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ABSTRACT OF THE THESIS

Bandit Framework for Systematic Learning
in Wireless Video based Face Recognition

by

Onur Atan
Master of Science in Electrical Engineering
University of California, Los Angeles, 2014

Professor Mihaela van der Schaar, Chair

Video-based object or face recognition services on mobile devices have recently
garnered significant attention, given that video cameras are now ubiquitous in
all mobile communication devices. In one of the most typical scenarios for such
services, each mobile device captures and transmits video frames over wireless to
a remote computing cluster (a.k.a. “cloud” computing infrastructure) that per-
forms the heavy-duty video feature extraction and recognition tasks for a large
number of mobile devices. A major challenge of such scenarios stems from the
highly-varying contention levels in the wireless transmission, as well as the vari-
ation in the task-scheduling congestion in the cloud. In order for each device to
adapt the transmission, feature extraction and search parameters and maximize
its object or face recognition rate under such contention and congestion variabil-
ity, we propose a systematic learning framework based on multi-user multi-armed
bandits. The performance loss under two instantiations of the proposed framework
is characterized by the derivation of upper bounds for the achievable short-term
and long-term loss in the expected recognition rate per face recognition attempt
against the “oracle” solution that assumes a-priori knowledge of the system per-

formance under every possible setting. Unlike well-known reinforcement learning
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techniques, such as Q-learning, that exhibit very slow convergence when operating
in highly-dynamic environments, the proposed bandit-based systematic learning
quickly approaches the optimal transmission and cloud resource allocation poli-
cies based on feedback on the experienced dynamics (contention and congestion

levels).

To validate our approach, time-constrained simulation results are presented
via: (i) contention-based H.264/AVC video streaming over IEEE 802.11 WLANs
and (ii) principal-component based face recognition algorithms running under
varying congestion levels of a cloud-computing infrastructure. Against state-of-
the-art reinforcement learning methods, and for the same recognition accuracy
rate set for each face recognition transaction between a mobile and the cloud,
our bandit-based framework is shown to provide 17.8% ~ 44.5% reduction of the
number of video frames that must be processed by the cloud for recognition and

11.5% ~ 36.5% reduction in the video traffic over the WLAN.
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CHAPTER 1

Introduction

Most of the envisaged applications and services for wearable sensors, smartphones,
tablets or portable computers in the next ten years will involve analysis of video
streams for event, action, object or user recognition, typically within a remote
computing cluster [Siel2, ZLW11, MZZ13,ZWW13,LCG13,SMF12|. In this pro-
cess, they experience time-varying and a-priori unknown channel conditions, traf-
fic loads and processing constraints at the remote computing cluster, where the
data analysis takes place [MZL11,RS13,SMF12, LYK10,ZLW11,ZWW13,BSD13,
[JH13|. Examples of early commercial services in this domain include Google Gog-
gles, Google Glass object recognition, Facebook automatic face tagging [BOO0S],
Microsoft’s Photo Gallery face recognition, as well as technology described in

recent publications and patents from Google, Siemens and others!.

Figure 1.1 presents an example of such deployments. Video content producers
include several types of sensors, mobile phones, as well as other low-end portable
devices, that capture, encode and transmit video streams |GCP12| to a remote
computing cluster (a.k.a. cloud) for recognition or authentication purposes. A
number of these devices in the same wireless network forms a wireless cluster. A
cloud-computing cluster is used for analyzing visual data from numerous wireless

clusters, as well as for a multitude of other computing tasks unrelated to object or

1See “A Google Glass app knows what you're looking at” MIT Tech. Review (Sept. 30,
2013) and EU projects SecurePhone [SJ05, BMWO06] and MoBio [PCK10, MMA10]. Concerning
patents, amongst several others, see the following EU and US patent applications from Google,
Siemens, Biometrix Pty and others as an indication of the commercial interest in this area: EP
1580684 B1, US5715325 A, WO 2004029861 A1, US20130219480 Al.
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Figure 1.1: Hlustration of object or face recognition transactions between mobile
devices and a cloud-computing service via adaptive wireless video transport to a
remote cloud computing cluster. During each transaction (typically comprising
multiple recognition attempts until the person is recognized), the cloud responds
with the result for each recognition attempt and each device is given feedback on
the wireless contention levels, as well as the congestion levels in the cloud.

face recognition [ZLW11, MZZ13,ZWW13,RS13|. Each device uploads its video
content and can adapt the encoding bitrate, as well as the number of frames to
produce, in order to alleviate the impact of contention in the wireless network. At
the same time, the visual analysis performed in the cloud can be adapted to scale
the required processing time to alleviate the impact of task scheduling congestion
in the cloud. In return, within a predetermined time window, each device receives
from the cloud a label that describes the recognized object or face (e.g. the object
or person’s name), or simply a message that the object or person could not be
recognized. In addition, each device or wireless cluster can also receive feedback
on the experienced wireless medium access control (MAC) layer contention and
the cloud task scheduling congestion conditions. This interaction comprises a face
recognition transaction between each mobile device and the cloud. The goal of
each device is to achieve reliable object or face recognition while minimizing the
required wireless transmission and cloud-based processing under highly-varying

contention and congestion conditions (respectively).



1.1 Related Work

Each mobile device of Figure 1.1 seeks to achieve a certain recognition accu-
racy rate that is deemed suitable to the application, while minimizing its cost
in terms of utilized wireless resources (e.g., MAC superframe transmission op-
portunities used) and the number of video frames that must be encoded and
transmitted. To this end, several approaches have been proposed that are based
on reinforcement learning [ZLS13] or other methods for resource provisioning and
optimization [MZZ13,LCG13,MZL11,RS13,BSD13,1JH13|. However, most exist-
ing solutions for designing and configuring wireless multimedia applications that
offload their processing to the cloud assume that the underlying dynamics (e.g.
source and traffic characteristics, channel state transition probabilities, multi-user
interactions, cloud congestion, etc.) are either known, or that simple-yet-accurate

models of these dynamics can be built [ZLS13,RS13,LCG13,ZWW13, MZZ13].

Nevertheless, in practice, this knowledge is not available and models of such
complex system dynamics (which include multiple wireless users and the cloud)
are very difficult to built and calibrate for specific environments. Hence, despite
applying optimization, these solutions tend to result in highly sub-optimal perfor-
mance since the models they use for the experienced dynamics are not accurate.
Hence, reinforcement learning (i.e. learning how to act based on past experi-
ence) becomes a vital component in all such wireless multimedia applications
with cloud processing. Some of the best-performing online reinforcement learn-
ing algorithms are Q-learning [Sut98| and structural-based reinforcement learn-
ing [FS10b, FS12,FS10a|. In these, the goal is to learn the state-value function,
which provides a measure of the expected long-term performance (utility) when
it is acting optimally in a dynamic environment. It has been proven that online
learning algorithms converge to optimal solutions when all the possible system

states are visited infinitely often [Sut98§].



However, these methods have to learn the state-value function at every possi-
ble state. As a result, they incur large memory overheads for storing the state-
value function and they are typically slow to adapt to new or dynamically chang-
ing environments (i.e., they exhibit a slow convergence rate), especially when
the state space is large — as in the considered wireless transmission and recog-
nition problem. These memory and speed-of-learning deficiencies are alleviated
in structural-based learning solutions [FS10b, FS12,FS10a|. Despite this, a key
limitation still remains: all these schemes provide only asymptotic bounds for the
learning performance—mno speed-of-learning guarantees are provided. Neverthe-
less, in most multimedia analysis and recognition systems, users are interested
in both short-term performance and long-term performance. This is because, for
example, a user will find it a time-consuming and cumbersome task to train a
face recognition app in the mobile device if it requires too many queries and re-
sponses to learn to recognize accurately. Therefore, we need algorithms whose

performance is adequate even under a modest number of attempts.

