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SUMMARY

1. Title

A Study on Technological and Institutional Measures for Digital Low-Carbon

Transformation

2. Research Objectives

The background of this research lies in the critical paradox that artificial
intelligence(A) and digital technologies are driving industrial innovation while
simultaneously causing exponential increases in energy consumption and carbon emissions.
According to the International Energy Agency(IEA), global data center electricity
consumption accounted for about 1-1.3% of world electricity demand as of 2022, and this
demand is projected to increase explosively by 2030 due to the spread of AL This is not
just a future concern but a current threat. Major economies like the European Union(EU)
are already making energy efficiency disclosures mandatory for data centers, setting
low-carbon transformation as a new standard for trade and technological competition.
Global ICT companies are staking their survival on developing low-power Al accelerators
and transitioning to renewable energy, promoting “Performance per Watt” as a core
competency. However, in Korea, high-performance Al development and carbon-neutral
strategies are not yet organically linked, placing the nation at risk of weakened
competitiveness amidst international regulations and market changes.

Therefore, this study aims to comprehensively diagnose the carbon footprint of the
digital economy and propose an integrated, multi-layered strategy to achieve both high

performance and low carbon. Specifically, it seeks to: A quantitatively diagnose the
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carbon impact of digital technologies, A compare and analyze the low-carbon transition
policies of major countries, A identify successful cases of digital carbon reduction by
industry, A establish a concrete low-carbon technology framework, from Al model
lightweighting to custom semiconductor design, and A design a policy and institutional
implementation system—including R&D, regulations, and public sector leadership—to
support these efforts. Through this, the study intends to present a practical roadmap for

securing Korea’s future digital leadership within a sustainable digital ecosystem.

3. Contents and Scope of the Research

The composition of this study is designed with a total of five chapters to analyze the
problem of digital low-carbon transformation from multiple perspectives and propose an
integrated solution. Each chapter follows an organic flow of Diagnosis - Strategy -
Technology - Policy.

First, the background and objectives of the research are presented, and the research
scope is set based on the OECD's framework for quantifying the digital economy. It
quantitatively diagnoses the energy consumption and carbon emissions status at each
stage of digital technology—including Al model training/inference, data centers,
communication infrastructure, and ICT terminal manufacturing. It also analyzes regulatory
and policy trends in major countries like the EU and the US to identify the gap with the
domestic situation.

Second, it addresses two aspects of carbon reduction using digital technology. It first
analyzes domestic and international cases of low-carbon transformation methods that
optimize the energy efficiency of digital infrastructure itself, such as data centers, cloud
services, and communication networks. Next, it presents in-depth case studies of specific
carbon reduction applications where digital technologies like Al and digital twins have
achieved process efficiency and energy savings in key industries such as manufacturing,

energy, and logistics.

— XX —



Third, it systematically analyzes key technological solutions for low-carbonization,
dividing them into software and hardware. Software-based solutions cover model
lightweighting(quantization, pruning, merging) and energy-oriented algorithms(linear
attention, neural architecture search, adaptive decoding). Hardware-based solutions
include custom Al accelerators(ASIC, FPGA) to overcome the limitations of
general-purpose GPUs, PIM architecture to solve the memory bottleneck, and hardware-
software co-design methods.

Finally, it proposes a policy and institutional framework to support the successful
adoption and spread of the aforementioned technological solutions in the industry. This
comprehensively covers R&D support and financial/tax incentives for the low-carbon ICT
sector, regulatory systems like strengthening data center energy efficiency standards,
pioneering technology adoption by the public sector, and governance-building measures

linked to the national carbon-neutrality goals(NDC).

4. Research Results

In this study, the following key contents and results were derived through a
multi-layered analysis for digital low-carbon transformation. First, to emphasize the
duality of digital technology and the severity of its carbon impact, we quantitatively
analyzed that Al model training(e.g., LLaMA 3.1 model training emitting over 8,930 tons of
CO2) and data center operations are key drivers of the surge in energy consumption. We
particularly identified the ‘efficiency paradox, where improvements in unit technology
efficiency cannot keep up with the explosive growth in total data and computation,
leading to an increase in total energy consumption. It was also revealed that the Al
hardware manufacturing supply chain is concentrated in regions heavily dependent on
fossil fuels, making the management of manufacturing-stage(Scope 3) carbon emissions,

not just operational-stage(Scope 2), an urgent task.
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Second, to show the empirical effects of low-carbon transformation by industry, it was
confirmed that data centers can lower their PUE(Power Usage Effectiveness) to 1.1 or
less through high-efficiency cooling technology, Al-based energy management, and
renewable energy Power Purchase Agreements(PPAs). Cloud migration has the potential
for up to 98% carbon reduction compared to on-premise systems. It was also
demonstrated through domestic and international cases that communication networks can
achieve significant energy savings through Al-based base station power optimization and
decommissioning of legacy networks. Furthermore, it was empirically analyzed that digital
technology acts as a key tool for carbon reduction in major industries such as
manufacturing(Al  process —optimization), energy(smart grids), and logistics(route
optimization).

Third, through technological case studies of the software-hardware integrated
technology stack, we proposed that low-carbonization requires not individual technologies,
but a multi-layered ‘solution stack where software, hardware, and their co-design are
interdependently combined. We presented model lightweighting(quantization, pruning) and
energy-oriented algorithms(linear attention, adaptive decoding) at the software level to
fundamentally reduce computations, and a shift to custom Al accelerators(ASIC) optimized
for specific operations and PIM architecture to solve memory bottlenecks at the hardware
level as key strategies. This revealed that hardware-software co-design is the core
principle for maximizing energy efficiency by integrating these two.

Finally, to establish an institutional foundation for technological innovation and market
creation, we proposed the expansion of government-led R&D investment and the
provision of tax and financial incentives. Simultaneously, we suggested regulatory and
standardization measures that provide clear market signals, such as mandating data center
PUE targets, a greenhouse gas emissions monitoring and disclosure system, and the
introduction of an ‘Eco-friendly ICT Certification. In conclusion, we emphasized that the
public sector must demonstrate leadership by mandating the adoption of certified

eco-friendly cloud services and data centers to create an initial market and spread best
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practices, urging the clarification of the ICT sector’s legal role in achieving the national

greenhouse gas reduction targets(NDC).

5. Expectations

The results of this study can create the following multifaceted expected effects.

First, as a policy contribution, it provides a systematic and integrated roadmap for the
government to establish a Korean-style Digital Low-Carbon Transformation Strategy.” The
diagnosis by technology and industry, along with the policy proposals presented in this
study, can specify the role of the ICT sector in achieving national carbon-neutrality goals
and be used as empirical data for improving related laws and institutions.

As an industrial contribution, it provides a turning point for domestic companies to
recognize carbon reduction not as a cost burden, but as a new growth opportunity and a
core element of future competitiveness. The specific technology solutions and
industry-specific application cases presented will offer practical guidelines for companies
to expand investment in low-carbon digital infrastructure and set R&D directions for
related technologies.

As a technological contribution, it systematically establishes a low-carbon technology
stack ranging from algorithms to hardware architecture, thereby promoting the creation
of a domestic low-power, high-efficiency Al technology ecosystem and contributing to
presenting future technology R&D directions. This can serve as a foundation for securing
domestic technology leadership in the global technology standards competition.

Finally, as a social contribution, it helps form a social consensus for moving toward a
sustainable society where technological advancement and environmental preservation
coexist by providing a balanced perspective on the benefits of digital innovation and its
environmental responsibilities. Through this, it contributes to securing a sustainable
growth foundation for future generations and establishing a national vision not just as a

digital powerhouse, but as a ‘Sustainable Digital Leading Nation.
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Data Centers and Their
Increasing Energy Appetite
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23) HA YHlolE: o]dgs EFAQ1Y AXES WA FAAR] R JadolEE &
gt} 20229 9€ 1590l geFHoH, ol g &9 WAS 4H8] HHriTh
24) CoinLaw(2025), Bitcoin Energy Consumption Statistics 2025: Efficiency, Regulation &

Green Tech
https://coinlaw.io/bitcoin-energy-consumption-statistics/
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(TF4: TWh)
Electricity Use Carbon Footprint Water Footprint  Land Footprint
(TWh) (Mt) (MCM) (Km?)
p China o China  C: China ' China
73.48 g 41.27 E 780.05 . 913.01
E USA USA USA USA
— 32.89 E 13.79 E 205.73 E 303.21
Kazakhstan Kazakhstan Canada Germany
15.94 10.69 I*I 150.01 - 162.15
Russia Russia ] Kazakhstan Canada
B Bl ) 10418 Wl o5
Malaysia @ Malaysia Russia Kazakhstan
E 7.29 412 - 94.11 72.18
Canada Ireland E Malaysia E Malaysia
* 6.62 2.81 | — 64.57 A — 57.26
- Germany N Iran - Germany Sem— Thailand
4.18 V243 51.94 I 55.94
ﬁ
I Iran - Germany | . Norway Russia
5.13 s i J
a— 1.71 a2 -3305
I Ireland I Canada I B sweden
3.43 * 0.92 = . 27.32
Singapore o Singapore — Thailand w4 UK
1.56 0.77 I 17.98 23.94
— | [N
Total: 162.79 Total: 83.12 Total: 1527.74 Total: 1743.98

Z+&: CHAMANARA et al., The environmental footprint of bitcoin mining across the
globe: Call for urgent action. Earth’s Future, 2023
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BITCOIN MINING'S GLOBAL ENERGY SUPPLY MIX

Solar 2%

Wind B3
Bioenergy -
Hydro -
Nuclear
Natural Gas -
oil
Coal -

Source: United Nations University

A2 sky news(2023)
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CRYPTO ENERGY USAGE PER TRANSACTION (WH)
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35
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Source: CoinLaw.io

Z}&: CoinLaw(2025)
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FAN A7) TEAS] B40) Hh2r, T D8E Rudss HolBAlE, HolE A%
YE9 3, 81 A48 AAE T3 A A AL A A oA B 2
Fhos Wl ko) of 0] SR oF T00W7HEMD) olkahea BAHC00S HE S
Yek¥ o [T 71%0] B3] BB Agshs AL ol A7 Lusel wAE 9%
o] AT A %L HelFUT.

Agdoz [T 7129 8 A& Fsahsl rel] 9aAE 71& B HEo)
AA G Aok % wdo] AU A 0T 717] 47, olix 284
54 71% A, aelm A4 AUAE ALgshs 187 HolHAY 75 5 744, 4

A7 A9e) B2t Aol Wagh,

(08 2—20) 22 loT AIE 0=

<2 10T ANALYTICS September 2024 Your Global IoT Market Research Partner

Global loT market forecast (in billions of connected loT devices)

Number of global active loT connections (installed base) in billions
50

45 Actuals until 04/2023

Connectivity type CAGR 21-23 CAGR 23-30

2

W Wireless neighborhood
area networks (WNAN)

’ Wireless local =
10 100~ area networks (WLAN)
M Wireless personal
5 area networks (WPAN)

0 Qo) =GR
2019a 2020a 2021a 2022a 2023a 2024f 2025f 2026f 2027f 2028f 2029f 2030f

cldes 26,5,46,56

75 10T ANALYTICS(2024)

25) ZCA(2022), With the Internet of Things set to near 30 billion devices by 2025, tech
giants are facing pressure to address the growing environmental impact their products
pose
https:/[www.zerocarbonacademy.com/posts/with-the-internet-of -things-set-to-near-30
-hillion-devices-by-2025-tech-giants-are-facing-pressure-to-address-the-growing-env
ironmental-impact-their-products-pose
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8 - Digital society

o 5

® S

23

- D

BB

£ Traditional

a society
Zk5: OECD(2020d). p.40.

UAY Aol ZA ANOE HHFHBA, “Fo1E AL FAZ B AAFl B F
oJst A% AA AR AAFAZ 24T OECDE of RIS Zol7] 913
20204 TAE HA 24E A% FF ZAYAL ZEWS At} 04D BAE 9
A8 Y 9 PE-FAN/T 2 I THFANNA AAsHE B uF
& FAH o WL Fee FHE ANSUATHOECD, 20200, A HolE (28 2-21)
o ANl 9IT). OECDY] B Zeldl9)as F7PEe Aoldd 04D 44 v% 54
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ECDE HA Y 33 9 A% (Digital Supply Use Tables) S
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Hited States = Japan EKorem China Germany B France # Canada

46 58 05 03 1B 4f 181 @7 03 o4 13 03 (T R T = SR A I R B b 11 04 02

Number of IP5 patent families (fhousands)
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A8 OECD, STI Micro-data Lab: Intellectual Property Database
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Baseline versus Carbon-aware Load

Baseline Load = Carbon-aware Load @ Carbon Intensity

MIDNIGHT NOON
Time of Day

25 Google, 2021
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AAE L ok, 2AF Asks &8-3k= Mixture-of - Experts(MoE)“ ger g &3S g
SHAME &4 A AFH o Fas] A& Fole PAOE, 29X EdR ¥

5] 2 SAAE 8- 4HIE AAY dAg 2w
, AL B v RE] HAstel 2 Al2~E AlFe fAe] WalEo At AdE

Aol Eole Wdez THst ot T, OECD 99 Ve EMEE &ZES 9]
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(38 2—24) A HZHDLC) AHBE

2024 use of direct liquid cooling
I. Do you currently use, or are you considering using, any direct liquid cooling
technology in your owned data centers? (n=453)

Currently uses DLC

Do not use DLC but
would consider it

DonotuseDLCand 17%
would not consider it

2Z+5.: Uptime Institute(2024), p.1
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2024 use of direct liquid cooling (by size of largest data center)
IV. Do you currently use, or are you considering using. any direct liuid cooling
technology in your owned data centers? (n=397)

0

66% g49% B Less than 5MW
£9% SMW - 19.97 MW
38% 20MW or greater

27%
21%
13%
- 9%
Currently use DLC Do not use DLC but Do not use DLC and
would consider it would not consider it

Z+5.: Uptime Institute(2024), p.1

3. 24 A 7ls sdls

W 49 Ve EIEE FARH SA-A5-H 2t WEFe a2 QAT of
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AZAHCSPIEC] AN S Ml 27} o

£ 2787 ARt oug, s 29
o AAARNA Agsta FHslor sk A A1 F7171 A
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AR T 5ALS ol &3 W Aol WA srtEgol AU 25 Faol AR
834 5 oUA £8 S SQAT Welule o Fal @zk 1% 39 MWh e
A Azde 64 B0 £47ks MES 2Y 5 e A0 AT Ak olelols

26) o] (2024), HiolEAlE 2 MlE7+A LEED S Ed g5 37 Hofx: =24
i & Y5 https://www.navercorp.com/media/pressReleasesDetail?seq=31837
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St CIXE Efl ZAER
(Digital Twin PosPLOT) Of|A| 0|O]|X|

Posco Process based
Lowest-cost Optimization Technology

A7 TAFTTE(202])
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(O3 2—-27] CX[¥ LIEEHDigital compass) 2030

Skills

ICT Specialists: 20 million + Gender convergence
Basic Digital Skills: min 80% of population

Infrastructures
Public Services | X Connectivity: Gigabit for everyone, 5G everywhere
Key Public Services: 100% online - Cutting edge Semiconductors: double

S A EU share in global production
e-Health: 100% availability medical records t

Al A = PR Data - Edge & Cloud: 10,000 climate
Digital Identity: 80% citi digital ID !

S nkity ELl neutral highly secure edge nodes

Computing: first computer with quantum acceleration

Business
Tech up-take: 75% of EU companies using Cloud/Al/Big Data
Innovators: grow scale ups & finance to double EU Unicorns
Late adopters: more than 90% of European SMEs reach
at least a basic level of digital intensity

A5 European Union, 2020
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A8 Assessment of the energy performance and sustainability of data centres in EU
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A5 Naver, 2020
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South Korea ai data center market, 2018-2030 (US$SM)
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29) Vertiv(2024), “What Is the PUE(Power Usage Effectiveness) Data Center Definition”, ht
tps://www.vertiv.com/en-us/about/news-and-insights/articles/educational-articles/what-i
s-the-pue-data-center-definition/

30) Statista(2024), “Average annual power usage effectiveness(PUE) of data centers world
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ge-annual-pue-worldwide/

31) Equinix(2024. 11. 13.), "What Is Water Usage Effectiveness(WUE) in Data Centers’, htt
ps://blog.equinix.com/blog/2024/11/13/what-is-water-usage-effectiveness-wue-in-data-
centers/

32) Stream Data Centers(2024), “Data Center Sustainability: Carbon Usage Effectiveness(C
UE) Definition”, https://www.streamdatacenters.com/resource-library/glossary/data-cent
er-sustainability/
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Al-Native Sustainable Network

Intelligent networks inherently
designed to leverage Al for

Reducing operational cost and
improving users'satisfaction by
enhanced performance, Al-Native & improving energy efficiency of
optimization and automation Sustainable both networks and terminals

Ubiquitous Coverage Co?lT#r?;fg;?ns Secureand Resilient

Improving experienced QoS Network
through expanding service areas Aresilient system built on

advanced security and Al
capabilities

and seamless connectivity in

terrestrialand non-terrestrial areas

$

A& Zero-Trust Architecture for 6G

59) Samsung Networks(2024. 2), “Powering a Greener Future: Inside Samsung’s Al-Driven
Network Energy Innovation”, https://www.samsung.com/global/business/networks/insight
s/blog/0224-powering-a-greener-future-inside-samsungs-ai-driven-network-energy-in
novation/?utm_source=chatgpt.com

60) Samsung Research(2024. 3. 15.), “Zero-Trust Architecture for 6G’, https://research.sam
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61) Samsung(2024. 2. 24.), “Verizon Infuses Al in Network, Accelerates Open RAN Innovati
on with Multi-Vendor RAN Intelligent Controller Deployment”, https://www.samsung.co
m/global/business/networks/insights/press-release/0224-verizon-infuses-ai-in-network-
accelerates-open-ran-innovation-with-multi-vendor-ran-intelligent-controller-deploym
ent/
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67) Global Market Insights(2024), Software Defined Networking Market
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1) Siemens
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71) Siemens(2024), World Economic Forum: Siemens factory in Erlangen named Digital
Lighthouse Factory
72) Siemens(2024), Getting the best out of production with the Digital Twin
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73) Bosch(2020), The Bosch plant in Feuerbach - where tradition meets high-tech
74) Bosch(2025), Nexeed — welcome to the smart factory
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75) DigitalDefynd(2025), 5 Ways Toyota is Using Al [Case Study]

76) Rockwell Automation(2025), How Al Boosts Energy Efficiency in Wastewater Treatment

77) Rockwell Automation(2025), Rockwell Automation Al's Power for Sustainable Manu-
facturing
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79) 43 3(2021), Power & Motion Magazine Vol.1
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82) AujAk-s2t 1% “§(2025), https://www.hyundai.co.kr/news/CONT0000000000107747
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https://www.hyundai.com/kr/ko/sustain-manage/manage-system/sustainability-report



2. AOE of|L%| 22|

20lE oA Bele AR 42 =
ETHE) 7)4< Es Ao

A9k AR BAAESS), HoN3F % 1A 5 horat
A BTHE 3-3). AR} FAlE UABA2AEND S FHe) 29 F2. Aule)

$AE AE Aojeln, Fa0 23 Fa)3

ol
A
)
Sot,
s
=
u
[N
tilo
offtl
=0I=Il,‘
it
mg:l
r°“
=2,
s
)
>
i

2ol o) ol 922 WAL AT AP 1B el A AL FE
Ao eailEe Agen, AE e 9Ush AAel e S B BT ol
b ol @ AzTe ARel rtETeE B d, UAES A, BaFY 94 4
Ash Qo] 24 BFRE AW oA BT A47k5HE eae”
(£3-3) A0E ofuUx] 22| 2 53
e 8 5% he
1 A58 2 29 ol 718 SHESES TR AR R AR

NAm B,
A8, 34 W) EMSZ =49, g2, Au Ao], Fad
2 oA Bl Az s A0 | L5 ,fi}”;w e o, 52

_ EETR CEVER S Epp e

3| wat Aae), w3 e oy | ) THNE EAEE AL A S 494
(=i

Al ) 3 B 9 20 AN

A7,

J= BB AN AU BEA 2 AS7FA

A AL,

A5 20tE TP E(YA]) EoF E=UAR 432017

4 AR A9A T

5 oA E& A% 7bsA st

7y =9 7le FF%
D "= Google DeepMind
Google DeepMindi= dlo]EAIE Wzh HAstE sl 44 7| AAA 13 Azt

43

M

84) R FALAIETAQ017), 2rtE T2 E(AUA]) ZoF =UAH



2) %= National Grid
%= National Gride] A8 A|~&l & €4 93 Ug Z23 §
A AR 2E SFEA, 718 - AR 0% B9 AMEEO] 715, dEEE AEAR] &~
ntEWE| 9} #A S vE o R A7} 147 o TbeA oF Thed AY
Z, AlEsgleta, 93 ARt dle A7) 4, SERE, 7HAE viHE 2& A9 7hE

A, 29, 7IRte As oz AujAE) Faks &30t 202297 2023 A= 5% 310 AR

of2
N
e
flo
iy

H

3) 7t} BrainBox Al
BrainBox Ale @@ - &% f4 Aol dol, o3 7| A¢ H A sk Predictive
Autonomous Optimization) ¥31g]F& A&ttt g GuelEL &7 =1 s}, 47]4
B, A% A el WaE Aol BAsel Yl
AY 93 oAsh BB Al JHE Ha8E FA

85) WIRED(2018), Google’s DeepMind trains Al to cut its energy bills by 40%
86) National Energy System Operator(NESO)(2023), Demand Flexibility Service delivers
electricity to power 10 million households.



£ B¢ BAsoRH, Y ARelH B Ao Aol WA WENAR Sadt,

oA A&T s AT A 715 4ol B Ao] = ARH} FeaAAH, £

OG0l A4H EE Fako] 7Ktk WA 45 Broadway A Aol A AHu] A

Qo] W 15.8%2) A AL AT 1] Wi PEo] FAFYOH, HE 275
W12t W A7k AAEE o] B4 e Aol BTk Hol YSHYT”

. =u 7le 5%
D KT Al 29 2wz olH

KT Al 99 ool s AYeEALr a7lexedd A7e d58 we 48
EFA0E, AE AHE AAA Fuk duA 29E& HH5} - A
x2 Assdtt g dule
Robo-Operator= 1 &H TAY EY Aggoldoz 443 7 24 oot A4

HiolEl & I st Wy, g2 AEXJES 7Hs A8 23t 24, 53
AEEZYQ i-Boxe s BF T2EIE /5%, 45, A¢h BH Qs 5o A4 2
AZ wlol8E FHAL 4 39 A2’ Atololl A kA Aok A7 Alo] WH& Ao

o AR, 22k do= A& 18 T 4, Avl HolHE 8, Adsteta, &4

ofi
oo
ASH
N
1o
ko
1%
Hﬂ
—Ll
rkﬂ
_—Q ]
pel
2
e
ol >
il
=
2L
2
e,
>
r (e}

QT ol @ THE 71E BYS SllA A9 FAse Eatelr] b 7)E 2
A whas) He shseit 1 A% 1) A% A%

2) dohAsAt

AR ol B4 Ao 9.4 EES shte] WAl AN FYE o
VA B A 2EE FAO] T, A8 g, s 20 dolEE AR ASS 29 %

87) TIME(2024), How Al Is Making Buildings More Energy-Efficient.
88) KT(2025), KT ESG Report 2024



22 AMADL AT 29 ol BT PR, BL9The L8 Zo]7) 913
A

tHIEE Ao, SRl

71870] Hojuh F-E5-et E80] =2 o] L3 A2eS A8 A &3t Had
HE dde FEEES Yok FAlC B 572 FolA WA AL ¥
S BAZ 3

g 8 g el ARYIL, ANIABLY A 2R AN E 5t A5 1}
o 2 A5AAY L5, 4 ATAEE A5 AT, O YA} BELA
A4S SY MY A2 2] AVVh 1 A% RERS W e 127} 93
w0} 917k 2456 £ B WS Folm ouAH] of 1450 UL AR OR, 15 oA
43 AR 3719 A5 P A BAT”

3 LGHAA
LGAA 7HE R&D 73)2- 150 50001 71kl o|ui 4% A 28 ENS)E F55ha o]
Ui el A ~HBEMS)SH AT &9 EES TSR Bl Ak of A
ATF, ARE, HYF 5 4T 55 R BHL /K AESS 9 mUEY
FY2o] BEspel, uiA EFH 4¥ AU AAOR NI 53] S

MEREY AAE T3 T FotE 27
K

7

il
[
iCl

[>
rlr

T 1

AHE A4Y 5 UES Aok £ SANAE U2 Holelst /Y, A, WAE AR
g F% BN3 957, 92T, F27), 29 5 94 Ao 2S5 L5, FF A

FAEE MO BE 5L B

71EA 7823 Adnl e BUEEE Tl A Ast A

2 W] A%, AH2E A7 14386 GIo) OIAE A7HEloB, o)t of 340689} Tha
W& 4% TR oloizlth HEol, 93 £a oA YT F= AHH LY

89) AoiAb-s2H2025), 2025 PiA-sAF A &7HeA HaA
https://www.hyundai.com/kr/ko/sustain-manage/manage-system/sustainability-report



A7 BHE ATUL, AH FRH A FARS WG 2T By 97 e

R e e A

YT ¢aAUANALLE 27k AAAES) W2 B
AR W19 5L Hasar) 9 A eFEE A Fade Azeolt. 44l
o 498 Age] Ay Raje 2niEn|Eel AAA o) Ao Esol2 AAZ dAHel, A
=

1:
ol

Qalw, Aol 248 2% Adeled me 2%, 22, =), vy 24 Aug
k. & AL B2 Aule £H AT AB, 42 A2H

z
of ot @A ke W, € 4, € AnlE E83 Fat o5 o] AF A= o]HA
3} AjH) 22

%
ol HEE AT L4725 ERE QWD Uk ol Axge Bt A

3. AOIE 2HEfE| W =7 FF3g

2rtE 2P 5 7 HAss Al 710 A2 A3} daeed s 2UEe
83 =5 AT 2HRT ojFe E0)A TAES HANFEA AR A 24
7k lEE FAO ASAHE 3-4). ATq ASAAIYE ws AEE A=

A7 Aojstel AF AA Y FIH AE Fol, B4 Y o)F EEAS BIN” w3

90) Clean Energy Ministerial(2022), Global Energy Management System Implementation:
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91) Ko, Wonsuk, et al. “Tmplementation of a demand-side management solution for South
Korea's demand response program.” applied sciences 10.5(2020): 1751.
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94) Smith, Stephen, et al. “Smart urban signal networks: Initial application of the surtrac
adaptive traffic signal control system.” Proceedings of the International Conference on
Automated Planning and Scheduling. Vol. 23. 2013.

95) SCATS(2022), Sydney Coordinated Adaptive Traffic System(SCATS)
https://www.transport.nsw.gov.au/system/files/media/documents/2022/SCATS-Core-broc
hure-Final-web-spreads_0.pdf
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Amazon'’s Carbon Footprint (MMT CO,e*) ®

Direct Emissions
Indirect Emissions from Purchased Electricityt

(" Indirect Emissions from Other Sources'
@ Carbon intensity (gC0,e/$GMS)*

71.54

68.25

65-10 64,38

12.11
60.66 RN

2019 2020 2021 20228 2023¢ 2024°

Z+2: Amazon, 2024 Sustainability Report, “Carbon and Energy’, pp.9-10.

Fleet Efficiency’, pp.8, 11-12.
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1) %= Alibaba Cloud
=9 Alibaba Clouds= HlolHAIE S H¥ &&3} &4 58S A 2437 H6l
2 zet uxsiol A4 WY Ag dgs Fsta glom, 2030d7kA AA &
Ao BAaFYS A3, Y AA7HA Alibaba Cloud7} Scope 3 A5 HS GAd=
2 3t ok

dejubuks wlolEAE &8 /WA AR AES T A 2A7Ms s
dAz oz AEsAtt AL 5% HlolEAlE & MHAR-ES(PUE) & 1.2150014 1.200
o2 M= eH, AA AHAH Y 56 %5 FA APo R DY) ol Ml A
I (3" 3-17)4 & 4 %ol &9 F2Scopes 1 & 2)9] &2 20231 4.681
MtCO, eqollAl 20243 4.449 MtCO, eqZ 5.0 % ZHAs9aL, (13 3—18)3 o] Scope
39 =7 =(Net emission intensity) & A| 8.7¢14] 8.1 tCO, eq/® ¥+ RMBZ 7.0 % 743}
Ak

101) Alibaba Group Carbon Neutrality Action Report(2021)



(O2! 3—17) Alibaba Group Scope 1 & 2 2AI7|A #=HIE2F $0]((2020-2024)

Net emissions of Scopes 1 & 2
Unit: million MtCO,e
5.372 decrease by
4.681 _5.09
] I | | *I4 449
Baseline year FY2022 FY2023 FY2024
Jan 2020 - Dec 2020 Apr 2021 - Mar 2022 Apr 2022 - Mar 2023 Apr 2023 - Mar 2024

A& Alibaba Group ESG Report(2024)

(O2! 3—18) Alibaba Group Scope 3 HIEZE H1542020-2024)

Net emissions intensity of Scope 3
Unit: MtCO,e per million RMB of revenue
100 —
ec"e'SSe b
9 700/
8
7
6
5
4.1
Baseline year FY2022 FY2023 FY2024
Jan 2020 - Dec 2020 Apr 2021 - Mar 2022 Apr 2022 - Mar 2023 Apr 2023 - Mar 2024

A& Alibaba Group ESG Report(2024)
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°HPPA) & FXIEH3th ol & B3l ST et & HutolM FA A nFs A
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Ad thul 4% F748 $£AE2 BauHld Albaba Groupe o] “Green Computing
Infrastructure” AgFo.2 Wyl Al Au|x. UL dojnd o TOo=2 QI3 HFH

A8 2 3kl 0s 49 BFY AAE B ek

2) Ant Group - Full Scaling Automation(FSA)

Ant Group®] FSA A28l Al 7|9 S249-5 9ARE o 9 A 25 2AYE 7]
<=, olEHAIH Y dUA E&3 84 I5S A @43 thx Atgeltt. o] 71«
< Ay Hatol EfY sjEls AATIOE EMste, dag v AFE Ads AF
o2 . 240 2H B3 A YH|E WA gi)

+=% "Full Scaling Automation for Sustainable Development of Green Data Centers”
(LUCAI 2023)l1 4= FSAZF =94 ¢ dlolBAlE &) A &9 235 Rttt 2019975
20223744 4A7F 73 CO, ZEH2 oF 1,958E, Ay A7 oF 3,182,000kWhz e}

o, £3] 2022 3 3 e 947E CO,, 1,538,000kWhe] A7+ &35 AFAH.

