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Al Compute Demand Surge & the
Invorse Moore's Law

Inverse
Moore's Laws

Breaking Point:
Demand > Supply

66x Cost —
Increase
in 5 Years
Traditional Moore's Law 20?°_: GPT-3 2025: Lama 4
(Compute Power x2 every 18 mos.) Training Cost ~ Training Cost
£$4.5M £$300M+
2023 2025 2020

Global IDC Market Growth (2023-2030): Al Compute Demand >> Traditional Compute

BEREAETH AL AN ERIEL
% GPT-5. Llama 4. Claude Opus 4.1 % XA A 69 R iE 3, A L HAN
B4 K .2025 4 ,0penAl GPT-5 A HHABAT LFME A 3 Z1L5) 52 T X%,
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B, V% Llama 4 69 s AT R #ATE T, @ 2020 59| % GPT-3 ¢4 A4 A
450 77 £ 70, EFRIGRAE KRB e KA F ROHE 21T E— M)
H A BERAE U R, M) F S R A A I — B ER 89 54 AR iR

Hetergenenus Compute: The Key
Solution for the Large Model Era

Diverse Inference Scenarios & Compute Demands

Universal Conversation / /
Smart Assistant | @
Low Latency / High Throuzput / I

Multmodal Generation (AIGC) \
Extreme Energy Efficiency
/ Sustaned Compute

Code Generation / Industry-
ury-Specific AGI
High Parallaism / Large Memory

/' Complex Reasoing / Domain Knowledge
Domain Knowledge
Flexible Compute / Low Power

Optimized Solution

‘ ' @ @ # for Diverse Needs

Interconnect Fabric

|
By combining specialized compute units, hetergenenus architectures provide tailored,

efficient solutions for a complex demands of large Al models.

FHIH T KRB R XM R T F

LR ar, R GF S —F W T FM IS OF Ko ABAFE
AT E AR, AAIGC 21478 F. KA R SHEER (WM. &R,
3D. HFA) FHF, HHAHNEREFME HE) TR HATH AR,
H ) HBAGE R 7, A E) M AT AR RO M3 2 R A Z AR F Rk AF S —
AR AR S m i R, A A @ 2 AR Bl A 89 7 L L (de CPU,
GPU. FPGA. ASIC ¥) , B4t RR G FRERKG T A MET R, RAKX
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1.1.2 BRI EEL &= LIKF)

AEA2HTEAN, SRBMSSE G BRI Al o) Kb B K R, Tk
TRAANGZLIRHA S . T EABALR AT AahiZ M NE LK%, AHAR
B R FAE R, BEEETER, ME202556 7, YALALA P OARE
LK 1085 7 42, %7 4L H A MAL ik T88EFLOPS (FP16 k45 %) , A H 334
{5 sk 8 = o F AF-E- A2 AN, 2025-2030 4 B 248 7 ou A F R AEH 20%
Ry R, AP ATFRES S LA 30%R I E 50%.

CHINA’S COMPUTING INFRAUSTRECTURE PROGRESS (2025)

COMPUTING POWER SCALE
(Jun 2025)
= 10.85M B
== 788 EFLOPS
g ‘}‘WANSMAST?QN »
o '?o,é.o_
2 WIEEHEME 70 caens
National Strategic Layout
STORAGE CAPACITY h .
(Jun 2025) o 4
1680+E8 7 sms Y {
# 250+
NETWORK LATENCY ‘ == New Fiber-Optic Trunks
(Jun 2025) S
City-level Regional
oo = == 1232 Thps
National Hub  National Hub Inter-Cluster Links

Source: National Computing Power Conference 2025, “East-to-West Data Transmization” Initiative.

P E A Sk R
"ABBATEEABDRES, CEAERAERES A EAERELIE, BRE
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FEAEAHBMNEGREEARR, TR EBAE L, H— BRI ME S Z AT RIEAXR],
3] 2025 F )k, ZEFTERGELSEN AEEAR, BRBAF SHR S £
FIHH BRI HAH 6 60%0A L,

Global Al Computing &
Industry Ecosytem

Global Al Computing Competition Industry Ecosytem: Multi-Party Collaboration
BNLOPS Enteprises

Alibaba, Tencent, Baidu
(Investment in Al Chips & Infra)

=

00

E g5 @ China Smart Computing Scale 1,037.3
g Capital Market
o Emcam Favored Al
3 25 2023 %} Companies,
L 2023-280R . - \ Active Financing
E 4 CAGR: N
E 46.2%
; 2 Al Large Models
2 & Hetereheneis
= :
8 Computing
2023 2025 2028 g
Global Al Server Market @
2025: - $300Bn
$300Bn 46.1% Developers
Annial Growth: 46.1% ﬁ Al Chip & Infra Providers Prospaous Community,
Cambricon, Ascend, Innovation Engine
Smart Computing Centers,
. & Public Platfi
2025 Generative Al Spending Ee
Favorable Industrial Environment
80% Al Hardware
Other
($128.8Bn)
($515.2Bn)
Total: $64Bn

AR ALEA EF 57 LESHE

ERAFEG, 23 Al A 540450, 2 1IDC 5HAN L 2T, 2025
S A Ak AL H AUEE ik #) 1,037.3 EFLOPS, 5 /& 2028 ik %) 2,781.9 EFLOPS,
2023-2028 F P EAFHAL ML BSF LS KEKL 462%, 2K Al IRFETH
it %) 2025 £k ) 3,000 12 £ 4, F1K 46.1%. Gartner FA M 2025 F 4 % X,
Al 338 6440 12 £ T, H b %4 80%F T Al 24,

A EE, k. AR FAESHALSESME BNEZKMEKmTE
BB, Bil. §EEHDY AL Al %K fofl h AR ARG BN, EXL.
FEFEF AL SR Sl figsl; SERFLFO. AINEE ) FEomehs
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BT FATHLE, AlEAXbLELFik, BEETHER. FAEAR
HEER, ARRCTRETRRRE DA IR SHTLEHESHE, A
Al XBER 5 FM) H 7 69 Rk R )38 T RAT 8 = IR BT,

113 BRBEEFAHEER

wATKAER F RO L PR, M E R T EEHLE R, KER
5 FH B IR LR A A R RRALE . I AR 8] R4ERA12, Mt Fadad
ERAFF EA G+ HE %7 (42 CPU. GPU. FPGA. ASIC %) , X#EL AL
B, R E SRR, e, GPU £ XA FFHE 5 @Ak R, &
S KA %, ASIC AR T4E 5 LR Z, ESEEmik; FPGA I A
RIETT G AR R SR, AR E N R TALRY Bk E K. @it FA T M, TN
TR REAR GG FAL G0 BLéh RE AR T, M IR R 09 AL

LARGE LANGUAGE MODELS & HETEREIGENEUS
COMPUTING: A PATH TO OPTIMIZATION
Unlocking Performance & Efficiency

GPU
Paralel g
. cPU PI'QCBE.SIHQI'
B (ot pupoce) BREAKBREUCTH

; A PERFORMANCE
LLM N COST REDUCTION
., > - —_—
W | HETEREGENEUS CoMPUTE J
; ARCHITECTURE

Source: Internal Research & Analysis

KBEA L FA 5y 69 iR Bk &

Rim, FFHIFE 69 R R T A6 R RAH) R F E R — 8 AR
A G RACFAE SR AR A R G 69 BIBA B Ao 84T TT 4R T Ae AR A
BIHLER; TP RH & RFESHBAF RO BRI, F T WA, X E 1L
XL FHHT) 6 mk & R RBA &\ 08 6, BFH TR AR
ARRRMF 2 7 @ W R A1 # .
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HETEREGREIOUS COMPUTING INTEGRATION:
CHALLENGES & SOLUTIONS

Naviating the Path to Optimized Performance

CHALLENGES + SOLUTIONS 4

~ SOFTWARE STACK COMPLEXITY
+ Unified Programming Models

+ Compller Optimization

« Task Scheduling

UNIFIED PLATFORMS

s Integrated SW/HW Stacks
+ Common APIS

1

OPTIMIZED SYSTEM ARCHITECTURE

+ Smart Data Orchestration
= Communication Reduction

DATA MOVEMENT BOTTHCLES
+ Inter-chip Communication
Memory Acceﬁs Overhad

v

ENABLEBMENT & GUIDANCE

DEVELOPER an'nms CURVE
* Multi-architecture Programming
« System-level qndemanding :

+ Systematic Playboks
» Training Programs

Source: Internal Research & Analysis

BM A AT M PG Rk &

BEEX—BFZFT, FAEREAGANBEARIEEHELERAE, L3, £ T K8
AL FTHERFE, BEXERETHEER, ¥ ToMEFMEINFRETS
KR F Ao KA 69 R ok 38 FAR T 8 2 0 TR 52 7 MR F) AR A4 2840 69 4%
M. ERY Akt ki, EL2ERFHARETHREER LTSS, §25
4TS A A BEFM AN KRB RGEM . KRES AR —F G,
ATFEFZRELT.. EROBERES, EHRER LS FHEH GRS
= AL AR 5 55 47 L IR
2.1 &3 Al RABER X EBA

2.1.1 B KBERFZREZR

2025 4, AH Al REVH AR ZIBRRER. ARHET K. KEDHR
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FHeg K B AH . VA OpenAl 4 GPT % 7| A4 %4, M GPT-3 49 1750 12 %4 & J& %)
GPT-4 #9574k 1.7 AL A HIAEE, B3] GPT-5 TH L3 3 £ 50 mAL A%k, #A
SR F 2R EEIE K. Meta 49 Llama # 74k ) IR KA A 69 474F, 2025 4 A
K49 4.0 R AR E KA K MoE (Mixture of Experts) 24y, #2487 = AR B AR
# pg A~: Llama 4 Scout (1090 12 %4%) . Llama 4 Maverick (4000 1% %4%%, 170
108 7% %-%%) #» Llama 4 Behemoth (2 712 % &4k, 2880 1Lt & 54, 16 %
), BEIT RAELA RA R 37 75 6.

Exponential Parameter Growth MoE Architecture: Efficiency & Scale
in Leading Models

Scaling Up
|
1 3
Input Router Ji —| Output ]
. Dynamic Routing Selective Activation
GPT-3 GPT-4 GPT-5 u AW K T e
: 5 " : ama 4 Maveric| ama emo

(1750: (2020): (GPT-4 (2024): 0T (2025): 4008 total, 2T total, 2888 active

175B Parameters  ~1.7T Parameters Parameters 17B active params params (16 Experts)

2025 Global Al Large Model Trends: Scale & Innovation

AR AL KB AR HIAL 69 35 838 K 5 MoE 2244 649637 2 A o

R AR I &, Transformer & A KAEA 69 TR R ek, ) of ZF 4]
TR F . MoE (GRAH RAEEAR) &2 W EHHIF, ERFELYE
TR B ERAT AR A, AR (World Models) 45 & #) 2 5T 3R 35769 A
AL, Ay ZI I B AT BT EH; SRER A A RBEE 9 4FEL,
W — 8 ALY BB AR F. AURF S AP 09 L M Ao 2 R 2025 8
F , Anthropic £ 7 Claude Opus 4.1, #5474 7t 32 7+ £ SWE-bench Verified & /#
MK T4.5%, ZFIGIRT IR AR HTRE T)
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Evolving Technical Architectures Thriving Open Source Ecosystem

Beyond Traditional Transformer Driving Accesliblity & Innovation

" Meta ‘ Mistral Al Series ‘

Meta Llama Series | Mistral 78
Lama 2, Lama 4 Mixtral 8x87B

Transformer & Variants
Mixture of Experts (MoE) ] e )
Y F/
@@ Open Source @ ALCON
Transformer & Variants Input World Models ':‘:I’h Intta Intenal Model Foundation UAE Falcon Series
—a ym - - Interral Planning Falcon 1B0B
/ —>| Inpul ) - i rg S A KL e
|ﬂPut+| Decoder | | ot E“PErt A f\{.:‘/!
T . e EnBatl NPt Open’s s Closed Souice Perf (2025 Q1
~ - — nis™ hY /
EE_RT__ [ B{'-ir_:l_' m Expert Mode|s Pen source v ose ULII(-E: errormance
BERT, GPT 4§ (E1,B22..M) Environment
Dynamic Routing for Efficiency == .

Closed Source Opesthe

Closing & Surpassing Performance Gaps
(Source: Artificial Analysis Q1 2025 Report)

2025 Global Al Large Model Trends:
Architecture & Open Source

AT KB 3 R 6938 2 5 TR A A 05

FRAEASHERZEAGR KA LR —FZHME, &6 GLM £ 7).
Meta &9 Llama % 7). T 269 Qwen A 7|, 5% T A 3. Mistral Al 49 Mistral
# 7). FECH 49 Falcon & 7] 5 FFRAL A 69 KA, M KIS T XABEA B A 65
B Fa | # o iX s FRAE A TALRAE T 3 K o9 A ahfe 7y, 838 i FF AR EAKAD,
AR E T T EAHZERET ERXNOERTFE,BAET XREAT FRBER 6 Bt o
. 3 Artificial Analysis 2 ] 2025 4 Q1 3R% 27, FRAAA A4 L5 WA
A ESEELEYE ), EEEF LS ELE RN T A,

2.1.2 B RBERAFERRE
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Large Model Development:
Quality & Efficiency ltciency

Improvement
n . -
(1T} & Alibaba Cloud: Tongyi @B Huawel: Pangu-Al
g SHanwel () + Trillion-Parameter Base
& o, OPE'.'"S"‘”'Ce Leader _ « Optimized Training/Inference
o . Mu\ilmotjia1 Understanding & + NLP, Scientific Comuting
< Generation * Ful-Stack Al Ecosytem
+ Continoous lteration —_—
‘< él Zhipu.Al: GLM Series (! Moonshot AL Kimi Intelligent Assistant
=2 2 . » Long-Text Processing
E 3 :dpe:'TCTECE: Eoulles 2025 * Lossess Long-Contect Attention
O L C:mzl;?(g‘g;k :::Eéon ) Innovative Network Structure
QUALITY EFFICIENCY
+ International Competition + Optimized Training ’T DeepSeek (2025)
+ Advanced Capabliities Faster Inference afl ]

R1-0528 Model: Intelligence Index 68
(vs 67B: Index 20)

+ Continous lteration

| * Training Efficiency Optimization

OPEN-SOURCE ECOYSTEM: DeepSeek, Qwen, ChatGLM on GitHub

PEAMA REKK REESLE
¥ E ARG R 2R " RAIEE"GSE, BALE LA BRE
FHHBER T, MMEZEEHELFF (Qwen) RIVEFRAR &% XiE,
BEFGEEREA, EERSERFER T BT R E L, £AMEERER
ETFACBEHIER L, t—F RTINS R AR MEAE, & 2 NLP. #54
HELZAMRBR, FHEEAGERAI LS TR ZEM.
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CHINA'’S Al PROGRESS: TECHNOLOGY
BREATHFGHUGUWS & OPEN-SOURCE ECOYSTEM

Key Technical Advantements

L Moonshot Al: Kimi Intelligent Assistant A Zhipu.Al: GLM Series (2025)

* Long-Text Processing .| * Model-Agent Deep Integration
+ Lossless Long-Contect Attention + Enhanced Complex Task Execution
* Innovative Network Structure

M DeepSeek Series (2025)

* R1-0528 Model:
Intelligence Index Index 68 (vs 7adex 20)
* Training Efficiency Optimization

Thriving Open-Source Ecosptem

(&) DeepSeek &) ChatGLM

G1HUL®s 71525
7024 Inclxing
_-..I

Downloads Forks Contributors

GitHub Platform Ehervie
Significant Attention & Active Developer Community
Adoption

[ Fueling Innovation & Global Collaboration ]

Z#E AL 8 GLM £ 7)fe A 285 @ 69 KIMI &4t Bh TR AT B A XBER AR Z
FRE L& By Ral. KIMI i@ )37 69 W 2425 e TR, AR XALE T &
WA T £ RS, ZIT RFKIZEZE S HE . GLM & 7)) £ 2025 53—
P RRE TR AL Agent i), ZIALA 5 Agent #9IR E gk b, I T L RAES 69
THE ) o

2025 4, DeepSeek % FI#: A £ E M sh5IA 2 %iE, 3 R1-0528 A4 4 4k
PR TKB 68, MIET Hm 6TB AL T RERI;, RIAT FEAE KRR
SR FERMTEYGESN . BARBERAEAFRES T HELRMFT 2FHE,
Deepseek. Qwen. ChatGLM % FFR# A & GitHub 5 F & #1537 K2R EZM R
A, BRT ERGFEEARK,

2,13 KBRS AHFTHEE

SN
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Al Large Model: Expanding Horizons & Market Growth

Internet: AIGC (Text4o mageideo|

Seanch & Rmmnum '_9 M Assisted Diagnasis,
Smart Customer Service, ﬂ{l 3 Kriowl=dge Graph
Rapid Growth Anticipated! ~ CodeGen
> 294.16
=
(5]
§
8
S
v
General & Gumml
Dialogue
= 294.16
2024 2026
r I'Il'{ff.) . Drug Discisted Diagnonis,
D«m Irspection [3_ {_,_-: Persanalized Treatment
Predictive Maintenance ST Patient Services

Source: iMedia Ressarch, 204E. China Al Lrge Mads Marke!

KAEA T G RAE R ) ST
FA RAEAH R 0 R R A, R A R e AR A . A 8
AstiES T, 2V TR B TEFEATL, BRTESHEALS,
Vo K0 BB B, 2024 b E AT KA T HAAME L A 29416 1L 4, it
2026 454 5 ik 3 K

Internet & Content Generation:
Al Large Model Applications

AIGE Search & Recomendation
(Al Generated Content) Systems
T, £y Vector Reteirval
) ® ;@j Endaalandig
T,
Textdo-image Texi-to-Video Gié' wmm‘z Q mﬁmﬁ-dm

Intelligent Customer Service Code Generation
& Content Review

- aRe
" Real-time Processing
— Enabled by
| 1l Heteregernous
Tradiional Methods Al Large Model Applications Computing

Increased Efficiency & User Experience

EBA 5 A A RAR B KB SR
BABER SN LR, AIGC (Al ERAR) RAEHLIE, GiELE

B XAMRF R R, FH I AR ZERBRA TR KA X 5

HARAuBE R AR, ELEMEHAR, GPU/ASIC hvik 7 R %3, RITT




Al KBS RME IR E TR B B

A PR T R R R RER NEF A KA ERF N LE LK AL P
FEZEA, KEEITT kSR ERA PIRE,

Al Large Models:
Transforming Finance & Healthcare

Finance Industry Healthcare Industry
Smart Risk Control & Investment Reearch Accelerating Discovery & Diagnoss

Intelligent Risk Control: E&
@ Real-time Analysis, Risk @ Drug
Risk Pattem Recognition @@ Misecule
@ Simulation

=

4 S
\ 3

Low-Latency Inference & High-Concurency Processing High-Performance Computing

Enabled by Hetereentia Computing for
Enabling Real-retime Financial Data Analysis Efﬁciencysé Accu eacyl UG

>
%)
o
E ©
13
88
Al Large Drug Discovery [ AUl 4 Auxiliely @ io
Model Knovllelge Graph, Model Diagnosis: Medical & o8
i Decision Support ! Imaging, Pathology & q>;
2 €
@ 5
Investment Research: ul_ &
Knowlelge Graph, . < (&1
Decislon Support Personalized =22
+® Treatment & T =
Patient Services B
«©
[=4
w

Aoih 5 B 5TAR RS KALE B
2RI, KRR 54 B4 S, AR AR RIEL BT 7 B AFEEZAEA
IRIER A28 | 3 IF AL LA A AR AT KAE AL AL 9 L B -7 i Z 2 ak I, 75 R
X, WHHFERE. B AICHAESREF Z6FERAB E, HLaRITL
AR R T A H A%

R, RAEDERGFREEE, & EH5MEIN HHTH . AL
B ERIRGFEANT®E, BRINBmkBY A FHEANER —IT5 T
RO ERB . EF BRI RELW By TREMFE AN F RS,
FH I B FINTE BRI T AR A
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Al Large Models: Industrial Applications

Optimizing Processes & Predictive Maintenance

Q¢ S

Industrial Quality Inspection Al Large Digital Twins & Simulation

Model Simulation & Optimization:
Technology Industrial Process
Refirement

Visual Inspection Models:
Defect Recognition in
Complex Scenes

/
vl Ay
=
=
" =
gl &
-
Predictive Maintenance o1 &
j9 Q
Equipment Monitoring: Real-time j z
Analysis & Decision-making = 1 #
20 o
C ——————— S|z 8
o T
— 2l = $
Traditional Methods | Increased Efficiency | Al-Enhanced Processes .
& Uptime
T AR IR KARA B A

BT RARIR, KBERAET WA HFFE RETNBEY 570 LEE
BN o ALTEIR Ao KA AL 45 IR 0] AL T35 M, 5 B A KRBk
BER T AAACT A SRAR, S Sk Ty 57 6930 B AT 5% 20T o e A T
22 H & REAE PR

22.1 WNHEREHL ) F KoM

KAEA Y| rxd H Fy 09 F K Z I AT BT KA 0935 K& H AT B A A 49 9] 45 s A
IE AR A8 3% B K, Anthropic CEO 77 9] %k s AT #E 2 2027 434 ) 100 {2 £
1000 12 & LAA o TSR I % —MF & LTRSS GPU F 3%, %
B KIAHA , N HEA A% ERE THREHER,
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EXPLODING Al TRAINING COSTS

[ OVER $300 MILLIONJ

N\
66X

INCREASE
FRONTIER MODELS:
TRAINING COSTS
COULD REACH REACH
$1-10 BILLION BY 2027
2020: GPT-3 2025: LLAMA 4
=i _, [_:1
== S

TERASCALE GPUS & MONTHS OF TRAINING

KA ] h R A N XK

BEGFA AN ERRAEFREK, 2R E5NAATTR. #ELLEE
MIER, G L Aefe . AEFRE AT, XBRAREE LR HRSXERNF,
AL ERAREZER;, EENRLG T, FREIR. ZiTdiEF, 3w
B ERARA BB Je Gk Aot S sk, SR A it AR AR o X 2k
% BAC R T RALAT T F ) 9 AC A B B 16 AR

14—
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THE ASCENDANCY OF Al INFERENCE COMPUTE

INFERENCE
COMPUTE
CHARACTERITICS

() Low Latency

High
High Concurency

qu[g Energy Efficiency

RAPID DEMAND GROWTH

é\

AIGC & INFERENCE

COMPUTE DEMAND

DRIVING EXPLOSION
TRAINING

AIGF INEMART
SPEND: $644B

80%
Al HARDWARE
(INFERENCE)

2025 GENERATIVE Al SPEND
(INFERENCE)
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COMPLEX
CHALLENGES

== Optimizing for Diverse
{== (Edge, Mobile)

Optimizing for
Diverse Needs

Massive Request
Orchestration

Service Quality vs
vs Cost Efficiency
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THE “THREE WALLS” HINDIERING Al
SUPERTRAINING

COMPUTE WALL MEMORY WALL COMMUNICATION
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* Si * Limited Bandwisth & Inter-Node
SI:il:_:_?:e-Card S Capacity Commurication
imvinthi * Terabye-Scale Overrhead )
* Diminthing Returns Model Parameters « All-Reduce / All-to-All [

from Scaling @ to-All Boftlfhecks

« Bandwiisth Lagging 2

= Growing Demand > Compute (3. 90 0100x) N&y
GPU Advances @ Intenmeect

* GPU Memory as Compute
Future Bottrleck

MODEL GROWTH
.

il
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Major Bottenecks in Large Model Training

HARie R EFHEH LR TRE, BpiE R &edted GPU Xk, HitH4k
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COMPUTE WALL MEMORY WALL COMMUNICATION
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* GPU Memory as
Future Botttheck

Compute

MODEL GROWTH
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Memory Bottlectleck Dominates Al Training
WAZ G M) AFG RAE W L3845 T4 89 IRA) o KRR AT I AT X2 5 & 088
%, %= AllReduce # & F] 7+ AlltoAll A8 3%, @43 M AL A4k R T Ha .
RAEAGR NI ER W, E52 Al feig Z 200 693845, AR A Al D R A9 HLE o
TR EGBEAEL S KRR AL, $H20 50, SHEENAAIRST
90,000 4%, # Z & AR S T 3045, @54 MAH 57K

17—




Al KBS RME IR E TR B B

THE “THREE WALLS” HINDIERING Al
SUPERTRAINING

COMPUTE WALL MEMORY WALL COMMUNICATION
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et er-Node
g E @ ; Commurication
| T = All-Reduce / All-to-All
] « Lirmited Bandiwisth & « Bandwisth Lagging
= Single-Card Power PRIMARY Compute (3x 90,000x) / /A1
. TELBETEN =
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BANDWIILTH VS
COMPUTE GROWTH

Perfomic {lntasse

* GPU Memory as
Future Botttheck

Time (Last 20 Years)

MODEL GROWTH "~
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Communication BottlecDominates Al Training
CBATHET A KBEA D K IRA B F, AN SRR £ R
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KA Y hFo i B 3 H N FERTRT ERGRRIE S o AT BAEA 499 25 %,
A 2020 58 450 7 £ 23K 3] 2025 £e9 30 E ol L, K TH 664,
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THE SOARING COST OF
Al COMPUTE

Training & Inference Drive Escalating Financial Burdens

TRAINING COST OF FRONTIER Al MODELS

300 2025: >$30M
a 100 y
3 2020: $4.5M
66X
e}
=
£ Al INCREASE HIGH COMPUTE COSTS:
g 100 A Barrier to Al

. Adoption
0 T T T T r
2020 YEAR 2025

INFERENCE COST :

Inference: Lower per-use cost,

but subssatial at scale

: Early Large-Scale .
Applications  Deployment Especially for SMES &

Research Institutions

KEY CHALLENGE: Accessbility to Advanced Al

KAER | A T M AR BRI K, RSN F R R RAIE S

BIEP oA L" " W A AR BT EB AL R, B ERERUAE KA
B, WRTHIEFT ORI RAARBEIERN TR R, £"RR" B FRART,
HOhF (E 58 WRMEA) ERAMM AL IR E . ZAKE T S%HE
TG B 0 R HAR . RBBANEAERBIE T SRAEN EZT &, %S
&) A A 20%-30%, SEARE| SN A
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GREEN COMPUTE FOR A SUSTAINABLE Al FUTURE

Balancing Exponemtial Growth with Decarbonization Goals

THE PATH FORWARD:
THE DILLMEMA: COMPUTE-POWER SYNRIEGY KEY ENABLERS:

=
Smart Workload
’ a Orchesteration

EXPONTIVAL DECARBONIZATION

| ADVANCED COOLING SOLUTIONS:

