MDINFERENCE: Balancing Inference Accuracy and Latency
for Mobile Applications

Samuel S. Ogden
Worcester Polytechnic Institute
ssogden@wpi.edu

Abstract—Deep Neural Networks are allowing mobile devices
to incorporate a wide range of features into user applications.
However, the computational complexity of these models makes
it difficult to run them effectively on resource-constrained
mobile devices. Prior work approached the problem of support-
ing deep learning in mobile applications by either decreasing
model complexity or utilizing powerful cloud servers. These
approaches each only focus on a single aspect of mobile
inference and thus they often sacrifice overall performance.

In this work we introduce a holistic approach to designing
mobile deep inference frameworks. We first identify the key
goals of accuracy and latency for mobile deep inference and the
conditions that must be met to achieve them. We demonstrate
our holistic approach through the design of a hypothetical
framework called MDINFERENCE. This framework leverages
two complementary techniques; a model selection algorithm
that chooses from a set of cloud-based deep learning models to
improve inference accuracy and an on-device request duplica-
tion mechanism to bound latency. Through empirically-driven
simulations we show that MDINFERENCE improves aggregate
accuracy over static approaches by over 40% without incurring
SLA violations. Additionally, we show that with a target latency
of 250ms, MDINFERENCE increased the aggregate accuracy in
99.74% cases on faster university networks and 96.84% cases
on residential networks.

Keywords-Mobile deep learning, performance

I. INTRODUCTION

Deep learning on mobile devices is allowing for a wide
range of new features such as virtual personal assistants [1],
[2], visual text translation [3] and facial filters [4] to become
commonplace in mobile applications. These diverse func-
tionalities are made possible by recent advanced in machine
learning models called deep neural networks (DNNs), which
on some tasks can approach human-level accuracy [5].

However, DNNs achieve this high accuracy with high
computational complexity [6] leading to high latency, es-
pecially when running on mobile devices [7]. This causes a
necessary trade-off to be made between model accuracy and
model execution latency. Modern frameworks such as Ten-
sorFlow allow for on-device execution, in-cloud execution,
or some hybrid of these two, introducing a wide range of
choices for this accuracy-latency trade-off.

Each of these three approaches each have strengths but
introduce additional drawbacks. On-device inference allows
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for executing inferences entirely on the mobile device with
easy to predict latency but the mobile developer has to
choose between high execution latency or using lower accu-
racy models. In-cloud inference can execute high-accuracy
models with low latency but the reliance on network commu-
nication means unpredictable, and potentially unacceptably
long, overall response time [8]. Hybrid inference involves
spreading execution between the mobile device and the cloud
allowing for potential reductions in latency, but can result
in worse latency and lower accuracy than purely on-device
or in-cloud approaches.

In this paper we argue the need for mobile-oriented infer-
ence frameworks. We discuss the pros and cons of existing
approaches and pinpoint the potential areas for improvement.
We propose a holistic approach that considers mobile-
specific factors when designing mobile inference frame-
works. Finally, we demonstrate our approach through the
design of a hypothetical framework called MDINFERENCE
aiming to increase aggregate accuracy, defined as the av-
erage accuracy for all models used to service requests,
while bounding latency for mobile inference requests. This
is enabled by both utilizing a network-aware model selection
algorithm to dynamically choose high-accuracy models that
can execute within a target response time and duplicating
requests to ensure a bounded latency response.

Instead of approaching the design of mobile inference
frameworks as a static problem, where a single model is used
and network time is disregarded, we consider a run-time
approach to mobile inferences with a two-pronged design.
First, by selecting the most accurate model for in-cloud
inference based on the network delay we increase accuracy
within an overall latency target. Second, by duplicating
inference execution on-device using a low-latency model we
can ensure that we can meet the latency target regardless of
network connectivity and delay. In short, by dynamically
selecting a model while running inference both in-cloud
and on-device we improve accuracy while providing latency
guarantees for mobile applications.

Our three main contributions are:

« We introduce a new mobile-oriented approach to de-

signing deep inference frameworks that focuses on the
specific goals and constraints of mobile devices, such
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Fig, 1: Comparison of different mobile inference techniques. () On-device inference allows models to run on-device in a resowrce
constradined environment. Mobile-optimized models hove lower latency but also lower accuracy. (b)) Cloud-based inference allows for
complex models but requires network fravsfer prior to inference execution, adding unprediciable network delay. () Hybrid inference
shares execution between the mobile device and a cloud server, relving on both being available, to decrease latency. (d) MDINFERENCE
uses runtime nodel selection and request duplication to select accwrate cloud-hased models and an on-device model to puarantee latency.

as network condition variation. Making frameworks
aware of these constraints will allow them to improve
aggregate accuracy without sacrificing latency.

» We designed a hypothetical framework MDINFERENCE
that demonstrates the ability of this mobile-oriented
approach to improve the aggregate accuracy of infer-
cnees while meeting latency  targets. Our evaluation
shows MDINFERENCE achicved ils targel lalency in
23% more cases than in-cloud approaches and increased
aggregale accuracy over 39% compared o purely on-
device approaches.

