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Abstract. Unsupervised learning is the dominant paradigm in medical
image registration, primarily due to its straightforward deployment and
independence from labor-intensive manual annotations. However, its op-
timization objective fails to differentiate between semantically distinct
anatomical structures and background regions, resulting in suboptimal
registration performance. To introduce semantic priors into unsupervised
registration with minimal annotation cost, we propose OPS, a One-shot
Point prompt-driven Semantics-aware registration framework. Leverag-
ing the powerful semantic clustering capabilities of the pre-trained vision
foundation model DINOv3, OPS requires only extremely sparse point
prompts (i.e., one point per organ) on a single reference image slice to ex-
tract global semantic anchors. These anchors are then propagated across
the entire unlabeled dataset to compute feature similarities with the DI-
NOv3 embeddings of each image volume, thereby localizing semantically
consistent regions. This process enables the offline generation of dense se-
mantic similarity maps, which serve as nearly annotation-free anatomical
localization priors. Subsequently, we integrate these anatomical localiza-
tion priors into the registration learning through a dual mechanism: (1)
semantic feature embedding to modulate the feature representations, and
(2) semantics-aware loss optimization to spatially re-weight the similar-
ity loss, enabling semantic guidance for the registration learning. Com-
prehensive experiments on two datasets demonstrate that the proposed
method enhances the registration performance of state-of-the-art meth-
ods. The code is available at https://github.com/xiehousheng/OPS.

Keywords: Medical image registration - Semantic prior - DINOv3 -
One-shot - Unsupervised learning.

1 Introduction

Deep learning-based registration methods have become the dominant paradigm
in medical image registration due to flexible architectural designs and supe-
rior inference efficiency. Among these, unsupervised registration approaches |2,

* This study was partially supported by the National Key R&D Program of China via
project 2023YFB4706302 and by the National Natural Science Foundation of China
via projects 62471293 and U20A20199.



2 H. Xie et al.

Semantic embedding

| Moving
Registration 1 Warped : i r‘r*'—‘- Image B2
4 Image Point ll.l._',l e ed (B8 o
Prompt Generation Semantic Image AL
Similarity Map
| Similarity Loss

(a) Previous unsupervised methods (b) Our proposed method (OPS)

Registration )| Warped

Ll Image

Moving

Image |08
Fixed [BY
Image RAE

Fig. 1. Comparison between the proposed method and existing unsupervised learning
methods. (a) A schematic illustration of existing unsupervised learning approaches
which typically rely on global intensity similarity for learning optimization. (b) The
proposed OPS leverages sparse point prompts to generate dense semantic similarity
maps to guide registration learning.

4,5,17,19, 3,18,20] directly exploit similarity metrics between image pairs to
drive the network to predict deformation fields, achieving high deployment ef-
ficiency without the need for manual annotations. While effective, this opti-
mization mechanism is inherently incapable of perceiving semantic information
within images, resulting in suboptimal registration accuracy. In contrast, weakly-
supervised registration methods [10, 7, 21] take advantage of manually annotated
segmentation or landmarks to guide the network to focus on specific anatomical
structures and regions, resulting in improved accuracy over their unsupervised
counterparts. However, acquiring such medical image annotations requires sig-
nificant expert efforts, making them difficult to directly apply to the vast number
of unlabeled medical images in clinical practice. This naturally raises a critical
challenge: how can we embed semantic guidance into unsupervised registration
without relying on such costly manual supervision?

A potential solution lies in leveraging pre-trained foundation models to auto-
matically extract semantic context. For instance, annotations generated by seg-
mentation models [13,23] based on the Segment Anything Model (SAM) have
been utilized as substitutes for manual segmentation labels to train registra-
tion models [22]. While this strategy alleviates the annotation burden, SAM
typically still necessitates instance-specific prompts for each image and strug-
gles to achieve reliable generalization on anatomical structures unseen during
training. Recently, the self-supervised vision foundation model DINOv3 [15]
has learned highly generalizable feature representations through large-scale pre-
training, while simultaneously exhibiting remarkable semantic clustering prop-
erties [11,12]. Due to the inherent anatomical consistency in medical imaging,
these robust representations can implicitly capture structural correspondences
across subjects, enabling the generation of dense semantic guidance for registra-
tion by relying solely on feature similarity.

