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Abstract

This thesis explores the use of unsupervised methods to address the challenges of distribu-
tion shift under strong computational constraints in deep learning vision tasks. Through
a series of contributions, it demonstrates the effectiveness of unsupervised learning in
enabling efficient and adaptable models suitable for resource-constrained environments.
The Diversified Dynamic Routing (DivDR) method showcases the potential of unsuper-
vised clustering for efficient image recognition, while the Domain Partitioning Network
(DoPaNet) tackles mode collapse in generative adversarial learning. A systematic unifica-
tion of pixel-level alignment, feature-level alignment, and pseudo-labeling is proposed for
cross-domain object detection, highlighting the power of unsupervised adaptation tech-
niques. The thesis also extends its investigation to online continual learning with label
delay, proposing a novel approach to address the challenges of evolving data distributions
and delayed feedback. The findings have significant implications beyond vision tasks,
with the potential to impact a wide range of real-world applications. As machine learning
continues to evolve and tackle increasingly complex challenges, the importance of unsu-
pervised learning in enabling robust, efficient, and adaptable models will only grow. This
thesis represents a significant step forward in the development of unsupervised methods,

paving the way for future machine learning applications.



Introduction

.. As each generation developed and new entities were born and in turn repro-
duced, so complexity increased. Those old primordial and elemental principles
were spun into life-forms of ever greater diversity, variety and richness. The
beings that were born became endowed with nuanced and unique personalities
and individuality. In computer language, it was as if life went from 2 bit to
4 bit to 8 bit to 16 bit to 32 bit to 64 bit and beyond. Fach iteration repre-
sented millions and then billions of new permutations of size, form and what
you might call resolution. [...] Creatures and gods that were ambiguous, incon-
sistent, unpredictable, intriguing and unknowable had arrived. [...] The fun

began.”

— Stephen Fry, Mythos, 2017

The fun began

In the field of Machine Learning, we find ourselves at a juncture where the rapid growth
of computational power, data availability, and algorithmic sophistication has given rise to
a new generation of models capable of tackling increasingly complex and diverse tasks.
Just like the detailed character traits and complex personalities emerging from subsequent
generations of deities in the Greco-Roman theogony — brilliantly put by Stephen Fry — the

field of machine learning has witnessed a progression from simple, constrained experimental

19
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setups and specific models with narrow scope to more accurate representations of real-
world problems, leading to models with general problem solving capabilities [151], able to

navigate the ambiguities and inconsistencies of real-world data.

This thesis explores the challenges that arise in the most common Machine Learning ap-
plications, such as computational constraints, varying task difficulties, load balancing,
delayed feedback and on-the-fly adaptation to new data. In our core contributions, we
demonstrate how the common assumptions of data homogeneity and i.i.d. sampling are
broken and how they impact the model performance. We find clear evidence, that without
addressing the consequences of breaking these assumptions, the resulting models suffer
severe degradation in performance. In mission-critical applications, such as healthcare,
privacy and finance, it is hard to overestimate the importance of resolving such issues to
avoid hurting the global progress of data-driven decision making. In this work, through a
sequence of technical chapters that gradually increase in experimental complexity, we sim-
ulate more realistic machine learning application scenarios, to propose new unsupervised
learning solutions that can enable efficient and adaptable models, suitable for deployment

on consumer-grade hardware.

The central premise of this work is that unsupervised learning holds the key to unlocking
the vast potential of deep learning in real-world settings, where the availability of labeled
data is often limited and the distribution of data can change, or shift over time. By
leveraging the abundance of unlabeled data and developing efficient unsupervised meth-
ods, we aim to create models that can learn meaningful representations, adapt to new

environments, and generalize to unseen tasks.

1.1 Motivation

Deep learning has emerged as a transformative force across all scientific fields, revolution-

izing the way we approach complex problems and extract insights from vast amounts of
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data. From healthcare and finance to environmental studies and beyond, deep learning
models have demonstrated remarkable capabilities in pattern recognition, prediction, and

decision-making, enabling breakthroughs that were once thought impossible.

As deep learning finds its way into critical applications that directly impact our lives on
all scales, ensuring high reliability becomes paramount. Whether it’s diagnosing diseases,
detecting financial fraud, or predicting natural disasters, the consequences of model failures
can be severe and far-reaching. It is crucial that deep learning models consistently deliver
accurate and trustworthy results, even in the face of evolving data landscapes and real-

world challenges.

One of the most significant hurdles in deploying deep learning models in real-world ap-
plications is the problem of distribution shift. In practical settings, the data encountered
during deployment often differs from the data used to train the model. This distribution
shift can arise due to various factors, such as changes in data collection methods, temporal
variations, or domain-specific nuances. The biggest concern regarding such changes in the
data distribution is that it alters the behavior of the underlying model in unpredictable
and often inexplicable ways. For example, when patient data arrives from a new hospital,
it will likely have different statistics due to differences both in the medical recording de-
vices and the population diversity of the new patients. Such difference in the input data
may or may not impact the model that has already been deployed in our medical assistant
product and without checking there is hardly any way to tell. Assuring that the models
are prepared to handle such challenges is essential to ensure that deep learning models
remain effective and reliable when applied to real-world tasks, across diverse domains and

over extended periods.

Medical Sciences. In healthcare, deep learning models have been applied to medi-
cal image analysis, enabling early detection of diseases and assisting in clinical decision-

making. For instance, convolutional neural networks have been used to detect skin cancer
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from dermatoscopic images with accuracy rivaling that of trained dermatologists [212].
While with expert supervision such models can become helpful for aiding the diagnosis,
thanks to the advent of large scale representation learning techniques, previously infeasible
applications, such as reconstructing visual stimuli from fMRI scans in real time [16] and
decoding speech from magneto encephalography (MEG) signals [48], have become possi-
ble. However, these applications often face challenges related to distribution shifts, as the
data collected from different patients, devices, or environments may not always match the
distribution of the training data. Due to the scarcity of data, a common practice among
medical applications is unsupervised pre-training on the concatenated, publicly available
datasets [189]. One factor that further complicates the medical applications is the delayed
feedback, since some of the ground true labels for predictive tasks, such as the true causing
factor behind the symptoms or the recovery time is inherently subject to the delay of the
biological processes. While the labels for new patient data may be delayed, the record-
ings are immediately available, which opens a window of opportunity to use unsupervised

adaptation techniques to improve the performance.

Security and Finance. In the field of finance, machine learning algorithms have found
applications in fraud detection [12], risk assessment [125], and algorithmic trading [133].
Deep learning models have been used to detect credit card fraud in real-time, leveraging
the ability of these models to learn complex patterns and anomalies from vast amounts
of transactional data [148]. Machine learning has also been applied to predict stock mar-
ket movements and optimize portfolio management. However, financial data is known to
show strong distribution shifts, where the underlying patterns and relationships change
over time due to evolving market conditions, consumer behavior, or economic factors [221].
Similarly to the delays due to the natural processes in healthcare applications, the lagging
feedback is also present both in security and finance: a security breach remains unknown

before the pre-existing triggering mechanisms go off [233], so does the profitability of an
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investment into a startup before any performance metric shows an uptick [191]. Never-
theless, accessing the input data that shows even the slightest early signs of distribution

shifts can significantly boost the predictive systems.

Environmental Studies and Sustainability. Environmental studies have also ben-
efited greatly from the adoption of machine learning techniques. Deep learning models
have been used for climate modeling, enabling more accurate predictions of future climate
patterns and the potential impacts of climate change [122]. Machine learning has also been
applied to ecosystem monitoring, such as using satellite imagery to track deforestation and
habitat loss [225, 152]. In the domain of renewable energy, machine learning algorithms
have been employed for wind and solar power forecasting, optimizing the integration of
these intermittent energy sources into the power grid [235]. However, environmental data
is often subject to distribution shifts due to seasonal variations, climate change, or land
use modifications [150]. Unsupervised learning can help capture the underlying structure
and dynamics of environmental systems from large amounts of unlabeled data, enabling
models to generalize better across different conditions and adapt to changing distributions

over time.

To address the challenge of distribution shift and improve the reliability of deep learning
models in real-world applications, we can leverage the vast amounts of unsupervised data
available in various domains. By developing unsupervised learning techniques that can
extract meaningful representations and capture the underlying structure of the data, we
can enable models to adapt to new distributions and maintain high performance even in
the face of evolving data landscapes. However, it is important to recognize that there is
no one-size-fits-all solution to this problem. The choice of the most suitable unsupervised
learning paradigm depends on the specific characteristics of the environment and the
variables at play. Factors such as the nature of the data, the extent of the distribution

shift, the availability of computational resources, and the desired level of adaptability all
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influence the selection of the most appropriate approach. By carefully considering these
factors and tailoring the unsupervised learning techniques to the specific requirements of
each application, we can effectively harness the power of unsupervised data to improve

the robustness and reliability of deep learning models in real-world settings.

1.2 Scope and Approach

While every modality has its own challenges and merits, the paradigms that we are in-
terested in this thesis are not limited to any specific domain. In this thesis, we chose
image recognition problems as the main modality, simply because at the time of writing
it provides the largest number of publicly accessible datasets with the highest number of
different down-stream tasks. The abundance of visual data provides a unique opportunity
to explore unsupervised learning methods at various scales. Furthermore, for educational
purposes, vision tasks are, by far, the most responsive and interactive ways to develop

good intuition about the changes in model behavior on unexpected inputs.

In fact, it is almost misleading how easy it is to generate a few test cases just using
our web-camera that represents one or another type of distribution shift: it takes little
to no time to illustrate the failure mode, however, to eliminate all confounding factors,
one needs to take intro consideration an enormously large array of seemingly irrelevant
environmental variables. Such variables can be the order of the datapoints for training,
the device to capture the data, the diversity of the underlying subjects and the list goes
on. For purely pragmatic reasons, main stream research often oversimplifies real-world
problems to reduce environmental variables and improve reproducibility. However, over
time, the purpose of this simplification fades, and the attention of the research community
shifts towards achieving higher scores and better performance on established, and often
outdated, benchmarks brilliantly highlighted by Prabhu et al. [171, 169] and Ghunaim et

al. [69].
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The approach taken in this thesis is to explore the use of unsupervised methods to bridge
distribution discrepancies in deep learning vision tasks. By leveraging unsupervised learn-
ing, we aim to develop models that can learn meaningful representations from the vast
amounts of unlabeled visual data available, reducing the reliance on costly and time-
consuming manual annotations. The unsupervised methods explored in this thesis are
designed to be efficient and suitable for deployment on consumer-grade hardware, de-
mocratizing machine learning and enabling its application in a wide range of real-world

scenarios.

1.3 Why Unsupervised Methods are Essential

The success of deep learning in vision tasks has been largely driven by the availability
of large-scale labeled datasets, such as ImageNet [49]. However, the reliance on labeled
data is a significant limitation for the widespread adoption of deep learning in real-world
applications. Obtaining large-scale labeled datasets for every possible vision task and
domain is simply infeasible, as it requires a tremendous amount of human effort and ex-
pertise [167, 195]. In contrast, unsupervised learning methods offer a promising alternative

by learning from unlabeled data, which is abundant and readily available.

Pre-training. One key paradigm is pre-training, which involves training a model on
a large corpus of unlabeled data before fine-tuning it on a smaller labeled dataset for
a specific task. Pre-training methods such as self-supervised learning and contrastive
learning have shown promising results in learning useful visual representations without
explicit labels. Unsupervised learning has already shown remarkable success in scaling
large language models [174, 110, 204], vision-language models [139, 147], diffusion mod-
els [181, 94]. One of the biggest advantages of such pre-trained models is that they can
be further trained, or fine-tuned to a specific use case with far less data and parameter

updates that achieves higher accuracy and robustness to noise than a counterpart that is
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solely trained on data collected from the specific-domain [243].

Model Sharing & Merging. At the time of writing, the leading trend in the ML com-
munity is to build on such pre-trained foundational models, which are predominantly con-
tributions from non-academic research institutions. Depending on the terms under which
the foundational model is licensed, the community either shares the fine-tuned weights on
freely accessible hubs, such as the HuggingFace Hub [222], or publishes the model under a
new license. More recently, it has been shown that without any further parameter updates,
foundation models can be merged, i.e.,the hidden layers can be connected to outperform

the individual foundation models on both generic and domain-specific tasks [1, 223].

Model Adaptation. Unsupervised learning also plays a crucial role in adaptation tasks,
where the goal is to transfer knowledge from a source domain to a target domain with
different data distributions. Unsupervised domain adaptation (UDA) techniques aim to
align the feature distributions of the source and target domains without requiring labeled
data in the target domain. Test-time adaptation (TTA) methods, on the other hand,
adapt the model to the test data distribution during inference, improving the model’s

generalization ability.

Long Standing Challenges. However, applying unsupervised learning to vision tasks
poses several challenges. Visual data is high-dimensional and unstructured, making it dif-
ficult to learn meaningful representations without explicit supervision [13]. Moreover, the
evaluation of unsupervised learning methods is often more challenging than supervised
learning, as there is no clear metric for measuring the quality of the learned represen-
tations [165]. Empirical evidence suggests [13, 45, 199] that the most reliable way to
guarantee performance gains using unsupervised techniques is simply increasing the size
of the training data by orders of magnitude and conducting extensive (and expensive)

hyper-parameter search for each specific-application [96].
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To address these challenges, this thesis focuses on developing efficient and effective unsu-
pervised methods that can learn meaningful representations from unlabeled visual data.
We explore various unsupervised learning techniques, such as generative adversarial net-
works [80], domain adversarial feature matching [63] and self-supervised learning [13],
and propose novel methods that combine the strengths of these approaches. More-
over, we emphasize the importance of efficiency in unsupervised learning methods, as
the widespread adoption of these methods in real-world applications requires models that
can run efficiently on resource-constrained devices [69]. We propose lightweight architec-
tures, and efficient mixture of experts methods that can reduce the computational and
memory requirements of machine learning models, making them suitable for deployment

on consumer-grade hardware.

1.4 Chapter Overviews

The central theme of this thesis, using unsupervised methods to bridge distribution dis-
crepancies in deep learning vision tasks, is addressed through a sequence of contributions
that gradually increase in experimental complexity. Each chapter introduces a novel un-
supervised method and evaluates its effectiveness on a specific vision task, highlighting

the benefits and limitations of the proposed approach.

Chapter 2 investigates the use of unsupervised clustering for efficient image recognition.
The proposed method, Diversified Dynamic Routing (DivDR), trains several local experts
on learnt subsets of the training dataset, addressing the challenge of relying on a universal
representation for all samples. DivDR automates the subset assignment process, removing
human priors and finding useful partitions that lead to more efficient models. Through
extensive evaluations and comparisons on semantic segmentation, object detection, and
instance segmentation tasks, DivDR demonstrates a better trade-off between accuracy and

efficiency compared to existing methods.
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Chapter 3 explores the use of unsupervised clustering for image generation. The pro-
posed Domain Partitioning Network (DoPaNet) addresses the mode collapse problem in
generative adversarial learning by employing multiple discriminators, each encouraging
the generator to cover a different part of the target distribution. DoPaNet introduces
a classifier to ensure that the learned modes do not overlap, enabling control over the
generated modes and aligning with the thesis’s goal of developing more adaptable mod-
els. Experiments on toy examples and real images demonstrate DoPaNet’s superiority in

covering the real distribution compared to competing methods.

Chapter 4 tackles the problem of cross-domain object detection, where the distribution
of test data differs from that of the training data. The proposed unsupervised domain
adaptation technique systematically unifies pixel-level alignment, feature-level alignment,
and pseudo-labeling into a single training procedure. By addressing the challenge of dis-
tribution shifts between training and test data, this chapter demonstrates the effectiveness
of unsupervised methods in adapting models to new environments and improving their

generalization capabilities.

Chapter 5 addresses the challenge of online continual learning with label delay, a scenario
in which both the training and test data distributions evolve over time, and labels become
available only after a certain delay. This chapter builds upon the insights gained from
the Torr Vision Group’s prior research on continual learning, extending the experimental
framework to better reflect real-world challenges and proposing a novel approach that is

well-suited to the new benchmarks.

1.5 Manuscripts

The chapters described in the previous section are based on the following manuscripts:

Chapter 2: Botos Csaba, Adel Bibi, Yanwei Li, Philip Torr, Ser-Nam Lim. ”Diversified

Dynamic Routing for Vision Tasks”. FEuropean Conference on Computer Vision (ECCYV)
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3rd Visual Inductive Priors for Data-Efficient Deep Learning Workshop, 2022.

Chapter 3: Botos Csaba, Adnane Boukhayma, Viveka Kulharia, Andras Horvath, Philip

Torr. "Domain Partitioning Network”.

Chapter 4: Botos Csaba, Xiaojuan Qi, Arslan Chaudhry, Puneet Dokania, Philip Torr.

"Multilevel Knowledge Transfer for Cross-Domain Object Detection”.

Chapter 5: Botos Csaba, Wenxuan Zhang, Matthias Miiller, Ser-Nam Lim, Mohamed

Elhoseiny, Philip Torr, Adel Bibi. "Label Delay in Continual Learning”.

1.6 Thesis Overview

In this thesis, we have explored the use of unsupervised methods to bridge distribution
discrepancies in deep learning vision tasks. Through a progression of contributions that
address standard machine learning assumptions to increasingly complex and realistic set-
tings, we have demonstrated the effectiveness of unsupervised learning in enabling efficient

and adaptable models.

The proposed unsupervised methods have shown promising results in leveraging unlabeled
visual data, reducing the reliance on costly and time-consuming manual annotations. By
focusing on techniques that are computationally efficient and suitable for consumer-grade
hardware, this thesis contributes to the democratization of machine learning, making it

more accessible and applicable to a broader range of real-world problems.

The findings and techniques presented in this thesis have broader implications beyond
the realm of vision tasks. The unsupervised methods developed here can potentially be
extended to other domains, such as audio and sensor data, enabling efficient learning
from unlabeled data in various application scenarios. Furthermore, the combination of
unsupervised and supervised methods is an exciting avenue for future research, promising

enhanced performance and generalization.
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As machine learning continues to evolve and tackle increasingly complex real-world chal-
lenges, the importance of unsupervised learning will only grow. This thesis represents a
significant step forward in the development of efficient and adaptable unsupervised meth-

ods, paving the way for future research and applications in this exciting field.

In conclusion, this thesis has explored the use of unsupervised methods to bridge distri-
bution discrepancies in deep learning vision tasks, demonstrating the effectiveness and
efficiency of these methods in increasingly complex and realistic settings. The contribu-
tions of this thesis have the potential to impact a wide range of real-world applications and
pave the way for future research in unsupervised learning. As machine learning contin-
ues to evolve and tackle ever more challenging problems, the importance of unsupervised
learning will only continue to grow, making the findings and techniques presented in this

thesis all the more relevant and impactful.



Unsupervised Clustering

for Efficient Image Recognition

Chapter Teaser

What is the importance of parameter sharing when solving complex vision tasks? Can
we reduce the model inference time by learning subset specific features that are only com-
puted when dealing with samples from the subset? Can we remove the human priors by
automating the subset assignment process? How can we use the underlying mixture of
expert systems to find particularly useful partitions? Are the partitions that benefit the

model performance semantically meaningful?

Abstract

Deep learning models for vision tasks are trained on large datasets under the assumption
that there exists a universal representation that can be used to make predictions for all
samples. Whereas high complexity models are proven to be capable of learning such
representations, a mixture of experts trained on specific subsets of the data can infer

the labels more efficiently. However using mixture of experts poses two new problems,

31
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namely (i) assigning the correct expert at inference time when a new unseen sample is
presented. (ii) Finding the optimal partitioning of the training data, such that the experts
rely the least on common features. In Dynamic Routing (DR) [129] a novel architecture
is proposed where each layer is composed of a set of experts, however without addressing
the two challenges we demonstrate that the model reverts to using the same subset of
experts. In our method, Diversified Dynamic Routing (DivDR) the model is explicitly
trained to solve the challenge of finding relevant partitioning of the data and assigning
the correct experts in an unsupervised approach. We conduct several experiments on
semantic segmentation on Cityscapes and object detection and instance segmentation on

MS-COCO showing improved performance over several baselines.

2.1 Introduction

In recent years, deep learning models have made huge strides solving complex tasks in
computer vision, e.g. segmentation [143, 30] and detection [71, 178], and reinforcement
learning, e.g. playing atari games [158]. Despite this progress, the computational complex-
ity of such models still poses a challenge for practical deployment that requires accurate
real-time performance. This has incited a rich body of work tackling the accuracy com-
plexity trade-off from various angles. For instance, a class of methods tackle this trade-off
by developing more efficient architectures [201, 238], while others initially train larger
models and then later distill them into smaller more efficient models [93, 229, 83]. More-
over, several works rely on sparse regularization approaches [214, 50, 186] during training
or by performing a post-training pruning of model weights that contribute marginally to
the final prediction. While listing all categories of methods tackling this trade-off is be-
yond the scope of this paper, to the best of our knowledge, they all share the assumption
that predicting the correct label requires a universal set of features that works best for all
samples. We argue that such an assumption is often broken even in well curated datasets.

For example, in the task of segmentation, object sizes can widely vary across the dataset
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requiring different computational effort to process. That is to say, large objects can be
easily processed under lower resolutions while smaller objects require processing in high
resolution to retain accuracy. This opens doors for class of methods that rely on local
experts; efficient models trained directly on each subset separately leveraging the use of
this local bias. However, prior art often ignore local biases in the training and validation
datasets when tackling the accuracy-efficiency trade-off for two key reasons illustrated in
Figure 2.1. (i) Even under the assumption that such local biases in the training data are
known, during inference time, new unseen samples need to be assigned to the correct local
subset so as to use the corresponding local expert for prediction (Figure 2.1 left). (ii) Such
local biases in datasets are not known apriori and may require a prohibitively expensive

inspection of the underlying dataset (Figure 2.1 right).

In this paper, we take an orthogonal direction to prior art on the accuracy-efficiency trade-
off by addressing the two challenges in an unsupervised manner. In particular, we show
that training local experts on learnt subsets sharing local biases can jointly outperform
global experts, i.e. models that were trained over the entire dataset. We summarize our

contributions in two folds.

1. We propose Diversified Dynamic Routing (DivDR); an unsupervised learning ap-
proach that trains several local experts on learnt subsets of the training dataset. At
inference time, DivDR assigns the correct local expert for prediction to newly unseen

samples.

2. We extensively evaluate DivDR and compare against several existing methods on se-
mantic segmentation, object detection and instance segmentation on various datasets,
i.e. Cityscapes [44] and MS-COCO [136]. We find that DivDR compared to existing
methods better trades-off accuracy and efficiency. We complement our experiments
with various ablations demonstrating robustness of DivDR to choices of hyperpa-

rameters.
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Expert assignment Finding meaningful subsets
during inference during training

Figure 2.1: The figure depicts the two main challenges in learning local experts on subsets
on subsets of the dataset with local biases. First, even when the subsets in the training
dataset is presented where there is a local expert per subset, the challenge remains in
assigning the local expert for new unseen samples (left Figure). The second challenge
is that the local biases in the training data are not available during training time (right
Figure).

2.2 Related Work

In prior literature model architectures were predominantly hand-designed, meaning that
hyper-parameters such as the number and width of layers, size and stride of convolution
kernels were predefined. In contrast, Neural Architecture Search [254, 138] revealed that
searching over said hyper-parameter space is feasible provided enough data and compute
power resulting in substantial improvement in model accuracy. Recently, a line of re-
search [128, 137, 29, 201, 211] also proposed to constrain the search space to cost-efficient
models that jointly optimize the accuracy and the computational complexity of the mod-
els. Concurrently, cost-efficient inference has been also in the focus of works on dynamic
network architectures [160, 237, 218, 226], where the idea is to allow the model to choose
different architectures based on the input through gating computational blocks during

inference.

