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Abstract. Implicit neural representations (INRs) have recently emerged
as a promising alternative to population-based CNNs and classical op-
timization-based methods for medical image registration, offering con-
tinuous, resolution-agnostic deformation fields. However, their instance-
wise optimization can be prone to instability and implausible defor-
mations. Generalizable INRs address this limitation by conditioning a
shared network on subject-specific latent priors, yet their smoothness
arises implicitly from the network rather than from an explicit con-
straint, offering no control over the regularity of the deformation. More-
over, existing generalizable INR frameworks typically require two in-
dependent latent priors to represent forward and backward deforma-
tions, although both describe the same underlying anatomical corre-
spondence. We propose Mirror and Map (MnM), a symmetric, general-
izable INR framework that encodes both deformation directions through
a single latent prior and its negation. MnM combines a Lipschitz reg-
ularization scheme adapted to the modulated architecture with cycle-
consistency regularization and Muon as an optimizer, jointly promot-
ing smooth, plausible, and approximately diffeomorphic deformations.
Compared with generalizable baselines, MnM improves registration ac-
curacy while preserving deformation plausibility. We further show that
the learned self-supervised deformation representation achieves classifi-
cation performance comparable to image-based approaches. Code will be
available at https://github.com/bkahrs/MirrorAndMap.

Keywords: Deformable Image Registration · Implicit Neural Represen-
tations · Self-Supervision · Representation Learning.

1 Introduction

Image registration describes the process of aligning two images by estimating a
spatial transformation φR→T that maps a reference R onto a target T . This is
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an essential part in many medical applications, for example, to track anatomical
changes across visits, capturing motion such as inhale and exhale phases of the
lung, or aligning a subject to a common anatomical atlas [13,20]. Anatomical
plausibility requires the transformation to be smooth and invertible, correspond-
ing to a diffeomorphic mapping.

Data-driven approaches, such as convolutional neural networks (CNNs) au-
tomate this estimation by learning to predict deformations over a population,
enabling fast inference [2]. However, these methods may reach their limits when
generalizing to images with large or previously unknown deformations, and since
they operate on a fixed grid, they are typically restricted to a single resolu-
tion [9,24]. Implicit neural representations (INRs), in contrast, parameterize
the deformation as a continuous function that maps spatial coordinates to dis-
placements [24,22]. This enables deformations at arbitrary resolution and yields
transformations that are analytically differentiable [19]. However, such represen-
tations are commonly optimized per instance rather than learned over a popula-
tion, making them sensitive to hyperparameter choices and optimization settings,
which can lead to less plausible deformations [22].

To combine the benefits of the data-driven approaches and those of INRs,
generalizable INRs [4] have been proposed for image registration to condition
a shared network on a per-subject latent prior z [25,12]. In this setting, the
shared network weights capture a structure common to all subjects, while each la-
tent prior encodes subject-specific deformation information. Consequently, each
transformation is represented by a separate latent prior. This requires learn-
ing two independent representations, zR→T and zT→R, to model the mappings,
φR→T and φT→R. However, both deformations describe the same underlying
anatomical transformation, except in opposite directions. This raises the natu-
ral question of how the two latent representations are related, and whether they
can be reduced to a single non-redundant latent prior.

Meanwhile, several works have investigated regularization techniques and
optimization strategies for instance-based INR across different domains, includ-
ing image reconstruction and shape representations. While recent work studies
Lipschitz regularization for instance-based INRs and reports promising results,
including image registration, it does not investigate penalizing an upper bound
of the Lipschitz constant [16,14] as a flexible way to directly constrain the Ja-
cobian of the deformation [23]. Moreover, this line of work has not explored the
use of such regularization in the context of generalizable INRs. Muon has re-
cently been proposed as an optimizer for INRs and shown promising results, but
its potential for deformable image registration and generalizable INRs remains
unexplored [11,15].

