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Abstract

Medical image registration is critical for aligning anatomical structures across imaging
modalities such as computed tomography (CT), magnetic resonance imaging (MRI), and
ultrasound. Among existing techniques, non-rigid registration (NRR) is particularly chal-
lenging due to the need to capture complex anatomical deformations caused by physiological
processes like respiration or contrast-induced signal variations. Traditional NRR methods,
while theoretically robust, often require extensive parameter tuning and incur high com-
putational costs, limiting their use in real-time clinical workflows. Recent deep learning
(DL)-based approaches have shown promise; however, their dependence on task-specific re-
training restricts scalability and adaptability in practice. These limitations underscore the
need for efficient, generalizable registration frameworks capable of handling heterogeneous
imaging contexts. In this work, we introduce a novel Al-driven framework for 3D non-rigid
registration that generalizes across multiple imaging modalities and anatomical regions.
Unlike conventional methods that rely on application-specific models, our approach elim-
inates anatomy- or modality-specific customization, enabling streamlined integration into
diverse clinical environments.

Keywords: Non-Rigid Registration (NRR), Test Time Optimization (TTO), Deep Learn-
ing.

1. Introduction

Medical image registration is a fundamental technique used to align two or more images of
the same anatomical region, acquired at different time points or through different imaging
modalities (Hill et al., 2001; Maintz and Viergever, 1998). Its primary goal is to estab-
lish spatial correspondence between images, enabling the integration of information from
multiple sources for improved analysis. This process plays a critical role in various clini-
cal applications, including treatment planning, disease monitoring, surgical guidance, and
multi-modal image fusion (Sotiras et al., 2013).

Image registration spatially aligns a moving image to a reference or fixed image. It uses
(i) a transformation model (e.g., warp field), (ii) a similarity metric to assess alignment, and
(iii) an optimization method that updates parameters to maximize similarity (Oliveira and
Tavares, 2014). Transformation models can be rigid, affine, or deformable to capture com-
plex anatomical variations, commonly referred to as non-rigid registration (NRR). While
rigid and affine registration can be efficiently performed using analytical approaches (Avants
et al., 2009), NRR is computationally challenging due to the complexity of deformation mod-
els and the iterative nature of optimization. Deep learning (DL)-based registration methods
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address these limitations by leveraging learned features to predict transformations directly,
significantly reducing computation time for NRR (Balakrishnan et al., 2019; Reithmeir
et al., 2026).

Recent advances in deep learning (DL)-based medical image registration have shown sig-
nificant promise. Unsupervised frameworks such as VozelMorph (Balakrishnan et al., 2019)
and DeepReg (Fu et al., 2020) learn spatial transformations directly from data, enabling
faster and more flexible registration. GroupRegNet (Zhang et al., 2021) performs groupwise
one-shot 4D registration, removing fixed references and reducing inference time. IIRP-
Net (Ma et al., 2024) uses residual pyramids and adaptive stopping without extra training.
multiGradlCON (Demir et al., 2024) and uniGradICON (Tian et al., 2024) offer zero-shot,
cross-anatomy, cross-modality registration. Despite these innovations, generalization to
unseen domains remains a major challenge, as most models rely heavily on training data
distributions and struggle with domain shifts encountered in clinical practice (Reithmeir
et al., 2026).

We present a 3D DL registration framework that generalizes across applications. We
train on multi-modal-like synthetic data (Hoffmann et al., 2022). For each target, we use
test-time optimization (TTO) with deformation-field regularization. To offset TTO latency,
we apply knowledge distillation (Hinton et al., 2015) to reduce model size without loss. We
evaluate on 4D DCE-MRI motion correction, MRI-CT alignment, pre/post-contrast CT
with large deformations, and inter-subject brain MRI. Visual and quantitative metrics show
high accuracy. All experiments use the same base model and TTO.

2. Method

We propose a three-stage framework for DL based medical image registration. The overall
pipeline is shown in Figure 1. The three stages shown here are discussed in Section 2.1, 2.2,
2.3.
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Figure 1: Overview of the three stage pipeline of the proposed method.
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2.1. Stage-1: Model Pretraining

Let Iy and I, denote the fixed and moving 3D images, respectively. The objective of
image registration is to estimate a spatial transformation that aligns I,,, to Iy. We adopt
a learning-based approach where a 3D convolutional neural network (CNN), parameterized
by 0, predicts a dense displacement field (DDF): u = Fy(I, I,,), where u: Q C R® — R3
represents voxel-wise displacements. The transformation ¢ applied to a spatial location x
is defined as: ¢(x) = x + u(x). This formulation enables non-rigid registration by allowing
local deformations across the entire image domain.

