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Abstract

The thesis proposes novel single-image test-time adaptation methods for image segmenta-
tion based on a deep neural network. Test-time adaptation improves the robustness of the
deep neural network to data shift using a single unlabelled image with no other data avail-
able. The methods are evaluated on two different deep segmentation networks, including
a recent segmentation model trained on 1 billion segmentation masks, the Segment Any-
thing Model. The best approach reduces the segmentation error of the two models caused
by synthetic corruptions by 15.47 % and 25.12 %.

Keywords: Test-time adaptation, generalization, self-supervised learning, image seg-
mentation.



Abstrakt

Tato prace navrhuje nové metody pro adaptaci segmentac¢nich modelu zalozenych na
hlubokych sitich z jednoho obrazku béhem testovani. Adaptace v dobé testovani zvysuje
robustnost hluboké neuronové sité vuci zmeéné distribuce dat pomoci jednoho neanoto-
vaného obrazku bez pristupu k jinym datum. Metody jsou vyhodnoceny na dvou ruznych
hlubokych segmentacnich sitich, véetné nedavno publikovaného segmenta¢niho modelu
Segment Anything trénovaného na 1 miliardé segmenta¢nich masek. Nejlepsi navrhovany
pristup snizuje segmentacni chybu vyhodnocovanych modelu zpusobenou syntetickymi
poruchami o 15.47 % a 25.12 %.

Klicova slova: Adaptace béhem testovani, generalizace, ucéeni bez ucitele, segmentace
obrazu.
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Chapter 1
Introduction

State-of-the-art solutions to computer vision tasks are currently dominated by methods
based on deep neural networks. Fully-supervised learning works very well when both im-
ages (also referred to as features or covariates) and their corresponding labels are available
in abundance. A standard way of fully-supervised learning of deep nets is to optimize
the parameters of the network by minimizing a loss function between the predicted and
target values on a large dataset also referred to as the training data.

But fully-annotated data is also scarce. Many approaches to learning with limited
supervision such as semi-supervised, weakly-supervised or self-supervised learning have
been proposed with impressive results, greatly narrowing the gap between learning with
limited supervision and fully-supervised. Even when fully-supervised data is available,
self-supervised pretraining or extending the training set with unlabelled data can improve
performance.

When the test (source distribution samples not used for training) and deployment
(target distribution) data samples are independent and identically distributed and the
source and target distributions are the same, theoretical bounds on the true risk under that
distribution based on test accuracy exist. But when the distribution and its relationship
to the source distribution are unknown, there are no guarantees on the model performance
on previously unseen data.

Imagine a camera in a car that drives through different areas that experiences a sudden
change of weather. The lens may get soiled. Animals appear on the road. In real-world
applications, the environment where the model is deployed often changes all the time.
In fact, very few things do not change in time. The change of distribution between the
training data and the data encountered at deployment is referred to as domain shift. An
example of how domain shift may impact the performance of a state-of-the art segmen-
tation model trained on a billion of images is shown in Figure 1.1.

Even a single image provides information about the distribution. In some applications,
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Figure 1.1: The impact of domain shift on the the SegmentAnything Model (SAM) trained
on a billion of images. The top row shows an image similar to those in the training set (left)
and the high-quality predicted mask (right). The bottom row shows an image corrupted
by rain most likely not seen during training (left) and a low-quality mask prediction

(right).

the model can receive completely independent images, for example, in an image editing
tool where users upload arbitrary pictures.

The idea of adapting a model to a single image can be observed across many fields. For
example, UniTune [1] finetunes a large pretrained diffusion model to maintain fidelity to
the input image while allowing for expressive manipulations. The performance of portrait
NeRF on unseen images in [2] is improved by finetuning an MLP which models radiance
field on a single image. In tracking, many methods such as D3S [3] initialize the model
from the first frame. In other vision tasks such as image classification or segmentation, the
optimization process stops at the end of the training procedure, discarding the information
about distribution carried by test images.

There are multiple kinds of domain shifts, each of which requires a different treatment.
The one focused on in most of the computer vision domain adaptation literature is the
covariate shift. Covariate shift refers to the setting where the distribution of the input
features changes but the labels remain the same. Examples of covariate shift are changes
from sunny to rainy weather, mobile to DSLR camera or photographs to sketches.

Other kinds of domain shift are label shift and concept shift. Label shift can be seen
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as the opposite of covariate shift - the distribution of the label marginal changes while
the conditional remains unchanged. Finally, concept shift refers to the case when even
the definition of labels may change, for instance, public opinion on what is fashionable
differs both regionally and in time. In this thesis, it is assumed that the shift is only in
the distribution of the covariates.

Even when limited to covariate shift, different works make different assumptions on
data availability. In some cases, both source and target data are available while in others,
only target data is available. The target distribution may be fixed or change in time. The
data may be available at once, in small batches or an image at a time. The set-up when a
model is being adapted to domain shift but no source data are available is referred to as
Test-Time Adaptation (TTA) or Test-Time Training (TTT). The difference is that TTA
does not make any assumptions about the training procedure of the model. In contrast, in
TTT, the training process is altered for example by learning an auxiliary self-supervised
loss alongside the main task. Unless the distinction is important, the methods will be
referred to simply as TTA.

This work explores the possibilities of adapting a segmentation model at test-time
to a single image under an arbitrary covariate shift. No assumption about previous or
subsequent frames distribution is made.

Out of the many methods proposed for TTA for classification, only the test-time
batch normalization or statistics adaptation [4], [5] and entropy minimization [6] have
been evaluated and used as baselines for image segmentation. In [7], the performance
of entropy minimization in a continual setup is explored. Segmentation-specific methods
based on augmented view consistency to identify reliable predictions are proposed in [8],
[9]. Even though most works include an evaluation on Cityscapes [10] (a dataset focused
on street scenes) to ACDC [11] (street scenes in adverse weather conditions such as fog,
nighttime, rain, and snow) domain shift, the results are not comparable due to different
setups. All of these benchmarks are driving-specific. As a result, there are many unknowns
in how the methods compare in different scenarios.

Close to this thesis, a line of work on TTT in medical imaging explores learning
segmentation-specific self-supervised functions to optimize in the form of a deep neural
network, as opposed to an arbitrary self-supervised task such as image reconstruction.
These self-supervised tasks are based on predicting an improved mask by an autoencoder
[12] or learning to discriminate between in-distribution and out-of-distribution masks [13]
by exploiting the discriminator network of a Generative Adversarial Network (GAN). To
the best of our knowledge, similar methods have not been explored on traditional image
segmentation datasets.

Generally, the TTA literature does not compare to TTT methods with the argument
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that these require a modification of the training process and methods that can be applied
to any model are preferable. As a result, it is not known how these methods perform on
image segmentation. Given the prevalence of self-supervised pretraining, how powerful it
has been shown to be for dense-prediction tasks [14], [15] and the success of TTT with
Masked Autoencoders (MAE) [16] on classification, continuing training on these tasks
alongside the target task is often a straightforward extension and generally, the area of
TTT for image segmentation is a direction worth exploring.

Considering the aforementioned limitations, in the thesis, we first propose to adopt a
similar evaluation approach to TTA for segmentation as in classification [16]-[18], that is,
an extension of common segmentation datasets with corruptions as in Imagenet-C [19].
Imagenet-C was created by applying a wide range of corruptions of different levels to
the original images. The corruptions include various types of blur, noise and intensity
transforms, as well as simulating weather conditions such as frost, snow or fog. This has
the advantage that performance on different domain shifts and levels can be studied easily.
Similar extensions can be easily applied to any of the existing datasets, independent of size,
task or difficulty. Such a benchmark provides a diverse validation set for hyper-parameter
search and gaining a better understanding of the methods in different scenarios.

Next, we propose a diverse set of methods including three Test-Time Training (TTT)
methods for adaptation of image segmentation tasks. From TTA methods, the perfor-
mance of the commonly used entropy minimization from [6] and the adversarial-transformation-
based optimization of [20] which makes the segmentation network more robust to small
changes in the input is studied. The application of entropy minimization to image segmen-
tation is straightforward and was done by previous work, so it is considered as baseline
method. In the proposed setup, entropy minimization is capable of reducing the error
caused by the corruptions by 6.9 % on average with the same hyper-parameters across a
wide range of corruption types and levels. Our adaptation of adversarial-transformation-
based optimization performed well across multiple corruption settings but no hyper-
parameters performing well across all of them were found.

The proposed TTT methods include self-supervised reconstruction with masked auto-
encoders which aligns the representation of the encoder with the given image, deep
intersection-over-union surrogate which minimizes the estimated error caused by the do-
main shift and a deep mask refinement network which is trained to eliminate noise from
the predicted mask. Since the domain shifts are not known in advance, they are sim-
ulated by adversarial transformations. The results show that the TTT approaches like
self-supervised reconstruction or mask refinement greatly outperform the entropy mini-
mization baseline when only a small number of images is available, with corruption error

reduction of 11.86 % by the reconstruction-based method and 11.33 % by the mask-
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refinement-based method. The deep IoU-estimation-based method performs similarly to
entropy minimization in terms of best IoU achieved (6.54 % corruption error reduction %)
but is more stable across different hyper-parameter settings. Notably, it rarely diverges
within the 10 optimization steps evaluated, which is desirable since there is no stopping
rule for the test-time optimization. The combination of the best-performing methods,
reconstruction and refinement, reduces the corruption error by 15.47 %.

The majority of the experiments are conducted on top of the reconstruction-pretrained
Masked Autoencoders (MAE) model proposed in [15] finetuned on a small segmentation
dataset on a simple binary-segmentation task. This allows for fast experimentation with
different test-time adaptation methods, including image reconstruction. The most promis-
ing methods are further evaluated on the recently released the Segment Anything Model
(SAM) [21]. SAM is a model trained on 1 billion images and has been shown to perform
well across a wide range of benchmarks. It was published only a month before the thesis,
making it one of the most recent and most general segmentation models available.

The mask-refinement module is also explored as a post-processing method, as op-
posed to TTA. These experiments show promising results even on non-corrupted images,
improving the Intersection over Union (IoU) of the binary segmentation model by 3 %.

Link to code repository: https://github.com/klarajanouskova/TTA-SEG

In summary, the contribution of the thesis are the following

e Bridging the TTA methods for segmentation on natural images with methods pro-

posed in medical imaging domain.

e A general validation framework for hyper-parameter tuning inspired by Imagenet-C

is proposed.
e Establishing a diverse set of TTA baselines for segmentation.

e Test-time training methods are proposed for the segmentation task for the first time

and are shown to outperform the test-time adaptation methods.

e The methods are evaluated on two different models, showing both a custom model
trained on a small segmentation dataset and a very recent general model trained on

1 billion masks can benefit from test-time adaptation methods.

e The adversarially-trained mask-refinement module is shown to perform well even as

a post-processing step.


https://github.com/klarajanouskova/TTA-SEG

Chapter 2

Related Work

This chapter first introduces the problem of domain shift and its different variations in
Section 2.1, with a focus on covariate shift which is studied in the thesis. Test-time
adaptation and test-time training are then described in Section 2.2 where its relationship
to the many similar tasks is explained. Section 2.2 provides an overview of the existing
test-time adaptation methods. Section 2.3 is about self-supervised learning since it is the
basis of test-time training. The focus will be on masked-autoencoders of [15] since these
are the basis of the models used in the experiments and optimizing the reconstruction loss
of the masked autoencoder is one of the proposed test-time training methods. Finally, in

Section 2.4, the Segment Anything [21] model used later in experiments is described.

2.1 Domain Shift

Let us denote the input space (features, covariates) as X', the output space as ) and the
source and target distributions over X x ) as Ps and Py, respectively. In the case of
image segmentation, X = RT*WX3 are images and Y = RT*WXC are the segmentation
masks of C classes. It is assumed that a model f : X — ) is trained on a training set
S ={(zj,y;) € (X x Y)}, drawn i.i.d. from Ps.

After deployment, the model encounters samples (z,y) € X x ) drawn from Pr. In
the optimistic case, Ps = Py and there is no domain shift. Otherwise, the following cases
of domain shift are considered:

Covariate shift refers to the case where

Ps(y|lz) = Pr(yl|z) (2.1)

but
Ps(z) # Pr(x) (2:2)
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Sometimes called sample selection bias, this shift kind has received the most attention in
the computer vision community. Covariate shift naturally occurs in settings when labels
are caused by the input features. Covariate shift may occur because different sensors were
used to collect the features during training and deployment, such as mobile and DSLR
cameras. When a classifier distinguishing cats and dogs is trained, it is unlikely that
the training data contains all the possible dog and cat breeds and their combinations.
But these breeds will be encountered after deployment. A self-driving system may be
very good at detecting obstacles in European cities, but it may see kangaroos for the
first time only after it was deployed in Australia. Other examples of covariate shifts are
changes of weather, sketches to photographs, synthetic to real images or differences in
light conditions such as day to night.

Label shift, also referred to as prior or target shift, is the reverse of the covariate

shift where
Ps(zly) = Pr(z|y) (2.3)

but
Ps(y) # Pr(y) (2.4)

Label shift is often encountered in diagnosis, where diseases (labels) cause the symptoms
(features). For instance, the prevalence of different diseases varies seasonally. Similarly, a
dataset collected before a cycling infrastructure was built is going to contain much more
cars than bicycles compared to the current reality.

Concept shift happens when

Ps(ylz) # Pr(y|z) (2.5)

that is, the relationship between inputs x and outputs y changes. Some concepts have
different meanings regionally. For instance, in most countries, a nod of the head means
agreement while in some, it indicates refusal. A female height of 170 cm is considered as
average height in Sweden but tall in Spain. Other concepts, such as what is considered
fashionable, change over time.

The techniques that aim to transfer the knowledge obtained from the training (source)
data distribution to the test (target) data are referred to as domain adaptation, a special
case of transfer learning where the task remains the same. A comprehensive overview of

domain adaptation in computer vision can be found in [22].
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2.2 Test-Time Adaptation

Domain adaptation methods share a lot in common with semi-supervised learning [23],
[24] and may exploit strategies such as generative models [25], [26]. In practice, this is
often infeasible since source data may not be available for example for privacy reasons,
or we may only have a small number of target domain images available. In continually
evolving environments, the distribution may have already changed by the time adaptation
on a whole target dataset is completed. Various modifications of the traditional domain
adaptation scenario tackling the aforementioned limitations have recently emerged, for
example by considering no access to source data or a continual domain shift [7], [9], [18],
[27]. In particular, test-time adaptation methods assume no source data is available and
aim to exploit the information from as little as a single target domain image.

