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• Motivation + Challenges: large deformation, multi-modality (Learn2Reg) 
• Basic principles: of DL registration in medical imaging  
• Advances / Pitfalls I: differentiable resampling and instance optimisation 
• Advances / Pitfalls II: synthetic supervision and label bias 
• Advances / Pitfalls III: feature pyramids and two-stream architecture 
• Probabilistic Graph Networks : discretise displacements / non-local 

loss, geometric networks using keypoints 
• Conclusions 

disclaimer: opinions based on personal experience 
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Measuring Temporal Change in Medical Images with Registration  

5.3 Statistics with ANTs and R: ANTsR 35
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Figure 21: The output from the ANTs morphometry example.

Jacobian for individual measured
with respect to this template

Jacobian for template measured
with respect to this individual

Figure 22: The Jacobian: Note that the bright values in the template image ventricles (left) indicate that the ventricles
are relatively larger in the subject image. Similarly, the dark jacobian values in the individual image show that the
template has smaller ventricles. This example is described on the large deformation page Large Def. Once one gains
the Jacobian (or more appropriately, the log-Jacobian), then one may compute statistics across the population.

Determinant of Jacobi Matrix  
second order gradients of deformation field = volume change 
(brain atrophy in Alzheimer’s disease, AD)

Temporal change of hippocampus in MRI scans is relevant 
biomarkers for AD detection "average reduction compared to age-
adjusted population is 12% hippocampus in MCI, and 24% in AD".* 
→ segmentation of hippocampus (and its sub-parts) e.g. using U-Net 
→ determination of exact change over time using deformable 
image registration: subvoxel accurate and more robust and 
sensitive for small changes 

Neurodegenerative disease analysis with 
deformable longitudinal registration
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Calculate local lung ventilation  by volume/intensity 
change of tissue after inhale/exhale registration

Heinrich et al.: “MRF-based 
Registration and Ventilation 
Estimation of Lung CT” IEEE 
Trans Medical Imaging 2013
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Combining multimodal information and modelling shape

overlay of inter-operative US over 
pre-treatment MR planning scan

ultrasound intensities

M
R 
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es

ultrasound-MR fusion 
for guided brain tumour 

surgery (MNI McGill)

→ combine complementary strength of 
modalities for image-guided interventions 

deformable 
registration 

between atlas 
and test scan

transformation of expert 
segmentation to new scan

atlas with expert segmentation

registration can implicitly use medical prior knowledge of 
 shape, spatial relations and appearance  
by employing manually segmented atlases

new test scan (abdominal CT)
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How much can medical 3D registration benefit from learning?

multimodal registration 
large misalignment 
CuRIOUS 2019 US-MRI 
registration challenge  

difficulties for deep learning registration 
1) noisy, limited or ambiguous labels 
2) not one best network architecture established 
3) compromise between generalisation, plausibility of 

transformations, accuracy and time has to be found  
➞ learning from small datasets 
➞ estimating large deformations 
➞ dealing with multi-modal scans / contrast variations 

Y Xiao, et al.: Evaluation of MRI to 
ultrasound registration methods 
for brain shift TMI 2019

comprehensive and fair evaluation criteria 
- accurately and robustly transferring anatomical annotations / landmarks 
- plausibility of deformations measured as transformation complexity (the 

standard deviation of the local Jacobian determinant).  
- computation time: due to differences in hardware, all steps of the employed 

pipeline are measured by running algorithms on the same CPU / 
- Nvidia GPU backends (not a strict requirement for participants).

A Hering, et al. Learn2Reg 
Challenge: CT Lung Registration 
- Training Data 

 2020 

Z Xu, et al.: Evaluation of Six 
Registration Methods for 
Abdomen CT TBME 2016

inter-patient registration 
large misalignment  
Beyond the Cranial Vault 
MICCAI challenge

intra-patient lung 
motion inhale - exhale 
relevant e.g. for COPD

4 clinically relevant sub-tasks (datasets) complementary in nature and cover both intra- and inter-
patient alignment, CT, ultrasound and MRI modalities, neuro-, thorax and abdominal anatomies

AL Simpson, et al: "A large 
annotated medical image 
dataset for the development and 
evaluation of segmentation 
algorithms" arXiv:1902.09063. 

large number of scans 
subtle differences 
Hippocampus MRI 
Medical Decathlon 

learn2reg.grand-challenge.org

http://doi.org/10.5281/zenodo.3835682
http://doi.org/10.5281/zenodo.3835682
http://doi.org/10.5281/zenodo.3835682
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Medical 3D Registration has yet to benefit from Deep Learning

�7

multimodal registration 
large misalignment 
CuRIOUS 2019 US-MRI 
registration challenge  

difficulties for deep learning registration 
1) attempting to train U-Net for  features + 

optimisation often fails for large deformations 
2) incorporating discrete displacement search is 

memory intensive and backpropagation unfriendly 

Y Xiao, et al.: Evaluation of MRI to 
ultrasound registration methods 
for brain shift TMI 2019

categorisation of methods: iterative (conventional), discrete (conventional) and deep learning 
➞ clear advantage for discrete conventional methods, large gap for learning approaches 

TRE (smaller is better)

7 5 4 2 0%

initial

Dice overlap (higher is better)

15% 24% 33% 41% 50%

voxelmorphinitial

TRE (smaller is better)

6 5 3 2 0%

voxelmorph initial = 15.9 R Castillo, et al.: reference 
dataset registration spatial 
accuracy evaluation using 
COPDgene. Phys Med Biol 2013

Z Xu, et al.: Evaluation of Six 
Registration Methods for 
Abdomen CT TBME 2016

inter-patient registration 
large misalignment  
Beyond the Cranial Vault 
MICCAI challenge

intra-patient lung 
motion inhale - exhale 
DIRLAB 4DCT + COPD

3) recurrent DL registration suffers from 
vanishing gradients and might be slow

(MICCAI 2020): learn2reg.grand-challenge.org 

http://learn2reg.grand-challenge.org
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Basic Principles
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Conventional Image Registration Iteratively Optimises Joint Cost

E(φ) = D(F, M ∘ φ) + λR(φ) → min

fixed 
(F)

moving (M)

deformation  

φIterative 
Alignment

Grundlagen Methoden Experimente & Ergebnisse Zusammenfassung

Parametervariation (L = ↵ · D + � · B + � · S)

(a) T � R (b) T (u)�R,� = 0 (c) T (u)�R,↵ = 0 (d) T (u)� R

(e) RS

DDice = 64,0%

(f) TS (u),� = 0

DDice = 81,8%

(g) TS (u),↵ = 0

DDice = 89,2%

(h) TS (u)

DDice = 93,0%

Sven Kuckertz Lernen nichtlinearer Bildregistrierung mit neuronalen Faltungsnetzwerken 12. Dezember 2018 21/23

fixed - moving fixed - warped (M∘φ)

given a pair of images: fixed (F) and moving (M) 
1. we aim to find the best a (nonlinear) transformation φ 
2. that maximises similarity (minimises dissimilarity D) and 
3. penalises unrealistic deformations (minimise regularisation R) 

- image registration is inherently ill-posed (many plausible solutions) and there is 
usually no complete ground truth 

- many approaches are iterative and use multiple scales/resolutions  
- advanced methods with 2nd order gradient descent or discrete optimisation

even very efficient 3D medical registration tools require 30-60 secs. per registration 

- similarity metric between fixed and moving image 
after we applied (nonlinear) transformation φ 

- mean-squared-error (MSE) is used for same modality 
- multi-modal fusion and improved edge alignment: 

MIND, NGF, Mutual Information 

- diffusion regularisation (DR) is employed to 
penalise implausible transformations  

- nonlinear displacement field φ can contain 
irregularities (folding of image content) 

- Sx and Sy are x- and y-part of relative displacement 
field, DR penalises the square of their gradients:

R = λ ( δSx

δx )
2

+ λ (
δSy

δy )
2

- finite differences: subtract pixels shifted by one
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Principle of Learning an Optimisation CNN for Registration

deformation  

φlearned 
CNN model

train 
CNN model

warped 
M∘φ

fixed after training

- deep learning registration aims to replace 
iterative steps with convolution layers  

- time-consuming training for CNN model 
- very fast in inference (new data) ➞ msec. 
- generalise well when trained with large datasets 
- can be improved with expert labels (supervision) 
- only work for image domain it was trained for 

conventional methods work robustly across 
variety of tasks (depending on suitable cost functions, 
multi-level schemes + optimisation) 

26 3 Material und Methoden

Abb. 3.4: Übersicht unseres Trainingsablaufs. Das Netzwerk (CNN) erhält ein Paar aus Referenz-
und Templatebild (R beziehungsweise T ) als Eingabe und gibt drei Deformationsfelder
unterschiedlicher Auflösungen aus. Der Übersicht halber wird hier nur eine statt drei Auflö-
sungsstufen als Ausgabe dargestellt. Das Deformationsfeld u wird mittels eines Resamplers
auf das Templatebild und die zugehörige Segmentierung angewandt. Der Loss setzt sich
aus der Bilddistanz zwischen R und T (u), der Regularisierung von u und der Labeldistanz
zwischen der transformierten und der Referenzsegmentierung zusammen. Mittels Backpro-
pagation werden die Parameter des Netzwerks verändert, sodass der Loss minimiert wird.
Für den nach dem Training anschließenden Test an ungesehenen Bildpaaren wird nur der
rot gekennzeichnete Teil des Schemas benötigt.

