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Increasingly, machine learning inference is implemented on relatively low-powered edge devices, where battery life is a key

performance criterion. In this work, we demonstrate how C++20 coroutines can be used to reorganise the execution order of

an iterative inference task on an edge device. A Prognostic and Health Management (PHM) application receives streams of

vibration data as envelope spectra from a wireless sensor network and processes them locally through an array of Support

Vector Machines. In our experiments on ARM Cortex A72 & A53 64-bit SoCs, this method can reduce energy consumption for

the task by up to 18%, reduce overall energy use by up to 20% and cut execution time by up to 20.5%. Furthermore, peak power

levels are reduced by up to 4.5%, which can increase battery lifespan by reducing wear. We demonstrate that the necessary

changes to the C++ code are simple, repeatable and generally applicable to iterative inference tasks.

CCS Concepts: · Software and its engineering→ Coroutines; · Hardware→ Power and energy; · Computer systems

organization→ Embedded software; · Computing methodologies→ Concurrent algorithms; Support vector machines.
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1 Introduction

As the volume of data produced by Internet of Things (IoT) devices grows [13, 45], an ever-increasing amount
of data is processed locally, on edge devices [33, 39, 41], rather than being transmitted in full to the cloud for
remote processing [2, 33]. Since many of these edge devices are battery-powered, it is important to minimise the
energy consumption of machine learning (ML) inference models [38] located at the edge.
The bulk of ML inference is executed by code libraries written in C and C++. Although other languages,

particularly Python, are used to control ML processing, the underlying libraries, such as those of NumPy [21],
PyTorch [34] and TensorFlow [1] are primarily written in C and C++. Furthermore, inference engines designed
for microcontrollers and other edge devices, such as TensorFlow Lite for Microcontrollers [15], and uTensor [40]
are implemented purely in C++. Therefore, performance and eiciency improvements of C++ implementations
are critical for the practical deployment of ML inference on the edge.

In 2020, the C++20 standard introduced coroutines as a native language feature [7]. Coroutines are subroutines
that can be suspended and resumed without loss of local data and state [14, 31]. The C++ implementations of
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coroutines in LLVM and GCC execute eiciently and can therefore be used as extremely lightweight threads [8,
26, 35]. Coroutines can be used to create a łmini-schedulerž which divides large monolithic iterative tasks into
smaller sub-tasks. Each of these sub-tasks can beneit from prefetching [26, 35] and improved memory access
patterns [8], resulting in appreciably faster data throughput compared to the standard sequential execution
pattern.
Our earlier work [8] used micro-benchmarks to investigate the impact of these techniques on the speed

of execution of various algorithms employed in inference engines. However, that work was limited to micro-
benchmarks and did not consider the applicability of the technique to real-world use cases, whereas this research
studies the efects of a coroutine-based execution pattern on a real application and compares not only data
throughput but also the energy consumption characteristics of sequential and coroutine-based execution patterns.

This paper’s primary contribution is to be the irst work proposing and evaluating the use of C++20 coroutines
for energy eiciency in ML inference on edge devices. This is achieved through a mini-scheduler algorithm
for the use of coroutines, combined with a measurement framework and test harness to evaluate the energy
eiciency of coroutines, using Prognostic and Health Management (PHM) as the motivating application. Our
analysis and evaluation of the proposed method provides insights that may contribute to broader use of such an
approach.
The rest of the paper is organised as follows: Section 2 focuses on the most recent and relevant work in the

ield of performance enhancement using coroutines. Section 3 describes the methodology of the techniques used
to improve performance and the experimental methods we used to study their impact. Section 4 presents the
results of our experiments, Section 5 discusses the results and Section 6 contains our conclusions and suggestions
for possible future work. Appendices A and B contain the mini-scheduler algorithm and relevant source code
sections, respectively. The code for the experiments can be downloaded from an online repository 1.

2 Related work

This section establishes background work that motivates this research, including the drive to perform ML
workloads on edge devices, architectural and programming paradigm shifts that improve performance and
eiciency, implementations that have demonstrated beneits from these innovations, and the potential impact this
can have on energy consumption. We frame this around the application area of PHM, where ML techniques such
as Support Vector Machines (SVMs) have for some time been demonstrated as an efective means of predicting
device failures or their remaining useful life [47], and more recently can be used in a wider set of use-cases [24].

2.1 Edge computing

The move towards edge processing of IoT data is driven by several diferent factors, including on the one hand
data-related concerns such as privacy, security and data provenance, and on the other hand network-related
issues such as latency, reliability and bandwidth.

Edge computing presents both privacy and security beneits as well as challenges. By computing data closer to
the source, less data is transferred to more central locations, but edge devices and their intermediate networks
become new elements that must ensure adequate security to protect the data they are handling [49], where
end-to-end encryption between source and cloud may previously have suiced. The provenance of data also
becomes an issue, requiring data sources and handlers of data to be properly tracked through logging or immutable
methods such as blockchain [23].

Performance beneits arise from this shift, too. AI workloads, which may have massive data requirements, may
have impractical latencies for real-time applications such as Augmented Reality (AR), Virtual Reality (VR) and
live monitoring of physical processes with sensors. Longer communication chains also impose a more signiicant

1https://github.com/bbelson2/coro_edge_energy.git/
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latency penalty in the event of needing to retry. One solution to this challenge is edge processing [11], with the
possibility of guaranteed latency and reliability parameters [16]. This is not an łeither / orž decision: both edge
and cloud can collaboratively process data to improve key metrics within the constraints of each system and the
bandwidth required to move data between them [30, 36]. Striking a balance is necessary, because edge computing
may also introduce performance penalties arising from processing limitations, rather than network latency [2].

2.2 Architectural and language enhancements

ML workloads often require the processing of large datasets. Thus, eiciency in the transfer of data from memory
to processing unit is an important factor. The problems and mitigations of memory access patterns have been
examined in the context of ML on edge devices, including eforts to optimize frameworks for edge processors [9]
and better understanding of workload memory access patterns to maximise the beneits of data pre-fetching [4].

Hardware acceleration of ML workloads has received signiicant attention with eforts to optimise at both the
hardware [12, 17, 27, 43] and software level [44, 48], and through hybrid [9, 43] solutions. Processing-in-memory
(PIM) has been proposed as a means of improving speed and reducing unnecessary data movement during local
processing of edge data [19, 20], and supporting architectures are now commercially available [28, 29].

Coroutines [14, 31] can potentially help improve performance of these large ML workloads by dividing them
into smaller parts that have simpler memory access patterns and beneit from pre-fetching. However, while
lower in overhead than full threads or multi-processing, implementing this design pattern still requires efort.
Fortunately, programming languages and toolchains can bridge this gap, for example in the extensively used C++
language. The C++20 standard’s introduction of coroutines delegates their implementation to the compiler [7].
Thus, the trade-of between code complexity and performance has changed to the advantage of the developer.

