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BT E WA B FE ARG ATIF W R IR 4)— 35, 75 F ke —H [ 5,
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B%12: ArVix ER

i 5 @ o dstrbution sarvics and an open-access archiva for 235 47 scholarly
hes »I’-l.eu‘llns«:s Mathemaics, Compuler science, quinilaive biokogy,

Sp—
gt Fndwﬂms i

Subiie] search and rowse:
Fhytes . Saach | Form babetacn

Heows

Pl o0 rocant s and updelis on 500V b (Vi 1 R "’ o pges
rees)

and economice.

Catctep

ysice; Earlh and Planwiary Astruphysics; High Energy Astroptrrsecal Phetorsens; insrurmestiation and

B%13: AEEFXELAMEIRE R

m National Institutes of Health i
Turing Diszauery frto Hesith WiEngopednae  Slllieary | B igpuld

News & Bents Research & Tral nstitutes at NIH About NIH

MMWMM

The Natioral Cancer an will be used to
engage al of society 1o end cancer 25

we know it

¥ p-ax N J
26 - Lattics (hep-iat hew, tecent, seareh |

M ok and Nanoscale Physics; Other Cordersed Warter, Quantum Gases; Soft Condensed Matier.

WA KRR AriVix, R

WA RR: EEERLAFRIZERN, £EFR

¥ AEEH4: WebText (k B Reddit &&4%)

Reddit ## R £ KT HEN R AFR. Reddit £ — A2 R, AR AAH A M, ZHA P T LA
KL FREELERSE LR, RECRHAT —ACFHER AR %. WebText 2 —A KA #3%
%, CHHIERMREIEARTS Reddit AT A b4t M & P RRRG, A AKEZ VA=A
%, RETRITAEG R @R, st kARG 8 LR HIB LA 3% F14E R,

Reddit & # ik B384 A % . 2023 4 4 A, Reddit = m1& AL APl 91 % Al 3P RALE
ABN DR B IEAE R F, RO ME. 53, OpenAl %, BT EAICF RS AN
o, ABTRARIETREERAEZ RSB SR F AL, F5030L2EIRIKIEGIMEL,
4o B K 48 IR % Shutterstock €4 B 1% 4 4% & 25 OpenAl, H4¢+ X 4H 3t AP 4E K
LT ELT T EARFOHR A

£ F

] 18 5E AR TIPS

PRI G A)—3 %, 77 H b —AL ke 1



B %14: WebText 87 50 A5,
#HLE B #®E (FFA) & Tokens (&%)

1 Google 1.54 3.4% 514
2 Archive 0.60 1.3% 199
3 Blogspot 0.46 1.0% 152
4 GitHub 0.41 0.9% 138
5 The NY Times 0.33 0.7% 111
6 WordPress 0.32 0.7% 107
7 WashingtonPost 0.32 0.7% 105
8 Wikia 0.31 0.7% 104
9 BBC 0.31 0.7% 104
10 TheGuardian 0.25 0.5% 82
11 eBay 0.21 0.5% 70
12 Pastebin 0.21 0.5% 70
13 CNN 0.20 0.4% 66
14 Yahoo 0.20 0.4% 65
15 HuffingtonPost 0.19 0.4% 62
16 Go 0.19 0.4% 62
17 Reuters 0.18 0.4% 61
18 IMDb 0.18 0.4% 61
19 Goo 0.16 0.4% 54
20 NIH 0.14 0.3% 47
21 CBC 0.14 0.3% 45
22 Apple 0.13 0.3% 43
23 Medium 0.13 0.3% 42
24 DailyMail 0.12 0.3% 40
25 SteamPowered 0.11 0.2% 36
26 Independent 0.11 0.2% 35
27 Etsy 0.11 0.2% 35
28 Craigslist 0.10 0.2% 33
29 Businessinsider 0.09 0.2% 31
30 Telegraph 0.09 0.2% 31
31 Wizards 0.09 0.2% 30
32 USAtoday 0.08 0.2% 28
33 TheHill 0.08 0.2% 27
34 NHL 0.08 0.2% 27
35 FoxNews 0.08 0.2% 26
36 HE 0.08 0.2% 26
37 Bloomberg 0.08 0.2% 26
38 NPR 0.08 0.2% 26
39 MLB 0.08 0.2% 26
40 LA Times 0.08 0.2% 26
41 Megalodon 0.08 0.2% 25
42 ESPN 0.07 0.2% 24
43 KickStarter 0.07 0.2% 24
44 BreitBart 0.07 0.2% 24
45 ABC 0.07 0.2% 23
46 NewEgg 0.07 0.2% 23
47 WWE 0.07 0.1% 22
48 MyAnimeList 0.07 0.1% 22
49 Microsoft 0.07 0.1% 22