Contribution We propose Mirror and Map (MnM), a symmetric generalizable
INR framework that encodes opposite deformation directions through a single
latent prior z and its negation −z. The negation acts as the Mirror, inducing
a symmetric latent parameterization, while the shared generalizable INR serves
as the Map. Together with a Lipschitz regularization adapted to the generaliz-
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Fig. 1. Overview of the proposed method. The left side illustrates latent negation and
the corresponding inputs to the shared network, while the right side shows the resulting
image alignment.

able INR, Muon as an optimizer and a cycle-consistency term, MnM combines
regularization and optimization techniques especially suited for image registra-
tion with INRs [14,11,15]. This promotes smooth and plausible deformations and
yields approximately diffeomorphic registration.

2 Methods

Let Ri : Ω → R, i = 1, . . . , N denote a set of reference images and Ti : Ω →
R, i = 1, . . . , N the corresponding set of target images, where N denotes the
number of subjects and Ω = [−1, 1]d represents the d-dimensional image do-
main. Symmetric and diffeomorphic image registration aims to capture anatom-
ically plausible variations by estimating forward and backward deformation fields
φRi→Ti

, φTi→Ri
: Ω → Ω such that

Ti ≈ Ri ◦ φRi→Ti and Ri ≈ Ti ◦ φTi→Ri . (1)

Within this setting, Mirror and Map (MnM) builds on [12] and extends it with
a symmetric latent constraint regularization, as illustrated in Fig. 1.

MnM’s foundation is a single generalizable INR fθ and trainable latent priors
zi ∈ RL as proposed in [4], where the weights θ and latent space Z = (zi)

N
i=1 ∈

RN×L are optimized jointly over N subjects. Unlike the meta-learning scheme
of [4], we treat the latent priors as trainable parameters and optimize them
directly alongside the network weights at each update step. For each subject
i = 1, . . . , N , the network learns to align the reference images Ri to the target
images Ti by modeling deformation fields

φi(x) = fθ(x, zi) + x,

where x ∈ Ω denotes the spatial coordinates [12]. The latent priors zi condition
fθ through feature-wise modulation applied to every hidden linear layer ℓ of
fθ [17,4]. For each layer, zi is mapped by a separate linear layer to a scale vector
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γ
(ℓ)
i and a shift vector β

(ℓ)
i . For each hidden layer σ(ω(W (ℓ)h(ℓ) + b(ℓ))) with

input h(ℓ), weight matrix W (ℓ), and bias b(ℓ), this modulation yields

σ
(
ω(γ

(ℓ)
i ⊙W (ℓ)h(ℓ) + b(ℓ) + β

(ℓ)
i )

)
,

where ⊙ denotes the element-wise multiplication, σ the sine activation function,
and ω the SIREN scaling factor [19]. This way, the latent prior zi encodes
the deformation-specific information of subject i, while the shared parameters
capture the general structure, which is common to all instances.

2.1 Symmetric Latent Constraints

Given that zi encodes the forward deformation from Ri to Ti, we use its negated
counterpart −zi to represent the backward deformation. This construction in-
duces a point symmetry in the latent space, where mirrored latent priors, zi and
−zi, encode opposite deformation directions of the same anatomical correspon-
dence. Let φRi→Ti

denote the deformation that aligns the reference image Ri to
the target image Ti, and φTi→Ri

the opposite direction. We impose a symmetry
constraint by defining

φRi→Ti
(x) = fθ(x, zi) + x, φTi→Ri

(x) = fθ(x,−zi) + x.

To encourage invertible, approximately diffeomorphic deformations, we add
a cycle-consistency regularization term. Inspired by GradICON [21], we combine
an ICON [8] inverse-consistency term with a symmetric Jacobian determinant
penalty of [22]. Since the INR is differentiable with respect to the spatial coor-
dinates, the Jacobian can be evaluated analytically at arbitrary locations [24].
Writing the round-trip map as

φ◦
i (x) = fθ

(
fθ(x, zi) + x, −zi

)
+ (fθ(x, zi) + x) = (φTi→Ri

◦ φRi→Ti
)(x),

the regularization loss is defined as

Lcc(zi) =
∥∥φ◦

i (x)− x
∥∥
1
+ λsJac min

{∥∥∥( det∇φ◦
i (x)− 1

)2∣∣ det∇φ◦
i (x)

∣∣ ∥∥∥
1
, τ

}
,

where det∇(·) denotes the determinant of the Jacobian matrix, τ is a clipping
threshold, λsJac the weighting parameter, and ∥·∥1 the L1-norm. This formulation
jointly penalizes the deviation from the identity transformation and encourages
volume preservation during a full round-trip.

