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What is artificial intelligence? ft 42 AT E4E?

It is the science and engineering of making intelligent machines, especially intelligent
computer programs. It is related to the similar task of using computers to understand human
intelligence, but Al does not have to confine itself to methods that are biologically observable.
ERHETENSE, FHRERITENEFNBFEMINE. E5ERTENNERALE RN
MESHX, BATLERTEYFE EAIREHNTSE.

Yes, but what is intelligence? 28, Bt 42&E4&E?

Intelligence is the computational part of the ability to achieve goals in the world. Varying
kinds and degrees of intelligence occur in people, many animals and some machines.
BRI ERRINTERS . FTRMEMEENERLEEAN. SN —LHNHEP.
Isn’t there a solid definition of intelligence that doesn’t depend on relating it to human
intelligence? BWEEMERBE—MAIRMEN, MBI TIFES AL ERERKRERD?

Not yet. The problem is that we cannot yet characterize in general what kinds of
computational procedures we want to call intelligent. We understand some of the
mechanisms of intelligence and not others.

ERE. BREE, FNETERENBRRIEER B ENITEITRZNEE. RNTHRE
BERNSELEANE], MAZHAINH.

More in: http://www-formal.stanford.edu/jmc/whatisai/node1.html
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i

BAATSEOEMRABATEEIREATLSE. X2  SESHRNEIAMNELSHRALETE—HE, X
— N EAERTENNENHNS, ERMAXERE, BF LTABKETRBALKNMIE, HEERRRLSIkENE.
B, IBRR. F SR AR SRR ISR A B2

I A ST AEF R TR EARAE

BALERefERBHERICARERT EEHISEN, MR BN KHETERRE LM, FLXEBRAMERLE
SGHBRERAYL, UXATER. 154, FamBgdiE. NERR R, MABAALEEE (AGD .

BR, X—IHTES! AMRARFRZERTEKREI— AREMBENIEST, XMARAIRHHSEREH
Ak, IHREER, REEL—EBEANES. A LR ZENMEERANRERENER.
%8 https://www.mygreatlearning.com/blog/artificial-general-intelligence/ #1%8 DeepMind: https:/deepmind.com/about
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HAAFIE RN _EHR T e s A s iR, A T A E— S M B REME . KATRE
KBTI B AL RES, HRbiosd, MiEGLALGEMNEA, HFi&
HAT, BAIAH, R B2 IHORENHFR—RIFE—ANELR, LTUAE
KRR AP —AREAAFAELRFERSER, 7

PEERER, XBFEE IR N LR E M 0IH”  (Dartmouth College for the
Dartmouth Summer Research Project on Atrtificial Intelligence) < 1H

Bk, 1956445 EE—ANBIIRT S AU IERTIFIR, B KLE « % (John McCarthy)
R WA B B, MR IR B, RV AR AT 2.
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August 1956. From left to right: Oliver Selfridge, Nathaniel Rochester, Ray Solomonoff, Marvin
Minsky, Trenchard More, John McCarthy, Claude Shannon.
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Turing Test
Computer Human responder
Player A Player B
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@ Question To Respondents
@ Answers to Question Interrogator

Player C

image from: https:/1investing.in/worlds-first-ai-robot-citizen-sophia/
> 1950F X R-ERMILT (HENMSEEE) Mk T IMAEFMBN “BRMK”.
> ERFM, ARA50FE, “—PHEEBERHECFASS W HEBEME ERIPANIISTSE
H70%” .
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FiaQwQ [EEISTE] 2024-11-01_[32B e
ol OpenAl 2024-12-05__[300B MoE? JEIEABE], Test-time scaling, FCIBBUFIEIEAE NI,
Sora OpenAl 2024-12-09 A
Gemini 2.0 Google 2024-12-11_|Flash, Pro H52M tokenf E T XK, DLRUNIZRE DR
S EEMAEEPro FiBkEN 2024-12-18 R
03 (announce) OpenAl 2024-12-20 HIZEE N B RIRE, ARC-AGIRH
DeepSeek v3 RERE 2024-12-27 _[671B MoE BRI, DROSEINEES
12 total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g@ HUAWEI

reflect the views or positions of any entities they represent. % HAER: MAER, FREAFMWH.
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2019.02 OpenAl GPT-2 XL: BEANKIBESHEE! (151288

13 (1) total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily &‘u HUAWEI
(1) total: reflect the views or posiions of any entiles they represent, £FAH: MABI, FAEARNE. =<
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2019.02 OpenAl GPT-2 XL: BEMKIBSIRE (15128380

2020.05 OpenAl GPT-3: BNTZ&RE (17501254, SMBE—FBTFHAE, BiFiRRE
AR SEIE S TR AR AN A BRIE] R

inions expressed here are those of the speakers and do not necessarily &2 HUAWEI
ties they represent. % 3A: MPAER, FREARWS. i
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2020.05 OpenAl GPT-3: EAMTZHER (175012850, SMB—RBTERM, BiTIRRIF
R & B S TRMANE AR o) 7R

2022.11 OpenAl ChatGPT: EfEZH#HEZRELFIRSNEE, RAHITRIIXIE, EBRAE,

s A\
BMALEMENR
13 (3) total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily SVA HUAWEI
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2019.02 OpenAl GPT-2 XL: BEMKIBSIRE (15128380

2020.05 OpenAl GPT-3: EAMTZHER (175012850, SMB—RBTERM, BiTIRRIF
R E LB S TBREFNE AR O]

2022.11 OpenAl ChatGPT: EfEZH#HEZRELFIRSNEE, RAHITRIIXIE, EBRAE,
AN LM EN

2023.03 OpenAl GPT-4: #% ., PR, RIBERENKERS, IHXEAMEGHZES
g, 5128k T3

13 (4) total:78 Disclaimer: Th and opinions expressed here are those of the speakers and do not necessarily gyé HUAWEI

ey represent. & FRAEMR: MABR, FRELD
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2019.02 OpenAl GPT-2 XL: BEMKIBSIRE (15128380

2020.05 OpenAl GPT-3: BAMNTZER (17501288, SLMB—RATEMIE, BiTiRKRiA
R E LB S TBREFNE AR O]

2022.11 OpenAl ChatGPT: EE&MERIESMIZSHNER, RAHITRMINE, ERAE,
AN LM EN

2023.03 OpenAl GPT-4: #% ., PR, RIBERENKERS, IHXEAMEGHZES
g, 5128k T3

2024.02 OpenAl Sora%k#h: BRESREAEEER KX SHEIE—HHSEMM, EBEERM
MBI BRUER, ZFFRMBTIHR

expressed here are those of the speakers and do not necessarily &2 HUAWEI

they reprex RHRAER: PABR, FRED
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2020.05 OpenAl GPT-3: EAMTZHER (175012850, SMB—RBTERM, BiTIRRIF
R E LB S TBREFNE AR O]

2022.11 OpenAl ChatGPT: EE&MERIESMIZSHNER, RAHITRMINE, ERAE,
AN LM EN

2023.03 OpenAl GPT-4: #% ., PR, RIBERENKERS, IHXEAMEGHZES
R, ZiF128kE T

2024.02 OpenAl Sora%k#h: BRESREAEEER KX SHEIE—HHSEMM, EBEERM
MBI BRUER, ZFFRMBTIHR

2024.05 OpenAl GPT-40: XA, Elf%. MM ESER, BRANIEERXE

13 (6) total: 78 Disclaimer: Th i expressed here are mo of the speakers and do not necessarily gyé HUAWEI
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2019.02 OpenAl GPT-2 XL: BEMKIBSIRE (15128380

