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ABSTRACT
In this work, we propose a synergistic PET/MR recon-
struction method based on the ADMM algorithm and a
pre-trained bimodal Variational Auto Encoder (VAE) as a
constraint. Because of the multiple modalities, balancing the
VAE’s loss becomes a challenge. To solve this, we adapt an
adaptive loss balancing method and apply it to the training
of the VAE. We evaluate our approach on 2D slices from
44 different patients and show that the presented approach
performs particularly well on low dose/highly undersampled
data.

Index Terms— Tomography, reconstruction, deep learn-
ing, VAE, synergistic, PET, MRI

I. INTRODUCTION
Positron emission tomography (PET)/magnetic resonance

(MR) imaging is a recent multimodal imaging technique
that is gaining attention for its ability to visualize both
functional and anatomical information on well registered
images [1]. With this hybrid imaging technique, the PET
and MRI data are acquired on the same device. This can be
used for various applications such as PET motion correction
[2] or helping with diagnosis for diseases such as Alzheimer
[?]. Recently, several studies have explored the joint (or
synergistic) reconstruction of those two modalities. The idea
is that by performing a joint reconstruction, we can make
use of the mutual information between the two modalities
to improve the reconstruction results of each of them.
Initially, variational methods were investigated and have
shown how this type of reconstruction strategy can benefit
both modalities [3]. This kind of method promotes struc-
tural similarity, such as common edges between the two
modalities, through joint Total Variation (TV). However, this
also leads to the suppression of modality specific features
and the imprinting of one modality over the other. To
overcome these challenges, Mehranian et al [4] proposed a
generalized joint TV that allows the disentanglement of the
two modalities while still taking advantage of the mutual
information to enhance each reconstruction. Although the
results are promising, the use of TV tends to produce smooth
images and suppress small details, which is particularly

detrimental, especially for MR images.
The introduction of deep learning allowed to learned more
powerful and complex priors directly from the data. This
proved to be very successful at capturing the mutual in-
formation with the example of unrolled approaches [5].
Among the deep architectures, the Variational Auto Encoder
(VAE) [6] proved to be successful at capturing the mutual
information of multimodal images [7]. A major challenge in
training these models concerns the weighting of the various
components of the loss in order to balance the influence
of the two modalities and insure that both images will be
properly generated.
In a previous work [8], we proposed a MR-guided PET
reconstruction method relying on optimization of the prior in
the latent space of a pre-trained bimodal VAE. In this work
we further develop the idea of deep latent reconstruction
(DLR) by solving several issues related to synergistic recon-
struction. In particular, we adapt and implement the method
proposed by Wang et al. in [9] to automatically balance the
different components of our VAE’s loss during training. We
show that with this method, we obtain comparable results
to a high-dose setting using low-dose or very undersampled
data by leveraging the bimodal information.

II. MATERIALS AND METHODS
II-A. Problem formulation

We denote M the number of PET lines of response and
N the number of image voxels for both the PET and MR
images. The unknown vector xpet ∈ RN is the radioac-
tive tracer distribution and P ∈ MM,N (R) the detection
probability matrix. The forward model considers the data
ypet ∈ NM as independent Poisson random variables with
expected counts ỹpet = Pxpet + r + s where r and s are
the expected number of randoms and scatters. The PET data
fidelity is given by the negative Poisson log-likelihood:

Dpet(ypet, xpet) =

M∑
i=1

([ỹpet]i − [ypet]i log([ỹpet]i)) (1)

The Magnetic Resonance (MR) imaging model is
ỹmr = Exmr where xmr ∈ RN is the MR image, ỹmr

and ymr ∈ RMv are the expected k-space data and the



measurements respectively, E = UF ∈ MMv,N (C) is the
Fourier encoding matrix consisting of the product of the
discrete Fourier transform F and the operator U which
performs a radial subsampling of factor R on the k-space
data. Mv is the number of k-space samples. We also assume
the measurements are corrupted by Gaussian noise, and we
define the MR data fidelity term as:

Dmr(ymr, xmr) =
1

2
∥Exmr − ymr∥22 . (2)

Our aim is to find the PET-MR solution (x̂pet, x̂mr) ∈ RN ×
RN of the following minimization problem:

(x̂pet, x̂mr, ẑ) = argmin
xpet,xmr,z

Dpet(ypet, xpet) +Dmr(ymr, xmr)

s.t. (xpet, xmr) = Decoder(z) (3)

where Decoder is the decoder part of the VAE and the latent
variable z is used for the low-dimensional representation of
both the PET and MR images. This latent variable is used
to concentrate the mutual information and optimize over a
smaller, simpler space.

