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This work is about enhancing the generalization capability of DQN-Routing algorithm when it is
applied to a new topology, using an approach based on domain adaptation technique.

Beenenue.

DQN-Routing is an algorithm based on deep reinforcement learning networks combined with link-
state protocol and preliminary supervised learning. The algorithm is designed to solve the problem of
routing in a network (Graph) and originally was tested using manually constructed simulation models
of computer network and baggage handling system. It outperforms state-of-the-art routing algorithms.
However, in its current situation, the only way to apply this algorithm on a new topology
(network/graph) is to re-run the whole training process.

This is not time efficient due to the structure of the algorithm in which every node is an agent that
needs to be trained from scratch and it will take a lot of computational time.

Since DQN-Routing is a novel method, there has not been any previous work done towards solving
the problem of generalization, and this work will construct the base towards enhancing the overall
performance of the algorithm.

OcHoBHasi YacTh.

The proposed solution is a Domain Adaptation solution, which basically is a sub-category of transfer
Learning. In general domain adaptation is used when an algorithm is performing well on a task, and
there is a need to transfer that knowledge to a new different and yet similar task, the first task is called
“Source Domain” and the Second task is called “Target Domain”.

Transferring the knowledge means that there is no need to re-train and re-run the whole procedure for
the new task, but to use the knowledge gained from the source to solve the task of the target.

For DQN-algorithm, what we have is different topologies, which means different layout of the graph
and then new agents in new nodes, this basically is a domain shift since the task is the same, routing
from point a to point B in the most efficient time and power consumption.

This will make an approach like Adversarial Discriminative Domain Adaptation is the best for solving
the problem, Adversarial learning methods are a promising approach to training robust deep networks
and can generate complex samples across diverse domains. They also can improve recognition despite
the presence of domain shift or dataset bias.

Based on this we proposed a solution as follows:

First, we build an encoder that will take as an input the source domain representations, and its output
will be the input to the policy training part of the algorithm which will perform as efficient as it does
in its current situation, but a huge amount of computational time is expected.

The first step is called Pre-Training.

Then we build the second step which is Adversarial Adaptation, in this step we align the source
domain with its encoder with the target domain and its not-trained encoder, and both outputs will
enter a discriminator module which will try to classify which input is from the source domain and
which is from the target, we train an Adversarial Loss Function to try to discriminate as best as
possible and in return the encoders goal is to make the discriminator’s job as hard as possible.



Encoders will do so by minimizing the distance between the source and target domains under their
respective mappings which will contain basically weights of the agents between source and target
domains.

The third step is Testing, in this step we use the target domain samples and target encoder, but its
output will enter the policy trained from the source, by doing so we want to use the same trained
policy since in step two we made the target distribution very similar to the source.

BrIBOaBI.

We created 500 random topologies, each has between 10 and 100 nodes, we choose 20 topologies
with the most dissimilar embeddings.

Our performance indicators are firstly the solution search time, to test this indicator we run the
algorithm on one of the new created topologies and recorded the time needed to present results, and
then we run the algorithm after adding our approach on the same topology and compared results.
The second performance indicator is the composition of time and power consumption for the solution
on each topology.

Solving the problem of generalization of the DQN-Routing will boost the algorithm’s power to solve
more complicated routing problems and their many applications in the vast field of multiagent
reinforcement learning.
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MyJbTHATeHTHOEe NOJAKperJieHue ajJropuTM MapuipyTu3anuud riayookoro ooydenusi DQN-Routing
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dubueHKOB AHApEH ANleKCaHAPOBHY, MOMEHT (paKyIbTeTa MHPOPMAIIMOHHBIX TEXHOIOTHI
U TIPOTPAMMUPOBAHUS.

(Hammonansuslif uccnenoBarensckuii yausepcurer U”TMO)

Ota paboTa MOCBSIIeHA paCIIMPEHUIO BO3MOXKHOCTEH 0000meHus anropurMa DQN-Routing, koraa oH
MIPUMEHSETCS] K HOBOH TOIOJIOTHH C MCITOIB30BaHIEM TI0/IX01a, OCHOBAaHHOTO Ha METOJIE aalTalliy JOMEHa.
Bsenenue.

