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Abstract

A new approach to end-to-end power delivery for increasingly sought-after hierarchical
power delivery units (PDUs) is presented, improving the power efficiency of portable
systems. The benefits of the technique are demonstrated through a PDU comprising
multiple DC–DC converters, such as low-dropout regulators (LDOs), and the support of
heterogeneous loads. A properly tailored Q-algorithm is combined with power gating to
manage the power supplied by a multi-level PDU. The effectiveness of the proposed method
is evaluated via a realistic PDU for different combinations of loads. The learning-based
technique yields up to 13% higher total end-to-end power efficiency in the case of similar
loads by utilizing four available LDOs compared to the case of a single LDO, which supports
the same span of loads. Moreover, the proposed method improves power efficiency by up to
5% in the case of heterogeneous loads when compared to other autonomous state-of-the-art
power management units.

Keywords: power delivery unit; Q-algorithm; heterogeneous loads; multi-level PDU;
hierarchical PDU; power gating; machine learning; learning-based power management;
PMU; portable systems

1. Introduction
The rapid market growth of Internet of Things (IoT) devices during the last decade has

propelled research in power management units (PMUs) [1,2]. Challenges such as efficient
power management, effective power management, and high end-to-end power efficiency
for portable systems are amplified due to the wider range of loads (heterogeneous loads)
that need to be supported by the PMUs.

Methods that adjust either the input impedance of power delivery units (PDUs) onto
the output impedance of the power source [3,4] or the output impedance of the PDU onto
the input impedance of the loads in order to maximize total power efficiency [5] have been
developed to address these challenges. Typically, these methods are applied to PDUs that
consist of a single DC–DC converter. The main limitations of these PDUs are the inherent
low efficiency for small loads and, more importantly, the inability to supply dynamic and
heterogeneous loads with appropriately high power efficiency.

Towards this direction, hierarchical power management [6] and distributed power
management schemes [7] have been developed as a result of the increasing number of
voltage domains needed for heterogeneous loads. Furthermore, multi-level hierarchical
PDUs enable power gating [8] by powering off specific voltage domains, thereby yielding
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lower power consumption and higher power efficiency [9]. However, the use in these
hierarchical PDUs of multiple DC–DC converters, e.g., low-dropout regulators (LDOs),
towards higher power efficiency and the support of heterogeneous loads has yet to be
properly addressed.

In addition, in the case of similar loads, the currently known methods display moder-
ate power efficiency due to the inappropriate criteria used to guide PDU policy (e.g., the
power efficiency achieved in [5] is only 43%). In several methods, the minimum quiescent
current of the LDOs is used to update the policy of the PDU, but this approach does not
consider the load connected to the LDO. The power losses of the on-chip power grid or
PCB traces are also significant factors that contribute to the overall power efficiency. There-
fore, the consideration of the quiescent current alone yields moderate end-to-end power
efficiency [5]. This situation highlights the need for novel approaches to improve energy
efficiency, particularly in light of hierarchical PDUs. These approaches are developed at
the circuit level and are compared vis a vis with the state of the art. This comparison is
less relevant to the specific system-level implementation of these approaches, which yield
different overheads. Consequently, this work emphasizes and demonstrates the need for
new power management methodologies that can benefit from learning-based techniques.

Moreover, there are efforts relating to on-chip power management for homogeneous
loads [10,11], which, however, cannot be used for power management in a multi-level
system due to the different loads contained in these systems. A multi-level PDU is typically
intended for heterogeneous loads; hence, the aforementioned methods need to be revisited.
The most important challenges, when these methods are applied to multi-level PDUs, are
the increase in both the form factor and overall power [11]. These limitations are due to
the additional circuits required for measurements and calculations, since power should be
measured at every intermediate level of the PDU for effective power management.

Alternatively, there have been techniques based on reinforcement learning (RL) that
aim at high power efficiency over a wider span of loads [12–23], but again, only on-chip
power management is considered. These methods do not aim at high-level implementation
but rather at how the energy efficiency at the circuit level can be improved.

Li et al. propose an RL-based chip-specific power co-management scheme [24], which
supports heterogeneous cores but is limited to on-chip power management. Adaptive
power management (APM) for on-chip power management through adaptive clustering
has also been proposed [25]. However, this method cannot be used for dynamic power
management (DPM) in portable (battery-powered) systems, e.g., IoT nodes, due to the high
runtime of the method [26]. Furthermore, there are power management approaches based
on a discrete-time Markov Decision Process (MDP) with multiple power states [18,19].
However, the formulation of a linear optimization problem, which has to be solved in
real time, makes those methods unsuitable for portable systems due to the related high
energy overhead.

Towards this direction, a table-based Q-learning approach has been extensively uti-
lized as one of the most popular RL algorithms because of its simplicity and strong con-
vergence properties [23,27]. A table-based Q-learning approach has been used for power
management in System on Chips (SoCs), either for maximizing CPU performance under
different constraints [28,29] or minimizing CPU power consumption [30]. However, these
approaches are either designed at the application level [28,29] or optimized for systems
that are not supplied by batteries or harvesters and do not minimize energy overhead from
computation and learning updates. These limitations are more evident in recent works
exploring data-driven approaches [31,32]. In most cases, these approaches require signif-
icant computational resources and extensive offline training (e.g., thousands of epochs),
making them unsuitable for resource-constrained systems [33–35]. Hence, these methods
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are not directly applicable to energy-constrained, battery-powered systems with a strict
power budget. These methods lower the consumed power, but they do not investigate or
address how efficiently the energy is supplied to each of the loads (e.g., the cores of the
processor) and, thus, address a different problem from this work. Specifically, this work
aims to improve end-to-end power efficiency, which, similar to the state of the art, can also
benefit from Q-learning, as shown in the results section.

This new technique is based on a broader view of the PDU, since this approach leads to
higher benefits for the overall power management system, as presented in the results section.
In addition, to the best of the authors’ knowledge, the proposed work is the first attempt
that considers a multi-level PDU for portable systems supplying heterogeneous loads.

The remainder of this paper is structured as follows. The related work and analytic
formulation of end-to-end power efficiency are presented in Sections 2 and 3, respectively.
The proposed technique for power delivery is described in Section 4, starting with the
utilization of multiple DC–DC converters for homogeneous loads and followed by the
general case of heterogeneous loads. Six real-life scenarios are investigated with and
without the application of the proposed method, and experimental results are provided in
Section 5, highlighting the usefulness of the method. Finally, some conclusions are drawn
in Section 6.

2. Related Work
Although the terms power delivery and power management are often used inter-

changeably, they refer to distinct approaches to improving power efficiency [2–30,36].
Power management focuses on configuring loads in a fixed system to improve effi-
ciency—i.e., maximizing performance with the available energy or minimizing power
consumption through techniques, such as dynamic voltage scaling (DVS) and dynamic
voltage and frequency scaling (DVFS) [15–17,30,37]. In contrast, power delivery defines
how the system should be configured for given loads to optimize energy transfer—i.e.,
providing maximum usable energy to the load using methods such as power gating [8]. In
other words, the PMU ensures that the delivered energy is best exploited, while the PDU
ensures that the maximum energy is delivered.

Power management methodologies and related PDUs have been extensively inves-
tigated to support portable systems powered by batteries or energy harvesters, where
long operational lifetimes are critical [3,8]. Some PMUs adapt to the intrinsic properties
of the power source, such as output impedance, to maximize conversion efficiency [3].
Other methods optimize PDU efficiency by disconnecting inactive loads or regulating
low-dropout regulators (LDOs) based on quiescent current for autonomous operation [4,5].
These approaches perform well for single or narrowly defined load ranges; however, the in-
creasing demand to support heterogeneous and fast-varying loads cannot be met by present
PMUs [10,11,36], leading to sub-optimal efficiency in emerging IoT and portable systems.

