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Abstract. Accurate cross-modal deformable medical image registration
is essential for integrating complementary clinical information across
modalities such as MRI and CT. However, the significant modality gap
makes it difficult to establish reliable correspondences from raw im-
age appearances. Contrastive learning has emerged as a promising ap-
proach for extracting modality-agnostic features for correspondence esti-
mation. However, existing methods typically treat voxels as independent
instances in contrastive learning, without explicitly modeling hierarchical
anatomical context and topology, which are critical for disambiguating
correspondences and preserving deformation plausibility. To address this
limitation, we propose the Hierarchical Anatomy-Grounded Represen-
tation (HAGR) framework. HAGR augments contrastive learning with
cross-view feature reconstruction to encourage structurally consistent,
anatomy-aware representations beyond isolated local features. It further
learns a hierarchical feature space in a coarse-to-fine manner, where a
matchability-aware coarse stage provides global anatomical context pri-
ors and a coarse-guided fine stage improves local discriminability through
implicit hard-sample mining. Extensive experiments on cross-modal reg-
istration benchmarks demonstrate that HAGR achieves accurate and
robust registration compared with existing registration methods, pro-
viding a generalizable and reusable foundation for reliable cross-modal
information fusion. (https://github.com/jiaem1/HAGR)

Keywords: Cross-modal Registration · Representation Learning · Deep
Learning.

1 Introduction

Different medical image modalities, such as MRI and CT, provide complemen-
tary tissue information for diagnosis, treatment planning, and image-guided in-
terventions [3,6]. Their integration typically requires precise spatial alignment
of anatomical structures across modalities. However, multi-modal scans are of-
ten acquired under heterogeneous conditions, including different scanners, time
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points, and physiological states, introducing substantial anatomical misalign-
ment. Accurate cross-modal deformable registration is therefore essential for
reliable cross-modal information fusion.

Cross-modal registration critically depends on measuring anatomical align-
ment despite large cross-modality appearance gaps. Early approaches relied on
hand-crafted similarity measures, such as mutual information [19] and MIND
[7], but their limited anatomical awareness reduces robustness under complex
deformations. Recent deep learning methods typically either directly regress de-
formation fields [16,12], or perform cross-modal image synthesis to bridge the
appearance gap before registration [3,6]. While effective in specific scenarios,
direct regression can overfit to particular modality/contrast combinations, and
synthesis may introduce artifacts that compromise anatomical fidelity. Conse-
quently, shifting the similarity measure from the original image space to a learned
modality-invariant feature space has emerged as a promising alternative for gen-
eralizable cross-modal registration [2,13,5].

Most representation learning methods adopt contrastive objectives to en-
force modality invariance. This constraint is typically imposed on local point-
wise pairs by pulling features at corresponding cross-modal locations together
and pushing non-corresponding features apart. However, anatomy exhibits hi-
erarchical structured dependencies among localized points, ranging from global
anatomical context and topology to local textures and boundary details [23,21].
As a result, purely point-wise contrastive learning does not explicitly enforce
how contextual information should be organized or used for correspondence rea-
soning, which may limit its ability to disambiguate anatomically similar loca-
tions and support plausible deformation fields [13,9]. This motivates a stronger
anatomy-grounded proxy task, where representations are learned through struc-
tured correspondence reasoning that requires the use of anatomical and topo-
logical context. Moreover, a coarse-to-fine formulation provides a natural way to
encode these hierarchical dependencies, allowing macroscopic anatomical context
to constrain and guide the interpretation of local geometric details.

In this paper, we propose a Hierarchical Anatomy-Grounded Representation
(HAGR) framework for cross-modal deformable registration. HAGR augments
contrastive learning with cross-view feature reconstruction, using similarity-based
reconstruction from cross-view candidates as a structured proxy task to learn
registration-oriented anatomical representations. This reconstruction objective
is further embedded into a hierarchical coarse-to-fine architecture to capture
cross-scale context for jointly resolving large displacements and subtle distor-
tions. At the coarse level, HAGR performs matchability-aware reconstruction to
learn a global context prior, improving robustness to large-scale displacement.
At the fine level, coarse-guided implicit hard-sample mining focuses learning
on locally difficult regions, enhancing discriminability and sensitivity to sub-
tle misalignments. We then perform hierarchical feature-space registration using
these representations. Extensive experiments on multi-modal registration bench-
marks show that HAGR achieves more accurate and robust alignment than both
end-to-end multi-modal registration methods and prior representation-learning
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Fig. 1. Overview of the proposed framework: (a) hierarchical anatomy-grounded repre-
sentation learning, (b) registration using learned HAGR features, and (c) hierarchical
cross-view reconstruction.

