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Abstract

Joint architectures for predicting instance masks with additional depth-related informa-
tion have shown improvements in performance on both the original segmentation tasks and
their corresponding depth-related tasks. Closely related to depth, occlusion can also pro-
vide strong cues for segmentation. Although occlusion ordering between instances provides
less supervision than full pixel-wise depth, occlusions can be easily annotated for existing
datasets. Motivated by the above, we propose two problems that incorporate occlusion
information into standard segmentation tasks with their corresponding methods. For both
methods, we explore the level of supervision occlusion provides in terms of segmentation
accuracy by comparing our results with baseline segmentation approaches trained without
occlusion supervision.

Firstly, we develop an end-to-end framework to perform instance segmentation and per-
instance global occlusion order prediction simultaneously by appending a global occlusion
order head to standard instance segmentation architectures. Our approach to occlusions
differs from most prior work. Prior work performs occlusion estimation in a local pairwise
manner: given two instances, classify one of them as the occluder. Due to locality, for scenes
known not to have occlusion cycles, such approaches can (and do) produce occlusion cycles,
which are errors. Unlike most prior work, we directly label instances with their occlusion-
order labels, where an instance with a larger label occludes any neighboring instances with
smaller labels. This approach is cycle-free by design. Using cross-entropy with occlusion-
order labels fails as occlusion-order labels do not have a fixed semantic meaning. Therefore,
we develop a novel regularized loss function for successful training. Our framework achieves
high occlusion-order accuracy with improved performance in instance segmentation, likely
due to the added supervision.

Secondly, we develop a new direction for occlusion-supervised amodal instance segmen-
tation (AIS). AIS is an emerging task that segments the complete object instance, both
the visible and occluded parts. All prior work for AIS can be divided into two groups:
(i) methods constructing a synthetic amodal dataset; (ii) methods using human-annotated
amodal masks. The drawback of methods in the first group is that constructing a realistic
synthetic dataset is difficult. The drawback of methods in the second group is that human
annotation is prone to error, as humans must reason about invisible regions. Our method
requires neither a synthetic dataset nor human-annotated amodal masks, but instead uses
ground-truth modal masks and the pairwise occlusion order between instances. By using
the occlusion order to reason about the visible and invisible parts of the amodal mask, we
develop effective loss functions for the visible and occluded parts of the predicted mask.
We achieve comparable accuracies to those of the same architecture trained on human-
annotated amodal masks, despite not using amodal masks for training.
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Chapter 1

Introduction

(a) Original image. (b) Instance segmentation masks.

Figure 1.1: Examples of instance segmentation annotation from the KITTI 2015 dataset [1],
which marks out visible regions of common road scene objects such as cars and pedestrians.

Instance segmentation, also known as semantic instance segmentation, refers to the task
of predicting the visible region of each object at the pixel level, often performed in con-
junction with predicting the class (i.e., the semantic meaning) of the object. Building upon
techniques for image classification or object detection, instance segmentation models have
matured since 2017, with countless variations of the classic R-CNN-based [33] architectures
[36], as well as the newer DETR-based [8] approaches [13, 61], which have quickly become
the state-of-the-art in recent years.

To help push the envelope, many works have started to incorporate more supervision
outside of simply relying on ground-truth instance masks, as an attempt to improve seg-
mentation accuracy for their specific applications. For example, in panoptic segmentation,
it combines both semantic and instance segmentation, aiming to predict “stuff” (i.e., un-
countable regions such as the sky or ocean) in addition to just the “things” (i.e., countable
instances) in standard instance segmentation [50, 12, 14, 13]. Whereas in [80, 116, 105], the
authors rely on human joint locations (in the form of keypoints) to perform human pose
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Figure 1.2: Correlation between pairwise occlusion and depth relations of instances. The
arrow represents the direction of occlusion/depth order between instances A and B. The
dotted arrows represent partial depth orders, where there can be overlaps between the
minimum or maximum depth values from both instances. [59]

estimation and segmentation. These tasks tend to improve segmentation performance over
training with only segmentation supervision. This might be unsurprising; in the case of
panoptic segmentation, knowing the “stuff” helps with distinguishing the “things”, whereas
in pose estimation, knowing the exact pose of a person helps with outlining the person. In
both tasks, the extra supervision encodes additional scene information, which in turn helps
with the segmentation task at hand.

Over the past years, there has been some work that addresses instance segmentation
with some form of depth prediction. In [118; 109, 29], the models jointly predict a per-
pixel depth estimate along with panoptic or instance segmentation, while [119] predicts a
per-instance depth ordering. Similar to panoptic segmentation and pose estimation, these
methods showed improved performance on both the instance segmentation task and their
corresponding depth estimation task, suggesting that these tasks are closely related, as
segment boundaries usually indicate depth discontinuities.

What about occlusion? While occlusion is not exactly depth, [59] showed that pairwise
occlusion and pairwise depth order are strongly correlated, suggesting that occlusion and
depth are complementary to each other when describing a 3D scene. After all, both occlu-
sion and depth encode some form of 3D scene information: “occlusion” refers to some area of
one object in front of another object, whereas “depth” directly gives the distance of objects
to the camera. Occlusion and depth also have a strong correlation, as shown in Fig. 1.2,
with high covariance when the pairwise depth order respects the pairwise occlusion order
(i.e., P(A — B|A — B)and P(B — A|B — A)). Naturally, depth and occlusion are strong
mutual cues, as occlusion boundaries are usually depth discontinuities, with the occlusion
order determining the direction of depth discontinuities at these boundaries. This is also
reflected experimentally in the form of InstaOrderNet [59]. InstaOrderNet is a classification
model that takes 2 masks as inputs and outputs a pairwise depth and/or occlusion order
between the masks (using the same categories as Fig. 1.2). When trained to output both
depth and occlusion orders, the model outperforms those trained on either depth or occlu-
sion orders in their respective metrics, suggesting that the depth and occlusion prediction



(a) Original image. (b) Depth from KITTI [31]. (c) Occlusion from KINS [82].

Figure 1.3: An example of annotations for a given image.

tasks can enhance each other, similar to how depth enhances segmentation training.

If occlusion helps with depth, and depth helps with segmentation, what about combin-
ing segmentation and occlusion for training? Occlusions are strong cues for segmentation
after all, as occlusion boundaries are object boundaries. Admittedly, using occlusion to im-
prove segmentation presents several obstacles compared to simply using depth. Occlusion-
annotated datasets are far rarer than datasets with full pixel-wise depth annotations, and
occlusion annotations between datasets do not have a very consistent format or definition
(see Chapter 4). Depth annotations are also easier to use; the pixel-wise depth annotation
can be more easily and intuitively incorporated into many standard segmentation models,
which is reflected by the volume of work that combines depth and segmentation (see Sec-
tion 3.1. Last but not least, pixel-wise depth annotations also provide significantly more
3D scene information than occlusion order annotations between objects. After all, pairwise
occlusion order annotations are simply labels for each pair of objects. Occlusion order la-
beling is sparse; it can be common for objects to have few or no occlusion relations at all,
depending on the dataset. In the case of the KINS [82] and COCOA [123] datasets, only
around 8.6% and 8.5% of object pairs are in an occlusion order, respectively.

However, occlusion order does have its merits. Occlusion order can be easily annotated
by humans without requiring any extra equipment (e.g., LiDAR scanners for depth, as
shown in Fig. 1.3b). Occlusion order can also be annotated retrospectively to existing
datasets quickly with very few errors, as humans are highly skilled at ordering objects in
images [15]. Also, training for occlusion reasoning as opposed to depth might be sufficient
depending on the applications, such as question answering [73], scene de-occlusion [113],
and amodal instance segmentation [62]. Fig. 1.3 shows an example of depth annotation and
occlusion annotation for a given image.

Motivated by the above, we propose two problems that incorporate occlusion informa-
tion into standard segmentation tasks. To enable the use of pairwise occlusion annotations,
our methods for each of the problems rely on two different sets of assumptions. In both of
these problems, we explore the level of supervision occlusion provides in terms of segmen-
tation accuracy, by comparing our results with baseline segmentation approaches without
any occlusion supervision. For both problems, we train and evaluate on the KINS [82]
and COCOA [123] dataset, which contains visible, amodal segmentation masks, as well as
occlusion order annotations.

In this work, we propose a method for End-to-End Occlusion-Ordered Semantic Instance
Segmentation, which addresses the same problem proposed in [4]. The model augments
a standard instance segmentation architecture by outputting a global occlusion order per
instance, in addition to the instance segmentation masks via appending an “occlusion order”
head, which is side-by-side with the class prediction head. The occlusion order head is
responsible for predicting a single real number representing the global occlusion order, which
respects the occlusion order between instances: for neighboring instances, the instance with
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(a) Original image. (b) Segmentation masks. (¢) Occlusion graph.

Figure 1.4: An example from the InstaOrder dataset [59]. The arrows with two heads in
(c) are examples of occlusion cycles.

the higher global occlusion order would be the occluder. To train the occlusion order head
to follow this rule, we propose a simple ReLU-based regularized loss, inspired by [98, 97].
Here, we use Mask R-CNN [36] and Mask2Former [13], two very different architectures for
instance segmentation, as our baselines for comparison.

The global occlusion order naturally assumes that there are no occlusion cycles within a
scene. Of course, in reality, objects can be in an occlusion cycle; Fig. 1.4 shows an example
of an occlusion cycle, in which the person’s left leg occludes the horse, which occludes the
right leg. However, the rarity of such cycles largely depends on the domain (i.e., what
kind of scene) and object definitions (i.e., what counts as an object). For example, road
scenes such as those in Fig. 1.3 can have little to no occlusion cycles, as vehicles tend to
be distant from each other and relatively more “convex” compared to most objects. In
the case of KINS and COCOA, neither dataset contains any occlusion cycles. With the
predicted global occlusion order, we can recover the relative order between any neighboring
instances. The applications include question answering [73], scene de-occlusion [113], and
amodal instance segmentation [62].

We evaluate our approach on the OAIR metric proposed in [4], which jointly evaluates
the accuracy of the predicted masks and occlusion order. Our method showed improved
performance compared to [4] while being much more computationally efficient. Compared to
baseline models without occlusion-order supervision, our method also shows an improvement
in instance segmentation metrics, likely due to the added information from the ground-truth
occlusion order. We also propose an additional application in the form of depth sharpening
using a test-time training approach, based on the global occlusion order predictions of our
architecture.

Secondly, we propose a method for Occlusion-Supervised Amodal Instance Segmentation,
which addresses amodal instance segmentation with only supervision from ground-truth
visible segmentation masks and occlusion order. Our method allows us to use existing
single-stage, non-Region-of-Interest-based instance segmentation architectures for training,
and relies on an assumption about the dataset: for a given image, the total area of amodal
masks must be the total area of modal masks. We propose two effective losses that act
upon the visible and invisible parts of each object, respectively.

Here, Mask2Former [13] is used as our baseline model. We evaluate our approaches
via AP scores. Our approach results in performance close to that of the same architecture
trained on human-annotated amodal masks, even though we only use modal masks for
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training. Our approach can be extended to other methods of incorporating shape priors.

1.1 Thesis Organization

Chapter 2 contains the background and walks through some of the foundations, as well
as any important models and architectures, notably Mask2Former, Mask R-CNN, ResNet,
and GLPDepth, which will be used in some capacity for our experiments. In Chapter 3,
we describe related works. Chapter 4 explains the choice of datasets. Chapter 5 details
our end-to-end occlusion-ordered semantic instance segmentation approach, along with an
application in the form of depth map test-time training. In Chapter 6, we detail a possible
framework for occlusion-supervised amodal instance segmentation.



Chapter 2

Background

2.1 Image Classification

Perhaps one of the most well-studied and foundational problems within computer vision and
image processing—image classification (or object recognition) refers to the task of assigning a
label to a given image. Image classification has a vast number of applications, including face
recognition, car/pedestrian recognition for parking/traffic systems, as well as biomedical
imaging. It also serves as the basis of many branching problems within computer vision.

Traditionally, image classification builds upon previous techniques in low-level feature
recognition. [103] proposed a framework for face recognition by generating an optimal series
of Haar filters via AdaBoost. Designed to be computationally efficient, Haar filters are a
specific type of full-image filter that consists only of rectangular regions of +1 weight. A
positive response produced by applying the generated Haar filter to an image corresponds
to a human face. Experimentally, the chosen filters correspond to common bright & dark
features on faces; as shown in Fig. 2.1, the left filter corresponds to the dark eye regions
and bright upper cheeks, whereas the right filter corresponds to the bright nose ridge.

In [72], Lowe proposed the Scale-Invariant Feature Transform (SIFT), which provides
a scale and rotation-invariant algorithmic approach to low-level object recognition. Given
two images of the same scene, SIFT extracts key locations that correspond to unique local

Figure 2.1: Haar filters. [103]



features. Scale-invariance is achieved by using scale pyramids by resizing the image in
factors of 2, while rotation-invariance is achieved by selecting locations at the maxima
and minima of the difference of Gaussian. The features between the two images are then
matched. If there is a known object in one of the images, the object can then be recognized
in the other image based on the location of the matched local features of the object.

Inspired by SIFT, [19] proposes using Histograms of Oriented Gradients (HOGs) to
detect pedestrians. This is done by calculating the gradient orientation and magnitude
at fixed locations on an image, and creating a histogram of the gradient orientation and
magnitude over a given region. The resulting vector can then be fed through a classifier,
which [19] implements via SVM as the baseline. While not completely translation/rotation-
invariant, a small degree of invariance is allowed and can be controlled by adjusting the
bin size, which proves sufficient as pedestrians are usually already in an upright position.
HOGs showed strong performance in pedestrian detection while being significantly cheaper
in computation compared to previous works.

While these methods performed well for their specific tasks, their robustness is far
from ideal, as they require careful calibration in both the algorithm and the input images.
[19, 103] requires humans/faces to be centered and cropped for their specific applications,
whereas [72] requires multiple images of the same scene to perform feature matching. Natu-
rally, the ever-increasing demand for robustness led to the creation of more intricate systems
to tackle such challenges—or more specifically, the adoption of deep learning.

2.1.1 Convolutional Neural Networks

At its core, neural networks refer to systems with connected neurons, which aim to mimic
their biological counterparts. These neurons are commonly organized in layers, with connec-
tions between neurons of neighboring layers. Each neuron processes signals from upstream
connections, usually by calculating a weighted sum of these signals, and outputs them
downstream. The signals between neurons commonly go through an activation function—a
simple non-linear function that guarantees non-linearity for a multi-layer neural network
based on the universal approximation theorem [18]. Such multi-layered neural networks are
also known as deep neural networks (DNNs) or deep learning.

Up until the late 1980s, neural networks have been shown to generalize well on regression
tasks [89]. This period also saw the advent and application of many modern techniques in
the context of deep learning, such as backpropagation [92, 106], ReL.U activation functions
[27], and stochastic gradient descent [2].

Convolutional neural networks (CNNs) refer to neural networks that optimize training
efficiencies by applying weights in the form of kernels to the input or signals between the
layers. As opposed to fully connecting neurons between layers, each neuron only has access
to signals from spatially nearby neurons from the upstream layer. Using kernels allows the
neural networks to be shift-invariant in terms of the input, which can be desirable depend-
ing on the problem. The reduced number of connections and parameters also drastically
improves training efficiency. Perhaps one of the earliest works on CNNs is Waibel’s Time-
Delay Neural Network (TDNN) [104], which performs phoneme recognition via a 1D CNN
based on 1D audio inputs, with convolution along the “time” axis. Here, shift-invariance is
useful as any slight misalignment of the audio file should not affect the model’s performance.

Building upon Waibel’s work, LeCun proposed the 2D CNN for handwritten zip code
recognition [57], which is the first application of CNN in an image context. The model
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consists of 2 convolutional layers with 5 x 5 kernels on a 16 x 16 grayscale input. To reduce
the number of parameters, convolution was performed with a stride of 2, thereby halving
the dimension of the input at every layer. The outputs from the second convolutional layer
were flattened and sent to a fully connected layer as shown in Fig. 2.2. The final class
probabilities were derived using the softmax function, with cross-entropy as the training
loss

Coming from 1989, LeCun’s work already resulted in a very modern design of CNNs.
Improving on the previous model, in 1998, LeCun introduced the LeNet-5 [58], which was
larger with 7 convolutional layers. LeNet-5 also introduced pooling layers, or, as the paper
calls them, sub-sampling layers.

Skipping to 2012, the next breakthrough comes in the form of AlexNet [53], which was
the first to introduce ReLLU activation functions to CNNs, which had predominantly been
using tanh activation functions, resulting in training that was several times faster, as shown
in Fig. 2.3. To combat overfitting, the model was the first to employ dropouts in CNNs,
and suggested a few methods for data augmentation. AlexNet shows improvement against
SIFT-based methods.

