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ABSTRACT

OPTIMIZING MACHINE LEARNING MODELS FOR AUTONOMOUS VEHICLES

Object detectors (ODs) stand as a cornerstone of modern computer vision tasks, increasingly
essential in a wide array of consumer applications. Its utility spans enhancing surveillance and
security systems, enabling mobile text recognition for digital document accessibility, and
facilitating the diagnosis of diseases through advanced imaging techniques like MRI and CT scans.
This multifaceted technology is pivotal across various domains, with one of its most critical
applications being autonomous driving. Autonomous vehicles (AVs) rely extensively on their
ability to perceive and interpret their surroundings, a capability fundamental to ensuring safe and
reliable driving performance. Sophisticated perception systems in these vehicles utilize state-of-
the-art object detection algorithms, both 2D and 3D, to accurately identify and localize various
objects within the vehicle's operational vicinity. 2D ODs are designed to detect and localize objects
in images or video frames, providing information in the form of bounding boxes on a 2-
dimensional plane. They are less complex and computationally demanding compared to 3D
detectors and are commonly used in applications like image recognition, face detection, and
pedestrian detection in surveillance systems. Models such as YOLO, SSD, and Faster R-CNN are
widely used examples of 2D ODs. Conversely, 3D ODs incorporate depth information to detect
and localize objects in a three-dimensional space, utilizing data from 3D sensors like LiDAR,
stereo cameras, or depth cameras. These detectors are essential for applications requiring a precise

understanding of the environment, such as autonomous driving, robotics, and augmented reality.

11



Popular models include PointNet, VoxelNet, and Frustum PointNet. The data provided by these
ODs, especially when combining 2D and 3D capabilities, is indispensable for informing crucial
driving decisions and enabling the vehicle to navigate complex environments with enhanced safety
and efficiency. However, these advanced ODs come with high memory and computational
overheads, which pose significant challenges.

To address this challenge, ongoing research and development efforts are dedicated to
optimizing these models. The primary goal is to reduce their memory footprint and computational
requirements while maintaining or even improving their performance. This ensures that these
sophisticated algorithms can be efficiently deployed on resource-constrained embedded platforms,
often used in AVs, without compromising their effectiveness. Such advancements are pivotal in
maintaining the efficiency and reliability of AVs, further solidifying the indispensable role of ODs
in modern technology. This thesis introduces two novel OD optimization algorithms, which can
reduce model footprint and computation cost while decreasing the inference time of the model.
The first contribution, R-TOSS, i1s a novel semi-structured pruning framework for 2D ODs. R-
TOSS outperforms various state-of-the-art model optimization techniques while also improving
performance on embedded resource-constrained platforms. For accelerating 3D ODs, we propose
UPAQ, which uses a combination of pruning and quantization to improve model accuracy and
reduce model footprint. We also showcase how UPAQ outperforms other state-of-the-art models

in terms of performance.
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1 INTRODUCTION

This chapter presents an overview of Object Detectors (ODs) and outlines the challenges
faced when deploying these ODs on resource-constraint embedded platforms. We discuss the
fundamental limitations in optimizing these ODs using various optimization techniques such as
pruning, quantization, and knowledge distillation. This chapter also presents a general overview

of the contributions of this thesis.

1.1 LATEST TRENDS IN AUTONOMOUS VEHICLES

Autonomous vehicles (AVs) are revolutionizing transportation by reducing human error,
improving traffic flow, and optimizing routes, resulting in faster and safer travel. These
advancements are powered by cutting-edge sensor technology, artificial intelligence (Al), and
connectivity. AVs utilize an array of sensors, including LiDAR, radar, cameras, and ultrasonic
sensors, to generate a detailed view of their surroundings and detect obstacles, pedestrians, and
other vehicles [1]. Al algorithms process this sensor data using machine learning models, predict
potential scenarios, and make real-time decisions, continuously improving from the data collected
[2]. Vehicle-to-Everything (V2X) communication connects AVs to the internet and other vehicles,
enabling them to share information about traffic conditions, road hazards, and optimal routes, thus
enhancing overall traffic flow and safety [3]. Advanced Driver Assistance Systems (ADAS), such
as adaptive cruise control, lane-keeping assist, and automatic emergency braking, are integrated

into AVs to bolster safety and driving comfort.



The California Department of Motor Vehicles reported that AVs had a crash rate of 26.3 per
million vehicle miles traveled in 2022, compared to 1.9 for all motor vehicles in the U.S. Although
AVs had a higher crash rate, many incidents were minor and often caused by other road users [4].
Research indicates that the widespread adoption of AVs could reduce traffic congestion by up to
30%, thanks to optimized driving patterns and enhanced traffic management systems [5].
Moreover, AVs could significantly decrease greenhouse gas emissions by up to 60%, due to more
efficient driving practices, reduced idling, and optimized route planning [6]. The autonomous
vehicle market is projected to generate between 300 and 400 billion dollars in revenue by 2035,

fueled by technological advancements and growing consumer adoption [7].
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Figure 1 Trend in market size increase over years [4]

The global market for Level 1 (L1) and Level 2 (L2) AVs reached approximately USD 106
billion in 2021 and is expected to exceed USD 2.2 trillion by 2030, with a compound annual growth
rate (CAGR) of 35.6% from 2021 to 2030 (Figure 1) [4]. This remarkable growth is driven by the

demand for safe, efficient, and convenient driving experiences. AVs, equipped with advanced
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safety features like collision avoidance systems, lane departure warnings, and automatic
emergency braking, appeal to consumers who prioritize safety and convenience [5]. Additionally,
rising disposable income in emerging economies is boosting the AVs market, as financially stable
individuals are more likely to invest in advanced technologies, including AVs. Strict safety
regulations worldwide are compelling manufacturers to adopt autonomous technologies, leading
to increased research and development and resulting in more advanced and reliable autonomous

driving systems [6].

| North America
[ Europe
I Asia Pacific

W Latin America

B MEA

Figure 2 Market Share of Autonomous Vehicles by Region [7]

Figure 2 shows that North America region is projected to hold the largest market share by
2030, followed by Europe and Asia Pacific. Rapid urbanization and technological advancements

in countries like China, Japan, and South Korea are driving the adoption of AVs in the Asia Pacific



region. Europe and North America are also experiencing significant growth due to supportive

government policies and increasing investments [7].
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Figure 3 Growth of ADAS Features over the years [8]

The steady increase in the adoption of Advanced Driver Assistance Systems (ADAS)
features, as shown in Figure 3, underscores the growing reliance on intelligent perception systems
in modern vehicles. Object detection plays a crucial role in enhancing the effectiveness of these
systems, ensuring safety, efficiency, and overall vehicle autonomy.

ODs are fundamental to ADAS functionalities such as Autonomous Emergency Braking,
Lane Keeping Assist, Adaptive Cruise Control, and Traffic Sign Recognition, all of which have
seen notable adoption growth between 2020 and 2025 [8]. These systems depend on accurate and
real-time object recognition to identify vehicles, pedestrians, road signs, and other environmental
elements. Improvements in object detection algorithms directly translate to higher accuracy,
reducing false positives and negatives, which is critical for safety-critical applications like Rear

Cross Traffic Alert and Lane Departure Warning.
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For AVs, the role of object detection extends beyond ADAS, forming the backbone of perception
systems. Advanced sensors, including LiDAR, radar, and cameras, coupled with deep learning-
based ODs, enable self-driving cars to interpret their surroundings with high precision. Enhancing
these detection models improves decision-making, navigation in complex environments, and

overall vehicle safety.

Figure 4 AVs system end to end operation flow

As seen in Figure 3, the increased adoption of multi-view camera systems and adaptive
driving beams highlights the industry’s shift toward sensor fusion and enhanced perception. To
support this trend, future developments in object detection must focus on improving low-light
performance, robustness against adversarial conditions (e.g., weather, occlusions), and
computational efficiency for real-time applications.

In summary, the continued advancement of ODs is pivotal for the evolution of ADAS and
AVs. As adoption rates of ADAS features rise, improvements in perception technology will drive
the transition toward fully autonomous mobility, enhancing road safety and transportation

efficiency.



1.2 FLOW OF OPERATION IN AUTONOMOUS VEHICLES

The AVs system comprises six distinct stages shown in Figure 4. It starts with the
sensors/hardware layer, which gathers data from the environment. This is followed by the
perception stage, where tasks such as object tracking, object detection, and lane detection are
performed. The third stage is the localization and mapping stage, followed by the assessment stage.
The fifth stage involves planning and decision-making. The final stage is the hardware control
layer, which manages control actions like steering angles [9].

The AVs system begins with the hardware sensors layer, essential for interacting with the
environment. These sensors collect information about the surroundings, including static and
dynamic objects, which are then passed to the next layer, the perception layer. The primary goal
of the perception stage is to process the data from the sensors and extract useful information for
subsequent stages. The third stage, the localization and mapping layer, aims to determine the
vehicle’s position within a reference frame in the environment. The fourth stage, the assessment
layer, focuses on overall risk estimation and predicting the intentions of surrounding human drivers
to avoid accidents.

The fifth stage, path planning and decision-making, is concerned with determining the
shortest, collision-free path for the vehicle in real time between the start and end points [8]. The
final stage, vehicle control, involves actions such as torque, acceleration, and steering wheel angle
to execute the planned path in reality. The perception architecture is crucial as it serves as the
foundation for the AVs system's capability to interpret and respond to the environment. By
accurately processing data from sensors, the perception stage ensures that the system can identify
and track objects, detect lanes, and understand the dynamic and static aspects of the surroundings.

This information is indispensable for the subsequent stages of the AVs system.



The data extracted in the perception stage is directly utilized in the assessment layer for risk
estimation. By understanding the environment, the system can predict the intentions of other
drivers and assess potential risks. This proactive approach to risk assessment helps in making
informed decisions to avoid accidents. In the control stage, the perception data guides the hardware
control actions. Accurate perception ensures that control actions, such as steering angles and
acceleration, are executed precisely, resulting in safe and efficient navigation. The perception
architecture, therefore, forms the backbone of both risk assessment and control in an AV system,

ensuring the vehicle's ability to navigate safely and effectively.

Perception
Data Processing and localization
Deep Learning image-based
Data Preprocessing object detection module
e R S Deep Learning Lidar-based
caning sensor data an 5 :
e object detection module
_ : I Risk Assessment |
Inage Droccsstig for filtering and Image-based Lane detection
normalization o enhance data
system
Lidar-based rear cross traffic
detection system

Figure 5 Perception system in AVs

1.3 PRECEPTION SYSTEM IN AUTONOMOUS VEHICLES

The perception system follows a structured flow (Figure 5) where object detection serves as
a fundamental component, enabling machines to comprehend and interact with their surroundings.
This process begins with data acquisition through various sensors, including cameras, LiDAR,
radar, and ultrasonic sensors, which capture raw environmental data. These sensors provide diverse
types of information, such as high-resolution images, depth maps, and 3D point clouds, each

contributing to a more comprehensive scene understanding. Cameras offer rich visual details,



LiDAR enhances spatial awareness through precise depth estimation, radar provides robustness in
adverse weather conditions, and ultrasonic sensors assist in detecting nearby objects. Integrating
data from these multiple sources enhances perception accuracy, as demonstrated in multi-modal
sensor fusion techniques for autonomous systems [10].

Once the raw data is collected, it undergoes preprocessing to improve quality and remove
noise, ensuring that object detection algorithms operate efficiently. Preprocessing techniques such
as Gaussian filtering, edge detection, and background subtraction are commonly employed to
highlight essential features while suppressing irrelevant information. Feature extraction methods,
including Histogram of Oriented Gradients (HOG) and Scale-Invariant Feature Transform (SIFT),
play a vital role in enhancing object representation, thereby improving detection accuracy [11]. In
deep learning-based systems, convolutional neural networks (CNNs) automatically learn
hierarchical features from raw data, eliminating the need for manually engineered feature
extraction.

At the core of the perception system, object detection algorithms identify and classify objects
present in the scene. Deep learning-based methods, such as YOLO (You Only Look Once), Faster
R-CNN (Region-Based Convolutional Neural Networks), and SSD (Single Shot MultiBox
Detector), are widely utilized due to their high accuracy and real-time processing capabilities.
YOLO employs a single-stage detection approach, making it highly efficient for real-time
applications [17]. Faster R-CNN, proposed by [12], incorporates a region proposal network (RPN)
to enhance detection precision, while SSD balances speed and accuracy by using multiple feature
maps for object detection at different scales [13].

After objects are detected, tracking and motion prediction algorithms are applied to analyze

their movement patterns over time. Object tracking methods such as Kalman filtering and deep



learning-based tracking algorithms (e.g., SORT, DeepSORT) estimate the trajectory of moving
objects, which is critical in dynamic environments like autonomous driving [14]. Motion
prediction further enhances perception by forecasting future positions of detected objects, enabling
proactive decision-making. For instance, in self-driving cars, predicting pedestrian movement can
help the vehicle anticipate crossings and take preventive actions to avoid accidents [15].

The effectiveness of an object detection module within a perception system is highly
dependent on the integration of robust detection, tracking, and prediction algorithms. Advances in
deep learning, sensor fusion, and edge computing continue to push the boundaries of object
detection, leading to more efficient and reliable perception systems. As autonomous systems
evolve, improving object detection techniques will remain a key focus for ensuring safety,

accuracy, and real-time responsiveness.

1.4 OBJECT DETECTORS IN AUTONOMOUS VEHICLES

AVs have received immense attention in recent years, in large part due to their potential to
improve driving comfort and reduce injuries from vehicle crashes. It has been reported that more
than 36,000 people died in 2019 due to fatal accidents on U.S. roadways [16]. AVs can eliminate
human error and distracted driving that is responsible for 94% of these accidents [17]. By using
sensors such as cameras, lidars, and radars to perceive their surroundings, AVs can detect objects
in their vicinity and make real-time decisions to avoid collisions and ensure safe driving behavior.

AVs are generally categorized into six levels by the SAE J3016 standard [18] based on their
extent of supported automation (see Table 1). While level 0 — 2 vehicles provide increasingly
sophisticated support for steering and acceleration, they heavily rely on the human driver to make
decisions. Level 3 vehicles are equipped with Advanced Driver Assistance Systems (ADAS) to

operate the vehicle in various conditions, but human intervention may be requested to safely steer,
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brake, or accelerate as needed. Level 4 vehicles are capable of full selfdriving mode in specific
conditions but will not operate if these conditions are not met. Level 5 vehicles can drive without
human interaction under all conditions.

Automotive manufactures have been experimenting with AVs since the 1920s. The first
modern AVs was designed as part of CMU NavLab’s autonomous land vehicle project in 1984
with level 1 autonomy that was able to steer the vehicle while the acceleration was controlled by
a human driver [19]. This was followed by an AV designed by Mercedes-Benz in 1987 with level
2 autonomy that was able to control steering and acceleration with limited human supervision [20].
Subsequently, most major auto manufacturers such as General Motors, Bosch, Nissan, and Audi

started to work on AVs.

