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Introduction
[ 1o}

Al for Wireless:

» Data-driven, model-free Al for wireless can learn sophisticated strategies
to enhance the network performance by processing limited previous data.

» The industry is very interested in Al based wireless resource management.
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Introduction
oe

Progress:

>
Multi-Agent Deep Reinforcement Learning for Dynamic Power Allocation
in Wireless Networks (IEEE JSAC 2019)
>
Deep Actor-Critic Learning for Distributed Power Control in Wireless
Mobile Networks (Asilomar 2020)
>
Deep Reinforcement Learning for Joint Spectrum and Power Allocation in
Cellular Networks (submitted to Globecom 2021)
>
Traffic-driven Radio Resource Management via Deep Reinforcement
Learning (to be submitted)
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Radio Resource Management Problem
000000000

System Model:

v

N links, K cells, SISO, M subbands.
K={1,....,K}, N={1,...,N},and M ={1,..., M}

If link n's user is inside cell k, its associated base station b,, € IC is at the
center of cell k.

vy

Base station b,, transmits to user n over m in time slot ¢ with psf)m > 0.

vy

The power constraint restricts the total transmit power on subband m:

> Y, < P, Yk, Y.
neN:b, =k
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Radio Resource Management Problem
0@0000000

Link Model:

> géi)_m)m: direct channel gain.
> géjgn’m: interfering channel gain.

» Spectral efficiency:

g(t) p(t)
c, ( “) log | 1+ - SOR nm(>
1 t ’
JeN g#n Ib,—nmPim + O
T
where psn) = |:p§t?m7pét2n7 .. 7p§\tf?m:| :
»

e =Y ol (sl)).

meM
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Radio Resource Management Problem
[o]e] le]ele]e]e]e]

Traffic Model:

Each link has a queue.

N,(f) is link n's queue length in bits at the beginning of time slot .
W . total bandwidth.

T : time slot duration.

Agf) : newly arrived packets.

vVvyvyVvyVvyy

N = max (N{D = CE-DWT,0) + AV L,
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Radio Resource Management Problem
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Channel Variations:
The downlink channel gain:

glgi)—WL,m = 5bn~>n R}()t)

2
n—)n,m’ )

t=1,2,...,

where

e By, —n > 0is the that includes path loss and

log-normal shadowing. It is same across all subbands.
° Rl(li)*”l m 1 the . It is is frequency selective and

modeled by

—1 /
Rl(ii)ﬁn,m = pRl()ZHZL,m + 1- p2el()i)~>n,m’

where p = Jo(27 f,T), R\ ~ CN(0,1), and eéi)ﬁnym,egi)ﬁn,m, .

. .. bn*)n’m . . . .
consists of i.i.d. CSCG random variables with unit variance.
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Radio Resource Management Problem
0000e0000

The Fundamental Problem:

(B gz Qs
quege 1 quee 2 aueue 3 » A control policy that maps traffic & channel

j conditions to physical layer allocations.
(A? ((( ))) » The long-term utility of user n, U, should

reflect the average packet delay.

_ base station 1 _ base station 2 . .
control polc ~ceatrol policy anrolpolicy B> The fundamental problem becomes finding an
(t) (*) . . ..
Py - Pou optimal control policy that maximizes
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Radio Resource Management Problem
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The Fundamental Problem and Reinforcement Learning

» Model-free reinforcement learning learns
directly from trial-and-error-interactions:

. (50,0, 1D 50+D)
cPwr

A(Hl)*IN H I_'

(t) ()

! quete 1 —weprioriyali—] R » The policy w(als) denotes the probability of
© |control i taking action a conditioned on the current
A &,H © | policy i1 state being s. The Q-function:

]
1 queue N —user priority aff =

Q" (s,a) =E, [R(t)’s(t) =s,a) = a]

channel conditons

link N’s channell, "~ """~

cOwr

where R() = 37°° A7r(t+7+1) and 4 € (0, 1].

» For radio resource management, r(**1) can be
thought as — Zne/\/ N,(Ltﬂ).
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Radio Resource Management Problem
000000e00

Deep Q-learning algorithm

» indirectly optimize agent performance by learning a value function.

» Use a deep Q-network (DQN) parameterized by 1 to represent the
Q-function values g(-, ;%)

» It is an off-policy learning that stores experiences in a memory D.
» 1) is updated using a stochastic gradient descent algorithm by

V"’Ttlﬂ S s - qlsaw)’,
(

s,a,r’,s")EB

where the target is y(r’,s") = r’ + ymaxy q (s, a’; Prarget) -
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Radio Resource Management Problem
000000080

Conventional Divide—and—Conquer Sqution

» Non-negative user weights (priorities), an ,Vn € N, are used to separate
the network layer problem and the physical layer problem:

maxunlze Za(t) Z C’,(f)m (pﬁfl))

meM
subject to p(t) >0,Vne N, me M,

S ) < Puax, V€ K, m e M.
JEN
> Recall [Tse and Viswanath '05]:
ot 16,

where O = 8- + (1= B)CY™ with 8 € (0,1].
This scheme maximizes:
Z log C',(f).

neN
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Radio Resource Management Problem
00000000e

Existing Solutions:

> Weighted MMSE (WMMSE) [Shi, Razaviyayn, Luo, and He '11]

» Fractional programming (FP) [Shen and Yu '18]

> when

a mathematically tractable accurate system model is available;

full channel state information (CSI) is available;

iterations converge instantly (for time-varying channels);

no network backhaul latency (for time-varying channels).