Building on the above insight, we propose OPS, a One-shot Point prompt-
driven Semantics-aware registration framework. As illustrated in Fig. 1, in con-
trast to existing unsupervised registration methods, our method introduces se-
mantic awareness into the unsupervised learning process with minimal annota-
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tion cost. Specifically, as shown in Fig. 2, we first input extremely sparse point
prompts (i.e., one point per organ) on a single reference image slice to extract
feature representations from DINOv3 embeddings at the prompted locations,
defining them as global semantic anchors. Subsequently, leveraging the cross-
image semantic consistency of DINOv3 features, we utilize these anchors to re-
trieve corresponding regions across the entire unlabeled dataset based on feature
similarity. This process propagates semantic priors from the single slice to the
entire dataset, enabling the localization of similar anatomical structures across
the full cohort with a one-shot image interaction, and generating dense semantic
similarity map for each volume in the dataset. Serving as anatomical localiza-
tion priors, these maps are integrated into the registration network via a dual
mechanism comprising semantic feature embedding (SFE) and semantics-aware
loss optimization (SLO), thereby injecting explicit semantic guidance into the
unsupervised learning process. The contributions of this paper are summarized
as follows:

— We propose a one-shot point prompt-driven registration paradigm. By lever-
aging the cross-image similarity of DINOv3 features, dense anatomical lo-
calization priors can be generated for the entire dataset through one-shot
image interaction on a single image slice, and subsequently embedded into
the registration network to enable semantics-aware registration learning.

— We employ a dual mechanism comprising semantic feature embedding and
semantics-aware loss optimization to incorporate the anatomical localization
priors into the registration learning process.

2 Methodology

2.1 Overview

Our framework (Fig. 2) leverages DINOv3 to propagate sparse point prompts
from a single reference image slice into dense semantic similarity maps covering
the entire dataset, followed by integrating them into the registration learning
process as anatomical localization priors. This process comprises two key stages:
semantic similarity map generation and semantics-aware registration learning.

2.2 Semantic Similarity Map Generation

To generate semantic similarity maps for the registration task, given a dataset
of N volumetric images denoted as {V*}¥ | where Vi € RE*XW*DP e adopt
the slice-wise encoding strategy from DINO-Reg [16] to adapt the 2D foundation
model DINOv3. Each volume is sliced along the coronal plane and processed by
the frozen DINOv3, yielding a DINOv3 feature embedding F.

Subsequently, let I,.; be a reference image slice selected from the train-
ing set. After encoding it to obtain the DINOv3 feature Fi.s, for each target
organ, we extract the feature vector at one manually specified point prompt lo-
cation Pres in Fy.¢ as a global semantic anchor A, € RC. Due to the semantic
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Fig. 2. Overview of our proposed framework. The method implements one-shot point
prompt-driven semantics-aware registration via two stages: semantic similarity map
generation and semantics-aware registration learning.

clustering property for the output features of DINOv3, features extracted from
semantically similar regions across different subjects show high similarity to A,.
This observation motivates us to employ A, as a query vector to perform sim-
ilarity matching against the feature volumes F; of all volumes in the dataset.
Specifically, we compute the voxel-wise cosine similarity between A, and each
feature volume Fj, and then normalize the similarity values. The final semantic
similarity map M? is formulated as:

Ay - Fé(w)
[Agll2l| Fi ()2

St(x) — min(S?)
max(S?) — min(S?)’ )

Si(x) = M (z) =
where S? denotes the cosine similarity volume, x is the spatial location of a voxel,
and min(-) and max(-) represent the minimum and maximum values within the
volume S*, respectively.

2.3 Semantics-aware Registration Learning

Semantic feature embedding. To embed semantic information at the fea-
ture level, at each resolution level [ of the decoder, the semantic similarity maps
(M, and My) of the input moving and fixed images (V,, and V) are first
spatially resampled (e.g., via trilinear interpolation) to align with the resolu-
tion of the current decoding level . These aligned similarity maps, denoted as
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{M! } and {M;}, are then encoded into high-dimensional semantic embedding
features through a level-specific convolutional layer. These semantic features are
concatenated with the encoded features {E!,} and {E;} at the corresponding
levels in the registration network and fused through a convolutional layer. Fi-
nally, the fused features {F}} and {F}} replace the original encoded features
and are fed into the decoder, thereby embedding semantic knowledge into the
feature representation.

