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Differentiated Routing Optimization for Multi-type Traffic Based on

Hierarchical Policy Reinforcement Learning

ZHAO Zhi-Xu' LIU Kun' WANG Lu-Yao' XIA Yuan-Qing'

Abstract Routing is an important method for optimizing network resource allocation. However, traditional rout-
ing algorithms rely on static strategies to optimize single quality of service metrics, making it difficult to address the
differentiated requirements of explosive growth in multi-type traffic. Although deep reinforcement learning has
provided new ideas for routing optimization in dynamic network environments, existing methods still lack fine-
grained perception of traffic types and cannot flexibly adjust routing strategies. To this end, this paper designs a
traffic-aware routing algorithm based on hierarchical policy reinforcement learning for the differentiated routing re-
quirements of different traffic types. First, a traffic classification module is introduced to achieve fine-grained per-
ception of the differentiated service requirements of different traffic. Second, graph convolutional networks are used
to efficiently model the network topology, based on which a hierarchical decision network and a differentiated re-
ward function are designed to guide the agent to generate adaptive routing decisions and realize dynamic adjust-
ment of routing strategies for each traffic category. Meanwhile, a global attention mechanism is introduced into the
actor-critic framework to enhance the agent’s ability to model the spatio-temporal dependency of network states,
and the training efficiency and stability are improved through generalized advantage estimation and proximal policy
optimization algorithms. Finally, the effectiveness of the proposed algorithm is verified on various network topologies.
Keywords multi-type traffic; deep reinforcement learning; attention mechanism; differentiated routing; quality of
service optimization
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ok, HO 95 1 R ARHERERE; WO N5 12T
SRERRE; o) NBEIEHREG A= Ay + 1T NE
G WIARHESRERE; D—2 AD—2 SEI AR FE4E M A )3 —
b PR, @IS T GON gmides, it BA 4 RE
B PRES G hemped, 1EN actor-critic Y3 M 4% 11
REHIN.
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L M2 actor PIZ& % H ot .
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Fig.5 Multi-head attention decision-making network
based on traffic type

3) critic M%&: critic %% %O DI RE R VFAE 24
AT X RS BB B E, 9 actor 2% 1) SRS AL
SEPLSRIREL BE. B X 2 B4R B i3 B B HPIRES
WS 2, Btk 1Mk T A /TR R IHLE Y crit-
ic ML 28R, 128, ¥ GON JafS 4R Aembea
B N4 SR R LIS R, LA AN [R] I 2% 75 R[]
R4 SR MR R 3R, DT A L 4 4 Jm) TR BN 0 IR
BRI hgovar- e, ¥ hgiova 76N Z EIEFIL (mul-
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(generalized advantage estimation, GAE) J7i£1t
BEA(s', o), FRREAE SN B LU R SRR R,
FETH S 7 S R SRR E ML

AT S, TR-HPRL ALY 8 5 & 73 2
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J&, IR B RIS 225 ot 0 — MRS st RS
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2l MLP f HORAS A T Vi (s°). HBEARZ
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b=1

Hp, B ARG TR 18] 0 o SRR /N R R AR
B o ARAMIEEHIEE b MEA.

2) actor W4 ST R:RITE n XF B —> g
Koy, o3 E B o SR EAE T A S H 0 ATH 3R
WESHL 00 T~ HIMEZR L ) (6), FH T4 Sk B8
FrImE B2
o (ap|s?)

QMCHEY)

Horr, wl(afl|s%) Rl g (a)|s®) 53 S0 271 97 5w 2
Ko MIHEIESH Oq T, 28 n KRR EAIRE s 1
KIENE af HIREZE. 4R TH AN SEHT A € 1
G Z KU FU B, R H I o SRS LA (proximal
policy optimization, PPO) &%, @iL 5 AT H
T BRI el (6) PR A S SR I L

B
cli 1 . A
E,‘,l P() = 5 Zmln (rZ(G)AZ,
b=1

ry(0) = (13)

clip(r](0), 1 — e, 1+6)Ag> (14)

b, e NBIUIREL clip(r](0), 1 —¢, 1+ ¢) MEEE
L2 AT BYUI4AE, 45 ) (0) FRAIE[1 — e, 1+ ¢ X
(BN ARG S phoar g AT e Ak, DU A R 2R
YL ) R B P

A TR-HPRL Ml Zhid #2H, GON $2HL 45
T 25 ARES | actor 43 /2 SR B W 48 AT 5 SR &=
PIBIEA K, critic VAL 4 RPIRASOME, 1858 & 1)
ZRU0 KA 5 TR TR, [ AR AL 15D U S & e IS B
AN TRIAL B 2 AR (1) e 0 3% ) SRS

% 1. TR-HPRL

I, actor B4 0, critic 38 w, I T ~, PPO B
IERH e, ZHAMT, BINERIR M., THIRE Kopaate-

M. RS 0 w.

1) WIHRHIIRES s0;

2) For episode = 1 to M, do

9 End For

)
3)  WIHRIIRE s0;
4) Fort=0toT —1do
5) FHESRIL: B, = GON(s);
6) For B LTI 5 do
7) I 2 S B AT R
8) KB af] ~ g (h);
)
10) PATENE of, RIS r FUFTIRES T
11) 17t (st af, vty s, logmy (al|ht), Vi(s')) &
2 B;
12)  End For
13)  MH GAE {81 Af 5 V1
14)  For k =1 to Kpgate do
15) M\ B PRI R REA;

—_

6) BT critic: /MR 0(w);
7 HEH actor: SRS B4 B RAK g;lip(e);

1
18)  End For
19) End For

3.4 WZEEZRESH

TR-HPRL f)vH 585 = R IE T HAZ O 1R
P IR, A FE GON. actor 4% LA K critic
2. RN A3 A SR B s TR] 2 4% B R = ) &R 2
HAT 3 HT.

