
NePhi: Neural Deformation Fields
for Approximately Diffeomorphic

Medical Image Registration

Lin Tian1 , Hastings Greer1, Raúl San José Estépar2,
Roni Sengupta1, and Marc Niethammer1

1 UNC Chapel Hill
2 Harvard Medical School

Abstract. This work proposes NePhi, a generalizable neural deformation model
which results in approximately diffeomorphic transformations. In contrast to the
predominant voxel-based transformation fields used in learning-based registra-
tion approaches, NePhi represents deformations functionally, leading to great
flexibility within the design space of memory consumption during training and
inference, inference time, registration accuracy, as well as transformation regular-
ity. Specifically, NePhi 1) requires less memory compared to voxel-based learn-
ing approaches, 2) improves inference speed by predicting latent codes, com-
pared to current existing neural deformation based registration approaches that
only rely on optimization, 3) improves accuracy via instance optimization, and
4) shows excellent deformation regularity which is highly desirable for medical
image registration. We demonstrate the performance of NePhi on a 2D synthetic
dataset as well as for real 3D medical image datasets (e.g., lungs and brains).
Our results show that NePhi can match the accuracy of voxel-based representa-
tions in a single-resolution registration setting. For multi-resolution registration,
our method matches the accuracy of current SOTA learning-based registration
approaches with instance optimization while reducing memory requirements by
a factor of five. Our code is available at https://github.com/uncbiag/
NePhi.

1 Introduction

Image registration is a key task in medical image analysis [11, 44]. The goal of image
registration is to establish spatial correspondences between image pairs. The ideal reg-
istration algorithm should require minimal memory, should be fast and accurate, and
should provide plausible transformations. However, while many registration algorithms
have been developed over the last several decades [3,7,20,30,50,55,60], they typically
only provide a subset of these desired qualities. As a consequence, different registration
tasks will require different registration algorithms. The goal of this work is to provide
NePhi, a neural registration algorithm that allows for significant freedom to adjust reg-
istration algorithm properties within the design space of memory consumption, speed,
accuracy, and deformation regularity as shown in Fig. 1.
Memory consumption: Classical optimization-based registration algorithms [1,19–21,
42, 46, 55] that optimize directly over the parameters of a transformation model (e.g.,
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Fig. 1: Comparison between NePhi and competing methods based on four design considera-
tions: registration accuracy, regularity of the predicted deformation field, peak memory consump-
tion during training, and inference run-time. NePhi performs slightly worse for pure prediction
but on-par with GradICON when combined with instance optimization. In both cases, NePhi
shows better deformation regularity and memory consumption compared to other methods. Val-
ues are normalized to [0,1] for visualization. Refer to Supp. B.1 for details.

a 3D displacement field) are highly memory efficient. However, current registration re-
search is focused on registration approaches based on deep learning due to achievable
improvements in registration accuracy and speed [4, 7, 12, 16, 29, 30, 41, 50, 60]. While
directly predicting a voxel-represented displacement field with a deep network is fast,
memory consumption scales with the number of voxels and can therefore quickly be-
come prohibitive for large 3D image volumes. This then necessitates the use of down-
sampled images and small batch sizes during training even on modern high-memory
GPUs [7, 16, 30, 50]. Further, to achieve best performance these approaches perform
instance-optimization [50] at test time where the neural network parameters are opti-
mized for a given image pair. Hence, memory requirements are high during training and
testing making these approaches unsuitable for low-memory GPUs, high-resolution im-
ages, or high-dimensional vector-valued images. Hence, exploring alternative transfor-
mation parameterizations is desirable to reduce memory consumption; this is expected
to become increasingly important, e.g., for very high resolution volumetric microscopy
images. Our NePhi approach allows for low memory consumption during training and
testing as it is based on an implicit neural representation parameterized by a multi-layer
perceptron (MLP). Further, it is expected that such a representation can be parameter-
efficient by exploiting the expectation that deformation spaces for real data are low-
dimensional. In contrast, direct parameterization of a displacement field is very high
dimensional; we would for example have 3 million degrees of freedom for a 1003 image
in 3D.

