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ABSTRACT

Reinforcement learning (RL) has demonstrated significant potential across a wide
array of applications, including entertainment, robotics, finance, healthcare, au-
tonomous vehicles, smart systems, and industrial automation. While RL is tradi-
tionally effective at optimizing tasks with a single objective, it often struggles with
the complexities of real-world problems that involve multiple conflicting objectives.
These scenarios require the simultaneous balancing of multiple, often conflicting,
objectives, a task for which traditional single-objective RL methods are unsuited as
they focus on optimizing a singular cumulative reward.

This shortcoming has driven the development of Multi-Objective Reinforcement
Learning (MORL), specifically engineered to manage multiple objectives effectively.
MORL must address several key challenges: i) Balancing and trading off between
conflicting objectives is complex and requires sophisticated techniques to identify
optimal trade-offs and ensure diverse, representative solutions across the entire
preference space, ii) Many existing MORL approaches require repetitive training
for different preferences, which is impractical in dynamic environments and com-
putationally expensive, iii) Applying MORL in real-world scenarios like energy
management for wearable devices, environmental monitoring, or task scheduling in
computing platforms introduces complexities due to the need for optimal, feasible,
and efficient solutions in resource-constrained environments. These applications
require energy-efficient algorithms and reliable, timely responses despite limited
resources and harsh conditions.

This dissertation aims to tackle these challenges and advance reinforcement
learning to enable its application to real-world problems. It focuses on developing
multi-objective, energy-aware, and hardware-friendly algorithms that can be ef-
fectively applied in resource-constrained environments. The core of the research
is the development of novel MORL frameworks that enhance decision-making
capabilities across diverse applications, including energy management for wearable
devices, environment monitoring, and runtime task scheduling in domain-specific

system-on-chips. The dissertation introduces several innovative algorithms. The
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Preference-Driven Multi-Objective Reinforcement Learning (PD-MORL) frame-
work is a significant contribution, designed to handle varying preferences dy-
namically without retraining the model. This framework is especially effective
in environments where objectives change frequently. Further, the thesis presents
energy-aware MORL algorithms for energy management in edge devices that op-
timize energy usage dynamically based on the available and harvested energy.
Another contribution is the Decision Tree-based Multi-Objective Reinforcement
Learning (DTRL) algorithm, which optimizes task scheduling to enhance the per-
formance of system-on-chips under multiple criteria. This algorithm is designed
to be hardware-friendly to make near-optimal decisions considering competing
objectives within nanoseconds to be on par with the task execution times in spe-
cialized PEs. Experimental evaluations demonstrate that the proposed algorithms
not only outperform existing techniques in terms of efficiency and effectiveness
but also do so with fewer computational resources, making them suitable for real-
world applications. The research bridges the gap between theoretical advancements
and practical applications, offering a significant step forward in the application of

reinforcement learning to multi-objective problems.



1 INTRODUCTION

Reinforcement learning (RL) has emerged as a powerful and versatile paradigm
within the broader field of machine learning. At its core, RL involves an agent that
learns to make decisions by interacting with an environment, receiving feedback
in the form of rewards or penalties, and using this feedback to improve its future
actions. This trial-and-error approach allows RL to tackle complex decision-making
problems that are difficult to solve with traditional methods.

RL has demonstrated significant potential across a wide array of applications,

including but not limited to:

e Board/Video Games: RL has achieved groundbreaking success in mastering
complex games includeing AlphaGo [8], which defeated world champions in
Go, Dota 2 [9] and Starcraft IT [10], which achieved human-level performance.
RL techniques enable the development of agents that can learn optimal strate-
gies and adapt to different game scenarios through extensive self-play and

exploration.

e Robotics: In robotics, RL is extensively used to enable autonomous agents
to learn tasks such as navigation, manipulation, and locomotion. Robots
equipped with RL algorithms can learn to perform complex tasks like as-
sembling products, navigating through uncertain environments, and even

interacting with humans in a socially acceptable manner [11].

e Smart Systems and IoT: RL is applied in smart grids, energy management

systems, and Internet of Things (Iol') devices to optimize resource usage and



improve efficiency [12, 13].

Autonomous Vehicles: In the domain of autonomous driving, RL is used to
develop systems that can learn to drive by themselves. These systems learn to
make real-time steering, acceleration, and braking decisions, handling various
driving scenarios and road conditions [14, 15]. This capability is crucial for

ensuring the safety and efficiency of autonomous vehicles.

Healthcare: RL is increasingly used in healthcare for personalized treatment
planning, drug discovery, and robotic surgery [16, 17]. It helps in developing
adaptive treatment strategies that can respond to the changing health status
of patients, thereby improving outcomes. RL algorithms can optimize the

sequencing of treatments and adapt to the patient’s response over time.

Finance: In the financial sector, RL is used for portfolio management, algorith-
mic trading, and risk management [18, 19]. By learning from historical data
and market trends, RL algorithms can make informed decisions to maximize
returns and minimize risks. These systems can adapt to changing market

conditions and develop strategies that balance risk and reward.

Industrial Automation: RL is applied in manufacturing processes for opti-
mizing production lines, predictive maintenance, and quality control [20]. It
enables machines to adapt to varying conditions and demands, improving
productivity and reducing downtime. RL-based systems can learn to optimize

the allocation of resources and scheduling of tasks to enhance efficiency.



e Chip Design and Placement: In the field of chip design, RL has been used to
optimize the placement of components on a chip, which is a complex problem
involving numerous variables and constraints. RL techniques can significantly
reduce the time and effort required to design efficient and high-performance

chips [21, 22].

While RL has proven effective in optimizing single-objective tasks, many real-
world problems are inherently multi-objective. These problems require balancing
multiple, often conflicting, objectives simultaneously. For example, (i) in robotics,
an agent may need to optimize both speed and energy efficiency; (ii) in smart
grids, the objectives might include minimizing the cost while maximizing relia-
bility and sustainability; and (iii) in healthcare, treatment strategies must balance
efficacy and side effects. For RL to be applicable to real-world problems, it is
crucial to develop algorithms that address multi-objective functionality, energy
awareness, and hardware friendliness. Energy awareness is critical, especially for
applications involving resource-constrained environments like wearable devices
and edge computing. Energy-efficient RL algorithms can significantly extend the
operational life of battery-powered devices and reduce overall energy consumption,
which is essential for sustainability and cost-effectiveness. Hardware friendliness
ensures that RL algorithms can be efficiently implemented on various hardware
platforms, including specialized processing elements in embedded systems and
domain-specific systems-on-chips (DSSoCs). This involves designing algorithms
that are computationally efficient and can operate within the constraints of the

application. Multi-objective functionality allows RL algorithms to simultaneously



consider and optimize multiple objectives, providing solutions that are more aligned
with real-world needs. Traditional single-objective RL approaches are inadequate
for multi-faceted problems, as they are designed to optimize a single cumulative
reward. This limitation has driven the development of Multi-Objective Reinforce-
ment Learning (MORL), which aims to handle multiple objectives effectively [23].
However, MORL faces several challenges: balancing conflicting objectives requires
sophisticated techniques, existing approaches often need repetitive and costly train-
ing, and real-world applications demand optimal, feasible, and energy-efficient

solutions in resource-constrained environments.

1.1 Challenges in MORL

1.1.1 Balancing Trade-offs Between Multiple Objectives

In MORL, in contrast to single-objective environments, performance is measured us-
ing multiple objectives. Consequently, there are multiple Pareto-optimal solutions
as a function of the preference between objectives [24]. MORL requires balancing
and trading off between conflicting objectives, which is non-trivial. Identifying the
optimal trade-offs and ensuring that the solutions are diverse and representative of
the entire preference space is a significant challenge. This requires sophisticated
techniques to navigate the multi-objective landscape and to discover Pareto opti-
mal solutions that appropriately balance the different objectives according to the

specified preferences.



1.1.2 Scalability and Efficiency

Many existing MORL approaches necessitate repetitive training for different pref-
erence settings, which is impractical for dynamic environments where objectives
and constraints can frequently change. Moreover, the computational complexity of
finding a diverse and dense set of Pareto optimal solutions increases exponentially
with the problem’s dimensionality and the size of the action space. For instance,
training agents to learn all possible outcomes and interactions in video games
demands hundreds of TPU or GPU days, incurring costs of tens or hundreds of
thousands of dollars from a typical cloud service provider. Such extensive training
is infeasible in many application domains due to time and resource constraints.
Therefore, scalable and efficient algorithms are required to handle the large state

and action spaces typical of real-world applications.

1.1.3 Real-World Applicability

Applying MORL in real-world scenarios, such as energy management for wearable
devices, environmental monitoring systems, or task scheduling in computing plat-
forms, introduces additional complexities. These applications require solutions
that are not only optimal but also feasible and efficient in resource-constrained
environments. For instance, wearable devices have limited battery life and compu-
tational power, necessitating energy-efficient algorithms. Similarly, environmental
monitoring systems, such as those used for wildfire detection, require reliable and

timely responses while operating under harsh conditions with limited resources.



1.2 Contributions

This dissertation aims to tackle these challenges and advance reinforcement learn-
ing to enable its application to real-world problems by developing multi-objective,
energy-aware, and hardware-friendly algorithms that can be effectively applied
in resource-constrained environments. It bridges the gap between theoretical ad-
vancements and practical applications, paving the way for more intelligent and
adaptive systems in various domains.

In summary, this dissertation makes the following contributions:

e PD-MORL: Preference-Driven Multi-Objective Reinforcement Learning
Algorithm [25]: It proposes a novel MORL algorithm that trains a single
universal network to cover the entire preference space scalable to continuous robotic
tasks. The proposed approach, Preference-Driven MORL (PD-MORL), utilizes
the preferences as guidance to update the network parameters. It also employs
a novel parallelization approach to increase sample efficiency. We show that
PD-MORL achieves up to 25% larger hypervolume for challenging continuous
control tasks and uses an order of magnitude fewer trainable parameters

compared to prior approaches.

e A Comprehensive Multi-Objective Energy Management Approach for Wear-
able Devices with Dynamic Energy Demands: It learns the trade-off between
meeting the application’s energy demand and maintaining the battery energy
level. We deployed our framework on a wearable device prototype using

TensorFlow Lite for Micro, leveraging its small (less than 120 KB) memory



footprint. Evaluations show that tinyMAN-MO operates within 10% of the
Pareto-optimal solutions with only 1.98 ms execution time and 23.17 pJ energy

consumption overhead.

GEM-RL: Generalized Energy Management of Wearable Devices using Re-
inforcement Learning [26]: GEM-RL learns the trade-off between utilization
and the battery energy level of the target device under dynamic EH patterns
and battery conditions. It also uses a lightweight approximate dynamic pro-
gramming (ADP) technique that utilizes the trained MORL agent to optimize
the utilization of the device over a longer period. Thorough experiments
show that, on average, GEM-RL achieves Pareto front solutions within 5.4%
of the offline Oracle for a given day. For a 7-day horizon, it achieves utility
up to 4% within the offline Oracle and up to 50% higher utility compared to
baseline EM approaches. The hardware implementation on a wearable device
shows negligible execution time (1.98 ms) and energy consumption (23.17

uJ) overhead.

A Self-Sustained CPS Design for Reliable Wildfire Monitoring [27]: It
presents the first self-sustained cyber-physical system that dynamically co-
optimizes the wildfire detection accuracy and active time of sensors. The
proposed approach employs reinforcement learning to train a policy that
controls the sensor operations as a function of the environment (i.e., current
sensor readings), harvested energy, and battery level. The proposed cyber-
physical system is evaluated extensively using real-life temperature, wind,

and solar energy harvesting datasets and an open-source wildfire simulator.



In long-term (5 years) evaluations, the proposed framework achieves 89%
uptime, which is 46% higher than a carefully tuned heuristic approach. At the
same time, it averages a 2-minute initial response time, which is at least 2.5x
faster than the same heuristic approach. Furthermore, the policy network
consumes 0.6 mJ per day on the TI CC2652R microcontroller using TensorFlow
Lite for Micro, which is negligible compared to the daily sensor suite energy

consumption.

e DTRL: Decision Tree-based Multi-Objective Reinforcement Learning for
Runtime Task Scheduling in Domain-Specific System-on Chips [28]: DTRL
trains a single global differentiable decision tree (DDT) policy that covers
the entire objective space quantified by a preference vector. Extensive experi-
mental evaluations demonstrate that DTRL captures the trade-off between
execution time and power consumption, thereby generating a Pareto set of
solutions using a single policy. Furthermore, comparison with state-of-the-art
heuristic—, optimization—, and machine learning-based schedulers shows that
DTRL achieves up to 9x higher performance and up to 3.08 x reduction in en-
ergy consumption. The trained DDT policy achieves 120 ns inference latency
on Xilinx Zynq ZCU102 FPGA at 1.2 GHz, resulting in negligible runtime
overheads. Evaluation on the same hardware shows that DTRL achieves up

to 16% higher performance than a state-of-the-art heuristic scheduler.

The rest of the dissertation is organized as follows: Chapter 2 introduces the
PD-MORL framework. Chapter 3 and 4 present multi-objective energy manage-

ment approaches for wearable devices. Chapter 5 presents a self-sustained CPS



design for reliable wildfire monitoring using reinforcement learning. Chapter 6
DTRL algorithm for runtime task scheduling in domain-specific systems-on-chips

(DSSoCs). Finally, Chapter 7 concludes the dissertation with directions for future

work.
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2 PD-MORL: PREFERENCE-DRIVEN MULTI-OBJECTIVE

REINFORCEMENT LEARNING ALGORITHM

2.1 Motivation and Contributions

Existing approaches for multi-objective optimization generally transform the multi-
dimensional objective space into a single dimension by statically assigning weights
(preferences) to each objective [29]. Then, they use standard RL algorithms to
obtain a policy optimized for the given preferences. These approaches suffer when
the objectives have widely varying magnitudes since setting the preference weights
requires application domain expertise. More importantly, they can find only a
single solution for a given set of goals and constraints. Thus, they need to repeat the
training progress when the constraints or goals change. However, repetitive retrain-
ing is impractical since the constraints and design can change frequently depending
on the application domain. Therefore, obtaining a set of Pareto front solutions that
covers the entire preference space with a single training is critical [4, 1, 30].

This work presents a novel multi-objective reinforcement learning algorithm
using a single policy network that covers the entire preference space scalable to continuous
robotic tasks. At its core, it uses a multi-objective version of Q-Learning, where we
approximate the Q-values with a neural network. This network takes the states and
preferences as inputs during training. Making the preferences input parameters
allows the trained model to produce the optimal policy for any user-specified

preference at run-time. Since the user-specified preferences effectively drive the
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policy decisions, it is called preference-driven (PD) MORL. For each episode during
training, we randomly sample a preference vector (w € Q : Y ! w; = 1) from
a uniform distribution. Since the number of collected transitions by interacting
with the environment for some preferences may be underrepresented, we utilize
hindsight experience replay buffer (HER) [31]. As a key insight, we observe that the
preference vectors have similar directional angles to the corresponding vectorized
Q-values for a given state. Using the insight, we utilize the cosine similarity between
the preference vector and vectorized Q-values in the Bellman's optimality operator
to guide the training. However, not every Pareto front perfectly aligned with the
preference vectors. To mitigate this adverse effect, we fit a multi-dimensional
interpolator to project the original preference vectors (w € Q) to normalized
solution space to align preferences with the multi-objective solutions. The projected
preference vectors are used in our novel preference-driven optimality operator
to obtain the target Q-values. Additionally, to increase the sample efficiency of
the algorithm, we divide the preference space into sub-spaces and assign a child
process to these sub-spaces. Each child process is responsible for its own preference
sub-space to collect transitions. This parallelization provides efficient exploration
during training, assuring that there is no bias towards any preference sub-space.
PD-MORL can be employed in any off-policy RL algorithm. We develop a
multi-objective version of the double deep Q-network algorithm with hindsight
experience replay buffer (MO-DDQN-HER) [32] for problems with discrete ac-
tion spaces and evaluate PD-MORL's performance on two commonly used MORL

benchmarks: Deep Sea Treasure [23] and Fruit Tree Navigation Task [1]. We
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specifically choose these two benchmarks to make a fair comparison with the prior
approach [1] that also aims to achieve a unified policy network. Additionally, we
develop a multi-objective version of the Twin Delayed Deep Deterministic policy
gradient algorithm with hindsight experience replay buffer (MO-TD3-HER) [33]
for problems with continuous action spaces. Using MO-TD3-HER, we evaluate
PD-MORL on the multi-objective continuous control tasks such as MO-Walker2d-
v2, MO-HalfCheetah-v2, MO-Ant-v2, MO-Swimmer-v2, MO-Hopper-v2 that are
presented by Xu et al. [4]. With the combination of the use of the cosine similarity
term, the HER, and the parallel exploration, PD-MORL achieves up to 78% larger
hypervolume for simple benchmarks and 25% larger hypervolume for continuous
control tasks and uses an order of magnitude fewer trainable parameters compared
to prior approaches while achieving broad and dense Pareto front solutions. We

emphasize that it achieves these results with a single policy network.

2.2 Related Work

Existing MORL approaches can be classified as single-policy, multi-policy, and
meta-policy approaches. The main difference among them is the number of policies
learned during training. Single-policy approaches transform a multi-objective prob-
lem into a single-objective problem by combining the rewards into a single scalar
reward using a scalarization function. Then, they use standard RL approaches
to maximize the scalar reward [34]. Most of the previous studies find the opti-

mal policy for a given preference between the objectives using scalarization [35].
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Additionally, recent work takes an orthogonal approach and encodes preferences
as constraints instead of scalarization [30]. These approaches have two primary
drawbacks: they require domain-specific knowledge, and preferences must be set
beforehand.

Multi-policy approaches aim to obtain a set of policies that approximates the
Pareto front of optimal solutions. The most widely used approach is to repeatedly
perform a single-policy algorithm over various preferences [36, 7, 37]. However,
this approach suffers from a large number of objectives and dense Pareto solutions
for complex control problems. In contrast, [38] suggests a manifold-based policy
search MORL approach which assumes policies to be sampled from a manifold.
This manifold is defined as a parametric distribution over the policy parameter
space. Their approach updates the manifold according to an indicator function such
that sample policies yield an improved Pareto front. Parisi et al. [39] extend this
method with hypervolume and non-dominance count indicator functions using
importance sampling to increase the sample efficiency of the algorithm. However,
the number of parameters to model the manifold grows quadratically [40] as the
number of policy parameters increases. Therefore, these approaches are not scalable
for complex problems such as continuous control robotics tasks to achieve a dense
Pareto front where deep neural networks with at least thousands of parameters are
needed.

[3] and [1] use a multi-objective Q-learning approach that simultaneously learns
a set of policies over multiple preferences. These studies use a single network that

takes preferences as inputs and uses vectorized value function updates in contrast
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to standard scalarized value function updates. An orthogonal approach by [40]
is the meta-policy approach that frames MORL as a meta-learning problem using
a task distribution given by a distribution over the preference space. The authors
first train a meta-policy to approximate the Pareto front implicitly. Then, they
obtain the Pareto optimal solution of a given preference by only fine-tuning the
meta-policy with a few gradient updates. A more recent study proposes an efficient
evolutionary learning algorithm to update a population of policies simultaneously
in each run to improve the approximation of the Pareto optimal solutions [4]. All
non-dominated policies for each generation of policies are stored as an external
Pareto front archive during the training. Finally, it outputs this Pareto front archive
as approximated Pareto front solutions. However, this approach obtains a policy
network for each solution on the Pareto front. Moreover, there is no specific knowl-
edge of correspondence between preference vectors and solutions in this Pareto
front.

Distinct from the prior work, PD-MORL utilizes the relation between the Q-
values and the preferences and proposes a novel update rule, including the cosine
similarity between the Q-values and preferences. Additionally, PD-MORL increases
its sample efficiency by using a novel parallelization approach with HER and pro-
vides efficient exploration. The combination of the cosine similarity term, the HER,
and the parallel exploration achieve up to 25% larger hypervolume for challenging
continuous control tasks compared to prior approaches using an order of magnitude

fewer trainable parameters.
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2.3 Background

MORL requires learning several tasks with different rewards simultaneously. Each
objective has an associated reward signal, transforming the reward from a scalar to
a vector, r = [r1,To, ..., 7], where L is the number of objectives. A multi-objective
problem can be formulated as a multi-objective Markov decision process (MOMDP)
defined by the tuple (S, A, P,r, Q, ), where §, A, P(s'|s, a), r, and Q represents
state space, action space, transition distribution, reward vector, and preference
space, respectively. The function f,,(r) = w'r yields a scalarized reward using a
preference of w € Q. If w is taken as a fixed vector, the MOMDP boils down to
a standard MDP, which can be solved using standard RL techniques. However,
if we consider all possible returns from a MOMDP and all possible preferences
in (), a set of non-dominated policies called the Pareto front can be obtained. A
policy 7 is Pareto optimal if there is no other policy 7’ that improves its expected
return for an objective without degrading the expected return of any other objective.
For complex problems, such as continuous control tasks, obtaining an optimal
Pareto front using an RL setting is an NP-hard problem [4]. Hence, the main goal
of the MORL algorithms is to obtain an approximation of the Pareto front. The
quality of the approximated Pareto front is typically measured by two metrics: (i)
hypervolume and (ii) sparsity [23].

Definition 1 (Hypervolume Indicator). Let P be a Pareto front approximation in

an L-dimensional objective space and contains N solutions. Let ry € R" be the
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Figure 2.1: (a) The hypervolume between a reference point and solutions in Pareto
front is shown with the shaded area. (b) The sparsity is the average square distance
(di,1=H0,...,3}) between consecutive solutions in the Pareto front.

reference point. Then, the hypervolume indicator is defined as:

L1 (P) == A(H(P, 1p)) (2.1)

where H(P, 1)) ={z € R 31 < 1 < N: 1y < z < P;} with P; being the i*" solution
in P and < is the relation operator of multi-objective dominance. A(-) denotes
the Lebesgue measure with A(H(P,ry)) = IRL Ly(py(z)dz and 1yy(p,,) being the
characteristic function of H(P, rp).

Definition 2 (Sparsity). For the same P, sparsity is defined as:

z

—1

L
2
Sp(P) =1 — 1[ —Piy)) (2.2)

]:111

where P; is the it" solution in P and Py, is the sorted set for the j*" objective.

Improvement in any objective manifests as an increase in the hypervolume, as
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illustrated in Figure 2.1. However, the hypervolume alone is insufficient to assess
the quality of the Pareto front. For instance, hypervolume may increase due to an
increase in only one of the objectives which indicates that the algorithm does not
improve other objectives. The sparsity metric is introduced to assess whether the
Pareto front solutions are dense or sparse. A larger hypervolume indicates that a
more desired Pareto front approximation is achieved. Lower sparsity values imply

that a dense set of solutions is achieved.

24 PD-MORL: Preference Driven MORL Algorithm

This section introduces the proposed preference-driven MORL algorithm. We first
provide a theoretical analysis of PD-MORL based on the multi-objective version of
Q-learning [41] by following the framework provided by Yang et al. [1]. The proofs
for this theoretical analysis are available in Appendix A. We then introduce multi-
objective double deep Q-networks with a preference-driven optimality operator
for problems with discrete action space. Finally, we extend the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm [42] to a multi-objective version

utilizing our proposed approach for problems with continuous action space.

2.4.1 Theoretical Analysis of PD-MORL

In standard Q-learning, the value space is defined as Q € R%*#, containing all
bounded functions Q(s, a) which are the estimates of the total expected rewards

when the agent is at state s, taking action a. We extend it to a multi-objective value
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space by defining the value space as Q € R, containing all bounded functions
Q(s, a, w) which are the estimates of expected total rewards under preference

w e RL,: S, w; = 1. We then define a metric in this value space as:

dQ Q)= sup |w'(Q(s,aw)—Q'(s,a w))l (2.3)

s€8,acA,we)

This metric gives the distance between Q and Q' as the supremum norm of the
scalarized distance between these two vectors where the identity of indiscernables
(d(Q,Q') =0« Q= Q’) does not hold and thus, makes metric d a pseudo-metric.
Further details for the axioms of this pseudo-metric are given in Appendix A. In
the following Theorem, we show that the metric space equipped with this metric is

complete since the limit of the sequence of operators is required to be in this space.

Theorem 2.1 (Multi-objective Metric Space (Q, d) is Complete). The metric space
(Q, d) is complete and every Cauchy sequence Qy (s, a, w) is convergent in metric space

(9,d)Vs,a,w e A Q.

Given a policy 7t and sampled transition T, we can define multi-objective Bell-

man’s evaluation operator T using the metric space (Q, d) as:
(T=Q)(s, @, w) := (s, a) + YE7(,mQ(s, a', W) (2.4)

where (s, a’, w) denotes the next state-action-preference pair and y € (0, 1) is the
discount factor.

We define a preference-driven optimality operator T by adding a cosine similarity
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term between preference vectors and state-action values to the multi-objective

Bellman’s optimality operator as:

(TQ)(s, a, ) :=x(s, ) +VEs-p(15,0)Q(s', sup (Se(w, Q(s', @', w))-(w ' Q(s', @', ), w)
a'eA 25)

where S.(w, Q(s’, a’, w)) denotes the cosine similarity between preference vector

and Q-value. This term enables our optimality operator to choose actions that align

the preferences with the Q-values and maximize the target value, as elaborated in

Section 2.4.2 under the preference alignment subtitle.

Theorem 2.2 (Multi-objective Bellman’s Evaluation Operator is Contraction). Let
(Q, d) be a complete metric space (as in Theorem 2.1). Let Q and Q' be any two multi-
objective Q-value functions in this space. The multi-objective Bellman'’s evaluation operator
is a contraction and d(7,.Q, T,.Q") < yd(Q, Q') holds for the Lipschitz constant y (the

discount factor).

Theorem 2.3 (Preference-driven Multi-objective Bellman’s Optimality Operator
is Contraction). Let (Q, d) be a complete metric space. Let Q and Q' be any two multi-
objective Q-value functions in this space. The preference-driven multi-objective Bellman'’s
optimality operator is a contraction and d(TQ,TQ’) < vd(Q, Q') holds for the Lipschitz

constant 'y (the discount factor).

Theorem 2.2 and Theorem 2.3 state that multi-objective evaluation and opti-
mality operators are contractions. They ensure that we can apply our optimality
operator in Equation 2.5 iteratively to obtain the optimal multi-objective value

function given by Theorem 2.4 and Theorem 2.5 below, respectively.
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Theorem 2.4 (Preference-driven Multi-objective Optimality Operator Converges
to a Fixed-Point). Let (Q, d) be a complete metric space which is proved above and let
T : Q — Q be a contraction on Q with modulusy. Then, T has a unique fixed point Q* € Q

such that T(Q) = Q*.

Theorem 2.5 (Optimal Fixed Point of Optimality Operator). Let Q* € Q be the optimal
multi-objective value function, such that it takes multi-objective Q-value corresponding to

the supremum of expected discounted rewards under a policy 7 then Q* = T(Q*).

These two theorems state that applying our multi-objective optimality operator
T iteratively on any multi-objective Q-value function Q converges to the optimal
Q* under metric d and the Bellman equation holds at the same fixed-point. Hence,
we use this optimality operator to obtain target values when optimizing the loss

function in Algorithm 1.

2.4.2 Preference Driven MO-DDQN-HER and MO-TD3-HER

The main objective of this work is to obtain a single policy network to approximate
the Pareto front that covers the entire preference space. For this purpose, we extend
double deep Q-network (DDQN) [43] to a multi-objective version (MO-DDQN)
with the preference-driven optimality operator to obtain a single parameterized
function representing the Q € R~ with parameters 0. This network takes s, w as

input and outputs |A| x L Q-values, as described in Algorithm 1. To pull Q towards
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T(Q), MO-DDQN minimizes the following loss function at each step k:

L (8) = E(s,ar,s/,w)~D [(y —Q(s,a, w; G)ﬂ (2.6)

where D is the experience replay buffer that stores transitions (s, a, r, s’, w) for every
time step, y = r+vQ(s/, supa,eA(Sc(w, Q(s’,a’,w)) - (w'™Q(s’,a’,w))); 0') denotes
the preference-driven target value which is obtained using target Q-network’s
parameters 6’. Here, S.(w, Q(s’, a’, w)) denotes the cosine similarity between
the preference vector and the Q-values. Without the cosine similarity term, the
supremum operator yields the action that only maximizes w'Q(s’, @/, w). This
may pull the target Q-values in the wrong direction, especially when the scales
of the objectives are in different orders of magnitude. For instance, let us assume
a multi-objective problem with percent energy efficiency (€ [0, 1]) being the first
objective and the latency (€ [1,10]) in milliseconds being the second objective.
Let us also assume that the preference vector (w = {0.9,0.1}) favors the energy
efficiency objective and there are two separate actions (a;, a,) that yields Q-values
of Q; = {09, 1},Q, = {0.1, 10} respectively. The supremum operator chooses
action, a, since w'Q, = 1.09 is higher than w'™Q; = 0.91. Since the scales of
these two objectives are in different orders of magnitudes, sup , A (w'Q(s, a/, w))
always chooses the action that favors the latency objective. This behavior negatively
affects the training since the target Q-values are pulled in the wrong direction.
On the contrary, our novel cosine similarity term enables the optimality operator
to choose actions that align the preferences with the Q-values and maximize the

target value at the same time. The supremum operator now chooses action, a,
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since S. - w'Q; = 0.75 x 0.91 = 0.68 is higher than S, - w'Q, = 0.12 x 1.09 = 0.13.
With this addition, the algorithm disregards the large w'Q(s’, ¢/, w) where the
preference vector and the Q-values are not aligned since the S.(w, Q(s’, a’, w))
takes small values.

For each episode during training, we randomly sample a preference vector
(we: ZLO w; = 1) from a uniform distribution. For example, assume the
randomly sampled preference vector (w) favors energy efficiency rather than
speed in multi-objective continuous control tasks. Increasing energy efficiency (i.e.,
lower speed) will increase the number of transitions before reaching a terminal
condition since it decreases the risk of reaching a terminal state (e.g., fall). Hence,
transitions that favor speed instead of energy efficiency may be underrepresented
in the experience replay buffer in this example. This behavior may create a bias
towards overrepresented preferences, and the network cannot learn to cover the
entire preference space. To overcome this issue, we employ hindsight experience
replay buffer (HER) [31], where every transition is also stored with N, randomly
sampled preferences (w’ € QO : Y I, w} = 1) different than the original preference
of the transition.

To increase the sample efficiency of our algorithm, we also divide the preference
space into C,, sub-spaces (Q), where C,, denotes the number of child processes.
Each child process is responsible for its own preference sub-space. The agent, hence
the network, is shared among child processes and the main process. In each child
process, for each episode, we randomly sample a preference vector from child’s

preference sub-space (w € Q : Y I w; = 1). These C,, child processes run in
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Algorithm 1: Preference Driven MO-DDQN-HER

1 Input: Minibatch size N, Number of time steps N, Discount factor vy, Target

2

w

® N S Ul W

10
11

12
13
14

15
16
17

18

19
20

network update coefficient T, Multi-dimensional interpolator I(w).
Initialize: Replay buffer D, Current Qg and target network Qg <— Qg with
parameters 0 and 0’.
forn =0: N do

// Child Process

Initialize t = 0 and done = False.

Reset the environment to randomly initialized state s.
Sample a preference vector w from the subspace Q.
while done = False do

Observe state s¢ and select an action a e-greedily:

acA w.p. €
ay =

maXqea WQ(s, a, w;0), wp. 1—e
Observer, s’, and done.
Transfer (s¢, at, rt, s’, w, done) to main process.

// Main Process
Sample N, preferences w’
for j =1: Ny do
L Store transition (st, at, r, s, wg, done) in D
Sample N, transitions from D.
wp < [(w)
y < r+vQ(s),sup i (Sc(wp, Q(s, a’, w)) - (wTQ(s, a’, w)); ')

2
Lk(e) = E(s,a,r,s’,w)ND |:(y - Q(SI a, w; e)) }
Update 0y by applying SGD to Ly (9).
Update target network parameters 0} < 10y + (1 —1)0},

parallel to collect transitions. These transitions are stored inside the HER in the

main process. Network architectures and implementation details are available

Appendix B. This parallelization provides efficient exploration during training.