DQN-Routing - 3To anTopuT™M, OCHOBAaHHBIH Ha CETIX TIIYOOKOTO 00yYEHUS ¢ MOAKPEIUICHHEM B coueTaHuu ¢ Link-
TOCYIapCTBEHHBIH IMPOTOKOJ M MPEABAPUTEIIFHOE 00YUICHHIE C YUUTeIeM. AJTOPUTM MpeJHa3HAYEH AJIS PeIIeHHS
3aa4u

Mapmipytuzanus B cetd (I'paduk) 1 nepBoHAYAIBFHO ObLIa MPOTECTHPOBAHA C MCIOJIh30BAHHEM HMMHUTAIIMOHHBIX
MoJIeneil, TOCTPOSHHBIX BPyYHYIO

KOMITBIOTEPHOM CETH U CHCTEMBI 00paboTku Oaraxka. OH IPEBOCXOUT COBPEMECHHBIC AITOPUTMBI MapIIIPYTH3AILIUH.
O/IHaKO B HBIHCIIIHEH CUTYAIMU ¢IUHCTBCHHBINH CIIOCOO TIPUMEHUTD 3TOT AITOPUTM K HOBOM TOMOJIOTUU

(cets / TpaduK) - Mepe3ayCTUTh BECh TPEHUPOBOYHBIN TIPOIIECC.

D10 HEeIP(HEKTUBHO MO BPEMEHH H3-332 CTPYKTYpPHI aJrOPHTMA, B KOTOPOW KXl y3eN SBISICTCS arcHTOM,
KOTOPBIH

HE00X0aMMO 00ydaTh C HyJIsl, U 3TO 3aiiMEeT MHOTO BBIYHCIUTEIFHOTO BPEMEHH.

ITockomsky DQN-Routing - HOBBIH METO, paHee HEe IPOBOIUIOCH HUKAKUX PA0OT 0 PEIICHHUIO

npobGiiemMa 0000IIEHUsI, ¥ 3Ta paboTa CO3/1aCT OCHOBY ISl yJTy4IIEHHs 001Ieit

TIPOM3BOAUTENEHOCTD AITOPUTMA.

OcCHOBHasl 4acTh.

[penmaraemoe pemieHWe MNPEICTABISICT COOOM pElICHHEe Ui aJanTald JIOMEHa, KOTOPOE B OCHOBHOM
MPEJICTABIIACT COOOM MOIKATETOPHIO TIepeaun

VYayce. OOBIYHO amanTarys MpeaMeTHOH 00JIaCTH UCTIONB3YETCs, KOTIa allTOPUTM XOPOIIIO BRIIONHSET 3a/1a9y, H
HEOOXOIMMO ITePEeHECTH STH 3HAHHS Ha HOBYIO, HO TIOXOXYIO 33/1ady, IiepBas 3a/1a4ua Ha3bIBaeTCs

«Mcxonublil fOMEH», a BTOpas 3aj1a4ya Ha3biBaeTcs «lleneBoil noMen».

Iepenaya 3HaHMIA 03HAYAET, YTO HET HEOOXOIMMOCTH MMOBTOPHO 00ydYaTh U MOBTOPHO 3aITyCKATh BCIO MPOIEIYPY
TUTS

HOBas 33/1a4a, HO UCTIOJIE30BATH 3HAHMS, ITOJYICHHBIC U3 ICTOYHHKA, I PELICHHS 3a1aqH [IeITH.

Js DQN-anroputMa y Hac pa3HbIe TOIOJIOTHH, YTO 03HAYAET PA3HOE PACIIONIOKCHHUE rpada.

a 3aTeM HOBBIC areHTHI B HOBBIX Y3J1aX, 3TO B OCHOBHOM CJIBHT JJOMEHA, IOCKOJIBKY 33]1aua Ta K¢, MapIIpPy TH3aLHUs
13 Toukd A B Touky b 3a Hambomnee r3hpekTrBHOE BpeMs U TOTPEOICHHE SHEPTUH.

310 caenaet noaxon, noaooHeIi Adversarial Discriminative Domain Adaptation, JydmiMm Juist pereHus
IIpobaema, cocTs3aTeNnbHBIC METOJIBI OOYUCHHS - MHOTOOOCIIAIONINI MTOX0 K OOYUCHHIO HAJIS)KHBIX TIyOOKHX
ceTel U MOKET CO3aBaTh CIIOKHBIE 00Pa3IIbl B pa3IHYIHBIX 00macTsIX. OHM TaKKe MOTYT YIIyYIIUTh Y3HABAEMOCTb,
HECMOTPS Ha HAIMYHE CBUTa TOMEHA MIIM CMEIeHHsT Habopa JaHHBIX.

Vcxops 13 3TOT0, MbI MIPEAIOKUIHN CIIEAYIONIee PEIICHHE:

CHauana MbI CO3/1aéM KOJUPOBIIMK, KOTOPBIH OyaeT HIPUHUMATh B Ka4eCTBE BXOJHBIX JAHHBIX MPEICTABICHHUS
HCXOJTHOTO TOMEHA, @ €ro BEIXOTHBIC JAaHHBIC.