2.1.1. NETWORK ARCHITECTURE

> LuitiAzismr

Litotal = Nsim L MuitiAzisM1 + Areg R(w)

Figure 2: 3D U-Net based registration architecture.

Our registration framework is built upon a 3D U-Net architecture (Cicek et al., 2016),
optmized for learning dense deformation fields.
Encoder-Decoder Structure: The DL network is illustrated in Figure 2. The encoder
consists of four hierarchical levels with feature channels of 16, 32, 32, and 64. Each level
applies a 3 x 3 x 3 convolution (stride 1, padding 1) followed by LeakyReLU activation
(a =0.2), with downsampling performed via 2 x 2 X 2 max-pooling.
Displacement Field Prediction: Following the decoder, the network employs a sequence
of full-resolution refinement layers. Three convolutional blocks, each containing a 3 x 3 x 3
convolution with 16 output channels followed by LeakyReLU activation (o = 0.2), progres-
sively refine the feature representation while maintaining spatial resolution, yielding the
displacement field as: u € REXWxDx3,
Spatial Transformation: The moving image [,, is warped to align with the fixed im-
age Iy using the predicted deformation field ¢ through trilinear interpolation:/,, o ¢(x) =
In(6(x)) Vx € where € denotes the image domain.
Loss Function: The network is trained on synthetically generated image pairs using a
composite loss that combines image similarity with deformation regularization:

ﬁtotal = )\sim : »CMultiAxisMI (If7 Im © ¢) + Asmooth : R(u)7 (1)

where Agim and Agmooth are weighting coefficients, I,,, o ¢ denotes the warped moving im-
age.The similarity term employs the Multi-Axis Mutual Information (MultiAxisMI) loss
(see Appendix A, Eq. 3), which captures alignment across depth, height, and width. To
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ensure anatomically plausible transformations, the regularization term penalizes abrupt
spatial variations and hence enforcing smoothness constraint on the deformation field,
R(u) = ||Vul|?, where Vu denotes spatial gradients of the displacement field.

2.2. Stage-2: Knowledge Distillation (KD) for Efficient Deployment

KD is a widely used technique for compressing deep learning models by transferring knowl-
edge from a large, high-capacity teacher network to a smaller student network while main-
taining accuracy of the target task (Hinton et al., 2015). To enable rapid test time opti-
mization, this is a crucial step.

Student Network Architecture: The student network adopts a U-Net architecture simi-
lar to the teacher (refer Appendix H, Figure 11). It employs a reduced channel configuration
for efficiency: encoder with 16, 24, 24, and 32 channels and a 32-channel bottleneck; decoder
mirrors this with 32, 24, 24, and 16 channels. This compression lowers the parameter count
from 0.6M to 0.23M, achieving nearly a three-fold reduction in model size.

Distillation Objective: For KD we employ output-based distillation. The student net-
work learns to approximate the displacement fields predicted by the teacher, ensuring that
the deformation patterns and spatial correspondences captured by the teacher are effec-
tively transferred. Let ur and ug denote the displacement fields predicted by the teacher
and student networks, respectively: ur = Fr(Iy,I,), ug = Fs(Iy,1Iy,), with correspond-
ing transformations: ¢r(x) = x + ur(x), ¢s(x) = x + ug(x). The total student training
objective is formulated as:

LxD = Adist - LntuttiaxisM1 (L © 0T, L 0 68) + Asion - Lrvtuttiaxismi (L5 L 0 98) + Asmooth * || Vus |2

where, Laputiaxismr computes slice-wise mutual information across three directions (refer
Appendix A equation 3), ||Vugl|? enforces smoothness in the predicted displacement field.

