=X Sets| =& X[(TSE: Transactions on Semiconductor Engineering), Vol. 1, No. 1, Oct., 2023
https://doi.org/10.22895/tse.2023.0004 ISSN (On-line) 3022-2028

&839Ql Transformer B9 ZFAHFI}E 3t +x3d

R
Structured Pruning for Efficient Transformer Model compression

FoA L, ol 1

(Eunji Yoo! and Youngjoo Lee!™)

[«
)

o
HZ A IT 71959 Generative Al 7]% 7/B¢E Transformer 299 FE7}
Z =HE dHoirie TEETE o= %7}3}3’_ Atk o]yd Al AH|AE
A &Aoo 7 TheA sH7] e 2E ﬁ F3l7F A4Aolg, B =R = =9
23} A o0 7 FF3 % (structured) TFY WS Zol Transformer E2 o] 733}
%94 545 Ay 455 ety diel
4o A7l EoedlA e HAs A & Aok A =W GPT-
3PS o ARbel= FxstE ZFY 7R A
- e U]/‘ﬂ 749 (fine—grained) ZF93 A9 JFAS Hes=
A ‘5]_ 249 thd] 0.003%% AIdE &4z E

W mEE 80% EO] Tx3tE JHE = 7rEEE AP 5 Q.

ABSTRACT

With the recent development of Generative Al technology by IT giants, the size of the transformer
model is increasing exponentially over trillion won. In order to continuously enable these Al ser-
vices, it is essential to reduce the weight of the model. In this paper, we find a hardware-friendly
structured pruning pattern and propose a lightweight method of the transformer model. Since com-
pression proceeds by utilizing the characteristics of the model algorithm, the size of the model can
be reduced and performance can be maintained as much as possible. Experiments show that the
structured pruning proposed when pruning GPT-2 and BERT language models shows almost sim-
ilar performance to fine-grained pruning even in highly sparse regions. This approach reduces
model parameters by 80% and allows hardware acceleration in structured form with 0.003% ac-
curacy loss compared to fine-tuned pruning.

KEY WORDS
Transformer 24 ¢1&F; F+x3d T2Y; dugZ-3st=9 o A3}

I. A & GPT-3 [2], HyperCLOVA, PaLM [3] 59

ZAY Ao 2o S °=Z At Gener—

989 2d F°] sl Transformer ative Language Model AF&3F Al =22 Al
(119 SFo=z Al 7]+ &d £57} Ae| 2ol ThsAdol AA delal o,
ZyA o7 Z7lstz Qltk. Transformer NetaaAor oy AeuwEely =d
nEe wd 3717} AAE =mdeo] AIT Atol =% gdiEtA AR Uk o]H[A
ds GAl uwlEEke] Eolx|7]e CNNXE.TE A8 Al 7149 CNN& 72d F#Ho| ==
o wmE Sx2 19 3718 719 Ass Hlg grE7E 29l 15w F7hsk "ol
Lol ARyt el FeE . Q) W3l Transformeri= 2We] & 750914

pohang University of Science and Technology S7Fetal Qlvh ol AAl AFHol F7t
2ot E3 =
*Corresponding author: Youngjoo Lee, Sre FAs THEY. 53] 95 =47
youngjoo.lee@postech.ac.kr FEE g 9= AAAE Al Et.i:]_, ChatGPTZ9]
=Rc)
a =

Aeceptod Ot 12, 3028) e 020 A7 = 12 8,000%7k4 ARl
23 TSE, Vol. 1, No. 4, Oct., 2023



mailto:youngjoo.lee@postech.ac.kr

F2X|, o|EF: 22Xl Transformer 2

g Fyst

i
Hdo
rot
4
B
_}9_}
il
=1
Hu
or

A obE W AR T3y AHE
E2E 7 AMdAEE S~
Z17hafol E o) o g AR mdS 7pA Il
g5y FES AYgstd w2 o U7t

o] Hr}h o]t

ApjE]o] AHe] 2
AU AE AFste] ol&s U 7IgdAes
AAHdG AA e = (overhead) & <1%H
wost Av) 2 B]go] FAZE frh ohebA
Transformer <agl=9 th=d XHIFS
Al VIERTG HE ofUAE AgShe
treFst HAsk VMol st A AFEHI
pi=
2 E=wolAe dA 7y 7 vk