baselines, suggesting that hierarchical anatomy-grounded representation learning
provides a reusable foundation for reliable multi-modal deformable registration.

2 Method

As illustrated in Fig. 1, HAGR learns coarse-to-fine representations for regis-
tration. During training, given views IA and IB , an encoder extracts coarse
features FA

c ,F
B
c ∈ RC1×D1×H1×W1 at 1

16 spatial resolution, and fine features
FA

f ,F
B
f ∈ RC2×D2×H2×W2 at 1

2 of the input resolution. These representations
are jointly optimized via hierarchical cross-view reconstruction. At inference,
registration is performed by optimizing a deformation field within this learned
feature space. To avoid relying on paired multi-modal scans, we sample random
3D patches from a single CT volume V and apply independent intensity and
affine augmentations to generate views IA and IB to simulate heterogeneous
cross-modal appearance variations [13,2,22].

2.1 Hierarchical Coarse-to-Fine Architecture

To couple global anatomical context with local geometric detail, our hierarchical
architecture adapts the cross-view candidate pool Pℓ,i at each feature level ℓ ∈
{c, f}. Let fAℓ,i denote the anchor feature at spatial location i in view A, and
define Pℓ,i as the cross-view candidate pool from view B used to reconstruct fAℓ,i.
The same operations are applied symmetrically for B → A by exchanging the
roles of A and B.



4 J. Mi et al.

Coarse stage: matchability-aware global context modeling. To learn rep-
resentations that capture global anatomical structure and context for large dis-
placement alignment, we augment cross-view reconstruction with matchability-
aware modeling, which encourages the learned features to use global structural
cues for distinguishing valid from invalid correspondences. Concretely, for each
coarse-level anchor fAc,i, the candidate pool is defined as the entire coarse fea-
ture set of the other view, i.e., Pc,i = {fBc,j}. We compute the strongest cross-
view similarity response hA

i = maxj⟨fAc,i, fBc,j⟩, and predict a matchability score
m̂A

i = Ψmat

(
[fAc,i;h

A
i ]
)
∈ [0, 1], where Ψmat is a lightweight predictor. This pre-

dicted matchability is used to construct a dustbin in cross-view reconstruction,
introducing a soft rejection mechanism (Sec. 2.2) to discard features with weak
or implausible correspondence.
Fine stage: coarse-guided local discriminative refinement. While the
coarse stage captures global anatomical context, fine features preserve rich local
morphology needed for precise dense correspondence. We leverage coarse cor-
respondence cues to implement a hard-sample mining strategy for cross-view
reconstruction, coupling two-level features to learn robust and discriminative
representations. Specifically, for each fine-level anchor fAf,i, we select the top-Kp

locations in view B with the highest coarse feature similarity as coarse corre-
spondence proposals. These proposals are then mapped to the fine grid, and the
fine-level candidate pool Pf,i is defined as the set of fine-level feature vectors
collected from local windows of size α × α × α centered at these proposal lo-
cations (Fig. 1(c)). By resolving reconstruction ambiguity among plausible but
hard-to-distinguish local hypotheses, the fine representation is encouraged to en-
code more discriminative local anatomical cues, improving sensitivity to subtle
misalignments.