(32 3—19) Ant Group FSA XZ0f E M2 24| & CO, &= FO|

The Comparison of Electric Energy Consumptions 1e¢

—#— Baseline(KWh) 3952650 4.0
—%— FSA(KWh)

CO> Emission Reduction(Tons) 3.5
800 _
&=
3.0
2 )
£ 600 1 2451852 253

c

S £
é’ 202
o
{400 4 -
S 1.5&
8 e
=
108
200 w

Lo.s

L eo,” [eo,  [co, | [co, |,

2019 2020 2021 2022

A5 Wang et al., Full Scaling Automation for Sustainable Development of
Green Data Centers, 1IJCAI 2023

102) Alibaba Group(2024), Alibaba Progresses Towards Carbon Neutrality Goals and Digital
Inclusion - 2024 ESG Report, Alibaba Cloud Community, July 23, 2024
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% 73, 2040W@71A] Carbon Negative ©4& FEZE 3t 9t
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= Net Emission Curve

Net \, Carbon Negative
Emission 5450 2030 2040 @ operational
Excellence

@ Future Green
Product

60% @ oftset
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Zk5: NAVER 2022 TCFD ®.1.A4 pp.18-19
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2 520tCOze ’

Zk5: NAVER 2022 TCFD ®.1A4 pp.18-19

T3 (9 3-21)%& Scope 1-2 247k wlEF] AA 745 A3E RoFrh 20224
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g2 A ZAHKEPCO)S} SHol A Zehe A ek o Ale) ojux] E&3E BX
2, Al-10T 7]4ke} AmtEUAERES T531a ek o] FREFL AE 719 34l
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Y. -7k T AUA HolHE AACE 3. ZHEL 8 F % AoE F
3} =3 -G HME(TOC, Total Operating CenteNE Fa A= 2AntE 14
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AE 5 AuE 58 AolE e A, H 5% A A7 a5 GAsH e, o
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2474 HiES F0|
(&49: tCO, eq)

n

(08! 3—22) s=EE

2HTIA HIEZF (2421 tCO%eq)

Scope 142
Scope 3 220,002,720 214.273.227
194,127,327
1,009,867 927,894 870,631
20214 202244 208
AYIFAL A&7V P RIA2024), p. 55

(39 3-22)& BFAYY £A7hs W% Fol2 el 20.=, Scope 1 + 2 A4
R E o] 2021 220,002,720 1C0, eqol A 2023 194,127,327 tCO, eqR 243}
5 1,009,867 — 870,631 tCO, eq2 AEH A ol AT
% ol3) ko] AAHel AR UYeh}y S HejZT,
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7h 2 Akl 384

Al 592 2 2 dzt 7| AISRs 9] ool A thkat 18R & o] Flor, A
ol A&, AFH HA T tFd ZokolA £ A5 2AAT 1y ol
5] olHolE Woist sty HlolE & /e E B2 geinHE iRl B md 7=
£ o4& Graphics Processing Unit(GPU) AlHolA St 9 F&& sfof dthe AL
EAPT. 53], A FELE ChatGPTeF 22 =AY Ao 2L 9 7 o] 1t
HEE BAshe, GPU A4t et mixel 2k i dlole AEa Hoid At
O % Q& A AR} gA wiFo] Fsith FAHE, (I8 4-1]A &
201213 AlexNet(Krizhevsky, et al. 2012) 9] 85 Aol A LAY g ghA vl S <F 0.
o] CO, o EHg o}, B R} EAJo] F7Hgel whet 20200 GPT-3(Brown, et al.
2020)= ¢F 588%, 20231 GPT-4(Achiam, et al. 2020)= ¢F 5,184=, 2024 LLaMA 3.1
(Touvron, et al. 2023)& <F 8,930&2] CO, & WiEdtAtt™. ol& AA HF 197 Azt
WS 5518)7 Ml g wf 1,6208] o), vl=r H¢ 191F AzF vl&aHeF 18.08%)
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106) Al Index, Artificial Intelligence Index Report 2025, Stanford Institute for Human-
Centered Artificial Intelligence, 2025. [Online]. Available:
https://hai.stanford.edu/ai-index/2025-ai-index-report/research-and-development.



(quantization) (1 4-3] &°] thEAolt}. o] 7|HE2 S5 5 F& GAA =
83 dibe Hagteka, GPU A4t w33t vy 31 Hloly A =g 9 Y &%

T &A% JAIFet] LT oo FAEAE B2 WiEde 2 € 7 Uk

(a8 4-1) A 22 Z¥of met skg YoM 2dsts Bt BiES H|uw

Estimated carbon issions from training select Al models and real-life activities, 2012—-24
urce: Al Index, 2025; Strubell 019 | Chart: 2025 Al Index report

ger, NY«»SF): 0.99
Human life (avg., 1 year): 5.51
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A5 Stanford University, Aritificial Intelligence Index Report 2025, p. 50.

(32 4—-2) H2d WE3 =24 Jie

Pruning connections
3
Pruning neurons W
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Z+E: Y. Sakkaf(2020), An overview of Pruning Neural Networks using PyTorch




(08 4-3) Heid UESHT St 7

(Before ) rNormalized ) rQuantized ) rF!e|:)rr—:sented values )
(32-bit float) (32-bit float) (5-bit values)
0 |-3.81/1.50 0 |0.19|-2.50 0 |0.25| -2 0 [-3.75 2
563| 0 [|-5.69 163 0 [-1.69 2 0 -2 6 0 -6
4.54|-3.13|2.44 0.54]0.87 |-1.56 05| 1| -2 45| -3 | 2
/128 /128 /128 /128

p_|= —0.03125 u_|= —0.03125
/ Jit|= 0.03125 Jis|= 0.03125 ¢
I‘ y i

Cé'l 0.0 01 (01 00 o01]{-01 00 o:1J :6.1 Y Ojlj
A2 Zhao, et 81(2019) p.3
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A& Wu, et al.(2020), p.6

2AYY A= gole] RHE BF a5 9 ool el A8 8l a6 el ol
B Foldl YA HIE 5 b o] B2 8 Aol Aoz iPs] 98 Aach
QurA o o] AFHE Y FABeIAE 2AAT 3

[51

1S T3t 2ol Atk

_ max(lal,|4]
R

2% 013 54 ted ol e WE nde A% o 2 WBSA Dk

A7, camp(r.minmax) $HE A 27 Fo12 Aok, AUk WIS Do
GEZ ST} AR AV T3 L3 P4 B B L WY P4 o)
30 o2 B4l HloEE A4 EulgloR WANT. PAF AHIAL HolHE WL
HIEZ WBHE BN PAS QA B, o) FF Al Y A% AR o]
oAth (18] 4-5). Wehd, BY 278 LEAOE Zo|UAE HHE A5E Hass
of, Aoresh md & 7he) A% Wrade-ofHE AH3HsHE Aol A4 Thalolct.
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sol A3 AT Aokl A ANZ EE ALdo] ATE BN Ago] ATl

depthwise:fewer bits pointwise:more bits
e /”/I\\ 7SRRI
)
ETS HH
4 ULJI_H_I layer
6 -~ a R LI L E depthwise:more bits at last few layers ...
B . YN Cloud
6 depthwise:fewer bits at first few layers i RS SR P )
4n [ﬂ(rmﬂl" N ATE TR R e AT AE A
52
S8 A R R =
e e NI T e e
6 depthwise:more f)/ns el \& ' ‘/ L U u L L L
pointwise:fewer bits
[T #weight bit (pointwise) [] #weight bit (depthwise) [[] #activation bit (pointwise) [] #activation bit (depthwise)

Z+5: Wang, et al.(2019), p.7

(E 4—1) Convolutional Neural Networks 2FA}5} 7|2 27 S&

7lE B 7le B 718 s Ads | AR
u]=(Dong, et al. 2019) UC Berkeley 4-hit 75.48%
u]={(Nagel, et al. 2020) Qualcomm 4-Dhit 75.01%
Z=(Li, et al. 2021) UESTC 4-hit 75.05%
u]=(Faraone, et al. 2018) Xilinx 2-bit 72.30%
o] =(Choi, et al. 2018) IBM 4-hit 76.50%
u]=1(Zhang, et al. 2018) Microsoft 4-hit 76.40%




7€ B 71E B 718 st AU | AR
% F(Zhuang, et al. 2018) The University of Adelaide 4-bit 75.70%
Sk (Kim, et al. 2019) Seoul National University 4-bit 77.30%
v =(Wang, et al. 2019) MIT 4-hit 76.14%
u]=(Dong, et al. 2020) UC Berkeley 2-bit 75.92%
(& 4—2) Vision Transformer &A}S} 7|& ER7 &g
71E B 71E B 713 st AU | AR
Z=(Lin, et al. 2021) MEGVII 8-bit 81.20%
Z=(Yuan, et al. 2022) Peking University 6-bit 81.55%
Z=(Ma, et al. 2024) ByteDance 6-bit 81.72%
Z=(LU, et al. 2023) CAS 6-bit 81.27%
A7} =2(Zhong, et al. 2023) Xiamen University 4-bit 79.97%
Z=(Yang, et al. 2023) CAS 4-hit 80.13%
F=(Wei, et al. 2022) Beihang University 4-bit 79.96%
F=(Wu, et al. 2025) Beihang University 4-bit 80.21%
F=(Wu, et al. 2025) Beihang University 4-bit 80.33%
(£ 4-3) LM gA8t 7z 27 ¥
Ne mi % 2 71 wiat = | PO
u)=(Tseng, et al. 2024) Cornell University 4-bit 3.38
t]=(Chee, et al. 2023) Cornell University 4-bit 3.53
] =1(Ashkboos, et al. 2024) MIT 4-hit 3.79
29 2(Lin, et al. 2024) ETH Zurich 4-hit 341
ZF=(Zheng, et al. 2025) Beihang University 4-bit 3.39
u]=H(Liu, et al. 2024) Meta 4-hit 3.50
u]=H(Lin, et al. 2024) MIT 4-hit 3.46
Z=(Shao, et al. 2023) Shanghai Al Laboratory 4-hit 3.50
o)=L, et al. 2025) Meta 2-bit 4.26




D A3} AT 5
s AFE F2 olulx A L FE 1A Lopolx

AE A convolutional neural networks(CNNs) &
o2 3, Y dlo|E(activation)7} A4t BE A 8 ddoldnt. whebA], At

i

FE4E 7] 98 activation YASHE Bl B 25 FE 7 As A 4o
2 Hglele Ag £55 PHA7IE d 2ol RHFT tiEH AT, Dong et
al(2019) ATFolAE £ FUE A3 A golojd HE 5

3ll, Hessian &89 Hth frgk2 ol &3l 2 glolol 9] &t
3= Hessian Aware Quantization HAWQ) 7]%-S #|o+at itk

B
o

Nagel et al.(2020) A7l AR Shsg Al Rl 8L 218 A IRt oz AL
He H2A vhEE W (rounding-to-nearest)o] HZo] oflghe= & o] BH o2 B4

Fach =3 2y 4L HYY A ke g ZARse, kel whed SE Ak
g &4 H438 AHA FH o7 AASE adaptive rounding(AdaRound) 71H-S A<k}
Atk Li et al.2021) ATolA = 7]
AL 1A ot uf$ e HE AUT A ALt F43] sgsts BAE
AT ol & s Asr] flal slAlQE AE 7Rk oAk £4ES T, oj&4e] Aet
Agste EYT &5 S92 2dg HHgsle 7|HS Adstdith

FHIdl= =A Vision Transformer(ViT) =@(Dosovitskiy, et al. 2020)%} LLM 2@l o] &F
A8t Aq7h 2] FPHAT hEAQ) VIT A8t 972 Lin et al202D) A7+ 71&
23l WP Eo] LayerNorm, Softmaxs A2 A 2shA] eo} gk A4 dslo] Bl
S FAS 238 om, Power-of-Two Factor®} Log-Int-Softmaxs =&t ViT =g
o] BE S AFE FEste THE AT a™ 4-7).
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VINTB

MatMul BitShift
INT8 INT8
MSA w/ Full Precision Softmax MSA w/ Log-Int-Softmax

A+ Lin, et al.(2021), p.4

Yuan et al.(2022) Aol A= ViTS 493} vlo|Elofl A A stz vt AR o] dA] &
o] o3| FAksl AFol AstE e S BHsH o, o)E sZsty] 913 activation?]
I E T e FHo g Yiro] 9kxEl sl Twin Uniform Quantization 78S A9+t

2 4-8).

r—[n:

E

(12! 4—8) Twin-Uniform Quantization 72

Gy e oy oy e e an oo G G0l dolun
/7 ] \ 7]

-== quantization pointin R1
~== quantization pointin R1 quantization point in R2
quantization point in R2

Il positive values
negative values

T

0.00 0.25 050 0.75 1.00
2+ Yuan, et al.(2022), p.7
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Ma et al.(2024)= VIT ¥A8t 24 Al A= stgke] 8 QI o)A BAle] 84
Aoz 71&d HAHAL AT &9 AEE AAEAL T ATl ViTS
o] 27 #4d mde oy EES 3 HAslels W2 @S, Swin Transformer

(Liu, et al. 202D 2o] A4 725 7H 2l OS5 AlEstd 99 E AHgshs 2ol

=
L=
A
ri
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=
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-
rir
X

2 7}EA9 HE AYUEE W], B
9 sljvle Ao 8d WEe §3S 2ot d ASH ok dmHd AT
Frantar et al.(2023)= 7]& A} 7IHES LMo A &at7oll= H A3}t AL
Hlgo] AEaA wol AgAol "otk & AH3ATh oo we}, 0BQ 719
(Frantar, et al. 2022)& &3, 7EXE @ G Ao =2H HH3 v &-& 2

A A7shs ofolt]ol 2 AN G AR o2 1,750 getreE 717 mele o 2
AZF Tkl 3-4HIER ¢FEdtH @ GPUOIA Ad 2 3:2<& 7ksah #th Lin et
al2024)= 71& LM ¥A3} 7ol A 7heAE BEskA] Rate dAE A A3t
AT ATolAe A 7HEA F oF 1%7] BE Aol AAHQ FFS nA, o]
T8EE 7A@ AAIZF ok} activation g 710l o) AAHTE TEE AA
3t o5 WO R, &3 ghs V|0 E T8 AdS st ~AYE

%3} activation-aware weight quantization(AWQ) 711-& Al kst T 13 4-9).
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(OJ2 4—9) Activation-aware Weight Quantization

bad hardware efficiency

Weeis Q(Wynn Q(W)viipree ) Q(W)nrs
12-02]-241-34 #[40) 2|3 +[40[-2{-3 :
125135} +1.9}1.4 =3 [-4| 42|41 determine the SﬂllEl’ll‘ ......... > |-250-33 410414 scale before quarmzew
091+16{-25-19 -1[42] 3] -2 WﬂghtSby . o1|42] 3|2 ﬁ

33l 15]s05]-0.1 Q 4[42] 41[40 aCtiVﬂﬁUl’!,—’”' ~4[42] #1]40
l+18]-16]-3.2]-34 T 42]-2| 3|2 +2[-2|-3|-3 avemge mﬂg-
#24(-35[-28-29) +2|-4] 3[4 EIEE e
013842434 404 42[ 42 X * 0[] 2|43 X *
l109f+33[-19]-23 422 #l43) 2|2

(a) RTN quantization (PPL43.2)  (b) Keep 1% salient weights in FP16 (PPL 13.0)  (c) Scale the weights before quantization (PPL 13.0)
Z+&: Lin, et al.(2024), p.3
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§HA, long-context HloJHE Aelste Aug] LolAME, tad DAeA of EEnit
A o] EZ 9] KV Cacheoll AaloF st2=2, KV Cached o= w2 Hf7t 2 &
AMoE wE&gtt ol w}, KV Cachedll dAStE 4 &3h= AlRRE &EstA o] Fo]A]
Atk A2 S =2, Hooper et al.(2024)& 71& KV Cache ¥Ast7} 4HE wwk 24 AW
oA Asfate o] Key @43} ko] Eo] 3, RoPES] 93, HIZ A dA3} v
g, 4 o)A A WEolgal BAsT 24 AE sAsty] AAs Keye A2
ROPE A& Aol As}sta, ztze] 716kgk vl dHolE ekl B, o)A

HEEE Bk £8HA ASHES Asiyth 3, Liu et al.(2024)L LLME]
Key, Value 7{A7F A2 T8 &2 54& 714 Y8 dAs B4& 488 + gloe

A A7 AF E4S T3l Key /A= 189 oA Ade 7A g ApddE
ofxL3b7) Agksta, Value 7
A2 7t EZO] w3 Ak TS BT ole@ HthA A el 71w {FY sle A

3 daEEE Agetslon, Mg ASEE 268 STy 4-10).
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per-token per-channel
guantization quantization

A& Liu, et al.(2024), p.2
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5) Vision-Language Model(VLM) %A+3} A 53

(ag 4—-1) VWM 22 2=
Language response (g

Large Language Model (LLM)
imagel  textl image? textl

Multi-modal Token

image text
token E, token E;
Vision-language Tokenizer &
Projector (P) embedding
Vision
Encoder (E)
1El User: Qutput the
X ,'}“-‘.:.1' X: color and number

of each box.

A& Yu, et al.(2025), p.3

VIME A3 ARl dojd Jug FEH oz olsjsty] ffsf AA =AM, 3712
Elmg A" F+Z(e.g., Vision Encoder, Vision-language Projector, and LLM)Z 4 ¥
(29 4-11). 3 WA #4 249 Vision Encoder E= 918 o|v|A] x 2HE A7t
& fdste dA @l WEE FEdrh YukE o2 Vision Transformer(ViT) 74k

F27F AHEEH ol ok $40.2 HojHk

flo

i)
u

Rl

P

lo

F =E(X)

v v

Vision-language Projector P+ Vision Encoder®] &% F & Y2 OE ol o] g
o] AHgsh= HI2E g FHoE FYitt ol F EYEH 1 83 71 EYA
£ dash] Y3 AR, BE Ag H3 L fully connected layerS -831o layers

A G453 FES FASH, of AL olelsh 2ol S0 HoHh

- 104 -



Eju = P(Fl)

Wil o] v ¥ A4l 4, = AHol, B2E JuP

3¢ bl BED. 99, B2E ¢
g FolofE ol 4 EFS W = wET o] I ofefo} Zo] FHoE A
o gtk
E;f fte.’l:t()(t)
HIH WY B o 92E dHY E 2> AEL B9 E §3E0l 242 VIMO HE Y
Qe AR LM AT QUL Foz 4557 WAl o] A4 B 43
sto, AAA o2 E8 AL 0, =y yy-y )T AEDT olHT A FAH L B9

A7|1M y<ie v e B o|Ad7kx e RE A AFE ou|siy, | & HF AP2Y
dolg Yepdith. &, VLM Hld EZd} H2E EZo® FA4H 2
02 NEE o] EEES WHE £AHORE oS3l

ol VLMY Fx= Rl ¥3¥

Al gate stetrlE o R GERY AEo = QsjA A EFE} v Re] Ag
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o2 Ag3l7] og¢m, B
G2kt 7]‘%‘01 g g3t}
EA Q1 VLM A< Li et al.(2025) & 7]1& LLM9] PTQ 4o ulHd
EZE T Agstr] ol F EF Aol 9 Apol & 2R3t e AAT
ok Li et al(2025) = COCO dataset®] image-caption datasets &-83ke] supervised
fine-tuningSFT) £4 <=2 AA|5lo] gradient 4-& F35toH, A3z o g HrE
EZY AR Bl EFEG o 108 o] Atk A g (1Y 4-12).

Wang et al.(2024) A-ollMe 71& FA4st 7181 Frantar et al.(2023), Lin et al.(2024)
7} #leolo] " =¥A <l rounding functione #-&sh= 24l& Agste] #ojof 7t o EA
S 1stA &) o, AA WESH A Al 29 rounding strategyE A X3t

R4 oA} BAstel A% ASIE olojd 4 Itk AL AA T ol A2s7] 9

Bl 7 Wit A Fx9h J2AES W A

£33} grE

o7zie

KoR
= fiag =R

2o =z
=2 O

)

A, Ao &3} ko] dEZT S} o|4kst @A} 7ho| A3t BA <} Hlolo] 3t o9&
e AR og Bao] Doty Axlo] whal block WellA o]4ksl QAE H4slele
rounding functions BAat HA HEY A AdolA 9 +& 245 AT + UES

gojo] 3t ojEAd& WFT block-wise ¥Ast ZH YIS AJZTH(TFH 4-13).

(O2 4—12) H|M, HIAE E3 7} Q12 oA
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26ER 4
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: Li, et al(2024), p1
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Yu et al.(2025) A7= 71& LM 7|9k A3} 7o) VIMS] HEl Y 724 54
EE ZpolE HYshA Xdthe HE AR A} v EZo] Y2E EZHG B
Fo] O &1 Exo] Wt WolA F RIHEE Y% 2AYE FAsEd HAE
EZ9 #¥o] dagvks A& BAsReH, ol ] A, A AFE Al 7
Mo R 748 BH st ZydHas At

z &

(32! 4—13) Q-VLM 2Rl5t Z|elel3

Mining Cross-Layer Dependency
£ Layerk+l

Small Entropy

Q1:Can Fromia m‘;"‘, -
monilis cells make

their own food 7

Cross-layer
Dependency

4
[

Layer k+2
©
— -
VQA Da ' N
A Datasets
Large Entropy H 4
Vlhl.ld] Layer-wise Search ;) 1
l:.rlcoder - --t-)— ---------------------------------------
OE(:J JEM™ | ggm Entropy
ax’ AT 5 k+2)
il g
Language Model

| \

Language Response

2+5: Wang, et al.(2024), p.3

ﬂVEr

Optimizing Visual Encoder’

i
i
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i

i

i | Layers Importance /\_;/\ @

T

: Weights a * Discretization Loss
i

1

i

Redasstosudans

(1) Modality-specific static quantization& 22l B2 M2 g 2494 F&3) H|
A, 92E B2 o] E¥ B8-S 93}A17)1, (2) Attention invariant flexible switching
& EF 429} causal maskE WF EF ¢A7F DR YT ol AAkE F
A& 4 Q=2 =, (3) Rotation magnitude suppression Hadamard w13+ 34 of A 1k
sz 7FEA 9] o FAE ARt dAE AAE S AT AFH o ofd Y Y
I35 T3l HElRE Yo Bx EAS aHH o R wiYsta, 7|E LM T4 &St %
Ao HRE A m2EE P FsAes AFHoR 18+ Ue 7IHES AT

Xue et al.(2025) AF= 71F LLM F419] Hessian 7]k PTQ 7] E0] BE EZS U4

Al Aejgro e dAskE vi-Ado] nHlo] ndejE B4y ZAE THALE UE



h 2 AFE VIM 72 oA g2E EZ vl B=slA B vd EZo] A5}

™, o] Vision over-representation FA4to] UAtst HAo|A wlA AR HH &4

< TgTE A2 A o)F ddsty] fef Xue et al2025)= EE E FREE

Rk g importance-aware PTQ Z#H U I E A8 4-14). FAH 2=, SFT loss

o] gradientE 7|Wo & EZYE RIZEE AlLtel, o] & @83 57 2 vld EE
E

=
E EZY S HEFHEE Hessians At 27508

(38 4—14) VIMQ A5 T 93

Forward : Backward : Process Grad
1 |
% ‘@ &
Quantized — | At — MLP | — Full Pre : 18._,.2—' z e | ‘_rg.“.'. &
i et \ - =t ) b -
Cache gradients P+ © 1 '.I :‘9_, %eq | ™= 840080 (11 e
e —— } :.: ) g g © A s [ 1 I £
X = T I
Full Prec —» | Atm MLP = FullPrec || @500 v 2g | | @ GO0000T
____________________ : I — : :.: o §e4‘; E,—” %2*1 : Enhanced Hessian
Legend | 18 P — j
L

ﬁ = Xx[""-]x X‘l

| I.L, o1 T L S i
——— Forward process # " Importance factors| | 7" = !
E B R m— | Factor G

-====--» Backward process ~@4seese@® Hidden states : =

25 Xue, et al.(2025), p.4

(E 4-4) VIM Y8} 7|2 2] 8
7|E B 71E B 7% FAst AEE A
F=(Wang, et al. 2024) Tsinghua University 6-bit 49.86
Z=(Li, et al. 2025) Tsinghua University 3-bit 60.7
Z=(Yu, et al. 2025) HOUMO Al 8-bit 84.32
F=(Xue, et al. 2025) TeleAl 3-bit 79.28
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o dAs A7 4
1) HLQ: Hardware-Friendly Logarithmic Quantization Aware Training for Power-
Efficient Low-Precision CNN Models(IEEE ACCESS, 2024)

g Aol M= 71E 21 78k A3} w2 o] rounding point(RP) &kt 24831 7
£7] AnE Qs AHE SHdA ZG=rt TA AstEHe BAE A ol w
gt B AFE S E4F FAR] frAbEd Zhkl RPE 85y HA oA TAHoE 24
she A-&3 RP 713, A8t &4dol 2 senele] 71&7] A719F Baks 243k 7]
£7] 2AYE 7IHE AT S ARG 2H4H 08 Tkt CNN R d|lA 72
2], 48 vlolElof 4-bit FASt A& A 7]E ¥l A= P43} 9, RIL 78 A5 A
g 2 823%8 Ageld A8 5874 FEL Jbsapl STaY 4-15).

N

r>~l

(32! 4—15) Hardware-Friendly Logarithmic Quantization Aware Training

I i it £ b 4 \

i = | &

i - i did e |

raae-a | e

| layer; layer;,; layer,,;  layer;, Lol Shift rounding point

i 1 | i

i crtiter el s ineninl | Logarithmic quantization |

L similarity rounding point ] l\

\ /
Floating point weight (a) Optimal reunding point search based on cosine similarity (b) Apply the changed rounding point Logarithmic weight
+={0.15,0.94,-036) W = (277,270 . 27147)

= ll‘ ‘IIDIEI- mEomoE| A
| T OoOmEE  REOEOE T )

Find the index with the 1 4
\Gmhcm scaling of the searched index largest quani emor__, J o1 |04 |08 | J7
Scaled gradient (¢) Gradient scaling considering quantization loss Original gradient

<k

Backward pass

Zt5: Choi, et al.(2024), p.3

- 109 -



(OJ2! 4—16) Gradient distribution-aware INT8 quantization

Backward propagation

Optimal

a(Gy) DAGQ™ Threshold

q(Gy)l—|DAGQ- w e LN H =

JJJJJJ

..........

( — - . ‘1
® Convolution operation Optimal Threshold Search (OTS)

Generate Thresholds

DAGG-' | DAGQ dequantization Threshold adjustment

Large magnitude P
alcuia
gradient MoE I._

Small magnitude || = e

===

gradient Scale factor
Positive large ik
& =t : Rounded
magnitude gradient iFPSEJ_'[ Division H Rounding }"’ Gradient data
\

Z+&: Jeong, et al.(2025), p.2

2) LowGradQ: Adaptive Gradient Quantization for Low-Bit CNN Training via Kernel
Density Estimation-Guided Thresholding and Hardware-Efficient Stochastic Rounding
Unit(DATE, 2025)

g AFolA= AHIE CNN 855l A 7 A% FEE Astet 71E A
99 ¥Aste] w2 Ak MRy Bg BAE A olE Hl Ad 2= 34 7
©02 71¢718 AFEs UFEE TR 27 02 2AY 46E H45hE ofF 2AY
7] A sLe} Y AAR-o] 7Hs3 linear feedback shift register(LFSR) 7]4F
W& Aokttt sl 712 ResNet-50 ZHollA % 4247 20 E
% A} A, 7)€ 29 oin] LUTS}F FF ARES Al 97% o4 &
ZatAt (13 4-16).

W
N
o
o
5
fr
.
l

P
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3) HyQ: Hardware-Friendly Post-Training Quantization for CNN-Transformer Hybrid
Networks(JCAL, 2024)

i AFelAE, 712 FA8E 71HE0] ONNeoJy VT @ Fzol|5k E3k5 o] 3o, 7
T27F A CNNVIT stejBe|E RdoXe A=t 97 stegtslhe TAlE 43
Atk ol s Zstr] f&f stolBe|= mEe] 7 74 Q4 ghe WRe| stug o] 3
A gArst deks A&k ololHol S Akeit:. 41, CNN E59 o)dA] A& ¢

-

Hd

ZA3t7] 9]¢ quantization-aware distribution scaling(QADS) **H=}, Transformer &%-¢
Softmax 4H-& A A& AE 42 ZABH= Linear SoftmaxE Akt sl=9jof #}

4 AEEFS A EolHAE ST AFEE ST (LE 4-17).

(J2! 4—17) (a): Quantization-aware Distribution scaling.(b): Linear Softmax

toput —{[ QRS- _
g it ints | P [Nt |inTs |
-Quant & : s
e [ Matyul | ']MatMull y
g ‘ tNTfiZ—)FPSZI "mzl _/'/
w
T Merge | SoftMax I 1 LinMax I
Equant g QADS rpazsmra]  wre) fowre]  wiEj
z [ Matvwl |i [ Mathviul |
(a) (b)

Zk&: Kim, et al.(2024), p.3

4) GradQ-ViT: Robust and Effcient Gradient Quantization for Vision Transformers
(AAAIL, 2025)
g Aol A= VIT gradient 9A3F o)A outliersd 243 loss landscape &2
Faol BEqgaiAl = £AIE AFedth oI5 s dsty] Hlall, gradient &9 ARE
A 7Moo 2 FbE FAE AEEE A&H 0w ddste 7, cross-entropy
o} huber Loss& 233 CH-Lossg& =3te] outlier Fas ettt =3t FA4st &
WH3ld gradient 7]} WS A gradientol] 7VRA B8k gradient scaling &g
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23}, gradient-pAis} 93 FASE el & PRHS EAHIY 4-18).

(0% 4—18) GradQ-ViT 7R

Transformer Block

Input I Multi-Head A;d Feed ’ A;d Soft Output
} i oftmax H utpu |—
I_.| Atiention Norm e Norm 5
Parameter Update 1 o L
FP32 a
Quantizer
\_ xl
/ INT8
ﬁ' G CEBI_I:;!}:E Gl Gy Linear log Linesr
; Similarity Scalingl Gy Gs Gg Lpss Precision! Mure‘Pr?dﬂ‘un! \f
G; Gy Gy Mg
— ® .
= Ir:0.04 Ir:0.003 Ir:0026 s
[l a [[ & [af[E]e] ~
Layerd Layer.l Layern e W Ve
(4) Learning rate allocate (3) Gradient scaling B Wiy (2) 1QR-based quantizer (1) Cross-Huber Loss function

Zt&: Choi, et al.(2025), p.4

5) Zero-Centered Fixed-Point Quantization with Iterative Retraining for Deep Convolutional
Neural Network-Based Object Detectors(EEE Access, 2021)
A ATolMe 1A LFH 7R RS A8 A 02 710 R sk A e A4
o] E7ksdto] WA sk= dAE eat £AlE A A8t ol & s ds] fldl, 0e TAL
2 ¢ AP W9 7HAE zero-centered fixed-point quantization 7]% < A|<Fat H,

o8 H& AA AE oA B Asl HES 4k £ zero-centered

l

fixed-point quantization 2-& & A% A3l= Bgsl7] e vhEz Ashs HFS U5}
o] A& 3 ETh AF A, At 7HE Tk A
£ mean average precision(mAP) ZHAE FA4dsla Y= oA §842 FES

Ve se.

ZFYPruning 2 k5 EHO 7HEA Ee 7Y F FREF W2 84F AA5H
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mde) g7)9 M Be] 27 e Eols A A et &
grEE AAGo=N vy a7 oy AeFge dge 5 3lon, o A
&R ghadh @ ga HjE Al 79t 59, 7heA] 2REE IS 28 v
By Ze€ ¥ g 30, 72 REE "E, A, dolof g@ele 7teA AHE €
of dolg AR B AF AANM oA AHE-E HasH
=82 7hssi It

o
fu
>
2
ot
o
12
ro
=

:1

<

D el AYA
F9 e A7leke detlEel AUy Eranariy)sl ge v FEd, 72 2edos
EREL (19 4190004 2 5 Y5, HPEY YL seuHE 8 Bel2 A
Aste] 724 el sl B B& AFEL BT 5 Aok 2 AA o] B3
Sho2, 4AA A4 ke 9 wwe) A8F 87 ERE Q7] ARAE Ba8e T
Hoz AeT & gt AE Heelol Aol Wastth v
43 me) g AAFOZA B Fx AAE BAFHEE, 18 o] glol
S Q4 Theo] stk w shevlE 271 AP OR Fatel My A8Y A

3 ERE AU Lo, TR Zegel vs) AUA R Rl Yol v

—H
BN
12
(Kl
i
ol
o
e
o
_?_111
4 o

(02 4-19) =2 MZgol| wWE mf2tole HA m{E bl

Unstructured » Structured
Pruned
parameters
I:] Unpruned
paramemrs
Fine- Token-level Head-level Block-level
grained

Z+5: Kang, et al.(2024), p.6

- 113 —



Fd& Ag W A7]o] whe} one-shot, iterative ZFJ .2 L4t} one-shot Z
TP FRshE ZRY HES 3 WHol YEQ A A&t WACE, 7Y o]F 7|
NzRE T3l Bes d8atH, diid o= 1idsta WAt s A7t 2A 24
T St lterative TFY & FHabe= ZRY HlEo] £2387] fls) UESL Al Hx1z o
2 ZRYs et o, dvtFor 3y A8 F w4 2Hs wHESHEA A
of W7t 254 A-857] wzel 4

[e]
k=3
S &4 A4, H4o] Bsa AAs Azl od A 4 Uk 4-20).

