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ABSTRACT OF THE DISSERTATION

Learning with Limited Supervision for Static and Dynamic Tasks
by
Sujoy Paul

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, September 2020
Dr. Amit K. Roy-Chowdhury, Chairperson

The recent successes in computer vision have been mostly around using a huge
corpus of intricately labeled data for training recognition models. But, in real-world cases,
acquiring such large datasets will require a lot of manual annotation, which may be strenu-
ous, out of budget, or even prone to errors. Whereas, a lot of real data that are generated
daily can be acquired at low to no annotation cost. Such data can be unlabeled or contain
tag/meta-data information, termed as weak annotation. Our goal is to develop methods
that can learn recognition models from such data involving limited manual supervision. In
this thesis, we explore two dimensions of learning with limited supervision - first, reducing
the number of manually labeled data required to learn recognition models, and second, re-
ducing the level of supervision from strong to weak which can be mined from the web, easily
queried from an oracle, or imposed as rule-based labels derived from domain knowledge.

In the first dimension of learning with limited supervision, we show that context
information, often present in natural data, can be used to reduce the number of annotations

required. We take an information-theoretic approach considering the relationship in data

viii



points, to select them for labeling, unlike works in literature which only use the uncertainty
of individual samples. In the next dimension of learning with limited supervision, i.e.,
reducing the level of supervision, we use weak labels instead of dense strong labels, for
learning dense prediction tasks. We develop frameworks to learn using weak labels for
action detection in videos and domain adaptation of semantic segmentation models on
images. In action detection, unlike using frame-wise annotations as in the literature, we use
only video-level annotations, which is much easier to obtain from the annotator and can
also be mined from the web. In domain adaptation of semantic segmentation models, we
use weak image-level labels in two forms - pseudo weak labels, which are estimated using
the source segmentation model, incurring no annotation cost, or oracle weak labels, which
are obtained from the human annotator and incurring a very low cost. In spite of using
such weak labels, our methods perform close to frameworks using strong supervision.
Continuing in the direction of learning from weak labels, we explore sequential
decision-making problems. We learn robotics tasks with a small set of expert human demon-
strations. Traditional imitation learning methods can only be as good as the expert, with
a lot of human demos. We devise a strategy that divides a complex task into subgoals
and solves them sequentially with reinforcement learning. We learn the subgoal partitions
just from the human demos without any partition labels from the human annotator, by
imposing only a temporal ordering based weak constraint among the subgoals, often arising
in most real-world tasks. Our method is able to solve tasks with a low number of demos

which other methods in the literature are not able to solve.
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Chapter 1

Introduction

Frameworks in computer vision have been mostly around using a huge corpus of
intricately labeled data to learn recognition models. For e.g., in dense predictions tasks
such as semantic segmentation [29], object detection [61], or action detection [238], state-of-
the-art methods utilize dense manual labeling for training, obtaining which is a tedious job,
and prone to errors. Moreover, dense manual labeling may not scale well in real-world ap-
plications requiring an enormous amount of data and further in continual learning scenarios
where drift in concept occurs and constant labeling may be necessary. Similar trends can
also be seen in learning to solve dynamical decision making tasks via reinforcement learning
[126], where either detailed specifications of the reward function are necessary or a huge
number of human demonstrations [180] are required when using imitation learning. Thus,
to utilize the ever-growing corpus of data for better performance of real-world computer
vision and robotics applications, it is necessary to develop learning mechanisms that can

learn from limited supervision.



In recent years, researchers have started focusing to develop algorithms that can
learn from limited supervision. There can be potentially two dimensions of limited super-
vision. In the first case, we have access to only a small number of labeled data points,
and probably a lot of unlabeled data points. Unsupervised feature learning [30, 141], semi-
supervised learning [134], active learning [170] fall under this category and mostly consid-
ered for classification tasks that involve single prediction per data point. The second case
includes tasks involving dense predictions. In this case, limited supervision would mean
having access to partial information about the labels, often termed as weak labels. For
e.g., weak labels can be the categories present in an entire image compared to having labels
for every pixel, the latter termed as strong labels. Note that this form of limited supervi-
sion reduces the level of supervision, whereas the first case reduces the number of samples.
Other forms of information such as domain or world knowledge [151, 159], physics-based
constraints [44], side information [73], can be utilized to reduce the amount of supervision
required to learn recognition models.

In this thesis, we primarily explore core problems in computer vision involving
static prediction tasks and also one problem involving dynamic decision making. We study
these problems in the light of learning from limited supervision and develop algorithms to
solve these tasks in such scenarios. Fig. 1.1 presents a pictorial overview of the thesis.
We start in Chapter 2 discussing our framework for learning with a limited number of
data points for classification tasks in an active learning setup, which corresponds to the
first dimension of learning from limited supervision as discussed in the previous paragraph.

Active Learning [170] is a method of choosing the most informative samples to label from an
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Figure 1.1: This figure presents the organization of the thesis. In the second chapter, we
look into reducing the amount of supervision for classification tasks, where for a given image
or video the task is to predict categorical labels, . In the third and fourth chapters, we look
into reducing the level of supervision from strong to weak for temporal action detection and
image segmentation respectively. These are dense predictions tasks that need per frame
predictions, y;, for action detection in videos or per-pixel spatial predictions, y;; in image
segmentation. Finally, in the fifth chapter, we look into the sequential decision-making
problems under the light of reduced level manual supervision. In these tasks, a starts from
a certain state, is required to go to a goal state by taking sequential actions, a;.

unlabeled set. Most existing active learning methods in literature formulate a utility score
for each unlabeled sample, based on which only on a small subset of them are chosen for
manual labeling. Information density [111], classifier uncertainty [112], expected error rate
[41, 111], expected change in gradient [171], expected model output change [87] are some
popular utility functions used in the literature. But, most of these methods do consider
the inter-relationships that may occur in data points belonging to the same or different
recognition tasks. For e.g., in a scene, containing multiple objects, as scene-objects and
objects-objects co-occur in natural images, certainty about some objects in the image can
help in better understanding of the rest and thus help in choosing to label only those

instances, which results in a better holistic understanding of the scene, rather than dealing



with them individually. We develop our framework using probabilistic graphical models
[97], where the nodes represent the individual unlabeled data points and the edges represent
the inter-relationships between them. We formulate an information-theoretic cost function
to select a small number of nodes from the graph and query the human annotator to
obtain their labels. We show that our method is general enough to be applied to a variety
of problems - joint scene-object recognition where we utilize the co-occurrence between
scenes and objects, action recognition where we exploit the spatio-temporal relationships
in streaming videos, and document classification where we use the citations as relationship
information. We show that utilizing the relationship information which is often available in
most natural data, helps to reduce the number of labeled samples even further compared
to state-of-the-art methods in the literature.

In Chapter 3 we move towards the second dimension of learning with limited
supervision discussed above, i.e., the scenario where we have reduced level of supervision
from strong dense labeling to weak labels. In this direction, we first look into the problem
of action detection in videos, where given a long video, we need to temporally localize
human action or event categories of interest. State-of-the-art methods on action detection
[238, 227] use strong annotations to learn the detection model, i.e., start-end time of every
action category that occurs in the video. Obtaining such precise frame-wise annotations
requires enormous manual labor and often discrepancy arises between annotators with the
start and end of events in the video. On the other hand, it is much easier for a person
to provide a few categorical labels which encapsulate the content of a video. Moreover, in

the absence of a human annotator, we can also mine such training data from the web as



videos on the internet are often accompanied by tags that provide semantic discrimination.
Such video-level labels are generally termed as weak labels, as they are weaker forms of
annotation than obtaining the labels of every time frame in the video. We utilize such
weak video-level labels to learn action detection models where during test time, the model
temporally localizes the categories of interest. The motivation behind the prospective of
using weak labels is driven by finding the similarities across all videos which have a certain
category in common. We pose the problem as a Multiple Instance Learning (MIL) and
impose certain constraints for better feature learning. Analogous to MIL, each video can be
considered as a bag of frames and we need to predict the category of every frame in the bag
on the test videos, given only bag-level labels during training. We develop two loss functions
to learn the model parameters. First, the video classification loss based on the k-max-mean
multiple instance learning and co-activity similarity loss via an attention mechanism. The
co-activity similarity loss considers pairs of videos and enforces similar activity temporal
regions to have similar features compared to dissimilar activity regions, which are identified
using an attention mechanism. The model significantly performs better when using the
co-activity loss than when using only the video classification loss. This work shows that we
can obtain significant detection performance even when using only weak labels rather than
strong dense labels used in the literature, thus opening the horizon for using the enormous
corpus of videos accompanied by tags on the web.

Continuing in the direction of using weak labels, we look into the problem of
semantic segmentation of images in Chapter 4. A segmentation model learned on one

dataset (source) may not generalize well to images from a different distribution (target).



Thus, the model needs to be adapted to the target images. Pixel-wise labeling of real-world
images takes a huge amount of time (90 min/image [39]). Due to such high annotation
costs, the model needs to be adapted from source to target with none to minimal annotation
cost. Current methods [202, 47] in literature have been mostly unsupervised, i.e., requiring
no annotation on the target side. However, there exists a considerable performance gap
between these methods and a fully supervised method with pixel-wise labels. To bridge the
gap, we utilize weak labels of the target images in two different paradigms of learning. We
use image-level weak labels, i.e., we only have information about the presence or absence
of the categories appearing in the image. There are two ways by which we can obtain
such weak labels. We can estimate them using the model trained on the source side,
which would be pseudo-weak labels. However, as this does not involve a human, thus
incurring no annotation cost, using such pseudo-weak labels falls under the category of
unsupervised domain adaptation. On the other hand, we can ask a human annotator to
obtain the weak labels, which would be true labels, and fall under the category of weakly-
supervised domain adaptation and incurring a very low annotation cost (30-45 sec/image).
Our experimental results with different combinations of source and target datasets show that
we can considerably reduce the gap in performance with full target supervision, incurring
none to very limited annotation cost.

Finally, in Chapter 5, we look into sequential decision-making tasks, in contrast
to static tasks discussed until now. Reinforcement Learning (RL) aims to take sequential
actions on an environment, to maximize a certain reward function, designed for a task. RL

generally requires intricately designed dense rewards, as methods with sparse rewards re-



quire a lot of time and costly interaction with the environment to learn. Imitation Learning
(IL) using human demos can be used to learn the policies faster [6], but due to the dynamic
nature of the tasks, even a small error rate compounds quadratically with time and results
in improper performance. To overcome this problem, we take the path of IL followed by
RL to mitigate the errors. However, instead of using sparse rewards in RL, we propose
the idea of using subgoals, often characterized in human behavior, for more dense rewards,
but learned just from a few human demos. We learn to break down the long complex task
into subgoals and make the agent solve them sequentially. However, to learn the subgoal
partitions, we do not use any subgoal labels from annotator but impose a weak temporal
order constraint on the discovered subgoals, i.e., the first subgoal should occur before the
second, the second before the third, and so on. This natural ordering in subgoals, which
often arises in most real-world tasks, can be used as a reward function in RL. Results show
that the subgoals discovered play an important role in solving several sparse reward tasks
sample-efficiently, which other methods in the literature are not able to solve.
Organization of the Thesis. Fig. 1.1 presents a pictorial overview of the thesis.
The rest of the thesis is organized as follows. In Chapter 2, we present our framework on
active learning in the presence of context to reduce the number of data points needed to
learn classification tasks. In Chapter 3 and 4, we move towards dense prediction tasks -
action detection and domain adaptation of semantic segmentation respectively. We develop
algorithms that can learn from weak labels specifically for these problems. Then in Chapter
5, we move towards learning sequential decision-making tasks in a sample-efficient manner,

using the concept of subgoals of an otherwise long complex task. Finally, we conclude the



thesis in Chapter 6 with some interesting future directions of work in learning with limited

supervision for computer vision and robotics tasks.



Chapter 2

Active Learning with Context

2.1 Introduction

In the recent years, due to advances in technology, huge amount of visual and text
data is generated daily, which are mostly unlabeled for the purpose of learning machine
learning models. Also, machine learning algorithms are becoming more commonplace in
human life. A large proportion of these algorithms are based on supervised learning which
requires a large quantity of data to be labeled. Moreover, these models need to be updated
over time as new data becomes available in order to dynamically adapt to the different
semantic concepts which may drift with time. Manually labeling this continuous flow of
data is not only a tedious task for humans but also prone to incorrect labeling. Active
Learning [171] can be a solution to this problem to reduce the amount of manual labeling,
without compromising recognition performance.

The ability of active learning to reduce manual labeling effort is due to the fact

that not all training samples are valuable for building a recognition model [104]. Most active



learning approaches formulate a utility score for each unlabeled sample, based on which they
are chosen for manual labeling. Uncertainty [112, 139], information density [111], expected
change in gradient [171], expected error rate [41, 111], expected model output change [87]
and their combinations are some popular techniques for designing the utility score. But,
most of these techniques fail to consider the inter-relationships that may occur in data
points belonging to the same or different recognition tasks.

Several works have shown that in many applications such as activity recognition
[229, 220], object recognition [58, 37], text classification [168, 172], etc, the relationships
between data points can be exploited to get better recognition performance. These relation-
ships may also be exploited in active learning to significantly reduce the effort of manual
labeling. Although there have been some works that consider relationships between data
points in active learning [13, 119, 68, 77], they do not consider the flow of beliefs between
samples to have a joint understanding of the samples, which may be helpful for choosing the
most informative ones. Moreover, most of them are problem-specific algorithms and deal
with active learning of a single recognition task. A general approach for active learning that
considers the inter-relationships between data points, and which can be used across a vari-
ety of application domains, is lacking. Joint learning of tasks such as scene-object [230, 215]
or activity-object [82, 98] classification may be required to be learned actively, to reduce
the manual labeling effort. In such scenarios, it is challenging to choose the informative
samples for manual labeling as they may belong to different recognition tasks.

In this chapter, we present our work [140] on the generalized active learning frame-

work, which utilize contextual relationships between data points to reduce the manual la-
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Figure 2.1: This figure presents the flow of the proposed framework. 1. A small set of
labeled data is used to obtain the initial relationship (R) and classification model (C). 2.
As a new unlabeled batch of data becomes available sequentially over time, we first extract
features from the raw data. Then the current C and R models are used to construct a graph
from the data to represent the relationships between them. Then inference on the graph is
used to obtain the node and edge probabilities, which are used to choose the informative
samples for manual labeling. The newly labeled instances are then used to update the
models C and R.

beling effort. Given an unlabeled set, our algorithm automatically determines the optimal
number of informative samples to be labeled, by exploiting the structure of the data, i.e.,
the relationships between the samples. The relationship information can not only help to
update the beliefs of the classifier for each data point but also plays an important role
in selecting a small subset of informative samples, which when labeled can help the other
unlabeled samples to have a better understanding of their labels. This framework can be
applied for both single, as well as multiple, recognition tasks learned jointly.

Framework Overview. The flow of the proposed method is pictorially presented in
Fig.2.1. The proposed method starts with a small set of labeled data and uses it to build
the classification (C) and relationship (R) models. R represents the underlying relation-
ship between the data points via categorical co-occurrence probabilities. Note that the

classification models may contain multiple classifiers for multiple recognition tasks. After

11



learning the initial models, given a new batch of unlabeled samples, the goal is to select a
subset of informative samples for manual labeling which can be used to update the current
classification and relationship models.

As a new batch of data becomes available, they are separated into different sets
based on the recognition task to which they belong and their features are extracted. Using
the current classifiers, a probability mass function over the possible categories is obtained
for each unlabeled sample. It is used along with R to construct a graph whose nodes
represent the samples. A message-passing algorithm is used to infer on the graph to obtain
the beliefs of each node and the edges of the graphs. An information-theoretic objective
function is derived, which utilizes the beliefs to select the informative nodes for manual
labeling. The submodular nature of this optimization function allows us to achieve this in a
computationally efficient manner. The newly labeled nodes are used to update the models
C and R. It may be noted that the number of samples selected per batch is non-uniform,
dependent on the information content of each batch.

Main Contributions. The main contributions are the following.

e We propose a novel generalized active learning framework that exploits the relationships
in data to reduce the manual labeling effort. It can be used for both single as well as
multiple inter-related recognition tasks jointly.

e Our framework chooses a non-uniform number of samples for manual labeling from each
batch of data, which is helpful as the amount of information contained in a batch of data

varies and it may not be useful to select the same number of samples from each batch.

e Unlike other batch mode subset selection algorithms that exploit relationships in data
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points, the optimization problem in our framework can be proved to be submodular

minimization which makes it easy to obtain optimal solutions in polynomial time.

2.2 Related Works

Active Learning. An overview of the approaches which form the core of most active
learning (AL) algorithms may be found at [170]. Most AL algorithms involve the uncertainty
of the classifier for choosing the informative samples, best vs. second-best [110], entropy
[111], classifier margin [212] being commonly used measures for classifier uncertainty. Along
with classifier uncertainty, diversification in the chosen samples is also used via k-means [110]
or sparse representative subset selection [53]. The scalability issue in terms of the number
of categories was addressed in [86] by asking binary questions to the human. They selected
samples from the unlabeled set based on expected misclassification risk and extracted a
probabilistically similar image from the labeled set to ask whether they match. Another
important concept used in AL is expected model change [21, 211, 87].

Active Learning with Relationship Information. Most of the above-mentioned works
do not consider the relationships between the data points which may be exploited to reduce
the amount of manual labeling. In [14], an AL algorithm was proposed which involves un-
certainty, committee-based ensembles, and community-based clustering of networked data.
A network-based utility score for each sample was proposed in [103] involving neighborhood
information of the networked data. In [174], maximum uncertainty as well as the maxi-
mum impact on other unlabeled instances was used, where the link information enhances

the feature-based similarity measure used to capture the impact of a sample. In [112], a
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hierarchical model for AL was proposed for scene classification where they also query the
objects whenever there is a mismatch between the scene label provided by the classifier
and human. An AL algorithm for scene and object classification is presented in [8]. The
relationship in the feature space was exploited in [119] for AL. The concept of typicality in
information theory is exploited in [9] to choose the optimal subset of samples.

