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Resiimee/Abstract

Asiimmeetriline mitmikiilesande ope

Kiire areng siigavate nédrvivorkude valdkonnas on muutnud need oluliseks komponendiks ise-
juhtivate soidukite lahendustes. Nérvivorke saab kasutada nii otse juhtimiskdskluste ennus-
tamiseks isejuhtivas siisteemis, voi ka konkreetsete alamiilesannete lahendamiseks keerulisemas
modulaarses siisteemmis. Kui siisteemis kasutatakse ndrvivorke mitme erineva iilesande jaoks,
siis lihise mitme viljundiga nirvivorgu treenimine voib olla efektiivsem kui eraldi nédrvivorgu
treenimine iga liksiku iilesande jaoks, seda nii nii tookiiruse kui méilukasutuse mottes. Samuti
vOib iiheks eeliseks olla nédrvivorgu tdiendav iildistusvdoime tinu teadmuse iilekandumisele iihelt
tilesandelt teisele. Samas ei ole selliste mitmikiilesande nirvivorkude treenimine lihtne. Selle
tiheks pohjuseks on, et puuduvad sobivad andmestikud, mis sisaldaksid margendeid koikide va-
jalike iilesannete jaoks. Nende mérgendite tekitamine, kas automaatselt voi késitsi, on tdiendav
aja- ja rahakulu. SeetOttu pakub huvi kuidas treenida mitmikiilesande vorku astimmeetriliste
andmestike peal, kus iihe alamhulga jaoks on olemas iihe iilesande mérgendid ja teise alamhulga
jaoks on olemas teise lilesande mirgendid. Naiivne treenimine sellise andmestiku peab voib
anda tulemuseks ebaiihtlase tdpsuse erinevate iilesannete vahel. Antud t60s uuritaksegi voimalusi
mitmikiilesande vorkude paremaks treenimiseks asiimmeetriliste andmestike peal ning vorreldakse
tulemusi siimmeetriliste andmestike ning iiksikiilesande vorkudega.

CERCS: P176 Tehisintellekt; T111 Pilditehnika;

Mirksonad: asiimmeetriline mitmikiilesande Ope, stigavad nédrvivorgud, gradientide akumuleer-
imine

Asymmetric Deep Multi-Task Learning

Recent developments make deep neural networks a valuable asset for autonomous driving. They
can be deployed as an end-to-end system or part of more complex systems for specific tasks. If a
system needs several tasks by neural networks, using multi-task learning (MTL) introduces few
benefits compared to deploying several single-task learning (STL) models, such as better time
and space complexity on deployment and potentially increased generalization on the backbone
network. However, MTL often faces unique challenges. Many existing MTL datasets have
limited labels or lack the required labels for specific tasks, and generating labels for these tasks
leads to resource and time consumption for researchers. Training the model on an asymmetric
labeled dataset, a dataset where labels for specific tasks are unavailable for a subset, can cause
a biased gradient, reflecting an unbalance in the accuracy of tasks. In this thesis, asymmetric
MTL were investigated and compared to symmetric MTL and STL methods.

CERCS: P176 Artificial intelligence; T111 Imaging, image processing;

Keywords: asymmetric multi-task learning, deep learning, gradient accumulation
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1 Introduction

Autonomous driving researchers have been interested in deep neural networks since the 1990s
when research like ALVINN was conducted [18]. Recent advancements in deep learning net-
works have made them reliable enough to solve complex tasks [39,140,42,43]]. Moreover, the
trend of increasing computing performance [37] has made deep learning suitable for real-time
applications. Deep learning can be implemented as a core element of end to end systems [4]
or can be used as a part of more complex autonomous driving systems to extract information
about the surroundings; for example, the deep neural network can be implemented for segmen-
tation tasks for road line detection [6,7] or object detection task for pedestrian and traffic sign
detection [24,25].

In order to gain a more comprehensive understanding of the environment, it is sometimes
necessary to employ multiple representations as input. For example, applications shown in
FigurdI.T| combining semantic segmentation, sparse depth estimation and RGB image can en-
able accurate depth estimation [45]], while object detection and semantic segmentation can be
combined to achieve panoptic segmentation [49]], which provides higher-level information from
semantic segmentation [44]. Similarly, object detection and depth estimation can be combined
to obtain 3D bounding box information [48]].

All mentioned applications may serve as a reason for deploying multiple deep neural net-
works to obtain input representations. However, rather than deploying several networks, each
dedicated to a single task, adopting a single multi-task deep neural network capable of simulta-
neously handling all tasks may prove more advantageous. By sharing parameters across tasks,
the model inherently reduces the number of parameters, leading to fewer Floating Point Opera-
tions (FLOPs) required for computation [1]]. This reduction in parameters and FLOPs translates
to faster inference times.

In addition to the advantage of inference time, some studies claim that because of sharing
knowledge among tasks, multi-task learning may achieve better generalization, which increases
model performance on unseen data [46,47]].

Despite its benefits, using multi-task learning (MTL) models presents challenges, partic-
ularly in securing symmetric datasets in which labels for all tasks exist. In scenarios where
symmetric training is impossible, symmetric datasets are not available; asymmetric training,
using asymmetric datasets, where labels of one or several tasks are not present for all tasks, for
the training process is one option. However, if there is an imbalance in the quantity of labels,
that imbalance may represent itself in the final result, where the trained deep learning model
performs one task better than others [[15]. Additionally, if the loss functions of different tasks
have different ranges, that may cause an imbalance in gradient updates, resulting in the trained
network performing one task better than the others. It is important to note that this last challenge
exists for both symmetric and asymmetric training cases.

