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Abstract

Segment size, which one may equivalently refer to as volume, area, or cardinality, is
uniquely defined by segmentation, e.g. by aggregating pixel-level predictions. On the other
hand, size provides only a very weak constraint on segmentation. However, as this thesis
observes, explicit size constraints are powerful cues for training segmentation models in
weakly supervised settings, e.g. when only image-level class tags are provided or a fraction
of pixels is labeled. We also observe that some standard unsupervised losses may have
implicit size bias resulting in notable segmentation artifacts.

This thesis addresses three closely related problems regarding size constraints in seg-
mentation and size predictions. First, we propose explicit size targets for training segmen-
tation models without ground truth masks. We show approximate size targets predicted by
human annotators result in segmentation quality on par with full pixel-precise supervision.
The second contribution of this thesis is to show implicit size bias in standard unsupervised
segmentation losses common in scribble supervision, e.g. mutual information or the Potts
model. We show that this bias leads to the performance collapse as the amount of scribbles
decreases. In contrast, our size-target supervision works well without any scribbles. Lastly,
inspired by the enhanced segmentation outcomes achieved through size-target supervision,
we explore the potential of deep models in predicting sizes directly.
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Chapter 1

Introduction

Semantic image segmentation, a fundamental problem in computer vision, involves dividing
an image into parts and classifying each segment with predefined categories. This task goes
beyond detecting objects by also understanding the context and elements within an image,
making it essential for machines to visually perceive the world as humans do. Semantic
segmentation has a wide range of applications. In virtual reality, it enables immersive envi-
ronments by accurately mapping virtual objects to real-world scenes. Autonomous driving
benefits from precise environment perception for safe navigation. In medical imaging, it
aids in the detailed analysis and diagnosis of diseases, showing the profound impact of this
technology.

Initially, traditional machine learning methods like random forests and support vector
machines were employed, leveraging handcrafted features. However, the advent of deep
learning [70] has revolutionized this domain. Convolutional Neural Networks (CNNs) [65]
optimizes feature extraction and classification in a unified framework. Fully Convolutional
Networks (FCNs) [81] further advanced this by enabling pixel-wise predictions without
the need for image resizing. Architectures like U-Net [90] and SegNet [11] have been
particularly successful, offering precise segmentation for specific applications like medical
imaging through their unique network designs. Despite progress, challenges persist. Fully
supervised semantic segmentation requires detailed labeling of every pixel. High annota-
tion cost limits the availability of high-quality training data. To overcome this challenge,
current research focuses on developing weakly supervised semantic segmentation technolo-
gies that leverage much cheaper supervision to achieve comparable results attained by full
pixel-precise supervision. Figure 1.1 shows some examples of weakly-supervised semantic
segmentation results.



Figure 1.1: Examples of semantic segmentation. The segmentation results are produced
by the ResNet101-based DeeplabV3+ model trained with size targets. The top row shows
three input images and the bottom row shows their corresponding semantic segmentation
predictions. Class labels are represented by different colors in the prediction masks. For
instance, the bottle, person, sheep, and bike in the images are indicated in purple, pink,
brown, and green. The images are from the Pascal dataset [12].

Many forms of weak supervision (shown in Figure 1.2) and their corresponding training
paradigms are extensively studied to reduce the annotation cost while maintaining seg-
mentation accuracy. Bounding bozes 7], which are rectangular outlines around objects
of interest, provide rough spatial information without detailed boundaries. Models are
trained to refine these coarse location cues, often using GrabCut [20] or similar algorithms
to sharpen boundaries. Scribble supervision [77] draws scribbles over objects indicating
class presence. The Point supervision [12] is a special case of scribble supervision, which
applies one click or single point to indicate the category of each object. Image-level super-
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Figure 1.2: Example of different forms of supervision. The left is the image and the rest
shows its various forms of supervision including points, scribbles, bounding boxes, tags,
and full ground truth masks. The image and ground truth mask are from the Pascal
dataset [12].

vision [62] annotates the classes or tags presented in the image. Many works [31, , ]
also use hybrid forms of weak supervision for semantic segmentation.

Image-level or tag supervision is promising due to its low labeling cost. According to
[13], the time required for annotating an image varies significantly with the type of labeling:
tagging a class takes merely 1 second, whereas marking a point, drawing a bounding box,
and creating a labeling mask for each instance require 2.4 seconds, 10.2 seconds, and 78
seconds, respectively.

Despite the easy accessibility of tag supervision, there are many challenges in tag-
supervised segmentation. Image-level labels indicate the presence of classes in an image
but not their locations and sizes. This ambiguity makes it difficult for models to accu-
rately assign class labels to each pixel. Without pixel-level annotations, distinguishing
between foreground objects and the background becomes challenging, especially in clut-
tered scenes. Models may incorrectly include background regions as part of the object
(over-segmentation) or miss parts of the object, assuming them to be background (under-
segmentation).

To mitigate the lack of location information, techniques like class activation maps
(CAM) [127] are used to identify the discriminative regions of objects and generate pixel-
level pseudo labels. These pseudo-labels can provide location cues to help the model
identify objects and mitigate the ambiguity of tag supervision. However, this approach is
not ideal. On one hand, a small portion of false pseudo-labels may mislead the model to
overfit the errors and be detrimental to the performance. On the other hand, the multi-
stage process of generating pseudo-labels and subsequently training segmentation models
with these pseudo-labels results in a less efficient training procedure compared to the more
streamlined one-stage (end-to-end) training approach.

Another key challenge associated with all forms of weak supervision is the absence



of size information for each image. Weakly supervised methods typically rely on less
granular annotations, such as image-level tags, bounding boxes, or scribbles, which do
not provide size information. This weakness makes it difficult for models to accurately
learn and predict the sizes of objects, a crucial aspect for many applications where precise
segmentation is required. Without detailed size information, models are prone to making
errors in segmenting objects, often resulting in over- or under-segmentation. To mitigate
this issue, some research efforts [30, 57] have focused on incorporating size constraints
into the training process. By integrating additional guidance on the expected sizes of
objects, these approaches aim to refine the model’s ability to gauge object proportions
more accurately during segmentation.

In addition, unsupervised loss functions [105, | are extensively used in weakly super-
vised semantic segmentation tasks to enhance and refine the model’s predictions. These
unsupervised techniques play a crucial role in improving the accuracy of segmentation by
leveraging the inherent structure and appearance of the image data, without the need for
supervision. This approach bridges the gap between the model’s predictions and the actual
image content, facilitating a more accurate and visually coherent segmentation outcome.

Motivation and contributions

In this thesis, we address three problems to tackle the challenge of image-level semantic
segmentation. Following a background review, this section summarizes the problems we
have addressed and discusses our motivations.

In Chapter 3, we propose a new form of supervision, size targets, for semantic segmen-
tation. It can be seen as an extension of tag supervision. Tag supervision only indicates
the classes in an image, while size-target supervision also labels the approximate segment
size. With modest extra information, we can achieve segmentation performance on par
with full supervision. It is hard to train high-performance segmentation models with tag
supervision. Typical tag-based methods heavily rely on class activation maps (CAM) tech-
niques [31, 30] to generate pixel-wise pseudo labels. Subsequently, the pseudo labels are
used for segmentation model training. Although CAM can effectively improve segmenta-
tion accuracy, it complicates the training procedure. To further enhance the performance
with tags, other architectural modifications are usually employed. Using size targets not
only largely enhances the segmentation accuracy but also greatly simplifies the training.
We propose the forward KL divergence as the loss function, enabling the segmentation
models to be trained end-to-end. Moreover, we only use standard segmentation models
commonly used in full supervision to achieve such high performance.

4



Exact size targets may not be practical without pixel-precise segmentation masks.
Therefore, we test the robustness of the size-target approach and find that approximate
size targets are enough for high-performance segmentation. Such approximate size targets
are easy to obtain. We propose a labeling interface to assist the annotators. We evalu-
ate the size-target approach with human-annotated sizes and synthetic approximate sizes.
Synthetic sizes are generated by corrupting the exact size targets using Gaussian noise.
Different noise models are studied to best approximate human errors.

In Chapter 4, we propose a new unsupervised loss for semantic segmentation based on
mutual information (MI). Mutual information between two random variables measures the
reduced uncertainty of one random variable given the other. Maximizing mutual informa-
tion is a reasonable principle for clustering. It opens doors for generative and discriminative
clustering methods. We are motivated by the generative clustering techniques commonly
used in low-level segmentation [23, 93, |. Generative methods perform the clustering
by estimating the data density. In our context, the data is the raw colors in an image. As
generative methods are underexplored for semantic segmentation, we want to fill this gap.

Our MI loss can be seen as an entropy clustering criterion, which minimizes the entropy
of colors within each segment. The color density is estimated with a density model. The MI
loss is optimized with the Expectation-Maximization (EM) based method by alternating
two steps. The first step conducts the density model fitting while the segmentation predic-
tions are fixed. In the second step, the density model is fixed, and the network parameters
are optimized with gradient descent to produce more accurate segmentation predictions.

According to the prior work [50], the MI loss prefers equal segment size. Such equal-
size bias can be revealed by decomposing the MI loss into three terms: entropy of average
segmentation predictions, conditional entropy of segmentation given color, and the KL
divergence between the density model and true data density. The equal-size bias is caused
by the entropy of average segmentation predictions. Another prior work fixed the bias and
proposed an unbiased MI [16]. We evaluate both biased and unbiased MI loss with tag,
scribble, and size-target supervision.

In chapter 5, we investigate the potential of neural networks for size prediction. The
effectiveness of size-target supervision motivates us to automate the size-labeling process
using neural networks.

We start with the native algorithms: using standard classification or regression network
architectures for size predictions. As size distribution is continuous on the probability sim-
plex, it is a problem that incorporates both classification and regression. We find that using
a classification or regression model cannot effectively solve the size prediction problem. To
improve the size prediction accuracy, we propose an architectural modification. Specifi-



cally, we change from averaging deep features to averaging predictions. This modification
avoids information loss through deep feature averaging. We also evaluate a variety of loss
functions for size prediction.

Our key contributions are summarized as follows:

e We propose a new form of image-level supervision, size targets, which represent the
volumetric distribution of the normalized segment cardinality. Size targets can be
seen as an extension of the standard tag supervision. Image tags are in one-to-one cor-
respondence with the positive size targets. Size-target supervision is cheap and is easy
to estimate for human annotators compared to pixel-precise ground truth masks. On
top of size targets, we propose the zero-avoiding variant of KL divergence as a general
training loss for any segmentation architecture. Our general end-to-end approach is
much simpler than recent CAM-based methods which typically require architectural
modifications or multi-stage training schemes. The size-target approach achieves seg-
mentation quality on par with full supervision on the Pascal VOC dataset. Moreover,
our training loss shows significant robustness to size errors. A certain amount of error
may even improve the generalization quality of segmentation networks.

e We analyze implicit size biases in standard unsupervised loss functions for low-level
segmentation: mutual information (MI) and the Potts model. In particular, we
discuss MI loss that has the bias to equal-size segments or uniform volumetric distri-
bution, an unbiased formulation of MI loss with no size bias, and the Potts model that
has “shrinking” bias, which can be seen as the bias to one-hot volumetric distribu-
tion. While the Potts model has been previously used for weakly-supervised semantic
segmentation with partial pixel masks (scribbles) [105], one of our contributions is
to test MI in a similar “deep” context. In part, this is motivated by different forms
of implicit size bias in these losses.

e We empirically evaluate unsupervised segmentation losses (two forms of MI and the
Potts) for weakly-supervised segmentation on PASCAL using different levels of su-
pervision. We gradually decrease the number of scribbles on pixels and compare them
to image-level supervision using class tags only. We observe that the performance
significantly decreases as the amount of scribbles decreases. It completely collapses
when only image-level tags are used: the background class takes over as an easy
solution, even for the MI biased to equal-size segments. This motivates stronger car-
dinality constraints [36]. We evaluated log-barrier cardinality constraints to prevent
the collapse for the trivial solution. Figure 4.3 presents our comprehensive evaluation
of unsupervised losses (with implicit and explicit size biases) for weakly-supervised



segmentation across different supervision levels, including approximate image-level
size targets. The latter works at near full supervision level using a combination of
our size target loss and unsupervised MI loss.

e The effectiveness of size targets motivates us to automate size target annotation. We
investigate the potential of neural networks for size prediction. Size prediction is a
hybrid task incorporating regression and classification. We propose an architectural
modification on top of the standard image classification networks, shifting from av-
eraging features to averaging predictions. The architecture modification significantly
improves the size prediction accuracy.

We will detail each contribution in the following chapters. In Chapter 3, we propose the
size-target supervision. In Chapter 4, we employ the MI loss for semantic segmentation. We
also reassess the size-target approach and conduct a comprehensive evaluation combining
size targets and MI. Chapter 5 explains our approach to size prediction.



Chapter 2

Related work

The structure of Chapter 2 is outlined as follows: In Section 2.1, we will introduce fully-
and weakly-supervised semantic segmentation. We will detail the architectural designs, loss
functions, optimization strategies, evaluation metrics, and different forms of supervision.
In Section 2.2, we focus on segmentation methods that incorporate size constraints. Our
proposed size-target approach falls under this category, thus it’s crucial to elaborate on size
constraints to clarify how our method differs. In Section 2.3, we will discuss two widely
used unsupervised losses for semantic segmentation: conditional random field (CRF) and
clustering techniques.

