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GPT29] A% % 2479 "ag =z olFojx Urk FA s 948 ES3 =9
=] Aok ¥ H L v, LIMe] ¥ EZ Jiewts oA oR dAdtdrh
ojwf, AA AAEI Y= LM A e A4kdl LLMS Multi-Head Attention
Layer A4t A%E 4oz wof AxbalAl gk whepa] Qo 2Holx e} YA =

Holx & 217 b2 tlubo] 2ol A AAxkslr] slsiAE of

it

)
frt
rlu
o
rO
>
et
=
=
-
(T
X
il
)
frt
rlu
o
jias
1
2

sk A oA A n¥A =
B =Fo| A= Multi-Head Attention Layer?] ZA3}=ES 7+ do]E (Intermediate

Data)ehal g elstlar, Qo ZH oAl F3b dHeolget A Al 29 EZs A

4 ZEolAZ gt
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3.3 Auld A9

FasterTransformer®] 8°F ZE|o]A oA A== FIF doly 9 DFXel A4
"ol Aol A AL H = T3 HlolH Y g dA gt 2y 2 RS 7 2 A
Eo| HAstyE Fejz A Go] HAJYATIol 2Fzke] Aot AATt olE FEHE
#15to] FasterTransformeroll X A4 ¥+ S37F dlo]E e DFXelA Ab&sts F1t
dolg o] B Hlusle] o]E W F= AwlA 79 (Reshape Kernel) S F7}35FA
Uk shAsE shue 32709 dHolBE onlst, 4F spAEEe] Ao] Zow e b
olH = on gt}

UM _LANE
4 tho  chl Ch2  h3 Chao  chil
R —
- ~ ~
CHANNEL_LEN — 3| — -
Dit_WECTOR 32 2% 16
7777777777777777777777 =512
B4 — || —
1024

1024

[1% 10] &3¢ dlolg 19 AmMIe Azsst nae
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Cho Ch1 Ch2 Ch3 Ch30 Ch31

N NN ) — X
CHANNEL_LEN
DIM_VECTOR 2 32x64
--------------------- = 2048
64
. L] —_— :
1024
L]
L]
\ J\ J ), T )
L]

1024

[2" 11] &3t vlolg 29 Auide AlZsheh A=

[ 10]3% [1¥] 11]2 FasterTransformerol Al ¥ 3+ dlo]E] 2} FPGA9
HBM7} o8 A t&=sAd sl Azt 1go|tt. #59] Matrixe @ tl=
Hoell A AFHE T3 deldolth o] dHolHe yd o] Aujdd F 32719
a2 rolxa, Z wjde 3270¢) HBM Adel dEdn. 2o F 743 o
E T4 dlolHrE Rl vhE F R vrolA Y] "otk 7 dHlolHE R
Aty SlaA ZF dlolEo] 2 7 o] Aud AdS FHEAT

7b mdle mfo wevg e 7hKa gk «9E £° GPT2: DIM_HEAD
#kol 644"k LLAMA-7BS] 7% 128°|th. Auid AEdS feprE 7|vros 4

ge mue] SoleddE Y v wHIY AgHon AMde 9
o}
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NIV _LANE
18 thD  Chl  Ch2  Ch3 Ch3o  Cch3t

‘ o N
CHANNEL_LEN 2
DiIM_WVECTOR 1‘,- 32 32x16 / \

,,,,,,,,,,,,,,,,,,,,, =512
64 —_—

1024

10z4

(2% 12] B9 g=ee) F7k ol st HBMe| t)< w7

[ 121 3 dlolelst HBMo] of 97 tigs=Aol g ola2 F71 9% A
zolth, wel gareld A4HE F dolHE 4 AdHen AAAL, F
E5E (19 1319 (19 4l Qe 84 AZge] 49 (29 121 9= 84 A

793} e dolge ona.
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Intermediate Data in GPU

ChD chi Chz Ch3 Chzo

)

32x16
=512

32%16 ==
=512
———————————————————————— [ I ]
—_— —
>
32
L ]
L]
-
Reshaped Data in GPU
chal arers) | = | — >
) =512
““““““““““““““ e 8 9
e
D
32
L]
L
L ]
|

