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Design of Block-based Modularity Architecture
for Machine Learning

Yoosoo Oh'

ABSTRACT

In this paper, we propose a block—based modularity architecture design method for distributed machine
learning. The proposed architecture is a block—type module structure with various machine learning

algorithms. It allows free expansion between block-type modules and allows multiple machine learning
algorithms to be organically interlocked according to the situation. The architecture enables open data
communication using the metadata query protocol. Also, the architecture makes it easy to implement

an application service combining various edge computing devices by designing a communication method

suitable for surrounding applications. To confirm the interlocking between the proposed block-type

modules, we implemented a hardware-based modularity application system.
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Fig. 1. The Proposed Al—Block Architecture,

Aeld 253} ob7|d A E AAST Fig. 12 &

2E o}7]El %) Al-Block Architecture] A
ol 1olth. A o7 E A= &8 ARl

TEHe Z2AA FU, NS AL €38l F, Al

A, 85 dlolE, gE 2l A HFE, 28l

oT ZAEZ FAET Z2A4 U2

B & &8§3t

&
td
1,
o

o]
o]

oy ¢
An)

b
N
=
o
ﬁ
i &

Al-Block Architecturet= Central node, Algor—
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Table 1, Block Node Description

Node Description

Central node processing, application

Algorithm node | machine learning algorithm

Al server or training data,

D ..
ata node training model
edge computer or another central
Edge node
node
Leaf node IoT device, sensing device, display




478 ZEOICINESE ==X M23H X8=(2020. 3)

AJ3tt} Table 1> Al-Block Architecture2] Z+
o] thgk Adwolt} Central nodes E53 ZE
A A REZ2H ZR2AAYT SE& AH2E X
o} Algorithm node® Thg3 MAleld ¢aie
£ EE3std BEEFHE FAT Aot

Algorithm node+= naive bayes, decision tree, SVM,

i
S

I

N ot
e & 2

At

‘8],

kNN, Random forest, K-means, Gaussian mixture
59 ¥4uYFES ALt Data node® 855
olEl¢} etFd RAS AAste 98-S o, fAH e
2 4449 steSo] =y FAoE AZF" Al
serverol| 4t AZHAT B4 Al server= &5
#HA o] BT ofet §&AH| 9] H o] E 1| o]
2z2x9 dgdx A 33} Edge nodew AA
AFEE A% AA AA=ZA FANAY E TE
Z2AE T & Aul2E 233 Central node=
= FART. 4 HAEY @A B9 Cen-
tral nodeE°] Edge nodeEX IS 3l A3 Y E
A3 B2 3t} vpA gt e 2 Leaf nodes 718 F
shke] WA &= 10T ZAlol AW, A A, H2=ZE
do] 59 &9 e = AZFPY. Fig. 2& Al-
Block®] 41 st=go] A2 Ade BoFE o
olo] 17 oA o]t}

2
B
B
A
[r
rx
e

Central node

Data node 1

Fig. 2. Al-Block Concept Diagram,

2.2 OF7|EH EEY

AQtH ol7|d X = WElE|olE B T2ES
A5l A3t HWElHolE A Z2EFLS
TEhE HEHOlH S a4 HENT 54l =
24 o] g3l BEEY 2E 71 WE BNL I
Al @k A3t vEtdolE e AlWME HEE e
W& 5WIH(Who, What, Where, When, Why, How)
o] AY2E F2A[12]¢ Bt SWIHS A3t
WEeldlo]ElE= MQTT, HTTP, Aldd E419 W E
A3 Z2EF EX0E Y JHE EE 2E
AEHE) o9} 22 vetd oy A TEEFLS
£y ZE o|HANAN EEY BE Y ARHE
Z3to] 7hsste A gle FA4s A At

Al-Block 27 W& Fig. 29} o] Halz|yd <
A% 2E3S 22 = EF(block) FEH =&
B (brick) S el & AAIF o B2 (FA)/AHEF2
(FrA) BAlo] b3l vl A4 B2 A5 3%
o= MQTTY HTTPE 53 vetdclg Hg ==
EZEZ HolHE £330 HEF2 BEE A5 4
o= AHA BE 2FO0E AEY B4l vl

