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ABsSTRACT

The wide adoption of smart devices and Internet-of-Things (IoT) sensors has led to massive growth
in data generation at the edge of the Internet over the past decade. Intelligent real-time analysis of such a
high volume of data, particularly leveraging highly accurate Deep Learning (DL) models, often requires
the data to be processed as close to the data sources (or at the edge of the Internet) to minimize the
network and processing latency. The advent of specialized, low-cost, and power-efficient edge devices has
greatly facilitated DL inference tasks at the edge. However, limited research has been done to improve
the inference throughput (i.e., number of inferences per second) by exploiting various system techniques.
This study investigates system techniques that enhance the overall inference throughput on edge devices
with DL models for image classification tasks. We present various approaches, such as batched inferencing
and multi-tenancy to utilize edge devices’ system resources (CPU, GPU) and AT accelerators (e.g., Edge
Tensor Processing Units; Edge TPUs). The evaluation results show that batched inferencing results in up
to 4 X more inferences per second in devices equipped with high-performance GPUs like Jeston Xavier
NX. Moreover, with multi-tenancy approaches, e.g., concurrent model executions and dynamic model
placements, a throughput of more than 200 inferences per second can be achieved, which is 2x higher
than the maximum throughput when running the models on a single tenant with batching enabled.

Furthermore, a detailed analysis of the factors (hardware and software) that affect the throughput of



the systems is presented, thereby shedding light on areas that could be further improved to achieve high-

performance DL inference at the edge.

INDEX WORDS: [edge computing, deep learning, machine learning, multi-tenancy, performance

evaluation, characterization]
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CHAPTER I

INTRODUCTION

High network latency and privacy concerns have hindered the adoption of cloud computing for IoT and
CPS (Cyber-Physical System) applications that require prompt responses and collect sensitive informa-
tion [6}|40]. Wide-area data transmission from IoT sensors to cloud data centers often causes intolerable
network latency [76, 34]. Moreover, IoT systems that monitor user activity (e.g., smart homes, activity
tracker) have the risk of a privacy breach because all sensing data need to be stored and processed in cloud
data centers. [79} 59]. Edge Computing, a new computing paradigm, attempts to address those issues
by placing computing resources at the edge of the Internet (or closer to data sources) [60, 61, 36]. The
proliferation of ToT sensors and SBCs (Single-Board Computers), e.g., Raspberry Pi [54], enable the adop-
tion of edge computing paradigm across a wide range of latency-sensitive applications, including vehicle
to vehicle communication, emergency alert services, traffic monitoring, proactive caching for faster web
pages loading, wearable cognitive-assistance systems, and augmented reality [14} 60].

However, there are computationally-intensive edge applications and tasks that still need offloading to
clouds. A typical example is Deep Learning (DL) applications. While DL technologies are increasingly
leveraged in various real-world edge applications, the majority of DL tasks are still relying on resources in
cloud data centers rather than being processed at the Internet edge. [34, 19, 75|]. Steep resource require-
ments (e.g., CPU, memory, and GPU) of DL tasks arising from high dimensionality of input data and a

large number of floating-point operations means that the DL tasks often need to be sent to more powerful



cloud data centers [11, 45, 3, |29} (64]. Therefore, emerging edge applications, such as autonomous driving,
disaster response systems, drone-based surveillance [ss, (80, 43]], 724y ofter poor QoS (Quality of Services)
and user experience due to high network latency and privacy issues.

Significant efforts have been conducted to bring DL to the edge of the Internet. In particular, op-
timizations in hardware and software functionalities are carried out to ensure that the DL models fit
in the resource-constrained devices. For example, model compression [9, 22| and quantization [18, 73]
techniques are developed to downsize DL models without significant degrade in their accuracy [28, 23,
s8]. Similarly, studies involving efficient partitioning of heavier models and subsequent offloading to
the cloud [34, 24} 46] show how the edge-cloud hybrid model could be leveraged for DL inference tasks.
Moreover, light-weight ML (Machine Learning) frameworks, e.g., Tensorflow Lite [44], MNN (Mobile
Neural Network) [33], are developed for enabling on-device inference. Finally, the advent of edge devices
with GPUs, e.g., NVIDIA’s Jetson Series [32,|48, 49], and Al accelerators, e.g., Google’s Coral Acceler-
ator [13] and Intel’s Neural Compute Stick [31] have played a significant role in enabling edge-based DL
inferencing.

Given the significant technological advancement for enabling DL inferencing at the edge, it is crucial
to understand the opportunities and limitations of various edge devices and Al-accelerators for real-world
DL deployment scenarios. Existing works [78, |2, |57, 42, 17} |41] have quantified the efficiency of various
edge devices for DL inference tasks. However, most existing studies have focused on characterizing per-
formance (e.g., latency and throughput) of edge devices and AI accelerators with single DL tasks, which
is a significantly limiting assumption in the DL deployment scenario. In real-world edge applications,
DL multi-tenancy-based deployments are widely required, in which multiple DL tasks are co-running on
edge devices. For instance, drone-based surveillance requires simultaneous executions of inference tasks on
video and audio streams [77]. Furthermore, system approaches to maximize DL inference throughputs
(e.g., the number of inferences per second) on edge devices have not been deeply investigated.

This study starts by characterizing the performance (e.g., inference throughput) of various edge de-

vices and Al accelerators with a set of pre-trained DL models and popular DL frameworks. Through the



characterization step, we obtain the baseline performance of various edge devices/Al accelerators and inves-
tigate factors that change the throughput of DL inference tasks on edge devices. Then, three techniques
to maximize the DL inference throughput on the devices: batched inferencing, concurrent model execu-
tions, and dynamic model placements are employed. Batched inferencing exploits the parallel computing
capabilities of GPU resources on edge devices and maximizes the DL inference throughput for single DL
tasks. Both concurrent model executions (CME) and dynamic model placements (DMP) are techniques
for maximizing DL inference throughput with DL multi-tenancy. CME allows the deployment of multi-
ple DL models on either GPU or Edge TPU resources and runs them parallel to improve the overall DL
inference throughput by simultaneously enabling the execution of different DL models. DMP enables
DL multitenancy by deploying and executing DL models on different resources on edge devices at the
same time. e.g., DL models on both GPU and Edge TPU. DMP is particularly useful when Al accelerators
(e.g., EdgeTPU) enhance edge devices, and it can significantly increase the resource utilization and the DL
inference throughput by utilizing multiple resources on the devices and the accelerators. Furthermore,
this work evaluates DL deployment strategy on edge devices with multiple Al accelerators (e.g., Edge TPU
cluster) and reports the benefits and limitations of the deployment scenarios with Edge TPU clusters.
The extensive evaluation results confirm a DL inference throughputimprovement on edge devices and
AT accelerators by leveraging three approaches. For the DL single-tenancy use cases, batched inferencing
results in up to 4 X more inferences per second in devices equipped with high-performance GPUs, includ-
ing Jeston Nano, TX2, and Xavier NX. With CME on edge devices’ GPU (for the DL multi-tenancy
cases), the result shows that a maximum throughput of 140 inferences per second can be achieved, which
is more than 2x higher inference throughput than the maximum throughput with batched inferencing.
Using a single USB-Accelerator, CME results in throughput as high as 230 inferences per second. With
two USB-Accelerators, the throughput rises to nearly 260 inferences per second, which is more than
4% the throughput achieved with single-tenancy. Additionally, DMP combined with concurrency and
batched inferencing outperformed GPU-only and TPU-only performance on DL models by a factor of

8 and 3, respectively. DMP with multiple TPUs further improves this throughput by 25%. Finally, a de-



tailed analysis of the factors (hardware and software) that affect the throughput of the systems is presented,
thereby shedding light on areas that could be further improved to achieve high-performance DL inference
at the edge.

As a result, this work has the following research contributions:

¢ Athorough characterization and quantitative analysis of the performance (i.e., latency and through-
put) of various edge devices and Al accelerators when running DL tasks for image classifications

and a thorough analysis of the factors that affect the DL inference throughput.

* Three techniques to maximize DL inference throughput on edge devices. In particular, batched
inferencing is a throughput maximization approach for single DL tasks. Furthermore, CME and

DMP maximize the inference throughput with DL multi-tenancy.

* With these three techniques, discover the empirical upper-bound of batch size, throughput, and

model concurrency on edge devices and Al accelerators for DL inference tasks.

* Identify the performance benefits and limitations when adopting DMP to leverage heterogeneous

resources on edge resources and Edge TPUs (AI accelerators).

* Investigate the benefits and limitations of deploying DL models on edge devices with Edge TPU

clusters.

In particular, to the best of my knowledge, this work is the first study on evaluating DMP on het-
erogencous edge resources/EdgeTPUs and characterizing the performance of EdgeTPU cluster for DL

inference tasks.

1.1 Background

This section provides the background of edge devices, Al accelerators, DL models, and DL frameworks

used in this study.



LI Edge Devices and EdgeTPU Accelerators

We use three categories of devices in this study, which are 1) general-purpose edge devices, 2) edge devices
with GPU accelerator, and 3) Edge TPU-based AI Accelerators. We choose Raspberry Pi 4 and Odroid-N2
for the general-purpose edge device category, Jetson Nano, TX2, and Xavier for the edge device with GPU
accelerator category, and Coral Dev Board and USB Accelerator for Edge TPU-based AI Accelerators. The

summary of these devices is shown in Table

General-purpose Edge Devices.