Denoting µ the Lagrange multiplier and ρ = (ρmr, ρpet)
the Lagrangian hyperparameter, we can apply ADMM to
solve this problem, which gives the following iterations:

xn+1
pet = argmin

xpet

Dpet(ypet, xpet) (4)

+
ρpet
2

∥xpet −Decoder(zn)pet + µn
pet∥2

xn+1
mr = argmin

xmr

Dmr(ymr, xmr) (5)

+
ρmr

2
∥xmr −Decoder(zn)mr + µn

mr∥2

zn+1 = argmin
z

∥Decoder(z)− (xn+1 + µn)∥2 (6)

µn+1 = µn + xn+1 −Decoder(zn+1) (7)

where we denoted xn = (xn
pet, x

n
mr), µ

n = (µn
pet, µ

n
mr) and

Decoder(zn) = (Decoder(zn)pet,Decoder(zn)mr) . The
minimization problem of Eq. (4) is solved with optimization
transfer and a convex surrogate function similar to the one
used for the classical MLEM algorithm [10]. We used the
following update formula for xn+1

pet at each pixel j:

[
xn+1
pet

]
j
=

1

2

(
[Decoder(zn)pet]j − [µn

pet]j −
pj
ρpet

(8)

+

√(
[Decoder(zn)pet]j − [µn

pet]j −
pj
ρpet

)2

+
4pj [x

n+1
pet,em]j

ρpet

)

where pj =
∑

i Pi,j and xn+1
pet,em is obtained by doing one

MLEM step:

[xn+1
pet,em]j =

[xn
pet]j

pj

∑
i

Pij
[ypet]i

[Pxn
pet]i + ri + si

(9)

Equation 5 is a penalized least square problem. This
problem can be solved using first order optimality condition.
We get the following equation :

(ρmrI+EHE)xn+1
mr = EHymr+ρmr(Decoder(zn)mr−µn

mr)
(10)

The solution of this equation can be obtained with a few
iterations of the conjugate gradient algorithm, which is used
extensively for MR image reconstruction [11].

The update of the latent variable in Eq. (6) is performed
with a gradient descent. We use the Adam algorithm [12] that
includes tuning of the step size. The scaling of the Decoder
output is also an important issue. It is common practice
to train the decoder on normalized data but the image that
we are trying to reconstruct is not necessarily normalized.
Thus, we have to rescale independently the decoded images
during the iterations to match the current reconstruction of
the corresponding modalities. The additional ADMM penalty
parameter ρ has a strong influence on the convergence rate
and is often chosen empirically based on some validation
data. In this work, we implemented the adaptive update
scheme proposed recently in [13] independently for ρpet and
ρmr. Its principle is to balance the relative primal and dual
residuals while taking into account the scaling properties
of the ADMM problem. We have also implemented the
stopping criterion proposed in the same paper with ϵ = 0.02.

II-B. Dataset
The data used for training the VAE and testing our method

consists in 840 co-registered 2D brain [18F]FDG PET im-
ages (20 minutes acquisition) and T1-weighted MR images
extracted from 44 acquisitions on a clinical hybrid PET/MR
scanner (Signa PET/MR, GE Healthcare) of patients with
dementia or epilepsy. These images are of shape 256× 256
and are considered our references. Since our goal is to
achieve the quality of a high dose reconstruction in a low
dose setting, we consider those high dose images as the
references and we simulate low dose data from them. The
low dose PET data ypet are generated according to the
following:

ypet = Poisson

(
α

∥xpet∥1
(Pxpet + r + s)

)
(11)

where α is a factor used to control the noise level. The
signal to noise ratio is lower for lower values of α. We add
r (random) and s (scatter) events so that they correspond to
1% of the total number of observed events . The resulting
sinograms are of shape 256 (number of bins) × 60 (number
of angles).
For the MRI, the data are generated according to the follow-
ing :

ymr = Exmr + b (12)

where b is some random Gaussian noise. We can control the
level of noise we add through b and we simulate a shorter



Fig. 1. Architecture of the VAE.

acquisition time by increasing the subsampling factor in the
operator E.

II-C. VAE structure and training
In this work, we use VAEs to generate PET and MR

images. A VAE is a latent space generative model based
on the variational Bayesian inference originally proposed
by Kingma and Welling [6]. The structure of our VAE is
displayed in figure 1. Each convolution and transposed con-
volution is described with the format (number of channels,
filter size, stride) and the dense layers are described by their
number of neurons. The sampling layer is used to perform
the reparametrization trick [6] and takes a mean vector and
a standard deviation vector to sample a latent variable z.
We use a multichannel input CNN, which treats PET/MR
images as two separate input channels. The training loss of
our VAEs can be written as:

L (θ) = LKL(θ) + λpetL
pet
rec (θ) + λmrL

mr
rec(θ) (13)

where LKL(θ) is the KL loss, L pet
rec (θ) and L mr

rec(θ) are
the reconstruction losses for the PET and MR modality
respectively and λpet and λmr are the weighting coefficients
associated with each modality.

The challenge with training such a VAE is that the dif-
ferent components of the loss can have completely different
scales. Typically, in our experiments, there are four orders of
magnitude between the reconstruction loss and the KL loss.
To tackle this issue, we use the method proposed in [9].
By using the gradients of the different losses we can update
λpet and λmr before each gradient descent step in order to
get each loss at the same scale. This training strategy was
crucial to obtain satisfactory results.