One solution is to use multi-armed bandit (MAB) algorithms, for which fi-
nite time bounds on the performance can be obtained in addition to the asymp-
totic convergence results. The fundamental operation of these algorithms involves
carefully balancing exploration of actions with highly uncertain performance and
exploitation of the action with the highest estimated performance. To do this,
most of these algorithms keep an index that weights the estimated performance
andemph uncertainty of each action and chooses the action with the highest in-
dex at each time slot. Then, the indices for the next time slot for all actions
are updated based on the feedback received from the chosen action. However,
most of the existing work on multi-armed bandits [LR85, ACF02| does not take
into account the side information (i.e., context) available at each time, which,
in this case, is the contention and congestion levels at the wireless network and

cloud processing, respectively. These methods utilize all the past observations



obtained for a specific transmission setting to estimate the expected performance
when using this setting. Hence, they learn fast but are highly sub-optimal for
video-based recognition services since congestion and contention are not taken
into account. They can be seen as acting blindly, neglecting the current con-
gestion and contention levels when choosing the transmission setting. The side
information can be exploited using contextual bandit algorithms [Slil1, LZ07],
where the best action (transmission setting) given the context (side information)
is learned online. These methods utilize only a context-dependent history of past
observations for a specific transmission setting to estimate its context-dependent
performance, but require strong similarities between the contexts such that learn-
ing can be performed together for a group of contexts. Different from this, our
proposed framework learns independently for each context, hence does not require
similarities between contexts. Moreover, the related literature in contextual ban-
dits is focused on single-user learning over time, rather than multi-user learning,
and does not consider the joint effect of the decision of multiple users on the
congestion level. On the opposite side, related work in multi-user multi-armed
bandits [AMT10,LZ10] does not take into account the context information and
does not consider clustering the action profiles, hence is highly sub-optimal for

our context-based recognition framework.

1.2 Paper Contribution

We propose two new multi-armed bandit-based learning algorithms: device-oriented
contextual learning and service-oriented contextual learning. Device-oriented con-
textual bandit algorithm is a single-user bandit-based approach with the use of
contextual information. Service-oriented contextual learning algorithm is central-
ized multi-user bandit-based approach with the use of contextual information. We

not only show that our algorithms converge to the optimal action profile that as-



sumes full knowledge of the system parameters, but are also able to quantify at
every instance of time how far our algorithms are from this optimal profile. We
do this by deriving worst-case performance bounds on our algorithms. Specifi-
cally, to measure the performance of our algorithms we use the notion of regret,
which is the difference between the expected recognition rate the devices obtain
per recognition attempt when optimally knowing a-priori the exact recognition
rate expected for each action (i.e., the complete knowledge benchmark), and the
expected recognition rate per attempt that will be achieved following the online
learning algorithm. In other words, the notion of regret at the kth recognition
transaction is the performance loss due to unknown system parameters. The

detailed contributions of the paper are summarized below:

o We propose the use of contextual bandits for mobile devices and prove that
the regret bound—the maximum loss incurred by the algorithm against the
best possible non-cooperative decision that assumes full knowledge of con-
tention and congestion conditions—is logarithmic if users do not collaborate

and each would like to maximize their own utility.

e When the cloud congestion depends on the user actions and, therefore, the
cloud maximizes the average utility of the users of a wireless cluster, we prove
a logarithmic regret bound with respect to the best possible cooperative

decision.

e We also achieve much higher learning rate than conventional multi-user
multi-armed bandits with grouping the action profiles that lead to the con-
gestion level on the cloud. The proposed contextual bandit framework is
general, and can also be used for learning in other wireless video applica-

tions that involve offloading of various processing tasks.

A logarithmic regret bound means that the order of the regret is O (logk). It
is known [LR85]| that for most of the MAB problems that assume finite set of



[LCS10, Slil1,
[LR85,ACF02] [LZ10,AMT10] This work
LZ07]
Multi-User No No Yes Yes
Contextual No Yes No Yes
Similarity Metric
N/A Yes N/A No
on Context
Gruping joint
N/A N/A No Yes
profiles
Regret ‘ Logarithmic Sublinear Logarithmic Logarithmic

Table 1.1: Comparison of proposed approach with other work on multi-armed
bandits.

contexts, actions and stochastic rewards (i.e., recognition rates in our case), the
best order of regret is logarithmic in time, i.e., no learning algorithm can have
smaller regret. This implies that the average regret at recognition attempt k, i.e.,

the regret at k divided by k goes to zero very fast.

Beyond the application scenario of object or face recognition via wireless video
transmission and remote server processing, our theoretical framework can be used
in many other practical applications, including resource provisioning in cognitive
radio networks, wireless sensor networks, etc. Moreover, unlike other learning-
based methods, such as Q-learning, we not only provide asymptotic results, but
we are able to analytically bound the worst-case short term performance. Table 1.1
presents a summary of the different aspects of multi-armed bandit based decision
making, highlighting the advantages of this work over other recently-proposed

approaches.

In Chapter 2, we present the detailed system description and the system model
under consideration. Chapters 3 and 4 present the design and analysis of the
proposed multi-armed bandit-based learning algorithms for the distributed (user-
based) and centralized (cloud-based) cases, respectively. Chapter 5 presents the
corresponding simulation results validating our proposals against state-of-the-art

learning algorithms from the literature and Chapter 6 concludes the paper.



CHAPTER 2

System Description And System Model

2.1 Video Capturing and Encoding

Each networked mobile device of Figure 1.1 involves a video camera capturing
several frames that include the object or human face. Each frame can be illu-
minated via artificial modulation of the light of the camera flash to emulate a
light source present in different angles such that the system will not be fooled
by a photograph or video of the object or person placed in front of the camera
(see [JJY06,PWS08, BLL09, BMWO06, PCK10,SJ05| and footnote 1 for further in-
formation on flash illumination variation). Each video frame can be cropped to
the object or face area by automated face detection algorithms [BOO08|, such as the
well-known Viola-Jones classifier for face detection [JV03] in video frames. Alter-
natively, the user can be asked to position the mobile device such that its frontal
camera places the object or face within a rectangle displayed on the device (smart-
phone or portable computer) screen prior to the initiation of the video capture.
For instance, this approach is followed within the Google Goggles Search App.
These cropped areas of the video frames are then compressed using a standard-
compliant video codec (such as MPEG/ITU-T H.264/AVC), which is typically
realized via a low-power hardware chipset. The created stream, typically com-
prises a short video of 0.5 ~ 2s duration, with 5 ~ 30 frames captured and encoded
per second. An example of the facial portion of 5 video frames (from the Yale Face
Database B |[GBKO01, LHKO05|) under different illumination angles is presented in

Figure 2.1.
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Figure 2.1: Example of five frames captured under different illumination elevation
(E) and azimuth (A) angles from the Yale Face Database B [GBKO01, LHKO05|

2.2 Wireless Transmission

Transmission of the compressed video content can take place in our envisioned
system using either wireless local area network (WLAN) infrastructures, such
as IEEE 802.11 WLANs [DS05|, or WiMAX/LTE-based cellular networks. A
key feature of such networks is that they are simultaneously supporting multiple
wireless devices sharing the same spectrum and therefore each device adapts its
transmission parameters (e.g. number of packet retransmissions, modulation and
coding schemes, transmit power level etc.) depending on the number of concurrent
transmitters.Our solution can learn the behavior of such adaptation mechanisms
and, under a time constraint for the transmission of each video, decide on the
transmission settings to use (i.e., per device, video encoding bitrate and number
of frames to send) in a manner that is agnostic to the specifics of the utilized
adaptation of the lower layers of the protocol stack. This is because we only require
the existence of a mechanism for obtaining feedback on the current contention level
in the wireless transmission. Such a mechanism is indeed supported by all practical
deployments of WLANs and 3G /4G networks, e.g., via the use of carrier-sense
designs supported by the related standards [Bia00|. Therefore, even though we
provide validation results under the assumption of IEEE 802.11 WLANs [DS05],
our proposal is generic and can be applied to a variety of contention-based wireless

transmission frameworks.



