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B: 2HESBEAGPTAVHE AR T The unusual aspect of this image is a man
r-- ironing clothes on the back of a minivan. —+
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Closed-Loop Robot Control
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Narrow Non-Al (it Hhusk . &% %) General Non-Al (human-in-theloop+t+ )
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5% : Superhuman (A2 Superhuman Narrow Al Artificial Superintelligence(ASI)
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FH k% : DeepMind {Levels of AGI: Operationalizing Progress on the Path to AGI) , B ik 4 4F % Ff
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/ 10% s0% o0 Levels of AGI: Operationalizing Progress on
/ the Path to AGI
EN

2024 EHTN 10% 350 50% 90% Meredith Ringel Morris', Jascha Sohl-dickstein', Noah Fiedel', Tris Warkentin', Allan Dafoe’,
Aleksandra Faust!, Clement Farabet and Shane Legg1
1Google DeepMind

TR R R HINRALNRS, BOIERT AT F4 k& : DeepMind {Levels of AGI: Operationalizing Progress on the Path to
2 o T3] 4 > > & 2 3 3r A\ AGI) , B TIE R T
H oL iR E L Z )G 0 BT EHKIS
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o F—3h: ARXABRRER, BRFLAZH X

o B3 H: BARRIMBLFK, #IE KRR

¢ HZ3H: AeRT
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GUOYUAN SECURITIES

1 OpenAltlz: AERAZLHAGIAH LS
» OpenAl#Sam Altman. Elon Musk% #£20155 6|7, LAY N AL ANAR T 2B AALIFRAG)FiLEALER T H;
20205 K A GPT-3#£ 4!, 2022411 A K A GPT-3.5#£A!, 4 5EA X7 S EL G EATiE, SHBENSEGEE; 2023F3A
ZAGPT-44 A, 2024552 A £ A AIFLIR £ AL A Sora, AIFLIR & & AR 3% & ChatGPTa: %1 .
B: OpenAlX & A

2015 2019 2020 2022 2023 2024
OpenAl= # #&  OpenAl A 3 openal 64  OpenAl F 11 OpenAl T3 A OpenAl-T2A
oo El R BAL R B o ABGPT38 A A AW E M R AGPT-4; KA AIFLIR A&
A “ AR B A A “HMAA” B9 MY B A & A OpenAl  # M A Sora,
K7, ZEHA  OpenAl # X prepwam  ChatGPT, & 2023 ARR4  AEARIEAR T519)
kgAY BRICEL  gaeT, BB A kT N K16/ AR KiE—4
AR T A ZE BT, Wi % H ik Y & £, Mk A OFHFAM.
AT HR M A K #xtis, 2k S48 K 564%,

(AGI) ik Azure = 3% F B AR E A - R

AAEER%  EMRFFAA %, 3 K4k 10001 £ T

o #HA

XiEo

TR IR AIRT &

W H L RERIELZ B MR FKINS

x5, MBABA, Bl LIZ KT, MEZISER,

LRELHAETR, BILA,

TUAEF A 5L PT
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2 GPTK%EW)’I: R LM, ARG RA R

> GPT-1i@id LB EMiNGrhA B EMARANTERING: GPT-2LE A K EHMA, mAB T E AMBEGEA LA NGHIEERITL
Hﬁ’%"%ﬁi)']%, WAL F A P15 ; GPT-3MEA A HFHFEE R —FT I K, BALAKEIN WP 17501C, LT LEH O % KNI
2048/~ token.
B: GPTEAZ 5 %K
GPT-4 (X ChatGPT / GPT-3.5 GPT-2 (FEE) BERT (FEE)
ZzxnaTiE] 202353814H 20225118308 2020 2018 2018 2018
reEEEETEEE EEEEEEE EEEEE EEEE m T ™
RrESERE m aEEEE EEEEE EEEEEEE EEEEEEE EEEEEEEE
T ESEREE EEEEEER EEEE EEEE T T T
=i e e = FiERSE ST ETGPT-3FEEE, 962, ISR MGPT-1ERE B E T Transformer E- T Transformer
e oy =i 175047, T 7ETRTEERSE INEEI1T7504Z nE4sE, R g, 122 iy
WEE=EaaE {HAmEEE (175 B) 1600EEEHT WEsEEE (25 122, ToossaEEs
VLIM) - -BEE B LT rerssREE =ERA =) MAEE
T NG FOETEA eSS GPT-358 InEZ048-Ttokens ErnEs{tEIEE HEEAEEEER oS ETL SRS
i ir, (EE#&Em] IEEEESE EE. \ralE TEEEL1024{5FEE SEERE
RLHF JIESET BEEATE FA=EEENSE AN (NETE EE=tEE (MLM) ==
STFHNRGERRER - RLHF IS SRERRST TS =EnnE T
(RERM) = W s iﬁ@;ﬁﬂ%ﬁﬁ% TSR =
17,_:1._1_._.‘ PiEETEEER ﬂ=
e
] _RE_ — o o 1
EEE ==l SAH175B-68-1.38 1758 =-fliiiet—= 15B 340M 117M = |
Bl v 32,000 token 4096 token 2042 token 1024 token 512 token 512 token e
HIESEA=E= 1) HiEEEE 1) BEENRE FoisETmEE FrisETmIEE s STEE TS FoeETmIERIE S
2} RLHF A ity 2) RLHF ISR A
3) iEEETFaYEERD i}
=7 (RBEM) 3) PPOSEEES]
4) PPOSEUEES

