0); θF )
acts as a trainable control path that modulates the evolution
of the latent state z(t). The function F is designed as an in-
vertible neural network, drawing inspiration from normaliz-
ing flows (Papamakarios et al. 2021) and specifically neural
flows that parameterize diffeomorphisms (Bilos et al. 2021).
This design ensures that Φ(t) is a smooth transformation of
its inputs, providing FlowPath with enhanced flexibility to
model complex temporal dependencies.

Properties of FlowPath
The design of FlowPath results in a time-continuous model
that (i) preserves information through an invertible flow, (ii)
ensures well-posedness of the underlying dynamics, and (iii)
promotes strong generalization capability. We present these
three properties below, detailing full explanations in the sup-
plementary material.

FlowPath uses an invertible flow Φ that reshapes the latent
distribution without collapsing or tearing probability mass.
The following theorem states that the instantaneous change
in log-density is exactly driven by the divergence of the con-
trolled dynamics, ensuring no unintended compression or
expansion of probability mass.

Theorem 1 (Preservation of Probability Density). Under
the FlowPath framework in Eq. (2), let Φ(t) be a C1-
diffeomorphism, and f be Lipschitz continuous in z. Then
the probability density p(z(t)) of the latent state evolves ac-
cording to

d

dt
log p

(
z(t)

)
= − divz

(
f
(
t, z(t)

)
Φ̇(t)

)
. (4)

Consequently, Φ neither collapses nor arbitrarily expands
probability mass, preserving the geometry of the latent dis-
tribution.

This property, while crucial for continuous normalizing
flows in generative modeling (Papamakarios et al. 2021),
also benefits our classification task by preserving class-
separating structures in latent space, thereby improving ro-
bustness to irregular sampling and missing data.

Next, Theorem 2 establishes the standard existence and
uniqueness guarantee for the FlowPath dynamics.
Theorem 2 (Existence and Uniqueness of Solutions). Fix
θf . Let f(t, ·; θf ) in Eq. (2) be continuous in t and Lipschitz
in z, and Φ(t) be continuously differentiable on [0, T ]. Then
for any initial condition z(0) ∈ Rdz , there exists a unique
continuous solution

z(t) = z(0) +

∫ t

0

f
(
s, z(s); θf

)
dΦ(s).

The universal approximation properties of Neural ODEs
and Neural Flows have been extensively studied and estab-
lished in prior work (Lin and Jegelka 2018; Li, Lin, and Shen
2022; Teshima et al. 2020; Ishikawa et al. 2023). Building
upon these results, one can check that FlowPath is a uni-
versal approximator under appropriate regularity conditions.
Under the assumption that Φ is a C1-diffeomorphism and f
is Lipschitz, Neural ODEs are universal approximators for
any smooth target trajectory u in the uniform norm. Thus,
one can choose f such that within any desired precision ϵ′

sup
t∈[0,T ]

∥∥ f(t, z(t))− Φ̇(t)−1u̇(t)
∥∥ < ϵ′.

Substituting this into the FlowPath dynamics ż(t) =

f(t, z(t)) Φ̇(t) and integrating yields

sup
t∈[0,T ]

∥z(t)− u(t)∥ ≤
∫ T

0

∥f(τ, z(τ)) Φ̇(τ)− u̇(τ)∥ dτ

≤
∫ T

0

(
sup

s∈[0,T ]

∥Φ̇(s)∥
)
ϵ′ dτ

= ϵ′
(

sup
s∈[0,T ]

∥Φ̇(s)∥
)
T.

Since supt∈[0,T ] ∥Φ̇(t)∥ and T are finite, by choosing ϵ′ ap-
propriately, FlowPath can approximate any smooth trajec-
tory to within arbitrary tolerance ϵ > 0.