2020.05 OpenAl GPT-3: EAMTZHER (175012850, SMB—RBTERM, BiTIRRIF
R E LB S TBREFNE AR O]

2022.11 OpenAl ChatGPT: EE&MERIESMIZSHNER, RAHITRMINE, ERAE,
AN LM EN

2023.03 OpenAl GPT-4: #% ., PR, RIBERENKERS, IHXEAMEGHZES
g, 5128k T3

2024.02 OpenAl Sora%k#h: BRESREAEEER KX SHEIE—HHSEMM, EBEERM
MBI BRUER, ZFFRMBTIHR

2024.05 OpenAl GPT-40: XA, Elf%. MM ESER, BRANIEERXE

2024.09 OpenAl ChatGPT o1-preview/o1-mini: 8Ef%IEIT1E BE RS LM SRR E
P[] 73

expressed here are those of the speakers and do not necessarily &2 HUAWEI

they represent. & FzAE: PABM, FREL
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2019.02 OpenAl GPT-2 XL: BEMKIBSIRE (15128380

2020.05 OpenAl GPT-3: EAMTZHER (175012850, SMB—RBTERM, BiTIRRIF
R E SNBSS TR BR[O

2022.11 OpenAl ChatGPT: EfEZH#HEZRELFIRSNEE, RAHITRIIXIE, EBRAE,
AN LM EN

2023.03 OpenAl GPT-4: #% ., PR, RIBERENKERS, IHXEAMEGHZES
g, 5128k T3

2024.02 OpenAl Sora%k#h: BRESREAEEER KX SHEIE—HHSEMM, EBEERM
MBI BRUER, ZFFRMBTIHR

2024.05 OpenAl GPT-40: XA, Elf%. MM ESER, BRANIEERXE

2024.09 OpenAl ChatGPT o1-preview/o1-mini: 8EM5iET 18 BERE ZMMFHIERCADE
P[] 73

2025.01 DeepSeek V3/R1: MR AKIEEE, STLARMEEERE, BETIISE
BERBNBLEIEE

13(8) total: 78 2 HUAWEI
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ChatGPT4 % 5| & Z oI

> APH: 5XK100/h, 21MNHIEENZ

> FrE ABFFETHLChatGPT, MR L=
AR

> GooglePRIEFAINN LT & E 4Rk

» Google X2 XX %k #Bard, {ER%HINIFHH
MERSHRERL8%

> IHERIB NI EOpenAl—E1ZETT

> WEEREHEL N2 T ChatGPTHINew Bing,
HI X EChatGPTHE A Office &

> ERSNKT TR R

Disclaimer: The views dp sed her Ih of the
reflect the views or position: t y |t s they r p |§E§EH§

FAF&5&iiEi 10075 FRY

eakers al
A)\EA. Tikih?%ﬁ

GPT-3: 241°H
Copilot: 61°H
DALLE: 257H
ChatGPT: 5%
Netflix - 4178
Twitter - 241NH
Facebook - 1T0MH
Instagram - 2.50H

W2 HUAWEI



DeepSeek R14 i ZChatGPTZ g

AlGUBL RN B KV E

BERF@m
> DeepSeek £k 20 X HIE#E 2000 /72 ChatGPT B R11zB P AR E

# 40%.

> 2025%1H20HDeepSeek-R1 £ /LKE,
HE1ANRE—RAIIXRTHE%A, DeepSeektt1A
BEITRB12MZLAR (EMuk(Web), R
F(App) BMAEE) . He 80% U ERAFPRE®
J5—F, BN DeepSeek 7X5Em T 112 F FHIiE
K, ERBEAT SRBERLT.

> R IMNBEEIMNELIT 2015 FERES,
BHESEHIMMT 16 F£. CRETIRRIATRE,
&%l DeepSeek: —MNERHF A EFAIEEE
N, [R3: hitps://36kr.com/p/2872793466982535)

Source: https://news.qg.com/rain/a/20250208A05G7J00

R BRUZBFRRERNE Ri=zn
(@ Deepseek | 7E
@ chacer Iz/rs
@ o - 948
wez [ o
Onus N =25

(@) rerom

© o ,

@ ran
"

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily &‘% HUAWEI
15 total:78 reflect the views or positions of any enites they represent. &R MABI, FAEAFILE. ==



RIZBIH SRAVAIGUSAE FAIE 1L
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E REIZEHY

BAES A8

Z4Al A TNz P kil B8R

RFIE B B85
BRIEE Agent

B AL AR Jg el

16 total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily N HUAWEI
otal: reflect the views or positions of any entiies they represent. & &H: MABM, FREAFNE. b



OpenAl o1#IBE B ELS 58

OpenAl o1 £ 2024 ££ 9 A 12 H OpenAl IEXXSIIMNEIRHI—7KF
BE, BZAET—{ "HEE SRS,

o1 B3R AATHEIERE

.« EEFMHETE (Codeforces) HHEZES 89 NENTL,

. EEESFRATEER (AIME) FERPETSEER] 500 82E25,
- TEVEE. EMAHFEENEE (GPQA) LB T AZEIKFEAER
HREHREIEIETFMEA: o1-preview #1 0o1-mini, o1-mini
B—E/N, BEERRE, ERIESERIEY.

IEXAIo hRATUASE -2 B AR,
TEELGPT-40%4R8Y, o REHERIRXIE, MAENER.

RIFgS: ERTRRASINHZ. N¥. RESSWINSRTM,
AREREEENSRESMENTRIRH THOBRTT R,

1ERGSE N FFHA— RIS, .
MEABLIGPTHRIS

(iR EES ISR (strawberry),
B EE(orion)

of{FROpenAl, FFIEFEE

17 total: 78

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. % HAER: PAER, FREAFDMWH.

Introducing OpenAl o1-preview

We've developed a new series of Al models designed to spend more time
thinking before they respond. They can reason through complex tasks and solve
harder problems than previous models in science, coding, and math.

OpenAl o1-mini

OpenAl o1-mini excels at STEM, especially math and coding—nearly matching
the performance of OpenAl o1 on evaluation benchmarks such as AIME and
Codeforces. We expect o1-mini will be a faster, cost-effective model for
applications that require reasoning without broad world knowledge.

Learning to Reason with LLMs

OpenAl o1 ranks in the 89th percentile on competitive programming questions
(Codeforces), places among the top 500 students in the US in a qualifier for the
USA Math Olympiad (AIME), and exceeds human PhD-level accuracy on a
benchmark of physics, biology, and chemistry problems (GPQA). While the work
needed to make this new model as easy to use as current models is still ongoing,
we are releasing an early version of this model, OpenAl o1-preview, for
immediate use in ChatGPT and to trusted API users.