Fixed Image/
Features

Moving 
Image/

grid_sample

warped moving 
image

label distance

joint loss

image distance

regularisation

grid_sample

deformation 
field

fixed scan 
segmentation

moving scan 
segmentation

warped moving 
segmentation

self-supervision

weak-supervision

figure adapted from S Kuckertz, A Hering, MP Heinrich: "Enhancing Label-
Driven Deep Deformable Image Registration .." BVM 2019

green blocks (and expert labels) are only necessary during training, 
red blocks remain fixed for inference 
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Advances / Pitfalls I:  
differentiable resampling and instance optimisation 
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Gradients of displacements by differentiable sampling and metric

- calculating (dis)-similarity metric requires off-grid 
interpolation of  transformed moving scan  

- used as loss in deep network, we need gradient with 
respect to each element of deformation field Sx, Sy 

- grid_sample uses bilinear interpolation for 2D images 
(by default) 

output of individual element (off-grid) 
 depends on 4 input grid points  

→ bilinear interpolation has gradient

Figure 1: Visual comparison of fully-convolutional multi-scale architectures (left) with our new
OBELISK method (right, blue). Instead of having multiple small convolution layers that have to
be carefully designed in scale (dilation) and size, we propose to use one extremely large sparse
kernel followed by only channel-wise 1⇥ 1 convolutions. Thereby, the output of each voxel can be
computed independently and much fewer parameters are required, while all parameters are shared
across sampling locations (translational invariance). The spatial offsets of this kernel are continuously
defined and end-to-end trainable.

consider the continuous valued filter offsets Sx 2 R5⇥5 and Sy 2 R5⇥5. To obtain the convolution
output for inputs on a discrete grid, we need to perform bilinear interpolation:

F (x, y) =
X

i

X

j

W (i, j) · (w1I(bx+ Sx(i, j)c, by + Sy(i, j)c) + w2I(dx+ Sx(i, j)e,

by + Sy(i, j)c) + w3I(bx+ Sx(i, j)c, dy + Sy(i, j)e) + w4I(dx+ Sx(i, j)e, dy + Sy(i, j)e))
(2)

with the following bilinear coefficients w1, . . . , w4:

w1 =(bx+ Sx(i, j) + 1c � (x+ Sx(i, j))) (by + Sy(i, j) + 1c � (y + Sy(i, j)))

w2 =(x+ Sx(i, j)� bx+ Sx(i, j)c) (by + Sy(i, j) + 1c � (y + Sy(i, j)))

w3 =(bx+ Sx(i, j) + 1c � (x+ Sx(i, j))) (y + Sy(i, j)� by + Sy(i, j)c)
w4 =(x+ Sx(i, j)� bx+ Sx(i, j)c) (y + Sy(i, j)� by + Sy(i, j)c)

(3)

Again all operations (multiplications, min/max for floor/ceil, and additions) are differentiable, we
can therefore obtain the derivatives with respect to the filter coefficients W , their spatial offsets
Sx, Sy and the input if necessary. We employ our approach mainly for 3D applications, the exten-
sions of Equations 2 and 3 to trilinear interpolation using 8 positions and interpolation weights is
straightforward.

2.1 Implementation details

The spatial offsets Sx, Sy, Sz are initialised with normally distributed random numbers and zero
mean just as their coefficients are. Fig. 2 (left) shows an example of the spatial distribution of filter
offsets. Similar to previous work (e.g. [26]), we empirically found that for very large receptive fields
a sufficient throughput of local information is necessary. Therefore, smaller values for the standard
deviation � of the normal distribution are preferable. We used � = 0.05 when the image coordinates
range from -1 to +1, but � = 0.02 � �� = 0.1 have almost identical results. The network will
automatically learn to increase the receptive field if necessary to as much as half of the image domain.

Network architectures: Since, we rely on only this single spatial convolution filter it requires as
many as 1024 spatial 3D offset elements. We additionally found it beneficial to pair two offsets
for the next layer and subtracting their values, which further double this number. While this may
seem large, please note, that a standard 3 ⇥ 3 ⇥ 3 kernel for 64 channels has already more input
features. The OBELSIK layer is followed by a small number of 1⇥ 1 convolutions to learn complex
spatial patterns from the data for dense prediction tasks. That means it is necessary to learn 6⇥ 1024
spatial offsets and 1024 coefficients for each subsequent feature channel. To reduce the number of
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bilinear interpolation coefficients depend on Sx, Sy

warped (M∘φ) deformation (φ)

floor/ceil are differentiable function 
➞ we can back propagate through grid sampling

Figure 1: Visual comparison of fully-convolutional multi-scale architectures (left) with our new
OBELISK method (right, blue). Instead of having multiple small convolution layers that have to
be carefully designed in scale (dilation) and size, we propose to use one extremely large sparse
kernel followed by only channel-wise 1⇥ 1 convolutions. Thereby, the output of each voxel can be
computed independently and much fewer parameters are required, while all parameters are shared
across sampling locations (translational invariance). The spatial offsets of this kernel are continuously
defined and end-to-end trainable.

consider the continuous valued filter offsets Sx 2 R5⇥5 and Sy 2 R5⇥5. To obtain the convolution
output for inputs on a discrete grid, we need to perform bilinear interpolation:

F (x, y) =
X

i

X

j

W (i, j) · (w1I(bx+ Sx(i, j)c, by + Sy(i, j)c) + w2I(dx+ Sx(i, j)e,

by + Sy(i, j)c) + w3I(bx+ Sx(i, j)c, dy + Sy(i, j)e) + w4I(dx+ Sx(i, j)e, dy + Sy(i, j)e))
(2)

with the following bilinear coefficients w1, . . . , w4:

w1 =(bx+ Sx(i, j) + 1c � (x+ Sx(i, j))) (by + Sy(i, j) + 1c � (y + Sy(i, j)))

w2 =(x+ Sx(i, j)� bx+ Sx(i, j)c) (by + Sy(i, j) + 1c � (y + Sy(i, j)))

w3 =(bx+ Sx(i, j) + 1c � (x+ Sx(i, j))) (y + Sy(i, j)� by + Sy(i, j)c)
w4 =(x+ Sx(i, j)� bx+ Sx(i, j)c) (y + Sy(i, j)� by + Sy(i, j)c)

(3)

Again all operations (multiplications, min/max for floor/ceil, and additions) are differentiable, we
can therefore obtain the derivatives with respect to the filter coefficients W , their spatial offsets
Sx, Sy and the input if necessary. We employ our approach mainly for 3D applications, the exten-
sions of Equations 2 and 3 to trilinear interpolation using 8 positions and interpolation weights is
straightforward.

2.1 Implementation details

The spatial offsets Sx, Sy, Sz are initialised with normally distributed random numbers and zero
mean just as their coefficients are. Fig. 2 (left) shows an example of the spatial distribution of filter
offsets. Similar to previous work (e.g. [26]), we empirically found that for very large receptive fields
a sufficient throughput of local information is necessary. Therefore, smaller values for the standard
deviation � of the normal distribution are preferable. We used � = 0.05 when the image coordinates
range from -1 to +1, but � = 0.02 � �� = 0.1 have almost identical results. The network will
automatically learn to increase the receptive field if necessary to as much as half of the image domain.

Network architectures: Since, we rely on only this single spatial convolution filter it requires as
many as 1024 spatial 3D offset elements. We additionally found it beneficial to pair two offsets
for the next layer and subtracting their values, which further double this number. While this may
seem large, please note, that a standard 3 ⇥ 3 ⇥ 3 kernel for 64 channels has already more input
features. The OBELSIK layer is followed by a small number of 1⇥ 1 convolutions to learn complex
spatial patterns from the data for dense prediction tasks. That means it is necessary to learn 6⇥ 1024
spatial offsets and 1024 coefficients for each subsequent feature channel. To reduce the number of
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N. Papenberg, et al.: "Highly Accurate 
Optic Flow .. with Theoretically Justified 
Warping" IJCV 2006

- conventional registration methods first linearise the cost 
function and then apply iterative warping steps 

- it can be theoretically shown that solving the functional 
directly using interpolation is equivalent  

M Jaderberg, K Simonyan, A Zisserman: 
"Spatial transformer networks". NIPS 2015

popularised in deep learning by Jaderberg’s Spatial Transformer Networks 
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DL-Toolbox for Registration w/o Learning and Linearised Multi-Sampling

Linearized Multi-Sampling for Differentiable Image Transformation

Wei Jiang1 Weiwei Sun1 Andrea Tagliasacchi1,2 Eduard Trulls2 Kwang Moo Yi1

1Visual Computing Group, University of Victoria 2Google Research

{jiangwei, weiweisun, kyi}@uvic.ca, {taglia, trulls}@google.com

Figure 1: Image alignment example - We iteratively find the image transformation parameters that produce the downsampled target

image when applied to the source image using different sampling strategies. We visualize the transformed source image at convergence

when using bilinear sampling and the proposed linearized sampling. We further display the optimization path – iterations – for each

method. The proposed linearized sampling provides improved gradients, leading to better convergence.

Abstract

We propose a novel image sampling method for differen-

tiable image transformation in deep neural networks. The

sampling schemes currently used in deep learning, such as

Spatial Transformer Networks, rely on bilinear interpola-

tion, which performs poorly under severe scale changes,

and more importantly, results in poor gradient propagation.

This is due to their strict reliance on direct neighbors. In-

stead, we propose to generate random auxiliary samples in

the vicinity of each pixel in the sampled image, and create

a linear approximation with their intensity values. We then

use this approximation as a differentiable formula for the

transformed image.

We demonstrate that our approach produces more rep-

resentative gradients with a wider basin of convergence

for image alignment, which leads to considerable perfor-

mance improvements when training networks for classifica-

tion tasks. This is not only true under large downsampling,

but also when there are no scale changes. We compare our

approach with multi-scale sampling and show that we out-

perform it. We then demonstrate that our improvements to

the sampler are compatible with other tangential improve-

ments to Spatial Transformer Networks and that it further

improves their performance. 1

1 Code and models are available at https://github.com/

vcg-uvic/linearized_multisampling_release.

1. Introduction

The seminal work of [17] introduced Spatial Trans-
former Networks (STN), a differentiable component that
allows for spatial manipulation of image data by deep net-
works. It has since become commonplace to include atten-
tion mechanisms in deep architectures in the form of im-
age transformation operations. STNs have been applied to
object detection [10], segmentation [15, 24], dense image
captioning [19], local correspondence for image classifica-
tion [1], local features [38, 28, 27], and as a tool for local
hard attention [21]. Regardless of application and architec-
ture, all of these methods rely on bilinear interpolation.

A major drawback of bilinear interpolation is that it is ex-

tremely local – it considers only the four closest pixel neigh-
bors of the query. As this sampling does not account for the
magnitude of the applied transformation, the performance
of networks that rely on it degrades when scale changes are
severe, as for example shown in Fig. 1. This shortcoming of
the differentiable sampler was already hinted at in the orig-
inal STN paper [17], but never fully investigated. Note that
this is a problem in practice, as applications that leverage
attention mechanisms often transform the image to a reso-
lution much lower than the original [37, 28, 15]. Further-
more, STNs are typically used as pre-alignment networks
for classification [17, 23]. The inability of the bilinear sam-
pler in the STN to cope with large downsampling results in
increased capacity requirements for the classification net-

12988

W Jiang, et al.: "Linearized Multi-Sampling for 
Differentiable Image Transformation" ICCV 2019

bilinear sampling produces very sparse and noisy gradients (only 4 pixels involved) 
transformed source image is shown at convergence (right): optimisation path (iterations) show: ➞ 
linearised sampling provides improved gradients and leads to better convergence

Random samples generation Bilinear sampling Linearization

Figure 3: Linearized multi-sampling – For each pixel that we query, we generate a set of random auxiliary samples, whose intensities

we extract through bilinear sampling. We then process these intensities to create a linear approximation, which we use as the differentiable

representation for the intensity of the queried pixel.

are linearizing at the transformed coordinate Tθ (xi), thus
treating everything except for Tθ (x) as a constant. There-

fore, Ai in Eq. (2) corresponds to the gradient of Î (x) with
respect to x.

