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Abstract. Diffusion models, while trained for image generation, have
emerged as powerful foundational feature extractors for downstream tasks.
We find that off-the-shelf diffusion models, trained exclusively to gener-
ate natural RGB images, can identify semantically meaningful correspon-
dences in medical images. Building on this observation, we propose to
leverage diffusion model features as a similarity measure to guide de-
formable image registration networks. We show that common intensity-
based similarity losses often fail in challenging scenarios, such as when
certain anatomies are visible in one image but absent in another, leading
to anatomically inaccurate alignments. In contrast, our method identi-
fies true semantic correspondences, aligning meaningful structures while
disregarding those not present across images. We demonstrate superior
performance of our approach on two tasks: multimodal 2D registration
(DXA to X-Ray) and monomodal 3D registration (brain-extracted to
non-brain-extracted MRI). Code: https://github.com/uncbiag/dgir

1 Introduction

Deep learning based deformable image registration [44,2,11] has shown to be
useful in practice by delivering fast and accurate estimates of spatial correspon-
dences (deformation fields) to align medical images. Deep networks are trained
on populations of image pairs; typically by minimizing the sum of two losses: a
similarity loss between the warped moving and the original fixed images and a
regularization loss to encourage smoothness of the predicted deformation field.

Conventional similarity losses (Mean Squared Error(MSE) [2], Localized Nor-
malized Cross-Correlation (LNCC) [2], Normalized Gradient Fields (NGF) [15],
Modality Independent Neighborhood Descriptors (MIND) [16]) assume identical
anatomical structures in images and fail when anatomies are missing in one of
the images [7]. The "missing anatomy" scenario often appears in practice both
in monomodal and multimodal registration. For example, to align a DXA (Dual
Energy X-Ray) scan, which focuses on bone density and ignores soft tissues, to
a standard X-Ray, which visualizes soft tissue in addition to bone, the model
may stretch the bones in the DXA scan to fill the soft tissue space (see Fig. 4).

In monomodal registration, challenges arise when aligning pre- and post-
operative images, or images at differing processing stages, such as magnetic
resonance images (MRIs) of the head with and without brain extraction. Here,
registration networks often attempt to compensate for the missing structures

https://github.com/uncbiag/dgir
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Fig. 1: Heatmaps. First row: DXA scan (a red dot on the boundary between
the bone and the background) and X-Ray. Second row: Heatmaps for differ-
ent similarity measures indicating how close each point in the X-Ray is to the
corresponding red point in the DXA scan. Correspondences for conventional
pixel-based similarity measures are ambiguous as many pixels show similar val-
ues, while diffusion features identify semantically meaningful correspondences.
DXA images reproduced by kind permission of the UK Biobank®

by expanding existing ones, as conventional similarity losses align contrasting
edges, such as those between background and outermost anatomies, instead of
desired internal alignment (see Fig. 1, 4, 6). Therefore, for images with missing
structures anatomy-aware losses with deep semantic understanding is required.

Diffusion models [17,31] have revolutionized computer vision with high-fidelity
image generation. Beyond achieving state-of-the-art image synthesis [9,31], the
impressive generative abilities of these models suggest that they capture both
low-level and high-level features, highlighting their potential as general repre-
sentation learners [12]. These representations have been found useful in many
downstream tasks such as for classification [26,43,5], segmentation [3,42,39], edit-
ing [41,29,33], depth and geometry estimation [45,19,22].

Moreover, it has been shown that features from diffusion models, trained
solely for image generation, have an emergent knowledge of semantic landmarks
and correspondences even under challenging conditions such as occlusions and
appearance variations [38,23,25]. Intriguingly, this semantic correspondence abil-
ity extends to medical images (see Fig. 2a), despite the significant domain gap
and the absence of medical images in the training. Therefore, diffusion features
may provide a useful signal for registration, especially in challenging scenarios
(such as "missing anatomy"), where deep semantic understanding is necessary.

Our contributions:

– We observe that diffusion models, trained to generate natural RGB images,
also capture correspondences in medical images even in multimodal scenarios
or where not all anatomies are present in an image pair.

– We propose a registration similarity loss based on comparing diffusion fea-
tures between a warped moving and a fixed image.