For example, Li et al. [129] proposed an end-to-end dynamic routing framework that

generates routes within the architecture that vary per input sample. The search space
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of [129], inspired by Auto-DeepLab [137], allows exploring spatial up and down-sampling
between subsequent layers which distinguishes the work from prior dynamic routing meth-
ods. One common failure mode of dynamic models is mentioned in [160], where during
the initial phase of the training only a specific set of modules are selected and trained,
leading to a static model with reduced capacity. This issue is addressed by Mullapudi et
al. [160] through clustering the training data in advance based on latent representations
of a pretrained image classifier model, whereas [211] uses the Gumbel-Softmax reparame-
terization [109] to improve diversity of the dynamic routes. In this work, to mitigate this
problem, we adopt the metric learning Magnet Loss [180] which acts as an improvement
over metric learning methods that act on the instance level, e.g. Triplet Loss [219, 118],
and Contrastive Learning methods [42, 86]. This is since it considers the complete distri-
bution of the underlying data resulting in a more stable clustering. To adapt Magnet Loss
to resolving the Dynamic Routing drawbacks, we use it as an unsupervised approach to
increase the distance between the forward paths learned by the Dynamic Routing model
this is as opposed to clustering the learned representations, i.e. learning clustered dynamic

routes as opposed to clustered representations.

We review the recent advances on semantic segmentation and object detection which are
utilized to validate our method in this work. For semantic segmentation, numerous works
have been proposed to capture the larger receptive field [246, 30, 31, 32] or establish
long-range pixel relation [247, 104, 192] based on Fully Convolutional Networks [143]. As
mentioned above, with the development of neural network, Neural Architecture Search
(NAS)-based approaches [29, 137, 162] and dynamic networks [129] are utilized to adjust
network architecture according to the data while being jointly optimized to reduce the
cost of inference. As for object detection, modern detectors can be roughly divided into
one-stage or two-stage detectors. One-stage detectors usually make predictions based on
the prior guesses, like anchors [176, 135] and object centers [205, 250]. Meanwhile, two-

stage detectors predict boxes based on predefined proposals in a coarse-to-fine manner [73,
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71, 178]. There are also several advances in Transformer-based approaches for image
recognition tasks such as segmentation [248, 227] and object detection [21, 253], and while

our method can be generalized to those architectures as well, it is beyond the scope of this

paper.

2.3 DivDR: Diversified Dynamic Routing

We first start by introducing Dynamic Routing. Second, we formulate our objective of
the iterative clustering of the dataset and the learning of experts per dataset cluster. At
last, we propose a contrastive learning approach based on magnet loss [180] over the gate
activation of the dynamic routing model to encourage the learning of different architectures

over different dataset clusters.

2.3.1 Dynamic Routing Preliminaries

The Dynamic Routing (DR) [129] model for semantic segmentation consists of L sequential
feed-forward layers in which dynamic nodes process and propagate the information. Each
dynamic node has two parts: (i) the cell that performs a non-linear transformation to
the input of the node; and (ii) the gate that decides which node receives the output
of the cell operation in the subsequent layer. In particular, the gates in DR determine
what resolution/scale of the activation to be used. That is to say, each gate determines
whether the activation output of the cell is to be propagated at the same resolution,
up-scaled, or down-scaled by a factor of 2 in the following layer. Observe that the gate
activation determines the architecture for a given input since this determines a unique
set of connections defining the architecture. The output of the final layer of the nodes
are up-sampled and fused by 1 X 1 convolutions to match the original resolution of the
input image. For an input-label pair (z,y) in a dataset D of N pairs, let the DR network
parameterized by 6 be given as fy : X — Y where z € X and y € ). Moreover, let

Az : X = [0,1]", where 6 2 0, denote the gate activation map for a given input, i.e. the
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labels
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Figure 2.2: Gate Activation cluster assignment. To update the local experts, DivDR
performs K-means clustering on the gate activations over the A(z;) Vi in the training
examples with fixed model parameters 6.

labels
ﬁ E

Figure 2.3: Gate Activation Diversification. We use the labels from the cluster as-
signment to reduce the intra-cluster variance and increase the inter-cluster variance by
updating model parameters 6.

gates determining the architecture discussed earlier, then the training objective for DR

networks under computational budget constraints have the following form:

N
ﬁDR = % Z ﬁseg (f@(xz); yz) + )\ﬁcost(-Aé(xi))- (21)

i=1

We will drop the subscript 0 throughout to reduce text clutter. Note that Ly and Leost
denote the segmentation and computational budget constraint respectively. Observe that
when most of the gate activations are sparse, this incurs a more efficient network that may

be at the expense of accuracy and hence the trade-off through the penalty .

2.3.2 Metric Learning in A-space

Learning local experts can benefit performance both in terms of accuracy and compu-
tational cost. We propose an unsupervised approach to learning jointly the subset of
the dataset and the soft assignment of the corresponding architectures. We use the DR

framework for our approach.
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We first assume that there are K clusters in the dataset for which we seek to learn an
expert on each. Moreover, let {u -Ai}ili17 denote the cluster centers representing K different
gate activations. Note that as per the previous discussion, each gate activation pa, €
[0,1]™ corresponds to a unique architecture. The set of cluster centers representing gate
activations {pu Ai}fil can be viewed as a set of prototypical architectures for K different
subsets in the datasets. Next, let u(z) denote the nearest gate activation center to the gate
activation A(x), i.e. p(x) = argmin || A(x) —p4,||. Now, we seek to solve for both the gate
activation centers {4, }fil and the parameters 6 such that the gate activation centers
are pushed away from one another. To that end, we propose the alternating between
clustering and the minimization of a magnet loss[180] variant. In particular, for a given

fixed set of activating gates centers {u Ai}fil, we consider the following loss function:

Eclustering(A(xi)) = {a + T;”A(xz) - ,u(xz)H

+ log Z el R COR P } )

kipa, #n(zi) +
Note that {z}; = max(z,0), 02 = 5 va | A(z;) — p(x;)||?, and that o > 0. Observe
that unlike in magnet loss, we seek to cluster the set of architectures by separating the
gate activations. Note that the penultimate term pulls the architecture, closer to the
most similar prototypical architecture while the last term pushes it away from all other
architectures. Therefore, this loss incites the learning of K different architectures where
each input x; will be assigned to be predicted with one of the K learnt architectures. To

that end, our overall Diversified DR loss is given as follows:

N
1
EDivDR = N E Esegm(f@(-ri)y yz) + )\l'ccost(A(xi)) + >\2»Cclustering(/4(xi))- (23)
i=1

We then alternate between minimizing Lp;ypr over the parameters 8 and the updates of
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the cluster centers {u Ai}fir In particular, given 6, we update the gate activation centers
by performing K-Means clustering [149] over the gate activations. That is to say, we fix
f and perform K-means clustering with K clusters over all the gate activations from the
dataset D, i.e. we cluster A(z;) Vi as shown in Figure 2.2. Moreover, alternating between
optimizing Lpi;ypr and updating the gate activation cluster centers over the dataset D,
illustrated in Figure 2.3, results in a diversified set of architectures driven by the data that

are more efficient, i.e. learning K local experts that are accurate and efficient.

2.4 Experiments

We show empirically that our proposed DivDR approach can outperform existing methods
in better trading off accuracy and efficiency. We demonstrate this on several vision tasks,
i.e. semantic segmentation, object detection, and instance segmentation. We start first
by introducing the datasets used in all experiments along along with the implementation
details. We then present the comparisons between DivDR and several other methods along

with several ablations.

2.4.1 Datasets

We mainly prove the effectiveness of the proposed approach for semantic segmentation,
object detection, and instance segmentation on two widely-adopted benchmarks, namely

Cityscapes [44] and Microsoft COCO [136] dataset.

Cityscapes. The Cityscapes [44] dataset contains 19 classes in urban scenes, which is
widely used for semantic segmentation. It is consist of 5000 fine annotations that can be
divided into 2975, 500, and 1525 images for training, validation, and testing, respectively.
In the work, we use the Cityscapes dataset to validate the proposed method on semantic

segmentation.

COCO. Microsoft COCO [136] dataset is a well-known for object detection benchmarking
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Table 2.1: Comparison with baselines on the Cityscapes [44] validation set. * Scores
from [129] were reproduced using the official implementation. The evaluation settings are
identical to [129]. We calculate the average FLOPs with 1024 x 2048 size input.

Method Backbone mloU,,; (%) GFLOPs
BiSenet [238] ResNet-18 74.8 98.3
DeepLabV3 [31] ResNet-101-ASPP 78.5 1778.7
Semantic FPN [117]  ResNet-101-FPN 7.7 500.0
DeepLabV3+ [32] Xception-71-ASPP 79.6 1551.1
PSPNet [246] ResNet-101-PSP 79.7 2017.6
Auto-DeepLab [137]  Searched-F20-ASPP 79.7 333.3
Auto-DeepLab [137] Searched-F48-ASPP 80.3 695.0
DR-A [129]* Layer16 72.7£0.6 58.7+3.1
DR-B [129]* Layer16 72.6+1.3 61.1+£3.3
DR-C [129]* Layer16 74.240.6 68.1£2.5
DR-Raw [129]* Layer16 75.240.5  99.242.5
DivDR~A Layer16 73.5+0.4 57.7+£3.9
DivDR-Raw Layer16 75.4+1.6 95.7+0.9

which contains 80 categories in common context. In particular, it includes 118k training
images, bk validation images, and 20k held-out testing images. To prove the performance
generalization, we report the results on COCQ’s validation set for both object detection

and instance segmentation tasks.

2.4.2 Implementation Details

In all training settings, we use SGD with a weight decay of 10~* and momentum of 0.9 for
both datasets. For semantic segmentation on Cityscapes, we use the exponential learning
rate schedule with an initial rate of 0.05 and a power of 0.9. For fair comparison, we
follow the setting in [129] and use a batch size 8 of random image crops of size 768 x 768
and train for 180K iterations. We use random flip augmentations where input images
are scaled from 0.5 to 2 before cropping. For object detection on COCO we use an initial
learning rate of 0.02 and re-scale the shorter edge to 800 pixels and train for 90K iterations.

Following prior art, random flip is adopted without random scaling.
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Figure 2.4: Visualizing the 183-dimensional A-space of Dynamic Routing backbones
trained for semantic segmentation on Cityscapes [44] (top) and 198-dimensional .4-space
for object detection on COCO [136] (bottom) using t-SNE [210]. Left: varying number of
local experts, K = 2,3,4. Right: joint t-SNE visualization of architectures of Dynamic
Routing [129] (orange) and our approach (blue). It is clear that our method not only
encourages diversity of the learned routes but also reduces variance in a specific cluster.
Low intra-cluster variance is beneficial because it facilitates feature sharing between sim-
ilar tasks

2.4.3 Semantic Segmentation

We show the benefits of our proposed DivDR of alternation between training with LpivpDr
and computing the gate activations clusters through K-means on Cityscapes [44] for se-
mantic segmentation. In particular, we compare two versions of our proposed unsupervised
Dynamic Routing, namely with and without the computational cost constraint (A\; = 0
denoted as DivDR-Raw and A; = 0.8 denoted as DivDR-A) against several variants of the
original dynamic routing networks both constrained and unconstrained. All experiments
are averaged over 3 seeds. As observed in Table 2.1, while both variants perform similarly
in terms of accuracy (DR-Raw: 75.2%, DivDR: 75.4%), DivDR marginally improves the

computational cost by 3.5 GFLOPs. On the other hand, when introducing cost efficiency



42CHAPTER 2. UNSUPERVISED CLUSTERING FOR EFFICIENT IMAGE RECOGNITION

Table 2.2: Quantitative analysis of semantic segmentation on Cityscapes [44]. We report
Inter and Intra cluster variance, that shows how far are the cluster centers are from each
other in Ly space and how close are the samples to the cluster centers respectively.

method mloU FLOPs Inter Intra

DR-A 72.7 58.7 0.4 0.3
DivDR-A 72.0 499 0.6 0.2

DR-Raw 75.2 99.2 1.5 1.5
DivDR-Raw 75.7 98.3 1.2 0.5

constraint DivDR-A improves both the efficiency (58.7 GFLOPs to 57.7 GFLOPs) and
accuracy (72.7% to 73.5%) as compared to DR-A. At last, we observe that comparing
to other state-of-the-art, our unconstrained approach, performs similarly to BiSenet [238]

with 74.8% accuracy while performing better in computational efficiency (98.3 GFLOPs

vs. 95.7 GFLOPs).

Visualizing Gate Activations. We first start by visualizing the gate activations under
different choices of the number of clusters K over the gate activation for DivDR-A. As
observed from Figure 2.4, indeed our proposed Lpiypr results into clusters on local experts
as shown by different gate activations A for k € {2,3,4}. Moreover, we also observe
that our proposed loss not only results in separated clusters of local experts, i.e. gate
activations, but also with a small intra class distances. In particular, as shown in Table
2.2, our proposed DivDR indeed results in larger inter-cluster distances that are larger
than the intra-cluster distnaces. The inter-cluster distances are computed as the average
distance over all pair of cluster centers, i.e. {4, }X, while the intra-cluster distances are
the average distances over all pairs in every cluster. This indeed confirms that our proposed
training approach results in K different architectures for a given dataset. Consequently,
we can group the corresponding input images into K classes and visualize them to reveal
common semantic features across the groups. For details see Fig 2.5. We find it interesting
that despite we do not provide any direct supervision to the gates about the objects present

on the images, the clustering learns to group semantically meaningful groups together.
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Cluster #3

Figure 2.5: Visualization of images from the validation set of MS-COCO 2017 [136] chal-
lenge. In this training K = 3 and we visualize the top-5 images that fall closest to their
respective cluster centers p;. Note that the dataset does not provide subset-level anno-
tations, however our method uses different pathways to process images containing meals
(top row), objects with wheels and outdoor scenes (middle row) and electronic devices
(bottom row).

Ablating o and Ay. Moreover, we also ablate the performance of o which is the sepa-
ration margin in the hinge loss term of our proposed loss. Observe that larger values of
« correspond to more enforced regularization on the separation between gate activation
clusters. As shown in Figure 2.6 left, we observe that the mIOU accuracy and the FLOPs
of our DivDR-A is only marginally affected by « indicating that a sufficient enough margin

can be attained while maintaining accuracy and FLOPs trade-off performance.

2.4.4 Object Detection and Instance Segmentation

To further demonstrate the effectiveness on detection and instance segmentation, we val-
idate the proposed method on the COCO datasets with Faster R-CNN [178] and Mask
R-CNN [89] heads. As for the backbone, we extend the original dynamic routing networks
with another 5-stage layer to keep consistent with that in FPN [134], bringing 17 layers

in total. Similar to that in Sec. 2.4.3, no external supervision is provided to our proposed
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Figure 2.6: Ablation on the « (left) and Ay (right) parameter of the diversity loss term
for Semantic Segmentation. The mean accuracy in case of the parameter sweep for Ao is
higher since in each case the best performing o was used for the training. We can see that
the method is stable regardless the choice of the parameters over various tasks.

Table 2.3: Quantitative comparison of Dynamic Routing [129] trained without the objec-
tive to diversify the paths and using various K for the clustering term. We omit K = 1
from our results as it reverts to forcing the model to use the same architecture, indepen-
dent of the input image. Instead we report the baseline scores from [129] For comparison
we report best Dynamic Routing [129] scores from 3 identical runs with different seeds.

(a) DivDR-A (b) DivDR-Raw
K mAP,,, GFLOPs Inter Intra K mAP,,, GFLOPs Inter Intra
¥ 34.6 23.2 0.2 0.3 * o 37.8 38.2 0.5 0.7
2 35.1 21.9 1.1 0.4 2 36.5 31.0 0.6 0.5
3  35.0 19.2 0.8 0.3 3 374 32.6 1.2 0.5
4 349 20.0 0.6 0.1 4 38.1 32.8 0.7 0.2

DivDR during training. As presented in Tables 2.4 and 2.5, we conduct experiments
with two different settings, namely without and with computational cost constraints. We

illustrate the overall improvement over DR [129] across various hyper-parameters in Fig 2.8

Detection. Given no computational constraints, DivDR attains 38.1% mAP with 32.9
GFLOPs as opposed to 37.7% mAP for DR-R. While the average precision is similar,
we observe a noticeable gain computational reduction of 5.3 GFLOPs. Compared with
the ResNet-50-FPN for backbone, DivDR achieves similar performance but a small gain
of 0.2% but with half of the GFLOPs (32.9 GFLOPs vs. 95.7 GFLOPs). When we

introduce the computational regularization, the cost is reduced to 19.8 GFLOPs while
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Table 2.4: Comparison with baselines on the COCO [136] detection validation set. *
Scores from [129] were reproduced using the official implementation. The evaluation set-
tings are identical to [178] with single scale. We calculate the average FLOPs with 800 x 800
size input

Method Backbone mAP,,;, GFLOPs
Faster R-CNN [178] ResNet-50-FPN 37.9 88.4
DR-A [129]* Layer17 32.145.0  20.94+2.1
DR-B [129]* Layer17 36.540.2 24.4+1.2
DR-C [129]* Layerl7 37.1+40.2  26.7+0.4
DR-R [129]* Layer17 37.740.1  38.240.0
DivDR-A Layer17 35.440.2 19.8+1.0
DivDR-R Layer17 38.14+0.0 32.940.1

Table 2.5: Comparison with baselines on the COCO [136] segmentation validation set.
* Scores from [129] were reproduced using the official implementation. The evaluation
settings are identical to [178] with single scale. We calculate the average FLOPs with
800 x 800 size input

Method Backbone mAP,,;, GFLOPs
Mask R-CNN [178] ResNet-50-FPN 35.2 88.4
DR-A [129]* Layer17 31.843.1 23.7+4.2
DR-B [129]* Layer17 33.9+0.4 25.2+2.3
DR-C [129]* Layer17 34.3+0.2 28.940.7
DR-R [129]* Layer17 35.1£0.2 38.240.1
DivDR-A Layer17 33.440.2 24.542.3
DivDR-R Layer17 35.1+40.1 32.9+0.2

the performance is preserved with 35.4% mAP. Compared with that in DR-A, we observe
that while Div-DR constraibntconstrainted enjoys a 1.1 lower GLOPS, it enjoys improved
precision of 3.3% (35.4% mAP vs. 32.1% mAP) with a lower standard deviation. We believe

that this is due to the local experts learnt for separate subsets of the data.

Instance Segmentation. As for the task of instance, as observed in Table 2.5, DivDR
unconstrainted performs similarly to DR-R with 35.1% mAP. However, DivDR better
trades-off the GLOPs with with a 32.9 GFLOPs in the unconstrained regime as opposed
to 38.2 GLOPS. This is similar to the observations made in the detection experiments.

Moreover, when computational constraints are introduced, DivDR enjoys a similar GLOPs
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Figure 2.7: Ablation on the « (left) and Ay (right) parameter of the diversity loss term
for Object Detection. We can see that the method is stable regardless the choice of the

parameters over various tasks.

as DR-A but with an improved 1.6% precision (33.4% mAP vs. 31.8% mAP).
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Figure 2.8: Evaluations of models trained on COCO [136] across different hyper-
parameters

Ablating K. We compare the performance of our proposed DivDR under different

choices of the number of clusters K over the gate activation for both unconstrained and

constrained computational constraints, i.e. DivDR-A and DivDR-R respectively. We note

that our proposed Lpiyp, effectively clusters the gate activation cluster centers as shown in

Figure 2.4. Moreover, we also observe that our proposed loss not only results in separated

clusters of local experts, but also with a small intra-cluster distances as shown in Table 2.3.

In particular, we observe that our proposed DivDR results in larger inter-cluster distances
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that are larger than the intra-cluster distances (in contrast with DR [129]).

Ablating o and A\2. As shown in Figure 2.7, we observe the choice of both o and Ao
only marginally affect the performance of DivDR-A in terms of both mAP on the object
detection task. However, we find that Ao > 0.5 starts to later affect the mAP for reduced

computation.

2.5 Discussion and Future Work

In this paper we demonstrate the superiority of networks trained on a subset of the training
set holding similar properties, which we refer to as local experts. We address the two main
challenges of training and employing local experts in real life scenarios, where subset
labels are not available during test nor training time. Followed by that, we propose
a method, called Diversified Dynamic Routing that is capable of jointly learning local
experts and subset labels without supervision. In a controlled study, where the subset
labels are known, we showed that we can recover the original subset labels with 98.2%
accuracy while maintaining the performance of a hypothetical Oracle model in terms of

both accuracy and efficiency.

To analyse how well this improvement translates to real life problems we conducted exten-
sive experiments on complex computer vision tasks such as segmenting street objects on
images taken from the driver’s perspective, as well as detecting common objects in both
indoor and outdoor scenes. In each scenario we demonstrate that our method outperforms

Dynamic Routing [129].

Even though this approach is powerful in a sense that it could improve on a strong base-
line, we are aware that the clustering method still assumes subsets of equal and more
importantly sufficient size. If the dataset is significantly imbalanced w.r.t. local biases

the K-means approach might fail. One further limitation is that if the subsets are too
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small for the local experts to learn generalizable representations our approach might also
fail to generalize. Finally, since the search space of the architectures in this work is de-
fined by Dynamic Routing [129] which is heavily focused on scale-varience. We believe that
our work can be further generalized by analyzing and resolving the challenges mentioned

above.
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2.7 Supplementary Material

2.7.1 Sensitivity to number of iterations between K-means update

In our early experiments we have found our method achieving satisfactory results if we kept
the number of iterations between the K-means update low: < 100. With lower frequency
updates the diversity between the cluster centers was not sufficiently large, leading to the
trivial solution, i.e. the model architecture learning to ignore the input image. In Deep
Clustering [23] another technique is mentioned to avoid such trivial solutions, namely
randomizing and manually altering the cluster centers in case they happen to be too close

to each-other. We did not employ such techniques for our method.

On another note, we have found that while the cluster centers change significantly during
the early phases of the training, the difference between two updates is less emphasized
towards the end. This lead to a hypothesis that using an annealing policy on the frequency
of the updates might be more practical as it could reduce the training time drastically,

however such comparison is beyond the scope of this work.

In our experiments we use 50 iterations per K-means update everywhere.

2.7.2 Gathering gate activation values before or after non-linear layer

We have experimented with applying our method on the output of the final linear layer
of each gate in our model. We have found that even though much higher variances can
be achieved in terms of intra-cluster and inter-cluster diversity metrics, however most of
these differences are marginalized by the final non-linear layer of the gates. In the most
frequent case the model learned cluster centers that had negative values, which is entirely

ignored by the ReLU-part of the non-linear function used by Dynamic Routing [129].
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2.8 Conclusion

In this work we showed that training mixture of expert models by leveraging the biases of
the underlying training dataset is beneficial both in terms of model accuracy and reduced
inference time. The novelty in our method is that show how to cluster the training data into
subsets in the absence of supervised labels by using the output of the gating mechanism
instead the latent representation of the experts for the clustering algorithm. We show
that using the recovered subsets not only reduces the inference time and improves the
model accuracy, but results in semantically meaningful partitions of the dataset. While
in the first two chapters we focused on models trained on i.i.d datasets, we continue our
exploration of unsupervised methods in experimental settings where both labeled and
unlabeled data is available for training, however only the unlabeled data is sampled from

the distribution from which the test images are also sampled.
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How to generate images when no corresponding captions or content descriptions are
available? What are the reasons behind the instability of the adversarial training process?
How to hedge our bets with multiple pairs of generator and discriminator models? How to
assign the unlabeled images to the right model pair? Can we speed up the inference time
by merging the generators into a single model? How to generalize the iterative min-mazx
optimization to multiple discriminators? How to influence the output of the generated

images?

Abstract

Standard adversarial training involves two agents, namely a generator and a discriminator,
playing a mini-max game. However, even if the players converge to an equilibrium, the
generator may only recover a part of the target data distribution, in a situation commonly

referred to as mode collapse. In this work, we present the Domain Partitioning Network

o1
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(DoPaNet), a new approach to deal with mode collapse in generative adversarial learning.
We employ multiple discriminators, each encouraging the generator to cover a different
part of the target distribution. To ensure these parts do not overlap and collapse into the
same mode, we add a classifier as a third agent in the game. The classifier decides which
discriminator the generator is trained against for each sample. Through experiments
on toy examples and real images, we show the merits of DoPaNet in covering the real
distribution and its superiority with respect to the competing methods. Besides, we also

show that we can control the modes from which samples are generated using DoPaNet.

