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ABSTRACT

In medical image registration, where targets exhibit piecewise smooth structures, a
carefully designed low-resolution data structure can effectively approximate full-
resolution deformation fields with minimal accuracy loss. Although this physical
prior has proven effective in traditional registration algorithms, it remains underex-
plored in current learning-based registration literature. In this paper, we propose
AdaWarp, a novel neural network module that leverages this prior for efficient and
accurate medical image registration. AdaWarp comprises an encoder, a guidance
map generator, and a differentiable bilateral grid, enabling an edge-preserving
low-frequency approximation of the deformation field. This design reduces compu-
tational complexity with low-resolution feature maps while increasing the effective
receptive field, achieving a balanced trade-off between registration accuracy and
efficiency. Experiments on two registration datasets covering different modalities
and input constraints demonstrate that AdaWarp outperforms existing methods in
accuracy-efficiency and accuracy-smoothness tradeoffs.

1 INTRODUCTION

Image registration is a fundamental step in various medical imaging tasks, such as population
modeling and statistical atlas construction [1, 2]. Traditional methods [3, 4, 5] minimize an energy
function via gradient descent or discrete optimization, often requiring many iterations and extensive
hyperparameter tuning. Since they optimize each input pair independently, these methods cannot
perform amortized optimization, making it challenging to integrate label supervision from a cohort and
leading to slow processing times. Recently, learning-based approaches have accelerated registration
by pre-training neural networks on image pair cohorts using amortized optimization. VoxelMorph [6],
a seminal model in this domain, leverages a convolutional neural network (ConvNet) [7] to predict
deformation fields, achieving fast and accurate image registration.

Several follow-up works have explored different strategies to improve registration accuracy [8, 9, 10,
11, 12, 13, 14, 15, 16, 17, 18]. Many of these approaches leverage advanced network architectures,
such as transformers [19, 8, 10] and large convolutional kernels [11, 20], achieving modest accuracy
gains at a disproportionately higher computational cost. Moreover, to handle datasets with large
deformations, cascaded and pyramid structures such as VTN [16] and LapIRN [9] have been employed
to improve registration accuracy; however, they often compromise the balance between registration
accuracy and deformation smoothness. While several methods [15, 12, 18, 14], such as DeepFLASH
[15] and FourierNet [12], have specifically targeted improving the accuracy-efficiency tradeoff,
achieving an optimal balance between the two remains a challenge.

Previous studies have shown that incorporating prior knowledge improves the accuracy-efficiency
trade-off in image segmentation [21, 22, 23, 24] and image registration [15, 12, 25], motivating
the design of our proposed architecture. Combining this insight with our observations from daily
MRI and CT scans in cardiac and abdominal regions, we note two consistent patterns: (1) intensity
variations within anatomical regions are generally smooth, and (2) distinct boundaries often exist
between organs and the background or neighboring organs. For instance, in cardiac imaging, intensity
within regions like the right ventricle and myocardium is relatively homogeneous, while clear and
well-defined boundaries are formed by intensity differences between these regions (see Fig. 1,
columns 1&2). These consistent intra-region smoothness and inter-region boundaries indicate that
certain medical images exhibit piece-wise smooth structures, serving as a valuable physical prior for
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Figure 1: Visual comparison of the deformation fields from end-systole (ES) to end-diastole (ED)
generated by both the pseudo-ground truth (GT) and FourierNet [12]. The pseudo-GT was obtained
using the DDIR model [31], achieving a Dice (%) exceeding 98% (details in §A) of the appendix.
Column 1 displays the original ES and ED images, with Column 2 focusing on the image patches
highlighted by the orange box. Column 3 compares the pseudo-GT and FourierNet deformation fields
from ES to ED, while Columns 4 to 6 illustrate the corresponding deformation fields in the frequency
domain.

image registration. Based on this observation, we propose the following assumption to guide the
design of our network module throughout the paper:

Piece-wise Smooth (P-S) Assumption. In medical image registration tasks where the targets of
interest exhibit piece-wise smooth structures, a carefully designed low-resolution data structure can
effectively approximate full-resolution deformation fields.