Early studies on dynamic power management (DPM) adopted stochastic and analyti-
cal optimization frameworks to minimize system power under performance constraints.
Benini and De Micheli [12] and Paleologo et al. [13] introduced finite-state machine and
Markov decision process (MDP)-based models for deriving optimal DPM policies. These
were extended in [14] to formulate policy optimization problems solvable in polynomial
time but dependent on accurate workload statistics. Despite their efficiency, such model-
driven methods lack scalability and adaptability in heterogeneous and highly dynamic
environments where workload characteristics vary rapidly.

Qinru and Pedram [18] proposed an MDP-based DPM scheme. However, solving
real-time linear optimization problems renders it impractical for low-power systems due to
excessive computational overhead. Dhiman et al. utilized multiple DPM policies selected by
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a machine learning algorithm [19]. Debizet et al. presented a Q-learning-based PMU with
eight power states, which highly restricts the exploration area [22]. Gupta et al. introduced a
deep Q-learning-based power management approach for heterogeneous processors, which
remains unsuitable for battery-powered platforms because of the overhead in power [23].

However, the set of policies or the number of power states is optimized for specific
loads, yielding sub-optimum policies for dynamic loads. Alternatively, an infinite or a
practically large number of sets or power states is formally required to improve power
efficiency for heterogeneous loads. Moreover, the computational cost of more complex
algorithms, which reaches up to 18,268 sec for adaptive clustering on a multi-core system
of four Intel(R) Core (TM) i3-2120 CPU @ 3.3 GHz processors [25], is prohibitive for battery
supply and, generally, low-power systems.

Furthermore, in order to measure total end-to-end power efficiency ηtot in a multi-level
system, as shown in Figure 1, the input power and the output power at every load should
be measured. However, this approach increases both the form factor and overall power,
as an additional circuit is required for measurements and calculations. On the other hand,
once the efficiency of each power conversion level is characterized after fabrication, the
total efficiency ηtot can be estimated from load-side current measurements, provided that
an accurate formula for ηtot is derived based on the PDU hierarchy.

Figure 1. Block diagram of a system with a hierarchical PDU, managed by a Q-learning algorithm.

Recent efforts have applied RL to enable adaptive, model-free DPM. Debizet et al. [22]
implemented a Q-learning-based adaptive power manager in hardware for IoT SoCs,
achieving energy savings during suspend states. Kwon et al. [38,39] extended RL-based
control to mobile multiprocessor SoCs, demonstrating significant power and latency im-
provements. Giardino et al. [40] proposed a software-level RL-based manager (2QoSM)
that enhanced power efficiency and application QoS in embedded systems. Neverthe-
less, these RL-based approaches typically operate at a single system layer and manage
homogeneous or limited-state components, lacking hierarchical coordination across power
domains [22,39,40].

Consequently, a novel technique that supports adaptive PDUs with high power effi-
ciency over heterogeneous loads is presented to address the aforementioned limitations
through the following contributions:

• Real-time optimization framework: We introduce a properly tailored Q-learning
algorithm that adapts the system in real time to any combination of heterogeneous
loads, determining an operating point that yields higher end-to-end power efficiency
than current state-of-the-art methods.

• Adaptive hierarchical PDU support: By effectively coordinating disparate DC–DC
converters and power gating, the proposed method achieves significantly higher total
efficiency across different supply voltages compared to single-converter systems.
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• Dynamic load adaptation: Our online training methodology allows the system to
maintain peak performance under changing load conditions, such as the addition of
new modules or fluctuations in the transmitter power of radio modules.

• Low-overhead implementation for ULP systems: By combining a search table ap-
proach with efficiency estimation, the methodology eliminates the need for complex
measurement circuitry, reducing the computational and power overhead to levels
suitable for battery-powered IoT nodes.

• Low-overhead estimation for IoT: We utilize a search table and efficiency estimation
approach that eliminates the need for redundant measurement circuitry, maintaining
a computational runtime below 60 ms—ideal for battery-powered IoT nodes.

The proposed Q-learning-based hierarchical power delivery architecture introduces
a multi-level control framework coordinating heterogeneous loads across hardware and
system layers. Employing interacting RL agents at different levels enables distributed,
load-aware decision-making that scales with system complexity. This unified architecture
bridges local and global optimization, providing an adaptive solution for heterogeneous
IoT platforms operating under diverse and dynamically varying workloads.

3. Background and Theoretical Formulation
Some basic theory of Q-learning, as well as the key parameters that determine the

performance of the algorithm, are presented in this section. In addition, the definition of
the terms and metrics used throughout the paper is provided.

3.1. Q-Algorithm

Reinforcement learning is a subfield of machine learning that utilizes intelligent
agents that operate in a finite environment to perform actions that maximize a specific
reward [27]. Q-learning is a model-free RL algorithm in the sense that no specific model
of the environment is needed. Q-learning is used to learn the value of an action αt in a
particular state st of the system.

For any MDP, the algorithm finds an optimal policy, which maximizes the expected
value of the long-term reward when the final state is reached [41]. This goal is achieved by
a function that evaluates the quality of each (st, αt) pair according to

Q′(st, αt) = Q(st, αt) + α · [rt + γ ·maxαQ(st+1, αt)−Q(st, αt)], (1)

where t stands for each iteration within an epoch, α is the learning rate, rt is the reward
function, γ is the discount factor, and Q and Q′ are the current and the next value of the
Q-matrix, respectively. The next value of Q′(st, αt) is determined by the best action αt taken
that maximizes Q(st+1, αt) according to (1). The total number of iterations needed by the
agent in order to reach a final state is called an epoch. In general, the number of iterations is
different for every epoch. The Q-matrix stores the reward function Q and is of size S × A,
where S is the number of states, and A is the number of actions. There are several options
regarding the initialization of the matrix to zero or random values [42] or pre-populating
the Q-Matrix for faster convergence [43].

The learning rate α ∈ [0, 1] is also referred to as the step size and weighs prior
knowledge over newly acquired knowledge and vice versa. As α decreases, the importance
of current knowledge decreases as well, with α = 0 yielding no learning at all. The
factor γ ∈ [0,+∞) evaluates the significance of future rewards. In the case of γ = 0, the
agent is “myopic” because only the current rewards are considered. A high long-term
reward is achieved as γ → 1. However, γ ≥ 1 may lead to infinite loops due to the
non-convergence of the Q-function. The reward function rt is critical for the performance of

https://doi.org/10.3390/jlpea16010006

https://doi.org/10.3390/jlpea16010006


J. Low Power Electron. Appl. 2026, 16, 6 6 of 29

the Q-algorithm [44]. In this work, the reward rt function is defined as the power efficiency
of the converter used each time ηNextnode and is described in detail in Section 4.2. The
formal problem statement is summarized as follows:

• Hypothesis: A model-free reinforcement learning (RL) agent can autonomously learn
to maximize the end-to-end efficiency of a multi-level PDU without requiring prior
knowledge of converter topologies or load profiles;

• Input parameters: The system state space is defined by (1) real-time load current
demands (ILoad), (2) available voltage domains, and (3) battery status (Vbat);

• Expected outcomes: An optimal connectivity policy that dynamically delivers power
through the most efficient combination of converters, thereby maximizing the total
system efficiency ηtot compared to static or heuristic control baselines.

The nomenclature used throughout this paper is defined in Table 1. The power effi-
ciency metric used for the evaluation of the system is described in the following subsection.

Table 1. Definition of terms.

Term Description

Cascaded Describe systems with components connected in series, thus forming a
chain. The input port of the first and the output port of the last component

are the input and output ports of the complete system, respectively.

Multi-level PDU Describes a hierarchical PDU with multiple levels, including different
cascaded DC–DC converters.