To obtain Ai we first sample multiple points near the
desired sample points xi and find a least-square fit for the
sample results. Specifically, we take K samples

xk
i ∼ N (xi,σ) , ∀k ∈ {1, 2, ...,K} , (3)

where N (µ,σ) denotes a Gaussian distribution centered at
µ with standard deviation σ, and x0

i = xi. In our experi-
ments we set σ to match the pixel width and height of the
sample output. Note that by using Gaussian noise, we are
effectively assuming a Gaussian point-spread function for
each pixel when sampling.

We then obtain Ai by least-squares fitting. If we simplify
the notation for Ĩ

(

Tθ

(

xk
i

))

as Ĩki , and for Tθ

(

xk
i

)

as x̃k
i ,

where x̃k
i =

[

ũk
i , ṽ

k
i

]

, we form two data matrices Yi and
Xi, where

Yi = XiAi, (4)

Yi =
[

Ĩ1i − Ĩ0i Ĩ2i − Ĩ0i · · · ĨK−1

i
− Ĩ0i

]⊤
, (5)

Xi =

⎡

⎣

ũ1
i − ũ0

i ũ2
i − ũ0

i ũK−1

i
− ũ0

i

ṽ1i − ṽ0i ṽ2i − ṽ0i · · · ṽK−1

i
− ṽ0i

1 1 1

⎤

⎦

⊤

, (6)

and then solve for A in a least square sense with Tikhonov
regularization for numerical stability

Ai =
(

X⊤
i Xi + ϵE

)−1
X⊤

i Yi, (7)

where E is the 3× 3 identity matrix, and ϵ a small scalar.

Multi-scale sampling An alternative approach would be
to use multi-scale alignment with auxiliary samples dis-
tributed over pre-defined grids at varying levels of coarse-
ness. This can scale up as much as desired – potentially up

Figure 4: Sample collapse prevention – During an upsampling

operation, the auxiliary samples (left) could fall onto a single pixel

of the sampled image once the transformation is applied (middle).

To prevent sample collapse, we apply additional noise to the trans-

formed auxiliary sample locations (right).

to using the entire image as a neighborhood for each pixel –
but the increase in computational cost is linear with respect
to the number of auxiliary samples. Random selection al-
lows us to capture both local and contextual structure in an
efficient manner.

5. Sample collapse prevention

While Eq. (7) is straightforward to compute, we need to
take special care that the random samples do not collapse
into a single pixel. This can happen when the transforma-
tion is zooming into a specific region; see Fig. 4 (middle).
If this happens, the data matrix Xi generated from coor-
dinate differences of transformed auxiliary samples will be
composed of very small numbers, and the data matrix Yi,
generated from difference in intensities, may also become
zero. This leads to exploding gradients. To avoid them,
we perturb the auxiliary samples after the transformation;
see Fig. 4 (right). Denoting the modified coordinates for
the k-th auxiliary sample for pixel i with ũk

i and ṽki , for
k ∈ {1, 2, ...,K}, we then apply

ũk
i ← ũk

i +N (0, δu) , (8)

ṽki ← ṽki +N (0, δv) , (9)
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Linearised multi-sampling generates a set of random auxiliary samples for each pixel (computing intensities 
by bilinear interpolation) and fits a 3D plane using least squares (to robustly estimate slope) 

Random samples generation Bilinear sampling Linearization

Figure 3: Linearized multi-sampling – For each pixel that we query, we generate a set of random auxiliary samples, whose intensities

we extract through bilinear sampling. We then process these intensities to create a linear approximation, which we use as the differentiable

representation for the intensity of the queried pixel.

are linearizing at the transformed coordinate Tθ (xi), thus
treating everything except for Tθ (x) as a constant. There-

fore, Ai in Eq. (2) corresponds to the gradient of Î (x) with
respect to x.

To obtain Ai we first sample multiple points near the
desired sample points xi and find a least-square fit for the
sample results. Specifically, we take K samples

xk
i ∼ N (xi,σ) , ∀k ∈ {1, 2, ...,K} , (3)

where N (µ,σ) denotes a Gaussian distribution centered at
µ with standard deviation σ, and x0

i = xi. In our experi-
ments we set σ to match the pixel width and height of the
sample output. Note that by using Gaussian noise, we are
effectively assuming a Gaussian point-spread function for
each pixel when sampling.

We then obtain Ai by least-squares fitting. If we simplify
the notation for Ĩ

(

Tθ

(

xk
i

))

as Ĩki , and for Tθ

(

xk
i

)

as x̃k
i ,

where x̃k
i =

[

ũk
i , ṽ

k
i

]

, we form two data matrices Yi and
Xi, where

Yi = XiAi, (4)

Yi =
[

Ĩ1i − Ĩ0i Ĩ2i − Ĩ0i · · · ĨK−1

i
− Ĩ0i

]⊤
, (5)

Xi =

⎡

⎣

ũ1
i − ũ0

i ũ2
i − ũ0

i ũK−1

i
− ũ0

i

ṽ1i − ṽ0i ṽ2i − ṽ0i · · · ṽK−1

i
− ṽ0i

1 1 1

⎤

⎦

⊤

, (6)

and then solve for A in a least square sense with Tikhonov
regularization for numerical stability

Ai =
(

X⊤
i Xi + ϵE

)−1
X⊤

i Yi, (7)

where E is the 3× 3 identity matrix, and ϵ a small scalar.

Multi-scale sampling An alternative approach would be
to use multi-scale alignment with auxiliary samples dis-
tributed over pre-defined grids at varying levels of coarse-
ness. This can scale up as much as desired – potentially up

Figure 4: Sample collapse prevention – During an upsampling

operation, the auxiliary samples (left) could fall onto a single pixel

of the sampled image once the transformation is applied (middle).

To prevent sample collapse, we apply additional noise to the trans-

formed auxiliary sample locations (right).

to using the entire image as a neighborhood for each pixel –
but the increase in computational cost is linear with respect
to the number of auxiliary samples. Random selection al-
lows us to capture both local and contextual structure in an
efficient manner.

5. Sample collapse prevention

While Eq. (7) is straightforward to compute, we need to
take special care that the random samples do not collapse
into a single pixel. This can happen when the transforma-
tion is zooming into a specific region; see Fig. 4 (middle).
If this happens, the data matrix Xi generated from coor-
dinate differences of transformed auxiliary samples will be
composed of very small numbers, and the data matrix Yi,
generated from difference in intensities, may also become
zero. This leads to exploding gradients. To avoid them,
we perturb the auxiliary samples after the transformation;
see Fig. 4 (right). Denoting the modified coordinates for
the k-th auxiliary sample for pixel i with ũk

i and ṽki , for
k ∈ {1, 2, ...,K}, we then apply

ũk
i ← ũk

i +N (0, δu) , (8)

ṽki ← ṽki +N (0, δv) , (9)

2991

Xi   coordinates 2D+1 around centre 8x3 
Yi   differences of intensities at sample points 8x1 
E  identity matrix (Tikhonov reg.) 3x3 
➞ Ai local gradient of sampled intensity w.r.t. x 

R Sandkuehler, et al: "AirLab: 
Autograd Image Registration 
Laboratory". arXiv 2018

AIRLAB (autograd image 
registration lab) 

 https://github.com/airlab-
unibas/airlab 
provides comprehensive pytorch 
implementation of 
conventional registration 
algorithms 
➞ GPU speed and ease of 
implementation 
➞ differentiable grid_sample 
enables optimisation of arbitrary 

https://github.com/airlab-unibas/airlab
https://github.com/airlab-unibas/airlab
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Instance optimisation: use Adam for continuous displacements 

For this purpose a continuous 3D B-spline transformation model is con-

sidered and optimised for an improved '
⇤
:= (x + �x

⇤
, y + �y

⇤
, z + �z

⇤
)

per instance (test registration pair) using Adam. We start with the feed-

forward predicted discrete cost tensor C 2 H ⇥ W ⇥ D ⇥ 15 ⇥ 15 ⇥ 3,

where the last dimensions describes the three sub-planes (2.5D) of a full

3D displacement search region. We minimise the following loss function:

Linstance = Lxy + Lxz + Lyz + Ldi↵.-reg. For each sub-dimension we define

Lxy = C(x, y, z,�x
⇤
,�y

⇤
, 0), where di↵erentiable bilinear sampling is used

for �x
⇤
,�y

⇤
. We, thus iteratively update the deformation and optimise a

related cost function (the sum over the three 2D displacement metric values

and a di↵usion regularisation) in a continuous manner.

C 2 H ⇥W ⇥ D ⇥ 15⇥ 15⇥ 3

'
⇤
:= (x+�x

⇤
, y +�y

⇤
, z +�z

⇤
)

Linstance = Lxy + Lxz + Lyz + Ldi↵.-reg

Lxy = C(x, y, z,�x
⇤
,�y

⇤
, 0)

Instead to directly employing a warping loss as done [2] in and most

related DLIR methods, we make full use of the 2.5D probabilistic predic-

tion and compute the warped MIND vectors of the moving scan implicitly

by a weighted average of the underlying features within the search region

(averaged again for the three orthogonal probability maps): MINDwarped =
1
3MINDxy +

1
3MINDxz +

1
3MINDyz. Here the probabilistic displacements are

defined as Pxy(x, y, z,�x
0
,�y

0
) =

exp(�↵C(x,y,z,�x0,�y0))P
�x0,�y0 exp(�↵C(x,y,z,�x0,�y0)) and the dis-

cretely warped MIND features (here single channel for brevity) as: MINDxy =P
�x0,�y0 Pxy(x, y, z,�x

0
,�y

0
)·MIND(x+�x

0
, y+�y

0
, z), where �x

0
,�y

0
are

local coordinates.

1

Key elements of instance optimisation: 
1) softargmax for initialisation (requires discrete cost tensor) 
2) sample continuous displacement on pre-
computed cost tensors 
3) 30-50 iterations of Adam with regularised energy 

pre-computed 6D cost tensors

fine-tuned continuous displacement 𝜑* 
 (initialised with softargmax)

joint energy functional  
displacement cost + diffusion regularisation

CRF smoothing (single forward path of regularisation 
network) = equivalent to patch similarity and 
tricubic differentiable sampling (see later slides) 
➞ more stable gradient than trilinear cf. STN & AirLab)

W Jiang, et al. "Linearized multi-sampling for 
differentiable image transformation." CVPR 2019

within 1 iteration: 
each spatial grid point 
samples one value 
from 3D cost maps  
➞ vector gradient   

Sandkühler, R. et al. "AirLab: autograd image 
registration laboratory." arXiv 1806.09907 2018

𝒞 ∈ H × W × D × 15 × 15 × 15

Linstance = 𝒞(x, y, z, Δx*, Δy*, Δz*)
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Benefits of instance optimisation on pre-computed cost tensors

voxelmorph w/o inst.opt.