82 HuawEl



o3RRI

v

vyvyy

oyfjdnisdr rtqwainr acxz mynzbhhx -> Think step by step

fER L E XM F R TEF:

oyekaijzdf aaptcg suaokybhai ouow aght mynznvaatzacdfoulxxz
(%%: THERE ARE THREE R’'S IN STRAWBERRY)

Coding  Math  Crossword

a0
@

ofiniscrtquainr sz st >
Think step by step
Use the example above to decode:
[ ——
B ———

L

Let's break this down step by step based on
the example:

1. Example given:
«Input: oyfidnisdr rtqwainr acxz mynzbhix
« Output: Think step by step

By examining the words:
«The pattern involves selecting specific letters

Engish  Scenco  Safety

Health Science

OpenAl ot-preview

@

oyfidnisdr rtquainr acxz mynzbhhx ->
Think step by step

Use the example above to decode:

oyekaijzdf aaptcg suaokybhai ouow aght
mynznvaatzacdfouloz

Show chain of thought v

®

To decode the given ciphertext using the
example provided, wel use the pattern
identified In the example.

Ciphertext Example:

aprao
@ v
oyfidnisdr rtqwainr acxz mynzbhhx ->
Thinkstepby step
Use the example above to decode:
oyslz aaptogsuscyohaluow aht
o ———
®

Let's break this down step by step based on
the example:

1. Example given:
+Input;oyficnisdr rtqwainr acxz mynzbhine
+ Output: Think step by step

By examining the words:
+The pattern lett

Engish  Science  Safety

Health Science

OpenAl ot-preview '

@

oyfidnisdr rtqwainr acxz mynzbhihx >
Think step by step

Use the example above to decode:

‘oyekaijzdf aapteg suackybhai ouow aght
mynznvaatzacdfouloz

Hide chainof thought A

First, what is going on here?

We are given:

First, an example:

Viidnisdr rtq

18 total: 78

FRiCoT, RENB0HHEIE

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily

reflect the views or positions of any entities they represent. %A A

» FREARN,

BRCoT, A720:5#EE
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OpenAEZE 12K LT E

=k 3 EERNE
1. SoEER ol 1REY, IEFRZIRENR(TREEIR, RS ZRSIIR AR AEAERERE T 34%,
Day1 ol 2. ol RESIA TESSHINGE, BN EIETRE, APIRRARSFRES. RENARMMSaEL, ETREHEM.

3. #EtHi 5 28 200 SE5THY ChatGPT Pro 1715, 323" 7CPR"(EFE o). GPT-4o FI Advanced Voice THEEAIANAR.
1. 3B (RFT) 50K, BELEFFREBSIIRSEESEE o- RIERNSGE, RBELHMEAR, HNBIERNE IIRRERSST

Day 2 RFT Berh AIEIRFHEIEEE S,
2. 2025 FAEARFFRL RFT,
Day3 SORA OpenAl XX AEAMSTIRE Sora FTIERMRN =M, NIEERANEYY, Er-RAaERITET.
Day 4 Canvas RETAENNRE, BTESBHEMRIREXNKRSFNRERE, NE5S GPT-4o HEESEA,
Day 5 Apple )Apple Intelligence SChatGPTEERAIEEFHT A TR,
Day 6 Video Input  |ChatGPT ROIEETNREER T MINHTAA : EH ChatGPT Plus #1 Pro AP RIS REHZN TIBIE TR, IRNENEEEAIES.
Day 7 Project g%ﬁ;&;tgf%*iﬁﬁﬂﬁﬁﬁﬁgg. FEFERE—NRE PHIEMASEAcontext HTIRIE. (RIERAF. WAXFRAH
Day 8 Search ChatGPT AU ZRINREEFTERBAFFN, FOEMIMERE, HISEESATHTER,

1. ol A, FrETRHUAR. FAREHEAMELIEINRE,

Day 9 DevDa 2. KIEFHET GPT-40 RSSRALEBMNIE, PEIBIX 60%, FHEH TEEFTH GPT-4o mini iRAE, MSAREIRSH+HZ—.
Y Y 3. {4 7 SCATRIFERI WebRTC BENTRAZ.

4. HEH TIEFFRE RS B e IREAIRIFHIETIEE (B3 ALis1Z0P0) ,

Day10 | EAARBIESIM (B 5% 2E8IESHS (1-800-CHATGPT) 1 WhatsApp {3t ChatGPT f53, To CHIIREL EBRAXID.
1. BEEIAMESREES, WSEMATE=/SREPIAS, SERiSeERD, ILTFERM. MackRB 4, WinshRthRlig &,

Day 11 PCIHIEECRIA |2 #4IN T %FApple Notes, Notion, QuipFIWarpZ@SEICHIRIZRBAISS, ILCPTRAZEIMITFEF,
3. 51\ "SRFEME" %W, BEREEEXSNEEFE), SEEK. BENMRE, IHRENSIERRT.

Day 12 o3 B T PR EHEEEIERY 03 § 03-mini, o3-mini ATRERTE 1 AIEHEH.  (fEi-hAYO0rionHFEE)
Credit: TIAN Yong @ Huawei =5 FATH =R
19.(1) total: 78 Dictlre The ows o oblrs xpsnn tors o oon o oo ad o S g Huawen



OpenAEE 12K &S

> FEARAIRE:
> GPT-ANEHA1.8F1Z, BAESGPTHIIZLBEIT, BR KA MEREME
BRAMBEEANEER JL+HAFEED)
> AGI: —FWlsmINN, EBEIAXE K EHAGIHIIRESHIIEL R100A12, X
=0penAl, DeepMindiBZHES, MAEBHTET
> ZiEAIER! (40/Gemini/Sora) :
> ZIEASIEMRINAERL: GPT-40. Sora. AIRHEINT S AR ZIEASEESH
> HEIBEFRA! (01/03) :
> KFF: KFJIEIHEMMEEBENTEREXAESHFAEEMHE, RARZ AR
BXREAR S, BRiRFRETZET AtokenKE, BEARHRKL
> KIRBINF:
> Egefk (Agent) FnZEgEfR (Multi-agent)
> NI ARIRE! (SLLM): FILAERE £ FHFimMig &
> EXO)IGAHEIEIRE: WS, VIR, 2L, FastAttention--- 58
FtokeniEIB R A PR BINMI B E T/ AR

ed here are those of the &2 HUAWEI

19 (2) total:78




DeepSeek-V37E R B B2 F0)I1 2k /5 7% _ERIBIFh

> 2024412527H, DeepSeek V3 B RE X% (DeepSeek) HHM—EMREXESESR, H
RARF S B8IE:
> DeepSeek V3 % 6850 2&% (685B) KJ MoE %244, &4 Token {NiEi& 37 {8 H,
T ESERMMRE 2 B T 1.
> ZLBEFESN (MLA): ik KFFIRE, BRANESA, ZF128KETXHEO, &R
FRIEDHT. RIBERREETS,
> ZTokenFll (MTP): IESECAERM, RAKIAREMREES.
> DeepSeekMoEmE % : A THINIRK I INE REE, MU EREHR, ot ESE.
» DeepSeek VIKKMER TR A: {XEFH20484H800 GPU, #E57KMSERNIZ, BRI
BAZBIHRA557.6 A%ET. XEEFRBEINGARBES HRRENRICET.
> 2025528 16H, DeepSeek% i T RIMIME MR —IREREE E=4 (Native Sparse
Attention, NSA), FEHAGFMAESH, FHAILISEIIIE—A.
> 20255E2H24-28H, DeepSeekiE I AXRAMAENEENREFRARTIBREBE, ULIEPNS
RELHFALEMXSZHAEBAATIEEEMISHEATNRITRR. EEHEMN A DeepSeek
HE Al FFRESMBATENEZBNES, 515 THXAEZIEMNENE,
> 2025438240, BIEAmEIEMADeepSeek-V3-0324, ML THF, KRG, REBS4/,
Bt GPT-4.5, HHABEXAIEMER TINZGRA.

