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Following the rapid expansion of large-language-model (LLM) applications, memory bottlenecks in
inference have emerged as key challenges limiting performance and efficiency. Conventional GPU-
based accelerators excel at computationally intensive operations (e.g., GEMM) but suffer from
severe underutilization in memory-intensive operations, such as KV cache access and batched
GEMV. To address this issue, processing-in-memory (PIM) has attracted increasing attention, and
numerous PIM-based approaches for accelerating LLM inferences have recently been proposed.
This paper surveys state-of-the-art studies, including NeuPIMs, IANUS, AttAcc, Hoppen, and PAPI,
and analyzes architectural designs, scheduling techniques, and memory-access optimizations for
PIM-based inference acceleration. NeuPIMs and IANUS integrate or parallelize NPU and PIM to
improve resource utilization, whereas AttAcc uses an HBM-based design that performs all attention
computations inside the memory. These studies highlighted the limitations of PIM and presented an
alternative GPU-NPU hybrid architecture with separate memory, which introduced heterogeneous
PIM accelerators to handle the dynamic workload characteristics in the decoding stage. Collectively,
these studies demonstrate diverse strategies to mitigate memory bottlenecks and enhance
energy efficiency in LLM inference, suggesting that PIM will likely evolve into a core technology for
accelerating LLM inference within heterogeneous systems that combine GPU and NPU resources.

KEYWORDS Heterogeneous Accelerator, Inference, Large Language Model(LLM), Processing-In-Memory(PIM)

* DOI: https://doi.org/10.22648/ETRI.2025.].400613

* o] AT

A S A 71E .

22 332 H4KH
H0|ZFX+HIZFX Z20 T2} 0

oo

RIS Aldo s JRFAVE Y IS A9 ol 3% A7 A[No.RS-2025-02263167, Al ¥F

128 4 sLC, ©2025 BEHIENARY

2T M



I M2

Z 7% LLM(Large Language Model)9] Ad5-0] T}
S EjATo] HaE 5 JS e A uet
Z7beha 9t of

f7g0] A= 714

LLM &9
of whet HRHQ LLM FE
1%@¢uw$%3agaealg;wgm@
#2) EE OF Ae

27 S0

é
7} E%—QH%, Uihﬂl Olq LIM2 5 %1@ EH
23 gojoj & AFete] dH =T, E
= 3A QK VHES BAEs= HE E‘*;Q(Linear
o] FAE sfotst= A

(Self-Atcention), E] E4 & FHHA W=
+= FFN(Feed Forward Network)2] Al T
4> Q=d], KV(Key Value) ZHA] of] 74 3}3L Batched
GEMV(GEneral Matrix Vector Multiplication) O & 4>38
H A ofgldo] 744 v e] W Eo| 11, LX)
T SAE Hl%] 2717} 2k 79 GEMV e} H] 523t
4>32] GEMM(GEneral Matrix Matrix Multiplication)©]
2hA W 5L g Soloth

o) & 3|23} 7] Y 3N FlashAttention[1]Z]H AL
olelHe] Ao Mme ALgFI} WL Fol= g
= A QFE| 931, Speculative Decoding[2]3} 2E0] o
2 EZS HYHOoR HesozM vl 27| S
719 HEE] HES sfadhs R E AtE e
™, HBM(High Bandwidth Memory)*] 5 #}2 ] 5L 2]
& A she shEglold o] de) A4eE L 9]
T}, PIM(Processing In Memory)-2 T 2] ]| L&ﬂh
F2| 2 A, 2| PIME ©]831] LLM &

Projection), B

[e%

e
o

QHHE Q| / PIM JIEE LLM =B JI4 A &

Il. HiZ

1.LLM 29| ¢ifl

ALEA

E3 7k A ulobet A oS 4238
7] 91314 Query(Q), Key(K), Value(V)&] Al 714
o] - OB‘]—E" A& HEH(Linear PrOJect10n>

2114

M N
=]
re

4 e

o

]

