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Network Resource Management

* Network Resources
* Communication
* Computation
* Caching (Storage), efc...

* Lecture 1
* Network slicing concept
* Resource allocation with optimization (Network Slicing)

- N
e Lecture 2

* Joint Communication, Computation, Caching, and Control in Big Data Multi-access
Edge Computing

* Game Theory Approaches

* Al/ML Based Approaches
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Joint Communication, Computation, Caching, and
Control in Big Data Multi-access Edge Computing

* |Introduction
* Joint 4C in Big Data MEC
e Performance Evaluation
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Introduction: Background

_;( 10T ANALYTICS Insights that empower you to understand leT markets

Total number of active device connections worldwide

Number of global active Connections (installed base) in Bn
354

304

 Global number of connected devices continue to
increase at very rapid pace:
By year 2025, there will be 34.2 B with 21.5B loT —)
devices (smartphones, tablets, laptops)

254

.’_‘. Non-leT

M o1
o
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

les all mobile phones, tablets, BCs, laptops, end fixed line phones. loT includes all consumer and 828 devices connected — see loT break-down for further details
arch 2018

Source: https://iot-analytics.com/state-of-the-iot-update-q1-92-
2018-number-of-iot-devices-now-7b/

46% CAGR
e Global mobile data traffic. 204 EE0e
By year 2022, there will be 77 Exabytes per month %
. . 80
of mobile data traffic _' 70 —
60
. - . 50
Therefore, wireless users’ devices will be e b
anywhere, anytime, and connected to zg
anything 10 . .
o IR
2017 2018 2019 2020 2021 2022
Source: Cisco VNI Mobile, 2019 « Smartphones inc. Phablets (88%, 93%) « M2M (1.8%, 2.2%)
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Introduction: Background

* Offloading: Offloading traffic will be 71% of mobile data traffic by year 2022
 Downloading: Data traffic from data centers to users will be 14.9% of global data center traffic by year 2021
Downloading and Transfering
100% Daltg S;r:ter w:thm][)]:?;& Center o Wlthi Data Cznler (71.5%).
X S o
Mobgzka):g 60% Edge Da!a[(;/entev
frg;g{égg o Devices Da;zcg,:e' oDaxa Center to Data Ci:te(r'ni??::
Devices - = intercloud links
20%
0% Total Eastr-WasAl traffic WIIVI be BFE% e Data Center to User f" )
2G 3G 4G 5G twice 0 3420 of “Wihin Diia Cortor”) - - ]

B Mobile Traffic M Offload Traffic

Source: Cisco Global Cloud Index, 2016-2021

Source: Cisco VNI Mobile, 2019
(https://www.cisco.com/c/en/us/solutions/collateral/service-

Autonomous car data vs. human data
In 2020, the average autonomous car may process 4,000 gigabytes of data per day, while the
average internet user will process 1.5 gigabytes. That means...

-~

From the edge, there will be a tremendous growth of d

fall into a big data framework

traffic with different scale, distribution, diversity, and velocity

ata
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Introduction: Motivations and Problem Statement

Multi-access Edge Computing (MEC)

ETSI introduced Multi-access Edge Computing (MEC) as a suitable technology for providing cloud services to the
edges in closed proximity to the users [1]

Challenges:

 However, when each MEC server operates independently, it cannot handle all
computational and big data demands stemming from edge devices.
How significantly reduce data exchange between edge devices and cloud?

* Edge devices offload tasks and corresponding data with varying rates, where
data from multiple edge devices may reach MEC servers too rapidly with a
finite or infinite flow, and needs to be processed immediately.

How to handle such data for delay sensitive and mission critical applications?

* Integration of MEC with a mobile network environments raises a number of
challenges related to the coordination of both MEC server and mobile network
services.

How to formulate a joint communication, computation, and caching for MEC?

High delay
&
a g

[1]. MEC in 5G networks,” ETSI White Paper No. 28, ISBN No. 979-10-92620-22-1,Jun. 2018. (&/
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Joint 4C in Big Data MEC

Fiber link(S1)

SICAEEIEIEICEIT
SRR SR

X2

R Y T o B Wireless channel
Virtual resources

Solution: Collaboration space for Big Data MEC [1

We propose joint computing, caching, communication,

. and control (4C) at the edge with MEC server collaboration for Big
((')) N\ Data applications

\ \ J;Eﬁ-\i‘:

Physical resources in

il Cserver |
4 collaboration space ( ) Ir
|@ A~ \ /Gﬁa
MEC server -~ — -
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*{wv KYUNG HEEAnselme Ndikumana, Nguyen H. Tran, Tai Manh Ho, Zhu Han, Walid Saad, Dusit Niyato, Choong Seon Hong , "Joint Communication, Computation, Caching, and @
. UNIVERSITY Control in Big Data Multi-access Edge Computing,” IEEE Transactions on Mobile Computing, Vol.19, Issue 6, pp.1359-1374, Jun. 2020
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Joint 4C in Big Data MEC (continued)
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We introduce overlapping k-mean

among MEC servers, which is not only
End-user k
MEC Servern MEC serverm

)
— — —Fiber- — — — “ﬁ “W. channel- ( \ ()

A

MEC server m End-user k

based on distance measurements, but

Kolso based on available resources /
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Joint 4C in Big Data MEC (continued)

* We formulate the joint 4C in big data MEC as an optimization problem in [1] that aims at
maximizing bandwidth saving while minimizing delay, subject to the local computation capabilities of
user devices, and MEC resource constraints

* In order to solve the formulated problem, which is non-convex, we propose a proximal upper-bound
problem of the original problem and apply the block successive upper bound minimization (BSUM)
[2] for solving it.

