TOWARDS ROBUST VISUAL PERCEPTION
SYSTEMS IN REAL-WORLD ENVIRONMENTS

A Dissertation
Presented to the Faculty of the Graduate School
of Cornell University
in Partial Fulfillment of the Requirements for the Degree of

Doctor of Philosophy

by
Hubert Lin
May 2022



(© 2022 Hubert Lin
ALL RIGHTS RESERVED



TOWARDS ROBUST VISUAL PERCEPTION SYSTEMS IN REAL-WORLD
ENVIRONMENTS
Hubert Lin, Ph.D.

Cornell University 2022

Computer vision models are conventionally trained on, and benchmarked
against, curated datasets. While very high performance can be achieved in
these settings, it is more challenging to deploy these models in the real world.
When computer vision models are used in new environments, they must over-
come distribution shift between their training data and their test environment.
We consider computer vision models to be robust when they can perform well
on a variety of images captured from different environments. This dissertation
explores several research problems towards building perception systems that are
robust in the real world.

Building and labeling datasets is a key step for training a strong computer
vision system. Capturing and representing a large diverse set of images allows
our models to have experience with images from a variety of environments.
However, data annotation is difficult, so efficiently labeling data is an important
challenge to consider. It is also useful to consider the human visual system as a
gold-standard point of reference for a robust visual system, as humans can readily
understand new images. Paintings are an interesting type of image which are
created by humans for human consumption — a key property of artwork lies in its
ability to convey perceptual realism without necessarily being physically realistic.
We would like our computer vision models to be able to understand paintings

as well, and learning from paintings may allow computer vision models to be



more robust. Lastly, even our best efforts to build robust models will not lead to
a perfect model, and it is important to reason about failures and uncertainties
when these models are used. We touch upon each of these challenges in the
dissertation.

First, a direct way to overcome distribution shift is to as closely mimic the
real world distribution of (image, label) pairs as possible in the datasets we
use. However, labeling data is very expensive and time-consuming. In the first
work, we propose a new efficient annotation method for semantic segmentation.
Our pipeline divides the traditional per-pixel annotation task for an entire image
into per-pixel annotation for image subregions. This task is more palatable for
annotators and leads to an increase in label quality for a lower cost. Furthermore,
we find that only annotating a small number of image subregions is sufficiently
informative for models to outperform conventional annotation and inexpensive
weakly-supervised annotation methods.

Next, we explore paintings as a medium for studying perception systems,
and their utility as an alternative source of training data from natural images.
The image distribution of paintings are different from the distribution of natural
photographs, but paintings often depict meaningful objects and scenery that
parallel those found in the real world. Common computer vision models are
developed for natural photographs, and most existing labeled datasets focus
on natural images. We explore several use cases of such models applied to
paintings instead. Furthermore, paintings may emphasize features or invariances
that humans utilize for robust perception, as they can be perceptually realistic
without being physically realistic. Indeed, for finegrained fabric classification,
we find evidence that models trained on paintings focus on cues that are both

more interpretable and generalizable.



The next work extends our previous findings by systematically exploring the
invariances encoded in paintings for natural image recognition. We study how
models behave when trained with real paintings and style transfer. Style trans-
fer is a type of data augmentation that promises to create painting-like images
from natural photographs. We train models on natural photographs, paintings,
and/or stylized images, and evaluate them on test data representing real-world
distribution shifts. Perception models must overcome such shifts to successfully
understand different environments — for example, the test photographs may
contain noise, or be drawn from another dataset which was sampled from differ-
ent viewpoints than the training images. Our results show that learning from
a combination of natural photographs and paintings leads to models that are
far more robust than learning from natural photographs alone. Interestingly, we
also find that style transfer does not capture the same invariances as paintings,
and that paintings are unique among various artforms in enabling recognition
models to learn useful invariances for natural image recognition.

Finally, we conclude with a real world case study in using visual perception
for autonomous navigation. Even the most accurate perception model will not
be perfect, and it is important to account for failures when using these models
as a building block in an autonomous sytem. We propose a planning pipeline
that reasons about uncertainty in semantic segmentations to find a safe path in
unknown environments. Given predictions of terrain and obstacles from a view
of a scene, the autonomous agent determines which subsequent views of the
environment to capture. By taking multiple views of the environment, the agent
increases its confidence in successfully selecting a viable path across safe terrain
to a goal location. Our results show that this pipeline allows safe paths to be

planned when deployed in real world environments with noisy and inaccurate



model predictions.

These works represent meaningful steps towards tackling some key chal-
lenges in building robust perception systems: acquiring high-quality and diverse
training data, learning robust features for recognition, and reasoning about
perception uncertainties within broader autonomous systems. However, the
problem of building a robust perception system is multifaceted in its complexities
and challenges, and many exciting research problems remain to be explored in

future work.
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CHAPTER 1
INTRODUCTION

Humans perceive the world around them through many senses: touch, taste,
sound, smell, and sight. Each of these senses serve to shape our understanding of
the world, and for many of us, visual perception plays a uniquely important role
in our lives. From a young age, we learn about the world from observing how
people interact, how objects move, and how light bounces off different surfaces
in a room. With experience, we learn to scan our environment for important
visual cues that tell us where objects might move, which surfaces are safe to
walk on, and what obstacles we need to be aware of. Through visual media,
whether in the form of photographs, videos, artwork, or written text, we are
able to communicate new ideas, find entertainment, and understand different

cultures.

Can a machine meaningfully perceive the visual world? The field of computer
vision aims to understand how we can build computer models that can under-
stand visual information. A decade ago, deep learning unveiled its potential in
computer vision — by “learning” with a series of interconnected artificial neurons,
the seminal AlexNet model boasted a 37% reduction in error rate relative to
the best performing method at the time (Table 2 of [75]) on a challenging image
recognition task. At the time of writing this dissertation, the original AlexNet pa-
per [78] has accumulated over 98000 citations (To the reader: how many citations
does AlexNet have now?). Deep learning quickly took over as the paradigm for
building high-performing computer vision systems. Today, these systems are
widely used, playing significant roles in common consumer products such as

cell-phones and social media, and in cutting edge developments in self-driving,



medical diagnostics, and drug discovery.

Training a deep neural network amounts to optimizing the hundreds of thou-
sands to billions parameters that define its artificial neurons; this optimization
requires a large amount of data to meaningfully fit the model. Historically, deep
learning models have been developed on — and benchmarked against — curated
datasets, allowing for controlled scientific comparisons between advancements
in new deep learning techniques. On the now-famous ImageNet-1K dataset,
computer vision models have long surpassed human performance [59] — a super-

human feat (literally!).

Of course, the story is not that simple. Early work revealed a weakness of
deep models to seemingly innocuous patterns of imperceptible noise — noise
so weak in magnitude that human observers could not identify the existence
of these patterns in manipulated images. Yet, these patterns would cause deep
networks to confidently misidentify the content of manipulated images [156],
such as classifying an image of a “bus” as an “ostrich”. This brittleness of deep
learning to such adversarial examples gives evidence that the superhuman nature
of deep networks hinges on carefully controlled laboratory conditions provided
by benchmark datasets. Even without the presence adversarial manipulations
designed to break deep learning models, computer vision systems can still
struggle to perform well across data drawn different sources. Scientists have
studied the ability of models to generalize to different visual domains [165, 193]
- can a model trained on photographs learn to recognize objects in paintings?;
or, can a model that has only seen images of one city recognize attributes of
scenes in another city? In many cases, deep computer vision models are unable

to transfer its performance between these different settings.



These failures arise from distribution shift between the training data and test
environment [136, 152]. Many characterizations of distribution shift have been
studied, with a popular assumption being covariate shift in which the distribution
of image features are different between training and testing. Suppose a classifier
is trained to distinguish cats from dogs. However, imagine all of the training
images of cats are of orange cats and all of the training images of dogs are of
black dogs. The classifier may place a very high weight on the color of the animal
to minimize its loss during training, but this will cause it to perform quite poorly

in reality where it may be exposed to cats or dogs of different colors.

As deep learning becomes ever more integrated in our lives, and as it con-
tinues to play a more significant role in multidisciplinary scientific research, it
is important to consider the behavior of these models in different real-world
environments. Failures of these models can lead to unintended consequences
for human safety or societal fairness. Therefore, there is a clear need for robust
perception systems — systems that perform well in different real-world envi-
ronments, and hold their own against the naturally-ocurring distribution shifts
between the data they are trained on and the environments they are applied in.

This dissertation aims to address several facets of this problem.

One way to mitigate distribution shift in the real world is to simply learn
from more data. Unfortunately, the world is a big place; and the amount of
images produced today is never-ending. Proprietary industry datasets, like
JFT300M [63, ] and the Instagram hashtag dataset [105], contain labels for
millions to billions of images, but these only represent a fraction of images in the
world. What is the best way to take advantage of this data? Although methods

for learning directly from unlabeled data are promising, the best performing



models are those trained with some amount of annotations [37]. How can we
efficiently annotate data, which data samples should be annotated, and what

kind of annotations should we strive for?

Instead of directly modeling the image distribution by labeling a representive
dataset, we can also focus on learning the most useful features for recognition.
How do we encourage model to focus on useful features in images? A simple but
very effective solution is enforcing robust model invariances via data augmentation.
Data augmentations are transformations applied to images that preserve its
semantic content [148]. For example, humans are able to recognize most objects
in a mirror. Applying a left-right reflection to an image is a common form
of data augmentation that corresponds to this. By learning from images and
their flipped versions, models are encouraged to be invariant to such mirroring
transformations when recognizing objects. Which invariances should be learned
by our models? As mentioned in the opening, humans are able to understand
the visual world quite well, and it could be beneficial for our computer vision
systems to learn similar invariances to the human perception system. Note
that data augmentation can also be viewed as expanding or smoothing the
empirical distribution of the training dataset through semantically-invariant
transformations, and so it is closely related to the data annotation approach

discussed previously.

Finally, even the best efforts in mitigating distribution shift will never be
perfect, and models will inevitably make incorrect predictions. When visual
perception models are used in a larger system, how can we account for model
failures? This is especially critical for systems where safety is of concern, such as

in autonomous navigation.



This dissertation explores some of the above questions in the following chap-

ters.

First, Chapter 2 describes a new data annotation method to efficiently su-
pervise perception models [96]. A direct way to overcome distribution shift is
to as closely mimic the real world distribution of (image, label) pairs as
possible in the datasets we use. However, labeling data is very expensive and
time-consuming. For tasks like semantic segmentation, which aims to assign
labels to every pixel, annotators must spend minutes to hours to label just a
single image [28, 192]. Efficient data labeling can be achieved by simplifying
the annotation task through task size reduction; focusing on providing partially-
complete, yet informative, labels; or better (semi-automated) labeling tools. We
propose to divide the traditional per-pixel annotation task for an entire image
into per-pixel annotation for image subregions. This task is more palatable for
annotators and leads to an increase in label quality for a lower cost. Furthermore,
we find that only annotating a small number of image subregions is sufficiently
informative for models to outperform conventional and recent weak annotation

methods with any fixed budget. This work was published in ICCV 2019 [96].

Next, Chapter 3 explores paintings as a medium for studying perception
systems, and their utility as an alternative source of data from natural images
for training models [95]. The image distribution of paintings are different from
the distribution of natural photographs, but paintings often depict meaningful
objects and scenery that parallel those found in the real world. The human visual
system is robust and can readily understand the depictions found in paintings.
In recent work, we created a new large-scale dataset of depictions of materials in

paintings spanning more than 500 years [162]. Here, we present some studies of



how common computer vision models perform when applied to the recognition
of such depicted materials, like wood or fabric. Although common computer
vision models are developed for natural photographs, our results show that
they may be used out of the box or quickly finetuned with labeled data for
material understanding in paintings. However, adapting models without labels
is difficult, and we found that standard domain adaptation algorithms may reduce
performance when applied to this data. Furthermore, an interesting attribute of
paintings is that they encode quirks of human visual system through their ability
to convey realism without necessarily conforming to physical reality [19, 107].
This suggsts that paintings may emphasize features or invariances that are useful
for robust human-like perception. For finegrained fabric classification, we find
evidence that models trained on paintings focused on cues that were both more
interpretable and generalizable. This work was published in the International
Workshop on Fine Art Pattern Extraction and Recognition, ICPR 2020 [98], and
builds upon work that was eventually published in PLOS One 2021 [162].

Chapter 4 extends our previous findings by systematically exploring the in-
variances encoded in paintings for natural image recognition [97]. We study how
models behave when trained with real paintings and style transfer. Style trans-
fer is a type of data augmentation that promises to create painting-like images
from natural photographs. We train models on natural photographs, paintings,
and/or stylized images, and evaluate them on test data representing real-world
distribution shifts. Perception models must overcome such shifts to successfully
understand different environments — for example, the test photographs may
contain noise, or be drawn from another dataset which was sampled from differ-
ent viewpoints than the training images. Our results show that learning from

a combination of natural photographs and paintings leads to models that are



far more robust than learning from natural photographs alone. Interestingly, we
also find that style transfer does not capture the same invariances as paintings,
and that paintings are unique among various artforms in enabling recognition
models to learn useful invariances for natural image recognition. This work was

published in CVPR 2021 [97].

Finally, Chapter 5 presents a real world case study in using visual perception
for autonomous navigation [55]. Even the most accurate perception model will
not be perfect, and it is important to account for failures when using these models
as a building block in an autonomous sytem. We propose a planning pipeline
that reasons about uncertainty in semantic segmentations to find a safe path in
unknown environments. Given predictions of terrain and obstacles from a view
of a scene, the autonomous agent determines which subsequent views of the
environment to capture. By taking multiple views of the environment, the agent
increases its confidence in successfully selecting a viable path across safe terrain
to a goal location. Our results show that this pipeline allows safe paths to be
planned when deployed in real world environments with noisy and inaccurate

model predictions. This work was published in ICRA 2020 [55].

This dissertation touches upon several challenges of building robust percep-
tion systems: better data annotation pipelines for acquiring high-quality and
diverse training data, learning robust features for recognition, and reasoning
about perception uncertainties when using these visual recognition models are
used in autonomous systems. The directions we explore in this work represent
only a small fraction of the number of exciting research directions towards solv-
ing each of these challenges. In Chapter 6, we conclude with a brief discussion

of fruitful directions for future work and relevant lines of concurrent research.



These include data labeling and sample selection, learning from partially-labeled
or unlabeled data, building test benchmarks that represent diverse image dis-
tributions, learning robust features with data augmentation or different model

architectures, and adapting models to failures on the fly.



CHAPTER 2
EFFICIENT IMAGE ANNOTATION FOR SEMANTIC SEGMENTATION

2.1 Overview

Semantic segmentation models are tasked with predicting labels for every pixel
in an image. Image datasets with high-quality pixel-level annotations are valu-
able for learning this task, and datasets with fully-annotated images in which
every pixel in an image are labeled ensure that rare classes and small objects
are modeled during training. However, full-image annotations are expensive,
with experts spending minutes to hours per image. As such, better annotation
pipelines are needed. Cost-efficient annotation should satisfy one or more of
the following properties: (a) it produces labels that contain highly informative
signals for model learning (so that fewer annotations are required to train a
strong perception model), (b) the task should be easy or fun to perform (so that
the annotation task can be outsourced to crowdworkers without demanding
high skill prequisites), and/or (c) the task should be fast to perform (so that more
labels can be acquired in a shorter time period). We propose a novel annotation
method which produces informative, high quality labels while also being easy to

perform.

This chapter presents a novel block sub-image annotation as a replacement
for conventional full-image annotation. In other words, an image is sub-divided
into smaller regions, and a worker is tasked with annotating such regions from
various images rather than entire images at once. Despite the attention cost of
frequent task switching, we find that block annotations can be crowdsourced

at higher quality compared to full-image annotation with equal monetary cost



using existing annotation tools developed for full-image annotation. Surprisingly,
we find that 50% pixels annotated with blocks allows semantic segmentation
to achieve equivalent performance to 100% pixels annotated. This is because
sub-image blocks are still densely annotated with valuable semantic boundary
information, which is crucial for learning high performing semantic segmentation
models. In fact, as little as 12% of pixels annotated allows performance as
high as 98% of the performance with dense annotation. In weakly-supervised
settings, block annotation outperforms existing methods by 3-4% (absolute)
given equivalent annotation time. To recover the necessary global structure for
applications such as characterizing spatial context and affordance relationships,
we propose an effective method to inpaint block-annotated images with high-
quality labels without additional human effort. As such, fewer annotations can

also be used for these applications compared to full-image annotation.

The work in this chapter was published in ICCV 2019 as “Block Annota-
tion: Better Image Annotation with Sub-Image Decomposition” [96] with Paul

Upchurch and Kavita Bala.

2.2 Introduction

Input Image
359""9”13“0” Input Pa” Inpalnted Label
Block annotations J J ’7 [’7
A
1 Block annotations
1

Figure 2.1: Block Annotation Overview. (a) Sub-image block annotations are
more effective to gather than full-image annotations (b) Training on sparse block
annotations enables semantic segmentation performance equivalent to full-image
annotations (c) Block labels can be inpainted with high-quality labels.
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Recent large-scale computer vision datasets place a heavy emphasis on high-
quality fully dense annotations (in which over 90% of the pixels are labelled)
for hundreds of thousands of images. Dense annotations are valuable for both
semantic segmentation and applications beyond segmentation such as char-
acterizing spatial context and affordance relationships [17, 55]. The long-tail
distribution of classes means it is difficult to gather annotations for rare classes,
especially if these classes are difficult to segment. Annotating every pixel in
an image ensures that pixels corresponding to rare classes or small objects are
labelled. Dense annotations also capture pixels that form the boundary between
classes. For applications such as understanding spatial context between classes
or affordance relationships, dense annotations are required for principled conclu-
sions to be drawn. In the past, polygon annotation tools have enabled partially
dense annotations (in which small semantic regions are densely annotated) to be
crowdsourced at scale with public crowd workers. These tools paved the way for
the cost-effective creation of large-scale partially dense datasets such as [10, 99].
Despite the success of these annotation tools, fully dense datasets have relied
extensively on expensive expert annotators [156, 25, , , ] and private

crowdworkers [17].

We propose annotation of small blocks of pixels as a stand-in replacement
for full-image annotation (figure 2.1). We find that these annotations can be
effectively gathered by crowdworkers, and that annotation of a sparse number
of blocks per image can train a high performance segmentation network. We
further show these sparsely annotated images can be extended automatically to

full-image annotations.

We show block annotation has:

11



e Wide applicability. (Section 2.4) Block annotations can be effectively crowd-
sourced at higher quality compared to full annotation. It is easy to implement

and works with existing advances in image annotation.

o Cost-efficient Design. (Section 2.4) Block annotation reflects a cost-efficient
design paradigm (while current research focuses on reducing annotation time).
This is reminiscent of gamification and citizen science where enjoyable tasks lead

to low-cost high-engagement work.

e Complex Region Annotation. (Section 2.4) Block annotation shifts focus from
labeling regions of specific semantic categories (e.g., “label all dogs in this image”)
to spatial regions (e.g., “label all regions in this part of the image”). When
annotating categorical regions, workers segment simple objects before complex
objects. With spatial regions, informative complex regions are forced to be

annotated.

e Weakly-Supervised Performance. (Section 2.5) Block annotation is compet-
itive in weakly-supervised settings, outperforming existing methods by 3-4%

(absolute) given equivalent annotation time.

e Scalable Performance. (Section 2.5) Full-supervision performance is achieved
by annotating 50% of blocks per image. Thus, blocks can be annotated until

desired performance is achieved, in contrast to methods such as scribbles.

e Scalable Structure. (Section 2.6) Block-annotated images can be effectively

inpainted with high quality labels without additional human effort.

12



2.3 Related Work and Background

In this section we review recent works on pixel-level annotation in three areas:
human annotation, and human-machine annotation, and dense segmentation

with weak supervision.

Human Annotation. Manual labeling of every pixel is impractical for large-
scale datasets. A successful method is to have crowdsource workers segment
polygonal regions to click on boundaries. Employing crowdsource workers
offers its own set of challenges with quality control and task design [173, 10, 160].
Although large-scale public crowdsourcing can be successful [99] recent bench-
mark datasets have resorted to in-house expert annotators [28, 118]. Annotation
time can be reduced through improvements such as autopan, zoom [10] and
shared polygon boundaries [156]. Polygon segmentation can be augmented by
painted labels on superpixel groups [17] and Bezier curves [186]. Pixel-level
labels for images can also be obtained by (1) constructing a 3D scene from an
image collection, (2) grouping and labeling 3D shapes and (3) propagating shape
labels to image pixels [111]. In our work, we investigate sub-image polygon

annotation, which can be further combined with other methods (sec. 2.4.)

Human-Machine Annotation. Complex boundaries are time-consuming to
trace manually. In these cases the cost of pixel-level annotation can be reduced by
automating a portion of the task. Matting and object selection [139, 88, 89, 8, ,

, 16, 84, 181] generate tight boundaries from loosely annotated boundaries
or few inside/outside clicks and scribbles. [124, ] introduced a predictive
method which automatically infers a foreground mask from 4 boundary clicks,

and was extended to full-image segmentation in [3]. The number of boundary
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clicks was further reduced to as few as one by [1]. Predictive methods require an
additional human verification step since the machine mutates the original human
annotation. The additional step can be avoided with an online method. However,
online methods (e.g., [1, 84, 3]) have higher requirements since the algorithm
must be translated into the web browser setting and the worker’s machine must
be powerful enough to run the algorithm'. Alternatively, automatic proposals
can be generated for humans to manipulate: [6] generates segments, [5] generates
a set of matting layers, [188] generates superpixel labels, and [134] generates
boundary fragments. In our work, we show that human-annotated blocks can be
extended automatically into dense annotations (sec. 2.6), and we discuss how

other human-machine methods can be used with blocks (sec. )-

Weakly-Supervised Dense Segmentation. There are alternatives to training
with high-quality densely annotated images which substitute quantity for label
quality and/or richness. Previous works have used low-quality pixel-level an-
notations [195], bounding boxes [125, 75, ], point-clicks [9], scribbles [9, 95],
image-level class labels [125, 147, 4], image-level text descriptions [64] and unla-
beled related web videos [64] to train semantic segmentation networks. Combin-
ing weak annotations with small amounts of high-quality dense annotation is
another strategy for reducing cost [11, 66]. [145] proposes a two-stage approach
where image-level class labels are automatically converted into pixel-level masks
which are used to train a semantic segmentation network. We find a small num-
ber of sub-image block annotations is a competitive form of weak supervision

(sec. ).

!Offloading online methods onto a cloud service offers a different landscape of higher costs
(upfront development and ongoing operation costs).
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2.4 Block Annotation

Sub-image block annotation is composed of three stages: (1) Given an image /,
select a small spatial region I’; (2) Annotate I’ with pixel-level labels; (3) Repeat
(with different /') until [ is sufficiently annotated. In this chapter, we explore
the case where I’ is rectangular, and focus on the use of existing pixel-level

annotation tools.

