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Abstract—The emerging trend of autonomous embedded sys-
tems (AES) is promising to minimize human intervention in
critical tasks. In the pursuit of maximal per-watt performance,
the complex hardware and software of AES require intelligent
energy efficiency optimizers (EQ), and the stochastic runtime
variances require continuous EQ. However, deploying the desir-
able on-device EO causes severe performance slowdown due to
contention on limited computing power with the AES pipeline.
We find that there are ignored and underutilized heterogeneous
resources within AES for costly EO, which results from unbal-
anced accelerator behaviors and misaligned parallel inference
executions. We experimentally and theoretically analyze the
Shadow Cycles within the realistic autonomous Bird’s Eye View
pipeline on commercial embedded platforms, categorizing them
into vertical and horizontal types with distinct properties. In this
paper, we introduce SHEEO+, a continuous and intelligent energy
efficiency optimizer that utilizes ignored heterogeneous shadow
cycles. It achieves continuous and lightweight AES monitoring
with the observation module, as well as intelligent and efficient
AES power management with the optimization module. On the
one hand, SHEEO+ observes both the internal runtime status
and external environment variance with portable interfaces to
capture shadow cycles and real-time states. On the other hand,
SHEEO+ optimizes power configurations per iteration based on
deep reinforcement learning (DRL) methods. It tailors DRL for
two types of shadow cycles and invocates optimization processes
based on resource availability. To extensively evaluate SHEEO+,
we implement a prototype and deploy it on realistic edge
platforms. The evaluation results show that SHEEO+ utilizes
up to 74.2% shadow cycles and achieves up to 18.6% energy
efficiency improvements compared to state-of-the-art energy
efficiency optimizers with negligible deployment overheads.
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I. INTRODUCTION

HE development of autonomous embedded systems

(AES), characterized by their diminished reliance on hu-
man interaction, represents a significant trajectory within aca-
demic [1], [2] and industrial domains [3], [4]. AES, in contrast
to conventional human-operated systems, leverages integrated
embedded platforms to perform environmental sensing, object
perception, and vehicle actuation [5]. The capability of AES to
alleviate human labor has spurred substantial investments from
prominent industrial entities, including Nvidia [3] and Tesla [4],
into technology advancements.

The emerging AES exhibits hardware and software dif-
ferences compared with conventional large-scale systems as
shown in Fig. 1. Firstly, different from abundant server re-
sources [6], the underlying embedded architecture incorporates
diverse hardware accelerators, providing domain-specific pro-
cessing capabilities [2]. However, the computing power and
energy supply are strictly limited due to Size, Weight, and
Power (SWaP) constraints [7], [8]. Secondly, different from
request-driven loosely-coupled applications [9], the essential
AES software operations are structured as an iterative three-
stage pipeline, encompassing sensing, perception, and actua-
tion, to automatically complete critical missions [1], [5]. The
perception stage involves a fixed set of deep neural network-
driven tasks that operate in parallel on heterogeneous accelera-
tors [10], [11]. Moreover, the large-scale and on-device facili-
ties are more complex to make the optimal decisions and induce
higher costs [12], [13].

Given the energy and resource limits, optimizing energy
efficiency is important but challenging for AES. It is crucial
for AES to tackle the temporal and spatial variances towards
better efficiency. The stochastic environment dynamics, such as
vehicle speed and surrounding complexity, are changing with
time, requiring continuous decision-making [14], [15]. Com-
plex inferences on heterogeneous accelerators have distinct be-
haviors and constitute a large design space, requiring intelligent
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Fig. 1. Overview of autonomous embedded systems (AES) and comparison
with large-scale systems.

optimization [16], [17]. Thus, an on-device machine learning-
based optimizer operating at the iteration granularity is desir-
able for AES. However, deploying such a complex facility poses
difficulties for resource-constrained AES. The computational
demands of the optimizer are costly for embedded accelerators
and interfere with mission-critical inference tasks, causing up
to 13% AES performance slowdown.

To deploy the costly efficiency optimizer without slowdown,
we envision the ignored opportunities of unexploited resources
within the AES pipeline. The variable inferences executed on
heterogeneous accelerators (i.e., GPU and DLA) in parallel lead
to misaligned patterns, causing idle accelerator periods in AES
execution, termed as shadow cycles. Based on distinct causes
of occurrences, we categorize shadow cycles into two types.
Firstly, vertical shadow cycles (VSC) result from misaligned
execution of parallel perception tasks, denoting the waiting time
until the slowest tasks within the perception stage. Secondly,
horizontal shadow cycles (HSC) result from the inherent AES
pipeline pattern, denoting the accelerator-idle sensing and actu-
ation stages. We investigate shadow cycles within both simple
parallel inference and modern Bird’s Eye View (BEV) pipeline,
whose proportions are 24-42% for VSC and 5% for HSC (de-
tailed in Section III-B). They enlarge the resource visibility of
resource-constrained AES and are valuable for complex on-
device facilities. Different from regular resources, the preemp-
tive VSC and HSC are volatile and fleeting in duration, present-
ing non-trivial challenges to capture and exploit them.

In this paper, we propose SHEEO+, a SHadow cycles-
based Energy Efficiency Optimizer that exploits the under-
utilized resources to enable continuous and intelligent power
management. To improve the efficiency manageability of AES,
SHEEOQO+ aims to make the best use of available shadow cycles
to minimize AES pipeline interference and maximize energy ef-
ficiency. To improve manageability efficacy, it customizes deep
reinforcement learning (DRL) methods to continuously observe
AES variances and optimize power configurations of every
iteration. Meanwhile, to improve manageability efficiency, it
manages and identifies shadow cycles to deploy the learning-
based optimizer without AES interferences.

More specifically, SHEEO+ incorporates two cooperative
modules to pursue optimal energy efficiency optimization.
Firstly, the observation module detects shadow cycles based
on light-weight signals and organizes them agilely. It also uses
portable interfaces to collect real-time external environments
and the internal status of AES for joint optimization. Secondly,
the optimization module judges shadow cycle states to invocate
the DRL agent, which uses VSC to fine-tune the actor-critic
networks based on execution statistics and HSC to infer the
optimal action based on the current AES state.

To evaluate SHEEO+ thoroughly, we implement and de-
ploy it on a commercial edge platform, Nvidia Jetson Orin
[18]. Under changing scenarios and variances, we demonstrate
that SHEEO+ harvests up to 74.2% vertical shadow cycles
and 39.9% horizontal shadow cycles within the AES pipeline
to deploy continuous energy efficiency optimizers. Further,
SHEEO+ reduces up to 18.6% and 5.6% energy consump-
tion over state-of-the-art workload-aware and learning-based
power management baselines with little performance sacrifice.
Moreover, the deployment costs and execution overheads of
SHEEO+ are negligible compared with conventional power
management solutions.