2.2 Lipschitz Regularization

To encourage both smooth and continuously differentiable deformations directly
through the architecture, we build on a Lipschitz MLP [14] and adapt it to
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our modulated SIREN. With the latent zi held fixed, fθ is L-Lipschitz in the
coordinate space if

∥fθ(x, zi)− fθ(y, zi)∥∞ ≤ L ∥x− y∥∞.

Since the network is a MLP with Lipschitz-continuous sine activation, this can
be achieved through specific normalization of the weight matrix W (ℓ) using a
trainable per-layer Lipschitz constant c(ℓ) [14]. We adapt this to our network
by normalizing the modulation-scaled weights γ

(ℓ)
i ⊙W (ℓ), such that the bound

holds for every latent prior zi. We penalize the network-level Lipschitz bound
during training via LLip =

∏
ℓ ωc

(ℓ), where ω denotes the activation scaling
factor. This encourages the bound to remain small.

While this method was originally proposed to encourage Lipschitz conti-
nuity in the latent space, this regularization is particularly useful for defor-
mation networks. By bounding the norm of the deformation’s Jacobian, i.e.,
∥∇fθ(x, zi)∥ ≤ L, it limits local stretching, resulting in smooth deformations
[23].

2.3 Training

We take advantage of the symmetric construction by calculating the loss in both
directions. Thus, we define a single directional loss for registering image A onto
B with latent z,

Ldir(A,B,z) = λsimLsim
(
B, A ◦ fθ(·, z)

)
+ λcc Lcc(z),

where λsim and λcc are weighting parameters and Lsim is the normalized cross-
correlation. We evaluate it for both directions by swapping the images and negat-
ing the latent priors:

Ltotal =

N∑
i=1

Ldir(Ri, Ti, zi) + Ldir(Ti, Ri,−zi) + λLip LLip.

where λLip denotes a weighting parameter. During inference, the network weights
θ are kept fixed, and only the latent prior z of the new subject is optimized. The
inference loss reduces to Linf = Ldir(R, T,z) + Ldir(T,R,−z).

3 Experiments and Results

We first analyze the structure of the learned latent embedding in a controlled
toy setting, and then conduct two experiments on publicly available clinical
datasets, followed by an ablation study. Beyond their registration capabilities,
generalizable INRs can provide meaningful self-supervised representations for
downstream analysis [7,5,1]. We therefore evaluate MnM with respect to both
image registration performance and downstream pathology classification.
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Preliminary Experiment We begin with a preliminary experiment to inves-
tigate the structure and learning behavior of the underlying latent priors. In
an atlas registration setting, one volume containing two equally sized spheres
is registered to a set of 300 volumes containing two spheres of varying size.
The spheres are positioned at the same location across all volumes, while their
radii are randomly sampled. Fig. 2 illustrates the experimental setup for MnM
and compares the results with the non-symmetric baseline using the first two
principal components. MnM produces a cleaner and more meaningful latent em-
bedding, particularly for the latent priors that encode changes in both spheres,
as indicated by green markers (LR). The latent priors corresponding to changes
in the left or right sphere are structured along two orthogonal axes, while the
priors corresponding to changes in both spheres are positioned consistently with
these axes.
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Fig. 2. Insights into the latent representations, illustrated using a toy example with
volumes containing two spheres. Left: experimental setup showing two examples with
differently sized spheres, where the radius of each sphere is changed by up to ±6 voxels
relative to the atlas. Middle: PCA of the latent embedding produced by MnM. Right:
PCA of the latent embedding produced by the non-symmetric baseline. Latent priors
are shown as markers and color-coded according to the sphere undergoing a volume
change: left sphere (L), right sphere (R), or both spheres (LR). The absolute radius
change is indicated by the marker size and label. Overlapping labels were removed for
better readability.

Datasets We evaluate our method on two publicly available datasets. To assess
registration accuracy under large deformations, we use the Lung250M-4B [6]
dataset of paired in- and expiratory lung CT data. We hold out all cases with
landmarks as the test set and use the remainder for training, yielding a 97/27
train-test split, and report the Dice score of the vessel segmentation and the
target registration error (TRE).