Can block annotations be gathered as effectively as full-image annotations
with existing tools? In section , we show our annotation interface. In section
, we explore the quality of block annotation versus full-image annotation. In
section , we examine block annotation for a real-world dataset. In section
, we discuss the cost of block annotation and show worker feedback. In
section , we discuss how blocks for annotation can be selected in practice.
Finally, in section we discuss the compatibility of block annotation with

existing annotation methods.

2.4.1 Annotation Interface

Our block annotation interface is given in figure 2.2 and implemented with
existing tools [10]. For full image annotation, the highlighted block covers the

entire image. Studies are deployed on Amazon Mechanical Turk.
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(a) Highlighted block. (b) Finished block annotation.

Figure 2.2: Block Annotation UI. Annotators are given one highlighted block to
annotate with the remainder of the image as context.

2.4.2 Quality of Block Annotation

We explore the quality of block annotations compared to full-image annotations
on a synthetic dataset. How does the quality and cost compare between block
and full annotations? We find that the average quality for block-annotated images is

higher while the total monetary cost is about the same.

The average quality of block annotations is consistently higher, including
in small regions (figure 2.3 shows an example). The overall block annotation
error is 12% lower than the error from full annotation; for regions smaller than
0.5% of the image, the block annotation error is 6% lower. Figure 2.4 presents
the annotation error for regions where the ground truth segments are within
some range of sizes proportional to the full image size (480x640 px). Block
annotations consistently have a lower error rate in these ranges, indicating
that block annotation is advantageous regardless of the scale of segments. For

completeness, the rightmost bars show the error rate for segments of all sizes.

In figure 2.5, the cost and quality of block versus full image annotation is
shown. Remarkably, we find that workers are willing to work on block annotation

tasks for a significantly lower hourly wage. This indicates that block annotation is
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(a) (b)

Figure 2.3: SUNCG/CGlIntrinsics annotation. (a) Ground truth. (b) Block anno-
tation (zoomed-in) (c) Full annotation (zoomed-in). White dotted box highlights
an example where block annotation qualitatively outperforms full annotation.
More in appendix.
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Figure 2.4: Annotation error rate for block and full annotation for differently
sized ground truth segments. Lower is better.

more intrinsically palatable for crowdworkers, in line with [67] which shows task
design can influence quality of work. Moreover, workers are more likely to
over-segment objects with respect to ground truth (e.g. individual cushions
on a couch, handles on cabinets) with block annotation tasks. Note that block
boundaries may also divide semantic regions. Table 2.1 contains additional

statistics. Despite similar costs to annotate an image in blocks or in full, we show
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in section
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Figure 2.5: Annotation error rate for block and full annotation. Each point
represents one image. The same set of images are both block annotated and
full-image annotated. The stars represent the centroid (median). Cost/time
include estimated cost/time to assign labels for each segment [10]. Lower-left is
better. With block annotation, workers (a) choose to work for lower wages and
(b) segment more regions for less pay per region. The overall quality is higher

for block annotation.

| | Block | Full |

Error 0.253 0.286

Error (small regions) | 0.636 0.677

$/ hr $1.40 / hr $3.12 / hr

Total cost $2.00 $2.05

Total cost (median) | $1.99 $2.23

# segments 95.68 38.95

$ / segment $0.0215 $0.0595

Table 2.1: Block vs Full Annotation. Average cost and error statistics per im-
age. Error is measured via IoU against ground truth segments in the synthetic
SUNCG/CGIntrinsics dataset.

Study Details. For these experiments, we chose to use a synthetic dataset.
While human annotations may contain mistakes, synthetic datasets are gen-

erated with known ground truth labels with which annotation error can be
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computed. The CGIntrinsics dataset [94] contains physically-based renderings
of indoor scenes from the SUNCG dataset [151, 190]. We use the more realistic
CGIntrinsics renderings and the known semantic labels from SUNCG. The labels
are categorized according to the NYU40[52] semantic categories. Due to the
nature of indoor scenes, the depth and field of view of each image is smaller than
outdoor datasets. The reduced complexity means that crowdworkers are able to

produce good full-image annotations for this dataset.

We select MTurk workers who are skilled at both full-image annotation and
block annotation in a pilot study (a standard quality control practice [10]). The
tinal pool consists of 10 workers. Image difficulty is estimated by counting
the maximum number of ground truth segments in a fixed-size sliding window.
Windows, mirrors, and void regions are masked out in the images so that workers
do not expend effort on visible content for which ground truth labels do not exist
(such as objects seen through a window or mirror). We manually cull images
that include transparent glass tables which are not visible in the renderings, or
doorways through which visible content can be seen but no ground truth labels
exist. After filtering, twenty of the one hundred most difficult images are selected.
We choose a block size so that an average of 3.5 segments are in each block. This
results in 16 blocks per image. For each task, a highlighted rectangle outlines the
block to be annotated. We find that workers will annotate up to the inner edge of
the highlighted boundary. Therefore, we ensure the edges of the rectangle do not

overlap with the region to be annotated.

Workers are paid $0.06” per block annotation task and $0.96 per full-image
task. Bonuses up to 1.5 times the base pay are awarded to attempt to raise

the effective hourly wage for difficult tasks to $4 / hr. Our results show that

2§ refers to USD in throughout this chapter.
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workers are willing to work on block annotation tasks beyond the time threshold
for bonuses, effectively producing work for an hourly wage significantly lower
than the intended $4 / hr. On the other hand, workers do not often exhibit this
behavior with full annotation tasks. Different workers may work on different
blocks belonging to the same image. We use two forms of quality control: (1)
annotations must contain a number of segments greater than 25% of the known
number of ground-truth segments for that task and (2) annotations cannot be
submitted until at least 10 seconds / 3 minutes (block / full) have passed. All
submissions satsifying these conditions are accepted during the user study. For
an overview of QA methods, please refer to [135]. Labels are assigned by majority

ground-truth voting, with cost estimated from [10].

To evaluate the quality of annotations in an image with K classes, we measure

the class-balanced error rate (class-balanced Jaccard distance):

K

1 (FP.+ FN,)
te = —
error rate Z (TP, + FP, + FN,)

- 2.1)

c=1

=1—-—mIOU

2.4.3 Viability of Real-World Block Annotation

How does block annotation fare with a real-world non-synthetic dataset? To
study the viability of block annotating real-world datasets with scalable crowd-
sourcing, we ask crowdworkers to annotate blocks from images in Cityscapes [25].
We choose Cityscapes for the annotation complexity of its scenes — 1.5 hours of
expert annotation effort is required per image. In contrast, other datasets such as

[116, 17] require less than 20 minutes of annotation effort per image.
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We expect crowd work to be worse than expert work, so it is a surprisingly
positive result that the quality of the crowdsourced segments are visually com-
parable to the expert Cityscapes segments (figure 2.6). Some crowdsourced
segments are very high quality. segments (20% have fewer segments, and 33%
have the same # of segments). A summary of the cost is given in table 2.2 which
compares public crowdworkers to trained experts. It is feasible block annotation
time will decrease with expert training. Given 100 uniformly sized blocks per
image, we ask an expert to create equal-quality block and full annotations; we

tind one block is 1.56% of the effort of a full image.

b .4

Crowdsourced Expert (Cityscapes) Crowdsourced Expert (Cityscapes)

Crowdsourced Expert (Cityscapes) Crowdsourced Expert (Cityscapes)

Figure 2.6: Crowdsourced vs expert segments. Crowdsourced block-annotated
segments are compared to expert Cityscapes segments. Crowdsourced segments
are colored for easier comparison. Top-left is a high-quality example. See ap-
pendix for more.

Study Details. We searched for workers who produce high-quality work in a
pilot study and found a set of 7 workers. These workers were found within a
hundred pilot HITs (for a total cost of $4). We approved all of their submissions

during the user study. We do not restrict workers from annotating outside of the
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Block (Crowd) Full (Expert [28, 119])
$ / Task $0.13 -
Time / Task | 2 min 1.5 hr

Table 2.2: Real-world cost of annotation. Cost evaluated on Cityscapes. Each
block is annotated by MTurk workers. Full-image is annotated by experts in
[28]. Note: [28] annotates instance segments. See table for crowd-to-crowd
comparison.

block, and we do not force workers to densely annotate the block. We do not

include the use of sentinels or tutorials as in [10].

Thirteen randomly selected validation images from Cityscapes are annotated
by crowdworkers. Each image is divided into 100 uniformly shaped blocks. A
total of 650 (50 per image) are annotated in random order. Workers are paid
$0.06 per task. Workers are automatically awarded bonuses so that the effective
hourly wage at least $5 for each block, with bonuses capped at $0.24 to prevent
abuse. For one block, the total base payout is $0.06 with an average of $0.0636
in bonuses over 93 seconds of active work. On average, each annotated block
contains 3.5 segments. Assigning class labels will cost an additional $0.01 and
26 seconds [10]. To be consistent with Cityscapes, we instruct workers to not
segment windows, powerlines, or small regions of sky between leaves. However,
workers will occasionally choose to do so and submit higher quality segments

than required.

2.4.4 Annotation Cost and Worker Feedback

Our costs (tables 2.1, 2.2) are aligned with existing large-scale studies. Large-scale
datasets [10, 99] show that cultivating good workers produces high quality data
at low cost. Table 2 of [56] reports a median wage of $1.77/hr to $2.11/hr; the
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median MTurk wage in India is $1.43/hr [57]. For “image transcription”, the

median wage is $1.13 /hr over 150K tasks.

Workers gave overwhelmingly positive feedback for block annotation (table 2.3),
and we found that some workers would reserve hundreds of block annotation
tasks at once. Only 3 out of the 57 workers who successfully completed at least
one pilot or user study task requested higher pay; all other given feedback was
positive or neutral. In contrast, our pilot studies showed that workers are unwilling
to accept full-image annotation tasks if the payment is reduced to match the wage of block
annotation. We conjecture that task enjoyment leads to long term high-quality

output (c.f. [67]).

“Nice” “Fun” Release |Increase
IIGOOdI/ " y llEaSy/l IIOkay/l
uGreat// Ha-ppy MO].’e HITS Pay

# 8 5 4 2 2 3

Table 2.3: Block annotation worker feedback. Free-form responses are aggre-
gated over SUNCG and Cityscapes experiments, and collected at most once per
worker. All 24 sentiments across all 19 worker responses are summarized.

2.4.5 Block Selection

Our experiments show that workers are comfortable annotating between 3 to
6 segments per block. Therefore, block size can be selected by picking a size
such that the average number of segments per block falls in this range. For a
novel dataset, this can be done fully labelling several samples and producing
an estimate from the fully labelled samples. Without priors on spatial distri-
bution of rare classes or difficult samples within an image, a checkerboard or

pseudo-checkerboard pattern of blocks focuses attention (across different tasks)
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uniformly across the image. Far apart pixels within an image are less correlated
than neighboring pixels. Therefore, it is good to sample blocks that are spread

out to encourage pixel diversity within images.

2.4.6 Compatibility with Existing Annotation Methods

Block annotation is compatible with many annotation tools and innovations

besides polygon boundary annotation.

Point-clicks and Scribbles. Annotations such as point clicks or scribbles are
faster to acquire than polygons, which leads to a larger and more varied dataset
at the same cost. Combining this with blocks will further increase annotation
variety due to the diversity that come from annotating a few blocks in many
images over annotating fewer number of images fully. Additionally, [9, 11] show
that the most cost-effective method for semantic segmentation is a combination
of densely annotated images and a large number of point clicks. The densely
annotated images can be replaced by polygon block annotations since they also

contain class boundary supervision for the segmentation network.

Superpixels. Superpixel annotations enable workers to mark a group of
visually-related pixels at once [17]. This can reduce the annotation time for
background regions and objects with complex boundaries. Superpixel annota-

tion can be easily deployed to our block annotation setting.

Polygon Boundary Sharing. Boundary sharing reuses existing boundaries so
that workers do not need to trace each boundary twice [186]. This approach can

be easily deployed in our block annotation setting.
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Curves. Bezier tools allow workers to quickly annotate curves [156]. It can be
easily deployed in our block annotation setting but it may be less effective on

long curves since each part of the curve must be fit separately.

Interactive Segmentation. Recent advances in interactive segmentation (e.g.,
[1, 110, 3]) utilize neural networks to convert sparse human inputs into high
quality segments. For novel domains without large-scale training data, block-
annotated images can act as cost-efficient seed data to train these models. Once
trained, these methods can be applied directly to each block, although further
analysis should be conducted to explore the efficiency of such an approach due

to block boundaries splitting semantic regions.

2.5 Segmentation Performance

How well do block annotations serve as training data for semantic segmentation?
In section , the experimental setup is summarized. In section , We
evaluate the effectiveness of block annotations for semantic segmentation. In
section , we compare block annotation with existing weakly supervised

segmentation methods.

2.5.1 Experimental Setup

Pixel Budget. We vary the “pixel budget” in our experiments to explore seg-
mentation performance across a range available annotated pixels. “Pixel budget”

refers to the % of pixels annotated across the training dataset, which can be
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controlled by varying the number of annotated images, the number annotated
blocks per image, and the size of blocks per image. Our block sizes are fixed in

our experiments.

Block Size. We divide images into a 10-by-10 grid for our experiments.

Block Selection. We experiment with two block selection strategies: (a)
Checkerboard annotation and (b) Pseudo-checkerboard annotation. Checker-
board annotation means that every other block in a variable number of images are
annotated. Pseudo-checkerboard annotation means that every N blocks are anno-

. : . # pixels in dataset
tated in every image, where N is P

: . For example, with a
pixel budget

pixel budget equivalent to 25% of the dataset, every fourth block is annotated for
the entire dataset. At pixel budget 50%, checkerboard and pseudo-checkerboard

are identical.

For the remainder of the chapter, “Block-X%" refers to pseudo-checkerboard

annotation in which X% of the blocks per image are annotated.

Sementation Model. We use DeepLabv3+[24] initialized with the official pre-
trained checkpoint (pretrained on ImageNet [33] + MSCOCO [99] + Pascal
VOC [39]). The network is trained for a fixed number of epochs. See appendix

for additional details.

Datasets. Cityscapes is a dataset with ground truth annotations for 19 classes
with 2975 training images and 500 validation images. ADE20K contains ground
truth annotations for 150 classes with 20210 training images and 2000 validation
images. These datasets are chosen for their high quality dense ground truth

annotations and for their differences in number of images / classes and types of
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scenes represented. The block annotations are synthetically generated from the

existing annotations.

2.5.2 Evaluation

Blocks vs Full Image. How does block annotation compare to full-image an-
notation for semantic segmentation? We plot the mIOU achieved when trained

on a set of annotations against pixel budget in figure

For both Cityscapes and ADE20K, block annotation significantly outperforms
full-image annotation. The performance gap widens as the pixel budget is de-
creased — at pixel budget 12%, the reduction in error from full annotation to
block annotation is 13% on Cityscapes (10% for ADE20K). For any pixel bud-
get, pseudo-checkerboard block annotation annotates fewer pixels per image
which means more images are annotated. Therefore, our results indicate that
the quantity of annotated images is more valuable than the quantity of annota-
tions per image. The pseudo-checkerboard block selection pattern consistently

outperforms the checkerboard block selection pattern and full annotation.

Number of Blocks vs Optimal Performance. How many blocks need to be
annotated for segmentation performance to approach the performance achieved
by training on full-image annotations for the entire dataset? In table 2.4, we show
results when the network is trained on the full dataset compared to pseudo-

checkerboard blocks.

Remarkably, we find that checkerboard blocks with 50% pixel budget allow the

network to achieve similar performance to the full dataset with 100% pixel budget,
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Validation mIOU
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Cityscapes
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Pixel Budget (% of full dataset)

ADE20K
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Pseudo-checkerboard
Checkerboard
Full

30

10 20 30 40 50

Pixel Budget (% of full dataset)

Figure 2.7: Semantic segmentation performance. Training images are annotated

with different pixel budgets. Pseudo-checkerboard block annotation outperforms
checkerboard and full annotation.

Optimal (Full) Block-50% Block-12%
Cityscapes 77.7% 77.7% 74.6%
ADE20K 37.4% 37.2% 36.1%

Table 2.4: Semantic segmentation performance when trained on all images.

Training with block annotations uses fewer annotated pixels than full annotation
but achieves equivalent performance.

indicating that at least 50% of the pixels in Cityscapes and ADE20K are redundant
for learning semantic segmentation. Furthermore, with only 12% of the pixels
in the dataset annotated, relative error in segmentation performance is within

12% /2% of the optimal for Cityscapes/ADE20K. These results suggest that fewer
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than 50% of the blocks in an image need to be annotated for training semantic

segmentation, reducing the cost of annotation reported in section

Block Locations vs Performance. How does the location of blocks sampled
within an image affect semantic segmentation performance? In this experiment,
we train a model with either (a) blocks sampled in a checkerboard pattern or
(b) uniformly randomly sampled from the same grid. In both cases, 50% of the

blocks are labelled in each image.

The network trained on randomly sampled blocks achieves 77.1% mIOU
while the network trained on checkerboard blocks achieves 77.7% mIOU. The
increase in performance in checkerboard annotations over randomly sampled
blocks is due to pixel diversity (pixels far apart in an image are less correlated
than neighboring pixels). This is similar to the effect observed in the first ex-
periment which shows that pixel diversity due to image diversity increases
performance. These observations are aligned with our expectations in section

. In this experiment, we used all images from Cityscapes and created: (a)
random block annotations (sample 50% of blocks for each image) and (b) checker-
board block annotations. To ensure that results are not due to sampling bias, we
create split (a) three times (i.e. sample 50% of blocks per image three times) and

average the results over the three splits.

2.5.3 Weakly Supervised Segmentation Comparison

Block annotation can be considered a form of weakly supervised annotation
where a small number of pixels in an image are labelled. Representative works in

this area include [95, 9, 126, 125, 30]. Table 3 of [95] is replicated here (table 2.5) for
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reference, and extended with our results. All existing results show performance
with a VGG-16 based model. We train a MobileNet based model which has
been shown to achieve similar performance to VGG-16 (71.8% vs 71.5% Top-1
accuracy on ImageNet) while requiring fewer computational resources [65, 141].
Our fully-supervised implementation pretrained on ImageNet achieves 69.6%
mlIOU on Pascal VOC 2012 [39]; in comparison, the reference DeepLab-VGG16

model achieves 68.7% mIOU [23] and the re-implementation in [95] achieves

68.5% mIOU.
] Method H Annotations \ mIOU (%) \
MIL-FCN [126] Image-level 25.1
WSSL [125] Image-level 38.2
point sup. [9] Point 46.1
ScribbleSup [95] Point 51.6
WSSL [125] Box 60.6
BoxSup [30] Box 62.0
ScribbleSup [95] Scribble 63.1
Ours: Block-1% Pixel-level Block 61.2
Ours: Block-5% Pixel-level Block 67.6
Ours: Block-12% Pixel-level Block 68.4
| Full Supervision | Pixel-level Image | 69.6 |

Table 2.5: Weakly-supervised segmentation performance. Evaluated on Pascal
VOC 2012 validation set. Original table from [95]. Blocks (N %) indicates N% of
image pixels (N pseudo-checkerboard blocks) are labelled.

Ours: Block |Coarse Full Supervision
(7 min) (7 min [28]) /(90 min [28])
mIOU (%) | 72.1 68.8 77.7

Ours: Block |Scribbles Full Supervision

(25 sec) (25sec [95]) |[(4 min [116])
mlIOU (%) | 67.2 63.1 [95] 69.6

Cityscapes

Pascal

Table 2.6: Weakly-supervised segmentation performance given equal annota-
tion time. For time comparison of scribbles against other methods, please refer
to [95].
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Performance Comparison. With only 1% of the pixels annotated, block anno-
tation achieves comparable performance to existing weak supervision methods.
Based on our results in section , the cost of annotation for 1% of pixels
with blocks will be 100 less than the cost of full-image annotation. Increasing
the budget to 5%-12% significantly increases performance. With 12% of pixels
annotated with blocks, the segmentation performance (error) is within 98% (4%)

of segmentation performance (error) with 100% of pixels annotated.

Note that block annotations can be directly transformed into gold-standard
fully dense annotations by simply gathering more block annotations within an
image. This is not feasible with other annotations such as point clicks, scribbles,
and bounding boxes. Furthermore, in section 2.6, we demonstrate a method
to transform block annotations into dense annotations without any additional

human effort.

Equal Annotation Time Comparison. Given equal annotation time, block an-

notation significantly outperforms coarse and scribble annotations by ~3-4%

mlOU (table 2.6). On Pascal, 97% of full-supervision mIOU is achieved with 1/10

annotation time. We convert annotation time to number of annotated blocks as

follows. Block annotation may use up to 2.2x the time of full-image annotation.
T

Given an image divided into 100 blocks, an annotation time of 7" leads to 55557

blocks annotated, where F' is the full-image annotation time.
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2.6 Block-Inpainting Annotations

Although block annotations are useful for learning semantic segmentation, the
full structure of images is required for many applications. Understanding the
spatial context or affordance relationships [17, 55] between classes relies on un-
derstanding the role of each pixel in an image. Shape-based retrieval, object
counting [57], or co-occurrence relationships [115] also depend on a global un-
derstanding of the image. The naive approach to recover pixel-level labels is to
use automatic segmentation to predict labels. However, this does not leverage
existing annotations to improve the quality of predicted labels. In section ,
we propose a method to inpaint block-annotated images by using annotated
blocks as context. In section , we examine the quality of these inpainted

annotations.

2.6.1 Block-Inpainting Model

The goal of the block-inpainting model is to inpaint labels for unannotated blocks
given the labels for annotated blocks in an image. For full implementation details,

please refer to the appendix.

Architecture. The block-inpainting model is based on DeepLabv3+. The input
layer is modified so that the RGB image, I € R""“*3, is concatenated with
multichannel “hint” (ala [189]) of 1-0 class labels W € R"***X where K is the
number of classes. At inference time, the hint contains known labels for the
annotated blocks of an image which serve as context for the inpainting task.

Hidden layers are augmented with dropout which will be used to control quality
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by estimating epistemic uncertainty [44, 45].