3.1 Introduction

Generative Adversarial Networks [81] (GANSs) consist of a deep generative model which is
trained through a minimax game involving a competing generator and discriminator. The
discriminator is tasked to differentiate real from fake samples, whereas the generator strives
to maximize the mistakes of the discriminator. At convergence, the generator can sam-
ple from an estimate of the underlying real data distribution. The generated images, are
observed to be of higher quality than models trained using maximum likelihood optimiza-
tion. Consequently, GANs have demonstrated impressive results in various domains such
as image generation [85], video generation [213], super-resolution [123], semi-supervised

learning [51] and domain adaptation [251].

GANSs are trained with the objective of reaching a Nash-equilibrium [153], which refers
to the state where neither the discriminator nor the generator can further enhance their
utilities unilaterally. However, the generator might miss some modes of the distribution
even after reaching the equilibrium as it can simply fool the discriminator by generating
from only few modes of the real distribution [79, 8, 28, 36, 184], and hence producing a
limited diversity in samples. To address this problem, the literature explores two main

approaches: Improving GAN learning to practically reach a better optimum [8, 156, 184,
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Figure 3.1: Illustration of the expected behaviour DoPaNet using two discriminators (N =
2), in case of a Uni-modal (M = 1, top), bi-modal (M = 2, middle) and tri-modal (M = 3,
bottom) target distribution. The classifier ensures that the generated modes (in orange
and blue) corresponding to two different discriminators do not overlap.

9, 85, 17], or explicitly forcing GANs to produce various modes by design [36, 68, 54, 28,
141]. We hereby follow the latter strategy and propose a new way of dealing with GAN
mode collapse. By noticing that using a single discriminator often leads to the generator
covering only a part of the data, we bring more discriminators to the game such that each
incentivises the generator to cover an additional mode of the data distribution. For each
discriminator to focus on a different target mode, we introduce a third player, a classifier
Q that decides the discriminator to be trained using a given real sample. To ensure that
these various target data modes do not collapse into the same mode, the classifier @) also
decides the discriminator to train the generator for a given generated sample. We find that
this strategy, illustrated in Figure 3.2, yields better coverage of the real data distribution

at convergence and simultaneously improves the stability of the training as well.

We showcase our method on demonstrative toy problems and show that it outperforms

competing methods in avoiding mode collapse. We show that the ) network is able to
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Figure 3.2: DoPaNet, our proposed framework. Here ~ denotes a sampling operation from
the categorical probability distribution Q(x). c¢is a categorical code with one-hot encoding.
Using the resulting category index o ~ Q(x) we select the corresponding discriminator
D,;—, and connect it to the computation graph. From the perspective of the real sample x
and the generated sample & the respective computation graph is fully-differentiable, and
can be trained like the standard GAN [80].

distinguish different modes of the real data and therefore each discriminator works on a
separate mode. This ensures that the generator can sample from a different mode for
every input code vector. We also show DoPaNet’s ability to generate good quality and

diversified images covering various modes present in the datasets of real images.

We also provide theoretical analysis to show that at global optimum of the objective, the
generator replicates the real distribution, categorized into different modes such that it can

sample from any mode given the corresponding code vector c.

3.2 Related work

There is a rich literature on improving training stability and increasing sample diversity
for GANs. We only focus on a selection of works that relate closely to ours. [10] introduces

theoretical formulation stating the importance of multiple generators and discriminators in
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order to completely model the data distribution. GMAN [54] proposes using multiple dis-
criminators. They explore 3 settings where the generator can either be trained against the
best discriminator, the averaged discriminators, or the weighted averaged discriminators.
This helps training the network without modifying the minimax objective. Even though
they use multiple discriminators, all of them are trained using all of the available real data,
which does not explicitly help in avoiding mode collapse. We improve on this strategy by
adding a classifier as a third component, with the task of choosing the discriminator for
the given input sample during training, therefore each of the multiple discriminators spe-
cializes on a different part of the real data distribution. We also compare DoPaNet with
GMAN [54] in our experiments (Section 3.4). Triple-GAN [126] incorporates a classifier in
the adversarial training but it focuses on semi-supervised learning and therefore it needs
some part of the real data to be labeled during training. It uses only one discriminator
which is also conditioned on the sample labels. Contrarily our aim is to circumvent the
mode collapse problem in the general case where the labels of the samples may not be
available. InfoGAN [36] uses a @ network to maximize mutual information between the
input code to the generator and its generated samples. It helps in disentangling several
factors of variation, e.g. writing styles in case of digits, pose from lightning, etc. It is dif-
ferent from our approach as it uses the () network as well to train the generator. Hence it
is possible that the generator colludes with () in disentangling the factors of variation, but
simultaneously fooling the discriminator, while sampling from only few modes of the data.
It can therefore still face the mode collapse problem which we show in the experiments
(Section 3.4). Several works propose using multiple generators [11, 67, 141]. For instance,
MAD-GAN [68] improves the learning by compelling the generators to produce diverse
modes implicitly using the discriminator. This is achieved by requiring the discrimina-
tor to identify the generator that produced the fake samples along with recognizing fake
samples from reals. The discriminator does not explicitly force each generator to cap-

ture a different mode, while in our case the generator is urged to capture distinct modes
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by being trained with different discriminators. We also show DoPaNet’s superiority over

MAD-GAN in our experiments (Section 3.4).

3.3 Method

In this section we first briefly discuss the preliminaries (3.3.1): the general objective for
training Generative Adversarial Nets and conditional sampling and training. Then we

detail the objective of DoPaNet (3.3.2) and how we optimize it.

3.3.1 Preliminaries

Generative Adversarial Networks Generative adversarial networks can be consid-
ered as a game, where players in the form of neural networks are optimized against each
other. Let p; be the real data distribution and p, be the distribution learnt by the gen-
erator G. Different tasks are assigned to the players: firstly, the generator G takes an
input noise z ~ p(z) and returns a sample & = G(z). The discriminator D takes an input
x which can either be a real sample from the training set or a sample produced by the
generator. The discriminator then outputs a conditional probability distribution over the
source of the sample z. In practice D is a binary classifier that ideally outputs 1 if the
sample is real and 0 if the sample is fake. Formally the following min-max objective is

iteratively optimized:

ménmle)LXV(D,G) = E [log D (z)]
(3.1)

The parameters of D are updated to maximize the objective while the generator G is

trained to minimize it.
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Conditional generation We can condition the modeled distribution by making G take
a code vector ¢ as an additional input to produce a sample Z, = G(z,c¢), as it is done
in InfoGAN [36] and other conditional variants [157]. In our case, we restrict the code
vector ¢ to have a one-hot encoding. Defining the conditional probability distribution as
Qx) = Pe|z» We Obtain an objective function for the classifier (), the general cross-entropy
loss:

minL(Q,G) = E_ [CE(¢,Q(G(20))] (3.2)
where C'E(.,.) is the cross entropy function. The conditional variants of the standard GAN
settings optimize both Objectives (3.1) and (3.2), where G may or may not be optimized

over Objective (3.2). We do not use G to optimize the Objective (3.2).

3.3.2 Our approach: DoPalNet

DoPaNet consists of three main components: A conditional generator G, a classifier (Q and
a set of independent discriminators {D;}. We use categorical code vectors ¢ € {0, 1}V with
one-hot encoding where N is the number of discriminators used. We use the notation ¢; to
denote the one-hot code vector ¢ with value at the i*" index as 1. As illustrated in Figure
3.2, G generates a sample . = G(z,c). Next we feed the sample to the classifier Q to get
the categorical probability distribution. For each generated sample we draw 6 ~ Q(Z.), i.e.
g € [1,..., N] that decides the corresponding discriminator and D that is going to process
the generated sample. Formally, we define D(&) := Ds(Z.). Similarly, for the real sample
x ~ pg, we draw o ~ Q(x) and define the discriminator D(z) := D,(x) for the sample x.
Thus, for every sample, the discriminator used is decided by the classifier ). This yields
a fully-differentiable computational graph, despite the fact that the sampling operation
o ~ Q(z) is non-differentiable. In other words, once D is selected using predictions
from @, the training requires no further modifications to the standard GAN optimization

algorithm, therefore it is compatible with all recent advanced variants of GANs. In our
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Algorithm 1 DoPaNet training algorithm

1. Sample minibatch of m noise samples {z(1), ..., 2™} from the noise prior p,(z).

2. Sample minibatch of m code samples {c(V), ..., ™} from the code prior pe(c).

3. Sample minibatch of m examples {:v(l), . ,x(m)} from the data generating distribu-
tion pg(x).

4. Update @ by ascending its stochastic gradient:

Veq% gc(i) log @ (G (Z(i)’ C(Z’)))

5. Decide for every input which of the N discriminators to use by sampling from the
likelihood distribution of Q:

o(i) ~ Q (m@) (i) ~ Q (G (Zu)’ c<i>))

6. For all n € [1,..., N]|, define the set of samples that are assigned to the nt™ discrim-
inator D,, as:

D, = {x(i)\a(i) = n} D, = {G <z(i),c(i)> l6(i) = n}

7. For all n € [1,...,N], update the n'™ discriminator by ascending its stochastic
gradient:

n (%))

Vo, ]D | Z log Dy, (

Q?ED TL $€Dn

8. Repeat sampling of minibatches of noise and code samples as in steps (a) and (b).
9. Decide for every i** input which of the N discriminators to use by sampling from
likelihood distribution of () as described previously.
10. Update the generator by descending its stochastic gradient:

Vo, 4 3 log (1= Day (6 (29.60)))
=1

experiments we define p, as a standard normal distribution and p. as a uniform categorical

distribution unless otherwise stated.

Let us define the minimax objective for DoPaNet:

min max M({D W..G):= E [logDgy(z)]
B3 2

(3.3)
+ E [log (1 — Ds (G (z,0)))]

Z~Pz,C~Pe

6~Q(G(2,0))
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(a) Standard GAN (b) DoPaNet, 2 modes, 2 Disc. (¢) DoPaNet, 3 modes, 2 Disc.

Figure 3.3: Theoretical analysis: The figures are plotted using 100000 samples and 1000
bins histogram where the grey area represents the real data distribution. Fig. (a): Stan-
dard GAN - In special case, N = 1 DoPaNet is equivalent to the standard GAN. The
blue area represents the model distribution. Fig. (b, ¢): The orange and blue area rep-
resent the generations corresponding to ¢; and c3. The number of discriminators is fixed
at N = 2, while the number of modes is M = 2,3 respectively. The orange and blue
curves depict the predicted class probability of ¢; and cs respectively by the classifier Q).
It can be seen that support of p}i (i.e. z < 0) can be considered disjoint from the support
of p (i.e. z > 0) due to steep change in Peje around x = 0. It also shows that the real
distribution area corresponding to c¢; and ca2: pg, and pg, is almost equal in proportion
and therefore equal to 1/2.

We train DoPaNet by iteratively optimizing the following objective function (refer Algo-
rithm 1):

. AN .
min max. M({Di}iz1, G) + min L(Q, G) (3.4)

3.3.3 Theoretical Analysis

The classifier @ is trained only using Objective 3.2, and is applied on the generated samples
2 as well as the real samples x to decide the discriminator to use. It is optimal when it is
able to correctly classify the generated samples % into their corresponding ¢;’s. Empirically
we observe that the classifier () is easily able to reach its optimum, as can be observed in
the Figure 3.3(b) and 3.3(c), as the blue and orange curves (samples predicted as ¢; and
co respectively) coincide with the samples forming blue and green area (samples generated
using ¢; and cy respectively). Interestingly, we observe that the classifier @) is able to
indirectly control the generator G through the discriminators as G groups its generations

according to the code vectors c;.

Here we provide formal theoretical formulation of our model with proof presented in
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Appendix 3.7.

Lemma 3.3.1. For optimal Q and fived G, the optimal D;, Vi € [1,...,N] is

() — psipfi(:c)
i) = o) + 2@ (3:5)

where S; = {x € Supp(pq)|Q(x) = ¢}, ps, = fxesi pa(z)dx, pY is a probability distribution

such that piy(z) = ng) and Supp(ply) = Si, and p;(az) = p.(2) such that G(z,¢;) = x.

We can now reformulate the minimax game as

U(G)= max M{Di},,G)
{Di}zNzl

Theorem 3.3.2. In case of N discriminators, the global minimum of U(G) is achieved
if and only if pi(x) = pi(x), Vi € [1,...,N]. When ps, = 1/N, the global minimum value

of U(G) is —log(4).

Sampling from p}, is same as sampling from the i*" mode of the real distribution, the mode
that covers the set of samples S; = {z € Supp(pq)|Q(z) = ¢;}. Please note that we can
assume that each of {p}¥ | has a disjoint support. Figure 3.3(b) and 3.3(c) empirically
show that the assumption of disjoint support of the distributions pcll and p?l, which is

decided by the classifier ), is valid.

So, in theory each G;(.) = G(., ¢;) should converge to a different mode as the target dataset
distribution pY, is itself different Vi € [1,..., N]. Hence, empirically the number of modes
covered should essentially be at least more diverse than the standard GAN model. This
is also observed in all our experiments as well as when comparing the Figures 3.3(a)

and 3.3(b).

Corollary 3.3.2.1. At global minimum of U(G), the generative model G replicates the

real distribution pq, categorized into different modes.
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Thus our model DoPalNet can learn the real data distribution while also controlling the
diversity of the generations by sampling from a different real mode corresponding to each

¢;, which we also verify experimentally in the next section.

3.4 Experiments

We demonstrate the performance of our method DoPaNet on a diverse set of tasks with
increasing complexity, involving probability density estimation and image generation. To
illustrate the functioning of DoPaNet, we first set up two low-dimensional experiments
(Section 3.4.1) using Gaussian Mixture Models (GMMs) as the target probability den-
sity function: 1D GMM and 2D GMM. For the 1D Gaussian Mixture case, we compare
DoPaNet’s robustness against other approaches by reproducing the experiment setting
detailed in [68] and we outperform all competing methods both qualitatively and quan-
titatively. We also show DoPaNet’s performance using multiple discriminators and show
how the training dynamics change according to the number of discriminators. We observe
that increasing the number of discriminators improves the performance of the network un-
til the point where the number of discriminators exceeds the number of underlying modes.
Using the 2D circular GMM, we show that classifier @) is able to learn good partitioning
of the distribution and therefore each discriminator acts on samples from a different mode
unlike GMAN [54]. We show that DoPaNet is able to utilize the capacity of multiple
discriminators and we can control the mode the generator samples from using the code c.

Even in this case, DoPaNet performs better in capturing all the modes.

We finally demonstrate qualitative results on commonly investigated datasets: Stacked-
MNIST, CIFAR-10 and CelebA in Section 3.4.2. DoPaNet is able to generate good quality
diverse samples. In case of CIFAR-10, we also show that we can generate samples from
every class given the class label y. The information about the network architectures and

the implementation details are provided in Appendix 3.10.
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3.4.1 Synthetic low dimensional distributions

In DoPaNet, the role of the classifier ) is to partition both the real and generated data-
points into different clusters or modes, and each discriminator is consequently only trained
on a separate cluster. In order to fully understand how this helps the training, we exper-
imented with two toy datasets obtained using mixture of Gaussian variants: a 1D GMM
with 5 modes, as used in [68], and a 2D circular GMM with 3 and 8 modes on the unit

circle.

2 Discriminators 3 Discriminators 4 Discriminators 5 Discriminators 6 Discriminators 7 Discriminators

]
‘‘‘‘‘ <

=
o (5

* ik

ours

Figure 3.4: To study the behaviour of multi-discriminator settings with different number
(N) of discriminators, we trained GMAN [54] and DoPaNet on a 1D data set with 5 modes.
Both GMAN’s (top) and DoPaNet’s (bottom) results improved by adding discriminators
while N is less or equal the number of modes. To justify this, we point at the case where
N = 5: the models perform best since each class has to capture only a single mode. In the
case of N = 6 and N = 7 DoPaNet decreased in performance only due to oversampling
(marked with % and *x) of some classes.

Experiment setup and Evaluation details

First, we reproduced the 1D setting in [68] with 5 modes at [10, 20, 60, 80,110] and stan-
dard deviations [3, 3,2, 2, 1] respectively and we compare to the numbers reported in that
paper in Table 3.1. We sampled 65,536 data points each from the real distribution and
the generator distribution. For each of these two distributions, we created a histogram
using bin size of 0.1 with bins lying in the range of —10 to 130. We then obtained Chi-
square distance as well as KL divergence between the generator distribution and the true
data distribution using these two histograms. To compare against GMAN using different

number of discriminators, we used 1,000,000 samples (instead of 65,536 above) and show
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GAN Variants Chi-square(x10°) KL-Div

DCGAN* 0.90 0.322
WGAN* 1.32 0.614
BEGAN* 1.06 0.944
GoGAN* 2.52 0.652
Unrolled GAN* 3.98 1.321
Mode-Reg DCGAN* 1.02 0.927
InfoGAN* 0.83 0.210
MA-GAN* 1.39 0.526
MAD-GAN* 0.24 0.145
GMAN 1.44 0.69
DoPalNet 0.03 0.02

Table 3.1: 1D Gaussian Mixture Model experiment using best results from 3 runs for GAN
variants that aims to solve mode collapse. Results for the GAN variants marked as * were
reproduced from [68].

the results in Table 3.2 and Figure 3.4.

We then introduce a 2D experiment setting with 2D Gaussian Mixture Model (GMM).
It has multiple modes having covariance matrix of 0.017, where I is an identity matrix,
and equally separated means lying on a unit circle (please refer to Figure 3.5 for the 3
mode case). For Table 3.3 we consider 8 modes and construct histograms using 1,000, 000
samples and bin size of 0.0028 x 0.0028 with bins lying in the range of [—1.4,1.4] x

[~1.4,1.4].

For these experiments, we use uniform distribution U(—1,1) of dimension 64 for p, and
uniform categorical distribution for p. to get the generations in both 1D and 2D experi-

ments.

Observations

Comparing against other GAN variants In Table 3.1, we show that DoPaNet out-
performs other GAN architectures on the 1D task by a large margin in terms of Chi-square
distance and KL-Divergence. We believe that the success is due to the classifier Q)’s capa-
bility to learn to partition the underlying distribution easily. We also show in Table 3.3,

that in the 2D task DoPaNet achieves better performance than GMAN [54] in terms of
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both KL-Divergence an Chi-square.

w .
£ 3
|

Figure 3.5: A circular 2D GMM with 3 modes on the unit circle with standard deviations
of 0.01. We train GMAN and DoPaNet with N = 3 setting. In the first column we
show the generated distribution for each method in colours (orange for GMAN;, a single
color since GMAN uses no conditioning on their samples, and red, green and blue in
DoPaNet’s case for samples generated using ¢, co and cg respectively). In columns 2, 3
and 4 we plotted the gradient field for each of the equally separated data-points present
in [-2.0,2.0] x [—2.0,2.0]. Different colors show the gradient by different discriminators.
For GMAN, each column shows the gradient field by the respective discriminator for
each of the data-points. For DoPaNet, each of the data-points is first classified by @
and the respective discriminator is used to get the gradient field, which is shown in the
corresponding column of 2-3. We see how classifier () indirectly pushes different modes
generated by G apart, more importantly the gradient field has the highest magnitude in
the direction which separates the modes, while this phenomenon is not happening in the
case of GMAN.

N Chi-square(x107) KL-Div

GMAN  DoPaNet GMAN  DoPaNet
2  5.00£6.80 1.894+0.92 1.74£0.63 0.81+0.27
3 296+2.88 1.10+2.43 1.50+0.57 0.55+0.36
4  3.41+£2.73 0.74+0.98 1.48+0.42 0.50+0.41
5 4.624+3.92 0.27+0.54 1.55+0.30 0.25+0.26
6 3.944+3.22 0.41+0.50 1.56+0.22 0.35+0.20
7  2.84£1.51 0.424+0.43 1.45+0.38 0.36+0.21
8 2.80£1.55 0.93+1.14 1.36£0.43 0.56+0.31

Table 3.2: 1D Gaussian Mixture Model experiment using best results from 20 runs with

different number of discriminators (V) as illustrated in Figure 3.4.

Benchmarking the number of discriminators

with regards to the number of discriminators used by both GMAN [54] and DoPaNet.

We study the change in performance
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GAN Variants Chi-square(x10°) KL-Div

Standard GAN 3.883 2.860
GMAN 1.253 0.636
DoPaNet 0.449 0.246

Table 3.3: 2D Gaussian Mixture Model experiment with M = N = 8 (where N is the
number of discriminators, M is the number of Gaussians used in the mixture model). For
each experiment, we use a fixed set of 1,000,000 samples and do 5 runs for each algorithm
and report the results using the best run. We took effort to make sure that the comparison
was fair, and used the same set of parameters as in the 1D experiments.

The clustering mechanism with varying number of discriminators is illustrated on the 1D
task in Figure 3.4. We see in this experiment that classes of the generated samples are
first attracted towards larger clusters of the real data. By adding more discriminators,
the quality of the reconstructed modes is refined. The refinement process starts first with
the easiest separation, between the 2" and the 3"¢ peaks, after that the 4" and 5%
modes are distinguished by the classifier @), and so on. We quantitatively see in Table 3.2
that increasing the number of discriminators improves the performance of both GMAN
and DoPaNet up to a certain point where N (number of discriminators) matches the
number of modes in the data. After this optimal point, increasing N yields a decreasing
performance, because already captured modes are oversampled. In Figure 3.4 we have
marked examples of oversampling in the last two columns with % symbols. It is interesting
to note that when the same experiment was carried out in MADGAN [68], which uses
multiple generators, their performance peaked at Ngenerators = 4 unlike GMAN and ours,
both of which logically peaked at Npjseriminator = D considering that there are 5 visible
modes. This shows a difficulty in tuning the hyper-parameter Ngenerators in [68] for

different applications.

2D experiments In 2D experiments, for both GMAN [54] and DoPaNet we experiment
with N = M = 8 (where N is the number of discriminators, M is the number of modes) for
both quantitative (listed in Table 3.3) and qualitative results (see Appendix 3.8), and the

N = M = 3 setting for qualitative results (illustrated in Figure 3.5). In all of the runs,
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DoPaNet was able to capture, and classify all modes of the true distribution correctly,

while GMAN [54] failed on both the N = M = 3 as well as the N = M = 8 setting.

In Figure 3.5 we show a circular 2D GMM with 3 modes on the unit circle which is
used to train GMAN and DoPaNets. In the case of DoPaNet, it can also be observed
(see column 1) that the generator generates from a different mode for a different ¢;. We
can also visually see that the classifier @) is indirectly able to control the conditioned
samples G(z,c¢) by routing them to the corresponding discriminators (see columns 2-3).
It also illustrates that we are indeed able to utilize the capabilities of multiple D;’s as
intended: different discriminators begin to specialize on different modes and therefore
provide different gradients for the respective mode as well. Although being trained with
the generated code vectors only, DoPaNet’s classifier () achieves fine partitioning of the
original distribution. We suggest that our approach succeeds because each discriminator
is fed different samples from the beginning. (@) is initialized to assign each real sample to
every discriminator with equal probability, but given that the generator samples different
points for every code vector ) quickly learns the different modes that the samples from
G; are attracted towards (where G; refers to the conditional distribution modeled by
G(z,¢;)). Given that the updated @ is already providing different subsets of the input
space to the different discriminators, the discriminators will provide different gradients for
each corresponding code vector. Therefore G learns to separate the modes of the learnt
distributions conditioned on ¢ from each other. We argue that GMAN is not able to utilize
multiple discriminators in this experiment setup and that most of the learning is done by

just a few discriminators rather than their effective ensemble (see Appendix 3.8).

3.4.2 Image generation

After investigating the DoPaNet performance on low dimensional tasks, now we validate

DoPaNet on real image generation tasks.
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GAN Variants KL Div
DCGAN* [173] 2.15
WGAN* [9] 1.02
BEGAN* [17] 1.89
GoGAN* [113] 2.89
Unrolled GAN* [156] 1.29
Mode-Reg DCGAN* [28] 1.79
InfoGAN* [36] 2.75
MA-GAN* [68] 3.4
MAD-GAN* [68] 0.91
GMAN [54] 2.17
DoPalNet (ours) 0.13

Table 3.4: Stacked-MNIST: we compare our method against several GAN variants.
Through this experiment using a real dataset, we can show that DoPaNet is closer to the
real distribution. Results for the GAN variants marked as % were reproduced from [68].