7] S8, o WY T P XS} st
3 WQ, WK, WV 7H&X] BE & 55k
15405 77 wgheint, o vijx] =2
EMVo]| A4ko] sigsiH, T vl 2] &
HIX| 2717} AA4] ¢7] wiiZefl o s] |
ojth. AZ o'l L ti7l o sl=E 7
HA(Multi-Head Attention) JEJ Q1] Z} 3| =0}
"412—1 O 2 22 /AR 7hEA] FES THA
shte] & AE R Thso] FHE
Sl =kal sfA HEe

B
mbﬂ

R/ ) iz

i

=

ok o Ho

—

o™ e 1@ 2 e rlo 4L
o’ZEoﬁoﬁ-‘

M

N

X
o o 2
P4
rszt
f
mTru

o
ofr
—|—‘

N
ol
i
>
o o o l'fU
e

o
= a8
fr
o

iz
&)

=

X
|
<
an

2L Fof ©
= Aoﬂ Vv ag Eﬂ_Q‘
4 OF 5ttt oju,
a= B HE 7} o], 27]9] GEMV ¢
4 ATt K& v 7| EZEY keyQ]' valueZ 9
I Q= BEEA KV FHA oA gloft, g A
FRZHE 7] PES A 4 §lolAl, Batched
GEMV =& 3sfjof it} wjeba], Az ofell A o] H|
wa] W2o] 7p4 Alsh}

FFN2] 7% 37 Gate, Up, Down®l| 3F3H= 3
7Nel 7k FE AU AE HE S k= 3719
GEMVEFaL & 4= Qlth. T ulj x| 7} opu 2} T Hij
|7} kil %, 1 F27)7F A wliE GEMMO] A
5/& GEMVe} =LA & HF gl

I

i)
(%
o =
>
8
m

s mlm O

EH
_‘_‘
2
i
1
o2

I
i
% o
ay)
e
=
Nt
FUE

w0

o2



2.PIM

Z A4 0] == ALU(Arithmetic Logic Unit) &
27} BOFI 4R ALU QLS o] 2

9] 7}
wme] g 2Azke] Bl thelEo) 27}

7
3
W] GPU(Graphics Processing Unit)2} -2 wjjL]
o] opF e ol A= W Ee] Fo] Ay o= Hi
Axto] = W] 3gLo] B 582 GPUS
20] 47} 2 0517 O A5 5o
% Sl vz 1

?:l

GPUE H| &3t

o 2

o,
o,
=
=
=)
E.
o
=
<
o
g
o
2
rlo
=)
2l
I
N ‘-)«
by
g2 L MAd

Z& A AL I =E FrYeto] HlolE A
of MELg] WRoA A7 ArkS 4383 4 =1
ne 9 7)&e A= g A 02 DRAM(Dy-
namic Random Access Memory) ¢Fof] H|E ¢14to] 7}
5%t AAIE 2 E 7St Ambit[3]914 DRAM W
B 322 &83 PIM] G840 8] B,
NeuroPIM[4]oll 4] He{d 7H5-2 9JsA] PIMo] &
44 4 UAS Bk =3 484 0 = SKsto]Y
20| A= AiM(Accelerator in Memory)[5]0]2}= PIM
S EA5I o AA AR E HBM-PIM[6]S A
&t UPMEM([7]¢] 79 DRAM Y] 22 RISC
FOo1E st AsHe Aaks A et Aoz
PIMS 3T

Hor

=

ha}

Il PIM 7[8F LLM 22| 7}%

H}: KAIST S0l A @323 NeuPIMs[8]S sH=¢]
oo r =R Biao] dukAQl A e G
2719] ¥& EO 2K, NPU(Neural Processing Unit)
ZRE WY F PIME GEMVE A9 ¥
Ao g Y 4 A A= A, 2AEY S
Ho A shte] X E F 7He] AEEIX] 2 U
o] NPUSF PIME] AHdHj X & B84 02 ot
+ Ho] EAolth. AE&tigtae} SKato]Y A A
]2 KAIST So|A] B33 IANUS[9]= NPU%t
PIME 913t &3t W& 2 & 7Hdsto] HolE F&
S 9, olw] NPU| W% H23} PIM A4t
9] FE& st7] Qs AAIEE S A s
O, AiMT} A& NPUE AHE-81o] FPGA(Field
Programmable Gate Array) ZZZ2EE}Q] © & 7Z3}9]
. AttAcc[10]2 A-&thet UTUCHA] E3Est A
A, HBMO A o el
E59 HA it 28T 5 =R stEol 5
A gFatd

