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ABSTRACT

Author: Bai, Peter. MSECE
Institution: Purdue University
Degree Received: August 2019
Title: Operating Neural Networks on Mobile Devices
Committee Chair: Dr. Saurabh Bagchi

Machine learning is a rapidly developing field in computer research. Deep neural network
architectures such as Resnet have allowed computers to process unstructured data such as images
and videos with an extremely high degree of accuracy while at the same time managing to deliver
those results with a reasonably low amount of latency. However, while deep neural networks are
capable of achieving very impressive results, they are still very memory and computationally
intensive, limiting their use to clusters with significant amounts of resources. This paper examines
the possibility of running deep neural networks on mobile hardware, platforms with much more
limited memory and computational bandwidth. We first examine the limitations of a mobile
platform and what steps have to be taken to overcome those limitations in order to allow a deep
neural network to operate on a mobile device with a reasonable level of performance. We then
proceed into an examination of ApproxNet, a neural network designed to be run on mobile devices.
ApproxNet provides a demonstration of how mobile hardware limits the performance of deep
neural networks while also showing that these issues can be to an extent overcome, allowing a
neural network to maintain usable levels of latency and accuracy.
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CHAPTER 1.

1.1

INTRODUCTION

Background

Machine learning is a field that has taken great strides in recent years. Deep Neural Network
architectures such as ResNet have proven capable of learning to analyze great numbers of features
from their input data streams. As a result, such networks are able to process complex inputs such
as images and video with very high degrees of accuracy. Using techniques such as reinforcement
learning, neural networks can be made to accomplish more intricate tasks. A recent study utilized
multiple neural networks to train a reinforcement learning model to navigate a maze based on a
visual feed along with a map of the maze environment [1].

While machine learning has managed to accomplish impressive feats in recent years, most state of
the art architectures share a common downfall in that they are very computationally intensive.
Neural networks are, at their core, linear algebra problems. While simple architectures may be
relatively lightweight, running a state of the art network for even a single iteration will generally
indicate a not insignificant amount of calculations. This is without taking into account the time
and power needed to adequately train one of these networks in the first place. As a result, most
state of the art neural networks are only practical to run on very high-end computing systems.
While less powerful systems could in theory run such networks, they would run much slower,
limiting their practicality. Latency is not necessarily a concern in simpler tasks performed offline,
but for a large number of use cases, fast response times are key.

This issue is a particular problem for mobile devices. Mobile devices are often used to capture
and view a large number of images and videos. As such, networks for processing such data would
be of great utility on such devices; however, mobile hardware does not have nearly as much power
as a non-mobile system. This means that any neural network running on a mobile device must
contend with strictly limited computational and memory bandwidth all the while maintaining
reasonable levels of accuracy, latency, and overall practicality.
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CHAPTER 2.

HARDWARE SETUP

Before any testing could be done on ApproxNet, we first had to produce a setup on mobile
hardware capable of properly running a deep learning model. This consisted of two major steps.
The first was selecting an embedded system with specifications that allowed it to run a neural
network of reasonable size under reasonable accuracy and latency constraints. The second was
make the adjustments needed to allow common machine learning frameworks to properly run on
the selected hardware.

2.1

Hardware Selection

Since no one involved with the project had previously attempted to run a machine learning model
on mobile hardware, we looked to other research on mobile machine learning to see what sort of
hardware was commonly used. MCDNN: An Approximation-Based Execution Framework for
Deep Stream Processing Under Resource Constraints, a paper which ApproxNet drew inspiration
from, performed all of its tests using the NVIDIA Tegra K1 board [4]. Another recent project,
DeepX, also utilized the NVIDIA Tegra K1 while also performing tests on the Qualcomm
Snapdragon 800 board [7]. DXTK as well performed experiments with the Tegra K1 board while
also running tests on the Qualcomm Snapdragon 400 along with the Cortex M3 and Cortex M0
chips [9]. Deepmon, rather than using development boards, performed its tests on mobile phones,
namely the Samsung S7, Samsung Note 4, and Sony Z5 [8], all of which utilize various
Snapdragon models [14,15,16].
The NVIDIA Tegra K1’s popularity in recent mobile machine learning research meant that it was
our first choice for the ApproxNet project, while the ubiquity of the Snapdragon series in mobile
phones made it a close second. The Cortex M3 and Cortex M0 were not taken into consideration
due to being low powered chips which were shown to be incapable of running more complex
networks [9]. At the time, the NVIDIA Tegra K1 along with all the Snapdragon models used in
the works we referenced were obsolete, with the NVIDIA Tegra X2 and the Qualcomm
Snapdragon 835 being the most up to date models of each series.
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The Snapdragon 835 was designed for more general purposes, while the Tegra X2 was explicitly
designed with deep learning in mind [10]. To support this claim, NVIDIA also tested the Tegra
X2 on several deep learning models. Some of the results of these tests are shown in Table 2.1.
Table 2.1 Tegra X2 Benchmark Results
Model