2
bt
gk
ok
)
i)
[
__&
u

(02 4-20] =2 A7AEY0| OE Z2Md 248 H|

One-shot pruning

[ Training ]—-[ Pruning ]—-[ Fine-tuning]

Iterative pruning

[ Training ]—-[ Prunlng ]—-[ Fine- tunmg]

Az 973 A4

Y A= AFAU CNNs 7]9ke] AFE vz Fopo| AR dstA A=A
)& A 22 Molchanov et al.(2019) AFolA+= 9 7dE=E &4 A Foz A3}
1, ol& 1& ¥ 22 HY Y ANE T3l SARl BH T8 5E Alkbste 7S AlQkst

Atk ol& T3l AYH R vy Ve FAE HAEE AT, 857 e IHE

HHEA 0 2 A A F2AH TEYS 35t
Wang et al.202) AFAXNE 724 SEHEE 7IHeR & A =Y 7HE Adst

5| 7
Atk o5 s, 2 AT dololg =R Bdsty, L-AME 9 K I 27|18
3l dolo uf FE 7 FEEE AT o] F FHEEIH M 2 dlojofdlA ZHE A

st dolo] A58 ZFY e Adsidn (2 4-21).
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= — - = =
Redundancy identfication T B— =
2 ter selection and pruning ™ pmmmme
Orignal CNN Graph establishment for each layer Nod removal Pruring oy g‘ il
ratio
w_— O’O O/O achieved
|'||‘|-.\|,'- -
J 4|- Layer1 Layer2  Layer3 Redn Layer Layer2  Layer3
r Redun
S |deney: 08 12 15 dancy: 08 12 1511
Layer 1 Layer2 Layer3 + Pruring raionot acheved | Layer 1 Layer2 Layer 3
25 Wang, et al.(2021), p4
Sui et al.(2021) AFelAE A T 5HYAH S 7o R FH FR 55 Aste channel
1

independence-based pruning(CHIP) 71®H-& A|<kal9d
Wae J g Ade AANS v norm w3}
Aol B Ade o2 Ao o3 tiAl 7}

o119 4-22).

(O

Input

P Nuclear Norm

(O 4-21)

4-22)

A S2y

7|2k

Calculate the
Upper Bound

iﬂ

=0

Feature Maps

Filters

Z+&: Sui, et al.(2021), p.6

L

[

i)

=
%2 245

o] bz B

. 2+ A d o] feature mape FHE=Z
=94E ALt =9
AA A ez AT

= o X o =]
:l A AT,

[ ||| iz

\ % Upper Bound

*

Reshaped
Feature Maps
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A LIME bidez ggd THENTY. EH 22 Frantar et al
(2022) Aol M= AR Sk mellol s A3t glo] Ao A Byo]A tlolErte
2 7MsA 25 dAEE FAlo 38T 4 &= optimal brain compressor(OBC) ]

AHAE A}SIAT o= - optimal brain surgeon(OBS) €1E]|E<S #olo &4
2 Ao Fasto, 7k 4 SV 9 7o g suE E sk A Aska,
Jrjuit YA 745X 2 cosed-form o2 B AE= Wt} o2 &3] NP-harde! 7

[
e
y
N

T S BAE £eAoE Solya, ZRYH dAsE Add B oS M=
& AYREE A
Frantar et al.2023) A7olA= FAdolA el sejrle 2 GPT AE i+t =
Aol mdlS AEs ¢lo] one-shotZ 60%744 & 4std 4= 9= SparseGPT ¢E|&S
I3ttt ol ZFY EAIE ¢ tht R 34 37 EAlz HEd §, 839 <A
e AHEste] 2+ A58 48-29 WA E HUS BESHAA 7FsXE AAsHE TH
< AFsAT1E 4-23]

w p% sparse
e, —~———

)

mask M

prune

&
&
KB

A

frozen

paunud 34 0u

|

) aton ®)™ (Hg)" —— (Hy)? (Hp)™

Z+&.: Frantar, et al.(2023), p.4

Xia et al.(2024) ATA = diFE A <5 LLaMA2-7B RA-& tido=2, Abdol A
A EF o7l Ao gt Holof, el FH, dHAAF Ade A= A As=
targeted structured pruning 71§ A ¢FstAtth o] % =rE &4 Hagd] we} S

w2 9] tlolE] H|&ES F2 08 %A= dynamic batch loading 7S =&k, 723
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#d & 3} Aol A% 38 ST,

i
o

5 VIM =34 d+ %
VIM2 ojm| Ao} BJ2ES FAlo Agetr] Sl 3 o] v B2} 9 749 ]
2E EZS Agste] LLMO| d¥ o g A3t 28y o2’ Fx5 53] A% o
A o Be u Az dolrh FA4¢ TUkshH, o At vEY 2%
43| ST oAt T2 EAL prefill @A 9 A
2l W& g AR Y] FAR o]t
SHAIRE ofm| | o] 2ot &

el

KN
=

re
E
ol
=
o
i
>

2
2
>

o

i
=

2
il

U
-
foi
k)
12
o
i
N
£
i
B
&2
rlr
o
N
o
=}
N
1o
l'l.lg
Hz
il
rlu
o
ofN
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&

o} 2 0 & Chen et al.(2024)= 7]& VIM R4 YehE vlE S
£ At o2 MAs] A% 4 Bld BEE 2R 7WHE AQE. 6
LLaVA, QwenVL-chat 59 VIM& 4% A3}, o 22 go|o &4 vl EFo] A<
of'l A HA| el tiFEe] Az FRIF 24 go]ojEo Tt HFEE A4S wHgt
(18 4-24]). o]&= VIMo] Az BRE A=A T8 A2 S n|staL o] & oaA|
PO ALkFH MR AR HlAEF FUHE fidetA Ak olE fsiA, @
TE REof ZuRA o dds uigoR, FoEVF Y HH EFZS Sk
ojojoll Al HEl Ao g AAs= 7IHS Aty FAHCE, 7 EFY Ht ofdlA
& #, self-attention¥® o2} feed-forward
AHAE BZAd Ahe 20|58 et d7d A+ F7HR1 Adks §lo] 7€ VIM

of vz A& 4 = plug-and-play 722 AAHACH, A5 skt flo] 45%9

)

1» 42 °51

2
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(02! 4—24) 2o[ofo] 2 OfHIM BxE

Layer 1 Layer 16 Layer 32

[T
L

0.001 0.01 1
Attention Score

Z+5. Chen, et al.(2024), p.6

Xing et al.(2025)% VIMelA #A¥stE wid EZo] A=d FEEAE AH L, o)
FeFog d3sp] A AFH EE 4 /HS AYSITh slF A= LLavA-15
2! LLaVA-NeXT9t 22 VIME A3z og BM3 A3}, 2E HH EZo] ZE #o|o]

1o
_|1:_I‘
N
o
3
X
>
J\I
il
riu
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ofN
to
bt
é
=)
Lo
e
_{
Hﬂ
r:
12
o
fu
>0
X
P,l
rr
-1
BN
TR

0. EZ T8EE Y2E EFN A4 BEZ 749 ol 2308 o] &) AttET, A4t
Fol w22 AR 71Nk Ao HHET. o] Fell 27] #ojojolX s A olu]

A5 T2 d4str] flel B v EES A, $Hb dolofdie A EE8

3 BEES 29 584 Ut (17 4-25). T dFE Bx9 shgoly 72
73 glo] 7]& VLMol plug-and-play 2108 A& 7153, &5 2 8 &5 A9

gt} E3) LLaVA-NeXT 2do] 243 A8 das 34 A7tz

_y_
o
a]
w
it
)
)
>
(e
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(J2! 4—25) PyramidDrop =223 7L

chuence L: h -~
2lage S Eﬂiﬂl’ﬂ“ﬂi 3
| 2339
T e ke T on e _ : 34
dining table in the picture? A mouse. - | 5 {ats
tokenizer L) I = 10k 688
| 405
EEs 1 | oL i
Vision token i Poteges®
r Stage 2 —Rank&brop(smge Z}f"ﬁ;"z
Rank and Drop : thet J‘ T attention 1 T ¢
A B

Patch sEEEEEenm

Division ‘
EEESE o
Rank and Drop
Vision Encoder
Projection (MLP) : -
ot SEESEEEES
Cnnc:q?; : .sys‘rem tokens _ image tokens -ins‘rr'uc‘rinn tokens

Z+E.: Xing, et al.(2025), p.6

Zhang et al.2025)& BJ2E, BlA 7t A5 2-8-& B35t dojF o Fad vd E
s Wl BE e EES AASE W9 training-free sparsification Z#H ¢ =
€ AT IH 4-26). o] d7= WA d2E EZF v BEF 9| correlation
strengthE #493te], Aol ofu] Ao AAZ 7T F e HAE EZS F8 E
o2 HoJgt}. o] F sparsification priority matrix2 743k, T2 B3} WA A%
S 7 Bl BEEE AYFog AP a5 B BEE
strategyel wet AAHW, ZFPoE s WAL
reconstruction A& E3) RAHT} o9} 2L %
ol ofle}, dl2ES} uld 7b oo dBAE FAT A vIESHR] EES AAsHE
T2 HH32 B 5 ok Ad Ao A = VLM baseline thH] ¢F 37%2 2 A4 7+
&, T1.8%2 B2 U45E, 181 97% o4 A3 fA&& A3

2 rank-based pruning

AE AE £2LS token

o

=
T
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(J2! 4—26) SparseVIM Z2{le|3 7L

= = Vision Token ID
Q: What brand of thi Sparse @
camera’ Answer Attention 123 65
a word or a phase, Text 2 8 9]
Query BB D]fle:ed ],
kenize . ools -
Loartine l Text Tokens R 2 :
o —
BEOA Mt [ ;
Select Raters |4- - Image i < :
B 08 Konk-13 e [P
N = D[5] - Rank(")[2] = 3] -
! — Relation Level Redundancy Level Results
(a) Before LLM (b) During LLM

Z}E.: Zhang, et al.(2025), p.4

Yang et al.(2025) VIMAIA o]w]A] G&o] AUAA B HHd EFOoR FHHOZH
e At EREe} ViR HEE FAE A, ol& ¢38ly] 1% informative
visual token selection 7]¥ke] B <= 7H-E A otsit) s Aol A= CLIP, SigLIP
5 HE A AdIYAA AAEE v EEY] FEAN B4 AR FEXE BAGT
ARHo R, 459 HH EFo] £ ot 239E 7AW tREY oHA] JHE
Haehs uh, UmA| oo BEES B FQEE Holn $EE JHE HEZoe

xEsithe Ag At o)gd £48 nlg o ®, Dominant visual token selectiond

>

oken mergingelgt= F 9AIZ T4 9 training-free redundancy reduction %
gS Aleth A HIA T i S 7o E CLS EES o83 7 F8
& Hld ESZES Adsta, O 9 EZEL AR 7|He g Betste] AR S48
23Hgt) o 2 QlEjA AA vlH EFY £5 A SoldAR onA xR FHF

TAY 4 JA B 2™ 4-27). T 7 EEe A §lo] plug-and-play ¥ El

71E 2l A& 7hs3slH, LLaVA-NeXToll 4] 8ul W2 prefill &£E9} 2u) WE F2 &
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Joll 71& 8= J5& FATH

8
=]
D
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(02 4—-27) VisionZip Za{|2%3 7H2

Based on similarity Contextual Token Merge H Sys M Img Question
] & What’s unusual about this image?
Tokenize

2144

WTT

o]
£
S
=
s
g

EEEED mEEnE

Based on attention Dominant Token Selection

Z+E: Yang. et al.(2025), p.3

(E 4—-5) VIM Z24 7| 2R &g

HH EZ .
7% et 7% B 7B ohm = o=
e

Z=(Chen, et al. 2024) Peking University 66.7 52.5
- University of Science and
ZF=(Xing, et al. 2025) Technology of China 66.7 56.5
ZF=(Yang, et al. 2025) | Chinese University of Hong Kong 66.7 57.3
ZF=(Zang, et al. 2025) Peking University 66.7 57.7

np 22y AT 43
1) FP-AGL: Filter pruning with adaptive gradient learning for accelerating deep
convolutional neural networks(IEEE Transactions on Multimedia, 2022)

19 SToll X 712 centripetal stochastic gradient descent(C-SGD) 718 2 Z24
7Rl &4 Wstel] i 17 glo] Ze FefrEHd 74 HEE 8o N A5 A
atot o £ EAE obId T e AAEAH ol s Ads] fal, &4 HsE
I 13 "l A 7uke] AA T4 #E (redesigned centripetal vector, RCV)2} €
e IYPUAE WS Ao FA5 7MEAE J8H 02 Ju|o|Edl= adaptive
gradient learning(AGL) 718 A|¢t3ITh Aot FP-AGLS F ZHE mz1 A8 s}
U goz FHAA A Adt flo] &3 FH AA} Thsst (1Y 4-28).

ol
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(OJ2! 4—28) Filter pruning with adaptive gradient learning

@ )
T~ Original gradient

rﬂmr?la!:lﬁ]:lmmm T | g O
ety pemn” fy e goma”
Filer, D000 |::> [:> ::>
P ; EENERENEEE: | IEEEEEEEN
ENENNEEEN: | INEEDEEEE
Filter, [ [ U] ©
rier, IINEEEE |

Normal Training i

¢

érmm §> iiﬁﬂ;;%éé ggﬁf

™

Zk&: Kim, et al.(2022), p.4

2) V-SKP: Vectorized Kernel-based Structured Kernel Pruning for Accelerating Deep
Convolutional Neural Networks(IEEE Access, 2023)

3T ATl s 71E Ad o] GPUAIA AA 71 838 A7) oH L SAE

Adsta, Ads MHE FHa8 2711 norm)<t BaF4g(cosine similarity)-S A ¢

2% 7|4k vectorized structured kernel pruning(V-SKP) 71®H-& #|¢tslict. Aok 714

golo 4D 7k F2E FA% A FY HEE ALS AAS A, A P2 AE

223 kernel index convolution &2 T23}¢ TZY 7159 A2 A P3Fo 2 H,

gehre et FLOPs Z4 &35 EATHIY 4-29).

o

e
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(32l 4—29]) Vectorized Kemnel-based Structured Kernel Pruning

Unstructured Retained Kernel )
Pruned Kernel Kernel Index

(444
i fff) oo
Araraaa
Filters m —,| Vectorization | | 1 l 1 l' _,| Structured _’@ [HEEN]
Kernel Pruning Aaraa sy Kernel Pruning

f Kernel

! Y V1]
\ (a) Pruning Process J
7
Input channels Input channels selection Convolution Output channels
Kernel Index
T4
\ (b) Convolution Process J

A2 Koo, et al.(2023), p.4

3) Trunk Pruning: Highly Compatible and Versatile Channel Pruning Without Fine-
Tuning(EEE Transactions on Multimedia, 2024)

g AT A= 712 sparsity training 7|9 2@ 2ol A batch normalization 27
o e} 0oll s stei ek shift parameter7l ‘got Q1o F& Al dfj=o] B, o]
g BAs] s e wAzFo]l o FAE AHSA olE sidsty] s,
pruning th Ad e ARE ths #lojo o] shte] 7o F45te] unpruned W E 929
29 & I E A= Trunk Pruning 71 Alketglon, o]& &l mlAl 24 Jlol=

=E9=

s Asks Hadteta, 54 992 e A It w2 284S 2T

g 4-30).
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(OJ2! 4—30) Trunk Pruning 712

Filters of layer i

D St
= 7 ; at] B1i

Tnput

D Channel i Pruned Channel |
i

D ' Trunk 3
|

@ Filter U Kernel i
g |

Pruned Filter [ Pruned Kernel | = +
i A

Vel S

2Z+5.: Kim, et al.(2024), p.7

vl Merging 718 2 AT 53
1) Merging 7} &

Merging e 3h58 =d Yol A dhjata GAE AES B3tete] E84S /fAeE
2 A3}t 7ot 5E 23
A ERES R ASFE Foli, FE £5E N AY 4RE AUE

Mergingell= o2} 7kA] W2jo] Qledl, 7Hd thEQl Ba o2 9489 Hv o
gete W merginge] Atk olBRTh 25 ¢ MK

of West= 715 merginge] ok

3
=
N
off
)
o
frtl
o
>
o
“
ik
=)
)
i
o
ok
E..?{_i
i
o
ftl
>
g

Merging> dwrd oz A& diidel wet EZ merging, 715 % merging, =2 merging
o FEIT ES mergingS 98 EZ 7 2B ARE 2o 98 Zo|E dEsta, 7}
A merginge AR 7t A E Ajete F2E destdith. BY merging o 2

o

rlr

o G&H ANES HUIZ FUse] WEo] A% glo] AL RIS AT F 9
E8H9 F2 Waolth 0|4 merginge TreulE] Zam ohjel, mde| A4 A

I A Pl =wol He tEA HA 583} VYo FHTL QI
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2) EZ merging 71

EZ merging o] 48 EZ T FASAY $HE ARE 2 BEEsS SUE B
grate 49 Alf29f FolE Fol= A#s} 7otk LLME self-attention A4ke] H3¢
=7} A" Ad2 Zojol| el AF o2 Z71et) Decode-only T2 st EE
A o2 s AAdShE auto-regressive 542 ZF A ©Ant BE o] EE
gk oA A4S WHE Fsof stEE HA AiES FTHAZITE o]2d o] fE F
T AFodA s BEZ QA wEHAY AR FEA0] F EFS HEste it FEe &
o]&= KV cache token merging 7]®o] A= St o= A%o] Ha3t key-value
cached] A7|& £ WY AR AT & ope, v 2FloA F35 = ofdld ¢
A AAE BRANA FE SEE R

oEAQ A2 Zhang, et al.(2024)°] Aot dlE =52 LLM F& A 543] S7kske
KV 7HA] Wl 2e) AHEEE E0]7] 913 71& <= 704 AHA] 324 eviction thAl, $8%
73 KVES B2 A9 7k B Est] AR Ede FHAssth B AA A= of
QA 250lu FALE 71N 7S A E ARS8 WL HASHEE AAI. o] ¥
W& LLaMA, OPT & tgh oM W82 os A8 7hsstn, A5 At glo] A
60%<] Wz A7 235 GAd%th A9 02 Zhang, et al.(2024)2 AR BEY A

W5 PEORA, BEH LIM F29 A $FS AATHIY 4-31).

mlo

rl

mlo

ol

e

=

(02! 4—31) KV-Cache Merging

e o

BEREES

- L_ JIZ|

(a) Dense Attention (b) StreamingLLM (c) Cache Merging (Ours)
Z}E.: Zhang, et al.(2024), p.2

el
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g 2870 Aelar) S8 WA B2 mergingel &} olvAe] A YL FF

q
EAS THAEE, oY B2 WHed o ¢34 Fue A% ®

R e} A o 1
HEFEZ AXFS Zo|UAE A5 AdE Hadd 4 Aot
EHQ ATZ Cao, et al.(2023)0] Utk T =82 VLMo M vlH 2 el 1E EZS

40 F Fo|7] Y3 EE ZFYI} mergingS X 7HE Aokt o] 7HE
text-informed pruning® Modality-aware Merging< ZA3tste], 257} W2 o)z BEZ
S AASL FAE A 9 HAE BEFS WSt Cao, et al(2023)2 7% token

=

reducer RES o8] A22-T9 #oJoj & AYstd, BE9 UdE MG Qol: E

2 & 2oluA Zdo ARE AstE HA3gt dY Ao BEF B 8 AAE
T3 F& AdFe A 207HA wola, v AREFR ANl o] EoldAE Ao

et 1% Ptk FEo 2 FASS BAT(1Y 4-32).

(OJ2! 4—32) PuMer 7§

what Cross-Modal Encoder

i Text Token
they Encoder Reducer Token
playing Reducer
i Prediction: soccer

pruned pruned Classifier
Image : S
Encoder ]
nerged nerged
Cross-Modal Layers

Cross-Modal Layers

HrAFAEeN

47 Cao, et al.(2024), p.4

EZ merging2 LLMe 4= KV Cache E&3}E, VIMdA = v EE =S 53
£ Z8AT vEY A E&E FA AT A Ve s FEET 9t AE
2, EZ merginge T BERY RPN E Bd F719 i) 73S A

A s Ast glo] E&4de IS & Sle A Hoes F4HL



3 7} merging 718
71 merging% g 2d Y1 15 E Hsty mde] 3718 o), A4t &

22 ol Bd ¢4F J1Holth o) WAL Ud eelEE AASHE Ao] oe,
ASAG FEE 1A HES FRTORH Bl EAAS FAGEAE AFNE B
gtk 53 LIMOAE T2402 288 308 2 7HEA50] s 2487 0E

of o8¢ B OR WY + b dLTo) Baslt
7Fs] merginge A inter-layer merging
Inter-layer ¥21e A& AH3AY FAREE 43S 7}
e A9 Agste] Bste WHolth o] AT Rd9 ol EojuME, BEe F
HHEo) el Heloj7) Shaek 3 ARE HEY
thEA AFE Yang, et al.(2024)0] Ytk s1F AFE transformer 71¥Fe] LLMo| A

SR YololSS ol dolol2 WL P9 F2A dolo] TR JHE AU

=)
=)
o
5
o)
3
@
Q.
a%
o
i
-
Mo
ok
4
%0,
u)

o

_‘

merge(RSDC) 2.

=
AT % IS PEE Aot of WAL wue] F2E 2 WASA SOBHE %5

30% A5 golo] AA HlEd= B, i AT ASS 80% o)l §A5H, 7]

(8 4-33) LaCo 7H2

M RDSC Layer Merge M imp i Calculate Similarity
Oy ' [ 13—> Given the model M before pruning,i
; %____!,_ ________________ 3; evaluate Mymp (();'D H
S S b =

s = Avg_Cos_Sim(M ymp, M, D)

% = Min(€ — 1,Lay_cnt(M") |

! -
: ”l,F

| Chen Try RDSC layer merging | Merge Evaluation

; é the following X layers of I ---moeeeeefpeeeaeoe 'and Adjustment s>T|s<T
] ' i

: i i i

' : 1‘

Or

Next Iteration

Pruned LLM

Z+E: Yang, et al.(2024), p.3
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Intra-layer 42 shute] gojo] WA Ad @ejy 7 @919 71EA|
E ot ol A=A 2SR A 7] 38 59
TAEE 7IE08 582

T

(2l 4—34] Model Folding pipeline

Weight tensor Weight tensor

=
Z
z
5
Zz
g
=

e Wooflayerl e o s W oflayer 4L e,
{ 1LCLUSTER i i RS ByaEZ, —
: : g V. E—lk
I A IH i
I O Lol
! 2.MERGE — : —
—— (=2, [ | =
HHH A - m I
- - = A | 11 \ izl

[
© 3REPAIR _ N— i
! I ~ T 1 :
i H:H:l: i —EE H
I 1 | S =
=4 ] ;

Zt5: Wang, et al.(2025), p.2

2dS 88902 5% 4 gl model folding 71 Attt o] W o2 #o]o

H
of £xd AR THEE FTHAA HEYZY 725 dediaAE 2l FA4

EAS FAIS AALEL o] E 9§ k-means SFH2HT 7Nk 7H W 5A4 &4
< #4383l variance repair AaHE A 83tk 3 tlolHIE A fle FFAAE Z
5% 4 == Fold-Approximate REPAIR(AR) ¥ Fold-Deep Inversion 715+ REPAIR(DIR)
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7 7HA MEE AN hFe A ka4 Ak Y

o|u} LLaMA-7B 22 ®=lol| A fine-tuning §lol% 71& 45 714 FARE 45& 14
&, ol o] AT 7o)} edge deviceol Ao 2E HEdlol T E3HAQ Ao
2 et 1Y 4-34).

4) 29 merging 71§

29 mergingS o2 7He] E RS shute] F3E REE Agete], 24 o] 743
A2 715E A FE8F F JEE ste 7Holth ol AL Y Hau &=
wQlo] E3b¥ AE7} Expertse BHTOEM, F71 HlolH glol= ¥
Hej2a A 58S GRT F dvke FRol Ak 53] o= LM 719 7154

I At o] F BTl oy RdY A4S sk WESA
2 B33 e AR 51 )tk 93 Hd mergingol A RE|, 2 mEle] B2 Ajo)&
Hislsl= AE 78k merging, 32 low-rank ¥gHS 0]-83F LoRA 7]8F merging7hA] o
kg W o] Ak Stk

ol213t =& merging AHEL 7|29 29 ensembled} 2, o7 2l €L AY
3= Zlo] ofdz}, AAl sEtvE FieA BEES FHdTHE HllA A Z840]
=0 1A%, B A7) SUFeHA o iAM R ofe] HEvh REo] 7k A4S sk
YES T QoA AALEE 4= Qloh T3 mixture of experts(MoE) T3¢} A3 4%, W
e mdo] g met 54 ALt AHrHE S0 S EN U A&7
Al FEo] Tkt o# 3 54 Yol 29 mergingS HEB 23 S5, A4 Aol

=ul A 5 o Gl A AN Bt L WE Ao F2wT gk
=

i3
X
Kt
>
Lok
)
o
T

o

o

N

o WA oY 2l A E ugoR FdH RS eectstal, o]% task-specific
mask$} rescalerZ EelE A 2AAE A3 B T7|E 2EFoEN HYH B
do] 7} g3 BdE Z ZABIES Bheth o] W42 tuning-free, & F7} HlolH Y
Az glo] Bitel hsdtthe B4 Ztu Stk A AR, g vld 29, NLP

9, PEFT B, HE|RY 29 HFAE 7]1& B ¥y divl A% Asirt A9 gl

52
& WY 295 BQv (¥ 4-35).
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(02! 4—35) EMR-Merging 712

__________________________________________________________

I(a) Margmg Procadure i (b) Inference Procedure
'[ Task 1 ] [ Task 2 ] [ Task 3 ]

P Tea ) (e ) [ e Urified Task Vestor :

i r 1
Elect Max Slgn .
Elecl Max Value

( Task—sneciﬁcDimﬁcnnndl\mpl\ludeModulahcn )

‘Modules for Task 3
Rescaler3
E —

2 Unified Task Veclor

el

Task Vector 1
! Task Vector 2
Task Vector 3

Task-specific Direction and Amplitude Modulators
Modulss for Task 1
‘ Wt e

ﬁ e

Modules for Task 2
Mask 2 ’

%-

MUV, Vo) = bool TV, © TVoi> 0)

Z}E.: Huang, et al.(2024), p.3

OE tZ 29 AT E Horoi, et al(2024)¢] At} = A+ o7
mdg Hee o), 7|29 ¢ permutation WAo] k= A ekS B3] ¢lal canonical

Correlation analysis(CCA) 719t merging 71" Attt FAH o E, 7} Bdo] 7 &
N

@& CCAZ permutation & <+ v & Fd 4= 21, o] & o &3 7¢ 2+ LN o
S d&ste B WS AR o] A2 v i A EY ¢ FAsHA 2d 3t
F8 ztolg &olH, o BA@/ ohE A WHEhe dFIAE 73 A5
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(12! 4—36) CCA Merge A|Zt3}

Common CCA rep. space

%
*le

Model B rep. space

Model A rep. space

2Z+&.: Horoi, et al.(2024), p.1

=[%5}

¥ gmelE

2. Ofi4%] %]

2 gte] A

=
=1

7k Ay A AFA g

=
2=

!

@/\

=

o]

KR
A BHEE A, 29 Fu} A

Al =Y

Transformer 7)¥ke] o7t

2 F45Y, O2% A 24 attention

ofell A 25|

@8

125

3|

07 o]ojyt}. o] EAE
ohe}, At B4 57t £ attention A4bE @

!

A

4

It} 5o A X linear attention

=
=

a2l

7% attention =AY

o
L

A AL 34

1

o] &7 ol A

[
=L

5

N2 4 9tk Linear attentiond] 714 & A4 &

= Hojth. o]l& &
=g} $7 ol A= attention A4k

3 mee 7S TA Y F o

T

@/\

=

T

<t <l

2
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oA BAsH= HlolH AEe Hasleto] U ae4dE T

(72! 4—37) Attention 91AF DiEfof| }2 oI EXtE H|W

Q T v Q 14
Nxa s K dxn Nxd Nxd KT dxN  yxq
: QK" v Q KTV
N x N Nxd N xd dxd
Softmax Attention O(N?d) Linear Attention O(Nd?)

