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Resource-constrained electronic systems are present in many semi- and fully-autonomous

systems and are tasked with computationally heavy tasks such as image processing. Without

sufficient cooling, these tasks often increase device temperature up to a predetermined

maximum, beyond which the task is slowed by the device firmware to maintain the

maximum. This is done to avoid decreased processor lifespan due to thermal fatigue

or catastrophic processor failure due to thermal overstress. This thesis describes a study

that evaluated how well metareasoning can manage the central processing unit (CPU)

temperature during image processing (object detection and classification) on two devices:

a Raspberry Pi 4B and an NVIDIA Jetson Nano Developer Kit.

Three policies that employ metareasoning were developed; one which maintains a

constant image throughput, one which maintains a constant expected detection precision,

and a third that trades between throughput and precision losses based on a user-defined

parameter. All policies used the EfficientDet series of object detectors. Depending

on the policy, these networks were either switched between, delayed, or both. This



thesis also considered cases that used the system’s built-in throttling policy to control

the temperature.

A policy was also created via reinforcement learning. The policy was able to adjust

the detection precision and program throughput based on a set of states corresponding to

the possible temperatures, neural networks, and processing delays.

All three designed metareasoning policies were able to stabilize the device temperature

without relying on thermal throttling. Additionally, the policy created through reinforcement

learning was able to successfully stabilize the device temperature, though less consistently.

These results suggest that a metareasoning-based approach to thermal management in

image processing is able to provide a platform-agnostic and programmatic way to comply

with constant or variable temperature constraints.
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Chapter 1: Introduction

Many autonomous systems rely on image processing for object recognition. These

applications require a computer to take an input image or video feed and output what

objects are present and what their locations are in the image or video. Though occasionally

performed via processes such as edge detection, neural networks have become increasingly

popular as a method for image processing in recent years. Tesla autopilot, for example,

uses video feeds from cameras around the vehicle to recognize people, stop signs, and

many other objects critical to the driving experience [1]. This need to quickly process

images using neural networks, which require millions of computations, increases the

processor's temperature [2].

Any processes performed on a computer processor will increase its temperature.

Normally, the processor's temperature will �uctuate as the computational load varies, but

when a computationally heavy task such as image processing is performed continuously,

the temperature may increase enough to damage the processor [3]. This is a common risk

associated with heavy compute loads. Thus, it is important to have a thermal management

policy that can maintain the processor's temperature within an acceptable range.

This thesis describes the design and performance of three metareasoning policies

which maintain a desired temperature while modifying detection precision and throughput.
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The metareasoner can monitor the device temperature in order to control the image processing

procedure by switching between different neural networks and adjusting the processing

frequency via pauses of varying length to adapt to changes in both the ambient and device

temperatures. The metareasoner maintains a record of expected detection precision,

temperature, and detection frequency to adjust the policy parameters for on-the-�y adjustments

to the detection algorithm in accordance with a desired trade-off between precision and

throughput.

1.1 Motivation

Object detection is an important subset of image processing in various �elds, as it

provides the bene�ts of human-like recognition capabilities applied at scale. Networks

trained in object detection are used in tasks such as pedestrian detection, facial and text

recognition, sign detection, and more [4]. When characterized by the rate and overall

quantity of images to be processed, object detection tasks can be split into two groups.

The �rst group of tasks requires a constant throughput of images and therefore puts

a constant thermal load on the active processor. The second group of tasks involves

processing images on-demand, placing the active processor under acute thermal stress.

The �rst scenario is associated with thermal fatigue and failure due to cyclic changes in

temperature, while the second is associated with thermal overstress and failure due to

one-time signi�cant changes in temperature [5].

When designing systems that will perform tasks that fall into the �rst group, designers

will typically consider the thermal capacity, or maximum sustainable heat generation, of
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their compute devices. Therefore, they can structure their object detection task such that

it operates at a certain temperature within the limits of the compute device. Systems

that must perform tasks in the second group, however, must rely on the device's built-in

thermal throttling technique, which augments the device's functionality to limit temperature

increase. The method by which the device maintains a maximum temperature, as well as

the maximum temperature itself, varies from device to device. For example, a Raspberry

Pi 4B has a thermal throttling temperature of approximately 82� C [6], while an NVIDIA

Jetson Nano Developer Kit has a throttling temperature of 97� C [7].