Let L be an ℓ-Lipschitz loss in the model’s final output.
We parameterize FlowPath by θ = (θf , θF ), where θf spec-
ifies the vector field f and θF defines the invertible flow Φ.
Theorem 3 (Generalization Bound). Assume that the flow
map Φ(·; θF ) : [0, T ] → Rdx is a diffeomorphism with
supt∈[0,T ] ∥Φ̇(t)∥ ≤ MΦ, and the vector field f(·, ·; θf )
is Lf -Lipschitz in the hidden state. Let FΘ be the class
of all such FlowPath predictors. Given n i.i.d. samples
{(Xi, yi)}ni=1 drawn from P , define the population risk by

Rtrue(f) = E(X,y)∼P
[
L
(
f(X), y

)]
,

and the empirical risk by

Remp(f) =
1

n

n∑
i=1

L
(
f(Xi), yi

)
.
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If f̂ = argminf∈FΘ Remp(f), then for any δ > 0, with
probability at least 1− δ,

∣∣Rtrue(f̂)−Remp(f̂)
∣∣ ≤ α

1√
n

+

√
ln(1/δ)

2n
,

where α depends on ℓ, Lf , and MΦ.

This result, derived via Rademacher complexity argu-
ments (Bartlett, Foster, and Telgarsky 2017; Chen, Li, and
Zhao 2020), indicates that, as the number of training sam-
ples n grows, the empirical loss of a FlowPath model closely
approximates its true expected loss on unseen data.

Experiments
We design experiments to evaluate both the classification
accuracy and robustness of our model under varying de-
grees of missing observations. Specifically, we consider 18
diverse time series classification datasets from UEA & UCR
Data Repository, referenced in (Bagnall et al. 2018; H.
A. Dau et al. 2019), utilizing the sktime Python library
(Löning et al. 2019). We followed the experimental setup
and dataset selection described by Oh, Lim, and Kim (2025).
The original paper considered three categories: ‘Motion &
HAR’, ‘Electrocardiogram (ECG) & Electroencephalogram
(EEG)’, and ‘Sensor’ domains, as summarized in the sup-
plementary material.

In the experiments, three derivative datasets were created
from each original dataset by artificially inducing missing
data at rates of 30%, 50%, and 70%. Consequently, for each
original dataset, there were four distinct settings, including
the original data. The datasets were split into training, vali-
dation, and testing subsets, adhering to a 70/15/15 propor-
tion. Lastly, the classification metrics were computed for
each setting and averaged with five iterations.

Benchmark Methods
We utilized the conventional RNN (Medsker and Jain
1999), LSTM (S. Hochreiter and J. Schmidhuber 1997),
and GRU (Chung et al. 2014), with mean imputation. Fur-
thermore, we employed several modifications of the GRU,
specifically GRU-∆t (Choi et al. 2016), GRU-D (Che et al.
2018), which have been tailored to efficiently handle ISTS.
Additionally, we considered models that are based on the
principles of Neural ODEs, such as GRU-ODE (Brouwer
et al. 2019), ODE-RNN (Rubanova, Chen, and Duvenaud
2019) and ODE-LSTM (Lechner and Hasani 2020). More-
over, recent advancements of Neural CDEs were also in-
cluded in the evaluation, such as Neural CDE (Kidger et al.
2020), Neural RDE (Morrill et al. 2021), ANCDE (Jhin et al.
2024), EXIT (Jhin et al. 2022), LEAP (Jhin et al. 2023),
and DualDynamics (Oh, Lim, and Kim 2025). Lastly, we in-
cluded naı̈ve Neural Flow (Bilos et al. 2021) with different
configurations: ResNet, GRU, and Coupling Flow.

Qualitative Evaluation of Key Properties
We used the ‘BasicMotions‘ dataset for a qualitative analy-
sis. The dataset comprises motion data collected from par-
ticipants performing four distinct activities while wearing a
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Figure 1: Test loss curves on ‘BasicMotions’ under regular
and irregular scenarios using selected methods
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Figure 2: Test accuracy on ‘BasicMotions’ under regular and
irregular scenarios using selected methods and FlowPath
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(a) Irregularly-sampled time series (ISTS)
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Figure 3: Qualitative comparison of path construction meth-
ods on a sample from the ‘BasicMotions’ dataset with 50%
missingness. (a) Raw and sparse observations. (b) Path gen-
erated by a non-invertible MLP, exhibiting a biased curve to-
ward the observed points. (c) Path produced by the proposed
FlowPath, capturing a more structured and stable manifold.
Each color denotes a separate data dimension.
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smartwatch. Each activity was performed five times, with
data sampled every 0.1 seconds over a 10-second period.