To assess registration accuracy and, in particular, self-supervised representa-
tion quality, we use the ADNI1 dataset, containing pathology labels related to
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morphological changes [3]. We selected the first available time point per-patient
and included only patients labeled with Alzheimer’s disease (AD) or cognitively
normal (CN), giving 243 training, 82 validation, and 82 test patients. All pa-
tients were skull-stripped and pre-aligned to the SRI24 atlas [18] using a rigid
transformation. We report SSIM and the Dice score over six annotated struc-
tures between the SRI24 atlas and the target subjects for registration accuracy
and use the AD/CN labels for the downstream classification task.

Implementation Details We parameterize fθ as a SIREN [19] with three
hidden layers of size 256, scaling parameter ω = 30, and a latent prior of size
L = 16,000 to better capture the variability of the lung vessels. We initialize
θ ∼ N (0, 0.001) and zi ∼ N (0, 0.01). The model is trained for 500 epochs using
the Muon optimizer [11,15] with a cosine-annealed learning rate of 10−3 and a
batch of 20,000 sampled coordinates. We use a weighted loss with λsim = 10,
λcc = 6, λsJac = 1, and λLip = 10−4. For Lung250M-4B, coordinates are sampled
uniformly within the lung mask. For ADNI, the coordinates are drawn from a
normal distribution over the full image domain. At inference, the network weights
are kept frozen, and only the latent prior is optimized for 300 iterations with a
learning rate of 10−2 and a batch size of 100,000 sampled coordinates.

Registration Performance To assess registration performance, we compare
MnM with the baseline generalizable INR (GenINR) [12], a modulated SIREN
using non-symmetric latent priors. We further compare against two instance-
based approaches, IDIR [24] and CycleIDIR [22]. Quantitative results are re-
ported in Tab. 1 and Fig. 3.

On Lung250M-4B, MnM significantly improves registration accuracy com-
pared with the baseline GenINR, reducing the TRE from 4.87mm to 3.36mm
and increasing the vessel Dice score from 46.41% to 57.84%. With this TRE,
MnM also achieves better alignment than the reported results of the learning-
based VoxelMorph++ of 4.3mm [10,6]. The instance-optimized methods IDIR
and CycleIDIR achieve a lower TRE (2.69 and 2.65mm) and higher Dice (68.43%
and 71.64%), reflecting their highly subject-specific alignment of the lung vessels.
However, this accuracy comes at the cost of increased folding and reduced de-

Table 1. Quantitative comparison of registration methods on both datasets. Metrics
are stated as mean±standard deviation. The best scores are highlighted in bold.

Lung250M-4B ADNI

Method TRE [mm] DICE [%] Neg. Jac. [%] DICE [%] SSIM [%] Neg. Jac. [%]

IDIR 2.69±2.18 68.43±11.18 0.95±1.21 90.34±1.30 93.20±0.77 0.18±0.52

CycleIDIR 2.65±2.06 71.64±9.05 1.48±1.87 90.34±1.30 94.14±0.68 0.47±0.56

GenINR 4.87±2.22 46.41±9.77 0.00±0.00 88.47±1.35 91.75±1.04 0.03±0.08

MnM 3.36±0.84 57.84±7.21 0.00±0.00 88.54±1.47 91.93±0.98 0.00±0.01
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Fig. 3. Registration performance on the Lung250M-4B dataset. Significance was as-
sessed with the Wilcoxon signed-rank test and Holm–Bonferroni correction (∗∗∗ indi-
cates p < 0.001).

formation plausibility, with negative Jacobian determinants of 0.95% and 1.48%
compared with 0.00% for MnM.

Beyond the aggregated metrics, Fig. 3 shows that MnM yields more robust
and more plausible deformations on Lung250M-4B. It produces no folding within
the lungs and exhibits a markedly tighter TRE distribution with fewer outliers,
suggesting greater resilience to domain shift and large deformations. This is
reflected in the lowest TRE and Dice standard deviations among all methods
(±0.84mm and ±7.21%).

On ADNI, MnM performs on par with GenINR across the six labeled struc-
tures, with no significant difference in Dice (88.54% vs. 88.47%). MnM again
exhibits less folding than all comparison methods on ADNI (0.00% vs. up to
0.47%), underscoring the robustness of the deformation.