Both Test-Time Adaptation (TTA) and Test-Time Training (TTT) could be described
as source-free unsupervised domain adaptation. A model trained on a source domain has
to adapt to a target domain without access to the source data and without any labels.
Let us first describe related terms and also the difference between similar but different
setups that may be easily confused:

Continuous domain adaptation assumes the target data change continually, as
opposed to a static target distribution. Furthermore, it is important to avoid catas-
trophic forgetting (previous knowledge). In this work, we make no assumption about
the relationship between the distribution of subsequent samples, each sample could come
from a different distribution. For this reason, our models are initialized to the pretrained
weights before adapting to a new image and catastrophic forgetting is not a concern.
While single-image adaptation methods can be extended to continual learning, it is not
clear that methods performing better in the single-image setup will also perform better
in batch or stream of data mode.

Domain generalization aims for a strong model that would generalize to unseen
domains without any adaptation. Common approaches are domain-invariant represen-
tation learning, data augmentation or data generation. In contrast, this work focuses
on adapting a pre-trained model to become a specialist in the current domain. It was
shown in [7] that a stronger, more general model can lead to better adaptation results,
making these directions complementary. However, without adaptation, training a very
general model on a large set of distributions may harm the model’s performance on the
individual distributions when compared to specialized models with carefully optimized
data augmentation [28], [29].

Online domain adaptation expects a stream of data as input, possibly a single
one, as opposed to a whole dataset. Test-time adaptation methods can be sued for online

adaptation but generally, online adaptation techniques do not assume the source data are
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not available.

Zero-shot segmentation requires the model to directly perform predictions for pre-
viously unseen classes without any adaptation to these classes.

The difference between TTA and TTT is that TTA methods such as [12], [20] can
be applied to arbitrary pre-trained models without any additional constraints while TTT
methods like [16]-[18] require modifications to the training process. However, not all works
make this distinction and both will often be jointly referred to as test-time adaptation

throughout the thesis for simplicity.

2.2.1 Test-Time Adaptation Methods

The test-time training methods are based on optimizing a self-supervised task loss along-
side a fully-supervised target task loss at training time. At test time, only the self-
supervised task is optimized. Little is known about what makes a good self-supervised
task for test-time training but a strong relationship between gradient correlation and im-
provement from test-time training is shown in [30]. First, [30] propose rotation prediction
as the self-supervised task. Lately, it was shown that reconstruction with masked auto-
encoders is a very strong self-supervised task for test-time adaptation of classifiers by [16].
Further, the authors justify the success of the method under distribution shift in terms of
the bias-variance trade-off. While training on large amounts of data reduces the variance
compared to training on a single image, however, the model is biased by the training
sample and self-supervised fine-tunning on the new sample helps to reduce this bias. Self-
supervised learning and, in particular, reconstruction with masked autoencoders, will be
further discussed in Section 2.3. The most common approach to test-time adaptation is
to update normalization layers only. For instance, instead of keeping the statistics of the
batch-normalization layer from the training set, these can be adapted on the test images
[4], [5]. Another option is to update the parameters of the normalization layers via en-
tropy minimization [6]. Both of these approaches have the advantage of not requiring too
much compute, but are mostly outperformed by other methods. On classification tasks,
entropy minimization is known to lead to poor results when the number of available im-
ages is small. A combination of self-supervised contrastive learning to refine the features
and online label refinement with a memory bank is proposed in [31]. Recently, a method
based on updating the parameters of the normalization layers of the network by optimiz-
ing it for robustness against adversarial perturbation as a representative of domain shift
was proposed in [20], outperforming similar test-time adaptation approaches.

While more realistic domain shifts such as synth-to-real, day-night or different weather
conditions are important, it is convenient to study the performance of different methods

in a principled manner under a wide range of distribution shifts. Many TTA works adopt
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the Imagenet-C [19] benchmark. The Imagenet-C dataset is an extension of Imagenet
[32] where different corruptions such as noise, blur, fog or intensity transforms are used
to modify the image, with different corruption levels. The TTA methods are evaluated
on images with the highest level of corruption applied. While these showcase the power
of the methods on images where performance degradation is the greatest, it is not known
how the method performs on clean data or milder corruptions. For instance, it is possible
that different parameters are optimal for different levels.

Test-Time Adaptation Methods for Segmentation: Both [8] and [9] exploit
augmented views of the input images to identify reliable predictions to train with. The
recently proposed method [8] is based on the consistency of predictions between aug-
mented views, which replaces prediction confidence for selecting reliable pixels. Cross
entropy loss is then minimized on such reliable predictions, together with a regularization
based on information entropy [33] to prevent trivial solutions. The evaluation assumed a
full test set available at once. In [7], the performance of entropy minimization in a con-
tinual setup is explored, proposing parameter restart to tackle weight drift, significantly
improving performance. Multiple evaluation scenarios are proposed: synthetic to real
domain shift, as well as a synthetic dataset with varying weather conditions. Similarly,
[9] also focus on continual adaptation. Again, augmentations of the images are generated
to obtain more reliable predictions. Further, the network parameters are stochastically
reset to their initial values to prevent forgetting of the source domain knowledge.

Test-Time Adaptation Methods for Medical Imaging: Segmentation-focused
TTA seems to be a more active research area in the medical domain. For example, [12]
propose an autoencoder with a predicted mask as an input and an enhanced mask as
output. At test time, the segmenter is optimized to produce masks closer to the enhanced
ones. However, this work assumes the whole test dataset is available at once. The work
of [13] is similar to [12] but instead of a masked-autoencoder, a GAN-like discriminator
trained end-to-end together with the segmenter is used, as well as an auxiliary reconstruc-
tion loss.

These works assume domain shifts specific to the medical imaging domain such as
the use of a different scanner and thus make the assumption that only low-level features
are affected. Under this assumption, these works typically optimize a small adapter only,
typically the first few convolutional layers of the segmenter. This may not always be
enough if we consider a more general class of domain shifts, such as previously unseen
classes for class-agnostic models, where a shift is present in the output space as well and
adapting higher-level features may be important.

Unfortunately, the progress in the medical imaging domain seems to be to some extent

independent from traditional images and thus, these methods have not been evaluated on
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traditional image segmentation benchmarks.

2.3 Self-Supervised Learning

When humans learn a new task, they generally require substantially less training samples
than computers nowadays do. This can be explained by humans building on top of their
model of the world built from prior experience on other tasks. Analogically, deep neural
network pretraining consists of learning useful representations from different data or a
different task than the target one. It has been used to mitigate the issue of limited
data and to speed up the training process. Up until recently, supervised pretraining on
the ImageNet [32] classification dataset has been the most common approach. Recently,
self-supervised pretraining has been dominating because of the availability of large-scale
databases and new architectures. Self-supervised representation learning has allowed for
training on large amounts of training data without the extra annotation cost, achieving
impressive performance and generalization capabilities [15], [34], [35]

Before being adopted by the computer vision community, self-supervised pre-training
first gained popularity in the natural language processing (NLP) domains. A common
approach would be masked language modelling. Part of the text would be masked out, to
be predicted by the neural network. Well-known examples of masked language modelling
are [36], [37].

In vision, the first approaches have rather relied on classification tasks such as the pre-
diction of an angle of image rotation, or contrastive, where the loss function minimizes the
distance between positive samples (different viewpoints of the same object) while keeping
the negative ones far enough. First, patch-based self-supervision tasks for transformer
architectures would be based on predicting patch location or solving a jigsaw puzzle.

The authors of [34] argued that while image representations covariant to image trans-
formation are beneficial for tasks such as 3D correspondence prediction, invariant repre-
sentations are desirable for most semantic recognition tasks. This is also exhibited by the
use of convolutional networks, which are translation invariant, and by the extensive use
of data augmentation techniques.

There are also dense-prediction self-supervised task. Typically, an autoencoder is
trained to reconstruct corrupted images, where the corruption may be for example noise,
masking or blurring. Since predicting the probability of each possible image is intractable,
first approaches inspired by NLP would discretize the output. However, training with

simple mean square error has proven to work remarkably well in [14].
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2.3.1 Masked Autoencoders

Masked Autoencoders (MAE) by [15] have shown to be particularly strong for self-
supervised pre-training. The task is image reconstruction after a large portion of the
image (75 % of patches) is masked. The architecture is built on top of a plain ViT [38]
architecture. The authors show that by masking out such a large portion of an image,
the performance on downstream tasks is much better and argue the models is forced to
learn meaningful semantics from the data, rather than simply rely on interpolation from
neighbouring visible patches. Furthermore, they enable efficient training with a very large
encoder by only feeding the unmasked patches (25 % of input data) through the encoder.
The rest of the data only needs to be processed by the decoder, using a learnt mask token,
which is much lighter. A combination of these factors has made this approach work much
better than the same idea applied to convnets. An overview of the architecture can be
found in Figure 2.1, reprinted from [15]. For more details, we refer the reader to the

original work.
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Figure 2.1: Masked Autoencoders (MAE) architecture of [15] (reprinted): In training, only
25 % of all patches are fed into the large-scale encoder, facilitating efficient training. The
encoding of visible patches together with tokens of identical value representing masked
patches is processed by a lightweight decoder.

In a subsequent work [39], the authors show how to apply pre-trained ViTs such as
MAE to dense-prediction tasks, which are typically tackled by specialized architectures
such as Swin transformers [40]. This will be covered in more detail in Section 4.1. In
[41], the idea of randomly replacing patches by a mask token in the spatial domain is

extended to the frequency domain with the idea that it helps to reveal the underlying
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image patterns.
For more information on masked autoencoders as self-supervised vision learners in

general, the survey [42] is recommended.

2.4 Segment Anything

the SegmentAnything Model (SAM) [21] is a large-scale pretrained model for image seg-
mentation. It was first pre-trained in the same fashion as MAE from [15] but the archi-
tecture is not a plain Vision Transformer (ViT), instead, it is adapted for efficiency on
images of higher resolution required for high-quality masks by using a window attention
mechanism, rather than global attention. Further, the mask-decoder is a two-way trans-
former with prompt self-attention and two-direction cross attention: prompt-to-image
embedding and image-to-prompt embedding. The model was trained on over 1 billion of
diverse, high-quality segmentation masks and it was shown to perform well on many test
datasets without any finetuning.

The model outputs instance segmentation based on prompts, which can be points
(both positive and negative), bounding boxes, masks, as well as text prompts. Masks for
the full image can be generated by giving a grid of points over the input image, followed
by non-maxima suppression of the predicted masks. Prompts can be ambiguous, for
instance, given a single point on a t-shirt of a person, it is not clear if the t-shirt only or
the whole person should be segmented. For this reason, it is possible to output multiple
masks. The pretrained model accepting text prompts was not released publicly.

The overall architecture can be split into three parts: A large image encoder performing
most of the computation, a lightweight prompt encoder and lightweight mask decoder.
The model is trained with a combination of focal loss [43] and the dice loss [44]. Apart
from the masks, the mask decoder also output an estimate of the Intersection over Union
(IoU) error. The IoU estimation is trained with the mean square error between the
predicted mask and the ground truth mask.

Figure 2.2, reprinted from [21], provides an overview of the architecture and the

prompts that can be used as input.
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Figure 2.2: Overview of the SegmentAnything Model (SAM) for prompted class-agnostic
segmentation (reprinted from [21]). (a) The architecture: image encoder, prompt encoder
and mask decoder. (b) different prompt types supported by SAM to specify the desired
segmentation mask is shown. The model outputs multiple valid masks for each prompt
to resolve ambiguity. .



Chapter 3
Image Segmentation and Datasets

This chapter gives an overview of image segmentation with a focus on the two tasks
explored in the thesis, focused object class-agnostic semantic segmentation in Section
3.1 and point-guided class-agnostic instance segmentation in Section 3.2. Further, the
datasets used for training and evaluation of models on these tasks are introduced.

Broadly, the goal of image segmentation is to divide the pixels of an image into regions
where pixels assigned to the same region share common characteristics. Image segmen-
tation simplifies the image for further processing and is important for many applications
such as autonomous driving, image editing or visual tracking. Semantic segmentation is a
task where the pixels are grouped together according to semantic classes such as dog, cat,
car or road. All pixels of the same class form a single region, different instances of the
same class are not distinguished. In instance segmentation, every object is assigned not
only a semantic label but also an instance label. Panoptic segmentation is a combination
of the two tasks. In contrast to image segmentation, the so-called stuff categories such as
sky or grass need to be segmented. The instance labels for these categories are ignored
since stuff classes can not be split into individual objects. A visual comparison of different
segmentation tasks can be found in Figure 3.1

Recently, multiple so-called foundation models for image segmentation have been pro-
posed. These are large models trained on millions of images that perform well across
many domains. The models are typically prompt-based but can output segmentation of
the whole image as well. Often, the full-image segmentation takes the form of open-world
entity segmentation, a task similar to panoptic segmentation but without semantic labels.
Such class-agnostic models are also of interest to us since their performance degrades on
classes which were not in the labelled training set, which is a form of domain shift.

These models still tend to be outperformed by specialized models trained on the target
datasets but are of great interest for learning with limited supervision or speeding up the

annotation process. Improving performance of such general models on new domains is

15
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(a) input image (b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation

Figure 3.1: Image segmentation tasks: Comparison of outputs for the input image in the
top left, reproduced from [45].

thus extremely valuable.

When this thesis project started, class-agnostic segmentation models were not very
common. The most common one was saliency detection. The goal of saliency detection
is to predict the most salient objects in an image, no matter what their class is. It can be
thought of as segmenting the object according to how much attention it would get from
a human looking at the picture.

However, as illustrated in Fig 3.2, the ground truth of saliency detection is often not
well-defined and contains many mistakes. For this reason, the saliency detection datasets
are only used to validate the model architecture for class-agnostic focused instance segmen-
tation to make sure the performance is comparable to transformer-based state-of-the-art
saliency detectors. Following prior work [46], the DUTS-TR [47] (10553 training, 5019
validation images) dataset based on ImageNet is used for training the model and a set of
5 standard saliency detection benchmarks is used for evaluation (OMRON [48], ECSSD
[49], HKU-IS [50], PASCAL-S [51] and SOD [52]).

Foreground-background binary segmentation tasks were also considered, however, the
available datasets only contain a single class such as car or bird, which makes them less

favourable for our experiments.
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Figure 3.2: Saliency ground truth problems. While some examples are wrongly annotated,
others are often hard to define and subjective. One may ask the following questions: When
does an object stop being salient enough to be annotated? Are parts of nature such as
trees or stone objects? Should a bench be a salient object if there is a person sitting on
it?

3.1 Focused Object Class-Agnostic Semantic Segmen-

tation

Experimenting with a simple, class-agnostic model allows for fast experimentation. Be-
cause of the limitations of existing class-agnostic tasks described previously, a class-
agnostic dataset generated from an existing semantic segmentation dataset is used.