It is therefore advantageous for system designers to be able to specify a desired

temperature for a certain task across multiple devices with different hardware. This

allows thermal reliability models to be based on software parameters rather than hardware

speci�cations because a consistent thermal load can be expected, regardless of task precision

or throughput.

1.2 Contributions

This thesis details the design and performance of a novel metareasoning approach

to thermal throttling during image processing. Four policies are presented: three designed

based on empirical evidence, and another learned by a reinforcement learning agent.

These policies monitor the device's temperature, the task's throughput, and the recent

detection accuracy to make decisions about which neural network to use and whether

or not the overall throughput should be decreased or increased. These policies, shown

in Table 1.1 are designed to solve the issue of decreased performance due to spikes in
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computational load for tasks that fall into group two [8], as well as provide a platform-

agnostic method for temperature-aware object detection for consistent thermal reliability

studies.

Table 1.1: Metareasoning policies.

Metareasoner Category Policy

Designed
Policy 1
Policy 2
Policy 3

Learned Policy 4

1.2.1 Designed Metareasoner

Rather than utilizing dynamic voltage and frequency scaling (DVFS), these policies

attempt to adjust for temperature changes by inserting pauses after each image is processed.

On longer time scales, this mimics the effect of DVFS without reducing the total computational

capacity of the central processing unit (CPU), without the drawbacks associated with on-

demand tasks during DVFS which are noted by Wang et al. [8]. If throughput is of a

higher priority than precision, the metareasoner will also switch to progressively smaller

neural networks, each requiring fewer computations to process an image.

The results of our experiments showed that these designed metareasoning policies

are able to maintain a chosen desired temperature while prioritizing either detection

precision or throughput on multiple hardware platforms.
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1.2.2 Learned Metareasoner

This policy performed the same function as the designed metareasoner, but learn

an optimal policy through Q-learning. This metareasoner determines the state of the

system and learns a desired action based on an estimated future reward associated with

the squared temperature error.

The policy resulting from reinforcement learning training was also able to stabilize

the temperature, though less consistently than the designed policies.

1.3 Overview

Chapter 2 details background information about the problem of thermal management

and reviews related studies. It also provides information about different image processing

techniques, metareasoning, and reinforcement learning. Chapter 3 describes the experimental

methodology for the designed metareasoning policies. This includes the experimental

apparatus, policy descriptions, results, and discussion. Chapter 4 details the experimental

methodology for the learned metareasoning policy, including the policy descriptions,

results, and discussion. Chapter 5 summarizes the results of the performed experiments

and draws relevant conclusions.
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Chapter 2: Background

2.1 Thermal Management

Central Processing Units (CPUs), or processors, are made of transistors. When

transistors are in their “off” state, they have a high resistance compared to the “on” state.

In their “on” state, current �ows through the transistor, encountering a low, but non-zero

resistance. When this happens, energy is dissipated in the form of waste heat.

The processor has a limited range of temperatures at which it can operate. Each

processor has a minimum operating temperature recommended by the manufacturer. Below

this temperature, damage to the device's circuitry may occur due to thermal contraction.

On the other end, each processor also has a maximum speci�ed operating temperature.

Above this temperature, the risk of permanent damage increases. Thermal expansion can

physically damage components by separating circuits. Additionally, silicon's resistivity

decreases as temperature increases, which causes more current to �ow and more heat

to be generated, and so on. This thermal overstress can lead to the CPU becoming

nonfunctional.

Even if the temperature is not high enough to signi�cantly damage the device,

periodic increases and decreases in temperature, known as thermal fatigue, can eventually

lead to failure of the CPU [5].
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Therefore, the fundamental problem of thermal management arises from two con�icting

characteristics of a processing unit: (i) when active, the device generates heat at a rate that

is proportional to the number of computations performed (which increases its temperature),

but (ii) the device lifetime is inversely correlated with the mean operating temperature.

This has led to the development of thermal throttling strategies as processing units are

pushed towards ever-higher computation rates. These strategies fall into two main categories

depending on what actuator they are using to control the temperature.

2.1.1 Internal Management

Internally-managed systems rely on changes to the input to the processing unit to

lower the number of computations performed, thereby lowering the operating temperature.

A popular strategy for achieving this is dynamic voltage and frequency scaling (DVFS)

[9]. This method adjusts the input frequency to the processing unit to slow computation

frequency. The slower computation frequency also leads to a lower operating temperature

and power consumption.