In Figures 1 and 2, FlowPath consistently achieves the
lowest loss and highest accuracy, demonstrating faster and
more stable convergence across both regular and missing
data scenarios on the ‘BasicMotions‘ dataset. This empirical
observation of stable learning and robust performance aligns
with FlowPath’s theoretical properties: the well-posedness
of its dynamics (Theorem 2) contributes to stable training,
while its generalization capability (Theorem 3) suggests that
strong empirical performance can translate effectively to un-
seen test data.

Our goal is not to reconstruct the exact path but to learn
a meaningful continuous representation Φ(t) for classifica-
tion. Figure 3 shows a qualitative comparison of the man-
ifolds learned from sparse data. Under highly irregular ob-
servations (a), a standard non-invertible multi-layer percep-
tron (MLP) (b) produces a disordered path that overfits
sparse points without capturing the underlying structure.
In contrast, FlowPath (c) learns a smoother and more co-
herent path. This stability arises from the invertibility con-
straint, which promotes information preservation and geo-
metric consistency (Theorem 1). Additional visualizations
are provided in the supplementary material.

Structural Comparison of Learned Manifolds

To assess the structure of the learned representations, we an-
alyze trajectories and distributions. For clarity, three dimen-
sions from the observation space are shown here. A full anal-
ysis is provided in the supplementary material. Furthermore,
we include an extended discussion on NDEs’ robustness and
manifold learning.
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Figure 4: 2D projections of learned trajectories from sparse
input. Off-diagonal plots show phase-space paths, and diag-
onal plots show marginal histograms. FlowPath (blue) better
matches the ground truth (black) than the MLP (red).
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Figure 5: 1D and 2D Kernel Density Estimates (KDEs) for
each method. FlowPath (blue) aligns more closely with the
original distribution (black) than the MLP (red).
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Figure 6: 2D KDEs of the learned manifolds between Dim 1
and Dim 2, using the sparse observation shown in panel (b)

Figure 4 highlights structural differences in the learned
manifolds. Sparse observations (gray) lack temporal conti-
nuity due to missing data. The MLP path (red) shows in-
stability and deviation from the original geometry (black),
likely overfitting to observed points. FlowPath (blue), in
contrast, maintains a smoother and more coherent trajectory,
reflecting the benefits of the invertibility constraint.

Figure 5 shows KDEs of the learned manifolds. Flow-
Path achieves better alignment with the true distribution
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Methods
Regular 30% Missing 50% Missing 70% Missing Average