S0 2 ISCA 20252} ASPLOS 20250] 4 B3

r
[>
ol
2
=
e
o
I
o
2
5]
=

YSHHA, 22 E HEE S 7T
A& GPUSF NPU7F o &xpa]ol2fal 73t}
PAPI[12]+= Speculative Decodingoﬂ Al Speculation z
o), % Ee|E welo] B Aje] E2riA AT
of ufe}, el mele) %) 2717} et So
#¥stol ble) Bl o Hge PIM 7H7]of
wr} AR GoFAH el PIM 7147 = E5.0] PIM 7}
£71& Abstitt.

1. NeuPIMs

—

LM 328 At FoF4 ¢l GEMM} H| =2
HFAQ GEMV7ZL b oz Qe T 7}

rlo

TS SEEM M40 Hi6= 20254 128



St E4S BF 353517 olgth
NeuPIMs+ 01% s 2317] 3 GEMMO] 4 s}
© NPUSH GEMVel E3He PIMS 23t o]7]&F
7t A 202 712 PIME] A HBlocked) BE S
AE S5 8l 2 =0 o] 5 3 HHE =9
&l W] M3t PIM W& Aol Attt =
st GEMM¥t GEMV 7He] o]/ d o0& &l BE
A2 7t At = £A1E ¢3tstr] S8, Tk A
B oulx] TR 7S 488l F el AE HiA]
£ ux Aol go] Zeiol o = AT o 2M &

Al D8-S Siskeitt.

=

1.1 Motivation

LLM 22 985 QFYs= Prefill A9} E

25 A s Decoding AR UHN, = o
Al % QKV(Query Key Value) 2843, BE] 3| = o€l
AMHA), I EXQE YELA(FFN)Z g
QKV&} FENS Egll GEMV fAto]z|ut @ oFs} th
At v %] Aol A= GEMM O &2 FgHE] 11, MHA
< HWix7F E7Fs s @4 GEMVE d=th 7L 23t
L3} A= A i A BAlE MR B
ofl F7o] GPU 7|¥t A| ARlE w i 2] 872 715 b
Hete A4 &-8E0] 40% ©]stz Bojint. o] &
Hesl7] ) Ao NPU-PIM £ 4] oA ||
5 {37t 9 3 W E A6 ol Wl
g 917]/27] A4kt GEMV A& PIM 7148 5

Aol 8skA] Fskal, = 7H57 o) A% &8 =7t
40% M|kl 1t} wekbA NPUSE PIMS] & 4l
& 7Fs5Hl sk Aol A A2 ol ek

1.2 Approaches
NeuPIMs:= ©]2]3t 3HA|E sl d35}17] Y&l m=
2] 3o T 72 & W T (MEM 3 ¥ 5, PIM 3§ H]

g k0] 24212 BYH Hole Fe] A2

B =1

St o2fgh e Hitol Wik 917]/227] ALkt

S 4 glom,

e 228ke A Baol 9l

N,

JEENMEEERS

B o] 20f MK Alo] HAYFOE AojH.
olF q Wy Lz EHI = ofdld it =

T2 EaiE w, PIMO A 3= =4 9 of |l
T A4} NPU #E GHoA 8k = A2 EW
2 AMS WA ATE 7oA il R o
THAYL 7 S AL FEEE =AU

T3k B3t NPU-PIM £ A x| o A= QKV
2973, ElF = ofell A =4 9 FEN 7He] o]&
do & Qs A Asgo] B AR, NeuPIMs
= shte] S HIAE F 71 A B Hjx] = Eadsl o
AF Aggsh= AE EiA] JIE Y 7S =gt
ob&e] Ad ot #3 dalgFoE HEHE of
dxe] EF ZolE #ast el 11 Al A A
2ol mE A A AJTHS Fo]aL, A B Hjx] £8 gL
g5 8 F A B ujX] ] A AIHS FAFSHA 9
Fol HH Ao &S %ﬂiﬁ}ﬂt}