DATA CENTER GROWTHX (‘DUAL CARBON") g COMPUTE-POWER AN Liqui i
iquid Cooling
me CO-QPTIMIZATION =.|_= (20-30% Energy Savings)

t , 7 Workoad
. Orchegtration Renewable
Integration
P Rising Energy Consumplir
& Carbon Emissions

4t‘3

Rising Energy Consumption Dynamic
iiei Management ENERGY EFFICIENCY METRICS:
S0 Banisions PUE & Chip Energy Efficiency
(TOPS/W)

DRIVING DOWN PUE & CHIP POWER CONSUMPTION FOR SUSTAINABILITY

KFEF ol ‘S’ BARZRGFE, URELSE. RAR AR fodt Z b2 L% &
Hhomrrn £

bR PR A B E ) AR IR G0 TR A8 AT A ARG AKERR A P S AT S
EEGARKAFTOHE, FEHHRAT LG EZAH REBER. TH
ARBRER A RBERNFTREARSFR T Z8 A, &3P PUE (Power
Usage Effectiveness) {4 K7 A&k. BB, %R L (TOPS/W) #9432 I 4L i A
AL G R XA TERAR, BIRMCIH. FBRTIRUFTFER, ARG
F) B A AE A2 o
2.3 BN SHE A Al aEa ik

231 2R EHhHEEHH
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China's Intelligent Computing Power Growth &
Global Al Server Market Outlook

China's Intelligent Computing Power Global Al Server Market Size
(EFLOPS, FP16) $B USD

o -

2023-2025 Growth

$300B

2023-2028 CAGR: 43% ,
1,0827 ‘

2,781.9 1,037.3 46.1%
1,037.3 projected $200B
estimated  projected -
2023 2025 2088 2023 2025

China Ranks

#2 10.85M 788

Globally in Standard Racks | Standard Racks
5 in Use J Intiont Power

Computing Power 55 W (2025) /

Scale (2025)

A A L AL K TR B Ak AL RSB T R 2
ARYE AT RIE, BME 2025 56 A, T EAAERE ¥ oAFAEMRE 1085 7 R,
% Ae H ) MAE L T88EFLOPS (FP16 ¥45 /%) , A/ &ML E 2 F =, IDC
FRM 2025 S5 & B 47 4k H A AL K ik 3] 1,037.3 EFLOPS, 5 42 2028 4 1% %] 2,781.9
EFLOPS, 2023-2028 4 % E % ft L /) ML A4 2 A3 K 1k 43%., 23 Al Ik
427 BT 5] 2025 #4451k 5] 3,000 12 £ 0, FI3EK 46.1%.
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Global Computing Power Distribution
& China’s Challenges

Global Al Server Computing China’s Challenges in High-
Power Share (2023) -End Computing
Rest of World
E:C'E] @‘@ ir
United States J i
34%
High-End Chips: Supply Chain: Core Software:
Tech Blockades Limitations Gap with
Limitations & Global Leaders
Bottmeltss

I IS 5 F B & ls 6 P
MBS kA, EBAEG SR FE N R BOET Bl &% 53, 7
HREFG AL SR BB F KA T ) E#BRBELOF Al RS BALNE
TR, ERAFEREH LR E RS F A 34%F 33%, FEAEAE AL LTI
FEERF =, B ESRmS . M SREF T\ BTGRP £ AR
FEABFAGH T\, TH TR A4 RA, FEAES S ALS AR
Bl PR, X EAUEF B Aeik § AR BRIt
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Global Computing Power Structure
Transformation: From General
to Intelligent Comuting

China's Data Center Computing Power Traditional Intelligent Comuting |
Dewer Demand (2025-2020) General Comuting (Mainsream)
nnnnn
Al - -
20% IO
A';T:T;g:tf%’;ﬁi?) CPU-centric Al-accelerator-centric
i Architecture. Architecture (GPU),
For diverse worklads. For Al worklads.
For Al worklads. High performance.
Al Limited for Al.
50%
- Acclerating Shift
General General 4 ;
Comuting Comuting System Architecture, Programming Model,
(70%) (50%) Software Ecosytem Reconiguration

AR A MR NBR R AR
WH A ¥ A, 2R FH BB AR et kst Lo 4% CPU
A oo By 3 ) 2R M L% R AL TAE 7L 249 F K, L GPU. TPU. NPU ¥+
F AL oik B AR A LR, XA T TAURILERMEE, LR
B RARM . HBAERAE, RHEASFEIANT @, EHDENTE S LG EH,
232 BAFHEPSHER

REFA PR RASRPATEZHE. PECHSH R Ims iF2EIRT
AR, Sms B KB A M. 20ms B LIS EFARA Y LA M, HH Mk
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EAST-TO-WEST DATA TRANSMISSION PROJECT &
COLLABORATIVE DEVELOPMENT (2025)

Progress as of Aug 2025

Collaborative
Development Initiative (2025)

(¥ Jointly build a computing power
monitoring & scheduling system

(¥ Break down regional barriers &
unify technical standards

(¥ Formulate security regulations

Trunk Fiber-Optic Cables Inter-Cluster Direct
Links

Eight Major Computing Hub Nodes

"R AT S TAL R 5 bR AR
AR AR &, BEHF R AT TR -F SR, A
AL Ao i I RAE T KA HE A 33, BB H PRI KB, BRTE
AEBG A A BAERN %, 225 FAF AR L, YEFAFEL0TE,
&R —ANERBI ) PEAE R R R R NBARRM A, BAH I+
iR R M AR, X #HCPUL GPU. B = ALK F 5+ HET, %
' —= 5" G EABL,

24
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Al COMPUPTING CENTERS &
TECHNICAL ARCHITECTURE (2025)

Natiomoide Al Computing Heterregenos Computing Architecture:
Infrarsucture Network "One Cloud, Multiple Cores"

Al Public Computing Power
Open Innovation Platforms / \\
p/l \ ) Al Computing Center
N ‘. / _.’

i !
{ i o
i} s
- \--“‘ \_ / o =
! v
S

f | 0 e
. v o . o = s E China Computing ‘
Yi o '. \ Platform Fully Integrated cPU GPU / Al Chips Donestic Al Chips
N 3 (2025)
E ¥
01 09/
£ (o) oo
s /,,/' &8 Unified Computing Power Pool
{ "5 ——
FHPokREHAR

233 BRIHFER®F ER

BREGESE T —RANBEIFHEN A Z L. 2025 &, ASI <X
TRNER"ALFRHITHGETI REBAFRE)AEF. BREREFEHAH
ek Ay b BRI, WA E A KR GRACH E o 0 A 2023 £ 12 A,
BHRAFER AP R CRNER" KRG A" LA ety 20 — R H /) W 89 5
MEILY , NAKXFBAFRGET A ML BRAFS. Fiedh. BAF —
AT By, A BIRAES — R, H H5RAE. EE—IkLp A, Bh 5%
e w) — Rk s, ALKk ERERE— IRt
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CHINA’S Al COMPUTING POWER LANDSCAPE: A MULT+LAYERED APPROACH
NATIONAL STRATEGY 2023 2025

State Courcil: "Al+ Action -

Nat'| Data Bureu: Coordinated I
@ Infarsfcture & Infassircturg” Plan: 5 Key Initiatives Strengthened Compute Coordination)

5, Compute-Security
Integration

2. Compute-Data-Algo-
Sosioral Application

4, Compute-Data-Algo.
Applicatr Fusion

1. Integrated Computing

EECE
e BOUB | " Eksp

LOCAL GOVERNMENT INITIATIVES & DIVERIFIATED MODELS

REGIONAL IMPLEMATION . DISTINCTIVE MODELS

== Top-level Planning & Coordination
U

1IN (State Courell, Nat'l Data Bureau)
Green Compute  Industry-Specific AIDC Industry-Specific

Support Policies .
(Reswabiles AIDC (Lacal Indugriers (Local Industries
-rich Regions) Pliciies) (Pllot Cities)

& Local Government Support:
[ Substicics (Land, Tref.

[ Open Platforms

@ Compute Vouchers PNe)
£ Compute Vouchers (SMES)

INDUSTRY ECOSYSTEM PARTICIPATION

‘ 2025: Huawei Ascend 384 Super Node

Enterprises (300 PFLOPS)
NvIDla H20 Emerging Domestic Al Chip Vendors:
&\\/\é Huanetic Al Chip Players Biren, Vastal, Muxi, Moore Threades

I : =] ) =
-~ Al Chip Development: = @ = -c'\...%
= Huawel Cambcr_d Series, Hygon Series —_— Alganthm Data Develaper
= Hygon Information Biuxi, Moore Threades Inrevation (\picatio omnui

Compute Ecosstem

l @) Integrated Security & Green Energy ‘

W BB B R K, BE T — 22 IHBEE SBdIFHE O
AMRE M ERL TFRFE FHE, BRI AAMXLLFR B EH, Hlde, —2
WX AR P ST L. BRFFTRNRE; —ERREAL"FAH R "FH
X, BARP Pl iE A H A AR, — RN EEXHFFH LRI, HEhH
7y 5 75 R ER A

AT ZEF, BT EBFEHEEAE X — L RIRIEFF 0T H LR
RAR, R C Iy — R KN 454 A = &, ERAT % A s
— R EFTHNERNEGHR L, MEFH MEKRRZ, Xk L L ERIK
R, AVBHHEBEEG SR BEAERET EXEE

g, k. TR FAFE ST 5AL5AEME. BAAISHTHES
H £ BA Fihik H20. £ AR Z 5], XL LA T, HA45 8 DCU £ 54,
2025 5, A H R TG 384 8 AN, LI A EAALE 300PFLOPS, &
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ATEAZAlEAHEREL . ERL. BN BR. KR FEREEFE > Al
SR RAUERLGE, AREHEZFHEDESHEREAE.
24 FMHES A LRAR

241 M E X549 %

FAH I FRIGAER — RGO R £ SRR AL, AR R
RPATRE R GE S A Al XARR T H ) &R S48, - R
SBUXE LI BT E R, A A A TR AR A R T, SO R A
89 FAAC ARYE L AT 89 R, FH#3  £&9 % = & : CPU+GPU. CPU+FPGA
#= CPU+ASIC,

HETEREIRGENEJS COMPUTING:
ARCHITECTURES FOR Al SUPREMANCY
Integrating Diverse Processors for Optimal Performance & Efficiency

———— WE SRS
DIVERSE COMPUTE DEMANDS “Eswe PreRelian | Customizable Logic |
g - N 72 : N [ B
{¥— 8 gl -
CPU +GPU CPU + FFGA CPU + ASIC
General-Purpose + Flexible + Optimized +
Parallel Processing Programabble Application-Specific
; Common for LLM Traininy Acclteration Extreme Efficiency for
4 ;,‘,-_‘I\\1 i Intenaive Compute Dedicated Tasks
(ie») Custom Algorithms &
- HETEREGENOUS Hardware Accleration
COMPUTING
Combning different N S
processing unis to accelerate p » A N =+ /
veried tasks \ Maxinized Efficiency
Source: Internal Research / Analysis

FM MR ALK 2B AR
CPU+GPU 2 %% W49 FAy it fien 4, CPU #i i@ A 3t A fe4t 498 £, GPU
oo KA AT XA AS AR A T GPU A5-4TH @ ey 4, &4
KHE A ) S B E EAAL £, CPU+FPGA 414 #) Al FPGA 85 2 7% T Az 4%
M, EAFERANMIRNGFT, o dF 2 H R heik, CPUTASIC 4841 4
F 4k & R $EAT IR E AL, 4= TPU (Tensor Processing Unit) -+ 78 F Aok

TensorFlow #+ #-, A& LA & o
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ULTRA-HETEREONOUS COMPUTING:
THE FUTURE OF Al ARCHITECTURES

Evolving Beyond to Achieve Next-Gen Performance & Efficiency

EVOLUTION ULTRA-HETEREONOUS
HETEREONOUS ntegration & Specialization COMPUTING
COMPUTING - ~{ =] CPU, GPU, FPGA O—(m
+ g )
CPU + ASIC GpPu—> T E-0—%
Greater Flexibility Extreme
(Near-CPU) (Near-ASIC)

Finer-Grianed Task Partitioning
Dedicated Acceleration

M FHAH T B AR A o I8 IR HAR S
BFMITERLFHITENSH—F A E, i CPU. GPU. FPGA #= DSA
(Domain-Specific Architecture) % Z2#j4L3 240, B AF24EU CPU &9 R E %
Fa ASIC o9k ft 2 o B FH T L RM AT B hnAFm 69125 X 5 An & A mik, 52
AEHMEEARIE, RARRTERUOGERZLIET @,
242 FMEHAXBRGFZTHE

FMFAN X GZ PRI E BFRE
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HETEREGRIEOUS COMPUTING UNLOCKS
UNLOCKS LARGE MODEL ADVANTAGES

£0%
ePU By
tas

OPTIMIZED IMPROVED RESOURCE SCALABILITY & REDUCED ENERGY
PERFORMANCE: UTILZATION FLEXIBILLY CONSUMPTION
Specialized units for different  Intelligent scheduing bossts = architecture for evolving Energy-efficient task
tasks (eGPUs for training, efficiency by 30%+ algorithms and allocation for green
ASICS for inference). ost. loweing costs. incremental upgrades. comuting.

HETERERGEOUS ORCHERTATION IN LARGE MODEL WORKLADS

'INTELLIGENT! .| OPTIMIZED OUTPUT
b i | SCHEULER & REDUCED COST
GPU ‘ ASIC/FFGA CPU/MEMORY
CLUSTER ACCLERATORS NODES
|
' DATA
TRAINING INFERENCE
HGR e CEFfie PROCESSING
(High-Paralelisim) (Energy-Efficiency) (/0 Intensive)

— FRERGHFEARBKKBERRFF T, GPU £ RIAEFATH F 7
WA IR, EE KRB %; ASIC 45 24E 5 LR B, E6EEmig;

FPGA W B 2 & T HAZHFMN, SeBERN R TG AT K, AT FMtHE
Ze My, TR RE ER A FAE S0 BLd i 509 L I 2 0, i 52 I AR AL
8 AL

= MR AR RE RS TRANNE, BRERRA EEFEAT, X
A GG TAE R BAEE Z I S AHACAFAE, BUA T A E R HIE S, LA IERAL
BRAGIMERIES, T 10 FEA GRS, FMEHBIFRAL, F
R R G AE G55 B RAE S 63 R, B TIRIAE AR, s EARTR
AR Fo FFRAI, &30 FH) 3B BT AR 5TR AR F 429 30% A b, 235 K
71 Ao

= FHAARBT G T R g, BMAE RBEREAG R,
IO LR Fo LT LM R IL, T H Ty 89 % RO Rl A, M I Ryt
AP AR AN AL, B LIFHE N XA AL, AR EF R AR R X
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Fl o, A3 7 & X it X6 I Bde i e, & T ARYE F RKZ 3o X 237
HE R, BARBA T A9 R AT K e

. FM IR BT AR, ARG E . FRRE WA UARE R
pogrm SRR, B FAMPEE, T RS AR B RS £ T, K
o IR EAR AR A, 450 R—AERIZYF, ASIC 4= FPGA 5% At L £ e Ak 2ok
AAAEZLHTBRATHLAL, % 2EERIERI R £2K " SE"BIFT,
FHHEH X —RH A EEE L

FH ) BRRHM 5Bk
3.0 Fy it A4 A

3.1.1 £ AL E stk

HETERGIRENOUS COMPUTE
ARCHITECTURE OVERVIEW

Diverse Compute Units

| nuan
T | i -

CPU GPU FPGA ASIC

(CENTRAL (GRAPHICS FIELD-PRAGEMABLE APPLICATION-SPECIFIC
PROCESSING UNIT) PROCESSING UNIT) GATE ARRAY INTEGRATED IRCUIT
= General-Purpose = Massively Paralel + Hardware Recogudrable Optimized for Specific Apps
+ Complex Serial Tasks + Al Training/Inference + Custom Acceleration Highest Perf/\Watt
« Task Scheduling » Matrix Operations + Energy Efficient Deep Leaming (TPU/NPU)
+ Limited Parallel Al + High Power/Cost + High Development Complexity + High NRE Cost/Long Cycle
» Lower Power Efficiency * Better Perf/\Watt than CPU + Dynamic Hardware Logic Fixed Function

Optimized for Different Applications

FH KA Y S A £ A 6 % TR, 1% &35 CPU. GPU. FPGA.
ASIC %, S A FE, EATARRNEAG T
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CPU: Versatile Control & Scheduling

2 i

TASK SCHEDUING LOGIC CONTROL

CPU

= 2,

SERIAL PRICESSING SERIAL PROCESSING

Y//////

Al PARALLEL PROCESSING LIMITATION

Limited Parallel Al Computing
CPU (¥ k432 %) 4E 4@ M E 4, AA KNG EZHIEH AL 5L
J1, EERBERGETIESF SHMG T/ERE. A, EAIHEHFT,
CPU #y3t47it A A H AR A R, At rbiik. IR CPU@H £R % A0S, XL
# SIMD (#3542 &¥%) 4%, 4o AVX-512 5, —TRE LRIT Al 3
FERe, 12550 Al hoik 340 toAB A £ 36
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GPU: Massaively Parallel Processing

©

HIGH POWER
CONSUMPTION & COST

©

MATRIX
OPERATIONS

CONVLUTIONAL
OPERATIONS

Core for Al Training & Inference

GPU (BH 4 E) AR IE L&, B LR XGHFTHEMRD mRA
Al Y| G An 30 LR . GPU WA K FATHA S, EoPIT KA 473t
HiE%, HAALEEEEZR. ARELFAIBCHE X ERNKLF. K@, GPU
HHE T, ARAH T, BEX e ik b3 EZ Tt At h. Afidtbr @,
GPU 4 F CPU 42 R & FPGA #= ASIC,
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FPGA: Hardware Recenguriable for
Custom Acceleration

o o Lt
Customizable High Develo;?ment
Acceleration Complexity

Software-Defined Hardware for Optimized Tasks

FPGA (L% T HAZITEF]) BB AT EM O 4FE, AP T ARES T
B E R AT, SIS EAAAE T B hnik, FPGA ARt ZEW 7 @
ALY, HNESFERHMEN T, Kim, FPGA FRA&ES, §%
A 6 R iR, BT R AR BUK, AXABERF N EEK. 5
GPU/CPU A8 tt., FPGA R JF #k 4k 52 S0 3EAF 2R M), BR A 35 48 °T ARIE F K30 &5 A
%, # GPU/CPU 3Bl &, HIFATHIHRE N B TR,
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ASIC: Ultimate Efficiency for Al Computing

Peak Performance

P
/ \ N

Lack of Geneality
Fixed Function

Specialized for Deep Learning Algorithms & Fixed
Applications

ASIC (& R & e) 4Fxda4d 2 A ST HRAL, Rk b Fe bk il 7 & A L
FAEo ALA 89 ASIC dw TPU. NPU %, 44 xR 5 3] HA 48 L #AT 5 114K,
FRT RSO ET Emkit. A, ASIC 2@k, FARAS, AH
K, EHXIE. BEHFHEA. Mzt @m k%, ASIC>FPGA>GPU >
CPU, = A XM LERGRAREA: S THAEEER L&, BBHRB B HHK
A5 B RE AL L AR 5 o

34
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Hetergeneus Computing Architecture:
Syrengissic Advantage

CPU:
Orcherstation & Control

GPU: ASIC:
Massaively Extreme Efficiency
Tra[nlng Inference

Custom
\Acceleration

GPU:
Massaively
Parallel Training

S5

t 1 t -] . High-Performance Al
Large-Scale Al . Inference
Training Specific
Algorithm
Optimization

Optimized Al Solutions through Diverse
Hardware Combination

BEXERAGZFT, RRAGHKSAK: GPU i& 4 XKHMA 479 %, ASIC i&
A3k 2R, FPGA ¥ A4 R H ik mik, CPU i AL 48 A fededl. FHHHE
RABESEASXERE XB G LT, TUASRFEEZEANRY, FIEK
A G AR 89 AL
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COMPUTING HARDWARE TRADE-OFFS

Higher ‘
A Decreasing
Performance/Watt Decreasing
Flexibility
ASIC
£ Application-Specific
E Integrated Circuit
= GPU
g Processing Unit
E _
s FPGA
= Field-Progrmable
Gate Array
CPU
(Central
Processing Unit) (o
igher

Flexibility / Dev. Complexity

ASIC offers peak efficiency, while CPU provides maximum flexibility.

MR F L kA, ASIC 48 4 241 % h £ &4, GPU k., FPGA Bk
Z, CPU &k, 12 A R EW A F L EE R A, WIESFHA R £ LR FHITHE
A, @F K CPU+GPU #9446 T8 F) Al 91 %, CPU+FPGA #9486 T
FH B R ik 6935, CPUTASIC 694060 B T KA IR F, XFF S 4540
BRI A, AR HF T AL LR T RALM 2 F £,

312 B AL G BEARARZ

B ALG R LFRBATT RELE, BRT 5 A BEARBEEA 7 ik R o
ERT B OEERL. RAFIE B B, BR. K. BREES, &8
HFETEAFENALGER Fo

36—
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Cambricon Al Chip Technology & Product Lines

Edge Al Chips
Cloud Al Chips MLU220 Series Terminal Al
(Low Power/Real-time) Processors

Siyuan 370
(256TOPS)

Intelligent
f Processor
IP

Self-Develped DSA
Architecture

Birentech:

Cambricon: Tesla DOJO: SW
DSA Architecture Architecture
(NPU Route) (Compute-in-Mimory)

Near-Memory Comuting
Architecture

ESCANEYE ST
%r‘r‘iém’ﬁ%z NAL SR e F o, FETFTATFRSH T RO LL R

Rel#7, REZLHE2GFT AL LR &R &m/" & asE ST 290, &1 370
;El'—ﬂl’ 7,370 3£ 3] 256TOPS INT8 K 75 ; 4 %55 7 o & .45 MLU220 % 31,

R F & EaHH Al Joifft f; 2" R OFEFRALEE IP, KM%
Lon i & MR . ERXLKA AHF DSA A EM, 5484 DOJO &9 45 F —
PR ZR A Fm BEAT AL B 09 UL A 2R AT PR ) 89 AR 36 2%,
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Huawei Ascend Al Chips & Full-Stack Solution

Ascend
910 _—

Ascend

_—
310
Training, Inference,
High-Performance Edge/Cloud
Da Vianci :
; MindSpore
Architecture AlETAmBOr Deep Synercy
Full-Stack Al Solution
Large Cluster Deployment
Pengcheng Cloud Brain Il Wuhan Al Computing Center

N AL SR 5 2RMRT R

) FW 2 F)E R QAEFIE 910 Fo 715 310 5, 2o F M5 910 52 & #y9)] 4549
BAe ALK, FE310 2 2@a iy . FBSHRNXFFEH, I
3D Cube #+H 31 %, £ Al it sk @ LA 24 1. 4 AT 44 7 MindSpore Al
ER, SABEGHREHRR, BT e Al Ry F. F8BSR ABREE I
RXALFRA TP oFREHERFRE T ZEMA,

# % DCU £ 72 & F GPGPU 4449 Al #nig 8, % % CUDA A4, %
TR P EH A, HHXDCU = 5RH — 5 28 H A Al 5 7 @ & I3 4,
HRESRFHEL Al @60 8 A%, B4M BR100 2 2 X7 &5+ F R4
AT EAfesobsy @ BAAel#, REAAGHALGHGREAZI—.

BERAHL KR EREHE. BEREEFHXAIEHSLELEAFE, BR
AR EGRIAL G K, KA A GCU £24); R E R e F2T 5k
it GPU AR & ; R AN @@ B+ Ffe Al 3t gk 635, X q b 69 4] 37 3
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A E = AL SR HEAN S AL

Classifcations of Chinese Al Chip Technology Routes

NPU Route Da Vianci Architecture GPU-Like Route
(Cambricon) (Huawei Ascend) (Birentech/HyGon)

Cambricon
NPU

Birentech/HyGon
GPU-Like

i

| !

3D Cube

GPGPU & CUDA

Neural Network

Processing Computing Compatiblity
Technology

- &
. o

s8]

—4— Scientific & General

Cloud/Edge Al Large Cluster Computing
Inference Training

N

Diversiffied Exploration for Advanced Al

H = AL %S H A% & £

B=ALSRARASE. RIS, Ehfh 28 F SRS 5 @EA 45
ERAEHT®m, 2R BARARABMEAE, AELNLFHEEMLL; EFETD
oy, & KA Tnm. Snm AR ITY; EEAKARST @, &S % CHELER
KT, EAESkR R TR, BEIFETRAIER. REIB T ALFF X,

M T & A% A 1A%

MBARB LA, BF ALEH 2E2 5 A=K —REXLAK AN NPU
B, FETAENLLE; —RALARBEARKGEFFRUBL, %A
3D Cube #+ FH#AK; =R AEAN AXR & 69K GPU 8B4, k%5 CUDA A&, ik
T8 AR B LR B T B = ALY R A8 AE E PR R KT A2 69 % TR E .