1. Anselme Ndikumana, Nguyen H. Tran, Tai Manh Ho, Zhu Han, Walid Saad, Dusit Niyato, Choong Seon Hong , "Joint Communication,
Computation, Caching, and Control in Big Data Multi-access Edge Computing," IEEE Transactions on Mobile Computing, Vol.19, Issue 6,
pp-1359-1374, Jun. 2020

2. M. Hong, M. Razaviyayn, Z.-Q. Luo, and J.-S. Pang, “A unified algorithmic framework for block-structured optimization involving big datag,”
IEEE Signal Processing Magazine, vol. 33, no. 1, pp. 5777, 25 Dec. 2015

3. O. Boswarva et al., “Sitefinder mobile phone base station database,” Edinburgh DataShare , the University of Edinburgh, UK, Feb. 2017.
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Joint 4C Collaborative Big Data MEC

v' In order to satisfy edge devices’ demands, MEC servers located in the same area need to

collaborate each other

v' We proposed collaboration space formation by using Overlapping k-Means [1]

v" In each collaboration space, based on available resources, MEC servers can exchange data,

tasks, resource utilization information

Iz SEIL)D

Virtual resources

7

MEC seYver

Physical resources in
collaboration space
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d(m)|?
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i=1 meM; T
Base station location

chée.«igﬂ Me;

®(m) = A -\

Centroids of i

((.)) "\, set of all centroids m,

Exclusive Clustering Overlapping Clustering

https://doi.org/10.1016/j.eswa.2016.09.025

Average of CentthIdS Algorithm 1 : OKM for Collaboration Space ({OKM-CS)

m: Base station
r: Number of collaboration spaces
®(m) : Average of centroids

1:

el

or

=]

. mt
: For each BS m and assignment 4,

Input: M: A set of BSs with their coordinates,

tre: Maximum 1111mh{ r of iterations, € = O

Output: { M, e+1 : Final cluster coverage of BSs;

Choose r and initi: 1] iluatrn with {nt'[]'}t | centroid;

For (“wh BS5 m, compute the assipnment

A:ﬂ by assigning bs m to centroid {m,:[m, }r_,. and derive

[0 oy _

initial {*t}wmg{: [ M .. such that M = {m|??1¢[ =
mi0]

Initialize £ = 0;

For each cluster J'-:'I',‘_-L ', compute the new centroid,
{t+1 .

m.:ﬁ+ ) by grouping ;‘Vit[-r']:_

', compute new assign-
T : {t+1)
ment 4] assigning bs m to centroid {m.,” '}I_, and
, . (t+1)qr .
derive new coverage {M7 1T

mit+1) I:ﬁ.

If equation (1) does not converge or f, > t or I({ -H':L:'};'_ —
T({METIY_ ) = e set ¢ = t + 1, restart from Step
6. Otherwise, stop and consider {‘ut[“" _; as the final
clusters.

[1]. Whang, Joyce Jiyoung, Inderjit S. Dhillon, and David F. Gleich. "Non-exhaustive,
overlapping k-means." Proceedings of the 2015 SIAM International Conference on Data
Mining. Society for Industrial and Applied Mathematics, 2015.
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Joint 4C Model for Collaborative Big Data MEC
\ I

To offload task and data from edge device to the MEC server, the network will incur a communication cost

I_ ____________________________ -
g @) 3
Scenario (a) x Resource Miss A |
_ X ---‘Wireless Channel (a) :
Offload a task from edge device to the nearest v Resource Hit JRIR\ |
MEC server MEC Server m Edge Deviceﬂ
- I
1. if task T;. from edge device k is offloaded to BS m. |j(,)) (( ))
I = I A

0, otherwise.

* The spectrum efficiency and instantaneous
: Y IVIEC Servern MEC Server m Edge Device k

I

I

, I

H —X2— — —ﬁlﬁ -‘Wireless Channel-- (b) :
> I

P |
I

I

I

I

data rate:
Pk| il : ((.))
Spectrum efficiency: 1 =logg [ 1+ —=— |, ke K, m
T x A m
the power of the Gaus?lan noise at user k. — — —Fiber— — — — s ~~Wireless Channel-- L (c)|
Instantaneous data rate: Ry’ = z ap|Bmi » ¥k € K, m € M. /'é 5 = :
. Edge Device k|
Allocation of a fraction bandwidth e MECServerm 3
e Transmission de|ay for offloading a task Collaboration space for MEC with three typical scenarios
" (d ) |Gm : Channel gain between user device k and BS m
ke Ty S\ak : . 2k :Transmission power of user k
qum - Rrm vk € K T :Task
k

s(dy) :Size of input data -
&Y KYUNG HEE ~ (N/
f.“ UNIVERSITY \‘_
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Joint 4C Model for Collaborative Big Data MEC
I I

To offload task and data from a user to the MEC server, the network will incur a communication cost

e

I

I

* When the nearest MEC server m has insufficient *K Resource Miss A |
@ ---Wireless Channel---- (a) :

I

I

resources, it forwards a request to another BS n . Resource Hit Ue
1, if an offloaded task T, from edge device k is forwarded from BS m l'

MEC Server m Edge Device k

) )
/' ﬂ— — —EIZII— — —\.ﬁ ereless Channel IbI

\MEC Server n MEC Server m Edge Device ¥

I
I
I
I
I
|
:
Qbe (( )) i
I
I
I
I

M—f _ <

Y to a nearest neighbor BS n,

0, otherwise.

* The offloading delay between BS m and BS n

mMm—1
Yorer. Yp T "s(dr)
T = ekm FI; CYm,ne M
17T

— — —Fiber- — — — \‘ ~Wireless Channel-- (c

* When the resources are not available in the N
) F
whole collaboration space, BS m forwards the }' I*\ Edge Device
request to DC e : , MECServerm
yhm—‘rf}f L, it T} 1s offloaded from BS m to the DC, Collaboration space for MEC with three typical scenarios

0. otherwise. .
’ G7*|%: Channel gain

* The offloading delay between BS m and DC mrn (Tzrg?smgzsriz:v ?dotvhver
Dc Worst-case "
m—DC _ ZL»::JLm ffIcﬂ_I s(dy.) ) T; :Task

s(dy) : Size of input data R
KYUNGHEE 'k ODC , ¥m i) :Size of inpu (K_(/
UNIVERSITY ﬂl
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Joint 4C Model for Collaborative Big Data MEC