Estimating Uncertainty. Inpainting fills all missing regions without consid-
ering the trade off between quantity and quality. Existing datasets have high-
quality annotations for 92-94% of pixels [192, 17]. Therefore, we modify our
network to produce uncertainty estimates which allow us to explicitly control
this trade off. The uncertainty of predictions is correlated with incorrect pre-
dictions [86, 81]. Uncertainty is computed by activating dropout at inference
time. The predictions are averaged over the g trials giving us U € R"**, a matrix
of uncertainty estimates per image. We take the sample standard deviation
corresponding to the predicted class for each pixel to be the uncertainty. For each

pixel (7, j), the mean softmax vector over g trials is:

9 .
Pl W)
pld) = =1 ; (2.2)

where p(y|I, W) € R¥ is the softmax output of the network. The corresponding

uncertainty vector is:

g
N > (P (y|L, W) — plia))?
U9 = | = po (2.3)

Thus, the uncertainty for each pixel (i, j) is:

[Gd) — U,QSZ'J), where m = arg max ,u,(j’j) (2.4)
k

Training. Block annotations serve both as hints and targets. This means that
no additional data (or human annotation effort) is required to train the block-
inpainting model. For our experiments, we use (synthetically generated) Block-

50% annotations. For each image, half of annotated blocks are randomly selected
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online at training time to be hints. All of the annotated blocks are used as targets.
This encourages the network to “copy-paste” hints in the final output while
leveraging the hints as context to inpaint labels for regions where hints are not

provided.

2.6.2 Evaluation

Quality of Inpainted Labels. How good are inpainted labels? We compare
labels produced by the block-inpainting network with low U/) against the
known human labels in Cityscapes and ADE20K. The block-inpainting model
produces labels whose human-agreement is competitive with that achieved by human
annotators. We inpaint Block-50% annotations in this experiment. At a relative
uncertainty threshold of 0.2 on Cityscapes (0.4 on ADE20K), over 94% of the
pixels are labelled — recall that existing datasets have over 92-94% [192, 17]
pixels annotated. For Cityscapes, the mean pixel agreement is 99.8% and the
class-balanced error rate is 3.1%, while for ADE20K, the mean pixel agreement
is 98.7% and the class-balanced error rate is 28%. Recall that ADE20K features
significantly more semantic class categories than Cityscapes. These machine-
human label agreements are extremely good. Previous work show that human-
human label agreement across annotators is 66.8% to 73.6% while annotator
self-agreement is 82.4% to 97.0% [192, 17]. Human annotators fail to agree in non-
trivial fashion — [192] shows that annotator self-agreement fails in three ways:
variations in complex boundaries (32%), incorrect naming of ambiguous classes
(34%), and failure to segment small objects (34%). In figure 2.8, a visualization of
labels generated by the block-inpainting model is shown. The number of pixel

disagreements decreases with a higher uncertainty threshold.
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Figure 2.8: Block-inpainted labels. Example of human labels vs human Block-
50% + inpainted labels. Void labels are masked out.

Block Inpainting vs Automatic Segmentation. Consider a scenario in which
a small number of pixels in a dataset are annotated, and the remainder are auto-
matically labelled to produce dense annotations. Why should block inpainting
be used instead of automatic segmentation? Full pixel-level labels produced by
block inpainting are superior to automatic segmentation. On Cityscapes, automatic
segmentation achieves 78% validation mIOU while block inpainting Block-50%
annotations achieves 92% validation mIOU. With Block-12% annotations, au-
tomatic segmentation achieves 75% validation mIOU while block inpainting

achieves 82% validation mIOU.
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Uncertainty vs Pixel Agreement

€ —— Cityscapes 50%
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Figure 2.9: Block-Inpainting Model uncertainty versus human pixel-wise agree-
ment for inpainted labels. Curves for different pixel budgets shown for compari-
son.

2.6.3 Ablations

Effect of Uncertainty Threshold vs Pixel Agreement. How does the uncer-
tainty threshold affect pixel agreement for block-inpainting? In figure 2.9, we
show the mean pixel agreement with human labels for varying thresholds. Lower
uncertainty threshold for rejection results in higher pixel agreement. The pixel
agreement with lower pixel budgets are shown for comparison. The pixel budget
is the number of block-annotated pixels in the dataset with which the block-

inpainting model is trained. All experiments use checkerboard block hints.

Effect of Uncertainty Threshold vs Pixel Coverage. How does the uncertainty
threshold affect pixel coverage for block-inpainting? In figure 2.10, we show
the mean pixel coverage for varying uncertainty thresholds as a fraction of
maximum uncertainty. Lower uncertainty threshold for rejection results in lower
pixel coverage. The pixel coverage with lower pixel budgets are shown for
comparison. The pixel budget is the number of human block-annotated pixels in
the dataset with which the block-inpainting model is trained. All experiments

use checkerboard block hints.
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Uncertainty vs Pixel Coverage

—— Cityscapes 50%
Cityscapes 30%
—— Cityscapes 17%
—— ADE20K 50%
——— ADE20K 30%
—— ADE20K 10%

Pixel Coverage

0.2 0.4 0.6 0.8 1

Relative Uncertainty Threshold

Figure 2.10: Block-Inpainting Model uncertainty versus pixel coverage for hu-
man checkerboard + automatic labels. x-axis truncated at 0.05 on left. Curves for
different pixel budgets shown for comparison.

Block Selection vs Block-Inpainting Quality. How does the checkerboard
pattern compare to other block selection strategies as hints to the block-inpainting
model? Intuitively, it is easier to infer labels for pixels that are close to pixels
with known labels than for pixels that are further away. Consider a scenario in
which every other pixel in an image is annotated. Reasonably good labels for the
unannotated pixels can be inferred with a simple nearest-neighbors algorithm. In
practice, it is impossible to precisely annotate single pixels in an image. However,
we can approximate the same properties of labelling every other pixel by labelling

every other block instead (i.e., a checkerboard pattern).

In table 2.7, we show the block-inpainting model mIOU when different
types of hints are given. The rightmost column (“every other pixel”) is not
feasible to collect in practice. Checkerboard annotations outperform random
block annotations even though the network is trained to expect random block
hints. Providing only boundary annotations within each block (i.e. annotating
pixels within 10 pixels of each boundary in each block) allows the network to
achieve nearly the same performance as full block hints. This suggests that

the most informative pixels for the block-inpainting model are those near a
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Non Random Random |Checker | Every Other
O1€|(Semantic Boundaries) | (Full) | (Full) Pixel
Rel. mIOU| 0.77 0.90 0.92 0.95 1.0

Table 2.7: Block-inpainting with different types of hints. “Every other pixel”
annotations represents an ideal sampling of pixels to annotate as hints — this
sampling strategy is infeasible in practice. Relative performance of inpainting by
utilizing hints with respect to “every other pixel”-hints is shown. Checkerboard
sampling with fully annotated blocks outperform no hints, random blocks (with
only semantic boundaries annotated within blocks), and random blocks (with
fully annotated blocks).

boundary.

2.7 Discussion and Future Work

An incredibly large number of images exist in the world — from social media to
car dashcam reels to security camera footage to other publicy shared photogra-
phy collections. It is important to efficiently annotate such unlabeled images with
useful labels to train a strong computer vision model. In this chapter, we have
introduced a new annotation method for efficiently assigning semantic segmenta-
tion labels to the vast number of unlabeled images at our disposal. We proposed
block annotation as a crowdworker-friendly replacement for traditional full-
image annotation. For training semantic segmentation models, Block-12% offers
strong performance at 1/8th of the monetary cost. Block-5% offers competitive
weakly-supervised performance at equal annotation time to existing methods.
For optimal semantic segmentation performance, or to recover global structure
with inpainting, Block-50% can be utilized; as we found in our experiments, not
every pixel in each image needs to be annotated for maximal performance to be

achieved.
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There are many directions for future work. Our crowdworker subimage an-
notation tasks are similar to full-image annotation tasks, so it may be possible to
improve the gains with more exploration and development of boundary marking
algorithms similar to those designed for traditional full-image annotation. We
have explored some block patterns and further exploration may reveal even bet-
ter trade-offs between annotation quality, cost and image variety. Beyond block
subimages, it can useful to focus on alternative shapes based on image content;
however, non-rectangular annotation areas may pose additional challenges for
workers who are familiar with conventional image annotation tasks. Another
interesting direction is acquiring instance-level annotations by merging segments
across block boundaries. Finally, active learning can be used to select blocks of
rare classes, and workers can be assigned blocks so that annotation difficulty

matches worker skill.

Notes and Acknowledgements. I appreciate the efforts of the anonymous

MTurk workers who participated in our user studies.
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CHAPTER 3
ANALYZING AND LEARNING FROM DEPICTIONS OF MATERIALS IN
PAINTINGS

3.1 Overview

Computer vision models are often both trained on and applied to natural images.
In this chapter, we examine the relationship between such visual recognition
systems and the rich information available in paintings. Paintings are an inter-
esting form of visual information — although they may depict objects and other
meaningful content, paintings are not necessarily photorealistic and thus repre-
sent a different image distribution than the distribution of natural photographs.
Despite this, humans can still recognize the objects and materials found in paint-
ings. Furthermore, paintings can encode invariances of the human visual system
due to their ability to convey realism without necessarily conforming to physical
reality [19, 107], and it may be beneficial to train our models on paintings to learn

similar human-like invariances.

Existing work has focused primarily on understanding objects in paintings;
here, we explore depictions of materials found in paintings. Material perception
is interesting as it relies on a complex combination of different cues: shape, glossi-
ness, texture, color, and more [43]. Our experiments are based on a large-scale an-
notated database of material depictions in paintings (Materials in Paintings [162];
https://materialsinpaintings.tudelft.nl), which was the result of a
long-term collaboration with colleagues at TU Delft. First, we find that visual
recognition systems designed for natural images can work surprisingly well

on paintings. In particular, we find that interactive segmentation tools can be
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used to cleanly annotate polygonal segments within paintings, a task which is
time consuming to undertake by hand. We also find that FasterRCNN, a model
which has been designed for object recognition in natural scenes, can be quickly
repurposed for detection of materials in paintings. Second, we show that learn-
ing from paintings can be beneficial for neural networks that are intended to be
used on natural images. We find that training on paintings instead of natural
images can improve the quality of learned features and we further find that a
large number of paintings can be a valuable source of test data for evaluating

domain adaptation algorithms.

The work in this chapter was published in the International Workshop on
Fine Art Pattern Extraction and Recognition, ICPR 2020 as “Insights From A
Large-Scale Database of Material Depictions In Paintings” [95], and the Materials
In Paintings dataset was published in PLOS One 2021 as “Materials In Paintings
(MIP): An interdisciplinary dataset for perception, art history, and computer
vision” ], with Mitchell van Zuijlen, Maarten Wijntjes, Sylvia Pont, and

Kavita Bala.

3.2 Introduction

Deep learning has enabled the development of high performing recognition
systems across a variety of image-based tasks [47, 54, 183]. These systems are
often trained on natural photographs with applications in real world recognition
like self-driving. Furthermore, applying recognition systems to large collections
of images can also reveal cultural trends or give us insight into the visual patterns

in the world (e.g. [113, 106, 100]). Human-created images, such as paintings, are
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particularly interesting to analyze from this perspective. Artistic depictions can
reveal insights into culturally relevant ideas throughout time, as well as insights

into human visual perception through the realism depicted by skilled artists.

Whereas most computer vision systems focusing on digital art history are
concerned with object recognition (e.g., [29]), it is the depiction of space and
materials that visually characterized the course of art history. The depiction of
space has had considerable attention in scientific literature [122, , 73, ]
while recently the depiction of materials has gained scientific interest [13, 175, 130,

I. Therefore, it is interesting to investigate the interplay between deep learning
systems designed for natural image analysis and the rich visual information

found in paintings, especially with respect to artistic depictions of materials.

The remainder of this chapter is organized into three parts. In Section 3.3, we
briefly describe the dataset that subsequent experiments are based on. In Section

, we explore how deep learning systems that have primarily been developed
for use on natural photographs can be used to analyze paintings. Specifically, we
explore (a) segmentation and (b) detection of materials in paintings. Recognition
of materials in paintings can be useful for digital art history as well as general
public interest. In Section 3.5, we explore how paintings can be a useful source
of data from which better recognition systems can be built. Specifically, we
investigate (c) the generalizability and interpretability of classifiers trained on
paintings, and we investigate (d) the role that a large-scale painting dataset can

play in evaluating visual recognition models.

42



3.3 The Materials in Paintings (MIP) Dataset

All experiments in this chapter utilize data from the Materials in Paintings dataset
(https://materialsinpaintings.tudelft.nl), alarge-scale annotated
dataset of physical material depictions in paintings. This dataset was the result
of a longterm collaboration with our collaborators at TU Delft: Mitchell van
Zuijlen, Sylvia Pont, and Maarten Wijntjes. Extensive details and analysis of this
database are available in a separate manuscript [162]. For context and complete-
ness, we summarize a few relevant details here. The dataset consists of 19K high
resolution paintings downloaded from the online collections of international
art galleries, which span over 500 years of art history. The galleries with corre-
sponding number of paintings are: The Rijksmuseum (4,672), The Metropolitan
Museum of Art (3,222), Nationalmuseum (3,077), Cleveland Museum of Art
(2,217), National Gallery of Art (2,132), Museo Nacional del Prado (2,032), The
Art Institute of Chicago (936), Mauritshuis (638), and J. Paul Getty Museum (399).
The distribution of paintings by year is shown in Fig. 3.1. The dataset includes
crowdsourced extreme click [123] bounding box annotations over 15 material
categories, which are further delineated into 50 finegrained categories. Fig.

shows a few examples of the annotated bounding boxes available in the dataset.

All Galleries, n = 17074

paintings

1200 1400 1600 1800 206b
and below
Year

Figure 3.1: Year Distribution of Paintings in Dataset. Each bin equals 20 years.
There are peaks in the paintings in the 1700s and 1900s. The former corresponds
to the European golden ages; it is less clear what explains the latter peak.

43


https://materialsinpaintings.tudelft.nl

Figure 3.2: Examples of Annotated Bounding Boxes. Left to Right: Liquid,
Fabric, Ceramic, Metal, and Food.

3.4 Using Computer Vision to Analyze Paintings

Research in computer recognition systems have focused primarily on natural
images. For example, semantic segmentation benchmarks (of objects, ‘stuft’,
or materials) [80, 99, 40, 17, 10, 11] emphasize parsing in-the-wild photos, with
applications in robotics, self-driving, and so forth. However, the analyses of
paintings can also benefit from the use of visual recognition systems. Paintings
can encode both cultural and perceptual biases, and being able to analyze paint-
ings at scale can be useful for a variety of scientific disciplines including digital

art history and human visual perception.

In this section, we explore the effectiveness of interactive segmentation meth-
ods (which can be used to select regions of interest in photographs for the
purpose of image editing or data annotation) when applied to paintings. We
also explore how well an object bounding box detector can be finetuned to detect
materials depicted in unlabeled paintings, which could be used for content-based

retrieval.
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3.4.1 Extracting Polygon Segments with Interactive Segmenta-

tion

Polygon segmentation masks are useful for reasoning about boundary rela-
tionships between different semantic regions of an image, as well as the shape
of the regions themselves. However, annotating segmentations is expensive
and many modern datasets rely on expensive manual annotation methods
[10, 99, , 17, 28]. Recent work has focused on more cost effective annotation
methods (e.g. [96, , 12, ]). The use of interactive segmentation methods
that transform sparse user inputs into polygon masks can ease annotation diffi-
culty. For paintings, it is unclear whether these methods (especially deep learning
methods trained on natural images) would perform well. Semantic boundaries
in paintings likely have a different, and more varying structure than in photos.
Paintings can have ambiguous or fuzzy boundaries between objects or materials
[114] which can potentially be problematic for color-based methods. This can
be due to variations in artistic style which can emphasize different aspects of
depictions — for example, Van Gogh uses lines and edges to create texture, but
such edges could potentially appear as boundaries to a segmentation model. In
this experiment, we study the difficulty of segmenting paintings and whether

innovations are necessary for existing methods to perform well.

Experimental Setup

We experiment with GrabCut [139] (an image-based approach) and DEXTR [110]
(a modern deep learning approach). We evaluated the performance of these

methods against 4.5k high-quality human annotated segmentations from [163].
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The inputs to these methods are generated from the extreme points of the regions
we are interested in. We use a variant of the GrabCut initialization proposed
in [123], as well as a rectangular initialization for reference. For DEXTR, we

consider models pretrained on popular object datasets [99, 40] as a starting point.

Results

We found that both GrabCut and DEXTR perform quite well on paintings. Sur-
prisingly, DEXTR transfers quite well to materials in paintings despite being
trained only with natural photographs of objects. The performance of DEXTR can
be further improved by finetuning on COCO with a smaller learning rate (10%
of original learning rate for 1 epoch). Finetuning DEXTR on Grabcut segments
or iteratively finetuning with output of DEXTR does not seem to yield further
improvements. The performance is summarized in Table 3.1, and samples are

visualized in Fig.

3.4.2 Detecting Materials in Unlabeled Paintings

To allow the public to view and interact with art collections, museums and
galleries provide extensive online functionality to search and navigate through
the collections. Currently, to our knowledge, no online collections allows online
visitors to query the collection for depicted materials within painting, which can
be of interest to the public. Furthermore, depiction of materials plays a crucial
role in characterizing art history. Detecting materials within novel paintings will
be particularly beneficial to digital art historians who study materials such as

stone [/, 36] or skin [14, 85]. Having access to specific materials can also digital
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Segmentation mean IOU (%)
Grabcut | Grabcut | DEXTR | DEXTR | DEXTR
Rectangle | Extr | Pascal-S5BD | COCO | Finetuned
441 72.4 74.3 76.4 78.4

DEXTR Finetuned IOU By Class (%)

Animal | Ceramic | Fabric | Flora | Food
76.9 86.8 79.1 770 | 87.5
Gem Glass | Ground | Liquid | Metal
74.4 83.2 69.6 73.0 | 755
Paper Skin Sky Stone | Wood
86.1 78.9 78.5 817 | 674

Table 3.1: Segmentation Performance. Grabcut Extr is based on [123] with
small modifications: (a) minimum cost boundary is computed with the negative
log probability of a pixel belonging to an edge; (b) in addition to clamping
the morphological skeleton, the extreme points centroid and extreme points
are clamped; (c) GC is computed directly on the RGB image. DEXTR [110] is
pretrained on Pascal-SBD and COCO. Note that Pascal-SBD and COCO are
natural image datasets of objects, but DEXTR transfers surprisingly well across
both visual domain (paintings vs. photos) and annotation categories (materials
vs. objects).

art historians to compare these depictions directly with respect to painting style
or technique. We experiment with automatic bounding box detection to ease

access to material depictions in unlabeled collections.

Experimental Setup

We train a FasterRCNN [138] bounding box detector to localize and label material
boxes with on 90% of annotated paintings in the dataset, and evaluate on the
remaining 10%. Default COCO hyperparameters from [178] are used. Given
the non-spatially-exhaustive nature of the annotations, many detected bounding
boxes will not be matched against labeled ground truth boxes. However, the
dataset is exhaustively annotated at an image level, and therefore, we report

image-level accuracies. This can be interpreted as the accuracy of the model in
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Figure 3.3: Extreme Click Segmentations. Left to right: Original Image, Ground
Truth Segment, Grabcut Extr Segment, DEXTR COCO Segment. Both Grabcut
and DEXTR use extreme points as input. For evaluation, the extreme points
are generated synthetically from the ground truth segments. In practice, ex-
treme clicks can be crowdsourced. Bottom-right corner shows the IOU for each
segmentation.

tagging each image with the types of materials present. The validity of each
localized box can be further quantified through a user study, but we did not

perform this study at this time.

Results

Table 3.2 shows the performance. We found that the FasterRCNN model is
able to accurately detect materials in paintings by finetuning on the annotated

bounding boxes directly without any changes to the network architecture or
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training hyperparameters. It is certainly promising to see that an algorithm
designed for object localization in natural images can be readily applied to
material localization in paintings. A qualitative sample of detected bounding
boxes is given in Fig. 3.4. To improve the spatial-specificity of the detected
materials, it can be interesting to train an instance detector like MaskRCNN on
segments extracted using methods discussed in the previous section. It would
also be useful to combine material recognition with conventional object-based
detection to extract complementary forms of information that improve the ability

for users to filter data by their specific needs.

Class Accuracy (%) (Mean = 83.3%)

Animal | Ceramic | Fabric | Flora | Food
85.6 92.7 66.0 85.0 | 949
Gem Glass | Ground | Liquid | Metal
88.4 91.3 86.5 86.4 | 70.7
Paper Skin Sky Stone | Wood
92.4 70.2 89.4 748 | 749

Table 3.2: Image-level Detection Accuracy. Bounding boxes are detected with
FasterRCNN trained on paintings. Because the dataset is not exhaustively an-
notated spatially, image-level accuracy is reported instead of box precision and
recall. Overall, images are tagged with the correct materials with high accuracy.

Wood  Stone

Figure 3.4: Detected materials in Unlabeled Paintings. Automatically detecting
materials can be useful for content retrieval and for filtering online galleries by
viewer interests.
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3.5 Using Paintings to Build Better Recognition Systems

In recent work for machine perception systems, art has been used in various
ways. Models that learn to convert photographs into painting-like or sketch-like
images have been studied extensively for their application as a tool for digital
artists [/1]. Recent work has shown that such neural style transfer algorithms
can also produce images that are useful for training robust neural networks
[49]. Artworks have also been used directly to evaluate the robustness of neural
networks under “domain shifts” in which a model trained to recognize objects

from photographs are shown artistic depictions of such objects instead [91, 127].

We use the MIP dataset of material depictions in paintings to explore two
directions. First, we hypothesize that the perceptually focused depictions of
artists can allow neural networks to learn better cues for classification. We find
that learning from paintings can improve the interpretability of the cues it uses
for its predictions. In a second experiment, we investigate the utility of the MIP
dataset as a benchmark for computer vision models under domain shifts for
material classification; this dataset also features more samples than is available
than is typical in existing domain adaptation benchmark datasets. We find that
existing domain adaptation algorithms can fail to behave as expected in this

setting.
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3.5.1 Learning Robust Cues for Finegrained Fabric Classifica-

tion

The task of distinguishing between images of different semantic content is a
standard recognition task for computer vision systems. Increasing attention is
being given to “fine-grained” classification where a model is tasked with distin-
guishing images of the same broad category (e.g. distinguishing different species
of birds or different types of flora [172, 164, 161]). Fine-grained classification is
particularly challenging for deep learning systems. Such a task depends on rec-
ognizing specific attributes for each finegrained class; in comparison, classifiers
can perform well on coarse-grained classification by relying on context alone.
We hypothesize that the painted depictions of materials can be beneficial for this
task. Since some artistic depictions focus on salient cues for perception through
perceptual shortcuts [108, 19, 35], it is possible that a network trained on such
artwork is able to learn a more robust feature representation by focusing on these

cues.

Experimental Setup

We experiment with the task classifying cotton/wool versus silk/satin. The latter
can be recognized through local cues such as highlights on the cloth; such cues are
carefully placed by artists in paintings. To understand whether artistic depictions
of fabric allow a neural network to learn better features for classification, we train
a model with either photographs or paintings. High resolution photographs of
cotton/wool and silk/satin fabric and clothing (dresses, shirts) are downloaded

and manually filtered from publicly available photos licensed under the Creative
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Commons from Flickr. In total, we downloaded roughly 1K photos. We sample
cotton/wool and silk/satin samples from our dataset to form a corresponding

dataset of 1K paintings.