The class-agnostic dataset creation consists of cropping bounding boxes (with a con-
figurable offset varying the task difficulty) around connected components in the ground
truth mask. The ground truth mask is also cropped in the same way and all pixels be-
longing to other classes than that of the particular connected component are set to zero.
This setup can be described as focused object class-agnostic semantic segmentation.

While the task is well-defined, it has some limitations. For instance, in semantic
segmentation, an object can be split into multiple parts resulting in multiple connected
components, such as a sofa split by a person sitting on it, or a horse in front of the case.
When cropped, that is, without the context of the full image, it may be very hard to say
what the ground truth should be, even for humans. Also, when only a small part of an
object of the same class as the focused one is visible, such as a part of a leg, it may again
be hard to recognize that it really is an object of the same class, even for humans.

It would have been better to use an instance segmentation dataset to create a focused
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object class-agnostic instance segmentation task. It is recommended to do so in future
work. Another option is to adopt some of the recent class-agnostic open-world entity
segmentation methods such as [21], [53], [54]. While these models have clear direct appli-
cations, they are more complicated and computationally expensive. As a result, a simpler
model for early exploratory experiments is preferred.

Pascal-VOC The Pascal-VOC is a widely adopted dataset and compared to more
recent datasets such as [10], it is considered small and easy. It is referred to as VOC in this
work and is used for experiments on focused object class-agnostic semantic segmentation.

As already mentioned, the automatically generated dataset. In the training set, the
noise is neglected - training on noisy datasets is common. To make sure results of TTA
experiments reflect segmentation performance properly and are not influenced by these
artefacts, the evaluation datasets are filtered to obtain a subset of 120 images with clear (to
a human), well-defined ground truth. This set is referred to as VOCjg. A smaller subset
of 20 images from VOC;5 used for the more computationally demanding experiments is
referred to as VOCy

Only half of the classes from Pascal-VOC were used for model training and evaluation
to facilitate future experiments on adapting to previously unseen classes. These experi-
ments were not conducted in this work due to time constraints. Thus, this detail will be
ignored and the dataset will simply be referred to as VOC. An interested reader can find

the implementation details in the code.

3.2 Point-Guided Instance Segmentation

The second task explored in the thesis is based on the the Segment Anything Model (SAM)
[21]. This allows for the evaluation of TTA methods on a strong, general model. Further,
since the model accepts various prompt kinds as input, it is possible to create prompts
from ground-truth masks and evaluate them on standard datasets. This work adopts point
prompts to create a point-guided instance segmentation task. For single-point prompts,
the centre of mass is selected to represent each instance. The small number of instances
where the centre of mass is not part of the instance is neglected but a more sophisticated
method based on distance transform could be used to improve the ground-truth quality.

Other segmentation tasks were considered but the mapping of ground-truth to points
is not as straightforward.

Cityscapes Similarly to other TTA works, the Cityscapes [10] dataset is adopted
for TTA evaluation. It is a large-scale dataset focusing on semantic understanding of
urban street scenes. The dataset was collected in 50 different cities in different seasons.

The existing instance annotation for vehicle classes (car, truck, bus, on rails, motorcycle,
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bicycle, caravan, trailer) and people classes (person and rider) are converted to point
prompts for individual instances. To be able to use smaller GPUs while still being able
to detect small instances, the image size is reduced to % of the original input size by only
keeping the center-part of the image (cropping the bottom/upper and right/left quarters
of the image).

The dataset images, ground truth masks and point prompts are shown in Figure 3.3

image

Figure 3.3: Point-guided instance segmentation. Each instance is specified by a single
point (%), its center of mass computed from the ground truth mask.

The dataset mostly contains images taken under mild weather conditions. Extensions
with synthetic rain [55] and fog [56] added exist and are used throughout the experiments.

These are referred to as Cityscapes - fog and Cityscapes - rain.

3.3 Corruptions

As discussed in Chapter 2, it is convenient to use synthetic corruptions to simulate domain
shifts in a controlled environment. When the kind and level of domain-shift is known, a
much more detailed evaluation of TTA methods under different circumstances is possible

than on more realistic datasets. For this reason, we adopt a subset of the corruptions
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proposed for the Imagenet-C benchmark [19] where the corruption type and level can be
controlled and that can be applied to an arbitrary segmentation dataset.

The subset of selected corruptions is diverse and includes different intensity trans-
formations, simulated adverse weather conditions, noise and blur. An overview together
with implementation details is provided in Table 3.1.

An image corrupted by different transformations at different levels is shown in Figure
3.4.

The corruption-augmented variant of the VOC dataset is referred to as VOC-C (with
the evaluation subsets denoted as VOCq-C and VOCj50-C) and the corruption-augmented

variant of the Cityscapes dataset is referred to as Cityscapes-C.
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corruption

description

brightness

contrast

frost

fog

gaussian noise

shot noise

spatter

defocus blur

glass blur

gaussian blur

is an additive intensity transformation, z. = clip(z + b) where b
controls the level.

is a multiplicative intensity transformation, x. = b(x — %) +z where
b controls the level and T is a per-channel mean of the image inten-
sities.

first crops a portion of one of the frost image templates at a random
location of the same size as the input image, x;. Then we compute
e = bix 4 boxy where the weights by, by control the level.

first generates a heightmap zy, using the diamond-square algorithm
[57], where the wibble is controlled by a parameter b;. It is then

combined with the input image as z. = %

is generated as x. = x + n where n ~ N(0,b) and b controls the
level.

is generated as x. ~ where Pois denotes the Poisson
distribution and b controls the level.

Pois(z-b,A=1)
b

simulates mud or water spoiling. The main idea of the algorithm
is a combination of thresholding and blurring random noise.

first generates a disk kernel K with radius b; and alias blur by. The
kernel is then used to filter each of the channels z, = K(z).

first locally shuffles the pixels of a blurred version of the input
image to obtain xg ~ shuffle(N(z,b;),bs,b3) and then blurs the
output again to get the final corrupted image . = N (zg, b1) where
b1 controls the blur strength and by, b3 control the shuffling level.

N (z,b) where b con-

corrupts the image by gaussian blurring z.
trols the level.

Table 3.1: Corruptions and their implementation details, a subset from [19]. The input of
the transformation is an image x normalized to the (0, 1) range, the output is a corrupted
image x.. The clip function limits the values to the [0, 1] range. This function is always
applied to the output image after the transformation to obtain the final output z; =
clip(z.). For more details on the transformations and the values defining the level, please
refer to the codebase.
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Figure 3.4: The effect of corruptions [19] on an input image. The corruption level increases
from left to right.



Chapter 4

Methods

The first part of this chapter, Section 4.1, is dedicated to the architecture of our Class-
Agnostic Semantic Segmentation Model (CASS) model for focused object class-agnostic
semantic segmentation task introduced in Chapter 3 based on a MAE-pretrained plain
Vision Transformer (ViT). The model for point-guided instance segmentation is adopted
without any architecture changes and is described in Related Work, Section 2.4. In Sec-
tion 4.3, the different methods for Test-Time Adaptation (TTA) and Test-Time Training
(TTT) that were experimented with in the thesis are defined.

4.1 Class-Agnostic Semantic Segmentation Model

While there are many segmentation architectures publicly available based on the trans-
former architecture, these are built on top of segmentation-specific backbones. For in-
stance in [21], [40], global attention is replaced by local window attention to adapt to the
higher-resolution input images compared to those needed for image classification. It is
not clear how important the effect of large-scale pre-training of the self-supervised task
is for test-time training but it was shown that the pre-trained MAE is particularly good
for classification TTA. Further, it is non-trivial to train non-pretrained transformer mod-
els on small datasets and pretraining can speed up the time until convergence, reducing
computation requirements. Since the MAE pretrained models have only been released for
plain ViT| it is necessary to design an architecture based on it.

The architecture is composed of three parts. A shared encoder e with parameters
w, a reconstruction decoder d¥ with parameters v, and a segmentation decoder d? with
parameters ¢. Both the encoder and the segmentation decoder are plain ViTs. The
segmentation network is a ConvNet. The joint model architecture is visualized in Figure
4.1.

The reconstruction of an image x can be obtained as r = d¥ o e¥(z) and the segmen-

23
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Figure 4.1: Joint reconstruction and segmentation architecture. The model consists of
a large shared encoder and two lightweight decoders. In the thesis, the architecture is a
transformer-convnet hybrid: The encoder and the reconstruction decoder are ViT while
the segmentation decoder is a convolutional neural network specifically designed for the
ViT backbone.

tation as s = d? o e¥(x). The masking operation for reconstruction is considered as part
of the decoder to simplify the notation.

Segmentation decoder When the field was still dominated by convolutional neural
networks, the go-to architecture for segmentation was the U-Net [58], which can be built
on top of any of the traditional backbones used as an encoder. The U-net is designed
on the premise that the backbone progressively downscales the image resolution, which
is not true for the ViT. Generally, most of the pretrained self-supervised models are not
segmentation specific, as a majority of the work focuses on classification as a downstream
task.

The issue of how to best use pretrained plain ViT [38] encoders for dense-prediction
tasks has been addressed in [39], focusing on extracting features for detection. In the tra-
ditional hierarchical approach such as the U-Net, features are progressively downsampled
in the encoder backbone branch. Then the decoder combines the features at different
resolutions and different levels of abstraction. However, the plain ViT operates at the
same resolution at all levels. The authors conclude experimentally that it is enough only
to use the final encoder output layer and downsample it to different resolutions.

Inspired by these findings, we propose a U-Net-like decoder but with features from
the final encoder layer only. The decoder has a variable size of n blocks. In the i-th
decoder block, the features from the previous block (or the last encoder layer in the first
block) are pre-processed by two convolutional layers and then downscaled by a factor of

n—i

s"7" with a strided convolution. These features are then merged by concatenation with

upscaled features from the previous block, followed by two convolutional layers (with
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batch normalization and ReLU activations). Finally, the decoder features go through a
linear classifier with a sigmoid activation to obtain the segmentation masks. An overview

of our architecture can be found in Figure 4.2.

encoder decoder encoder decoder
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U-Net ours

Figure 4.2: Comparison of our segmentation decoder architecture with U-Net. Our de-
coder is inspired by the findings from [39]. The decoder input is only the final, single-scale
feature map of the encoder. In each decoder block, this feature map is then processed
by two convolutional layers (at the original resolution) and then downsampled to create
a hierarchical structure.

Other, more simple, variants were explored, such as reusing the reconstruction decoder
architecture. For smaller resolution inputs such as those used by the plain-ViT MAEs,
the original patch size is too large and results in artefacts in the output. Since the quality
of the intermediate representation is more important than the final reconstruction quality,
this is not an issue for the reconstruction decoder architecture. Experiments with smaller
patch size would require significant effort to find reasonable finetuning hyper-parameters
since the linear patch embedding would need to be retrained. Simple sequential CNN
decoders were also explored but the mask quality was still not satisfactory. Visualization
of the output of these intermediate models can be found in a WandB report notebook

enclosed as Appendix D.

4.2 'Training

In this section, pretraining and joint finetuning of the previously described model is
overviewed. The pretraining of SAM is detailed in Section 2.4 of Related Work.

4.2.1 Reconstruction pre-training

This work builds on top of the large-scale pretrained MAE model of [15]. Unless stated
otherwise, all the models are the pre-trained ViT-b models. This part describes the
work done by the authors of [15]. The models were trained on the ImageNet-1K [32]
on random crops of size 224 x 224. No colour augmentations were used since it only
degraded the results. This is in contrast with the contrastive learning approaches, where

the lack of data augmentation severely degrades the performance. This difference can be
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explained by the random masking strategy of MAE, which can be considered a kind of
data augmentation. The masking strategy is to mask 75 % of patches at random, which
led to the best performance on downstream tasks.

The loss function is the MSE, with the addition that the target pixel values are nor-
malized per-patch, which showed superior performance on downstream tasks.

The models were trained on 8 nodes of 8 V100 gpus each for 800 epochs. The effective
batch size was 4096 and the total training time was 42 hours. For more details and
hyper-parameters, please refer to the official repository on github (https://github.com/

facebookresearch/mae).

4.2.2 Joint finetuning

The MAE-pretrained model is jointly fine-tuned on both reconstruction and segmentation.
For debugging and visualization purposes, the regular mean square error loss function
without per-patch normalization is used for training. Further, the input image resolution
is increased to 384 x 384 to improve mask quality.

The reconstruction loss is computed over the non-masked patches as

=

LMsE = % Z(” —z)t == Z(d? o e (x;) — ;)2 (4.1)

where r;, z; are the values of the i-th pixel in the reconstructed image r = d¥ o e¥(x) and
the input image x, respectively, and N is the total number of pixels. Further, ¢¥ is the
encoder and d¥ is the reconstruction decoder. The overall reconstruction loss is computed
as mean of the Lysg between the masked input image patches and their reconstruction.

Following the original work, the encoder only sees the unmasked 25 % of input patches
to save computational resources. The masked patches are represented by a learnt mask
token when fed into the decoder.

Following [46], the segmentation loss is a weighted sum of Binary Cross Entropy (BCE)

with Intersection over Union (IoU):

L = Lysk + M Lpcr + Liov) (4.2)
where
N
Lrce = Y _[y; -log(s;) + (1 —y,) - log(1 — s;)] (4.3)

=1

»CI U= 1 . Z?I:I(yl : Si) (44)
221(}% +8i — ;- 8i)
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and s = d? o e*(z), s € R™*W is the segmentation output for image z, y € {0, 1}1*W

is the binary segmentation ground truth, s; and y, are the values of the i-th pixel in s and
y, respectively, and N = H x W is the number of pixels in the input image of height H and
width W. Further, e¥,d?,d? are the encoder, segmentation decoder and reconstruction
decoder, respectively. The parameter A\ controls the weight of the segmentation loss.

Note that the Intersection over Union (IoU) as a measure of similarity of two sets, de-
fined as 2‘8—2, is not differentiable since it expects both binary inputs and outputs and the
thresholding operation is not differentiable, the IoU loss is a differentiable approximation
from [59].

The encoder is fed with all the patches since the full image is necessary for segmenta-
tion.

The training objective can finally be formalized as

-
o1
W, @ Y = argmin — Y Lspa(x,y) (4.5)
w,p,P |T’ (z.9)
where
Lspc(7,y) = Luse(dY o (), 2) + Liousper(d? o e (x),y) (4.6)

and T = {x;, y; }i=1..n is the training set, (z,y) € T are an image and its corresponding
ground truth and w, ¢, are the parameters of encoder e, reconstruction decoder d¥ and
segmentation decoder d?, respectively.

The encoder and reconstruction decoder parameters w and ¢ are initialized to the

parameters of the reconstruction MAE-pre-trained model.