In summary, this paper makes three main contributions:

1) Analysis: We identify the performance slowdown caused
by intelligent energy efficiency optimizers and envision
the latent potential of shadow cycles within heteroge-
neous AES to deploy the facility efficiently.

2) Design: We introduce an intelligent continuous efficiency
optimizer, SHEEO+, utilizing shadow cycles and incor-
porating reinforcement learning. Two cooperative com-
ponents are designed to facilitate the learning and opti-
mization of AES efficiency.

3) Evaluation: SHEEO+ is implemented and deployed on
commercial edge platforms to validate its effectiveness
in utilizing shadow cycles and enhancing AES energy
efficiency across diverse operational scenarios.

1I. BACKGROUND
A. Heterogeneous Hardware and Software of AES

Autonomous embedded systems (AES) operate indepen-
dently on various tough but important tasks, like autonomous
driving [3] and space exploration [19], without requiring human
interventions. Compared to datacenter-scale systems accom-
modating long-lasting workloads, AES mainly has two key
differences. The first is heterogeneous and limited hardware
resources. As shown in Fig. 2, typical edge platforms for AES
such as Nvidia Jetson AGX Orin [18] are equipped with several
heterogeneous computing units, including one 12-core Arm
CPU, one 2048-core Ampere-architecture GPU, and two low-
power Deep Learning Accelerator (DLA) [2]. GPU provides
more TFLOPS performance but consumes more power than
CPU and DLA. The computing units share a unified memory
with limited capacity (32 GB) and bandwidth (204.8 GB/s) [20].
Each component includes a Voltage / Frequency (V/F) gate
that can be adjusted via software, enabling flexible dynamic
voltage and frequency scaling (DVFS) [21]. All components
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(BEV) perception stage.

are integrated into a single System-on-Chips (SoC) with limited
energy supply due to strict Size, Weight, and Power (SWaP)
constraints [22], [23].

Apart from hardware limits, AES exhibits complex and it-
erative software execution. As shown in Fig. 3, a three-stage
pipeline executes iteratively to process consecutive image and
point cloud frames [24]. Firstly, the sensing stage gathers and
synchronizes real-time data from multiple sensors [7]. Sec-
ondly, the perception stage understands the running conditions
via parallel deep neural networks (DNN) [1]. Emerging per-
ception fuses multi-modal sensors into BEV space with par-
allel backbone tasks, and performs various parallel task heads
such as detection and segmentation [25]. Also, auxiliary tasks
exist irregularly and interfere with regular BEV tasks [26].
Thirdly, the actuation stage makes control decisions based on
the perception results [5]. Previous academic three-stage itera-
tion frequency is around 10 FPS (100ms deadline) [1] but higher
execution frequency enables faster reaction given new data from
sensors (30-40 FPS) [2]. More than 90% execution time of
each iteration performs perception, occupying heterogeneous
accelerators concurrently [1].

B. Efficiency Optimization Requirements of AES

Despite limited energy supply and hardware resources, AES
faces varied environments and complex hardware to manage,
requiring better efficiency optimization. Firstly, the temporal
variance due to external dynamics requires continuous opti-
mization. The vehicle speed of AES changes with time and
influences the latency constraints of every iteration [7]. Mean-
while, AES senses and interacts with the changing environ-
ments constantly, such as real-time traffic conditions, which
force AES to adapt to the external variation at every itera-
tion [8]. Due to changing outer situations, the task complexity
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to understand the surroundings varies in each iteration based on
AES status, making it hard to decide the optimal efficiency set-
tings statically [14]. The three changing factors require contin-
uously choosing the optimal resource and power configurations
for every AES iteration [21].

Secondly, the spatial variance due to different accelerator
behaviors requires intelligent optimization. Heterogeneous pro-
cessing units, including CPU, GPU, and DLA, have diverse
performance and power consumption trade-offs, constituting
a large optimization space [27], [28]. For a single iteration
to optimize, AES must jointly consider the V/F settings and
resource allocation of all components since optimization for
a single component often conflicts when performed indepen-
dently by separate controllers [29]. But simple methods relying
on empirical models to optimize heterogeneous platforms fail
to grasp the complex behaviors of AES [30]. Recent works have
designed on-device machine learning (ML)-based efficiency
optimizers for both cloud [31] and edge [32]. The models are
required to rapidly learn and retrain in response to emergent
data and shifting scenarios, ensuring sustained responsiveness
[32]. In summary, an on-device continuous and intelligent en-
ergy efficiency optimizer is a must for AES.

1II. MOTIVATION

For resource-constrained AES, we first analyze the slowdown
caused by the continuous and intelligent efficiency optimizer.
We also present the ignored resource opportunities within the
AES pipeline for harmless optimizer deployment.

A. AES Slowdown due to On-Device Efficiency Optimizer

Given the urgent need for continuous and intelligent effi-
ciency optimizer in AES, the on-device facility deployment
faces two-fold challenges. On the one hand, the intelligent
optimizer is costly for resource-constrained AES, occupying
significant hardware resources. As shown in Fig. 4, we deploy
two popular intelligent efficiency optimizers based on deep re-
inforcement learning (DRL) on a typical edge platform Nvidia
Jetson AGX Orin [18] to investigate their overheads. The first
is Deep Q-Network (DQN) [33], a value-based method for
discrete space, and the second is Deep Deterministic Policy
Gradient (DDPG) [31], [34], an actor-critic method for contin-
uous space. We vary the input sizes and running hardware to
present overheads under various scenarios. We have two key
findings. Firstly, the embedded CPU is improper for deploying
intelligent optimizers since the inference latency is unaccept-
able for AES execution frequency. Secondly, the usage of GPU
could accelerate DRL inference, but the optimizer occupying
accelerators interferes with the AES pipeline. For a typical AES
with 40ms constraints, even the DQN optimizer causes 5.7-
13.3% performance slowdowns.

On the other hand, the costly optimizer continuously in-
terferes with the AES pipeline. Current power/resource man-
agement facilities make decisions per iteration [28], [35] and
even per layer [21], [36] in order to pursue the best perfor-
mance. Further, on-device training for continuous adaptation
in dynamic environment is essential for AES [32]. However,
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high-frequency management worsens resource contention in
accelerators, occupying AES resources in every iteration. Prior
works consider the DVFS overheads to reduce management
frequency [30], but most on-device efficiency optimizers fail to
consider the realistic deployment overheads, causing cascading
and significant AES performance slowdown [16], [37].

B. Tapping Into Shadow Cycles in AES

Considering the unacceptable slowdown of the on-device
efficiency optimizer, AES presents unexploited resource oppor-
tunities for deploying the facility. The AES execution pattern
that various DNNs execute on heterogeneous computing units
[5] leads to misaligned DNN inferences and underutilized com-
puting resources within the pipeline.