2.1 Semantic segmentation

2.1.1 Supervision with full ground truth masks
Algorithm

Fully-supervised semantic segmentation algorithms are trained on datasets containing
pixel-precise ground truth masks, see the right image in Figure 1.2. Every pixel on the
ground truth mask is annotated. For visualization purposes, different classes are indicated
in distinct colors. Let I be an image of dimension h x w X ¢, where h and w are the height
and width of the image, and ¢ is the channel number. The Y € R"*¥*X ig the full ground
truth mask, where K is the number of predefined classes. The X},..;, represents a training
dataset containing N data pairs {([1,Y1), -, (In,Yn)}. Segmentation models are deep



neural networks ¢y with parameters 6. The segmentation model ¢y maps input image I; to
the segmentation prediction: S; = ¢g(1;). Model parameters 6 are learned on the training
dataset X} With gradient-based optimization methods, such as stochastic gradient de-
scent (SGD), RMS-Prop [100], or Adam [60]. The trained model can subsequently be used
to predict unseen data on a testing dataset X ;.

Neural network architecture

Various architectures were studied to improve the accuracy and efficiency of semantic

segmentation [81, 90, 11, 26, 27, 28, , |. We will primarily focus on the most
prevalent CNN-based architectures. Despite the recent rise in the popularity of vision
transformers [115, |, architectural innovations are beyond the scope of this thesis.

Due to the extraordinary results achieved by convolutional neural networks (CNN)
on image classification [66], CNNs were later adapted for segmentation tasks. Classifica-
tion networks typically consist of convolutional layers combined with non-linear activation
functions (e.g. ReLU (2.2)) and pooling layers to reduce spatial resolution. Following the
convolutional layers, the intermediate features are flattened or averaged to convert the 2D
feature maps into 1D feature vectors. These condensed features are then passed through
linear (fully-connected) layers to generate the deep feature representation, denoted by f.

A linear classifier with weights W = {w!, -+ ,w®} is employed for K-way classification.
The logit for each class is obtained as follows:
" = (", f), (2.1)

where (¥ € R is the logit of the kth class. Logits are mapped onto the probability simplex
through an activation function R¥ — AKX transforming the real-valued vector R¥ into
a probability distribution over K classes. For binary classification tasks, the Sigmoid
function (2.3) is typically employed to convert logits into probabilities between 0 and 1. In
the context of multi-class classification, the SoftMax function (2.4) is utilized to generate
probabilities for multiple classes. The generated categorical distribution {o!,--- o%} is
interpreted as posterior Pr(k|I).

f(z) = max(z,0) ReLU (2.2)

s(x) = Sigmoid (2.3)
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Figure 2.1: Fully convolutional neural networks for semantic segmentation. The upper
diagram is a typical image classification neural network consisting of convolutional lay-
ers (represented by boxes) and fully connected layers (represented by lines). The upper
right corner shows the predicted distribution of the given image. The convolutionaliza-
tion demonstrates the transformation from a classification network to a fully convolutional
network, enabling the network to output a heatmap. Image from [31]

oi(x) = a SoftMax 2.4
0= (2.4

Image classification methods are extended to segmentation for pixel-level classification.
As convolutional kernel can be applied to inputs of any size, Darrell et al. [$1] dropped
the fully-connected layers and proposed fully convolutional networks (FCN) for semantic
segmentation, see Figure 2.1. Such architecture was pioneered by [1] for digit recognition.
The transition to convolutional layers enables the network to retain spatial resolution.
The output resolution is at a reduced scale compared to the original image. Directly
up-sampling the outputs to the size of the original image yields coarse predictions. To
generate fine-grained spatial details delineating the boundaries of objects within images,
encoder-decoder architectures [11, 90] are widely used, see Figure 2.2.

10
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Figure 2.2: An illustration of SegNet using encoder-decoder architecture. Colored boxes
represent different layers in the segmentation architecture. The size of the boxes represents
the resolution of encoded feature maps. Image from [11]

The network encoder progressively reduces the spatial dimensions of the input image
through a series of convolutions and pooling operations. This process encodes the input
image into a compact, high-dimensional feature representation. The encoder captures
the context in the image but reduces the spatial resolution. The decoder of the network
gradually recovers the spatial dimensions and details from the encoded representation. This
is achieved through a series of up-sampling and convolution operations. The decoder aims
to map the high-level, abstract features back to the original spatial dimensions, recovering
the spatial information necessary for precise segmentation. Finally, the decoder output
passes through a linear classifier that adjusts the number of output channels to match the
number of classes. This layer typically uses a SoftMax or Sigmoid activation function to
generate the class probabilities for each pixel. In some cases, additional post-processing
steps like conditional random fields (CRF) are applied to refine the segmentation maps
and improve the boundaries precision [20].

Similar to (2.1) The logit of a pixel p for each class is computed with

k= (" f,), (2.5)
where f, represents deep features of pixel p, and w* denotes the linear classifier weights of
the kth class. Logits are converted to categorical distributions {S;, e ,Sf } by SoftMax

function (2.4).

11



Losses for fully-supervised semantic segmentation

To train segmentation models effectively, various loss functions have been designed to
measure the discrepancy between the predicted segmentation maps and the pixel-precise
ground truth annotations. Below are some of the commonly used loss functions in fully-
supervised semantic segmentation:

e Cross-entropy loss: Cross-entropy measures the difference between two probability
distributions. Optimizing the cross-entropy loss makes the predicted segmentation
mask S close to the actual mask Y. Since Y, is a one-hot distribution (i.e. each pixel
is only associated with one class), the cross-entropy can be formulated as negative
log-likelihood, where g, is the ground truth class for pixel p.

K
Lop=—Y_> YFlogSk=—Y logs¥ (2.6)

peQ k=1 peEQ

e Binary cross-entropy loss: Binary cross-entropy loss is a special case of cross-entropy
loss. In binary classification, each output prediction is supposed to be a probability
value ranging from 0 to 1, indicating the likelihood of the input belonging to the
positive class.

Lpop ==Y (Y,logS, + (1 —Y,)log(1 - 5,)) (2.7)

peEN

o Weighted cross-entropy loss: Weighted cross-entropy loss is a variant of the standard
cross-entropy loss (2.6) that assigns different weights to classes in the dataset. It is
useful in dealing with imbalanced datasets where some classes are underrepresented
compared to others. By assigning higher weights to the underrepresented classes, the
loss function penalizes misclassifications of these classes more heavily than those of
the over-represented classes. This approach encourages the model to focus more on
learning the under-represented classes.

K
Locp =Y Y w¥FlogsF=>" —uwlogS, (2.8)

peQ k=1 peQ)

Evaluation criteria

Intersection over union (IoU) is commonly used to measure the accuracy of segmentation
results. Intersection over union, also known as the Jaccard coefficient, measures the dis-
crepancy between the predicted segmentation masks and the ground truth masks. It is

12



calculated as the ratio between the intersection area and the union area of two masks:

B X NY|

J(X>Y)_ |XUY"

(2.9)
where XY € () are two subsets of pixels. Intersection over union is easy to interpret,
as it aligns well with human perception of segmentation quality. It measures the spatial
overlap between predicted and ground truth masks, yielding a number between 0 and 1,
often represented as a percentage. For multi-class semantic segmentation tasks, the Mean
Intersection over Union (mloU) is a common evaluation metric. It takes the IoU score
of each class and averages them over all classes, providing a comprehensive measure of
segmentation performance.

K
1
mlol = — ; IoU;, (2.10)

Dice coefficient (DSC) is commonly used in medical segmentation tasks. Dice coefficient
focuses more on the spatial overlap between the predicted and ground truth segmentation
masks. DSC is defined as follows

X NY]

DSC = ———,
[ X+ Y]

(2.11)

where X, Y € Q are two subsets of pixels. Dice coefficient produces values between 0 and
1, where 1 indicates perfect overlap between the predicted and ground truth segmentation
masks. This simplicity makes it easy to interpret and compare segmentation results across
different algorithms and datasets.

13



2.1.2 Weak supervision: partial masks and image-level tags

Weakly supervised techniques rely on weaker forms of annotations such as partial ground
truth masks (scribbles/seeds), image-level tags, or bounding boxes. This section mainly
focuses on introducing partial ground truth masks and image-level tags, which are more
relevant to this thesis.

Partial masks.

Partial mask supervision only annotates a small portion of pixels with simple, scribble-
like lines, see Figure 1.2. These scribbles are drawn over the objects of interest within
the images, providing a rough guide of the object’s location and shape. Scribbles can be
quickly drawn by annotators, significantly lowering the cost of data annotation. Despite
the simplicity, deep neural networks can be trained to interpret these sparse annotations
and infer the full object segments. Training with scribble supervision typically uses partial
cross-entropy loss (pCE) [13, 113]:

Lpce = Y —log ¥, (2.12)

peEQL

where €); is the set of sparsely labeled pixels or seeds. Partial cross-entropy loss is only
calculated among the annotated pixels, encouraging the model to match these known labels
while inferring the labels of unlabeled pixels through context.

To enhance the performance of segmentation using partial masks, one approach is to
expand the sparse partial masks to full pseudo label masks with graphical models [77].
However, the errors in the full pseudo label masks may mislead the training and overfit
mistakes. Another approach is to directly employ a regularization loss for segmentation
model training [103, 105]. Regularization losses will be detailed in Section 2.3.

To assess the resilience of algorithms with the decrease in the amount of scribbles, it’s
common to evaluate the performance across varying lengths of scribbles. This approach
helps to understand how well the algorithms can adapt to differing extents of supervision.
As shown in Figure 2.3, the 100% length corresponds to full-scribble supervision. The
scribble lengths in other images are shortened. In the extreme case (0%) only one pixel is
labeled for each object (including the background).
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Figure 2.3: Examples of supervision with varying scribble lengths from 100% full-length
scribbles to 0% one click. The colors of strokes represent their corresponding classes.
Scribbles are shortened from the two endpoints. Image from [107]

Image-level tags.

Image-level tags are more cost-effective than scribbles. Only class tags are labeled. These
tags indicate the present classes in an image, see Figure 1.2.

It is challenging for semantic segmentation models to make pixel-level predictions with
only image-level labels. One popular approach for tag-supervised semantic segmentation is
to generate pixel-level pseudo labels and use them as partial ground truth masks. Pseudo
labels are typically generated by the class activation maps (CAM) technique.

CAM [127] is a technique used in image classification to visually present which parts
of the image are most influential to the model’s predictions. Essentially, CAM provides
an insight into the model’s decision-making process. CAM is generated from the feature
maps f of the last convolutional layer. The idea is to weigh these feature maps with the
linear classifier (discriminator) weights w*. CAM is formulated as

MY = (w*, f,), (2.13)

where M is the class activation maps before normalization and the Relu (2.2) operation,
w” is the weights of the kth class, and f, is the features of pixel p. Equation (2.13)
applies the learned weights to the pixel-level feature maps rather than the class features
n (2.5). CAM is a heat map highlighting the important areas for that class. CAM helps
to understand why the network predicts certain classes, increasing the transparency of the
model’s decision-making process. In weakly supervised semantic segmentation, CAM can
be used for object localization tasks without requiring detailed pixel-level annotations. For
instance, Kolesnikov et al. [62] proposed the seed, expand, and constrain (SEC) training
framework using pseudo labels generated by CAM, see Figure 2.5 for details.

15



Training schemes can be categorized into two types: single-stage and multi-stage.
Single-stage methods train segmentation models in an end-to-end manner, where models
perform the task from the input data to the output predictions in one single forward pass.
The training does not require separate phases for different aspects of the task. Single-stage
models [10, 94] are known for their training efficiency, making them easier to train and
deploy. Here is some related work for single-stage tag-supervised semantic segmentation.
Araslanov et al. [10] proposed three losses to improve the properties desired in weakly su-
pervised segmentation including completeness, local consistency, and semantic fidelity. Ru
et al. [94] employed the vision transformer backbone and trained a side affinity prediction
branch to improve CAM via random walk.

Multi-stage methods [112, 62, 54, 24, 41, 128, 76, 75] involve more complex proce-
dures where the training occurs in separate, distinct steps. Each stage might focus on
different aspects of the learning task such as pre-training on related tasks, gradually intro-
ducing complexity, or refining certain parts of the model based on intermediate outputs.
Multi-stage approaches are often more complex and may offer higher accuracy. Semantic
segmentation with tag supervision typically adopts a multi-stage method. The first stage
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Figure 2.4: Tllustration of class activation mapping (CAM). The class activation map shown
in the left bottom corner is computed by multiplying the pixel-level features and the linear
discriminator. Image from [127]
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Figure 2.5: An illustration of the SEC training framework. The framework consists of
three pipelines. The upper one generates pseudo labels with CAM, providing weak location
cues. Pseudo labels are extracted from the high-confidence area of CAM with thresholds.
The middle pipeline expands the predictions of tag classes and suppresses the predictions
of non-tag classes. The object boundaries are refined in the bottom pipeline with CRF
regularization. CRF will be elaborated on in Section 2.3.1. Image from [62]

is to extract pseudo labels, which are subsequently used for training segmentation models.
The SEC training framework [62] is multi-stage. Weak location cues are extracted from
a classification network using CAM, which is separated from the segmentation training
pipeline shown in Figure 2.5.