– We show superior performance on 2D registration of DXA to X-Ray and 3D
registration of brain-extracted MRI to non-brain-extracted MRI.
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(a) Diffusion Features. (b) Diffusion Features + LNCC

Fig. 2: Correspondences. Intermediate diffusion features, resized to image reso-
lution, are vector-valued descriptors for each pixel. For each keypoint pixel in the
left (DXA) the most similar (cosine similarity) pixel in the right (X-Ray) is con-
nected with a line. (a) Diffusion features find complex correspondences in medi-
cal images with missing anatomies, although trained on RGB images. (b) LNCC
on diffusion features further improves correspondences, considering surrounding
pixels. DXA images reproduced by kind permission of the UK Biobank®

2 Related work

Diffusion Models and Image Registration have been studied together
in the following ways. DiffuseMorph [20] jointly trains diffusion and registration
networks sequentially, passing noise predicted from the diffusion network as input
to the registration network. FSDiffReg [30] extends this approach by adding
intermediate diffusion features as input to the registration network. Diff-Def [36]
trains a diffusion model to generate deformation fields conditioned on specific
parameters, guided by a registration network to optimize atlas deformation.
DiffuseReg [46] combines diffusion and registration by iteratively denoising a
deformation field from noise. While the concept of jointly training diffusion and
registration networks is well explored, our work is the first work to explore off-
the-shelf pre-trained diffusion models to define a similarity loss for registration.

Similarity losses for image registration are well-studied for optimization-
based [1] and deep-learning approaches [18,2]. Common choices for monomodal
registration are MSE and LNCC [2], while for multimodal registration - MIND [16]
and NGF [15]. These losses work well when images share anatomical struc-
tures, however they often fail when some anatomies are visible in one image
and absent in another [7]. Seg-Guided-MMReg [7] guides multimodal registra-
tion with segmentaions as they are same across modalities. We find that images
with missing anatomies not only share segmentation masks, but also have sim-
ilar diffusion features. DeepSim [6] uses cosine similarity between features of a
pre-trained autoencoder (or segmentation model) as a similarity loss. Unfortu-
nately, it only works for monomodal scenarios with shared anatomical struc-
tures [6] and for each dataset, its own feature extractor needs to be trained,
while diffusion models are training-free general feature extractors. Several works
[35,21] used non-learning optimization-based registration on foundational self-
supervised features[4,28]. We show how to incorporate knowledge from founda-
tional diffusion models into the training of deep neural networks for registration.
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3 Method

Diffusion models [17] are composed of a forward and a reverse process. The
forward process is a T -step noising of a clean image x0 ∈ RH×W×C with added
Gaussian ϵ ∈ RH×W×C at each step following a noise schedule {βt ∈ R1}Tt=1,
slowly corrupting the image into noise xT ∈ RH×W×C . The noisy image at
timestep t is xt =

√
αtx0 +

√
1− αtϵ, where αt =

∏t
i=1(1 − βi) ∈ R1. The

T -step reverse process predicts the noise ϵ at each timestep t with a network h:

ϵ̂ = h(xt, t) = h(
√
αtx0 +

√
1− αtϵ, t) , ϵ ∼ N (0, I) . (1)

The diffusion network h is trained to minimize the mean squared error (MSE)
between the true and predicted noises ∥ϵ− ϵ̂∥2. Importantly, we do not train the
diffusion model ourselves and use an off-the-shelf pre-trained diffusion model.

3.1 Diffusion-Guided Image Registration

Conventional deep learning methods train a registration network fθ, with weights
θ, that takes moving image A and the fixed image B as inputs and outputs de-
formation map Φ, which warps A to the space of the fixed image, A◦Φ. Training
involves minimizing a loss combining similarity and regularization terms:

min
θ

Lsim(A ◦Φ,B) + λLreg(Φ) , λ > 0 . (2)

As noted earlier, conventional similarity losses focus on aligning strong edges,
rather than desired internal structures. While this works when both images show
the same anatomies, it often causes misalignment when some anatomies are miss-
ing in one image but present in the other. To address this, we propose Diffusion-
Guided Image Registration (DGIR), leveraging features from pre-trained diffu-
sion models, found to capture semantic correspondences, for image registration.

Fig. 3 shows an overview of our framework. The input (moving image A and
fixed image B) and output (deformation map Φ) of the registration network
fθ are the same as for typical registration networks. DGIR additionally passes
warped and fixed images through a diffusion-based feature extractor g:

g(x) = hn(
√
αtx+

√
1− αtϵ, t) , (3)

where hn is n-th block output of the pre-trained diffusion model h from Eq. (1).
Instead of defining a similarity loss directly between the warped and the

fixed images, we compute it on the diffusion features to promote deep semantic
alignment. Note that these diffusion features are computed on the warped moving
image and the fixed image separately. I.e., for a perfect image alignment these
features would by construction be identical. We use the 1− LNCC loss on the
diffusion features as our similarity loss and spatial gradient penalization [2] of the
displacement field ∥∇(Φ−id)∥2F (where id is the identity map) as regularization:

L = Lsim(g(A◦Φ),g(B))+λLreg(Φ) = 1−LNCC(g(A◦Φ),g(B))+λ∥∇(Φ−id)∥2F ,
(4)
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Fig. 3: Overview of the method. The registration network fθ is trained with
a similarity loss that encourages diffusion features g(A◦Φ) of the warped image
A ◦ Φ to be similar to the diffusion features g(B) of the fixed image B. A
regularization loss is applied to the deformation map Φ for spatial smoothness.
DXA images reproduced by kind permission of the UK Biobank®

3.2 Datasets and Implementation Details

Registration. For all registration networks, we use a multi-step U-Net [13] and
train with Adam and learning rate 1e−4. Models are implemented using PyTorch
and trained on one Nvidia A6000 GPU. We set λ = 1 for all experiments.
Diffusion Models. We use a publicly available unconditional diffusion model
from [9] pre-trained on 256×256×3 RGB images from ImageNet [8]. This model
is a U-Net [32] with 37 blocks (18 Encoder, 1 Middle, and 18 Decoder blocks).
2D experiments. We use knee DXA scans from the UK Biobank [37] and X-
Rays from The Osteoarthritis Initiative (OAI) [27]. Following [7], we resize the
images to 256× 256 and affine aligned them to a random reference image using
the affine layers of [14]. We use 98 DXA scans and 758 X-Rays as a training set
and 25 DXA scans and 100 X-Rays as a test set (2500 test pairs) and manual
segmentations of the 3 major knee bones (femur, tibia, and fibula) for evaluation.
3D experiments. Although the diffusion model is pre-trained on 2D RGB
images, it provides useful signals for volumetric 3D registration. For that, we
randomly select N coronal, or sagittal, or axial slices for both fixed and warped
3D images. Then, we extract diffusion features for these slices and apply the
LNCC loss on them. Throughout the training, this process will cover the en-
tire volume thereby using a 2D feature extractor for 3D registration. We use
3D brain MRIs from Neurite-OASIS [24,18], which consists of 414 3D images
affinely alligned to FreeSurfer Talairach atlas [10] and center-cropped to size
160 × 192 × 224. The dataset comes in two forms: raw (non-brain-extracted)
MRIs and brain-extracted/skull-stripped MRIs. We use 300 images as a training
set, and 114 images as a test set (114 × 113 = 12882 test pairs) and 4 brain
region segmentations (Cortex, White Matter, Gray Matter, CSF) for evaluation.
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LNCC MSE MIND

NGF DeepSim [6] AE[6] + LNCC

VGG[34] + LNCC DINO[4] + LNCC Ours

Fig. 4: 2D results. Pixel-based similarity losses fail to capture true correspon-
dences in the "missing anatomy" scenario. Images on the right show the warped
moving image which should ideally resemble the fixed image. Our method (Dif-
fusion Features + LNCC) performs the best, as quantitatively shown in Tab. 1.
DXA images reproduced by kind permission of the UK Biobank®

4 Multimodal (DXA→X-Ray) 2D Knee Registration

We show registration results in Fig. 4 and report Dice scores of bone segmenta-
tions and percentage of pixels with negative Jacobian for the registration map,
Φ, in Tab. 1. Conventional methods fail in finding appropriate semantic corre-
spondences in the "missing anatomy" setting. They stretch the bones and fill up
the space of soft tissue, which is visible in X-Rays and is missing in DXA scans.

Although other feature extractors (Autoencoder [6], VGG [34], DINO [4]) do
not have this issue, the features from off-the-shelf pretrained diffusion models
show the best performance (Tab. 1). The combination of LNCC with diffusion
features outperforms all other baselines and even the existing state-of-the-art
method Seg-Guided-MMReg [7], which was trained with segmentations.

The off-the-shelf pre-trained diffusion model from [9] uses a U-Net with 37
blocks and T = 1000 noise levels (timesteps). We ablated outputs of which block
and what timestep to use to guide a registration network in Fig. 5. In Fig. 5a we
fix the timestep at t = 60 and measure the average Dice scores for the networks
guided with different diffusion blocks. Mid-resolution blocks (8-11 and 29-32)
perform better compared to others and decoder blocks are slightly better than
encoder blocks. In Fig. 5b, we fix the block number n = 29 and measure the
average Dice scores for the networks guided with different noise timesteps. The
best performance is observed when we add small-to-medium (t ∈ [10; 150]) noise.
Test dice scores for our method reported in Tab. 1 are based on the model with
best parameters (timestep t = 50, block n = 29) on small validation set.
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Table 1: Quantitative 2D knee registration results. Dice scores of multi-
modal registration with missing anatomy between DXA scans and X-Rays.
Method Femur Tibia Fibula Average %|J|