GPU-only thH] 3u) o)A} 22
31, NPU-onlyo]l H]&l| A= 2.41,
tiH] 164l /STt

iy Jb
A
Z
=
c
+
=~
<

2.IANUS

IANUS(Integrated Accelerator based on NPU-PIM Uni-
T EQE LLM &9 t}
¥t ArES 714317] 915 NPU-PIM 55 W& 2]
A 2~H] 7]6} o}l z] o]t} B A| AE]o| A= PIM

il JJr hﬂl Lol Aol a3 E 4 flhs

fied Memory System)—E‘ oll

e
S

2 A= A Bat wiga Yo AAlEDS
3Z38}3}= PIM Access Scheduling(PAS)S =9 &l A+
=

I Eolg oEd & AU o=l o] A

o

QHA Q] / PIM J[dt LLM 32 It ¢ 53



§ 71548 AE5] 98l A PIM(AIM), NPU(S-
APEON-X330)3} FPGA(VCU118)E &8-35lo] L&
EE] S AR

2.1 Motivation
92 ARGEI AT, A

Ty U

Transformer 75t 2 &2
E240] ofsIA] QI E

=
e 22 7hgo] ojgit,
xPUE 14F 51 9F4 DNN(Deep Neural Network) G1AF

ol A SHA T, 2] o] WAy Aol
+ /o] ASHETE ¥l PIM2 H| &g -4
A A4t Sgstel HolE o] 5e Hassuz
w2 el QAo 3tk 7128 AL o]
3 S B8] 93 2 o R4 Fololo 4
PIME o] 88 3+ 7h&o] R F AT T, o7
7447 BN E 2 me AAHS A8
720 A7 5P vwe 23] 2AE o)
B2 5 ul2 A sjof Stk AR 28] LLMel
£ AgSA e A BTt Beba A E 9
E2E 7142 oA T A4 JopEE 2
L ANe B8O HYF 5 YOWNE R
2 TS Haskd 4 Uk o)7% 747 B

o

n
E
2
N
iz}
fo
3%
iu)

2.2 Approaches

IANUS+ Transformer 7|RF 2@ 0] E7 QI Ato]
tisl A3k 7157 2 2] 2 sh= Aol A Hlof
de T 22 714 98 NPU-PIM S |
58] A2 At} o] 49 NPUS PIMO] 2+
S HRYE LG EE 5o go|E] AFEE d o]
& H| &S AR 53] 375t H 2ol o
St o]/ & Thofstal PIM AHS: mi 32 3}ste]
W HT A9 ool HELHEE AR
E Lo A} EC(Fully Connected) 2o]o]o] T3] &
of Ao A = At FH kA<l GEMM ¢4to| B g

2 L =

O Vector Unit

I Matrix Unit

[ PIM-Processing Unit
PIM (Ch 0]
BIM (Gh 1)

] [+ ][] w Hﬂ ‘
Attseilt'i-on = Syne for Auentlon . Syncd

£X| Reprinted from M.S. Seo et al., “lanus: Integrated accelerator
based on NPU-PIM unified memory system,” in Proc. ACM Int. Conf.
Archit. Support Program. Lang. Oper. Syst., (La Jolla, CA, USA), Apr.
2024, pp. 545-560.

7211 JANUSS| NPUSt PIMOi| Cist

Divide head-wise
Divide column-wise

Core 1 | (T L FC for Q KV

NPUOIA A 2|sl=5 Sttt E’l‘?ioﬂ 878 GAINA

rg vlaLsto] o B2 A QS Zhs 7HE 7)ol A A
2 ETH™ 1), o'l glo]ofof] T3l Score Y Con-
text 94 GEMV Q4tof| ad-s1e] PIMO|A] A 2]
7V 3A W Head2] ZFo] 2He @740 A= PIM
o] WA/ &-go] WolA &= ol Aste] MUA]
] 2], Softmax+= HE] ¢IAtof] S22 VU(Vector
Uni)ol| Al 22|81 = 5 Fitk. GPT-2 A& o] At
JANUS:= NVIDIA A100 TH] 6.28), Al FPGA 7|
HF 7k 71(DFX) tH] 3.2812] /3 42 Bt