Preference alignment: A solution in the Pareto front may not align perfectly with

its preference vector. This may result in a bias in our updating scheme due to

the cosine similarity term we introduced. To mitigate this adverse effect, we fit a



24

multi-dimensional interpolator to project the original preference vectors (w € Q)
to normalized solution space to align preferences with the multi-objective solutions.
We identify the key preferences and obtain solutions for each of these preferences.
We set key preference pointsas w; =1:j =1, w; =0:j#iV1i,j €{0,...,L} where
it" element corresponds to the objective we try to maximize. A preference vector
of w={1,...,1}is also added to this key preference set. For example, for a two-
dimensional objective space, the key preference set becomes {[1, 0], [0.5, 0.5, [0, 1]}.
We first obtain solutions for each preference in this key preference set by training
the agent with a fixed preference vector and without using HER (see Figure 2.2(a)).
We then use these solutions to obtain a normalized solution space, as shown in
Figure 2.2(b). Here, normalization is the process of obtaining unit vectors for these
solutions. For example, the normalized vector for a solution f is described as f = T
Then, we use the normalized solution space and key preference point to fit a multi-
dimensional interpolator I(w) to project the original preference vectors (w € Q)
to the normalized solution space. As a result, we obtain projected preference
vectors (wy,) as illustrated in Figure 2.2(c). These projected preference vectors
are incorporated in the cosine similarity term of the preference-driven optimality
operator. This practical modification extends to theoretical results as the proof for
Theorem 2.3 is also valid for w,,. The interpolator is also updated during training as
PD-MORL may find new non-dominated solutions for identified key preferences.
Extension to continuous action space: Finally, we extend the TD3 algorithm to
a multi-objective version using PD-MORL for problems with continuous action

space. In this case, the target values are no longer computed using the optimality
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Figure 2.2: Overview of the interpolation scheme for the MO-Swimmer-v2 problem.
(a) Obtained solutions for key preference points. (b) Normalized solution space
and corresponding preference vectors. (c) Interpolated preference space.

operator. Instead, the actions for the target Q-value are determined by the target
actor network. The actor network is updated to obtain a policy that maximizes
the Q-values generated by the critic network. This update rule eventually boils
down to obtaining a policy that maximizes the expected discounted rewards since,
by definition, this expectation is the Q-value itself. To incorporate the relation
between preference vectors and Q-values for the multi-objective version of TD3, we

include a directional angle term g(w, Q(s, a, w; 0)) to both actor’s and critic’s loss

T .
function. This directional angle term g(w, Q(s, a, w;0)) = cos!( IIwwII ﬁ&’?’f‘fg)”)
P ,a,;

denotes the angle between the preference vector (w) and multi-objective Q-value
Q(s, a, w; 0) and provides an alignment between preferences and the Q-values.
Algorithm, network architectures, and implementation details are available in

Appendix B.1.5 and B.3.

2.5 Experiments

This section extensively evaluates the proposed PD-MORL technique using com-

monly used MORL benchmarks with discrete state-action spaces (Section 2.5.1) and
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complex MORL environments with continuous state-action spaces (Section 2.5.2).
Detailed descriptions of these benchmarks are provided in Appendix B.2. Our re-
sults are compared to state-of-the-art techniques in terms of hypervolume, sparsity,

and the Pareto front plots.

2.5.1 MORL Benchmarks with Discrete State-Action Spaces

This section illustrates the efficacy of PD-MORL in obtaining a single universal network
that covers the entire preference space in discrete state-action environments. We use
the following commonly used benchmarks to (i) make a fair comparison with prior
work [1], and (ii) show that PD-MORL scales to more than two objectives:
Deep Sea Treasure (DST) has discrete state (S C N?) and action spaces (A C N*).
It has two competing objectives: time penalty and treasure value. The treasure
values increase as their distance from the starting point sy = (0, 0) increases. Agent
gets a -1 time penalty for every time step.
Fruit Tree Navigation (FTN) has discrete state (§ C N?) and action spaces (A C N?)
with six objectives: different nutrition facts of the fruits on the tree: {Protein, Carbs,
Fats, Vitamins, Minerals, Water}. The goal of the agent is to find a path on the tree
to collect the fruit that maximizes the nutrition facts for a given preference.
Figure 2.3 illustrates the policies achieved by PD-MORL for three preference
vectors capture corner cases. Although our policy is not specific to any preference, the
submarine achieves optimal treasure values for the given preference. For example,
it finds the best trade-off within the shortest time one step) when we only value

the time penalty (w = {0,1}). As the importance of the treasure value increases
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(w ={0.5,0.5}, w ={1, 0}), it spends optimal amount of time (8 steps and 19 steps,
respectively) to find a deeper treasure. Figure 2.4 provides further insights into
the progression of the policies found by PD-MORL. Let the first objective be the
treasure value and the second objective be the time penalty in this figure. At the
beginning of the training, each child process starts collecting transitions within
their own preference sub-space Q. Since the agent acts e-greedily at early phases
and cannot reach the higher treasure values due to terminal condition (time limit),
we observe that most of the solutions are stuck in the first-subspace (Q;) The
transitions collected from child processes are stored in the hindsight experience
replay buffer with different preferences other than their original preferences. This
buffer enables extra exploration for the agent and leads the agent to different sub-
spaces, as illustrated in the middle figure. As the training progresses, HER and our
novel optimality operator with the angle term guide the search to expand the Pareto
front and cover the entire preference space with a single network. Among existing
algorithms that learns a unified policy [1, 3], the Envelope algorithm [1] is the
superior and a more recent approach. Hence, we compare and evaluate PD-MORL

and the Envelope algorithm on DST and FIN by obtaining a set of preference

»={0,1} ® ={0.5,0.5} ' ® = {1,0}

14.0 15.1 16.1

14.0 15.1 16.1

Figure 2.3: Optimal policies obtained by the trained agent for three corner prefer-
ences.
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vectors that covers the entire preference space.

PD-MORL achieves both 6.1% larger hypervolume and 56% lower sparsity
than the Envelope algorithm for DST problem, as shown in Table 2.1. Similarly,
PD-MORL generates up to 78% larger hypervolume than the Envelope algorithm
for FTN. Since FTN is a binary tree, the distance between Pareto solutions is the
same, and hence, the sparsity metric is the same between the two approaches. Our
experiments show that the improvement of PD-MORL compared to the Envelope
algorithm increases with the problem complexity (i.e., increasing tree depth), as
shown in Table 2.1. PD-MORL provides efficient and robust exploration using
HER and our novel optimality operator together. Further comparisons against the

Envelope algorithm [1] are provided in Appendix B.4.

2.5.2 MORL Benchmarks with Continuous Control Tasks

This section evaluates PD-MORL on popular multi-objective continuous control

tasks based on MuJoCo physics engine [4, 44]. The environment details of these
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Figure 2.4: Policy progression during training.
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Table 2.1: Comparison of our approach with prior work [1] using two simple MORL
benchmarks in terms of hypervolume and sparsity metrics. The reference point for
hypervolume calculation is set to (0,-19) and (0,0) for DST and FTN, respectively.

Deep Sea Treasure Fruit Tree Navigation (d=6) Fruit Tree Navigation (d=7)

Hypervolume Sparsity Hypervolume  Sparsity = Hypervolume Sparsity

Envelope [1] 227.89 2.62 8427.51 N/A 6395.27 N/A
PD-MORL 241.73 1.14 9299.15 N/A 11419.58 N/A

Table 2.2: Environment details of continuous control benchmarks.

State Space Action Space

MO-Walker2d-v2 8§ C RV A C RO
MO-HalfCheetah-v2 S C RV A C R
MO-Ant-v2 § C R¥ A C RS
MO-Swimmer-v2 S C RS A C R?
MO-Hopper-v2 § C RU ACRS

benchmarks are given in Table 2.2. The action and state spaces take continuous
values and consist of multiple dimensions, making these benchmarks challenging
to solve. The goal is to tune the amount of torque applied on the hinges/rotors
for a given preference w while satisfying multiple objectives (e.g., forward speed
vs. energy efficiency, forward speed vs. jumping height, etc.). We compare the
performance of PD-MORL against two state-of-the-art approaches [4, 40] that use
these continuous control benchmarks. We emphasize that these approaches must
learn a different policy network for every solution in the Pareto front. In contrast, PD-
MORL learns a single universal network that covers the entire preference space. The
Envelope algorithm [1] is not included in these comparisons since it was not evaluated
with continuous action spaces, and PD-MORL already outperforms it on simpler problems.

Training details are reported in Appendix B.3.
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Table 2.3: Performance comparison of the proposed approach and state-of-the-art
algorithms on the continuous control benchmarks in terms of hypervolume and
sparsity metrics. Reference point for hypervolume calculation is set to (0,0) point.
HV*: Hypervolume

MO-Walker2d-v2 MO-HalfCheetah-v2 MO-Ant-v2 MO-Swimmer-v2 MO-Hopper-v2

HV* Sparsity HV~* Sparsity HV~* Sparsity HV* Sparsity HV~* Sparsity
PG-MORL [4] 482 x 10° 0.04 x 10* 577 x 10° 0.44 x 10° 6.35 x 10° 0.37 x 10* 2.57 x 10* 9.9 2.02x 107 0.5 x 10*
META [40] 210 x 10° 2.10 x 10* 5.18 x 10° 2.13 x 10> 240 x 10* 1.56 x 10* 1.23 x 10* 244 1.25 x 107 4.84 x 10*

PD-MORL (Ours) 5.41 x 10° 0.03 x 10* 5.89 x 10° 0.49 x 10> 7.48 x 10° 0.78 x 10* 3.21 x 10* 5.7 1.88 x 107 0.3 x 10*

We first compare PD-MORL to prior work using hypervolume and sparsity
metrics. Since META [40] and PG-MORL [4] report the average of six runs, we also
ran each benchmark six times with PD-MORL. The average metrics are reported in
Table 2.3, while the standard deviations and results of individual runs are given in
Appendix B.4 Table B.5.

The desired Pareto front approximation should have high hypervolume and
low sparsity metrics. PD-MORL outperforms the current state-of-the-art tech-
niques both in terms of hypervolume and sparsity on every benchmark except
MO-Hopper-v2, as summarized in Table 2.3. We emphasize that our PD-MORL
technique trains only a single network, while the other methods use customized policies
network for each Pareto point. For example, we achieve 12% higher hypervolume
and 25% better sparsity than the most competitive prior work PG-MORL [4] on
the Walker environment. They reported 263 Pareto front solutions for this envi-
ronment. This corresponds to, in total, 2.8 x 10° trainable parameters since they
have different policy network for each solution. In contrast, PD-MORL achieves
better or comparable result using only 3.4 x 10° trainable parameters. This may

enable the deployment of PD-MORL in a real-life scenario where there are dynamic
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changes in the design constraints and goals. We also note that PG-MORL achieves
better sparsity metric for MO-HalfCheetah-v2 and MO-Ant-v2 environments. How-
ever, PG-MORL also achieves a smaller hypervolume compared to PD-MORL. This
suggests that to determine the quality of a Pareto front, these metrics are rather
limited and should be further investigated by the existing literature. Therefore,
we also plot Pareto front plots for all algorithms in Figure 2.5(a)-(e) to have a
better understanding of the quality of the Pareto front. Figure 2.5 shows that the
proposed PD-MORL technique achieves a broader and denser Pareto front than
the state-of-the-art approaches despite using a single unified network. PD-MORL
mostly relies on the interpolation procedure before the actual training. The key
solutions obtained during this period determine the initial convergence of the al-
gorithm. However, for MO-Hopper-v2, the obtained key solutions for preference
vectors {1, 0},{0.5,0.5},{0, 1} are {1778,4971}, {1227, 1310},{3533, 3165} respectively.
These key solutions are not a good representative of the Pareto front shown in
Figure 2.5(e). To have representative key solutions is a limitation of PD-MORL;
however, it can be solved with hyperparameter tuning.

Finally, Figure 2.5(f) plots the progression of the hypervolume of the Pareto
front for the environments with similar scales. The plots show that PD-MORL
effectively pushes the hypervolume by discovering new Pareto solutions with
the help of efficient and robust exploration. We ensure this by using HER, our
novel directional angle term, and dividing the preference space into sub-spaces
to collect transitions in parallel. The progression of the Pareto front, sparsity, and

hypervolume of all benchmarks are provided in Appendix B.4.
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3 A COMPREHENSIVE MULTI-OBJECTIVE ENERGY MANAGEMENT
APPROACH FOR WEARABLE DEVICES WITH DYNAMIC ENERGY

DEMANDS

3.1 Motivation and Contributions

The emergence of small form-factor and low-cost wearable Internet of Things (IoT’)
devices enabled many novel edge-computing applications ranging from remote
health monitoring to smart livestock monitoring systems [45, 46, 47, 48, 49, 50, 51].
To be practical, the devices that run these applications must operate within a tight
energy budget (~uJ) and computational power due to limited battery capacity and
small form factor [52, 53]. The small battery capacity limits the battery lifetime
and requires frequent recharging, deteriorating the user experience. To mitigate
this effect, energy harvesting (EH) from ambient sources, such as light, motion,
electromagnetic waves, and body heat, has emerged as a promising solution to
power these devices [54, 55].

Energy-neutral operation (ENO) can be achieved if the total energy consumed
over a given period equals the energy harvested in the same period. One cannot
rely on energy harvesting alone since the application performance and utilization
of the device can tank in low EH conditions [56]. Therefore, energy management
techniques are required to ensure ENO (i.e., the device maintains a certain battery
level and minimum performance level) despite the variations in the harvested

energy. These techniques use the available energy judiciously to maximize the
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application performance while minimizing manual recharge interventions to tackle
this challenge [57]. They must satisfy the following conditions to be deployed on a

resource-constrained device:
1. Incur low execution time and power consumption overheads,
2. Have a small memory footprint,
3. Be responsive to dynamic changes in the environment,
4. Learn to adopt environmental and workload changes.

While most current energy management algorithms can satisfy criteria (1) and
(2), they fail to meet the other two requirements. Specifically, they rely on fixed,
non-adaptive predictive models of future harvested energy (3), and they do not
incorporate an online/offline learning functionality to adopt dynamic changes
in the environment (4). To the best of our knowledge, no energy management
framework in the literature fulfills these four criteria.

While conventional optimization approaches may address the energy manage-
ment problem by formulating it as a constrained optimization problem and utilizing
solvers like CPLEX [58] and Gurobi [59], these methods face practical limitations
when applied to resource-constrained wearable edge devices. These solvers typ-
ically require significant computational resources and impose lengthy execution
times, rendering them unsuitable for online deployment scenarios where real-time
decision-making is crucial [60]. As a powerful and practical alternative, we propose

areinforcement learning (RL) based energy management framework, tinyMAN, for
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resource-constrained wearable edge devices. By leveraging RL, tinyMAN can adapt
to dynamic changes in energy harvesting conditions and workload demands in
real-time, allowing it to make informed decisions and maximize device utilization.
The advantage of RL lies in its ability to learn optimal energy management strategies
through trial and error, iteratively improving its performance over time. Instead of
relying on pre-defined models of future energy harvesting values, tinyMAN learns
to implicitly capture the complex dynamics of energy harvesting patterns and adapt
its behavior accordingly. This adaptive nature of RL makes it particularly well-
suited for environments with uncertain and fluctuating energy availability, such
as wearable edge devices deployed in real-world settings. Furthermore, RL-based
approaches, such as tinyMAN, offer scalability and flexibility, enabling them to
accommodate diverse application requirements and environmental conditions. By
learning directly from past experiences, tinyMAN can adapt to varying operating
conditions and evolving user preferences, ensuring robust and efficient energy
management in dynamic wearable edge computing environments.

At its core, tinyMAN takes the battery level and the previous harvested energy
values as inputs (states) and maximizes the device’s utility by judiciously allocating
the harvested energy throughout the day (action). The utility is defined by an
arbitrary concave function of allocated energy (e.g., u = log(x) or u = /x). To
train tinyMAN, we employ the Twin Delayed Deep Deterministic Policy Gradient
(TD3) Algorithm, a state-of-the-art RL algorithm for continuous action spaces
[42]. Hence, the energy allocation values that tinyMAN yields can take continuous

values according to the current energy availability. To this end, we first develop an
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environment for the RL agent to interact with. This environment uses the light and
motion EH modalities and American Time Use Survey [61] data from 4772 different
users to model the dynamic changes in the harvested energy and battery. Over
time, by interacting with the environment, the agent learns to manage the harvested
energy on the device according to the battery energy level and the harvested energy.
According to our evaluations, tinyMAN achieves up to 17% higher device utility
than prior approaches while making 80% less battery constraint violations, such as
not satisfying ENO or depleting battery prematurely.

The tinyMAN framework assumes the application running on the device is
characterized by a fixed utility function with no energy demand by the application.
This assumption is valid for continuous monitoring applications, such as heart rate
monitoring, where the application operates within the allocated energy budget to
produce utility. However, in actual use cases, the application can demand energy,
and as a result, the utility function can be dynamic (i.e., a function of the applica-
tion’s demand). For example, a wearable device for activity recognition typically
has higher demand during the day than at night. In light of this, we propose
tinyMAN-MO, the multi-objective extension of the tinyMAN framework that learns
the trade-off between meeting the application’s demand and the battery energy
level of the target device under varying energy harvesting conditions. To train
tinyMAN-MO, we employ MO-TD3 [25], a multi-objective version of the TD3 algo-
rithm, to obtain a single policy network that covers the Pareto-front of the objective
space. It transforms the two-dimensional objective space into a single dimension by

assigning weights (preferences) to each objective [29]. As a result, tinyMAN-MO
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takes user-specified preference as a run-time input and yields the optimal energy
allocations for the current energy harvesting and application demand conditions.
Finally, we deploy both frameworks on a wearable device prototype and show that
their execution time, energy consumption, and memory usage overhead are negli-
gible compared to the daily energy harvesting capacity of any user. tinyMAN-MO
operates within 10% of the Pareto-optimal solutions calculated using an offline
solver with only 1.98 ms execution time and 23.17 pJ energy consumption overhead.

In summary, the major contributions of this work are as follows:

o tinyMAN, a prediction-free RL based energy manager for resource-constrained

wearable edge Iol devices,

e Evaluations that show tinyMAN achieves 17% higher device utilization than
the state-of-the-art approaches while enabling ENO and 80% fewer battery

constraint violations,

o tinyMAN-MO, the multi-objective extension of tinyMAN for energy manage-

ment under varying application demands,

e Evaluations that show tinyMAN-MO operates within 10% of the Pareto-
optimal solutions calculated using an offline solver by learning the tradeoff

between meeting application demand and saving energy,

e Hardware implementations of both frameworks that demonstrate deployment
on wearable devices with less than 100 KB memory footprint and 30 uJ energy

consumption per inference.
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3.2 Related Work

Energy-harvesting wearable IoT devices aim for energy-neutral operation to achieve
self-sustainability. Recent research on energy harvesting and management focuses
on optimizing the allocation of harvested energy to achieve self-sustainability and
maximize device utilization [54, 62, 63, 64]. Kansal et al. [54], ensure ENO if the
total energy consumed in a given period equals the harvested energy in the same
period. The authors propose a linear programming approach to maximize the
duty cycle of a sensor node and a lightweight heuristic to help solve the linear pro-
gramming with ease. Although their approach is lightweight, it does not consider
the application requirements when deciding the duty cycle of the nodes. Bhat et
al. [62] address this issue by introducing a generalized utility function that takes
into account the application characteristics and a lightweight framework based
on a relaxed convex optimization that maximizes the utility while achieving self-
sustainability. Their approach first determines the initial energy allocations for a
given period based on the predicted EH values. Then it makes corrections to these
allocations based on the difference between the predicted and actual EH values.
However, the relaxation of one of the constraints in the optimization problem may
lead to sub-optimal solutions. Tuncel et al. [57] propose a similar approach by
employing a rollout technique without relaxing any constraints in the optimization
problem to overcome the variations of harvested energy and user activities. Their
approach also first decides initial energy allocations based on the expected EH
values and makes adjustments to these allocations using the rollout algorithm at

runtime. Hussein et al. [63] propose AdaEM, a two-stage approach to adapt to
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uncertainties in EH values and user activities. In the first stage, they employ a
supervised learning method to learn the distribution and uncertainty of EH values
for a particular user based on their activities and location. The second stage in-
volves solving a dynamic, robust optimization problem using the output from the
tirst stage. However, the precision of activity prediction significantly impacts the
quality of decisions in the second stage, while the first stage is typically tailored to a
specific user or user group, potentially leading to suboptimal outcomes. Yamin and
Bhat [65] propose a similar approach to AdaEM. It proposes a machine-learning
approach to predict future solar energy availability for multiple intervals in the
future, along with uncertainty bounds. Their proposed energy management algo-
rithm then uses predicted EH values and uncertainty bounds to optimize energy
allocation. Furthermore, both approaches rely on predictive models for future energy
harvesting (EH) values. Consequently, their effectiveness is closely tied to the accuracy of
these predictions.

Prediction-free approaches diverge from the reliance on forecasts of harvested

energy, unlike the prediction-based approaches outlined above [64]. These meth-

Table 3.1: Comparison of the proposed tinyMAN framework with prior approaches

Approaches Generalized Reward Prediction Free Deployable Application Demand

[54] X X v X

[62] v X v X

[57] v X v X

[63] v X v X

[64] X v X X

tinyMAN v v v X
tinyMAN-MO v/ v/ v/ v/
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ods refrain from training or learning models to predict future energy harvesting
values for optimizing energy allocations. RLMan is a recent prediction-free energy
management approach based on reinforcement learning [64]. It aims to maximize
the packet generation rate while avoiding power failures. Although it shows signif-
icant improvements in average packet rate, the reward function in RLMan focuses
on maximizing the packet rate in a point-to-point communication system, which
does not generalize to other performance metrics and ignores application require-
ments. In addition, the authors do not discuss the deployability of their framework
on edge devices. In complement to the previous studies, we present tinyMAN,
a prediction-free energy manager that uses a generalized reward function and is
easily deployable on resource-constrained edge devices, as shown in Table 3.1. Both
tinyMAN and the prior approaches consider a stationary utility function where
the shape of this function does not change over time. However, many applications,
such as activity trackers, demand energy during the hour of operation and thus,
have utility functions that vary over time. To address this limitation, we propose
tinyMAN-MO, a multi-objective extension that aims to optimize both meeting the
varying energy demands of the application and maintaining a non-zero battery

level.

3.3 Background

This section first introduces the battery energy dynamics and constraints to for-

mulate the optimization problem. It also explains how various EH patterns are
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obtained. Then, it describes the Twin Delayed Deep Deterministic Policy Gradient

(TD3) algorithm used to train the tinyMAN RL agent.

3.3.1 Problem Formulation

Figure 3.1 illustrates a wearable device scenario in which our proposed tinyMAN
framework is utilized. The proposed tinyMAN framework is deployed in an en-
vironment that consists of a wearable device, a flexible energy harvester, and a
flexible battery, as depicted in Figure 3.1. This environment supports any arbi-
trary wearable applications facilitated by a target wearable device equipped with
processing, sensing, and communication capabilities. This work uses a prototype
wearable device as the target platform to deploy tinyMAN. This device incorporates
a low-power MCU with communication capabilities, non-volatile RAM, and various
sensors, including IMU, humidity, temperature, and light sensors. Additionally, it
integrates components to utilize harvested energy effectively. A comprehensive list

of the components used in the prototype wearable device is given in Table 3.2. In
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Figure 3.1: Illustration of the wearable device environment our proposed tinyMAN
agent interacts with.



42

the following, we define the battery energy dynamics, the relevant constraints, and
the utility function of the device and explain the EH source model.

Battery dynamics and constraints: tinyMAN maximizes the utilization of a target
device under ENO and battery constraints by finding the optimum energy alloca-
tions. The assumed target device houses a flexible, small form-factor LiPo battery
with a capacity of 12 mAh and can charge the battery through energy harvesting.

Therefore, the battery energy dynamics in the environment is a function of:
1. EP the battery energy level at the start of time interval t
2. E{ the allocated energy at the start of time interval t
3. EM the harvested energy in time interval t

Our energy management framework uses an episodic setting where each episode
corresponds to a single day (T = 24 hours), and each step t in an episode lasts an

hour. Using these definitions, we write the battery energy dynamics as follows:

EP  =EP+BEH —aE}, teT (3.1)

where 3 corresponds to the efficiency of the harvester and « corresponds to the
percent utilization of the allocated energy.

There are two physical constraints on the battery level. It is bounded from below

B

cap)- Furthermore, we want the

at zero and from the top at the battery capacity (E

device to have an emergency reservoir at all times to serve as backup energy:

teT (3.2)
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To achieve ENO, tinyMAN ensures that the battery energy level at the end of an

episode is equal to a specified target:

E} ~ Erarget (3.3)

For achieving ENO, we set E¢qrget = EJ such that the battery energy level at the
end of the episode is equal to the battery energy level at the beginning of the same
episode. We enforce these constraints using the reward function as explained in
Section 3.4.1.

Utility: The utility is a metric that represents the useful output produced by the de-
vice, such as accuracy or throughput, depending on the target application running
on the device. For example, for a state-of-the-art heart rate monitoring application,
the utility can be defined by the sampling frequency. The proposed tinyMAN
framework supports any arbitrary utility function.

For the current work, we define the utility according to the minimum energy
consumption of the device in an hour, which is calculated using the components
listed in Table 3.2. The sum of the idle currents of these components amounts to
54.6 pA, resulting in an idle energy consumption of EZ.; = 0.64 ] when the device
operates at a VDD of 3.3V. Thus, if the allocated energy falls below this minimum
threshold (E{* < EZ,,.), the utility is zero (or negative), indicating that the device
does not produce any useful output. However, it is important to note that the utility
function can take on any shape based on the specific requirements of the application.

In our study, we employed a logarithmic utility function with a diminishing return

rate, as elaborated in Section 3.4.1.
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Table 3.2: Components used in the prototype wearable device.

Component VDD Ligie Part #
Microcontroller 1.8-3.8V 0.9 uA CC2652R
IMU 1.7-3.6V 8 uA  MPU9250
Nonvolatile Ram 1.6-3.6V 10 pA  MB85ASAMT

Humid. & Temp. Sensor 2.7-5.5V 0.1 pA  HDC1000
Ambient Light Sensor 1.6-3.6V 03 uA OPT3001
Boost Converter for EH  2.5-5.2V 0.3 uA BQ25504
LDO linear regulator 2.0-5.5V  35uA  TLV702

EH Source: The EH source uses the dataset presented in [50] to generate EH
scenarios according to different user patterns. This dataset uses light and motion
energy modalities as ambient energy sources. It combines power consumption
measurements with the activity and location information of 4772 users from the
American Time Use Survey dataset [61] to generate varying 24-hour EH patterns
per user. We divide the EH dataset [50] into four clusters according to the users’
EH patterns throughout the day. The hourly distributions of these four clusters
are illustrated in Figure 3.2. These distributions are based on the mean and the
standard deviation of EH patterns in the same cluster. Therefore, the EH source

generates a harvested energy value at every hour according to the distributions in

the dataset as the day progresses.
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Figure 3.2: Hourly Cumulative distribution function of the harvested energy for a)
Cluster 1, b) Cluster 2, ¢) Cluster 3, and d) Cluster 4. The inset graph shows the
CDF of a specific hour, with the y-axis showing the CDF with respect to EH and
the x-axis showing the EH values.

3.3.2 Twin Delayed Deep Deterministic Policy Gradient (TD3)

Algorithm

The objective of an RL agent is to maximize the cumulative reward by interacting
with the environment. According to the state s of the environment and the current
policy 7, the agent chooses an action a. Based on this action, the environment
returns the next state s’ and reward r. In this study, we adopt the Twin Delayed
Deep Deterministic Policy Gradient [42] (TD3) algorithm, which extends the deep
deterministic policy gradient (DDPG) [66] method due to its superior performance
over state-of-the-art reinforcement learning (RL) approaches and its reduced sen-
sitivity to hyperparameter tuning. The DDPG method consists of an actor that
employs policy gradient methods to obtain the optimal policy and a critic that uses
a deep Q network (DQN) to assess the actor’s actions. In DDPG, the actor is trained
to learn the correlation between state and action, whereas the critic is trained to
establish the relationship between state-action pairs and the expected cumulative

returns (Q-values). However, one limitation of DDPG is that the critic is prone to
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overestimating the target Q-value. This can lead to challenges with policy stability
and convergence to local optima due to the approximation errors in the Q-value that
are used to enhance the policy [42]. To address the overestimation error, TD3 [42]
offers three significant improvements over DDPG: (i) clipped double Q-learning,
(ii) target policy smoothing, and (iii) delayed policy updates.

Clipped double Q-learning: TD3 adopts two critic networks instead of one, which
enables it to use the lower Q-value of the two to generate the targets in Bellman’s
optimality equation. Both critic networks are updated by TD3 using the following

loss:

Leritic(01) = E(sy,airesiin)~D [(U — Q(s¢, ag; 91))1 (3.4)

y =7+ yargg min Qlsess, &6)) (3:)

where D is the experience replay buffer that stores transitions (s, ay, 1, S¢+1) for
every time step in the environment, y is the target value, and vy is the discount
factor.

Target policy smoothing: When calculating target values, the target actor-network
generates the action d. However, the DDPG approach can lead to target values
with high variance, even for similar actions, because deterministic policies are
susceptible to overfitting to sharp peaks in the value estimate. To mitigate this issue,

the TD3 algorithm introduces some noise € to the action instead of using the action
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given directly by the target actor-network, as follows:

d="(s¢y1,d') +€:e~clip(N(0,0),—c,c) (3.6)

The policy of the target actor-network for state sy is denoted by 7t(s.,1, $’), and
the range of —c to +c denotes that any added noise is bounded to ensure that the
target action stays close to the actual action. This regularization technique helps to
decrease the variance in the target values.

Delayed policy updates: Deterministic policy gradient methods update the pa-
rameters of the actor-network by maximizing the Q-values, which are obtained

utilizing the actions created by the actor-network as follows:

Lactor(d)) = E(st,at,rt,sHl)ND Q(St/ Ay, el)|at:ﬂ(st;¢) (37)

This update rule can result in divergence during the agent’s training, particularly
when a suboptimal policy is overestimated. As a result, the agent may update
on states with high error, leading to instability and a shift towards suboptimal
policies. To address this issue, TD3 adopts a less frequent update schedule for the
actor-network compared to the value network. This approach of infrequent policy
updates generates value estimates with lower variance and therefore facilitates the

development of better policies.
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3.4 Proposed Energy Manager — tinyMAN

This section provides the environment dynamics and introduces the tinyMAN RL

framework.

3.4.1 Environment Dynamics

Our goal is to maximize the utilization of the device under certain battery energy
level constraints. In our framework, the environment dynamics are determined to
enable the adaptability of tinyMAN by any device and application.

State Space: The state is a 6-tuple that consists of:

- Current battery energy (EE‘B € [0,1]): The energy level of the battery at the
beginning of the current step t divided by the battery capacity.

H
- Harvested energy in the previous time step ( EE =

L ¢ [0,1]): Harvested energy

B
ma

during the previous step t—1 divided by the battery capacity.

- Time (t € Z): The current time step t, corresponding to the current hour of

the day.

- Initial battery energy level ( EE’% € [0,1]): The energy level of the battery at

the beginning of the episode (t=0) divided by the battery capacity.

- Cumulative EH (Z;E EI]:;E € R): Cumulative harvested energy in the previ-

ous time steps divided by the battery capacity.

_ A
- Cumulative EA (31} EEB—T): Cumulative energy allocations in the previous

time steps divided by the battery capacity.
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EB]).

min/

Action Space: The action is the allocated energy at every time step (E{ € [E/,

Since the application on the device needs a minimum energy level to stay in the

A
min/*

idle state, we set a minimum level constraint on the action (E
Reward function: Our objective is to maximize the utility of the device under
certain constraints on the battery energy level. Although tinyMAN can support any
utility function, for a fair comparison with previous literature [62, 57], we utilize a

logarithmic utility function in this work:

EA

min

w(ED) :1n< E¢ ) (3.8)

Given that we evaluate performance based on average utility, using a different
utility function would introduce bias and hinder meaningful comparisons across
studies.