Techniques based on coroutines have been used to improve the performance of database engines on large
server platforms [22, 26, 35], with the focus of these works on hiding latency due to cache misses arising
from dereferencing of multiple pointers, known as łpointer chasingž. Coroutines have also been used to imple-
ment software-deined network switches [3], employing a deep-pipelining approach that equals or exceeds the
performance a more traditional batching / pre-fetching solution.

2.3 Applications

On a Raspberry Pi 4 B Ð a small platform widely used for edge processing Ð C++ coroutines were used to
implement a łmini-schedulerž that provided up to 65% speed improvements for a range of ML algorithms and
transformations, including 8.3% speed improvement for a SVM [8].
Other languages feature coroutines, for example Python since version 3.5. Encheva et al. [18] demonstrated

their usefulness for embedded systems programming with MicroPython on an ESP32 microcontroller, testing
simple constructs as well as a webcam server and dynamic scripting over the device’s serial port, reducing the
threading that would normally be handled within the underlying Real Time Operating System (RTOS), simplifying
the code.

2.4 Energy eficiency

Performance and energy eiciency tend to correlate strongly because a task that completes more quickly tends to
use less energy. This can be complicated by features such as Dynamic Voltage and Frequency Scaling (DVFS),
where racing to idle might usually be most energy-eicient, but if some other activity limits how much power-
saving can be obtained outside of the task, then stretching the task out over a longer time, at a lower operating
voltage and frequency may be beneicial [6]. This is complicated further by modern multi-core systems, which
may have multiple operating states at any one time, across diferent domains within the chip. Loose timing
requirements or lower computational accuracy can also be incorporated into the trade-of [5].

ACM Trans. Embedd. Comput. Syst.
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While hiding latency may improve performance, the underlying activity of the memory subsystem, including
caches, can still impact energy consumption on a diferent scale to performance alone. For example, a cache miss
determination approach that bypasses cache levels identiied as unlikely to contain the desired data [32], was
shown to have greater energy savings than time savings in some benchmarks. However, the greatest diferences
were only present in idealised circumstances where the miss prediction was perfect and consumed no energy
itself.

2.5 Motivation

Combining the above areas, there is a clear case for improving the eiciency of ML workloads for edge computing
scenarios, with coroutines able to serve this objective. While not a new concept, recent language and compiler
enhancements have enabled easier adoption of coroutines, and applications in edge and embedded cases have
demonstrated their beneits. Performance and energy are related, but often with many hidden complexities, and
so in this paper we seek to analyse prior work on performance-enhancing coroutine-based SVMs, with energy
eiciency as the primary focus.

3 Methodology

Our methodology begins by examining the target PHM application, then focusing on the gateway component
that is run on a Raspberry Pi. We then describe the coroutine implementation method, followed by how tests
are run Ð including the generated dataset that the SVM will process Ð along with the performance and energy
measurement process. Finally, we describe the statistical processes applied to our collected data.

3.1 Application

The studied architecture is shown in Fig. 1. We consider the case of machine learning inference running on a
gateway attached to a wireless sensor network (WSN). Each of the nodes of the WSN is attached to an item
of machinery whose health is being monitored. The PHM method is based on comparing the instantaneous
frequency analysis of the speciic item against a set of expected frequencies recorded for each sensor. The sensor
node uses an accelerometer to record the vibrations of the machinery for a sample period, then, in order to isolate
frequencies that indicate bearing damage, converts the data to the frequency domain using a locally executed
Fast Fourier Transform (FFT).

The gateway application receives data transmitted by the � sensors in the WSN. Each measurement contains a
vector of � FFT bins, representing a set of � features: it is packed into a single UDP datagram and transmitted
to the gateway. � measurements are collected for each sensor. When all data has been received, the gateway
processes all measurements for all sensors. Finally, a single status value for each sensor is transmitted to the
cloud.
This architecture Ð with large amounts of input data and small quantities of output Ð is typical of many

applications: local processing avoids cloud dependency, reduces communications costs and assists privacy. In
cases such as this one, where the application is deployed remotely, cloud solutions are not feasible.
Each vector of features within the complete collection of measurements is passed through a SVM using

per-sensor weights. This calculation is a multi-level iteration process as described in Algorithm 1.
The SVM calculations for a complete data set provide a test for the coroutine-based execution pattern which

this paper examines. This multi-layered set of iterations ofers an opportunity for a simple transformation to
parallelised, multi-threaded execution, using coroutines as extremely light-weight threads, under the model
shown in Fig. 2, as demonstrated in earlier work [8].

ACM Trans. Embedd. Comput. Syst.
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Fig. 1. Networked application. (i) Sensor acceleration data is recorded by inertial measurement unit (IMU) and transformed

to frequency domain; (ii) sample vector is sent to gateway as a UDP packet; (iii) gateway retrieves sensor-specific weights

and applies SVM to each sample vector.

� sensors each produce� measurements, each containing � features; thus input data is very large (� ·� · � ), but the final

output Ð just one status value for each sensor Ð is small (�). This architecture is characteristic of edge systems in remote

deployments without easy access to the cloud: it avoids cloud dependency, reduces cost and assists privacy. The architecture

requires that inference be implemented locally; inference involves many layers of iteration of simple calculations.

3.2 Platform

The gateway computer program was authored in C++20, the irst version of C++ to support coroutines [25]. The
Clang 12.0 compiler was used, based on its eicient implementation of coroutines [8]. The program was executed
on a Raspberry Pi 4 computer [42] with 2GB RAM and a quad core ARM Cortex A72 64-bit SoC with a 2 layer 1
MiB CPU cache. The L1 cache size of this machine is 32 KiB and the L2 cache is 1 MiB. 16-bit ixed point numbers
(with 3.13 bits) are used for all real numeric values. A secondary platform - the older Raspberry Pi 3 B+ - was also
tested for comparison. (We restricted our focus to the Raspberry Pi ecosystem (i) for simplicity and (ii) as a good
it for available test equipment.) The software platform is summarised in Table 1.

ACM Trans. Embedd. Comput. Syst.
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Algorithm 1 Levels of iteration within the application

1: procedure SVMs(sensor_data) ⊲ Apply SVM to each feature vector in ������_����
2: for all s in sensor_data do ⊲ Iterate across sensors - S items

3: ������������ ←������������ [�] ⊲ Retrieve all measurements for this sensor
4: ����ℎ�� ← ����ℎ�� [�] ⊲ Look up weights for this sensor
5: for all m in measurements do ⊲ Iterate across measurements - S x M items

6: � ������� ←� ⊲� contains a vector of features
7: ⊲ Injected code: Initiate a prefetch for [features]

8: ⊲ Injected code: Suspend execution until [features] is loaded into CPU cache

9: ����� ← 0

10: for all f in features do ⊲ Iterate across features - S x M x F items

11: ����� ← ����� + � .� [�] ⊲ Calculate step of dot product
12: end for

13: ������� [�] ← (����� > ���� [�]) ⊲ Calculate class of this measurement
14: end for

15: �������� [�] ← ��� (�������) ⊲ Calculate outcome for this sensor
16: end for

17: return �������� ⊲ Return outcomes for all sensors
18: end procedure

calculate

Sequential

calculate

Multi-threaded prefetch

Coroutine 1

Coroutine 2

Payoff

time

Calculate

Prefetch

Coroutine

prefetch

Fig. 2. Coroutine execution model compared with unmodified sequential execution model. (Based on [8] with permission.)