NiftyReg

unsupervised (w/o discrete)

unsupervised (w/o init)

unsupervised

label-supervised

deeds (multiresolution)

Task03 Abdomen validation accuracy
25% 30% 35% 40% 45% 50%

Average Dice Task03 Abdomen validation after 1st and 2nd warp 
compared to Voxelmorph and  
conventional tools NiftyReg + deeds 
➞ only 2% lower overlap without label supervision 
➞ initialisation of discrete optimum after CRF negligible (w/o init) 
➞ using only continuous optimisation without smoothing of discrete 
displacement dimensions we outperform NiftyReg by 5% points 

very fast ~0.2sec since feature extraction is only performed once
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Fig. 6: Example deformation fields � (columns 4-5) extracted
by registering the moving image (column 1) to the fixed image
(column 2) in the unsupervised experiment (Section V-B) . The
warped volume m �� is shown in column 3. Displacement in
each spatial dimension is mapped to each of the RGB color
channels in column 4. The deformation fields produced by
VoxelMorph (MSE) are smooth within the brain, even when
registering significantly different moving and fixed images.

different � regularization parameters. We then select the
network that optimizes Dice score on our validation set, and
report results on our test set.

Table I presents average Dice scores computed for all
subjects and structures for baselines of only global affine
alignment, ANTs, and NiftyReg, as well as VoxelMorph with
different losses. VoxelMorph variants perform comparably to
ANTs and NiftyReg in terms of Dice5, and are significantly
better than affine alignment. Example visual results of the
warped images from our algorithms are shown in Figs. 4 and 6.
VoxelMorph is able to handle significant shape changes for

5Both VoxelMorph variants are different from ANTs with paired t-test p-
values of 0.003 and 0.008 and with slightly higher Dice values. There is no
difference between VoxelMorph (CC) and NiftyReg (p-value of 0.21), and
no significant difference between VoxelMorph (CC) and VoxelMorph (MSE)
(p-value of 0.09)
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Fig. 7: Dice score of validation data for VoxelMorph with
varied regularization parameter �.

various structures.
Fig. 5 presents the Dice scores for each structure as a

boxplot. For ease of visualization, we average Dice scores
of the same structures from the two hemispheres into one
score, e.g., the left and right hippocampi scores are averaged.
The VoxelMorph models achieve comparable Dice measures
to ANTs and NiftyReg for all structures, performing slightly
better on some structures such as the lateral ventricles, and
worse on others such as the hippocampi.

Table I includes a count of voxels for which the Jacobian
determinant is non-positive. We find that all methods result
in deformations with small islands of such voxels, but are
diffeomorphic at the vast majority of voxels (99.4% - 99.9%).
Figs. 6 and Fig. ?? in the supplemental material illustrate
several example VoxelMorph deformation fields. VoxelMorph
has no explicit constraint for diffeomorphic deformations,
but in this setting the smoothness loss leads to generally
smooth and well-behaved results. ANTs and NiftyReg include
implementations that can enforce or strongly encourage diffeo-
morphic deformations, but during our parameter search these
negatively affected runtime or results. In this work, we ran
the baseline implementations with configurations that yielded
the best Dice scores, which also turned out to produce good
deformation regularity.

1) Runtime: Table I presents runtime results using an
Intel Xeon (E5-2680) CPU, and a NVIDIA TitanX GPU.
We report the elapsed time for computations following the
affine alignment preprocessing step, which all of the presented
methods share, and requires just a few minutes even on a
CPU. ANTs requires two or more hours on the CPU, while
NiftyReg requires roughly 39 minutes for the given setting.
ANTs runtimes vary widely, as its convergence depends on
the difficulty of the alignment task. Registering two images
with VoxelMorph is, on average, 150 times faster on the CPU
compared to ANTs, and 40 times faster than NiftyReg. When
using the GPU, VoxelMorph computes a registration in under
a second. To our knowledge, there is no publicly available
ANTs implementation for GPUs. It is likely that the SyN
algorithm would benefit from a GPU implementation, but the
main advantage of VoxelMorph comes from not requiring

0.5 1 2 3 4
log10 of training set size
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Test Set (Instance-Specific Opt.)
ANTS (SyN)

Fig. 8: Effect of training set size on accuracy. Also shown
are results of instance-specific optimization of deformations,
after these are initialized with VoxelMorph outputs using the
optimal global parameters resulting from the training phase.

G Balakrishnan, et al.: "VoxelMorph: A Learning Framework for  
Deformable Medical Image Registration" IEEE TMI 2019 

influence of number of scans in training (log-scale) 
- 1000 brain scans were required to reach accuracy (blue line) 

of conventional registration ANTS 
- note: instance-specific requires iterative optimisation (green 

line) for new scans (slower than PDD because it requires 
backpropagation through U-Net  )  

+MP Heinrich, L Hansen: "Highly accurate and memory efficient unsupervised learning-
based discrete CT registration using 2.5D displacement search", MICCAI 2020

Alternative in VoxelMorph: instance optimisation of U-
Net parameters (green vs blue line) 
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Advances / Pitfalls  II:  
synthetic supervision and label bias
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Examples of Registration Learning Synthetic Ground Truth

N. Mayer et al.: "A Large Dataset to Train Convolutional 
Networks for Disparity, Optical Flow, and Scene Flow 
Estimation" CVPR 2016

we rendered all non-RGB data without antialiasing.
Given the intrinsic camera parameters (focal length,

principal point) and the render settings (image size, virtual
sensor size and format), we project the 3D motion vector
of each pixel into a 2D pixel motion vector coplanar to the
imaging plane: the optical flow. Depth is directly retrieved
from a pixel’s 3D position and converted to disparity using
the known configuration of the virtual stereo rig. We com-
pute the disparity change from the depth component of the
3D motion vector. Examples are shown in Fig. 1,3,8.

In addition, we rendered object segmentation masks in
which each pixel’s value corresponds to the unique index
of its object. Objects can consist of multiple subparts, of
which each can have a separate material (with own appear-
ance properties such as textures). We make use of this and
render additional segmentation masks, where each pixel en-
codes its material’s index. The recently available beta ver-
sion of Sintel also includes this data.

Similar to the Sintel dataset, we also provide object and
material segmentations, as well as motion boundaries which
highlight pixels between at least two moving objects, if the
following holds: the difference in motion between the ob-
jects is at least 1.5 pixels, and the boundary segment covers
an area of at least 10 pixels. The thresholds were chosen to
match the results of Sintel’s segmentation.

For all frames and views, we provide the full camera
intrinsics and extrinsics matrices. Those can be used for
structure from motion or other tasks that require camera
tracking. We rendered all image data using a virtual focal
length of 35mm on a 32mm wide simulated sensor. For the
Driving dataset we added a wide-angle version using a fo-
cal length of 15mm which is visually closer to the existing
KITTI datasets.

Like the Sintel dataset, our datasets also include two dis-
tinct versions of every image: the clean pass shows col-
ors, textures and scene lighting but no image degradations,
while the final pass additionally includes postprocessing ef-
fects such as simulated depth-of-field blur, motion blur, sun-
light glare, and gamma curve manipulation.

To handle the massive amount of data (2.5TB), we com-
pressed all RGB image data to the lossy but high-quality
WebP5 format (we provide both WebP and lossless PNG
versions). Non-RGB data was compressed losslessly.

4.1. FlyingThings3D

The main part of the new data collection consists of ev-
eryday objects flying along randomized 3D trajectories. We
generated about 25000 stereo frames with ground truth data.
Instead of focusing on a particular task (like KITTI) or en-
forcing strict naturalism (like Sintel), we rely on random-
ness and a large pool of rendering assets to generate orders
of magnitude more data than any existing option, without

5https://developers.google.com/speed/webp/

Figure 3. Example scenes from our FlyingThings3D dataset.
3rd row: Optical flow images, 4th row: Disparity images,
5th row: Disparity change images. Best viewed on a color screen
in high resolution (data images normalized for display).

running a risk of repetition or saturation. Data generation is
fast, fully automatic, and yields dense accurate ground truth
for the complete scene flow task. The motivation for creat-
ing this dataset is to facilitate training of large convolutional
networks, which should benefit from the large variety.

The base of each scene is a large textured ground plane.
We generated 200 static background objects with shapes
that were randomly chosen from cuboids and deformed
cylinders. Each object was randomly scaled, rotated, tex-
tured and then placed on the ground plane.

To populate the scene, we downloaded 35927 detailed
3D models from Stanford’s ShapeNet6 [18] database. From
these we assembled a training set of 32872 models and a
testing set of size 3055 (model categories are disjoint).

We sampled between 5 and 20 random objects from this
object collection and randomly textured every material of
every object. The camera and all ShapeNet objects were
translated and rotated along linear 3D trajectories modeled
such that the camera can see the objects, but with random-
ized displacements.

The texture collection was a combination of procedu-
ral images created using ImageMagick7, landscape and
cityscape photographs from Flickr8, and texture-style pho-

6http://shapenet.cs.stanford.edu/
7http://www.imagemagick.org/script/index.php
8https://www.flickr.com/ Non-commercial public license. We used the

code framework by Hays and Efros [9]

1) Computer Vision (2D Optical Flow) 
- large networks require huge number 

training scans with some ground truth  
- Sintel was striving for realism, 

FlyingChairs & Things3d generate 
>>1000 arbitrary motion scenes with 
randomly (dis)placed 3D objects  

- use random textures, backgrounds + 
post-processing with simulated blurs, 
glares and contrasts

Fig. 1: Example of a reference deformation SVF (red vector field scaled at 0.3)
computed from two segmented surfaces. The moving image is shown with the
segmentation of the myocardium of the fixed (orange) and moving (blue) images.
(Left): Short-axis view. (Right): Longitudinal view.

non-linear functions. Recent methods to apply CNN to the task of registration
tackle the problem in a patch-based approach [11], which are easy and fast to
train. A side e↵ect is that we are looking only locally at each patch and therefore
we might miss global information about the transformation. For image segmen-
tation, fully convolutional networks [7] have been developed in order to process
the whole image in a stream, therefore having the advantage to also look at
global features, instead of looking only locally at each patch. It also has the
benefit to be faster at test time as there is only one prediction to perform for the
whole image instead of predicting each patch individually in a sliding-window
approach. An important contribution of our work is to adapt the fully convolu-
tional architecture to the task of registration prediction by training on the dense
ground truth SVF previously computed.