Stacked-MNIST

We first investigate how well DoPaNet can reconstruct the real distribution of the data
using the Stacked-MNIST dataset [194]. This dataset contains three channel color images,
containing a randomly selected sample from the MNIST dataset in each channel. This
results in ten possible modes on each channel so the number of all the possible modes
in the dataset is 103. It was shown in [68] that various architectures recovered only a
small portion of these modes. A qualitative image depicting the recovered modes using
the traditional DCGAN [173] architecture and DoPaNet can be seen in Figure 3.6. We
have also measured the Kullback-Leibler divergence between the real distribution and
the generated distributions. We compare DoPaNet against the other GAN variants in

Table 3.4.

Qualitative results on CIFAR-10 and celebA

To show the image generation capabilities of DoPaNet, we trained the multi discriminator
setting on a lower and a higher complexity image generation task, CIFAR-10 and CelebA

respectively. We compare our results qualitatively to the ones reported by GMAN [54] on
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Figure 3.6: Sample images from stacked MNIST. The samples on the left (a) were gener-
ated using the traditional architecture of DCGAN while the samples on the right (b) were
generated using DoPaNet with 10 discriminators (N = 10). Visually, (a) appears to be
more clear as only one color (green) is dominating over digits of the other two colors while
in (b) more digits are covered per sample which refers to higher diversity in the modeled
distribution, thus better mode coverage.

both tasks in Figure 3.9.
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Figure 3.7: 32 x 32 CIFAR-10 samples drawn from DoPaNet trained with N = 5 discrim-
inators for 700k iterations. The generations in each subfigure correspond to y = 1,2 and
3 respectively. We call the attention to the various different details learnt for each class
which can cause mode collapse in other GAN variants.

CIFAR-10 While learning the distribution of 32 x 32 colored images may sound easy, the
main challenge is to learn geometric structures from low resolution and reproduce them
in various colors, backgrounds, angles etc. Following [154], the generator takes ground
truth label y as input as well along with the code ¢, and the discriminator outputs a 10
dimensional output of which only the y*" index is used for training D, as well as G, while

Q is trained just using the code c¢. Thus, the code ¢ helps it learn class invariant features.
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We illustrate in Figure 3.7 that DoPalNet is capable of capturing these features such as
different object orientations and colors depicted in various weather conditions. It is also
able to recognize minute details like wheels, horse hair, ship textures, etc. We present

more generations corresponding to each of the classes in Appendix 3.9.

CelebA We also show DoPaNet performance on large scale images such as 128 x 128
by training a residual network for 100k iterations on the celebA dataset. This dataset
contains various modes like lighting, pose, gender, hair style, clothing, facial expressions
which are challenging to capture for generative models. In Figure 3.8 we demonstrate that

DoPaNet is capable of recovering the aforementioned visual features.

3.5 Discussion

We conclude that it is not necessary for a generator to have equal capacity adversary to
converge, meaning that the standard GAN training procedure could be enhanced with
multiple (and even weaker) discriminators specialized only in attracting the model distri-

bution of the generator to their corresponding modes.

DoPaNet is proven experimentally to utilize the capability of multiple discriminators by
partitioning the target distributions into several identifiable modes and making each dis-
criminator work on a separate mode. Thus, it reduces the complexity of the modes to be
learnt by each discriminator. We show qualitatively and quantitatively that DoPaNet is
able to better cover the real distribution. We observe that the generator is also able to
sample from different identifiable modes of the data distribution given the corresponding

code vectors.
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Figure 3.8: Random samples from DoPaNet trained at scale of 128 x 128 images on
unaligned CelebA set for 100k iterations. As it can be seen, different faces appear in
diverse poses with different background, and rarely occurring accessories such as orange
sunglasses are learned by the model.
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Figure 3.9: Random samples presented in [54] for image generation tasks such as CIFAR-10
and CelebA. Best results were achieved with GMAN-0 variant with N = 5 discriminators.
For CelebA they cropped the images to exclude background.
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3.6 Supplementary Material

Here we first give the theoretical formulation of our work DoPaNet to show that the modes
captured should be different for each categorical code ¢; and that the standard GAN can
be considered as its lower bound on mode collapse. We then give some more experimental
insights from the 2D task. We also give some more generations using CIFAR. Later we

provide implementation details of the network architectures we used.

3.7 Theoretical formulation

Here we present the theoretical formulation for our proposed method DoPaNet.

Lemma 3.7.1. For optimal Q and fixred G, the optimal D;, Vi € [1,..., N] is

() — pSipil($)
Dj(x) psp(@) + 2o (@) (3.6)

where S; = {z € Supp(pq)|Q(x) = ¢}, ps, = fzeSi pa(z)dzx, p is a probability distribution

such that piy(x) = pzsc) and Supp(ply) = S, and pz(a:) = p,(2) such that G(z,¢;) = x.

Proof. Let us consider a case where we have N = 2 discriminators. The theoretical
formulation for this case can be trivially extended to more number of discriminators. The

objective being optimized by the generator and the discriminators is (Obj. 3.3):

i M({{Dy,Dy},G) := log D,
min max ({D1, D2}, G) x%(d)[og ()]

Z~Pz,C~Pe

+ E [log(l—D&(G(zaC)))]]
7~Q(G(2,0))

When the classifier () has converged to its optimal form, the above Equation 3.7 can be
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rewritten as:

min !nll)aix LEM [log Dy (z)]
z€S1

+peler) E [log(1—Di(G ()|

ZDz

+max | E flog Dy (x)
r€S2

2Pz

+pe(cz) E [log(1— Do (G(Z=C2)))]}]

where x € S; if Q(z) = ¢;. pc is the categorical distribution and in our case equal proba-
bility is assigned to both the values ¢; and cy. Here ¢; is that code vector which leads the
classifier @ to pass G (z,¢;) to D; for i € [1,2]. Please note that we can therefore consider
G (.,c1) as G1(.) and G (., c2) as Ga(.), where G and G9 have shared weights except the
bias weights in the initial layer. Bias weights in the initial layer are independently trained

for G and Gs.

The Objective 3.8 can be rewritten as:

min | ma E |log D1 (z
Gl,@[ o [ps1 xwp;[ g Dy (2)]

+ ;ziEpz llog (1 — D1 (G4 (Z)))}]

(3.9)
+ r%a;( {psz E [log Ds ()]

.’Edi

1B fog(1- Dy (Ga(2) ]]

2 z~p.

where ps, = [, s, Pa(z)dz. pl; is a probability distribution such that pi(z) = 2 ZS) and

Supp(p}) = S; where S; = {z € Supp(ps)|Q(z) = ¢;} is the set of samples in the 't

mode of the real distribution. So, sampling from pfj is same as sampling from the i*" mode
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of the real distribution pg. Therefore, Supp(pa) = Supp(p}) U Supp(p?) and Supp(pl) N

Supp(pz) =0.

For a fixed generator GG, G1 and G4 are also fixed. For a given GG1 and G, the discriminator

D; tries to maximize the quantity (using Objective 3.9):
ps, / py(x)log D;(x)dz
1
+§ /pz(z) log(1 — D;(Gi(2)))dz (3.10)

— [ psipita) log Di(e) + 57}z log(1 — D;(a))do

where pg(:c) = p(z) such that G;(z) = x for ¢ = 1,2. Therefore, for a fixed generator we

get the optimal discriminator D; as:

*(.%') _ PSipfi(CU)

 pspi@) + Lpi () (3.11)

In case of N discriminators, the optimal discriminator D; can be similarly obtained as:

() — PSipéz(CU)
Ditz) ps,Diy(x) + i () 312

Theorem 3.7.2. In case of N discriminators, the global minimum of U(QG) is achieved
if and only if pl(x) = pi(x), Vi € [1,...,N]. When ps, = 1/N, the global minimum value

of U(G) is —log(4).

Proof. Given the optimal discriminators D and D3, we can reformulate the Objective 3.9

as:
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min E [log D7 (x
GG pSlprd[ g 1( )]

+1 E [log(1- D} (G ()

2 2Pz

(3.13)
+ps, E_[log D (z)]

41 R [log (1= D3 (Gs ()

2 2Pz

As noted earlier, bias weights in the initial layer of G; and G4 are independently trained
with all the other weights shared. As it empirically turns out, the shared weights help
learn the similar features, which are essential in low-level image formation and should
be similar even if G; and G5 were trained independently. So, we can rather relax the
restriction and consider G; and G5 to be independent of each other. So, the objective 3.13

can be rewritten as:

min W(G1) + min W(G3) (3.14)
Gl G2

where,

W(Gi) := |ps, E [logDj (x)]
z~pY

(3.15)
_|_% E [log(1— Dj (G;(2)))]

2Pz

This is same as optimizing different G;-D; pairs on dataset distributions pil decided by the
classifier @ based on the target real distribution pg. Figure 3.3(b) and 3.3(c) empirically
show that the assumption of disjoint support of the distributions p}l and p?l is valid. The

Equation 3.15 can be rewritten as:
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W(G;) == |ps; E [log D; ()]

z~py

L g fog(1- <x>>]]

(3.16)

ps;, E |log

T~py

1 o %p’g(m)
Jr2 ng [l & (psipil(x) + ]{fpg(x)>] ]

pSz‘pfi(x)
pSile(x) + %pg ($)

We can further reformulate Equation 3.16 as:

Pa, P
;T i
€ 2psi

+cb ( — log(c}) (3.17)

o L
et 200 bt
2C3 PS;CaCs

2ps; Czé
where K L is the Kullback-Leibler divergence, ¢, ¢} and ¢} are constants such that 2pg,cl =

W(G;) = ps, [ —log(cy) + KL (piz

1 (= cy=1/2pg,) for pg/2p5ic§ (the first distribution of second KL term) to be a
probability distribution. The Kullback-Leibler divergence between two distributions is
always non-negative and, zero iff the two distributions are equal. In above equation,
the two K L terms are zero simultaneously when (¢ — 1)(ch — 1) = 1 and the generator

distribution is

Pl =2(ci — 1)ps,p}

where 2(ci — 1)ps, = 1 ( = ¢ = 1+ 1/2pg,) for pé to be a probability distribution.

Therefore, the global minimum of Eq. 3.17 is achieved iff pé = pfj. The constants in
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Eq. 3.17 are chosen such that:

. . 1 .
=14+ -—, cH=—, c5 =14 2pg, (3.18)

Please note that when pg, = 1/2, the Eq. 3.17 can be reformulated as:

W(Gi) := —1log(2) + JSD (pdata [lpg) (3.19)

and the global minimum of U(G) obtained is —log(4). This global minimum value is the

same in general case for N discriminators when pg, = 1/N. O

Corollary 3.7.2.1. At global minimum of U(G), the generative model G replicates the

real distribution pgq, categorized into different modes.

Proof. As noted in the proof of Lemma 3.1, sampling from p’, is same as sampling from
the i*h mode of the real distribution pg. At global minimum of U(G), we have pz =7}
so Gi(.) = G(.,¢;) is able to sample from the i*" mode of the real distribution. As the
real distribution is categorized into N modes in total and each of {G(.,¢;)}; can samples
from the corresponding modes, so GG can replicate the real distribution pg, categorized into

different modes. O

3.8 2D GMM

As discussed in the section 3.4.1, here we show qualitative results with N = M = 8 (where
N is the number of discriminators, M is the number of modes) whose corresponding quan-
titative results are mentioned in the Table 3.3. We illustrate our findings in Figure 3.10

and Figure 3.11.

We argue that GMAN is not able to utilize multiple discriminators in this experiment
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setup and that most of the learning is done by just a few discriminators rather than their

effective ensemble (see Appendix 3.8).

In (4.1.2), under Error Analysis paragraph we claimed that GMAN fails to utilize multiple
discriminators to their full potential. In Figure 3.5 we already have visual proof: the
gradient field of the first two discriminators (top row, red and blue) are almost identical
to each other, while the gradient of the third network (top row, green) is pointing towards
a completely different mode (lower left) in its non-adjacent area, while around this distant

mode the magnitude of the gradient is relatively small.

‘Samples from the Target(blue) distribution, and the distribution ‘Samples from G with different colour for each Code.
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Figure 3.10: (a) GMAN: scatter plot of the data distribution (blue) and model distribution
(orange). Although it is covering all the modes, there are a lot of false positives lying
between the actual modes. (b) DoPaNet: scatter plot of the model distribution with
different colors assigned for samples generated using different code. We sample ¢ from
uniform categorical distribution. Notice that the modes are clearly separated from each
other as compared to GMAN.

3.9 CIFAR-10

As discussed in the Section 3.4.2, here we present some more results obtained for each of

the 10 classes of CIFAR-10 in Figure 3.12 and Figure 3.13.
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Figure 3.11: Heat map of discriminator scores € [0,1] (0 signifies fake while 1 means
real) when evaluated for every data-point pair lying in [—1.5,1.5]* (corresponding to Fig-
ure 3.10). (a) GMAN: it is clear that discriminator #04 already covers the majority of the
modes while the other discriminators give high scores for obviously fake samples (#03 and
#05). (b) DoPaNet: here we multiplied the discriminator scores with the probability of
each point being assigned to that discriminator (obtained from classifier @)). Although the
capacity of each discriminator in DoPaNet is identical to the discriminators in the GMAN
experiment, the DoPaNet framework reduces the complexity of each discriminator’s task
by making it work only on a different identifiable mode.
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3.10 Implementation details

Here we present the way we structured our experiments and the details about the network

architecture we used in the experiments.
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3.10.1 Synthetic low dimensional distributions

First, we reproduced the 1D setting in [68] with 5 modes at [10, 20, 60, 80, 110] and stan-
dard deviations [3, 3, 2,2, 1] respectively and we compare to the numbers reported in that
paper in Table 3.1. Second, we compared DoPaNet directly to GMAN [54] qualitatively
in Figure 3.5 and quantitatively in Table 3.3 using a circular 2D GMM distribution with 3
and 8 modes respecitvely, around the unit circle. To illustrate the advantage of DoPaNet
over GMAN [54] we plotted the gradient field to visualize the benefit of using multiple
discriminators. The gradient field of this setup can be seen in Figure 3.5. To get quantita-
tive results, we estimated the probability density distribution using a histogram with 1400
bins over the real and generated samples and computed the Chi-square and KL-divergence

between the two histograms.

Comparing against other GAN variants When comparing against other GAN vari-
ants, we run the 1D experiments using a fixed set of 200,000 samples from the real distri-

bution and generate 65,536 elements from each model.

Since DoPaNet is directly designed to separate different modes, we outperform all the

other methods as shown in Table 3.1.

In our case, we sample the code vectors for the generator from a categorical distribution
with uniform probability. For the best results, we use 5 discriminators in both GMAN
[54] and DoPaNet. For both, we train 3 instances and select the best score from each of

them.

Benchmarking the number of discriminators In 1D for better non-parametric prob-
ability density estimation, we increased the number of generated samples from 65,536 to
1,000,000 samples as done in [68]. For more reliable results on the implied mechanism of
both approaches, we run the training 20 times for each algorithm with number of discrim-

inators N = 2,...,8, totaling 320 training. As in the previous experiment, we chose the
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best results from each run.

2D experiments In 2D, for both variants we experiment with M = N = 8 (where N
is the number of discriminators, M is the number of Gaussians we used in the mixture)
for quantitative results, listed in Table 3.3 and M = N = 3 setting for qualitative results,
illustrated in Figure 3.5. For each experiment we use a fixed set of 1,000,000 samples and
take 5 run per each algorithm, then report the best run. We took effort to make sure that
the comparison was fair, and used the same set of parameters as it was done in the 1D

experiments.

3.10.2 Image generation

For both the generator and discriminator we use ResNet-architectures [90], with 18 layers
each in the CIFAR-10 experiments, and 26 layers each in the CelebA experiments. As was
done in [153] we multiply the output of the ResNet blocks with 0.1, use 256-dimensional
unit Gaussian distribution. For categorical conditional image generation we use an embed-
ding network that projects category indices to 256 dimensional label vector, normalized to
the unit sphere. In the case of conditional image generation the classifier () is trained on
code vectors, so it is constrained to learn the original class labels. We embed the code vec-
tor similar to the ground truth labels in this setting for CIFAR-10. We use Leaky-RELU

nonlinearities everywhere, without BatchNorm.

Following the considerations in [153] for optimizing parameters of @}, D, G we use the
RMSProp with a = 0.99, € = 10~%, and initial learning rate of 1072. We use a batch
size of 64, and train the algorithm for 700,000 and 400,000 iterations for CIFAR-10 and
CelebA tasks respectively. Similar to work that provided state of the art results on image
generation tasks [114, 153] for visualizing the generator’s progress we use an exponential

moving average of the parameters of G with decay 0.999.
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(d) Airplane (e) Cat (f) Deer

Figure 3.12: 32 x 32 CIFAR-10 samples drawn from DoPaNet trained with N = 5 discrim-
inators for 700k iterations. The generations in each subfigure correspond toy = 1,...,6
respectively. We call the attention to the various different details learnt for each class
which can cause mode collapse in other GAN variants.
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Figure 3.13: 32 x 32 CIFAR-10 samples drawn from DoPaNet trained with N = 5 discrim-
inators for 700k iterations. The generations in each subfigure correspond to y = 7,8,9
and 10 respectively. We call the attention to the various different details learnt for each
class which can cause mode collapse in other GAN variants.
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3.11 Conclusion

In this chapter we showed the importance underlying structure of the training data in
absence of supervision. We proposed a new multi-agent training algorithm that iteratively
clustered the training data and assigned each subset of images to its corresponding model-
pair. By doing so, we could stabilize the adversarial training procedure and minimize
the likelihood of the optimization process recovering a trivial solution, i.e. avoiding the
mode-collapse of GANs. In the next chapter, we explore how descriptive vision tasks such
as object detection, semantic and instance segmentation can benefit from the optimal

partitioning of the underlying training datasets.
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Unsupervised Domain Adaptation

for Cross-Domain Object Detection

Chapter Teaser

How does it impact the model performance if the samples for evaluation are drawn from a
different distribution than the training samples? How can we adapt the model when large
quantities of unlabeled samples are available from the test distribution? What differences
between distributions can these adaptation methods address? Is there a way to combine
multiple adaptation technique in the same training procedure? Does the resulting adapted

model have the same computational complexity as the original model?

4.1 Introduction

In the last decade, deep learning has transformed the field of computer vision, becoming
the standard approach in the majority of tasks such as classification [228], segmenta-
tion [240] and detection [202]. In particular, the features learned by deep networks allow
for accurate prediction on object detection tasks in a variety of fields such as medical

imaging, astronomy, autonomous driving, etc. However, this success comes at a cost of re-

85
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lying on substantial amount of labeled data which may not be available for many practical

problems.

Another issue inhibiting the real-world applicability of deep learning based detection al-
gorithms, is their sensitivity to domain shift: when the target distribution, from which
the test images are sampled, is different than the training source distribution. Even the
most efficient models suffer severely from this problem [39, 182, 19, 115]. For example,
when the weather conditions during test time are different than training time, modern
object detectors become unreliable [183, 39]. The naive solution is to collect new training
data from the target distribution, and train a new model from scratch. In practice, the
high cost of producing object detection labels in particular [167, 195] renders standard

supervised detectors infeasible for general use.

To circumvent the limitations posed by insufficient annotation, Unsupervised Domain
Adaptation (UDA) techniques combine the labeled source data with unlabeled samples
from the target data distribution. Following Chen et al. [39], growing number of works [98,
252, 19, 182, 115] utilize UDA and show encouraging results, some even reaching the

accuracy of oracle models fully trained with labeled target data (see Table 4.1).

In UDA the domain-specific information can be removed at three levels. 1) Pizel-level
alignment [251, 102], where the low-level variations such as, color shifts, textures, light
conditions etc. are removed between the source and target domains. 2) Domain-invariant
representation learning [39, 91, 252], where the model is trained such that it remains
invariant to domain-specific information. 3) Pseudo-labeling [19, 115], where a teacher-
student network is used to generate additional training data. Existing works [98, 116,
182, 105] either improve one of these levels or combine two of them into a joint model.
To the best of our knowledge, none of the existing works jointly study all the three levels
for object detection. In this work, we study how each of these three levels progressively

remove the domain shift between the source and target domains, and propose a joint
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Figure 4.1: Multilevel Knowledge Transfer utilizing all three levels of domain adaptation:
1) pixel-level adaptation 2) adversarial feature alignment and 3) pseudo-labeling. First,
the pre-trained image-to-image translation model G converts the labeled source image
2® into a synthetic image z9 that imitates the visual appearance of the images from the
target distribution. Under the assumption that the size and location of the objects are
left intact by the translation, we reuse (dashed line) the source labels y9 = y* for the
translated image (see Figure 4.2). Second, a teacher network is trained with adversarial
feature alignment where the feature extractor ®ieacher learns a canonical representation
for the synthetic and the target image. This is achieved by jointly optimizing the original
detection loss L4 and adversarially maximizing the cost function of a shallow binary
classifier that discriminates features w.r.t their domain. The latter objective ensures that
information about the corresponding domain of the input is eliminated from the learned
representation space, while the former is necessary to retain useful features required to
carry out the detection task by the predictor head ¥. Lastly, we use the pre- trained
teacher network to generate pseudo-labels y’ to the corresponding target image x!. The
student model is trained without feature level alignment, on the mixture of the labeled
synthetic images (X9, )9) and the pseudo-labeled target images (X, Vt).

model utilizing all three. Our method (see Figure 4.1) achieves high accuracy, reaching
up to 98% accuracy of the fully-supervised target model, on benchmarks for cross-domain

object detection.

Our contributions are as follows: i) We propose a systematic unification of image-to-image
translation, feature alignment and pseudo-labeling into a single training procedure. ii) Per-
form ablation study to better understand how various adaptation techniques complement
each other to improve the accuracy under various domain shift scenarios. iii) We evaluate
our method on classic unsupervised cross-domain detection settings [39] using the official
Faster R-CNN [179] implementation, Detectron2 [224] and achieve an absolute gain of up

to +8.71% in accuracy over the current state of the art techniques (see Table 4.1).
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4.2 Related work

4.2.1 Object detection

Recent state-of-the-art object detection methods can be categorized into two lines of work.
Two-stage detectors that classify and refine region proposals [74, 72, 179, 89] and single-
stage detectors [142, 176, 177, 47] that skip the region proposal stage and directly predict
bounding boxes and category scores. While the latter focuses on decreasing inference
time while maintaining accuracy, the former aims to achieve higher accuracy regardless
of the speed. An extensive comparison of the two categories can be found in [101]. For
fair comparison with recent methods our work considers Faster-RCNN [179] as baseline,
following [39, 105, 19, 98, 252, 182, 116, 115, 91]. [179] employs a classic ImageNet [49]
classifier architecture (e.g. VGG [190], ResNet [90], Inception [200]) as a backbone fea-
ture extractor. Using the backbone features a Region Proposal Network generates coarse
instance predictions that are refined and categorized in the second stage by Region of Inter-
est (ROI) heads. Furthermore, Faster-RCNN [179] can be easily extended for other tasks
as well, such as keypoint detection, instance segmentation, 3D pose estimation, etc. Our
choice of the baseline is also reinforced by the popularity of the reference implementation,
Detectron2 by Wu et al. [224] which provides a flexible framework and validated evalua-
tion tools, thus facilitates the integration of our method into future works on cross-domain
detection. Although our proposal is evaluated using two-stage detectors, the approach can

be easily implemented for single-shot detectors as well.

As pointed out by subsequent works [39, 105, 98, 252], classic detection benchmarks [57,
136, 65] only provide limited coverage of real-world challenges, yet top-notch detectors
face severe difficulties when the train and test data distribution differs. The field that

studies such domain-shift scenarios is often referred to as Domain Adaptation.
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4.2.2 Domain Adaptation

In the family of Transfer Learning methods, Domain Adaptation (also known as Trans-
ductive Transfer Learning) addresses the different-data, same-task problems, while e.g.
Inductive Transfer Learning focuses on same-data, different-task problems. A comprehen-
sive overview of DA techniques for visual applications can be found in [46], while [216]
lists deep neural net adaptation methods. Our study focuses on Unsupervised Domain
Adaptation (UDA) that considers three models: 1) a baseline model trained on supervised
source data without adaptation, 2) a model trained on supervised source data and adapted
to unsupervised target data, 3) an oracle trained on supervised target data. In each case,
the accuracy is measured on the target. The goal is to improve on the baseline accuracy

by finding a way to utilize unlabeled target input samples.

