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ABSTRACT

Thanks to the recent advancements in deep neural networks, artificial intelligence & machine learning
technologies are getting more attentions as one of the key enablers to innovate business processes in a variety
of industries and application domains. Along with this trend, we are seeing a considerable number of
researches on network intelligence that exploit the artificial intelligence & machine learning models to
effectively control future Internet environment which is expected to be much more large, complex, and
exploded by traffics than ever before. In order to realize successful network intelligence, it is important to
obtain desirable datasets and construct models with excellent accuracy. In this paper, we review and summarize
recent trends of datasets and artificial intelligence & machine learning models for network intelligence based
on going through a number of papers that are introduced in high-quality academic journals and conferences for
recent five years. We believe that our review and summary can be a useful guideline to identify the current
research trends on network intelligence.
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I. HEZ sk HOIEA 2F

2.1 HESZ S5O0l &2 fst AR
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Fig. 1. Taxonomy of datasets for network intelligence
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Fla QP g} glo| e o] Bl TRE AL TOTEMS HIEY = AbollA] 2h98 7k =g
8356 15 74749] o]aboln Blx] AnfE zalele & AT doleE Eg3le] Tl ExY q
e = A= 9k MAWILab v1.1 "HloE] Al o Aot (Traffic Engineering)= #|<13}7] £13h ="

1059 SAE2 7= olk

¢

A skl E
anomaly & FE3h= 7

anamalyID: anomaly

el dlelelrh E

45 4
o srelP: oA EEe] & P F4 (|4
+ srcPort: o4 Ee#}e] 2 Port ($4)
o dstIP: o]AF EgEe] BAz] [P T4 ($4)
e dstPort: ©]A E=e] 42| Port (%4)
* taxonomy: W] 2ke] o)A} Ewjg] HFHlel| u}

2} &% anomaly 7}e|zE]
heuristic: Port, TCP Flag, ICMP Codeol] 7|4}
3l Heuristicoll wje} &% Anomaly =
distance: Normal(D,)} Anomaly(D,)= 5=
ZX(Distance)®] *HD,-D,)
nbDetectors: 3% H|o|E] & oA} EjF o 2]
EE3 'H]7]e] &
label: ©]AF of%-oll th&t o] E-Z Anomalous,
Suspicious, Notice, Benign % =]

19 3> XML ) E A% MAWILab ©|o]E]
Aol eAlelel oflAelA A E

<anomaly>

v<analysi

>MAW|Lab</descr iption
.]Ha\/‘t
</organization>

n‘ MAW| </description>

gy
="2147483645" />

="SUSBIEIBHS" value="0,94131,1,14574,010,1 001001 00 0 0 O, mptp">

p="49,155.112,60" src_port="22"/>

§23019603" />
<to usec="0" sec="1623820334" />
<fanoma | y>

T2l 3. MAWILab ©®lo]e]4l of A4
Fig. 3. Example of MAWILab Dataset

oluli”i”ﬁl TOTEM td|o]E]4l-& TOTEM Toolbox &
B3] AA| v EYZellA 317 dlole =4 A
*éf& B2 2 =9 Y dole]E A A g,
TOTEM t|o|EJAlS AYML R 358 Exow
AR Zlo] of7] witel] F7iE wlo]ellell:=
=o] oo}t Ayl 54 dloler} ik
2o} o] VIESA A58} el vESA
ET oA=L 917 < dHolH R o] 58 283k A}
#7F ol
TOTEM dlo]E]Al 3= 3}l GEANT dlo]e]Ale-
EU9| A7 w54 vEY=2 GEANT UES =0l
Al FAE dloleRle, 23719 2he-El9) 38712
g 4 53700 o Haz FAEe] Qo
GEANT®] EZ27] dlo|el 3% 591 IS-IS E
#lo]2= (Trace) & o83l A= om o]mst]e] gl
o} = e v 15Fvic}h 7 e E Tl Wk
= B of& WAshs -, oF 478 Fet vl
Efm Aol e 34 313t dlolelE o]83)
odck o] Eafl P21 GEANTS] A4 IGP (Interior
Gateway Protocol) 2H-8 ] H.e} A1E3 (Sampling)

gt NetFlow dH|oJE] = BGP (Border Gateway
<topology> - <IntraTM dAam "20965">
- ds <sre id="
<n0<?150ije id="12"> <dst i ">351839.3689</dst>