3.3 Coroutine implementation

The coroutine transformation summarised in Fig. 2 and in Algorithm 1.7 improves the speed of iterative tasks
that access arbitrarily located blocks of memory: in the case of the SVM operations in the test application, an
earlier isolated micro-benchmark [8] demonstrated performance improvements of up to 8.3% on this platform.

ACM Trans. Embedd. Comput. Syst.
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Table 1. Sotware characteristics

Name Value Notes

C++ version C++20 [25] Earliest C++ version to support native coroutines; only
C++ version fully implemented at time of testing

Compiler Clang 12.0 Most eicient coroutine implementation for this plat-
form [8]

Operating system Debian Linux 11
(Bullseye)

Minimal implementation (Raspberry Pi OS Lite)

Arithmetic 16-bit ixed-point
numbers

3 integer places and 13 fractional places were suicient
for the range and resolution of the data set, which is
derived from 12-bit accelerometer readings

Some small modiications to the SVM implementation code are required before it can make use of the coroutine
execution model:

(1) The function containing iterations must be transformed to a coroutine. This is done by (i) returning an
object that implements the promise_type interface and (ii) calling co_await, co_yield or co_return at
some point.

(2) Within the iterator two operations must be injected before each new data region is used: (i) initiate a
prefetch for the data and (ii) yield to the scheduler by calling co_await. Fig. 13a shows the C++ code of the
simple modiication required for the application code, which is inserted before each SVM operation.

As a result of these changes, the coroutine executing the SVM pauses while the required data is loaded into
CPU cache. Loading into cache is executed asynchronously by dedicated machinery independent of the CPU.
The mini-scheduler ensures that another task is executed while the cache is loaded. When the scheduler again
invokes the waiting task, the data will be in cache and no stall will occur. Furthermore, speed of execution also
beneits from an advantageous memory access pattern [8].

3.4 Execution template

The execution context is controlled by a mini-scheduler, implemented as a C++ template. The template is reusable
across any multi-level iterative task and is shown in Listing 1 . In order to be called by the scheduler, the coroutine
that executes a single step must be reorganised so that it accepts the following parameters: (i) a reference to an
application-dependent context class and (ii) the current index into the collection of items to be iterated. This
allows the scheduler to manage the list of remaining work eiciently, and without any knowledge of the speciic
domain or task. An example of this reorganisation is shown in Listing 2.

An instance of the coroutine_runner templated class is instantiated and then invoked via its run() method
(as shown in Listing 3) . The template runs as deined in Algorithm 2, summarised as follows:

(1) The run() method creates an collection of coroutines - one for each parallelised lightweight thread.
(2) The method then repeatedly iterates through the collection of coroutines in a round-robin pattern. If a

coroutine’s current work item is in a wait state it is resumed. If the item is complete then the coroutine is
deleted and replaced by a new one, created for the next item in the queue.

(3) The coroutine currently being executed may pause at any time and enter a wait state by calling co_await;
control then returns to the scheduler’s run() method, which selects another waiting coroutine.

(4) Once all items have been completed, the run() method exits.

ACM Trans. Embedd. Comput. Syst.
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Table 2. Execution parameters

Parameter Symbol Range Step Description

Sensors � 10 ś 50 10 Number of sensors transmitting data packets
Measurements � 10 ś 100 10 Data packets per sensor
Features � 128 ś 2048 64 Number of FFT bins (features) per measurement
Repeats 30 Number of repeats for each test

3.5 Test application

An experimental PHM application already under development was used as the basis for a version created
speciically to support the test. The accuracy of inference is not itself on test here, and so the experiments can be
de-coupled from real input sensor data, allowing a larger set of tests to be run more readily and repeatably. As
such, the sensor nodes were simulated using a pseudo-random series of feature values from a Mersenne twister,
MT19937, with a ixed seed. This data is used as UDP traic representing the sensor network messages. This
paper focuses on the gateway part of the WSN and speciically on the energy performance characteristics of the
numeric processing required for the local machine learning inference engine.

In addition to the use of simulated data, the code was altered as follows: the two execution models (the standard
unmodiied sequential model and the modiied coroutine-based model) were run alternately for each set of data,
in an interleaved pattern; additionally, large regions of memory were modiied between each test, in order to
lush the CPU cache, and to ensure that each test started without any relevant memory already in cache.

The execution models were run repeatedly as follows:

(1) Receive and collate multiple UDP datagrams from a number of sensors (simulated), then lood cache.
(2) Run test 30 times:
(a) Apply SVM to each data set using standard sequential execution, then lush cache.
(b) Apply SVM to each data set using coroutine execution, then lush cache.

The execution parameters were varied as shown in Table 2, for a total of 1,550 tests, each test being run 30
times.

3.6 Performance measurement

The power supplied to the Raspberry Pi was measured using a Joulescope 220 2, as shown in Fig. 3. The Joulescope
sampling rate is 2 MHz (0.5 �s period) and has a sampling precision of 875 �W.

The test application set and cleared general-purpose input/output (GPIO) pins on the Raspberry Pi at the start
and end respectively of each processing phase, and this data was passed to the Joulescope to synchronise with
the energy measurements, and to be collected in the same result set, as shown in Fig. 4. The GPIO pins were
controlled using a library, wiringPi [46], which utilises direct hardware access; for this application it displayed
latencies of up to 7 �s.
It could be argued that this study might have been more efectively executed by using a simulation of the

platform, rather than through the actual time and power measurements used in this paper. However, we decided
that building conidence in the actual outcomes Ð especially with regard to battery life and speed of performance
Ð was important enough to justify the additional time and efort.

2https://www.joulescope.com/
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Fig. 3. Wiring layout for experimental procedure. The Joulescope provides power from the floating source to the Raspberry

Pi, and measures voltage & current used. The Raspberry Pi provides timing information to the Joulescope through interrupts.

All data is merged and passed to a PC via USB.

3.6.1 Time Saving. Time (� ) measures the time from the start of the SVM calculations to the end, as shown in
Eq. (1). � is the simplest result to measure, since it can be read immediately from the width (along the time-axis)
of the rectangular pulse from the appropriate GPIO pin, as shown in the lower two traces in Fig. 4.

� = �1 − �0 (1)

where �0 and �1 denote the start and end time respectively.
Tests are examined in pairs: the standard sequential execution and the coroutine execution pattern that

follows it. The Time Savings (�� ) for the pair is calculated as shown in Eq. (2). Thus a positive value signiies an
improvement in performance (i.e. less time used for the same task).

�� =

� (�) −� (�)

� (�)
(2)

where � (�) and � (�) denote the durations of the sequential pattern and the coroutine pattern respectively.

3.6.2 Overall power and energy savings. Overall Energy (��) measures the total energy used by the test device
from the start of the SVM calculations to the end, as shown in Eq. (3). �� is simple to measure, being the area
under the power curve (the upper trace in Fig. 4) between the start and end of the duration’s rectangular pulse.