Table 1 SAE J3016 levels of automation

SAE Level Name Driving Environment monitor
0 No automation
1 Driver Assistance Human Driver
2 Partial Driving Automation
3 Conditional Driving Automation
4 High Driving Automation ADAS System
5 Full Driving Automation

Tesla was the first company to commercialize AVs with their Autopilot system in 2014 that
offered level 2 autonomy [21]. Tesla AVs were able to travel from New York to San Francisco in
2015 by covering 99% of the distance autonomously. In 2017, Volvo launched their Drive Me
feature with level 2 autonomy, with their vehicles traveling autonomously around the city of
Gothenburg in Sweden under specific weather conditions [22]. Waymo has been testing its AVs
since 2009 and has completed 200 million miles of AVs testing. They also launched their driverless
taxi service with level 4 autonomy in 2018 in the metro Phoenix area in USA with 1000 — 2000

riders per week, among which 5 — 10% of the rides were fully autonomous without any drivers
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[23]. Cruise Automation started testing a fleet of 30 vehicles in San Francisco with level 4
autonomy in 2017, launched their self-driving Robotaxi service in 2021 [9]. Even though Waymo
and Cruise support level 5 autonomy, their AVs are classified as level 4 because there is still no

guarantee that they can operate safely in all weather and environmental conditions.

Taxonomy of Object Detector
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Figure 6 Taxonomy of ODs

AVs rely heavily on sensors such as cameras, lidars, and radars for autonomous navigation
and decision making. For example, Tesla AVs rely on camera data with six forward facing cameras
and ultrasonic sensors. In contrast, Cruise AVs use a sensor cluster that consists of a radar in the
front while camera and lidar sensors are mounted on the top of the AVs to provide a 360-degree
view of the vehicle surroundings [24]. One of the main tasks involved in achieving robust
environmental perception in AVs is to detect objects in the AVs vicinity using software-based
object detection algorithms. Object detection is a computer vision task that is critical for
recognizing and localizing objects such as pedestrians, traffic lights/signs, other vehicles, and
barriers in the AV vicinity. It is the foundation for high-level tasks during AVs operation, such as
object tracking, event detection, motion control, and path planning.

The modern evolution of ODs began 20 years ago with the Viola Jones detector [25] used
for human face detection in real-time. A few years later, Histogram of Oriented Gradient (HOG)

[26] detectors became popular for pedestrian 2 detection. HOG detectors were then extended to
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Deformable Part-based Models (DPMs), which were the first models to focus on multiple object
detection [27]. With growing interest in deep neural networks around 2014, the Regions with
Convolutional Neural Network (R-CNN) deep neural network model led to a breakthrough for
multiple object detection, with a 95.84% improvement in Mean Average Precision (mAP) over the
state-of-the-art. This development helped redefine the efficiency of ODs and made them attractive
for entirely new application domains, such as for AVs. Since 2014, the evolution in deep neural
networks and advances in GPU technology have paved the way for faster and more efficient object
detection on real-time images and videos [25]. AVs today rely heavily on these improved ODs for
perception, pathfinding, and other decision making. This article discusses contemporary deep
learning-based ODs, their usage, optimization, and limitations for AVs. We also discuss open

challenges and future directions.
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Figure 7 Two-stage vs Single stage ODs
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1.5 OVERVIEW OF OBJECT DETECTORS

Object detection consists of two sub-tasks: localization, which involves determining the
location of an object in an image (or video frame), and classification, which involves assigning a
class (e.g., pedestrian’, vehicle’, traffic light’) to that object. Figure 6 illustrates a taxonomy of

state-of-the-art deep learning-based ODs. We discuss the taxonomy of these ODs in this section.

1.5.1 TWO-STAGE VS SINGLE STAGE OBJECT DETECTORS

Two-stage deep learning based ODs involve a two-stage process consisting of 1) region
proposals and 2) object classification. In the region proposal stage, the object detector proposes
several Regions of Interest (ROIs) in an input image that has a high likelihood of containing objects
of interest. In the second stage, the most promising ROIs are selected (with other ROIs being
discarded) and objects within them are classified [28]. Popular two-stage detectors include RCNN,
Fast R-CNN, and Faster R-CNN. In contrast, single-stage ODs use a single feed-forward neural
network that creates bounding boxes and classifies objects in the same stage. These detectors are
faster than two-stage detectors but are also typically less accurate. Popular single-stage detectors
include YOLO, SSD, EfficientNet, and RetinaNet. Figure 7 illustrates the difference between the
two types of ODs. Both types of ODs are typically evaluated using the mAP and Intersection over
Union (IoU) accuracy metrics. mAP is the mean of the ratio of precision to recall for individual
object classes, with a higher value indicating a more accurate object detector. [oU measures the
overlap between the predicted bounding box and the ground truth bounding box. Formally, IoU is
the ratio of the area of overlap between the (bounding and ground truth) boxes and the area of
union between the boxes. Figure 8 illustrates the IoU of an object detector prediction and the

ground truth. Figure 8(a) shows a highly accurate IoU and Figure 8(b) shows a less accurate IoU.
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Table 2 Different model architecture and their accuracy

Name Year Dataset mAP Inference Speed (fps)
R-CNN 2014 Pascal VOC 66% 0.02
Fast R-CNN 2015 Pascal VOC 68.80% 0.5
Faster R-CNN 2016 COCO 78.90% 7
SSD 2016 Pascal VOC 74.30% 59
YOLO 2016 Pascal VOC 63.40% 45
Complex-YOLO 2018 KITTI 64.00% 50.4
RetinaNet 2018 COCO 61.10% 90
YOLOV3 2018 COCO 44.30% 95.2
Complexer-YOLO 2019 KITTI 49.44% 100
Liu et al. 2021 KITTI 73.76% 17.8
RAANet 2021 NuScenes 62.00% 33
YOLOVS 2021 COCO 56.40% 140
DETA 2022 COCO 62.90% 12.7
M3D-RCNN 2023 KITTI 86.40% 7.6
PointRCNN++ 2023 KITTI 87.00% 6.9
YOLO-NAS 2023 COCO 63.20% 115
PV-RCNN++ 2024 KITTI 88.50% 10.3
RadarNeXt 2024 VoD 50.48% 28.40
Relation-DETR 2024 COCO 43.30% 7.86
YOLOv11 2024 COCO 55.00% 48.3
YOLOv12 2025 COCO 56.50% 95

R-CNN was one of the first deep learning-based ODs and used an efficient selective search
algorithm for ROI proposals as part of a two-stage detection [28]. Fast RCNN solved some of the
problems in the R-CNN model, such as low inference speed and accuracy. In the Fast R-CNN
model, the input image is fed to a Convolutional Neural Network (CNN), generating a feature map
and ROI projection. These ROIs are then mapped to the feature map for prediction using ROI
pooling. Unlike R-CNN, instead of feeding the ROI as input to the CNN layers, Fast R-CNN uses
the entire image Figure 6: Taxonomy of ODs 3 directly to process the feature maps to detect objects
[29]. Faster R-CNN used a similar approach to Fast R-CNN, but instead of using a selective search
algorithm for the ROI proposal, it employed a separate network that fed the ROI to the ROI pooling

layer and the feature map, which were then reshaped and used for prediction [30].
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Figure 8 Example of an IOU; green box: ground truth; red box: prediction

Single-stage ODs such as YOLO (You only look once) are faster than two-stage detectors
as they can predict objects on an input with a single pass. The first YOLO variant, YOLOV1,
learned generalizable representations of objects to detect them faster [31]. In 2016, YOLOv2
improved upon YOLOvI1 by adding batch normalization, a high-resolution classifier, and use of
anchor boxes to create bounding boxes instead of using a fully connected layer like YOLOvV1 [32].
In 2018, YOLOv3 was proposed with a 53 layered backbone-based network that used an
independent logistic classifier and binary cross-entropy loss to predict overlapping bounding boxes
and smaller objects [33]. Single-Shot Detector (SSD) models were proposed as a better option to
run inference on videos and real-time applications as they share features between the classification
and localization task on the whole image, unlike YOLO models that generate feature maps by
creating grids within an image. While the YOLO models are faster than SSD, they trail behind
SSD models in accuracy [34]. Even though YOLO and SSD models provide good inference speed,
they have a class imbalance problem when detecting small objects. This issue was addressed in
the RetinaNet detector that used a focal loss function during training and a separate network for

classification and bounding box regression [35].
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Figure 9 Commonly used bounding box encoding methods

In 2020, YOLOV4 introduced two important techniques: bag of freebies’ which involves
improved methods for data augmentation and regularization during training and ‘bag of specials’
which is a post processing module that allows for better mAP and faster inference [36]. YOLOVS,
which was also introduced in 2020, proposed further data augmentation and loss calculation
improvements. It also used auto-learning bounding box anchors to adapt to a given dataset [37].
Another variant called YOLOR (You Only Learn One Representation) was proposed in 2021 and
used a unified network that encoded implicit and explicit knowledge to predict the output. YOLOR
can perform multitask learning such as object detection, mutilabel image classification, and feature
embedding using a single model [38]. The YOLOX model, also proposed in 2021, uses an anchor-
free, decoupled head technique that allows the network to process classification and regression
using separate networks. Unlike the YOLOv4 and YOLOvVS models, YOLOX has reduced the
number of parameters and increased inference speed [39].

In 2023, YOLO-NAS (You Only Look Once - Neural Architecture Search) [40] was
introduced, utilizing advanced Neural Architecture Search technology to optimize object detection
models. This approach led to significant improvements in quantization support and accuracy-
latency trade-offs, enhancing performance in real-time applications. YOLOv11 [41] continued the

evolution of the YOLO series, focusing on integrating novel architectural innovations to improve
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efficiency and precision in object detection tasks. Relation-DETR (Relation Detection
Transformer) also proposed in 2024 [42], exploring explicit position relation priors for object
detection. This method aimed to enhance detection accuracy by incorporating spatial relationships
between objects, addressing challenges in traditional DETR architecture.

In 2025, YOLOV12 [43] was introduced, combining the fast inference speeds of CNN-based
models with enhanced performance of attention mechanisms. Key innovations included the Area
Attention Module (A2) and Residual Efficient Layer Aggregation Networks (R-ELAN), achieving
state-of-the-art detection accuracy with lower latency. The performance of each model in terms

of mAP and inference speed is summarized in Table 2.

1.5.2 2D VS 3D OBJECT DETECTORS

2D ODs typically use 2D image data for detection, but recent work has also proposed a
sensor-fusion based 2D object detection approach that combines data from a camera and radar
[44]. 2D ODs provide bounding boxes with four Degrees of Freedom (DOF). Figure 9 shows the
most common approach for encoding bounding boxes 9(a): [x, y, height, width] and 9(b): [xmin,
ymin, xmax, ymax] [45]. Unfortunately, 2D object detection can only provide the position of the
object on a 2D plane but does not provide information about the depth of the object. Depth of the
object is important to predict the shape, size, and position of the object to enable improved
performance in various self-driving tasks such as path planning, collision avoidance, etc.

Figure 10 shows the difference between a 2D and 3D object detector output on real images.
3D ODs use data from a camera, lidar, or radar to detect objects and generator 3D bounding boxes.
These detectors provide bounding boxes with (x, y, z) and (height, width, length) along with yaw
information [45]. These ODs use several approaches, such as point clouds and frustum pointnets,

for predicting objects in real-time. Point cloud networks can directly use 3D data, but the
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complexity and cost of computing are very high, so some networks use 2D to 3D lifting while
compensating for the loss of information. Pointnets are used along with RGB images, where 2D
bounding boxes are obtained using RGB images. Then these boxes are used as ROIs for 3D object
detection which reduces the search effort [45]. Monocular image-based methods have also been
proposed that use an RGB image to predict objects on the 2D plane and then perform 2D to 3D

lifting to create 3D object detection results.

Figure 10 Object detection modalities: (a) 2D vs. (b) 3D

Recent years have seen growing interest in 3D object detection with deep learning. Complex-
YOLO, an extension of 4 YOLOvV2, used a Euler Region Proposal Network (E-RPN), based on an
RGB Birds-Eye-View (BEV) map from point cloud data to get 3D proposals. The network exploits
the YOLOV2 network followed by E-RPN to get the 3D proposal [46]. Later in 2019, Complexer-
YOLO achieved semantic segmentation and 3D object detection using Random Finite Set (RFS)
[47]. The more recent work on 3D object detection by Wen et al. [48] in 2021 proposed a
lightweight 3D object detection model that consists of three submodules: 1) point transform
module, which extracts point features from the RGB image based on the raw point cloud, 2)
voxelization, which divides the features into equally spaced voxel grids and then generates a many-
to-one mapping between the voxel grids and the 3D point clouds, and 3) point-wise fusion module,

which fuses the features using two fully connected layers. The output of the point-wise fusion
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module is encoded and used as input for the model. Another 3D detector proposed in 2021 called
RAANet used only lidar data to achieve 3D object detection [49]. It used the BEV lidar data as
input for a region proposal network which was then used to create shared features. These shared
features were used as the input for an anchor free network to detect 3D objects.

In recent years, several advancements in 3D object detection were introduced, building upon
previous models to enhance performance and efficiency. In 2023, PointRCNN [50] enhanced the
original PointRCNN model by introducing an adaptive deformation module and a VectorPool
aggregation module. The adaptive deformation module helps the model focus on the most
informative regions of point clouds, effectively handling varying object scales and densities. The
VectorPool module aggregates local point features efficiently, reducing computational load while
preserving spatial structure. These innovations enabled PointRCNN to achieve faster processing
speeds and better accuracy. M3D-RCNN [51], also introduced in 2023, used a multi-scale, multi-
modal approach by integrating LiDAR point clouds and camera images. It utilized a multi-scale
feature pyramid network to fuse features from both modalities, enhancing detection across various
object sizes and improving robustness and accuracy in complex environments.

In 2024, PV-RCNN++ [52] built upon the original PV-RCNN by introducing sectorized
proposal-centric sampling and VectorPool aggregation. The sectorized sampling method generates
more representative keypoints, while the VectorPool module further reduces resource
consumption, leading to increased detection speed and accuracy. These enhancements allowed
PV-RCNN++ to achieve state-of-the-art performance on large-scale datasets such as Waymo.
Meanwhile, RadarNeXt, introduced in 2024 [53], integrated radar data with point cloud
information for 3D object detection. By employing a two-stream network architecture, RadarNeXt

processed radar and LiDAR data separately and fused them at a later stage. This design leveraged
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the complementary strengths of radar and LiDAR, improving detection performance in varied
weather and lighting conditions. Together, these models represent a trend of incorporating multiple
data sources and refining feature aggregation techniques, resulting in advancements in 3D object

detection. The performance of these models is summarized in Table 2.

1.6 DEPLOYING OBJECT DETECTORS IN AUTONOMOUS VEHICLES

Deploying deep learning-based object detector models in AVs has its own challenges,
mainly due to the resource constrained nature of the onboard embedded computers used in
vehicles. These computing platforms have limited memory availability and reduced processing
capabilities due to stringent power caps, and high susceptibility to faults due to thermal hotspots
and gradients, especially during operation in the extreme conditions found in vehicles. As the
complexity of the object detector model increases, memory and computational requirements, and
energy overheads also increase. In this section, we discuss techniques to improve object detector
model deployment efficiency. The performance of some of the latest works on this topic is

summarized in Table 3.

1.6.1 PRUNING IN OBJECT DETECTORS

Pruning a neural network model is a widely used method for reducing the model’s memory
footprint and computational complexity. Pruning was first used in the 1990s to reduce neural
network sizes for deploying them on embedded platforms [54]. Pruning involves removing
redundant weights and creating sparsity in the model by training the model with various
regularization techniques (L1, L2, unstructured, and structured regularization). Sparse models are
easier to compress, and the zero weights created during pruning can be skipped during inference,

reducing inference time, and increasing efficiency. While most pruning approaches target deep
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learning models for the simpler image classification problem, relatively fewer works have
attempted to prune the more complex object detector models. Wang et al. [55] proposed using a
channel pruning strategy on SSD models in which they start by creating a sparse normalization
and then prune the channels with a small scaling factor followed by fine-tuning the network. Zhao
et al. [56] propose a compiler aware neural pruning search on YOLOv4 which uses an automatic
neural pruning search algorithm that uses a controller and evaluator. The controller is used to select
the search space, pre-layer pruning schemes, and prune the model whereas the evaluator evaluates

the model accuracy after every pruning step.