Buzzfeed 0.06 0.1% 22

9.3 20.7%

: Alan D. Thompson “What's in My Al” 2023, % %4
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Al sl

H#IEEHS5: Common crawl/C4

Common crawl & 2008 4 Z 48— AN F sk ey XK B K HE L, Common Crawl £ — K3k
BAWE, R TFTALBFERFARAR . NEFMALFRELZIKR K, ATHARLA0H0,
CHRBEOSRAER A . LR FEA L RRIR, LAEA 40 5 FiE S A RR AU £ EFR
FIE—MHAARRIE kR ITIEMR (CA) RHIESE.

B%15: C4#f 23AME8.% (RasELFH)

1 Google Patents 750 0.48%
2 The NY Times 100 0.06%
3 Los AngelesTimes 90 0.06%
4 The Guardian 90 0.06%
5 PLoS 90 0.06%
6 Forbes 80 0.05%
7 HuffingtonPost 75 0.05%
8 Patents.com 71 0.05%
9 Scribd 70 0.04%
10 Washington Post 65 0.04%
11 The Motley Fool 61 0.04%
12 IPFS 60 0.04%
13 Frontiers Media 60 0.04%
14 Business Insider 60 0.04%
15 Chicago Tribune 59 0.04%
16 Booking.com 58 0.04%
17 The Atlantic 57 0.04%
18 Springer Link 56 0.04%
19 Al Jazeera 55 0.04%
20 Kickstarter 54 0.03%
21 FindLaw Caselaw 53 0.03%
22 NCBI 53 0.03%
23 NPR 52 0.03%
Bt 2219 1.42%

## &% : Alan D. Thompson “What’s in My Al” 2023, % % #F 50

S FUE T

The Pile % 4% : —4> 825.18 GB 69 3% & L A B &, A T4 KAEEFHEA . The Pile
B LR 249 ArXiv. WebText. Wikipedia ¥ £ 149 22 N1 R 493 R 3B E R, 0L
CLRESTHARBTREFBERIANFIAGHKEE, BT NGB BZHEAN, The
Pile i£ T AE A& T A B AR smitfe 2 LR A0 T 2 B 2L,

B£16: HAKRT RS The Pile ZARHARE

Composition of the Pile by Category

= Academic = Internet = Prose = Dialogue = Misc

Bibliotik
EHE fig=d

PubMed Central
StackExchange
| Pnaa, Github I
1 OpenWebTaxt2

wikpess Jommen | |

##t%& % : Leo Gao et al. “The Pile: An 800GB Dataset of Diverse Text for Language Modeling” 2020, # &%

NIH

£

A

O
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HAHAEEC ST GitHub KA 4EHE . StackExchange 5 ti64035A4L30 F 44 E

B£17: FAAb% L NLP %3EE
REE SR RBEX A
R 5 48 Github KAV TR E, % F AR R 45 S B A Bl BERT. GPT ZJLFRAAR, %KD H Y A
X35 5 AL AL 69 38 4% 4 3 A8 A A LK A9 A B
—AKA R HHARE, P 0.4k A GitHub L&y 7R B 49 B Go. Java. JavaScript. PHP. Python #= Ruby %
CodeSearchNet
B iyt X L AS
StaQC R b HEF KM HEE, KA H 148K Python A= 120K SQL % 19 A K 2 3+ , & 41 2 4%
A Bi-View Hierarchical Neural Network A Stack Overflow ' & 424 th k& 49
CodeExp EFas (1) 23 8k K a7 R4EKRE-docstring 3, (2) —/MAM 158,000 xt 694 KM 4% Bl 57 5] 49 it I8 % Y
JRdbiEA B, AR () BA A AR 13,000 3495 K iz
ETH Py150 Open & B GitHub #9 740 75 A~ Python 34469 K AL £ T 54 &
CEHAEE StackExchange StackOverflow #9424, & &7 RIR T o+ Hhuay &40 &4 TR B AR AY & 2 9] &

e by BT AT 19 AL A B 509 E U A . Body AKARAT AR &) F, ATV T 100 A8 F 49 A P AR AR IR . R

Federated Stack Overflow — ##i 44 Fit47: DELA, 3 HTML 534748 L, MikdE ASCI %5, EIke94R 5454 A LR FRiT
(W5 Ao F RN, k%S4 Ea, AMRIRICEB URLS