> [Sun, Chen, Shi, Hong, Fu, and

Sidiropoulos '17] proposed a centralized supervised learning scheme;

> Trains a faster deep neural network (DNN) to approximate WMMSE;
> Achieves 90% or higher of the sum-rate achieved by WMMSE.

vVVYyYVYYy
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Literature on reinforcement learning for power control:

» [Bennis and Niyato '10] and [Simsek, Czylwik, Galindo-Serrano, and
Giupponi '11] used to reduce the interference in
LTE-Femtocells.

» [Amiri, Mehrpouyan, Fridman, Mallik, Nallanathan, and Matolak '18]
have used to increase QoS of users in femtocells
without considering channel variations.

» [Xu, Wang, Tang, Wang, and Gursoy '17] proposed

approach.
> [Calabrese, Wang, Ghadimi, Peters, and Soldati '17] proposed a similar
framework to us by using . No
channel variations.

» [Liang, Ye, and Li '19] applied to minimize V2V links’

interference to V2I links, channel variations are simulated by
similar to us.

Y. S. Nasir
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Multi-Agent DRL based Solution
0@000000000000

Our main contributions:

» Time varying traffic and channel conditions;

» Practicality constraints on measurements;

» Assume information exchange only between nearby links (delays);
» Distributively executed resource allocation;

> The agents collaboratively maximize a quality of
service (QoS) objective over their local environment, that can be
e the average packet delay, or
e the sum rate, or
e a proportionally fair throughput, or
e anything else specified by the network layer.

Y. S. Nasir
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Multi-Agent DRL based Solution
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Distributed Execution

» Centralized vs Distributed Execution:

A centralized single learning agent that outputs joint actions by observing
the complete environment state.

Multiple learning agents that output their own action by observing local
environment.

» The environment transition is as other agents in the
system update their policies/behaviors simultaneously. Multi-agent
learning schemes have good empirical performance, but no theoretical
guarantee.

» A global DQN is trained by the experiences of all agents.

» Training is centralized to ease implementation and to improve stability.

Y. S. Nasir
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Preliminaries: Local Information & Aggregates

» Neighborhood set of n, O,,, is the set of ¢
receivers with largest By, ;.

» The aggregated interference at user n on
subband m in time slot ¢t — 1:

o e o o
- y (t 1) — (t=1) (t 1) 2
C,(fj,,,l))m;M (C};l)) “ gb —n,mPjim +o”.
gD ) base < interfered JEN j#n
user \7on ) o agfoo s By, i
@ ) station e neighbor
" g’(’f;”‘ ng B (9000 ico, » The aggregated interference at the end of
- (t-1) . . .
C"U s CER time slot t — 1 with updated channel gains
F . . .
(Cn) s but with power allocation during ¢ — 1:
e— -
(t) - ( 1) 2
- gb —n,m j m +o”.
JEN j#n

Y. S. Nasir

Deep Reinforcement Learning Based Resource Allocation in Wireless Networks



Multi-Agent DRL based Solution
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Proposed Distributed Execution Framework

<( )) P~ auction power to users s. t

local observations———— Q — Y, »P()M] translate= 3 pim,VYm € M

base station b; user n o

neighbor observat\ons

<(( ))) of and user n’s channel measurements
(t)
Sn

Vi € Oy, include a ) and user i’s delayed

base station b, = channel measurements on all subbands
1

b,’s other users

JEN,,j#n

and user j’s channel measurements

ol

Vi € Oj, include a?) and user i’s delayed

B )

channel measurements on all subbands
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Multi-Agent DRL based Solution

0O0000®00000000

Local State Set Design and The Policy

o () altsv) |

euser n’s priority al
priority ay,
SR ghennel o-a (aal2sv)

eneighbor i's priority o'’

(" eneighbor i’s delayed
channel measurements

vico (sf,“,a[i];¢) +al) = argmax, q(sn .6 w)

translate

(®)
[pn.l""'pn w]

(.)'—41(% sa [Nyl )

» Local state of agent n, sg), is composed of:

1. priority of user n, a!’;

2. most-recent channel measurements of user n;
3. priorities and delayed channel measurements of all neighbors € O,,

Deep Reinforcement Learnin sed Resource Allocation in Wireless Networ



Multi-Agent DRL based Solution
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Local State / priority of user n

> aﬁf) has two entries:

1. total number of packets waiting in link n's queue;
2. the rate estimate of link n for time slot ¢,

A = ,
S €T
> Oé%t) — 1/ _'r(ztil)

Y. S. Nasir
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Multi-Agent DRL based Solution
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Local State / most-recent channel measurements of user n

» M feature subgroups corresponding to M subbands.
» For subband m, reserve 6 entries:
o CiLY;

(t—1).
® Dn,m ",
e last two measurements of the direct channel gains, géi)%nym and g,gijihm;
e last two aggregated interference measurements, E,Qtln and Cff,:nl).