Accuracy Rank Accuracy Rank Accuracy Rank Accuracy Rank Accuracy Rank

RNN 0.560 (0.072) 10.7 0.484 (0.075) 13.3 0.471 (0.082) 12.9 0.453 (0.068) 13.3 0.492 (0.074) 12.6
LSTM 0.588 (0.067) 10.0 0.552 (0.075) 9.4 0.516 (0.073) 10.5 0.505 (0.067) 10.6 0.540 (0.071) 10.1
GRU 0.674 (0.080) 6.9 0.639 (0.065) 8.0 0.611 (0.076) 8.2 0.606 (0.088) 8.1 0.633 (0.077) 7.8
GRU-∆t 0.629 (0.065) 9.1 0.636 (0.069) 7.6 0.651 (0.068) 6.7 0.649 (0.074) 7.5 0.641 (0.069) 7.7
GRU-D 0.593 (0.088) 10.0 0.579 (0.087) 9.8 0.580 (0.075) 9.7 0.599 (0.062) 9.4 0.588 (0.078) 9.7
GRU-ODE 0.663 (0.072) 7.2 0.661 (0.069) 6.8 0.664 (0.069) 6.5 0.659 (0.081) 6.3 0.662 (0.073) 6.7
ODE-RNN 0.652 (0.085) 6.8 0.632 (0.076) 7.3 0.626 (0.086) 7.2 0.653 (0.059) 5.8 0.641 (0.076) 6.8
ODE-LSTM 0.566 (0.074) 10.4 0.518 (0.069) 11.4 0.501 (0.068) 12.1 0.474 (0.068) 12.3 0.515 (0.070) 11.5
Neural CDE 0.681 (0.073) 7.1 0.672 (0.068) 7.3 0.661 (0.070) 7.0 0.652 (0.091) 7.0 0.667 (0.075) 7.1
Neural RDE 0.649 (0.082) 7.9 0.648 (0.071) 6.9 0.633 (0.078) 7.7 0.607 (0.079) 8.2 0.634 (0.078) 7.7
ANCDE 0.662 (0.083) 7.3 0.661 (0.083) 6.8 0.639 (0.080) 7.6 0.631 (0.073) 7.1 0.649 (0.080) 7.2
EXIT 0.595 (0.087) 9.4 0.580 (0.088) 9.8 0.578 (0.086) 9.5 0.564 (0.072) 10.0 0.579 (0.083) 9.7
LEAP 0.490 (0.062) 13.1 0.459 (0.070) 13.7 0.466 (0.074) 12.4 0.451 (0.074) 12.7 0.466 (0.070) 13.0
DualDynamics 0.724 (0.090) 4.6 0.720 (0.088) 4.9 0.691 (0.091) 4.9 0.697 (0.098) 4.6 0.708 (0.092) 4.8
Neural Flow 0.530 (0.069) 11.8 0.531 (0.072) 9.9 0.537 (0.073) 9.4 0.535 (0.082) 9.7 0.533 (0.074) 10.2

FlowPath 0.731 (0.083) 3.7 0.743 (0.091) 3.1 0.726 (0.084) 3.6 0.718 (0.090) 3.5 0.730 (0.087) 3.5

Table 1: Classification accuracy on 18 benchmark datasets under various scenarios. (Values in parentheses denote the mean
standard deviation across different datasets and scenarios. Best and second-best results are highlighted, respectively.)

across both marginal and joint spaces. This ability to recon-
struct distributional structure under sparsity contributes to
its downstream classification performance. To illustrate this
in detail, we zoom in on one representative case.

Figure 6 qualitatively analyzes the ability to recover the
underlying manifold (a) from only the sparse observations
in (b). The non-invertible MLP (c) learns a distorted distri-
bution that is misaligned with the unknown original geome-
try. In contrast, FlowPath (d) yields a more coherent mani-
fold that better aligns with the original distribution, suggest-
ing that the structural constraint of invertibility is crucial for
learning a faithful representation under sparsity.

Performance Comparison with 18 Datasets
In Table 1, we present a comparative analysis of average
classification accuracy across various scenarios, including
the regular scenario and irregular scenarios (with missing
rates of 30%, 50%, and 70%), alongside an aggregate aver-
age across all settings. Notably, FlowPath maintains robust-
ness under high rates of missing data, where other meth-
ods experience a significant performance drop. Additionally,
FlowPath not only achieves the highest average accuracy but
also consistently ranks among the top-performing models
overall across the four missingness scenarios.

Settings Regular
30%

Missing
50%

Missing
70%

Missing
All

Settings

Wins 8 11 11 10 40
Ties 2 1 2 1 6
Losses 8 6 5 7 26

Table 2: Pairwise comparison (wins / ties / losses) against
DualDynamics across different missing rates.

As shown in Table 2, our method outperforms the
strongest baseline, DualDynamics, under missing-value

conditions. Performance is similar in the regular setting,
but our model gains more wins as the missing rate in-
creases, showing greater robustness to incomplete observa-
tions. Complete baseline comparisons and pairwise statisti-
cal test results are provided in the supplementary material.