Z+&: Han, et al.(2024), p.1

S, Al = 329 olux ZEAL Iriske) A% dyos
Search(NAS) 7]%o] FEw T). NASE Algro] A4 AAd 14
2, F017 A Aok ZuE

al
o =3, oA AeH NASE AuEs vime EE Age Hashs

eural Architecture

Moo
=
m
:&
Hu
-
B
=

F& gk Ak EE, Fojo] 74, diolH ZE2§ WS 238 RS
g Wrketn, 0% olvA ago] /M w& AAE AEd oA
Aol oA B A& WY W B2 8o] 7hsdhH vlolH A 9 A4k Aol A9
g HjEs A ARA o s, NASE ©<es] Rdo HEn g oyl A
&S HPAUOE ste AAY Al 29 AAl o] I3 = L
Linear attention, NAS7} o}71 €14 2H19] oA 72 o]ETHH, 8 A3 54 ]
&S 057 fsiAe HerY Ao "osith AA Aulx EFYME 94
ToQle] RE aAvith 2efAn, 149 AEE BE HoldEs ¥4 TR
22 B a3 At R olFe Yty IEE $YF BY TR, EF A
J A
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FAZL AR7ME A3l gl 2435 adaptive decoding®] oA A&k 2 31o] thetko
B FEET 9on, IA F /AR EFE F Aok

Speculative decoding2 4% draft Zdo] &1
2do] g Mo AFoZ o) EES gAsto 4
d 4-38). o|& Tl drE 47 B2 A5 RS i EES AT dritt 523}

2 got= Hol, 7]E LM tiv] 48 24 3% 357} A St

(O 4—38) Speculative decoding 712

Y2~,, Y3~ , Y2~ , 95, =
tviviviXy
V2~ 93~ Va~ U5 . executed
t Lt Verify ] in parallel
: ot ottt
Autoregressive 91 P2 ‘Pz G s
Decoding 1 1 9. =
T L Dt g xen
Vi »V2 w¥3 Vs i
1

A5 Xia, et al(2022), p.1

fole

Speculative decodings A-&3< wl, A% =49 g
RS ot 2ol A ogitk

ZodA FHHE EE 59 7]

1 —
E(tokens)= e
1—a

714 ZQF Ao] 4= draft 2do] g We v A¢tete EFY JTE S, w2
E ot ARME 2t 72 verify Rdlo] AA|E wolEolE &R, draft FHo] E2F
Z FYER woldth 2880 £&4E, 181 draft Zolrt 24E A3 3y B
2 7} Z71e verify Rdl 3F 47F w24 A% w3 draft Rdo] BT dAkeF
< A% 299 EZY ANFOE U HIES o2t BT o, o]2HQ Aty Wl
< O 2ol Aodnt
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(1-a)let+y+1)

OpsFactor = o

TFEE oo Tt T ANFE 7S F AT e a7 A B verify RE &
= 971 a3ty 3% 47 £9 LM 38 #AolA e dolHeg., 7HA, KIV A
ANel vl B o)F St YA oR Zad] wRe gYE gEo] g3l A A
oM o] SHTh E draft Zde A4t FH O HolA, verify 2d 5F T4 o5

o] Adst= FHol Wt

tilo
Ho
:(I)g
>
ot
o
ox
ful
2
¥ l-ri
r9~‘
i)
£
N
>
\:l
2
FIF
rL

]_

Early-exit o] Foll 2¢kate], melo] Fi3] st Jrkal AoE = AF oA F
golo g9 Alte At g EE dF 02 A Jolzke 54 Zo] Ao 7Weltt
(18 4-39). 714 g 7H 52 $H 9] 2&< top-1, top-13} top-29] &
o], entropy, =+ d|=7](e.g., lightweight multi-layer perceptron)7} AH&3F %]
of 2tg A E AR Fa% AL o] wdo] Hojof i Exe 29S v g
FotA ¥aE WEA ALkEojof dthE Aow, Aol WHAA s EF ok F
£ 2o E52 AR AUR] jF BEFoA FPE ALHE ok et KV 7HA1S A%
AT HASIA] =t} &, early-exit-> FLOPs A7+3 vl 2e] o] Z4AE A f=
gt wWAYUSoI Early-exite 53] 27137 A 7224 A3 2 gt g4
W27 FHEE EFE0] A&HA Ueld A B 3 dlolo] w7t woll YA wot
A BEZY Aol etk BAVE A4E, 181 Weto] FE8] FHESF 24 v
TRk oA FAlo] B e ARE Aol YeteEd, o= 1 AYXE Har A
early-exit®] 3 o]50] AR ol & AW th BRI E do|=rt & EFo|Y AR}
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fa
fote
o
do

Ao Zo] AFo] FolEth of Wi FLL FHAS vk FololriA
A 9P BebA early-exit U Bolwo] me AR Holg sk 71Ye
e, A RN AT ARE AR S1E FRAg EeHolt

(02l 4—39) Early-exit 7|2

[ Transformer n ]—' Classifier n > Exit
| Continue
[ Transformer 2 ]——> Classifier 2 —'[ Confidence / LTE ]—' Exit

| Continue
[ Transformer 1 ]—> Classifier 1 —'[ Confidence / LTE ]—> Exit

[ Input ]

Z+&: Xin, et al.2021), p.1

37} AUEE B v 249 Ak vlmg v8-S wrEohd, speculative decoding

d Zo A A= dojg o
3t AHAoR FY FH 2UAdA FASE A HEstH A AR E aA
A7 4 9o, B4 et 7|HEQ linear attention, NASS} $H4] Agto] 7hsa 44 &

H
F HlEH g2 WA=E A 29 g e VMR AFEs FAo.

. Linear attention 7]} ¢ 97 5

Beltagy et al.(2020) &7+l M+ 712 Transformer?] attention ¢4ko] Al@ 2~ Zojdf tj
3l o(n*) 02 SFH= 723 AR &l 11 A AR2E Aesh] ofdue &4
£ A A5, o]& 3|A3t7] 8] Longformers Al¢kslith. Longformer= (13 4—40)
gdalA = & Axel, & 7I9ke] sl of’l s} A}l S3) global

attentions 2338ty vz @ st BERTE AP Zold AFFHo = FUIANI = F

fu
i
ro
bt
_‘
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HH o7 A Sh5H RoBERTa 2ol A&g& of 11 4 AAx

STl A % A AULE AT 5 Au, MR BYE PRE 2] 22 o

(J2! 4—40) Attention 24 O4AF D& H|w

(a) Full n? attention (b) Sliding window attention  (c) Dilated sliding window (d) Global+sliding window
715 Betagy, et al.(2024), p.3

(12! 4—41) Lnformer attention 93AF 2=

Linformer ¥

wK (wV)

kXn dedk kXdk

heedem

Zt5: Wang, et al.(2020), p.b

Wang et al.(2020) ol A= attention & Zo] low-rank +Z2& 7Hth=
3], 0(n?) BR=Z9] attention A4+ O(n) 2.2 Zo|= LinformerE A<l Th. Linformer
£ (28 4-41)0A £ 4= 9d=o] QueryKey WA FES AaYPo 2 FHZ projection
ato] A4 attentionS low-rank 722 ZARFO 2M, vl R AR HI AAFES FA
Azttt 2R o2 A Shgd Rl wA 24 AAlM =5 71E Transformer

Zol 74k

rd
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o} FARE Aes frASHEA S 9 FE £5 B odlyA Ze4s
Choromanski et al.(2021) Aol A= AZEW - 7]k attention& 2] Anl 9 3] A
£ 83 FAVOR+ WAUZCE ZABH= Performers AIQFSIGITh ol Aot
low-rank 7H4 glol= A% ARk, 33 BFER attentions SAHE & AES o, AP
9= Ao} Lo BALS o]2F o7 Bt Ao ® BE attention HARS 7 )

3 5 o AgFow Mayol, WY T o] B3 GPUTPUY SIMD A4 44 B88
e A
hl

[(2025) AFellA= VIT 22 linear attention 2§ Al #Ast= o|v|A] E
Z AFAH 7= ZAE ANAs] 9380, RelU 71wk E4 W93 24 5 5 A3
L2VITE AQretdth. (18 4—42)oA & 4 Sl=ol, L2ViT =& Global window attention
7} local window attentiong @z} HiA|5le] AR FHH S FHEVAE A3 Q4 2R
£ A9t 2=, local window attention ©$] 9] HAF B&-S E3) 7jA] E&o] A

3, W ee] A A7E €01 GPU A4t Al HlolH o]F B&E 5 dY 2rE Hasd 5

N
=
@
oQ
@
@
=B

(J2! 4—42) L2ViT Attention ¢4 9l gl X

wa { LA}
1 1
MLP MLP
) . ' )
Stage 1 “ Stage 2 N Szl | Stzge 4 Layer Norm Layer Norm
b b b | I
A ER1 IERT ER 1
: d B 2 EH &5 EH 2 B - e -
jo g, o8 .,-2.8.7 2.8 .5 4 ;
12 =} g =
15 e e WA LA
W S BN S EN S EB ' i
o (3] o
& & & Layer}Norm Layer}Norm

XNy X Ny XNy XN,

HxWx3 Hw HoW H oW H W CPE CPE
—Xx—=xC —X—=x2C — sy o
i BXSX 16><16><4C 32x32x8c

Z}5.: Zheng, et al.(2025), p.5

Han et al.(2025) dTtoll A= linear attentiond] A% A8t YL ESL 7+ A 58 1
3 B gt 244AE BAsta, ol sdshy] el destd W e A3 B
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RES 9% Flatten TransformerE A|2+stt). o=, QueryKey 548 =43}
depth A FS Tl 2 thf8s FLFO2ZA, F2 B9 £ 4%
A Aoz, ALt golzeijlolA = a3 HolH F&40] £0
el &80 FokAa, v H o] TeslE o] GPU/TPU 7§A] s|E&] 7jd €t
Katharopoulos et al.(2020)2 A1+ 7]& Transformer®] self-attentiono] A|& 2~ Aol w
gt Al o2 Frkske A BREE THE 724 A AAstH, ol sEsk]
3 attention WAYZE Ad 7Iuke] Ay A4t F22 Ak A2 Absiadt. sl
T AFdAE EE T FAR AXEE FF 22 A3 sk g4l ol 58T ¥
B o Y ALR ZARFOEHA, A EAE AT F A 7Y EUE vhd
ATk o] AT BEE A Y AE Aiks B Fdste Bao] oiyel, BEE A
54 28 UA 74T F ol& B2 0E Adste WA OR FAstY, A A
3wl R ALEEe AEs doldl| HlFshs FEoR YWt ol H¥s 7S
29 52 A& FASHAL, 11 4Y AF2E AP

oXx
2 H

mlo

A

il

g

ins)

Q
£2.
(D
=
)
(]
Do
&
=
>
rlr
FI'N

[

jalh

>

i;

N

fu

N

S

AAS sdstz] Yall, ReLU 7]8F linear attention 7% A3t} (
2

4—4410 4 & & ) 50], =3t depthwise, pointwise convolution $14HS

o mt I

et EZ ARE oY 2ALAA HAS, BE2ALY on|A] EAES E3
2 848 4= 9l transformer + convolution Feje] o] Be]= 291 EfficientViT
< Akttt EfficientViT 22& A2 9 8993 tv5 =AY &8
FABAAME, 4 BREE Alf2 Zolof Hgshe A8 FFo8 W31, 3t
e

3t E8< =00 A=, Ry AR A €014, 71E VIT tiv] oA ge4<

m_u

_10"
o PEI
o

E
o&
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(J2! 4—43) EfficientViT2] ReLU Z7|E} linear attention ¢iAF 2=

EfficientViT
Module

FFN+DWC
onv

.9

Linear

Multi-Scale
Linear Att

Aggregate nearby tokens to get
multi-scale Q/K/V tokens

Zh5: Cai, et al.(2024), p.3
(O3 4—44) EfficientViT 22 =

Input Stem Stage 1 Stage 2 Stage 3 Stage 4 Head
COx512x 1024 C1x2 512 C2 56 C3x64x128 C4x32x64 C5x 128 x 256

3 x 1024 x 2048

25 Cai, et al.(2024), p4

Guo et al.(2024) ollM= EdRAEm 9| S5 32 G823 0|7 fal, skg 4 0
Al layer norm& #ZA o2 batch norm FE|E X|3ks}= progressive reparameterized
batch norm(PRepBN) 71" Attt o] & 53l 5 (AP FAHAME, (28 4-
oA B S Q5o 22 A Bdad B AAe AASHTE T3 attention d4kol A
AxEM oL BE dF Al ReLU 743} Depthwise Convolution 7]%ke] 2 3}
E Atk A, W2 H2 Hl83 FLOPsE Il SolHAE, 71& W div] H&

&S H45)s

ot

o

AT
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(OJ2! 4—45) Progressive reparameterized batchnorm & 417

&
4

[ M| [ mp |
] ]

Training Inference

A5 Guo, et al.(2024), p.3

He et al2029)°14+= 7]¥ window attention %9 HEE&EHS FE37] 3l
scattered linear attention(SLA)-S A|HATH 13 4—46). SLA WS gdou} 4= A
g glo] Y A AL shte] AP2E AP 4 YA SdTh =3 Uiyt YEFE
A AA G E Eellske A2 HAE 7S BYsl, 7 Zo] AFEAE EEF 0
A gt A=, B2 BEF WiXoAE Asol HAH R FAHM, HA] st=sofol
Aol agAo] FEEU

£

4

(28 4—46)

QH}MO| attention P4 A} scattered linear attention?| H|1

ne

X
X

MHSA g @
R

X EIX

[] < X
D }x‘ X DSVT, etc. I:l E & %
(B, M, D) (a) (B, M, D)
OEE HEE
(N, D) ScatEiLFrc;;mer (N, D)

A5 He, et al.(2024), p.2



Han et al.2024)= ti7F= Al 2o ofeld A4k &8-S Fulgsty] $l3) sliding
window attention®} chunk-wise recurrences 233} agent attention W& A<kt (1
Y 4—47). Agent attentione Y& A H2E 14 7] AFE Ysie H, 2 A=A local
attentionS T35t JIH HI 7| HHE cFHOZ AT O ZH global #H FH
£ frAgh o]5 F3l 7|<& attention thy] wlme] A-&Fo] g AlE2 Holo] F-Ha}
Al s, Ait EREE AA2L Zolo AF Ao r HssA Hof, - 11 AE2 o
M= e AL HAstetn wE FEo] 7hssith

(32 4—47) Attention THE! & oMt MpH 3 =XE H|W

T Nxd
TNxd TNxd Matmul
Matmul Matmul (asvalue) 4 V4 nxd
t vxn t ixa Matmul
1 W o
N N
Matmul ® ® = "
Matmul Matmul
t I r
Q v Q K 174 (as key) (asquery) | T
Nxd Nxd Nxd Nxd Nxd Nxd Q A K 14
Nxd nxd Nxd Nxd
(a) Softmax Attention O(N>d)  (b) Linear Attention O(Nd?) (c) Agent Attention O(Nnd)

Z+E: Han, et al.(2024), p.3

o} Neural Architecture Search 71'H¢] A+ &3
Tan et al.(2019) Aol Zupd Aol CNN AA Al A=k A1 ARE 119
TS Asor gF7] fal, AAl 717]0M e F8 S5 AA
A3} 7|4k automated mobile neural architecture search(MNAS
Aol A=, 71 FLOPs 718 A4t B3¢ &4 o] 7]7)

=AE 23] s, HIEA D B4 S o]l ASF A A 2FAAT B3 5

e v
T&
>
()
=
ifid
i
Q
rlr

— 141 -



Cai et al.(2019) AFoM+= 712 NAST} AR HojgAl =t ZE2A] AT 24 B
st AIE SEsty, diftR dlolHAd AA st FAHAAM AR gt

ProxylessNASE A|¢tstdth. BE SR A2E E3she Hoiui/ls-s 74315, GPU

(2! 4—48) Binarized Architecture Parameter Search

2 Ty ey 7V N
CONV : POOL Weight conv POOL
5x5 Sl e % "i""‘““ “se

“::',,-""- dalea \
o B g .. 08 +«— Architecture Parameters (<]
1 0

update

0 0 .« 0 + Binary Gate (O:prune, 1:keep)— 0 1 0
o By @
(1) Update weight parameters fmap notin memory  (2) Update architecture parameters

25 Cai, et al.(2019), p4

Stamoulis et al.(2019) ATolA e 71E g A= 7|9 NASS mjme] 2 A4t vl ass
Ndstz] 98l e TR Asks 9 Ad FEE B3 single-path NASE A|<tstlth
(29 4-49). ARks= WHE 7 golojoA TR b M sevEE fA8he o
A, A 7R 9] B o8 Fx5 BA5 g stevlE o g HlE
S Y7102 FHT o5 B3l B AITHS AAITE H|REO R TEShe] BHA pA ol A]
A 5 e B2 wF 2 AY ARE r)HoR Fol= WS ARSI Wu et
al(2019) ATolA e ButY 7)7] AN BEgret A ARES FA HA 58] 9
3, 7171 A AZke AA Hkgsk= differentiable NAS(DNAS) 7]%ke] FBNet-S A|<Hal9d

o
ok
S
o
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78t

A&

e

e

7idto 2

o

NAS W& 3 7] obZ||IAE HHE Shsgefjof 8= H]

N
un

Az Q0w olF shaal7] $1s) Gumbel-Softmaxs AHgsl ol1EA A
= akstslel A4 S e Sl Jb5ES Ak o B4l ¢
12 9 el o 4208 BYE 5 Qlgieh

I

o
Sl

b

)=
R

£ E ol
tilo
J \
]

)

ofo

N

I

S
=

(J2! 4—49) Multi-path NAS®} single-path NASS| H| i

(1) Prior NAS work:
Muiti-path search space

(2) Proposed NAS method:
Single-path search space

Layer Input Layer Input

Conv 3x3
Conv 5x5
Conv 77

Layer Output

Layer Output

* NAS problem: expensive path-level selection
+ Supernet: each op as separate path/layer
« #parameters/layer: all weights across all paths

* NAS problem: efficient kernel-level selection
» Supernet: all ops in single “superkernel llayer
« #parametersilayer: #weights of largest op only

2} Stamoulis, et al.(2019), p.2

Bakhtiarifard et al.(2024) &7-ol A= NAS SAollA 7Ht57] 4% ouA] 4H 415
stz s, oA AHgFE EAT WE wWAIvkE EC-NASE Aljbskiith. NAS-

rlr

Bench-101 #+Z& 7|40 2 GPU, TPU &5 A2 AY AR|E A5, 31 o}7|ElxE
AqUA ZZ3}Y-S dlo|E o] 288l th T3 BE oA E Y S5t HlasES
Zo|7] Y&, Y5 A7 =43 T multi-layer perceptron(MLP) 7149t tlg] wd 2 x|

CIhsk
T2 AUA £HE dS3ES sto], AL} iR &S FA aEes BEA
A3} NAS & Aljbatalch. 274 02 EC-NASE &85 &AL 4% A3t glo] oy
al

F8o] B opF|HIAE B2 F Yo, 3 A& A S 13 vl HA AF
Zhao et al.(2023)o 4= NAS FH oA dAYst= £& Ba vjE A4S 2357 S,
B4 24T W3lE 183 carbon-efficient NAS(CE-NAS) Z# YIS Aokstgch AgH

St WS 84 Al7lodlE oAl E829) one-shot NAS 71, Ag4 Al7]ol= of
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YA 2r7t AW AgErt = Vanilla NAS 3718 388k o]F AS A&
E3 LaMOO 7|¥te] o4 H A3 7| e 488t &4 3HE £8taL, 793 A B
I Yol ELHQ A2} 971 A3 GPU A o

Ho g zAHY, o5 B3 £UQI A A4S Folu A 84S FAT
HW-NASBench ©lo]EAl3 A€ &4 wj= =3

CE-NASE 7]& NAS W oin] 718 v &4 wiE 3 a JEY T B4 A5 2

AAsitt. o€ Tl NAS A GAllM e 74 G&Fe SoliME T2 2 g0l

(72l 4—50) Carbon-efficient NAS =223

Sec 3.3
Devices

Evaluated Architectures

—= BB EE

GEIREIBIEIE)

Architecture Queue

Searched
model

ergy-consuming Evaluation

Sec 3.4 ‘ Low 0, Period

Al tasks ‘

245 Zhao, et al.(2023), p.2

Zhao et al.(2024) Aol CE-NASE &5 HAA A, Z3eksE 7|8F GPU 72k vl &
3 NAE transformers 283 B4 xS RS AU G4 GEFQANAS =
Q9 aE AIoketgt). o] WAl JERA A7]oE oneffew-shot NASE &3 MZd %
o7 A Ao YubASl NASE E3) 7t 4108 GPU A< wjEdch =3t
LaMOO 718 o232 #3519} QNEHVI L 12]&S 2gato] B 3718 G830
48}l Pareto HA 3ol 2HS 2t} 1A 08 e £2 L8 Frp $AEYS

A3, A S4po] BAF FUE AT TN PFH02 Ak 4 A, vl
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Xu et al.(202]) Aol A = 71 NAS 7" E0] op718 A B7HE 9fsf ti+ = S5S
efjof s, of oA Hrhgh Ak g4
£ d2sr] fall, g glolke opldA AHeS 5% 4 S+ gradient kernel
hypothesisE A|QH3tA T ol F2+¢] 27188 W EY 39| gradient gram matrix(F-norm)
£ o] 83 7 £x9 kst Ase IHF R
o HAHMCMo] 5 &4 74 9 A5 A=
Az 0% vEog, 49l kel MOM &< 7H ol7leA st Ausle HA) s
S WS KNAS 71H-E A9, NAS-Bench-2013} &) ~E BF oA 71&
tul A H e A £xok AAY e AYEE 2450 ARH o, KNASE
GPU AHE#S FA £ oyA 4H] 2 84 wjES d3fete 84
stk

i
£
e
o=
b
kY
rlr

m
mlo
)

Y
ol
3R
v}
L

At W2l o|tth. 53], gram matrix

2}. Adaptive decoding®] ¥+ &3
Xia et al.(2022) AFolAE maskE AHgshs AZH-tzy 7d AlgoA EEnit
0y Zds Ao sEHA TAshE A A AU A E 724 dAE
A8}, o]F #)438t7] Y8l speculative decodingS A SretgTh AAL (13 4-51)
A9 draft-then-verify M H-& EUsh= 202, draft/} o ESZEY =
Astar, 2 verify =dlo] 3 #M¢) Spec-Verification ©HAlIA HA HFol, & draft7} A
4

A B o W Aol M RE verifyd] oF3 A& g dXsh= 7H 11 ke e

o =2H verify B9 3% & 29t o] AF Aat B2 BE O T 4 fAE
HESEE AAE  des B, WY 8% & T seqseq AdolA 4 A5t

glo] 2 £58 I/ e & s PSS B9 Btk AFHH 0=, speculative

decoding® 283 2 A48 $4a44 21 A% A2E V23 vwe o502 A

Schuster et al.(2022) AellAl= LLM F&0] EZd ¢ W nitt B H3r o
o5& E7HA Aktete Bel EEad A4k HMEy oFo] TAdTHE He AHg.
o]2 98] AlekH confident adaptive language modeling(CALM)= E& WM& 3tilo] 1
A= A - A early-exite &1-838ta HA AP FEoA G2E dX|9 dEH BA
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=)
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z 1A, U Ay 23, =7 2HES 843}
Aoksb i, 7+43 YAA| 9} state propagationS Ags] EL-FA 7t trade-off & A
HHo g T mdf7}Ex ZAA Hd B

=
81, FLOPsst KV 714 441449 e Wug o15¢ W %E 4 98¢ nal,

|

)
oy
iih)

J(EN

(12! 4—51) Speculative decoding 2HAle| E2 MA 1lX

Source Sentence Machen sich Hunderte Millionen von Autofahrern sorgen uber ihre Privatsphare.
Decoder Input Millions of [MASK] [MASK] [MASK] [MASK] [MASK]
H ; H i :
Draft Millions of drivers will be concerned about
v v v v v
Spec-Verify Millions of  drivers ‘ worry . ‘concerned }----»/ about | their
=3|mc ) “ be w [BLANK] [BLANK]
{  [BLANK
Output Millions of drivers will be concerned about their
Next Input ‘Millions of drivers will be concerned about their‘ [MASK] [MASK] [MASK] [MASK] [MASK]

25 Xia, et al.(2022), p4

Leviathan et al.(2023) dTolMe 27134 FxolA ESrid B 2dS 3350}
e T2A BES A, oS #|43l7] Y3l speculative decodingS A AStEtT 7
Z draft-then-verify @212 Z3AA draft Zdo] T EZES WA 290 g A
=5 e verfy Bdo] g WO WE AFoR HA HJFoE Feshe ot o

71M, AS GAE 22X BES USIESE AHH, HF F90] verfy 29 d=5o=

—
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(02! 4—52) Speculative decoding®| &0+ ZI0[of| [}Z wall time EA]

=7

M, encoder

‘ e M, encoder

I M, decoder
HENEEEN — e

Wall time -

3 v

Base vy

Z+5: Leviathan, et al.(2023), p.6

Chen et al.(2024) AFoA e thE EES o] GPUY W E8e AN E early-
exit 71HE A8 £ e WS AL 55 DA e Fo|ZeRloE vd 7}

FRro] F71 B4l §lol= 7 2ol el g5 A s S F AA AHs A V)& g
SES IA vHA Za early-exitS o3l e FE dAAE KV ANE 2
Uk LIM A3} A2 SE51A] G55, S04 FHAE AT AZFUA $A 4
O EZ AHoE IntE oo AA A8 355 AT o|FA ad 7|E &4
A=A Megatron-LM# A §lo] S8=AA, HHHOoE FHhsh= Holo] F&8 &9
AAdd g ol5S ¥E 4 3 TAd FY FHe AT F oS Hlnh

Elhoushi et al.(2024) &l A& LLM
A AR7F BEE8F A4 MY o]Fs fEdty By, d5-FEHSS @ 5F

'

& AAIZ Layer Skipe AFAH 19 4-53). sk ©A

fr e

r E,
_,_.

o] Z} Fo] ZAH R FE
719ke] 7)ol whet early-exitS A Hit T ZolE WETh o]ojA & FHE o]
o]2 283k self-speculativeE )4 27] TEE Qg A S {FES w27 gelsta
T draftél verify7b 9 29 ME OE 7S AFESEE KV 7HA 9 exit
queryE AAMEE = a1, o] 24 7129] speculative decoding thy] Wl w2 ¥al=g &
oM A AxES AT A o7 Layer Skipe BE REOIY F7} FE §lo] Zo]

=3 BE 2SS A9, 52 FHAA ADH o|AE 7 2F= end-to-end
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(02! 4—53) LayerSkipe| end-to-end 7H2

Legend

@ Computed

[0 Cached

(O Skipped s
% Skipped w. Probability Self Speculation Decoding

Training Early Exit Inference
with Layer Dropout
& Early Exit Loss

Layer 4 Layer 4 Layer 4

Layer 3 2 Layer 3 Layer 3
1

Layer 2 [ﬁ;@ Layer 2 Layer 2

Layer 1 ( I I I ) Layer 1 Layer 1

2+ Elhoushi, et al.(2024), p.2

Fan et al.(2024) AT oM E LLM F&0] BE EZES A9 Fo]oj7tx] BHA 7=
T4 AR g 4 Zo|, do|xo} FHaA #Y At B W R o]Fo] W
Adthe FAE AFg o F sAs] sl s Aol AkE Adalnfer=(1H 4
—54)9} o] ZF tjAY BEA logit 7|9 AF T A5(eg., Top-1 &&, Top-1/2 v}zl

$8)5 o) g3 muo] Hat Blo] ERHH B gololSe] U A HeE

Ol

early-exit ®4& et o] AL Zd 7SS WASAY ASET 2avt gl A
2 S50l A AR okt KV WA B - AR RASHA] Al she] Atk b
2] o5& Ao 2t AAH oz T s=dojdA o 3 A vk =vld
ol theff Bt T3 dolE Wol EET A oA AH-E fstetar, HA = A

Hob W A 32 oin BEHL BF Y 4 AL BT,
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(12l 4—54) Adanfer 7|2

Sentiment task
Ilike CameraA. ——>» —>» H—> |——-——-—---
STOP

C————
= =
Camera A is better than m
Camera B in picture quality. STOP
e —
= = =
MMLU task
Simplity and write the result ﬂﬂm
with a rational denominator: S]:C_)I_’-
= \/[729 é = = :

—> = = [] [

forward ~ statistic feature vector embedding decoder block skipped block classification
classifier layer layer

Z+&: Fan, et al.(2024), p.2

Xu et al.(2025) AFANA = LIM F20l|A early-exite] o|=7]71 BE golojEoA A
013 EXE AsHA W3 =Tt AXde dAE AHstA, olE =Fol7] 93
speculative 22-& o] g3 =79 HAA FIHE tF S48 = SpecEEE Akt (17
4—55). Draft =dlo] A<=9] speculative EZ-S A3, dZ7]&= A4 03] thal o] =
29 3R AW B 25 RS dudit) o|u probability shifts 83 A% MLP

7], T8I} AF dojue HololEdtt dE7E T ezl 22l 284 F
28 2AEY, speculative EE|OM ARE dhto] slo|H-EZoR Fo] x437 |
BEAEE MY oR U5 e AY2E A B vjF L& AAgth 29 gevEE b

7Vs3bm, 9FAbsk VLM - sparsity 53 2wz o2 A=
dEtY) 7HE ZY Y aEAMY 84S Btk

re
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(2! 4—55) SpeckE 7HR

(a) Dataflow (b) Key Insight (c) Technigues
Prompt: How are you? Full vocabulary Reduced vocabulary
Early Exiting Predictor Fommm 5
Original LLM dataflow o= ) i Lightweight
o+ LLM datafiow with sarly exiting — Vocabulafy_‘_ Online Search — ———* | predictor_!
Space Mode! ] ~100x ~0.07M
N Param/FLOPS Reduction Param/FLOPS
Early Exiting ey T1: Speculation-based
Predictor iy 1 bl ” - - .
Vocabulary Online Search d ¥ \__Mg ight p design (Sec. IV) |
-0 Overhead ‘SIZE'
& P, I Layer, Layer,,
! is }
Yeanlore t \ Input,—{ Heuristic [ ... |—
“.good ./ P jﬁrKey Insight predictor
T oo #*where >, s —
Tk o —ver| | /] i A Thank ™ Input;—| engine [~
Embedding: CCN I - [\I* I }
(fy fo e ) : | Specuiatie | L T2: Two-level heuristic
: e ! Model ¢ predictor scheduling (Sec. V) J
Direa] ! b e | Reduced |
i [Pradicior] 1 vocabulary | | vocabuilary | ”
558 T Tapar,, ~3x10* tokens) ! (~3 tokens) | 7 Merged 1NN
-------------- —_— ,’ GRS
S f"?ppif’?’ n‘,:lu\‘:’\“:'\,
Key insight (Sec lll): Token Tree Hyper-token
. e
P model can reduce T3: Context-aware
vocabulary space for predictor. | merged ing for predictor (Sec. VI) |

A5 Xu, et al.(2025), p.2
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A2A =g 7Ek &34

1. B=3 Al 7157| A4

A A dolEst A tolHE XF £33 e dlolE #33 LR tol

g
oz AT 5 otk Aol AT, B4 ¢4 Lo} vd TxoME BB
A fush 2R Alo) 240] 3 s Hol Y amd 3

e B4} 9ok 612 Sof, tiEA9l GPUS! NVIDIAALS] H1002] 7%, LLM =] &
% A LIMWh(ZHSFEAD ] A7t A AmEEL 7442, AL GPUS) A4 vhat
A% oF 35MWhe] 1%k 18 4m|Ee 714 HlolE] AE o] GPU 4-&

ofr

kY
ot
=
L)
o

Au3g” 53] oAl AN E AdE 1Y FFFOE U] IASE FAS
HAE HE 882 FooF AN GPUE 2 A8 AR opr|siH, g4 wjE: A7t
e FEshe A9t Bk

tolE] e ] H=3 GPU AHE o]& QI3 AY AR ZAE 3
Ao r 54 7hsst Al 29 E43 B &8 ok HAstd g5y Al 7H571E
AAskE Aol Fasit) o3t g5y k5719 e LIMA oA, dede 271
4 22l CNN A7/ olr| #1718 v} itk CNN2 oln|A] 14, &7 & thofah
HIH 3-8 EopollA 83 Ass EAAN, dakdo] ¢ A1 vlofE ool RIMs}
of oA &&o] W2 £AZ ATh ol & sl Ast] el T 271 5EF CNN 7k
71L& oIy AAES Figlsla giolE o]F AgE FH438ksl7] ¢l row-stationary,
weight-stationary 9} 22 spatial Ho|HE2% 725 AHsAh o]H3 FxM= A
Al a3 7k, dY SN, FEY tolHE studo] vl A Adete] whEz o
2 AAEFoEAN, o wEy e W& MY ARE A 4Tk =3, sparsity-

iIn)
ofr
o
N
fo
ofr
on
2
2L

O
O

107) https:/fwww.epnc.co.kr/news/articleView.html?idxno=303904
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aware A 7S =43t 00] opd vlolE|RE A4t Fstes sto] B ad Ak
ol A4 9 MR Ao TEAS wXTh oleld vlolE o]F HAske} AALE
A9 AA Ak o] F Transformer 2 LLM 714712 9l on, d49 2&d Al
7HE A 2HlY] Z3hs o] R 4 AdoE At 53], HA LLMSY decoder-only
LIMS 918 T2 ES w% Jgultol BAah= prefill A9 v ~8jnjcle] 98 E&
& 7o ® S ke decode BAZE Tk 7 AT AR TOE A4, w2
QFRAE Z7] Wi F2 FAHd 9lo] ME T2 EA(compute bound, memory bound)

A 5 agshA &2 Al 7147 dAs 4 94 =

-
Y
(=1
o

Compute Bound Region - Low MBU
1200

1000

Prefill

600 4

400 Balanced - Sarathi-Serve

200 1
Memory Bound Region - Low MFU

Arithmetic Intensity (FLOPs/bytes)

Decode
0 250 500 750 1000 1250 1500 1750 2000
Number of Tokens

A& A Agrawai et al.(2024)