2.2 Size constraint losses for segmentation

Size constraint losses penalize segmentation models when the predicted segment sizes devi-
ate from the size targets. These constraints are especially useful in medical image segmen-
tation, where the size of a tumor, organ, and anatomical structure can be an important
feature for accurate diagnosis. Additionally, the sizes of anatomical structures do not vary
much making the training benefit significantly from size supervision.

Section 2.2.1 discusses the representation of segment sizes. In Section 2.2.2, we present
several unsupervised forms of size constraints that are typically used when no size su-
pervision is available. Supervised size constraints are detailed in Section 2.2.3, where we
primarily focus on two relevant papers [36, 57].
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2.2.1 Size distribution

The segmentation prediction at an arbitrary pixel p, S, = (S;, cee Sf ), is a categorical dis-
tribution across the predefined K classes (including background). The average prediction
of a given image is defined as

S = Z S, (2.14)

peﬂ

where € is the image domain. The average prediction S = (S?,. .., S¥) is also a categorical
distribution over K classes. It can be seen as an image-level prediction of the relative or
normalized sizes of the image objects. The average prediction S is often referred to as the
size or volumetric distribution. It only differs from the actual segment size (in terms of
pixel count) by a factor of the image size |Q].

2.2.2 Unsupervised size constraints

Unsupervised size constraints refer to methods that impose restrictions on the size of the
segments or clusters without relying on labeled data. These constraints are particularly
useful when we do not know the ground truth sizes.

In the context of clustering with posterior models [21, 65], it is common to use fairness
loss to encourage equal-size clusters. In this case, fairness is one of the discriminative
properties enforced by the total loss in order to improve the model predictions on unlabeled
training data. The fairness was motivated by information-theoretic arguments in | ]
deriving it as a negative entropy of the data-set-level average prediction S = 1] D| Yoien S
for dataset D

Liain(S) = —H(S) = Z Sk 1n S

£ Gk — &
where u = (%, cee K) is a uniform categorical distribution, and symbol = indicates that
the equality is up to some additive constant independent of S. Perona et al. [65] pointed

out the equivalent KL-divergence formulation of the fairness in (2.15) and generalized it
to a balanced partitioning constraint

Lua(§) = KL(S|v) (2.16)
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with respect to any given prior distribution v that could be different from uniform.

In the context of weakly-supervised semantic segmentation methods, segments for tag
classes should have positive sizes, and segments for non-tag classes should have zero sizes.
Size-based constraints are typically defined for the image-level average prediction S com-
puted from pixel-level predictions S,, e.g. see (2.14). Many generalized forms of pixel-
prediction averaging can be found in the literature, where they are often referred to as
prediction pooling. Some decay parameter often provides a wide spectrum of options from
basic averaging to max-pooling. For example, Kolesnikov et al. [(2] proposed to average the
predictions with global weighted rank pooling where weights are higher for confident areas.
Araslanov et al. [10] proposed normalized global weighted pooling using weights computed
from the CAM heat map. While the specific form of pooling matters, for simplicity, we
discuss the corresponding balancing loss functions assuming basic average prediction S, as
in (2.14). The SEC method on tag-supervised segmentation [62] uses log-barriers to “ex-
pand” tag objects in each training image and to “suppress” the non-tag objects. Assuming
image tags T, their suppression loss is defined as

Lauppress(S) o< =Y In(1 — §%) (2.17)
k&T

encouraging each non-tag class to have zero average prediction S*, which implies zero
predictions S}'; at each pixel. Their expansion loss

Leapana(S) o< =) InS*. (2.18)
keT

encourages positive average predictions S* and non-zero volume for tag class segments.
The expansion loss (2.18) may have a bias to equal-size segments, which is particularly
evident in the case of average predictions. Indeed, as follows from (2.18)

Lezpana(S) o KL(u|S) (2.19)

The intention of the log barrier loss (2.18) is to push image-level size prediction S from the
boundaries of the probability simplex AX corresponding to the zero-level for the tag classes
T. Note that the mentioned decay parameter used for generalized average predictions
should reduce such bias.

2.2.3 Supervised size constraints

Supervised size constraints incorporate explicit size information into the training to improve
segmentation accuracy. As there is only a limited amount of related work in this domain,
we focus on discussing two relevant papers.
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Pathak et al. [36] proposed applying linear constraints on predictions to enhance se-
mantic segmentation with tag supervision. The constraints can be formulated as

AS <b, (2.20)

where S is the segmentation predictions generated by the neural network. Linear con-
straints are represented by A € R™ " and b € R™, where k is the number of classes, n
is the number of pixels, and m is the number of linear constraints. Such constraints are
applied to each image in the dataset. These linear constraints can be categorized into two
classes: non-tag constraints and tag constraints. It is natural to use suppression loss for
non-tag classes. Unlike (4.13), they used a linear form of suppression loss
n

d Y osE<o, (2.21)

p=1 k¢T
where T is the set of tag classes, p is the pixel index, and k represents the class. For tag
classes, a lower and upper bound of constraints are applied to the predictions

a < iZS}; < b, (2.22)

p=1 keT
where a and b are the lower and upper bounds of the size.

To efficiently optimize the constrained problem, they introduced a latent variable P
and encouraged P and S to be the same with the KL divergence. Latent variable P can
be considered as the synthesized full ground truth mask. The network is easy to train
with cross-entropy loss (2.6) when P is given. They employed the block coordinate descent
algorithm to optimize the network parameters. In the first step, network parameters are
fixed, and variable P is solved with the constrained Lagrangian dual optimization. Specif-
ically, the latent variable P is optimized to minimize the KL divergence under the linear
constraints. Next, the latent variable P is fixed and network parameters are optimized
with gradient descent. However, the iterative Lagrangian dual optimization is expensive.

To mitigate that, Kervadec et al. [57] proposed a quadratic size-constraint loss.
The size constraint loss proposed by [57] is
(VS — a)2 VS S a
C(Vs) = (Vs —bp Vs>b (2.23)
0 Otherwise,

where Vy is the segment volume (equivalent to S), a and b are the lower and upper bounds,
see Figure 2.6 for an illustration of this loss. The loss function (2.23) achieved better
performance than [$6] on medical images.
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Figure 2.6: Illustration of quadratic size constraint loss. Segment volume is denoted by
Vs. Parameters a and b represent the lower and upper bounds of the size. Loss function is
indicated by the blue line. Image from [57]

2.3 Unsupervised losses for segmentation

In this section, we mainly discuss two types of unsupervised losses: CRF and clustering
loss, which are closely related to the methods we proposed in Chapter 3 and 4.

2.3.1 CRF regularization

Conditional random fields (CRF) are common basic examples of pairwise graphical models.
The pairwise potentials reflect the cost of label assignments between pairs of pixels. Math-
ematically, the energy of a label configuration S given an input image I can be expressed

as:
> (S, Sl ), (2.24)
P,
where S = {51, -, Sjq} represents the label assignment for all pixels in image domain 2.
Each pixel belongs to one class S; € {1,--- , K}, where K is the number of categories.
Potts model [87] is a famous form of the pairwise term that can be expressed as follows:
Z Wpqe[Sp 7# Sl (2.25)
p,qEN
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where w,, is non-negative affinities between pairs of pixels p, ¢ € €, and [-] is the Iverson
bracket, and N is the neighborhood system. In low-level binary segmentation with seeds,
the pairwise energy (2.25) can be optimized via graph cut [17], see Figure 2.7. In practice,
affinity weights w,, are set close to 1 if two neighboring pixels p, ¢ have similar intensities,
and weight w,, is set close to zero either when two pixels are far from each other on the
pixel grid or if they have largely different intensities [17, 63, |. The affinity matrix
W could be arbitrarily dense or sparse. In a sparse neighborhood system, each pixel is
only connected with its four intermediate neighbors, see the left two images in Figure 2.8.
Conversely, dense CRF connects each pixel with all other pixels in the image as shown in
the right part of Figure 2.8. The non-zero discontinuity costs between neighboring pixels
are often set by a Gaussian kernel w,, = exp _H[;’T_fq“? of some given bandwidth o, which
works as a soft threshold for detecting high-contrast intensity edges in the image. Thus,
CRF loss encourages both the alignment of the segmentation boundary to contrast edges
in the (high-resolution) input image and the shortness/regularity of this boundary.

The CRF loss functions can be formulated for continuous SoftMax predictions S, pro-
duced by segmentation networks, e.g. [62, 77, |. Tt is natural to use relaxation forms of

Background Background

@ terminal @ terminal

O 1 @b >
Jrogilh i g d »
\' \ "'y\i\

(d) Segmentation results.

Object Object
terminal terminal

(b) Graph. (c) Cut.

Figure 2.7: Graphical model for low-level binary segmentation. Figure (a) shows the input
image. The brightness of pixels represents their intensities. Two letters in the circles
represent two seeds corresponding to the background (B) and object (O). Figure (b) shows
the graph. Each pixel is a graph node. “T” and “S” are two extra nodes indicating the class.
Nodes are connected with the edges and the edge thickness denotes the weights showing
affinity between graph nodes. The weights between seed pixels and their corresponding
class node are infinity. Figure (c) optimized the binary segmentation problem via graph
cut. Figure (d) demonstrates the final segmentation results. Image from [19]
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sparse CRF dense CRF

Figure 2.8: Illustration of sparse (left) and dense (right) CRF. The upper row uses one pixel
as an example to show the difference between sparse and dense CRF. The neighborhood
system of the yellow pixel is indicated by the red dots. The lower row shows the overview
of sparse and dense connectivity in the CRF model, where the blue circles are pixels and
the edges connect the pixels in the neighborhood. Image from [109, 63]

the standard discrete CRF models. For example, the quadratic formulation is

Z Whq|1Sp — Sl (2.26)

p,gEN

Tang et al. [105] employed bilinear relaxation of the dense Potts model as a regulariza-
tion loss to train scribble-supervised CNN segmentation models. Their loss function is
formulated as

Lopp =Y (1-8%)Tws* (2.27)
k

where S* := (SF|p € Q) is a vector of all pixel predictions specifically for class k. It is
easy to interpret loss (2.27) assuming, for simplicity, that all pixels have confident one-
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hot predictions S, so that each S* is a binary indicator vector for segment k. Then the
loss sums all weights w,, between the pixels in different segments. Thus, the weights are
interpreted as discontinuity penalties. The loss minimizes the discontinuity costs [17].

2.3.2 Clustering techniques for segmentation
K-means

Given an image I containing unlabeled low-level features {fi,--- fio}, the unsupervised
segmentation problem can be solved by clustering methods. Let us first consider the basic

K-means algorithm:

K

=SSl - I (2.28)

k=1 peSk
where S is the segmentation variable defining K subsets of €2, €2 is the image domain,
and K is the predefined number of clusters. The output of the K-means algorithm is
S = {8 .-, 8%}, Segment/cluster centers (means) are denoted as pu = {u!,---, u*}.
K-means can be non-parametric clustering energy by substituting g into (2.28). Then,
K-means can be equivalently formulated as follows up to an additive constant:

(I fa)

Z > AR (2.29)

k=1 p,qeS*k
Additionally, the inner summation of (2.28) is closely related to sample variance. Hence,
K-means can be shown as the variance clustering criteria:

K

E(S) = [S*lvar(s"), (2.30)

k=1
where var is the sample variance of segment S*. K-means objective (2.28) is optimized via
block-coordinate descent iterating two steps: 1) fix segment S and compute cluster means
pk = \S_1k| > ek fpi 2) fix p* and re-assign each point to the nearest mean.