This thesis aims to train deep neural network models asymmetrically to get enough perfor-
mance for real-world applications and analyze and evaluate that model by comparing several
other methods. First, single-task neural network models are trained for various tasks, such as



PilotNet for steering angle prediction [4], U-Net for segmentation [5], YOLO with Darknet
backbone for 2D bounding box prediction [[14], and DenseDepth for depth estimation [20]]. In
addition to single-task models, the multi-task model was also trained symmetrically to com-
pare the investigated training method to the traditional one. Finally, multi-task architecture was
trained for a single task.



Semantic Segmentation Logits

Offset Regression

' Soft Attention Masks |
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Object Detection

-

Multi-modal Data Three-Branch Backbone

Fused Depth Map

Figure 1.1: Applications that combine different representations of the environment and
output representation have higher levels of information. Top: DL takes 2D bounding boxes,
semantic segmentation and pixel offset to generate panoptic segmentation [49]]. Middle: Appli-
cation which generates 3D bounding box from sparse depth mask and 2D bounding box [48].
Bottom: The model generates a dense depth mask from semantic segmentation and sparse

depth [45].

10



2 Background

2.1 Tasks

Understanding the surrounding environment is essential for autonomous driving. As mentioned
above, semantic segmentation, depth estimation, and 2D bounding box tasks can be fused to
achieve a better understanding of the environment. However, these representations hold enough
information to support autonomous driving even without fusing. All tasks in this work are
chosen for that reason. Semantic segmentation allows understanding of the road environment;
with enough samples, it is possible to distinguish driveable areas, pot-holes [33]], puddles, etc.
Depth estimation gives a 3D understanding, which can be crucial for safety measurements. By
combining depth estimation with object detection, it is possible to detect pedestrians and other
cars and plan driving strategies for them. Steering angle prediction can be used directly for
control steering or processed through a hierarchical system [4, 38]].

2.1.1 Segmentation

Semantic segmentation is the task of assigning one class for each pixel [16]. That class may
be an object like a car, bus, traffic sign, including background elements like the sky, road, or
building. When the task is implemented using neural networks, labels are a stack of masks,
where each mask represents one class, and if a pixel belongs to that class, it is represented as
one, if not zero as shown in Figure2. 1| During inference, the values of every pixel among masks
were compared, and the highest number for each pixel was assigned to the class.

2.1.2 Sparse depth estimation

The depth estimation task involves assigning distance values from 0-255 to each pixel in an
image. The lower the assigned value, the closer the object associated with the pixel is to the
vehicle. The maximum value represents the maximum distance of the LIDAR sensor. When
depth information is available for all pixels, it is known as dense depth estimation. However, in
some cases, depth information may not be available for all pixels, which results in sparse depth
estimation as one example shown in Figure2.2]

However, the depth estimation tasks should not be confused with the depth completion tasks.
Depth completion means filling in missed information from sparse depth masks. Meanwhile,
depth estimation means predicting depth information from RGB images [45].

2.1.3 Object detection

Object detection is the task of estimating a 2D bounding box, drawing boxes around objects, and
classifying those objects. Successful object detectors should be able to differentiate different
instances of the same objects like in Figurg2.3] One of the most common implementations

11
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Figure 2.1: Implementation of semantic segmentation task for DL

can represent information for 5 classes [16].

of object detection is YOLO; when labels are represented by YOLO [14], there are 8x8 or
16x16 grids, and for each grid, there are bounding box parameters that represent the presence

or absence of objects.

Depending on the implementation, there are several bounding box labels for each grid cell.
For each bounding box, the first value represents whether there is an object present or not. The

second, third, fourth, and fifth values represent the center of the bounding box in the grid and

the size of the box. The remaining values represent probabilities of classes for those boxes. One

example is illustrated in Figure?2.4]

2.1.4 Steering angle prediction

Waypoint and steering angle predictions are the most used control systems for autonomous

driving. Waypoint prediction is the task of building a route for a given time; meanwhile, steering

angle prediction predicts one or several values that represent the maneuver vehicle. These values

may be the angle of the ego vehicle’s frontal wheels or steering wheel at a given time. Compared

to waypoint steering angle has a lower computational cost
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Figure 2.2: Comparison of sparse and dense depth mask: From top to bottom: Input image,
sparse depth mask, and dense depth mask. For ease of understanding, the pixel is represented
with a colormap in this visualization. The black pixel in the sparse mask represents the absence
of depth information [9].

2.2 Architectures

2.2.1 ResNET

The process of combining pre-existing architectures with task-specific decoders is a popular ap-
proach. One of the most commonly used architectures for this purpose is ResNet [34]. ResNet
is highly effective in learning informative representations of images, thanks to its skip connec-
tions and well-designed building blocks. According to the authors’ experiments, skip connec-
tions performed better to solve the vanishing gradient problem, where the calculated gradient
starts to not affect the model’s result. Although ResNet architectures come in different sizes,
they all use the same building blocks, as shown in Figure2.5]

2.2.2 Feature Pyramid Networks

FPN is a deep learning method that extracts several multi-scale feature maps from input images
[32]]. Generally, FPN and similar architectures consist of bottom-up and top-down pathways,
which can be seen in Figure2.6] The bottom-up pathway is a feature map generated by applying
convolutional layers one after the other. With each layer, we get a deeper feature map. After the

13



Figure 2.3: Example of bounding box tasks: As seen in the right middle example, two athletes
and two unicycles for each instance of these classes have their own separate labels .

bottom-up path is completed, starting from the deepest layer, every feature map is upsampled
and fused with features of the same size from the bottom-up path. These generated features are
the top-down path of FPN architecture. Feature maps from the top-down layer can be fused or
used separately for further operations.