In 2015, Microsoft proposed residual networks (ResNets) [37]. One of the major prob-
lems of deep neural networks is that training naturally gets more difficult as more lay-
ers are added, even after applying existing techniques to guard against vanishing gradi-
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ent/overfitting. To address this issue, [37] proposed the residual learning framework. Un-
der residual learning, given a block of neural network layers, the output of the block is
trained to output the difference between the input and the desired output (hence “residual
learning” ), as shown in Fig. 2.4. In other words, it simply adds the input to the output of
the block, thereby preserving many of the original input features at each layer. Not only
does this help with vanishing gradient as this explicitly exposes output from the previous
layer at each subsequent layer, this also allows the networks to more explicitly “memorize”
the original image or lower level image features, which, in use cases such as image super-
sampling or denoising, can be very important. With residual learning, ResNet was able to
create extremely deep CNNs for its time, with up to 152 layers, significantly improving the
state-of-the-art classification on the CIFAR-10 dataset [52].

To this day, ResNet remains one of the most popular models to build upon for computer
vision-related tasks, commonly used as a backbone for many current models. Unsurprisingly,
it is the most cited computer vision paper as of April 2025 [101]. For our experiments in
Chapter 5 and 6, we will be using ResNet-50 (denoting 50 layers) as the backbone.

2.1.2 Vision Transformers

Within the landscape of natural language processing, transformer-based architecture re-
mains the most prominent type of model today. Transformers [102] rely on the attention
mechanism, which explicitly trains a mapping from a set of input queries and key-value pairs
to some output. In the context of the language tasks, these queries and keys usually come
from embeddings of tokens for a given sequence. As for the token embeddings, a positional
encoding is added (usually based on some sine/cosine functions) to inject some informa-
tion on the position of the token in the sequence. Attention allows long-range correlations
and dependencies within a sequence of tokens to be mapped more explicitly, which directly
improves upon the local nature of convolutional neural networks. With the attention mech-
anism, their transformer (see Fig. 2.5) was able to provide far more interpretable results
while outperforming recurrent neural networks (RNNs) in language translation tasks, which
was the norm before the meteoric rise of transformer-based large language models that we
are familiar with today.

Adapting the transformers of 1D language-related tasks to 2D vision-related tasks, [23]
proposed the vision transformer (ViT) in 2020. Instead of tokens in a sequence, ViTs break
up an image into flattened 2D patches to learn the embeddings, as shown in Fig. 2.6. As
for positional embedding, experimentally, using a 2D focused positional embedding did not
outperform using the standard 1D positional embedding by simply treating the patches as
a 1D sequence. ViTs also allow for combination with CNNs by using CNN feature maps
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instead of the raw image as input. ViTs were able to achieve comparable performances to
the then state-of-the-art CNNs in classification tasks.

Improving upon ViTs, [70] introduced a hierarchical transformer with shifted windows,
also known as Swin Transformers. Swin Transformers improves upon ViTs by creating a hi-
erarchical architecture through merging windows at increasing layers, as shown in Fig. 2.7a.
Attention is done within each window at a fixed sequence size of 16 patches, which lowers
the training runtime complexity to linear from the quadratic complexity of ViTs. The hi-
erarchy also allows Swin Transformer to extend more easily outside of image classification
problems, and can be modeled similarly to U-Nets or feature pyramid networks (FPN),
which will be mentioned in Section 2.3 and 2.4. Swin Transformer also employed a shifted
window approach between layers as shown in Fig. 2.7b, which makes the window boundary
more arbitrary. Swin Transformer was able to outperform other ViT-based methods and
ResNet in many computer vision-related tasks, resulting in yet another popular choice of
backbone for many modern architectures.

2.1.3 Training Loss

The most commonly used loss for classification is the cross-entropy (CE) loss:

CE(y,y7) = =2 > vi"log(y)) (2.1)

Where N is the size of the dataset and K is the number of classes. For sample ¢, y{ represents
the predicted probability for class ¢, and y; represents the target class distribution. One
common variant of the cross-entropy loss is the weighted cross-entropy:

WCE(y,y") Zzwcy*clog v;) (2:2)

Which weights the cross-entropy with the class-based w.. The weighted cross-entropy is
commonly used to address class imbalance in the dataset. Another variant is the binary
cross-entropy loss, which is a special case of cross-entropy when dealing with only 2 classes
(i.e., binary classification):

N
BCE(y,y") = = _ (y; log(y;) + (1 — ) log(1 — ,)) (2.3)

A
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To convert from the final logits zf € R to the probabilities y¢ € [0, 1], a softmax operator is
applied:

(&3
e~

K J
Zj:l e*
In the case of binary classification, sigmoid, which is a special case of softmax for 2 classes,
can be used instead:

ys = softmax(z;, c) = (2.4)

1
1+4+e =
Note that when combining softmax/sigmoid with the cross-entropy losses, it can result
in taking the natural log of a probability; when the probability approaches 0, the log ap-
proaches —oo, which can cause numerical issues in practice. This can be solved by combining
the softmax/sigmoid and cross-entropy loss into one operation and taking advantage of the
log-sum-exp trick, which is implemented in most popular machine learning libraries (e.g.,
torch.nn.BCEWithLogitsLoss).

Yy, = 0(z) = (2.5)

2.2 Object Detection

Figure 2.8: Various computer vision tasks. From top to bottom: original image, object
detection, instance segmentation, semantic segmentation, panoptic segmentation. Taken
from the KITTI 2015 dataset [1].

Within computer vision, object detection or localization refers to the task of locating
object instances within a given image, and is commonly done in tandem with classification,
where the class (e.g. person or car) of the object needs to be identified as well. This is
commonly done via predicting the bounding box of each object, which consists of a center
point (z,y) and the size (w, h), as shown in Row 2 of Fig. 2.8. Object detection encompasses
a wide range of applications, including facial recognition [103], autonomous driving, medical
imaging, and video surveillance.
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(a) Haar filters applied via sliding windows. [103] (b) CAMs. [121]

Figure 2.9: Examples from prior works.

Unsurprisingly, object detection and image classification are closely tied together. In
many image classification publications, the locations of objects classified have historically
been a major consideration, almost treated as if they are two sides of the same coin. After
all, one can always take an image classification model and apply it to an image via a sliding
window to get a coarse position of the classified object (especially if the method is efficient
and/or relies on low-level image features), which is the case and the proposed method in
the original papers for Haar filters [103], as shown in Fig. 2.9a.

Some image classification architectures may also already contain information on the lo-
cation of the target object. In SIFT-based methods [72] such as HOGs [19], this is somewhat
explicit as the position of matched features is known, and can be used to extrapolate the
general location of the entire object. This is also true for convolutional neural networks
(CNNs). With the rise of CNNs, which worked well and robustly for image classification
tasks, it naturally lends itself to semantic segmentation and object detection — with [121]
even bridging the gap between image classification and object localization via class acti-
vation maps (CAMs). Given a model that uses global average pooling (GAP) at the final
convolutional layer, CAMs are a way to visualize the region of an image that gives high
responses for a given class during image classification by reverse engineering the final layers
of the model. To calculate the CAM for a given class ¢, the class weight w, is used as the
weight to calculate the weighted sum of the last convolutional layer before the GAP layer.
By visualizing regions of high class response, it is possible to locate the object, as shown in
Fig. 2.9b.

In the following sections, we will explore a few notable deep-learning-based architectures
that serve as a foundation to the baseline models that we will be using throughout our
experiments.

2.2.1 R-CNN

Object detection has given rise to a myriad of deep learning-based architectures throughout
the years, with some of them being the Region of Interest-based (Rol) approaches. Perhaps
one of the most significant families of architectures is the Region-based Convolutional Neural
Networks (R-CNN) [33], which introduces the task of extracting region proposals, which are
the potential bounding boxes for instances (i.e. Rol). While the design of R-CNN is agnostic
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Figure 2.11: Visualization of DETR output corresponding to each object query. [§]

on the choice of extractors, the regions are extracted using the selective search algorithm
proposed in [100], which remained as the algorithm of choice for future iterations of R-CNN
(e.g. [32]). Selective search is designed to be exhaustive with a high recall — meaning that
while it may produce a lot of false positives, the false negative rates are very low. After
~ 2000 regions are extracted, the regions are then fed through a CNN classifier to determine
what class each belongs to.

There have been multiple improvements over the design of R-CNN, notably Fast R-
CNN [32] and Faster R-CNN [86]. Fast R-CNN introduces RoIPool; instead of feeding each
region proposal into a CNN classifier, Fast R-CNN first feeds the entire image into a CNN
backbone. It then performs selective search, and crops out the region proposals directly
from the feature maps produced by the backbone and resizes to a pre-configured size (hence
"pool”). The pooled feature vectors can then be fed through a CNN-based classifier. Fast
R-CNN provides some much-needed efficiency to R-CNN and experimentally shows stronger
performance on object detection.

Faster R-CNN [86] (see Fig. 2.10a) iterates upon Fast R-CNN by forgoing selective
search, and implements an entirely CNN-based approach for extracting region proposals
called the Region Proposal Network (RPN), which further improves performance by having
the RPN share convolutional layers with Fast R-CNN.

2.2.2 DETR

With transformer-based architecture inspiring various designs for various tasks within com-
puter vision, such as the Swin Transformers mentioned in Section 2.1.2, it is no surprise
that transformers will find their footing within object detection. Indeed, the DFtection
TRansformer (DETR, see Fig. 2.10b) proposed in [8] predates Swin Transformers, and
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incorporates transformers in a completely different manner. DETR first takes the feature
maps from an existing CNN backbone and flattens the result. The flattened feature vector
is passed with a positional encoding into a transformer encoder, whose purpose is to intro-
duce stronger correlations between long-range locations on the feature vector. The output
is then passed to a transformer decoder, which takes a fixed number of object queries and
attends to the encoder outputs. Each object query is trainable and corresponds to a possi-
ble object instance, with the number of queries N corresponding to the maximum number
of detections for any given image. Each query was experimentally shown to map to specific
regions of the image (see Fig. 2.11). The N outputs from the decoder are then passed into
a feedforward network to predict the bounding box and class of each instance. By using the
transformer decoder, the architecture enables the relation between instances to be reasoned
more explicitly.

A notable extension of DETR is DETR with Improved deNoising anchOr bozes (DINO)
from [114] (not to be confused with the self-supervised ViT model DINO [9]), which iterated
upon DN-DETR [60] and DAB-DETR [68] with a multitude of efficiency-focused upgrades.
One notable feature from both DINO and DN-DETR is that they add an auxiliary task to
the transformer decoder to perform contrastive denoising training. The training supplies
ground-truth bounding boxes and labels with noise as object queries to the decoder and
trains the model to reconstruct the original data, which is experimentally shown to reduce
the instability caused by bipartite matching (see Section 2.2.3).

2.2.3 Training Loss

Usually, an object detection architecture predicts object instances and their respective
classes for a given image in an arbitrary order. To calculate the total loss against the
ground truth, the training algorithm must:

e match the predicted bounding boxes and ground-truth objects into pairs;
e handle the unmatched predictions; and
e calculate the loss for each matched pair.

In the case of R-CNN-based architectures, a match is achieved based on some IoU threshold.
If multiple predictions map to the same object, non-maximum suppression is applied, which
selects the best prediction based on some confidence score [33]. For example, in the case of
Faster R-CNN, a match is achieved when the pair has an IoU of > 0.7. In cases where no
match can be found, the pair with the highest IoU is matched [86]. As for DETR, bipartite
matching is used to match predicted masks and ground truth masks using the Hungarian
matching algorithm [54], where the matching score is based on a combination of standard
bounding box regression loss and class loss [8].

As for the unmatched instances, which typically signify extra or unnecessary instances,
the training algorithm needs to have a mechanism to suppress these results, which can be
achieved in various ways. In Faster R-CNN, this is done by introducing a binary classifica-
tion branch for each instance to determine whether a predicted instance is an object and
is trained against whether each predicted instance was matched [86]. In contrast, DETR
appends a “no class” (or commonly known as the “background” class) to the list of class
labels with a custom class weight for the loss (see Eq. (2.2)) and uses that instead [8]. In ei-
ther architecture, the unmatched instances are ignored when calculating the bounding-box
regression losses.
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Figure 2.12: Examples of GIloU and IoU values. Red and blue rectangles represent the two
bounding boxes A & B, while the black (dashed) rectangle shows the smallest enclosing
box C. Notice that GIoU can extend into the negatives when IoU stays at 0.

For a matched pair, bounding-box regression losses commonly employ L;/Ls-norms or
variants of these costs between the predicted and ground-truth centers, widths, and heights
(x,y,w, h). For R-CNN, Ly-norm is used [33], whereas for Fast R-CNN and Faster R-CNN,

they use the smooth L; loss:

smooth L;(z) = (2.6)

0.522 if |2] <1
|z] — 0.5 otherwise
Recently, the scale-invariant Generalized IoU (GIoU) [87] is another cost function that is
gaining popularity:
|C'\ AU B
]

Where C' is the smallest enclosing box that contains A and B. [87] argued that IoU-based
losses are better than L;/Ls-norms, as L;/Ls-norms do not correlate well with IoU, which
is commonly used in many evaluation metrics. GIloU improves upon IoU when there is little
or no overlap between the two boxes, and adds differentiability in cases where there is no
overlap, as IoU = 0 is not differentiable, as shown in Fig. 2.12. GIoU is used by DETR in
combination with the Li-norm.

As for training the classification loss, one possible approach is to use the same cross-
entropy-based losses as mentioned in Section 2.1.3, which is the case for all of our baseline
models in our experiments. However, focal loss [64] is also another popular choice for
classification in the context of object detection, where there is usually a large imbalance
between the foreground classes and the “background” class. Focal loss adds a weight to the
standard cross-entropy loss (1 — y¢)” with a tunable term ~ > 0:

GIoU(A, B) = 1oU — (2.7)

FL(y,y*) = —ZZ(l —y§)"y; “log(yy) (2.8)

The added term reduces the loss on correct classifications, thus shifting the penalty more
on difficult examples, as shown in Fig. 2.13.

For evaluation, object detection usually relies on average precision (AP) [25]. AP refers
to the area under the precision-recall curve plotted based on varying confidence score thresh-
olds. These confidence scores are entirely up to the segmentation architectures and are
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Figure 2.13: Focal loss across various v values. [64]

(a) Original images. (b) Results.

Figure 2.14: Co-segmentation. [40]

calculated and returned for each predicted instance. As for the precision-recall curve:

# of True Positive

# of True Positive + # of False Negative
# of True Positive

# of True Positive + # of False Positive

Recall =

(2.9)

Accuracy =

(2.10)

AP scores are typically calculated per class and averaged across every class in the form of
mean AP (mAP). What determines a match between predicted and ground-truth objects
(thus what defines a true/false positive/negative sample) depends on an IoU threshold. The
IoU threshold is typically denoted in the form of AP,, where x is the IoU threshold. Typi-
cally, AP is calculated as mAP, averaged across IoU thresholds of 0.5 to 0.95 in increments
of 0.05.
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Figure 2.15: U-Net architecture. [88]

2.3 Semantic Segmentation

Traditionally, segmentation can be seen as a graph theory problem based on clustering pix-
els, with many popular and diverse approaches before the advent of deep learning. Early
segmentation tasks revolve around separating the foreground from the background given
an image. Techniques for such tasks commonly involve graph cuts [6, 5, 90] or clustering
techniques that group pixels into super-pixels [16, 63]. Co-segmentation later gained pop-
ularity as one of the first tasks that requires no human input. Co-segmentation refers to
segmenting a common object given multiple images of such object, as shown in Fig. 2.14,
requiring a much more explicitly modeled prior knowledge, with techniques including [91]
and [40].

With the arrival of deep learning, the task of semantic segmentation emerges as a main-
stream problem in computer vision. Semantic segmentation aims to predict a per-pixel
class label given an image, as shown in Row 4 of Fig. 2.8. One of the first to address
such a problem with a pixel-to-pixel CNN approach would be [71], which proposed the fully
convolutional networks (FCNs). Building upon FCNs, [88] proposed U-Net — an encoder-
decoder CNN architecture with long-range skip connections as shown in Fig. 2.15. U-Net
expanded upon FCNs by adding more layers to the upscaling (i.e., encoder) part, result-
ing in a symmetric encoder-decoder architecture that can produce more precise outputs.
Skip connections refer to using outputs of the encoder layers as additional inputs to the
corresponding symmetric decoder layers (”copy and crop” in Fig. 2.15). Without skip con-
nections, the amount of information throughout the model would be bottlenecked by the
smallest embedding size between the encoder and decoder. Skip connections return some of
the information to the decoder layers, thus enhancing the pixel precision of such systems.