ACM Trans. Embedd. Comput. Syst.
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Fig. 4. Example readout from Joulescope, showing the power usage of the device under test (in the upper trace) along with

the GPIO pins (in the lower two traces), indicating which execution context is in use.

�� =

�1︁

�0

� .Δ� (3)

where � denotes the power measured at Joulescope and Δ� denotes the time resolution of the Joulescope.
The energy used by each pair of tests is measured. The Overall Energy Savings (��� ) for the pair is calculated

similarly to duration savings, as the reduction in energy divided by the energy of the sequential pattern, as shown
in Eq. (4). A positive value signiies an improvement - a reduction in energy used.

��� =

�� (�) −�� (�)

�� (�)
(4)

where �� (�) and �� (�) denote the total energy for the sequential pattern and for the coroutine pattern respec-
tively.

Median Overall Power (�� ) for each test is calculated as follows:

�� =������( [� (�0)..� (�1)]) (5)

where � denotes power measured at Joulescope and �0 and �1 denote the start and end time respectively.

ACM Trans. Embedd. Comput. Syst.
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The Savings in Median Overall Power (��� ) for the pair is calculated as the negative of the change in power use
divided by the power use of the sequential pattern, as shown in Eq. (6). A positive value signiies an improvement
- a reduction in median power used.

��� =

�� (�) −�� (�)

�� (�)
(6)

where �� (�) and �� (�) denote median total power for the sequential pattern and for the coroutine pattern
respectively.

3.6.3 SVM task energy. As observed above, Time (� ) and Overall Energy (��) are straightforward to measure;
however, the power used speciically for the SVM task is more diicult to derive.
Each period of SVM processing caused an immediate rise to a higher power usage level, as shown in Fig. 5.

There was a slight delay in reaching the higher level; the length of the delay was consistent, and independent
of the duration of the SVM calculations. We attribute this to a discharge of capacitors or other energy storage
elements, where the additional power draw was temporarily taken from the capacitors until the voltage regulator
was able to respond. There was a similar delay in returning to base power levels at the end of processing, which
we attribute to the recharging of the capacitors. The process is described in Fig. 5.

To account for the capacitive-based rise and fall of the measured power, we deine the SVM’s Task Energy
(��), which is illustrated by the shaded region in Fig. 5. The mathematical deinition is as follows.

Starting with a Base Line Power Level (����� ) calculated as the median power level in a ixed period before the
test begins:

����� =������( [� (�0 − �� )..� (�0)]) (7)

where � denotes power measured at Joulescope, �0 denotes the start time and �� denotes the discharge period, we
calculate the excess of power use over base line from the start of the calculation and to the point where power
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use returned to the base line, as shown in Fig. 5 and in Eq. (8).

�� =

�1+��︁

�0

(� − ����� ).Δ� (8)

where �0 and �1 denote the start and end time respectively, �� is the discharge period, � denotes power measured
at Joulescope and Δ� is the time resolution of the Joulescope.
As with Overall Energy, the SVM’s Task Energy Savings (��� ) are calculated as the ratio of the reduction

caused by the use of coroutines and the original SVM Task Energy, as shown in Eq. (9).

��� =

�� (�) −�� (�)

�� (�)
(9)

where �� (�) and �� (�) denote the SVM task energy for the sequential pattern and for the coroutine pattern
respectively.

3.6.4 Peak power. Peak current Ð and thus also peak power usage (�� ) Ð is known to have an efect on total
battery lifetime [10]. The peak power level during the SVM processing was calculated as follows:

�� = max
�0→�1
(�) (10)

where � denotes power measured at Joulescope and �0 and �1 denote the start and end time respectively.
The savings in peak power level (��� ) were calculated by comparing peak power usage for each test pair as

shown in Eq. (11).

��� =

�� (�) − �� (�)

�� (�)
(11)

where �� (�) and �� (�) denote peak power for the sequential pattern and for the coroutine pattern respectively.

3.7 Statistics

Each test was repeated 30 times in order to provide a large enough test set to detect outliers (based on a rule-
of-thumb emerging from the Central Limit Theorem). Although the operating system version was łheadlessž
and thus had a minimised number of competing processes and daemons, Raspberry Pi Linux is nevertheless a
multi-tasking operating system, and performance of any task will inevitably vary, impacted by the heightened
activity of background processes. As well as absorbing CPU cycles for task-switching, these processes can
overwrite the cache with their own process-speciic data while the task is paused, in which case the cache
prefetch will be inefective, a stall will still occur and an outlier will be recorded.

Median absolute deviation (���) [37] was used to detect outliers. Within each test, the��� of the duration
was calculated for each execution pattern. Results whose deviation from the ��� was more than 4 standard
deviations (above or below) were excluded. For any pair of results (i.e. consecutive sequential and coroutined
executions), the exclusion of either result resulted in the exclusion of both.
Surviving pairs of results were retained, and for each pair the change in performance for time, energy used,

median power used, adjusted energy used and peak power level was calculated as described in Eqs. (2), (4), (6),
(9) and (11) respectively.

This process resulted in the removal of 8.74% of the test runs for the Raspberry Pi 4 and 15.93% of the Raspberry
Pi 3 test runs.
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Fig. 6. Summary of performance gains from using coroutines to reorder execution of SVM analyses on Raspberry Pi 4.

Statistics displayed represent the reduction in cost divided by the original cost. Time is the elapsed time spent on the SVM

task; Overall energy is the total energy consumed by the edge device during the task; Task energy is the marginal energy

consumption of the task, ater subtracting the base energy use.

4 Results

Our results are presented in terms of time, then power and overall energy, followed by more detailed presentation
of the focus area of our eforts Ð the SVM task Ð then peak power and platform-speciic results, ending with a
summary of result consistency.

4.1 Introduction

A typical output from the experiment resembles Fig. 4. The lower two lines on the chart display the rectangular
signals supplied directly to the Joulescope by the test application, using the test device’s GPIO pins: high signals
on pins 0 and 1 signify the normal sequential execution pattern and the coroutined execution pattern respectively.
The upper line records the power usage of the test device on the same time axis.

It is immediately apparent Ð from inspection of test runs such as that in Fig. 4 Ð that the spike in power
use during the coroutined execution is lower than that during sequential execution. Closer examination of the
rectangular pulses reveals that the total time for the coroutined operation is also noticeably less than that for the
sequential execution.

A typical response to the application of coroutines to the performance in terms of time and energy is summarised
in Fig. 6. In this coniguration, the use of coroutines resulted in approximately a 5% saving in time and a 19%
saving in task energy consumption for feature counts between 1152 and 1280.
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Fig. 7. The efect of SVM feature count on time savings for various sensor counts (�) and measurement counts (�). Each

point represents the median value for a single experiment repeated 30 times, with outliers removed as described in Section

3.7. Note the similarity of the response curves across all sample counts. The notable exception is for the smallest sensor and

measurement counts (10 x 20 and 10 x 40) which - with a smaller total memory requirement - display less decay for higher

feature counts.