2.3 Visual Analysis

The cloud computing cluster processes multiple visual analysis tasks concurrently,
possibly in conjunction with the execution of several other services, as shown
in Figure 1.1. Therefore, its task scheduler experiences highly-varying levels of
congestion. These levels can be measured in real time [LYK10], but it is generally
accepted that it is difficult to anticipate and predict them prior to the actual
execution of each task. Therefore, under a time reservation mechanism for each
recognition attempt!, the cloud computing infrastructure may have to adapt the
accuracy of its feature matching algorithm, as well as the number of video frames
processed, if the available processing cycles do not suffice for the completion of

the complete series of processing steps.

Typical scenarios for object or face recognition algorithms consider that the
server matches the provided video information to a pre-established database of
stored images using an algorithm based on principal component analysis (PCA)
[YZF04], classification via ¢; minimization [WYGO09], salient-point extraction and
matching [Low99|, support vector machines |[GKS10], etc. For example, for each
video frame, the server computes the feature extraction operation (with a pre-
computed projection matrix [YZF04,GKS10, WYGO09] or a predetermined salient-
point extraction algorithm [Low99|) and then sends the extracted features to the
distance-calculation routine that retrieves the best match via searching within
a large database of such features. When the majority of the video frames are
matched to the same object or person in the database, the system classifies the

match as successful and the identified object or person is returned as the result.

The exact percentage of video frames that must match the same person can be

set such that the false positive rate is substantially reduced, e.g., by experimentally

!Time reservation is the most common way of billing for cloud computing services, such
as Amazon WS EC2, and it is therefore natural to focus on time-constrained execution. In
addition, each task has a given deadline, which is imposed by the need to provide a recognition
result to each device within a few seconds.

10



setting this percentage such that accidental identification of the wrong person is
extremely unlikely. At the same time, the system must maintain the false negative
rate under control, i.e., the percentage of times a person is not reliably matched to
the correct face in the database and therefore the match is rejected albeit being
correct. This occurs when the system identifies the correct person but reports
a large matching distance that is deemed unreliable, which may happen due to
varying illumination, motion blur or varying distance (or pose) of the person in
front of the camera. Evidently, the number of frames processed, the average frame
distortion stemming from video encoding, as well as the number of features used
for the distance-calculation routine (e.g. number of eigenvectors [YZF04, GKS10]
or salient points [Low99| used against the training dataset), affect the experienced
false negative rate per recognition attempt. Therefore, they also affect the number
of recognition attempts that are expected to take place until the system recognizes
the person and the face recognition transaction(comprising multiple recognition

attempts) between the mobile device and the cloud is concluded.

Similar to a password-based authentication service, if a recognition attempt
does not meet the desired matching threshold for a preset percentage of frames in
the video, the device is notified that the recognition attempt was unsuccessful. In
this paper we assume that, under appropriate parameter tuning, the only possible
responses of such a face recognition and authentication transaction service are:
(i) the recognized person identity; (ii) a message stating that recognition attempt
was unsuccessful. While we shall provide validation results via a face recognition
application mostly suitable to PCA-based methods, or to methods performing
classification in sparse representations [YZF04, WYGO09]|, our learning frameworks
can be applied directly under a salient-point extraction based recognition method
[Low99], or under support vector machines (SVM) based methods [GKS10]. In
fact, performing the analysis steps in the cloud instead of the mobile device allows

for seamless changes in the utilized processing and analysis algorithms, and each

11



mobile device can simply apply our learning framework to adjust its transmission

settings to the utilized recognition algorithm used.

2.4 System Model

Consider M mobile devices, indexed by the set? M = {1,2,...,M}. Let A =
{a1,aq,...,as} denote the set of all possible transmission settings (actions) for
each mobile device, i.e., all possible video coding bitrates and number of video
frames to transmit when a device attempts a recognition action, with S the size
of the settings space. In addition, let all devices consider the discrete sets T
and G to comprise all contention and congestion levels of the wireless medium
and cloud-computing infrastructure, respectively. Both 7 and G are discrete sets,
since all timeslot and cycle allocation strategies of wireless MAC retransmission
mechanisms and cloud schedulers (respectively) operate under a discrete set of
states. Importantly, in the proposed systematic learning framework via bandits,
we do not utilize any prior information (e.g. training) for the contention and

congestion levels and our results apply for arbitrary context variations.

Under this setup, the following events take place sequentially for each recogni-

tion transaction, k:

1. Each device observes the current wireless contention level, ¢ (k) € T, and
cloud congestion level, g (k) € G, and selects the bitrate and number of
frames to capture, and, within a predetermined deadline, transmits the cor-
responding H.264/AVC-encoded video to the cloud in order to attempt to

recognize the object or face;

2Notations: Uppercase letters indicate system settings; lowercase letters indicate variables
and functions; uppercase calligraphic letters indicate sets, e.g., T, with their cardinality indicated
by |T]; o indicates a mobile device’s transmission settings based on an optimization or learning
framework; a < b assigns value b to a; & indicates an estimate of variable x; Pr {€} denotes the
probability of occurrence of event £; and E [-] is the statistical expectation operator.

12



2. the cloud decodes the video it received, extracts features out of the decoded
video frames, and performs feature matching with the database of available
features with search accuracy (i.e. number of features used) that corresponds

to its congestion level;

3. each device gets the result from the cloud, which is either the label corre-
sponding to a recognized object or person, or a message stating that the
object or face could not be recognized reliably (i.e. “recognition unsuccess-
ful”); based on this result, each device adjusts its expected recognition rate

per attempt for a trasmission setting a € A it had chosen, i.e }A/},g’a(k);

4. in the latter case, the device performs further recognition attempts (going
back to Step 1), until a successful result is obtained or the user abandons the
recognition transaction; in each attempt, it selects possibly different setting

(in terms of bitrate and number of frames).

Each recognition transaction is therefore expected to comprise several attempts.
Furthermore, each attempt is carried out under a time constraint for both the wire-
less transmission and the feature extraction and matching in the cloud. Therefore,
depending on the contention and congestion levels, a varying number of frames
will be transmitted and processed for each recognition attempt, which will affect
the recognition rate per attempt, as well as the number of recognition attempts
expected to be required by the recognition transaction in order to ensure that the
user is recognized with a certain recognition accuracy rate (e.g., 90% recognition

accuracy).

In this paper, we propose two models for the derivation of a bandit-based
systematic learning framework that, under given time constraints and recognition
accuracy rate required by an application, lead to significantly decreased resource
consumption in the wireless network and the cloud infrastructure against other

state-of-the-art learning methods.
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Figure 2.2: (a) device-oriented model; (b) service-oriented model.