2.2.3 Depthwise seperable convolution

Standard convolutions can become computationally expensive, especially when dealing with
a large number of channels in the feature maps. Depthwise separable convolutions address
this challenge by offering a more efficient alternative. Depthwise separable convolutions break
down traditional convolution operation into two operations: depthwise operation illustrated in
Figure2.7] one channel convolutional kernel applied to every channel of the input feature map,
and pointwise convolution 1x1 kernel that produces the desired output channel [23]. Compared
to traditional convolutional operations, depthwise separable convolutions have fewer parameters
but can achieve remarkable performance.

14



0 | Is there an object?

Bounding box

Class labels

Figure 2.4: Explanation of bounding box labels with 3 class examples: The first value rep-
resents the presence of an object. If no object is presented, it is marked with 0, and other values
of that box don’t participate in the loss calculation process. The next four values represent the
position of the bounding box in the grid and the size of the bounding box. The last three values
represent which class that object belongs to [2].

2.2.4 BIFPN

BiFPN is an FPN-like novel architecture first used in EfficientDet architecture [3]. It is in-
spired by PANet [30] and Nas-FPN architectures, which are shown in Figure2.8] PaFPN
introduced an additional bottom-up path to FPN to robust performance with bidirectional infor-
mation flow. Meanwhile, Nas-FPN introduced new fusing methods to increase performance. In
the work EfficientDet, they took these two features from the mentioned FPN architectures, pro-
posed BiFPN architecture and paired it with EfficientNet architecture [41]]. BiFPN takes a set
of hierarchical feature maps with the same number of channels as input. These maps represent
different resolutions of the input image that is processed by backbone architecture. First, the
smallest feature map is upscaled by interpolation, then multiplied to learnable coefficients, and
then fused with the multiplication of the next input feature map with another set of learnable
coefficients. This fusion process involves summation followed by a depthwise separable con-
volution. Then, the output of the last operation was upscaled again, multiplied with learnable
coefficients, and summed with multiplication with the next input. This operation is repeated
iteratively, upsampling and fusing the smaller maps with the progressively larger ones until the
largest feature map is reached. For the top-down path starting from the largest output, it down-
scaled interpolation multiplied with learnable weights and fused with the multiplication of the
next smaller input layer and learnable weight and multiplication of the sized feature map gener-
ated during the bottom-down path. This operation goes on till the smallest layer. For generating
the smallest output, the multiplication in upscaled production and parameters fused with the
multiplication of the smallest input and parameters.

15



layer name | output size I8-layer | 3M-layer | SO-layer | 101-layer | 152-layer
conv | 112112 77, 64, stride 2
333 max pool, stride 2
- B - B 11,64 1x1,64 11, 64
conv2_x 5656 33, 3x3, [ ] |- -| |- -|
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333,128 33,128 _ _ -
| 121,512 | | 1x1,512 | | 1x1.512 |
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3x3, 25 353,25 - ’
convdx | 14x14 [ '%\"1' q:: ] 2 [ z\'l q:: ] 6 3%3,256 |6 3%3,256 | %23 3%3,236 | %36
e b | 11,1024 | 11, 1024 | 11, 1024 |
_ _ [ 121,512 ] [ 121,512 ] [ 11,512
3x3 2 3x3 2 °
conv5_x 7%7 [ '%:'1'2:; ]w [ '1:'1'2:; ]ﬂ 323,512 |3 3%3,512 |3 3x3,512 [ %3
S S | 1x1,2048 | | 1x1,2048 | | 11,2048 |
11 average pool, 1000-d fc, softmax
FLOPs LEx107 [ 36x107 ] 38x107 | 7.6x10" | 11.3x10"

Figure 2.5: Building blocks of ResNET: Each building block contains convolution operations

[34).

predict

predict

predict

Figure 2.6: Simple representation of FPN: The bottom-up map on the left side of the image
and the top-down map on the right side. Each feature map in the top-down path can either be
used for output or fed to the next FPN layer [32].

2.3 Gradient accumulation

Traditionally, during backpropagation, the gradients of the loss function are calculated with re-
spect to the model’s parameters for each mini-batch of data presented to the network. These
gradients are then used to update the parameters in gradient descent. However, gradient accu-
mulation takes a different approach. Instead of updating the parameters after each mini-batch,
the gradients are accumulated over several mini-batches [35]. After a predefined number called
accumulation steps, the accumulated gradients are used to update the model’s parameters in a
single step. This method helps to simulate the effects of bigger batch sizes by accumulating
them.

2.4 Multi task learning

2.4.1 Traditional

Multi-task models have been interested in multiple domains for a long time, even before the ad-
vent of deep learning. In a 2005 research paper [8] researchers proposed the ”Obj cut” method

16



T

(a) Conventional Convolutional Neural Network

Depthwise Convolu-
tion

Pointwise Convolution

(b) Depthwise Separable Convolutional Neural Network

Figure 2.7: Comparison of traditional convolution and depthwise separable convolution:
In traditional convolution, the channel size is changed in one process by applying multichannel
kernels. On the other hand, in depthwise separable convolution, a single channel kernel is first
applied to each channel individually, followed by a 1x1 multichannel kernel to get the final
result [26]]

for performing segmentation and object classification on a dataset containing images of cows
and horses. The researchers achieved this by extracting pictorial structures and applying prob-
abilistic methods. Similar research conducted in the same period focused on classification and
segmentation tasks [29]]. Computational statistical methods like expectation maximization and
algorithms based on graph theory were used to perform these tasks on datasets containing hu-
man faces and cars. However, both methods rely on manual feature extraction, it may not be
suitable for autonomous driving tasks.