24984.1778</dst>
19">5746,5422</dst>
3401.0844</dst>
5402.7644</dst>
18">2231.7156</dst>
4">143008.6578</dst>
1">8270.7467 </dst>
5">9070.4444</dst>
<dst id="3">7688.6578</dst>
</src>
<sreid="13">

<location longitude="0" latitude="0"/>
</node>
- <node id="13">
<location longitude="0" latitude="0"/>
</node>
</nodes>
<links>
- <link id="10_3">
<from node="10" if="0"/>
<to node="3" if="0"/>
</link>
<link id="22_20">

2">94051.6711</dst>
9">8753.5289</dst>
3">1510.4711</dst>

<from node="22" if="0"/> ">5208.0622</dst>

<to node="20" if="0"/> 8">8812.7822</dst>

</link> ">9094.5956</dst>
</links>
</topology >

(a) (b)

a2l 4. TOTEM_dloJejAl Al
() =efe A

Fig. 4. Example of TOTEM
Topology, (b) Traffic Matrix

(@ YEHIZ EERA,

Dataset. Network

(@
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Protocol) -8 ARE AME3le] = AEE Ex
I ASFS Anvteke S Fal wheelAlch

728] 4= GEANT UEY =9 EZ 229} =y
el A 3 Ad¥E =4 el @)
<topology>+ 3}$] 84-% <nodes>2} <links>& 2+
3L glen, o5 7—} %LﬂE"liﬂ T k=
w=tel W3t A 7 e 2 o
3= 93l 5k % L—i Eﬂzﬂﬂ"i et (b)= 15+
b 7 kel ohE RuEE AdE =Y o
kbps W= HAIgE Aot}

A7) 717 370 VB2 Hlol
230 19] M= 2t dlole] $el wjel S
A3E 1) AN, AEACE F o]l
S 9e) e B4 AEE At i)
Agellold Bl e Esla ooy
25 9912 vielole], A tlole] 2 8]
o] & F=3)o] uo|E| & Al 3Ee- et

stk

flilo Ol'ﬁ ol N‘ﬂ

r rE‘:_WL

E 1. dlofe] 53 Eirell w2 3 wlele Al Al #4
Table 1. Analysis on public datasets according to data
type taxonomy

Datasets | UNSW-NBI15 MAWI TOTEM
D Back
ata Simulation Backbone ackbone,
Sources Router
Network
Traffic
Network Network (Header)
Raw Data Traffic Traffic Operation
(Header) (Header) Policy
(Routing
Info)
Measure.m Flow Flow Time
ent Units
Metadata,
Statistical Metadata, Metadata,
Features data, Content- Statistical
Content-base | based data data
d data
dur, xproto, srcip,
nodelD,
xServ, srcPort, .
linkID,
xState, dstIP, .
Examples | spkts, dpkts dstPort. bandwidth
xamp KIS, dpXIS, ’ btw nodes,
sbytes, taxonomy,
. network
dbytes, heuristic, tonolo
sloss, dloss distance pology
632

. HESH3 2IZAls 22 24

3.1 HEY3 X|ssE <ist AIML REEF
AYML 292 W E9]= 2|53} Alxdedr] 2
2 Fde] FAPL He AwgE wme daEls A
E AL B el s vE %i A58} dellA
$8313L Q= AJML REES 3% 29 AAEAC
AZTAAY 71ee) R s FHE de] AR
+ MLP  (Multi-Layer  Perceptron), CNN
(Convolution Neural Network) S-& H|FE3}o],
Decision Tree, C4.5, Random Forest, SVM
(Support Vector Machine), k-NN (Nearest Neighbor)

‘g (] EEH.L] _EL‘—F—T'_ z]od/o]}»]— E]—Z] E;q.].ﬂ l:l]:-ﬂa] ‘F

thekal 8 welel de] ARSEaL Qlth =3
Bayesian Learning, GMM (Gaussian Mixture
Model) = 5 13 7ul WHEESE ARy 7 9)
AAE SRl S0l #3sF RNN (Recurrent
Neural Network), LSTM (Long Short-Term
Memory), GRU (Gated Recurrent Unit) 52| 73-%-
Eee] £ ol A, Agyeldu, AL
5 38 Yolol A4 Ael =ase] nul
2 g #g¥a gl