Table 3 Different object detector model optimization techniques and their performance

N Technique Model . Object Latency Hardware
ame Compression
used . Detector | Improvement used
achieved
Wang et al. [32] Pruning 32.40 % SSD 33.61 % GTX 1080Ti
Zhao et al. [33] Pruning 93.27 % YOLOv4 80.70 % Qualcomm
Adreno 64
Fan et al. [34] | Quantization 75 % SSDLite- 85.67 % Zynq ZC706
MobilenetV?2
LCDet [24] Quantization 77.79 % YOLOv2 13.66 % Snapdragon 835
Kang et al. [38] | Knowledge 37.11 % RetinaNet 32.98 % -
Distillation
Chen et al. [39] | Knowledge 83.82 % RCNN 7.93 % -
Distillation

1.6.2 QUANTIZATION IN OBJECT DETECTORS

Quantization is the process of approximating a continuous signal by a set of discrete symbols
or integer values. The discrete set is selected as per the type of quantization such as integer,
floating-point, and fixed-point quantization. Quantizing deep learning-based object detector
models involves converting the baseline 32-bit parameters (weights, activations, biases) to fewer

(e.g., 16 or 8) bits, to achieve lower memory footprint, without significantly reducing model
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accuracy. Fan et al. [57] proposed an 8-bit integer quantization of all the bias, batch normalization,
and activation parameters on SSDLiteMobileNetV2. LCDet [58] proposed a fully quantized 8-bit
model in which parameters of each layer of a YOLOvV2 object detector were quantized to 8-bit
fixed point values. To achieve this, they first stored the minimum and maximum value at each
layer and then used relative value to linearly distribute the closest integer value to all the reduced

bitwidth weights.

1.6.3 KNOWLEDGE DISTILLATION IN OBJECT DETECTORS

Knowledge Distillation involves transferring learned knowledge from a larger model to a
smaller, more compact model. A teacher model is first trained for object detection, followed by a
smaller student model being trained to emulate the prediction behavior of the teacher model. The
goal is to make the student model learn important features to arrive at the predictions that are very
close to that of the original model. The resulting student model reduces the computational power
and memory footprint compared to the original teacher model. Kang et al. [59] proposed an
instance-conditional knowledge decoding module to retrieve knowledge from the teacher network
(RetinaNet with a ResNet-101 classifier model as backbone) via query-based attention. They also
used a subtask that optimized the decoding module and feature maps to update the student network
(RetinaNet with a simpler ResNet-50 model as backbone). Chen et al. [60] proposed a three-step
knowledge distillation process on R-CNN with a Resnet-50 model as backbone. The first step used
a feature pyramid distillation process to extract the output features that can mimic the teacher
network features. They then used these features to remove the output proposal to perform Regional
Distillation (RD), enabling the student (RCNN with a much simpler ResNet-18 model as
backbone) to focus on the positive regions. Lastly, Logit Distillation (LD) on the output was used

to mimic the final output of the teacher network.
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1.7 OPEN DATASET FOR OBJECT DETECTORS

Object detection model performance can significantly vary due to changing lighting,
weather, and other environmental conditions. To address this challenge, incorporating data from
different weather conditions during training can help the model adapt to various environmental
factors. By adding new data that accommodates these varying weather conditions when training
and testing, we can enhance the robustness and reliability of ODs. Open datasets that focus on
different lighting and weather conditions, such as the Waymo Open Dataset, serve as excellent
examples of how this can be achieved. However, the availability of more open datasets covering a
range of environmental conditions is essential to train reliable ODs for Avs and ensure robust
performance across all scenarios.

One such example is the Waymo Open Dataset [61], which offers a wide variety of data,
including different lighting and weather conditions, to tackle environmental challenges in
autonomous driving. This dataset includes lidar, camera images, and radar data, with annotations
for object detection, tracking, and segmentation tasks. It is ideal for training models that need to
perform well in diverse weather conditions, such as rain, fog, and varying lighting scenarios.
However, datasets like this are still limited, and the availability of additional datasets will be
crucial for training models capable of performing well under all environmental conditions.

Another important dataset is the KITTI Vision Benchmark Suite [62], widely used for
evaluating object detection, stereo, and optical flow tasks in autonomous driving. It provides stereo
camera images, lidar data, and GPS/IMU data, primarily focused on urban environments with good
lighting conditions. Although KITTI does not offer extensive data on extreme weather conditions,
it remains a valuable resource for training ODs in clear weather with moderate lighting variation.

Similarly, the Cityscapes dataset focuses on urban scene understanding, offering high-quality
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annotations for objects like vehicles and pedestrians in daytime conditions. It lacks significant
weather variation but is still valuable for urban object detection tasks.

The nuScenes dataset [63] is another significant resource, offering a 360-degree view
through lidar, radar, and camera data collected from real-world driving environments. It includes
data from varying weather conditions, including rain, fog, and different times of the day. This
dataset is particularly useful for training models that need to handle diverse environmental
challenges. Similarly, the Argoverse dataset [64] provides data for 3D tracking and 2D
segmentation in urban environments, with data from various weather conditions such as clear,
rainy, and foggy weather, making it suitable for training models to handle different environmental
factors.

The ApolloScape dataset [65] offers large-scale data for autonomous driving research, with
annotations for segmentation, object detection, and tracking tasks. While it doesn’t have as wide a
variety of weather data as other datasets, it does include some data for varying lighting and weather
conditions, such as nighttime and rainy weather. For pedestrian detection tasks, the Daimler
MonoPedestrian dataset [66] provides monocular data with high-resolution images and detailed
annotations for pedestrians in urban traffic situations, though it lacks a broad range of weather
variations. The BDD100K dataset [67] stands out due to its size, including over 100,000 images
with diverse weather conditions such as sunny, rainy, foggy, and nighttime driving. This dataset
is excellent for training models on a variety of environmental challenges.

In conclusion, a diverse range of datasets with different environmental conditions is crucial
for developing robust object detection models for Avs. Datasets like Waymo, nuScenes, and
BDD100K are particularly valuable, as they provide data that reflects varying weather conditions

and lighting, which is essential for training models that need to perform reliably in all real-world
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scenarios. However, more such datasets are needed to ensure that object detection systems are

adaptable to all environmental factors.

1.8 OPEN CHALLENGES AND OPPORTUNITIES

While there has been significant work on effective object detection for AVs, there are
significant outstanding challenges that remain to be solved. Here we discuss some of the key

challenges and opportunities for future research in the field.

1.8.1 REAL-TIME PROCESSING

ODs deployed in AVs use video inputs from AV cameras, but the ODs are typically trained
to detect objects on image datasets. This discrepancy between training data and real-world input
can introduce challenges in the detection process. Detecting an object on every frame in a video
can significantly increase the latency of the detection task, as the computational load is high. This
delay can impact on the overall performance and responsiveness of the AV, which is critical for
safe and efficient operation.

However, correlations between consecutive frames can help address this issue. By
identifying the frames that can be used for detecting new objects and discarding others, the latency
of the model can be reduced. This approach leverages the temporal continuity in video streams to
optimize the detection process. Creating models that can effectively correlate spatial and temporal
relationships between consecutive frames remains an open problem in the field of computer vision
and autonomous driving. Developing such models requires advanced techniques that can
accurately capture the dynamics of moving objects and scenes in real-time.

Recent work on real-time object detection [68], [69], has begun to address this problem, but

much more work is needed. These efforts have shown promising results in reducing latency and
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improving detection accuracy by incorporating temporal information. However, the complexity of
real-world scenarios and the need for robust performance under varying conditions necessitate
further research. Future studies should focus on enhancing the ability of ODs to process video
inputs efficiently while maintaining high accuracy. Additionally, exploring new algorithms and
frameworks that can seamlessly integrate spatial and temporal data will be crucial for advancing
real-time object detection in AVs.

The development of efficient and reliable object detection systems is essential for the
widespread adoption of AVs. By addressing the challenges associated with video-based object
detection, researchers can contribute to the progress of AV technology and its potential to

transform transportation.

1.8.2 SENSOR FUSION

Sensor fusion is one of the most widely used methods for increasing the accuracy of 2D and
3D object detection. By combining data from multiple sensors, such as lidar and RGB images,
object detection systems can benefit from the complementary strengths of each sensor type,
leading to more robust and accurate detection capabilities. Many efforts have focused on fusing
lidar and RGB images to perform object detection for autonomous driving, as this combination
provides rich spatial and visual information that enhances the perception of the environment.

However, there are very few works that consider fusion data from ultrasonic sensors, radar,
or V2X (Vehicle-to-Everything) communication. The integration of these additional sensor types
is vital for increasing the reliability of the perception system in AVs . Ultrasonic sensors, radar,
and V2X communication can provide valuable information that complements lidar and RGB
images, further improving the overall performance of the perception system. For example, radar

can provide accurate distance measurements and work effectively in adverse weather conditions,
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while V2X communication can enable vehicles to share information with each other and with
infrastructure.

Fusing data from a more diverse set of sensors can also increase the stability of the perception
system and ensure that it does not fail when one of the sensors is compromised due to
environmental conditions. This redundancy is crucial for the safe and reliable operation of AVs,
as it allows the system to maintain accurate perception even in challenging scenarios. By
leveraging data from multiple sensors, the perception system can compensate for the weaknesses
of individual sensors and provide a more comprehensive understanding of the environment.

Recent efforts [70], [71] are beginning to design ODs that work with data from various
sensors, which is a step in the right direction for reliable perception in AVs. These efforts are
paving the way for more advanced and resilient object detection systems that can handle the
complexities of real-world environments. As research in this area continues to progress, we can
expect to see further advancements in the fusion of data from diverse sensors, ultimately leading

to safer and more reliable AVs.

1.8.3 RESOURCE CONSTRAINTS

Most ODs have high computational and power overheads when deployed on real hardware
platforms. To address this challenge, prior efforts have adopted techniques such as pruning,
quantization, and knowledge distillation (see Section 1.6) to reduce model footprint and decrease
computational needs. These methods help streamline the models, making them more efficient and
less resource intensive.

New approaches for hardware-friendly pruning and quantization, as demonstrated in recent
efforts [72], [73], are proving to be very useful. These techniques focus on simplifying the model

without significantly sacrificing performance. Additionally, methods to reduce matrix
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multiplication operations, such as those proposed in [74], [75], [76], can further speed up object
detector execution time by optimizing the computational processes involved.

Hardware and software co-design, which combines pruning, quantization, and knowledge
distillation with hardware optimization techniques such as parallel factors adjustment and resource
allocation, represents a comprehensive approach to improving object detector efficiency. This
integrated strategy ensures that both the software algorithms and the hardware resources are
optimized to work together seamlessly.

Results from recent work [77], [78], [79] have been promising, showing significant
improvements in model efficiency and performance. However, much more research is needed to
further advance these techniques and develop new solutions that can overcome the remaining

challenges.

1.9 THESIS OVERVIEW

In summary, optimizing object detection models for AVs is essential to improve
performance and reliability. Current models face challenges in computational complexity and real-
time inference, affecting robustness in varied driving environments. To tackle these issues,
pruning, quantization, and knowledge distillation reduce model footprint and computational needs.
New approaches for hardware-friendly pruning and quantization [72], [73] and minimizing matrix
multiplication operations [74], [75], [76] show promise in speeding up object detection. Integrating
data from different sensor types and using temporal information can enhance robustness and
accuracy. However, transformer-based models, despite their high accuracy, pose deployment
challenges due to large memory requirements. Recent efforts [77], [78], [79] have made progress,
but more research is needed. The main contribution of this thesis is the design of two novel

optimization techniques, R-TOSS and UPAQ. The rest of the thesis is organized as follows:
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In chapter 2, we present R-TOSS, a novel semi-structured pruning framework designed to
reduce the computational and memory overheads of ODs used in AVs. R-TOSS addresses the
shortcomings of state-of-the-art model pruning techniques by employing kernel pruning without
connectivity pruning to preserve kernel information for inference.

In chapter 3, we present UPAQ, a novel compression framework that employed a kernel
transformation technique that uses a mixed precision quantization along with pruning for 3D
pointcloud LiDAR data. We also introduce a model of on-device efficiency of the compressed
model to select the best fit quantized kernels for the model.

Chapter 4 concludes this thesis. We summarize our comprehensive body of research in this

chapter and also make recommendations for future work
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2 R-TOSS: A FRAMEWORK FOR REAL-TIME OBJECT DETECTION USING
SEMI-STRUCTURED PRUNING

ODs used in AVs can have high memory and computational overheads. In this chapter, we
introduce a novel semi-structured pruning framework called R-TOSS that overcomes the
shortcomings of state-of-the-art model pruning techniques. Experimental results on the JetsonTX2
show that R-TOSS has a compression rate of 4.4x on the YOLOVS object detector with a 2.15x
speedup in inference time and 57.01% decrease in energy usage. R-TOSS also enables 2.89 x
compression on RetinaNet with a 1.86 x speedup in inference time and 56.31% decrease in energy
usage. We also demonstrate significant improvements compared to various state-of-the-art pruning

techniques.