FHLEABEELZENATERIND cHLR: SEBMEARS

= SUIE AT 50 BT
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2> 2.1 OpenAlF|AA KRR FEZ K, LM E RS FBAGI

2 GPT AEWEM: GPT3.5&# M4 ¥ BE A A

> ChatGPT/GPT-3.5: 202211 A30H X7, #£GPT-3694& sk L3t 474 % B %8 (Supervised Fine-Tuning). % &A% A 1] % (Reward
Modeling)#= % & A £ B 15t 89 3% 4L 5 3] (Reinforcement Learning from Human Feedback, RLHF). ChatGPTEA A F4iE: Fah&
N FEIR. METEHAGFA, AKINAFWAIofest E L H RGO THRUR L HELE S E, RARITHELX LR T A

FARgE B: GPT-3.59%it4

Step1

Collect demonstration data
and train a supervised policy.

A prompt is f\'} A prompt and {:’: A new prompt is o
sampled from our Explain reinforcement several model Explain reinforcement sampled from Write a story
prompt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. about otters.
sampled.
} oo *
Cos The PPO model is -
Alabeler @ (e o) initialized from the LN
demonstrates the ~ = e supervised policy. W
desired output -
: We give treat: d ‘
behavior. pu nizr?r::mr: ?ost::ch... *
l A labeler ranks the The p;)llc: generates Once upon a time...
outputs from best anoutput.
.SFT. to worst. 0:-0-0-0 ‘
This datais used to & RM
. ) T The reward model e
Iﬂ:r?ti tstiln?e?vfs;das L ¢ calculates a reward N
learnin P ¢ RM for the output. p S
¥ EE]E) s data .
This data is used LT, ‘
to train our W The reward is used
reward model. to update the
0-0-0-0 0 Iy

Step 2

Collect comparison data and
train a reward model.

Step 3

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

policy using PPO.

W 908 PR IE L Z G B BT AR AR

6]\

FHRKR: OpenAl's M, B TIERHFRPT
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2 GPTREEM: $REKEAGPT-4

> 202353 H 148, OpenAls it KA & SR EBEAGPT-4, T A EBA L Kt N, OpenAl#fr, GPT-44 T % # K /E %X
MK, &6 F BEIF T4 E A Uniform Bar Exam. FFEAFERXLSAT. “E£EB&HF” SATRF A 0A b M 172 5 E4E 549

%X, AEXEMIX P, a9 iF s T88% a9 X H .
B: GPT-4/£& X5 KK-F0EX 6 Gt B: GPT-44:4E B K £ 5 M sk

Exam results (ordered by GPT-3.5 performance)

gpt-4
Estimated percentile lower bound (among test takers) gpt-4 (no ;l;‘lgns) —

100% —

60% —

40% —

20% —

S

T RR: ETAAMEART, BAIERF LA KRR BT AT, BOIEEF A

WA R IELZ G M R HRAINS
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2 GPTAEREM: LHEZRLETHWGCPT-4 Turbo