System Refers to the multi-level PDU, along with the loads connected to the PDU
and the control block, which implements the Q-algorithm, as shown in

Figure 1.

ηi The power efficiency ηi =
Pouti
Pini

for every level Leveli or load Ii connected to
the system shown in Figure 1.

(Total) end-to-end
power efficiency

The overall power efficiency ηtot =
∑L

i=1 Pouti
Pin1

for L loads Ii connected to
the system.

Quiescent current The current drawn by an LDO when no load is connected.

Homogeneous loads Refers to loads that exhibit similar power profiles over time, and their peak
currents are close to each other.

Heterogeneous loads Describes loads that draw considerably different currents, e.g., 10×.

Autonomous PDU Refers to a PDU that operates without user intervention by utilizing a
predefined power management scheme in order to achieve high end-to-end

power efficiency [5].

Power gating Describes a technique that disables idle converters in order to reduce the
overall power consumed by a PDU [8].

Resonance frequency
( fo)

Used to describe the frequency of an electrical system in which the input
impedance of the system is minimum or, equivalently, the amplitude of the

output signal is maximum [45].

ILoad The aggregate current drawn by the specific set of heterogeneous IoT
peripherals (DHT11, Servo, and LoRa). Loads include sensors (DHT11, PIR,

and HC-SR04), actuators (DC Motor and Servo), and communication
modules (BLE, WiFi, and LoRa) representing diverse power profiles. These

loads have been selected to represent extreme dynamic range variance
(from 1 µA sleep currents to 360 mA motor stall currents), creating the

non-linear disturbance the Q-learning agent must manage.

3.2. Power Efficiency Decomposition

Modern integrated systems comprise different DC–DC converters, including buck con-
verters [46,47], LDOs [48], or boost converters [49], that support heterogeneous loads [50]
in different voltage domains and with different power demands [51]. Recent advance-
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ments in LDO circuit design focus on optimizing the internal topology for stability and
transient response [52–54]. These circuit-level optimizations are complementary to the
system-level hierarchical management proposed in this work, which treats the converter as
a functional block within a larger learning framework. Without loss of generality, LDOs are
considered as the DC–DC converters in the following analysis, as LDOs are often used in
cascaded PMUs [55]. In this work, LDOs are utilized as a testbench to validate the proposed
framework. However, the Q-learning algorithm treats the power converter as a “black
box” characterized solely by its load current and efficiency. Consequently, the optimization
methodology is topology-agnostic and applies equally to other converters (e.g., Buck and
Boost), as the Q-agent simply learns the unique efficiency profile of the connected hardware
without requiring a priori knowledge of its internal operating characteristics. Each one of
those LDOs exhibits a different power efficiency for the same load, as shown in Figure 2,
which means there is an optimum combination of the converter–load pair that maximizes
overall PDU efficiency. The theoretical efficiency curves for the depicted LDOs, each with
a different maximum load current and Iqsc, also demonstrate degradation at light loads,
when a regulator operates with a load much smaller than Iqsc. Based on this observation,
a hierarchical PDU with disparate DC–DC converters can provide a means to constantly
deliver the highest end-to-end power efficiency, as described in the following sections.
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Figure 2. Power efficiency for four different LDOs.

Suppose, without loss of generality, that the LDOs of the system are sorted in ascending
order of the maximum load current they can provide. The efficiency of the i-th LDO can be
described by primary factors, which are, respectively, the load ILoad and quiescent current
Iqsci , as

ηi =
Pouti

Pini

=
Vouti Iouti

Vini Iini

=
Vouti ILoadi

λVouti (ILoadi
+ Iqsci )

=
ILoadi

λ(ILoadi
+ Iqsci )

,

(2)

where λ is the ratio Vin
Vout

, and, in case of high efficiency, LDO is, by definition, close
to one [56]. Although LDOs are widely used for general voltage step-down tasks, in
energy-critical systems aiming for maximum efficiency, they are primarily utilized as
post-regulators following a switching converter. In this specific configuration, the input
voltage is pre-regulated to slightly above the output voltage (e.g., creating a 3.3 V rail from
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a 3.4 V intermediate rail). Under these design constraints, the voltage ratio λ is maintained
close to unity, minimizing the power dissipation across the pass element. Moreover, λ is
constant for all the available LDOs connected in parallel since they operate with the same
input voltage Vin and provide the same output voltage Vout to the load. If the available
LDOs, depicted in Figure 3a, are sorted by ascending order in terms of maximum load
current they can provide, the overall efficiency of N available LDOs is given by

ηNLDOs = fLDO(ILoad,
N

∑
i=1

Iqsci )

=
ILoad

λ(ILoad + ∑N
i=1 Iqsci )

.
(3)

Therefore, the overall efficiency is highly dependent upon the total number N of LDOs,
although only one LDO is enabled at each point in time, as shown in Figure 3b. This behavior
is expected since the quiescent current of each LDO is added to the power consumed by the
PDU, yielding lower overall efficiency for the same load as N increases. This situation means
that beyond a certain number of LDOs, the power efficiency is worse than using a single
large LDO, which provides the same maximum load current. Moreover, the form factor of the
system or the on-chip area increases along with the increasing number of LDOs.

(a) (b)

Figure 3. Parallel LDOs for homogeneous loads. (a) Multiple LDOs available for a single load.
(b) Only one LDO is enabled each time.

However, a greater number of LDOs (N) means that the load span is fragmented
into more sub-regions where, in each of these regions, a specific LDO operates at the
highest efficiency. This approach yields the maximum power efficiency for the given set of
LDOs and the same span of loads. Therefore, there is a trade-off between N and the total
power efficiency of the system. This trade-off implies that the number N should be chosen
based on the following:

• The power efficiency of the available LDOs;
• The maximum total current Itot = ∑ ILoadi

that must be supplied by the system.

In general, a mixture of on-chip and off-chip DC–DC converters typically satisfies
the load current requirements [48]. Moreover, multiple DC–DC converters are needed to
improve overall power efficiency, as mentioned previously. These converters cannot be flat
but rather must be hierarchical due to the diverse form factor of the converters [6,9].

3.3. Power Efficiency of Hierarchical PMUs

In a hierarchical PDU, the converters of the i-th level are connected to the converters
on the (i − 1)-th and (i + 1)-th level, respectively, forming a power tree T. An example of a
three-level PDU is depicted in Figure 4.

https://doi.org/10.3390/jlpea16010006
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Figure 4. Three-level PDU with disparate DC–DC converters for heterogeneous loads.

In addition, every level of the PDU can be modeled separately, and hence, the PDU
can be seen as a series of cascaded Voltage Regulator Modules (VRMs). For the cascaded
VRMs illustrated in Figure 5, the total end-to-end power efficiency ηtot is given by

ηtot =
Pout

Pin
=

Vout Iout

Vin Iin
=

M

∏
i=1

ηi, (4)

where M is the number of power levels from input (e.g., the board) to output (i.e., the loads)
and ηi is the power efficiency of the i-th level of the PDU, as illustrated in Figure 5, which
consists of parallel LDOs powering a single voltage domain. All LDOs share the same
voltage ratio Vin

Vout
but differ in maximum current capability Imax and quiescent current Iqsc.

In addition, every level includes several converters, e.g., LDOs, which exhibit a different
power efficiency for the same load, as shown in Figure 6.

Figure 5. A chain of M voltage levels, which consist of diverse VRMS, such as LDOs.