4.3 Test-Time Adaptation methods

In this section, the different test-time adaptation methods used throughout the exper-
iments are described in detail. Since multiple of the methods are based on simulating
domain shift with adversarial attacks, the first part will be dedicated to how these at-
tacks are implemented.

An overview of the overall TTA framework can be found in Figure 4.3.

4.3.1 Adversarial Attacks

The idea of adversarial attacks is to fool a deep neural network to change its prediction
by altering the input in a constrained manner, for instance, so that the change in input

is smaller than a predefined threshold €. The attacks can be targeted and untargeted, in
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Figure 4.3: The Test-Time Adaptation (TTA) framework. The TTA loss is computed as
a weighted sum of the losses of individual methods. The REC method is based on the
reconstruction output of the model while the ADV, dloU, REF and ENT methods are
based on the predicted mask. The ADV method also receives the original image as input.

untargeted attacks, the input should be altered so that the network outputs a different
prediction, but it doesn’t matter what the new prediction will be. In the case of binary
segmentation, it essentially means inverting the segmentation mask. But for semantic
segmentation of multiple classes, it means that the prediction of each pixel should be
changed to any other class than the original prediction for that pixel. Another option is
a targeted attack when the network should be fooled to output a specific segmentation
mask.

The inversion attack in early iterations creates realistic corrupted masks similar to
those caused by domain shift by first changing the output in locations that are the easiest
to be confused by the model. But in later iterations, the inverted masks are no longer
realistic. Further, we observe that apart from wrongly (not) segmenting parts of different
objects, the domain shift often results in very noisy masks. This mask corruption is
simulated with a targeted attack where the target is generated by adding blurred random
gaussian noise to the image. Note that while we make use of the knowledge of how masks
are typically corrupted by different kinds of domain shifts, very general targeted attack
strategies are proposed which do not simulate any domain shift in particular.

The inversion and the random attack ground truth masks are shown in Figure 4.4.

When computing attacks at test-time, the Fast Gradient Sign Method (FGSM) [60]
is used to generate the attacks for time efficiency. Otherwise, an iterative variant which
could also be considered as an attack based on Projected Gradient Descent (PGD) [61],
[62] is used. The evolution of the segmentation prediction over the PGD iterations is
shown in Figure 4.5.

More sophisticated approaches for adversarial attacks on segmentation that could be
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Figure 4.4: Target options for a targeted adversarial attack on segmentation.

explored in future work exist but are not covered in the thesis and could be explored in

future work.

4.3.2 Entropy Minimization (ENT)

The Entropy-Minimization-Based Test-Time Adaptation (ENT) method minimizes the
entropy of the segmentation predictions. In the context of learning with limited super-
vision, it was proposed in [63] for semi-supervised learning. In effect, it is the same as
pseudo-labelling [64], both methods reduce class overlap. In TTA, there is no labelled set
that could be leveraged as regularization like in semi-supervised learning but the meth-
ods were shown to work for TTA as well [6]. It was also shown that larger batch size
and updating the parameters of the normalization-layers only improve stability of the
method. But on segmentation, a dense-prediction task, adapting to a single image can
lead to positive results [7].

The method is simple, computationally efficient and widely adopted as a baseline.
More formally, the method minimizes the entropy of the segmentation model predictions
s = d¥ o e¢“(x) for an image x over the parameters of the normalization layers (such as
batch [65], layer [66] and group [67] normalization) denoted as w, for the encoder e and

v, for the segmentation decoder d;:
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Figure 4.5: Adversarial attack segmentation prediction evolution. It can be seen that for
the inversion attack, the pixel predictions changed in the first iterations are those that
are the easiest to be confused by the network. Prompted by a point on the lower bear,
the network is not confident about whether the second bear should be segmented or not.
When attacked, the prediction for the second bear becomes more and more confident and
vice versa. The random attack progressively introduces more and more background noise.

N
Wy, @r = arg min Z s; - log(s;) (4.7)

Wn,¥Pn i=1

where s; corresponds to the i-th pixel of the segmentation prediction s.

4.3.3 Reconstruction (REC)

In principle, the Reconstruction-Based Test-Time Training (REC) method is very simple.
A network is trained for both segmentation and reconstruction at training time and at
test time, where segmentation ground truth is not available, only the reconstruction is
optimized. The intuition is that during joint fine-tuning, a shared representation with
correlated gradients was created in the decoder. Reconstruction training finetunes the

representation to the current image. This could be said about many self-supervised tasks



CHAPTER 4. METHODS 31

though. The reason why we opted for MAE-based reconstruction is that dense prediction
tasks have been shown to work particular well as pre-training tasks for image segmenta-
tion [14]. Further, the same self-supervised task has already proven powerful for image
classification in [16]. There are multiple options of what parameters should be optimized
during test-time training with reconstruction objective, we experiment with the following
two options;

First, optimizing only the encoder

w* = arg min Lysp(d? o (), ) (4.8)

w

second, optimizing both the encoder and the decoder

w*,Y* = arg min Lysp(d? o e¥(x), ) (4.9)
w,

where z is the input image and e, d¥ are the encoder and the reconstruction decoder.

Intuitively, the first option without updating the reconstruction decoder seems natural
since it restricts the change in encoder representation but in [16], the full model was
updated during TTA with good results so both options will be compared in this work.

While it is expected the joint reconstruction and segmentation training creates shared
representation with correlated gradients, there is no mechanism enforcing it during the
training process. In future work, we propose to investigate gradient-alignment strategies

such as gradient regularization during training.

4.3.4 Deep IoU Loss Surrogate (dIoU)

The idea of the Deep-Intersection-over-Union-Based Test-Time Training (dloU) is that
instead of choosing an arbitrary self-supervised task such as reconstruction or rotation-
prediction, one can train a surrogate loss in form of a deep net to learn a segmentation-
specific loss function. The loss function can then be used at test-time for self-supervised
learning. In particular, the deep IoU surrogate loss is a neural network that is trained to
predict the IoU loss between a mask predicted by a segmentation model on an image from
the training distribution and a mask predicted on a domain-shift-inducing transformation
of the same image. Adversarial attacks are harnessed to simulate domain shifts without
prior knowledge of what kind of shifts will be encountered at test-time. The attacks
are generated with Projective Gradient Descent restricting the output to the valid image
range. The method requires access to training distribution images for training.

The surrogate loss is essentially learning to predict how much the performance was

deteriorated due to domain shift. To make it as domain-independent as possible, the sur-
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rogate loss training can not update the segmentation network parameters during training
and only receives the mask, not the input image. An overview of the method can be found

in Figure 4.6.
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Figure 4.6: IoU surrogate module training. The segmentation pre-trained network (seg-
menter) receives two images as input: A clean image and a synthetically corrupted image.
The synthetic corruptions simulate domain shift. The output are two masks, clean and
corrupted. The IoU surrogate loss network is then trained to predict the IoU between the
clean and the corrupted mask given the corrupted mask as input only. The IoU surrogate
only recieves the mask as input and no gradients can flow back to the segmented. The
IoU surrogate can be interpreted as a model estimating the increase in IoU loss of a mask
due to domain shift.

Formally, at test-time, the IoU is estimated by a pre-trained IoU loss surrogate
network fi based on the predicted segmentation mask s = d¥ o e¥(x) of an input image

x. The estimated value is then minimized as follows

w*, p* = argmin f;=(s) (4.10)
wp

where e*, d? are the encoder and the segmentation decoder.

SAM-Intersection-over-Union-Based Test-Time Training (sIoU)

While surrogate losses trained on top of the pretrained, frozen segmentation network
are studied, a method TTT exploiting the IoU estimation released with SAM is also ex-
plored. The approach is similar to ours but with notable differences. The gradients during
training of the surrogate can flow through the whole network, not just the parameters
dedicated solely to the surrogate loss. Further, the IoU estimate was not trained with
domain shift in mind. Finally, the IoU is predicted with respect to the ground-truth mask,
as opposed to the training distribution mask in our case.

In future work, experiments comparing the performance of deep IoU surrogate de-
pending on the network input (mask only or mask + image) and the training procedure

(whether it can update segmentation network parameters) in more detail should be done.
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4.3.5 Segmentation Refinement (REF)

The Mask-Refinement-Based Test-Time Training (REF) method is motivated similarly
to the dloU method. While dloU predicts the segmentation error from a mask, the REF
method goes a step further and trains a deep network to directly predict a refined mask.
This is more informative since a predicted pixel value of 0.5 is clearly going to contribute
to the loss when ground truth is binary but it is not clear in which way the prediction
should change to decrease the loss. Again, adversarial attacks generated with PGD are
harnessed to simulate domain shifts without prior knowledge of what kind of shifts will
be encountered at test-time

In practice, a neural network frgr is trained to remove the mask corruption caused
by a synthetically-induced domain shift on image =’ using the clean, non-corrupted image
x from the training distribution as ground truth. An overview of the training pipeline is

in Figure 4.7.
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Figure 4.7: Mask refinement module training. The segmentation pre-trained network
(segmenter) receives two images as input: A clean image and a synthetically corrupted
image. The synthetic corruptions simulate domain shift. The output are two masks, clean
and corrupted. The mask refinement module is then trained to predict the the clean mask,
given the corrupted mask as input only. No gradients can flow back to the segmenter.
The mask refinement module can be interpreted as a model removing corruption noise
from masks.

Formally, at test-time, the model parameters are updated to minimize the loss between

mask prediction and a refined mask estimated by frer from s = d¥ o e“(z)

w*, ¢* = argmin Liou( frer(s), 5) (4.11)
W,

where ¢, d?¥ are the encoder and the reconstruction decoder. The mask s is generated
again with the new network parameters in each iteration.
In the experiment section, the refinement network is also explored as a simple post-

processing step without updating the network parameters, as opposed to TTA. The ap-
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proach is different from simply training the segmentation network on augmented images
as we do not update the segmentation network parameters during the refinement module
training. We hypothesize that this approach, together with not providing the refinement
module with the original image, only the mask, as input, makes the network more robust

to domain-shifts, but the hypothesis should be properly tested in future work.

4.3.6 Adversarial Transformation (ADV)

This method is an extension of TIPI (Test-Time Adaptation with Transformation Invari-
ance) by [20] to image segmentation. The main idea is to make the network invariant to
adversarial transformation as a representative of domain shift.

The optimization loss is computed as the reverse KL divergence loss between the
model prediction s’ = d¥ o e¥(z’) where 2’ is an adversarially transformed image and the

prediction on the original input s = d¥ o e¥(z).

wr, ¢y, = arg min Lr,(s;, 8) (4.12)

Wn,,¥Pn
where s} is the adversarially transformed prediction and KL is the Kullback-Leibler

divergence loss defined as

N
1 .
Licu(p, @) = D i los( ) (4.13)
=1 v

In forward KL, p corresponds to the model prediction while ¢ to the ground truth.
Please note that, as suggested in [20], the reverse KL is used in the proposed method where
the input arguments to the function are switched, compared to forward KL. Another
important implementation detail is that the gradients should not flow through s} - the
tensor needs to be detached before the loss computation.

The same adversarial attacks in terms of the ground truth as for the IoU estimation
and mask refinement methods are used to generate ' but the computational complexity
is reduced by using the Fast Gradient Sign Attack (FGSM) proposed in [60] instead of
instead of the iterative Projected Gradient Descent (PGD). However, since the projection
only consists in restricting the output to a valid range for an image, typically implemented

by simply clipping the output, it is also often referred to as iterative FGSM.
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Experiments

5.1 Language, frameworks

All the code is developed in Python and the PyTorch [68] framework. The Timm [69]
library is also used for existing model architecture implementation, such as the U-Net.
Experiment tracking and hyper-parameter sweeps were implemented with Weights and
Biases [70]. Other notable dependencies are OpenCV [71] and SciPy [72] for the corruption
function implementation, Matplotlib [73] for the generation of plots and Pandas [74] for
the generation of tables. Further environment information can be found alongside the

code. Link to code repository: https://github.com/klarajanouskova/TTA-SEG

5.2 Architecture

Segmentation models In all experiments, both with Class-Agnostic Semantic Segmen-
tation Model (CASS) and the SegmentAnything Model (SAM), the encoder is a ViT-B.
ViT-B is the smallest pre-trained model available for both MAE and the SegmentAny-
thing Model (SAM). The smaller model allows for faster experimentation with less GPU
requirements in exchange for only a minor decrease in performance. The encoder consists
of 12 transformer blocks with the dimension of the embedding set to 768, while the de-
coder consists of 8 transformer blocks with the embedding dimension set to 512. If ViT-L
or ViT-H were chosen as encoders instead, the encoder blocks would have been 24 and 32
with embedding dimensions of 1024 and 1280, respectively.

REF and dIoU modules The architecture for the deep IoU surrogate module is
inspired by [75]. It consists of 5 convolutional layers connected by the ReLU [76] activation
function followed by two fully connected layers. The standard £, loss function is used.
The mask refinement module architecture is a Timm U-Net [58] with an EfficentNet-B0
[77] backbone pretrained on ImageNet.

35
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5.3 Evaluation Metrics

The evaluation metric is the standard Intersection over Union (IoU), averaged over all
masks in the dataset. No distinction between masks of different classes is being made.
Apart from the IoU, multiple variations of difference in error are introduced to analyze
the TTA results. The values are computed from the IoU on clean, non-corrupted images,
IoU,, the initial IoU before adaptation on corrupted images, IoU;, and the IoU after
adaptation with optimal learning rate and optimal number of iterations found in hyper-

parameter search, IoU;. The metrics are defined as follows

e the absolute difference between the initial IoU (before adaptation) and the final IoU
(after adaptation)
diffabs = IOUf — IOUi (51)

e the ratio of the absolute difference in IoU before and after adaptation to the differ-
ence between the initial IoU on corrupted images (before adaptation) and the IoU
on non-corrupted images (also before adaptation), which shows by how much the

loss in performance due to corruption was reduced by adaptation

IoU; — IoU;

diffgjean = 100 + —————
Hel TIoU, — IoU;

(5.2)
This value can, and often is, greater than 100. That means the adapted performance

on the corrupted images is higher than non-adapted on clean images.

e the ratio of the absolute difference in IoU between the initial (before adaptation)
and final (after adaptation) IoU to the total IoU error, which shows how much the

total segmentation error was reduced by adaptation

. IOUf — IOUi
dlﬁtotal =100 - m (53)

5.4 Class Agnostic Semantic Segmentation

Class-Agnostic Semantic Segmentation Model (CASS) The CASS is jointly trained
for segmentation and reconstruction in the same way as the saliency model described in
Appendix A.

The training dataset is the training split of VOC as described in Chapter 3. Only the
first 40 batches of the validation set are used for validation to speed up training.