Semantics-aware loss optimization. During training, existing unsupervised
registration learning typically relies on global image similarity measure, which
treats all voxels equally. To achieve semantics-aware learning, we replace the
uniform similarity loss optimization with a semantics-guided spatial weighting
scheme. Specifically, the semantic similarity map M ¢ is first spatially upsampled
to match the original image resolution, denoted as M ¢. It is then utilized as a
spatial weighting map to dynamically re-weight the similarity loss, emphasizing
registration quality within semantically-relevant regions. The total loss function
is formulated as:

Liotal = Lsim (Vin 0 6, Vi, Ms) + Asmootn (), (2)

where the smoothness loss Lqmootn is implemented using diffusion regularization
[1], o denotes the spatial warping operation that resamples the moving image
Vi using the deformation field ¢, and A is a loss weighting hyperparameter.

The similarity loss Lgy, is derived using the Modality Independent Neighbor-
hood Descriptor with Self-Similarity Context (MIND-SSC) [9, 8]. We formulate
the semantics-aware similarity loss as:

Lim =Y Mg(@) - [|D(Vin 0 $(z)) — D(Vy(2))|3, (3)

zes?

where D(-) represents the dense feature descriptors extracted via the MIND-SSC.

3 Experiments

3.1 Datasets

We evaluate our method on two public datasets from the Learn2Reg challenge
[14], including the abdominal CT dataset and the hippocampus MRI dataset.

Abdominal dataset. This dataset contains 54 CT scans with segmentation
annotations for four major abdominal organs: liver, spleen, right kidney, and left
kidney. All volumes are normalized to 192 x 160 x 192 with 2 x 2 x 2 mm? voxel
spacing. We randomly split 38 CT scans for training and the remaining 16 CT
scans for testing, respectively generating 1,406 training pairs and 240 test pairs.

Hippocampus dataset. This dataset comprises 260 T1-weighted MR im-
ages with manual segmentation labels for anterior and posterior hippocampus.
All volumes are normalized to 64 x 64 x 64 with 0.5 x 0.5 x 0.5 mm?® voxel spac-
ing. We use 208 subjects for training (43,056 training pairs) and pair each of the
remaining 52 test subjects with four others, yielding 208 test pairs.



6 H. Xie et al.

3.2 Preprocessing and Evaluation Metrics

In the semantic similarity map generation stage, we preprocessed all slices from
both datasets following the official implementation of DINOv3 prior to feeding
them into the DINOv3 model. During the semantics-aware registration learning
stage, for the abdominal dataset, the voxel intensities of CT volumes were clipped
to the Hounsfield Unit (HU) range of [—1000, 1000] and subsequently normalized
to [0, 1] using min-max scaling. For the hippocampus dataset, the intensities of
MRI volumes were clipped to the [0.5,99.5] percentile range and normalized to
the [0, 1] interval. We employed three metrics to quantify registration accuracy
and diffeomorphic properties: the Dice Similarity Coefficient (DSC), the 95%
Hausdorff Distance (HD95), and the percentage of voxels with negative Jacobian
determinants (|J,| < 0).

