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% 1 # Introduction

Due to recent advancements in deep learning, Convolutional Neural Networks (CNNs) have been
applied in many computer vision tasks, such as classification, object detection, and semantic
segmentation. However, proper training of CNN models usually requires a substantial quantity of
labeled data. When the amount of data is insufficient, it will be hard to achieve adequate accuracy
using CNN-based semantic segmentation methods, limiting the applications. For example, in
autonomous driving scenarios, CNN models may not be able to recognize roads or pedestrians due
to a lack of enough labeled data, thus causing accidents. On the other hand, it is laborious and
time-consuming to obtain a good amount of labeled data. This is particularly true for pixel-wise
classification tasks, such as semantic segmentation, which require annotators to pay enormous
attention to images’ details. In this thesis, to reduce the annotation cost in the tasks needing
pixel-wise labeling, we study the problems of few-shot learning and unsupervised domain

adaptation for semantic segmentation.

% 2 # Redefining the Roles of Multi-level CNN Features for Few-shot Segmentation

Few-shot learning is a framework to train a model for an unseen class, given only several (e.g.,
one or five) labeled samples for the class, aiming to reduce the labeling cost. The current
mainstream method for the few-shot learning of semantic segmentation is to place the mid-level
features in the leading position. Specifically, it generates a similarity map between a query and
labeled images using their high-level features and uses it as prior information to identify the
coarse location of the target objects. In Chapter 2, we reinterpret this strategy as follows: the
similarity map of the high-level features plays the central role, while the mid-level features play a

secondary role. In particular, we interpret that the current methods use the similarity map as an
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initial estimate of the object’s location and then refine this estimate using the mid-level features.
With this revised understanding, we show it is easy to extend the current methods, leading to
further improvements. Specifically, we present a technique that uses current methods to update
the estimate iteratively, beginning with the initial estimate. This strategy adds to performance
improvements without bells and whistles. We show through experiments that this solution is
applicable to almost all recent methods for few-shot segmentation and significantly enhances

their performance.

% 8 # Improved Unsupervised Domain Adaptation by Cross Region Alignment

As human annotation is expensive, researchers have proposed employing synthetic data
generated from some 3D engines for which exact pixel-level annotations are easily accessible.
However, it is often difficult to adapt neural networks trained on synthetic data to actual data due
to the variation in distribution between synthetic and real images. Unsupervised domain
adaptation is proposed for this problem, in which we have a large amount of annotated synthetic
data and some unlabeled real data. There are two mainstream methods for this topic, the first one
is self-training, in which we need to generate pseudo labels for real data and train a new model
with them; the second one is adversarial training, in which we align the distributions between the
synthetic data and real data; therefore, the model trained with the former can also achieve good
performance in the latter. In Chapter 3, we offer a novel strategy that integrates both methods, in
which the adversarial training is to align two feature distributions in the real data. It divides real
images into two splits using a self-training framework, establishing the feature distributions to
align. Our methods can continually improve the accuracy of current unsupervised domain
adaptation. Experiments demonstrate the efficacy of our proposed method can always lead to

better performance on several benchmark tasks and different baseline models.

% 4 ¥ Rethinking Unsupervised Domain Adaptation

Nearly all current unsupervised domain adaptation methods operate under the premise that
there are no labeled label data available in the real scenario, and they adhere very closely to this
assumption. In Chapter 4, first and foremost, we cast doubt on that notion. Because it is
impossible to deploy any CNN-based models without evaluating how well they work, we feel that
this is an unattainable goal to achieve in reality. The experiments of the unsupervised domain
adaptation done in the past appear to go in that direction. However, except for a few scarce
circumstances, we will be required to test our models appropriately before their deployment. In
our investigation, using this practitioner’s point of view as our guide, we situate ourselves in a
data-centric posture. First, we assume that real labeled samples are accessible. However, we do
not discount the cost of obtaining these samples. The next step is to analyze how we can or ought
to use the labeled real samples, supposing that we have access to a few of them. Alternately, we
consider the quantity of data required to reach a goal that we have established. This viewpoint is
in contrast to the one presented in the earlier research, which may have emphasized the

development of methodologies rather than the application of data.
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