3. AttAcc

ArttAcc(Attention Accelerators)S ESIAZH 7|HF
mele] 224 ofel A Flojo] GLAl A HAYSHE
W) BE BAE AE5H] A PIM 7] ol

glxjolnt. s Atoll M= vix] 7] F7tol w2t
At HoFE7} FobA| = FC #lo]o], = FFN &5

xPUZ} H2]8}aL, o] A 3] wRe] Feka el ¢iAt
o] 23% ofel M #lojoji= PIMOA X &3} o
7% 7} 7| PUHPIM) S E-8-3F 22 WA S Al

=2 20w T T
it} o] w2} SLO(Service Level Objective)o] 2] 3]

rlo

A
_4

TS SEEM M40 Hi6= 20254 128



w277} AFEH ARG AL, o2 AN o
# GPU2] FC g|o]o] A E &=
AAT.

3.1 Motivation

7]&0) wR e FopA el ALtE PIMOIA X2
sH = Ate AL AR, viA] Afo] =5
g A= A9 WA okt 53] ofdllAd
A310] ALkt PIMOIA A28t 7] At &

2] AttAccoll A= o] Bl lo]o] DS PIMOl| A
A2 skalzl A =T o] & 913l 2+ 14te] /g A
2t GEMV #4, Softmax #
WS HBM Hlof] Hi x| &t A 22 o}7|El X & A7
e},

, Accumulator

3

3.2 Approaches

ofeld glo]ojol| A e] A4k qKTeol| sl dah=
F0Y(Score), AA| LT T AZEWMAS HF}= AL
EWA(Softmax), 0] 4Holl VE )
tex0) 2] AJRA Q1 A A & o] Fo] A ‘2}11} Score,
Context= 7Fe2] R} 4 HE o] 541
O 2 o]FoA Utk ActAcc= 023t E’\é:% A=
stojo] HBM Ul Fofl W= ©9]e] GEMV -2}
Bank Group(BG) ©$]2] Accumulator 32 Hjj 2
313, Softmax= HE 9] F-YS Buffer Dieol] |3t
t}. o] & Faf At w0l A 9] HolH o5 F 4
st of gl glo]ofE A3t Al ko] 1
2 o0& fFYlolA £385 = F& o] &3t ool
gto| g} o'l 2|o]o] o] 2] FEN o] ofof| A]
AttAccZt 55 A HIEHE HE 0]-8-8F FEN #0019
SA A7 = AR sl Aol A= Ram-
ulator[13,14] 5 4733+ A4A| AlE2|o|E & F8l 2+

9] v =] ®A 3} o] Zeto)d ' of tjsf] A
2] AJZH} oA &&0] I olA FI7H o] &

=

E3l AuAccd] S FSIete] T Wy &
Fa 2t GPU A AF OiH] A &2 ol 2.81H]

7714, ol | A &EAdL ol 2,674 S7HA2
T dse AgHor Hy.

4.Hybe

Hybe= 58 ©A|0] w2} 74457 & 22 3) Prefill
GA = 7122 GPUE AFHE-8FaL Decode T
o= d=3et NPU ol 7|8l X & AT}, HE3h
GPUS] KV 7)A] W EL2]7} BE35E 245 sl 2 sl
18] GPUOIA KV 7HA| & AYAI3FAL NPU H &g
FJEJZ Reshapingst &, AA|FO 2 NPUR 43}
+ Fine-grained KV Transmission= T-& it} 112
I oHEYT e ZZ2Y V]&E GPUSF NPUS] &
T AE AASL FEEE FUEer] 8 &
A ©9] m}o] Zalo] Y (Stage-Wise Pipelining) S £
.