The input size of the encoder is increased from 224 x 224 to 384 x 384 while keeping
the patch size of 16 x 16 so that the pretrained patch embedding layer parameters can be
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kept. This may have an impact on the REC TTA method performance since it was shown
in [15] that masking out larger blocks of the image improves performance on downstream
tasks. Increasing the input size while keeping the patch size essentially makes the masked
blocks smaller but the impact of this decision is not ablated in this work.

The AdamW [78] optimizer with a learning rate of 5¢=>, batch size of 16 and a single
linear warmup epoch is used. As opposed to the original finetuning setup for classification
from [15], no layer decay is used. The weights of the segmentation and reconstruction
losses are set to be equal since no impact of increasing segmentation weight on segmen-
tation performance was observed. The model converges in about 10 epochs. Otherwise,
all hyper-parameters are kept the same as in [15].

Only the scenario of training on top of the MAE-pretrained parameters is explored
and an ablation study on how the large-scale reconstruction pertaining influences the
performance of reconstruction-based TTA compared to joint training from scratch could
be explored in future work. As shown in Appendix E, the optimization when part or all
of the weights are re-initialized converges much slower and completely different hyperpa-
rameters would likely be needed. Training and validation curves from training the model
can also be found in Appendix E.

IoU Estimation and Mask Refinement Modules The IoU estimation and mask
refinement modules are trained on the same training set as the segmentation network, the
training set of the VOC dataset. These modules are only trained after the training process
of the segmentation network is finished. There are many alternatives to this approach
which are not explored in this work.

The number of iterations ¢ for the adversarial attack simulating corruption is picked
randomly from i € [0, - - - 10] with a probability of 1/(i+2) to decrease computational costs.
The inverted and the random ground truth options are sampled with equal probability.
The learning rate for the inversion attack is set to 0.001 and the learning rate for the
random attack to 0.005. The permitted pixel intensity change is set to e = 0.05.

The models are trained for 25 epochs but converge faster.

Results of a small experiment exploring the mask refinement module as a postpro-
cessing method, rather than a TTA method, are reported in Table 5.1. Training with
true corruptions, as opposed to the adversarial ones, is also compared. When evaluated
on corrupted images, the results of both corruption and adversarial training are com-
parable. When evaluated on clean images, the adversarial training greatly outperforms
the corruption-based one, improving the IoU by almost 4 % while the refinement module
trained on corruptions deteriorates the performance. The results are promising and this

application of the mask-refinement module could be explored in future work,
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Clean images Corrupted images
Refinement training Refinement training
adversarial corruptions IoU adversarial corruptions IoU
- - 85.47 - - 76.04
X v 84.68 X v 76.49
v X 88.44 v X 76.48

Table 5.1: Mask-refinement module as a post-processing step. The output of the refine-
ment module on the segmentation mask is evaluated, without updating the parameters
of the segmentation network. The first line corresponds to the non-refined segmentation.
The results show that on corrupted images, the adversarially trained mask-refinement
network is only marginally worse than the refinement network trained on the same corrup-
tions as the test images. Further, it can be seen that the adversarially-trained refinement
network improves the performance on clean images by 3 %, while the corruption-trained
refinement network decreases the performance on clean images. The results for corrupted
images are averaged across all corruptions kinds, 3 severity levels for each.

5.4.1 Test-Time Adaptation

Evaluation datasets The VOCy-C and VOC5-C datasets are used for evaluation.
The evaluation is performed on 10 different kinds of corruption, 3 levels (level 1, 3, 5) of
each. Further, the images are extended by two extra copies of the non-corrupted images
to balance the number of samples of each corruption category during evaluation (clean
images are considered a corruption kind here). This means that the VOCy-C actually
consists of 660 (20 x 10 x 3 + 60 non-corrupted) different image samples created from
the 20 images and PASCAL-C-120 consists of 3960 (120 x 10 x 3 + 360 non-corrupted)
image samples.

Finding Hyper-Parameters The performance of each method is first studied sepa-
rately on the VOCy-C dataset to find optimal hyper-parameters. The hyper-parameters
are the learning rate and the number of TTA iterations. Since there is no stopping rule,
methods that do not diverge, that is, the optimal number of iterations is the total number
of iterations, are desirable. We perform 10 TTA iterations to keep the computational cost
reasonable.

Aggregated results as well as the found hyper-parameters for each method are reported
in Table 5.2. It can be seen that the REC method outperforms all the other methods,
reducing the IoU error caused by corruption by 12.73 %. The second best method is
REF which reduces the error by 11.04 %. Both of these method perform best at the last
iteration. The next best performing method is ENT, but the method diverges after 4
iterations. The error reduction at iteration 4 is 6.90 %. The dloU method again performs

best in the last iteration but reduces the error by 5.79 % only. No hyper-parameters
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performing well across all coruptions were found for the ADV method. It could be caused

by the evaluation setup being very different from that of [20] or by an implementation

erTor.

IoU error difference best setting
TTA method initial best abs base (%) total (%) it Ir
ENT 77.22 77.89 0.67  6.90 2.92 4  0.005
REC 77.22 7845 1.23 12.73 5.39 10 0.05
dloU 77.22 77.78 0.56  5.79 2.45 10 0.0005
REF 77.22 7829 1.06 11.04 4.67 10 0.001
ADV 77.22 77.22 0.00  0.00 0.00 0 0.1

Table 5.2:  Aggregated TTA results across all corruption settings of the Class-Agnostic
Semantic Segmentation Model (CASS) on Cityscapes-C. The initial, non-adapted value,
the best TTA value, error differences, as well as the optimal learning rate and iteration
settings, are reported. No overall positive settings are found for ADV. While ENT yields
positive results, the best hyper-parameter settings diverge within the 10 iterations.

Detailed results with per-corruption and per-level performance can be found in Ap-
pendix C. When the best reported iteration is 0, it means that no improvement has been
achieved and it was better not to adapt. All optimization is done with the SGD optimizer.

A visualization of IoU evolution of each method over TTA iterations for each of the
methods is shown in 5.1. Figure 5.2 shows a detailed analysis of per-sample performance
of different methods.

Overall, the results reveal that none of the methods performs well on all of the corrup-
tions. The absolute improvements in IoU differ a lot between different corruptions and
corruption levels.

Comparison of different methods Taking the best overall hyper-parameter settings
found in previous experiments, the results of different methods are compared side-by-
side in Table B.6 and best results for each corruption setting are highlighted. It can
be seen that the combination of reconstruction, IoU estimation and refinement-based
adaptation seems quite complementary. It can also be seen that entropy minimization
performs quite well on the intensity-transformation-based corruptions included in the
evaluation (brightness and contrast). Two method combinations were explored. The first
combination consists of the two best-performing methods REC and REF. The results are
reported in B.7 and reveal the corruption error is reduced by 15.47 %, more than by any
of the individual methods. In the second option, the dloU method is added since it is the
most complementary to the previous two. The corruption error is reduced by 14.36 %,
which is less than by the previous combination but more than by the individual methods.

It is possible that a better hyper-parameter setting would further improve the results but
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the number of combinations is too high for a hyper-parameter sweep to be practical.

Finally, two oracle options are also explored, referred to as oracle and oracle+. The
oracle method assumes it is known which method is optimal for each sample and the
oracle+ option assumes both the optimal method and iteration are known for each sample.
The results indicate that the results can improve significantly by knowing which method
to choose. While the results further improve by incorporating the information about best
iteration, the difference is small. The results are reported in Figure 5.3.

Finally, all of the proposed methods, including the method combinations and the
oracle options, are compared in Figure 5.4. The results reveal that there is a big gap

between the best-performing method and the oracle options.
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Figure 5.1: IoU evolution over Test-Time Adaptation (TTA) iterations as a function of
the learning rate. The results suggest that the Reconstruction-Based Test-Time Training
(REC) method would benefit from more iterations. The Deep-Intersection-over-Union-
Based Test-Time Training (dloU) and Mask-Refinement-Based Test-Time Training (REF)
methods behave similarly and seem to converge within the 10 iterations. The Entropy-
Minimization-Based Test-Time Adaptation (ENT) method converges but rather slowly
compared to other methods. If there was an early stopping option, higher learning rate
with better performance could be used. The Adversarial-Attack-Based Test-Time Train-
ing (ADV) method improves in the first few iterations for some learning rate values but
then diverges, smaller learning rate values do not improve the performance.

Effect of freezing/not freezing the decoder for reconstruction Results of

ablation study on whether it is better to optimize only the encoder parameters during
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REC-based adaptation or both the encoder and the reconstruction decoder are shown
in Table 5.3. Optimizing the encoder only clearly outperforms the full optimization.
Intuitively, it makes sense that freezing the reconstruction decoder parameters serves as
a regularization not to change the representation too much and thus diverge from the

segmentation. This is different from the results obtained in [16] on image classification.

IoU error difference
decoder optimized initial final abs base (%) total (%)
X 77.22 78.45 1.23 12.73 5.39
v 77.22 77.79 0.57  5.88 2.49

Table 5.3: Influence of decoder parameter freezing on Reconstruction-Based Test-Time
Training (REC). The results clearly show performance is better when only the encoder
parameters are optimized.

Gradient clipping Motivated by the observation that the reconstruction-based opti-
mization sometimes results in very large changes in the output, experiments with gradient
clipping during TTA were also performed. The improvements were marginal and for dif-
ferent values for different methods and thus, gradient clipping was not used in other
experiments.

Batch size The REC and ENT methods were also evaluated in multi-image setting
where the optimization was not performed on a single image but on a batch of images. The
experiments were performed on the VOCy5,-C dataset. The results show the ENT method
improves when increasing the batch size while the REC method slightly deteriorates. At 8
images (the largest batch size evaluated), the ENT IoU is 80.17 and the REC IoU is 79.72
%, compared to IoUs of 79.92 % and 80.31 % with the batch size of 1. Other methods

were not evaluated in this setting due to time constraints. 5.4

batch size
TTA method 1 3 5 8
ENT 79.92 &80.10 80.13 80.17
REC 80.31 79.88 79.81 79.72

Table 5.4: The effect of batch size on intersection over union performance of TTA meth-
ods. The results are aggregated over all possible distortion and severity combinations.
Evaluated on VOC;99-C images from the validation set. The best results for each method
are highlighted.

Method combination In Table B.6, it was shown that different methods perform
best on different corruptions and levels, showing high complementarity of REC, REF and
dIoU. Two TTA method combination were explored: The two best-performing methods,
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REC + REF and REC 4+ REF + dloU. The TTA loss in this case is computed as a
weighted combination of the individual losses
In Table B.7, the results of the first combination are shown. The TTA learning rate

Iy, is set to the best REC learning rate value found in previous experiments, Iry, = Irggc.

The weights are set as wrgc = 1, WrEr = ﬁggg Multiple Irggr values around the optimal
value found previously are explored, resulting in wrgr € {0.01,0.002,0.001,0.0002}. This
results in corruption error reduction by 15.47 %. The best value achieved by individual
methods was 12.73 %.

Figure 5.5 provides examples of segmentation prediction evolution over TTA iterations
for some of the images where the IoU loss has decreased. The same is shown in Figure
5.6 for images where the loss increased during TTA.

In Table B.8. The weights are set as wrgc = 1, Wrgr = ﬁgsz and way = };;‘;{% where

Irgrer and lrgou are the best learning rate values found in previous experiments. Only a
single learning rate configuration was evaluated since the number of sensible configurations
grows exponentially with the number of methods. With ToU reduction by 14.36 %, the
results are better than those of individual methods but slightly worse than in the previous
experiment.

Both of the method combinations and the second one, in particular, may benefit from

a thorough hyper-parameter search.
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Figure 5.2: Per-image IoU analysis of Test-Time Adaptation (TTA) methods on images
with the highest level of corruption applied. Best viewed zoomed in. It can be seen
that the Reconstruction-Based Test-Time Training (REC), Deep-Intersection-over-Union-
Based Test-Time Training (dloU) and the Mask-Refinement-Based Test-Time Training
(REF) methods increase the loss on some samples but not on those where the loss is
low before TTA. This means that when the segmentation quality is high, these methods
do not deteriorate it. Other methods do not have this property. The image samples in
the plot on the left are sorted according to the loss before TTA, in descending order.
The distribution of absolute change in IoU is shown in the middle plot. The number of
improved and deteriorated samples for each method is shown on the right. Improved,
deteriorated and (close to) unchanged performance is highlighted.
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Figure 5.3: TTA oracle and oracle+ results. Oracle means the best Test-Time Adaptation
(TTA) method for each image is known. Oracle+ means both the best method and
iteration is known. NA refers to non-adapted results. The mean IoU loss of the best-
performing method, REC+REF, is also shown. It can be observed that there is still a
big gap between the best method combination and the oracle, but there is only a small
difference between oracle and oracle+. The images are sorted according to the IoU loss

in descending order.
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Figure 5.4: Test-Time Adaptation (TTA) method comparison. The highlighted NA
method refers to non-adapted results. A big gap between the best-performing method
combination found, the REC + REF, and the oracle/oracle+ options where the best
method/method and iteration are known can be observed. Note the y axis does not start
at 0.
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Figure 5.5: Segmentation evolution on images improved by TTA with the best method
combination (REC + REF). Pixels where the loss decreased and increased are highlighted.
Examples are hand-picked.
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Figure 5.6: Segmentation evolution on images deteriorated by TTA with the best method
combination (REC + REF). Pixels where the loss decreased and increased are highlighted.
Examples are hand-picked.
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5.5 Point-Guided Instance Segmentation

In this section, the experiments with the SAM model are described. The model was
trained on image segmentation by the authors [21]. The network was also trained to
output an IoU estimation for each prediction. Since the model was not released with a
reconstruction decoder, experiments with the REC-based method which performed the
best in previous experiments could not be done. The second best performing method,
REF, and the baseline, ENT, are evaluated, together with a method based on the pre-
trained IoU estimation released with the model, sloU.

While the TTA is still done on a single image, the setup is slightly different - since
there is a variable number of masks for each image according to the number of instances,
the adaptation is done for all instance masks at once and the instance losses are averaged.
The maximum number of instances per image is limited to 12 to fit on a single 40 GB
NVIDIA A100 GPU.

Evaluation datasets All of the evaluation is based on the validation set of the
Cityscapes dataset and its synthetic extensions, Cityscapes - fog and Cityscapes - rain.
Following the same setup as in previous experiments, a subset of 20 images selected at
random is used to create the Cityscapes;o,-C dataset.

The experiments with the original Cityscapes, Cityscapes - fog and Cityscapes - rain
datasets are performed on the first 500 images of the validation set. The train set is only
used for the training of the mask refinement module.