Generalizability of Classifiers. Does training with paintings improve the gener-
alizability of classifiers? To test cross-domain generalization, we test the classifier
on types of images that it has not seen before. A classifier that has learned more
robust features will perform better on this task than one that has learned to clas-
sify images based on more spurious correlations. We test the trained classifiers

on both photographs and paintings.

Interpretability of Classifier Cues. Are the cues used by each classifier inter-
pretable to humans? We produce evidence heatmaps with GradCAM [142] from
the feature maps in the network before the fully connected classification layer.
We extract high resolution feature maps from images of size 1024 x 1024 (for
a feature map of size 32 x 32). The heatmaps produced by GradCAM show
which regions of an image the classifier uses as evidence for a specific class. If
a classifier has learned a good representation, the evidence that it uses should
be more interpretable for humans. For both models, we compute heatmaps for
test images corresponding to their ground truth label. We conduct a user study
on Amazon Mechanical Turk to find which heatmaps are preferred by humans.
Users are shown images with regions corresponding to heatmap values that are
above 1.5 standard deviations above the mean. Fig 3.5 illustrates an example.
Our user study resulted in responses from 85 participants, 57 of which were
analyzed after quality control. For quality control, we only kept results from

participants who spent over 1 second on average per task item.
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Figure 3.5: Classifier Cues. Left to Right: Original Image, Masked Image (Paint-
ing Classifier), and Masked Image (Photo Classifier). The unmasked regions
represent evidence used by the classifiers for predicting “silk/satin” in this
particular image.

Results

We find that the classifier trained with paintings exhibits better cross-domain
generalization, and uses cues that humans prefer over the photo classifier. This
suggests that paintings can improve the robustness of classifiers for this task of

fabric classification.

Generalizability of Classifiers. In Table 3.3, the performance of the two classifiers
are summarized. We find that both classifiers perform similarly well on the
domain they are trained on. However, when the classifiers are tested on cross-
domain data, we find that the painting-trained classifier performs better than the
photo-trained classifier. This suggests that the classifier trained on paintings has

learned a more generalizable feature representation for this task.

Interpretability of Classifier Cues. Overall, we find that the classifier trained on
paintings uses evidence that is better aligned with evidence preferred by humans
(Table 3.4 and Fig. 3.6). Due to domain shifts when applying classifiers to out-
of-domain images, we would expect the cues selected by the painting classifier

to be preferable on paintings, and the cues selected by the photo classifier to be
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preferable on photos. Interestingly, this does not hold for photos of satin/silk
(column 2 of Table 3.4) — we find that users equally prefer the evidence selected
by the painting classifier to the evidence selected by the photo classifier. This
suggests that either (a) the painting classifier has learned the “correct” human-
interpretable cues for recognizing satin/silk, or (b) that the photo classifier has
learned to classify satin/silk based on some spurious contextual signals. We
asked users to elucidate their reasoning when choosing which set of cues they
preferred. In general, users noted that they preferred the network which picks
out regions containing the target class. Therefore, it seems that the network
trained on paintings has learned better to distinguish fabric through the actual

presence of such fabrics in the image over other contextual signals.

Taken together, our results provide evidence that a classifier trained on paint-
ings can be more robust than a classifier trained on photographs. It would be
interesting to explore this further. A limitation of this study is the relatively small
number of data samples, and very limited number of material types (two: cot-
ton/wool and silk/satin) that we explored. Are there other materials or objects

which deep neural networks can learn to recognize better from paintings than

photographs?
Photo — Photo Painting— Painting
MEAN F1 Score 79.6% 80.5%
Photo — Painting Painting— Photo
MEAN F1 Score 49.5% 57.8%

Table 3.3: Classifier Generalization. Classifiers are trained to distinguish cot-
ton/wool from silk/satin. One classifier is trained on photographs and another
classifier is trained on paintings. Both classifiers perform similarly well on im-
ages of the same type they were trained on, but the classifier trained on paintings
performs better on photographs than vice versa. This suggests that the features
learned from paintings are more generalizable for this task on this set of data.
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Cotton/Wool | Silk/Satin | Cotton/Wool | Silk/Satin

Photos Photos Paintings Paintings MEAN
Photo Classif. 647 +35% | 489 +3.1% | 268 +25% | 39.1+2.1% | 44.9 +1.9%
Preferred
Painting Classif. | 353 | 350, | 511 431% | 732425% | 609 +21% | 551 +1.9%
Preferred

Table 3.4: Human Agreement with Classifier Cues. On average, humans prefer
the cues used by the painting-trained classifier to make its predictions over the
cues used by the photo-trained classifier. Interestingly, the human judgements
also indicate that the painting-trained classifier uses cues that are just as good to
the cues used by the photo-trained classifier for silk/satin photos despite never
seeing a silk/satin photo during training (column 2). A pictorial representation
of the results is given in Fig.
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Figure 3.6: Human Agreement with Classifier Cues. Pictorial representation of
user study results from Table 3.4. The y-axis represents how often humans prefer
the cues from a classifier trained on the same domain as the test images. It is clear
that humans prefer the painting classifier for paintings more than they prefer
the photo classifier for photos. Interestingly, the painting and photo classifiers
are equally preferred for silk/satin photos despite the painting classifier never
seeing a photo during training (bar 2).

3.5.2 Benchmarking Unsupervised Domain Adaptation

In unsupervised domain adaptation (UDA), models are trained on a ‘source’
dataset with annotated labels as well as an unlabeled ‘target” dataset. The goal is

to train a model which performs well on unseen target dataset samples. Existing
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domain adaptation benchmark datasets for classification focus primarily on
object recognition and tend to be limited in number of data samples, with most
class categories containing on the order of 1000 samples or fewer (for example,
refer to Table 1 of [127]). In contrast, the dataset we use here has the unique
properties of (a) focusing primarily on material classification and (b) containing
on the order of 10-30K for 9 of the 15 annotated classes (e.g. fabric, wood), with
the remainder in the range of 2K-5K (e.g. ground). This positions this data as a

valuable addition for benchmarking for UDA algorithms.

Experimental Setup

For this study, we focus on a family of domain adaptation algorithms which
aim to explicitly minimize feature discrepancy across the source and target do-
mains. Existing work has shown that class-conditional UDA in which labels are
estimated for target domain samples during training can be better than class-
agnostic UDA where adaptation is performed without using any estimated label
information at all. We choose CDD [72] and MMD [103, ] as representative
methods for class-conditional and class-agnostic discrepancy minimization. CDD
estimates class labels for the target domain via clustering; for details, refer to
the original paper. All methods are trained with default settings from publicly
available source code for CDD, which includes the use of domain batch normal-
ization [21]. We selected 10 material categories: ceramic, fabric, foliage, glass,
liquid, metal, paper, skin, stone, and wood. For our painting dataset, we sam-
pled as-class-balanced-as-possible from these classes to form a dataset with 10K
samples and a dataset with 60K samples. A corresponding photograph dataset
is constructed from Opensurfaces/MINC/COCO with 10K and 60K samples as
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well.

Results

We find that the studied domain adaptation algorithms can indeed behave
differently than would be expected from results on existing benchmark datasets.
This is could due to more data being available or a more difficult domain shift

than conventional adaptation benchmark datasets.

Effect of Dataset Size. Results are summarized in Table 3.5. With the conven-
tional 1K samples per class, we confirm domain adaptation yields gains over
source-only as found on existing benchmark datasets. In contrast to results on
existing benchmarks however, we find that class-conditional adaptation does not
necessarily outperform class-agnostic adaptation. We hypothesize this occurs
due to failures in target label estimation for the class-conditional case — we dis-
cuss this further below. Next, with 6K samples per class (which is 6 x more data
samples per class than conventional UDA benchmarks), we find that source-only
(i.e., no adaptation) performs very competitively. In fact, source-only strictly out-
performs adaptation for Painting to Photo transfer in this data regime! This result
suggests that domain adaptation is useful in lower data regimes, but source-only
is a competitive alternative when more data is available. Whether this is due to
the classification task itself, quirks specific to this dataset, or something else is an
interesting direction to explore. We leave a deeper exploration of the source of

negative transfer when MMD or CDD are applied to this dataset as future work.

Effect of Class Label Estimation. As found above, class-conditional adaptation

can underperform class-agnostic adaptation despite utilizing more information.
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As class-conditional adaptation depends on estimated target labels, large domain
shifts that hamper label estimation can harm adaptation. To confirm this, we
consider two experiments: CDD with intraclass discrepancy minimization only
(instead of both intraclass minimization and interclass maximization), and CDD
with ground truth labels (i.e., perfect label estimation). Results are in Table

In both cases, we see performance improves. In the case where perfect label
estimation is assumed, then CDD does outperform intraCDD and MMD as found
on existing datasets. Therefore, estimating class labels for domain adaptation is

useful in practice, but only if the labels are estimated sufficiently well.

1K imgsljfljzlsie;::rs domain Photo — Painting Painting — Photo
Source-Only 35.2% (—) 46.9% (—)
MMD 46.1% (+10.9%) 56.4% (+9.5%)
CDD 40.5% (+5.3%) 57.4% (+10.5%)
6K imgi}flzls\lse;:f Jomain Photo — Painting Painting — Photo
Source-Only 38.7% (—) 53.6% (—)
MMD 43.5% (+4.8%) 51.5% (-2.1%)
CDD 35.6% (-3.1%) 49.4% (—4.2%)

Table 3.5: Effect of Dataset Size. UDA from photo (source) to painting (target)
and painting (source) to photo (target). Source-only refers to a reference baseline
where no adaptation is used. The gap between source-only and UDA decreases
as data samples increases from 1K images per class to 6K images per class.
Furthermore, in contrast to behavior found on existing benchmark datasets, the
class-conditional method of CDD does not necessarily outperform the class-
agnostic counterpart MMD.

3.6 Discussion and Future Work

In this chapter, we explored how modern deep learning tools developed for

natural images can be used to analyze paintings, and in turn, how paintings can
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1K imgstceljzlsie;::rS domain Photo — Painting Painting — Photo
Source-Only 35.2% (—) 46.9% (—)
MMD 46.1% (+10.9%) 56.4% (+9.5%)
IntraCDD 44.4% (+9.2%) 58.5% (+11.6%)
CDD 40.5% (+5.3%) 57.4% (+10.5%)
IntraCDD w/ GT labels || 57.6% (+22.4%) 64.4% (+17.5%)
CDD W/ GT labels 61.6% (+26.40/0) 72.5% (+25.6(70)

Table 3.6: Effect of Class Label Estimation. Reducing the reliance class label
estimation improves class-conditional UDA when label estimation for target data
is poor. MMD does not require class label estimation, and so its performance
is relatively good here. Due to poor label estimation, we find that IntraCDD
(which considers only intraclass discrepancy) outperforms CDD (which considers
both intraclass and interclass discrepancy) as IntraCDD relies less on accurately
estimated class labels. (green) Assuming perfect class label estimation using
ground truth (GT) labels, CDD recovers performance gains over intraCDD and
MMD.

be used to improve deep learning systems in a series of experiments. Paintings
represent an interesting distribution of images. Despite not necessarily being
photorealistic, paintings still convey meaningful imagery that evoke similar
feelings as natural photos. Paintings are crafted by humans for humans, and
understanding paintings can deepen our understanding of cultures and human

perception.

As most computer vision systems are built for natural images, labeled datasets
for paintings do not exist at the same scale as those for photos. Our results in this
chapter demonstrate that interactive annotation tools can work surprisingly well
on paintings, suggesting that these tools can be used for easing the construction
of labeled painting datasets. We also showed that labeled paintings can be used
to finetune object detectors into material detectors. Automated methods for
retrieving depictions of specific materials can be very valuable for digital art

historians, who have studied specific styles or techniques with respect to depicted
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content in paintings. These experiments represent a step towards understanding
how to create better tools for managing painting data. More annotations and
automated content analysis of paintings can prove to be valuable for many

disciplines, including those beyond computer vision and deep learning.

On the other hand, deep learning systems may benefit from learning from
paintings as well. As paintings emphasize useful perceptual cues so that humans
can understand the depictions in paintings, training a computer vision model on
paintings may to allow models to learn such cues for recognition. Our experiment
with glossy versus rough fabric classification showed that models trained on
paintings were indeed able to focus on more interpretable cues. While this study
was limited to a small specific classification task (wool/cotton versus silk/satin),
it would be interesting to explore further whether models trained on paintings
can learn robust representations for more general settings. We explore this
direction further in the next chapter. Finally, extensive existing efforts have been
made in creating algorithms for adapting models to new image distributions. We
found that two existing unsupervised domain adaptation algorithms can struggle
to perform well when used to adapt a model trained for material recognition
from photos to paintings or vice versa. By evaluating models and algorithms
in their ability to enable generalization to new domains during testing, deep
learning systems and training algorithms can be implicitly guided towards more

robust design paradigms.

Notes and Acknowledgements. I thank Mitchell for his efforts in leading the
collection of the Materials in Paintings dataset, upon which this work was per-

formed.
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CHAPTER 4
LEARNING ROBUST NATURAL IMAGE RECOGNITION FROM
PAINTINGS

41 Overview

A common method to improve a model’s robustness to distribution shifts is
through data augmentation. These are image transformations that are applied
to existing training images that preserve the semantic content of each image.
Data augmentations encourage models to learn desired invariances, such as
invariance to horizontal flipping or small changes in color. Beyond simple
geometric or photometric transformations, recent work has shown that style
transfer can be used as a form of data augmentation to encourage invariance
to textures [49]. Style transfer is a technique which aims to create painting-like
images from photographs [71]; often, these methods rely on operations that
manifest as changes in texture throughout the original photograph. However, a
stylized photograph is not quite the same as an artist-created painting. Artists
depict perceptually meaningful cues in paintings so that humans can recognize
salient components in scenes, an emphasis which is not enforced in style transfer.
As found in the previous chapter, learning from paintings may allow models to

better grasp important cues for generalizable recognition.

Therefore, in this chapter, we study how style transfer and paintings differ in
their impact on model robustness. First, we investigate the role of paintings as
style images for stylization-based data augmentation. Arbitrary style transfer
algorithms transform a photo by transferring the style from some source style im-

age; conventionally, this style image is selected from a set of paintings. However,
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we find that style transfer functions well even without paintings as style images,
suggesting that the power of style transfer as data augmentation is orthogonal
to the style found in actual paintings. Second, we show that learning from real
paintings as a form of perceptually-grounded implicit data augmentation can im-
prove model robustness. That is, each painting can be considered an augmented
version of some photograph of a scene, even though the photograph and/or
scene may not necessarily exist. Finally, we investigate the invariances learned
from stylization and from paintings, and show that models learn different invari-
ances from these differing forms of data. Our results provide insights into how
stylization improves model robustness, and provide evidence that artist-created
paintings can be a valuable source of data for improving model robustness to

naturally-occuring distribution shifts.

The work in this chapter was published in CVPR 2021 as “What Can Style
Transfer and Paintings Do For Model Robustess?” [97] with Mitchell van Zuijlen,

Sylvia Pont, Maarten Wijntjes, and Kavita Bala.

4.2 Introduction

Model robustness can be defined as the capability of a model to generalize to
unseen image distributions. These can be the result of real-world effects, like
weather and camera noise [60], adversarial noise [102], or distribution shifts
due to differences in environments in which the images are captured. The
performance of standard recognition models can degrade drastically in these
settings, but robust models are critical for applications such as self-driving or

medical diagnostics.
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Figure 4.1: What invariances are learned from real and fake paintings? Left:
Natural photographs (black), paintings ( ), and stylized photographs
(olive/red/blue) from the Materials dataset (Section 4.4.2), Right: Relative ro-
bustness to various types of transformations for models trained with different
sets of images with respect to a model trained on only natural photos. Stylization
algorithms can transform photographs into painting-like images, but it is not
clear that models will learn the same invariances from these images. This chapter
explores a series of hypotheses to understand the different ways in which style
transfer and paintings improve model robustness.

A common strategy is to improve generalization through data augmentation
[187,34, 61, 102]. Conventional data augmentation applies transformations to
encourage invariance to heuristic rules (e.g., flipping for invariance to image
mirroring). Recent work has found that image stylization can encourage models
to learn invariance to texture [49]. While style transfer has focused on visual
fidelity [71], we argue that current style transfer models do not yet fully capture
the essence of artistic paintings. For example, a family of style transfer algorithms
act by manipulating feature distributions to create a stylized photo which holisti-
cally mimics a painting [93] — in effect, mid-level textures are manipulated in the
stylized photo. However, paintings are more than a style filter applied to a photo.
An artist can choose lighting, contours, and scene context to convey realism in
important scene regions while foregoing perceptual details less important areas.

This artistic manipulation can affect our perceptual understanding of the scene.

In this chapter, we explore a series of hypotheses to understand how style
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transfer and paintings impact model robustness. Fig. 4.1 illustrates that various
types of images can differently affect model robustness. First, we examine
how style images play a role in stylization-based data augmentation in Section

. Second, we investigate the role of paintings as a form of training data,
and contrast it to other artforms such as sketches in Section 4.6. Finally, we
probe models to empirically understand their learned invariances, and discuss
how style transfer and artistic paintings can contribute to robust natural image

recognition models in Section 4.7. Our contributions are:

o We demonstrate that arbitrary style transfer can be used as effective data
augmentation even without painting style images. We attribute their effec-

tiveness to the diversity of style images rather than artistic style.

e We argue that paintings can be considered a form of perceptual data aug-
mentation, and demonstrate that it can improve model robustness. We

contrast paintings with other forms of art such as sketches.

e We explore the invariances learned from arbitrary style transfer, learned
artistic style transfer, and paintings. We find that models do not learn the
same invariances from stylized photos and paintings, and show that the

learned invariances are complementary.

4.3 Related Work and Background

Model Robustness. Recent work in robustness for CNNs has focused on both
adversarial robustness [18] as well as robustness to real-world transformations
[60, 50]. This view of model robustness is human-centric, where the settings

considered are those where the human visual system has been shown to be
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robust (e.g., [144, 50, 49]), rather than enforcing model robustness under arbitrary
settings. A related line of work is in domain generalization, where the task is
to generalize to unseen domains, (e.g., [51, , 92, 91]), by learning a shared
representation on a set of seen domains. While a common justification for domain
generalization is model robustness, domain generalization is subtly different.
Domain generalization algorithms assume the target domain is unspecified, and
do not rely on domain-specific signals at inference time. However, robust natural

image recognition can benefit from learning from natural images directly.

Data Augmentation. Data augmentations are transformations applied to im-
ages to enforce useful model invariances. Beyond basic transformations like
flipping, recent work in data augmentation has focused on more complex aug-
mentations such as image occlusion [34], class-mixing [157], and compositions of
transformations [61]. Data-driven augmentations such as adversarial or styliza-

tion transformations [170, 102, 68] can also be used to model nuanced invariances.

Style Transfer. Style transfer aims to transform photos into painting-like im-
ages by transferring artistic styles. While increasing attention has been given
to arbitrary style transfer (e.g., [65, , , , ]) which aims to efficiently
transfer unseen styles, artist-specific style transfer models (e.g., [140, 77]) are
typically able to better capture nuances from a collections of images. Beyond its
role as a tool for artistic creation, stylization has also been used as a form of data
augmentation to enforce invariances to textures [49], as well as regularization for

tasks such as human re-identification [70].
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4.4 Preliminaries

4.4.1 Evaluating Robustness

We evaluate robustness to common image corruptions and distribution shifts
from the training distribution. These settings serve as a proxy for real-world
robustness. Furthermore, the behavior of models on these scenarios gives us
insight into the invariances learned — for example, a model which is robust
to noise has likely learned to be more invariant to (i.e., to rely little on) high-
frequency signals in an image. All experiments use an ImageNet-pretrained
ResNet18 architecture, and results are averaged over three independent runs.
For complete training details and experiments with alternative architectures,

please refer to the appendix.

Common Image Corruptions. Common image corruptions are inspired by
transformations that can be encountered in real-world settings [60]. There are
15 corruptions which span 4 broad categories (noise, blur, weather, and digital)
with 5 severity levels per corruption. We use the released code to corrupt our
test images. Figure 4.2 illustrates these corruptions. For each corruption, we
compute the mean accuracy over each severity, and then compute the mean over
each set of broad corruption categories C'. Given a model O, the mean corruption

accuracy is:
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Accyean(©) = ZC: Acce(O) (4.1)
1 5
where Accq(0) = e COTZT;C ; Acc(0, Deorrs)

D.orr,s denotes the test dataset of images transformed by corruption corr with

severity s.

Small Distribution Shifts. Out-of-distribution photographs will be used to
evaluate robustness to small domain shifts not unlike the domain shifts that mod-
els must overcome when they are used in different real world environments. For
the PACS dataset, we use a subset of the YFCC100M dataset [158] as the out-of-
distribution test set. This subset is curated by downloading 100 images per class
and then manually filtering to remove irrelevant retrievals down to 50 images
per class. This test set is released for reproducibility. For the Materials dataset,
we use the Flickr Material Database (FMD) [144] as the out-of-distribution test

set.

Figure 4.2: Image Corruptions. Top-Left to Bottom-Right: Noise(x3), Blur(x4),
Weather(x4), Digital(x4).
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4.4.2 Datasets

We select datasets which contain both photographs and paintings, and con-
duct experiments across two recognition tasks (object classification and material

classification).

Object Classification. We use the PACS dataset [91] which consists of 10K
images across 7 categories and 4 domains (photographs, paintings, cartoons, and

sketches).

Material Classification. We construct a dataset from existing large-scale pho-
tograph datasets [10, 11, 17], and a large-scale painting dataset with material
annotations [162]. We will refer to this dataset as ‘Materials’. This dataset consists
of 120K images across 10 categories and 2 domains (photographs and paintings).
See appendix for details. [49] found that stylization-based augmentation can
reduce bias towards textures, but material recognition relies on texture under-
standing [2]. As such, it is interesting to explore whether stylization can improve

robustness for this task.

4.4.3 Notation

Some common notation used throughout is given here. Let D,, be a set of natural
photographs and D), be a set of paintings. For each image z, its class label is

denoted by .. Finally, let I(y, y) denote the cross entropy loss.
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4.5 Style Transfer as Data Augmentation

Style transfer aims to transform the style of an image into the style of another
set of images [71]. There is evidence [49] that training on stylized images [65]
can improve object recognition on ImageNet by encouraging networks to focus
more on shape than texture. In this view, we can consider style transfer as a
form of data augmentation. Style transfer is often applied with painting style
images from datasets such as Wikiart [157, ]. In its role as a tool to mimic
artistic creation, this is certainly appropriate. However, in its role as a form of
data augmentation, it is not strictly necessary for the style images to be paintings.
Indeed, arbitrary stylization methods can be applied to any pair of content and
style images (hence “arbitrary’). Although work such as [49] utilize style transfer
in the conventional manner with painting styles, it’s important to ask whether

models can learn robust invariances from photo style images alone.