In an RL setting, the reward function plays a pivotal role in imposing constraints
on the battery. There are two constraints that can be imposed on the reward function:
(i) emergency reservoir energy constraint (Equation 3.2) and (ii) ENO constraint
(Equation 3.3). Considering the objective and the constraints on the battery, we

define the reward function as a piecewise function based on both the battery energy
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level and the time of day:

;

w(EP) EP>EB. andt#T
—[EB —EB. | EP <EB. andt#T
Ty = (3.9)

_|EP - Etarget| EE § Oandt 7£ T

_|EJ]§ - Etarget| t=T

\

Under the first condition, where the battery energy level complies with the con-
straints and the time t is not equal to T (the end of an episode/day), the objective is
to maximize utility. If the battery energy level falls below the emergency reservoir
threshold and t is not equal to T, we enforce the emergency reservoir constraint by
penalizing the agent using the term —|E} — EZ . |. In the event of battery depletion,
and t is not equal to T, we heavily penalize the agent using the term —[EF — Etargetl-
Finally, if the battery energy level remains within the constraints, t reaches T, we
apply the ENO constraint by penalizing the agent using the term —[Ef — Etqrgetl-
An episode terminates if time T is reached or the battery is completely drained.
According to the environment dynamics explained in this section, we develop

our environment in Python and register it as an OpenAl’s Gym [67] environment.

3.4.2 The Proposed tinyMan RL Framework

Algorithm 2 summarizes the training of the tinyMAN agent for a given cluster of
users. First, we initialize an empty replay buffer D and critic and actor networks

with random weights (line 5). We also initialize the target critic and actor networks
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Algorithm 2: tinyMAN - RL based Energy Manager

1 Input: Number of total time steps N, Minibatch size B, Discount factor vy, Policy
update delay pgetay,

The standard deviation for smoothing noise added to target policy o,

The standard deviation for Gaussian exploration noise added to the policy o’,

The clipping factor of the target policy smoothing noise c.

Initialize: Replay buffer D, Critic networks Qg,,Qg, and actor-network 7¢, with
parameters 01, 0, ¢.

g Bk W N

6 Target networks Qg; <= Qg,, Qg < Qo,, T’ <+ Tg

7 done < True

8 Parameter update count, p,, = 0.

9 while Total Number of Steps < N do

10 if done = True then

11 # End of an episode, start a new one

12 Reset the environment to a randomly chosen initial battery energy Ef and

an EH pattern.

13 done <« False

14 Choose an action with exploration noise a; ~ 7t(s¢; ¢) + € : € ~ N(0, 0”)
15 Collect samples {s¢, at, T, s;, done} by interacting with the environment and

store them in D.

16 Sample random B transitions from D.
17 Q¢ < m(s¢y1, ') +€:e~clip(N(0,0),—c,c)

18 Y ¢ T+ yargg mini—12 Qo (st+1, Gt)

2

19 Losscritic(0i) = E [(y - Qei(st/ at)) }

20 Update critic network parameters.

21 Pn=pPn +1

22 if pp mod pgetay then

5 Lossactor(®) = E[ Qo,(st, at)lay=r(s 0

24 Update actor parameters and target network parameters.

with the same parameters (line 6). The networks consist of fully connected layers
with three hidden layers and 64 neurons in each layer. At the start of each episode n,
we randomly choose an EH pattern and an initial battery energy level (line 12). The

EH pattern is generated using the hourly distributions depicted in Figure 3.2 and is
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unique for each episode, allowing tinyMAN to learn the EH patterns of users in
that cluster. The agent then interacts with the environment using its actor-network
(1y) (line 14). The resulting transitions (s, a, T, st+1, done) are then stored in
the experience replay buffer D (line 15). The algorithm then samples a minibatch
(B) of transitions from D (line 16). Using this minibatch of samples, the smoothed
target action values are determined based on the noise € and the clipping factor ¢
(line 17). The target value y is computed using the target critic-networks and target
action values (line 18). Finally, the actor and critic networks are updated using the
loss functions described in Section 3.3.2 (lines 19-24). The training concludes once
the total number of time steps reaches N.

The EH dataset [50] is divided into four clusters according to the users” EH
patterns throughout the day. The agent is trained separately on each cluster. We
implement tinyMAN in Python using Adam optimizer with a learning rate of 1E-4.
Since the proposed tinyMAN framework is deployed on a wearable device, the
characteristics of the target device, such as battery capacity, minimum battery energy
level (EE . ), and minimum energy allocation (EZ ;) should be identified before

the training. These characteristics do not change over time during the training. We

B

set the emergency reservoir energy as E.. ;,, = 10 ], roughly corresponding to 5
minutes of active time for the components listed in Table 3.2. This parameter and
others, as listed in Table 3.3, can be tailored according to the requirements of another
device or application. The hyperparameters listed in Table 3.3 are selected based
on extensive experimentation and parameter tuning centered around the original

values and discussion presented in the original paper for TD3 algorithm [42].
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Table 3.3: Definition of the hyperparameters for tinyMAN and their values

Parameter Description Value H Parameter Description Value

N Total number of time steps 1 x 10° || o Target policy smoothing noise std. 0.2

B Minibatch size 100 c Clipping factor of target policy noise 0.5

D Replay buffer size 1x10° Niayer Number of hidden layers 3

Y Discount factor 0.995 NNeuron Number of hidden neurons 64
Pdelay Policy update delay 2 Ir Learning rate 1x10°*
o’ Exploration noise std. 0.3 EB.. Emergency reservoir energy 10

3.5 Addressing Varying Demand by the Application -
tinyMAN-MO

So far, the proposed tinyMAN framework has a single objective; to maximize the
utility under ENO constraints. It also considers a stationary utility function, i.e.,
the shape of the utility function does not change over the horizon. This assumption
holds for many continuous monitoring applications, such as heart or respiration
rate monitoring, where the application operates within the allocated energy budget
without making explicit demands. In contrast, many other applications, such
as sleep trackers, pedometers, or activity trackers, can demand energy and have
utility functions that vary over time. For instance, a workout tracker demands high
energy and produces utility when the user is active (i.e., working out or playing
sports). Therefore, meeting the varying demands is critical for many applications.
Motivated by these observations, we present tinyMAN-MO, the multi-objective
extension of tinyMAN, to co-optimize, meeting the application’s varying demand

and maintaining a non-zero battery level.
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3.5.1 Multi-objective Problem Formulation

Introducing application demand as a new constraint adds complexity, as it con-
tradicts the existing ENO constraints presented in Section 3.3.1. For instance, if
the total energy demand of the application surpasses the harvested energy within
the time horizon T, achieving energy neutrality becomes unfeasible. Therefore,
we reformulate the problem into a multi-objective problem with two conflicting
objectives: meeting the application’s demand and sustaining a non-zero battery
energy level. For this, we need to define the application’s energy demand in our
work to utilize it in the objective function.

Energy Demand: This study focuses on an activity tracker application as a repre-
sentative case study. However, it is important to note that the approach proposed
here extends beyond this particular application and applies to various applications.
Activity trackers typically experience higher energy demands during user activity.
To model this behavior, we generate variable demand curves based on individual
user activity data sourced from the American Time Use Survey dataset [50]. This
dataset consists of 10 activity labels [57], which we categorize into three levels:
Active task, Daily task, Not active task. For instance, activities like “exercise” fall
under Active tasks while “personal care” and “work” fall under Daily task, and
“sleep” and “eat” falls under Not active task. Using this categorization, we derive
daily activity level patterns for 4772 users at a 1-minute resolution, as depicted for
50 randomly selected users in Figure 3.3-a) using a lasagna plot. As anticipated,
periods of low activity, such as the early and late hours of the day and lunchtime,

are predominantly categorized as Not active. Following this analysis, we refine
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our modeling approach by incorporating energy consumption data from three
commercial products:

i. Not active: 50 mJ/min — Oura Ring [68]
ii. Daily: 140 mJ/min — Amazon Halo [69]
iii. Active: 480 mJ/min — Whoop Strap [70]

we convert the activity level information into the application’s hourly energy de-
mand. For instance, Figure 3.3-b) displays the computed hourly demand for a
randomly selected user from Figure 3.3-a). This user exhibits peak activity around

midday, resulting in elevated demand during that period. Conversely, the resting
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» — i} e — e
- - S —
g — — — -Daily
=} —— —
—= ————
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Figure 3.3: a) Activity levels of randomly selected 50 users in the dataset. Each row
is a user, each box in the grid corresponds to 60 minutes, and colors correspond to
activity levels. b) The demand for one of the users is highlighted by the black box.
The insets show the different utility curves due to different demands.
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and eating phases following the active period correspond to decreased application
demand. Using this dataset, we calculate the hourly energy demand for each user
and integrate it into our revised utility function for the multi-objective problem, as
outlined in the following.

Utility: We revise the utility function in Section 3.3.1 to incorporate the demand:

B pA <D,
w(ER, Dy) = (3.10)

1 EA > D,

where D denotes the demand at time step t. In this case, the utility function equals
1 when E{* > Dy, which means the demand is met, and allocating more energy does
not produce additional utility. Moreover, we use square-root instead of log to have a
slower rate of decrease in utility when E{* < D,. We keep the function’s concavity,
not to dismiss the ability to solve it optimally using convex optimization solvers.
If this was not a concern, the utility could be set to zero for E} < E2.  similar
to Section 3.3.1. We emphasize that tinyMAN-MO supports any arbitrary utility
function and that the utility function can have any shape according to the needs of
the application. As a result, we obtain a time-varying utility function characterized
by the application’s demand. For instance, the insets in Figure 3.3-b) depict two
different cases for the utility function. At t = 14, the application’s demand is 17.33 ],
and the utility is 1 if that amount of energy is allocated to the application. Similarly,

att = 21, the application demands 3 J to yield a utility of 1. With this revised utility

function, meeting the application’s demand is equivalent to maximizing the utility.
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3.5.2 Multi-objective Environment Dynamics

tinyMAN-MO’s main objective is to learn the trade-off between meeting the appli-
cation’s varying demand and the battery energy level. We revise the environment
dynamics explained in Section 3.4.1 to reflect this change.

State Space: We add the demand for the current time step to the state vector, making

it a 7-tuple:

- Demand ( Dy <10,1] ): Demand at the current time step t divided by the

B
Emax

battery capacity.

Action Space: The action is identical to tinyMAN and corresponds to the allocated
EP]).

energy at every time step (E{* € [EX,,.,
Reward function: The multi-objective extension incorporates two conflicting goals:
meeting the application’s demand and maintaining a non-zero battery energy
level. Based on the revised utility function, we express meeting the application’s
demand as maximizing the utility. Thus, the agent aims to learn the balance
between maximizing the utility function (given by Equation 3.10) and maximizing
the battery energy level while adhering to specific battery-related constraints. As
the revised utility function produces values between 0 and 1, we use the percent

battery energy level as the second objective to ensure compatible scales between

the two objectives. Consequently, the reward function now produces a vector of
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two elements as follows:

7

fu(EQ, Dy), ] EB. <EB<EB,
e = [W(ED, D), —es— + 1] EB > EB (3.11)

max

[—[EP —EB,.| —[EB —EB,.] EPF<EE
\

min min

In both objectives, the emergency reservoir energy constraint is incorporated by
including the term —|EZ — EB . |. The reward vector for this condition has a scale
of an order of magnitude higher than the first two conditions. This implies that
if the battery level falls below a minimum level (E} < EZ ) during the episode,
the agent will be heavily penalized. Additionally, a negative reward is given for
the battery level objective if it exceeds the maximum battery capacity to ensure
that saving more energy than the battery capacity is not advantageous. An episode

terminates when either time T = 24 is reached or the battery is entirely depleted.

3.5.3 Multi-objective RL Framework

Existing multi-objective reinforcement learning (MORL) methods transform the
multidimensional objective space into a single dimension using static weights for
each objective and then employ standard RL algorithms to obtain a policy optimized
for those weights [29]. Repetitively solving a multi-objective optimization problem
by scalarizing the multidimensional objective space is not feasible, and it requires
domain expertise in order to assign preferences (w) to each objective statically.

Recent MORL approaches suggest training a single policy network that covers
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the entire preference space [4, 1, 25]. The goal is to obtain a policy that yields
a solution on the Pareto front for a given preference. The Pareto front is a set of
solutions that are non-dominated by each other but are superior to the rest of the
solutions in the solution space. To accomplish this, we utilize a multi-objective
version of TD3 (MO-TD3) [25] to obtain a single policy network that covers the
entire preference space. MO-TD3 is an extension of the TD3 algorithm [42] where
the network also takes preferences (w) of the objectives as inputs along with the
states. It also employs Hindsight Experience Replay buffer [31] to efficiently explore
the preference space and novel parallelization approach to increase the sample
efficiency of the algorithm [25]. This technique is explained in detail in Section 2.

Since our multi-objective environment returns a reward vector, the Q-network is
also vectorized to efficiently learn to model multiple objectives for a given preference
vector w. Specifically, the network takes state s and preference vector w as inputs
and outputs a vector of Q-values. Hence, the update rule of the vectorized network

is modified as follows:

Leretie(8) = Epspaprysnsorn [ (y — Qlsyap w;00) ] (312)

Yy =T +vyarg, n_%r; Q(sty1,a, w;07) (3.13)

The actor-network also takes the preference as inputs, and the parameters of this

network are updated by maximizing the w' Q using the following loss:
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I—actor(d)) = E(st,at,rt,st+1,w)~D [Q(St/ ay, ; 91)|at:7't(st,w;¢)) (314)

Similar to tinyMAN, we first identify the characteristics of the target device:
the minimum battery energy level as EZ ;. = 17 to allow the tinyMAN-MO agent

to cover the corner cases where the battery is drained and the minimum energy

allocation as E2

nin = 0.64 ]. The agent is trained separately on each of the four
clusters. Algorithm 3 outlines the training of the tinyMAN-MO agent. Different
from tinyMAN, at the beginning of each episode during training, we randomly
sample a preference vector (w € Q : Y |  w; = 1) from a uniform distribution
(line 13). For a given preference, the agent interacts with the environment using
its actor-network (74 ) and obtains transitions (s, ay, T, S¢4+1, W, done), which
are then stored in the experience replay buffer D (lines 15-16). To explore the
preference space, we also store N, transitions for each transition, where a different
preference (w’ € Q : Y I  w} = 1) is sampled. These additional transitions
(s,a,1,s',w’, done) are also stored in D (line 17-18). The remaining steps are
similar to tinyMAN, except that the critic networks yield vectorized Q-values and
that the actor and critic networks are updated using the loss functions described
in this section (lines 19-27). The training ends after the total number of time steps
reaches N. The steps that differ from the tinyMAN implementation (Algorithm 2)
are highlighted with teal in Algorithm 3.

We implement tinyMAN-MO in Python using Adam optimizer with a learning

rate of 1E-4. The hyperparameters for tinyMAN-MO are presented in Table 3.4. The
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hyperparameters listed in Table 3.4 are selected based on extensive experimentation

and parameter tuning centered around the original values and discussion presented

in the original paper for TD3 algorithm [42].

Algorithm 3: tinyMAN-MO - Multi-objective RL based Energy Manager

1

Input: Number of total time steps N, Minibatch size B, Discount factor vy, Policy update
delay Pdelay,

2 The standard deviation for smoothing noise added to target policy o,

The standard deviation for Gaussian exploration noise added to the policy o’,

4 The clipping factor of the target policy smoothing noise ¢, Number of preferences sampled

13
14
15
16

17
18

19
20
21
22

23
24
25

26
27

for HER N,.
Initialize: Replay buffer D, Critic networks Qg,,Qe, and actor-network 7y, with parameters
01, 02, ¢.
Target networks Qg; <= Qp,, Qo; < Qo,, Tpr < Ty
done < True
Parameter update count, p, = 0.
while Total Number of Steps < N do
if done = True then
# End of an episode, start a new one
Reset the environment to a randomly chosen initial battery energy Ef and an EH
pattern.
Sample a preference vector w.
done « False
Choose an action with exploration noise ay ~ 7t(s¢, w; ¢) + € : € ~ N(0, o)
Collect samples {s¢, a, 1, sy, w, done} by interacting with the environment and store
them in D.
for j =1: N do
‘ Store transition (s, at, 1, s, w;, done) in D
Sample random B transitions from D.
ay < 7(siy1, w; d') +€: e ~clip(N(0,0),—c, ¢)
Y < r+yarggmini—i2 Qg (st+1, dr, W)

Losscritic(01) =E KU — Qo (s¢, ar, w)>2}

Update critic network parameters.

Pn=pPn+1
if p, mod pgetlay then

Lossactor((b) - E{ Qel (St/ ag, w)‘ut:ﬂ(st,w;d))}
Update actor parameters and target network parameters.
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Table 3.4: Definition of the hyperparameters for tinyMAN-MO and their values

Parameter Description Value H Parameter Description Value

N Total number of time steps 3x10° || o Exploration noise std. 0.1

B Minibatch size 128 o Target policy smoothing noise std. 0.2

D Replay buffer size 5x10° || ¢ Clipping factor of target policy noise 0.5

Y Discount factor 0.995 Niayer Number of hidden layers 3

No Number of preferences-HER 3 NnNeuron Number of hidden neurons 64
Pdelay Policy update delay 10 Ir Learning Rate 1x107*

3.6 Experimental Evaluations

This section evaluates the tinyMAN framework, presenting results for both single-
objective and multi-objective cases. We provide execution time, energy overhead,
and memory footprint measurements of the tinyMAN framework when deployed

on a wearable device prototype in Section 3.7.

3.6.1 Single-objective Results
3.6.1.1 Experimental Setup

We compare the performance of tinyMAN to three prediction-based approaches in
the literature [62, 54, 57], as discussed in Section 3.2, as well as to an oracle solution.
The oracle solution is obtained by an offline solver (e.g., CVX) with the actual
harvested energy data for the day. It solves the following optimization problem for

a given preference and finite horizon:

T-1
maximize Z Yu(ED)
t=0 (3.15)

subjectto Ef >EX, andEP. <EP <EE .

min
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where v is the discount factor. We emphasize that this oracle solution is inherently
unfair and unrealistic. However, it serves as a reference point, offering insight into
the maximum theoretical utility achievable given the harvested energy.

For each cluster, we begin by sorting all users based on their cumulative daily
harvested energy. Subsequently, we exclude users corresponding to the {25%, 50%,
75%} of this sorted list from the training set for illustrative purposes. Addition-
ally, 10% of the remaining users are randomly selected as test users and are also
removed from the training data for evaluation purposes. Furthermore, we assess
the performance of our approach for each cluster at four different initial battery

energy levels: EP = {16,48,112,144}].

3.6.1.2 Performance Evaluation

Figure 3.4 provides a summary of the average daily utility and the total number of
constraint violations obtained for all approaches using the test users for each cluster.
In general, we observe an increase in total utility as the harvested energy increases
from cluster 1 to cluster 4, given the greater energy available for allocation on the
device. tinyMAN consistently maintains utility levels within 10% of the optimal utility.
Moreover, it results in at least 20% fewer constraint violations compared to prior approaches,
as illustrated in Figure 3.4-b). Specifically, in scenarios with low battery energy
levels (16]), tinyMAN achieves 80% fewer constraint violations. This performance is
attributed to the constraints enforced in the reward function, where the agent incurs
heavy penalties for violations. By exploring various energy harvesting and battery

energy conditions during training, tinyMAN can make more informed decisions,
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leading to fewer constraint violations. However, in Figure 3.4a), for cluster-1, we
observe an unexpected increase in the total number of violations with the increasing
battery level. This phenomenon may appear counterintuitive, considering that
one might expect a higher battery level to lead to better performance in terms
of constraint violations. One plausible explanation for this behavior is that with
a higher battery level, the agent becomes more exploratory or aggressive in its
energy allocation decisions, leading to riskier actions that result in more constraint
violations, particularly under conditions of low energy harvesting, such as those
observed in cluster 1. We also observe that tinyMAN only marginally violates

the ENO constraint in scenarios with high battery energy levels. Furthermore,
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Figure 3.4: Summary of the performance of all approaches a) Total constraint
violations b) Average utility
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we emphasize that tinyMAN is trained to adapt to various battery energy levels
and energy harvesting patterns without requiring energy harvesting predictions
during runtime. This contrasts with prior approaches, whose performance heavily
depends on accurate predictions.

Figure 3.5-(1a, 1b, 1c) illustrates the allocations made by tinyMAN for the initial
battery level of Ef = 16] for three users (25%, 50%, 75%) in cluster 4. In addition to
the behavior of the tinyMAN agent, Figure 3.5 also illustrates the energy allocations
computed by three prior prediction-based approaches and the offline oracle solution.
In contrast to tinyMAN, which implicitly learns the actual EH patterns during
training, the prior approaches rely on specific expected EH patterns for users,
depicted by the blue line in Figure 3.5-(3a, 3b, 3c). These expected EH patterns are
derived using the cluster’s mean EH pattern, representing the average EH pattern
of users within that cluster. Conversely, tinyMAN’s approach does not require
explicit EH predictions, making it prediction-free. The oracle solution utilizes the
actual harvested energy during the day, illustrated by the red line in Figure 3.5-
(3a, 3b, 3c). This actual EH pattern corresponds directly to each user’s own EH
pattern, as discussed in Section 3.3.1. It can be seen that tinyMAN’s allocations
(actions) are around the optimal values shown with the red line in Figure 3.5-(1a,
1b, 1c). In contrast, prior approaches tend to deplete the battery and severely
under allocate to avoid depletion, especially in the early hours of the day (before 10
AM). As a result of this, they often violate minimum and target battery energy level
constraints. Moreover, this behavior causes their total daily utility, U = ZLO u(EQ),

to decrease. If the deviation between the actual and expected EH values were greater
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Figure 3.5: Comparison of tinyMAN with the prior approaches and the offline
oracle solution for Cluster 4

in Figure 3.5-(3a, 3b, 3¢), the performance of prior approaches would deteriorate
significantly. Figure 3.5-(4a, 4b, 4c) clearly demonstrates tinyMAN’s behavior

throughout the day by superimposing the allocated energy, battery energy, and the
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actual harvested energy on the same plot. It is evident that tinyMAN efficiently
conserves battery energy early in the day to utilize it during periods of low and
variable harvested energy later on. Indeed, tinyMAN achieves up to 17% higher
utility than the prior approaches and within 8% of the oracle solution while not
causing any violations for the three example cases depicted in Figure 3.5. In contrast,
[57] has 6, [62] has 23, and [54] has 24 total violations. Thus, we argue that
tinyMAN is the preferred energy management solution for wearable edge devices

operating under conditions of uncertainty in harvested energy.

3.6.2 Multi-objective Results
3.6.2.1 Experimental Setup

We evaluate the performance of tinyMAN-MO by comparing it to an oracle solution
derived using an offline solver (e.g., CVX) with the actual harvested energy data
for the day. This offline solver transforms the objective vector into a scalar using

the preferences for each objective (e.g., utility and battery energy level) as follows:

T—1 B
maximize Zyt(wlu(E?,Dt) + szB—t)
t—0 max (3.16)

subjectto E{ >EZX;, and EP

min min

<EP SED

max

where 7y is the discount factor and w represents the preference for each objective. As
in the single-objective case, this oracle solution is inherently unfair and unrealistic.
However, it serves as a benchmark for comparison.

Similar to tinyMAN, we start by sorting all users in a cluster based on their
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cumulative daily harvested energy. Subsequently, we exclude users corresponding
to the {10%, 25%, 50%, 75%, 90%} of this sorted list from the training set for evalu-
ation purposes. For each user, we evaluate the performance of tinyMAN-MO at
four different initial battery energy levels: Ef = {16,48,112,144}]. Furthermore, we

divide the preference space into twenty equally spaced vectors {[0,1], [0.05, 0.95],
., [1,0]}.

3.6.2.2 Performance Evaluation

Figure 3.6 illustrates the Pareto-front solutions obtained by tinyMAN-MO and the
Pareto-optimal curve of the oracle for three users (25%, 50%, 75%) for all clusters. In
this plot, the x-axis shows the percentage of the total daily demand met (objective-
1), and the y-axis shows the average battery level during the day (objective-2).
Consequently, the left-most data point in a given curve corresponds to the preference
vector of [0,1] (i.e., only care about the battery level), and the right-most data point
corresponds to [1,0] (i.e., only care about meeting the demand). Therefore, a
preference vector of [0,1] signifies that the agent prioritizes maintaining the battery
level over meeting the energy demand. Consequently, under this preference, the
agent allocates the minimum required energy (E{ = EZ,; ) to the application,
except when the battery is fully charged by the harvested energy. In such cases,
any excess energy is directly allocated to the application, inadvertently leading to
an increase in objective-1, which focuses on meeting the demand. Conversely, a

preference vector of [1,0] indicates that the agent’s primary objective is to meet the

energy demand, potentially disregarding the minimum battery level constraint, as
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shown in 1a) Additionally, during periods of abundant energy, the demand can
be met at a preference as early as [0.5,0.5], resulting in vertical "falls" on the right
side of the plots. This suggests that under balanced preferences, both objectives
are optimized simultaneously. Moreover, both objectives increase in value as the
harvested energy escalates from Cluster 1 to Cluster 4. The Pareto-front solutions
obtained by tinyMAN-MO closely resemble the Pareto-optimal solutions derived by
the oracle, as depicted in Figure 3.7. Specifically, the mean absolute percentage error
(MAPE) between the Pareto curves consistently remains below 10%, signifying a
high degree of similarity. Furthermore, the MAPE tends to decrease with increasing

harvested energy, indicating improved performance in scenarios with higher energy

availability.
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Figure 3.6: The Pareto front solutions obtained by tinyMAN-MO and the optimal
solution. Solutions obtained using preference vector [0.5, 0.5] are highlighted by
the "star” marker.

3.7 Deployment on a Wearable Device

The TI CC2652R microcontroller used on our prototype device incorporates an ARM
Cortex M4F running at 48 MHz and has 352KB of flash memory and 80KB of SRAM.
These scarce resources highlight the importance of evaluating the trained RL agent
regarding its deployability on the target platform. As the network architecture
used by tinyMAN and tinyMAN-MO is the same, their memory footprint, energy
consumption, and execution time overhead are nearly identical. Thus, in this
section, we collectively refer to both frameworks as tinyMAN. In evaluating the

deployability of tinyMAN, we consider three critical aspects: (i) The execution
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Figure 3.7: Summary of the mean absolute percentage error from five test users

time per inference, (ii) the energy consumption per inference, and (iii) the memory
utilization of the target hardware platform. Our analysis follows the Tensorflow
Lite Micro (TFLM) flow for converting and deploying the trained models on the
target device, as outlined in [71]. Then, we measure the current consumption of the
TI microcontroller. Based on these measurements, the execution time and energy
consumption overhead of a single policy network call of the proposed tinyMAN is
measured as 1.98 ms and 23.17 yJ, respectively. As a result, the total time and energy
consumption of the tinyMAN framework for a single day are 47.52 ms and 0.556
m], respectively. These values are insignificant compared to the 24-hour period
and 160 ] battery capacity. Additionally, to assess memory utilization, we use the
“Memory Allocation” report of TI Code Composer Studio. This report indicates
that the memory footprint of tinyMAN amounts to 118 KB, a size that comfortably
tits within the onboard memory of the target device. We note that the reported
memory footprint is for the entire application, including necessary drivers and
I/Os for debugging, such as UART and timers. These findings strongly support the

conclusion that tinyMAN is readily deployable on resource-constrained wearable
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IoT devices, thanks to its minimal impact on execution time, energy consumption,
and memory utilization, making it an ideal solution for powering low-energy
wearable devices.

Given that all the data needed to define the state space in the tinyMAN frame-
work is readily accessible on the device, it ensures efficient operation and allows
for continuous adaptation to changing environmental conditions. This real-time
data availability allows the system to dynamically adjust its decision-making pro-
cess based on current environmental states and user needs. By integrating online
learning functionality, tinyMAN can iteratively refine its energy management strate-
gies over time, enhancing its effectiveness and adaptability. This iterative learning
approach enables tinyMAN to respond effectively to unforeseen environmental
changes, ensuring optimal energy utilization in dynamic and unpredictable scenar-
ios. Thus, by leveraging onboard data and online learning capabilities, tinyMAN is
positioned to deliver robust performance while remaining responsive to evolving

energy harvesting conditions.
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4  GEM-RL: GENERALIZED ENERGY MANAGEMENT OF WEARABLE

DEVICES USING REINFORCEMENT LEARNING

4,1 Motivation and Contributions

Wearable devices have become widely popular for health monitoring applications,
activity recognition, smart entertainment systems, and smart fashion [72, 73, 74].
These devices typically include a lightweight, small, rechargeable battery to avoid
user discomfort. However, small battery capacities limit the computational power
and operating lifetime of the device. Energy harvesting (EH) from ambient sources
has emerged as a promising solution for self-sustainable wearable devices [54, 50].
However, relying only on EH is not sufficient to achieve self-sustainability due
to the uncertainties of ambient sources. Therefore, recent research has proposed
energy management (EM) approaches to improve the application performance
while removing the manual recharge requirements [54, 57, 64, 62].

The primary goal of EM is to maximize the utilization of the device by judiciously
allocating the available energy according to the users” and applications’ needs. EM
approaches should cope with the stochastic behavior of the harvested energy and
user patterns. State-of-the-art research employs dynamic optimization approaches
along with a prediction method that obtains expected EH values [62, 63]. Thus,
their performance depends critically on the accuracy of these predictions. The
major drawback of predictive approaches is the critical dependency on user activity

and location [63]. Additionally, solving an optimization problem for a specific
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objective in a highly dynamic environment is not practical. For example, users
may want to intervene to save battery for a given day which introduces a second
dimension to the optimization problem. Therefore, there is a critical need for a
prediction-free and user-independent EM approach that also enables a multi-objective
optimization.

This work presents a generalized energy management framework using multi-
objective reinforcement learning, GEM-RL. It learns the trade-off between utiliza-
tion and the battery energy level of the target device under dynamic EH patterns and
battery conditions without relying on forecasts of the harvested energy. GEM-RL
transforms multi-dimensional objective space into a single dimension by assigning
weights (preferences) to each objective [29]. It employs a multi-objective version
of the TD3 (MO-TD3) [25] algorithm to obtain a single policy network that covers
the entire preference space. The inputs of the policy network consist of battery
and harvested energy-related values (state) and the preferences. This formulation
enables an optimal policy (energy allocations) for any user-specified preference
at run-time. We randomly sample an EH pattern, an initial battery energy level,
and a preference vector for each episode during training. This enables the GEM-RL
agent to generalize its policy for different EH patterns and battery energy condi-
tions. GEM-RL also uses a lightweight approximate dynamic programming (ADP)
approach that utilizes the trained agent to optimize the utilization of the device
over a longer horizon. We also implemented an offline Oracle and two baseline EM
approaches [54, 62] as comparison points. Extensive experiments show GEM-RL

achieves Pareto front solutions within 5.4% of the Oracle for a given day. For a



75

horizon of 7 days, it achieves utility up to 4% within the Oracle and up to 50% higher
utility compared to baseline approaches. Hardware implementation of GEM-RL
shows the execution time and energy consumption overhead per inference are 1.98
ms and 23.17 yJ, while the memory footprint of the framework is only 118 KB.

Our major contributions are:

o GEM-RL, a generalized energy management framework using multi-objective reinforcement
learning that learns the trade-off between any multiple objectives under vari-

ous energy harvesting patterns and battery conditions,

e A broadly usable wearable device environment that can be used as a bench-

mark for evaluations of RL algorithms,

e Extensive evaluations that show near-optimal results within 5.4% of the Oracle,
on average, for a given day and utility up to 4% within the Oracle and up to

50% higher utility compared to baseline approaches for a horizon of 7 days,

e Wearable hardware implementation with 118 KB memory footprint and 23.17

uJ per inference energy consumption.

4.2 QOverview and Preliminaries

The proposed GEM-RL framework considers an environment that consists of an
energy harvesting wearable device with processing capability, an EH source, and
a rechargeable battery, as depicted in Figure 4.1. This section overviews these

components as a background for the approach presented in Section 4.3.
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Wearable Device and its Utility: The wearable device implements the target ap-
plication, such as health monitoring. It should provide a high quality of service
(QoS) to the application while maintaining the battery energy at a certain level.
This QoS is modeled by a utility function, which is a non-decreasing function of the
energy allocated to the application. That is, the application can perform better (e.g.,
provide higher accuracy, process data faster, remain active longer) when allocated
more energy. The benefits can diminish and eventually saturate if the extra en-
ergy becomes redundant due to another constraint, such as the device’s maximum
capacity. We emphasize that GEM-RL supports any arbitrary non-decreasing utility
function unlike prior work that requires convex functions [62, 63, 75].

EH Source and Battery Dynamics: The EH source generates energy that can be
either transferred to the device or stored in the battery. GEM-RL is oblivious to the
type (e.g., solar) of energy harvesting source. It also does not rely on any predictions
of the harvested energy, GEM-RL uses only the actual harvested energy (E!') at
the end of a time step.