2.1.2 External Management

Alternatively, the temperature of the processor can be controlled by changing the

environment in which it operates. Typically, this is done by providing increased cooling

through increased conductive or convective heat transfer.

Convection can be increased passively by increasing the surface area of the processor

through �ns, or actively by increasing the convection coef�cient through increased mass
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�ow [10].

Benoit-Cattin et al. [11] showed that dynamic active cooling can increase the

ef�ciency of image processing on a Raspberry Pi. Their approach, which used an external

fan that was controlled by the Raspberry Pi 4B, increased the image processing throughput.

2.2 Image Processing

One of the main tasks that CPUs are required to perform is image processing. This

task can take many forms, but the one which is of particular interest in recent years is

object detection [4, 12].

Object detectors are a variant of image classi�ers which themselves are a type of

neural network. These neural networks take as input the gray scale or color values of an

input image and perform a series of linear and non-linear operations on them until a set

of values is output. For image classi�ers, these outputs are a set of probabilities associated

with a “class” of image. This network learns which class is correct via supervised learning,

a process in which the network is provided with a set of inputs and associated, labeled

outputs. In this process, it modi�es the weights between each node to determine the value

which provides the correct output most often. An object detector modi�es the output of an

image classi�er to additionally locate where each object, predicted with at least a certain

con�dence, is in the scene.
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2.3 Metareasoning

Metareasoning is a higher-level form of programmatic thinking that can lead to

improved performance in autonomous agents. Metareasoning achieves this by monitoring

the agent and its decision-making environment to determine how to approach its current

decision [13, 14]. Without intervention, many programs operate toward the maximum

con�nes of their environment. Autonomous rovers, for example, may travel at high speeds

while searching an unknown environment, unknowingly shortening their battery life and

leading to increased time between charging and shorter lifespans. Metareasoning provides

a way for designers to help autonomous agents better understand the larger context of their

mission so they can perform better in metrics for which they would otherwise not be able

to account. In the case of this thesis, this means providing the program with knowledge

of the device temperature, processing throughput, and detection precision so that it can

optimally perform its task under external constraints.

I am unaware of any work explicitly detailing metareasoning as a method for thermal

management speci�c to image processing. There is, however, some use of metareasoning

in related areas - particularly, image processing.

Nguyen et al. [15] used “frame skipping” to achieve a desired output video quality.

Given a set input frame rate, their system was designed to discard certain images if a

consistent output frame rate was not maintainable due to limited computational resources

on the client-side of the gaming system. Although this was not explicitly considered

metareasoning by the authors, their implementation involved a “decision engine” which

would “decide the optimal frame rate given the current system status.” Thus, this is a type
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of metareasoning.

Lee et al. propose “Virtuoso,” a metareasoner which picks an object detector and

tunes its parameters to optimally perform video processing based on user-de�ned energy,

accuracy, and speed requirements [16]. This method �nely adjusts neural networks so

that they perform as best as possible.

Although DVFS is a proven methodology for power and thermal management, it

does not perform optimally with tasks that require short bursts of high CPU utilization

[8]. Additionally, not all devices can be cooled externally, so the work by Benoit-Cattin

et al. cannot be applied to systems that rely only on passive cooling. The approach used

by Nguyen et al. is designed to maintain a desired frame rate, but it does not account for

temperature. Virtuoso also does not account for temperature. While the energy constraints

could be intelligently de�ned by the user, the metareasoner is not explicitly aware of the

temperature of the processor.

Thus, the method in chapter 3 sought to determine whether a metareasoning approach

would be able to control a processor's temperature, which would be useful in situations

where other techniques are infeasible or expensive.

2.4 Reinforcement Learning

Reinforcement learning is a �eld of machine learning in which an agent learns

which actions to perform in a certain state based on the reward associated with each

state. One method of doing this Q-learning, wherein an agent in an environment learns an

optimal pairing of states and actions, known as a policy [17].
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Das et al. researched the effectiveness of thermal management via reinforcement

learning in 2014. Their approach sought to control the frequency of the CPUs as well as

the assignment of certain processing threads to certain CPU cores. Their approach offered

a two to three times improvement in the mean time to failure (MTTF) for the processor,

depending on whether it was applied within or across different programs [18].