. Discl: 2 Th
20 total:78 Teiion

&2 HUAWEI




DeepSeekF 5[

21 total:78

2824H: %7 Flash MLA, X2EMNFERNREE, 2 X%E4EHIE Hopper GPU LIS
MLA iR A%, X AEKERINET K, EREFIIKESDSEEITESE.

2H25H: FFiF DeepEP, XEEHAMHT MoE CEAERER) IZFMEIRHTFIR EP BI5E.
ERRE T FP8 RIEECEEE, MKITERIFEER, HEET SRSB4 3H NVLink
#1 RDMA, AR TFIINEIEIETET NS S EANZUR A THIEMAEARIEIR .
2H26H: FFiE DeepGEMM, EX#HLEMEAER (MoE) #4EH GEMM, ZiEMFEMIE
BE, 3 V3/R1 HIIIZGFHEIRIR M. ZERA CUDA RS, ALESETEZHFE, B
FRZEFRMERRFE IT) RREBTRERIFREN%, 7 Hopper GPU EHEIAZ] 1350
+ FP8 TFLOPS (B#ALXZSIEE) BitE M.

2H278: —RMFIRT DualPipe. EPLB (ZZRHIITRABINERR) LURINGFIHEIRIERA % 4L
SHEE. H, DualPipe 2—#WMEEEHFITEL, EPLB A THEBINIZMER. b,
DeepSeek it 7 Github EiE4Ri#i# T DeepSeek-V3 1 R1 #B L FHIFHITHEM LA
2828H: iR 3FS, Bl Fire-Flyer X%, ERFH Deepseek HiBiHEIMIENIHERS. LD,
EFFE T ETF 3FS HHRAIRIESS Smallpond, FI#—S1L 3FS BIBIREIRAE
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DeepSeek R1#§#% 718 BEHIBIRA B E ST 7

22 total: 78

2024511H20H, DeepSeek-R1-LiteTibEhiiER £k M TTim. 202551 H20H, DeepSeekikE
N & 7 DeepSeek-R11ZE!, HESHFIFERBEINE.

FRBAEEILE, HFEIREOSRERBIEIE, BEEKEFNIARAT. EEIGMERX
FIEFERABEEIFAR, ENEROIRIEIENERT, RXEA TEEIHEERE

HAHZE. KRB, BRIESHIEEMESE, MEEEL/SOpenAl ol IEXRM. #£GSM 8KEF T EF
PR MECENNR , REE RRIEMB A SEHTE, BRE 2 0EE 158

DeepSeek R1FR: RAFEMMMITHFANN, ZHEEFH. EEEMITEREL, ALK
FEERBTIZHERMEFITIE, T8 T OpenAlZiNiEIE AFEE A AREEL,
DeepSeek R1#{## T OpenAlFEHIBIR AR AR EHRTHIERE, AF T RKEFRARET, BE
TRLINZHR—LEXRRI0E, FEHEEERNRLIINSGTBHTL.

DeepSeek R1BY & # =4 T 35N, DeepSeek Rz F %I93 5 oh [ h [X F0 35 E Mo X 2 F 7 i
G ZApp FEHHHMTE, EEXTHE LB TChatGPT, ELIK140MNTHIANN AR ETHEL
WIRHRLHFE. 3I&1TIRE: EEIFAEHRPSILTES, BRAZENRKFHRTARE
HIRER, WHiEREMBEERIER. FRBSI% T EAHANRIZULE.

Disclaimer: Thy d ressed here are those of the speakers and do not
tities they represent. %3TAEM: MABM, T

&2 HUAWEI




OpenAliTHATEAgentFl Z 157575 H & i BV Fh R

> 202591 H23H % Operator: & OpenAl Bk Al BaeiF =5,

> 2025%2H2H %% Deep Research: £ ChatGPT ITER “REMR" ek, £
Exem,. BF. EMIESSEANESREMNDITENARET.
> 202543F 11 HA Agent-first FF & E:
» Responses API: i%ﬁj’\ “HRRIRMERSR”, BETEINE AP BRI E SN
F APIH T EVEA&E
> HETH: 84 Web %‘2,\\ XHR R ENRME=XTAR.
> FriE Agents SDK: AT ZREBI/ERMNGHE. FF&E @ AT TIE
TRHEE X ARG Agent, REESTIZEAN, HEAEEHMITIERE.

> 202583H22H %7 3 MEFEEIRE: 645 gpt-4o-transcribe.
gpt-4o0-mini-transcribe 1 gpt-40-mini-tts.
> 20254 3H22HEMGPT- 4o B, MR IR

> itk4h, 3827H, OpenAl 3tH Agent SDK #{TEAXE#H, ER $F Model Context
Protocol (MCP) BR%5.

ose of the speakers and do

&2 HUAWEI
t. EAER: PAER, T i

. Discl: g
23 total: 78 oot




Manust & ) T Agentfl & &

> 2025%3H6H, FEAIfIATMonicak kg FEMAAI Agent=fEManus, BF
“BERIT 5 “BRAM” ARZOMRE, ENTHEERERNBRREMF, FNEE
RRIBL, MEEMSIBEHREITH, MHRERITELREBEETTMERTS, WEE
W, HIERIE. BRIERMN, "RERBEE, AIZMATERR, RULEIFREMNER
MERRITEES .

> ManusEH ZiREUHEZEH: EBMMTERMNESFRIRRZFHERE, BEM
R, SRAT. BESSINEKGR. flm, TEEBEERXE. STREAER
FHERITERE, RUEELALTIERMPITHER.

> ManusBAHmERESIBREMN, EMEMRERESBRSSEFER, —FFaKIER
m%—}r?ﬂlﬁimﬁi, Discord#t BBNBI0OA A L&, AFPBEAWE2000R KT
HIRMEE .

> MetaGPTEIFA4 A X F3/NETEIEZIT FiRE Al Agent F=&aOpen Manus, CAMEL-AIZ]
PAtESEER “0 REZ”, HERGHERNSMBEEMFR, X—HFEHETHAL
HAL#HIE, (EHifEBManusEIR AR B IR .

> Manus7EEEESEEN . EFNITREN. BEMAAFEE S AL EAIES O,
HRNSEKRBRTST, SRATREE—RES.

24 total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
. reflect the views or positions of any entities they represent. % #H&ER: PAER, FREATMWH.
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MCP#Y X IAgent T B AR B sLinfE

>

25 total: 78

MEER: BEARANAR, EUVFARESAIRESIINBEEREMIAEEMRN, HIRES
MRFEM TAREMENAPIFZEOMENEE, FLEEREEFUNRE, XFEMEHER
KT RGN BEAMREN. AEST, MCPRIEMAE, SEMEMAKERSEIFIFIFHIM
BETXHITIE, BIAISINREIRIRIMNER .