0

A, prefill GAME A EFY A 98 AR Zolntg HEH0 R A4t
FYPHAT F, prefill GANA ZEE= 7HEAE
Multiplication(GEMM) A4ke 3stA Htt. oo me}, HAHE-5H =

ins
R
il
riu
==
o
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@
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ol¢} &g decode BANAE o] 2¥lolA YA shte] EFS ol At
oluf, 7}g] Wik of ek KV Al Aol tigk HS 873 HE=, A v Egy
& op7|gtt. E=3 prefill DA% 2], BY EFO] g o r
Vector multiplication(GEMV) 14t& F=8)dtt}. &, decode THAlE A4t 4
vz EHYE Q78] g, AA AxEe o] AladHoR e v

o7 AAHE memory-bound Gl sFETh =3 UH A|@2x Do)y

—.~
)
i
4

J

OS5 solus 43S 7HAA ok
olggt Al 2o 4k, mirg] S REE dAEE BEY 7HEre oA AR

LLMe] 5 GA|o} 22 Al 229] & o

B o]Es Hassle 722 AT  lon, 54 di A8 A4t il d B vlolH

A E Adehs dA7IE TEFLEA HA stedo] Aoz A thH] Y &

HlE 27 AR g 9l olH@ BEd THle ARY/Ads SAe Ths Al st

FPGA, ASIC3} 22 E8Fol TdHW, 48 axdt dds Wi, ofF e 3ol

B BES Ay Amg *
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tilo
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ot
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(O 4-57) Z=2MY 7A SHEL 58y, 8= H|u

CPU

»

Flexibility Efficiency

75 PCB hero(2024)
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HEAQ ZAHAQ CPU, GPUS= ©7 Field-Programmable Gate Array(FPGA)= X
2aH9 7bsd JA 2R, g 1 EFS ALY E FAAI|AAME A=t 2
7L F e S 7L Ak o3 AT Thed SR Qe Held ZEle
, FE S Yt ggeEojgit &= & Z#EQl Application Specified
Integrated Circuits(ASIO2 54 & &5 5o E3ld J4 322, HE GPUY 2
¥ 2ol 54 Ade ¢ AdFer FYdte 54 AL Aok olH @
54 Zldl A3k A 32 FAHCE st AMHor FAet] Wi, 1Y &
& oM u]¢ $53 H5S B F, FPGA, ASIC S oA 7 2&d Al 7}
&71e ARE/s AAA ZAoln = Al 7HE7]9 RS A low-bit

HA 7 Az Hg Aol

e

e

d

TN

T3 gpolzEl 713} Hole AAEES =
I3} Ai7)9) A e L 2L g 23} 7
A ZYF Boll 7L A AY 25 tiv] A A S ¢ 3len, oe

U9 Aeas Bage A7) A% AAA 7124 F)uo] B,

o BEd Al 7HE AR AT 5%

1) A Fast and Flexible FPGA-based Accelerator for Natural Language Processing
Neural Networks(Hur, et al.(2023)(TACO23)

g A= FPGA oA 738 E&2oldA A4 7 BE 76 op7|gA
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& A3, NVIDIAARS] V100 GPU thH] < 2.594] -8k A Al /i -& Bl o
LIM 2E3 Al 744 A 28-S 53] FPGA 7|4k AA2 9% ARy ¥ v4s 53

7FsatAl dlom, HFH s i wWETF Aol 7|3,

b
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X
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(O3 4—58) Fexrun2| =5 CIO|0{OH 3 M 7

Model's Code [ e Reconfigurable Parameters | [ [ ] Reconfigurable Units ]
Gemv-unit Vec-unit ( Vector 7

Decoder
() exe )

uOPs

Gemv-unit

J9]j043u0) Alowaw

' RS
(o e
Dot Product Engine
LANE

U

|

%
[Ver] (ver) (var) [ver

Aowap diys>-30

Vec-unit

3
2

Base Architecture Template

A2 Hur, et al.(2023). p.11

(02 4—59) Flexrun 7} A|AEIQ| Jjoz 4l ol ZE| by

Input
FPGA Spec } Model's Code
¥ v
FlexRun:Algorithm FlexRun:Architecture FlexRun:Automation Output
Design Space Base Architecture
Template Ol Kerteaure
H - Ll ! FlexRun:Generator | ||
) oW - |G : ;
Modules and Decoder
Parameters
\ J FlexRun

A2 Hur, et al.(2023). p.10

2) EdgeLLM: A highly efficient cpu-fpga heterogeneous edge accelerator for large
language models(Huang, et al.(2025))TCAS-125)

A A7E LM W S04 718 2 24 FES 20 L vw

AE A2E) sl 21 2AY Aite] T2 A4EA TR I B9 PASE

Aol 283ttt o] FAellA A P& A A4k 79 A2 %3} High Bandwidth

=1
L
5

— 155 —



-

Memory(HBM)®] Wl &2] thqE& AAA A4717t obFdd diks F3skA] g+ AlRL
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dlo]E{(FP16)s} A8t 7FAI(NTA) ] Theket wlolE &2oll tixslr] st & A
2 HE FAVE AMITHIE 4-60). TAHCE, Agste A4trle LMY Feed
forward network(FEN)®] 42 FP16 2te] HA1S 4331m, multi-head attention(MHA)
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Gignad Bit | Espanent Bx Mantisea BT |~ g ;(,‘F [15-1:0 FOBE [ o e ripira | DAT-{4FR 16| Tinga) W= 5N T8 Tiny/4)
AT [Tine1:0 DAT [Tin*5e1:0 DAT [Tin*21.110] | Lt |
WT [Tin-1:0] WT [Tin*5-1:0] WT[Tin®3-14]
0 ‘J‘ STAGE-D Rogistar J\ r— A1B0, 4'b8 ba
¥ W TP T
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[ STAGE-1 Rogistor 5 | -
) ) | B
Mo OBE D
++- 0 [ Expanent
Resulr
hﬁ-ull J‘alglu-ul-{::l.l n-:pm:rrr!‘ . ‘—T.—’
——
\ MODE T MOOE 1
I STAGE-Z h-I 1
I ‘-CN.E|90| L= N DAT3{10:0], WTS[3:0) DIATE_ENP+3
SCa.LE[1 1 le . _%_‘r |, - e
i ] L CATH100], WT2[3:0) DATZ_EXP+3
ot ] \ - .
WOR| [ Adder |} \ o # Tind)
-rAlE [aag BATU1EA], WTLRE0) DATI_EXP+3
o |Mbegraton J .__\ =
!'m“_lﬂﬁ.lh_l' k8 DATOHLD-0], WTO[3:0) DIATD!_EXP+3
¥
Cutpart [15:0]

2Z+E.: Huang, et al.(2025). p.6
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54 AYe Baie Y B2 gold] AHEA Ho] wel sho|zzele
£ CPUFPGA ©l7]% Al 744 A28l 75& 7RsshAl 3ok olel@ 715 e Falol,
Xilinx VCU128 FPGASI A} TF8F 714:7]%= o] A5 o] 10~24% ol HBM t I Z &
ES HA LM 22 F2& W2y 8202 7l53stA gty =3 NVIDIA A100 GPU
ol 6l $4e MY EeHe Ra

&3
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(02! 4—61) Edgelme| Zioe!, HiZE oty JHe=

LLM Example: | Sparsity | Compile and Deploy
ChatGLM2-6B | Quantization "| Software System

Compiler IR Dynamic Graph Backend
P Control Transform CodeGen

-

-

RTL Macro | Accel RTL System weight.bin

Define l Block Design inst.bin
runtime.h

[ VCU128 FPGA Platform

2Z}E.: Huang, et al.(2025). p.10

3) ChatOPU: An FPGA-based Overlay Processor for Large Language Models with
Unstrutured Sparsity(Zhao, et al.(2024))ICCAD'24)

319 = Decode-only LLMS] 5 ©AIQI prefill decode”} 2be A& T2 EAS
TEHoZ syl s, HlFRH ZRYS Adde HE o] Z2AAC
ChatOPUE: Attt &3], Dense matrix-multiplication(DMM)3} sparse matrix-multiplication
SpMM)ell A B E&A< HolE] AAE-S 7Fs3te s ot tht HlolH EE% Al2F
g ojgo]& AFFH 1 4-62). DMM9| 745, 4 tlolel& tigdi Wk s Hest
I 7FEA HolE e A ko R Mgt o, Y HolE S59 424 0= crossbar
7} 475 o] gle], e tloJE] WEl} crossbard] =2 81 crossbard] A2A® 7 9

A71E dF deoly HEE AEeal 7teAe gAge s ol %, ddlE Al
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245 Zhao, et al.(2024). p.5
Alveo U200 FPGA® 78 ChatOPU& o] =Y A< SparseGPTE 483 OPT-
L3BEEE A3 APttt 1 A, Ajtete Al2FY of#o]o SpMM A2l 7S
DMM el FHolf 26§e] Agja 3S Bk o voprh, ofd - tin] 33.3u) wWE A
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4) LPU: A Latency-Optimized and Highly Scalable Processor for Large Language
Model Inference(Moon, et al.(2024)(IEEE Micro'24)
33 A= HBMO] Hlole Ao E3}9 streamlined memory access(SMA)S} 2] 11
A 244 MAC, 1812 wallace tree 7]4te] adder-treeZ 4% streamlined execution
engine(SXE) 59 A4k gl QAEZ o] %97 latency processing unitLPU)E At}
(2% 4-63).

(38 4-63) LPU AlAglo] FA| S Clojojaa Jies

High Bandwidth Memory High Bandwidth Memory

B
Operand Issue Unit (0IU) 5 S=
L ; . ™ = =]
i = S8
Streamllned. Eucutlnn Englne IS):E] = g
£ -
: |LES

MAC | MAC | MAC | MAC | MAC | MAC | MAC | MAC MAC 8 =
Tree | Tree | Tree | Tree | Tree | Tree | Tree | Tree Tree E PCle
g I/F
=

Z+&: Moon, et al.(2024). p.6

71& LLMO] &2 ol A W] of A W2y g ZF o Qg vd stego] &
A HlEo] TR oY g TAE s dsty] fsted, LPUS SXE ¢14t7]9F HBM w &g
HAE S GAAA w2 HgFe] && HES B4 FAST £33 oY LPUS
Holg e BYUA §lo] E&Ho 2 F2A|7]7] 93 expandable synchronization link(ESL)
£ Agste, tF tutolx Az WAskE Zb Huke]~ W HolEZEY] syn-
chronization X1 A|7He LB AAak A7k TA| o] At w25 = 2 d AHS A A
gt} o Yozl LPUE 98 22 Ed o] Hatd g Y=<l HyperDexE Altstal, A
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(O8 4—64) HyperDexe| Zutd oty

GenAl Models Compilotion Loyer Runtime Layer
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Architect

i

Runtime

Device Driver

Instruction Made/
Generator Architecture |
c
% = Input Context
23
-3 Output Tokens
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Z+E: Moon, et al.(2024). p.11

5 DFX: A Low-latency Multi-FPGA Appliance for Accelerating Transformer-based
Text Generation(Hong, et al.(2022))(MICRO22)

Ag A= GPUY 3 HE Al 582 & A8 EZS Adstr] A% prefil &
Aol AgretAet, @ Y B tfs) WA os o]y x5l A3 7wk Atk
ah= decode BAOIA = WE A s8e Sl Xite S AATH. o & 4
ZAs}7] 38l dual-socket CPU2} Alveo U280 FPGA 4t & T4 ¥ DFX A8 +2Z A ¢kst
o ole 2l ¥E Aol JED HA3E 483 4T FPCA Az=dle T3 F+ 2
oM BF =& A FE FAF T A3sHs DFX Al2H-S FPGA 1t 2439 dlolH &
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(J2! 4—65) DFXQ| C}S FPGA A|AE! JHe=

Model Parallelism
[snna]{snnsl{zuns}fuuns]]
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ﬁ % E§ i % i Elﬁ Accelerator
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M @ -
4 mpute Core
PCle Switch Gen3 x16 Mgk
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Z}&: Hong, et al.(2022). p.5
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(02 4—66) DFXQ| CIE FPGA 715 A[ABISl £E WY JE

~» Divide head-wise & Divide column-wise —» Load from memory b Store to memory -» Synchronization

FPGA n+ layerNormH FCfor @, K,V H it et e Hs\mcH .. HSyncHResidualﬁ
b ' '
Me“"““"\ \ I '\"“l““\'
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« : . r'd
FPGA 1-{ LayerNorm H FCforQ, K,V H H::a;l:—ﬂeaﬁfﬂe::;qs HSvncH i Atthnti H H SyncHResiduale

Z}E: Hong, et al.(2022). p.5

=

6) Eyeriss: A Spatial Architecture for Energy-Efficient Dataflow for Convolutional
Neural Networks(Chen, et al.(2016)(SIGARCH'16)

3 A= 9219y tEHQ] 2 CNNojJ A BAE= A=3t A4ty v
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(12! 4—67) Eyeriss2| 1D convolution primitive ¢34 I} JHRE

T T T I T I
Op, Op, Op, Op, Op. Op,

filter weight: @Jg}? @J{I%h
2] (]

IFmap pixel: EI El E Iil
psum: III| E‘ E

2Z+5: Chen, et al.(2016). p.6
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mapping 715k} RS Hlo]EZ2$-2 Aekditi (18 4-68). M A logical mapping THA ol
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(02! 4—68) Eyeriss2| 2D convolution logical PE set H|O[E{Z22
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Z+5: Chen, et al.(2016). p.7
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A A Aok B vlolE7E AAEHES AAHUAT olg 22 AAl= HolHIF &
9 WEolA a9 vRYRE o]FTFF HT HlGo] WopA 1, N E a9 wE <l
RF¢} PE Wi A Hlgo] @e E4& &8ato] tolg 9 A& fal Atdrt o
olf] o]&9 Agst RIEE &o]al, A% AF 1 AT 7XE A&H0E AZIoE
W RAA YA ARE HA8E Aol

Eyerissi= CNN9| sparsitye €83t A4t &S F712 FFAFATE 00 obd Fholl
ARt AAks aeta, slolE S WAe A&t Al Mok sk tlolE #E
Ut} o] H 3 sparsity-aware processing= RS H|o|HEZ -9} AjtE o] AslrleA &
Ze3 52 Zole FAl HiolH o]F ouAE HS A7 § Yoy, diolE
Z7d "t M2 g2 A& network on-chipNoC) 122 AHg3te] HlolE AY HES
A%t} 49 ifmap3} filtere global multicast NoCE 3l o] PEZ SAlo] A45 1,
% o]l Local PE-to-PE NoCE &3l WEA F2Ht}. o] 2|3t A7 4L 59
Eyerisst= CNN¢| A4t A 2] pgollA st tl-29 Hiolg o]sg ulF-olA A2}
3, 9 By HIs Haseoh

6onm 34O 2 A|ZE Eyeriss chipe AlexNet 2498 283 Ado]M 712 HolHZ
2% w2 diu] convolution layerol| A 1.4~2.58), fully-connected layeroll 4 1.38) ©]/<]

A &g MAE GAsTh o] S ), Eyerisse teed] A4k £52 Eol&= Ao o}

=

— 164 —



yzh CNN 7h&ell A 71 2 B HolH o9 oluA] vl&& TEA o2 £0)7]

@ sheslo) opldA ATe AT AN e

7) Cambricon-X: An accelerator for sparse neural networks(Zhang, et al.(2016))
(MICRO'16)
3d A+ sparse neural network(SNN)e] HIAEA A T2 <l 7|& 7147
(Chen, et al.(2014), Chen, et al.2014)7} 7= EH 83 A4k oz Qg A4k A4
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Z+&.: Zhang, et al.(2016). p.3
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Z}E.: Zhang, et al.(2016). p.b
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LeNet-5, AlexNet, VGG-163} 7+& t}eFgh dense neural netrworksell4 Ag3k A}
Cambricon-X+& state-of-the-art 7}4;7] DianNao(Chen, et al.(2014)) th®] H+ 7.238) 9]
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8) OliVe: Accelerating Large Language Models via Hardware-friendly Outlier-Victim
Pair Quantization(Guo, et al.(2023))ISCA23)
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outlier-outliere] Al 742 A2 E&3th Normal-normal A& 7129 Fe AYx okx}

3lE Jo|2 A83ska, outlier-outlier %2] 45 O 2 @& FA8 A 22 outlierg A

+ normal-normal, outlier-normal,
7
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g}, WhA outlier-normal 2] 7% normal &< victimo.2 AA sk AAsl, g A
Y& fixed-point 7]¥+e] wAW outlier Fo.2 tiAlgth o]d FxE 53 HEL9
sparsity indexingelyt A& 23 #e)7t BoshA gdom, wWre Ho] AEH FHE
dslEo] Ftugo] RAES I vE 4 A doh

T3 OliVew outlier7t 7= #e WS HME E&83o= xdstr] ¢ adaptive
bias float(abfloat)oleh= Al 2 dlolE B A|¢kgttt. Abfloat- exponentel adaptive
biasE 283k normal 3% outlier #9] & Yol HAAA B=F AAHoH, B3t
3} floating-point 4+ thAl shift 7]uke] float-to-fixed W3S F33ic) 0|2 Faf Wx9
1749 floating-point A4H7] ¢lol= ©<=¢k shift ¥ add d4Hete.2 outlier %27} 7Hs
AT, stego] 7o 84S =l

OliVe= 71& GPU Tensor Core TZ° F&3st7] 918 4-bit OVP decoderg 16
EDP(element-dot product)ell, 8-bit decoder& 8 EDPoll F7}13l$th. OVP decoder= 1-byte
992 4 dlolHE ¢l outlier identifiers ZA|3te] victim ghs 002 A2lg H,
outlier #t%F abfloat decoder2 &3ttt Abfloat decodert bias9} mantissa HHEE o] &

3l exponent-integer pair e} EHstn, B3 3heE gHE2 E(exponent, integer) pair

(J&! 4—72) QliveQ| MAC unit MA 2= 7=

Output Buffer OliVe MAC Unit

Z+5: Guo, et al.2023). p.8
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2 #3350 OliVe A& Multiply-Accumulate(MAC) f-A0lA AxEth (18 4-72). OliVe
o= AgoZH
71Z INT MAC x| &7FR9| shiftere} addershe F7tate] 78S = A Hdoh

ASIC S=Fol4 #3849 OliVe o}718l3+= output-stationary systolic array 7-%% 7|
Z 34, GPUS} 22| UZTE A PE wigel] £4kstA] a1 thresholdoll Wk x| go2
A Y3ZY FE oF 0% o) A7sith ZF PEE 4719 4-bit A4 it 02 FAE 31, 7]
o sh}o] adders} shifters F71ske] abfloat & int8 EFF AUE A4S A U3} o] =
ol 4-bit 719k & A= ko] 7beskH, outlierst normal Ftol A EAshH= A
A LIM @4F oM E 52 A4 &S A + A Aok

st=glo] +& A3 OliVes 712 outlier-aware oF718]% tin] Hojd A% &S 1
ot} 4-bit Akt 7oA OLAccel(Park, et al.(2018)) thw] 4.8u)o] A4k &% ity
37} oA A s on, HA WA e 4-bit Y2 ¢} 8-bit U AH 9| A

& 747 2205 L% WS e FEE HAVT. 53, sparsity 710 HEo) B

MAC & 5 719 exponent-integer paire] #4l-S ©<=3F shift <

e

=)
o

Ao} logice A7, T local AZH WA} SESo] WA BlolE TE WAL

Agrsro 24, OliVe: outlier-aware oAHsle] A0l ASIC T8 7}5A4S A=519Th

9) FACT: FFN-Attention Co-optimized Transformer Architecture with Eager
Correlation Prediction(Qin, et al.(2023))ISCA23)

S AFE Transformer 7]¥k melo] 22 apgo)x WAsl= 353 dAaeks A
AR EAZ s)A517] Yaf, Eager Prediction(EP) ¢ig]Z&3} o] 2 43k ASIC 7]4k
47] FACT(Fully Accelerated Co-designed Transformen)E At 18 4-73). 7]1& 4
TEo| FZ attention ZES A4 A 3}o] AFsh= whA FACTE Transformere] A 3
8 g4k 259 QKV A A, attention, FFNS 2% 1#3sle 88208 7143} 517] 98

dugE-st=g o] co-design Wls =3

=
N
-

ofr
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(08! 4—-73) FACTY A =X =

Augxiliary Processing
Unit (APU)
va

= ¥
=} Out-of-order Computation Ctrlr. [ H
£
g ; Cross Stage Attention Predictor i +
— E ! g b Activation
e S N [ YOO LDZ Detector | | & |:
: BB = o o]
= Pl G o8x ift- | © |
% @ i Adder Array i jLofskSeiooton % i ++  Dropout
[} H : i w i
= A H
@i ® Range Estim. §. :

Buffer
L e

23 Qin, et 81(2023) p.7

FACT= Eager Prediction(EP) ¥&18]&g E3) 4"
PgHo] FAEE FAFOE  qZ3ith
Detector(LOD)& AFg-3ted 7+ 7ke] B35 9 7|5 Jehj= A%

9} add dA4to = 23| estimated attention matrixE A A3}, o]

attention o5

RE FE3, ol

Ak Bl &

E23} weight gh& 7)6ko
3 EP=

o] & ¥4 flol= dole I A 4718 FAT < 3loi, attention Alkol 223

gt} o8 &
sparsity$} Query sparsityS FA ol &-83 5= YA
oo columne] th-$3t= key @ value tensorS A7k
sparsity+ softmax & X E4& o] &3] 54 EZo] AujAl 4
Asks A,
F7}2 EP= FFN ©AolA T
&3t oS3 attentionol A

attention

g
&+ EZo] Top-kol E3+d I

7Feta, $23%F ESo)= full precisions, $857F @ EFd =
+ mixed precision W2S A-&3t}. o]
Y ARE FRHOE Zo|UME FAEE AT 4 A ot

FACT+ EP ¢12]&S steEdofolA T84

Tree 7]¥+ EP f4S Agteti (18 4-74). EP §42 LODE
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ESUE WA, 857 W oo oigk ke A
Asks AAT Bk ofyg}, KV
=}, KV sparsity= Top-kell A&]=] =]
2 JIEE 0], query

%, M row A2

&5 Eo|7] 3l token-wise mixed precision 71%§-&
EEVINOE FAEE
49 4-bitTHE A3}
53 FACT+= transformer 2] <d4kaka} A

o2 F335l7] 93 ©-& One-hot Adder
430 4 wlolele] 4

Leading-One
shift



91 bitE A, ol ¥ 78

o
o
1>
o
fu
=
)
o
£
ol
o
re
>
tilo
ri
>,
)
o
fu
r
o
)
iui

(2! 4—74) Eager Prediction R4l2 FA| X =

LFIFO —
i 8x128 Adder 5 -
64b | o Ta o9
» S (»{Eg| 32 Array MEE
gl (87 °-
R FIFO E|l — 5| ! l
1024b) g b E 5
k-] =
E Lyl 38 512&:’ 4; Jéﬁ
Fi 2 -5
(&) vy
Cascaded LO Detector (CLZ) 1 One Hot Mder
Di8/16b) » T b’ g ]
D(8/16b) = TenTab| | |
D(8/16b) 8 LEE
- =
D(8/16b) 5
o
1024b Input 0,0, 0,0
Sign Bits ¥

ZAE: Qin, et al.(2023). p.7

EP 334 A EAsh= latencyS A A5H7] $3iA= out-of-order QKV generation
scheduler 7S #|okgtt}. Attention 3 Zol|lA kel rowr} <lZ=™ i rowell 4] 2
Q3 key$}t valuert BAE7| wjEo| ulZ PE arrayolA 39 keyel valueo] gk
projectionS A|2tst1 A3E temp bufferol] 43t} o] A £ attention o] o ==
wfujch A 22 KVeE 712 daks 21338 attention B o] o o] £ wj71#] 7tk A
2 AAs AP 53 Asks WEHOR £t

FFN ¢14be] 7% a5l whe} 8/4-bite] mixed precision G4+ APslA Hi nE
EZ tolEl= INT8Z AZEA drh. 85 @2 EFS 49 4-bitTh AR5 7] w2l
tlolE A Al LSB7HAl §A| = o] wimg] o Fol ul7l BAgth o5 s Ask] 9
3l diagonal storage pattern< A|¢Fgich. o8| € MSB, LSB 4-bit= &3t MSBE bank
09] address 0, LSBZ bank 19| address 12 A3}, 8-bitS 2]-S uf, &< banke] v}A|
g} address bit? ¥ A A MSBS} LSBE & ol 13 4-bitTh ¢S W, 37 addresst ¢
T gt o]5 3| FACT+= INT8/INT4$} 22 mixed-precision ¢14F S0 A= v 2g]
A 39l glo] FEN A& Sthsisie;.
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FACT= At EP 18l 835 AFslr] 9l 22709 &g s ntas o
o2 As HrIE WYsith 1 A3}, FACTE transformer?] Al 712 2 RES 533
o= HAs}ate] Wt 3.594) throughput /d-& 24 gt} FACT= Nvidia V100 GPU t¥]
EP ¢agj&9 stedlo] HAs}t wrEHA & FaAAE 26.699 oA AwS
Bty sl=do] HAsE w9 FACTE vhoker Wixuia ZAwkolA B 4,388
GOPS/W9] ol\A] &&& 71538921, o]= Nvidia V100 GPU, ELSA(Ham, et al.(2021)),
Sanger(Lu, et al.(2021)) tjH] 94.98ul, 3.914), 22.868] =& H5S @A WSS Bl o]

53, transformer®] QKV, Attention, FFN Z& 258 7143} 3 188 ASIC 71457)

=
=
o 954 AZIT

o

2. O|22| o7 |EllX| X|= 5}

7} PIM o718l X ] B QA
GPUS} CPU 714te] Al A2/l 2 o AISE Al 729k 9] DRAM w2 2|
EotaL Qe ey that R Al 222 A gste oA seir|e o S dlolEE v
Aoz 22 ARsok stvf, of A A WIS v o] WA wRe]
HAoe A AAng 24 & A9S Avs, 53] 95 DRAM A& A4 A 2H
Y 2n0 e HF< AATT H5o] v teEe] A s At fFilo] &
e Fdske ARG, HEZZEE HolEF HEH7IE ZgEs ARl B A o
= st=do] Ao HEd HEE s AA oA &8s A AL
53], LLM9] 2 AAo A& 7€ CNNETH F4~F i) BE setul el S 87381
so], Agtd e hgFoz st o & Ad AR Asol AdEe A7t
AT F, ol A 7Hsd @419 AE] YL freh, gkl AEE s Hol
Blo] g S7h A o= g vhol Agl o] Altdth= A& ofrg (2 4-75].
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(OJ8! 4—75) o= A ZElo| mzfn|gf £, SI=H0] HZ2E|

Al and Memory Wall

1 10TB Baidu RecSys
10000 L

Transformer Size: 410x /2 yrs Switch Transformer
1 Al HW Memory: 2x/2yrs L]
1000 L i Gshard MegatronTuring

- 3 @
.g GPT-3
= 1 L ]
2 100
b E
3 Micr usoﬁTNLG
2 A100-80 (80GB) H100 (80GB)
9 Megatron LM @ ® ®
b 103 V100 (32GB] TPUV3 (32GE)
o E [ ] L]
o A100 (40GB)
£ L GPT-2
g L] TPUVZ (16GB) L]
= 1
a E BERT

1 2 GPT-1

va
0.1+ ) ® L
] Resnetso DenseNet .
] e e
0.01 T T T T T T T
2016 2017 2018 2019 2020 2021 2022

YEAR

Z}&: Gholami, et al.(2024)

ol =AIE 28kl M= vine of7|e A H2 g7} Bz ol 23 SRAMO|
U e 2323 e vz s 28shd 9% DRAM HTe Hastd 5 9low, beoj
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TAA R, PME 74 Ao we} 34 F 7k FHE FEo] 7hssith 422 v
28] A YollA A4S 338l Processing-using-Memory(PUM) 729} W 2g] F¥ ®
£ 27 goloA daks 4235 Processing-near-Memory(PNM) %23 E& )
PUM Fx= vl2g A ofglo] YR bitline =3ollA 2H A2HE F3sh= 1w
F2 opd2 132 EAS 83t} Sense amplifiere) Ash Fu bitline AF FARS o
g3lo] AND, OR, COPY 9] d4he d3ta o5& A Feo F47 slddate
FEgth FYe vime] 7k 7k A W4E Compute-in-Memory(CIM)o|2ka A 35}7]
T gt} o] T2 dHolH7F AHE A4 ZuE <d4to] o] FAABR HolE o]F

qUAE ZRACE Y F o, ttE BE dite] 7hssith

PNM T-2& mlzg A FdHol WMo 2% tholo gAY A4k 2218 wjx|s] o]
. DRAMo|| M += sense amplifier <=3 ol 7t
Zte A9, 3t A& wiA|ske] A

z= UAY AUES} Ao fol4e &

]o
o

HatdaA = 3 95 vlolH o]F& H433
3, PM2 AHH = wl R aabd] mtAE O AlEs 2 = 9tk SRAM, DRAM,

ok
_1

%o
o
rlr
o
X
-
%o
o

Atk CIM 7]%F SRAM bitline Aoy A {7 +3

= 2
ZA - 2 A BE9 olvA E&S AT o 3 HeAH oldR A%
3%

< TAHLE A A¥gHL Y.

DRAME th-&%F ®lol8 A3t =2 A2 HEAde 2t 722, PIM 788 948 713
A4l 7ivko 2 Hrketh DRAM A F2& 9d ERA2E-AHAEITIOR &
SHARE o] & 71RO 2 3 banks} subarrays TR BE HIE AYSEE A4t 75
< F7kstd ElolE olF gl

=
o] T bank WollA ke 3L 4 e F27F Bol A7HaL Jlom, NPUStH
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Shtel A28 of2o] Al AR E Helshe ATE 2453 Yk
B R (NVM) 7] PIME AAT) A8 - 134 Q4 SREOR 320 9]
Th RRAM-PME 73 4he) wskHighLowE ol8) 7154 98¢ ohgza
E@5, 9 Aol v AF FAL B3 GEMVE AL Fch NVM 7]
we o] W B4 g oA Al 771 2418 $40] Hgeik
712 A4t F4 oPIIANAE HelH olFe] AA Aol tFEL AXAAL,
AZA g3 wRe R e AN A Ao zn Az
90 28 228 Y71H0R 24U 4 Yok 53] A Thulol, HolEAE, &%,

=, Aot A4t 5 it dlolg Aelrt B gt S8 ZopollA ol dy A

2=
U
BN
rr

as)
=
o
,
©
o
il
-
offt

(e

3*
Sk 71%0] ohel, A% 7bsd A AUZoR AL gor, vime) |y
5

g oAl 58 S A At gAY Fx 24 E 423 79T

. PIM 97 &%

1) In-memory computation of a machine-learning classifier in a standard 6T SRAM
array(Zhang, N., et al.(2023))(JSSC17)

3 ATe 712 HAlgY ER/717F AR HlolE o] Fel o B oUAE &R

Sithe Holl FE3HH, % 6T SRAM A& J0j2 &85t HA, W2 vioa oY
A 71 2] MAC 9AHS ol g2 W o2 483t in-memory classifier 75 A
ok} AlQkE 2= SRAMY| HEeielS obd 21 Xeto 2 F5dt] A4 bit ghol
wal AFE QAT o] E bhitlined &
ZF column& sfute] ofgt EF7I2 28, o2 column® E¥e A HF B
Wenh =g A o dahd Aol o A4t & BAo] s error-adaptive
classifier boosting(EACB) 71']& &3t st QoA 2 aE 3 Lest=S
AABIATH Y 4-76).

