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Highlights of paper

Reinforcement Learning + Graph Neural Networks

Generalization Capability for RL

Graph as input data structure
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What is RL?

environment

Goal: Maximize the expected cumulative rewards!
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RL basic concept

Episode: S0, A0, 71,51, A1, 12, ) Sn—1, An—1, Ty Sn
t f
state [ Terminal state
action
reward
Bellman equation
POI'Cy T[(CllS) = P(At = a|St = S) Q(S,a) = E[Rt+1 + )/Q(St+1,a’)|5t = S,At = a]
Bellman optimality equation
N
Q-value: Q,(s,a) = En[z Y™ in |S: = 5, A = al Q*(s,a) = E[R¢yq + VH;E}X Q(s¢41,a") IS = 5,4 = al

n=0
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Q-learning

For each step t:

1.Choose an action a; from s; using policy derived from Q — table.

2.Take the action a; and observe 13,4, 5¢+1

3.Q(sg, ar) = Q(s¢,a) + a lRt+1 +y HE’[X Q(s¢er1,a’) — Q(sy, at)]
Q(spar) = (1 —a)Q(sg,ar) +a lRt+1 +y Hzlf,ix Q(st41, a’)]
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Q-learning
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Q-learning

Q-table

Initial:
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Intro to DRL: From Q-learning to DON

For a real-world problem:

S is the location of Mario
«T- are the actions

Q-table for this problem X

Q(s,a) = Q(s,a;0)
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Intro to DRL: From Q-learning to DON

Network |

You successfully learnt Deep Reinforcement Learning!
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Optical Transport Networks routing problem
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Seminar in Deep Neural Networks

Bandwidth of signal

/v Available capacity of the link

¢ ¢

Globhal view
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Optical Transport Networks routing problem

For example:

Demand list:

1.{src=1,dst=5,bandwidth=8}

2 {src=1,dst=5,bandwidth=8}

n.{src,dst,bandwidth}
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Optical Transport Networks routing problem

For example:

Demand list:

1.{src=1,dst=5,bandwidth=8} Properly allocated!

2 {src=1,dst=5,bandwidth=8} X allocated!

n.{src,dst,bandwidth} Terminate!
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Optical Transport Networks routing problem
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1. The agent must make decisions for every demand.

2. Traffic demands can not split over multiple paths.

3. Traffic demands will not expire until the end of episode.
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Optical Transport Networks routing problem

Possible method?

NN X Too complex
Integer Linear Programming? A N s
Constraint Programming? e AN 772, AN T RN S & S

ETHzurich
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Optical Transport Networks routing problem

Possible method?

Theoretical Fluid?
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Optical Transport Networks routing problem

Theoretical Fluid?

10-4 a

5-2 5.0
5-2
O =0
1.{src=1,dst=5,bandwidth=8} Split into different sub-demand
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Optical Transport Networks routing problem

Possible method?

2. Traffic demands can not split over multiple paths.

Theoretical Fluid? Can not use in real world
Compute fast! IR
Great Performance! W \J

o
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Optical Transport Networks routing problem

Possible method?

o
MDP problem~ Too many states! Cost too much time
Dynamic programming? S ~O0(NE) < N
W \J
o
Wait! We have DRL!
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DRL for Optimization (state-of-the-art algorithm)

Deep reinforcement
Learning agent

= F
«
State:

- New traffic demand
{source, destination, ODUK type}

- Current OTN state

Paper: Routing Based On Deep Reinforcement Learning In Optical Transport Networks
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Logical OTN topology

current traffic demand

Action:
lRouting policy for the
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DRL for Optimization (state-of-the-art algorithm)

Destinations

D1 ... Dn
/ \ Statistics in ‘k’ paths between $1-Dn
" S1 s1—Dp1l -+ Sl—Dn\
o Path 1 Path 2 Path k
§ Cap: Cap; Caps
Sn Sn— D1| - |Sn—Dn
<
piS> s lion
Ol N A3 - Path e
Destinations Destinations Destinations
D1 Dn D1 : Dn D1 Dn
E : : : § : : : %2 8 § : : :
Sn ISn—Dll lSn—DnI Sn Isn—Dll lSn—DnI Sn ISn—DlI ISn—DnI
Path=1 ’ Path=2 Path=k
Possible ‘k’ next states
Paper: Routing Based On Deep Reinforcement Learning In Optical Transport Networks
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DRL for Optimization (state-of-the-art algorithm)