Maximum FPS

GoogLeNet, batch size = 2

201

GoogLeNet, batch size = 128

290

AlexNet, batch size = 2

250

AlexNet, batch size = 128

692

Due to this design philosophy behind the Tegra X2, we were initially somewhat hesitant to keep
it in consideration since it meant that it was not particularly representative of typical mobile
devices. The Tegra X2 was designed to operate AI algorithms in locations with poor network
connectivity to allow low-latency operation to be possible [10]. This fact worried us since utilizing
a piece of hardware tailor made for mobile operation of neural networks would potentially weaken
our arguments in favor of ApproxNet.

We then decided to see how much more powerful the Tegra X2 was than the Snapdragon 835. The
CPU and GPU specifications of each device are listed in Table 2.1. Since most of the computation
for neural networks happens on the GPU, the fact that the Tegra X2 had a significantly more
powerful GPU than the Snapdragon 835 was not unexpected. On the other hand, the CPU
performance of both systems was much more similar, with the Snapdragon 835 actually having a
slight edge over the Tegra X2. Since the performance of the Tegra X2 was ultimately comparable
to that of the Snapdragon 835, we decided that it could be seen as an analogue of the best case
scenario for running a neural network on a mobile device.
Table 2.2 Hardware Specifications
NVIDIA Tegra X2 [10]

Qualcomm Snapdragon 835 [11,12]

CPU

Cortex A-57 (quad-core) – 2 GHz
Denver2 (dual-core) – 2 GHz

Kryo 280 (octa-core) – 2.45 GHz

GPU

256-Core NVIDIA Pascal – 1300 MHz

Adreno 540 – 710 MHz
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Ultimately, what tipped our decision in favor of the Tegra X2 was the issue of practicality.
Development boards existed for both sytems, with the Tegra X2’s board being called the Jetson
TX2. Since the TX2 was already designed to support deep learning, we deduced that it would take
less effort to set up the system to run ApproxNet. More importantly, the TX2 had a much more
robust development community and had more extensive documentation than the Snapdragon 835.
Given this larger pool of knowledge to draw from, it would be easier to debug any issues that arose
during experimentation, since it would be likely that another developer would have encountered a
similar problem in the past.

As a result, we ultimately opted for the NVIDIA Jetson TX2 as our system of choice for the
ApproxNet project.

2.2

Software tools

For all of the experiments detailed in this document, we depended on Python libraries for
quantitative measurements. The psutil library was used to collect data on memory and CPU
utilization while the time library was used to measure network latency. External tools such as the
‘top’ command and the Tegrastats tool were also often used alongside the Python measurements.
Tegrastats, a TX2 tool that collected numerous statistics including GPU utilization, CPU
utilization, memory usage, and power consumption, was utilized extensively in the early stages of
experimentation. While these external tools were capable of collecting a great number of data
points, they were used primarily for qualitative assessment since their lack of integration into
Python meant that they were ill-suited for identifying the causes of fluctuations in usage statistics.
These external tools were typically used to initially identify general trends and potential issues
since they required less time to configure and deploy than Python tools. Once an issue or trend
was noticed, Python tools were then used to take more exact measurements.