VAN AN

J

32
Intermediate Data in FPGA

[2¥] 13] =3F dlo)g 7} o] 53+

ke
T

13]2 @Y gz A
A HBMO.2 Aeu =% yerd
g AdS F8 GPU ol A

Host® Ag¥t} ojw] GPURE=+

Intermediate Data in CPU

8

HolB7} g4 ez oW vrgs
GPUl Sl= 3+ dleolH= A
o]

to]H+= CUDA APIE &3l

A7) 1 HBMS F47t x3d FxAE

B =4, OpenCL APIE &3 39 Taftoz BALE st HF

Qoo
%0 FPGA®| ®Algith
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HBM HBM HBM HBM HBM HBM
Cho Ch 1 Ch 2 Ch 3 Ch 30 Ch 31

Decoder 1 [ J
Decoder 2 [ ]

Decoder 24 [ ]

[C219 14] of2] "ol &3t delef et HBMS| g A

[Z27 14]2 24709 "adE AXH [29 13]e] BARSE 41 & 249 I8P &
w o2l F1F dlo]HE HBM Atolo] of§ #AIE Yebd mA ot 7} 34
A e ©d gadel s datd F3F dolgoln 7t HolEE AuwdE F 3270
°] HBM A= Yy AA AFdct vhg T3 diolde o] $3F tolE o iz
thg F4o] ololx AEHHETh GPT2lA4 24719 tlzmg 28 F

53 Ud FPGAE HBMO 74 Z37t HolHES B AA 2Holx
Ak st
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34 A AL A3

=S %21 A9 (Communication Kernel)S %

A AL So AudE WAEe
sl GPU wlmelol 4 HBMO.% 2Abeich GPT29 49 tlatst & 244%, (19

15]9F o] g Wo) gaof AEo|Ao ] FAl 7do] & 24W Ay E

GPU | pecoder Decoder Decoder Decoder
P2P
Communication

I:I : Reshape Kernel time

|:| : Transfer Kernel

[Z29 15] &.of ZHEo]A|ollA FAleo] 7|4 om Fau= AlAx

GPU Summarization Stage
P2P iy A Lyl il
Communication
FPGA
‘:I : Reshape Kernel time

I:' : Transfer Kernel

[Z29 16] &.oF ZElo]A|ollA FAle] HlE7|H o7 Faqu= Al

F7bael AAF glol FASA HW [ 1519 o] Bl Aawi Az
A Fa Alzko] ozl Rtk F7k vlelEe] A% PCle E4lol ol 3l

9
B2 024 37 olE 2712 PCle B4 telZow Ui gwrEel A7kl 2y
A Ak mH F2 dole e av)e mdo] A 4 ok Ao =2 ol AF
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of By, e wdo AL H EZ Zolz 10247 MB @A v, 2 wd
o] ¢ 32768 &2 1 oo Hu EE Zo|E sMAEE F3F HeolE e =77}
u] - AAA A},
uebd 448 nEdud Ao AeEE AE HAAHIEE o] Fasd)
t E E=RME B

9 (latency hiding) 7IH< o]&3te] E4l F3 AzHg FHAglstdrh [19 16]2
71082 S4 AdSs APPS wf At wep e AdS vEd 17

olth. ol 4= EFo] AUAA Fuw GPUR ALbgE gof ZEo]A| o A3t

1200

1000

800

600 — O w/o latency hiding
ow/ latency hiding

Latency

400 E—

200 —

0 4

gpt2-medium llama-7b

(29 17] &71/ME714] S4ldl mE foF 2H oA 43 Azt vl

[2%] 17]& 7 7kA] 2de giste] 4 AdS s7|4o= APdS v vs
Z1Me 2 AAPS W AeS Hug AEo|t llama-7be Hul EE Zol=
2048 = gpt2-medium®.TF 2v] ¥ I 22 423 A|Zko] °oF 4u] o] U= RS Fel
g oAt E3 T Rd 2R gis)] nEr|deR FAE F