2.3. Stage-3: Test-Time Optimization (TTO) at inference

During inference, the model undergoes a self-supervised fine-tuning phase to adapt to the
domain-specific characteristics of the test data. This process, referred to as Test-Time
Optimization (TTO). It involves optimizing the student network parameters 6 for a small
number of epochs, the optimization objective is expressed as:

0" = arg Hlaln (IXI: )ETTO(If,Im; 9)a (2)
frdm

where L1T0 is the loss at TTO and has the following terms.

e Image Similarity Term: The similarity between the fixed image I and the warped
moving image I,,0¢ is enforced using a combination of 3D Multi-Axis MI (Appendix A
Equation 3) and 3D Normalized Cross-Correlation (NCC) (Appendix B Equation 4):
Lsm = Latuitiaxismi (¢, Im © @) + Lxce(Lr, Im © ¢).

e Smoothness Term: The gradient-based regularization ||[Vu|? is used to ensure
smooth deformation field.
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e Divergence Regularization: To further improve anatomical plausibility and pre-
vent non-physical deformations, we introduce penalties on the divergence of the dis-
placement field u: Rgiy (1) = agiy ||V -ul|?, where V - u measures local volume changes
(encouraging near-incompressibility). The coefficient agq;, controls the strength of this
constraint. This loss prevents tearing-like unrealistic effects in the registered image.

Hence, the TTO loss is given by: L1710 = Asim * Lsim + Asmooth - || Vul|? + aqgiv||V - ul?.

2.3.1. IMPLEMENTATION DETAILS

Framework and Hardware: All models were implemented in PyTorch (v2.4.14) and
trained on NVIDIA RTX 6000 GPUs (48 GB VRAM).

Teacher Network: The teacher model was trained for 300 epochs on synthetic image pairs
generated on-the-fly (500 pairs per epoch). Adam optimization. Learning rate of 1le—4.
Student Network: After teacher convergence, the student model was trained using the
knowledge distillation framework (Section 2.2) on the synthetic dataset for 500 epochs.
TTO at inference: The pre-trained model was fine-tuned on target data. Stopping
Criteria for TTO: 100 epochs or one minute of training, whichever is reached earlier. During
the TTO step, data is resampled as needed to the nearest resolution of 24 for H x W x D,
ensuring compatibility with the U-Net-based model architecture.

2.4. Experiments

We evaluate the proposed method across multiple clinically relevant scenarios involving dif-
ferent imaging modalities, imaging contrasts (dynamic imaging included). In addition to
visual confirmation of alignment, efforts are made to assess the performance using quanti-
tative metrics. We introduce Patch-wise MI Map (PMM) for registration evaluation. At
each voxel, we extract a 3D patch and compute normalized mutual information (NMI) be-
tween the corresponding reference and target patches. Computational details are provided
in Appendix C. Note that, in multi-modal and multi-contrast applications, the values will
not reach a value of 1. Across most experiments, we compare the proposed method against
well established ANTs registration (Avants et al., 2009).

2.4.1. DyNAMIC CONTRAST-ENHANCED MRI (DCE-MRI)

DCE-MRI acquires multiple 3D volumes over time (4D, 3D+t) to capture exogenous con-
trast dynamics. Respiratory motion—dominated by diaphragm motion in liver scans—misaligns
frames and hinders reliable pharmaco-kinetic uptake quantification. We correct motion by
registering all temporal phases to a reference phase using the proposed method. This
restores alignment and enables accurate contrast-uptake curves. Because image contrast
changes markedly across time, the task is effectively a multi-contrast registration problem.
Dataset and Experiment description: The MRI data was obtained on a 1.5T GE
SIGNA EXCITE system, 3D EFGRE, TE/TR=1.12/4.8ms, matrix=256 x 256 x 32, 30
bolus phase volumes (temporal frames), FA=15, FOV = 450mm?2. The middle time point
is selected as the fixed reference volume, and the remaining 29 frames are treated as moving
volumes. TTO is performed using the dense teacher model and the KD student model.



C SHANBHAG CHATTERJEE!

Analysis: To understand the alignment of structures over the temporal frames, the con-
trast uptake curves are plotted in a region of interest (ROI) at liver dome (region highly
susceptible to motion). Additionally, we trained a comparison model, Application Spe-
cific AI model, using the same dense teacher network and loss function as the TTO-based
approach exclusively for liver DCE-MRI (500 epochs, 261 paired volumes). Achieving com-
parable performance between this model and the TTO-based method would suggest that
TTO maintains structural alignment accuracy while providing enhanced generalizability.