2.3

Hardware Limitations

Before any work could be done on ApproxNet itself, the first order of business was to understand
how to properly run a neural network on the TX2 board. Even though the TX2 was designed to
run machine learning models, it still suffered from the limitations of a mobile system and had a
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different architecture than typical stationary system. As a result, most of what was done in the
early stages of experimentation was discovering and working around the problems inherent to the
TX2 board itself.
2.3.1

Compatibility

While we were prepared to work on solving the problems of limited memory and CPU bandwidth,
the first problem encountered was actually that of compatibility. Machine learning frameworks
such as Tensorflow and Caffe are designed to support neural networks in both training and testing
environments; however, the TX2 was not intended to be used to train networks. As such, the TX2
did not come packaged with any of the traditional machine learning frameworks, instead featuring
TensorRT, a platform for optimizing and running pre-trained networks [13].
experimented with TensorRT, its use was ultimately dismissed.

While we

The full details of these

experiements can be found in Chapter 3.

We initially assumed a machine learning framework could easily be installed; however, this did
not turn out to be the case. While the TX2 ran on an Ubuntu operating system, it was custom build
rather than a standard distrubution. Multiple components that were typically in an Ubunty
distribution were either altered to better suit the architecture or removed altogether. As a result of
these alterations, our attempt to install machine learning frameworks on the TX2 board resulted in
numerous compatibility errors.

The first framework we attempted to install on the TX2 was PyTorch. While the installation script
itself did not suffer from compatibility issues, we soon ran into prerequisite errors. We were able
to resolve some of these issues by installing the necessary packages, but in many cases, the required
package simply was not available for the version of Ubuntu the TX2 was running. We were able
to find information online from another Tegra user who had managed to install PyTorch on a Tegra
board; however, the information was for an older model and the instructions did not translate
properly to the TX2 system. Since we were able to find no further leads, we ultimately decided to
abandon PyTorch to see if a different framework would be more cooperative.
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We next attempted to install Tensorflow to the TX2. As before, the installation script itself had
no compatibilty issues. Unlike PyTorch, Tensorflow was actually able to successfully install;
however, while the installation itself was able to complete, Tensorflow was unable to be launched.
While we were able to find instructions on how to modify Tensorflow to work on the TX2, we
were also able to locate a Github repository containing a third-party modified version of
Tensorflow designed to work on the Tegra X1 and Tegra X2 systems. We were able to install this
Tensorflow distribution without issue, and a simple “Hello World!” program verified that
Tensorflow was launching properly.
2.3.2

Memory

The next problems encountered were those caused by interactions with the TX2’s memory systems.
After verifying the successful installation of Tensorflow, we performed verification tests using
very simple neural networks. These included a very simple pre-trained MNIST model and an
untrained prototype of ApproxNet. While a Tensorflow instance was able to start, the networks
themselves failed to run and instead crashed after hanging for several minutes. This was initially
believed to be a faulty installation, but reinstalling Tensorflow did not resolve the issue. In
subsequent tests, we ran the networks alongside the Tegrastats utility. The output of Tegrastats
revealed that during each experiment, memory usage steadily climbed until the program ultimately
crashed. From this, we were able to conclude that the networks were causing Out of Memory
errors when launched. Some research revealed that by default, when a Tensorflow model is run,
it allocates all available memory on the GPU device it is run on to itself, then uses the allocated
memory as it sees fit. While this would not be a problem on a system with separate GPU and CPU
memory, the TX2 board does not feature dedicated GPU memory, instead sharing the same 8 GB
of memory between its CPUs and GPU. As a result, when Tensorflow attempted to allocated all
available GPU memory, it consumed all 8 GB of available system memory. This resulted in there
being no available memory for background tasks on the CPU, including tasks vital to the operations
of Tensorflow. Since these tasks could not run, Tensorflow would crash.

This issue was resolved by setting Tensorflow to incrementally allocate GPU memory as needed
through the ‘allow_growth’ property in its GPUOptions class. Afterwards, the MNIST model was
able to run to completion however, it suffered from extremely long loading times and very high
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latency.

The ApproxNet prototype still crashed after hanging, but it occasionally would

successfully run, albeit with a latency of several seconds per inference. Tegrastats monitoring
revealed that the memory usage of the ApproxNet prototype followed the same trend as before.
The MNIST model’s memory usage also grew rapidly; however, the growth stopped before the
program crashed. Once the growth stopped, the network then ran, albeit very slowly.