3
FA T By A AT Ao w Z3es Y vk
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3.5 dtolBEFE ZAF

UM 32-34004 F37tF HolHE GPU W= oA FPGA HBM22 HE3t7] ¢
o] &gk Auld 719 (Reshape Kernel)¥} %41 712 (Communication Kernel)©l
&l Astth. o] AYES GPU 2= ol Adsts ez Fdxoda, A
dol TS sy A= GPU g AR 9k ofy2t FPGAC gk 1
7hA] BE rolof Fth wEla GPU ZEE 4 gholRdE Andd I
FPGAE A #&+= DFX Ao GPU Z=2 A3e w FPGAd il AR ZE ¢
oz W g gt dd WA o T Faleo] FmE= AP nlely

A
g2 Hoj9gE GPU ZE%: ZFaF ez vz FPGAOA AA 2 o|AE e

ot [ 18]
GPU node FPGA node
HBM memory address FPGA Setting
Model config
GPU Setting
GPU ready signal
Get User Options
Input Tokens
7 \4-———_—“_—___
Intermedidate Data
o e
Summarization ——————»
Stage in GPU .
\ J:Eg
' ™\
Generation
Stage in FPGA
time
\ J
[29 18] 7} Yute] =7} st 7|53 &4l & volHY 7/
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4H 9} FPGA ##

gk

Fulsts d52

3

[e)]
W=

9A5H GPU 4

=
=

deolg 7t &3 =24

ﬂﬂ

)

¢

!

o

—_
"o

7o)
o

—

<
il

TR
J)

file)
o

g @& 9AFH GPUR 29 2ol g F

"o

d FPGA

ol A3

1H 25 o= A

63*5‘

/\E]

]

TaYY, 9AX HBM wl®e 7|9k FPGAR A4 ZHolAE 3

=
=

HBM WxaZ =7+ dolg

gt

Generation Stage 28

Summarization Stage

GPU

P2P
Communication

FPGA

time

Reshape Kernel
Transfer Kernel

|:|:
-

sfo]

[Z2% 19]

Hol# ok B4 e oA =

QoF ~

FPGA®I A

i

—_
file)

gl o] #]

Ea

o] DFX ZZo|A AA

A 3]

PN
T

< [ 1913 2.

=

dl

Z
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Software T [ )
platform Hybrid Platform
' X ™
FasterTransformer DFX
library h < .
CUDA OpenCL
\ L . . > J
device GPU FPGA
Hardware i} I 4\ ’ |

[28) 20] dtolBal= =g Tz

N

)

o 1wy Ao ths] S50z Ay & YE= G4 (Scalability) =

ad3tepd =z ® 78 & (Programmable)dt =% APIEES sfjofsivy. UA] AFsS

% FasterTransformers= GPUYA LLME E&4o2 743 4= 9l CUDA 7|9+

vele g oA APISElY] 36 gelRdee A9dadiL, ol & 7Ee FPGAZ
= Ao T AvA

O sfelrEE FHES AREshE A4 el = GPUSH FPGAS EF HES

L

|

Fﬂi
_0,4
rr
o
k]
)
=)
@
=
N
(=
foi
1

l
o
S
=
>
foi
ﬂHN'
_O‘ﬂ
rr
oF
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A 4 AY 23
41 23 9

HoAge dolHgl= ZYEo| e GPUS FPGAO Z+zt LLMe] tf& 2Ho]
Gt WHE AFEse] LLM F22 7F53h LLMe 49 GPU, FPGA

5 @Y F=doE ol &8 shEr] [11, 12, 13, 14, 15, 16] & A=A oY, GPU,

FPGAE & U AMg3ts A s obd 239 Aldlzh glvh wahr mugos o
F 913, GPU $74olA LLM a4kS 4

3}3k glol B8 g]¢l  FasterTransformer [5] ¢ FPGA 370l LLM Ak # &=
s

pikely e oI EAHE YRS DEX ZE= [6] ¢ v E 2@ 3FA T}
Paper Device Application Optimization Scheme
Custom Kernel
FasterTransformer|5] GPU LLM )
Kernel Fusion
A3 [7] GPU LLM Approximation
GODO [8] GPU LLM Quantization
SpAttn [9] GPU LLM Pruning
DFX[6] FPGA LLM VPU, MPU for LLM
Brainwave [10] FPGA LLM Novel SIMD ISA
FTRAN [11] FPGA LLM Model Compression