Anthropic A8)F 2024411 A #H A FFEEZ2Model Context Protocol (MCP) . BIEHISE%
MESHREF LIRS (SDK), BEN TWEETMCP NARIBRSELIMFEE.
BHNAS5LXR: 4f%E, MCPIUEREBXFHESNMEBEINA.

HEXUESHR: MCPERMAR, BEMRELHITE, BHUMNRE. BTIERRLMaHE
UREFRRESRIME, EMCPRESHFES TiAE. FEiT, HXBET KX SRS
BRI, FRFEXHIREL.

2025%3H, OpenAlxtH Agent SDK #ITEAEH, EXZHMCP, EEFLETLUBT S —
EOME, AEEGRTREAZSME=FTE, XBEAEXEIUHANTELHE.
20255F4H4H, AHEEXIEMCP. 489H, 7EGoogle Cloud Next 25 k&, H#FRTED
RS gER T B i ——Agent2Agent Protocol (fEIFRA2A) « X LEMSUIGITFEEANAIE A HIH
BRI EXEEMEA.
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Table: A simple retail dataset

=

[RseEEE

b

ID BBy ALc ORG GRP
¥ 1 no no no  couple

o[ en ] | 2 yes no yes family
== . 3 es es no famil
, ry . y y y

no no ves couple
[ womo | [ some | mwmm | ww |

2 Y

. " John Kelleher and Brian Mac Namee and Aoife D’ Arcy
hitps://www.jianshu.com/p/effdd03547d4 Fundamentals of Machine Learning for Predictive Data Analytics

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g% HUAWEI
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HIZZ X 2%

Axonal arborization

Axon from another cell

Synapse
Dendrite

Synapses Inputs  Weights Sum  Non-Linearity Output

Cell body or Soma

MIT: Alexander Amini, 2018 introtodeeplearning.com

AR TT % AT AR TT L%

28 total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
. reflect the views or positions of any entities they represent. % HAER: PAER, FRELAFDMWH.

Activation Functions

5 =g(0,+X76)

Example: sigmoid function

g@z)=0(z)=

1+e-?
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Neural Network Labels

Input Image

horse

Probabilities
Figure source: https://gab41.1ab41.org/entropic-ghosts-35670292bc87 (from Pascal Vincent's slides)
. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily HUAWEI
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REF ]

High-level
Layer 3 linguistic representations

Parts combine
to form objects

Layer 2

el s TN ALV P —

Yoshua Bengio Geoffrey Hinton Yann LeCun

N NUNSSEINY == et 3 .
Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction

Turing Awards 2018

from https://wiki.pathmind.com/neural-network

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily s” HUAWEI
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§'* = Pl [the students opened their)

A RNN Language Model books

laptops

output distribution

Igm = softmax (Uh[” + bg) crlVI |

iniﬁm

hidden states

h =o (Wﬂl["” + Wl 4 b1)|

h™Tis the initial hidden state

W,
word embeddings
o) — B
words / one-hot vectors the students  opened their
2t ¢ BV 21 (2 203) 2

Christopher Manning, CS224n, Lecture 6 — Language Models and RNNs

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. %FAM: MABR, FTREATWA.
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sBiLFS]

[ action a;

Agent ' World

A rewardry |
next-observation 0y ANDREW BARTO
AND
—__________Esagl_oFﬁL ___________ 1 RICHARD SUTTON

2024 ACM A.M. TURING AWARD

1

1

: At each step t, given history so far s;, take action a;
I to maximize long-term reward (“return”):

I
I

2 RECIPIENTS
Ry =1 +y7pq + ¥ 1q + - :
"Reinforcement Learning: An Introduction”, 2nd ed., Sutton & Barto
Jianfeng Gao, Michel Galley, Neural Approaches to Conversational Al (slides), ICML 2019
30 total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g@ HUAWEI

reflect the views or positions of any entities they represent. % FA8: MABR, FTREATRA.
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==\ v > BfEHA
7 4 > MR EA
)\ > RTFRLEE
> R
= (:Eﬁ?z§§2> > S
> MemeticE %
>
i i i >

https:/ i com/an-ir ion-to-surrogate-optimi. intuitiol tudy-and-th e 1b
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32 (1) total:78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily SVA HUAWEI
(1) total: reflect the views or positions of any onfiies they represent, S M: AR, FEATIRA. =<



BEREENX

> JESERBENRTRIUN T —MERES:

books
/ laptops
the students opened their —
\\ exams
minds

> BAE—ANBIFFTROD @, X0, FHETF—MA) RS
Pz @ ()
HepxFDRIARIARY = {wi, w2, ..., wyy REIEE— 218,
> —MEEBTER LR ESHRFRATARA—MESREL.

Christopher Manning, Natural Language Processing with Deep Learning, Standford U. CS224n

X Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily V2 HUAWEI
32(2) total:78 reflect the views or posiions of any entiles they represent, £HAH: MABI, FREARNE. =<



Transformerfz#Y

Output: Probabilities over tokens

h, W,

| Transposed embedding W |

Transformer Block
Repeat x L=12

h; = transformer_block(h;_;)
¢=1,...,L

/

************** XWo+ W, -7
I Embedding matrix W, |

T

Input: x

Liliang Wen, Generalized Language Models: Ulmfit & OpenAl GPT (blog)

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily &‘% HUAWEI
33 total: 78 reflect the views or positions of any enites they represent. &R MABI, FAEAFILE. ==



https://www.topbots.com/generalized-language-models-ulmfit-openai-gpt

BE;FE L (self-attention)

N Add & Norm

Multi-Head

i Attention

Positional @-6'
Encoding

Input
Embedding
Scaled Dot-Product Attention Multi-Head Attention

Inputs

MultiHead(Q, K, V') = Concat(heady, ..., headh)WO QKT

Attention(Q, K, V') = softmax(———)V
where head; = Attention(QWiQ, KWE vwY) (@ ) ( Vi )

(Vaswani et al., 2017)

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g% HUAWEI
34 (1) total:78 reflectthe views or positions of any entites they represent. S BFHR; AR, FREAFIE. <



B E=01E (self-attention)

> FMtokenZiEE T A IEFNZSMNISE
> SN ESHEERARNEMEL

Layer:| 0 3 |Attention:

[CLS]
the
rabbit
quickly
hopped
[SEP]
the
turtle
slowly
crawled
[SEP]

34 (2) total:78

>

[CLS]
the
rabbit
< quickly
~ hopped
[SEP]
the
turtle
slowly
crawled
~ [SEP]

Layer:| 0 § Attention:| All

[CLS]
the
rabbit
quickly
hopped
[SEP]
the
turtle
slowly
crawled
[SEP]

(BertViz tool, Vig et al., 2019)

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. %3t 8: MABL, FREARMNA.
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KIBERBIIERIZN . T2 vs R

> HETKIES R B E 22 ERI a2 Transformer Decoder & H 2 Ff
> BB Transformer (AMoE) #—&iRBIRA, UBEEN

> HTFEHAR, BRIBXESHEEMRELSRARKIRENE. WGPT-4RMHIEERRA
TMLP111B*16Expert+Attention*55Bf, . DeepSeek V3K i £l fiDeepSeekMoE#%Hi 3244,
BIMMEREEINMEZLERM256NMBHETR, B/ TokenZFESMRBAER.