Transformer ¢85S 74 23}slo]
st=glof o] oz 9 EHE =

T Se gk dAFE S &S
AdA © 2 Transformer ¥i1d|&2

A A4 (fully

connected) ® Y=}
7}E 2] (weight) @] -3 Aakea]  w$-
me FA AAS fFsbr)el, o #elA
ZHlE = UAE HAster] A Ts
o]l AlFSHAl @rE L vk whEbA
£ 9] Transformer YiElE 45 7=l
wdE drES WdsiAs B2 A7

A)E BE BREE GFEA dneFe
e Ase AUE fAsks 1% A
goln gk B wRelA:

2 24 (pruning)

O

[4]°] tis] THZH 2 tFH o]lE Fdly
SEE AT Ale]  7]vlo] = Trans—
former = 71 Ui o9ty =

Transformer 271 Trans—
former?] ©eFst 5 VIMES AHEL
el wyel ZRdo]  tha]  xA 3]
Zlestth, 9 VIHES FEste od5H
Transformer R A A% s Ao

thell Al MgelA 248k, Al VA=

xz2y 7ol E=dofe] ALFES
sl 4= Qe A9 o uE §Zd
Weks  oErh. wpAHgor VA=
A2y 37 Bt §873<Q Transformer
nd S5S A% FUHEQ nHARES
#| ok st}

II. & &

1. Transformer model® A

Transformer 7|WFe] Q¥ AAT
duEELS  7]F¥ RNNO &7 oFEA

24

wAE FES ¥ deolrb CNNETE
MAE AHE QJAES Kol o]lE E3
U AR 2 =5 A3
Output
Probabilities
; Add & Norm
Multi-Head Nx
Attention
Nx
Add & Norm
- Masked
Multi-Head Multi-Head
| Attention | Attention
. J \\ J
Ereoang —D @ Ereoing
[ Input Embedding ] [Oulput Embeddlng]
Inputs Outputs
% 1. Vanilla Transformer[1] 2]
block diagram
712 Al Transformers W #]z
ge AAx o ARx AL 49
139 -3 (encoder—decoder) TX=
olsold sty «mHE Y EES
E@E gL s, ymds o BAS
MEow e B4S A4RY. oldw
E54de vEe®E ookt YPEHe] Trans—
former”} AFEHAL. EE 1= oY
HE 9 Transformer FH9 EA o s
Enviiicia=
(1) Vanilla transformer &€
Vanilla Transformer[l]+= 2% 19
wzl  7]E9]  seqlseq TR AFHT -

gIdgE w29, ofeld AU E (attention
mechanism) %o=E & AL dAd
mdolt} 7]& seql2seq RE[5]L <17y}

Ay AFAE s ¥WEZ  gEShe
HAgel 4y AR AHARIE AR
EAEgE dygo] AR, Transformer

FEE ofdd WMAYSEE S 9 SARE
=]

=
AT 5 gl 2 F=g

ikt SeqZ2seq
duElEY gy RS slysta gy
=g Atolo] HAS oEAS 2171 91l

ol wA Fel
9 ONNw} e e 3
SIS

]

(%

t weste

TSE, Vol. 1, No. 4, Oct., 2023



F2X|, o|FEF: 22Xl Transformer

712 A ¢l Transformer 41 g]Z2 AAAk
ge AxZ ofdld  o]of (self—attention

layer) ¢ HEXZ Y= Y EHT #Holo (feed—

forward network layer)E 1 =
AFH ¢} Ay layer?t o8] MR AdEo
Qlty. E3] Transformer <1EEo] 2

Eq¥ AX ojald wAUSS Qe A
Wel wol 1 wAE shereke] ¥ Aes

7bFsst Fx2E 7RIt webs CNN,
RNN®T #5322 JdiEsS A shAw
Al Yol e dolE 3 Mol AHeElstr s
Hdslrlh  folste] RHEe gy HLE
ol H Egs ok Ed "Wy =

attention) 719

o] €l A (multi—head

ARgEEe] A o'l S o] A FoflA]

2 ol Y dHeolHE oY HE
I g

(2) 997 7]4t9 Transformer 29
BERT (Bidirectional Encoder Repre—
sentations from  Transformers) [6]+
Transformer?] QFHE ol =07 Ho}
=Y FRE U do REEs sy,
Vanilla Transformer®} &2 AP E#H (pre—
trained) 2} # o] &% (transfer learning)©l