While the vast majority of adaptation techniques is mainly focusing on image classification
[166, 52, 53, 58, 62, 63, 66, 78, 82, 119, 127, 144, 145, 159, 196], recently semantic segmen-
tation [95, 244, 38, 40, 206, 245, 97] and object detection [102, 39, 105, 19, 98, 252, 182,
116, 115, 91] has gained more traction. Conventional adaptation methods include Multiple
Kernel Learning (MKL) [77], adaptive-MKL [53], domain transfer-MKL [52], geodesic flow
kernel [78], deformable part based models [230, 231], asymmetric metric learning [119, 232],
co-variance matrix lignment [216], alignment of second order statistics [196] and subspace
alignment [175, 58]. In the advent of deep learning, adaptation techniques were refocused
on achieving domain-invariant representation during training. In our work, we categorize
these techniques into three classes based on which point of the data-flow do they take

effect on, namely: image, feature and output level adaptation methods.

Image level.

Formerly known as reweighting algorithms [188, 100], image-level adaptation refers to

techniques that transform the labeled source samples to appear as target samples while



90CHAPTER 4. UNSUPERVISED DOMAIN ADAPTATION FOR CROSS-DOMAIN OBJECT DETECTION

retaining their semantic content such that the source labels will be still meaningful after
the transformation. Such transformation can be learned in an unsupervised fashion us-
ing models inspired by pix2pix [108] and Coupled-GAN [141], such as CycleGAN [251],
UNIT [140] and MUNIT [103]. Furthermore, there are image translation algorithms specif-

ically tailored for cross-domain adaptation, AugGAN [102] and SPLAT [208].

Feature level.

The goal of feature-level adaptation is to encourage the feature extractor to preserve
discriminative features and to discourage learning domain-specific representations. In [144,
145, 197, 22] the mean embedding of the source and target distributions are matched using
the Maximum Mean Discrepancy (MMD) metric. In another line of work [62, 63, 209]
employs adversarial training from [80] to approximate the H-divergence [39] by training a
domain classifier network on the learned representations and trains the feature extractor

to maximize the error of the classifier.

Output level.

Compared to the image level adaptation where one approximates the target image dis-
tribution, methods that approximate the target label distribution are considered output
level adaptation methods. In our work we consider a trivial solution for doing so, which
is the standard teacher-student setup [185] consisting of two stages: training a teacher
network on the source dataset and reuse it to generate pseudo-labels on the target im-
ages, then training a student model on the union of labeled and pseudo-labeled data.
Subsequent works following this setup are more commonly studied in the field of semi-
supervised learning [236, 121, 203, 105, 228| as well as in Knowledge Distillation [93] and
Pseudo-Labeling [124, 107, 187]. Sun et al. [198] suggests a major overlap between the
field of domain adaptation and self-supervised learning. Similarly to image and feature

level adaptation, [206, 207] approaches output level adaptation with adversarial training.
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Most of these studies restrict their experiments to image classification or semantic seg-
mentation, however, the findings of [115, 105] show encouraging results in cross-domain

object detection.

4.2.3 Cross-Domain Object Detection

Approaches prior to [39] include deformable part-based models [230, 231] and subspace
alignment methods [58, 175]. These solutions were limited to specific cases while more

general real-world challenges remained to be unsolved.

Chen et al. [39] suggested three realistic experimental settings in the context of autonomous
driving: synthetic-to-real transfer, changing weather conditions and different recording
devices. The source and target datasets are respectively [111, 44], [44, 183] and [65, 44].
Works after [39] follow these settings to measure the efficiency of their proposed adaptation

procedure.

DA-Faster-RCNN [39] adopts adversarial feature alignment [62] for two-stage object de-
tectors: a domain discriminator is trained on the final stage of the backbone and another
discriminator on the box predictor head while the feature extractors are trained to confuse

the domain classifiers.

Multi-Adversarial Faster-RCNN (MAF) [91] extends [39] to align multiple stages of the

backbone feature extractor.

Pseudo-Labeling for object detection is studied in [105], which also employs CycleGAN [251]

to perform image-level adaptation as a preprocessing step.

MTOR [19] adopts the Mean Teacher paradigm [203] for object detection by integrating

Object Relations into the consistency cost between student and teacher models.

Selective Cross-Domain Alignment (SCDA) [252] and Strong-Weak Distribution alignment

(SWDA) [182] argues that previous approaches were focusing on ensuring strict alignment
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on the global representation, despite it can be harmful to tasks heavily relying on spatial
information. SCDA [252] breaks down the problem of cross-domain object detection to
two sub-problems: “where to look” and "how to align”, while SWDA [182] implements
a different strategy for soft alignment of low-level local features and strict alignment of
high-level global features. To further improve results, [182] uses image-level adaptation in

addition to feature alignment in some of their experiments.

Inspired by [82], Progressive Domain Adaptation [98] suggests combining image and fea-
ture level adaptation in two stages: first adapting a model between source to the intermedi-
ate domain constructed by image translation, followed by adaptation between intermediate

and target domain.

Diversify and Match (DM) [116] proposes an alternative approach to integrate image and
feature level adaptation by training multiple translation models with different objective
functions to map the source domain into various distinctive intermediate domains and
trains the detector using Multi-domain-invariant Representation Learning (MRL), a gen-

eralization of [63].

Robust R-CNN [115] studies how can one deal effectively with noisy labels to better utilize
pseudo-labels generated by the teacher network. Their approach augments the teacher-
student setup with an external image classifier trained on the source data using hard labels
and on the pseudo-labeled target using soft labels. The classifier is then used to filter the
teacher’s predictions and provide soft-labels for training the student model on the target

data with the refined pseudo-labels.

The core limitation of approaches that perform only image [102], feature [39, 252, 91] or
output [19, 115] level adaptation is their narrow focus on improving existing solutions
in one particular direction, not considering the merits of other paradigms. On the other
hand, [98, 182, 116] successfully combine image-and-feature level or image-and-output level

adaptation techniques [105], indicating that adaptation methods of different levels com-
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Figure 4.2: Illustration of our method on the cross-camera domain adaptation scenario.
The labeled source data (Cityscpaes [44]) is transformed by a pre-trained G to make it
appear as if it was a sample from the target domain (KITTI [65]). We enforce G to
learn low level visual transformations, thus only textural differences are adopted, whereas
the geometric properties of the underlying objects remain intact, therefore the original
source labels can be reused. The translated source data is then used to provide supervised
training signal to the teacher model ficqcher, meanwhile the unlabeled target data is used
in the domain adversarial adaptation of ficqcher. Pseudo-labels are provided for the target
data by fieacher, Wwhich in turn is used in combination with the translated source data to
train the final model, fsydent- For full details of the process see Figure 4.1.

plement each other. From this point of view, one question arises naturally: why not utilize
all three levels of adaptation? In this paper, we propose a method to integrate a simple
technique from each level and demonstrate its efficiency, superior to more sophisticated

methods with a narrower focus.

4.3 Multilevel Knowledge Transfer

We now begin the exposition of our method. The goal in supervised object detection is to
learn a function fp = ¥ o ® : X* — V! parametrised by 6 (a neural network in our case),
mapping an input image to the bounding box coordinates and labels of all classes present
in the dataset of interest (defined as target data in this work). In many real-world setups
it is difficult to collect a labeled dataset for this task. Unsupervised Domain Adaptation

(UDA) attempts to use data from another domain, referred to as source domain (X'*, )%),
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where labeled data is readily available and combines it with unlabeled target data to
improve final performance on the target domain test set. One way to achieve this in
UDA is to gradually remove the domain shift between the source and the target domain,
so that both labeled (X*,)?) and unlabeled X! can be leveraged for the better overall

performance on the target domain.

Our proposed model, Multilevel Knowledge Transfer (see Figure 4.1) can be summarized
in three steps: 1) Translate the supervised source images into the target domain. 2)
Train a model on the translated images using the source labels with additional feature
alignment constraint between the translated source and the target domain. 3) Generate
pseudo-labels for the target images from the model obtained in the previous step to train
a new model on the combined dataset of translated source dataset and the pseudo-labeled

target dataset. Below we describe each step in detail.

4.3.1 Image-to-Image translation

In image level adaptation we remove low-level domain specific variations of the input space,
such as: color shifts, textures, light conditions, reflections etc. For this, we transform the
labeled source images X'® to a synthetic dataset A9 that approximates the distribution
of the target data X’ by removing the domain shift between the two distributions. We
do so by training an image-to-image translation model, Multimodal Unsupervised Image
Translation (MUNIT) [103], that requires unlabeled input images from both source and
target domains to learn the translation G : X* — X9. One notable advantage of MUNIT
is its ability to transform a single source image to multiple different synthetic images with
identical content but different appearances. Therefore, in addition to reducing the domain
shift between the two distributions, MUNIT captures diversity in the target domain. This
effectively increases the size of the training set by many folds. We assume that MUNIT
only modifies the appearance, not the geometry, of the original object. The bounding-box

class, size and location does not change, therefore, source labels can be reused without
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modification for the translated images: Y9 = Y*. Prior work [98, 182, 116] uses Cycle-
GAN [251] for the same purpose. However, CycleGAN does not guarantee multi-modality

resulting in reduced robustness of the model as show in Section 4.4.7.

4.3.2 Feature level adaptation

With image-to-image translation covering the dataset aspect of training, we now turn our
attention towards the model itself. To increase robustness, we aim to train the model
such that learned features ignore domain-specific information and only encode domain-
invariant discriminative information. For this, we train a model, referred to as the teacher,
that aligns the features between the target (X!) and the translated source images (X9)
(obtained in the previous step). We use adversarial training for this alignment. More
specifically, the teacher model f; consists of a feature extractor ®; and a predictor Wy,
making the predictions fi(z) = ¥; 0 ®;(z). Similarly, we define the student model f,(x) =
Us0d,(x). In addition to ¥y, we train a Domain Classifier (D) on top of ®; that outputs

1 when the input is in the target domain and 0 otherwise by minimizing the following loss:

1

Logw = Ezwp(xg) [IOgD((I)t(.%'))] +
(4.1)

Ez,\,p(xt) [log (1 — D(q)t(l')))] .
Note that maximizing L4, over the parameters of ® eliminates domain-specific informa-
tion in the learned feature space, as it maximizes the error of D. Using GRL [63], we

simultaneously minimize £ over the parameters of D and maximize it over the parameters

!Please note, that in our notation ¢ as a superscript means target (such as X*), whereas as a subscript
it refers to the teacher model (e.g. f)
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of ®. Finally, the overall training objective Licqcher iS given by:

ﬁteacher - Z ﬁdet(ft($)7 y) - Eadv (42>
(x9.9)

where L is the standard detection loss [179].

4.3.3 Teacher-student training

While the domain-invariant model trained in the previous step can be used on the target
test set, one can further refine the model by generating pseudo-labels J! for the target
images and then training a student model on the joint dataset (X9 U Xt Y9 U V). We
obtain pseudo-labels by applying the teacher model f;, explained in the previous step,
on unlabeled target images, and hard-thresholding the outputs at 0.5 objectness score.
Experimentally, we found hard-thresholding to be more effective than soft-labeling (see
Sec. 4.4.6 for details). Note, contrary to prior work, such as Noisy Labeling [115] that
uses filtering based on a separate network (43M additional parameters trained for 300k
iterations), our method is simple and efficient. In addition, in contrast to [105], we do not
iterate over multiple teacher-student trainings. Once the pseudo-labels from the teacher
network are available, the training over the joint dataset D = ({X9 U X'}, {V9 U V'})

proceed as per the following objective:

Estudent = Z £det(fs(x)7y) (4'3)

z,yeD

An important design choice is that we omit feature level adaptation for the student train-
ing. The reason behind excluding adversarial feature level adaptation is that we have
found empirically the supervised training on pseudo-labeled target images sufficient and

more stable w.r.t. convergence rate and target accuracy.
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4.4 Experiments
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Figure 4.3: Cityscapes—Foggy Cityscapes mAPs5y scores. The bars on the left are the
baseline scores reported in prior methods. Apart from illustrating the superiority of our
approach, we use this figure to illustrate the sensitivity of the mAPs5y metric w.r.t. the
underlying implementation.

4.4.1 Implementation Details

We adopt ResNet-50 [90] as our backbone network and follow [39] to set the hyperparame-
ters including training iterations, learning rate policy, batch size and number of proposals
in a batch. Our implementation is based on Faster-RCNN [179] in Detectron2 [224]. For
every experiment we resize the input images such that their shorter side has a length of
600 pixels. Unless stated otherwise, no data augmentation is used. Mini-batch of size
2, consisting of one source image with corresponding label and one target image without
label, is used for feature level adaptation [39], and mini-batch of size 1 consisting of a
single labeled source image is used when feature level adaptation is not used. The rest
of the hyper-parameters are adapted from [39]. The backbone network is initialized with
parameters pre-trained on ImageNet [49] and the detection model is trained for 50k it-
erations using SGD with momentum of 0.9, learning rate of 0.001 and weight decay of
0.0005. The learning rate is then reduced to 0.0001 and the network is further trained for

20k iterations.

The scores are reported on the validation set of the target domain, after training the model
for 70k iterations. We report the mean average precision (mAP) with a threshold of 0.5

using the generalized COCO evaluation tool in [224]. To better evaluate the efficiency
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of various adaptation techniques, we also propose a new metric that represents to what
extent the performance-gap (between source-supervised baseline and target-supervised or-

acle models) has been covered by the adapted model:

mAP (adapted) — mAP (baseline)
mAP (oracle) — mAP (baseline)

coverage =

4.4.2 Datasets

Cityscapes [44] is a dataset for autonomous driving experiments in urban settings where
images were captured with an on-board device. SIM 10K [111] has 10,000 synthetic im-
ages captured from the video game Grand Theft Auto V. Foggy Cityscapes [183] is an
artificial dataset to measure model performance in adverse weather conditions by adding
synthetic fog to the real images in Cityscapes [44], which contains three different sce-
narios with decreasing level of objects visibility. Finally, KITTI [65] provides a dataset
for autonomous driving in diverse real-world traffic scenarios ranging from rural areas to

inner-city environments. Please refer to the Sec. 4.4.5 for further details on the datasets.

We follow the cross-domain object detection setups introduced by Chen et al. [39]. Namely,
we evaluate our method in sim2real (SIM 10K [111] — Cityscapes [44]), changing
weather (Cityscapes [44] — Foggy Cityscapes [183]) and cross-camera adaptation (KITTI [65]

— Cityscapes [44]) settings.

4.4.3 Comparison with State-Of-The-Art
Transfer from Simulation to Real World (sim2real).

In this setting we evaluate how well can knowledge from synthetic data be utilized in a
real world setting. The importance of such experimental setting is relevant in scenarios
where annotating real data with humans is expensive compared to the cost of 1) generating

diverse labeled synthetic images from the simulator and 2) acquiring new input images
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Figure 4.4: AP5g evaluated on the validation split of the target dataset during the training
every 1000 iterations for a total 85k iterations. Baseline is a model trained on source only,
while the oracle is trained on target only.

Method stm2real adverse weather cross-camera
baseline [179] (ours) 34.91 - 33.48 - 25.11 -

DA-Faster-RCNN [39]  38.97 +8.85 27.60 +8.8 38.50 +8.30
Pseudo-Labeling [105] 39.05  4+7.97 3390 +2.0 40.23 +9.13

MTOR [19] 46.60 +7.20 3510 482 - -
PDA [98] - - 36.90 +10.0 43.90 +5.70
SCDA [252] 43.02  4+9.06 3380 +7.6 4250 +5.10
SWDA [182] 41.50  +6.90 3430 +14.0 - -
DM [116] - - 3460  +16.7 - -
Noisy Labeling [115] 42.56 +11.48 3645  +4.5 4298 +11.88
MAF [91] 41.10 +11.00 34.00 +15.2 41.00 +10.80
CFFA [249] 43.80 +8.80 38.60 417.8 - -
ours 50.22 +415.31 47.31 +13.8 44.25 +19.14
oracle (ours) 69.03 +34.12 4756 +14.1  69.03 +34.12

Table 4.1: Quantitative analysis of the adaptation efficiency measured in APsy and rel-
ative improvement w.r.t. the reported baseline. Underlined scores mark higher relative
improvements than the oracle (a model trained entirely on labeled target data), which is
due to diminishing returns.

from the target domain. For training we use the entire SIM 10K [111] dataset as the source
domain (X*,Y*), while we use the training split of Cityscapes [44] as the target domain

unlabeled images X*. We evaluate the final model performance on the validation split of

Cityscapes. Since only the car instances exists in SIM 10k, we report the car APjsg.

Results are shown in the sim2real column of Table 4.1, where we compare our performance
against previous methods. As the reported baseline performance (Faster-RCNN [179]
trained on source) in several existing works differ significantly, we report the total accu-
racy and the relative improvement with regards to the baseline accuracy reported in

each paper for fair comparison. Our method outperforms the previous state-of-the-art
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Experiment Method Baseline Adapted Oracle Coverage
sim2real MTOR ([19] 39.40 46.60 58.60 37.50%
stmarea ours 34.91 50.22  69.03 44.87% (+7.37%)
adverse CFFA [249]  20.80 38.60 43.30  79.11%
weather ours 33.48 47.31 4756  98.22% (+19.11%)

€T0ss- PDA [98] 38.20 43.90 55.80  32.39%
camera ours 25.11 44.25 69.03  43.58% (+11.19%)

Table 4.2: Supervised Accuracy Coverage comparison to state-of-the-art methods in vari-
ous domain adaptation scenarios

approach MTOR, [19] by +3.6%, and their reported relative improvement (7.2%) with
regards to their baseline is much smaller than ours (15.31%). From the perspective of
relative improvement our method is also superior to other adaptation techniques: [115]
reports a relative improvement of +11.48% while our method has +15.31% relative im-
provement. The high relative improvement manifests that our accuracy improvements
stems from the proposed multilevel knowledge translation approach instead of a stronger
baseline model. In Figure 4.4a we show that our technique covers more than 44% of the
performance gap, meanwhile the baseline begins to over-fit the source domain after 50k

iterations.

Adaptation to Adverse Weather (changing weather). In this setting, we measure
how changing weather scenarios impact the accuracy of a model trained on a dataset under
good weather conditions. We use labeled images from the training set of Cityscapes [44]
as source (X*,)*) , and adapt our model to unlabeled images from the training split of
Foggy Cityscapes [183] (X?). We evaluate AP5 for all 8 categories in Foggy Cityscapes
since it has compatible categories with Cityscapes. The model trained after 70k iterations

is utilized for evaluation.

In the adverse weather column of Table 4.1, we show that our method outperforms all prior
work in terms of mAP5y. In terms of mAPj5q, the previous state-of-the-art — CFFA [249]
— has achieved 36.9% mAP, while our results show a significant +8.71% improvement.
In terms of relative improvement w.r.t. reported baseline, we again outperform previous
works with +13.8% except MAF [91] and CFFA [249] that used a weaker baseline compared

to ours. We argue that improvement upon a strong baseline is more convincing. To
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provide further evidence for the difficulty of improving on stronger baselines we have
highlighted in the last row of Table 4.8 that even the oracle’s relative improvement could
not exceed MAF [91]. In Figure 4.3, we demonstrate that our baseline performance exceeds
DAF [39] and it is on-par with the accuracy of MAF [91] after adaptation. To illustrate
the effectiveness of our approach, we plot the validation accuracy in Figure 4.4b, which
shows the coverage of the performance gap between the baseline and the oracle is above

98%. A detailed class-specific comparison of AP scores can be found in Sec. 4.4.9.

Cross-camera adaptation (cross-camera). Finally, we show results under a setting
where both the source and the target dataset is real, however the input images were
captured in different lighting conditions in various environments with different cameras.
We use the entire KITTI [65] train set as the source domain (X%, )?), and the unlabeled
images of the train set of Cityscapes [44] as the target domain (X!). Following prior

studies we report car APs5g scores on the validation set of Cityscapes after 70k iterations.

Our results on cross-camera adaptation are summarized in the cross-camera column of
Table 4.1. We again outperform all compared approaches and achieve the highest relative
improvement +19.14%. In Figure 4.4c we show that Multilevel Knowledge Transfer
covers more than 43% of the performance gap, which manifests the effectiveness of the

approach in closing the performance gap caused by domain shifts.

4.4.4 Ablation studies and analysis

In the following, we will discuss the effectiveness of different componenents in our model
and how they collaborate to achieve the state-of-the-art performance. To determine which
domain adaptation component plays the most significant role in improving the target
domain accuracy in each experimental setting, we have trained different detection models
as below. First we trained the baseline model using the labeled source data only. Next, we

train models with different combinations of the studied three levels of domain adaptation
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(image, feature, output). The detailed results and comparisons are shown in Table 4.3.

IMG FEA OUT sim2real adverse weather cross-camera

34.91 34.16 25.11

v 36.78 37.79 25.58

v 43.55 43.83 42.00

v v 48.81 43.71 42.95

v 47.73 44.33 40.23
v v 50.00 46.09 41.81
v v 43.14 47.37 43.74
v v v 50.22 47.31 44.25
oracle 69.03 47.56 69.03

Table 4.3: Target accuracy (mAPs5g) reported after 70k training iterations under experi-
mental settings described in 4.4.3.

FID sim2real  adverse weather — cross-camera
source <> target 102.86 40.49 81.01
translated > target 61.88 36.94 75.06

Table 4.4: FID [92] between training image distributions.

It is important to notice that the contribution of each level of adaptation differs in different
experimental settings and exhibits inconsistent behaviours. We attribute these inconsis-
tencies to the different domain shifts imposed by different settings. In Table 4.4, we report
the Fréchet Inception Distances (FID) [92] between the input distributions in each experi-
mental setting. The first row lists the distances between the distribution of original source
and target images. In the second row, we list the distances between the distribution of

translated source images and the target images.

Single component analysis. Image level adpatation boosts the performance more than
feature level adaptation when the domain discrepancy between source and target is large
— sim2real (+12.82% vs. +8.64% ) and they yield similar performance improvement when
the domain dicrepancy is small — changing weather (+10.17% vs. +9.67%) and cross-
camera (+15.12% vs. +16.89%). In constrast, the output level domain adaptation alone

doesn’t benefit the performance a lot influenced by the quality of the teacher network.

Component combination analysis. We observe combining two components does not
always bring performance improvement in comparison to the single component baseline.

In the sim2real scenario, the performance drops to 43.14% (similar to feature-level only)
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when image-level and feature-level adaptation are adopted together. This is potentially
caused by imperfect translation results from image to image translation which is the most
difficult in sim2real scenario. Output-level adaptation consistently improves the perfor-
mance when combined with other level of domain adaptation approaches in all settings.
Overall, our proposed framework incorporating all three levels of adaptation achieves the

best performance.

4.4.5 Dataset statistics

Cityscapes

Cityscapes [44] is a dataset for autonomous driving experiments in urban settings where
images were captured with an on-board device. It contains a train and validation split
with 2,975 and 500 images, respectively. The training set contains 52088 instances, namely
person (17,910), rider (1,778), car (26,957), truck (484), bus (380), train (168), motorcycle
(737), bicycle (3,674). Since the dataset main purpose is to provide a benchmark for
semantic and instance segmentation we cannot directly use its labels nor the corresponding
evaluation tool-kit for measuring object-detection, therefore we generate tight bounding
boxes for instances following prior approaches and use the COCO [136] AP evaluation tool
implemented in Detectron2 [224]. Under settings where Cityscapes is used as source we
use the training split. Under settings where Cityscapes is target we use the training split,

but without labels. For evaluation we always use the validation set.

SIM 10K.