2.4.2 Symmetric DL

After advances in deep learning studies, several types of research have been conducted on multi-
task models that utilize CNN and NN. For example, research that performs depth prediction,
surface normal estimation, and semantic segmentation simultaneously [22] or Hyperface algo-
rithm that specializes for human faces and is able to perform face detection, landmarks local-
ization, pose estimation and gender recognition tasks [21]]. Both architectures have satisfying
results, and with the correct hardware, it is possible to benefit from these architectures for real-
world applications. However, these architecture rely on symmetric labels for training.

2.4.3 Asymmetric DL

One promising research in asymmetric multi-task learning is asymmetric deep learning training
in 2018 [36]. In this research, the authors used the knowledge distillation method. During

17



repeated blocks repeated blocks

O ROOrO -

:

P O @—> PO @
P: O—>@—> OO+~ @

(a) FPN (b) PANet (c) NAS-FPN (d) BiFPN

Figure 2.8: BiFPN architecture and architectures inspired that architecture: From left to
right, FPN, PANet, NAS-FPN, and Bi-FPN. NAS-FPN implemented different types of connec-
tions, while PANET added an additional bottom-up path. BiFPN, on the other hand, imple-
mented advanced connection techniques similar to NAS-FPN and added a bottom-up path .

training, if a specific data sample lacks a label for one of the tasks, the sample is still fed
into the pre-trained, single-task network for that specific task. Using this method, they were
able to apply semantic segmentation and depth estimation to the autonomous driving dataset.
However, this method incurs additional computational cost during the training process because
of additional DL architectures.

18



3 Methodology

3.1 Dataset

As mentioned above, semantic segmentation, object detection, depth estimation, and steering
angle estimation are among the essential tasks for autonomous driving; the generated results of
these tasks contain good information about the surrounding environment and can be fused for
higher representation. One of the thesis aims is to compare symmetric MTL with asymmetric
MTL. Therefore, the objective dataset should contain all labels, and A2D2 is one of the few
autonomous driving datasets that meet conditions for label existence [[10].

The automotive manufacturer Audi AG published A2D2 in 2020. The sensor suite was set
up on an Audi Q7 e-tron. It consisted of six cameras, five LIDAR sensors that surrounded 360
degrees of the vehicle, and a bus gateway, which recorded the trip information, like vehicle
speed, steering angle degree, brake pressure and more.

Data was recorded in three cities south of Germany: Gaimersheim, Munich, and Ingolstadt.
The data was collected on urban, suburban, and highway roads during clear weather. On official
source data is split by labels. For the thesis ”3D Bounding Boxes” branch and Bus Data’ from
”Semantic Segmentation” downloaded, data is published in tar files. The extracted directory,
3D Bounding Boxes,” consists of directories named by date. Every folder with a date name
consists of folders named "camera,” ’lidar,” "label’, and ’label3D’, which contain image, LIDAR
information, semantic segmentation, and bounding box information, respectively. The extracted
file from *Bus Data” also follows a similar folder structure.

3.1.1 Camera images

Camera images are RGB images with 1920 x 1208 resolution. However, images are resized
to 1024 x 1024 resolution to decrease computational cost while preserving enough quality to
capture features of far-away objects. During train and validation time before feeding to the
model, images are normalized to range 0-1 for all channels by dividing all values by 255. Such
normalization ensures values are more manageable and prevents specific input features from
dominating the model.

3.1.2 Semantic segmentation labels

Semantic segmentation labels are PNG images of the same size as the input. There are 55
possible colors, but not all colors represent a class; there are 38 classes. The reason for that
difference is that the dataset maintainers decide to make objects that share the same class and
boundaries distinguishable on segmentation labels, which can be observed in the sample shown
Figur@However, for aimed tasks, there is no need for such distinction. Therefore, the repli-
cates of most presented classes in Figure [3.2] are ignored.

19



PNG images are unsuitable for deep learning, and converting these images to multichannel
masks is resource-intensive. Therefore, all segmentation images are converted into NumPy
arrays and stored as files in a directory called multi_label’ in directories named by date.

Figure 3.1: Semantic segmentation label from the dataset: As seen in the sample, cars are
annotated differently, even if they are classified as the same object. However, that does not
indicate that the labels belong to different types of segmentation tasks. Annotation differences
for the same object class only exist if the objects in view share a boundary and annotations are
repeated through the other instances of objects presented in view.

3.1.3 Depth labels

The depth information comes from LIDAR sensors placed in front of the vehicle, which can
capture distances up to 100m. Dataset providers shared code for marking depth points with col-
ors on original images. The provided code first takes LIDAR values, which represent distance
in meters, and brings them to the 0-1 range by dividing them into maximum distances. Then, it
represents these normalized distances as colors on the original input image, like in the example
in Figur¢3.3al For the thesis, two main changes were made to the original code: As a base,
instead of input images, a black empty background with the same size as the original input has
been created, and instead of normalized distances in the color scheme, they multiplied with 255
and stored in grayscale images in PNG files, one stored image shown in Figure3.3b] However,
during the training process, these images were normalized in the 0-1 range for the same reason
as the input images.