> 2023F11A7H, OpenAlEF RKH KAWEHMALL: 1) TR ETLKE: LHI28KETLEH2, 485 F3000 L A; 2) £
BE: AR R E T H Atoken 1% 4, mATH#Hitoken 3£ 4, #MAFinE 5% Ao 5% ZGPT-4(8K)81/34=1/2, EHiE
I ETEMN 2927545 3) REEH: A3R%ain B A7 £2023F41, L H EEIFEEERIA; 4) AT EHEE: AFLLAEHREA
DALL-E3., XL K#EFHEATTS, ARZEH L+ A iEFR7AEA Whisper v3; 5) o9 E: A F &5 409 Tokensk £ /L4 K4
#ME, TEILAPIK P 9 iF it — F R&,
B: GPT-4. GPT-4 TurboA Mtk (F42: £ ALltoken)

W 908 PR IE L Z G B BT AR AR

h\

®

0.07

0.06 |

0.05

0.04

0.03

0.02

0.01

0

GPT-4(8K)

GPT4(32K) GPT4 Turbo(128K)

Bip N B

FA KRR ETRILART, B AIERAT AT

=l 5Tk ZF

GUOYUAN SECURITIES
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GUOYUAN SECURITIES

3 ZmAM#tE: GPT-54 2L AM kA

> WAREITJosh Gerbenz 4t -F & % & OpenAlT 202357 A 18 H /) £ E + A B A7 B (USPTO)IR X GPT-51 /=49 74 &, GPT-5#4£69
HREAIFEARIBTRE, AL, B, EFHE. WiF, WNFpE, FRAHAHRTRA L.

> ARAEOpenAl# & #4T'E Sam Altmanég 8 iE, GPT-5R A& = KA L &: 1) 2SS LHLA, EF. BR. REFAMMmAN; 2)
AL BEBAARIFOR T, e SR P&, BT B, AT, FEARKBREIIKEZ; 3) Lk ) Fop otk

o RGPT-4 B Ak 7T AXAES0910%, GPT-521%Z Z15% % #%20%, % AT KA2A 6918 m——4790 P A L 2GPT-5 13 2| fig i,
B: GPT-5%4r¥i#

) UNITED STATES
PATENT AND TRADEMARK OFFICE

IC 009: Downloadable computer

software for the artificial production of
=4 human speech and text; Downloadable

computer software for natural language

processing, generation, understanding
and analysis

OWNER: OpenAl OpCo, LLC IC 041: Providing online
non-downloadable software for the

SERIAL #: 98089548 artificial production of human speech and
text; Providing online non-downloadable

: software for natural language processing,
FILING DATE: 07/18/2023 generation, understanding and analysis

ity & portee ol 1he appbcatum P Wl wppb atae wul Nlge  dl vapte pae Panetiurmbe JOCOV AL A ave Yy - LERAL MO e w A Y ge e daten Swar

FH L BIELZ B BT EHRIS THERR: AIGCTHHAERARS, BAIERT R 25
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GUOYUAN SECURITIES

4 BHEREA: OpenAlXADALL.E 3

> 202359H, OpenAlX HDALL.E 3, WA R AP AEIEfFaid £ A At , FE951iLH P i ts g T ey B4 0 IEF B4
e E%, ZARERR A A ChatGPTZ £, AChatGPT k€], 46/& A=tk prompt, A 7 L& Zprompt.t 7 5% K % Bt 1],

> DALL.E 389 M RRM = &5 A BRI E 4 mAn G £ A KA S, BLFEE A s34k A 7 CLIP B 4% % 20 35 Ao GPT & 5 2 A
(GPT-4), TAHEKBGAERMBEGLFHA; BB EntAVAER S 2R AR ELEAREGE, BIRFIREE, REHER

T5 Transformert§ L A 445 4 w2, i@ i3 GroupNorm/&H 2 iz A\diffusionf2 A, 453 EZ £ & 77 &)
B: DALLE 3£ R & AERR

AR R : OpenAl'E B, ETIERA AT
HH LR ELZEW R EENS
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GUOYUAN SECURITIES

5 MMERER: OpenAlXH “HhEHEREMB” Sora

> 202452A16H, OpenAl & AIL S AL A Sora, H-FARZ A/ T Ak 9% 4 35 AR R B 42 B 18] . 9Bk teFe 2 9% 69 AL 30 A= B AR
L EZOFAERKE - HAM, “FBRE” TATL BAT-FH Y748 IME R K E, AL L AR E R ChatGPTH %1,
> OpenAlfSora#f K4+ Fid: "Our results suggest that scaling video generation models is a promising path towards building

general purpose simulators of the physical world”.