» We developed and integrated two algorithms to enable
our MDINFERENCE to be mobile-aware. These algo-
rithms opportunistically increase the aggregate accu-
racy of inferences and ensure that there are no SLA
violations, inproving user experience,

The remainder of this paper is structured as follows. In
Section II we introduce a number of existing approaches
mobile inference frameworks. The problem of mobile deep
inference is formalized in Section I11. Section 1V discusses
the key advantages of existing approaches and describes
how we design a hypothetical framework for which we call
MDINFERENCE. An evaluation of the techniques imple-
mented in MDINFERENCE is presented in Section VI and a
discussion of {ulure dircetions is conducted in Section VIIL

II. BACKGROUND AND MOTIVATION

Deep neural networks have become increasingly popular
for embedding novel features into mobile applications, Two
commeon forms of deep learning, convolutional neural net-
works (CNNs) and recurrent neural networks (RNN5s) excel
at image processing and specch-to-text, respectively. This
allows for the addition of leatures such as Optical Character
Recognition (OCR) [3] and virtual assistants [17, [2] w
mobile applications.

State-ol-the-art DNNs, with their accuracy-driven design,
can contain lens of millions of parameters and hundreds of
layers, and are therefore both computationally- and memory-
intensive [6], [9]-[12]. To leverage these deep learning
models, devices first need to preprocess the input data and
load these models into memory. Once these models are
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Fig. 2: DNN execution latency on a range of mobile devices. We
measure execution time for 21 pretrained models [7] via the Ten-
sorFlow Lite framework [14] running on three devices. The circle
size corresponds to the standard deviarion of the inference larency.
We observe that high-accuracy models take multiple seconds to
rurt ent all devices and that newer devices, such ay the Picel 2, can
support more models than older devices.

loaded into memory, executing them requires large matrix
multiplication operations with many millions, and often bil-
lions, of fHeating point operations [6], [10]. [13]. Therefore,
while these models can add rich functionality to mobile
applications, actually leveraging them on mobile devices is
difficult due to resource constraints | 12],

Further, the number and extremily ol otherwise common
issues that mobile devices need 1o balance is extremely high.
First, mobile devices experience a wide range of network
conditions both in terms of connection quality and speed.
They can be without a network connection for davs or
switch between high-speed WiFi and a cellular connection
within the same minute. Second, they are inherently resource
constrained as devices must be small and efficient enough to
bc carricd by end-uscrs throughout daily life. Finally, mobile
applications arc inevilably user-facing, compelling them Lo
adhere 1o strict latency goals Lo improve user cxperience.

Three main approaches to enabling mobile deep learning
are depicted in Figure 1 and discussed below.

A. On-device Inference

On-device inference refers to running DNNs on mobile
devices, which is illustrated in Figure 1(a), and is sup-
posed by frameworks such as Caffe2 [15] and TensorFlow
Lite [14]. These frameworks often use models that have been



trained on powerful servers and exported to a format that is
optimized for mobile devices. Mobile oriented optimizations
to decrease the latency of on-device execution often aim to
reduce the complexity of the models themselves [6], [13].

In Figure 2 we show the execution latency of 21 pretrained
CNN models [7]. While many of the models that have
been optimized for mobile devices completed execution in
under 250ms, these models have lower accuracy results.
Higher accuracy models often take much longer to run,
even on devices with specialized hardware such as the Pixel
2 [16]. Further, we observe that the lower accuracy models
show a distinct range of latencies, with latency increasing
exponentially with accuracy, leading to the highest accuracy
models having multi-second latency on all tested devices.

Further, even mobile-oriented models can still be orders
of magnitude slower than running on dedicated servers
with accelerators. The inference latency can be exacerbated
when an application needs to load multiple models, such
as chaining the execution of an OCR model and a text
translation model [3], or requires higher accuracy.

In summary, even though on-device inference is a plausi-
ble choice for simple tasks and newer mobile devices, it is
less suitable for complex tasks or older mobile devices.

B. In-cloud Inference

In-cloud inference, as illustrated in Figure 1(b), executes
models on remote servers instead of on-device. Cloud-based
servers, especially those with access to powerful accelerators
such as GPUs, can execute models orders of magnitude
faster than mobile devices. For example, execution of the
NasNet Large model takes over 5 seconds on all of our
mobile devices but takes only 113ms on a server with
GPU (details in Table III). By leveraging this decrease in
latency, in-cloud inference could decrease overall response
time, even while using more accurate models. However,
transferring the input data to the cloud-based servers can
incur long and unpredictable network time [8], [17].

Model serving systems [18]-[21] allow mobile appli-
cations to leverage these cloud-based frameworks, often
through REST APIs. However, many such systems require
mobile developers to manually specify the exact model to
use through the exposed API endpoints. These frameworks
fail to consider the impact of dynamic mobile network
conditions, which can take up a significant portion of end-
to-end inference time [17], [22]. Moreover, such static
development-time decisions can lead to using high-accuracy
models whose high execution latency may be compounded
by unexpectedly long network transfer time.

In summary, cloud-based inference has the potential to
support many application scenarios, simple and complex,
for heterogeneous mobile devices. However, current mobile-
agnostic serving platforms fall short by not automatically
adapting inference choices based on mobile constraints.

Symbol Meaning

Tsia Response time SLA

Thudget Time allowed for model execution

Thw Estimated round-trip network time

M A set of available models

A(m) Accuracy of a model m

p(m), o(m) Average and standard deviation of
? model execution time for model m

Tab. I: Symbols used throughout this paper.

C. Hybrid Inference

Hybrid inference spreads the execution of models across
both the mobile device and a cloud-based server, as shown in
Figure 1(c). By splitting the execution between two locations
hybrid inference allows for decisions to be made at runtime
to reduce overall response latency.