Figure 6. A three-level hierarchical PDU with eight Loads.
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https://doi.org/10.3390/jlpea16010006


J. Low Power Electron. Appl. 2026, 16, 6 10 of 29

Let us consider two successive levels of a multi-level PDU, as plotted in Figure 7a. The
overall power efficiency for this two-level sub-system is

ηsub =
∑K

j=1 Vout(i,j) Iout(i,j)

Vin(i−1) Iin(i−1)
, (5)

where K is the number of converters in the i-th level. If we model the converter of the (i− 1)-
th level as K parallel identical copies of itself while keeping the same overall consumption,
the system obtains the form of Figure 7b. Therefore, the power efficiency can be written as

ηsub =
ηi−1,1ηi,1Vin(i−1,1) Iin(i−1,1) + . . .

Vin(i−1,1) Iin(i−1,1) + . . .

· · ·+ ηi−1,Kηi,KVin(i−1,K) Iin(i−1,K)

· · ·+ Vin(i−1,K) Iin(i−1,K)

=
∑K

j=1 ηi−1,jηi,jVin(i−1,j) Iin(i−1,j)

∑K
j=1 Vin(i−1,j) Iin(i−1,j)

.

(6)

As described in (6), the power efficiency ηsub is a weighted mean of the power efficiency
ηi−1,j · ηi,j of each j path according to Figure 7b, where j ∈ [1, K].

(a) (b)

Figure 7. A two-level sub-system that consists of K converters at the i-th level. (a) Sub-hierarchy
instantiation. (b) Decomposition of the (i − 1)-th level.

Moreover, each “parent” converter at the i-th level is decomposed based on the “chil-
dren” converters or loads connected to the (i + 1)-th level. As an example, the decomposition
of converter η3,2 at Level 3 of the PDU shown in Figure 6 results in two parallel converters
due to the loads Load2 and Load3 connected to η3,2, as depicted in Figure 8. Therefore, a
bottom-to-top decomposition of the power tree results in the top-most level consisting of at
least N converters in total because there are N loads connected to the bottom-most level of
the PDU.

In the same way, the decomposition of Level 3 of the PDU shown in Figure 6 results
in eight parallel converters because there are seven loads connected to Level 3 and the
unused converter η3,3. Consequently, the decomposition of Level 2 results in nine parallel
converters since η2,1 is modelled as three parallel converters, η2,2 is modelled as five
equivalent converters, and η2,3, is not decomposed. As a result, the converter at Level 1 is
modelled as nine parallel converters due to eight loads and the unused converter η3,3, as
depicted in Figure 8.
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Figure 8. Equivalent model of a three-level hierarchical PDU with eight Loads for estimating ηtot.

However, only paths with connected loads contribute to the consumed power; hence,
exactly N paths, which end with the same number of loads, are used to estimate overall
power efficiency. Therefore, expanding (6) for all levels M of the PDU results in the
end-to-end power efficiency of the system, given by

ηtot =
∑N

j=1 ∏
M(j)
i=1 ηi,jVin(1,j) Iin(1,j)

∑N
j=1 Vin(1,j) Iin(1,j)

, (7)

where M(j) is the level of the hierarchy along the path to each leaf converter, as illustrated in
Figure 6. Generally, the number of converters connected to the leaf load may be of a different
“depth” from the root of the power delivery tree. In addition, every ηi,j requires only the total
current ILOAD, which loads the converter, as the power efficiency ηi,j = fLDO(ILOAD, Iqsci,j)

and the quiescent current Iqsci,j of every converter are known. Moreover, the mean input
power of all paths is given by

Pin =
∑N

j=1 Vin(1,j) Iin(1,j)

N
. (8)

If the mean input power is used to estimate every Vin(1,j) Iin(1,j) term, (7) can be
written as

ηtot ≈ ηest =
∑N

j=1 ∏
M(j)
i=1 ηi,jPin

∑N
j=1 Vin(1,j) Iin(1,j)

=
Pin ∑N

j=1 ∏
M(j)
i=1 ηi,j

NPin

=
1
N

N

∑
j=1

M(j)

∏
i=1

ηi,j.

(9)

Therefore, the load currents alone suffice to determine the overall power efficiency, as
when following an upstream traversal of the PDU tree from the leaves to the root, the load
condition of every level M(j) depends only on the loads of the lower level connected to
level M(j).

This behavior allows for the utilization of a search table to determine the most efficient
converter depending on the output load. The power efficiency of each converter is measured
once for the whole span of loads supported by the converter. These measurements are then
stored in a table such that the most efficient converter for any connected load is always
selected. The reward function of the proposed Q-algorithm uses this approach to determine
the power efficiency ηtot of the PDU, as discussed in Section 5.
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3.4. Approximation Error Analysis

To quantify the accuracy of the efficiency estimation used in (9), the error term relative
to the exact efficiency defined in (7) has to be derived. Let ηpath,j = ∏

M(j)
i=1 ηi,j denote the

cumulative efficiency of the j-th path, and let Pin,j = Vin(1,j) Iin(1,j) denote the input power of
that path. Consequently, the exact total efficiency ηtot corresponds to the power-weighted
mean of the path efficiencies:

ηtot =
∑N

j=1 Pin,j · ηpath,j

∑N
j=1 Pin,j

(10)

The estimated efficiency ηest utilized by the proposed algorithm is the unweighted arith-
metic mean:

ηest =
1
N

N

∑
j=1

ηpath,j = ηpath (11)

By invoking the statistical definition of covariance, Cov(X, Y) = 1
N ∑ XiYi − X̄Ȳ, we can

express the summation of the product (the numerator of the exact efficiency) as

1
N

N

∑
j=1

Pin,jηpath,j = Cov(Pin, ηpath) + Pin · ηpath (12)

By substituting this identity back into the expression for ηtot, where the total input power
is NPin, we have

ηtot =
N[Cov(Pin, ηpath) + Pin · ηpath]

NPin

=
Cov(Pin, ηpath)

Pin
+ ηest (13)

Consequently, the approximation error ϵest is formally derived as the covariance between
the path input power and path efficiency, normalized by the mean input power:

ϵest = ηtot − ηest =
Cov(Pin, ηpath)

Pin
(14)

This derivation demonstrates that the estimation error approaches zero when the path
efficiency is uncorrelated with the input power magnitude. In the context of the proposed
PDU, where the Q-algorithm maintains high efficiency across all active paths regardless of
load magnitude, the covariance term remains minimal, resulting in a negligible estimation
error (<2%). For example, if one load consumes 10 mW and another consumes 1 mW (high
power variance), but due to the Q-algorithm, their supply converters operate at ≈ 80%
efficiency, then this means that the efficiency is “uncorrelated” with power magnitude.
Therefore, the weighted mean ηtot and the arithmetic mean ηest are almost identical.

3.5. Practical Advantages of the Method

The efficient update of the policy of a PDU requires the measurement or the estimation
of the overall end-to-end power efficiency ηtot, as well as the power efficiency of each
converter of the PDU, as discussed in Section 3.3. To measure the efficiency of every
converter, multiple circuits for current and voltage measurements are required, yielding
a higher form factor [3,7,9]. Moreover, these measurements are repeated every time ηtot

needs to be calculated, thereby increasing the power and the runtime of the method when
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managing the system’s energy [5]. The power lost due to these measurements is especially
critical in portable systems due to the limited power budget [10,11].

The combination of the appropriate estimation of ηtot and a search table with the
measured efficiency over different loads for every converter of the PDU addresses these
limitations. In this new approach, the most efficient converter is selected based on the
already measured power efficiency for the connected load, as described in Section 3.3,
reducing the hardware requirements of the method. Consequently, the power consumed
to manage the system energy decreases, since the converter efficiency is not calculated
every time. Therefore, the proposed method, based on the estimation of power efficiency
described in Section 3.3, is particularly suitable for portable systems.