Superpixel [2] applies K-means to low-level features combining pixel intensities (RGB)
and coordinates (XY). Chan and Vese [23] combined K-means with the Potts model. The
K-means is applied in image intensity space and boundary regularization is employed on
XY coordinates:

E(S, p°, i) ZZHu — FllP 4 Y WiglS, # 5] (2.31)

k=0 peSk p,qEN
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Kernel K-means

Features f in low-dimensional space can be hard to partition. Kernel K-means [93] maps
low-level features to a high-dimensional Hilbert space ¢, = ¢(f,) with mapping ¢ : RN —
H. The data can become linearly separable after the mapping. Then, the segmentation
problem is solved in high-dimensional space by applying kernel trick to (2.29):

Sy M 25

k=1 p,qeSk

where k(fp, fy) == (6(fp), #(f,)) is the pair-wise similarity of features. Now the high
embedding ¢ is implicitly defined by the kernel k. The kernel operator can also be replaced
by the affinity matrix A = [Ay,], where Ay, = k(fy, fy). The inner summation A,
is equivalent to matrix notation S* AS* where S* the binary indicator vector and S*
corresponds to the transpose of the vector. Substituting these notations into (2.32), we

obtain the average association [39] objective function as follows:
K ’
SK ASH
— o 2.33
> TR (2:33)
k=1
Shi et al. [99] proposed a normalized version of (2.33) for spectral clustering, which can

be seen as a weighted form of kernel K-means. The normalized cut is also closely related
to the bilinear relaxation of CRF loss, see (2.27)

S Ak
; T Normalized association (2.34)
K /
SFA(1 — SF
; % Normalized cut (2.35)

Entropy clustering

K-means objective (2.28) can be equivalently written as the sum of negative log-likelihood
of Gaussian distribution up to an additive constant, which is known as the probabilistic
K-means [50]:
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E(S,p) = Z Z —log P(fpyuk)a (2.36)

k=1 peSk

where P is a Gaussian distribution with mean p*. The Gaussian distribution may fail to
model complex features in natural images. It is common to use more sophisticated models
(e.g. Gaussian mixture model, histogram) to fit the appearance:

E(S,0) =) ) —log P(f,|0%), (2.37)

k=1 peSk

where S, is the segment indicator of pixel p, 6 is the parameters of the appearance model.
The model estimation can be seen as parameter estimation via maximum likelihood from
the statistical point of view. On the other hand, the log-likelihood can be written as the
cross-entropy between the true color distribution and the color model:

K K
=Y ISHY P PN —— N T[SHH(S"), (2.38)
k=1 i k=1

where 7 represents the color, PS" is the true color distribution in segment S*, P is the
color model of segment S*. Minimization of such energy results in the entropy of true color
distribution H(S*). Hence, the log-likelihood segmentation energy can be interpreted as
the energy clustering from the information-theoretic perspective. The entropy clustering
criteria (2.38) can be juxtaposed with (2.30).

It is also common to combine appearance model fitting with boundary regularization
in low-level image segmentation [130), , 93, 37]. Generally, the low-level segmentation
tasks can be divided into two groups. The first group of tasks assumes the appearance
model is fixed and given. The other group simultaneously estimated the appearance model
and segmentation variables. Rother et al. [93] iteratively estimates the appearance model
with the following loss:

E(S.0°.0") =Y —log P(£,|0%) + > Wy[S, # S, (2.39)

pEQ p,gEN

The iteration starts from the appearance models 6°, ' with colors inside and outside some
given bounding box. It iterates the graph cut segmentation and appearance model re-
estimation. Tang et al. [104] proposed a method representing the appearance model by

26



color histograms and optimizing (2.39) with one graph-cut. Zhu et al. [130] proposed a
general unsupervised segmentation method:

E(S.0°.0",---) = —log P(f,[0%) + Y Wy,[S, # S,] + |labels], (2.40)

pEQ p,geEN

where |labels| is the cardinality of the label set. The optimization of the (2.40) also
alternates segmentation with model re-estimation.

K-means (2.28) is widely used in deep learning to cluster deep features for segmentation
[126, 58, |. However, the entropy clustering technique remains underexplored in the
context of semantic segmentation. Addressing this gap, Chapter 4 introduces a mutual
information (MI) loss, which can also be seen as a form of entropy clustering.
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Chapter 3
Size Targets for Segmentation

We propose a new general form of image-level supervision for semantic segmentation based
on approximate targets for the relative size of segments. At each training image, such tar-
gets are represented by a volumetric distribution. Soft-max prediction S, = (S}, ..., SK)
at any pixel p is a categorical distribution over K classes, including background. The
average prediction of any image defined in (2.14), is also a categorical distribution over
K classes. We assume that training images have approximate size targets represented by
categorical distributions v = (v)f_;, e.g. v = (0,.15,0,...,0,.75) for the middle image in
Fig.3.1 if “bird” is the second class and “background” is the last. For each training image,

our size-target loss
_ Vg,
Lize = KL@|IS) = > v = (3.1)
k

is based on Kullback—Leibler (K'L) divergence. Our total loss is very simple: it combines
size-target loss (3.1) and a common CRF loss (2.27). It performs well on standard segmen-
tation architectures. Figure 3.2(b) shows some results for a generic segmentation network
(R101 backbone) trained on PASCAL VOC [12] using only image-level supervision with

approximate size targets (8% mean relative errors).

In general, it would be great to have effective image-level supervision for segmentation
that only uses barriers like (2.18) or (2.23) since they do not require any specific size
targets. This corresponds to tag-only supervision. However, our empirical results for
semantic segmentation using such barriers were poor and comparable with those in [30],
see Figure 3.2(a). A number of more recent semantic segmentation methods for tag-level
supervision have considerably improved such results [5, , 30, , , 95, , ],
but they introduce significantly more complex multi-stage training procedures and various
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Full supervision
1045 sec

sec. per image: _ 20.0 sec 23.3 sec 36.2 sec 47.1 sec 239.7 sec
miOU:  62.7% (WR38) 66.6% (R101) 72.6% (R101) 74.9% (R101) 78.2% (R101)

Figure 3.1: Labeling speed and accuracy for different forms of supervision on PASCAL
VOC. The table shows ballpark estimates of average labeling time per image in the whole
dataset. We use the data in [12], as well as our Table 1, and aggregate all labeling speeds
from “per class”, “per instance”, or “per point” to “per image” using the average number
of instances or classes in each image and the aggregation rules formulated in [12], see
their Section 4. The top-left corner in each picture shows the corresponding estimated
labeling times for the representative multi-instance image. All the labeling times above
are only rough estimates, but they are intuitive. The relative costs for point supervision
seem underestimated, but they follow [12]. The values of “point”, “size target” and “full
supervision” accuracy (mIOU%) are based on the experiments in our main paper (Figs.4).
For fairness, we compare these with end-to-end methods using similar ResNet backbones
in tag- and box-supervision, [10, 67].

architectural modifications, which makes such methods hard to replicate, generalize, or to
understand the results.

We are focused on general easy-to-understand end-to-end training methods based on
volumetric or size targets, which we show can be approximate. Our main point is that this
image-level supervision requires little extra information on top of image tags, compared
to full pixel-accurate ground truth, but it produces a training quality comparable with
full supervision using standard semantic segmentation architectures. Approximate size
targets are relatively easy to get from human annotators. Our work also motivates the
development of size predictor models, which will be discussed in Chapter 5.

3.1 Size-target loss and its properties

In contrast to our loss for image-level supervised segmentation (3.1), fairness (2.15) and
balancing (2.16) losses in discriminative clustering [21, 65, 19] use the reverse KL divergence
where the target distributions u or v appear as the second argument. As discussed later
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(a) (b) (c)

Figure 3.2: Semantic segmentation with DeepLabV3+(R101) models: PASCAL validation
results for training with (a) log-barrier (2.18) using class tags, (b) KL-divergence (3.1)
using our approximate size targets, (c¢) cross-entropy with full (mask) supervision.

in the paper, this difference is important and loss (2.16) is numerically unstable for image
segmentation.

Our proposed total loss is very simple
Ltotal = Lsize + Lcrf (32)

where the two terms come from our size target loss (3.1) using the forward KL-divergence
and standard CRF loss as in (2.27). The core new component is our size loss. Several
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Figure 3.3: Forward vs. reverse KL divergence. Assuming binary classification K = 2, we
can represent all possible probability distributions as points on the interval [0,1]. The solid
curves illustrate our “strong” size constraint, i.e. the forward KL-divergence K L(v||S) for
the average prediction S. We show two examples of volumetric prior v; = (0.9,0.1) (blue
curve) and vy = (0.5,0.5) (red curve). For comparison, the dashed curves represent reverse
KL divergence K L(S||v) commonly used in the prior art.

important properties of L., are discussed below.

First of all, our size target loss (3.1) encourages specific approximate target volumes
for image tag classes, but also encourages zero volumes for not-tag classes. The CRF loss
also contributes to the suppression of redundant classes. Unlike most prior work on image-
level supervision for semantic segmentation, e.g. [62, 10, 128], we do not need separate
suppression loss terms like (2.17). We validated this claim experimentally, they do not
change the results.

The size loss can also be integrated into other weakly-supervised settings, e.g. based on
partial pixel supervision (seeds). Our size target loss (3.1) just needs to be combined with
other losses used in these methods, e.g. (2.12). In particular, approximate size targets

significantly improve the results in [105] in cases when seed scribbles are minimal.

/

Ltotal = Lsz‘ze + Lcrf + che (3.3)
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As well-known, KL divergence is not symmetric with respect to its arguments. In the
context of our work on image-level supervision for semantic segmentation, the order of the
estimate and target distributions matter significantly. When the estimated distribution,
e.g. S, is the first argument, this loss is the reverse KL divergence as used in many prior arts
on image classification. For classification problems, there is no numerical issue with putting
the target distribution in the second position, because the target distribution usually does
not have zero support for any class to enforce balance among classes, see (2.16). However,
the image tags often only contain a small subset of the whole categories. This makes the
reverse KL divergence ill-defined for the image-level target distribution since there will be
many zeros at the denominator inside the logarithm. This motivates us to use the forward
KL divergence which is more numerically stable.

Moreover, the forward KL divergence has the so-called zero-avoiding property which is
illustrated in Figure 3.3. The penalty will be infinite if any class corresponding to the non-
zero target distribution gets zero prediction while the reverse KL divergence only enforces
a finite penalty. Such property guarantees that we do not generate trivial solutions or miss
any class labels from the image tag sets.

3.2 Human-annotated size targets

To assess the effectiveness of our method, we have annotated a subset of training images
from the PASCAL VOC dataset. Size-target annotations are available for three classes: cat,
dog, and bird. Our future work will involve annotating the entire dataset and conducting
a comprehensive evaluation of the size-target method using more human-annotated data.
A user interface with an assistance tool was developed to facilitate the annotation. The
assistance tool overlays grid lines partitioning the image into 5 x 4 small rectangles or 3 x 3
large rectangles, see Figure 3.4. The user can enter the size for a given class in each image
either by counting rectangles (fractions are OK) or by directly entering the corresponding
percentage of the image size. Annotators can choose finer or coarser partitioning for
each image depending on the object size.  Empirical evidence shows that annotators
are approximately two times more accurate with the assistance tool, especially for small
objects in the image. We take relative error (RE) as the evaluation criterion to measure the
accuracy of human annotations. The relative error has a straightforward interpretation,
representing the error as a percentage of the true target. For each training image containing
class k, the relative error for the size target v* is defined as

=1 (3.4)



Figure 3.4: An illustration of the assistance tool for size-target supervision annotation.
Image from Pascal dataset [12]

speed mRE
cat | 12.6s 12.3%
dog | 9.1s 16.6%
bird | 15.2s 20.1%

Table 3.1: Human-annotated size targets. The table shows the average speed and relative
errors (mRE) we obtained for human annotation of size targets for individual classes (cat,
dog, bird) on PASCAL.

where 0y, is the true size obtained from its corresponding ground truth segmentation mask.
Let D denote the dataset we annotate. The mean relative error (mRE) is the average of
RE over all images and all classes:

mRE = W Z T Z Tk (3.5)

where T; represents the set of present classes (tag) in the ith image. Table 3.1 reports
the annotation speed per image and the mean relative error (3.5) of each class. Figure 3.5
shows the histograms of relative errors for human annotations. The histograms illustrate
that annotated size errors are mostly below 10%, but occasional large mistakes (heavy tails)
raise the mean error. The total mRE is 15.9% for the three annotated classes.
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Figure 3.5: Quality of human annotations measured by relative errors for the dog, cat,
and bird classes on the PASCALI dataset. The histograms are normalized by the number
of images in each class. The mean relative error for the three classes is 15.9%.

3.3 Synthetic size targets with additive noise models

As we only annotate three classes (cat, dot, and bird) in the PASCAL VOC dataset, to
comprehensively evaluate our approach on the whole dataset, we generate noisy synthetic
size targets by corrupting the true size targets that are extracted from the segmentation
ground truth masks. Notations v = (v*)K | and & = (9*)EK_, respectively represent the
synthetic and true size targets of a training image in the dataset with K classes. We add
Gaussian noise € to the true size for corruption. Noise € is only added to the size of tag

classes (T') in the image, yielding the synthetic size target v* of each tag class (k € T):
vF = 0% 4 ~ N(0, 0(0%)) (3.6)
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We assume the standard deviation o of additive error (AE) € is a function of 0. To make
the additive error (AE) closely match the error of human annotations, we study a variety
of AE models from the basic linear one described in Section 3.3.1 to more advanced AE
models detailed in Section 3.3.2.

In practice, the synthetic size targets v may not be a distribution that sums to 1
after corruption with e. When training the neural networks, we re-normalize v. This
re-normalization step is ignored when analyzing AE models.

3.3.1 Basic linear AE model

For simplicity, we omit the class index k in the notations, using v or © to denote one
(predicted or actual) size target in the subsequent sections that discuss AE models. We
start with a naive method assuming the standard deviation o(?0) of the additive error €
grows linearly with 0. The standard deviation o(v) can be formulated as follows

o() = - 1, (3.7)

where v is a parameter that controls the level of corruption. It is easy to find that the
conditional mean relative error of v given ¥ is a constant:

mRE(0) = E ('U _ @|) _ MAD(ep) 7\/? (3.8)

v v

where M AD(e|v) is the conditional mean absolute deviation of € given 0. Mean absolute
deviation (MAD) is a standard statistical measure that is closely related to the variance,
but MAD calculates the absolute difference rather than the squared difference:

MAD = %Z |z, — E(X)| (3.9)

For Normal distribution, the ratio between MAD and the standard deviation is \/g )

Numerically, M AD(e|0) is the same as the conditional mean absolute error (mAE(0) =
E(|v —v|)) of v given 0. The minor discrepancy between the two terms is that M AD(€|0)
is a statistic of additive error €, while mAE(?0) is a metric describing the synthetic size
target v.