Actor-critic algorithm:

Destinations

D1 Dn
Al state s

» probability for each action

. g K
Actor: Networ
i Sn Sn—Dll ISn—Dn.I
aths between $1-Dn State S
.. | Pathk >
Capjl...
Critic =R I = = I R action a

Network » Q(s,a)

Paper: Routing Based On Deep Reinforcement Learning In Optical Transport Networks
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DRL for Optimization (state-of-the-art algorithm)

Drawback?

Lack of generalization capability!
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DRL for Optimization

ETHzurich
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Input

Network

output

) 0(s,a)

GNN!
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Graph Neural Networks (GNN)

Input Graph GNN blocks Transformed Graph Classification layer Prediction

v
900
@890
®
v

An end-to-end prediction task with a GNN model.

Use edges? *
o]

State s; (o) ~~
Use vertexes? (o)

- o
Action a; o

llllllllllllllllllllllllllllll

Use the whole graph?

% 5
-----------------------------

Resource: https://distill.pub/2021/gnn-intro/
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Graph Neural Networks (GNN)

hg
0 0
h1 4 xl x2
x,(x,(0 0 5
hs
x,(%x,|0 0
h,
h,
x,(x,(8(..]0 -
X, | x, 0
0[0|1 2 3
n-element one-hot |x1 x2| 8|1..10
vector encoding h
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Link feature

X, is Link available capacity

X, is Link Betweenness

X3 is Action vector

X4 ... Xy QTE ZETOS

Why these features?

2023/3/13

25



Graph Neural Networks (GNN)

hg
0 0
h1 4 xl x2
x,(x,(0 0 5
hs
x,(%x,|0 0
h,
h,
x,(x,(8(..]0
X, |x,|8 0
0[0|1 2 3
n-element one-hot |x1 x2| 8|1..10
vector encoding h
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Link feature

x1 is Link available capacity

X, is Link Betweenness

X3 is Action vector

X4 ... Xy QTE ZETOS
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Graph Neural Networks (GNN)

he Link feature
h 4 X,(x,[0 0 5
1
X, |%,|0..]0 X, is Link available capacity
hy
X, (x,[0]..]0 o
1 X, is Link Betweenness
h, h
4
x,[x,[8]..]0
= X, |%X,|8|.. 0 . The number of end to end paths crossing the link
Link Betweenness = The number of tatal paths
00|11 2 3
n-element one-hot |x1 x2| 8|..10
vector encoding hs Guess?
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Graph Neural Networks (GNN)
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Link feature

X, is Link available capacity

X, is Link Betweenness

X3 is Action vector

X4 ... Xy QTE ZETOS
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Graph Neural Networks (GNN)

hs
0 0
h, 4 XX 5
X,|%x,|0 0
hs
x,(%x,|0 0
h,
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x,(x,(8(..]0
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Link feature(hidden states)

X, is Link available capacity
X, is Link Betweenness
X3 is Action vector

X4 ... Xy QTeE Zeros
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Message Passing Neural Network (MPNN)

Execute T times

Message passing Update Algorithm 1 Message Passing

For all neighbors
h., of link h , Input : x;
Output : h! ¢
1: for each [ € L do
h? — [xl,O...,O]
:fort=1to T do
for each [ € £ do
MltH = zz’eN(l) m (hi, h)
6: hitt =wu (b, M)
7: rdt < Zleﬁ hl
8: q «+ R(rdt)

3o D

For all neighbors

of link h,
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DRL+GNN
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For a demand:

Many possible actions

Limit the action set to k = 4 shortest paths

Generalization

Trade off between complexity and flexibility

|A4]
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DRL+GNN

reward = bandwidth

demand: {src,dst,bandwidth}<

reward = 0 (No capacity)