Jjm
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(02! 4—76) EACBY| ZA =k (@) &5 HHE MM Lol 277 =
(b) H=2| Lf 2F7

Eolumn-baseg weak classiﬁe{s

A4 A A4

HBCu H H Bé1,2 H H BCI1,M H

Column-based

weak classifier C (X2 : - I .
= ¢ H BCx H H_BCa H H BCw H
olumn-based : . : ... : :
weak classifier C; [X2:] i T T T ;
6 i HBCus1 H H BCrs2 H BCizsm H
Column-based 5 :
weak classifier Cs (X2
Column-based
weak classifier Cu 2] Adder/Subtractor
Boosted strong classifier |
(a) (b)

Z+&: Zhang, et al.(2023). p.3

130nm 822 Al2d 128x128 A of#o] H5 o]83) AF /7] 7]9ke] MNIS
& A43s 3% 23, 130nm CMOS 71%ke] 10-bit TJAE MAC A28l 3}

ASREE FABHHEA oA ARE 1138 o4

4o

e
EM

A

o

2) RowClone: Fast and Energy-Efficient In-DRAM Bulk Data Copy and Initialization
(Seshadri, Vivek, et al.2013)(MICRO'13)
o] A7+ wxg W9 HelH COPYE Fdstia & uf, F4 9 55 fls) CPUE
tolel7t AgHe HAAdA BAsks AdH oA AR FAE sfdstaa ok
RowClone 2744 R=E A|Fsh fast parallel modeZ & #2-2 subarray ¢tollA gk row
o] HloJElE HIE TE rowlE HARRI ojuj&= © 7 WMo B35t HEvto R A}
o] FojxH, HolHE CPUE HU#| &=t % oh& R =4 pipelined serial mode(PSM)&=
ME B bank 7+e] HAbe| AHE-EH, DRAM W79 3 H2E T3l ¢f7|¢k 278 4
A A" 4-177).
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(O 4—77) RowClone2| Pipelined Serial Mode.

Ralse dst

a
~a
— =
=

2+ Seshadri, Vivek, et al.(2013). p.3

@ src activated @ src copied todst

-
U

src 2 src
(8]
U

dst Lower sTC AQ dst
2
=}
&

4F 23, RowClone 4KB HloJElE HAE v 7]& W4 He} Ao 114 w=o, o
A= 708} o) Azbsbar, vlolE 2713k Al M= 6ul 2] S5 F, WA= 408 o1

EAT HEo] st=so] Wl Ao EashA ot H W30l 0.01% =% Skt

3) Ambit: In-Memory Accelerator for Bulk Bitwise Operations Using Commodity DRAM
Technology(Seshadri, Vivek, et al(2017)(MICRO'17)

RowClone(Seshadri, Vivek, et al.(2017)< 743 7]& DRAMo] g+ ¥e] g+ rowst &4
slate A3 2, Ambite triple-row activation(TRA)S E&) Al rows FAlo] do
bitineol A 2] A3} F+5 obdZ 1 A4t 83tk FAH o2, A 714 bit F E o)
o] 1ol Agto] A5al sense amplifier’t 12 FHA431, & o]4o] 0o]d WAL (
o2 A o]F o] &3lo] Ambit ¥ rows HE] 0 e 12 27|83 o. 2 A, C=0¥
H&= UmA F e AND, C-1¢ = OR A4ks Fdgt(1d 4-78).
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(OJ2! 4—78) Ambite| Triple-row Activation

¢ T iVop L I Vpp+4§ A e | Vi

= gy - o
miigl aTigl By L]
PR — oy

initial state after charge sharing after sense amplification
25 Seshadri, Vivek, et al.(2017) p.4
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amplifier /_&
enable

bitline
2+ Seshadri, Vivek, et al.(2017). p.6
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32MB =9 Efe] s NOT/AND/ORS WHe Ad3l= o] A ZHIX|wpaof A,
Ambit(8-bank)- Intel Skylake CPU thH] 44.94), GTX 745 thu] 32.0u, HMC 2.0 thH] 2.4
w =& AHeEE Bela 3D-stacked DRAMeY| &3 Ambit-3D(256-bank)= HMC 2.0 Th
B 978744 P A, A 25.1~59.5H) AEE BEHs BYTh

4) TransPIM: A Memory-based Acceleration via Software-Hardware Co-Design for
Transformer(Zhou, et al.(2022))(HPCA'22)

" A7 LMo & wime] AREF} W HolE fAEEoA BT FETE R
2] B @40 Q3 At e G8EE FASE BAAS dAstaa EE 7
tlo]8 F{token-based data sharding)¥} in-bank auxiliary computing unitE &3t
HBM-PIM 714715 A8t TH 2™ 4—80).

(32 4—80) TransPMe| A JHeE

——————————————————— -!“ E o FromeEme=s

2 Bank 0 L1 |8 1 Subaray

i} L g~ ——5TT- Pl

e ' T Bank Armray

e [ e

< ™ | I Sense Amplifier I \

o Bank 1 e | S ——— =

i oy Column Decoder /:

o Benkgow I
I (jlub‘ﬂlBusl ] ] ] ]

2Z+E.: Zhou, Minxuan, et al.(2022). p.6

Token-based data sharding2 Y& E&S 7|Wo2 w2y W EA8t= bankE &9
3 WEAO R AhS Fdstal Aol B F AT bankel AAHE- 7Hs 7 ElolHE
o] 57| ring broadcastE -8 o2H HolH AAE HIES A =X 11
bank WjF-oll A4 7Fedt vleole] W3, broadcast unit &S Sl AHAJE W29}
HI57]14 02 HolH o]F& 7HedstAl oM tlolE 2E oA s LH =
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£ Z9 ¢} In-bank auxiliary computing unit-& # 22] 4 8- column-wise bit-serial 4]
O gjof adder trees AR OEA WA AMS Mt HIY A2 FF ZAE F
s wlmE ulitel A 2ASHE softmax B4 A 4 Y2 TR
TransPIMi= Roberta® 9o ] NVIDIA RTX 2080Ti GPU, Google TPU vl tiH]
22.1-114.99) | 8.7~57.41) WHE A A AL 74 PM T2e] 943 WEH ] SHL ¢
S8k om, 138.1~666.64 / 39.5~376.78) Hold oA && A& H 1L Pegasus =Ld
of 3 A% AES Fa o]d A7 tinl 2.0-334] £ Ao A F FXE SAH

5) Newton: A DRAM-maker's accelerator-in-memory(AiM) architecture for machine
learning(He, Mingxuan, et al.(2020))(MICRO20)

A A7 Held FEA MRt SAE Alo]of FA4g AE tjgFo g Qg A

A Aol HlEEA 08 S8 H = SAE A flsl, DRAM Wiiol 43k d4t7]

(02 4—81) Newton2| bank logic 3! datapath 7HR=

Memory Cell Array

BLSA @ W LKB=>512 FP16 'l
'|
h
h
32:1 Column MUX Iy
h
mn | B=>16 FP16) I
i 2 | 3 [ 4 [ 5 [ 6 [ 7 [ 8 [ 9 |10|11|12]13|14|15| I|

ééééé&?éé@@éé@@

]
&
=
o
®
Q2
©
o
=
S
w

Z+5: He, Mingxuan, et al.(2020). p.4
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o} MIATHS WX gAY PIM o}7EAE AQkgth Newtone] 7t bankelli= DRAM
column /O o) & Z(256-hit)#} rate-match ¥ =2 167)¢] BF16 MAC -3} gho] Zg}el &
adder tree7} ZFHM, Hdf 9L F8ato] ANES FPFTH I 4-81).
Newton& DRAM W5 A4kE A|ofshs A ollA] HH o gYE HEg Fo|7] $3) o
2 bankE ol sfhe] WHO R FAo AN & 50, GACT W& 2 v /<]
bankE & Wo &As}stal, o] ¢ COMP HWH-2 Y3 ¥ sub-chunkE ZA| bankel|A]
A QA EE AA G olg g WAl HH o fHE-S Ao 160) A, §714

HE Adbo] 7hsshA I 1d 4-82].

(02l 4—82) Newton &3 Al timing diagram

Time
Global Buf. [J] - []
00000 - Da
00000 ~ [a
0000d - D-
0odod - Da
00000 - .
0000 -~ Oa
00000 ~ O
0oood - [

-~ EER0000 ~ Oa
-~ EIEE0000 ~ [a
-~ 0000 ~ [a
aw -~ 00000 ~ Ja

“ >

DRAM
commands ees
(from host) | I

Z+5: He, Mingxuan, et al.(2020). p.7

G_ACT 0
G _ACT 1
G_ACT 3

COMP 1
[_comp2 >
COMP 32
READRES

2142 BERT, GNMT, DLRM 5 w|&g] u}e-E 217372 fully-connected layers t/d-o.
2 £33 on, Newtone HBM2E 719+ g7l A Titan-V GPU thr] 4 54u), o]/



non-PIM A|2=&ll o] 108] w2 35S Bt =gk duk DRAMETE oF 2.84) =2 H
& RS, HolH o5 gast WY A £g YO ) A ouA Lee o

3.5 7|41 = A

6) Hardware architecture and software stack for PIM based on commercial DRAM
technology: Industrial product(Lee, Sukhan, et al.(2021D)ISCA21)

A A7 74 Zd FollM TAste & vy t9E a9 2 Holy At
402 Q3 AzE @A A ool Bole o5 £n5E BAE HE AT,
ank®] 1/0 Aol PM 4t f31& wix1ste] DRAM W52
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712 MEY-22E It ol olF WES ZRA0E

oE',

o
Jehgit w3, BE Q4 Aol 712 DRAM WHREADWRITE)O 2 435)6] JEDEC
£33 93 BYDE, Weol sedo] WA glol 71E Axdel HE 45 5 9)