Sections 4.2 to 4.7 examine the savings measures individually.
Detailed and summary statistics of the results for each sensor count and measurement count combination can

be found in the online repository.

4.1.1 Dimensionality. Many of the igures in this paper, including Figs. 6, 7, 8 and 10, focus on the impact of
SVM feature count on performance improvements. SVM feature count in this set of experiments is important in
that it represents a class of parameter that cannot easily be manipulated as a coniguration setting or a calculated
run-time setting, because it is the ixed size of an indivisible unit of work. In this case it represents the length of a
feature vector input to the SVM, whose size is a side-efect of the accelerometer used in the sensors.

By contrast, the sensor count (�) and the measurement count (�) represent parameters that can be controlled
Ð or tuned Ð by the application developer; this is similar to a Deep Learning scenario where the developer tunes
the batch size in order to optimise the learning task.

4.2 Time

It was expected that SVM feature count (� ) would have a major impact on all types of savings, since the cost of
pausing and resuming the iterator with co_await is incurred exactly once for each feature vector, and this cost is
non-trivial.
Fig. 7 conirms this expectation: it shows the impact of SVM feature count on time savings (�� ) for a range

of sensor counts (�) and measurement counts (�). It is notable that the pattern of the response with regard to
feature count (� ) is consistent for almost all sensor counts and measurement counts: a small feature count results
in zero time savings; as the size of the vector of features increases the savings increase dramatically, reaching a
peak of 5.5% at a feature count of around 960-1088; the savings gradually and steadily fall of thereafter. There is
an exception to the pattern for the smallest sensor x measurement count shown (10 x 20), presumably relecting a
total memory size which does not ill the CPU cache.
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The poor performance of the coroutine pattern at low feature counts is likely due to two factors. First, there is
a ixed cost to using coroutines, which is incurred regardless of the feature count, and which includes splitting
tasks, creating coroutine structures, and initializing scheduling state. Second, the cost of pausing and resuming
the iterator with co_await is incurred exactly once for each feature vector. As the feature count increases, these
costs are amortised over a larger amount of work, and thus the savings become more apparent. One possible
explanation for the decline in savings at higher feature counts is increased contention for CPU resources and
cache capacity as the SVM workload grows.
In summary, there exists - for all except the smallest network sizes - a large region of SVM feature counts

where the beneits of the coroutined execution pattern are guaranteed and ofer between 4% and 5.5% savings in
execution time.

These results are consistent with the time savings found for SVM on a Raspberry Pi 4 B in [8].

4.3 Overall power and median overall energy

A notable outcome of this research is the clear saving in energy usage as a result of replacing the sequential
execution pattern with a coroutined execution pattern. Fig. 8a shows the savings (��� ) in overall power usage
(�� ) between the two execution patterns for a number of diferent data set sizes and SVM feature counts. Under
the modiied (coroutined) execution pattern the calculation runs for a shorter time and uses less power while
running; outside the smaller feature count zone, the amount of power saved rises steadily, to between 4% and
4.5%.

As shown in Fig. 8b, the efects of time saving and power saving combine to create an overall energy saving
(��� ) between 6% and 9%: this saving applies to a usefully large range of feature counts. As would be expected,
the impact of feature count on ��� shows similar characteristics to its impact on �� . The highest energy savings
appear for feature counts between 720 and 1024. Once again, there is a consistent shape of response curve for
all sensor and measurement counts, and once again there is a notable exception for the smallest sensor and
measurement count (10 x 20) which also displays less decay for higher feature counts.

4.4 SVM task energy

This derived measure represents the energy savings speciically for the SVM task (as described in Section 3.6.3
and in Fig. 5). Fig. 8c shows steady energy savings of over 16% for a wide range of SVM feature counts. The
measure follows a similar pattern to the overall energy shown in Fig. 8b. Tests with a feature count between 720
and 1024 show the highest savings, but with a very gradual falling of above 1024.

Fig. 8c shows that the highest range of task energy savings (i.e. >= 16%) coincides with positive time savings
(0.5% to 6%) and high total energy savings (5% and above). We observe that there exists a large and reliable range
of data sizes where speed, total energy and task energy can all be reliably improved by use of the techniques
outlined here.

4.5 Peak power

Fig. 9 compares the median peak power savings for each test set with savings in time and average power for
the Raspberry Pi 4 platform. The regions of parameter space which display the best average power and time
savings Ð- i.e. the brighter dots (shown in yellow and pale green) on the right-hand-side of the chart Ð- also
exhibit steadily positive peak power savings of between 2% and 4.5%.

Since peak power levels were between 2.66 W and 3.33 W with a 5V power supply, this saving typically reduced
peak current from e.g. 545 mA to between 531 and 520 mA, a saving of between 14 and 25 mA. In percentage
terms, this is between 2.6% and 4.6%, with the similarity to the power reduction percentages expected given that
current changes will dominate the change in power, while supply voltages should remain fairly stable.
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Fig. 8. The efect of SVM feature count on energy & power savings measures, for various sensor and sample counts. Each

point represents the median value for a single experiment repeated 30 times, with outliers removed as described in Section

3.7.
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represents the results for a pair of parameter values: � (sensor count) and� (measurement count). Points to the right of 0%

indicate time savings; points that are lighter in colour indicate savings in average power. Notice that the parameter values

for � and� which result in useful outcomes for time and power also display useful reductions in peak power Ð between 2%

and 4.5%.

There were no peak power savings for the Raspberry Pi 3 B+ platform: the peak power level was in fact slightly
higher on the older platform.

4.6 Comparison with Raspberry Pi 3

To compare base performance across platforms, we used the following calculated statistics:

Features per second =

� ·� · �

�
(12)

Features per joule (overall energy) =
� ·� · �

��
(13)

Features per joule (task energy) =
� ·� · �

��
(14)

where � is sensor count,� is measurement count, � is SVM feature count and � , �� and �� denote time, overall
energy and task energy respectively.

Fig. 10 displays these base performance statistics for both execution patterns on both platforms, across a range
of sensor (�) and measurement (�) counts against SVM feature count (� ). The consistency of pattern is notable:
all performance statistics tend towards a lat response (with regard to feature count) as the count increases
beyond 1000.

4.6.1 Time. The two platforms have very diferent performance capabilities. The speed characteristics in Fig.
10a show that the Raspberry Pi 4 B performs the SVM analysis about 6 times as fast as the Raspberry Pi 3 B+.

4.6.2 Overall energy. Fig. 10b shows that the overall energy cost for the newer platform that is around 5.5 times
as low as the older platform. This ratio is consistent across sample and measurement counts.

4.6.3 Task energy. We see from Fig. 10c that the diference between the two platforms is much less pronounced
for the task energy Ð i.e. after the cost of running the operating systems and other background processes is
removed. We might conclude that many of the overall performance improvements gained by enhancements to
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energy. Each point represents the median value for a single experiment repeated 30 times, with outliers removed as described

in Section 3.7. � : Number of sensors;� : Number of measurements per sensor.
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metric: �� , ��� and ��� for the specified sensor and measurement count. These savings are as defined in Eqs. (2), (6) and (9).

the design of the Raspberry Pi 4 do not apply equally strongly to the memory- and CPU-intensive operations
that this task requires.