2.2 Anatomy-Grounded Cross-View Reconstruction Learning

Reconstruction with cross-view attention. Given the hierarchical frame-
work defined in Sec. 2.1, HAGR learns anatomy-grounded representations via
cross-view reconstruction consistency in feature space. For a feature level ℓ ∈
{c, f}, we reconstruct anchor feature fAℓ,i from view A using its corresponding
candidate pool Pℓ,i from view B by a non-parametric attention mechanism:

f̃Aℓ,i =
∑

u∈Pℓ,i

αℓ,i(u)u, αℓ,i(u) ∝ exp
(
⟨fAℓ,i,u⟩/τℓ

)
, (1)

where τℓ is a temperature parameter. Without learnable projections, the recon-
struction directly encourages the feature space to encode shared anatomy. In
practice, we use sparse top-Ka attention (i.e., softmax over the top-Ka similar-
ities within Pℓ,i for each anchor) to enforce correspondence sparsity and reduce
feature over-smoothing. We augment the coarse attention logits with a dustbin
by appending an unmatchability score, defined as log(1− m̂A

i ), to the cross-view
similarity logits prior to the top-Ka selection (dashed arrow in Fig. 1(c)). By
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softly rejecting unmatchable anchors, this mechanism ensures that the recon-
struction is primarily driven by valid candidate features.
Objective function. We optimize HAGR with contrastive objectives defined
on reconstruction consistency at both feature levels. For level ℓ ∈ {c, f}, the
directional loss for A→B is

Lℓ
rec(A→B) = − 1

|QA
ℓ |

∑
i∈QA

ℓ

log

∑
u∈GA

ℓ,i
exp

(
s(f̃Aℓ,i,u)/τℓ

)
∑

w∈GA
ℓ,i∪NA

ℓ,i
exp

(
s(f̃Aℓ,i,w)/τℓ

) , (2)

where s(·, ·) denotes dot product, and QA
ℓ denotes the valid anchors at level ℓ,

and GA
ℓ,i and NA

ℓ,i denote the positive and hard-negative feature sets for anchor
i, respectively. At both levels, hard negatives are sampled from the most similar
feature locations whose geometric distance to the anchor exceeds the correspond-
ing ignore threshold (δc for coarse and δf for fine). For the positive set, the coarse
level uses only the anchor itself, GA

c,i = {fAc,i}, whereas the fine level uses a local
neighborhood, with GA

f,i defined as features within a small radius θf to preserve
local morphological continuity. The coarse matchability scores are supervised by
binary cross-entropy: m ∈ {0, 1}: Lmat =

∑
X∈{A,B} LBCE(m̂

X ,mX). The bi-
nary labels mX come from known spatial augmentations, where anchors mapped
inside the valid overlap are matchable and the rest unmatchable. This term trains
the dustbin branch to softly reject anchors without valid correspondences, re-
ducing noisy reconstruction gradients from non-overlapping regions. The final
objective is

L = λcLc
rec + λfLf

rec + λmLmat, (3)

where Lc
rec and Lf

rec are the coarse- and fine-level instances of Eq. (2), respec-
tively, and Lℓ

rec = (Lℓ
rec(A→B) + Lℓ

rec(B→A))/2. λc, λf , and λm are weighting
parameters.

2.3 Registration with Learned Features

We use the learned features to measure cross-modal similarity for deformable
registration. Specifically, we upsample the coarse features to the spatial resolu-
tion of the fine features and concatenate them to obtain the final feature map
F ∈ R(C1+C2)×D2×H2×W2 . Given two images I0 and I1, let F0 and F1 denote
their corresponding concatenated features. We construct a local cost volume C
in the learned feature space as

C(x,d) =
〈
f1x, f

0
x+d

〉
, (4)

where x is a voxel location, d is a displacement within the search range of radius
N , and f denotes the sampled feature vector at the specified location. We then
perform registration using a multi-resolution pyramid strategy to improve the
capture range and robustness. At each pyramid level r, features are extracted
from the warped moving image and the fixed image, and an incremental defor-
mation update φr is computed using the coupled convex optimization scheme in
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ConvexAdam [15]. The updates are composed across scales φ↑
r = Up(φr ◦φ↑

r−1),
where Up(·) denotes upsampling. This is followed by a final instance optimiza-
tion in feature space for fine-grained alignment, using a learning rate of 3 for 50
iterations.