Figures 2 illustrates our proposed network architecture. Similar to the stan-
dard U-Net architecture [9]. The input of the network is both images (moving
and fixed) stacked together. In our application, we study cardiac MRI short-axis
images, which are acquired with a non-isotropic resolution in the Z axis (slice
spacing ranges from 6 to 10mm whereas in-plane spacing ranges from 1.5 to
2.5mm). To account from this discrepancy, the first two layers are 2D layers,
then our features map is isotropic in all directions and we apply 3D layers for
the 3rd and 4th layers. Finally, in the last layer, a simple 2D convolution builds
the 3 layers corresponding to the SVF parametrization in the X,Y, Z axis at the
same grid as the initial input images.

3 Validation on a Cardiac Image Database

We test our method on the problem of inter-patients registration on a large
dataset of segmented 3D MRI cardiac images. Our dataset consists of N = 187
short-axis acquisitions of end-diastolic cardiac images acquired in multiple clini-
cal centers (University College London Hospitals, Ospedale Pediatrico Bambino

2) Cardiac motion models using manual segmentation 
 and surface matching

training database  with 187 patients, pairwise generation of 
statistical motion fields

Rohe et al.: "SVF-Net: Learning 
Deformable Image Registration Using 
Shape Matching" MICCAI 2017

3) Mimic a conventional method for speed 
target and loss are defined by displacements of another 
algorithm e.g. LDDMM (not strictly synthetic ground truth)

X Yangt, .. M Niethammer: 
"Quicksilver: Fast Predictive Image 
Registration – a Deep Learning 
Approach" NeuroImage 2017
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Examples of Registration Learning Synthetic Ground Truth

Eppenhof and Pluim : Pulmonary CT Registration Through Supervised 
Learning With Convolutional Neural Networks, TMI 2019

4) On-the-fly training set construction using intensity 
transforms and random deformations as augmentation 
image is again deformed, using the learned transformation 
➞ further alternative are GANs for deformation generation

M. Hoffmann  et al.: "Learning multimodal registration without real images"  
https://arxiv.org/pdf/2004.10282 

5) Creating synthetic images (GANs or supervoxels) 
create multimodal images with multiple smooth random noise channels  
➞ labels are defined as argmax across these channels

Figure 1: Generation of random input label maps. A set of smoothly varying 3D noise images pj
(j 2 {1, 2, ..., J}) is sampled from a standard distribution, then warped by random deformation fields
�j to cover a range of spatial scales and shapes. A label map s is synthesized from the warped images
p̃j = pj � �j : for each voxel k of s, we determine in which p̃j that voxel has the highest intensity,
and assign the corresponding label j, i.e. sk = argmaxj([p̃j ]k). The example uses J=26.

Recent approaches also use segmentation-driven losses for registering different imaging modalities
labeled during training, such as T2w MRI and 3D ultrasound, within the same subject [32, 33], or
aiding existing formulations with auxiliary segmentation data [6, 30, 44].

Unfortunately, all these netowrk-based approaches learn from image data seen during training and,
consequently, do not perform well on unobserved modalities. Data augmentation strategies expose a
model to a wider range of variability than the training data encompasses, for example by randomly
altering voxel intensities or applying deformations [13, 57, 73, 78]. However, even these methods still
need to sample data acquired with the target modality during training. Similarly, transfer learning
can be used to extend a trained network to new modalities, but does not remove the need for some
training data with the target contrast [35].

3 Method

3.1 Background

Let m and f be a moving and a fixed 3D image, respectively. We build on unsupervised learning-
based registration frameworks and focus on deformable (non-linear) registration. These use a CNN h✓

with parameters ✓ that outputs the deformation �✓ = h✓(m, f) for image pair {m, f}.

In training, the network h✓ is given a pair of images {m, f} at each iteration, and parameters
are updated by optimizing a loss function L(✓;m, f,�✓) similar to classical cost functions, using
stochastic gradient descent. Typically, the loss contains an image dissimilarity term Ldis(m � �✓, f)
which penalizes the difference between the warped image and the fixed in terms of appearance, and a
regularization term Lreg(�) that encourages smooth deformations:

L(✓;m, f,�✓) = Ldis(m � �✓, f) + �Lreg(�✓), (1)

Figure 2: Data synthesis. Top: from random shapes. Bottom: if available, the synthesis can
be initialized with anatomical labels. From an input label map s, we generate a pair of label
maps {sm, sf} and from them images {m, f} with arbitrary contrast. The registration network takes
{m, f} as input to predict the displacement field um!f . In practice, if anatomical labels are available,
we generate {sm, sf} from two segmentations s from separate subjects.

3

Figure 5: Registration accuracy. Each box shows overlap of anatomical structures for 30 test-image
pairs across distinct subjects (8 when using PD contrast). The letters b and x indicate skullstripped
data and registration across datasets (e.g. between ADNI and HCP-A), respectively.

and we optimize the J=26 largest brain labels in Ldis (see below). We emphasize that no real images
are used during SynthMorph training.

Assessment. We measure registration accuracy using the Dice metric D [19] across a representative
subset of brain structures: amygdala, brainstem, caudate, ventral DC, cerebellar white matter and
cortex, pallidum, cerebral white matter (WM) and cortex, hippocampus, lateral ventricle, putamen,
thalamus, 3rd and 4th ventricle, and choroid-plexus. Bilateral structure scores are averaged. We also
compute the proportion of voxels where the deformation � folds, i.e. with det(J�)  0 for voxel
Jacobian J�.

Framework analysis. To evaluate network invariance to realistic MRI contrast, we perform the
following procedure for 10 subject pairs. We obtain 8 spoiled gradient-echo [12] images for the same
brain, progressing from T1w to PDw as shown in Figure 7, using Bloch equation simulations with
acquired parametric maps (T1, T2⇤, PD). We run a separate registration between each contrast and the
most T1w-like of another subject, and analyze the variation of the features of the last network layer
(before the SVF is formed). Specifically, we compute the root-mean-square difference d (RMSD)
between the layer outputs of the first and each other contrast over space, averaged over contrasts,
features, and subjects. Original MRI sequence details are: spoiled gradient-echo, 2 ms echo time
(TE), 20 ms repetition time (TR), 2-40� flip angle (FA).

In a validation set, we explore the effect of various hyperparameters. First, we train with regularization
weights � 2 [0, 10] and evaluate accuracy across: (1) all brain labels, (2) only the largest 26 (bilateral)
structures optimized in Ldis. Second, we train variants of our model with varied deformation range bv ,
image smoothness bK , and number of features n per layer. Third, for the case that brain segmentations
are available, we analyze the effect of training with (1) full-head labels, (2) brain labels only or (3) a
mixture of both.
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cortex, pallidum, cerebral white matter (WM) and cortex, hippocampus, lateral ventricle, putamen,
thalamus, 3rd and 4th ventricle, and choroid-plexus. Bilateral structure scores are averaged. We also
compute the proportion of voxels where the deformation � folds, i.e. with det(J�)  0 for voxel
Jacobian J�.

Framework analysis. To evaluate network invariance to realistic MRI contrast, we perform the
following procedure for 10 subject pairs. We obtain 8 spoiled gradient-echo [12] images for the same
brain, progressing from T1w to PDw as shown in Figure 7, using Bloch equation simulations with
acquired parametric maps (T1, T2⇤, PD). We run a separate registration between each contrast and the
most T1w-like of another subject, and analyze the variation of the features of the last network layer
(before the SVF is formed). Specifically, we compute the root-mean-square difference d (RMSD)
between the layer outputs of the first and each other contrast over space, averaged over contrasts,
features, and subjects. Original MRI sequence details are: spoiled gradient-echo, 2 ms echo time
(TE), 20 ms repetition time (TR), 2-40� flip angle (FA).

In a validation set, we explore the effect of various hyperparameters. First, we train with regularization
weights � 2 [0, 10] and evaluate accuracy across: (1) all brain labels, (2) only the largest 26 (bilateral)
structures optimized in Ldis. Second, we train variants of our model with varied deformation range bv ,
image smoothness bK , and number of features n per layer. Third, for the case that brain segmentations
are available, we analyze the effect of training with (1) full-head labels, (2) brain labels only or (3) a
mixture of both.

7
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Label bias experiment (one more thing)
Task 03 Abdomen CT  

1.spleen 
2.right kidney* 
3.left kidney 
4.gallbladder 
5.esophagus 
6.liver 
7.stomach 
8.aorta 
9.inferior vena cava 
10.portal and splenic vein 
11.pancreas 
12.right adrenal gland 
13.left adrenal gland 
14.duodenum
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Label bias experiment (oberserved vs non-oberserved)
VoxelMorph (uses single-stream DL-reg architecture - with U-Net and NCC-metric plus label-loss) 
Evaluation on large-scale brain registration study 10
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Fig. 9: Results on test scans when using auxiliary data during training. Top: testing on the FreeSurfer segmentation of the
general test set. Bottom: testing the same models on the manual segmentation of the Buckner40 test set. We test having
varying number of observed labels (a-c), and having coarser segmentation maps (d). Error bars indicate standard deviations
across subjects. The leftmost datapoint in each graph for all labels, corresponding to � = 0, indicates results of VoxelMorph
without using auxiliary data (unsupervised). � = 1 is achieved by setting the image and smoothness terms to 0. We show
Dice scores for results from ANTs with optimal parameters, which does not use segmentation maps, for comparison.

present an evaluation of our model in two practical scenarios:
(1) when subsets of anatomical structure labels are available
during training, and (2) when coarse segmentations labels are
available during training. We use the same train/validation/test
split as the previous experiments.

1) Training with a subset of anatomical labels: In many
practical settings, it may be infeasible to obtain training
segmentations for all structures. We therefore first consider the
case where segmentations are available for only a subset of the
30 structures. We refer to structures present in segmentations
as observed, and the rest as unobserved. We considered three
scenarios, when: one, 15 (half), and 30 (all) structure segmen-
tations are observed. The first two experiments essentially sim-
ulate different amounts of partially observed segmentations.
For each experiment, we train separate models on different
subsets of observed structures, as follows. For single structure
segmentations, we manually selected four important structures
for four folds (one for each fold) of the experiment: hip-
pocampi, cerebral cortex, cerebral white matter, and ventricles.
For the second experiment, we randomly selected 15 of the
30 structures, with a different selection for each of five folds.
For each fold and each subset of observed labels, we use the
segmentation maps at training, and show results on test pairs
where segmentation maps are not used.

Fig. 9a-c shows Dice scores for both the observed and
unobserved labels when sweeping � in (10), the auxiliary
regularization trade-off parameter. We train our models with
FreeSurfer annotations, and show results on both the general

test set using FreeSurfer annotations (top) and the Buckner40
test set with manual annotations (bottom). The extreme values
� = 0 (or log � = �1) and � = 1 serve as theoretical
extremes, with � = 0 corresponding to unsupervised Vox-
elMorph, and � = 1 corresponding to VoxelMorph trained
only with auxiliary labels, without the smoothness and image
matching objective terms.