SIM 10K [111] has 10,000 synthetic images captured from the video game Grand Theft
Auto V. Bounding boxes of 58,701 instances are provided in PASCAL VOC [57] format of
car (57,776), person (4), motorbike (921) categories. Previous papers report using 58,701
car instances, however only 57,776 instances of the provided instances belong to the car

category. Also, according to the standard Faster-RCNN [179] settings, we do not use



104CHAPTER 4. UNSUPERVISED DOMAIN ADAPTATION FOR CROSS-DOMAIN OBJECT DETECTION

images without instances, which effectively reduces the size of the training set to 9975
images. During training we use the whole dataset and do not use an arbitrary validation

split for hyperparameter tuning.

Foggy Cityscapes.

Foggy Cityscapes [183] is an artificial dataset created to measure performance of models in
adverse weather conditions by adding synthetic fog to the real images in Cityscapes [44].
This makes compatible to compare category AP scores of models trained on Cityscapes.
The dataset contains three different scenarios with decreasing level of visibility of objects.
We use all three levels of visibility both for training and validation, effectively multiply-
ing the available number of images and annotations by 3. Under settings where Foggy
Cityscapes is target we use the training split without labels and for evaluation we use the

validation set.

KITTTI.

KITTI [65] provides a dataset for autonomous driving in diverse real-world traffic scenarios
ranging from rural areas to inner-city environments. The dataset contains 7481 images
with 51,865 instances in total of 9 categories, namely car (28,742), van (2,914), truck
(1,094), pedestrian (4,487), person sitting (222), cyclist (1,627), tram (511), miscallenous
(973), don’t care (11,295). For the sake of simplicity we discard don’t care regions from
both training evaluation. Both under settings where KITTI is used as source and target
we use the whole dataset and do not use an arbitrary split for acquiring a validation set

to tune hyperparameters.

4.4.6 Hard vs. Soft Labels

We compare the effect of treating teacher predictions as hard-labels versus soft-labels

(as introduced in [93]) and conclude that treating y? as hard-labels is favorable in terms
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Temperature student source mAP  student target mAP

0.5 42.66 40.14

1.0 45.01 43.19

1.1 45.21 42.82

2.0 48.49 45.02

5.0 48.93 45.99

10.0 49.00 45.99

20.0 50.51 47.20
hard-label 51.23 47.30

Table 4.5: Quantitative comparison of treating pseudo-labels VP as ground truth. For the

hard-label experiment v = 1, otherwise o« = %

of target accuracy. In our implementation only the classification head’s cross-entropy

objective function is modified as follows:

> apiloggi + (1 — a)p;log g,
i

where p; is the hard-label and p; is the soft-label with temperature parameter 1T', defined
by:
b= exp(zi/T)
; =
> exp(z/T)

We observe that in settings where a = 0, the training of the student model becomes unsta-
ble resulting in close to 0.0 mAP scores. Experimental results using sim2real adaptation
settings are shown in Table 4.5. We show that by increasing the temperature 7" along
fixed o parameter the effect of soft-labels becomes less dominant during in the training

and the accuracy converges to the hard-label o = 1 setting.

4.4.7 Importance of multi-modal image translation

image-to-image model  sim2real adverse weather cross-camera

CycleGAN 46.82 44.71 34.67
MUNIT 47.43 44.33 40.23

Table 4.6: Qualitative comparison of target accuracy achieved by different image transla-
tion models.

In Table 4.6, we provide experimental results on the importance of covering the multi-

modality present in the target dataset while performing image to image translation. Cy-
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teacher threshold number of pseudo-labels — student source mAP  student target mAP

0.0 296k 50.10 34.27
0.1 219k 50.20 36.81
0.2 160k 49.92 36.8
0.3 132k 50.28 37.64
0.4 115k 50.40 38.01

0.5 103k 50.43 37.98
0.6 93k 49.06 37.14
0.7 85k 49.62 36.34
0.8 77k 50.43 36.93
0.9 68k 49.58 35.18

Table 4.7: Qualitative comparison of different cut-off parameters for selecting pseudo-
labels.

cleGAN [251] allows only a deterministic translation, therefore it provides a one-to-one
mapping from source to target images. On the other hand, MUNIT [103] allows us to
sample different style vectors from a normal distribution to control the appearance of the
result of the image translation, providing a one-to-many mapping between source and
target images. We observe that in 2 out of 3 domain adaptation scenarios using multi-
modal image translation improves the target accuracy. In the adverse weather scenario
is an example of diminishing returns, since converting Clityscpes [44] to the synthetic
Foggy Clityscapes [183] target domain is less challenging than the other two settings (see

Table 4.4), therefore CycleGAN [251] performance is on par with MUNIT [103].

4.4.8 Pseudo-Label performance sensitivity to threshold hyper-parameter

Applying the teacher network to target images yields a set of predictions which we reuse as
pseudo-labels for training the student network. However, it is not trivial whether we should
treat every prediction as a correct label or not. In our experiments we used a predetermined
threshold applied on the per-instance objectness-scores (see Faster-RCNN [179] for details)
to select which predictions to keep. In Table 4.7, we show experimental results on the
sensitivity of the pseudo-labeling step with regards to the target accuracy measured on

the adverse weather adaptation scenario.

4.4.9 Class specific comparison for the Adverse Weather experiment

Since the target dataset, Foggy Cityscapes [183] is artificially generated from the source

dataset, Cityscapes [44] the categories are retained. The class specific comparison can be
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found in Table 4.8.

5.10
36.90
5 265 390 233 28.0 336 3380 476
5 300 299 423 32.6 245 343 +14.0
272 384 345 284 322 3460 +16.7
301 453 270 26.9 360 3645 445
238 399 333 29.2 339 3400 +152
308 432 299 34.7 374 386  +17.8
xxxxx s 43.5 520 63.2 347 527 458 37.1 49.4 4731 +138
oracle 444 515 660 380 550 378 38.6 492 4756 +14.1

SCDA
SWDA [1

eling [115]

MAF 1]
CFFA [249]

Table 4.8: Cityscapes — Foggy Cityscapes. The unsupervised domain adaptation perfor-
mance is on par with the network trained on the target (covers 98% of the performance
gap). As highlighted, CFFA [249] achieves the highest respective improvement, however
their baseline provides larger room for improvement (see Figure 4.3).

4.4.10 Fair Comparison

Detector backbone and optimization. Prior works implement the object detector,
Faster-RCNN [179] using different backbones. VGG16 is used in [39, 252, 91, 98, 116],

Inception V2 in [115], and [19] uses 50/152-layer ResNet [90] for different settings.

Evaluation. The choice of evaluation tools is missing from existing works. This is prob-
lematic because the mean Average Precision (mAP) metric is sensitive to the underlying
implementation. Using the pre-trained networks from Detectron2 [224] for VOC 2007 and
the default VOC evaluation tool the reported mAP and mAP50 performance is 51.9 and
80.3, while evaluating the same network on the same dataset with the COCO evaluation
tool the corresponding scores are 46.9 and 76.2, resulting in a difference of 5.0% and 4.1%
between the two measurements. This “relative improvement” from choosing an appropri-
ate evaluation tool would be on-par with the improvement of [105, 115, 252] (+1.98%,

+4.53%, +5.1%).

4.5 Conclusion

In this work we have addressed the problem of cross-domain object detection. After
conducting extensive studies on previous approaches, we categorized different components

into 3 classes: image, feature and output level domain adaptation. Our proposed method
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is the first to successfully employ all levels of domain adaptation. Our method consists of
3 stages: 1) translate labeled source images to make them appear similar to target images
2) train a teacher network on translated images while aligning its features to the target
domain 3) use the teacher model to generate pseudo-labels, then train a student model on
the translated source images and the pseudo-labeled target images. Compared to recent
state-of-the art works, our method uses simple adaptation techniques at each stage and

still outperforms complex algorithms on every commonly used benchmark.

4.6 Acknowledgements

4.7 Conclusion

We conduct a comprehensive analysis of various UDA techniques, including pixel-level
adaptation, feature alignment, and teacher-student approaches. Moreover, we propose a
novel joint training method that combines these paradigms, resulting in an object detection
model with comparable complexity to its supervised counterpart while significantly out-
performing other UDA methods. To further our understanding of utilizing unsupervised
data that is sampled from a different distribution than the supervised data, we explore
the intersection between UDA and Online Continual Learning. In the next chapter we
introduce a new experimental setup where both the supervised and the unsupervised data

distribution is continuously evolving over time.



Label Delay

in Online Continual Learning

Chapter Teaser

How do we model a continuously changing data distribution? How can we extend this
framework to model the delay caused by the annotation process? How does the delay impact
the performance of the continually updated model? To what extent can we improve the
performance in different label delay scenarios by simply using more compute? What are the
techniques we can use to utilize the data before their corresponding label becomes available?

How do these technique scale with more compute in comparison with the naive model?

5.1 Abstract

A critical yet often overlooked aspect in online continual learning is the label delay, where
new data may not be labeled due to slow and costly annotation processes. We introduce a
new continual learning framework with explicit modeling of the label delay between data
and label streams over time steps. In each step, the framework reveals both unlabeled

data from the current time step ¢t and labels delayed with d steps, from the time step

109
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t —d. In our extensive experiments amounting to 25000 GPU hours, we show that merely
increasing the computational resources is insufficient to tackle this challenge. Our findings
highlight significant performance declines when solely relying on labeled data when the
label delay becomes significant. More surprisingly, state-of-the-art Self-Supervised Learn-
ing and Test-Time Adaptation techniques that utilize the newer, unlabeled data, fail to
surpass the performance of a naive method that simply trains on the delayed supervised
stream. To this end, we propose a simple, robust method, called Importance Weighted
Memory Sampling that can effectively bridge the accuracy gap caused by label delay by
prioritising memory samples that resemble the most to the newest unlabeled samples. We
show experimentally that our method is the least affected by the label delay factor, and

successfully recovers the accuracy of the non-delayed counterpart.

5.2 Introduction

Machine learning models have become the de facto standard for a wide range of applica-
tions, including social media [161], finance [33], and healthcare [75]. However, these models
usually struggle when the distribution from which the data is sampled is constantly chang-
ing over time, which is common in real-world scenarios. This challenge continues to be an
active area of research known as Continual Learning (CL). However, most prior art in CL
examines this problem with a presumption of the immediate availability of labels once the

data is collected. This assumption rarely holds in real-world scenarios.

Consider the task of monitoring recovery trends in patients after surgeries. Doctors gather
health data from numerous post-operative patients regularly. However, this data does not
immediately indicate broader recovery trends or potential common complications. To
make informed determinations, several weeks of extensive checks and tests across multiple
patients are needed. Only after these checks are completed, the gathered data can be

labeled as indicating broader “recovery” or “complication” trends. However, by the time
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Figure 5.1: Illustration of label delay. This figure shows a typical Continual Learning
(CL) setup with label delay due to annotation. At every time step ¢, the data stream Sy
reveals a batch of unlabeled data {z'}, on which the model fy is evaluated (highlighted
with green borders). The data is then sent to the annotator Sy who takes d time steps to
provide the corresponding labels. Consequently, at time step ¢t the batch of labels {yt_d}
corresponding to the input data from d time steps before becomes available. The CL
model can be trained using the delayed labeled data (shown in color) and the newest
unlabeled data (shown in grayscale). In this example, the stream reveals three samples
at each time step and the annotation delay is d = 2.

the data is gathered, assessed, labeled, and a model is trained, new patient data might
follow trends that do not exist in the training data yet. This leads to a repeating cycle:
collecting data from various patients, assessing the trends, labeling the data, training the

model, and then deploying it on new patients. The longer this cycle takes, the more likely

it is going to affect the model’s reliability, a challenge we refer to as label delay.

In this paper, we propose a CL setting that explicitly accounts for the delay between the
arrival of new data and the corresponding labels, illustrated by Figure 5.1. In our proposed
setting, the model is trained continually over discrete time steps with a label delay of d
steps. At each step, two batches of data are revealed to the model: unlabeled new samples
from the current time step ¢, and the labels of the samples revealed at the step ¢t —d. First,
we show the naive approach where the model is only trained with the labeled data while
ignoring all unlabeled data. While this forms a strong baseline, its performance suffers
significantly from increasing the delay d. We find that simply increasing the number
of parameter updates per time step does not resolve the problem. Hence, we examine

a number of popular approaches which incorporate the unlabeled data to improve this
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naive baseline. We investigate semi-supervised learning, self-supervised learning and test-
time adaptation approaches which are motivated for slightly different but largely similar
settings. Surprisingly, out of 12 different methods considered, none could outperform the
naive baseline given the same computational budget. Motivated by our extensive empirical
analysis of prior art in this new setting, we propose a simple and efficient method that
outperforms every other approach across large-scale datasets; in some scenarios it even

closes the accuracy gap caused by the label delay. Our contributions are threefold:

e We propose a new formal Continual Learning setting that factors label delay be-
tween the arrival of new data and the corresponding labels due to the latency of the

annotation process.

o We conduct extensive experiments (~ 25,000 GPU hours) on various Online Con-
tinual Learning datasets, such as CLOC [20], CGLM [170], FMoW [43] and Year-
book [70]. Following recent prior art on Budgeted Continual Learning [169, 69], we
compare the best performing Self-Supervised Learning [13], Semi-Supervised Learn-
ing [76] and Test Time Adaptation [131] methods and find that none of them out-
performs the naive baseline that simply ignores the label delay and trains a model

on the delayed labeled stream.

e We propose Importance Weighted Memory Sampling to rehearse past labeled data
most similar to the most recent unlabeled data, bridging the gap in performance.
IWMS outperforms the naive method significantly and improves over Semi-Supervised,
Self-Supervised Learning and Test-Time Adaptation methods across diverse delay
and computational budget scenarios with a negligible increase in computational com-

plexity. We further present an in-depth analysis of the proposed method.
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5.3 Related Work

Label Delay in Online Learning. While the problem of delayed feedback has been
studied in the online learning literature [220, 155], the scope is limited to problems of
spam detection and other synthetically generated, low-complexity data [99, 76] and often
view input images as “side info” [112]. Additionally, methods and error bounds proposed
in [120, 172, 168, 64] are more focused on expert selection rather than representation
learning, most of which cannot generalize to unstructured, large-scale image classification
datasets. Furthermore, most of the prior art does not differentiate between the past
and future unlabeled data. In our proposal, all unlabeled data is newer than the last
labeled data due to delayed annotation, as illustrated in Figure 5.17. For a more in-depth
analysis of prior art on online learning, please see our expanded literature review in the

Supplementary Material 5.11.12.

Continual Learning. Early work on continual learning primarily revolved around task-
based continual learning [18, 3], while recent work focuses on the task-free continual
learning setting [5, 6, 20]. This scenario poses a challenge for models to adapt as ex-
plicit task boundaries are absent, and data distributions evolve over time. GDumb[171]
and BudgetCL[169] demonstrate that minimalistic methods can outperform most offline
and online continual learning approaches. RealtimeOCL [69] shows that Experience Re-
play [27] is the most effective method, outperforming more popular continual learning
methods, such as ACE [18], LwF [130], RWalk [26], PoLRS [20], MIR [4] and GSS [7],
when methods are normalized by their computational complexities. RealtimeOCL also
considers delay, however, their delay arises from model complexity; in their fast-stream
scenario, the stream releases input-label pairs quicker than models can update, causing
models to be trained on an older batch of samples. In essence, labels are still instantly avail-
able in RealtimeOCL, while our work examines delay attributed to the non-instantaneous

arrival of labels. RapidOCL [87] highlighted the exploitation of label-correlation in online
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continual learning, with a focus on measuring online accuracy through future samples. In
contrast, our framework allows the models to leverage the more recent, unlabeled data for

adaptation.

Semi-Supervised Learning. While the labels arrive delayed, our setting allows the mod-
els to use new unlabeled data immediately. Possible directions to leverage the most recent
unlabeled data entails Pseudo-Labeling (or often referred to as their broader category,
Semi-Supervised Learning) methods [76] and Self-Supervised Semi-Supervised Learning
(S4L) methods [242]. Pseudo-labeling techniques predict the labels of the samples before
their true label becomes available to estimate the current state of the joint distribution
of input and output pairs. This in turn allows the model to fit its parameters on the
estimated data distribution. On the other hand, S4L integrates self-supervised learning,
such as predicting the rotation of an image or the relative location of image patches, with
the semi-supervised learning framework. We replace the early self-supervised tasks of
S4L [242] with more recent objectives from Balestriero [13]. While a growing line of work
adapts S4L to continual learning to make use of unlabeled data in continual learning set-
tings, such as CaSSLe [59] in task-agnostic settings and SCALE [239] in task-free settings,
most previous work did not perform a comprehensive examination of PL and S4L under

a strict computational budget.

Test-Time Adaptation. Besides semi-supervised learning, TTA methods are also de-
signed to adapt models with unlabeled data, sampled from the similar distribution as the
evaluation samples. Entropy regularization methods like SHOT [132] and TENT [215] up-
date the feature extractor or learnable parameters of the batch-normalisation layers [106]
to minimize the entropy of the predictions. SAR [164] incorporates an active sampling
scheme to filter samples with noisy gradients. More recent works consider Test Time
Adaptation in online setting [2] or Continual Learning setting [217]. In our experiments,

we fine-tuning the model with ER [27] across time steps and adapting a copy of the model
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Algorithm 2 Single OCL time step with Label Delay
1: The Stream Sy reveals a batch of images {xf » . ~ Dy

2: The model fy, makes predictions {§¢}7_; for the new revealed batch {z}? ,;
3: The Annotator Sld, reveals labels {yffd}"
4

=17
: The model fy, is evaluated by comparing the predictions {§!}?_; and true labels {y{}™ ;, where the true labels
are only for testing;
5: The model fo, is updated to fg, , using labeled data Ui;dl («7,y7)}"_, and unlabeled data UL _,  {z7}7
under a computational budget C.

with TTA to the most recent input samples at each time step.

5.4 Problem Formulation

We follow the conventional online continual learning problem definition proposed by
Cai [20]. In such a setting, we seek to learn a model fy : X — ) on a stream S
where for each time step t € {1,2,...} the stream S reveals data from a time-varying dis-
tribution D; sequentially in batches of size n. At every time step, fy is required to predict
the labels of the coming batch {z!}" , first. Followed by this, the corresponding labels
{yt}r | are immediately revealed by the stream. Finally, the model is updated using the

most recent training data { (%, y!)}7" .

This setting, however, assumes that the annotation process is instantaneous, i.e.,the time
it takes to provide the ground truth for the input samples is negligible. In practice, this
assumption rarely holds. It is often the case that the rate at which data is revealed from
the stream S is faster than the rate at which labels for the unlabeled data can be collected,
as opposed to it being instantaneously revealed. To account for this delay in accumulating
the labels, we propose a setting that accommodates this lag in label availability while still
allowing for the model to be updated with the most recent unlabeled data. We modify the
previous setting in which labels of the data revealed at time step ¢ will only be revealed

after d time steps in the future.

At every time step ¢, the Annotator Sﬁl, reveals the labels for the samples from d time steps

before, i.e.,, {(a:ﬁ_d, yf_d) *_1, while the data stream Sy reveals data from the the current
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time step, i.e., {x!}" ;. Recent prior art [171, 169, 69] introduces more reasonable and
realistic comparisons between continual learning methods by imposing a computational
complexity constraint on the methods. Similarly to [171, 169, 69], in our experiments the
models are given a fixed computational budget C to update the model parameters from
0; to 6411 for every time step t. To that end, our new proposed setting can be formalized

per time step t, alternatively to the classical OCL setting, as described in Algorithm 2.

Note that this means at each time step ¢, the stream reveals a batch of non-corresponding
images {z!}" ; and labels {yffd}?zl, as illustrated in Figure 5.1. With the label delay of
d time steps, the images themselves revealed from time step ¢ — d to time step ¢ can be

used for training, despite that labels are not available.

A naive way to solve this problem is to discard the unlabeled images and only train on
labeled data Ui_:ci (a7, yl )}, However, it worth noting that the model is still evaluated
on the most recent samples from Sy. Thus, training on the labeled training data leads to
the model at least being d steps delayed. Since in our setting the distribution from which

the training and evaluation samples are drawn from is not stationary, this discrepancy

severely hinders the performance, as discussed in detail in Section 5.6.

Furthermore, we shall show in Section 5.7 that the existing paradigms, such as Test-Time
Adaptation and Semi-Supervised Learning, struggle to effectively utilise newer, unlabeled
data to bridge the aforementioned discrepancy. Our observations indicate that the primary
failure is from the excessive computational demands of processing unlabeled data. To
that end, we propose Importance Weighted Memory Sampling that prioritises performing

gradient steps on labeled samples that resemble the most recent unlabeled samples.

5.5 IWMS: Importance Weighted Memory Sampling

To mitigate the challenges posed by label delay in online continual learning, we introduce

a novel method named Importance Weighted Memory Sampling (IWMS). Recog-



5.5. IWMS: IMPORTANCE WEIGHTED MEMORY SAMPLING 117

Algorithm 3 Importance Weighted Memory Sampling

1: At time step t, for each unsupervised batch of size n, {#l}?_,, the model fy computes predictions {g!}7 ;;
2: For every predicted label 7, select labeled samples from the memory buffer {(a:é\/[, ij)} where y]M =gl

3: Compute pairwise cosine feature similarities K; ; = cos (h(z}), h(z})) between each unlabeled sample 2} and

selected memory samples x?l;

4: Select the most relevant supervised samples (!, yM) by sampling k € {1...|M|} from a multinomial distribu-
tion with parameters Kj .;

5: Update the model fy using the selected supervised samples, aiming to match the distribution of the unlabeled
data.

nizing the limitation of traditional approaches that either discard unlabeled data or utilize
it in computationally expensive ways, IWMS aims to bridge the gap between the current
distribution of unlabeled data and the historical distribution of labeled data. Instead of
directly adapting the model to fit the newest distribution with unlabeled data, which is
inefficient due to the lack of corresponding labels, IWMS cleverly adjusts the sampling
process from a memory buffer. This method ensures that the distribution of selected sam-
ples closely matches the distribution of the most recent unlabeled batch. This nuanced
selection strategy allows the continual learning model to effectively adapt to the most re-
cent data trends, despite the delay in label availability, by leveraging the rich information

embedded in the memory buffer.

As discussed in Section 5.6, using the most recent labeled samples for training leads to
over-fitting the model to an outdated distribution. Thus, we replace the newest supervised
data by a batch which we sample from the memory buffer, such that the distribution
of the selected samples matches the newest unlabeled data distribution. The sampling
process is detailed in Algorithm 3. It consists of two stages: first, at each time step t,
for every unsupervised sample z! in the batch of size n, we compute the prediction 3!,
and select every labeled sample from the memory buffer (xéw , y]M ) such that the true label
of the selected samples matches the predicted label y]M = g!. In the second stage, we
compute the pairwise cosine feature similarities K; ; between the unlabeled sample z! and
the selected memory samples mé‘/f by K;; = cos (h(wf),h(:cé” )), where h represents the

learned feature extractor part of fy, directly before the final classification layer. Finally,

we select the most relevant supervised samples (z2,yM) by sampling k € {1...|M|}
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Figure 5.2: Effects of Varying Label Delay. The performance of a Naive Online
Continual Learner model gradually degrades with increasing values of delay d.

from a multinomial distribution with parameters K. ;. Thus, we rehearse samples from
the memory which (1) share the same true labels as the predicted labels of the unlabeled

samples, (2) have high feature similarity with the unlabeled samples.

To avoid re-computing the feature representation h(z*) for each sample in the memory
buffer after every parameter update, we store the corresponding features of the input
data computed for the predictions during the evaluation (Step 4 in Algorithm 2). This
technique greatly reduces the computational cost of our method, but comes at the price
of using outdated features. Such trade-off is studied in detail by contemporary Self-
Supervised Literature [88, 35, 25] observing no significant impact on performance. We
ablate the alternative option of selecting samples based only on their similarity in the

Supplementary Material 5.11.11.

5.6 The Cost of Ignoring Label Delay

To better understand how label delay influences the performance of a model, we begin with
the Naive approach, i.e.,ignoring the most recent data points until their label becomes
available and exclusively training on outdated labeled samples. More specifically, we are
interested in measuring the performance degradation under various label delay d and
computational budget C scenarios. To this end, we conduct experiments over 4 datasets,
in 4 computational budget and 3 label delay settings. We analyse the results under

normalised computational budget (Section 5.6.2) and demonstrate that the accuracy drop
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can be only partially recovered by increasing the computational budget (Section 5.11.5).