2.4.2. MRI-CT MuLTI-MODAL REGISTRATION

MRI and CT are different imaging modalities based on different principles. Consequently,
tissue contrast varies significantly between modalities, for example, in MRI signal in bone is
negligible but exhibits high intensity in CT. Due to these non-trivial intensity relationships,
MRI-CT alignment is truly a multi-modal registration problem.

Dataset and Experiment description: We evaluate the proposed method on paired
pelvic MRI and CT volumes acquired from the same subject. Each volume originally has
dimensions of 256 x 256 x 120 voxels. The MRI and CT image are treated as the fixed and
moving image respectively. Prior to this, the images are affine registered (Avants et al.,
2009). The volumes are resampled to 256 x 256 x 128 and NRR is then performed using
the proposed TTO approach. After registration, results are resampled back to the native
resolution for evaluation.

Analysis: A visual comparison and PMM analysis were performed to demonstrate the
alignment post registration using proposed method.

2.4.3. PRE- AND P0OST-CONTRAST CT REGISTRATION

Pre-contrast and post-contrast CT scans are routinely acquired for diagnostic evaluation
across anatomical regions. For a comparative analysis, it is important for the images to be
aligned to each other.

Dataset and Experiment Description: TCIA datasets are used for this experiment.
Data-1 (Thorax) (Bakr et al., 2017) (Case ID: AMC-015), Data-2 (Abdomen) (Erickson
et al., 2016) (Case ID: TCGA-DI-A2QT), Data-3 (Cardiac) (for Precision Oncology Pro-
gram et al., 2024) (Case ID: AP-26JK), and Data-4 (Liver) (Moawad et al., 2021) (Case
ID: HCC_023). For all datasets pre- and post-contrast scans were considered as fixed and
moving respectively. Before applying proposed DL based NRR, an affine alignment was
performed. All the volumes were resampled to size of 256 x 256 x 128. After inference, the
registered outputs were resampled back to their original resolution for evaluation.
Analysis: TotalSegmentator (Wasserthal et al., 2023) was used to segment the primary
organ for pre-contrast image, post-contrast image before registration and post-contrast im-
age after registration. Alignment between the segmented organs were quantified using Dice
and Intersection-over-Union (IoU) scores.

2.4.4. CroOSS-CONTRAST BRAIN MRI REGISTRATION

Brain MRI studies often include multiple contrast sequences (e.g., T1-weighted, T2-weighted,
Fluid-Attenuated Inversion Recovery (FLAIR)), and accurate registration across these con-
trasts can be important in comparative tasks.
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Dataset and Experiment Description: In this experiment, we consider three exper-
iments: Inter-subject and same contrast (n = 24 cases), Inter-subject and cross-contrast
(n = 24 cases), and Same-subject but cross-contrasts (n = 8 cases). These experiments
cover all variations: registration across shape and contrast variations. The two contrasts
considered here are T2-w (FLAIR) and T2-w Fast Spin Echo (FSE) MRI data. The fluid
suppression in FLAIR images provide sufficient contrast variations between the images. The
T2 FLAIR volume has dimensions 512 x 512 x 22 voxels with spacing 0.4297 x 0.4297 x 6
mm, and the T2-w FSE volume has similar dimensions and spacing. As a pre-processing
step, both volumes are resampled to 1mm isotropic spacing. After registration, the outputs
are resampled back to their native spacing and dimensions for evaluation.

Analysis: In addition to visual confirmations, PMM were computed and mean PMM values
were obtained inside brain mask to quantify registration performance over entire population.

3. Results and Discussion

We present the outcomes of the proposed TTO framework across the experimental scenarios
described in Section 2.4. The registered output obtained using the dense teacher model is
referred to as DL Reg, the output from the knowledge-distilled student model is denoted
as DL KD Reg, registration output using ANTs is referred to as ANTs Reg.