In [23], an algorithm for batch mode AL was proposed which uses entropy and
Kullback Leibler divergence to select informative and diverse samples. However, these
algorithms do not incorporate the propagation of beliefs among samples. An AL algorithm
is presented in [68] for activity recognition. They proposed an objective function based
on intuition and provided a greedy solution to optimize it. Our algorithm on the other
hand is not only mathematically validated, but also experimentally supported on different
applications (beyond activity recognition), including multiple inter-related tasks. Moreover,
our AL algorithm is computationally efficient due to the submodularity property and can
be applied in scenarios involving joint learning of multiple recognition models. Also, unlike
[68], we do not select a fixed number of samples from each batch; rather the number of

samples is non-uniform based on the information content of each batch.

2.3 Methodology

2.3.1 Data Representation

The proposed method for informative sample selection is based on the assumption
that the unlabeled data points have an underlying structure, i.e., relationships among them.

We build a graph whose nodes represent the unlabeled samples to exploit the relationships

14



between them. The two important measures which represent the graph are node and edge
potentials.

Our active learning framework can select samples for single as well as multiple
joint classification tasks simultaneously if the instances share relationship, e.g., scene-object,
object-object, activity-object classification, etc. In order to generalize, let us consider that
we have m tasks at hand which share relationships in data. Let us consider that we have
a set of baseline classifiers C = {Cy,...,Cp,} for these m interrelated tasks. The node and
edge potentials in the format we use are discussed below.

Node Potential. We represent each data point as a node. Consider that we a have total
n categories {ci, ..., c,} for these m classification problems. Consider an indicator function
Z(.) which takes as input a category name c and provides as output a unit standard basis
vector, i.e., Z(c = ¢1) = [1,0...,0]7. If f; is the feature of node j, then its node (unary)

potential can be expressed as,

m n

?; :chp(fj,ci)I(c:ci) (2.1)

p=1i=1

where Cp(f;, ¢;) is a scalar representing the probability of node j to belong to category c;.
Cp(f;,ci) = 0 if the training data of C, does not contain data of category ¢;.

Edge Potential. The edge (pair-wise) potential represents the relationships between the
categories. The relationship model R contains the edge potential matrix v whose ,5 lo-
cation is the co-occurence frequency [58] of data point of category ¢; with data point of
category c;. Co-occurrence, and thus edge potential, depends on the application and will

be discussed in Section 2.4.
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The node and edge potentials play an important role in our framework as we use it
to construct a graph to represent the relationships between the data points. Note that our
framework can be applied to any dataset containing relationships which can be modeled as
edge potentials.

Graph Construction. Let us consider that we have a labeled set £. We learn the baseline

classification model C and a relationship model R with these labeled data £. Now, consider

N
j:l;

that a new unlabeled dataset U becomes available with features {f,} N being the size
of the set U. Instead of manually labeling this entire unlabeled set, our goal is to reduce
the labeling effort by choosing an informative subset of ¢ for manual labeling, such that it
helps to improve the current models C and R.

We start by constructing a graph G = (V, E) with the instances in U using the
current models C and R. Each node in V' = {v1,...,vx} represents each data point. The
edges E = {(7,j)|v; and v; are linked} represent the relationships between the data points.
The link information between the nodes depends on the application and is discussed in
Section 2.4. The nodes are assigned the corresponding node potentials ¢; and the edges
are assigned the edge potential 7). A message-passing algorithm can be used to infer the
node and edge beliefs which are the marginal node probabilities and the pair-wise joint

distribution of the edges respectively. We use Loopy Belief Propagation (LBP) [166] to

accomplish this task.

2.3.2 Selection of Informative Samples

In this section, we discuss how we choose the informative samples based on the

graphical model constructed from a batch of data. Using the node and edge probabilities,
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the goal is to choose a small subset V* C V for manual labeling, which will improve the
current models C and R. We wish to select a subset of the nodes such that the joint entropy
of all the nodes H(V') is minimized. Below we derive an expression for the joint entropy of
the graph G.

Joint Entropy of Nodes. The entropy of each node and the mutual information between
a pair of nodes can be expressed as H(v;) = E[—log, p;] and I(v;, v;) = E[log, pi; /pip;] and
pi, pj and p;; are the node and edge probabilities respectively. The joint entropy of the

nodes of the graph G can be expressed as follows,

N
HV) Y H(u) + > Hvdor,-vic1)

=2
N
(:b)H(Ul) + Z [H(UZ) - I(’Ul, ey Vi1, Ul)}
© x i
CHw) + Y [Hw) = Y Hvgswifor, . vo)]
i=2 =1
. j
:Z ZZI (vj;vilv1, ..., v5-1)
i=1 =2 j=1
i Z Z I(vj;v;) (2:2)
v; €V (3,5)EF

(a)Joint entropy chain rule [40]

(b)Using I(v1,...,vj—1;v5) = H(v;) — H(vj|v1,...,vj—1), where, I(.;.) represents the mu-
tual information between the set of random variables separated by ’;’.

(¢)Mutual information chain rule [40]

(d)Computing the conditional mutual information I(v;;vs|v1,...,v;—1) becomes computa-

tionally intractable as the number of nodes on which it is conditioned increases. Moreover,
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we construct our graph using just unary (node) and pair-wise (edge) potentials and ignor-
ing higher-order potentials. Thus, we approximate the conditional mutual information as
I(vj;vilvt, ..., vj—1) = I(v;;v;). Furthermore, we consider two nodes to be independent if
there exists no link between them. It is also known that the mutual information between

two random variables is zero if they are independent.

The expression in Eqn 2.2 is similar to the expression of joint entropy using Bethe Approx-
imation [224]. Moreover, this expression for joint entropy is exact for an acyclic graph but
an approximation in case of graphs containing cycles. We use this expression to derive an
objective function to be optimized in order to obtain the most informative nodes for manual
labeling.
Objective Function Derivation. Our goal is to choose a subset of nodes from V', the size
of which may vary across each batch of data, such that the joint entropy H (V') in Eqn. 2.2
is minimized after inferring on the graph G conditioned on the obtained labels of the chosen
nodes. To set up the optimization problem, let us partition the node-set V into two sets,
V! which will be selected for manual labeling and V™ which will not be manually labeled.
We need to find the optimal partition of V' into these two sets by optimizing an objective
function. The motivation is that the classifier is either confident or will become confident
about the set V™ if we gain information about the subset V!. Here | means Labeled and
nl means Not Labeled.

Let us define the two subgraphs of G as follows: G! = (V! E!) be the subgraph

whose nodes will be labeled and G™ = (V™ E™) be the subgraph whose nodes will remain
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unlabeled. For the sake of completeness, the following are defined:

E'={(i,)|(i,4) € E,v;,v; € V'} (2.3)

E™ = {(i,)|(,§) € B,vi,v; € V™)

Following the above partition, the joint entropy H (V') can be partitioned as follows,

v; eV (i,j)€E!
|: Z H(Ui)— Z I(Uj;Ui):| — Z I(Uj;vi)
v €V (i,j)eE™ (i.g)eE
’Uievl,’l}jEV"l
=HVY+HV™) - > I(vjiv) (2.4)
(i,4)eE
’UiEVl,v]'Ean

Once the nodes in V! are manually labeled and we run inference on the graph conditioned
on the acquired labels, the first and last term of the above expression becomes zero. This
is because after acquiring labels for V!, its every node become deterministic. Thus H (V')
becomes zero. Also, mutual information I(v;;v;) = H(v;) + H(vj) — H(vi, vj) = 0 when v;
is deterministic, as then H(v;) = 0, H (v, v;) = H(vj).

Most active learning algorithms assume that for each batch of unlabeled data,
there is a fixed budget, i.e., the number of samples for manual labeling. If the budget for

manual labeling is K (< N), then the optimal subset V** which minimizes the joint entropy
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of the node can be expressed as,

V¥ = argmax |H(V!) — Z I(vj;fui)} (2.5)
% >
S't'lvl‘:K vieif’lj,z)feEV"l

However, each batch of data may contain a non-uniform amount of information, and choos-
ing the same number of budget-constrained samples (i.e., K) from each batch may not be
a good idea. Instead, the number of samples could be determined based on the information
content of each batch. This motivates us to modify the above objective function, such that
we choose a non-uniform number of informative samples from a different batch of data. We

rewrite Eqn. 2.5 as an unconstrained minimization problem as follows:

V¥ — arg min [ S Iwiw) - HVY) + )\|V’|] (2.6)
v (3,7)EE
viEVl,vjEV"l

where ) is a positive trade-off parameter between maximizing the objective function in Eqn.
2.5 and minimizing the number of nodes chosen for manual labeling. The choice of A is
discussed at the end of this section.

The optimization problem can be represented in vector and matrix notations. For
that, we define the following: consider a vector @ of length N with elements being 1 or 0,
where 1 represents the node is selected to be in the set V! and 0 represents the opposite.
We need to find the optimal @& which solves the optimization problem in Eqn. 2.6. Let

us define a N dimensional vector h of node entropies and a N x N matrix M of pairwise

20



mutual informations as follows,

h 2 [H(vi), H(vs) ... H(vy)]"
I(vi;v5), if (i,5) € E

0, otherwise

where ¢,5 € {1,..., N}. The objective function in Eqn. 2.6 can be represented as
1
x* = argmin §:cTQ:c +zl f + 2z’ (2.7)
T

where Q@ 2 —M and f = M1 —h and where 1 = [1 1 ...1]7 of size N x 1. The objective
function in Eqn. 2.7 can be proved to be submodular which makes the optimization problem
simpler compared to Eqn. 2.5. Details of the optimization is discussed next.

Proof of Submodularity. Considering P(S) as the power set of a finite set S, a submod-

ular function is a set function f : P(S) — R if it satisfies the following,

JXU{v}) = f(X) =2 fY U{v}) = f(Y) (2.8)

where X C Y C S and v € § —Y. The sets are presented in Fig. 2.2 for a better
understanding. Let us consider two vectors & and y representing the two sets X and Y,
i.e., if a node exists in a set, the corresponding element of the vector will be 1 else 0.
Consider a vector v which represents the node v of Eqn. 2.8, i.e., v is a vector of all zeros

and one at the v element location. Consider the objective function in Eqn. 2.7 be f.
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Figure 2.2: This figure is an example illustration of the sets S, X,Y, and the element v
involved in proving that the proposed objective function is submodular.

Then,

FXU}) ~ F(X) = [ @+ 0)" Qe +v) + (2 +v)"F + Alw +v)"1

_ [%mTQa: yaTf )\a:Tl]

1
= §’UTQ’U + 2T Qu+ vl f+ A (2.9)

Also, f(YU{v}) — f(Y) = %’UTQ’U +yTQu+ vl f+ )\
{f(XU{o}) = F(X)} = {fY U{o})) = f(V)} = (=~ 9)" Qv (2.10)

Now, as X C Y, y contains 1 at least in the positions where & contains 1. Thus,
the entries of the vector @ — y are either 0 or —1. Also, the entries of @ are non-positive as
Q = — M and mutual information is always non-negative. Also, v is a vector of 1 at a single
element and 0 otherwise. Thus, (x — y)TQv > 0 and Eqn. 2.8 is satisfied, which makes
the objective function in Eqn. 2.7 submodular and the optimization problem is submodular

minimization.
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Algorithm 1 Proposed Framework
Input: Sequential Batch of Unlabeled Data {U;,Us, ... }.
Output: Classification C & Relationship R models after processing every batch of data.
Variable L: Labeled Set, k: batch number
1. £ < U;: Ask human to label the first batch U;.
2. Construct the models C and R using L.
k+ 2
while new batch (Uk) available do
3. Construct graph G = (V, E) using Uy,
Use the C and R to assign the node and edge potentials to G
Run inference on G to obtain the node (p;) and edge (p;;) probabilities
Compute the entropy & mutual information to construct h & M respectively.
Find A using Eqn. 2.11
Obtain x* in Eqn. 2.7 using Fujishige-Wolfe Min Norm Point algorithm
. Use =* to select the samples for query to human, denoted by V**. Then, £ + LUV
10. Infer conditioned on the acquired labels and £ + LU{Highly confident instances}
11. Use £ to update the models C and R
k—k+1
end while

© PSSR

Optimization Procedure. Submodular Function Minimization (SFM) often arises in
fields of machine learning, game theory, information theory, etc. Detailed description may
be found here [121]. There exist some algorithms which can be used to solve SEM in poly-
nomial time. We use the Fujishige-Wolfe Min Norm Point algorithm [57] in the Submodular
Function Optimization (SFO) [99] toolbox to solve the submodular minimization problem
in Eqn. 2.7. It is one of the most well-known algorithms to solve SFM.

Trade-off Parameter. The parameter A in Eqn. 2.7 is a trade-off between the two
objectives as discussed previously. If f(x) is the objective function in Eqn. 2.7, then A can

be expressed as,

ming f(m)|>\:0 -0

=
70 —maxg xl1

(2.11)

where « is a scalar parameter. In Eqn. 2.11, a fraction is obtained using the range of values
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of the two objective functions, such that the scaling between the two objective functions
using A is appropriate. A now depends on «, which can be kept close to 1 for all applications
due to the scaling done in Eqn. 2.11 between the two objective functions.

Model Update After the chosen samples are labeled by a human annotator, we perform
inference on the graph, conditioned on the acquired labels to update the beliefs of the nodes
and then we apply the concept of weak teacher [235], which does not involve the human.
We choose those nodes having the confidence in classification > €, with the corresponding
label, to be in the labeled set L. € should be high enough to avoid incorrect labeling. The
classification model C is updated by retraining the classifier using £. Model R is comprised
of only the co-occurrence matrix 1) and it is incremented using the new labeled instances.
An overview of the entire framework is presented in Algorithm 1.

Special Case of Archived Data. Note we discussed the proposed method to be used in
a continual learning set-up where data comes in batches with time. However, the proposed
framework can also be used in cases where the entire dataset is available at the outset.
In that case, a small set of samples is randomly selected from the unlabeled dataset and
their labels are obtained. These labeled samples are used to construct the initial models
C and R. These models are used to choose the informative samples from the rest of the
unlabeled pool of samples and then the models are updated after acquiring the labels. This

process continues until the joint entropy of the remaining subset becomes less than a certain

threshold.
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2.4 Experiments

In this section, we present an experimental analysis of our proposed active learning
framework for three different applications - joint scene-object classification, activity recog-
nition, and document classification. These applications are chosen as they have data that
share relationships among them. For each application, we perform the following experi-

ments.

e We compare the proposed method with commonly used and state-of-the-art active learn-
ing methods namely - Batch Rank [23], BvSB [110], Entropy [171, 76], Density Based
Sampling (DENS) [171], Expected Gradient Length (GRL) [172] and Random Sampling.
We also compare with CAAL [68] for activity recognition.

e We compare the results of our algorithm with other state-of-the-art methods that use the

entire dataset for training, details of which are mentioned subsequently.

e We perform a sensitivity analysis of the proposed method on the parameter « in Eqn.

2.11.

We use Support Vector Machine (SVM) [24] as a baseline classifier in our proposed
method as well as for all the active learning methods with which we compare, to have a
fair comparison. We use the Undirected Graphical Model (UGM) toolbox [166] to perform
inference on the graph. We will use the following short-notations. “ALL” represents the
accuracy obtained by using the entire dataset for training.“ALL Batch” denotes that the

classifier is updated using ALL the instances of the current batch.
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Figure 2.3: This figure presents the results on the SUN dataset for scene recognition. (a)
presents the comparison of the proposed method with other active learning methods. (b)
presents the comparison with other methods which use the entire dataset for training. (c)
presents the sensitivity of the proposed method to the parameter a.
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Figure 2.4: This figure presents the results on the SUN dataset for object detection. (a)
presents the comparison of the proposed method with other active learning methods. (b)

presents the comparison with other methods which use the entire dataset for training. (c)
presents the sensitivity of the proposed method to the parameter .

2.4.1 Scene-Object Classification

Scene and objects tend to co-occur in images. Although scene and objects classi-
fiers are separate, their joint understanding can be beneficial [230], which can be exploited
in our active learning framework to reduce manual labeling.

Dataset. We use the SUN dataset [37, 226] for our experiments on scene-object classifi-
cation. We use that portion of the dataset which has both scene and object annotations

as we aim to exploit their relationship. In order to represent the scene nodes, we extract
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CNN features (€ R49%) from the fc-7 layer of VGG-net [241] pre-trained on the places-205
dataset. We use the pipeline of R-CNN [62] to detect the objects and then extract CNN
features from fc-7 layer of Alex-net [101], pre-trained on ImageNet [45].
Experimental Set-up. We perform 5 Fold Cross-Validation (FCV) for this dataset. The
training data of 4 folds are divided into 6 batches and fed sequentially to our active learning
framework. We consider that the first batch is manually labeled and use it to construct the
initial models C and R. We assume that the other batch of data is unlabeled and we choose
only the informative samples for manual labeling, which is then used to update the models.
It may be noted that this application is an example that depicts that our algorithm can be
applied for active learning of different recognition tasks jointly. Each image is represented
by a single scene node and multiple object nodes as detected by the detector. The graph
for this application is considered to be fully connected and the i,j position of the edge
potential matrix is a count of the number of times an object of category ¢ appears in a
scene of category j.
Results. Fig. 2.3(a) and 2.4(a) presents the comparison of the proposed method with
other state-of-the-art active learning methods. The proposed method performs better than
the other methods and reaches the “ALL” mark with only 41% and 62% manual labeling
for scene and objects respectively.

Fig. 2.3(b) and 2.4(b) presents the results of the proposed method along with
methods that consider that the entire dataset is manually labeled and available for training.
We compare our method with SUN-CNN [241] for scene classification and with R-CNN [62]

and DPM [54] for object recognition. As may be observed, the proposed method requires
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Figure 2.5: This figure presents the results on the CORA dataset for document classi-
fication. (a) presents the comparison of the proposed method with other active learning
methods. (b) presents the comparison with other methods which use the entire dataset for
training. (c) presents the sensitivity of the proposed method to the parameter c.
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Figure 2.6: This figure presents the results on the VIRAT dataset for activity classification.
(a) presents the comparison of the proposed method with other active learning methods.
(b) presents the comparison with other methods which use the entire dataset for training.
(c) presents the sensitivity of the proposed method to the parameter .

a much lesser number of samples to be manually labeled to obtain the same accuracy as
“ALL Batch”.