B : SoraZ m1p4re9iE | & FAR B : Sora® # @
@OpenAl Menu
Research

Video generation models as world simulators

We explore large-scale training of generative models on video data.
Specifically, we train text-conditional diffusion models jointly on videos and
images of variable durations, resolutions and aspect ratios. We leverage a
transformer architecture that operates on spacetime patches of video and
image latent codes. Our largest model, Sora, is capable of generating a
minute of high fidelity video. Our results suggest that scaling video
generation modelsisa promising path towards building general purpose

simulators of the physical world.

A EK: OpenAl's M, ETIERHTRPT KA R : OpenAl'E M, B LIk R4 %P7
HH LR ELZEW R EENS
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5 MMERER: OpenAlRH “HEHERFEMB” Sora

> SoralAR4E % L FH N, LT AR B G A3 Ak £ RALIR . Sorafe 4% AT & A B S A=A S B4 —— Q1 12 T £ A IR AGALIN
A# S BARBEs)® Rt Y e AT e e R AL Eﬂﬁ/\ﬁi”’lf\fﬂé@i’?)\#)ﬁﬁﬁifﬂ?—iﬂi%iﬂ# By N5 3 NALIRR
#Fa g, BT T AR ARG AR BB R KA Fe g B, AES > wRFEGHGTE,
B : Soratk¥E A AL A ALIR

FH KB : OpenAl'E M, B LIk #5507

FHLEFEELZEN LR EERS 28
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GUOYUAN SECURITIES

5 MMERER: OpenAlXH “HhEHEREMB” Sora

> BAIRE V& kIR A AILEE /1 (emerging simulation capabilities), 1) 3D—#tE: £3D—&K 7 &, Sorast4 L m A 31 5#%

B REFHGAN. E BB RO s, ADFG T AR AR FPBERFE—BROEHAE. 2) KM ER A3t
A X RUINAE RATUR @ AT — /TR K, mSorafe A A48 HFe K MR 09 IR # k. R AR, AFedh BB R & T &
/s, ViRt HURHMR A E 0. 3) G EF): Sorakt AR £ 67 XARMF A FORSGIT A, Blded KT AL A L8 T A
M Efk. 4) MM FHF: Soraft BAEMA TIAL, AN K o

B: Sorat A e MEL&3D—& M B: Sora% s (KRAOER) HRAMM

WA KRR : OpenAl's M, ETIERT KT

FH R IR : OpenAl'E M, B ik &5F 55T
LR ELZ )G R &I
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GUOYUAN SECURITIES

5 MMERER: OpenAlXH “HhEHEREMB” Sora

> Sora#y A ;i Z —#Diffusion transformeri2# ., Diffusion transformer (DiT)% 4 &1 William Peebles #=Saining Xie/£2023F 4% 1, 1£
Fl Transformersk Il & B A9 B AT #OR R, BR T @ F1& A 6U-NetF T RZ, &4 TV #8EA 5 a R 2R e T i,

> AIE BRI B AR X T Z20 TN AR HZRNN), £ &A% (GAN). 8 =24 (autoregressive transformers).
¥ A A (diffusion models). B B4R SR K % R F #AEA, tdeRunway. Pika¥. ADEEA G T 24769 S S

S EMEARARITVGFH R T &, a3 ie2023F12 A X 4 #9VideoPoet.
B : Diffusion transformeri& &l 324

v N ™ Y
f" — L 4\ R C—L"-

r Seals — I\T) FJ
Moise b ! " . : .