The division of model execution between the mobile
device and the remote server is done by identifying partition
points in models where intermediate data can be efficiently
transferred from the mobile device to the remote server [23].
Executing the first layers of a model on-device and then the
rest of the model on a remote server allows for transferring
less data across the network. However, if the network is
unavailable the entire model can be executed locally, but an
unpredictable network can lead to an increase in latency.

To remove this reliance on the network, each segment
of the model execution can calculate a confidence in its
response [24], [25] where a high confidence will result in
using the current response. If the confidence is too low
on-device, the intermediate data can be sent for remote
inference. This decreases the reliance on the network but
potentially decreases accuracy.

In addition, since hybrid inference relies on continuing
execution on the remote server this server has to host to
same model as was used on the mobile device. In order to
accommodate the possibility of no network connection this
limits the models that can be used for hybrid execution.

In summary, hybrid inference allows for decreasing la-
tency by partitioning the inference model and selecting
where and whether each of the pieces should be executed.
Network constraints may lead to longer latency and with a
limited ability to improve accuracy by the models used.

III. PROBLEM STATEMENT

We target the problem of designing mobile deep inference
frameworks for mobile applications. The core aspect of this
problem is that the mobile device can have a variable, or
nonexistent, network connection while request inferences.
Additionally, an application developer has access to a set
of models M that exhibit a range of different accuracies
and latencies [7], [26] for the same task. Therefore, the
problem is about how to enable high-accuracy inference
results for mobile devices within a given target latency.
Concretely, for a mobile device requesting an inference



within a target latency, Ty, we want to select an inference
model, m € M that maximizes accuracy and returns results
within T;,. Note, all symbols used throughout this paper
can be referenced in Table I.

We consider two main metrics that measure the quality of
solutions to this problem. First is Service Level Agreement
(SLA) attainment, which is measured as the number of
requests that return results within the specified response
time target. The goal for a mobile-oriented framework is to
return all results within a given SLA. Second is aggregate
accuracy, which is the average accuracy of all models used
by the framework. For example, if three inference requests
are serviced by models with 40%, 60% and 60% accuracy,
then the framework’s aggregate accuracy is 53.3%. The goal
of any framework is to maximize its aggregate accuracy.

System model and assumptions: We assume our mobile
device is resource constrained and can only run a single
on-device model. Further, we assume the mobile device
may have access to an in-cloud server hosting a set of
functionally-equivalent models, but transferring input data
can take a variable network time 7,,,,. We call a set of
distinct models functionally-equivalent if they all perform
the same task, such as image classification. We further
assume this network time can be calculated or estimated
through a number of methods such as time synchronization,
direct measurement, or network modeling [8].

Our hypothetical system is designed specifically for CNNs
performing image classification tasks. We assume that any
required preprocessing is completed on the mobile device
and is not directly considered as part of the response time.
We also assume that each request has an appropriate Ty,
representing the target request-response latency.

I'V. MOBILE INFERENCE FRAMEWORK DESIGNS

Mobile-oriented inference frameworks have a number of
unique goals and constraints that we discuss next. These rep-
resent a number of opportunities we discuss in Section I'V-B.

A. Mobile-Aware Framework Design Goals and Challenges

As more mobile applications are leveraging DNNSs it is
becoming critical that inference frameworks be aware of the
special demands of these applications. Existing approaches
focus on optimizing for single goals, such as latency on mo-
bile devices or inference server throughput, while ignoring
mobile-specific needs. As an example, the NasNet Mobile
model was designed to provide high-accuracy inference on
mobile devices. On a Pixel 2 phone this model ran in 236ms
but on other tested devices this model took up to 2.5X longer.

Goals for a mobile-specific inference framework: A
mobile inference framework needs to dynamically balance
two design goals: latency and accuracy. This need is driven
by a dynamic mobile environments and network connec-
tions, and the inherent heterogeneity of devices.

Goals Factors (Awareness)
Accuracy | Latency | Network | Resource | SLA
On-Device X v - v v
In-Cloud v X X — v
Hybrid vIX vIX v v -
MDINFERENCE v v v v v

Tab. II: Different mobile inference approaches and their goals
and awareness. The three approaches discussed each have differ-
ent optimization goals. On-device inference relies on an awareness
of available resources to optimize for inference latency. In-cloud
inference has the goal to increase the throughput of inference
servers for the most accurate models, showing an attention to SLA
but ignoring the network. With hybrid approaches, the goals and
awareness lie on a spectrum. Typically frameworks are aware of
a subset of the various factors but no single approach is aware of
all three. MDINFERENCE is aware of all three factors to achieve
a reliable latency while increasing accuracy when possible.

Latency is the time required to return an inference re-
sponse to the mobile end-user. Keeping this metric low and
consistent is important to mobile applications which are
inherently user facing. Response times that are particularly
long relative to the average will be obvious to users.

Accuracy is the ability a model to return the correct
response on input data, which is often reported for image
classifications models as the top-1 accuracy. This describes
the model’s average likelihood to correctly classify input im-
ages. In complex use cases accuracy is especially important.

Challenges for mobile-oriented frameworks: An ideal
mobile inference framework should allow for both goals to
be optimized by balancing them. To do this it would have
to be aware of three major constraints, which we introduce
below and have summarized in Table II.