Several studies [12, 15] have shown that displacement fields exhibit limited high-frequency content in
the Fourier domain. This insight allows neural networks to operate in a band-limited space, reducing
computational complexity without sacrificing accuracy, particularly in brain MR image registration.
Interestingly, follow-up research by Jia et al. [13] demonstrates that FourierNet, leveraging band-
limited approximation for cardiac registration, not only reduces computations but also improves
accuracy by enlarging the effective receptive field (ERF) [26]. However, reliance on global smoothness
constraints makes these methods less effective for datasets with large deformations and complex
motions. For instance, as shown in Fig. 1, cardiac imaging involves the heart moving within the rigid
thoracic cavity or displaying complex localized motion between ventricles and myocardium, resulting
in local discontinuities. In such cases, imposing a globally smooth deformation field becomes too
restrictive. To address these discontinuities, some works have employed bilateral filters [27, 28],
which preserve edges and improve registration performance in the presence of local discontinuities
[29, 30]. However, the non-trainable nature of these filters limits their broader adaptability in
learning-based registration frameworks.

Here, we identify a gap in the literature: existing learning-based registration frameworks lack an
end-to-end learnable approach to incorporate the physical prior, i.e., the P-S Assumption, into
neural networks, leading to suboptimal registration performance. In this paper, we address this gap
by introducing AdaWarp, a neural network module that integrates the P-S assumption, enforcing
global smoothness while respecting local discontinuities. AdaWarp employs learnable adaptive
filtering to register medical scans, achieving better accuracy-efficiency and accuracy-smoothness
trade-offs. AdaWarp comprises an encoder, a guidance mapper, and a differentiable bilateral grid. The
encoder, based on ConvNets [32, 33] or Vision Transformers (ViTs) [34], generates low-resolution
representations, while the guidance mapper, a multi-layer perceptron (MLP), produces a guidance map
representing the range dimension and capturing local intensity differences. The core of AdaWarp is
the differentiable bilateral grid [35, 36], which inherently incorporates the P-S prior. The grid begins
with a differentiable splatting module that maps the 3D image into a 4D bilateral grid, spanning
the 3D spatial domain and a 1D range domain. This grid undergoes learnable blurring for adaptive
filtering, followed by a slicing module to produce a piece-wise smooth output. The main contributions
of this paper are as follows:

• We propose AdaWarp, a novel neural network module that integrates the P-S prior in an end-
to-end learnable manner, filling the gap of existing learning-based registration frameworks.

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2025

• Extensive experiments on two datasets spanning different modalities (MRI & CT) and
input constraints (un- and semi-supervised) demonstrate that AdaWarp achieves superior
accuracy-efficiency and accuracy-smoothness tradeoffs compared to existing methods.

2 RELATED WORK

Bilateral Grid and High-Dimensional Filtering: The bilateral filter [27, 28] enhances image quality
by replacing each pixel with a weighted average of its neighbors, using weights based on spatial
proximity (spatial domain S) and intensity similarity (range domainR). While effective for edge-
preserving image manipulation, its native implementation is slow. Accelerated techniques like the
bilateral grid [35, 36], Gaussian KD-Trees [37], permutohedral lattice [38], and adaptive manifolds
[39] project signals into compact high-dimensional spaces for real-time performance. These methods
have been integrated into neural networks for tasks like scene-dependent image transformation [40]
and stereo matching [41], though their use in dense medical image registration remains limited.
Recent innovations such as bilateral neural networks [42] and the fast bilateral solver [43] extend
these ideas but have yet to find broad applicability in medical imaging.

Learning with Differentiable Transformations: The bilateral grid requires both grid-push and
grid-pull operations to manage splatting and slicing. While prior studies [44, 41] have represented the
range domain using deep bilateral grids and channel shuffling [45], by directly reshaping the encoded
tensor U 2 RC�H�W with C = C� �R into a bilateral grid � 2 RC��H�W�R, this method does
not fully capture the range domain. Though conceptually similar, grid-push and grid-pull are adjoint
operations. Grid-push handles transformations involving summation, such as Hough transform [46,
47] and splatting in the bilateral grid [35, 36]. Conversely, grid-pull deals with transformations
involving spatial sampling, such as image warping using a deformation field [6]. In our work, we use
existing differentiable grid-push and grid-pull techniques [48, 49] to build the differentiable grid.