In general, VoxelMorph with auxiliary data significantly
outperforms (largest p-value < 10�9 among the four settings)
unsupervised VoxelMorph (equivalent to � = 0 or log � =
�1) and ANTs on observed structures in terms of Dice score.
Dice score on observed labels generally increases with an
increase in �.

Interestingly, VoxelMorph (trained with auxiliary data)
yields improved Dice scores for unobserved structures com-
pared to the unsupervised variant for a range of � values
(see Fig. 9a-b), even though these segmentations were not
explicitly observed during training. When all structures that
we use during evaluation are observed during training, we find
good Dice results at higher � values (Fig 9c.). Registration
accuracy for unobserved structures starts declining when � is
large, in the range log � 2 [�3,�2]. This can be interpreted
as the range where the model starts to over-fit to the observed
structures - that is, it continues to improve the Dice score for
observed structures while harming the registration accuracy
for the other structures (Fig. 9c)

2) Training with coarse labels: We consider the scenario
where only coarse labels are available, such as when all the

influence of weak label-supervision  
- when increasing the weight of label loss the quality for 

other structures (unobserved) deteriorates  
➞  supervision enables fine-tuning of some anatomies 
at the cost of others

G Balakrishnan, et al.: "VoxelMorph: A Learning Framework for  
Deformable Medical Image Registration" IEEE TMI 2019 

further related work: Y. Hu, et al.: "Weakly-supervised 
convolutional neural networks for multimodal 
image registration" Med Imag Anal 2018 
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Spatial
Transform

Moving Image 
Segmentations (1-)

Fixed Image 
Segmentations (12)
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Moved Segmentations 
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Fig. 2: Overview of the method. We learn parameters ✓ for a function g✓(·, ·), and register 3D volume m to a second, fixed
volume f . During training, we warp m with � using a spatial transformer function. Optionally, auxiliary information such as
anatomical segmentations sf , sm can be leveraged during training (blue box).

functions in this work. The first captures image similarity and
field smoothness, while the second also leverages anatomical
segmentations. We describe our CNN architecture and the two
loss functions in detail in the next sections.

A. VoxelMorph CNN Architecture

In this section we describe the particular architecture used
in our experiments, but emphasize that a wide range of
architectures may work similarly well and that the exact
architecture is not our focus. The parametrization of g✓(·, ·) is
based on a convolutional neural network architecture similar
to UNet [63], [64], which consists of encoder and decoder
sections with skip connections.

Fig. 3 depicts the network used in VoxelMorph, which takes
a single input formed by concatenating m and f into a 2-
channel 3D image. In our experiments, the input is of size
160 ⇥ 192 ⇥ 224 ⇥ 2, but the framework is not limited by a
particular size. We apply 3D convolutions in both the encoder
and decoder stages using a kernel size of 3, and a stride of
2. Each convolution is followed by a LeakyReLU layer with
parameter 0.2. The convolutional layers capture hierarchical
features of the input image pair, used to estimate �. In the
encoder, we use strided convolutions to reduce the spatial
dimensions in half at each layer. Successive layers of the
encoder therefore operate over coarser representations of the
input, similar to the image pyramid used in traditional image
registration work.

UNet Architecture

1/161/81/41/2
1

1/8 1/4 1/2
1

f, m !

1 1 1

32323232 3232 32 3216 16 16 3

Fig. 3: Convolutional UNet architecture implementing
g✓(f,m). Each rectangle represents a 3D volume, generated
from the preceding volume using a 3D convolutional network
layer. The spatial resolution of each volume with respect to
the input volume is printed underneath. In the decoder, we use
several 32-filter convolutions, each followed by an upsampling
layer, to bring the volume back to full resolution. Arrows
represent skip connections, which concatenate encoder and
decoder features. The full-resolution volume is further refined
using several convolutions.

In the decoding stage, we alternate between upsampling,
convolutions and concatenating skip connections that prop-
agate features learned during the encoding stages directly
to layers generating the registration. Successive layers of
the decoder operate on finer spatial scales, enabling precise
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Advances / Pitfalls  III:  
feature pyramids + two-stream architectures
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Two-stream vs single-stream architecture

Architecture matters 3

increased up to 64 and then decreased (see Fig. 1 (a)) until the output yields
3 feature channels that correspond to the 3 displacement dimensions. As the
displacements are considered to be within the the range of [�1, 1], the last con-
volution layer is followed by a tanh activation function and the obtained output
is used for warping with the moving input image.

The first modification we make to this initial architecture is to double the
number of feature channels (quadrupling the parameters) of all convolution layers
of the network (see Fig. 1 (b)). We then extend the number of Convolution-
InstanceNorm-ReLU sequences per resolution level to three (Fig. 1 (c)). Finally,
we propose a two-stream architecture with separate encoder blocks for fixed and
moving image and their concatenated output as input for the U-Net part of the
architecture (Fig. 1 (d)). As we use monomodal data for our experiments, the
weights are shared between the two encoders of this two-stream architecture. In
Fig. 2, our final image registration approach is illustrated.

We train our models using a loss function which ensures similarity of fixed
and warped moving image and smooth deformation fields. Modality indepen-
dent neighbourhood descriptors (MIND) with self-similar context (SSC) [?] are
extracted from fixed and warped moving image and the mean squared error
between them is calculated. Additionally, we apply di↵usion regularisation to
achieve smooth and plausible deformation fields. For our proposed two-stream
architecture, we furthermore investigate the benefits of label supervision by fur-
ther extending the loss function by computing the mean squared error between
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Fig. 2. Our model for pairwise image registration with label supervision: Fixed and

moving images are given into separate encoder blocks for the extraction of features

that are then concatenated and passed to an U-Net and following decoder block for

the estimation of displacements. The obtained displacement fields are used to warp the

moving image. The loss function is designed so that the warped moving image and labels

resemble the fixed image and labels (similarity of MIND features and label supervision)

and furthermore the deformation fields are smooth (di↵usion regularisation).

  

● abdominal CT (l2r challenge): 

mittlerer Dice (13 Labelklassen)

● cardiac cine-MRI (ACDC), endsystolisch (es) und enddiastolisch (ed):

mittlerer Dice (3 Labelklassen)

● cardiac MR to cardiac CT (MMWHS):
mittlerer Dice (7 Labelklassen):
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two-stream details

independent input 
encoder-blocks

U-Net

prediction  
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starting from affine alignment 25% Dice 
- our compared unsupervised single-stream architectures (incl. 

VoxelMorph) achieve an average increase of up to 7% points 
- adding two stream leads to a further increase of 4% points 
- label supervision adds another 9-10% points   
➞ substantially more parameters 4.2 million vs 400k of Voxelmorph

concatenating input images directly may complicate feature learning

Hanna Siebert, Lasse Hansen, M Heinrich: 
"Architecture matters: evaluating design 
choices for deep learning registration 
networks " 2020 under review 
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Feature Pyramids + multiple Warps

2D PWC-Net (outperformed FlowNet2 by large margin)  
- at each pyramid level features are warped with 

upsampled (previous) flow 
- a discretised cost volume (similar to correlation layer) 

is computed and processed using CNNs  
- context network refines the (continuous valued) flow 

using large receptive field dilated convs. 

D Sun et al.: "PWC-Net: CNNs for Optical Flow Using 
Pyramid, Warping, and Cost Volume" CVPR 2018 

Figure 3. Traditional coarese-to-fine approach vs. PWC-Net. Left: Image pyramid and refinement at one pyramid level by the energy

minimization approach [7, 9, 19, 45]. Right: Feature pyramid and refinement at one pyramid level by PWC-Net. PWC-Net warps features

of the second image using the upsampled flow, computes a cost volume, and process the cost volume using CNNs. Both post-processing

and context network are optional in each system. The arrows indicate the direction of flow estimation and pyramids are constructed in the

opposite direction. Please refer to the text for details about the network.

Warping layer. At the lth level, we warp features of the
second image toward the first image using the×2 upsam-
pled flow from the l+1th level:

c
l
w(x) = c

l
2

!

x+ up2(w
l+1)(x)

"

, (1)

where x is the pixel index and the upsampled flow
up2(w

l+1) is set to be zero at the top level. We use bi-
linear interpolation to implement the warping operation
and compute the gradients to the input CNN features and
flow for backpropagation according to [24, 25]. For non-
translational motion, warping can compensate for some ge-
ometric distortions and put image patches at the right scale.

Cost volume layer. Next, we use the features to construct
a cost volume that stores the matching costs for associating
a pixel with its corresponding pixels at the next frame [20].
We define the matching cost as the correlation [15, 55] be-
tween features of the first image and warped features of the
second image:

cv
l(x1,x2)=

1

N

!

c
l
1(x1)

"T
c
l
w(x2), (2)

where T is the transpose operator and N is the length of the
column vector cl1(x1). For an L-level pyramid setting, we
only need to compute a partial cost volume with a limited
range of d pixels, i.e., |x1−x2|∞≤d. A one-pixel motion at
the top level corresponds to 2L−1 pixels at the full resolution
images. Thus we can set d to be small. The dimension of
the 3D cost volume is d2×H l×W l, where H l and W l denote
the height and width of the lth pyramid level, respectively.

Optical flow estimator. It is a multi-layer CNN. Its input
are the cost volume, features of the first image, and upsam-
pled optical flow and its output is the flow wl at the lth level.
The numbers of feature channels at each convolutional lay-
ers are respectively 128, 128, 96, 64, and 32, which are kept
fixed at all pyramid levels. The estimators at different lev-
els have their own parameters instead of sharing the same

parameters. This estimation process is repeated until the
desired level, l0.

The estimator architecture can be enhanced with
DenseNet connections [22]. The inputs to every convolu-
tional layer are the output of and the input to its previous
layer. DenseNet has more direct connections than tradi-
tional layers and leads to significant improvement in image
classification. We test this idea for dense flow prediction.

Context network. Traditional flow methods often use
contextual information to post-process the flow. Thus we
employ a sub-network, called the context network, to effec-
tively enlarge the receptive field size of each output unit at
the desired pyramid level. It takes the estimated flow and
features of the second last layer from the optical flow esti-
mator and outputs a refined flow.

The context network is a feed-forward CNN and its de-
sign is based on dilated convolutions [57]. It consists of
7 convolutional layers. The spatial kernel for each convo-
lutional layer is 3×3. These layers have different dilation
constants. A convolutional layer with a dilation constant k
means that an input unit to a filter in the layer are k-unit
apart from the other input units to the filter in the layer,
both in vertical and horizontal directions. Convolutional
layers with large dilation constants enlarge the receptive
field of each output unit without incurring a large compu-
tational burden. From bottom to top, the dilation constants
are 1, 2, 4, 8, 16, 1, and 1.