First, mobile devices experience a wide range of network
conditions that can lead to large variations in the latency
of transferring input data for remote inference. Frameworks
that performs remote inference should be aware of this
variation and able to adapt its inference decisions to min-
imize the impact. Second, mobile devices are inherently
resource constrained, making on-device inference difficult,
which is exacerbated by device heterogeneity. A mobile-
aware inference framework should reduce its reliance on
on-device inference as these constraints are device-specific
and may force each device to use a different low-accuracy
model. Finally, mobile applications are user facing and thus
are generally very sensitive to response time. Therefore any
framework providing mobile devices with inference services
should be able to provide results within a reasonable time,
often defined by its latency SLA.

B. Inference Serving Opportunities

The existing approaches that mobile deep inference frame-
works take introduce a number of potentially opportunities.
On-device inference aims to ensure that mobile users
can always run inference but at a decreased accuracy.
By decreasing the complexity of deep learning models it



is possible to run inference directly on the mobile device
within a reasonable latency. This ensures that regardless
of network connectivity mobile users can obtain inference
results. One example of this is MobileNets [13] which by
tuning the number of parameters within the model prior to
training allows for a smooth trade-off curve between latency
and accuracy based on the same model architecture.

The main drawback of on-device inference is that de-
creased latency is achieved by sacrificing inference accuracy.
In the case of MobileNets, this can mean decreasing the top-
1 accuracy by 29.6% (comparing the accuracy of the fastest
and most accurate variations [7]). The problem of trading
accuracy for latency is further compounded by the need to
make such decisions prior to training. In particular, doing
so at development time means an application either relies
on a single model across all devices or needs to select the
optimal model per device, which is challenging given the
wide range of devices and models.

In-cloud inference allows for high-accuracy models
to be run with low latency but neglects the needs of
mobile applications. By leveraging hardware accelerators
such as GPUs, cloud-based inference servers can greatly
reduce the latency and improve the serving throughput even
with complex high-accuracy models [18], [19], [27]. As an
example, we observed that the time to execute the NasNet
Large model (82.6% accuracy) in the cloud was faster than
running inference requests with the MobileNetVI_160 1.0
model (68.0% accuracy) on the fastest mobile device in our
experiments. (For details see Figure 2 and Table III.) Cloud-
based serving allows not only for high-accuracy inferences
with low execution latency, but also opens up opportuni-
ties to serve inference requests with functionally-equivalent
models that exhibit different latency-accuracy trade-offs.

The drawback of in-cloud inference frameworks is that
they mobile-agnostic and are typically oriented towards
service providers. This has two impacts. First, cloud-based
servers aim to achieve a service level objective considering
only on-server time and exclude the network latency of the
input data [18], [28]. Due to this, poor mobile network
connections can result in poor mobile performance [17].
Second, optimizations for throughput, such as batching, lead
to an increase in the latency of individual requests [11], [18].

Hybrid inference spreads execution across multiple
locations allowing for decreased latency but at the cost
of relying on the availability of both locations. Spreading
inference across multiple devices allows for a decrease in the
amount of data transmitted across the network [23] or to exit
early from execution when confidence in the intermediate
result is above a threshold [25]. As a result, frameworks that
support hybrid inference have the flexibility to selectively
improve the inference performance by carefully spreading
the model across different locations.

However, this requires both that intermediate data be
transferred between locations and that the intermediate data

can be used in both locations, leading to the same model
be executed in both locations. In the case that network
transfer of intermediate data is prohibitive the model must be
executed entirely on-device. For complex models this leads
to unacceptable latency, and simple models fail to benefit
from the remote execution. Therefore, hybrid frameworks
have similar limitations to on-device frameworks, in that
the model used must be selected during development, and
in-cloud frameworks with their sensitivity to the network.

V. MDINFERENCE FRAMEWORK DESIGN

The key insight of MDINFERENCE is that we can lever-
age a set of cloud-based functionally-equivalent models
to improve accuracy. In addition, duplication of inference
requests [29], [30] allows us to bound latency. For each
inference MDINFERENCE submits an inference to a remote
server that dynamically selects an accurate model, and at the
same time executes a low model to ensure results will be
available for uses within the SLA. This allows for increased
accuracy and reliable latency.

MDINFERENCE combines the advantages of existing ap-
proaches in order to improve end-user performance. By
dynamically selecting cloud-based models based on network
information we can opportunistically use higher accuracy
models and improve the aggregate accuracy. Additionally,
MDINFERENCE and further improve the aggregate accuracy
by using a more accurate on-device model, although this can
impact the minimum achievable SLA. This combination of
local and remote inferences allows MDINFERENCE to pro-
vide for reliable latency and improved aggregate accuracy.

MDINFERENCE consists of two components. First, a
cloud-based server selects between a number of functionally-
equivalent models for one that can complete within a specific
SLA by estimating the time consumed for transferring input
data. This algorithm is detailed in Section V-A. Second, a
local inference is run on-device to ensure that results are
available within the target SLA. The combination of these
two components ensures that inference output is available
within the SLA, possibly with improved aggregate accuracy
from the cloud-based component. We discuss the implication
of duplicating inference requests in Section V-B.

A. Model Selection Algorithm

MDINFERENCE’s model selection algorithm is designed
to manage a set of functionally-equivalent CNN models
and pick the most accurate model that can return results
within the specified SLA. It is designed to take advantage
of the low variability of model execution latency to not
only mitigate the impact of variations in the mobile network
latency but opportunistically use them to improve accuracy.
The key insight of our model selection algorithm is that
the variations of transfer latency for an inference request
can be compensated for with the appropriate choice of
inference model. As functionally-equivalent models each



have different execution times and accuracies, by explicitly
making inference latency and model accuracy trade-offs
MDINFERENCE determines which CNN model to execute.

