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Abstract. Multimodal medical image registration remains challenging
due to substantial cross-modal intensity discrepancies. While recent deep
learning methods attempt to reduce modality gaps, they often underex-
ploit modality-invariant anatomical structures or decouple representa-
tion alignment from deformation estimation. In this work, we propose a
multimodal registration framework that jointly enhances shared anatom-
ical representations and mitigates cross-modal discrepancies. Specifically,
we introduce a Structure-Aware Frequency Enhancement (SAFE) mod-
ule to decompose features into frequency components and selectively re-
inforce structure-sensitive high-frequency responses, promoting modality-
invariant anatomical encoding. In addition, we develop a Registration-
guided Multimodal Contrastive Alignment (RMCA) strategy that em-
beds contrastive learning into the registration process, enabling joint op-
timization of feature alignment and deformation estimation without re-
quiring pre-aligned supervision. Extensive comparative and ablation ex-
periments on three public datasets demonstrate that our method consis-
tently outperforms state-of-the-art approaches, confirming its efficacy for
multimodal medical image registration. The code is available at https:
//github.com/47-XIA0/MNreg.

Keywords: Multimodal Image Registration - Contrastive Learning -
Frequency Enhancement - Unsupervised Deformable Registration

1 Introduction

Multimodal medical image registration aims to spatially align anatomical struc-
tures across different imaging modalities and is fundamental to numerous clini-
cal applications, such as image-guided interventions, radiotherapy planning, and
multi-parametric disease assessment [21]. However, due to heterogeneous imag-
ing mechanisms, identical anatomical structures often exhibit markedly different
intensity distributions, posing significant challenges for cross-modal registration.

T Sigi Xiao and Zetian Feng contributed equally to this work.
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To address this challenge, recent deep learning methods have advanced mul-
timodal registration at three levels. At the feature level, contrastive learning
approaches [19,13,6,23] project multimodal images into a shared latent space
to alleviate intensity discrepancies; however, many rely on additional supervi-
sion, such as pre-aligned image pairs for voxel-to-voxel contrastive learning, and
are often decoupled from the registration process. At the image level, GAN-
based strategies [26,3,8] mitigate intensity gaps via inter-modal translation, yet
their performance is sensitive to data quality and quantity. At the model level,
cross-modal interaction modules, such as cross-attention mechanisms, have been
introduced to enhance inter-modal feature correlation [20,17,9], but frequently
underexploit modality-invariant anatomical structures.

Despite substantial intensity variations, multimodal images preserve modality-
invariant structural correspondence. Motivated by this insight, we propose an un-
supervised framework for multimodal registration that jointly models modality-
invariant structural representations and mitigates cross-modal intensity discrep-
ancies within a unified optimization scheme. Extensive comparative and ablation
experiments in three public multimodal datasets demonstrate the efficacy of the
proposed method. The main contributions are summarized as follows:

e We propose a unified framework for cross-modal registration that jointly en-
hances shared anatomical structures and reduces modality-specific intensity
variations, enabling robust multimodal alignment.

e We introduce a shared Structure-Aware Frequency Enhancement (SAFE)
module to learn modality-invariant structural representations. SAFE decom-
poses features into low- and high-frequency components and selectively am-
plifies structure-sensitive high-frequency responses. Cross-modal parameter
sharing enforces consistent structure-guided feature learning.

e We design a Registration-guided Multimodal Contrastive Alignment (RMCA)
strategy to reduce cross-modal intensity discrepancies at the feature level.
Positive pairs are dynamically constructed between warped moving and cor-
responding fixed features via the predicted deformation field, without pre-
aligned supervision, enabling joint optimization of feature alignment and
deformation estimation.

2 Method

2.1 Network Overview

The overall architecture is illustrated in Fig. 1(a). A dual-stream encoder ex-
tracts four-scale hierarchical features {F;}}_; and {M;}}_; for fixed and moving
images. The encoders share architecture but not parameters, enabling modality-
specific representation learning. Each encoder contains four blocks (Fig. 2(a)):
the first preserves local structures without downsampling, while the remain-
ing blocks progressively downsample and double channel dimensions to enlarge
the receptive field and capture high-level semantics. Residual connections after
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Fig. 1. Overview of the proposed multimodal registration network.

downsampling stabilize training. The deepest features F; and M, are further
refined by SAFE to produce structure-enhanced representations F; and Mj.