3.1.3 %R Mk 5 Bara
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Al G F A rE e ol ZOR M 35 R S AN X 4EF5 47, @36 TOPS/W (H K457 1
RIBHE)  BAHAARAER, AAWRLT, TRBFLESRBET SH A LR AT
F o

Al CHIP PERFORMANCE & EFFICIENCY METRICS

@ Algorthm } : :
Characteristics

PERFORMANCE ' DATA FLOW
TOPS Data Dete-
(Tera Operations Dependendes MEMORY BANDWINTT
Aer Second) — =
i - ASIC : FPI‘;’.R GDUR.
COMPLUTATIOAL ENERGY EFFICIENCY HiRes O L)
YTILIZATION ! TOPS/W LARGE MODEL TRAINING
Memory & INFERENCE)
Bandwintt
OTHER KEY FACTORS
SUPPORTED PRECISION PROGRAMMING MODEL ECOSSTEM
(FP32/16, BF16, INTB/4) FRIENDIINESS) MATURITY

TOPS (Tera Operations Per Second) ##= Al %K H /8942834, £
R AT AT 8 B AC KR IRNE $ R, F28 TOPS {45+ R Ak A Rk IR AR,
RHEZFEFHFAFE, P LIFEB 6 F ) 5L vl . Fra i AR &
89 B & BAE LA BRI N AT A . AR Y, F &l
AR M X A4, 4 MLPerf. Al Benchmark %, E#2% 8 AA Al /£4%
Loy EERMEAR

ALk (TOPS/W) 2452 Al %R fE &8 X4Ed5 4R, AT LMD THR
B HE S AT SRAFAN B ZRE, LR A SR &8 T2 A 4.
RE RGN Rk £ 7 2% ASIC i@ % #8383 & F 69 A sk, FPGA %k,
GPU Bk %, CPU ®fk. AEFEAT, TRESGFEERAER, LEHRE
RO

WA EAYm AL SRR S — kR F. KEANGFEETRXE
HAEFS 3, N A TAZAE AR A PEREFLE - A AL 38 K A & 4 52 M A4 (HBM.,
GDDR %) %42t 4% %, 4o &K% MLU370-X8 ##, MLU-Link % % Z B
AR, #ikAnikF 7T 3% 13 200GB/s #9 8 iR Avtthft o £ EZFRIFA T, FE2XEZE®
WG TAH N B T £ 5, ARAGF R G EARM A 09 % v o
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COMPUTATIONL UTILIZATION
& INFLUNEING FACTORS

&8

THEORETICAL PEAK TOPS ACTUAL ACHIEVED TOPS
(PERFORMANCE LIMIT) (REAL-WORLD WORKLOADS)

UTILIZATION GAP

ALGORTHM | DATA DEPENDEDS | MEMORY BANDWITTH
CHARACTERISTICS DOPNENCIES LIMITATIONS
|
ANt « Sparsity 083-» Sequential Operations = « Data Movement Overhead
" gragllljlﬁnty “ " Data Flow Patterns " Cache Efficiency
+ Parallelism

Measured via Standard Benchmarks (e.g),
MLPref, Al Banchmark

S ENEY ST TN :F

BT E#® oA, Al % /RN EE EE LN A
(FP32/FP16/BF16/INT8/INT4 %) . %2R AFE. AARMEFHE. X
BFHERZTERATRMETHAL S L09E AW RAARER AT AR wa A
B SR £ FZ B R 6 EIR AR R

A E =% R 5EFAFAFG Ly, KX MLU370. 55 910B % E = %
JEH 5 347 L e B2 NVIDIA A100/H100 #9K-F, {2 e b A & SRR S
@A A, MARRGRU @S fk S OHERE, B2 ALSA SR
B —F I, AR G LR IRA Sy A X AE .
32 R IBREREEH

321 5% IFEHK
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HIGH-SPEED INTERtONECT: ENABLING
HETERERONEUS COMPUTE

SYSTEM PERFORMANCE & SCALABILITY

MEMORY
POOLS

HIGH-SPEED \o
//”‘ INTERCRONECT
’ FABRIC

MEMORY
POOLS

Increased Bandwidt &
Resource Utilization

Reduced Latency ‘

= 1% AR BARSEF M F ) R b a9 X 4EE A

BRABEARRFH IS F G KBRS, BT R R0 AR L o
VRt o £ RBERNGAREH T, AN HRERERES ZFRI AL

AL, MAREAZIER, B TTRANA £

T, S
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PCle & CXL: Enabling Coherent

Hetergrienus Interonroct
High-Bandwict, Low-Latency Communication

%-_HE Compute Express Link (CXL)

* General-Purpose Interconect * Based on PCie Physical Layer
* PCIE 5.0: 32 GT/s (64 GB/s @ x16) * Enhances CPU-Acclerator Efficiency
* PCIE 5.0: 32 GT/s (64 GB/s @x16) * Memory Sharing & Cache Coherency

* P8.0 6.0l: 64 GT/s (128 B/s @ x16)

¢ Mainstay for Al Acclerators
™ Coherent

CXLio Memory Pool
(10 Protoca)
Shared
ngh Speed Data Cache
GPU
a— A colerator
CXLcache
(Cache
Conienoy
NYME Shared Jr
Storage Shared Cache
CXLmem

NVME Storage Memory
Access

\é

PCle #= CXL # AW

PCle (Peripheral Component Interconnect Express) £t H AL A& o )~ i248
05k R A, B A 274692 PCle 5.0, iE/£¢ PCle 6.0 % &. PCle 5.0 424%
32GT/s #9tedirie &, x16 BLE T 7T 42442 64GB/s #4945 50, #H 2K 5 H Al Anig
F a9 2B E K. PCle 6.0 #—F Kt dirik 325+ £ 64GT/s, 531 N PAM4 R &)
R, ERRYELET EIE REIE. PCle5.0/6.0 A Al mig 85 IMNEAKE
ARG, A AL EFRES T RER 6 RIEA Hrifid .

CXL (Compute Express Link) & -F PCle #p3 Z 6937 & LB, § E#R
% CPU 5+ f fnik B2 69 Rz %, CXL Uk 8 536/ T PCle #9 5 2tk
R &A%l PCle 5.0 Z A LR A H ¥ # CXL 4935 &34 T8 CXL %35 ik L3,
CXL ¥ #H=##iL: CXL.io (A& I/O #3X) . CXL.cache (74— &)
Fo CXL.mem (A A% B #0) , A8 9 I CPU L hnik 2 1) 69 5 A AL F 4=
SZhHE—BMW, FHESFHITAES T

43




Al KBS RME IR E TR B B

NVLink & RoCEv2: Acelerating Large-Scale Al

High-Bandadict, Low-Latency Interconects for Al Clusters

NVLink: Ultra-High-Bandidecd E@@ RoCEvV: RDMA @
GPU Interonect over Ethernet

* NVIDIA-Propicerary + Standard Ethernet-Based RDMA

* Links Multiple GPUS Directly « Low-Latency, High-Throbguut

« Enables GPU Memory Pooling = Supports Congestion Control

* Latest: 900 GB/s Bandwith « Cost-Effettive & Scalable

* 14x PICIE 5.0 Bandwith = Near-InfiniBand Performance

* |deal for Large Model Training « Common in Al Clusters

= =
[=_:u] [e=:.. =] =i
900 GB/S
) : Al Server
Standard Ethernet Fabric
O Data Transfer

NVLink F= RoCEv2 3% K #% %,

NVLink ;2 NVIDIA # % ik GPU ZBHE K, 54469 PCle Aatk, A
# % GPU & %24t # ik 98K %. NVLink # Ridit %4 % /AN NVIDIA 2
F, % EZNE A GHRHPE MR, KERI S GPU A% Hat. R
NVLink #% R4 %1% 900GB/s #9745, & PCle 5.0 49 14424 L, HFAlEAS X
AN %% FE 2 KT GPU R4 6%,

RoCEv2 (RDMA over Converged Ethernet version 2) 5% & F X K M ¢ RDMA

(ZAERAENAFTE) ER, EAFREAKRPR EEARIER, F 5k dg HIBEAE N

RoCEV2 X H#ME I Fei T4, BB LTI & W &R &0 1 LT #2404%
i InfiniBand #9414 3% o /£ K AAE Al £ 3 F ,RoCEV2 B 2 & AL H An AT AL 4TI
FRA T2 & iR IR

R R ERBARAN L R, FRMEF T EEA L. PCle 32448
AR, CXL ¥3% M 45—k, NVLink 32442 & % % GPU Z %, RoCEV2 % IL4%
BEAKR L6 RDMA. /£ 0 2 KB, & 2R9% 8 A FEAERT R, &
PE ) miE B, MRS R E T RS

3.2.2 &HE bW %ELT
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Al CLUSTER NETWORK TOPOLOGY:
PERFORMANCE & SCALABILITY

Optimizing Large Model Training

r
© 818
o | S
LOW LATENCY HIGH THROUGHTUT LOAD BALANCING

= ECMP & Traffic Scheduling

« Fault Toletance

* Data Loading Speed

« Gradient Sync Efficiency

« Hierachical Design = Parameter Exchange

T

NETWORK
TOPOLOGY

100K+ GPUS =i / n
=il
Al MODEL PERFORMANCE

Crucial for Large-Scale Al Training

KAAL Al 8% ) 4 45 4 MR

BHEF QM EIBANE T AEH oo KA Al R GG M fol Rt h o &£ XA
BINGGFF, A7 FEE+7 FEH, &2 R &EINOT S T EIGE1E
MR, REZMEL L, ZARBEHHEXE S

CLOS Z ERHZ B A7 KL K8 0 P 24569 LiRIe b4, S8 &,
LR EFIENE. CLOS ZM LA LME. §TH EBAFE, RBAXILFX
ARS8 R0 L. &£ Al 2 F, CLOS A% Bud ECMP (54 % %
7)) By, IR BB 54, CLOS M T Jtdd, T B it 3 i
BB EA3 O FEERENT EMA ST, E6KRIE Al E#GIE,

45—
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MAJOR Al CLUSTER NETWORK TOPOLOGIES

CLOS ARCHITECTURE DRAGONFLY TOPOLOGY
(incl. Fat-Tree)
O group-grouic mesh
11 f o;
£ 5 (€S 205 Q
core D &I == O O O O
Aggregate l—? L—j, 0 o O
i 6
Key Features: Key Features:
» Non-blocking & Scalable » Small Diameter
* ECMP & Load Balancing * Low Avg. Hops
» Widely Adopted * Ultra-large Scale
Fat-Tree: Considerations:

» Fully Symmetric
*» Guaranteed Bandwitth
» High Cost / Switch Count

= Complex Routing
» Advanced Congestion Control
* Supercomuoting Heritage

[[] Switches [ Servers

ER AR S EN -2 Podrd

Fat-Tree & CLOS ZZHM) 69 —Fp456], KA T EXMHEGELT, A RZR LA 4
Bl 49 A E R . Fat-Tree #4h4e Al KRB P42 )22 A, FH2EEZSF
s AKIERIBAZ B KA 453 5% F - Fat-Tree W 46948 824 SARIE. M.
HTEE, 2 EARARS, AENKET S, ELHEHREF, @FRAHFEX
Fat-Tree (Folded Fat-Tree) &% 3t, BV X2, BAk&R Ao

Dragonfly & —#F & 4 W 43641, @it & 4 £ LY 5 69 35 20681 .
Dragonfly 3z 3£ A8 Bt B ALP 32 )28 A, LF kLT E R T R Al
&A%, Dragonfly W %6945 52 H 420 F3Hskdl )y FREMIF, & 468 KL
K03 E . Am, Dragonfly 464693 fn il Rz ® A L4, FHFTNK
% T
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Al CLUSTER NETWORK TOPOLOGY DESIGN CONSIDERATIONS
Optimizing for Large-Scale Al Clusters

START: Al CLUSTER AL N
- CLUSTERSIZE? >
NETWORK DESIGN < B Simple 2/3-Layer CLOS [BETEETT

7

» Cost/Effettive
* Easy Management
Standard
\ « Standard Deployment

_ COMMUNICATION N,
Large/Ultra-Large Scale . PATTERN / PEP /

(~10K+ GPUS) LATENCY" Complex / Ultra-Scale (e.

(e.s. Superconurting, Custom)

/

" v i

N
v

Fat-Tree (Folded) Dragonfly / Variants

* Small Diameter

= Sclaability

= Complex Routing /
Congestion Control

*» High Bandwid / Low Latency
« LLM Training

= Symmmetric Paths

= Higher Cost / Complexity

o .\I \,
\ O ) \ 5
N b ey
— I
cosT | MANAGEMENT PHYSICAL INFARELYULNE
BUDGET COMPLEXITY (Racks, Cabling, Cooling)

INTEGRATED NETWORK OPTIMIZATION

7R BRI, defT4 A # E P2P R B A AL, VAR L EIRIE T E BN

EZidibS
BT FEBMEETF, &2 4H 8 P2P LR 5 Rek il P2P 2R A 45
Fof) KAL) S P 0945 L B 7 2L %, w ek M %5 vfy RIE o 3 AL A BB B0 ik

Bo A TAHALP2P 2R iﬁ%’”ﬁi)ﬂ%b’(ﬂcrﬂ%i&#, W22 Ls ey S B R
ER—FRP, BYBFMidZ; AT HRASE, @7 KA SHZEAEYH. A
TREFER, oA A RET T

EEEHFY, HHT R LB FEEREESARE: KBNS, @6
X RARF EELFEF TP OMBEEH, EFRAAR LN ERZ
J& CLOS RAHy; *FF XMAEER, THE X LI R94E144), d» Dragonfly 5
T I, WM EFZEIAER B XOE L. AT FHEL
ZEAR VIR, 5 ILEAR R SR8 ARG
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3.2.3 &ABIEHL

FA B MAC R KA A XD 49 KB AR, AHF )| AR Aoy Kt
A KA AL REFE P, 0 507 693813 P40 AR s A MR RE AR, B b Rl & 2k
893813 R IBARACH AR EAREAZS TT4E, RSV HRF.

CLUSTER COMMUNICATION OPTIMIZATION

Addressing Performance Bottenicits in Distributed Al Training

THE CHALLENGE: THE SOLUTION: OPTIMIZED
COMMUNICATION OYEHREAD COMMUNICATION

Large-scale Al clusters Efficient Primitives & Techniques
Node-to-node communication becomes Reduce Communication Cost
bottnleck

o i - - Boost Training Speed & Scalability
Limits training efficiency & scalability

EVOLUTION OF Al TRAINING
Single GPU Data Paralel Model Paralel Model Paralel  3i Extreme Scale Al
KEY TECHNIQUES: AllReduce, All2All, Reduce-Scatter, SHARP, NVLS, NCCL

EAR BRI - 2 X HAERALMAT R
AllReduce 2 &% A 09812 RiEZ—, A TRIFEFANG P GHER T,
AllReduce #AF F P A ¥ 2 BIER GG ) LA T &, LR IEY—K
P, AllReduce 7] ¥Aid it % # 4T ReduceScatter #£4E, 2K 5 #t47 AllGather ##4F k&
S JL: ReduceScatter #:4F 6 R &K, RERLE R, IHEMRANEA
R A% Ry —35; AllGather Ak N #5830 28 RO E B P A T 8, HBARTHE
#9245 % . AllReduce i@ it 40 & 34F, WA RKIETAT IS4 L1812 R,

48—
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CORE COMMUNICATION PRIMITIVES

ALLREDUCE: DATA PARALLEL ALL2ALL: MODEL PARALEL

ALLGATHER
Gradient Synctioization Global Data Retrisibution
Aggreates & Broadcasts Data Exchanges Parameters & Activations
N = Node

FUNDAMENTAL FOR DISTRIBUTED Al TRAINING

s i@fz RiE - AllReduce 5 All2All
Al2AIL (All-to-All) & 5 —#F & 2893813 R 35, AR FATING Y T2 o
AlRAN #:4F LN AR BAE W E#H oA, FANT L@ PR LT ELEHE, F
BT A Fodl 7 B AR . KRB IATAIAKE TP, AIRAL @A T4
B AR EAAG K, R T IAEA AT 89 Ak
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ADVANCED COMMUNICATION TECHNIQUES
Optimizing Memory & Throughput

REDUCE-SCATTER: HARDWARE & SOFTWARE
MEMORY OPTIMIZATION OPTIMIZATIONS
N1 e \a §® SHARP: In-Network Aggeration
N1 + N2 N3

oo liL NVLS & ColNet:

| - Optimized Algorith
R1 R3 R2 R4 ptimized Algorithms

ﬂ Leverages Hardware
N1 » N2 N4
NVIDIA NCCL: Toplogy-Aware Primitives
N1 N3 N4
* High-Performance Library
Aggragates & Distributes Partial Data * Offloads Communication to Network
Reduces Per-Node Memory Footpiunt * Integrates SHARP & NVLS
Foundation for ZeRO & Other Techniques * Maximizass GPU Utiization

SYSTEM-LEVEL CO-LDESIGNN FOR EXTREME SCALABILITY

Reduce-Scatter 5@z AL K

Reduce-Scatter 2 F# R 4 581269 €285, % ZeRO ¥ R ML AR E
& A ah . Reduce-Scatter 3:1E B R ASHIE, REBLERELIHKINEANT L, A
T EALHF A R A4 R A — 3 5o XY BAF T A BB £ LN A bR, F A
F2 ) BAZ T4

AT#—FRBALEAE, LRRE T ZAHRAHE A, SHARP (Scalable
Hierarchical Aggregation and Reduction Protocol) 4% Kif it /& W 4% & F AT R &
BAE, RO BHRAT ENOERE, SERSHH XNRELFE I IR BT &
MA kbt . NVLS 5 CollNet & % A #4¢ AllReduce M 48 % 69 452 %, P
NVLS %38 i3 F) A 4% 2 58 4F 4% A % # ReduceScatter = AllGather #4% .

AR E A, NVIDIA £ 4812 B(NCCL) 4245 7 Skt Jai kR &
4% F . AllReduce. Broadcast. Reduce. AllGather = ReduceScatter, iX stiz F
E.4t 3k NVIDIA #8443 47 T if Bt . NCCL & ittt 7T 4% %4k 69 5 4812 4%
ViR E| M, i 7n# ) SHARP, XRS5 H50H XIEEF I THERBEGT
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TR A RE

SYSTEM-LEVEL CO-DESIGN

A Holistic Approach to Cluster Communication Optimization

NETWORK TOPOLOGY COMMUNICATION- ASYNSHRCNOUS
AWARENESS COMPUTATION COMMUNICATION
OVERLAP

Hides communication latency Compute continues during communication
Pipelining of tasks Non-blocking operations
Increase resource utilization

Optimizes communication paths
Reduces cross-switch traffic
Based on actual network laywt Simtaluatious execution

Key Challenge for Extreme-Scale Al Systems
Hardware, Network, Software & Algorithms Syneragy

EREBATHRAC ) B Gkt T ik

EHRBERNEEES EM %I R4, BETAETE. FFEEFHLR
W 436 31 B S AR IR IR M 8- B A MEALEAE 3642, M B R RbLEfE ; d@fE i A E
FRTRAREEAR, @ 54 FEEPAT, RBBFER; FH @ N AHFT
FALH- 23845 AT BF GRS AT, 3% TIRAI A &

B KB AL 2t P, RHBRERUR—AREIRE, TEEM4. N K
P HEF % BRI A RB AL RET 5 KAnBL B 5 A 09 4 439
he, FREBASRACKE R A A IS R R E K BB F BT T &
33 A REERE

331 XERAE#E R
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l BIG MODEL STORAGE DEMANDS

Key Requrements for Al Trraining & Inference

—@=

@ C MODEL SIZE GROWTH
I
CAPACITY
v = TB-scale datsests
v * GB/TB model parameters
= Paramter exchange
* Gradients & optimizer states [l I I I
1 2 20 9 100 14 250 200
i BANDADWIGH
» High-speed data loading LAYERED STORAGE ARCHITECTURE
%‘l = Small file random access 1
= Checkionting

« Distributed training

DATA DIVERSITY 7 HOT DATA (NVMe Ssp) ~ COLD DATA (HDD)
" » Text, Image, Audio, Video
.‘ = Varied access patterns

Required Characteristics: High-Capacity, High-Bandwistt, High-IOPS, Low-Latency,
Scalability, Reliability

KBRS A RAARE THSHNER, EFHEE. FRE.
IOPS % ANz @. M AREA S HMAL 6 R Ko B35 2 09I X3G K, A4k
RUGT A KR I 6 EZHMAL—
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CAPACITY DEMAND: Scaling with Model & Data Growth
The Core Challenge of Big Model Storage

GB * Model Parameters ing Overhhad

rl
-

Key Contributors to Capacity Needs: 68

’ * Model Parameters (GB-TB per model) 44
¥ v + Optimizer States (3x Parameters) g Iy
v Intermediate Activations A 65 G
(Dynamic) g ?,
® T g
v £
H 2
z B * Total Training Footghint 2
Data Growth P E
« Training Datsets (TB-PBs) g % i

+ Inference Caches (KVCache) g8 e
-0B

10B 1008 5008 500 1T

EAER

Multi-Modal Data

Key Takeaway: Capacity planning must anticipate exponential growth

AR E, KAERINGET RGRIEEALTETB R, ALK ARY
F%GB BEZETB R HME . AFACHERRBER A, AR LHRKT
247 GB ¥ sk 2 (BRRFNSEA 16 1F 58  A)%dEy, &F
B RACERE. PRIBELSF, #—F KT A%ER S TREY
F, BATRE L) %A XY, BEREAKFE A (4o KVCache) 75F %
K ZH4 = 1,
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SN ALYl Bl OPS: Enabling Data Flow & Access

Overcoming Performance Botteecks

High Bandwidit Needs Low Bandwidh/IOPS Storage

« Data Loading /’:‘é})
« Parameter Exchange

« Gradient Synchiization Qj@
« Data Paralelrism (Aggrgated)

NomlzicTrainTme (Log Scae)

PERFORMANCE
High IOPS Requirements BOTONNTECK
Small File Random Access x e &1
. & |- f N — = =l
* Data Proctersssing = .,- 1 Rl %@

* Checkkoukting
* Distributed Training (Concrnent) >

Number of Processing Nodes

Key Takeway: Maximize Data Throughut
to Prevent Idle Compute

B AR T @, KA 25 25 W 509 Bk R SR 3R R 69 & 20 B
Wkt A2F 69 Ao ik SR R T FRAAE 25 B b 00 o 4
R RS BIEFATINGF, AT EAE ZIR A0 BEIE, s A4 R G0 R &4 5
ZRBZH. AT ERERFEHATRAE, BRI ZEE,

A2 IOPS (FAV S N/ AR 20 o, KRR KB T H R K F ) L6
AL ], e RIERALE. o ERA/IRIFHNE, & %5 I0PS &) A4k 2 A X
o FAARLDH X% TY, AT EF TR A4 A%, *F IOPS #9 %R 245
#IEK.
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l DATA DIVERSITY: Challenges & Layered Storage
Optimizizs for Varied Data Types

Access Pattern Optimization

Multi-Modal Data Types

=t Text Data
—_0 - Small size, high IOPS High-1OPS High-Bandwith
(Random Access (Text, Structured) (Sequential Access)
@ Image/Video Data = e l ---------------- 1=
- Large size, high Bandom access B >
® Sequential
Access
HOT DATA
Structured Data i:} (NVMe SSD)
- Low-latency random access T

LAYERED STORAGE ARCHITECCTURE

Key Takeaway: Design storage storage for data’s specific neeeds

KAER GhkE RITARINARIE S L, IAHIEET LA B F
M AIRF SRS, PRI LA A2 AN ZRETAAR . XARKIEEF
BRMe R F %, F25I0PS; ARFMMBIEARREK, FLHFE,; ML
BN 5 B AKIE R 69 FEALTF 9] Ak
AT HRRBEBEMER, GHMAATEZAEATHE: 52, 5% K.
% IOPS. ff3ER. TH M. THEBRF. EXFRAARLTT, BF KNS EE
ERH, HFRBIEBAE SR AN (e NVMe SSD) b, AKI3E A4
AN (4o HDD) L, SEIUm AR L bR 69 -5,

3.3.2 oA XA BEK

A KA BAR R R KR Ao & Awh Kbt B RIE D RA A S A
AL, RILAEEF R RAek il 09 TR A RBREN G T, 5
W XA AT ZMIEIED R Bl TRF XA
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DISTRIBUTED STORAGE SOLUTIONS FOR
Al TRAINING

2 O 23

LUSTRE GPFS (IBM SPECTRUM CEPH
_ SCALE) g s
» High-Performance = Unified Distributed Storage
Parallel File System Enterprise Parallel Siistem Block/Object/File Interfaces
* MDS/OSS Architecture Shared-Disk Architecture = CRUSH Ansterfacre
* PB-Scale Capacity Distributed Lock Manager CRUSH Algorithm for Data Dist.
* GB/s Aggragate STRENGHTS: Feature-Rich, |+ STRENGHTS: Unified Arch.
Bandwivth File 10, Management Self-Healing, Cost-Effestive
* STRENGH'S: Large File 10, = USE: Complex Enterprise * USE CASE: Multi-Interfae
ScaJIalblls_, Sequential Enterprise Multi-Interface Al Platforms
Data Loading Al Environments
|

CHOOSING THE RIGHT SOLUTION:
DATA ACCESS PATTERN, PERFORMANCE, COST, MANAGEMENT

EARNSM XAMB AT, R & Lustre. GPFS #= Ceph # 4% 5. foi& ) %

Lustre & —#F 45547 X R %, )28 A T HPC o KA AL I 4535 %o
Lustre R L2 MR 55 E(MDS) A5t S 54 Ik 5 2(0SS) 2 & 89 R4, 345 PB 21
Bl A S F KT GB/s #9 B 4% %, Lustre LB AT Sk STHEE, #
FESRKIMHIRFEE G5, o KR %Py HIEME . K, Lustre £/ T
P4 32 Fo LR IE AT 77 m AR 2T 25, F RELA AL H AL

56—
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LUSTRE ARCHITECTURE & Al
TRAINING OPTIMIZATION

High-Performance Parallel File System for Al/HPC Workolads

ﬁ KEY STRENGTHS & USE CASES

Metadate Operations « Parallel File System
Client Nodes
Metadate Server Object Storage

(MDS) Servers (OSS) + MDS/OSS Separation
- & eoco= + Scalable Performance (1/0)
3 - - e Dala 1O . .
W I | ppscale Capacity Ideal for Large Sequential Reads

: (OO ( CO(CN: (|

s = : GB/s Bandwitth Loading
Object Sterage Targets
i e 5 * USE CASE: Large Model Training
Client Nodes ; ;
High-Speed Interoncent Dats: HPC Simulations

Engineered for Extreme Scale & Througput

Lustre #9 2R 4 Fo $£,

GPFS (General Parallel File System, ZL#k IBM Spectrum Scale) % IBM 4
8 Ak A XX R %, XIS A A4k R Foir 19 HX. GPFS RA £ ¥ &
RAy, BT 5 XAE EIA EINRIE— B, XFSHIFL7 R, GPFS e84
ETAERHELF. RGO DR EFE RO TR, E6TFGLLE
Al Y| 3135,

Ceph & —Fr S — 89 57 XAk R %, XFRAGH. 3T Z A6 F A4k =
Frig o, AR A %— FH4%. Ceph sk F) CRUSH Bk M EIH, LEF ik
B LHIER S8, BA RIFHTH Ao 545, Ceph 8948 % £ T %—RM.
AT o mAds, E6FEX LN EMHEDN AL F&. KM, Ceph sk
7 I e R 6 AT A R G, A RARERGF T

T L& RS XA B A, BF —4txt Al 3 F A0 69 54k g ik 77
Fo Hlde, Alluxio B RHETR A — NI R LK, mAMELELESH X2
Gz Lo XEAZ %, £ RBEFRABAEAEFT ) 2. Alluxio @1 A% 4
iR AR, AR ES S RERG AL NLEGF.
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Al LARGE MODEL TRAINING:
STORAGE SELECTION

Key Considerations & Hybrid Architectures

Hybrid Storage Architecture

G} Lustre
(High-throuput,
K Fact Sequettial 10)
ey raciors
() Data Access Patterns InP .
(Sequential/Random, n Practice GPFS Ceph
Read/Write) (Enterprise, (Uniffed,
Small Flles Cost-Effective)
(1) Data Access Patterns Cepht
(Random, Read/Write)
@5 Performance Requirements (Througuht, Latency)
Canitial Investment, TCO)
@  Management Complexity (Ease of Use, Alluxio
Features) (Caching Layer)

Building the Optimal Storage System by Combining Strengths

A XBMHAR LN XL T AE RS AR GES
B KB G, 50 XABBEAGEET EHE S AEF: BI85 FHE X
MARE R RARE. EEAKEF. T KRBT 78 AH LGN AEGF
Lustre & A& #; s T &% S A4 0 09 L4383, Ceph R L — kT
%, ST LB XS A, GPFS R4t m K X iF. AEFHREF, @WK
Rtk RA , 45 BT B B AR H, M 32 RE S RAER )| 589 B4k 2 4o

333 HIERAE L M
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DATA PIPELINE OPTIMIZATION FOR
FOR LARGE MODEL TRAINING

MODEL TRAINING &
i olle il QUALITY

DATA PRECPESSSING DATA LOADING
CLEANING _:[~]: TRANSFER TO
F00: GPU/MEMORY

(Noise, Missing Values)

(Rotate, Crop, Color) @ @ -~

FORMATTING /0 & REDUCE
(TFRecord, PyTotrch Dataset) NETWORK LATENCY ~ REDUCE LATENCY

IMPACT ON: TRAINING EFFICIENCY, RESOURCE UTIIZATION, MODEL QUALITY

BRI L BA KRR INERAERF O ERZRT, AR adl AL E R
AR ZFo 520 RIETRALIL 5 ho BIARR 9% K XA L TRAN &, B VO F
Faf i, 42& BRI 4S5k E

PRI QARG H e Wik B XERF ZIAT R HBFREIZLE
RIEBAET 095k Bk FHLF L, AR GRIER T, R RE
ekt BRI . RETRFEARAT LNAHEIER, By 2008,
R XELNFRARRR. TR XGBRIBR - ARG EGHEX, o
TensorFlow # TFRecord. PyTorch #9 Dataset 4.