Table 3 presents an ablation study that investigates the
sources of FlowPath’s performance improvements. The re-
sults indicate that while a simple learned path incorporated
with an MLP yields modest gains over the fixed-path Neural
CDE baseline, the structurally constrained FlowPath consis-
tently achieves the highest performance across all levels of
missingness. Furthermore, additional experiments reported
in the supplementary material compare three invertible flow
architectures, including ResNet, GRU, and Coupling Flow,
demonstrating that FlowPath’s effectiveness is robust to the
choice of flow architecture.

Settings Regular
30%

Missing
50%

Missing
70%

Missing
All

Settings

Neural CDE
0.681

(0.073)
0.672

(0.068)
0.661

(0.070)
0.652

(0.091)
0.667

(0.075)

+ MLP
0.705

(0.077)
0.700

(0.084)
0.695

(0.091)
0.655

(0.084)
0.689

(0.084)

FlowPath
0.731

(0.083)
0.743

(0.091)
0.726

(0.084)
0.718

(0.090)
0.730

(0.087)

Table 3: Ablation study comparing the standard Neural
CDE, a non-invertible MLP, and the proposed FlowPath.

Performance-computation Analysis
We conduct an in-depth comparison across different hyper-
parameter settings, varying the flow architecture (ResNet,
GRU, Coupling Flow), the number of layers nl, and hidden
sizes nh. Figures 7 (a) and (b) compare classification ac-
curacy to model complexity in the regular and 50% missing
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settings, respectively. FlowPath variants consistently outper-
form the Neural CDE baseline at matched parameter counts,
with performance gaps widening under higher missingness.
MLP-based paths may perform adequately in certain cases;
however, their performance significantly deteriorates under
irregular scenarios. These results show that FlowPath’s in-
vertible, learnable path improves performance with moder-
ate computational cost, making it a practical choice.

3.5 4.0 4.5 5.0 5.5
log10(Number of Parameters)

0.5
0.6
0.7
0.8
0.9
1.0

Ac
cu

ra
cy

Neural CDE
Neural CDE + MLP
FlowPath
 (ResNet Flow)
FlowPath
 (GRU Flow)
FlowPath
(Coupling Flow)

(a) Performance on ‘Regular’ scenario

3.5 4.0 4.5 5.0 5.5
log10(Number of Parameters)

0.5
0.6
0.7
0.8
0.9
1.0

Ac
cu

ra
cy

Neural CDE
Neural CDE + MLP
FlowPath
 (ResNet Flow)
FlowPath
 (GRU Flow)
FlowPath
(Coupling Flow)

(b) Performance on ‘50% Missing’ scenario

Figure 7: Analysis of performance-computation trade-off.
Figures show log10 of the parameter count versus classifica-
tion accuracy. Each colored dot corresponds to specific hy-
perparameters and the dashed line indicates the fitted trend.

Experiment: Real-world HAR Dataset
To evaluate robustness on a real-world task, we used
the PAMAP2 dataset (A. Reiss and D. Stricker 2012), a
challenging benchmark for sensor-based Human Activity
Recognition (HAR). Each participant was equipped with
three sensors positioned on the wrist, chest, and ankle, as
well as a heart rate monitor. The dataset comprises 5333
segments spanning 8 daily living activities, captured using
17 distinct sensor modalities.

We followed the exact preprocessing protocol, data splits,
and sensor dropout methodology proposed by Zhang et al.
(2022). To simulate irregularity, we randomly removed 60%
of data points from each segment, using the same random
mask across all experiments. After that, we generated sce-
narios by randomly removing a subset of input sensors with
dropout rates ranging from 10% to 50%. This approach in-
creases the challenge of the problem, as the omitted sensors
are randomly selected for each sample. For every test sam-
ple, a subset of sensors was designated as missing, and all
observations from these sensors were replaced with zeros.