Another well-known CNN-based semantic segmentation model would be DeepLab [11].
DeepLab makes use of dilated (or atrous) convolution, which adds gaps in the convolu-
tional kernel to allow for larger kernel sizes and receptive field at low computational cost.
DeepLab also uses a fully connected conditional random fields (CRF's) to refine the produced
segmentation masks.
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2.4 Instance Segmentation

Instance segmentation, or semantic instance segmentation, refers to the task of predicting
the visible segment (or mask) of each object at the pixel level. This is commonly done
by predicting N classes and binary segmentation masks m; € [0, 1]7*W where the value
at each pixel corresponds to the probability that the pixel is part of the visible section of
the instance; though other methods such as refining sets of 2D points as instance contours
[117] also exist. Instance masks with precise boundaries are useful for applications such as
medical imaging and image editing.

While semantic segmentation can easily be solved using encoder-decoder architectures,
the same cannot be said about instance segmentation, as they are fundamentally very
different problems and require different mindsets. In semantic segmentation, instances
are not a concern; but in instance segmentation, different objects of the same class are
segmented separately, and objects that cannot be quantified into instances (e.g., sky or
grass) are ignored, as shown in Row 3 of Fig. 2.8. Panoptic segmentation [50] (see Row 5 of
Fig. 2.8) is an emerging task that aims to combine both semantic and instance segmentation,
aiming to predict both ”things” (i.e. countable instances) and ”stuff” (i.e., uncountable
regions), with the panoptic feature pyramid network [49] being one of the earliest examples
to address such task.

In this work, we focus on instance segmentation. For most of our experiments, we
use Mask R-CNN [36] and Mask2Former [13] as the baseline architectures, which will be
explained further in detail below.

2.4.1 Mask R-CNN

Recall from Section 2.2, object detection architectures commonly produce a bounding box
for each instance with a center point and size (z,y,w, h). Since the segmentation mask of
an object is constrained to be within the bounding box, it is unsurprising to find that many
object detection architectures are augmented for instance segmentation purposes, usually
via adding a new mask prediction branch. From DINO [114] we have Mask DINO [61],
and from Faster R-CNN [86] we have one of the most popular models within the instance
segmentation community — Mask R-CNN [36].

Recall from Section 2.2.1 that Faster R-CNN contains a CNN-based classification branch
after RoIPool, Mask R-CNN introduces a mask prediction branch parallel to the classifi-
cation branch (see Fig. 2.16) that takes the contents in each bounding box as input and
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Figure 2.17: Architecture of MaskFormer. [14]

predicts a pixel-to-pixel mask for each bounding box. The added branch has a small over-
head to Faster R-CNN at around 20% higher cost.

A critical change to enable Mask R-CNN to work is the introduction of RolAlign, which
is a modified version of the RolPool algorithm. Recall that RolPool resizes the Rol of a
feature map to a pre-configured size (e.g., 7 x 7) before feeding it into the classification
branch. RolPool rounds (or quantizes) the four corners of the Rol to the original pixels
from the feature map, and rounds again for each of the bins of the pre-configured size
(each pixel in 7 x 7). This is not an issue and is efficient for Faster R-CNN, as the resized
output is only meant for classification; small translation errors and misalignment have little
effect on the results. However, the segmentation mask branch relies on a well-aligned Rol,
which resulted in RolAlign. RolAlign uses bilinear interpolation without any rounding and
experimentally shows significantly more accurate masks compared to just using RolPool.

Approaches where the bounding box predictions (or object proposals) must come before
the segmentation masks, like Mask R-CNN, are examples of two-stage methods. Mask R-
CNN has given rise to many variants [42] and is commonly used as the baseline for new
techniques and cost functions [51].

2.4.2 Mask2Former

Similarly, Mask2Former [13] can be seen as the instance segmentation counterpart for DETR
[8]. Mask2Former originates from MaskFormer [14], which stems from DETR. Recall from
Section 2.2.2 that the transformer decoder outputs a set of N output embeddings, which are
then used for predicting the bounding box coordinates and classes. MaskFormer instead
uses the N output embeddings to generate N mask embeddings. Then, it takes the dot
product between the mask embeddings and a feature map of the image to generate the N
segmentation masks (see Fig. 2.17).

Mask2Former iterates upon MaskFormer by introducing various adjustments in the
transformer decoder architecture. Notably, it introduces masked attention. At each layer
of the transformer decoder, a crude mask is obtained from the previous layer and used to
mask away sections of the feature map that are outside the crude mask during the cross-
attention step of the transformer. This allows the transformer at higher layers to converge
more quickly by forcing them to attend to more localized regions, which is traditionally a
weakness of transformer-based models.

Another important training technique that Mask2Former included is Point-based Ren-
dering (PointRend) [51]. Normally, mask losses are calculated and summed over each pixel
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(a) Regular grid. (b) Random. (c) PointRend.

Figure 2.18: Various ways points can be chosen to calculate mask loss. [51]

as shown in Fig. 2.18a. PointRend redistributes the points randomly, with a higher prob-
ability at which the masks are the most uncertain (i.e., around the segment boundaries in
Fig. 2.18¢), and uses those points to calculate the segmentation mask cost function instead.
Since the random points are not discrete, bilinear interpolation is used to calculate the
values at these points. See Section 2.4.3 for more information on loss calculations. For our
experiments, PointRend is applied to Mask R-CNN as well for a fair comparison between
Mask2Former and Mask R-CNN.

Since the bounding box prediction comes at the end and is not required for any region
proposals, these are examples of one-stage approaches. Since object detection is not the
primary task for MaskFormer and Mask2Former, they completely forgo the bounding box
prediction branch; if needed, the bounding box can always be recalculated using the bounds
of the segmentation masks. Since these architectures do not need to perform any RolAlign
or similar operations, they can be easily modified to perform other segmentation tasks,
such as semantic segmentation (see the right section Fig. 2.17) and panoptic segmentation —
the combination of semantic and instance segmentation. Other similar approaches include
Mask DINO [61], which applies similar principles to the DINO object detection model to
generate segmentation masks.

2.4.3 Training Loss

In general, the training process mimics each architecture’s object detection counterpart,
using similar losses for classification and AP scores for evaluation. For Mask R-CNN;, it
follows Faster R-CNN, while for Mask2Former, it uses the same bipartite matching process
as DETR. For mask losses, there are 2 common cost functions associated with them. The
BCE loss can be used to perform a pixel-wise BCE:

pixel

BCE(y,y") ==Y _ (y;log(y,) + (1 — y;) log(1 — 1)) (2.11)

p

The Dice loss [95] is another common cost function that models closer to IoU-based metrics
and can be seen as the mask version of the GIoU loss:

ixel *
2 () Fe
ixel ixel
ZS Yp + ZS Yy, +€

One advantage of Dice loss over traditional BCE is that for small instances, BCE averages
over all pixels across the image, resulting in a smaller loss compared to large instances.

Dice(y,y*) =1 (2.12)
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However, small instances are equally important. Dice loss re-weights the loss for each
instance based on the size of the instance in the denominator, such that the loss is more
invariant to sizes. An € is added to avoid numerical instability. In the case of Mask2Former,
a combination of BCE and Dice is used, both during bipartite matching and in the final
training loss, with € = 1.

2.5 Amodal Instance Segmentation

Amodal instance segmentation is an emerging sub-task in instance segmentation that seeks
to segment the whole object for a given image—both the visible and invisible parts. Appli-
cations include scene de-occlusion [113], 3D reasoning, image editing, etc. In this work, we
propose a method for semi-supervised amodal instance segmentation with only supervision
from visible segmentation masks and pairwise occlusion orders, which is the main focus of
Chapter 6. See Fig. 4.2 and 4.3 for some examples of amodal instances.

At the formulation level, since amodal instance segmentation is just instance segmen-
tation with overlaps allowed between masks from different instances, most of the men-
tioned architectures for standard instance segmentation still apply. Both Mask R-CNN and
Mask2Former predict a binary mask for each instance and can easily be used to perform
amodal instance segmentation as they have no inherent constraints that disallow over-
laps between masks. However, amodal instance segmentation is far more demanding than
standard visible instance segmentation when it comes to prior knowledge of shapes and
occlusions. Even as humans, when given an image, mapping out the invisible regions of an
object requires a lot more understanding of the object than just mapping out the visible
object boundaries. As a result, many segmentation architectures that specialize in tackling
the amodal task have emerged over the years and have shown far greater performance than
baseline segmentation models like Mask R-CNN.

Occlusion R-CNN (ORCNN) [26] expands upon Mask R-CNN by adding an amodal
mask prediction head parallel to the visible mask prediction head, as well as an occlusion
mask prediction head that takes input from the two aforementioned heads to predict only the
occluded /invisible regions without the visible part. The main benefit comes from training
efficiency; the overhead from the new heads is small, and it can continue from existing pre-
trained Mask R-CNN models by adding the new heads and duplicating the weights of the
visible mask prediction head to the amodal one. Mask-based losses are then applied to all
three mask prediction heads. ORCNN is the first to combine visible and amodal instance
segmentation as a joint architecture, becoming a common theme for future models.

Bilayer Convolutional Network (BCNet) [46] is another two-stage approach to tackle
amodal instance segmentation. BCNet predicts both the masks and contours of a given
instance and the occluder of the instance. The contours are explicitly predicted as shown
in Fig. 2.19, as the occlusion boundaries tend to be strong cues of segmentation masks.
An important change that BCNet adopted is to replace standard fully convolutional net-
works with graph convolution networks (GCNs), which has shown improved performance in
modeling long-range relationships within an image; this is important to predicting heavily
occluded instances as the visible segmentation masks could contain disconnected regions
due to the occlusion. While BCNet focuses on visible instance segmentation by utilizing
the predicted mask from the occludee branch in Fig. 2.19 during inference, it can also be
trained to produce full amodal segmentation masks in the lower branch, demonstrating
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strong performance in amodal tasks.

[99] proposes AISFormer, a transformer-based approach to amodal instance segmenta-
tion heavily inspired by DETR. Following the common theme of predicting multiple masks
based on occlusion relations for a given instance, AISFormer uses a transformer decoder
after RolAlign, which takes three trainable queries as input. A dot product is taken with
the feature map to produce the occluder, visible, and amodal masks (see Fig. 2.20).

Of course, all of the above works require amodal ground truth for training. Our work in
Chapter 6 tackles a different requirement in only permitting the use of visible segmentation
masks and pairwise occlusion orders.

2.6 Depth Estimation

Given an image (or a set of images of the same scene, i.e., multi-view), depth estimation
refers to finding the distance from each pixel to the camera. A long-standing problem within
computer vision, depth estimation is crucial for applications such as autonomous driving,
scene understanding, and 3D reconstruction.
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Within depth estimation, stereo matching (or stereo correspondence) is perhaps one of
the earliest methods for depth estimation [74, 79]. Given a pair of left-right images, stereo
matching refers to finding the distance between the corresponding pixels from each image
(i.e., pixel disparity), which is inversely proportional to the depth. Many algorithms have
been proposed to match pixels based on various criteria and cost functions [39], although
more recent development sees a rise in deep-learning-based approaches such as those in
[10, 94, 111].

Stereo matching is readily available in many computer vision code libraries such as
OpenCV. It is also commonly used to generate ground truth depth maps for many datasets,
such as the Cityscape [17] and Middlebury [93] datasets. It can also be used in conjunction
with laser scan data to provide a more accurate and dense depth map, which is the case for
the KITTI dataset [31].

2.6.1 Monocular Depth Estimation

While the above methods can be very reliable, laser scans or stereo images may not always
be readily available during inference time. This gives rise to the problem of monocular
depth estimation: estimating the pixel-wise depth from only a single image. Most methods
employ an architecture consist of an encoder-decoder pair with skip-connections, with some
notable examples as follows.

Godard et al. [34] devised an unsupervised technique that only requires stereo image
pairs (instead of pre-calculated depth map via stereo matching) during training by reverse
engineering stereo matching. This is achieved by taking one of the images from the image
pair as input, and reconstructing the other image using the original image and the predicted
pixel disparity. An image similarity loss can then be calculated between the reconstructed
image and the actual image. As the whole process is fully differentiable, this results in an
end-to-end unsupervised method for monocular depth estimation.

MiDaS [84] explored combining multiple datasets during training by proposing a training
objective that generalizes any inconsistencies between different datasets. They were able to
show improved performances, with the method generalizing well into unseen datasets.

GLPDepth [48] is a transformer-based encoder-decoder that extends CutDepth [43],
which proposed a novel data augmentation technique that randomly replaces a rectangular
window within the image with the actual depth map. GLPDepth fine-tuned the method
by only allowing wvertical CutDepths — instead of replacing a random window, GLPDepth
replaces random vertical sections of the image (i.e., the top/bottom of the window must
touch the top/bottom of the image). By preserving more vertical geometric details, the
model can more easily extrapolate long-range depth information from other sections of
the image, which suggests that the vertical depth information is far more important than
the horizontal when it comes to depth estimation tasks [48]. In Section 5.3, we will use
GLPDepth to demonstrate a test-time training application of the model.

2.6.2 Training Loss

One thing of note is the unique loss/error function commonly used in supervised depth
estimation settings — the scale-invariant log-scale loss, first proposed in [24]. Let y;,y; be
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the predicted and ground truth depth at pixel 7 in log-space respectively:
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When A\ = 0, the loss simply becomes an MSE between the log-depths and penalizes as long
as the y;s are not at the correct absolute depth. However, when \ = 1:
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As shown above, the loss only penalizes if the relative predicted log-depth among pixels (i.e.,
yi — y;) is different from the ground truth (i.e., y; — y}), which results in a scale-invariant
loss. This is useful as the global scale can be ambiguous given an image; the above allows
us to shift the objective of the problem from the absolute depths to the relative depths
among pixels by shifting A from 0 to 1. A X of 0.5 is commonly used to achieve a balance
between absolute and relative depths [24].
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Chapter 3

Related Works

3.1 Combining Depth and Segmentation

In the past few years, there has been some work to extend instance segmentation to also pre-
dict additional depth-related information by creating joint architectures. In PanopticDepth
[29], the architecture jointly predicts a per-pixel depth estimate along with panoptic seg-
mentation by predicting a depth map for each detected instance, as shown in Fig. 3.1. Each
depth map from each instance is then stitched together based on the segmentation mask
to create a full pixel-level depth map. As encoder-decoder architectures tend to produce
over-smoothed depth maps, by having a depth map for each instance, PanopticDepth can
model depth discontinuities at segmentation boundaries much more explicitly, thus improv-
ing depth accuracy.

[118] proposed Task-Recursive Learning (TRL) — a training framework that alternates
between depth estimation and semantic segmentation tasks iteratively by passing results
from previous iterations as input into a Task-Attention Module (TAM), then into the next
task. This allows depth estimation and semantic segmentation to slowly refine themselves
with help from their counterpart. A TAM is used at each stage, which is trained with the
previous depth estimation and semantic segmentation results to boost information that is
useful for both tasks (see Fig. 3.2).
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Figure 3.1: Architecture of PanopticDepth. [29]
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[109] proposed a multi-task prediction-and-distillation network (PAD-Net) that first pre-
dicts 4 auxiliary tasks, namely depth estimation, surface normal estimation, semantic seg-
mentation, and contour line prediction. The results from the auxiliary tasks are then used as
input to distill a final prediction for depth and semantic segmentation. As surface normals
and contour lines are low-level features/cues that are heavily related to depth and semantic
segmentation, they can refine the final predictions, without needing additional annotation,
as normals and contours can be inferred from the ground truth depth map and segments,
respectively.

Instead of predicting pixel-level depths, Zhang et al. [119] predict a per-instance depth
ordering along with instance segmentation using a Markov random field (MRF). In their
work, each instance is predicted a label from 1 to 5, denoting the depth order of the instance
in the given image. As an image can have more than 5 instances, by running the model
against small patches of the image with < 5 instances, the MRF can be used to stitch the
results together into a global depth ordering for all the instances, as shown in Fig. 3.3.

These methods improve performance on both the instance segmentation task and the
depth estimation task, suggesting that these tasks are closely related. This might be unsur-
prising, as depth and segmentation are strong mutual cues: segments are usually separated
by depth, with the segment boundaries usually signifying discontinuities in depth.

3.2 Occlusion Estimation

Occlusion can also be a strong cue for segmentation; after all, segment boundaries are
occlusion boundaries. Pairwise occlusion relations between instances are closely correlated
to pairwise depth relations, as shown in Fig. 1.2 in Chapter 1. Although occlusion ordering
contains less supervision than full pixel-wise depths, one major benefit of occlusion ordering

27



inputs to PCNet-M

Figure 3.4: Architecture of PCNet-M. [113]

is that it can be easily human-annotated given an existing dataset as opposed to the more
commonly used pixel-wise depth annotations.