H e An AN AL G 09 2 & A E k& (3w GPU) A AT &
Ao £ KA Y 5, BABA B AR, 3 ALESH XINEHTT,
S A BN B R B e B AR, A A A AR ST ARB S ER A THRALEK
P B E, BF R AT HA:
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DATA LOADING OPTIMIZATION
TECHNIQUES

PIPELINE PARALLELISM ASYNSHIRHNOUS LOADING PREFECHING

5| STORAGE ——
DATA LOADING PROCESS | leowm ~
- )
® [ LonpsaTcHN ——5 pepaRE BATCH N1 ;I Lo R [ cnenenony
; R [45)
cOMm! P T q CACHMRMORY
DATAREAD |—> | PRIDCESISSS! l il "J COMPUTATION PROCESS ‘ e |,

- %, MODEL
P ATCH N - PR TCHN \ |i:|
\_/ bl Pl 0’ % .| PEEETECGH |/
UNIT

ASYNC EXECUTION PARALLEL PROCESSES ANTICIPATE DATA NEEDS
HIDE /O LATENCY REDUCE WAIT TIME LOAD DATA IN ADVANCE

77K 2,547 (Pipeline Parallelism) & —FF % i 69 238 Ao BAEAC IR, B33
LR BIBERAE I ARG R LB AT RFFIHATHAT =5
MR T A 6 B A e BIE R WA E TR A, B IR KRBT AR K
/O 3E3R , 3%% 3R A A & . MindSpore - 4E RIZBE T R & 69 238 ko B 75 %
GO R IEAE, AR A FHEIERE IR, S EF A, SR KIE
KL
T BT — A ERARACH A, 4 S ANRAL R IFAT hn BFo T 4L 2RI,
RS TR S BIEFAF o EF T BREXT, KRG 548
RIATHAT, A RRALE ST R BB, R RARCEZALET —H
KREYE, Mdn e B A IE A F 3L R, PyTorch ¢ DataLoader. TensorFlow #4 tf.data
% APLAR 3L 79 o BAE X0
B (Prefetching) #H ABLFAM KR T L0 R, RATH LI B2 R A XK
AT, B RIETFER, RBBEART A ZEBARESEA, HIRE7 6
RPFERBGESRAEMANR T, #—FRSGBIFTFE L E £FERNGF, 7
8 TR R 0k @46 2 T 37 MU KA. A Tl 4Rt B A9 TR .




Al KBS RME IR E TR B B

DISTRIBUTED DATA LOADING &

DISTRIBUTED DAA LOADING HOLISTIC OPTIMIZATION
DATA DATA DATA i k
DATA LOADING LILING HARDWARE
CDNFIGURATICIN ﬁ
SHARED |
DATA STORAGE / \( \
. v ' \ [paTA CHM.ACI'EI\I‘STICS CPU/GPU,
- e *Velume, Velocity ™| OPTIMAL CPUGPU Memory. | paAXIMUM
OMPUTE N COMPUTE RORE 1 COMPUTIE HODE COMPUTE WSRE CONPUTE NORE ¥ Variety $ DATAPF'EI.IZA_E . Netw REcAl AEEUTATATION
£ Fiy w0 =] 0 / /\ / IMPROVED TRAININE EFFICIENCY
sostr Teser | | wieeo | | s | [“iiRemer ~— Ty
| TRAINING NiK |
Pyferch
Mindspare
* DATA SHARDING
* LOAD BALANCING
* FAULT TOLERANCE
* SCALABILITY

-7 XAAE A BAR KA LT X ZhoF 89 KR A, BE G RIELS 7 AL
SN AL, ZAKFEWBFAT ERBEFTNET, AT ER T B
22 H Y — AT 4, @iE AllReduce 843 RB XM AR T o 5 KB
EBRRRBIES R QB BEF A, AREA T AR & KBTS
B Ao

FEEFRE A, BB L BT 22565 BB R E .
NHEEF SZARE. BT AR RFEES LR, T UM E S 2009 3B R K
&, AT FERIRADE, RE KAEA )| oy R 5%

w\kﬁﬁﬁﬁﬁﬁﬁ@%%ﬁﬁﬁ
4.1 B R AL
411 JFReA 5544

ST A A 545 ARG R B B FURAG 8 B A, iE 3 5 A LR A &
FAH—ABKRORAE, BY R AETERE, REFEEE, KmLERA ALF
S R SR R b, TR SR TR A A8 R4 T

61 —
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Al Compute Optimization: Operator
Fusion & Instruction Optimization

Operator Fusion , Instruction Optimization

=) [
Merge muitiple operations w Hardware-specitfic instructions

Reduce memory access Tensor & Matrix ops
Increase compute density Improved energy efficienty

Accelerated Al
Computation

+ + *
Relay (Graph Optimization— TIR (TIR) — Efficient Execttuble Code

Synergisetic Techniques for Al Efficiency at Scale

HF dk A A dg AL

BFReB BB TREANELENATEIFA NG REELT, B
Fa g RGN AL S, BAKA A R A o VA FlashAttention 4], Hiwik R 32
FFEE, AL SHEIARNT LG LR T, B IRE T &G4
TR E, Kk B ikt B o). EHELNEZATTAETY, 25 REE5R
7R 45T 4 %, 7 FlashAttention i it L Fak &3 K, ¥ % A5 5654,
Ktgm VTN AR, SERS T HEE,

I8 M T —Fp F F 09 AR BIARAC B AR, 38 1T A af 4 2 A AF 22 A T
BRI ASE, BRETEFEMEML, BEX % MLU 354 £330 2 %1143 Al
FHEMA I AR, IFRBER. ERE S Al e, M@ mAisE
AR S0 A E BANRNE RN RMB S, TR % A5A A
AT AR A 0948 A5 5, BB 5 R IR SR Fe N 07 FI AR X, 2L RAR B9 1
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Operator Fusion in Large Models:
The FlashAtteation Example

FlashAtteation: Accelerated Attention

Traditional Attention FlashAtteation (Operator Fusion)

+ 1 4 1 1 4

HBM(Off—ChipMer}cry) ‘ ‘ ' —> | SRAM (On-Chip Mefnory)
1 i i

Frequent HBM access for Merge Reduced HBM access;
intermediate results x compute steps | Maximize SRAM J

[ Computation ]—')

J

Performance
Improvement: Xx Speedup

@8‘ Baseline Model Optimized Model

(Fusion + Instruction)

Significant gains in large model training & inference
efficiency

Fakomy

EEFRRAY, AFakb bbb mibi@sdotn, B Eahitrs £,
AR KL BANG 7 &A1), € R T 35686 HF T, T4 MLU 2 4
RMBAT T IRBERRAMHA, AT HTFEBDOMBIEAE., 81T Relay F A4
A, HATHE FRASFHEEMKA, @id TIR £ RGAS LT, RAH RA 45 28
P89 3 A HATRAG

HFReE5HBAMUNRAREXBEEGF I LARE KBEREFLEXE
MIEFZE ET AT AFEME, XERFBLF FRETARER Y A G719,
Rt FE. RaF, KARA AR89 E K, B4 RAT UL A
R RS Ae Ay, ARt e R, EEFRER T, 2L H FRhbFods 10
R MR TRAKEEZR TS, ik s BEHE

412 HFRLFEEF

mIFRE LGP MR TFHARL LR AR 5 FHEFGHE, @ FRERF
AT A A B, KRR TR AT S L8 &R AT A S 65
B, RHFEBSBAEXEREFMEBETHEFARBETLNAE,

S
P

S 63—
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COMPILER TECHNOLOGY: BRIDDING Al & HETEROERENOUS COMPUTE

| 4 l##

LARGE Al MULTI-LEVTE OPTIMIZATION & EFFICIENT HETEREENEUS
MODELS REPRESEENTATION TRANSFOMATION EXECUTION HARDWARE
(IR) : ?
KEY FRAMEWORKS
MLIR TVM XLA
Extensible & Unifed Graph-Based
Multi-Level Compilation Optimization
CHALLENGES & FUTURE TRENDS
@ LARGE GRAPH SIZE: %F HARDWARE DIVERSITY: __ DYNAMICITY:
Compile Time & Memory Multi-Backend Support _\./ Shape & Conditional Logic
<> INCREMERTNAL Eﬁ DISTRIBUTED 7y ML-ASSISTED
2 COMPILATION COMPILATION =2/ OPTIMIZATION

i BH A KB 5 FM I #k e b 094 A Ao ZR A H

MLIR (Multi-Level Intermediate Representation) 2 —#b#7 3469 % & & 8] &7
R, LHFARFHRER IR T Aok, MLIR 69 R ZHRL @IETH &
M7 E A% RRARK. BERAGT, AVFAFRMZEER LU H .
MLIR FAE—Fp b AT, BRA—ANHFRIER, LSBT LA RER
PEAG A0 2 RARMAL . £ KA R 535, MLIR 3T 2L 52 I3 H B 4040 2) A2 44X,
Pk K R EE e, A I R — 0 S iF X

TVM (Tensor Virtual Machine) £ @& iR E 5 3] R %F8, AP THLE
RAT G F/RACAE T Ay 32 blob 89 4L 7, T AA MM EF 3] 1K 49 GCC. TVM
% ¥ S A RTHAESR (TensorFlow. PyTorch. MXNet %) #= % #5358+ (CPU.
GPU. Al it 35%) , @it s%—aF &5 (Relay IR) Fefkfb passes, S2IAE
By & miEfedE. TVM 89 A 31iA%K i (AutoTVM) T LU 4 2 A1 B
WAERRML T E LT, KigRI R PATHE

XLA (Accelerated Linear Algebra) % Google JF & 9 &K %mF %, B

64—




%% LLVM IR,

% /E.)bﬂl% TensorFlow 7]57\2\.9?'1 , }Lyl Ed;f)i JAX %*E
B AL AL, AT H T ek A

89 v ) A A X, T AKT it
AT IR EARACF AR D & AR o

Al KBS RME IR E TR B B

BRARA . XLA ¥3t 5 H 4% A & 3k
N A B PRI F AR, AT Ak E,
HN 25 1% 5742 26 3% TensorFlow #9 B 254k 5 XLA HLO, Bp —FF £00 & BES 9 H
47— 2 High-Level ##t1k. 3% % 4 XLA HLO #1

Al COMPILER FRAMEWORKS: ARCHITECTURES & CAPABILTIES

MLIR TVM XLA
(Multi-Level Rrepresentation) (Tensor Virtual Machime)
Frendent Frameworks |  Tenefrfodaw TensfFfow/JAX
(Tensor Fsyforch, JAX) (PyTorch, MXNet) (Computation Graph
High-Level IR e Relay IR XLA HLO
(Computtation Graph Futenshle [ntermade Repertation (Ve Geervation)

| Dialect System

Specific Dialects =
(eelg, Linag Affine, GPU) CPM .4lbayable
GPU, DSP, ASIC)

Speg%ﬁfme = Al Optimization Passes
Type & ‘ Passes
| Ptrpute Ysta (ea.g. Fusion, Layout Transfrrm) -
Mid-Level IR LLVM IR

Loops, Data Types :
i * AutoTVM Runtime Module
(Aur( Automated Kernel Diel Tuning)

Mid-Level IR
Loops, Data Types -
| _ HLO Optimizations LLVM Backend
T e R (Fusiwun,iMem Allosation, Loop Opts) ) (Code Gengralion)
LLVM, SPIR-V | Optimization |
Hardware Backend ’ Unified Compilation & Graph-Based Linear
Code Generation Auto-Tuning Algebba Compilation
KEY DIFFERENTAITERS

[&] MLIR: Flexibility & Modulality for Diverse HW
% XLA: Google-backed High-Performance Linear & Tuning

MLIR. TVM. XLA iX = A £ 7% % BAE R 09 Ry Fo 2 A6 4 5
BT B 2R IFAE RN,
NVCC (NVIDIA CUDA %% 3
F R RS, X B R IF R
AEH o
AEXREREFMA AT, HFSHEARABEE S — R EAGHE
B AL K, iF it 18 fo N AT AL AR ; =R FA R0 S A2 R 5iF R
XF MG, ZRAXBEAGHERFE (W EBR. FHTEF) BT HF
PHACH) B o A AT X EPER, HIFBEBARAELREFHE LER. LARY

A AT A R AR 6 4535 B, 4 NVIDIA #9
, E R T CUDA; A48 FERmiFE, 45
B SRR EY T, 9% L KARH TR0
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FEEI, B HIF oA XBE MBS T HIRAF
4.1.3 Al 1E & & Fe

Al FRAMEWORK ADAPTATION:

l.
Mechanism Plugin Mechanism
o
=1 & - .
@@ @ = Backend {cn
l—__|: Optinization - LR
e — X Operat
Deepleaming MLP&CV Cloud Al Services Adasters
A TI;‘A’?!?‘:&RK # DOI\-(NESTLC Al CHIPS
., W 0’ A TE &g Ascen
S =3 - 28 o
Operand ~ =
Adsal Memary
UPPER-LAYER APPLICATIONS Managemen t

UNDERYING HARDWARE

PyTarch, TemeSFMow, MindSpore ing '\ Msmery

I
ingement Managemers

BUILDING SOVERIGN Al ECOSSTEM

8. 20,

\!/

Efficient execution on
Heterageneus Hardware

Al ERE A EHE L RN R 5K ERAM 6 X4 T, AdE0ns. Ean
HACEF 7 N, 2R AL RS S REIT AR L, AR = Al %R 895k
BEK, AIERERBARAME D ZTE Al 250 EZH RIS

PyTorch f= TensorFlow % B 7] & £ 769 AL 22, TATARIRTAE T #E4HL4]
X H B Z RN, fE PyTorch AE 2, T vtz M B & ik & £ 7%

7r NI E B, & TensorFlow AE42 ¥, +T A3 it Pluggable Device 4% v ¥ #F
AR X e VAT NPU A, 44 & T 4% % torch_npu 49 Ascend Adapter
for PyTorch 354, 1#413 7 NPU 71X 5 PyTorch A2 42 & %, 4% A PyTorch 4E

REGIFE AT BRGNS Al AEEZH ) L.
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ADAPTER MECHANISMS IN MAINSTREAM Al FRAMEFRORKS

PYTORCH ADAPTATION TENSORFOLOW ADAPTATION
B —~
& omtese G (’ )
o & ©
= Sy
@ @ Custom ﬁ} ﬁ {&

Pluggable Device
Operator THIRD-PARTY THIRD-PARTY Interface THIRD-PARTY
Definition HARDWARE HARDWARE

CASE STUDY: ASCEND ADAPTER FOR PYTORCH

Empowering PyTorcr with

— 7 Ascend Al Computing Power

7 Ascend NPU — | torch_npu Plugin
@ (Huawei)

R AL AR R 893 BLALa) 5 52451

ERAGHF LAl ERERGZC I, T 20FLTER. AAEE.
BERAF . AT ERARKER Y LTI AR LFORIE, AFFT &
FAFFHm et ReathiE. BREFFIHR. NEEROENFLR. B
K ARF, E2H BN GERER A7 4R B ERAN T R E TR
ATRF AT RS, F2AH A ARG AT RS

A 3RS EN G Al ERER Y O ELHRARER, BT AahFHEA T
I HRAR A KA T F (4o FP16. BF16) , TURZERV AL & Bt i
T, BN GELE. IR Al 4E 2240 PyTorch, TensorFlow #R324E T A 34
BN 4509 X7, RAFERE T BRI S IR L T A T 4

KK BANG f 7 &2 E * Al % R AERE B 28 %4 BANG -7 &4
BT 26 Al EHEF, %% TensorFlow. PyTorch. MindSpore 4 # A 4E %2,
BESHAGAEFEAANGEE, Ao ABEERLG KR it H4 ). BANG fF
B G EA T, TR T4 RBER AL T, iz Z 5. 2R
HREF, A KB A R S AR X
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Al FRAMEWORK ADAPTATION: CHALLENGES & FUTURE DIRECTIONS

KEY CHALLENGES

) Rapid Framework Iteration: Continuous updates
updates required

«‘:3 Functional Complexity: Extensive development effort

1) High Performance Demand of hardware & software

v

FUTURE DIRECTIONS
Layeed
Automation Standardization Optimization
< L3 S
&dA

Automated Operator Standarized Framework-level,
Generatior-based Interfaces Mideweawe-level,

Optimizations Unifed APIS Hardware-level

Al ERERGIE G KR FT &

Al ERERA NG G HRE I —RIERRARKRK, ERIFFTEZHEL
#;, RERAR AL, 2@ERIFZR; ZARBRILERS, FEENE
FRAE R Ao B 49 A BRALH . A B i Bk, ERERKRELG LA AL L
AL RHRG T LI, W AAFTER FREAED . S BRAE,
4.2 XBEBFATIHHEK

4.2.1 HKIEHAT

BRI FATARE 09 AR FAT I 57 X, BE KD 4 838503 5) 5 A
K& L, R GIAL FAT . ERIEIFATING T, BIEFMH FRIUAHE R,
AN RS BB — k& L. X8 S FiEak (Batch) 4 xd i)l 4 i A2 34T
AT BANRERHA — AN ENER IR, PR E ARG, R
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J& 18iE AllReduce 3815 R 3% 5L I LB, AP A & RAT— BB A 247,

DATA PARALLELISM

Scaling Deep Learning Training

CONCEPT ADVANTGES LIMITATIONS

v Simple Implementation
(No model change)
—— Datashad2 (Linear speedup)

% Memory Ovheread

Dsta Shard 1 (Full model per device)

Data Shard 1

‘Dalashani Data Shard o
2 4 2 Communication Bottmeck

" Excellent Scalaibilly iGradient: syme)

d Early Stage Dominance
GPU Device / ERmR \ GPU Device ‘

|
>I cnlt I >

o 2 4l X Load Imbalance
Sy Y 3
\\ i 2 ) (Ungual device performance)
TR T S =N
Gamm id / CompulsR ans N\ Brual Chend Model ( All-Re dm:e\ Model
/ N, S\ Gradient |
i P \\ Sync '/'
GPU Device | GPU Device | o v
x ‘ % ‘ GPU Device | GPU Device |
T —= % x ‘
Compute Gradients Model Update T 4 - —
Compute Gradients Medel Update

Figure 1: Data Paralealism - Principles and Challenges

HAEFFAT A AL Aoy TR
BYEFAT ISR T IR §RmIT. i THAMNLEA LGS 2 HH
RA G A, FEZINEE SN BATS R, BREIAL RS L o, BB

ATT ALY B REHFRELE, #ib L4 TR &R ERMERIT
Je KA | 2569 F- I I B, BABIFAT R R E L0547 % Ko

K, BFHATLALERNTORRE. GLANG SR RA, FMNEEAE
B AR SR B R BERS, T AREER T, $wx%l’\] HAEAE
Rk the FRABZ TP, NI EY B & 23 ATH & , LA
FEIGRRR AR TN 0, BETHRALEMA. REARBHHRAAL, &
AR AR R, FHHRRRTNE T, BRI GRE,
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DATA PARALERISM OPTIMIZATIONS

& HYBRID STRATEGIES
Enhancing Large Model Training Efficiency

OPTIMIZATION TECHNIUES HYBRID PARALLLISM
ZeRO (Zero Redudancy Optimizer) Motk Faslsl:
e nﬁﬂin
||||||| [ - st o S [»!- 3?11:ue¢ ‘ Al B
| Stak i- St

GPU Device

GPU Device ‘

+ + + + £ 4y B4 R i A
EEDEDEDE | model Modiellsim mn-mu:l
. (Layer Partilorting) - Date Patrebrsim —

‘ n t 4 g

Gradient Accumulation

it A | Geatisnt Model Modeelisim
- ccumlate Gradients over (Layer Partiimiting)
DI:I%] ~ mini-batches —— Gl Des
@@ ﬂ ﬂ ﬂ
|
CLLLL
Activation Checkporting —————
Memory Reduction Combines Data & Model Parrallelism for
E Memory Reduction w/ Compute Cost maximum efficiency

Figure 2: Data Paralelism - Optimization Techniquss and Hybrid Strategies

RAE AT B AL AR Ao iR A ST Kok

HTEBBIBEFATHORNERS, LRRET SHMILE K, ZeRO (Zero
Redundancy Optimizer) H K@it $hit BHR A A4 \Eﬁ%ﬁ%&ﬁ
&L, B2ERSTERENNEE R ERBREARABLERRE A DBR OB,
AR PRI R 89 BOR, T AL H e N A & 694 LT AR £ RA Bk K
Do WERE EBRARBLRFR AR T EREML, RSNEEH, 2438
LR TR NS g R B

LR AT, BAEFATIE R 5 A TATH AR SR, AR E 4T F k.
Blde, TTIAKALR 69 R R & BLE| R R 698 &8 B, BN &8N 30 R A 65
AT, RAEBZA R AR AT o XA IRA AT KT A5 RIER R AT H AR
PH, I ZH A Lo

4.2.2 A HFA4T




Al RERSRUWEIIBEEABRD

BRI AT R 7 —Fp T 209 KR AT I AHE K, BT FHEA G RE 590
B REWHFEE L, BELXELEZNZERBERAGF A, A FITELH
717k & 547 (Tensor Parallelism) #=ifi /K4 547 (Pipeline Parallelism) & #FE KXo

MODEL PARALELISM: ARCHITECTURES & TRADE-OFFS

Distributing Large Models Acrass Devices

1. TENSOR PARALELISM 2. PIPLINE PARALELISM

(Intra-Layer) (Inter-Layer)

T v Splits single layer’s Splits model across layers

Layer N computations o Forms a computatioal pineline | ¢! (Pevice)
. [ ¥ Example: Matrix Muttffiication Data flows sequentially . 1
Device ‘ . v Each device computes a part |
‘ Device 3
Layern [ COMMUNICATION
| Eiﬁz | 2 [ Layer 2 (Device 3)
| y 3 v
| Device 3 ‘ { Layer 2 (D!

COMMUNICATION/ALL-REDUCE DATAFLOW/MICRO-BATCHES

ifs  Advantages: @1 Advantages:
v Even load distribution v Simpler implementation
Relatively lower comms overhead v Clear comms patterns
Disavantages: ) &1 PiPeline '‘Bubbles’

v Complex implementation
v Specific operator design
v Complex comms patterns

v Idle device perods
v Reduced resource utilization

MR AT MR

RZ AT (AR A &N SH4T) FAL B 2 2 R 69 B dife it 520 3 % Nk & b
SERE TR AB), TUER BTN 22, BAXERT—HR>HHE, &

AL idfE A4 R KRB IHATHRHE LT A 4 o Bt A 7 2, @43 Fai4aad
By FHRREERESE, FEANREAE TR 43 Kok, HaEHX a5,

FRIKE AT (BARA E ) FHAT) B R &L BLE| R R A&, B
AR BIBRRAREENLE, HMNLE Rt AR 6 —3 0 E. K
K IAT R S IAR A ] S BARAE XA S B R A KL A8 (Bubble)
Bpaf - AR Rk ut A A T E WK, e TRA A &
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OPTIMIZING MODEL PARALLELISM:
CHALLENGES & SOLUTIONS

Enhancing Large Model Training Efficiency

KEY CHALLENGES OPTIMIZATION TECHNIQUES

—> 1. COMMUNICATION OVERRAD @ 1. COMI-COMP OVERLAP
» High frequency (Tensor Parallism) « Overlap compute with data prep
* Large data volume (Pipeline Paralellism) * Hide commurication latency

« Inter-device syncthization

é_é 2. LOAD BALNCING m 3. PIPLINE FILLING
s Varying layer complexity » Orchesate data input
* Varying layer complexity « Reduce "pipeline bubbles”
+ Uneven memory foottprint Improve device utiization
» Complex allocation problem « Adaptive model distribution

COMBINED APPROACH

» Often integrated with Data Parallelism for
for multi-dimensional scaling

1 4

Model Parallelism |—— Large-Scale Training

Source: Internal Research Analysis

BEAL AT d s A9 PR B £ B0 RALH R

R FAT B 16 69 £ R PR AIBAE T4 Ao R B M. AR EIATF, HANATE

Fo B 5T AR S AT R A R 6981, BAEME G ARKEIFITT, BA
BT BB, 2R RBEHBIEETTREKR. ABYHH @, RREGHEL

BN A& R TR 2 FR KR, de T 6 B A & Z 3R & b, L5 B394,
%f—/l\ﬁ%%éé =] AL

A 74764&%@9%%‘%‘3'&’;3%, LR T SABEA BEHATERFF
B, WA AT B R A E AT R, R REAE R, y‘ﬁvk%iﬁi#iﬁii@
A SR RIEINIR T, RV RKERAE, RSGEEHNAF, 5 7B HN
ARYE SR AT B A M AL RIS, S AR EAER 5B RS, I T AT R BRI A

Fe R 8 KRR S5, BAGATEF 5 BIEFATE LA Blde, TR
MR B B3 8] S AREA L CGRAKEIFAT) , HAREGENIRFAT L EHITK
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B 54T, B BN A RAE T DR A BRI AT . A B AT R T A D
FR RABE T AR BE0GKR, LS A8 KA A DI 4,
4.2.3 BAH4TLE 4D H47

A AT HAR AL B AR S A AT, thde BIBFAT AR SHAT, R H
BIEHAT AR AL IAT, KA BIEHATRK T AT £ RBERI L%, & FHRE
ML E R HHTRAR, F—FTRARABEELZHLEK, FZRAREFAT
K, Ko BIFER B FATEHARGEKS .