Paoiintwisa
321i214 321.3;214 ;II Feadia

Linear and Reshape |, Scate, shin Y2252 | ' ' ' '
] | |
,.rllr Layar Morm E_:' (3
S
—
|

Layer Norm / :
L E—
N ox

DiT Block E—— 2 ST
1 - P -
1 I \ Nl fi-Head '
Patchify Embed 5““”."“"’“ 4{
| "'\ Scala, Shift Jb ;
L}
MNoised Timastap © \\‘ Layar Marm MLF |
Latent - \R —] 1
A w I2 xd Labal » - iInput Tokans Conditioning J VRN Ir nditiomir Y,
Latent Diffusion Transformer DiT Block with adalLMN-Zero
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5 MIAERBER: OpenAlXH “HEHREME” Sora
> Sorat2 A 2556 X : patchth— /RIS EHE. OpenAldR E T —4F Bl patchtE A AL SR &K 38 R D AL A 69 75 X, patch 21 B 1% &,
AR B A 89 — £ 7 3 K3k, RARA A Ao fFRAEHIEOGE AR T, XA KIEF A b9token/AIAY R &, Token%k— 7
LA B AP R X KL, HFFa AP A REF, mpatch® %— T B 5N k69 B AR A=A IR £ w7 38 F 2R AL 7 5 X
Dy BRI REFARERT, mXMAETAMERG R ZE, FE A SWMKFEpatchiu 25, L F B HATELE, kB RE
DPEFEL LT R Fe K 5T A AL S A B AR 69 SR A4S RAE BEAT I 2K
B : OpenAl¥ALIRLE A patch k4 —A B KEHA

Visual

l

encoder

St | a s T 13
e 1 |

L
U
L
L
||
||
||

AR IR BB AT, B CIER T

WA R IELZ G M R HRAINS
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5 MIREBRERE: OpenAlXH “HEHEREMSEZ” Sora

> Soratf A )| %75 X : re-captioning#riE H A R K695 F M S . NAELABMMEREZRE B RKEF A AL AT RGN,
# 3t OpenAlf& % 7 DALL-E3 ¥ #9re-captioning# R, ARG T — A @ MM HFRRE REERACAHNGE TR
A AR AR iF, B AY 77 X = AR G AL IR AT 2R, T R F R S L AR A B ARG AR E ., 5DALL-E3 £,

OpenAl#] AIGPTHE AR 4269 Al P RT3 A L KAGiEmisiE, R ZBMIVREA, 4 Sorafets A B R P RT £ W& M2 WM.
B: #7E “—ARENBAFTHERENERERKAEL LW B B0 AEGLN PR S

H LR ELZ B RTARKINSD w4 %%: OpenAl'E M, HLIEEFFRH 32
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GUOYUAN SECURITIES

1 XKEZAEAR:. FELLaAMA 2

> 2023%57H, MetaZA H TR KBEEZEA —|LaMA 2. LLaMA 22 EZLLaMA 14 sz F ¥ m Rk, I 4EL E—R A% H40%,
FAHTOL., 130124270010 =A%k, FHEAFRA LK, BT @, ZHAINGERIES T2H ARG, ETLKER E—K

KEMIE, AP KOIANE; Hit7 @, LLaMA-13BE kK £ 4 i At 7T A K 2K 17501249 GPT-3,
B: LLaMA 2F =M A A4t B: LLaMA 29 %R AE

Llama 2 was trained on 40% more data than Llama 1,

and has double the context length. SRR
FEEDBACK
Llama 2
O Safety Reward Model
Rejection Proximal Policy
( 3 Sampling Optimization
MODEL SIZE (PARAMETERS) PRETRAINED FINE-TUNED FOR CHAT USE CASES L2
Human preference data Helpful Reward Model
8
Model Data collection for
architecture: helpfulness and safety:
Pretraining Tokens: Supervised fine-tuning: 8 LN
138 S ised e
3 2 Trillon Over 100,000 = Lismia 2 fratining g Llama-2-chat
Context Length: Human Preferences: Pretraining data
4096 Over 1,000,000
708
AR IR 36AE W, B TIERA AT KHERR: 36HF R, ETIELETRH

WHLREELZENRTFRITL
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2 MEKER: FRERFFAMERSAM
> 202344, Meta ALE'E M XA 7 K& st A Segment Anything Model (SAM) 7 k. SAMZ £11007% 7K B B A=11104 4655 0 4 4&
&£ EBATT IS, BAARRGAFIRA. B, SAMAE BfrA2 ki HABE V43t £ AR, HEBH RESAMINGEERR, ©

A 7817 7 FE, APALERNEACHmyRIE, F4 APAEAREITHIA. SAMT LEREEFTHZRA . RS LG
Aw, EEF. R, A&, L. RS T 72704 By RZHE,
B : SAMAER IR 5|k /MR B : SAMT A T E 57 403k

Segment Anything
Research by Meta A

Interested in learning more? Check out the Paper, Blog Post, or Code.