This approach addresses many of the same goals in this thesis, but is unable to

affect the decisions made within a program, only how the CPU distributes and paces the

program tasks. Therefore, the approach demonstrated in chapter 4 of this thesis is unique

in that it allows the reinforcement agent to take actions within the program, particularly

switching between neural networks.
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Chapter 3: Designed Policies

3.1 Research Question

A trade-off is present between processing speed and detection precision of neural

network object detectors [19, 20, 21]. Their performance is additionally constrained by

the maximum temperature at which the device is capable of operating. Considering that

temperature is a key factor in the performance and lifespan of electronic devices, is there

a way to use metareasoning to sacri�ce (i) speed, (ii) precision, or (iii) both to maintain a

certain temperature across devices?

3.2 Experimental Approach

To answer this question, two different policies were developed to reduce the processing

throughput or detection precision. A third policy was developed as a generalization of the

�rst two policies which is able to trade off between both throughput and precision while

maintaining temperature.
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3.2.1 Hardware

3.2.1.1 Raspberry Pi 4B

Tests were performed on a Raspberry Pi 4B. This device was chosen because of its

low price, popularity, and our familiarity with the default operating system, Raspbian.

The Raspberry Pi uses a Broadcom BCM2711 system on a chip (SoC), which

contains a quad-core Cortex-A72 processor [22]. The temperature measured by the SoC's

internal sensor is read from the Linux “/sys” directory [22, 23].

A 3D-printed case was created for the device [24]. A small 5V fan was installed in

the case and controlled with the GPIO Python package [25]. The �nal setup is shown in

Figure 3.2.

Figure 3.1: Raspberry Pi 4B in its case with fan.
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3.2.1.2 NVIDIA Jetson Nano Developer Kit

Tests were additionally performed on an NVIDIA Jetson Nano Developer Kit. This

device was chosen for its excellent ability to perform neural network operations, as well

as its popularity in the machine learning �eld.

The Nano has a Quad-core ARM A57 SoC which operates at 1.43 GHz. It additionally

has a 128-core Maxwell GPU; GPUs are notable for their competence in performing

operations in parallel, a feat which is desirable in machine learning [26]. For the purposes

of consistency between devices, the GPU was not used to accelerate object detection on

the Nano.

Figure 3.2: The NVIDIA Jetson Nano Devloper Kit [26].

3.2.2 Software

Object detection was performed via the Ef�cientDet architecture, created by Tan et

al. in 2019 [27]. This family of ef�cient object detectors provides suf�cient recognition

precision with low latency on resource-constrained devices. The authors provide eight

individual architectures, D0-D7, which each accepts a different input image resolution.
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As the network increases in size, its detections are increasingly accurate but take longer

to perform. This is shown in Table 3.1 [28].

Ef�cientDet D0-D4 were used during testing. Each was trained on the COCO2017

dataset [29] in TensorFlow by the TensorFlow Team [30]. The models were then optimized

to be compatible with TFLite, TensorFlow's mobile neural network framework. They are

therefore referred to as Ef�cientDet-Lite[0-4] (EDL-[0-4]). The important characteristics

for these neural networks is shown in table 3.1.

Table 3.1: Ef�cientDet D0-D4 (for TFLite) characteristics. Measurements performed by
the TensorFlow Team on a Pixel 4 using the 2017 COCO validation dataset.

Model Architecture Size (MBs) Latency (ms) Average Precision Identi�er
Ef�cientDet-Lite0 4.4 37 25.69% Network4

Ef�cientDet-Lite1 5.8 49 30.55% Network3

Ef�cientDet-Lite2 7.2 69 33.70% Network2

Ef�cientDet-Lite3 11.4 116 37.70% Network1

Ef�cientDet-Lite4 19.9 260 41.96% Network0

Note: Adapted fromObject Detection with TensorFlow Lite Model Makerby the
TensorFlow Team, 2022.

Each test used the same fundamental script with changes only occurring depending

on parameter values and the metareasoning policy. This program is shown in Algorithm

1.