THe o EEE, Hgfi 9AE HoHE
AR FRE ol 5 A]lel A mA

Z7 (fine—tuning) & 3ttt Transformer

olFEE Y EHS ITEstesE ddS s

Al oZgAlo|doZE Y
7 &

wolo]

oleldt #ele

GLUEI[7], SQuAD, WikiText 52
HolEl S &-g-3tr}

dolg el qE-—  AAko]  FIAHE
ofedld  Holojel  FEXJE YESZA
fdlo]o]:= vanilla Transformer®t FU3aH
TA ol 9l BERT+ ZA 2714 2E,
base®} large® EA5tY  ZzF 110Me}

340MA 2 stebu|E 4E zleth dugZ3
dolel Al ERel wel Ex9 g BE
824 ARFEAA o)k e 5 gl

(3) =9 7]¥t¢ Transformer &

GPT (Generative Pre—trained
Transformer) [2] 2F  PalLM (Pathways
Language Model) [3]1E U©zHE oy
o7 Mol & FxE B AN ALY
2 A "HAaFd 53hEo] vk Foxl
= oA AAAeR T NS 3R
ste, Y ZEE  weprbdaA oA
dolEZ2HE oy Wl E d5eta s

25

O AANY Al gugS
stte|g o] 7t S
Aem Asshzle rd
77y sk d e R Fkska Sl
GPT$} PaLM2 A& 39 <o REA=E,
aA~ES A7) sl ol oo s

BERTS} ©Z7
whz} o]

10 2 o

AHgEth Wbde], BERT:  mhaz <o
ez 8AES oty s Fyeke
TS Alg-Eh o] dk xjol&2 Qs GPT9
PaLM< BERTHRUY ¢ %2 3Zv]grt
Festth wek AAAE AlS] AT w)
sgAdol AR e ®md =719 F7}
2e7 Y3 wEvh GPT-39 PalLME
Z}z} 175B9F 540B 719 wEvE FE
Zh=t}

—————— Model compression techniques —

O 2. B2 45 T

olgi et MY Al dudEHS Hrleb)
&3k Ho|E Ao 2= LAMBADA[8],
WikiText—103 o2 1009 77 d=
tojolr] FHg olddloryt YrE £ Q&
G 58 ¥gstal vk 1Ela o] ndlo)
Aes  FH7kske AXEE perplexity &
ARE-gITE o] lo] muEle] Folxl gAES
el & dS5ses AE FHs
Perplexity7} R&5+% s dolz A&

Fo Fuu nesths 2o o A
I e welE Aed 4 gtk

vd gEe Held mde] g
fAsEA 275 Fol: syelth ¥
2o VlERW uhel o], HEAow mi,

A

distillation) &°| St}

FAsh= B4 dEuEy 2445}
gl ge A Wel delld wdsks

ot} o E £9], 32HE Y54 FH FE
BHIE AFE v Aol ik &
oojt}. o]gA s mdle] wral ARy}
Ar HxE A E 4 Ao [9]1-[12]. F
HAZ  AA FTRHe & Ed(teacher
network) Z5-F 29 (student
network) ol A &-& dgst= WHolt}, old
TZE 7R 2 A7 2R

TSE, Vol. 1, No. 4, Oct., 2023



F2X|, o|FEF: 22Xl Transformer

29 FYsE 9P PEoE Y

welo] 2 w™el Yy uebgAy
Aofds & k. Fd wgo]  wol
AEHAW ZEgs go] mue I7]E
Zo vlme AHgE AA S5E PaAd
S o [13],014].

251 & el e
CRESIERC

RN
oo T, (i it

Feed-forward
networks

[
Scaled Dot-Product I
Attention

M A

Linear (Wya)

.
.
.
.
.
Multi-head
attention
y
(y

Normalize

Layer input

Original weight matrix Pruned weight matrix

Masking matrix

*O: Hadamard product

1% 3. Transformer TFY A& 7%

woppg =

Hilys wdo] &4 By Sof u
VX ForxE skt [15]-[17]
ole] thd AAME YES EE 2.(2) A
7)< 3ok,

(2) Transformer TFY 7|4

1% 3% Transformer EE9] dutkA <l
AZE FFE BoFH, HE =
N (Wy,) o HE &= Z2AH(Wyp) 2
oMo ATEPT VEYT( Wy , Wiy )
7IA 115 YeRd+= 4719 F2 7FsA
HojFErh AWy =27] dY

[e)
A9 84 A= 47 3d X d, d X d, 4d
x d, d x 4d= A Transformer
A0l 7Y wAl =24 HAe
Aol T 7| 74 3] 24 (weight
sparsity) & gl 2d AL ES A 3HEA
2y BRAS Zolr] 3 dE AlgHE
HhHolth, 18 3of YEkdl wvie} Zo], Ty
b $x2 ey 7]

26

Adsta, ZRYPEA & TteA= vk
2 7} #E o] Hadamard #4412 3%
% 00] okd TtEAE T L=t
G S Y8l 2 AT olA = Transformer
AN 7= Ade dldste 4719
npA7) yEs Asi, ol My, €

{0' 1}3dxdy MMP € {0' 1}dxdy 1\/1171 € {0' 1}4-dxd'
183 Mg, € {0,1}9* 7 FH )

Processing
A

.....