There is prior work on predicting depth/occlusion order given a pair of instance masks
[59, 113, 123]. In [123], they proposed OrderNet, and in [59], they proposed InstaOrderNet
and InstaDepthNet for their corresponding pairwise order/depth tasks. OrderNet performs
a binary classification based on the pairwise depth order, whereas InstaOrderNet and In-
staDepthNet perform classification based on the various ordering types as seen in Fig. 1.2.
One application of such models is that they can be used on unseen datasets for image
captioning or annotating occlusion orders.

[113] proposed Partial Completion Networks (PCNets) as a way to tackle scene de-
occlusion — to regenerate the full occluded masks given the ground-truth masks. These
models take a pair of random segmentation masks, overlap them to generate the visible
sections of both masks, and use those as input to the training to reconstruct the original
masks (see Fig. 3.4). Based on the reconstructed masks, the occlusion order can be inferred;
if one of the masks remains the same, it is likely the occluder between the pair. This is an
example of amodal mask completion, which is further explained in Section 3.4.

One major disadvantage of such models is that they rely on ground-truth segmentation
masks as input and do not perform as well when they are applied to predicted masks, as
shown in [4]. Applying such models to predicted masks is also computationally expensive.
Our Mask2Former model is configured to predict at most 100 instances, which could require
inference on a large number of pairs for any given image.

3.3 Combining Occlusion and Segmentation

Some works incorporate occlusion to improve panoptic, instance, or amodal segmentation,
including [56, 112, 47]. In [56], they proposed OCFusion, which performs panoptic segmen-
tation by adding an occlusion order prediction branch on top of Mask R-CNN. The branch
takes feature maps from a pair of instances and performs binary classification using a stan-
dard CNN approach. A full panoptic output is then achieved via combining the instance
masks with the occlusion orders together with the results from another “stuff” branch (see
Fig. 3.5). To reduce computational cost, only instance pairs above a certain intersection
area threshold are considered for the occlusion order branch.
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[112] proposed the Occlusion Reasoning Module (ORM). The ORM takes segmentation
maps of a pair of instances that contain segmentation conflict, which happens when the
same pixel is defined as foreground (denoted by blue pixels in Fig. 3.6) for both instances.
Such conflicts are resolved by reassigning pixels based on foreground probabilities. If a pixel
is already occluded by other third-party instances, the pixel is assigned to neither instance
from the pair. Otherwise, it is assigned to the instance with the higher foreground pixel
probability. The occlusion order can then be inferred based on the number of pixels in
the conflict region between both instances. The pixels in the conflict region are reassigned
again to the occluder in an “all-or-nothing” manner.

Some amodal instance segmentation methods, such as BCNet [47], as mentioned in
Section 2.5, contain mechanisms that use and output pairwise occlusion relations explicitly
as well (see Fig. 2.19).

However, similar to the previous occlusion works in Section 3.2, these works do not es-
tablish a global occlusion order among instances. Instead, occlusions are estimated pairwise
locally, resulting in the same problem of occlusion cycles, which are errors for our choice of
datasets.

There is one prior work [4] where they do address the global occlusion order estimation
of instances. First, [4] shows that treating the global occlusion order as labels for a clas-
sification task and training with cross-entropy on such labels fails. The failure is because
occlusion-order labels do not have a consistent semantic meaning. Instead, they propose
to extract instances with their occlusion-order labels via discrete optimization, avoiding a
machine learning formulation altogether. This is computationally expensive because dis-
crete optimization cannot be efficiently implemented on GPUs. Unlike [4], our approach in
Chapter 5 is based entirely on deep learning and, therefore, is efficiently implemented on
GPU: we append an occlusion order head to a standard instance segmentation network to
learn a global occlusion order.

The goal of Chapter 5 is to extend instance segmentation to also predict the occlusion-
order labeling of instances by creating a joint architecture for this task. We assume that
a scene has a global occlusion order, i.e., each instance can be assigned an occlusion-order
label that is larger than the occlusion-order label of any other instance it occludes, as
shown in Fig. 5.1a. In Chapter 6, we extend such an assumption to perform amodal in-
stance segmentation with only visible segmentation masks and the global occlusion order
as supervision. The global occlusion order naturally assumes that there are no occlusion
cycles. While occlusion cycles can exist (e.g., two objects occluding each other), in practice,
they are very rare, with the COCOA [123] and KINS [82] datasets — two popular instance
segmentation datasets with occlusion order annotations — having zero occlusion cycles [59].

3.4 Amodal Mask Completion

Amodal mask completion refers to the task of reconstructing amodal segmentation masks
from visible masks. Frequently, such architectures rely on encoder-decoder approaches such
as variational auto-encoders (VAES) to capture the shape prior of amodal masks. One such
example would be PCNet-M, as mentioned in Section 3.3 (see Fig. 3.4).

[66] proposed Amodal-VAE, which only requires visible segmentation masks for supervi-
sion. Amodal-VAE first trains a VAE using the full unoccluded masks. Synthetic occluded
masks are then generated and used to train the VAE to reconstruct the full amodal masks;
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this is achieved by freezing the decoder part of the VAE, and forcing the encoder to map
the occluded masks to the amodal masks in the latent space of the embedding, as shown
in Fig. 3.7. Amodal-VAE is then fine-tuned by training using real, non-synthetic visible
masks to reconstruct the amodal masks by only applying reconstruction loss on the visible
section of each mask, similar to our approach in Chapter 6. As amodal segmentation masks
and visible segmentation masks have different bounding boxes, the scaling of the crop box
could be different between the two and requires further resizing via a crop box prediction
component. The parameters of the resize transform can be learned during the synthetic
stage, where the training has access to both sizes of the visible/amodal bounding boxes.

While all of the above focus on just the task of amodal mask completion exclusively and
require ground-truth masks during inference, amodal mask completion can also be seen as
a sub-task/refinement step for amodal instance segmentation, which can be seen in a few
architectures. One such example would be Coarse-to-Fine Segmentation (C2F-Seg) [28], in
which predicted visible masks are passed into an encoder-decoder to generate coarse amodal
masks for further refinement, as shown in Fig. 3.8.

3.4.1 Amodal Content Completion

Different from mask completion, amodal content completion (or simply amodal completion)
refers to reconstructing the underlying image content of occluded instances, as opposed to
just the masks. This can be seen as a generalization of amodal mask completion, requiring
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more complex models as the output now requires full-range RGB values instead of binary
masks.

Similar to mask completion, such architectures largely follow the encoder-decoder paradigm.
[113], which proposed PCNets as mentioned in Section 3.3, also provides a way to achieve
content completion by providing a separate model named PCNet-C — as shown in Fig. 3.9.

Similarly, for Amodal-VAE [66], the authors proposed a method for content completion
via a convolutional in-painting model proposed in [67]. To push the application one step
further, Amodal-VAE also enables instance manipulation, where the pose of each instance
can be modified using a generative adversarial network (GAN)-based approach [81]. Com-
bined with the inpainting, this allows each instance to be moved, resized, and rotated within
an image, as shown in Fig. 3.10.

3.4.2 Generative Adversarial Networks

While generative adversarial networks (GANs) do not explicitly complete amodal masks by
taking a visible mask as input and outputting the amodal mask, it is another way to impose
shape priors based on amodal masks on an existing segmentation model. Traditionally, a
GAN consists of a generator G and a discriminator D. The generator is responsible for gen-
erating data based on a target distribution (in our case, the distribution of amodal masks),
whereas the discriminator aims to distinguish between generated outputs from G and real
data. The objective function of the training is set up such that the generator is trained
to fool the discriminator, while the discriminator is trained to take the generated/ground
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Figure 3.11: Example application of cGAN, where the contour lines of an image are provided
to the model as x. [44]

truth data as input and perform binary classification based on whether the input is real or
not. The competing nature of the generator and discriminator corresponds to a two-player
minimax problem, with the generator converging to the target distribution and the discrim-
inator converging to 0.5 output everywhere. Let x be the true data and z be the input noise
variable for G, a GAN can be simplified to the following minimax problem [35]:

mé'n max E.[log D(z)] 4+ E.[log(1 — D(G(2)))] (3.1)

When training, G and D can then be isolated from Eq. (3.1) into the following, which can
be optimized in alternating steps as shown in the original GAN paper [35] or in a single
step as shown in [78]:

Le = 1og(1 — Dgogen(G(2))) (3.2)
Lp = —log D(x) — log(1 — D(Gfrogen(2)))

Note that the objective function does not have to be log-based, as the f-GAN proposed in
(78] generalizes the formula to allow for various measures of divergence.

Improving upon the original design, deep convolutional generative adversarial networks
(DCGANS) [83] proposed a few guidelines for GANs, notably the inclusion of BatchNorms,
and using LeakyReLU (with a slope of 0.2) in place of standard ReLU in the discriminator,
which avoids the vanishing gradient issues when back-propagating through the discrimina-
tor.

Improving on GANs, [44] proposed the conditional adversarial networks (cGANSs), which
allows a GAN to be conditioned on an additional input y:

min max B, [log D(z, y)] + E-[log(1 — D(G(2,9),y))] (3.4)

For example, from Fig. 3.11, the model is conditioned on the contour lines of an image;
in the case of amodal masks, y could be the corresponding class labels. Experimentally,
the conditioned discriminator showed improved performance over a standard unconditioned
discriminator (i.e., Eq. (3.1)). In Chapter 6, we explore amodal mask completion by using
a simple conditional discriminator to achieve amodal mask completion.

In the context of amodal mask completion, one of the earliest works to apply GANs is
[110], which proposed the use of two discriminators for mask completion on vehicles: the ob-
ject discriminator and the instance discriminator. Both discriminators aim to distinguish
ground-truth masks as real. However, in addition to the ground-truth masks, synthetic
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Figure 3.12: Architecture of the mask completion module from [110].

masks are also created based on a pool of 3D vehicle models, where the object discrimi-
nator treats them as real masks, while the instance discriminator treats them as fake, as
shown in Fig. 3.12. The object discriminator only has access to the mask as input, whereas
the instance discriminator has access to the mask and the original image as input. Ex-
perimentally, the two-discriminator approach outperforms using just a single discriminator.
While such a method performs well, it requires ground-truth amodal masks and 3D models
of vehicles, which we do not have access to in Chapter 6.

[122] and [115] proposed models for human de-occlusion by using a simple discriminator
for masks. Both approaches require ground-truth/synthetic amodal masks for training. All
of these models also have an additional module with a separate discriminator to achieve
amodal content completion [110, 122, 115].
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Chapter 4

Datasets

When it comes to instance segmentation datasets with occlusion annotations, there are
only a few handful to choose from. In this work, we will be focusing on the KINS [82] and
COCOA [123] datasets, which will be explained in further detail below.

4.1 KINS

KITTI INStance Segmentation (KINS) [82] is a subset of the KITTI dataset [30]. The
KITTTI dataset is a multi-purpose dataset consisting of stereo street view images taken with
mounted vehicle cameras, and provides annotations for object detection as well as sparse
depth information captured from LiDAR sensors. KINS expands upon the 2012 dataset with
added segmentation masks for both visible and amodal segmentation, as well as occlusion
relations annotations. In total, KINS contains 7,476/7,517 training/testing images and 8
classes: cyclist, pedestrian, rider, car, tram, truck, van, and misc, mostly dominated by
cars and pedestrians. Combining both the training and testing set, 8.6% of instance pairs
are occlusion pairs for KINS.

The annotation of occlusion relations is provided via an occlusion order number per
instance within each cluster of connected (neighboring) instances. For example, from
Fig. 4.1a, given the annotation in KINS, it is unknown whether instance 2 occludes in-
stance 0. We treat all instance pairs within a cluster as occlusion pairs for KINS, with the
higher-numbered segment occluding the other. Naturally, there are no occlusion cycles for
such a formulation. See Fig. 4.2 for some examples.

[0

(a) KINS annotation, single cluster. (b) COCOA annotation.

Figure 4.1: Differences in annotation between KINS [82] and COCOA [123].
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Figure 4.2: Examples from KINS. From top to bottom: original image, amodal instance
segmentation, visible instance segmentation, occlusion order. The occlusion order corre-
sponds to the occlusion order number per instance cluster as shown in Fig. 4.1a.

4.2 COCOA

COCO Amodal (COCOA) [123] is a subset of the COCO dataset [65]. COCO originally
contains 80 classes with visible segmentation masks of a wide variety of images; COCOA re-
annotates a subset of images of COCOA from scratch with visible and amodal segmentation
masks as well as pairwise occlusion order. With dense annotation being one of COCOA’s
primary objectives, COCOA also included objects which are outside of COCO’s 80 classes
and are not present in COCO’s annotations, but at the cost of removing class annotations
altogether. In total, COCOA consists of 2,500/1,323 training/testing images with classless
instances (i.e., only 1 class for all instances: “object”). Combining both the training and
testing set, 8.5% of instance pairs are occlusion pairs for COCOA; all pairwise occlusion
orders are explicitly annotated (see Fig. 4.1b) without any occlusion cycles [59]. See Fig. 4.3
for some examples.

4.3 Other Datasets

[59] proposes a new InstaOrder dataset with visible segmentation masks on a large number
of instances for the task of occlusion ordering of instance pairs. However, due to resource
constraints in annotation, only a maximum of 10 instances per image are annotated. While
this limited instance annotation is not a problem for methods that seek to train only a
pairwise occlusion classifier (as they do in [59], see Section 3.2), the sparse annotation
drastically reduces the number of occurrences for occlusions, which is the primary subject
of our experiments. The maximum limit on instances per image also results in instances
of existing classes being ignored. As mentioned in Section 2.2.3, these instances will be
assigned as non-objects/”no class”, which can overfit and/or throw off our model predictions
when evaluating. It makes this dataset unsuitable for our methods, which seek to segment
all the instances; the lack of amodal masks also prevents us from evaluating our experiments
for Chapter 6.

COCOA-cls [26] is another dataset with occlusion ordering. As the name would suggest,
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Figure 4.3: Examples from COCOA. From top to bottom: original image, amodal instance
segmentation, visible instance segmentation, occlusion order. The occlusion order corre-
sponds to the order of the provided instance, which is consistent with the global occlusion
order.
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COCOA-cls reintroduces class back to the COCOA dataset by matching annotations of
segmentation masks between COCOA and COCO. The matching is done using an IoU
threshold of 0.75, and the corresponding class from the matched instance in COCO is
added back to COCOA. However, as mentioned in Section 4.2, COCOA is much denser and
contains objects outside of the listed 80 classes from COCO, leading to COCOA-cls having
a drastically reduced number of instances. The sparse nature of COCOA-cls would have a
similar effect as InstaOrder — the lack of occlusion is ill-posed for comparing results with
and without occlusion supervision for our methods.

Other less commonly used datasets with occlusion ordering includes SAIL-VOS [41],
Walt [85], Amodal Cityscapes [7], OLMD [21], CSD [120]. However, all of these datasets
are synthetic, created by either rendering simulated 3D scenes or superimposing instances
on top of each other.
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Chapter 5

Problem 1: End-to-End Occlusion
Ordered Semantic Instance
Segmentation

As mentioned in Section 3.1, there has been some work to extend instance segmentation to
also predict additional depth-related information by creating joint architectures. In [118,
109, 29], the architecture jointly predicts a per-pixel depth estimate along with panoptic
or instance segmentation. In [119], they predict a per-instance depth ordering. These
methods showed improved performance on both the instance segmentation task and the
depth estimation task, suggesting that these tasks are closely related, as segment boundaries
usually indicate depth discontinuities.

Occlusion can also be a strong cue for segmentation, as pairwise occlusion relations be-
tween instances are closely correlated to pairwise depth relations, as shown in [59]. While
occlusion ordering contains less supervision than full pixel-wise depths, occlusion orders
benefit from the ease of human annotation, even allowing existing datasets to be retrospec-
tively annotated with occlusion information. None of these applies to the more commonly
used pixel-wise depth annotations.

The goal of our work is to extend instance segmentation to also predict the occlusion-
order labeling of instances by creating a joint architecture for this task. We assume that
a scene has a global occlusion order, i.e., each instance can be assigned an occlusion-order
label which is larger than the occlusion-order label of any other instance it occludes. See
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(a) Prior work. (b) Our approach.

Figure 5.1: Prior work vs. our approach to occlusions. In (a), prior work extracts pairwise
occlusions between instances; an arrow points from the occluding instance to the occluded
one. Such a formulation admits cyclic results (red arrows) even if a scene is known to
be occlusion-cycle free, and any such cycle is erroneous. In (b), our approach extracts
occlusions globally by assigning labels to instances. An instance with a larger label occludes
a neighboring instance with a smaller label. Cycles are impossible by design.
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(a) Input image. (b) Output masks and occlusion order.

Figure 5.2: An example input/output of occlusion ordered semantic instance segmentation.
For (b), a darker color signifies a further global occlusion order.