3.1.4 Bounding box labels of dataset

Both 2D and 3D bounding box annotations were stored in the same JSON files. There are 14
bounding box classes in the dataset, all shown in Figurd3.4] Model output class probabilities and
loss include these probabilities for calculations, but metric evaluation focused on the quality of
the 2D bounding box. 2D bounding boxes are represented with coordinates of 4 corners of boxes
in the image’s coordinate frame. Converting these four values to YOLO format in data loader
is suitable, as processing this process does not require high resources. For the implementation,
a grid size of 8x8 was used because this number is closer to the implemented grid size in the
original paper, and when it divides the height and width of the input image, it creates an integer.
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Figure 3.2: Number of instances of classes in the dataset for segmentation task

After some data analysis, it appears that there are a maximum of 9 objects for one grid in the
dataset. Therefore, it implemented ten bounding boxes output per grid to capture all those
objects. Considering that every bounding box has five values to represent confidence and the
bounding box attributes and 14 values to represent class probabilities, there are 190 values for
one bounding box output. Thus, considering there are 8x8 grids, the size of the bounding box
output is 190x8x8.

Unfortunately, the general quality of 2D boundary box labels is low compared to other
bounding box datasets. Sometimes, bounding box labels are missing even if there are objects
present in that grid, like the case in Figurg3.5b|or for small classes like pedestrians or bicycles,
the location of 2D bounding boxes is not accurate, like in Figure3.5a

3.1.5 Steering angle labels of dataset

The dataset maintainer published bus gateway data of each date in one big JSON folder. Having
all bus gateway information in one file is inconvenient during training when loading data, open-
ing, and closing big files is resource-intensive. Initializing these files during the initialization
step is also not convenient, as keeping a file that size may cause instability during the training
process. For that reason, bus gateway information for each sample is extracted and stored in
separate files. During training, these small files were opened, and the data was loaded into the
GPU and then closed.

Each camera image has one dictionary containing bus data with the same name. Each dic-
tionary has 21 data points for all types of bus gateway data. However, these data points are
not synchronized with the camera image. The timestamp of camera images is in the range of
the first and last timestamp in the contradicting bus data dictionary; however, there is no exact
match. After looking through the data, it appears that the last 10 timestamps in each dictionary
are always greater than the timestamp of the camera image; therefore, each dictionary’s last 10
data points are loaded into the GPU.
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(a) Before

(b) After

Figure 3.3: Changes on depth labels: Top: depth labels generated by code provided by dataset
maintainers; Bottom: depth labels after mentioned changes made on code.

The steering angle in A2D2 is expressed in two variables per sample. The first variables
store information on the direction of the front, while the second values store the positive turning
angle of the vehicle’s front wheels. By simple operations, left turns are represented by negative
steering angles, and right turns are positive. In addition, values are normalized and brought to
the 0-1 range.

3.2 Research Tools

The chunk of the A2D2 dataset downloaded during research is about S0GB in a .tar file. Pre-
processing and training this amount of data is time-consuming on consumer-grade PCs. For that
reason, rocket clusters from Tartu HPC were utilized for research [S0]. This cluster provides 1
PB of storage space and several computing unit options, enough to store and process datasets.
Instances with 64 CPU cores with Nvidia-A100 GPU were utilized for all training process
instances.

The code base for research was created using the PyTorch framework [51]] in Python pro-
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Figure 3.4: Number of instances of classes in the dataset for bounding box task

gramming language. OpenCV and Pillow frameworks are utilized during different
image processing operations. NumPy is used during dataloading and some image process-
ing operations. Matplotlib [55] is used for visualization.

In codes for STL models [20}/57-59]], scale-invariant loss [56] and BiFPN [3]] were taken
from already implemented projects but modified according to the needs of the thesis.

During debugging, ChatGPT 3.5 was used for debugging errors in code, and Gemini
[61] and Grammarly were used for improving the quality of writing of paper.

3.3 Architecture

As the first step, input images are fed through ResNet50 architecture, feature maps after every
stage stored, conv_1 being the exception. The end backbone produces four feature maps with
different widths, heights, and channel sizes. Depthwise separable convolution operations were
applied to all four feature maps with an output channel size of 256. The resulting feature maps
will be inputted into the BiFPN layers, which are illustrated in detail in Figure3.6]

In EfficientDet, they did not use BiFPN architecture for multi-task learning; instead, they
combined generated feature maps by BiFPN and fused feature maps used for the object detec-
tion task. However, in this thesis, it is implemented for multi-task learning. As mentioned,
BiFPN architecture can provide a bi-directional flow of information, and this feature may be
beneficial for multi-task learning. For that reason, each generated output of BiFPN is used
for different tasks so that during backward propagation, signals from each task would extract
unseen features from another task, improving the model’s generalization and accuracy.

Depth and semantic segmentation are different tasks that operate at the pixel level. Depth
is a regression task, whereas semantic segmentation is a classification task where the output
should have the same width and height as the input image to represent each pixel. There is
research that shows that deconvolution layers may cause repeated patterns in output [27]. To
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(a) (b)

Figure 3.5: Low quality 2D bounding box labels: Left: locations of bounding boxes on
pedestrians are off. Right: the car closer to the ego vehicle was marked. However, the further
car was not labeled.

avoid that problem, both tasks were placed after the largest feature maps to avoid deconvolu-
tion operations that change the size. As a result, for depth estimation two, and for semantic
segmentation three deconvolution layers were used.

The smallest output is used for steering angle prediction, as it stores the highest spatial
information, which is beneficial for this task. In addition, as the output size for this task is
relatively smaller than another task, this decoder will use fewer parameters.

The output size is much smaller than the input feature map size for the bounding box task.
Therefore, the decoder using only convolution operations was sufficient to process the feature
map and get the desired output.

All decoders consist of 4 layers. The steering angle decoder is the only decoder that utilizes
linear layers. As for the activation function, LeakyReLU was utilized for all decoders.