Fortunately, this problem was due only to an oversight when migrating pre-trained networks to the
TX2. The networks being tested had originally been created on a computing cluster with generous
memory constraints. As a result, memory efficiency had not been a concern, and the networks had
not been stripped of the various nodes used during the training process. These nodes consumed a
significant amount of memory while having no function outside of training. While this could be
tolerated in a system with higher memory bandwidth, the TX2’s limited resources were unable to
handle the excess load. After removing the nodes, memory usage dropped to more reasonable
levels, and both the MNIST model and ApproxNet prototype ran at reasonably high framerates.
2.3.3

GPU & CPU

Once the networks were properly pruned, we encountered some minor problems in regards to the
CPUs and GPU on the board. While the ApproxNet prototypes were now functional, they still ran
extremely slowly. Examination using Tegrastats showed that during these tests, CPU usage was
more limited than expected while the GPU was seeing little if any utilization. This was merely a
problem with system settings. By default, the TX2 board was set to throttle it’s performance as a
safety precaution. Changing these default settings resulted in more reasonable utilization levels in
later experiments.
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CHAPTER 3.

3.1

APPROXNET

Introduction

Once basic testing concluded, the experimental then shifted to the ApproxNet DNN. ApproxNet
was a DNN designed with operation on mobile devices in mind. The main limitation ApproxNet
sought to address was the fact that neural networks on mobile devices were generally quite
inflexible. Due to the limited amount of memory present on most mobile devices, a very limited
number of models can be loaded at once. This limits the number of usage scenarios that can be
addressed at any time without loading new models from memory. While doing so is an option, the
long loading times of models limits the usefulness of this approach. MCDNN, a paper that
ApproxNet was inspired by, sought to address this by optimizing memory usage through model
specialization (creating a variant model to recognize only the most common output classes) and
model sharing (having low level layers be shared among different models)[4].

ApproxNet takes a different approach by opting not to optimize separate networks for different
use cases and instead focuses on creating a single network that can be adjusted to suit the current
usage scenario. Unlike traditional neural networks, ApproxNet is able to adjust the size of its input
as well as the depth of the network. In many applications, latency and accuracy requirements will
change over time. For a traditional neural network, the only way to adapt to these changes is
switch to a different network altogether. Launching a new network will incur a latency network
as the new network is loaded from memory while keeping multiple networks loaded at once once
again runs in the problem of limited memory on mobile devices. By including the ability to adjust
input size and network depth, ApproxNet is able to adapt to changing needs without the need for
a second network.

ApproxNet at its core is based on the ResNet architecture as outlined in [3]. As such, the layers
up until the output layer are all either convolutional layers or pooling layers. These layers do not
require a set input size. ApproxNet takes advantage of this fact to feed downsampled images into
the network when latency requirements become tighter or when accuracy requirements are
loosened. A smaller input image would result in lower accuracy, but would also be processed
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faster due to fewer operations being performed at each layer. Before the final fully-connected
layer, ApproxNet uses a spatial pyramid pooling layer [17] to change the variable sized output of
the convolutional layers into a fixed size input for the fully-connected layer.
ApproxNet’s other major difference from typical neural networks is the presence of multiple
output layers at varying depths throughout the network. A similar structure can be found in the
GoogLeNet network; however, these output ports were only used for backpropagation and were
disabled outside of training [5]. In contrast, ApproxNet’s various output layers are all functional
during inference. For each image, ApproxNet sets how deep into the network the image will travel.
Once it reaches the designated layer, rather than being passed further into the network, it is instead
redirected to an output port at that layer. This effectively makes it so that the depth of the network
can be adjusted for each individual inference.
A more thorough discussion of ApproxNet’s capabilites can be found in ‘ApproxNet: ContentAware Approximation for Video Classification on Mobile Platforms’ [2]. In this paper, our
discussion will focus on the experiments covering the performance of ApproxNet on the TX2
board under various conditions. Specifically, we will cover ApproxNet’s memory usage and
latency patterns along with its response to resource contention.

3.2

TensorRT

As mentioned previously, the TX2 board came with a platform known as TensorRT. NVIDIA
advertises TensorRT as a platform capable of optimizing deep learning models and producing a
runtime that can maintain both low latency and high framerate during inference [13]. Seeing as
performance was a metric we sought to maximize for ApproxNet, we decided to test whether
running ApproxNet via TensorRT yielded any benefits over running the model through
Tensorflow as per usual.