OyJeT BXOJIOM B YacCTh aJITOPUTMa O0YICHHUS TIOJUTHKE, KOTOPBIH OyneT padoTaTh Tak ke d3PPEKTUBHO, KaK U

B TEKYIIEH CUTYaIlH, HO 0)KUIAETCSI OTPOMHOE KOJMYECTBO BHIUYMCIUTEILHOTO BPEMEHH.

[epBblii ar Ha3bIBACTCS MPEIBAPUTEITBHBIM O0YUCHUCM.

3aTeM MBI CO3/JTacM BTOPOIA IIAT - COCTA3ATEIBHYIO aJaNTalNI0, HA 3TOM IIare Mbl BRIPABHUBACM HUCXOJIHBIA KOI.
JIOMEH C €0 KOAMPOBIIUKOM C I[EJICBBIM IOMEHOM H €r0 He 00y4eHHBIM KOJMPOBILIHKOM, 1 002 BhIX01a Oy1yT
BBEIMTE MOYJIb TUCKPUMUHATOPA, KOTOPBIi MOMBITACTCS KIACCUPHUIIUPOBATH, KAKUE BXOIHBIC TAHHBIC MOCTYIAIOT
U3 MCXOIHOTO JIOMEHA W KOTOPBIA HCXOAUT OT IIeJH, Mbl 00y4aeM (DYHKIHIO COCTSA3aTCIbHBIX MOTEPh, YTOOKI
MOMBITATHCS PA3IUYaTh KAK MOXHO JIy4Ille BO3MOXKHO, a B3aMEH 1[eJb KOJUPOBIIUKOB - MAKCUMAJILHO YCIOKHHUTh
paboTy TUCKPUMHHATOpA.



Konepst OyayT nenatb 3T0, MUHUMU3UPYS PACCTOSHUE MEXKAY UCXOTHBIM U LIEJIEBBIM IOMEHaMU MO X
COOTBETCTBYIOIUE COMIOCTABJICHMUS, KOTOPBIE OYIyT CONEPKaTh B OCHOBHOM BeCa areHTOB MEXK/y HCTOYHUKOM H
ENTBIO TOMEHBI.

Tpetuit mar - 3T0 TeCTUpPOBAaHUE, HA OTOM IIare Mbl HCIOJb3yeM OOpas3lpbl ILENEBOr0 JOMEHa M IENEeBOH
KOJHUPOBILKK, HO €ro

BBIBOJ BOWJIET B IOJIUTHKY, 00YUEHHYIO U3 HCTOYHUKA, IIPH 3TOM MBI XOTUM HCIIOJIB30BATh T€ )K€ 00yIeHHEBIE
policy, TOCKONBKY Ha BTOPOM IIIare MBI CAETaIH [eJIeBOi TUCTPHOYTHB OYEHb MOX0KUM Ha MCXOIHBIMH.

BoiBoabI.

Mar co3manu 500 cimydaitHBIX TOMOJIOTHH, B Kaxkaoi oT 10 mo 100 y31m0B, MBI BEIOpaii 20 TOTIOIOTHH.

C CaMbIMHU HEMIOX0KUMH BIIOKCHHUSIMHU.

Haru mokasatenu 3 )eKTUBHOCTH - 3TO, BO-TICPBBIX, BPEMsI IOUCKA PEIICHUSI, YTOOBI IPOBEPHUTH STOT HHIUKATOP,
MBI 3aIyCKaeM

QITOPUTM Ha OMHON W3 BHOBB CO3JAHHBIX TOIOJIOTMH W 3alHcall BpeMs, HEOOXOAMMOe IS IIPEICTaBICHHS
pe3yIbTaTOB, U

3aTeM MBI 3aIlyCKaeM ajTOpHTM IIocjie OOaBIICHWs HAIIero MOAXOoJa K TOH JKe TOIOJIOTHH W CPaBHEHHSA
PE3yIBTaTOB.

Bropoii moka3zareib 3PEKTUBHOCTH - 3TO COOTHOIIICHHE 3aTPaT BPEMECHHU M SHEPTHH Ha PEIICHHUE.

Ha KaXJI0# TOIOJIOTUH.

Pemenne npobaemsl 0600meHuss DQN-MapIipyTH3auy TOBBICHT MOITHOCTh aJITOPUTMA IS PEIICHUS

Ooyiee CIOXKHBIC 33aJaydl MapHIPYTH3allM W WX MHOTOYHUCICHHBIC MPWIOKEHHs B OOMIMPHON obnacTtu
MHOI'0areHTHOU

00yYeHHE C MOKPETUICHUEM.
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