Tools

t ) Upload Gallery

R Hover & Click

(W] Box

4. Everything

& Cut-Outs

FARR: AIGCTF ALK AR S, B AERH LA R R R AIGCTF AR NS, B TIERF AT
oL i E L Z 60 T B3RS
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3

SEAEKRER:. FiRimageBind, E&AZRIEEL D

> 202345/, MetafFB 7 Z4 45 kA ImageBind, THARBRME ., M., T, EE

. #E Fo R WE B AP AR E

#ATHEE

4

BMNGTORA, Sth—AFidm, BRRSEEE —KERAETHE KA. ImageBindi & 21 B A &

Al (Embedding Space), A %

BIERHER, RRIFFINE SRS 55K Bdm,

B: ImageBindB A THARCHESHITHAE

%‘i#&$ﬂkﬁ:"/\ﬁ)\”
tbdmde ik i, ES. R A KIEfMRIE 5,

o

(. N\
1) Cross-Modal Retrieval
Audio lmages & Videos Text
“A fire crackles while a pan of food is frying on
’)) the fire.”
“Fire is crackling then wind starts blowing."
Crackle of a Fire “Firewood crackles then music...”
;o ‘ “A baby is crying while a toddler is laughing.”
’)) . i . “A baby is laughing while an adult is laughing.™
Baby Cooing e & ) 3 2 ‘A baby laughs and something...
i : . N
S — J
/ . . . \
2) Embedding-Space Arithmetic
AJ® © OES
Waves

FA AR AT, B RAERA T
WHLHRELZE é@%ﬁ‘%%’(%l‘h\
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1 3545 k: BREMEE, AHFSNEREH
> 2016-5F, B35 5] &5 A Mobile First42 @Al First, )& &% & f Transformer. BERT. T5% & &y A s Al (£4)) ; 2023
F48, B5FFKGoogle Brainf=DeepMind4-# 4 Google DeepMind, 4 7 kIAl, 84 A J& & 4 Gemini.

Google£Al4R 3
& K B i 1] &% 2014 2017.06 2018.10 2019.10

. Google & # Google & 7 % 35 Google X 7 & T
D&
Googlek #sDeepMind Transformer, m 7 /5 4&FPr BERT (& K3.51C4 Transformer Decoder
A LLMAY K shAE 22 ), RTHATH #9T5, # ZABERT#=
DeepMind# £ RLHF& 77 £ 4% GTP#) T a5t %
%
2022.04 2022.01 2021.11 2021.10
Google & i PaLM (5400 Google & X LaMDA DeepMind & # Gopher Google X AFLAN, # &
1e %%, decoder-only) (13701 5% , #rH (28001 4-%) , AN decoder-only, #&#
P oAb B Y bk AR “&FmiR7 LLM X #%, Instruction Tuning
2022.09 2023.02 2023.04 2023.12 2024.02
DeepMind & # Google’® & & T C‘Boogle%ﬁﬂj’rfa"'riﬁfﬁ/l\ Google & Google & A
Sparrow/= ARLHF LaMDA#3 Bard ERMATIT RHT LT — Gemini Geminil.5
#=Retrival (Google Google Brainf=DeepMind %
Search) s Google DeepMind

i IR A FAtRR: CERABEBEARS, BHEFMA, 364F A, BTIERH LA
HHLMREXZEN LT AEKHS AT, B %
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2 KRETERA: PaLM2EAZEN, TERLNHRE LB RET

> PalM2PE et &, 3F MK 2% RAB L GPT-4, 2 FMTET a4 a8 & E: 2023F5/, HK A HPaLM2, T HA %44k
promptsk, B A 4MATH. GSM8KAMGSMA 145, PaLM 2893545 A4 T GPT-4, PaLM2&, 5wk R FegER | R g4z
Zh) CBERY MARAERFIREG LRRET (BEHEKRS) .