3.1. Dynamic Contrast Enhanced MRI (DCE-MRI)

The contrast uptake curves for red ROI in Figure 3(a) are shown in Figure 3(b). The sudden
drop and spike in the contrast uptake curve (red) for moving image render them physiologi-
cally implausible. Post registration using the proposed method, both DL Reg (green curve)
and DL KD Reg (orange curve), have corrected such abberations in the contrast uptake
curve. The contrast uptake curves using proposed method matches the contrast uptake
curve post correction using the application specific model (blue curve). This shows that the
proposed generalizeable method performs as good as an Al model specifically trained for the
application (hence, no compromise in performance). The green and orange curve matching
each other indicates that the miniaturized KD model performance is equivalent to the dense
model. Image alignment post registration was evaluated using PMMs (see Appendix C).
Patch-wise normalized MI was computed for the image pairs: (fized, moving), (fized, DL
Reg), and (fized, DL KD Reg) on 3D patches of size 16 x 16 x 16 voxels with a stride of 4.
The PMMs were subsequently averaged across timepoints for each slice to obtain a mean
PMM. The mean PMMs for the target slice is shown in Figure 3(¢). The aggregated mean
PMM values were: fized—moving = 0.3801, fired-DL Reg = 0.4291, and fired—-DL KD Reg
= 0.4195. The increased values indicate higher alignment post registration. This is evident
from increased values in air pockets around the liver, kidney and spleen regions. Visual
assessments were also performed by overlaying the image pairs pre- and post registration
using the proposed method (refer Appendix D Figure 6).

3.2. MRI-CT Multi-Modal Registration

Figure 4 illustrates qualitative results of registration using the proposed TTO framework.
The comparison in Figure 4(a) highlights accurate alignment of anatomical structures (red
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Figure 3: Left to right for Figure 3(a) show moving, registered using application specific
AT model, DL Reg, and DL KD Reg. The contrast uptake curves in Figure 3(b)
indicate expected correction post registration. Higher PMM values observed post-
registration (Figure 3(¢)) indicate improved structural alignment.

crosshair at bone tip) across modalities while preserving modality-specific characteristics.
The MRI-CT image overlay for another slice is shown in Figure 4(b). The fixed image
is shown in red and the registered image in green (blue channel suppressed). Regions
of accurate correspondence appear yellow (red + green), while red-only and green-only
regions indicate anatomical structures present exclusively in the fixed or registered image,
respectively. It demonstrates fine alignment post proposed registration method (both body
contour and internal tissues). PMMs for few slices from this data are shown in Appendix E
(Fig. 7). These maps were computed using 3D patches of size 16 x 16 x 16 voxels with a
stride of 4. Mean PMM values across all slices are: Fixed-Moving = 0.0986, Fixed—DL Reg
= 0.1797, Fixed—KD Reg = 0.1680, and Fixed—ANTs Reg = 0.1742.

3.3. Pre- and Post-Contrast CT Registration

The results of the experiments discussed in Section 2.4.3 are discussed here. The correspond-
ing organ segmentation overlaps (performed using (Wasserthal et al., 2023)) are considered
for comparison: lung segmentation for Data-1 and liver segmentation for Data-2, Data-3,
and Data-4. Dice and IoU scores pre and post registration using proposed DL registration
method (with and without KD), and ANTs are shown in Table 1. Post registration, the
dice and IoU scores have improved across cases. The performance of the proposed method
is similar to that of ANTs. Refer to Appendix G Figure 10 for additional qualitative as-
sessments.

3.4. Brain MRI Registration

The results of the experiments discussed in Section 2.4.4 are discussed here. Results of an
inter-subject cross-contrast registration is shown in Figure 5. The red square zooms into
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Fixed - Moving Fixed - DL Reg Fixed - DL KD Reg Fixed - ANTS Reg

Figure 4: MRI/CT registration. The zoomed-in region in Figure 4(a) shows good alignment
of bone tip between MRI and registered CT images using proposed method. The
False-color overlays shown in Figure 4(b) demonstrates spatial correspondence
between fixed (MR in red) and registered (CT in green) volumes for a represen-
tative slice. Post registration there is good alignment of body contour. For both
examples, proposed methods seems to perform slightly better than ANTs.