Fig. 5.1b for an illustration. The global occlusion order naturally assumes that there are no
occlusion cycles. While occlusion cycles can exist (e.g., two objects occluding each other), in
practice, they are very rare, with the COCOA [123] and KINS [82] datasets — two popular
instance segmentation datasets with occlusion order annotations — having zero occlusion
cycles [59]. See Fig. 5.2 for an illustration of the input and output of our approach.

As mentioned in Section 3.3, some works incorporate occlusion [56, 112, 47] to improve
panoptic, instance, or amodal segmentation. However, these works do not establish a global
occlusion order among instances. Instead, occlusions are estimated locally in a pairwise
fashion: given two neighboring instances, these methods estimate which of the instances is
the occluder. When gathering such local pairwise orderings into a global order, the local
nature of the estimations can cause numerous occlusion cycles in practice, as shown in
Fig. 5.1a. Applying such models to naturally occlusion cycle-free scenes can cause many
erroneous cycles in the estimates [4]. Our work assumes that all images are cycle-free by
design (see Fig. 5.1b), which is the case for our choice of datasets.

There is one prior work [4] where they do address the global occlusion order estimation
of instances. First, they show that training with cross-entropy on occlusion-order labels
fails [4]. The failure is because occlusion-order labels do not have a consistent semantic
meaning. Instead, they propose to extract instances with their occlusion-order labels via
discrete optimization, avoiding a machine learning formulation altogether. This is compu-
tationally expensive because discrete optimization cannot be efficiently implemented on a
GPU. Unlike [4], our approach is based entirely on deep learning, and, therefore, is effi-
ciently implemented on GPU: we append an occlusion order head to a standard instance
segmentation network to learn a global occlusion order.

As mentioned above, training cross-entropy on the occlusion-order labels fails [4], so a
crucial component of our approach is the design of an effective loss function for training the
occlusion order head. Inspired by regularized losses [98, 97] for weakly supervised semantic
segmentation, we propose a loss function that, instead of encouraging some fixed occlusion-
order label for an instance, encourages an instance to have an occlusion label larger than
any other instance it occludes.

Global occlusion-ordering is a useful task in its own right, as it gives a coarse 3D informa-
tion about the scene: given a monotonic chain of occlusion-ordered neighboring instances,
we can recover the relative depth order between any two of them. For example, consider
a monotonic chain of bicycles in Fig. 5.2 on the left (or on the right) of the pedestrian.
Relative depth ordering between any two instances in the chain is known. Therefore, global
occlusion ordering can provide information related to the depth ordering in the scene, for
example, which of two (or more) given instances in an occlusion relation is closer to the
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Figure 5.3: Model architecture. The shallow occlusion order head (orange) is added to an
existing architecture. IV is the number of segments predicted by the model, C' is the number
of classes, and F is the size of the embedding at the penultimate layer of the class head.

viewer from the camera viewpoint. The applications include question answering [73], scene
de-occlusion [113], and amodal instance segmentation [62].

We evaluate our approach on the new OAIR curve metric introduced in [4]. This metric
jointly evaluates the accuracy of instance segmentation masks and the accuracy of occlusion
order. We perform better than [4], and also are much more computationally efficient. In
addition, our method also provides an improvement in instance segmentation metrics, likely
due to the added information from the ground-truth occlusion order, which is a richer
supervision.

It is interesting to note that our model, trained on occlusions, not depth, still learns to
a good degree how to order instances by depth. That is, our model can correctly order by
depth many instance pairs which are not connected through a monotonic chain of occlusion
relations, see Section 5.2.5 and 5.2.7.

To show the usefulness of our joint instance segmentation and occlusion-ordering ap-
proach, we also develop an application for improving depth maps during test-time training,
which is detailed in Section 5.3.

5.1 Methodology

Let ¢ > j represent that instance ¢ occludes instance j. Our goal is to develop an approach to
extract instance masks together with their global occlusion order. Let o; be the occlusion-
order label assigned to instance i. The labels are interpreted as follows. For a pair of
neighboring instances 14, j, if 0; > o;, then instance ¢ > j. Unlike [4], our occlusion-order
labels do not have to be integers; they can take any real value.

Almost all prior work that addresses occlusions for segmentation [56, 112, 47] is based on
pairwise estimation: given a pair of instances, there is an occlusion branch that outputs an
occlusion relationship between the input instances. The drawback of such approaches is that
local pairwise occlusions are error-prone and can result in contradictory occlusion cycles for
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scenes known not to contain occlusion cycles. This is because every pair of occlusions is
estimated independently from all other occlusions.

Similarly to [4], we take a principally different approach. We directly assign occlusion-
order labels to the instances. This is a more general approach than pairwise occlusion-order
labeling (assuming a scene permits a global occlusion labeling), as the pairwise occlusion
relations can be deduced from the global occlusion labels. Our approach is cycle-free by
design due to the use of global occlusion-order labels.

Unlike [4], our approach is end-to-end and is based entirely on deep learning. Our design
is simple and intuitive, and can be applied to any architecture. Given an architecture for
instance segmentation, we add a shallow head directly next to the class prediction head to
predict the per-instance global occlusion order. Precisely speaking, for a given instance,
suppose that x is the embedding at the penultimate layer of the class prediction head and
Welass are the class weights such that 27w, are the logits for class predictions. We train
additional weights Wecel. order SUCh that 2T wecel, order OUtPUts a single number representing
the global occlusion order for the given instance. See Fig. 5.3 for an illustration of the
architecture.

For training, we use the same loss as in the original instance segmentation approach,
plus an occlusion loss L., added with a weight A\. The main question is the design of the
loss function Ly.q. In [4] (Sec. 5.1), they tried direct training with cross-entropy on the
occlusion-order labels as class labels, but such approaches fail as occlusion-order labels do
not have a fixed semantic meaning. An instance with occlusion-order label, say 2, in one
image may have nothing in common with an instance also labeled with an occlusion-order
label 2 in another image. In fact, given a valid occlusion-order labeling of a scene, they can
all be increased (or decreased) by the same amount, and the result is still a valid global
occlusion-order labeling of the scene.

Our loss function is inspired by regularized losses [98] for weakly supervised semantic
segmentation. Since pixel-precise labels are not available for training in a weakly supervised
setting for all pixels, a regularized loss encourages equal semantic labels for nearby pixels,
instead of encouraging a fixed label for each pixel. The word “regularized” reflects that we
expect a certain regular property between neighboring pixels, without specifying the exact
values for the pixels.

This leads us to design a regularized occlusion-order head loss for instances in an occlu-
sion relation, given that the absolute value of the occlusion-order labels is not meaningful.
Let 7,5 be a pair of ground-truth instances with ground-truth occlusion orders o;,0;. We
propose two regularized losses to enforce the linear constraint ¢ occludes j such that o; > o;:

1
L, = ~ > ReLU(0; — ;) (5.1)
>
1
L2, = ~ > ReLU(o; — 0; + 1). (5.2)
>j

Ll in Eq. (5.1) sums over all pairs of instances 4, j in the ground truth for which the
occlusion relation is known, and has a non-zero penalty whenever the occluded instance j is
assigned to a label larger than that of the instance ¢ that occludes it. NN is the total number

of ground-truth instances in a known occlusion relation.
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Note that the loss in Eq. (5.1) is zero whenever o; > o; for instances 4, j with ¢ occluding
j, even if the difference is zero or a tiny number. This might be suboptimal during test
time, where a larger difference between o; and o; could result in a more robust performance
of occlusion order determination. Therefore, we develop the loss L2, in Eq. (5.2) which
enforces an additional gap (i.e., o; > o0; + 1) for a more robust differentiation between
different occlusion orders at test time. Mathematically, L., can be seen as enforcing
0; > 0;, whereas L2, enforces the stricter o; > o0;.

Since our regularized occlusion losses are based on instance pairs with an occlusion
relation, we just need a dataset with pairwise occlusion relations for training. We do not

need a dataset with a global occlusion ordering.

5.2 Experimental Results

5.2.1 Architecture and Training Details

As mentioned in Chapter 4, we use the We use the KITTI INStance Segmentation (KINS)
dataset [82] and the COCO Amodal (COCOA) dataset [123].

We evaluate our approach using Mask R-CNN and Mask2Former with ResNet-50 [37]
backbone as baselines. Across all experiments for KINS, configurations and augmentations
of each model mirror the default configuration for the Cityscapes dataset [17] — another
dataset focused on road scenes. As for COCOA, the configuration mirrors the default con-
figuration for the COCO dataset. For Mask R-CNN;, the experiments are done at 8 images
per batchx45, 000 iterations at learning rate 0.01 (~ 7 hours); where as for Mask2Former,
the experiments were run for 8 images per batchx90, 000 for KINS and x40, 000 for CO-
COA at learning rate 0.000075 (~ 22 hours for KINS and ~ 7 hours for COCOA). All
experiments are run on a single Nvidia RTX™ 6000 Ada Generation graphics card.

5.2.2 Joint Evaluation of Segmentation And Occlusion Order Ac-
curacy

First, we evaluate the joint accuracy of instance masks and their occlusion order. In [4],
they introduce a new metric called the OAIR curve, which is based on the Accuracy vs.
Recall curve. The OAIR curve depends both on the accuracy of the instance masks and on
the correctness of the estimated occlusion order.

We now describe the OAIR curve metric. First, following the standard practice, the ob-
tained instance masks are matched with the ground truth masks based on IoU thresholds,
from 0.5 to 0.95 at increments of 0.05. The obtained masks that do not match any ground
truth mask are discarded. For any ground truth instance pair with a known occlusion rela-
tion, we say it is recovered if both instances in the pair are matched to the obtained masks.
Let ¢*, 7% be a recovered instance pair in the ground truth, and ¢, j be the corresponding
matched instances in the predictions. Recall that o; denotes the occlusion-order label of
instance 7. If ¢* occludes j*, we say the recovered instance pair has the correct order if
0; > 0j. The case j* occludes ¢* is handled symmetrically.

For each IoU threshold, we compute Recall and Accuracy as follows.
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Figure 5.4: Occlusion OAIR curve comparison for our methods and the Joint-labeling
method [4] on KINS and COCOA.

# of recovered instance pairs
Recall =

5.3
# of ground truth occlusion instance pairs (5:3)

# of recovered instance pairs with correct order

Accuracy =

(5.4)

# of recovered instance pairs

Finally, we plot the accuracy /recall points on the OAIR curve. The x-axis represents the
various recall levels from the various IoU thresholds, and the y-axis represents the occlusion
accuracy at their corresponding recall level. Note that if the recall is low, the number of
recovered instance pairs is also low, which is why the accuracy-recall curves can be slightly
unstable at the start/left of the curves.

Figure 5.4 shows the OAIR curves for the KINS and COCOA datasets. For occlusion ac-
curacy, Mask2Former outperforms Mask R-CNN across all settings, which can be attributed
to Mask2Former’s attention mechanism being more explicit in modeling relationships be-
tween segments, a crucial aspect for occlusion reasoning. However, with the correct losses,
both Mask2Former and Mask R-CNN can achieve very high occlusion accuracy (> 95% for
KINS) across all recall levels. Experimentally, Loss 5.1 outperforms Loss 5.2 in all settings.

In Fig. 5.4 we can also compare our OAIR curves to that of the most related method [4],
which is called Joint-Labeling. For the KINS dataset, both Mask2Former and Mask R-
CNN with Loss 2 outperform Joint-Labeling, with a significantly greater improvement for
the Mask2Former method. For the COCOA dataset, our Mask2Former method outperforms
Joint-Labeling [4] by a large margin. This is likely due to our method being end-to-end,
unlike Joint-Labeling.

In [4], they also compare their method with multiple baselines based on Mask2Former [13],
and Mask R-CNN [36] to extract instances and InstaOrderNet [59] and OrderNet [123] to
order them. Joint-Labeling [4] outperforms baselines by a margin, and we outperform
Joint-Labeling.

5.2.3 Evaluation of Segmentation Accuracy

Tables 5.1 and 5.2 are the instance segmentation accuracies for the KINS and COCOA
datasets using standard metrics and the same parameters as for the evaluation in Fig. 5.4. It
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Method Local Loca Weight AP AP, AP AP, AP, AP, AR
Mask2Former No Occlusion N/A 21.04 3738 21.10 7.28 2841 54.03 14.77
Mask2Former Loss 5.1 0.5 21.37 37.64 21.38 7.58 28.79 54.26 14.76
Mask2Former Loss 5.2 0.05 2111 3731 21.05 744 2877 5392 15.14
M. R-CNN No Occlusion N/A 25.68 44.68 26.58 9.62 33.34 57.01 17.83
M. R-CNN Loss 5.1 0.1 25.80 44.89 26.80 9.73 33.74 57.56 18.31
M. R-CNN Loss 5.2 0.05 25.83 44.89 26.64 947 33.19 56.48 17.78

Table 5.1: Segmentation accuracy for KINS. Median across 3 runs for all experiments.

Method Loca Loca Weight AP APy AP AP, AP, AP, AR
Mask2Former No Occlusion N/A 28.35 46.06 28.78 4.30 19.67 40.86 9.67
Mask2Former Loss 5.1 0.5 28.49 46.35 28.88 4.45 19.68 40.71 9.72
Mask2Former Loss 5.2 0.05 28.70 46.70 29.17 4.00 1951 41.07 9.71
M. R-CNN No Occlusion N/A 2207 38.62 2253 3.66 16.85 29.22 8.32
M. R-CNN Loss 5.1 0.5 2234 38.82 22.89 3.73 16.74 29.55 8.42
M. R-CNN Loss 5.2 0.05 22.35 38.94 2268 3.36 16.74 29.65 8.31

Table 5.2: Segmentation accuracy for COCOA. Median across 3 runs for all experiments.

Method Local Looa Weight | AP APy, AP, AP, AP, AP AR
Mask2Former No Occlusion™ N/A 21.04 3738 21.10 7.28 2841 54.03 14.77
Mask2Former Loss 5.1 1.0 20.65 36.58 20.58 7.40 28.18 5225 14.49
Mask2Former Loss 5.1% 0.5 21.37 37.64 21.38 7.58 28.79 54.26 14.76
Mask2Former Loss 5.1 0.1 21.35 37.94 2142 7.61 29.01 53.83 15.23
Mask2Former Loss 5.1 0.05 21.72 38.11 21.91 7.79 29.19 53.94 15.43
Mask2Former Loss 5.2 1.0 2042 36.52 20.10 7.53 27.58 51.88 14.87
Mask2Former Loss 5.2% 0.05 21.11 3731 21.05 7.44 2877 5392 1514
Mask2Former Loss 5.2 0.001 21.59 38.03 21.68 7.59 29.03 54.41 15.39

Table 5.3: Segmentation accuracy for KINS across various weights. *The selected weights
for Table 5.1; median across 3 runs.

follows that having the occlusion head generally increases the AP score for both Mask2Former
and Mask R-CNN. However, the margin of increase is small. Note that the experiments in
Tables 5.1 and 5.2 are with the weight of L., optimized to obtain the best OAIR curves,
not for evaluation of instance segmentation accuracy alone.

Table 5.3 shows the results for different occlusion-order loss weights, and more signif-
icant performance gains are obtained if the weight of L,.; is optimized for the instance
segmentation task alone. Both Loss 5.1’s and Loss 5.2’s weight tuning show a significant
improvement across most metrics compared to the result without occlusion loss (top line).
Thus, if accurate instance segmentation is the goal (occlusion order accuracy is not im-
portant), using occlusions as an additional source of supervision can significantly improve
instance masks.
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Figure 5.5: Occlusion OAIR curve for Figure 5.6: Depth OAIR curve for the KINS.
the KINS dataset across various weights.

5.2.4 Ablations

Figure 5.5 and Table 5.3 show that varying weights for regularized loss can lead to large
trade-offs between occlusion accuracies and segmentation accuracies. Although the regu-
larized loss enforces a correlation between occlusion and segmentation task, an excessively
high weight can cause segmentation performance to suffer, even falling below baseline per-
formance without the regularized loss ("No Occlusion’ line in Table 5.3). On the other
hand, a low weight will provide a larger margin of increase in segmentation accuracies
at the expense of lower occlusion accuracies. Depending on use cases/applications, this
could be desirable in a strict segmentation setting where occlusion pairs are treated only as
supplementary supervision.

5.2.5 Depth and Occlusion Correlation

Figure 5.6 shows the OAIR curve where instead of ground truth occlusions, we take the
ground truth depth relation between all pairs of instances. Note that many of these pairs
are not in an occlusion relation with each other and are not connected by a monotone chain
of other instances in an occlusion relation with each other.

Pairwise depth orders between instances are obtained by taking the depth maps pro-
duced by LiDAR scans from the KITTI dataset. We then take the median depth value for
each segment (if any) to calculate the pairwise depth orders between instances for a given
image. Note that as LiDAR scans are sparse in nature with difficulties scanning distant
objects, so far and /or small segments might not have any depth values associated with them
and are thus omitted from calculation for the depth-based OAIR metric. The depth-based
curve is evaluated on Mask2Former models trained on occlusion orders for KINS (same as
the models from Table 5.1).