MDINFERENCE works by selecting the most accurate
model that has a low enough execution time to return results
to the end-user within the SLA. It accomplishes this by
first calculating the request’s time budget as the difference
between SLA and the estimated network time. That is,
Tyudget = Tsia — T where Ty, referred to as network
time, denotes the time to transfer the inference request and
to return the result. Consequently, 7, can be estimated
conservatively as Ty, = 2 X Tippur Where Tjppy, is the
time to transfer the data to the remote server. Estimating 7.,
using Ty, 1s straightforward as Tj,,,,; can be measured
by the server prior to inference execution. Further, such esti-
mation is reasonable for application scenarios such as image
recognition or image-to-text translations. These applications
often need to send more data to the cloud (i.e., input data)
which leads to T;,put > Toutput, the time to return results.
For other application scenarios such as speech recognition
where output data size is often larger, one could leverage
past observations of Toy¢py: and estimate 15, = 2 X Toutput
instead. Using this time budget we can then identify the
set of models, Mg, that can complete execution within the
request time budget Ty qget-

The basic approach described above assumes that the ex-
ecution times and accuracies of models previously measured
stays the same. However, these two assumptions do not al-
ways hold, leading to a need to expand on the basic concept
of model selection to probabilistically select models. Real-
world serving systems [18], [19] often experience queuing
delay or workload spikes [31] leading to transient increases
in latency. Additionally, accuracy is affected over time by
concept drift [32]. To handle these changes in latency and ac-
curacy the model selection algorithm probabilistically selects
models, thus exploring available models that might have
been previously disregarded due to transient issues. We do
this by selecting a model using a weighted probability based
on the model’s latency relative to Ty,qge¢ and accuracy.
We implement this probabilistic approach via a three stage
algorithm described below.

Stage one: greedily picking the baseline model. In this
stage, MDINFERENCE takes all the existing models and
selects a base model m; as follows.

maximize  A(m) (1

J

subject to  p(m) + o(m) < Thudget, m € M (2)

To find the base model we first consider all models that
have an expected inference time less than the time budget
and use the most accurate of these models. This is to make it
likely that the model will finish within the calculated budget.
We use this model m;, as our base model. In the case that no
models satisfy the time budget constraint the fastest model

available is chosen as the base model and execution begins.

Stage two: optimistically constructing the eligible
model set. In order to account for unexpected performance
variations, such as queueing delays or accuracy variations,
the probabilistic model selection algorithm will expand
around the base model to form an exploration set, M. This
exploration set represents models that are similar to the base
model in terms of execution time. Specifically, we construct
the exploration set as

Mg = {m | u(m) € [(my) — o(my), p(my) + o (my)]}

3)
which is the set of all models that have an average execution
time within the typical execution time of the base model. It
is important to note that Mz may include models that violate
the latency variation constraints imposed on the base model.
This is accounted for in stage three.

Stage three: opportunistically selecting the inference
model. From the exploration set Mg we select a model m/
to balance the risk of SLA violations and the exploration
reward. Concretely, we calculate the utility for each model,
U (m), based on its inference accuracy and its likelihood to
violate response time SLA as:

Tyudget — (,u(m) + U(m))
|Tbudget - ,u(m)| .

MDINFERENCE than normalizes these utilitie? t§) calcu-
. .. o U(m
late the selection probability as Pr(m) = 76% TGy and
n E

picks m/ based on its probability. This helps avoid choosing
models with lower inference accuracy, wider inference time
distribution, and outdated performance profile while still
exploring the set of potentially eligible models.

U(m) = A(m) )

B. Request Duplication

To ensure that all requests can be serviced within the
SLA, MDINFERENCE duplicates requests to bound their
tail response latency. As discussed in Section II-A, many
mobile-oriented models can produce results on-device within
a reasonable time limit, but with lower accuracy.

When an inference is initiated two requests are generated
by the MDINFERENCE framework. The first is sent to a
remote inference server that executes the model selection
algorithm outlined previously. While this cloud request aims
to return results within the SLA it is not guaranteed. There-
fore, an inference request is duplicated and executed locally
using the on-device model. In MDINFERENCE we chose
the fastest available model to use on-device, supporting for
SLAs as low as 50ms, although any model that satisfies the
SLA goal can be used.

There are two potential outcomes to duplication. First, the
SLA expires without the remote inference request having re-
turned results, in which case MDINFERENCE uses the results
of the on-device model. In our experiments this occurred in



Model Name Top-1 Accuracy (%) | Inoference Avg. tms) | Ioference Std. (ms)
SqueceNeL ES] I Uik
MobileNetV1 0,25 49,7 321 005
MobileNety 1 0.5 63,1 471 [
DenseNet 62 2549 0,14
MobileMNet¥ 1 LT3 6.3 467 A7
MobileNetV1 1.0 10 543 0.11
MNasMNel Maohile EEE 2118 [k
IneeplionResNelV2 | 773 50,85 0.33
Inceptiony'3 TR 3101 IAE]
InevplionV4 30.1 59,21 0.22
MNasMNet Large H2.0 11201 0.0
NusNel Fictional® 50 112,61 0.36

Tab. IlI: Summaries of model statistics through empirical
measurement. Models are sorted based on theiv veported top-1
accuracy which is defined as the percentage of correctly lubeled test
images using only the most probable label. We measure the average
inference fime and standard deviation for each model runmning
via TensorFlow on an AWS p2.xlarge GPU server We used these
models in simulations o study MDINFERENCE's effectiveness in
trading-off aggregate accuracy and latency. Note, NasNet Fictional
s a copy of NasNel with fower accuracy used in Section VI-C.

only 3.10% of cases, as we will see in Section VI-D, The
second outcome has the remote inference response arrives
belore the SLA expires and the remole resulls are uscd.