In this work, GEM-RL uses one-day long episodes (T = 24 hours) divided into
one-hour time steps (t). We denote the battery energy level at the start of time
interval t as E?, the harvested and the allocated energy in time interval t as E!t,
E{ respectively. There are two physical constraints on the battery energy level.
The first constraint ensures that the battery maintains a minimum energy level,

EB

min, to stay idle so that the device does not turn itself off. The second constraint

B
max*

ensures that the battery energy level cannot exceed its limits, E We can define
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the battery energy dynamics in this environment as:

EP =B +EM—E}, teT
(4.1)
EB. <EPCEP teT

min X max/

EH Dataset: GEM-RL can be trained with any available EH data. To provide re-
producible results that can be compared with prior work, we use the publicly available
American Time Use Survey [61] and solar/motion EH models from literature [50].
Our environment randomly draws the EH on each time step from this dataset.
We emphasize that the proposed GEM-RL framework is general to work with any

dataset.

4.3 Proposed Generalized Energy Management

Framework - GEM-RL

4.3.1 Wearable Device Environment Dynamics for RL

RL techniques enabled breakthrough results in a wide range of topics, including
autonomous driving, robotics, and gaming [25]. Impressive research progress in
applying RL to these areas is primarily due to the broadly used open-source ML
environments. For example, Google DeepMind’s StreetLearn [76] environment and
Microsoft Research’s AirSim [77] lead to several novel approaches for autonomous
driving. The first major contribution of this work is a general wearable device

environment for RL. This environment enables us to apply the proposed MORL
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techniques and ADP to wearable device energy management.
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The proposed wearable device environment is designed with generality in mind

to enable any reinforcement learning technique. The state space is defined as

S C RS:

t—1
ZT:O

- t: The current time step.

EP: The battery energy level at time t.

E!! ;: The EH during previous time t — 1.
E2: The cumulative energy allocations until time t

EJ: Initial battery energy at the beginning of a episode.

- Y 7L EX: The cumulative EH until time t.

The environment either generates random EH patterns (E™) and initial battery

energy conditions (EF) during training or takes these as inputs to the system for

evaluation purposes.
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The one-dimensional action space corresponds to the allocated energy at every
time step (E* € R). It is bounded by EZ.,. from below such that the device can
stay in an idle state.

The agent can have one or multiple objectives to consider. In this work, we
consider two competing objectives: the utility of the target device and the battery
energy level. The goal of the agent is to learn the trade-off between the utility of the
device and the battery energy level under certain constraints. As mentioned before,

GEM-RL supports any arbitrary utility function. To provide a fair comparison

with prior work, our experimental evaluations use the following utility function

w(Ep) = ln(;\? ), used in literature [62].

min

In the MORL setting, the objectives generally have different scales. To alleviate
this problem and to impose the constraints on the battery, we define our reward

function as:

[aytu(EQ), Byt In(EP)] EP > Epin
Te = [‘E’]cg _EEﬁn 4 E’]tg _EELiTL“ E‘]cg < E'Emin (4'2)
[ocytu(EY), |EP —EP |+ By In(EP)] EP >EP .,

For our experiments, we use the coefficients « = 1 and 3 = 3 and the discount
factor as y = 0.95. We impose the minimum battery energy level constraint using

|EE — EB .| and the maximum battery energy level constraint using |EF — EB ||

and assigning E? = EB __if the battery energy level exceeds the maximum capacity

of the battery.

An episode terminates if time T = 24 is reached or the battery is completely
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exhausted, Ef < 0. We develop our environment in Python and register it as an

OpenAl’s Gym [67] environment such that any RL algorithm can further adopt it.

4.3.2 Proposed MORL Framework

The goal of the MORL algorithm is to obtain a policy that yields a solution on the
Pareto front for a given preference, as shown in Figure 4.1. The Pareto front is a
set of solutions that are non-dominated by each other but are superior to the rest
of the solutions in the solution space. In this work, we employ a recent MORL
algorithm [25], MO-TD3, to learn to trade-off between utility and battery energy
level. In this algorithm, the network takes preference vectors of the objectives as
inputs along with the state vectors. It also employs novel approaches for efficient
exploration of the preference space.

Algorithm 4 describes the training of the MORL agent for our framework. We
measured the idle energy consumption of the target wearable device for an hour as
0.64 J. Therefore, we set E2.  to this value. Similarly, the minimum battery energy
level (EB . ) is set as 1] to allow our MORL agent to cover the corner cases where
the battery is drained.

At each episode, we randomly choose an EH distribution from the dataset,
an initial battery energy level, and a preference vector, w. The agent then inter-
acts with the environment using its actor-network (74 ). The transitions collected
(s¢, g, 1y, 8/, wa, done) are then stored in the experience replay buffer D. Then, the

algorithm samples a minibatch (B) of transitions from D and updates both the

actor and critic networks. The training terminates when N number of time steps
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Algorithm 4: GEM-RL: MO-TD3

1 Initialize: Replay buffer D, Critic networks Qg,,Qpg,
2 and actor network 714, with parameters 01, 05, and ¢,
3 Target networks Qg < Qo,, Qo < Qo,, T < ¢
4 forn =0: N do

5
6
7
8
9
10

11
12

13

14

15

if done = True then
Reset the environment to random EF and EH pattern.
Sample a preference vector w.

Observe state sy and select action ay.

Interact with the environment and store the transition

(st,at, 1,8, w,done) in D.

Sample random B transitions from D; a < 7y (s’, w)

y « r+yarggmini—i» ' Qg (s, & w)

Lossericie, (00) = E[(y ~ Qo,(s,0,)) ]
V(b]—ossactork(d)) =E [Va wTQel (s,q, w)Vq)T(q)(S, (U)]

Update critic, actor, and target network parameters.

is reached. We implement GEM-RL in Python. The modified hyperparameters

from [25] are given in Table 4.1.

4.3.3 Proposed Approximate Dynamic Programming Technique

The MO-TD3 algorithm presented in the previous section determines near-optimal

energy allocations in a single day for a given preference vector. Next, we need to

Table 4.1: Definition of the hyperparameters and their values.

Hyperparameter Description Value

N Number of Time Steps 6 x 10°
D Experience Replay Buffer Size 1 x 10°
B Minibatch size 128

n Learning Rate 1x1074
N Number of hidden layers 3

NN Number of hidden neurons 64
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determine the preferences that maximize the utility over a longer period of time,
such as a week or month. This section presents our second major contribution, a
lightweight approximate dynamic programming (ADP) algorithm that maximizes
the device utility over a longer horizon (H) while maintaining a certain battery energy
level EY at the end of the horizon.

Algorithm 5 outlines the proposed novel ADP algorithm. Suppose the time
horizon H is divided in the days h, 0 < h < H. The state Sy, = {E§ , E? } consists of
the initial battery energy level (E§ ) and the target battery energy level EF for step
h (Line 1). The action/decision corresponds to a preference vector at the beginning
of each day w € Q (Line 1). We define U (w, Sp) = 3, o W(ED) as the total utility
obtained at the end of day h, starting from state Sy, for the preference w. Using
these definitions, our DP formulation becomes maximizing the total utility while

meeting a minimum battery constraint, EZ ., at the end of the horizon (Line 2):

glgéZuh(w,sh), st ER > ER, (4.3)

Next, we express the principle of optimality [78] as: max,cq Un—n(w,Sn) +
U;_;(w,Sn_1). Here, the x symbol denotes the optimality of a given function. Then,
we solve this equation using a backward recursion since we know Ef > EZ,,.
should be satisfied at the end of the horizon. However, an exact DP solution is not
feasible on a wearable device due to the limited computational resources. Therefore,
we approximate U}, (w, Sy,_1) at each step except the first step (h = 0). To this

end, we first generate an energy battery level set by dividing the battery energy
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level range, [0,160], into M equal values (Line 4). We then use these M levels as
the initial battery energy levels in state vector Sy, m = {E§, ,E} } ¥m € M. Then,

we use uniformly distributed energy allocations based on the expected EH, and

B

actual initial energy battery level, E5

B _ B h—1 T H
EA _ th:() th’m—’_z h=0 =0 ET
tm—

) ,t={0, T(h— 1)} (4.4)

Using these energy allocations, we then obtain the previous utility values as
Ui (W, Sheim).

We run our trained MORL agent for each {w, Sy, .} pair to calculate the utility
for day h. Then, we simply select the pair {w, S, i} that achieves the maximum of
the Uy (w, Shm) + Uf_;(w, Sh_1,m) while achieving the EZ . constraint. We then
use this state’s initial battery energy (E(?hflrm) as the target battery energy EB_,  of
the previous step, h — 1. We recursively apply this to decide the battery constraints
EB ., for the previous steps until we reach the first step, h = 0. As a result, the
proposed ADP approach optimizes the utility of the device by determining the
preference vector w at the beginning of each day over a longer horizon. It also
calculates the difference between the actual battery energy level at the end of the

day and the expected EZ ., for step h = 0 and feeds this difference (A) back to the

B

algorithm to correct the E2,

at step h = H for the next day.
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Algorithm 5: GEM-RL: DP Technique
1 State: Sy, = {EBh, Egh}, Action: w € Q

2 Formulation: maxy,cn ZE:O Up(w, Sy) s.t E?H > Egstr

3 maxgeo Un—n(w,Sp) +Uf 4 (w,Sh_1)
4 Initialize: Egm meMandEE , =80+A
5 forh =H: 0do

6 if h =0 then

7 argmax,, Unp(w,Sy) subjectto Ef >EZ .

8 else

9 E{,. given by Equation 4.4

10 Find U (W, Sp—1,m) Vw € O, m € Mwith E¢, .
11 Find Un (w, Sh,m) Vw € O, m € M using MORL.
12 argmax, . Un(w,Snm) +Uj_(w,Sp1)
13 subjectto E} > E& .
14 Assign Eg . =EP

4.4 Experimental Evaluations

4.4.1 Experimental Setup

Optimal Oracle: We designed an offline Oracle using CVX [79]. It solves the

following optimization problem for a given preference and finite horizon:

T-1
maximize Z ooy wiw(ER) + By wy In(EP, ;)

t=0 (4.5)
subjectto E{f >EX, andEE. <EP <EE .

Since the Oracle uses the actual harvested energy values and allocations, it is

infeasible, but it provides optimal results.
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Baseline Approaches: We implemented two prior approaches [54, 62] for compari-
son. We use the median user’s expected EH pattern in the EH dataset described in
Section 4.2, and extend it over the horizon of 7 days. Both approaches use these
future EH values to determine future energy allocations.

Evaluation conditions: The training set excludes the users corresponding to 10",
30t", 50", 70", 90" percentile cumulative EH in the dataset. We denote these EH
patterns as EH;, EH,, EH;, EHy, EHs, respectively. We also initialize the battery (EF )
at three different levels: 20% (327]), 50% (80]), 80% (128 J) of the battery capacity
(160 J) and denote these as EB;, EB,, EBs, respectively. We refer the combinations

of the EH patterns and battery levels as the evaluation set.

4.4.2 Performance Evaluation of our MORL Agent

Figure 4.2 shows the Pareto front solutions of the Oracle and GEM-RL for each
configuration in the evaluation set. Specifically, Figure 4.2(1a) plots the Pareto front
solutions for three levels of E} for the user with an EH pattern of EH;. We observe
that GEM-RL closely follows the Pareto front obtained by the Oracle. For example,
the mean absolute percentage error (MAPE) with respect to Oracle averaged over all
preferences obtained by GEM-RL is 5.5% for EB; (red curve). Similarly, the MAPE
is 6.4% and 6.8% for EB, (blue) and EB; (black), respectively. The remaining plots
(1b)—(1e) show that GEM-RL consistently performs very close to the offline Oracle.
For instance, the MAPE over all preferences for EB;, EB, and EBj; is 6.0%, 3.81%,
3.88%, respectively, for EHs shown in Figure 4.2(1e). Considering all configurations

in the evaluation set, the total MAPE averaged over all preferences is only 5.4%. We
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further investigate the behavior of our approach by presenting the energy allocations
in a day for a given initial battery energy level, EH pattern, and preference in
Figure 4.2(2a-e). Our energy allocations closely follow those generated by Oracle.
For example, Figure 4.2(2a) and (3a) show the energy allocations and battery
energy levels obtained by the Oracle and GEM-RL for EB; with w = {1,0}. In fact,
this configuration is a corner case where the initial battery energy level is 20%
(EBy), the harvested energy is low (EH;), and the preference (w = {1,0}) is set
to maximize the utility without considering the battery energy level. GEM-RL
closely follows the Oracle even in this condition in terms of energy allocations and
battery energy level, and its utility is within 0.5% of the Oracle’s, without violating

any constraints. Moreover, we observe that GEM-RL responds to changes in EH
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Figure 4.2: (1): Comparison of Pareto front solutions between an offline Oracle and
GEM-RL using EB;, EB, and EB; (a-e) EH;, EH,, EHj, EH,, EHs, respectively. (2-4):
Energy allocations, battery energy level, harvested energy obtained by Oracle and
GEM-RL for a) EBy, w = {1,0}, b) EB,, w = {0.5,0.5}, ¢) EB;, w = {0,1}, d) EBy,
w ={0.75,0.25}, e) EB3, w = {0.5,0.5}



87

similar to the Oracle. The error values and the Pareto front and individual solutions
illustrated in Figure 4.2 clearly demonstrate that GEM-RL successfully optimizes the
trade-off between utilization and the battery energy level for any unseen EH pattern, battery
condition, and preference without relying on the forecasts of harvested energy using a single

extremely light-weight policy, as demonstrated in Section 4.4.4.

4.4.3 Performance Evaluation of GEM-RL for Longer Period

The previous section shows the performance of the MORL algorithm throughout
a single day. This section evaluates GEM-RL’s novel ADP approach, over 7-day
horizon (H = 7) with M = 25 battery levels and EZ_,, = 80 final battery level
constraint. Figure 4.3 shows the cumulative utility, daily utility, and battery energy
levels obtained by the Oracle, baseline approaches [54, 62], and GEM-RL for EB;,
EB, and EB;. Since the prior approaches [54, 62] decide future allocations from
the predicted EH values, they completely drain the battery on the first day for
corner cases such as low initial battery and low EH as shown in Figure 4.3(1-3a). To
analyze the performance of the approaches, we calculate the MAPE of cumulative
utilities over 7 days with respect to Oracle for each EH pattern in the evaluation
set. We set the MAPE to 100% if the algorithm completely fails to keep the device
on. Table 4.2 shows that GEM-RL achieves cumulative utility up to 4% within the
Oracle and up to 50% higher cumulative utility compared to baseline approaches
for 7-day horizon. Additionally, GEM-RL does not violate any constraints, whereas
the baseline approaches [54] and [62], cause violations 16% and 10% of the total

instances, respectively. Thus, we conclude that GEM-RL achieves near-optimal
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Figure 4.3: Comparison of cumulative utility, daily utility, and battery energy level
for a longer period of time between an offline Oracle, baseline approaches, GEM-RL
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energy allocations with various EH patterns and battery conditions for an arbitrary

horizon.

4.4.4 Energy-Performance Evaluation of GEM-RL on Hardware

We deployed our MORL agent using TensorFlow Lite for Micro (TFLM) flow [71]
and implemented the GEM-RL framework on the TI CC2652R microcontroller
(MCU). The MCU has an ARM Cortex M4F running at 48 MHz and has 352 KB of
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flash memory and 80 KB of SRAM. The execution time and energy consumption
overhead of a single policy network call are measured as 1.98 ms and 23.17 pJ,
respectively. There are 24 network calls in one day for the specific preference.
To determine this preference, the total execution time and energy consumption
overhead of the ADP solutions are 7.32 s and 84.12 mJ, respectively. Hence, in total,
the GEM-RL framework takes up to 7.37 s and consumes 84.58 m] energy in a single
day. These results are negligible compared to 24 hours and 160 | battery capacity.
Moreover, considering the TFLM operators, inputs, outputs, intermediate values,
and our agent’s network weights, the memory footprint of GEM-RL becomes 118
KB. These results suggest that GEM-RL provides an efficient general EM framework

that is deployable on a wearable device.

Table 4.2: MAPE of cumulative utilities over 7-day horizon for each configuration
in the evaluation set w.r.t. Oracle. For each EH pattern, the MAPE of EB;, EB,, EB;
are averaged.

EHl EH2 EH3 EH4 EH5

[54] 100% 100% 28% 25% 44%
[62] 48%  47%  32% 32% 22%
GEM-RL 4% 5% 8% 16% 20%
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5 A SELF-SUSTAINED CPS DESIGN FOR RELIABLE WILDFIRE

MONITORING

5.1 Motivation and Contributions

Wildfires occur naturally in many ecosystems worldwide, with increasing frequency
and severity in recent years, as depicted in Fig. 5.1. According to data from the
European Forest Fire Information System, wildfires in 2022 have burnt 3x more area
than the historical average, as shown in Fig. 5.1-a) [80]. Similarly, The United States
National Interagency Fire Center reports that the total burned area has doubled
in the last 20 years, as shown in Fig. 5.1-b) [81]. The devastating wildfires have
far-reaching ecological, social, and economic impacts, such as the loss of human
lives, homes, property, and infrastructure, as well as adverse effects on animal
health and air quality.

The increasing trend in wildfire occurrences is due to various human-caused
factors, including logging, agriculture, and urbanization, which alter the landscape,
and external ignition sources, such as cigarettes, campfires, and electric power
infrastructure. Among these, electric power infrastructure poses a particular risk
because it can cause highly deadly wildfires and be disabled by them. For example,
the 2018 Camp Fire in California caused 85 fatalities, over $16 billion in damage, and
led the power utility to bankruptcy [82]. Thus, monitoring areas near power grids
is essential to developing effective strategies for preventing or promptly detecting

grid-caused wildfires.
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Figure 5.1: a) Cumulative burnt area in Europe in 2022 compared to the 2006-2021
average. b) Average monthly burnt area in the US between 2002-2020 compared to
between 1984-2001.

Current preventive techniques are based on various risk indexes that represent
a rough likelihood of fire occurrences, such as the Wildland Fire Potential Index
(WFPI), the National Fire Danger Rating System (NFDRS), and others [83, 84, 85].
These indexes use meteorologic data from weather stations hundreds of miles
away from the actual location of interest (i.e., the electric grid in this case). Hence,
the temporal and spatial resolutions of these index maps are poor. Similarly, the
existing satellite and airborne wildfire detection systems collect intermittent data.
Moreover, they are unaware of local ambient factors such as high wind speeds or low
humidity, which results in poor awareness and long detection times [86]. Motivated
by these shortcomings, recent research has focused on a new class of data-informed,
energy-harvesting cyber-physical systems (CPS), i.e., sensor suites, to improve
wildfire prevention and detection [87]. The deployed sensor suites must comprise
multiple sensors for accuracy and be self-sustainable due to low maintenance
requirements. However, accommodating many sensors with varying levels of
power consumption, as well as the dynamic nature of the environment, make

achieving self-sustainability difficult. The current practice to alleviate this problem
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is over-designing the system (i.e., using larger than necessary batteries and energy
harvesters) and employing heuristics to control the total energy consumption
by duty-cycling the sensors. However, these solutions increase the cost of the
system and are far from optimal. Therefore, there is a strong need for theoretically
grounded and practical cyber-physical systems that maximize monitoring accuracy
while ensuring self-sustainability.

This work presents a CPS framework that achieves self-sustained operation
throughout the system lifetime (years). We consider sensor suites that integrate
multiple sensors, such as temperature and particle, with different accuracy and
power consumption. The sensor suites replenish the battery by harvesting solar
energy to avoid manual maintenance. On the one hand, the sensors must stay on
with a high sampling rate to maximize the detection accuracy and response time
when a wildfire approaches. On the other hand, the sensor suite must preserve
energy for arbitrarily long durations (five years in our evaluations) since wildfires
can happen anytime, and the battery cannot be replaced easily due to remote
locations. One can formulate this challenge as a constrained optimization problem
and solve it with modern solvers like CPLEX [58] and Gurobi [59]. However,
these approaches are impractical for online deployment since they require long
execution times [60] and significant computational power beyond what simple
sensor suites can provide. As a powerful and practical alternative, we propose a
novel RL framework to co-optimize the sensor energy consumption and wildfire

monitoring accuracy. The primary advantages of the proposed CPS framework are:

o LEfficient online deployment — After the training stage is completed, the execution
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time of the policy network is negligible, facilitating online deployment.

e Model-free — RL implicitly learns the energy harvesting and consumption
patterns, which makes it a prediction-free approach, i.e., it does not rely on

forecasts of the future.

The proposed framework trains an RL agent that controls the sensor sampling
rates such that the accuracy of sensor readings is maximized without depleting the
battery and forcing the sensor suite to enter a sleep state. As a result, it achieves
reliable wildfire monitoring with a self-sustained operation for as long as five years, as
demonstrated in Section 5.5. To train the agent, we develop a detailed environment
for wildfire monitoring CPS that models the energy consumption due to sampling,
data processing, communication, and standby power, as well as the sensing accu-
racy. Evaluations under different wildfire scenarios demonstrate that the trained RL
agent successfully controls the sensors under dynamic, uncertain conditions. Specif-
ically, it achieves 89% system uptime in 5-year long simulations, 46% higher than
a carefully tuned heuristic approach. Similarly, the RL agent averages a 2-minute
initial response time, which is at least 2.5x faster than the heuristic approach. In
addition, when deployed on the TI CC2652R microcontroller, the agent consumes
only 0.6 m] in a day, which is negligible compared to the energy consumption of

the sensors. In summary, our major contributions are:

e A novel RL based CPS design for self-sustained, reliable and continuous

monitoring of wildfires,
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e An open-sourced, detailed RL environment that can simulate wildfires and
model the energy consumption of a sensor suite, and the behavior of the

sensor readings, which can be used beyond training RL agents,

e Detailed experimental evaluation of the proposed CPS in terms of long-term

performance and energy consumption on the TI CC2652R microcontroller.

5.2 Related Work

There are three current mechanisms for wildfire monitoring: Unmanned aerial
vehicles (UAVs), satellites, and sensor networks. UAVs commonly refer to vehicles
or systems that are remotely operated and travel by flight. They have become
an increasingly popular tool for detecting wildfires due to their ability to cover
large areas quickly and provide real-time data to ground crews [88, 89]. Despite
their advantages, UAVs are unsuitable for continuous, uninterrupted monitoring
in wildfire-prone areas owing to their limited flight times [86]. Geostationary
satellites address the lack of continuous availability of UAVs, as they can monitor a
specific area continuously for fires [86]. With more accessible access to satellites
through projects such as the CubeSat [90, 91], recent research has focused on
wildfire detection algorithms using the low-resolution images taken by the satellites.
Furthermore, since sending images to the ground stations may take hours, system
designs for processing the images at the edge gained traction [92]. Despite these
efforts, the limited spatial and temporal nature of the data makes timely detection

challenging. For example, detecting young fires smaller than a pixel is extremely
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difficult [86]. In addition, dense clouds, smoke, and other atmospheric effects may
lead to false alarms or missed detections.

Wireless sensor networks (WSNs) address the limited spatial and temporal cov-
erage of airborne approaches. They consist of many distributed sensor suites that
accommodate various sensors, such as humidity, temperature, and gas particles, to
monitor the covered area for wildfires. As a result of their promising outlook, recent
research efforts focused either on improving the detection probability through the
use of machine learning [93, 94], improving the bandwidth of the link between
suites [95] or network-level optimizations that minimize network-wide communica-
tion energy overhead [96, 97, 98]. However, the benefits of WSNs quickly diminish
if the sensor suites run out of battery, as maintenance and replacement require
significant manual labor and logistic effort. In addition, many wilderness zones
are protected from e-waste [86]. Therefore, guaranteeing self-sustained operation to
achieve maximum device lifetime (at the suite level) is extremely critical for this
technology. Yet, most existing literature does not discuss the performance of the
suites for extended periods of time, such as 5+ years. Most importantly, the existing
literature targets perpetual monitoring rather than stochastic events like wildfire
occurrence. In contrast, our formulation aims to address the stochasticity of wildfire
occurrence and improve performance at the node level. We provide 1-year and
5-year simulations that depict how the performance of the RL agent is affected over
time.

Energy harvesting and management approaches for self-sustained operation

gained attention thanks to decreasing energy consumption requirements of sens-
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ing, processing, and communication hardware. One of the early studies in this
field [54] proposes a linear programming approach to determine the duty cycle of
the IoTl device for self-sustained operation. This approach relies on the predictions
of harvested energy to determine the future on-time of the device. A more recent
approach proposes a rollout-based optimization to determine the energy consump-
tion budget for a wearable IoT device [57]. Similarly, this approach first finds initial
solutions based on the predicted values for future harvested energy. It then corrects
the initial solutions in runtime by considering variations between predicted and
actual harvested energy to achieve self-sustainability. The performance of such ap-
proaches depends critically on prediction accuracies. RL-based approaches eliminate this
dependency and enable prediction-free techniques. Various studies have used RL
to manage sampling rates and energy consumption in WSNs [99, 100, 101, 64, 102].
For example, RLMan [64] utilizes RL to optimize the packet generation rate in a
point-to-point communication system. Similarly, tinyMAN [102] utilizes RL to
allocate energy for a wearable IoI device for self-sustainability. However, the envi-
ronment dynamics, the RL algorithm, and the performance metrics they optimize
do not translate to wildfire monitoring. For example, they focus on optimizing
either the data processing energy or the communication energy only (i.e., they
do not consider the sensor sampling energy). In addition, these approaches lack
thorough energy consumption and harvesting models. They do not model the
sensor behavior, which is crucial for wildfire monitoring. In contrast, the current
work explains the underlying models in detail.

To the best of our knowledge, there are no prior sensor accuracy-energy co-
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optimization techniques for wildfire monitoring. The self-sustainable design choices
have been either over-designing the energy harvester and the battery [103] or
using very low-power, low-cost sensors [87]. Over-designing increases the cost
and makes deployment difficult, and it still does not guarantee self-sustainability.
Conversely, using low-cost sensors may compromise the reliability of a long-term
solution in terms of hardware lifetime and measurement accuracy. Therefore, a
self-sustained wildfire monitoring CPS design is an essential contribution to the
wildfire monitoring literature. To this end, we propose an RL-based framework to
co-optimize the sensor energy consumption and wildfire monitoring accuracy for

the first time in the literature.

5.3 Overview and Preliminaries

5.3.1 Objective of the Proposed RL-based Framework

The proposed CPS design considers an energy-harvesting sensor suite with sensing,
processing, and communication capabilities, an energy-harvesting source, and a
rechargeable battery, as depicted in Fig. 5.2. The sensor suites are attached to existing
electric towers in rural areas to monitor the environment using the various sensors.
We assume the battery energy is complemented by harvested energy since the
power utility companies do not allow any direct physical interface to the wires due
to the safety, liability concerns, and cost of power conversion equipment. This work
employs solar energy harvesting because it is a robust and mature technology [57],

but our formulation does not exclude any other energy harvesting modality, such
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Figure 5.2: Overview of the proposed CPS design: An energy harvesting sensor
suite with sensing, processing, and communication capabilities. Our RL-based
framework trains an agent to control the sampling rates of the sensors on the sensor
suite.

as electromagnetic coupling with the power distribution lines [104]. As there are
no trees near the towers, shade from trees is not a concern. When the sensor
suites detect a potential wildfire, they communicate the preprocessed data to a
central node where decision-making (e.g., risk index calculation and intervention)
occurs. This work focuses on producing accurate sensor readings at the edge
regardless of the onset time of a wildfire. Therefore, the suite must obtain accurate
sensor readings for robust decision-making while avoiding running out of battery.
This is challenging because the response time and accuracy of the sensor readings
improve by using higher sampling rates. In turn, energy consumption increases
with sampling rates due to higher sensing, data processing, and communication
energy. Consequently, the energy in the battery drains faster, and achieving self-
sustainability becomes a challenging objective. Our framework poses this objective
as an optimization problem and solves it using RL:

Objective: Maximize the accuracy of sensor readings by increasing the sampling
rates while keeping the device operational at all times (i.e., the battery is not

depleted).
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The rest of this section presents the mathematical background that allows us
to describe the dynamics of the sensor node as an RL environment. Finally, it

formulates the optimization problem.

5.3.2 Sensor and Energy Models
5.3.2.1 Sensor Noise and Accuracy

Each of the sensor suites in Fig. 5.2 has multiple sensors. The sensors in different
sensor suites will read different values due to their relative locations with respect
to the wildfire. For example, in this case, the temperature sensors on suite; and
suite; will read higher temperatures than the sensor on suite,. Similarly, the sensor
readings on suite; and suite; will be more noisy (higher variance) due to a nearby
heat source. There are no existing studies in the literature that model how sensor
readings behave during a wildfire. Therefore, we used the Fire Dynamics Simulator
(FDS) [105], a sophisticated computational fluid dynamics model of fire-driven
fluid flow, to simulate the smoke particles and heat during the progression of a
wildfire. Our experiments with representative wildfire scenarios reveal that the
sensor readings are exponentially correlated with the distance from the fire. Using
the measurements from detailed FDS simulations, we use a normalized model for

the expected sensor readings:

E[S(d)] = Me ¢ + N (5.1)
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where M is the maximum of the sensor reading range, k is a constant that controls
the decay rate of sensor readings with distance (i.e., the sensor’s far-sightedness),
N is the nominal reading value for the sensor, and d is the distance between the
sensor and the firefront. For example, Fig. 5.3-a) shows three sensors with different
k values. Sensor 1 starts to deviate from the nominal at greater distances to fire

than sensors 2 and 3, i.e., sensor 1 is more sensitive to fire than sensors 2 and 3.
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Figure 5.3: An overview of the sensor model. a) The expected sensor readings are
modeled with exponentially decaying readings as a function of the distance to fire.
b) The actual sensor readings are drawn from a distribution that is centered around
the expected sensor reading.

Given the expected sensor reading model in Equation 5.1, the actual sensor

readings are drawn from a normal distribution with p = E[S(d)] and 0 =1/d.

Si(d) ~N(E[Si(d)], =), Si € R® (5.2)

-

Here, the standard deviation of the distribution is inversely proportional to the

distance to fire. This relationship models the increase in noisy readings when the
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fire is nearer. For example, sensor 1 is expected to read 0.22 at a distance of 5 units
from the fire, as shown in Fig. 5.3-a). This constitutes the mean of the distribution
of the sensor readings in Fig. 5.3-b). The larger the distance to fire, the smaller
the deviation and the narrower the distribution gets, and vice versa as shown in
Fig. 5.3-b). Finally, a; samples are drawn from the distribution (Equation 5.2), and

their sample mean constitutes the actual sensor reading S:
A 1
Silai,d)=—) Si(d) (5.3)

where i denotes the sensor index and a; is the sampling rate per hour for sensor 1i.
Thus, higher sampling rate improves sensing accuracy by sampling more samples
from the distribution. Using higher sampling rates is more critical in the presence

of a wildfire to maximize sensing accuracy.

5.3.2.2 Energy Consumption of the Suite

We model the energy consumption of the sensor suite as shown in Fig. 5.4. This
figure shows six main stages for the operation of the sensor suite: i) The suite wakes
up from sleep (TYW), ii) the sensor i measures a sample (T%), iii) the microcontroller
(MCU) processes the collected data (T"), iv) data is transmitted to neighboring
sensor suites (T'*), v) an acknowledgment is expected before going back to sleep
(TRx), vi) the suite goes to sleep mode until the next wake up. Since each sensor on
the suite can be assigned different sampling rates, this cycle is executed on a per-sensor

basis.
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Figure 5.4: The energy consumption model. Each sampling event repeats these
steps. *Comms: Communications.

The total active time for a sensor 1 is

TR =TW 4 TS+ TP+ T 4 TR (54)

Since different sensors use different techniques for measurements, the sampling
time T is a function of sensor (i). For example, a temperature sensor typically has
a shorter T® than an image sensor. Similarly, different sensors use different number
of bits to represent a sample. For example, a temperature sensor uses 4 bytes per
sample, whereas an image sensor may use 640x480x3 bytes per sample. As a result,
TP and T'* are also functions of individual sensors.

The energy consumption for the node due to sensor i has the following four
main components:

Act _ TActpMCU S _ TSDpS
Ei - Ti Pactive Ei - Ti Pi

(5.5)
E‘il'x — TiTXPTX ERX — TRXPRX

McCu

McU is the power consumption of the microcontroller, P} is the power

where P
consumption of the sensor i, and P and PR~ are the power consumption owing to

the transmit and receive phases of the communication protocol, as listed in Table 5.1.
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Using the above, the hourly energy consumption of the node due to a sensor 1 is:
EC(ay) = (EA% 4+ ES + E* + E¥)ay (5.6)
Consequently, the the hourly energy consumption of the node due to sleep is:

Sleep —

ESieep = (3600 — > Tty )PMEY (5.7)

where PMEY is the power consumption of the microcontroller during sleep mode.