2.1 INTRODUCTION AND CONTRIBUTION

In recent years, AVs have received immense attention due to their potential to improve
driving comfort and reduce injuries from vehicle crashes. A report from the National Highway
Traffic Safety Administration (NHTSA) indicated that in 2021, more than 31,720 people were
involved in fatal accidents on U.S. roadways [80]. These accidents were found to predominantly
be caused by distracted drivers who contributed to ~94% of them. AVs can help mitigate human
errors and avoid such accidents with the help of their superior perception systems. A perception
system helps AVs understand their surroundings with the help of an array of sensors that can
include Lidars, Radars, and Cameras. Object detection is an important component of such
perception systems [17]. AVs must process a huge amount of data in real-time to provide precise
corrections to the vehicle controller to maintain its course, speed, and direction. To assist with

vehicle path planning and control, AVs rely on ODs to provide information about the obstacles in
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their surroundings. These ODs must satisfy two important conditions: 1) maintaining high
accuracy, and 2) providing inference in real-time (~tens of milliseconds). In recent years
researchers have been able to design machine learning models for object detection with high
accuracy, but these models are generally very compute-intensive and often combined with sensor
fusion task which helps in providing the input to these models by combining data from various
sensors [81][106]. Apart from these ODs Avs also must process immense data as a part of the
Advance Driver Assistance System (ADAS) for operation safety and security such as in-vehicle
communication and vehicle-to-x (V2X) protocols which can increase the computational cost and
power usage [82][97][104]. This is a challenge because onboard computers in AVs are resource-
constrained, with strict limits on power dissipation and computational capabilities. Object
detection is a compute and memory-intensive task involving both classification and regression.
Typically, all machine learning based ODs can be classified into two types: 1) Two-stage detectors
and 2) Single-stage detectors. Two-stage detectors consist of a two-stage detection process that
involves a region proposal stage and subsequent object classification stage. The regional proposal
stage often consists of a Regional Proposal Network (RPN) which proposes several Region of
Interests (ROISs) in an input image (e.g., from a camera sensor in an AVs). These ROIs are used to
classify objects in them. The objects are then surrounded by bounding boxes to localize them.
Examples of two-stage detectors include R-CNN [28], Fast R-CNN [29], and Faster R-CNN [30].
In contrast to two-stage detectors, single-stage detectors use a single feed-forward network which
involves both classification and regression to create bounding boxes to localize objects.
Singlestage detectors are lightweight and faster than two-stage detectors. Some examples of single-
stage detectors are YOLOVS [37] (You Only Look Once), RetinaNet [35], YOLOR [38], and

YOLOX [39]. Unfortunately, even single-stage detectors are compute and memory intensive, so
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deploying and executing them on embedded and IoT boards in AVs remains a bottleneck [83]. To
address this bottleneck, many techniques have been proposed in recent years, such as pruning,
quantization, and knowledge distillation, to compress and optimize object detector execution, with
an emphasis on improving inference time while preserving model accuracy. Pruning techniques in
particular have been shown to be very effective in increasing the sparsity of object detector models,
by carefully removing redundant weights that do not impact overall accuracy. Such sparse models
require fewer computations, and can be compressed to reduce latency, memory, and energy costs.
In this chapter, we introduce the R-TOSS object detector pruning framework to achieve efficient
pruning of ODs used in AVs. Unlike traditional pruning algorithms that can generally be classified
as structured pruning [90]-[94] or unstructured pruning [84]-[89], we utilize a more niche approach
that involves semi-structured pruning. Our approach involves applying specific kernel patterns to
prune convolutional kernels and associated connectivity. The novel contributions of our proposed
pruning framework for ODs are as follows:

e An approach for reducing computational cost of iterative pruning by using depth first
search to generate parent-child kernel computational graphs, to be pruned together,

¢ A pruning technique to prune 1x1 kernel weights to increase achievable model sparsity,

e An implementation of kernel pruning without connectivity pruning, to preserve kernel
information for inference, that can help retain model accuracy,

e A detailed comparison against multiple state-of-the-art pruning approaches to showcase
the effectiveness of our novel framework, in terms of mAP, latency, energy usage, and achieved
sparsity.

The rest of the chapter is organized as follows: Section 2.2 provides a detailed background

in terms of state-of-the-art object detector models and pruning techniques; Section 2.3 describes
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the motivation for this work; Section 2.4 introduces our framework and provides a deep dive into
the algorithms proposed; Section 2.5 showcases our experimental results, and Section 2.6 presents

our conclusions.

2.2 BACKGROUND AND RELATED WORK

2.2.1 OBJECT DETECTORS

ODs are used in AVs for various tasks such as traffic sign and traffic light recognition, lane
recognition, vehicle tracking, etc. These ODs can be classified into two categories, twostage and
single-stage detectors. To evaluate an object detector, irrespective of the category, mean average
precision (mAP) and intersection over union (IoU) metrics are used. mAP is the mean of the ratio
of precision to recall for individual object classes, with a higher value indicating a more accurate
object detector. IoU measures the overlap between the predicted bounding box and the ground

truth bounding box.

2.2.1.1 TWO-STAGE OBJECT DETECTORS

Two-stage detectors use a two-stage process consisting of a region proposal and object
classification. RCNN [28] was one of the first deep learning-based ODs to be proposed. The
algorithm’s novelty came with an efficient selective search algorithm for ROI proposals, which
dramatically decreased the overall number of regions needed to be processed. The regions were
fed into a convolutional neural network (CNN) for feature extraction. The CNN output was sent
to a support vector machine (SVM) for classifying the object in the region. Even though the
reduction in ROI proposals was revolutionary in terms of minimizing inference, the R-CNN
algorithm cannot infer in real time, as it takes ~40s to process a single input image. To address the

latency challenge, the same authors proposed Fast R-CNN [29]. In Fast R-CNN, a CNN is used to
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generate convolution feature maps of the input images rather than for feature extraction. The
feature maps are used for ROI identification and the ROIs are warped to squares using a pooling
layer, which is further transformed into a vector to be fed into a fully connected (FC) layer. The
feature vector from the FC layer is used for object class prediction in the ROI, using a softmax
layer, and a bounding box regressor is used for coordinating prediction. Fast R-CNN exhibited
inference speeds around ~2s, significantly faster than R-CNN, but the latency is still high, making
it unusable in a real-time scenario. Faster R-CNN [30] tackled the high latency caused by the
region proposal mechanism in both the prior R-CNN works, by directly feeding the image to the
CNN and letting the CNN learn to perform ROI prediction. This remarkably reduced the latency
to ~0.2s. Despite their desirable accuracies, two-stage detectors are bulky and have best case
latencies in the hundreds of milliseconds on highend GPUs. These latencies and resource

overheads make them impractical for embedded real-time use cases, such as in AVs.

2.2.1.2 SINGLE-STAGE DETECTORS

Single-stage detectors are much faster than two-stage detectors because they use a single
feed-forward network without any intermediate stage for ROI proposals. The YOLO algorithm
was revolutionary when it came out in 2016 as it reframed object detection as a single-stage
regression problem, from image feature extraction, to bounding box generation, and object
classification. The follow-up variants of YOLO made it faster and more accurate while preserving
the single shot detection philosophy. YOLOv4 introduced two important techniques: bag of
freebies’ (BoF) which involves improved methods for data augmentation and regularization during
training and ‘bag of specials’ (BoS) which is a post processing module that leads to better mAP
and faster inference [36]. YOLOvS [37] proposed additional data augmentation and loss

calculation improvements. It also used auto-learning bounding box anchors to adapt to a given
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dataset. Even though YOLO models provide good inference speed, they have a class imbalance
problem when detecting small objects. This issue was addressed in the RetinaNet [35] detector
that used a focal loss function during training and a separate network for classification and
bounding box regression. Table 4 shows a comparison of various two-stage and single stage ODs

on the COCO dataset [95].

Table 4 Metrics comparison of two-stage vs single-stage detectors

Name Type mAP Inference rate (fps)
R-CNN [13] two-stage 42% 0.02
Fast R-CNN [14] two-stage 19.7% 0.5
Faster R-CNN [15] two-stage 78.9% 7
RetinaNet [20] single-stage 61.1% 90
YOLOv4 [21] single-stage 65.7% 62

While single-stage detectors are faster than two-stage detectors, they still incur significant
inference times when deployed on an embedded board. To further reduce latency, model
compression techniques, such as pruning, quantization, and knowledge distillation, are essential to
consider. Quantization requires specialized hardware support for efficient deployment, which may
not be available on embedded boards. Knowledge distillation requires the student model to be
robust in order to absorb and retain the information from the teacher model, which requires both
time and complex computation. Compared to its counterparts, pruning is neither computationally
complex nor hardware bound, so we focus on pruning for accelerating object detector inference in

this work.

2.2.2 DNN MODEL PRUNING

Pruning an object detection model aims to reduce model footprint and computational

complexity by removing weight parameters from the model using some criteria. Consider a deep
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learning model with L,,number of layers. The most compute-intensive operation of a deep learning
model is the Convolution (Conv) layer. If each Conv layer has k, number of kernels with W,
number of non-zero weights, during inference, the computational cost of the model is a function
of (W, X k,, X L,). This computational cost increases dramatically as the parameters involved
increases, as is the trend in modern deep learning models. By performing parameter pruning, we
can induce sparsity in the model which will decrease the parameters in W, and through kernel
pruning we can also decrease k,. This decreases the overall computational cost. Emerging
computing platforms provide software compression techniques [98] which can compress the input
and weight matrices in response to the presence of zero valued (pruned) parameters, thus skipping
them entirely during model execution. The skipping operation may optionally also be performed
by the hardware with specifically designed hardware [99]. Pruning approaches from prior work
can be classified into three major categories: unstructured pruning, structured pruning, and semi-

structured or pattern-based pruning.

2.2.2.1 UNSTRUCTURED PRUNING

In unstructured pruning, redundant weights (Figure. 11(a)) are pruned opportunistically,
while keeping the loss to minimum which helps in retaining the accuracy of the model. Several
unstructured pruning schemes have been proposed, such as: 1) weight magnitude pruning, that
focuses on replacing a set of weights below a predefined threshold to zero [84], [85]; 2) gradient
magnitude pruning, that prunes a set of weights whose gradients are below a predefined threshold
[86], [87]; 3) synaptic flow pruning, which is an iterative pruning technique that uses a global
scoring scheme and prunes a set of weights until the global score drops below a threshold [88]; 4)
second order derivative pruning, that calculates the second order derivative of weights by replacing

a set of weights by zero and keeping the loss of the network close to the original loss [89]. These
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approaches negatively impact thread level parallelism due to the load imbalance caused by
different levels of sparsity across weight matrices. Irregular sparsity also affects memory
performance due to changes it creates in data locality, leading to reduced benefits from caching

across various platforms (GPUs, CPUs, TPUs).

Pruned weights Unpruned weights
Filter |  Filter 2 Filter 3

=y

[Laver Filters

B33

(b) Channel pruning

=S et

(d) Pattern pruning

(a) Unstructured pruning

(¢) Filter pruning

Figure 11 Illustration of different pruning methods

2.2.2.2 STRUCTURED PRUNING

In structured pruning, an entire filter (Figure. 11(c)) [90]-[92] or consecutive channels
(Figure. 11(b)) [93], [94] are pruned, to increase sparsity of the model. Filter/channel pruning
provides a more uniform weight matrix and reduces the size of the model. The reduced matrix
sizes help in reducing the number of multiply and accumulate (MAC) operations compared to that

of unstructured pruning. However, structured pruning also decreases the accuracy of the model
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since weights that can be contributing to the overall accuracy of the model will also be pruned
along with the redundant weights. Structured pruning can also be used with acceleration platforms
like TensorRT [96]. Unlike unstructured pruning, due to the uniform nature of the weight matrix,
structured pruning can better utilize the hardware acceleration provided by various platforms in

terms of memory and bandwidth [92], [94].

2.2.2.3 SEMI-STRUCTURED PRUNING

Semi-structured pruning, also called pattern pruning, is a combination of structured pruning
and unstructured pruning schemes (Figure. 11(d)). This type of pruning utilizes kernel patterns
that can be used as a mask on a kernel. A mask prevents the weights it covers from being pruned,
inducing partial sparsity in a kernel. By evaluating the effectiveness of the pruned kernel, by
utilizing L2 norm for example, the most effective pattern masks can be identified and deployed
during inference. Since the kernel patterns can only prune a fixed number of weights inside a
kernel, they will induce lesser sparsity than that of its counterparts [100], [101]. To overcome this
issue, pattern pruning is applied together with connectivity pruning which prunes some of the
kernels entirely. However, most modern ODs have a large number of 1X1 kernels which contain
redundant weights that are not pruned during this process. This is because, pattern pruning
techniques typically focus on kernels with sizes 3x3 and above, that have more candidate weights
for pruning. Connectivity pruning also reduces the accuracy of the model since several important
weights in a particular kernel are also removed during this process. However, kernel pattern
pruning due to its semi-structured nature can still leverage hardware parallelism to reduce

inference times of the model [101].
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2.3 MOTIVATION

ODs designed for use in AVs require high accuracy, but consequently, these models also
have overheads such as a large memory footprint and higher inference time [108]. To overcome
these issues, we need to come up with a model that can be lightweight and can achieve high
accuracy. Single-stage detectors such as YOLOVS, RetinaNet, Detection Transformer (DETR),
and YOLOR are good starting points to achieve real-time object detection goals, but these models
still have a high memory footprint which can decrease model performance. Table 5 summarizes

the inference time as the size of the object detector model increases, on a Jetson TX2 platform.

Table 5 Comparison of model sizes vs. execution time

Models Number of parameters (Millions) Execution time (sec)
YOLOVS5 [64] 7.02 0.7415
YOLOX [24] 8.97 1.23
RetinaNet [20] 36.49 6.8
YOLOV7 [86] 36.90 6.5
YOLOR [23] 37.26 6.89
DETR [84] 41.52 7.6

In order to reduce latency of operation, while retaining model accuracy a pruning technique
can be employed. Among pruning techniques, pattern-based semi-structured pruning can offer
better sparsity over unstructured pruning, while ensuring better accuracy than structured pruning
techniques. Semi-structured pruning also allows for more regular weight matrix shapes, allowing
the hardware to better accelerate the model inference. Simultaneously, it does not prune entire
kernel weights, unlike structured pruning, thus retaining more information and, hence ensuring
better accuracies. Therefore, pattern-based pruning techniques can generate models with high

sparsity and high accuracy, ideally.
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Figure 12 An overview of the proposed R-TOSS pruning framework

However, a caveat of pattern-based pruning, which limits the achievable sparsity and hence

the inference acceleration benefits, is that current techniques primarily focus on 3x3 kernels. Most

63.46% of small 1x1 kernels, respectively. So, to increase the sparsity of such models, pattern-
based pruning techniques sometimes employ connectivity pruning on these 3x3 kernels [100]. But
the ‘last kernel per layer’ criteria used in connectivity pruning contributes to loss of important

information which can affect the accuracy of the model. So, we elect to avoid connectivity pruning

state-of-the-art models such as YOLOVS5, RetinaNet and DETR consist of 68.42%, 56.14% and

in our pruning framework. Moreover, this technique still does not address the 1x1 kernels, which
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constitute a significant portion of the kernels, as mentioned above.

ALGORITHM 1: LAYER GROUPING USING DFS

Inputs: Pretrained model (M)

1: compute the computational graph (G) of the pretrained model
2: group_list — O

3: for /in M:

4: | apply DFS with G and find parent [1,] of M[l.]

5: | if group_list[1,/0]] then
6.

7

8

| group_list[l,] «— M([I.]

else
: group_list[l,] < 0
9: group_list[l,] «<— M[l.]
10: | end

11: end
Output: a list of parent-child layer groups (group_list)

To address these shortcomings, we propose a three-step pruning approach to prune 1X1
kernels: 1) group 1x1 kernels to form 3x3 temporary weight matrices; 2) apply kernel pattern
pruning on these weight matrices; 3) decompose the temporary weight matrices to 1x1 kernels and
reassign to their original layers. Our approach thus increases the sparsity of the model while

preserving important information which contributes to the accuracy of the model.

2.4 R-TOSS PRUNING FRAMEWORK

In this section, we describe our novel R-TOSS pruning framework and detail how we have
implemented the previously mentioned improvements to the kernel pruning technique on the
YOLOVS and RetinaNet ODs. A straightforward approach to pruning, while retaining much of the
original performance of the model, is to adopt an iterative pruning approach. But this is a naive
approach as an iterative approach can quickly become unwieldy in terms of computational cost

and time requirement as the model sizes increase. As mentioned in Section 2.3.3, the model sizes
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of modern ODs are increasing, but for many application spaces which employ them, such as AVs,

their accuracy cannot be compromised.

ALGORITHM 2: 3x3 KERNEL PRUNING

Inputs: 3x3 Kernel Weights (Kw)
1: shape < Kw.shape

2: kernel_patterns_dict < patterns used to prune the kernel.
3: for i in range (shape[0]):

4: |for jin range (shape[l]):

5: temp_kernel = Kwl(i, j, :, :].copy()

6: L2_dict — @

7 for key, pattern in kernel_patterns_dict.items():
8: for index in pattern:

9: L2 _norm = L2.norm(temp_kernel)

10: L2 _dict[key] = L2_norm

11: bestfit < best fit pattern for the kernel in terms of L2norm
12: for index in patterns_dictl[bestfit]:

13: | Kwli, j, index[0], index[1]] = 1

14: end

15: end

16: end

17: | end

18: end

Qutputs: Pruned 3x3 kernels.