Misaligned DNN Inferences: The changing network infer-
ence behaviors and the parallel inference pattern result in mis-
alignment. We characterize the performance of three representa-
tive DNN inferences in BEV pipeline [26] on Orin platform and
server GPU RTX 4090: (1) Resnet50-v1 [39] with input size of
224 x 224 (Resnet), performing image processing backbone
tasks, (2) SSD-Mobilenet-v1 [40] with input size of 300 x 300
(SSD), performing object detection task heads, (3) Yolov3-tiny
[41] with input size of 416 x 416 (YOLO), performing auxiliary
tasks. Each network executes on GPU and DLA at the highest
frequency level 100 times to reduce biases. As shown in Fig. 5,
we have two key observations. Firstly, inference time changes
among networks with different sizes and input sizes, while the
time distributions for specific networks are relatively stable.
Secondly, inferences using different accelerators vary greatly
and GPU generally finishes earlier than DLA. Further, if we
map the parallel inferences to heterogeneous accelerators in
different manners, the misalignment ratio could be 5-38% on
edge GPU and DLA based on prior analysis [38].

In addition, we present the parallel inference execution of
the BEV pipeline in Fig. 6. The backbones execute in parallel to
process multi-modal input, where the image backbone Resnet
[39] uses DLA and the lidar backbone Pointpillar [42]
uses GPU. The Fuser [25] starts when all backbones are
finished and only uses GPU. Different task heads use fused
features to work in parallel, where the detection head SSD [40]
uses DLA and the segmentation head Second [43] uses GPU.
Parallel workloads allocated on different accelerators execute
for varied durations and the accelerator that finishes ahead
remains idle until all parallel tasks are finished. Generally, GPU
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Fig. 5. Various inferences on heterogeneous accelerators present AES

execution time variability and varying misalignment ratios. Misalignment
varies with inference mapping [38].
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executes faster than DLA so GPU presents more idle periods.
For backbone and taskhead periods, around 24% and 42% GPU
time is wasted for waiting for DLA. For fuser periods occu-
pying GPU only, the whole DLA is idle. This misalignment
phenomenon is widespread and more complex for realistic AES
perception stages with more variable and concurrent workloads.

Underutilized Computing Resources: Based on misalign-
ment characterizations, we envision the opportunities of un-
exploited heterogeneous computing resources within the AES
pipeline, termed as shadow cycles. These underutilized re-
sources refer to idle accelerator periods in AES execution and
are ignored in current end-to-end workload mapping solutions
[1]. In this paper, we mainly consider shadow GPU and DLA
cycles on the Nvidia Jetson platform for two reasons: Firstly, the
two accelerators are mostly used for DNN in AES [1]. Secondly,
the embedded CPU cores are too weak to perform heavyweight
inferences [7]. Based on distinct causes of occurrences, we
categorize shadow cycles within AES into two types as shown
in Fig. 7.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 30,2026 at 02:21:16 UTC from IEEE Xplore. Restrictions apply.



932

1) Vertical Shadow Cycles (VSC): They result from mis-
aligned execution of parallel AES perception tasks, de-
noting the idle accelerator periods within the waiting time
until the slowest workload in the perception stage. VSC
in fuser periods is deterministic in position and length,
called dVSC. VSC in backbone and taskhead periods
are nondeterministic due to latency-variable inferences,
called nVSC.

2) Horizontal Shadow Cycles (HSC): They result from the
horizontal AES pipeline pattern, denoting the idle accel-
erator periods within the sensing and actuation stages.
Tasks in the two stages mostly occupy sensors and CPU,
leaving idle accelerators to be utilized.

In summary, there are three main factors that contribute to
shadow cycle variance. First is AES workload patterns. AES
pipeline organization and task complexity affect the proportions
of shadow cycles, such as the unique dVSC in the BEV pattern.
Second is AES accelerator specialty. Currently, we experiment
with a GPU with 200 TOPS and two DLAs with 90 TOPS on
the Nvidia Orin platform, and shadow cycles increase with more
diverse accelerators performing tasks differently. Third is AES
workload mapping. Distinct workload mapping choices causes
varying misalignment, leading to variable shadow cycles [38],
while it is hard to design an optimal balanced mapping without
nVSC [26].

C. Analysis and Challenges of Shadow Cycles

Given the existence of precious shadow cycles within the
AES pipeline, there are three main differences compared with
regular accelerator resources. Firstly, shadow cycles are pre-
emptive. Ensuring AES safety is more important than harvesting
underutilized resources, so tasks using shadow cycles may be
interrupted for additional auxiliary tasks [26]. Secondly, VSC
is volatile in its duration. The mapping of parallel inferences on
accelerators varies, leading to variable degrees of misalignment
within in the perception stage. Despite the VSC ratio in Fig. 6,
we have observed VSC that occupies 10%-50% perception time
under various BEV settings. Thirdly, HSC is fleeting in its dura-
tion. The accelerator-idle sensing and actuation stages occupy
a small proportion of the AES pipeline. For a typical AES
iteration, HSC occupies around 5% execution time [1], namely
a 1-2ms scale for a 40ms latency constraint. These shadow
cycles provide a beneficial expansion of resource visibility for
resource-constrained AES.

Moreover, the ignored shadow cycles are valuable for
resource-constrained AES. Current rule-based AES middle-
ware, such as energy efficiency optimizer, becomes more in-
telligent and costly for AES. The millisecond-scale manage-
ment latency is unacceptable when using accelerators for AES
pipelines or low-power CPUs on edge platforms. Shadow cy-
cles, taking up around 20% accelerator time, are suitable for
deploying on-device intelligent facilities without intrusion into
AES pipeline. Utilizing these underutilized resources could
fully exploit the heterogeneous accelerators in AES. Moreover,
due to the high DVFS latency of more than one millisecond
[30], it is inefficient to shut down the accelerators during the
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idle periods and we do not tune the frequency during shadow
cycle periods. Beyond the individual edge platform like Orin,
more heterogeneous and complex platforms, such as dual-SoC
architecture in autonomous driving [4], present more significant
shadow cycles within the various accelerators.

There will also be situations in which accelerators are always
busy and shadow cycles are scarce, which may result from
tighter constraints or well-designed workload balancing among
accelerators. Under such scenarios, nVSC becomes rare, while
dVSC and HSC still exist due to AES pipeline patterns. The
existing fragments could be utilized to determine the optimal
power configurations but the model optimization lacks suffi-
cient shadow cycles to avoid AES intrusions, which presents
new challenges in selecting a cloud-AES path to optimize the
efficiency model on the cloud with on-device data [13]. How-
ever, current AES with diverse workloads fails to align various
accelerators and mostly presents abundant shadow cycles that
can be utilized.