Parameter v is calculated to match synthetic size target mRE with human mRE (3.5).
For linear AE model, the synthetic size target mRE equals mRE(v). As a result, it is
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mREhuman
0.8

mRE of human annotations. The motivation for matching mean relative error is due to its
straightforward interpretation, describing the error as the percentage of the true target.

easy to get parameter v = \/g -MmMBREyuman = , where mREyyman represents the

Figure 3.6 compares the conditional M AD(e|0) plots of human-annotated size and
synthetic size generated by the AE model. The parameter v of the AE model is set to
match the mREpyman. The human curve shows that the standard deviation o(€) does not
grow linearly with 0, which inspired us to study advanced AE models.

3.3.2 Advanced AE models

We only conduct a theoretical analysis of the following advanced AE models. The empirical
evaluation of the advanced AE models is on a subset of the Pascal dataset, see Figure 3.14.
It is our future work to perform a comprehensive study of the advanced AE model on the
whole Pascal dataset.

Triangular Model. Figure 3.6 shows that human error does not increase with v after
0 exceeds 50%. This behavior is reasonable, as annotators tend to estimate the size of other
areas (1 — ) when the class of interest occupies more than half of the image. This strategy
is adopted because predicting the sizes of smaller areas is typically easier. This can also
explain why human error drops when ¢ is greater than 50%. Inspired by this observation,
we propose the triangular model. The word “triangular” stems from the triangular shape
of 0(0), see the left plot of Figure 3.8. We define the standard deviation () of triangular
model as
o(v) =~ -min{0,1 — 0}. (3.10)

Bernoulli Model. Bernoulli model may more accurately reflect the patterns of human
errors. We define S, as the segment indicator at pixel p, which is treated as a random
variable uniformly distributed over the image grid €2. Then, the random variable .S, cor-
responds to binary Bernoulli trials with distribution

1 Z Sp = vg, (311)

B(S) ~ g
samp PEQaamp

where vg represents the predicted volume of segment S. We conjecture that humans predict

volume vg for any class based on sampling S, at pixels inside and outside of segment 5.

The sum of Bernoulli trials S, follows a binomial distribution, which (by the law of large

numbers) can be approximated by a Normal distribution. The uncertainty (variance) of
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Figure 3.6: Comparison of the conditional mean absolute deviation (M AD(e|0)) between
the linear AE model and human annotations. We match the mRE of the linear AE model
with human annotations (15.9%) on the annotated PASCAL dataset by tuning the v. The
blue curve represents the MAD of human annotations including all three classes (cat, dog,
and bird). The MAD of human-annotated size is computed within bins. The normalized
bin sizes are shown as the bar plot.

vg should match the uncertainty (variance) of the binomial distribution, justifying the
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following AE model:

Y S| = ol=9), (3.12)

sampl pEQsamp ‘Qsamp’

The standard deviation of Bernoulli trials can be matched with o(9) of Gaussian additive
errors for some v as follows

o(0) = 7 /o(1 — 0). (3.13)

Entropic Model. Furthermore, we conjecture that the standard deviation of human-
annotated sizes is proportional to the uncertainty (entropy) of Bernoulli trials (0, 1 — ).
This is motivated by “Bernoulli model” where () is near zero when o is zero or one and

o(0) is the highest at © = 0.5. Therefore, we propose the quadratic AE model, where the
standard deviation of € is proportional to the quadratic entropy. The standard deviation
o(0) is defined as follows

o(0) =~-QH(0,1-0) =v-0(1-10), (3.14)

In general, we can use Rényi entropy to model the uncertainty of e. Rényi entropy is a
concept in information theory that generalizes Shannon entropy. Rényi entropy provides a
family of measures that offer different perspectives on uncertainty. For a discrete random
variable with a probability mass function P(X), the Rényi entropy of order « is defined
as:

Hy(X) = i ~log > Px) (3.15)

Rényi model incorporates all previous AE models as special cases (approximately). The
standard deviation o(0) of € is defined as

0ald) = 7 T In (0 + (1= 9)%), (3.16)

Gamma estimation. We estimate the parameter v in the AE model to match with
human mRE. The mean relative error of a general AE model is

mREap — / mRE(5) - p(6) di (3.17)

p(0) do,
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Figure 3.7: Alpha value selection for the Renyi model. The blue and orange lines show the
Gamma values that respectively match with human mRE 15.9% and human mAE 2.8%
across different . We select the a = 1.1 that can match best with both human mRE and
mAE.

where p(0) is the probability density of the size 0. For the a-Rényi model, we define

(3.18)

The second step in (3.18) uses Monte-Carlo estimation to approximate the integral over ©
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Figure 3.8: The M AD(e|v) (left figure) and mRE(0) (right figure) plots of human (blue
solid line) and all AE models (dashed line). We match the mRE of the AE models with the
human mRE (15.9%). The M AD(e|0) and mRE(0) of human annotations are computed
within bins. The normalized bin sizes are shown as the bar plot.

with the samples in a dataset D. It is easy to check that the mean relative error of the
a-Rényi model is v, - mRE,. Now, we can estimate v, with

mREhuman

y = ————uman 3.19
gl mRE. (3.19)

where mRE}man 1s the mRE of human annotations.

Alpha estimation. We select the parameter a to best match with human errors. Our
approach is to select from a range of discrete o values such that the Rényi model matches
with human mRE and mAFE simultaneously. For the annotated dataset (cat, dog, bird),
We choose o = 1.1, see Figure 3.7. A comparison of all AE models is shown in Figure 3.8.

3.4 Experimental results

3.4.1 Experimental settings

Datasets. We evaluate our approach on PASCAL VOC 2012 [12], MS COCO 2014 seg-
mentation datasets [79], and 2017 ACDC Challenge' medical dataset. PASCAL dataset

thttps://www.creatis.insa-lyon.fr/Challenge/acdc/
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contains 21 classes. We adopt the augmented training set with 10,582 images [11], follow-
ing the common practice [25, (62]. Validation and testing contain 1449 and 1456 images.
Scribble supervision of PASCAL dataset is from [77]. COCO has 81 classes with 80K
training and 40K validation images. ACDC Challenge is to segment the left ventricular
endocardium. We use the same experimental setup as [77], where the training and valida-
tion sets contain 1674 and 228 images. Exact size targets are from the ground truth (GT)
masks.

Evaluation metrics for segmentation. We employ mean Intersection-over-Union
(mloU) as our evaluation criteria for PASCAL and COCO datasets. The performance of
the PASCAL test set is evaluated on the official PASCAL VOC online evaluation server.
Performance on ACDC dataset is measured by the mean Dice similarity coefficient (DSC).

Implementation details. We evaluate our approach with two types of ResNet-
based and one ViT-based [10] segmentation models on the PASCAL and COCO datasets.
ResNet-based models follow the implementation of DeepLabV3+ [28] using the backbone of
ResNet101 (R101) or the backbone of WR38 [111]. For brevity, we name them R101-based
or WR38-based DeepLabV3+ models. For the ViT-based network, We follow the imple-
mentation of Segmenter [101], adopting its ViT-B/16 backbone and linear decoder. For
experiments on the ACDC datasets, we use MobileNetV2-based [97] DeepLabv3+ model.
The R101, WR38, and MobileNetV2 backbones are ImageNet [96] pre-trained. ViT-B/16
backbone is pre-trained on ImageNet-21K [38] and fine-tuned on ImageNet-1k [96]. We
directly evaluate our size-target approach on top of the standard architectures commonly
used in full supervision without introducing any modification.

For training and testing, PASCAL and COCO images are resized to 512 x 512, and
ACDC medical images are resized to 256 x 256. We employ color jittering and horizontal
flipping for data augmentation. The models are trained using stochastic gradient descent
(SGD): 60 epochs for PASCAL and COCO, and 200 epochs for ACDC, with a polynomial
learning rate scheduler (power of 0.9). Batch sizes are set to 16 for ResNet and 20 for
ViT models on PASCAL, 12 on ACDC, and 12 (ResNet) and 16 (ViT) for MS COCO.
The initial learning rate (Ir) is 0.005 for ACDC and PASCAL’s ResNet model, and 0.0005
for PASCAL’s ViT model. Initial ir on COCO is 0.0005 for ResNet and 0.0001 for ViT
models. Loss function (3.2) is employed for size-target supervision. Loss (3.3) is only used
for scribble supervision. The implementation of CRF loss (2.27) is the same as [105]. Size-
target loss (3.1) and pCE (2.12) are used for medical images. Note that experiments on
the whole datasets (Pascal and COCO) are conducted with synthetic size targets produced
by the linear AE model. A comprehensive study of the advanced AE models on the whole
PASCAL and COCO datasets will be our future work.
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Figure 3.9: Segmentation accuracy for our approximate size-target supervision on PAS-
CAL’s training (dashed lines) and validation data (solid lines). The segmentation is trained
using losses (3.1) (red) or (3.2) (blue), where size targets are subject to various levels of
corruption (3.6,3.8). The green line indicates the segmentation accuracy for full ground
truth mask supervision. The orange line shows the segmentation accuracy obtained with
uninformative (uniformly distributed) size targets with log barrier loss (2.18).

3.4.2 Approximate and uninformative size targets

Our approach works well with approximate size targets. Figure 3.9 illustrates the ro-
bustness of our approach to size errors. We train with synthetic size targets generated by
varying corruption levels as defined in (3.8) using the linear AE model (3.7). The validation
accuracy (solid red line) only drops slightly when mRFE (3.5) remains below 16%. Utilizing
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Figure 3.10: Segmentation accuracy on PASCAL validation set for scribble supervision of
varying lengths with (blue curve) and without (red curve) size-target supervision. The line
styles of the blue curves differentiate among various levels of corruption

CRF loss (2.27) further enhances the segmentation model’s robustness to noise (solid blue
line). When mRE is 4%, there is a noticeable increase in validation accuracy. The down-
ward trend of the training accuracy (dashed blue line) suggests that the observed increases
in validation accuracy at mRE = 4% stem from improved neural network generalization
quality. Without approximate size-target supervision, the performance of segmentation
models trained with log barrier (2.18) collapses, see the orange line in Figure 3.9.
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3.4.3 Enhancing scribble-based segmentation with size targets

Our size-target approach can be integrated with partial ground truth mask supervision
(scribbles/seeds). Figure 3.10 shows the results of scribble-supervised semantic segmen-
tation with or without size-target supervision. Synthetic size targets are generated by
varying corruption levels as defined in (3.8) using the linear AE model (3.7). Size targets
can significantly enhance performance, especially when the scribble length is short. The
performance of the segmentation model trained without size targets degrades dramatically
with the reduction of scribble length. In the extreme case, only one pixel is labeled for
each object (scribble length ratio = 0.0), our size-target approach can boost the accuracy
from 66.6% to 74%, which is close to the performance of full scribble supervision (scribble
length ratio = 1.0).

3.4.4 Comparison with the state-of-the-art methods

Quantitative results. Our general training losses are applied to three standard archi-
tectures for semantic segmentation (R101-DeepLabV3+, WR38-DeepLabV3+, and ViT-
Linear) as is, without any modification. Our results are highlighted in Table 3.2. Since
our approach is completely general, it is possible to use it in specialized architectures
or complex training procedures. Likely, this would further improve the results, but this
is not the focus of our work. The rest of Table 3.2 shows the results for semantic seg-
mentation methods (of different complexities) for weak and full supervision. Methods are
divided into multi-stage and single-stage methods, grouped by their backbones. The multi-
stage methods for weak supervision enhance their accuracy through complicated training
schemes. Typical single-stage methods improve their results using complex architectural
or training modifications like additional branches, extra refinement modules, or specialized
training strategies. However, we achieve state-of-the-art using only standard segmentation
architectures, commonly used in full supervision. A standard R101-based DeepLabV3+
model trained with approximate size targets (mRE = 8%) approaches 92% (71.9/78.2)
and 75% (45.0/60.4) of its full supervision performance on PASCAL and COCO datasets,
respectively. The WR38-based DeepLabV3+ model trained with approximate size-target
supervision surpasses other methods employing the same backbone by approximately 10%
without any architectural or training modification. Using the standard vision transformer
architecture with a simple linear decoder [101], size-target supervision achieves approx-
imately 96% of the full supervision performance on the Pascal dataset. The size-target
approach outperforms other complex single-stage methods on both datasets despite its
simplicity.
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Qualitative results. Figure 3.11 presents the qualitative examples of our method

Backb Decod Architectural g .. PASCAL COCO
ackbone Lecoder modification upervision Val Test Val