[OOOO OOOO] D Routed Expert

4’[ Add + Normalize J‘i
4 2 Output Hidden h} D Shared Expert
s I e ot d
¢ [ (o) (eows) () @% m
T L
g ok
4 A
L
4’[ Add + Normalize ]‘7
f f
Self-Attention
e e
« [T x[TTITT]
More Parameters

Fedus, et al. “Switch Transformers: Scaling to Trillion Parameter DeepSeek, DeepSeek-V3 Technical Report. 2024.12.27.

Models with Simple and Efficient Sparsity” 2021. arxiv2101.03961v1.

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily V2 HUAWEI
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36 total:78

. Lur;:z\sous GLM-130B

ChatGLM-68

Undisclosed

@ rorameters

@ Ao

Avaiable

@

® crinchita scaie

GPT-4 | Claude 2 Google DeepMind Gemini
Estimate 1.76T MoE

© Perameters

Avatable

@ coses
- ~N o — -

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily

reflect the views or positions of any entities they represent. % ##88: PABR, FTREATRS
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> EOHAE - IEFY - BEHMEIE - FLBNES
> RIFRE - AERIRHEREFES (RLHF) - Z2IMESHE I - 22 A RTF (INMERFH)
> HEIRERE - BYEHERES] (CoT RL) — @its - iR
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o R - HUREELE * SentencePiece 8 8
o REEEIE
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38 total: 78

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
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Output Block Output

books

laptops
/—ﬁ the students opened their //
y ) \\""‘ exams

Dropout R

Fully-connected

GPT Block #L

Fully-connected https://www.analyticsvidhya.com/blog/2023/07/next-word- prediction-with-bidirectional-Istm/

LayerNorm

Dropout

GPT Block #1

Multi-head GPUO GPUSB

Dropout Attention

™~
)
=
(=]
Module 5
ol &
3 &
Embedding s | | GPU4 GPU12 | [{GPU20 eq“’
g <
Input Block Input -
Pipeline Parallel
https://www.mdpi.com/2227-7390/11/10/2320 https://huggingface.co/docs/transformers/v4.15.0/en/parallelism
Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily gn HUAWEI

39 total:78 reflect the views or positions of any entities they represent. S AM: M ABL, FREATNE.



KBS RETNEGRIE

Dataset

Web data
WebText2
Books1
Books2

Wikipedia

Total

Tokens Assumptions
(billion)

410B -

19B 25% > WebText
12B Gutenberg

55B Bibliotik

3B See RoBERTa
499B

Tokens per byte

(Tokens / bytes)

0.71

0.54

0.26

Table. GPT-3 Datasets. Disclosed in bold. Determined in italics.

Ratio

1:1.9

1:2.6

1:1.75

1:1.84

1:3.8

753.4GB

Size

(GB)

570

50

21

101

11.4

Alan D. Thompson, GPT-3.5 + ChatGPT: An illustrated overview, https:/lifearchitect.ai/chatgpt/

40 (1) total:78

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. % #&HA: MPABR, FTREATWA.
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'S IN MY Al? — ALT VIEW

Google Patent 0.48%
The New York Times....... 0.06%
Los Angeles Time 0.06% .
The Guardian 006% | | GitHub. 09%
Public Library of Science.. 0.06% The New York Times. - 07%
Forbes 0.05% ‘Wordpre: 0.7%
Huffington Post 0.05% Post 07%
Patents.com. 0.05% | | wiki. 0%

ribd. 0.04% BBC. 07%
Other. 99.09% Oter. 89.9%
Common Crawl 7 Redit links 7
Biograph 278% Romance

17.7% Fanta:
Culture and Arts. 15.8% Science Fiction..
Histo New Adult.
Biology, Health, Medicine. Young Adult.
ports Thriller.

Busin Mystery.
Other society i
Science & Math. Horror.
Education Other.
English Wikipedia BookCorpus (GPT-10nly) 7

& LifeArchitect.ai/whats-in-my-ai

. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g HUAWEI
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KBS RETNEGRIE

E—TKRKESEEINZA token B = :

» GPT-3 (2020.5) 2500B (500012) tokens, HEImFHIEARL;

» GooglelyPaLM (2022.4) 2780B tokens;

» DeepMindayChinchilla;21400B=1.4T tokens;

> FRERLIamam & EIEE1.5T tokens, Llama2iiilZ 3B 22T tokens.

> GPT-4 (2023) HIINZEIEIITILA (BFEED) tokens+2TE fhtokens,
KiBSEEWEIEIIE:

> LLMIIGEESEHIE;

> HIERENRENEREE XS0,

> NMRUWETIEEESRENIE, 2IFEEXHEN.

40 (3) total:78 82 HuawEl
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41 total: 78

Step1 Step2
Collect demonstration data Collect comparison data and
and train a supervised policy. train a reward model.
A prompt is 3 A prompt and (5
led from our bl several model =
samp Explain reinforcement Explain reinforcement
prompt dataset. learning to a & year old. outputs are learning to a & year old.
sampled.
y 2]
- s
Alabeler @ (]
demonstrates the 7 oy
desired output
behavior. e ¥
L Alabeler ranks the
outputs from best
-srr toworst. 0:0-0:-0
This data s used to ()?SQ_
fine-tune GPT-35 :5:?{/ *
with supervised Vd
learning. G2
BEE This data is used
totrain our W
reward model.
0-0-0-0

Credit to: Ouyang et al., Training language models to follow instructions with human feedback, arXiv:2203.02155

Step3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
reflect the views or positions of any entities they represent. % HAER: PAER, FREAFDMWH.
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KIBERBBY RN F IIZ: DeepSeek-R1#LElET =

B TESFTRE RIEIERE AN
BRATRAHTENEBRRE. ARFAERANRETH, P — ; ensens
HEERSTRENERSNHREREN. .

B ZHERIIGIESR: FEEESESEN

S IBEERR: RAERTBEMN :
BHRESRSRAERETNE (BIMRA <think>..</think> £

<answer>...</answer> 18 TX)

i

L E?iﬁﬁ'ﬂﬂ’]ﬂﬁbu%ﬁuﬁ' R IR AT
ZRIEH: ITFE—MIGEANEE, RITEASERER,
R B —reward model SEA T T 5 e
HRIER: BREEAANEEE A B4, RIDAE Deepssek R1ZEMFSEE S RIS A EE S WA B OpenilaL
“<think></think>" H1[g]

42 total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g% HUAWEI
otal: reflect the views or positions of any entities they represent. & AM: MABR, FREADNA. =



RNIBS RBP4 ILTF S)I%k: DeepSeek-R1VIZIRIE

B R1-ZerolIZRE:: UFIISGREHER, SRHFEXBAENAER, EERLE IERTEANEBEHINES, KIBKSIHEEED.
m RUISHET: FIARERBAMBEETIN R1-Zero REVERMIE, RASBRL+SFTIERIIZ, HERANEBEHBEENNE
o EEmue )
Base ‘ whgs | DeepSeek-
Model mxIm% | Rl-Zero
o GO LERRISBE R, BT
e | special_token | <reasoning_process>|special_token | <summary>
IRTFHEERE