The decoder refines deformation fields in a coarse-to-fine manner. At scale 7,
F; and the warped M; are input into the Deformation Field Estimator (DFE)
to predict the deformation update, with F, and M} used at the coarsest level
(i = 4) and the deformation field ¢4 = @4. For scale i = 3,2, 1, the deformation
is updated as:

¢; = up(diy1)

b = (¢} 0 i) + @i

where up(-) denotes tri-linear upsampling, and o is the warp operation. As shown
in Fig. 2(b), the DFE comprises two convolutional blocks (convolution, instance
normalization, ReLLU), a convolution layer (DFEConv) for deformation field es-
timation, and a diffeomorphism layer (Diff) [5] to enforce smoothness.

2.2 Structural-Aware Frequency Enhancement

We develop a SAFE module to strengthen modality-invariant representations
and steer deformation estimation toward shared anatomical boundaries. As il-
lustrated in Fig. 1(b), given the input feature map z € REXPXHXW "where C is
the channel number and D, H, W represent the spatial dimensions, SAFE first
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Fig. 2. Details of the encoder block and the deformation field estimator (DFE).
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decomposes it into low- and high-frequency components:

x; = up(AvgPool(x)), @)
Th =T — Xj.

While high-frequency components encode rich structural details [25,24,17], their
contributions to registration are not equally informative. To emphasize consistent
structural responses and suppress modality-specific noise, SAFE applies chan-
nel attention to the high-frequency branch. Specifically, a squeeze-and-excitation
(SE) block [12] learns adaptive channel weights A., producing the refined com-
ponent A, - xp. The final representation is reconstructed as

IT=A. zp+a- 2, (3)

where a = 0.2 balances structural information and global semantic context.
SAFE is applied at the deepest scale because high-level features contain
stronger modality-invariant semantic, making them more suitable for cross-modal
enhancement. To encourage consistent structural enhancement across modalities,
SAFE shares parameters between the two encoder branches, thus promoting
modality-agnostic feature learning and improving cross-modal alignment.

2.3 Registration-Guided Multimodal Contrastive Alignment

The primary challenge in multimodal registration stems from substantial discrep-
ancies in intensity distribution. To address this, we propose a RMCA strategy
at the feature level, which reduces cross-modal representation gaps by enforcing
alignment within a shared embedding space during deformation estimation.
Unlike most multimodal contrastive learning that rely on pre-aligned sam-
ples, RMCA dynamically constructs spatially aligned feature maps as positive
pairs during training. RMCA is applied at the finest-resolution feature level be-
cause these features preserve richer spatial and anatomical details, while the
learned alignment naturally propagates through the encoder-decoder architec-
ture. Specifically, at the first encoder level, the predicted deformation ¢; is ap-
plied to the moving feature M, producing the warped feature M; = Myogy. As
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the deformation ¢; establishes spatial correspondence, M; and the correspond-
ing fixed feature F; are spatially aligned and treated as positive pairs, while
other features in the batch serve as negatives, as shown in Fig. 1(c).

By embedding positive pair construction into the registration process, RMCA
requires no additional supervision. As the deformation field progressively im-
proves, spatial correspondence between modalities is continuously refined, lead-
ing to a mutually reinforced optimization between contrastive learning and de-
formation estimation. The contrastive loss is defined as:

1 2N exp (sim(zi, Zp(i))/T)
Econt = T ot Z IOg 2N K
2N ~ D j=1,j2i XP (sim(z;, z5)/T)
where 7 = 0.5 is the temperature parameter, z; is the i-th sample feature, z,(; is
the cross-modal positive counterpart, and sim(-) is voxel-wise cosine similarity
followed by global averaging to measure pairwise feature similarity.
The overall training objective is:

L=MLyuinp(Lf, Lo @) + AoLeont(Fi, My o @) + A3Lyeg(9), (5)

where A1, Ao, and A3 balance the similarity, contrastive, and regularization loss
terms, respectively. To account for the instability of the deformation field in
early training, a ramp-up strategy is applied to Aa:

; (4)

Ao(m) = 675(17%)27 m € [10,7], (6)

where 7 is the ramp-up length, m is the epoch number. For m € [1,9], A2(m) = 0.
The similarity term is computed using the modality independent neighborhood
descriptor (MIND) [10], which is robust across different modalities. The regular-
ization term L., is defined as Lo-norm of the gradient of deformation field [4].

