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Abstract. Accurate motion management via patient-specific motion mod-
els is critical for motion compensation and tumor tracking in 4D ra-
diotherapy. Existing approaches typically rely on a two-step pipeline
combining deformable image registration (DIR) and linear surrogate-
based regression, limiting their ability to capture complex, nonlinear
surrogate-to-motion relationships. We propose a novel implicit neural
representation (INR) motion model that jointly optimizes DIR and surro-
gate regression, directly predicting continuous deformation vector fields
from arbitrary surrogate states. The framework simultaneously learns
forward and backward motion models with enforced cyclic consistency,
and adapts the SIREN architecture with anisotropic frequency scaling
to account for the differing spatial and temporal dynamics of the in-
put. Evaluated on the DIR-Lab 4DCT dataset, our method achieves a
mean TRE of 1.08 mm and DSC of 0.625, outperforming classical and
INR-based two-step baselines while yielding strictly zero folding across
all cases. Source code is available at https://github.com/IPMI-ICNS-
UKE/INR-Motion-Modeling.

Keywords: Motion Modelling · Image Registration · Implicit Neural
Representation.

1 Introduction

Respiratory-induced motion makes the treatment of lung and liver tumors clin-
ically challenging [9]. Precise motion management of the patient is therefore
crucial for accurately calculating the delivered dose to the tumor and organs
at risk (OAR) [20]. Specifically, this requires patient-specific motion modeling:
establishing a mathematical relationship between an external surrogate signal,
⋆ These authors contributed equally as last authors.
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acquired during treatment, and the internal motion of the region of interest,
typically represented as a dense deformation vector field (DVF). Common sur-
rogate signals include optical tracking of a marker block placed on the thorax
and real-time imaging [2]. Accurate motion modeling can furthermore benefit the
reconstruction of the treatment-day 4D cone-beam CT (4DCBCT) by enabling
prior-guided, motion-compensated reconstruction methods [13].

Patient-specific motion models are typically derived from the patient’s plan-
ning 4DCT, which commonly comprises 10 phase volumes paired with their
respective surrogate signals over a median respiratory cycle. The objective of
such a motion model is to predict a DVF that maps a reference anatomical state
to any target respiratory state guided by the surrogate signal [10]. Constructing
such a model first requires pair-wise registration between the reference phase and
all other phases. Subsequently, standard modeling approaches assume a linear
relationship between the surrogates and the DVFs, and solve for a system matrix
via linear regression [17]. Recent works have extended this classic linear model
by optimizing the surrogate and allowing it to vary in the superior-inferior (SI)
direction [8]. While providing a multi-dimensional surrogate allows linear models
to approximate hysteresis, they remain restricted to a simple linear combination
of these global inputs. Consequently, they inherently struggle to accurately cap-
ture highly complex, non-linear surrogate-motion interactions, such as localized
variations in hysteresis or spatially heterogeneous tissue deformations.

A complementary line of work has focused on improving the spatial repre-
sentation of deformation fields themselves. In this context, implicit neural rep-
resentations (INRs) have emerged as a flexible and expressive framework for
deformable image registration (DIR) [18, 5, 15]. INRs represent dense DVFs as
continuous functions rather than relying on discrete 3D voxel grids. In particu-
lar, models using sinusoidal representation networks (SIREN) [14] have demon-
strated high efficacy for such spatial transformations. Furthermore, INRs have
been adapted to model dynamic scenes [12], including applications as internal
motion models for 4DCBCT motion-compensated reconstruction [19] and group
image reconstruction in cardiac MRI [6]. However, such internal models rely
exclusively on the intrinsic ordering of the phase images and do not explicitly
incorporate an external surrogate signal to control motion.

Building upon these advancements, we propose a SIREN-based patient-specific
motion model capable of predicting continuous DVFs inside the lung with respect
to a reference state, conditioned on an external surrogate signal. In contrast to
classical sequential pipelines, our approach eliminates the need for prior pairwise
registrations. Instead, it represents respiratory motion as a continuous implicit
function jointly parameterized by spatial location and the surrogate signal.