HYBRID PARALELISM FOR LARGE MODEL TRAINING

Maximizing Efficiency & Scale

CONCEPT:
» MULTI-DIMENSIONAL STRATEGY 1: DP + PP STRATEGY 2: DP+TP
PARALELLISM
L B m
STAGEL TRGEY A . ] .-..,-,...
EEE -
N | W
EEE m=Em EEm =m o
[PATA SUBEE DATA SUNSET AT SUBBET . . " .I

Model split itanto stages (PP),
data replicated within sin age (DP).

Good for memory efficienty Layers split across devices (TP,

data replicated acioss device groups
(DR} imimetetin (OP) Pood spliter
Good for computation balance

| Unlock Peak Al Performance

BAFHATHAR GBS HEA, VAR DP+PP f= DP+TP ik % # % A %k
DP+PP (3B FAT+HRKEIFAT) A —F 7 A 69 IR IFAT Kok XA Kok
¥, BRI SEI R EANAGE, AR —NMEEA L, BRIAKEIFAT;
Bl BE, BANRE AN KRR RIE AT, LR E M RIET . XA LT AR A
H) ) BLEFFAT 89 ) S Ao K E AT N B 2R, E AT F AL KAEA )| 25
DP+TP (HIBHATHR B HAT) AH — %N 8RAEFAT K%, £ X Rk
¥, B A — B B S ARE L, HBARKEIAT; A, REREGAE
R BIEFHAT, LR E) O HIET IR XA RE T AR i) R B398 547 89 77 etk
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FaiR B AT O S A, 1E A SR SRR 69 KA AL 45

PADDLEPADDLE 4D HYBRID PARALELLISM

Unlocking Extreme Scale for Al Training

THE 4D STRATEGY
CORE CHALLENGES
DATA PARALLEL TENSOR
(DP) ™ PARALEL

%,

(@
i’t
SCHEDUING COMPLEXITY COMMUNICATION OVEHREAD
+ Corrdinate multiple « Complex data flow,
techniques communication

GROUPED SELECTION CONSIDERATIONS
PARAMFI’ER PIPELINE
SHARDING PARALLEL
(GPS) ﬁr E Q@
Combines DP, TP, PP & GPS. Model MODEL HARDWARE TRAINING GOALS

CHARACTERSTICS CONFIGURATION (SPEELS,

Segmnted along mumple dlmenlenS (Layers, Compute, Menory) (Devices, Bandwich, Memory)  (Speiitency, Scalaibilty)

(data, tensor, layer, partnation).

Maximizes compute utilzation. :
P Optimize performance by matching strategy to

model, hardware, and objectives

Achieve Peak Al Performance

KR AD NRA AT KR 6 B M R A R A B,

KR AD RA AT R A B IRA AT R, AT HIEIAT KRB
AT RAKL AT A 520 ﬁimﬁmﬁ#ﬁﬁ#oﬁﬁ#%%¢,ﬁﬁﬁ@ﬁ%%
NfF AT BABRE (RAEHAT)  KREHE CREHFAT) « BEE (R
%%%ﬁ)%ﬁﬁ%&(%ﬁ@ﬁ%ﬁ)oﬁﬁgﬁ%ﬁ%%%?aﬁk%ﬁﬁ
TR AIA R Z, &AM RAAL ) KAZ R | 4o

BB FFAT A S PBR IR B Je A i8S AR . ERAEAT Y, ER2WAS
Fh AT BA GG P, PRI A0l 09 & AT R, S FATEARY S
FHEGBIZHE XA T AL, HhmiB A3 4. A T BT PR, RAEIFTRARET
T FAF SR 89 R I R e B A R

EEZRERY, REHFITHREEZLIES AR F: BAFE (&R
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EiFE. NAERAF) « BARE (WE&EHE. REAFTE. AEEEF).
WeEBAF (ol FiR B AR FRRSF) . Bd SRR B EREFAT
R, T VASEILRAE R I 5 69 AR AL o

4.2.4 %4+ H 5 MoE

CONDITIONAL COMPUTATION & MokE:
SCALING Al MODELS EFFICIENTLY

Unlocking Model Capacity with sparge Models

TRADITIONAL MODEL CONDITIONAL COMPUTATION / MoE

DENSE G

NETWORK

Fixed Computation Cost Input activates a SUBSET of experts.

Computation Scales with
Active Experts

COMPUTATION COST (MoE)
TRADITIONAL MODEL
High Computation = High Parameters. PARAMETER S

%4+ H (Conditional Computation) F= MoE (Mixture of Experts) £ KA
W& a3 XA, BIAHRBEISR, ARt A2 FLTT RN
Ho St I 09 A BP AR A AV R 0) A mh EIE P 409 TR RS, AR AT E T
BRI R A2 6 B LT R AR R AL R A T A

Wi & (Sparse Activation) ZAFAEMMZE WL, X — B EME T RA —
NI AAERAE, W KSRMEA RRIFL R IFAHHEE T RS T HZF R A
FR, Mmook i I AR AL . ARSI F B LA A R A 094 2 45 Sk
HEREF, BRI REERE SRR TP

75—




Al KBS RME IR E TR B B

MoE (Mixture of Experts) & —# % 5L A4 H 309 FLtk A, 3L 114 7 %
AR RATH . £ MOE B, MASBHRIH S S S K" A%
PO HIA, RARET R LSS, BeERNATERARS. &
ARSI IR T A A 3 AR 8 B LT KA A A HORAE, B
BEERE.

MoE ARCHITECTURE OPTIMIZATIONS & CHALLENGES

Naviating the Future of Spare Models

MoE ARCHITECTURE CHALLENGES & SOLUTIONS

EXPERT 1 || EXPERT 2 | EXPERT K TRAINING STABLITY LOAD BALINCING MEMORY

” o " OVHHREAD
b
— @ e  COMEINER Spa_rse'activalion. Uneven
RN 20 GATING & OUTPUT Wanishing expert All expert
METWORK . it Gradients. utillzation. parameters stored.

Roufes Inpul  EXPERT2  EXPERT N Solution: Special Loss Selution: Load Balncing L.sParameter Sharing,
Reguliization. Expert Capacity of
Sparse Activation: Only a
a few activated per input

MoE Model
Traditional Model COMPUTATION COST & PARAMTERS
(Ccalable)

MOE decouples model scale from computation.

MoE A4S 55 X M. TR AR aIH . XM &E T
AAIRAT B WL, R T ARG FAE S T4 W4 L FTARIE S NS IE & 2 3 E R
T R AHFN LT BB F R 5 0. ALFLIT, MoE Zi@F %
Pe4% % Transformer P &9 77457 W 45 &, T s Fn B8 & 49 Transformer 224 o

MoE ZR Ay 8948 A2 T 7T A 52 JUAE A LA Fo ok HOX R0 R4S BT & R
BF, TARMIG AR SLAAL, it ARARGHIRFGE X EETMEL, K
AR . XA AT MoE A2 A £ AR MAL R AR LB IEILT, ik
PR o 2L 69 | ZhAn A T AR Ao

K, MoE RML@ls — 2Bk, B AN GG TIEFIA, HIRBE T
FHINGATRL, &FEHRGINEHTF BN T o ARG BYHFIA, 4o
RBHAHZI RS, TiFHELEFRIBAHLEETRAE, FadlhiE.
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R NG R, RARTHRFHRY, 2HAFRE5EE Ak, NEE
FATS PRAR Ko

A T AL MOE A # AL, LR E T A MR, ABRIHREAR—FF
R B NG Zr ik, B AR kR RO e R B, U TR W 43 4 4R &
MR, FREFRAMNBLRXBHEANE TR RALEIR K, bk eER
W&o B RACH AN 425 MoE 4574 89 1843 82 X#ATHRAG, 8D & KA 69 2038
i

FEFEFE A F, MoE R & £ RAZER )| 4k F AT 2 F Ko d» Google #9
Switch Transformer. Mixtral 8x7B 4$#£ A A R A T MoE Z&H#), ARFSHEITH
AR E AT I T BE K8 BRI L F 09 ML R . A B AR R L&,
MoE Ry A B4 KR IRKAFE T 20915 .
4.3 3 hoig 5 IR EHA

431 A EHEHZK

Model Compression Techniques
Key to Cost-Effcative Al Inference Key to pe Cost-Effcative Al Inference

Quantization Pruning _;);tilation |
el -
ﬁ —_— = ' = & . 7| Techniques P DEE;?OEQM .
Reduce numerical emove / oymen'
Moadel recision (ee redunton rain smaller
ol e |(NT3)" COEE';C“‘:E;'IS’ Jfacjg'e‘f_’n :jl'eﬂiic f;u;qel:c ':fem
1. Data Collection 2 4. Deployment 3
FER R 45 B R TEAR RAE R 3 R A8 X 42 F 88, B R A AR E Aeit
H ﬁ%’%}?{, FRFHAEEIRE ., TRV EHBERACEZTH, FTH A8

F, ZEPFRTUAERER, LTRAEGEN, BREEGVESE T Fo
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Quantization: Numerical Precision Reduction
Reduce Model Size & Accelerate Inference

Lower Quantize I;t‘educ:avd’
Precisio .g., INT8 gmo ELS)S
o recision (e.g., ) Compite -
+ . Quantizzed
FP32 Large Mode! FP16 (Half) BF16 (Brain) INT8 (8-bit) Original FP32 g
INT8 (8-bit) INT4 (4-bit)
75%
75% Memory Reduction
/\/‘-)
Multiple X Speedu|
Trade-roff i e
"
& &
Compression Rate Model Accuracy
1. Technique Selection 2. Quantization Process 3, Evaluation & Deployment
LB AT S

=1 (Quantlzatlon) S 3 3T B ARBE AL A R B AR 0 BB AR R R Y AR A
Ko Fert 2R F R ZAGTEEHEFPI6 (4 EF L) « BFl6 (i
&)+ INT8 (84w #4%)  INT4 (4424 F. THTUARFRS AAE A
HHE, FEAR IR AL B0 ARH BT Heik Al S, RS IR E. Hlde,
F FP32 AEA F4L A4 INTS, T 2Amy 75%8 N A & A, JF48 34 INTS 3+ A 69 52
LR EAE G itk R, AU TR IFBEEEHATYE, TELEEH R
Fothy 18] 3K, B) T o
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Pruning: Removing Redundancy
Sparsifying Models for Efficiency

Pruning Process

| Non-Structwred Structured
Pruning Pruning
|
|
- |
Original Large | |
Model Smaller, Sparse
- Model
Remove individual Remave entire ' ;
R i Flne-lunsng to recover accuracy
| connections neurons/filters
Trade-roff
/ Sparsity
1. Initial Model -~ vs. Accuracy
2. Pruning & Fine-tuning 3. Deployment
WA AR

A (Pruning) 284 RAER F R E £ 69 B4 RAY 2 TR B S
FAH A RIS SRR RFE A LR X A8 AR T B W 2449
HRE, Bl W EE SN E U RE . THGRF QST R4
AT B ARFR T N0 BT A th A 2 L REPRM, RFEYEHIE,
12 T Ao i FLEAMALT A IR BN R, R Y% F 2542 T i 5 2R AN 49 3
HAEX, At FTHUGOEA R F F AR RIR IAT o
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Distillation: Knowledge Transfer for Smaller Models
Train a Compact Student to Mimic a
a Powerful Teacher

Distillation Process

L)
Soft-Target Feature Relationship Student Model
Distillation Distillation Distillation
Maintains accuracy & structure
®

Smaller model
1. Teacher Training

2. Distillation Process 3. Student Deployment

AN B E M

#4 (Distillation) @Y G—ANDEA (FAEABEA) kA KRR (K
JREEA) 694, IR AR R, B RAT AR B R KD, BT AR
Z A KA E S iR B — AR R, RS MERLE AR . AT B A
IRAME AR, XRAABFSHH X, SRR I d . o RAFAE. A
AKX RFHITIIRES, ZABORF AT ARFREE LML, 2Tt ;

5H R GIA L, BRAS H I
BT ER T RH A, B R RS S, e AL (BAKE
ok 142) | R CRREREA A S NER)  AHET (3455

EFAMEME) Fo ZEHEARBF L5 TH ABFEAREEA, B
EDPER e

fRa

BEFERATY, BEEREEARAGEFTRZEE AR F: AbFE o H
B AE B RS F)

i BRASF (et RER. HEZRE) « HAHE (o
ZIONE LY. 4

£) , BEAHABFEARRAGERERA, TULBLEAEER
MATRT, RAESERRE, LAHAN KB RERE,
4.3.2 #E ] FEHRAL

BN FRARE KB ikt T2 F &, BEAKAL. EFRAE. A A
ERFHR, ApABERMTHERS, TAZHZNEERIT, TANIEEIEE

# TensorRT. ONNX Runtime. OpenVINO %, ©A1& B BA K F) 645 & Foik ]
%o
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Al INFERENCE ENGINE OPTIMIZATION

Acclerating Large Language Models

Optimization Techniques

TensorRT OpenVINO
(Cross-Platform) (Cross-Platform)

Graph Optimization

(eel, Constant Folding)

* GPU-Optimized ¢ Intel Hardware
Optimized
i « Precision Calibration » Model Optimizer
@ Operator Fusion

& Scheduling + Modular Architecture  Intermediate Reperation
= Execution Providers « Inference Engion (IR)

Memory Management = Granel Optimizations = Inference Engine

(eel, Reuse) * Diverse Hardware * CPU, GPU, VPU Support
Support (CPU, GPU, NPU)

Batching & @

Parallelism 3 (s E

NS o

Dynamic Memory

Key to Efficient LLM Deployment

KB 38 5| S ARALMIE b5 2377 FE A ik

TensorRT 2 NVIDIA JF & ¢ & WAL iR B 5 3 #3251 %, 4+t NVIDIA GPU
AT TR EAMA . TensorRT 8947 S HALE K L 3E: HERE (AL FERMEH
) BAeikgake RV A AR A kemel B3 F4) « RALAFHIAE (4
sT4FE GPU B RHEIN) « X RKENA (RIMMAZEAFTLEANE)
%, TensorRT 4% 5] i& 472 NVIDIA GPU L3 Z kA2 A, TR E 32 M4m0k
Fafit 2o

ONNX Runtime & — A% -F& 09 FFR ML 35| %, L ST & 4= Al E
%2 . ONNX Runtime #94% -S4 % 2 T LA AL R Fo T bk, @I HATREAR
5% (Execution Providers) #U#) ¥ # R #9884+ )5 3%, v CPU. GPU. NPU %,
ONNX Runtime L8R8 T F & ¢ QRN N EE AR, 0F 5. RN
By AAEAXNE, TUAE ST & LRI G0 REHAT,

¥\
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OpenVINO £ Intel 774 69 FF /R 43 T B &, 4+ Intel 224+ (CPU. GPU,
VPU %) #47 7 #4L. OpenVINO #9455 284+ @L 4542 A 44k 3 (Model Optimizer)
A3 32 7] % (Inference Engine) . A Ak 28 59| 2 4F 69 42 A 45 ¥ 4 OpenVINO
adr ) ko (IR) , #ATE A Fedf BACE; I 5] N 43 Intel 2% 44 2 ATIR
BARAL, S8 A A M HAT. OpenVINO 453 i& 448 Intel & E3RF KR,
T VA L5 A) R B 69 e 3 AR

Key Optimization Stages & Large Model

Challenges
Optimization Stages Large Model Challenges
o1, Graph Optimization cg,L, Massive Graph Complexity
&= (e.g., Constant Folding, Fusion 4T, (Optimization Time, Memory)
; ; ‘;/ Operator Optimization ~ 77 Dynamic Model Behavior
= (Hardware-specific Libraries) /*\J = (Dynamic Shapes, Conditional Compute)
<7\,  Operator Optimization * | Extreme Memory Footprint
= (Hardware-specific Libraries) ++ (Specialized Strategies)
3 Memory Management .
] (Reuse, Pre-allocation) — Future Directions

* |ncrevemtal Compilation
Batching & Parallelism * Adaptive Batching
(Dynamic Batching) * Memory Sharding

Innovating for More Efficient, Intelligent & Flexible LLLM Deployment

e3P ) ARAG A AEIR T 5 KA Bk
WL FERAEF QLT IUAN KT T . BRI, EFHi. RAEE,
%%@ﬁ%%o@ﬁ%ﬁﬁ%%%%\ﬁﬁﬂﬁ%\ﬁ%%é%&ﬁ,ﬁ%ﬁﬁ
, BRI HE ﬁ%%%éﬂﬁ%i@z#i%%f;‘iéﬁﬁ—%fr, Foo-F) R AR A
Bhmikie S, NAEREINELA. ArBREFEK, RV NG BRABL T
A WAL TEARAL NGB S A AL T, AT K BER SRR, SRR &,
e KA I P | I 5] AT 16 — AR PR . — 2 KA AN
AR K, BARACE ) fo B AR AL, =2 KRR 93 S 45 (Je sl 5 K.
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FARTHF) B THRAAERE;, ZRXBHEGAESAEKR, FEHRGNEE
B, AR P, WL FRRELAG LS. LHME. LRENFT @
K, Wm¥EHhF. AERMHLE. WNESRF

4.3.3 KVCache 543 X E#

KVCache 54 & X 32 2 XA R AL T2H AR, @FHAAZEE S
FEHHAAEGER, BEERARIAGFTTOHEELE LEBARFHEAT
A=A RIES, do XARE R REBERF G

. KVCache: Optimizing Attention for Long Sequences

Traditional
Input i /*\( 2
Tokens . . —» ( Attention _,\ 1 —>O(n)
| KVCache Enabled

O(n)

B-

Currenl Token K, V

Reduced Computation & Memory Access

Leverages cached historical Key & Value vectors to accelerate
self-regressive decoding in large language models.

KVCache 5z & 7 #uil #hAL

KVCache (Key-Value Cache) & —#F#hiLzEHHENHRK, BdEA50E
B B S 6 Key A= Value &%, 8 % & 4o £ XAEA 69 ) = )3 & it A2 P,
FEANHT £ R Y token AR E &5 Z AT BT A token #ATIEF A A, e R AL LA,
HHEERELAMAT K ETFFE K. KVCache # K4 5 &4 H 49 Key #= Value
A AL, AKX token B R E T H % AT token 49 Key #= Value, A&
5% 8T #ATEE AW, BB L&A O(n?) 185 O(n), A+
n S5 KR
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58 X33 2 —FP 1l KVCache 4 P S og 330 224, HizE s et iy
FM B, RILRHH N AF LA IR, AR KRR, &
EAHAA AR (ol M%) R RRAE A8, Folkatilt, 55X
WA A T AR e AL R SATHRACA B, TR R EWE T
KVCache, 2% W A F A 5t 2%

. Decoupled Inference Architiscture: KVCache Optimization

Traditional Inference Traditional

TI:E?EL:':S _). . Attention [l Feentian [l Feedwan [ FecFwad J Fedtiwad /\
—
! Network || Network || Network [ Network [l Network Interwhded

Computation &
Decoupled Inference

Memory Access

Attention ] Feedwan | Fedfwan

Network | Network J§ Network

Other Computations (e.g. FFN)

@ Optimized Scheduling & Resource Management

KVCache Optimization Techniques

KVCache Quantization KVCache Sparstiirasios Entanche Compresion:
for long text.
« INT8/(04 precision. Identify & remove « Enables angorithms.
Reduced memory fuotprirint important elements. Enables sequence lengths.
lest costhies Less compute * Supports real-world LLM services

8 X 52 424 55 KVCache 4.4k

KVCache At 2 58 XEF S IR T, £ & @45 KVCache #14.KVCache
it KVCache /& %5 4 # Ko KVCache 14 if it 4§ KVCache F4t 7 %45 A%
X, (42 INT8. INT4) , RV R4 & AF% 5% E K; KVCache #5iitid it in 5 Fo
#% M KVCache ¥ 89 R & & 0%, WY A F3+ I 4% ; KVCache /& 4 ) i@ id %
RSB, #t—F My KVCache #9 N A4 & A o

SRR AF, KVCache 54 & X2 H R & kﬁ\iﬂﬁkc}’f L3 =y 2
B o Bldm, A X5 89 KVCache Al 57 B 434 K SR KAZ AL I s it AT TR AR,
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i@ if KVCache £ o i 3 XM, TERITT KIRGF T OELLE,
e R4 FR K IR (mF % token B H)) &9 KAER IR A T, ALK
B A T K XA

KVCache 55 & X B H A @6 9K T 04 —& KVCache 491 A &
RAEFFIKREEMIEK, KFAHFTAARS ER; =& KVCache #) % 32 Fa
RERAR, EZHHNIN AL BRAEICRE; =20 8 XNELGLNE ZTHRE
LEMBATIE B, W T IR A Ae P 69 F etk o A adiX Bk, 48 X HAIEAL G
s B LA T e Lk, 2o 8 & KVCache & . 35 & KVCache
R4 BFRE 5-F 4.

434 A %-=WhRHHE

D R R — o XA L X, B KB 53 A S A,
SRR EFEDGEEAFRRSF B L, FIARER., FHRAF QMRS XA
AFFRER T EHRZRSG. TATBRARG AL T, wBhikE DKW
EEFo

EDGE-CLOUD COOPERATIVE INFERENCE
ARCHITECTURE OVERVIEW

,‘ EDGE DEVICE INFERENCE

E} Lightiwight Sub-model
| Execution

MODEL PARTITION
i

INTERMEDIATE RESULT TRANSFER T INTD
LARGE Al MODEL ‘ LOW LATENCY & HIGH

Pipelined; Data Flow SUB-MODELS |  ErricIENCY OUTRUT

PARALEEL PROCESSING / PIPILINE

CLOUD SERVER INFERENCE

n

AN Compute-intenstive Sub- £ j &
R P =

model Offloading

- 1

A Y- P B I R AL
R G-Z R RS SRRBER E, pHFXER LI A SANATHREY,
RAETH R R EAERER, AR TRE SR DG RSz mRGE L &
W, TH B R AT ER G TRV RE ZmRSBSRTHE, mEETR
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89 FAEA N A2 2 58 & EPAT o XAY 58] Rk T AEARIE IR S 6 R A, #H R
%Y A IRIER T K

DG-m W R AR T AN H ZAH S DG EEHER. FELERER. R
5B, =y THEA=ANRE, EREZIRFIHALE. PRHAEIHEELY
AL 69 B B, DGR E T AR T —l, B K& XL ERE, #—F
BB AR

DG -ZMREEGEFET TRASA RN LG =m0 & a k%, B45%%
EEARIER, TRARBARIE R G HBEREFRRAALE,; mmREBMA B KRGt
Hath, TALE G 605, @3 6B R 5 felt 58, 24%-=
WrE AT AL PP A IR B 5 0 AL, Phdh R on i F KA RE R,

EDGE-CLOUD COOPERATIVE INFERENCE:
BENEFITS AND CHALLENGES

BENEFITS { CHALLENGES
|
@ LOW LATENCY &> NETWORK DEPENDENCY
©
Data processing near source, | Performance sensitive to
reduced transmission time connettivity ,
S |
O%%, HIGH EFFICIENCY FASTER, PRIVACY & SECURITY |
L SMARTER A | (< . |
Leverages cloud compute A |
for complex tasks [ Data transfer risks
él@ RESOURCE OPTIMIZATION | ENERGY CONSUMPTION
Balances edge constraints Edge device power
with cloud power management

R G-V F) A B A A H 5 PR,

KR, A% -=WFRERL@E— LK. GRALZMARIE, LEEEL
R R BB AE R AR vt F) AR LAY PR A W 4 AR R S SR R R AR 3
MR TR, ARRRARZELEFM, RIBEZAD G R B AL, TiT R
AEFE R, KRG AR, DHERELBT st E, FE2F5EMRLMIL,

AT HRARAG-ZWH R, LRRET SHEK. HEEASEH R
—FFRBERAR, RIFBRERIL. RERS. EHFHFEFEE, D5 AEELA 52

Fouk, IR A AL o B 1E A I HOR W ARYE B 4851 3 25 R R BB 4 ek
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do MR YE. HEHWE, R AL BARYERBLRAFE T 2551
Fo. BIEWEFFH, Ry RIERIFZ L,

HEERERAY, DG%-ZWRELTAE S MABFE AR LR Hlde, £F
RRBEEGFY, ALEE N TR REFRFRAALE, ZHREE Rt LGRS
WiES; ARRETGFT, LHRERATEFHERE, ZRRHFEATLE
BRI AL AN BERG T, DEEE R ENBIfk R, =3
S BR RS EIE DI FREA Y|

MAS5G. A% H. REVFHRNEZE, 2% - REEKREL S Y F
VRBEERAER, A Al TR -E B Ao 7 AT 69 FAR AR
4.4 FH) R B L G HE

441 FTRA—EHE

FHRRA—E ERME ST A 2o e, @i Z Al R &
A TR, FATRGE—RAEFSIF A £ Al XKERGFF, FH7T
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UNIFIED HETERERGEOUS RESOURCE
MANAGEMENT ARCHITECTURE

5 LI A abl LLET AI CHIPS
5@5 CPUS ] m E}FA = (Cambricon MLU, Ascend | FPGas
||||| e NPU, etel)
ABSTRACT & POOL
DEVICE ABSTRACTION RESOURCE POOLING
Unified Interface & Models Virtualized Resource Pools
Hide Hardware Differences Share & Reuse Resources
I
KUBERNATES + DEVICE PLUGIN VOLCANO (ENHANCED SCHEDULER)
@ K“b’eﬁt"" » Container Orcheeration A Built on Kukertaits e
- Extend with New Hardware Al/Big Data Optimized i
_] « Leverage Ecosstem Dynamic Resource Allocation (DRA)

UNIFIED SCHEDULNG &
EFFICIENT UTILZATION

POWERING LARGE-SCALE Al CLUSTERS & INTELLIGENT COMPUTE CENTERS.