Scenario 1: Local Computation at User Device

* Energy consumption of CPU computation: Ej; = s(d; P2, k € K

. s(di) g Computation workload
* The execution latency for task: i, = \constant parameter(CPU)
omputation deadline Py| «—— Total computation capacity

v
* When [ > 7., 5, > P, or E, > E,, edge device can keep the computational task until the resources

become available for local computation via its device. Otherwise, edgeéjoe%/écu%rt}gﬁg%éc%fffload task to MEC

server
L= {01 if 2 > Py, or I > 7, or|Ex > |Ex«~—Available energy in user device k

1, otherwise. Edge device status parameter
Average waiting time

0, if o, = 0. and 27" = 1, Ti) Offload

Scenario 2: Computation at MEC Server
Sub-scenario (a) I when BS m computes offloaded task T}

 Offloaded task to MEC server: Jm = 1 by edge device k.

Total computation workload of all users at MECm

0, otherwise. the total computation allocation

* Computation allocation: ) q 3 |
pu Pem = P, — k<K, meM. s.t Tp Pkm¥ | < Pm, Ym e M.
KYUNG HEE 2 geK,, % =




Joint 4C model for collaborative big data MEC

Computation Model

* The execution latency: : s(dy) 2k

Scenario 2: Computation at MEC Server

= _ T =T 4 e, Yk € K, m € M.

Prm T

km
Sub-scenario (b) Total executing time of offloaded task

* When 2 > pum or 7, > 71, MEC server m does not have enough computational resources to meet the
computation deadline. Then, it forwards a request to another BS n in collaboration space

Sub-scenario (c)

T =TE M T L YV € K, and m,n € M.

* When the resources are not available in the whole collaboration space, BS m forwards the request to DC

Tfmpe = Th "+ 1P L lipe, Yk € K, and m € M

Control for communication and computation at MEC server

7

 Coordination: The constraints to ensure that task is executed at only one location

(L= af) + 20w + 3wl P =1, (23)
e A
max{yf=m, gy Yn} < 2, Yk € K. (24)

N
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Joint 4C model for collaborative big data MEC

the cache capacity available at any MEC server m

: v
wﬁ; _ 1, if MEC server m € M caches the data dp, Z yk—>m n Z Z yn—m w;l.fls(dk) < Cpm,
0, otherwise. ke K, n#meM kek,
Ym e M.

Control Model for communication, computation, and caching at MEC server

* We propose a distributed optimization control model that coordinates and integrates the communication,
computation, and caching models

* We use a cache rewards that aims to maximize the backhaul bandwidth saving by reducing the data

exchange between MEC servers and remote DC, i.e., increasing the cache hits:
.—— Request arrival rate

The amount of saved ap k—m, k
V(x| |yllw) = s(dp AT w,,
backhaul bandwidth: ]* ﬁ;/{kez{ (d) i vl @)
" 27
Offload(User), offload(MEC), cache + Z ym k),

neM
* We use total offloading and computation delay that aims to minimize delay

Total delay O(x, y) for the tasks
computed locally at user devices, or in

] ]: ].DC ]: ) )
g E UNIVERSITY bar ic
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Joint 4C model for collaborative big data MEC

Problem Formulation and Solution

 We formulate the joint 4C in collaborative big-data
MEC as an optimization problem that jointly minimizes
both bandwidth consumption and latency as follows:

Total delay Alleviated backhaul bandwidth
LYW

subject to: Communication

—

Z la™ < 1, ¥m e M, (20a)
kekl,, C tati
, «— Computation
Z $Elpkmy§§_>m < Pm;\':'fm € M: P
ke K m
YT Y Y T whs(dr) < G, (20¢)
kek,, n#EmeM kek,
(L—af) + 2=+ >y P9 =1, | /29d)
ne M
max{yg ", ypt ="y 7P n < 2 (29€)
Cac{\ing

Coordination

¢

Y UUNG HEE

Solution:

Using Block Successive Upper-bound Minimization
(BSUM), we proposed Distributed optimization
control algorithm for 4C in big data MEC

new objective function: (non-convex problem)
B(mv Y. “U_J) = e(iﬂ, y} T ?'?‘I"(:F Y, ’U_J)
Proximal upper-bound function
B;(x;, 2",y O, w®)'= B(x,

- o~ - 04 -
2,5.8) + Ll(z; - 2))°

The solution is updated by solving:

Offload z{*" € min B;(z; 2ty w), (36)
(User) ’
Offload ,,(t+1) (t) |[p(t+1)] 4,(t)
: £ min B (y YL y W ): 37
(MEC) T wmeEy T o0
(t+1) _ t t+1 t+1
cache w; € wl"-;lél}}v B; (“w.:uw{ j=$( )1’9'{ j) (38)
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Joint 4C model for collaborative big data MEC

Proposed Algorithm

Algorithm 3. Distributed Optimization Control Algorithm
(BSUM-based) for 4C in big Data MEC

1: Input: T A vector of demands; B,,, P,,, and C,,: communi-
cation, computational and caching resources;

2: Output: z*, y*, w*, ¢: A vector of cache allocation, p: A vec-
tor of computation allocation, and R: A vector of communi-
cation resources allocation;

3: Each user device k € K chooses the offloading
decision z}";

4: If z}" = 1, user device k € K sends its demand T}, to BS

m € M;

For each T}, received at BS m € M, check RAT update;

Initialize t = 0,¢ > 0;

Find initial feasible points (z'")

N

), w);

8:
9:
10:

11:

12:
13:

14:
15:

16:

17:

repeat
Choose index set J;
Let :BEHI) € min Bj(:nj,
* IjEX

Setz|'!' =z ,Vk ¢ TJ;

GotoStep 4, find 3",
t=t+1;

5 _pgt+D)

until || Jﬁ
B.

09" w);
w!""" by solving (37) and (38);

| <e

Generate a binary solution of 2", 4™, w{"" and obtain

¢, p, and R by using roundmg techmque (39) and solving
Bj+£&A; ntegrality gap

Then calculate B, If B < 1, consider z* = :c(Hl}
and w* = wg Y as a solution; !