Fig. 2.3(c) and 2.4(c) present the results of the proposed method for different
values of the parameter « in Eqn. 2.11. It may be noted that o = 1.1 have been used for

all the results corresponding to the SUN dataset.
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2.4.2 Document Classification

Documents are generally inter-linked by citations and hyperlinks, which may be
exploited using our active learning approach to reduce manual labeling effort.
Dataset. We use the CORA dataset [169] for our experiments on document classification.
It is a dataset containing 2708 scientific publications divided into seven categories. There are
a total of 5429 links (citations) between the publications. The publications are represented

1433 indicate the

using a dictionary of 1433 unique words and the feature vectors f, € {0, 1
absence or presence of these words.
Experimental Set-up. We perform 10 FCV for this dataset following [169] and follow a
similar set-up as discussed previously for scene-object. We construct the graph such that
each node is connected to its five nearest neighbors in the feature space. The i, position
of the edge potential matrix is a count of the number of times a publication belonging to
category ¢ is related to category j via a citation link.
Results. The results of the proposed AL method along with other state-of-the-art AL
methods is presented in Fig. 2.5(a). It may be observed that the proposed method performs
much better than the other algorithms and requires only 42% manual labeling to reach
“ALL”.

We also compare our proposed method with other methods which consider that the
entire dataset is manually labeled and use it for training. Fig. 2.5(b) presents the compar-

ison with two such methods namely CCND [169] and LBC [168] *. The proposed method

performs much better than “ALL Batch”, which signifies that the proposed method ex-

!Please note that the horizontal lines should be points at 100% manual labeling, but for better visualiza-
tion, we have presented them as lines.
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tracts maximum possible information from the unlabeled set, but using much lesser manual
labeling.

We also present analysis of the parameter a in Eqn. 2.11 and the plots are pre-
sented in Fig. 2.5(c). The results in Fig. 2.5(a) and 2.5(b) is with @ = 1.1. Lower the
value of «, lesser will be the penalty for the number of samples chosen per batch (Eqn.
2.7), thus more samples will be chosen. This is also evident from Fig. 2.5(c). Although,
the performance with o = 0.5 is similar to a = 1.1 at the end, the later chooses much lesser

number of samples for manual labeling.

2.4.3 Activity Classification

Activities are generally spatio-temporally related which can be exploited to reduce
the number of instances chosen for manual labeling. Dataset. We use the VIRAT dataset
[133] on human activity for our experiments on activity classification. The dataset consists
of 11 videos segmented into 329 activity sequences. We extracted features using the pre-
trained model of 3D convolutional networks [199]. We extract the features for 16 frames at a
time with a temporal stride of 8 and then apply max pooling along the temporal dimension
to obtain a single vector € R4%% for each activity.

Experimental Set-up. We have used the first 176 sequence (761 activity) for training and
153 sequence (661 activities) for testing. We have divided the training set into 20 batches
and fed them sequentially to our active learning algorithm. We consider that there exists a
link between two activities if they have occurred within a certain spatio-temporal distance.
We consider the edge potential to be the spatio-temporal co-occurrence between the two

activities.
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Results. The results of the proposed active learning algorithm with other state-of-the-
art active learning methods is presented in Fig. 2.6(a). It may be observed that the
proposed method not only reaches the accuracy of “ALL” with only 18% manual labeling,
but also performs better than “ALL”. The fact that an algorithm can perform better than
“ALL”, i.e. using the entire dataset for training is discussed in [104]. Although Batch
Rank reaches “ALL”, it requires much more manual labeling than required by the proposed
method. "CAAL” remains close to the proposed algorithm initially, but the latter peaks
up thereafter.

We compare the proposed method in in Fig. 2.6(b) with other learning algorithms
which consider the entire dataset to be manually labeled and use it for training namely -
Context Aware Activity Recognition (CAAR) [244] and Sum Product Network (SPN) [3].
It may be observed that the proposed method peaks much faster than “ALL Batch” which
indicates that the former requires lesser manual labeling in each batch to obtain the same
accuracy as when the entire batch is manually labeled and used for training. The plots for

sensitivity analysis of the parameter « for the VIRAT dataset is presented in Fig. 2.6(c).

2.5 Conclusions

In this chapter, we presented and evaluated a novel generalized active learning
framework for inter-related data. Our framework can be applied for active learning of
both single as well as multiple recognition tasks simultaneously by exploiting the inter-
relationships in data. Our proposed method selects non-uniform number of samples from

each batch depending on the information content. The proposed informative subset selection
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methodology is not only fast due to its submodular property, but also performs well on a
wide range of applications. Further, in [67] we show that our method can also be used when
we have a given fixed budget for manual annotation per batch of unlabeled data. We also
show that other contextual information, such as objects in case of activity recognition, can
be exploited as side information for better performance of our model. An interesting future
direction of work could be to investigate the scenario the scenario where the labels provided

by human is not always correct.
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Chapter 3

Weakly Supervised Event

Localization

3.1 Introduction

Temporal activity localization and classification in continuous videos is a challeng-
ing and interesting problem in computer vision [1]. Its recent success [227, 238| has evolved
around a fully supervised setting, which considers the availability of frame-wise activity
labels. However, acquiring such precise frame-wise information requires enormous manual
labor. This may not scale efficiently with a growing set of cameras and activity categories.
On the other hand, it is much easier for a person to provide a few categorical labels which
encapsulate the content of a video. Moreover, videos available on the web are often accom-
panied by tags that provide semantic discrimination. Such video-level labels are generally

termed as weak labels, which may be utilized to learn models with the ability to classify
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Figure 3.1: This figure presents the train-test protocol of weakly supervised action localiza-
tion. The training set consists of videos with their video-level activity tags and NOT the
temporal annotation. Whereas, while testing, the network not only estimates the labels of
the activities in the video but also temporally locates their occurrence.

and localize activities in videos. In this chapter, we present a novel framework [142] for
Temporal Activity Localization and Classification (TALC) from such weak labels. Fig. 3.1
presents the train-test protocol of W-TALC.

In computer vision, researchers have utilized weak labels to learn models for several
tasks including semantic segmentation [66, 92, 228], visual tracking [239], reconstruction
[204, 88], video summarization [136], learning robotic manipulations [184], video captioning
[173], object boundaries [93], place recognition [5], and so on. The weak TALC problem
is analogous to weak object detection in images, where object category labels are provided
at the image-level. There have been several works in this domain mostly utilizing the
techniques of Multiple Instance Learning (MIL) [242] due to their close relation in terms of
the structure of information available for training. The positive and negative bags required
for MIL are generated by state-of-the-art region proposal techniques [109, 85]. On the other

hand, end-to-end learning with categorical loss functions are presented in [51, 52, 46, 185]
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and the authors in [243] incorporated the proposal generation network in an end-to-end
manner.

Temporal localization using weak labels is a much more challenging task compared
to weakly-supervised object detection. The key reason is the additional variation in content
as well as the length along the temporal axis in videos. Activity localization from weakly
labeled data remains relatively unexplored. Some works [186, 228, 192] focus on weakly-
supervised spatial segmentation of the actor region in short videos. Another set of works [16,
102, 153, 78] considers video-level labels of the activities and their temporal ordering during
training. However, such information about the activity order may not be available or may
not make sense for a majority of web-videos. [222] utilizes state-of-the-art object detectors
for spatial annotations but considers full temporal supervision. In [218], a soft selection
module is introduced for untrimmed video classification along with activity localization and
a sparsity constraint is included in [132].

In W-TALC, as we have labels only for the entire video, we need to process them
at once. Processing long videos at fine temporal granularity may have considerable mem-
ory and computation requirements. On the other hand, coarse temporal processing may
result in reduced detection granularity. Thus, there is a trade-off between performance and
computation. Over the past few years, networks trained on ImageNet [45] and recently
on Kinetics [90], has been used widely in several applications. Based on these advances
in literature and the aforementioned trade-off, we may want to ask the question that: is
it possible to utilize these networks just as feature extractors and develop a framework for

weakly-supervised activity localization which learns only the task-specific parameters, thus
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Figure 3.2: This figure presents the proposed framework for weakly-supervised activity
localization and classification. Given a video, we extract features from two streams - RGB
and Optical Flow. After concatenating the feature vectors from the two streams, we learn
a few layers specific to the task of weak localization and finally project to the category
space to obtain a T x C matrix where T" and C are the number of time steps and categories
respectively. We utilize two loss functions to learn the network parameters - Cross-entropy
loss on the temporally pooled predictions, and Co-Activity Loss obtained using a pair of
videos containing at least one category in common.

scaling up to long videos and processing them at fine temporal granularity? To address
this question, we present a framework (W-TALC) for weakly-supervised temporal activity
localization and video classification, which utilizes pair-wise video similarity constraints via
an attention-based mechanism along with multiple instances learning to learn only the task-
specific parameters.

Framework Overview. A pictorial representation of W-TALC is presented in Fig. 3.2.
The proposed method utilizes off-the-shelf Two-Stream networks [218, 22] as a feature
extractor. The number of frame inputs depend on the network used and will be discussed
in Section 3.3.1. After passing the frames through the networks, we obtain a matrix of
feature vectors with one dimension representing the temporal axis. Thereafter, we apply a
FullyConnected-ReLLU-Dropout layer followed by the label space projection layer, both of

which is learned for the weakly-supervised task.
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The activations over the label space are then used to compute two complimentary
loss functions using video-level labels. The first one is Multiple Instance Learning Loss,
where the category-wise k-max-mean strategy is employed to pool the category-wise acti-
vations and obtain a probability mass function over the categories. Its cross-entropy with
the ground-truth label is the Multiple Instance Learning Loss (MILL). The second one is
the Co-Activity Similarity Loss (CASL), which is based on the motivation that a pair of
videos having at least one activity category (say biking) in common should have similar
features in the temporal regions which correspond to that activity. Also, the features from
one video corresponding to biking should be different from the features of the other video
(of the pair) not corresponding to biking. However, as the temporal labels are not known
in weakly-supervised data, we use the attention obtained from the label space activations
as weak temporal labels, to compute CASL. Thereafter, we jointly minimize the two loss
functions to learn the network parameters.

Main contributions. The main contributions of the proposed method are as follows. 1.
We propose a novel approach for weakly-supervised temporal activity localization and video
classification, without fine-tuning the feature extractor, but learning only the task-specific
parameters. Our method does not consider any ordering of the labels in the video during
training and can detect multiple activities in the same temporal duration.

2. We introduce the Co-Activity Similarity Loss and jointly optimize it with the Multiple
Instance Learning Loss to learn the network weights specific to the weakly-supervised task.
We empirically show that the two loss functions are complementary in nature.

3. We perform extensive experiments on two challenging datasets and show that the pro-
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posed method performs better than the current state-of-the-art methods.

3.2 Related Works.

The problem of learning from weakly-supervised data has been addressed in several
computer vision tasks including object detection [12, 52, 109, 175, 38, 185], segmentation
[210, 138, 11, 92, 221], video captioning [173] and summarization [136]. Here, we discuss in
detail the other works which are more closely related to our work.

Weakly-supervised Spatial Action Localization. Some researchers have looked into
the problem of spatial localization of actors in mostly short and trimmed videos using weak
supervision. In [28] a framework is developed for localization of players in sports videos,
using detections from a state-of-the-art fully supervised player detector, as inputs to their
network. Person detectors are also used in [186, 223] to generate person tubes, which is
used to learn different Multiple Instance Learning-based classifiers. Conditional Random
Field (CRF) is used in [228] to perform actor-action segmentation from video-level labels
but on short videos.

Scripts as Weak Supervision. Some works in the literature use scripts or subtitles
generally available with videos as weak labels for activity localization. In [105, 50] words
related to human actions are extracted from subtitles to provide coarse temporal localization
of actions for training. In [15], actor-action pairs extracted from movie scripts serve as weak
labels for spatial actor-action localization by using discriminative clustering. Our algorithm
on the other hand only considers that the label of the video is available as a whole, agnostic

to the source from where the labels are acquired, i.e., movie scripts, subtitles, humans.
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Temporal Localization with Ordering. Few works in the literature have considered the
availability of temporal order of activities, apart from the video-level labels during train-
ing. The activity orderings in the training videos are used as constraints in discriminative
clustering to learn activity detection models [16]. A similar approach was taken in [17]. In
[78], the authors propose a dynamic programming-based approach to evaluate and search
for possible alignments between video frames and the corresponding labels. The authors in
[153] use a Recurrent Neural Network (RNN) to iteratively train and realign the activity
regions until convergence. A similar iterative process is presented also in [102], but with-
out employing an RNN. Unlike these works in literature, our work does not consider any
information about the orderings of the activity.

The works in [218, 132] are closely related to the problem setting presented in this
chapter. However, as the framework in [218] is based on the temporal segments network
[219], a fixed number of segments, irrespective of the length of the video, are considered
during training, which may lead to a reduction in localization granularity. Moreover, they
only employ the MILL, which may not be enough to localize activities at a fine temporal
granularity. A sparsity-based loss function is optimized in [132], along with a loss function
similar to that obtained using the soft selection method in [218]. We introduce a novel loss
function named Co-Activity Similarity Loss (CASL) which imposes pair-wise constraints
for better localization performance. We also propose a mechanism for dealing with long
videos and yet detecting activities at a high temporal granularity. In spite of not finetuning
the feature extractor, we can still achieve better performance than state-of-the-art methods

on weak TALC. Moreover, results show that CASL is complementary in nature with MILL.
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3.3 Methodology

In this section, we present our framework (W-TALC) for weakly-supervised activ-
ity localization and classification. First, we present our mechanism to extract features from
the two standard networks, followed by the layers of the network we learn. Thereafter, we
present two loss functions MILL and CASL, which we jointly optimize to learn the network
parameters. It may be noted that we compute both the loss functions using only the video-
level labels of the training videos. Before going into the details of our framework, let us
define the notations and problem statement formally.

Problem Statement. Consider that we have a training set of n videos X = {z;}!" ; with
variable temporal duration denoted by L = {[;}!' ; (after feature extraction) and activity
label set A = {a;}" ;, where a; = {ag};ﬂ:il are the m;(> 1) labels for the i"* video. We also

define the set of activity categories as S = J; a; = {a;};¢;. During test time, given a

Jj=1>

video x, we need to predict a set xqer = {(sj,€j,¢5,05)} where n(x) is the number of
detections for . sj,e; are the start time and end time of the 4t detection, c;j represents
its predicted activity category with confidence p;. With these notations, our proposed

framework is presented next.

3.3.1 Feature Extraction

We focus particularly on two architectures - UntrimmedNets [218] and I3D [22] for
feature extraction, mainly due to their two-stream nature, which incorporates rich temporal
temporal information in one of the streams, necessary for activity recognition. Please note

that the rest of our framework is agnostic to the features used.
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UntrimmedNet Features. In this case, we pass one frame through the RGB stream
and 5 frames through the Optical Flow stream as in [218]. We extract the features from
just before the classification layer at 2.5 fps. We use the network which is pre-trained on
ImageNet [45], and finetuned using weak labels and MILL on the task-specific dataset as in
[218]. Thus, this feature extractor has no knowledge about activities using strong labels.
I3D Features. As in [132], we also experiment with features extracted from the Kinetics
pre-trained I3D network [22]. The input to the two streams is non-overlapping 16 frame
chunks. The output is passed through a 3D average pooling layer of kernel size 2 X 7 X 7 to
obtain features of dimension 1024 each from the two streams.

At the end of the feature extraction procedure, each video x; is represented by
two matrices X} and X7, denoting the RGB and optical flow features respectively, both
of which are of dimension 1024 x [;. Note that [; is not only dependent on the video index
i, but also on the feature extraction procedure used, but it is proportional to the length of
the video. These matrices become the input to our weakly-supervised learning module.
Memory Constraints. As mentioned previously, natural videos may have large variations
in length, from a few seconds to more than an hour. In the weakly-supervised setting, we
have information about the labels for the video as a whole, thus requiring it to process the
entire video at once. This may be problematic for very long videos due to GPU memory
constraints. A possible solution to this problem may be to divide the videos into chunks
along the temporal axis [219] and apply a temporal pooling technique to reduce the length
of each chunk to a single representation vector. The number of chunks depends on the

available GPU memory. However, this will introduce unwanted background activity feature
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in the representation vectors as the start and end period of the activities in the video will
not overlap with the pre-defined chunks for most of the videos. To cope with this problem,
we introduce a simple video sampling technique.

Long Video Sampling. As the granularity of localizations is important for activity lo-
calization, we take an approach alternative to the one mentioned above. We process the
entire video if its length is less than the pre-defined length 7' necessary to meet the GPU
bandwidth. However, if the length of the video is greater than T', we randomly extract from
it a clip of length T" with contiguous frames and assign all the labels of the entire video to
the extracted video clip. It may be noted that although this may introduce some errors in
the labels, this way of sampling does have advantages, as will be discussed in more detail
in Section 3.4.

Computational Budget and Finetuning. The error introduced by the video sampling
strategy will increase with a decrease in the pre-defined length of T', which meets the GPU
bandwidth. If we want to jointly finetune the feature extractor along with training our
weakly-supervised module, T' may be very small in order to maintain a reasonable batch
size for Stochastic Gradient Descent (SGD) [19]. Although the value of 7' may be increased
by using multiple GPUs simultaneously, it may not be a scalable approach. Moreover,
the time to train both the modules may be high. Considering these problems, we do not
finetune the feature extractors, but only learn the task-specific parameters, described next,
from scratch. The advantages for doing this are twofold - the weakly-supervised module is
light-weight in terms of the number of parameters, thus requiring less time to train, and it

increases T' considerably, thus reducing labeling error while sampling long videos.
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3.3.2 Weakly Supervised Layer

In this section, we present the proposed weakly-supervised learning scheme, which
uses only weak labels to learn models for simultaneous activity localization and classification.
Fully Connected Layer. We introduce a fully connected layer followed by ReLU [130]
and Dropout [189] on the extracted features. The operation can be formalized for a video
with index i as follows.

X7

Xi =D(max (0,Wye || @bys.).ky) (3.1)

X7

where D represents Dropout with £, representing its keep probability, @ is the addition
with broadcasting operator, Wy, € R2048x2048 4nd bse € R2048 are the parameters to be

R2048%li ig the output feature matrix for the entire

learned from the training data and X; €
video.

Label Space Projection We use the feature representation X ; to classify and localize the
activities in the videos. We project the representations X; to the label space (€ R™, n, is
the number of categories), using a fully connected layer, with weight sharing along the tem-

poral axis. The category-wise activations we obtain after this projection can be represented

as follows.