Learning-based Image Registration: Image registration aims to align a moving image Im with
a paired fixed image If by estimating a deformation field �. The transformation at each voxel is
defined as �(x) = x+ u(x), where x is a spatial location in the domain 
 � RH�W�D, and u(x)
is the displacement vector at x. This deformation field � establishes a voxel-wise mapping from each
location in If to its corresponding location in the warped moving image Im � �. Learning-based
methods, such as VoxelMorph [6], employ unsupervised learning to optimize the expected loss
function and derive neural network weights � from a cohort of image pairs D, formulated as:

�̂ = arg min
�
fE(If ;Im)�D[f(If ; Im � g�(If ; Im)) + �r(g�(If ; Im))]g: (1)

Here, f and r represent the dissimilarity and regularization functions, respectively. The function g�,
once trained, predicts the deformation field � directly from the input, i.e., � = g�(If ; Im). Recent
advancements in learning-based image registration extend beyond VoxelMorph [6] by incorporating
Vision Transformers [19, 50] into frameworks like TransMorph [8] and XMorpher [10]. Innovations
such as symmetric networks [51, 52], multi-channel architectures [31], large-kernel convolutions
[11, 53], and cascaded frameworks [54, 9, 17] have further advanced the field. More recent methods
like RDP [55] and CorrMLP [56] combine image pyramids [57] or multi-scale strategies [17] with
advanced modules like MLPs and vision transformers [58], achieving competitive performance.
However, as noted by Jena et al. [59] and Hansen et al. [60], amortized optimization with the same
voxel-wise dissimilarity as iterative instance optimization methods offers no clear advantages in
unsupervised settings. AdaWarp addresses this gap by integrating the P-S prior, naturally modeling
pairwise voxel relationships and enhancing flow signal propagation within a learned cost volume in
an edge-aware manner.

3 ADAWARP

In this section, we present the details of AdaWarp, starting with an introduction to the traditional
bilateral grid. We then describe how AdaWarp incorporates a differentiable bilateral grid into the
current backbone network. While AdaWarp is applied to 3D volumetric images using a 4D grid, for
simplicity, we illustrate the framework using a 2D spatial domain.
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Figure 2: Visual illustration of the bilateral grid process on a random step function.Splatting:
Projects the 1D step function from a (1x128) space into a 16x6 sparse spatial-range grid using nearest
interpolation with sampling ratesss = 8 andsr = 0 :16. Blurring : Gaussian �lters with� = 1 to
both spatial and range dimensions, corresponding to� s = � � ss and� r = � � sr in the initial image
space.Slicing: Utilizes linear interpolation for slicing, normalized via homogeneous coordinates.
Left: The initial step function is shown in yellow dots, with the projected intensities linked by blue
lines in the bilateral grid.Right: The blurred bilateral grid and the �ltered signal are visualized, with
red dots representing the sliced output compared to the original yellow signal.

3.1 PRELIMINARIES

Here we brie�y review the process of implementing fast bilateral �ltering via a bilateral grid [35, 36]
(ref to Fig. 2 for an visual example). Consider a guidance imageG 2 Rh� w normalized to the range
(0; 1), and an input imageI 2 Rh� w . Let ss andsr denote the sampling rates in the spatial domainS
and the range domainR, respectively. We can establish a bilateral grid� 2 R[ h

s s
]� [ w

s s
]� [ 1

s r
]� 2. This

grid is initially set to zero and then updated by accumulating homogeneous coordinates(I (x; y); 1):

�
��

x
ss

�
;
�

y
ss

�
;
�

G(x; y)
sr

��
+= ( I (x; y); 1): (2)

Here, (x; y) are the originalimage coordinates, and the triplet(x; y; G(x; y)) representsgrid
coordinatesfor accessing elements in the bilateral grid, with[�] denoting the rounding operation.
The process described in Eq.(2) is calledsplatting, where image signals are projected onto the
higher-dimensional spaceS � R . Any functionf , including neural networks that take the constructed
grid � as input, can blur (manipulate) the grid, producing~� = f (� ). Subsequently, slicing generates

a new image by sampling at grid location
�

x
ss

; y
ss

; G (x;y )
sr

�
using multi-linear interpolation. This

tri-phase splatting-blurring-slicing process serves as the primary building block ofAdaWarp.

3.2 DIFFERENTIABLE BILATERAL GRID

Adopting notations from prior research [49, 48], we formally de�ne the differentiable splatting and
slicing operations in the following sections. While high-dimensional �ltering can project signals onto
arbitrary spaces, we focus on extending by one additional dimension. This single range dimension
is suf�cient to respect object boundaries by capturing pairwise voxel intensity differences, thereby
implementing the P-S Assumption. Extending to higher dimensions is possible and could generalize
adaptive �ltering further, but this lies beyond the scope of the current paper. See the appendix for a
preliminary derivation.