Raspberry Pi 4 [54] and Odroid-N2 [s1] are chosen for this category. Raspberry Pi 4 (RPi4) is a small,
low-cost, representative computing board for edge and IoT devices. RPi4 is based on Broadcom BCM271x
SoC and has a quad-core ARM Cortex-A72 (1.5 GHz) and 4 GB LPDDR 4 RAM. RPi4 relies on CPU
resources for processing DL inference task and it neither has a GPU nor specialized HW accelerators for
DL processing.

Odroid-N2 (0DN2) is a computing board with 4GB LPDDR 4 RAM and six CPU cores composed
of a quad-core Cortex-A73 at 1.8 GHz and dual-core Cortex-As3 at 1.9 GHz. While ODN2 has a GPU

(Mali-Gs2 GPU), we cannot use this GPU for DL inference tasks due to a software compatibility issue.

Edge Devices with GPU Accelerators.

Three Jetson devices developed by NVIDIA are chosen for this category. Jetson Xavier NX (J . Xavier) [49]
is one of the high-end edge devices developed by NVIDIA. J. Xavier is equipped with six cores of Carmel
ARM CPUs, a Volta GPU (384 CUDA cores and 48 Tensor cores), and 8 GB of memory (shared by CPU
and GPU). As J.Xavier has the largest number of GPU cores and tensor processing units, it is expected
to show higher DL inference performance than other two Jetson devices. J.Xavier can use different
power modes with different power consumption and resource activation. In this study, we use power
mode-2 [47] that enables all six CPU cores at 1400 MHz of speed and all GPU cores with roo MHz of

speed. The mode-2 allows faster processing of CPUs/GPUs and consumes 15W of power.
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(d) Jeston TX2 (e) Jetson Xavier NX (f) Coral Dev Board

N
(e) Coral USB Accelerator

Figure 1.1: Images of edge devices and Edge TPUs used.

Jetson TX2 (J.TX2) is another high-performance edge device with six CPU cores (a dual-core
Denver 2 CPU and a quad-core ARM Cortex-As7 at 2 GHz) and a 256-core Nvidia Pascal GPU for DL
processing. J.TX2 has a 8 GB LPDDR4 RAM, which is shared by CPU and GPU. Among five different
power modes in J. TX2 [50], we use mode-0 (MaxN), which enables all six cores and provides the highest
frequency of both CPU (2.0 GHz) and GPU (1.3 GHz).

Jetson Nano (J . Nano) [32] is a small yet powerful single board computer specialized in DL processing.
It has a quad-core ARM Cortex-As7 (1.5 GHz), a 128-core Nvidia Maxwell GPU, and 4 GB LPDDR 4
R AM (shared by both CPU and GPU). For J.Nano, we use a power mode of mode-0, which is default
mode for maximizing the device performance.

All three Jetson devices allow users to alter the power modes using nvpmodel. We decide to configure
the power mode that can provide the highest performance (e.g., the highest frequency for GPU and CPU)
to understand the upper bound of DL inference throughput and the performance of such devices. The

power configurations for three devices are shown in Table



Table 1.2: Summary of Power Modes used in NVIDIA Jetson Devices

# Of Active CPU GPU Power
Mode
CPU Cores | Frequency | Frequency | Usage
Jetson Xavier | Mode-2 6 1.4 GHz .1 GHz s W
Jetson TX2 | Mode-o 6 2.0 GHz r.30 GHz s W
Jetson Nano | Mode-o 4 1.5 GHz i GHz oW

EdgeTPU-based AI Accelerators.

We use two Edge TPU-based Al accelerators, which are Google’s Coral Dev Board (DevBoard) [r2] and
Coral USB Accelerator (USB-Accelerator) [13]. DevBoard is a single-board computer equipped with
a quad-core Cortex-As3 CPU (at 1.5GHz) and 1GB LPDDR 4 R AM} as well as onboard TPU (Tensor
Processor Unit) co-processor (accelerator), which can perform 4 trillion operations per second (TOPS)
at 2W of power consumption.

USB-Accelerator is a USB-type TPU accelerator (co-processor) for ML/DL. The performance
of USB-Accelerator is equivalent (4 TOPS at 2W) to that in DevBoard. USB-Accelerator can
be connected with diverse host edge devices (e.g., RPi4 and J.Nano) via USB interface, and then it can
enhance DL processing. Because USB-Accelerator has only 8 MB of SR AM to hold model parameters
temporarily, it relies on the host device’s memory system to store and load the DL models and their
parameters.

Both DevBoard and USB-Accelerator are designed to support TensorFlow Lite [69] and DL mod-

els that are fully 8-bit quantized and compiled specifically for Edge TPU architecture.

*Newer version of DevBoard have 2G or 4G of LPDDR 4 R AM, but we use DevBoard with iGB RAM.



L2 Deep Learning Models

The accuracy of DL models keeps increasing along with the complexity of model dimension and the
increased number of layers, however, huge models do not fit into the resource-constrained, low-capacity
edge devices like RPi4. Based on the capacity restriction, we select 9 pre-trained DL model that can be
deployed on resource-constrained edge devices to perform DL inference tasks (e.g., image classification).
These 9 DL models have different number of layers, number of FLOPS (Floating Point Operation Per
Second), and the number of parameters. Such differences and the overview of the 9 selected models are
described in Table

Moreover, each model has different characteristics and advantages. For instance, AlexNet [38] utilizes
multiple convolutional, max-pooling, and fully-connected layers with GPU to improve the accuracy sig-
nificantly. DenseNet [25] uses a connection between one layer and the subsequent layers in a feed-forward
network to reduce the number of model parameters. Inception 66| scales up networks by utilizing the fac-
torized convolutions and aggressive regularization to increase the model’s accuracy with minimal increase
in computation cost. MobileNet models [23, 58] employ depthwise separable convolutions to reduce the
model size and the inference latency. ResNet [20] uses deep residual nets to increase accuracy but still
keeps lower complexity. SqueezeNet [27] manages AlexNet-level accuracy with sox fewer parameters by
employing three design strategies (e.g., filter replacement, decreased input channel, downsampling rate)
and fire module composed of a squeeze (1x1 filters) and a expand layer (a mix of 1x1 and 33 convolu-
tion filters). VGG-16 [62] is a large convolution network with over 138 million parameters that improves
on AlexNet in terms of accuracy and efficiency by introducing multiple smaller(3 x 3) kernel-sized filters

instead of large kernel-sized filters.

’These 9 DL models are CNN (Convolutional Neural Network) models for image classifications.
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r.L3 Deep Learning Frameworks

We use four, widely-used open-source DL frameworks, which are PyTorch [s2] [1.4.0], MxNet [7][1.4.0],
TensorFlow [1][2.0.0], and TensorFlow-Lite [69] for this study. PyTorch, MxNet, and TensorFlow are
used for performing CPU- and GPU-based DL inference tasks on edge devices (e.g., J.TX2, J.Nano,

ODN2, andRPi4). TensorFlow-Liteis used to run DL models on Edge TPU of DevBoard and USB-Accelerator.

MxNet [7]: MxNetis ascalable open-source deep learning framework from Apache Software Foundation.
It has been designed to support distributed training by leveraging a distributed parameter server. The
performance of the framework is claimed to scale linearly with multiple GPUs (or CPUs) as well. It also
allows mixing symbolic and imperative programming models enabling better efficiency and productivity
for users. With the backend developed using C++, it currently supports Python, Java, Scala, R, Julia, Go,
Clojure, Perl, MATLAB and JavaScript for frontend developers. Finally, MxNetallows for the deployment

of pre-trained models to resource-constrained devices like mobile devices or edge devices.

PyTorch [52]: Developed by Facebook’s AI Research Lab, PyTorch is an open-source machine learning
framework built on top of the Torch|library and designed specifically for Python. One of the most
prominent features of PyTorch is that it provides a NumPy-like tensor computing support but with
an added capability of operating tensors on a CUDA-capable NVIDIA GPU. Unlike TensorFlow (<
2.0.0) and MxNet, PyTorch adopts a dynamic computational graph based approach which means that
the computational graph is created on the fly (runtime). This feature enables flexibility for developers
when writing and debugging deep learning applications. Like MxNet, PyTorch also supports scalable

distributed training and performance optimization and is light enough to be deployed to low-end devices.

TensorFlow [x]. TensorFlow, from Google Brain team, is another open-source and widely popular ma-
chine learning framework. It uses a dataflow graph in which nodes represent operations while the edges
represent tensors. It can map the nodes of the graph across many machines in a cluster (distributed), and

within a machine across multiple computational devices (CPUs, GPUs or TPUs) thereby proving to be a

4Currently, the library is not in active development (https://github.com/torch/torchz).

II



Table 1.4: Source of pre-trained models

Framework Source Repository Version
PyTorch Torchvision [72] 0.2.2.post3
MxNet GluonCV [16]7 0.10.0
TensorFlow Kerascv [35] 0.0.40
TensorFlow-Lite | TensorFlow Hub [71] | o.2.0

scalable framework. Starting from version 2.0.0, TensorFlow supports eager execution mode (which is also

the default mode of execution) which emulates the behavior of PyTorch’s dynamic computation graphs.

TensorFlow-Lite [69]: TensorFlow-Lite is a lightweight version of TensorFlow developed to support
on-device DL inferencing. TensorFlow-Lite employs several techniques to optimize memory utilization
such as intermediate tensors, shared memory bufter objects, and memory offset calculation to run DL
models on resource-constrained devices. TensorFlow-Lite has two primary parts, which are interpreter
and converter. The interpreter run DL models, and the converter converts TensorFlow models into
TensorFlow-Lite models.