Y. S. Nasir
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Multi-Agent DRL based Solution
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Local State / priorities and delayed CSI of neighbors

» For each neighbor i € O,,:
).

e neighbor i's priority: o ’;
e neighbor 4's significance 5, _i;
e for subband m, 3 entries for neighbor i's delayed channel measurements:
(t=1),
LG
2. link 4's direct channel gain, géf;li%m,
3. most-recent aggregated interference measurement of user i that is
available at base station b, C(t_l).

i,m
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Multi-Agent DRL based Solution
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Action Set

> Allowed actions on subband m:

1
Pmax [Am|—2
Am: OaPminaPmin(P_ ) 7~-~7Pmax 5

where P, is the minimum positive transmit power level.

» The action space of agent n:

A=A x - x Ay

Y. S. Nasir
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Multi-Agent DRL based Solution
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Reward function / Local Objective

» We enable collaboration by including signal from neighbors to agent’s
reward,

D e = 0+ 3 70

local objective,n
€0,

where 7r,(f) is agent n's direct contribution.

» For the traffic-aware scheduling, let:

n

7 = — max (N,(f) —CcOWT, 0) .

P Alternatively, to maximize weighted sum-rate, let:

0 — o).

Y. S. Nasir
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Multi-Agent DRL based Solution
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Reward function / Externalities

» Ideally, we would use a reward function with externalities

(t+1) _ (¢ (t)
Texternalitiesn — ﬂ-T(l) - Z T i
€Oy,
where wfltl”- is the externality from link n to neighbor .

» The externality computation would require individual interfering channel
gains from base station b,, to neighbor i, i.e., gb i Vi € Op.

» For example, for weighted sum-rate maximization,in time slot ¢
a® (t) t) (t)
Tnoi = @ (Ci\n -G ) )

where C,(tzl is the spectral efficiency of neighbor ¢ without the

(%) (t)

i,m bp—i, mPn,m

" TR
interference from link n: C’l\n = log |1+ W—"’ .
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Multi-Agent DRL based Solution
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Episodic Training Scheme with Varying Traffic Load

>

>

Y. S. Nasir

Goal is to train a single policy to handle various traffic load conditions in
the execution stage without further adjustment on the policy.
The proposed episodic training scheme is composed of multiple

consecutive episodes with each episode having a random wireless network
initialization and an average arrival rate (traffic load) Aayg.

Inside each episode, training is structured as a series of interactions
between two algorithms namely “Distributed exection” and “Centralized
Training”. These interactions occur on a time scale of 1 time slot.

Training samples a mini-batch from global memory D, and
experience-replay memory D of current episode.

At the end of each time slot, training checks for the queue stability.

If queues remain stable for T}, time slots, training moves to next
episode. If resulting average delay is converged, Aay, is increased by Ajye.

Deep Reinforcement Learning Based Resource Allocation in Wireless Networks



Multi-Agent DRL based Solution
0000000000000 e

Centralized training and
distributed execution framework:

Centralized training (¢, Ybroadcast; Pg, D):
Sample B from the experiences in D, and D.
Update 7 using a gradient descent step.
L ] If it has been T, since last policy broadcast,
v vvﬁ[m;‘es(u(#,s’)—q(s,n;w)fM!’Jﬁ X update ¥proadeast By ¥ to update wagem.

G DQN/ OUtpuu Updated W 1ﬁloroadcaustv ’(/}agent-

LA

mini-batch B r’ gradient descent

o
set Yorondeast tOY [ — — — — — — — — — — — — — — — — — — — — — — — —
87D, ot ] and local observations once per T, time slots .
( ) TS Parameters: e-greedy algorithm's .
backhaul delay y

updatelfu; iRl 2: Distributed exec. (9agent) at time slot ¢:
(‘("')*“g’)li“d‘ml""“m‘“"“ ddayed imformation 3: fOr agent n=1,2,..., N do

Policy w £ N
. -om neighbors . (t )
o - e Agent n observes its current local state s”;
8 maxq (5,0 Yygent “ t t
aagel(ltn’sD(s‘i\I) el 5. sets all) = arg maxaq(sgl)7 @; Yagent)-
ks i i t
i) demstids 6 If ¢ mod N =n — 1, set a'f to a random
action with a probability of e.
: (t) (t)
\irelos nobwork environimen 7. Translate action to [p,, 7, ..., p, )7, after
auction at base station b,,.

8: end for

VY c N.
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Full-buffer Simulations

[ Jo]ele]e]ele)

Simulation Setup

1000 “‘ maximum transmit power Py .y
500 total bandwidth
““ < slot duration T'
“‘ traffic pattern
path loss (in dB)
e shadowing standard deviation
X axis position (meters) AWGN power

g
g
£

38 dBm
10 MHz
20 ms
full-buffer
120.9 + 37.6log,,(d)
8 dB
-114 dBm

» 3 hidden layers of 200, 100, and 50 neurons, respectively;

> Fully connected; the activation function is tanh();
P> Limited to 5 neighbors;
> Limited to 10 discrete power levels.