3.2.1 SPLATTING, BLURRING & SLICING

Splatting and slicing are symmetric operations, essential for producing piece-wise smooth outputs.
Given a source tensorU 2 RH � W � C and a target bilateral grid� 2 RH 0� W 0� R � C , whereH; W
are input andH 0; W 0 are output spatial dimensions,R is the range dimension size, andC is the
number of channels. A sampling gridG 2 RH � W � 3, consisting ofG x andG y as mesh grids and
G r as the guidance map, along with a kernel functionK() , are used. The accumulated values at a
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Figure 3: Overview of the AdaWarp framework, which consists of an encoder, a guidance map
generator implemented with an MLP, and learnable adaptive �ltering using a differentiable bilateral
grid. Details on the splatting and slicing processes are provided in §3.2, while the overall work�ow
of the framework is described in §3.3.

cell � ijk 2 RC and the value at cell(n; m) in the sliced feature mapV 2 RH � W are determined as:

� ijk =
SX

(n;m )

U nm K(G x
nm ; i )K(G y

nm ; j )K(G r
nm ; k); (3)

V nm =
S�RX

( i;j;k )

~� ijk K(G x
nm ; i )K(G y

nm ; j )K(G r
nm ; k); (4)

Here the kernel functionK() can be any prede�ned kernel, such as the linear interpolation kernel
K(p; q) = max(0 ; 1 � j p � qj). Eq. (3) can be represented asD : (U ; G; K) 7! � , and Eq.(4)
can be represented asF : ( ~� ; G ; K) 7! V . The ~� ijk is generated through a "blurring" function,
implemented using a learnable neural network layer composed of two convolutional layers. This
transforms the bilateral grid, where~� = f (� ) represents the blurring operation applied to� . The
difference between splatting and slicing lies in the data �ow dynamics. In splatting, each cell inU
"pushes" its values to a speci�c location in� . Conversely, in slicing, each cell inV "pulls" values
from a speci�c location in~� . In the equations, for splatting (Eq. 3), each cell on the left side may
accumulate values from multiple locations on the right, whereas in slicing (Eq. 4), each cell on the left
side typically samples from a single location on the right. We refer to these as locations rather than
cells on the right side because, with the use of a multi-linear kernel, a single location can correspond
to multiple cells. For additional details on gradient computations for both processes, see [49, 48].

3.2.2 ACHIEVING ADAPTIVE FILTERING

For edge-preserving �ltering in the bilateral grid, it is essential to track the pixel count or weight per
grid cell. During splatting, a tensor the same spatial size asU , �lled with ones, is concatenated with
U across channels. The grid is then divided into a value tensor and a weight tensor post-splatting,
with the former normalized by the latter before further processing.

Filtering in the original image maintains translation-equivariance in the spatial domainS but can
propagate information across nearby objects, causing issues in image registration with local dis-
continuities. In contrast, �ltering in the bilateral grid preserves locality in both spatial and range
domainsS � R , enabling edge-preserving �ltering. As the same �lter is applied to each cell in the
grid, originally adjacent cells in the spatial domain may become farther apart in the range domain.
When projected back to image space, each pixel is effectively �ltered with a unique kernel, adapting
to local intensity variations, akin to the adaptability of self-attention mechanisms. See the appendix
for the derivation of connections between adaptive �ltering and self-attention.

3.3 ADAWARP FRAMEWORK

In this section, we introduce the AdaWarp framework, designed to improve the accuracy-ef�ciency
trade-off in image registration by leveraging the piece-wise smooth (P-S) prior, as discussed in
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§1. As shown in Fig. 3, AdaWarp consists of an image encoder, a guidance map generator, and a
differentiable bilateral grid (detailed in §3.2).

The encoder, which could be any existing backbone network such as ResNets [32] or a U-Net [7] with
linear interpolation, reduces the spatial size of the input image(H0; W0) by a certain factor, producing
a feature map of spatial size(H; W ). This feature map serves as a low-resolution approximation
of the original input images. The moving and �xed feature maps are used to compute disparities,
which are then reshaped to form a cost volume tensorU 2 RH � W � C , similar to ConvexAdam
[61, 62]. We use a multi-layer perceptron (MLP), following prior work [40, 41], to generate a
single-channel guidance mapG r in the range(0; 1). By applying a sampling ratesr , we compute
G r

sr
as the grid coordinate for the range domain. This, along with the spatial coordinatesG x

ss
and G y

ss

of the original image, forms the complete sampling grid( G x

ss
; G y

ss
; G r

sr
). The sampling grid enables

access to elements in the bilateral grid, supporting the splatting and slicing processes. The feature
mapU is then splatted onto a bilateral grid� 2 RH 0� W 0� R � C and blurred via learnable convolution
layers to yield the re�ned grid~� 2 RH 0� W 0� R � C 0