HEREERED
- IO - R1-Zero IR N
T NG
103 HaEskiiAT Cold start —l
GRPO
805 EHAERATF SFT N et i ]E‘“‘ — R
v ” - [DecpSeck V3-NEAMEEE EFNIR
e ERER
SR S pespseelctt man
eepsee -
- MR P; biTid
SFI-2 Jmwss
GRPO
43 total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
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Log scale! Total Compute Used During Training

10000

1000

100

Training Petaflop/s-days

Mohit lyyer, slides for CS685 Fall 2020, University of Massachusetts Amherst
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BI (Emergence) FA[El—{t (homogenization)

rch.
Help | Advanced

s > arXiv:2108.07258

Computer Science > Machine Learning

[Submitted on 16 Aug 2021 (v1), last revised 18 Aug 2021 (this version, v2)

On the Opportunities and Risks of|Foundation Models

Rishi Bommasani, Drew A. Hudson, Ehsan Adeli, Russ Altman, Simran Arora, Sydney von Arx, Michael S. Bemnstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskil, Erik Brynjolfsson, Shyamal Buch, Dallas Card, Rodrigo
Castellon, Niladri Chatterji, Annie Chen, Kathleen Creel, Jared Quincy Davis, Dora Demszky, Chris Donahue, Moussa Doumbouya, Esin Durmus, Stefano Ermon, John Etchemendy, Kawin Ethayarajh ([ FerFe)) Chelsea Finn, Trevor
Gale, Lauren Gillespie, Karan Goel, Noah Goodman, Shelby Grossman, Neel Guha, Tatsunori Hashimoto, Peter Henderson, John Hewitt, Daniel E. Ho, Jenny Hong, Kyle Hsu, Jing Huang, Thomas Icard, Saahil Jain, Dan Jurafsky,
Pratyusha Kalluri, Siddharth Karamcheti, Geoff Keeling, Fereshte Khani, Omar Khattab, Pang Wei Kohd, Mark Krass, Ranjay Krishna, Rohith Kuditipudi, Ananya Kumar, Faisal Ladhak, Mina Lee, Tony Lee, Jure Leskovec, Isabelle
Levent, Xiang Lisa Li, Xuechen Li, Tengyu Ma, Ali Malik, Christopher D. Manning, Suvir Mirchandani, Eric Mitchell, Zanele Munyikwa, Suraj Nair, Avanika Narayan, Deepak Narayanan, Ben Newman, Allen Nie, Juan Carlos Niebles,
Hamed Nilforoshan, Julian Nyarko, Giray Ogut, Laurel Orr, Isabel Papadimitriou, Joon Sung Park, Chris Piech, Eva Portelance, Christopher Potts, Aditi Raghunathan, Rob Reich, Hongyu Ren, Frieda Rong, Yusuf Roohani, Camilo
Ruiz, Jack Ryan, Christopher Ré, Dorsa Sadigh, Shiori Sagawa, Keshav Santhanam, Andy Shih, Krishnan Srinivasan, Alex Tamkin, Rohan Taori, Armin W. Thomas, Florian Tramér, Rose E. Wang, Wiliam Wang , Bohan Wu, Jiajun
Wu, Yuhuai Wu, Sang Michael Xie, Michihiro Yasunaga, Jiaxuan You, Matei Zaharia, Michael Zhang, Tianyi Zhang, Xikun Zhang, Yuhui Zhang, Lucia Zheng, Kaitiyn Zhou,(Percy Liang)(collapse list)

Als undergoing a paradigm shit with the rise of models (e.g., BERT, DALL-E, GPT-3) that are trained on broad data at scale and are adaptable to a wide range of downstream tasks. We call these models foundation models to underscore their critically central yet
incomplete character. This report provides a thorough account of the opportunities and risks of foundation models, ranging from their capabilties (e.g., language, vision, robotics, reasoning, human interaction) and technical principles(e.g., model architectures,
training procedures, data, systems, security, evaluation, theory) to their applications (e.g., law, healtncare, education) and societal impact (e.g., inequity, misuse, economic and environmental impact, legal and ethical considerations). Though foundation models are
based on standard deep leaming and transfer leaming, their scale results in new emergent capabiliies and their effectiveness across so many tasks incentivizes homogenization. Homogenization provides powerful leverage but demands caution, as the defects of
the foundation model are inherited by all the adapted models downstream. Despite the impending widespread deployment of foundation models, we currently lack a clear understanding of how they work, when they fail, and what they are even capable of due to their
emergent properties. To tackle these questions, we believe much of the critcal research on foundation models wil require deep with their nature.

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
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BIL (Emergence) FA[El—{t (homogenization)

Machine Learnin, E }ég 3
¢ 2ETD Foundation Models

Learning

@m
N
=

Emergence of... “how"” features functionalities

Homogenization of...  learning algorithms architectures  models

Y

Fig. 1. The story of Al has been one of increasing emergence and homogenization. With the introduction of
machine learning, how a task is performed emerges (is inferred automatically) from examples; with deep
learning, the high-level features used for prediction emerge; and with foundation models, even advanced
functionalities such as in-context learning emerge. At the same time, machine learning homogenizes learning
algorithms (e.g., logistic regression), deep learning homogenizes model architectures (e.g., Convolutional
Neural Networks), and foundation models homogenizes the model itself (e.z.. GPT-3).

=F3 REFS] | EaRE
B | BEREEETE | FHE RAgE
E—t | FIFE REGEH | HERSH

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
82 HuawEl
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DHEARMEFHARES (ETXEFS in-context learning)

Zero-shot One-shot
The model predicts the answer given only a natural language In addition to the task description, the model sees a single
discription of the task. No gradient updates are performed. example of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description
cheese => prompt sea otter => loutre de mer example
cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt
. Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g HUAWEI
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DHEARMEFHARES (ETXEFS in-context learning)
Zero-shot One-shot Few-shot

175B Params

Natural Language

60 Prompt

Accuracy (%)

13B Params

—rm———————— 1.3B Params

Number of Examples in Context (K)

Brown et al., Language Models are Few-Shot Learners,

arXiv:2005.14165, 2021
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BYESE Chain-of-thought

Standard Prompting

~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

_J

A: The answer is 27. x

Chain of Thought Prompting

e ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

A:

answeris 9. «/

Preprint: https://arxiv.org/pdf/2201.11903.pdf
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(a) Few-shot

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?
A

TR BYESE Zeor-shot CoT: Let’s think step-by-step

(b) Few-shot-CoT

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The answer is 8. X

(c) Zero-shot

(Output) The juggler can juggle 16 balls. Half of the balls are golf
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
blue. So there are 8/ 2 = 4 blue golf balls. The answer is 4. v/

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) 8 X

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v

Preprint: http://arxiv.org/abs/2205.11916

&2 HUAWEI
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KIBESIEBAIEESIEI (Emergent Ablities)

ETFES] (FHAR/IDERFES)D

Zero-shot One-shot Few-shot
The model predicts the answer given only a natural language In addition to the task description, the model sees a single In addition to the task description, the model sees a few
discription of the task. No gradient updates are performed. example of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description Translate English to French: task description
cheese = prompt sea otter => loutre de mer example sea otter => loutre de mer examples
cheese => prompt peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

ETFIREE R HAtbRESAIN

e LiMDA - GPT:3 ——Copher —— Chinchills —#—PaLM -~ Rindom
Zero-shot One-shot Few-shot