A=W, X, &b, (3.2)

where W, € R%*2048 p < R" are to be learned and A; € R™*!. These category-wise

activations represent the possibility of activities at each of the temporal instants.
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3.3.3 k-max Multiple Instance Learning

As discussed in Section 3.1, the weakly-supervised activity localization and clas-
sification problem as addressed in this chapter can be directly mapped to the problem of
Multiple Instance Learning (MIL) [242]. In MIL, individual samples are grouped into two
bags, namely positive and negative bags. A positive bag contains at least one positive in-
stance and a negative bag contains no positive instance. Using these bags as training data,
we need to learn a model, which will be able to distinguish each instance to be positive or
negative, besides classifying a bag. In our case, we consider the entire video as a bag of
instances, where each instance is represented by a feature vector at a certain time instant.
In order to compute the loss for each bag, i.e., video in our case, we need to represent
each video using a single confidence score per category. For a given video, we compute the
activation score corresponding to a particular category as the average of k-max activation
over the temporal dimension for that category. As in our case, the number of elements in

a bag varies widely, we set k proportional to the number of elements in a bag. Specifically,

k; = max (1, VSJ ) (3.3)

where s is a design parameter. Thus, our category-wise confidence scores for the j** category

of the i*" video can be represented as,

k.

. 1 i
s/ == max M 3.4
! k’z‘McAfL[j;]; : (3:4)

IM|=k =
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where M; indicates the I element in the set M. Thereafter, a softmax non-linearity
is applied to obtain the probability mass function over the all the categories as follows,
p] = ;XIPTP)() We need to compare this pmf with the ground truth distribution of labels
for each video in order to compute the MILL. As each video can have multiple activities
occurring in it, we represent the label vector for a video with ones at the positions if that
activity occurs in the video, else zero. We then normalize this ground truth vector in order

to convert it to a legitimate pmf. The MILL is then the cross-entropy between the predicted

pmf p; and ground-truth, which can then be represented as follows,

Lyvirn = ZZ 7 log(p] (3.5)

21]1

where y; = [y},...,y"]7 is the normalized ground truth vector. This loss function is
semantically similar to that used in [218]. We next present the novel Co-Activity Similarity

Loss, which enforces constraints to learn better network parameters for activity localization.

3.3.4 Co-Activity Similarity

As discussed previously, the W-TALC problem motivates us to identify the corre-
lations between videos of similar categories. Before discussing in more detail, let us define
category-specific sets for the j™ category as, S; = {z; |3 af € a;,s.t. af = o}, ie., the
set S contains all the videos of the training set, which has activity «; as one of its labels.
Ideally, we may want the following properties in the learned feature representations X; in

Eqn. 3.1.

e A video pair belonging to the set S; (for any j € {1,...,n.}) should have similar
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feature representations in the portions of the video where the activity a; occurs.

e For the same video pair, feature representation of the portion where a; occurs in one

video should be different from that of the other video where «; does not occur.

These properties are not directly enforced in MILL. Thus, we introduce Co-Activity Sim-
ilarity Loss to embed the desired properties in the learned feature representations. As we
do not have frame-wise labels, we use the category-wise activations obtained in Eqn. 3.2
to identify the required activity portions. The loss function is designed in a way that helps
to learn simultaneously the feature representation as well as the label space projection. We
first normalize the per-video category-wise activations scores along the temporal axis using

softmax non-linearity as follows:

i exp (A, 1])
Afjt) = — SPALD (36)
> =1 exp(Ailj, t'])
where ¢ indicates the time instants and j € {1,...,n.}. We refer to these as attention, as

they attend to the portions of the video where the activity of a certain category occurs. A
high value of attention for a particular category indicates its high occurrence-probability of
that category. In order to formulate the loss function, let us first define the category-wise

feature vectors of regions with high and low attention as follows:

Hf{ = X,;Ai[j,"
1
i —1

~

X,L»(l — Aj[j, :]T> (3.7)

o
Fi=
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where # f{,L fg € R?94® yepresents the high and low attention region aggregated feature
representations respectively of video ¢ for category j. It may be noted that in Eqn. 3.7 the
low attention feature is not defined if a video contains a certain activity and the number
of feature vectors, i.e., [; = 1. This is also conceptually valid and in such cases, we cannot
compute the CASL. We use cosine similarity in order to obtain a measure of the degree of

similarity between two feature vectors and it may be expressed as follows:

<fia f]>
(Fi £07(f;. )2

dlfi, fl=1- (3.8)

In order to enforce the two properties discussed above, we use the ranking hinge loss. Given

a pair of videos &, x, € §;, the loss function may be represented as follows:

ey = max (0,1 £, 1] — " £, 1] + )

+ max (o, d[Hfi Hgi] —d[lgi B g+ 5) } (3.9)

where § is the margin parameter and we set it to 0.5 in our experiments. The two terms
in the loss function are equivalent in meaning, and they represent that the high attention
region features in both the videos should be more similar than the high attention region
feature in one video and the low attention region feature in the other video. The total loss

for the entire training set may be represented as follows:

Nec

1 1 -
Loasp = - >omn 2. L (3.10)

j=1 (| 2 ) T, Ln €S
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Optimization. The total loss function we need to optimize in order to learn the weights

of the weakly supervised layer can be represented as follows:

L=MCarrrr + (1= N Lcast + a||[W||% (3.11)

where the weights to be learned in our network are lumped to W. We use A = 0.5 and
a =5 x 107" in our experiments. We optimize the above loss function using Adam [94]
with a batch size of 10. We create each batch in a way such that it has a minimum of three
pairs of videos such that each pair has at least one category in common. We use a constant
learning rate of 10=% in all our experiments.

Classification and Localization. After learning the weights of the network, we use them
to classify an untrimmed video as well as localize the activities in it during test time. Given
a video, we obtain the category-wise confidence scores as in Eqn. 3.4 followed by softmax
to obtain a pmf over the possible categories. Then, we can threshold the pmf to classify the
video to contain one or more activity categories. However, as defined by the dataset [80]
and used in literature [218], we use mAP for classification performance comparison, which
does not require the thresholding operation, but directly uses the pmf.

For localization, we employ a two-stage thresholding scheme. First, we discard the
categories which have a confidence score (Eqn. 3.4) below a certain threshold (0.0 used in
our experiments). Thereafter, for each of the remaining categories, we apply a threshold
on the corresponding activation in A (Eqn. 3.2) along the temporal axis to obtain the
localizations. It may be noted that as [; is generally less than the frame rate of the videos,

we upsample the activations to meet the frame rate.
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3.4 Experiments

In this section, we experimentally evaluate the proposed framework for activity
localization and classification from weakly labeled videos. We first discuss the datasets we

use, followed by the implementation details, quantitative, and some qualitative results.

3.4.1 Datasets

We perform experimental analysis on two datasets namely ActivityNet v1.2 [70]
and Thumos14 [80]. These two datasets contain untrimmed videos with frame-wise labels
of activities occurring in the video. However, as our algorithm is weakly-supervised, we use
only the activity tags associated with the videos.

ActivityNet1.2. This dataset has 4819 videos for training, 2383 videos for validation and
2480 videos for testing whose labels are withheld. The number of categories involved is 100,
with an average of 1.5 temporal activity segments per video. As in literature [218, 132],
we use the training videos to train our network, and the validation set to report the test
performance.

Thumos14. The Thumos14 dataset has 1010 validation videos and 1574 test videos divided
into 101 categories. Among these videos, 200 validation videos and 213 test videos have
temporal annotations belonging to 20 categories. Although this is a smaller dataset than
ActivityNet1.2, the temporal labels are very precise and with an average of 15.5 temporal
activity segments per video. This dataset has several videos where multiple activities occur,
thus making it even more challenging. The length of the videos also varies widely from a

few seconds to more than an hour. The lower number of videos make it challenging to
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efficiently learn the weakly-supervised network. Following literature [218, 132], we use the
validation videos for training and the test videos for testing.

Implementation Details. We use the corresponding repositories to extract the features
for UntrimmedNets' and I3D?. We do not finetune the feature extractors. The weights of
the weakly supervised layers are initialized by Xavier method [63]. We use TVLI1 optical
flow 3. We train our network on a single Tesla K80 GPU using Tensorflow. We set s = 8 in

Eqn. 3.3 for both the datasets.

Table 3.1: Detection performance comparisons on Thumosl4. UNTF & I3DF are abbrevi-
ations for UntrimmedNet features and I3D features respectively. The symbol ¥ represents
that following [132], those models are trained using only the 20 categories with temporal
annotations, but without these annotations.

Supervision IoU — 0.1 0.2 0.3 0.4 0.5 0.7
Saliency-Pool [89] 046 034 021 014 009 00.1
FV-DTF [135] 36.6 336 27.0 208 144 -
SLM-mgram [152] 39.7 357 300 232 152 -
S-CNN [177] 477 435 363 287 19.0 053
Strong Glimpse [231] 489 440 27.0 208 144 -
PSDF [232] 51.4 426 33.6 26.1 188 -
SMS [233] 51.0 452 36.5 278 178 -
CDC [176] - - 40.1 294 233 07.9
R-C3D [227] 54.5 515 448 356 28.9 -
SSN [238] 60.3 56.2 50.6 40.8 29.1 -
HAS [185] 36.4 278 195 127 06.8 -

UntrimmedNets [218] 44.4 377  28.2 21.1 13.7 -
STPN (UNTF) [132] ¢ 453 388 311 235 162 05.1
STPN (I3DF) [132] * 520 447 355 258 169  04.3

MILL+CASL+UNTF+ 49.0 42.8 32.0 26.0 18.8 06.2
Weak MILL+I3DF 46.5 399 312 240 169 044
(Ours)  MILL+CASL~+I3DF 53.7 485 392 299 220 073
MILL+CASL+I3DF+  55.2 49.6 40.1 31.1 22.8 07.6

Weak

'www.github.com/wanglimin/UntrimmedNet
2www.github.com /deepmind /kinetics-i3d
3www.github.com /yjxiong/temporal-segment-networks
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Table 3.2: Detection performance comparisons over the ActivityNetl.2 dataset. The last
column (Avg.) indicates the average mAP for IoU thresholds 0.5:0.05:0.95.

Supervision ToU — 01 02 03 04 05 07 Avg
Strone | SSN-SW [238] - - - - - - 48
& SSN-TAG [238] - _ _ - - - 25.9

Weak W-TALC (Ours) 53.9 49.8 45.5 41.6 37.0 14.6 18.0

3.4.2 Activity Localization

We first perform a quantitative analysis of our framework for the task of activity
localization. We use mAP with different Intersection over Union (IoU) thresholds as a
performance metric, as followed in the literature [80]. We compare our results with several
state-of-the-art methods on both strong and weak supervision in Table 3.1 and 3.2 for
Thumosl4 and ActivityNet1.2 respectively. We show results for different combinations
of features and loss functions used. It may be noted that our framework performs much
better than the other weakly supervised methods with similar feature usage. It is important
to note that although the Kinetics pre-trained I3D features (I3DF) have some knowledge
about activities, using only MILL as in [218] along with I3DF performs much worse than
combining it with CASL. Moreover, our framework performs much better than other state-
of-the-art methods even when using UNTF, which is not trained using any strong labels of
activities. A detailed analysis of the two loss functions MILL and CASL will be presented

subsequently.

3.4.3 Activity Classification

We now present the performance of our framework for activity classification. We

use mean average precision (mAP) to compute the classification performance from the
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Table 3.3: Classification performance com-

parisons on the Thumosl14 dataset. T indi- ] )
cates that the algorithm uses both videos Table 3.4: Classification performance com-

from Thumosld and trimmed videos from  Parisons on the ActivityNetl.2 dataset. T
UCF101 for training. Without 1 indicates indicates that the algorithm uses the train-
ing and validation set of ActivityNetl.2 for

training and tested on the server. Without
T means that the algorithm is trained on the

that the algorithm uses only videos from
Thumos14 for training.

Methods mAP  Supervision training set and tested on the validation set.
EMV + RGB [234] 61.5 Strong T Algorithms mAP  Supervision
iDT+FV [216] 63.1 Strong T
_ C3D [199] 74.1  Strong '
iDT4+CNN [217] 62.0 Strong T .
_ _ iDT+FV [216] 66.5 Strong T
Objects + Motion [84] 71.6  Strong T .
Depth2Action [84] 78.1 Strong T
Feat. Agg. [83] 71.0 Strong T
TSN [219] 88.8  Strong T
Extreme LM [208] 63.2 Strong T
Two Stream [181] 71.9  Strong T
TSN [219] 78.5 Strong T
TSN [219] 86.3 Strong
Two Stream [181] 66.1 Strong T
TSN [219] 67.7 Strong UntrimmedNets [218] 87.7 Weak
- UntrimmedNets [218] 91.3 Weak T
UntrimmedNets [218] 74.2  Weak

W-TALC (Ours w. I3D) 93.2 Weak

UntrimmedNets [218] 82.2  Weak T
W-TALC (Ours w. I3D) 85.6 Weak

predicted videos-level scores in Eqn. 3.4 after applying softmax. We compare with both
fully supervised and weakly-supervised methods and the results are presented in Table 3.3
and 3.4 for Thumosl14 and ActivityNet1.2 respectively. The proposed method performs
significantly better than other state-of-the-art approaches. Please note that the methods

indicated with T utilize a larger training set compared to ours as mentioned in the tables.

3.4.4 Ablation Study

Relative Weights on Loss Functions. In our framework, we jointly optimize two loss
functions - MILL and CASL defined in Eqn. 3.11 to learn the weights of the weakly-

supervised module. It is interesting to investigate the relative contributions of the loss
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Figure 3.3: (a) presents the variations in detection performance on Thumosl4 by changing
weights on MILL and CASL. Higher A represents more weight on the MILL and vice versa.
(b) presents the variations in detection performance (@QloU > 0.3) and training time on

Thumos14 dataset by changing the maximum possible length of video sequence during
training (7") as discussed in the text.

functions to the detection performance. In order to do that, we performed experiments,
using the I3D features, with different values of A (higher value indicate larger weight on
MILL) and present the detection performance on the Thumos14 dataset in Fig. 3.3(a).

As may be observed from the plot, the proposed method performs best at A = 0.5,
i.e., when both the loss functions have equal weights. Moreover, using only MILL, i.e.,
A = 1.0, results in a decrease of 7 — 8% mAP compared to when both CASL and MILL
are given equal weights in the loss function. This shows that the CASL introduced in this
work has a major effect on the better performance of our framework compared to using 13D
features along with the loss function in [218], i.e., MILL.
Sensitivity to Length of Sequence. Natural videos may often be very long. As men-
tioned previously, in the weakly-supervised setting, we have only video-level labels, so we

need to process the entire video at once in order to compute the loss functions. In Section
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3.3.1, we discuss a simple sampling strategy, which we use to maintain the length of the
videos in a batch to be less than a pre-defined length T to meet GPU memory constraints.
This method has the following advantages and disadvantages.
- Advantages: First, we can learn from long-length videos using this scheme. Secondly, this
strategy will act as a data augmentation technique as we randomly crop, along the temporal
axis to make it a fixed-length sequence, if the length of the video > T'. Also, a lower value
of T reduces computation time.
- Disadvantage: In this sampling scheme, errors will be introduced in the labels of the
training batch, which may increase with the number of training videos with length > T.
The above factors induce a trade-off between performance and computation time. This
can be seen in Figure 3.3(b), wherein the initial portion of the plot, with an increase of T,
the detection performance improves, but the computational time increases. However, the
detection performance eventually reaches a plateau suggesting T' = 320s to be a reasonable
choice for this dataset.
Qualitative Results. We present a few interesting example localizations with ground
truths in Fig. 3.4. The figure has four examples from Thumosl4 and ActivityNet1.2
datasets. To test how the proposed framework performs on videos outside the aforemen-
tioned datasets, we tested the learned networks on randomly collected videos from YouTube.
We present two such example detections in Fig. 3.4, using the model trained on Thumos14.
The first example in Fig. 3.4 is quite challenging as the localization should precisely
be the portions of the video, where Golf Swing occurs, which has very similar features in

the RGB domain to portions of the video where the player prepares for the swing. In spite
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Figure 3.4: This figure presents some detection results for qualitative analysis on Thumos14,
ActivityNet1.2 and a couple of random videos from YouTube

of this, our model is able to localize the relevant portions of Golf Swing, potentially based
on the flow features. In the second example from Thumosl4, the detections of Cricket
Shot and Cricket Bowl appear to be correlated in time. This is because Cricket Shot and
Bowl are two activities that generally co-occur in videos. To have fine-grained localization
for such activities, videos that have only one of these activities are required. However, in
the Thumos14 dataset, very few training examples contain only one of these two activities,

which explains the behavior noted in the figure.
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In the third example, which is from ActivityNet1.2, although ‘Playing Polo’ occurs
in the first portion of the video, it is absent in the ground truth. However, our model is
able to localize those activity segments as well. The same discussion is also applicable to
the fourth example, where ‘Bagpiping’ occurs in the frames in a sparse manner, and our
model’s response is aligned with its occurrence, but the ground truth annotations are for
almost the entire video. These two examples are motivations behind weakly-supervised
localization because obtaining precise unanimous ground truths from multiple labelers is
difficult, costly, and sometimes even infeasible.

The fifth example is on a randomly selected video from YouTube. It has a person,
who is juggling balls in an outdoor environment. But, most of the examples in Thumos14 of
the same category are indoors, with the person taking up a significant portion of the frames
spatially. Despite such differences in data, our model is able to localize some portions of
the activity. However, the model also predicts some portions of the video to be ‘Soccer
Juggling’, which may be because its training samples in Thumos14 contains a combination
of feet, hand, and head, and a subset of such movements are present in ‘Juggling Balls’.
Moreover, it is interesting to note that the first two frames show some maneuver of a ball

with feet and it is detected as ‘Soccer Juggling’ as well.