MAC utilization

The number of PE

4. Al 249 ZFHe] ZAF
ng

A8l 28

1%

7y wpA7) qES FAEH]
2.(DelA AFF el ofel 7HA 7]HEo]
A st} AE HH el 471
71%t(magnitude) X593 71¥ 7FsA] ghol
O°ll 7}7k- AAS}4]. 18]
[18] A4 7149k (movement)
7teA WHskEFo)

sl o
ZFY
2 s EH A
18] & o] 83}
1} o]
[19],[20]. alld #ts 471 HdliA=
Optimal Brain Surgeon @ ¢l 7]8913
SAF o)At AHE Egfor 3l AEstar
2 Aes R = A o]xf ZAME
et Ak 2¥ 40

4
)
o
!
[
rr

ol
>
Iz

w2z e 242 i ZAE (fine—
grained) AT HAlow 7HFEH7] wiof
Agtr oz FA9RE S| 4st Thex FHES
Azt A rdE HolE 5= W Ho
271E 9wE 7S AFE ZHEY st=do
asds  AgsHA A A 1T} SRS
st=glo] skAQl E Ry i o X
a8 CNN A [21], [22]& S
Txstd dds AAsARE, AgE Asrt
A7y wiiel 428 2ES wEr] $3)
05 T7HA71E Aol B Aster,

TSE, Vol. 1, No. 4, Oct., 2023



, 0|g=F: 28Xl Transformer Z &

8

=}
T o

ﬁ
_}('J_}
iy
0
%
41
b

st

=1

71% CNN =]

T2 WhHe fdd =29 (21] 2 HEE
ZR2Y[22]9F #L A TFRY FFES
ZAFSte] e ATEo] gty dnbH o=,
Fol =Y & so i, A =HE
Z2ye Qg EEY Hzx o ke
YEQ A9} vHluste] 7 77k HASEE
Az, TR FFo 7|5 F7HA7A
nd A= AsA|Z ﬂ?éﬂ

o A
SEl
z1 7

#9

ny 28 3]
AgAel fAE Fo
Q8
Transformer Ed9] 79 ozl dAF-olA
oy g [23], [2412 stalsbr] g
= @ (head—level) £L4S AT &
ik A% welde et 344 A=

3= [e) =]
gl TP 1dl Ass AA ASHAA 6
[} =
< 0.3°] A< @QE [23], [24]1=
o =] =] - >
FASER s d HAHo|t)
p = 0.8, transformer layer #3 of BERT base (d = 768)
S | N _ {Head #0
Query ] Head #11
Wo emb, Query
(d xd) (dx1) (dx1)
Key Query (or Key, Value) generation
- Head #0
X q =
Mup Head #11
Value Wwp  Concatenated emboy
(d xd) Attention  (d x 1)
(d x1)
Multi-head attention projection
@
p = 0.8, transformer layer #9
M;l e Ere R
GPT-2 |:|:
M,
- =
BERT l:[

(b)
1% 5. Transformer "}A7 €l

w3 H= whele] ZRgo]l FAT e
Aspe we AA xZed wEL op
AZIER o]F Al heA 99el =5
whefe) s Agshe W [25]] AQE
Holrk Z1EHoew wAl 2RE TR
ios  EEE wEl g &5
G R mAAS HEdn. ol HE &=

O

odlAd it ofye} I EXT WEL A
o= Agsto] dA ZFY HEES F
SQuAD vlelA BERT €S 2.4u) w211
74% #A ®WEWA Fl A9s 1%9E
HAar7e 5o A3E HoleEn
FHA1el FA9 7Rk ZFYeA H]%

5
WA AR a7 AEe swew ®

27

A waE ' s AlYEH
of ZFY Frxol it QH}E A=
[26]. 259" GPT-29 A5(¢
j_a 5(a)L MMAQ}' MMP—OJ U]’i

4;@03 Bojgr ﬂﬂ B
Oi.ﬂﬂxmhﬂ ﬂ%
o] A @Al o =EH
o] wHeith.  Hu
YHA e TeA A4
wate 37N UF- dxd #H2 (W,), 71(Wy)
2 gCw, ) AR FA0% A3
SgEel, A7e 79 5@l der el
o] My, o B
71 €] ﬂEg ?ﬁii SESHSTE v
kA7) ' My, A

Z

Tkl

(o3
N

J
O{N N ol ru

X ol o~
=

y L

&n

(

20 (o T 2w 1
i)
od
2
JlN'rlJN

A o O 2R

flF 2
[ore
i
Lo
!