3 Experiments

Datasets. We evaluate the proposed method using three public datasets:

e Learn2Reg (Abdomen) [11]: It contains 8 paired and 89 unpaired MR-~
CT samples. Each case provides segmentation labels for four structures: liver,
spleen, left kidney, and right kidney. We use 89 unpaired samples (40 MR,
49 CT) for training and 8 paired cases for testing. The data is resampled to
a spacing of 2.0 x 2.0 x 2.0 mm?. All volumes are normalized and resized to
160 x 160 x 128 via cropping and padding.

e AMOS(Abdomen) [14]: We select 30 annotated unpaired MR and CT
images, split into training/test sets (24/6). For consistency, we use segmen-
tation labels of the same four anatomical structures for the evaluation. The
data is resampled to a spacing of 1.5 x 1.5 x 2.0 mm?. All volumes are nor-
malized and resized to 208 x 144 x 128 via cropping and padding.

e SR-Reg (Brain) [3]: We select 50 annotated MR-CT sample pairs and split
them into training/validation/test sets (50/10/20). The data is resampled
to a spacing of 1.0 x 1.0 x 1.0 mm?>. All volumes are normalized and resized
to a resolution of 144 x 176 x 160 via cropping and padding.
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Table 1. Comparative results of different methods on three public datasets.

Methods Learn2Reg AMOS SR-Reg

DSC (%) 1 %|Js| <0 ] DSC (%) + %|Js| <0 ] DSC (%) T %|Js| <0 ]
Initial 46.1413.2 - 48.749.50 - 50.949.40 -
SyN [1] 53.9+£15.4 0.00 x 10° 59.2+13.0 1.00 x 10~7 57.648.50 1.00 x 10~ 7
VM [2] 53.3+14.2 2.99 x 10> 56.448.10 2.35 x 10~® 59.847.70 1.31 x 10~°
T™ [4] 52.4+16.9 1.30 x 10° 58.04£8.10 6.57 x 1072 62.1£7.60 3.40 x 10~3
FN [15] 53.8415.4 3.03 x 107! 57.847.00 2.20 x 102 63.0£7.40 5.55 x 102

DGMIR [17] 52.0£16.4 2.71 x 10~" 58.946.70 1.18 x 10~ 62.5+8.30 3.94 x 10~°
ARDMR [13] 51.4+18.3 5.52 x 1072 61.94£7.20 4.40 x 10™° 64.54£7.50 9.00 x 10~°
MM [22] 54.6+17.2 1.10 x 107! 58.04£7.60 8.70 x 10™! 61.947.90 3.05 x 107°

Ours 62.5+19.2 2.00 x 1072 69.4+8.10 2.00 x 10~® 68.7+6.30 6.10 x 10~°

Evaluation Metrics. The Dice score (DSC) [7] is used to evaluate the degree
of overlap between the corresponding regions. In addition, the quality of the
predicted non-rigid deformation field is assessed by the percentage of voxels with
non-positive Jacobian determinant. These evaluation metrics are calculated in
3D. A better registration shall have larger DSC, and smaller Jacobian.

Implementation Details. The proposed method is implemented using Py-
Torch and all experiments are conducted on an NVIDIA GeForce RTX 4090
GPU with 48GB memory. We use the Adam [16] optimizer with a learning rate
decay strategy, which is defined as:

lrm:lrinit'(lf(mil)/M)O.ga m:1727"'7M (7)

where [r,, denotes the learning rate at the m-th epoch, and Ilr;,;; = 0.0001
represents the initial learning rate. The batch size is 2. The model is trained for
30 epochs without RMCA and 40 epochs with RMCA. The weights in Eq 5 are
set to A\; = 1 and A3 = 1. The ramp-up length 7 is set to 40.

4 Results and Discussion

Comparative Results. We compare our method with representative registra-
tion approaches: SyN [1], a classical iterative algorithm; VoxelMorph (VM) [2],
a U-Net-based model; TransMorph (TM) [4], which integrates a Swin Trans-
former [18] encoder; Fourier-Net (FN) [15], a band-limited model that learns
displacement representations in the Fourier domain; and three recent multimodal
frameworks, DGMIR [17], ARDMR [13] and MambaMorph (MM) [22]. For fair
comparison, all models are retrained under a unified training pipeline and care-
fully tuned. All unimodal methods are trained using MIND loss.