Training loss. Let Θ be the set of all the learnable pa-
rameters in our final network, which includes the feature
pyramid extractor and the optical flow estimators at differ-
ent pyramid levels (the warping and cost volume layers have
no learnable parameters). Let wl

Θ denote the flow field at
the lth pyramid level predicted by the network, and wl

GT the
corresponding supervision signal. We use the same multi-
scale training loss proposed in FlowNet [15]:

8937

3D Lap-IRN (outperformed VoxelMorph by large margin)  
- at each pyramid level features are warped with 

upsampled (previous) flow 
- supervision is performed using "metric" pyramid 
- each ResNet blocks contains 5 convolutions + 

lReLU (followed by scaling-squaring per resolution)  

Tony Mok, Albert Chung: "Large Deformation 
Diffeomorphic Image Registration with Laplacian 
Pyramid Networks" MICCAI 2020 

https://github.com/cwmok/LapIRN  Winner of Learn2Reg challengeLDDMM with LapIRN 3

Fig. 1. Overview of the proposed 3-level deep Laplacian pyramid image registration
networks in 2D settings. We utilize three identical CNN-based registration networks
to mimic the registration with the multi-resolution schema. The feature maps from
feature encoder, a set of R residual blocks, and feature decoder are colored with blue,
green and red, respectively. The dotted paths are only included in the training phase.
We highlight that all registrations are done in 3D throughout this paper. For clarity
and simplicity, we depict the 2D formulation of our method in the figure.

naturally integrates the conventional multi-resolution strategy while maintain-
ing the non-linearity of the feature maps throughout di↵erent pyramid levels. In
the following sections, we describe the methodology of our proposed LapIRN,
including the Laplacian pyramid architecture, coarse-to-fine training scheme, the
loss function and, finally, we describe the di↵eomorphic settings of our method.

2.1 Deep Laplacian Pyramid Image Registration Networks

Given a fixed 3D scan F and a moving 3D scan M , the objective of our method
is to estimate a time 1 di↵eomorphic deformation field �(1) such that the warped
moving scan M(�(1)) is aligned with F , subject to the smoothness regularization
on the predicted velocity field v . Specifically, we parametrize the deformable
registration problem as a function f✓(F,M) = �(1) with the Laplacian pyramid
framework, where ✓ represents the learning parameters in the networks.

Network architecture We implement our LapIRN using a L-level Laplacian
pyramid framework to mimic the conventional multi-resolution strategy. For sim-
plicity, we set L to 3 throughout this paper. The overview of LapIRN is illustrated
in Fig. 1. Specifically, we first create the input image pyramid by downsampling
the input images with trilinear interpolation to obtain Fi 2 {F1, F2, F3} (and
Mi 2 {M1,M2,M3}), where Fi denotes the downsampled F with a scale factor
0.5(L�i) and F3 = F . We employ a CNN-based registration network (CRN) to

https://github.com/cwmok/LapIRN
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Probabilistic Graph Networks : discretise displacements 
/ non-local loss, geometric networks using keypoints
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How to learn abdominal & lung registration?
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categorisation of methods: iterative (conventional), discrete (graph-based) and deep learning 
➞ clear advantage for discrete graph-based methods, large gap for learning approaches 
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faster = large circle

R Castillo, et al.: reference dataset registration 
spatial accuracy evaluation using COPDgene. Phys 
Med Biol 2013
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Large deformations with discrete displacements

Figure 2. The two network architectures: FlowNetSimple (top) and FlowNetCorr (bottom).

nate the ‘upconvolution’ results with the features from the
‘contractive’ part of the network.

Convolutional neural networks are known to be very
good at learning input–output relations given enough la-
beled data. We therefore take an end-to-end learning ap-
proach to predicting optical flow: given a dataset consisting
of image pairs and ground truth flows, we train a network
to predict the x–y flow fields directly from the images. But
what is a good architecture for this purpose?

A simple choice is to stack both input images together
and feed them through a rather generic network, allowing
the network to decide itself how to process the image pair to
extract the motion information. This is illustrated in Fig. 2
(top). We call this architecture consisting only of convolu-
tional layers ‘FlowNetSimple’.

In principle, if this network is large enough, it could learn
to predict optical flow. However, we can never be sure that a
local gradient optimization like stochastic gradient descent
can get the network to this point. Therefore, it could be ben-
eficial to hand-design an architecture which is less generic,
but may perform better with the given data and optimization
techniques.

A straightforward step is to create two separate, yet iden-
tical processing streams for the two images and to combine
them at a later stage as shown in Fig. 2 (bottom). With
this architecture the network is constrained to first produce
meaningful representations of the two images separately
and then combine them on a higher level. This roughly

resembles the standard matching approach when one first
extracts features from patches of both images and then com-
pares those feature vectors. However, given feature repre-
sentations of two images, how would the network find cor-
respondences?

To aid the network in this matching process, we intro-
duce a ‘correlation layer’ that performs multiplicative patch
comparisons between two feature maps. An illustration
of the network architecture ‘FlowNetCorr’ containing this
layer is shown in Fig. 2 (bottom). Given two multi-channel
feature maps f1, f2 : R2 ! Rc, with w, h, and c being their
width, height and number of channels, our correlation layer
lets the network compare each patch from f1 with each path
from f2.

For now we consider only a single comparison of two
patches. The ’correlation’ of two patches centered at x1 in
the first map and x2 in the second map is then defined as

c(x1,x2) =
X

o2[�k,k]⇥[�k,k]

hf1(x1 + o), f2(x2 + o)i (1)

for a square patch of size K := 2k + 1. Note that Eq. 1
is identical to one step of a convolution in neural networks,
but instead of convolving data with a filter, it convolves data
with other data. For this reason, it has no trainable weights.

Computing c(x1,x2) involves c · K2 multiplications.
Comparing all patch combinations involves w2 · h2 such
computations, yields a large result and makes efficient for-
ward and backward passes intractable. Thus, for computa-

(large motion) correlation layer  
- previous approaches are limited in capture range, by 

receptive field and limited number of conv. layers 
- FlowNetC uses correlation layer without trainable weights 

but computation of (CC)-metric over  441 discrete 
displacements at once 

- in addition FlowNet uses deep supervision, i.e. a loss at 
multi-resolution levels 

trained on millions of synthetic image pairs (see earlier slides)

Figure 3. Refinement of the coarse feature maps to the high reso-
lution prediction.

tional reasons we limit the maximum displacement for com-
parisons and also introduce striding in both feature maps.

Given a maximum displacement d, for each location x1

we compute correlations c(x1,x2) only in a neighborhood
of size D := 2d + 1, by limiting the range of x2. We use
strides s1 and s2, to quantize x1 globally and to quantize x2

within the neighborhood centered around x1.
In theory, the result produced by the correlation is four-

dimensional: for every combination of two 2D positions we
obtain a correlation value, i.e. the scalar product of the two
vectors which contain the values of the cropped patches re-
spectively. In practice we organize the relative displace-
ments in channels. This means we obtain an output of size
(w ⇥ h⇥D2). For the backward pass we implemented the
derivatives with respect to each bottom blob accordingly.

Refinement. CNNs are good at extracting high-level ab-
stract features of images, by interleaving convolutional lay-
ers and pooling, i.e. spatially shrinking the feature maps.
Pooling is necessary to make network training computation-
ally feasible and, more fundamentally, to allow aggregation
of information over large areas of the input images. How-
ever, pooling results in reduced resolution, so in order to
provide dense per-pixel predictions we need a way to refine
the coarse pooled representation.

Our approach to this refinement is depicted in Figure 3.
The main ingredient are ‘upconvolutional’ layers, consist-
ing of unpooling (extending the feature maps, as opposed to
pooling) and a convolution. Such layers have been used pre-
viously [38, 37, 16, 28, 9]. To perform the refinement, we
apply the ‘upconvolution’ to feature maps, and concatenate
it with corresponding feature maps from the ’contractive’
part of the network and an upsampled coarser flow predic-
tion (if available). This way we preserve both the high-level
information passed from coarser feature maps and fine lo-
cal information provided in lower layer feature maps. Each
step increases the resolution twice. We repeat this 4 times,
resulting in a predicted flow for which the resolution is still
4 times smaller than the input.

We discover that further refinement from this resolution
does not significantly improve the results, compared to a

Ground truth FlowNetS FlowNetS+v

Figure 4. The effect of variational refinement. In case of small
motions (first row) the predicted flow is changed dramatically. For
larger motions (second row), big errors are not corrected, but the
flow field is smoothed, resulting in lower EPE.

computationally less expensive bilinear upsampling to full
image resolution. The result of this bilinear upsampling is
the final flow predicted by the network.

In an alternative scheme, instead of bilinear upsampling
we use the variational approach from [6] without the match-
ing term: we start at the 4 times downsampled resolution
and then use the coarse to fine scheme with 20 iterations to
bring the flow field to the full resolution. Finally, we run 5
more iterations at the full image resolution. We additionally
compute image boundaries with the approach from [26] and
respect the detected boundaries by replacing the smooth-
ness coefficient by ↵ = exp(��b(x, y)), where b(x, y)
denotes the thin boundary strength resampled at the respec-
tive scale and between pixels. This upscaling method is
more computationally expensive than simple bilinear up-
sampling, but adds the benefits of variational methods to
obtain smooth and subpixel-accurate flow fields. In the fol-
lowing, we denote the results obtained by this variational
refinement with a ‘+v’ suffix. An example of variational
refinement can be seen in Fig. 4.

4. Training Data

Unlike traditional approaches, neural networks require
data with ground truth not only for optimizing several pa-
rameters, but to learn to perform the task from scratch. In
general, obtaining such ground truth is hard, because true
pixel correspondences for real world scenes cannot easily be
determined. An overview of the available datasets is given
in Table 1.

Frame Frames with Ground truth
pairs ground truth density per frame

Middlebury 72 8 100%
KITTI 194 194 v50%
Sintel 1,041 1,041 100%
Flying Chairs 22,872 22,872 100%

Table 1. Size of already available datasets and the proposed Flying
Chairs dataset.

{Images Ground truth EpicFlow FlowNetS FlowNetC

Figure 7. Examples of optical flow prediction on the Sintel dataset. In each row left to right: overlaid image pair, ground truth flow and 3
predictions: EpicFlow, FlowNetS and FlowNetC. Endpoint error is shown for every frame. Note that even though the EPE of FlowNets is
usually worse than that of EpicFlow, the networks often better preserve fine details.

on KITTI discussed above, and also from detailed perfor-
mance analysis on Sintel Final (not shown in the tables).
FlowNetS+ft achieves an s40+ error (EPE on pixels with
displacements of at least 40 pixels) of 43.3px, and for
FlowNetC+ft this value is 48px. One explanation is that the
maximum displacement of the correlation does not allow to
predict very large motions. This range can be increased at

the cost of computational efficiency.