Multi-stage methods

R101  DeepLabV2 CLIMS [116]  tags 704 70.0 -
R101  DeepLabV2 SANCE [75] tags 70.9 722 447
R101  DeepLabV3+ MARS [53] tags 7T T2 494
R101  DeepLabV2 BECO [89] tags 721 71.8 451
R101  DeepLabV2 MatLabel [110]  tags 73.0 727 456
WR38  LargeFOV MCT [118]  tags 71.9 716 42,0
WR38  LargeFOV MCTOCR [32] tags 727 720 425
SWIN  DeepLabV2 ReCAM [31] tags 71.8 722 479
ViT-S  “Grad-clip” WeakTr [129]  tags 784 79.0 50.3
Single-stage (end-to-end) methods
R101  DeeplabV3-+ - size (8%) 71.9 724 450
R101 DeeplabV3+ - full 782 782 604
WR38  DeepLabV3+ SSSS [10] tags 62.7  64.3 -
WR38  Conv RRM [123] tags 62.6  62.9 -
WR38  DeeplabV3+ - size (8%) 72.7 72,6 -
MiT-B1 MLP AFA [94] tags 66.0 66.3 389
ViT-B  DeepLabV2 VIiTPCM [92]  tags 70.3 709 45.0
ViT-B  LargeFOV ToCo [97] tags 71.1 722 423
ViT-B  Conv SeCo [121] tags 74.0 738  46.7
ViT-B  LargeFOV CoSA [120] tags 76.2 75.1  51.0
ViT-B  Linear - size (8%) 781 782  56.3
ViT-B  Linear - full 81.4  80.7 -

Table 3.2: Semantic segmentation results (mIOU%) on PASCAL and COCO. The su-
pervision column indicates a form of supervision: image-level class tags, size targets (our
highlighted results), or full supervision with pixel-accurate masks. The percentage after
“size” is the accuracy (mRE) of our corrupted size targets (3.6,3.8). Our approach does not
require any complex architectural modification or multi-stage training procedures needed
for tag supervision, see “Modification” column. We achieve state-of-the-art in image-level
supervision using standard segmentation architectures common in full supervision, e.g.
DeepLabV3+ (R101, WR38) [28] or ViT-B (Linear) [101]. Likely, our general approach
can further improve by architectural modifications, but it is not our focus.
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Figure 3.11: Segmentation examples using size-target supervision (mRE = 8%). Model
backbones are shown in the top-left corner of the predictions, see Table 3.2 for decoders.

on PASCAL (left) and COCO (right) validation sets. Despite size targets providing only
image-level information, segmentation models can precisely identify object locations, elim-
inating the need for localization methods like CAM.

3.4.5 Medical data: size-target vs. size-barrier

Our method is also promising for medical image segmentation, benefiting from the con-
sistency in object sizes across similar medical images, which healthcare professionals can
easily estimate. Here methods are evaluated on the medical ACDC dataset. We compare
our size-target approach with the thresholded size-barrier technique [57], proposed for the
weakly supervised medical image semantic segmentation. The size-barrier loss enforces in-
equality size constraints. Given the lower bound of each class, the thresholded size-barrier
loss is

‘Csize,barrier(s) = Z (max{a'k - Svk” O})2 ) (320)

k
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Figure 3.12: Size-targets (3.1) vs. size-barriers (3.20) on ACDC dataset. The accuracy of
the binary segmentation models (MobileNetV2-based DeeplabV3+) is measured by Dice
coefficient (DSC). The blue curve shows size-target accuracy against various levels of size
corruption. The dashed green line shows the accuracy of the size-barrier technique [57].
The dashed red line shows the accuracy using the mean size target for all training images.
The gray line indicates the full supervision result..

where a; is a lower bound of class k. We train binary segmentation models with a com-
bination of partial cross-entropy loss (2.12) and size constraint loss: size-target (3.1) or
size-barrier (3.20). Seeds used in the experiments are obtained using the same method pro-
vided in [57]. The object and background barrier, a,,; and a,,, are set based on [57]. In the
size-barrier experiments, similarly to [57], we suppress the non-tag classes, using the loss
Lgup(S) = (5°%)2. Conversely, size-target loss automatically suppresses non-tag classes, as
discussed in Sec. 3.1. Figure 3.12 displays the segmentation accuracy against different
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Figure 3.13: Randomly selected results comparing size-barrier (3.20) in [57] and our ap-
proximate size targeting (3.1) with mRE = 8%. Yellow shows true positive pixels, green
is false positive, and red is false negatives. Size barrier results tend to under-segment the
objects, which may explain the differences shown in Fig.3.12.

levels of size target corruption. Our size-target loss consistently outperforms size-barrier
loss, maintaining its superiority even when using highly noisy size targets. A peak in the
accuracy curve is observed, which aligns with experimental results in Sec.3.4.2, showing
that the noise within size targets can enhance the generalization ability of neural networks.
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ground truth masks | ground truth size targets | human-annotated size targets
cat 90.6 88.8 88.0
dog 88.1 84.3 84.5
bird 88.8 86.2 86.4

Table 3.3: Binary semantic segmentation accuracy (mIOU%) of three classes (cat, dog,
bird). The table compares the accuracy of binary segmentation trained with three types
of supervision (ground truth segmentation masks, ground truth size targets, and human-
annotated size targets).

Our result using size targets with relative errors of 8% surpasses the full supervision per-
formance indicated by the gray line. The dashed red line in the plot shows that using a
fixed average size target across all training images can yield performance comparable to the
size-barrier method. Figure 3.13 shows some qualitative examples of both methods. Size-
target results are generally better than those of size barrier, which tends to under-segment
the objects.

3.4.6 Segmentation with human-annotated size

Segmentation models trained with human-annotated size targets show robustness to human
“heavy tail” errors. We compare the accuracy of segmentation models trained with human-
annotated size targets and synthetic size targets in Figure 3.14. The accuracy for human-
annotated size (indicated by the red star in the plot) approaches 97.2% (89.6%/92.2%) of
the full supervision performance. Binary segmentation accuracy for each class is reported
in Table 3.3. The binary segmentation results are consistent with the multi-class results.
Binary segmentation models trained with human-annotated size targets are comparable to
or outperform models trained with precise size-target supervision.
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Figure 3.14: Segmentation accuracy with size-target supervision on three PASCAL classes
(cat, dog, bird). Unlike Table 3.3, here we train multi-class segmentation models. The red
star corresponds to human-annotated sizes (mRE = 15.6%) and the blue curve indicates
the accuracy for synthetic size targets generated by the linear AE model with different
levels of corruption (3.7, 3.8). The cyan curve indicates segmentation performance for
the synthetic size targets generated by Rényi AE model (o = 1.1) with varying levels of
corruption (3.15). The green line shows the segmentation accuracy for full supervision.
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Chapter 4

Size Bias in MI Loss and

Weakly-supervised Segmentation

Many low-level segmentation methods [130, 23, 93] estimate the appearance of segments
with maximum likelihood. This standard log-likelihood term (2.37) can be interpreted as
the entropy of colors in the segment (2.38). Optimizing the log-likelihood term breaks the
image into coherent segments with low entropy of colors, which corresponds to entropy
clustering criteria that encourage a simple appearance within the segment. This segmen-
tation energy is connected to an information-theoretic approach: mutual information (MI)
which measures the dependency between two random variables. From the MI point of view,
the log-likelihood term encourages the alignment of the segmentation predictions and the
color regions. Maximizing MI reduces the uncertainty of colors given the segmentation.
Despite the popularity of MI in low-level segmentation, we found that it was underexplored
in semantic segmentation. In this chapter, we propose using MI as an unsupervised loss
for weakly-supervised semantic segmentation.

Here is the organization of this chapter. In Section 4.1, we introduce MI and its
related work. The related work is separated by the two perspectives of MI: generative and
discriminative view. The discriminative view of MI is closely related to its application in
deep clustering, while the generative view of MI, entropy clustering, is widely used in low-
level segmentation. In addition, we will discuss the strong volumetric bias in the MI-based
loss found by prior work. In Sec. 4.2, we propose the MI loss for semantic segmentation.
First, we propose an architectural design called the conditional posterior model that works
well with the MI loss in semantic segmentation. Next, we discuss the volumetric bias in
the MI loss and a solution inherited from [16]. Experimental results are shown in Sec. 4.3.
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H(X, Y)

H(X) H(Y)

Figure 4.1: Relationship between entropy, conditional entropy, and mutual information.
X and Y are two random variables. The figure shows that mutual information I(X;Y") is
the reduced uncertainty of X given Y and the reduced uncertainty of Y given X. Image
from [35]

4.1 Mutual information loss

4.1.1 Formulation and related work
Formulation

Mutual information (MI) quantifies the shared information between two random variables,
capturing how much knowing one variable reduces uncertainty about the other. For discrete
random variables X and Y, with joint probability distribution P(X,Y’) and marginal
probability distributions P(X), P(Y), mutual information I(X,Y") is defined through the
concept of Kullback-Leibler (KL) divergence, which measures the difference between two
probability distributions. Specifically, mutual information is the KL divergence between
the joint distribution P(X,Y’) and the product of the marginal distributions P(X)P(Y").
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MI can be mathematically expressed as:

Z06Y) = 305 P ) o L2 ) (@)

From the MI definition, we can derive the following property, also see Figure 4.1.1, revealing
its relationship with the entropy and the conditional entropy:

I(X,Y) = H(X) — HX|Y) = HY) - H(Y|X), (4.2)
genera;i:/e view discrimir:artive view

where H(-) represents the entropy and H(:|-) represents the conditional entropy.

Boudiaf et al. [11] referred to (4.2) as the two perspectives of MI, the generative view
on the left and discriminative view on the right, in the context of representation learning.
The generative view focuses on data distribution, while the discriminative view includes
the probabilities of labels and the posterior probabilities. For representation learning, the
X represents learned features that are movable and Y denotes predictions. The conditional
entropy H (X |Y') indicates features within the same cluster should be proximal, while H (X)
encourages all features to spread out in the feature space. The entropy H(X) is crucial
to avoid trivial representation learning solutions where all features collapse into one. In
contrast, the X represents fixed features in the context of clustering. Thus, H(X) remains
constant. Note that the two views of MI are only theoretically equivalent, their practical
implementations may diverge significantly. The generative approach utilizes density models
to approximate the feature distribution, whereas the discriminative approach relies on
posterior models for prediction. In practice, the equivalence between the two views is hard
to achieve because of their different assumptions about model capacity and the hypothesis
space.

Related discriminative work

Bridle and MacKay et al. [21] proposed to train neural networks with discriminative MI for
unsupervised clustering. Neural networks output categorical distributions o generated by
the SoftMax function (2.4). The output o = {o!, -+ 0%} are interpreted as the posterior
probabilities. MI measures the reduced uncertainty of the output given the input. Network
parameters are optimized to maximize the MI between the input and output. The MI loss
is formulated in Equation (4.3). See Theorem (4.1) for the proof.
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Theorem 4.1 (MI loss for clustering in discriminative view [21]). Notations X and K
represent discrete random variables representing features and clusters. The o is the output
posterior Pr(k|x), and & is the average of o over all images in the dataset D. MI loss is
the difference between the entropy of the average output H(d) and the average entropy of
the output ﬁ Y iep H(o).

I(X; K) = H(s) — H()) (4.3)

Proof. From the definition of MI, we have

= Z Z Pr(z;) Pr(k|z;) log PII;L(’;)@)

Assume the neural network output o represent posterior p(k|x)

K
I(X; K) Z Z o logaf — of log ")
i=1 k=1

Apply Monte Carlo estimation

T K
NZZU loga —Z

1=

—
e
Il
—
[N

]

Maximizing the MI encourages the neural network output to be as dependent on the
input as possible. The two entropy terms in (4.3) can also be interpreted on their own.
Minimizing H(c;) encourages the “decisiveness” or confidence of the predictions. The
average entropy H (o;) is minimized when the output is a one-hot distribution. Maximizing
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H(a) encourages “fairness”. The entropy of average output H(c) is maximized when the
neural network predicts equal-size clusters. The fairness term is important for avoiding
trivial solutions in unsupervised clustering. Without the fairness term, the neural network
can group all data into one cluster to satisfy the decisiveness. On top of (4.3), [65] proposed
a regularization term such that the cluster boundary is restricted to be simple. These two
works [21, 65] were before the deep learning era. Inspired by them, MI loss was widely
used in deep clustering [22, 19, 50, 125].

Related generative work

The generative view is closely related to the entropy clustering which was detailed in Section
2.3.2. For clustering or segmentation, the entropy of features H(X) remains constant.
Maximizing the MI is equivalent to minimizing the conditional entropy H(X|Y). Note
that H(X|Y') directly relates to entropy clustering (2.38), differing only by a constant
factor. The generative view of MI is common in low-level segmentation as discussed in Sec
2.3.2. We show the generative MI is equivalent to entropy clustering in Theorem 4.2 in
the context of low-level segmentation. For simplicity, we assume the low-level features are
discrete RGB colors.