NG

E 2. VESI A3 S-83opPd A AYML 2H
Table 2. AML Models for Network Intelligence

Application

. ML Models
Domains

Bayesian Learning, C4.5, CNN,
Decision Tree, GMM, GNN,
Traffic GRU, HMM, k-NN, Linear
Classification Model, MLP, Naive Beyesian,
Random Forest, RNN, SVM,
XGBoost
CNN, DQN, EM, Fk-means,
Traffic Demand | LASSO, LSTM, MLP, PCA,

Prediction Random Forest, Ridge, Simulated
Annealing
Resource A3C, Bayesian Learning, CNN,
Management DQN, LSTM, RNN, SVM, TD3
. CNN, DDPG, DQN, MLP,
Routing

Q-Learning, RNN

Autoencoder, MLP, CNN, LSTM,

GRU, DT, CART, RF, SVM,

k-NN, Ensemble

AdaBoost, Autoencoder, CART,
Traffic CNN, Decision Tree, Ensemble,

Modelling and GRU, k-NN, LDA, Linear Model,

Optimization LSTM, MLP, Naive Beyesian,

Random Forest, RBM, SVM

Traffic Analysis | GAN, LSTM, MLP

Intrusion and
Anomaly
Detection
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S IRECERES

b 91 QA AN Bl Y dele 4l 7145

2 e 9 geE © HAsE 22408 eAE)
£ wAlECl <9lelA+= Q-Learning, DQN (Deep
Q-Network), DDPG (Deep Deterministic Policy
Gradient), TD3 (Twin Delayed DDPG), A3C
(Asynchronous Advantage Actor Critic) 52| 738}t
#(Reinforcement Learning) Z@-E0] @o| 285},
Lol e18kel<r(Federated Learning) 2 Al%4 &
% (Hierarchical Learning)®} 72 g4 3Jel]2] vl
=5 d4gto gy ¥ nde| 8 F4 9 §
A, 7AAA, B SellA NS wehs AllEx
vhefar gl

o]2]ell== RBM (Restricted Boltzmann Machine)
% Autoencoder, GAN (Generative Adversarial
Network)®} Zro] A4 mel-S- x}8-3}e] ZgljolAlet
2 B Bz #4o) &85 AL} 9lont oAl A
A2l AT vlsl] AA AMSEE Heolrh

3.2 HESZ X3t S Al

2 Aelld= & 200 ARG vIEYZ A58 S8
ol T W A7k AAE L Qs 3 55 el
73l

3.2.1 E2li=E 2F (Traffic Classification)

Ey B 82 vEY= 341 Fal 7k
toi, B2t 2 EdRe IR, B4, 58 5
ol wje} PEele A HEL ek ksl o)
EQT EfES giites =En] 1;]01 < _El_a]._?—zol’
olel<l, ol A% 5 T $-4HS TEe] 4]
?‘s]- /K]—E:]]——Ao] 1:]-]47(40]@[35,65,70] 1;-] /KT;]_El t‘sﬂEHE o)
3319 Efge] 24938 LRSI dAFEE S
Bl Qulsssel, w3l o33l 1P EdEe] AL AL
OEF ¥R 9Ia ARIEE e,

716t 3-8 At 2+ 1P EefFell4] ToR EefS
FFsAU, TCP2] 52113 (oll: BBR (Bottleneck
Bandwidth and Round-trip propagation time), Cubic,
Reno, Vegas 5)< £-7% =gzl Ralek (Mice
I Elephant Foll4]) B/, Z2990 A4g o
AGAREE lEske AT S8 E 5 9)

3.2.2 Ezfg #20Z%F (Traffic Demand

Prediction)

S8k Al UlES =, HleleAlE, MEC
(Mobile Edge Computing) 2= 5ol el7b=l=
Eef me fasl] 25 A CdSshs 71E
=5 g3l

P Eohy Sek o5e] A%, e Sl o
o 2o e BT, S i

= 2T
EdqY 2 % Low, Medlum nghi “/P—’T—E]-i'f}—‘:— o
Al S AR wole A= el

tlolE|AlE] & Ao sz A, HaRE Ed
ze] oL oSS, CPU, wxe] H vESa
E 5o Al eT7=F 2 S AREE YlS3ke A
g7} glopel

o]x-E4l X~®l W MEC 343 diite s sh=
73-%, 5G-NFV-MEC 3%F4°] UPF (User Plain
Function) 85 w= =g qlrjek oS08,
MEC 7|4} CDN (Contents Distribution Network)ell
A Y E = 7| A] (Cache) ARIF=]E $13F U4 ==l
= A=Y w= Serverless Function®] A18JH]-& o]
S qke] A7 4 chad dlole] Sl oS
U103 o e e Eefg] shedef S0 7|25
W El Q7R oIS 55 AlE R E 4 gl