Kernel-based

Runtime Scheduling
Allocate memory bound

Hype-Training [12] hybrid CNN Training

FARNN [13] hybrid RNN Training _
task in FPGA
) Autonomous Precision—aware
Cong. [14] hybrid o ] o
driving Operation Partitioning

Walther. [15] hybrid CNN Inference Decompose Conv. Layer

] Recommandation )
FleecRec [16] hybrid Allocate LUT in FPGA

System Inference

[

5

1] ¥4 A8 A5 A
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LAMBADA 5 LLMd| ##3te] dg geizl Mxnl=e] A9 F2 LLM A

o
iy
'
i,
X
o
=
@D
=
5,
il
A\
o
of
O
rir
=
i’l
d
A
v
o
o
re
(i

B4 AStebe ol

= X
HEE ZPEL gd AXS A2 BEALY #HEs Flo] ofd e daS 43

T =2

st F TR WS 3F FEolmE Ayzte] v st=gol® Axkdt Axzt

-

éﬁ

2bd3s] A s} wekbd mE (Metric) &2 =3 A ZH(Latency) S A A3 AL,
q EZ 9 B Aol thds AAsts wHeR

m>'

] & O
= =

Device HBM Memory HBM Bandwidth Power
A10 (GPU) 24GB 600GB/s 150W
U55C (FPGA) 16GB 460GB/s 150W

[ 2] A103} US5Ce A& HluxE

[F 2]& NVIDIAC A103} XILINX® US5C tlHpo]~¢] ~#S v 3t Fo|r}.
A103} US5CE A2 WEZY duyA] &8 ZHoA vz

l>
mlo
N
)
x2
N
2
o
ot

gle13= NVIDIA®] A10 GPUSt AMD®] U5S5C FPGAE 2+ 1714 AH8-8ksich LLM

& gpt2-medium E 9

< ARgste Ads Jdsidn. B =EdA ARESH
gpt2-medium 22 o] A% = EZY =8 EZY Fo| 10245 EA E5A AA
Hol oemg Q¥ EFZ &Y

256, A% 642 AAHAL. F, F 9714 A9 Fol el 4EL QWG

oy
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4.2

ih]

3} 29

3000
2500 -
2000

1500

.

1000

500

64:64  64:256 64:512 256164 256:256 256:512 512:64 512:256 512:512  avg
OGPU OFPGA mHYBRID

[72¥ 21] GPU, FPGA, HYBID®] LLM A% ZLZ 3 (input token: output token)

[29 2112 sfo]E =9} B yulo]xo] Aes Wl Tdgfzolt} shde] 2at
ABlA A= A8 EZY o], Be &8 EZY ZolE ougit. A9 EF
=9 BT dolE 64, 256, 51282 AAste] & 97HA] -9 el diste] dd=
PP} yH2 A B9 5 Adst=l 29 AIZFE oulstr® 1 gle] %
S5 WEA dibs F3EE gt ¢4 o L

= 64:64¢] 7% GPUSH FPGAZF Hl=abAl hM= Aeos HolFolu. 48 B2
ZF2 64:256% 64:512¢9] A5 GPUZF 7HE £2 Ade< HolFdoh Wz =3 &
Rk A2 256:649F 512:649 8- FPGA7ZF 7V & 455 Ho

e BEZ 29 EZ = A &L YA d5o ol daEiA = stol By

H
MY Ee AEe BoFE

™

JH
il
ru
_%‘;_l‘
e
J®

i

Iy

_26_



43 243 &4

519 &= EU= [ 3l& [& 4]¢F #2o] dod + 3tk

output size

GPU:FPGA:HYBRID
64 256 512

64 369.00 : 371.99 : 436.68 1257.6 : 755.44 : 1079.12 2574.02 : 1872.02 : 1905.14

lrslleét 256 322.42 1 833.00 : 395.71 | 129248 : 148421 : 1087.51 | 2699.78 : 2359.7 : 1934.68

512 | 339.09 : 1469.47 : 41606 | 133604 : 2132.07 : 1096.35 | 2708.12 : 302038 : 1992.02
[ 3] GPU, FPGA, HYBIDS] LLM F& A5 A3

o
o
[z
)
Iy
rlr
o
>
o
fr
[-40
b
4
Og):{l
>,
o
o
o
L
A,
P
()
)—U
c
fo
>y
)—U
D
o>
L
)
X
&
30,