Update RAT, and send RAT update in collaboration space.

(t+1}

Ly = ygﬂlj

BSUM overview|[1]:

|
1, if 2 >0,
~ 1 0, otherwise.

(39)

glob

(a)

citation: 119)

(b)

[1]. Hong, Mingyi, et al. "A unified algorithmic framework for block-structured optimization involving big data: With
applications in machine learning and signal processing." IEEE Signal Processing Magazine 33.1 (2016): 57-77 (Google

Iy x; _[-:' T

(c)

N

NETWORKING

RAT: Resourge Allocation Table
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* For forming collaboration spaces, we use the Sitefinder dataset from
Edinburgh DataShare [1]

* We randomly select one MNQO, which has 12,777 BSs, through use of the
Overlapping K-mean Method for Collaboration Space (OKM-CS)
algorithm, where we group these BSs into 1,000 collaborations spaces

Performance Evaluation

* Among 1,000 collaboration spaces, we randomly select one

collaboration space, which has 12 BSs, and we associate each BS with 1
MEC server

1.  O. Boswarva et al., “Sitefinder mobile phone base station database,” Edinburgh DataShare , the University of Edinburgh, UK, Feb. 2017.
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Performance Evaluation

2.5
1.0 -;'7 _ r‘.g’.’,’p-ﬂ,-. ol i\ v mr st St o
0.8 : 20
=]
-
6 8 1.5
0. .
s 2 T
O ==
0.4 0
: c 1.0 i
0.2 —w==- Gauss-Southwell -
~«~+ Randomized 0.5 1
0.0 - Douglas-Rachford splitting
0.0 0.5 1.0 15 2.0 25 0.0
Computation throughput (MIPS) C'}rr; G-S Ran D-R-S
) BS.Ulvé:seIe(c::tloIfl rules: * BSUM and D-R-S algorithms enable to
. Gy;' Gyc 'c Southwell decompose our problem into small sub-
"o AUss .OU we problems, and address each sub-problem
* Ran: Randomized separatel
\ * D-R-S: Douglas Rachford splitting j \ P Y J

Anselme Ndikumana, Nguyen H. Tran, Tai Manh Ho, Zhu Han, Walid Saad, Dusit Niyato, Choong Seon Hong , "Joint Communication,
KYUNG HEpmMputation, Caching, and Control in Big Data Multi-access Edge Computing," IEEE Transactions on Mobile Computing, Vol.19, Issue 6, @
© S bp.1359-1374, Jun. 2020 | NeTworkiNG



Game Theory Approaches

 Introduction

 Use Case : Network Slicing: Dynamic Isolation Provisioning and
Energy Efficiency

7. )
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Introduction: History of Game Theory

* John von Neuman (1903-1957) co-authored, Theory of Games and Economic Behavior, with Oskar
Morgenstern in 1940s, establishing game theory as a field

* John Nash (1928- 2015 ) developed a key concept of game theory (Nash equilibrium) which initiated
many subsequent results and studies

* Since 1970s, game-theoretic methods have come to dominate microeconomic theory and other fields

‘Nobel prizes

* Nobel prize in Economic Sciences 1994 awarded to Nash, Harsanyi (Bayesian games) and Selten
(Subgame perfect equilibrium)

* 2005, Auman and Schelling got the Nobel prize for having enhanced our understanding of
cooperation and conflict through game theory

* 2007, Leonid Hurwicz, Eric Maskin and Roger Myerson won Nobel Prize for having laid the
foundations of mechanism design theory

John von Neumann John Forbes Nash, Jr.
(December 28,1903 — February 8,1957) (born June 13, 1928)
Winner of Nobel Prize in Economics (1994)

" "\\
?aqb, KYUNG HEE Han, Z., Niyato, D., Saad, W.,B a s,dr, & Hjgrungnes , A. (2011). Game Theory in Wireless and Communication Networks: Theory, Models, and @/
: UNIVERSITY Applications . Cambridge: Cambridge University Press. doi:10.1017/CB0O9780511895043 NETWORKING
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Introduction

( )

GameTheoryMathematical models and techniques developed in economics to
analyze interactive decision processes, predict the outcomes of interactions,
and identify optimal strategies .

* Game theory techniques were adopted to solve many protocol design issues
(e.g., resource allocation, power control, cooperation enforcement) in wireless
networks

* Various types of games
* Matching Game
* Stackelberg Games

vy v KYUNG HEE Han, Z,, Niyato, D., Saad, W.,B a s,& r & Hjgrungnes , A. (2011). Game Theory in Wireless and Communication Networks: Theory, Models, and \(N\
AP UNIVERSITY Applications . Cambridge: Cambridge University Press. doi:10.1017/CBO9780511895043  \ETWORKING
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Introduction: Matching Game: Gale-Shapley Algorithm

2012 Nobel Prize in Economic Scien¢Alvin E. Roth and_loyd S. Shapley

David Gale
ﬁ Geeta, Heiki, Irina, Fran

Adam
S
Irina, Fran, Heiki, Geeta ZJ@;.’ Carl > Adam

We reach a stable marriage! Geeta

Geeta, Fran, Heiki, Irina %

Heiki
. - o)
Irina, Heiki, Geeta, Fran i .
(LS David > Bob
‘ ‘ 7 \l
David Irina

1N
.\('7‘, KYUNG HEE Han, Z,, Niyato, D., Saad, W.,B a s,& r & Hjgrungnes , A. (2011). Game Theory in Wireless and Communication Networks: Theory, Models, and (&/
. UNTVERSTTY Applications . Cambridge: Cambridge University Press. doi:10.1017/CB0O9780511895043 NETWORKING
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'Introduction: Stackelberg Games

* Developed by German Economist Heinrich Von Stakelberg in 1934

* Hierarchy among the players exists

* The player that imposes its own strategy upon others is called the leader

* The other players who react to the leader's strategy are called followers

* It is a sequential game
* The follower has a single optimal response for every strategy of the leader