FH TR —E B RMI
Kubernetes+Device Plugin 5% B & 769 %4 KR & 3 7 % . Kubernetes /£ %
BEBHTE, BT R R R E L AR EARE J) ; Device Plugin L) W) A5 %
=7 X&) By & Kubernetes, # 4 #7288 44 F /R . i@ L Device Plugin, &#F
Al Hoig 27T 4k ah % 4 Kubernetes #9778 B Kk, &5 CPU. N AEF KR —4E it
1T B Ay BLo Ay 7 69K H 2T vAH] Al Kubernetes st 369 & &4 T AL4%, &
IR TR & L6 F Febd o

Volcano Z dpw) Al. KHEF SR T A T RAALE, EA
Kubernetes 2 b, #ABET £ 3% K69 F49 7R & HAL S o Volcano AL T & ML ALAE
FREANE. SHAEFRGCHERE. SRAEEFETEREFEARA AR, BT
BENAL REHE KW B FFH S AT H AR R IR 5435 A P o Volcano v1.12
¥ a7 xF DRA (Dynamlc Resource Allocation) %) ¥ 3, AFEHHEHBAiE
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¥R T b R M AR 69 KR Ak
T A F 5 A K
B fotng B AR, R E LR 6T

RA—F LA FHLE I FE
/}? Ih %»7’7 7}T /ﬁ’“ﬁ é’]
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TR R, B E

F, WAL EE R R8T o FH R A Al ) R R 89 B R IE ROR R 469 R

o, FSRFRGEFRIN, RS TRANE, AERFREITF,
F 09 R, JRBAT AT R AR R E R IR, FERB T

ARG APL 322,
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CHALLENGES & FUTURE TRENDS IN UNIFIED HETEROERGEOS
RESOURCE MANAGEMENT

MAJOR CHALLENGES

=

1. HARDWARE DIVERSITY

« Wide Range of Al Accelerators
« Differing Interfaces & Functions
+ Complex to Unify

FUTURE TRENDS
1. STANDIZIRATION

« Standarlized Device Interfaces
* Open Protocols & APIS
* Interoprérability

R

2. PERFORMANCE ISOLATION

+ Interference Between Resources

+ Need Effective Isolation Mechanisms

« Shared vs. Dedicated Access

7120
O

1. INTELLIGENCE

* Smart Resource Scheduling
* Al-Powered Optimization
* Predictive Management

oo
o
=D
3. STATE MANAGEMENT

« Complex Device States
» Firwwarr & Driver Versions
» Unified Monitoring Required

@

« Automated Operations
* Self-Healing & Scaling
Zero-Touch Provisioping

ENABLING THE FUTURE OF Al INFRASTRUCTURE & COMPUTE CENTERS

FHHRRGE—EE@E IR G K EAR

KRG — I E s Pk 1 201
89 Al it B AT, JEk.

&, AR R

— R S A,

AR H. RAED

FTmEFREKR, A—WFMEESG; —ZMHRk

FMEE BT A LRGRE wBEHFRA BHRAF) , TE2H—REETHE

SEH,
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Al KRR 5 RAETIRE AR A A

Wbl o AR aFiX PR, HRA—FEBEARAELG ZAFANL. ZHFRIKL. LA
g G K, ek ALk &3, BREKRIAE. ANLBHESE,

EEFFRERY, FMRARGE—FRCERAE Al EB TR 2R M. #)
do, HFFH PP, 1813 Kubernetes+Volcano #9224, 523, 7 *F CPU. GPU.
ALK F S TR G —E LB, AR 5Ae LR T 5208
h X MAEFMEN LR, FRE—FZERKEAE AL K% 56 P XM K
A E 204 Ao

4.4.2 4E 5 B K%

AE G5 9R B SR R A TR A AR S IR T, BT A 3R 9 A S0 BL e SR R R

TRARAGHEREG RS ERBERESFHEIBREY T T, E5RAEEELE S
FrEE, Wl TR, RNERAF, L —NE Lm0 EA,

Iy

TASK SCHEDULING STRATEGIES:
KEY DIMENSIONS & APPROACHES

TASK CHARACTERISTICS RESOURCE CHARACTERITICS
* Compute Type ¢ Compute Capacity

* Resource Requirements * Memory

* Latency Sensiitiviy * Network Bandiwith

OPTIMIZATION GOALS

Eé Throughupt =L Latency Resource Utilzation

POWERED BY: VOLCANO SCHEDULER Q Configrable Actions & Plugins l

AL 518 Km0 Y
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A THRAZN R ERRTFT RO EREZL — RIBES G EERF R SR,
ANESH2 BRI R E, SHABEFHRARF TR, I REHLAN, &
SRR ERNEFNESGT Kd, 82094058 SR T At BURAE £ B4E
FUIR, BRESLAIE Geid i) g s, RALRRRF) RERIENFHE,

KR F ARG — A ERE R, RBESFE TR FRLR,
FAE Gz RES TR L. AXRBEAG TP, RRGERZE KA FTaTR
B XA G RAEA R R 8 F Ak, deix &t HiE 44 GPU AT, mit i
MEFTRALTR AL SR EZ S8 TR FFb T LS AR B A 45
RB[EFHATRE

R B R e EE —FFB &R R, ARIE R ) R R B, SRR
S B ih. RBERIPEEEZREIEARNERIEHR, 4o CPU A A F. A AL
A& W&a . REBAEF, A TXEE SE0H BRI R XA KB TAE S
ARARBHES T, TINEHHGFTRA A




Al KBS RME IR E TR B B

CO-LOCATION OPTIMIZATION:
TRAINING & INFERENCE WORKLOADS

* Compute-Intenstive @ * |atency-Sensitive @’3
* Long-Running * Short-Running S
¢ Long-Running ¢ Short-Running
s Stable Resource Demand ¢ Fluctating Resource Demand
Demand
s Batch Processing * Real-time Processing
 High Througthut Focus * Low Latency Focus
_/i\f/A\/\.
THE CHALLENGE: RESOURCE
CONFLICT & UNDERUTILIZATION
& &
TIME-SLICING RESOURCE ISOLATION DYNAMIC ADJUSTMENT
Alternate execution of task Dedicate specific resources Adapt resource allocation
task types on (e.gl, CPU cores, GPUs) based on o-reatim
shared resources to task types load load & priorities

STRATEGIES FOR HETERERENGES COMPUTE OPTIMIZATION

W 25 5 M 22AE SR 3R AL

W 25 5 e AT S5-I SRPEAC R T FE 7 R o 89 A AR BB o D SR AL 38 O
FLHE. K AEAT. KFRE R Z, AL B R E0EF. K
BB KL Ko TR X BmA R E 4R GIE S SRR, RS TBRAAE, Z—
N AL, F LK Kok adEut R ok (RR B BREF R ERES) « 7
RIas (ARRERBESHEEATR) « DERAE R T RFANSHER
BoBL) F

Volcano 8 & B34 T +F 094 58 & %% X # . Volcano Scheduler ¥ — &
7| action #e plugin 48 5%, action & LT B E &R b FB2HATHFH1E; plugin &
TR B FARAME T action b ik 69 BARLIm ¥ . Volcano I & fi H &4
BE5ETRE, IFLZHLGBIERAR, TAREEFEERKERE TR R E R,

BEFEAY, EHRAERBGLEFERFTESARAE: E55E (it i
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KA, WRER ERERF) . WRHKE (it A AFEEE. ME&FIE
F) v ABRAA (HebE, R, TRANESF) . BL SR EHPRELS
AR Rk, T AR LA F ) R G0 & BUEAT, A KRR Shfe I IR 1R K A9
H 7 2%

443 BHRMESEHIZXS
DYNAMIC SCALING & COMPUTE TRADING

Optimizing Heteregeanges Compute Resource Management

DYNAMIC SCALING COMPUTE TRADING
i Resource Resnun:e Trading
| Providers Consumers Platform
Ea? — ole)
—=r—=3—]
A Cloud Previders AlML Matching
‘ Horizontal Scaling | Verlu:al Scaling ‘ et Celmers Rampquns Selllement
‘ (HPA) (VPA) Enterprise Indiidual %
Idle Resources Developers 086:
Auto-adjusts compute capacity based to demand & policies I Market-based allocation of compute resources
Challenges for Large Models INTEGRATED Trading Models
* High Resource Needs, Long Startup Times RESOURCE OPTIMIZATION + On-Derand
GPU/Startup Times * Reserved Instances

+ GPU/Memory/Quaed Metrics

» Spot Instences
* Predictive Scaling

Dynamic Maximized Efficiency,
Adjustment Miniimiited Cost
APPLICATIONS & OUTLOK

* Cloud Platforms (eql. Alibaba Cloud ESS, Huawei Cloud Volcano)
* Broader Compute Networks « Efficient Resource Utilzation

REMEAR 45 5 ) G R B TR A & B, B g &R R
B RREA T H S, R TR ZE, AR RA, TLEFEREKX
BAEFHANGEGFTTEAETLEL, TAFBA P L& LE2FBMEA
H I 7R

%k A 25 ST 35 ARYE b 5 F KA Rk | 9B It F AR ) 69 Ik %, 1& Kubernetes
RB P RRAR 4 B 645 KP4 (HPA, Horizontal Pod Autoscaler) fod #
10 45 (VPA, Vertical Pod Autoscaler) ##AF# KXo HPA T 218 id 3% o %, 8V Pod
HERZAN G, ESRRKRERFHY A, VPA N8 384 Pod & 7R 15 KF=
PR R EMAP %6, Eo6F L PERRERANGGF. HPA M 55 B EAA TR T, do
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R A Pod R BUR 5] R IEAF 3 E H IR EA R AIF LT , AL BAT 5 SHAR B,
% Pod #9 K IRIGATH R A A NTHIE, FARAh 4 6948 F 1.

D A KA A P @ . KA S8 AR B LR B
B K, A5 %a T CPU A R 6940 4 F o TR R B e Ao AFATiX S48, X
BAUBEMEEELE T SHE, wGPUAAE. WAEAS. RIIKES,
I 45 & F M AR 45 (Predictive Scaling) #H AR, RATFAF KR E K, #ELKRA
RFHAHEART B

FARGAEATRGTHLERE T X, B EHH FRB b, ZANEE
Rt AL BL. A X GTARMSHH X, dw#k &A% (Pay-as-you-go) .
R E %4 (Reserved Instances) . s£4-54] (Spot Instances) 4. & A+ & &
I RHEKRER, MG LA ELRM BRENKTRER, TAEZH I
PA; FEM B W E AT PR, R KAGIE S, MAs ARAR 7T AR AR BT,

EAXSTHRFOLERRES. FRERF. XHFEERLE. Tk
REFOHEZRET. EHPo. 2LRERRSE;, KBRERT 0 Al b,
BRAM s MATFEHF; 5 -FE WRBFRAA . LB . SHF Ak,
BB AR TAM TH LTSI I L T4, BLH S TR A AL
R HPATALES, i Iy 09 E Y BA=T 12 B

BEPEAR 5 5 5 B 4 4 6T DA R AL 00 S KR AR A o L ARk
o HAR, TARIEEIFE KNS AEFRAL; BLFH ZHHR, TRER
AR AR T 2 B A R A TR o A 25 T X LI R RALELE,
et AL KA, MR B

EERBRATY, $RMEEEN RS CESASFERIEN ML T 75 5,
Bl e, TR Z 54 45 IR 55 (ESS) X AHFARIE L 5% Koo skuk B #) A 3t ik 7,
¥ ¥ ECS %45 F= ECI 5245]; 4£ 4 % Volcano 8 & B % 8 S AP 5 MAb 45 wk, T
PUE R R R 6 AL TAE i &Ko £ H A M4 T KR, %5 5
BRI LD FF RARER, B HH KR & AR AT IHUEE.

A, BALLERE ZH 547
50 £ A7 FHAELN S XKERBEESELK
501 =@ SHELBKER X HF

A FEAE A BN AL SRR AF oAk, LFHEII0RFIEHEAESZR
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AR K) ERAAAIRE, RIEE = Al %R A RBER G F T 69 5 AN
F s 910B 2 464 & &y = 3 ) 4R 89 syt Ak AL 422 %5, KA Tnm+EUV T Z 4],
#)%‘ 32 M A AR /M, ¥R (FPl6) K7 ik 5] 256-320 TFLOPS, #%
B (INT8) H 4 ik %] 512-640 TOPS, #h#£ 310W, #AALFHEH KB Al

HFEEZ—,

BTV, A TIESR SR KER NG T2 ) AF BRI L,

T T AEAITIT $15 10 ZBMAME 910B % o FHs 910B é9 Ak, At ik
%M:t% NVIDIA A100, 5% 3k#h 3t X 4L 8 F 5 910B & 7 R 23769 AL AL
A7) 5 5 B H 69 A AR T RAFBE B, i @46 A AR A IR R E B ARAL, #
PRAE K AL & = IR B P 0948 247,

B FF s Al FAF IR EEHRK, ABSHELTHEEZERA

o ZE R A )% 89 YOLOV3. Transformer 5| 4454+, % F 7% 910B it
AAAENBRFORAE RN AAH S FRAETTRTT HCCS ZEH R,
TSR AR, HRIR KRR, R KA AL )| AT E Ko

ASCEND 910B: PERFORMANCE & MARKET IMPACT

P

ALIABA CLOUD

BYTE DANCE

TENCENT Al
Key Domestic

Davinci Architecture

100K Ascend Ordered
-\ , | 110B Order (30K Received
- | Training Al Models

\ (YOLOV3, Transformer)

Key Domestic

: apEX Comput
ALI CLOUD K r

PERFORMANCE & ARCHITECTURE Architeccture 2024 CHINA Al CHIP MARKET SHARE

Tnm+ EUV HUAWEI
Bl "o Premercect NVIDIA ASCEND
Bl s > INT8: 512-340 TLOPS 54% Shinped)
Megascale  (YOLOv3, Transformer)
Producale Production
System
MULTI-CARD SYSTEM
. . Powerful
2 Compute Clusters 0(';:525
Shipped)

Domestic Innovation Driving Al Transformation in Cloud
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EE. WAL F SA B @, B AR, ) RBTHAL = Sl i e Bk
m,%i&@kfﬂ%ﬁ?ﬁwﬁéaﬁk%%i%Mﬁﬁ%&ﬁ%oﬁﬁi
AR SVEREX, EFH T B ALS R £ IR R 6 P e R Fe s 3o B7F
DHBIERT, 2024 FAEAFHERT 647 R, £AAR AL SR T b3 23%~28%
A, #HELH =, AT EME,

5.1.2 A% 5 %3 £ 4|

M= Eoh, LAFBEAR AL G FamM TR 2R FH 310
RINVRAEAME DG H T AL &35, RAEA QGG ETHEMN, £
HALA 6.5W 89 4+ T, F2BE5R K49 AT e 3AL 7 o Atlas 200 AT Ao i@ 823 52 % 7
FE 310 43235, A M EI B AFRA . B E£5F Al B Ak, Ji2H
FRARALEE. MBEA. AN, FiIiEFHHM Al 5.

Ascend Edge & Device Implementations

2019 2021 2025E
® ®

Ascend Edge Al Processors

Cloud-Edge-Device Collaboration 1 5M +
. L |
A
on

sapn

Developers in Ascend Ecosstem

(2025E)
Cloud Edge Device 8WTDP, Industrial Al
High Al Inferenece Acceleration
. Cities Building Al
Integrated Edge Al Solutions Al Computing Cenlers
w#  Smart Security Eﬁhl Industrial Quality Inspection
Atlas 200 Al Module, === Foxemn (Ascend 910)
80x Inspection Efficiency 380MB to 58MB Model Size
(Shenzhen Power Grid) EEH Model Size 1 4 Launched & Fully Operational
120 FPS to 200+ FPS Al Computing Centers

Innovation & Computing Report - Intemal Use Only

TR R AR, 484 7MW Atlas 200 Al Anif B3k 4k 702 5 A T 8 £ 47 645
%%¢o%ﬁ%ﬂﬁ%ﬁ%&%@%%%,ﬁﬂ%w%%%%%ﬁﬁﬁ%%,%
% Atlas 200 Al Anig B3, EAT Al 32 & BT 3030 BAZALIR 547, A4 2L
FERAT 8045, B ADLGEEANTR AL T H, TAURY T HKIFEAMILR,
LAY TR P RaA, FBTEAR T 2T P &0 SRR IR M. EEFRIE T, BEFBE
310 49 %7 RRABAR Sk AL 96 2 Ao IR BT T AR RIBA4T, % Tx24 ) B R JA) B TAR 89 %
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Ko

AETLREGF, LAFBLZER EMEALBERLESES, ZAT 2R E
aHN, TEERALEAFTBEIOCH+IS T E, BERI TR
Fo BT H AL EEG A TRBAEZAY, TAERZIN " bbell, RAEEAL
FLE, #EH SR EET R FBALER ISR, A% A
ERE| Tk &P, LERSGBRAFE B, KKFELTRELLHE

BB ERTAR, £ AREAGH ARG RCAEEE ZMRT S, FiE
Al 2GR EZ;ZERNE TR FE. SRETEEZ. BFETLITEYF, K
K¥bhnig TAT AT A6 I R Blde, EZHREFHEED T, FBALLER% LT
S ERZE, AFHIRANENTA; EFETLT, FEA%LERB LR
B ARRIRAFIRSG, RIHA P ARE,

e A FWEA G538 F % =565 W R T REG I, LF =3
LGB Ent 2w Al T R I8 — 1R85~ S by, 1470 P
TURE LIRS RAEBRESN TRV E, MERFTHXNAIHE A%, &E
2025 4, eAAIL 100 7 TFRE mANFHBEAES, A 25 AT AT FBHEA
IRt AP, b 4 ANTE EEFlafiEE,

52 BALLTFE

521 2R %

ERLEAEN AL LR TR, LETARIER AR BER 7
BEARE, EREMmLT 2016 45, 2 FALGFRGH = ROHL L H RS
H}, BN TFHEAIFRAROEZ SR ESH . 2023 £, BRLEAH ZH—
REmB HHER o L5900 R, A A RERERAL KER, &
S MERE AT AR 4R 3R A100, 52 A 4T B N AR B KFo

Bt 590 2 EXRLRIT—R=mBaIN%GESH, %75 Rt kT 370
HEME A L6942t ARGEM R AR, KL 590 £ M AR XAELL A100, iK%
A100 80%-90% #9542 £, B #7 MLU-Link #§ } a Z 8 i% & 512GB/s (A800 2
400GB/s) , 4% BB B AP AL X 4R KA A100 8090% % 14 . % 7L 590 KA &
R4 B AFig MLUarch05 2249, #4RBEE RN A2 Feam 5, 10 fo )y 18] LE
Bl EREAREITR, 286 5T 5.
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R EZHWER, %o 7280 3588 = %R 69 AL A mik FARAEH 4
F7, RA&E FACRA A RAHR R, 77 £ 2] A4 180 1242k (1800P FLOPS) o
202552 A, AR AEFPCERBELASGA BERL, AR Z 44547
B = xR DeepSeek, A 7T 5 W34k E AR ELIR S, &A@ R E
48 = A 7 B DeepSeek 7 At i A %4

ERLWFRITATSHERNRTaT, £2ELANLAETLZRA. ¥
SHEERBFRIL A BAFL ATREAF, R4 PRI A FEA
FHAKE. 7 KRPE. BERLTF. FPALATENGLEG RAFRIT. M
MyFadeik, KK 2024 5 L F FHEZAHRATEHR RGO RF0E, £
WHBM-TFEFAT EHSN TR, TE T HEHBTEH, Bk T S
AR, #—FRIT FREFN

AHABEE, ERX2EZKMA ASIC 24, SHLBARALEKE, hH
RERFERAGFTT, EHTUAHE L GPU £5., EXLET590 5384k k
0 EIET BRI AEAR S G, REFEEAGFTERAES B ERIFGD X
LRERT, 590 AERELS EERAMKTF, BIATEXLERGHEKE S

522 MEFXRFHLSHS

M 2K R 2B B T g ARG, 8k 800 X K R | 6y = am A FE
MRt Al S o &8 800 MAk 69 Ra /3 & T ARARAF 9 Rl 21 37 A4 & d R
A BATE R R, BT e i F AR A RS R AR AL, R A &
AT BRI %, A3 CNN RALGE & B kR B AAL . 4% %8 ResNet50 & %49
H A B, 458 800 895 7 £ 5] 820TOPS, /& %5 Bf4] 38 7 &2k Al % 7 Ak 4937
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Advancements in Cloud Al Compute: A Case Study

Chip Architecture Algorithm Optimization
Inference Acceleration (CNN, Vision Al)
Technologies

[
e _:.\.. ...
o ‘: F = =
b ... _.t. #
. b2y » e - A [ ]
o 3 ‘.4‘. . " ]
S L
=" v 8

| Software-Hardware
Co-innovation

World Record Al Chip
800 TOPS Performance 0.0739ms/image
(ResNet50) (at launch) T—) (image Recognition)
A 2min 28s (3minNeet Training)

Data Source: DAWNBench, Alibaba Cloud Al Service
T2 k34 5k 800 %% B 69 1k Ak 4E 4 55 K 4] 37
£ AL G5F, &% 800 & A it B a9 RAFAN o T 2= & T 458 800 49 Al
MRS 7 — 3K B K AXE 0.0739ms, B Bf £ 9] 25 R A Ao e A E 7 @ ARH 2842
7. DAWNBench & 7 B7~, T 2 = F#)+ F IR 59| % ImageNet 128 7 ik | K 12
F24 384, BRILT A K800 £LFREA L FEAR. Kk, FRTHZ 5%
HEZ AR —F ZE, b= AL YIES K Fasp ] Al 325 R, B AR T E =

o HE %
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Cloud-Chip Synergy: Alibaba's Unified Al Strategy

Cloud Infrastructure
Alibaba Cloud Lingjun Platform (PASS)
Unified Resource Management & Scheduling

+ + +
=)
g i &
Public Cloud Single-Tenant Hybrid Cloud
Serverless

Cloud Services
Self-Developed Chip | [

Cad
loud-Chip Al Model Training

Integration ——>  (Large Models)

(Yun Xin Y Ti) Al Inference &
Applications
Hanguang 800 (Cloud
Al Inference Chip I 1
Future: Training & Edge Al Chips\L \I/

Optimized Performance
& Cost

Enhanced Al Service
Competisinizes

Data Source: Internal Alibaba Reports, Public Annauncements

MEZAZBRFELE “F—HK Kk

MEZAZRR@E KA E LS T RaRS% H4 PaaS 7 &%, IHNEE
Serverless i FAMARIRAE L, A TR —HREBAEK, HESHHR
FH BN RE, RIRTFE LT A K800 FFM it ERR, @th—0RRE R
Foilfl A%, A Al KRN GA B RE SN F. EEREAY, &
RIGCEIFTHMELERNIERS Al b4, @S FTE RN REIRS, B
A 4k AL 447,

M2 Eef AL SR ARRGH BRI T" "= — R0 RE 2, @il g o
K5 ZRERELE S, FIMEFRANRZLI. &5 800 52 =69HF,
AR THE = ARG 5N, LATTEZEC A F 69 AL LS54 T 52 K
HAHXIE, BT HAREL56 RHRIEIR.

523 i ZZHEE Al migF

e AE AL S A AR89 T oy ERARILA 2 2 i A ATIR 55884 Al Jmig F b i
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MELELERBEOMIBRSE, A S M &ILae 32T 8 5 L% %,
B MR AR Al iz F, M TR KNG ALl LA L%k, A=, &Lk
FTI FE9 KRG AT LY, TEASASPTHIE, HATRERGH A
MR LA, Heik Al b,

EMPOWERING Al INNOVATION:

TENCENT Al COMPUTING INFSTEGENT'S INTEGRATED Al STACK
A Full-Stack Approach

| LAYER 3: MOD
TI PLATFORM ENECENT HUNYUAN
STARRY SEA SERVERS (Data, Training . LARGE MODEL
g A ACCELERATORS T = Deployment) —_ 7« NLP, Computer Vision
TENCENT CLOUD & HIGH PERTSRMANCK One-Stop Al Dev Platform induusiry Madels
Self-Developed Hardware Unifed Cloud Platform HUNYUAN LARGE MODEL * ApPlicatiosien Development
— (NLP, €V, Multmodal) HEIn eSS 2ounarIak
Fine-tuning & Foundation &
Development Industry Models

ALGORITHM TO HARDWARE: SEAMLESS INTEGRATION

L)

LAYER 1: PLATFORM & FRAMERWORK

g,
8%
T%qugjﬂ?".ﬁﬁ“’-ﬁﬂmm i3
e e e ANGELPTM cg
+ Mode] Training i v =
- Model Depleyment TRAININGER SIEW R a2
* Heteregrantul Gamputeﬁup[_mrt- 'é,’gqn
s
A
LAYER 1: INFRASTUCTURE & HARDWARE
STARRY SEEA SERVERS = High-Bandwich Internzect 7
Al ACCELERATORS = Interncect (3.2T) @/;)?
P
Soft-Sartware
Collaboration

P ACCELERATING Al LANDING FOR ENTERRISES.

PR AKX AB Al HARG EZRE, CEREET AABSLAE. +F
FHAGE SESFRBER IR ST, MR BAKBER TG 69 4E
% AngelPTM, & &8 i & xR IR 4, HBh o L hoig KA F b, B
BT Al KR S5 ) AR E R RS S, BRTAEEINEN T E
PR

Bil= TL & 2B iRsdmey Al FAG—sE X-F &, 8T AKIELE., &
BN AB AR EZNG 2RE LS. TIFE 5B RS0 FMEH R EREE
B, XFZH AVERFBA-FE, ATFEERBEZESIG T LA £ LT
FRAF,TL-F& % XHFTHIRAIRR S Al kg, i il s sh AR5,
B A 4k AL 413,
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EMPOWERING Al INNOVATION:
TENCENT Al COMPUTING INFSTEGENT'S INTEGRATED Al STACK
A Full-Stack Approach

Key Components o £ Ml Benefits

Soft-Hardware
Collaboration

P ACCELERATING Al LANDING FOR ENTERRISES.