In the first model, illustrated in Figure 2.2(a) and termed as the device-oriented
model, devices strive to systematically learn the best transmission setting to max-
imize their own recognition rate per attempt under given contention level in the
wireless medium and congestion level in the cloud. Therefore, the reward for this
case is the recognition result at each time step. For this case, we assume that both
the wireless access point and the cloud infrastructure serve many more requests
than the ones from a given cluster of devices (as illustrated in Figure 1.1). There-
fore, both contention and congestion levels vary randomly and are not affected by

the settings used by each device. This makes the devices completely independent.

In the second model, illustrated in Figure 2.2(b) and termed as the service-
oriented model, the cloud systematically learns the best action profile that max-
imizes the cluster’s average recognition rate per attempt under given contention
in the wireless transmission. For this model, we assume that, while the wireless
contention level remains independent of the decisions made by the devices, the
cloud congestion level varies depending on the actions taken at the devices. For
example, this corresponds to the scenario where a virtual machine instance is allo-
cated on dedicated hardware in the cloud and serves solely a given wireless cluster

of devices.
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For the device-oriented model, all devices use the contention level of the wire-
less medium and the congestion level in the cloud as contexts for the bandit-based
systematic learning framework. For the service-oriented model, the cloud uses the
wireless contention level as context and the recognition rate per attempt, as well
as the cloud congestion level, depends on the aggregate actions of all devices,

which are represented by vector a (k).
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CHAPTER 3

Distributed, Device-oriented, Bandit Learning

Algorithm

We propose a device-oriented learning framework, where the mobile devices select
their own transmission settings (actions) and learn through their interaction with
the wireless medium and the cloud, assuming that the wireless contention and
cloud congestion levels vary independently of the actions of each device in the

same wireless cluster.

Let nm(t(k),g(k),a) be the expected recognition rate of an attempt of the
mth device with transmission settings a, given the contention and congestion lev-
els t (k) and g (k) at the kth recognition transaction, respectively. The goal of
each device is to explore the transmission settings in A and learn the expected
recognition rate n € (0,1) depending on g(k) and t(k). It can then anticipate
how many attempts it will require on average, in order to receive a recognition
result with a predetermined recognition accuracy rate (e.g., 90%, which is gener-
ally deemed adequate for general face matching applications [BO08, GKS10]|, or
99.9% that may be adequate for authentication services based on face recogni-
tion [MMA10]). We will determine the performance of each learning algorithm
in comparison to the optimal solution that selects the best transmission setting
ay, for the mth mobile device, i.e., the setting that yields the lowest number of
expected attempts to receive a recognition result under the same recognition ac-
curacy rate. The optimal solution for the kth recognition transaction is given

by
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a5 (t(K), g(k)) = arg maxny, (t(k), g(k), a) (3.1)

and it is defined as the oracle solution, since it assumes that all conditions
for each case are precisely known beforehand. We now define the regret of the

algorithm as a performance measure.

Definition 1 (Regret for the mth Device in the Device-oriented Model)
The regret after k iterations (recognition transactions) is the expected loss against
the optimal solution of (3.1), which is incurred due to unknown system dynamics.
For the mth device, the regret of learning algorithm o that selects the setting a; at

each transaction l, 1 <1 <k, with respect to the best action is given by

Ry (k) = an(t(l v9(1), ag, (¢(1), 9(1))) - ZY (1), 9(1),am())]  (3.2)

where Y,,(t,g,a) € [0,1] is a binary random variable modeling the recognition result

received from the cloud under transmission setting a,,(k) for the mth device.

The regret gives the rate of convergence of the expected recognition rate of each
algorithm, under systematic learning aiming towards the value of optimal solution,
given by (3.1). It is therefore essential in quantifying the expected performance
of a learning algorithm. Specifically, providing upper bounds on the regret after
k recognition transactions can characterize: (i) whether a learning algorithm can

approach the optimal recognition rate and (4i) at what speed this can take place.
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3.1 Proposed Device-oriented Contextual Learning Algo-

rithm

At any recognition transaction k, the mobile device can be in one of the two fol-
lowing stages: (i) exploration stage, where the mobile device chooses an arbitrary
transmission setting to update the estimated recognition rate per attempt given
the contention and the congestion levels at the cloud; and (i1) exploitation stage,
where mobile devices select the transmission setting that yields the highest es-
timated recognition rate given the network contention level and the congestion
level in the cloud. 'In order to determine the stage of the algorithm, we need
to keep the number of times each transmission setting has been selected for each
congestion and contention level at the cloud. Let N,.(k) be the number of
times transmission setting a has been selected until the kth recognition trans-
action by a mobile device under contention and congestion levels ¢ and g. At
the kth transaction, each device is given the levels t(k) and g(k) and checks?:
t < t(k), g < g(k),Va: Nyg.(k), to identify whether there exists a transmission
setting that should be explored. Let us define S;,(k) as the set of transmission

settings that need to be explored at the kth transaction

Sig(k) ={t < t(k), g« g(k), YVae A: Nygzq(k)<c(k)} (3.3)

where ¢(k) is a deterministic control function that is monotonically increasing
in k. Function c¢(k) can be interpreted as the minimum number of exploration
steps required by the algorithm such that the deviation probability of the sample

mean estimate of the expected reward of setting a decays at rate k=° for some

lall the parameters defined in this subsection are different for each mobile device m € M.
However, for notational brevity and given we are considering an arbitrary device here, we will
refrain from using the subscript m in the notations.

2with a < b the operator that assigns b to variable a
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b > 1 [Slill]. In practice, the control function c¢(k) guarantees that the sample
mean of the recognition rate for each device’s attempts is high enough to be used

for the exploitation stage of the learning process.

Each mobile device estimates the recognition rate of its transmission setting
at a specific contention and congestion level based on the recognition attempts it
observed for that particular setting so far. Therefore, let A, ,(k) be the set of all
recognition results (i.e., set of all "rewards”) obtained by the mobile device until
the kth recognition transaction when selecting transmission setting a under under
contention and congestion levels ¢ and g. In addition, let &(k) be the (estimated)
best transmission setting at the kth transaction based on the estimated recognition

rates for contexts t < t(k) and g < g(k):

G(k) € argmax{V; 5.0 (k)} (3.4)

where }Aft7g7a(k) is the sample mean of the obtained recognition results in

Xt,g,a(k)a i.e.,

Vi galk) = D Y(t,g,0)

(3.5)
VY (t,9,a)eXt,g,a(k) |Xt,gya(k)|

with Y (¢,9,a) € {0,1} each recognition result (or reward) obtained by the at-
tempts of each device (Vt,g,a: 0 for no recognition and 1 for successful recogni-
tion). We do not assume the uniqueness of &(k). Indeed, if more than one setting
maximizes (3.4), then the mobile device m chooses any arbitrary setting from that

set.

Given levels t < t(k) and g < g(k), if S; (k) # @, then there exists at least

one transmission setting that must be explored, and the mobile device chooses an
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arbitrary setting in this set. If, however, S; 4(k) = @, then all transmission settings
have been explored sufficiently, and the mobile device will select (i.e., exploit) the

setting that yields the highest estimated recognition rate per attempt.

In order to define the minimum suboptimality gap that provides an indication
of the performance difference between the best setting and the next-best setting
that can be selected, we need to define suboptimality gap of any setting for each

congestion and contention levels at the cloud side.

Algorithm 1:Device-Oriented Contextual Learning
Input : sets: A, G, T.
Initialization : VteT ,VgeGVae A: Nyga=0and Y;g,=0
while £ > 1 do
Get contention and congestion levels ¢ < t(k), g < g(k)
if JaeAst. Nygo(k)<c(k) then
Choose setting a
Receive recognition rate Y (t,g,a) after multiple attempts
Update(Ni,g.a(k)Yig.0:Y (t, 9,a))
else R
Choose setting &(k) € argmaxY g4
VaeA

Receive recognition rate Y (¢, g, a(k)) after multiple attempts
Update(Ny g ak) (k). Y g.ak),Y (£, 9, a(k))

end if R R R
gpdit.i(n,Y,Y): Y < "Z:IY, n<n+l
end while

Figure 3.1: Pseudocode of device-oriented contextual bandit algorithm.