Three different metareasoning policies were tested. The �rst, policy 1, adjusts the

throughput of the image processing to maintain a desired temperature. The second, policy

2, changes which neural network performs image processing while maintaining a constant

throughput to maintain a desired temperature. The third, policy 3, does what both policy

1 and 3 do, but uses a parameter to determine how much throughput should be increased
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Algorithm 1 Main Program
Ts  50� C . Set start temperature

Require: T � Ts

t0  0s . Set test start time
ts  [300; 600]s . Set test duration for policy [1,2]
Td  [70; 55]� C . Set desired temperature for [RPi, Nano]
pd  pd . Set initial pause duration
pa  pa . Set pause adjustment coef.
TAC  TAC . Set throughput adjustment coef.
Strategy  Strategy . Set switching strategy
Network  Network4 . Set starting network
Ndmax  Ndmax . Set maximum network duration
Thmax  1=Ndmax . Set maximum throughput
Pmin  Pmin . Set minimum network precision
Pmax  Pmax . Set maximum network precision
while t < t s do . t is the program time

Process image
RecordNd . The processing duration
RecordT . The current temperature
Perform Policy [1j 2 j 3]
RecordLd . The loop duration
RecordT

end while

for each unit of precision decrease.

Because these tests depend on the temperature of the SoC, it was important that all

tests began at the same temperature and have similar ambient thermodynamic environments.

While idle, the temperature of the SoC in a 22� C room and without active cooling is

approximately 57� C. Between tests, the device was cooled via convective heat transfer

by the 5V fan attached to the case. The cooling cycle, which ran before each test if the

temperature was greater than the set starting temperature, activated the fan until a speci�c

temperature was reached. So this cycle was activated even if the device was near its idle

temperature, the starting temperature was chosen to be 50� C, which is below the idle

temperature.
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The Nano has excellent passive cooling in the form of �ns on its SoC. Its idle

temperature is measured to be approximately 35� C. Because the idle temperature is so

low, 50 � C was chosen to be the starting test temperature. If the temperature is too low

before the start of a test, Ef�cientDet-Lite4 is run continuously until the start temperature

is reached. Between tests, cooling occurs via natural convection.

The desired temperature for each device was chosen so that it was reachable during

each test. This way, metareasoning would actively modify the image processing loop

during at least some portion of the test. The desired temperature for the RPi was chosen to

be 70� C so that even the least computationally intensive network, Ef�cientDet-Lite0, was

able to reach the desired temperature. The desired temperature for the Nano was chosen to

be 55� C. Because the Nano is more ef�ciently able to remove heat from its CPU than the

RPi thanks to its large set of �ns, its temperature rises more slowly. Therefore, the desired

temperature had to decrease so that it could be reached within the same time constraints.

We tracked multiple variables during each test, measured once after the image was

processed and again after the pause was inserted. The most important of these were the

following: SoC temperature, SoC CPU use, pause duration, processing duration, loop

duration, and average expected precision.

3.2.3 Throughput Adjustment Policy - Policy 1

To alleviate computational load, the computational rate must be decreased. The

proposed method does this on a “macro” level by inserting a pause of varying duration

during an image processing loop. While paused, the device idles at a low CPU load.
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On average, this decreases the computational frequency, therefore lowering the SoC heat

output and the measured temperature.

Algorithm 2, inserts a pause with a duration proportional to the overshoot of the

desired temperature. Because only one network is used, average precision remains constant

while throughput drops over time to maintain a constant temperature.

Algorithm 2 Throughput Adjustment Policy (Policy 1)
pd  pd + pa � (T � Td)
if pd < 0s then

pd  0s
end if
Wait pd seconds

For Algorithm 2, 25 tests were performed for each network. The values of bothpa

andpd were incremented to create the set of tests, which are shown with their identi�ers in

Table 3.2. For each value ofpd, a test was performed wherepa was zero. This represents

a program where the loop length is static and metareasoning is inactive.

Table 3.2: Policy 1 test matrix.

pd (s)
pa (s/� C)

0 0.05 0.1 0.15 0.2
0 1 2 3 4 5

0.5 6 7 8 9 10
1 11 12 13 14 15

1.5 16 17 18 19 20
2 21 22 23 24 25

In these tests on the RPi, the temperature reaches a maximum of approximately

82� C. This occurs because, whenever the temperature of the Raspberry Pi 4B is above

75� C, the CPU operating speed is lowered via DVFS [6]. In practice, the observed

throttling temperature is 82� C.
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Meanwhile, on the Nano, the cooling is suf�cient that the thermal throttling temperature

of 97 � C is not reached [7].