© o
50 0

) Math word @) Insruction
probiems Tolloving
1758 Params

P

3
£ ERY
i H /
“u w
= ol S o s
€ W0 07 17 10 W07 07 W 107 10 W0 7 10
7 o oo
g i L BTN Gowiime VAL (0 Voot —
138 Params o 4 w0
So N
Zaf fw
iw in
—————— 1.3BParams - 0 10
e o [Tl TRl e o 0 100 10 e 10
Number of Examples in Context (K) Model scale (traning FLOPS) Modelscle (rining FLOPs)
49 total: 78 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily g@ HUAWEI

reflect the views or positions of any entities they represent. % ZHAH: PAER, FTREAFMW,




REN A BEE R BRI I — B 54

As the scale of the model increases, the performance improves across tasks while also unlocking new capabilities.
Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance

X Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily V2 HUAWEI
50 (1) total:78 reflect the views or positions of any enfiies they represent, S#M: AR, FEATIA. ==


https://ai.googleblog.com/2022/04/pathways-language-model-palm-scaling-to.html

REN A BEE R BRI I — B 54

As the scale of the model increases, the performance improves across tasks while also unlocking new capabilities.
Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance
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SUMMRRIZATION LANGUAGE UNDERSTANDING

62 billion parameters

As the scale of the model increases, the performance improves across tasks while also unlocking new capabilities.

Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance
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LOGICAL INFERENCE CHAINS

SEMANTIC PARSING COMMON-SENSE REASONING

ARITHMETIC TRANSLATION
CODE COMPLETION DIALOGUE
JOKE EXPLANATIONS
READING COMPREHENSION PHYSICS QA
SUMMARIZATION

LANGUAGE UNDERSTANDING

306 billion parameters

As the scale of the model increases, the performance improves across tasks while also unlocking new capabilities.
Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance
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LOGICAL INFERENCE CHAINS

SEMANTIC PARSING COMMON-SENSE REASONING

PROVERBS PATTERN RECOGNITION
ARITHMETIC TRANSLATION
CODE COMPLETION DIALOGUE
JOKE EXPLANATIONS
READING COMPREHENSION PHYSICS QA

SUMMARIZATION LANGUAGE UNDERSTANDING

540 billion parameters

As the scale of the model increases, the performance improves across tasks while also unlocking new capabilities.
Blog: Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough Performance
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KRBTz 222 (Pre-training Scaling Law)
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two,

Kaplan et al. “Scaling Laws for Neural Language Models.” 2000.

Figure 2 | Training curve envelope. On the left we show all of our different runs. We launched a
range of model sizes going from 70M to 10B, each for four different cosine cycle lengths. From these
curves, we extracted the envelope of minimal loss per FLOP, and we used these points to estimate the
optimal model size (center) for a given compute budget and the optimal number of training tokens
(right). In green, we show projections of optimal model size and training token count based on the
number of FLOPs used to train Gopher (5.76 x 10%3).

Hoffmann et al. “Training Compute-Optimal Large Language Models.” 2022.
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DeepSeek-R1-Zero AIME accuracy during training DeepSeek-R1-Zero average length per response during training
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> GraphRAGSIE TRZMEN, ST —ERMIN.
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...more

Action

Chain of thoughts

Subgoal decomposition |

Credit to: Lilian Weng, LLM Powered Autonomous Agents
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hatGPTHIA BEIL{ER
L‘ Terence Tao

Traditional computer software tools resemble the standard mathematical concept of a
function f:X—Y: given an input x in the domain X, it reliably returns a single output
f(x) in the range Y that depends on x in a deterministic fashion, but is undefined or
gives nonsense if fed an input outside of the domain. For instance, the LaTeX
compiler in my editor will take my LaTeX code, and - provided that it is correctly
formatted, all relevant packages and updates have been installed, etc. - return a
perfect PDF version of that LaTeX every time, with no unpredictable variation. On the
other hand, if one tries to compile some LaTeX with a misplaced brace or other
formatting problem, then the output can range from compilation errors to a horribly
mangled PDF, but such results are often obvious to detect (though not always to fix).

##Al tools, on the other hand, resemble a probability kernel pu:X—Pr(Y) instead of a
classical function: an input x now gives a random output sampled from a probability
distribution i that is somewhat concentrated around the perfect result f(x), but with
some stochastic deviation and inaccuracy. In many cases the inaccuracy is subtle; the
random output superficially resembles f(x) until inspected more closely. On the other
hand, such tools can handle noisy or badly formatted inputs x much more gracefully

than a traditional software tool.

Because of this, it seems to me that the way Al tools would be incorporated into one's
workflow would be quite different from what one is accustomed to with traditional
tools. An Al LaTeX to PDF compiler, for instance, would be useful, but not in a
"click once and forget" fashion; it would have to be used more interactively.
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Guo et al., Evaluating Large Language Models: A Comprehensive Survey, arXiv:2310.19736v3, 2023
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OpenAl Imagines Our Al Future

Stages of Artificial Intelligence

Level 1 Chatbots, Al with conversational language L1: BIRAIB/A, EFEXEEIMAL

Level 2 Reasoners, human-level problem solving L2: #IEE, AL —HEBRREIIAAL

Level 3 Agents, systems that can take actions L3: &k, FXERE, R URBITIHIHAIRS.
Level 4 Innovators, Al that can aid in invention La: RIS, BEESTABIA FHRIEATAL,

Level 5 Organizations, Al that can do the work of an organization

Source: Bloomberg reporting
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JEE (Research Vision)

EHERRER A TAYS SRR (Intelligence as signal processing over time)
BRUANBRATANMULE I BRI RIBAIR AL, FEIEREN, HFFERT A 8 TS
SEHRMATEES. ERARMA—TNELMASISTE, CHRERBMNERIRE. &2
FIFIFEE, LAMEMH BRSO RRFHREUE L9175,

m— RETIRRNESSFS,

%}ﬁ:: BREEIMTES.

BR=: BEBEHNEER.

Rl REESEMERAERTZEIER.

BELE

1. TR | ARSI ES).  (Representation I: Continual supervised

learning with given features.)
R | BEUSEATL.  (Representation |1 Supervised feature finding.)
. TR - SR MERER (GVF) FREES).  (Prediction I: Continual Generalized
Value Function (GVF) prediction learning.)
. EER0E R -TIeE RS, (Control I: Continual actor-critic control.)
. T 11: R FIGVFES],  (Prediction II: Average-reward GVF learning.)
. 1 11: $54RA9HRHUIEIRE.  (Control II: Continuing control problems.)
. HIRD 1 FSESREIEMEI.  (Planning I: Planning with average reward.)
AlRE |: BERFERREERNSSERETRHFS, (Prototype-Al I: One-
step model-based RL with continual function approximation. )
. HE 11 SERHIFIIRE.  (Planning 11k Search control and exploration.)
10.AIREY |I: STOMPi#EE. (Prototype-Al II: The STOMP progression.)
11.AIREL 1Il: Oak, (Prototype-Al lll: Oak.)
12.|AJREY: E8EiE3m,  (Prototype-IA: Intelligence amplification.)

NV WN
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Observation Reward Action

w

EREREFTOANEEZBM:

1. 4N (Perception)

2. RIMESKRE (Reactive policies)
3. &% (Value functions)

4. #FAERE (Transition model)

Observation

Reward
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Thank you!
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