Despite the similar name, TensorRT is not capable of running a network off of the .pb or
checkpoint files that are used to store Tensorflow models. Instead, TensorRT initially requires a
pre-existing network to be dumped to a .uff file. This is due to TensorRT having support for
models originating from various machine learning frameworks. While converting a model to a .uff
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file is a very straightforward process that requires but a single line of code, it needs to be done on
a separate machine. Creating a .uff file requires the associated library which is not available on
the Ubuntu distribution the TX2 runs.

Once the .uff file is created, it is then transferred to the TX2 board at which point TensorRT can
then be used to run the network. TensorRT uses this .uff file to then build an inference engine
runtime to operate the network. After an inference engine has been created, it can be serialized
and saved directly to a .engine file which can be then used to relaunch the application, bypassing
the need for the original .uff file. This method is faster than launching from a .uff file since
TensorRT does not have to build and optimize the engine from scratch, but since an inference
engine is optimized for the device it is built on, .engine files cannot to migrated to other devices
running TensorRT while .uff files can.

Due to unfamiliarity with TensorRT, initial tests were run with an MNIST classifier rather than
ApproxNet. This was due to the fact that when running a network in TensorRT, the user is required
to identify input and output layers by name and explicitly tie those port to input and output buffers.
The MNIST model possesses a single input port and a single output port, whereas ApproxNet
possesses inputs for both the inference image and settings along with a number of output ports
throughout the network. Thus, for simplicity’s sake, we opted to first run tests on the MNIST
model to gain a basic understanding of how TensorRT was operated before moving on to the more
complex ApproxNet model.
As expected, we encountered some difficulties with learning TensorRT’s syntax while adapting
given code for our model; however after successfully setting up an inference engine from the
MNIST network, we discovered a major limitation of the TensorRT runtime. While TensorRT
was designed to run a trained network, it did not, unlike Tensorflow, contain methods for handling
media. This meant that the task of reading in image files fell to external libraries. The Cimg
library was readily available for this task, but it was when we attempted to feed the image data
into the inference engine that we encountered problems. While the engine itself was functional,
for any particular image, the results it produced were different from those produced by the network
when run in Tensorflow. The issue lay in the fact that when using TensorRT, inputs and outputs
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to the engine are handled as 1-dimensional arrays. This design ensures that the engine is agnostic
to the original input format of the network since any numerical data can be reformatted to be 1dimensional. For data that is originally 1-dimensional, this is no issue; however, for higher
dimensional data such as images and video, the question arises as to how the data is to be alligned
when it is collpased into a 1-dimensional format. As it turned out, the default alignment used by
the Cimg library when collapsing an image did not match that of the alignment Tensorflow used
to collapse images. Ultimately, the proper alignment was determined through trial and error by
manipulating the input image until the output values matched those of the Tensorflow version.

The next step we took was to attempt to run ApproxNet on TensorRT. Since ApproxNet had
multiple input and output ports, we needed to test whether TensorRT could even support such a
setup. While we were fairly confident we were able to properly identify the ports, our plans ran
into a roadblock we found that we were unable to dump ApproxNet into a .uff file. Multiple layers
critical to the functionality of ApproxNet could not be converted into a .uff format. Further
research revealed that this was an issue only with Tensorflow. While TensorRT primarily
supported conversions from Tensorflow and Caffe, support for Caffe models was more advanced.
This meant that while we were unable convert a Tensorflow model thanks to layer incompatibility,
an equivalent model in Caffe would not have had the same issues. While we briefly discussed
creating a version of ApproxNet in Caffe, the fact was that there did not exist a tool as far as we
were aware to convert Tensorflow models to Caffe models, meaning the conversion would have
to be done by hand. Since no one in the project had done such a thing, we decided in the interest
of practicality to shelve plans for TensorRT for the time being.