To answer this question in a general way, we experiment with three repre-
sentative deep-learning based arbitrary style transfer methods. Each of these
methods act in deep feature space, but follow a different paradigm: AdalN [65]
transfers style by matching the mean and standard deviation of features, ET-
Net [150] iteratively refines a stylized image by computing residual error maps,
and TPFR [155] transfers style by recombining features in the content image to

match those of the style image. We explore the following:

e Hypothesis H1. Painting styles are necessary for stylization-based aug-

mentation to improve robustness.

e Hypothesis H2. Style image diversity is important.
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4.5.1 Are Painting Style Images Necessary?

We experiment with: (a) a network trained with photos plus photos stylized by
paintings and (b) a network trained with photos plus photos stylized by other
photos. We will refer to (b) as “intradomain stylization” as photos are being
stylized by other photos from within the same domain. For reference, we also
consider (c) a network trained with photos alone (no stylization). Specifically,
let ¢(x, ;) be an arbitrary stylization algorithm which stylizes content image «

with style image x;. For a network O, the objectives are given by:

l(z(@(x), Yz) + U(O(P(x, 74)), Ya)) ]

2
OV Eeva .0, [5 (1O, 52) + 1Oz, 2.)), 1))
)y

2)] (4.2)

(a) m@m Es 2i~D,.D, [

(©) m@in E.p, [[(O(z

In practice, we approximate the objectives by sampling x, once for each z

instead of minimizing over all independent combinations of z and x,.

The results are shown in Fig. . Across both PACS and Materials, we
find that intradomain stylization significantly improves robustness over the
photo-only baseline. With a large dataset (Materials), we find that intradomain
stylization can meet or even exceed the performance of conventional painting-
based stylization. Thus, in contrast to common practice, stylization-based data
augmentation does not need painting style images. This finding is also sup-
ported by recent work which shows that online feature moment matching across
different training images is an effective form of data augmentation [90] (which

we can frame as roughly equivalent to intradomain stylization with AdalN),
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and work which shows stylization with images from non-painting domains
(including intradomain stylization) can be useful for domain generalization [149].
We have shown explicitly here that intradomain stylization can replace painting

stylization for robust natural image recognition when enough data is available.

Answer to H1: Intradomain stylization can improve network robustness to an extent

that is comparable to painting stylization when there is sufficient data — that is, paintings

do not play a unique role when arbitrary style transfer is used as data augmentation.
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Figure 4.3: Stylization: Painting vs Photo Styles. Left: PACS, Right: Materials.
In general, intradomain stylization (red/green/yellow) improves robustness
over no stylization (blue). Further, when sufficient data is available (Materials),
intradomain stylization (dashed lines) results in similar robustness gains to
conventional painting stylization (solid lines). This means that paintings are not
uniquely responsible for robustness gains from stylization.

4.5.2 The Role of Style Diversity

The finding that intradomain stylization can be comparable to painting styliza-
tion leads to the hypothesis that it is the diversity in image statistics between
style and content images that plays a key role. For example, consider AdaIN — the

extent to which images are transformed by stylization depends on the magnitude
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of the difference in feature distribution moments between the content image and
the style image. This is why intradomain stylization is comparable to painting

stylization on a large dataset like Materials.

We test this hypothesis by restricting the style photo for intradomain styliza-
tion to be drawn from images that share the same class label as the content image.
With this restriction, the style images are likely to be more similar to the content
image given that they share similar semantic content. Let DY be the subset of

natural photographs with class label y. Then, the objective is given by:

(UO(x), ya) + UO(D(x, ). ¥s))] (4.3)

N | —

mén Eip, |E,, pye [

In general, we find that this restriction does indeed reduce the effectiveness
of intradomain stylization (Fig. 4.4). As an exception, TPFR does not appear
to rely heavily on the choice of style images. This can be explained by the
adversarial loss used in TPFR — the decoder is trained explicitly to fool a style
discriminator that discriminates between stylized images and real paintings
during training. Therefore, it is possible that the decoder is encoding painting-
like style signals regardless of the style image used. This also suggests that a
style transfer algorithm which explicitly transfers painting styles can be useful
instead of relying on a diverse style dataset during training (we explore this in
Section 4.7). In general, biases in stylization models can contribute to improved

robustness independently of style images.

Answer to H2: Access to style images which are diverse with respect to content images is

key for stylization-based augmentation. Against conventional wisdom, style images

need not contain statistics that manifest as visible textures or artistic style per se.
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Aslong as each style image is sufficiently different from its corresponding content
image, it will suffice. “Sufficiently different” means “depicting different semantic
content” in our analysis here. Interestingly, we found that style differences
measured by the Gram matrix distance between a stylized image and its original
counterpart do not correlate with robustness (see appendix) — further analysis is

left for future work.
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Figure 4.4: Stylization: Unrestricted vs Intraclass Styles. Left: PACS, Right:
Materials. Across both datasets, restricting style images to the class as content
images (dashed lines) results in smaller robustness gains compared to unre-
stricted stylization (solid lines). This reduction in robustness is explained by the
reduction in diversity between content images and style images.

4.6 Paintings as Perceptual Data Augmentation

In Section 4.5, we found that stylization as data augmentation works well as long
as the set of style images are diverse. This diversity does not necessarily depend
on the image statistics found specifically in paintings. If sufficiently diverse
mid-level statistics is found by stylization with photos, then perhaps photos can

fulfill the role of paintings entirely.
Instead, we argue that paintings are more than just a set of mid-level style
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features overlaid on top of a photograph. Our key insight is that perceptually
realistic paintings can be considered a form of ‘perceptual” data augmentation.
Unconstrained by physical reality, artists are free to depict varying level of
perceptual realism [19]. Paintings are perceptually realistic in regions where the
artist has deemed viewer attention should be focused. For example, a painting
of a giraffe might include perceptually relevant details on the giraffe itself while
the background is depicted in an less realistc and more abstract manner. In a
collection of paintings, important cues for objects or materials of interest are
depicted frequently in a perceptually sound manner while unimportant details

are abstracted away.

Even so, the domain shift between paintings and photos can be problematic,
and it is likely that models trained on paintings will fail to perform well on
photos if domain shift is not accounted for. Furthermore, many of the arguments
made for paintings above can also apply to other artforms, and it is interesting

to consider alternatives. We explore the following;:

e Hypothesis H3. (a) Learning from paintings improves natural image ro-
bustness after accounting for domain shift, and (b) this improvement is

greater than that found from photos alone.

e Hypothesis H4. Other artforms can encode similar invariances to paint-

ings.
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4.6.1 Learning Robust Natural Image Recognition From Paint-

ings

A classifier trained directly on both photos and paintings is required to learn
boundaries that satisfy both of these domains. Consequently, the accuracy on
photographs can suffer. Since our goal is to train a robust model for natural
image classification, we alleviate this by considering two alternatives: (a) a shared
feature extractor with multiple domain-specific classifiers (multitask learning)
or (b) a photo-only classifier that is finetuned after shared feature learning. For
reference, we also consider the default option of training (c) a joint classifier
on both photos and paintings. Specifically, let ©; be a feature extractor (i.e.,
ResNet18 without the final fully connected layer). Let ) be a linear classifier (i.e.,

a fully connected layer). Then the objective for (a) is given by:

(l<<77n © @f)<xn)a Y, )T

NO| —

min K, . ~p, D, [
9f777n»77p

[(np 0 ©4) (), Ys,)) ] (4.4)

For (b), two objectives are optimized sequentially:

(l((nn © @f)(xn>7 Yz, )+

N | —

(i) éﬂl}% ExnyxpN,Dn:,Dp |:

(1 0 @f)(l'p), yxp)ﬂ

(ii) Hrlzin E., ~p, [l((nn 0 Of)(z,), ywn)} (4.5)

For (c), the objective is simply Eq. 4.5(1). In all cases, the model defined by
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(n, 0 ©) is used at inference time. Both options (a) and (b) allow paintings to be

used for feature learning while keeping the inference classifier specific to photos.

Results are summarized in Fig. 4.5. Despite domain differences between
photos and paintings, the default classifier (c) has improved robustness over a
classifier that is trained on photos alone. A finetuned classifier (b) does not yield
much improvement over the default option (c), while domain-specific classifiers
(a) do yield significant improvement. This suggests that paintings are useful for
feature learning since they can guide the feature extractor towards perceptually
relevant features, but constraining the feature space to jointly separate photos
and paintings across different classes can restrict the breadth of learned features.
The clean accuracy of a joint classifier (finetuned or not) suffers since it can
no longer rely on some photo-specific features for classification. We will use

domain-specific classifiers in remaining experiments unless otherwise specified.

Answer to H3a: Surprisingly, we find that paintings can improve model robustness
out-of-the-box without accounting for domain shift. However, accounting for domain
shift with domain-specific classifiers increases both clean accuracy and robustness signifi-

cantly.

To control for robustness gains from photos, we assume a 1:1 cost for pho-
tos:paintings with a fixed annotation budget. Fig. 4.6 shows that it is beneficial to
allocate up to 50% of any annotation budget for paintings with respect to model

robustness.

Answer to H3b: Using paintings is cost-effective — annotating a combination of photos

and paintings results in higher robustness over photos alone for any fixed budget.

'We experimented with domain-specific classifiers in the context of stylization, but found
they did not improve robustness over a joint classifier.
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Figure 4.5: Learning from Paintings. Left: Clean Accuracy, Right: Corruption
Accuracy. Domain-specific classifiers (green) result in the highest robustness
while also improving clean accuracy. “LR normalized” refers to fixed effective
learning rates to account for additional gradients from the extra classifier head.
Even without accounting for domain shifts, training with paintings improves
robustness (red/yellow). Results are on Materials.
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Figure 4.6: Trade-off Between Photos and Paintings. Left: PACS, Right: Mate-
rials. For a fixed annotation budget, learning from both photos and paintings
(25%/50% paintings) results in higher robustness than photos alone (0% paint-
ings), with a bit over 3 of the total number of data samples required to be
annotated to match the maximal robustness achieved by only photos.

4.6.2 Paintings vs. Other Visual Artforms

Many artforms are created with an artistic emphasis on perceptually important
cues. For example, a line sketch is an abstraction which focuses on salient con-
tours to depict recognizable objects. While sketches are quite good at abstracting

away unimportant signals, they also abstracts away many realistic cues in favor
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of a sparse line-based representation. In the following experiment, we consider

models trained on photographs with different visual artforms.

Table 4.1 summarizes results across four datasets. We find that robustness can
be harmed by sparse visual representations like PACS line sketches or Domain-
Net quickdraw. However, DomainNet sketches, which include more realistic
shading and detail, do improve robustness. This is aligned with our expectation
that the inclusion of perceptually relevant cues is important for feature learning.
VisDA renderings are untextured and shaded with a single directional light
source and ambient lighting. Similar to line sketches, we find that these minimal

renderings reduce model robustness.

Answer to H4: Our results position paintings as a unique artform for improving model

robustness due to their fine balance between perceptual realism and abstraction.

4.7 Do Stylized Images and Paintings Induce Similar Invari-

ances?

As shown in Sections 4.5 and 4.6, both stylized images and paintings can im-
prove model robustness. We argued that paintings are a form of perceptual
data augmentation in which artists manipulate perceptual cues to emphasize
salient regions of scenes. However, it remains unclear whether models are indeed
learning perceptual invariances from paintings — it is possible that the robust-
ness gains from paintings arise purely through their mid-level image statistics
and textures instead. If paintings are improving robustness through different

mechanisms than stylized photos, we can expect different behavior from models
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Training Data (# Samples) | Mean Corruption Acc (%)

Materials
Photo (30K) 54.73+0.25
Photo + Painting (15K + 15K) 56.31+0.27 (+)
PACS
Photo (1500) 76.16+0.34
Photo + Painting (750 + 750) 79.41+0.55 (+)
Photo + Cartoon (750 + 750) 75.3840.36 (—)
Photo + Sketch (750 + 750) 73.85+0.39 (—)
DomainNet [127]
Photo (120K) 36.59+0.12
Photo + Painting (90K + 30K) 39.00+0.14 (+)
Photo + Sketch (90K + 30K) 37.57£0.22 (+)
Photo + Clipart (90K + 30K) 37.00£0.07 (+)
Photo + Quickdraw (90K + 30K) | 35.87+0.20 (—)
Photo + Infograph (90K + 30K) | 34.60+0.18 (—)
VisDA [128]
Photo (30K) 65.97+0.33
Photo + Rendering (15K + 15K) | 63.90+0.21 (—)

Table 4.1: Robustness from Different Artforms. Paintings improve model ro-
bustness while more abstract artforms can reduce robustness. (+)/(—) indicate
whether an artform improves/reduces model robustness. + indicates standard
deviation over 3 runs.

trained on stylized photos and paintings. To investigate how stylized photos and
paintings act on model robustness, we empirically probe models to understand

their learned invariances. We explore the following:

e Hypothesis H5. Models trained on stylized photos and paintings learn
different invariances to (a) common image corruptions and (b) viewpoint
and lighting shifts, and so (c) models can learn complementary invariances

by training on both paintings and stylized photos.

e Hypothesis H6. Stylization injects high-frequency signals that improve

model robustness.
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4.71 Probing Learned Invariances

To explore the relative invariances learned by different models, we consider
the behavior of models on various types of common image corruptions. We
also consider behavior on out of distribution images — in general, these images
have a different distribution of viewing angles, viewing scales, and lighting than
the original training photos. We experiment with models trained on paintings
and AdalN-stylized photos. In addition to arbitrary style transfer, it is natural
to consider learned artistic style transfer. We experiment with SACL [140],
which transfers the style of various artists independently with separately trained
models. We stylize each photo with a random artist to parallel the real painting

datasets which include multiple artists and styles.

Behavior with respect to common corruptions is summarized in Table
Stylization and paintings both consistently improve robustness to each form of
common corruption. On average, SACL outperforms both AdaIN and paintings,
giving credence to an argument that stylization methods with strong biases (i.e.,
learned styles) may be more practical than real paintings or arbitrary stylization
methods that depend on a diverse style set (c.f. Section ). Observe that
the relative performance of paintings fluctuates between datasets — paintings
outperform AdalN on noise and digital on Materials but underperform AdaIN
on PACS. As discussed earlier, a collection of paintings encodes perceptual
invariances. Since these invariances are not agreed upon a priori for every
painting, it follows that a large set of paintings is required to adequately capture
implicitly encoded perceptual invariances. Finally, all methods are similarly invariant
to weather and digital transformations. This can be explained by their mid-level

statistics. Weather transformations such as snow, fog, and frost are effectively
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overlaid textures on an image while digital transformations such as pixelate and

elastic transform resemble the fuzzy boundaries found in both types of images.

Answer to H5a: Both stylization and paintings improve robustness to various image
corruptions. However, learned stylization strictly outperforms paintings, suggesting

that invariances from learned style transfer supersedes those from paintings with respect

to common corruptions.

Method Noise Blur | Weather | Digital
Materials (30K Samples/Domain)
Photo-Only 43.70+0.65 | 58.76+0.14 | 55.2540.33 | 61.204-0.69
Photo + AdaIN || 47.334+0.22 | 65.094+0.21 | 61.78+0.18 | 61.41+0.16
Photo + SACL || 61.874+0.16 | 64.364+0.20 | 57.49+0.24 | 66.55+0.17
Photo + Painting | 49.824+0.56 | 61.03+0.13 | 56.69+0.10 | 64.15+0.14
PACS (1.5K Samples/Domain)

Photo-Only 62.64+1.48 | 72.75+0.04 | 83.24+0.22 | 86.33+0.14
Photo + AdaIN || 70.174+1.70 | 81.184+0.20 | 88.37+0.23 | 89.32+0.19
Photo + SACL || 85.984+0.56 | 84.61+0.15 | 89.73+0.33 | 88.74+0.48
Photo + Painting || 68.834+0.83 | 75.80+0.95 | 86.88+0.66 | 87.07+£0.14

Table 4.2: Per-Corruption Accuracy. (blue) SACL generally outperforms both
AdalN and paintings, particularly on noise. (red) Paintings can outperform
AdalN on some corruptions with a large dataset (Materials), but underperform
when fewer images are available (PACS). See main text for discussion. + indicates
standard deviation over 3 runs.

Performance with respect to out-of-distribution images is summarized in Fig.

. In striking contrast to the robustness against image corruption results above,
stylization consistently harms robustness. The reduced performance of stylization
can be explained by model overfitting to view- or lighting-specific signals in the
original photo dataset, as the signals in common between a clean photo and its
stylized counterpart are seen twice as often by the network during training. On
the other hand, paintings are not simply a transformed photograph, and thus do
not suffer from this problem. A straightforward explanation of the robustness

found through paintings is in the differences in viewpoints and lighting depicted
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compared to photos due to circumstance (that is, the paintings simply depict
more diverse scenes than the photos). However, paintings are constrained by
cultural norms and artistic conventions [153, ], so it is unlikely that artistic
paintings contain a more diverse set of viewpoints than in-the-wild photos.
Instead, we argue it is the emphasis on depicting regions of interest with recognizable
characteristics while de-emphasizing details in the background that is helping networks
to learn better viewpoint invariance from paintings. The model is better able to learn

to focus on the objects or materials themselves over background context.

Answer to H5b: For viewpoint and lighting transformations found in out-of-

distribution images, using stylization consistently hurts performance while using paint-

ings consistently improves performance.

PACS to YFCC100M Materials to FMD
90 50 == == Photo-Only
= Photo + Painting

45

o 85 —— (,/\// Photo + AdalN

3 il P - | | L= s Photo + SACL
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Figure 4.7: Out-of-Distribution Accuracy. Left: PACS, Right: Materials. Train-
ing with paintings (red) improves robustness to out-of-distribution photos while
training with stylized photos (purple/yellow) hurts robustness. Paintings can im-
prove invariance to viewpoints and lighting by encouraging models to focus on
objects / materials of interest over background context. Stylization encourages
overfitting, an effect which can be exacerbated with more training samples.

Since the behavior of models trained on stylized photos and paintings are
indeed different, we explore whether models trained on both sources of data learn
complementary invariances, or if the differences result in conflicting behavior.

Our results in Table 4.3 suggests the former.
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Answer to H5c: Training with both paintings and stylized photos improves robustness

in a complementary manner.

Method | MEAN | Corr. | OOD
Materials (30K Samples/Domain)

Photo-Only 48.03+0.21 || 54.73+0.25 | 41.33+0.62

Photo + SACL 48.56+0.45 || 62.67+0.03 | 34.54+0.91

Photo + Painting 50.9240.22 || 57.92+0.09 | 43.92+0.47

Photo + SACL + Painting|| 51.49+0.69 | 61.47+0.50 | 41.50+1.38
PACS (1.5K Samples/Domain)

Photo-Only 79.37£0.17 || 76.16+0.34 | 82.57+0.00
Photo + SACL 82.354+0.37 || 87.27+0.10 | 77.43+0.84
Photo + Painting 82.54+0.59 || 79.65+0.49 | 85.43+0.70

Photo + SACL + Painting|| 85.42+0.18 | 87.31+0.30 | 83.52+0.27

Table 4.3: Learning from Stylization and Paintings. Training with both stylized
images and paintings improves average robustness to image corruptions and
out-of-distribution photos, indicating that the invariances learned from these
images are complementary. + indicates standard deviation over 3 runs.

4.7.2 The Role of High Frequency Signals

We have focused our intuitions about the source of invariances learned from
stylization and paintings through the visible structure of these images. Existing
work has shown that CNNSs can learn to extract features from high frequency
signals in images [166, 102]. It is also well-known that deconvolutional decoders,
such as those used in stylization models, can introduce artifacts in images [120].
It is difficult to form intuitions about these signals, but we can measure whether

they play a significant role in improving model robustness.

We apply an ideal circular low-pass filter to zero out high-frequency com-
ponents. Given an image I, the filtered frequency components of the image

are:
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Xfiltered = -F([) oC (46)

where C;; = 1,.,(7(7, 7))

F denotes the discrete 2D Fourier transform, 1 denotes the indicator function,
and 7 is the radius of the low-pass filter. We set 7 = 60 in our experiments. Fig.
illustrates images before and after filtering at image resolution 224 x 224.
Note that the filtered images are perceptually identical to the original images at
a glance. Therefore, we can train models on the filtered images to measure the

impact of the visually negligible high frequency signals which were filtered out.

Table 4.4 summarizes the results. With filtered images, robustness against
noise drops significantly for models trained on photos stylized with SACL. This
means visible high frequency textures (such as the brush strokes in a Monet
stylized photo) are not enough to explain robustness against noise. This effect of
invisible high-frequency signals on noise is similar to evidence that learning from
adversarial perturbations improves robustness to high frequency corruptions
[185]. On the other hand, the effect of high frequency signals on the noise

robustness of paintings is much smaller.

Answer to H6: For learned style transfer, it is the presence of invisible high frequency
signals that are doing the heavy lifting against noise. In contrast, paintings are primarily

improving invariance towards noise through visible human-perceivable signals.
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Figure 4.8: Reducing High-Frequency Signals. Top: Original Image, Bottom:
Low Frequency Image. Columns 1 and 3 are stylized photos; columns 2 and 4 are
artist-created paintings. Reducing the magnitude of sufficiently high frequency
components from images does not alter perceptual quality of images. At a glance,
the top and bottom images are perceived to be identical.

Method | Noise | Blur | Weather | Digital || OOD
Materials (30K Samples/Domain)

Photo-Only 43.704+0.65 | 58.76+£0.14 | 55.254+0.33 | 61.20+0.69 || 41.331+0.62

Photo + SACL 61.874+0.16 | 64.364-0.20 | 57.49+0.24 | 66.55+0.17 | 34.54+0.91

Photo + Painting 49.82+0.56 | 61.03+0.13 | 56.69£0.10 | 64.15+0.14 || 43.92+0.47

Photo+SACL (LF) 45.82+1.36 | 64.24£0.39 | 57.06£0.13 | 66.37+0.29 || 36.92£1.15
Photo+Painting (LF) || 44.954+0.66 | 60.87£0.29 | 56.82+0.23 | 63.69+0.46 || 41.214+0.56

PACS (1.5K Samples/Domain)

Photo-Only 62.64+1.48 | 72.75+0.04 | 83.24+0.22 | 86.33£0.14 || 82.57+0.00

Photo + SACL 85.98+0.56 | 84.61+0.15 | 89.73+0.33 | 88.74+0.48 | 77.43+0.84
Photo + Painting 68.83£0.83 | 75.80+0.95 | 86.88+0.66 | 87.07+0.14 | 85.43+0.70

Photo+SACL (LF) 77.55+£2.60 | 85.4+0.11 | 88.93+0.22 | 88.53+0.15 || 77.43+0.47
Photo+Painting (LF) | 71.16+1.31 | 75.97£0.71 | 86.82+0.37 | 87.354+0.36 || 83.714+0.40

Table 4.4: Robustness without High Frequency Signals. “LF” denotes filtered
low frequency images. Photos are always untfiltered. Filtering invisible high
frequency components mainly impacts noise robustness. (blue) Filtering stylized
photos significantly reduces noise robustness while (red) filtering paintings has
a relatively smaller effect. + indicates standard deviations over 3 runs.