The pre-trained and compatible versions of the nine models described in Section for each of
the three frameworks are readily available across various publicly accessible and maintained repositories.
Tablelists the sources for the pre-tained models for each of the frameworks used in this study. All the

models have been trained on the same ImageNet ILSVRC-2012 [56] dataset.
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CHAPTER 2

LITERATURE REVIEW

Several studies have been conducted to quantify the performance of various edge devices for DL and
Machine Learning (ML) inference tasks [78, 2, [s7, 42, 17, 41]. However, most studies have focused on
characterizing performance (e.g., latency and throughput) and efficiency (e.g., energy consumption) of
edge devices and Al accelerators with single DL tasks.

pCamp [78] evaluated ML packages and frameworks’ performance when executing image classifica-
tion tasks on edge platforms, including J. TX2, RPi4, and Nexus 6p. This work reported latency (includ-
ing model loading time), memory usage, and energy consumption from different ML packages. Hadidi
et al. [17] have characterized various edge devices and Al accelerators (e.g., Edge TPUs) with DL inference
tasks. The authors analyzed the impact of DL frameworks and SW stacks as well as measured energy
consumption and temperature when performing DL inference tasks. Moreover, several studies (57, 2} 74]
have focused on characterizing the performance of DL inference tasks on different HW architectures and
resource models (CPU, GPU, EdgeTPU). EmBench [2] has performed a per-layer analysis of DL infer-
ence tasks to identify performance bottlenecks. Libutti et al. [42] conducted performance evaluations
of DL inference tasks with portable, USB-based edge accelerators, including Coral USB Accelerator and
Intel Neural Compute Stick [31].

More recently, Liang et al. [41] have conducted an experimental study to evaluate model splitting and

compression techniques on edge devices and accelerators when performing co-inference tasks with clouds.

3



Network latency, bandwidth usage, and resource utilization with various configurations were also reported
when applying model splitting and compression to cloud-edge co-inference use-cases. Additionally, the
authors have evaluated the concurrency model executions for multi-tenancy use cases. However, the
concurrency evaluation is narrowly performed with only one model having a single batch size. Moreover,
in addition to evaluating the CME strategy, our work also performs the evaluation and characterization

of the DMP strategy for AI multi-tenancy that leverages heterogeneous resources in edge and Edge TPU.
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CHAPTER 3

EvALUATION METHODOLOGY

3.1 Approaches for Deep Learning Inference Throughput Maxi-
mization

The goal of this study is to investigate different approaches for maximizing the inference throughput for
DL applications on various edge devices and Al accelerators. For the DL single-tenancy use cases, batched
inferencing approach is explored. FOr the DL multi-tenancy use cases, two approaches are employed,

which are concurrent model executions and dynamic model placements.

3.1 Batching

The integration of GPUs on modern devices has made it possible to train and run deep learning models
significantly faster primarily because of the ability of GPUs to run parallel tasks efficiently. Batching, in the
context of inference, refers to the idea of having the model process multiple inputs at the same time (Single
Instruction Multiple Data), which aligns perfectly with GPU’s design. Edge devices can be required to
handle batches of data either from multiple sensors (e.g autonomous cars with multiple cameras) or from
end devices that collect data over a period of time and send requests in batch (e.g traffic monitoring,

wearable devices). Therefore, by exploiting the capabilities of ML frameworks to run DL models on

15



GPUs, the impact of batched inferencing on the overall throughput, specifically on GPU-embedded
devices (J.Nano, J.TX2, J.Xavier) is studied. In the experiments, the batch size (the number of images
provided as input to the models) is gradually increased in powers of two as GPUs can efficiently map
virtual processors onto physical processors if the data to be parallelized is in power of two [81]. Also,
optimised libraries that work with matrix operation tend to be the most effective when processing batches

of size in the order of powers of two [68].

3.2 Multi-tenancy through Concurrent Model Executions (CME)

Multi-processing and multi-threading paradigms have been extensively applied to general purpose systems
in order to boost up the overall performance of the system. As most edge devices are now equipped with
multi-core CPUs and have operating systems that facilitate multi-threading and multi-processing, it has
become feasible to deploy such techniques at the edge. Naturally, without having to wait for the single
model to process previous request, newer models can be executed 7z parallel to process newer requests
thereby improving the overall throughput of the system. Besides, multi-tenancy also enables maximum
resource utilization leveraging largely unused GPUs and other system resources (memory, CPU).
Concurrent Model Execution refers to the process of executing multiple models on the same device.
CME can provide two potential benefits to edge devices and EdgeTPUs- 1) improvement in the overall
DL inference throughput and 2) ability to run multiple (often different) DL services (e.g., inference tasks).
Due to hardware limitations with memory and CPU usage, it is unclear as to how many number of
models can be concurrently executed (i.e level/degree of concurrency) and which level of concurrency
yields the maximum performance before it invariably starts declining (Amdahl’s law [65]). Therefore, it
is important to empirically identify the upper bound of throughput improvement and the concurrency
level (the number of co-running DL models) on the devices’ resources by CME. In this study, the change
in throughput with gradually increasing levels of concurrency is recorded. The concurrency level obtained
from the last successful execution is considered as the maximum concurrency level supported by the edge

devices and EdgeTPUs. With concurrent execution of models providing software level parallelism, the

16



b “Dog”,
i o — “Cat” — G
7 Bird”,

s " g " g
(a) Single-Tenancy with Single Batch (b) Single-Tenancy with Multi Batch

Figure 3.1: Single-Tenancy on Edge Device for DL Inferencing

impact of introducing redundant hardware (e.g multiple USB-Accelerators) for DL inferencing is
also evaluated. Running concurrent models with more resources can lead to higher throughput but other

hardware bottlenecks like USB bandwidth can hinder the performance.

3.3 Multi-tenancy through Dynamic Model Placements (DMP)

DMP is another strategy for enabling multi-tenancy at the edge with the idea of increasing the overall
throughput of the system. Dynamic placement of tasks according to the availability of resources is a
commonly studied problem, particularly in the realm of cloud computing [37, s, 10]. DMP at the edge
refers to a deployment strategy wherein DL models are placed in difterent processors while sharing other
system resources (memory, power, and so on). Specifically, models are simultaneously run on GPU (host
device) and TPU (USB-Accelerator) and the overall improvement in the throughputis recorded. Such
a strategy can provide the edge devices with the ability to run heavier models on more powerful resources
(e.g GPUs) for higher accuracy while delegating latency-critical tasks to the less powerful processor such
as TPU. Building on this, we can also design a scheduler that can orchestrate the placement of inference
tasks on available (or less busier) resource/processor. Similar to CME, the performance impact of using
TPU cluster for DMP is also studied. In other words, more number of processors are introduced to place

the models on.
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Figure 3.2: Multi-Tenancy on Edge Device and EdgeTPU for DL Inferencing

3.2 Evaluation Process and Benchmarker Design

Because the goal of this study is to investigate systematic approaches to maximize the DL inference through-
put on edge devices and Al accelerators, the primary metric considered for all the experiments is the DL
inference throughput. In general, the DL inference throughput is calculated by inferences per second as
shown in equation-(3.1). The definition of number of inferences varies with the type of experiment. For
instance, when leveraging the single tenancy (running one DL model at a time on a device), the number
of inferences in equation— is calculated as “batch size” x “the number of batches.” On the other hand,
when leveraging DL multi-tenancy (running multiple models concurrently), the number of inferences
will be calculated by “concurrency level” x “batch size” X “the number of batches.”

Numb 1
DL Inference Throughput = umber of Inferences

(3.1)

Total Execution Time

To correctly measure the DL inference throughput, a benchmarker has been developed that measures
the DL inference throughput and collects other necessary system statistics together. It is deployed along
with an image classification application on the edge devices and Edge TPUs accelerators. The measurement

procedure of the benchmarker is illustrated in Figure
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Figure 3.3: Throughput Evaluation Process of Benchmarker

The benchmarker is invoked from a bash script (@ in Figure[3.3)) that takes in parameters in a config
file specific to a measurement. The config file includes a DL model to run, a framework to use, and
the number of iterations to run the experiment. The config file also contains other parameters that are
common across experiments, such as the number of warmup executions to perform, the input batch size,
the number of batches of input to run per iteration, and resources (CPU, GPU, or EdgeTPU) used for
the inference task, etc. The bash script then runs the benchmarker (written in Python) with all of these
configurations. Invoking the Python interpreter using the bash script ensures that the cache constructed
and maintained by the Python runtime gets cleared with each new iteration.

The benchmarker then prepares a framework-specific data-loader (@) that uses the validation dataset
from ImageNet ILSVRC-2012 to construct batches of inputs ready to be fed into the DL model. Next,
the benchmarker initiates a DL framework as per the config file, and it loads the DL model into the main
memory and configures the model to be executed on CPU, GPU, or Edge TPU based on the configuration
file (@). The next step (@) is the warm-up phase, which ensures all the necessary components are loaded,
and the DL framework configures suitable optimization strategies before performing the measurement.
After the warm-up phase, the benchmarker creates a new background monitoring thread that captures

system statistics while the model is being executed (@)). Simultaneously, the main thread of the bench-
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Figure 3.4: Experimental setup for power measurement. Power consumption by a target edge device is
being measured and transmitted to a computing board using 12C cables by INA-219 chip.

marker starts to run inference tasks using the DL model and the input data from the data-loader (@)
Once the pre-defined number of batches of inputs have been processed, the main thread instructs the
monitoring thread to stop capturing system statistics (@) Finally, a measurement report consisting of
throughput and system statistics is saved (@). This entire benchmarking process is performed at least 30
times for each set of configurations to guarantee the statistical confidence of the measured data.