3 Experiments and Results

3.1 Dataset and Implementation

Datasets. We utilize five datasets to evaluate intra-domain performance and
cross-domain generalizability. (1) Training: We use 50 unpaired CT scans from
Learn2Reg [8], 500 multi-center abdomen CT scans from AMOS22 [11], and 1204
CT scans from TotalSegmentator [20]. (2) Intra-domain Evaluation: 8 paired
CT–MR cases from Learn2Reg serve as the primary benchmark. (3) General-
ization Evaluation: We use the ThoraxCBCT [10] dataset (11 subjects), where
each subject includes one lung fan-beam CT and two cone-beam CT scans ac-
quired during image-guided radiotherapy, and an in-house Whole-Body dataset
(20 subjects), where each subject includes one CT and four T1-weighted water-
fat separated MR scans. CT scans from ThoraxCBCT are windowed using a
lung setting (level −600, width 1500), while other CT scans use an abdomi-
nal setting (level 40, width 400). MR scans are normalized by the 0.5%/99.5%
intensity quantiles. All images are resampled to an isotropic spacing of 2mm.
Registration accuracy is measured by DSC (Dice similarity coefficient) and HD95
(95th-percentile Hausdorff distance) on CT–MR datasets, and by TRE (Target
Registration Error) and TRE30 (TRE on the top 30% landmarks with the largest
initial error) on ThoraxCBCT. We additionally report the percentage of folding
voxels, %|Jφ| ≤ 0, to assess deformation plausibility.
Implementation. HAGR is implemented in PyTorch [14] and trained on an
NVIDIA A100 GPU with batch size B = 2. We use a 3D ResNet backbone
with two 3D FPN heads for coarse/fine features [18]. We set C1 = C2 = 128,
α = 5, Ka = {8, 64} (coarse/fine), and Kp = 3. Optimization uses AdamW with
learning rate 0.02. We warm up the encoder for 10,000 iterations with a standard
contrastive loss, and then optimize Eq. 3 with λc = λf = λm = 1.

3.2 Intra-domain Registration Performance

We first evaluate the registration accuracy on the abdominal CT–MR dataset
Learn2Reg. We compare HAGR against seven competing methods including tra-
ditional baseline SyN [1], deep-learning-based baselines TransMorph [4] and DG-
MIR [12], and representation-based methods ConvexAdam [15], UAE [2], DINO-
Reg [17], and Anatomix [5]. TransMorph and DGMIR are trained on unpaired
training data with MIND loss and a regularization term.

As shown in Table 1, HAGR outperforms all competitors with an average
DSC of 74.56% and the lowest HD95. TransMorph [4] struggles with cross-
modality intensity shifts, resulting in limited accuracy (DSC of 41.85%). While
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Fig. 2. Qualitative comparison on abdominal CT–MR registration in coronal and axial
views. Segmentation contours are overlaid.

Table 1. Quantitative comparison of registration methods on abdominal CT–MR reg-
istration. Values are reported as mean ± standard deviation.

Method DSC (↑, %) HD95 (↓, mm) %|Jφ| ≤ 0 Time (s)

SyN [1] 35.55± 24.58 19.24± 14.29 4.99± 1.31 17.3242

TransMorph [4] 41.85± 26.33 16.62± 8.76 36.87± 2.59 0.1684
DGMIR [12] 55.09± 32.16 11.89± 10.32 0.79± 0.29 1.4875

ConvexAdam [15] 66.58± 28.28 9.67± 9.74 4.53± 2.26 1.6306
UAE [2] 69.49± 28.15 7.77± 9.12 0.00± 0.00 1.7131
DINO-Reg [17] 71.23± 25.05 7.85± 8.34 5.13± 3.02 511.4721
Anatomix [5] 58.59± 31.02 12.21± 11.67 0.00± 0.00 3.3756

HAGR 74.56± 27.50 4.97± 7.31 0.00± 0.00 1.5680

DGMIR improves alignment by explicitly modeling modality gap, it still lags
behind representation-based approaches. Among the representation-based meth-
ods, HAGR surpasses the runner-up (DINO-Reg) by 3.3% in DSC. These re-
sults indicate that anatomy-grounded features provide more robust alignment
than generic self-supervised features. The qualitative comparisons in Fig. 2 show
that competing methods often exhibit visible misalignment under large deforma-
tions and substantial modality gaps, whereas HAGR better preserves anatomical
alignment.