4.8 Discussion and Future Work
In this chapter, we performed an extensive exploration of style transfer and
artistic paintings for model robustness. We found that style transfer is able to
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improve model robustness without painting style images at all (H1). Instead,
stylization relies on a combination of diversity between style-content image
pairs and learned biases to improve model robustness (H2). This suggests that
although style transfer can improve model robustness, it does so independently
from paintings (or the styles found within paintings). This is contrary to con-
ventional wisdom that asserts style transfer improves model robustness through
its ability to mimic the textures and styles found in real paintings. Next, we
proposed the direct use of paintings as a form of implicit perceptual data aug-
mentation. We confirmed our hypothesis that learning from real paintings can
improve robustness, and saw greater gains by accounting for the domain shift
between paintings and photos (H3). When considered against other artforms
such as sketches or cartoons, we found that the fine balance of abstraction and
realism in paintings allowed it to uniquely enhance model robustness while other
artforms do not directly lead to improved robustness (H4). Finally, we found
that models learn different invariances from paintings and stylized photos, and
that robustness can be improved by training on both forms of data (H5,H6). Both
forms of images allowed models to improve robustness to common corruptions
in images. However, models trained on stylized photos found reduced robustness
to viewpoint, illumination, or other context distribution shifts while paintings

improved robustness to such shifts.

From a practical standpoint, our results suggest that learned stylization meth-
ods should be considered over arbitrary style transfer methods in data aug-
mentation pipelines. Our results also suggest that training with paintings is a
straightforward way to improve model robustness, and should be used if they

are available.
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There are interesting research directions for future exploration. Work has been
done to improve the controls available in style transfer or image editing models
[27, 169, 48]. It would be interesting to apply these controls in a perceptually-
grounded manner when style transfer is applied to mimic the artistic process. In
this chapter, we have found that artforms like sketches are unable to improve
model robustness. It would be interesting to explore how coarser abstractions
found in art can be leveraged for model robustness, perhaps by encouraging

models to learn a hierarchy of invariances.
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CHAPTER 5
UNCERTAINTY-AWARE PLANNING WITH SEMANTIC SCENE
UNDERSTANDING

5.1 Overview

Computer vision models are often used within larger systems, where their per-
ception of the world feeds into other components. For autonomous navigation,
visual reasoning is useful for understanding safe terrain and obstacles in the
environment. This understanding can allow the autonomous agent to plan safe
paths and perform their tasks. However, different environments will inevitably
introduce distribution shift, and even the best computer vision models will make
incorrect predictions at times. The previous chapters have explored the question
of how to reduce the impact of distribution shift from training to testing. Now,
we will explore the important question of how to account for model failures when
they arise during deployment, and how a system can still leverage uncertain

model predictions.

In this chapter, we propose a pipeline for planning in unstructured environ-
ments. This is a challenging task that relies on perception, scene reconstruction,
and reasoning about various uncertainties to be successful. To perceive the envi-
ronment, we use a semantic segmentation model trained to segment terrain and
obstacles in scenes. Given a view of the environment, the model allows the agent
to reason about potentially safe or unsafe paths through predicted terrain. The
model is augmented with dropout to compute uncertainties so that the agent can
account for potentially incorrect model predictions. With sparse next-best-view

measurements, the agent is able to find new measurements that decreases the
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uncertainty in the predicted semantics of the environment. Overall, our algo-
rithmic pipeline consists of: a deep Bayesian neural network which segments
surfaces with uncertainty estimates; a flexible point cloud scene representation;
a next-best-view planner which minimizes the uncertainty of scene semantics
using sparse visual measurements; and a hypothesis-based path planner that
proposes multiple kinematically feasible paths with evolving safety confidences
given next-best-view measurements. Our pipeline iteratively decreases semantic
uncertainty along planned paths, filtering out unsafe paths with high confidence.
We show that our framework plans safe paths in real-world environments where

existing path planners typically fail.

The work in this chapter was published in ICRA 2020 as “DeepSemanticH-
PPC: Hypothesis-based Planning over Uncertain Semantic Point Clouds” [55]
with Yutao Han, Jacopo Banfi, Kavita Bala, and Mark Campbell. Yutao, Jacopo,

and I contributed equally to this work.

5.2 Introduction

Path planning for complex outdoor environments is challenging due to the un-
structured nature of environments that do not fall neatly into discretized space.
Moreover, different terrain surface types can be difficult to detect with traditional
sensing modalities. In indoor environments, a grid space representation with
lidar sensors is sufficient [152, 69, 83]. Outdoor environments exhibit complex
geometries and surface types, which are difficult-if not impossible-to differ-
entiate using just lidar data. Therefore, a more flexible scene representation,

surface classification using computer vision techniques, and reasoning about
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scene uncertainties are necessary.

Previous work for outdoor planning has focused on classifying terrain and
surface roughness using SVM classifiers [165, ], neural networks [22, 32],
and various other computer vision techniques [109, 42]. While these techniques
can differentiate between simple terrain types, they do not model the inherent
uncertainties and ambiguities in complex scenes which makes it difficult to
differentiate between terrain types (e.g., an offroad robot driving through a patch
of grass with small rocks). Many current outdoor planning approaches still rely
on grid maps which do not model the complex geometry of an outdoor scene
(e.g., a field with irregular bumps and rocks) [121, 41]. Recent work models
outdoor maps for planning with a point cloud [79], which is more flexible and
suitable for unstructured scenes; however, [79] uses traditional lidar sensing
which cannot differentiate between different surface types as broadly as camera-

based computer vision.

In this chapter, we present DeepSemanticHPPC (Deep Semantic Hypothesis-
based Planner over Point Clouds), a novel algorithmic pipeline for planning over
uncertain semantic point clouds, which leverages a Bayesian neural network
(BNN) [45, 74] to extract principled estimates of segmentation uncertainty. This
allows our framework to reason about ambiguous terrain as well as robustly
handle false positive detections by taking additional measurements to reduce
semantic uncertainty in the scene. However, each measurement is costly due to
the computationally expensive nature of Bayesian neural networks operating on
a robotic platform with limited computing power. Our planner hence employs
next-best-view (NBV) techniques [15, 62, 31] to optimize for new measurements.

DeepSemanticHPPC includes:
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Figure 5.1: The DeepSemanticHPPC pipeline. (1) Given an initial view and
scene geometry, a multi-hypothesis graph of possible paths is generated. (2)
The uncertainty in the scene is iteratively reduced by selecting next-best-views
and path costs are updated. (3) This iterative uncertainty-reduction stage is
terminated early if a safe path is confirmed or all considered paths are confirmed
as unsafe. (4) Finally, a path is selected.

e the employment of a deep Bayesian neural network [45, 74] to obtain

surface and obstacle semantics with uncertainty estimates for unstructured

outdoor environments;
e a flexible point cloud scene representation;

e a next-best-view planner which minimizes the uncertainty of terrain se-

mantics using sparse visual measurements;

e a hypothesis-based path planner (extending [79]) that proposes multiple
kinematically feasible paths with evolving safety confidences given the

NBV measurements.

Experimental results with real environments show that our pipeline plans
safe paths in real-world environments where existing path planners typically

tail. Fig. 5.1 illustrates DeepSemanticHPPC. In the first stage, a multi-hypothesis
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planner generates multiple hypotheses of possible safe paths given a scene belief.
In the second stage, a NBV function calculates NBV poses and associated re-
wards. These poses and rewards are input to a NBV selection block which selects
the best feasible NBV. A BNN extracts semantic segmentations and associated
uncertainties from the NBV measurement, which are used to generate a new
scene belief. The new scene belief reduces hypothesis uncertainty, and the second
stage is repeated for a set number of iterations. Finally, a safe path (hypothesis)
with high confidence is selected; if all paths are classified as unsafe, then no path
is selected. The algorithm terminates once a path is confirmed safe or all paths

are confirmed unsafe.

5.3 Related Work and Background

RRT-Based Non-Holonomic Planning over a Point Cloud We build upon an
existing rapidly-exploring random tree (RRT) [52] based planner for finding
kinematically feasible trajectories over non-planar point cloud environments [79].
6D robot poses are expressed by transformation matrices belonging to the Special
Euclidean Group SE(3). A matrix Ty specifies the position and orientation of a
robot-fixed coordinate frame R expressed in a given reference map frame M. [79]
considers the following planning problem: given start and goal poses Tns, Twc,
and a point cloud M = {m'} with m’ € R?, compute a connecting trajectory 7 :
R-o — SE(3). The trajectory has to satisfy a number of constraints up to a given
degree of approximation: contact with the terrain surface, static traversability (e.g.
bounded roll and pitch angles), and kinematic constraints — including bounded
continuous curvature. Trajectories are represented as piecewise continuous

functions in the 6D space of robot poses, and are specified by a sequence of nodes
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7 = [N*], where each N'* is a tuple (Tygx, 7%, w*, £*). Here, Ty+ is a 6D pose
attached to the terrain surface, 7% € [0, 1] is the associated static traversability
value, w" is a parameter vector specifying a short planar trajectory segment
connecting T,z to the next pose in the sequence, and x* is the curvature at
the beginning of the trajectory segment. w* specifies a trajectory segment as a
cubic curvature polynomial [117] evolving along the planar patch defined by
the zy plane of the coordinate frame R attached to T\ z+. The end point of such
a trajectory segment gives the subsequent pose T, z++1 through a projection on
the terrain surface via f : (M, Tur) — Twmr; f queries M for the K nearest-
neighbors of the end point, which can be thought of as the points the robot will
lie on at T zr+1 (K depends on the size of the robot and point cloud density).

We use ¢(N*1) to denote such points.

Leveraging the above trajectory representation, [79] proposes to define a small
set of motion primitives (short trajectory segments) and use them to grow two
RRTs, one from the start pose and one from the goal pose, and iteratively try to
connect them. Each new pose is associated with a node N*, which is accepted in
the tree only if 7 > 0. [79] also proposes a technique to derive a better trajectory
(in terms of smoothness and distance) starting from an initial one. This second
optimization stage is not explicitly considered in this work, because it is easily

generalized and applied to all “safe” trajectories according to our method.

Segmentation with Bayesian Neural Networks Although segmentation net-
works for 3D point clouds exist [132, , , , ], 3D data repositories are
focused on object recognition and part segmentation (e.g. [20]) or only contain
a small number of scenes [53]. In contrast, existing large-scale image segmen-

tation datasets [76, 17, , 11] contain varied surfaces and obstacles in diverse
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real-world outdoor scenes. Therefore, we leverage a state-of-the-art image seg-
mentation network [24] (Section ), and update the point cloud environment
from per-pixel image segmentations (Section ). Furthermore, we augment
the network to estimate output uncertainty, allowing uncertainty in surface pre-
dictions to be embedded in the point cloud. Uncertainty in surface type is used

to guide path-safety evaluation.

At inference time, forward passes with active dropout layers can be inter-
preted as an approximation of the posterior distribution of model weights of a
neural network [45, 74]. The uncertainty of predictions are computed by taking
the sample standard deviation across multiple forward passes. For each pixel

(i,7)x of image X, the mean softmax vector over 7" forward passes is:

T

y 1 i
pld)x — - ng DX (| X) (5.1)
t=1

where 59X (y| X) € R is the softmax output of the network. The corresponding

uncertainty vector on p{“/)x is:

T i) 9
> (8" (y1X) — pia)x)
t=1

T7—-1

o-(i’j)X —

(5.2)

In our framework, image X corresponds to a view with known camera
parameters. p“9)x and o(/)x are combined with existing measurements for each

point m € M that maps to pixel (i, j) x (section )-
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Figure 5.2: An example point cloud. (a) Image view of a portion of the environ-
ment. (b) Point cloud colored with the most likely class predicted from image (a)
(bright green: “grass”; dark green: “tree”; purple: “sidewalk”; dark grey: “road”;
light grey: no information available). All the classes except “tree” belong to the
set S. The region around the tree is actually mulch/woodchips, which should be
classified as “dirt” (belonging to U). (c) Point cloud colored to show safe (white),
unsafe (black), and unclear regions R (random colors).

5.4 Approach Overview

The planner presented in Section 5.3 does not leverage critical semantic infor-
mation about terrain types. In this work, we assume an initial point cloud is
given in the form M = {e'}, where each element e; is a tuple (m’, p’, o%). Here,
m'’ € R? as before; p' = (pi,pl, ..., pL) is a vector specifying the probabilities
that the point belongs to each one of the C' possible semantic classes (gravel,
water, etc.); o' = (0}, 0%, ...,0L) is a vector specifiying the uncertainties of p’, as
discussed in Section 5.3. Points are initialized with uniform semantic probabili-
ties and maximum uncertainties. Updating the semantic point cloud is discussed
in Section 5.5.2. Fig. 5.2(b) shows a pointcloud obtained in a real (ambiguous)
environment, where each point m’ is associated with the color corresponding to

the class label j whose p;- is maximum.

We assume the semantic classes have been partitioned into two sets: the
safe set S (e.g. gravel, grass) and the unsafe set U (e.g. water, snow). For each

point m’, the points are defined as pis = >_. o1}, piy = 1 —pls = >,y P}, and
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o’ = min( \/ Y ies O \/ > jev 05)- Each point is then classified as:

e safe if pi, — w0’ > 0;
e unsafe if p}, — w,0" > 0,;

e unclear otherwise.

Intuitively, this implies that points are safe/unsafe given high probability (p%,
pi;) and low uncertainty (o), and unclear otherwise. w,, 65, 6, are defined by
the mission planner (with 1 — 0, < 6,,). We use Mg, Munsafe, Munclear to denote
the partition of M obtained from the above classification. Note that a point is
labeled safe (unsafe) even with large uncertainty on p (p};), provided there is
small uncertainty on pj; (p%). This is captured by the min in the definition of ¢".
For example, the network may be uncertain between gravel and grass (both safe),

but it is sure that the point is neither water nor snow (both unsafe).

Consider now a trajectory 7 = [A'*], and recall that #(N*) denotes the set of
points on which the robot lies when at pose T, z». Depending on the semantic
information initially available, it might be very difficult —if not impossible- to
immediately find a trajectory whose node points ¢(N*) all belong to M.

DeepSemanticHPPC works in two stages:

1) Compute a set of candidate paths traversing different unclear regions, and

2) Reduce the uncertainty of such paths by taking new views in the proximity

of the robot’s starting position of the most promising path.

We relax the path planning problem in a natural way — instead of reaching

a specific goal pose, we require the robot to reach a goal pose region G defined
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around Tyc. Then, the points in M ncear are organized into a set R of unclear
regions. To build the set R, we use the following two-stage clustering process:
tirst, DBSCAN [36] performs a large-scale clustering of the points in Mndear,
obtaining a set of large unclear regions R. Then, the points of each 7 € R are
turther partitioned according to their most likely class (treating the points not
associated with any prediction as belonging to a special class); DBSCAN is called
again on each partition. Fig. 5.2(c) shows the result of this process on our example

with 6, = 0.9, 6, = 0.3,w, = 3.

The remaining task is to compute a set of candidate paths from Tys to G.
Section presents a variant of a standard RRT algorithm which constructs
multiple hypothesis for the safest path, traversing different unclear regions.
These paths are stored in the directed graph G = (V, A), where each v € V
is associated with a potential trajectory node NV and each a € A represents
the existence of a short trajectory segment connecting two poses. The cost for
each node is based on how far it is from satisfying our safety constraint: p* =
WM D icopey min(1, max(0, 05 — p§ +w,0)) for for each v € V. However, if the
node region sufficiently intersects with an unsafe region, the cost is infinite; and

if the node lies entirely in a safe region, the cost is zero.

Summarizing, c(v) is defined as:

0 if [Mage N GN™)] = [p(N")]

() = 900 if [Munsare N SNV)| > &, (5.3)
p’  otherwise,

where ¢, is a user-defined threshold. The first condition can be relaxed for the

97



nodes in close proximity of the starting pose. Although a vertex with infinite
cost is never obtained when the candidate paths are initially computed, its cost
might tend to infinity when additional views are taken during the NBV stage
(Section ). A predefined number of NBV iterations are run. At each iteration,
the m most promising (shortest) paths according to the above cost function are
computed by a k-shortest paths algorithm (we use Yen’s [184]). The associated
vertices v such that 0 < ¢(v) < oo are then considered in the function that
computes the best additional view. The value of m is also decided by the mission
planner: m = 1 corresponds to an aggressive setting, while m > 1 is preferred

given a large temporal budget for taking additional views.

5.5 Technical Details

5.5.1 Predicting Semantic Labels

We curate a segmentation dataset for outdoor navigation in unstructured envi-
ronments from the existing large-scale COCO panoptic dataset [76]. First, images
of unstructured outdoor scenes are selected using a Places365 [191] classifier.
An image is kept if (a) the classifier’s top one (highest) prediction is an unstruc-
tured outdoor category with > 50% probability, or (b) two or more of the top
tive predictions are unstructured outdoor categories. Next, the 133 categories
in COCO panoptic are merged: (a) all outdoor terrains (e.g. grass, dirt, snow,
pavement) are retained; (b) obstacles are merged into four categories: fixed ob-
stacles (e.g. buildings), moving human-made obstacles (e.g. vehicles), humans,

and animals; (c) all indoor categories are removed. Our final dataset consists
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of 34K training images with 22 categories. Our navigation segmentation cate-
gories (from COCO panoptic), and filtered list of COCO panoptic images are at:

https://deepsemantichppc.github.io

For our network architecture, we use DeepLabv3+[24] with Xception65 [25]
backbone augmented with dropout in the middle and exit flow blocks for se-
mantic segmentations. At inference time, 50 forward passes are used to predict

semantics and uncertainties (Egs. (5.1)-(5.2)).

5.5.2 Associating Semantic Labels to a Point Cloud

Given a viewpoint with known pose and camera intrinsics, image segmentation

probabilities and uncertainties are mapped to the point cloud. To map pixel

<i7j)X:

1. Estimate depth map Dx for view X.

2. Each pixel is backprojected to a single point corresponding to the center
of the projected pixel. This approximation does not hold for pixels with
very large depths, but typically produces good results. Backprojected pixel

point m®)x is computed as:

mlx — PX[Dgé’j)]nggHO 0 M) K i g 1)F (5.4)

where Ky, Py are intrinsic and pose matrices.

3. Each backprojected point is merged with its nearest neighbor m™ in the
point cloud M within threshold distance R. If a backprojected point does

not have a neighbor within the threshold, the point is discarded.
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4. ptx and o) are merged with existing measurements for point m™.
The combined measurement is the best linear unbiased estimator under
the simplifying assumption that the per-class predictions are independent.
Given a set of K measurements {(p*), o))}, the combined measurement

(p, o) for class cis:

k=1 k=1
(k)y—2
where wgk) = % . Z st Zﬁd =1 (5.5)
ZC(UCI )2 s
ce

5.5.3 RRT-Based Multi-hypothesis Planner

The algorithm to compute G = (V, A) starts by building an initial RRT from a
root vertex v associated with the projected start pose Ts via a predefined set of
motion primitives. Instead of building two RRTs as is done in [79], we build a
single RRT from the start pose and bias the sampling to the point that is closest
to the projected ideal goal pose. Sampling is performed on the points in M not
lying in the forbidden points set F, which is initialized as F - Mnsafe. Once the
first path 7 = [N"] is found, the algorithm examines which regions in R are
traversed by the vertices of 7 by checking their intersections with each set of
points ¢(N"). Except for regions containing points belonging to the K-nearest
neighbors of Tys and Ty, all regions traversed by 7 are placed into the remouval

candidates set C.

A heuristic is then used to decide which region(s) should be removed from

subsequent planning stages. In this work, we simply remove the largest region ¢,
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and F is updated as F < F U ¢. When ¢ is removed, the RRT vertices lying on it,
including those of 7, are removed from the RRT. The algorithm then proceeds
to optimize and find a new path to the goal, by continuously expanding the
RRT component containing v,. This time, however, the algorithm also tries to
connect (by computing ad hoc trajectory segments) new vertices to those that

were disconnected from the RRT due to the removal of ¢.

When a new path is found, the process repeats. If at any iteration, the
algorithm finds a path only contained in the regions of Tyis and Ty, it can be
restarted with a different random seed. Graphs produced by different random
seeds are merged at the end. Fig. 5.3 shows an example multi-hypothesis graph

computed on the example of Section 5.4 (Fig. 5.2).

If any path computed on the multi-hypothesis graph G = (V, A) has zero cost,
the robot starts to follow that path since all the underlying points lie in M.

Otherwise, the robot enters the NBV stage described below.

Figure 5.3: An example graph G = (V, A), with poses. Vertices with c(v) = 0 are
in green, while vertices with 0 < ¢(v) < 1 are in red (the darker, the closer to 1).
The blue, green, and red axes indicate the pose of the robot.
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5.5.4 Next-Best-View (NBV) Planning

A set of n viable NBV poses Tyiaie = {Tmv,, - - -, Tmv, } is computed by growing
a RRT starting from Tys. The candidate poses T\iaple are a subsample of the RRT
vertices. All points lying within M uear are treated as unsafe, and sampling is
performed on the safe points lying within a given radius r from Tys. The robot
should not travel too far to take a new view; otherwise it is more appropriate to

follow the most promising path of G = (V, A).

A reward J(Twmy;) is calculated for each candidate pose Tmy,. The NBV pose
Tnev is selected by picking the pose with the highest value of J that also allows

a safe path back to the current pose from which all the paths can be followed.

J(TMVj> = ﬂdD + 57'7 + 6ViSNViS + ﬁQ@? (56)

where D is a distance metric, y is a viewing angle metric, Ny;s is the number of
visible vertices from Tyy,, and Q is the average information gain over visible
vertices from Tamy, - The weight 54, 5, Buis, Bo sum to 1 and D, v, Ny, and Q
are normalized. Distance and change in viewing angle are used based on the
assumption that closeness and view diversity will reduce vertex uncertainty. Ny
puts more weight on candidate poses which have higher chances of reducing
the uncertainty of multiple segments of the multipath graph G = (V, 4). Q
represents the expected reduction in uncertainty in the graph vertices given

Twmy,. Each of these components are defined as follows.

Begin by defining the set of vertices v € Vypy, where Vypy is the set of unclear
vertices belonging to the m most promising paths (see the end of Section 5.4).