Inference speed and accuracy: Voxel-based deep network approaches are fast but
only achieve high accuracies with memory-intensive instance optimization [50]. Im-
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plicit neural representations of deformations [5, 17, 18, 45, 53, 57, 58, 63], which are pa-
rameterized by MLPs, can achieve high accuracy, but are slow as they optimize MLPs
from scratch for each image pair. Our approach allows balancing inference time and
accuracy because it predicts global and latent codes on which the MLP is conditioned.
Hence a registration solution can be obtained by pure prediction or, if additional in-
ference time is acceptable, can be refined for additional accuracy based on instance
optimization.

Regularity: In medical image registration, transformation regularity is often important
and achieved by adding an appropriate regularizer, for example, based on concepts of
diffusion [49], curvature [22], or models from continuum mechanics [5, 9, 10, 54]. Our
approach provides highly regular transformations by using gradient inverse consistency
regularization, a regularizer which has shown to be highly effective for voxel-based
deep registration models [50]. We further show that using this regularizer only on a
very sparse set of locations is sufficient to regularize NePhi thereby further improving
memory efficiency.

The contributions of our work are as follows:

1) We propose a generalizable neural deformation field approach, NePhi, which is
based on an implicit neural representation via an MLP. In contrast to existing neural
deformation models for optimization-based image registration [17, 18, 45, 57, 58,
63], NePhi conditions the MLP on global and local codes thereby allowing to
predict transformations.

2) We demonstrate that NePhi can provide high accuracy registration results at sig-
nificantly lower memory cost than voxel-based deep registration networks.

3) While our base NePhi model directly predicts a deformation field, we also provide
a hybrid multi-step approach for improved performance. The first step of this multi-
step approach uses a low-resolution voxel-based model, which can be computed
efficiently thereby retaining the overall efficiency of our approach.

4) By integrating a gradient inverse consistency (GradICON) loss into NePhi we
obtain approximately diffeomorphic transformations (i.e., transformations that are
smooth, have a smooth inverse, and are bijective) even when only evaluating this
loss at a sparse set of spatial locations. Going beyond the existing GradICON ap-
proach we propose approximately diffeomorphic neural deformation fields (NDF)
which represent the forward and backward deformations with one set of latent
codes that can be predicted by a CNN in one forward pass.

5) We demonstrate the performance of NePhi on synthetic data, a real 3D lung reg-
istration between inhale and exhale computed tomography (CT) images, and a real
brain MRI dataset. We evaluate our method across our four critical design con-
siderations (memory consumption, accuracy, regularity, and training and inference
time). This evaluation shows that our approach i) is very memory efficient, ii) can
achieve excellent registration performance when combined with instance optimiza-
tion or alternatively quickly predict registrations at reduced accuracy; and iii) re-
sults in highly regular transformations.
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2 Related work

2.1 Medical Image Registration

Image registration is classically formulated as an optimization problem [1,19,21,42,46]
with respect to a pair of images. The goal is to estimate optimal transformation pa-
rameters that minimize a compromise between transformation regularity and the dis-
similarity between the transformed moving image with respect to the fixed image. As
generally no closed-form solutions to these optimization problems exist they are solved
using iterative numerical optimization (typically using a gradient descent scheme), re-
sulting in significant computation time. To improve capture range multi-resolution ap-
proaches have been proposed [2, 27]. To reduce registration run-time, learning-based
methods [4, 12, 16, 29, 30, 41, 50, 60] have been developed which replace numerical
optimization by regression via a deep neural network at inference time. The pioneer-
ing works [12, 60] demonstrated how convolutional neural networks (CNN) can be
used for learning-based registration. Subsequent developments added multi-step and
multi-resolution capabilities [16, 29, 30, 50] to improve registration accuracy; these ap-
proaches achieve competitive accuracies to optimization-based multi-resolution regis-
tration methods but with significantly less run-time. Instance-optimization, where the
registration networks are finetuned for a given image pair, can further increase regis-
tration performance [50]. While learning-based multi-resolution registration methods
provide state-of-the-art performance and nearly instantaneous inference, they consume
significant memory during training and instance optimization (IO), because the used
CNNs predict dense deformation fields and feature maps which becomes especially
costly in 3D. Registrations at high spatial resolutions for 3D image volumes are there-
fore not easily possible. Further, these approaches are relatively slow when using IO
as large neural networks are finetuned. Our motivation is therefore to develop NePhi,
a neural deformation model which has a better memory profile and allows balancing
between runtime, memory consumption, and registration accuracy.