4.6.4 Impact of coroutine execution model. Comparing the impact of the coroutine execution model on the two
platforms Ð as shown in Fig. 10 Ð we see improvements in all three performance criteria: time, overall energy
and task energy. In all three cases Ð outside of the very low feature counts Ð there is a clear improvement in
performance on both platforms, and the performance enhancement is visible across a wide range of sensor counts,
measurement counts and feature counts.

4.7 Consistency of results

Fig. 11 summarises the consistency of the savings achievable in time, overall power and task energy across the
various combinations of sensor counts and measurements per sensor, for the Raspberry Pi 4. For each metric the
savings were reasonably consistent, with the exception of the cases which had the smallest number of sensors
and measurements per sensor. We observe that in general savings for all three metrics rise as the measurement
count per sensor is increased.

5 Discussion

Following the presentation of our results, we now examine them and discuss our indings.

5.1 Overall performance savings

Performance gains are summarised in Fig. 12, which compares the range of savings achieved for time (�� ), overall
power (��� ), overall energy (��� ) and task energy (��� ) on the two test platforms. Time savings on both platforms
are positive and show little variation across diferent sensor and measurement counts. The time savings on the Pi
3 platform are very large, at around 20.5%, and the time savings for the Pi 4 are lower but still useful at around
3.5%.

The overall power savings on the Pi 4 have a mean of ≈ 3.9% and are asymptotic to 4%; the bulk of results are
over 3.2% and even the outliers remain above 2.2%. The overall power usage on the Pi 3 platform is made worse
through the application of coroutines: there is a net loss of performance of ≈ 0.5%.
The energy consumed speciically by the SVM calculation task shows important improvements on both

platforms: on the Pi 4 the energy use is improved by a mean of 19% and is asymptotic to 18%; there are outliers as
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Fig. 12. Summary of best performance savings in time and energy on each platform. The y values represent the mean

performance saving for each criterion (�� , ��� , ��� and ��� ) for each specific sensor and measurement count. These savings

are as defined in Eqs. (2), (6), (4), and (9). For each combination of sensor count (�) and measurement count (�), the mean

performance gain across SVM feature counts > 1024 is collated. This set is shown in the box plot: the box contains the

quartiles and the whiskers extend to show the rest of the range, with the exception of outliers, which are shown as dots. (The

negative value for ��� on the Pi 3 indicates that the modified algorithm had a net cost - more power was required by the

modified coroutine execution patern than by the unmodified sequential execution patern.)

low as 15%, which still represents a valuable gain. On the Pi 3 the improvement, with a mean and an asymptote
of 13%, is less marked but is still appreciable.

In Fig. 10, we can see a consistent pattern for the impact of SVM feature count on time, overall energy and task
energy. In general, savings do not begin until the feature count reaches about 256: this is the point at which the
cost Ð in time and energy Ð of creating, invoking and managing a coroutine is outweighed by the performance
savings attributable to improved memory access patterns. The level of savings develops from 512 to 1024 features
and stays fairly static thereafter.
The pattern difers for the smallest data size shown (10 sensors with 20 measurements each): the savings in

time and overall energy do not present until the feature count reaches 512, and savings do not stabilise until
around 1800. This indicates that Ð for this smaller number of vectors Ð the CPU memory cache is not illed until
the vectors are proportionately larger.

5.2 Comparison of platforms

While the Raspberry Pi 4 B is capable of performance much superior to its Pi 3 predecessor with regard to both
speed of execution of the SVM calculations (Fig. 10a) and overall power used (Fig. 10b), we can observe in Fig.
10c that both platforms use similar amounts of energy speciically for the SVM process. We can also see in Fig.
10c, by comparing the features per joule for the coroutine execution model and the sequential model, that the
power savings achieved by applying the coroutine execution model are similar and very clear, tending towards
13% and 18% on the Pi 3 and 4 respectively.
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Table 3. Summary of savings in time, power and energy

Platform
Time
(�� )

Overall power

(��� )

Overall energy

(��� )

Task energy

(��� )

Raspberry Pi 3 B+ 20.5% -0.5% 20.0% 13.0%
Raspberry Pi 4 B 3.5% 4.0% 7.5% 18.0%

1. �� , ��� , ��� and ��� are calculated as deined in Eqs. (2), (6), (4) and (9), respectively.

2. For each sensor-measurements (� ·�) pair, the SVM feature count with the best median outcome is selected.

3. Values of � ·� < 1024 are excluded because the curve only becomes asymptotic above this value.

4. For each statistic, the asymptotic value as � ·� increases is shown.

 

1  // Apply SVM to each row – suspend each vector 
2  for (sample = 0; sample < sample_count; sample++, 

       x += row_len, result_ptr++)  

3  { 

4    x = prefetcher.prefetch(x, data_line_count); 

5    co_await std::suspend_always{}; 

6    *result_ptr = svm_infer(w, x, bias, row_len); 

7  } 

  

(a) Modification to suspend unconditionally
 

1  // Apply SVM to each row – suspend on demand 
2  for (sample = 0; sample < sample_count; sample++, 

       x += row_len, result_ptr++)  

3  { 

4    if (x + row_len > x_pre + data_loaded) { 

5      x_pre = prefetcher.prefetch(x, data_line_count);  

6      co_await std::suspend_always{}; 

7    } 

8    *result_ptr = svm_infer(w, x, bias, row_len); 

9  } 

  

(b) Modification to suspend when cache is exhausted

Fig. 13. Modifications to the SVM application code. The added code is shown boxed. In (a) line 4 initiates a memory prefetch

for the next input vector; line 5 yields to the scheduler; when other tasks have yielded, control returns to line 6, by which

time vector x will have been loaded into CPU cache. In (b) the modification uses a diferent injection strategy, so that the

code only suspends on-demand i.e. when the available prefetched memory is insuficient for the current operation. This

strategy was found, experimentally, to be too expensive: the cost of the test outweighed any benefit from memory access

patern improvements.

5.3 Performance trade-ofs

The paper compares the performance characteristics of two execution models applied to an iterative calculation
task: sequential execution and a switching approach using coroutines to swap cheaply between sub-regions
of the task. We explored a substantial test space, varying the sizes of the outer iterations and the amount of
memory used, and we observed a variety of performance changes Ð both positive and negative Ð across the
space explored; we also determined that a large region within the test space reliably ofered useful performance
improvements.

However, it is important to note that all these tests relied on the use of a simple and unconditional code injection
strategy as illustrated in Fig. 13a: the frequency of the task-switching was ixed. However, if a more lexible code
injection strategy was used, such as that shown in Fig. 13b Ð where a test is applied, so that the task switches
only when no more precached memory is available Ð then the cost of executing the injected code becomes
unacceptably high. Using this strategy, we were unable to achieve any reliable performance improvements at all,
across the same parameter space.
In summary, there is evidence that performance in speed and energy use can be improved by a low-cost

task-switching strategy that spreads memory access more evenly across the memory address space of the CPUs
studied, but the mechanism that implements the strategy must be carefully managed with regard to its speed and
frequency of invocation.

