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1. Qualitative Analysis of Inference and Test-Time Optimization

In Figure 1, we present qualitative examples of intermediate image reconstructions and label predictions during test-time
optimization for embedding inference (see Sec. 3.5 of main paper). At step 0, we show the reconstructed image and pixel-
wise label map using the latent code (wt € W) predicted by the encoder. Looking at the in-domain test image (first row),
we can see that the reconstructed image at step 0 recovers the overall structure of the test image including the overall hair
style, the positions of the eyes, nose and mouth. However, some smaller parts, for example the eye brow and ears, do not
match the ground truth very well. Such discrepancies at step 0 are especially pronounced for out-of-domain test images (third
and fifth row), as the encoder is trained only with in-domain images, i.e. the real human faces from CelebA. It has never seen
images like paintings and sculptures during training and therefore tries to map those out-of-domain images into the latent
space of the in-domain images with similar semantic structure. For example, the encoder-based reconstruction at step 0 of
the sculpture still resembles a real human face, but the positions of the parts almost match the ground truth except for the ear,
which would be unusual in a real human face. Since the encoder is trained with in-domain images, it cannot precisely recover
individual out-of-domain test images. Instead, it predicts common and smooth features learnt from the training dataset with
only the overall structure being consistent with the out-of-domain test images.

This is where test-time optimization comes in. As just discussed, the encoder prediction provides a strong latent code
initialization which already captures the overall semantic structure of the original image. The goal of the optimization is to
take the initial latent code predicted by the encoder and further finetune it to also match the fine details missed by the encoder
prediction. For the in-domain image, we can see that from step 0 to step 200 the reconstructed image develops a higher
similarity to the original test image, especially with respect to the fine details of the hair, eyes, eye brows and ears. For the
painting and the sculpture, the texture changes dramatically and also the semantic structure—for example, the mouth in the
painting and the ears in the sculpture—is modified to match the test image as well as the ground truth labels. Note that we
only optimize for the reconstruction quality of the image, as we do not have access to the ground truth label at test time.
Nevertheless, we still observe strong consistency between the reconstructed image and the generated label. We attribute this
to the general consistency between images and labels that is enforced during generator training by the discriminator D,,, .

1.1. Ablation Study on Test-Time Optimization Parameters

We conduct an ablation study on two important hyperparameters for the test-time optimization, the number of steps per-
formed as well as the A\, parameter, which determines the trade-off between image reconstruction quality and the “encoder-
generator” regularization that encourages the optimization trajectory to stay within the region where the encoder approxi-
mately inverts the generator (ablation results in Figure 2, left). We see that compared to step 0 (no optimization), a small
number of optimization steps helps boosting the performance for all \; configurations (by around 5 percent after 50 steps, for
example). We also observe that the performance peaks at around 400 optimization steps. Further optimization decreases the
segmentation performance. Usually, a higher number of optimization steps means higher image reconstruction quality. But
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Figure 1: Face Parts Segmentation Optimization Results. Image reconstructions and segmentation label predictions at different steps during the
optimization process. Step 0 corresponds to using the latent code predicted by the encoder without any further optimization. The model was trained on
CelebA-Mask data. Hence, the first example corresponds to in-domain data, while the other two examples, from the MetFace dataset, are out-of-domain
cases.

after a certain number of steps, around 400 in our case, the optimization tries to recover details such as tiny wrinkles in the
face and the optimization trajectory may propagate too far outside the meaningful region of latent space where the training
images reside. The generator was not trained to deal with such far-from-training latent codes and hence the semantic label
prediction becomes inaccurate.

We also plot the reconstruction quality measured in LPIPS vs. segmentation performance (Figure 2, right). We find that the
reconstruction quality is generally correlated with segmentation quality. However, when image reconstruction loss (LPIPS)
approaches O—the y-axis in the plot—there seems to be a small dip in segmentation performance, most likely corresponding
to the “overfitting” effect discussed in the previous paragraph.