<

S@ell dekdl mpel o] T A Fst
Wyp & dld 2= Axs7] wiiel 4
YRS 7HA

o MEXE HEAS XA
?£E¥%§%@%;®mﬂ,@ﬂﬁuuﬂ

9 0.8¥ GPT-2 % BERT

zdlof s Xdi] ’\LEH(transpose)i a9
5l  AZstEg. oA MR gE
Transformer UH‘Oﬂ s +Es + 7HA
o W] QY. &, GPT-2& 3 49]
Qe W EmTL FARNoR FAHAC
AAZ GPT-29 Wy & My 914 @4
WS FRIe EE AN e

MaAoz AHgHch ¥HA BERTE Wy &
A OE MpolA G HEE vtEs BEE

e ZzAAZ FRAT. My, o A
vl 7heA] dE W, 7 @ d A
tﬂ—oﬂ/ﬂ EE:] O]Bﬂ% H_ﬂ]ﬂ?/] 7]_ o/\e o=

g OAHEEY] mie] wEgE GPT-2 u

BMH‘D%_E$-¢Q 44 k7

HolFE Zlom g og/

HNEA whag AES wgow v

fFas oA A = Aol T2

HAojgto® ol Aasks Fojof dq

E—]%O-] 1:1]-)\71 uHEa] _4 tg_so]: 7}1:\: O%a

R S B R R

oH, 7k mA 3l

TR AT S soteof

LS ) ST !

kel WakE AAbetal, o] F owEF b
A~

H_] 03: A=) é‘:‘a
Noff JN T
e O, (i o W

o}
Brlets Aol
sk A v
A 7k e a9 .
olgdA d& upA] uwjEdEl A HlEE PJTE
dgstel B2 Aea dAsH
Wil g A7l FHssy] 9 vy
ARG ol yrtop .

TSE, Vol. 1, No. 4, Oct., 2023



F2X, o|EF: 22Xl Transformer 2 &

BYSE Qs T

B
_}9_}
il
=1
Hu
or

1. 43 &4

mZey A s JFL Wi ML
wal FAS FHSA washs] A8 03
B 2o q AW v 28 TFY[18],
A= A meg(23], [24], B2

A (block—level 25 [25] 9 &3 ¥
o (mixed vectors—level) [26] ZF4&
Eehel ok A WS HAEFC
Al AFolM = AME S S8 TR IS
7}2 % 7FA] Transformer X @lo]
AHE-E9Th 1) SQUAD v1.1 ¢ BERT $}2)
Wikitext—2 ¢ GPT-2. ¥ 1 & &EE
Edlo] 16 HE Y& &2F3s 7IRIoR
st AR UE ZFY A7

A3g gotait,

¥ 1. Z2FY% Transformer? A%

Pruning | Pruning | BERT GPT-2
method | ratio on on
SQuAD | Wikitext
vl.1 -2
(F1 (PPL)
score)
Baseline | O 87.54 21.3
Fine— 0.60 82.72 24.2
grained | 0.70 82.41 27.4
(18] 0.80 81.88 30.1
Head— 0.13 87.67 21.9
level 0.22 86.45 27.3
[23] 0.24 82.29 39.7
Block— | 0.60 82.62 32.3
level 0.70 81.85 49.1
[25] 0.80 78.28 66.7
Mixed 0.60 84.27 24.3
vectors 470 83.37 26.3
—level
[26] 0.80 82.82 30.2
0.6 oldel Zid nEs Hgaw
HA v Al 2 E ZRgo] TRYEA ok

Has wastel 58 Jbed wd 4
Sgdr. o= g = !