In summary, our main contributions are threefold: 1 we introduce a novel
patient-specific respiratory motion model based on the SIREN framework that
predicts continuous, high-resolution DVFs directly from a patient-specific sur-
rogate; 2 we enforce cyclic consistency by simultaneously learning forward and
backward transformations and introduce an anisotropic frequency scaling in the
first SIREN layer to accommodate the spatial and temporal differences; and 3
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Fig. 1. Overview of the proposed continuous motion modeling framework.
Left: The 2D surrogate space, illustrating the discrete 4DCT phases (P4DCT) used
for training and the continuous domain (Scont) available for inference. Right: Forward
(ufwd) and backward (ubwd) deformation fields are predicted by individual SIRENs
from spatial coordinates x and surrogate states s. A data loss (Ldata) drives the op-
timization by matching the reference (pref) and target (pi) images via forward (light
arrows) and backward (dark arrows) warping. Training is further regularized by cycle
consistency (Lcons) and spatio-temporal smoothness (Lspatial,Ltemp).

we demonstrate the efficacy of our proposed framework through a comprehensive
evaluation on the publicly available DIR-Lab 4DCT dataset [3].

2 Methods

2.1 Problem Formulation and Classical Modeling

A patient-specific respiratory motion model aims to predict the transformation Φ
from a reference phase to an arbitrary respiratory state parameterized by an
external surrogate signal. In this work, we choose the end-exhale (EE) phase
(typically corresponding to the 50% phase in a 4DCT) as the reference, as it
represents the most reproducible anatomical state. We further represent Φ via
the displacement field u:

Φ(x) = x+ u(x), (1)

where x is a coordinate in the image domain Ω. In the following, we use the
terms DVF and u interchangeably.

Motion models can be formulated in two directional variants. In the forward-
warping formulation, the DVF maps the reference to the surrogate-driven target
state, enabling the tracking of anatomical landmarks. In the backward-warping
formulation, the DVF maps the target state back to the reference, allowing im-
ages or segmentation masks defined in the reference to be propagated to arbitrary
respiratory states, which is essential for dose accumulation.

Commonly, classical motion models are constructed in a sequential two-step
process. First, ground-truth DVFs, denoted as U ∈ Rm×nph , are calculated be-
tween the reference phase and all other nph phases via DIR, where m = 3Nvox
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represents the number of image voxels multiplied by the spatial dimensions. Each
column of U corresponds to a flattened DVF for one respiratory phase. Subse-
quently, a linear relationship between the DVFs and the corresponding surrogate
signal S ∈ Rnind×nph (with nind being the dimensionality of the surrogate) is as-
sumed:

U = BS, (2)

where B ∈ Rm×nind is the desired system matrix. Equation 2 can be solved
in a least-squares sense via multivariate linear regression, as described by Wilms
et al. [17].

2.2 Implicit Motion Model

We model respiratory motion as a continuous displacement field

u(x, s) ∈ R3, (3)

where x ∈ [−1, 1]3 denotes the normalized spatial position and s ∈ [−1, 1]nind

represents the respiratory surrogate signal. Specifically, we implement u as a
SIREN [14]

unon-linear(x, s) = fθ([x, s]), (4)

with fθ : R3+nind → R3, and θ being the model parameters optimized during
training. The full model framework is illustrated in Fig. 1.

An important hyperparameter of SIRENs is their frequency scaling parame-
ter ω0 in their activations sin(ω0 ·Wx+b) [14]. It is commonly set to a large value
(e.g.,ω0 = 30), to enable the network to represent high-frequency components
across the input domain [−1, 1]. Acknowledging the anisotropy of our input, i.e.
high-frequency components in space and smooth variations in the surrogate, we
set ω0 individually per input channel. Specifically, we use ω0,x = 30 for spatial
and ω0,s = π/2 for surrogate inputs. The latter ensures that the surrogate inputs
only span half a period over the input domain.

Ablation Models We train the following ablation models to disentangle the
effect of joint spatio-temporal optimization, the nature of the surrogate rela-
tionship and the impact of INR-based DIR. First, we train a (temporal)-linear
SIREN:

ulinear(x, s) = bθ(x)s, (5)

where bθ : R3 → R3×nind represents a spatially continuous analogue of the
system matrix B in Equation 2, enforcing a strictly linear relationship with
respect to the surrogate signal.

We then build two variants of the two-step procedure as described in Equa-
tion 2. The required pair-wise DVFs are, for the first model, acquired via classical
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variational registration (VarReg) [4], and for the second with DIR-SIRENs as
proposed in [18]. The latter is then sampled on a regular grid before the second
step.