V1. EVALUATION

Our evaluation goal is to quantity the effectiveness of
MDINFERENCE in opportunistically improving aggregate
accuracy for mobile devices. We do this by first demon-
strating the effectiveness of our model selection algorithm at
increasing the aggregate accuracy at a range of SLAs when
compared to a number of alternative algorithms. Finally, we
demonstrale the benefit of request duplication by analyzing
its impacl on SLA allainment and aggregale accuracy.

Key metrics. The first metric that we are measuring
in many of our evaluations is aggregate accuracy. which
we introduced in Section III. We additionally measure the
SL.A attainment, which is the percent of requests that return
results to the user within a target SLLA. With duplication this
is no longer an issuc thanks to leveraging low-latency on-
device models. In these cases we measure the pereentage of
requests that rely on the on-device model and the aggregate
acceuracy improvements when leveraging in-cloud models.

Simulation methodology. In our simulations, we leverage
a range of models, summarized in Table IIT [7], [9], [10].
[13]. [33]-[35], that expose difterent accuracy and infer-
ence time trade-offs. We empirically measured the inference
time distributions of models using an BC2 p2.xfarge GPU-
accelerated server over 1,000 inference executions, The ac-
curacy of our functionally-cquivalent pretrained model was
reported against the TLSVRC 2012 datasct [7], [36], a widely
used image classification test sel. The mobile network we
usc as the basis for many ol our simulations assumes that
transferring an inpul image lakes 100ms£350ms, based on
real world measurements of our university network. For
each simulation, we generate 10,000 inference requests with
a predefined SLA target and recorded the model selected
by MDINFERENCE {and baseline algorithms) and relevant
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Fig. 3: Comparison of MDINFERENCE to the siatic greedy
algorithm. For each SLA iarger, we simulated 10,000 inference
requests and recorded the inference time incurred by both the
greedy afgorithm and MDINTERENCE.

performance metrics. We repeated each simulation for a
variety of SLA targets and network profiles combinations.
For all tests except those in Section VI-D we evaluated
the model selection capabilities of MDINFERENCE without
duplication of requests.

A. Benefits over static greedy model selection

Figure 3(a) shows the average end-to-end inference time
(left) and aggregate accuracy (right) achicved by our model
sclection algorithm and a static greedy algorithm, which
picks the most accurate model that can complete within
the given SLA. This figure shows that MDINFERENCE
consistently achieved up to 42% lower inference latency,
compared to static greedv. Moreover, MDINFERENCE can
operate under a much more stringent SLLA target (~115m)
while static greedy continues to frequently incur SLA viola-
tions until SLA target is more than 200ms. The key reason
is that MDINFERENCE was able to effectively trade off
aggregate accuracy and response time by choosing from a
diverse set of functionally-equivalent models. Conscquently,
MDINFERENCE had an aggregalte accuracy of 68% (on
par 1o using MobileNerVi 0.75 which can take 2.9X more
lime running on mobile devices) under low SLA Larget
{~1154), but was able to match the aggregate accuracy
achieved by static greedy for higher SLA target. Note
that static greedy achieved up to 12% higher accuracy by
sacrificing inference latency.
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Fig. 4: Aggregate accuracy of MDINFERENCE at different
levels of CV with 1, = 100ms. The initial low level of SLA
attainment is due to the pitial network fime of 100ms, leaving
no time for inference execution. Ay the variability of the retwork
increaves MDINFERENCE can lake advaniage of the range of
models available ro it to quickly improve accuracy and STA ar-
rainment. Similarly, at a higher SLA, MDINFERENCE can achieve
high avcuracy until the network variability exceeds the SLA.

Higure 3(b) illustrates the CNN model usage patterns {i.c.,
percentage of model being used for executing the inference
requests) under different SLA targels. AL very low SLA
target (less than 30ms), MDINFERENCE chooses the [aslest
model, MebileNetV{ 0.25, as described in Scction V-AL
As the SLA target increases, MDINFERENCE aggressively
explores more accurate, but slower models, commonly using
our most accurate model, NasNet Learge.

We make two observations, First, MDINFERENCE was
effective in picking the more appropriate model to in-
crease accuracy while staying safely within SLA target. For
cxample, fnceptionResNetV2 was never sclecled by MD-
INFERENCE because better alternatives such as InceptionV3
and InceptionV4 exist. Second, MDINFERENCE faithfully
explored eligible models and was able to converge to the
most accurate model when SLA target allows, as shown in
Figure 3(a) at 1, = 250ms.

In summary. MDINFERENCE outperformed static greedy
with an end-to-end latency reduction of up o 43%, while
maltching its accuracy when the SLA budgel is larger than
250ms. This is possible because MDINFERENCE adapted
its model selection by considering both the SLA target and
network transfer time, while static greedy naively selected
the most accurate model.