Y. S. Nasir
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Full-buffer Simulations
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DQN training

» The trainer broadcasts the new parameters once every 100 slots; these
parameters are available at the agents after 50 slots; minimum required
downlink/uplink capacity for all backhaul links is about 1 Mbps.

» D stores 1,000 most recent experiences from each link;

» Use RMSProp to train with a random mini-batch of 256 experiences.

>
1. Matched DQN — train and test on same deployment.
2. Unmatched DQN - trained for a different network (different device
locations and fading)
>

WMMSE (genie-aided with full instantaneous CSI)
FP (genie-aided with full instantaneous CSI)
centralized (FP with delayed full CSI)

full-power (or max-power) allocation.

e

Y. S. Nasir
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Full-buffer Simulations
[e]o] le]e]ele)

Sum-rate maximization: scalability
1 user per cell, M=1 subband, R = 500 m, f; = 10 Hz.
(cross-link CSl is available to the DQN.)

average sum-rate in bps/Hz per link
DQN benchmark power allocations
N (links)  matched unmatched WMMSE  FP  central full-power
19 2.78 2.50 2.66 2.58 2.44 1.37
50 2.28 1.99 2.17 2.13 2.00 1.02
100 1.92 1.68 1.90 1.88 1.74 0.89

» Each link determines its action within 0.3 ms.
> A single batch takes up to 17 ms (without GPU).

» FP requires about 15 ms to converge for n = 19 links, but with n = 100
links this becomes 35 ms.

» WMMSE converges slightly slower than the FP algorithm.

Y. S. Nasir
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Full-buffer Simulations

[e]o]e] le]ele)

cross-link CSl vs aggregates
N = 20 links, K = 10 cells, M=1 subband, R = 500 m, f; = 10 Hz.

~
n

N

>

I3

o
NN
NS

n
N
3

®

WMMSE with 1-slot delay

WMMSE with 1-slot delay

+++ random

o

random

o

— .- full-power — = full-power

sum log average rate (In(bps))

—.- policy/state uses cross-link gains/ externalities
-+ policy/state uses aggregates/externalities
—— policy/state uses aggregates/local objective

S
<

:f

3

%
|

= policy/state uses cross-link gains/externalities
- policy/state uses aggregates/externalities

el iy ot uses sesregatesloelabjctive

e
n

average spectral efficiency (bps/Hz) per link

12
0 2000 4000 6000 8000 10000 0 2500 5000 7500 10000 12500 15000 17500 20000
training iterations training iterations

(left) sum-rate maximization; (right) proportionally fair scheduling.

Average sum-rate performance in bps/Hz per link. without aggregates.
(cells,links) DQN trained for (10,20) WMMSE| FP |FP w delaylrandom| full |

(10,20) [2.59; 2.61 |2.45 2.37 0.93 0.91

(20,60) [1.58; 1.68 |1.59] 1.50 0.37 0.35
(20,100) [1.14; 1.23 |1.15 1.09 0.18 0.17
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Full-buffer Simulations

[e]o]ee] lele)

Extension # 1 / Mobile Users & Continuous Action Space

» Replace deep Q-learning by a deep actor-critic learning algorithm called
for continuous action space.

» Haas mobility model: travel between training episodes.

o
€ 1.00
0.95 o
£ 090
‘£ 0.85
1000 3 0.80 WMMSE w perfect CSI
@ 0.75 P
§ oo % 0.70 ——~ FP w perfect CSI
H £ 0.65 —+— pre-trained policy w mobility
§ 0 a ggg -=x-- pre-trained policy w/o mobility
g E 0.50 —-= FP w 1-slot delayed CSI
% -s00 = 0454 f s random power
b EUAO full power
-1000 5 0.35 1 et R
c
0 1 2 3 4 5 6 7 8 9 10
1000 -500 0 500 1000 1500 2000 training episodes

x axis position (meters)

» Policy better experiences various device positions and interference
conditions with mobility, so the performance consistently increases.

sed Resource Allocati eless Networks



Full-buffer Simulations
[e]o]e]e]e] o)

Extension # 2 / Subband Selection & Power Control.

» A link can be active on a single subband at a time with pgtgn < Phax-
» [Tan, Zhang, and Liang '19] proposed an FP based solution for joint
subband selection and power allocation.

» Joint DRL scheme's action set is the Cartesian product of available
subbands and quantized transmit power levels.

» The computational complexity of FP and the action set complexity of
joint DRL do not scale well for a large number of subbands.

» We propose a two-layer learning scheme, where

> the top layer does discrete subband scheduling by deep Q-learning,
» the bottom layer is responsible for continuous power allocation at the
physical layer by DDPG

Y. S. Nasir
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Full-buffer Simulations

000000

Extension # 2 / Simulation

~ w IS «

average spectral efficiency (bps/Hz) per link
-

Deep Reinforcement Learning

—— proposed
joint learning
- ideal FP
—-- delayed FP
random

average spectral efficiency (bps/Hz) per link

0 2500 5000 7500 10000 12500 15000 17500 20000
training iterations

M = 4 subbands, (K, N) = (5,20).