Dice Score IoU Score
Data

F-M F-R F-R-KD F-AR F-M F-R F-R-KD F-AR

Data-1 0.9834 0.9838 0.9928 0.9844 0.9673 0.9681 0.9857 0.9694
Data-2  0.9393 0.9737 0.9744 0.9733 0.8856 0.9488  0.9500  0.9480
Data-3 0.9576 0.9755 0.9691 0.9526 0.9186 0.9523 0.9401  0.9095
Data-4 0.8096 0.9675 0.9519 0.9724 0.6801 0.9371 0.9082 = 0.9463

Table 1: Comparison of Dice and IoU scores for primary organ segmentation from pre- and
post-contrast CT datasets are shown here. Evaluations are performed across four
settings: Fixed-Moving (F-M), Fixed-DL Reg (F-R), Fixed-DL Reg KD (F-R-
KD), and Fixed-ANTs registered (F-AR).

region where ventricle ends are present in the 2D slice, and have sufficient misalignment
post affine registration. The structural alignment is restored post registration using the
proposed method. Based on the qualitative analysis for this example, proposed method
performs slightly better than ANTSs registration. For quantitative evaluation for all cases,
PMM was computed for each fixed—moving/registered pair (see Appendix C for visual re-
sults). Mean PMM values were computed for each case inside the brain mask. Table 2
summarizes results for three scenarios: Same-subject, Cross-contrast (n = 8), Inter-subject,
Same-contrast (n = 24), and Inter-subject, Cross-contrast (n = 24). Comparisons include
the unregistered moving image (F-M), DL-registered outputs using the dense model (F-R)
and KD-based model (F-R-KD), and ANT's registration (F-AR). Across all evaluation com-
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binations, proposed registration method improved PMM values relative to the unregistered
baseline. The DL Reg model achieved the highest PMM. The DL Reg KD model closely
follows its performance. Same-subject, Cross-contrast yielded the highest post-registration
PMM with low variability, while Inter-subject, Cross-contrast showed a relatively lower
PMM, reflecting the increased complexity of inter-subject and cross-contrast alignment.
Otherwise, one must note that same-contrast image pairs will have higher PMM values by
virtue of contrast matching. Additional qualitative comparisons are shown in Appendix F.

Moving

Figure 5: Qualitative comparison of inter-subject cross-contrast MRI registration.The
zoomed-in region within the red bounding box highlights accurate alignment of
the frontal horn of the lateral ventricles post registration.

F-M F-R F-R-KD F-AR
Category Mean Std Mean Std Mean Std Mean Std

Same-subject, Cross-contrast 0.1677 0.0108 0.2078 0.0135 0.2032 0.0138 0.1861 0.0209
Inter-subject, Same-contrast ~ 0.0887 0.0114 0.1707 0.0192 0.1618 0.0190 0.1389 0.0151
Inter-subject, Cross-contrast  0.0827 0.0077 0.1372 0.0096 0.1291 0.0092 0.1120 0.0092

Table 2: Mean and standard deviation of PMMs across categories (values computed inside
brain mask).

4. Conclusion

In this work we proposed a DL-based registration framework which generalizes well across
applications. Even though test time optimization concepts are used, by using model minia-
turization approaches, the proposed method on an average takes half the time (or lesser)
taken by popular analytical registration libraries. The ability of the proposed method to
align structures across modalities and anatomies have been demonstrated using qualitative
and quantitative measures.
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Appendix A. Multi-Axis Mutual Information Similarity Loss

We adopt the Multi-Axis Mutual Information (MultiAxisMI) approach instead of a full 3D
Mutual Information (MI) loss. The similarity loss is defined as:

D H w
_ 1 (d) 7(d () 7(h () 7w
EMultiAxile—m<d: M(If 7Im)o¢)+hz::1./\/l(]f aIm)o¢)+wZ:1M(]f ,I}n)oqb) )
(3)

where:

e M(-,-) denotes the mutual information between corresponding slices.

(d), L(,‘Li) represent slices along the depth axis, and similarly for height (h) and width

o ]
(w).

e D H, W are the number of slices along each axis.

This formulation ensures robustness to local intensity variations and captures anatomical
alignment across all three dimensions.

Appendix B. Normalized Cross-Correlation (NCC) Loss

The Normalized Cross-Correlation (NCC) loss used in our experiments is defined as:

N @) — ) Un(6() — L)
Vo Lr (@) = T2 /S, (In(6(2)) — L)

['NCC(If’Im © (b) ) (4)

where I ¢ and I,, denote the mean intensities of the fixed and warped moving images,
respectively.
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Appendix C. Patchwise Mutual Information over ROI or Full Volume

To evaluate local registration quality, we compute a patchwise mutual information (MI)
map over a specified spatial domain, which can be either a predefined anatomical region of
interest (ROI) or the entire image volume.