2
)
ol
O
2 u

head & %3 M 3k
el S AR % 1 3 go] F4 A}
Aol  ZFY 14S 03 ooz
=o]717} ot &5 #{E IR uA
4" =ZFJe FEvE TR E
Hig o2 AA JlsE ddo s E=
9o mAAS FASHARE, FRIE

717 AR FA At Addein
npxjulo 7 &3 wE g =

U T 0% of,
> B o

= 1
dEE EF adshe 9 Aol
T3k ZRd fEs AR

28

e
filo
T
)
ol
o
rlr
k)
olo
k)
4

% 2o
lox 2
Olr[?ir
rﬂloﬂ'oﬁ
=)
)
&N
[eZ

u

2
o}l
RO ot

-
[\

E X 2o

i

ol fllo T,
flo 4o rlo

[H o [

it
rot
k)
2N
il

ot o
2
ot
jine) -

i, L
o
2
A
1o

e
7beA el 20%% A8 A PPL 30
gt 58 Jhed Bd o
Z2d HE(6 > 0.6)% AAFozH
gy g ZRde Agern mE
S4= #8stol 24 Jhed 723 o
Aedor FGst] W A

Az stedol agds IANE =+

)

(a)
Transformer models
[ Multi-head Attn || Linear (MLP) |

e
ot
)]
=
S
|
N ——

%0 0, (T W rlof
S 2> o [ o iU

Model compression
Pruning

e = = = =

Hardware resource

|  Sparsity-aware Engine |
| NPU

(b)
19 6. A8 (dedicated) st=gole] A

V. & a7

P -FOoF HEHE+= Transformer?
T AAES xR Aol Hgd HE
A AL JFrE dgiFE 00 34

819 (sparse matrix) 9] FEE HolA Hr},
ol ANkAQl Ft=9oje] AgstA 34
HEs F= eI =rF AdH oz dhgsio
Al 34 #EH-S CSR (Compressed Sparse
Row) Y+ CSC (Compressed Sparse
Column) WAooz AAste], dolye A7
T 3tk CSR CSCe&
4] LS v Zo] & AddA gl 3
= * HE A&
dlole 7, = WA e doly s, L,
wpx e o] dloly i), dHolH o wjd=
Uetdl= Ao=, 00] ofd #e JIE a,

TC =
AT

TSE, Vol. 1, No. 4, Oct., 2023



{2, 0|dF: 28Xl Transformer 22 ZU}E 9ot FRIE ZRY

de] A%E nolet B 9 2a + n + 142
dolgz dde 52 WAL B wAS
ok, Hel AT Avs ¥ 6% 2ol
=g CSR/CSC 71HE AHsA AgE

79-,  Transformer?] AXES A9
gojregx] oty FQo wEvHE A A
A wWEZe AVIE 4WvE =d S
Ao Baskal glod [27]. st=dlo] FF2
Aee AtAIZIA ki HAAZQ] ZFYPE
Transformer =25 #Fst7]  fElAE
ot  &jA)|7] (decompressor), AZE 27
AEZ2 (zero—skip controller), u %

A

=] (matching  machine), gl (e
2xel) AAE® <X (online scheduling
engine) [28]—-[32] & A& 3st=99
AA7F A sttt Fal EAF exEkl ThEA
A= (offline  load balancing weight
scheduling) % % A& PE & (set—
associated PE management) &} ##H¥ 1H

iy dugEs g8ste (2819 HA
Transformer 745715 agsfiof  gio
Ty AltstE Wi dRE Qe 7R
V&7 txRIE ZREY gds AH
Agsto] Ay a&S ¢ =ol7le ofHrh
mebs stEgel kAl Fx ZFY 9
olFdE Fwsl EE&sH] A= Foxl
T2 A 9" AL daugls 3134

7427 A0 M) ek e HE T

V.4 &

=RoA = Transformer? &&2%<l
chefet w2y sl sk
Transformer A=l =)
o} 7o 9= AE gJYd st=dolE
o stslel ey W Hzheo)
NS g vk 719 mAl 24"
AzAe Fews

o riz

2
®

A

12 il o ofo ot =
L 12 Ok ol o O tob ol

(
—|l—‘ -

koo [ SLre R
i

T2 s =& U= A9
A4S 3
Transformer &4
&85kl SRy
Wakow  Yolrte
Transformer 2]

O

O

e o

rir hu

HiF B ol o il (X L [H| ol 22 o 20
N

02, 1o o to
P

:
o
=
Fu
Jo
X
_|L'
rlr
re
kit
=
=
>,
HO o

o
urh AR QHEES

U0, bt o et S bt

it
ox,
_0|L
rlr
Y, o [o ot
(o 1> HI fr 1l =

ot 1 BN T
stedlol HeAd FxstE whEo] WAY

ge doly 42 sgate

29

S B (MSIT) 7} A det=
A7 718F7rd ITP) . REa
A (A 2021-0-00779 3, MAARKHS
7I9b stEdolE ®A S o3 3}
dlolg A e 7=/ ¥ A5 (#3 7 J1
ENR) 0 AYgoz AT A — A )
A5 HE = A 7)1 4N EArY (& A)) 9
AT (RS—2023-00258227) 783