Finally, the hourly energy consumption of the node is given by:
Ec(a) = ZEC(ai) +ESCleep (58)
where a € N™ is the vector of sampling rates a; assigned to sensors i € [1,2,..n].

5.3.2.3 Energy Harvesting and Battery Dynamics

The energy harvesting source converts the energy in the surrounding environment
into usable electrical energy, which is often used to extend the battery lifetime.
There are many energy harvesting modalities, including light, motion, heat, and
electromagnetic coupling based harvesters. The proposed framework is oblivious
to the type (e.g., light) of energy harvester, and it does not rely on any predictions of
the harvested energy. Our evaluations use solar energy harvesting data, as detailed
in Section 5.4.1.2.

Our framework uses 150-hour long episodes (T=150 hours) divided into one-



104

hour time steps (t). We denote the battery energy level at the start of time step t as

H

EE, the harvested and the consumed energy in time step t as E!!, ES respectively.

Using the above, the following equation governs the evolution of the battery energy:
EP  =EPfnEl —ES(a), teT (5.9)

where 1 accounts for the inefficiencies at the energy harvesting and battery charging
interfaces. Furthermore, there are two physical constraints on the battery energy
level, such that the battery level is bounded between empty (i.e., E2; = 0%) and

full (i.e. EB

= 100%):
teT (5.10)

5.3.2.4 Problem Formulation

Using equations 5.1, 5.3, 5.8-5.10, we formulate the optimization problem as follows:

minimize Y [Si(a;, d) — E[Si(d)]|
subjectto EP ; =EP+nE]'—Ef(a), teT (5.11)

EP>EP.  EPCED E? > E}

min max

where i denotes the different sensors. Thus, the optimal solution minimizes the
absolute error in sensor readings (i.e., the objective) while satisfying battery con-

straints by optimizing the sampling rates of the sensors.
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Table 5.1: Symbols used in Section 5.3.2 and their description.

Symbol  Description Symbol Description

d Distance from the fire ™ Wake-up time for the node

M Maximum sensor reading TS Sensing time for sensor i

k Sensor distance constant Tr MCU data processing time for sensor i
N Nominal sensor reading TI* Comms transmit time for sensor i

n Number of sensors on the node TRx Comms ack receive time

i Sensor index i € [1,2,...n] TAct Total active time for sensor i

aq Samples/hour for sensor i n Efficiency of the energy harvester

a Vector of a;s: [a;, ay,...an] t Time step (interval length)

EB Battery level at the start of interval t T Episode length

EM Harvested energy in interval t pPMCU  Power consumption of the MCU
EE.. Minimum battery level pMcu Idle power consumption of the MCU
EB Maximum battery level P} Power consumption of the sensor i
EB Battery level at the end of episode pPTx Comms transmit power consumption
| Energy consumption per sample of sensori ~ PR* Comms receive power consumption
Elx Energy consumption per sample for data transmit due to sensor i

ERx Energy consumption per sample for ack receive

EC(ai) Hourly energy consumption of the node due to sensor i

ESicep Hourly energy consumption of the node due to sleeping

E€(a) Total hourly energy consumption of the node

Efet Energy consumption per sample of the microcontroller due to sensor i

E[Si(d)]  Expected sensor reading for sensor i at distance d from the fire

Si(d) Sensor readings sampled from N(E[S;(d)], %)

§i(ai, d) Actual sensor reading for Sensor i set to a; samples/hr at distance d from the fire

5.4 Proposed RL-based CPS Design Framework

RL methods have led to remarkable advancements in diverse fields, such as au-

tonomous driving, robotics, and gaming. The remarkable strides in RL's application

in these domains are largely attributed to the widespread adoption of open-source

ML frameworks. For example, Google DeepMind’s StreetLearn [76] and Microsoft

Research’s AirSim [77] environments have facilitated several innovative approaches

to autonomous driving. Thus, designing a representative environment for wildfire

monitoring is of utmost importance as it enables the application of RL techniques
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for wildfire detection. As such, a significant contribution of this work is an RL
environment for wildfire propagation and sensor suite dynamics. This environ-
ment enables us to apply the proposed RL-based framework for reliable wildfire
monitoring. This section first presents the design of this RL environment. Then, it

describes the proposed TD3 framework that leverages this environment.

5.4.1 RL Environment Design for Wildfire Monitoring CPS
5.4.1.1 Wildfire Simulation

Detailed fire simulators, such as FDS, are extremely slow due to the underlying dif-
ferential equations. For example, executing the small-scale test fires in Section 5.3.2.1
takes several hours. Therefore, we employ FDS only for characterizing the sensor
readings and revert to Cell2fire [106], another open-source wildfire simulator, for
large-scale wildfire simulations. Cell2fire employs cellular-automata networks to
model wildfires at a higher level than FDS. It uses real-world temperatures, wind
measurements, and terrains, as shown in Fig. 5.5. The Cell2fire simulator has been
validated using several real-world fires. Among these, we use the Dogrib Creek
instance for the underlying elevation and vegetation map. This instance consists of
a rectangular grid of 357x223 cells, where each cell is a 100 m x 100 m square (the
total area is 35.7 km x 22.3 km). Each cell has an elevation and vegetation value
that determines the fire’s rate of spread within that cell. The simulator combines
this information with ambient temperature and wind data to simulate the direction
and the rate of spread of the fire across the grid given an ignition point. Therefore,

to generate a burn trace, we choose a random 150-hour segment from an hourly
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temperature and wind dataset from the BANFF CS Canadian weather station. In
addition, we randomly pick an ignition point from the set of 6 points shown in
Fig. 5.5-a). By doing this, we model wildfires approaching from different direc-
tions with upwind and downwind conditions. In total, we generate 6000 different
150-hour-long wildfire burn traces. An example burn trace that shows the wildfire
at three time instants during its evolution is shown in Fig. 5.5-b). Finally, we stress
that our framework is not limited to the Dogrib Creek map or Cell2fire.

Despite the relatively faster speed of Cell2fire, embedding a wildfire simulator
inside an RL environment is not feasible for training since RL algorithms require
thousands of episodes to converge, and running a new simulation at each episode

slows down the training process significantly. To address this challenge, we de-
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Figure 5.5: The Dogrib Creek, CA map illustrated using the Cell2fire simulator.
a) Our sensor suite placement and six different ignition points. b) An example
wildfire trace that shows the spread of the fire in three time instants. The wildfire
gets within 10 cells of the sensor suite after around 100 hours.

couple the fire simulations from the RL environment. Thus, we use Cell2fire to
generate various wildfire scenarios in a batch and store them as trace files for use

during training, as outlined above.

5.4.1.2 Energy Harvesting Dataset

Our framework can use any available energy harvesting data. In this work, we
assume the sensor suite has a solar energy harvester. To generate a dataset for

solar energy harvesting, we use pvlib, a well established tool for simulating the
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performance of photovoltaic (PV) energy systems developed at Sandia labs [107].
Using this tool, we combine real hourly solar irradiance data from 2015 with a
realistic electrical model [108] of a 0.1m? PV-Cell (Uni-Solar US-5). As a result,
we obtain a year-long hourly energy harvesting data with seasonal changes (8760

hours in total).

5.4.1.3 Choice of Sensors, Microcontroller and Battery

Numerous sensors can be incorporated into a sensor suite, such as temperature, hu-
midity, pressure, wind, particle sensors, thermal camera, and others. In this work,
we use three widely adopted meteorological sensors: Temperature sensor [109],
particle sensor [110], and wind speed/direction sensor [111]. We choose these
three as they represent different levels of energy consumption and different levels
of sensitivity to fire (e.g., particle sensor’s range is higher than temperature sensor).
However, we emphasize that the proposed framework works with any arbitrary
type and number of sensors. We use LoRa as the communication protocol [2]. For
the microcontroller, we use the STM32WLEDS series, a system-on-chip that accommo-
dates an ARM Cortex M4 CPU and a LoRa radio on the same package [112]. Finally,
we use a 10 Ah @ 3.3 V LiPo battery with a 5% annual capacity degradation [57].

The values of the parameters are listed in Table 5.2.

5.4.1.4 State space, action space, and reward function

The RL environment for wildfire monitoring CPS is designed with generality in

mind to enable any reinforcement learning technique.
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Table 5.2: Parameter values. S1: Temperature sensor, S,: Particle sensor, S;: Wind
sensor. All power values are in mW. P® and T® are the power consumption and
response time of the sensors that are provided in their datasheets. We ignore
the effects of TV since we assume MCU wakes up instantly from idle state (i.e.,
we do not use the stand-by mode). We assume transmission is one way and no
acknowledgment is expected (i.e., T®*=0). We assume 4 bytes per sample for S; and
S,, and 8 bytes per sample for S;. Using these, T'* is calculated (1.63 ms/byte [2]).
Finally, we assume processing time T" for these sensors is negligible owing to their
small data sizes.

Mk NTW TS TP TTx TRx  pS

S1 20 0 550 65ms 0 4mW
S 1070 0 4s 0 65ms 0 250 mW
S3 1030 0 25 0 130ms 0 11mW

Tx Rx MCU MCU
P P Pactive Pidle

MCU/LoRa 924 mW 0 124mW 1uW

T on TStePs D ¥ B| 1r

Others 150 hrs 1 1 10® 10° 128 10~
*|.| denotes the size. lr denotes the learning rate.

State Space: The state space is a 14-tuple 8 C R that consists of:

EP

B
max

- Current battery energy (

5 — € [0,1]): The energy level of the battery at the

beginning of the current step t divided by the battery capacity.

H
Etfl

B
Emax

- Harvested energy in the previous time step ( € [0,1]): Harvested energy

during the previous step t—1 divided by the battery capacity.

- Cumulative EH (3_'_{ EX' € R): Cumulative harvested energy in the previous

T

time steps.



111

B
EO

B
max

- Initial battery energy level ( € [0,1]: The energy level of the battery at the

E

beginning of the episode (t=0) divided by the battery capacity.

s

- Target battery energy level (w5~ € [0,1]): The desired energy level of the battery

at the end of the episode (t = T) divided by the battery capacity.

- Actions in the previous step (a1 € [—1,1]): The sampling rates assigned to

the three sensors in the previous step t—1.

- Sensor readings in the previous step (Sy_; € [0,1]*): The sensor readings of the

three sensors in the previous step t—1.

- Moving average of sensor readings ( S it .8, €[0,1?): The moving average

of sensor readings in the previous 5 time steps (t—5 to t—1).

Action Space: The actions are the assigned hourly sensor sampling rates at every
time step (a; € [—1,1]®). We limit the actions in the [—1, 1] interval, and map this
interval to [0,60] when calculating the energy consumption of the suite (i.e., -1
maps to 0 samples/hr and 1 maps to 60 samples/hr.) The training performance
takes a significant hit if we use the full [1,60] range instead of [—1, 1].

Reward function: Our objective is to minimize the difference between the expected
sensor readings (i.e., golden values) and the actual sensor readings under battery
energy constraints. In an RL setting, the objective and the constraints are imposed
by the reward function. In this case, two constraints can be imposed on the reward
function: (7) minimum battery level constraint and (i7) target battery level constraint.

We do not include the maximum battery level constraint because under-utilizing
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the energy implicitly decreases the objective. Considering the objective and the

constraints on the battery, the reward function becomes:

100 EP <ES,,

Ty = (5.12)

EB

max

oc(EFE'?) —|S(a,d) —E[S(d)]] otherwise

Here, we impose the minimum battery energy level by punishing the training

heavily (—100 reward) if this constraint is violated. Otherwise, we impose the target

B_f¥B
battery level constraint using the first term (E;_B Er

max

). The objective is considered
through the second term 1S(a,d) — E[S(d)]|. e is a coefficient to scale the weight
of the target battery level constraint, i.e., higher « will push the agent to be more

conservative and linger around the target battery level.

5.4.1.5 Implementation

We develop our environment in Python and register it as an OpenAl Gym [67]
environment using the components explained in this section. When starting train-
ing after a reset, the environment randomly chooses a 150-hour slice from the
energy harvesting dataset, one wildfire trace, and an initial battery energy level,
as summarized in Algorithm 6. During testing, the environment takes the energy
harvesting data, wildfire trace, and the initial battery level as inputs for repeatable
results. Then, the state vector § is initialized and the done signal, which shows
whether the episode ended, is initialized as False.

At each step, the environment gets the data rates a and the state vector 8;_; from
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Algorithm 6: Pseudocode for the wildfire RL environment

1 Reset()

2 Training: Randomly choose energy harvesting and wildfire traces, and an
initial battery level E$

3 Test: Take the energy harvesting and wildfire traces, and the initial battery
energy as inputs

4 Reset the state 8 and done < False

5 Output: §, done

6 Step()

7 Input: Data rate a (i.e., actions), 81

8 Get E!! from the energy harvesting trace

9 Get distance to fire d from the wildfire trace
10 Use d to get expected sensor readings (Equation 5.1)
11 Use a and d to get actual sensor readings (Equation 5.3)
12 Use a to calculate ES (Equation 5.8)

13 Calculate EP (Equation 5.9)
14 Calculate r¢ (Equation 5.12)

15 Calculate 8y

16 | ifEP <EB, ord=0o0rt=150then
17 | done « True # End of episode

18 else

19 L done < False

20 Output: ¢, 8¢, done

the previous time step as input. Then, it reads the harvested energy for the current
time step E}' from the energy harvesting data. In addition, it also reads the status
of the wildfire from the wildfire trace. The environment uses this trace to calculate
the distance d between the sensor suite and the fire, as shown in Fig. 5.5-b). When
calculating d, sensors have a maximum range beyond which they cannot sense
environmental changes. For example, Fig. 5.5-b) shows a case where the sensors are
affected only by a wildfire that is within 10 cells of the sensor suite. If the wildfire is

outside of this range, we assign the distance to a very high value (e.g., o), so that
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the sensors read nominal values. If the wildfire is inside the range, we calculate the
distance from the closest point of the wildfire to the sensor suite. In the example
presented in Fig. 5.5-b), at t=30h and t=90h, the wildfire has not reached within
10 cells of the sensor suite and thus the distance is set to co. In contrast, at t=150h,
the closest point of the wildfire to the sensor suite is within 10 cells, so the distance
is now calculated as d=2. Next, the environment uses d, a, and S;_; to calculate
the expected and actual sensor readings, the energy consumption of the sensor
suite, the battery level at the end of the step, and the reward for this step. Finally,
it updates the state vector and outputs the reward, the state vector and the done
signal. An episode terminates (i.e., done < True) if the battery is depleted or if

the wildfire reaches the sensor suite (i.e., d=0) or if time step reaches 150.

5.4.2 Proposed TD3 Framework

The proposed framework trains an RL agent by interacting with the wildfire CPS
environment. The trained agent is a policy that observes the state vector and yields
actions (i.e., data rates a) that maximize the Q value. Algorithm 7 summarizes the
proposed TD3 framework. First, we initialize an empty replay buffer D and critic
and actor networks with random weights. We use a multi-layer perceptron with
three hidden layers and 64 neurons in each layer within these networks. We also
initialize the target critic and actor networks with the same parameters. Then, the
framework starts training. At each episode, we reset the environment to choose new
energy harvesting and wildfire traces, and an initial battery energy level. The agent

then interacts with the environment using its actor-network (74 ). The transitions
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collected (8¢, a¢, ¢, 8¢+1, done) are then stored in the experience replay buffer D.
Then, the algorithm samples a minibatch (B) of transitions from D. Using this
minibatch of samples, the smoothed target action values are computed according
to the noise € and the clipping factor c. The target value y is computed using the
target critic-networks and target action values. The actor and critic networks are
then updated using their corresponding loss functions. The training terminates
when number of time steps reaches T>'P¢. The hyperparameters for our approach

are presented in Table 5.2.

Algorithm 7: TD3 framework for RL training

1 Initialize: Replay buffer D, Critic networks Qg,,Qg, and actor network 7y, with
parameters 01, 05, ¢, Target networks Qei +— Qo,, Qe/z < Qg,, Ty + Ty
2 done « True

3 fort=0: TStePs do

4 if done = True then
5 8¢, done < Reset()
6 Observe state 8¢ and take actions: a¢ < 74, (S¢)

7 T¢, S¢+1, done « Step()
8 Store the transition (S¢,a¢,r,8¢+1,done) in D.
9 Sample random B transitions from D;
10 ap « 1(8ty1,P) +€:e~clip(N(0,0),—c,c)
11 Yy 1T tyargg ming—17 Qeg (8¢11,at)
12 Losscritic(0i) =E [(U - Qei(St/at)>2}
13 Lossactor(P) = E[ Qe, (Stzat)‘at:ﬂ(st;cb)]

14 Update critic, actor, and target network parameters.
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5.5 Experimental Evaluations

This section presents the experimental evaluation of the proposed framework. It
first describes the evaluation scenarios. Then, it introduces a class of heuristic
algorithms as a baseline since there are no alternative techniques in the literature.
Finally, it presents the evaluation results and execution time, energy overhead and
memory footprint measurements of the proposed framework when deployed on

the TI CC2652R MCU [113].

5.5.1 Experimental Setup
5.5.1.1 Evaluation Scenarios.

We evaluate the proposed CPS with five wildfire traces that were generated as part
of the 6000 traces as explained in Section 5.4.1.1. These five traces are excluded from
the training process explained in Section 5.4.2. During testing with each of the five
traces, we use six different ignition times for long term simulations: (6 months, 1
year, 2 years, 3 years, 4 years and 5 years), leading to a total of 30 combinations. For
example, one of the combinations is to use the first trace with the first ignition time,
which runs the simulation with no-fire conditions for 24 weeks, and the ignition
happens in the 25th week (after 6 months). We use a fixed 150-hour long energy
harvesting data for each week, such that each approach is evaluated fairly.

Evaluation metrics: Since a wildfire can occur at any time, the proposed system
should preserve energy under uncertainty and leverage this energy to minimize

sensor reading error when a wildfire danger arises. Using this observation, we
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extract three quantities from these simulations: i) The cumulative number of in-
active hours where the battery was depleted, ii) the cumulative sampling error,
and iii) the initial response time to a wildfire, which is defined as the time delay
between the emergence of the wildfire and the first measurement after that. If
the initial response time is too long, the fire is detected late, leading to catastrophic
consequences.

Ideal Case: The ideal case should have no inactive hours (i.e., battery is never
depleted), the cumulative sampling error is minimized and the initial response
time is minimized. However, we emphasize that achieving this is challenging since
the CPS does not know when the fire takes place and the stored and harvested

energies are limited and varying.

5.5.1.2 Baseline Heuristic Approach.

Since no similar technique exists in the literature, we developed a hierarchical
heuristic as the baseline, as summarized in Algorithm 8. This heuristic first sorts
the sensors according to their energy consumption in ascending order (line 5).
Then, it uses an harvested energy predictor for predicting the battery energy in
the next interval (lines 6-7). The energy predictor is obtained by averaging the
energy harvested at each hour in a day over the 365 days in the dataset. As a result,
we obtain an estimator for each hour in a day. Using this predictor, the heuristic
calculates the battery level for the next interval.

If the predicted battery level exceeds 75%, the heuristic allocates 30 samples/hr to

the sensor with the lowest energy consumption and 10 samples/hr to the remaining
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Algorithm 8: Pseudocode for the heuristic.

O© 0 N SO Ul R W N e

[ e T e S S S = S ¢
S Ul R W N = o

17
18
19
20
21
22
23
24
25
26

Input: List of sensors: sensors =[Sy, Sy, ..., Snl,
threshold values y € R™, sensor readings 5,
constant sampling rates ¢, time of day t and
battery level EP
sensors < Sort(sensors)
£l < predictEnergy(t)
EB < EB 4+ EH
# Assign according to predicted battery level
if E2, | > 75% then
sensors(1].setSamplingRate(30)
sensors(2..n].setSamplingRate (10)
else if E8 | < 25% then
sensors(1].setSamplingRate(15)
sensors(2..n].setSamplingRate(0)
else

| sensors[l...n].setSamplingRate(c;)

# Then check for wildfire occurrence
if él > v; then
sensors[l].setSamplingRate(c,)
sensors(2].setSamplingRate(cy)
if S; > v> then
sensors[l].setSamplingRate(c3)
sensors[2].setSamplingRate(c3)
sensors(3].setSamplingRate(c3)
if S3 > v3 then

L # Goes on like this ...

sensors (lines 9-11). Conversely, if the predicted battery level falls below 25%, the

sensor with the lowest energy consumption is assigned 15 samples/hr while the

other sensors remain in a sleep state (lines 12-14). If the predicted battery level lies

between 25% and 75%, the sensors are assigned a constant sampling rate, denoted

as ¢; (lines 15-16). Finally, the heuristic checks the sensor readings for a potential
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wildfire occurrence (lines 18-26). If the reading of the first sensor exceeds the
threshold vy;, the heuristic wakes up the next sensor in line and sets the sampling
rates of both active sensors to c,. Then, if the reading of the second sensor exceeds
Y2, the next sensor wakes up, all three are set to c3, and so on. This way, the heuristic
overrides the low rates set by the low-battery level condition.

We perform an extensive sweep of 285 different combinations of ci,c,,c3 values
for this heuristic, with the complete list provided in Table C.1 of the Appendix.
From these sets, we selected two representative variants to present here, showing
distinct levels of "aggressiveness" as depicted in Table 5.3. The first variant, the
balanced heuristic, employs a sampling rate of 15 samples/hr for c;, ensuring that
it maintains a moderate energy consumption level most of the time. It slightly
increases the sampling rates for potential fire situations to 21 samples/hr for c2 and
27 samples/hr for c3. The second variant, referred to as the aggressive heuristic,
adopts sampling rates of 33 samples/hr or higher for all scenarios. This approach
prioritizes maximum data collection, disregarding potential energy constraints.
Table 5.3: Three heuristics with different energy consumption aggressiveness. Con-

servative uses very little energy all the time. Balanced uses less energy most of the
time. Aggressive uses high energy most of the time.

Conservative Balanced Aggressive

v1 0.001 0.001 0.001
v> 0.3 0.3 0.3

v 2 2 2

¢t 1S/hr 15S/hr 33 S/hr
¢, 1S/hr 21 S/hr 39 S/hr

cz 1S/hr 27 S/hr 45 S/hr
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Furthermore, we implemented a conservative heuristic that consistently employs

the minimum sampling rate of 1 sample/hr for all sensors (i.e., ci, ¢z, c3).

5.5.2 Performance Evaluation
5.5.2.1 Short-term Analysis: Weekly Behavior

This section evaluates the proposed CPS design based on one-week simulations,
focusing on its behavior during a wildfire that approaches the sensor suite on the
final day of the week, as depicted in the upper left plot of Fig. 5.6. All algorithms
utilize the same wildfire traces and harvested energy, but the RL agent starts with
a considerably lower battery energy to showcase its superiority even under more
challenging conditions. The sensor data rate plots in the second row of Fig. 5.6 show
that the conservative heuristic consistently employs low sampling rates throughout
the week. This choice helps preserve the battery energy, as shown in the top right
plot. However, it fails to accurately track the environmental conditions after the
wildfire arrives, as demonstrated by the plots in the bottom row. The carefully
tuned balanced heuristic utilizes the sensors more effectively by activating sensors
2 and 3 only when the battery level exceeds 25%. Additionally, it increases the
sampling rate for all sensors after the wildfire arrives (as evident in the second row
of plots). Nevertheless, it operates the sensors more than needed, wasting energy.
As aresult, it depletes the battery towards the end of the week and eventually shuts
down. This behavior highlights the inability of static heuristics to guarantee robust
operation in dynamic and uncertain conditions. Similarly, the aggressive heuristic

quickly drains the battery even before the wildfire reaches the sensor suite. In strong
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Figure 5.6: Weekly behavior of conservative and balanced heuristics and the RL
agent. The RL agent achieves 83% and 29% less error than the conservative and
balanced heuristics, respectively.

contrast, our RL agent dynamically controls the sensor data rates, co-optimizing
monitoring accuracy and battery energy. It actively uses all sensors to guard against
environmental changes (the second row), while simultaneously replenishing the
battery (top right plot). Despite starting with a significant disadvantage in terms of
initial battery level, the RL agent outperforms the heuristics in terms of average sampling

rate and total accumulated errors, as illustrated in the second and third rows. Specifically,
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the average sampling rate is 1.9 x higher, and the total error is 29% smaller than the balanced

heuristic.

5.5.2.2 Long-term Analysis: 1-year and 5-year Long behavior

In this section, we conduct evaluations of the proposed CPS design over durations
of 1 year and 5 years. Similar to the previous section, each algorithm employs
identical wildfire traces and harvested energy. However, in this case, all approaches
(including the three heuristics and the RL agent) start with an initial battery level
of 90%, as we argue that this represents a typical scenario for initial deployment.
Fig. 5.7 compares the conservative, balanced, and aggressive heuristics against the
RL agent over a 1-year simulation. The first row illustrates the evolution of the bat-
tery level for each approach throughout the simulation, based on one wildfire trace.
The conservative heuristic maintains the battery level near-maximum capacity, as it
consistently employs low sampling rates. Conversely, the balanced and aggressive
heuristics often experience battery depletion, as indicated by the fluctuations in
their battery levels. This behavior is illustrated in the second row, where each
approach’s cumulative number of inactive hours (i.e., depleted battery) is plotted.
Specifically, the balanced and aggressive heuristics deplete the battery 41% and 55%
of the time, respectively. In strong contrast, the RL agent never depletes the battery
due to its capability to recover from low-battery conditions, as demonstrated in
the previous section. Finally, the third row illustrates the distribution of the initial
response times for each approach across the five traces. The conservative heuristic

has a fixed response time of 60 mins. The balanced heuristic has a median response
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Figure 5.7: Comparison of 1-year long simulation results for the conservative,
balanced, aggressive heuristics and the trained RL agent.

time of 4.93 mins, whereas the aggressive heuristic has 3.8 mins. However, the
aggressive heuristic often dies out in the final week (after the fire onset), yielding
oo response time when this happens, as the device shuts down and the sampling
rate is set to 0 c2. In contrast, the RL agent has a shorter response time compared
to heuristic approaches, with a median response time of 2.06 minutes, which is
2.5x faster than the balanced heuristic. Notably, the RL agent achieves this faster

response time while never depleting the battery.
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Fig. 5.8 compares the conservative, balanced, and aggressive heuristics against
the RL agent over a 5-year period. As expected, the conservative heuristic exhibits
similar behavior to the 1-year results. The performance of the balanced heuristic
deteriorates, evidenced by the increased inactive time of 57% (from 41%). Fur-
thermore, it consistently shuts down in the final week, resulting in co response

time. The aggressive heuristic is inactive for 66% of the time and always ceases to
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Figure 5.8: Comparison of 5-years long simulation results for the conservative,
balanced, aggressive heuristics and the trained RL agent.
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operate before the final week. Consequently, both heuristics fail to collect any data
during the wildfire period. In contrast, the RL agent significantly outperforms the
heuristics, with only 11% of the time being inactive. The increase in inactive hours
compared to the 1-year case can be attributed to the 5% annual battery degrada-
tion, which becomes more pronounced over the 5-year duration. As the battery
capacity diminishes, the RL agent can no longer maintain its flawless record from
the previous case. Notably, the inactive hours begin to increase after approximately
21,000 hours (around 30 months). Despite this, the RL agent achieves a median

response time of 2.19 minutes and avoids battery depletion in the final week.

5.5.3 Energy Consumption Evaluation on Real Hardware

We deployed the trained RL agent using TensorFlow Lite for Micro (TFLM) flow [71]
on the TI CC2652R MCU. The MCU has an ARM Cortex M4F running at 48 MHz
and has 352 KB of flash memory and 80 KB of SRAM. The execution time and
energy consumption overhead of a single policy network call are measured as 2
ms and 25 yJ, respectively. There are 24 network inference calls daily (i.e., once
every hour). Therefore, the daily energy consumption is 0.6 mJ, which is negligible
compared to the daily energy consumption of the sensor suite. In addition, the
policy network has 13635 parameters. Considering these parameters, the TFLM
operators, inputs, outputs, and intermediate values, the total memory footprint of
the proposed design is less than 200 KB, which easily fits into the onboard mem-
ory. Therefore, deploying and executing the RL agent on the target MCU does not

compromise achieving self-sustainable operation.
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6 DTRL: DECISION TREE-BASED MULTI-OBJECTIVE
REINFORCEMENT LEARNING FOR RUNTIME TASK SCHEDULING IN

DOMAIN-SPECIFIC SYSTEM-ON-CHIPS

6.1 Motivation and Contributions

The growing demand for high-performance and energy-efficient processing in
various domains, including machine learning, image and video processing, and
wireless communication systems, has led to the rise of domain-specific system-on-
chips (DSSoCs) [114, 115]. DSSoCs combine specialized hardware accelerators
and general-purpose cores to enhance the performance and energy efficiency of
a target domain while providing programming flexibility [116, 117, 118]. For
instance, DSSoCs designed for image and video processing are often equipped
with specialized hardware accelerators like digital signal processors (DSPs) and
image signal processors (ISPs), while those designed for wireless communication
systems incorporate processing elements (PEs) such as fixed-function accelerators
for fast Fourier transform (FFT), encoding, and Viterbi decoding operations.
DSSoCs comprise several heterogeneous PEs, enabling parallel execution of
multiple streaming applications [119, 6]. Scheduling a large number of tasks from
concurrent applications is a monumental challenge due to the NP-complete nature
of the problem and a large number of design and runtime parameters [120, 121].
While static schedulers rely solely on design-time information, dynamic scheduling

approaches leverage runtime data to make more informed decisions [122, 123].
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Conventional optimization-based approaches can achieve near-optimality but are
highly prohibitive due to their complexity and runtime overheads [124]. Heuristics
are frequently employed to tackle the complexity challenge, but they are typically
designed for specific use cases, lack generalizability, and often fall short of the
optimal solution [122]. Certain machine learning approaches for cluster schedul-
ing [125] and task scheduling [6] are also explored in the literature. However, they
suffer from limitations that include sub-optimality, high runtime overheads, and
substantial developmental/training efforts. Furthermore, they focus on a single
optimization objective, e.g., maximizing performance or minimizing power con-
sumption, but not simultaneously. In contrast, DSSoCs require schedulers that
make near-optimal decisions considering competing objectives within nanoseconds
to be on par with the task execution times in specialized PEs.

Reinforcement learning (RL) has shown promise in addressing several challeng-
ing problems, including intelligent chatbots [126], healthcare [127], autonomous
driving [128], and scheduling [129, 130, 125]. RL trains a policy that maximizes
the reward function by interacting with an environment. During the training, RL
algorithms learn optimal decisions using the current state of the system and the
desired performance objectives. Real-world problems often include multiple objec-
tives that may conflict with each other. In contrast to single-objective environments,
the performance of such problems is evaluated using multiple objectives. Therefore,
multiple Pareto-optimal solutions may exist depending on the preference between
objectives [24]. Multi-objective reinforcement learning (MORL) approaches [23]

address this challenge by maximizing a vector of rewards instead of a scalar reward.
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Existing MORL methods transform the multidimensional objective space into a
single dimension using per-objective static weights and then employ standard RL
algorithms to obtain a policy optimized for those weights [29]. However, a distinct
policy for each objective is impractical due to storage and design-time requirements,
necessitating a set of Pareto front solutions with a single policy. Therefore, obtaining
a set of Pareto front solutions that covers the entire preference space with a single
training is crucial [4, 1, 30, 25].

Considering the requirements of DSSoCs and the strengths of MORL techniques,
we develop the following insights that help us design a runtime task scheduling
framework:

Key Insight 1: We can use RL to effectively explore the vast solution space and
address the sub-optimality challenges of heuristic approaches and the complexity
of optimization-based techniques.

Key Insight 2: We can exploit MORL techniques to jointly optimize for conflicting op-
timization objectives in DSSoCs, such as maximizing performance and minimizing
power consumption.

Key Insight 3: We can combine the benefits of the low inference overheads of decision
tree classifiers with MORL to design runtime scheduling policies that co-optimize
multiple objectives while incurring minimal inference latency overheads.