Let F and M denote the fixed and moving (or registered) 3D images with voxel inten-
sities F(r), M (r) at spatial location r €  C Z3. Define a binary mask D C (2 representing
the domain of interest (e.g., ROI or full volume). A voxel belongs to the domain iff r € D.

We define a family of overlapping cubic patches {Pk}le covering 2. For each patch Py,
we consider its intersection with the domain:

PP =P.ND.

If |P,Z) | exceeds a minimal sample threshold, we estimate the empirical joint intensity dis-

tribution pgfgvj( ,m) over voxels in PkD , and compute the local mutual information:

I,=I(F; M | PP) = M'
LA ZPFM " ) o)

Assigning I, to all voxels in PkD and averaging over overlapping patches produces a
continuous MI field:
Z [kv reD )

k rEPD

MIp(r

where N (r) is the number of domain-containing patches covering r.

This spatial MI map localizes registration quality: higher values indicate stronger sta-
tistical dependence and better alignment. Patchwise aggregation reveals heterogeneous per-
formance (e.g., cortical vs. deep structures), which a single global MI would conceal. Mean
statistics of MIp before and after registration (or across methods) provide interpretable
improvement scores (e.g., AMIp).

Appendix D. Qualitative analysis of DCE MRI registration
Fixed - Moving

Fixed - DL Reg Fixed - DL KD Reg

Figure 6: Qualitative overlays for liver DCE-MRI registration.
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Appendix E. Qualitative analysis of MRI-CT Multi-Modal Registration

Figure 7 illustrates patch-wise MI maps for several slices, computed using a patch size of
16 x 16 x 16 voxels and a stride of 4, following the approach described in Section C.

Fixed Moving DL Reg DL KD Reg ANTs Reg Fixed - Moving  Fixed -DLReg  Fixed - DL KD Reg Fixed - ANTs Reg

Figure 7: MRI/CT Registration - patchwise MI Maps of several slices

Appendix F. Qualitative analysis of Cross-Contrast Brain-MR
Registration

Figure 8 illustrates patch-wise MI maps for several slices, computed using a patch size of
16 x 16 x 16 voxels and a stride of 4, (refer Appendix C. The computation is performed
within the brain mask to ensure anatomical relevance.

Fixed Moving DL Reg DL KD Reg ANTs Reg Fixed - Moving

Figure 8: Inter Subject Cross Contrast Brain MRI Registration - patchwise MI Maps of
several slices

Figure 9 shows checkerboard overlays of inter-subject cross-contrast brain MR images
before and after registration, visually emphasizing the improved alignment achieved through
the proposed method.
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Fixed - Moving Fixed - DL Reg Fixed - DL KD Reg Fixed - ANTs Reg
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Figure 9: Checkerboard overlays illustrating local alignment between fixed and registered
volumes for a slice. Alternating tiles display either the fixed image or the corre-
sponding registered image, facilitating localized visual assessment of registration
accuracy. Smooth transitions across tile boundaries indicate accurate local regis-
tration, whereas visible seams or discontinuities reveal residual misalignment.

Appendix G. Pre and Post Contrast CT Qualitative evaluation

For Data-4 (Section 2.4.3), Figure 10 presents qualitative results of pre- and post-contrast
CT registration, illustrating improved liver alignment and segmentation consistency after
registration.

Fixed Moving DL Reg DL KD Reg ANTs Reg

Fixed - Moving Fixed - DL Reg Fixed - DL KD Reg Fixed - ANTs Reg

y v v v

(b)

Figure 10: Pre- and post-contrast CT registration. Figure 10(a) illustrates accurate align-
ment of the liver dome between the pre-contrast CT and the registered post-
contrast CT using the proposed method. The segmentation overlays in Fig-
ure 10(b) further confirm spatial correspondence between the fixed and regis-
tered volumes for a representative slice, demonstrating improved alignment of
liver segmentation after registration.

Appendix H. Knowledge Distillation Framework
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Figure 11: Knowledge Distillation framework - The trained and frozen teacher model guides
the student using output based distillation, image similarity and smoothness
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