Benchmark Methods
We compare the proposed FlowPath with the following
state-of-the-art baselines, including Transformer (Vaswani
et al. 2017), Trans-mean (Transformer with mean imputa-
tion), GRU-D (Chen et al. 2018), SeFT (Horn et al. 2020),
mTAND (Shukla and Marlin 2021), Raindrop (Zhang et al.
2022), and Neural CDE (Kidger et al. 2020).

For the original dataset without sensor dropout, we have
included additional benchmarks such as DGM2-O (Wu et al.
2021), IP-Net (Shukla and Marlin 2019), MTGNN (Wu et al.
2020), TITD (Ji et al. 2025), and CoFormer (Y. Wei et al.
2023). For fair comparison, we used performance results as
reported in the original literature.

Performance Comparison
As detailed in the supplementary material, optimal hyper-
parameters were selected via grid search. We employed
the standard Neural CDE and compared various flow con-
figurations for the proposed FlowPath. Regardless of the
flow configuration, FlowPath consistently demonstrated su-
perior classification performance compared to Neural CDE,
as shown in Table 4. Based on hyperparameter tuning, the
GRU Flow was selected for this dataset and scenarios.

Sensor
Dropout

Neural CDE FlowPath

Spline MLP ResNet GRU Coupling

0% 95.0 ±0.4 93.9 ±0.4 94.6 ±0.5 95.6 ±0.2 94.8 ±0.2
10% 87.3 ±1.3 86.4 ±1.0 87.2 ±0.3 88.3 ±0.4 87.4 ±0.3
20% 76.8 ±0.6 75.1 ±0.8 79.3 ±1.0 79.1 ±1.9 77.8 ±0.6
30% 67.1 ±1.9 68.2 ±0.8 71.4 ±0.7 70.0 ±0.7 70.2 ±1.0
40% 57.7 ±1.6 58.8 ±2.8 65.9 ±1.9 59.6 ±1.0 60.8 ±1.1
50% 51.6 ±1.0 50.7 ±2.0 57.9 ±0.2 54.1 ±1.0 54.2 ±3.1

Table 4: F1 score comparison on the PAMAP2 dataset be-
tween Neural CDE and the proposed FlowPath model.

Table 5 compares classification metrics for various meth-
ods under the irregularly-sampled PAMAP2 dataset with all
sensors. FlowPath’s learnable invertible flow further boosts
performance, indicating its superior handling of ISTS.

Methods Accuracy Precision Recall F1 Score

Transformer 83.5±1.5 84.8±1.5 86.0±1.2 85.0±1.3
Trans-mean 83.7±2.3 84.9±2.6 86.4±2.1 85.1±2.4
GRU-D 83.3±1.6 84.6±1.2 85.2±1.6 84.8±1.2
SeFT 67.1±2.2 70.0±2.4 68.2±1.5 68.5±1.8
mTAND 74.6±4.3 74.3±4.0 79.5±2.8 76.8±3.4
Raindrop 88.5±1.5 89.9±1.5 89.9±0.6 89.8±1.0
DGM2-O 82.4±2.3 85.2±1.2 83.9±2.3 84.3±1.8
IP-Net 74.3±3.8 75.6±2.1 77.9±2.2 76.6±2.8
MTGNN 83.4±1.9 85.2±1.7 86.1±1.9 85.9±2.4
TITD 90.7±0.5 90.2±1.3 90.7±0.9 90.5±1.5
CoFormer 91.2±0.6 92.4±0.7 93.7±0.7 92.8±0.5
Neural CDE 94.2±0.5 95.2±0.4 94.8±0.5 95.0±0.4

FlowPath 94.8±0.2 95.8±0.4 95.5±0.2 95.6±0.2

Table 5: Classification performance on the PAMAP2 dataset
with all sensors under original irregular sampling.
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Furthermore, Table 6 summarizes the classification out-
comes for the PAMAP2 dataset using a variety of bench-
mark methods. Across a comparison with all benchmark
methods, our approach consistently delivers superior perfor-
mance across all evaluated metrics.