B ZEO|A FPAT = FoRD FHPAZF - 2% XHA FIPAL (2)
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stol B2l =7} GPUR Y w2 A 7] 98lA= FPGA AA 2H oA 9 23
A2 FA Az Frol GPU A4 2sHlo] X o] Fa Azt L Zolof ghr,

Al

GPU A4 ZH oA =8 - FPGA A4 ZH oA FIAL > A FFAT (4)

PR7EA 2, shelBe] =7 FPGART weE Ass W7l fdiM= GPU 2 =
HolA el Akt A ARk gho] FPGA 8.9F AHOlA 9] A FE T

“pofol G},
FPGA R 2¥lo]% A - GPU 8¢ 2do]x +3A2 > B4 $IAT (5)

T 7HA 24 (4, 5) o BT FH= 49 B Zdolo ddA slolrE =7}
GPU, FPGAR.T} w24 QS 533 (1, 2, 3)= 7|¥to g [1¥

713 [ 4]1¢] HlolHE 7hEd dolE o
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GPU FPGA
input | output A .

. . 9 oF gg /\g Q oF /‘3 }\6] Hybrld

size size o N (ms)
2H o)A (ms) | Z=H oA (ms) | ZH°] A (ms) | 2~H ] A (ms)

64 761 361.39 156.457 215.533 213.537 | 436.68
256 64 10.25 312.17 614.437 218.563 166.897 | 395.71
512 15.34 323.75 124752 221.95 178770 | 416.06

[ 4] small outputollA] tiufe]~ ¥ A% H[ A%

FPGA®t vlugs w, 48 EZ9 /57t AZ+5 FPGAS 2°F Z®HolA]
A gro]l AA AAeste S AT F drk wEbA el o5 Y EEe] AA
T5 sto]B =7t FPGAR S ©f W= A4bs F3 skl

a8y GPUSH vagls uw), GPUSH FPGASl A AdHolA| F3Ae 98 &

E’_ﬂ]

o] dojot F-etA Aol WFto] glod=H, o= A ZE|o]A] FaA|Ito]
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GPU FPGA
input | output Al i
i ] g ot A QoF A Hybrid
size size o (ms)
2H o] A (ms) | 2=H oA (ms) | ZH°]A](ms) | 2~H °] A (ms)

64 7.61 361.39 156.457 215.533 213.537 | 436.68
64 256 7.61 1249.99 156.457 598.983 148.847 | 755.35
512 7.61 2566.41 156.457 1715.56 181.97 | 1905.14

[ 5] small inputell A tlufol~ ¥ A% v %

[ 5= 948 EZo] & A%l el 4@ moldh nhaAAZ (29 5ls)

(2" 719 HelHE Aoz Aitstol 44 ZEolA e} S4l FHAE At

rr

shee.
GPU$F vl g& =9 ETo] dojHd wel GPU A4 ZH oA ¢ FPGA
o 44 zElelAe] FAAre] WE =7 Fhseth e GPU 44 ZHolA]

FaAAzEe] F7hEo]l FPGA A4 2ol FaAzre] 2A%E0n o 27 dehk
CEA NG EE B2 dolsh FuEl N5 #e Byth med @el
dol7k gol el met A4 solu st ME HEe wolFY

L K
o
n
JE
of H
¢
o

=
o
N
fl

WA e A
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GPU FPGA
input output
size size o eF 4% e 8% s
2~g|o] A =gl o] 7] 2=Hl o] 4| 2=l o] 7]
256 256 10.25 1282.23 614.437 869.773 207.487
256 512 10.25 2689.53 614.437 1745.265 179.165
512 256 15.34 1320.70 124752 884.55 196.46
512 512 15.34 2692.78 124752 1779.86 196.82
[Z 6] non-trivial tokenol| A Ttlrlol~ ¥ A% H|u
nx o 2 [% 6] 8 EZY £9 Edo] 5 x| && Agdd dE Ay

g Eolvh. [2¥ 5]¢k [ 7] dHolHE wAaAom dxkste] A AH oA 9}

ZEo] A o] FHAzke] Z Fow At webAd S A gHoeR v
wE AYHPE b Dok )l s EFEse Aoyt HojHaH stolHyrrt