2.2 Neural Deformation Models

Functional representations of deformation fields (parameterized via MLPs) for natural
images in dynamic scenes [14,24,25,25,33,34,36,51], for dynamic objects [13,23,31,
47, 56], and for animatable humans [8, 15, 26, 35, 40, 59, 61, 62] have attracted signifi-
cant recent interest. These approaches focus on reconstructing an underlying 3D scene,
object, or human while accounting for existing motion between acquired 2D images.
However, only limited work exists on using such functional representations for medical
image registration [17, 18, 45, 53, 57, 58, 63]. Existing approaches either use an MLP-
parameterized function to directly represent a displacement vector field (DVF) [57, 63]
or to represent velocity or momentum fields [17, 45, 58] to capture large deformations.
In velocity or momentum field approaches a transformation is obtained by numerical
integration; this indirect parameterization ensures diffeomorphic transformations. but
is computationally costly because of the required numerical integrations. Most impor-
tantly, all existing registration work based on neural deformation models only focuses
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on optimization-based registration, which is slow compared to learning-based regis-
tration which predicts transformations at test time. In contrast, our proposed NePhi
approach is suitable for optimization-based and learning-based registration.

3 Background

Given two images IA : ΩA →R and IB : ΩB→R, where ΩA,B ∈ Rd indicates
the domain of the images, our goal is to find a mapping φAB : Rd → Rd such that
IA ◦ φAB ≈ IB3. This continuous transformation map, φAB , can be parameterized
as a function with parameters τ , denoted as φAB(x; τ), where the parameters depend
on the function class to be parameterized. E.g., these could be parameters for an affine
transform φAB(x; τ) = Tx + b where τ = {T, b}, a discretized vector field, τ , on a
voxel grid φAB(x; τ) = x+ interpolate(τ at x), or the condition latent code z to an
MLP φAB(x; τ) = φθ(x; z) with τ = z and φθ being the MLP.

Learning-based registration. Here, one trains a neural network (NN) fθ(IAi , IBi ) =
τ that outputs the parameters of a chosen transformation model φ. We denote the pre-
dicted transformation field as φ(x; τ). The NN is trained over a set of image pairs
I = {(IAi , IBi )}Ni=1 by solving

θ∗=argmin
θ

1

N

N∑
i=1

Lsim
(
IAi ◦ φ(x; τ), IBi

)
+λLreg(φ(x; τ)) , τ = fθ(I

A
i , IBi ) , (1)

where Lsim(·, ·) is the similarity measure and Lreg(·) is a regularizer with λ ≥ 0.
Diffeomorphic transformations. In medical image registration it is frequently de-

sirable to obtain diffeomorphic transformation maps, which are desirable because they
allow mapping smoothly between image spaces (e.g., between an image and an atlas
space) without worrying about transformation folds. As discussed above, the standard
approach to obtain diffeomorphic transformations by construction is by parameterizing
them by velocity [54] or momentum fields [5]. Instead, we will use a regularizer (see
Sec. 4.1) that directly encourages invertibility and empirically results in approximately
diffeomorphic transformations.

4 Methods

This section describes our approximately diffeomorphic neural deformation fields (NDFs)
(Sec. 4.1), how we obtain generalizable neural deformation fields (Sec. 4.2), and lastly
our training approach (Sec. 4.3).

4.1 Approximately Diffeomorphic NDFs

We build on the approach of Tian et al. [50] to obtain approximately diffeomorphic neu-
ral transformation maps. This approach regularizes transformations based on a gradient

3 A perfect match can in general not be achieved due to image differences or image noise.
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Fig. 2: The framework of NePhi. Top: the design of the generalizable neural deformation fields
with gradient inverse consistency regularizer (Sec. 4.1 and Sec. 4.2). Bottom: the overall frame-
work of how to train neural networks to predict NePhi (Sec. 4.3).

inverse consistency loss to encourage diffeomorphic transforms. Specifically, given a
forward transformation map φAB = Id + fθ(I