> ST PalM2es Nttt B EIEE TS A RIEABard# B4 2| 5% N84 “AFAH” +, HGmail. Google
Docs. Sheets’A % Slidest]i& 7 % #"Duet A" 7p 855 Bardif 4% # 4 2| 5348 R AL R &

B: PaLM2H# K44 A: PaLM 284 wafk R T 69422
PalLM 2 Technical Report PaLM 2 Models
Google*
Abstract
We introduce PaLM 2, a new state-of-the-art language model that has better multilingual and reasoning capabilities » £

and is more compute-efficient than its predecessor PaLM (Chowdhery et al., 2022). PaLM 2 is a Transformer-based
madel trained using a mixture of objectives similar to UL2 (Tay et al., 2023). Through extensive evaluations on English
and multilingual language, and reasoning tasks, we demonstrate that PaLM 2 has significantly improved quality on
downstream tasks across different model sizes, while simultaneously exhibiting faster and more efficient inference
compared to PaLM. This improved efficiency enables broader deployment while also allowing the model to respond . g
faster, for a more natural pace of interaction. PalLM 2 demonstrates robust reasoning capabilities exemplified by large GeCKo Otter Blson Unlcorn
improvements over PaLM on BIG-Bench and other reasoning tasks. PaLM 2 exhibits stable performance on a suite of
responsible Al evaluations, and enables inference-time control over toxicity without additional overhead or impact on
other capahilities. Overall, PalLM 2 achieves state-of-the-arl performance across a diverse set of tasks and capabilities.
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> 23 GoogleB ARERE, BA LA £k

3 SHABA. EHAAHGeminil5, IHBKETLEHD
> 202482 H, 59 KA & —XMOE % # A4 A Gemini 1.5, MoE_(Mixture of Experts)2 —# R &R dEZAFEA (EHK)
AAL B — AN T2 W 28 R e 8 AR Lz AR AR AL 2%, A BB R B) R AVHE K 18] 69 T 4K,

#—F ¥, AT Gemini 1.5 Pro¥ E FTXH 2 &%, HAEAAL > FiE475£100

éﬂ-ﬁi’ #Z‘U "gf l*\‘»g‘

> IFABRKYETLHED, 20475
77 A~Token, 1Z&A232k&9Gemini 1.0. 128k&#GPT-4 Turbo. 200k#&Claude 2.1, X &% #Gemini 1.5 Pros] A — XM K &1

B—— @IV AIN., 118959, A2 123000047 X AL 94X AL & 4% 13 7000004 3#75] .
B: Gemini 1.5 Pro5Gemini 1.0% 7] bk

=3

B: Gemini 1.5 EFXHF o KERI SN LREAR

Relative to 1.0 Ultra

Gemini 1.5 Pro Relative to 1.0 Pro
Long-Context Text,
. . from 32k up to 10M tokens from 32k up to 10M tokens
Video & Audio P P
_ Win-rate: 87.1% Win-rate: 54.8%
Core Capabilities
(27/31 benchmarks) (17/31 benchmarks)
Text Win-rate: 100% Win-rate: 77%
(13/13 benchmarks) (10/13 benchmarks)
Ta . 0 112 . 0,
Vision Win-rate: 77% Win-rate: 46%
(10/13 benchmarks) (6/13 benchmarks)
Audio Win-rate: 60% Win-rate: 20%
Claude 2.1 (3/5 benchmarks) (1/5 benchmarks)

Gemini 1.0 Pro GPT-4 Turbo

32K 128K 200K

TR KR TFTAFART, BALIERT LA
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4 RBBAEBREAR: Imagen 2T A RB A Z. LB AWNHEH

> 20235124, Google X m# ey B LA Imagen 2, AXBEFBEATEHAET LA BB IALZFTEINGHF LM, OiEEE
@ A0 FAARE, CABRARH BRI TR e th %o

> Imagen 2EA TH MBEARBKT o EOREFN, RisF A lEEGERA TR I 0E Y. BIRESFRAAGEEFZEELELITRTE,
1% B % =T AR T Imagen 2 4 s A8 B A& 69 37 B %5 sk, 1L X #F44h(inpainting)#= 4~ B (outpainting) 5 B 1% % 5 7 At
B: Imagen 2834 A AH B A e LARTRE D izt b K& B: Imagen 24 A& A F AR EIG

Style conditioning
Text + images to image

context images [1] mid-century [2] t-shirt
Imagen 2 sideboard
a studio product shot
of a [insert object]

prompt

[3] pillow [4] ceramic mug
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WA R IELZ G M R HRAINS 39