This work presents DTRL, a decision-tree-based multi-objective reinforcement
learning technique for runtime task scheduling in DSSoCs. DTRL uses a multi-
objective variant of the proximal policy optimization (PPO) [131] algorithm and a

differentiable decision tree (DDT) policy. We adopt a DDT policy since decision
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trees provide significantly lower inference latency overheads due to fewer compu-
tations than commonly used neural networks, such as multi-layer perceptrons and
convolutional neural networks. To efficiently train an RL algorithm for runtime
task scheduling, we also developed a novel RL environment for DSSoCs, utilizing
an open-source DSSoC simulator [132] as the foundation of this environment. We
also note that our RL environment supports any DSSoC simulation framework.
The proposed DTRL framework trains the DDT policy by interacting with this
environment to maximize a joint objective function weighted by a preference vector.
Furthermore, the framework trains the policy with several preferences enabling it
to produce an optimal policy for any preference vector specified at runtime.
DTRL is evaluated with six wireless communication and radar systems domain
applications. We employ a complex DSSoC configuration comprising sixteen PEs,
including Arm big.LITTLE cores and fixed-function energy-efficient accelerators
for matrix multiplication, fast Fourier transform, and Viterbi decoding. We com-
pare DTRL with heuristic- [5], optimization—, and machine learning—based [6]
schedulers. Extensive experimental evaluations using our novel reinforcement
learning environment demonstrate DTRL achieves high performance on par with
performance-optimized integer linear programming (ILP) solution and state-of-
the-art heuristic-based scheduler ETF [5] when the highest preference is given to
execution time. At the same time, the same DTRL policy achieves up to 3x lower
energy consumption than these schedulers when higher preference is given to
power consumption. Similarly, DTRL also achieves similar energy consumption

to power-optimized schedulers when the highest preference is given to the power
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consumption objective while outperforming them by up to 9x lower execution time
when the preference is given to the execution time objective. We also implement
DTRL on Xilinx Zynq ZCU102 FPGA running at 1.2 GHz, using an open-source
emulation framework [133], and measure its runtime overhead. Hardware evalua-
tions show that DTRL has 120 ns inference latency, resulting in negligible runtime
overhead. Evaluation on the same hardware shows that DTRL achieves up to 16%
higher performance than the state-of-the-art heuristic-based scheduler ETF [5].
We emphasize that DTRL successfully learns the trade-off between execution time
and power consumption and achieves a Pareto set of solutions that covers the entire
preference space using a single DDT policy. To the best of our knowledge, this is the
first decision-tree-based multi-objective reinforcement learning framework for runtime task
scheduling in DSSoCs.

The main contributions of this work are as follows:

e The DTRL framework, a decision-tree-based multi-objective reinforcement

learning approach for runtime task scheduling in DSSoCs,

e A novel reinforcement learning (RL) environment for DSSoCs, utilizing a

DSSoC simulation framework,

e Extensive experimental evaluations of the proposed DTRL framework demon-
strating performance and energy consumption improvements against state-
of-the-art heuristic—, optimization—, and machine learning-based schedulers,

and
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e Hardware emulation platform measurements for comparisons against a state-

of-the-art heuristic scheduler and runtime overhead analysis.

6.2 Related Work

Runtime task scheduling in DSSoCs is crucial to exploit their full potential but
is highly challenging due to several factors. First, the heterogeneous PEs in an
SoC provide diverse power and performance characteristics, thereby increasing
the decision-making complexity. Second, the parallelism offered by DSSoCs allows
several applications to execute in parallel. The simultaneous application execution
requires highly effective runtime decision-making to utilize the PEs and maximize
performance and energy efficiency. Scheduling decisions must incur negligible la-
tency and energy overheads since the tasks can execute in the order of nanoseconds
in DSSoCs. Finally, different applications in a target domain may have contrasting
requirements that require schedulers to dynamically support multiple and con-
trasting objectives. This work addresses all these aspects, and hence, we classify
prior work into the following categories and summarize them in Table 6.1.

Scheduling Techniques: Most scheduling approaches in literature use directed
flow graphs (DFGs) to model applications [122, 120, 140, 145]. Optimization-based
techniques for DFG scheduling, such as integer linear programming (ILP) and con-
straint programming (CP) [134, 135, 136], provide optimal design-time solutions.
However, these techniques have significant drawbacks. First, optimization-based

approaches struggle to derive the optimal decisions in reasonable runtimes for
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Table 6.1: Comparison of the proposed DTRL framework with prior approaches
on the basis of desired metrics such as optimality, runtime overheads, ability to
support multiple objectives, and capability to adapt online.

Prior Complexity and Multi-Objective Online

Approaches Optimality Runtime Overheads Support Adaptability
Optimization Techniques . .
[134, 135, 136] High Very High No No
Static Techniques

[122, 120, 137) Low Low No No

Dynamic Techniques .
(138, 139, 140, 6] Moderate High No No

RL Approaches . .
[141, 130, 125, 129] High High No Yes

Multi-Objective Techniques . .
[1 4]2’ 143, 144] ! Moderate-High High Yes No
DTRL (Proposed approach) High Low Yes Yes

complex scenarios such as DSSoC scheduling due to a large number of variables and
constraints. Secondly, it is highly impractical to re-run the optimization approach
for every possible system state, considering factors like PE utilizations, injection
rate, workload, and SoC configuration. Thirdly, deploying optimization-based ap-
proaches for runtime scheduling is not feasible due to the scheduling overheads and
computational resource requirements involved. Despite the existence of Pareto front
optimization approaches, they cannot be employed for runtime task scheduling in
DSSoCs due to the aforementioned challenges.

The heuristic class of scheduling algorithms trades off runtime with optimality.
List scheduling techniques populate the DFG nodes in a list and schedule the tasks
to PEs at design time [146, 137, 147]. While design time techniques are suitable
for small problem sizes that involve sequential execution, they are insufficient to
handle the complexity posed by streaming simultaneous application execution in

DSSoCs [148, 6]. Dynamic scheduling techniques exploit the available runtime
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information to make more effective decisions [138, 139, 140]. However, they are
highly sub-optimal and designed for specific objectives. Furthermore, they still
incur high runtime overheads, leaving significant scope for improvements.

The advent of machine learning has led to novel scheduling approaches [6,
141, 149, 130, 125]. Imitation learning (IL) approaches such as [149, 6] achieve
low latency overheads but suffer from sub-optimality. IL techniques also lack the
ability to adapt to the workload and platform configuration changes. RL-based
approaches are highly promising due to the rapid algorithm development in this
field, which we review next.

Reinforcement Learning: RL has emerged as a promising approach for solving
complex problems and exploring large solution spaces, including runtime task
scheduling in DSSoCs. However, prior RL-based approaches have several limita-
tions, including being unable to run on heterogeneous SoC architectures, having
high training complexity, and exhibiting high runtime overheads due to unnecessar-
ily complex algorithmic structures [130, 125, 129]. Furthermore, they have shown
limited performance on high-intensity workloads and only support a single objec-
tive, making them unsuitable for adapting to various objectives [150]. Therefore,
developing RL-based approaches that deliver low overheads, efficiently support
multiple objectives, and overcome these limitations is crucial.

Multi-Objective Dimensions to Scheduling and RL: The desired objectives and
metrics of task scheduling, such as power, performance, quality of service, re-
liability, and energy consumption, often conflict with each other. Furthermore,

different applications have varying requirements that need schedulers to support
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these multiple and contrasting objectives. Therefore, multi-objective optimization
support is vital for task scheduling models in DSSoCs as they require schedulers
that can make optimal decisions while considering multiple competing objectives in
runtime. The multi-objective aspect of task scheduling has always triggered interest
since it can help balance competing objectives and optimize for multiple metrics
simultaneously. Optimization, genetic, evolutionary, and heuristic algorithms such
as [142, 143, 144] optimize for multiple objectives but suffer from complexity and
overhead drawbacks, similar to their single-objective counterparts. Conventional
RL algorithms support multiple objectives by designing a unique scheduling policy
for each preference vector for multiple objectives [4]. A fine-grained sweep of
the preference space can result in a large number of policies, leading to explosive
memory requirements [1, 25].

To the best of our knowledge, DTRL is the first DSSoC task scheduling approach
that provides superior metrics (maximizing performance and energy efficiency),
low runtime overheads using decision tree classifiers, and support multiple opti-

mization objectives using a single policy at runtime.

6.3 Overview and Preliminaries

This section overviews the key components of DTRL. Section 6.3.1 explains the
representations of streaming applications as task graphs. Section 6.3.2 discusses
the difference between single- and multiple-objective reinforcement learning for-

mulations. Finally, Section 6.3.3 describes the differentiable decision tree used as
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the policy in DTRL.

6.3.1 Runtime Task Scheduling

DSSoCs provide numerous processing elements for task execution at runtime.
As illustrated in Fig. 6.1(a), a system can be in different states that arise from
varying utilization levels. Applications with streaming behavior, where multiple
frames are repeatedly injected into the system with different rates, pose significant
challenges due to varying conditions such as system configuration, utilization, busy
states, and concurrent applications. This work models applications as directed flow
graphs (DFGs), as shown in Fig. 6.1(b). Nodes represent the key computational
components of applications (also called tasks). The edges denote the dependencies

between tasks, and the weights of the edges denote the communication volumes

1
e | 1
1
1
1
P 1
— L 1 1
1
1
1
1
1
1
1

System State-1 System State-2 : App-1 App-2 App-3
Less busy, low utilizations Highly busy, high utilizations .

(a) (b)

Figure 6.1: (a) An illustration of two different system states showing different
levels of utilization of system resources (or PEs), and (b) an illustrative example
of applications represented as directed flow graphs (DFGs). Nodes in a DFG
represent tasks (key computational components) in an application. The edges
denote the dependency between tasks and the weight of the edges represents the
communication volume between tasks.
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between tasks. The scheduling granularity in this work is at the task level, i.e., the

nodes of the DFGs are assigned to processing elements.

6.3.2 Multi-Objective Reinforcement Learning (MORL)

Task scheduling, at its core, is an NP-hard sequential decision-making problem [120,
121]. It can be formulated as a Markov Decision Process (MDP) defined by the
tuple (8, A, P,1,v), where §, A, P(s'ls,a), r, and y represent state space, action
space, transition distribution, reward vector, and discount factor, respectively. Rein-
forcement Learning is a class of algorithms that aims to find an optimal policy for
an agent to maximize its cumulative reward in an MDP. According to the state s of
the environment and the current policy 7, the agent chooses an action a. Based on
this action, the environment returns the next state s’ and reward r. The expected
cumulative rewards starting from state s following a policy 7t can be represented as
state value function, V”(s). The RL algorithm then iteratively updates the agent’s
policy (7r) and value function (V™) based on the feedback received from the envi-
ronment in the form of rewards. This process continues until the agent reaches a
terminal state or a maximum number of steps.

In a multi-objective setting, each objective is associated with a reward signal,
which transforms the scalar reward into a vector r = [r1, 15, ..., Tm] T, where M is the
number of objectives. This vectorized reward can be represented by a vectorized
state value function MV™(s) [23], as illustrated in Fig. 6.2(a). In the RL domain,
scalarization is the most commonly used approach to solve multi-objective optimiza-

tion problems [34, 25, 4, 1]. This approach transforms the reward vector into a
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Figure 6.2: (a) A transformation of the RL setting to MORL. (b) An example of a
Pareto front curve that trades off between two different optimization objectives.

single scalar, f,(r) = w'r. The MDP is then transformed into a multi-objective
Markov decision process (MOMDP), defined by the tuple (S, A, P, r, Q, f,,), where
T and Q represent the reward vector and preference space, respectively. Using a
preference w € Q, the function f, (r) = w'r yields a scalarized reward. If we fix
w as a vector, the MOMDP can be treated as a standard MDP and solved using
conventional RL methods. Nonetheless, if we consider all possible returns and
preferences in (), we can obtain a set of non-dominated policies referred to as the
Pareto front. As depicted in Fig. 6.2(b), this set includes non-optimal solutions. A
policy 7 is considered Pareto optimal if no other policy 7’ enhances the expected
return for an objective without causing degradation in the expected return of any
other objective.

In our framework, we extend the standard proximal policy optimization (PPO)
algorithm to a multi-objective (MO-PPO) variant by considering a vectorized re-
ward (r) and state value function (V™). Both the policy and the state value function
take preference vector w as input, efficiently learning the multi-dimensional objec-

tive space. The details of MO-PPO are provided in Section 6.5.
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6.3.3 Differentiable Decision Tree (DDT)

A decision tree (DT) consists of root node 1, decision nodes 14, and leaf nodes
M. Considering an input x € R" where F is the number of features, the root
node 1, and each decision node ng4 are represented with a boolean expression
Pn = Xg, — &n. Here, x¢, and ¢, denote the chosen feature and splitting threshold
for node n, respectively. Based on these node expressions, the objective is to identify
the optimal path until a leaf node is reached. Each leaf node 1, has a learned
probability distribution Q,. Based on this distribution, a corresponding label is
returned as the output of the tree. The transparency and interpretability of decision
trees are mainly due to the simplicity with which the feature f and the threshold
¢+ can be extracted from every decision node [151]. Nevertheless, traditional DTs
have a tendency to overfit and fail to generalize well [152].

Differentiable decision trees (DDTs) have been introduced to address the limi-
tations of traditional DTs by combining the interpretability of traditional decision
trees with the differentiability of neural networks [152, 153, 154]. DDTs leverage a
continuous relaxation of the original decision tree structure, which enables gradient-
based optimization methods to be employed during training. In DDTs, the boolean

expression p,, is replaced by a sigmoid function [155, 154]:

1
1+ e (on(Wix—dn))

Pn = oy, (erlx— bn)) = (6.1)

where w,, and ¢,, are the weights and bias of the node 1. «, is the steepness
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Figure 6.3: An overview of a traditional decision tree and a differentiable decision
tree.

parameter of the sigmoid function and is also a learnable parameter. This expression
linearly combines input x with node weights and compares it to a bias term to
traverse the tree, as shown in Fig. 6.3. This means that all input features are used at
each node to make a decision. With this modification, the tree can now be trained

using gradient descent for parameters w, ¢, and «.

6.4 RL Environment for DSSoCs

OpenAl Gym [156] is a widely popular platform for developing and validating
RL algorithms since it provides standardized environments [157]. It allows users
to plug-and-play different components, such as the RL algorithm and simulated
environments. Gym also provides standard API to interact with environments
and serves as a benchmark to compare RL algorithms. Therefore, we enhance the
capabilities of an open-source DSSoC simulator [158] to integrate it into a Gym
environment. We plan to release our integrated infrastructure to the public to

stimulate future research.
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6.4.1 End-to-End Training Flow with Novel RL Environment for
DSSoCs:

Training RL algorithms for task scheduling in DSSoCs involves integrating three
distinct components: 1) DSSoC simulator, 2) RL agent and 3) Gym environment.
The first step in the process involves instantiating the DSSoC simulator within a
standard Gym environment template, shown in Fig. 6.4. This template includes the
essential functionalities of initialization, reset, and step. The states, actions, and
variables are initialized in the corresponding functions. The most critical function
within the Gym environment is the step function, which enables the environment
to transition from one state to another by taking action and generating a reward.

It is crucial to carefully design the control flow between the functionalities of the

OpenAl Gym Env for DSSoC

DSSoC Simulator

Wait for ready tasks (T )

state (s) | Receive actions for task Wait for reward "
scheduling generation i

RL | Action (a)

Assign tasks to PEs DTRL Enhancements

Agent Return state,
x l reward and end of to support G)_/m based
episode status RL algorithms
reward (r) Generate rewards

next_state (s’)

l 1

Figure 6.4: The DTRL framework enrolls a DSSoC simulator as an OpenAl Gym
environment to enable compatibility with the community standard practice of
evaluating RL algorithms.
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Figure 6.5: The end-to-end RL training flow with the DSSoC simulator as a Gym
environment. The dashed lines denote the event-driven handshake between the
different components in the training process.

RL environment and DSSoC simulator to ensure that the RL agent can effectively
correlate the state, action, and reward.

To this end, we design handshake events to facilitate communication between
the simulator and the RL environment. Fig. 6.5 illustrates the complete end-to-
end RL training flow with the DSSoC simulator acting as a Gym environment.
The RL training algorithm triggers the training process and initializes the DSSoC
simulator. The step function then initiated, running the simulator until a task
becomes available for scheduling. The current state (s) is characterized by input
features describing the task, whereas the simulator populates the system state.

Based on the current state, the RL agent generates an action and relays it to the
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simulator. The simulator then assigns a processing element (PE) to the task and
generates a reward, which is transmitted back to the RL agent. The algorithm tracks
the current state (s), action (a), next state (s’), and reward (r) for several tasks
until the end of the episode and then updates the parameters of the model. The

workload is considered complete when the environment executes all of the tasks.

6.4.2 Environment Dynamics

We ensure that the dynamics of the environment allow DTRL to adapt to any DSSoC
configuration and streaming applications. The DSSoC comprises several PEs, and
similar PEs are grouped into C processing clusters. A user-selected number of
frames are generated during each episode based on the domain applications, with
each frame containing several tasks. An episode terminates when all the tasks in
the workload complete execution. Scheduling is performed for each task in the
workload, and hence the step function transitions between ready tasks, as described
in Section 6.4.1. State, action, and rewards are generated for each task, meaning
that each time step t in the environment corresponds to a ready task.

State Space: consists of features that describe the task, application, and state of the
DSSoC at a given time instant (§ C R2¢*%)). The task-related features include the

position of the task in DFG, the application type and ID, and the execution times

Table 6.2: The list of features that constitute the state space.

Feature Information Dimension H Feature Information Dimension
Task ID R Execution time on C clusters R€
Depth of task in DFG R Application ID N
Application type N Earliest availability of C clusters RC
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among the different processing clusters. The DSSoC state is described is described
by the earliest availability times of the PEs within a cluster, indicating their busy or
free status. A complete list of the features that comprise the state space is presented
in Table 6.2.

Action Space: consists of selecting from a set of C processing clusters, (A C N©).
In this study, we utilize a configuration comprising of five processing clusters. At
each step, the action space is used to select the processing cluster for task execution.
Once a cluster is selected, the processing element (PE) with the earliest availability
is chosen to execute the task within the cluster.

Reward Vector: comprises execution time and power consumption since DTRL
aims to learn the trade-off between these objectives. Both components must be
minimized to maximize energy efficiency. Therefore, the negative values of the
expected execution time and power consumption of the task on the chosen PE
construct the reward vector. The DSSoC simulator generates the values of these

quantities using the profiling information in its database.

6.5 DTRL: Decision Tree based Multi-Objective
Reinforcement Learning Algorithm

The number and complexity of tasks processed in each episode can vary significantly.
These variations can lead to high gradient variance and unstable learning progress.
To address this challenge, we utilize a multi-objective variant of the Proximal Policy

Optimization (MO-PPO) algorithm, which can learn multiple objectives and ensure
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stability of policy updates across all optimization steps. Finally, DTRL employs a
differentiable decision tree, rather than a neural network, as the actor to reduce
inference latency overheads and enhance the interpretability. This section present

the details of the proposed DTRL framework.

6.5.1 Invalid Action Masking

DSSoCs typically consist of general-purpose cores and fixed-function accelerators
(e.g. fast Fourier transform (FFT), forward error correction (FEC), finite impulse
response (FIR)). These accelerators do not support all tasks streaming into the
DSSoC. Consequently, some tasks involve invalid actions during training. DTRL
should be able to manage invalid actions for efficient and stable training. The most
common approach to penalize invalid actions is giving a high negative reward [159]
such that the agent learns to maximize the reward by not taking any invalid action.
However, this approach suffers from low explorative capabilities and spends a
vast amount of time learning invalid actions at each state, especially when the
action space dimension is large. Therefore, in our work, we use invalid action
masking [159] to constrain the DTRL agent to only choose clusters of PEs that
support the given task.

In our algorithm, the policy (7g) generates logits (1;, i =1,...,|A|), which are
subsequently converted to action probabilities (7o (ails)) via a softmax operation.
During training, an action is selected by sampling from a distribution of these
probabilities, denoted as 7o (+|s). The policy is updated using gradient descent,

similar to other policy gradient approaches. Invalid action masking is applied
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by setting the logits of invalid actions to a large negative number, typically —1 x
108. This ensures that the probability of these masked actions is zero, without
compromising the gradient update. In fact, this technique enhances the gradient

update, as the gradient corresponding to the logits of masked actions becomes zero.

6.5.2 Multi-Objective PPO with DDT as an Actor: Algorithm

Details

This work aims to obtain a single policy that covers the entire preference space for
multiple objectives in a runtime task scheduling problem. To achieve this, we adopt
an approach similar to the existing literature on Multi-Objective Reinforcement
Learning (MORL) [4, 40] to extend the PPO to a multi-objective version (MO-
PPO). For this extension, we first consider that the environment returns a vector of
reward as exemplified in Section 6.3.2. The value network is vectorized to efficiently
learn to model multiple objectives for a given preference vector w. Specifically, the
value network takes state s and preference vector w as inputs and outputs [A] x M
state values, as explained in Algorithm 9, where M is the number of objectives.
Therefore, the state value function becomes V, (s, w), which returns a vector of
expected returns for a given state s and preference w by following a current policy
mp. During training, the vectorized value network is updated by minimizing the

mean-squared error between estimated and target values using gradient descent as
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the optimization algorithm:

(Vi (s, ) = (e + Vo (se1,@))) (62)
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The vectorization of the reward and state value function results in a vectorized

advantage function, as presented in equation 6.3:
A(sy, ap, W) =1 "‘Vvq)(stﬂfw) —Vq)(st,w) (6-3)

To compute the modified advantage function, W'A(s, a, w), a weighted-sum
scalarization is applied to the advantage function, similar to the state value function.
Furthermore, in our implementation, the policy takes the preference vector, w, as
an additional input along with the state s, to make a decision. The policy loss for

the multi-objective PPO (MO-PPO) is then given by:

—HH
I\/]-|
/—\

A(St/ Ay, w)/ Ch’p(p(e)/ 1 — €, 1 + e)wTA(St/ Ay, w))

(6.4)

o (a¢]st, W)
Tloora (AtlSt, W)

p(6) = (6.5)

To ensure efficient runtime task scheduling, having a neural network with high
inference overhead is not desirable. Instead, we use a differentiable decision tree

(DDT) as the policy with sigmoid as the activation function at each node. The
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MO-PPO algorithm can be used for the DDT policy without requiring modifications.
For the value network, fully connected layers with hyperbolic tangent activation
functions are employed.

Algorithm 9 outlines the training process of the DTRL framework. At the
beginning of each episode during training, we randomly sample a preference vector
(weO: ZLO w; = 1) from a uniform distribution. To determine the workload
intensity of the task scheduling problem, the simulation framework takes the target
throughput (e.g., frames per milliseconds) as input. Thus, at the start of each
episode, we randomly sample a target throughput y.

A vectorized architecture with a single policy to gather transitions from multiple
environments is a common technique in [131, 160]. To increase the sample efficiency of
our algorithm, we adopt a similar strategy. We initialize P child processes with differ-
ent seeds. The DDT policy and the value network are shared among child processes
and the main process. We divide the preference space into P sub-spaces (Q) and
assign a subspace to each child process. Each child process is responsible for its own
preference sub-space, and in each child process, a preference vector is randomly
sampled from its assigned sub-space. Using the policy g, we collect T amount of
samples. Using these samples, advantages Ay, target values 1y + V¢ (s¢41, ), and
the probabilities mg_ , (a¢|s¢, w) are obtained. The original PPO implementation
uses generalized advantage estimation (GAE) to calculate advantages [131, 160].
We also employ this technique with GAE parameter of 0.95. These child processes
run in parallel to collect transitions and do necessary computations using the same

DDT policy and value network. The obtained transitions are then transmitted to



148

the main process, where they are stored in a trajectory buffer of size P x T.

The algorithm then updates both the value network and the DDT policy param-
eters (¢, 0) according to the loss functions described in equation 6.2 and 6.4. The
total number of optimization steps required to update the parameters is determined
by the number of epochs K and the minibatch size b. We use an Adam optimizer
with a learning rate of 3E-4 for both the DDT policy and the value network. The
hyperparameters for DTRL are presented in Table 6.3.

Algorithm 9: DTRL Framework

1 Input: Total number of time steps N, Number of steps to run per policy rollout T, Discount
factor v, Number of epochs to update the policy and value network K, Minibatch size b,
Number of child processes P, clipping value €.

Initialize: DDT policy g and value network V¢, with parameters 6 and ¢, Policy 7.

while Total Number of Steps < N do

W N

// Child Process

4 Reset the environment to state sp and randomly initialize target throughput y.

5 Sample a preference vector w from the subspace Q.

6 fort=0:Tdo

7 Choose a; according the current policy g and invalid action mask a{™.

8 L Collect samples {s¢, a, 1, s; w, done} by interacting with the environment using

action ay.

9 Obtain A, 1t + Vg (s¢41, w), and e, (a¢ls¢, w) using DDT and the value network.

10 Transfer populated (s, ar,s,w,amA, T+ Vy(s, w), me,,,(als, w)) to main process.
// Main Process
11 Store the incoming transitions from child processes in a trajectory buffer with size
P xT.
12 for k=1: Kdo
13 for i=0: (P x T/b) do
14 idxstart =d x (b — l)
15 idxeng = d x (b)
16 Sample a minibatch from the trajectory buffer according to start and end
indices.

17 Obtain value estimates and new 7g.
18 Calculate Lg and Ly,
19 Update 6 and ¢ by applying SGD to Lg and L.
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Table 6.3: Definition and hyperparameter values used in this paper.

Hyperparameter Description Value
P Number of parallel processes 10
Niayer Number of hidden layers in the value network 1
NNeuron Number of hidden neurons in the value network 64
depth Depth of DDT policy 3

N Total number of time steps for the entire training 3 x 107
T Number of steps to run per policy rollout 1024

Y Discount factor 0.99

A GAE Parameter 0.95

€ Clipping factor 0.1

K Number of epochs to update the policy and value network 20

b Minibatch size 64

Ir Learning Rate 3x10°*

6.6 Experimental Evaluation

This section evaluates the proposed DTRL framework for runtime task scheduling in
DSSoCs. Section 6.6.1 first presents the domain applications, DSSoC configuration,
and the simulation and emulation frameworks used for evaluation in this work.
Then, it introduces the baseline task schedulers that are used for comparison. Finally,
Section 6.6.2 presents detailed experimental evaluations showing performance and
energy consumption improvements of the proposed DTRL framework over the
baseline scheduling approaches. This section emphasizes the generalizability of
DTRL learning the trade-off between two conflicting objectives, average execution

time and power consumption, as a Pareto front set of solutions.

6.6.1 Experimental Setup

Domain Applications: The evaluation of DTRL involves six applications in the

domain of wireless communications and radar systems: WiFi transmitter, WiFi
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receiver, range detection, single-carrier transmitter, single-carrier receiver, and
temporal mitigation. Workloads comprising 100 frames each are constructed using
a mix of the six applications.

DSSoC Configuration: The configuration of DSSoC consists of sixteen PEs classi-
fied into five clusters based on their functionalities. These clusters comprise four
LITTLE Arm A57 cores, four big Arm Cortex-A53 cores, and fixed-function acceler-
ators, which include two matrix multiplication (MM) cores and four fast Fourier
transform (FFT) cores, and two Viterbi decoding cores. The PEs are chosen to fulfill
the computational demands of the targeted domain applications. The domain
applications and DSSoC configuration employed in this study represent the most
comprehensive configuration currently available within the DSSoC simulator[132].
Simulation and Emulation Frameworks: We first evaluate DTRL using our novel
OpenAl Gym environment integrated with an open-source DSSoC simulator, DS3 [158],
as described in Section 6.4. This simulator is validated against two commercial
SoCs, Odroid-XU3 and Xilinx Zynq ZCU102.

We measure the hardware runtime overhead of the global multi-objective DDT
scheduling policy by implementing it within CEDR [116] (an open-source Linux-
based emulation and runtime environment) on the Xilinx Zynq ZCU102 platform.
Baseline and State-of-the-Art Approaches for Comparison: To begin our compar-
ative analysis, we employ an optimization-based approach that employs integer
linear programming (ILP) through IBM ILOG CPLEX Optimization Studio [58].
However, this approach suffers from severe time and complexity issues, especially

for high-intensity workloads (high target throughput) due to a large number of
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variables and constraints. The solver takes several hours to days to derive the
solution and even fails to achieve an optimal decision in several cases. Therefore,
we enforce a timeout value of two minutes for each solver invocation. The ILP
scheduler is reported as a reference point, and it is not feasible at runtime due to its
prohibitive runtime overhead (in the order of minutes).

We also choose heuristic schedulers for comparisons with DTRL. The earliest
task first (ETF) [5] scheduler efficient scheduling decisions by iterating through all
the ready tasks and available PEs to determine the task with the earliest finish time,
thereby making it a suitable choice for comparison. We modify ETF to target differ-
ent objectives such as power consumption, energy consumption, and energy-delay
product. The different ETF variants contribute to distinct comparison points in
our evaluation. We also compare DTRL with a machine-learning-based scheduler
that uses imitation-learning for task scheduling (ILS) [6]. This framework uses
ETF as the Oracle and trains a regression tree to approximate the Oracle decisions.
State-of-the-art MORL approaches [1, 4] are introduced to address specific appli-
cations, such as continuous robotics tasks and grid world games. However, these
approaches do have certain drawbacks. For instance, the Envelope algorithm [1]
requires the action space to be discrete and suffers from sample inefficiency, while
PG-MORL [4] necessitates a continuous action space and both objectives to be pos-
itive. Nevertheless, when it comes to the task scheduling problem, which involves
mixed-sign objectives and invalid discrete actions, these approaches are unable to
effectively handle such scenarios. Furthermore, these MORL approaches typically

involve neural networks with dense layers, resulting in a significantly higher run-
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time overhead compared to DTRL and ETF (as provided in Section 6.6.2.3) when
implemented on real hardware platforms. The runtime overhead of these neural
network-based approaches can be two to three orders of magnitude greater than that
of DTRL and ETF [6]. Therefore, to provide an additional basis for comparison, we
introduce a modification of an existing MORL method [7]. This modified method,
referred to as Scalarized-MOPPO, involves performing updates after computing
the inner product of the vectorized value function and the preference vectors. No-
tably, in Scalarized-MOPPO, the policy DDT and the value network no longer take
preferences as inputs, as the method trains separate policies for various preference

ratios of the different objectives.

6.6.2 DTRL Evaluation

A global DDT scheduling policy is obtained by employing the training procedure
described in Section 6.5. The DDT is constructed with 16 input features (including
objective preferences) and uses a maximum depth of 3. Each workload comprises
100 frames, and the frames are dynamically injected into the system based on an
exponential distribution. The average metrics from simulations with 10 random
seeds are used to avoid bias in the distribution. The target throughput is varied
between 1-50 frames per millisecond. The vector indicating the preference for the

execution time and power consumption objectives is denoted by {a, b} respectively.
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6.6.2.1 Performance and Energy Consumption Evaluation

Fig. 6.6(a) compares the average frame execution time of DTRL with baseline and
state-of-the-art schedulers. At high target throughputs, frames are injected faster
than they are processed; hence, newly injected frames overlap with existing frames.
The overlap results in significant competition for the shared computing resources,
thereby resulting in a higher frame execution time, as observed in Fig. 6.6. The
DTRL policy in Fig. 6.6(a) uses a preference vector of {1, 0}, whereas the results for
Scalarized-MOPPO are obtained using the policy that is separately trained for the
same preference vector. DTRL achieves an execution time speedup of 1.03x, 1.05x,
1.25x%,1.9%, and 9x than ILS, Scalarized-MOPPO, ETF-EDP, ETF-Energy, and ETF-
Power, respectively. We note that ETF-Power assigns all tasks to LITTLE cores
(since it has the lowest power consumption), causing the system to become heavily
congested and drastically increasing average frame execution time. Although DTRL
is trained with multiple objectives, it still achieves an average execution time within
4% and 7% of ETF and ILP, respectively. Additionally, the runtime overhead of
ETF is 2x and 10x higher than that of DTRL, as evaluated in Section 6.6.2.3. It
is important to highlight that ETF, ILP, and ILS are designed to optimize a single
specific objective, whereas Scalarized-MOPPO and DTRL are specifically trained
to handle multiple objectives. On the one hand, Scalarized-MOPPO is trained
individually for each preference vector. Training several policies imposes a severe
stress on the platform in terms of training time and compute resources. Furthermore,
the Scalarized-MOPPO approach requires the platform to store all of them and

appropriately choose one such policy based on the preference vector at runtime.
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Figure 6.6: Comparison of a) average frame execution time and b) average energy
consumption between ETF [5], ETF-EDP, ETF-Energy, ETE-Power, ILP solution,
ILS [6], Scalarized-MOPPO ([7]-Adapted) and DTRL to schedule a workload
comprising six streaming applications. The x-axis in Fig. 6.6(a) and 6.6(b) is
normalized to the throughput achieved by the ILP solution.