The monitoring thread is responsible for collecting diverse system statistics using sysstat, usbtop,
and jtop. sysstat is used to measure CPU usage and Memory usage during the benchmarking is
running. usbtop is for measuring USB 1O bandwidth and jtop is leveraged for measuring power con-
sumption. However, jtop is available to measure power-related statistics for NVIDIA’s Jetson devices.
So, INA-219 [30], a voltage, current and power measurement chip, has been employed for measuring
the power consumption of other edge devices like RPi4 and ODN2. With a default resistance of 0.1 €2,
the INA-219 chip allows measuring the power consumption with a current sensing range of £3.2 A
and a voltage range of 0 V t0 26 V. pi-ina219 [s3]], a Python library is used to communicate with the

INA-219 chip. The experimental setup with INA-219 for power measurement is shown in Figure
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CHAPTER 4

EvarLuAaTiION RESULTS

4.1 Evaluation with DL Single-Tenancy

Since DL single-tenancy (running a single DL model at a time on devices) is a common deployment
model serving DL inference tasks at the edge, this section evaluates the throughput of DL single-tenancy
on edge devices (Section[4.1.1) and Edge TPUs (Section|4.1.3). Moreover, as an approach for maximizing
the inference throughput for single-tenancy on GPUs, the impact and performance of batched inferencing
is evaluated, in which a DL model processes a batch of input images and outputs the classification results
of all the images simultaneously (Section . Finally, a thorough analysis of the experiment results and
the factors that affect the DL inference throughput on edge devices and AT accelerators (Section [4.1.4)) is
presented . The results reported in this section will serve as the baseline performance to evaluate further

throughput maximization approaches such as DL multi-tenancy.

4.1 Single Input At A Time

The first set of experiments are to measure the inference throughput of all the DL models on edge devices
with a batch size of 1. i.e., single input image per model per iteration. Figure reports the average DL

inference throughput for all the models using the three DL frameworks. Please note that the results of
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J.Nano, J.TX2, and J.Xavier are DL inference throughput on GPU resource while the results from
RPi4 and ODN2 are measured on CPU resources.

The results show that the inference throughput varies significantly across different DL models. In
particular, DL models with fewer parameters and floating-point operations (e.g., AlexNet, MobileNet-V1,
SqueezeNet-V1) show higher throughput than DL models with a relatively higher number of operations
(e.g., DenseNet-161, Inception-V3, VGG-16). The throughput differences between smaller and larger
models are more prominent in CPU-based devices, e.g., RPi4 and ODN2. For example, the inference
throughput with SqueezeNet-V1 on RPi4 and ODN2 reports 10X — 22X higher than the throughput
with DenseNet-161. Both RPi4 and ODN2 have a throughput of less than 1 (one inference per second) for
all the DL frameworks when running DenseNet-161, which amplifies the difference against results from
SqueezeNet-V1on those devices. On the other hand, SqueezeNet-V1’s throughput on GPU-equipped edge
devices (e.g., J.Nano, J.TX2, and J.Xavier) is only 3 — 8 better than DenseNet-161’s throughput.
This further highlights the benefits of using a GPU over CPU for DL inferencing. Without the support
for data parallelism in CPUs, very deep models like DenseNet-161, Inception-V3, and VGG-16 that involve
very high number of floating point operations, the CPU has to spend significantly large amount of time
processing the models. This increases the latency which in turn degrades the throughput.

The results also confirm that, for single-batch inference, the DL inference throughput on the GPU-
based devices significantly outperforms the throughput on the CPU-based devices. This result shows the
advantage of GPUs over CPUs, particularly in processing DL workloads on edge devices. The edge devices
with GPU (J.Nano, J.TX2, and J.Xavier) are capable of process 4 X — 80X more inference requests
than the devices without a GPU (RPi4 and ODN2) for all the models across all three frameworks. The
advantage of using GPU is dominantly observed when DL inference with using PyTorch. On average,
J.Nano, J.TX2 and J.Xavier show 17X, 30X, and 38X higher throughput than RPi4, respectively,
and the DL inference throughput results on these devices are 38 X, 62.%, and 75X higher than ODN2. The
results also confirm the performance differences among the three GPU-based edge devices. In terms of

GPU frequency, J.Nano has the least powerful GPU which is evident in the results as well. There’s
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Figure 4.1: DL Inference Throughput Variations across Models, Edge Devices and DL Frameworks with
a Batch Size of 1

no clear winner when comparing J.Xavier and J.TX2. J.TX2’s GPU frequency (1.3 GHz) is higher
than that of J.Xavier’s (1.1 GHz). This can be attributed as the reason why J. TX2’s results are better,
particularly when using MxNet and TensorFlow. For PyTorch, however, J.Xavier seems to perform
better than J. TX2. One possible reason behind this deviation could be that since J. Xavier has higher
number of GPU cores (384) compared to J. TX2 (256), Py Torch may be better at parallelizing its dynamic
computation graph on more number of cores than the other two frameworks. A detailed inspection on

the behavior of these ML frameworks could help better understand this difference.
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Amongst the three DL frameworks, Py Torch reports the highest throughput on GPUs. On an average,
the throughput of DL models when using PyTorch is 31% and 26% higher than using MxNet and using
TensorFlow respectively. PyTorch’s superiority on GPUs can be justified by the fact that it has been built
on top of Torch library which has been primarily designed to make tensor operations on GPU fast and
efficient, as described in Section On CPUgs, on the other hand, TensorFlow significantly outperforms
the other two frameworks. More specifically, the average throughput across all the models on CPUs
using TensorFlow is almost 5 X the results from MxNet and 10X from PyTorch. As TensorFlow has been
designed to support mapping of nodes (from computational graph) across multicore CPUs (1], it enables
faster computation in CPUs. This design emphasis coxld be the reason why TensorFlow showed better
results in CPUs than the other two frameworks.

As we can see, MxNet, on all the devices, is the least performing framework. However, the results
from MxNet on J. Nano, particularly for models MobileNet-V1 and MobileNet-V2 is exceptionally poor
(less than s inferences per second which is more than 4 lower than the other two frameworks). My
reasoning behind this behavior is two folds. Firstly, when MxNet leverages GPU resources, the default
behavior of the framework is to use NVIDIA cuDNN library to auto tune convolution layers. Simply put,
it searches for the best performing convolution algorithm in the first run, which allows subsequent model
executions to run faster. However, this process is highly memory-intensive, and further analysis reveals
that J.Nano’s 4GB memory is not large enough to complete this process, and the algorithm search process
on J.Nano often results in out-of-memory errors. Hence, this auto-tuning mechanism had to be turned
off so that the models could complete the inference. Further details of this problem will be provided when
discussing the results of DL multi-tenancy in Section Secondly, the design of the two MobileNets
is such that it involves many small memory-bound element-wise operations such as ReLU [23]. Without
optimization strategies like operator fusion [_] enabled, the processing time of such models can rise steeply.
Such performance tuning strategies work well on J.TX2 and J.Xavier because of larger memory size.

This is why the results from J.TX2 and J. Xavier are comparable to the other frameworks.
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4.1.2  Impact of Batched Inferencing on DL Inference Throughput
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Figure 4.2: Throughput Variation across DL Models, Edge Devices and DL Framework with Different
Batch Sizes

Figurereports the results of running DL models for different batches of input images with increas-
ing batch size, using the three ML frameworks. Although the experiment was run on all the models, just
a representative set of models is reported as the ones that have been left out showcased similar results. In
addition, ODN2’s results aren’t reported, as, like RPi4, the impact of batching on CPUs is insignificant.
Finally, as of yet, possibly due to limited RAM size, Edge TPUs do not support batched inferencing and
are prohibited by the edgetpu API itself.

As shown in Figure[4.2} there is a significant rise in throughput with increasing batch size for GPU

embedded devices. On average, across J.Nano, J.TX2, and J.Xavier, and across all the frameworks
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and models, for a batch size of 32, there is a 240% gain in throughput. AlexNet reports the highest
overall throughput reaching as high 1o inferences per second on J. Xavier. Unsurprisingly, the impact
of batching on J.Xavier, with more GPU cores, is higher than in J.TX2 and J.Nano. Specifically,
J.Xavier’s results are 25% and 42% greater than that of J.TX2 and J.Nano, respectively. In general,
while a larger batch size appeared to have a positive impact on throughput, very large batch sizes (> 128),
may not always result in improved throughput and. This suggests that employing the right (or optimal)
size of the input batch will be critical for improving the DL inference throughput on edge devices
Interestingly, contrary to the results from Section MxNet is the best performing framework
where the impact of batching, on an average, is 43% higher than PyTorch and 54% higher than TensorFlow.
There is no apparent reason as to why one framework is better at batched inferencing than the other. A
much more detailed inspection of the architecture and design of the frameworks may provide insight into
such differences in their behavior. However, this is out of the scope of this study and has been left as a

future work.

4.1.3 DL Inference Throughput on EdgeTPU with Single Tenancy
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Figure 4.3: DL inference throughput of the three quantized DL models on EdgeTPU. The error bars
indicate standard deviation.

EdgeTPUs can provide boost to DL inference throughput since they are specifically designed to
process tensors, one of the primary components/objects of CNN, rapidly. Figure 4.3 reports the DL

inference throughput of USB-Accelerator and DevBoard. Please note that the USB-Accelerator
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Figure 4.4: Comparison of inference throughput in CPU, GPU, and EdgeTPU. The throughput results
of CPU- and GPU-based inferences are the maximum throughput results of those devices amongst all
three frameworks. Please note that USB-Accelerator’s throughput in this graph is the maximum
throughput from the results reported in Figure

requires a host device to run because it is USB-type Edge TPU. All five edge devices have been used with an
USB-Accelerator to measure the throughput from the USB-Accelerator. Also, as described in Sec-
tion three DL models (Inception-V3, MobileNet-V1, and MobileNet-V2) are used in this evaluation
because quantized version of only these models are available for Edge TPU. Moreover, TensorFlow-Lite is
used the DL framework in this evaluation.