W3 AE Al JE A AR A B AR T "B R "R A, Bt A AR A 5 AR
FEMRBELESL, FNARAGERG TR, ZE2HERSFELS Al iz F. TIF4&.
MAKBERGHE, FRATHERE ALRSGESH, LAHBIRA F 6 Al
W PR T B RGBEARIIE, BT MAKEREE EER R ZERRIKR,
53 HEFCEZRHGSH ERK

531 BRAFHEFT S

BRESEFCETE Al £H LAZ e TE2ARIy, BiTEPILGE
ARG AEFAM Fe PRI K6 AL E A S . bR RN F R E A
PO AEFHMEANKRBAE T @ISTTRBIEEL, BRT ELIFEH LR EH.
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National Al Computing Centers:
Overview & Hangzou’s Practice

Centralized Powerful Al Computing for Research & Industry
Infrastucture

» March 2025

Hangziou Computing Power Resource
Scheduling Service Platform

= 1. Computing Power Markettlace
48 2. Matchmaking Transactions

3. Al Training & Inference Platform
£+ 4. Unified Resource Scheduling

5. Optimized Configuration

First Diverirised Heterongriess Computing Resource Scheduling
Platform Platform in Hangzou

Key National Platforms

(e.g., Beijing, Hangzou)

Advanced Scheduling Algorithms & Management Systems Empowering Regional Al
Efficient Synerogy of Diverse Hetarrngriess Computing

Industry Development

wo A FRIAEIR S 6 F 2025 £ 3 AEXBA, M EAS AR
MAFRAERSETFE. ZFEEHBANS RHRIEP S, XA5TAALS. Hik
AAFSZATR, BAFART. RS ALNE—RLFEFERE LY
BIAG— W TIRPEFE R, RN T HATRBAEIRSFE ZNT H TR
89 = 2R A Fe RACBL B, A K3 AL & e R RAE T 5% K X%

B RA—RALAEI ) FARHFE (R AMF) RERAFET
R A, KPS R R KRG TR, THET ZEGERESPTRSA
Fo BXEFEF, FMES TRAEAZSEAIK, F B 2R EF R LA
MR—FE AEFRE. ABYHF A, BL ARG RAELEFRERRAR, X
%%éi%?%i%%ﬁﬁ%%ﬁ%ﬂpﬁ&%ﬂﬁmﬁ#T&k%ﬁﬁi%o

FA Sy imls FAE BT R G S AR 845 EEMA. B AAR
E*u&%ﬁﬁﬁim%é% EHK o A R AT Pk, AP R B AT

3

o

b
9

o)
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A Fa R A L, RS AAEA, FAEANRS A B, LT
SR AR RS R, BREREL. BT LR, REEEMEE
A, AR R

532 HLEREH

BALRRF A LTI RS T RBATT KEQH, FMER IR BRAES
F 4 A= ModelArts 5-F &R AT B N =R 58 & 54 57 AR it 5 &Ko

Innovations in Hetererngenous
Compute Services

Leading Domestic Cloud Providers' Advanced Practices

F % L k!
@ 5
Alibaba Cloud Lingjun Tencent Cloud Zhisuan Huawei Cloud ModelArts

* PASS for Large-scale
Deep Learning & * Proporiiary Servers & * One-stop Al Dev Platform
Integrated Al Al Accelerators
* Supports Public/Privte/ ¢ HCC Public Cloud * Data Processing, Training
Hybrid Cloud Cluster Deployment
« Software-Hadware Integrated * HCC Public Cloud + Deep Integration with
Optimization Cluster Ascend Al Hardware
« Unified Resource Management | * 3-2T detra-High Interornect « Brain Science Research
(CPU, GPU, NPU) B (Zeborash Brain Mapping)
* Al Model Training b A
& Inference J (ee.p, Hunyuan)
- S o

Acclerating Al Innovation & Application )

Source: Internal Research & Industry Reports

M2 x RREZE G KB RET T RS A0 PaaS F o, XFEALS
Serverless i FARIARBAEEZHE. RRATF R —ABALEK, HES
WAt B A R JE, #4647 CPU. GPU. NPU % $#p %0k, @i%h—%
REBFPEZG, A Al KRN GEERESHOES IF. ZRFE L
H A AR &, A TR H R, R E & 809 TF R Beo

WERER A GBI EZHE MRS & Al it F WA T R K AL B
ARG IR AETIRERES T XEAEAN ZHH E# HCC, ZmERLE S
fEiR= 22 HAMRSE, Bil= AT SEARA AL W &R 32T 25 L4
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%, ARMEA A AL duig £, A KA AL )| hAedf M BRAE T R K ZHE, A SRR
BRAY, BAEFACEZIFTRAKRERER S AL b4, EIEKF9RRE
Fofé M.

# A = ModelArts 24 A =@ &) Al FFL 8 — 35 X-F &, 3280 T MBIE L
AR Y| SR B) AL R IR F 09 ARAR L. ModelArts k5 48 8 F 0 Al A2 AR B4R AR,
BB RAL, KT S AL N %A E., ERMFHATTE, &
7 & ModelArts 4 AR A 0 F ARy A F il T MRS & 695 K
Joi 4B K 09 TAEJR L, xR 4 Ak ModelArts - & 69 5 A M Ae &4 Ak,
12 R AR A F b Al F R T 2T H,

Commen Characteristics of Domestic

Cloud Service Providers
Soft-Hartware Synergy & Full-Stack Optimization

Integrated Approach System Optimization &
Ecosytem

S

* Maximized System Performance

« Powerful Computing Resources

* Complete Technical Ecosytem

* End—Endd Al Development Support

Accelerating Al Innovation & Application

Source: Internal Research & Industry Reports

= Self-developed Hardware
e Software Platforms
* Deep Integration

M =IRG8 A8 A S IR G575 @ 0 3 ) 4 B R BRAR R A ARAEAL", 1
i B ARG R G BRI A, RILAR AL 09 AR, Xk P & AR
BRGEN TR, THET ZEGBERESPIRSARZR, A Al TR H RN
ERATE| LR A 6 &AL 2 Ay, ik T AL ARG IH A5 A o

54 FRAREFLAELES
54.1 B A Al FEF4
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BN Al FR-F& A A EH 5 KA kb7 & KIF A/ €245 A, Openl
/&%~ ModelScope. KR FRAR. AW Al FEFTFEATFTAERET FT9
IR e Ao

Openl 2 % 2 i #F —K A L4 fe = L H K] 37 k8 35 8 (AITISA) 414RE54%
IFRALR, BARE SKFOFREAR, LREARXKFFRA B T LE Fo &
N#AT6G 5 F. Openl B FARXE T —35 X Al FRAUMEFE&, ERALRA
TFRARB, HEANERE. EAEE. auH5L0AK. BARE. HPFAFEZ TR
b, BiFARZE, Openl BEHLE T —ANANKESH B LEN FHEK
KA, EH Al FRG IR FFa b F 2370

&% (PaddlePaddle) 25 A AL LBIEEFIFE, REEF]
MoSAER . REBEA R, SRR T AEM. TRAMHFRS T —IK. CERH XL
FHSAFHSE, FRAETHEREE; LS AR RELEFREAYFRET T
IF;, AERTFLEE, 23 KAF LS, ELRT, RIETE, ZFHA
EHEPARAF T LAS, CRITBFLBITS Al AF.

ModelScope 2T 2 & &iA Bl 69 Al FRFE, #ET KERIN 4
A AT A TR, XFITFAH Mg Al 5 A . ModelScope -F-& %47 2 &
EE ARG BARE, BEARETAE, FHEAML. EFRANF S A0
B, AFEFZERET FFOEEYFRAFFLILHF JF 33, ModelScope
R T Al BAR SRt F, N T FMAALEL ST PR

H®-F4 (https://sumw.com.cn/) & FHH WL T & 69 @& Al F L4 69-F
&, BFRMEN B, BRBPA—RG—35 XAl FLFE, HET AKIFEINHE
Y GBRARG BRREZR S BERATHEAFRS. HET BRI ZRGH
A B, 4w DeepSeek. T2 5 & 7SR, T4 EfiE fo. B AT
G FRITTEAA ALK, A) K69 Al FFAH - S F AL /FHAT B AR
T AR A Al KA XRAE, THME, TN Rmd, ALRABTARS
RFE o

KE N Al FFR-F& 69 R4 A" TR EF. A5 472", BdFRARAD.
A, TESFHR, B ALRRNTE, R A HFop A Kb, R, Xk
F&LRMEER T FME S, @k iArkaifL, EFHEF ALGH A
SEFR R o 695 B ek o

542 FRAETREHES XH

— 106 —




Al KBS RME IR E TR B B

REOTFAHE LR LFRRARAFMIA SRR RSO XERE B A
b Fo FFRAERETFAHE TAEF RS BHATT KRERN, ATEAFZRET +%
89 IR A X Ao

LAFBEARRET TEN AT RAZFRR, SFARRAF LR
CANN (Compute Architecture for Neural Networks) ++H - ZZ#H . FBEF A KR T
BF S RRAEAL K R A B LR T B, H AR KR PR AR AR M A9 R IR, AT A
FRAKA ;W LR R E AT AR R FEIF AL A T48 F - K E e
AT AEFE#AAREFL. RRAFA BFHA, FFREF LEIELALEZE T
AR B EHZFF, ATFEAERBEETLOFER L.

HRARX (https://c.sumw.com.cn/) YA Al XKBER F L EF4&, AFHED
LSRRGS THEAEETEAE FRARRE"AL XA TF LIRS+ H A
"B =4 — KRG, ik APLL R HEFFE O ITAE TR, BRI AR
R FHEA M. FRAR AR BEEAR L, CEIAREFH. BIAIE.
TFRHRXEFH X, RBRERRZAAT RS, #HFHEHN S5 X BEHAKR
895 B A 5 A o

M gk Fo IR AL K A2 TF A A T A4 @ ey LR e AR X &
A", AIRBMNKERE] EER AT ET Lidf XFKRE, BKTA
AR F M A 6 THE, Aok B AR F e 5 b, X T ALk e kR A AR
RHTIFEME, CRBTFMANEZZHFTORM, EHTEANALF L
BIE B B e o

>y T p R LT EH
6.1 ZBEM 5 A FERK

6.1.1 AIGC r A

AIGC (AI Generated Content) & % a7 KA A B K & AR AW 8 A %+,
W E T IR B SR AR E AR A X6 A B A R £ XA B AT, Stable
Diffusion @ T BB HER, B RIELABEERSREAK, 2R
B TR ZE A T EAE BRI A FAA R, KB GN GEREERTH

N EH, HARESSHEBRERGFTT, FRERTIRE ZH 2 B4t
I REE, xR KA AR R R E T & &K,
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AIGC Application Overview & Text-to-Image Conputing

@@.ﬁy

Text Image Audio Audio

AIGC (Al Generated Content)

Text-to-lmage Domain

Stable Diffustion / Y "
» Text Prompt ( Diffusion Models ) | High-Quality Images

‘ COMPUTATIONAL
DEMANDS

COMPUTATIONAL DEMANDS ; SORA: Text-on-Video Model

+ Training: Massive GPU Clusters

* Inference: GPU/TPU Acclerators

* High-Resolution: Seconds/Minutes per Image [ Text Promt Tishistoringe Diffusion Models ngh—QuaIlty Video

(Sequence Modeling) | | (Image Generation) (up of min)
1920x1080, 1080x1922...)

HETERORENEUS COMPUTING FOR AIGC

Text-to-Video & Hetereegenus Computing
TRAINING PHASE INFERENCE PHASE
...... )l £
[crulgcPy i ce] [
N freu
e [:l % @)
Large-scae GPU Clusters GPU, TPU, CPU...

Optimized Efficiency: Task Allacation
* GPU: Compute-Intensive Tasks
* CPU: Data Pre/Post/processing

10 5%

SCAE AR 2 AIGC 473K 49 #7245 77 61, Sora REARIE AR & kK 20 £ 89 3 R
F. A AR E

T, B EIBFBEZTHHE, 40 1920x1080. 1080x1920
7 ,Sora 7] VA 32 fif i, % —#F @k 4 Transformer £ A 5 Stable Diffusion #93% &4 A |
it Transformer J& 3269 5 5| AL AL ), AT BB BB AR, ZAT
ZHGALIR £ R Sora 89 B I RIRE T LA, EAFERE XY H
K, PRI AERT A E L4 GPU a3+ 2

NE
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Text-to-Video CKINSEY
Diffussion
o Meodel 3
Transforr ’—i—> Sajiasca
Eodelr Medeling
| Satusion T
Mo.del
r . tinﬁ Mrimute
[ 13 L | High-Quality Video [>
~ Immense Computing Power Genoration
s

Single video: thousands of GPU hours

Heteregenous Computing MCKINSEY

Inference Phase

GPU Cluster

(Training Phase)
4 @
ﬁ ﬁ ) e g e — GPU (Compute
| )

@ I Intensiive Tasks)
B ] LN =

© ‘g vs@ ;

GPU Cluster
(Training Phase)

GPU + CPU collaboration

FH H N 2 AIGC i F ZAR& 2446 A . Y 4HF, K¥AE GPU £#
RETLZ M), AFEDESESRE LNIS%; AEZHK, GPU.
TPU % & f oig SN 4B T S 2009 AL, i R e AR E Ko 450 2 AN
MAERFHHTHAALESF, FAEHBEI TR XA LEEGWF T, AT
THE A E M FAAC . Blde, TME R GPU &3 2693t H 5 £ AL S, i F)
CPU 4 HFEA LA )G LB FES, BELESOES LB, FIERMEAR
#=Ito

6.12 XEAHE L RE

KB R AR A4 5 M AT R B ) SE 2 A S0 45 & 3R IR Koo
YR BAT AMARE, EOERA S OAEER,; @AT B G E N
B TR EAREURMEA, 8 EANIER P B R, R4 2R LORE
LR, 0k AR RSN B BT, 0 6 AR 5 LR
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SLIE BL, #
FI

LR 5

Al RBRR S5 FRMEHBMEEAR B B35
B EIEL XA LT U6 5355 8

AR £,
PARADIGM SHIFT: LLMS IN
SEARCH & RECOMMEDATION

SEARCH
LLM-POWERED
H = =
Collaborative
Fiitering & Feature [
Engineering
Understanding

Keyword Matching

»
&

TRADITIONAL
p-| — B
Semantic
Understanding &
Vector Search
Relevance
Improved Relevance H @}%g

E AT AR

2

RECOMMENATION
LLM-POWERED

—0

TRADITIONAL

o0

Shallow User

SO0

Improved

Deep
Representation Learning
from fom Raw Data
Graph Neeral Personsized
Networks Experiences

©

Leading Platforms: Google, Baidu, WheCat Search
(CPU + GPU/ASIC Architecture)

HETEREGENEUS COMPUTE
Accelerating Vector Search & Semantic Computing

w7 KAL) 3 75 )
J

_-’

=g
RIBILER PAT AN BA4F4E, I T ZHA

KAE A 3 K& Au A ARG B T XA R
BH RGP, RAEREL 7 AT A
AL HETE o A5 Gt I R L £ 2R B F) i e R AE TAE,
%ﬁ%&@%ﬁ%?%?ﬂﬁ%ﬁ@%ﬁ%ﬁ% WREF R KIEKFZ
BAMBERAPFEAENRLELAE, ARBANEMELT T EAT, TUREILL
BRI ARG FE F K KRR #ATT

B B
HEERTBRTHRGM AR FIIL, TEILRERMIN LR T KA &

R ANE (¥ €
ARl &k T 2MEE A, B
ARG P AF BRAME NRR—RELERT KRBERRZER, itk

B KRR AR E
—110—
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HETEROGENEUS COMPUTE: KEY ROLE IN
Al SEARCH & RECOMMENDATION

TRADITIONAL ARCHITECTURE Al-POWERED ARCHITECTURE
.-~ BUSINESS LOGIC & DATA PREP
& =
Losgpy ASIC
PR, | SEARCH & REC. SES ACCELERATORS
Jomesem s |
WORKOOLODS | | pERFORMANCE BOOST :
(10-100x) .- DATAPIPELINE * J

Sequetial Processing, VECTOR SEARCH DEEP LEARNING
Limited Parallelism (Simiarity Calc.) INFERENCE (GNNs)

- DATA PIPELINE -

Parallel Processing, Massive Acceleration

OPTIMIZED SYSTEM THROUGHPUT

Key Tasks Accelerated: ~ * Vector Simidrity Search « Graph Neunral Networks
Deep Model Inference

S E S DR L E R YA SEY S
FAMENERBERRSEHERAAT IR AHOEREFAELTASFE L
AAE %, GPU/ASIC Joi 47 A %432, #A A MM AT L. B2 %
EREYFT, RS RERKTEZEE LB AR, EELRFREP, @F R
F) CPU+GPU # H# 2245, CPU #i &b 5% 8o I L, GPU i 5 &t
H AR 27 | 8 38 AR A9AE S5 R - Fe BB IR K L, I F SR RR 69 AL o
6.2 25K

6.2.1 % fit W% &5 B At

A RAT L KRB BOR 6 T2 FAR R, &7 i A Fe 47 A AT 2 B AN AL B
o EFMRRIET &, KER SR BE0S RN KEZ KL . 2akbhidid
MAE L FFIR B ERATTHHBEREIRG SN, B ARBEAE, AKXAR
DM AT F iR R EANE. SHEGERADITREITFT. EETRIZH
W HERF, BFFEHERIRAESNTE, REIAA — 78I, oL 2
Z R FNF IR B AR R, kiR B AR TR R R

\<
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Intelligent Risk Control & Large
Language Models

DATA INGESTION Al ANALYSIS PLATFORM DECISION & RESPONSE

=) G- [5 : -
l = Q I,J LARGE | Real-time Moniiering
LANGUAGE ——
MODEL =i (-
i (LLM) Fraud Pattern Detection
nstructure: -
= o ] ) —
Lake | Financial Knowledge Graph [ Alert | _‘ Autoniated Decision /
= L “n o n M Human Review
Structured Structured Risk Signal System [
Internal Data Internal Data Extraction
¥ /_.\\‘ i

Heteregennou Computing Infrastructure

Low-Latency Inference i

+
E f G4 4 Cxnalanrce
i E High-Conmuency Pracessing

# e Rz AR 5 KA

KA A ek RS P 69 P30 T AL 45 AL L AR M AL HHE, Je# 0. AN b
TR FR L, PRI 5 B A S T HAR, KBRS L 44
AL XA FFAT A, TILE AR o Ao TR, fe SRR BR b, AR AL 8
R B AR RIE R AL S, BR S ERGRIERZ, BA R RBEA 035 2
FRAE 1, SARMAE 46 R i FE T Fa T MR AR

FH I e B F T R AR RERERFHFLAR. RR2
MLU % B 7 AL %K A sk P £0) 7RI &, a2 S ek, 25
B V5 T IE R o BT FA IR, T AL I E A R4 R iR A Fo
R R, A R SoaT AT B R R R, SR ) 9 & R A A
1T R R B R R RER DA PAT A RIS, FAETILONE S
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Intelligent Risk Control & Large
Language Models

DATA INGESTION Al ANALYSIS PLATFORM DECISION & RESPONSE

LARGE ‘Vgalm;Mnniloiringi
LANGUAGE -
MODEL —; —
2 v (LLM) Fraud Pattern Detection
= nstructure -
—1 Data Lata R
=] Lak Financial Knowledge Graph Alert |- i Autoniated Decision /
=" g g €M Human Review
Structured Structured Risk Signal System —
Internal Data Internal Data Extraction
AT N

Heteregennou Computing Infrastructure

T LowlatencyInference 4
[ 3
KAL) JE A7 Re ALFT o 69 5 )

BTG R il , RARAL A iR LA AT AT HE 93T, AR 45 R Am IR A Bb o AT
TG RYE, AT R AR I KA T AR A B 23 A& a4,
ATAIREFIZ &, IR S AeA S, SHBIIT 0 TR BAT 2R o J2 PR 5 R
B KA GEE 5 SRR LA AR A SR 6 3R Ak, AR Al 8942 8

RIAE Sy, SARF B A S A R Gk,

622 EFHBE5HMAME

EJ7TARIBRA R FEARG S —ANERE A7, BFHEA LI E LR
REETE. AlEFHRAATIFTRAERETARERARA Z209%, FLE
Hoo REBA. REZAFH LI, £ GPU @m#BT, HREFUIRTS M0k ILH
B 7 W EF R KIEN D 4 BB IR T I SR80 A TA A AL AL, < ek 52 IUAm 2R
SIEABRY RGBT RAMGINLW, KRS T 5B R F A M

F G4 4 Cngharrce
L High-Conmuency Processing

\

]
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Al'IN MEDICAL IMAGING & DIAGONOSTICS

IMPROVED EFFICIENCY

MILLIONS OF DATA
IMAGES 4 R SCAN
MRI ¢
l’ LTRASOUND el .
@ 5 Al MODEL : g : —_—
4 TRAINING Set) MANUAL DIAGNOSIS Al-ASSISTED
. b} (HOURS) (MINUTES)
4
RAPID DIAGNOSIS IMPROVED EFFICIENCY
& ACCURACY
HETERTORELENUS COMPUITING:
.- GPU for 3D processing, FPCA for
m_ Pre/Post-processing

E ¥ %1% 5 Al 4 8h i
FHRALEF, FUAD IR IR SRS BBELE IR ER, &
FHREF 4 CT. MRL X RF SHES, SMHESORIBRE %%%%i
BT o M H M B E TR R AL B G AR, A4S A X
B RIEER , Plde, TUMER GPU 432 3D AREFFTHEFEAML S, wit
) FPGA A 2 HBERA L Fo ) L BFAL S, B SEIES5 50, FLIERLE
R 8 ARG

A ES

Al & HETEROGNEUS COMPUTING
IN DRUG DISCOVERY

DRUG DESIGN & PRECINICUAL TRIALS

TARGET DISCOVERY OPTIMIZATION & VALIDATION
df
GENOMIC DATA j
LARGE LANGUAGE Al PREDICTION OF TOXICITY
i MODELS & PK/ADME
Al-POWERED ANALYSIS (GENE { % !
REGULATION & MOLECUAL SIMLATION PREDICT MOLECULAL | %7237
. STRUCTURE & yl,,\‘ REDUCED EXPERIMERD
% ACTIVITY w%fff& : EXPERIMENTAL FAILURE @
NOVEL TARGETS ‘ ,Q A

HETEREENEUS COMPUTING ACCELERATION

MOLECULAR SIMULATION & VIRTUAL

SCREENING (GPU/FPGA CLUSTERS)

DRAMATTIALLY REDUCED TIMELINES
(MONTHS TO DAYS/HOURS)

n

Al 5 34 5 71 385) 25 A A
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R ERERI A ARAF RN TR, Bk, ALFRLSHFH
S ER AR B T AR B S R LA G, i@ T 5 At K R N Lo M Ae o TR
B, Aoikihfe Bt B K. R, KB TTATIM AT 454 5 A 4 i 2
xR, BFHMe FHETfhib. &5, KAERETT AR 254 69 & 304F A
o B A A, R ST R 8 R

Sy S A B E £ B XA TR R L A S
FREME B TR IS, NS T RS Ah &iTH, HIE
E k. M35 RAiEit GPU 54 A Awik B, T 023 o ik i 730 ) 3 ALl
FFEII, AT BHA L E M AL SRS LE S, A5
R b, 5B R A A A K AR A BB, R 5 A& B 4 F
FHEER, Kot T4 BAL R,
63 AHERELFEHE

631 EMB ALl %1 5%+ H

AN B EAIBHRRILGEAGFTZ—, SFHH. o TERFHT@E
HRETHSER, LFR, RERBEERNEZRAEAGLLEMN, CRAALTRSE
Wby E R ARG X B2 R A&, FE AN AL T 22067
FoiZB XM, CRASHENER—AERFNAL T ZE N EER &
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AUTOMOTIVE Al CHIPS &
EDGE COMPUTING

:{J: AUTOMOTIVE Al CHIPS EDGE COMPUTING

00 000
INNNNNN|

CLOUD INFRASTCTURE
fe=ll HETERTEGENEUS |RISS Lk
amn CHIP =2 -é,';_\c
TTTTTTI Enabling Real-time Processing
lielal Onboard (ms-level latency)
LLM
High-Performance Inference Local Data Processing
Compute 7
Autonmous Driving Local Data Processing
Upgrade y g ; ionli
- Reliability & Safety Offline Functionlity /

Data Data Robustness
Canbicon Offloading Model Iteration

Key to Advanced Autonomous Driving & Onboard Large Models

EAB AL ER ZIFERREA ML L, ERLTFAERLY
ANEBRFRGAGER, RO TRAZETENHRESRGSH 0%, A ALY
R XN B E IR BERXLTFRBEGERFREAZ—AFHGEH, &
138 AL #E3, i& 64& CPU. GPU 5 £ AP+ L 370, B R 7% 56) M 24 .
BT E R, AR ER IR e 4, LI AL AR 69 B ik AR IR

— — 116 —



Al KBS RME IR E TR B B

HETEREGIENEUS COMPUTING
IN AUTOMOUS DRIVING

******************************************

Heteregeneou
i Compute
: Architecture
& () W | : _
i 1 Environment Perception
Cameras LIDAR / Radar Other Sensors ! !
1 l | 11411 11111 1111
r A cru JeruE HrpcaE T Path Planning [l Vehicle Control
Sensor Data Fusion i s 1 11 o 111 A i
! GPU cPU Data i l

| (Image/Object  (Path Planning/ (Data Processsing) i

i Detection) (Decision Making) !
! |
1 A e e e i i ]

Autonmous
Driving Tasks

OPTIMIZED PERFORMANCE THROUGH TASK ALLACATION

RGN AEONBR T DELAELAEC. AN EBRAREEZETHRTEA
AR ZHRBERYE, MO B kR, It AERRE THSHER, 2%+ H
B A4 AR E RS, BT RIEA M FRBADGER, HET S
B R e B AY, G0 F AT VAL W 23535 A8 T B IT 89 15 U T R#F AR K
e, BB TRANT HME,

FMENEADEF 22 LHARBHIBEALI, R, BAIX FE
%o BN BIAZAREZNEBEG R BAFLE. EREXFTRF SRS OHE,
P B RE T Fa e 3T R ETADF o M AR B L RF XL Z R T
YR, #E4 FH A Bk sk A A AL S Blde, T AR GPU 4 22 BARR 7]
Fo B ARA R S 54T B4R S, 48 CPU & 42X Aok FE BT 5, 124
FPGA 445 B B HABR AL E £ AL S, BT S50 0, FIRAER
AR 89 RARAL o

632 TLRAESHFEAL

TG4 ZAl EARAER L P TRy A, BEAATEMNZR A IR Z
TeETE, REREXEREHRE, Al TLENZA AR TFRESFST. AERSFE
Al AR GAL AN A, £ T WA =342 f b = % BRSBTS AR, K H

S

%

b
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By B INFe il TRk lE . @i KA H AR, TR &L R T R TR 6400 8
Y, @it 3D AL HAL F ik L IA D L ERA 300%, £AFEEIFE. R, F
FIREFAT AR A AR R o

Al INDUSTRIAL QUALITY INSPECTION

Leveraging Al for Enhanced Manufacturing Defect Detection

DATA ACQUISITION
(Images)

Al ALLORITHMS
(Deep Learning, Large Models)

DEFECT
DEFECT CLASSIFICATION

REAL-TIME DECISION

* Vision Al & Deep Learning for automated defect recogrition HETEREGENEUS COMPUTING
* Large Models for higher accuracy & generization 55 # !
* 3X Efficiency Increase in Automotive, Home Applances & GPU, FPGA for reaime

Semdocudotor processing & feature extraction
TR # L AL AL AR

AR A KA R Tk i A 09 AT Bk 7 w1 By MR AR vk, RAEA
BB RAREZACRE A Ao L3 R RIAT L, R B E ) B R T kG B 509 4
5% o A T R A P, AR R A KA R B F RAT R AT Ak e e AT AR,
CATE 5 R ) 69 A Ko A ) EALTE A F 2R 3 A AR T I AFAE R IR
BrG o 25 AE AL S, @8 GPU F% Aig 8, TAZILEI 69460 %
Y SR P W A SRS E
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DIGITAL TWIN & HETERORENEOS COMPUTING

Real-time Simulation, Data Analytics & Optimization

SIMULATION

( REAL-TIME J SFMUL\T"JN
|
DATA =
{ visunizanon|

HETEREENEUS COMPUTING

OPTIMIZATION
& PREDICTIVE
MAINTENANCE

CPU (Data Management)
GPU (Sirvulation, Rendering)