Allocation in Wireless Networks

results / Training convergence

o

«

N

w

2 H —— proposed
1 joint learning
ideal FP
1 —-~ delayed FP
random

0 2500 5000 7500 10000 12500 15000 17500 20000
training iterations

M = 10 subbands, (K, N) = (10, 50).



Traffic Simulations
0000

Benchmarks:
>
1. : WMMSE (centralized and genie-aided with full instantaneous CSI)
with user priorities adjusted to achieve proportional fairness.
2. : WMMSE that enhances pfs' user priority

assignment by also setting user priority to zero if user's queue is empty.

Y. S. Nasir
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Traffic Simulations
[o] lele)

Testing the policy along the episodic training. M = 1.

0.35 T T
pfs

-0 pfs w traffic info

== policy after episode 0
== policy after episode 1
== policy after episode 5
——
——

t

0.30 A

0.25 A

policy after episode 10
policy after episode 20
policy after episode 40

0.20 A

average packet delay (seconds)

0.15 4 policy after episode 50

0.10 A

0.05 i
e — /,\/A/A

0.00 T T T T T T T T T
5 10 15 20 25 30 35 40 45

average traffic load per link (packets/second)

Policy is trained on N = 5 users on K =5 cells, and tested on a larger
deployment with N = 20 users on K = 20 cells.

Y. S. Nasir
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Traffic Simulations

[ee] o)

Testing the policy on multiple subbands and seeds.

0.35
0.30 J

policy / 1 subband 0.30
pfs / 2 subbands
pfs w traffic info / 2 subbands
policy / 2 subbands
0.20 pfs / 4 subbands
pfs w traffic info / 4 subbands
0.15 policy / 4 subbands )
0.10 / g
0.05 X
0.00 —— proportional fair

T
pfs / 1 subband
pfs w traffic info / 1 subband

=3
N
o

FHetttt]

average packet delay (seconds)

=3
=)

average packet delay (seconds)
o
&

o
=3
&

0 10 20 30 40 50 60 70 proportional fair w traffic info
average traffic load per link (packets/second) i
proposed policy

o
=)
<3

Test a converged policy on a 10 2 30 40 50
. average traffic load per link (packets/second)
(N = 20 users, K = 10 cells) scenario
for total number of subbands
M e {1,2,4}.

Testing a pre-trained policy on 10
different testing seeds. N = 20 links,
K =10 cells, M = 2 subbands.
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Traffic Simulations
[e]e]e] )

CDF of all packet delays (N, K, M) = (20, 10, 2).

proportional fair with traffic info proposed policy
1.0 1.0 e
> > ~
é 0.8 -g o8
s s
2 07 avg traffic load _%’ 06 i avg traffic load
g —— 5 packets/second g s —— 5 packets/second
E s 10 packets/second E i 10 packets/second
3 20 packets/second 304 | 20 packets/second
8Sos i —-= 25 packets/second 8 | —-= 25 packets/second
5 i 30 packets/second 5 - 30 packets/second
Eoa —-— 40 packets/second Eo02 —-~ 40 packets/second
50 packets/second 50 packets/second
0.3
0 10 20 30 40 50 0 10 20 30 40 50
delay per packet (time slots) delay per packet (time slots)
proportional fair with traffic info. proposed policy.

A \ESS

Deep Reinforcement Learning Based Resource Allocation in Wireless Networks



Conclusion
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Summary

» A new distributed dynamic spectrum and power allocation algorithm
based on deep reinforcement learning.

» The policy successfully maps traffic and channel states to physical
resource allocations.

» User priorities connect physical layer resource management with network
layer. Policy can achieve any traffic related network objective with a
suitably designed reward function.

» Policy works well with delayed CSI and mismatched parameters.

v

No need to produce a large amount of training data.

» In certain scenarios, the performance exceeds that of state-of-the-art
algorithms WMMSE and FP. The distributed solution scales well.
» Available repositories:

e https://github.com/sinannasir/Power-Control-asilomar
e https://github.com/sinannasir/Spectrum-Power-Allocation

Y. S. Nasir
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https://github.com/sinannasir/Power-Control-asilomar
https://github.com/sinannasir/Spectrum-Power-Allocation

Conclusion
(] J

Future work on additional features:

° The challenge is
the additional state-action complexity. Solution may involve a more
sample-efficient DRL algorithm and a better neural network architecture
or compressed parameters to reduce the complexity.

° The distributed execution scheme needs to be modified.
If user associations are not pre-determined, the agents should work above
the base stations.

» Thank you for your time, questions?

Y. S. Nasir
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Deep Q-learning algorithm

» Use a deep Q-network (DQN) parameterized by 1 to represent the
Q-function values g(-, ;%)
» The optimal Q-function satisfies:

QW* (57 (1) = R(S, a) + Yy Z Pgs’ maXg’ QW* (5/, a/)7
s'eS
where R(s,a) =E [r(tﬂ)’s(t) _ s,a(t) _ a].