Definition 2 (Suboptimality Gap and Minimum Suboptimality Gap). Let
Aygla™) 2n(t,g,a*)-n(t,g,a") be the suboptimality gap of any transmission set-
ting a~, with a~ € A\a*(t,g), and its corresponding optimal setting a*(t,q) given
by (3.1). We now define the minimum suboptimality gap Apin as the minimum
difference between the expected recognition rate of the best transmission setting

and second-best transmission setting, i.e., Vt € T, Vge G, Ya~ € A\a*(t,g).:

Apin 2 min Ay g(a”). (3.6)

Vt,g,a”
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The suboptimality gap defines the performance difference between the best
transmission setting and other transmission settings. Due to the existence of the
suboptimality gap, if our algorithm can form good-enough estimates of the ex-
pected recognition rate per attempt, then it will almost always choose the setting

with highest true recognition rate in exploitation phases.

The proposed algorithm for device-oriented contextual learning is given in
Algorithm 1. Below we present a Lemma that characterizes the conditions under

which this algorithm achieves the optimal performance.

Lemma 1 (Condition for Optimal Exploitation of Algorithm 1) Yae A,
VteT,VgeG:if

> 1
‘Y;fyg,a(k) - 77(75797 6L)| < §Amin (37)
,then the optimized transmission setting given in (3.4) is a* (t,g) given in (3.1).

Proof : See Chapter 7 : Appendix.

Lemma 1 proves that, under accurate-enough estimates, Algorithm 1 will select
the optimal transmission setting in the exploitations. We will use this to bound
the suboptimal transmission setting selection in the exploitations in the analysis

that follows.

3.2 Analysis

There are two components of the regret in contextual learning via Algorithm 1:
R.(k), i.e., the regret due to the explorations, and R4(k), i.e., the regret due to
suboptimal action selection in the exploitations. Since the expected rewards are
bounded in (0, 1), it is sufficient to bound the number of times that device chooses

a suboptimal setting. In the following lemmas, we will derive bounds for R.(K)
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and Ry (K).

Lemma 2 (Regret Bound for Ezxploitations). For any recognition transac-

tion 1 <k, if we set: ¢(l) = 421211" with b > 3, then the expected regret due to subop-

timal setting selection in exploitation steps performed until recognition transaction

k is upper bounded by
E[R, (k)] < 28\G||T|H", (38)

where H,g%) is the Generalized Harmonic Number [GP94): H,E%) =Yr, 5

Proof : See Chapter 7 : Appendix.

In Lemma 2 we proved that, when b > %, the expected number of times a
mobile device selects a suboptimal transmission setting in exploitation phases is
bounded by a constant term that is independent of the recognition transaction k.
This means that the regret in exploitation phases does not diverge to infinity as
k goes to infinity. In other words, the regret due to exploitation phases is O (1).

In the next lemma, we bound the regret due to explorations.

Lemma 3 (Regret Bound for Explorations) For any recognition transaction

I <k, if we set: ¢(l) = 421;” with b > %, then the expected regret due to the

min

explorations performed until recognition transaction k s upper bounded by

E[R(K)] <[GITIS(1 + c(k)). (3.9)

Proof : See Chapter 7 : Appendix.

Theorem 1 Under the conditions of Lemmas 2 and 3, the total expected regret
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due to to explorations and exploitations until recognition attempt k is

BIR(K)] <[GITIS(1 + 450" + 21() (3.10)

min

Proof : We have: F[R (k)] = E[R. (k)]+FE[Rs(k)], which, from Lemmas 2 and

3, leads to the desired result. m

We proved that Algorithm 1 achieves logarithmic regret. Moreover, for b > %,

H ,Ezb) is finite as k - oo. Therefore, the expected averaged regret goes to zero, i.e,

. R(k

]ll_)rg% = 0. (3.11)

An interesting question is whether the logarithmic (with respect to attempts
performed) regret is the best that can be achieved. It is shown by Lai and Rob-
bins [LR8&5] that, for the non-contextual standard multi-armed bandit problem,
the logaritmic in time [ value of ¢(1) is the smallest possible amount of exploration
which guarantees that the expected number of suboptimal action selections in ex-
ploitations are sub-logaritmic, and the slowest growth rate of regret is logarithmic
in the number of attempts for any learning algorithm. Since non-contextual multi-
armed bandit problem is a special case of the problem we consider in this paper,
our order-of-regret in Theorem 1 matches the lower bound, and, hence, it is tight.
Given that logarithmic regret, O (Ink), is the lowest possible regret that can be
achieved by any function c¢(k) [LZ07,LLZ13|, the average recognition rate of an
attempt of each mobile device will converge to the recognition rate of the oracle

solution defined in (3.1).
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CHAPTER 4

Centralized, Cloud-based, Bandit Learning

In the previous section we proposed a device-oriented learning approach, where the
mobile devices select their own transmission settings (actions) and learn through
their interaction with the cloud, assuming that the cloud congestion level varies
independently of the actions of each device in the wireless cluster. However, if
we assume that the devices’ actions affect the cloud’s congestion level (under, for
example, a dedicated hardware instance in the cloud for a given wireless cluster),
if many mobile devices send large volumes of video frames to the cloud, they
will all experience low recognition rate per attempt due to the high congestion
caused in the cloud. Hence, the algorithm proposed in Section 3 may not lead to
the optimal solution for this case, since the recognition rate of each attempt of a
mobile device is inherently affected by the settings chosen by the other devices of

the same cluster.

To address this case, in this section we take a service-oriented approach, where
mobile devices follow the suggestions of the cloud for their transmission settings.
Thus, as illustrated in Figure 2.2(b), it is the cloud that learns which joint action
profile, a(k) = [a1(k), as(k),...,apn(k)], should be used by the M mobile devices

based on the contention level, ¢(k), at each attempt k.

The recognition rate per attempt for this case depends on: (i) the transmission
settings and (i) the contention level in the wireless medium. Let g(a) be the
congestion caused by the mobile devices when they select transmission settings

a. The feature-matching complexity used at the cloud depends on the settings
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of the mobile devices, since the cloud uses different number of features for each
congestion level. Let H be a partition of all the joint action profiles AM, where
each element is a subset of joint action profiles that include the same settings with
different permutations. We assume that different permutations of action profile

correspond to the same congestion level g, i.e g(a) =g Va € hVh e H. Then, we

M+S-1)!
have [H| = (M+S 1) ((sj1)!1\14)1'

Let n,, (t(k),a(k)) = u(t(k),g(a(k)), an(k)) be the expected recognition rate
of an attempt of the mth device at the kth recognition transaction, where p :
T xGxA— (0,1) is the expected recognition rate function that depends on
contention, congestion and the mobile device’s transmission setting. The goal of
cloud is to find best transmission settings for all devices to maximize the average
recognition rate per attempt of all M devices. Because the different permutations
of joint action profile will lead to the same congestion level, let n(t(k),h(k)) be
the expected recognition rate per attempt at kth recognition transaction of all M

devices selecting any action profile a € h

n(t(R), (k) = — inm(t(k ),a(k)) Va e h. (4.1

The goal of the cloud is to explore action profiles in 4 and learn the expected
average recognition rates per attempt, n € (0,1), depending on the congestion
level t(k). We now define the benchmark solution which is computed under the
full knowledge of the recognition rates per attempt. The benchmark solution for

the contention level is given by,
h(t(k)) = arg maxin(t(k), h(k))} (4.2)
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and it is defined as the oracle solution, since it assumes that all conditions are
precisely known beforehand. We now define the regret of the algorithm as a

performance measure.