Because 125 tests had to be performed and iterated upon, a test duration of �ve

minutes was used. This allowed for a full set of tests to be performed over the course of

a day.

3.2.4 Network Switching Policy - Policy 2

Algorithm 3, switches between the variants Ef�cientDet on an ordinal scale. Switching

occurs if a certain temperature threshold is met. The threshold for each network depends

on the switching strategy. Neitherpa nor pd needed to be varied because they were not

used in the program. Therefore, each test was performed for a duration of 10 minutes

because fewer tests needed to be perfomed.

Algorithm 3 Network Switching Policy (Policy 2)
Wait pd seconds
Perform Switching Strategy [1j 2 j 3]
pd  Ndmax � Nd . N d is the next network duration
Pavg  Precision . Average expected precision across the current and last 4 frames
if Pavg = Pmin then

pd;old  pd

Perform Policy 1 . Calculate new pause duration
pd  pd;new + pd;old

end if

Three different switching strategies were implemented. The �rst strategy iterates

through the set of networks in order of descending or ascending computational complexity,

the second, the networks to a linearly scaling range of temperatures, and the third assigns

the networks to a range of exponentially scaling temperature ranges. The summary of

switching strategies which were tested are listed in Table 3.3.
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Table 3.3: Policy 2 strategies.

Strategy Summary

1
“Upshift” or “downshift” between EDL variants when the temperature

error is too low or too high, respectively.

2
Each variant of EDL is assigned to a temperature range between the

start temperature and desired temperature. The �ve temperature ranges
are equally sized.

3

Each variant of EDL is assigned to a temperature range between the
start temperature and desired temperature. The �ve temperature ranges

decrease in size exponentially as the temperature approaches the
desired temperature.

Strategy 1 is shown in Algorithm 4. Each loop, this strategy iterates once through

the network list in decreasing order of computation time while the measured temperature

is greater than the desired temperature. Otherwise, it iterates through the list in the

opposite direction from the last network used.

Algorithm 4 Switching Strategy 1
i  NetworkIndex
if T < Td then

if i 6= 4 then
Network  Network i +1

else
Network  Network i

end if
else

if i 6= 0 then
Network  Network i � 1

else
Network  Network i

end if
end if

Strategy 2 is shown in Algorithm 5 and creates �ve thermal zones between the

starting temperature and the desired temperature. Whenever a threshold is crossed, the

next network is switched to. For example, suppose that the �rst quintile extends from 50
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� C to 55� C. In the image processing loop, Ef�cientDet D4 is used to detect objects, then

the temperature is measured to be 56� C. Metareasoning will switch the neural network

for the next loop to be Ef�cientDet D3 and insert a pause which will maintain the overall

image throughput. Therefore, a small precision trade-off is made to preserve constant

temperature and precision. A depiction of the quintiles used for the Raspberry Pi are

shown in Figure 3.3.

Algorithm 5 Switching Strategy 2
qlin  (Td � Ts)=5
i  0
while T < (Ts + qlin ) do

i  i + 1
qlin  (Td � Ts)=5 � i
if i = 4 then

Break
end if

end while
Network = Network i

Figure 3.3: Linear quintiles for the Raspberry Pi tests using switching strategy 2.

Strategy 3, shown in Algorithm 6, instead uses �ve exponentially smaller thermal
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zones. A depiction of these zones is shown in �gure 3.4. Each quintile is half the size of

the one below it, except for the uppermost two, which are the same size.

Algorithm 6 Switching Strategy 3
qexp  (Td � Ts)=2
i  0
while T < (Ts + qexp) do

i  i + 1
qexp  qexp + ( Td � (qexp + Ts))=2
if i = 4 then

Break
end if

end while
Network = Network i

Figure 3.4: Exponential quintiles for the Raspberry Pi tests using switching strategy 3.

3.2.5 Hybrid Policy - Policy 3

Metareasoning policy 3, rather than prioritizing solely precision or throughput,

provides a trade-off between both. The ratio of the trade-off is determined by a throughput
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adjustment coef�cient (TAC). It represents the preference for throughput loss rather than

precision loss, with larger values representing increased throughput loss per unit of precision

change. Its units are1=s because it is a measure of the frames processed per second per

precision loss. The TACs which were tested are shown in table 3.4.

Table 3.4: TAC variants.