» It is an off-policy learning that stores experiences in a memory D.
» For training, the mean-squared Bellman loss is defined as

L (%, D) = E(oqm.0~p | (0, 8) — a (s,0:9))°]

where the target is y(1', ") = 7' + ymax, ¢ (8, @'; Yrarget) -
» 1) is updated using a stochastic gradient descent algorithm by

1 A, . 2
V¢|B|(M;;)e;y(r,s>—q<s,a,w>> :

where the targ
Y. S. Nasir
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Local Information and Neighborhood Set
» [nterferer set L(Lt): transmitters that cause interference at receiver n;

Iff) = {2 eN,i#n gft_;})pgt_l) > 7702} .

» [nterfered set: Og): links that suffer from transmitter n.

o = {k eEN,k# n’gff;,lc)pgf_l) > 7702} .

wét—l)
; w:z—l) C,i(t—l)
Transmitter gl(:.l) '
" i W vjer®

t—1 t—1 H
> g n T

IEN i >
(t-1), (t-1) ® @ '
(gﬁ" Pj )]d}” (gj*"pj )jg]"’

Receiver
i

Y. S. Nasir
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Preliminary for state set

» Regulated interferer and interfered neighborhood sets (L‘P,Oﬁf)).

> \We set ’E(Lt)‘ = O,(f)’ =c.

P> Pick c-most significant interferer and interfered neighbors with following
criteria:

» the current received power from interferer ¢ € Iﬁf) at receiver n,
» the share of agent n on the interference at receiver k € Og).
» |If necessary, append virtual noise agents with an arbitrary negative weight
and spectral efficiency. A virtual noise agent has zero downlink and

interfering channel gains.

Y. S. Nasir
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States
1.
PV, 1/w®, O, g, iy,
R 8 S S S e
JEN,j#n JEN,j#n
2.

c interferers of current time slot: gginpl(-tfl), 1/w§t71), CZ-(tfl), Vi e ItV

¢ interferers from history: g(tfl) “72), l/wz(/tfz), C'i(,t72), Vi’ € I_T(f_l)

i —n Pir
3.
t. is the last time slot transmitter n was active,
t—1 t—1 t—1 g(t'")pﬁfl") ~(t))
g Y, oY, nok . ke Oy,

t—1 t—1
Yienpk Gon By + 02

Y. S. Nasir
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Sum-rate maximization: multiple links per cell (IMAC)
< Pax becomes pg ) < Poax
K =19 cells, M 1 subband R =500 m, f; =10 Hz.
(cross-link CSl is available to the DQN.)

Constraint > x. P;

(®)

m =

0.6 T Tamprr e R,

— ideal WMMSE
ideal FP
central

—- random
full-power

—:- matched DON

— ideal WMMSE
ideal FP
central

—- random
full-power

— - matched DQN

g

2 links per cell;
Y. S. Nasir

0 5000 10000 15000 20000 25000 30000 35000 40000

25

average sum-rate in bps/Hz per link
DQN benchmark power allocations
links per cell matched unmatched WMMSE FP central full-powe
2 1.84 1.58 1.78 1.74 1.59 0.57
4 1.25 1.06 1.24 1.22 1.10 0.25
random 1.61 1.37 1.57 1.53 1.40 0.44
(1-4)
) M (/
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Sum-rate maximization

N =19 links, K = 19 cells, M=1 subband, R = 100 m, f; = 10 Hz.
(cross-link CSl is available to the DQN.)

£

= 10 —

3 -

230 ot N A

N ST Z /

I o= B ;

z o 308 £

S28 8 — E £

8 A B A e e P IPOP SRS U NP SV g K

> p & 4

S26{ go6 4

£ 1 3 ¥

K 2 /

g247 ! €04

.E I —— ideal WMMSE o —— ideal WMMSE
g i ideal FP ] ideal FP
o22 - central %02 - central

g —- random £ —-= random
g0y full-power full-power
- RS AY AR R Y Crramrni == _matched DQN 0.0 —— —:- matched DQN
2

3 o 5000 10000 15000 20000 25000 30000 35000 40000 0.5 1.0 15 2.0 25 3.0 35 4.0 4.5
£ time slots average spectral efficiency (bps/Hz) per link

(left) training (moving average of previous 250 slots); (right) testing.
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Proportionally fair scheduling

N =19 links, K = 19 cells, M=1 subband, R

(cross-link CSl is available to the DQN.)

=500 m, fy = 10

Hz.

20 pesmes e e
2 -
§ 10 Mﬂ’
£ W
2 i
)
o
&
e
]
2 -10 —— WMMSE
g PRI S SR S IV A il 4
£ - central
2 -20 —:= random
full-Power
—:- matched DQN

sum log average rate (In(bps))

o

-30

—— WMMSE
FP
-+ central
—:- random
full-Power
—:- matched DQN

0 5000 10000 15000 20000 25000 30000 35000 40000

time slots

(left) training; (right) testing.
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Continuous Action Space

» [Men, Chen, Wu, and Cheng '19] showed that quantizing the action
space with a logarithmic step size gives better outcomes than that of a
linear step size for a different channel model.

» They proposed to replace deep Q-learning scheme by a deep actor-critic
learning scheme called

» Actor-critic learning trains an action-value function using a critic network,
defined by ¢;

» and uses this function estimate to train a policy parameterized by an
actor network, defined by 6.

» Actor-critic learning is

e as sample efficient as value based methods, and
e as direct as policy based methods.