Our R-TOSS framework (Figure 12) adopts an iterative pruning scheme with several
optimizations for reducing computational cost and time overheads. We start by using a depth first
search (DFS) algorithm which is used to find the parent-child layer couplings within the model.
The parent-child graphs thus obtained are used to reduce the computation requirements for
pruning. The reduction in computation costs happens as the pruning at the parent layer is reflected
in its child layers within the graph. We follow up DFS with identifying the 3x3 and 1x1 kernels
within the sub-graphs and applying kernel size specific pruning to them. These algorithms are

discussed in detail, in the following subsections.
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Figure 13 Illustration of kernel patterns

2.4.1 DFSALGORITHM

Algorithm 1 shows the pseudocode for the DFS algorithm. Using the pretrained model as
input, we compute the computational graph (G) using the gradients obtained from
backpropagation. An empty list (group_list) is initialized (line 2) to store the parent-child layer
groups. We then traverse the model layers (1) and apply DFS search on the computational graph G
to identify the parent of that layer. If a layer does not have any parent layer, then we assign that
layer as its own parent layer (Ip) (lines 7-9) and this becomes a group. If a layer is identified as
the child layer (Ic) to any layer in the group_list (line 5) then this layer now becomes the parent
layer (Ip) of the child layer (Ic) and added to that group (lines 5—6). Each parent layer (Ip) can have
multiple child layers (Ic) but each child layer can only have one parent layer (Ip). This process
continues until all the layers are assigned to a group. Since layers in each group have coupled
channels in them, they also share their kernel properties, hence they can share the same kernel

patterns.

2.4.2 SELECTING KERNEL PATTERNS

We generate pattern masks in all possible combinations via standard combinatorics, using

the following equation:
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n n!

n(k) = (k) IR (D

where, n is the size of the matrix and & is the size of the pattern mask. We then narrow down

the number of kernel patterns used, using the following two criteria: 1) we drop all patterns without
adjacent non-zero weights; this is done to keep the semi-structured nature of the kernel patterns;
2) we select the most used kernel pattern by calculating the L2 norm of the kernel using random
initiations in the range [-1, 1]. The value of k can range from 1 to 8, which can generate 8 different
types of pattern groups. To increase the sparsity level of the model, the number of non-zero weights
in a pattern should be low. Prior work [100], [101] on kernel pattern pruning has used 4-entry
patterns that consist of 4 non-zero weights in a kernel. But this leads to models with relatively low
sparsity and to overcome this issue the authors of these works have utilized connectivity pruning.
Due to the drawbacks of connectivity pruning discussed in Section II, we propose to use 3-entry
pattern (3EP) and 2-entry pattern (2EP) kernel patterns, which uses 3 and 2 non-zero weights

respectively, in our R-TOSS framework.

2.4.3 3x3 KERNEL PRUNING

Algorithm 2 shows the pseudocode of the 3x3 kernel pattern pruning using the kernel
patterns, illustrated in Figure 13. We start by using the 3x3 parent kernels weights (Kw) from
Algorithm 1 as input and initializing a variable (shape) to store the shape of the kernel weights
(line 1). We also create a pattern dictionary (kernel_patterns_dict) consisting of 3EP (Figure 13(a))
and 2EP (Figure 13(b)) patterns (line 3). We then traverse the 3x3 kernels and store the weight

matrices of the current 3x3 kernel in the layer as temp_kernel (line 5).
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ALGORITHM 3: 1x1 KERNEL POOLING
Inputs: /xI Kernel Weights (Kw)

lI: FL—Q

2: FL = [wforkin Ky, forwin K]
3: temp_array — @

4: Kj <0

5: foriin range (0, length(FL), 9):
6.

7

8

9

tl—@

tl = FL[i:i+9]

if t1.shape[0] == 9 then

: tl = tl.reshape(3,3)

10: L2_norm_array.append(L2norm(tl,2))

11: temp_array.append(tl)
12: | else
13: temp_array.append(t1=0)

14: | Apply 3x3 kernel pruning on temp_array using Algorithm 2
15: | temp_array = output weight matrices from Algorithm 2

16: | Reshape temp_array to 1x1 and append to Kw

17: end

Outputs: pruned IxI kernel

We then initialize an empty list (L2_dict) that can store the L2 norm of the temp_kernel after
applying the kernel pattern from the pattern dictionary. We then iterate through the kernel pattern
in the kernel_patterns_dict and calculate the L2norm of the kernel after applying the kernel
pattern. This L2norm is stored in the L2_dict list along with the key of the current pattern from the
kernel_patterns_dict (lines 7-10). We then find the best kernel pattern for the temp_kernel by
using the L2norm value from the L2_dict and store the index of the kernel pattern in the bestfit
variable (line 11). The index from bestfit is now used as the kernel pattern for the kernel and
updated to its original weight matrices K, (lines 12-14). We then iterate through all the kernels in
the parent layer and store this as the kernel mask for the rest of the 3x3 kernels in the parent layer

group (/p) from Algorithm 1.

Once suitable patterns for the parent kernels are found, those patterns are also applied to the
corresponding children, by utilizing the convolution mapping. We also apply this pattern matching
approach to the 1x1 kernels by performing a 1x1 to 3x3 kernel transformation (see Section 2.4.4).
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Since we apply the same kernel mask to all the kernels in a particular group, we can reduce the
time taken by the framework to prune the entire model. From experiments, we reduced the total
number of patterns required to 21 patterns. Since we have only 21 pre-defined kernel patterns at
inference, the kernels with similar patterns are grouped together, which can reduce the overall
computational cost and speed up inference.

Table 6 Table showing sensitivity analysis of R-TOSS framework in terms of induced
sparsity, mAP, and inference time for YOLOvSs and RetinaNet

YOLOVSs RetinaNet
Entry pattern
variant  |Reduction mAP Inference| Energy | Reduction mAP Inference | Energy
ratio Time (ms)| Usage (J) ratio Time (ms) |Usage (J)

R-TOSS-5EP 1.79x | 72.6 | 11.09 0.97 1.45x% 66.09 157.24 14.27
R-TOSS-4EP 2.2x  |70.45| 10.98 0.91 1.6x 75.8 150.58 13.62
R-TOSS-3EP 29%x |78.58| 6.9 0.478 2.4x% 79.45 72.98 6.45
R-TOSS-2EP 44%x 7642 6.5 0.454 2.9% 82.9 64.83 5.50

2.4.4 Ix1 KERNEL TRANSFORMATION

By performing 1x1 to 3x3 transformation we remove connectivity pruning from kernel
pruning. This can ensure we can maintain the accuracy of the model and mitigate losses that arise
from connectivity pruning. 1x1 kernel pruning can also speedup inference by grouping similar
kernel patterns together.

Algorithm 3 shows the pseudocode for performing 1x1 kernel pruning. We start by using
I1x1 kernel weights K,, from the parent layer from Algorithm 1 (group_list) as input. We then
initialize a list FL that is used to store the flattened 1x1 kernel weights from K,, (lines 1-2).

Subsequently, a temp_array for storing the temporary weight matrices is initialized. We iterate
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through the flattened array FL and group every 9 weights in the list into 3x3 temporary weight
matrices that are stored in temp_array (lines 5-11). This process continues till we reach the end of
the list or if the values are less than 9. At this point the left-over weights are considered as zero
weights and pruned (line 13). We then use Algorithm 2 to perform 3x3 kernel pruning with the
temporary 3x3 weight matrices from femp_array (line 14). The output matrices from Algorithm 2
are stored back into temp_array which is transformed back into 1x1 kernels and appended back

into the original 1x1 kernel weights (lines 15-16).

2.5 EXPERIMENTS AND RESULTS

In this section, we evaluate our proposed R-TOSS framework on Nvidia RTX 2080Ti and
Jetson TX2 platforms in terms of sparsity, mAP, accuracy, and energy usage of the model pruned

using our framework and compare it to state-of-the-art pruning techniques.

2.5.1 EXPERIMENTAL SETUP

Our framework is implemented on YOLOvS5s, which is a smaller variant of the well-known
YOLOVS with 25 layers and 7.02 Million parameters [37] and RetinaNet that consists of 186 layers
and 36.49 million parameters [35]. We implemented ODs with our R-TOSS framework using
Python and Pytorch and trained them on an NVIDIA RTX 2080Ti GPU [106]. The trained
framework is then evaluated using the RTX 2080Ti GPU and also deployed on a Jetson TX2 [107]
embedded Al computing device. We use the KITTI automotive dataset [62], with an input image
frame size of 640X 640, and a split of 60:40, for training and inference, respectively. The KITTI
dataset is a widely used dataset comprised of traffic scenes, making it ideal for AV perception
model training. We measure inference times across models in terms of milliseconds (ms) and the

mAP with an IoU threshold of 0.5 AP@][.5:.95].
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Figure 14 Comparison of sparsity achieved using different frameworks

2.5.2 SENSITIVITY ANALYSIS ON R-TOSS PRUNING FRAMEWORK

We performed a sensitivity analysis study on our R-70OSS framework to determine the impact
of considering different sizes of kernel patterns. Table 3 shows the results of the study, performed
on the RTX 2080Ti. We explored 4-entry patterns (R-TOSS-4EP) and 5-entry patterns (R-70OSS-
SEP), with 4 and 5 nonzero weights in a kernel, respectively, along with our 3EP and 2EP patterns
discussed in Section 2.4. From the results it can be seen that while R-TOSS-2EP performs better
in terms of sparsity induced, inference time, and energy usage on YOLOVSs, it has lesser mAP
than when using R-TOSS-3EP. We can also observe that 2EP performs better in terms of sparsity
induced, mAP, inference time, and energy usage on the RetinaNet model. The performance
improvement in terms of inference time and energy usage is due to the higher sparsity achieved of
the models. The results indicate that our proposed R-TOSS-3EP and R-TOSS-2EP pruning

frameworks can provide faster and more accurate results than that with the 4EP and 5EP variants
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of R-TOSS. In the next subsection, we compare the performance of 3EP and 2EP variants of R-

TOSS with other state-of-the-art pruning frameworks.
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Figure 15 Comparison of mAP achieved using different frameworks

2.5.3 COMPARISON RESULTS WITH OTHER PRUNING FRAMEWORKS

We compared the R-TOSS-3EP and R-TOSS-2EP with a Base Model (BM) which does not
use any pruning, PATDNN (PD) [100] which is a pattern-based pruning technique that uses a 4
entry pattern on 3x3 kernels along with connectivity pruning to increase sparsity, Neural Magic
SparseML (NMS) [85] which is an unstructured weight pruning approach that uses the magnitude
of the weights in a layer, with the weights below a threshold being pruned, Network Slimming
(NS) [94] which uses channel pruning in which a channel is pruned based on a scaling factor for
the channel in a layer, Pruning filters (PF) [73] which performs filter granularity weighted pruning,
where the total sum of filters weights is calculated and filters below a corresponding threshold are

pruned [73], Neural pruning (NP) [92] which uses a combination of filter pruning along with
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unstructured weight pruning where L1 norm is used to perform weight pruning and L2

regularization is used to perform filter pruning.
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Figure 16 Comparison of speedups achieved in (a) YolovS and (b) RetinaNet models after
using the pruning frameworks

Figure 14 shows the comparison of the sparsity ratio with other pruning frameworks from
prior work, with results normalized to the baseline model BM. It can be observed that our proposed
R-TOSS-2EP framework achieves very high sparsity across both object detector models. We were
able to achieve approximately 2.9x and 4.4x compression on the YOLOvVSs model with R-TOSS-
3EP and R-TOSS-2EP, respectively. Similarly, a 2.4x and 2.9x improvement in compression ratio
was achieved for RetinaNet with R-TOSS-3EP and R-TOSS-2EP, respectively. Figure 15 shows
the mAP comparison. One can observe that R-TOSS-3EP and R-TOSS-2EP were able to achieve
an mAP of 79.45 % and 82.9% on RetinaNet which is 8.06% and 10.98% better than the best
performing framework from prior work (NMS). For YOLOVS5s, the R-TOSS-3EP variant was

outperformed slightly by the PD framework.
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Figure 17 Comparison of reduction in energy usage achieved in (a) YolovS and (b) RetinaNet
models after using the compression frameworks

Our inference time results in Figure 16 show that RTX 2080 Ti, R-TOSS-3EP and R-TOSS-
2EP were able to achieve a 1.86x and 1.97x speedup in execution time for YOLOv5s and a 1.87x
and 2.1x speedup on RetinaNet compared to BM. We also outperform the best performing prior
work framework (PD) by 8% and 13.3% for YOLOVS5s and 43.3% and 49.6% for RetinaNet with
R-TOSS-2EP and R-TOSS-3EP, respectively. Similarly, on Jetson TX2, R-TOSS-3EP and R-TOSS-
2EP were able to achieve a 2.12x and 2.15x speedup in inference time on YOLOvS5s model and
1.56x and 1.87x speedup on RetinaNet compared to BM. R-TOSS-3EP and R-TOSS-2EP also
outperformed PD with 2.6% and 4.27% faster execution time on YOLOVS5s and 5.94% and 21.62%
on RetinaNet.