TAC Expectation
0 Throughput remains constant while precision decreases. Mimics policy 2.
1 Throughput decreases slightly as precision decreases.
2 Throughput decreases moderately as precision decreases.

In each loop, the switching strategy is used to determine which network will be used

in the next cycle. Then, the average expected precision across the previous �ve frames

is calculated. The difference between this value and the maximum expected precision

is multiplied by the TAC to �nd the decrease in throughput between this loop and the

next. Then, the pause duration is calculated from the difference. This policy is shown

in Algorithm 7. Because the pause length assigned in policy 3 is independent of the

temperature, this policy is best framed as a variant of policy 2.

Algorithm 7 Hybrid Policy (Policy 3)
Wait pd seconds
Perform Switching Strategy [1j 2 j 3]
Pavg  Precision
Thd  Thmax � (Pmax � Pavg) � TAC
ll d  1=Thd . Calculate desired loop length from desired throughput
pd  ll d � Nd

if Pavg = Pmin then
pd;old  pd

Perform Policy 1
pd  pd;new + pd;old

end if
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To determine the expected duration of each network, �ve images were processed

for each version of Ef�cientDet-Lite and the average processing duration was calculated.

In total, 12 tests are performed for policies 2 and 3. These are identi�ed in Table

3.5.

Table 3.5: Policies 2 and 3 test matrix.

Strategy
TAC (1/s)

Policy 2 Policy 3
N/A 0 1 2

1 S1-TN S1-T0 S1-T1 S1-T2
2 S2-TN S2-T0 S2-T1 S2-T2
3 S3-TN S3-T0 S3-T1 S3-T2
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3.3 Results

3.3.1 Throughput Adjustment Policy - Policy 1

There are three main records of interest for policy 1. These are the temperature of

the SoC, the loop length, and the CPU usage. To emphasize the effect of metareasoning

on each program variant, Tests 1, 5, 20, and 25 are shown for each network.

3.3.1.1 Raspberry Pi 4B Temperature

The record of temperature over time for these tests on the RPi are shown in Figures

3.5, 3.6, 3.7, 3.8, and 3.9.

Figure 3.5: Ef�cientDet-Lite4 metareasoning effect on temperature on the RPi.
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Figure 3.6: Ef�cientDet-Lite3 metareasoning effect on temperature on the RPi.

Figure 3.7: Ef�cientDet-Lite2 metareasoning effect on temperature on the RPi.
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Figure 3.8: Ef�cientDet-Lite1 metareasoning effect on temperature on the RPi.

Figure 3.9: Ef�cientDet-Lite0 metareasoning effect on temperature on the RPi.
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3.3.1.2 NVIDIA Jetson Nano Developer Kit Temperature

The record of temperature over time for these tests on the Nano are shown in Figures

3.10, 3.11, 3.12, 3.13, and 3.14.

Figure 3.10: Ef�cientDet-Lite4 metareasoning effect on temperature on the Nano.
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Figure 3.11: Ef�cientDet-Lite3 metareasoning effect on temperature on the Nano.

Figure 3.12: Ef�cientDet-Lite2 metareasoning effect on temperature on the Nano.
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Figure 3.13: Ef�cientDet-Lite1 metareasoning effect on temperature on the Nano.

Figure 3.14: Ef�cientDet-Lite0 metareasoning effect on temperature on the Nano.
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3.3.1.3 Raspberry Pi 4B Loop Length

The record of the program loop length over time for these tests on the RPi are shown

in Figures 3.15, 3.16, 3.17, 3.18, and 3.19.

Figure 3.15: Ef�cientDet-Lite4 metareasoning effect on loop length on the RPi.
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Figure 3.16: Ef�cientDet-Lite3 metareasoning effect on loop length on the RPi.
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Figure 3.17: Ef�cientDet-Lite2 metareasoning effect on loop length on the RPi.
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Figure 3.18: Ef�cientDet-Lite1 metareasoning effect on loop length on the RPi.
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Figure 3.19: Ef�cientDet-Lite0 metareasoning effect on loop length on the RPi.
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3.3.1.4 NVIDIA Jetson Nano Developer Kit Loop Length

The record of the program loop length over time for these tests on the Nano are

shown in Figures 3.20, 3.21, 3.22, 3.23, and 3.24.

Figure 3.20: Ef�cientDet-Lite4 metareasoning effect on loop length on the Nano.
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