GPU ¥ FPGAXRTI O w=7 A2S +33549

el A ATHE BA FHATE] F S gpt2-medium H AN RE o] Sl
gal fARE e mah ol mdd wek F3 delHel A/t 48 23 &
o E2o] Aol Fasbl @4 2L A71E AL Y] WRelTh %, mdle] A
Asts 48 £33 &Y 229 Fo] AF wAHA FA YAkl Aol A

o mbef AR EAE 2ol Arie= (2™ 1A FAE 5 X VskEd

o7 Aesta Ak dE 5o LLM 22 % shuel GPT39 74
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Al 57 Ad AT

5.1 LLM9 73 %3}

53] DNN 59 7|&e e BdS AZFsts da d77F ®eol d+= v e
ofolrjol o] LLMel A-&% i vt A
[1] & 7Ivte 2 F45e] Q1o webs Edl
T7F %ol XA H At

A3 [16] 2 Edxyn BEEd = 7]& CNN % RNNel ¢1¥ Attention Layer”t
F7 AL, A dolojrt Ak Algbel B& FitE AAstaL vk Aol F

3tk Attention Layer W5-o] 9= Softmax T+E e Alol9 Ao]E FE A

D
>
(i,
=
4
e
1o
.
=
=
rlo
;%
o
jm)
w0
S
3
@

71 9gE sk, weighte] WS Fito] 0o st o #e& 002 &
Abste] A4kS et AL A Q1 Al AEEE FATE & Adva =)
St Ad A3} Attention Layers 4 w] A& T4 ¢1x] oA oy X

2E&Y A HrE fdEA T

GOBO [17] &= Attention-based X @A s}gtr]E( 9] 0.1%%F & zkol& Holal
(outlier) Y™ A 99.9%%= frArgE o]tk A& 7Ivho 2 32-hitd] dHolH ESS
8-bit® FAtsteto] Bl AV|E FoluA vt FArst Ayt wlRe AR v
2 EE S JfdEte] At SE9 oduA 285 /MG

SpAttn [18] & Attention Layer7} "lo]g o]Fo] Ex3la Aabako] HWigo] x

A grol GPUSIA AHg3l7] ofdths e AR @t o2 Sdsty] 98 Fa3A

2o EFZY = AAsE 7FA X 7] (Pruning) 71 BE AMEsE A, 85 AT
2 EZY J== AygstE Top-K 4L 73T g2y 28 Hyos e

2] AFE S o] A HE9 oUA 5&S VNS
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5.2 FPGA 7|4t 7} 7]

st=do] HHEgAE W AG7F o]Fojx il vt Brainwave [19] & A A|7H
Alzgles Ao w mE £ =2 A §&8 7= FPGA 7IWF NPUE A
Astdet. &d ob7lg A E WE PES w9 = 96000719 MAC #Y<
SIMD 7]¥k ®W&eole Zraggo] Zlestes FAHAT. 22y sid o7 g A

of A vlmel oFurks Ay APl FEeke] PRl Astgo] W

3 LLM FEoAE £ AH5S HoFA Esar).
FTRAN [20] & FPGA7} AIE 71436l 7]o A gtst tulo] x|t & Alo] =9
il

TR delrde AFsr] YETHE AolA Hes) TR Ao RdS dEHHE

T= APttt BCM(Block-Circulant Matrix) 7|8 dlo]8  Z M2 (Weight
Representation) ¥} o] & AF-&-3le st=9o] ol 7|H A& /lEste] tifE Ao ED S

Ho 16W7hA] FEeto] ALbstel AEebial, 2 A3 HAge Agw Ed=
CPURT o 81v, GPURtH o 88w oA T& IFs Ho

DFX [6] & & W=xg g% 47 e LLM 85 2842
flal HBMe] idd FPGAE Ab&siith. =3 HBMO o8 AEdS Hujgtow
3837 9ste] HBMO 2#& 7|¥to =z VPU(Vector Processing Unit) ¥}
MPU(Matrix Processing Unit)2 AAstSct 234 o= HBMO ol&449 FHu
WS Ao 5 AREstH LMol A4 ZEolAE GPURY W=7 A gk
g Asstdth tet 23004 AF S FPGAE GPUol nls] Azl datr] 7
7h F-Sepr]o] Aakbo] WIe] 1l g oF ZH oA A= GPUM ¥ £ AT