The models pruned using our framework also perform better in terms of energy
consumption. Figure 17 shows the comparison of reduction in use of energy among various
frameworks on both YOLOvVSs and RetinaNet. For YOLOvSs, R-TOSS-2EP and R-TOSS-3EP

were able to achieve 45.5% and 48.23% energy reduction over BM and a 6.5 % and 11.2% energy
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reduction over PD on RTX 2080Ti; and on the Jetson TX2 they achieved 54.90% and 57.01%
reduction over BM and 1.84% and 6.43% reduction over PD. We also observed similar trends on
RetinaNet, with 48% and 55.75% reduction of energy usage over BM and 42.46% and 50.97%
reduction over PD on RTX 2080 Ti; as well as 56.31% and 70.12% reduction over BM and 18.26%

and 44.10% reduction of energy usage over PD on Jetson TX2.
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Figure 18 Comparison of inference output with other pruning techniques on KITTI
automotive dataset using RetinaNet

S

Figure 18 illustrates the performance of different frameworks on a test case from the KITTI
dataset. From the results it can be observed that R-TOSS-2EP especially retains the ability to detect
tiny objects (the car in this example), along with better confidence scores than NP and PD. As AVs
rely on fast and accurate inference to take time critical driving decision, R-TOSS can help achieve
both speed and accuracy while keeping the energy usage lower than that of other state-of-the-art

pruning techniques we have compared with.
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2.6 CONCLUSION

In this chapter we proposed a new pruning framework (R-70SS) that can outperform several
state-of-the-art pruning frameworks in terms of compression ratio and inference time. We were
also able to increase the mAP of the ODs compared to the mAP of the baseline models. Overall,
our framework achieves significant compression ratios while improving mAP performance on two
state-of-the-art object detection models, YOLOvSs and RetinaNet. The proposed framework
achieves these results without any compiler optimization or additional hardware requirement.
Experimental results on JetsonTX2 show that our pruning framework has a model compression
rate of 4.4x on YOLOvS5s and 2.89x on RetinaNet while outperforming the original model as well

as several state-of-the-art pruning frameworks in terms of accuracy and inference time.
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3 UPAQ: A FRAMEWORK FOR REAL-TIME AND ENERGY-EFFICIENT 3D
OBJECT DETECTION IN AUTONOMOUS VEHICLES

3.1 INTRODUCTION AND CONTRIBUTION

AVs are essential for enhancing transportation efficiency and significantly reducing crash-
related injuries and fatalities [80]. Emerging AVs rely on advanced perception systems—
integrating object classification, 3D positioning, and object detection using sensors like LiDARs
and cameras. In particular, ODs play a vital role in emerging AVs, being responsible for perceiving
an AV’s surrounding environment based on captured sensor data and serving as the foundation for
the subsequent decision making process. Given their relevance in ensuring safety and executing
safety-critical tasks, ODs must deliver high accuracy and achieve real-time inferences within tens
of milliseconds [109]. While there have been many advances in ODs accuracy in recent years,
these improvements have increased memory footprint and computational overheads on embedded
AV platforms [17]. These embedded platforms in AVs also need to process data from multiple on-
board systems, V2X communication, and infotainment, which escalates computational demands
and reduces power headroom [110]. Modern AVs are increasingly relying on rich 3D data, referred
to as pointcloud data, from their sensors and utilizing 3D ODs which can provide depth, size, and
location information that 2D ODs cannot. Recent advances have led to complex 3D ODs
leveraging sophisticated algorithms for improved accuracy [111]. However, this complexity
increases memory usage and computational efficiency compared to the best 2D ODs, reducing
real-time performance. To tackle this challenge, advanced model compression techniques have

emerged, including pruning, quantization, knowledge distillation, and low-rank factorization
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[112]. Among these, pruning stands out for its extensive application in machine learning,
increasing parameter sparsity and significantly reducing computational costs [110]. However,
conventional pruning methods fall short when considering essential performance metrics such as
latency, memory usage, and energy consumption during model execution [113]. This highlights
the need for more effective solutions to enhance 3D ODs performance. In this chapter, we present
the UPAQ framework, designed for efficient 3D ODs compression, via a two-tier compression
technique, which leverages kernel pruning and kernel quantization. Central to our approach is a
novel model optimization strategy which optimizes the model sparsity and bitwidths while
preserving overall accuracy. The novel contributions of our UPAQ framework are as follows:

e A model compression approach that retains key feature maps and performs high accuracy
real-time 3D object detection with both 3D pointcloud LiDAR data and 3D camera data,

e A kernel transformation approach for quantizing and pruning 1x1 kernels for better
generalization of 3D pointcloud features,

e A hybrid approach for mixed precision quantization with semi-structured pruning for
improved accuracy retention,

¢ A model of on-device efficiency of the compressed model to select the best fit quantized
kernels for the model,

e A detailed comparison with state-of-the-art ODs pruning and quantization methods,
demonstrating the effectiveness of our framework in terms of mean average precision (mAP),

latency, energy efficiency, and sparsity.
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3.2 RELATED WORK

Before the emergence of 3D ODs, object detection was largely handled through 2D ODs.
2D ODs function by generating bounding boxes on a two-dimensional plane defined by four
coordinates: [xmin, ymin, xmax, ymax]. There are two main categories of 2D ODs. Two-stage
detectors operate in two steps, first generating region proposals and then classifying those
proposals. Examples include Fast R-CNN [29] and Faster R-CNN [30]. These models are
extremely resource intensive [114] and have low throughput due to the separate stages involved in
object recognition. Single-stage detectors are designed for low latency, functioning with a single
feed-forward network. Examples include RetinaNet [35] and YOLOX [39]. However, all of these
(and other) 2D ODs models do not possess the ability to perceive depth and cannot utilize the 3D

data that a modern sensor suite in AVs can provide.

Pedestrian

| |
Figure 19 3D object detection example on SMOKE (left) and Pointpillars (right)

3D ODs address the limitations of their 2D counterparts by offering bounding boxes with
nine degrees of freedom, incorporating three positional, three dimensional, and three rotational
parameters. 3D ODs typically rely on LiDAR pointclouds, RGB cameras, or a combination of
these to enhance their ability to interpret their surroundings. Pointcloud-based 3D ODs models
utilize LiDAR data in a 3D coordinate system, offering high detection accuracy, especially for
hard-to-detect objects. These models can process 3D LiDAR data directly (e.g., PointNet [115])

or convert it to 2D (e.g., PointPillars [116]), though the latter may lose features for higher
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throughput. RGB camera-based 3D ODs models use images for semantic information but lack
depth information. So, they typically employ a two-step process of 2D detection followed by 3D
bounding box conversion. Examples include Monoflex [117] and SMOKE [118], which are
computationally simpler than pointcloud-based models but less accurate, as shown in Figure 19,
where SMOKE is unable to detect many objects in the foreground and background. However, even
though pointcloud-based 3D ODs models offer higher precision outputs, they have higher
computational complexity and a large memory footprint. A few prior efforts have devised
lightweight neural networks for ODs, such as SECOND [119] which uses a sparse voxel grid,
Focals Conv [120] which uses sparse convolutional layers to speed up inference of pointclouds by
focusing on regions with significant data, and VSC [121] which uses a virtual convolution to
efficiently process sparse pointcloud data. However, there are still significant challenges to
overcome, including the need to more aggressively optimize memory usage and computational
efficiency while ensuring high accuracy in diverse and complex environments. The trade-offs
between model size and performance (see Table 7) remain critical, particularly as applications
demand real-time processing capabilities. Therefore, ongoing research must not only enhance the
architecture of sparse networks but also develop advanced techniques for compression,

generalization, and robust multimodal integration to further advance the field of real-time 3D ODs.

Table 7 Comparison of 3D ODs model sizes vs execution time

Models Number of parameters (Millions) Execution time (ms)
PointPillar [116] 4.8 6.85
SMOKE [118] 19.51 30.65
SECOND [119] 5.3 9.83
Focals Conv [120] 13.70 26.5
VSC [121] 24.5 40.56
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Prior works such as Ps and Qs (PQ) [122], Clip-Q [123], LIDAR-PTQ [124], and R-TOSS
[125] have proposed utilizing quantization and/or unstructured and structured model pruning
techniques to compress models and reduce their overheads. The authors in [106] employ
Quantization-Aware Training (QAT) with unstructured pruning, but their approach has long
training times and reduced model stability. The approach in [123] also combines QAT with
unstructured pruning. However, it lacks efficient convergence techniques for balancing accuracy
and latency, utilizing a partitioning approach that focuses on only parts of the model without
considering overall performance. The approach in [124] uses Post-Training Quantization (PTQ)
to convert 32-bit floating-point weights to 8-bit integers, which can enhance the model's inference
throughput, but this also reduces accuracy. A recent work [125] employed semi-structured pruning
with predefined kernel patterns, known as entry patterns (EPs) to trade-off between structured and
unstructured pruning. While promising, the approach lacks the specificity needed to preserve
critical features, and the proposed pruning pattern mapping approach leads to suboptimal
quantizable weight patterns that compromise inference accuracy. Furthermore, the L2-norm used
for selecting the best kernel mask does not adequately account for quantization noise, which further
adversely affects performance. In summary, to improve model performance while minimizing
latency and maintaining accuracy, it is essential to integrate both pruning and quantization
techniques effectively. Integrating advanced pruning with quantization methods that account for
quantization noise, such as adaptive kernel mask selection, can improve model efficiency and
preserve feature extraction accuracy.

Our proposed UPAQ framework implements such an integrated quantization and pruning
approach. Specifically, UPAQ supports a semi-structured pattern-based pruning method alongside

mixed precision quantization. This strategy increases model sparsity more effectively than
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unstructured approaches, preserving critical weights in the kernels for improved accuracy.
Additionally, modern point-cloud-based 3D ODs employ pointcloud-to-pseudo-image conversion
techniques, such as Pillar Feature Networks [115] [116], to decrease computational complexity
during detection. These networks utilize 1x1 convolutional layers to transform and normalize 3D
data into a 2D plane, necessitating high precision. Traditional methods that fix the values of these
Ix1 convolutional layers during quantization can diminish model accuracy in the earlier layers,
leading to overall performance degradation. Our approach addresses this issue by dynamically
adjusting the 1x1 kernel weights, thus preserving accuracy during the detection phase while
simultaneously creating a sparsity-aware quantized model that effectively reduces the overall

footprint.
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Figure 20 Illustration of different pruning methods (a) unstructured pruning, (b) channel
pruning, (c) filter pruning and (d) semi-structured pattern pruning
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3.3 MODEL COMPRESSION BACKGROUND

3.3.1 MODEL PRUNING

Pruning is a widely used model compression strategy that promotes sparsity in neural
networks through various regularization techniques. This method typically reduces both memory
footprint and computational costs while maintaining accuracy. The computational cost of a model

can be expressed as:

Computational cost (C) = (L, X K, X W,) (2)

where L, is the number of convolutional layers, K,, denotes the number of kernels in a layer,
and W, represents the number of non-zero weights. As sparsity in the model increases, the
computational cost (C) decreases. Recent advances in embedded computing platforms have
introduced hardware support for compressing weight matrices during inference, allowing for the
omission of zero weights, thus reducing model latency when pruning is employed [125].

Pruning methodologies can be classified into three primary categories: /) Unstructured
Pruning: This technique selectively prunes weights to minimize model loss while maintaining
accuracy (Figure 20(a)). Algorithms in this category include weight magnitude pruning [126],
gradient magnitude pruning [127], and second-order derivative pruning [128]. However, these
methods can disrupt thread-level parallelism due to load imbalances from varying sparsity levels
and may impair memory performance by altering data access patterns, reducing caching efficiency
on GPUs, CPUs, and TPUs [128], [129]; 2) Structured Pruning: This method systematically
removes entire channels (Figure 20(b)) or filters (Figure 20(c)) to enhance model sparsity. By
creating a uniform weight matrix, filter and channel pruning can significantly reduce multiply-

accumulate (MAC) operations compared to unstructured pruning [129]. Structured pruning can be
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integrated with acceleration frameworks like TensorRT [96], which can use the uniform pruned
structures to optimize hardware acceleration across diverse platforms [130]. However, this
approach often decreases model accuracy, as essential weights may be pruned alongside redundant
ones; 3) Pattern-based Semi-Structured Pruning: This approach combines structured and
unstructured pruning aspects (Figure 20(d)). It uses kernel masks to selectively retain specific
weights, inducing partial sparsity within a kernel. The efficacy of pruned kernels can be evaluated
using metrics like the L2-norm. Since kernel patterns are limited to a fixed number of pruned
weights, they generally achieve lower sparsity than fully structured or unstructured methods.
Connectivity pruning can address this limitation by fully pruning specific kernels [125], [110].
However, pattern pruning often targets kernels of size 3x3 and larger, providing more candidate
weights for pruning. Connectivity pruning can end up reducing model accuracy by removing
critical weights from kernels. Nonetheless, the semi-structured nature of pattern pruning enables

effective hardware parallelism, reducing inference times [125].

3.3.2 MODEL QUANTIZATION

Quantization is a model optimization technique that reduces memory footprint and
computational costs by converting weights (and optional activations) from higher floating-point
precision to lower precision. With advancements in hardware and software, many platforms now
support precision levels as low as 1-bit integers.

Approaches for model quantization can be divided into two types based on when
quantization occurs during model development: 1) Quantization Aware Training (QAT) involves
adding quantization and de-quantization nodes to a fully trained model and retraining it for a set
number of epochs. The model calculates the scale factor and simulates quantization loss,

integrating it into the overall loss function through fine-tuning, which enhances robustness for
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subsequent Post-Training Quantization [131]; 2) Post-Training Quantization (PTQ) quantizes a
fully converged model using various algorithms and precision levels. Quantization can also be
classified into two categories based on how parameters are changed [132]: 1) Integer quantization:
Here a calibration dataset is used to convert 32-bit floating-point parameters to fixed-point integers
(e.g., 8-bit) by calculating the minimum and maximum values of model parameters using the
calibration dataset; 2) Floating point quantization: This method reduces precision from 32-bit to
lower bitwidth (e.g., 16-bit) floating-point tensors, prioritizing model accuracy compared to
integer quantization. In most approaches, a common practice is to quantize all layers in a model to
the same bit-width. However, for many models there is a distinct difference in sensitivity to
quantization from layer to layer. Mixed precision quantization addresses this issue by keeping
more sensitive layers at higher precision while maintaining the rest of the model in lower bits,

effectively improving the performance-efficiency trade-off [132].

34 UPAQ FRAMEWORK

In this section, we describe our novel 3D ODs model compression framework and provide
a detailed algorithmic description of our kernel pruning and quantization techniques. Our
compression framework, UPAQ (Figure 21), combines a semi-structured pattern pruning scheme
with mixed precision quantization, while incorporating various optimizations to reduce
computational costs for 3D ODs models. The UPAQ framework has three stages: pre-processing,

pattern generation, and compression. These are discussed next.

3.4.1 PRE-PROCESSING STAGE

In this first stage, we begin by calculating the computational graph of the pretrained model

M and utilizing the DFES algorithm to determine the computation paths or connected layers. A root
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layer may be shared among multiple leaf layers, which we leverage to significantly lower the
computational cost associated with optimizing the model. UPAQ applies key optimizations to the
root layers, so that they are reflected in the leaf layers through forward passes, rather than
managing individual layers. The preprocessing stage identifies the root layer-leaf layer subsets
within the computation graph so that the optimization steps can be performed with lowered

computation cost in the later compression stage (Subsection 3.4.3).
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Figure 21 An overview of the proposed UPAQ optimization framework

Algorithm 4 outlines the pseudocode for the preprocessing stage. We start by computing the
computational graph G of the model through backpropagation (line 1). This graph G is used to
execute DFS via the find_root function by traversing model layers 1 and identifying the root for
each current layer. A layer can be classified as the root layer when it does not have any other layer
designated as its root (Ir), indicating that it becomes its own root (line 4). This root layer is

incorporated into the list of groups initialized as groups_int (line 2). If a layer is identified as
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belonging to an existing group, it adopts the corresponding root layer (Ir) and is added to that group
(lines 5-6). Each root layer (Ir) can have multiple associated layers, but each of these layers can
only be linked to one root layer. This process continues until all layers are categorized into a group.
The layers within each group share kernel properties due to their interconnected channels, allowing

them to adhere to the same optimization pattern.

ALGORITHM 4: PREPROCESSING

Inputs: Baseline pretrained model (M)

Output: A list of root-leaf layer groups (group)

G — compute_graph(M)

groups_int «— {}

for /in M:
lr — find root (G, l)
if : [I.] in groups_int then: groups_int [I,] — [M [l]];
else: groups_int [ I, ] < O; groups_int [ I, ] «— [M [l]],

NAA TR W =

end

3.4.2 PATTERN GENERATION STAGE

The pattern generator algorithm generates a random pattern of non-zero elements within a
kxk kernel, utilizing one of four potential arrangements: main-diagonal, anti-diagonal, row, or
column. This combined with our compression stage algorithm (Subsection 3.4.3) ensures that we
can obtain the best possible compression for our optimized model, compared to relying on a
dictionary of patterns.

Algorithm 5 outlines the pattern generation approach. First, we randomly select one of the
patterns from the predefined list (line 1). This selection will dictate how we place the non-zero
elements in the kernel. We then initialize positions an empty array which will store the coordinates

of the non-zero weights in a kernel (line 2). If the chosen pattern is the main_diagonal, we calculate
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the position of the non-zero elements as (i, i) for the range of 0 to min(n-d)-1 where n and d are

the number of non-zero weights and dimension of the kernel (line 3-4).