3.2.3 X}2l 22| (Resource Management)

E $gRole f-4 vIES =, dlele]AlE], MEC
2 7hst MEYZ Sol Al Ede w92
2ro] AeE A3 2] 39 E AEY TEES

2| A gk} 2H-& 34 AbAle| w2l CPU 5101 CPU
238 (Clock Rate), VM (Virtual Machine), A]H,
Y EL T IZ S tlekst f3 o2 o= 4 9l

A7 2] ASol= A (Channel)3H A7k}
T 2K mm= Ao YR 7447} 753l

= S R she A VM A
2 (Scaling) "0, ¢z =ey %%‘r% CPU Fo]
7N, CPU Z28 5-& A= 750 A
ot} w3t A= AIES I8t A4l ad= Aaks
T A AgE AAsE o BEg AL
(Scenario) & 71 3hH= TEx P,

7 VES = #79] 7%, VNF7} AlsgE wes
AA AU, SFC (Service Function Chain)® ]
= geks ARSI d7AtelEe] sich

& FE9ky 9l MEC 3739 749%, AJML =
dE AR AR 253t Aot el o] F
olza glrh Fo3F ARIRE YaEs= 2zady
(Offloading) *I5-5 AXsl= A7 & 5 o
[88.89.9395] " 0] 52 Fog-Cloud-IoT -§3F 24 l|A]2]
227t 2 431%, QoS ®AE $13F MEC 913259
EA A MEC 7]MF 53 eolsw 2 V2X
(Vehicle-to-X) ellx]e] AlRE, 5418|8152 1) =]
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AZE #2431 5 orloket B A 9 5
7Pstar olck msl ARSAl TR e )
Aw] 2 VM ZAWL ALSx) ey A5
CPU Alo]ZF (Cycle Rate) &t Al|o]™ £} Zlo
olz] FEpE &S A Alofsl= 23 A=
(Joint Optimization) AFE% & 4 itk

7] AHE 7R s T R ole A
gt ATA s g slel e 5o
Aegrozn A5Ae FEIATS Hghhs Al
A 7 v

N 0% o

-

o

3.2.4 229 (Routing)

2 S8 Hol=1P, do|EJAlE], NDN (Named Data
Network), 2H#°e] (Overlay), IoT (Internet-of-
Things), ©]5-5AI% 52} 2o thfst U ES| = 317
odlMe] szl £9d, 2w W g3 32 Jleed
Fagck

HEZ #53kE 538 S HEs v AHEs
IP 3¢] izl 299E 93l ohs AR A Hde 2
Az AlElEe] vl |8 By nalek W
S5, Ad Adejet Ze] ol e 5 AdlSEhs
WA e glef? w3k ECMP (Equal Cost Multi-Path)
2h¢-8le] Z 21| (Path Ratio)s AA AW, =
W 7S Al ZHER A’k vl glck

T ool dlo]EAlEM, 2m#lo] " [oT!™Y,
NDNP! 5 vleofgt Alve] 0.5 vt 29 253}
At Ee] &gk

3.2.5 zZ/olat EXl  (Intrusion/Anomaly

Detection)

E ek vES A IS 53 7
7, F25 4 EfTd] RS 9% MY ==
o| a5 $17 dlolel7}F 23 sl=rE Bt
= 7S AL

IP UEzA] HebgA ©x9] Ag, ud
AYML =23 7]HF 253} dg-50] A4 (Normal,
Benign 522 #]A) = o]} (Abnormal, Attack,
Intrusion, Malicious 522 A& = sp}=E #Ats)
£ True/False ®A] HPHES eisla glej!08 76466
TR g w2 AFRL Asdelde] e-s
A= S, A9 ofiat hdshe Znte s
= AR AlgAde] glew, AYML 2E 7]uE ©7]
Al=dle] AeE A =L 5 sivke 2] g7l
wlitel] B2 A7-EellA A=akar gl A2elch
wyk A, T, A, vl o] '] el

&
e
3
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4Z 07 A3 A E glonlll A= 5] W
A 15370 7 8 net ARs) sk
el sk Qe

=3}, DPI 3]9] 37 &4, DoS ¥ DDoS 54
SO0 BGP o] AREAl B2 MEC RH,
IoT HeMSl A A WELY=T  (Wireless Sensor
Network) 4] otoj#] e x| ~mje 2t 2
QU ) A g} 1] 4] ARG S B
o] AFAel 34 e AU vHd ATE