A, IB) and a backward map φBA =
Id + fθ(I

B , IA), where Id denotes the identity map, regularity can be encouraged by
minimizing the loss

Lreg =
∥∥∇ [

φAB ◦ φBA
]
− I

∥∥2
F
, (2)

where I is the identity matrix and ∇ denotes the Jacobian. To combine this loss with
our neural representation of NePhi, we use two MLPs, denoted φθ1 and φθ2 , to rep-
resent the continuous forward transformation φAB and backward transformation φBA,
respectively. To make these MLPs generalizable we condition them on the same latent
code z, which is possible because of our design choice to use two MLPs. With such a
design, we can then express the gradient inverse consistency loss as

Lreg(θ1, θ2, z) = Ex∼q(x) ∥∇ [φθ1(φθ2(x; z); z)− x]∥2F , (3)

where x denotes a point coordinate which we uniformly sample from distribution q(x)
across the image domain.

4.2 Hybrid Conditioning

To allow NePhi to generalize to new transformations (for new image pairs) we use the
latent code, z, introduced above to condition φθ1 and φθ2 . Specifically, z is composed of
a global latent code vector zg ∈ RC×1 and a local latent code map zl ∈ RC×H×W for a
2D transformation and zl ∈ RC×D×H×W for a 3D transformation. Note that the local
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latent code is represented at a lower resolution than the input images. For any point x
we then obtain a local latent code via bilinear (trilinear in 3D) interpolation of the local
latent codes. We denote the interpolated local latent code at point x by zl(x) ∈ RC×1.
For a given x, the overall latent code, z ∈ R2C×1 is then obtained by concatenation

z(x) = [zTg , zl(x)
T ]T . (4)

We use the following loss from [32] to encourage a compact latent space

Lprior(zg, zl) =
1

σ2
||zg||22 +

1

|Ωzl |
∑

x∈Ωzl

1

σ2
||zl(x)||22 (5)

where Ωzl represents the grids where the zl are defined.

4.3 Training

Here, we describe how NePhi can be used for learning-based registration. Fig. 2 (bot-
tom) illustrates the approach. Supp. A provides implementation details.

Learning-based NePhi. We condition NePhi on latent codes because we want
NePhi to provide equivalent functionality to the voxel representation used in learning-
based registration. In a learning-based registration network, a CNN directly predicts the
transformation given a pair of images during inference. In NePhi, we achieve a similar
functionality by letting a neural network fθ3 predict the latent codes zg and zl based on
an input image pair. Given a training dataset I = {(IAi , IBi )}Ni=1, we train the neural
network fθ3 and NDFs φθ1 , φθ2 by minimizing

{θ1, θ2, θ3} = argmin
θ1,θ2,θ3

1

N

N∑
i=1

Lsim
(
IAi ◦ φθ1(·; z), IBi

)
+ Lsim

(
IAi , IBi ◦ φθ2(·; z)

)
+ λ1Lreg(θ1, θ2, z) + λ2Lprior(z) , z = fθ3(I

A
i , IBi ) , (6)

where Lsim is the similarity loss: in this work, we use normalized cross correlation
(NCC). As φθ1 and φθ2 are continuous functions that can represent transformations at
any spatial location, we randomly sample two different sets of points within the image
space to compute Lsim and Lreg.

NePhi Instance Optimization. Starting from the predicted latent code from the
learning-based NePhi, we optimize over the latent code and the parameters of φθ1 and
φθ2 by minimizing the following loss at test time when given one pair of images:

{z, θ1, θ2} = argmin
z,θ1,θ2

Lsim
(
IA ◦ φθ1(·; z), IB

)
+ Lsim

(
IA, IB ◦ φθ2(·; z)

)
+ λ1Lreg(θ1, θ2, z) + λ2Lprior(z) . (7)

During training the latent code is predicted by fθ3 . During instance optimization, the
latent code is optimized over.

Multi-resolution NePhi To improve inference performance, we propose a multi-
resolution approach based on NePhi. We combine a low-resolution voxel-based reg-
istration CNN with a high-resolution learning-based NePhi as shown in Figure 2. This
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approach retains the good memory efficiency of NePhi as the voxel-based registra-
tion at low-resolution is also fast and memory efficient. See Fig. 3 for an illustration of
NePhi’s memory efficiency for high resolution images. Specifically, we train a voxel-
based registration neural network on low-resolution images and keep it frozen while
training a subsequent high-resolution registration step based on NePhi.