ALGORITHM 5: PATTERN GENERATOR

Inputs: number of non-zero weights (n), dimension of kernel (d)

Outputs: Kernel pattern

1 pattern_type — random choice from ['main_diagonal’, 'anti_diagonal', 'row’, 'column’]
2 positions — []

3 if pattern_type = 'main_diagonal' then

4 positions < [(i, i) for i in (0, min(n, d)]]

5 elseif pattern_type = 'anti_diagonal' then
6

7

8

9

positions < [(i, d -i -1) for i in (0, min(n, d)]]
else if pattern_type == 'row’ then

row «— random choice from (0, d]

start_col < random choice from (0, d-n]
10  positions < [(row, start_col + i) for i in (0, n]]
11 else if pattern_type == ‘column’ then
12 col < random choice from (0, d]
13 start row< random choice from (0, d-n]
14  positions < [(start row + i, col) for i in (0, n]]
15 end

When the selected pattern is anti-diagonal, we place the non-zero elements at (i, d-i-1) for
the range of 0 to min(n-d)-1 (line 5-6). In the case where a row pattern is selected, we choose a
random row of range (0, d-n]. We then choose a starting column (start_col) along which the non-
zero weights are placed which is then used to select the position of the elements using (row,
start_col + 1) for the range of (0, n] (line 7-10). For instance, if we randomly select column 0 as
start_col, and if three non-zero elements are needed, we fill all three columns in the selected row,
resulting in positions (row, 0), (row, 1), and (row, 2). Finally, if we select a column pattern we
choose a random column of range (0, d]. We then choose a starting row (start_row) along which
the non-zero weights are placed which is then used to select the position of the elements using
(start_row + i, col) for the range of (0, n] (line 11-14). For example, if three non-zero elements

are required, we fill all three rows in the chosen column, resulting in positions (start_row, col),
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(start_row + 1, col), and (start_row + 2, col). The output of this algorithm is a set of coordinates
representing locations where the non-zero elements will be placed in the kernel. This pattern
selection ensures that the kernel mask is varied and avoids symmetry along diagonal/row/column

depending on the pattern_type selected.

ALGORITHM 6: COMPRESSION STAGE FRAMEWORK

Inputs: Pretrained model (M), group_int
Outputs: compressed model (Mc)
Mc «— deepcopy(M)
for [ in M.:
if [ in group_init[l,].keys() then
weights = weights in |
for Kw in weights:
shape — Kw.shape
if shape[-1] > I then
Call Algorithm 4 to perform kxk kernel compression
Apply the same compression pattern to all kernels in leafnode
10 else:
11 Call Algorithm 5 to perform 1x1 kernel compression
12 Apply the same compression pattern to all kernels in leafnode

o RIS AW -

3.4.3 COMPRESSION STAGE

In this final stage, we utilize a combination of pruning and quantization to minimize the
model footprint. The process includes: /) executing semi-structured pattern pruning; 2) quantizing
the weights of the pruned model; and 3) performance modeling of the compressed model operation
on-device, to evaluate the impact on on-device model performance. This is an optimization stage
which ensures the best possible model compression while optimizing model performance in terms
of accuracy, latency, and energy consumption.Algorithm 6 outlines our overall framework for
compressing a pretrained model M by pruning and quantizing its kernels to produce a compressed
model Mc. The process begins by creating Mc as a deep copy of M (line 1). Using a deep copy

[133] is critical here because it allows us to modify the structure and weights of Mc¢ independently
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of M, preserving the original model for comparisons. This separation is essential in model
compression tasks to evaluate the compressed model effectiveness without altering the baseline
model structure and performance. We then iterate through each layer / in Mc (line 2), checking if
the layer is part of the root layer of the group_init (line 3). For each layer that qualifies, it retrieves
the weights (line 4) and examines each kernel K, (line 5). We then check the dimension of the
kernel. If the kernel shape is not /x/ (line 7), it applies Algorithm 7 to perform kxk kernel
compression (line 8) and replicates the same compression pattern for all kernels in the
corresponding leaf node (line 9). Conversely, if the kernel is /x/ (line 10), it uses Algorithm 8 for
compression (line 11) and applies the compression pattern to all leaf node kernels (line 12). This

method ensures an efficient compression strategy tailored to the structure of the model's kernels.

ALGORITHM 7: KxK KERNEL COMPRESSION

Inputs: kxk Kernel Weights (Kw)

Outputs: compressed kxk kernels, bestfit_pattern
best Es— (O

bestfit_kernel — O

quant_bit < array of quantization range

3 temp_kernel < create a zeros array of shape Kw
4 positions [ | «<— pattern_generator(n, Kw.shape[-1])
5 for p in positions:
6
7
8

DN =

temp_kernel [p] = temp_array [p]
temp_kernel [p] = Kw [p]
for g in quant_bit:

9 compressed_kernel, sqnr =mp_quantizer (temp_kernel, q)
10 Kw = compressed_kernel

11 Es <« calculate ES(Mc, sqnr)

12 if Es > best_ Es:

13 best Es = Es

14 bestfit_kernel [I.]= Kw

15 end

16 end
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3.4.3.1 KERNEL COMPRESSION

Our framework above (Algorithm 6) requires efficient compression of kxk and 1x1 kernels,

the approach for which is discussed next.

ALGORITHM 8: 1x1 KERNEL COMPRESSION
Inputs: 1x1 Kernel Weights (Kw)
Outputs: compressed 1x1 kernel, bestfit_pattern
fl = [w for w in row for row in Kw] # flatten list of 1x1 kernel weights
best Es — O
temp_array<— O
bestfit_kernel — O
quant_bit < array of quantization ranges
temp_kernel < create a zeros array of shape Kw
for i in range (0, len (fl), k):

tl =fl[i:i+k]

if t1.shape[0] == k then
10 tl = tl.reshape(k,k)
11 temp_array.append(tl)
12 else: temp_array.append(t1=0);
13 end
14  positions [] < pattern_generator(n, Kw.shape[-1])
15 for p in positions:

ORI AW -

16 temp_kernel [p] = temp_array [p]

17 for g in quant_bit

18 compressed_kernel, sqnr = mp_quantizer(temp_kernel, q)
19 Kw = Flatten(compressed_kernel)

20 Es < calculate Es (M., sqnr)

21 if Es > best Es:

22 best Es=Es

23 bestfit_kernel [I.]= Kw

24 end

25 end

The kxk kernel compression algorithm (Algorithm 7) performs kernel-wise compression
through pruning and quantization. It makes use of a mixed precision quantizer (Algorithm 6) and
calculates an efficiency score (ES from eq. (3); discussed later) after applying the compressed
kernel back to the model. In Algorithm 4, we set several variables: best_ES, bestfit_kernel, and

temp_kernel (lines 1-3). Patterns are generated using pattern_generator (Algorithm 2; line 4) to
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induce sparsity in the kernels. Next, we iterate through the kernel weights (KW) of the root layer
and utilize the positions (rows and cols) of the non-zero kernels identified from the generated
patterns (lines 5-7). These row and column positions are used to establish the locations of the non-
zero kernels, which are then processed by mp_quantizer (Algorithm 9) for quantization with
different quantization bitwidths (q). The compressed kernel is applied back to the kernel weights
(lines 8-10). After this, the Mc is used to calculate the ES (from eq. (3); discussed later), iterating
through all generated patterns (line 11). The pattern that results in the highest ES is designated as
the best kernel (bestfit_pattern) for the root layer (lines 11-14). This process is repeated for all kxk
kernels in the root layer of the groups.

For 7x 1 kernels, even though these are abundant in most modern deep neural networks, their
compression is often overlooked. To compress these kernels, we use a /x/ to kxk transformation
algorithm that enables grouped pruning and quantization.

Algorithm 8 presents the pseudocode for this transformation and compression process. First,
we reshape the /x/ kernel (Kw) from the root layer, as described in Algorithm 4, flattening them
and storing the result in flatten_list (line 1). We then iterate through flatten_list, grouping the
values into sets of k weights, which are reshaped into a kxk weight matrix and stored in temp_array
(lines 7-13). Next, we use our pattern_generator to randomly generate a pattern as per the number
of non-zero elements and the resized kernel size (Algorithm 5; line 14). Utilizing the positions
(rows, cols) of non-zero kernels identified from the generated patterns, we compress and quantize
the temp_kernels in temp_array (lines 15-25). For quantizing temp_kernel, we use the
mp_quantizer (Algorithm 6), which considers various bit-size alternatives (line 18). The modified
kernel is then applied back to the kernel weights (Kw) by flattening the weights back to a 1x/

format (line 19). Afterwards, we calculate the efficiency score Es (eq. (2); discussed later), for all
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the generated kernels (line 20). The kernel with the highest Es is selected as the best kernel
(bestfit_pattern) for the root layer (lines 21-23).

For both /x 1 and kxk kernels, given that the layers in the root group have coupled channels,
the bestfit_pattern is employed to apply quantization to the leaf layers within the root group. The
process of pruning, quantization, and kernel selection creates a large search space due to the
different quantization bits and kernel combinations. To reduce the computational complexity of
this exploration, we compress only the group root layers from group_init, which significantly
limits the number of potential combinations to explore. By focusing on the root layers, we can
more efficiently prune and quantize the kernels, reducing the computational burden of testing all
layers and configurations. After applying the best pattern to the root layers, these optimized kernels
are also applied to the subsequent leaf layers, making the algorithm more computationally feasible

while still achieving effective compression and quantization.

ALGORITHM 9: MP_QUANTIZER

Inputs: temp_kernel
Outputs: compressed_kernel, sqnr

1 x =temp_kernel

2 o= max(|min(x)|,|max(x)|)

3 max_value = 205t =D _ | # quant bit is the integer bit quantization
4 min_value = - (2(quan-bit-1) _ )

5 scale = ax /max_value

6 x; = round(x/scale)

7 x4= clip(xq, min_val, max_val)

8 sgnr = var(x)/var (x - x4)

3.4.3.2 MIXED PRECISION QUANTIZATION

We perform symmetric quantization, where we map the floating-point representation of each

kernel weight to an equivalent integer space, such that both the real (floating point) and integer
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space is centered around 0. This approach enhances memory efficiency, especially in pruned
models, by treating both positive and negative values equally, thus speeding up inference.
Symmetric quantization can also result in higher Signal-to-Quantization-Noise Ratio (SQNR),
preserving accuracy while minimizing quantization error. Symmetric quantization enables faster,
more power-efficient inference by leveraging fixed-point arithmetic, improving throughput and
latency in embedded platforms [134].

Table 8 Comparison of UPAQ with base (uncompressed) model and state-of-the-art
compression frameworks for the Pointpillars and SMOKE 3D ODs.

P Frameworks
< Metrics Base |Ps&Qs | CLIP-Q | R-TOSS LIPDTAR' UPAQ | UPAQ
= Model | [122] [123] [125] [ 124Q] (LCK) | (HCK)
. Compression 1x 1.89x | 1.84x 4.07x 3.25x | 4.92x | 5.62x
8 mAP 78.96 | 83.67 | 79.68 85.26 7890 | 86.15 | 84.25
§ Inference| RTX 4080 | 5.72 | 5.17 5.26 5.69 4.25 2.37 1.70
& | time (ms) | Jetson Orin | 3598 |32.061 | 35.07 35.94 29.65 | 19.96 | 18.23
& | Energy | RTX4080 | 0.875 | 0.658 | 0.716 0.871 0.567 | 0.371 | 0.327
Usage (]) | Jetson Orin | 0.863 | 0.782 | 0.841 0.862 0.711 | 0.472 | 0.417
Compression 1x 1.95x | 1.84x 4.25x% 3.57x | 4.23x | 5.13x
& mAP 29.85 | 31.03 | 30.45 32.56 30.23 | 36.65 | 35.49
% Inference| RTX 4080 | 28.36 | 23.72 | 25.48 24.98 12.75 9.67 8.23
= | time (ms) | Jetson Orin | 127.48 | 93.65 | 87.28 98.87 86.27 | 71.35 | 68.45
“\ Energy | RTX4080 | 895 | 7.79 8.63 4.37 4.79 3.21 2.83
Usage (J]) | Jetson Orin | 25.85 | 19.21 17.87 20.84 18.25 | 15.62 | 13.80

Algorithm 9 presents the pseudocode for our quantization algorithm (mp_quantizer). We
begin by copying the pruned temp_kernel to x and then calculating the scaling factor (o) for the
kernel, which enables the mapping of continuous data to discrete representations while maintaining
the integrity of the original information (lines 1-2).The scaling factor is the maximum absolute
value of either the minimum or maximum of x, ensuring that the quantization scale will be
appropriate for the range of values in the kernel. We calculate the maximum quantization value

(max_value) and the minimum quantization value (min_value) based on the desired number of
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quantization bits (quant_bit) (line 3-4). We then compute the scale as the ratio of a, to the
max_value, which determines the factor by which the kernel values will be scaled during
quantization (line 5). The scale is then used to compute the quantized weight (x,) by dividing the
original values by the scale and rounding them to the nearest integer (line 6). We then apply a
clipping operation to ensure that the quantized values remain within the range of (min_value,
max_value) (line 7). Finally, the error between the pruned weight (x) and the quantized weight (x,)
is used to compute the SQNR, which provides a measure of the quantization error relative to the

original kernel (line 8). The final outputs of the algorithm are the quantized kernel weights and the

SQNR.
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Figure 22 Compression ratio achieved in (a) PointPillars and (b) SMOKE across various
compression frameworks

Our kernel compression algorithms (Algorithms 7 and 8) employ the mp_quantizer (Algorithm 9)
along with iterative search through the quant_bit array to find the best Es, to implement a mixed-

precision quantizer. Through this approach, we can allow lower precision (e.g., 4 bits) for less
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significant kernels and higher precision (e.g., 16 bits) for more important kernels, to balance model

footprint and accuracy.
3.4.3.3 EFFICIENCY SCORE

We compute the efficiency score (Es) of the model after updating the compressed kernel

weight to the model M. as:

1 1
E, = a.sqnr + p. (M) Ty (W) )

where a, 5, y are weights between [0,1] that determine the importance of each component in

the efficiency score. We then calculate the on-device latency and energy of the model and use
these values and calculate the Es of the model.
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Figure 23 Comparison of speedups achieved in (a) PointPillars and (b) SMOKE models after

using the compression frameworks
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3.5 EXPERIMENTAL RESULTS

In this section, we present the results of prototyping and implementing our proposed UPAQ
framework on the Jetson Orin Nano embedded platform and an Nvidia RTX 4080 workstation.

We also contrast UPAQ with state-of-the-art compression techniques for 3D ODs.

3.5.1 EXPERIMENTAL SETUP

Our framework is evaluated on two state-of-the-art pretrained 3D ODs: 1) PointPillars,
which uses pointcloud LiDAR data with 4.8 million parameters and an inference time of 35.98ms
for the uncompressed model on Jetson Orin; and 2) SMOKE, which uses image-based input with
2D to 3D uplifting, consisting of 19.51 million parameters and 173 layers, with an inference time
of 127.48ms for the uncompressed model on Jetson Orin. We implemented and tested the
framework using PyTorch and TensorRT, on an Nvidia RTX 4080 workstation, and then deployed
the model on the Jetson Orin. We calculate the power consumption of these models using
NVpower tool [135]. The evaluation metrics include: 1) compression ratio; 2) mAP; 3) inference
time; and 4) energy usage. We use the KITTI automotive dataset [62], split 80:10:10 for training,
validation, and testing of both LiDAR pointcloud and RGB images.