ACM Trans. Embedd. Comput. Syst.
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5.4 Dimensionality

As stated in Section 4.1.1 above, many of the results examined here, including those in Figs. 6, 7, 8 and 10, measure
the impact of SVM feature count. Because feature count is driven by sensor hardware, it is a parameter that
cannot be controlled by the application developer (or at run-time).
The method studied in this paper suits problems where at least some of the dimensionality parameters are

controllable; if there is no freedom to tune such parameters, then the technique should not be used.
In other edge computing applications, whether within ML or outside, the eicacy of the execution strategy

described in this paper will depend on other parameters Ð similar to SVM feature count Ð whose value is ixed
by the implementation. It is important to test across the range of likely values for an application instance before
investing in the strategy.

5.5 Value of mini-scheduler

We have observed in Section 5.3 that the implementation of the injected code that contains the machinery for task
suspension can be the deciding factor in whether the strategy is successful or not; similarly, the implementation
of the mini-scheduler will have an important impact on the eicacy of the strategy.

The simple round-robin pattern summarised in Algorithm 2 (and listed in full in Appendix B) has low overheads
but does not have enough per-coroutine state information to usefully prioritise between coroutines. It is possible
that a more complex prioritisation mechanism would ofer further performance beneits; alternatively, a trade-of
between complexity and performance might result in the opposite outcome.

6 Conclusions

We have investigated the use of an algorithmic transformation of C++ code to improve runtime performance on
an edge device. This transformation uses coroutines and a łmini-schedulerž class to improve the performance of
multi-layered highly iterative code Ð the type of code typically found in machine learning inference applications.
We conducted experiments on two edge gateway devices: a Raspberry Pi 4 B and a Raspberry Pi 3 B+. We

measured the impact of the coroutine execution model on the performance characteristics of a support vector
machine on a gateway, which locally processed feature vectors passed in by multiple sensors. We varied the
number of sensor nodes connected to the gateway device, the number of measurements made by each sensor,
and the size of the feature vectors. Table 3 shows a summary of the results.
We observed clear improvements in speed of performance: 3.5% on the Pi 4 and 20.5% on the Pi 3. Notably,

we also observed - on the Pi 4 only - a substantive reduction in the overall power used by the system while
calculating the SVM: 4.0%.
Combining the impact of time savings and overall power savings, we observed an overall energy saving of

7.5% on the Pi 4 and 20% on the Pi 3. (The energy saving on the Pi 3 is solely a side-efect of the time saving).
Separating out the power used speciically by the SVM calculation, we saw a reduction of 18.0% on the Pi 4

and 13% on the Pi 3.
We observed that the technique ofers useful beneits on both of the platforms studied, but in difering ways, as

summarised in Table 3: the Pi 4 ofers savings in the 3.5% to 4.0% region for both time and overall power, whereas
the Pi 3 ofered time savings up to 20.5% and a slight power cost.
This paper was restricted to testing on Raspberry Pi devices. Our earlier work [8] established that Intel

platforms could also show speed beneits; it would be useful to investigate whether Intel platforms Ð particularly
the small devices used for edge processing Ð will also display power usage improvements.
The use of this transformation on existing application code ofers considerable cost savings. The throughput

improvements observed would allow a proportional reduction in the number of gateways in a WSN, with a
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positive impact on equipment and deployment costs. The energy improvements Ð up to around 18% Ð ofer large
increases in battery life, with consequent deployment and maintenance savings.
The beneits discussed here are part of a trade-of that places increased code complexity against reduced

execution time, energy use and peak current. We assert that - with the use of C++20 - the increase in code
complexity is known and manageable: the scheduler code in Listing 1 is easily and immediately applicable to
other problem domains; the alterations to the existing iteration code in Listing 2 are small and simple; and the
invocation of the iterator/scheduler , as shown in Listing 3, is transparent and short.

6.1 Further work

This initial work has explored the energy beneits of using a speciic language’s coroutine implementation against
a particular ML problem on two Raspberry Pi platforms. As a result, there are several avenues worth exploring:

(1) Testing on further platforms, particularly the now widely available Raspberry Pi 5, as well as competing
Single Board Computer (SBC) platforms, including those that use alternative SoCs and architectures such
as RISC-V.

(2) Consider other datasets, such as those within PHM that are larger than the scenario used in this work, or
data from other application areas, to determine whether similar energy reductions are achievable with
coroutine scheduling.

(3) Working with existing C++ ML implementation libraries for edge devices to provide operating system-
speciic versions of the implementation template and to apply them to the libraries’ inference code. We
note that in previous work [8], while SVM performance beneitted from prefetch and therefore coroutine
scheduling, this was not always the case for other methods.

(4) An investigation into the behaviours underlying the performance improvements, including the use of
performance tools to provide analyses of the impact of the technique on (i) cache misses and stalls (afecting
instruction cache as well as data cache), (ii) memory access patterns, (iii) CPU utilisation and (iv) dynamic
voltage and frequency scaling.

(5) Studying the impact of the technique when used on multiple cores (including platforms with asymmetric
cores).

(6) Comparing the beneits of the technique against the use of threads and thread pools.
(7) Identifying other iterative, compute-intensive edge computing tasks that would beneit from the technique,

both within and outside ML.
(8) Developing and evaluating the efectiveness of a compiler extension or source-to-source preprocessor that

automatically translates sequential code to coroutines when requested. Such approaches would mitigate
potential code complexity arising from manual implementation.
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A Algorithms

Algorithm 2 Operation of mini-scheduler for coroutines

1: procedure Run(cc, n, coro) ⊲ Run coroutine ‘coro’ for each of ‘n’ items, using ‘cc’ coroutines.
2: ����� ← [1, ..., ��] ⊲ Create an array of coroutines

3: ���� ← [1, ..., ��] ⊲ Array of completion lags for each coroutine
4: for � = 1, . . . , �� do

5: ����� [�] ← ��� ��������� (����, �) ⊲ Create new coroutine to process item �

6: ���� [�] ← � ���� ⊲ Coroutine’s initial state is ‘incomplete’
7: end for

8: ���� ← �� + 1 ⊲ Index for next item to be processed
9: ��������� ← 0

10: while ��������� < � do ⊲ Continue until all work items are completed

11: for � = 1, . . . , �� do ⊲ Inspect each coroutine in turn – round-robin

12: if ��� ���� [�] then ⊲ If any work remains
13: if ��� ����� [�] .��_�������� () then

14: ����� [�] .������ () ⊲ If not complete – continue

15: else

16: if ���� == � then ⊲ Test whether any work items remain
17: ���� [�] ← ���� ⊲ No work remains ś mark this slot as complete
18: else

19: ����� [�] ← ��� ��������� (����, ����) ⊲ Replace with new instance

20: ���� ← ���� + 1

21: end if

22: ��������� ← ��������� + 1

23: end if

24: end if

25: end for

26: end while

27: end procedure

B Source code

Listing 1 contains the mini-scheduler used in these experiments, a generalised C++ template class. Listing 2
shows the SVM iteration algorithm to which the scheduler was applied, both before and after the changes that
were required by the scheduler. Listing 3 demonstrates the invocation of the scheduler for the batch of SVM tasks.
The full source code is managed at https://github.com/bbelson2/coro_edge_energy.git/.