Mask Refinement Module In the experiments with SAM, the mask-refinement
module used by the REF method is trained on the cityscapes dataset. Since it was not
part of the training dataset, the predicted masks used for training are filtered according
to the IoU estimate given as output by the pretrained model. The model is trained only
on masks with an estimated IoU greater than 90 %.

The number of iterations ¢ for the adversarial attack simulating corruption is picked
randomly from ¢ € [0, - - - 10] with a probability of 1/(i+2) to decrease computational costs.
The inverted and the random ground truth options are sampled with equal probability.
The learning rate for both types of attack to 0.001.

The models were trained for 1 epoch.

5.5.1 Test-Time Adaptation

Finding Hyper-Parameters The hyper-parameters are first found for each method on
the Cityscapes;,,-C dataset. A detailed analysis of the results including the TTA perfor-
mance for each corruption and corruption level separately, can be found in C. Only level

1, 2 and 3 corruptions are evaluated since the corruptions impact the images differently
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because of a higher input-resolution and smaller average instance sizes.
The aggregated results of these experiments can be found in Table 5.5 table with
aggregated results.

IoU error difference best setting
TTA method initial best abs base (%) total (%) it Ir
ENT 52.19 54.02 1.83 17.51 3.82 10 0.005
sloU 52.19 52.19 0.00  0.00 0.00 0 0.001
REF 52.09 54.60 2.52  25.12 5.26 10 0.0001

Table 5.5:  Aggregated TTA results of the Segment Anything Model (SAM) on Cityscapes-
C. The initial, non-adapted value, the best TTA value, error differences, as well as optimal
learning rate and iteration settings, are reported. Initial results for REF are slightly lower
because the number of instances is limited to 12, while all instances were evaluated for
the other methods. REF clearly outperforms the other methods. No overall positive set
of hyper-parameters was found for sloU.

Cityscapes fog and rain The ENT and the REF methods with the hyper-parameters
found in the previous experiments are further evaluated on the original Cityscapes, Cityscapes
- fog and Cityscapes - rain datasets. Neither the ENT or the sloU methods have yielded
positive results. The REF method results in an IoU improvement of 0.99 % on the
Cityscapes, 0.55 % on Cityscapes - rain and 1.26 % on Cityscapes - fog. These findings
are similar to those in [7] where little improvement or even degradation in performance
was observed in the naive, single-image TTA setup on the same dataset. The results are
reported in Table5.6.

The results of TTA with the SAM model are consistent with the findings from the
CASS model experiments, suggesting these findings could also transfer to different seg-

mentation models and segmentation tasks..
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ENT TTA method

IoU error difference

weather initial best abs total (%)

clear 66.00 66.00 0.00 0.00
rain 64.05 64.05 0.00 0.00
fog 64.79 64.79 0.00 0.00

sloU TTA method

ToU error difference

weather initial best abs total (%)

clear 66.00 66.00 0.00 0.00
rain 64.05 64.05 0.00 0.00
fog 64.79 64.79 0.00 0.00

REF TTA method

ToU error difference

weather initial best abs total (%)

clear 66.00 66.99 0.99 2.92
rain 64.05 64.60 0.55 1.54
fog 64.79 66.04 1.26 3.56

Table 5.6: TTA with SAM interactive segmentation on the Cityscapes dataset [10] and
its synthetic variations simulating rainy [55] and foggy [56] weather. The best hyper-
parameter settings found on the Cityscapes-C dataset is used. Only the Mask-Refinement-
Based Test-Time Training (REF) method achieves positive results.



Chapter 6
Conclusions

Multiple test-time adaptation methods for image segmentation models were proposed
with focus on Test-Time Training (TTT). Test-time adaptation improves the robustness
of the deep neural network to data shift using a single unlabelled image. No other data
available are available and thus can not serve as a regularizer. TTT methods require
modifications to the training procedure and have not been applied to image segmentation
before. Our experiments show the superiority of TTT methods to Test-Time Adaptation
(TTA) approaches.

The methods are evaluated on two different models. The first one is a custom model
built on top of a reconstruction pre-trained plain Vision Transformer (ViT) trained on a
binary segmentation task on a small dataset. A convolutional-neural-network decoder is
proposed for the plain ViT backbone which performs on par with state-of-the-art saliency
segmentation models but trains significantly faster. The second model is a recently re-
leased model trained on 1 billion segmentation masks, the the Segment Anything Model
(SAM). The best method reduces the segmentation error caused by synthetic corruptions
for both models by 15.47 % and 25.12 %. SAM is also evaluated on the Cityscapes
dataset and its extensions simulating foggy and rainy weather. While the baseline TTA
methods have not improved the model’s performance on these datasets, the proposed
Mask-Refinement-Based Test-Time Training (REF) method improves the performance
by about 1 % on all of these datasets while the commonly used entropy-minimization
baseline doesn’t lead to any improvements.

Further, the proposed mask-refinement module is evaluated as a post-processing method,
as opposed to TTA. The results are promising, showing the adversarial training could be
particularly powerful to improve performance even on clean, non-corrupted images.

The code will be released at https://github.com/klarajanouskova/TTA-SEG
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Chapter 7

Limitations and Future Work

The thesis is one of the first works on the topic of TTA for segmentation. As a result,
there are many obvious experiments to be done to gain more understanding and possibly
to improve the proposed methods further. For instance, different optimizers and optimizer
settings could be evaluated.

The methods could also be evaluated in a multi-image or continual setup, as opposed
to a single image at a time. Some of the most recent methods proposed for segmentation
TTA were not implemented and since the setup is very different (the methods assume the
full dataset is available at once), the results can not be compared and it is not clear if
these methods would work in the single-image setup.

More realistic benchmarks could be added to further support the thesis findings such
as synthetic-to-real domain shift or Cityscapes-to-ACDC to complement the synthetic-
corruption-based study.

Some improvements specific to the different methods could have been explored - the
influence of varying Reconstruction-Based Test-Time Training (REC) mask-ratio could
be explored. For the Mask-Refinement-Based Test-Time Training (REF) and Deep-
Intersection-over-Union-Based Test-Time Training (dloU) methods, similar approaches
such as training the modules jointly with the segmentation task (allowing backpropaga-
tion of gradients to the segmentation network) could be compared.

More ablations studying the impact of optimizing different parameter subsets such as
normalization layers only or the full model should also be performed.

The method that clearly outperformed all other methods is based on optimizing a
reconstruction task at test time. While self-supervised test-time training was shown
to work if the task gradients are correlated and intuitively, we can imagine why this
would work, there is nothing in the training process enforcing such a thing. The idea of
regularizing the gradients to increase correlation has been explored for example in meta

[79] and continual [80] learning and these methods could improve the performance of the
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REC method.

Most importantly, the computational costs of TTA methods are neglected in this
work. While the methods that perform optimization of all the parameters are much
slower and require more GPU memory than the methods that only optimize a subset of
the parameters such as those of normalization layers. Recently, there has been a lot of
work on parameter-efficient finetuning of large models that could be explored to improve
the efficiency of TTA methods such as LoRA (Low-Rank Adaptation of Large Language
Models) [81].



Appendix A

Finetuning MAE

A.1 Reconstruction Only Finetuning

Since there was no implementation of segmentation with masked autoencoders available,
the goal of the first experiment is to validate our architecture choice, as well as to gain
insights into how to fine-tune the pretrained model. While not related to test-time adap-
tation, these experiments justify many of the experiment setup choices. All the hyperpa-
rameters not discussed here are kept the same as in [15].

As a first step, different hyperparameters were explored to understand how to finetune
the pretrained MAE model on a new dataset for reconstruction only. The insights from
these experiments are that a very small learning rate (smaller than le™®) is required to
avoid overfitting. Experiments with larger batch sizes via gradient accumulation still
required small learning rate for healthy training behaviour. Also, removing layer decay
and learning rate scheduling (except for linear warmup of 1 epoch) worked best in our
experiments. It is possible that if more time was dedicated to exploring different settings,
these would work better than our basic optimization approach. A learning rate warmup
during which the learning rate is linearly increased for one epoch is used. Loss curves
from these hyper-parameter sweeps of these early experiments can be found in a WandB

report notebook enclosed in Appendix C.

A.2 Saliency detection

In order to compare to existing models on a task close to the class-agnostic segmentation,
the model is first trained on the saliency detection task. To train the saliency model
jointly with reconstruction, the learning rate was set to le™®. The weight of the loss
terms for both tasks is the same as the segmentation performance was not influenced

by an increased segmentation loss weight. Furthermore, it was observed that training
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segmentation only (reconstruction weight set to 0) doesn’t improve the performance of
the model. This result hints at the complementarity of the two tasks.

The results of this model on 5 standard benchmarks (OMRON [48], ECSSD [49],
HKU-IS [50], PASCAL-S [51] and SOD [52]), compared to state-of-the-art transformer-
based models (Pvt v2 and Swin Transformer [40], [82] of [46]), can be found in Table
A.1. The proposed hybrid model based on a pre-trained ViT MAE and with a CNN
segmentation decoder performs on par with the state-of-the-art transformer-based saliency
detection models. This result was achieved through binarization of the segmentation by
thresholding. When evaluating on the raw output of the network, the performance of the
model was worse compared to other methods and it was observed that the outputs of our
model is not as close to binary as the models of [46]. We hypothesize this may be because
the integrity constraints used by [46] were left out in our implementation.

It is worth pointing out that the model has achieved comparable performance in only
about 1/5 of the training epochs compared to [46], which is likely due to the MAE

pretraining.
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Appendix B

TTA Hyper-parameters

The performance of each method is studied separately in the single-image setup. That
is, batch size of 1 and no continual learning. A good starting learning rate is found for
each method and a hyper-parameter sweep is run in the neighbourhood of the initial one.
Further learning rate values were added if the first experiments suggested more values
should be explored. For this reason, not all methods were tested on the same number of
learning rate values. All optimization is done with the SGD optimizer. AdamW seemed
to diverge easily in our early experiments and was not used for further analysis. The
number of iterations is capped to 10, as more than 10 iterations on a single image is very
slow. Methods that do not diverge and tend to have best results at the last iteration are
favoured since there is no stopping rule or a way to determine a good number of iterations.
If a reliable stopping rule is developed, one would strive for methods that achieve the best

possible performance as quickly as possible.

B.1 Class-Agnostic Semantic Segmentation

First, we evaluate the most common baseline method used for comparison in the test-
time adaptation literature based on entropy minimization. The detailed results can be
found in Table B.1. The corruption error in the best setting when evaluating overall
performance across all corruptions and levels is reduced by 6.9 %, at iteration 4. This
suggests we are not able to find good hyperparameters for the method in this setup where
the segmentation loss would not diverge. We can also observe that the best settings
vary greatly for different corruption settings. For the highest level of shot noise and
brightness, the method always deteriorates the segmentation. Generally, the performance
seems better for lower levels of corruption.

Results of test-time adaptation with reconstruction are shown in Table B.2. The cor-

ruption error was reduced by 11.86 %, significantly more than the entropy minimization

o7
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baseline. Further, the method doesn’t diverge within the 10 iterations in the overall set-
tings and good hyperparameter settings were found for each corruption type and level.
However, many corruption settings when performance would improve with an early stop-
ping rule can be found. Higher gains can be observed for noise and blur corruptions, as
opposed to weather or intensity-transformation-based ones.

Table B.3 shows the results of the deep IoU estimation method. The overall improve-
ment here is comparable to that of entropy minimization, the corruption error is reduced
by 6.54 %. Notably, the segmentation loss doesn’t diverge in the majority of the settings.
However, we can see that the optimal learning rates vary greatly, we can observe values
as different as 0.05 and 0.0005.

It can be argued that deep mask refinement with a binary segmentation model doesn’t
make much sense, we could as well just apply it as a post-processing step. This is not the
case for more complicated segmentation tasks where features from different classes may
interact and thus it is worth gaining insight into the method even in this simpler setup.
The results can be found in Table B.4. The method achieves a reduction in corruption
error of 11.33 % overall, which is comparable to the performance of reconstruction. While
the overall best results are again achieved in the last iteration, the numbers again vary
quite a bit for different corruption settings. The best learning rate value, on the other
hand, is very stable compared to the other methods.

Finally, in Table B.5, the results of the adversarial-transformation-based optimization
are reported. While the method achieves good results in many of the corruption settings,
no hyperparameters that would perform well over the set of all corruptions were found.
It is important to note that the adversarial attacks on segmentation models may be done
in many different ways and our choice of adversarial ground truth may be the bottleneck
here. Further, the authors of [20] have evaluated the method on classification in a very
different setup (continual learning with single iteration per image).

A side-by-side comparison of the performance of all the methods with their best overall
settings is reported in Table B.6.