01

4.1 Motivation
Tdo] A¥g 1ol EHof uh= |
Al 3™ Context window 7], &
Q3] of= gt AL
rstod, & o) ofE o] Ant. 3] A7
0] KV 7hA] o]t} Context Window7} HAH K
FhA Q] vmE] HgFo] e uletulg 378 %
et A== AN o= 7]E9 GPUZL & A
8T 5 £0]7] Yal AH8-3FH Bl (Batching) 71

rﬂ rE
1> o
N 0%
o o

ok

< 4r to

f
) r*o

)

ol o] ¥

fr o

]_
]_

S H|E84 02 WETE T3 Context Window =L
717} AR wek KV A7 AAEA PIMS] &8
A= ol 4= gl Yt mEe] H3 PIM
Aro] 2=t }g/\a o] &olAt},
LLM 22 3448 A AoFA 0 Prefill ©HA| 2
w22 YA Decode TA R LA EH], GPUE

QHA Q] / PIM J[dt LLM 32 It ¢ 53



Prefill A= =2 A %% EO] A9 Decode
Aol M= st=gof A

Atk Wk = GAE
W2 So17) Aol sk

_,4
ﬂlﬂ

o oo
ies
e
2
ol
C
rlo
Rl
>

meh et

4.2 Approaches
Hybe= At Ao th& = F&
H

2 7ha)ol Bt o2 4

gAE A7 o
3k AR
OFA ¢l Prefill HA(GEMM 9159 GPUZF 2 28}
a1, W5 2] B Eo] WY SH= Decode TAIGEMV 9

P HEY AT NPUZE A FstEs 23t
Hybe NPUE Foi7 W5 tid =& gty oz

H8 5 Y Havol AFY FULCET A
% 0] Decode TAONA stEY o] 283 A8 &8
& FOEk o2 et 24 BElE Sl GPU=

T 0] Decode ©AO] B 3F A3t KV 7HA &
A& A7ge = 7t gloj Rt thAl Fine-grained KV
Transmissions E3l A4/ H KV 7HA] & SA] NPU

Agsto] GPUS W &Le] RS 3A E4lth =
oF, 9| &9l whojzetold 7H o = NPUZE EA
874 9] Decode BAIE A e]5t= 5 GPUE T
L79] Prefill AIE 1T 225k A|2F] A 9]
A g} 7HsES =T AlE e o] A3t Hybe
+ NVIDIA H100 GPU A| A thH] Phi-3(100K %
HAE) BEo] A o 2.1919] £ & A4S Lla-
ma-3(1IM A E) REojA = Z o 3.98]¢] o 4]

5. PAPI

PAPI(Parallel Decoding with PIM)+= HAF 2] k4] T2
© WEY " Ade AT stedlof filol
705 ujg e PIM 714 0] 7] o}zl ol k.

Aol = LLM HEY 7' do] AREA} B Al

28] g ato] whah AAF Yok = v e eky
o2 WME 4 QS JEEL, o] & Ve R AY
= 5/33}sto] ekl Al 78 At stedlo]
ol 54 0= ujsgsict. o tobrt, wine] Fek
2 A YRAMZ o]d/do] 7] ujEo] Fdst
AA SERES 7k PIM H A 2 AAISHE 21 H
FE&Ho|H, AZ THE A4l 53 S ZHE stol B
T PIM fH9] oS Axsitt

5.1 Motivation

LLM 2 Z}R{o A LLM 1T Y THAlE= A3 A
Zro] R E-S XA 5HH, GPT-3 175B2] Rdlo] 7
- 96%0l aFEet. o] HAY FsS FIAT]
7] Y&, 71 A7-52 = Batching¥} Speculative
Decoding 75 &8¢l a}Lte] t] Y HHEof| A of
2 EZS Ao AAsts WY HadS LAt
th Al AT = UIY BEZY e 8 =
g Zdojof W m e Qb AH A FH 22
ChFet AFEAL QLA Batching 2
coding®]] Th$t 54 27 olet= Al 714 =5 L2100
olel &4 o= WItsttt. o) gk M= 444 vy