3.5 Conclusions

In this chapter, we present an approach to learn temporal activity localization and
video classification models using only weak supervision with video-level labels. We present

the novel Co-Activity Similarity loss, which is empirically shown to be complementary with
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the Multiple Instance Learning Loss. We also show a simple mechanism to deal with long
length videos, yet processing them at high granularity. Experiments on two challenging
datasets demonstrate that the proposed method achieves state-of-the-art results in the
weak TALC problem. In an extension of this work [124], we present a mechanism to learn
a model for a text to video moment retrieval task using weak labels. An interesting future

direction can be to explore the usefulness of co-video similarities for this type of task.
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Chapter 4

Domain Adaptation of Semantic

Segmentation using Weak Labels

4.1 Introduction

Unsupervised domain adaptation (UDA) methods for semantic segmentation have
been developed to tackle the issue of domain gap. Existing methods aim to adapt a model
learned on the source domain with pixel-wise ground truth annotations, e.g., from a simula-
tor which requires the least annotation efforts, to the target domain that does not have any
form of annotations. These UDA methods in the literature for semantic segmentation are
developed mainly using two mechanisms: pseudo label self-training and distribution align-
ment between the source and target domains. For the first mechanism, pixel-wise pseudo
labels are generated via strategies such as confidence scores [113, 79] or self-paced learning

[245], but such pseudo-labels are specific to the target domain, and do not consider align-
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I. Weak Labels for Domain Adaptation
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Figure 4.1: Our work introduces two key ideas to adapt semantic segmentation models
across domains. I: Using image-level weak annotations for domain adaptation, either esti-
mated, i.e., pseudo-weak labels (Unsupervised Domain Adaptation, UDA) or acquired from
a human oracle (Weakly-supervised Domain Adaptation (WDA). II: We utilize weak labels
to improve the category-wise feature alignment between the source and target domains.
v/ /X depicts weak labels, i.e., the categories present/absent in an image.

ment between domains. For the second mechanism, numerous spaces could be considered to
operate the alignment procedure, such as pixel [74, 128], feature [75, 236], output [202, 33],
and patch [203] spaces. However, alignment performed by these methods are agnostic to
the category, which may be problematic as the domain gap may vary across categories.

To alleviate the issue of lacking annotations in the target domain, we propose [143]
a concept of utilizing weak labels on the domain adaptation task for semantic segmentation,
in the form of image- or point-level annotations in the target domain. Such weak labels
can be used for category-wise alignment between the source and target domain, and also to
enforce constraints on the categories present in an image. It is important to note that our
weak labels could be estimated from the model prediction in the UDA setting, or provided by
the human oracle in the weakly-supervised domain adaptation (WDA) paradigm (see left of
weakda. 4.1). We are the first to introduce the WDA setting for semantic segmentation with

image-level weak-labels, which is practically useful as collecting such annotations is much
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easier than pixel-wise annotations on the target domain. Benefiting from the concept of
weak labels introduced in this chapter, we aim to utilize such weak labels to act as an enabler
for the interplay between the alignment and pseudo labeling procedures, as they are much
less noisy compared to pixel-wise pseudo labels. Specifically, we use weak labels to perform
both 1) image-level classification to identify the presence/absence of categories in an image
as a regularization, and 2) category-wise domain alignment using such categorical labels.
For the image-level classification task, weak labels help our model obtain a better pixel-
wise attention map per category. Then, we utilize the category-wise attention maps as the
guidance to further pool category-wise features for proposed domain alignment procedure
(right of Fig. 4.1).

Note that, although weak labels have been used in domain adaptation for object
detection [81], our motivation is different from theirs. More specifically, [81] uses the weak
labels to choose pseudo labels for self-training, while we formulate a general framework
to learn from weak labels with different forms, i.e., UDA and WDA (image-level or point
supervision), as well as to improve feature alignment across domains using weak labels.

We conduct experiments on the road scene segmentation problem from GTA5 [154]
/ SYNTHIA [156] to Cityscapes [39]. We perform extensive experiments to verify the
usefulness of each component in the proposed framework, and show that our approach
performs favorably against state-of-the-art algorithms for UDA. In addition, we show that
our proposed method can be used for WDA and present its experimental results as a new
benchmark. For the WDA setting, we also show that our method can incorporate various

types of weak labels, such as image-level or point supervision. The main contributions
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of our work are: 1) we propose a concept of using weak labels to help domain adaptation
for semantic segmentation; 2) we utilize weak labels to improve category-wise alignment for
better feature space adaptation; and 3) we demonstrate that our method is applicable to

both UDA and WDA settings.

4.2 Related Work

In this section, we discuss the literature of unsupervised domain adaptation (UDA)
for image classification and semantic segmentation. In addition, we also discuss weakly-

supervised methods for semantic segmentation.

UDA for Image Classification. The UDA task for image classification has been devel-
oped via aligning distributions across source and target domains. To this end, hand-crafted
features [55, 64] and deep features [59, 205] have been considered to minimize the do-
main discrepancy and learn domain-invariant features. To further enhance the alignment
procedure, maximum mean discrepancy [116] and adversarial learning [60, 206] based ap-
proaches have been proposed. Recently, several algorithms focus on improving deep models
[117, 161, 106, 43], combining distance metric learning [187, 188], utilizing pixel-level adap-

tation [20, 200], or incorporating active learning [191].

UDA for Semantic Segmentation. Existing UDA methods in literature for seman-
tic segmentation can be categorized primarily into to two groups: domain alignment and
pseudo-label self-training. For domain alignment, numerous algorithms focus on aligning
distributions in the pixel [26, 36, 74, 128, 225, 237], feature [31, 75, 236], and output [202, 33|

spaces. For pseudo-label re-training, current methods [164, 245, 114] aim to generate pixel-
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wise pseudo labels on the target images, which is utilized to finetune the segmentation
model trained on the source domain.

To achieve better performance, recent works [47, 113, 203, 213] attempt to combine
the above two mechanisms. AdvEnt [213] adopts adversarial alignment and self-training
in the entropy space, while BDL [113] combines output space and pixel-level adaptation
with pseudo-label self-training in an iterative updating scheme. Moreover, Tsai et al. [203]
propose a patch-level alignment method and show that their approach is complementary to
existing modules such as output space adaptation and pseudo-label self-training. Similarly,
Du et al. [47] integrate category-wise adversarial alignment with pixel-wise pseudo-labels,
which may be noisy, leading to incorrect alignment. In addition, [47] needs to progressively
change a ratio for selecting pseudo-labels, and the final performance is sensitive to this
chosen parameter.

Compared to the above-mentioned approaches, we propose to exploit weak la-
bels by learning an image classification task, while improving domain alignment through
category-wise attention maps. Furthermore, we show that our approach can be utilized
even in the case where oracle-weak labels are available on the target domain, in which case

the performance will be further improved.

Weakly-supervised Semantic Segmentation. Since we are specifically interested in
how weak labels can help domain adaptation, we also discuss the literature for weakly-
supervised semantic segmentation, which has been tackled through different types of weak
labels, such as image-level [2, 27, 96, 138, 146], video-level [32, 201, 240], bounding box [137,

42, 91], scribble [115, 209], and point [10] supervisions. Under this setting, these methods
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train the model using ground truth weak labels and perform testing in the same domain,
which does not require domain adaptation. In contrast, we use a source domain with pixel-
wise ground truth labels, but in the target domain, we consider pseudo-weak labels (UDA)
or oracle-weak labels (WDA). As a result, we note that performance of weakly-supervised
semantic segmentation methods which do not utilize any source domain, is usually much
lower than the domain adaptation setting adopted in this chapter, e.g., the mean IoU on

Cityscapes is only 24.9% as shown in [163].

4.3 Domain Adaptation with Weak Labels

In this section, we first introduce the problem and then describe details of the
proposed framework - the image-level classification module and category-wise alignment
method using weak labels. Finally, we present our method of obtaining the weak labels for
the UDA and WDA settings.

Problem Definition. In the source domain, we have images and pixel-wise labels denoted
as Is = {Xg,}/;i}f\fl. Whereas, our target dataset contains images and only image-level
labels as Z, = {X},4i} . Note that Xs, X; € REWX3 v, ¢ BHF*WXC with pixel-wise
one-hot vectors, y; € B® is a multi-hot vector representing the categories present in the
image and C' is the number of categories, same for both the source and target datasets.
Such image-level labels y; are often termed as weak labels. We can either estimate them,
in which case we call them pseudo-weak labels (Unsupervised Domain Adptation, UDA)

or acquire them from a human oracle that is called oracle-weak labels (Weakly-supervised

Domain Adaptation, WDA). We will further discuss details of acquiring weak labels in
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Figure 4.2: The proposed architecture consists of the segmentation network G and the weak
label module. We compute the pixel-wise segmentation loss L¢ for the source images and
image classification loss £, using the weak labels y; for the target images. Note that the
weak labels can be estimated as pseudo-weak labels or provided by a human oracle. We then
use the output prediction A, convert it to an attention map o(A) and pool category-wise
features F¢. Next, these features are aligned between source and target domains using the
category-wise alignment loss £& adp guided by the category-wise discriminators D€ learned
via the domain classification loss LC.

Section 4.3.4. Given such data, the problem is to adapt a segmentation model G learned
on the source dataset Z; to the target dataset Z;.

Algorithm Overview. Fig. 4.2 presents an overview of our proposed method. We first
pass both the source and target images through the segmentation network G and obtain
their features F, Fy, € RH *W'x2048 goomentation predictions Ay, Ay € RE*W'*C and the
up-sampled pixel-wise predictions Os, O; € REXW*C Note that H'(< H),W'(< W) are
the downsampled spatial dimensions of the image after passing through the segmentation
network. As a baseline, we use the source pixel-wise annotations to learn G, while aligning

the output space distribution Og and Oy, following [202].
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In addition to having pixel-wise labels on the source data, we also have image-level
weak labels on the target data. As discussed before, such weak labels can be either estimated
(UDA) or acquired from an oracle (WDA). We then utilize these weak labels to update the
segmentation network G in two different ways. First, we introduce a module which learns to
predict the categories that are present in a target image. Second, we formulate a mechanism
to align the features of each individual category between source and target domains. To
this end, we use category-specific domain discriminators D¢ guided by the weak labels to
determine which categories should be aligned. In the following sections, we present these

two modules in more detail.

4.3.1 Weak Labels for Category Classification

In order to predict whether a category is absent/present in a particular image,
we define an image classification task using the weak labels, such that the segmentation
network G can discover those categories. Specifically, we use the weak labels 1; and learn
to predict the categories present/absent in the target images. We first feed the target images
X; through G to obtain the predictions A; and then apply a global pooling layer to obtain
a single vector of predictions for each category:

. 1 1

Pi =0 | 108

Z exp kAgh/’w/’C) , (4.1)
h'w!

where o is the sigmoid function such that p; represents the probability that a particular
category appears in an image. Note that (4.1) is a smooth approximation of the max

function. The higher the value of k, the better it approximates to max. We set k = 1 as we
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do not want the network to focus only on the maximum value of the prediction, which may
be noisy, but also on other predictions that may have high values. Using p; and the weak

labels 1, we can compute the category-wise binary cross-entropy loss:

C
L(XsG) =) —yilog(pf) — (1 — yf) log(1 — pf). (4.2)
c=1

This is shown at the bottom stream of Fig. 4.2. This loss function L. helps to identify the
categories which are absent/present in a particular image and enforces the segmentation
network G to pay attention to those objects/stuff that are partially identified when the

source model is used directly on the target images.

4.3.2 Weak Labels for Feature Alignment

The classification loss using weak labels introduced in (4.2) regularizes the network
focusing on certain categories. However, distribution alignment across the source and target
domains is not considered yet. As discussed in the previous section, methods in literature
either align feature space [75] or output space [202] across domains. However, such alignment
is agnostic to the category, so it may align features of categories that are not present in
certain images. Moreover, features belonging to different categories may have different
domain gaps. Thereby, performing category-wise alignment could be beneficial but has not
been widely studied in UDA for semantic segmentation. Although an existing work [47]
attempts to align category-wise features, it utilizes pixel-wise pseudo labels, which may
be noisy, and performs alignment in a high-dimensional feature space, which is not only

difficult to optimize but also requires more computations.
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To alleviate all the above issues, we use image-level weak labels to perform category-
wise alignment in the feature space. Specifically, we obtain the category-wise features for
each image via an attention map, i.e., segmentation prediction, guided by our classification
module using weak labels, and then align these features between the source and target
domains. We next discuss the category-wise feature pooling mechanism followed by the

adversarial alignment technique.

Category-wise Feature Pooling. Given the last layer features F' and the segmentation
prediction A, we obtain the category-wise features by using the prediction as an attention
over the features. Specifically, we obtain the category-wise feature F¢ as a 2048-dimensional

vector for the ¢t category as follows:

Fe=3Y" (At ptta), (4.3)

where o(A) is a tensor of dimension H' x W' x C, with each channel along the category
dimension representing the category-wise attention obtained by the softmax operation o
over the spatial dimensions. As a result, o(A)"*'9) is a scalar and F"'*) is a 2048-
dimensional vector, while F¢ is the summed feature of F("'*") weighted by o(A)"* @)
over the spatial map H' x W’. Note that we drop the subscripts s,t for source and target,
as we employ the same operation to obtain the category-wise features for both domains.
We next present the mechanism to align these features across domains. Note that we will
use F¢ to denote the pooled feature for the ¢ category and F¢ to denote the set of pooled
features for all the categories. Category-wise feature pooling is shown in the middle of Fig.

4.2.
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Category-wise Feature Alignment. To learn the segmentation network G such that
the source and target category-wise features are aligned, we use an adversarial loss while
using category-specific discriminators D¢ = {Dc}cczl. The reason of using category-specific
discriminators is to ensure that the feature distribution for each category could be aligned
independently, which avoids the noisy distribution modeling from a mixture of categories.
In practice, we train C' distinct category-specific discriminators to distinguish between
category-wise features drawn from the source and target images. The loss function to

train the discriminators D€ is as follows:

C
LG(FE,FFi DY) =) —ySlog D(FS) — yf log (1 — D(Fy)). (4.4)

c=1

Note that, while training the discriminators, we only compute the loss for those categories
which are present in the particular image via the weak labels y,,1; € BC that indicate
whether a category occurs in an image or not. Then, the adversarial loss for the target

images to train the segmentation network G can be expressed as follows:

C
LSy (FEG, DY) =" —yflog D°(FY). (4.5)

c=1

Similarly, we use the target weak labels y; to align only those categories present in the target

C

image. By minimizing £, , the segmentation network tries to fool the discriminator by
maximizing the probability of the target category-wise feature being considered as drawn
from the source distribution. These loss functions in (4.4) and (4.5) are obtained in the

right of the middle box in Fig. 4.2.
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4.3.3 Network Optimization

Discriminator Training. We learn a set of C' distinct discriminators for each category c.
We use the source and target images to train the discriminators, which learn to distinguish
between the category-wise features drawn from either the source or the target domain. The
optimization problem to train the discriminator can be expressed as: minpc £ (FE, FF).
Note that each discriminator is trained only with features pooled specific to that particular
category. Therefore, given an image, we only update those discriminators corresponding to

those categories which are present in the image and ignore the rest.

Segmentation Network Training. We train the segmentation network with the pixel-
wise cross-entropy loss L5 on the source images, image classification loss £, and adversarial

loss Eacdv on the target images. We combine these loss functions to learn G as follows :

adv

min £(X) + AeLe(X0) + NaLE, (FO). (4.6)

We follow the standard GAN training procedure [65] to alternatively update G and D¢

C

ad involves the category-wise discriminators D€ Therefore, we fix

Note that, computing £

D¢ and backpropagate gradients only for the segmentation network G.

4.3.4 Acquiring Weak Labels

In the above sections, we have proposed a mechanism to utilize image-level weak
labels of the target images and adapt the segmentation model between source and target

domains. In this section, we explain two methods to obtain such image-level weak labels.
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Pseudo-Weak Labels (UDA). One way of obtaining weak labels is to directly estimate
them using the data we have, i.e., source images/labels and target images, which is the
unsupervised domain adaptation (UDA) setting. In this work, we utilize the baseline model
[202] to adapt a model learned from the source to the target domain, and then obtain the

weak labels of the target images as follows:

1, iftpf >T,

0, otherwise

where pf is the probability for category ¢ as computed in (4.1) and 7" is a threshold, which
we set to 0.2 in all the experiments unless specified otherwise. In practice, we compute
the weak labels online during training and avoid any additional inference step. Specifically,
we forward a target image, obtain the weak labels using (4.7), and then compute the loss
functions in (4.6). As the weak labels obtained in this manner do not require human

supervision, adaptation using such labels is unsupervised.

Oracle-Weak Labels (WDA). In this form, we obtain the weak labels by querying a
human oracle to provide a list of the categories that occur in the target image. As we use
supervision from an oracle on the target images, we refer to this as weakly-supervised domain
adaptation (WDA). It is worth mentioning that the WDA setting could be practically useful,
as collecting such human annotated weak labels is much easier than pixel-wise annotations.
Also, there has not been any prior research involving this setting for domain adaptation.
To show that our method can use different forms of oracle-weak labels, we further

introduce the point supervision as in [10], which only increases effort by a small amount
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compared to the image-level supervision. In this scenario, we randomly obtain one pixel
coordinate of each category that belongs in the image, i.e., the set of tuples {(h¢, w®, ¢)|Vy§ =
(h€,we,c)

1}. For an image, we compute the loss as follows: Lpoint = — Zvyle ys log(O; ), where

Oy € REXWXC 45 the output prediction of target after pixel-wise softmax.

4.4 Experimental Results

In this section, we perform an evaluation of our domain adaptation framework for
semantic segmentation. We present the results for using both pseudo-weak labels, i.e., unsu-
pervised domain adaptation (UDA) and human oracle-weak labels, i.e., weakly-supervised
domain adaptation (WDA) and compare it with existing state-of-the-art methods. We also
perform ablation studies to analyse the benefit of using pseudo/oracle-weak labels via our

proposed weak-label classification module and category-wise alignment.

Datasets and Metric. We evaluate our domain adaptation method under the Sim-to-
Real case with two different source-target scenarios. First, we adapt from GTA5 [154] to
the Cityscapes dataset [39]. Second, we use SYNTHIA [156] as the source and Cityscapes
as the target, which has a larger domain gap than the former case. For all experiments,
we use the Intersection-over-Union (IoU) ratio as the metric. For SYNTHIA—Cityscapes,
following the literature [213], we report the performance averaged over 16 categories (listed

in Table 4.2) and 13 categories (removing wall, fence and pole), which we denote as mIoU*.

Network Architectures. For the segmentation network G, to have a fair comparison
with works in literature, we use the DeepLab-v2 framework [29] with the ResNet-101 [69]

architecture. We extract features F;, F; before the Atrous Spatial Pyramid Pooling (ASPP)
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C

c—1, we use C separate networks,

layer. For the category-wise discriminators D¢ = {D¢}
where each consists of three fully-connected layers, having number of nodes {2048,2048, 1}

with ReLU activation.