Y. S. Nasir
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Actor-critic learning (deep deterministic policy gradient)

» The action is determined by a = pu(s; @) with policy parameters being 6.
» For exploration, a noise term can be added on the action values.
» The target policy u* satisfies the Bellman property:

Q" (s,0) =R(s,a) +7 ) P Q" (s, p*(a),
s'eS
» Critic network is updated by
1 2
V¢® Z (ycritic (Tlv S/) —q (57 a; ¢)) )
(s,a,r’,s")EB

where ycritic(r/7 S/) = T/ + va (5/7 ﬂ’(sl; 0)7 ¢targct)-
» q(s,a; @) is differentiable with respect to continuous action.
» The policy parameters are updated by the following gradient:

1
Vo rg] > a(sp(s:0);¢).

(s,...)EB

Y. S. Nasir
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DDPG based centralized training and distributed execution

“@ e @V
R HC N broadcast backhaul delay
A — e—l_‘Gbmvery T, slots Pbroadcast — 60— of T, slots —> Oagent +— Obroadeast
[N\ ¥
Actor (DNN) roverew: A Pagent
update 0 = LA
gradient ascent step by PANANAY ) OIS G (- Sy B pt) —a
1 Y Y 2 A\ e
Vo 3 Qs(sme() [-CO°R AA
(8,..-)€B Critic (DNN) Actor at AP n
Tupdate é ocal observations and
gradient descent step by info from neighbors ]
1 ' IO )
Verg D, W(r',8)=Qs(s0)’ NN 2
(s,a,7,8')EB e r’/.
' {_ wireless network
mini-batch: B _sample memory: D — LA ey GG
of 1 slot (a,, , Q5 ) and local observations

Y. S. Nasir
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Mobile Users / Training episodes and traveling

» Steady channel may cause overfitting to a certain network deployment.
» Haas mobility model: travel between training episodes.

1000 4

A
% 500
£ A APl
E’ 04 — teravel
=,
2 — e2
S — e3
% =500
>

—1000

—1000 -500 0 500 1000 1500 2000
X axis position (meters)

» Correlation in Jakes model becomes pgf) = J0(27rf(§t7)lT), fﬁl = v,(f)fc/c;
axlP)
> large scale-fading also varies with pgt,)l = e deor

Y. S. Nasir
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Problem Formulation

o If link n selects subband m , we have '), = 1 and ai,t)] =0, Vj#m.
e SINR at receiver n on subband m in time slot ¢:

t
) _ asf,)77zg7(fl>n,mp£z )

Tnm = (OIS GEENO) '
Pitn OGPl 02

e Spectral efficiency:

M M
€ = 3 0= 3 tog (1440,
m=1 m=1

&

T
o Let o = [0‘1,170‘1,)27 e ,a%?M] and p®) = [p(lt),“ (&

.
.,pN} , the optimization problem
in slot t:

N

maximize E Cflt)
() (D)

Pl n=1

subject to 0 < p® < Puay, Vn € N,
(ygf’)m €{0,1},Vn e N,Vm € M,
Z alf) VneN,

meM

Y. S. Nasir
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DDPG based centralized training and distributed execution

broadcast

O Drondeast e ¢ 6—

every T, slots

Actor network
|update 6
gradient ascent step by

Vom Y alsnmelsnni0)id)
Bl (2,

broadcast
Svory T slote Pbroadeast <

| every T, slots

1update 1)
gradient descent step by

OAW)
Critic network

1 /) o update ¢
va B, )~ 2 lomanit) J T !
emory; Dy T mini-batch: B > - (Yeitic (Phums 8hum) — @ (Sum» anmi $))°

i
1

1

1

1

1

1

1

|

AW !
Deep Q-network :
f

i

|

|

i

i

i

i

memory: Dyower
(547,087 ) and old local observations T = ,T ---------------
(sn W H and old local obse;auuns
h
backhaul delay backhaul delay| backhaul delay ba,ckhaul delay

of 1 slot of T, slots of 1 slot. of Ty slots
f Tu;lm j!mm

o {s0 00

local observations and . o = Pm“"(nllm
ot o « wireless network o

Deep Reinforcemen Allocation in Wireless Networks



Chapter 4
ooe

Extension # 2 / Simulation results / Testing performance

average sum-rate performance in bps/Hz per link output layer size average
(K,N) M  |reinforcement learning] other schemes reinforcement learningl|iterations
(cells, links)|subbands|proposed joint ideal FP delayed FP random|proposed joint FP

1 1.51 1.50 1.58 1.46 041 | 1+1 10 70.30

(5,20) 2 2.63 2.64 2.66 2.46 099 | 2+1 20 102.08
4 4.57 4.38 3.81 3.57 2.12 4+1 40 122.15
1 1.26 1.26 1.31 1.21 025 | 1+1 10 72.83
2 2.08 2.10 2.08 1.92 0.59 2+1 20 96.32

(10, 50) 4 3.34 3.34 2.90 2.68 131 | 4+1 40 185.93
5 3.79 3.76 3.18 2.94 164 | 5+1 50 206.38

10 5.71 4.41 4.44 4.08 299 | 10+1 100 287.70

» Results show that a pretrained policy is still usable on new deployments
and the proposed approach is better scalable than the benchmarks.