For each candidate pose Tmy,; € Ty, only vertices visible from Tyy, are
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considered in calculating the reward. Visible vertices are defined as vertices
which occupy greater than a predefined number of pixels in the image plane
rendering of the point cloud from Tyy,. Visible vertices are added to the set

v € Viis j, where Vi ; € Vipy.

To calculate D, the distances from Tyy, to v € Vi ; are normalized. Since a
lower distance should correspond to a higher reward, we subtract the normalized
distances from 1. To calculate 7: the set of negative cosine distances of the angle

between Tys and Ty, to v € Vi j are used. Ny is the size of Vi ;.

The information gain metric ()(v) is calculated for each v € Vypy. Q(v)
represents the expected reduction in uncertainty for each v € Vypy, and is a

function of the visibility and uncertainty of the points lying in ¢(N?).

The visibility I(v, Tamy,) of a vertex v € Vpy, given a candidate pose Ty,
is the pixel coverage of ¢(N’) in the rendered image plane of Tyy,. Per-point
bounding squares of size equal to half the point cloud resolution are used to
compute occlusions and pixel coverage for surface points. The number of pixels
that ¢(N") occupies in the rendering is the predicted visibility I (v, Tny,) of v at

TMVj .

The uncertainty o(v) of a vertex v € Vygpy is the average sum of the uncertain-

ties of the points in ¢(N"):

1 Ny

i€HNY) j=1

The information gain metric Q)(v) of vertex v € Vypyv can be formally written as
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Q(v) = ail (v, Tiy,) + ago(v), (5.8)

where a;, a, are weights that sum to 1 and /(v, Tmy,) and o(v) are normalized.

5.6 Validation

5.6.1 Validation Scenes and Overview

(b)

Figure 5.4: (a) Image from Cass Park in Ithaca. There are multiple different
terrains in the scene including grass, mud, and water. The point cloud is anno-
tated with safe (blue) and unsafe (red) regions. (b) Image from Mann Library in
Cornell with similarly annotated safe/unsafe regions.

For real world validation, we collect data of two different scenes using the
ZED stereo camera from Stereolabs. One scene is at Cass Park in Ithaca (Fig.
5.4(a)) and the other scene is next to the Mann Library in Cornell University
(Fig. 5.4(b)) and These scenes are selected due to their varying (but common)
terrain types. The scenes are representative of common unstructured outdoor
environments. The ZED camera API is used to extract depth maps and generate

point cloud reconstructions of the scenes.

For these scenes, we heuristically select a set of candidate NBV poses instead

of growing a RRT from Ty, and assume a path between these poses and the start
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pose exists. This is because we did not implement the algorithm onboard a robot
for real-time NBV selection, and we could not feasibly sample all possible NBVs
from the test scenes prior to our experiments. Candidate NBV poses are selected
to be (a) near the start pose and (b) oriented in the general direction of the goal
while covering a wide range of the scene. Our method (and baseline methods)
choose NBVs from the set of candidate NBV poses. We did also implement our
full pipeline in the AirSim simulator [143] and confirmed that the RRT-based
NBYV selection module works as intended. Nevertheless, our path uncertainty
and safety evaluations will be focused on the real world scenes as the simulated

scenes are far more simplistic than the real world.

5.6.2 Multipath Planner Evaluation

The multipath planner is evaluated on the simulated Africa dataset from Airsim.
To evaluate the ability of the multipath planner to plan a diverse set of paths, we
compare the number of paths planned to the number of iterations the RRT in the
multipath planner runs for. The number of iterations is 5000 per trial. 300 trials
were run with uniformly sampled starting and goal poses within a ten meter
radius of a predefined start and goal anchor locations. Due to the exclusion of the
forbidden regions F after every new path is found, Table 5.1 demonstrates the
ability of the multipath planner to plan a spatially diverse set of paths. A boxplot

illustrating the median, quartiles, and outliers is shown in

RRT Iterations | 1000 | 2000 | 3000 | 4000 | 5000
# Paths (Mean) | 0.65 | 142 | 2.39 | 3.82 | 5.14
# Paths (Std) 077 | 149 | 2.02 | 246 | 2.97

Table 5.1: Mean and standard deviation of the number of paths found over 300
trials.
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Figure 5.5: Boxplots of the number of paths found at different number of itera-
tions of the RRT over 300 trials are shown. The outliers are shown as black circles.

5.6.3 NBYV evaluation

To evaluate the performance of the NBV function, we examine the change in
uncertainty of the path vertices as the number of NBVs increases. The complete
NBV reward function (Eq. 5.6) is compared against: (a) random selection, (b)
geometry-only reward, and (c) uncertainty-only reward. For the geometry-only
NBYV reward, we set {5y} to zero, and for the uncertainty-only NBV reward,
we set {84, 85, Bvis } to zero. The change in uncertainties summed across all the
classes and points for each path vertex averaged over 500 trials is shown in

Fig. 5.6. In our experiments, the full NBV reward weights are set as follows:
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{Ba = 04,5, = 0.05, Byis = 0.25,89 = 0.3,a; = 0.5,a, = 0.5} for the Mann
Library scene, and {3, = 0.15, 5, = 0.05, fyis = 0.2, g = 0.6, a; = 0.3, o, = 0.7}
for the Cass Park scene. A higher weight is assigned to uncertainty terms for
the Cass scene because the boundaries between surface types (e.g. water, mud,

grass) are more ambiguous than in the Mann scene.

For both scenes, the full NBV reward function consistently achieves the lowest
uncertainty with 2 or more NBVs (Fig. 5.6). This illustrates the importance of both
geometry and uncertainty terms in the reward function. In the Mann scene, the
baseline reward functions converge to a higher uncertainty than the full reward
function. Due to the small size of the scene and the nature of all candidate
NBVs being oriented towards the goal pose, random selection performs quite
well. It initially outperforms uncertainty-only which does not take into account
point visibility or viewpoint diversity, while random sampling implicitly selects
diverse views. In the Cass scene, the baseline reward functions converge to a
higher uncertainty than the full reward function, except for uncertainty-only
which converges to the same point as the full reward function. The overall
uncertainty in the BNN predictions are much higher at Cass park, so heavily
weighting the uncertainty in the reward function performs well. In the Mann
scene, geometry-only outperforms uncertainty-only, whereas the opposite result
holds for the Cass scene. Mann has less inherent ambiguity so geometry terms
are more important, while Cass has more ambiguous regions so uncertainty

terms are more important.
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Figure 5.6: Change in uncertainty of path vertices (y-axis) as the number of NBV
measurements increase (x-axis).

5.6.4 Path Safety Evaluation

To evaluate the real world application of DeepSemanticHPPC, we study the
safety of selected paths. We annotate a point cloud (Fig. 5.4 (a)/(b)right) with
MeshLab [26] into ground truth safe and unsafe regions. For Mann library mulch
(dirt) is labeled as unsafe, and for Cass Park mud (dirt) and water are labeled
as unsafe. Any path which contains a vertex that overlaps with the unsafe
region with over Nypsafe points is unsafe. We set Nynsate = 4. Two baselines are
considered: (a) B1: planning without semantic information (based on [79]) and
(b) B2: planning with semantic information from a single initial view without
taking any NBV measurements to reduce path uncertainty. We also study the

performance of DeepSemanticHPPC as the number of NBVs increase.

Table 5.2 and Figure 5.7 shows the path safety results for the Mann Library
and Cass Park scenes over 500 trials. Since both safe and unsafe terrain surfaces
can be geometrically similar, baseline B1 cannot reliably avoid unsafe semantic
regions. Baseline B2 performs significantly better than B1 because of the inclu-
sion of semantic surface types in the planner. However, because the semantic

segmentations can be incorrect, especially in regions with high uncertainty, this
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Mann B1 B2 | 1IN | 2N | 3N | 4N | 5N
Safe % 0 234 |81.6|79.8/81.4|83.6|86.0
Unsafe %| 100 | 76.6 |184|154|11.2|6.6 | 3.8
CS% | N/A|N/A| O 0 | 4.0 [18.0]28.0
CN% |N/A|N/A| 0 |48 7498 10.2
Cass B1 B2 |1N | 2N | 3N | 4N | 5N
Safe % | 13.2 | 334 |54.0|57.4|57.4|59.0|59.2
Unsafe %| 86.8 | 66.6 (46.0(41.6|39.8|37.4|36.6
CS% |[N/A|N/A| 0 0 0 0 0
CN% |[N/A | N/A| 0 [1.0]28 |36 |42

Table 5.2: 500 trials of path safety evaluation. The columns are the path planning
methods used: B1 is the planner based on [79], B2 includes semantic reasoning
without any next-best-views (NBVs), and XN is DeepSemanticHPPC (ours) with
X NBVs. The rows are the metrics: Safe is the number of trials where the final
selected path is safe, Unsafe is the number of trials where the final selected
path is unsafe (lower is better), CS is the number of trials where a safe path is
confirmed with sufficiently high confidence prior to selection, CN is the number
of trials where all multipaths are confirmed as unsafe (so no paths are selected).

Mann Library Cass Park
100 100
a0 a0
80 80
70 70
60 60
50 50
40 40
30 Bl 9% Safe 30 % Safe
20 E % Unsafe 20 E % Unsafe
10 9% Confirmed Unsafe 10 % Confirmed Unsafe
0 = = = 0 S __HE Em m .
Bl B2 1IN 2N 3N 4N 5N Bl B2 1IN 2N 3N 4N 5N

Figure 5.7: 500 trials of path safety evaluation. B1 is the planner based on [79],
B2 includes semantic reasoning without any next-best-views (NBVs), and XN is
DeepSemanticHPPC (ours) with X NBVs. Green represents trials where a safe
path is selected; Red represents trials where an unsafe path is selected; and Blue
represents trials where all paths are determined to be unsafe (so no paths are
selected). More green and blue is better.

planner still plans over unsafe terrain.

Our DeepSemanticHPPC framework is significantly better than the two base-
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lines. NBVs allow the planner to discard unsafe paths as semantic uncertainties
decrease. With just one NBYV, the percentage of safe paths taken increases drasti-
cally from 23.4% to 81.6% (Mann) and increases from 33.4% to 54.0% (Cass). As
NBVs increase, the percentage of safe paths selected generally increases while
the percentage of unsafe paths selected decreases. With 5 NBVs, 86% (59.2%) of
paths selected for Mann (Cass) are safe, and only 3.8% (36.6%) of paths selected
for Mann (Cass) are unsafe. With 5 NBVs, uncertainty is sufficiently reduced so
that in 10.2% (4.2%) of trials, all multipaths are confirmed to be unsafe for Mann
(Cass) and no path is selected. The complexity of the Cass scene is reflected in

these results.

5.7 Discussion and Future Work

In this chapter, we presented DeepSemanticHPPC, a novel framework for plan-
ning in unstructured outdoor environments while accounting for uncertain
terrain types. Our framework plans multiple feasible paths to a goal location
and attempts to select a safely navigable path. For unstructured outdoor environ-
ments, existing planners have focused on assessing navigability via geometric
constraints such as terrain steepness. Yet, some terrain types, such as mud or wa-
ter, may be unsafe for traversal for robots and cannot be easily detected through
environment geometry alone. In this work, we utilized a semantic segmentation
model to perceive terrain and obstacles in the environment. However, the per-
ception model may fail to accurately parse regions of the scene due to occlusions,
unsuitable lighting, or unfamiliar features different from what was encountered
during training. Therefore, we proposed to account for model uncertainties

during planning, as highly uncertain regions may be correlated with incorrect
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semantic predictions. To refine ambiguities, the framework focuses on selecting
new views of the world to measure that reduce uncertainties along potential
paths to the goal. Our real world experimental results showed that DeepSe-
manticHPPC reduces semantic uncertainty in planned paths and increases the
safety of paths planned in environments with unsafe terrains. In particular,
this framework greatly outperforms planners that focus only on terrain geome-
try, or planners that do not attempt to take intelligent measurements to reduce

perception uncertainty along planned paths.

In the future, it would be interesting to implement DeepSemanticHPPC on
a robot for real-time navigation experiments. In this work, we have assumed a
point cloud map of the environment already exists to separate reasoning about
semantics from noisy geometry. However, real-time exploration of an unknown
environment requires online mapping and reconstruction as well. It would be
interesting to explore the ability to build the point cloud online and incorporate

scene geometry uncertainties into this pipeline.

Notes and Acknowledgements. We thank Eric Wu and Hadi AlZayer for in-

sightful discussions and assistance with preliminary software implementation.
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CHAPTER 6
CONCLUSION

For both scientists working at the cutting edge of research and consumers en-
joying everyday technology, computer vision is playing an increasingly larger
role in modern society. Given the diverse set of environments in which systems
that rely on visual perception are deployed, it is pertinent to design systems that
are able to perform well in different settings. In this dissertation, we explored
several problems related to building such robust visual perception systems for

real-world deployment.

In the first part of the dissertation, we explored efficient data annotation as a
means of creating large-scale datasets that better represent the image distribu-
tions found in the real world. A salient challenge for robust deep learning in the
real-world is in overcoming distribution shifts between the training data and the
deployment environment. Large-scale data annotation is time-consuming and
expensive, with high quality labels typically produced by skilled expert workers.
We designed a method that is friendly to lower-skilled crowdworkers, while also

producing annotations that can effectively supervise computer vision models.

In the next two parts of the dissertation, we explored paintings as an alter-
native image distribution from natural photographs for deep learning systems
to be applied to and trained on. Paintings are created by humans for humans —
as such, they represent an interesting collection of images to be analyzed, con-
taining insights into both human culture and visual perception. We further
explored the role of paintings as a source of data for learning better models
intended for deployment in real world settings. As paintings are semantically

meaningful without necessarily being photorealistic, they implicitly represent
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semantics-preserving image transformations that are applied to some set of nat-
ural photographs. Learning from images altered by these transformations can
encourage computer vision models to be invariant to such transformations. We
studied the robustness of models trained on paintings and images transformed
by style transfer (which are handcrafted or learned photo-to-painting transfor-
mations); we showed that real paintings induce different invariances in visual

perception models than style transfer.

In the last part of the dissertation, we explored how noisy visual perception
can be used as a building block in a larger system to guide an autonomous
agent for path planning and safe navigation. Reasoning about model uncertainty
and capturing new measurements of the environment to reduce uncertainty
allows our proposed framework to plan safe paths in environments with initially

unknown terrain types, despite potentially incorrect model predictions.

The problem of building robust perception systems for real-world environ-
ments is extremely challenging, and there are many fruitful directions to explore.
As the amount of visual data in the world grows everyday, it is important to
continue exploring methods to better take advantage of these images and videos.
Which data samples can bring our training data distribution closer to the test dis-
tribution? Active learning and rare example mining can be used to find the most
meaningful data samples to label. Better semi-automated annotation tools can
ease the workload of workers who are tasked with high quality data annotation.
Learning directly from unlabeled data without any human annotations through
self-supervisory signals found in images or videos is a promising area of research;
combining insights from unsupervised learning with supervised learning can

lead to better semi-supervised frameworks. It is also useful to consider a variety
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of image distributions during training, and to consider benchmarking models
against a wider set of test distributions when designing new computer vision
models. Domain generalization research has focused on both building algorithms
that can learn from multiple distributions, as well as constructing meaningful
benchmarks that better capture the wide variety of real world environments that
perception models can be applied in. Robust features can be learned through
various data augmentations or new model architectures with different inductive
biases. Finally, I believe that continual learning, online characterizations of model
uncertainties, and anomaly detection are important research directions to follow
—models will inevitably face new, uncertain situations, and it is valuable for them
to have the ability to adapt to new information and to provide accurate feedback

about their confidence in new situations.
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APPENDIX A
APPENDIX: EFFICIENT IMAGE ANNOTATION FOR SEMANTIC
SEGMENTATION

This is an appendix for Chapter 2. In Sections A.1 and A.2, we detail the
parameters used in our experiments to reproduce our results. In Section A.3, we

include additional visualizations of crowdsourced annotations and inpainted

labels.

A.1 Deeplabv3+ and Mobilenetv2

In our experiments, we use the open-source implementation of Deeplabv3+
foundathttps://github.com/tensorflow/models/tree/master/research/
deeplab. For our comparison against weakly supervised methods, we use the
open-source implementation of Mobilenetv2 found at https://github.com/

tensorflow/models/tree/master/research/slim/nets/mobilenet.

A.1.1 Architecture

For Deeplabv3+, we use Xception65 [25] as the backbone. ASPP atrous rates
are set to 6,12,18 for output stride 16 and 12,24,36 for output stride 8 as in [24].
Training uses output stride 16 while evaluation uses output stride 8. Mobilenetv2

does not use ASPP or decoder.
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A.1.2 Training Procedure

Training hyperparameters are based on [24]. All hyperparameters use settings
in [24] unless otherwise noted here. Batch normalization parameters are not
finetuned due to low batch size (GPU memory constraints). Batch normaliza-
tion parameters are initialized and frozen with the pretrained checkpoint. All
Deeplabv3+ experiments initialize the network with the official pretrained model
on ImageNet + MSCOCO + Pascal VOC and are trained for 100K iterations. Ex-
periments with Mobilenetv2 initialize the network with the official Mobilenetv2
(width 1.0, input resolution 224) ImageNet model. We use polynomial learning
rate decay as in [24]. During training time, we ignore the loss for pixels whose
predicted class has a softmax probability greater than 0.95. This can be consid-
ered a form of hard negative mining where samples (pixels) with high confidence
are ignored. Our preliminary experiments suggest that this appears to improve

rate of convergence.

In any experiments that use fewer than 100% of the images in the training
dataset, the images are shuffled and the first /V images are selected. The shuffling

order is determined once and fixed across experiments.

Cityscapes. Deeplabv3+. Learning rate 0.0005. Batch size 2 with input crop
size 769 x 769.

ADE20K. Deeplabv3+. Learning rate 0.001. Batch size 4 with input crop size
513 x 513.

Pascal VOC. Mobilenetv2. Learning rate 0.001. Batch size 16 with input crop

size 513 x 513. Batch norm parameters are finetuned.
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A.1.3 Evaluation Procedure

After training for a fixed 100K iterations (no early stopping), models are tested
on the validation set. 100K iterations is chosen based on settings in [24] which
uses 90K iterations for Cityscapes. For consistency, 100K iterations is also used
for ADE20K and Pascal VOC. Evaluation is performed at single scale without
flipping on full resolution images. For completeness, we report here the valida-
tion mIOU when the network is trained out-of-the-box with the full training data

using the outlined procedure.

Cityscapes. Validation images are padded to 1025 x 2049. Validation mIOU is
77.7%.

ADE20K. Validation images are padded to 513 x 513. Validation mIOU is
37.39%.

Pascal VOC. Validation images are padded to 513 x 513. Validation mIOU is
69.6%.

A.2 Block-Inpainting Model

The block-inpainting model is based on Deeplabv3+ with some architectural and

training modifications.

117



A.2.1 Architectural Modifications

The input to the block-inpainting model is a tensor of shape h x w x (3 + K)
where K is the number of classes in the dataset (see main text). The weights
of the first layer must be expanded to accommodate the K additional channels.
These weights are initialized from a unit normal distribution. For each dataset,

the weights are initialized once and then fixed for every experiment.

To compute uncertainty, dropout is added to the middle and exit flow blocks
of the Xception65 backbone. The dropout keep probability is 0.8 as in [86]. No
dropout is added to the decoder as preliminary experiments suggest that this

will degrade performance.

A.2.2 Training Details

During training time, the block-inpainting model is trained with randomly
drawn block hints from the set of block-annotated images (see main text). The
block-inpainting model is trained for 100K iterations following section A.1. The

entire set of block-annotated images are used as training targets.

A.2.3 Inference Details

At inference time, the block-inpainting model keeps dropout activated to estimate
uncertainty [45]. The block-inpainting model outputs are averaged over 100
forward passes (100 is found to be sufficient in [44]) to form the final prediction.

The uncertainty is computed by taking the sample variance of the softmax
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probabilities for the predicted class (see main text).

A.3 Additional Visualizations

We show samples of crowdsourced annotations and block-inpainted labels.

A.3.1 Crowdsourced Annotations (SUNCG/CGIntrinsics)

Figure shows a sample of five annotated images. This figure is best viewed

in color on screen with high zoom. See main text for annotation details.

For each image, segments from block annotation and segments from full
annotation are shown. Synthetic labels are assigned using majority ground
truth voting. Note that assigning synthetic labels in this way will cause detailed
crowdsourced segmentations to be lost. See main text for estimate of cost to
assign labels. For regions without segments, “void” label is assigned (color is
black). For comparison, the dataset ground truth is shown in the final row. With
block annotation, notice that workers segment small regions (e.g. the stool in
image 1, row 2; the chair back in image 2, row 2; and the faucets in image 4,
row 2) and oversegment regions (e.g. the cushions on the couch in image 3, row
1). With full annotation, notice that workers miss large regions, perhaps due to

fatigue (e.g. the right window in image 3, row 4).
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A.3.2 Crowdsourced Annotations (Cityscapes)

Figure shows a sample of three block-annotated images. This figure is best
viewed in color on screen with high zoom. Regions that are not block-annotated
are masked out in this visualization. At annotation time, the worker sees the

entire image for context (see main text). See main text for annotation details.

For easier comparison against Cityscapes, crowdsourced segments are col-
ored. Colors are random because class labels have not been assigned to crowd-
sourced segments (see main text for estimate of cost to assign labels). Crowd-
sourced segments with synthetic class labels are also included. Synthetic labels
are assigned by taking the majority class label for the expert-labelled pixels in
the crowdsourced segment. Note that assigning synthetic labels in this way will
cause detailed crowdsourced segmentations to be lost. These visualizations are
included to provide a better sense of the crowdsourced segments across the entire
image rather than within individual blocks. Cityscapes segments are colored by

class with “void” labels masked out.

In the main text, we compare the number of segments to expert full-image
annotation. To compare the number of segments, we compute the number of
label connected-components in expert annotations. Blocks with more than 50%

void expert labels are ignored for a fair comparison.