Training Details. We implement our framework using PyTorch on a single Titan X
GPU with 12G memory for all our experiments. We use the SGD method to optimize
the segmentation network and the Adam optimizer [95] to train the discriminators. We
set the initial learning rates to be 2.5 x 10™% and 1 x 10™* for the segmentation network
and discriminators, with polynomial decay of power 0.9 [29]. As a common practice in
weakly-supervised semantic segmentation [2], we use Dropout of 0.1 and 0.3 for oracle-weak
labels and pseudo-weak labels respectively, on the spatial predictions before computing the
loss L£.. We choose A. to be 0.2 for oracle-weak labels and use a smaller A\, = 0.01 for

pseudo-weak labels to account for its inaccurate prediction. For the weight on the category-

C

adps We set Ay, = 0.001. For experiments using pseudo weak labels,

wise adversarial loss £
to avoid noisy pseudo weak label prediction in the early training stage, we first train the

segmentation baseline network using [202] for 60K iterations. Then, we include the proposed

weak-label classification and alignment procedure, and train the entire framework.

4.4.1 Comparison with State-of-the-art Methods

Unsupervised Domain Adaptation (UDA). We compare our method with existing
state-of-the-art UDA methods in Table 4.1 for GTA5—Cityscapes and in Table 4.2 for
SYNTHIA—Cityscapes. Recent methods [26, 74, 113, 203] show that adapting images

from source to target on the pixel level and then adding those translated source images in
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training enhances the performance. We follow this practice in the final model via adding
these adapted images to the source dataset, as their pixel-wise annotations do not change
after adaptation. Thus adaptation using weak labels aligns the features not only between
the original source and target images, but also between the translated source images and the
target images. We show that our method is also complementary to pixel-level adaptation.
We also test our method with GTAS as source and Foggy Cityscapes [162] as target. There
is a parameter to choose the level of fog in the images, and we set that to 0.02 in our exper-
iments. The results are presented in Table 4.3. We can observe consistent improvements as
in other datasets.

All of the results presented till now are with ResNet-100 as the backbone archi-
tecture. We also test our framework on the VGG16 architecture and present the results in

Table 4.4. Our method performs better than other UDA methods.

Discussions. In terms of applied techniques, e.g, pseudo-label re-training and domain
alignment, the closest comparisons to our method are DISE [26], BDL [113], and Patch Space
alignment [203]. We show that our method performs favorably against these approaches on
both benchmarks. This can be attributed to our introduced concept of using weak labels, in
which our UDA model explores pseudo-weak image-level labels, instead of using pixel-level
pseudo-labels [203, 113] that may be noisy and degrade the performance. In addition, these
methods do not perform domain alignment guided by such pseudo labels, whereas we use
weak labels to enable our category-wise alignment procedure.

The only prior work that adopts category-wise feature alignment is SSF-DAN [47].

However, our method is different from theirs in three aspects: 1) We introduce the weak-
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Table 4.1: Results of adapting GTAS to Cityscapes. The top group is for UDA, while the
bottom group presents our method’s performance using the oracle-weak labels for WDA
that use either image-level or point supervision.

GTA5 — Cityscapes

= o0
E '::} o % g B 4 =l g
= 5 = = S Y = g 8 N 2] g < = = o
8 = E g ) = 50 ) z Z = E g z 2 =
Method 2 iz 2 E & 2 = 5 H & = 2 E g £ 2 £ [ 2 mloU
No Adapt. 75.8 168 772 125 21.0 255 301 201 81.3 246 703 538 264 499 172 259 6.5 253 36.0 36.6
Road [33] 76.3 36.1 69.6 28.6 224 286 293 148 823 353 729 544 178 789 27.7 303 40 249 126 394

AdaptOutput [202] 86.5 259 79.8 221 20.0 236 331 21.8 818 259 759 573 262 763 298 321 7.2 295 325 414

AdvEnt [213] 89.4 331 81.0 266 268 272 335 247 839 367 788 587 305 848 385 445 1.7 316 324 455
CLAN [118] 87.0 271 79.6 273 233 283 355 242 83.6 274 742 586 280 762 331 367 6.7 319 314 432
SWD [106] 92.0 464 824 248 240 35.1 334 342 836 304 809 569 219 820 244 287 6.1 250 33.6 445
SSF-DAN [47] 90.3 389 81.7 248 229 305 370 212 84.8 388 769 588 30.7 85.7 30.6 381 59 283 369 454
DISE [26] 91.5 475 825 31.3 256 33.0 33.7 258 827 288 827 62.4 30.8 852 277 345 64 252 244 454
BDL [113] 91.4 479 84.2 32.4 260 318 373 33.0 833 39.2 792 577 256 813 363 397 26 313 335 472
AdaptPatch [203] 923 51.9 821 292 251 245 338 33.0 824 328 822 586 272 843 334 46.3 22 295 323 465
Ours (UDA) 91.6 474 840 304 283 314 37.4 354 839 383 839 612 282 837 288 413 88 247 46.4 48.2

Ours (WDA: Image) 89.5 54.1 832 317 342 371 432 391 851 39.6 859 613 341 823 423 519 344 331 454 53.0

Ours (WDA: Point) 94.0 62.7 86.3 36.5 328 384 449 51.0 861 434 87.7 664 365 879 441 588 232 356 559 564

label classification module to take advantage of image-level weak labels that enables an
efficient feature alignment process and the novel WDA setting; 2) Our unified framework
can be applied for both UDA and WDA settings with various types of supervisions; 3) Due
to the introduced weak-label module, our category-wise feature alignment is operated in
the pooled feature space in (4.3) guided by an attention map, rather than in a much higher-
dimensional spatial space as in [47] that uses pixel-wise pseudo-labels. This essentially
improves the training efficiency compared to [47], which requires a GPU with 16 GB memory
as their discriminator needs much more computation time (> 20x) and GPU memory
(> 8x) compared to our combined output space and category-wise discriminators. Also,
the discriminators in [47] require 130 GFLOPS, whereas our discriminators require a total

of only 0.5 GFLOPS.
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4.4.2 Weakly-supervised Domain Adaptation (WDA)

Image-level Supervision. We present the results of our method when using oracle-weak
labels (obtained from the ground truth of the training set) in the last rows of Table 4.1, 4.2,
4.3, 4.4. To the best of our knowledge, we are the first to work on WDA, i.e., using human
oracle-weak labels on domain adaptation for semantic segmentation, and there are no other
methods to compare against in the literature. From the results, it is interesting to note
that the major boost in performance using WDA compared to UDA occurs for categories
such as truck, bus, train, and motorbike for both cases using GTA5 and SYNTHIA as the
source domain. One reason is that those categories are most underrepresented in both the
source and the target datasets. Thus, they are not predicted in most of the target images,

but using the oracle-weak labels helps to identify them better.

Point Supervision. We introduce another interesting setting of point supervision as
in [10], which adds only a slight increase of annotation time compared to the image-level
supervision. We follow [10] and randomly sample one pixel per category in each target image
as the supervision. Note that, all the details and the modules are the same during training
in this setting. In Table 4.1 and 4.2, the results show that using point supervision improves
performance (3.4 — 6.6%) on both benchmarks compared to the image-level supervision.
This shows that our method is a general framework that can be applied to the conventional
UDA setting as well as the WDA setting using either image-level or point supervision, while
all the settings achieve consistent performance gains.

Fig. 4.3(b) shows a comparison of annotation time v.s. performance for various

levels of supervision. With low annotation cost in WDA cases, our model bridges the gap
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Table 4.2: Results of adapting SYNTHIA to Cityscapes. The top group is for UDA, while
the bottom group presents the WDA setting using oracle-weak labels. mloU and mloU*
are averaged over 16 and 13 categories.

SYNTHIA — Cityscapes

]
] k=) g ]
15 =] o o e ]
o g = = 151 ) h=l o N 2] < n = o]
= = = £ o0 > <1 = 4 3 2
Method s ¥ Z E & =2 2 ¥ ¢ £ & E & 2 EF ZF moU mlU
No Adapt. 55.6 238 746 92 02 244 6.1 121 748 790 553 100 39.6 233 137 250 335 386

AdaptOutput [202] 792 372 788 105 03 251 99 105 782 805 535 19.6 67.0 295 21.6 313 395 45.9

AdvEnt [213] 85.6 422 797 87 04 259 54 81 804 841 579 238 733 364 142 33.0 412 48.0
CLAN [118] 81.3 37.0 80.1 - - - 16.1 13.7 782 815 534 212 730 329 226 307 - 47.8
SWD [106] 82.4 332 82.5 - - - 22.6 19.7 83.7 788 44.0 179 754 30.2 144 399 - 48.1
DADA [214] 89.2 448 814 6.8 03 262 86 11.1 818 840 547 193 79.7 40.7 140 388 426 49.8
SSF-DAN [47] 84.6 41.7 80.8 - - - 11.5 147 80.8 85.3 57.5 21.6 820 36.0 193 345 - 50.0
DISE [26] 91.7 535 771 25 02 271 6.2 76 784 812 558 19.2 823 303 171 343 415 48.8
AdaptPatch [203] 824 380 786 87 0.6 260 39 11.1 755 846 535 216 714 326 193 31.7 400 46.5
Ours (UDA) 92.0 53.5 809 11.4 04 218 38 6.0 816 844 60.8 24.4 805 390 26.0 41.7 44.3 51.9

Ours (WDA: Image) 923 51.9 819 21.1 11 266 220 248 817 87.0 63.1 333 836 507 335 547 50.6 58.5

Ours (WDA: Point) 949 63.2 850 27.3 242 349 373 508 844 882 606 363 864 432 365 61.3 57.2 63.7

in performance between UDA and full supervision ones (more results are shown in the
supplementary material). Note that, other forms of weak labels such as object count and

density can also be effective.

4.4.3 Ablation Study

Effect of Weak Labels. We show results for using both pseudo-weak labels as well as
human oracle-weak labels. Table 4.5 and 4.6 present the results for different combina-
tions of the modules used in our framework with and without pixel-level adaptation (PA)
[74]. Tt is interesting to note that on GTA5—Cityscapes, even when using pseudo-weak

labels, our method obtains a 4.2% boost in performance (41.4 — 45.6), as well as a 3 — 4%
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Table 4.3: Results of adapting GTAb5 to Foggy Cityscapes with ResNet101. The top
group is for Unsupervised Domain Adaptation (UDA), while the bottom group presents our
method’s performance using the oracle-weak labels for Weakly-supervised Domain Adapta-
tion (WDA) that use either image-level or point supervision.

GTA5 — Cityscapes

2 &0
. -E © = g e <
= 3 = ] g & g
g [ = = g L = 2 &0 5 & 4 g & = 2} = 2 £
Method 2 3 2 E & 2 = & H £ @ 2 E g E 2 E g 2 mloU
No Adapt. 788 11.8 67.8 151 156 19.5 20.6 121 63.6 193 603 493 226 556 172 149 00 192 270 31.0

AdaptOutput [202] 87.3 249 702 154 187 19.6 249 18.6 69.3 282 644 495 241 740 17.6 21.2 21 275 359 365

Ours (UDA) 88.8 27.8 71.0 21.7 21.8 26.4 33.1 26.2 687 29.4 66.3 554 27.2 77.1 11.8 24.0 5.7 147 39.3 38.8
Ours (Image) 89.0 328 765 220 265 298 353 348 774 328 717 60.1 350 847 336 420 19.0 30.8 44.1 46.2
Ours (Point) 92.7 55.0 80.0 283 29.3 342 374 458 79.9 328 734 624 340 858 372 506 193 281 53.7 505

Table 4.4: Results of adapting GTAS5 to Cityscapes with VGG16. The top group is for Un-
supervised Domain Adaptation (UDA), while the bottom group presents our method’s per-
formance using the oracle-weak labels for Weakly-supervised Domain Adaptation (WDA)
that use either image-level or point supervision.

GTA5 — Cityscapes

] 0

-] g EE = 5] @ = ? N § ] ksl £ % Q
Method § F% E —g ;5 ?a). ED & qif E % g ? E g é g —E E mloU
AdaptOutput [202] 87.3 29.8 78.6 21.1 182 225 215 11.0 79.7 29.6 713 468 6.5 80.1 23.0 269 0.0 10.6 0.3 35.0
AdvEnt [213] 86.9 287 787 285 25.2 171 203 109 80.0 264 702 471 84 815 260 172 18.9 11.7 1.6 36.1
CLAN [118] 88.0 306 79.2 234 205 26.1 230 14.8 81.6 34.5 720 458 79 80.5 26.6 29.9 0.0 10.7 0.0 36.6
SSF-DAN [47] 88.7 321 79.5 299 220 238 21.7 10.7 80.8 298 72.5 495 161 82.1 232 181 35 244 81 37.7

AdaptPatch [203] 87.3 35.7 79.5 32.0 145 215 248 13.7 804 320 705 505 169 81.0 20.8 281 41 155 4.1 37.5

Ours (UDA) 87.1 35.7 786 249 227 218 26.5 11.7 821 321 704 50.6 183 774 21.7 246 76 163 19.3 384
Ours (Image) 88.0 46.8 81.6 223 352 274 292 270 824 354 80.7 571 290 832 380 564 233 298 55 46.2
Ours (Point) 93.6 62.7 814 29.6 337 30.7 29.7 382 815 43.0 81.7 543 288 838 429 525 384 271 498 518

boost for SYNTHIA—Cityscapes. In addition, as expected, using oracle-weak labels per-
forms better than pseudo-weak labels by 6.5% on GTA5—Cityscapes and 6.5 — 7.3% on
SYNTHIA—Cityscapes. It it also interesting to note that using the category-wise align-
ment consistently improves the performance for all the cases, i.e., different types of weak

labels and for different datasets.

Effect of Pseudo-Weak Label Threshold. We use a threshold T in (4.7) to convert
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Table 4.5: Ablation of the proposed loss Table 4.6: Ablation of the proposed loss func-

functions for GTA5— Cityscapes. tions for SYNTHIA— Cityscapes.
Supervision L. Eacdv PA mloU Supervision L, [ngv PA mlIoU mloU*
No Adapt. 36.6 No Adapt. 33.5 38.6
Baseline [202] 41.4 Baseline [202] 39.5 459
g v 44.2 aﬂ v 41.7  49.0
o v o/ 45.6 ) v v 42,7 49.9
Pseudo-Weak Pseudo-Weak
v v 46.7 v v 43.0 50.6
v Vv v 48.2 v v v 44.3 51.9
v 50.8 v 478  56.0
< Y 52.1 < v 49.2  57.2
g Oracle-Weak é Oracle-Weak
v v 520 v v’ 498 578
v v v 53.0 v v Vv 50.6 58.5

the image-level prediction probability to a multi-hot vector denoting the pseudo-weak labels
that indicates absence/presence of the categories. Note that the threshold is on a probability
between 0 and 1. We then study the effect of T' by varying it and plot the performance
in Fig. 4.3(a) on GTA5—Cityscapes. The figure shows that our model generally works
well with 7" in a range of 0.05 to 0.25. However, when we make T larger than 0.3, the
performance starts to drop significantly, as in this case, the recall of the pseudo-weak labels
would be very low compared with the oracle-weak labels (i.e., ground truths), which makes

the segmentation network fail to predict most categories.

Output Space Visualization. We present some visualizations of the segmentation pre-
diction probability for each category in Fig. 4.4. Before using any weak labels (third row),
the probabilities may be low, even though there is a category present in that image. How-

ever, based on these initial predictions, our model can estimate the categories and then
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Figure 4.3: (a) Performance comparison on GTA5— Cityscapes with different levels of su-
pervision on target images: no target labels (“No Adapt.” and “UDA”), weak image labels
(30 seconds), one point labels (45 seconds), and fully-supervised setting with all pixels la-
beled (“All Labeled”) that takes 1.5 hours per image according to [39]. (b) Performance

of our method on GTA5—Cityscapes with variations in the threshold, i.e., T" in (4.7), for
obtaining the pseudo-weak labels.

enforce their presence/absence explicitly in the proposed classification loss and alignment
loss. The fourth row in Fig. 4.4 shows that such pseudo-weak labels help the network
discover object/stuff regions towards better segmentation. For example, the fourth and
fifth column shows that, although the original prediction probabilities are quite low, re-
sults using pseudo-weak labels are estimated correctly. Moreover, the last row shows that
the predictions can be further improved when we have oracle-weak labels. Please refer to

Appendix B for semantic segmentation visualizations.

4.5 Conclusions

In this chapter, we use weak labels to improve domain adaptation for semantic
segmentation in both the UDA and WDA settings, with the latter being a novel setting.

Specifically, we design an image-level classification module using weak labels, enforcing
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Figure 4.4: Visualizations of category-wise segmentation prediction probability before and
after using the pseudo-weak labels on GTA5— Cityscapes. Before adaptation, the network
only highlights the areas partially with low probability, while using the pseudo-weak labels
helps the adapted model obtain much better segments, and is closer to the model using
oracle-weak labels.

the network to pay attention to categories that are present in the image. With such a
guidance from weak labels, we further utilize a category-wise alignment method to improve
adversarial alignment in the feature space. Based on these two mechanisms, our formulation
generalizes both to pseudo-weak and oracle-weak labels. We conduct extensive ablation

studies to validate our approach against state-of-the-art UDA approaches.
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Chapter 5

Learning from Trajectories via

Subgoal Discovery

5.1 Introduction

Reinforcement Learning (RL) aims to take sequential actions while interacting
with an environment, to maximize a certain pre-specified reward function, designed for the
purpose of solving a task. RL using Deep Neural Networks (DNNs) has shown tremendous
success in several tasks such as playing games [126, 180], solving complex robotics tasks
[107, 48], etc. However, with sparse rewards, these algorithms often require a huge number
of interactions with the environment, which is costly in real-world applications such as
self-driving cars [18], and manipulations using real robots [107]. Manually designed dense
reward functions could mitigate such issues, however, in general, it is difficult to design

detailed reward functions for complex real-world tasks.