Y. S. Nasir
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Pseudo-code for distributed execution.

: Parameters: e-greedy algorithm’s €.

: Inputs: Deep Q-network parameters at agents ©agent-

: Distributed execution (¢agent) for time slot ¢:

: foragentn=1,2,...,N do

Agent n observes its local environment and uses information from its

neighbors to form its current local state 555).

6:  Agent sets its current action to aff) = argmax,q (sg),a;wagent) using

oA WwN R

deep Q-network with parameters ¥,gent.

7:  If index n is divisible by ¢ mod N, apply e-greedy strategy for
exploration during training and agent replaces ag) with a random
action with a probability of e.

8:  Agent translates its action to its allocation decision, i.e.,

E
[psi)l, . ,pS)M , after power auction at base station b,,.
9: end for

Output: pE}?, VYm € M, and state-action pairs (555), agf)) Vn e N.

Y. S. Nasir
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Pseudo-code for centralized training.

Parameters: Learning rate \j;.

Inputs:

Deep Q-network parameters 1), ¥proadcast, Yagent-

Global memory D, & experience-replay memory of the current episode D.
Centralized training (¢, Ybroadcast, Yagent; Pg, D):

Randomly sample a mini-batch B from the experiences in Dy and D.
Update the parameters 1 using a gradient descent step with learning rate
equal to \i; and the gradient Vo 1z >, o v e (U(1s8') — a (s, a3 ¥))>.
8: If it has been T}, since last policy broadcast, update ¥hroadcast by ¥ and
initiate a broadcast process which will take T; time slots. At the end of
the broadcast process, 1agent Will be set to Yproadcast-

No gk wne

Output: Updated deep Q-network parameters 1, Yproadcast, Yagent-

Y. S. Nasir
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Chapter 5
00e000

1000
500

position (meters)

~1000 “‘

o 4 Base station
o User
500

-1000-500 0 500 1000 1500 2000

x axis position (meters)

maximum transmit power P ax
subband bandwidth
number of subbands
slot duration T'
traffic arrivals
path loss (in dB)
shadowing standard deviation
AWGN power
maximum Doppler frequency

Y. S. Nasir

23 dBm

10 MHz
1to4
20 ms

Poisson arrivals / 500 Kbits
120.9 + 37.61ogo(d)

8 dB

-114 dBm
10 Hz
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Testing the policy along the episodic training. M = 1.

0.35 T T
—e— pfs
0304 —* pfs wtraffic info 0.35
3 — policy after episode 0 —— pfs
§ g5 | = policy ater episode 1 030 —*— pfs wtraffic info
@ %257 =« policy after episode 5 3 — policy after episode 10
> == policy after episode 10 s == policy after episode 20
£ 0.20 policy after episode 20 § 0257 =« policy after episode 25
g —— policy after episode 40 > == policy after episode 30
£ 0151 policy after episode 50 o020
8 S
g =
S g
20.10 4 $ 015
o ©
3 g
g o
® 0.054 R 20.10
. — g
- ¥ g
0.00 ® 005
5 10 15 20 25 30 35 40 45
average traffic load per link (packets/second) 0.00

10 15 20 25 30 35 40
average traffic load per link (packets/second)

Policy is trained on N = 5 users on
K =5 cells, and tested on a larger Policy is trained and tested on N = 10
deployment with N = 20 users on users on K =5 cells.

K = 20 cells.

as
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CDF of average user delay (N, K, M) = (20, 10, 2).

10
308
2
2
‘:‘ 06
2 avg traffic load
3 —— 5 packets/second
5 04 10 packets/second
= 20 packets/second
£ —:= 25 packets/second
202 30 packets/second
° —- 40 packets/second
00 50 packets/second
0.0 02 0.4 06 0.8 10

average delay per user/link (second)

(a) proportional fair

3
2
2
3
=
5
3
E
3
K
a
£
3

avg traffic load
—— 5 packets/second

10 packets/second

20 packets/second

—:= 25 packets/second

30 packets/second

—:= 40 packets/second

50 packets/second

0.0 0.2 04 06 0.8 10
average delay per user/link (second)

(b) proportional fair with traffic info

avg traffic load
—— 5 packets/second
10 packets/second
20 packets/second
—= 25 packets/second
30 packets/second
—:= 40 packets/second
50 packets/second

1047 .
z | el
Bos{ i o
2 i -

S iy
2086 : //
3 ¥

Eoatrit
2 il

gK)Z il

|

0.0 v

0.0 0.2 0.4

0.6

1.0

average delay per user/link (second)

Y. S. Nasir

Deep Reinforcement Learning Based Resource Allocation in Wireless Networks



Chapter 5
[e]e]e]e]e] )

Some other side problems:

» Better and easily tunable training and exploration schemes to better
adapt to the environment non-stationarity of the multi-agent setting.

» We simplified the state set design, but its design can be improved by
analyzing the hidden-layer weights of a trained policy that uses global CSI
and picking the environment features that impact the decision strategy
most strongly.

Y. S. Nasir
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