= 2=
ETA=

2023 A& ARG 7lE AEgAT) 9
ARoz  AREAN7EFGH (RS-2023~

00229849,10T Intelligence € eFLASH
gBeeg ¥4 7|8 MPU/Connectivity/7d %
AR T dt=A ) o] AYds wol
Tl E Aol

3y 73

[1] A. Vaswani et al., “Attention is all you need,” in Proc.
of NeurlPS, 2017.

[2] T. Brown et al., “Language models are few-shot learn-
ers,” in Proc. of NeurIPS, 2020, pp. 1877-1901.

[3] A. Chowdhery et al., “Palm: Scaling language model-
ing with pathways,” arXiv preprint arXiv:2204.02311,
2022.

[4] S. Han, H. Mao, and W. J. Dally, “Deep compression:
Compressing deep neural networks with pruning,
trained quantization and Huffman coding,” arXiv pre-
print arXiv:1510.00149, 2015.

[5] Sutskever, I., Vinyals, O., & Le, Q. V.. "Sequence to
sequence learning with neural networks." Advances
in neural information processing systems 27 (2014).

[6] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova,
“Bert: Pre-training of deep bidirectional transformers
for language understanding,” in Proc. of NAACL,
2019, pp. 4171-4186.

[7]1 Wang, A., Singh, A., Michael, J., Hill, F., Levy, O., &
Bowman, S. R. "GLUE: A multi-task benchmark and
analysis platform for natural language understand-
ing." arXiv preprint arXiv:1804.07461 (2018).

[8] Paperno, D., Kruszewski, G., Lazaridou, A., Pham, Q.
N., Bernardi, R., Pezzelle, S., ... & Fernandez, R. "The
LAMBADA dataset: Word prediction requiring a
broad discourse  context." arXiv  preprint
arXiv:1606.06031 (2016).

[9] G. Park, B. Park, S. J. Kwon, B. Kim, Y. Lee, and D.
Lee, “nugmm: Quantized matmul for efficient infer-
ence of large-scale generative language models,”
arXiv preprint arXiv:2206.09557, 2022.

[10] Dettmers, T., Lewis, M., Belkada, Y., & Zettlemoyer,
L. "LIm. int8 (): 8-bit matrix multiplication for trans-
formers at scale." arXiv preprint arXiv:2208.07339
(2022).

[11] Yao, Z., Yazdani Aminabadi, R., Zhang, M., Wu, X,
Li, C., & He, Y. "Zeroquant: Efficient and affordable
post-training quantization for large-scale transform-
ers.” Advances in Neural Information Processing Sys-
tems 35 (2022): 27168-27183.

TSE, Vol. 1, No. 4, Oct., 2023



22X, 0|YF: ZE€XQ Transformer 2 HEASE st Lx3tE

=4
T o

=1

[12] Xiao, G., Lin, J., Seznec, M., Wu, H., Demouth, J., &
Han, S. "Smoothquant: Accurate and efficient post-
training quantization for large language models." In-
ternational Conference on Machine Learning. PMLR,
2023.

[13] Gou, Jianping, et al. "Knowledge distillation: A sur-
vey." International Journal of Computer Vision 129
(2021): 1789-1819.

[14] Gu, Y., Dong, L., Wei, F., & Huang, M. "Knowledge
Distillation of Large Language Models." arXiv pre-
print arXiv:2306.08543 (2023).

[15] Frantar, E., & Alistarh, D. "SparseGPT: Massive
Language Models Can Be Accurately Pruned in One-
Shot." (2023).

[16] Ma, X., Fang, G., & Wang, X. "LLM-Pruner: On the
Structural Pruning of Large Language Models." arXiv
preprint arXiv:2305.11627 (2023).

[17] Zhang, M., Shen, C., Yang, Z., Ou, L., Yu, X., &
Zhuang, B. "Pruning Meets Low-Rank Parameter-Ef-
ficient Fine-Tuning." arXiv preprint
arXiv:2305.18403 (2023).