2.3 Training Objective

The network parameters are optimized by minimizing a joint training objective,
defined as a weighted sum of four loss components:

L = Ldata + λspatialLspatial + λtempLtemp + λconsLcons, (6)

where λspatial, λtemp, and λcons are hyperparameters controlling the relative in-
fluence of each regularization term. The individual terms are defined as follows:
(1) Data term (Ldata): We utilize the masked normalized cross-correlation
(NCC) to evaluate the similarity between the deformed reference and the target
phase images strictly within the lung regions.
(2) Spatial regularization (Lspatial): To ensure biologically plausible deforma-
tions, we penalize local folding and enforce spatial smoothness using a Jacobian
determinant penalty and a Laplacian penalty, respectively:

Lspatial = ∥det(I +∇u)− 1∥22 + λLap ∥∆u∥22 . (7)

(3) Temporal regularization (Ltemp): To encourage smooth motion trajec-
tories over time, we apply a Laplacian smoothness penalty with respect to the
surrogate inputs for the non-linear model. For the linear baseline model, we
penalize the L2-norm of the first derivatives with respect to the surrogates.
(4) Consistency term (Lcons): As demonstrated by van Harten et al. [15],
training of the DIR-SIRENs can be stabilized by enforcing forward-backward
cycle consistency. We adopt these findings and simultaneously train both direc-
tions and formulate the following L2 penalty on the residual displacement:

Lcons =
∥∥ufwd(x, s) + ubwd

(
x+ ufwd(x, s), s

)∥∥2
2
. (8)

2.4 Implementation Details

Our framework is implemented in PyTorch [11], utilizing its autograd function-
ality to analytically compute all spatial and temporal gradients required for the
training objective. During each training step, we randomly sample 1,000 con-
tinuous spatial coordinates per phase from the union of the phase-specific lung
masks. We apply intra-voxel jitter to these coordinates to fully leverage the
continuous spatial domain of the INRs. For the data loss computation, image
intensities at these continuous coordinates are obtained via trilinear interpola-
tion from the discrete voxel grids. We set individual weights in Equation 6 to
λspatial = 0.01, λtemp = 0.1 and λcons = 0.1.

The network parameters are optimized using the AdamW optimizer with an
initial learning rate of 10−4. The learning rate is modulated by a cosine annealing
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schedule following a 20-step linear warmup. Each model is trained for a total of
10,000 iterations, requiring approximately 15 minutes of training. However, since
we observed earlier convergence in many cases, this duration could be reduced
by introducing early stopping criteria. All SIRENs are configured with 3 hidden
layers, each having a width of 256. We set ω0 = 30, excluding the anisotropic
scaling described in Sec. 2.2.

2.5 Dataset and Surrogate Extraction

We evaluate our proposed method on the publicly available DIR-Lab 4DCT
dataset [3], which consists of 10 patient cases. Each case comprises 10 distinct
3D respiratory phase images covering a full breathing cycle. In this dataset,
phase 0 represents the maximum/end-inhale (EI) state, and phase 5 represents
the maximum/end-exhale (EE) state. Consequently, phases 1 through 4 capture
the exhalation, while phases 6 through 9 capture the inhalation.

We aim to evaluate our model on a 2D surrogate s ∈ R2, often given by
the displacement amplitude and its temporal derivative of an external marker
block, allowing for the differentiation between inhalation and exhalation. Because
the original DIR-Lab surrogate traces are unavailable, we derive an internal
signal as a replacement. Specifically, we extract the phase-wise lung volumes
from automatically predicted lung masks and use these as the signal amplitudes.
We then assume an equal phase-spacing of the images, allowing us to extract
the derivative.

2.6 Evaluation Metrics

Registration accuracy is commonly assessed via the target registration error
(TRE) computed on paired ground-truth landmarks. The DIR-Lab dataset pro-
vides 300 expert-annotated landmarks per case, available only at the extreme
respiratory states. For intermediate phases, only automatically propagated land-
marks are available and exclusively for the exhalation, precluding a balanced
evaluation across the full respiratory cycle. We therefore adopt lung vessel maps
as a dense anatomical proxy, with vessel probability maps extracted automati-
cally using TotalSegmentator [16].

To avoid interpolation artifacts, we apply the predicted DVFs directly to
continuous vessel probability maps via trilinear interpolation before binarizing
at a 0.5 threshold. We report DSC and Average Symmetric Surface Distance
(ASSD), the latter being more robust than DSC for thin tubular structures, as
well as TRE evaluated on the 300 extreme-phase landmarks. To assess spatial
regularity, we compute the Jacobian determinant |J | of each transformation,
reporting the fraction of voxels with |J | ≤ 0 as an indicator of non-physiological
folding and std(|J |) as a measure of transformation smoothness.
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3 Results

For clarity, we restrict the evaluation to the backward models, as we observed
similar trends for both directions. Quantitative results are shown in Table 1.
Our proposed full implicit SIREN outperforms all ablation models across all
registration accuracy metrics. Regarding topological plausibility, it is the only
model to achieve strictly zero folding, while all other models exhibit near-zero
but non-zero rates (order 10−6). DVF smoothness as measured by std(|J |) is
consistent across all SIREN-based methods.