(32! 4—-83) HBM-PIMe| M| PEE 2 datapath (a) HBV DRAM die, (b) PM 0| Zi8ie!
bank, (c) PIM datapath
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SIMD FPUs Registers | priver
~~~~~~~ (Cel)

2Z+&. Sukhan, et al.2021). p.3

(18 4-84)2 PM 23 2 F 7)9] bank(Even/Odd)7} shute] 2328 Fhates
TAE, BAI A ARE HAFEHME bank 1F BEAS FAFC W59 SIMD
214k71= DRAMS] column access 7|9 71815 0] S8l 27129 Fho] L9l 7|
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(02 4—-84) PM A3 RSo| DIO|F 207 [HX

Local Bus to Even Bank
Even Bank Interface

GRF_A

FP16 MULT FP16 ADD

GRF_B
Odd Bank Interface
Local Bus to Odd Bank

2Z+&. Sukhan, et al.2021). p.3
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Address

A9 Azl GEMV 94telA Ht) 11.2#8), DeepSpeech2ol4l 3.58, GNMTol A 1.54),
CNN¢] fully-connected layerell 4l 14w} o] A @& 13tk M9 4Hl= 7]& HBM o

H] ©F 54% S7FHAT A A tiv] vRlg s R AA duA geAde] S

7) Accelerating LLMs using an Efficient GEMM Library and Target-Aware Optimizations

on Real-World PIM Devices(Kim, et al.(2025)(CGO’25)

3 A= PIMell HAskd etYE 71"S AlF3sh= PGEMMIb 2he]B &g ¢t LM 4
ol A2 7WE T35 end-to-end Z@ Y2 PIM-LLME Aetat3int el @&
AiFA o] dlole AAEES SHEsl] flel FE & ke Eellste] 7 &2 Hol
Bl AR WSS T ES AAsY 715719 HolH A E8s SUEE F e
ZIgolt. Adst= PIM 7Hs: EFAAA AlFste PGEMMIbL zholE3 29 tile
selectors Faff 0% DRAM A4 Ag] F33} GEMMS| &/E A7]1& 7|2 o 53t
718 A8 B3 v g Fel o3 2AE = dHoly AF Ake 1y b v
A4 A BT e B AAE AR (Y 4-85). =% LM F& A3

HAol A A3}t 7]l QKV generation fusion, memory layout adjustmentE &3t}
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M XK W XK
fi=d (c) KtileGEMM U fe)=29 (d) Mixed GEMM
Z+&: Kim, et al.(2025). p.4
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2Z+E.: Kim, et al.(2025). p.7
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PIM-LLM& LLaMA-7B Z'oll A o] @7+ 81 GPU 7k A7 the] 242} 45.754H, 14.65

o -3 A E Fe Bk ol A= PIM 71HE A|2' o] GPU thy] $-=3 A
2 5 ouA a2 RE Ada/nase) oS RS ¢ Qe EFAYS B
At

8) PAISE: PIM-Accelerated Inference Scheduing Engine for Transformer-based LLM
(Lee, et al.(2024))(HPCA25)
A A7 AT mEd ogFos Qg TAske Wy WE o] LLMY
decode TANA A LAYTE &<ste, o] F sAstaAt PIM 719k Z#| Y9 =9] PAISE
£ A|okst3ith. PAISEE interleave batched GEMM 4ol £31% PIM 79} =4 9 PIM
eSS B3 2AEY dagFoE A o1 4-87).

(O3 4—87) PAISE A|ARIS| Q=

| PAISE

o P Kemel

1)
£ &|| | g MBS (PMGEMM [ Sandad | Outpuwo | || B Pim
E- £ g cutput rechiction
S5 = —i— 1 Mo
=t w Waight DILA [ DA |2 | | irierhere-
E o = [ Sequential DLA__| || Output OLA | Batched (8)
G; E [ Interdesving DLA || pona-owa GEMRANY) | | GPU

Z S -

— GPU Kemel | GPLI-BLAS |

A5 Lee, et al.(2024). p.4

TFA#H o2, PIM kernel data layout adjustment(DLA) RE-& 53 /< & 7154 =
ol viA 27|12 18 4 &9 interleave 71532 2& 71HS 2|40 24 interleave-

batched GEMM d4Hs G840 2 7148 4= 9S8 Byt ad 4-88).
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I ‘ ﬂ Interleaving DLA
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A3 Lee, et al.(2024). p.5

= 2AEY daeEe date] A7), AAE v, DLAS AE Aol A dAs=
SHFE, MR 88 & FASE LM W 8 vze] 35 dis adstal, PIMY
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291 LIM =29l GPT-29} LLaMA2-7B ®dof| thef A Azte SAsAth 1 A,
MHA A4H& GPURE 2838t A4S wf thn] PIMol| offload?t 7% # o) 48.3%%H52

&% g Bol BAOE 74 QA A2ES TEISS YFA

4
i

9) IANUS: Integrated Accelerator based on NPU-PIM Unified Memory System(Seo, et
al.(2024))(ASPLOS 24)
3 A= 71 NPU= GEMM d4tell& E&H oA g, GEMV dd4tolA e v A4t
Y Qe A 857t BojA 1 Jh 2 PIME th 3 kA1 GEMV &340
AR A4k kARl tht e GEMME Aelahrlolle= A4t Aol Rt S 55
&t7] 9fsll NPUSH PIMe 233 ©]7]F 7k A28 IANUSE AIHgo (13 4-89).
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43 Seo, et al.(2024). p.5
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Z AAlst, e 84S E4Th PIMI NPUY A4t s 88402 AME3Y] 9
&) PIM m Z2]oll head @92 £&3le] A4t 23t setvelE ddatgon, MHA o
2] 7t self-attention A4HE sto]Zeto]d d17] Sfaf WHA SR A 7hsd AdES
matrix unit>} PIMel| 22} &8ty =3 s}, A dAsta} 2ol wloE xe]sj x|z}
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A5 Seo, et al.(2024). p.7
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At A PIMel A4 :
IANUS= GPT2-M/L/XL/2.5B == thsf NVIDIA A100 GPU thu] v+ 4.3~11.3u81¢] 2
& A Nror mdo F& TS dsiglen, 53] GPT2-XL =l tis)

Multi-FPGA system@! DFX(Hong, et al.(2022)) th®] & 3.28] $-4=3F A A7t A&
248kt

10) NeuPIMs: NPU-PIM Heterogeneous Acceleration for Batched LLM Inferencing(Seo,
et al.(2024))(ASPLOS2'24)

3 A= IANUS(Seo, et al. (20240114} pEat7bA =, NPUS PIMO| Z+2he] A2 &
8317] 913l NeuPIMs Al 28l-& A¢Hsit), NeuPIMse| 7t wl=g] bankell= F 7§¢] row
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Z+2: Heo, et al.(2024). p.7
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(PCle, CXL 5)3 9434 sub-batch interleaving 2AEH S T8 A& t2 319 #jA
£ NPU9} PIMol At AAZITH 18 4-92).

(2! 4—92] NeuwPIMs A[AEIQ| JHEFT

o NeuPIMs Compiler Framework
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9 NeuPIMs Accelerator o NeuPIMs System QNeuPIMs Scheduler
Z+3: Heo, et al.(2024). p.6
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GPU-only, NPU-only, 12]3 @<= NPUS} PMS 533+ Al oiu] Zhzh 3.0u, 2.44),
Lewe] Aad P4 Btk A F4E £33 NPUE 12.3%014 64.9%Z, PME 17.0%
oA 26.4%= A= H T M Rme] &FoA F 240 5 5 25% F& oY
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11) ISAAC: A Convolutional Neural Network Accelerator with In-Situ Analog Arithmetic
in Crossbars(Shafiee, Ali, et al.(2016))(CAnews'16)

ISAACE 7}54E AA8l= memristor crossharE It 2 obg 271 dot-product engine
o2 83, MAC d4He mWzg] yiollA 35k in-situ A4+ 71%F CNN 7H71t}, 7+
glojofoll & crossbars A8k, #o]o] Abololl= 4% eDRAM MR F= #ojo]-
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5. Shafiee, Ali, et al.(2016). p.6
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12) Computing in Memory With Spin-Transfer Torque Magnetic RAM(Shubham, et al.
(2018))(VLSI'16)
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1) Tender: Accelerating large language models via tensor deocomposition and runtime
requantization(Lee, et al.(2024))(ISCA’24)
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A3 Lee, et al.(2024), p.5

2) TerEffic: Highly Efficient Ternary LLM Inference on FPGA(Yin, et al.(2025)) (Arxiv'25)
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3) MECLA: Memory-compute-efficient 1lm accelerator with scaling sub-matrix partition
(Qin, et al.(2024))ISCA’24)

% AT7E LLMe) = 7154 Ry Bysks eusl=g Fol7] Slske, 7}
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8 Src Sub-Mat - axd axa o [ma
WA ere)) | L PEClusterdio [Felk ] [e]
| PECster#l N | e e
[ [[Psum Accumulation Router | | ivation |
% Scaling Scalar T5 e Bp
gy R EH - E
fer (512KB) [ PE Cluster 87 ] i e ) b

ZAE: Qin, et al.(2024), p.6

SSMP 71 o2 <l A7E eas H4skslr] 9al, grid searche} successive halving
719 -& &-83) taskell whe} SS, DS A71E th2A AAst ALY sevEE IR1F
HAggoh w9 MECLAE 4x4 A4 729 2A19 Y T4 7171 23k 224
d frids Z83te] SSMP 7| e BA8A 0 FHT ¢ Qe o] F2E AldetAd
TH2E 4-99). 959 2ol whet innerfouter A4+ WA]E HElgko 24 HolE AJAE
S Fjslsid, o]2 A Ysk7] YY) on-the-fly matrix regrouping¥} re-association 7]H-&
Al AlQkektt SSMP| dAibek 74 B wle] A 4 E3E 8] 9l LLaMA-2

zdol| A CoLA, wikitext2, QNLI & Thofat taskel 48 zgat A3}, o) A3}
AT el FFH o= 290 g AkF AT 60.2%0] MY HE AT Fass
28kt =3k SSMP7) A48 MECLA 714571+ 7,088 GOPS/We] A & TAE G
Ad3ke] Spatten(Wang, et al.2021) thu] z+z} 18.64) ¢-¢ olUA] && $X/& B SI=
dol-AZES o] F& AAA wEe HZs duelse 4 N s 3tk

Q‘
=

3l
A U 3

I

4) Winning Both the Accuracy of Floating Point Activation and the Simplicity of
Integer Arithmetic(Kim, et al.(2023))ICLR23)

39 A= FP activation®} 9FA3H8 weight2 thato. 2, FP MatMul 4HS INT 4%
O 2 A8t st=so] ellA E&2Ql DNN
TZE A FAH o2, FP MAC 948 INT &4}
£ binary-coded matrix¢} scaling factor2 #3l3}aL, Z+ bit plane ¥ 2 activation®} weight
7re] FAE weight F-3ol whe} glAl == WA Ax0 g2 A3t o] 7t bit planed)

21 8ks}7] 913l weight matrix



]
exponentE ¥-fr3h= shared exponentE AHE-3HO.EH significandE 714 & exponentE
71L& align I 2F 4-100). ©]& T3l 7]& FP A4bvich 3 soF W alignment
HAE MatMul S92 & AT FdstA] o, A e =s A & 3 V)&
&2l MSFP(Rouhani et al., 2020)7} shared exponentE A &stal o] & Hejel dalste
T2 A3 2y B Apoe A4k Fol| exponentS F#-3te] 7| FP 238 &4
S FHagsh olg€A AEH activatione INT B4 Fa) accumulate 1, o]F
normalization #8S AX oA FP oz EHT). Tyt pre-alignment A significand
bit 7} #H=sHA AAH INT d4te] o] ad  lornz Ak FxoA=
significand® 7] significand bit 4= + bitwidth(2-bit) ©.Z truncation 3] 4k @x}s} 3}
o A 5 o] #FE FAY o] F T3 71E FP A4t frARE £ oAE
FAFEAE, QA Al BQR3F JUAE A Atk AkE iFPUE binary $AHs),
shared exponent, truncation 715t AU = 2HE F3kste], d#sld DNN 2dS 584
o2 AP F & F=9 oS ANk BERT-base, VGG-9, ResNet-18, ResNet-50,
RegNet-3.2GF, MnasNet-2.0, ~12]32 OPT-1.3B 5 77}# DNN 2d-S& tjdoz A9k
¥}, FP32 9 BF16 activations AH8-E 7% 71& FPUSF FAHE 29 DNN A5
A5tk E3 28nm CMOS 71«2 @43 23, FP Adde} FP Muz 744 71&
FP-MAC % FP-ADD tjj#], BF16 activation 7] Ztj 9.94}2] throughput-per-area
Hof 11.991¢] energy efficiency &d-= 248, Ake iFPUS ¢-74E AFstATh

i)

o
=)

(02 4—100) iFPU M| oA SE JHeE

(21]07] , 313 ] EaNfz 107 I3 BN I I Y M
Fo.3[2.4] 7 [09]3.1 032. X 0 3 oy-1{s ] [1]1
Activation  Weight e . {STEP I
L : . _ o dl= 072]4 2
[STEP1] Pre-Alignment (FP = Integer) =11 e J $+2 07T Iinteger Addition
[STEP3] Post-Normalization (Integer = FP)~ |2'g 1 | 4-_-3 g [588]714
e 5% 5] I P T?H ~ 123309

Z+&: Kim, et al.(2023). p.4
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5 FIGNA: Integer Unit-based Accelerator Design for FP-INT GEMM Preserving
Numerical Accuracy(Jang, et al.(2024)(HPCA'24)

g AFE LM B2 Aqtgo 2 Qg vime] 9 A4k REe £o)7] &l & A
45 & weight-only ¥248t2 A& 02 Q8] WA= FP-INT A4S INT 7]k dako.
2 AT kS sl stEg o] FRE AT 19 4-101). Shared exponent
NS &8t INT A4kE FdstaxE 7]E FP A4 #29 2 A4S AT ¢
+ FP-INT GEMM 7}4571E Abstaint. o] W& 7] Block Floating Point(BFP) 4]

dAE FE37] e, A 3B Foll AE &k on-the-fly exponent sharing

TYate] Hxe] AgGe] Do A ok FAH S E, FIGNAE pre-alignment
A E F3l FP activation®] mantissas F¥ 3+ exponent scaling® 2 A &3}, FP-INT
MAC d4HE INT-INT 7]9ke] MAC d4Ho2 383 4= QA |tk Weight JE 3] &
W2 dato] 925w INT Z23}2 normalizations 7% thA FP 2o EAdH 1Y
4-102). o]& Fall, 71& FP d4vitt =9 align % normalization #78 & MatMul ©
AZ Rk FPSEE Stof, A e EE AT Ol pre-aligned mantissa

o o

N

ks

(2! 4—101) FIGNA AA| 2= He=

sign
. man _ input input PE
1 B T o i
: v weight )
E‘Lm—g (INDTT 3
. mul
oy
« 121 F e ]
: max exp — =1
. * O psum (INT)
prealigner g i
sign— input L Input .
Lin oo ~(FP) N (NT)? :
an—» [ ] |
input Input’ psum (INT)
(FP) (INT)
left shift max exp
o R ! psum (FP)
sign? flzd : lead zero detector ¢
intzfp *abs : magnitude extractor

A5 Jang, et al.(2024). p.4
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o] bitwith7} F=3HA] AR E 4% FA7] 2719 oA 7F INT 76 ik 388 5
A|A S align 2 normalization Q¥ A7 3K ¢ 2 EAS TAAZL 5 ]

A
ol FIGNAE pre-aligned mantissa®] bitwithE Zo]HA = 7]& FP-INT GEMM ¢4t

o_|>“_,
o2t
o
o 8 S

S AT 4 & mantissa truncations 2g3ste] FUEe} &8 7o #FE £

(38 4—102) FIGNA A 14k S5 JHe

H

STEP1. Prealignment

WEOET (1177 (ES ) AT 11 | I
WEES T ) « | (T EOEN | W T T AT | o« | T
WARn 11 (R WA 1] (TR
FP Activations INT Weights STEP2. Truncation of
Pre-aligned Mantissa

STEP3. INT inner product{—\ -~ —; _
BN ([T TII1T[] [ G
@TEP‘I.INT&)FP BoE W[ [ AT - | 1
EEEE T | EiEEEE I ]

B sion [ exponent [71: fraction [11: hidden mantissa bit

Z+E: Jang, et al.(2024). p.4

allocation W48 £Ql5te] AMEEA] ¥ bitS Al ASL, &3 mantissa chunk?HS &
Hog dgstogn FAr A71E 433 o2 Ed), BFI6 activation 7]FOE
FIGNA PEx= 7|2 FP-FP PE tiH] area % power &85 Z}2} 22740, 2.040) A7
FP32 activation®] 7-¢ &t 89%<] area X power 7S 2Aslch Aokd FIGNA o}
71812+ Google TPUS| 2D systolic array 7+%& 7]Hto 2 AAH weight-stationary
dataflow WS Aeste, HolH AA-EES SHsty A &8

unified buffer, weight buffer, accumulation buffer2 F+A¥ A&2 W F+2E 53 9
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olE] olF QSHWIHE=E FHasleth ZAA}HO=E FIGNAE pre-alignment, mantissa
truncation, 0-less INT &4], chunk-based &g 71"-& 5#3+] FP-INT GEMM $A4tol A
FP 29 74 A8 E FABIHAE st=do] A 25E |80z AR 4 &
< Y=3H . Activation FP32, FP16, BF163} weight INT4, INT8-8- AF&-3}ed OPT, BERT,
BLOOM family 2dolA &g 33t Az}, 7]& naivedt FP-FP engine ¥ FP-INT
engine¥} HIwaRS Wl Ao 1438 © =& area efficdencys 2YE L)
Energy efficiency2] 75, FIGNA7} 2 A9-olA 714 52 45& 2453

6) FIGLUT: An Energy-Efficient Accelerator Design for FP-INT GEMM Using Look-Up
Tables(Park, et al.(2025))(HPCA25)

3d A= FP-INT GEMM ztoll A wAlsh= A4kt Y ARE £017] 9@, o
48 Look-Up Table(LUT)Z thAl|&k= LUT 714k FP-INT GEMM 7}47] % FIGLUTZ Al
oksit}. FIGLUTS 71& LUT 7]4F dAtolA W HT Al 2As= bank conflict &4

Els

g AAs7] 9 A& LUT 25 AAI8t, fan-outd] wE A9 715 Hagsts 3
Aol PE 72& &8t &L ouvA &85 @At FAAHCE, FAGLUTS ¥¥
activation} binary weight 8-S 7|¥to. 2 7}53F 2E partial sumg ARd o] Al4kste]
LUTel| A74star, A4t Al LUT AdE g 235t 235 A& o2 ks &
(1Y 4-103). LUTY] key= w9l binary weight 2 7AW, n gko] AZFE 3
WMol 232 AHE A4 £71 ZrkskA R LUT A4 A 283 vWlme] 37|70 #AR)7)
ol HA ns A= Aol T8 doh

st=go] o}7)elx] 2 oA, FIGLUT-& Google TPUSL fAH3H 2D systolic array 7-%%
7180 2 3}, weight-stationary dataflows 283l weightE 143}3 activation #+5F
sAH o7 HAEdt 7z PEE LUT9 Read-and-Accumulate(RAC) unit €2 A% H,
RAC unit& 7]2¢] MAC unit& thAste] LUTON A keyE 7]HEo 2 3HS 9131 FA o= 9
& o 53], AGLUTS skt LUTS o8 RACO] 3/ & A=F AAH, n
3} fan-out(k) 7+2] power-performance trade-offE #-4jsle] 29 Fx91 k=32, u=4%
A3} 7129 register file 71¥F LUTRFLUDE port 9] Aleko 2 B3 A A &
A9 AR bank conflict7t #AgT). o]& siZstr] ¢8 FIGLUT= flip-flop 719k
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LUT(FFLUT) +%Z A¢k3ith. FFLUTS multiplexerE 53] oj2] RACo] BAld A&
T AE=F FAE ] bank conflict glo] ME X3|& A Ustm, FP QA tiH] @& Mo
2 LUT "HolHE ¢g<e &+ AUtk =3 LWUT a719 AgS Antozg Zol7] 93|
half -LUT(hFFLUT) 718< =93kdth. hFFLUT-S LUT W B350 withel greo] A3t
= EAL o) &3t o] Auktt s, keyel A bitE o] &3 HE wAE 53
o2 BE e AT o] E F3) LUT A4 A8 &0 oF 50% A7 e, o
7HARL B2 e EE AA AY tiy] wEd £ 2 FAHT
AxA o 2 FIGLUTS FFLUT @ hFFLUT 7]k conflict-free LUT %, th% RAC
ato], FP-INT GEMM thH] &2 olufA] E&3} B2 A4k eHjs| =g 94
3t} FIGLUTS FP 7|9k 7k&7] tin] A8 425 Ak o3}l oF 52%2 Zo|dM = A

o FAB e, weightE 3-bit2 FABS= 735 71 SoTA 7H57] thv] 59% =
& TOPS/W} 20% & perplexityS @41 gt}

it
B
:(I)g
i)
to
o
e

o
B
)
Sot
il
OHH

(2! 4—103) LUT 7|Hte| FIGLUT 9iAt 7=

©® Construct LUTs

Key |Value Key |Value Key |Value Key |Value
[1T1ToT1ToJoT1T1 0 (00) |-¥o%1| [0(00) [-xz-¥3| [0 (00) [-xa-xs] [0 (00) |-Xex7
1joj1|ojoj1jo]o 1(01) [xotxq| | 1(01) [-xa*x3] | 1(01) |=*a*x5] | 1(01) |-Xa+x7
111 || 0] 2 {10) | Xg=X4 2(10) | ¥2-Xa 2(10) | Xa=X5 | |2 (10) | ¥eX7
oo 3 (1) |Xo*xq | | 3(11) [x2*x3] |3 (11) | *a**5] | 3 (11) | *¥e**7
Binary matrix By Input activation x LuTO LUTH LuT2 LUT3

@ Query © Accumulation
- += 7] + [ + ] +
!E‘F! !@!@ '3“1“3@ !@m@ [ += 0 + 0 + B + )

LUTO LUT1 s | . bz] += { + ) + [ + |7_;'|
iiﬁi iiii i@ MUMEE H+=-E+D+68+6

A2 Park, et al.(2025). p.4

7) ShiftAddLLM: Accelerating Pretrained LLMs via Post-Training Multiplication-Less
Reparameterization(You, et al.(2024))(Neurips24)

g A= AR skgE LLMS GPU AollA A8 7153 multiplication-free 722

re-parametrization stod, 7]&2] 108 FP MAC A4S shift 9 add d4te.= $Hd 3] of

A&  J= ShiftAddLLM 71 Akt ShiftAddLLM- binary-coding quantization
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(BCQE 7I8re.2, weight FE-& 2] 7}¢| binary 32 ¥} tf-3-3}+= scaling factorZ &3f
&ta 7} scaling factorE 29 ASAF FeHE A5t BE FAS st go] oA
Ao wa) 7hgk shift G402 thAch Activation® FP160.2 §A 51, scaling
factorol] wh2 shift ¢4} binary weighte] $55 3831 Tl wiala 3= )

EH

(32 4—104) ShiftAddLLM A At S8 JHQE

{a) Previous Weight- - - [ (c) FP16 Shift | .
only Quantization ¥ Scaling Input Act. FP16 Shift Using Multi. FP16 Shift Using UINT16 Add
W (<4bit) X (FP16) ; Factora X 3.4 o/1/0/0/00/1/0 o 10/0/10/0/0
. x 2 100/0 46 [6 0068 [0 8]0
|_De-Quant | ~ 1257 = 1/170/0/10/1/0/0/1/0/0l1/0[0]0
+ . Exponent
MatMul. (FP16)
- - | (d) Construct LUTs and Query&Add |-
O (FP16) =L wr1_ Ltz LUT n/8 J+0+-+0=0,
X5 E@g [KeylVaive] ~ [KeyNalie | pqq
s = Construct 2 “‘ 7 CEEm e S
(b) Ours ShiftAddLLM ¥ LUTs o e '_ : 0| CE =0,
' Xi8 255 E 255 Lagg
W (<4bit) X (FP16) ; [1] — J++-+0=04
; p == GuueryT = I
1 ShiftAddLLM x, BO0TH111(d'63) bOHO1010(e4Z) - BOTH1011(d"123) M
- A A T+ -+ [=0,
q | Shifted i — : 7 o
0 (FP16] OQutput Act. O : Act. Binary Weight b {-1->0, +1>1} Qutput Act. O

A2 You, et 81(2024) p4

&3, 7)€ weight-only A8l 7|9 E©] weight objective T+ activation objective 5
stuthS HAs o A AE S&Esy] s ShiftAddLLM-S multi-objective
optimization& =3}o] weight9} activation Yol 4 A }= re-parametrization &F=
Aol H453 olF Bl AREE FASHAL ANFET oUA] ARE Y 5
Atk F71Z column-wise 2 block-wise scaling factorE A|etste], A=l A A7t
Atolo] #&o wel A3 scaling factors AR&-3ich

stedlo]l &8 S 9lal, ShiftAddLLM LUT71HEe] A4t 25 =it} LUTY]
key: binary weight 232, value= w2 scaling factor #t-& o]-&3s A4kg shift €
activation®] partial sume.2 TFAHL} o]& F3)| weight-activation 412 LUT query$}
gl oz gAg & glen, GPU Aol A= dequantization 373 §lo] d4kE =88 & Sl
A D18 4-104). =3}, 7} layer?] re-parametrization sensitivityS £ he], &A1
W78 layerol = A4 bitE, @ W73 layerdl= 5H$ bhitE A o2 &93t= mixed-bit

- 202 —



allocation 7|} Aleksttt. sid 71 S E3) 2, 3, 4H1E F sensitivityell w2} layerd £

HES 2o g dgstal, 443 Hi HE thresholdE Hol7HA] == AAsZo)h
ShiftAddLLM-S OPT, Llama-1/2/3, Gemma, Mistral, BLOOM 571 2] LLM Z2oj| A A& g

A} 71E s 2l gin] 53 A5 Hole S s 53], 2/3-hit A

A 712 HA $As 71 ol 22 P37 5.6 9 2279 perplexity A4S 2AEGTh ®

g 7]& LLM o] W x22] AR} o] &B1E 80% o) AASHAS

LAY O F2 FEe FAB, stgo] AR dAkst 7S GPU el A8

d 284 doe TS dASSHAU

(O2 4—105) 1As Transformer =2 QAIZIQI OPTIMUSS| XA O} |ElX

OFF-CHIP DRAM f| SEE relght o, K.V M
’:I o
H w
SARCSC  mputjals /FLEE] 8
OPTIMUS Format (sparseinqde) (3-[ abufz] [RIc[v]w.
FORMAT DECODER (¢ $ WEIGHT MEM [T
L FORMKTOESODER [y E LNEM oo ™ _
o| & (g_bufo:
POSITION MEM [80 KB]| 22 ; ﬁ e © inputglR‘C.V]x P o
SE L | X comps X
LAYER_NORM_ elle 5118 o
PARAM MEM [60 KB] aja b N
< i_buf R(i_buf) C(w_reg) =
BIAS MEM [60 KB] P 5 2 g
INPUT MEM E g 5 PE| 0 E =
DIVIDER AR g 5 PE 1 [’ 2
CTRLI | “moot feuf( E(1 21121 2) 2l w e — ¥ &
DA (A | A | A | A
Looic] Lexeonent | (IZ1IZ(51EN5 L= PE1023 L[ e
] Dense Matrix Muttiplication [ ] Sparse Matrix Multiplication (a)
State State0 State1 State2 State3 Stated State5
Data Fetch E;“e'r:‘:s:r:": wew w we W w? WE WX W (for next layer)
Data Size 3 moser G rnoder 2048Uoger Grose2048 3 ool
x+ Position | (we W< W] - X Softmax .g=701| W°-2*7 [ X+Z | Layer Norm | ReLU 1.0+ | W2.Fo+ |A0+F1| Layer Norm
il =X 7P I R il I ol I ol [ B e
b ol thmoss | 3mosat | dmosit | oaart | Glrosrt [tdosa| Ot | 2048mosrt 2048 dnaart] tdosa|  dmosrt

(b)
245 Park, et al.(2020). p.7

o Bad AR 32 - oS Y 7N i) &5 A 97 5 F
1) OPTIMUS: Optimized Matrix Multiplication Structure for Transformer Neural Network
Accelerator(Park, et al.(2020)(MLSys20)
+ A= Transformer & Al 2Ashs vy WE3 A4 4

ke =
StuA Pk 531 OFR AN olF, G4 WE A9 Rit #7Y, Uad £3
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EAog 3 WEA Al F2 FAR AHHH, o] 71F GPU 7|4k A=A
AAT HIZYE offA Bt o)& sj2str] sl Ak OPTIMUSE (18 4-105] 9]
AXNE AAE DREEDF 40 328 A A28 2o 725 7R, o
At dlolE 228 AWstA Aojshe FeolzeRls TR Ao 35 we HE
WS ggate] AT vlojE dEs WE AYFOoEA DRAM A2 HAs)e,
G v FEAAME BE T HolHE 22 SRAMA| FFAZT A 74 842+
(D) d39 Sl ol Bt 2519 K, Vite Ag8std

redundant computation skipping, (2) &J2] PE7F 948 &
T El-& Auj x5} Set-Associative RCSC(SA-RCSC) 34 =Zdl, (3) A4tz wwg HTe
43 FIstE WES Folv tE WY 76k goljzelql Ao 22 o] gtk =g
OPTIMUS+= 1,0247H¢] MAC s 33+ ti+F = PE of#o|¢t Sl d=/7taA] v
2g] HaE Tl = WEAT Holy AAEES SAstH, 4t State 1-57F =344 &
2 YA By - 34 dito] FHRE AHEHrt olfd 7 gie] OPTIMUSE T
S A A4t BEE HideEA R, oA AAks BY 99E AE 4 St
WMT15 EN-DE Wlx|uta5 AHEd AF A3, OPTIMUSE ©d A F&94 Titan X
GPU tiu] oF 24uj 9] AA A7t @& A3 o, ouA && =3 14000) o] aF
= Ak

&
ok
o
o
ot
Oft
ol
N
o
ofr
o
o
[
i)
r

2) Spatten: Efficient sparse attention architecture with cascade token and head pruning
(Wang, et al.(202D)(HPCA21)

B A= thyt s LMol A 2 shs 53 dddat vime] H 85 A& st

token pruning& Y #FANA FLEVF FE EES layer B9E HHOE AAS =
WA o2 attention & 7|Hke FAH A

+ layerol A A4k ool A A2l o] B agk At HolH o)<
ot} 20 2, cascade head pruning2 attention head® &% =715 ¥
TRE7F Y heads AMEA o= A7 st= 7ot o] &dll feature 2}
, AA MES A oA A4 E&E &9 attentiont® ofyet $Te] FEN ©A71A|

A 3}3it}. npA|ek o 2, progressive quantization softmax &8 £ el wie} U

+ 52

NN M
o
o

Hy

B>

o

=
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bitwidthE 5202 zAsh= Hhfelty, 27} B4 B JFHA A9 bit?h AF&-3)
3, FEd ASont &9 bitg FUIE e AANES FAFORHN MRy HIFE
ZolHA L A ASEE FA o] Al 71 7S tEglol A o2 FE ] F2ket
& Adst] Yg On) 3= top-k engineo] &7
AA A =3 HBM 719k 2 A 722} on-chip SRAM, crossbar I AYIEE &€&
gt dlolE o]F &8-S SuslstAth(ay 4-106, 107). o2k #82 decode TA
A EZI HE Ty 2%

AAZTo =N HRHAQ] 715719 e AT

)
>
>
l,._}]_‘
o
frtl
Ht
riu
k)
3
a
olN
to
b

O
mlo
N
ru
5
Xl
©
>
_‘
o
_o|{_|‘
£

frl

N

O

fu
o=

i)
ok

il
iy
o

il

it

attention prob) v
attention_out

T Accumulate FFN o
Importance Scores | § kv E

|

£
-
-
(2]
- 0 kG —

Accumulate FFN a g
Importance Scores -'Q.(V FC

Cumuistive foken and head  §

Cascade tokan pruning:
Prune 2 token N

—— B ik ——— i N

i Cascade head pruning:
Ca;cademnpunmg Prune another head:
EPrune another 2 tokens: 7+ head

T and 9 tokens

Cascade head pruning.
Prune 3¢ head

fokemamn wae

2+5: Wang, et al.(2021). p.4

(O3 4—107) Spatten 7157|129 A =

— g
: J
g i ; .
3 T | ﬁ b
= Brdx12b Adder. m_}- @-;’T@*
-8 Trea| P12 = e
Z| ¢ Que ree( * Y s s |
@ - e i -
g @ : veclor * matrix ! i B
=3 w @ e B ety S e
E,‘f i - {sentence_Jengthji2b Werpmaet
I Token Importance lan Head Importance
[ 75 Hnmalmdl @ i @
1&_ @Q, K,V SwaAmmulam robabilities Score Accumulator
Fetcher @ @ k!or Cascarde (gProgressive Quaniizat l (@ Topkfor Cascade l
| ﬁEKma’\ged Token Pruning LSEs Need LSB? Head Pruning
ey ey ids

ZA8: Wang, et al.(2021), p.6
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AR 78S Ftol Spattene JHEE FAAA At 9% wme) 42 3
£ JaHo=z 247k 214, 10.00) AAg. =3 TSMC 40nm 34 olA4 343 % Spatten
7M7) NVIDIA TITAN Xp cul Hejsh ofuix & 4ol 22 1620, 11939 5

3) Energon: Towards Efficient Acceleration of Transformers Using Dynamic Sparse
Attention(Zhou, et al.(2022)(TCAD'22)
B 9= Transformer?| attention $14%o] 7kA&= B243 tlolg o] 53} A4k Baeg
el AAZE FE0] o #AE s Hall, 4
53 715718 Aokt 71E A9l Spatten  attention 84S o] &3 A
coarse-grained pruning == Z& QKV Ho]HE DRAMAIA E#oEs 7%
S| =7} A Energons (13 4-108) o AA" ZAAT attentionol] A A A
TE 7= querykey ATHS Ao g Ads] wAE Asgbel ARgslal, UmAl= AA
4 ZHY @AM AAZ FAHCE e 1A 2-bit HIMZE 14 BHPE S 53
3L, 2R 2004 4-bit IME T3 FRE FIIE AE H, S 394 E2 keyTHs
A8 49 sparse attentionS =33 3+tt. Energone| Filtering Unit(FU)2 MP-MRFE &
3 F92 key Q¥ AS Fohfin, Attention Unit(AU)S A E1E key$} valuewHs o] &3
T4 sparse attentions Al4ketet. zb A4k ping-pong buffer F+&=E 3jo]Zejoly
of Mze H2L %79, result-reusable multi-precision PEZ 3 & ZHY dAZ &
U3k =gl A ol E&AoR A" 4-109). 43 2, SQuAD,
Wikitext-29} ImageNet, CIFAR-100 &0l A Ht 11.5% ¢ pruning ratioS 2AstHA A
3% 42 0.5% olskith. £3] NVIDIA V100 GPU th#] 8.7x 2%, 103x oA d
7, Spatten thH] 1.7x X2l&F &4, 16X oA && QS B
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(2! 4—108) Energon2| MP-MRF ZiZto| OfA|

Kigx: (0,2,3) Kigy: (0,2) . Probability

i i
EOEECDC EEE | 2 EE
0 em® | em-®

« DDDDDE [« DXOOKK « DROXKK
2-bit ! 4-bit : 16-bit
© ® | ®

2Z+E: Zhou, et al.(2022), p.4

(J2! 4—109) Energon 71&7| ®A| JH2=

Attention Unit (AU)

I
: @0;+KT
: K-Buffer || V-Buffer
g —: K-Buffer 5 (128KBX 2) (128KBx 2)
5 (32KB x 2) £ [es
2 > 2 R MAC_ |
=l |z 3
° g 181 | & MAC ||
5 151 [ xm
= 191 | © MAC_|
[
[

Z+5: Zhou, et al.(2022), p.5

(0 Attention Results

4) DOTA: Detect and Omit Weak Attentions for Scalable Transformer Acceleration(Qu,
et al.(2022)(ASPLOS 22)

B A3E 71 AY2E AT v self-attention?] A4 B Ee) wlwg] A7) A53
o= Frtste gojgh A4k vlgo] WA TE A A2 At DOTAE attention 1
thze) BE AZo] T T 83 AL oigke S&l ZIwet, HEY ¢ o
UEE 77 Detectore} Transformer 4|
, (23 4-110)914 238 Detectore Y

query/ key 28-S Ak FrOoE T3 H, Albeko] A AL e oA <Fgl attention

d
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Az

o

ex)5}a1, o] A3 2 A H binary maskE 7]¥o. 2 AXS 33T} Detector=
Transformerdt &5 StsHol 44 Agest nd F2S FAo 2AsH, A dike
INT2-INT4 298] AALE A FA 02 F35 o] W Es HA4sg3ty DOTAY +
2 B4 A MY A4H stageZ e, 2zt stagee] GEMM d4He ol 2] chunk & v
o] A2 tZ compute laned] wlFH ). 7 lane> DRAMO.ZHE ¥ activatione 2E
gstal, 3t A3 accumulatore] FAELE 4 A4k A2 (27 4-111)0 YE}
W Z1A ¥ Reconfigurable Matrix Multiplication UnitRMMU)e] H-3}, multi-precision
AME A Yste] 1AW ANE GeHow S8t w3 token-parallel dataflow o}
locality- aware schedulerE 283t 2] queryel key/value AAHE-S Stislstal, 7t
DOTA accelerator7t 48 Al@2 3hg Adate] lane FHZE chunkE BE Aoz
AR J TS A 2olUAE I NF2E 52 HYFoRE Aokt 43 2
3}, QA, LRA-Image, Text, Retrieval, GPT-2 LM & t}eFsh wlxnp=elA A attention
score?] 3-10%% A= dense R ESd AU 238 ¢ & AT E S
o} E3 A% ZHolAe GPU i) ) 152.6W 9] attention ¢4+ 7k43} 5,1858) ol 3}
= guA &8 Jide B

J?‘J

ol

(712! 4—110) DOTA detector?| bitmask A4AI 74X

Detection
1]0
1

o|=(=|O

1
0|0
0|1

ZAE: Qu, et al.(2022), p4
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(72! 4—111) DOTAQ| 71&7| A|AE! JH2tz

Multi-Head Attentic

FFN

+———Linear Transformation——

1 !
] !
| i
d dy, dy, dy dy dp dy dy dp, \ Self-Attention i
1 ]
Inpat ' Self-Attention Output ] @ @
| Feature | - n ! Feature !
Matrix 1 Self-Attention Matrix H
X) | ' FC1 FC2
Wo v, ' Self-Attention !
X e QKV) { ‘
a)
. \
DOTA : : - - f ,
1 ilf-Attenuon Fi H = I i
I - LN iear ] | i i
[ a FC—Z : | i '
i {Reuse = i i
| 5 ! i !
N (T . oy S
= H R R | i
s |0 cuse , "RMMU | «—Reuse < | DOTA i DOTA |
2 e |
o [ € | I 1
El ! O~ [ = @@ ( Self-Attention 3 | sequence-l || Sequence2 |
5 | o e} — g | i i
i - !
g i =M= ] [0 -f: < | h i
i i | i
< 1 Lane-3 ! IE !
H i
[ Lane-4. J i |
1 i |
\ J

(b) (c)
ZAE: Qu, et al.(2022), p.5

5 DTATrans: Leveraging Dynamic Token-Based Quantization with Accuracy
Compensation Mechanism for Efficient Transformer Architecture(Yang, et al.(2022))
(TCAD'22)

DTATrans+= Transformer 229] =3 AqkaFs}
Ak dae|E-stese] 35 AA 71N 74Er]
olo] FEato], BE Y

A9
st} DTATrans= E29] $o%0 ug) HE AUEE

(02 4-112) E2 S 7|Ht Yx}Ele} thx E2 Hgt 1y

{8-hittoken @ 4-bittoken ()Pruned token Q Presentative token O Output presentative token ) Output non-O-bit tokens <) Final output token [TT]8-bit QKV [ 4-bit QKV

Block 1

T FCtorakv_ )

direct add

QOO

Z+&: Yang, et al.(2023), p.5
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o =850 ug AujEs o] multi-head attention ZEZ AEEH, A4k o
= feed-forward network®} & ©A19] residual E2S A4 =) Acke] W 2R
Me 0-hit EES tiE EZ02 Ay, $olA = thAl Enjste] defo] B2 M

OF BAWT oHT WY BY TEE AREE FAFUNE AVFS BE Folk

>
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i
b
i
o
A
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O
u
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>
L
&
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o2 AAHA. 7 A4 fHlS bit-witdhol] whe}k A4 £EE 24§, HlolH 559
718 2AE T HEE A Hs B2 A 2 ALRE 7k FE2EHY 7Y
o] I AEHH. o] WAL Folzefl A HES o 39% A 15% ©ltE & =
ol FEES A NI AF Aol d=d, DTATranse Hoa oz 2l A4k
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S oF 164} Zo), Spatten oy 4.28) L oA F&& ZA3Th BERT-Base9}
GPT-2 2ol A ¢ 40% o)’de] 0-bit EZ v &S FRIVPHE = 4L 1% 1]
o 2 FA T T8 28nm CMOS &4 719 3 FdollA 1.49mm* o] W3} 162mW

Ty Aoz F&sEH, 1,622 GOPS/WE UA| &&5 7|53t

(J2! 4—114) DTATransQ| attention moduleQ| 7HRE

* \
B
] |
| |
|
QKV : Attention out :
I Remained 8-bit token ids |
' |
' [
I i il 1 :
' 15 1
| 5
I e a I :
| HER !
: 0 | _; 2 0-bit tokep ids
| e
= 03] Il o — >
: 4:7] @ ! " Normali}%d
| line buffer output stationary line buffer output stationary : i weight for -bit
I \ forQ Systolic array / for softmax Systolic array I £ 2 t°|<Eﬂf|
| \ results j I EE |
| v | &J® il
| - = - 1
| Softmax Unit Attention | | Token Importance | Token  |Top-kfor 8 & 4-bit)| Scores | | :
| X I Probabilities | Score Accumulator importanc tokens token ids [normalization : |
\ N P O 1 S e SO e J
\ 2 >

Z+E: Yang, et al.(2022), p.7

6) AccelTran: A Sparsity-Aware Accelerator for Dynamic Inference with Transformers
(Tuli, et al.(2023)XTCAD'23)

7] Spatten, Energon, OPTIMUS &< <I+& attention &S pruningsh= W02