As Figure |4.3/shows, the inference throughput on are fairly consistent and can reach as high as 65
inferences per second for MobileNet-V1/V2 and 16 inferences per second for Inception-V3. Furthermore,
the benefits of using Edge TPUs are confirmed by comparing the inference throughput against CPU- and
GPU-based throughput results (shown in Figure . MobileNet-Vi/V2 on USB-Accelerator show
significantly higher throughput (6 x higher than 0DN2, 12X higher than RPi4) over CPU-based infer-
ences and outperform GPU-based inferences on J.Nano and J.TX2 by 3x and 1.5x higher throughput,
respectively. And, J.Xavier and USB-Accelerator show comparable performance with minimal dif-
ference in throughput. With the same co-processor, DevBoard also show slightly lower throughput over
USB-Accelerator. The lower throughput in DevBoard can be related to the overhead associated with
the management in process, memory, and other operating system-related tasks, which do not apply to

USB-Accelerator. (Host edge devices perform such management tasks for USB-Accelerator).
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When performing DL inference tasks with Inception-V3, a larger model than MobileNet-V1/V2,
USB-Accelerator also outperforms CPU-based inferences (8, 17X higher throughput ODN2 and
RPi4) as shown in Figure[4.4). On the other hand, USB-Accelerator’s throughput with Inception-
V3 is lower than the maximum throughput results from J.TX2 and J.Xavier. However, J. TX2’s and
J.Xavier’s throughout results in Figure are obtained with batched inferencing on these devices’
GPUs. For the single-batch inferencing (i.e one inference per request), USB-Accelerator outperforms
all the other devices, including J. TX2 and J . Xavier with all three models.

Finally, when comparing the three models, MobileNet-V1/V2, with smaller model size and fewer
parameters show higher throughput than Inception-V3. This is because the parameters DL models have
to be constantly swapped between the host memory and USB-Accelerator. So, DL inferencing with a
larger model can considerably slows down the performance of USB-Accelerator due to the parameter

swap overhead.

4.1.4 Analysis of Factors for Influencing DL Inference Throughput with Single-

Tenancy

This subsection discuss the analysis of factors that can affect DL inference throughput on edge devices

and EdgeTPUs when employing DL single-tenancy.

Correlation Analysis Between System Factors and DL Inference Throughput

First, a correlation analysis performed to investigate the factors to change the DL inference throughput on
edge devices and Edge TPUs. The correlation analysis is performed by calculating the Pearson Correlation
Coefficient (in equation-(4.1)) [4] of measured throughput results and resource usage statistics. This
coefficient represents the linear relationship between two variables, ranging from —1 to 1. Please note

that the coefficient of 1 indicates an ideal positive correlation, negative values mean reverse correlation,
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Figure 4.5: Correlated factors that change the inference throughput. (BS: Batch Size, CPU: CPU usage,
MEM: memory usage, PW: Power consumption, USBIO: USB 10 bandwidth usage)

and 0 means there is no correlation between two variables.

_ cov(z,y) > (@i —T)(yi — 7) (4.1)

020y /(i — 1) (i — )’

Fig.[4.5|shows the correlated factors for the DL inference throughput when using CPU, GPU, and
EdgeTPU. For the CPU-based inferences on RPi4, ODN2 (shown in Figure|4.5[a)), the batch size, CPU,
and memory had a strong correlation with the inference throughput results. This is because CPU is the
main computing resources for performing the DL tasks, and memory resources are used for loading and
storing the DL models. The inference tasks with larger batch sizes naturally increase the input data for
processing so that an increase in the batch sizes can improve the throughput until the limit of device re-
sources. Table[4.]summarizes the impact on throughput with increasing batch size and the corresponding
increment in CPU usage on RPi4. As explainted earlier in Section[4.1.2} heavier models (DenseNet-161,
Inception-V3) do not show much change in throughput with increasing batch size on CPUs because of the
high processing demands as highlighted by the 100% CPU usage. However, for lighter models (AlexNet,
MobileNet-V1/V2, SqueezeNet-V1), on an average, there is a gain of 40% in throughput with nearly 70%

increase in CPU usage with increasing batch size.
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Table 4.1: Variation in CPU usage and DL inference throughput using TensorFlow with different batch
sizes in RPi4

Model Batch Size | Avg. Throughput | Avg. CPU Usage (%)
I 2.8 8¢t
AlexNet 54 53.85
32 4.615 100
! 0. 6.51
DenseNet-161 534 76-514
32 0.564 100
I 1.0I 81.0
Inception-V3 5 33
32 0.95 100
1 141 242
MobileNet-V1 414 59-24
32 5-499 93.02
! .0 60.921
MobileNet-V2 4049 9
32 4.918 87.388
1 2.60 .071
ResNet-18 5 73.07
32 2898 98324
I LIGI .80
ResNet-50 72.804
32 1.341 98.102
I 8 ,
SqueezeNet-Vi 5995 53-337
32 7.851 85.821
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For the GPU-based inference tasks on J . Nano, J. TX2 and J. Xavier (shown in Figure[4.5(b)), mem-
ory, power, and batch sizes had a relatively stronger correlation with the DL inference throughput. Specif-
ically, the power consumption had a strong correlation with the throughput as the GPU module in edge
devices consumed more power than typical CPUs in edge devices. As shown in Table every increase in
throughput results is associated with higher power consumption. On an average, 15-20% increase in power
usage corresponds to 90-100% gain in throughput. Regarding the batch sizes, as we saw in Section[4.1.2}
increasing batch size could significantly aftect the DL inference throughput. In general, while a larger
batch size appear to be positive for increasing the throughput, an interesting observation is that using
larger batch sizes does not always result in increasing the throughput. For example, the batch sizes of 4, 8,
or 32 often showed higher throughput than the batch sizes of 128 and 256 of AlexNet on J.Nano in Fig-
ure[4.2]in Section[4.1.2] This suggests that employing the right (or optimal) size of the input batch will be
critical for improving the DL inference throughput on edge devices. On the other hand, CPU resources,
as expected, show a relatively weaker correlation with the DL inference throughput in the GPU-based
inference as CPU is only used for managing the device and processes co-running (non-DL) applications
rather than performing the DL tasks.

For the inference tasks with USB-Accelerator (shown in Figure|4.5(c)), the USB bandwidth be-
tween a host edge device and the USB-Accelerator and memory usage on host edge devices have a
strong correlation with the inference throughput. Both memory and USB IO were closely related to each
other for executing DL models on USB-Accelerator. Because USB-Accelerator does not have main
memory (RAM)} it relies on the host device’s memory system to store models and uses context switching
to swap models/parameters between the host device’s RAM and EdgeTPU in order to perform DL infer-
ence tasks. Therefore, low USB IO bandwidth between the host device and USB-Accelerator limits
data rates for switching models/parameters so that the throughput can be decreased. Further analysis
about the impact of USB bandwidth on the DL inference throughput on USB-Accelerator is also

performed, which is described in the next subsection.

'USB-Accelerator only have 8MB of cache memory (SRAM).
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Table 4.2: Variation in Power Consumption with changing inference throughputin J.Nano, J. TX2 and
J.Xavier when using TensorFlow.

Devices Models Batch Size | Avg. Throughput | Avg. Power Usage (mW)
78 _
AlexNet ! 1.7 4299.55
32 27.94 4433.60
. .8
DenseNet-161 ! 2-45 5553-02
32 5.38 6517.80
I 41 109.2
Inception-V3 44 4109.27
2 .50 1.90
J. Nano 3 9-5 4751.9
MobileNet-V2 ! 14.17 4307.73
32 23.19 4625.20
.6 o
ResNet-so ! 459 4113.09
32 12.85 4590.30
I 20.28 876.18
SqueezeNet-Vi 307
32 30.21 438510
. 6.
AlexNet ! 22.01 5536.90
32 4L.79 5555.10
. 86.
DenseNet-161 ! 5-13 4506.10
32 12.19 6221.70
I 8. 008.40
Inception-V3 385 Z 4
2 17.81 074.0
J. TX2 3 76 674 5
MobileNet-V2 ! 21.60 4637.70
32 41.86 5209.60
I R <0
ResNet-so ? 49345
32 25.55 $897.90
I 48 1.40
SqueezeNet-Vi 33-4 49914
32 52.91 $429.40
8. 6.
AlexNet ! 208.09 4967.90
32 54.01 5754.60
.98 61.
DenseNet-161 ! 49 475170
32 18.13 7686.80
I 1I. 877.40
Inception-V3 75 40677.4
i 32 25.12 6691.20
J. Xavier - 2
2L 30
MobileNet-V2 ! 1.9 43043
32 49.71 $369.90
8. 648.6
ResNet-s0 ! 29 4040.60
32 30.01 6209.40
I 28.60 60
SqueezeNet-Vi 4574
32 58.09 5677.80
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Figure 4.6: Difference in DL inference throughput and data transfer with USB 2.0 and 3.0 interfaces. (DT:
Data Transfer Rate)

Impact of USB Bandwidth on USB-Accelerator’s DL Inference Throughput

To investigate the impact from the USB IO bandwidth, the DL inference throughput changes from
USB-Accelerator is measured by connecting it with two edge devices (RPi4 and J . Nano) with different
USB interfaces; (a) USB 2.0 with up to 0.5GB of bandwidth, (b) USB 3.0 with up to 10GB of bandwidth.
As shown in Fig. the results confirm that USB’s IO bandwidth can considerably change the DL
inference throughput of EdgeTPUs. With larger IO bandwidth, RPi4 achieved 1.3x (MobileNet-V2)
and 7 x (Inception-V3) higher throughput when moving from USB 2.0 to USB 3.0. J . Nano also showed
1.4 X (MobileNet-V2) and 8.7 x (Inception-V3) higher throughput than USB-Accelerator with USB
2.0. Clearly, larger USB IO bandwidth facilitates faster switching of model parameters and input data

between the host device and USB-Accelerator which enables faster inference.

