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Neural network architecture

Automated lesion delineation was performed with a modified residual 3D U-Net CNN, see fig. 1. The
network consists of encoder and decoder paths each of which represents an alternating sequence of residual
blocks and, respectively, downsampling (2× 2× 2 max-pooling) and upsampling (3× 3× 3 deconvolution)
steps. The residual block combines 3 × 3 × 3 convolution, batch normalization, leaky ReLU and dropout
layers and applies them to the input twice in a row while also providing a bypass skip-connection to improve
the gradient flow and accelerate training. Since the number of input and output features can differ, 1× 1× 1
convolution is used in the skip-connection for equalization.

Features identified by the encoder are transferred to the decoder via skip-connections and concatenated
with the corresponding decoder features at all image scales except the lowest one. At the bottom of the
U-Net the encoder and decoder are connected through the Multi-Head Self-Attention (MHSA) block to
improve awareness of the global context in classification of FDG-avid regions. MHSA was first introduced
in [1] for natural language processing and was further adapted for image processing. Our implementation
of MHSA mostly follows [2] with few modifications. We refer to [2] for further details on and motivation
behind MHSA while here we provide only a short overview of the method.

In our implementation, MHSA block comprises two Self-Attention (SA) heads which share the same
input. Each SA head establishes a rule according to which the information is transferred across the whole
image. The rule is defined via projection operators (implemented as 1 × 1 × 1 convolution) of the input
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tensor into queries, keys and values matrices: Q ∈ Rn×k, K ∈ Rn×k, and V ∈ Rn×k, respectively. Here,
n = 16 × 16 × 4 is the total number of voxels in the input tensor and k = 64 is the number of dimensions
of the projection space. This way, each voxel i is represented by vectors qi, ki, and vi of length k which
are stored as lines of the respective matrices. Values vector vj holds the relevant information about voxel j
which is going to be transferred while vectors qi and kj determine the information transfer rate from voxel
j to voxel i based on their similarity. In our implementation, we define similarity between qi and kj as
a cosine of the angle between them calculated as a dot-product of the normalized vectors. The similarity
coefficients of voxel i to every other voxel j are softmaxed and written in the form of attention matrix
A ∈ Rn×n. Each matrix element Aij denotes a relative importance of the voxel j for classification of voxel
i. The output of SA head for each voxel i is the sum of values vj weighted with Aij :

SA(Q,K,V) = softmax(Q̃ K̃T )V = AV,

where tilde denotes row-wise L2-normalization of the matrix and the softmax is applied row-wise. The
outputs of all SA heads are concatenated and combined together via another 1× 1× 1 convolution (without
bias).

Importantly, the SA mechanism has no means to account for the relative position of the voxels in the
image. To give the SA heads the access to the spatial information, the input tensor is concatenated with
positional encoding tensor [1]. Moreover, we added the residual connection around the MHSA block to
improve the gradient flow.

The described architecture was implemented using the Apache MXNet (version 1.9.0) package for the
R language and environment for statistical computing (version 4.2.0) [3].
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Figure 1: Architecture of the utilized CNN. Numbers above and beside each block designate the number
of feature channels and matrix size at the given state, respectively. The images on the left are exemplary
CT (top) and PET (bottom) images (input) and the image on the right is the corresponding output image
(probability maps of the background, primary tumor and lymph-node metastases shown in black, red, and
green respectively)
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Loss function and evaluation metrics

The loss function used for the network training is the sum of soft Dice and Cross-Entropy (CE) losses:

L(p, y) = 1
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]
, (3)

where yij and pij are, respectively, ground truth (binary) and predicted probabilities of voxel i to belong
to class j, N is the number of voxels in the training batch, and C = 3 is the number of classes. Here, the
smoothing constant ε = 1 is added to the denominator in (2) for numerical stability.

The evaluation metric used for monitoring the training process in the validation data was the multiclass
soft Dice function. The formula for the soft Dice metric function is similar to (2) with the difference in the
expression sign and the fact that the loss function is calculated separately for each (relatively small) image
batch while the evaluation metric is computed for the whole validation dataset at once.

References

[1] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is All you
Need. In: Advances in Neural Information Processing Systems, Guyon I, Luxburg UV, Ben-
gio S, Wallach H, Fergus R, Vishwanathan S, et al., editors, vol. 30. Curran Associates, Inc.
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf.

[2] Petit O, Thome N, Rambour C, Themyr L, Collins T, Soler L. U-Net Transformer: Self and Cross Atten-
tion for Medical Image Segmentation. In: Machine Learning in Medical Imaging. Springer International
Publishing. 2021;267–276.

[3] R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing, Vienna, Austria. 2022.

3