4. Power Delivery Method
By combining power gating and Q-learning, the new technique takes as an input a

hierarchy of connected DC–DC converters and the load currents, i.e., ILoad, and returns the
optimum policy with the maximum available end-to-end power efficiency ηtot. The losses
due to the RLC characteristics of the interconnects between the converters are considered
during the measurement and storage of the efficiency for each individual converter. In
case loads are homogeneous, the Q-algorithm can be disabled. For both types of loads,
power gating is utilized, where the PDU can enable, if required, only one of the available
DC–DC converters, yielding the highest power efficiency under all conditions and across
all available converters. The stability of the PDU, where power gating is utilized, is
presented in Section 4.1. In addition, the DC–DC converters are dynamically assigned
to heterogeneous loads by the Q-algorithm in order to increase total end-to-end power
efficiency as much as possible according to (3). The tailored Q-algorithm, along with the
reward function and clarification examples, is described in Section 4.2.

4.1. Stability of the PDU

For homogeneous loads, one DC–DC converter across the PDU typically suffices to
supply the loads [5]. Therefore, the proposed power delivery method has been designed so
that there is always an LDO fully supplying the connected loads. This practice assumes
that the loads are known. The interchange of the available LDOs is controlled by the PDU
before high load transitions, since loads are already scheduled, e.g., data transmission via
BLE or switching to a different power mode. Therefore, the proposed PDU scheme can
be designed to be a priori stable for homogeneous loads. This point arises from the fact
that only one converter is enabled each time to supply the loads, such that the resonance
frequency is determined by the specific converter [45]. After selecting the LDO regulator
that is the most efficient among the available LDO regulators, the PDU is modeled as a
circuit with two poles, as depicted in Figure 9. A dominant pole is required for the error
amplifier (EA), and a higher-order pole is required for the power transistor with the output
capacitor Cout [57].

Error Ampli f ier

Vin · gmEA REA CEA

Power Transistor

VEA VEA · gm RO COut

+
−

Figure 9. Two-pole model for the LDO [58].
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The open-loop transfer function G of the enabled LDO, which is shown in Figure 3b,
is given by

G(s) =
VOUT
VIN

(s)

=
AOL

(1 + sREACEA)(1 + sRoCout)

=
gmgmEA REARo

(1 + sREACEA)(1 + sRoCout)
,

(15)

AOL = gmRo AEA, (16)

AEA = gmEA REA, (17)

where AOL is the open-loop gain of the LDO, AEA is the open-loop gain of the EA, Ro is the
output impedance of the LDO, and REA is the output impedance of the EA. The resonance
frequency fo and the Q factor of the LDO are, respectively, given by

fo =
1

2π
√

REARoCoutCEA
, (18)

Q =

√
REARoCoutCEA

(REACEA + RoCout)
. (19)

In addition, stability is ensured only if Q < 1
2 , which leads to

√
REARoCoutCEA

(REACEA + RoCout)
<

1
2
⇒

(REACEA − RoCout)
2 > 0⇒

REACEA ̸= RoCout.

(20)

Therefore, REA, Ro, Cout, and CEA can be chosen appropriately to provide a stable LDO.
Consequently, the overall PDU is stable for every state of the available LDO regulators
since each LDO is designed to separately satisfy (20). Simulation results for a step load
from 112 µA to 50 mA are depicted in Figure 10. Initially, the LDO supplying 1 mA as
a maximum is enabled until a 50 mA load is requested. For greater loads, the LDO that
supplies a maximum of 200 mA is enabled. With a settling time of less than 20 µs and
an undershoot of 195 mV, the overall system is robust and supports diverse loads with
low-power modes that have wake-up times of a few tens of µs [48,59,60].

On the other hand, guaranteeing stability in the case of heterogeneous loads is not
straightforward because many of the LDOs, which are shown in Figure 4, should operate
simultaneously, thereby jeopardising overall stability [58]. The coexistence of multiple
LDOs, especially for light loads (<1 mA), leads to an oscillatory response due to the inter-
action with the off-chip parasitic resistances and the input impedance among LDOs [45].
Specifically, as the number of LDOs increases, the equivalent resistance decreases due to the
parallel connection of the parasitic resistances and the input impedance of the LDOs. The
resonance frequency also shifts, and consequently, phase shifts as well, thereby yielding an
unstable PDU. The number of LDOs, below which the stability of the system is guaranteed,
is not fixed because this condition strongly depends upon the following:

• The characteristics of each LDO comprising the PDU;
• The load conditions;
• The output capacitance Cout of each LDO.

While a formal control-theoretic derivation of multi-loop stability margins is a distinct
research topic [45,58], the practical stability of the experimental setup is ensured through
two mechanisms. First, passive ballast resistances (≈50 mΩ) are placed in series, with each
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regulator mitigating circulating currents. Moreover, the proposed Q-algorithm is designed to
activate parallel configurations only under heavy-load conditions. Consequently, the heavy-
load condition required for parallel operation naturally coincides with the region of highest
loop stability [46,47]. In addition, the output pole of an LDO shifts to higher frequencies as
load current increases ILoad, which inherently improves the phase margin [61].
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Figure 10. Simulation results of step response for load transitioning from 112 µA to 50 mA.

Moreover, a practical limit of 15 parallel LDOs ensures stability against oscillatory
responses caused by parasitic interactions [45]. However, the proposed Q-algorithm frame-
work can scale beyond this limit through hierarchical sub-clustering. In such a scenario, the
PDU architecture can be organized into nested voltage domains, where each sub-cluster
of regulators is isolated by an intermediate power stage. This structural decomposition
allows the Q-algorithm to continue optimizing global end-to-end efficiency by treating
these sub-clusters as modular branches within the power tree T.

4.2. Q-Algorithm-Based Power Delivery

In the case of a large number of converters, which is often required, as analyzed in
Section 3.2, the existing methods cannot optimally match these converters with the loads
without sacrificing optimality [4,5] or without large overheads [18,25]. In order to address
both limitations, Q-learning is utilized.

A variant of the fundamental Q-algorithm [41] properly tailored to power efficiency
metrics is introduced to optimize the PDU for heterogeneous loads. The PDU is hierarchical,
comprising M levels of DC–DC converters and N different loads, as illustrated in Figure 4.
Since Q-learning operates on graphs [6], the PDU is modeled through the tree T(V, E), as
drawn in Figure 6, where each node V is a DC–DC converter or the load of the system, and
each unweighted edge E implies a connection between two converters at different levels of
the PDU or between a converter and a load. The power supply of the PDU is connected to the
converters at level 1 of the PDU; thus, the converters at level 1 are referred to as input nodes.

A state st is defined as an instantiation of the system after the assignment of one load
to a converter. The number of states S for the PDU is equal to the number of converters,
incremented by one for each load used in every epoch. In addition, the actions A correspond
to all possible transitions between states. Therefore, the exploration “plane” for the Q-
algorithm is a discrete 2-D S × S space where each point (x,y) represents the action of
transition from state x to state y. This selection covers every possible combination of
load-to-regulator assignment compared to the limited number of eight states in [22]. The
exploration of the S× S space, which results in higher end-to-end power efficiency ηtot

compared to the scheme with eight states, is possible in real time, as Q-learning algorithms
are suitable for the fast exploration of large spaces [43,62]. Furthermore, the learning rate
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α is set to be 0.8, favoring prior over new knowledge [27] because the current knowledge
may correspond to a sub-optimum state, leading to slow learning or even a false agent.