Sampling Strategy As we will observe in Sec. 5.6, regular transforms can be ob-
tained using very few sampled points for the regularizer. Thus, we sample two different
sets of points uniformly within the image domain [−1, 1] to compute Lsim and Lreg,
with a much smaller number of points for Lreg than for Lsim.

5 Experiments

5.1 Datasets

We use the following datasets for our experiments.
Triangles and Circles (T&C) is a synthetic 2D dataset [16] where images are either
solid or hollow triangles or circles. We randomly generate a training set of 10000 pairs
of images of size 512× 512 and a validation set with 1000 pairs of images of the same
size for solid and for hollow shapes. We use this dataset for an ablation study.
COPDGene [37]. We use a subset of 999 inspiration/expiration lung computed tomog-
raphy (CT) image pairs from the COPDGene study4 [37] with provided lung segmen-
tation masks for training. We resample the images to an isotropic spacing of 2 mm,
leading to a 175×175×175 image grid. CT intensities correspond to Hounsfield units.
We clamp them within [−1000, 0] and scale them linearly to [0, 1]. We then apply the
lung segmentation mask to the images to extract the lung region of interest (ROI). We
use 899 pairs for training and 100 pairs for validation.
DirLab [6]. This dataset contains 10 pairs of inspiration/expiration lung CT images
(from COPDGene, different from the 999 pairs above) with 300 anatomical landmarks
per pair, manually identified by an expert in thoracic imaging. We process these images
in the same way as the other COPDGene images. This dataset is used for testing.
HCP [52]. We use a subset of the young adult T1-weighted brain images of the Human
Connectome Project (HCP) for training. We use 28 manually segmented subcortical
regions for evaluation [38, 39]. Following [50] we use 1076 images for training and 44
for testing.

5.2 Baselines

We compare NePhi to the following optimization-based method and two learning-
based methods.

PTVReg [55] is a state-of-the-art optimization-based approach on the DirLab dataset.
We report the result on DirLab based on the official implementation, where hyper-
parameters were obtained by grid-search on the DirLab dataset itself. Results are there-
fore likely overly optimistic.

4 https://www.ncbi.nlm.nih.gov/gap
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LapIRN [30] is the winner of the Learn2Reg registration challenge. To be consis-
tent with the transformation model of NePhi, we use LapIRN with displacement vector
fields (DVFs) from the official implementation and train it with the COPDGene dataset.

GradICON [50] is currently the best learning-based registration method on the
DirLab dataset. It is a multi-resolution registration neural network composed of three
sub-networks. Here a subnetwork receives as input the warped images from the previous
network. We compare to GradICON in two ways: 1) based on the original settings, and
2) by replacing the multi-resolution network architecture with a single-resolution archi-
tecture. All other settings are kept the same as described in [50]. The goal of the single-
resolution comparision is to provide a fair comparison to a single-resolution NePhi
model. For GradICON(IO), we use 50 iterations as in the original paper.

Table 1: Registration performance on DirLab. Registration methods are categorized as
optimization-based (O), multi-resolution learning-based (M), and single-resolution learning-
based (S). mTRE is the landmark error. %|J |<0 is the voxel percentage with negative Jacobian
determinant for the transformation map, which measures the regularity of the transformation.
Rep. shows the number of parameters of a representation and Enc. the number of parameter of
the encoder network. The inference time for IO indicates the time required for the optimization
iterations. Our NePhi approach combines good performance with excellent registration regu-
larity while reducing memory consumption significantly in comparison to the fully voxel-based
GradICON and LapIRN registration networks.