Let Z(t,h) € (0,1) be a random variable modeling the average recognition rate
for an attempt of all M devices under contention level ¢ and transmission settings

a € h chosen for all devices. At the kth recognition transaction

M

Z(t(k), h(k)) = Z (t(k), h(k)) (4.3)

m:

where Ym(t, h) ={0,1} is the binary random variable modeling the recognition

results for the mth device.

Definition 3 (The Regret for the Service-oriented Model). The regret for
the service-oriented model is the loss due to unknown recognition rates per attempt
obtained via each setting. For the cloud, the regret of learning algorithm o that
selects the any action profile a(t(l)) € h at each recognition transactionl, 1 <1<k,

with respect to the best action is given by
k
Retoua(k) = Zn(t(l) e (t(1)) - B[, Z(t(1), a(D))] (4.4)
=1

The regret gives a measure of the different in performance between our learning

algorithm and the oracle solution defined in (4.2).

4.1 Service-Oriented Contextual Learning

In this section, we will propose the service-oriented contextual learning for the
cloud, which tries to find the best profile of transmission settings for each conges-

tion level. The proposed algorithm is similar to the Algorithm 1 defined in the

26



Chapter x in the sense that it also balances exploration with exploitation. How-
ever, there are important differences between the two algorithms. First of all, in
service-oriented learning, it is the cloud that makes the decisions, i.e., all mobile
devices simply obey to the transmission setting suggested to them by the cloud.
Secondly, in this case the cloud takes into account the aggregate of the recogni-
tion rates of all devices and the contention level in the wireless medium, but not
its own congestion level, as this is indirectly controlled by the settings decided
for each device. In contrast, in the previous section, a mobile device takes both
the contention level and congestion levels as contexts, and selects a transmission

setting that will maximize its own estimated recognition rate per attempt.

At any recognition transaction k, the service-oriented learning algorithm can
be in one of two phases: (i) exploration step, in which the cloud chooses an arbi-
trary transmission setting in ‘H depending on the contention level ¢ and updates
the estimated recognition rate (per attempt) of any transmission action profile
h € H; (ii) exploitation step, in which the cloud selects any transmission action

profile that yields the highest-expected average recognition rate per attempt.

Let X, 5 (k) be the recognition accuracies collected until recognition transaction
k by selecting all possible transmission settings in h given contention level ¢.
The cloud selects a transmission-action profile that yields the highest estimated
average recognition rate. Let &(k) be the (estimated) best transmission setting

for all mobile devices for context t < t(k), i.e,

G(k) € argmax{Z, (k) (4.5)

where Z, (k) is the estimated sample mean of the elements in X, (k). Explicitly,
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Zih

Zin(k)=" Y
Zy pn€Xy,n (k) |Xt’h(k)|

(4.6)

with Z; 5, € {0, ..., M } the sum of each recognition result (or reward) obtained by
all M devices (per device: 0 for no recognition and 1 for successful recognition).
Once the transmission settings have been selected for the mobile devices, the
cloud will randomly select among the joint action profiles @ € h to the devices
to send their requests. The reason the cloud randomizes in h is fairness: since
the optimal profile will include some transmission settings that correspond to less
frames and lower encoding bitrates, some devices will be punished at a particular
attempt; therefore, the cloud randomizes in h each time to ensure no single device

is penalized more than the others.

To differentiate between the exploration and exploitation steps, the cloud needs
to keep track of the number of times a particular vector of settings in h, has been
chosen for each contention level. Let N;,(k) be the number of times the cloud
selected any transmission action profile a € h until the kth recognition transaction,
given the contention level ¢t. For each recognition transaction k, the cloud receives

the contention level, ¢t < t(k) and checks whether the following set is empty

Su(k) = {t < t(k), Yh e H: Nou(k) < c(k)}. (4.7)

where ¢(k) is defined as for (3.3) of the previous section. When S;(k) # @,
the cloud selects an arbitrary transmission setting from this set and collects the
recognition rates for all devices. If S;(k) = @, this means that all the transmission

action profiles are explored sufficiently.

Definition 4 Suboptimality Gap and Minimum Suboptimality Gap Let
Ay(h™) =2 n(t,h*) —n(t,h™) be the suboptimality gap of any transmission setting
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h=, with h= e H~h*(t), and its corresponding optimal setting h*(t) given by (4.2).
We now define the minimum suboptimality gap, A, as the minimum difference

between the expected recognition rate per attempt of the best profile and second-best

profile, i.e., Vt € T, Vh= e H ~ h*:

Apin = min {A(h)} (4.8)

vt,h-(t)

The proposed algorithm for service-oriented contextual learning is given in
Algorithm 4.1. Below we present a Lemma that characterizes the conditions

under which this algorithm achieves the optimal performance.

Algorithm 2:Service-Oriented Contextual Learning
Input: c(k); sets: H, T
Initialization: Vt e T,VheH, Ny =0& Z;p, = 0.
while £ > 1 do
Get contention level t < t(k)
if 3h e M sit. Nyp(k) < c(k) then
Choose setting h and randomly choose joint setting a € h
Receive recognition rate Z; ;, after multiple attempts
Update(Nen(k),Ze,n,Zen)
else )
Find &(k) € argmaxypney Zi
Randomly choose joint setting &(k) € h
Recommend the mth element to the mth device
Receive recognition rate Z; 4(x) after multiple attempts

Update( Ny ax) (k),Zt,&(k) 2t a(k))

end if

k<k+1 R R

gpdit'i(n,Z,Z): 7« ”f:lz; n<n+l
end while

Figure 4.1: Pseudocode of the service-oriented contextual learning.

Lemma 4 (Condition for Optimal Ezxploitation of Algorithm 1) VheH,
VteT, if

: 1
|Zt7h(k:) - 77(757 h’)| < §Amina (49)
then the optimized transmission setting given in is h*(t) given in (4.2).
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Proof : The proof follows the one of Lemma 1.

4.2 Analysis

There are two components of the regret in service-oriented contextual learning.
The first one is R.(k), i.e. the regret due to the explorations and R,(k), i.e., the
regret due to suboptimal profile selection in the exploitations. Since the rewards
are bounded in (0, M) , it is sufficient to bound the number of times that device
selects an suboptimal action. In the following lemmas, we will bound R.(k) and

R, (k) separately.

Lemma 5 For any recognition transaction | < k, if we set: c(l) = 4% with
b > %, then the expected regret due to suboptimal setting selection in exploitation

steps performed until recognition transaction k is upper bounded by

M+S-1

EEXCIEE i

)i, (1.10)

where H,g%) is the Generalized Harmonic Number [GP94].

Proof: See Chapter 7 : Appendix.

With this lemma, we proved that the regret for suboptimal settings’ selection

in exploitations is finite for b > %

blnl
A2,

min

Lemma 6 For any recognition transaction l < k, if we set: c¢(l) =4 for some

b> %, then the expected regret due to the explorations is upper bounded by

E[R.(k)] <|T] (M;i‘ 1) (1+c(k)). (4.11)

Proof : See Chapter 7 : Appendix.
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Theorem 2 Under the conditions of Lemma 6 and 5 the total expected regret
due to to explorations and exploitations until recognition transaction k is upper-

bounded by

M+S5-1 blnk
ElRaouah)] < MITI(Y 57 7)1 405

min

+2HY), (4.12)

Proof : We have: E[Rgoua(k)] < M(E[R.(k)]+ E[Rs(k)]) which, from Lemma

6 and 5 and reward is bounded by M, leads to the desired result.