5.6.1 Experimental Setup

Datasets. We conduct our experiments on four large-scale online continual learning
datasets, Continual Localization (CLOC) [20], Continual Google Landmarks (CGLM) [170],
Functional Map of the World (FMoW) [43], and Yearbook [70]. The last two are adapted
from the Wild-Time challenge [234]. More statistics of the benchmarks are in Supple-
mentary. We follow the same training and validation set split of CLOC as in [20] and o

CGLM as in [170] and the official released splits for FMoW [43] and Yearbook [70].

Architecture and Optimization. Similarly to prior work [69, 169], we use ResNet18 [90]
for backbone architecture. Furthermore, in our experiments, the stream reveals a mini-
batch, with the size of n = 128 for CLOC, FMoW, Yearbook and n = 64 for CGLM. We
use SGD with the learning rate of 0.005, momentum of 0.9, and weight decay of 107°.
We apply random cropping and resizing to the images, such that the resulting input has

a resolution of 224 x 224.

Baseline Method In our experiments, we refer to the Naive method as the one naively
training one labeled data soly. We apply the best continual learning mechanism as men-
tioned by [69] , Experience Replay (ER) [27], to eliminate the need to compare with other
continual learning methods . The memory buffer size is consistently 2!9 samples through-
out our experiments unless stated otherwise. The First-In-First-Out mechanism [27, 20]
to update the buffer. We report the Online Accuracy [20] at each time step in Step 4 of
Algorithm 2 under label delay d. In our quantitative comparative analysis, for simplicity,

we use the final Online Accuracy scores, denoted by Accy.

Computational Budget and Label Delay. Normalising the computational budget
is necessary for fair comparison across CL methods, thus, we define C = 1 as the num-

ber of FLOPs required to make one backward pass with a ResNet18 [90], similarly to
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BudgetCL[169] and RealtimeOCL[69]. When performing experiments with a larger com-
putational budget, we take integer multiplies of C to apply C parameter update steps per
stream time steps. The proposed label delay factor d represents the amount of time steps
the labels are delayed with. Note that, for C = 1,d = 0, our experimental setting is

identical to prior art[20, 69].

5.6.2 Observations

In Figure 5.2, we analyze how varying the label delay d € {0,10,50,100} impacts the
performance of Naive on four different datasets, CLOC [20], CGLM [169], FMoW [43] and
Yearbook [70]. The label delay impacts the online accuracy differently across all scenarios,

thus, below we provide our observations case-by-case.

On CLOC, the non-delayed (d = 0) Naive achieves Accy = 20.2%, whereas the heavily
delayed counterpart (d = 100) suffers significantly from the label delay, achieving only
Accioo = 11.7%. Interestingly, label delay influences the accuracy in a monotonous, but
non-linear fashion, as half of the accuracy drop is caused by a very small amount of
delay: Accig — Accy = —4.4%. In contrast, the accuracy degradation slows down for
larger delays,i.e.,the accuracy gap between two larger delay scenarios (d = 50 — 100) is
rather marginal Accygg— Accsg = —1.1%. We provide further evidence on the monotonous
and smooth properties of the impact of label delay with smaller increments of d in the

Supplementary Material 5.11.3.

For CGLM the accuracy gap landscape looks different: the majority of the accuracy
decrease occurs by the smallest delay d = 0 — 10, resulting in a Accig — Accg = —7.9%
drop. Subsequent increases (d = 10 — 50 and d = 50 — 100) impact the performance to

a significantly smaller extent: Accsg — Accig = —1% and Accigg — Acesg = —0.5%.

In the case of FMoW, where the distribution shift is less imminent (i.e.,the data dis-

tribution varies less over time), the difference between the delayed and the non-delayed
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counterparts should be small. This is the case for the satellite image data in the FMoW
dataset, where the accuracy drops are —2.8%, —2%, —1.9% for d = 0 — 10 — 50 — 100,

respectively.

The Yearbook’s binary classification experiments highlight an important characteristic:
if there is a significant event that massively changes the data distribution, such as the
change of men’s appearance in the 70’s [70] the non-delayed Naive (d = 0) suffers a
small drop in Online Accuracy (at the middle of the time horizon ¢ = 130), but quickly
recovers as more data starts to appear. In contrast, under small and moderate delay
(d =10, 50), the decline is more emphasised and the recovery is delayed (at ¢t = 120, 180,
respectively). Interestingly, under large delay (d = 100), the decline is not apparent
anymore, however the Accygp stagnates until the relevant data arrives (¢ = 200). Notice,
that such temporal shift is only visible across the profile of the curves, because the amount
of delay is comparable in size to the time horizon, i.e.,ff‘n‘j‘f = %, whereas this fraction is

close to 0 in our other experiments. Alongside with more detailed investigation, we provide

visual examples of the dataset to support our claims in the Supplementary Material 5.11.4.

5.6.3 Section Conclusion

Over- or Under-fitting. While in the experiments we report results under a single
computational budget C per dataset, it is reasonable to suspect that the results might
look different under smaller or larger budget. To this end, we ablate the effect of C over

various delay scenarios, on multiple datasets in the Supplementary Material 5.11.5.

Common patterns. We argue that the consistent, monotonic accuracy degradation,
present in all of our experiments, is due to the non-stationary property of the data dis-
tribution that creates a distribution shift. Our hypothesis is supported by the findings of
Yao [234]. A complementary argument is presented by Hammoud [87], stating that the

underlying datasets have high temporal correlations across the labels, i.e.,images of the
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same categories arrive in bursts, allowing an online learning model to easily over-fit the

label distribution even without using the input images.

Motivation for Delay Specific Solutions. As our experiments suggest so far, label
delay is indeed an extremely elusive problem, not only because it inevitably results in
an accuracy drop, but because the severity of the drop itself is hard to estimate a-priori.
We showed that the accuracy gap always increases monotonically with increasing delay,
nevertheless the increase of the gap can be gradual or sudden depending on the dataset
and the computation budget. This motivates our efforts of designing special techniques to
address the challenges of label delay. In the next set of experiments, we augment the Naive

training by utilizing the input images before their corresponding labels become available.

5.7 Utilising Data Prior to Label Arrival

In our proposed label delay experimental setting, we showed the larger the delay the more
challenging it is for Naive, a method that relies only on older labeled data, to effectively
classify new samples. This is due to a larger gap in distribution between the samples used
for training and for evaluation. This begs the question of whether the new unlabeled data
can be used for training to improve over Naive, as it is much more similar to the data that

the model is evaluated on.

We propose four different paradigms for utilizing the unlabeled data, namely, Importance
Weighted Memory Sampling (IWMS), Semi-Supervised Learning via Pseudo-Labeling
(PL), Self-Supervised Semi-Supervised Learning (S4L) and Test-Time Adaptation (TTA).
We integrate several methods of each family into our setting and evaluate them under vari-
ous delays and computational budgets. In particular, we adapt each paradigm individually
by augmenting the parameter update (Step 5 of Algorithm 2) of Naive, described in detail

in the following subsections. Furthermore, to quantify the how much of the accuracy gap

* Naive
Accy—Accy

Gl , namely the

(Gq = Acch)™™° — Acc)®¥®) is recovered, we use the formula R =
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Figure 5.3: Comparison of various unsupervised methods. The accuracy gap caused
by the label delay between the Naive without delay and its delayed counterpart Naive. Our
proposed method, IWMS, consistently outperforms all categories under all delay settings
on three out of four datasets.

improvement of the method divided by the extent of the accuracy gap for a given delay

factor d.

5.7.1 Experiment Setup

Importance Weighted Memory Sampling (IWMS). The only additional cost of
IWMS compared to Naive is the cost of evaluating the similarity scores, which is still less
than 1% of the inference cost for 100K samples, and can be evaluated in parallel, therefore
we consider it negligible. Since our method simply replaces the newest supervised samples
with the most similar samples from the replay buffer, we do not require any additional
backward passes to compute the auxiliary objective. Therefore, the computational budget

of our method is identical to the Naive baseline, i.e.,, Ciyws = 1.
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Self-Supervised Semi-Supervised Learning. For integrating S4L methods, we adopt
the most effective approach through iterative optimization of both supervised and unsu-
pervised losses. We report the best results across the three main families of contrastive
losses, i.e.,, Deep Metric Learning Family (MoCo [88], SimCLR [34],and NNCLR [55]),
Self-Distillation (BYOL [84] and SimSIAM [37], and DINO [25]), and Canonical Correla-

tion Analysis (VICReg [15], BarlowTwins [241], SWAV [24], and W-MSE [56]).

For fair comparison, we normalise the computational complexity of the compared methods.
According to [169, 69], Naive augmented with Self-Supervised Learning at each time step
takes two backward passes, since they augment each input images to two views, thus
Csq1, = 2. We provide further explanation of our S4L adaptation in the Supplementary

Material 5.11.2.

Pseudo-Labeling. To make use of the newer unlabeled samples, we adopt the most
common Semi-Supervised Learning technique [76]: Pseudo-Labeling (PL). To predict the
labels of the samples before their true label becomes available we use a surrogate model
gp. After assigning the predicted labels {g!} to each input data {z!} at time step ¢ for
1 = 1..n, the main model fy is updated over the union of old, labeled memory samples and
new pseudo-labeled samples {(27,y7)}—% U {(z,3!)} using standard Cross Entropy loss.
Once fy is updated, we update the parameters of the surrogate model g4 following the

momentum update policy [76] with hyper-parameter A, such that ¢new = Apolq+(1—N)Oo1q-

For simplicity, we ignore the computational cost of the surrogate model g4 inferring the
pseudo-labels . Nevertheless, the main model fy is trained on double the amount of

samples as Naive, n labeled and n pseudo-labeled, therefore we define Cpy, = 2.

Test-Time Adaptation As done for other paradigms, we have extensively evaluated
all reasonable candidates to adapt traditional TTA methods to our setting. We find
performing the unsupervised TTA step the most effective when only a single update is

taken (in Step 5 of Algorithm 2), exactly before the evaluation step (Step 2 of Algorithm 2)
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of the next step. Therefore, for all the parameter updates apart from the last one we
perform identical steps to Naive Furthermore, we found TTA updates severly impact the
continual learning process of the Naive when the parameters are iteratively optimised
across the two objectives. Thus, before each TTA step, we clone the model parameters
to a surrogate model g4, by performing the TTA step (with e hyper-parameter) using the
newest batch of unlabeled data ¢ = 6 — eVgLrra{zl} and perform the evaluation (Step 2

of Algorithm 2) of the next time step.

To represent the state of the art in TTA, we adapt and compare the following methods:
TENT [215], EATA [163], SAR [164], and CoTTA [217], in Figure 5.3. Furthermore, for

the result of our hyper-parameter tuning is provided in the Supplementary Material 5.11.7.

For fair comparison, we train and evaluate all TTA methods under normalised compu-
tational budgets. However, several methods, such as CoTTA [217] and SAR [164] abuse
the absence of formal computational constraints in traditional Test-Time Adaptation set-
tings by computing the entropy of the predictions of the input data up to 32x different
augmentations. Methods, such as EATA [163] further complicate the complexity normal-
isation problem by using multiple smaller-sized crops of the input image. To simplify our
comparisons, we ignore the cost of model inference, thus Ctra = 1. More specifically,
under a fixed computational budget C, at every time step, we perform C — 1 supervised

steps on fy identically to Naive followed by a single step of TTA.

5.7.2 Observations

Figure 5.3 illustrates our most important results of our work. It shows to what extent
we can recover the accuracy gap caused by the label delay between the Naive without
delay and its delayed counterpart Naive. We evaluate our proposed method, IWMS, and
compare it against the three adopted paradigms, S4L, PL and TTA. We report the best

performing method of each paradigm with hyper-parameters tuned on the first 10% of
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each label delay scenario (further detailed in the Supplementary Material 5.11.6 and 5.13.
To give the best representation of the landscape of how these techniques perform, we train
and evaluate them over four datasets, three label delay settings (d = 10,50, 100) and four

computational budget constraints (C = 2, 8,16, 16).

IWMS. On the largest dataset, containing 39M samples, CLOC [20], the accuracy drop
of Naive is Gq = —4.5%, —7.5%, —8.6% for d = 10,50, 100, respectively. Our proposed
method, IWMS, achieves Accy = 17.3%, 14.2%, 13.1% final Online Accuracy, which trans-
lates to Rq = 33%,19%,16% recovery for d = 10,50,100, respectively. While there
is a slow decline over increasing delays, the improvement over Naive is consistent. On
CGLM [169], the accuracy drop is Gyq = —7.8%, —8.8%,—9.3% for the three increas-
ing delays, respectively. IWMS exhibits outstanding results, Accg = 24.1%, 23.5%, 22.9%
meaning that the accuracy gap is fully recovered by the method for d = 10. More specifi-
cally, the recovery is Rq = 100%, 93%, 87% for d = 10,50, 100. The results on FMoW [43]
are even more surprising, as IWMS not only recovers the accuracy gap but outperforms
the non-delayed Naive counterpart in the d = 10 scenario. More specifically, the accu-

racy drops for the increasing delays are G4 = 2.5%, 3.2%4.4% and Ry = 140%, 67%, 45%.

We hypothesise this is due to the fact that under a large C, repeated parameter updates
with sub-optimal sampling strategies lead to over-fitting to the outdated state of the data
distribution, as explained in detail in Section 5.8. On Yearbook [70], IWMS performs
on-par with Naive in every scenario. The accuracy gaps are Gg = —5%, —20.5%, —34%
whereas the recover scores are marginal: Ry = 1%,0%,0%. We argue this is due to two
factors: the brevity of the dataset in comparison to the other datasets and the difficulty

of the task without prior knowledge on appearance and fashion trends.

Semi-Supervised Methods. S4L and PL performs very similarly to each other under all
studied scenarios: the largest difference in their performance is 0.7% on Yearbook, under

d = 50 label delay. Therefore, we report their performance together, picking the better
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performing variant for numerical comparisons. Notice that in every scenario the delayed
Naive baseline performance is not be achieved, which is due to the computational budget
constraint. More specifically, since Cgsr, = 2 X CNaive, Optimising the standard classification
objective over the older, supervised samples for twice the number of parameter updates
is more beneficial across all scenarios than optimising the Pseudo-Labeling classification
objective or the Contrastive loss over the newer unlabeled images. In the Supplementary
Material 5.14, we provide further evidence and explanation of this claim. On CLOC, S4L
slightly outperforms PL by +0.1% for all label scenarios, however Ry = —27%, —2%, —7%
for d = 10,50, 100, respectively. Similarly, on CGLM, S4L outperforms PL by +0.6%, for
all label scenarios and achieves a negative recovery score Ry = —29%, —27%, —23%. On
FMoW and Yearbook, the differences between the accuracy of Naive, S4L and PL are
negligible as the largest improvement over Naive is +2.3% on Yearbook under the large

label delay scenario d = 100.

TTA. In Figure 5.3, we find that TTA consistently under-performs every method, in-
cluding the delayed Naive, under every delay scenario on the CLOC, CGLM and FMoW
datasets Nevertheless, on Yearbook TTA successfully outperforms IWMS, S4L, PL and
Naive by up to +1.7% in the moderate label delay scenario d = 50. Over the four dataset,
the exact extent of the recovery of the accuracy gap Ry for d = 10, 50, 100, respectively, is
as follows: on CLOC R; = —87%, —44%, —36%, on CGLM Ry = —77%, —67% — 62%,

on FMoW Ry = —480%, —227%, —159% and on Yearbook R; = 4%,11%,11%. The

disproportionately severe negative result on FMoW is due to the otherwise small accu-
racy gap Gq = —2.5%, —5.2%, —7.4%. More importantly, we hypothesize that TTA fails
to outperform Naive because the common assumptions, upon which TTA methods were
designed, are broken. Such assumptions of the Test-Time Adaptation settings are: (1)
before the adaptation takes place, the model has already converged and achieved a good
performance on the training data, (2) the test data distribution does not change over time

and sufficient amount of unsupervised data is available for adaptation. In contrast, in
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Figure 5.4: Backward transfer. Measuring forgetting on the withheld validation set.

our setting the source model is continuously updated between time steps and only a very

limited number of samples are available from the newest distribution for adaptation.

5.8 Analysis of Importance Weighted Memory Sampling

We first perform an ablation study of our IWMS to show the effectiveness of the importance
sampling. Then, we show our performances under different computational budgets and

buffer sizes.

Analysis on forgetting over past samples In Figure 5.4, we report the backward
transferability of the learned representation. This is done on a held-out, ordered validation
set where the timestamp is used for ordering. On CLOC, all methods perform similarly
due to poor data quality as reported in the Supplementary Material 5.11.9. On CGLM,
our method not only surpasses the performance of others, but achieves ~ 2x the accuracy

of the S4L, PL, Naive and non-delayed Naive baseline on CGLM. This means that the
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Figure 5.5: Effect of sampling strategy (left), memory sizes (right). We report
the Online Accuracy under the least (top: d = 10) and the most challenging (bottom:
d = 100) label delay scenarios on CGLM [170].

representation learned by our sampling technique is far more robust and generalises better
not only to future but past examples as well. On FMoW, the best result is achieved
by the Semi-Supervised methods, nevertheless our method outperforms the non-delayed
Naive in all scenarios. Finally, on Yearbook we see that under low label delay (d = 10)
all results are clustered around 97%, however IWMS and Naive performs best under larger

delays (d = 50, 10).

Analysis on Memory Sampling Strategies. Note that while our method, IWMS is a
prioritised sampling approach, it has some similarities to Naive, except for the sampling
strategy. While the Naive method uses the most recent labeled data and a randomly sam-
pled mini-batch from the memory buffer for each parameter update, our method provides
a third option for constructing the training mini-batch, which picks the labeled memory
sample that is most similar to the unlabeled data. When comparing sampling strategies,
we refer to the newest batch of data as (N), the random batch of data as (R) and the

importance weighted memory samples as (W).

In Figure 5.5 left, we first show that in both delay scenarios (d = 10 and d = 100) replacing
the newest batch (N) with (W) results in almost doubling the performance: +8.5% and
+9.1% improvement over Naive, respectively. Interestingly enough, when we replace the
(N) with uniformly sampled random buffer data (R) we report a significant increase in

performance. We attribute this phenomenon to the detrimental effects of label delay:
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even though Naive uses the most recent supervised samples for training, the increasing
discrepancy caused by the delay d = 10 and d = 100 forces the model to over-fit on the

outdated distribution.

Analysis on the Memory Size. We study the influence of buffer size on our proposed
IWMS. In particular, we show the performance of our algorithm under the buffer size from
10K to 80K in Figure 5.5 (right). Even though IWMS relies on the images sampled from
the buffer to represent the new coming distribution, its performances remain robust under
different buffer sizes: the largest performance gap between memory sizes of 10K and 80K

is a marginal 2.5%.

5.9 Conclusion and Future Work

We motivate modeling real-world scenarios by introducing the label delay problem. We
show how severely and unpredictably it hinders the performance of approaches which
naively ignore the delay. To address the newfound challenges, we adopt the three most
promising paradigms (Pseuodo-Labeling, S4L and TTA) and propose our own technique
(IWMS). We provide extensive empirical evidence over four large-scale datasets posing
various levels of distribution shifts, under multiple label delay scenarios and, most im-
portantly, under normalised computational budget. IWMS simply stores and and reuses
the embeddings of every observed sample during memory rehearsal where the most rele-
vant labeled samples to the new unlabeled data are rehearsed. Due to its simplicity, the

robustness against changes in the data distribution can be implemented very efficiently.
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5.11 Supplementary Material

5.11.1 Dataset Statistics

We conduct our experiments on four large-scale online continual learning datasets, Con-
tinual Localization (CLOC) [20], Continual Google Landmarks (CGLM) [170], Functional
Map of the World (FMoW) [43], and Yearbook [70]. The last two are adapted from the

Wild-Time challenge [234]. More statistics of the benchmarks are in Supplementary.

The first, Continual Localization (CLOC) [20] which contains 39M images from 712
geolocation ranging from 2007 to 2014. The second is Continual Google Landmarks
(CGLM) [170] which contains 430K images over 10788 classes. Followed by that, we report
our experiments on Functional Map of the World (FMoW) [43] adapted from the Wild-
Time challenge [234]. The dataset contains 14,696 satellite images, from 2002 to 2017, with
the task of predicting the land type. Last, we show our results on the Yearbook dataset [70]
containing 33,431 frontal-facing photos from American high-school yearbooks. The photos
were taken in the time-period between 1930-2013 and represent changes in fashion, gender
and ethnicity over the years. The task is a binary classification problem: predicting the

gender of the student based on the photo.

5.11.2 Implementation Details of S4L

For integrating S4L methods, we adopt the most effective approach through iterative opti-
mization of both supervised and unsupervised losses. This process involves optimising the
standard Cross Entropy loss on labeled data (similar to Naive) and minimising contrastive
loss on unlabeled data, utilising a balanced approach until exhausting the computational
budget. We conducted an exhaustive search over the possible multi-objective optimisa-

tion variants (such as iterative and joint optimisation) and determined the best result is
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achieved when the contrastive loss is minimised separately for the first half of the pa-
rameter update steps, followed by minimising the supervised loss for the second half of
the update steps. We report the best results across the three main families of contrastive
losses, i.e.,, Deep Metric Learning Family (MoCo [88], SimCLR [34],and NNCLR [55]),
Self-Distillation (BYOL [84] and SimSIAM [37], and DINO [25]), and Canonical Correla-

tion Analysis (VICReg [15], BarlowTwins [241], SWAV [24], and W-MSE [56]).

For fair comparison, we normalise the computational complexity [169, 69] of the compared
methods. We find that while SSL methods may take multiple forward passes, potentially
with varying input sizes, the backward pass is consistently done only once among the
variants, therefore, we choose the number of backward passes to measure the computa-
tional complexity of the resulting methods. According to this computational complexity
constraint, Naive augmented with SSL at each time step takes two backward passes, one
for computing the gradients of the Cross Entropy over the labeled samples and one for

the Contrastive Loss over the unlabeled samples, thus Cg4y, = 2.

5.11.3 Monotonous Online Accuracy Degradation

We argue the persistent drop in the Online Accuracy is due to the non-stationary property
of the data distribution that creates a distribution shift. Our hypothesis is supported by
the experimental results, illustrated in Figure 5.6: the Online Acc gradually decreases as
the function of label delay d, at any given time step ¢t. Furthermore, in Figure 5.7, we
summarize the final Online Accuracy scores, i.e.,the Online Accuracy value at the final

time step of each run

Our claims are reinforced by the findings of Yao [234]. A complementary argument is
presented by Hammoud [87], stating that the underlying datasets have high temporal
correlations across the labels, i.e.,images of the same categories arrive in bursts, allowing

an online learning model to easily over-fit the label distribution even without using the
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Figure 5.6: Monotonous degradation of Online Accuracy with regards to label delay
d, over multiple datasets, CLOC [20] and CGLM [169], under various computational bud-
gets, C = 1,2,4,8. The accuracy gradually drops at every time step t as the function of
the label delay d. However the extent of the degradation is non-linear: The initial smallest
increases in label delay have severe impact on the performance. In contrast, the rate of
degradation slows down even for an order of magnitude larger increments when the labels
are already delayed. See Figure 5.7 for the summary of the final values.
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lower compute regimes C < 4.

input images.
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5.11.4 Qualitative Analysis of Label Delay

A case study of the distribution shift in the Yearbook experiments. While Online
Accuracy is a well established performance metric for Online Continual Learning [20, 169,
170, 87], it can conceal some of the most important characteristics of the underlying
dataset. To highlight a direct connection between the distribution shift and its immediate
impact on the model performance, we illustrate the Top-1 Accuracy of the current batch
at each time step in Figure 5.8. The experimental settings are identical to the main

experiments on Naive, detailed Section 5.6.2.

In this experiment, we describe several observations: first, the models perform at per-
chance level accuracy until the first batch of labeled data arrives. Notice that the per-
chance level is not 50% because the dataset is biased (contains more male than female
portraits). However as the ratio improves over time, the random classifier’s accuracy gets

closer to 50%.