3.3

Memory Usage and Latency

With TensorRT out of the question, the focus then shifted to evaluating ApproxNet itself. The
first task I was assigned was to assess the memory usage and latency of ApproxNet on its own.
One of the problems facing neural networks on mobile devices is that even if a network can be run,
user requirements are not necessarily going to be static. Over time, a user’s latency and accuracy
needs may change. With a traditional neural network, this would be handled by switching to a
different network, either by loading a new network or swapping to one that had been previously
loaded. The former option would incur a large switching overhead since the user would have to
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wait while the new network was loaded. The latter would not be practical on a mobile device since
loading additional networks would further strain the already limited memory resources.

ApproxNet addresses this issue by allowing the user both the depth of the network as well as the
complexity of the input on the fly, thus allowing them to adapt to changing requirements without
having to switch networks entirely. The following experiments compare the memory profile of
ApproxNet against those of our baseline. The baseline models were based off of the cascade
models used in MCDNN. For a particular network, two variants existed: the full original variant
and a simplified version that was trained only to identify the most common output classes. When
an inference is run, the data is first passed to the simpler model, and if it fails to identify the image,
it is then passed on to the full model [4].

For this experiment, w used several configurations, each of which performed inference on 300
images with the latency of each inference and Tensorflow’s memory usage immediately following
each inference being recorded. For ApproxNet, w used three different complexity settings. LL
was a setting for low latency and low accuracy, MM medium latency and accuracy, and HH high
latency and accuracy. Image size and network depth increased as latency and accuracy increased.
We ran four configurations of ApproxNet, one each for every setting where only a single setting
was used, and one where the setting changed from LL to MM after 100 images, then from MM to
HH after another 100 images. For the MCDNN baselines, we had two models: one corresponding
to the LL and MM ApproxNet settings, and one corresponding to the HH setting. We ran four
configurations for MCDNN: one where only the LL/MM model was used, one where only the HH
model was used, and two where both models were used. For one of the dual configurations, the
two MCDNN models were loaded simultaneously, while for the other, only the model currently in
use was loaded into memory. Each configuration was run multiple times and the results were
aggregated across the various runs.

The memory usage patterns of these experiments are summarized in Figure 3.1. The blue bars are
for ApproxNet while the red bars are for various MCDNN configurations. LL, MM, and HH
denote runs where only a single complexity was tested. AN Mixed denotes runs where ApproxNet
settings were changed during inference. MCDNN All denotes when multiple MCDNN models
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were simultaneously loaded to memory and run sequentially while MCDNN Replace is for the
strategy of replacing one network with another once requirements change. The results quite clearly
show the memory efficiency of ApproxNet over the baseline MCDNN. The most complex
ApproxNet configuration, ApproxNet Mixed, consumed approximately as much memory as the
least complex MCDNN configuration. To match the flexibility of the ApproxNet Mixed setting,
MCDNN requires an additional gigabyte of memory, as shown by the difference between
ApproxNet Mixed and MCDNN all.

Figure 3.1 Memory Consumption of Various Models
One point which stood out was that the differernt ApproxNet configurations all had different levels
of memory consumption. Since all ApproxNet tests used the exact same network model, it seemed
strange that different configurations would have different memory requirements. We ran some
further tests and took a closer look at the log files produced by each experiment. Figure 3.2 shows
the memory usage trend over the course of one of the experiments on the ApproxNet Mixed
configuration.
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Figure 3.2 ApproxNet Mixed Memory Usage Over Time
The initial gradual climb in memory usage was a common feature in every experiment. In every
experiment, the network needed time to ‘warm-up’. During this period, memory usage gradually
climbed, while latency was significantly higher than normal. Afterwards, memory usage leveled
out and latency dropped back to typical levels. This performance loss was the switching overhead
associated with loading a new network from memory. The other two memory spikes in Figure 2
correspond to when the setting changed from LL to MM and then from MM to HH. These spikes
were also accompanied by a brief spike in latency, but these spikes were less severe and of shorter
durations than the one incurred when the network was first launched.

Seeing this, we ran several more experiments where we switched between different ApproxNet
settings.

Unlike in the ApproxNet Mixed configuration, settings were revisited in these

experiments. In these experiments, the first time a setting was used, we incurred similar switching
costs to those shown in the ApproxNet Mixed runs. More importantly, when a setting was revisited,
no switching cost was incurred. From these results, we concluded that whenever a setting was
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used for the first time, the relevant structures for it would be loaded into memory where they would
remain until the program terminated. Since different setting share network components, there is
less loading to be done when switching to a new setting, thus explaining the smaller latency spikes.