Methods Accuracy Precision Recall F1 Score

10
%

M
is

si
ng

Transformer 60.9 ±12.8 58.4 ±18.4 59.1 ±16.2 56.9 ±18.9
Trans-mean 62.4 ±3.5 59.6 ±7.2 63.7 ±8.1 62.7 ±6.4
GRU-D 68.4 ±3.7 74.2 ±3.0 70.8 ±4.2 72.0 ±3.7
SeFT 40.0 ±1.9 40.8 ±3.2 41.0 ±0.7 39.9 ±1.5
mTAND 53.4 ±2.0 54.8 ±2.7 57.0 ±1.9 55.9 ±2.2
Raindrop 76.7 ±1.8 79.9 ±1.7 77.9 ±2.3 78.6 ±1.8
Neural CDE 85.8 ±1.4 88.8 ±1.2 86.3 ±1.3 87.3 ±1.3

FlowPath 86.6 ±1.1 89.5 ±0.8 87.4 ±0.4 88.3 ±0.4

20
%

M
is

si
ng

Transformer 62.3 ±11.5 65.9 ±12.7 61.4 ±13.9 61.8 ±15.6
Trans-mean 56.8 ±4.1 59.4 ±3.4 53.2 ±3.9 55.3 ±3.5
GRU-D 64.8 ±0.4 69.8 ±0.8 65.8 ±0.5 67.2 ±0.0
SeFT 34.2 ±2.8 34.9 ±5.2 34.6 ±2.1 33.3 ±2.7
mTAND 45.6 ±1.6 49.2 ±2.1 49.0 ±1.6 49.0 ±1.0
Raindrop 71.3 ±2.5 75.8 ±2.2 72.5 ±2.0 73.4 ±2.1
Neural CDE 74.4 ±0.5 81.0 ±0.8 74.7 ±1.0 76.8 ±0.6

FlowPath 77.0 ±1.7 82.4 ±1.4 77.1 ±2.3 79.1 ±1.9

30
%

M
is

si
ng

Transformer 52.0 ±11.9 55.2 ±15.3 50.1 ±13.3 48.4 ±18.2
Trans-mean 65.1 ±1.9 63.8 ±1.2 67.9 ±1.8 64.9 ±1.7
GRU-D 58.0 ±2.0 63.2 ±1.7 58.2 ±3.1 59.3 ±3.5
SeFT 31.7 ±1.5 31.0 ±2.7 32.0 ±1.2 28.0 ±1.6
mTAND 34.7 ±5.5 43.4 ±4.0 36.3 ±4.7 39.5 ±4.4
Raindrop 60.3 ±3.5 68.1 ±3.1 60.3 ±3.6 61.9 ±3.9
Neural CDE 65.5 ±1.8 73.1 ±1.8 64.9 ±2.3 67.1 ±1.9

FlowPath 67.3 ±0.2 75.1 ±0.4 67.7 ±0.7 70.0 ±0.7

40
%

M
is

si
ng

Transformer 43.8 ±14.0 44.6 ±23.0 40.5 ±15.9 40.2 ±20.1
Trans-mean 48.7 ±2.7 55.8 ±2.6 54.2 ±3.0 55.1 ±2.9
GRU-D 47.7 ±1.4 63.4 ±1.6 44.5 ±0.5 47.5 ±0.0
SeFT 26.8 ±2.6 24.1 ±3.4 28.0 ±1.2 23.3 ±3.0
mTAND 23.7 ±1.0 33.9 ±6.5 26.4 ±1.6 29.3 ±1.9
Raindrop 57.0 ±3.1 65.4 ±2.7 56.7 ±3.1 58.9 ±2.5
Neural CDE 55.8 ±0.5 67.7 ±1.5 54.5 ±2.3 57.7 ±1.6