. Slicing this grid recovers the original spatial size
(H0; W0) in the �nal feature mapV 2 RH 0 � W 0 � C , resulting in spatial and range sampling rates set
at ss = H 0

H 0 = W 0
W 0 andsr = 1

R , respectively.

4 EXPERIMENTS& RESULTS

In this section, we evaluate AdaWarp on two tasks: unsupervised cardiac cine-MR registration and
semi-supervised abdomen CT registration. We detail the datasets, implementation, baselines, and
metrics, followed by results and analysis focusing on accuracy-ef�ciency and accuracy-smoothness
trade-offs.

4.1 DATASETS, IMPLEMENTATION DETAILS, BASELINE METHODS& EVALUATION METRICS

Cardiac Dataset (Unsupervised Learning).We evaluate unsupervised intra-subject cardiac cine-
MR image registration on the ACDC dataset [63], containing 150 subjects with ED and ES phase
images and segmentation masks for the right ventricle (RV), left ventricular myocardium (LVM),
and left ventricular blood pool (LVBP). We register ED to ES images and vice versa, resulting in
300 image pairs. The dataset is split into 170 training, 30 validation, and 100 testing pairs, with no
subject overlap. All images are normalized to (0,1), resampled to a voxel size of 1.8x1.8x10 mm, and
cropped to 128x128x16. In the unsupervised setting, no masks were used for training or testing.

Abdomen Dataset (Semi-supervised Learning).We evaluate inter-subject multi-organ registration
on the Abdomen CT dataset [64], which includes 30 scans with 13 segmented structures. The dataset
was split into 380 pairs (20×19) for training, 6 pairs (3×2) for validation, and 42 pairs (7×6) for
testing. All images were resampled to a voxel size of 2 mm, resized to 192×160×256, and min-max
normalized to(0; 1) with intensities clipped to[� 800; 500]Houns�eld units. In the semi-supervised
setting, masks were used only during training.

4.1.1 TRAINING DETAILS AND BASELINE METHODS

All experiments and baseline methods were conducted using Python 3.7 and PyTorch 1.9.0 [65]
on an A100 GPU and a 16-core CPU. TorchScript was used to implement splatting and slicing for
performance optimization. Training details can be found in §C of the appendix.

Baseline Methods.We benchmarkAdaWarp against leading learning-based models, including
VoxelMorph [6], TransMorph [8], LKU-Net [11], FourierNet [12], CorrMLP [56], and RDP [66].
For the cardiac dataset, we also include MemWarp [17], a recently developed multi-scale network
speci�cally for cardiac registration, and DeBG, a deep bilateral grid model previously used in image
manipulation [40] and stereo matching [41]. For the abdomen CT dataset, we include LapIRN
[9] and textSCF [25], both designed for handling large deformations. Additionally, we evaluate
discrete optimization methods ConvexAdam [67] and SAMConvex [68], tailored for dataset with
large deformations and limited instances.
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Model Avg. (%) RV (%) LVM ( %) LVBP (%) HD95# SDlogJ#
Initial 58.14 64.50 48.33 61.60 11.95 -

VoxelMorph [6] 76.35* 74.69 73.19 81.15 9.28 0.049
TransMorph [8] 76.89* 75.39 73.52 81.75 9.11 0.049
FourierNet [12] 77.04* 75.30 73.88 81.96 9.10 0.045
LKU-Net [11] 77.10* 75.16 74.20 81.75 9.14 0.048

MemWarp [17] 77.25* 75.86 73.92 81.99 9.23* 0.074
DeBG [40] 77.36* 76.05 74.41 81.61 8.75 0.042

CorrMLP [71] 77.58* 74.84 75.68 82.21 9.23* 0.052
RDP [66] 77.62* 74.70 75.95 82.20 9.15 0.050

Ada-Cost (Ours) 79.82 77.58 77.95 83.92 8.98 0.050

Table 1: Quantitative evaluation of different models on the ACDC
dataset. Top scores are highlighted in bold. Metrics include
Average Dice (%), RV Dice (%), LVM Dice (%), LVBP Dice
(%), HD95 (mm), and SDlogJ, with# indicating lower is better.