3.3 Implementation Details

We integrate our method into two representative backbone registration architec-
tures, i.e., RDP [19] and CGNet [3], using three frozen DINOv3 variants (ViT-S,
ViT-B, ViT-L) for semantic similarity map generation, resulting in six configu-
rations: OPS-RDP-{S, B, L} and OPS-CGNet-{S, B, L}. We compare against
state-of-the-art methods, including VoxelMorph [2], TransMorph [4], SACB-Net
[6], GroupMorph [17], DINO-Reg [16], RDP [19] and CGNet [3], which employ
the unweighted version of Eq. (3) as the similarity loss. For semantic similarity
map generation, we select a single reference slice containing all structures of in-
terest (SOI) from each dataset and provide one point prompt per organ (liver,
spleen, left kidney, and right kidney for abdominal data; anterior hippocampus
and posterior hippocampus for hippocampus data). Dense similarity maps are
pre-computed offline for all SOIs, introducing only minimal registration training
overhead. During training, the networks are trained with Adam optimizer for
50,000 iterations on both datasets, using a learning rate of le-4 and a batch
size of 1. The weighting parameter A in Eq. (2) was empirically set to 0.5. To
facilitate organ-specific registration learning during the semantics-aware loss op-
timization, we feed the pre-computed similarity map of a single point prompt
into the network per iteration, cyclically alternating the similarity maps from
different prompt points across successive iterations. During inference, we com-
pute the pixel-wise maximum across similarity maps of different organ prompts
to incorporate multi-organ semantic information as the input prior.

4 Results and Discussions

4.1 Comparison Results

Table 1 presents the quantitative comparison of our OPS framework against
other registration methods. Integrating OPS with two backbone architectures
(RDP and CGNet) consistently improves performance on both abdominal and
hippocampus datasets. On the abdominal dataset, OPS-CGNet-L achieves the
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Table 1. Quantitative comparison of registration performance. The best results are
highlighted in bold.

Methods Abdominal Dataset Hippocampus Dataset

DSC (%) T HD95 (mm) | [J4]< 0| DSC (%) T HD95 (mm) | [J4[<0 |
Initial 35.15 + 12.43 22.58 £ 7.24 - 55.95 + 13.48 3.82 £+ 1.32 -
Baseline Methods
VoxelMorph [2] | 41.73 &+ 14.48 21.69 £ 7.70 3.03e-3 |67.38 + 11.92 3.10 + 1.26 4.33e-4
TransMorph [4] 46.09 + 13.40 19.89 + 6.01 1.43e-3 |70.29 £+ 10.67 2.86 &+ 1.18 5.84e-4
SACB-Net [6] 53.60 + 15.63 19.59 £ 7.99 1.89e-3 | 71.77 £ 9.40 2.89 £ 1.20 5.15e-4
GroupMorph [17]| 55.07 £ 16.60 19.92 + 8.04 2.16e-2 | 72.20 + 9.53 2.90 £+ 1.24 4.74e-3
DINO-Reg [16] 64.05 + 14.57 16.71 £ 1.26 2.89e-2 |67.79 £+ 10.05 4.02 £ 2.12  1.60e-2
RDP [19] 50.32 + 16.45 20.01 £ 7.46 1.98e-3 | 73.52 £ 9.82 2.70 £ 1.20 5.03e-4
CGNet [3] 58.52 + 16.82 18.92 £ 8.36 9.29e-3 | 74.52 £ 9.27 2.63 £ 1.24 1.38e-3
Ours (RDP architecture)
OPS-RDP-S 53.16 & 16.01 19.50 £ 7.90 2.71e-3 |74.40 + 10.20 2.61 £ 1.25 1.25e-3
OPS-RDP-B 52.89 + 16.10 19.41 £ 7.65 2.04e-3 | 74.25 £9.95 2.60 £ 1.18 1.30e-3
OPS-RDP-L 52.29 £+ 17.57 19.52 4+ 8.02 3.26e-3 |74.36 £ 10.15 2.62 £ 1.25 1.37e-3
Ours (CGNet architecture)
OPS-CGNet-S | 64.12 £ 15.89 16.93 + 7.11 1.20e-2 | 75.80 £ 7.97 2.53 £ 1.16  2.06e-3
OPS-CGNet-B| 63.62 £ 15.83 16.67 & 6.57 1.31e-2 | 75.84 £ 7.99 2.55 £ 1.20 2.46e-3
OPS-CGNet-L (66.54 + 13.96 15.31 + 5.68 1.15e-2 |76.07 + 7.69 2.52 + 1.17 2.39e-3
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Fig. 3. Qualitative comparison of registration performance on the abdominal dataset
and hippocampus dataset, showing warped labels overlaid on the warped images.

highest mean DSC of 66.54% and the lowest HD95 of 15.31 mm, representing
a substantial improvement of 8.02% in terms of DSC and 3.61 mm reduction
in terms of HD95 over the baseline CGNet. For DINOv3 variants (S/B/L), the
large-capacity ViT-L excels at abdominal tasks while the lightweight ViT-S suf-
fices for hippocampus registration (e.g., OPS-CGNet-S achieves 75.80% mean
DSC). Although semantics-aware registration learning increases folding voxels
marginally, values remain within reasonable bounds, indicating OPS preserves
topological plausibility while enhancing accuracy. In Fig. 3, we further visualize
the qualitative comparison of different methods on representative samples from
both datasets.