6. Conclusion

Building on recent progress in design of convolutional
network architectures, we have shown that it is possible to
train a network to directly predict optical flow from two in-

Images Ground truth EpicFlow FlowNetS FlowNetC

Figure 7. Examples of optical flow prediction on the Sintel dataset. In each row left to right: overlaid image pair, ground truth flow and 3
predictions: EpicFlow, FlowNetS and FlowNetC. Endpoint error is shown for every frame. Note that even though the EPE of FlowNets is
usually worse than that of EpicFlow, the networks often better preserve fine details.

on KITTI discussed above, and also from detailed perfor-
mance analysis on Sintel Final (not shown in the tables).
FlowNetS+ft achieves an s40+ error (EPE on pixels with
displacements of at least 40 pixels) of 43.3px, and for
FlowNetC+ft this value is 48px. One explanation is that the
maximum displacement of the correlation does not allow to
predict very large motions. This range can be increased at

the cost of computational efficiency.

6. Conclusion

Building on recent progress in design of convolutional
network architectures, we have shown that it is possible to
train a network to directly predict optical flow from two in-

P Fischer, et al.: "FlowNet: Learning Optical Flow with Convolutional Networks" CVPR 2015 
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Disentangled feature learning for 3D discrete registration

feature extraction using 
 deformable CNN 

fixed image IF

moving image IM

3D+3D 
dissimilarity 

tensor

moving features for 
all displacements in 

space L2D

fixed features at 
coarse grid

Correlation 
Layer

3D spatial and 3D 
displacement 
regularisation

3D+3D 
displacement 
probabilities

approx. mean field 
inference (CRF) 

smoothing

𝝋

moving MIND features  
for metric loss

fixed MIND features  
12-channels

non-local 
unsupervised  

metric loss

highly accurate 
3D registration 
using instance 
optimisation

direct estimation 
of 3D transform 
for diffusion loss

new solutions for highly accurate unsupervised DL registration 
1) discretised search space, densely sampled 3D space enables robust capture range  
2) further improvements using iterative instance optimisation 

probabilistic dense displacement 
(PDD)+ net 
1) OBELISK* deformable 

convolutions for feature 
extraction  

2) Correlation Layer discretised 
search space   

3) Spatial + Displacement 
regularisation (smoothing) 
~CRF optimisation 

*MP Heinrich, O Oktay, N Bouteldja: "OBELISK-
Net, Fewer Layers to Solve 3D Multi-organ 
Segmentation with Sparse Deformable 
Convolutions", Medical Image Analysis, 54, 
1-9 2019

+MP Heinrich, L Hansen: "Highly accurate and 
memory efficient unsupervised learning-
based discrete CT registration using 2.5D 
displacement search", MICCAI 2020

github.com/multimodallearning

http://github.com/multimodallearning
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Developed for abdominal CT reg. - works across variety of tasks 
 one-to-one inter-patient alignment with very large initial misalignment and small anatomies for evaluation  
  10% points improvements compared to VoxelMorph and NiftyReg in particular for kidneys, stomach and pancreas

inference times sub-second on GPU, only 9 GB memory

stapled 3D segmentation and mean intensity image after 
registering all scans to one demonstrate qualitatively 
a high accuracy (in all regions)

Anatomical labels  
spleen 
right kidney ︎ left 

kidney 
gallbladder  
esophagus 
liver 
stomach 
aorta  pancreas

Unsupervised discrete registration with 2.5D displacement search 7

Table 1. Quantitative evaluation using Dice overlap in % for 90 pair-wise inter-subject
registrations of unseen 3D abdominal CT scans. Our proposed pdd 2.5D method com-
pares favourable to the state-of-the-art DLIR method Voxelmorph and the conventional
multiresolution, iterative approach NiftyReg. Hausdor↵ (95th percentile) and complex-
ity of deformations (stddev of Jacobian determinants, smaller is better) are reported
for a subset of methods. A representative, clinically relevant set of 9 out of the consid-
ered 13 anatomies are also evaluated individually: spleen ⌅, right kidney ⌅, left kidney
⌅, gallbladder ⌅, esophagus ⌅, liver ⌅, stomach ⌅, aorta ⌅ and pancreas ⌅.

Method ⌅ ⌅ ⌅ ⌅ ⌅ ⌅ ⌅ ⌅ ⌅ avg(9) avg(13) HD95 detJ memory infer. time
a�ne pre-reg. 36 36 34 6 32 65 28 39 16 33.2 28.1±8.3 14.6 train GPU CPU
Voxelmorph (MIND) 49 44 44 8 32 77 34 48 19 40.0 34.0±9.2 12.8 0.66 6 GB 0.12 s 60 s
pdd 2.5D (w/o NL) 45 49 52 5 38 69 41 44 21 41.1 34.4±5.8 9 GB 0.54 s 29 s
pdd 3D (MIND) 60 65 67 12 43 81 50 56 35 52.6 44.7±4.6 22 GB 0.73 s 73 s
pdd 2.5D (MIND) 60 64 65 14 41 81 50 57 34 52.2 44.8±4.9 10.4 0.57 9 GB 0.54 s 29 s
NiftyReg 62 50 54 3 36 78 62 34 17 44.5 35.0 117 min

(results using the default MSE loss are ⇡4% points worse and the NCC loss
failed to converge). A small ablation study of variants of our proposed method is
performed using either fully 3D displacement spaces (pdd 3D, 44.7%), the novel
2.5D subdivision (pdd 2.5D, 44.8%) and a conventional warping loss (pdd 2.5D
(w/o NL), 34.4%). In addition, we include results of NiftyReg [20] from [30] with
an average Dice of 35.0% that performed substantially better than IRTK and
ANTs SyN (28% and 27%) and only slightly worse than deeds (49%). Note, that
a larger subset of test pairs was used for these methods and their initial a�ne
alignment was likely worse. Our networks were each trained with AdamW [19]
(weight decay = 0.01, initial learning rate = 0.005 and exponential decay with
� = 0.99) for 250 epochs (1000 iterations with a mini-batch size of 4), using a�ne
augmentation and a weighting � = 0.025 for the di↵usion regularisation loss (a
higher � was employed during a warm-up phase for 100 iterations to stabilise
the training) within ⇡25 minutes. The instance optimisation uses Adam with
learning rate 0.02, � = 5 and 30 iterations. It was also employed during training
(without gradient tracking) to enable the sampling from 2D displacement planes
that are not rooted at the origin (central voxel) and thus increasing the coverage
for feature learning. We repeated the training three times and report the ac-
curacies from the worst run (Voxelmorph was trained once for 50000 iterations
requiring about 8 hours).

Clear improvements of 10% points accuracy gains are achieved with the dis-
crete setting compared to the state-of-the-art in unsupervised DLIR . The gains
over Voxelmorph are most visible for medium-sized organs (kidneys ⌅, ⌅) and
highly deformable anatomies (stomach ⌅ and pancreas ⌅). The sorted Dice
scores in Fig. 3 g) show that our 2.5D network compensates larger deformations
(small initial Dice values) especially well. Our results without using the non-local
MIND loss are similar to Voxelmorph, highlighting the fact that a meaningful
probabilistic prediction is achieved. The proposed 2.5D approximation matches
the quality of the full 3D search space (5⇥ bigger) and reduces the memory use
for the correlation layer and regularisation part during training from 10.2 to 1.7
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mean intensity image

mean before registration
automatic 3D segmentation

1-to-1 segmentation 
propagation

example manual source 

Ranks Task01 Task02 Task03 Task04 Overall

Tony (LapIRN) 0.72 0.75 0.93 0.95 0.83

Lasse (PDD-Net)  0.94 0.85 0.69 0.74 0.80

PDD-Net results for Learn2Reg: 
 2nd best overall, Task3+4 unsupervised  

for multimodal (Task1) + lung CT (Task2) 
we used MIND-SSC (handcrafted features) 
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Concept for learning graph-based optimisation  
Inspiration Fixed  IF

Expiration Moving  IM

Förstner Distinctiveness 
➞ Keypoint extraction

1) extract image features independently for keypoints 
2) correlate them over large search region 
3) learn to regularise motion jointly on graph

1) features

2) spatial correlation

3) graph regularisation

L Hansen and MP Heinrich: GraphRegNet: Deep Graph 
Regularization Networks on Sparse Keypoints for Dense  
3D Medical Registration. TMI in revision 

https://github.com/multimodallearning/graphregnet 

GraphRegNet has only ∼33.000 trainable parameters 
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�+

sample features at 
      sparse keypoints   and 

L displacements in   
P

�⋆

correlation 
layer

Cost Tensor  C

learn displacement 
embedding with encoder 
CNN   for each keypointθE

learn spatial 
regularisation 
with GCN   on 

kNN graph
θG

displacement 
regression for each 
keypoint 
with decoder CNN  θD

Displacement Field  D
trilinear extrapolation

repeated N times 

Geometric learning of graph-based optimisation 
- inspiration scan is represented as sparse point cloud 
- geometric operations are learned using EdgeConvolutions 
- spatial displacements are encoded using CNNs 
- no label supervision (only appearance features are used) 
- reduction of runtime from minutes to 2 seconds
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Results for DIR-LAB COPD dataset (inspiration/expiration)
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- both our discrete DL registration frameworks PDD + GraphRegNet 
outperform U-Net/ResNet like architectures on lung registration 

- learning geometric regularisation (EdgeConvs in GraphRegNet) 
improve on approximate mean-field inference (PDD-Net) 

- feature learning seems of less importance (MIND-SSC sufficient) 
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Conclusions
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Conclusions

- impressive progress over last few years in medical DL registration  
- established concepts from DL segmentation or optical flow are not directly transferable new 

ideas: multi-warping, two-stream, feature pyramids, synthetic data generation, .. 

- training DL-reg with metric supervision requires large dataset or specifically designed loss 
computation: similarity pyramid, discrete nonlocal, advanced sampling 

- fast registration possible w/o restriction to single feed-forward ➞ instance optimisation  

- probabilistic graph networks enable geometric learning for large deformations  
- unlike U-Net in segmentation: few methods work out-of-the-box for variety of registration tasks



 How to make deep learning work in medical image registration: 
 current advances, pitfalls and remaining challenges (Mattias Heinrich)

Thank you for your attention - Q&A

Prof. Dr. Mattias Heinrich 
- Medical Deep Learning Group 
- Institute of Medical Informatics 
- University of Lübeck, Germany 

Thanks to my team in particular: 
Lasse Hansen (PhD student geometric learning) 
Hanna Siebert (PhD student DL registration) 

Contact: 
heinrich@imi.uni-luebeck.de 
github.com/multimodallearning 

see you in Lübeck for MIDL 2021

mailto:heinrich@imi.uni-luebeck.de
http://github.com/multimodallearning