B. Adaptiveness to dynamic mobile network comditions

One of the key goals of MDINFUERENCE is to adapt to net-
work variations in order to improve mobile user experience.
To further examine how MDINFERENCE copes with these
variations we simulated network profiles with increasing
variability. Specifically, we fixed the average network lateney
o be 100ms, and varied the Cocefficient of Variaton (CV)
from 0% 1o 100%., where CV is defined as the ratio beiween
the standard deviation and average ol the network time. CV
ranged from 0% to 100%, to represent a perfectly stable
network and a network which has a standard deviation
equals its average, respectively. As a point of reference, our
measured university WiFi network has a CV of 74%.
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Fig. 5: Model usage vs. network latency (CV) shown at two
dilTerent SLA largels. When there is a refiable network (i.e. low
CV) we see that single models are used for all requests since the
high reliable network hos leaves no room for other model choices.
As the network becomes increasingly volaiile a wider range of
models is wsed to meef the SLA.

Figure 4 shows the aggregatc accuracy and SLA at-
tainment achicved by MDINFERENCE. For low SLA tar-
get (100ms), when the network is relatively stable MD-
INFERENCE had an SLA altainment ol less than 50%. As the
network condition became more variable, MDINFERENCE
was able 10 increase the aggregate accuracy gradually while
maintaining the SLA attainment. The low SLA attainment is
due to on average half the requests needing the entire SLA
just for network transter. Conversely, the slight increase in
accuracy is due to MDINFERENCE taking advantage of the
network variation to use more accurate models.

It is important to note that when the network transfer took
the entirely SLA, MDINFERENCL performed as expected by
choosing MobileNetV1 0.25, the fastest available model. We
note that, to satisfy such stringent SLA targets with high
network latency variation, approaches such as provisioning
inference servers at network edge,

When we consider an SLA target of 250ms we see a
difterent outcome. This SLA is slightly more than the sum
of the average network latency and the time to execute the
most accurate model, NasNet Large. In this case we see that
MDINFERENCE used high accuracy models, maintaining
an accuracy of around 80% throughout the entire range of
nelwork variations.

Figure 5 shows the models chosen when varving CV of
network time for SLAs of 100ms and 250ms. The SLA of
100ms is the RTT of the simulated network leaving no time
left for inference, Similarly, when the SLA is 250ms then
the target time is larger than the sum of the RTT of the
network and the exceution lateney of NasNet Large, our most
complex model, which MDINFERENCE leverages.

We make the following two observations. First as the net-
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related random Aave poor aggregate accuracy dise 1o their inabiliry
ter distinguish models with different fatency.

work became more variable (i.e. high CV), MDINFERENCE
matched the network wvariability by using a subset of
faster models, As the network becomes more variable MID-
INFERENCE can cxploil this Lo in some cascs opportunis-
tically usc models with high inference accuracy. Sccond,
the probability of exploring dilferent eligible models is
proportional to the SLA targel and network variability. Faster
models, such as those in the MobileNetVi family, are used
as a basis tor low SLA target while the most accurate model,
NusNet Large, is used for higher SLA targets.

In summary, MDINFERENCE was effective in handling
highly variable mobile network by exploring a diverse set of
deep learning models that expose different inference latency
and accuracy trade-offs. By laking advantage of network
variation it could improve accuracy in many cascs and cven
in cases with low target response times could often return
responses within the SLA.

C. Decomposing the efficiency of MDINFERENCE

Next, we breakdown the performance benefits provided by
MDINFERENCE by examining the stages of our probabilistic
model sclection algorithm (Section V-A). For cach of the
three stages we compare to an alternative algorithm. For
stage onc we compare o randem model selection. For slage
Lwo we compare Lo related random that randomly sclects
a maodel from the exploration set Mpg. For stage three we
compare to related acciurate, which selects the most accu-
rate model from Mgz to demonsirate that our probabilistic
approach does not sacrifice accuracy. All algorithms were
tested with a network latency with average 100ms and
standard deviation of 50ms.

Figure 6 shows the average inference latency and ag-
gregate accuracy for all four model sclection algorithms.
All three algorithms, including MDINFERENCE, that choose
from the exploration set Mp were able lo meet reasonable
SLA rarget while pure random had approximately the same
latency across all SLAs, incurring a large number of SLA
violations. This indicates that the construction of Mg, by
stage one and stage two both enabled exploration and
minimized risk of unnecessary SLA violations.
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Universily Residential
On-device | Aggregate | On-device | Aggregate
Reliance Accuracy Reliance Agcuracy
Static Latency 0.26% 41.40% 5.16% 41.40%
Stalic Accuracy 3.67% 81.007% 23.03% 73.11%
Random 0.42% 63.33% A.06% 62.06%
MDINFERENCE (1.26% H2.39% 3.16% 4345

Tab. IV: Aggregate accuracy and on-device model reliance.
MDINFERENCE achieved the highest aggregaie accuracy witlt
fower on-device reliance, compared to other algorithins,
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Fig. 7: Agpgregate accuracy and on-device model reliance
on residential network. MDINFERENCE demonsirated improve-
ments throughout all rested SLAs. At lower SLAs MDINFERENCE
can guickly improve the aggregate accuracy. Meanwhile, MD-
INFERENCE also reduces the reliance on on-device models at low
SLAs, much more guickly than other algorithms.