On the other hand, DTRL learns a Pareto front set of solutions for execution time and power
consumption objectives using a single policy.

DTRL’s energy consumption is evaluated by using a preference vector of {0, 1}
to the global DDT policy, as shown in Fig. 6.6(b). DTRL achieves 3.06x, 3.08x,
3.06x%,1.97x, 1.75x, and 1.05x lower energy consumption compared to ETF, ILP,
ILS, ETF-EDP, ETF-Energy, and ETF-Power, respectively. It achieves very similar
energy consumption values compared to Scalarized-MOPPO. It is worth noting
that DTRL does not require retraining for the energy objective since the global DDT

policy dynamically generates near-optimal decisions based on the application- or

user-defined preference provided at runtime.
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6.6.2.2 Multi-objective Functionality of DTRL

This section evaluated the multi-objective aspect of the proposed DTRL framework.
To this end, we show the average frame execution time versus energy efficiency
curves obtained by DTRL at varying throughputs, using multiple preference vec-
tors. Fig. 6.7(a)-(c) illustrates the curves for low, medium, and high throughput
workloads. The evaluation employs preference vectors (w) separated by a step
size of 0.1, w € {{1,0},{0.9,0.1},...,{0.1,0.9},{0, 1}}. Fig. 6.7(a)-(c) also shows the
energy efficiency (in milli-Joules per frame) of the baseline and state-of-the-art
schedulers. We note that ETF, ILP, and ILS will have only one point on the plot
since they support only one objective. However, for ETF, its variants correspond
to different comparison points in the objective space. For instance, ETF-Power
corresponds to the comparison point where the preferences for execution time and
power consumption are 0 and 1, respectively. By using a single global DDT policy,
DTRL covers the entire preference space and produces solutions comparable to
ETF and ILP, as described in Section 6.6.2.1. Furthermore, it outperforms the other
schedulers, providing flexibility to generate near-optimal scheduling decisions for
any preference vector specified at runtime. We also observe that DTRL scales to
several throughputs, achieving comparable or improved metrics compared to the
other approaches. Although Scalarized-MOPPO can achieve a similar Pareto front
set of solutions to DTRL by training a separate policy for each preference vector, it
faces challenges when deployed on a hardware platform due to the need to store
all possible scheduling policies. As a result, the scalability of Scalarized-MOPPO

is constrained when dealing with numerous objectives and their corresponding
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ratios. Moreover, Scalarized-MOPPO struggles when the objectives exhibit substan-
tial differences in magnitudes, as it learns from a scalarized reward function that
requires domain expertise for its design.

The DTRL policy, trained with two optimization objectives, namely average
frame execution time and power consumption, achieves the Pareto front curves as
shown in Fig. 6.8. A workload with 100% target throughput denotes the maximum
frame rate supported by the platform. As the target throughput increases, the
average job execution time and power consumption increase due to the increase
in congestion in the SoC. The power consumption and execution time tradeoff
curves at multiple target throughputs strongly demonstrate that DTRL scales to all

workload complexities.
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Figure 6.7: Average frame execution time (pus) vs. Energy efficiency (m] / frame)
for a) low b) medium c) high target throughputs. Comparison between ETF [5],
ETF-EDP, ETF-Energy, ETF-Power, ILP solution, ILS [6], Scalarized-MOPPO ([7]-
Adapted), and DTRL are presented. DTRL achieves multiple near-optimal policies
using various preferences.
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Figure 6.8: Pareto front solutions achieved by the proposed DTRL framework
that trades off between the average execution time of applications with the power
consumption at various target throughputs (in %).

6.6.2.3 Performance Evaluation of DTRL on a Runtime Emulation Platform

We implement DTRL in CEDR [116] and analyze its performance on a Xilinx Zynq
ZCU102 FPGA [161]. This evaluation uses a configuration consisting of one FFT
core, one MM core, three general-purpose cores, and three domain applications,
namely the WiFi transmitter, range detection, and temporal mitigation. The trained
DDT model for the above configuration uses 12 input features and a maximum
depth of 3. It is deployed in the CEDR framework as a C++ module.

Fig. 6.9 presents the comparison of average frame execution time between DTRL
(with a preference vector of {1,0}) and ETF executing workloads in CEDR on the
FPGA at six different target throughputs. DTRL achieves lower execution time
than ETF at all workload throughputs. As discussed in Section 6.6.1, ETF incurs

high computational complexity due to the quadratic dependency on the number of
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Figure 6.9: Comparison of average job execution time between ETF and DTRL on
a real hardware platform (Xilinx Zynq ZCU102 FPGA) to schedule a workload
comprising three streaming applications. Each bar in the plot represents the average
of 50 trials, with each trial consisting of 1390 tasks. Error bars represent the standard
deviation of the trials.

o

ready tasks, and its runtime overhead varies between several hundred-thousands of
nanoseconds. On the contrary, the DDT DTRL policy achieves a runtime overhead
of 120 ns per scheduling decision. Therefore, we demonstrated the ability of the
proposed DTRL framework to outperform state-of-the-art approaches in both a
DSSoC simulation framework and a real hardware platform (Xilinx Zynq ZCU102
FPGA).

6.6.2.4 Scalability and Limitations

DTRL uses a differentiable decision tree (DDT) at its core to make scheduling deci-
sions. As explained in Section 6.3.3, at each node in the tree, features are linearly
combined with node weights and compared to a bias term. This enables DDTs to
handle high-dimensional input features and complex interdependencies between

the input features, which can be challenging for traditional decision trees. Addi-
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tionally, DDTs can provide interpretable models that allow users to understand
the reasoning behind scheduling decisions. However, a potential limitation of
using DDTs is their increased complexity and the size of the feature space, which
may limit scalability in certain scenarios. As the number of tasks and processors
increases, the feature space also grows, making it challenging to find an optimal
solution at runtime. If the state space is constructed with features for individual
PEs, the time and space complexity of DTRL can reach O(2N), where N represents
the total number of PEs. To mitigate this challenge, we address it by grouping
PEs into processing clusters (C), thereby reducing the number of features that
would otherwise increase with a larger system-on-chip (SoC) configuration. Conse-
quently, the time and space complexity of DTRL is reduced to O(2C), with C being
significantly smaller than N. Additionally, it is worth noting that the complexity
of selecting a specific PE within a cluster is O(k), where k is the number of PEs
within that cluster. Furthermore, as with traditional decision trees, overfitting can
occur if the model becomes too complex and with the increase in the tree depth. In
our work, we limit the DDT depth to 3 and transitions from randomly generated

scenarios at each episode to avoid overfitting.
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7 CONCLUSIONS AND FUTURE DIRECTIONS

7.1 Conclusion

MORL faces several challenges: balancing conflicting objectives requires sophisti-
cated techniques, existing approaches often need repetitive and costly training, and
real-world applications demand optimal, feasible, and energy-efficient solutions
in resource-constrained environments. This dissertation aims to tackle these chal-
lenges and advance reinforcement learning to enable its application to real-world
problems by developing multi-objective, energy-aware, and hardware-friendly
algorithms that can be effectively applied in edge Al applications.

The key contributions of this work are as follows:

e PD-MORL: Preference-Driven Multi-Objective Reinforcement Learning
Algorithm [25]: It proposes a novel MORL algorithm that trains a single
universal network to cover the entire preference space scalable to continuous robotic
tasks. The proposed approach, Preference-Driven MORL (PD-MORL), utilizes
the preferences as guidance to update the network parameters. It also employs
a novel parallelization approach to increase sample efficiency. We show that
PD-MORL achieves up to 25% larger hypervolume for challenging continuous
control tasks and uses an order of magnitude fewer trainable parameters

compared to prior approaches.

e A Comprehensive Multi-Objective Energy Management Approach for Wear-

able Devices with Dynamic Energy Demands: It learns the trade-off between
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meeting the application’s energy demand and maintaining the battery energy
level. We deployed our framework on a wearable device prototype using
TensorFlow Lite for Micro, leveraging its small (less than 120 KB) memory
footprint. Evaluations show that tinyMAN-MO operates within 10% of the
Pareto-optimal solutions with only 1.98 ms execution time and 23.17 pJ energy

consumption overhead.

GEM-RL: Generalized Energy Management of Wearable Devices using Re-
inforcement Learning [26]: GEM-RL learns the trade-off between utilization
and the battery energy level of the target device under dynamic EH patterns
and battery conditions. It also uses a lightweight approximate dynamic pro-
gramming (ADP) technique that utilizes the trained MORL agent to optimize
the utilization of the device over a longer period. Thorough experiments
show that, on average, GEM-RL achieves Pareto front solutions within 5.4%
of the offline Oracle for a given day. For a 7-day horizon, it achieves utility
up to 4% within the offline Oracle and up to 50% higher utility compared to
baseline EM approaches. The hardware implementation on a wearable device
shows negligible execution time (1.98 ms) and energy consumption (23.17

w) overhead.

A Self-Sustained CPS Design for Reliable Wildfire Monitoring [27]: It
presents the first self-sustained cyber-physical system that dynamically co-
optimizes the wildfire detection accuracy and active time of sensors. The
proposed approach employs reinforcement learning to train a policy that

controls the sensor operations as a function of the environment (i.e., current
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sensor readings), harvested energy, and battery level. The proposed cyber-
physical system is evaluated extensively using real-life temperature, wind,
and solar energy harvesting datasets and an open-source wildfire simulator.
In long-term (5 years) evaluations, the proposed framework achieves 89%
uptime, which is 46% higher than a carefully tuned heuristic approach. At the
same time, it averages a 2-minute initial response time, which is at least 2.5x
faster than the same heuristic approach. Furthermore, the policy network
consumes 0.6 m]J per day on the TI CC2652R microcontroller using TensorFlow
Lite for Micro, which is negligible compared to the daily sensor suite energy

consumption.

DTRL: Decision Tree-based Multi-Objective Reinforcement Learning for
Runtime Task Scheduling in Domain-Specific System-on Chips [28]: DTRL
trains a single global differentiable decision tree (DDT) policy that covers
the entire objective space quantified by a preference vector. Extensive experi-
mental evaluations demonstrate that DTRL captures the trade-off between
execution time and power consumption, thereby generating a Pareto set of
solutions using a single policy. Furthermore, comparison with state-of-the-art
heuristic—, optimization—, and machine learning-based schedulers shows that
DTRL achieves up to 9x higher performance and up to 3.08 x reduction in en-
ergy consumption. The trained DDT policy achieves 120 ns inference latency
on Xilinx Zynq ZCU102 FPGA at 1.2 GHz, resulting in negligible runtime
overheads. Evaluation on the same hardware shows that DTRL achieves up

to 16% higher performance than a state-of-the-art heuristic scheduler.
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These contributions collectively advance the field of MORL by addressing key
challenges such as balancing conflicting objectives, scalability, efficiency, and real-
world applicability. The research outcomes bridge the gap between theoretical
advancements and practical implementations, paving the way for more intelligent

and adaptive systems across various domains.

7.2 Future Work and Research Directions

One of the critical aspects of RL algorithms is the required time to train an RL
agent. The MORL algorithms proposed in this dissertation can take several hours
of training due to the need to cover the entire preference space to obtain a diverse
and representative Pareto front set of solutions. Future research should focus on
optimizing the implementation of these RL algorithms to reduce training time.
Potential approaches include developing more efficient training techniques, lever-
aging parallel processing, and incorporating transfer learning to reuse knowledge
from previously trained models.

In addition to improving training efficiency, specific enhancements can be made
to the wildfire monitoring framework. Integrating cameras as the final level of sen-
sors in the hierarchy is crucial for accurately identifying wildfires, as camera images
provide detailed visual information that can significantly enhance the system’s
detection capabilities. Building on this, developing a multi-agent, neighbor-aware,
self-sustained sensor-suite network will improve the system’s robustness and relia-

bility. Such a network will enable sensors to collaborate, share information, and
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optimize their operations collectively, leading to more efficient energy use and more
accurate wildfire monitoring.

Further advancements can also be made to the Decision Tree-based Multi-
Objective Reinforcement Learning (DTRL) algorithm. Including additional op-
timization objectives will broaden the algorithm’s applicability and improve its
performance in more complex scenarios. Additionally, reducing the computational
overheads during runtime will make the algorithm more efficient and suitable for
real-time applications. Exploring the applicability of DTRL in other domains, such
as automotive systems, smart grids, and industrial automation, will validate its
versatility and robustness across various multi-objective optimization problems.

A crucial aspect that was beyond the scope of this dissertation is the online
learning feature of RL algorithms. For energy management, extending the prototype
wearable device to log harvested energy over the course of a day will provide
valuable data for real-time adaptation. Implementing online learning functionality
within tinyMAN will enhance its adaptability and energy efficiency, enabling the
system to adjust dynamically to changing energy conditions and improving its
overall performance and sustainability.

By pursuing these future work and research directions, we can build on the
foundations laid by this dissertation, further advancing the field of MORL and

expanding its applications across various domains.
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A APPENDIX A! THEORETICAL ANALYSIS OF THE DIRECTIONAL

ANGLE GUIDED MORL ALGORITHM

This section introduces a theoretical analysis of the proposed PD-MORL algorithm.
We follow the theoretical framework for value-based MORL algorithms proposed
by Yang et al. [1], which is based on Banach’s Fixed-Point Theorem (also known
as Contraction Mapping Theorem). This theorem states that every contraction on
a complete metric space has a unique fixed-point. Considering this, we define (i)
contraction operators and (ii) a metric space to design our value-based MORL
algorithm.

A.1 Metric Space

In standard Q-learning, the value space is defined as Q € RS*A containing all
bounded functions Q(s, a) which are the estimates of the total expected rewards
when the agent is at state s, taking action a. We extend it to a multi-objective value
space by defining the value space as Q € R, containing all bounded functions
Q(s, a, w) which are the estimates of expected total rewards under preference
w eRL,: S I, w; = 1. We then define a metric in this value space as:

dQ,Q):= sup |w'(Q(s,a w)—Q'(s,a w))l (A1)

s€8,acA,wel)
This metric gives the distance between Q and Q' as the supremum norm of the
scalarized distance between these two vectors. Notice that d should satisfy the

following axioms to be considered as a metric:

e Non-negativity: d(Q,Q’) > 0. This axiom holds for our metric d. The
definition of supremum norm is the largest value of a set of absolute values,

and thus, it is greater than or equal to zero.
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e Symmetry: d(Q, Q') = d(Q’, Q). Similarly to above axiom, this axiom also

holds for d since absolute values are considered in supremum norm.

e Triangle Inequality: d(Q, Q') < d(Q, Q") + d(Q”,Q’). This axiom holds for
metric d as shown by the following proof:

Sup ’wT(Q(SI a, CU) - Q//(SI a, CU))’ + Sup ’wT(QH(S/ a, (U) - Q/(S/ a, w))’

se8,acA ses,acA
we we
2 ’wT(Q(S/ CL,CU) - QH(S/ a, w))’ + ’wT(QH(S/ a/w) - Q/(S/ a/w))’
2 |wT(Q(SI Cl,w) - Q/(S/ a/w))’

SUPscs,aca lw ' (Q(s,a,w)—Q"(s,q, w))|+3upse&a§fl (T (Q"(s,a,w)—Q'(s, a, w))|
we we
is the upper bound on the set [w ' (Q(s, a, w) — Q’(s, a, w))|. Hence, by defi-

nition of supremum norm (least upper bound):

Sup |(UT(Q(S,G,(U)—Q/(S, a/w)” < Sup |(UT(Q(S,G,(U)—Q//(S,a,w))|

s€8,acA s€8,acA

we we
+ sup |w'(Q"(s,a,w)—Q'(s,a w))|

s€8,acA

we

o Identity of indiscernibles: d(Q,Q’) = 0 & Q = Q’. This axiom does not
hold for metric d since the dot product of different Q(s, a, w) functions may

result in same value for a specific preference vector w.

In summary, the metric d is a pseudo-metric since the identity of indiscernibles
does not hold for it.

In the following Theorem, we showed that the metric space equipped with this
metric is complete since the limit point of the sequence of operators is required to
be in this space.

Theorem A.1 (Multi-objective Metric Space (Q, d) is Complete). The metric space
(Q, d) is complete and every Cauchy sequence Qn (s, a, w) is convergent in metric space
(Q,d)Vs,a,we§ A Q.
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Proof. Let Q. (s, a, w) be a Cauchy sequence in Q. Given € > 0, there exist n, m >
N > 0 such that SUPcs aenwen lwT(Qn(s,a,w)—Qm(s,a w))| < e. Hence,

W (Qn(s, a, w)—Qum(s,a w)) < sup W' (Qn(s, a,w)—Qu(s,aw))l<e Vs,awesAQ

sES
acA
we

This implies that for each s, a, w € §, A, Q, the sequence of L-dimensional real
numbers Q. (s, a, w) is a Cauchy sequence. Since R" is complete, Q,, (s, a, w) is
convergent. Let Q(s, a, w) = lim,,_,o Qn (s, a, w). Cauchy sequence in a normed
space must be bounded. Let there be an M > 0 such that |w"(Q,(s, a, w))| <
SUP, s qen weo lwT(Qn(s,a,w)) <M, Vs €8, ac A we Q. Takingn — oo,
we find |wT(Q(s, a, w))| = im0 W (Qn(s,a, w)) <M, VseS,ac A w e Q.
This shows that Q(s, a, w) is a bounded function and thus Q € Q. Foralln > N,

W (Qn(s, a,w)—Q(s,a,w)) = lim [w'(Qn(s, a,w)—Qmn(s, a w))<e Vs, aweS§,AQ

and hence V1 > N,sup g s weo @ (Qnl(s, @, w) —Q(s,a,w))| < e. This
implies that Q(s, a, w) is the limit of Q. (s, a, w) and proves that Q. (s, a, w) is
convergent in Q.

This completes our proof that the metric space (Q, d) is complete. O

A.2 Multi-Objective Bellman’s Evaluation and

Preference-Driven Optimality Operators

Given a policy 7t and sampled transition T, we can define multi-objective Bellman’s

evaluation operator T, using the metric space (Q, d) as:
(T2Q)(s, a, w) :=x(s, a) + VEr- (5~ Q(s, ', w) (A.2)

where (s’, a/, w) denotes the next state-action-preference pair and y € (0, 1) is the

discount factor.
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Theorem A.2 (Multi-objective Bellman’s Evaluation Operator is Contraction). Let
(Q, d) be a complete metric space (as in Theorem 2.1). Let Q and Q' be any two multi-
objective Q-value functions in this space. The multi-objective Bellman'’s evaluation operator
is a contraction and d(T.Q, T,Q’) < yd(Q, Q’) holds for the Lipschitz constant y (the

discount factor).

Proof. We start by expanding the expression d(7,.Q, 7.Q’):

d(TﬂQ/TﬂQ,): sup |(UT((.T7[Q(S,CL,(U)—THQ,(S,G,(U))l

s€8,acA
we

= sup YW 'Eg_(50Q(s, ', w) —yw ' Eg_51Q'(s,a’, w)|
we

=v-sup [W Es- 9 (Q(s,d/,w) —Q'(s/, d, w))|
we

<vy-sup W' Es (plQ(s',a/,w) —Q'(s/,a’, w)| ([E[] <Ell-[])
we

=v-sup Ex_p0lw(Q(s), d/,w) —Q'(s/,d, w))|
we

<vy-sup sup [w'(Q(s),a/,w) —Q'(s/,a,w))| (E[ [l <sup|-|
we s’'es

a’eA
we

=v-sup [w'(Q(s',d/,w) —Q'(s,a’, w)) =v-d(Q,Q)
we

d((‘TTEQI TWQ/) < Y- d(Q/ Q/)

To avoid confusion, the last step (Step 7) has only one supremum norm since the
outside supremum does not see any variable. The definition of the variables ends
with the inside supremum. This completes our proof that multi-objective Bellman'’s

evaluation operator, T, is contraction. ]

We define a preference-driven optimality operator T by adding a cosine similarity

term between preference vectors and state-action values to the multi-objective
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Bellman’s optimality operator as:

(TQ)(s, @, w) :=1(s, Q) +YEsp(15,a)Q(s", sup (Sc(w, Q(s', a’, w))-(w ' Q(s', a’, w))), w)
a'eA (A3)

where S.(w, Q(s’, a’, w)) denotes the cosine similarity between preference vector

and Q-value. supa/GA(Sc(w,Q(s’, a,w)) - (w'Q(s’, a’, w))) yields the action a’

that maximizes the multiplication inside the supremum. This term enables our

optimality operator to choose actions that align the preferences with the Q-values

and maximize the target value, as elaborated in Section 2.4.2 under the preference

alignment subtitle.

Theorem A.3 (Preference-driven Multi-objective Bellman’s Optimality Operator
is Contraction). Let (Q, d) be a complete metric space. Let Q and Q' be any two multi-
objective Q-value functions in this space. The preference-driven multi-objective Bellman'’s
optimality operator is a contraction and d(TQ,TQ’) < vd(Q, Q') holds for the Lipschitz
constant 'y (the discount factor).

Proof. We use S.(w, Q(s’,a’,w)) as S¢c and S.(w, Q’(s’, a”, w)) as S in the proof
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for notational simplicity. We start by expanding the expression d(TQ, TQ’):

d(7Q,TQ) = sup |w'(TQ(s,a,w)—TQ'(s,a, w))|

se8,acA

we
= sup )vaEsum.\s,a)Q(s’,sup(Sc)-(wTQ(s’,a’,w)),w)
s€8,acA a’'eA

we

— YW 'Egp(s,0)Q' (s, sup (SL) - (w'Q'(s/, a”,w)),w)‘

CIHG.A
=y sup |Bepisa |w(QUs, sup(Se) - (w'Q(S, @, w)), w)
s€8,acA a’eA
we
~Q'(s, sup (SL) - (@TQ'(s), 0", w)), w) )|
a’eA
<y- sup Esucp(.\s,a)HwT(Q(S’,sup(Sc)-(wTQ(S’,a’,w)),w)
s€8,acA a'eA
we
~ Qs sup (SL) - (W'Q'(s), ", w)), w) ) || (L) < B )
a’eA
<y- sup  sup @T(Qls, sup(Se) - (@TQ(S, @, w)), w)
séﬁ,eagﬂ s'eS,wen aeA

—Q'(s, sup (SL) - (w™Q'(s, a”,w)),w)>) (E[l -] <sup]|-|)

a//e‘A

=y sup |w'(Qls, sup(Se) - (w'Q(S, @', w)), w)

s'eS,we a’eA
—Q/(s/, sup (SL) - (w'Q'(s/,d”, w)), w)> ) (Rearrange supremums)
a’eA
Let @’ be the action that maximizes (S.) - (w'Q(s’, o/, w)) for state s’ and pref-
erence w, then we have :
aTQIQ) <y sup |’ (Ql,a,w) —Q'(s, sup (S,) - (w'Q(S 0", w)), w))|
s'eS,wend a’cA
W.lo.gweassume w'Q(s’, o/, w)—w'Q’(s/, supa,,eA(S;HwTQ’(s’, a’, w)), w) >
0. Proof is similar for the other inequality case. Since w'Q’(s’, a’, w) < w'Q'(s/, Sup e 4 (88)
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(wTQ'(s’,a”, w)), w), we have:

dTQ,TQ) <y sup |wT(Q(, @)~ Qs w))| =+ d(QQ)
e

d(7Q,7Q") <v-d(Q Q')

This completes our proof that preference-driven multi-objective Bellman’s opti-

mality operator, 7, is contraction. O

Theorem A.2 and Theorem A.3 state that multi-objective evaluation and opti-
mality operators are contractions. They ensure that we can apply our optimality
operator in Equation A.3 iteratively to obtain the optimal multi-objective value

function given by Theorem A.4 and Theorem A.5 below, respectively.

Theorem A.4 (Preference-driven Multi-objective Optimality Operator Converges
to a Fixed-Point). Let (Q, d) be a complete metric space which is proved above and let
T : Q — Q bea contraction on Q with modulusy. Then, T has a unique fixed-point Q* € Q
such that T(Q) = Q*.

Proof. Let Qq € Q and define a sequence (Q,,) where Q.1 =T(Q,),n=1,2,...

d(Qn+1/ Qn) = d(‘I(Qn)/T(anl))
< Vd(Qn/ anl) - ‘Yd(T(anl)/ T(anZ))
<¥*d(Qn-1,0n )

<v™d(Q1, Qo)

Hence, for m > nV m,n € N by the triangle inequality we have
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d(sz Qn) < d(Qm/ Qm—l) + d(Qm—lr Qm—Z) + ... + d(Qn—!—l/ Qn)
<™ Hy™ P+ L +y™M)d(Q1, Qo)
< 40,00
—y

Therefore, Q,, is Cauchy: for € > 0, let N be large enough that %d(Ql, Q) < ¢,
which ensures that n,m > N = d(Q,,Q.,) < €. Since (Q, d) is complete, Q,,
converges to Q* € Q. Now, we show that Q* is indeed a fixed point since Q.
converges to Q* and 7 is continuous.

Q* = T}g{}o Qn = 71520 (J'(Qn—l) = (‘T(igr(}o Qn—l) = (I(Q*)

Finally, 7 cannot have more than one fixed point in (Q, d), since any pair of distinct
fixed points Q; and Q3 would contradict the contraction of 7:

d(7(Q7),7(Q3)) = d(Qy,Q3) > vd(Q7, Q;)

This completes our proof that multi-objective optimality operator converges to

Q. 0

Theorem A.5 (Optimal Fixed Point of Optimality Operator). Let Q* € Q be the opti-
mal multi-objective value function, such that it takes multi-objective Q-value corresponding
to the supremum of expected discounted rewards under a policy  then Q* = T(Q*).

Proof. We start by defining the optimal Q-function, Q* as:

o0

Q*(s, a, w) = argq sup W' Eq_(5,)is=s,ap—a [Z v'r(se, at)] .
mtell t=0

From Theorem A.4 we observe that lim,,_,,, d(7™(Q), Q*) = 0 for any Q € Q.
This suggests that w™T(Q*)(s, a, w) = w'Q*(s, a, w) from the definition of metric
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d. Expanding the w"T(Q*)(s, a, w), we have:

(.UT(I(Q*)(S, a, (.U) = (.UTI‘(S, (1) +’Y . wTES’NT('\S,a)Q*(S,/ sup (Sc[wr Q*(S// (1,, (.U)) : (wTQ*(SII (l,, (.U))), w)

a’eA
Let a’ is the action that maximizes the supa,eﬂ(sC (W, Q*(s",a’, w))-(wTQ*(s, a’, w))
for state s’ and preference w. Then, by substituting Q* into 7(Q*) we have:

[o¢]

wT{I(Q*)(S/ a,w) = wTr(s, a)+vy- wTEskiP(‘ls,a) arggq sup wTEU’~(?,ﬂ)\so:s/,ao:a/ [Zytr(st, at)”
mtell t=0

Y r(s¢, at)

l\/]S

=w'r(s,a)+y-w’ argg sup w E 5o
mell so~fP ‘Is,a) 1—g
Now, we merge r(s, a) with the summation operation by rearranging the conditions

of the expectation operator and obtain:

o¢]

= wT ( argQ sup wTE‘TN(T,ﬂ)\So:S,ao:a |:Z Ytr(st/ at)i| ) = wTQ* (SI a, (U)
nell t=0

(UT‘I(Q*)(S, a, CU) = wTQ*(S/ a, (,U)

This completes our proof that optimal multi-objective value function Q* is the fixed

point of the preference-driven multi-objective optimality operator 7. O
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B APPENDIX B! PD-MORL IMPLEMENTATION-TRAINING DETAILS

AND ADDITIONAL EXPERIMENTAL RESULTS

This section provides details on the Preference-Driven MO-DDQN-HER and MO-
TD3-HER algorithms. It expands the explanation of the algorithms with implemen-
tation details. Then, it explains the training details for all benchmarks. Furthermore,
we provide additional experimental results for discrete MORL and multi-objective

continuous control benchmarks.

B.1 Preference-Driven MO-DDQN-HER and
MO-TD3-HER

B.1.1 Hindsight Experience Replay

We randomly sample a preference vector (w € Q : Y I jw; = 1) from a uni-
form distribution in each episode during training. Depending on the problem,
the number of transitions observed by interacting with the environment for some
preferences may be underrepresented. This behavior creates a bias towards over-
represented preferences, and the network cannot learn to cover the entire prefer-
ence space. Therefore, we employ hindsight experience replay buffer (HER) [31],
where every transition is also stored with N, randomly sampled preferences
(w' € Q: Y, w, =1)from a uniform distribution different than the origi-
nal preference of the transition. Specifically, for each transition (s, a,r, s’, w, done),
additional N, transitions (s, a,r,s’, w’, done) are also stored in the experience
replay buffer. This strategy provides efficient exploration and generalizability to the
agent. Using HER, the agent learns to recover from undesired states and continue

to align itself with its original preference.
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B.1.2 Exploration in Parallel

To further increase the sample efficiency of our algorithm, we equally divide the
preference space into C,, sub-spaces (Q), where C,, denotes the number of child
processes. The number of child processes C, is set to 10 for all benchmarks. The
agent is shared among these child processes and the main process. In each child
process, for each episode, we randomly sample a preference vector from child’s
preference sub-space (w € Q : ZiL:O w; = 1). These C, child processes run
in parallel to collect transitions. After collecting a transition, each child process
transfers it to the main process and waits for other child processes. After the main
process receives transitions from every child process and stores them using HER,
the child processes continue to collect transitions. Since we collect and store C,,
transitions at every child-main process loop, networks are also updated C,, times.
Parallel exploration and HER together provides efficient exploration.

B.1.3 Preference Alignment with Interpolation

A solution in the Pareto front may not align perfectly with its preference vector.
To mitigate this adverse effect, we fit a multi-dimensional interpolator to project
the original preference vectors (w € ) to normalized solution space to align
preferences with the multi-objective solutions. Here, normalization is the process

of obtaining unit vectors for these solutions. For example, the normalized vector

£
I

solutions for each of these preferences without HER. We set key preference points

for a solution f is described as f = ;. We identify the key preferences and obtain
asw;=1:j=1w;=0:j#1V1ij€{0,...,L} where i'" element corresponds
to the objective we try to maximize. A preference vector of w ={{,..., {}is also
added to this key preference set. We first obtain solutions for each preference in this
key preference set by training the agent with a fixed preference vector and without
using HER. We use these solutions first to obtain a normalized solution space. Then,
we use the normalized solution space and key preference vectors to fit a multi-
dimensional interpolator I(w) to project the original preference vectors (w € Q)

to the normalized solution space. We use radial basis function interpolation with
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linear kernel in this work [162]. As a result, we obtain projected preference vectors
(wy ) that are incorporated in the cosine similarity term of the preference-driven
optimality operator for the MO-DDQN-HER algorithm and in the directional angle
term for the MO-TD3-HER algorithm. The interpolator is also updated during
training as PD-MORL may find new non-dominated solutions for identified key
preferences. To this end, at every episode, we evaluate our agent using the key
preference set.

B.1.4 Details on MO-DDQN-HER

The main objective of this work is to obtain a single policy network to approximate
the Pareto front that covers the entire preference space. For this purpose, we extend
double deep Q-network (DDQN) [43] to a multi-objective version (MO-DDQN)
with the preference-driven optimality operator. Algorithm 10 describes the training
using the proposed MO-DDQN-HER.

We first initialize an empty buffer D, Q-network and target Q-network with
parameters 0 and 0’. The preference space is then equally divided into C,, sub-
spaces, where we initialize a child process for each sub-space. In each child process,
for each episode, we randomly sample a preference vector from child’s preference
sub-space (w € Q : Y I  w; = 1). The agent interacts with the environment
using e-greedy policy and collect transition (s, a,r,s’, w, done). This transition
is then transferred to the main process. After main process receives transitions
from every child process, it stores transitions inside D. For each transition, we
also store N, transitions where a different preference (w’ € Q : ZiL:o wi; =1)
is sampled. Specifically, for each transition (s, a,r,s’, w, done), additional N,
transitions (s, a,r,s’, w’, done) are also stored in D. We then sample a minibatch of
transitions from D to update the network. To calculate the cosine similarity metric,
we first project the preferences w to normalized solution space and obtain projected
preferences w,. MO-DDQN-HER minimizes the following loss function at each
step k:

L(0) = Epeanwwrn | (¥~ Qls 0, @;0)) ] (B.1)
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wherey = r + vQ(s’, supa,eA(Sc(w, Q(s/,d,w)) - (w'Q(s’,a’,w))); ') denotes
the preference-driven target value which is obtained using target Q-network’s
parameters 0’. Instead of MSE, Smooth L1 loss may also be used for this loss
function. We soft update the target network at every time step k. Note that each
child process runs for N time steps. Hence, in total, we collect N x C,, transitions.