4.L.5s Summary

To summarize this section, the performance and behaviors of various commercial edge devices and Edge TPU-
based AI accelerators with single-tenancy was characterized. In addition, some of the correlating factors
when it comes to improving the overall throughput were discussed. The results highlight the benefits

of GPU-based inferencing, particularly when processing batches of inputs. In addition, the results of
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running models on EdgeTPUs show the considerably high throughput that could be obtained by either

connecting USB-Accelerators to other edge devices or using a DevBoard.

4.2 Evaluation with DL Multi-Tenancy

As discussed in Section CME and DMP are to improve the throughput of DL inference tasks with
DL multi-tenancy. In this section, benefits and limitations of both CME (Section [4.2.1) and DMP (Sec-

tion approaches are evaluated.

4.2.1  Evaluation Results with Concurrent Model Executions (CME)

This subsection reports our evaluation results of CME for DL multi-tenancy. In particular, by evaluating

CME, answers to the following questions are being sought;
1. What is the maximum DL inference throughput of the edge devices and EdgeTPUs with CME?
2. What is the maximum concurrency level on the edge devices and EdgeTPUs with CME?

3. What is the concurrency level on edge devices and Edge TPUs to maximize DL inference through-

put?

For the rest of this study, only three DL models - Inception-V3, MobileNet-V1 and MobileNet-V2
are being used because pre-trained version of these models are offzczally available for all the edge devices
including EdgeTPUs. Furthermore, TensorFlow has been excluded from this CME evaluation due to
issues with kerascv [35] and tf . Graph [70] APIs that did not fully support concurrent executions (i.e
operations were not thread-safe). Finally, regarding the throughput calculation with CME, the equation-
is changed such that number of inferences in the equation is now calculated as “concurrency level”
X “batch size” x “the number of batches.”, where concurrency level refers to the number of concurrent
models executing at a time. The total inference time is the total time taken for 4// the concurrent models

to finish execution.
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Evaluation Procedure

With results from running one DL model available (Section [4.1), the number of co-running DL models
(“concurrency level”) is gradually increased on the devices. This process is continued until the benchmarker
fails to run either because we have fully saturated the memory or because the system cannot spin-oft
more threads. The concurrency level obtained from the last successful execution is considered as the
maximum concurrency level supported by the edge devices and EdgeTPUs. In this measurement, only
the results with leveraging CME on GPUs (J . Nano, J.TX2 and J.Xavier) and EdgeTPUs (DevBoard
and USB-Accelerator) have been reported. The measurement results from CPU resources have been
omitted because very marginal benefits were found.

The benchmarking process described in Fig[3.3]is tweaked such that instead of running a model in
the main thread (step 6), new threads are created to run models concurrently (i.e., separate copies of the
model are created for each thread). The main thread then waits for all the models to finish execution and

finally terminates the script followed by steps similar to the previous workflow.

CME Evaluation Results on GPU in Edge Devices

Fig. and |4.8 show DL inference throughput changes with increasing concurrency levels using Py-
Torch and MxNet respectively on J.Nano, J. TX2 and J.Xavier. The effect of leveraging both batched
inferencing and CME can also be seen in the figures.

Itis clear from the results that running multiple DL inferencing tasks can improve the overall through-
put of the system. Similar to the results of batched inferencing, concurrent execution of lighter models
like MobileNet-V1/V2 yield higher gain in throughput while heavier models like Inception-V3 show mi-
nor improvement. In particular, compared to single-tenancy cases, CME resulted in 1.4 X-2X, 1.8 X-2.7 X,
1.7 X-2.9X increase in overall throughput on J.Nano, J.TX2, J.Xavier respectively, across all the three
models with PyTorch. The results with MxNet (Figure are less impressive in that we see relatively
lower throughput improvement - 1.3X-1.5X on J.TX2 and 1.5X-1.8 X on J.Xavier. J.Nano’s results

with MxNet are particularly poor (even 13% lower throughput than single-tenancy cases) which can be at-
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Figure 4.7: Concurreny measurement results on J.Nano, J.TX2 and J.Xavier GPUs with PyTorch

(BS: Batch Size)
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Figure 4.8: Concurreny measurement results on J. Nano, J.TX2 and J. Xavier GPUs with MxNet (BS:
Batch Size)
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Figure 4.9: Resource utilization and throughput changes with CME (PyTorch). J. Nano uses a batch size
of 4, and J. TX2 employs a batch size of 8.

tributed to the fact J . Nano’s experiments were performed by disabling MXNet’s cuDNN auto-tune [ss]
process as J.Nano’s memory size (4 GB) is insufficient to perform such optimization. Enabling or dis-
abling auto-tune option can significantly impact DL inference throughput because, if this option is
enabled, MXNet first runs a performance test to seek the best convolutional algorithm, and the selected
algorithm is used for further inference tasks.

Input batch size and level of concurrency complement the performance gain as both the approaches
rely on running multiple inferences at the same time. However, due to memory and CPU usage con-
straints, we cannot indefinitely increase both to maximize performance. In this study, 5 to 6 concurrent
models with a batch size of 8 resulted in the highest throughput, after which increasing either of the two
parameters results in lower performance.

The level of concurrency is directly related to the size of the model and the available memory in the
system. J . Nano could run 8 (Inception-V3) to 25 (MobileNet-V1/V2) models concurrently on GPU while
J.TX2and J.Xavier could run approximately 25 (Inception-V3) to 8o (MobileNet-V1/V2) models on
their GPUs simultaneously, when working with a input batch size of 1. As we increase the batch size,
the level of concurrency decreases as lesser memory becomes available. Fig. shows the maximum
throughput was highly correlated with memory utilization. After reaching the maximum throughput,

the throughput was either decreased or stabilized with high memory utilization. Itis worth noting that the
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Figure 4.10: Results of CME measurement on EdgeTPU

high correlation between memory utilization and throughput increase is consistent with our observation
reported in Fig.
CME Evaluation Results on EdgeTPUs

The second CME evaluation is based on running concurrent models on Edge TPUs. Fig. [4.10]reports DL
inference throughput variations with increasing concurrency levels on EdgeTPUs (both DevBoard and

USB-Accelerator). The result includes all the combinations of edge devices and USB-Accelerator.
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Similar to the previous results on GPUs, CME on EdgeTPUs shows promising throughput improve-
ment over single-tenancy cases. However, Inception-V3 showed significantly less improvement (1.3 x) in
performance, particularly when compared to MobileNet-V1/V2 (3.3x). This can be explained by con-
sidering the difference in the size of the model. The quantized Inception-V3 model is approximately
2sMB in size (6 higher than MobileNet-V2), which means that it cannot be completely loaded into
the USB-Accelerator’s 8MB of SRAM. Therefore, the model parameters have to be continuously
swapped between the EdgeTPU and the host edge device. With the constant USB bandwidth, increasing
concurrency levels show no improvement because most of the time is spent on this swapping operation.
However, if the model size is small, e.g., 4MB of MobileNet-V2, the model can be fully loaded in EdgeT-
PUS’ cache and does not require frequent operations of model parameter swapping, resulting in low USB
IO overhead and significant throughput increases.

Since the USB-Accelerators rely on the host device’s memory for storing model parameters, the
number of concurrent models executed on the EdgeTPUs is very high given the smaller size of the quan-
tized models. However, similar to the concurrency on GPUs, a higher concurrency level does not neces-
sarily yield higher throughput. For MobileNet-V2, the concurrency level at which we achieve maximum
throughput is 6. By increasing the concurrency level, we introduce more swapping operations, thereby
resulting in degraded performance. This analysis suggests that, when using CME on EdgeTPU, model
size and concurrency level should be carefully determined to increase the throughput.

Although minimal, there exists a difference in the throughput gain with different combinations of
edge devices and USB-Accelerator despite using the same USB 3.0 interface. This difterence could
arise from the difference in CPU frequency. The CPU’s frequency largely affects the efficiency (in terms
of processing speed) of the system to spin oft new threads and perform faster switching. Since devices
like J. TX2 and ODN2 have higher CPU frequency (2 GHz for J . TX2, 1.8-1.9 GHz for 0DN2) compared to
other devices, CME on EdgeTPUs using these devices as host devices could result in better performance.

Regarding the varying concurrency levels, Fig shows resource utilization changes with different

concurrency levels measured from USB-Accelerator with J. TX2 and DevBoard. The results show that
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Figure 4.11: Resource utilization changes with increased concurrency level (Edge TPUs)

memory utilization increased as the concurrency level increased. The maximum concurrency level was de-
termined when the memory utilization reached close to 100%, indicating that memory size and bandwidth
often limit the supported concurrency level DL models when enabling CME on USB-Accelerator.
The maximum throughput of nearly 230 inferences per second when running concurrent MobileNet-
V1/V2 on EdgeTPUs is almost twice the maximum throughput achieved with CME on GPUs. However,
this is not the case for larger models (i.e., Inception-V3). Thus, the maximum achievable throughput
with Inception-V3 using EdgeTPUs is nearly half the value when using GPUs. This result highlights
that careful consideration of model and device (GPU or EdgeTPU) is necessary to maximize the overall

throughput.