4
P
& $a

H o o

fo e £y

23 25 4 @Y

AtE oFdAE g £ Y Fro=E
g B2 2EES Ao @A fr]Ho= A%
gt} Fig. 32 Al-Block o}71813 2] *33ol| 2 &
A e Yebdn ohgek B4 A=A, Hal
Y dnEF)H FY(HaFe o)) oo Agd
o) e BAL TEANGFA, F2) =29 go]
B (3%, Rdd) =0l ALEHTh Fig. 49 Fig. 5%

P

One-way }—— —-[ Input

Machine Learning
Algorithm

4—{ Output H Display ]

—*[ Bidirectional }——-[ Processing / Reasoning / Fusion }

—-{ Database / Training / Modeling }

Fig. 3. Al-Block Communication Direction,



Object Recognition
Detection
e-Paper
) » Command
Voice Recognition Display

Fig. 4. Direct Communication for Al-Block Architecture,

AQE o7 8| x o] F4l W2l
th. Fig. 4= AR A B2
delale] Maleld A3 dold
Z9 o] ¢l HAF o] (e-Paper) Al
S Yelth Fig. 5 €8 E4i]oz &4
=/4¢%1219] Q12 HolHE ZEAA =&
(fusion)ste] #HAlHd-& sﬂ 3 Zo 11 A
HE gaZgolql dAFo] Alz=wo] A

S Yepdg o]9} 2ol Al-Block ©}7]1H]
& Ao ot EEF REES A5HS
F714<% FA4le] 7FsstA .

il

i)

]

Hal2dE 2t =258 253} 018N & 479

3.+ &

M

31 25Y 2E3t Hlu 24

e

AL ol7lEH o) BEY mES
ATE 7|¥ES.E th3 Table 29} 7o
o}, Table 2& AIQHE o}7|€dlA ] &
24319k B4 A3, 71 A7E
Fo| HolHE &8st 7224 &%
6]_1 MERQ B4 wHo :q/\la
Fatant 1 71E dFEL
2 3% tolHES +g§}6}°1

i = N
- i

o
ok

oX
to Rl W
N

_Q of, oXx O{N
> i ©
ra o [o
L

4
Jfu
ot o€

—
M
~

¢

o A
2
—u
BN
fru
41
ox
_qd
X
O
52
e

N Jlm
ol

Al
£ 4

ok

'5‘]":} AT-Block °P7]‘:i‘]7<1“ LE

]"1 ”V‘]Ei” dyzlE 2 #HHH
2 FxE AAHJeH, BE

5W1H94 Eﬁi A 1t3tE w e olE

fm&o%mé
N
ekt

mlnr&fiir-lmd;é:&mlo
ofy
—_‘_L“;

o ohl ot S,fl i) nlN

ﬂ
o HoE N M W oo ooy O D [0
o T O o B ot X ob fu R o

mlm
o2l

Object Recognition
Fusion
Processing Inference e-Paper
F usion

[ Voice Recognition

Reasoning

Display

Fig. 5. Integration Communication for Al-Block Architecture,

Table 2, Block Modularity Comparison

Modularity Scalability Communication Data Protocol Related Research
Dlstrl.buted learning Large data Bldlrectlf)nalb Not defined 8]
machine communication
Distri.buted learning Not defined Bidirectif)nalb & Consensus Not defined 7]
machine communication
Distri.buted learning Large data DataiMOdel paralleli'sm,' Not defined 6]
machine Continuous communication
Distri.buted learning Not defined Synchronization [2]
machine parameter
Real-time ad hoc Ad hoc Bldlrectl(?nalb . .

. communication using Not defined [10]
blocks expansion .
channel media
. . Wi Wirel - . AI-Block
Distributed machine Seamless ad hoc 1reF1 / 1r§ ess, One-way Unified metadata ¢

. . or Bidirectional [The proposed
learning block module | expansion L. query protocol

communication work]
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Fig. 7. Implemented Real Devices.
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