Method IO mTRE↓ %|J |<0 ↓ Rep. Enc. Time(Inference) Peak Mem.(Train)↓
(mm) (M) (M) (s) (MB)

Initial 23.36 — — — — —

O PTVReg [55] 0.84 0.6 — — 442 —

S

GradICON 5.41 1.4e-4 0 17.67 0.14 6394
GradICON ✓ 2.10 3.5e-4 0 17.67 16.08 6394
NePhi 5.44 0.0 0.28 3.07 0.46 2466
NePhi ✓ 1.73 0 0.28 0 13.60 2330

M

LapIRN 4.24 1.1e-2 0 0.92 0.24 10186
GradICON 1.93 2.6e-4 0 70.68 0.16 13482
GradICON ✓ 1.31 2.6e-4 0 70.68 47.63 13482
NePhi 2.78 2.4e-4 0.28 3.07 0.52 2852
NePhi ✓ 1.53 1.1e-4 0.28 0 56.42 2330

5.3 Registration Performance on DIRLab and HCP

Table 1 compares NePhi to baselines on the DirLab dataset. Note that the iterations of
NePhi(IO) are adjusted to match the runtime of GradICON(IO) for a fair comparison.

For single-resolution registration, our method achieves comparable registration ac-
curacy (5.44 mm) to GradICON (5.41 mm), the analogous baseline for a voxel-represented
deformation, while using only 41.4% of the memory required for both training and in-
ference. With instance optimization, NePhi with 200 iterations reaches better perfor-
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mance than GradICON with 50 iterations (1.73 mm versus 2.10 mm) at a comparable
run-time, but again requires less memory. Moreover, the deformation fields predicted by
NePhi contain no folds, indicating better regularity than GradICON and much better
regularity than the optimization-based SOTA method PTVReg.

For multi-resolution registration, NePhi achieves better registration accuracy and
regularity than LapIRN. Though the inference result of NePhi is slightly worse than
for multi-resolution GradICON, memory consumption is reduced by ∼ 79% compared
to GradICON. This memory efficiency carries over to instance optimization, where the
performance gap between NePhi(IO) and GradICON(IO) is further reduced for the
same runtime. See Fig. 6 in the supplementary material for an example registration
result.

Table 2: Evaluating the multi-resolution NePhi on the HCP brain dataset. As for the DirLab
dataset, NePhi provides competitive registration accuracy with excellent spatial regularity and
significantly reduced memory requirements compared to the voxel-based GradICON registration
network during training.

DICE↑ %|J |<0 ↓ PeakMem.(Train)↓

Initial 53.4 — —
GradICON 78.7 1.2e-3 6716

GradICON(IO) 80.5 4e-4 6716
NePhi 76.2 0 1760

NePhi(IO) 78.9 1.4e-3 1426

We also test NePhi on the HCP brain MRI dataset following the same evaluation
procedure as in [50]. Tab. 2 indicates that NePhi shows competitive performance with
significantly reduced memory requirements.

5.4 Memory consumption across image resolutions

In the previous experiment, we demonstrated that NePhi exhibits superior memory
efficiency compared to state-of-the-art (SOTA) learning-based registration methods for
images of size 175× 175× 175. Here, we extend our analysis to show that the memory
efficiency of NePhi becomes more pronounced as the input image resolution increases.

Figure 3 compares peak memory use between GradICON and NePhi during train-
ing and instance optimization (IO) in the single-resolution setting. The results show that
peak memory use escalates rapidly for voxel-represented transformations as the size of
the input images increases. We see that going from 1603 to 3203, memory use for a
voxel–based approach jumps from ∼ 4.8GB to ∼ 37.7GB with only one pair of images
and hits the GPU memory limit for a 48 GB GPU around 3603. In contrast, NePhi
shows a significantly slower increase in peak memory use opening the possibility for 3D
registrations for significantly larger image volumes. The peak memory use for NePhi
is further reduced because optimization is carried out only over the parameters of the
neural deformation fields, eliminating the need to optimize over the feature encoder. In
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Fig. 3: Comparison of peak memory consumption between voxel-representated deformations and
NePhi during training and instance optimization (test-time optimization) for 3D images. Details
regarding the experiment setting can be found in Sec. 5.4. We observe that memory consumption
for voxel-based approaches scales poorly whereas NePhi requires much less memory during
training and testing thereby opening opportunities for high-resolution image registration. Such
high-resolution capabilities are expected to become increasingly important for example for the
registration of very large volumetric miscroscopy images.

contrast, optimizing over voxel-represented transformation fields with gradient inverse
consistency as a regularizer (see Supp. B.2), is not feasible. Peak memory consump-
tion during IO remains high for voxel-represented transformation, equaling that of the
training phase.