3.3 Cross-domain Generalizability and Robustness

The learned modality-agnostic representation enables zero-shot transfer to un-
seen anatomies and modalities. We benchmark HAGR on the Whole-Body and
ThoraxCBCT datasets against SyN and other representation-based methods
that require no additional training or fine-tuning. Table 2 shows that HAGR
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Table 2. Registration performance on two cross-domain datasets.

Whole-Body Dataset ThoraxCBCT Dataset

Method DSC (↑, %) HD95 (↓, mm) %|Jφ| ≤ 0 TRE (↓, mm) TRE30 (↓, mm) %|Jφ| ≤ 0

SyN 13.98± 6.32 29.98± 6.45 4.11± 0.74 16.83± 2.57 21.78± 3.14 1.24± 0.00

ConvexAdam 58.59± 28.74 11.47± 12.27 4.25± 1.72 12.82± 2.93 20.03± 2.82 2.90± 0.00
UAE 56.08± 16.34 7.91± 6.78 0.00± 0.00 12.72± 3.05 23.67± 4.12 0.00± 0.00
DINO-Reg 57.16± 16.05 7.41± 6.39 1.99± 0.83 19.11± 3.13 24.28± 3.22 0.00± 0.00
Anatomix 52.87± 31.43 13.10± 13.50 0.00± 0.00 12.73± 2.73 23.43± 4.16 0.00± 0.00

HAGR 61.92± 27.21 9.18± 11.02 0.00± 0.00 12.34± 2.58 23.24± 3.61 0.00± 0.00

Table 3. Ablation study on abdominal CT–MR registration.

Method Variant DSC (↑, %) HD95 (↓, mm) %|Jφ| ≤ 0

Contrastive-Only 64.31± 29.61 9.58± 11.46 0.00± 0.00
Hard-Matching 56.79± 31.24 10.29± 10.91 0.00± 0.00
Coarse-Only 39.78± 29.64 20.12± 12.55 0.00± 0.00
Fine-Only 64.58± 32.08 8.61± 11.74 0.00± 0.00

HAGR 74.56± 27.50 4.97± 7.31 0.00± 0.00

Moving (CT) Fixed (MR, In-phase) Fixed (MR, Out-of-phase) Fixed (MR, Water) Fixed (MR, Fat)

Fig. 3. Qualitative results on whole-body registration under varying MR contrasts.

provides strong zero-shot transfer performance, achieving the highest DSC on
the Whole-Body dataset and the lowest mean TRE on ThoraxCBCT. On the
Whole-Body dataset, HAGR achieves a 5.7% relative improvement in DSC com-
pared to ConvexAdam. Qualitative results in Fig. 3 show that registering a single
CT to four MR contrasts (Water, Fat, In-Phase, Out-of-Phase) yields highly con-
sistent deformation fields, confirming that HAGR relies on anatomical geometry
rather than intensity statistics.

3.4 Ablation Study

We analyze component contributions on the Learn2Reg dataset (Table 3). Re-
placing cross-view reconstruction with a standard contrastive loss leads to a clear
performance drop, suggesting that point-wise feature contrast alone is insuffi-
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cient for learning registration-oriented correspondence structure. Hard-Matching
also performs worse than the proposed soft reconstruction, indicating that dis-
crete correspondence assignments provide unstable supervision under ambiguous
cross-modal matching. Removing either the coarse or fine branch further de-
grades performance, highlighting the importance of integrating coarse anatomi-
cal guidance with fine-level discriminability for robust deformable registration.

4 Conclusion

In this paper, we proposed HAGR, a hierarchical anatomy-grounded representa-
tion framework for cross-modal deformable registration. HAGR augments con-
trastive learning with cross-view reconstruction consistency within a progressive
coarse-to-fine architecture. By training with a structured cross-view reconstruc-
tion task, HAGR shapes modality-agnostic representations toward registration-
relevant correspondence reasoning, coupling coarse anatomical context with fine
local discriminability. Experiments demonstrate that HAGR improves registra-
tion accuracy and deformation plausibility over competing methods, suggesting
its potential as a reusable foundation for cross-modal deformable registration.
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