As shown in Table 1, our method achieves the highest DSC across all three
datasets while maintaining an extremely low folding ratios, indicating superior
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Fig. 3. Visual comparison of different methods on SR-Reg and AMOS. Color-coded
contours in AMOS results indicate different organs (red-spleen; yellow-liver; blue-right
kidney; green-left kidney).
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Fig. 4. The DSC distribution of different methods across various anatomical regions
n (a) Learn2Reg and (b) AMOS.

accuracy and deformation regularity. On Learn2Reg, it improves DSC to 62.5%,
surpassing the strongest baseline (MM, 54.6%) by 7.9%, with a markedly reduced
folding ratio (2.00 x 1073). On AMOS, it achieves 69.4%, exceeding the best
competing methods (ARDMR, 61.9%) by 7.5%, while preserving deformation
smoothness (2.00 x 107%). On SR-Reg, it attains 68.7%, outperforming ARDMR
(64.5%) by 4.2% and FN (63.0%) by 5.7%, again with a very low folding ratio
(6.10 x 107°). Note that all these DSC improvements are statistically significant
(t-test).

Fig. 3 visualizes two example registration results of different methods. Fig. 4
further shows the DSC distribution of different methods across various anatom-
ical regions on Learn2Reg and AMOS. It can be observed that our method not
only generates overall favorable performance but also consistently attains accu-
rate and robust registration for each of the four abdominal organs.

Overall, unimodal architectures (VM, TM) show limited generalization in
multimodal settings, often yielding inferior accuracy or unstable deformations.
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Table 2. Ablation results of the proposed method.

Learn2Reg AMOS SR-Reg
SAFE RMCA DSC (%) 1+ %|Js| <0 | DSC (%) 1 %|Js| <04 DSC (%) + %|Js| <0

52.3+16.7 5.13 x 10~* 57.847.10 0.00 x 10° 61.1+7.40 0.00 x 10°

v 55.44+16.8 2.02 x 10~% 63.5+7.10 0.00 x 10° 66.4+7.20 0.00 x 10°
v 59.6+£19.0 3.49 x 1072 68.64+8.20 2.20 x 10~® 68.346.50 3.50 x 10~°

v v 62.5+19.2 2.00 x 10™° 69.4+8.10 2.00 x 107° 68.7+6.30 6.10 x 10~°

Frequency-based FN improves alignment compared with conventional CNN- or
Transformer-based unimodal models, highlighting the advantage of frequency-
domain deformation modeling for capturing global spatial correlations; how-
ever, it remains insufficient for complex multimodal discrepancies. Multimodal-
specific frameworks (DGMIR, ARDMR, and MM) further improve performance,
underscoring the importance of explicit cross-modal modeling. Nevertheless,
their gains are moderate or accompanied by compromised deformation regu-
larity, particularly for MM on SR-Reg and AMOS. In contrast, our method
combines structure-aware frequency enhancement with registration-guided con-
trastive alignment, jointly strengthening multimodal feature consistency and de-
formation stability. This integration enables consistently superior accuracy while
maintaining low folding ratios, achieving a better balance between alignment
performance and topological preservation.

Ablation Study. We perform ablation experiments on three datasets to evalu-
ate the contributions of SAFE and RMCA. The results are reported in Table 2.
The baseline achieves moderate performance (e.g., 52.3% DSC on Learn2Reg).
Adding SAFE alone yields consistent gains (+3.1%, +5.7%, +5.3% DSC on
Learn2Reg, AMOS, and SR-Reg) while maintaining extremely low folding ra-
tios, indicating improved structural modeling without compromising deforma-
tion smoothness. RMCA alone produces larger improvements on DSC, partic-
ularly on Learn2Reg (+7.3%) and AMOS (+10.8%), demonstrating its effec-
tiveness in reducing cross-modal discrepancies. Although the proportion of non-
positive Jacobians slightly increases, it remains at a low magnitude. The full
model achieves the best performance on all datasets, improving DSC by +10.2%,
+11.6%, and +7.6% over the baseline, while preserving low folding ratios. These
results indicate that SAFE and RMCA are complementary: SAFE enhances
modality-invariant structural representations, and RMCA strengthens feature
alignment, jointly enabling accurate and topology-preserving registration.

5 Conclusion

We propose a multimodal medical image registration framework that jointly en-
hances modality-invariant anatomical representations and alleviates cross-modal
intensity discrepancies. The SAFE module reinforces structure-sensitive frequency
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components to promote consistent anatomical encoding, while the RMCA strat-
egy embeds contrastive learning into deformation estimation to align features
within a shared space. Extensive comparative and ablation studies on three
public datasets prove the effectiveness and robustness of the proposed approach.
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