Fig. 2 provides a per-case, per-phase breakdown of DSC. As expected, all
models perform best for small respiratory motion, evident in higher DSC values
for phases adjacent to the reference (p5) and for cases with limited overall motion
(e.g., cases 1 and 2). The most performance gains occur at two transitions: first,
from classical to INR-based DIR, and second, moving from the temporal-linear
assumption to our fully joint SIREN approach.

Finally, Fig. 3 visualizes the behavior of the SIREN motion models in the sur-
rogate phase space. The linear SIREN produces a globally uniform displacement
field, paired with a steady increase of spatial irregularity. Standard (isotropic)
SIREN (Full (Iso.)) exhibits temporal overfitting, leading to deviations out-
side the physiological breathing cycle. Introducing our proposed anisotropic fre-
quency scaling (Full (Aniso.)) suppresses these artifacts, yielding a smooth
temporal motion model.

Table 1. Quantitative comparison of motion models evaluated on lung vessel
maps and landmarks. DSC↑, ASSD↓ [mm], TRE↓ [mm], % of |J |≤0 ↓ and std(|J |) ↓.

Model DSC ↑ ASSD ↓ TRE ↓ % of |J |≤0 ↓ std(|J |) ↓

2-Step Seq. Classical 0.562 0.816 1.521 6.0e−7 0.127
INR 0.571 0.786 1.341 3.5e−6 0.072

Joint SIREN Linear 0.573 0.785 1.404 2.4e−6 0.072
Full 0.625 0.682 1.084 0.0 0.080

1 2 3 4 5 6 7 8 910
0
1
2
3
4
6
7
8
9

DIR-Lab Case

4D
C

T
P

ha
se

2-Step: Classical

1 2 3 4 5 6 7 8 910

DIR-Lab Case

2-Step: INR

1 2 3 4 5 6 7 8 910

DIR-Lab Case

SIREN: Linear

1 2 3 4 5 6 7 8 910

DIR-Lab Case

SIREN: Full

0.4

0.8

D
SC

Fig. 2. Phase-wise DSC for all cases and models. Phase 5 serves as the fixed ref-
erence and is thus omitted. Our proposed approach (Full) mitigates the performance
drops observed in challenging cases across all baseline models.
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Fig. 3. Continuous motion model behavior in the surrogate phase space. Top
row: Mean displacement [mm]. Bottom row: DVF regularity (std(|J |)). The dashed
line represents the respiratory trajectory with discrete 4DCT phases (p0–p9) for case
9 and reference phase 5. High-frequency artifacts both inside and outside the observed
breathing cycle are effectively suppressed by our proposed anisotropic frequency scaling.

4 Discussion

In this work, we proposed an INR-based motion model for the lung, predict-
ing dense deformation vector fields conditioned on a 2D surrogate signal. Case-
specific models were trained and evaluated on the 10 open-access DIR-Lab
4DCTs. INR-based DIR yields a modest improvement over classical registra-
tion, while joint spatio-temporal optimization alone does not surpass the two-
step pipeline. The largest performance gain arises when joint optimization is
combined with a nonlinear surrogate-to-motion relationship, as in the full im-
plicit SIREN. The strictly zero folding and generally smooth deformations of our
model further highlight the efficacy of SIREN-based registration with continuous
regularization, consistent with prior work [18, 5, 15]. Our proposed anisotropic
frequency scaling further ensures smoothness in the surrogate space.

Several aspects remain to be addressed before clinical deployment. First, this
work relied on an internal lung-volume signal as a surrogate substitute, since the
original DIR-Lab traces are unavailable. Translating the method to a true exter-
nal signal is therefore an important next step. We expect the model to generalize
well here, as its nonlinear formulation is not constrained to the linear manifold
of a potentially sub-optimal external signal. Second, the stability of the model
when transferred from the planning 4DCT to the treatment day remains an
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open question, given known instability issues for classical baselines [1]. Here,
fine-tuning on a pre-treatment cone-beam CT is a possible mitigation strategy.
Finally, extension to higher-dimensional surrogates, such as real-time imaging
during treatment [7], represents a promising direction toward fully online adap-
tive radiotherapy workflows.

Disclosure of Interests. R.W. receives a research grant from Siemens Healthineers.
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