CME on EdgeTPU Cluster

Based on the results discussed above, itis clear that connecting a USB-Accelerator to a stand-alone edge
device and running concurrent models can significantly improve the overall throughput. This section
further examines the impact in performance or throughput when running models concurrently on more
than one USB-Accelerators simultaneously connected to the same device. The edgetpu python API
was leveraged to load models in specific devices to ensure the equal number of models were running on

all the USB-Accelerators connected.
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Figure 4.12: DL inference throughput variation with multiple USB-Accelerators
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Figure 4.13: Variation in bandwidth allocation of USB ports when using using multiple
USB-Accelerators in J.TX2 while processing MobileNet-Va.

The first part of this experiment involved running each of the three models (Inception-V3, MobileNet-
V1, MobileNet-V2) on 2 USB-Accelerators simultaneously on each device. Similar to[4.2.1}, the experi-
ment was repeated for multiple levels of concurrency. The throughputreported in fig. is the maximum
throughput that could be achieved with the respective number of USB-Accelerators. On average,
there is a 15-30% increase in throughput going from 1 USB-Accelerator to 2 USB-Accelerators for
models MobileNet-V1and MobileNet-V2 across all devices. This increase is expected as two models could
simultaneously be processed in the 2 USB-Accelerators while for 1 USB-Accelerator the jobs had
to wait for the single TPU to finish the current task before moving on to the next task. The improvement
isn’t 2x as desired because the USB ports in all the devices on which the experiments were performed
have an internal shared hub. This shared hub introduces some delay (due to its serial property) in data
transfer, thereby increasing the overall latency.

As shown in Figure[4.12} there is hardly any improvement in throughput when using Inception-V3.
As mentioned earlier, Inception-V3 is too large to fit in a USB-Accelerator and thus requires constant
swapping of model parameters with the host device. This, along with the serial nature of USB ports
due to the presence of the shared hub, limits the parallelism that could have been achieved from multiple

USB-Accelerators. The USB-Accelerators are always waiting for the USB data transfer at all times.
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The bottleneck imposed by the shared hub can be realized more prominently when dealing with
more than two USB-Accelerators. The results from repeating the same experiment with 3 and 4
USB-Accelerators reveal that there is no advantage to using more than 2 USB-Accelerators, and
it would be cost-ineffective to do so. Fig. shows the variation in overall USB bandwidth available to
each of the USB-Accelerator in a cluster, when running MobileNet-V2, connected to J. TX2. We can
observe that, since the four USB ports share a common internal hub, the bandwidth available to each
USB-Accelerator decreases with every addition of an USB-Accelerator. This reduced data transfer
rate directly hampers the overall performance of the USB-Accelerators and seems to completely negate
the benefits of having extra processing power (Edge TPU).

Lastly, it is worth noting that that J . TX2 has just one USB (3.0) port, and only 2 out of 4 USB ports in
RPi4 are USB 3.0. Several power-related issues were encountered when using a simple USB hub that drew
power from the board. Therefore, an externally powered USB hub had to be used to be able to connect

and extensively use multiple USB Edge TPUs with J. TX2 and RPi4.

4.2.2  Evaluation Results with Dynamic Model Placements (DMP)

This section provides an evaluation of the dynamic model placement (DMP) technique for AI multi-
tenancy on edge devices and EdgeTPUs. DMP allows running multiple DL models simultaneously by
placing one model on an edge device’s resource (CPU or GPU) and the other model on EdgeTPUs.
Because USB-Accelerator can be attached to edge devices via USB interfaces, the potential benefits
from DMP can be improved DL inference throughput using heterogeneous resources in both edge devices
and USB-Accelerator as well as high resource utilization of both resources. However, DL inference
tasks from both on-board edge resources and USB-Accelerator are managed by the host edge devices
so that there can be a performance penalty from resource contention. Therefore, in this evaluation, the

focus is on seeking answers to the following research questions;

1. What are the performance benefits (e.g., DL inference throughput) from DMP on heterogeneous

resources?
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2. What are the actual performance penalties of using DMP, compared explicitly to CME for Al

multi-tenancy?

Three DL models (Inception-V3, MobileNet-V1, and MobileNet-V2) are used in this section because
they can execute inferencing on all computing resources in edge devices and USB-Accelerators. The
equation— is changed to correctly calculate the throughput with DMP. Specifically, the number of
inferences for DMP is calculated as the number of inferences performed on the GPU combined with
the number of inferencecs on TPU. Like CME, results from RPi4 and ODN2 have been excluded in
this section because no obvious benefits could be observed. Specifically, CPUs on RPi4 and ODN2 were
quickly saturated by both CPU-based and Edge TPU-based DL inference tasks, and the overall inference
throughput results with DMP on RPi4 and 0DN2 could be even lower (about 10%) than Edge TPU-only
inference throughput. Finally, MxNet and PyTorch are the frameworks selected to run on GPUs, while

TensorFlow-Lite is the obvious framework for Edge TPU.

Evaluation Procedure

Again, multi-threading techniques were utilized in order to run models on separate processors (GPU
and TPU). Two separate threads are initiated with one thread running the workload for GPU while
the other thread running the workload for TPU. In order to achieve maximum throughput, we need to
ensure that both the models run concurrently on the system for most of the time. Since each model has
a different execution time, which also varies with the type of processor, we cannot not use a predefined
time interval. Therefore, a better mechanism was devised where both the threads would first perform
an inference and notify each other of the their execution time. Once, each thread receives the execution
time of the other thread, an LCM (Lowest Common Multiple) of the two execution times is calculated
which becomes the fzxed time interval over which the models will execute variable number of inferences
on different processors concurrently. Choosing an LCM ensures that the inferencing tasks start and end
at the same time on the two processors, thereby providing near optimal throughput. Due to some round

off errors when performing the LCM, the two models would sometimes finish at a different time. Such
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Figure 4.14: Throughput improvement compared to GPU only and TPU only.

results where the difference between the execution time of the two models exceeded by one second were

discarded.

The ideal configuration, specifically concurrency level and batch size, is derived from the previous

experiments(Section Section . Therefore, instead of running a single model on each of the

processor, we choose the best concurrency level and best batch size for the models executing on the two

processors.

DMP evaluation results on GPU and single EdgeTPU

Fig. shows DMP’s DL inference throughput improvement against the single-tenancy cases. The

"GPU only" and "TPU only" throughput is the average throughput of the three models (Inception-V3,
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MobileNet-V1, MobileNet-V2) on GPU and USB-Accelerator respectively under single-tenancy. All
three GPU-devices J . Nano, J.TX2, and J. Xavier show substantial increase in throughput with DMP.
In particular, J.Nano shows a 13.1x improved throughput over the single-tenancy on GPU and 2.3 %
increased throughput over the single-tenancy on EdgeTPU. J. TX2’s throughput improvement is 4.9 %
(for GPU) and 2.8 x (for EdgeTPU). Similarly, for J. Xavier, the improvement is 4.2 x over GPU-only
and 2.6 x over TPU-only throughput. However, this throughput improvement can be due to leveraging
both CME and DMP.

Fig. reports the throughput comparison between (ideal) CME results and DMP. Please note
that the ideal throughput upper bound is calculated by accumulating GPU throughput with CME and
EdgeTPU throughput with CME measured separately (from Section[4.2.1). The results are from J . Nano
and J. TX2 when using PyTorch (for GPU) and TFLite (for EdgeTPU). As shown in the figure, while
the differences between the ideal throughput and DMP’s throughput varied with DL models and DL
frameworks, J. TX2 with DMP and J . Nano with DMP showed 25.3% and 34.6% lower throughput than
the ideal upper bounds with CME. These differences can be attributed to the resource contention and
resource limits in the edge devices.

To understand the gap between the DMP’s throughput and ideal throughput, further analysis on the
resource consumption is performed. Fig. shows the resource utilization (CPU, memory, USB IO) be-
tween the ideal sum of CME on GPU/EdgeTPU and DMP. As shown in the figure, the ideal throughput
often cannot be achievable with current HW specifications. Specifically, to reach such high throughput,
CPU and memory utilization should exceed the HW limitations (more than 100%). Moreover, similar to
the CME analysis, memory is identified as a critical resource when enabling DMP. Specifically, memory
utilization reaches 100% with DMP, but CPU utilization does not. Based on this observation, the DL
inference throughput, when the memory resource is saturated, can be the empirical performance upper
bound when enabling DMP. In addition, the throughput could be impacted by resource contention

because the shared resources (e.g., memory and CPU) are needed to manage multiple models running on

different resources. The decreased USB IO utilization (about 8% to 15%) with DMP (Fig[4.16| c)) is because
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Figure 4.15: DL inference throughput comparison between (ideal) results from CME and DMP. The
(ideal) results from CME are calculated by the sum of CME throughput on GPU and CME throughput
on EdgeTPU, which were measured separately.
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Figure 4.16: Resource usage comparison between (ideal) sum of CME on GPU/EdgeTPU and DMP.

of such resource contentions, and the reduced USB IO utilization can decrease DL inference throughput

from EdgeTPU.

DMP evaluation results with reduced workload on GPU

Based on the above results, an apparent finding is that allocating more resources to the EdgeTPU might
lead to higher overall throughput. Figure reports the results from leveraging DMP with reduced
workload on GPU. Only 1 model (i.e concurrency level is 1) is run on the GPU to mitigate resource-
contention in the device. It has to be noted that both the GPU and the EdgeTPU are running the same
model in Figure

The result shows that, for lighter models (MobileNet-V1/V2), the EdgeTPU’s throughput increase
quickly before reaching the peak while GPU throughput keeps decreasing due to resource-contention.
But the decreasing speed is much slower compared to EdgeTPU. Please note that the reason of J.TX2
and J.Xavier can’t reach higher concurrency level than J. Nano for Inception-V3 is because a batch size
(which is the optimal size) of 32 has been employed for J.TX2 and J. Xavier while the permissible (in

terms of available memory) batch size for J. Nano is just 4.