As shown in Fig. 5.6, our model trained on pairwise occlusion orders performs well on
pairwise depth orders. Although our model does not produce the exact depth for each
instance, it can provide an accurate relative depth ordering between instances, even for
non-occluding instances that are isolated and far from each other. This shows a strong
correlation between depth and occlusion information. Although pairwise occlusion order
annotations are much less in volume (8.6% of instance pairs are occlusion pairs for KINS)
compared to pairwise depth order, which exists between all instance pairs, our results
suggest that occlusions themselves can provide the bulk of the information for the depth
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Method Local Loca Weight AP AP,y AP AP, AP, AP, AR
Mask2Former No Occlusion N/A 22.65 40.53 2236 9.32 30.07 53.62 15.27
Mask2Former Loss 5.1 0.5 23.05 40.69 22.69 9.05 30.00 54.14 15.46
Mask2Former Loss 5.2 0.05 23.00 40.77 22.87 9.15 30.16 54.57 15.62

Table 5.4: Amodal segmentation accuracy for KINS. Median across 3 runs for all
experiments.

Method Local Locaq Weight AP APy, AP» AP, AP, AP, AR
Mask2Former No Occlusion N/A 28.16 46.83 27.67 5.06 18.87 40.12 9091
Mask2Former Loss 5.1 0.5 28.27 46.92 2798 4.62 19.11 40.30 9.90
Mask2Former Loss 5.2 0.05 28.31 46.81 28.04 4.43 18.89 40.44 9.94

Table 5.5: Amodal segmentation accuracy for COCOA. Median across 3 runs for all
experiments.

understanding of a scene.

5.2.6 Amodal Instance Segmentation

Tables 5.4 and 5.5 show the results when applying our methodology to amodal instance
segmentation using Mask2Former, showing similar improvements as the standard instance
segmentation in Section 5.2.3.

5.2.7 Qualitative Results

Figure 5.7: Examples from the KINS dataset: (a) Original image, (b) Ground masks
and occlusion orders, (c¢) Predicted masks and occlusion orders. Prediction is done with
Mask2Former using Loss 5.2.

Figures 5.7 and 5.8 show some example outputs on the KINS and COCOA datasets.
The intensity for the ground truth occlusion order is based on the annotated occlusion order
of each dataset: the order ID within each cluster for KINS (as shown in Fig. 5.2) and the
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(a) (b) ()

Figure 5.8: Examples from the COCOA dataset: (a) Original image, (b) Ground masks
and occlusion orders, (c¢) Predicted masks and occlusion orders. Prediction is done with
Mask2Former using Loss 5.2.

global occlusion order for COCOA, which is provided in addition to the pairwise occlusion
order. The intensity of our predicted masks is the sorted order of the predicted global
occlusion orders.

The global occlusion order is correct as long as for every pair of neighboring instances,
the occluding instance has a larger label (appears brighter) than the instance it occludes.
Therefore, for example, in Fig. 5.7 on the bottom right, the rightmost person on a bicycle
in our prediction, although not as bright as in the ground truth, has a correct occlusion
order as it is brighter than the two objects it occludes.

As mentioned in Section 5.2.5, despite training on occlusions, not depth, our approach
learns to a large degree relative depths of objects. For example, in the bottom row of
Fig. 5.7, the ground truth on the left has several isolated objects without any occlusion
relations, and, therefore, they have the same label. For the same objects, our approach
tends to label objects deeper in the scene with a smaller (less bright) label, even though
they are not in occlusion relations with other objects.
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(b)

Figure 5.9: Various ways depth could be annotated for an image: (a) Original image,
(b) Raw LiDAR scans from KITTI [30], (¢) Semi-global matching [38] results from stereo
images.

5.3 Application: Improving Depth Maps

To demonstrate the usefulness of joint instance segmentation and occlusion ordering of
instances, we develop an application that relies on this task to enhance depth maps during
test-time training.

Object boundaries are traditionally a weakness when it comes to annotating ground-
truth depth maps. One common approach to annotating depth maps is to use LiDAR
scans (such as the raw depth data from the KITTI [30] dataset, see Fig. 5.9b); however,
LiDAR scans are sparse and cannot capture object boundaries and distant objects. Another
approach is to generate depth maps via stereo matching image pairs (such as the Cityscape
[17] and Middlebury [93] datasets), but they can have uncertainties around one side of an
object’s boundary that is occluded from view from the other image, as shown from the left-
side of objects in Fig. 5.9c. Many joint architectures have been created to predict per-pixel
depth estimates along with segmentation ([118, 109, 29] as mentioned in Section 2 of the
main paper), which have shown reduced noise around object boundaries and distant objects
— after all, instance boundaries are strong cues for depth discontinuities.

However, when it comes to occlusion-ordered instances, they provide an additional im-
portant constraint, which is the direction of depth discontinuity among occluded objects.
One simple application of our estimated occlusion-ordered instances is that they can be
used to sharpen instance boundaries in depth maps, especially for distant objects, via an
iterative test-time training approach [96] for heavily occluded scenes.

5.3.1 Methodology

Our experiment is set up as follows: we first train a baseline model for per-pixel depth
estimation with a training dataset. Then, we further train the model for each test image
with the occlusion order constraint. Given neighboring pixels p;, p;, where p;, p; are pixels
of instances 7, j respectively with ¢ > j, we can apply the following losses:

L, =Y ReLU(d(p:) — d(p;)) (5.5)
Ly =y min(|d(p) — dy(pi)l; (d(pi) — dy(p1))?) (5.6)

Where d is the predicted depth map at each step of the test-time training, and dj is
the original predicted depth using the baseline model. Similar to Loss 5.1, the loss L, from
Eq. (5.5) constrains the depths at pixels at occlusion boundaries to be in the correct order.
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Figure 5.10: Metrics across iterations: (a) Depth RMSE, (b) % of incorrectly ordered pixels
among pixels at instance boundaries. Both are evaluated based on ground truth annotations
averaged across all tested images. Lower is better.

Whereas Ly from Eq. (5.6) aims to discourage the training iteration from deviating too
much from the original results by minimizing the distance between predicted depths from
the current iteration and the baseline model.

Note that the occlusion boundaries for L, are based on the predicted instance masks
and occlusion orders taken from the Mask2Former [13] model using Loss 5.2; no ground
truth information is used during the test time training.

The final loss combines the two with weighting A and is applied to train iteratively:

L, n L
HW ~ HW

Ltotal — )\ (57)

5.3.2 Architecture and Training Details

We use [108]’s implementation of GLPDepth [48] as mentioned in Section 2.6.1 with Swin-
v2-Base [69] backbone to train a baseline model for per-pixel depth estimation on the KINS
dataset using the default configurations for KITTI. The depth map for KINS is taken from
LiDAR scans from the KITTI dataset. After training the baseline model, we further train
the model for every fourth test image in KINS with the occlusion order constraint in a
batch size of 6 (with only color augmentations) for 48 iterations at max_lr= 3 x 10~* and
min_lr= 3 x 107°. Each image took ~ 6 minutes on a single Nvidia RTX™ 6000 Ada
Generation graphics card.

5.3.3 Depth Accuracy

As shown in Fig. 5.10, the metrics deviate strongly from depth in favor of occlusion ordering
at the beginning, but stabilize and converge as the training converges. Note that the depth
RMSE from Fig. 5.10a never improves beyond the baseline level — the evaluation is based
on ground truth depth (LiDAR), which is sparse and cannot capture the improvements well
on boundaries and distant objects. However, the results in Fig. 5.10b showed improvements
on pixels at instance boundaries compared to the baseline level.
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Figure 5.11: Test-time training on distant objects: (a) Original image, (b) Ground truth
occlusion order, (c) Baseline depth estimation (before test-time training), (d) Test-time
training depth estimation, (e) Difference between (c¢) & (d). For (c¢) & (d), brighter region
signifies a higher depth; for (e), the test-time training pushed the depth further in bright
regions, and pulled the depth closer in dark regions.

(c) Difference between the
(b) Ground truth occlusion or- baseline and test-time trained
(a) Original image. der. depth estimation.

Figure 5.12: Examples from test-time training results.

5.3.4 Qualitative Results

Figure 5.11 shows a zoomed-in example of distant objects that LIDAR was unable to capture
accurately. The training slightly improves depth resolutions for faraway instances, with
Fig. 5.11e showing a slight sharpening effect to the depth map produced after the test-time
training. See Fig. 5.12 for more examples of the sharpening effect.
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Chapter 6

Problem 2: Occlusion-Supervised
Amodal Instance Segmentation

As mentioned in Section 2.5, amodal instance segmentation seeks to segment the whole ex-
tent of an object instance, i.e., both the visible and invisible (occluded) parts. Applications
of AIS include autonomous driving and robot path planning [77], scene de-occlusion [113],
3D reasoning, image editing [66], etc. In this chapter, we will refer to the standard instance
segmentation (visible part only) as modal segmentation.

Prior work on amodal instance segmentation can be divided into two groups. In the
first group are the methods that generate synthetic datasets with amodal masks from modal
mask datasets [62, 113, 77]. However, the construction of a realistic synthetic dataset can be
difficult, often requiring extensive studies on distributions of sizes, locations, correlations,
etc., among instance classes [85] (see Fig. 6.1). In the second group are the methods that use
human-annotated amodal masks [123, 26]. However, amodal annotation inherently requires
more effort compared to modal annotations, and such annotation is more error-prone and
probabilistic, as the annotator must reason about the invisible object part.

In this chapter, we propose a new direction for amodal instance segmentation that differs
from the two groups above. Our method does not require human amodal mask annotation
and does not generate a synthetic dataset. Similar to Chapter 5, this method relies on
ground-truth pairwise occlusion order together with modal instance masks for supervision.
As mentioned before, compared to amodal annotation, occlusion order annotation is less
labor-intensive and less error-prone, as humans are highly skilled at ordering objects in
images [15]. Our method hinges on an important assumption about the dataset: for a
given image, the total area of amodal masks must be the total area of modal masks. The

Figure 6.1: Examples of images from the synthetic Amodal Cityscapes dataset. Left: ran-
domly inserting instances into an image. Right: a more plausible approach. [85]
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Figure 6.2: Illustration of our methodology. The visibility mask V' allows us to incur cor-
responding losses on the predicted instance mask based on the visibility conditions inferred
from the ground-truth occlusion order.

importance of this assumption will be explained in Section 6.1.1. Unlike Chapter 5, this
method allows occlusion cycles and does not require a global occlusion order amongst the
instances.

Our network outputs amodal masks. The most important component of our work is
the design of an effective loss function for the amodal mask output based on the modal
ground truth masks and their occlusion order. Our main idea is to break the loss into two
components: the wisible loss and the occluded loss. These losses are applied separately to
each instance. The visible loss is applied to pixels that are visible or are not part of the
instance. Visible loss can be implemented by cross-entropy with the modal ground truth,
since it does not involve potentially occluded pixels. The occlusion annotation is essential to
make the visible loss apply to the largest possible set of pixels. This is important because the
visible loss, based on ground truth masks, is the more effective of our two loss components.

Visible loss does not apply to pixels that could be in the occluded (invisible) part of an
instance. For these pixels, the modal ground truth mask cannot be used to guide the loss.
For such pixels, an intuitive choice is to impose a shape prior. Therefore, our occluded loss
is designed to encourage the shape of the amodal mask to correspond to an unoccluded
object shape. We develop a novel approach to shape prior loss, inspired by GANs [35]. We
treat the output of our network as the generator, and we train a discriminator between
unoccluded and occluded masks. Since we have modal masks and pairwise occlusions, for
discriminator training, we can determine which of the modal masks are occluded and which
are unoccluded. See Fig. 6.2 for a visual overview of our methodology.

With our loss, our approach allows us to augment existing single-stage (i.e., non-Region-
of-Interest-based) instance segmentation architectures to perform amodal instance segmen-
tation. To test our approach, we use Mask2Former architecture [13]. Same as Chapter 5, we
use COCOA [65] and KINS [82] datasets for evaluation, as these datasets have annotations
for both pairwise occlusion (for training) and amodal segmentation masks (for evaluation).
Our approach results in performance close to that of the same architecture trained on
human-annotated amodal masks, even though we only use modal masks for training. Our
approach can be extended to other architectures and other ways of incorporating shape
prior.
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6.1 Methodology

6.1.1 Assumptions
Let A;(p) and M;(p) be the amodal /modal mask probabilities of instance i at pixel p, where:

1> Ai(p) = Mi(p) 2 0 (6.1)
As for instances ¢ # j, let j >, i denote that j occludes ¢ at pixel p, where:
J#pt = Mj(p) - Ai(p) =0 (6.2)

Note that occlusion is not guaranteed if j >, 4; only that there is no overlap between
the modal mask of the closer instance and the amodal mask of the further instance if
J#,t. This generalizes the definition of “occlusion” between KINS and COCOA, which
annotates occlusion differently as shown in Fig. 4.1 in Chapter 4. Now consider the following
assumption, where the total area of amodal masks (denoted using the product operator as
amodal masks could overlap each other) must be the same as the total area of modal masks:

> Mi(p) =1- [0 - Aiw)) (6.3)

With the above assumption, the following holds:

Proposition 6.1.1. Suppose instances are ordered from back to front such that for instances

i,je{l,--- N}, j>,i = j>i at pizel p. Then for an arbitrary instance i:
M;(p) = Ai(p) [ J(1 = 4;(p)) (6.4)
j>i

Please refer to Appendix A.1 for a proof of Proposition 6.1.1. Eq. (6.4) enables us to
turn amodal masks into modal masks, given that we know the global occlusion order at
each pixel. The latter product operator part ([[;.;(1 — A;(p))) can be seen as the visibility
condition of instance ¢, which we will denote as the wvisibility mask V;(p) at some pixel p:

M;(p) = Ai(p) - Vi(p) (6.5)

Where V;(p) = 1 means that either pixel p belongs to instance ¢ and is visible, or pixel p
does not belong to instance i. V;(p) = 0 means that if pixel p belongs to instance 7, it must
be occluded (invisible).

Another way to think about V;(p) in Eq. (6.4) is through volume rendering techniques in
computer graphics [45]. V;(p) can be seen as the accumulated transmittance (or attenuation)
at the given pixel, i.e., the probability that a ray travels until instance ¢ without being
“absorbed” by the previous instances, based on the probability of the previous amodal
segmentation masks. See Fig. 6.3 for a visual illustration. Such parallels are described in
detail in Appendix B.

With A;(p) and V;(p), we can then infer the probability of the modal segmentation mask
at pixel p as M;(p) from Eq. (6.4). To provide an intuitive understanding:
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Figure 6.3: Visual representation of Eq. (6.4) as a ray at pixel p, where each V;(p) can be
seen as the remaining amount of transmittance not “absorbed” by the previous occluding
instances. As the ray travels through each instance, A;(p) of the ray is absorbed. The
amodal segmentation masks are shown for each instance.

e If a pixel is not a part of the amodal mask (i.e., low A;(p)), it will not be a part of
the modal mask (i.e., low M;(p)).

e If a pixel is part of the amodal mask but is heavily occluded (i.e., high A;(p) but low
Vi(p)), it will not be a part of the modal mask (i.e., low M;(p)).

e If a pixel is part of the amodal mask and is not occluded (i.e., high A;(p) and high
Vi(p)), it will be a part of the modal mask (i.e., high M;(p)).

Do note that Eq. (6.3) is an assumption, and is not true for most datasets. While this
holds for KINS, in COCOA, certain instances can be occluded by objects not part of the
image annotations. In such cases, a pixel can be part of the amodal mask, not be occluded
by other annotated masks, yet not be part of the modal mask due to such occlusion. This
happens for ~ 10.7% of unoccluded” instances for the validation set in COCOA, and results
in the area of the amodal masks being larger than that of the modal masks. However, if a
dataset’s annotations are dense enough, such inconsistencies should hopefully be minimal.

With that in mind, Eq. (6.4) allows us to impose mask loss between the ground-truth
modal masks and predicted amodal masks by converting the predicted amodal masks A;(p)
into predicted modal masks M;(p) based on a ground-truth occlusion order (or a predicted
occlusion order as demonstrated in Chapter 5). This allows us to use the resultant M;(p)
when calculating losses against ground-truth modal masks, with the visibility masks V;(p)
representing the subset of pixels from A;(p) that can be trained against the ground-truth
modal masks. Immediately, however, this method can be seen as quite unstable; bad
predictions during early iterations for segmentation masks at the front can have large effects
on masks behind. When back-propagating, more of the gradients are stacked towards the
closer instances as the close instances all contribute to the calculation of the far instances
and may require careful weighting of such gradients (or even freezing the latter product
operator part) for stability. A significant amount of computational effort is also required to
circumvent the numerical instabilities in gradients caused by the product operator during
backpropagation, which are detailed in Appendix C.