WS ALESIE o715 AAE

\d

Speculative De-

] 7(-1 og uE

3L, 71 A3 At R eFA] Ado] PIM ol 25t mh
FE AL WEE b4 7do] GPULt &2 it

A 7HE7)0 A

5.2 Approaches
2 =2 LLME] A Hobd Ada w e 3

OFA AE S BF a0 2 A str] Y, &~

o)
E CPU(Central Processing Umt) PIM H| 2T $4&

Zk2 1/3% ZEA|A(FC-PIM), B8] 4 02 Ba]E
PIM §YH(Atn-PIM) O 2 LA H 0] 7| Z o} 7| "X &

A|oFst}, FC-PIMT} Attn-PIME=E &
AL L2} WEE A

TS SEEM M40 Hi6= 20254 128



Bank Groups (BGs) FPU
High-Performance F o Bank 1][Bank 2
% BCiA HEEE BEEE
High-Speed FC- L S
nterconne Pim | BGB T
.| HEHEE BEEE
| BGC || ™
Processing Schiedlien 8
Units (PUs) Host CPU (b) FC-PIMs
"”I" ] e
[ Interconnect | |- CBea 1| | |[Bank1][Bank2
CBEBT [ i
[ BGC 1 o
- |Eemm [
(a) PAPI System (c) Attn-PIMs

£X| Reprinted from Y. He et al., “Papi: Exploiting dynamic
parallelism in large language model decoding with a processing-in-
memory-enabled computing system,” in Proc. ACM Int. Conf. Archit.
Support Program. Lang. Oper. Syst., (Rotterdam, Netherlands), Mar.
2025, pp. 766-782.

J2l2 £ Z89| PIM 7475 &835H= PAPI
NESTIEESS

G FPUS] ol 2fo] & ol M2 The it 573
ol |4 s}Et} FC-PIMS A%k Fok4] 2l 918
WA} o B FPUS HiA]513L, Aten-PIMS H| 2
2] fof4 2l & flsl WA o A2 FPUE HiA]
SeHH 2).

ol et F24 Afol= e
o]oJ Itk FC-PIME &2 A4t H5g
FC HY S, Aun-PIM2 U H & 2| &
Z stz ofdld Ad S oz AT
e Mz e BEs aE
gA oz AEoith 71 v 2
PO 2 o] FojZitt, ofelld 7]
g FekFd ol B & Acn-PIMOY| 1174
FC 718 “gol| whe} A4t H o

JIHY £5 glona A Zert Hhst

2] e
= BUE S AHE A 2AE 3

==

o fr
oo
o o

oft
if
i)
fr o o ol

ol
oL
=

o
o o
¢
o
i)
o
ox,
N

rE

we Mo og
oft

r ol

e

oo =

lo o,

U o o

=

S
.

2
o
il
2
of,
i

T
2
e
4
b1
A

B

IR

Processing Unit B=+= FC-PIM| ‘54 S = ulj g Et}
Al 7}A] @8] AFEE = LLM(LLaMa-65B, GPT-3
66B, GPT-3 175B) THAY O & &1 A3 Z 3} PAPI=
A1 GPU+PIM 7]t LLM 7}45:7] o] B3] 1.84], X
21 PIM & LLM 7}&710) 18 11.181¢] &5 &

F& 2/t

of, Mo
X
P
—
—
rlit

S

re
-
offt
ook
T (o
bt
&
T
%o,
a
=)
o
U ol
rh

% g
=2 ro
a8 o
&2 E

=
3502 1 587} Z7Hgel

Z| 258t A AN

iU
o by
ot rld
lo_l}m
fin)
Lo 9

P
Rty
z %

T2
= £
_>|:_>1_‘m
X
N
o, o
v =
QZ
=
<
g 2
E
2 W
3&%_1
=
ﬂﬂmlm
—F‘E’TJ
i =z

o
e
ol
f
32
fin)

[ Ao [
op off &
oo it 4
E=) e
B
H
o
i
ol
o
i
2

o

PIMQ] St=9| o)A A9} A A~]1A 51
AR E QT GPU B+ NPUSF &3H8 o
2 3N 99 e BE U 2ASY 7HE,
E3] GPU B NPUQ| W R 2| 24 33} PIMS.
A9 Aitol ZEHA] 7] YE 2AIET 71
S5 ATEYoH, ¢ F57} ofye PIM 7H:
7% WEE HE x| ue} o] 7|20 7 EX)
A

T 390 S TS A ATE Avin
[e)

8l
>~
>

PIMo] A BH O SAE 4 LA = Tl
PIM SHESICIH I AA ot THE Yol 71
GPULE NPUS] PIMo] 715 0]7]% 4| 28]
A oA LLM £ #lolo} 8B5S andom
B AASYY 5 92K, olgfet Mol o)
et B} A 250 FojF uf Aol At