1.2. Probabilistic Perspective on the Inference Protocol

It is interesting to note that we can also look at our inference protocol from a fully probabilistic perspective: Given a target
image z , we aim to find the maximum of a log posterior distribution arg max,, + oyy+ 109 p(w™ |z ) and via Bayes Theorem
logp(w™ |z ) ~ logp(z |w™) + log p(w™). Since the LPIPS loss is based on an L2 term in the feature space of a neural
network, we can interpret the reconstruction loss in Eq. (8) of the main paper as the negative log probability of an image
2 under a product of Normal distributions that are defined in pixel as well as feature space and centered at the target image
x . Hence, by using LPIPS and per-pixel L2 reconstruction losses, we are effectively assuming p(z |w™) to be a product
of such Normal distributions. Furthermore, as discussed in Sec. 3.5 in the main paper, the “prior” p(w™) is not a tractable
distribution. Therefore, in our protocol we are essentially ignoring this term and instead regularize the objective with the
encoder-generator regularization term in Eq. (7) of the main paper.

This probabilistic perspective is interesting, because it connects our work to other generative models and also suggests
directions for future research. For example, one could employ Markov chain Monte Carlo (MCMC) techniques to sample
instead of maximize the posterior distribution p(w™ |z ) and generate diverse plausible pixel-wise label masks. Such ideas
have been explored in the context of GAN-based inpainting [4] and this also highlights our connection to the literature on
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Figure 2: Optimization Parameter Ablation Study. Left: Ablation study on the number of optimization steps performed during test-time optimization
for embedding inference, as well as on the A2 hyperparameter. Right: Image reconstruction quality measured in LPIPS against segmentation performance.
Segmentation performance is calculated as mIoU on the out-of-domain MetFace dataset. The model for these experiments is trained with 1500 CelebA-Mask
labels.

energy-based modeling for perception, recognition and generation, where one often performs MCMC-based sampling during
training and synthesis [23, 6, 29].

2. Training Details

As described in Sec. 3.4 of the main paper, we divide training of our model into two stages. In the first stage, we train the
generator that models the joint distribution of both images and labels using a standard Generative Adversarial Network-based
(GAN) approach. In the second stage, we freeze the generator and only train the encoder. For all tasks, we resize the original
images and labels into a resolution of 256 x 256, both during training and inference. In the following, we describe the training
parameter and details.

GAN Training. Our implementation is based on a pytorch implementation of StyleGAN2.! We follow the same training
setup as in [1 1] and use a latent space YV with dimension 512, leaky ReLU activation functions with o = 0.2, bilinear filtering
in all up/downsampling layers, exponential moving average of generator weights, and style mixing regularization. For D, we
use a non-saturating logistic loss with R; regularization [21]. For D,,, we use a hinge loss [ 7], feature matching loss [34],
and multi-scale discriminators with 3 scales [34]. We use the Adam optimizer with hyperparameters 8; = 0, 85 = 0.99,¢ =
10 3 learning rate = 0.002, batchsize = 32. For unlabeled images, we only apply random horizontal flip to the input image
and for both labeled, we apply additionally apply random affine transformations with scale factor of 0.1, transition factor of
0.15 and rotation of up to 15 degree. We train the generator until FID converges, which happens usually between 60k and
100k iterations depending on the dataset.

Encoder Training. Our encoder is based on the Feature Pyramid Network (FPN) [18]. We use a feature dimension of
512 for lateral layers. Following the original implementation of the FPN, we extract features { P2, P5, P, } corresponding to
fine to coarse feature levels. For each style code w:r , where 7 indicates the number of the style layer, we use a small fully-
convolutional network to map FPN’s intermediate features to 512-dimensional vectors. With an input resolution of 256 x 256,
we have 14 style layers in total. We define w;", i € [0, ..., 2] as coarse-level style codes, obtained using features from FPN’s
P, layer. We define w;",i € [3,..., 6] as medium-level style codes, obtained using features from the P layer. Finally, we
define wj, 1 € [7,...,13] as fine-level style codes, obtained using features from FPN’s P; layer. For training this encoder, we
follow [25] and use the Ranger optimizer, a combination of Rectified Adam [19] with the Lookahead technique [36]. We use
a constant learning rate of 0.001 for the first 30k iterations and decrease the learning rate with a cosine decay schedule. Since
the gradient needs to backpropagate through the generator, which has many layers, we find that adding gradient clipping with
a max. norm of 2.0 helps stabilizing training. We use the same A\; = 0.1 for all tasks. We use a batch size of 16 and train for
60k iterations.