A.3.3 Block-Inpainted Labels

We show set of samples of automatically assigned labels by the block-inpainting

model (trained and tested with Block-50%) in figures A.3, A.4. For compari-
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Figure A.1: SUNCG/CGIntrinsics Annotation Samples. Top to bottom: (Row 1)
Crowdsourced blocks (boundaries). (Row 2) Crowdsourced blocks (synthetic
labels). (Row 3) Crowdsourced full (boundaries). (Row 4) Crowdsourced full
(synthetic labels). (Row 5) Ground truth. NOTE: Synthetic labels are the majority
ground truth label for pixels in each segment. This means finely segmented
crowdsourced segments (such as cushions on couches) will be lost in visualiza-
tion. White dotted boxes highlight examples where block annotation qualitatively
outperforms full annotation.

son, we show the human expert labels and the agreement between the block-
inpainting model labels and the human labels (agreement is in white). With
uncertainty threshold 0.2 on Cityscapes and 0.4 on ADE20K, over 94% of the

pixels in the images are labelled by the block-inpainting model.
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Figure A.2: Cityscapes Annotation Samples. Top to bottom: (Row 1) Crowd-
sourced (boundaries). (Row 2) Crowdsourced (randomly colored). (Row 3)
Crowdsourced (synthetic labels). (Row 4) Expert Cityscapes. NOTE: Synthetic
labels are the majority expert label for pixels in each segment. This means finely
segmented crowdsourced segments (such as sky between leaves) will be lost in
visualization.
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Figure A.3: Block-Inpainting Cityscapes Samples. Top to bottom: (Row 1) Orig-
inal image. (Row 2) Human labels. (Row 3) Inpainted labels (all). (Row 4)
Agreement (row 3 vs row 2). (Row 5) Inpainted labels (<20% relative uncer-
tainty). (Row 6) Agreement (row 5 vs row 2). Void labels and rejected inpainted
labels are masked out.
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Figure A.4: Block-Inpainting ADE20K Samples. Top to bottom: (Row 1) Original
image. (Row 2) Human labels. (Row 3) Inpainted labels (all). (Row 4) Agreement
(row 3 vs row 2). (Row 5) Inpainted labels (<40% relative uncertainty). (Row
6) Agreement (row 5 vs row 2). Void labels and rejected inpainted labels are
masked out.
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APPENDIX B
APPENDIX: LEARNING ROBUST NATURAL IMAGE RECOGNITION
FROM PAINTINGS

This is an appendix for Chapter 4. This appendix provides additional details to
enable reproducibility, and additional visualizations and results to complement
the main findings of the chapter. In Section B.1, we specify the creation of the
Materials dataset. In Section B.2, we detail the experimental setup for the classifi-
cation robustness experiments. In Section B.3, we describe the implementation
and parameters used for style transfer, and we show visualizations of these
methods in Section B.4. In Section B.5, we extend the discussion in Section 4.5 of
the main text by analyzing the effect of stylization strength versus robustness. In
Section B.7, we visualize the power spectra of stylized images and compare them
to natural images. Finally, in Section B.8, we frame model robustness as domain

generalization and discuss how domain-invariance can affect model robustness.

B.1 Materials Dataset Details

In the main text, we have briefly described the two primary datasets on which
we focused our experiments. PACS [91] is a standard benchmark dataset while
Materials is a novel dataset of photographs and paintings that was created by
sampling image patches from existing datasets with material annotations. In this
section, we give additional information on the creation of Materials. This dataset
is released for reproducibility at https://github.com/hubertsgithub/

style_painting_robustness.
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Natural photographs. = We acquired image patches from OpenSurfaces[10],
COCO stuff [17], and MINC-2500 [11]. To create image patches for image classifi-
cation from segmentation annotations, we constructed bounding boxes around
segments, and cropped out these bounding boxes to form image patches. We con-
structed square bounding boxes with side length equal to 150% of the minimum
side length of tight bounding box around the segment. Non-tight bounding
boxes are used since it is important to include some context for the patch. We
also sampled from MINC-2500 which already contains annotated image patches
that do not require additional processing. Image crops that extend beyond the
boundary of the full image are padded to square with ImageNet mean padding,
and all final images patches are resized to 224x224. We sampled from Open-
Surfaces and MINC first, before sampling from COCO if necessary. We created
subsets of data of up to 60K photos, and each subset was created to be as-class-
balanced-as-possible. For illustration, we provide per-class counts for two such

subsets of data in Table

Natural-10K Count || Natural-60K Count
Ceramic 1000 Ceramic 3132**
Fabric 1000 Fabric 8006

Foliage 1000 || Foliage 8006

Glass 1000 Glass 7216%*
Liquid 1000 Liquid 7174%*
Metal 1000 Metal 7204**
Paper 1000 Paper 3258**
Skin 1000 Skin 2276**
Stone 1000 Stone 5716**
Wood 1000 Wood 8006

Table B.1: Training datasets are sampled to be as class-balanced as possible. **
indicates that all training samples of that category are included in the training
set, and no further samples exist. Natural-10K is a subset of Natural-60K. The
test set contains 200 samples of each category.
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Paintings. We sample paintings across the same material categories as above
from [162]. We only sample patches that are at least 128x128 pixels in area
to avoid very low-resolution annotations. The image patches are padded and
resized in the same manner as above, and data is also sampled to be as-class-

balanced-as-possible.

B.2 Classification Parameters

For all classification experiments, we use the following setup.

e Network architecture: ResNet18, ImageNet pretrained.

e Training hyperparameters: 30 epochs with initial learning rate (LR) 1e-3, LR
reduced to le-4 at epoch 24. The LR of the classification layer is increased
by 10x.

e Optimizer: SGD with 0.9 momentum.

e Training data augmentation: horizontal flipping, random scaling, color
jitter, and ImageNet normalization.

e For experiments that train a model on both photos and stylized photos, all
photos are stylized exactly once offline and included in the training set as
an independent image from the original photo.

e Evaluation accuracies are averaged over 3 independent runs for each ex-

periment.

Our results do not appear sensitive to the choice of training hyperparame-
ters. Therefore, we train all networks with this configuration and evaluate the

tinal model after training. Our experiments suggest that this training schedule
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is sufficient for convergence without overfitting across all datasets we experi-
mented with. Increasing training epochs to 100 or more does not improve results.
Increasing number of training epochs is required if starting from random initial-
ization, but ImageNet pretraining is standard practice so we do not extensively

experiment with random initialization.

B.3 Style Transfer Parameters

For all applications of style transfer used in this work, we use pretrained models

from publicly available implementations. The sources are provided here:

AdalN [68]: https://github.com/bethgelab/stylize-datasets

ETNet [150]: https://github.com/zhijieW94/ETNet

TPFR [155]:

https://github.com/nnaisense/conditional-style-transfer

SACL [140]:

https://github.com/CompVis/adaptive-style-transfer

Our initial experiments showed that applying style transfer at 224 x224 res-
olution yielded visually poor results (except for AdalN). Therefore, we apply
style transfer at a higher resolution and downsample the final result to 224 x224.
For AdalN, ETNet, and SACL, we apply style transfer at 768 x768 resolution.
For TPFR, we apply style transfer at 512x512 instead of 768 x768 due to GPU
memory constraints. All other hyperparameters are set to the default settings

found in the implementations for each respective method.
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B.4 Visualizations of Stylized Photos

We show examples of images stylized by various style transfer methods on PACS
(Fig. ) and Materials (Fig. ). The visualizations also include examples
of intradomain stylization in which images are stylized by photos instead of
by paintings. Notice that intradomain stylization yields stylizations that are,
in general, visually similar to stylizations with painting style images. Overall,

stylizations across all methods are holistically similar to natural paintings.

B.5 Style Distance vs Robustness

In Section 4.5, we found that arbitrary stylization with style images that share
the same semantic content as the content image (“intraclass stylization”) results
in lower gains in robustness. Since images with similar semantic content may
be more visually similar, this suggests that intraclass stylization will lead to
less stylized images, i.e. weaker augmentation. To verify this, we measured
style differences via the Gram matrix distance between stylized images and
their original counterparts. Table B.2 summarizes differences on PACS. While
intraclass stylization does result in smaller differences in style for each method,
the Gram matrix distance across methods is not necessarily correlated with gains
in robustness. For example, ETNet produces the largest style differences overall,
but previous results in Fig. 4.3 show that AdaIN improves robustness more than
ETNet on PACS. As such, the strength of stylization alone is not indicative of the

downstream robustness learned by models trained on these images.
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Intradomain
(Intraclass)
AdalN | 1.584+0.93 | 1.284+0.79 1.16+£0.85
ETNet || 2.33+£1.09 | 2.13+£1.04 1.814+1.03
TPFR 1.5240.90 | 1.384+0.87 1.27+0.91

Method | Painting | Intradomain

Table B.2: Style (Gram Matrix) Distance. Gram matrices computed from Ima-
geNet pretrained ResNet18 features on PACS. Mean distance between (image,
stylized image) pairs is reported. 1 distance implies 1 style difference. & de-
notes standard deviation across 1.5K pairs.

B.6 Biases of Stylization Algorithms

As found in Section 4.5 of the main text, the choice of style images can affect the
robustness gains from various arbitrary stylization methods. Beyond the choice
of style images, the biases of style transfer models can have an impact on the
tinal stylizations, and thus the robustness of models trained on these images.

Therefore, we explore:

e Hypothesis H1A: Stylization biases from different methods affect model

robustness differently.

To visualize the artifacts produced by style transfer, we stylize an image with
itself as a style image in Fig. B.1. With a perfect decoder, this transformation
should be the identity transformation. However, imperfections during encoding
or decoding produce visible biases in the output image. For example, all of the
models induce blurring, ETNet has prominent checkerboard artifacts, and TPFR
induces a clear shift in color distribution. The result is that content images will be
inevitably “stylized” by at least some fixed extent regardless of the style image
with different biases from different stylization models. Table shows that

training models on self-stylized images changes its robustness from training on
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photos alone. Corruptions like blur and digital generally benefit from stylization
biases while noise appears dependent on both the classification task (objects vs

materials) and style transfer method.

Answer to H1A: The biases encoded in different style transfer algorithms contributes
to changes in model robustness, with different effects dependent on both style transfer

algorithm and downstream classification task.

Method | Noise | Blur | Weather | Digital
Materials (30K Samples/Domain)
Photo-Only 43.71 | 58.76 | 55.25 61.20
Photo + AdaIN| 39.98 | 60.75 | 56.72 61.38
Photo + ETNet | 45.61 | 59.92 | 56.44 66.96
Photo + TPFR || 47.53 | 64.00 55.07 69.02
PACS (1.5K Samples/Domain)
Photo-Only 62.64 | 72.75 | 83.24 86.33
Photo + AdaIN| 58.69 | 74.69 | 85.59 87.92
Photo + ETNet | 55.80 | 71.16 82.41 87.42
Photo + TPER | 60.85 | 76.56 | 85.10 87.58

Table B.3: Effect of Stylization Biases. Per-corruption accuracy for models
trained on photos plus photos stylized by themselves. Self-stylization reveals
stylization biases in arbitrary style transfer models. Notice that the robustness of
models differs between different style transfer methods when self-stylization is

applied.

Figure B.1: Arbitrary Stylization Biases. Left to Right: Original image, Image
stylized by itself using AdalN, ETNet, and TPFR. Ideally, an image stylized by
itself should not change. Notice that style transfer introduces artifacts, shifts in
color, and other biases.
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B.7 Power Spectra of Different Image Types

In Section 4.7 of the main text, we found that SACL improves robustness against
noise with imperceptible high frequency signals in the stylized images. Here we
show the power spectra of stylized images and compare them to the spectra for
natural photos and natural paintings. The radial power spectrum for an image is

computed as:

power(r) = || X, ||
where X, = mean ||.X]|
V2 +2ER(r)

X,; are the frequency components given by the 2D discrete Fourier transform.
Since (i, j) are discrete, the radial frequency component X, is computed as an
average over || X;;|| for (i,7) that fall in a bin R(r). In Fig. , we visualize
the mean radial power spectra for natural photos, natural paintings, and SACL-
stylized photos. We observe that stylized photos contain higher magnitude
high-frequency components relative to natural photos and natural paintings.
As noted in Section 4.7 of the main text, reducing the magnitude of sufficiently

high-frequency components does not affect the perceptual quality of images.

B.8 Domain-Invariant Feature Learning

Our results from Section 4.6 of the main text provide evidence that models can
learn more robust feature representations from the addition of paintings to a

dataset of photographs. We can take this further by explicitly enforcing similar (or
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Figure B.2: Power Spectrum of Images. Left: PACS, Right: Materials. The plots
depict the mean power spectrum for different sets of images. Photos stylized by
SACL have larger magnitude high frequency components than natural photos or
natural paintings.

domain-invariant) feature representations across photos and paintings. Domain-
invariance is a common approach to the problem of domain generalization,
where models are trained on multiple domains with the goal of generalizing
to unseen domains, e.g. [51, ]. In our setting, we can consider images with
common corruptions to be the set of unseen domains. Perfect domain-invariant
feature extraction can be harmful if it prevents useful features in photos from
being extracted due to an underrepresentation of such features in paintings.
Since the target task is recognition of photos, losing robust photo-specific signals

can be detrimental. Therefore, we explore the following:

e Hypothesis H2A: Explicitly learning domain-invariance from paintings

and photos may negatively impact model robustness.

We use an adversarial domain discriminator to learn domain invariant fea-
tures [46, ]. In Table B.4, we find that explicitly learning domain invariant
features from paintings results in lower robustness than unrestricted feature

learning with paintings. However, learning domain-invariant features does still
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improve robustness over the photo-only baseline. Existing work in domain gen-
eralization has shown that domain-invariance is an effective method for learning
to recognize images from unseen domains, e.g. [112]. Our finding here suggests
that in the special case of domain generalization to corrupted versions of natural
photographs, it is advantageous to retain photo-specific features for recognition.
This is consistent with our hypothesis and discussion above — an underrepresen-
tation of any particular photo-specific features in paintings can result in such
features being ignored entirely when domain-invariance is enforced, even if such

features are useful for robust recognition.

Answer to H2A: Explicitly learning domain-invariant features from paintings neg-
atively impacts model robustness with respect to unrestricted feature learning with

paintings. However, domain-invariant features do still improve robustness relative to

photos only.
Method IMEAN || Noise | Blur |Weather|Digital
Materials (30K Samples/Domain)
Photo-Only 54.73 || 43.71 | 58.76 | 55.25 | 61.20
Photo + Painting 57.92 || 49.82 | 61.03 | 56.68 | 64.15

Photo + Painting (DA) | 55.99 || 46.97 | 59.60 | 54.51 | 62.90

PACS (1.5K Samples/Domain)
Photo-Only 76.16 || 62.64 | 72.75 | 83.24 | 86.33
Photo + Painting 78.99 || 68.04 | 74.72 | 86.26 | 86.92
Photo + Painting (DA) | 77.44 || 68.86 | 72.59 | 84.09 | 84.23

Table B.4: Effect of Domain-Invariant Features. “DA” refers to feature learning
with an adversarial domain discriminator loss [46]. Learning domain-invariant
features (red) reduces robustness relative to unrestricted feature learning from
paintings (blue), but still improves robustness over photo-only.
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B.9 Additional Architectures

We expect our findings to hold across architectures and datasets. As a sanity
check, we have extended Table with two additional architectures. The results
(Table B.5) follow similar trends to those found in Table 4.2. For example, SACL

outperforms both AdalN and Paintings on Noise.
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Resnet-18

Method Noise Blur Weather | Digital
Materials (30K Samples/Domain)
Photo-Only 43.70£0.65 | 58.76+0.14 | 55.25+0.33 | 61.20+0.69
Photo + AdaIN || 47.33+0.22 | 65.09+0.21 | 61.7840.18 | 61.41+0.16
Photo + SACL 61.87+0.16 | 64.36+0.20 | 57.49+0.24 | 66.55+0.17
Photo + Painting | 49.824+0.56 | 61.03+0.13 | 56.69+0.10 | 64.15+0.14
PACS (1.5K Samples/Domain)
Photo-Only 62.64+1.48 | 72.75+0.04 | 83.24+0.22 | 86.33+0.14
Photo + AdaIN || 70.17+1.70 | 81.18+0.20 | 88.374+0.23 | 89.3240.19
Photo + SACL 85.98+0.56 | 84.61+0.15 | 89.73+0.33 | 88.74+0.48
Photo + Painting || 68.834+0.83 | 75.80+0.95 | 86.88+0.66 | 87.07+£0.14
WideResnet-50-2
Method Noise Blur Weather | Digital
Materials (30K Samples/Domain)
Photo + AdaIN | 57.80+1.79 | 73.7740.11 | 67.75+0.51 | 66.96+0.06
Photo + SACL 69.39+0.72 | 70.00+0.34 | 64.00+0.54 | 73.05+0.30
Photo + Painting || 60.724+0.83 | 68.09+0.49 | 61.15+0.23 | 70.98+0.24
PACS (1.5K Samples/Domain)
Photo + AdaIN | 82.054+1.33 | 86.89+0.64 | 93.98+0.15 | 94.39+0.30
Photo + SACL 93.79+1.35 | 89.64+0.36 | 95.19+0.17 | 93.63+0.11
Photo + Painting | 83.924+1.81 | 85.3840.27 | 94.19+0.08 | 92.63+0.24
Densenet-121
Method | Noise Blur Weather | Digital
Materials (30K Samples/Domain)
Photo + AdaIN | 54.324+0.23 | 71.08+0.24 | 67.31+0.37 | 66.47+0.13
Photo + SACL 67.22+0.16 | 68.89+0.16 | 63.08+0.33 | 71.87+0.62
Photo + Painting | 54.834+1.20 | 68.214+0.38 | 61.29+0.39 | 70.66+0.13
PACS (1.5K Samples/Domain)
Photo + AdaIN | 76.964+4.12 | 85.794+0.50 | 94.96+0.13 | 92.34+0.19
Photo + SACL 91.33+0.28 | 88.92+0.37 | 94.18+0.49 | 94.12+0.54
Photo + Painting | 76.654+2.22 | 83.224+0.19 | 94.00+0.62 | 91.72+0.14

Table B.5: Per-Corruption Accuracy (Additional Architectures). Trends across
different architectures are generally consistent. For example, SACL (blue) greatly
outperforms AdalN and paintings (red) for noise robustness. + indicates stan-
dard deviation over 3 runs.
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ETNet
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Figure B.3: Stylized Photos (PACS) (1/2). Intradomain refers to stylization with
photos as style images instead of paintings as style images. SACL is a learned
style transfer method that is applied with different models pretrained to transfer
the style of different artists. (Continued on next page)
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Figure B.3: Stylized Photos (PACS) (2/2). Intradomain refers to stylization with
photos as style images instead of paintings as style images. SACL is a learned
style transfer method that is applied with different models pretrained to transfer
the style of different artists.
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Figure B.4: Stylized Photos (Materials) (1/2). Intradomain refers to stylization
with photos as style images instead of paintings as style images. SACL is a
learned style transfer method that is applied with different models pretrained to
transfer the style of different artists. (Continued on next page)
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Figure B.4: Stylized Photos (Materials) (2/2). Intradomain refers to stylization
with photos as style images instead of paintings as style images. SACL is a
learned style transfer method that is applied with different models pretrained to
transfer the style of different artists.
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APPENDIX C
APPENDIX: UNCERTAINTY-AWARE PLANNING WITH SEMANTIC
SCENE UNDERSTANDING

This is an appendix for Chapter 5 which provides additional details for the
semantic segmentation model used in the work. In Section C.1, we specify the
construction of the outdoor semantic segmentation dataset. In Section , We

provide architecture, training, and inference details.

C.1 Outdoor Navigation Segmentation Dataset

As mentioned in the main text, we curate a segmentation dataset for outdoor
navigation in unstructured environments from the existing large-scale COCO
panoptic dataset [76]. Images of unstructured outdoor scenes are selected using a
Places365 [191] classifier. An image is kept if (a) the classifier’s top one (highest)
prediction is an unstructured outdoor category with > 50% probability, or (b)
two or more of the top five predictions are unstructured outdoor categories.
Second, the 133 categories in COCO panoptic are merged: (a) all outdoor terrains
(e.g. grass, dirt, snow, pavement) are retained; (b) obstacles are merged into four
categories: fixed obstacles (e.g. buildings), moving human-made obstacles (e.g.
vehicles), humans, and animals; (c) all indoor categories are removed. Our final
dataset consists of 34K training images with 22 categories. Our navigation seg-
mentation categories (from COCO panoptic), and filtered list of COCO panoptic
images areat: https://deepsemantichppc.github.io/segmentation_
dataset/README.html. The 22 semantic categories (plus one VOID/IGNORED

class) are as follows:
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rock-merged, gravel, platform, railroad, river, road, sand,
sea, snow, pavement-merged, mountain-merged, grass-merged,
dirt-merged, water-other, flower, tree-merged, playingfield,
person, obstacles-fixed, obstacles-dynamic-manmade,

obstacles-dynamic—-animal, background, VOID

The obstacles-«, background, and VOID classes are formed by merging

several categories in COCO panoptic:

OBSTACLES_FIXED (MERGED) :
stairs
wall-brick
wall—-stone
wall-tile
wall-wood
fire hydrant
stop sign
parking meter
bench
chair
couch
potted plant
bed
dining table
toilet
cardboard

counter
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curtain

door—-stuff

house

shelf

fence-merged
table-merged
building-other-merged
wall-other—-merged

net

cabinet-merged

OBSTACLES_DYNAMIC_MANMADE

skateboard
surfboard
bicycle
car
airplane
bus
train
truck
boat
skis
snowboard
motorcycle
OBSTACLES_DYNAMIC_ANIMAL
bird

cat

(MERGED) :

(MERGED) :
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dog

horse

sheep

cow

elephant

bear

zebra

giraffe
BACKGROUND (MERGED) :

sky-other-merged
VOID (MERGED) :

VOID

teddy bear

kite

oven

keyboard

floor-other—-merged

cup

tv

backpack

orange

laptop

blanket

vase

spoon

banner
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towel
baseball glove
frisbee
paper—-merged
window-blind
clock
microwave
ceiling-merged
knife

tent

umbrella
toothbrush
sink
floor-wood
baseball bat
sports ball
roof

pillow

apple

bridge

tennis racket
scissors
traffic light
banana

fork

donut
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suitcase
cake

wine glass
carrot
mouse

hair drier

food-other-merged

rug-merged
toaster

bowl

book

tie

pizza
sandwich
fruit
handbag

cell phone
broccoli
refrigerator
mirror—-stuff
window—-other
remote

hot dog
light

bottle

146



C.2 Network Architecture, Training, and Inference

For our network architecture, we use DeepLabv3+[24] with Xception65 [25] back-
bone augmented with dropout in the middle and exit flow blocks for semantic
segmentations. For details, refer to [24, 25]. ASPP atrous rates are set to 6,12,18
for output stride 16 and 12,24,36 for output stride 8 as in [24]. Training uses

output stride 16 while inference uses output stride 8.

Training Details. = We initialize from a network pretrained on Ima-
geNet [33] + MSCOCO [99] + Pascal VOC [39]. This pretrained model is
available at https://github.com/tensorflow/models/blob/master/
research/deeplab/g3doc/model_zoo.md. The model is trained for 160000
iterations using SGD with momentum with batchsize 4 on our dataset. Initial
learning rate 0.01, momentum 0.9, and polynomial learning rate decay with

power 0.9 are used. Images are resized to 513x513.

Inference. At inference time, 50 forward passes are used to predict semantics

and uncertainties (Egs. (5.1)-(5.2)).
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