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Motivation : ML-based QoS/QoE Optimisation

® Future Networks increasingly complex due to scale, heterogeneity,
density, dynamics, .....

® Analytical models / heuristics no longer adequate

® Predictive / prescriptive QoS schemes (e.q., what-if-scenarios) based
on Al / ML
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K. Rusek, J. Suarez-Varela, A. Mestres, P. Barlet-Ros, A. Cabellos-Aparicio
Proc. of the 2019 ACM Symposium on SDN Research (SOSR).



This Challenge: Predictive Analytics with GNN
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https://github.com/ITU-AI-ML-in-5G-Challenge/PS-014.2-GNN-Challenge-Gradient-Ascent



The RouteNet Model

K. Rusek, J. Suarez-Varela, A. Mestres, P. Barlet-Ros, A. Cabellos-Aparicio.
Unveiling the potential of Graph Neural Networks for network modeling and optimization in SDN

Proceedings of the 2019 ACM Symposium on SDN Research (SOSR), pp. 140-151, San Jose, USA, April 2019.
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https://github.com/knowledgedefinednetworking/demo-routenet
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The RouteNet Model

_

VAN

%
/.

’
N

\‘

i

\
|

)
OO
W)

o
o
it

ARG
i

i

0

AN

WK

VR
%E%%

‘ (X 0“001

kmw‘év.

‘\
)

fl

=
)]
(Vs
=
c
O
)
©
N
S
P
Q.
O
©
c
©
(@)
=
[
©
O
S
=
—
O
S
)
()
c
2=
O
Pl
n
=
S
O
S
)
()
=
©
—
=)
D
P
i
Q.
©
S
O
T
O
©
=
c
()
'
O
Q.
()
e
)
(@)
=
[
>
c
-

e
U
=
(©
Q.
5
%
LS,
K9,
O
©
O
<
S’
O
a'e
—
v
=
©
ala
o
S’
L
—
+—
n
W
<
b’
L
©
=
N
J;
—
\O
-
W
—
k’
J,
2
S
'
N

)
-
N
m
o
<
<L
N
D)
e’
n
O
—_
C
qv)
Ve
LN
I
-
4
Q
o
o
Ve
O
v
e
O
—
Qe
<))
n
)
o
Z
O
n
-
o
&
D)
%
o
o
&
=
wn
=
)
<
@)
-
N
Q
-
-+
G
O
n
(@)
=
ke,
V)
Q
&
o
| -
(o

()
v
il

,./,

i)

/

il

N\
-

hLdHnenﬂon}

A =R _B B ™

e

M,

x
(o}
i

hy

hyy

U
> RNN

hp4

> RNN

> RNN

Ny

Ne dimension

5)

Paths (¥

(N linlc)

Links

rking/demo-routenet

—_— 4 { Links to paths

T

/knowledgederiner

.
com

“Q

https.//github.



https://github.com/knowledgedefinednetworking/demo-routenet
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