Luckily, there are alternatives that let us better make use of the binary ground-truth
modal masks. Consider the following, which does not make use of any explicit occlusion
ordering;:
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Figure 6.4: Examples of ground-truth masks based on instance 0. White represents a value
of 1 and black represents 0. Note that Ag is for illustrative purposes only, as we do not
have access to the ground-truth Ay during training.

Proposition 6.1.2. Suppose M;(p)’s are binary. Then for an arbitrary instance i:

Mi(p) = Ai(p) (1 -3 Mj<p>> (6.6)

J#

Please refer to Appendix A.2 for a proof of Proposition 6.1.2. In the case of Eq. (6.6),
visibility mask Vi(p) = (1 — >_,; M;(p)). All Vi(p) does here is remove all areas occupied
by another instance’s modal mask from instance ¢’s amodal mask, which should result in
the modal mask of instance i. This works because modal masks represent visible sections
of each instance, hence, each instance must be the front-most instance in its corresponding
modal mask. With this, we can infer a predicted modal mask M;(p) based on the predicted
amodal mask A;(p) and the ground-truth modal masks in V;(p). However, with access to
ground-truth pair-wise occlusion order, we can do better:

Proposition 6.1.3. Suppose M;(p)’s are binary. Then for an arbitrary instance i:

Mi(p) = Ai(p) | 1= D M;(p) (6.7)

F>pi

Please refer to Appendix A.3 for a proof of Proposition 6.1.3. Compared to Eq. (6.6),
Eq. (6.7) excludes all instances that do not occlude instance ¢ based on the ground-truth
pairwise occlusions. While both formations are perfectly valid, Eq. (6.7) is superior when
used for training, as its visibility mask Vi(p) = (1 -3, ; M;(p)) (Fig. 6.4e) encompasses a
larger area compared to that of Eq. (6.6) (Fig. 6.4d). As V;(p) denotes the subset of pixels
from A;(p) that can be trained against the ground-truth modal masks, this results in more
of the predicted A;(p) showing up in M;(p) when calculating loss against the ground-truth
modal masks, hence A;(p) can be better trained. See Fig. 6.4 for a visual illustration.
Moving forward, all V;(p) will refer Eq. (6.7). Notation-wise, for convenience, we will use
Vilp) =1 - Vi(p).

Since ground-truth modal masks are binary/one-hot (i.e. M;(p) € {0, 1},Vi), the vis-
ibility mask V;(p) can easily be generated for each instance as a binary mask as part of
pre-processing, where imposing training losses (or any other cost calculations) on M;(p) =
A;(p) - Vi(p) is akin to imposing losses on only the unoccluded (i.e. visible) regions for each
instance A;(p) by masking away the occluded regions via binary mask V;(p). V;(p) can then
be used as part of our proposed losses, as explained in the sections below.
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The total segmentation mask loss for each instance ¢ is a weighted combination of the
following proposed losses:

LMask = LVisible + LOccluded (68)

6.1.2 Visible Losses

For each instance i, the visible loss can be calculated by using Eq. (6.5), by taking a subset
of the predicted amodal mask M;(p) based on pixels p s.t. V;(p) = 1. As mentioned in
Section 2.4.3, Mask2Former uses BCE and Dice loss when calculating the bipartite matching
score and/or the training loss. Let M;*(p) be the ground truth visible mask for instance i
at pixel p. Then, plugging Eq. (6.5) into the BCE loss (see Eq. (2.11)), we get:

Lycgy; (Ai, Mi™) = — Z[M'*( ) log(M;(p)) + (1 — M;*(p)) log(1 — M;(p))]
= —Z p)log(Ai(p) - Vi(p)) + (1 — M;*(p)) log(1 — Ai(p) - Vi(p))]

However, when V/(p) = 0 (due to the one-hot nature of the ground truth modal masks),
log(0) becomes undefined. Hence, in practice, we use the following to filter out the masked
pixels:

Lgcgv; (A, Mi7) Z Vi(p p)log(Ai(p)) + (1 — M;*(p)) log(1 — Ai(p))]  (6.9)

Whereas plugging Eq. (6.5) into the Dice loss (see Eq. (2.12)), is more straightforward:

2->2, (Mi(p) - Mi*(p)) + €
2p Mi(p) + 32, Mi"(p) + €

_ 20, (i) Vilp) - Mi(p)) € (6.10)
> p(Ai(p) - Vip)) + 32, Mi*(p) + ¢ '

One advantage of such losses is that they allow joint training using visible masks with
pairwise occlusion order for some images, while using the full amodal masks for others. In
the case of training using amodal masks, we can set V; = 1 for all pixels, which will convert
the above losses to the standard BCE/Dice losses. This is explored further in Section 6.2.5
and could be useful for combining various datasets with similar domains but varying levels
of supervision.

As these losses are also used for the bipartite matching of Mask2Former, which re-
quires the loss to be calculated between every pair of ground-truth and predicted masks,
>_,(Ai(p) - Vi(p)) at the denominator of the Dice loss (Eq. (6.10)) adds a small overhead
during bipartite matching. As V;(p) is calculated using ground-truth modal masks via
Eq. (6.7), an additional broadcasting step between the ground-truth dependent V;(p)’s and
the predicted A;(p)’s is needed for bipartite matching.

With regards to PointRend, which is used to calculate the final loss for Mask2Former
(see Section 2.4.2), PointRend can be constrained to only sample within the V;(p)’s by
randomly sampling points using V;(p) as a multinomial probability distribution.

The total visible loss is the weighted sum of the BCE and Dice-based losses:

Lpice|v, (Ai, Mi™) =1 —

Ly = /\BCELBCE\VZ-(Ai, M;") + /\DiceLDice\\/i<Ai> M) (6.11)
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6.1.3 Occluded Loss

While the visible loss above allows training by only imposing cost/loss functions on the
visible areas V;(p), what happens in the invisible regions V;(p) is entirely up to the archi-
tecture itself. Thus, training with the visible loss alone results in an amodal segmentation,
but it is unlikely to be accurate. To obtain better results, we can impose a shape prior via
an occluded loss Lo on the occluded areas V;(p) explicitly.

Our method is agnostic to shape prior implementations. One possible implementation is
to use encoder-decoder approaches, such as those mentioned in 3.4, to perform completion on
the occluded sections of each amodal mask. However, such approaches are computationally
expensive. In addition, explicitly performing amodal mask completion through encoder-
decoders would result in doubled effort, as our model already generates masks. Finally,
encoder-decoder approaches are usually used within a two-stage framework on cropped
segments based on their bounding box to maximize the resolution of the decoded shape,
which does not apply to our case, as we do not have amodal bounding boxes for supervision.

For our experiments, we instead opt for a more straightforward approach by using an
additional conditional discriminator as part of a GAN. Recall from Section 3.4.2, in GANS,
the generator GG generates data based on a target distribution, and the discriminator D
distinguishes between the outputs generated by G and the real data. In our case, we
treat our model as the generator (G, and it is responsible for generating the distribution
of amodal masks. We add a lightweight discriminator D, which performs binary classifica-
tion of whether an instance is unoccluded (based on the pairwise occlusion annotations),
encouraging the amodal mask for each instance to have an unoccluded shape. Note that
our method does not follow GAN exactly, as it is not adversarial in nature. Traditionally,
GAN-based discriminators are trained to distinguish between real and generated inputs,
with the generator trained to fool the discriminator. In our case, as we already have access
to positive/negative inputs in the form of unoccluded/occluded instance masks, we can use
them to train the discriminator directly with no need for adversarial training. A signifi-
cant advantage of using discriminators is the relatively small overhead compared to other
methods to impose shape priors. By treating the model itself as the generator as part of a
GAN, using an additional discriminator is much closer to directly applying a regularization
loss to the occluded regions without needing any decoders, which significantly lowers the
computational effort. For amodal mask completion, [110, 122, 115] use discriminators for
masks. However, all these methods require ground-truth or synthetic amodal masks for
training, unlike our work.

Thus, our discriminator loss (Lp) and generator loss (Lg) are:

Lo, (M, y%) = 4 log D(M;*, y;*) i is unoccluded (6.12)
Divii M8 = —log(1 — D(M;*,y;*)) if otherwise '
0 ) i luded
Law, (Ai, Mi*, yi") = . ! I nHoerae (6.13)
log(1 — Dpogen(A; - Vi + M;* - Vi, y;*))  if otherwise

Where D and G denote the discriminator and generator, respectively, with y;* representing
the true class label of instance ¢ and used as part of our discriminator input, similar to
a cGAN (see Section 3.4.2). Here, Lp aims to distinguish between ground-truth amodal
masks and ground-truth visible masks; while Lg forces the generated masks to become
amodal-like. See Fig. 6.5 for a visual illustration of these losses.
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Disc. — ] Disc. — ()
train train

Generator Loss (Lg) if occluded:

Semantic
Instance . + . — 1
Segmentation train
Vi M;

A; Vi A Vi+ M; -V

Figure 6.5: Hlustration of our GAN-inspired occluded losses Lp and Lg. Red represents
the trained/unfrozen components.

Note that instead of directly using A; as the input to the discriminator in Lg, we use
A; in the occluded part (multiplication by V;) and the ground truth visible mask M; in the
visible part (multiplication by V;). This effectively ensures that our occluded loss influences
only the occluded part of A;, as for the unoccluded part of A;, the visible loss developed
in Section 6.1.2 is more effective. This also improves training efficiency. Please refer to the
supplementary materials for comparisons between the above and directly using A;.

As the ground truth visible masks are discrete, our discriminator is trained using discrete
data. However, when it comes to the input to the discriminator in the generator loss L,
binarizing the continuous probabilistic masks A; does not work as the operation cannot be
back-propagated. Additional mechanisms would be required to handle the gradient. Such
“discrete GAN” is little researched, with most of the studied cases of discrete GANs focused
on NLP or other discrete sequence problems [55, 20], and relies on Monte Carlo-based
gradient estimates [76], such as the REINFORCE method [107]. REINFORCE adds some
form of random noise to the discretized generator output and directly copies the gradient
from the discretized outputs to the original continuous outputs when back-propagating.
However, “random noise” is difficult to define in the context of segmentation masks. We
opt for a simpler approach by directly passing the continuous probabilistic masks in the
generator loss Lg. This works well despite the domain gap with the discrete data that the
discriminator is trained on.

The final occluded loss is the weighted sum of the two losses:

Lo = AaLaw,(M;*,yi") + Ap Loy, (M;", yi*) (6.14)

6.2 Experimental Results

6.2.1 Architecture and Training Details

As mentioned in Chapter 4, we use the We use the KITTI INStance Segmentation (KINS)
dataset [82] and the COCO Amodal (COCOA) dataset [123].

Let M; € {0,1}"*# be the modal segmentation masks for instance i. The wvisibility
mask V; € {0,1}W>*# is first created by combining the modal binary segmentation masks
of all occluders of instance i. Note that ground truth annotations with small gaps between
modal segmentation masks (see Fig. 6.6a) can cause the model to train such regions as not
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Figure 6.6: Here instance j occludes instance i (i.e., j > i). Notice that the erroneous gap
caused by bad ground truth annotation is resolved.

part of the amodal segmentation masks. As segmentation models tend to produce smooth
segmentation masks, such gaps can cause the model to fit for the modal mask of instance
7, despite the lack of training loss on the region occupied by the occluding instance j. As a
result, to avoid small 1-pixel gaps due to small errors in annotation, a closing morphology
transformation is applied to the occlusion mask via dilation and erosion with a kernel size
of 3 x 3:

Vi <= 1 — (erode(dilate((1 — Vi) V M;)) A = erode(dilate(M;))) (6.15)

The above closes all gaps between V; and M;, resulting in the new V; as shown in Fig. 6.6b.
Handling the gap is also vital for PointRend; if the gap is unresolved, PointRend is likely to
sample points from the gap as it is designed to sample points from uncertain areas around
the boundary, which intensifies the error.

To improve the performance of the generator loss at early iterations of the training and
reduce computational effort between experiments, we pre-train the discriminator network
using Lpyy, (see Eq. (6.12)) as the loss requires only ground-truth masks.

We use a simple ¢cGAN consisting of 6/7 (for KINS/COCOA) convolutional layers and
2 more fully connected layers. The one-hot class labels are concatenated with the flat-
tened output from the convolutional layers, which is then passed as input to the fully
connected layers. Our cGAN follows all conventions as suggested in [83], with BatchNorms
and LeakyReLUs (with a slope of 0.2).

Similar to Chapter 5, for our main segmentation model, we use Mask2Former with
ResNet-50 [37] backbone. For all experiments of KINS, the configuration mimics the de-
fault configurations for Cityscapes [17], another road scenes dataset. The configuration for
COCOA mirrors the default configuration for COCO. All experiments use the standard
weights of Apcg = Apice = D provided by Mask2Former for the aforementioned datasets,
and are run on a single Nvidia RTX™ 6000 Ada Generation graphics card.

Similar to Chapter 5, the pretrained discriminators were run with 8 images per batch x90, 000
for KINS and x40, 000 for COCOA at learning rate 0.000075 with A\p = 1 (~ 7 hours for
KINS and ~ 4 hours for COCOA). The pretrained discriminators were then frozen and
attached to the main segmentation models (if required). The main models were run at the
same number of iterations and learning rate as the pretrained discriminators (~ 26 hours
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Losses AP | APy, AP;; AP, AP, AP AR
Modal Baseline* 16.68 | 32.51 15.36 6.16 21.66 51.00 13.96
L~ 21.65 | 40.00 20.57 8.78 27.97 53.09 15.50
Lv+ Lo (A\¢g =0.1) | 22.08 | 40.66 21.22 8.68 28.71 52.78 16.01
Amodal Baseline 2295 | 40.72 22.86 9.31 2994 54.01 15.49

Table 6.1: Amodal segmentation accuracies for KINS. Median across 3 runs. *Trained
using ground-truth modal masks and evaluated on amodal masks.

Losses AP | APy, APy AP, AP, AP AR
Modal Baseline* 23.59 | 40.85 22.68 4.27 16.58 32.65 9.28
Ly 25.53 | 43.84 24.52 422 17.44 3547 9.63

Lyv+ Lo (A\¢g =0.2) | 25.87 | 44.11 25.13 4.45 17.64 3591 9.65
Amodal Baseline 28.46 | 47.44 28.06 5.04 19.42 40.19 9.94

Table 6.2: Amodal segmentation accuracies for COCOA. Median across 3 runs. *Trained
using ground-truth modal masks and evaluated on amodal masks.

for KINS and ~ 13 hours for COCOA).

6.2.2 Segmentation Accuracy

We first evaluated the amodal baseline (trained and evaluated against amodal ground truth)
and the modal baseline (trained with modal ground truth but evaluated against amodal
ground truth. As shown in Tables 6.1 and 6.2, all of our results sit between the baselines,
with a sizable performance increase from the modal baseline.

Using the visible loss Ly alone is able to boost the amodal performance by a large margin.
Even without incurring any losses on the occluded regions of each instance, Mask2Former
is able to extend the predicted masks beyond the visible regions. Adding in Lg is able to
push the performance slightly further, despite the rudimentary nature of our shape prior.

Note the difference in performance increase between KINS and COCOA. Our methods
are able to push the performance much closer to the amodal baseline for KINS than for
COCOA. This can be attributed to the more diverse and complex shapes within COCOA,
as opposed to the car-centric street views of KINS, as well as errors in the training dataset
when training the discriminator for COCOA. Note that in COCOA as mentioned in 6.1.1,
an “unoccluded” instance can sometimes be occluded by an unlabeled object. This in-
troduces errors in our training occluded/unoccluded dataset, with such errors happening
for ~ 10.7% of “unoccluded” instances for COCOA. This is reflected when evaluating the
binary classification performance of the pretrained discriminator against ground truth unoc-
cluded/occluded masks, with the discriminator for KINS achieving a classification accuracy
of 86.54% as opposed to COCOA’s 68.30%.
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Losses Ag AP APy, APy AP, AP, AP, AR

Lyv+ Lo |0.01| 21.68 | 39.79 20.74 839 2870 5342 15.12
Lv + Lo 0.05 | 22.05 | 39.69 21.40 8.54 2852 53.71 1531
Lv +Lo* | 0.1 | 22.08 | 40.66 21.22 8.68 28.71 52.78 16.01

Table 6.3: Amodal segmentation accuracies for KINS across various Lg weights. *The
selected weights for Table 6.1; median across 3 runs.

Losses Aa | AP APy, AP, AP, AP, AP, AR
Lv+ Lo | 0.1 2541 | 4357 24.55 394 17.36 35.46 9.40
Lv+ Lo* | 02| 25.87 | 44.11 25.13 4.45 17.64 35.91 9.65
Lv+ Lo |05 | 2548 | 43.26 2498 3.84 1759 35.52 9.51
Lv+ Lo |40 2446 | 41.77 23.72 3.82 17.02 33.66 9.58

Table 6.4: Amodal segmentation accuracies for COCOA across various Lg weights. *The
selected weights for Table 6.2; median across 3 runs.