3.4 Loss and metrics

3.4.1 Cross entropy loss

As discussed in previous paragraphs, the segmentation map consists of stacked maps on top of
each other. The values of one pixel across every map can be considered a probability distribution
that presents the probability of a pixel belonging to a class. That is why implementing cross-
entropy loss, the loss function that measures the difference between probability distributions, is
appropriate for that case [[13].

q; — prediction p; — target
c
- Z pilog(g;)
i=1

Luckily, this loss function exists in the PyTorch framework. They apply softmax operation
for the output of the network and then implement the loss function. Doing so means there is no

(3.1)
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Figure 3.6: Structure of MTL architecture: the orange arrows show the operations of ResNET
architecture. Rounded squares and ellipses demonstrate feature maps; the text inside maps
shows how much height and width decreased from input and channel size. The brown ar-
rows represent depthwise separable convolution operations, which convert feature maps from
different channel sizes to the same channel size. The green arrows indicate the downsample
operation, which involves upscaling the feature map by interpolation and multiplying trainable
coefficients. Similarly, the downsample operation downsamples by interpolation and applies
learnable coefficients, as the red arrows demonstrate. Weight fusion is the operation of multi-
plying the feature map with learnable coefficients. The ’+’ sign represents the fusion operation
of inputs that are directly connected to that sign. Fusing operation sum inputs and apply depth-
wise seperable concolution to sum.

need to implement softmax during inference time.

- Z log eXp Tn>Yn) (yn # ignoreinder) (3.2)
L exp(Tn, Yn)
3.4.2 Mean absolute error

Mean Absolute Error is a simple loss function that calculates the difference between the target

and prediction.
LN
-l 33)
N

This error was used to calculate the loss function of steering angle prediction during the training
process. It is also used as a metric, but to make it easy to comprehend results de-normalized
during metric calculations.

3.4.3 Scale invariant loss

For depth estimation tasks, the relations of pixels is the most crucial aspect. For example, being
able to understand that one object is closer than another object is more important than knowing
the average distance of both objects. That point is the reason for utilizing scale-invariant loss
[11]]. Unlike the root mean square error scale invariant loss is able to keep relations among
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The loss first calculates the difference of logarithms of the target and prediction for each
pixel. These relative errors are then combined on a global scale to obtain the final result.

Scale-invariant loss does not exist among loss functions of the PyTorch framework. How-
ever, other researchers have already implemented this loss function for medical applications
[S56]]. Therefore, the loss was taken from their public repositories and modified. The loss is only
calculated for pixels where depth information exists.

(3.4)

3.4.4 Intersection over union

Intersection over union is the ratio of the intersecting area between prediction and target over
the union of prediction and target.

Predicted area M Target area

3.5
Predicted area U Target area (3-5)

IOU is unsuitable during training because it does not capture necessary information for the
model, like direction or size. However, it is suitable for metrics as they are easier for humans
to understand. In addition, IOU is used during the loss calculation of bounding box prediction
for a process called non-max suppression. During training, the network generates multiple
bounding boxes for a single grid. Non-max suppression decides which bounding box to use
for loss calculation by comparing the IOU values of the predicted boxes and target label and
selecting the box with the highest IOU for loss calculation.

3.4.5 Bounding bos loss

Output for the bounding box task is arranged in YOLO style. Therefore, the loss function is
also implemented in the same way in the original work.

coord Z Z 1Ob] + (yl - gz)Q]

1= Oj 0
+ /\coord Z Z 1Ob] \/le)2 + (\/h_z - \/i)Q]
=0 7=0
(3.6)
+221"‘” (C;—Cy) +Anoobjzzl”o"b] (Ci = Cy)?
= Oj 0 =0 7=0

+Zld’] > (o) = pile))?

ceclasses

The loss function is the sum of several summation operations. The first summation calcu-
lates the error between the center of the target and the predicted boxes. The second summation
operation is for the size of the boxes. The third and fourth summations calculate confidence
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error, the third summation calculates the error for selected predicted boxes, and the fourth sum-
mation calculates confidence error where there is no object. Finally, the last summation process
calculates class error. All summation operations are regularized by A coefficient.

This loss function did not exist in PyTorch, which is why this loss was implemented from
scratch by following the original paper. Some minor changes were made during implementation
to make the process faster, but the main principle was kept the same.

3.4.6 Accuracy

In the context of machine learning, accuracy means the percentage of true prediction among all
labels.

TP - True Positives TN - True Negatives
FP - False Positives FN - False Negatives
TP + TN
i (3.7)
TP + TN + FP + FN

Accuracy does not contain information confidence of the model’s prediction, which is why
it is unsuitable for the training process. However, accuracy is easy to comprehend, so it is
implemented as a metric for semantic segmentation.

3.5 Training method

Single-task models and the multi-task model with symmetrical labels were trained using tradi-
tional methods. Static batch size was defined, and data was loaded to GPU in batches, forward
passed, and backpropagated. The weights of architecture were updated right after backpropa-
gation.

However, the method used to train the multi-task architecture with asymmetric labels vastly
differs from the traditional method. This method is implemented in UberNet research [|17]]. The
method rejects using batches or mini-batches instead of there are n+1 counters for n tasks. For
every task decoder, one counter is assigned, and one remaining is assigned to a shared part of the
architecture. For each training step, a single input and its corresponding label are loaded onto
the GPU. Input feedforward through the network and loss is calculated for only presenting the
label and output of the contradicting label. The backpropagation happens from that calculated
loss function. This backpropagation only affects the decoder of the task with existing labels and
the common parts of the network. After that process, the value of counters corresponding to
the network’s backpropagated part increases. The weights of the network are updated partially.
If the counter corresponding to part of the network reaches the threshold value, the weights
corresponding to only that part of the network are updated, which can be seen in Figurd3.7] It is
also worth mentioning that in the PyTorch framework, different optimizers should be used for
different parts of networks, which makes it possible to use different learning rate for different
part of the network.