Ag the SLA target incrcases, pure randpm again achicved
approximately the same aggregale accuracy across all SLAs.
All three other algorithms were able 1o gradually increase
the aggregate accuracy by using slower but more accurate
models from Table III. However, once we have a large
enough SLA target (~150ms), the exploration set A, con-
verges to two models: NasNet Large and NasNet Fictionad.
At this point, refated random algorithm started to degrade
aggregate accuracy since it cannot differentiate between
these two models, Meanwhile, both refated accurate and
MDINFERENCE were able 1o steadily improve aggregate
accuracy by avoiding NasNet Fictional.

It is important 1o note there is only a negligible dilference
in aggregale accuracy using MDINFERENCE when com-
pared to related accurate algorithm. This small difference is
due to related accurate always selecting the most accurate
model from My while MDINFERENCE explores the eligible
set. The probability of picking a less accurate model is
low enough as to not overly impact the aggregate accuracy.
The probabilistic behavior of MDINFERENCE is meant to
allow for this exploration even while generally maintaining
aggregale accuracy, as opposed o related accurate, which
misses the opportunity o use models which may  have
improved accuracy or latency proliles.

In smnmary, MDINFERENCE’s three-stage algorithm is
effective in distinguishing and identifying the most appro-
priate model to use vunder dynamic conditions. All three
stages contribute to and help MDINFLERENCLE cope with the
variable network conditions and improve aggregate accuracy.
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D. Thifesvithzons-di\Reesliaddupf REDINTERENCE we used
the networlk time from sample of 5000 requests on each of
our university network and on a residential network. These
requests consisted of a preprocessed image input that aver-
aged 51, 9KB with standard deviation of 53.6KB, The model
chosen for the on-device was the lastest MobileNetVi 128
.25 model as it represents the single model most likely w
complete within any SLA for all tested mobile devices. Tt
was also excluded [rom the set of models available in the
cloud Lo better demonstrate the ability of MDINFERENCE
to improve over on-device inference.

For each of these measured requests we compared MD-
INFERENCE to three other simulated model selection algo-
rithms using the models detailed in Table Il and an SLA
target of 250ms. The three other algorithms we used were
static latency, which picks the Tastest model, static accuracy,
which picks the most accurale model, and random which
picks a random model.

Table TV compares the aggregate accuracy and on-device
reliance for all four model selection algorithms. MD-
INFERENCLE achieved the highest aggregate accuracy for
inference requests sent over both university and residential
WiFi, improving over static accuracy by 7.32% on the vari-
able residential network. Meanwhile, it improved aggregate
accuracy compared to static accuracy by up to 19%.

The aggregate accuracy and on-device reliance is shown
in Figure 7. We can obscrve that MDINFERENCE increases
aggregate accuracy more quickly than the other algorithms
tested and has a lower reliance on the on-device models,
allowing it to maintain this higher aggregate accuracy.

Figure 8 shows the inference latency breakdown for
20 randomly sampled requests that were sent over the
residential network. We observe that mosts requests were
able to complete on the remote server but in some cascs
the on-device model must be used, in which we high-
light the network latency in red. This shows the ability
ol MDINFERENCE W adapl its exccution choice o match
compensate for network variability, allowing it to decrease
its on-device reliance and boosting is accuracy.

In summary, the duplication mechanism allows MD-
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INFERENCE to ensure that results are returned to the mobile
user within the target response time, Combining this with
the model selection algorithm, MDINFERENCE is able to
increasc the aggregale accuracy for inference requests in the
vast majority of cascs.

VII. DISCUSSION & FUTURE WORK

There are a number of potential avenues for future work
in mobile-oriented deep inference frameworks. We discuss a
number of important factors that should be considered, such
as energy consumption and aggregate accuracy.

Energy Consumption. The duplication of inference re-
quests solves the issues of SLA violations, allowing users Lo
have reasonable performance. However, this requires energy
consumption on the device for both network communication
and inference. Therefore, identifying times when duplication
is critical and avoiding unnecessary duplications could allow
for reduced energy conswmption.

On-device Model Selection. Currently, our proposed
MDINFERENCE [ramework uses the same on-device model
regardless of the mobile devices. There are a mumber of dit-
ferent approaches, discussed in Section II-A for improving
on-device inference but generally rely on statically selected
models. While some model optimizations can provide this
ability to simplity models post-training |37], these provide
only limited options,

Spanning Subsets of Models. Figure 3(b) demonstrated
that many requests can be serviced by only a small subset of
meodels. This potentially indicates that there exists a subset
of models that could service nearly all requests, and thus
form a spanaing subsei for all the models, This would be
highly beneficial for decreasing the cost of inference serving,.
as only the models that fall into this subset would need
lo be available. Further, finding this subscl for an arbitrary
seL of models withoul resorting 1o empirical measurement is
another challenging problem to investigate.

VIII. CONCLUSION

In this work we introduced a holistic approach to design-
ing mobile-oriented deep inference trameworks that focuses
on identitying vser needs and the constraints of mobile de-
vices. We introduced the design of MDINFERENCE, a hypo-
thetical framework utilizing this approach. MDINFERENCE
can improve aggregate accuracy in over 96% of cases
without introducing additional SLA violations, This im-
provement in accuracy was over 409 in some cases and
was a 7.32% increase over slatically serving the highest-
latency model while duplicating inference execution locally.
Our work shows the potential to better mobile inference
serving by explicitly addressing mobile-oriented constraints.
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