Overall, utilizing the fragmented shadow cycles mainly faces
two key challenges. 1) How to efficiently capture and manage
shadow cycles? Given the volatile VSC and fleeting HSC, it
is crucial to capture and manage them for utilization quickly.
Time-consuming strategies fail to seize such opportunities. 2)
How to transparently exploit shadow cycles for on-device
facilities? Even if we could capture shadow cycles as wished, it
is more complex to exploit them perfectly. Due to its preemptive
nature, we should carefully select auxiliary rather than mission-
critical tasks to fulfill shadow cycles. More importantly, ex-
ploiting shadow cycles should be transparent to AES pipeline
execution, causing no performance degradation.

IV. DESIGN OF SHEEO+
A. Design Considerations

Based on the aforementioned characterizations, we outline
two key design considerations to enhance the AES manageabil-
ity from data observation and decision optimization.

1) Observe AES Externally and Internally. Optimizing
energy consumption requires continuous monitoring of
AES surrounding variances. The external environment
variances, such as vehicle speed and traffic conditions,
must be jointly considered to determine the most energy-
efficient configurations. Effectively leveraging idle re-
sources across heterogeneous accelerators requires a pre-
cise and timely understanding of infernal hardware and
software runtime status. Variations in software inferences
on hardware accelerators need to be grasped for frag-
mented shadow cycles.

2) Optimize AES Intelligently and Efficiently. Optimiz-
ing energy consumption requires agile and intelligent
reactions to both temporal and spatial variances. Deep
reinforcement learning (DRL) offers an effective solution
for managing power in response to runtime variances. It
learns optimal behaviors by interacting with the environ-
ment in a tight feedback-loop, and can be easily adapted
to manage heterogeneous hardware. Harvesting shadow
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cycles for executing the learning-based optimizer is suit-
able and efficient for resource-constrained AES. VSC is
well-suited for the model fine-tuning process, which is
preemptive and can be executed across heterogeneous
computing units with varying sizes. In contrast, HSC is
appropriate for the inference process, which is relatively
lightweight and carried out in each iteration.

B. Design Overview

In this work, we propose a continuous and intelligent
SHadow cycle-enabled Energy Efficiency Optimizer
(SHEEO+), which leverages the underutilized heterogeneous
resources to enable learning-based power management at the
granularity of each iteration. We aim to make the best use of
the available shadow cycles for lower pipeline interference and
higher energy efficiency. Fig. 8 depicts the workflow of two
main components of SHEEO+, where the observation module
is responsible for collecting internal and external information at
runtime, and the optimization module is responsible for using
shadow cycles for customized deep reinforcement learning
(DRL) algorithms in the pursuit of optimal energy efficiency.

Moreover, compared with the original SHEEO [38], we fur-
ther extend it in the following three aspects.

1) We Devise a More Fine-Grained AES Observation Mod-
ule. We present respective strategies for three types of
shadow cycles within the AES pipeline and newly de-
signed structures to record AES status.

2) We Extend SHEEO from Simple Q-Learning to the
DRL Method. It relies on actor-critic architecture to make
decisions in large and continuous optimization space,
improving the performance and stability of SHEEO.

3) We Provide More Experiments to Validate Our SHEEO+
Design. Extensive evaluation results show that SHEEO+
is able to significantly harvest shadow cycles to avoid
slowdown and improve energy efficiency.

C. Observation Module

The foundational component of SHEEO+ is a continuous ob-
servation module. As Fig. 8 shows, it has two main components:
1) an agile shadow cycle manager and 2) a lightweight AES
state monitor.

1) Shadow Cycle Manager: The Shadow Cycle Manager
(SCM) is responsible for detecting the generation of shadow
cycles, organizing their state, and managing them for executing
optimizers. Firstly, the execution pipeline of AES is closely
monitored. We modify the tasks within AES to report their start
and end times to SCM to produce the shadow cycle states [type,
period, device]. For HSC, the end of the slowest task head
signals the start, and the period is the fixed time of actuation
stage on devices GPU and DLA. For dVSC, the start of the fuser
signals the start, and the period is the estimated time of the fuser
on device DLA since the current fuser can only execute on GPU.
For nVSC, when a task in the perception stage is completed
without subsequent tasks, SCM signals the start of VSC periods,
and the period is estimated by the remaining time of the running
task. In addition, when a new shadow cycle is detected on
the idle device, the periods of shadow cycles are accumulated
without adding new indexes for continuity. To avoid the in-
trusion into the AES pipeline due to shadow cycle utilization,
SCM is responsible for preempting shadow cycles for mission-
critical tasks. When the perception tasks for the next frame are
ready, SCM terminates the ongoing RL agent and removes the
corresponding shadow cycles. Overall, the shadow cycle states
are efficiently captured and managed, and then passed to the RL
manager for deployment of learning-based optimizers.

2) AES State Monitor: The AES State Monitor is respon-
sible for collecting and organizing the real-time external en-
vironments and internal status to optimize energy efficiency.
The AES state contains two parts for every iteration. On the
one hand, the external environments include vehicle speed and
surrounding variance. The former is obtained from the vehicle
domain controller, and the latter is obtained by comparing ad-
jacent perception results. Higher speed and variance represent
more complex scenarios that require tighter latency constraints
for the next iteration, while AES can adaptively reduce energy
consumption with looser constraints. On the other hand, the
internal status contains offline software metadata and online
hardware utilization. The former is calculated via network ar-
chitectures, and the latter is obtained via jetson_stat tool. More
heavy-weight inference and higher hardware usage lead to more
aggressive power configurations in the next iteration. Overall,
the collected AES state is organized into an ordered array in-
dexed by AES iterations and is provided for the RL agent to
make decisions.

D. Optimization Module

After observing AES variance, the next question is how to
optimize AES power configurations to pursue the best energy
efficiency. The optimization module relies on the information
collected by the observation module to make informed deci-
sions. As Fig. 8 shows, it has three main components: 1) a
flexible RL manager, 2) an intelligent RL agent, and 3) a timely
AES manager.

1) RL Manager: The RL Manager is responsible for allocat-
ing shadow cycles to the RL agent considering system status.
As shown in Fig. 9, it organizes the unexploited AES states in
the Store Table and embeds RL training and inference into VSC
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Fig. 9. Design details and DRL architectures of the optimization module
under different scenarios.

and HSC, respectively. The most recent AES states are placed at
the top of the table and are discarded after being used for train-
ing. For HSC, it provides AES states of the latest iteration to the
RL agent for power adjustments in the next iteration. If there is
insufficient HSC to complete one RL inference, the RL manager
refrains from triggering the RL agent and instead informs the
AES manager directly to maintain the current configurations.
For VSC, it outputs AES states to the RL agent iteratively to
fine-tune the optimization model. To avoid the intrusion of the
RL agent into the AES pipeline, it first compares the shadow
cycle periods with the average inference/fine-tuning execution
time. Since the latency of each training update is relatively
stable, if the remaining VSC is shorter than one training step, the
manager avoids sending new states to the agent to prevent wast-
ing shadow cycles. If the execution time of RL agent exceeds
shadow cycle periods, the manager terminates the facility proac-
tively to ensure the mission-critical workloads. The RL agent
remains silent for current iteration and uses previous configu-
rations. Overall, shadow cycles are exploited without intrusion
into the AES pipeline and remain transparent to AES users.