Table 3: Performance of NePhi on
DirLab when trained on different resolu-
tions of the COPDGene dataset. We observe
that regularity is maintained across reso-
lutions while registration performance im-
proves for higher-resolution images.

Shape mTRE↓ %|J |<0 ↓ mTRE(IO)↓ %|J |<0 ↓
21 16.85 0 11.49 0
43 12.77 0 8.20 0
87 9.31 0 3.48 0

175 5.44 0 1.57 3e-5
256 5.30 0 1.46 3e-4

Table 4: mTRE (mm) and run-time with
varying number of IO iterations for DirLab.
NePhi(M) outperforms NePhi(S) for
real-time inference. Both methods reach
satisfying results with reasonable run-time
when using IO. NePhi(M) shows better
performance for fewer iterations.

IO Iterations Initial 100 200 800 1600

Time(s) 6.76 13.60 56.42 112.68

NePhi(S) 5.44 1.94 1.73 1.57 1.51
NePhi(M) 2.78 1.78 1.67 1.53 1.49

Beyond memory considerations, Table 3 shows the accuracy and regularity prop-
erties based on the predicted deformation field for NePhi trained on various image
resolutions for the DirLab dataset. We observe that regularity is maintained across
all resolutions, and landmark errors decrease as expected with increasing resolution.
This analysis underscores the positive correlation between high-resolution input im-
ages and improved registration performance, emphasizing the necessity of exploring
high-resolution registration.
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5.5 Trade-off between time and accuracy

Table 4 shows registration accuracies for instance optimization (IO) using single-resolution
NePhi and multi-resolution NePhi for varying numbers of IO iterations on the DirLab
dataset. We observe that using more iterations results in better registration performance.
Multi-resolution registration provides slightly worse than SOTA results while provid-
ing fast memory-efficient inference (0.46s for single-resolution NePhi and 0.52s for
multi-resolution NePhi). To pursue the best accuracy, either single-resolution or multi-
resolution NePhi(IO) can be used with reasonable run-time (∼ 56s). These results
demonstrate that NePhi can effectively balance accuracy and run-time based on regis-
tration requirements.

5.6 Ablation study

This section investigates the impact of i) the number of points used for Lreg, and ii) the
different choices of Lreg when combined with NePhi NDF.

(a) (b) (c)

(d) (e) (f)

Fig. 4: Ablation study. (a) Performance of NePhi trained with various regularizer ratios, indi-
cating that NePhi’s performance is insensitive to the regularizer’s sampling ratio. (b) and (c)
show the registration accuracy and regularity of the transformation field when using NePhi in
the optimization-based setting (as in IO, but without predicting the latent code). The registration
accuracy and regularity of the transformation field only deteriorates for regularizer ratios below
∼ 4−6. (d), (e) and (f) show comparisons between using the diffusion regularizer and gradient
inverse consistency (NePhi) on NDF (Neural Deformation Field) transformations in the opti-
mization setting.
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The number of points used for Lreg. The underlying principle of NePhi that facil-
itates memory efficiency lies in its capability to preserve the regularity of deformation
fields through the computation of regularity losses over a small number of sparse points,
rather than densely across the entire image volume. In this section, we test this hypoth-
esis and investigate the minimal set of points required to preserve regularity. We define
the regularizer ratio %Lreg as the ratio between the number of sample points to evalu-
ate the regularizer loss over the number of image voxels. To eliminate the influence of
the similarity loss, we keep the similarity ratio fixed to 0.02 (seeSupp. A for details) for
all models in this section.

Varying %Lreg in learning-based NePhi. We train learning-based NePhi on the
T&C solid dataset. Fig. 4a shows the Dice overlap scores between the fixed and the
registered moving image. The number of folds (%|J |<0; not shown for this experiment)
remained consistently close to zero for all models when varying %Lreg. Fig. 4a reveals
that, at convergence of model training, both registration accuracy and the regularity
of predicted deformation fields are minimally affected by variations in the regularizer
ratio. Consequently, memory consumption for the evaluation of the regularizer loss can
be dramatically reduced without affecting overall registration accuracy and regularity.