However, depending on train parameters, this method may introduce stale gradients. As
seen in the Figure|3.7|for the "k+1’th step, after one of the task decoders gets updated, the back-
propagated gradients from that decoder are accumulated with gradients that backpropagated
from the previous state of the same task decoder. Another example is during the 'n+1’ step in
the Figure[3.7] After the gradient of the shared part of the network is updated, some accumulated
gradients remain on the decoder before the k th and n th training process. However, with correct
train parameters, this feature may improve the generalization capabilities of the architecture.
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3.6 Experiment setup

During the implementation of STL, all input samples with corresponding labels to the task were
used. For symmetric MTL, the same input samples with all labels were used. In the case of
asymmetric MTL, all samples were loaded into the model 4 times, each time with a different
task label. The purpose of loading all input samples for each task is to ensure that no specific
unseen advantages are given for any of the tasks. For example, 1/4 of train data is selected
for steering angle prediction, but if this data does not contain left or right turns, it may cause
an ’unfair’ advantage for the train. However, there is still an imbalance because the model
feeds forward four times more input data as the backbone gets backpropagation at every step. It
experiences four times more backpropagation for asymmetric MTL. To balance it, asymmetric
MTL trained four times less epoch than another training process.

As one loss function is present during STL, there is no need to balance loss functions. How-
ever, symmetric and asymmetric MTL loss functions are balanced to avoid task bias. Before
balancing loss functions, each loss function is stored in separate values for logging purposes.
Doing so makes it easier to compare individual loss functions to STL during the train. Calcu-
lated loss functions were divided by coefficients before backpropagation to balance loss func-
tions. For initial coefficients, loss functions of STL are taken as reference, and loss functions of
MTL are divided so they become as close to each other as possible. However, during the later
stage of fine-tuning, this coefficient changed depending on the results. In the case of learning
rates, the same learning rate value is initially assigned for all network parts and tuned to the
next stages of the experiment.
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Figure 3.7: Train process on generic simplistic three task MTL network: The MTL network
in this example consists of 4 parts: Bigger rounded squares demonstrate the backbone or shared
part of the network, smaller rounded squares for task decoders. Arrows pointing to the right
indicate the feedforward process, while those pointing to the left illustrate the backpropagation
process. '+’ signs used to show accumulated gradients. Check marks at the side of part of the
networks indicate that part of the network reached the accumulation step. The colors associated
with ticks show the part of a network that was updated and the calculated gradients after that
update.
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4 Results

Asymmetric | Symmetric | STL MTL
MTL MTL trained on
single task
2D Bounding box IOU 1 27% 19.09% 19.43% 2%
Segmentation accuracy 1 90.40% 82.43% 90.46% 92.99%
Steering angle error(degree) | | 0.5° 0.08° 0.019° 0.016°
Depth error(m) | 7.04m 7.02m 7.12m 6.76m

Table 4.1: Metrics of architectures from the validation set: An upward arrow indicates that
higher is better, while a downward arrow indicates the opposite.

According to the results of metric calculations in Table4.1] Architecture trained in STL
performed better than other training processes, except for being a 2D bounding box task. In-
terestingly, during training, the difference between validation loss asymmetric MTL and MTL
architecture trained on a single task was smaller than others, as seen visually in Figured. 1] First,
look at the metric table. Asymmetric MTL shows promising results. It is important to remember
that in the case of real-world applications, MTL architecture has a smaller footprint compared
to the aggregation of STL architectures. Details regarding network sizes are shown in Table4.2]

During the training process, individual loss functions of tasks demonstrated different char-
acteristics and decreasing rates. For example, the STL model for the depth estimation task got
an average validation loss of for the first epoch 1.003 and for the last epoch 0.9396, meaning
that there is approximately a 6% decrease during the training process. Another example is the
STL model UNet for the segmentation task. It gets 1.389 and 0.3263 average validation loss for
the first and last epoch. The largest change for validation loss among tasks is steering angle loss.
It gets 0.6 average validation loss for the first epoch and around 0.001 during the train, meaning
it decreased 600 times during the train. It is important to remember that these decrease rates are
a general characteristic and do not imply that the loss decreases sharpest is best performing.

When checking the visual results for the validation set in Figureld.2] it is seen that the archi-

Model Task Parameters
PilotNet Steering angle prediction | 140,696,494
DenseDepth Depth estimation 44,322,689
UNet Semantic segmentation 31,040,363

YOLO V1 Bounding box prediction | 226,607,102
Aggregation of models All above 442,666,648
Multi task All above 61,656,914

Table 4.2: Number of parameters for each model
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Figure 4.1: Bounding box validation loss: Pink-STL, Purple-Architecture-STL, Green-
Symmetric STL, Orange-Asymmetric MTL

tecture trained in the STL method for the bounding box task is unsuitable for any application.
It either outputs the same pattern all over the image or outputs nothing. Meanwhile, STL ar-
chitecture predicted many false positive bounding boxes for most validation samples. MTL
architecture trained symmetrically demonstrated a better fit on validation data than the STL.
MTL architecture trained asymmetrically demonstrated surprising results by detecting objects
not labeled on the dataset but still exist in the image view. This may indicate that knowledge
from one task of asymmetric MTL improves the performance of other tasks.