Before the distribution shift. In the smallest delay scenario (yellow curve), the delay
is identical to a lag of three years between making the predictions and receiving the labels.
Under such delay, the model quickly reaches close-to-optimal accuracy under just a few
time steps and performs identically to the non-delayed counterpart (blue curve). In the
moderate delay scenario (green curve), the model stays ”idle” for a longer time (equivalent
of 17 years) because of the delay of the first labeled batch. Nevertheless, the delayed model
reaches similarly good performance after a time steps. Interestingly, the severely delayed
model (red curve), exhibits a steep increase in performance, at ¢ = 1972, exactly 34 years

after observing the first sample (¢ = 1938).

During the distribution shift. The steep increase in the most severely delayed scenario
(red curve) coincidentally overlaps with a major distribution shift in the appearance of
one of the two classes. This shift simultaneously impacts the performance of all four

models, however the rate at which their performance recovers differs, due to the label
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Figure 5.8: (Left) Top-1 Accuracy of Naive on the current batch (of time step ¢) of
Yearbook. (Right) Report from Ginosar [70] on "the fraction of male students with
an afro or long hair.” The drop in Top-1 Accuracy over time strongly correlates with the
change in appearance of one of the two classes in the Yearbook [70] dataset. The larger
the delay, the longer it takes to recover the close-to-perfect accuracy.
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Figure 5.9: Examples from the Yearbook dataset [70] during the time where the visual
appearance of men (bottom row) changes drastically resulting in an accuracy drop of an
online classifier, regardless of the label delay.

delay. While in general it is an immensely difficult problem to detect and trace the changes
of the data distribution, due to hidden latent variables (such as socio economic factors,
genetic diversity of the population, cultural and political trends), Ginosar [70] identified
and tracked many of such variables. One of these factors, namely the ”fraction of male
students with an afro or long hair”, is highly correlated (in the temporal dimension) with

the accuracy drop in our experiments, as illustrated in the right-hand side of Figure 5.8.

The reason behind the accuracy drop. In the qualitative experiments of the section
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titled "What time specific patterns is the classifier using for dating?”, Ginosar [70] reports
that convolutional neural networks, such as VGG [190], learn to extract features from the
hairstyles of the subjects. Although the task is slightly different, classification of the year
of the photograph, we hypothesise that one of the most discriminative features learned by
the model are related to the hairstyles, as it is the most influential variable in terms of

the accuracy of four independently trained models.

After the distribution shift. The recovery of the accuracy can be characterised by two
factors: 1) the severity of the level degradation and 2) the duration of the recovery. Both
factors show strong dependency on the underlying label delay factor: the larger the delay
the larger the degradation and the longer the recovery length. Notice how closely the
slightly delayed, yellow curve (d = 3 years) follows the non-delayed, blue curve in terms
of duration, while the extent of the accuracy drop is larger for the delayed counterpart.
On the other hand, the moderately and severely delayed models (green and red curves,
respectively) apparently reach a lower-bound in performance degradation, where larger
delay does not further reduce the accuracy. Nevertheless, the recovery of the severely

delayed model is slower and occurs later than the moderately delayed model.

5.11.5 The impact of label delay on the scaling property of C

The exploration of the impact of label delay on computational efficiency and accuracy
across different settings reveals important insights into the performance and scalability of
Nuaive, an Experinece Replay model [27], which simply waits for every sample to receive its
corresponding label before using it as a training data. In this section, through extensive
quantitative comparison under different label delay d and computational budget C
regimes, we offer a comprehensive overview of how these key factors interact to influence

model performance on two large-scale datasets: CLOC [20] and CGLM [169].

Diminishing Returns. Figure 5.10 highlights the phenomenon of diminishing returns
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Figure 5.10: Diminishing returns of increasing the computational budget C over four
label delay regimes d = 0, 10, 50, 100, on two datasets. While in many real-world scenarios
simply increasing the budget C to improve the overall performance, when the labels are
delayed the improvements may become marginal. Interestingly, this phenomena is em-
phasized on the CLOC [20] dataset, as the trajectories collapse to a single curve as the
delay increases d = 0 — 100. In contrast, on CGLM [169] the relative improvements,
i.e.,the vertical distances between the lines, may shrink going from d = 0 — 10, but stay
consistent for d = 10 — 100. The final scores are summarized by Figure 5.11.

on investment in the computational budget C across four different label delay regimes
(d = 0,10,50,100). Notably, while augmenting C typically yields performance improve-
ments, these gains become increasingly marginal in the presence of delayed labels. The
impact of label delay is markedly pronounced in the CLOC dataset, where the performance
trajectories converge into a singular trend as the delay escalates from d = 0 to d = 100.
Conversely, the CGLM dataset exhibits a contraction in the relative improvements (verti-
cal distances between performance trajectories) as delay transitions from d = 0 to d = 10,

yet these differences remain relatively stable for delays extending from d = 10 to d = 100.

Compute Scaling Profile. In Figure 5.11, the concept of a Compute Scaling Profile
is introduced, displaying the Final Online Accuracy — the accuracy measured at the last
time step of each run — for various levels of computational budget C. This figure elucidates

the sub-linear scaling of performance improvements with respect to incremental increases
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Figure 5.11: Compute Scaling Profile. Each trajectory shows the Final Online Ac-
curacy, i.e.,the Online Accuracy evaluated at the last time step of each run, at a fixed
computational budget C. We show sub-linear improvement w.r.t. subsequent increases
in C, even in the non-delayed (d = 0) scenario. Moreover, the influence of label de-
lay on the scaling property varies between the two datasets: while on CLOC [20] large
delays (d = 100) prevent the model from benefiting from more parameter updates, on
CGLM [169] label delay (for d > 1) only seems to offset the Final Online Accuracy, but
does not impact rate of improvement.

in C, a trend observable even without label delays (d = 0). The effects of label delay
diverge between the datasets; CLOC sees a significant impediment to performance gains

from additional parameter updates at high delays (d = 100), while in CGLM, the delay

primarily shifts the Final Online Accuracy without diminishing the rate of improvement.

Gradual Monotonous Degradation. Figure 5.6 presents a nuanced view of how Online
Accuracy monotonically degrades with increasing label delay (d) across different compu-
tational budgets (C = 1,2,4,8). This degradation is not linear; initial increments in label
delay incur a steep decline in performance, whereas the rate of decline moderates for larger

increments of delay, showcasing a nonlinear impact on model accuracy over time.

Delay Profile. Finally, Figure 5.7 encapsulates the Delay Profile, depicting the Final
Online Accuracy at various computational budgets (C). Both datasets exhibit the most
substantial accuracy reductions in the initial quarter of delay increments (d = 0 — 25).
Interestingly, the CGLM dataset demonstrates a negligible degradation in lower compu-

tational regimes (C < 4), indicating a potential resilience or adaptive capability under
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Figure 5.12: Comparison of the best performing SSL based methods after hyper-parameter
tuning

specific conditions.

While increased computational budget generally improves the performance, the presence
of label delays introduces a complex dynamic that can significantly hinder these benefits.
The distinct behaviors observed across the CLOC and CGLM datasets further suggest that
the dataset characteristics play a pivotal role in the decision making whether investment
in additional compute is warranted or not. We suggest that such decision should be made

on a case by case basis, rather than extrapolating from publicly available benchmarks.

5.11.6 Breakdown of SSL methods

In Figure 5.12 we show the performance of the best performing SSL based methods after
hyper-parameter tuning. We observe that the performance of the SSL methods is highly
dependent on the dataset and the delay setting. However, we apart from MoCo v3 [35],
the methods perform similarly to Naive on CLOC. On the other hand on CGLM they

have insignificant differences in performance, but consistently underperform Naive.

5.11.7 Breakdown of TTA methods

In Figure 5.13 we show the performance of the best performing TTA based methods
after hyper-parameter tuning. We observe that the performance of the TTA methods are
consistently worse than Naive on both CLOC and CGLM, under all delay settings. We
observe that in the most severe delay scenario (d = 100) the performance of EAT [163] and

SAR [164] is comparable to Naive on CLOC, while CoTTA [217] avoids the catastrophic
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Figure 5.13: Comparison of the best performing TTA based methods after hyper-
parameter tuning
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Figure 5.14: Detailed breakdown of various Self-Supervised Learning methods from each
family. Results are shown across varying number of parameter updates C = 2, 10, 20 under
the d = 10 scenario.

performance drop.

5.11.8 Comparison of S4L to Naive when using the same amount of

supervised data

While in our main experiments S4L fails to outperform Naive (in Section 5.7), we show
that it is mostly due to the computational constraint of our experiments. In order to
test our hypothesis, we run a series of experiments on the S4L variants, illustrated in
Figure 5.14. In this experiment, instead of limiting the Computational Budget C, we
directly restrict the number of parameter updates to test if optimising the joint objective
of Naive and the given Self-Supervised Learning method improves the performance of the
model at all. Our results indicate positive improvement over Naive for MoCo-V3 [35],
SimSiam [37] and BYOL [84] consistently across multiple settings with increasing number

of parameter updates.
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First, on the left hand side of Figure 5.14, both the Naive and the S4L variants take
only a single parameter update per time step (thus C = 2 for all, except Naive, where
C =1). On the first 10% of the CLOC dataset [20], this results in a modest, nevertheless
clear improvement over Naive, up to +0.7%. Followed by that, in the middle, every model
takes five parameter updates per time step. Notice that Naive has a stricter computational
budget, C = 5, to match the rest of the experiments. Consistently with our findings in
Section 5.11.5, Naive only benefited marginally from the increase in compute, due to
diminishing returns, 7.0% — 7.5%. On the contrary, the previously highlighted S4L
variants show a larger improvement over the increase in number of updates, e.g.,7.7% —
9.6%. Consequently, this increases the gap between the Naive and the S4L methods.
Finally, on the right hand side of the figure, we show when the models are updated
ten times in each time step, the improvement plateaues for both the Naive and the S4L

variants.

Conclusion of this set of experiments is two-fold: when granted equal amount of param-
eter updates, S4L methods outperform Naive across different settings. However, comput-
ing the parameter gradients w.r.t. the joint objective of S4L costs approximately twice
the amount that of the Naive: Cgsr, ~ 2 X CNaive- Due to the well-known property of
Self-Supervised Learning methods, sample inefficiency, our main experiments show that
”spending” the compute on more frequent Naive updates is more beneficial than optimising

the joint S4L objective, even when the training data is heavily delayed.

5.11.9 Examples of the Importance Weighted Memory Sampling on CLOC

On CLOC, we report similar scores to Naive due to high noise in the data. To provide
evidence for our claims we visualize the supervised data sampled from the memory buffer
by our Importance Weighted Memory Sampling method. In Figure 5.15, we show that our
method is capable of guessing the correct location of the unsupervised sample (the left

hand side of the image pairs) and recalling a relevant sample from memory. In contrast,
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Correctly labeled memory recalls

Figure 5.15: Correctly labeled memory recalls. In the subfigure’s caption “Newest”
refers to the newest unsupervised image observed by the model and “iwm” refers to the
sample drawn from the memory by our proposed sampling method. The numbers refer to
the corresponding true label IDs.

Figure 5.16: Incorrectly labeled memory recalls. In the subfigure’s caption “Newest”
refers to the newest unsupervised image observed by the model and “iwm” refers to the
sample drawn from the memory by our proposed sampling method. The numbers refer to
the corresponding true label IDs.

the incorrect memory recalls hurt the performance even though the content of the samples
might match. We illustrate such cases in Figure 5.16, where it is obvious that in some
cases the underlying image content has no information related to the location where the
picture was taken at. In such scenarios, the only way a classifier can correctly predict the
labels is by exploiting label correlations, e.g.,classifying all close-up images of flowers to
belong to the same geo-location, even though the flowers are not unique to the location

itself. Or consider the pictures taken at social gatherings (second row, second column
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from the right), where a delayed classifier without being exposed to that specific series of
images has no reason to correctly predict the location ID. Our claims are reinforced by

the findings of [87].

5.11.10 Visual Explanation of our Experimental Framework

We provide visual guides for explaining our experimental framework. In Figure 5.17, we
emphasize the main difference between our setting and the general setting of partially
labeled data-streams: while prior art does not differentiate between old and new unsu-
pervised data, our work focuses specifically on the scenario when all unsupervised data is
newer then the supervised data. In Figure 5.18, we show the two types of data that our
models work with: outdated supervised data, and newer, unsupervised data. The task is
to find a way to utilize the newer unsupervised data to augment the Naive approach, that
simply just waits for the labels to become available to update its parameters. The most
challenging component in our experiments is the computational budget factor that allows

only a certain amount of forward and backward passes through the backbone.
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Figure 5.17: Our experimental setup (top): After a fixed amount of time steps all
labels become available. This allows us to focus on utilizing future unsupervised samples
effectively. Partial labeling setup (bottom): in the generic setting, when the data
collection rate is higher than the annotation rate, some samples might never receive labels.
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Figure 5.18: Experimental setup: in our experiments we show how increased label delay
affects the Naive approach that simply just waits for the labels to arrive. To counter the
performance degradation we evaluate three paradigms (Self-Supervised Learning, Test-
Time Adaptation, Importance Weighted Memory Sampling) that can augment the Naive
method by utilizing the newer, unsupervised data.



5.11. SUPPLEMENTARY MATERIAL 145

5.11.11 Two-stage vs single-shot sample selection

In Section 5.5, we outlined our proposed two-stage sample selection method, IWMS. In
this experiment we show empirical evidence and analysis on why predicting the class-labels
first then doing similarity matching leads to better results than simply using a similarity
score over all the memory samples. In Figure 5.19, we illustrate the evolution of the
similarity scores of the two matching policies. On the left, the matching is done purely
based on the similarity scores, whereas on the right only those samples were compared
against those memory samples whose labels match the predicted labels. In the middle
plot, we show that by implementing the two-stage selection, we increase the effectivity of

the similarity matching by a large margin, +7.8%.

Similarity Matching without Classification Similarity Matching after Classification

Performance of Similarity Matching Policy

—+— Two-stage 235
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Figure 5.19: The evolution of Similarity Scores between the unsupervised and memory
samples over time. On each histogram, we plot the distribution of the cosine similarity
scores between the feature representations of the yet to be labeled samples and the samples
in the memory that already received their labels. On the top row we show the initial
distributions and going from top down, the evolution of the two distribution is illustrated
over the time steps.
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5.11.12 Extended Literature Review on Online Learning

Online Learning vs Online Continual Learning: Online Learning and Online Contin-
ual Learning, while both involve learning from data arriving sequentially, differ fundamen-
tally in scope. Online Learning typically deals with single-task streams, often assumed to
be from an i.i.d. distribution, as outlined in section 2.3 of [41] and the introduction of [60].
In contrast, Online Continual Learning (OCL) is more concerned with non-stationary
streams that undergo frequent changes in distribution, where mitigating forgetting is one

of several challenges [60, 146, 14].

Non-i.i.d. distribution of unsupervised data: While our work focuses on evolving
distributions, work such as Weinberger [220] and Flaspohler [61] only considers label delay
while the distribution a time-invariant, consequently completely omitting the problem of
distribution shift. Majority of the prior online learning work [234, 155, 76, 64, 168, 99, 193,
220, 120, 172, 61] ignores the difference between past and future unsupervised data. In
our proposal, all unsupervised data is newer than the last supervised data. We illustrate

the difference between the two different types of unsupervised data in Figure 5.17.

Considering catastrophic forgetting: Continual Learning, both online and offline, is
concerned about performing well on previously observed data, often referred to as back-
ward transfer of the learned representations [234, 155, 76, 64, 168, 99, 193, 220, 120, 172,
61]. This is different from Online learning where the problem of forgetting is not consid-
ered. Even in more recent Online Continual Learning work, backward transfer have been
given slightly lower priority [87, 69, 20] where the authors have reported them only in the

appendix.
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5.12 Conclusion

We present a novel experimental setup for online continual learning that incorporates the
observation of the time gap between input samples and their corresponding supervised
labels. This framework enables the model to leverage unlabeled data in an unsupervised
manner during the initial stages and seamlessly incorporate labeled data as it becomes
available over time. By bridging the gap between unsupervised learning and online con-
tinual learning, our methods adapt dynamically to evolving data distributions, achieve
competitive performance, and contribute to the development of more flexible and efficient

learning systems in real-world scenarios.
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Conclusion

The field of machine learning has witnessed remarkable progress in recent years, with mod-
els becoming increasingly capable of tackling complex, real-world challenges. This thesis
has explored the critical issue of distribution shift under strong computational constraints
- a pervasive challenge that hinders the deployment of machine learning models in many

practical applications.

Through a progression of contributions, this work has demonstrated the effectiveness of
unsupervised methods in bridging distribution discrepancies and enabling efficient, adapt-
able models suitable for resource-constrained environments. From unsupervised cluster-
ing for efficient image recognition and generation to unsupervised domain adaptation for
cross-domain object detection, the techniques presented showcase the power of leveraging

unlabeled data to improve model robustness and generalization.

6.1 Summary of Contributions

Chapter 2: Unsupervised Clustering for Efficient Image Recognition

In this paper we demonstrate the superiority of networks trained on a subset of the training
set holding similar properties, which we refer to as local experts. We address the two main

challenges of training and employing local experts in real life scenarios, where subset

149
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labels are not available during test nor training time. Followed by that, we propose
a method, called Diversified Dynamic Routing that is capable of jointly learning local
experts and subset labels without supervision. In a controlled study, where the subset
labels are known, we showed that we can recover the original subset labels with 98.2%
accuracy while maintaining the performance of a hypothetical Oracle model in terms of

both accuracy and efficiency.

To analyse how well this improvement translates to real life problems we conducted exten-
sive experiments on complex computer vision tasks such as segmenting street objects on
images taken from the driver’s perspective, as well as detecting common objects in both
indoor and outdoor scenes. In each scenario we demonstrate that our method outperforms

Dynamic Routing [129].

Even though this approach is powerful in a sense that it could improve on a strong base-
line, we are aware that the clustering method still assumes subsets of equal and more
importantly sufficient size. If the dataset is significantly imbalanced w.r.t. local biases
the K-means approach might fail. One further limitation is that if the subsets are too
small for the local experts to learn generalizable representations our approach might also
fail to generalize. Finally, since the search space of the architectures in this work is de-
fined by Dynamic Routing [129] which is heavily focused on scale-varience. We believe that
our work can be further generalized by analyzing and resolving the challenges mentioned

above.

Chapter 3: Unsupervised Clustering for Image Generation

We conclude that it is not necessary for a generator to have equal capacity adversary to
converge, meaning that the standard GAN training procedure could be enhanced with
multiple (and even weaker) discriminators specialized only in attracting the model distri-

bution of the generator to their corresponding modes.
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DoPaNet is proven experimentally to utilize the capability of multiple discriminators by
partitioning the target distributions into several identifiable modes and making each dis-
criminator work on a separate mode. Thus, it reduces the complexity of the modes to be
learnt by each discriminator. We show qualitatively and quantitatively that DoPaNet is
able to better cover the real distribution. We observe that the generator is also able to
sample from different identifiable modes of the data distribution given the corresponding

code vectors.

Chapter 4: Unsupervised Domain Adaptation for Cross-Domain Object

Detection

In this work we have addressed the problem of cross-domain object detection. After
conducting extensive studies on previous approaches, we categorized different components
into 3 classes: image, feature and output level domain adaptation. Our proposed method
is the first to successfully employ all levels of domain adaptation. Our method consists of
3 stages: 1) translate labeled source images to make them appear similar to target images
2) train a teacher network on translated images while aligning its features to the target
domain 3) use the teacher model to generate pseudo-labels, then train a student model on
the translated source images and the pseudo-labeled target images. Compared to recent
state-of-the art works, our method uses simple adaptation techniques at each stage and

still outperforms complex algorithms on every commonly used benchmark.

Chapter 5: Label Delay in Online Continual Learning

We motivate modeling real-world scenarios by introducing the label delay problem. We
show how severely and unpredictably it hinders the performance of approaches which
naively ignore the delay. To address the newfound challenges, we adopt the three most
promising paradigms (Pseuodo-Labeling, S4L. and TTA) and propose our own technique

(IWMS). We provide extensive empirical evidence over four large-scale datasets posing
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various levels of distribution shifts, under multiple label delay scenarios and, most im-
portantly, under normalised computational budget. IWMS simply stores and and reuses
the embeddings of every observed sample during memory rehearsal where the most rele-
vant labeled samples to the new unlabeled data are rehearsed. Due to its simplicity, the

robustness against changes in the data distribution can be implemented very efficiently.

6.2 Future challenges

Scalability Studies

The scalability and computational efficiency of unsupervised learning methods remain
significant challenges as datasets continue to grow in size and complexity. While this thesis
has demonstrated the effectiveness of unsupervised methods in addressing distribution
shift, further research is needed to develop even more computationally efficient techniques
that can handle larger datasets and more complex models. This may involve exploring
novel architectures, optimization strategies, or data preprocessing techniques that can
reduce the computational burden while preserving the benefits of unsupervised learning.
Additionally, investigating the trade-offs between model performance and computational
efficiency will be crucial in determining the practical applicability of unsupervised methods

in real-world settings.

Bootstrapping from Expert Knowledge

Another important challenge lies in integrating domain knowledge into unsupervised learn-
ing methods. While unsupervised learning allows models to discover patterns and struc-
tures in data without explicit labels, incorporating domain-specific knowledge can poten-
tially lead to more accurate and interpretable models. This may involve exploring ways
to combine unsupervised learning with expert feedback or guidance, such as through ac-

tive learning or semi-supervised learning approaches. Additionally, developing methods to
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interpret and explain the learned representations in unsupervised models can help build
trust and facilitate the adoption of these techniques in domain-specific applications. Fur-
ther research into effective strategies for integrating domain knowledge and improving the

interpretability of unsupervised models will be crucial in addressing this challenge.

Federated Learning

Federated learning has emerged as a paradigm for training machine learning models on de-
centralized data while preserving the privacy of individual users or institutions. However,
most existing federated learning approaches rely on supervised learning, which requires la-
beled data from all participating clients. Extending unsupervised learning methods to the
federated setting could enable the discovery of patterns and structures in decentralized
data without the need for explicit labels, opening up new possibilities for collaborative

learning and analytics.

However, federated unsupervised learning also poses several challenges, particularly in the
presence of computational constraints and label delay. Developing communication-efficient
algorithms that can minimize the amount of data exchanged between clients and the cen-
tral server is crucial for scaling federated unsupervised learning to large-scale distributed
systems. Additionally, the limited computational resources available on individual de-
vices may require the development of lightweight unsupervised learning methods that can

operate under strict memory and processing constraints.

Another key challenge in federated unsupervised learning is dealing with label delay and
distribution shift. In many real-world scenarios, labels may arrive with a significant delay
or may not be available at all, requiring unsupervised methods to adapt to evolving data
distributions and learn from unlabeled data. Investigating techniques for aligning and
combining representations learned from multiple clients in the presence of distribution

shift and label delay is an important direction for future research.
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Addressing these challenges will require a combination of advances in unsupervised learn-
ing, federated optimization, and computational efficiency. Techniques such as model com-
pression, quantization, and pruning may help reduce the computational cost of unsuper-
vised learning methods, while communication-efficient aggregation protocols and adaptive
learning rates may help optimize the performance of federated algorithms. Incorporat-
ing techniques from domain adaptation and transfer learning may also help mitigate the

effects of distribution shift and label delay in federated unsupervised learning.

6.3 Concluding remarks

As machine learning continues to evolve and tackle increasingly complex real-world chal-
lenges, the importance of unsupervised learning will only grow. This thesis represents
a significant step forward in the development of efficient and adaptable unsupervised
methods, paving the way for future research and applications in this exciting field. By
addressing the challenges of distribution shift under computational constraints, this work
contributes to the democratization of machine learning, making it more accessible and

applicable to a broader range of real-world problems.

In conclusion, this thesis has explored the use of unsupervised methods to bridge distri-
bution discrepancies in deep learning vision tasks, demonstrating their effectiveness and
efficiency in increasingly complex and realistic settings. The contributions of this work
have the potential to impact a wide range of real-world applications and inspire future
research in unsupervised learning. As the field continues to advance and tackle ever more
challenging problems, the importance of unsupervised learning in enabling robust, efficient,

and adaptable models will only continue to grow.
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