* Then the leader can perform the best response

. . S '
{ KYUNG HEE Han, Z., Niyato, D., Saad, W.,B a s,ar, &Hjgrungnes , A. (2011). Game Theory in Wireless and Communication Networks. Theory, Models, and (&/
. NIVERSTTY Applications . Cambridge: Cambridge University Press. doi:10.1017/CB0O9780511895043 NETWORKING
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Example: Buyer/Seller Game (Two Level)

e Buyer/Seller (Leader/Follower) Game

Sender (buyer) buying the services from the relays to improve its performance, such as the
transmission rate

Relays (sellers) selling service, such as power, by setting prices
Tradeoffs:

- Price too high, sender buying from others;

- price too low, profit low;

Example: Dynamic Pricing for Resource Allocation in Wireless Network Virtualization

$1000
Per Power

$800
Per Power

g B
.faqb, KYUNG HEE Han, Z,, Niyato, D., Saad, W.,B a s,& r & Hjgrungnes , A. (2011). Game Theory in Wireless and Communication Networks: Theory, Models, and (&/
"’ UNTVERSTTY Applications . Cambridge: Cambridge University Press. doi:10.1017/CB0O9780511895043 NETWORKING
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Use Case : Dynamic Pricing for Resource Allocation
in Wireless Network Virtualization: A Stackelberg

Game Approach

e System Model

* Problem Formulation

 Dual Based Resource Allocation
* Numerical Analysis
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S

ystem Model

InP
Sians C
IR
<__~______,..._.._,_.._._,_.______._...>
set Clof L
orthogonal sub-
channels Virtualization @ MVNO 1’s users

ﬁ. MVNO 2’s users

S5 KVUN TaiEManh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualizati
uma%?ac]f(elberg Game Approach"”, The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietnam __ ~

Formulate the resource allocation problem for the
wireless network virtualization as a hierarchical two
stage Stackelberg game with InP plays the leader
role and MVNOs act as followers.

h =
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System Model: Stackelberg Game

Two-stage |
/ Stackelberg Game \
: //;ll"llmu}\ﬁ".

required |

| AT
. Stage I: /p/npm}m

Revenue al share Elfl

maximization \ ij/
)
| u a Fﬂﬂ{\E\

Price BW sum-rate |

| f-Eilrr‘IEEl//

Stage II:
MOs Sum Rate

maximization, )

\ hcnstmmlmlzatmnj /

--'-'-F-

~,
"y

YUN

Ay K Tai Manh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network V|rtuaI|zat
umvaCSPacielberg Game Approach"”, The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietham
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Problem Formulation

* Stage ll: MVYNO model - Followers Game

achievable data rates normalized transmit power |arge-scale channel power gain
1& / f{m
Rrri...i.' = Com. k0 In (1 + i m & ) {],\} Z Rm.ﬁ' = Rru Ym € M. {2)
/ Cm. k%00 E—1 /4
amount of bandwidth background noise

pre-agreed bandwidth of slice allocated to MVNO m

Net Utility function of MVNO m
SUM Rate p/rice per unit of bandwidth charged by InP

I{,n / -Ir{rn
z’f‘:rn (cﬂhpm} — Z Rm..‘i: [ Pm y: Cm.k (3)
k=1 k=1
"\ Total Cost
PMVND . ll'lE:l_}E‘imiZ.E Z/fm (C’.rn ; pm} (4)

YUN )

£ « TaiEManh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualizatigii: A
uma%gac]f(elberg Game Approach"”, The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietham
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Problem Formulation

° . - } K.
Stage I: InP model - Leader Game em = SR o, Y
M /
Revenue function of the InP R(e, p) = Z CrnlPrm » (5)
m=1
Pmp : maximize R(c,p) (6)
P
subject to ¢, > p::ﬁf‘”Cj Ym, (7) minimum required BW for each MVNO
M
Z cm < C, (8) proportional share of BW among different MVNOs
m=1
KT?I
Z Ry < Ry, Vm, (9) service contract constraint.
k=1
0 < pm < M, Vm, (10)

XHE%%%?(elberg Game Approach", The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietnam %
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Problem Formulation

* Optimal solution for Stage |

wp + Pim

* — (=) .

Comn.k = Gm,.‘:e o 7, Vm.,k (13)
P'.rngm.k

where G, 1 = —mgml
ﬂ’f h"ﬂ’l +
! _(W[; 'Pm,}
PIHP : . E Pm E GT-;L?;;;E “0 (14)

m=1 k=1

Unit price Km wo+Pm .
S.L. Z G-m.,ﬁce_( “o ) > p::i-mcg vm (15)
k=1

M K, 1o
el ] T

Z ZG-m,ke_( “0 ) g O, (16)
m=1 k=1

KT?I +p

_ (%0 g —
ZGm,k(Wﬂ +p-m.)€ ( “0 ) < R, Vm,
k=1
(17)

0< Pm < pmax’ Vm, (18)

Tai Manh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualizatigh A
h =

AP\ 2/
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Problem Formulation: Convert to Lagrangian form

M
L(p?)\?lu’?y Z Lm pm 771“/’“ V"l) (19)

n=1

where \,,, i, and v, are Lagrange multipliers and

Km
“’()‘*‘P?n )
L'm. (pm.: /\ma 22 Vm = Pm E Gm k(’ oL
A’nz I m
)\ G “’()+Pn1 ) G ""()+P7n ) 20
E wQ — E @O .
+ ™m m., ]\() /‘l’ m, IL() ( ) Prlmal proble
k=1
7 B

_( wo+Pm )
— Um E Gm.,k(w() + pm)6 “o B (Smpm-
k=1

Optimal point

The dual problem is then given as

max. D(\, u,v)
sk X p =0,

Dual problem

(21)

Tai Manh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualization: A
Stackelberg Game Approach", The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietham @
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Problem Formulation: Convert to Lagrangian form