When looking at the visual results of segmentation tasks in Figurdd.3] it is seen that with
symmetric MTL architecture being an exception, all models successfully captured the boundary
lines of most objects, and MTL architecture trained on a single task. The symmetric MTL model
can still detect some pixels of objects; however, it fails to capture the shape of objects. For MTL
trained asymmetrically, there are noisy pixels for sky and buildings; however, the model shows
significant results in capturing small objects like traffic signs and light poles compared to other
models.

Because ground truth labels on depth estimation are sparse, it is challenging to evaluate vi-
sually. However, specific observations can be made in Figure4.4] STL models tend to have hor-
izontal repeated patterns for most of the samples. However, in the case of the STL DenseDepth
model, it is possible to see that a depth map can preserve the shape of objects to some extent.
Symmetric MTL trained model tend to have repeated patterns instead of horizontal like there
are repeated square patterns all over the output. Compared to others, the asymmetric MTL
model has fewer repeated patterns on output images and can capture objects’ shapes.

Compared to other tasks in real-life applications, the steering angle task implemented as the
primary control mechanism tends to accumulate loss. This means that for an error caused at
ny, timeframe, that error will affect the vehicle’s state for the next timeframe. If this error is
repeated, it can cause the vehicle to get out of the way. For that reason, simulations are more
effective ways to evaluate the performance of the steering angle task. Unfortunately, for A2D2,
the publishers have not provided any kind of instruction for simulations.
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(a) Ground truth

(d) Single Task Architecture 32 (e) MTL trained on single task

Figure 4.2: Visual result for bounding box detection task



(a) Ground truth (b) Input Image

(c) Asymmetric MTL (d) Symmetric MTL

(e) Single Task Architecture (f) MTL trained on single task

Figure 4.3: Visual result for semantic segmentation task
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(f) MTL trained on single task

(e) Single Task Architecture
Figure 4.4: Visual result for depth estimation task

34



5 Discussion

The results for asymmetric MTL are impressive, considering that the architecture has fewer
parameters than other models and is memory efficient during training due to gradient accu-
mulation. Asymmetric MTL captured missing items in the dataset for the bounding box task,
detected small objects in the semantic segmentation task, and generated less repeated patterns
for depth estimation. Thus, the network can be deployed for segmentation and depth estimation
tasks because it can extract robust information about the surrounding environment. Semantic
segmentation tasks can be used for road line detection [6], while depth estimation can be de-
ployed for safety applications. Asymmetric MTL does not achieve the same amount of success
for bounding box tasks as it can be used as a task to support others’ tasks, but for mission-critical
applications, it still needs to be more accurate. However, considering that asymmetric MTL per-
formed better than other models for bounding box tasks, it most likely will achieve satisfactory
results if the dataset had bounding box labels with better quality. In addition to performance
during inference, because the implemented train method utilizes gradient accumulation, it is
more suitable to train in lower memory environments.

However, there are still some downsides of asymmetric MTL. As mentioned for MTL mod-
els, loss functions need to be balanced coefficients used to increase or decrease loss functions,
which can be considered train parameters that add complexity to the training process. Specif-
ically, the asymmetric MTL has additional parameters, accumulation steps, and learning rates
for decoders and shared parts of the network, which makes the architecture fine-tuning process
even more challenging than the symmetric MTL.

5.1 Future works

In this thesis, compared to other tasks, the steering angle task showed the lowest performance
compared to other methods. It is most likely not a coincidence that the decrease in the rate of
loss function of the steering angle task is different from other tasks. Future research could be
conducted to mitigate this problem. One possible solution is rearranging loss balance coeffi-
cients after every epoch using average loss functions as a reference. This method also has the
potential to decrease the complexity of choosing fine-tuning parameters.

In addition, during that thesis, all images were taken in the same settings. Further research
could be conducted to evaluate the effectiveness of asymmetric MTL when trained on datasets
with varying camera parameters, such as different focus and placement on vehicles, or weather
conditions, such as snow, rain, and fog. This research would provide valuable insights into the
generalizability and robustness of the proposed approach in real-world scenarios.
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6 Conclusion

In this thesis, MTL architecture, which has fewer parameters than the aggregation of four STL
architectures, is trained on the asymmetric dataset to perform four different tasks. In addition
to that model, four STL models were trained in a single task dataset, the same MTL model was
trained on the symmetric dataset, and the single label dataset for each task. All models were
evaluated on single-label validation sets using four different metrics, and visual outputs for all
models were demonstrated side by side. Among these tasks, semantic segmentation and depth
estimation showed satisfactory results to be deployed in real-life applications; bounding box
estimation can be deployed under certain conditions.

The implemented MTL architecture is more efficient in terms of parameters than other eval-
uated methods, making it suitable for resource-constrained environments. It is essential to men-
tion that as MTL can perform four tasks more effectively, these four tasks can be used as input
for more complex tasks.
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Appendices

I Code base

The code base of the thesis can be found in the repository mentioned below.
URL:https://github.com/ali-609/Asymmetric—-Deep—Multitask—Learning

To download repository, use this command: ’git clone https://github.com/ali-609/Asymmetric-
Deep-Multitask-Learning’

II Loss graphs
Graphs demonstrating loss functions during training are publicly available in the following

Wandb project.
URL:https://wandb.ai/ali-maharramov/thesis_final?nw=nwuseralimaharramov

III Weights

The weights discussed in the results section can be downloaded using the link below.
URL: https://owncloud.ut.ee/owncloud/s/dn2t2Nzghagb6dXz
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