D 23 Google B AREFE, HA LAY Ak @EI:‘ciIE%

GUOYUAN SECURITIES

5 MAMAEREE: Genie &I FKEZ LMK E XK

> 202452HA 268, 23 %% Genie(Generative Interactive Environments), €2 —AN11012 45409 A sl R A Tl 3 ¥ K B g 4R
TART XL KXIFE, 25NN GenieA E Il ARG B2 4F, K KA AR VUE A R R 69 LAk ok 89
curriculum ¥ 3£ I %%, KGenies 2|69 % £ HAE T AEAL B E R A R X a93LE P,

> Genie® A= /KMt 1) #HAEHESA (Latent Action Model, LAM), A TR Atz B ey H Es)tka; 2) AR #H
(Tokenizer), M T K /RAEAIN M 4454 & Hctoken z; 3) S SRR, 42 B A 1EAd L hidgtoken, B & FNALIR 49 T — i,

B: GenieBRA )| %idA

Video tokens 2
Video -
tokenizer

Latent action
model

Latent actions @
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1 Al A EAnthropic

> Anthropic2 — KA 4]k 5], B OpenAla] #F 7 &) & 2,2 L & -7 ¥id(Dario Amodei). K& 3 EAGPT-3#& L) % —1EH %
% -7 B (Tom Brown)% A £2021F 4] =, 202352 A, 3k 1FGoogle#x# 31 % ., Google+Fix10%; 20234F3 A, XK A £
ChatGPT#y X5 5 & Claude; 2023%F7H, A #—NKClaude 2424 ; 202453/, A # Claude 38274,
B : Anthropic® ® &4~

ANTHROP\C Claude API Research Company News

Making Al systems
you can rely on

Anthropic is an Al safety and research company. We
build reliable, interpretable, and steerable Al systems.
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2 AR Claude 34 A MK EALF

> 202453H, Anthroplcﬁiﬁﬂi%ﬁé’a 25 AClaude 3, Z A7 a4 =44A: Claude 3 Haiku. Claude 3 Sonnetf=Claude 3
Opus. %, £ 7 ®52690pusie % RHK AN X F F 5 #4423 T GPT-442Gemini 1.0 Ultra, #£#(5. %4, &M, AT %

ANEEMZTHGITLEE, ZESTE, AP TREERLE, Bkik, IiSfdib LA GIELEHILEIE, LAID AT RS,
B: Claude 3& & MXay £ AL R

~

Claude 3 Claude 3 Claude 3 Gemini 1.0 Gemini 1.0

g : T T-3.
Opus Sonnet Haiku S-S ISR Ultra Pro

Undergraduate
level knowledge 855.8% 7?.0% 7_5.2% 8_6.4% 7_0.0% 8_3.7% 71.8%
MMLU Sshot 5-shot 5-shot 5-shot S-shot 5-shot 5-shot
™ 50.4% 40.4% 33.3% 35.7% 281% o _
Gi’é,—‘\ Dlasidrid 0-shot Col 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT
Grade school math 95.0% 92.3% 88.9% 92.0% 571% 94.4% 86.5%
GSMS8K 0O-shot CoT 0O-shot CoT 0O-shot CoT 5-shot CoT S-shot Majl@32 Majl@32
o - 60.1% 431% 38.9% 52.9% 341% 53.2% 32.6%
MATH O-shot CoT 0O-shot CoT O-shot CoT 4-shot 4-shot 4-shot 4-shot
Multilingual math 90.7% 83.5% 751% 74.5% - 79.0% 63.5%
MGSM 0O-shot 0O-shot O-shot 8-shot 8-shot 8-shot
Code 84.9% 73.0% 75.9% 67.0% 48.1% 74.4% 67.7%
HumankEval 0-shot O-shot 0O-shot 0O-shot 0O-shot 0-shot O-shot
Reasoning over text 8341 78.9 78.4 80.9 641 82.4 74
DROP, Fl score 3-shot 3-shot 3-shot 3-shot 3-shot Variable shots Variable shots
Mixed evaluations 86.8% 82.9% 73.7% 83.1% 66.6% 83.6% 75.0%
BIG-Bench-Hard 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot CoT 3-shot Co'l

J
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BH Hit k& 6 AR K, BRFRIERE AT EAE 48 5 5% 4]
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B EAE By HAT. FOURER, AR 4% A 09 E 5. ERT RIS RIER T F 0L 50—k
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