LNCC [2] 0.8209 0.8300 0.7323 0.7944 0.00%
MSE [2] 0.6267 0.6938 0.4733 0.5980 0.00%
MIND [16] 0.9267 0.9407 0.8236 0.8970 0.00%
NGF [15] 0.8162 0.8350 0.4724 0.7079 0.00%
DeepSim [6] 0.6808 0.6452 0.0868 0.4709 0.00%
AE [6] + LNCC 0.9423 0.9490 0.7582 0.8832 0.00%
VGG [34] + LNCC 0.9446 0.9368 0.7207 0.8674 0.00%
DINO [4] + LNCC 0.9621 0.9584 0.8603 0.9269 0.00%
Diffusion + LNCC(Ours) 0.9804 0.9739 0.9291 0.9611 0.00%

Seg-Guided-MMReg [7] 0.9701 0.9684 0.8882 0.9422 0.00%

(a) Mid-resolution features are the best
to guide registration. Decoder features
are slightly better than encoder ones.

(b) Adding small-to-medium noise be-
fore passing an image to a pretrained
diffusion model works best.

Fig. 5: Block number and Noise timestep ablations on 2D knee dataset.

5 3D brain registration

We leverage representations from 2D diffusion to guide 3D registration with
missing anatomy (for brain MRIs: e.g., skull, neck). We fix timestep t = 50
and n = 11 block, which is comparable to the corresponding decoder block (see
Fig. 5a), while significantly saves time and memory, essential for 3D registrations.

Our goal is not to push the State-Of-The-Art (SOTA) in specific registration
but rather to investigate the broader utility of our loss function in a general con-
text. We compare to two networks trained with 3D LNCC [2]: Brain-Extracted
moving to Non-Brain-Extracted fixed images (BE→NBE) and Brain-Extracted
moving to Brain-Extracted fixed images (BE→BE) We also compare to foun-
dational registration method, UniGradICON [40], which was trained on diverse
and extensive collection of medical images with LNCC similairty. Our network
is Brain-Extracted moving to Non-Brain-Extracted fixed images (BE→NBE)
trained with diffusion guidance (see Eq. (1) and Fig. 3 in Section 3.1).
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Table 2: 3D results. Our approach performs on par with the LNCC loss when
moving and fixed images share anatomies and foundationl UniGradICON, while
it performs significantly better when one of the images has missing anatomy.

Method Dice Score
BE→NBE test

%|J|
BE→NBE test

Dice Score
BE→BE test

%|J|
BE→BE test

LNCC [2] (Tr.:BE→BE) 0.6325 1.411% 0.8156 0.020%
LNCC [2] (Tr.:BE→NBE) 0.5841 0.806% 0.6983 0.073%
Ours (Tr.:BE→NBE) 0.8111 0.633% 0.8079 0.268%

UniGradICON [40] 0.5326 0.002% 0.8380 0.001%

Moving
Image

Fixed
image

LNCC [2]
Tr.: BE→BE

LNCC [2]
Tr.: BE→NBE

Ours
Tr.: BE→NBE

UniGradICON
[40]

T
es

t:
B

E
→

B
E

T
es

t:
B

E
→

N
B

E

Fig. 6: 3D registration. Pixel-based similarity (LNCC) methods andfounda-
tional UniGradICON model fail to capture true correspondences in the "missing
anatomy" test scenario (BE→NBE), stretching the brain to the space of skull
and neck. Our method reliably performs desired alignment in both scenarios.

As we see in Tab. 2 and Fig. 6, both LNCC [2] networks and foundational Uni-
GradICON [40] fail to capture semantically meaningful correspondences and rely
on edges with strong contrast, stretching the gray matter to the skull and neck
region, while our method learns semantically meaningful alignment. It signifi-
cantly outperforms other methods in the test BE→NBE scenario and performs
on par in the standard BE→BE test scenario with foundational UniGradICON
and an LNCC network that was specifically trained for this scenario.

6 Conclusion

In this work, we presented Diffusion-Guided Image Registration (DGIR), a method
inspired by the observation that pre-trained diffusion models trained solely for
image generation have the emergent capability of finding semantic correspon-
dences even in medical images. We show that diffusion-guided image registration
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is useful in challenging scenarios of missing anatomy (monomodal and multi-
modal), where deep semantic understanding is required to find same anatomies
and perform accurate registration. A potential future work might be to train a
large-scale volumetric diffusion model on multiple diverse datasets and see what
emergent properties these models have.
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