sparsitys &-&skA R, B33k top-k AAre R QI3 23] A4t S| BTt AX= A
7} AAk ol & aEs7] 213l AccelTran< runtime % €4 3K activation) gt 7|HHO.2
B E &7 A4S A7 A ASke] A Transformer & &-8-8 =t)3}st= Dynalran T
ZZ Aoty (1Y 4-115, 116)9) A& threshold 718} sparsity &3} bitmask A4 3}
A& Yepdth U39 Threshold Calculators 53 sparsityol]l WA 243 9 7153 32

o YA 7)E 2, 24 24F Wwste bitmasks AT o] % bitmasks 7|4
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(32 4—115)

AccelTran®| threshold 7|Ht 8|45t BE

Internal Register

desired p

I—.

Threshold
Calculator

25 Tuli, et al.(2023), p.5

(02l 4—116) AccelTran2| bitmask 7|2+ 214t filtering

[]e]>]

.,.|_\|o|_\|

[~[=]<]

Filter

Vs

Zero-
collapsing
shifter

B o]

Filter

B
0
L= |

Zero-
collapsing
shifter

weights weight mask activation mask activations

- [S[o=] -

25 Tuli, et al.(2023), p.6
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o & (o] opd ©lolEJRt filteringste] A4S FFOZH, wRE H2H MAC Aibe
Aol FHasksith (27 4-117)2 AccelTrane] AA A|2" o}7|ElA& Yepdth Y7
DynaTran Module-2 activation¥} weight FIFOol| 4] ©©]E]E ®ro} runtime pruningS 4+
3}a1, pre-/post-compute sparsity modules F3f zero elementE A|A 2 EYgth o] F
Zt MAC Lane, Softmax, Layer-norm RE°] WEZ F2ste] Transformere attention-
FEN ¢14h8 =xb2 02 £33t} &3] monolithic 3D RRAMS 0] 48 1tjE vz g
Egto g Holg H4 HES =901, staggered schedulingS E8 MAC#} softmax7} ¥
g2 A=) o|24 BERT-Base 7] 1.2x 9] sparsity &3} 6% A= fAE @
Askath

AccelTran-Edge= A 7¥ LP-DDR3 =<} 647)¢] PES ©A3t A%y ol7|dA =,
Raspberry Pi thu] <F 330,0008] =2 throughput=} 93,0008 W& oluA] 4
AccelTran-Server= monolithic 3D RRAM3} 5127 ¢] PE, 3270¢] Softmax 7S 2+ 1
A% BA o2 NVIDIA Al00 GPU thu] 57X &L Ae]#a 37X Bt oz 222 B
Atk

i
it
=
2
o

(OJ2! 4—117) AccelTrane| 7}&7| A|AE! T2

<—L Activation FIFO | [IMAC Lane___*** | MAC Lane
14

< \Weight FIFO
vl Ay

DynaTran |
Module | | MAC Lane MAC Lane

| I 2 |

: Softmax ___-** Softmax
Pre-compute

Sparsity Module

: Softmax Softmax

e
-] —

Post-compute
Sparsity Module

<1 Layer-norm

Zk5: Tuli, et al.(2023), p.5
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7) FACT: FEN-Attention Co-optimized Transformer Architecture with Eager Correlation
Prediction(Qin, et al.(2023))ISCA23)

(02! 4—118) EEager prediction =8 &2} single-stage prediction 244! H|

Single-Stage Sparse Attention Prediction o Eager Sparse Attention Prediction
Input Token Embedding IopuLToken Ei ’ 21102 K Predict No K,V Requirement
OQKV Llnear PrOJectlon [ {0 Attention Estimation ] :m: :w §’”'{" [m m:]w,, wosi{ ¢
(@ Sparse QKV L|near Pro;ectlon ] l’” o 'f:] & p
oo ts = t [w w‘,,]w a

Query Value Token T o
Query Value n

2.2LDZ Attn Predict

OAn Prediction QSparse Attenhon s e
TopK/MSB/LR/*+* H Quo - Gua | Shift  oco a a
Y S_/ /L Copaite. OSparseAttentlon '~_ a qm q: Sum [e 01101201 o
I o
mELEEN A v 3 | 020210220
E\ E\‘ Sparse(l|\ Q> & ko~ Kog n00in10rc0
S f| ko ke : ¢
i Oy et HEHE o) © | el ==
Sparse K Sparse V ko -~ Thres. Cmp

Z8: Qin, et al.(2023), p.4

7]122] Transformer 7}457]&-2 attention $34F9] sparsity?He &-8-3}
ATk AA 2 QKV A FENol A M= o] 70% o2 AAZ Tk He 1Hsdt
FACT ©]213 §ES s)2dsl7] 913 attention &AY o] A @A oA correlationg o =3}
+ Eager Prediction(EP) ¥18]5¥ o]& Adste A& st=golE At (19 4
118)¢ 71& & oA o|=3} FACTY| cross-stage eager prediction 7-%2 Wl w3t} 7
E 122 (Q, K A4 o] % attentionS o] Z3}A 1t FACT+ Y48 EZ3} projection weight
Tho 2 attention YE Y FREE AR S8t B Q3 QKV diks AU dHh EP=
log-domain®l| A ¢] leading-one detection(LOD) 715} add-only 4He A& FAIZ|1E <
23] AAstERE, mf¢ W AYo R FAEE FAL 4 Utk o|FA A4 H attention
maske (238 4-119)olA A" Q K, V sparsitye} token-wise mixed-precision FFNO.2
gt FoE7F B EFS FEN d4ke INT4 AEER #3513, o3 EFTS
INT8Z A5t A8 £2E £tk &3 FACTE o= AFE 7|2 out-of-order
QKV schedulingS 483k EP 3}4 F<toll = PE array7} ide Jejoll HF24] F=5 3
t}. npx|9ko 2 diagonal SRAM storage pattern< =13 MSB9} LSBE £ - th 21 &H)

£
]:o{:
o
o
=
R
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o A2
2= HT

2 wjx)o 2N, INT48 &3 A
stedo] SHA

Al vl

EEREE
(1" 4-120)e] AAE FACT 7H571=

[¢}

gHE

EP

45

A7k

4, out-of-order

scheduler, PE array, APU(softmax - LayerNorm 2&) 522 FAHth 43 A3} FACT+

BERT % VIiT Alg 227] #x]n}=0] A
& NS 243t E3) attention $4ko]
A E token'd FQoEo| ©E AUE =
Nvidia V100 GPU thH] 94.98X =& 4= &
Ex:kii=g

A9
<

]
0o

m[o

Sanger thH] 22.8x <3 A

(3g 4—119)

Top-k Mask of Eager
Correlation Prediction

Times of being selected
represents importance

ZAE: Qin, et al.(2023), p.6

(32 4—120)

Bt 36u)e) A2
0% o]’de] A4t
53l 5

o O

FFNO{IAM 2] tokentd
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A, Zo] 10081 9] oA &
9 A AsEH 2, FFN ©HA|
ANz A7re o] EUth

248t on, 71& ELSA thH] 39X,

Activation
Precision in FFN
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Token 1: MSB Only

Token 2: All Bits

_|Token 3: All Bits

"|Token 4: MsB Only

Token 5: MSB Only

Mixed Prec.
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:

ooooooor,

ooooooo

Multi-Prec PE Array

FACTQ| 77| A|AEI Ji2i
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z T AN
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onpred S
g Cross Stage Attention Predictor PE Array (16x32)
= E T ax:; | Activation
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Zk5: Qin, et al.(2023), p.7
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8) SOFA: A compute-memory optimized sparsity accelerator via cross-stage coordinated

tiling(Wang, et al.(2024)(MICRO24)

(38 4—121) S& 5|A4S 2/t SOFAQ| ot=90-AZEL0] S& AA 7HeE

Stage 1: Pre-compute Stage 2: Top-k Sort Stage 3: Formal Computation Tfaﬂ“i:“' Dynamic
parsity
SRAM capaciy Sﬁ““ﬂm? (@), Migorovs stage Lo Pfx:umg S i
parate Optimization
& ercasdad s, 12k o Readby Top-k Mask u-med ;:wﬁfgg;m Tor éach stage
& DRAM oW '
- | R —> ﬁ} um I
[} -~ |
L (2t
H [ m‘:‘ﬂimnr Whale- rumprmssr:; i; 3‘-"'9 R“"'-? |lsm] C%g)\, Missed
5 Compatation Opportunity
Cross-Stoge-
Challenge 1: Heavy Pre-compute Cost | chall. 2 High Latency and Memory Access Challenge 3: Unaffardable end-to-end Latency cost =
f { leading rero fan{DLZS)| Sph h-aided distributed sorting{SADS) Sorted-updating Reuse-aware schedule scheme [RASS) Proposed SOFA
=] ) FlashAttention(SU-FA)
z Reduce computational | (T 5 ] Optimized tiling T Redwe  CQuery Sbances datg || €7055Stage Optimization
o5 resourtes and improve : datafiow Shortems ~ 4 Sy ances date .
g ° efficency EOEDEDED ey o T oy reuse .
@ Max W«mmmg uumnmmmmm earder KV execatiog oder O\
8 e | - 3 e pot et ft X
] { st | | T embanes ) mrea s — — III IIIII i
6 Amt L dotoreuse w14 engine . .
----0) 4 Comprehensive
End-to-End Oplimization

A 3424 B3} 71457) AFELS LIMY prefill, decode ©HA¢] 4
A Baate] APekA EitteE 48 AR, large-scale token processing parallelism
(LTPP) &8 ell A E710]gk A Alzto] BAs= A S A A o & s Z2sty] 913t
Sparse Optimization Framework Architecture(SOFA)S #9ksted, LTPP Alube] Q014 W &
gl A 3ATE 29H FA 22 AA FE9] AH A7HE £<1th SOFAE attention
A o= Aol M TS LWF =g £0]7] 913te] log-domain multiplication-free
Akl differential leading zero summationg A|Heic}, =3 F2 3|4l A TolA &
Aske Ad BREE £017] 98t attention FE o] PP = k9] L& Urol AEst
I, AE" ke do9e VMo R KVe F8xE WEste sphere-search aided
distributed sorting(SADS) 71'H3%, o] & 3+ A2 ZES Attt (119 4-121). SOFA=
At 7IHES tle GE ST FAll cross—stage Aibol ThssHAl StEE,
LTPP 43ollA 71& 54 844 531 7H47|Ro st E84 02 A4ks A
SOFAE EZ 3449 A% 4 838 g1l fls) Agx Asheo] we A4t 7+
285 2439tk LLaMA =2l SQuAD, RTE, wikitext2, QNLI % T}okgl taskol] A&

- 216 —



& AT Ak, 0%, 1%, 2% JEE AsHgol tha) FFH 02 56.8%, 62.6%, 67.4%2]
QKV, Attention 94k ZHAAIZATh &3 SOFAE LLaMA-7Bol thsl Spatten(Wang, et
7,183 GOPS/W oA &3

Hase s

al.202D)E e} 8.5 -3k A Azt
4,292 GOPS/mm2 ¢] H# thv] A& a& J5& 243U

(E 4-6) LIM 715 &8N o172 M5 H|w

AT 7l Biga [ B 718 A 2| F g 5&
(Huan?geetuz;ll\./[ 20%5) Z= | Shenzhen Univ. 85.8 Token/s 1.51 Token/s/W
(Moon, ];fil. 2024) Sk [HyperAccel 769 Token/s 2707.7 Token/s/W
g Ezl. o092) & KAIST 931 Token/s | 1.61 Token/s’W
(zhogrirtlsiMzozz) 5% [ Univ. of California | 734 GOPS 17.48 GOPS/W

(Lee, E?I;E 2025) S | Samsung SDS 103.1 Token/ms | 103.1 Token/s/W
(Seo, I:tN;lJS 2024) 3= [ Seoul National Univ. 263.1 Token/s 6.69 Token/s/W
ee T;“;lfrzoz o | @3 Seoul National Univ. | 533 Tokenls | 333 Token/s/W
(Yin,T:triffiCZOZS) A Sﬁg‘;ﬁi Univ- of | 97 Tokents | 15.74 Token/s/W
On. %%%AZOZ y | F Tsinghua Univ 14.0 TOPS 7.08 TOPS/W
(ParkC,)Perl;H\;FSZOZO) $h=- [Hanyang Univ. 500.05 GOPS 110 sentence/J
(Wan;p:ttt:f ooy | P [Cambridge Univ 360 GOPS 382 GOPS/W
(Zhou},zrzrgalo.nzozz) 23 [Pekign Univ. 612 GOPS 995 GOPS/W
(YangTég ;la.nSZOZZ) 23 [Shanghi Univ 13042 GOPS | 16225 GOPS/]
u. eDth?ZOZZ) u]= [UC Santa Barbara Univ. 12 TOPS -
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AT e Biga [ B 718 A 2| F g 5&
(Tulfcgte lzfa;oz?)) m= | Princeton Univ. | 15.05(Edge) TOPS| 2219 TOPSIW
On. eFtAng sz | F [Msinghua Univ. 928 GOPS 4,388 TOPS/W
(Wang,SStFjl. ooy | E5 1 Tsinghua Univ 24.4 TOPS 7.18 TOPS/W

gt stedlo] Wshy ZAE gueE 9 i) AT 5%

1) PLAC: Piecewise Linear Approximation Computation for All Nonlinear Unary Functions
(Dong, et al.(2020))(VLSI'20)

g At 7129 error-flattened 718k PWL 2A3L M Eo] B4 < EAJo
a1, 3t=glo] 78 Al maximum absolute error(MAE)S A|oj& <= glo] AA whEs} 2}
A Bu7F BAstE A& A A o) & 3l A3t7] 913l piecewise linear approximation
computation(PLAC) ZHJHIE A¢kst). FAZH 02 PLAC ZYYHI= AZEYY
A A FYH MAE 7|28 wHEaHA H 4 segment 5 B8 114 % segmenter
o} A 32 T2 A3 Al MAE 27 shollA B8 coefficient 2 output

bit-width& A ZAAS= quantizer2 FA4ES  Segmenter piecewise linear

PN
&

approximation 2§ A 14 segment7te] AAHEE FE §lo] 7418kaL bisection-seeking
methodE =el 2+ 7319] A9 &2 HAuisto 2N, 21 ol thsf o] &2 A
48 3h= segmentation fidelityE &3k}, Quantizer< quantization factor(QF) & =743}
of KZEY ] MAEE st=dof 318 24 M flol 5iA| 2Ad™dst, H4 fractional bit
widths AH=3] BZ ek gas JHlE AAZT PLAC ZH Y39 st=do of7)g
Ae 718 AT M F2 &-83 multi-stage indexing logice T -stage multiplexer 714k
o] unified indexing *+Z= AAASC}; =3}, parallel comparatorel| 4l AJAH sign bit
vectorE 2% addressing keyz &-&3to2H QldlA A2 BATE 43}l areast
latency2 FAlo] &1tk & Az, TSMC 40/65/90nm &4 719+ ASIC 4 Al PLAC =
AT log FrellA 71 PWL w2 tiv] W3] 2.8%, M 38% 74t 3 5943

AQ A el M o $2 x5 2431912, tanh, sigmoid, softsign F<oll A= 242t
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6.3%, 16.5%, 17.3%%] W2 A7} 4~12% 729 A9 9 Ad S Btk AoH o s
PLACE tfdt nlAdE hroll 28 7hsdt 18 AL Ze g9 =224 71E PWL til
A2 AIHE $2 4% AFEE FAHME 3= $Fo] MAE Aot A i
FH43E A G

2) Softermax: Hardware/Software Co-Design of an Efficient Softmax for Transformers
(Stevens, et al.(202D)DAC21)

3l A7 Transformer 7]14¥F W] ES] 04| Softmax A4te] MA| As) A7t 2 vlF
= AAsE BARS iAst] 98k, stedlo] X544 Softmax AR} ZE el
Softermax & A3t Softermax base replacement, low-precision Softmax computation,
online normalization®] Al 7}# 71%-& 53 Softmaxe] A4+ B9} st=gjo] QM=
£ FAo £t} Softermaxs= WA exponentiation power-of-two FE|Z Th=3}gto 2

A LUT Z27]9 A4k WS =5 £t =3 exponential, accumulation, division ¢14He
S5 low-precision fixed-point A4to.2 thAl|stal softermax-aware fine-tunings 283}
AT 48 HAssit) npAeto 2 numerically-stable Softmaxell A} 2 23+ max &
A S AASE7] $l3) online normalization )& =3tal, base-2 5A-S o] &3
renormalization 34+ ©<=3} shift2 A gsf st=9lo] &S st

st=glo] 2= unnormed Softmax unit®} normalization unite.2 F+4€TH (18 4—
122). A7k= local maximum A4, 28] AFAlE A4k vd s FHsty, $A=
denominator renormalization®} divisione B dtet. Softermaxe o]#gh T35 MAGNet

71E 989 7F&5719] post-processing stageoll Al T 4= 9o, tensor core 7]%F

o] TPU o}7)elx}e] &3kAdo] =T} BERT-Base/-Large A& A3}, Softermax: 8-bit
quantized baseline thH] ¥+ A= &4o] 0.5% wRko|Ylon, 5 taskol A= 23]
A7t FAEATE TSMC Tnm 34 719 gH4 A3}, 7]& Softmax thH] logic area 10%
e g ooyA Jgo] 235 FFEe ERE Btk ZAHOE Softermaxs
Transformer 7}&7]ol| A Softmax A4+ B&ES RO Z g3}l st=dof Wk A
A2 7]& full-precision Softmax thH] &5 ©]4e] ALEE FAsHHA latency, area,

power efficiency ZHojA tZ 7xd 8L GAdTh

£
o

l
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(J8 4—122) Softermax ¢IA7| Q=

Input Vector (xg,xy.. x,,)

I PowSum [f— o+ ——7

Buffe H :
e _____ Reduction_ i lNormaIizalionUmt |

_____________________

I
[ -] L - ! = 1
el I v ; - 5 i
' = : 1 i ST/LD :'-* Sum Buffer |+ Max Buffer 1
' - H ’ Shift Left) ' | | ™
! Pow2 [l : ; H ' : !
LocalMax 1 [~ i lPWPw2 | ! | I:l !
CrossPE- | L____|  0Se /) R ' ' = :
MaxIn UnnormedSoftmax = H LPW !
1 } | Reciprocal _ :

| = /
e I CrossPE- . / i
- : T : ~/
Address ! ! ! E I
1 L 1
: : i -
' 1 :

Unnormed Softmax Unit FinalSoftmax

(@) (b)
25 Stevens, et al.(2021), p.4

xpSum-Out.

(38 4—123) 7|& LA} 7[H 2t -BERTS| & Z=0|Ql (M E2 H(W

Q(INT8) K (INT8) V(INT8) Q(INT8) K (INT8) V(INT8) Q(INT8) K(INT8) V (INT8)
v v v v v
[ Dequantize ] [ MatMul (INT8) ] MatMul (INT8)
FP32 INT32
=2
FP32 FP32 \
Softmax (732 ([ sofimme 32
£ INT8
A4 Y
MatMul (FP32) I MatMul (INT8) MatMul (INT8) |

Simulated quantization |-BERT
A& Kim, et al.(202D), p.3

3) I-BERT: Integer-only BERT Quantization(Kim, et al.(2021))ICML21)

g A= 71& Transformer Y23} W1 S0l floating-point 4k T3 Jej =
gxlof, A A Ak 7|9k stEgo] wjE A A4t & %
AAE AH B AFME o] & A5y $8) BERT 229 Softmax, LayerNorm,
GELU 5 wXg g5 A5 =udoE ZAgete] T2 Aiks 948 F 9e
[-BERT Z#HYHIE Ateth(2d 4-123). [-BERT+= floating-point A4+e o517

A3l ZF vy A4bel tisl integer polynomial ¥ piecewise linear approximation 7]%k9]

o
o
ol
j
o
I
3

a1
o
O
rir
Sl
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A B AR TA1A 07, Softmaxe JE ke xto]E 0] &3 scaling 2 clipping
< &3 overflows WAste] A mwldlolM AUEE FAFTh GELU 2AMSe 7,
fixed-point polynomial <AS} W] 243 7] floating-point thH] $-4=¢+ A4t &84
S 2A%th =3 LayerNorm 4ol A= reciprocal square root $4E  integer
arithmetic©. 2 <A}, quantization rangeE layerd 2 A t3}ste] overflows WA gt

24 sk AAHAE 71€9 quantization-aware training WH-S W3Sl integer
arithmetic consistencyS ¥4} gradient calibration ©AS F713th o] Eaf dh5
Fo & A4 Aoz ZAsE S| floating-point 71F St dud ko g &
H3l=E RSt GLUE 2 SQUAD benchmarkE 7|¥to.2 H7}13k A3} [-BERTE 7]&
8-bit quantization =& ty] F+ FE=E E£4o] 1% wlgto|n, AA| CPU 9 FPGA “doll A
4.3x 2] throughput @43} 2.3x 9] latency ZH4AE EA8IYTE T3 ZE A4bo| integer
domainoll Al = E=E, F7H4Q floating-point unit $1°]= on-device inference’} 7+&
atm, BEl Alo]ze} AY ARE O F AUY F s Bt AH#H R [-BERTE
Transformer 725 ¢HAg A4 A4t AARZ A78 Hx9 Y AE, =]
3t AU AoE I AgE &4 §lo] & inferenceE 7FsdkAl &hm,

al
integer-based Transformer 7}4;7] AFE9] 7]dte] | A AQ HITHOZE Hrid,

P

4) NN-LUT: Neural approximation of non-linear operations for efficient transformer
inference(Yu, et al.(2022)(DAC?22)
A A= 71E DAL 7S] AAE e Ao ooz strdo] A

7 Zbeha, A 8 Qus 5ol ABHE BAS AAs] I3 HEH)

olg FYT A AEES /A= LUT FHiZ Megdo s, o vidd g

stedlo] F2olA E&Aoz A o ALY 4-24). 7] LUT 7]9k ZAPEo] AL
=l
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-
=)
o
=
ol
12
o
fu
>~
>
oo
:Ouzl'a
S
k=)
3
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3
o
=gl
o
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=
<
N
N
)
o
i
B
l-flj
%
=
—

)=
N7k Y E9 =19 breakpointsS LUTS) 77+ A2 wWdhslo], 48 ¥
A FHOE HA3E MEsE $3ith. =3k NN-LUT-2 approximatio

7] Sl Al 7HA training WHES AL AN =, Bg HLE
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(02 4—124) NN-LUT =293 e

Fully Connected Layer Input

1 LuT

E dy = 4'1/"1‘} ;1 b
______ 2 dy = hy/n 5T
| i 2 dy=-by/nyi [54[T,
} 2 dy=~bi/nii [S5] 05
b Breakpoints

]
i loss|

i Input Hidden Output;

Z z3

wmmm Target function @ n
by

i
b
= s | | T mymax(nyx + by,0) ERCE n
arget Function
get Function | mymax(ngx + by,0) 21 = (myng + mang)x + (myby + myby) = syx +t;
Z; = mx+my =s5xtt,
Exponent, Division, | [ |- mamax(nzx + b3, 0) 27=0 =s3x+13
Square Root, GeLU, etc) m.m:u:(n‘t +by,0) Zy =mgnyx + mgby ssgxttgfl
25 = (mgng + myng)x + (mzbs +meby) = ssx +1t5 Approx
.-—z:Zm,max(n,x+bu0) bE
4 Output

A& Yu, et al.(2022), p.3

< 9lsh 2715 A S AESFOA B UEYD 5] ARHA £AL

fHI

c

[e)]
H
et} R/ Z input scaling methodE =314 LayerNorme| reciprocal square root $14
A ZAFE TFsEHAl gtk AR, el
golE Moy F71 sk Qlolx= 438 7153 dataset-free lightweight calibration 7]
q

7} dololol 4 WA 4 W9 WEE ME3 B

AY W T4 HMAE Ze ol s AR
23], fine-tuning® Transformer
g ¢ I EE 3tk RoBERTa % MobileBERT Zd-& /4o 2 gt Ao A, NN-LUT

& 7]# Linear-LUT ty] Y3 47 416 entries) oA FP32 %] AITE

A&, GLUES} SQUAD taskellA ] A e £428 79 gt &3] LayerNorm A}

oA WSk @ k= calibration ©HAIE Fall €3] A E AL, INT32 AU S S oA

% I-BERT tiH] 55 & U & AYEE 2480t 3718, st=dol 34 A,

NN-LUT-Z 7]& I-BERT 7]%F A4k 4 ohn] |4 2.68) 24, A9 36u) 74, A 3.9

o @5 2AsTh T3 Transformer 2§ NPUO B3 Al, HIAE A4be] 48

Aol 2 HITE AU 43% TAAA, DA A28 A3 AZElA Ho) 26%9 = e

Bt Aoz NN-LUTS BIAE A4S He4ola AEstd LWUT 722 8

A WA neural-approximation 71§t ZHYAR, 71& AHE HE A BAES A

T 5 gdE BEH MUY A b $RHOR BbE:

ozi

Z

b

u)
rlr
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5) [-vit: Integer-only quantization for efficient vision transformer inference(Li, et al.
(2023)(CCV'23)

(38 4—125) |-VIT =393 7He

Q=(Sg.fg)  K=(Sk.1k) |

|_ IA'.:!Q ‘!KT

SQ-SK) E
Sa i
\Ia=(Ua"-B)>»c | | 3 1
) B I-LayerNorm E
(Sar1a) H :
- ! Dense, )
¥ 1 : Integer weight ' INT22=>INTS !
S : Scaling factor H = ]
! L ShiftGELU, ] |
! INT32=>INT8 i
t P
| 1

Dense

i
[ )

75 L, et al.(2023), p.3

g A7 ViTe] w2 dabdst vie] Ao Qs oA uto]zo A E&2 <
£o] oJe& EAE 43| 91, [-BERTY A A4t 719k A 34 VT 7200

= =
g3t integer-only quantization framework?l I-ViITE A (2E 4-125). 7]&9]
dyadic arithmetic 714} integer pipeline& A& A2bol] A E o WA E Sholl= 285
2 Zgon, wkA VITY ¢4d Fsyt E7bsdnh olgg dAE S53817] Hls)
IFVITS R g dabs 5 A7)0 ZAREZ diAstdth 742 22, So

T AlLHs stEo] W3tE AJZE Agtom ZARFO RN A4t BEAS tE SN
th o2 AZE Ast 7|Hke A ZAELE F3 sigmoid g A4k, o
ol-g3 GELU ¥+ st=slo] Xsta o2 F3ozx, 7]& [-BERTY Tk 24
Hl A8zl 388 25 NS Y. v 9te 2, LayerNorme| normalization &l gt
H reciprocal square root 14FS iterative integer approximation ']O.Z I},

floating-point ¢4+ §lo]= A3 A4 = olo] A LayerNorms 38 4 J== 3191
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CAYH o= [-VITL VT, DeiT, Swin Transformer 5 theksk VT Ald =2ol A INTS

o

R}
o

A4 74k & A FP32 precision 229 AFEE GAGHA, AW 410) F2 &% &

A 2AEHH T =3 TVM 7)6ko 2 RTX 2080Ti GPUS| Turing Tensor Coredl| A &£

12

o] integer-only inference’} 7Fs3HS BT

6) Range-invariant approximation of non-linear operations for efficient BERT fine-

tuning(Kim, et al.(2023)(DAC23)

(OJ2! 4—126) Range-invariant LUT Approximation 7|Hto| H|ME

ot

e DAL 7=

Reciprocal

Input

factorization Scaling
x=2"-M ~pr (1,2] LUT yocip (M) output
;2 v -| exp-conversronl -
1) E is even Input | Reciprocal square root

factorization Scaling
x= 20 M “pqr g U Tsand gy, Ly @ T ouut

\——{ exp-conversion }Z_T

28
2) Eis odd Input
Scaling

factorization
X 25 M 2| ZM ZM: (2,4 rsqrt L'UTrsqr'r(ZM) outpu

‘ll exp-con version

2E-1 2 —(E-1)/2

x-log,(e) | Negative exponential |
~x-1.443 Input '

N+f factorization LoT I Scaling
= n—power of two out;put

‘ f:10,1] 5 £ L lLUTn-power ofcwa(f)

> |
N {n —power of two | 2N

2Z+&.: Kim, et al.(2023), p.3
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3 A" Wele Wgld YIS A FE WE IAE ZYYYaY range-invariant

look-up tableRI-LUT)E Al¢keth (1

jalh
T
—
Do
>
=
—
)
—
flo
fins
IR
)
tilo

power-of-two
o] wistel FasHA ¢
LUTZ vy dibs A 4 =S AAEAT ©]E %3] reciprocal, reciprocal
square root, negative exponential ?4H& B T LUT 7|9o 2 F8E 4= glom, LUT

A71E 7]E 256-entryoll Al 1-entry E0.2 ZAsIH TS YA A AL

frtl
M
:(I)g
o
2
fins
IR
M
[

scaling®} range-invariant resolution.©.

=
3t} £3] reciprocal square root 4+l & floating-point Blo]E1e] 2429} 75 He
ato] #pol B4 A4 PR gHA| Ao w2 A, st
errors 4 3}3t) T3 sigmoid 9 GELUS}F o] E-g} n] A3
U A AR @3t & Qe Simple GELU W& Al¢kstyith
o] WAl 7|E F gAY LUT 248t s shue] RI-LUT HEo2 yasie o
BEREE Fo|il studo] &S AT 5 FA A E LUT 2ASE Qg &4
g s g3yl Hs A dE Transformer #ojolE %718}3h=  weight
re-initialization 7S ¥ Z&3lod, Hlo|El7} AlgtE FAFY AN T A 5
S =3tk GLUE benchmark®] thfet the-2E7 g 2~30) A RI-LUTS 7] linear
LUT "2 o8] B¢ A8 % £4 ¢lo] BERT-base ¥ BERT-large 299 dolFd S &
T Adsdon, Bd-entry LUT FA A= baseline 59 A%< FA59th st=4
o] 34 ZAx}, RI-LUTS 71 256-entry LUT tiw] o} 52%2) area 27 4% o] &
7} logic overhead THO.2 2-stage TAFSE A4hS 1-stage® Tslelditt. 2oz
RI-LUTS 49 wlolele] W9l Wste] Yaks WA o= range-invariant <A} 71
Transformer 7|9+ 229 training, fine-tuning®] 2= HA A vl 5 @Y LUT +
9.7

22 5 UG 4 At 9870l shusle) HEA 2A8 ZH9 s Bl

rL

7) SOLE: Hardware-Software Co-design of Softmax and LayerNorm for Efficient
Transformer Inference(Wang, et al.(2023))(ICCAD'23)

&g A= Transformer?] Softmaxe} LayerNorm $14ko] A4 32 A A7t} oy

A Aol Fo WEOR AgFolE BT, J|E 2AS D /458 ATSo0] dak B

Fette 2ole o ATkl mixg] Ao ewe A2 &4 EAE sjdshA X
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o= A& AF3. o sl2sh] Sl st=sol-AZE o] JY 7|ke 2 Softmaxe}
LayerNorm $4ke Al HAslele &8 ZelY9)=a<Ql Softmax and LayerNorm

Co-design Framework(SOLE)E A|¢Fett}, SOLE-S Softmax A} 14HS- 9]3+ E2Softmax <}
LayerNorm 2AF 94 93 AlLayerNorm 5 7hA 34l RE2 FAHC. HA, E2
Softmax= A &4 A4S 3 F41, UeAl d4HE AlASHL, log quantizations 2§
ato] exponent A4S AIZE 7|uF A AR ZASIETE I AAfst 3 ALE Al
log-domain ~7]%Fe] approximate division ¥4]-& E93ste] LUTY Alghss glel = SoftmaxE
F&Ho® ZABET 1Y 4-127). T o2, AllayerNorm ZES 98 B4 A4
, 4D FA A dynamic compression¥} power-of-two factorizations 283}, 7]&
floating-point A4hs AAY F4 dA4ko = dhA|st AT

o T3l #AHY Alu AXE LUTS AJZE dshtos 3 4 glom,
normalization ©A7}A A3k integer-only FHlE A& & J=2 AAHJY (18 4
—128]. stESIO] oM IEHE F A4 BES FF HY FEE FFetaL, dojzeel 7]
Wk two-stage A4t AEE Tt A4t 5SS HAEHoh olw multiplier-free 3
LUT-free 725 AeFo2n A4 dw3lo) tolH A&d< A0 2483 43
A3}, SOLES NVIDIA GeForce RTX 2080 TI GPU tH] Softmax$} LayerNorm 22} 36.2#,
6130 &= g3t Hol 42590 ouA] £& FFS HPon, 7]E Softermax =
NN-LUT thu] 242} 3.04, 3.86H] &2 oA E&& 2455t &3 8HIE Ad = 34
NN B A= &4do] 0.5% WRte g fFAHo, Ay 4 floj= d& 2l 7
o] 593 4%5S Btk Az o2 SOLES Softmaxet LayerNormS shE¢jol-4
ol 35 AA BAA TFHOE A 2 YlaE, LUTY 1H]§ A4tk glol=
Transformer®] +& WAdE A4S &2 02 7H4st & 5 e Ay 145 =9

of &% Holth

O
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(O8] 4—127) SOLE 3t=g|0] =223 2| E2Softmax PIALZ| &

Input

Log2Exp Output

Stage 1: Unnormed Softmax

Input | é
vector [ F7] I Log2 Exp
| Unit
Local M:
|

*I Max Buffer |

Correction

I
Unit
Tog2 Exp
ReducedSum
L

1
|
|
|
:
| Log2Exp
|
|
|
|
|
1

| Sum Buffer

Local Max Global Max !

;
| |
I E Cﬂ"EﬂiM® Log2 [ Approximate Log2 Isaftmax.
I Unit Exp Divider I output
E2Softmax |
1

|
ReducedSum |

)

Un!t B i e Approximate

\ Log2 Divider R

Attention

25 Wang, et al.(2023), p.5

(02! 4—128) SOLE sI=%0] Z2{|2l9{3 2| AlLayerNorm SIMT| =

|
Ex Unit |
j ‘ Output
; Affine Unit [-/—»
| |
Ex® Unit |- ‘
‘ [
‘ \

|
|
|
|
!

T )
8b w0 =
G e e ) ——————— ~
Stagel : Statistic | } Stage2 : Affine |
i i S !
|
i
i |
! I

Input
Vector

£x” Unit 1n
__________ 4
1 X Mean
U 3
Buffer A O,
- O—{T])
AlLayerNorm Unit —rstage2 g
Preprocess

25 Wang, et al.(2023), p.6

8) Peano-vit: Power-efficient approximations of non-linearities in vision transformers
(Sadeghi, et al.(2024))ISLPED'24)

Peano-vitol A= ViTS] HIAE A4k1 LayerNorm, Softmax, GELU7} FPGA 5 3t=¢j¢]
SRFANA A BAESL A Axef Fo BRo s ARt e dldsh] Ad,
A7 HIAE ke B iR 3 BF A ZHdeas Addnh
PEANO-VIT+= 2t v g dd4be] a4 =3t Akl Alu, A, WieAle tiAlsh] 28l
Al 7HA 2L ke =93tk 1A, LayerNormoll A= 71E9] Alga 2 WAl a4t

=
S AAG A, 4F B4k 3ol reciprocal square rootE log domain 7|¥FO.Z FAFSHA] AT

e
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E oz ¥ 7153t division-free A 3t 7|HS A&tk T2 &, Softmaxl
A Pade 2AME o83l A 5 ZAMSIeRa, normalization ©HA9] WAl A4bE
multi-scale reciprocal approximation ¥4} ©.& thA|sled division-free A4He &S T
T3 Y ool et 54O = scaling factorg 2AFO=H 7]& LUT 7|4k reciprocal
A ARG AEEE Folal W R ARSFS £ AA, GELU g+ 948 711
HIAPEA S HAAFAHMSE) 7|2 £33 PWL W45 2831, tanh B o3k
ArkE A3 AAS A

FPGA 79| st=glol TR E= 2 Bl d 71 ¥
5 7A4E%eH, FIFO 7|9k o]zl F25 53
(19 4-129). =3 LayerNorm3} Softmax®] % 48 7] EAE ¢3lstr] Ssf B
FIFO W3 & F7lst A latencyE W& 7HAAIZth ImageNet-1K oAl 7]&2
& DeiT-S/B, Swin-B, ViT-L B4 37}g A3} FP32 thH] A% &4 0.5% o|H=E
FA =R DeiT-B 7|2 2.2 LayerNorm, Softmax, GELU Z}2te] A8 &L 7|& tjH]
1914, 13900, 8.018 @d=%1o ™, LUT-DSP- Register A3 HF2 02 60~90% 7+
&3k9th A3E o2 PEANO-VITE VIT +x9 a4 B4y d4ke 25 division-free
FHE ZASLet, I AT S NAE 5> AREE FASHHA FPGA A4 4£R.9}
g AnE A 29 HE Ay 28 ZY Q)9 aE Hrhenh

K

(2! 4—129) Peano-vit SI=%0] 2%

5

Average and Reciprocal Square g =

| ceestsion and normalization 55
H

Sum and sum squared
calculation 1

Adder tree

su mmdsumsq uared
lculation

z PEANOexp and
H MSR-approx 1 ] §
§ = MSR-approx of s
FIFO 5 FIFo summation and FIFO 23
E: i normalization 22
5 PEANOexp and 3
B e e e e T T T T T e e e e

o m » Linear Gateulation 1 |———

Input Activation BRAM

L —[ Comparators N 1 »i Linear Calculation N]
2+ 5. Sadeghi, et al.(2024), p.5
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9 Genetic quantization-aware approximation for non-linear operations in transformers
(Dong, et al.(2024)(DAC24)

3 A= Transformerd] RIAE A4He] & A4 st Ad= 972 Qg 5
9ol 78 A =3 A A9} A LHE 25, E3) 7]E LUT 7 248}
W Eo] FP32 =& INT3R2 39 1

Aol F43] Astdtts A& AA3h ol siAs] fal, 4 Eaels 71wk v
g < LUT 24 =89 =9 GOA-LUTE Akt 1d 4

2 scaling factor/} <A AR ZO mX = FES EXMsta, o] sbtez LUTY

(

o

[

breakpoint®} slope, interceptE 25 BAete F4 digES =TT

(02 4—130) GOA-LUT ZAlet 2nt FP32 LUT ZAteH 2ol |

input—»{ comparer | il’IDUt(T/INTaz) —»{ comparer )

FP/INT 32 - i [
(FP/ ) Jindex 4 (quantizer ) index 4
ko bo Po sen)faonts/ae)| ko bg Po

ki by P1 2 Kl ki by P1

r X
Kna bna| | Pua2 A B Knt bna| | Pnea

output output >« TR

() (b)

2Z+&: Dong, et al.(2024), p.2

7129 149 getne 43 2], GQA-LUT-S scaling factorS power-of-two & el
E Agste] AZE A4t 7Rk A Ay AANte g AL BetulEl & ALkt =%
48 W7 W& AsKdiv, reciprocal square root S)ol thdlAl+= multi-range input
scaling 71M<S 283k, A8 73S A8 AB goIAE £t 24 7318 scaling
factors SHHOZ HEFo 2N A} QA5 Haget 53], 7|1& 1A4g4AeH HE
oA scaling factor7} A& w ¥AY3I= breakpoint deviation A E s)2st7] s,
GQA-LUT< rounding mutation ¢38]&-& A3ttt o|= breakpoint ¥AstE &

12
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zdWol2 RHFsto] gk 2A oA T2 2 roundinge A& =M, Tt 2~
ALE AN E ZA AEEE FASHES et o2 g Mok 7] NN-LUT thH] oF

13~26v) w2 mean squared errorg 243tH, £3] GELU, HSWISH, exp TtAkell4] INT8
Rl

Cityscapes dlo]E] Ao 4] Segformer-B0 9 EfficientViT-B0 Rd-& tido= ¢ A3 2
7, GQA-LUT- FP32 tjH] A5 &4 0.07% °l3t2 fA8IHA = 712 NN-LUT oy
o 1.1% &34 fine-tuning A =5 G435t gk TSMC 28nm A ol A9 st=9of
4 A3, INT8 718k GQA-LUT -2 FP32 2 INT32 thn] 2}t 81.3~81.7%<] W4 d7¢
3 79.3~80.2%2 Ay A7 HYon, 53 16-entry LUT FANAME A= .- HH Z7}

Hasletgnh 47402 GQA-LUTE LUT 719t vjAd g g ZALstol| A H 22 f4
due|F st 914 F2E AATOEMN, integer-only A4 FANME F& AYUE

o ShEdlo] L& FA YA WE 248 Zadas B,

AUE sl = ARl o3 =

o,
tilo

m{m

10) Algorithm-Hardware Co-design of a Unified Accelerator for Non-linear Functions
in Transformers(Du, et al.(2025)XDATE 25)

3d ATE Transformere] B]AE 8471 AA A4t F =2 HFL 2A8t1, 7)1E£9
PWL 71%F 2K M S| multiply-and-addMADD) 4+ BEo 2 913 Az} A g
Aol 52 FFolAY 24 AE e ZAE AT olE sjAsy] S,
second-order Taylor expansion 7]¥+e] quadratic fittingg o] &3+ 53 ZAHE 2 7147]
2 Y$ =< Quadratic approximation-based Unified accelerator for Non-linear Functions
(QUNB)E Al 19 4-131). QUNF= 24 vIdE s oY HEE 293 H,

f
-
==

2 o gz 2Asel 71E MY 24 Ol O 2 24 JUEE AR

L
T3 dYas Atslsle] Al4ksl= hardware-aware approximation ¥4 53 A&
S AZE Ako 2 t<eslelal, quantization precisions FEEFOZH AT A &
& 39 g & At Aol 4 Slth ol 9fell incremental precision AAE =13
of, 9AME FA A F2E Fol AU Tk wE A F7HE AP AR Aojste
2 3ok stego] AA ZHo)AE canonical signed digit(CSD) Q12d & g3t 23
83 gl 35 AASA, segmentation factorel w2} psum<E pruningsl= segment-
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aware pruning 71H-S &34tk o] WL ZF AIHE oA EH e A 2 w4
BAL AAEME Fge Edo] BAGA dEF vk A4 23, QUNF+= GELU,
negative exponential, reciprocal square root 4F R4 7]E RI-LUT, GQA-LUT,
PLAC th¥] B¢ 5% o’ =& oA A8 =9} oF 60% %2 area-delay productE 2433}
At} RoBERTa-large & T5-base o) & 43t Ao A= GLUE benchmark 7|& #H+
A= &40l 0.72% olWE FAHNS. A o= QUNF= HIAE 4 -8 unified
TAE} 7M7) FEEA, 718 LUT == PWL 7]4F Z o] segmentation 4 & &3}l

T2 dAE do, 4& =8 729 WE AAE A3 quadratic approximation 7%k
g 71712 BriEnh
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A& Du, et al.(2025), p.4
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