[18] V. Sanh, T. Wolf, and A. Rush, “Movement pruning:
Adaptive sparsity by fine-tuning,” in Proc. of Neu-
rIPS, 2020, pp. 20 378-20 389.

[19] Babak Hassibi, David G Stork, and Gregory J Wolff.
Optimal brain surgeon and general network pruning.
In IEEE International Conference on Neural Net-
works, 1993.

[20] Elias Frantar, Sidak Pal Singh, and Dan Alistarh. Op-
timal Brain Compression: A framework for accurate
post-training quantization and pruning. arXiv preprint
arXiv:2208.11580, 2022.

[21] Y. He, X. Zhang, and J. Sun, “Channel pruning for
accelerating very deep neural networks,” in Proc. of
ICCV, 2017, pp. 1389-1397.

[22] M. Zhu, T. Zhang, Z. Gu, and Y. Xie, “Sparse tensor
core: Algorithm and hardware co-design for vector-
wise sparse neural networks on modern gpus,” in Proc.
of MICRO, 2019, pp. 359-371.

[23] E. Voita, D. Talbot, F. Moiseev, R. Sennrich, and I.
Titov, “Analyzing multi-head self-attention: Special-
ized heads do the heavy lifting, the rest can be pruned,”
in Proc. of ACL, 2019, pp. 5797-5808.

[24] P. Michel, O. Levy, and G. Neubig, “Are sixteen
heads really better than one?” Proc. of NeurIPS, vol.
32,20109.

[25] Lagunas, Francois, et al. "Block pruning for faster
transformers.” arXiv preprint arXiv:2109.04838
(2021).

[26] E. Yoo, G. Park, J. Min, S. Kwon, B. Park, D. Lee,
and Y. Lee*, "TF-MVP: Novel sparsity-aware trans-
former accelerator with mixed-length vector prun-
ing," Design Automation Conference (DAC), San
Francis-co, CA, USA, July 2023.

[27]J. Park, H. Yoon, D. Ahn, J. Choi, and J.-J. Kim, “Op-
timus: Optimized matrix multiplication structure for
transformer neural network accelerator,” Proc. of
MLSys, pp. 363-378, 2020.

[28] A. Parashar et al., “Scnn: An accelerator for com-
pressed-sparse convolutional neural networks,” ACM
SIGARCH computer architecture news, vol. 45, no. 2,
pp. 27-40, 2017.

30

[29] S. Zhang et al., “Cambricon-x: An accelerator for
sparse neural networks,” in Proc. of MICRO. IEEE,
2016, pp. 1-12.

[30] S. Moon, H. Lee, Y. Byun, J. Park, J. Joe, S. Hwang,
S. Lee, and Y. Lee*, "FPGA-based sparsity-aware
CNN accelerator for noise-resilient edge-level image
recognition,” IEEE Asian Solid-State Circuits Con-
fer-ence (A-SSCC), Macao, China, Nov. 2019, pp.
205-208.

[31] H. Kwon, Y. Byun, S. Kang, and Y. Lee*, "CHAMP:
Channel merging process for cost-efficient highly-
pruned CNN acceleration,” IEEE Transactions on
Circuits and Systems I: Regular vol. 69, no. 8, pp.
3308-3319, Aug. 2022.

[32] Y. Byun, S. Moon, B. Park, S. Kwon, D. Lee, G.
Park, E. Yoo, J. Min and Y. Lee*, “Sparsity-Aware
Memory Interface Architecture using Stacked XOR-
Net Compression for Accelerating Pruned-DNN
Models,” Proceedings of Machine Learning and Sys-
tems, Miami, FL, USA, June 2023.

F 2 A (Eunji Yoo), &3¢

20174 2€ : Fusty
A7) 88 &4
20179 19~2021d 129 :
EHA A Ax e

20224 2€~d4)  xZ5
gty Axp77] 8 st}
AAtH

<Pl EoP Embedded System Architecture,

Deep compression

o] 9 & (Youngjoo Lee), g3]¢

20084 29 : KAIST,

7] 9 Axpgsta) skt
=9

20104d 24¢ : KAIST,

7] 9 Azkgst A 4
20149 24¢ : KAIST,

7] 9 A8t vab 4
2014 59~2015d 2¢€ : ¥7]o] IMEC 9+¢
20159 3¥€~2017d 29 : F2stw

=
2017d 2€~2021d 29 @ £Z¥Hchgt
=

20213 3€~dA . x&dFystw
<B4 F-ok> Embedded SoC A4 2 #Z 3}

TSE, Vol. 1, No. 4, Oct., 2023