Moreover, the discount factor γ is set at 0.5 to achieve a high long-term reward whilst
keeping the number of iterations sufficiently low [41] to remedy the overhead in power,
which is important for portable systems. In addition, the matrix Q, where Q(x,y) represents
the weight of the path between nodes x and y, is initialized to zero, except for the primary
diagonal, which is set to a large negative value; here, −10. Indeed, a path from a node to
itself is meaningless, representing an impractical action that could lead to an infinite loop.
Furthermore, the reward function rt is defined as follows:

rt = ηNextnode = fLDO(
N

∑
i=1

ILoadi
, IqscNextnode) (21)

where ηNextnode is the power efficiency of the next node (i.e., converter) for the overall
loads connected (∑N

i=1 ILoad,i) and the quiescent current of the next node (Iqsc), as shown in
Equation (2). The characterization of each converter allows for the calculation of rt only
by measuring the total load current ∑N

i=1 ILoadi
, as described in Section 3.5. Furthermore,

the total power efficiency ηtot is calculated by (9). Note that while the algorithm does not
explicitly query the quiescent current Iqsc of the regulators, this current is intrinsically
considered within the reward function. Since the reward is defined as the power efficiency
ηtot and includes the quiescent power consumption, any degradation in performance due
to high Iqsc at light loads directly reduces the reward. Consequently, the Q-agent naturally
learns to avoid selecting high-loss regulators for low-current loads, optimizing the trade-off
without requiring any modeling of the converters.

The pseudo-code of the Q-algorithm is listed in Algorithm 1 and proceeds as follows.
In order to explore the entire S× S space, each load in tree T is initially assigned to every
last-level DC–DC converter. The set D(j) is used to store the decision path of the j-th
load, enabling the detection and avoidance of cyclic transitions and invalid loops during
exploration. There are some assignments that are not feasible due to higher load demands
than converter supplies (e.g., a load current of 25 mA from a 500 µA converter), where
these assignments are pruned during the execution of the Q-algorithm. An example of this
preliminary assignment is given below. For each load Loadi connected to the system, the
algorithm starts from each input node, connected to the power supply, and selects the path
that maximizes the end-to-end power efficiency according to (1).

As long as the current state node is not the leaf Loadi, the most “appropriate” down-
stream nodes are found, as described in line 13. These nodes exhibit the maximum Q(s,a),
where s is the present state node, and a is the action to be taken, which leads to the
state Nextnode. If there are multiple candidate actions to be taken, the action for state
Nextnode is chosen randomly [62,63]; otherwise, the action with the maximum Q(s,a) is
taken (lines 17–23). If the maximum Q(s,a) is negative, then all the paths from the current
node to neighbour Nextnodes are penalized according to (1) in order to be excluded from
future iterations (line 32). The Nextnode is checked for whether it can support Loadi in
terms of both voltage supply level and maximum output current demand. If the Nextnode
cannot support Loadi, then the path between node and Nextnode is excluded from future
iterations (line 43) in order to avoid infinite loops of the Q-algorithm. Otherwise, given that
the Nextnode can supply Loadi, Nextnode is checked against Loadi. If Nextnode is Loadi,
then the reward is set to the ideal power efficiency, equal to 1 (line 35), because this is the
final state Goal, else the reward is set to the power efficiency between node and Nextnode.
The power efficiency between node and Nextnode is determined based on the Itot loading
of node, where Itot is the sum of all currents provided by node incremented by Loadi.
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Algorithm 1: Q-algorithm for optimum PM policy
Result: Tree T of PDU

1 T % tree of PDU with loads;
2 Initial assignment of each load to all the “bottom” converters;
3 % Q-algorithm learning rate settings;
4 alpha = 0.8, gamma = 0.5;
5 for j← 1 step 1 to num_o f _Loads do
6 Goal← T[j];
7 D(j)← ∅ ; // D(j): Decision path for load j
8 for i← 1 step 1 to max_epochs do
9 node← f ind_root(Q) ;

10 add node to D(j);
11 while node ̸= Goal do
12 prvNode=node;
13 find potential next nodes with max(Q);
14 find unvisited nodes;
15 if there are unvisited nodes then
16 if more than one unvisited then
17 Nextnode is chosen randomly;
18 else
19 Nextnode is the last unvisited;
20 end
21 else
22 if more than one with max(Q) then
23 Nextnode is chosen randomly;
24 else
25 Nextnode with max(Q);
26 end
27 end
28 if Nextnode supports Load then
29 node← Nextnode;
30 if max(Q) < 0 then
31 reward← -1;
32 Loop penalty prvNode← node;
33 else
34 if node = Goal then
35 reward← 1;
36 else
37 reward← ηNextnode ;
38 end
39 end
40 Update(Q,reward,node,prvNode);
41 add node to D(j);
42 else
43 Q(node,Nextnode)=-10;
44 Q(Nextnode,node)=-10;
45 Invalid path
46 end
47 end
48 end
49 end
50 Function Bellman Update(Q, reward, node, prvNode):
51 Q(node, prvNode) = Q(node, prvNode) + alpha*(reward+gamma*max(Q(prvNode, node)) -

Q(node, prvNode));
52 return Q
53 End Function

To practically demonstrate this process, let us consider a case where node has an input
voltage of 1.8 V, an input current of 2.8 mA, an output voltage of 1.2 V, and a maximum
output current of 4 mA. Let this converter node be loaded (from previous iterations) with
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3 mA, and let Loadi be 0.5 mA. The efficiency is (1.2)×(3 + 0.5)
(1.8)×(2.8) = 83.3%, which is also the

reward for updating matrix Q. For each Loadi, the algorithm iterates for a user-defined
number of epochs such that Q converges to an optimal path from the power source to Loadi

in terms of total end-to-end power efficiency, as described in Algorithm 1.

5. Experimental Results
In this section, experimental results for six real-world scenarios are presented. The

benchmark scenarios are depicted in Table 2. Homogeneous as well as heterogeneous loads are
explored, as the power drawn by individual loads varies considerably between operating states.
The learning process was repeated for 10 epochs. In the implemented Q-algorithm, an epoch
also denotes the re-initialization of the exploration probability while preserving the Q-table
states. This “repeated annealing” strategy prevents the agent from stalling in local optima
during early learning. Empirical tests indicate that policy stability is consistently achieved by
the fourth epoch. Therefore, 10 epochs were chosen to guarantee robust convergence with a
safety margin.

Comparative analysis was conducted for a three-level PDU before (Static) and after (Q-
algorithm) the implementation of the proposed method, based on the system configuration
shown in Figure 11a,b for homogeneous and heterogeneous loads, respectively. The circuit
diagram of the heterogeneous setup depicted in Figure 11b is illustrated in Figure 12. The
variables of the Q-algorithm were directly mapped to hardware control signals as follows:

• State (st): Physically represents the total power path of tree T from Battery to Loads
based on the enabled regulators and the selection bits of analog multiplexers (AMUX).

• Action (at): Corresponds to the digital control signals Select Supply and Enable Regulator
sent by the Q-agent (e.g., Arduino Due) to the PMOS transistors and AMUXs. These
signals physically reconfigure the circuit topology by enabling/disabling a specific
regulator or connecting/disconnecting a Load to/from a regulator.

• Reward (rt): This is defined as the real-time efficiency ηNextnode calculated by
Equation (21) using data gathered by current sensors (e.g., INA226 [64], as depicted
in Figure 12).

For homogeneous loads, the PDU is considered to utilize either four or three 5 V regu-
lators, respectively. For the configuration with four regulators, L78L05, LM2937, L7805ABV,
and L78S05CV are used for the 5 V rail [65–68]. However, load fragmentation into four
sub-regions increases computational complexity and power consumption while adding no
significant efficiency gain compared to three sub-regions, as shown by the measurements.
Therefore, the configuration with only three regulators (L78L05, L7805ABV, and L78S05CV) is
preferred for the 5 V rail. The improvement in power efficiency is described for each case in
Sections 5.1 and 5.2, respectively.

The performance of the proposed technique in terms of overall end-to-end power
efficiency was compared with the power efficiency of existing PDUs. The comparison
results are listed in Table 3.