Expressiveness of Latent Priors Complementing the registration evaluation,
we investigate the representational capacity of the learned latent embeddings
through downstream classification [4,7]. We compare the classification based on
the self-supervised latent embeddings learned by MnM and GenINR with an
image-based 3D-ResNet18 for Alzheimer’s disease classification.

MnM and GenINR are first trained in a self-supervised manner for atlas-
registration using the SRI24 atlas [18]. We then train Linear Discriminant Anal-
ysis (LDA) and Support Vector Machine (SVM) classifiers on the corresponding
training-set latent embeddings. Before classification, we apply principal com-
ponent analysis (PCA) for dimensionality reduction, fitted on the training set,
retaining 84 components explaining approx. 80% of the variance.

Tab. 2 reports classification performance on instance-optimized latent priors
from the retained test set. For both classifiers, MnM improves performance across
all metrics and achieves the highest accuracy of 0.756 with SVM. Notably, MnM’s
self-supervised deformation representation performs on par with an image-based
3D-ResNet18.
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Table 2. AD/CN classification on the ADNI test set. The best results are highlighted.

LDA SVM 3D-ResNet18

Metric MnM GenINR MnM GenINR Image

AUC 0.813 0.730 0.804 0.736 0.814
Accuracy 0.720 0.659 0.756 0.683 0.732
F1 0.710 0.658 0.752 0.683 0.732

Ablation Study We assess the contribution of MnM’s components through
an ablation study, reported in Tab. 3. Starting from the non-symmetric base-
line GenINR, we successively add components: the symmetric latent negation,
Muon [11,15], Lipschitz regularization and cycle-consistency. Registration per-
formance improves steadily with each component, and the final method achieves
a sub-voxel cycle error of 0.86mm at 1mm isotropic spacing. The Muon opti-
mizer further improves training stability and registration performance for both
GenINR and MnM, reaching mean TRE values of 3.91mm and 3.85mm. No-
tably, Muon yields a particularly strong performance gain for the non-symmetric,
less-regularized GenINR, highlighting the potential of orthogonal optimizers [15].

We further isolate the effect of Lipschitz weight normalization [14]. Replac-
ing IDIR’s gradient-based regularization with Lipschitz weight normalization
reduces negative Jacobian determinants from approximately 0.95% to 0.01%
while maintaining a TRE of 2.67mm. It also reduces runtime by 2.36 min-
utes (−82% reduction) per subject, suggesting improved deformation plausi-
bility and efficiency, in line with recent findings on Lipschitz regularization for
shape-representation INRs [16].

Table 3. Ablation of Lipschitz regularization (Lip.), cycle-consistency (ccLoss) and
Muon optimizer on Lung250M-4B. Cycle-consistency error (ccError) denotes the mean
displacement error after one round-trip. The best results are highlighted in bold.

Method Muon Lip. ccLoss TRE [mm] Neg. Jac. [%] ccError [mm]

GenINR
(Map)

– – – 4.87±2.22 0.00±0.00 –
✓ – – 3.91±1.39 0.00±0.01 –

Mirror
&

Map

– – – 4.35±1.50 0.00±0.02 2.44±1.27

✓ – – 3.85±1.17 0.00±0.00 2.19±1.41

✓ ✓ – 3.44±0.86 0.00±0.00 1.97±1.11

✓ ✓ ✓ 3.36±0.84 0.00±0.00 0.86±0.43
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4 Conclusion

This work introduced Mirror and Map (MnM), a Lipschitz-continuous general-
izable INR for approximately diffeomorphic image registration based on a sym-
metric latent constraint. MnM exploits the redundancy between forward and
inverse registration by encoding both directions through a point-symmetric la-
tent representation. Compared with a single-directional GenINR, MnM improves
registration performance while providing a more efficient and meaningful latent
representation that performs on par with an image-based classifier. Moreover,
MnM achieves greater deformation plausibility and robustness than both gener-
alizable and instance-based INR baselines. In addition, we introduced Lipschitz
regularization of the deformation field, improving deformation plausibility and
robustness. Developing regularization strategies that jointly control the spatial
deformation field and the latent representation remains an important direction
for future work.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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