FlowPath 58.1 ±0.1 67.0 ±0.9 57.1 ±0.7 59.6 ±1.0

50
%

M
is

si
ng

Transformer 43.2 ±2.5 52.0 ±2.5 36.9 ±3.1 41.9 ±3.2
Trans-mean 46.4 ±1.4 59.1 ±3.2 43.1 ±2.2 46.5 ±3.1
GRU-D 49.7 ±1.2 52.4 ±0.3 42.5 ±1.7 47.5 ±1.2
SeFT 26.4 ±1.4 23.0 ±2.9 27.5 ±0.4 23.5 ±1.8
mTAND 20.9 ±3.1 35.1 ±6.1 23.0 ±3.2 27.7 ±3.9
Raindrop 47.2 ±4.4 59.4 ±3.9 44.8 ±5.3 47.6 ±5.2
Neural CDE 49.9 ±1.7 65.5 ±0.8 48.9 ±1.5 51.6 ±1.0

FlowPath 52.0 ±0.6 66.3 ±1.9 51.3 ±0.7 54.1 ±1.0

Table 6: Classification performance on the PAMAP2 dataset
with sensor dropout rates ranging from 10% to 50%.

Experiment: Real-world Medical Dataset
We further evaluated model performance on a medi-
cal classification benchmark on the PhysioNet Sepsis
dataset (Reyna et al. 2020), which includes 40,335 patients
and 34 temporal variables. Following Kidger et al. (2020),
we compared models with and without observation intensity

(OI), an index reflecting patient severity, and measured clas-
sification performance by AUROC.

Benchmark models and reported performance from
Kidger et al. (2020), Oh, Lim, and Kim (2025), and Oh et al.
(2025). We also include variants of stable Neural SDEs (Oh,
Lim, and Kim 2024), including Neural Langevin-type SDE
(LSDE), Neural Linear Noise SDE (LNSDE), and Neural
Geometric SDE (GSDE). For implementation details and
benchmark methods, please consult the original studies.

Methods
Test AUROC

With OI Without OI

GRU-∆t 0.878 ±0.006 0.840 ±0.007
GRU-D 0.871 ±0.022 0.850 ±0.013
GRU-ODE 0.852 ±0.010 0.771 ±0.024
ODE-RNN 0.874 ±0.016 0.833 ±0.020
Latent-ODE 0.787 ±0.011 0.495 ±0.002
ACE-NODE 0.804 ±0.010 0.514 ±0.003
Neural CDE 0.880 ±0.006 0.776 ±0.009
ANCDE 0.900 ±0.002 0.823 ±0.003
EXIT 0.913 ±0.002 0.836 ±0.003
DualDynamics 0.918 ±0.003 0.873 ±0.004
Neural SDE 0.799 ±0.007 0.796 ±0.006
Neural LSDE 0.909 ±0.004 0.879 ±0.008
Neural LNSDE 0.911 ±0.002 0.881 ±0.002
Neural GSDE 0.909 ±0.001 0.884 ±0.002

FlowPath
– ResNet 0.919±0.005 0.869±0.006
– GRU 0.918±0.005 0.870±0.005
– Coupling 0.916±0.006 0.866±0.002

Table 7: AUROC Comparison on PhysioNet Sepsis

As shown in Table 7, FlowPath variants achieve the high-
est or near-highest AUROC among all baselines. These re-
sults suggest that learning continuous flow variations offers
a reliable inductive bias for modeling complex temporal dy-
namics in time series analysis.

Conclusion
We present FlowPath, a framework for modeling ISTS by
learning the control path of a Neural CDE through an in-
vertible neural flow. This approach replaces fixed interpola-
tion with a data-adaptive, structure-preserving transforma-
tion that more accurately captures the underlying temporal
geometry. Experimental results on 18 benchmark datasets
and a real-world case study demonstrate improved classi-
fication accuracy and robustness, particularly under condi-
tions of high missingness. These findings highlight the im-
portance of modeling the geometry of the control path, not
just the dynamics along it, to build reliable continuous-time
models for real-world applications.

While FlowPath improves robustness by learning a well-
structured control path, its use of invertible flows intro-
duces additional parameters. Exploring more efficient archi-
tectures could reduce this overhead. Furthermore, our evalu-
ation also focuses on classification, and the performance of
FlowPath on tasks such as forecasting and generative mod-
eling remains an important area for future investigation.
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