= o Algkel uh gl

3.3 Ojzf HEHT X535t S2 Al

E Aollxe AEdt AYML 22 7 Y ES = A
&3t A7 5 vl HESA= lzE SlE Iils
¢l SDN (Software-Defined Network), NFV
(Network Function Virtualization), NDN, MEC, IoT
oo 54 AuE| el aE3t ATAIES 7wtk

SDN<| 73-%, C4.5 2 Hoeffding Decision TreeS
83k T2 ASE 2 ASAE S, GNN
(Graph Neural Network)-S 283} #ko] x]eiA|7k &
PAIS 2 7] £ALE oIE) LSTM 7|uke] =2
- JF5 o= Random Forest 7]4ke] SDN-Edge
Fehes Edlg Q7 oIS, ZJslsles 7ak glo]
EJAlE] 2hee] AP 52 AR & 4 9k

NFV2] 7%, DAT (Delay-Aware Tree)S 83+
VNF¥ A3)9]x] 2404 LSTM 7]4ke] SFC ¥ -
sleF o5, SG-NFV-MEC #7J¢ll4 MLP 7]1uke]
SFC 43912 2|4 2 VNF 27| 4=, zledoi 2z
719k dlelelAlE] o3 APpER 55 AlelE & 4
otk 53] 5G-NFV 3Hollx 7slelsrs &85}
Z137=] MANO (Management and Orchestration)
218 253} Zero-Touch Slicing A&-S- #]sh=
A= Ak vl e}

NDN<®| 7%, NDN-MEC 3Hgol|x 7}3}sherat
Ensemble 3% %3} 704 (Caching) #5317,
NDN-MEC 27 e¢ll4] CNN~7|4ke] Content Chunk
A N, MLP SPie] ehe AT 52
AR E 4 Sk

MECS] 73, 738bei45ah Aghohe-s A w
W MEC AH, A 2 VM 2AEY A3,
5G-NFV-MEC #3ell4] MLP 7|4k SFC 413 ¢
2] A% = VNF A% NDN-MEC £H7l|4]
CNN7]4F] Content Chunk'd 842 =% GBDT
(Gradient Boosting Decision Tree)& 83+ MEC
ek e Fog-Cloud-IoT §3F 8745 ¢1%
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E=E/UEYA A

SEE A AFASIASE 2l 2 dolEAl VeT

LCS (Learning Classifier System) 7|4} $]a2= ~
A= MEC 274 Bayesian %3} =S
83} Serverless Function®] A8in]4- o= Qos
HARS 913 MEC HaRx=e] 73)slkss 7|k 384
ol MEC 7]} V2X "ellr] 738elsr-s 24-3)e]
2ePE R QAT 7|A T AR =S| xR o
737“[89] A=A 5 (Hierarchical Leammg)a e
& exar] Ao MEC 2Hell4 733lsls 7]k
2 A7 HA43E 93 ez 2y Ao)®! Random
Forest 7|HWFe] SDN-Edge Z&2}9-= Ezlg] ol7}k o
S 55 AHIE & 5 oltk

I0T¢] 7%, CART (Classification And Regression
Tree) S ©]83F AF4] 4 10T Bek34 ©#] & w7
CNNZ} RNNS 2318 ¢h58he ToT Eef 71,
Akd-8- AlelE 913k MODBUS ZE2EZE A4
LSTM 2 Ensemble 858 233+ Mekzr €A%,
Decision Tree®} <A|%=38k:  (Semi-supervised
Learning)S Z33¥F IoT 33  AgieA™,
Autoencoder 7|8Fe] B|X| L&H<5S
=4 A, 74 ToT ellAe] GMM 71HP 71§li
=g 295 (Opportunistic Routing)®4,
Fog-Cloud-IoT &3 345 91§ LCS 74t $la3=2=
2AEHR 55 AR 5 S 9k

v. &

rhu

H wold= 2016W4E 2021W7H4] 2 517
Al D HEY S FokE b AW A H dk
ool baEsl 112:9] =S AdAste] et
HENZ A58t A7 A AREE dloeE5S ol
5\—/—: A dlolH, é7‘44--4 2 SAgtelehs 471