Promising method combinations, REC + REF and REC + REF + dloU were also
evaluated. The results are shown in Table B.7 and Table B.8, respectively.
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 5,3, 1 7722 77.89 0.67 6.90 2.92 4 0.005
none 5 86.86 87.36 0.49 - 3.76 2 0.005
frost 5 72.82 73.90 1.08 7.69 3.97 1 0.01
frost 3 74.71 74.81 0.09 0.78 0.37 10  0.001
frost 1 81.48 81.48 0.00 0.00 0.00 0 0.05
fog 5 64.95 65.97 1.03 4.68 2.93 3  0.005
fog 3 71.69 71.92 0.24 1.56 0.84 2 0.005
fog 1 74.82 75.64 0.82 6.82 3.26 4 0.005
gaussian noise 5 58.75 58.89 0.14 0.48 0.33 1 0.005
gaussian noise 3 70.39 72.30 1.91 11.60 6.45 10 0.005
gaussian noise 1 82.62 84.72 2.10 49.54 12.09 2 0.01
shot noise 5 55.45 55.45 0.00 0.00 0.00 0 0.05
shot noise 3 72.12 7228 0.15 1.05 0.55 3 0.005
shot noise 1 82.93 83.26 0.33 8.44 1.94 1 0.005
spatter 5 7792 7943 1.51 16.89 6.84 4 0.005
spatter 3 84.53 84.74 0.21 8.85 1.34 1 0.005
spatter 1 86.25 87.09 0.84 136.65 6.09 4 0.005
defocus blur 5) 69.59 72.93 3.34 19.33 10.98 10  0.05
defocus blur 3 76.01 79.82 3.81 35.08 15.87 10 0.01
defocus blur 1 82.93 84.03 1.10 27.97 6.45 3 0.01
glass blur 5 77.85 81.45 3.60 39.94 16.25 7 0.005
glass blur 3 81.02 82.89 1.87 31.98 9.84 7 0.005
glass blur 1 85.63 86.13 0.50 40.53 3.47 1 0.01
gaussian blur 5) 67.75 71.33 3.57 18.70 11.08 10  0.05
gaussian blur 3 76.81 80.68 3.86 38.43 16.66 10 0.01
gaussian blur 1 R6.11 86.37 0.26 34.40 1.86 1 0.005
brightness 5 83.51 83.52 0.01 0.27 0.06 10  0.001
brightness 3 85.40 86.36 0.97 65.87 6.61 3 0.005
brightness 1 86.74 86.89 0.15 126.06 1.14 3  0.005
contrast 5) 56.88 59.15 2.27 7.56 5.26 4  0.005
contrast 3 76.03 76.41 0.38 3.53 1.60 6 0.005
contrast 1 83.97 85.58 1.60 55.48 10.00 3 0.005

Table B.1: Entropy-Minimization-Based Test-Time Adaptation (ENT) results, batch size
1. Sweep over learning rate values of [5e-2, le-2, 5e-3, le-3, be-4, le-4].
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 5,3,1 7722 7845 1.23 12.73 5.39 10 0.05
none 5 86.86 86.97 0.11 - 0.83 1 0.05
frost 72.82 74.02 1.20  8.56 4.42 9 0.07
frost 74.71 75.86 1.14  9.42 4.53 10 0.05
frost 81.48 83.76 2.28  42.29 1229 4 0.1
fog 64.95 65.25 0.31  1.40 087 10 0.07
fog 71.69 72.24 0.56  3.66 1.96 10 0.1
fog 74.82 76.02 1.20  9.96 4.76 10 0.07
gaussian noise 58.75 61.42 2.67 949 6.47 10 0.1

70.39 76.71 6.33  38.40 21.37 10 0.1
82.62 83.34 0.72 16.87 4.12 4 0.05

gaussian noise
gaussian noise

shot noise 55.45 65.10 9.65  30.72 21.66 10 0.05
shot noise 72.12 78.67 6.54 44.39 23.47 8 0.1
shot noise 82.93 83.56 0.63 15.97 3.68 2 0.1
spatter 77.92 81.15 3.22 36.04 14.60 8 0.05
spatter 84.53 85.32 0.79 33.94 5.12 10 0.1
spatter 86.25 87.10 0.85 139.38 6.21 7 0.05

69.59 71.99 2.40 13.88 7.88 10 0.1
76.01 78.56 2.55 23.48 10.62 10 0.1
82.93 85.74 2.82 T1.59 16.51 7 0.05

defocus blur
defocus blur
defocus blur

glass blur 77.85 80.52 2.67 29.64 12.06 10 0.07
glass blur 81.02 84.31 3.28 56.22 17.30 6 0.1
glass blur 85.63 86.04 0.41 3291 2.82 7 0.1

67.75 68.93 1.18  6.17 3.66 8 0.1
76.81 79.86 3.05  30.35 13.15 10  0.05
86.11 86.84 0.73  97.29 2.25 10 0.05

gaussian blur
gaussian blur
gaussian blur

— WOl kP WO, WOl R, WOk, WOl R, WO P, WOl R WOk WO /W ot

brightness 83.51 83.88 0.36 10.83 2.20 6 0.05
brightness 85.40 85.67 0.27 18.63 1.87 2 0.1
brightness 86.74 87.03 0.28 235.96 2.13 4 0.07
contrast 56.88 56.96 0.08 0.25 0.18 8 0.07
contrast 76.03 77.11 1.08 9.93 4.49 10 0.1
contrast 83.97 83.97 0.00 0.00 0.00 0 0.1

Table B.2: Reconstruction-Based Test-Time Training (REC) results, batch-size 1, no
gradient clipping. Sweep over learning rate values of [le-1, 7e-2, be-2, le-2, 5e-3].



APPENDIX B. TTA HYPER-PARAMETERS 61

corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 5,3, 1 7722 77.78 0.56  5.79 2.45 10 0.0005
none 5 86.86 87.52 0.66 - 5.00 2 0.005
frost 5 72.82 73.71 0.89  6.32 3.27 9 0.0001
frost 3 74.71 74.71 0.00  0.00 0.00 0 0.1
frost 1 81.48 81.52 0.03  0.61 0.18 10 0.0005
fog 5 64.95 66.63 1.69  7.69 4.81 10 0.001
fog 3 71.69 72.57 0.88  5.82 3.12 10 0.001
fog 1 74.82 76.64 1.83 15.16 7.25 2 0.005
gaussian noise ) 58.75 58.75 0.00  0.00 0.00 0 0.1
gaussian noise 3 70.39 70.75 0.37  2.23 1.24 2 0.001
gaussian noise 1 82.62 83.58 0.96  22.59 5.51 6 0.0001
shot noise 5 55.45 55.45 0.00  0.00 0.00 0 0.1
shot noise 3 7212 7341 1.28  8.71 4.61 10 0.001
shot noise 1 82.93 84.30 1.36 34.71 7.99 6 0.001
spatter 5 77.92 80.21 2.28 25.55 10.35 4 0.001
spatter 3 84.53 86.32 1.79 76.67 11.57 4 0.001
spatter 1 86.25 87.24 0.99 161.67 7.20 4 0.0005
defocus blur 5 69.59 74.40 4.81 27.83 15.81 4  0.01
defocus blur 3 76.01 80.12 4.11  37.88 17.13 10 0.0005
defocus blur 1 82.93 84.02 1.09 27.78 6.41 9 0.0005
glass blur 5 77.85 82.57 4.72 52.34 21.29 3 0.005
glass blur 3 81.02 81.98 0.96 16.40 5.05 1 0.005
glass blur 1 85.63 86.54 0.91  74.00 6.34 1 0.01
gaussian blur 5 67.75 7196 4.21  22.02 13.05 9 0.001
gaussian blur 3 76.81 81.13 4.32 42.94 18.61 2 001
gaussian blur 1 86.11 86.74 0.63  84.02 4.54 1 0.01
brightness 5 83.51 83.51 0.00  0.00 0.00 0 0.1
brightness 3 85.40 86.37 0.97  66.08 6.63 4 0.0005
brightness 1 86.74 86.93 0.19 154.94 1.40 4 0.001
contrast 5 56.88 56.88 0.00  0.00 0.00 0 0.1
contrast 3 76.03 77.37 1.33 12.32 5.57 4 0.005
contrast 1 83.97 84.09 0.11  3.89 0.70 1 0.001

Table B.3: Deep-Intersection-over-Union-Based Test-Time Training (dloU) results, batch
size 1. Sweep over learning rate values of [le-1, 5e-2, le-2, be-3, le-3, be-4, le-4] .



APPENDIX B. TTA HYPER-PARAMETERS 62

corruption IoU error difference best setting
type level initial best abs base (%) total (%) it A
all 5,3,1 7722 7829 1.06 11.04 4.67 10 0.001
none 5 86.86 87.68 0.82 - 6.25 6 0.0005
frost 72.82 72.82 0.00 0.00 0.00 0 0.1
frost 74.71 74.78 0.07  0.55 0.26 2 0.005
frost 81.48 84.65 3.17 58.94 1712 4 0.001
fog 64.95 66.46 1.52  6.93 4.33 1 0.005
fog 71.69 72.66 0.97  6.42 3.44 10 0.001
fog 74.82 75.27 0.45 3.7 1.79 1 0.001
gaussian noise 58.75 58.87 0.12 0.44 0.30 4 0.0001
gaussian noise 70.39 7449 4.11 24.94 13.88 7 0.001
gaussian noise 82.62 85.06 2.44  57.46 14.02 5 0.001
shot noise 5545 5697 1.52  4.84 3.41 1 0.005
shot noise 7212 76.24 4.12  27.96 14.78 2 0.005
shot noise 82.93 84.69 1.76  44.84 10.32 5 0.001
spatter 77.92 78.93 1.00 11.22 4.54 10 0.001
spatter 84.53 86.59 2.06 88.14 13.29 6 0.001
spatter 86.25 87.47 1.22 199.92 8.89 7 0.0005

69.59 72.68 3.09 17.89 10.16 10 0.001
76.01 80.35 4.34  40.00 18.09 10 0.001
82.93 83.54 0.61 15.58 3.59 10 0.0001

defocus blur
defocus blur
defocus blur

glass blur 77.85 81.96 4.10 45.55 1853 10 0.001
glass blur 81.02 82.12 1.10 18.85 5.80 10 0.0005
glass blur 85.63 86.20 0.57 46.18 3.96 10 0.0001

67.75 72.45 4.69  24.55 14.55 5 0.01
76.81 81.30 4.49 44.66 19.35 10 0.001
86.11 86.67 0.56  74.55 4.02 1 0.005

gaussian blur
gaussian blur
gaussian blur

— WOl kP WO, WOl R, WOk, WOl R, WO P, WOl R WOk WO /W ot

brightness 83.51 83.57 0.05 1.63 0.33 2 0.0001
brightness 85.40 86.70 1.30  88.97 8.93 2 0.001
brightness 86.74 86.77 0.02  20.31 0.18 3 0.0001
contrast 26.88 56.88 0.00  0.00 0.00 0 0.1

contrast 76.03 78.26 2.23  20.59 9.30 7 0.001
contrast 83.97 84.72 0.75  25.79 4.65 8 0.0005

Table B.4: Mask-Refinement-Based Test-Time Training (REF) results, batch-size 1, no
gradient clipping. Sweep over learning rate values of [5e-4, le-4, 5e-5, le-5]
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 5,3,1 7722 77.22 0.00 0.00 0.00 0 0.1
none 5 86.86 86.86 0.00 - 0.00 0 0.1
frost 5 72.82 73.80 0.98 7.00 3.62 2 0.1
frost 3 74.71 74.71 0.00 0.00 0.00 0 0.1
frost 1 81.48 83.50 2.02 37.53 10.90 7 0.1
fog 5 64.95 64.95 0.00 0.00 0.00 0 0.1
fog 3 71.69 73.08 1.39 9.16 4.91 7 0.1
fog 1 74.82 79.05 4.23 35.11 16.80 10 0.1
gaussian noise 5 58.75 5&8.75 0.00 0.00 0.00 0 0.1
gaussian noise 3 70.39 70.39 0.00 0.00 0.00 0 0.1
gaussian noise 1 82.62 82.62 0.00 0.00 0.00 0 0.1
shot noise 5) 55.45 55.96 0.51 1.62 1.15 3 0.5
shot noise 3 72.12 73.42 1.29 8.77 4.64 2 0.5
shot noise 1 82.93 83.72 0.79 19.99 4.60 9 0.05
spatter 5 77.92 80.86 2.93 32.80 13.28 9 0.1
spatter 3 84.53 86.11 1.58 67.75 10.22 9 0.05
spatter 1 86.25 86.25 0.00 0.00 0.00 0 0.1
defocus blur 5) 69.59 70.29 0.70 4.03 2.29 2 0.5
defocus blur 3 76.01 77.67 1.66 15.30 6.92 4 0.5
defocus blur 1 82.93 83.43 0.51 12.88 2.97 3 0.1
glass blur 5 77.85 77.95 0.10 1.12 0.46 6 0.05
glass blur 3 81.02 81.90 0.88 15.04 4.63 7 0.05
glass blur 1 85.63 85.63 0.00 0.00 0.00 0 0.1
gaussian blur 5) 67.75 68.10 0.35 1.83 1.08 2 0.5
gaussian blur 3 76.81 76.81 0.00 0.00 0.00 0 0.1
gaussian blur 1 6.11 86.24 0.13 17.29 0.93 10 0.05
brightness 5 83.51 84.08 0.57 16.94 3.44 5 0.5
brightness 3 85.40 86.24 0.84 57.28 5.75 1 0.5
brightness 1 86.74 86.74 0.00 0.00 0.00 0 0.1
contrast 5 56.88 58.11 1.23 4.11 2.86 4 0.1
contrast 3 76.03 78.40 2.37 21.84 9.87 1 0.5
contrast 1 83.97 85.23 1.25 43.41 7.83 3 0.5

Table B.5: Adversarial-Attack-Based Test-Time Training (ADV) results, batch size 1.
Sweep over learning rate values of [le-1, be-1, be-2, le-2, 5e-3, le-3]
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corruption IoU
type level NA REC dloU REF ENT ADV
all 3,4,5 7722 78.36 77.85 7831 7T7.89 T77.22
none 5 86.86 86.54 87.35 87.52 87.24 86.86
frost 72.82 74.14 75.31 72.43 72.86 72.82
frost 74.71 75.64 76.39 75.24 73.61 74.71
frost 81.48 82.94 83.49 81.47 80.69 81.48
fog 64.95 65.04 66.30 66.08 65.86 64.95
fog 71.69 72.00 72.61 72.22 71.69 71.69
fog 74.82 76.14 76.47 76.32 75.64 74.82

58.75 61.79 58.64 56.97 57.64 58.75
70.39 74.25 71.21 72.39 71.54 70.39
82.62 82.78 83.29 85.07 84.66 82.62

gaussian noise
gaussian noise
gaussian noise

shot noise 55.45 64.38 57.13 58.52 52.42 55.45
shot noise 72.12 74.80 T71.82 72.40 72.26 72.12
shot noise 82.93 83.06 83.57 83.02 8&83.14 82.93
spatter 77.92 80.75 79.09 80.09 79.43 7T7.92
spatter 84.53 84.86 83.93 84.11 84.03 84.53
spatter 86.25 86.73 87.19 87.46 87.09 86.25

69.59 70.89 68.90 73.78 T1.77 69.59
76.01 76.31 75.73 80.45 78.13 76.01
82.93 85.32 83.34 84.07 84.03 82.93

defocus blur
defocus blur
defocus blur

glass blur 77.85 79.21 T77.36 82.25 81.06 77.85
glass blur 81.02 83.52 81.05 82.44 82.62 81.02
glass blur 85.63 85.90 86.15 86.08 85.96 85.63

67.75 69.05 67.25 71.26 70.14 67.75
76.81 79.17 76.66 81.52 79.25 76.81
86.11 86.88 86.49 86.32 86.15 86.11

gaussian blur
gaussian blur
gaussian blur

— W Ol (P WOl = WOk, WOl — WOl P WOl = WOl = WO~ WOt — Ww ot

brightness 83.01 83.61 83.64 82.87 82.77 83.51
brightness 85.40 84.51 86.45 84.35 86.29 85.40
brightness 86.74 86.37 87.25 86.30 86.82 86.74
contrast 56.88 56.94 58.98 54.65 59.15 56.88
contrast 76.03 76.17 77.33 76.98 76.35 76.03
contrast 83.97 83.81 84.05 84.67 85.49 83.97