Cumulative Reward?
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DRL + GNN algorithm

Algorithm 2 DRL Agent operation

1: s,src,dst,bw < env.init_eny()

2: reward < 0, k + 4, agt. mem < { }, Done < False
3: while not Done do

4: k_q_values < { }

5: k_shortest_paths < compute_k_paths(k, src, dst)
6: for iin0,...,k do

7: p' < get_path(i, k_shortest_paths)

8: s’ < env.alloc_demand(s, p’, src, dst, dem)
9: k_q_values[i] < compute_q_value(s’, p’)
10: q_value < epsilon_greedy(k_q_values, €)

11: a < get_action(q_value, k_shortest_paths, s)
12: r, Done, s’, src’,dst’, bw’ < env.step(s, a)

13: agt.rmb(s, src,dst,bw,a,r, s, src’,dst’,bw’)
14: reward < reward +r

15: If training_steps % M == 0: agt.replay()

16: src < src’;dst < dst’;bw < bw’, s s’
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DRL+GNN

Stage 1:

+ k = 4 shortest paths
1,2 ,3 4
ag,as,as, s
demand: {src,dst,bandwidth}

St At

Stage 3:
St41 + Q7
S2.,+0Q% €~ greedy

) o 5.
Sev1 T Q3
St +Q*
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Stage 2:
S¢ +at Sty1 +Q°
St + af | Sty + Q7
S +a;} » MPNN Sie1 +Q°
S¢ + af S¢rq +Q*

I Every M steps

Stage 4.

St
=d Buffer

Ar St+1 Tt
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Evaluation

DRL+CNN
(state-of-the-art)

DRL+GNN

Theoretical Fluid
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Evaluation

Demand generation:
Demand list:

demand: {src,dst,bandwidth} 1.{src=1,dst=5, bandwidth=8}

2 {src=3,dst=2,bandwidth=2}

I

generate uniformly
n.{src,dst,bandwidth}

src, dst = {uniformly select a node pair}

bandwidth = {8,16,64}
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Evaluation

NSFNet:

Capacity = 200

train

Geant2:

24 Nodes

DRL+CNN
(state-of-the-art)

Capacity = 200
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Evaluation

Demand list Evaluate

Graph Topology

DRL+CNN
(state-of-the-art)

Theoretical Fluid
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Evaluation
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Evaluation

Score of 1000 experiments:
Fy(x) =P(X < x)
DRL+GNN | DRL+CNN | LB TF
1 1000 900 700 | 850
2 1300 1000 750 | 900 o [P
> . ;-,':/
= 0.8 3 7;"?
qc) :0 ;‘:
‘ Relative performance wrt TF ao 6 ;' | "f
& .
=0 +——{ =1 DRL+GNN
DRL+GNN DRL+CNN LB TF B I DRL trained in
0 021 . 4 the same network
1 17.65% 5.88% |-17.65% O g I (NSFNet)
R AR
° 11% |-16.67% 0.0 s a— : ,
2 44.44% 11.11% |-16.67% O O ~DE ©b D& 0 e
Relative performance to
Theoretical Fluid
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Evaluation

DRL+GNN
NSFNet: Geant2:
14 Nodes train Evaluate 24 Nod
E— — Oaes
Capacity = 200 Capacity = 200

DRL+CNN

(state-of-the-art)
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Evaluation

IOOO

1

DRL traiend in
a different network
(NSFNet)

(a) Bandwidth allocated

Seminar in Deep Neural Networks

Score (bw allocated)

-
O

DRL+GNN

ETHzurich

Probability Density

e
o

O
o

S
o

O
~

O
N

0.0
-1.0

DRL+GNN relative
performance to DRL

(b) CDF

0.0 051015 2.0 25 3.0 3.5 4.0

2023/3/13

42



Evaluation

Real world
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Evaluation
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Conclusion

1. The paper combines Deep reinforcementlearning with Graph neural networks.
2. For the same topology, DRL+GNN works better than other methods.

3.DRL+GNN have a better generalization capability.
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Any question?
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Thank you!
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