2) RL Agent: The RL Agent is responsible for optimizing
power management policies for long-term reward in dynamic
AES environments based on DRL.

RL Selection. SHEEO+ utilizes the deep deterministic pol-
icy gradient (DDPG) algorithm [34], which is a model-free,
actor-critic RL framework. RL is particularly effective for learn-
ing power adjustment policies since it offers a strong feedback
loop for exploring the action space and generating optimal poli-
cies without relying on inaccurate assumptions. It also enables
direct learning from actual AES inner workloads and outer
environments, allowing an understanding of how adjustments of
low-level resources impact AES performance. We select DDPG
mainly for two reasons: 1) model-free RL does not require the
ergodic distribution of states or the precise modeling of environ-
ment variances (state transitions), which are often challenging
to define accurately. When AES workloads are updated, the
state-transition simulation used in model-based RL changes.
2) Actor-critic methods integrate both policy-based and value-
based approaches, making them well-suited for continuous and
stochastic environments. They offer faster convergence and
lower variance compared to other methods like Q-learning and
DQON.

RL Design. To decide power configurations for an AES iter-
ation, we formulate it as a sequential decision-making problem
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that can be solved by RL framework as shown in Fig. 9. For ev-
ery discrete iteration ¢, the agent observes AES state s; € .S, and
performs an action a; € A based on its policy 7y (s) (parameter-
ized by #), which maps state space S to action space A. At the
following iteration ¢ + 1, the agent observes an reward r; € R
given by a reward function r (s, a; ), denoting the changes from
st to sy41 via action a;. The tuple (s¢, a¢, 7, Spy1) is called
one transition. SHEEO+ optimizes the policy 7y to maximize
the expected cumulative discounted reward ZZ:O v*riix. The
discount factor v € (0, 1] penalizes the predicted future rewards.
A smaller discount factor means that consecutive states have
a weak relationship, and it gives less weight to rewards in
the near future, thus it is suitable for AES with a stochastic
nature. SHEEO+’s policy learning is an actor-critic approach,
where the critic estimates value function, i.e., the cumulative
discounted reward under a given policy, and the actor updates
the policy in the direction suggested by the critic. The value
function of critic Q. (s¢,a;) with parameter w is defined as
Equation 1.

Qu(8t,ar) = Elr(se, ar) + vQu(se41,m(se41))] (1)

The corresponding loss function is defined as Equation 2.

L(w) =Y (ri +vQly (si41, 7 (si11)) — Qu(si, ai)* (2)
7

The target networks Q' ,(s,a) and 7, (s) are introduced in
DDPG to mitigate the problem of instability and divergence
when directly implementing the agent. The actor maintains
7o () to specify the current policy by deterministically mapping
states to a specific action. We select the Adam optimizer with
different learning rates for the actor and critic networks. The
critic network requires a larger learning rate than the actor
network for stable policy updates, and a larger critic learning
rate leads to faster convergence. We use the replay buffer to
reduce the dependency between samples. The actor is updated
as via the critic network in Equation 3.

Vol = VaQu(s=si,a=m7(s)Vomo(s =) (3

State: Every AES iteration contains several neural net-
work inferences on heterogeneous accelerators. The multi-
dimensional state s; is composed of three parts: 1) software
features, especially network architecture. For AES workloads,
we consider the number of convolutional layers s, fully-
connected layers s{ “, and recurrent layers s7¢, which are closely
correlated with the efficiency and performance of AES exe-
cution. Moreover, the state includes software latency si“tency.
2) hardware features, i.e., resource usage. For the heteroge-
neous platform, the state includes the utilization of computing
units s°"""** and memory s7"¢™. Also, the state includes the
energy consumption s; Y including VDD_GPU_SOC and
VDD _CPU_CV within siam"cy on Orin platform. 3) external

environments, including the vehicle speed s;°* and the sur-

rounding variances sy®".
Action: The actions available to the RL agent are to adjust
hardware resources and their corresponding power configura-

tions. af?*¥'¢ denotes the core disabling mechanism to shut
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down the idle cores. al"*? denotes the DVFS mechanism on
different components, including CPU, GPU, two DLAs, and
memory. For instance, if the latency constraints are met in the
previous iteration and the environment becomes less complex,
it may be possible to deactivate specific computing units and
lower the frequency of active units to conserve energy. The set
of actions is currently defined at the hardware layer and can
be expanded by incorporating additional software tuning knobs
such as workload mapping [28] and approximation [21].

Reward: The goal of the RL agent is, given a iteration
t, to determine an optimal policy 7, that results in as low
energy consumption as possible (min,,s;“"?Y) while keep-
ing the AES execution performance close to quality-of-service
(QoS) constraints (min,, QoS — siate"cy). The reward defines
the optimization goals in each iteration, so we design a two-
fold reward 7, which is the weighted sum of normalized per-
formance and energy reward. The performance is normalized
to QoS, and the energy is normalized to the power supply
(ELimit). If the execution latency satisfies QoS requirements,
re = s QoS — B - s¢"°"9Y /ELimit. Otherwise, ry =
—f - s7"“"9% /ELimit to denote the importance of performance
guarantee. The energy reward is multiplied by —1 to increase
the reward for lower energy consumption. SHEEO+ prioritizes
energy consumption so it sets « as 0.1 and 3 as 0.2 for the
following experiments. But we can use a higher « if AES
workloads require higher QoS guarantees or a higher 3 if AES
requires lower energy consumption.

Workflow: The workflow of the RL Agent is closely related
to shadow cycles. The actor-critic networks are pre-trained of-
fline and fine-tuned on AES with runtime state-action transi-
tions. The actor and critic networks contain two fully connected
hidden layers with the ReLU activation function. The actor
network has nine state inputs and six action outputs. To optimize
energy efficiency, the RL agent utilizes VSC for fine-tuning and
HSC for inference as shown in Algorithm 1. For the pre-trained
networks, if the VSC periods are enough and the store table is
not empty, it iteratively fine-tunes the networks with historical
records. With consecutive state transition (line 2), it updates
current critic and actor networks by Equations 2 and 3 (lines 3-
4). Then, it updates the target networks considering consecutive
penalties and gradient descent (lines 5-6). Meanwhile, if the
HSC periods are enough, the RL agent selects actions maxi-
mizing energy efficiency with just the actor network (line 10).
It also calculate the reward of the last iteration to complete the
store table (lines 11-13).