1 // Generalised runner for parallelising iterative

2 // tasks across multiple coroutines.

3 template <typename REFDATA_T >

4 class coroutine_runner {

5 public:

6 typedef resumable_t (* coro_fn_t)(

7 const prefetcher_t &prefetcher ,

8 REFDATA_T &refdata , size_t coroutine_index);
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9

10 coroutine_runner(const prefetcher_t &prefetcher ,

11 REFDATA_T &refdata)

12 : prefetcher_(prefetcher), refdata_(refdata) {}

13

14 void run(size_t coroutine_count , size_t item_count ,

15 coro_fn_t coro_fn) {

16 // A collection of parallelised coroutines

17 std::vector <resumable_t > tasks;

18 // Status of all items

19 std::vector <bool > done(coroutine_count , false);

20 size_t incomplete = item_count;

21

22 // Create coroutines , ready to run. There will always be at most

23 // coroutine_count of them , and each will be deleted and replaced

24 // by a new one when its item is complete.

25 for (size_t b = 0; b < coroutine_count; b++) {

26 tasks.push_back(coro_fn(prefetcher_ , refdata_ , b));

27 }

28

29 // Work through all tasks until all are done

30 size_t next_item = coroutine_count;

31 while (incomplete > 0) {

32 for (size_t c = 0; c < tasks.size(); c++) {

33 if (done[c]) {

34 continue;

35 }

36 resumable_t &t = tasks[c];

37 if (t.is_complete ()) {

38 if (next_item < item_count) {

39 tasks[c] = coro_fn(prefetcher_ , refdata_ ,

40 next_item);

41 next_item ++;

42 } else {

43 done[c] = true;

44 }

45 incomplete --;

46 } else {

47 t.resume ();

48 }

49 }

50 }

51 }

52

53 protected:

54 const prefetcher_t &prefetcher_;

55 REFDATA_T &refdata_;

ACM Trans. Embedd. Comput. Syst.



Reducing Energy Consumption for Machine Learning Inference on Edge Devices using C++20 Coroutines • 29

56 };

Listing 1. Generalised C++ template to apply the coroutined execution context to any function ater it has been converted to

a coroutine with three parameters: (i) prefetcher class, (ii) an application-dependent context class and (iii) an index into the

collection of sub-tasks (as defined by typedef coro_fn_t in lines 5-7).
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1 // SVM iteration algorithm , before being refactored as a coroutine

2 void infer_sensor_sequential(runtime_data &rt_data , uint32_t sensor_index)

3 {

4 const data_item_t *x, *w;

5

6 // Resolve weights & bias for this sensor

7 w = rt_data.resolve_w(sensor_index);

8

9 // Inspect w data

10 data_item_t bias = w[0];

11 w++;

12

13 // Get sensor data base

14 const data_vector_t& x_vec = rt_data.resolve_x_vec(sensor_index);

15 x = x_vec.data();

16 auto row_len = rt_data.rt.sv_len;

17 auto sample_count = x_vec.size() / row_len;

18

19 // Get result base

20 std::vector <result_t >& results = rt_data.resolve_results_vec(sensor_index);

21 result_t* result_ptr = results.data();

22

23 for (uint32_t sample = 0; sample < sample_count; sample++, x += row_len , result_ptr ++)

24 {

25 *result_ptr = svm_infer(w, x, bias , row_len) ? 1 : 0;

26 }

27 }

28

29 // Controller to run task sequentially

30 void run_infer_sequential(runtime_data &rt_data)

31 {

32 for (uint32_t i = 0; i < rt_data.rt.sensor_count; i++)

33 {

34 infer_sensor_sequential(rt_data , i);

35 }

36 }

37

38 // SVM iteration algorithm , after refactoring as a coroutine

39 static resumable infer_sensor_coro(const prefetcher_t &prefetcher , runtime_data &rt_data ,

40 size_t coroutine_index)

41 {

42 uint32_t sensor_index = (uint32_t)coroutine_index;

43 co_await CORO_STD :: suspend_always {};

44

45 const data_item_t *x, *w;

46

47 // Calculate prefetch sizes

48 size_t weights_size = rt_data.rt.w_len * sizeof(data_item_t);

49 size_t weights_line_count = to_pf_line_count(weights_size);

50
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51 // Resolve weights & bias for this sensor

52 w = rt_data.resolve_w(sensor_index);

53 w_next = prefetcher.prefetch(reinterpret_cast <const char*>(w), weights_line_count);

54 co_await CORO_STD :: suspend_always {};

55

56 // Inspect w data

57 data_item_t bias = w[0];

58 w++;

59

60 // Get sensor data base

61 const data_vector_t& x_vec = rt_data.resolve_x_vec(sensor_index);

62 x = x_vec.data();

63 auto row_len = rt_data.rt.sv_len;

64 auto sample_count = x_vec.size() / row_len;

65

66 // Calculate prefetch sizes

67 size_t data_size = row_len * sizeof(data_item_t);

68 size_t data_line_count = to_pf_line_count(data_size);

69 size_t results_size = sample_count * sizeof(result_t);

70 size_t results_line_count = to_pf_line_count(results_size);

71

72 // Get result base

73 std::vector <result_t >& results = rt_data.resolve_results_vec(sensor_index);

74 result_t* result_ptr = results.data();

75 result_next = prefetcher.prefetchw(reinterpret_cast <char*>( result_ptr), results_line_count);

76

77 for (uint32_t sample = 0; sample < sample_count; sample++, x += row_len , result_ptr ++)

78 {

79 x_next = prefetcher.prefetch(reinterpret_cast <const char*>(x), data_line_count);

80 co_await CORO_STD :: suspend_always {};

81 *result_ptr = svm_infer(w, x, bias , row_len) ? 1 : 0;

82 }

83 }

Listing 2. Sample task - infer_sensor_sequential() - to calculate SVM for each of a set of �� · �� vectors. The task is

reorganised as a coroutine Ð infer_sensor_coro() Ð ready to be run by the mini-scheduler coroutine_runner::run().
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1 // Declare instance of platform -dependent memory prefetcher

2 prefetcher_t prefetcher;

3

4 // Declare an instance of the execution context template ,

5 // which references the application -dependent runtime data

6 // rt_data.

7 coroutine_runner <runtime_data > runner_with_prefetch(

8 prefetcher , rt_data);

9

10 // Invoke the execution context instance to run the

11 // coroutined function across all instances of the sensor

12 // data sets.

13 runner_with_prefetch.run(rt_data.task_count ,

14 rt_data.sensor_count , infer_sensor_coro);

Listing 3. Typical usage of C++ template to run a coroutine across iterative tasks.
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