Table B.6: Test-Time Adaptation (TTA) methods comparison. Best overall (not per
individual corruptions) setting for each method found in previous experiments was used.
NA refers to no adaptation.
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it A
all 5,3,1 7722 7871 149 1547 6.55 10 0.001
none 5 86.86 87.41 0.54 - 4.13 2 0.01
frost 72.82 73.85 1.03  7.32 3.78 10 0.001
frost 74.71 76.14 1.43 11.74 5.64 10 0.0002
frost 81.48 83.83 2.35 43.65 12.68 10 0.002
fog 64.95 65.43 049  2.23 1.39 10 0.0002
fog 71.69 71.96 0.28  1.83 0.98 10 0.0002
fog 74.82 76.26 1.44 11.95 5.72 10 0.01
gaussian noise 58.75 61.08 2.33 8.30 5.65 10 0.0002

70.39 75.05 4.66  28.30 15.75 10 0.001
82.62 84.08 1.46 34.41 8.40 5 0.01

gaussian noise
gaussian noise

shot noise 55.45 64.18 8.73 27.79 19.60 10 0.0002
shot noise 72.12 76.88 4.76  32.29 17.07 10 0.001
shot noise 82.93 83.35 0.42 10.63 2.45 4 0.001
spatter 77.92 81.42 3.49 39.08 15.82 8 0.001
spatter 84.53 86.11 1.58 67.90 10.24 10 0.001
spatter 86.25 87.29 1.04 169.60 7.55 6 0.01

69.59 T74.34 4.75 27.51 15.62 10 0.01
76.01 80.93 4.92 45.33 20.50 10 0.01
82.93 86.11 3.19  81.00 18.68 10 0.002

defocus blur
defocus blur
defocus blur

glass blur 77.85 81.81 3.96 43.94 1787 9  0.01
glass blur 81.02 85.49 4.46 76.43 23.52 10 0.001
glass blur 85.63 86.62 0.98  79.95 6.85 6 0.001

67.75 T71.83 4.08 21.34 12.65 10 0.01
76.81 82.38 5.56  55.38 24.00 10 0.01
86.11 87.43 1.32 176.30 9.52 9 0.002

gaussian blur
gaussian blur
gaussian blur

R WOk, WOl P, WOl kP, WO, WOl P, WOl ]~ WOl P WOt~ W ot — W Ot

brightness 83.51 83.77 0.26 7.82 1.59 5 0.0002
brightness 85.40 85.45 0.05  3.28 0.33 3 0.002
brightness 86.74 86.86 0.11  94.99 0.86 1 0.002
contrast 56.88 59.31 2.44 8.12 5.65 4 0.01
contrast 76.03 7834 2.31 21.29 9.62 10  0.01
contrast 83.97 85.53 1.55  53.78 9.69 7 0.01

Table B.7: Best Test-Time Adaptation (TTA) method combination REC + REF results,
batch size 1. The reconstruction weight is 1, A is the refinement weight. Sweep over A
values of [0.01, 0.002, 0.001, 0.0002].
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corruption IoU error difference
type level initial best abs base (%) total (%)
all 5,3,1 7722 7861 1.39 14.36 6.08
none - 86.86 &87.62 0.76 - 5.76
frost 5 72.82 72.82 0.00  0.00 0.00
frost 3 74.71 75.38 0.67  5.50 2.64
frost 1 81.48 85.07 3.58  66.63 19.35
fog 5 64.95 66.02 1.07  4.89 3.06
fog 3 71.69 7290 1.21  7.99 4.28
fog 1 74.82 76.25 1.44 11.95 5.72
gaussian noise ) 28.75 58.75 0.00  0.00 0.00
gaussian noise 3 70.39 7480 4.41 @ 26.76 14.89
gaussian noise 1 82.62 85.14 2.52  59.36 14.48
shot noise 5 55.45 58.75 3.30  10.50 7.41
shot noise 3 72,12 73.30 1.17 797 4.21
shot noise 1 82.93 84.67 1.74  44.17 10.17
spatter 5 77.92 79.16 1.24 13.88 5.62
spatter 3 84.53 86.60 2.07 88.86 13.40
spatter 1 86.25 87.41 1.16 189.37 8.43
defocus blur 5 69.59 72.82 3.23 18.69 10.61
defocus blur 3 76.01 81.54 5.53  50.99 23.06
defocus blur 1 82.93 83.36 0.43 11.00 2.54
glass blur 5 77.85 82.64 4.78 53.11 21.61
glass blur 3 81.02 82.06 1.03 17.68 5.44
glass blur 1 85.63 86.02 0.39  31.57 2.71
gaussian blur 5 67.75 71.96 4.21 22.01 13.04
gaussian blur 3 76.81 82.02 5.21 51.81 22.45
gaussian blur 1 86.11 86.67 0.56  74.58 4.03
brightness 5 83.51 83.51 0.00  0.00 0.00
brightness 3 85.40 86.66 1.26  86.03 8.64
brightness 1 86.74 86.76 0.02  13.45 0.12
contrast 5 56.88 57.26 0.38  1.28 0.89
contrast 3 76.03 7880 2.77  25.58 11.56
contrast 1 83.97 84.47 0.50 17.36 3.13

66

Table B.8: Test-Time Adaptation (TTA) method combination REC + REF + dloU

results, batch size 1.

respectively.

The weights of REC, REF, dloU are set to 1, 0.02 and 0.01,
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B.2 Segment Anything

The same hyper-parameter sweep to find good leraning rate value were performed with
the TTA methods proposed for the SAM model.

The ENT baseline results are reported in Table B.9. The error caused by corruption
domain shifts was reduced by 17.51 % on average. For many corruptions including the
aggregated, best results are achieved in the last TTA iteration.

Table B.9 shows that entropy minimization performs well with the SAM model as
well, reducing the error caused by corruption by 17.51 %.

Table B.10 reports the results of the sloU method. While the method works on some
of the corruptions, in particular, on those based on intensity transformations, no hyper-
parameters performing well across all corruptions were found. For many of the methods,
none of the hyper-parameter settings resulted in positive results.

The results of the REF method are reported in Table B.11. The results show a
corruption-error reduction of 25.12 % on average. For many corruptions including the
aggregated, best results are achieved in the last TTA iteration.

The results are consistent with the findings form the previous experiments where the
REF method also outperforms the ENT method.
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 3,2,1 5219 54.02 1.83 1751 3.82 10 0.005
none - 62.61 62.90 0.28 - 0.75 4 0.005
frost 43.12 47.51 439 2254 7.72 9 0.005
frost 49.31 51.91 2.60  19.56 5.13 7 0.01
frost 56.60 58.36 1.75  29.19 4.04 6  0.005
fog 58.55 59.05 0.50  12.24 1.20 4 0.0005
fog 58.86 59.06 0.20 5.32 0.48 3 001
fog 59.48 59.77 0.29 9.21 0.71 6 0.05
gaussian noise 9.50 28.99 19.48 36.68 21.53 8§ 0.01
gaussian noise 36.61 4293 6.31 24.28 9.96 7 0.01
gaussian noise 48.50 50.41 1.91 13.56 3.72 10 0.005
shot noise 13.02 32.62 19.60 39.52 2253 7 0.01
shot noise 40.49 43.22 2.73  12.35 4.59 10 0.01
shot noise 49.97 51.75 1.78  14.07 3.55 7 0.01
spatter 50.18 51.28 1.10 8.88 2.22 10 0.001
spatter 56.94 57.47 0.52 9.25 1.22 10 0.0005
spatter 62.42 62.50 0.08  41.18 0.21 10 0.001

defocus blur 41.38 46.82 5.44 25.61 9.28 4 0.05

defocus blur 51.46 52.08 0.63 5.64 1.30 10 0.01
defocus blur 55.93 56.98 1.05 15.66 2.37 10  0.01
glass blur 52.52 52.70 0.17 1.73 0.37 10 0.005
glass blur 56.77 56.84 0.07 1.24 0.17 10  0.01
glass blur 59.44 59.65 0.20 6.43 0.50 10 0.01

45.88 48.67 2.80  16.71 5.17 3 0.05
53.87 55.29 142  16.29 3.09 10 0.01
60.35 60.35 0.00 0.12 0.01 1 0.0005

gaussian blur
gaussian blur
gaussian blur

RN W[ RPN WIFNW PN W RN W R NNWERFNDNWFRENDW RN WEDNDW

brightness 61.32 61.61 0.29 22.35 0.75 9 0.01
brightness 61.90 62.34 0.44 61.53 1.15 9 0.005
brightness 62.52 62.76 0.24 252.40 0.64 10  0.005
contrast 57.60 5882 1.22 24.36 2.88 10 0.01
contrast 59.52 60.04 0.52 16.72 1.28 9 0.01
contrast 60.39 60.75 0.35 15.92 0.89 10 0.01

Table B.9: SAM on Cityscapes: Entropy-Minimization-Based Test-Time Adaptation
(ENT). Batch size varies according to the number of instances in an image. Sweep over
learning rate values of [5e-2, le-2, 5e-3, le-3, He-4].
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 3,2,1 5219 52.19 0.00  0.00 0.00 0 0.001
none - 62.61 62.65 0.04 - 0.10 6 1le-05
frost 3 43.12 43.12 0.00  0.00 0.00 0 0.001
frost 2 49.31 49.34 0.03  0.19 0.05 1 0.0005
frost 1 56.60 56.60 0.00  0.00 0.00 0 0.001
fog 3 58.55 58.55 0.00  0.00 0.00 0 0.001
fog 2 58.86 58.97 0.11  2.95 0.27 6  5He-05
fog 1 59.48 59.48 0.00  0.02 0.00 2 1le-05
gaussian noise 3 9.50 17.24 773 14.56 8.55 7 0.0005
gaussian noise 2 36.61 36.61 0.00  0.00 0.00 0 0.001
gaussian noise 1 48.50 48.50 0.00  0.00 0.00 0 0.001
shot noise 3 13.02 19.44 6.42 12.94 7.38 8 0.0005
shot noise 2 40.49 40.49 0.00  0.00 0.00 0 0.001
shot noise 1 49.97 49.97 0.00  0.00 0.00 0 0.001
spatter 3 50.18 50.22 0.04  0.35 0.09 1 0.0005
spatter 2 56.94 56.94 0.00  0.00 0.00 0 0.001
spatter 1 62.42 62.43 0.01 4.03 0.02 6 1le-05
defocus blur 3 41.38 41.38 0.00  0.00 0.00 0 0.001
defocus blur 2 51.46 51.46 0.00  0.00 0.00 0 0.001
defocus blur 1 95.93 55.93 0.00  0.00 0.00 0 0.001
glass blur 3 52.52 52.52 0.00  0.00 0.00 0 0.001
glass blur 2 56.77 56.77 0.00  0.00 0.00 0 0.001
glass blur 1 59.44 59.44 0.00  0.00 0.00 0 0.001
gaussian blur 3 45.88 45.88 0.00  0.00 0.00 0 0.001
gaussian blur 2 53.87 53.87 0.00  0.00 0.00 0 0.001
gaussian blur 1 60.35 60.35 0.00  0.00 0.00 0 0.001
brightness 3 61.32 61.34 0.02  1.37 0.05 3 0.0005
brightness 2 61.90 62.20 0.29 41.43 0.77 9  5e-05
brightness 1 62.52 62.75 0.23 239.77 0.60 1 0.001
contrast 3 57.60 57.60 0.00  0.00 0.00 0 0.001
contrast 2 59.52 60.15 0.63  20.28 1.55 1 0.001
contrast 1 60.39 61.04 0.65 29.13 1.63 1 0.001

Table B.10: SAM on Cityscapes: SAM-Intersection-over-Union-Based Test-Time Training
(sloU). Batch size varies according to the number of instances in an image. Sweep over
learning rate values of [le-3, 5e-4, le-4, 5e-5, le-5] .
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corruption IoU error difference best setting
type level initial best abs base (%) total (%) it Ir
all 3,2,1 52.09 54.60 252  25.12 5.26 10 0.0001
none - 62.11 63.45 1.34 - 3.53 4 0.0001
frost 43.16 49.32 6.16  32.49 10.83 8 0.0001
frost 49.73 52.35 2.62  21.18 5.22 10 0.0001
frost 56.45 59.64 3.19  56.29 7.32 10 5e-05
fog 58.58 58.84 0.26 7.44 0.64 8  5e-05
fog 58.98 59.17 0.19 6.03 0.46 4 0.0001
fog 59.48 59.85 0.37  14.15 0.92 8 0.0001

947 24.76 15.28  29.03 16.88 10 0.0001
36.86 45.67 8.81  34.90 13.96 10  5e-05
48.86 52.03 3.17  23.95 6.20 8 0.0001

gaussian noise
gaussian noise
gaussian noise

shot noise 12.71 28.04 15.33  31.03 17.56 10 0.0001
shot noise 40.87 47.63 6.75  31.79 11.42 10 0.0001
shot noise 50.01 52.81 2.81 23.19 5.62 10 0.0001
spatter 51.24 51.44 0.20 1.85 0.41 5e-06
spatter 56.89 59.77 2.87  55.06 6.67 0.0001
spatter

41.30 44.48 3.18  15.26 0.41 0.0001
51.15 52,68 1.53  13.99 3.14 0.0001
55.42 57.05 1.64  24.45 3.67 10 1e-05

defocus blur
defocus blur
defocus blur

3
5
61.77 62.77 1.00 293.91 2.62 3 5e-05
3
3

glass blur 52.71 55.89 3.18  33.82 6.72 6 0.0001
glass blur 56.53 58.36 1.83  32.81 4.21 3 0.0001
glass blur 09.22 59.93 0.71  24.55 1.74 10 1e-05

4597 48.46 2.49 1545 4.62 oe-05

gaussian blur 4
53.40 54.85 145  16.63 3.11 6 0.0001
6

gaussian blur

EF N WP NWI R NWIFEFNWFRFNNWIFRFNDNWRW RN WIEFDNDNWFPRDDDW—=DNDW

gaussian blur 60.21 61.16 0.95  50.08 2.39 5e-05
brightness 61.12 62.05 0.93  93.99 2.39 10 1e-05
brightness 61.79 62.73 094  289.32 2.46 4 5e-05
brightness 62.13 63.55 1.41 -6455.88 3.73 7 le-05
contrast 07.30 58.62 1.32 2744 3.09 5 0.0001
contrast 59.11 60.11 1.01  33.56 247 7 5e-05
contrast 60.08 61.34 1.26  62.03 3.16 4 5e-05

Table B.11: SAM on Cityscapes: Mask-Refinement-Based Test-Time Training (REF)
results. Batch size varies according to the number of instances in an image. Sweep over
learning rate values of [le-3, be-4, le-4, be-5, le-5] .



Appendix C

Attachments

Attachment D Exploring different architectures and finetuning setups with Masked

Autoencoders

Attachment E Joint finetuning of segmentation and reconstruction - loss curves and
insights

Attachment F Deep Intersection over Union (IoU) surrogate training - loss curves
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