3) AES Manager: The AES Manager is responsible for
performing the actions generated by the RL Agent and exe-
cuting them accordingly. To tune AES power configurations, it
modifies the set_freq file at the beginning of every iteration. If
the RL agent decides to decrease the frequency of a component
running at the lowest frequency, the AES manager turns off
specific units to reduce static power. For every component, there
are predefined V/F levels (e.g., GPU has 12 fixed levels). The
tuning range of each knob is defined by the power mode con-
figurations and is limited by the overall power supply available
to the AES (e.g., a maximum of 40W for Orin). Moreover, to
prevent additional complexity and costs due to DVFS latency

935

Algorithm 1: Pseudocode of RL Agent Execution.

Input: Pre-trained @, (s,a) and mg(a | s) with weights
w and #. Observation state of iteration ¢.
Output: Fine-tuned networks @), and my. Action a; for

iteration t.
1 foreach VSC periods and Store Table # () do
2 For a batch of s; and s;4; and chosen action a;;
3 Update critic by minimizing the loss L(w);
4 Update actor by sampled policy gradient Vg.J;
5 w' —yw + (1 —vy)w';
6 0 0+ (1 —)0;
7 end
8 foreach HSC periods do
9 Receive observation state s; of iteration ¢;
10 ag < 7o (s¢);
11 Calculate reward 7;_1;
12 Add (74, 8¢) to (8¢—1,a¢-1);
13 Store Table «+ (s¢, at) ;
14 end

[30], SHEEO+ performs the optimal action at the granularity
of AES iterations to minimize DVFS influences rather than
inference tasks or network layers.

V. EVALUATION

Our evaluation wants to answer three questions:

1) How can SHEEO+ utilize AES shadow cycles? (§V-B)
2) How can SHEEO+ optimize energy efficiency? (§V-C)
3) How about the deployment costs of SHEEO+? (§V-D)

A. Evaluation Methodology

Implementations: To evaluate the performance of SHEEO+
in realistic AES, we implement a prototype of the two main
components in Python, and the actor-critic DRL agent is imple-
mented with Pytorch. As for the hyperparameters in SHEEO+,
we select the learning rates of 3 x 10™* for the actor network
and 3 x 10~2 for the critic network. The actual values are
determined following prior works [16], [44] and validated on
our platforms. Secondly, we set the discount factor v as 0.4. We
compare 0.1, 0.4, and 0.9 based on prior works [15], [16] and we
choose the optimal 0.4. Thirdly, we train the RL agent offline for
50 iterations to initialize the pre-trained networks. The number
of pre-training iterations is determined by the empirical learning
curve in our optimization space. We use the INA3221 power
monitor at 12C address 0x40 [45] at Sms intervals to collect
energy consumption and the Python time module to measure
the execution latency. To reduce experiment result biases, the
evaluated metrics are averaged from 10 repeated experiments.

System Setup: We perform all experiments on a typical
embedded platform, Nvidia Jetson AGX Orin [18], and the
specifications are shown in Table II. The power mode of Orin is
set at maximum power mode (MAXN) consistently. We mainly
consider the shadow cycles on GPU and NVDLA since they
are mostly used for AES workloads. To mimic AES software

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 30,2026 at 02:21:16 UTC from IEEE Xplore. Restrictions apply.



936

TABLE I
STATE AND ACTION SPACE OF SHEEO+

State Space S
Workload architecture. Execution latency.
Component utilization. Energy consumption.
Vehicle speed. Surrounding variation.
Action Space A
Disable idle components.
Adjust V/F levels of different components

Software Features
Hardware Features
External Env.

Switch Knobs
Power Knobs

TABLE 11
EVALUATION PLATFORM SPECIFICATIONS

Platform Nvidia Jetson AGX Orin Module
CPU 8-core ARM Cortex-A78AE v8.2
GPU 1792-core Ampere GPU with 200 TOPS

Memory 32GB 256-bit LPDDRS with 204.8 GB/s

Accelerator 2x NVDLA v2, 1x PVA v2
System Linux 5.10.104-tegra with Jetpack 5.1.1
Software CUDA 11.4 and TensorRT 8.5.2

pipeline, we construct with a lidar backbone Pointpillar
[42], an image backbone Resnet [39], a BEVFusion Fuser
[25], an object detection task head SSD [40], and a scene seg-
mentation task head Second [43]. All models are implemented
in Pytorch 1.12.1, converted to ONNX 1.15.0, and optimized by
TensorRT 8.5.2 in FP16.

Baselines: To comprehensively compare the performance of
SHEEO+, we compare it with three types of state-of-the-art
(SOTA) baselines: 1) Workload-Aware Control (WAC) meth-
ods [21]. 2) Learning-Based Control (LBC) methods [13]. 3)
Q-learning RL (SHEEO) methods [38]. WAC employs a static
model for workload profiling and formulates power manage-
ment decisions based on system limitations, such as latency
analysis. LBC utilizes a machine learning model and historical
data to derive optimal power management decisions. We present
a comparative analysis of SHEEO+ against SOTA implemen-
tations from all of these categories.

B. Shadow Cycles Utilization

To answer the first question, we evaluate SHEEO+’s usage
of underutilized shadow cycles under various scenarios.

Pipeline Ultilization: Fig. 10 illustrates a representative
iteration within the three-stage AES pipeline, encompassing
sensing, perception, and actuation phases. The efficacy of
SHEEO+ is demonstrated through a comparative analysis of
heterogeneous hardware utilization, specifically focusing on
GPU, which exhibits a later completion time than DLA. With
SHEEO+ implemented, as indicated by the blue line, the ver-
tical and horizontal shadow cycles within the AES pipeline
are effectively utilized to execute power management facilities.
On average, compared with execution without shadow cycles
utilization in the gray line, VSC periods achieve over 65.4%
resource utilization for DRL networks fine-tuning, while HSC
periods attain approximately 41.2% resource utilization, at-
tributed to the relatively lightweight DRL inference. Compared
with SHEEO with Q-learning in the green line, SHEEO+ could
harvest more shadow cycles with advanced DRL methods.
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Fig. 10. SHEEO+ utilizes two types of shadow cycles within the AES
pipeline. It utilizes shadow cycles better than SHEEO with the more powerful
DRL agent.
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Fig. 11.  The ratio of harvesting shadow cycles via SHEEO+ under various
execution conditions. Higher ratios mean effectively utilizing more idle
resources for facilities.

Overall, SHEEO+ enables resource-constrained AES to fully
utilize two types of idle accelerator periods to avoid regular
resources for energy efficiency optimizers.