We evaluate two variants of the UPAQ framework: 1) UPAQ (HCK): which is biased
towards higher compression, with fewer non-zero weights per kernel (e.g., 2 non-zero values for
a 3x3 kernel) and more aggressive quantization with lower quantization bitwidths (e.g., a mix of
4 and 8 bits); and 2) UPAQ (LCK): which is biased towards greater accuracy, with more non-zero
weights than HCK (e.g., 3 non-zero values for a 3x3 kernel), and less aggressive quantization (e.g.,
a mix of 8 and 16 bits). The quantization bits (quant_bits) considered for experiments vary from 4
to 16 and we also set the weights in E; to be a=0.3, f=0.4, y=0.3 so that we give higher significance

to minimizing model latency in our optimizations.
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3.5.2 EVALUATION RESULTS OF UPAQ COMPRESSION FRAMEWORK

We compared our UPAQ framework with the uncompressed Base Model (BM) and four
state-of-the-art approaches. These include Ps&Qs (PQ) [122] which uses quantization-aware
pruning with iterative pruning and pre-layer quantization using the same number of quantization
bits. We also consider Clip-Q [123], which applies clipping, partitioning, and quantization. In this
method, clipped weights are pruned, and non-clipped weights are quantized. We also consider R-
TOSS [125] which applies entry-pattern based semi-structured pruning. Lastly, we consider Lidar-
PTQ [124] that uses PTQ with max-min calibration and adaptive rounding for weight quantization

in 3D ODs. Table 2 summarizes our evaluation results which will be discussed in more detail.

s @ RTX 4080 71 )Jetson Orin

5.0
4.5 4.5
S 40 4.0
- >
U 35 3.5] " H
3 3 R
3.0 © 3.0 .
g § o x X =
> 72 & x s e g . MIE
o x ] o] n © & L)
n 2.0 x 3 O 2.0 x =3 e - X © =
e xx P& Rx xx AR s s 88 23 R N N
w's g8 A% 38 88 [d °| 88 Gy o
- = - - =] -
ml [ | ml |
¢ & L& & L& & @ S & o L o 2 &
N S - Y S ¥ 2 8 & & & ¢
F & & £ & ¢ 9 F & §F F & ¢ @
L < o <&
@ g + 3 @ g A &
g & § & ¢ ¢ & § & ¢
Q@ ~ % T Q ~ ~ <
o o o o
F & F &
N) S N) )

(b)

Figure 24 Comparison of reduction in energy usage achieved in (a) PointPillars and (b)
SMOKE models after using the compression frameworks

In terms of accuracy, for PointPillars, UPAQ (LCK) achieves the best mAP of 86.15,
surpassing Ps&Qs (83.67) and R-TOSS (85.26), while UPAQ (HCK) is close with an mAP of

84.25. For the SMOKE model, UPAQ (LCK) also delivers the highest mAP of 36.65.
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In terms of compression (Figure 22), for the PointPillars model, UPAQ (HCK) achieves the
highest compression ratio of 5.62%, outperforming Ps&Qs (1.89x), CLIP-Q (1.84x), LIDAR-PTQ
(3.25x) and R-TOSS (4.07x). For the SMOKE model, UPAQ (HCK) also has the highest
compression ratio of 5.13%, outperforming all other frameworks.

In terms of inference speedup on the Jetson Orin (Figure 23), for PointPillars, UPAQ (HCK)
achieves an inference time of 18.23ms, which is 1.97x faster than the base model (35.98ms) and
faster than all other frameworks. UPAQ (LCK) reduces inference time to 19.96ms, which is 1.81x
faster than the base model. For SMOKE, UPAQ (HCK) delivers an inference time of 68.45ms,
which is 1.86x faster than the base model and faster than all other frameworks. UPAQ (LCK) also
improves on the base model by 1.78x (an inference time of 71.35ms).

In terms of energy usage on the Jetson Orin (Figure. 24), UPAQ (HCK) for PointPillars uses
0.417 J, which is 2.07x lower than the base model (0.863 J) and more efficient than Ps&Qs (0.782
J), CLIP-Q (0.841 J), LIDAR-PTQ (0.711 J) and R-TOSS (0.862 J). UPAQ (LCK) uses 0.472 ],
1.83x more efficient than the base model. For SMOKE, UPAQ (HCK) uses 15.62 J, which is 1.87x
lower than the base (25.85 J) and more efficient than the other frameworks. UPAQ (LCK) reduces
energy to 13.80 J, which is 1.66x more efficient than the base model.

Lastly, in Figure. 25, we compare object detection predictions across various frameworks
using 3D pointcloud data from the KITTI dataset. In the figures, blue bounding boxes indicate the
ground truth positions of cars, while red boxes show each frameworks predictions. We have
selected three of the best performing models in terms of prediction accuracy, R-TOSS, UPAQ
(HCK), and UPAQ (LCK), to be contrasted against the Base Model performance of PointPillars.
For R-TOSS (85.26 mAP), even though it predicts all cars in the scene, it has misalignments in the

results, which can lead to incorrect 3D positioning in driver assitance applications. UPAQ (LCK)
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achieves higher accuracy (86.15 mAP), with bounding boxes closely aligned with the ground truth
and no extraneous predictions. UPAQ (HCK) also performs well, with minimal deviations from
the true positions, closely matching UPAQ (LCK) in precision (84.25 mAP). Overall, our UPAQ
frameworks, particularly UPAQ (LCK), demonstrate superior accuracy and reliability in 3D object
detection, over other frameworks.

In summary, if accuracy is the priority, we recommend the LCK configuration for its superior
mean Average Precision (mAP), despite slightly lower compression and speedup compared to
HCK. For maximizing compression, inference speed, and energy efficiency, especially in
resource-constrained environments, HCK is the better choice, offering higher compression, faster

inference, and lower energy usage, at the cost of a slight reduction in accuracy.

Base Model R-TOSS

Figure 25 Comparison of output achieved in PointPillars model after using various
compression frameworks. Blue bounding boxes indicate the ground truth positions of cars,
while red boxes show each frameworks predictions

3.6 CONCLUSIONS

In this chapter, we introduced UPAQ, a novel 3D object detection (ODs) compression
framework that aims to preserve model accuracy while significantly reducing storage requirements

and computational (performance, energy) overheads. Our comprehensive experimental results and

77



comparative analyses demonstrate that UPAQ consistently outperforms state-of-the-art
frameworks in terms of compression ratios, inference speed, and energy efficiency, while
achieving a notable increase in mAP compared to baseline 3D ODs models for LIDAR and camera
data. The framework effectively minimizes computational costs during both compression and
inference, facilitating a more efficient model compression process. Specifically, our experiments
on the Jetson Orin platform show that UPAQ achieves model compression rates of 5.62x for the
PointPillars 3D ODs model and 5.13x for the SMOKE 3D ODs model, while also surpassing the
original model in both mAP and inference speed, underscoring the efficacy of our approach. Our
ongoing work is looking at combining deep learning techniques for anomaly detection [82][103]

and sensor deployment [105][136] with optimized object detection.
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4 CONCLUSION AND FUTURE WORK SUGGESTIONS

4.1 RESEARCH CONCLUSION

In this thesis, we introduce two innovative machine learning model optimization frameworks
designed to reduce model footprint and accelerate inference on embedded autonomous platforms.
These frameworks aim to enhance the efficiency of machine learning models, particularly in
resource-constrained environments. To our knowledge, no previous research in academia or
industry has applied kernel-based optimization in the manner we have to enhance machine learning
models. Our approach uniquely leverages kernel-based optimization techniques to optimize
models for faster inference, lower energy consumption, and improved accuracy.

Our research demonstrates that kernel-based optimization can significantly enhance model
performance. Specifically, it enables reductions in both inference time and energy usage, which
are crucial for embedded systems with limited resources. Additionally, our methods maintain or
even improve model accuracy, ensuring that optimizations do not compromise performance.
Furthermore, the reduction in model size makes these models more feasible for deployment on
embedded platforms, where memory and storage are limited.

One of our major contributions is the introduction of a novel kernel-based semi-structured
pruning technique called R-TOSS (Chapter 2). R-TOSS is a highly efficient framework for real-
time object detection, particularly in applications like AVs where memory and computational
overheads are critical concerns. Our proposed framework achieves significant improvements in
terms of inference time and energy efficiency while reducing model footprint. Specifically, we

achieved a compression rate of 4.4x on the YOLOvS model and 2.89x on the RetinaNet model.
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We observed a 2.15x improvement in inference speed and a 0.43x reduction in energy usage, along
with improved model accuracy. These results demonstrate the great promise of R-TOSS in
providing highly efficient and accelerated inference for object detection models. Unlike existing
state-of-the-art pruning frameworks, R-TOSS can accelerate any existing variant of object
detection models.

Our second contribution involves a unified pruning and quantization approach called UPAQ.
UPAQ significantly contributes to real-time and energy-efficient 3D object detection in AVs.
Unlike other state-of-the-art frameworks, UPAQ employs a combination of pruning and
quantization techniques applied to a set of computationally significant layers, which are then
propagated to layers that are part of the same computational chain. This approach decreases the
computational cost of model compression while improving model performance in terms of
inference speed, model compression, and energy efficiency for faster real-time inference.
Specifically, UPAQ achieves at least a 5.13x reduction in model footprint, a 1.86x improvement
in inference speed, and a 1.87x reduction in energy usage. These results signify the efficiency of
UPAQ compared to other compression frameworks while maintaining the accuracy of the model.

In summary, the R-TOSS and UPAQ frameworks offer significant advancements in the
optimization of machine learning models for embedded autonomous platforms, providing
enhanced efficiency, faster inference, lower energy consumption, and improved model accuracy.
These contributions highlight the potential of kernel-based optimization techniques in advancing

the field of machine learning.

4.2 SUGGESTIONS FOR FUTURE WORK

While both compression techniques presented in this thesis, R-TOSS and UPAQ,

demonstrated significant improvements in energy efficiency and throughput, the challenge of
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designing efficient compression methods for object detection models will continue to grow in
complexity and demand. As object detection models become more advanced and require
increasingly sophisticated processing capabilities, further innovations in compression techniques
are essential. These improvements are necessary to handle the ever-expanding size and complexity
of deep neural networks (DNNs), while maintaining the speed and accuracy required for real-time
performance in dynamic environments. Additionally, as object detection finds applications across
industries like autonomous driving, security, and robotics, enhancing compression methods will
be crucial for reducing computational costs and ensuring the efficiency of these systems, without

compromising detection quality.

4.2.1 Neural Architecture Search (NAS) for Object Detection:

Recent efforts in NAS (Neural Architecture Search) have attracted attention for automating
the design of object detection models, traditionally a time-consuming and manual process. NAS
techniques can help identify optimal architectures, improving the performance of ODs in tasks like
image classification. Works such as NAS-FCOS [137], MobileDets [138], and AutoDets [139]
have shown the potential of NAS to enhance detection accuracy and efficiency by optimizing
anchor boxes and backbone networks. However, the process of NAS is computationally expensive
and time-consuming, often requiring significant resources to explore the large architecture space.
As such, more efficient NAS methods are needed to reduce the time and computational cost while
maintaining model performance. Future research should aim to streamline NAS for ODs,
potentially integrating model compression techniques presented in chapters 2 and 3 to further

enhance efficiency and reduce search space complexity.
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4.2.2 Time Series Information for Enhanced Object Detection:

Most traditional object detection models rely on CNNs, which analyze frames in isolation,
missing valuable temporal context. Incorporating time-series information from multiple frames
can improve object detection accuracy by capturing the motion and dynamics of objects over time.
Research like Sauer et al. [141] and Chen et al. [142] has shown that integrating vehicle dynamics
such as steering angles and velocities enhances the performance of object detection systems,
especially in autonomous driving. By combining multi-frame perception with time-series data,
object detection models can make better driving decisions, improving safety and responsiveness.
Future advancements in temporal context integration, possibly in combination with compression
techniques presented in chapters 2 and 3, could further improve model efficiency and enable real-

time processing for AVs.

4.2.3  Semi-Supervised Object Detection for Autonomous Vehicles:

Supervised machine learning requires annotated datasets, which are time-consuming to
collect, especially in varying real-world scenarios. Semi-supervised learning offers a potential
solution by reducing the need for extensive annotations while still delivering high-performance
ODs. Transformer-based models, known for their accuracy, have shown promise in semi-
supervised settings for autonomous driving [143]-[145]. However, the challenge remains in
deploying these large models on embedded systems due to their substantial memory requirements.
Optimizing these models through techniques presented in chapters 2 and 3 can alleviate memory
constraints and make them more practical for real-world applications in AVs, where resources are

limited.
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4.2.4  Synthesis-Based Object Detection:

Synthesis-based object detection [146] has gained attention as it overcomes the reliance on
large, labeled real-world datasets. By generating synthetic data through techniques like GANs and
NeRFs, researchers can create diverse datasets under various environmental conditions and object
variations. This approach helps train robust object detection models capable of generalizing across
different scenarios. However, a significant challenge is the domain gap between synthetic and real-
world data, which often leads to reduced model performance when transitioning from synthetic to
real environments. Approaches like adversarial training and style transfer, combined with model
compression techniques such as R-TOSS and UPAQ, can help bridge this gap. Furthermore,
integrating physics-based simulations with generative models could improve the realism of
synthetic data, especially for applications in robotics and autonomous systems. Real-time synthesis
pipelines that generate data on-the-fly are also a promising direction for continual learning,

enabling systems to adapt to new, dynamic environments without forgetting prior knowledge.

4.2.5 Sensor Deployment for Object Detection:

Sensor deployment plays a critical role in the performance of object detection systems,
particularly in applications like autonomous driving, robotics, and security. The choice and
placement of sensors, such as LiDAR, cameras, and radar, significantly impact the accuracy and
robustness of object detection models. Proper sensor deployment ensures that the system can
capture diverse environmental conditions, including varying light levels, weather conditions, and
different object distances. Recent work by [147][105][136] emphasizes the importance of sensor
fusion, where data from multiple sensors are integrated to improve the reliability and accuracy of
object detection. In autonomous driving, for example, the combination of LiDAR and camera data

provides a more complete understanding of the vehicle's surroundings, enabling better decision-
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making. Research into optimal sensor deployment strategies, such as sensor placement algorithms
and sensor fusion techniques, is crucial for enhancing object detection system performance in real-
world scenarios. Advances in model compression techniques like R-7TOSS and UPAQ can help
mitigate the computational challenges posed by large-scale sensor data, allowing for more efficient

sensor deployment in autonomous systems.

4.2.6  Anomaly Detection for Object Detection Systems:

Anomaly detection is essential for improving the reliability and safety of object detection
systems, particularly in dynamic environments such as autonomous driving, industrial monitoring,
and security applications. Anomalies, which can include unexpected behaviors or rare events, may
indicate critical situations requiring immediate attention. Traditional object detection models often
struggle to identify such anomalies due to the limited variety in training data. Recent approaches,
like those in [82][103], combine deep learning techniques with anomaly detection algorithms to
detect unusual patterns in real-time sensor data, such as sudden object movements or
environmental changes. By integrating anomaly detection into object detection pipelines, systems
can automatically flag unusual scenarios, allowing for faster response times and better decision-
making. This integration becomes particularly crucial for AVs, where detecting unexpected road
conditions or pedestrian behaviors can prevent accidents. Additionally, the application of model
compression techniques presented in chapters 2 and 3 can reduce the computational overhead of
anomaly detection processes, enabling real-time processing and more efficient deployment of

these systems in resource-constrained environments.
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