7155 AHEste] ERsisich =3 VB = A3t
54 ©rel 2 Z4= AJML 2EES Ak FA
oz _\?J—]g]_oﬂp}

Mg A w2, VB A 2A5stE 918 |
o[BS AlY HAoR AR HAEME me A
ol 3 AellA] A6l e EdigS A4
37, Wireshark, TCPdump 5¢] Ezg 3 Fd2]E]
2 o)l g3 Eeule A, el den s
77 wskeh AJd HA o] "AEwE e Al
o] 7IHke] dle|E Al AlA| 2dE= vEH= 4
oAl vehbs Eeie] dd e XS mF kel

& 5 glcke Aol olek ohA] 2, sl dlole
AL F3l B3 APML RS AR w3
2153}l A8l AT, TR 2851759 Alo)

]

ez ol 11*5} 352l Ast "Rl
AA 28 Tl el A1E EdEor A
dloejdle] 79, HlaEm = = AlEwe|Ad %7(?
A 3= dleleAlell nlsl, @44 HellA Aol
ARE, A3 dHole] 4] Aol B, f]I R °]
qrob ARl A, Al ofelge] S =3
hase] ARt 8=k 54l ofal A= @ 54
& F=ol o5y 2 dlele] A&l wizt el =
oleS AHsh= sl A3 vS-S daw ¥
E]r. 53], Heke-goll gt Asste] A, AA -4
T3l vESZelA o EdgE sAlshe 2ol |
X] 7] wtell, 3 dlolEAlS wol AH8Rirk.
BT #53HE 918 AML 28 752 ©]
4R, 1= AeA élﬁé, EE w05, A
2 ] Y A, XH AY & Hx= T °4?73er
=°] W2 HFE AskaL Slek 59l Zelele
MEC 7]o] 2R i =iA, 3d 2dS e
& exed g AAEE AR o SR
A7) d7gdel = BT A153
T= Ayl §A 2 uES = B iR 5
54 S8kl wel 2o slov, el
EE AR E WS 2 FAER el

o 2 o

Hu:

] ) Aolleds} SpEks), S EAIR] Eo] S8y At}
< 913 Qzeh AAle] Folr] dFeede] s
b Ao Aoz e,

A7) Aget IAHES sl 2l U ES
A A3l 218 Alide] A&A g 28]
M= oheat 22 olqrEe] A= oo} gtk A
A, VEH=Z ] 2 8450 =istas) sk
AYML Ede] A3l delej e =44 gng 4
3= Hgle] miglE|efo} ghrk dlo]E] 7S s v
E9= de] Y -8 gl Eo] dlolEe A Y E£5
£ A AAHE 3, A L FIHeE o
ot s AE 4 9le AN API (Application
Programmlng Interface) & Al3-3h= Ao & 7]—7<] 1}
oto] & 4= 9l EAIE, vkt Aol 4
TR AAHOEE 58 7FesiaL Sl 83 &
A dloelE 338 AUML 2 3ol nl ALg-at
U= ol Ale] S AU sl ZEe
(Framework)7} 2 83}t}. 53] WIH EA ek
5 dols IS AEst 52 FREE
U= thFRt 7ls 2 =] e AlFsel Al
d, VE= Xl—@% 23kt ApML 2= 7R
1S B840 R AP £ uF Y3 s 3
7S Al vt glck o] E $lsiA 7122 AUML

_llm 3“.:

E%"br&m—l)‘o
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ATEL 7o e B4 -8l sl axpHel
t5 dae]Ey 2l ol7]9A] (Architecture) S5
AN AR Beg BE mRe A,
7|AIE e o7 S Algshe Aol Fasitt
1 g5 mdle v EQ T 314 WiEE 7}
Aol Ao Fashs A AT A F
89 Aplaz TR 5 9l

AUML 280 7] A5k Vs ze) A
S8 B0 Pl 4P BAE S Qb
Aol QA|HE Au]| A 7ReAd o EA| ko] 93 e
= 1'311 *a | -85 AlxdedlMe A =3i=A
Tal Qs AFstele). welbd, WE92 X559
f& 71#-4, AE A AeE S 8k T1EEe B
o2 AlFeh= 2lo]Bef?] (Library) 2 Z#|919] =22
Zdo| 7lE= Alolel w3k, o]v] 2531 oy
Al gl P AYML 23S A R3] S17E dle]
B 74, T2 EeF 4 FNE (Platform)®] 7S ¢
g o 5ol WeiEofof & Aolr.

R =1

=t
o) g

o

=3 ol

it
u!

N2

P
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