Harvesting Ratios: Fig. 11 depicts the shadow cycle har-
vesting ratio of SHEEO+ across varied execution conditions.
The harvesting ratio is quantified as the increase in resource uti-
lization within shadow cycle durations compared to that without
SHEEO+. We vary the vehicle speed and runtime variance (RV)
to mimic different latency constraints and AES complexity. On
average, SHEEO+ achieves VSC harvesting ratios of 56.5%,
61.8%, 68.8%, and 74.2% under different runtime variances,
and an average HSC harvesting ratio of 39.9%. Theoretically,
SHEEO+ identifies the underutilized resources with the shadow
cycle manager and utilizes two types of shadow cycles with the
RL agent tasks, resulting in high harvesting ratios under various
scenarios. Further, we have four key observations to deepen the
understanding of SHEEO+’s inherent advantages. Firstly, the
harvesting ratio increases under high vehicle speed conditions,
where strict latency constraints result in shorter VSC dura-
tions for processing equivalent perception tasks. Under such
scenarios with tighter constraints and scarce nVSC, the VSC
harvesting ratio is higher due to sufficient utilization of dVSC.
Secondly, the harvesting ratio increases with greater runtime
variances, which demands more frequent DRL model fine-
tuning. Thirdly, scenarios with low vehicle speed and runtime
variance exhibit an abundance of shadow cycles, offering po-
tentials for deployment of more compute-intensive manage-
ment facilities. Lastly, a stable decision-making inference is
too lightweight to occupy the HSC, which could be utilized
more. Overall, compared with light-weight SHEEO, SHEEO+
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Fig. 12. SHEEO+ achieves better energy consumption than SOTA baselines

under various scenarios. Values are normalized to the WAC baseline. SHEEO+
outperforms the most under high variance and medium speed scenario.

with DRL methods achieves higher utilization of two types
of shadow cycles. However, shadow resource utilization only
shows the effectiveness of SHEEO+ in harvesting underutilized
resources, we further evaluate its efficiency improvements via
AES overall power consumption.

C. Energy Efficiency Improvements

To answer the second question, we evaluate AES energy
efficiency with SHEEO+ and SOTA baselines.

Energy Consumption Reduction: Fig. 12 illustrates a com-
parative analysis of energy consumption across various energy
optimization schemes. The Oracle represents an idealized of-
fline power management decision. For a more direct compar-
ison, all results are normalized against the WAC baseline. On
average, SHEEO+ shows 15% and 5.1% improvements over
heuristic-based and learning-based methods, respectively. For
low runtime variance scenarios, SHEEO+ exhibits 9.3% and
3.2% energy efficiency improvements over WAC and LBC,
since the minimal environmental changes reduce the necessity
of adaptive management. For high runtime variance scenarios,
SHEEO+ surpasses the aforementioned baselines by 18.6% and
5.6%, respectively, due to the baselines’ inability to adapt to dy-
namic conditions. Theoretically, SHEEO+ reduces AES energy
consumption by selecting power configurations that offer both
performance guarantees and runtime adaptation. It optimizes
heterogeneous accelerator efficiency in the variable execution
environments. The efficiency improvements result from the
joint work of learning changing environments in VSC and de-
ciding the optimal configurations in HSC. In addition, we have
two observations to deepen the understanding of SHEEO+’s
inherent advantages. Firstly, workload-aware power manage-
ment without complex learning is sufficient for achieving near-
optimal energy efficiency under low runtime variances. Sec-
ondly, SHEEO+ achieves the maximal 19.8% energy reduction
under high runtime variance and medium vehicle speed, since
the stringent latency constraints imposed by high speed limit
the scope of energy optimization.

Energy-Performance Trade-offs: Fig. 13 illustrates the
energy-delay product (EDP) of SHEEO+, providing a compres-
sive assessment of AES efficiency by considering both energy
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Fig. 13. SHEEO+ achieves better energy efficiency with little cost of

execution performance. SHEEO+ outperforms the most under high variance
and medium speed scenario.

consumption and execution latency. On average, SHEEO+ ex-
hibits a 11.5% improvement over WAC and a 3.3% improve-
ment over LBC. The results show that SHEEO+ prioritizes
energy efficiency, potentially incurring a marginal increase in
execution latency. With specific designs of performance guaran-
tee in DRL reward, SHEEO+ keeps the AES execution latency
within the QoS requirements and minimizes the performance
slack. Notably, under high runtime variances, SHEEO+ demon-
strates adaptability to varying latency constraints and environ-
mental fluctuations.

Frequency Tuning Decisions: To further examine the en-
ergy efficiency gains achieved by SHEEO+, the frequency tun-
ing decisions per iteration are depicted in Fig. 14. The default
power mode of the Orin platform is modified to allow for 12
selectable frequency levels for the GPU and DLA. The GPU
frequency can be adjusted within the range of 306 to 930 MHz,
while the DLA frequency can be varied from 320 to 1408
MHz. We mimic three distinct phases to represent realistic AES
execution conditions in previous experiments. During the Low
RV phase, SHEEO+ exhibits performance comparable to LBC
and SHEEQO, as all systems effectively learn the AES behaviors.
During the Speed Changing phase, characterized by fluctuating
latency constraints, SHEEO+ makes decisions similar to WAC,
but with more aggressive frequency adjustments to accelerate
or decelerate execution. During the High RV phase, where the
runtime conditions are fluctuating, SHEEO+ implements more
varying frequency tuning decisions to optimize the efficiency
of the current state, resulting in decreased energy consumption.
SHEEO+ tends to reduce the frequency of energy-hungry GPU
and increase the frequency of energy-efficient DLA. However,
the reduction in frequency may lead to a slight increase in
execution latency.

D. Deployment Cost Analysis of SHEEO+

To answer the third question, we present the execution details
of SHEEO+ from three key aspects.

Runtime Overhead: The overheads of SHEEO+ come from
two sources: the cost of AES observation and the cost of
efficiency optimization. Fig. 15 presents the AES execution
overheads with SHEEO+ and other baselines. For observation
module overheads, the slight slowdown results from the state
observation and shadow cycle control overheads. Compared
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under changing scenarios, leading to optimized energy consumption and AES
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Fig. 15.  AES slowdown caused by observation and optimization overheads.

with SHEEO using the same state monitor, the AES state
monitor incurs 0.8% overhead for every iteration, including
the vehicle domain controller for speed, identifier for variance,
and jetson-stat tool for utilization. Moreover, the shadow cycle
manager incurs an additional 0.5% overhead to organize and
manage three types of shadow cycles, including instrumentation
into AES pipeline tasks to obtain shadow cycles and following
management. For optimization module overheads, SHEEO+
theoretically reduces AES slowdown due to optimization since
the training utilizes VSC and the inference utilizes HSC without
interfering with the AES pipeline. SHEEO+ and SHEEO incur
negligible AES performance slowdown compared with similar
DRL methods. For additional energy consumption to execute
SHEEOQO+, we find that it consumes 7.6 mJ for every training
step and 12.3 mJ for every inference process, corresponding to
only 1.5% of the total energy consumption. As for the memory
overhead, SHEEO+ uses 45.2 MB memory to store the states
and models, occupying only 0.1% of the 32 GB capacity of the
evaluated AES platform.