) K,, () +
wo+Pmn ;
AL = A(”—Hf)( Gpe™ ") —pinC | |

Lagrangia m
multiplier . k=1 (22)
M K, ot p® +
J(t+D) _ #(t:» + k(D (Z S Grpe T )|
m=1 k=1
(23)
i L»n-i—p{ﬂ _ !
y?[ri+l) _ ?(ri} + H(z} (Z G (wo +p“'))f: =0neme) R,
k=1
(24)
5 = [0 + w0 (b0 — ™). @)
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Dual Based Resource Allocation

Algorithm 1 Dual based Resource Allocation

I: input: € > 0

o dmitialize: ¢ = 0; pps AL p@un) > 0;
rc.f} , r;.ﬂ” : k) >0
3: repeat AD K ()
4: t+—t+1;
5: Update AL™Y | (D 8+ according to (22-24):
6: Update »Effl) according to (26); (1) _ | (worm + p®) = Ai)A® " 6
7: until |p£»,i+l — p%} <€ o (1— v D)A® — 50 |
8: Each MVNO calculates c;, , according to (13), and rounds

f::_j"”__l . according to (27);

o=l k=1 Kpyym=1,.., M, (27

S5 KVUN TaiEManh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualizatiggy /
uwva%?ac]f(elberg Game Approach", The International Conference on Information Networking (ICOIN 2017), Jan. 11-13, 2017, Da Nang, Vietham ¥
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Numerical Analysis

4 T T T T T
3_..
3
= 2
o
b [T®MVNO1 |
- - | —=—MVNO2
_ ; ; [—*—MVNO3
0 j j | | |
0 5 10 15 20 25 30

lteration

Fig. 3: Convergence of Algorithm 1

S5 KVUN Tai Manh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network V|rtuaI|zat
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Numerical Analysis

Power (Watt)

Revenue

6

4

Power (Watt)

Power (Watt)

Maximum price {pmax} Maximum price {pmax}

() € =50 (d) C = 100

Fig. 4: Revenue versus power (Watt) and maximum price (p™**) for different number of subchannels C.

Tai Manh Ho, Nguyen H. Tran, S.M Ahsan Kazmi, Choong Seon Hong, "Dynamic Pricing for Resource Allocation in Wireless Network Virtualizatighy:
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* The basic goal of an Al in 5G and beyond network is its ability to extract,
predict, and characterize specific patterns from datasets

Introduction: Al Based Approaches

* To unleash the true potential of 5G and beyond networks:

* Intelligent functions using Al across both the edge and core of the network are
required along with the novel enabling technologies

* Al functions must be able to:
* Adaptively exploit the wireless system resources
* Generated data to optimize network operation
* Guarantee the QoS in real time

* Such mobile edge and core intelligence can only be realized by integrating
fundamental notions of artificial intelligence (Al) across the wireless
infrastructure and end-user devices

$RY KYUNG HEE (N
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Introduction: How Close Are Operators To Zero-Touch Automation?

A
High ==
“Ad hoc”
- ) Procedural
c Reactive
E workflows
E Proactive
$ -
z -
c Predictive Policy driven
(s}
£ SLA driven Rule based
I i o
Al/ML assisted S Autonomous
( )
Al/ML enabled/driven (Zero '_I'ouch)
Low - : h
Low Degree of automation High
Source: Intel

FIGURE 19. Infrastructure automation maturity

AW '\ )
KYUNG HEE Source: 5G ORCHESTRATION AND AUTOMATION TOWARD ZERO-TOUCH SERVICE MANAGEMENT @
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Various Machine Learning Approaches

* Reinforcement Learning (i.e., Q- > Agent |
Le arnin g ) state reward action
s, | |R, ;o A
i_‘jtﬂ ( t
. ' _S.. | Environment ]4—
* Deep Learning i |
* Artificial Neural Networks (ANN) .
* Deep Reinforcement Learning (DRL) —*| Policy ——
o o Actor
(i.e., Deep Q-Learning)
* Actor-Critic Learning -
Critic error
state f—#= Valug action
FUFCHDH
/
reward

—( Environment }~

. '-\\
KYUNG HEE (N___,
) UNIVERSITY
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Actor-critic learning

v Actor: decides which action to take

v Critic: tells the actor how good its action was and how it should adjust

*
*,
= Policy ———
Y
Actor
N TD
Critic . error
Value
state p—i . i
Function action
i
/
reward

—( Environment }~

A
#5 D
KYUNG e ®
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Actor-critic learning

N
Actor
y TD
E“"c ; error
Value . . . . .
state (—#~ 00 action Actor: decides which action to take
‘7(St) /
reward
—-[ Environment }4 _
%
———» Policy ——
M
v Sfep 2. Actor
y TD
_Em’c , error
state p—# Frr?g‘il; n action
V(St) / ) )
Creward ) »Reward calculation based on action

—{ Environment }4

e 21, IN))
S N
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Actor-critic learning

AN

v’ Step 3: 7 PE’“‘{?

Critic

Learning rate

Current state Future reward Discount factor

Actor

St

state p—#=

7
Value
Function

i

V(st) /

reward

e

<)

LV (sy) « Visy) + a[rtil + AV (si41) — V(sy)]

____, Critic: tells the actor how good its action

~was and how it should adjust
action

TD error is +: Action was good
TD error is - : Action was not good

—-[ Environment }a

v Step 4:

Critic

P

Ay
Policy
N

N

~ Actor Policy Updates Based On

Aci

state E-%

y

Function
N Fi

7
Value

TD
error

" Feedback and Current State

> Value function update

<

KYUNG HEE v' Step 5: Repeat

(s
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)\/\_/

reward

Environment }~
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System Model

* This work studies the resource slicing problem in a dynamic multiplexing

scenario of two distinct 5G services, namely Ultra-Reliable Low Latency ———» .,
URLLC traffic / eMBB traffic
Communications (URLLC) and enhanced Mobile Broad Band (eMBB). N
* While eMBB services focus on high data rates, URLLC is very strict in terms of S N \\

latency and reliability.