81



Imitation Learning (IL) using trajectories generated by an expert can potentially
be used to learn the policies faster [6]. But, the performance of IL algorithms [158] are
not only dependent on the performance of the expert providing the trajectories, but also
on the state-space distribution represented by the trajectories, especially in case of high
dimensional states. In order to avoid such dependencies on the expert, some methods in
the literature [194, 34] take the path of combining RL and IL. However, these methods
assume access to the expert value function, which may become impractical in real-world
scenarios.

In this chapter, we present a strategy that starts with IL and then switches to RL.
In the IL step, our framework performs supervised pre-training which aims at learning a
policy that best describes the expert trajectories. However, due to the limited availability of
expert trajectories, the policy trained with IL will have errors, which can then be alleviated
using RL. Similar approaches are taken in [34] and [129], where the authors show that
supervised pre-training does help to speed-up learning. However, note that the reward
function in RL is still sparse, making it difficult to learn. With this in mind, we pose the
following question: can we make more efficient use of the expert trajectories, instead of just
supervised pre-training?

Given a set of trajectories, humans can quickly identify waypoints, which need to
be completed in order to achieve the goal. We tend to break down the entire complex task
into sub-goals and try to achieve them in the best order possible. Prior knowledge of humans
helps to achieve tasks much faster [4, 49] than using only the trajectories for learning. The

human psychology of divide-and-conquer has been crucial in several applications and it
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serves as a motivation behind our algorithm which learns to partition the state-space into
sub-goals using expert trajectories. The learned sub-goals provide a discrete reward signal,
unlike value-based continuous reward [131, 193], which can be erroneous, especially with
a limited number of trajectories in long time horizon tasks. As the expert trajectories set
may not contain all the states where the agent may visit during exploration in the RL
step, we augment the sub-goal predictor via one-class classification to deal with such under-
represented states. We perform experiments on three goal-oriented tasks on MuJoCo [197]
with sparse terminal-only reward, which state-of-the-art RL, IL, or their combinations are

not able to solve.

5.2 Related Works

Our work [145], is closely related to learning from demonstrations or expert trajec-
tories as well as discovering sub-goals in complex tasks. We first discuss works on imitation
learning using expert trajectories or reward-to-go. We also discuss the methods which aim
to discover sub-goals, in an online manner during the RL stage from its past experience.
Imitation Learning. Imitation Learning [165, 178, 35, 148, 72] uses a set of expert trajec-
tories or demonstrations to guide the policy learning process. A naive approach to use such
trajectories is to train a policy in a supervised learning manner. However, such a policy
would probably produce errors that grow quadratically with increasing steps. This can be
alleviated using Behavioral Cloning (BC) algorithms [158, 157, 198], which queries expert
action at states visited by the agent, after the initial supervised learning phase. However,

such query actions may be costly or difficult to obtain in many applications. Trajectories are
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also used by [108], to guide the policy search, with the main goal of optimizing the return
of the policy rather than mimicking the expert. Recently, some works [194, 25, 193] aim to
combine IL with RL by assuming access to experts reward-to-go at every state visited by
the RL agent. [34] take a moderately different approach where they switch from IL to RL
and show that randomizing the switch point can help to learn faster. The authors in [149]
use demonstration trajectories to perform skill segmentation in an Inverse Reinforcement
Learning (IRL) framework. The authors in [127] also perform expert trajectory segmenta-
tion, but do not show results on learning the task, which is our main goal. SWIRL [100]
makes certain assumptions on the expert trajectories to learn the reward function and their
method is dependent on the discriminability of the state features, which we on the other
hand learn end-to-end.

Learning with Options. Discovering and learning options have been studied in the lit-
erature [195, 147, 190] which can be used to speed-up the policy learning process. [179]
developed a framework for planning based on options in a hierarchical manner, such that
low-level options can be used to build higher-level options. [56] propose to learn a set of
options, or skills, by augmenting the state space with a latent categorical skill vector. A
separate network is then trained to learn a policy over options. The Option-Critic architec-
ture [7] developed a gradient-based framework to learn the options along with learning the
policy. This framework is extended in [155] to handle a hierarchy of options. [71] proposed
a framework where the goals are generated using Generative Adversarial Networks (GAN)
in a curriculum learning manner with increasingly difficult goals. Researchers have shown

that an important way of identifying sub-goals in several tasks is identifying bottle-neck
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regions in tasks. Diverse Density [122], Relative Novelty [182], Graph Partitioning [183],
clustering [120] can be used to identify such sub-goals. However, unlike our method, these
algorithms do not use a set of expert trajectories, and thus would still be difficult to identify

useful sub-goals for complex tasks with high sample-efficiency.

5.3 Methodology

We first provide a formal definition of the problem we are addressing in this chap-
ter, followed by a brief overall methodology, and then present a detailed description of our
framework.

Problem Definition. Consider a standard RL setting where an agent interacts with an en-
vironment which can be modeled by a Markov Decision Process (MDP) M = (S, A, P, r,~,Po),
where S is the set of states, A is the set of actions, 7 is a scalar reward function, v € [0, 1]

is the discount factor and Py is the initial state distribution. Our goal is to learn a policy
mg(als), with a € A, which optimizes the expected discounted reward E;[Y 72 v'r(ss, ar)],
where 7= (..., 84, a4, 74, ...) and 89 ~ Py, a; ~ mg(als;) and Si1 ~ P(Si+1|S¢t, ar).

With sparse rewards, optimizing the expected discounted reward using RL may
be difficult. In such cases, it may be beneficial to use a set of state-action trajectories
D = {{(su,a};)} i 114, generated by an expert to guide the learning process. ng is the
number of trajectories in the dataset and n; is the length of the i** trajectory. We propose
a methodology to efficiently use D by discovering sub-goals from these trajectories and use
them to develop an extrinsic reward function.

Overall Methodology. Several complex, goal-oriented, real-world tasks can often be
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Figure 5.1: (a) This shows an overview of our proposed framework to train the policy
network along with sub-goal based reward function with out-of-set augmentation. (b) An
example state-partition with two independent trajectories in black and red. Note that the
terminal state is shown as a separate state partition because we assume it to be indicated
by the environment and not learned.

broken down into sub-goals with some natural ordering. Providing positive rewards after
completing these sub-goals can help to learn much faster compared to sparse, terminal-only
rewards. We advocate that such sub-goals can be learned directly from a set of expert
demonstration trajectories, rather than manually designing them.

A pictorial description of our method is presented in Fig. 5.1(a). We use the set D
to first train a policy using supervised learning. This serves a good initial point for policy
search using RL. However, with sparse rewards, the search can still be difficult and the
network may forget the learned parameters in the first step if it does not receive sufficiently
useful rewards. To avoid this, we use D to learn a function 74(g|s), which given a state,
predicts sub-goals. We use this function to obtain a new reward function, which intuitively
informs the RL agent whenever it moves from one sub-goal to another. We also learn a
utility function u,(s) to modulate the sub-goal predictions over the states which are not
well-represented in the set D. We approximate the functions my, 74, and uy, using neural

networks. Next, we define sub-goals and present an algorithm to learn them.
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5.3.1 Sub-goal Definition

Definition 1. Consider that the state-space S is partitioned into sets of states as -
{81,82,...,8n, ), st S = Up9,S; and M;%,S; = 0 and n, is the number of sub-goals
specified by the user. For each (s, a,s’), we say that the particular action takes the agent
from one sub-goal to another iff s € S;, s’ € S; for some i,j € G = {1,2,...,n,} and i # j.

We assume that there is an ordering in which groups of states appear in the
trajectories as shown in Fig. 5.1(b). However, the states within these groups of states may
appear in any random order in the trajectories. These groups of states are not defined a
priori and our algorithm aims at estimating these partitions. Note that such orderings are
natural in several real-world applications where a certain sub-goal can only be reached after
completing one or more previous sub-goals. We show (empirically in Appendix A) that
our assumption is soft rather than being strict, i.e., the degree by which the trajectories
deviate from the assumption determines the granularity of the discovered sub-goals. We
may consider that states in the trajectories of D appear in increasing order of sub-goal
indices, i.e., achieving sub-goal j is harder than achieving sub-goal i (i < j). This gives
us a natural way of defining an extrinsic reward function, which would help towards faster
policy search. Also, all the trajectories in D should start from the initial state distribution

and end at the terminal states.

5.3.2 Learning Sub-Goal Prediction

We use D to partition the state-space into n, sub-goals, with n, being a hyper-

parameter. We learn a neural network to approximate my(g|s), which given a state s € S
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predicts a probability mass function (p.m.f.) over the possible sub-goal partitions g € G.
The order in which the sub-goals occur in the trajectories, i.e., §1 < Sa < -+ < §,,, which
can be derived from our assumption mentioned above, acts as a supervisory signal.

We propose an iterative framework to learn 74(g|s) using these ordered constraints.
In the first step, we learn a mapping from states to sub-goals using equipartition labels
among the sub-goals. Then we infer the labels of the states in the trajectories and correct
them by imposing temporal ordering constraints. We use the new labels to again train the
network and follow the same procedure until convergence. These two steps are as follows.
Learning Step. In this step, we consider that we have a set of tuples (s, g), which we use
to learn the function my. This can be posed as a multi-class classification problem with n,

categories. We optimize the following cross-entropy loss function,

1 ng mn; Ng
Ty = argﬂf:lin N Z Z Z —1{gs; = k}logmy(g = k|ss) (5.1)

i=1 t=1 k=1

where 1 is the indicator function and N is the number of states in the dataset D. To begin

with, we do not have any labels g, and thus we consider equipartition of all the sub-goals

in G along each trajectory. That is, given a trajectory of states {s1, S2i, ..., i} for some
i€{1,2,...,nq}, the initial equi-partition sub-goals are,
. J—1 J :
gi =g, V L( )nlj <t<=|*ni], jeCG (5.2)
g Mg

Using this initial labeling scheme, similar states across trajectories may have different labels,

but the network is expected to converge at the Maximum Likelihood Estimate (MLE) of the
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entire dataset. We also optimize CASL [142] presented in Section 3.3.4. for stable learning
as the initial labels can be erroneous. In the next iteration of the learning step, we use the
inferred sub-goal labels, which we obtain as follows.

Inference Step. Although the equipartition labels in Eqn. 5.2 may have similar states
across different trajectories mapped to dissimilar sub-goals, the learned network modeling
Ty maps similar states to the same sub-goal. But, Eqn. 5.1, and thus the predictions of
7y do not account for the natural temporal ordering of the sub-goals. Even when using
architectures such as Recurrent Neural Networks (RNN), it may be better to impose such
temporal order constraints explicitly rather than relying on the network to learn them. We
inject such order constraints using Dynamic Time Warping (DTW).

Formally, for the i trajectory in D, we obtain the following set: {(s:, me(g|8t:)}1 1,
where 7y is a vector representing the p.m.f. over the sub-goals G. However, as the predic-
tions do not consider temporal ordering, the constraint that sub-goal j occurs after sub-goal
i, for ¢ < j, is not preserved. To impose such constraints, we use DTW between the two
sequences {er,es, ..., e, }, which are the standard basis vectors in the n, dimensional
Euclidean space and {m(g|s1:), T3 (9]52:), - - -, T (9g|8n;i)}. We use the [1-norm of the dif-
ference between two vectors as the similarity measure in DTW. In this process, we obtain
a sub-goal assignment for each state in the trajectories, which become the new labels for
training in the learning step.

We then invoke the learning step using the new labels (instead of Eqn. 5.2), fol-
lowed by the inference step to obtain the next sub-goal labels. We continue this process until

the number of sub-goal labels changed between iterations is less than a certain threshold.
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This method is presented in Algorithm 2, where the superscript k represents the iteration
number in learning-inference alternates.
Reward Using Sub-Goals. The ordering of the sub-goals, as discussed before, provides

a natural way of designing a reward function as follows:

' (s,a,s") = v*xargmaxmy(g = j|s') — argmaxmy(g = kls) (5.3)
J€G keG

where the agent in state s takes action a and reaches state s’. The augmented reward
function would become r + /. Considering that we have a function of the form ®4(s) =
argmax;c; (g = j|s), and without loss of generality that G = {0,1,...,n, — 1}, so
that for the initial state ®4(sp) = 0, it follows from [131] that every optimal policy in
M = (8, A,P,r+1",v,P), will also be optimal in M, the original MDP. However, the

new reward function may help to learn the task faster.

5.3.3 Out-of-Set Augmentation

In several applications, it might be the case that the trajectories only cover a small
subset of the state space, while the agent, during the RL step, may visit states outside of
the states in D. The sub-goals estimated at these out-of-set states may be erroneous.

To alleviate this problem, we use a logical assertion on the potential function ®4(s)
that the sub-goal predictor is confident only for states which are well-represented in D, and
not elsewhere. We learn a neural network to model a utility function u, : S — R, which
given a state, predicts the degree by which it is seen in the dataset D. To do this, we

build upon Deep One-Class Classification [160], which performs well on the task of anomaly
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detection. Their idea is derived from Support Vector Data Description (SVDD) [196], which
aims to find the smallest hypersphere enclosing the given data points with minimum error.
Data points outside the sphere are then deemed as anomalous. We learn the parameters of

uy by optimizing the following function:

. . 1 Nng Ny
vt =argmin T30 3 I u(s) — el + Al

i=1 t=1

where ¢ € R™ is a vector determined a priori [160], f is modeled by a neural network with
parameters v, s.t. fy(s) € R™. The second part is the [2 regularization loss with all the

parameters of the network lumped to . The utility function u,, can be expressed as follows:

uy(s) = || fu(s) —ll3 (5-4)

A lower value of uy(s) indicates that the state has been seen in D. We modify the potential
function ®4(s) and thus the extrinsic reward function, to incorporate the utility score as

follows:

Dyy(s) = Huy(s) <} = argﬂéaX%(g = jls),
JjE

'(s,a,8") =@y 4(8") — By 4 (s), (5.5)

where @4, denotes the modified potential function. It may be noted that as the extrinsic
reward function is still a potential-based function [131], the optimality conditions between

the MDP M and M’ still hold as discussed previously.
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Algorithm 2 Learning Sub-Goal Prediction
Input: Expert trajectory set D
Output: Sub-goal predictor 74(g|s)
k<0
Obtain ¢* for each s € D using Eqn. 5.2
repeat
Optimize Eqn. 5.1 to obtain ﬂéﬁ

Predict p.m.f of G for each s € D using ﬂg
Obtain new sub-goals ¢**! using the p.m.f in DTW
done = True, if |gF — g¥T!| < ¢, else False
k< k+1
until done is True

5.4 Supervised Pre-Training

As discussed previously, an initial way to utilize the trajectories is by pre-training
the policy network 7y using the trajectory set D in a supervised learning framework. We

pre-train the network by optimizing the following:

ng ng
0" = argmin Y~ U(mo(alsi). aiy) + X161} (5.6)
=1 t=1

where [ is the loss function which can be cross-entropy or regression loss depending on
discrete or continuous actions. Note that the continuous actions comprise of (u, o) which are
parameters of a Gaussian distribution. The second part of Eqn. 5.6 is the {2 regularization
loss. The policy obtained after optimizing Eqn. 5.6 possesses the ability to take actions
with low error rates at the states sampled from the distribution induced by the trajectory
set D. However, a small error at the beginning would compound quadratically [158] with
time as the agent starts visiting states which are not sampled from the distribution of D.

Algorithms like DAgger can be used to fine-tune the policy by querying expert actions at
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(a) BiMGame (b) AntTarget (c) AntMaze
Figure 5.2: This figure presents the three environments we use - (a) Ball-in-Maze Game

(BiMGame) (b) Ant locomotion in an open environment with an end goal (AntTarget) (c)
Ant locomotion in a maze with an end goal (AntMaze).

states visited after executing the learned policy. This query to the expert is often very
costly and even may not be feasible in some applications. More importantly, as DAgger
aims to mimic the expert, it can only reach its performance and not better than that. For
this reason, we fine-tune the policy using RL with the extrinsic reward function obtained

after identifying the sub-goals.

5.5 Experiments

In this section, we perform an experimental evaluation of the proposed method
of learning from trajectories and compare it with other state-of-the-art methods. We also
perform ablation of different modules of our framework.

Tasks. We perform experiments on three challenging environments as shown in Fig. 5.2.
The first environment is Ball-in-Maze Game (BiMGame) introduced in [207], where the
task is to move a ball from the outermost to the innermost ring using a set of five discrete
actions - clock-wise and anti-clockwise rotation by 1° along the two principal dimensions of

the board and “no-op” where the current orientation of the board is maintained. The states
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are images of size 84 x 84. The second environment is AntTarget which involves the Ant
[167]. The task is to reach the center of a circle of radius 5m with the Ant being initialized
on a 45° arc of the circle. The state and action are continuous with 41 and 8 dimensions
respectively. The third environment, AntMaze, uses the same Ant, but in a U-shaped maze
used in [71]. The Ant is initialized on one end of the maze with the goal being the other
end indicated as red in Fig. 5.2(c).

Network Architectures We follow the architecture of A3C [125] and share parameters
between the policy and the state value estimation network. To model 7y in BiMGame, we
use a CNN with architecture Conv-Conv-FC-RNN followed by two heads: one for policy
network and another for state value estimation. We append the previous step action as
an additional input to the RNN step [123]. To model 7y for AntTarget and AntMaze,
we use the architecture FC-FC-FC-RNN, again followed by two heads for policy and state
value estimation. For the policy, we predict the mean and standard deviation and sample
actions from a Gaussian distribution. We use similar architectures (without RNN) for the
respective tasks for my and fy(s) with modifications in the final layer to suit their purpose.
Reward. For all tasks, we use sparse terminal-only reward, i.e., +1 only after reaching the
goal state and 0 otherwise. Standard RL methods such as A3C [125] are not able to solve

these tasks with such sparse rewards.