HIZE A28 A AP Akt A 1 1

A Eet: 22| HIY ] Aol Hig

g HZ2] xPULLPIM S9| 01715 Z2MM7t SLE F4

i
E3

o

Ss SRohs M2 A2
=

=

El

=
I
J

QHA Q] / PIM J[dt LLM 32 It ¢ 53



Prefill T2 Q10 2 F20M Y2 ZEZE M|

5t

i

e

0l M2[ot= =7| HA|
Decode CHTE 0| B F204A Prefill 0|12 EZS 5t {4
TR E Wdok= HA|

Ik

(4]

(5]

(6]

(71

(8l

[9]

[10]

(1]

2]

(13]
[14]

r

T. Dao et al,, “Flashattention: Fast and memory-efficient exact attention with io-awareness,” in Proc. 36th Int. Conf. Neural
Inf. Process., (New Orleans, LA, USA), Nov, 2022, pp. 16344-16359.

Y. Leviathan et al.,, “Fast inference from transformers via speculative decoding,” in Proc. Int. Conf. Mach. Learn., (Honolulu, HI,
USA), Jul. 2023, pp. 19274-19286.

V. Seshadri et al., “Ambit: In-memory accelerator for bulk bitwise operations using commodity DRAM technology,” in Proc.
Annu. IEEE/ACM Int. Symp. Microarchitecture, (Cambridge, MA, USA), Oct. 2017, pp. 273-287.

A.M. Bidgoli et al., “NeuroPIM: Felxible Neural Accelerator for Processing-in-Memory Architectures,” in Proc. Int. Symp. Design
Diagn. Electron. Circuits Syst., (Tallinn, Estonia), May, 2023, pp. 51-56.

Y. Kwon et al., “System architecture and software stack for GDDR6-AIM,” in Proc. IEEE Hot Chips 34 Symp., (Cupertino, CA,
USA), Aug. 2022, pp. 1-25.

S.H. Lee et al., “Hardware architecture and software stack for PIM based on commercial DRAM technology: Industrial product,”
in Proc. Annu. Int. Symp. Comput. Archit., (Valencia, Spain), Jun. 2021, pp. 43-56.

J.G.-Luna et al., “Benchmarking a new paradigm: An experimental analysis of a real processing-in-memory architecture,” arXiv
preprint, 2021. doi: 10.48550/arXiv.2105.03814

G. Heo et al., “Neupims: Npu-pim heterogeneous acceleration for batched llm inferencing,” in Proc. ACM Int. Conf. Archit.
Support Program. Lang. Oper. Syst., (La Jolla, CA, USA), Apr. 2024, pp. 722-737.

M.S. Seo et al., “lanus: Integrated accelerator based on NPU-PIM unified memory system,” in Proc. ACM Int. Conf. Archit.
Support Program. Lang. Oper. Syst., (La Jolla, CA, USA), Apr. 2024, pp. 545-560.

J.H. Park et al,, “Attacc! unleashing the power of pim for batched transformer-based generative model inference,” in Proc.
ACM Int. Conf. Archit. Support Program. Lang. Oper. Syst., (La Jolla, CA, USA), Apr. 2024, pp. 103-119.

S.J. Moon et al,, “Hybe: GPU-NPU Hybrid System for Efficient LLM Inference with Million-Token Context Window,” in Proc.
Annu. Int. Symp. Comput. Archit., (Tokyo, Japan), Jun. 2024, pp. 808-820.

Y. He et al., “Papi: Exploiting dynamic parallelism in large language model decoding with a processing-in-memory-enabled
computing system,” in Proc. ACM Int. Conf. Archit. Support Program. Lang. Oper. Syst., (Rotterdam, Netherlands), Mar. 2025,
pp. 766-782.

Y.G. Kim et al., “Ramulator: A fast and extensible DRAM simulator,” IEEE Comput. Archit. Lett., vol. 15, no. 1, 2015, pp. 45-49.

H. Luo et al., “Ramulator 2.0: A modern, modular, and extensible dram simulator,” IEEE Comput. Archit. Lett., vol. 23, no. 1,
2023, pp. 112-116.

TS SEEM M40 Hi6= 20254 128