Uhttps://github.com/rosinality/stylegan2-pytorch



Dataset Train  Test

JSRT/SCR [28, 33] 175 72
CXR14 (unlabeled) [35] 108K -

NLMMMCO) [9] - 138
NLM(Shenzhen) [9, 30] - 566
NIH [31] - 100

Table 1: Chest X-ray Lung Segmentation Datasets. Number of training and test images taken from the different datasets.

3. Inference Details

For test-time optimization, we use the Adam optimizer with ; = 0.9, 8, = 0.999, ¢ = le ® and learning rate = 0.1. For

all tasks, we use Ay = 0.1. For chest x-ray segmentation, we use A3 = 0.001 with 200 steps. For skin lesion segmentation,
we use A3 = 0.1 with 200 steps. For the CT-MRI liver segmentation task, we use A3 = 0.001 for CT and A3 = le ° for
MRI with 400 steps. For face parts segmentation, we use A3 = 0.001 and 400 steps. For all tasks, we use a threshold of 0.5
to obtain the segmentation mask from the segmentation branch’s continuous output in [0, 1].

Dataset Train  Test
ISIC2018 [3] 2000 594
ISIC20204 (unlabeled) [27] 33126 -

PH2 [20] - 200
DermlS [5] - 69
DermQuest [5] - 98

Table 2: Skin Lesion Segmentation Datasets. Number of training and test images taken from the different datasets.

4. Dataset Details

For the chest x-ray segmentation task, we use CXR14 [35] as unlabeled dataset and JSRT [28, 33] as labeled dataset. We
combine these two datasets and split into a part for training, consisting of both labeled and unlabeled x-rays, as well as a fully
labeled part for in-domain testing. Furthermore, we use three additional datasets, NLM(MC) [9], NLM(Shenzhen) [9, 30]
and NIH [31], for out-of-domain testing only (see Table 1 for splits). JSRT is a small collection of high quality chest x-ray
datasets with balanced gender and marker-removal preprocessing. The patients are in standard pose. The other three datasets
are collected from different medical centers with varying patient poses and scales, among which NIH varies the most in terms
of sensor quality and patient poses. We follow [22] using histogram equalization and gamma correction as preprocessing
steps. The same preprocessing is applied for all baseline experiments.

For skin lesion segmentation, we use ISIC2020 [27] as unlabeled dataset and ISIC2018 [3] as labeled dataset. We similarly
split the combined data into a part for training and a separate labeled part for in-domain testing. We use three further datasets,
PH2 [20], DermIS [5] and DermQuest [5], as out-of-domain test datasets (see Table 2 for splits). The lesion segmentation
ground truth of ISIC2018 is collected using a combination of fully-automated, semi-automated, and manual annotation
methods. Hence, it contains coarse annotations as also reported by other papers [24]. We did not filter or preprocess the
original datasets.