Theorem 4.2 (MI criterion in generative view). Notations X and K are random variables
representing colors and clusters. The S;f is the segmentation indicator at pizel p. The P*
represents the color density model. The ) is the image domain. MI loss is equivalent to
the entropy clustering (2.37)

H(X|K) = Z > Splog P¥(x,) (4.4)

k peQ

Proof. From the definition of conditional entropy, we have

H(X|K) = Z Pr(k) Y Pr(z|k)log Pr(x|k)
Apply Monte Carlo estimation and approximate the feature density with P*

- Z Pr(k Z log P*(z,)

pESk
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Figure 4.2: The left figure presents the low-level segmentation result by optimizing the
standard log-likelihood energy (2.37). The green lines split the foreground and background
areas in the image. It shows the volumetric bias toward equal-size segments in the stan-
dard entropy clustering energy or generative MI. The right figure presents the low-level
segmentation result after fixing the volumetric bias with unbiased energy derived by [16].
Image from [10]

Introduce segmentation indicator S]’;
k
1 k k
= Tia > > Slog P(x,)

k peQ

Z S]’; log Pk(xp)

peEN

Pr(k)
||

]

4.1.2 Uniform size bias in the context of low-level segmentation

The standard log-likelihood term (2.37) is closely associated with probabilistic K-means
(2.36). Kearn et al. [56] pointed out this energy has a volumetric bias towards equal-size
clusters. Boykov et al. [10] observed the same bias in low-level segmentation, see Figure
4.2. In the context of segmentation, the volumetric bias in generative MI loss (4.4) can be
revealed by decomposing the MI:
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Z|Q|H<X> IQ,M@c 1P

|S*
H(X|K) + Z al S ke (X*||P*)

=H(X) - H(K) + H(K|X) +Z‘ KL(X"[|P*)

2]

£ _ H(K)+ H(K|X) +Z’ KL(X*|PF),

€
where X* is the true color distribution, S;f is the segmentation indicator, €2 represents the
image domain, and P* is the color density model. We only need to focus on the last row of
the decomposition (4.5) to identify the volumetric bias. It is easy to find that the last row
of the decomposition (4.5) corresponds to the discriminative view of MI. The conditional
entropy H(K|X) encourages the decisiveness of the predictions given color X. It prefers
each color to be uniquely associated with one class. The KL divergence term encourages
the color model to estimate the true color density. The entropy term H(K) is the one that
causes the equal-size bias. Maximizing the entropy H(K) is equivalent to minimizing the

KL divergence between the distribution of K and the uniform distribution, as explained
n (2.15).

Boykov et al. [10] proposed two solutions to the volumetric bias. The first method fixes
the volumetric bias with the “correct” bias or size targets. The correct volumetric bias
is enforced by reverse KL divergence as defined in (2.16). However, this method requires
prior knowledge of true size targets. The second method eliminates the volumetric bias by
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using weighted likelihood:
1
['unbiased = _|_ Z Z Sk 1Og wkpk ZL’p) (46)
k peQ

The two MI losses defined in (4.4) and (4.6) differ by a weight w”* in the log-likelihood.
The weights w are free variables that can be estimated from the predictions. The optimal
weights are the average of the current predictions: S, = (S, ..., S¥) as defined in (2.14).
Decomposing the unbiased log—likelihood we have

‘Cunbiased | Z Z Sk log kak Zlfp)

kEKpEQ
=Lur — ZZS’“ logw
kGKpEQ
=Ly — Z 15°) log w"
keK (4.7)
_ |S* |S* IS'“I
LM’*% o B~ 2 ] o ey

=L + KL(K||W) + H(K)

=y '% 'KL(X’fHPk) + KL(K||W)+ H(K|X)

k;eK||

Comparing the decomposition of standard (4.5) and unbiased MI (4.7), it is easy to find that
the entropy H(K) is replaced with KL divergence K L(K||W). When weights w are free
variables, the KL divergence term K L(K ||W) can be optimized to be zero, eliminating the
volumetric bias caused by H(K'). Note that unbiased MI only encourages the “decisiveness”
with H(K|X) and does not care about “fairness”.

4.2 MI for deep segmentation

MI loss (4.4) is commonly used in low-level segmentation [23, 93, , ]. We propose
to use it in weakly-supervised semantic segmentation as an unsupervised loss to align the
segmentation predictions with the color features. In Section 4.2.1, we propose a conditional
posterior model as an alternative to the standard SoftMax posterior model. This archi-
tectural modification is tailored to enhance the compatibility with the MI loss in semantic
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segmentation. In Section 4.2.2, we follow the second solution proposed by [16] and present
the unbiased MI loss for semantic segmentation.

4.2.1 Conditional posterior model and MI loss

Before introducing the conditional posterior model, we first attempt to use MI loss (4.4)
with the standard SoftMax model commonly used in semantic segmentation. SoftMax
models are trained on a dataset with a set of predefined classes K. Given an input image,
the SoftMax model generates a categorical distribution for each pixel. The pixel-wise
prediction S}’; for class k is generated by the SoftMax function:
k elv

& D ek e’ 49
where [ is the logits. Such prediction is interpreted as the posterior probability Pr(k|z,),
where z,, is the color features of pixel p. The density models P* in MI (4.4) are fitted
by colors sampled from the posterior distribution. Specifically, for each pixel, a class k is
sampled from the posterior distribution S, representing that this color will be used to fit
the density model of segment k. During training, the MI loss (4.4) is optimized via block
coordinate descent by alternating two steps. In the first step, the network predictions are
fixed, and the density models P* are optimized using colors sampled from the posterior
distribution predicted by the network. Next, density models are fixed and the network
parameters are optimized via gradient descent to minimize the MI loss. There are a few
issues in the above algorithm.

First, as tag classes in an image are a subset of the predefined classes, fitting color
models for the absent classes in the image is unnecessary. In addition, when sampling
colors from the posterior distribution generated by the SoftMax model, many pixels are
wasted because they are sampled into the set of non-tag classes. These colors do not
contribute to the color model fitting that is useful for the segmentation. The two issues
are caused by neglecting the tag information provided by the image. To fix these issues,
we design a conditional posterior model and redefine the MI loss over the tag classes.

As tag supervision is available in weakly-supervised semantic segmentation, we define
posterior probabilities conditioned on given image tags. The conditional prediction is
formulated as follows

k
€lp

dier eb’
59
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where T is the set of tag classes, The prediction of tag classes S;;F is defined as

.
g7 _ Zuerc” (4.10)

8 ZieK elb

The conditional prediction S;f ™ can be interpreted as the conditional posterior:

Pr(k|x,) Sk
p

We derive the conditional MI loss over the tag classes:

Lyr ==Y S log Pr(x,|k). (4.12)

k€T peQ

The derivation process is the same as Theorem 4.2. Note that only the color models of the
tag classes are required for this loss (4.12). It is easy to find that logits of non-tag classes do
not affect the training when using conditional MI loss from (4.9). As a result, conditional
MI loss doesn’t guide the predictions of non-tag classes. We introduce suppression loss to
prevent the neural networks from predicting non-tag classes. Suppression loss is formulated

as follows:
Lop=— Y log(1—-> 55, (4.13)

PEQL k¢T

where € represents the seed pixels on partial ground truth masks (scribbles). The sup-
pression loss is only applied to non-labeled pixels when partial ground truth masks are
available. The MI loss (4.12) can be used together with size-target loss (3.1) when size-
target supervision is available. When combining size-target loss with MI, the suppression
loss can be dropped, because the size-target loss can suppress non-tag classes on its own,
and we have tested that the results are similar when the suppression loss is not used.
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4.2.2 Unbiased MI loss

The equal-size bias over the tag classes in the conditional MI loss (4.12) can be revealed
by decomposing the loss function, like the decomposition shown in (4.5).

9 ZZSlelong )

keT peQd
S =S
— — log P*(x
2. 0] 2 g7 e (o
Sk
Z' G Bt 108 P4 (2,)
keT
. ‘ k‘ Xk(x) k
kel o S (4.14)
=) T H(X) + T KL(XH||PF)
= 19 12

=H(X|K)+ > ||Q| KL(X*||P")

keT
=H(X) — H(K) + H(K|X) Z 5 ||KL(Xk||Pk)
keT
£ - H(K)+ H(K|X)+ Y %KL(XkI|Pk),

ver M

where S is the segment, P is the color model, and X is the true color density. We inherit

the solution to the volumetric bias from [16], and develop the unbiased conditional MI as
follows:
Lunbinsed M = — Y _ > SHT log w” Pr(a,|k), (4.15)
keT pefd

where weights w are free variables that can be estimated from the average predictions. The
following decomposition of the unbiased conditional MI shows that the volumetric bias is
eliminated.
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Both (equal-size) biased and unbiased condition MI losses are evaluated in the following
experimental section.

4.3 Experimental results

4.3.1 Experimental settings

The experiments are conducted on the PASCAL VOC 2012 dataset [12]. Scribble supervi-
sion of the PASCAL dataset is from [77]. We employ mIoU (2.10) as our evaluation criteria
and test the conditional MI losses with DeepLabV3+ semantic segmentation models using
the backbone of ResNet101 (R101). The R101 backbone is pre-trained on the ImageNet
dataset. Images are randomly rescaled and cropped into the size of 512 x 512 for training
and testing for scribble-supervised semantic segmentation. For size-target supervision, we
resize the images to 512 x 512 so that the size distribution of an image remains the same
through training. We employ horizontal flipping and random Gaussian blur for data aug-
mentation. Segmentation models are trained with stochastic gradient descent (SGD) for
60 epochs with a polynomial learning rate scheduler using a power of 0.9. The initial learn-
ing rate is 0.005. Segmentation models are trained with a combination of the conditional
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MI loss (4.12), suppression loss (4.13), and pCE loss (2.12) on scribbles. For size-target
supervision, we combine the conditional MI loss and the size-target loss (3.1).

4.3.2 Scribbles vs. size targets

We evaluate conditional MI losses on three forms of weak supervision for semantic segmen-
tation: scribbles, tags, and size targets. We compare the effectiveness of the conditional
unbiased and biased MI losses against the standard CRF loss. For simplicity, the word
“conditional” will be dropped when we discuss MI for semantic segmentation, as it is obvi-
ous we are referring to the MI losses defined in (4.12) and (4.15). In addition, we are also
interested in comparing the performance of scribble and size-target supervision for seman-
tic segmentation. Figure 4.3 combines the MI results in Chapter 4 and size-target results
from Chapter 3, providing a comprehensive evaluation of the impact of size constraints in
semantic segmentation, which is the core of this thesis.

MI with scribbles. The experimental results are presented with different lengths
of scribble supervision. For full scribble supervision, the unbiased MI outperforms the
biased MI and is comparable with the CRF loss. However, the performance of unbiased
MI and CRF loss collapses quickly with the decrease in the scribble length. It shows
that the segmentation models tend to over-segment the background when the scribbles are
short, see qualitative results in Figure 4.4. Note that this behavior is not penalized by
the unbiased MI as the entropy term encouraging “fairness” shown in (4.14) is eliminated.
The shrinking bias is also in CRF loss [15]. In contrast, the biased MI is more robust to
weak scribble supervision. The biased MI loss can still achieve 70% accuracy for point
supervision.

MI with tags. Without using any size prior, segmentation models trained by only
suppressing non-tag classes generate trivial solutions where all pixels are predicted as the
background class, see 1% column in Figure 4.4. This is likely due to the imbalance of the
dataset, where the background class is prevalent in the dataset. Unbiased MI and CRF
losses do not penalize such trivial solutions. The fairness term in biased MI discourages
the trivial solutions, but as it is based on the reverse KL divergence (2.15), it is not strong
enough to prevent the background class from taking over all pixels. Using log barrier (2.18)
can avoid such trivial solutions preventing the collapse in performance. However, due to
the strong equal-size volumetric bias in the log barrier loss (2.18), the segmentation perfor-
mance is relatively low, approximately 30% mloU, for all three types of regularization. This
equal-size bias is obvious in the qualitative examples in Figure 4.4 (2°¢ column). Pathak
et al. [30] obtained slightly higher accuracy, 36% mloU, with tag supervision. However,
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this could be attributed to a more powerful, but more expensive, self-labeling optimization
technique using auxiliary variables (pseudo labels) and an EM algorithm. In contrast,
we use the plain gradient descent for evaluating our losses. It is also possible to achieve
stronger segmentation results with tag supervision using complex architectural modifica-
tions or multi-stage training schemes, but it is not the focus of this thesis either. For
fairness, we only compare single-stage methods with standard segmentation architectures
(e.g. DeepLab [25]), commonly used in fully-supervised semantic segmentation.

MI with size targets. The segmentation results for size-target supervision are shown
in the right three bars in Figure 4.3. In Comparison with tag supervision, size targets ad-
dress the detrimental equal-size bias and dramatically boost the segmentation performance.
The biased MI achieves 73.8% accuracy with approximate size targets (mRE = 8%), sur-
passing unbiased MI and CRF.

As shown by the experiments in Chapter 3, size targets have the potential to improve
the performance of scribble-supervised segmentation. The hollow bars overlaid on the solid
color bars signify the increase in accuracy achieved by incorporating size-target supervision.
Notably, when scribbles and size targets are combined, the biased MI loss demonstrates
higher accuracy compared to the other two regularization losses. Overall, the MI loss
performs comparably to or surpasses the CRF loss across all three types of supervision.

Scribbles vs. size targets Now, let us reassess the size target approach discussed in
Chapter 3. Here, our focus is on comparing size targets with the commonly used scribble
supervision for semantic segmentation.