Model Type Dice (%) HD95# SDlogJ#
Initial - 30.86 29.77 -

FourierNet [12] L 42.80* 22.95* 0.13
VoxelMorph [75] L 47.05* 23.08* 0.13

TransMorph [8] L 47.94* 21.53* 0.13
LapIRN [70] L 51.39* 20.89* 0.06
LKUNet [11] L 52.08* 20.34* 0.28

CorrMLP [71] L 56.58* 20.40* 0.16
RDP [66] L 58.77* 20.07* 0.22

TextSCF [25] L 60.75* 22.44* 0.87
ConvexAdam [67] D 51.10* 23.14* 0.11
Ada-ConvexAdam D 51.29* 23.29* 0.11
SAMConvex [68] D 53.65* 18.66* 0.12
Ada-SAMConvex D 53.94* 18.52* 0.12
Ada-Cost (Ours) L&D 64.97 13.70 0.17

Table 2: Quantitative compari-
son on the Abdomen CT dataset.
“L” denotes learning-based meth-
ods, and “D” represents discrete
optimization-based methods.

4.1.2 IMPLEMENTATION DETAILS

For all methods, includingAdaWarp, we follow Balakrishnan et al. [6] and usescaling and squaring
[69] with 7 integration steps for diffeomorphic transformation. It is worth noting that the guidance
map is sourced from the �xed image only, as for each voxel location in the target image, the
deformation �eld samples a value from moving image. Dataset-speci�c implementation details are
provided below.

Ada-Cost. The instantiation ofAdaWarp for deformable image registration isAda-Cost, which
follows ConvexAdam's discrete optimization strategy [62, 61] while beingend-to-end trainablelike
other learning-based methods. It uses two 3D conv-norm-act blocks as encoder to extract moving and
�xed feature maps, followed by trilinear downsampling to form a 3-level image pyramid. At each
pyramid level, a cost volume with one neighbor is computed, followed by two 4D conv-norm-act
blocks for adaptive �ltering, and �nalized with a 3D conv-norm-act block and a convolution to extract
the deformation �eld. Unlike prior multi-scale methods [70, 71, 17], Ada-Cost processes cost volumes
with shared network weights across pyramid levels, reducing parameters while maintaining optimal
performance. For the cardiac dataset, raw images are processed through an additional conv-norm-act
block before being input to the encoder. For the abdomen dataset, feature maps extracted by a
pretrained universal segmentation network [72] (pre-softmax) serve as input to the encoder.

Dataset speci�cs. In cardiac dataset, for DeBG, aside from the encoder and splatting adapted
from [44, 41], all other components (e.g. spatial and range sampling rates) follow the Ada-Cost
setup. In DeBG, FourierNet, and Ada-Cost, downsampling is omitted in the axial direction due to
slice thickness considerations. Discrete optimization methods use pretrained feature descriptors:
ConvexAdam utilizes MIND [73], while SAMConvex employs contrastively pretrained descriptors
from a large CT dataset [74]. As SAMConvex's pretrained model is unavailable, we replace it with a
pretrained CT segmentation model [72], the same used as input to Ada-Cost. Both methods adopt a
3-level image pyramid. In Table 2, Ada-* denotes the use of a non-learnable bilateral �lter for cost
volume �ltering with Gaussian kernels (� = 1 ) for both spatial and range domains.

4.1.3 EVALUATION METRICS.

Following standard practice [6, 8], we use the Dice Similarity Coef�cient (Dice) and 95th percentile
Hausdorff Distance (HD95) to assess anatomical alignment, and the standard deviation of the Jacobian
determinant's logarithm (SDlogJ) to measure deformation smoothness. Computational complexity is
evaluated using multiply-add operations (Multi-Adds, G) and parameter size (Params, MB). Statistical
signi�cance is determined using paired t-tests on both Dice (%) and HD95, with an asterisk (*)
indicating signi�cance for comparison methods atp < 0:05. Absence of an asterisk denotes no
signi�cance.

4.2 RESULTS AND ANALYSIS

4.2.1 QUANTITATIVE RESULTS& A NALYSIS

Cardiac Dataset.Table 1 compares methods on the ACDC dataset, highlighting that all approaches
produce smooth deformation �elds with low SDlogJ. Ada-Cost achieves the highest Dice scores across
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