SRVE B B TR) 2 2% B2 43 A B 4 EH RN B9 e Il 2k
BB HERERY BORAE 17 2R st A2 i BB
fE o, TP F— URET [ A% 4, LI (8] 52 2% B i
GCN Zwfid#s Al actor MG ILF g, XFT—MEF
N AN A | 8| FBERE 2% GON Zmfid s 1B [a]
IRELIN O(|E| X Fin X Four), S Fipy B Fuy 50
A AN A AR AEZ4E . actor MBS C MR
TR MO IR, HR R E 44BN O(C
N2 X F,u). R, 50K H e 55 1) S A B ] & 4%
HE ST E, N O(C x N? x F,,;). critic MZ%7E
YIGRBY B2 GON il FFidad 4 /e = JIpL)
HEAT AR PR, HB R 2 S actor IIESIRAEL, 9 O(N?
X Four) . B ERINZRIY B SO 22 56 [m] 0 H IR A
HEAT 22 URHT R0 R0 S I8 4, e SR B S A% B2 200
O(M¢ X Kypaate X B X (ZaoN + Zactor + Zeritic)) s H
M, NENGRERE, Kopaawe NEFTIRE, B Jitt
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EN R FE T DA 2R AT, 1T 75 2 HEHE BT 75 1 BE IR
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AT PR LA,

4 SCIGIGF

AT 4y N 43 AR TR-HPRL HIAE R ik
BEATIGUE. AR TR-HPRL #£ PyTorch
2.2.2 HEZ R S2HL, /] NVIDIA GeForce RTX
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4.1 SIEE

4.1.1 HHRERGE

K N EE K 9 4% 22 A= 5¢ T 4 A1 1) ISCX V-
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T80 Z R ENHE, £ B ZH TWRE DI
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(K73 275 5K, A28 ISCXVPN2016 $id #1447
T HCE IR I REAE TR A e S HAR R R
BRI 2 Fron, Hod, 28 IR BUR R 3 B X i
By ZE IR A TP HE BB SR Y S5, 2 IR i B AE
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Table 2 Service type classification
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SR E S IR 100 &, LR/
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Fig.6  Network topology diagram
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Table 3  Default values of scaling factors
B3] Bp, 6p, BD, sy
JEIR U 0.2 0.8
et 0.8 0.2
(R 0.5 0.5

GON K N4EFE IR YESE, Ba 2 4E 5 R
128, it IEE 4EFE N 256, 42508 2, critic M
A REEIEERJ1IRECN 4.

SRR FH AL B8 077 ECMP- VR BE sk 2] 7
7% DRL-TE!M" J TITE" Bk 5 AR SCHT#E TR-
HPRL #47 VERE LU BCVE AL, VRAG FR bR v 25 80 2 )il
(rp) MIZEIR i (rp). Horh, DRL-TE J7 it 5|
NS 2256 1T, 255 T 1 48 X 285 1) 9K 2 oA
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4.2 DRBRBEEESIN
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Fig.7  Classification result confusion matrix
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Table 4  Results of traffic classification (%)
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Fig.8 actor network loss convergence curve
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Fig.9 critic network loss convergence curve
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Fig.11 Reward values at different scaling factors
4.3.3 HRASEH

RIRNFINT TR-HPRL % 5451 e X #2414
REMDTHR, A7 290l 25 B Bl 48 S92 b |50 o A B
WG AT X 2% P R AR . = B9 Rk IO 4

1) RIS (TR-RL): 23T 1D-CNN
(R B o R, B4 P A R o A
ANHEAT REIR U, F A RURAY K A R IR R Y X A7

2) %F% Transformer it (R-HPRL): H1&4
SRR 4% 5 e Transformer 2514, X LE P & 1745
TR 5 TR SRS B2 B 22 R

[F] S SO IR 5E N AE GridNet $i4b M4 % TR-
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JIRAEE B R SR M R AT I, SEES S5 SRR 5 Fios.
WELSLIR o W[5, fE X ER IR fG, Bk
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FIE QoS FEAr A — B I8 L R %, Transformer

¥ i 52 %
F 5 IHERSIEEIR
Table 5 Ablation experimental results
HPAET rp TD
TR-RL 0.88 0.42
R-HPRL 0.92 0.45
TR-HPRL 0.94 0.48

SEATESH A 7 51 R0 4 Ja 40 8 5% 28 7 THD LA AURR AR
OB MLP &, ARE DURE A X 2 AN R R X
BRI EAFE, SECEARMREA KR F L.
4.3.4 PDRREFRERMESEEMEDT

N T B8R RGN 43 SR ZE R, SEIR
)i B A BR A TR N R NN [FIFE B I B ML 7 2l
iR, B RER RN 0% BB EINE 20%, E Grid-
Net i $b N W F LY 2L E AR 15 B, 25 3
mE 12 fiok.
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