MoE 7|¥t % AR 53 XFH T4 A" 8§34 24

oA, 3
Qlatsta, <l

[e)
o
o
syahn020@inha.edu, swko@inha.ac.kr

9% o
I3
El

Feasibility Study on MoE-Driven Multi—user Goal-Oriented Communications

Se-Yeong Ahn, Seung-Woo Ko
Inha Univ., Inha Univ.

ok

[e]
s R

B o Jto] A= Large Language Model (LLM) % artificial general intelligence (AGD2] 34 52z gl
Expert (MoE) #+%& 83l o8] fFHE9] &3 goal-oriented T4 A|=¥S HA 5=
2 A= thE §A4 A5 R Qg 2Hde] EAE wl, MoE & B3 &40 = S Aost
PEAZ elsttl, FHo F-#7} FFE38FE binary classification 412 MoE ¢ &% 7H4 Ao
dolg g3l A H2E A= 100% S898S ZAdh

Mixture—of-
mdow g} 53
of WAL FAY 5

1A e glo]Elo] semi-orthogonal 3+ A|P2E FHalA BT
) = ol IPE ZAINES 3o »E AYst. 2 dojHe
Large Language Model (LLM) % artificial general h; 3 h, AL
intelligence (AGD®] F74gtel wet, 4 2 A< FAE ANEE ey 2
Mixture—-of-Expert (MoE)ol| thal #lo] Fmolx]ar gt}

_ = _ . = hyX71 + hy;x;
MoE = th4:9] EAZE BgA e Qi B3 task & y=hhriah

aE&Ho2 o7 M9 expert ol BAAA A= ¢l 21" 2%+ semi-orthogonal 3 A|YAE F319
Wi 2oty B A MoE 1235 #gste] o A FE@H oW AJ¥29 non-orthogonality =
FrAEe]l EAF goal-oriented Al Al2=H-S AASH= A3zt el Fal Ase vE 9Ee] Alse] s
s HAez 3n. 53 2 dAFlM= tE #A49 W "l S ealE dolE e ve o] xdETh
Az g Aol =4 W, MoE & T3l a&sow -
L Aofste] AL SR 5 dEAS AT X=Xt agex
—_ hy

o. &2 xz—x2+ahzx1

L R A o B R e e B e
FAZ MAC 48& aefdth ¥ F4E 2% binary 1) MoE
classification WA& 7k ek §4 we] Aib
=9 BEoz 9l on-device &0 BrlsEcha Mixture-of-Experts (MoE) “Z+= gating (routing)
AR Al T SA= folEE g9 dAEom HEH S} o8] expert & TAHT gating EH A+
NA T QxR Ysle]  s|H o] sHa Y= Al ol Qe 71 AFE expert = AEdith 7h
Aol A Tl M s edge learning T2E wejgcy,  expert = AW 2R AAH a9 AU FAdT

7t whako] Z}Aal 91 typical HolE MEZS x, 3} dlolg7h SesE 725 7bd W MoE + w4
x, = Aot AE Al MR 7Ee] IS Fol7] 9 ARt ¥ AeS Bt 77 FY2EHE M

=
;
X
L
=
Ky |
"
K
&
o
o
(2]
|
)

Data Coding Channel Correlator Center Vector Cluster data Dispatch each data Task



g3k slube] Expert o dispatch 3t} MoE 2] o]#]3F
EAS o83 4 A7 FAlA HoHE AF
E golgE &8 AHHAE F

2) Hlolge A

MoE €] input & 2|28 Fuz wE7] 98 oha3
2ol dolHE A grt.

FA7F AEd dolg xM2 feature signal 2 label
signal vector v,°l| label & F3] A3}

Do) x@2 g FH2HE A5t o= MoE 9
input tlo]Elo]tl. x@ = cluster-center signal with
noise = cluster—center signal vector ¢, ¢ random
TF-AIQE kol =, v, (k' k) & Yl AT vy, &
g2 fA4dd g8 #Aste R 5T 4 duh(l]

3 4¥ A%

X expert 1-label: 1

24 -
o expert 1-labels -1 s """ |
L . oxpert2-label: 1

expret 2 - label: -1

Figure 2. a=10

User 1 User 2
Expert 1 3190 0
Expert 2 0 3210
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Figure 3. a=1

User 1 User 2

Expert 1 1632 1611

Expert 2 1623 1534
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