G

l Smart
l C ] phone

y oy
Industry % e-Healthcare
() ()

automation o
Self-Driving car

UHD screens |

RB (360kHzx0.5ms) Transport Block
A

:  URLLCsTTI (mini-slot)

A

i \\
CB#1 CB#2 CB#3 CBH#4 CBH#H5 CB#6 CB#7
A A AL

NSRS

Frequency

We propose a system design in which eMBB traffic is

transmitted over long TTIs while URLLC traffic is

transmitted over short TTIs by puncturing the

ongoing eMBB transmissions.

¢ Transmitting the incoming URLLC traffic in the next
short TTl ensures its latency requirement.

eMBB user 3
eMBB user 4

Resource
element

URLLC transmission
~

12 subcarriers §15kHz=180kHz

RB
~
{180kHzx1ms) eMBB TTI (time slot)

Timel

RB: Resource Block, CB: Code Block, TTI: Transmission Time Interval

—— —— ;
OFDM'symbol o1\ ¢ Transport Block

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Problem Formulation

We aim at:

1. Maximizing the eMBB data rate, The data rate of eMBB traffic is captured by the
2. satisfying the URLLC reliability constraint, and Shannon’s capacity considering the impact of
3. reducing the impact of URLLC on eMBB transmissions. URLLC transmissions.

eMBB data rate based on Shannon capacity model

Puncturing variable Transmission power Channel gain

B OO
2
data rate of an eMBB user k over aRB b at time slott 75,(t) = [ (1 [ ) log, (1 + Lk ka )
M\ ’
Data rate of eMBB user k at time slot t Tli (75) = E kab(t)?"f;b(t)

b \ . .
B RBs allocation variable

Number on mini-slots

e alaer 6 EliRE usse Tal(t) = 1, 1if the RB b is allocated to user k£ at time t,
O : number of URLLC users 0, otherwise.
0: Number of RBs

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Problem Formulation

URLLC data rate based on finite block-length coding

U U
. Jo, (8) 2k Pt t
Data rate of URLLC user n at time slott 7, E E () log ( 1+ b )2”6( )
M X N o
kel beB

e N

fn Bandwidth of RB 6

zkp(t) Puncturing variable, for b € B, and k € K

M Number of mini-slots in an eMBB time slot

hep(t) URLLC channel gain, forn € A, and b € BB

Py (t) URLLC transmission power, forn € N, and b € B

o? Noise power
. J

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Objective Function

The objective function is formulated based on Markowitz mean-variance [1]

model to maximize the average eMBB data rate for a given level of risk.

K T

1
maximize Ey, | = ré(t
aximi ’; h[TZ{; (1)

=

— BVary |[ri (1) /(la)

Data rate of eMBB user k at time slot t

Weighting parameter

Data rate of URLLC :
user n at time slot t > IRLLC pagketsize  maximu allowed
subject to  Pr|[)»(r, (1)< @L(r)] <| " outage probability (1b) URLLC reliability constraint

T
Total number of URLLC packets at a time slot t

M=

n=1
B
Zpkb(t) < Pmax:\

1 b=1

R‘
Il

Maximum

Transmission power to
eMBB user Qover RB ~
at time slot 0

k=1

pip(t) >0, Vk e K, b e B,
/xkb(t) €{0,1}, VkeK, be B,

RBs allocation variable/ zp (1) € {0,1,..., M}, Yk e K, b e B,

URLLC Puncturing
variable

(1c)

Zxkb(t) <1, YVbe®B, transmission power (1d)

: number of eMBB users
: number of URLLC users
: Number of RBs

: number of mini-slots
Var: variance

h: Channel Gain

0
5
5
5

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
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Proposed Solution Approach

We propose a two-phase-framework, including:

. RBs and transmission power are
1. eMBB resource allocation phase. ‘ allocated to eMBB users by
applying relaxation-decomposition
based optimization techniques.

_ we propose a DRL-based algorithm to schedule
2. URLLC scheduling phase. ‘ the URLLC transmissions over the ongoing eMBB
transmissions.

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Proposed Solution Approach :eMBB Resource Allocation Phase

1.

eMBB Resource Allocation Phase :
We propose a Decomposition and
Relaxation based Resource Allocation

(DRRA) algorithm.

The proposed DRRA algorithm decomposes
the optimization problem into three
subproblems: 1) eMBB RBs allocation, 2)
eMBB power allocation, and 3) URLLC
scheduling.

We replace the integer variable in the URLC
scheduling problem, i.e., the number of
punctured mini-slots, by a continuous
weighting variable for each RB.

Later, we calculate the number of
punctured mini-slots from each RB by
modeling it as a binomial distribution with
parameters puncturing weight and number
of mini-slots in each time slot.

Algorithm 1 : DRRA Algorithm for the eMBB/URLLC
coexistence Problem

Decomposition === 2
Relaxation === 3:

Initialization: Set ¢ = 0, €1.69.¢63 > 0, and find nitial
feasible solutions (x(®), p(®), w(®));

Decompose P into P1, P2, and P3;

Relax P1 and P3 to a concave problems;

4;
eMBB puncturing ’
weight T

T

Solving the relaxed

repeat
Compute ;E(f'“) from (15), (14) at given P, und_zi;
mpute p(“F from (17) at given iUTY and 2t
Compute w ™Y from (23) at given 21, and pli+h);

i =1+ 1;

funtil || 20D — 2t || < e, and || pUFY —pl || < e

and || w(Y —w! || <eg;

subproblems 10:
iteratively

11:

12:

Compute z* from (14) based on (*+1);
Set p* = pUtY) and z* = M x w1,
Then, set (m*.p*. z*) as the desired solution.

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651




Proposed Solution Approach: URLLC Resource Scheduling Phase

2. URLLC Resource Scheduling Phase:

* The URLLC scheduling obtained by the DRRA algorithm may violate the URLLC reliability constraint at the
worst-case conditions due to the relaxation applied to the probability constraint.