We notice that only the constants are different between the regret bounds of
Theorems 1 and 2. In addition, the regret bound of Theorem 2 depends on the

number of mobile devices.

4.3 Discussion

Our analysis is also valid when the feedback is arriving with some delay and the
correct recognition results (rewards) are not always revealed. The algorithm keeps
the results produced by the classification and updates the rewards whenever the
correct recognition results are revealed. This will add some extra lag in learning
process, however, the asymptotic regret for both Algorithm 1 and 2 will still be
valid and the expected total reward will still converge to the value of the optimal

solution.

Since the set of device transmission settings grows combinatorially with the
number of concurrent devices in the wireless cluster, the cloud incurs certain
complexity overhead for storing and adapting the estimated transmission rates
for all these settings in comparison to the device-oriented model, where each
device only stores adapts the estimated transmission rates for its own transmission

settings. Therefore the complexity of the cloud-oriented model is greater than the
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complexity of the device-oriented model.

Specifically, at each exploitation step, each algorithm needs to pick best setting
among the possible settings it has available. For the device-oriented learning, a

device has S actions; therefore, its complexity is of order O (S). For the service-

M+S-1

51 ) of them are

oriented learning, the cloud has S™ action profiles, but only (
distinct in terms of the congestion they generate and, therefore, it only needs to
keep estimates for the distinct ones. Thus, the complexity for service-oriented case
is of order O(Mg i‘l). However, this will not be a problem in practice, since the
computational and memory resources of the cloud are significantly higher than

the resources of the mobile devices.
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CHAPTER 5

Numerical Results

For each algorithm under consideration, we present simulation results with respect
to the average recognition attempts required per recognition transaction!, as well
as the average bitstream size per recognition transaction. Given that there are
several parameters that vary in our system (contention and congestion levels and
training and testing subsets), we repeat each experiment 100 times with random
training and testing subsets per person and present the average results. Therefore,
our results correspond to a mean-based analysis of performance instead of best or
worst case analysis. This relates to the expected performance of such a system

that would be assessed prior to cumbersome deployment and testing in the field.

5.1 General Setup

Our simulation environment comprises mobile devices connected via an IEEE
802.11 WLAN to a computing cluster, i.e., cloud computing service. Videos of
human faces are produced by random images of persons taken from the extended
Yale Face Database B (39 cropped faces of human subjects under varying illumi-
nation). While this is not a large-scale dataset and it is not as specific to mobile
systems as other datasets (e.g., see [MMA10,SJ05]), it corresponds to a scenario
where users within a group (e.g. a residential or office environment) would be rec-

ognized automatically. In addition, it resembles our assumption in Section 77 that

lgiven that the system may reply that it is unable to recognize reliably if a substantial
number of frames is not matched to the same person with matching distance that is below a
preset threshold
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the camera flash is modulated to emulate light coming from different angles (Fig-
ure 2.1) such that person recognition remains robust to counterfeit measures (e.g.,
spoofing attacks by placing a photo or video of a person in front of the camera
of the mobile device [JJY06, PWS08, BLL09]). Each video to be recognized com-
prises up to 30 images from the same person and it is compressed to a wide range
of bitrates via the H.264/AVC codec (x264 codec, crf e {4,14,24,34,44,51}). The
2D-PCA algorithm [YZF04] is used at the cloud side for face recognition from each
decoded video frame (with the required training done offline as per the 2D-PCA
setup [YZF04]) and the cloud-computing server being able to use a varying num-
ber of features (eigenvectors) for the projection and matching process of 2D-PCA,
depending on its congestion level. For all simulations, we have set a time window
of two seconds per recognition attempt, which was separated to one second for

capturing, encoding and transmission and one second for processing on the cloud.

5.2 Wireless Transmission

The time-constrained transmission limits the number of video frames received by
the cloud under varying WLAN contention levels at the MAC layer, as delay
is increased under MAC-layer contention due to the backoff and retransmissions
of IEEE 802.11 WLAN standards. In our simulations, we generated wireless
contention via the well-known backoff and retransmission mechanism of the Dis-
tributed Coordination Function (DCF) of such networks under the default settings
of the DCF simulator of Bianchi’s method [Bia00].

5.3 Face Recognition on the Cloud

In terms of the recognition algorithm, in order to declare this video as “recognized”

by the cloud while at the same time substantially reducing the possibility of false
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positives under the utilized setup: (i) more than 80% of the received video frames
have to match to the same person in the database; (i) for each of these frames,
the matching distance has to be less than 15% of the average distance within
any two distinct face images of persons in the database. However, because of
varying congestion in the cloud: (i) only a limited number of the received video
frames is actually used by 2D-PCA and (ii)the utilized number of eigenvectors,
d, used for the distance calculation during the matching stage [YZF04] is chosen
from d € {2,4,6,10}, according to the cloud congestion level, thereby affecting the
recognition rate per attempt. In our simulations, for the device-oriented learning
of Algorithm 1 Figure 2.2(a), we generated random congestion levels at each
recognition transaction. Instead, for the service-oriented learning of Algorithm
2 Figure 2.2(b)|, the generated congestion level was analogous to the volume of

video frames received by all M devices.

In order to ensure that all methods are compared on an equal basis, we re-
port the average number of attempts per recognition transaction, as well as the
average video traffic transported per recognition transaction by each method. By
setting the recognition accuracy rate to 0.9 (90%) for each face recognition trans-
action, the average number of attempts per transaction (and their corresponding
bitstream size) is calculated based on the (per-attempt) empirically-derived recog-
nition rate, p(k), with p(k) = Y; 4(k) of (3.5) for the device-oriented framework
and p(k) = Zya(k) of (4.6) for the service-oriented framework. Specifically, by
denoting the average attempts of the kth recognition transaction by "rec(k)” and

recalling that each attempt is independent of the previous ones, we have

1-[1-pu(k)]® = 0.9 (5.1)

<= rec(k) = log_,4)0.1.
We remark that recognition accuracy rate of 0.9 is deemed as adequate for
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Figure 5.1: Device-oriented model. Per recognition transaction, k, and under
recognition accuracy rate of 0.9, we present: (a) Average attempts and (b) average
bitstream size with the 2D-PCA algorithm and a single device (M =1).

real-world face recognition applications [BO08, GKS10| and, following (5.1), our

results can be derived for arbitrary recognition accuracy rates.

5.4 Results

Considering first the single-device case, Figure 5.1(a) presents the average number
of attempts per recognition transaction k, by: (i) our method (with and without
using the cloud congestion information as context); (ii) the optimal setting of (3.1)
that assumes full system knowledge (oracle); (ii7) Q-learning [Sut98|. The results
indicate that, after 250 transactions (each transaction comprises the attempts
listed), our algorithm approaches the oracle bound and, for the same recognition
accuracy rate per transaction (90%), incurs less attempts in comparison to Q-
learning, reaching a reduction of up to 30%. In addition, Figure 5.1(b) presents the
corresponding video bitstream size transported per transaction by each method.
Our approach allows up to 20% reduction in the video traffic over the IEEE
802.11 contention-based MAC in comparison to Q-learning and approaches the

oracle bound as the number of recognition transactions increases.

