conf.kics.orkr

202615 KICS &%
SHISeEEi=ZHel
O 18

2XF 20264 22 42 () ~62(S)

34 DZLIEE(EYIEE)

== KICS..‘"-Q UG

The Korean Ins of Communications and Infor: n Sciences

=) e GWTO IS 3%+ o5 2het2 Ryt
(=] Z10] HETIQ] o =TT C
= VOIS-IT—TIG:"“EV%"“““ ZISITTITHE ==l k@@cm
@LGut
GL associates () Hanwha Systems
S
& Q
emerson 111 "\ pSI
- ™\
KCA\ 234 SARnzg e

| )
GREENTECH INC.

ISSN 2383-8302(0Online) Vol.89



R
19A-P-17
19A-P-18
19A-P-19
19A-P-20

19A-P-21

19A-P-22
19A-P-23
19A-P-24
19A-P-25
19A-P-26
19A-P-27
19A-P-28
19A-P-29
19A-P-30
19A-P-31

19A-P-32

19A-P-33

o8 TAESTH MIM - 221 524(

=

=

)

e R RE L L L
A DL MR2I9 92 EX 82 0123+ Multi Encoder 72X 31201 4:0{ THof Q14]
X]-o].n] ul 5)( ;(]tHol-"l)

Q-Cache: i+t2 4 HHS Flot XX YAtet 7|Eh FHA| 7|
)
=5

AES 154 2 0GR )
VA-QKD: 7t WHE 0|85t §2XQ1 One-Shot W2A2 L5}
cﬁa

Y 2ATAYY AG 5GP ey
Whisper®t LLaMA7[Et HEO|A HO|AILA HX| A4
0]73,01&3] o]eqt, 0137, * 2k, A AT A, (F)Al0lE)

U2 loT HE/IMAMS| FZ 2MetE flet A2t HSH T2
W59 465 oH(Leltet)

= Fht QOXI0 2015 5G NR 5718
A= ARG g et )

7|5tetA AlZ2014 718t 2| A =210 M2 LEO A& 7tA| d+ &M
W7k o3 AR el
SUNEY U 2AK SY 20T T TN 83| IR
AR E oIt A 9 (871 eha, *S g eiehu)

6G T2 loT HIEQIZE #IoF 4| QfH|LE A|AR 7|2t 2M SHAk 7|

AR, ]G4 A et ol eh et )

2N = X1 718 V2X HIESFHAM AmBC X2 RSMA A|AH d5 &4

A8, 0154, 72189, o A HTR e Ak

X1z OBD U GPS-IMU A B3 CO[Ef 225 21t TEY 7|9t PINN XK £ 0 7|

A% ol A8 &P (R Alof A gk)

Next-Scale QIHH 7]t 3 H{ZA-710|= T2| 2Bt H0| S

oM £ 5 oA ET AR 4

Sub-THz S SZNML| RIS 7|t AHZ|X| S 2I8t Greedy 718 x| ZAat & LUT 7]t £
2 HA

o|Ad 1A AYA (= hek)

DNN T2 Z[X310]| [ Multipath X2 2tA0{M2] PRACH HE d5 74 7

244 25 o e)

il

e

fital

%
orr
0F
N


ACE Lab
하이라이트


o
=
s
02)
=
=
-
S
>
N
O
U
2
e

zerotiger0930@gmail.com, josseong1227@gmail.com, erjeong@hanbat.ac.kr, 'ydkim1293@hanbat.ac.kr

Efficient One-Shot W2A2 Quantization using Virtual Anchors
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