5.5.1 Trajectory Generation

We generate trajectories from A3C [125] policies trained with dense reward, which
we do not use in any other experiments. We also generate sub-optimal trajectories for

BiMGame and AntMaze. To do so for AntMaze, we generate sub-optimal trajectories from
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an A3C policy stopped much before convergence. But for BiMGame, we use the simulator
via Model Predictive Control (MPC) as in [144]. We leverage the internal physics engine of
the simulator to forward propagate the state in time and generate trajectories by optimizing
the cumulative reward function in a Model Predictive Control (MPC) manner. Formally,
at time step ¢, we obtain the optimal action set aj.,,, ;_; from ¢ to ¢t + H — 1 by solving the
following:

t+H—1

arg max Z r(sy,ap, Spi1), St Sy = M(sy,ay), (5.7)
At:t+H—1 -

where M is the simulator, r(s;, at, s¢+1) = d(si+1) — d(s¢) is the reward, d(s;) is the radial
distance of the ball at time ¢ from the center of the board, H is the horizon of optimization
and a1 is a set of actions. We only take the first action a;, move to state s;y; and
repeat Eqn. 5.7. As we use a non-differentiable simulator, we employ a random shooting
strategy [150] where we sample K sets of as;y—1 and choose the one which maximizes the
rewards. We use K, H = 10 empirically. Note that the reward and the random shooting
may not lead to the shortest path, thus making the trajectories sub-optimal. We generate
around 400 trajectories for BIMGame and AntMaze, and 250 for AntTarget. As we generate
two separate sets of trajectories for BiMGame and AntTarget, we use the sub-optimal set

for all experiments, unless otherwise mentioned.

5.5.2 Comparison with Baselines

Baselines. We primarily compare our method with other RL methods which

utilize trajectory or expert information - AggreVaTeD [194] and value-based reward shaping
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Figure 5.3: This figure shows the comparison of our proposed method with the baselines.
Some lines may not be visible as they overlap. For tasks (a) and (¢) our method clearly
outperforms others. For task (b), although value reward initially performs better, our
method eventually achieves the same performance. For a fair comparison, we do not use
the out-of-set augmentation to generate these plots.

0016,

0.225
® 20014

ga 200 o012
50175 S0010
S0.150 2 0.008
50 125 3 0.006)
$0.100] Zo.004
goors éoooz
0050

0.000)

80

10 20 30 20 40 60
Number of samples (in Millions) Number of samples (in Millions)

(a) BiMGame (b) AntTarget (c) AntMaze

H 3
Number of samples (in Millions)

Figure 5.4: (a) This figure presents the learning curves associated with a different number
of learned sub-goals for the three tasks. For BIMGame and AntTarget, the number of sub-
goals hardly matters. However, due to the inherently longer length of the task for AntMaze,
a lower number of sub-goals such as ny, = 5 perform much worse than with higher n,.

[131], equivalent to the K = oo in THOR [193]. For these methods, we use D to fit a value
function to the sparse terminal-only reward of the original MDP M and use it as the expert
value function. We also compare with standard A3C, but pre-trained using D. It may be
noted that we pre-train all the methods using the trajectory set to have a fair comparison.
We report results with mean cumulative reward and +o over 3 independent runs.

Comparison. First, we compare our method with other baselines in Fig 5.3. Note that
as out-of-set augmentation using u, can be applied for other methods that learn from

trajectories, such as value-based reward shaping, we present the results for comparison with
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baselines without using u,, i.e., Eqn. 5.3. Later, we perform an ablation study with and
without using u,. As may be observed, none of the baselines show any sign of learning for
the tasks, except for ValueReward, which performs comparably with the proposed method
for AntTarget only. Our method, on the other hand, is able to learn and solve the tasks
consistently over multiple runs. The expert cumulative rewards are also drawn as straight
lines in the plots and imitation learning methods like DAgger [158] can only reach that
mark. Our method is able to surpass the expert for all the tasks. In fact, for AntMaze,
even with a rather sub-optimal expert (an average cumulative reward of only 0.0002), our
algorithm achieves about 0.012 cumulative reward at 100 million steps.

The poor performance of the ValueReward and AggreVaTeD can be attributed
to the imperfect value function learned with a limited number of trajectories. Specifically,
with an increase in the trajectory length, the variations in cumulative reward in the initial
set of states are quite high. This introduces a considerable amount of error in the estimated
value function in the initial states, which in turn traps the agent in some local optima when

such value functions are used to guide the learning process.

5.5.3 Ablation Study

In this section we perform ablation study of different modules of our framework.
We present ablation on the number of subgoals, effect of out-of-set augmentation, effect of
sub-optimal expert and visualizations of the learned subgoals.
Variations in Sub-Goals. The number of sub-goals n, is specified by the user, based on
domain knowledge. For example, in the BiMGame, the task has four bottle-necks, which

are states to be visited to complete the task and they can be considered as sub-goals. We
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Figure 5.6: This plot presents the comparison of our proposed method for with and without
using the one-class classification method for out-of-set augmentation.

perform experiments with different number of sub-goals and present the plots in Fig. 5.4. It
may be observed that for BiMGame and AntTarget, our method performs well over a large
variety of sub-goals. On the other hand for AntMaze, as the length of the task is much
longer than AntTarget (12m vs 5m), ngy > 10 learn much faster than ny, = 5, as higher
number of sub-goals provides more frequent rewards. Note that the variations in speed of
learning with number of sub-goals is also dependent on the number of expert trajectories.
If the pre-training is good, then less frequent sub-goals might work fine, whereas if we have
a small number of expert trajectories, the RL agent may need more frequent reward (see
Fig. 5.5).

Effect of Out-of-Set Augmentation. The set D

0.5
—— ng=4,ny=400

—— ng=4,ny=250
—— Ng=2,ng=250

may not cover the entire state-space. To deal with

)
W

this situation we developed the extrinsic reward func-

)
N

Episode Cumulative Reward

tion in Eqn. 5.5 using uy. To evaluate its effective-

0 1 2 3
Number of samples (in Millions)

ness we execute our algorithm using Eqn. 5.3 and

Figure 5.5: Effect of number of sub-

goals and trajectories on BiMGame. Eqgn. 5.5, and show the results in Fig. 5.6, with leg-

ends showing without and with wu,, respectively. For
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Figure 5.7: This plot presents a comparison of our proposed method for two different types
of expert trajectories. The corresponding expert rewards are also plotted as horizontal lines.

BiMGame, we used the optimal A3C trajectories, for this evaluation. This is because, us-
ing MPC trajectories with Eqn. 5.3 can still solve the task with similar reward plots, since
MPC trajectories visit a lot more states due to its short-tem planning. The (optimal) A3C
trajectories on the other hand, rarely visit some states, due to its long-term planning. In
this case, using Eqn. 5.3 actually traps the agents to a local optimum (in the outermost
ring), whereas using u, as in Eqn. 5.5, learns to solve the task consistently (Fig. 5.6(a)).
For AntTarget in Fig. 5.6(b), using u,, performs better than without using u,, (and
also surpasses value-based Reward Shaping). This is because the trajectories only span a
small sector of the circle (Fig. 5.8(b)) while the Ant is allowed to visit states outside of it in
the RL step. Thus, u, avoids incorrect sub-goal assignments to states not well-represented
in D and helps in the overall learning.
Effect of Sub-Optimal Expert. In general, the optimality of the expert may have an
effect on performance. The comparison of our algorithm with optimal vs. sub-optimal
expert trajectories are shown in Fig. 5.7. As may be observed, the learning curve for both
the tasks is better for the optimal expert trajectories. However, in spite of using such sub-

optimal experts, our method is able to surpass and perform much better than the experts.
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(a) BiMGame ngy =4 (b) AntTarget ny = 10 (c) AntMaze ny, = 15
Figure 5.8: (a) This figure presents the learned sub-goals for the three tasks which are

color-coded. Note that for (b) and (c), multiple sub-goals are assigned the same color, but
they can be distinguished by their spatial locations.

We also see that our method performs better than even the optimal expert (as it is only
optimal w.r.t. some cost function) used in AntMaze.

Visualization. We visualize the sub-goals discovered by our algorithm and plot it on the
x-y plane in Fig. 5.8. As can be seen in BiMGame, with 4 sub-goals, our method is able
to discover the bottle-neck regions of the board as different sub-goals. For AntTarget and
AntMaze, the path to the goal is more or less equally divided into sub-goals. This shows
that our method of sub-goal discovery can work for both environments with and without

bottle-neck regions. (See Appendix A for more visualizations).

5.6 Discussions

The experimental analysis we presented in the previous section contain the follow-

ing key observations:
e Our method to discover sub-goals works both for tasks with inherent bottlenecks (e.g.
BiMGame) and without any bottlenecks (e.g. AntTarget and AntMaze), but with tempo-

ral order between groups of states in the expert demos, which occurs in many applications.
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e Experiments show, that our assumption on the temporal ordering of groups of states in
expert trajectories is soft, and determines the granularity of the discovered sub-goals (see

Appendix A).

e Discrete rewards using sub-goals performs much better than value function based con-
tinuous rewards. Moreover, value functions learned from the along and limited number
of trajectories may be erroneous, whereas segmenting the trajectories based on temporal

ordering may still work well.

e As the expert trajectories may not cover the entire state-space regions the agent visits
during exploration in the RL step, augmenting the sub-goal based reward function using

out-of-set augmentation performs better compared to not using it.

5.7 Conclusion

In this chapter, we presented a framework to utilize the demonstration trajecto-
ries in an efficient manner by discovering sub-goals, which are waypoints that need to be
completed in order to achieve a certain complex goal-oriented task. We use these sub-goals
to augment the reward function of the task, without affecting the optimality of the learned
policy. Experiments on three complex task show that unlike state-of-the-art RL, IL, or
methods which combines them, our method is able to solve these tasks consistently. We
also show that our method is able to perform much better than sub-optimal experts used
to obtain the expert trajectories and at least as good as the optimal experts. Future work

will concentrate on extending our method for repetitive non-goal oriented tasks.
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Chapter 6

Conclusions

6.1 Thesis Summary

In this thesis, we focused on learning with limited supervision for a variety of
computer vision tasks and a sequential decision making task. We explored two different
dimensions of limited supervision - a limited number of labeled data points for classification
tasks and a limited level of supervision for dense prediction tasks. In Chapter 2, we pre-
sented our algorithm for learning with a limited number of labeled data via active learning.
However, in contrast to active learning in the literature which considers informativeness
scores individually for the data points, we devised a framework that utilizes the contextual
information often present in natural data. Our method is general enough to be applied to
a variety of tasks where contextual information can be exploited. Experimental results on
three different applications - object recognition, action recognition, and document classifi-
cation showed that our method can significantly reduce the number of labeled samples.

In Chapter 3 and 4 we looked into the second dimension of learning with limited
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supervision, i.e., reducing the level of supervision from strong labels to weak labels for
dense prediction tasks. In Chapter 3, we looked into the problem of weakly supervised
action detection. We developed a framework, which can learn to localize action categories
during test time while using only video-level categorical labels during training, compared
to dense frame-wise labeling used in the literature. We framed the problem as Multiple
Instance Learning with the pair-wise video feature similarity constraint, which empirically
proved to be very effective for the overall performance of the framework. In Chapter 4, we
looked into the problem of domain adaptation of semantic segmentation models with weak
image-level labels. We showed that we can either estimate the weak labels, which would be
Unsupervised Domain Adaptation (UDA), or we can obtain them from human annotators,
which would be Weakly-supervised Domain Adaptation (WDA). We showed via an array
of weak labels that our method brided the gap between UDA methods in literature and the
fully-supervised model while incurring none to very low annotation cost.

We finally looked into sequential decision-making tasks in Chapter 5 where we
developed a framework to learn from human demos in case of sparse terminal-only rewards.
As imitation learning using human demonstrations can produce errors at states out of the
distribution of the demonstrations, it may require an enormous amount of demonstrations
to cover the state-space. We developed a method that learns from the demonstrations to
divide the long complex task into subgoals which are much easier to solve. We used these
learned subgoals as an extrinsic reward function in reinforcement learning to mitigate the
errors learned in the first step via imitation learning. Results showed that our framework is

able to solve the tasks that other methods in the literature are not able to solve. Continuing
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with the lines of works discussed in this thesis, next we discuss some interesting research

directions for future works.

6.2 Future Research Directions

6.2.1 Integrating different levels of supervision with Human-in-the-loop

Data points vary widely in terms of complexity and the amount of information in
them. If we choose the informative samples to label using active learning, we may not need
to label some of the neighboring samples, thus leaving them unlabeled, but using them in the
learning process. Moving a step further, it is also an interesting problem to choose which of
the samples to label with strong vs weak supervision. This is because, as weak labels are for
the entire bag and not individual elements within the bag, the learning algorithm requires
some de-correlation in the label space [142]. In categories where natural de-correlation does
not occur, e.g., biker always occurs with a bike, cricket-shot always appears with cricket
bowling, we may need to label some samples via strong supervision. Then given a huge
corpus of unlabeled data for some task, the problem is to choose which samples we should
query the human oracle to label strongly, weakly, or leave unlabeled, given a certain budget
for manual annotation. Our works on active learning in Chapter 2 and weakly supervised

learning in Chapter 3 and 4 is a strong starting point for this problem.

6.2.2 Continuous Domain Adaptation

In our work on domain adaptation of semantic segmentation models in Chapter

4, we show how weak target labels can be effective in adaptation. However, in several
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real-world applications, there is often drift in data distribution with time. A model learned
initially may not perform well after a certain period of time when the model is deployed
in changing environments, e.g. changes in geographic location, weather, light conditions,
demographics, and so on. Thus, we need our model to continuously adapt to the new
changes in the environment. More importantly, the adaptation needs to be such that the
knowledge about the past encountered environments is not forgotten, as the model might
encounter those data points at a later stage. Our works on active learning in Chapter 2 and
domain adaptation in Chapter 4 can be a strong starting point as for the new domains, we
may need to select informative samples for manual annotations to mitigate large domain

differences.

6.2.3 Learning from Interaction

We as humans learn about physical entities in our environment through a process
of constant interaction in our daily lives. The actions we take while interacting play an
important role in assigning and thus learning the categorical properties of the entities. Thus,
our data acquisition (via interaction) and processing (learning properties about them), are
correlated and it helps in better and much faster learning. However, this is not true for
learning algorithms in the current literature, where the acquisition and processing pipelines
are independent. It is an interesting research direction to correlate the acquisition and
learning problems in a way where both can help each other. The recent advances in high

fidelity simulators can play an important role to explore such research directions.

105



6.2.4 Commonsense in Learning

Human cognition combines visual perception along with commonsense and knowl-
edge. While some commonsense, such as context information can be learned from the data,
other more complex commonsense is often not a part of the visual data. Commonsense such
as gravity pulls objects downwards, a pin is required to hang something onto the wall, a
natural indoor/outdoor scene is almost always navigable, are a few examples of common-
sense which is often not visible, but may help to learn, reason, infer and generalize about
scenes in new domains with much lesser samples. Introducing such commonsense in learning

algorithms is an interesting research direction beyond the context-based commonsense.

6.2.5 Adaptation of Policies

Similar to static tasks as recognition in computer vision, policies learned to solve
dynamic tasks may not work well when there are changes in the environment. Such changes
may be due to the shits in the distribution of the state space, changes in physical parameters
that affect the transition probabilities between states, and so on. However, we as humans
are able to quickly adapt to the changing environment around us with very little interaction
with the new environment. Thus, an interesting research problem may be to find a princi-
pled approach to adapt policies to changes in environments with a much lower number of
interactions with the new environment. Our work on domain adaptation of static tasks in
computer vision in Chapter 4 can be a strong starting point, especially for adaptation to

changes in state distribution with similar semantic meaning.
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Appendix A

Variations in Learned Subgoals

with Trajectories

We show visualizations of the learned sub-goals for different number of sub-goals.
Fig. A.1 and Fig. A.2 shows the visualizations for the AntMaze task using sub-optimal
and optimal trajectories respectively. Fig. A.3 and Fig. A.4 shows the visualizations for
BiMGame and AntTarget respectively. It may be observed in Fig. A.1l, that with high
ng, although our algorithm starts from the specified number of sub-goals, at the end of
the sub-goal learning process, it ends up discovering fewer sub-goals (shown in brackets),
25 — 21 and 20 — 18. However, with optimal trajectories (Fig. A.2), our algorithm is
able to discover the pre-specified number of sub-goals (at least till n, = 30). This is due
to the fact that the variations in the path taken by the optimal trajectories are much less
than the sub-optimal trajectories. Thus, our algorithm is able to cluster the states more

appropriately for optimal than sub-optimal trajectories. This actually shows the claim we
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(a) (5,5) (b) (10, 10) (c) (15, 15) (d) (20,18) () (25,21)

Figure A.1: (a) This figure presents the visualizations of the discovered sub-goals for
AntMaze using the sub-optimal set of expert trajectories with different number of pre-
specified sub-goals (ng). The values as caption denote (no. of pre-specified sub-goals, no.

of sub-goals learned).

(a) (5,5) (b) (10, 10) (c) (20,20) (d) (25,25) (e) (30,30)

Figure A.2: This figure presents the visualizations of the discovered sub-goals for AntMaze
using the optimal set of expert trajectories with different number of sub-goals (n,) as input.
The values as caption denote (no. of pre-specified sub-goals, no. of sub-goals learned).

make in the chapter, that our assumption of certain groups of states should follow some
temporal ordering in the trajectories, are only soft and the degree by which they deviate
determine the number and thus the granularity of the discovered sub-goals. Moreover, as
we see in Fig. 5.4(c), even with sub-optimal trajectories, a low number of pre-specified
sub-goals (such as n, = 10) performs almost as good as with pre-specified ny = 25, which

actually discovers 21 sub-goals.
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(a) (2,2) (b) (3,3) (c) (4,4) (d) (5,5)

Figure A.3: This figure presents the visualizations of the discovered sub-goals for BIMGame
with different number of sub-goals (ng) as input. The values as caption denote (no. of pre-
specified sub-goals, no. of sub-goals learned).

JIRIELINL:

(a) (2,2) (b) (3,3) (c) (4,4) (d) (5,5)

Figure A.4: This figure presents the visualizations of the discovered sub-goals for AntTarget
using the expert trajectories with different number of sub-goals (n4) as input. The values
as caption denote (no. of pre-specified sub-goals, no. of sub-goals learned).
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Appendix B

Semantic Segmentation

Visualization

Fig. B.1 presents the semantic segmentation results before and after using weak
labels for adaptation. The UDA method without using any weak labels produces more
erroneous results in some portions and may miss some of the categories within a small area,
such as sign, pole, etc. However, using the pseudo-weak labels enhances the segmentation
and helps our model better identify the categories which originally have a lower confidence.

Moreover, using oracle-weak labels is able to further improve the segmentation performance.
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Figure B.1: Example results of adapted segmentation for GTA5 — Cityscapes with and
without using weak labels for adaptation. The visualizations show that using pseudo-weak
labels, the segmentation become more structured and some of the categories are better
segmented. Using oracle-weak labels further improves the segmentation quality.
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