Learning Curve: Fig. 16 shows that the reward of SHEEO+
converges with the training process, denoting that the DRL
agent is getting better at optimizing energy efficiency and guar-
anteeing performance. When training the model from scratch,
the reward converges after around 100 iterations and experi-
ences fluctuations with runtime condition changes. With a pre-
trained actor-critic model, SHEEO+ experiences little reward
fluctuations and can further use real-time state-action transitions
to fine-tune the offline DRL model.

QoS Violation: Fig. 17 demonstrates the AES QoS violation
caused by the energy decisions via different optimizers. With
aggressive power tuning, SHEEO+ violates at most 3.2% la-
tency constraints of AES iterations, resulting from the lower
V/F level settings for better energy efficiency. Compared with
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conservative LBC and SHEEO, SHEEO+ experiences more
frequent long-latency executions, especially under higher run-
time variance scenarios. However, the DRL model of SHEEO+
corrects itself with specific reward designs to mitigate further
QoS violations and guarantee overall performance.

VI. DISCUSSION AND FUTURE WORK

In this paper, we exploit AES shadow cycles to deploy energy
efficiency optimizers. In the future, broader existence and wider
utilization of shadow cycles could be more promising.

A. Shadow Cycles in More Heterogeneous Systems

AES shadow cycles stem from inherent misalignment, which
is an enduring consideration across past and future system
architectures. Traditionally, the work-stealing techniques are
designed to address misalignment in multi-core processors [46],
while the task offloading mechanisms are used to accelerate
heavy-weight tasks in CPU-GPU architectures [47]. For dis-
tributed shared-state datacenters, there are more underutilized
resource fragments due to update misalignment [48]. Shadow
cycles within AES go beyond traditional resource harvesting
since repetitive AES makes shadow cycles more fragmented
and variable. Future embedded platforms incorporate more
domain-specific accelerators [2], [49] and variable Al work-
loads [11], leading to more severe misalignment. More specif-
ically, BEV pipelines on dual-GPU platform induce 10-20%
dVSC and more than 30% nVSC [26], and application perfor-
mance on future GPU-NPU-ASIC platforms is varying more
significantly [50], [51]. Therefore, the potential for underuti-
lized and ignored resources warrants further investigation in
more heterogeneous system architectures.

B. Shadow Cycles for More Complex Workloads

SHEEO+ is used to harvest AES shadow cycles for power
management facilities, while the extended visibility on under-
utilized resources could be exploited for more intelligent tasks.
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Firstly, diverse best-effort workloads, such as DNN training
[52], data processing [48], and perspective-view tasks [26],
could utilize shadow cycles to improve overall performance. We
can adaptively divide the workloads to fit the volatile VSC and
fleeting HSC. For example, the millisecond-scale training ker-
nel for AES tasks [52] and periodic traffic light detection [26]
could benefit from shadow cycle utilization. Secondly, more
complex facilities could utilize shadow cycles for non-intrusive
deployment. Besides energy efficiency optimizers just deciding
power tuning knobs, more costly middleware, such as resource
management [31], cloud-edge synchronization [15], and task
mapping [28], could also exploit shadow cycles to hide the deci-
sion overheads. For example, the sub-accelerator selection [28]
and coherence orchestration [37] with 3-6% overheads could
utilize more horizontal shadow cycles within heterogeneous
accelerators. More suitable auxiliary tasks and heavy-weight
management inferences could further improve the current low
HSC utilization. Therefore, SHEEO+ serves as a demonstrative
example of the broader application of ignored shadow cycles.

VII. RELATED WORKS
A. Researches on Autonomous Embedded Systems

Existing research from academic and industrial sectors has
primarily concentrated on the architectural design and schedul-
ing of AES [5], [14], [17], [23]. To build more heterogeneous
AES systems, prior works provide in-depth analyses of the
architectural implications and design considerations like au-
tonomous driving [1], micromobility vehicles [7], and drones
[8]. At the hardware layer, Srivatsan proposes a systematic
approach to develop domain-specific embedded system-on-chip
(SoC) architectures to improve hardware heterogeneity [2].
At the software layer, researchers propose more complex au-
tonomous software paradigm [11], [25] and many data-driven
mechanisms for resource management [20], [35], task mapping
[26], [28], and cache coherence [37]. However, these works
concentrate on increasing specific capabilities and utilizing
regular resources, failing to harvest the ignored heterogeneous
resource fragments from the inherent hardware and software
diversity within AES.

B. Researches on Energy Efficiency Optimization

In response to the increasing complexity of AES hard-
ware and software, researchers have adopted machine learning
methodologies to enhance conventional energy efficiency opti-
mizers. Within cloud environments, characterized by relatively
stable workloads and runtime, predictive models are employed
to optimize energy efficiency [13], [16], [27], [53]. Frameworks
such as LEO utilize probabilistic graphical models to discern
Pareto-optimal trade-offs [53]. These solutions, however, are
tailored for systems with minimal stochastic runtime variances
and necessitate dedicated hardware resources for learning and
decision-making processes. Conversely, the domain of AES
has seen limited prior works on intelligent power management
[15], [21], [35]. NeuOS, for instance, is a latency-predictable,

multi-dimensional optimization framework designed for multi-
DNN workloads in AES [21]. These approaches tend to priori-
tize workload characteristics, while often neglecting stochastic
runtime variance and lacking real-time adaptation capabilities
[32]. Moreover, there is research on optimizing independent
DVES conflicts [29] and frequent DVFES overheads [30] for
better energy efficiency. However, prior works fail to construct
continuous and intelligent power management solutions to
agilely grasp runtime variance and precisely make optimal
decisions, which is SHEEO+’s focus.

VIII. CONCLUSION

This paper examines the potential of underutilized shadow
cycles within autonomous embedded systems and addresses the
necessity for energy efficiency optimizers capable of adapting
to runtime variations. We introduce SHEEO+, a methodology
designed to leverage shadow cycles for continuous energy effi-
ciency optimization with deep reinforcement learning. Experi-
mental results demonstrate that SHEEO+ achieves up to 74.2%
shadow cycle utilization and enhance energy efficiency by up
to 18.6% when compared with state-of-the-art solutions, with
minimal deployment overheads. It is anticipated that SHEEO+
will inspire increased resource visibility for future intelligent
management facilities of AES.
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