TPS659037 was included solely as a reference point for state-of-the-art commercial
efficiency, not as a direct architectural comparison. While TPS659037 utilizes a different,
highly integrated architecture (Buck+LDO), it represents the target performance standard
for modern power management systems. Therefore, the table should not be interpreted
quantitatively, but rather qualitatively, in terms of performance. The efficiency ηtot of
the proposed system is comparable with the datasheet values of TPS659037. The results
indicate that the proposed Q-learning framework enables the validation setup to achieve
comparable efficiency levels, effectively bridging the gap between flexible software-defined
power management and dedicated hardware solutions.
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(a)

(b)

(c)

Figure 11. Overview of evaluation scenarios and measurement setup. (a) Homogeneous setup.
(b) Heterogeneous setup. (c) Measurement setup used for scenario evaluation.
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Figure 12. Schematic of the heterogeneous setup depicted in Figure 11b.

Table 2. IoT scenarios, active loads, and min/max currents (mA) per load. A tick (✓) indicates the
load is used in that scenario.

Scenario Application DHT11 PIR HC-SR04 DC
Motor

SG90
Servo

HM10
BLE

ESP8266
WiFi

LoRa
SX1278

Min (mA) 0.1 0.105 2.5 10 15 0.004 0.01 0.001

Max (mA) 0.5 65 15 256 360 106 170 87

A Automotive: Parking
assistance and pedestrian

detection

✓ ✓ ✓ ✓

B Smart farming: Environmental
monitoring and auto-watering

✓ ✓ ✓

C Home automation: Person
detection, lights

✓ ✓ ✓ ✓

D PV sun tracking: WiFi/LoRa
for efficiency

✓ ✓ ✓

E Autonomous vehicle:
Self-exploration/RC control

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

F Window shutter control over
Wi-Fi for temperature

✓ ✓ ✓
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Table 3. Performance comparison.

2019 [3] 2016 [5] TPS659037 [48] This Work

Input Voltage N/A 250 mV–1.1 V 1.75 V–5.25 V 5.5 V

Output Voltage 4 V 1.8 V–2 V 0.9 V–3.3 V 1.2–5 V

Maximum Load Current 2.5 mA >1 mA 1 A >600 mA

Heterogeneous Loads No Yes No Yes

Power Efficiency * @ 66 µA (%) 77% 26% 23% 83%

Maximum Power Efficiency 95% 57% >90% >80%

Autonomous No Yes No Yes
∗ Overall power efficiency estimated by ηtot(%).

5.1. Homogeneous Loads Case Study

For the deployment of the proposed methodology, LDOs were used. Nevertheless, the
methodology is equally applicable to other types or a mixture of DC–DC converters. Note
that the specific LDO regulators discussed in this work serve as a representative case study
for validating the proposed management methodology. The Q-learning algorithm itself is
model-free and converter-agnostic to the underlying converter topology. It is equally appli-
cable to systems comprising Buck, Boost, or hybrid converters. Furthermore, the algorithm
inherently considers hardware-specific characteristics, such as quiescent current Iqsc, by
treating the power converter as a “black box” where the optimization objective is end-to-
end efficiency. The block diagram of the system used for the experiments is illustrated in
Figure 1. In this framework, the Q-algorithm for power management is deployed onto an
Arduino. The multi-level PDU is realized as a three-level hierarchy PDU with six cascaded
LDOs, three for 5 V regulation (L78L05, L7805ABV, and L78S05CV [65,67,68]) and three
for 3.3 V regulation (L78L33, LD33V, and LM3940 [65,69,70]). Eight loads with diverse
current consumption and voltage supply were used, as depicted in Table 2. Therefore,
the exploration space consisted of 196 different States. At each decision step, the Q-agent
executes an Action by physically enabling or disabling a specific LDO via the digital control
bus to move to another State, thereby altering the total end-to-end efficiency ηtot (Reward)
of the system. By maximizing this Reward, the agent implicitly learns to select high-power
regulators (e.g., L78S05CV) during high-load scenarios to avoid dropout and low-quiescent
regulators (e.g., L78L05) during sleep scenarios to minimize idle losses. Following an action,
the agent observes the Reward by calculating the real-time system efficiency ηtot using
data acquired from the input/output current and voltage sensors. This closed-loop struc-
ture allows the algorithm to directly map theoretical efficiency maximization to concrete
hardware switching decisions.

The typical topology of an LDO described in [71] was utilized to implement various
LDOs so as to provide currents of up to 1 A while delivering power with efficiency over
90% per LDO [72–74]. A set of four available LDOs is defined for a single load, as depicted
in Figure 3a. Although all of the LDOs are connected to the load, the PDU enables only
one LDO each time to utilize power gating [8], thereby yielding the maximum end-to-end
power efficiency, as also illustrated in Figure 3b.

The proposed hierarchical Q-management system differs from conventional hardware-
level efficiency techniques, such as interleaved DC–DC stages. While interleaving is highly
effective for ripple reduction in high-power systems (>10 A), its application in ultra-low-
power, battery-operated IoT nodes is limited by significant switching loss overhead at light
loads. In contrast, this work focuses on the algorithmic coordination of a multi-level PDU.
As demonstrated in Figure 13, the proposed method maintains an end-to-end efficiency
over 80% for heterogeneous loads, even for scenarios involving ultra-low-power states of as
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low as 1 µA. This result demonstrates a range of operations where traditional high-power
topologies, such as interleaved stages, are not applicable.

Note that the efficiency curve presented in Figure 13 exhibits three distinct “discon-
tinuities” due to the discrete switching events triggered by the Q-learning policy for the
utilized four regulators (L78L05, LM2937, L7805ABV, and L78S05CV). As the load demand
increases, the agent transitions the power path from L78L05 to LM2937, then to L7805ABV,
and finally to L78S05CV. These three transitions are depicted as “discontinuities” in the
efficiency plot, confirming that the Q-algorithm with power gating dynamically selects the
optimal regulator for the given load current. However, the effective optimal load span for
LM2937 (blue segment in Figure 13) is significantly smaller compared to other regulators.
The load fragmentation into four sub-regions improves efficiency by almost 7%, but only
across a limited range of loads between 0.1 A and 0.2 A, as shown in Figure 13. Conversely,
incorporating a fourth regulator expands the Q-learning exploration space to 225 States.
This increase in state-space complexity imposes a computational and power penalty that
outweighs the efficiency benefit. Therefore, the final multi-level PDU effectively utilizes
only three regulators (L78L05, L7805ABV, and L78S05CV) for the 5 V rail.

Therefore, the system displays up to a 60% increase in power efficiency, as reported in
Table 3 for similar small loads (tens of µA), e.g., 66 µA, compared to a PDU utilizing a single
LDO [48] with the same span of supported loads, as depicted in Figure 13. In addition,
according to the analysis in Section 3.2, a higher power efficiency is demonstrated when
compared to an autonomous PDU with coarser granularity for the DC–DC converters [5].
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Figure 13. Overall power efficiency for homogeneous loads.

More importantly, the power efficiency is greatly increased for small loads, a few
hundred µA, which is typical for embedded systems and systems that frequently enter
power-saving modes, e.g., sleep mode [59,60]. Moreover, in order to keep the computa-
tional cost as low as possible, a search table for the most efficient converter may be used,
depending on the output load, as efficiency does not need to be calculated every time
a load is reassigned to a different converter. This search table reduces the runtime of
the Q-algorithm and enhances the performance of the method, especially in the case of
heterogeneous loads, as discussed in the next Section 5.2.

5.2. Three-Level Hierarchy PDU

To demonstrate the usefulness of the Q-algorithm, a three-level hierarchy PDU with
eight realistic loads was considered. The number of regulators upstream of the PDU tree
decreases proportionally to the maximum current provided by these regulators. Therefore,
at the top-most level (level 1) at the root of the tree, there is one battery that can provide up
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to 4 A, while the lowest level (level 3) consists of several smaller regulators, as illustrated
in Figure 14a.