Varying %Lreg with NePhi(IO). We also tested NePhi(IO) when varying %Lreg.
Learning-based NePhi solves the T&C registration problem well, so performing in-
stance optimization starting from a trained learning-based NePhi results in flat train-
ing curves, starting and staying at the optimum. To emphasize convergence differences,
we instead initialize the weights of the MLP and the latent code randomly, and then
perform instance optimization. We randomly pick one image pair from the T&C as an
example. Fig. 4b and Fig. 4c show the Dice overlap and transformation regularity re-
spectively. We observe that reducing %Lreg does not significantly impact the regularity
of the obtained transformations until %Lreg = 1

46 ∼ 0.0244% is reached, correspond-
ing to approximately 64 points only (%Lreg × 512× 512). Importantly, since lowering
the regularizer ratio does not affect regularity over a wide range of regularizer ratios,
registration accuracy remains unaffected for these settings as well. This experiment
underscores that, similar to learning-based NePhi, in this IO setting, satisfactory ac-
curacy can be achieved by evaluating regularity using very few sample points for the
regularizer loss, allowing for dramatic reductions in memory use for the evaluation of
the regularizer loss.

The different choices of Lreg. We opt for gradient inverse consistency (GradICON)
regularization instead of the more commonly used diffusion regularizer [4] for defor-
mation vector fields (DVF). This choice is motivated by the excellent registration per-
formance obtained using the GradICON regularizer for voxel-based learning-based reg-
istration and its ability to provide approximately diffeomoprhic transformations when
combined with a deep registration network [50]. However, gradient inverse consistency
does not work in the optimization-based setting for a voxel-represented transformation
(shown in Supp B.2). However, it does work for NePhi, enabling optimization over the
transformation field itself instead of the entire network in the IO phase. This immedi-
ately also raises the question if gradient inverse consistency results in better solutions
comparing to diffusion regularization for NDFs for instance optimization. To answer
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this question, we compare NePhi in the IO setting: i) NePhi without using a regu-
larizer, and ii) NePhi replacing gradient inverse consistency with diffusion regulariza-
tion. As discussed in Sec. 5.6, to emphasize the convergence differences, we initialize
NePhi (including latent codes and MLPs) from a random initialization. We present the
result on one randomly generated pair of images from the T&C hollow dataset (more
examples in Supp. B.3). Experimental results are shown in Fig. 4d, Fig. 4e and Fig. 4f.
Fig. 4e reveals that NePhi is the only approach that results in zero foldings during
optimization. Although the number of folds (%|J |<0) also goes to zero for the models
using the diffusion regularizer, the Dice results at convergence are lower compared to
NePhi in Fig. 4d. Fig. 4d shows visualizations of the final registration results illus-
trating the good regularity properties of NePhi based on gradient inverse consistency
regularization.

6 Limitations

Our method provides memory benefits during training and testing and allows graceful
tradeoff between accuracy and runtime. However, it has the following limitations. First,
the convergence is relatively slow. NePhi requires more training epochs (Supp. A) and
more iterations (800) during instance optimization to converge to a similar performance
level as voxel-based registration neural networks (50 IO iterations are sufficient). This
might be addressable by sampling more points to evaluate the losses which would in-
crease memory requirements. Second, the current multi-resolution NePhi is still based
on an initial voxel-based CNN registration model. For very high-resolution registra-
tion, such low resolution voxel-based networks may themselve consume a significant
memory.

7 Conclusion

In this work, we introduced NePhi, which provides comparable registration accuracy,
better deformation regularity, flexible settings to balance between test runtime and reg-
istration accuracy, and, importantly requires significantly less memory during training
and instance optimization, compared to the current SOTA learning-based registration
methods. NePhi opens up a large design space for learning-based registration (see
Fig. 1) allowing a user to pick the best suited NePhi model for a particular registra-
tion task. In this work we demonstrated the good performance of NePhi within this
design space on two challenging 3D image registration tasks: lung registration based on
the compute tomography images of the COPDGene dataset and brain registration based
on the magnetic resonance images of the HCP dataset. We hope this work will inspire
further explorations of generalizable neural deformation fields in learning-based regis-
tration methods and that it will open avenues for further research into high-resolution
registration.
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