% qu"r‘}}\]:]'
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53 THEZ A% oY= EHFE

o

4

FHFom Adgslto] v dE S dofets AT E s AT. GPUSH FPGAZE A

il

>
ol
it
=
o
e
A
(&
re
e
ftlo
v
jus}
R
L
)«
J{m
o,

FEREAAR] 540 A= HE 4

of stA @Este] AE 2EE Solks s WAsUTE GPUE AEs}7]

it
(S

Tensorflow Z#EAHNIE A8, oYz deks K402 FPGA oH7|€A4 & A
Adc A48 Ay wd Ty 4ol GPURTE Hat 44.3%9] ol yx] &eofol] ¥
e},

FARNN [22] &= RNN ¥ #(Training) 94He GPUl && 4 At} ]
¢l Aito g Fstel GPUS FPGAe| &d et stolBg= EHES Altatdnt
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ABSTRACT

GPU/FPGA-based Hybrid Platform
for Accelerating LLM Inference

Park, Hyun Jun
Dept. of Electrical and Electronic Engineering
The Graduate School

Yonsei University

This paper proposes a hybrid platform for accelerating the LLM inference
based on the characteristics of LLM operations and hardware platforms (GPU,
FPGA). The LLM can be divided into two stages, the Summarization Stage and
the Generation Stage. The Summarization Stage extracts context information
from input tokens, and the Generation Stage computes the output tokens based
on the context information. The Summarization Stage has a high parallel
opportunity because it can process input tokens in parallel. On the contrary, the
Generation Stage is consists of sequential operations because the current output
token has dependencies on the previous output token.

Most current Al models uses NVIDIA’s GPUs because they shows great
performance in various metrics. While the summary stage, bottlenecked by
computational load, benefits greatly from the high parallelism of GPUs, but the
generation stage, bottlenecked by memory bandwidth, does not fully utilize the
computational capabilities of GPUs.

Some researches are attmpting to optimize them at the hardware level.
Notably, DFX [6] designed an architecture optimized for LLM operations,
achieving faster processing in generation stages under certain conditions using
FPGA, compared to GPU.

This paper begins from this point. We thought the hybrid environment that
uses both GPU and FPGA can operate faster than the conventional
homogeneous systems if the summary stage is assigned to GPU and the

generation stage is assigned to FPGA.
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To construct this platform, we followed n steps. First, we established using
NVIDIA's A10 and XILINX's U55C, and selected the FasterTransformer [5] and
DFX [6] codes to control each device. Second, we divided LLM operations into
tasks to be executed on the GPU and FPGA, while analyzing what data need to
be transferred between heterogeneous hardwares. Third, we implemented
reshaping and communication kernels to transfer intermediate data from GPU to
FPGA. Fourth, we uses Latency Hiding technique to reduce communication
overhead. Finally, for scalability, we developed an API with c++ and python
wrapper to implement a Hybrid Platform.

To verify the performance of this platform, we implemented experiments with
various sizes of input and output tokens. Compared to operations performed on a
single device, the Hybrid Platform demonstrated up to 156 times faster
processing for substantial input and output tokens.

We can find prior researches related to GPU-FPGA hybrid systems.
Hype-training [12] and FARNN [13] are aimed to optimize the training of CNN
and Transformer models, and Walther [15] and FleetRec [16] are aimed to
optimized inference for CNN and recommendation systems. All of them uses
GPU-FPGA heterogeneous hardware, but there was no prior research to
accelerate LLM inference using heterogeneous hardware. Our research holds
significance in this point.

Additionally, we designed hybrid platforms with scalability. So it not only
allows for adaptation to new models and options on a micro level, but also
enables research expansion to multiple hardware and servers on a macro level.
We anticipate significant value will be created from extending this research to

data center-scale cluster platforms.

Key words : Large Language Model(LLM), LLM Inference, Text Generation,
Hybrid System, Heterogeneous Hardware
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