Battery

L7805ABV
5 V (1.5 A)

L78L05
5 V (100 mA)

L78S05CV
5 V (2 A)

LD33V
3.3 V (950 mA)

L78L33
3.3 V (100 mA)

LM3940
3.3 V (1 A)

DHT11 (0.5 mA)PIR (65 mA)HC-SR04 (15 mA) DC Motor (256 mA)

LoRa Module (87 mA) BLE (106 mA) WiFi (170 mA) Servo (360 mA)

(a)

Battery

L7805ABV
5 V (1.5 A)

L78L05
5 V (100 mA)

L78S05CV
5 V (2 A)

LD33V
3.3 V (950 mA)

L78L33
3.3 V (100 mA)

LM3940
3.3 V (1 A)

DHT11 (0.5 mA)PIR (65 mA)HC-SR04 (15 mA) DC Motor (256 mA)

LoRa Module (87 mA) BLE (106 mA) WiFi (170 mA) Servo (360 mA)

(b)

Figure 14. Three-level PDU supplying heterogeneous loads. (a) Initially, no load is assigned to
any regulator. (b) After the Q-agent is trained, each load is assigned to a regulator to maximize
overall efficiency.

Moreover, the loads correspond to current consumption at different operating modes
of portable systems, e.g., 15 mA is needed in the modem-sleep mode of a WiFi MCU [59],
and 5 mA is the current consumed by the radio transceiver for 1 Msps BLE of a multiprotocol
SoC [60]. The number of iterations for the Q-algorithm is crucial to determine the optimum
policy, since there are intermediate states that are far from optimal. For instance, the
second epoch with five iterations yields an overall power efficiency of 75.9%, as shown in
Figure 15. On average, seven iterations are typically needed for the proposed Q-algorithm
to determine the optimum policy. Non-monotonic total efficiency indicates the exploration–
exploitation trade-off in the middle epochs until the system converges to the optimal policy.
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Figure 15. Scenario B (MAX currents)—Efficiency per epoch (red line) and iterations per epoch (blue
bars). Total runtime: 48 ms.

The factor γ in Algorithm 1 governs the trade-off between immediate and future
rewards by scaling the bootstrap term in the Bellman update. Small γ values induce myopic
behavior and, typically, accelerate convergence due to a shortened effective planning
horizon. Conversely, γ → 1 promotes long-horizon reasoning and is required when
optimality depends on delayed rewards, but it may slow learning and increase variance
by amplifying bootstrapped estimates, particularly under function approximation. Based
on a sensitivity analysis performed over a discrete grid of candidate values, γ = 0.5 and
α = 0.8 were finally selected. The discount factor γ = 0.5 provides an effective balance
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between immediate and future rewards, which was observed to produce faster and more
stable convergence than higher values (e.g., γ ≥ 0.8) that introduced oscillatory behavior,
and lower values (e.g., γ ≤ 0.2) that yielded myopic policies. Similarly, α = 0.8 was found
to accelerate learning while maintaining numerical stability. Lower learning rates (e.g.,
α ≤ 0.4) decelerate convergence, whereas values close to 1 occasionally produce divergence.
The chosen parameters thus represent the best trade-off between immediate and future
efficiency with respect to convergence rate, stability, and final optimum policy.

The runtime of Algorithm 1 is highly affected when using the method that is used to
obtain the load currents for calculating ηtot. A search table, with pre-measured currents,
achieves a consistently low runtime of below 60 ms across all benchmark scenarios, as de-
picted in Figure 16. In contrast, the sensor-polling configuration incurs substantially higher
computational cost due to the overhead associated with continuous current measurement.
This effect is particularly pronounced in Scenario E, where the number of active loads is
highest, resulting in up to a threefold (×3) increase in runtime, reaching 208 ms.

Power gating, discussed in Section 3.2, is also extended to heterogeneous loads to fur-
ther enhance system power efficiency. Each DC–DC converter was implemented using mul-
tiple parallel LDOs, where only the most efficient LDO capable of supplying the required
load current was enabled. Activating a single LDO allows converter trimming [75,76] and
ensures compliance with the system constraint, limiting the number of active converters to
15. This configuration also preserves overall PDU stability, as discussed in Section 4.1.

Note that prior works developed specifically for heterogeneous loads [5] do not
perform well for the scenarios described in Table 2, as these methods consider only the
quiescent current when updating the PDU policy. As a result, existing PDUs exhibit ηtot

less than 26% when the loads are in low power mode, as depicted in Table 3. In contrast, the
proposed Q-algorithm intelligently incorporates the power efficiency of each LDO in the
PDU, as defined in (9), yielding a maximum ηtot of over 80%.
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Figure 16. Runtime of the proposed Q-algorithm.

A comparative analysis of the efficiency achieved for a static, three-level PDU and a
three-level PDU driven by the proposed Q-algorithm across the six application scenarios is
depicted in Figure 17. The Q-algorithm consistently attains superior efficiency performance,
outperforming the static PDU in all evaluated cases. The most notable improvement is
observed in Scenario A, where the Q-algorithm yields a 12.67% increase in total efficiency
compared to the static PDU. Comparable gains are evident in all cases, demonstrating
an average increase of 5%. Even in scenarios where baseline performance is relatively
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high, such as Scenario C and Scenario E, the proposed approach maintains a measurable
efficiency advantage due to power gating.
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Figure 17. Efficiency of Q-algorithm PDU vs. Static PDU.

These results substantiate the robustness and superior efficacy of the proposed method
across diverse application conditions, thereby validating its potential to manage hierarchical
PMUs with heterogeneous loads encountered in present and upcoming portable systems.

6. Conclusions
The fragmentation of large DC–DC converters is not sufficient to achieve high power

efficiency for heterogeneous loads. Rather, a hierarchical PDU that supports the dynamic
utilization of different DC–DC converters improves the total end-to-end power efficiency
ηtot over a wide range of loads. However, for a hierarchical or, more generally, a PDU
with many converters, using typical criteria for matching converters to loads does not
suffice. A hierarchical PDU, augmented by a low-overhead and effective management
technique, usefully bridges the efficiency gap across wide load ranges. This work presents
a Q-algorithm for online learning of PDUs, which effectively adapts to the connected loads
and incorporates any change in the supplied loads in real time without requiring prior
modeling of the converter topology. The proposed power delivery approach, based on
a properly tailored Q-algorithm and power gating, improves the overall efficiency while
having low complexity. Furthermore, this implementation addresses the following critical
constraints of portable systems:

• Low overhead: By utilizing a derived formula for power efficiency that relies solely
on measured load currents and a pre-characterized regulator lookup table with qui-
escent current data, the system eliminates the need for continuous sensor polling.
This approach significantly reduces the computational cost, improving runtime from
208 ms (sensor polling) to 56 ms (table-based) in high-density-load scenarios. This low
overhead is highly appropriate for portable systems.

• Stability: The integration of power gating with a bounded number of regulators
ensures the stability of the parallel LDO configuration while preserving the transient
response required for fast wake-up modes.

• Scalability: The model-free Q-agent allows for the deployment to different PDU
architectures for various applications to support diverse heterogeneous loads, from
sensors to communication modules.
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Six realistic IoT scenarios experimentally validate that the proposed method signifi-
cantly outperforms static assignments. Specifically, the proposed Q-algorithm yields up to
a 13% increase in total end-to-end power efficiency ηtot compared to static PDUs, with an
average improvement of 5% across all tested scenarios. Crucially, the system maintains high
efficiency (>80%), even at light loads (tens of µA), a regime where traditional autonomous
PDUs typically degrade to efficiencies below 26%.
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