49



Avg. Throughput (#. Infer/Sec) Avg. Throughput (#. Infer/Sec)

Avg. Throughput (#. Infer/Sec)

40
30
20

250
200
150
100

50

250
200
150
100

50

(a) Inception-V3 (J. Nano)

I T T I
n TPU portion —*— n
GPU portion —=—

—
\2 L L |

4 6 8

Concurrency Level

(d) MobileNet-V1 (J. Nano)

T T T T
U ——
— Gru

by * -
4 6 8

Concurrency Level

o

(g) MobileNet-V2 (J. Nano)

T T T T
TRU portion —8=—
- GPU portion ==l -

by * -
4 6 8

Concurrency Level

o

Avg. Throughput (#. Infer/Sec) Avg. Throughput (#. Infer/Sec)

Avg. Throughput (#. Infer/Sec)

40

30

20

250
200
150
100

50

250
200
150
100

50

(b) Inception-V3 (J. TX2)

Concurrency Level

(e) MobileNet-V1 (J. TX2)

10

2 4 6

Concurrency Level

(h) MobileNet-V2 (J. TX2)

10

2 4 6

Concurrency Level

—
(=]

Avg. Throughput (#. Infer/Sec)

Avg. Throughput (#. Infer/Sec)

Avg. Throughput (#. Infer/Sec)

40
30
20

250 -

200
150
100

50

250
200
150
100

50

(c) Inception-V3 (J. Xavier)
I I I I

2 4 6 8 10
Concurrency Level
(f) MobileNet-V1 (J. Xavier)
I I I I
2 1 6 § 10
Concurrency Level
(i) MobileNet-V2 (J. Xavier)
I I I I
2 1 6 § 10

Concurrency Level

Figure 4.17: Overall impact on throughput with reduced GPU workload.

50



GPU Portion EE=3 TPU Portion

(a) Jetson Nano Model Placement Throughput

| _ T (XW) T(XW)
1w S 1w
2 2
T | = T | =
1(d) m 1 (Ld) m
= g =
T (xXm) m T (XW)
LX) |5 e W LX) 5| e
7 = 27
caa = M [ M
= 5
11D =2 11D =2
=5 £ 3
S =]
| | = = x| =
1w |2 W .m 1xw)|2 m
glo £ glo
T | = > T | =
1) |2 & 1) |2
= o =
T (xXmW) T (XW)
~ ~
TXW)| > TXW| >
2 c
) | = 1) |=
11D m 1) w
= =
T (XW) m T (xXW)
1 (XW) w. - a. 1 (XW) w. -
2 @ 53
@) |= M = 1 | = M
1w |2 = m 1 |E =
=l = il
=] T =]
o] |2 - xw| (=
1w |2 m g 1w |2 DU..
50 =) Ble
) | £ 8 ) | £
1 (L) m .Dl.nw 1(1Ld) m
T (XW) o T(XW)
x| S ..M 1xw| S
£ £
() | = m () | =
1D |2 > 1) |2
= ) =
T(XW) = T (xXW)
x| m x|
Sk Sk
s> o g
[P = - [P =
e = L
1 (& m L 1 (& W
<9 <9
u coxw| S coxw| [ S
1w | 2|5 1w |25
dl~ dl
g 30
Td) | £ c(d) | £
1) |2 1) |2
| | | | = | | | | =
(3 (=) (=3 (=} (e} [l (=) [l (=} (e}
(=} v (=) v (=} v (=} v
N — — N — —

(-00s/'s10Ju] #) Indy3noay |, "3ay

(-09s/'s105u] #) dy3noay [, "3Ay

GPU Portion EE22 TPU Portion

(c) Jetson Xavier Model Placement Throughput

TPU:Mob.-V2

TPU:Mob.-V1

.V3

TPU:Ince)

GPU: MobileNet-V2

TPU:Mob.-V2

TPU:Mob.-V1

.V3

TPU:Ince)

GPU: MobileNet-V1

TPU:Mob.-V2

TPU:Mob.-V1

.V3

TPU:Ince)

GPU: Inception-V3

| |
=) =
S )
[\l —
(-09s/'s195u] #) ndy3noay [, "3ay

|
[}
[} v
—

ith DMP on EdgeTPU cluster.

iation w

: Performance var

Figure 4.18

SI



DMP evaluation results on GPU and EdgeTPU cluster

Fig. provides a comparison of performance when using DMP on 1 EdgeTPU against 2 Edge TPUs.
As seen in Section [4.2.1} there are no advantages to using more than 2 EdgeTPUs.

Very similar to results from CME, the improvement in throughput when using 2 Edge TPUs over
1 EdgeTPU is marginal (less than 10% on average). In addition to the three processors contesting for
memory and other system resources, the shared hub architecture of USB ports limits the performance of

USB-Accelerators.

4.2.3 Summary

Regarding CME on GPUs, edge devices with GPU resources showed significant throughput improve-
ments. However, high concurrency levels do not necessarily result in maximizing DL inference through-
put. Both concurrency level and batch sizes can change the DL inference throughput so that both config-
urations should be carefully determined when enabling CME on GPUs. The analysis suggests that the
maximum throughput with CME on GPU can be realized when the memory utilization reached 100%.
Furthermore, the throughput benefits of CME on GPUs can vary across different DL frameworks and
edge devices. Specifically, the benefit can be limited, especially when enabled with MXNet on devices
with small memory sizes.

On EdgeTPUs, considerable performance benefits were observed when enabling CME on EdgeTPUs
along with high concurrency levels. Similar to CME on GPUs, high concurrency levels do not necessarily
result in the maximum DL inference throughput. Specifically, if the DL model size cannot fit in the small
cache (8MB) of EdgeTPUs, the benefits of using CME can be limited. Moreover, when using small DL
models (e.g., MobileNet-V1/V2), employing the lower concurrency levels often results in the maximum
performance gain. This observation strongly suggests that the techniques for minimizing model size (e.g.,
quantization and model compression) will be critical for the throughputimprovement. In addition, using
2 TPUs can result in some throughput improvement but the improvement becomes negligible with more

than 2 TPUs. The shared bus architecture of USB ports severely limits the performance gain.
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This evaluation also confirms that DMP considerably improves the overall DL inference throughput
over single-tenancy cases by leveraging GPU and Edge TPU resources simultaneously. While the DMP’s
maximum throughput showed 25% to 35% lower throughput than the ideal cases, such differences are
mainly due to the HW limitations. Furthermore, memory can be a critical resource factor when enabling
DMP and can be saturated when reaching the maximum throughput. Similar to the results from CME
with multiple Edge TPUs, DMP with one GPU and multiple Edge TPUs shows very marginal improve-
ment over one GPU and one EdgeTPU case. Higher resource contention from using more than one

EdgeTPU inhibits any kind of performance gain.
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CHAPTER §

CONCLUSION

This study focused on investigating system approaches that maximize the DL inference throughput on
resource-constrained edge devices. The study began with the evaluation and characterization of various DL
models’ performance and behavior for image classification tasks on edge devices and AI accelerators with
CPU, GPU, and EdgeTPU. With the characterization results from the first step, three system approaches
were evaluated for maximizing DL inference throughput on various edge device settings. Batched infer-
encing is the approach for maximizing the throughput with DL single tenancy use cases. GPU-equipped
devices showed significant throughput improvement with batched inferencing as multiple images could
be processed in parallel on the GPU resources. Then, the feasibility and effectiveness of multi-tenancy at
the edge was explored. Specifically, two approaches were applied - CME (Concurrent Model Executions)
and DMP (Dynamic Model Placements). CME exploits the available system resources (CPU, memory,
GPU) to load more models into the system and process multiple batches of inputs for each model in par-
alle]. DMP, on the other hand, relies on making use of available computing capabilities by placing models
on different processors (GPU or EdgeTPU) and processing inputs at both the processors simultaneously.
Both the techniques were viable and successful at improving the system’s overall throughput, including
GPU and EdgeTPU, by a significant factor.

However, the limitations of the three approaches were also observed. In the case of batched infer-

encing, the performance improvements start decreasing once the batches’ size exceeds the number of
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GPU cores. Besides, due to limited memory available at the edge, there is a limit to the number of input
images that can be simultaneously loaded in the memory. For CME and DMP with multi-tenancy, we
start getting diminishing returns once the number of concurrently processed models exceeds the num-
ber of concurrent threads (or cores) supported by the CPU. System memory also becomes a bottle-
neck as we increase the number of concurrent models. Finally, since USB bandwidth drives the rate at
which USB-Accelerators can process models, multi-tenancy on EdgeTPUs can show performance
gain only when fewer data transfers (because of model parameters swapping) are involved. Inherently
sequential hardware design, such as shared USB hubs, is also a restricting factor when using multiple
USB-Accelerators simultaneously.

The results provided in this study show that multi-tenancy at the edge is a promising paradigm to
improve the performance of DL tasks at the edge. Further study on strategic placement of models to
minimize resource contention and isolation mechanism for dynamic control of DL inference throughput
can push the performance boundaries of DL inferencing. In addition, since the multi-tenant applications
share the same system memory, a thorough analysis of the security of individual applications (i.e., isolation

from other models) is necessary for techniques like CME or DMP to be suitable for deployment.
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