Figure 5.2 presents the results for the service-oriented learning via Algorithm
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2. We again observe that our approach outperforms Q-learning and it also ap-
proaches the number of attempts required by the oracle bound. Extending these
results to more mobile devices, it can be seen from Fig. 6 (b) that although Q-
learning is better initially then the proposed method (because of the fact that
the number time slots spend in explorations which has a large contribution to
the regret decrease as time progresses and), the proposed methods rate of ex-
ploitation increases as time goes on and hence it starts performing much better
than Q-learning under the same contexts (especially in terms of the number of at-
tempts per recognition transaction) by efficiently allocating transmission settings
(actions) to the mobile users that maximize the average recognition rate per at-
tempt under wireless contention, which minimize the expected number of required
attempts following (5.1). We can observe from the Fig. 6(a) that our approach
converges to oracle bound with a higher rate than QQ-learning when the number of
users increase since our proposed method considers clustering the action profiles

to reduce the exploration rate.

Based on these results, we see that the proposed systematic learning framework
based on multi-user multi-armed bandits is able to achieve a high performance, i.e.,
recognition transactions with the minimum number of attempts, in dynamically
changing and unknown environments. Our algorithms are able to learn signifi-
cantly faster than existing reinforcement learning solutions. Moreover, our results
show that the proposed context-based MAB solutions are significantly outper-
forming conventional MAB schemes by exploiting the available side-information
and therefore lead to lower bandwidth usage and faster recognition as they re-
quire less attempts. Finally, while Q-learning appears to reach a saturation point
in the average number of attempts to achieve a certain recognition accuracy rate
(thereby implying fewer faces are recognized successfully per attempt), the simula-
tions with the proposed bandit-based learning show that, given enough recognition

transactions k, the performance bounds of the oracle method will be approached.
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Figure 5.2: Service-oriented model. Per recognition transaction, k, and under
recognition accuracy rate of 0.9, we present: (a) Average attempts and (b) average
bitstream size with the 2D-PCA algorithm and with M = 3.
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CHAPTER 6

Conclusions

We propose a contextual bandit framework for learning contention and congestion
conditions in object or face recognition via wireless mobile streaming and cloud-
based processing. Analytic results show that our framework converges to the value
of the oracle solution (i.e., the solution that assumes full knowledge of congestion
and contention conditions). Simulations within a cloud-based face recognition sys-
tem demonstrate it outperforms Q-learning, as well as context-free bandit-based
learning, as it quickly adjusts to contention and congestion conditions. There-
fore, our analysis and results demonstrate the importance of using contexts in
multi-user bandit-based learning methods, as well as their efficacy within wireless
transmission and cloud-based processing environments. Beyond the proposed ap-
plication for face recognition via cloud-based processing of wireless streams, our
proposed learning framework can be applied in a variety of other scenarios where
fast learning under uncertain conditions is essential, such as multi-user wireless
video streaming systems and, in general, multimedia signal processing systems

where decisions need to be made in environments with unknown dynamics.
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CHAPTER 7

Appendix

7.1 Proofs for Chapter 3

7.1.1 Proof of Lemma 1

~ 1
nm(tvga a) - K,g,a(k) < EAmin (71)

and, for any suboptimal a=, i.e., a= € AN a*(t,9).:

~ 1
Kvgaa*(k) - nm(t7 g, CL*) < EAmin (72)

Combining the last two inequalities with the fact that A, (a™) > A, leads
to: Yt,g,a*(k) - }Aft7g7a-(k) > 0, which leads to the desired result.

7.1.2 Proof of Lemma 2

Let W (1) be the event that proposed algorithm chooses a suboptimal setting in
the exploitation stage at recognition transaction [, [ < k. Then the expected regret

until recognition transaction k is expressed as
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E[Rs(k)] = ZPY{W(Z)} (7.3)

The occurrence of event W (1) depends on: (i) the suboptimal setting selection,
i.e VI: &(l) ¢ a*(t,g) and (i) the occurrence of exploitation stages in the proposed
algorithm, i.e, N;g4,(l) > (1), given the contention and congestion levels ¢ «
t(l) and g < g(l) respectively, for all settings a. Therefore, for all contention
and congestion levels, (7.3) is upper bounded by the sum of the probabilities of

concurrent occurrence of these two events. Explicitly,

blnl

B[Ry (k)] < Pr{User geg.acgisk (k) ¢ a*(t,9), Niga(l) 2 4 }- (7.4)

min

By union bound, we get,

k . blnl
E[Rs(k)] < Z Pr{a(k) ¢ a*(t,9), Niga(l) 24—
1=1 geG teT acA Amln

Y. (75)

Using Lemma 1, we can rewrite (7.5) as

k 1 blnl
R (k) S Z Pr{|Y29a(l) nm(t g7 )| §Amma tha(l) 4 }
I=1 geG teT acA min
(7.6)

Given that Ny g,(l) > 4232 in the second condition of the probability of (7.6),

mln

binl
Apin > 2 Neya(D)" Therefore,
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R 1 blnl
Pr{IViga (D) = (1,9,0)] 2 5 Amin, NogalD) 2455} (11)

- blnl blnl
<Pr{IVo o) =t 0.0) 2\ 37y NegalD 2455} (78)

Using the Chernoff-Hoeffding bound, the last probability can be upper bounded
by 2exp (-2blnl). Replacing this upper bound on (7.8), we reach

E[Rs(k)] < Z > 30> 2exp(-2bInl). (7.9)

1=1 geG teT acA

The last expression is upper bounded by the desired result. m

7.1.3 Proof of Lemma 3

At any recognition transaction [, [ < k, at most ¢(l) + 1 exploration steps have
been experienced for each contention and congestion levels g < g(1) and t < t(1).

Then

BIRM]T Y %(4212’“ (7.10)
=GITIS(L +c(k)). (7.11)

7.2 Proofs for Chapter 4

7.2.1 Proof of Lemma 5.

Let W(l) be the event that proposed algorithm chooses a suboptimal joint action
profile in the exploitation stage at recognition transaction [, [ < k. Then the

expected regret for this case is expressed as
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E[R,(k)] ZPr{W )} (7.12)

The occurrence of event W (1) depends on: (i) the suboptimal profile selection,
i.e &(1) ¢ a*(t) and (ii) the occurrence of the exploitation stages in the proposed
algorithm, i.e Nyp(l) > c(l) given contention ¢t < t(I) for all settings h € H.
Therefore, for all congestion levels, (7.12) will be upper bounded by the sum of

the probabilities of these two events occurring simultaneously. Explicitly

blnl

E[Rs(k)] < Pr{Uter nemacka(l) ¢ h*(t), Nep(l) > 4A2. } (7.13)
By union bound and Lemma 4, we get
k 1 blnl
E[Rs(1)] < Z Z Z Pr{|Zt w(1) =n(t,h)| € = Amin, Nen(l) 2 4—5—} (7.14)
I=1teT heH 2 Amln

Given that N;,(1) 2 4% bInl ' we have Apin > 2 Nbl (ll). Therefore,

1
b ni Nth(l)>4b

Pr{|Z, (1) = n(t, h)| > Non()' Anin

} <2exp(-2bInl) (7.15)

The last result follows from using Chernoff-Hoeffding bound. Then, we have

k
E[Ry(k)]<2)" exp(-2bInl). (7.16)
1=1teT heH



Since [H| = (M35™), (7.16) is upper bounded by 2(*¢° )| T| LF, 172, with the

sum being H,g b,

7.2.2 Proof of Lemma 6

At any recognition transaction [, [ < k, at most ¢(/) + 1 exploration steps have

taken place for each contention level ¢ « ¢(). Then,

BRI 3 Y (G +1) (717

teT heH rnm
M+S5-1 blnk
T ar (7.18)

min
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