For the cross-domain CT-MRI liver segmentation task, we use LITS2017-test [ 1] with 70 CT volumes as unlabeled dataset
and LITS2017-train [1] with 131 volumes in total as labeled dataset. We further split LITS2017-train into train and test sets
with 118 and 13 volumes respectively as labeled datasets for training and in-domain testing. We use the other two MRI
datasets CHAOS-T1-in [12], and CHAOS-T1-out [12] as out-of-domain test datasets (see Table 3 for details). T1-in denotes
T1-weighted MRI for “in”-phase mode and T1-out denotes T1-weighted MRI for “out”-phase mode. LITS2017 is a collection
of liver CTs with liver and tumor segmentations. We only use the liver class and merge the tumor class into the background
class for the whole dataset. As preprocessing of the raw CT data, we clip the attenuation coefficient in a range between —200
and 400 and normalize it by subtracting the minimum and dividing by the signal range in a slice-wise manner. The CHAOS



Dataset Train Test

LITS2017-train [1] 118 13
LITS2017-test4 (unlabeled) [1L 70 -

CHAOS-T1-in[12, 13, 14] - 20
CHAOS-T1-out [12, 13, 14] - 20

Table 3:CT-MRI Liver Segmentation Datasets. Number of training and test patient volumes taken from the different datasets.

dataset contains multi-organ MRIs with different sequences. We only use the liver segmentation class and merge other classes
into the background class. As preprocessing, we clip the raw MR signal in a range betw8gnathe99:9 percentiles and
normalize it by subtracting the minimum and dividing by the signal range in a slice-wise manner. Note that the CT and MRI
volumes have different sensor poses and might have different regions of interest. We did not do any cropping, resampling, or
alignment, but only the slice-wise preprocessing described above.

For face parts segmentation, we split the CelebA-Mask dataset [16] into CelebA-mask-u with 28k images as unlabeled
dataset and CelebA-mask-I with 2k images and segmentation labels. We further devide the labeled portion of the data
into train and test sets. For out-of-domain testing, we manually annotate 40 images randomly selected from the MetFace
dataset [10], which is a collection of human face paintings and sculptures (see Table 4). We merge the 19 label classes
originally de ned in the CelebA-Mask dataset into 8 classes (background, ear, eye, eyebrow, skin, hair, mouth, nose) and we
follow the same annotation protocol when labelling the selected images from the MetFace dataset.

Dataset Train  Test

CelebA-mask-I [16] 1500 500
CelebA-mask-u4 (unlabeled) [1€¢ 28000 -
MetFace-40 [10] - 40

Table 4:Face Parts Segmentation Dataset®Number of training and test images taken from the different datasets.

5. Baseline Implementations and Metrics Details

As described in the main paper, our baseline methods include the fully supervised U-Net [26] and DeeplLabV2 [2] as
well as the semi-supervised segmentation methods MT [32], AdvSSL [7] and GCT [15]. The implementations of the semi-
supervised segmentation approaches are based on the Pixet¢®8kitory [15] and we also use the DeepLabV2 implemen-
tation from this repository. The U-Net implementation is based on a public pytorch implemeritaiwnhyperparameters
for MT, advSSL and GCT are kept at their defaults.

For all baseline methods, we use the Adam optimizer with a learning rate of 0.00025 and a batch size of 16. For the
semi-supervised methods, the batch size for unlabeled data is set to 8. We train all baseline models for 10k iterations and
choose the best model based on validation set performance.

For the evaluation metrics, we follow the common practice in the literature. For chest x-ray lung segmentation and CT-
MRI transfer liver segmentation, we report the Dice score per patient, with each patient's Dice calcula&d asjz;i’;\jgjj ,
whereA is the prediction and is the ground truth. For skin lesion segmentation, we report the Jaccard index per patient.
The Jaccard index is calculated 38 = m g}: for each patient. For face parts segmentation, we report mean Intersection
over Union (mloU) over all classes, excluding the background class. 10U is generally calculatdd asm g}. Hence,
loU and JC are essentially the same. mloU is popular for computer vision tasks, where usually the pixel-wise mean loU is
computed asnloU = % for imagesi. The term JC is popular in the medical literature, where usually the patient-
wise/per-image mean JC is calculated&s = ‘}2:} g'j . For validation, we follow the original PixelSSL repository and
use mloU per image for all experiments, except for CT-MRI transfer experiments, where we modify it to mean loU per

2https://github.com/ZHKKKe/PixelSSL/tree/master/pixelss|
Shitps://github.com/milesial/Pytorch-UNet