3.4

Co-Location

The second task I was assigned was to determine the effects of contention on the performance of
ApproxNet. In practice, it is very unlikely that a neural network will be the only application
running on a mobile device. At any given time, any number of other applications may be
competing for the same system resources. Since we had already determined that ApproxNet
worked well under ideal conditions, we now sought to verify that it was also viable under more
realistic usage scenarios.

For these experiments, we used a methodology inspired by Bubble-Up.

Bubble-Up is a

methodology intended to improve resource utilization in datacenters by safely co-locating tasks.
A key component to determining whether tasks could be safely co-located was determining how
sensitive a given task was to resource contention. This was done by running the task alongside a
program capable of generating an adjustable amount of resource contention, then monitoring the
performance of the main task [6].

We adopted this approach by running ApproxNet alongside programs which would allocate a set
amount of memory (a ‘bubble’), then perform CPU operations until it was terminated. In initial
experiments, the bubble size was held constants, with the number of bubbles created being used
as the variable. In each experiment, we first launched the requisite number of bubbles, then
launched ApproxNet. ApproxNet iterated through all of its possible settings, running several
dozen inferences on each setting.
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Figure 3.3 Latency vs. Bubble Count
Figure 3.3 shows the results of these experiments. Each colored line corresponds to the average
latency experienced by a particular setting as the number of bubbles changes. These lines are not
labeled due to space constraints, but an overall trend can be seen. As the number of bubbles
increases, latency also increases for all branches. For the first four bubbles, the increase was
relatively slight, but the addition of the 5th bubble resulted in a large spike in average latency. We
assumed that this was because the addition of the 5th bubble created enough contention to overcome
ApproxNet’s tolerance for resource competition, causing performance to sharply degrade.

This was corroborated by further experiments done with a single bubble of varying size. As long
as the bubble was below a certain size, its effects on the performance of ApproxNet did not vary
greatly regardless of how large or small the bubble was. However, once the bubble size exceeded
a certain threshold, performance rapidly degraded as bubble size increased until the program
became non-functional.
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These experiments demonstrated that ApproxNet was quite capable of operating under reasonable
amounts of contention. As long as contention from other tasks remained below a certain threshold,
ApproxNet suffered relatively little degradation in its performance. A more thorough exploration
of ApproxNet’s ability to deal with contention can be found in [2].
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CHAPTER 4.

CONCLUSION

Machine learning is a field that is rapidly advancing. In recent years, neural networks have proven
capable of executing increasingly complex tasks with ever improving degrees of accuracy;
however, most of these neural networks also suffer from the fact they require large amounts of
computational resources to operate. This limits the use of neural networks on mobile devices,
where computational and memory bandwidth are much more limited. We examined the hurdles
that one would have to overcome in order to allow a neural network to run in a mobile environment.
We first looked at issues of compatibility. Due to differences between mobile and stationary
systems, a user would have to make numerous tweaks to a network to better suit it for running in
a mobile environment. Secondly, we also examined practical limitations. For this, we looked to
ApproxNet and how its design was able to mitigate some of the issues that limit the practicality of
running a neural network on a mobile system. ApproxNet’s unique architecture allowed to operate
with a great deal more flexibility than traditional neural networks, allowing it to adapt to changing
latency and accuracy needs. In addition, ApproxNet also demonstrated a reasonable robustness
against contention, suffering relatively little degradation in performance below a certain level of
contention.

One topic I would like to revisit is TensorRT. TensorRT was packaged with the TX2 board and
was the intended method of running neural networks on the board. While we did experiment with
TensorRT in the beginning, we ultimately set it aside due it being incompatible with the current
iteration of ApproxNet. We could attempt to convert ApproxNet into a Caffe model to ensure
compatibility, and it is also likely that future updates to TensorRT will provide great compatibility
with Tensorflow models. Since TensorRT is advertised as a method of optimizing neural networks,
it is possible that it can help improve the performance of ApproxNet on the TX2 board.

Overall, while there are still obstacles in the way of bringing practical machine learning models to
mobile systems, ApproxNet has demonstrated that there are ways to overcome these limitations.
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