* In practice, URLLC traffic is random and sporadic; thus, it is necessary to dynamically and intelligently
allocate resources to the URLLC traffic by interacting with the environment.

* We propose a DRL-based algorithm to tackle the dynamic resource allocation problem for the dynamically
changing URLLC traffic.

 To handle the slow convergence issue of the DRL, we propose a policy gradient based actor-critic
learning (PGACL) algorithm that can learn policies by combining the policy learning and value learning
with a good convergence rate.

* Moreover, at the initial start, we leverage the URLLC scheduling results obtained by the DRRA
algorithm in the eMBB resource allocation phase to train the PGACL algorithm and improve its
convergence time.

 Hence, combining the advantages of the DRRA and PGACL algorithms (DRRA-PGACL) provides a
reliable and efficient resource allocation approach.

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
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Proposed Solution Approach: URLLC Resource Scheduling Phase

State space Channel gain
w/ Number of URLLC packets

s(t) = {w;e(t),h” (t), L(i

Prb(t) hicp (1)
Data rate of eMBB user k without puncturing RBs for URLLC traffic: 7k ( Z Ty (t) [y 10g, (1 + 52 ; (24)
beB
Action space | O URLCC data rate

a(t) = {Zab( ), Vk ek, be B} which is a B x M puncturing matrix. | ¢y 0 : action at time slot O

[ O:state attimeslot O
"Q0 : the objective function of (1)

Reward
Considering the requirements of eMBB and URLLC services, we formulate the reward
function as: Packet size
N /
Rla().s(t)) = g(6) + 9(E| ) ri() , (4)
f n=1
o(t + 1) = max {¢(t) + €(t) — €%, 0}
T véstlmated outage probability URLLC packets

time-varying weight that ensures the URLLC reliability over
time slots where the network states change dynamically

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Proposed Solution Approach: URLLC Resource Scheduling Phase [ I

Actor part
 The actor updates the policies based on the policy gradient method

policy mg(s,a) = P-;‘(&|5,9,L

parameter vector { Environment |
(Wireless network)
S
9(/: +1)=0(t)+p VH*LQB) Y .
q\ Network objective reward value 5 2
parameter vector update Learningrate g | =
- I 2SR
Critic part et oo G
* The objective of the critic part is to evaluate the policy that the learning algorithm searches. \<——((5——/
~ @) -
~ ~
Value function of the agent V(s,a) = v’ p(s,a) = Zuic,ai(s, a), (33) Agent (gNE)

1eS

s ¥ f|=|= denotes the basis function vector (i.e., linear combination), o f|=|= is a weight parameter vector.
* The weights parameter vector is updated by the gradient descent method.

Temporal-Difference §(t) = R(t+1)+V (s(t+1),a(t+1)) -V (s(t),a(t)). (34)
discount factor (0~1)

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Proposed Solution Approach: URLLC Resource Scheduling Phase [T

e The gNB allocates resources to eMBB users

: : x(t), p(t) a(t)
based on t.he optimal results .ob'Falned .t?y the . > Cellular system) R ™
DRRA algorithm and forwards it, in addition to
the current network information (channel gain of — fort storing traning|data
each user), to the PGACL algorithm. informa{ion ’/_
e The experience pool of the proposed PGACL State space
algorithm is initialized according to the current W reducer
optimal solution obtained by the DRRA algorithm. { x{t), o) \L@—'; ! ::E
, _ 2(t) PGACL x>
* Then, the PGACL algorithm selects an action algorithm
according to the current policy.
g policy L C )
URLLC scheduling phase
* Next, the PGACL algorithm executes the selected Figure 4: Block diagram of the proposed DRRA-PGACL
action, observes the immediate reward 'Y O and N. .
o , x(0):RBs allocation
next statel O p , and stores the experience tuple . —
OO ORY O R ¢ i th _ | p(0):URLLC transmission power
L ofwonYy ol 0 p inthe experience pool. | & ¢ . 5ction at time slot © WO — A0
. _ _ _ [ O :state at time slot O i 0 — 160OHTON o
 The actot-critic network is trained by sampling | . . | : . 2 R0)
dom tubles f th , | Q O : Puncturing variable
random tuples from the experience pool. Y O : Reward at time slot t

Madyan Alsenwi, Nguyen H. Tran, Mehdi Bennis, Shashi Raj Pandey, Anupam Kumar Bairagi, Choong Seon Hong, “Intelligent Resource Slicing
for eMBB and URLLC Coexistence in 5G and Beyond: A Deep Reinforcement Learning Based Approach,” https://arxiv.org/abs/2003.07651



Simulation Results

i. Performance analysis of the DRRA algorithm
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Figure 5: Average per user eMBB rate for different values of S.
Figure 6: The Jain’s fairness among eMBB
users for different values of 3.

Sum-Rate: Puncturing strategy is adopted to maximize the average
sum-rate of eMBB users.
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Simulation Results
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ii. Convergence analysis of the PGACL algorithm and URLLC reliability analysis.
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Figure 8: Convergence of reward value Figure 9: The convergence of the Figure 10: CCDF of the URLLC outage
over time slots for the proposed pre- outage probability and URLLC weight probability obtained from the PGACL and
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trained PGACL algorithm and the case with | T3 C DRRA algorithms.

of start learning with a random data.

OP : outage probality
CCDF : the complementary cumulative distribution function
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Simulation Results

iii. eMBB performance analysis.
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LMCS [1]: URLLC traffic is scheduled by dropping eMBB users with lowest modulation coding scheme (MCS).

MAT [2]: One-sided matching game is used to take-over the eMBB users resources for supporting URLLC traffic.
Sum-Log: Wireless resources are allocated so as to maximize the sum-log of eMBB users data rate, i.e., proportional fair
allocation.
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* Deep Neural Networks are envisioned to fill this gap and serve as key
predicting enabler to support the 5G networks

Conclusion

* Network Management coupled with Al will be defining the future of
wireless networks

(Chqllenges

* Al-Enhanced Optimization in More Complex Admission Control Scenario

* Cooperative Game with Distributed Learning
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