Algorithm 10: Preference Driven MO-DDQN-HER

1 Input: Minibatch size N, Number of time steps N,

2 Discount factor vy, Target network update coefficient T,

3 Multi-dimensional interpolator I(w).

4 Initialize: Replay buffer D, Current Qg and target network Qg <— Qg with
parameters 0 and 0’.

forn=0: N do

g1

// Child Process

6 Initialize t = 0 and done = False.

7 Reset the environment to randomly initialized state s.

8 Sample a preference vector w from the subspace Q.

9 while done = False do

10 Observe state s¢ and select an action a; e-greedily:

{a eA w.p. €
11 at =
maXqea WQ(s, a, w;0), wp. 1—e
12 Observer, s’, and done.
13 Transfer (s¢, at, rt, s’, w, done) to main process.
// Main Process
14 Store the transition (s¢, at, r¢, s’, w, done) obtained from every child process in
D.
15 Sample N, preferences w’
16 for j =1: N, do
17 L Store transition (st, at, r, s, wg, done) in D
18 Sample N, transitions from D.
19 wp +— [(w)
20 |y r+yQ(s),sup i x (Sc(wp, Qs d, w)) - (wTQ(s, d’, w)); ')
2

21| Le(0) = E(sansw)-n| (v~ Qls a,;0)) ]
22 Update 0y by applying SGD to Ly (0).
23 Update target network parameters 0} < 10y + (1 —1)0},
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B.1.5 Details on MO-TD3-HER

We extend the TD3 algorithm to a multi-objective version using PD-MORL for prob-
lems with continuous action space. To incorporate the relation between preference
vectors and Q-values for the multi-objective version of TD3, we include a direc-

tional angle term g(w, Q(s, a, w; 0)) to both actor’s and critic’s loss function. This

w'Q(s,a,w;0)
[lwpll [1Q(s,a,w;0

directional angle term g(w, Q(s, a, w;0)) = cos™( JII) denotes the
angle between the preference vector (w) and multi-objective Q-value Q(s, a, w; 0)
and provides an alignment between preferences and the Q-values.

Similar to MO-DDQN-HER, we first initialize an empty buffer D, critic networks
Qo,,Qp, and actor network 7y with parameters 6,, 6,, and ¢. We also initialize
critic and actor target networks. The process of initialization of child processes
is the same with MO-DDQN-HER. The agent interacts with the environment to
collect transition (s, a, 1, s’, w, done) by selecting actions according to a policy with
an exploration noise term €. The utilization of HER for collected transitions is also
the same as the MO-DDQN-HER. We then sample a minibatch of transitions from
D. The algorithm computes actions for the next state using the target actor network
plus a target smoothing noise. In the conventional TD3 algorithm, both critics use
a single target value to update their parameters calculated using whichever of the
two critics gives a smaller Q-value. In multi-objective version of TD3, we modified
this clipped double-Q-learning approach such that target Q-value is calculated
using whichever of the two critics gives a smaller w'Q. To calculate the directional
angle term, similar to MO-DDQN-HER, we project the preferences w to normalized
solution space and obtain projected preferences w,,. MO-TD3-HER minimizes the

following loss function to update both critic networks at each step k:

Lerotier100) = Efs oo | (¥~ Qls, 0, 0;00)) | + Eqs w0y, Qls, 0, a0;00))]
(B.2)

wherey =r+vy arg, min;_i, w'Q(s’, a, w; 0}) denotes the target value which is
obtained using target critic network’s parameters. Instead of MSE, Smooth L1 loss
may also be used for this loss function. One of the essential tricks that TD3 has is
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that it updates actor and target networks less frequently than the critics. The actor
network is updated every pgeiay step by maximizing the w'Q while minimizing
the directional angle term using the following loss:

vd)I—actork(d)) = E(s,a,r,s’,w)~D |:va wTQ(Sr a, ; el)|a:n(s,w;¢)vd}ﬂ(sr w; d))] +

& E(s,a,w)~D [Va g(wyp, Q(s, a, w; 01)|a=n(s,w;p)Vels, w; cb)}
(B.3)
where « denotes the loss coefficient to scale up the directional angle term to match
the w'Q term. Here, we also soft update the target networks at every time step k.
Similar to MO-DDQN-HER, each child process runs for N time steps. Hence, in
total, we collect N x C,, transitions during training.
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Algorithm 11: Preference-Driven MO-TD3-HER

1 Input: Minibatch size N,,, Number of time steps N, Discount factor y, Target network
update coefficient T, Multi-dimensional interpolator I(w), Policy update delay paetay,
Standard deviation for Gaussian exploration noise added to the policy o, Standard
deviation for smoothing noise added to target policy ¢’, Limit for absolute value of target
policy smoothing noise c.

Initialize: Replay buffer D, Critic networks Qg,,Qg, and actor network 7tq, with parameters
01, 62, and ¢, Target networks Qo; < Qo,, Qo; < Qo,, Tpr < Ty,

3 forn =0: Ndo

// Child Process

4 Initialize t = 0 and done = False. Reset the environment to randomly initialized state
So.

Sample a preference vector w from the subspace Q

while done = False do

Observe state s¢ and select an action with exploration noise
ag ~7(s, w; d) +€:e~N(0,0)

N

8 Observe reward 1, s, and done. Transfer (s¢, at, ry, s’, w, done) to main process.
// Main Process

9 Store the transition (s¢, at, r, s’, w, done) obtained from every child process in D
10 Sample N, preferences w’
11 for j =1: Ny do
12 L Store transition (s, a¢, 1y, s, wg, done) in D
13 Sample Ny, transitions from D.
14 <+ m(s’, w;d')+€e:e~clip(N(0,0'),—c,c)
15 y ¢ r+yarg,mini—i» w'Q(s’, d w;0))
16 w;, — [{w)

. -1 wlQ(s,a,w;04)

17 g(wp/ Q(s,a, w;6;)) < cos™( prﬁ Q(s,a,w0 ) )

2
18 I—critick (el) = E(s,u,r,s’,w)ND [(}’*Q(S, a, , el)) } JrE(s,<1,w)~i) [Q(wp, Q(Sz a, ; el)):|
19 Update 6;, by applying SGD to Lcritic, (81).

20 if n mod pgetay then

21 Vcb ]—actork (d)) = E(s,a,r,s’,w)wD |:va wTQ(S/ a, ; el)|a:n(s,w;¢)v¢ﬂ(sl w; d)):| +
& Eisaq,w)~D {Va glwp, Qfs, a, w; 01)|a=r(s,w;p) Vols, w; d))}

22 Update target critics parameters 0] < t0;, + (1 —T1)07,

23 | Update target actor parameters ¢} + tdy + (1 — T)P}
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B.2 Benchmarks

We first evaluate PD-MORL's performance on two commonly used discrete MORL
benchmarks: Deep Sea Treasure and Fruit Tree Navigation. For these bench-
marks, we make use of the codebase provided by [1]. We further evaluate PD-
MORL on multi-objective continuous control tasks such as MO-Walker2d-v2, MO-
HalfCheetah-v2, MO-Ant-v2, MO-Swimmer-v2, and MO-Hopper-v2. These bench-
marks are presented by [4] and are licensed under the terms of the MIT license.
The details for all benchmarks are provided below:

Deep Sea Treasure (DST): A well-studied MORL benchmark|[23, 29] where an
agent is a submarine trying to collect treasures in a 10 x 11 grid-world. The treasure
values increase as their distance from the starting point s; = (0, 0) increase. The
submarine has two objectives: the time penalty and the treasure value. The actions
are navigation in four directions and are discrete. The reward is a two-element
vector. The first element shows the treasure value, and the second element shows
the time penalty.

Fruit Tree Navigation (FTN): A recent MORL benchmark presented by Yang
etal [1]. Itis a binary tree of depth d with randomly assigned reward r € R® on
the leaf nodes. These rewards show the amounts of six different nutrition facts
of the fruits on the tree: {Protein, Carbs, Fats, Vitamins, Minerals, Water}. The
goal of the agent is to find a path on the tree to collect the fruit that maximizes the
nutrition facts for a given preference.

MO-Walker2d-v2: The state space and action space is defined as § C RY, A C
R®. The agent is a two-dimensional two-legged figure. It has two objectives to
consider: forward speed and energy efficiency. The goal is to tune the amount of
torque applied on the hinges for a given preference w while moving in the forward
direction.

MO-HalfCheetah-v2: The state space and action space is defined as 8§ C
RY, A C R®. The agent is a two-dimensional robot that resembles a cheetah. It has
two objectives to consider: forward speed and energy efficiency. The goal is to tune

the amount of torque applied on the joints for a given preference w while running



182

in the forward direction.

MO-Ant-v2: The state space and action space is defined as § C R¥, A C R®.
The agent is a 3D robot that resembles an ant. It has two objectives to consider:
x-axis speed and y-axis speed. The goal is to tune the amount of torque applied on
the hinges connecting the legs and the torso for a given preference w.

MO-Swimmer-v2: The state space and action space is defined as§ C R8, A C R?.
The agent is a two-dimensional robot. It has two objectives to consider: forward
speed and energy efficiency. The goal is to tune the amount of torque applied on
the rotors for a given preference w while swimming in the forward direction inside
a two-dimensional pool.

MO-Hopper-v2: The state space and action space is defined as § C R, A C R°.
The agent is a two-dimensional one-legged figure. It has two objectives to consider:
forward speed and jumping height. The goal is to tune the amount of torque applied
on the hinges for a given preference w while moving in the forward direction by
making hops.

B.3 Training Details

We run all our experiments on a local server including Intel Xeon Gold 6242R. We
do not use any GPU in our implementation. For Deep Sea Treasure and Fruit Tree
Navigation benchmarks, we employ the proposed MO-DDQN-HER algorithm. The
network here takes state s and preference w as inputs and outputs |[A| x L Q-values.
The number of hidden layers and hidden neurons among other hyperparameters
for MO-DDQN-HER are given in Table B.1.

For continuous control benchmarks, we employ the proposed MO-TD3-HER
algorithm. The critic network takes state s, preference w, and action a as input
and outputs L Q-values for each objective. The actor network takes state s and
preference w as inputs and outputs |A| actions. The number of hidden layers
and hidden neurons among other hyperparameters for MO-TD3-HER for each
continuous benchmark are given in Table B.2. The hyperparameters are the same
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for all benchmarks except the policy update delay for MO-Hopper-v2, which is set
to 20.

As it is elaborated in Section B.1.3, we first obtain key solutions for each of
the preferences in the key preference set to fit a multi-dimensional interpolator.
Since we already know the Pareto front solutions for discrete benchmarks, we
directly use key solutions in the Pareto front to fit this interpolator. For continuous
control benchmarks, we train an agent utilizing the multi-objective version of TD3
with a fixed key preference vector and without using HER. The number of hidden
layers and hidden neurons among other hyperparameters for this approach on
each continuous benchmark are given in Table B.3.

Table B.1: Hyperparameters for MO-DDQN-HER

Deep Sea Treasure  Fruit Tree Navigation

Total number of steps (N) 1x10° 1x 10°
Minibatch size (N,,) 32 32
Discount factor (v) 0.99 0.99
Soft update coefficient (1) 0.005 0.005
Buffer size 1x 10* 1 x 10*
Number of child processes (C,,) 10 10
Number of preferences sampled for HER (N, ) 3 3
Learning rate 3x107* 3x107*
Number of hidden layers 3 3
Number of hidden neurons 256 512

Table B.2: Hyperparameters for MO-TD3-HER

MO-Walker2d-v2 MO-HalfCheetah-v2 MO-Ant-v2 MO-Swimmer-v2 MO-Hopper-v2

Total number of steps 1 x 10° 1x10° 1 x 10° 1 x 10° 1 x 10°
Minibatch size 256 256 256 256 256
Discount factor 0.995 0.995 0.995 0.995 0.995
Soft update coefficient 0.005 0.005 0.005 0.005 0.005
Buffer size 2 x 10° 2 x 10° 2 x 10° 2 x 10° 2 x 10°
Number of child processes 10 10 10 10 10
Number of preferences

sampled for HER 3 3 3 3 3
Learning rate-Critic 3x 1074 3x107* 3x 1074 3x 1074 3x 1074
Number of hidden layers - Critic 1 1 1 1 1
Number of hidden neurons - Critic 400 400 400 400 400
Learning rate-Actor 3x10°* 3x10°* 3x 1074 3x10°* 3x 1074
Number of hidden layers - Actor 1 1 1 1 1
Number of hidden neurons - Actor 400 400 400 400 400
Policy update delay 10 10 10 10 20
Exploration noise std. 0.1 0.1 0.1 0.1 0.1
Target policy smoothing noise std. 0.2 0.2 0.2 0.2 0.2
Noise clipping limit 0.5 0.5 0.5 0.5 0.5

Loss coefficient 10 10 10 10 10
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Table B.3: Hyperparameters for MO-TD3 algorithm to obtain key solutions

MO-Walker2d-v2 MO-HalfCheetah-v2 MO-Ant-v2 MO-Swimmer-v2 MO-Hopper-v2

Total number of steps 2 x 10° 2 % 10° 1 x 10° 1 x 10° 1 x 10°
Minibatch size 100 100 100 100 100
Discount factor 0.99 0.99 0.99 0.99 0.99
Soft update coefficient 0.005 0.005 0.005 0.005 0.005
Buffer size 5 x 10° 5x 10° 5x 10° 1 x 10° 1 x 10°
Learning rate-Critic 3x 1074 3x107* 3x 1074 3x 1074 3x 1074
Number of hidden layers - Critic 1 1 1 1 1
Number of hidden neurons - Critic 400 400 400 400 400
Learning rate-Actor 3x107* 3x10°* 3x107* 3x107* 3x107*
Number of hidden layers - Actor 1 1 1 1 1
Number of hidden neurons - Actor 400 400 400 400 400
Policy update delay 2 2 2 5 10
Exploration noise std. 0.1 0.1 0.1 0.1 0.1
Target policy smoothing noise std. 0.2 0.2 0.2 0.2 0.2
Noise clipping limit 0.5 0.5 0.5 0.5 0.5

B.4 Additional Experimental Results

Since the main objective of this work is to obtain a single universal network that
covers the entire preference space, we first obtain a representative set of preference
vectors. For Deep Sea Treasure benchmark, we obtain a preference vector set
with a step size of 0.01 ({0, 1},{0.01,0.99},...,{0.99,0.01},{1, 0}) Similarly, we obtain
preference vector sets with a step size of 0.1 and 0.001 for Fruit Tree Navigation and
continuous control benchmarks, respectively.

Since the Envelope algorithm [1] is the superior and more recent approach
that learns a unified policy, we first compare PD-MORL with this algorithm us-
ing discrete MORL benchmarks. For the Envelope algorithm, we use the authors’
codebase with their default hyperparameters mentioned in the paper since we
believe that they are already optimized for these two benchmarks. In addition
to hypervolume and sparsity metrics that we provide in Section 2.5.1, we also
compare PD-MORL with the Envelope algorithm using the coverage ration F1
(CRF1) metric. This metric, which is coined by (author?) [1], evaluates the agent’s
ability to recover optimal solutions in the Pareto front. It is assumed that we have
prior knowledge of the optimal solutions for these benchmarks. Let B be the set
of solutions obtained by the agent for various preferences, and let P be the Pareto
front set of solutions. The intersection between B and P with a tolerance of € is
definedasBNP:=b e B[3p € P:||b —pll1/[[p|li < €. The precision in this context
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is defined as Precision = % and recall is defined as Recall = %. Then CRF1

Precision]xRecall
Precision+Recall *

is computed as CRF1 = 2 Table B.4 summarizes the comparison
of PD-MORL with the Envelope algorithm in terms of CRF1, hypervolume, and
sparsity metrics on discrete MORL benchmarks. We emphasize that our evaluation
process is more extensive than the work proposed by (author?) [1]. In their im-
plementation, they report an average of 2000 evaluation episodes where a random
preference is sampled uniformly in each episode. In contrast, evaluation of PD-
MORL sweeps the entire preference space. The hypervolume and sparsity values
for both approaches are obtained through PD-MORL's evaluation process and are
discussed in Section 2.5.1. In this table, we provide the CRF1 values reported in [1]
for the Envelope algorithm. PD-MORL achieves larger or the same CRF1 values
compared to the Envelope algorithm for all benchmarks. Specifically, it achieves
up to 12% higher CRF1 for the Fruit Tree Navigation task with a depth of d = 7.
Additionally, a comparison with [3] is given in Table B.4 which shows the superior-
ity of both the Envelope algorithm and PD-MORL over the proposed algorithm
by (author?) [3] which also learns a unified policy.

Table B.4: Comparison of our approach with prior works [1, 3] using discrete
MORL benchmarks in terms CRF1, hypervolume, and sparsity metrics.” are the
reported values in [1].

Deep Sea Treasure Fruit Tree Navigation (d=5) Fruit Tree Navigation (d=6) Fruit Tree Navigation (d=7)
CRF1 Hypervolume Sparsity CRF1 Hypervolume Sparsity CRF1 Hypervolume Sparsity CRF1 Hypervolume Sparsity
Envelope [1]  0.994" 227.89 2.62 1 6920.58 N/A 0.995* 8427.51 N/A 0.819* 6395.27 N/A
CN+DER [3] 0.989* - - 1 - N/A 0.9258* - N/A 0.6719* - N/A
Ours 1 241.73 1.14 1 6920.58 N/A 1 9299.15 N/A 0.92 11419.58 N/A

For the continuous control benchmarks, we provide additional plots on the
Pareto front and hypervolume progression. Figure B.1(a)-(e) shows the progres-
sion of the Pareto front solutions during training. We plot the Pareto front solutions
at early stages, mid stages, and late stages of the training process. As the training
progresses, the Pareto front expands to a broader and denser curve. This behavior is
supported by Figure B.2(a)-(e), which shows the progression of the hypervolume
for all benchmarks. This figure shows that PD-MORL effectively pushes the hyper-

volume by discovering new Pareto solutions with the help of efficient and robust
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exploration. For the MO-HalfCheetah-v2 problem, a broad and dense Pareto front
is already achieved at the early stages of the training. Therefore, we do not observe
the progression of the Pareto front and hypervolume for this specific benchmark.

3000 2) 3000 b) 3000(0) ...
a hu'\ "\-.‘\
A A M
2000 2000 i 2000 N
Early-Stage .
4 Mid-Stage Y
1000 1000 * Late-Stage 1000 X K
A
0 MO-Walker2d-v2 0 MO-HalfCheetah-v2 0 MO-Ant-v2
0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000
200 a0 6000 o
""}A\
4000 R
100
2000
MO-Swimmer-v2 0 MO-Hopper-v2
0 100 200 0 2000 4000

Figure B.1: Pareto front progression for (a) MO-Walker-v2, (b) MO-HalfCheetah-
v2, (c) MO-Ant-v2, (d) MO-Swimmer-v2, (e) MO-Hopper-v2.

We also report standard deviations for all benchmarks. As explained in the main
manuscript, since META [40] and PG-MORL [4] report the average of six runs,
we also ran each benchmark six times with PD-MORL. Table B.5 reports average
metrics as well as standard deviations obtained from these six runs. The standard
deviations obtained from six runs are not reported in the prior work. This table
shows that the individual differences of different runs are mostly three orders of
magnitudes less than the average of these runs. This also suggests that PD-MORL
achieves a generalizable network independent of starting state of the agent.

Additionally, we conduct an ablation study to show the effects of the proposed
angle term in the loss function and the proposed parallel exploration in our al-
gorithm on continuous control benchmarks. Table B.6 reports average metrics

and standard deviations obtained from six runs. Since we fit a multi-dimensional
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Figure B.2: Hypervolume progression for (a) MO-Walker-v2, (b) MO-HalfCheetah-
v2, (c) MO-Ant-v2, (d) MO-Swimmer-v2, (e) MO-Hopper-v2.

interpolator using solutions with key preferences, the interpolator may introduce a
bias at the beginning of the training depending on how representative these key
solutions are. Hence, this bias may have a negative effect on the training. For tasks
with a broad and more convex Pareto front, the probability of this bias increases as
we choose key preferences from corner cases.

Therefore, by removing the angle term in the loss function and thus, removing
the bias, the performance of our algorithm slightly degrades due to the convex and
broad nature of the Pareto front in MO-Walker2d-v2 and MO-Ant-v2 problems.
However, removing the angle term has a negative effect for MO-HalfCheetah-
v2 and MO-Hopper-v2, where the Pareto front is dense. Figure B.3 shows the
obtained Pareto front with and without the directional angle term in the loss
function. The solutions obtained without the directional angle term are sparse.
Specifically, for MO-HalfCheetah-v2, Table B.6 shows that both the hypervolume
and the sparsity metrics are negatively affected. For MO-Hopper-v2, although
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Table B.5: Performance comparison of the proposed approach and state-of-the-art
algorithms on the continuous control benchmarks in terms of hypervolume and
sparsity metrics. Reference point for hypervolume calculation is set to (0,0) point.
HV*: Hypervolume

PG-MORL [4] META [40] PD-MORL (Ours)
HV* 4.82 x 10° 2.10 x 10°  5.41 4 0.004 x 10°
MO-Walker2d-v2 g rdity  0.04x 10  2.10x10°  0.03 = 0.005 x 10*
HV* 5.77 x 10° 518 x 10°  5.89 & 0.002 x 10°
MO-HalfCheetah-v2 o o 044x10°  213x10° 049 +0.041 x 10°
HV* 6.35 x 10° 240 x 10*  7.48+0.019 x 10°
MO-Ant-v2 Sparsity 037 x 10* 156 x 10* 0.78 +0.2 x 104
MO-Swimmer-v2 HV* 2.57 x 10* 1.23 x 10*  3.21+0.001 x 10*
¢ Sparsity 9.9 244 5.7+0.7
MO-Honmerva HV* 202x107  125x107  1.8840.005 x 107
PP Sparsity 0.5 x 10 484 x10*  0.3+0.09 x 10*

the hypervolume metric seems to be increased, the change in the sparsity metric
suggests that the algorithm cannot find a dense Pareto front. This, in fact, supports
that the hypervolume alone is insufficient to assess the quality of the Pareto front.
We further investigate the effects of using parallel exploration. To this end, we collect
transitions using a single preference space instead of dividing them into sub-spaces.
Parallel exploration guarantees that obtained transitions are not biased towards a
preference sub-space. Hence, it increases the sample efficiency of the algorithm.
Table B.6 shows that removing the parallel exploration significantly reduces the
performance of the algorithm. For all tasks, the hypervolume metric decreases, and
the sparsity metric increases. We also observe that both PG-MORL and PD-MORL
with proposed novel aspects are superior to PD-MORL without the novel aspects.
This observation is crucial since the prior work uses PPO, whereas PD-MORL uses
TD3 in their algorithm pipeline. Using this observation, we conclude that the
superiority of PD-MORL is due to the proposed novel aspects.
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Figure B.3: Pareto front with and without the directional angle term in the loss
function for MO-HalfCheetah-v2 and MO-Hopper-v2 problems. In the latter case,
the solutions are sparse and represented by few points.

Table B.6: Ablation study of the proposed approach with and without proposed
terms and improvements on continuous control benchmarks in terms of hypervol-
ume and sparsity metrics. Reference point for hypervolume calculation is set to
(0,0) point. HV*: Hypervolume

PD-MORLw/o  PD-MORL w/o
PG-MORL [4] Angle Term Parallel Exploration PD-MORL
MO-Walker2dov2 HV* 482x10° 55140004 x10° 281+0.009 x 10°  5.41 +0.004 x 10°
Sparsity  0.04 x 10 0.02+0.004 x 10*  0.22+0.026 x 10*  0.03 +0.005 x 10*
HV* 577 x 106 56140003 x 106 584+0.001 x 10°  5.89 & 0.002 x 10°
MO-HalfCheetah-v2 o ity 044 x10° 49733917 x 10° 12180172 x 10°  0.49 + 0.041 x 10°
MO-Antovd HV* 635x10° 91240017 x 10°  498+0.237 x 10°  7.48 +0.019 x 10°
Sparsity 037 x10*  058+0.09x10*  0914+025x 10  0.78+0.2 x 10*
MO-Swimmer-v2 HV* 2.57 x 10* 2.78+£0.001 x 10*  3.21+0.001 x 10*  3.21+0.001 x 10*
Sparsity 9.9 6.3+09 94+11 5.7 +0.7
MO-Hooner-v2 HV* 202x107 19240023 x 107  0.63+0.005 x 107 1.88 +0.005 x 107
PP Sparsity 0.5 x 10* 61+£230x10° 205343320 x 10¢ 0.3 £0.09 x 10*
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C APPENDIX C.: PARAMETER SWEEP FOR THE HEURISTIC USED IN

CHAPTER §

C.1 Parameter sweep for the heuristic

Table C.1: All 285 configurations for ¢4, ¢y, c3.

C3 €2 €1 €3 € €1 €3 €2 €1 €3 €2 €1 €3 €2 € €3 €2 €1 €3 €2 €1 C3 €2 €1 C3 C2

151515 301515 332727 3633 15 39 30 30 42 27 15 42 42 15 45 33 27 45 45 30
181515 3018 15 33 30 15 36 33 18 39 33 15 42 27 18 42 42 18 45 33 30 45 45 33
1818 15 30 18 18 33 30 18 36 33 21 39 33 18 42 27 21 42 42 21 45 33 33 45 45 36
18 18 18 3021 15 33 30 21 36 33 24 39 33 21 4227 24 42 42 24 45 36 15 45 45 39
211515 302118 333024 36 3327 393324 4227 27 42 42 27 45 36 18 45 45 42
2118 15 3021 21 33 3027 363330 393327 423015 42 42 30 45 36 21 45 45 45
2118 18 3024 15 33 30 30 36 33 33 39 33 30 42 30 18 42 42 33 45 36 24
212115 302418 333315 3636 15 39 33 33 42 30 21 42 42 36 45 36 27
212118 302421 333318 363618 39 36 15 42 30 24 42 42 39 45 36 30
212121 302424 333321 363621 39 3618 42 30 27 42 42 42 45 36 33
241515 3027 15 333324 363624 393621 423030 451515 45 36 36
24 18 15 3027 18 33 33 27 36 36 27 39 36 24 42 33 15 4518 15 45 39 15
2418 18 3027 21 333330 36 36 30 39 36 27 42 33 18 4518 18 45 39 18
24 2115 302724 333333 363633 393630 423321 452115 4539 21
24 21 18 3027 27 361515 36 36 36 39 36 33 42 33 24 4521 18 4539 24
242121 303015 361815 391515 39 36 36 42 33 27 4521 21 45 39 27
242415 303018 361818 3918 15 39 39 15 42 33 30 4524 15 45 39 30
242418 303021 362115 391818 39 39 18 42 33 33 4524 18 45 39 33
242421 303024 362118 392115 393921 4236 15 4524 21 45 39 36
2424 24 303027 362121 392118 393924 42 36 18 4524 24 45 39 39
27 1515 303030 362415 392121 393927 42 36 21 4527 15 4542 15
2718 15 331515 362418 392415 39 39 30 42 36 24 4527 18 45 42 18
27 18 18 33 18 15 36 24 21 39 24 18 39 39 33 42 36 27 4527 21 4542 21
272115 331818 362424 392421 3939 36 42 36 30 4527 24 4542 24
272118 332115 362715 392424 39 39 39 42 36 33 45 27 27 45 42 27
272121 332118 362718 392715 421515 42 36 36 45 30 15 45 42 30
272415 332121 362721 392718 4218 15 42 39 15 45 30 18 45 42 33
27 2418 332415 362724 392721 4218 18 42 39 18 45 30 21 45 42 36
272421 332418 362727 392724 422115 42 39 21 45 30 24 45 42 39
272424 332421 363015 392727 4221 18 42 39 24 45 30 27 45 42 42
27 27 15 332424 363018 393015 4221 21 42 39 27 4530 30 45 45 15
27 27 18 332715 363021 393018 422415 42 39 30 4533 15 454518
272721 332718 363024 393021 422418 42 39 33 4533 18 4545 21
27 27 24 332721 363027 393024 422421 4239 36 4533 21 4545 24
27 27 27 332724 36 3030 39 30 27 4224 24 42 39 39 45 33 24 45 45 27
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D APPENDIX D: ADDITIONAL EXPERIMENTAL RESULTS - DTRL

In this section, we assess the generalizability of DTRL by evaluating it using a
different DSSoC configuration. Specifically, we divide the number of accelerator
cores by two to demonstrate DTRL's performance across different configurations.
This configuration comprises thirteen PEs classified into five clusters based on
their functionalities. These clusters comprise four LITTLE Arm A57 cores, four
big Arm Cortex-A53 cores, and fixed-function accelerators, which include one
matrix multiplication (MM) core and two fast Fourier transform (FFT) cores, and
one Viterbi decoding core. Besides the difference in the DSSoC configuration, the
experimental setup remains the same for this evaluation.

Fig. D.1(a) compares the average frame execution time of DTRL with baseline
and state-of-the-art schedulers. The DTRL policy in Fig. D.1(a) uses a preference
vector of {1, 0}, whereas the results for Scalarized-MOPPO are obtained using the
policy that is separately trained for the same preference vector. DTRL achieves an
execution time speedup of 1.25x, 1.05x%, 1.2x, 1.8x, and 8.5 than ILS, Scalarized-

-©-ETF -*-ETF-EDP ETF-Energy —&-ETF-Power -¢ -ILP -%-ILS Scalarized-MOPPO ——DTRL
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Figure D.1: Comparison of a) average frame execution time and b) average energy
consumption between ETF [5], ETF-EDP, ETF-Energy, ETF-Power, ILP solution,
ILS [6], Scalarized-MOPPO ([7]-Adapted) and DTRL to schedule a workload com-
prising six streaming applications. The x-axis in Fig. 6(a) and 6(b) is normalized
to the throughput achieved by the ILP solution.
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MOPPO, ETF-EDP, ETF-Energy, and ETF-Power, respectively. Although DTRL is
trained with multiple objectives, it still achieves an average execution time within
5% and 9% of ETF and ILP, respectively. We emphasize that the runtime overhead
of ETF is 2x and 10x higher than that of DTRL, as evaluated in Section ??. It is
important to highlight that ETF, ILP, and ILS are designed to optimize a single
specific objective, whereas Scalarized-MOPPO and DTRL are specifically trained to
handle multiple objectives. It is important to highlight that DTRL learns a Pareto front
set of solutions for execution time and power consumption objectives using a single policy
for various DSSoC configurations.

DTRL’s energy consumption is evaluated by using a preference vector of {0, 1}
to the global DDT policy, as shown in Fig. D.1(b). DTRL achieves 3.1x, 3.1x, 3.6,
2x,1.7x, and 1.06 x lower energy consumption compared to ETF, ILP, ILS, ETE-
EDP, ETF-Energy, and ETF-Power, respectively. It achieves very similar energy
consumption values compared to Scalarized-MOPPO.

Fig. D.2(a)-(c) illustrates the average frame execution time versus energy effi-
ciency curves for low, medium, and high throughput workloads using multiple

preference vectors. The evaluation employs preference vectors (w) separated by a
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Figure D.2: Average frame execution time (pus) vs. Energy efficiency (m] / frame)
for a) low b) medium c) high target throughputs. Comparison between ETF [5],
ETF-EDP, ETF-Energy, ETF-Power, ILP solution, ILS [6], Scalarized-MOPPO ([7]-
Adapted), and DTRL are presented. DTRL achieves multiple near-optimal policies
using various preferences.
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step size of 0.1, w € {{1,0},{0.9,0.1},...,{0.1,0.9},{0, 1}}. Fig. D.2(a)-(c) also shows
the energy efficiency (in milli-Joules per frame) of the baseline and state-of-the-art
schedulers. It should be noted that ETF, ILP, and ILS represent a single point on
the plot since they are designed for a single objective. However, ETF’s variants
correspond to different comparison points in the objective space. In contrast, DTRL
covers the entire preference space and generates solutions that can be compared
to ETF and ILP by utilizing a single global DDT policy. DTRL outperforms other
schedulers and offers the flexibility to generate near-optimal scheduling decisions

for any preference vector specified at runtime.
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