4.2 Ablation Study

We conducted ablation studies on both datasets to evaluate the contribution of
each component in the proposed framework to the overall performance, where all
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Table 2. Ablation study results on the effectiveness of key components. The best
results are highlighted in bold.

Components Abdominal Dataset Hippocampus Dataset

SFE SLO DSC (%) T HD95 (mm) | [Jg] <0 ]| DSC (%) 1t HD95 (mm) | [Jg] <0 ]
58.52 + 16.82 18.92 £ 8.36 9.29e¢-3 | 74.52 £ 9.27 2.63 +1.24 1.38e-3

59.39 £ 17.07 18.02 £ 6.99 9.17e-3 | 74.70 £+ 8.31 2.62 + 1.18 9.11e-4
65.42 + 14.96 16.19 £ 6.01 1.24e-2 | 75.95 £ 8.04 2.60 + 1.24  2.66e-3

66.54 + 13.96 15.31 + 5.68 1.15e-2 (76.07 + 7.69 2.52 + 1.17 2.3%-3

N X% N\ %
NN X% X

Table 3. Robustness analysis of our method to point prompt selection variations.

Abdominal Dataset Hippocampus Dataset
DSC (%) + HD95 (mm) | |J4| <0 || DSC (%) 1+ HD95 (mm) | [J,| <0 |
Trial 1 (Ours) 66.54 + 13.96 15.31 + 5.68 1.15e-2 |76.07 £ 7.69 2.52 £+ 1.17  2.39e-3

Prompt Selection

Trial 2 66.73 + 13.74 15.22 £ 5.57 1.36e-2 |76.04 = 8.33 2.51 £ 1.20 2.29e-3
Trial 3 66.27 + 14.05 15.49 £ 5.78 1.28e-2 |76.21 £ 8.01 2.51 £ 1.17  2.17e-3
Trial 4 66.82 + 14.12 15.28 £ 5.68 1.29e-2 |75.95 £ 8.04 2.60 £ 1.24  2.66e-3

ablation experiments were based on the OPS-CGNet-L configuration. As shown
in Table 2, integrating only SFE into CGNet (without loss re-weighting) im-
proved average DSC from 58.52% to 59.39% on the abdominal dataset and from
74.52% to 74.70% on the hippocampus dataset, while achieving the lowest defor-
mation field folding ratio. Incorporating solely SLO substantially outperformed
the baseline, raising average DSC to 65.42% on the abdominal dataset. The
full OPS framework (combining SFE and SLO) achieved the best performance,
attaining respectively 66.54% and 76.07% average DSC when evaluated on the
two datasets. This confirms the effectiveness of each individual component of
the proposed method. We further conducted an ablation study to evaluate the
robustness of the proposed method to input point prompt selection. Specifically,
we performed three additional independent trials by randomly selecting differ-
ent reference training sample slices and new point prompts. As shown in Table
3, the registration performance remains relatively stable across different point
prompt selections, demonstrating the strong robustness of our method to prompt
selection.

5 Conclusion

In this paper, we propose OPS, a novel framework that advances unsupervised
medical image registration by introducing semantic awareness with minimal an-
notation cost. By leveraging the powerful semantic clustering capabilities of
features encoded by the DINOv3, OPS leverages one-shot geometric prompts
to acquire dense anatomical priors across the entire dataset, thereby guiding
the registration learning process. Comprehensive experiments on abdominal and
hippocampus datasets demonstrate that OPS consistently enhances the perfor-
mance of state-of-the-art baselines, offering an efficient, nearly label-free solution
for embedding semantic priors into the unsupervised registration paradigm.
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