6.2.3 Ablations

Tables 6.3 and 6.4 shows various weights for Lg and their segmentation accuracies. In
particular, excessively large losses (e.g., Lg = 4 in Table 6.4) can lead to a large drop in
performance.

6.2.4 Alternative Generator Loss

Tables 6.5 and 6.6 compare the performance between the generator loss from Eq. 7 of the
main paper and the following:

0 7 1s unoccluded

6.16
log(1 — Dgogen(Ai, ;)  if otherwise (6.16)

Laa(A;, My, y;) = {

Lo applies the generator loss to the entire predicted amodal mask A;, as opposed to only
the occluded regions, achieved by replacing the visible regions with ground truth in Eq. 7
of the main paper. In general, Lg outperforms Lgs. For KINS, the performance difference
is minimal. However, for COCOA, applying the generator loss to the entire mask causes
a slight drop in performance. This could be attributed to the difference in performance
of the discriminator, as mentioned in the main paper, which affects the performance of
the generator loss. The lower performance of the generator loss naturally generates more
inaccuracies, which is magnified when applied to the whole predicted amodal mask A;.

6.2.5 Mixing Amodal Supervision

A major advantage of our method is that it is possible to jointly train using visible masks
with pairwise occlusion order for some images, while using the full amodal masks for others.
To test this direction, we train on KINS with 50% of the images using amodal ground truth
masks and the other 50% using modal ground truth masks with pairwise occlusion order.
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Losses AP | APy, AP,y AP, AP, AP AR
Lv+ Lo (A\¢g =0.1) |22.08 | 40.66 21.22 8.68 28.71 52.78 16.01
Lv+ Lo (Ag2 = 0.1) | 22.06 | 40.34 20.99 8.54 28.65 54.41 15.69

Table 6.5: Amodal segmentation accuracies for KINS between Lg and Lgs (Eq. (6.16)).
Median across 3 runs.

Losses AP | APy AP,y AP, AP, AP AR
Lv+ Lo (A\¢ =0.2) | 2587 |44.11 25.13 445 17.64 3591 9.65
Lv+ Lo (A\g2=0.2) | 25.44 | 43.7 24.44 4.17 1742 3527 9.77

Table 6.6: Amodal segmentation accuracies for COCOA between Lg and Lga (Eq. (6.16)).
Median across 3 runs.

For this experiment, we use only visible loss Ly, omitting the occluded loss Lo as the
amodal ground truth already directly provides a form of shape prior. The results are in
Table 6.7. As expected, the performance of such “mixed” model sits between our original
models and the amodal baseline. This could be useful for combining various datasets with
similar domains but varying levels of supervision.

6.2.6 Qualitative Results

Fig. 6.7 shows two examples of predicted outputs for a single instance in KINS and COCOA.
For KINS, the result produced by training only with the visible loss Ly is able to extend into
the occluded region from the modal mask, while training with Lo creates a more natural
shape within the unoccluded region.

However, for COCOA, the result produced by training only with the visible loss Ly
largely remains modal with very slight extensions into the occluded areas (e.g., tip of the
fork). Training with Lo produces more plausible amodal masks, but a large amount of noise
can be seen (e.g., around the cake area). This could be attributed to the performance of
the discriminator, which generalized better for the simpler shapes in KINS. Please refer to
Figs. 6.8 and 6.9 for examples of predicted outputs for Chapter 6.
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Losses AP | APy, AP, AP, AP, AP AR
Ly* 21.65 | 40.00 20.57 8.78 27.97 53.09 15.50
Lyv + Lo* (A\g =0.1) | 22.08 | 40.66 21.22 8.68 28.71 52.78 16.01
Ly + 50% Amodal 22.56 | 40.51 22.20 9.31 29.64 54.05 15.01
Amodal Baseline* 22.95 | 40.72 2286 9.31 29.94 54.01 15.49

Table 6.7: Amodal segmentation accuracies for KINS. *Median across 3 runs.

Figure 6.7: From top to bottom: an example from KIN and from COCOA. From left
to right: original image, ground-truth modal mask, ground-truth amodal mask, predicted

amodal mask trained with only Ly, predicted amodal mask trained with Ly + L.

Figure 6.8: Results from KINS. From top to bottom: original image, amodal ground truth
masks, predicted masks trained with only Ly, predicted masks trained with both Ly and

Lo.
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Figure 6.9: Results from COCOA. From left to right: original image, amodal ground truth
masks, predicted masks trained with only Ly, predicted masks trained with both Ly and

Lo.
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Chapter 7

Conclusion and Future Work

In Chapter 5, we developed an end-to-end method for joint instance segmentation and
occlusion ordering of instances. Our formulation has an advantage over prior work when
it comes to how occlusion is modelled: our approach is based on global labeling and is
naturally free of occlusion cycles. We outperform prior work on the joint task of instance
segmentation and occlusion ordering using the OAIR metric [4]. Our method also shows
improvements in standard segmentation tasks after fine-tuning, likely due to the added
information from the ground-truth occlusion order, which is a richer supervision. Our
model, trained on occlusions, can also learn to a good degree how to order instances by
depth from our depth-based OAIR metrics. We provide an application for sharpening depth
maps during test-time training using our results, which is detailed in Section 5.3.

As the purpose of our training loss is to enforce a set of simple inequality constraints
(0; > o; for all ¢ > j), one possible future direction to improve the efficiency and/or accu-
racy of the predicted occlusion order is to model these constraints as standard optimization
problems and incorporate some well-studied deep learning constraint optimization meth-
ods, such as [3] and [22]. Another possible application is generating synthetic occlusion
order ground truths: using the predicted global occlusion orders to annotate other existing
datasets, which enables other uses for many existing, large-scale datasets without occlusion
ordering, including our occlusion-supervised amodal instance segmentation.

In Chapter 6, we developed a new direction for amodal instance segmentation using
modal ground truths and pairwise occlusion orders, which does not rely on generating syn-
thetic ground truths. Our method can be applied to existing single-stage (non-Rol-based)
segmentation architectures and is agnostic to the choice of shape prior implementation. Ex-
tension of our approach to Rol-based architectures, such as Mask R-CNN [42], is a subject
of future work. One major obstacle between our approach and Rol-based methods is the
bounding box regression for the Rols. As we do not have access to ground-truth amodal
segmentation masks, the amodal bounding boxes, which are larger and inherently different
from the visible bounding boxes, are also out of reach for our training. The bounding boxes
are important when training using Rol-based methods, as they define where the mask is
and where the mask loss backpropagates; without this information, our method cannot be
easily applied to Rol-based architectures. Of course, as mentioned in Section 3.4, there are
existing methods that resize visible bounding boxes into amodal bounding boxes, such as
C2F-Seg [28] as shown in Fig. 3.8; however, they rely on synthetic approaches by artificially
overlaying instances on top of each other.
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Appendix A

Proofs

A.1 Proof for Proposition 6.1.1

For all of the following proofs, we suppose instances are ordered from back to front such
that for instances 7,j € {1,--- , N}, j >, 1 = j > i at pixel p.

Lemma A.1.1. For an arbitrary instance i:

Mip) < Alp) [J(1 - A0)) (A1)

j>i

Proof. 1f M;(p) = 0:

If M;(p) > 0: a
J>i = i®y) = Mi(p)- Aj(p) =0 — A;(p) =0
Hence:
H(l —A;(p)) =1
Thus: B
Mi(p) < Ai(p) = Ailp) - 1 = Ai(p) H(l — A;(p))
j>i ]

Lemma A.1.2. For an arbitrary instance i:

Y o M(p) <1-1]01—-4;(p) (A.2)

J>i j>t
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Proof. We prove by induction. Note that the base case is true for : = N. Now, suppose the
statement is true for some ¢ = k > 0. Then:

> Mip)<1-]]0-40p)

i::kl M;(p) <1 - ﬁ:(l — 4A;(p)) + My(p)
i;l M;(p) <1~ ﬁ(l — 4;(p) + Ai(p) 11(1 — A;(p))
J->;1 M;(p) <1 - E(l —4;(p) + (1 - (i — Ar(p))) 11(1 — 4;(p))
J;k:l M;(p) <1- ](1 — Ak(p)) g(l — 4;(p)) j
%;le<p> si-Jlo- A0
By inductio:, t_he statement isj zrl_le. 0

Lemma A.1.3. For an arbitrary instance i:

> Mip) = 1= ][00 - 4;0) (A.3)

J>i J>t

Proof. We prove by induction. Note that from Eq. (6.3), the base case is true for i = N.
Now, suppose the statement is true for some i = k > 0. Then if M ,(p) = 0:

> Mip)=1-T]0—A4(m)

Z Mjlp) =1 ﬁ(l ~4(p)

%;l Mj(p) =1- J(l — Ap1(p)) ->1;[+1(1 — 4;(p))

jﬂ;ﬁ M;(p) =1 - ‘>kH+1(1 - Aj(;)) +(1— (1= A (p)) .yﬂ(l — A, (p))
é;l M;(p) =1 - j.>];[+1(1 — 4;(p)) + Arsa(p) »Hl(l _ A;(p))

j;ﬂ M;(p) =1 - ]->1;[+1(1 — A;(p)) j

If Myyi(p) > O:

Thus:
Y M) =0=1- ] 01— 40)
J>k+1 J>k+1
By induction, the statement is true. O]
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Together with Lemma A.1.2, we have the following for arbitrary i:

> Mip) =1-T]0 - 40)

j>i j>i
Now to prove Eq. (6.4) in Proposition 6.1.1:
Proof.

M;(p) = Y Mj(p) = > _ M;(p)

j>i—1 j>i

Mip) =1~ [] @ =4p) -1+ ]~ 4;0)

Mi(p) = (1 = (1 = Ai(p))) H(l — 4;(p))
Mi(p) = Ai(p) H(l — 4;(p))

A.2 Proof for Proposition 6.1.2

Proof. For all pixels p, suppose the modal masks are binary for all instances :

Mz(p) S {07 1}

Notice that for arbitrary i:

[0 -4@)=1 = Ai(p)=0 Vi

i

[[a-A@p) <1t = 1-> M(p) <1

% 7

— ZMi(p) >0

= Y M(p)=1

Thus:

Also:
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Then:

M;(p) = Ai(p) M;(p)
= Ai(p) H(1 — A;(p)) + Ai(p) Mi(p)
= Ai(p) (1 — Z Mj(p)) + Ai(p) Mi(p)
= Ai(p) (1 ) M (p)) (A7)
i

As required. n

A.3 Proof for Proposition 6.1.3

Proof. Continuing from Section A.2, for arbitrary :

Mi(p) = Ai(p) | 1 - g M; (p)>
=Ailp) | 1- ; M;(p) — ; Mj(p)>
= Ap) [ 1— ; Mj(p)> - (; Ai(p)Mj(p)>
= Aip) | 1- g M; (p)) (A.8)
As required. | 0
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Appendix B

Connection Between Eq. (6.4) and
Volume Rendering

From volumetric rendering in ray-tracing [45], following the notations from [75], the function
for the accumulated transmittance (or attenuation) of a ray up until a given position r(t) =
o+1tdis:

T(t) = exp (— /t ta(r(s))ds) (B.1)
Where: n

e {, is the near bound, and

e o(r(s)) represents the volume density at r(s).

Strong parallels can be drawn between the above and V;(p) in Eq. (6.4). In our case, since
we are not working in the actual 3D space, we can instead consider the ”occlusion order”-
space, defined by the global occlusion orders o; from Chapter 5 for instance ¢ € {1,--- , N'}.
With this, we can discard the vector r(s) to use directly s in our "occlusion order”-space
and remove the near bound, so we can simplify to:

T(t) = exp <— / t U(s)ds> (B.2)

—0o0

Now consider the following choice of ¢ at some pixel p:

ot) =3 —In(1 - A(p)) - 3(t - o) (B.3)

i=1

Since we have no concept of a volumetric density function of instance, we can try to use the
Dirac delta function ¢ instead to denote the ”density function” of a segment at each of their
0;’s where each instance layer is infinitely thin. To factor in the probabilities A;(p), we can
use the negative log likelihood such that if A;(p) =0, —In(1 — A;(p)) =0, and if A;(p) =1,
—In(1 — A;(p)) — oo which completely blocks out the ray at such infinity density. Turns
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out when combining Eq. (B.2) and Eq. (B.3), it yields V;(p) in Eq. (6.4):

T(t) = exp (— / h a(s)ds)

=exp|— [ Z —In(1 — Ai(p)) - 6(s — Oi)d8>

=exp | — 21: /Oo —In(1— A;(p)) - 0(s — Oi)d8>

—exp [ =Y ~In(1 — i) - for < “)>

= exp Zln(l —Ai(p)) - o < t]))

= [[exp(n(1 — Ai(p)) - [o; < 1]))

Suppose the i’s are ordered in descending order (near-to-far). If t = o; for some instance j,
we get the attenuation up until instance j, as shown in Eq. (6.4):

N

T(t) = ][ - A) = Vilp) (B.4)

1>7
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Appendix C

Approximation of Eq. (6.4) for
Numerical Stability

Numerical instability can easily creep up in many machine learning settings from the
widespread use of logarithmic functions. Perhaps the most notable of such cases would
be when taking the natural log of a probability; when the probability approaches 0, the
log approaches —oo, which, when not handled correctly, can “NaN” out the gradients, as
mentioned in Section 2.1.3. Luckily, as most of these probabilities come from combina-
tions of sigmoid/softmax functions, we can work directly in logit-space and handle such
issues explicitly by applying approximations if the magnitudes of the logits become too
large (i.e. — £00). For example, in the case of BCE, most common machine learning li-
braries provide a numerically stable approach to calculate BCE by working in logit-space
(e.g. torch.nn.BCEWithLogitsLoss).

In this section, we will detail all the numerical approximations needed to calculate
Eq. (6.4) in logit-space to avoid numerical instabilities. Let x; be the logit of A;(p) at pixel
p (i.e., Ai(p) = o(x;)). Then:

o (Ai(p) [Ta- Aj(?))) =o' (0(«%) [Ta- U(%)))

= ((1 e ]Ja+ e%')l)
:m< (L) 0t en) )

L—(I+e )] (1+e%)!

= —In (((1 +em ) [+ exj)> — 1)

The above can then be broken down by combining variable approximations as shown in the
following sections. The calculated result in logit-space can then be plugged into standard
functions such as the BCE approximations as mentioned above.
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C.1 Numerical Stability of In(1 + e*)

For some z € R,z — oo

In(1+¢€*) =In(e®(e™* + 1))
=z+1In(l+e77)
=z+e " +0((e")?)

AT
For some z € R,z — —o0:
In(1+ €)= e + O((e")?)
~ 0
Hence for some thresholds a; < 0 < f:

r < q
In(1+e€") =< x> [ (C.1)
In(1+ e*) otherwise

We will keep in mind that for x — —oo, In(1 4 €”) = e* + O((e*)?) (instead of just 0) as it
will be useful later.

C.2 Numerical Stability of In(e” — 1)

For some z € (0,00), 2 — oo:
In(e® — 1) =1In(e®(1 —e™™))
=x+In(l—e™")
=z—e " +0((—e")?
For some z € (0,00),z — 0*:
In(e® — 1) = In(x + 2%/2 + O(a*))
=In(z(1 + 2/2 + O(z?))
=Inz +In(1 + 2/2 + O(z?))
=Inz+2/2+ O(2?) + O((x/2 + O(2?))?)

~Inzx
Hence for some thresholds 0 < ap < Ba:

Inz T < Qg
In(e®* —1)=< = x> [y (C.2)

In(e* — 1) otherwise
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C.3 Numerical Stability of In(II;(1 + ") — 1)

For some z;s € R, if Vi, z; — —oc:

In (H(l +ef) — 1) —1In (eZi In(1+e?) _ 1)

=In <€Zi(6”i+0((€“i)2)) - 1)

=mn (Z(w + O«e%‘)?)))

7

=t+In (Z(e“t + O((ezi)2))>

~t+1In (Z(exi—t))

Where:

t = max(x;)

For some z;s € R, if dk, x;, — oo:

In (H(l +ef) — 1) =In (621‘ n(+ed) — 1)
~ Z In(1+ €f)

2

Hence using some thresholds 0 < ag < f3:

> In(1+¢€?) doIn(1+¢€f) > F5

In (ezi In(1+ef) _ 1) otherwise

t+In (3 (em™) 2 In(l+ef) <as
In (Hu +el) — 1) -

)

(C.3)

Where >, In(1+ €7) can first be calculated using Eq. (C.1), with the last case of Eq. (C.3)

calculated with Eq. (C.2).
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