AN =
’R j ! '
\*‘a; /
Key Benefits: Edge Hetereseneus Computing
« Real-time monitoring & analysis « Low-latency processing at source
» Performance optimization « Offline capability & reliability
s Predictive maintenance & fault diagnosis « Multi-modal compute (GPU, FPCA, ASIC)
HFFAEL5FMED
RFEAZFRFENF —RREREAR RFEATR AL A HELER,
HRE BATH X FEYE, EREFH ZRENGAIE, BEIME S BT
FARA, B K RERSH T RIBAT TSRS RIE, BizW R B f7
KA, ARBTHE. RS, Kmst= o, Femn. &Rd
By S 324 XA

FHMAH AR T EAFEZIFIENHG A HE> TR TIEFE S KT
AT AR

TARAREZ LA KSR BRI,

FPGA (Data Prepiyesssing)

HBE K. M A EHBT AR LB LEBOWE T, /oS LmiLk
AL 8 AL S0 Blde, ST 2% A GPU #4732 45 A feis Jeit 5, 4£ 8 CPU
ATHAEE Ak 538 85 4L 52 ) 4% ) FPGA #4745 B BRI R EFo AL HT,
A IE S0 B, S5 LA GUEARE AR 69 RALAL
RGFM A AT LG FF BAFHRMML. TG F@F AL TR
MR HER, DT AT AT WIRGIE T H A, BT KA F

Zon AR S A9 IER | B R T LB R, B A,
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BT E LT RIFEARNE, RETAANTER. AT LGFF, FHFE
Jy i@ it # & GPU. FPGAs. ASICs ¥ R Rt H %21, BREBESHEHEL, #
BTl AE T S A6 A F K

P AEERE
7.1 EE2PIX
711 EAHBLE TR

COMPUTING POWER
SUPPLY & DEMAND GAP

3

|
Al MODEL

PARAMETERS

(Billions to Trillions)

GLOBAL CHIP
MANUFACTURING
BOTOBNTTECKS

« Limited Producers
» Geoupetical Factors

Exponential Growth

STRUCTRAL IMBLANCE

LAr, Al KBRS FM A @R a8 ZIRREANBELEERZ
magE Rk MA XBERSABABENTICREZGTILE, NAFAERZAE
KBIGK, mEskSh Ry alk™ TRA. —H @, 2SR B EEREE

B Hm ALS R RS, BAELFE S RENEARATRALE;, 5 —7 8|,
W BGE B F B T BB AR M, XTI AR T K
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DOMESTIC Al COMPUTING POWER CHALLENGES
(]

BOTTLBOCKS

{3

i
TECHNOLOGY BARRIERS SUPPLY CHAIN RELIANCE HARDWARE SHORTOGES
« Advanced Process Manufacturing | | * Critical Materials (Substrates) » High-end PCBS (Capacity)
» High-end Packaging & Testing » High-Frequency/High-Speed » Chip Component Scarticy
Materials ! z
» Lack of Key Tech y + Equipment & Tooling
Localization « Geopateticil Factors

]
C]

STRUCTRAL SUPPLY-DEMAND CONTRADTATION
ACCELERATING DOMESTIC BREAKTROUUGHS

B HRERPOERE LR — KK, AFFEAE ALY K EHR R
FTREFHE, A2ALRFREFNE. SMITEMNXFARFTALNZER. Y
B, YTEEEABEL TV AL REBERE KRR BR IE Sk
RERF A, BAFmbedfesh BIEF S8 KGR GBS BERIKL, AR R L
B ETIERA

% 3% PCB (¥R wA0) FBLEM AT B A s b RH Y H & Al B4t
BARET &% PCB &R, Rk eilso, HARals FRmm, ——ERE
244, ST RR Y RT HEERTZ M, AR IR, 4
SR HIR G EM A R A IR A S XERERLFFEHT A
B 5 TR 69 AT R

712 RGEESRBE
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SOFTWARE ECOSYSTEM MATURITY

GLOBAL Al CHIP ECOSYSTEM DOMESTIC Al CHIP ECOSYSTEM
Hardware Performance Hardware Performance
(High) (Improving)
Vam
Software Ecosytem Fiil\e;-\g 3 Software Ecosytem Maturity
Maturity (High) %\ o ﬂ;’ (Maturing)
* Mainstreiam Framewarks (e.e, PyTorch,
TensSFLOW *+ Framework Compatibility (Adapter/Plugin)
* Optimized for CUDA * Limited Low-Precision Support (e.e. E8MO, FP4)
* Comprehensive Toolchains * Toolchain Gaps (Debuging, Performance Analysis)
Fel Active Developer Community ¢ 9%  Growing Developer Community
f.‘\ ot
>
DEVELOPMENT BARRIERS

Increased Cost & Technical Thorshold

BRAUAESMBERABNAFHA I T2 R85 — K. XFEH> ALY
FERLAF MR L% P B AT B FRAR B KT, 2 KB AS 5 TR T RIER K BB TE,
FEEEAN TR ER EHRERM, TRKESH T FARAFHAK T AF
M. ERALFEARKGE T ALK, RAMME R RIT, 1228 KRR T K.
T EGEM 5 A A4 R 6 &R 7 @1 5 B FRAR e K-F A48 £ 3B

B SR RERESERALHRE . BAT, EA Al 4 44 PyTorch.
TensorFlow % % 4%+ NVIDIA CUDA 4 A #4740, B = % B 2 i i 2
RAGH IR A A LAF X BAR L, X AN H ol THAL, L3 TR LA B Blde,
AEZR dtype 54 F T AL £ HF R T 4 M3 PyTorch %o Bt sk K ah £ (do
E8MO. FP4) &g 33Vt , X4 TH AR ETHEAR = H Lo
Mo
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SOFTWARE TOOLCHAIN MATURITY:
THE ROAD FROM “USABLE” TO EASY-TO-USE

DOMESTIC Al CHIP @ OPTIMALTOOLCHAIN i
TOOLCHAINS TODAY CAPABILTIES =

* Basic Functionity Exists

* Limited Debugging Features
e Basic Performance Analysis
* Manual Optimization Steps

¢ Full-Featured Debugging Suites

* Advanced Performance Analyazers

¢ Automated Code Optimization

¢ Integrated Developnent Envernent (IDE)

Continuous R&D Investment
& Developer Experience Enhancment

® Fragmenet Ecosystem = messesssecamacans > ¢ Unified Framework Support
* Steep Learning Curve ¢ Shallow Learning Curve
Current State Future State
(Usable) (Easy-to-Use)
KEY CHALLENGES
g
7 3 N 'g
Inconplete Basic Limited
Debuging Performance Automated R CED
Profiling Optimization LOPMENT BARRIERS
BARRIERS: Lower Costs &
Broader Adoption

FrEH T AR E AR R T L0 R E AR T A6k
Fo BREAFAIGSHBMHEASMNERS TAMBATE, RAELFRI, 4
A s CANN 2@ FFiR, 125 BF4A KTk, B= %R 6 T oA KS
Aes MRS, BRI FTEARL, KN ERA"E"FA", BF%H TR
BARRRGIE T, , FE2FEBRNTE TR, BT R, BRI R,
713 e SKEFE

Ae b 2k &t 8 Al RABEA L5 - JE ) @k 6 16 49 7T 4 48 R Bk, KA
Y| A6 E RALA L 22" K" B AFH AT G, de TR AL & St e,
FILEE I, RAAT LA R F M BT o el AR (PUE) 24
BLREF AP KT, HRAE T 8 PUE @ F £ 1.5-2.0 27, &%
A RE A RBUN FAE A F R RS L
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ENERGY EFFICIENCY & GREEN COMPUTING:
SUSTAINBILITY CHALLENGES

THE DILLEMA LIQUID COOLING
SOLUTION

ENERGY . g y
CONSUMPTION ) 200
1 i 3
/u' CARBON o < a

" EMISSIONS

Al MODELS & HETERIGNEEUX COMPUTING ENERGY SAVINGS & REDUCED EMISSIONS
HUGE ENERGY DEMAND (3-4X LESS CARBON)

VS. GLOBAL CARBON TARGETS

1. HIGH-DENSITY HEAT DISSIPATION

N

' %g . GonsumeTIoN 2. PRECISE TEMPERATURE CONTROL
DYPCH % o] |
W~ 3. LOWER POWER CONSUMPTION
&% PUE (POWER USAGE EFFECTIENES: 1.5-2.0 40} | CHALLENGES: HIGH COMPLEXIY, INITIAL
(TRADITIONAL DCS) - WASTE HEAT

3| INVESTMENT, MAINTENANCE

%‘tg{:\a ADVANCED COMPUTING REPORT

RABAZEIRBAE P SR AN TR F B a3t T AHA 4 AR, KA
AR TAL T ARG #, f B A AR Y A k) At 2 3~4 45 69 s HEAK
ML B A BE G EN, RATRSHAESHEERZTHE, LR R
FEAEH G AR Ae. R, RABRGIE @IERRILLES. MARF X 2
Yerfe B IR A IR, F B A ST RS A E AR AR RART K.

THRAMBOEAAZETH NS —E2EF GEHBEFCTEFTHLAK
M AE Ao AL S 7T B A AR, BiL42 5 PUE A A3g Ao T B A db R kA, 3BT O
BEBART AL, FERNRBECTREGEDRAEFR Ao R, THERRNNE
Bl o FAS R L HAE TS B R T IR, BRI AL R AR A AR
ARG, R R AR T AT .

714 BEZE5RABRY

W% 2 5T AR R Al KA S A 69 RAEBIR, R ZRAESRR. EST
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Al KRR ERMEIREEARE KA
FHBEA IR KRR I ATE R XTI, mXLHBEELECEPARRF T L
MU, So AT A2 A) A RIENAE 69 B B AR AP R ALZ &, WA B AT iR & & 89 S E
$£4 o

DATA SECURITY & PRIVACY
IN LARGE Al MODELS

KEY CHALLENGES TECHNONGGICAL SOLUTIONS
— = =
@ ) Sensitive Data Exposre @ 3 FEDERATED LEARNING
o Financial, Healthcare, Confidential Info L. \Sl On-device Training, Data Stays Local |
&
I Training Data Vulnerablities
Personal Privacy, Commercial Serets DIFFERENTIAL
PRIVACY
Adding Noise, Prevents Inference
2 Dual Challenge: Tech & Legal ' |
Data Utlity vs. Privacy Protection ENHANCED PRIVACY via DP-FL

Secure Parameter Sharing, Pertrbuation

COMPLIANCE & ARCHITECTURE E=] Data Encryption, Secure Multplarty
E157, IMPLICATIONS & computation, TEEs
Balancing Periore & Regulatory Needs Balancing Performance & Regulatiory Needs

WKIRF 5] 5 £ 5 AT AT X — PRI ) FZ AR TF B I F I AFAERKIE
T ARG LT SATRE R D %5, A SR T RIEA; £ 5 T Fan)d £ K%
RALH Aok B, Bk MRS BAGRET R ABRRFIMIERT, A £
A AT At —F W g af RABTe AL 0GR Ao Blde, ERBAZHEFIRFY,
T AR £ 5 T o S kot B A AT o B Ao 3l , VAT b SE il A 5 A ROR A
R b I8

K, RT3 5 EZ0RARBARALIRE AP @IEHE S P BRIF 698
AR WSGR R, BAREXBAGRTEANE,; 20BN EZAER
FANR AP Ao b AN A B 2 ) AT, 3% 49 R AAER AP T Ak F BRE AN M AR T o sk,
KPR Z LT LR, ARG RAEFER B I, 24828
o fp B BEAT 2T o

SN B K B B LIRS TH R A KBBREEY CPARZER
PRy FEABEAN R, Al F R IR LI Ao B A | SRl AT A5 A 09 S AL
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FRo XTRY AL RMOGE T, Bl FZLFHEMRE. 255 H
FHATIRLF A, o T RAGLLAA R T o o T ARIES AL AT T
R A GG, A RABT &G AR

7.2 HAAY

721 ¥h 53 EHEK

Chiplet & Heterogreesus Integration
Overcoming Moore's Law Limits

NVIDIA GH200 NVIDIA GB200 AMD & MI300
8 BE on
cPU+Em APU+[ET AMD+ [0

Chiplet 5 Jt i 3+ % A2 o 2t B R 24 %fzi%ié’] F&AH . Chiplet (%42)
BRAFH TR FE LA 26 R A3 B R AR LA R R
P R@ARER AN B EIR TR ERT, B KBREH R F. atﬁv
% GH200. GB200 f= AMD MI300 3 % i CPU+GPU Chiplet 5-#) 7 %, FH &
WA F S SR KA S Chiplet R4 E M4 H FMf R A ESL, AHALFED)
SR PAL T 6 KR BAR
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In-Memory Computing
Breaking the Memory Wall

Traditional Architecture , In-Memory Architecture

Data Movement Processing-In-Pimory
Energy Waste & Unit

Minimized Data
Movement

(COL’;Fi’t”te) {Memory Unit) : v High Energy Efficiency

Improved Performance

Al & Emerging Applications: New Path to overcome Lithography
& Process Limitations

HBH—ARBARARRBE A GG R T 0. Rt R T, BIBLFHEL
Fait AR AR ES ), ERKFREFLER, FH AR BLLEFHE T
TR IR, KRRy BIESF, R, L5k, @@ AR FH
AR, KRR AL BT TR DGHR B3, SR ERFHELA
PRGN RZ R HIRF T L H 2, A F I I IR E o
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Future Computing Directions: Optical & Quantum Computing

Optical Computing: Quantum Computing:
High Speed & Low Power Exponential Accleration

Parallel Information Processing

» Photons Replace Electrons » Utilizes Quantum Mechanics

» Massive Parallisim » Qubits (0, 1, Both Simuotuauslyt)

» High Speed, Low Power * Superossition

* EMI Reistant * Solves Specific Complex Problems

»
»

=» Al Compute Breaktugrahs: New Frontiers for Smart EDA Tools

EA 5 FFHARA T BRI R AT @ K AR TFR A & F AT
SOA, BAFHE. KA. FLETRERS, HAE S XA
FFHIMARETFHERE, ML R0k i S &KX
KB AT I LR B, A2 AN A Mk AL LA AR T 28 B8k, &
B i it EAMA, TFHALENENFAEEDA TR, AN ARGH X
HE B .

722 XERBE KK

SREEBRINAXBEUBARRG T RAN SRS XA RS F A
SR B FR. RF SR RYE, ZTAL BN ERERES. B
AFBEA GG BRI E AR AL R A E, KIEFH K
FEERE M Fe M I LH, RRBANE A FRIERMZ KRG B AT
FMBR GBI XL BB K IE Ao TR LA AR 69 ) BT R /) A A HUAE

o
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Foit HF R, A8 KAER AR 45 1230 Sid B Ae b oh 4558 L5 /G5 AT,

Key Trends in Large
Model Evolution

Multimodality ﬁgﬁw
Multimodality TR
Processing Text, Image, Audio, Video for Edge-Based Al &

EOpTIRIY ey Embodied Intelligence
Eg.. "Wuneng" Emboded Al Platform for -

perception & intaraction

; Edge-Based Al Q
nghtWIthlng Migration from cloud to edge. W 3
i ; Loivacy, Shenzhon & Bejing intiatives for D

&%»  Reduced model size & computation. edge Al chips

CLYDD  Efficient deployment
k’,‘l\@ deploymen with edge devices & mobile
terminals World Models & &

,@
Embodied Intelligence D
HEE &

Internal environment represstation for

for decision-making, Al intaraction world
(Perception, Action, Feedback)

Eg., Shenzhon's VTLA-based foundation models

Implications for Computing

Increased demand for
Heterigeeneus Computing

MRS — ERAR . MA ARG SR R, RREENZ#H AR %
it s, FILRAKGY LR Fo BAFRI TG AR o IR Fodb TE YD EH L4 % it
W AR ARG HT L = b ZEATH R, RPAFFRAIE AN TSR R,
H# B A HER s KA @6 69 £ 2P 2 TR A fb AR IR H, & Zd g
RS, T, THEHR, ABEM AL S K Gk, TILS K F
B RAEA b5 A G A iR R T TR 6K 6o RABEA B A HE A IR MY
NEREAE, FIEA AR AR BT RN ZIH Al 2 L5496
I, @it Bgm. AT RAT ZILE REAT A o BRI T A BLR) H7 B P &89 CGRI| T A
GBI AR IS e R AT %] (2024-2026 ) » 2, ETFHR
A BRALTE - E-i55 -1 (VILA) F58EmAmd, A& A, N
Lk AN A et R A R A %, BEBRARARER, BRKF I LR
1o FLHAGEFAL AL EHER, HEHFM T FRRG G —F A,
3HEIRNEERS

— 129 —




Al KRR 5 RAETIRE AR A A

Computing-Power Network: On-Demand Infrastcture

) - = 3 i L
/ Cloud Data Centers \

Edge Computing Nodes

y Demand @
. Allocation
,/

g Flexible /=
m"' l - \"'~—o :-"::f.-.-.

e

Like Water & Electrluty

(T (g) _/

TEQ Data Economy Driven by Al, Big Data & I0T ';fa)\’

FARMBRERRAS BB TS, A MERE—FES & 35
208 3 F o Bede RE R TR A8 TR AR 26 50R 693 AT 8 A A R
MAZRM. K&E. ZtH. ATAR. RRaFRANI, BELRFHAR
%ﬁ%ﬁ%ﬁ%?i,ﬁ%%ﬁ%%%\ﬂ\%%@%&kﬁﬁ%fﬁ%%%@

%hifdko H ) M8 BATRILE DR KL — AR A TR R EE, AR
JI R RAE T A0 A
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Computing Power Market: Ecoystem
& Optimized Allocation

1
SUPPLY DEMAND
=] fa
= /’ \ il
Al Tralnlng

Edge Computing

Cloud Data Centers Edge Computing
Applications

Facilities

Rennection Transactlon

_

P
Computing Power ﬁﬁﬁ
Trading Platform -
Specialized Real-time Edge Computing
Al Cores Applications

Inferncing
Transaction Flow

l @ o)

Al Training Market Al Training Market Edge Compuing Market

Specialized Markets

Optimized Resource Allocation

N

N
&

Driving Data Economy Growth

ARG TH BRI A TRGEACTE . A HA E RN S,
FR R, REMAAEGH ) TREZBITHNARAITSH B0 0. XS F&
KA A RS T E R, BINEE T ATEE T, =S TRANZE,
Ak, BAVTRAA ) Lo F LALey B X5 T, destst Al D69 57 5.
A at Rt LG TG ARG HG A THE, BRI A miuiy H 7
HES.

HAM-F& (https://sumw.com.cn/) B a7 ¥4 T B NI E K 69 A TR,
P S0l HAG L RE T ARA S M, A AT AL ] P AT R E W F Fo
1R, T R BB AT EAL, LA AR e F K. BB A AFL
PRATHREGIEA BN TR -F6#TEE, LES S0,

73 FRE5ESRE
7.3.1 B M A 7 ksk

B ATy 7 ki A iR RE, ARG R Rl R A AR
B EEFESKR. KA. KA. REBREHFE = XH4FIC 7L
BE, B ERBOT R L A MR F AT LB Blde, X7 LERKE
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e S UHRES L MRS, HETZEGFLES, RET EKRES ).
ALl E A G RAFRGBES AR A RS RHE, SHEHIZAE & #ERKRT
T B 53X B A AL B S h 74T AR T B e ok FAE

EEEEHRY, BRNCRAE—REFEES 4L, WmwEXL. R
B BMEF, £ALGH R T EBARM; EHETRT, RALEHE
MGEALELIE, PERBHNBEFRFECLE I BT AE— TR, AIFEMNKXIT,
B RSN BFEAFTERFRE, SHEHAME, 3D HEANKKLDT
BATFR#HETE, AHSFEDA TEF A, LRARFL LT TFLE RS
EDA TR, & &7 K2 7~ Ak g 69 5T 84k & o

BEXFABDFHAEN LR EZENHN BRXEBEE T — R
BRI F AL SR Fe B AR, 3y BUT A = kR e AT BUR.
B TEE S RXFAR T LK MATIE KHIEARA TR R E R,
2024 F KB ¥ FREEER FAEY A 50%, B FGH AL FEEE T0%E B AR
JE AR At

732 FRAAELESHER

FEAFZEEESEFMAN 5ERBA RS L X MAR > FHAEH &
MR FE, TAEASEEAIHEE, FRARX. BIGRIE. FAH KEF
XA TR H ESEROH HEBZ LARBHRE, BRRXLTFAFHAR. H
RIFEFARFFEAIRBFFTHTFATR R IF AL, R T K
BREELY, BART ERGFAHEAR.

HINERRABRFZLATHELTF R, MAE Al RARGRRELE, TH
Al FFEAAF 67 Rigk3g, BREEFMAA FRELRGFLAF AT, &
T AREVGREINEARF, BE R REF I EZERARD, BHR—WEEFHN
A RBAHE LA, SFHfHBARERF L A FEREATZEL. BAFHK
Fads Ak @ 22 JF 4 AAF TR AL SR Ao A AR KORAR, AT iR AT

TFAH KRARRBBAANH Fo SRR ELF & BIRS @G FHFET)
Fo KAER 6 T K4 KRR, TRABEABHED, RBRFEATFRB, RFEHKI
e, ARARFFEEITTHFITFLAERXE. BRI L. FRABDFE
, MET IR WA T RE LS, EFH T FMIED 5 KR Rk & A A3
o Blo Ak, MEFAFEASHTRBER, RNMBEFANELLZATER=AHED
8980 F B R A I, A EA T Ak 6 R A
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Al KBRS RS HRESERE RS
733 AHhE& 57 L%E

FEHERAABRRTZERGLELM4 AT, KR Hfe i 349 5 K,
ARIEH] T BARGER, 457 Zx P D hfett AT LR T, EHEH SR, BK
Al BARMERA M, RENAIER;ZH5EG L. FHALROESLNES:
— R AR S A, BT HRB T MBS ER I A, —RRGAEN TR
M, BEFRS AARMEEFZRLEARFTR;, ZARMAEAER, BE R
I 09 I BT B & AR AT

ATk 55 RS R BARR I KA F ) AR e Ak Aot ) 1THE 89 T 15,
Al BAREL®ESATLSE, NLZFEM. aFHFUEESOTL, i,
Rl EFF HEFHERATLY &, £F#EL, Al ZAHA T =0t £~
A REEFFR Y, ARL, AlRAWA THAEMNE. KREREFRMN. 5%
RN F T, BEFTABR, AlRREHEHLW. SHHL. REFEST@E.
XA GAT GG AL A, ARENE AR AR. HAK. TERAEHEEK, I
T FHF A R B — T

FHEREITLEERHRRBEATR,. MAEESITLRAALER, £4F
R¥—F K, EH A BB GEGIAEY RFe BRI, Nt —F B H
AR, BB Z R R AT, FM A B R S, FHAE.
RR ARG F Ty i B, WABEXBEERN. Ak, RNAZEFI Al HAEEH. &
B —A, RABZATE LG EBE,, ARFHEEERBEERRS S
A Bk
8.1 % ms

8.1.1 FH+E

FHT A ARBER — A RAERTR XA ARG LILL T, VIEF A K
WPAT TR £ A 694 4. FA it Fidid a4 CPU. GPU. FPGA. ASIC % R
WA EE AL, KEL QRS , ZNELGHHGERFEL. RIFBLEEH XNGR
Fl, FMitH 2 %45 % =%: CPU+GPU. CPU+FPGA #» CPU+ASIC., R4t
SR ALETRBANERLGAGHE, A TR A ESLFRGEGLE
BT, M 5 IR AR A RARAL

8.1.2 Al kAR
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Al KB ZFABABE X (BFLELCAAL) HATFRSEE, @ik
BT R LI, B R KRR D Aot A A o KA 69 B AR 23]
TACERF, NEFE R 62-10 NAE—F, ZREGER THE KR
% JLF Transformer %% &% 5] 2 M), 4R HKRiES. B, TME $#4
BB, BETEM. NELER. MIRFEFESEEIE G, KA RH
&, GPT %4 %|. Llama & %|. Qwen. GLM %,

8.1.3 % 5ig

W%%ﬁﬁ%Mﬁﬂ%%Ai%%&om%%ﬁﬁﬁk%ﬁ%ﬁﬁﬁﬁﬁ
B, ARBERIRR 45 5 3 H A5 694 X AR89 WA AR R | 4Rl W & & KA
FERIH, HHEZ R K /ARSI RGN I ST 09 8 A3 238
BEAT TR SRR R R Agid A2, MR #02 TARIER ., S K ARk Ak, £ KR
YRR G ERCABLIN G NGEFEEFEAGERFEERR, EE2RARE
89 RAL K0 Fr B AT BT E o

8.14 A HEES5RK

H Iy % E A PALARAR R @ AR B A9 FAe A, i@ A FLOPS/cm?
K FLOPS/cm® % 42 & o & A A TRA AR FRE 0 AR 2 5% X935

, AT RBET SAAG A A FAA T L. BRI &APAT I AL
Z e 89 R R AR 2 F, @ A TOPS/W (A FUAF T AR89 TAL KRB RE) &
o @ AL B RA AR B FAE S TR AR L S A RRIR, AT IEKEE R A A I
% et FAHA 2% L. PUE (Power Usage Effectiveness) -2 3% F S Ak 69 &
ZHA%, /BB P RS IT RERAL, ZAMA 1.0,
8.2 & LK

8.2.1 H A IR BIRE

R, <F B H ) ZR|AE (2024 F) »
[2] ¥ B2 & AR, <Rt B0 H R RBE LB
[3] ¥ B4z B AR, <EEEAEHAIFNFRRED
[4] PR &BEARR. <FEGEHLH ZEARKE (2023 F) »
[5] TAZBREF~ER1T. KHE A Kphi%6 5 R = L EATHH R

[6] Bx M &R 4. B KR E%>» (EU Chips Act)
[7] £ E B 4. <CHIPS *%»
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[8] OpenAl. «GPT-4 3 Kk %>

[9] Meta. «Llama 2 #£ 7 3R 2

[10] EXKL. CEXLFHEREY

8.2.2 %Kit 5 HA S

[1] Sevilla, J., et al. "Compute Trends Across Three Eras of Machine Learning."
arXiv preprint arXiv:2202.05924 (2022).
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[3] Raffel, C., et al. "Exploring the limits of transfer learning with a unified
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[4] Brown, T., et al. "Language models are few-shot learners." Advances in
Neural Information Processing Systems 33 (2020): 1877-1901.

[5] Huawei. "Ascend CANN Developer Guide."

[6] Cambricon. "Cambricon Neuware Software Stack Documentation."

[7] NVIDIA. "NVIDIA TensorRT Documentation."

[8] TensorFlow. "TensorFlow Extended: An end-to-end platform for production
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[9] PyTorch. "PyTorch Documentation."
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