The training was implemented using the open-source
library Keras 2.2.5 with Tensorflow backbone and performed
on an NVIDIA RTX A2000 mobile. The network is trained
for 500 epochs using the Adam optimizer with a learning
rate of 10−3 and a batch size of 32. The images from our
dataset were used as the high-quality references and the VAE
was trained on them. The dataset was split into 3 parts: one
for training, one for validation (20% of the data) and one
for testing (10% of the data).

II-D. Experiments
We test our method by reconstructing 2D slices with

various simulated acquisition times. We then compare the

Fig. 2. Ground truth images and reconstructed images ob-
tained for α = 105 and a subsampling factor of 40.

reconstruction results of the PET image with MLEM [14]
and the ones for the MR image with the simple inverse
Fourier transform.

We initialize the algorithm with the 10th iteration of
MLEM for the PET and the inverse Fourier transform for
the MRI. The initial latent variable is given by using the
encoder part of the VAE on the initial PET and MR images.
The forward and backward projections are handled by the
ASTRA toolbox [15] with a parallel geometry. The test
reconstructions were performed on a test set of 46 slices
never seen by the VAE.

III. RESULTS
Figure 2 shows a slice from the test set reconstructed with

our approach together with the ground truth images and the
reconstructions given by the MLEM algorithm for PET and
IFFT for the MRI. Visually, we can see that we manage to
retrieve a lot of lost information but we still lose some high
frequency details. This can be partly attributed to the very
nature of the VAE that compresses the data and loses the
high frequencies in the process.

Figure 3 shows the evolution of the distance to the con-
straint ∥Decoder(zn)pet−xn

pet∥ as a function of the ADMM
iterations for the slice shown in figure 2 for the proposed
method during one reconstruction. With the adaptive update
of the Lagrangian parameter ρ, the behavior of the error
metrics is highly nonlinear. The regularizing effect of the
constraint is obtained after a few iterations when ρ increases
significantly. The large decrease of the distance to the VAE’s
output is concomitant with the MSE decrease. It should be
noted that simultaneously the data fidelity term increases
which means that once a good latent variable has been found,
the improvement is due to the constraint. The projection
on the image manifold learned with the autoencoder is



Fig. 3. Evolution of the distance to the constraint for α = 105

and R = 20.

thus efficient to reduce the noise and the artifacts on the
reconstructed image.

The quality of the reconstructions was evaluated quan-
titatively using the normalised root mean squared error
(NRMSE) and (Structural SIMilarity) SSIM for several noise
levels and undersampling rates R. These metrics are plotted
taking the undersampling rate or noise level of the other
modality as parameter. In figure 4, for the PET modality, we
plot the evolution of the NRMSE and of the SSIM with the
numbers of photons for the proposed method, for different
undersampling rates R and we compare the results with the
ones obtained with MLEM. Similarly, Figure 5 displays the
evolution of the error metrics with the subsampling factor R,
for various photons counts, and we plot also the errors with
the naive IFFT for comparison. We can see that the proposed
approach performs well especially in the case of a lot of
missing data for both modalities. We can also see on figure
4 how reducing the subsampling factor (which corresponds
to a more accurate acquisition) leads to a slightly better PET
reconstruction. A similar effect is less obvious but can also
be seen for the MR image on figure 5. This shows the effect
of the multimodality on the reconstruction while hinting at
a greater impact of the MR modality on the PET one than
the opposite.

IV. DISCUSSION
The main advantage of the proposed method is that the

regularizing effect is learned and not based on penality terms
like TV or joint TV regularization. By using a multimodal
VAE, we get a latent variable that sums up the mutual
information between the two modalities. With enough data
it should be possible to get a latent space from which we
can generate any PET/MR images. Moreover, the approach
is based on a limited number of hyper-parameters thanks
to the automatic update method adopted for the ADMM
algorithm. One of the current drawbacks of the method is
that the quality of the reconstructed images fully depends on
the images generated by the VAE. Firstly, the reconstructed
images are thus a bit blurry because of the very nature
of the VAE. Second, there are mismatches with the data
that are created by the VAE. This is particularly true with

Fig. 4. Evolution the NRMSE and SSIM with the photon
counts of the PET reconstruction, for different undersam-
pling rates R.

Fig. 5. Evolution of the NRMSE and SSIM with the un-
dersampling rate for the MR reconstruction, for different
numbers of photons.

tumours for example since the VAE has not been trained on
these anomalies and thus, cannot generate them. To try and
address these challenges, we are most interested in the recent
diffusion models which could enable a sharper reconstruction
and a better generation conditioned on the measured data
[16], [17].

V. CONCLUSION

Our aim in this paper is to improve the fusion of the com-
plementary informations in PET/MR images. We have inves-
tigated a network-constrained image reconstruction method
where a pre-trained multi-channel input VAE trained with
high-quality images is used to represent feasible PET and
MR images. We show that using the two modalities, we are
able to find a latent variable that represents denoised images
despite a lot of missing data. In future works, we will try
to get better results by using new architectures and we will
better quantify the impact of the bimodality on the quality
of the reconstruction.
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