We compare the highest segmentation results achieved by any of the three regularization
losses between size targets and scribbles. The size-target approach (with biased MI) attains
97.2% (73.7/75.8) performance of full scribble supervision despite size targets being much
cheaper image-level supervision than scribbles.

Moreover, segmentation models trained on size targets outperform scribble-supervised
segmentation models, when scribble lengths are one click or 30%. These experimental
findings further validate the effectiveness of the size-target approach and underscore the
importance of volumetric cues in semantic segmentation.

In conclusion, both location cues (seeds) and volumetric cues (size targets) are suffi-
cient for training semantic segmentation models, enabling them to achieve performance
comparable to segmentation models trained on full supervision. However, obtaining satis-
factory results without any information on objects’ location or size (e.g., tag supervision)
is challenging. Using complex architectural modifications or multi-stage training schemes
can boost performance, but this is outside the scope of this thesis.
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The core contribution of this thesis lies in providing a new option of weak supervision for
the community. The introduction of size targets as a new form of supervision underscores
the effectiveness of volumetric information, which is as potent as conventional location
cues.
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Figure 4.3: Performance (mIoU%) comparison of R101-based DeeplabV3+ segmentation
models trained on scribble or image-level supervision. Segmentation models are evaluated
on varying scribble lengths from full-length scribble (100%) to one click (0%). We use pCE
loss (2.12) on scribbles (solid color) and log barrier (2.18) on tag supervision (shaded color),
respectively. For each type of supervision shown in the horizontal axis, we employ three
types of regularization loss: unbiased MI (blue) (4.15), biased MI (light blue) (4.12), and
CRF loss (red) (2.27). Note that MI is used hand-in-hand with suppression loss when only
scribbles are available. The hollow bars indicate the performance increase using size-target
loss (3.1) with approximate size targets (mRE = 8%). The log barrier is replaced with
the size-target loss when size targets are available. For scribble supervision, size-target
loss is employed together with pCE loss. As a baseline reference, we provide the green line
indicating the segmentation accuracy for full pixel-level supervision with complete pixel-
precise ground truth (GT) masks.
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Figure 4.4: Qualitative examples of segmentation models trained with different supervision
are presented in different columns. Different rows display various types of regularization
losses. The first column shows “tag only” supervision, indicating the use of the tag class
without any enforced size constraints. In contrast, the second column assumes a uniform
volumetric distribution by utilizing the log barrier loss (2.18) on tag classes The “size
target” or “4 size” label indicates the utilization of approximate size-target supervision
(mRE = 8%). Lastly, the “scribble” column represents models trained with scribble
supervision. The percentage in parentheses denotes the length of the scribbles.
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Chapter 5

Size Prediction: Between Regression

and Classification

In Chapter 3 and 4, we demonstrate that approximate size targets are effective for semantic
segmentation. In this chapter, we aim to streamline the size annotation process and predict
the size targets of an image with neural networks. We know size targets (2.14) are by-
products of segmentation models. However, we focus on cheaper architectures without
any decoder (e.g. classification networks) to directly predict sizes. We treat segmentation
models as the upper bound baseline for our size predictors.

Here is the setup of our size prediction problem. Let D be the training dataset for size
prediction models ¢py9, where 6 is the parameters of the neural network backbone and
W is the parameters of the linear prediction head. The training set D has K pre-defined
classes. Each data in D is a pair (I;, ©;), where [; is the ith input image and 9; € RX
represents the ground truth size targets of the image I. The goal is to learn neural network
parameters (I and ) on dataset D so that it can be used to predict the size targets of
an unseen image.

The organization of this chapter is as follows. In Section 5.1, we first assess the naive
methods that directly use regression or classification architectures for size prediction. Then,
we propose an effective architectural modification. Section 5.2 presents two losses used for
size prediction: mean squared error (MSE), and KL divergence. The experimental results
are in Section 5.3.
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5.1 Architectures

Size prediction can be approached as either a regression or a “soft” classification problem,
differing in how predictions are made. In regression, the linear prediction head directly
produces size predictions of all classes. Conversely, in “soft” classification, a non-linear
function converts the prediction scores into a categorical distribution. However, unlike
standard classification tasks, where the ground truth target is a one-hot distribution indi-
cating a single correct class, the ground truth labels v are soft targets.

In Section 5.1.1, we explore the naive approaches, attempting to solve size prediction
via regression or “soft” classification based on global features. In Section 5.1.2, we propose
aggregating predictions derived from local features. This shift highlights the architectural
change from averaging features to averaging predictions.

5.1.1 Naive approaches: regression and “soft” classification

Regression formulation. Let f be the spatially averaged (global) deep features encoded
by the network backbone 1), the size prediction of class k is

vi = (W, f), (5.1)

where W is the weights of the linear prediction head, v¥ is the predicted size of the kth
class. Specifically, f; is defined as

fi = GAP(ty(I)), (5.2)

where 9 is the backbone with parameters 8 and GAP denotes the global average pooling
layer. Note that the predictions generated by (5.1) do not necessarily form a distribution
that sums to one.

“Soft” classification formulation. In “soft” classification, the prediction is
vf =" (W, fi)), (5.3)

where o is the SoftMax function (2.4). Because of the SoftMax function, prediction v;
must be a distribution. We can employ a KL-based loss function to predict a distribution
v; that closely approximates the true size target v;. While the “soft” classification model
may seem like a reasonable solution to the size prediction problem, it in fact fails to achieve
satisfactory results. Unlike standard classification tasks in which the linear classifier learns
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decision boundaries, the weights W of the size prediction head must coordinate across all
classes to precisely predict the size. While weights W may successfully predict one size
target, they may struggle to predict others. This issue arises from the SoftMax function,
which causes the prediction of one class to depend on the predictions of others.

To mitigate the heavy lifting of the size prediction head, we can use the Sigmoid function
(2.3) to predict the size target of each class independently. The predictions are formulated
as

v = s (W, fi)), (5.4)

where s is the Sigmoid function. Since the Sigmoid function s* is solely associated with

W*, it decouples the size prediction v* from the predictions of other classes.

5.1.2 From averaging features to averaging predictions

In the naive approaches, we average local features before predicting size targets with the
linear prediction head. The averaging operation can lead to information loss. To fix this
problem, we adjust the architectures. Unlike standard classification networks that average
features before making predictions, We propose to derive predictions from local features
and average the predictions. Our model is defined as

v = GAP(s" (W, fi))), (5.5)

where f; € R>™" ig the deep features with spatial resolution m x n and feature di-
mensions d, W is the weights of the linear prediction head, s is the Sigmoid function,
and GAP is the global average pooling layer. This architecture offers some advantages.
Firstly, prediction is made directly using local features, eliminating any loss of informa-
tion through feature aggregation. Furthermore, the local prediction can be interpreted as
classifying local features, which enables us to use the SoftMax function. As an analogy
to segmentation, when the spatial resolution of deep features f is large, it is reasonable
to associate local features with one correct class, making the SoftMax function a suitable
choice. The average prediction naturally represents the size distribution defined in (2.14).
With SoftMax, our model is formulated as

v = GAP(d* (W, 1)), (5.6)

where o is the SoftMax function. Note that such architectural modification is not necessary
for the regression approach. As no non-linear function is applied in the regression prediction
head, averaging features and averaging predictions are equivalent.
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5.2 Losses for supervision with “soft” distribution tar-
gets

In the “soft” classification approach (naive or averaging predictions), we employ forward KL
divergence loss when using the SoftMax activation function. The forward KL divergence
loss is defined as

Lx1, = — Z " log v*. (5.7)
k

Alternatively, we can use the binary KL divergence (BKL) loss with the Sigmoid activation
function:

Lpkr = —» " logv* + (1 — %) log(1 — o), (5.8)
keT

where T' denotes the set of tag classes. Technically, the above loss should be referred to
as K-class binary KL divergence. However, since we are only comparing three losses and
there should be no confusion, we simplify it by dropping the "K-class” designation.

We adopt mean squared error (MSE) loss in the regression approach (naive or averaging
predictions). The MSE loss is defined as

EMSE == Z(Uk — f)k)2 (59)

keT

MSE and BKL losses only involve tag classes because we observe that summing over all
classes leads to a strong bias toward underestimating the size. This bias may be attributed
to over-fitting the zero size targets of non-tag classes.

5.3 Experimental results

5.3.1 Experimental settings

Our size prediction algorithms are evaluated on the PASCAL VOC 2012 [12] dataset. The
ground truth size targets are extracted from the ground truth masks. We employ mean
relative error (mRE) and root mean squared error (L2) as our evaluation criteria. We
use R101-based DeepLabV3+ semantic segmentation models trained on size-target loss
and CRF as the upper bound baseline. We adopt the R101 as the backbone and the

71



linear layer as the prediction head for our size prediction models. The spatial resolution
of deep features is controlled by using more convolutional layers whose stride is 2. We
build two types of architectures based on averaging features and averaging predictions. As
described in Section 5.1.2, the two architectures differ in the position of the GAP layer.
For averaging-feature architectures, we put the GAP layer after the backbone followed
by the linear layer, which is common for classification networks. For averaging-prediction
architectures, the linear layer is after the backbone, followed by the GAP layer which
is applied to predictions. All R101 backbones are pre-trained on the ImageNet dataset.
Images are resized to 512 x 512 for training and testing. We employ horizontal flipping and
random Gaussian blur for data augmentation during training. Models are trained with
stochastic gradient descent (SGD) for 60 epochs with a polynomial learning rate scheduler
using a power of 0.9. The initial learning rate is 0.005.

5.3.2 Size prediction quality

Table 5.1 compares our size prediction methods. The KL divergence loss performs the worst
on the naive architecture. Its mean L2 error is much higher than other methods. Using
the same naive architecture, the BKL loss (224 row) effectively decouples the prediction of
each class, resulting in a significantly lower L2 error. Generally, the results from the naive
architecture (average features) are inferior to the architectures that average predictions.
The increase in accuracy may be attributed to the elimination of information loss via
feature averaging. Additionally, some spatial resolution of the features can benefit size
prediction.

For architectures that average predictions (4 - 7 rows), KL loss shows a lower mRE,
while BKL performs better with L2 error. Mean relative error places more weight on small
objects compared to the L2 error. Therefore, the KL loss works better for small objects,
while BKL performs well in predicting the size of large objects. The KL result in the
7% row indicates that we achieve performance close to the segmentation baseline without
using any decoder in the architecture or regularization loss.
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Architecture Loss mRE mean L2 error

Avg features (1 x 1) KL 1.923 0.236
Avg features (1 x 1) BKL 2.099 0.095
Avg features (1 x 1) MSE 2.219 0.080
Avg predictions (16 x 16) BKL 1.251 0.068
Avg predictions (64 x 64) BKL 1.310 0.069
Avg predictions (16 x 16) KL 0.645 0.105
Avg predictions (64 x 64) KL 0.515 0.089
Segmentation (512 x 512) | Size target + CRF | 0.415 0.082

Table 5.1: Comparison of size prediction models. Two types of architectures are shown
in the architecture column: average features and average predictions. The number in the
parenthesis represents the spatial resolution of the deep features. The last row is our upper
bound baseline, which is the segmentation model with an encoder-decoder architecture.
Loss functions are shown in the second column. The mRE and mean L2 error of the
validation set are reported in the right two columns.
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Chapter 6

Conclusion and Future Work

In this thesis, we studied three related problems about size constraints in segmentation
and size predictions. First, we proposed a new image-level supervision for semantic seg-
mentation: size targets. Such targets could be approximate. In fact, our results suggest
that some errors can benefit generalization. The size-target annotation requires little ex-
tra effort compared to the standard image-level tags. Annotators are simply tasked with
predicting the area fractions of each class, which is much cheaper than labeling the full
pixel-accurate ground truth masks. On top of this size-target supervision, we proposed
an effective size-target loss based on KL divergence between the approximate size targets
and the average prediction. In combination with the standard CRF-based regulariza-
tion loss, our approximate size-target supervision on standard segmentation architectures
(DeepLab and ViT) achieves segmentation accuracy comparable to the quality of the full
pixel-precise supervision of the same models. Using standard semantic segmentation archi-
tectures, our general easy-to-reproduce approach outperforms significantly more complex
weakly-supervised techniques based on model modifications and multi-stage training pro-
cedures.

In the second project, we proposed an unsupervised loss for semantic segmentation
based on mutual information. Compared with CRF loss, the biased mutual information
loss is more robust when the scribble supervision is weak. Overall, the MI loss performs
comparably to or surpasses the CRF loss for size-target and scribble supervision. Further-
more, we reassess the effectiveness of size targets in Figure 4.3. We find that size targets
are a low-cost alternative to scribbles. The segmentation performance with size targets is
comparable to the models trained on full supervision. The performance decline observed
with the decrease in scribble lengths does not occur under size-target supervision.
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Lastly, we proposed a simple architectural modification for size prediction, which av-
erages predictions rather than features. Combined with the standard KL divergence loss,
our size prediction model achieved performance comparable to the upper bound baseline
that uses more complex segmentation architectures.

In the future, we plan to annotate size targets of the whole Pascal training dataset,
which will allow us to comprehensively assess the size-target approach. Additionally, it
enables us to evaluate our advanced AE models with more human-labeled data. We also
aim to further improve the size prediction model to ultimately automate the size target
annotation process.
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