—/~d) QUASAR-S 4= QUASAR-T Ak 89 K AL HAEE ., XU HBBE T E—ANHGALETIFHEAERA
QUASAR KRBT EH, KELREHEFNEHEFRIRPIEE LN F %, £4kk3, QUASAR-S &4 37,012 M=

A, X kR R R AR SRR A AR AT 69 M sk Stack Overflow dc 4 &9

KA GIF & 5 448 % 0.4 1,562,701 & Twitter L6 A% LA - GIF 33, £ &xfiEF, #A 7T 115,586 4

HRAFAY GIF, THIEEIE OCR RIA LA, W EFGRE 3 L 44, TR TRHAEEFH—& GIF

AIRF A AR ) wAl§ B Caption £ —AN KM SHEEFRIAHEE, 05 261,490 NF H#hikf» 108,965 MEALIA A K o

TVC (TV show Captions) i ) s .

TVC R — A =4y, BHEEFRAAT AFhE 35/ 5%, m AR E P oY F R AR AR

AR : Hugo Touvron et al. “LLaMA: Open and Efficient Foundation Language Models” 2023, OpenDatalab, # # #f %

GIF Reply Dataset

R Z BH#H2: BT ESREHER

BERFWH—FHEAAH KX, SREAFLEANRFEAMNALOEEN KX, LEIL,
B, M. FMF. ZRESABATZTEZEERGMN L L ROKBERTAING, T
FHFT, FEERBEBRARERHEEH SR P4, 2022 <F Stability Al & 7 49 Stable
Diffusion #¢ 4% & 6.4 58.4 ¢ B L3t/ 1%, £ 2021 4 OpenAl X 7 #) DALL-E %4 % 9 23

(7
= o

H%18: SBAEABRBREENB

RAEE R AHHE (B) ML (M_Ex/EE) 8L LA

OpenAl DALL-E 2021.1 [ 12 250 Conceptual Captions. YFCC100M. Wikipedia
Meta Make-a-scene 2022.3 . 435 -

23k, Hugging Face DALL-E mini 2022.4 0.4 15 -

OpenAl DALL-E 2 2022.4 1 6.5 650 AVA

5% Imagen 2022.5 [ 7.6 860 M 334, LAION-400M

PEe Parti 2022.¢ I 20 4800 MS-COCO. LAION-400M. FIT400M. JFT-4B
Stability Al Stable Diffusion 2022.8 na 5840 LAION-5B

e PaLM-E 2023.3 I 562 na Language-Table

w4t &k : Aditya Ramesh et al. “Zero-Shot Text-to-Image Generation” 2021, Oran Gafni et al. “Make-A-Scene: Scene-Based Text-to-Image Generation with Human
Priors” 2022, Aditya Ramesh “Hierarchical Text-Conditional Image Generation with CLIP Latents” 2022, Chitwan Saharia et al. “Photorealistic Text-to-Image Diffusion
Models with Deep Language Understanding” 2022, Jiahui Yu et al. “Scaling Autoregressive Models for Content-Rich Text-to-lmage Generation” 2022, Jay
Alammar "The lllustrated Stable Diffusion” 2022, Danny Driess et al. “PaLM-E: An Embodied Multimodal Language Model” 2023, 4 4 4F 5%

EH#1: EHF+LEK

SEMAINE ¥ #&£: 21 T — N KANIT K8 E, 1FRHZHEA MU S (SAL) KA g%k
RI7 ke —3H5, ZRETIMEASLSHE, HadietiE, SRENRTHELESHS
PE. HMEZGIAG AR T TG E R RRE, FTFEA 150 M 5%, E4EH 959
MNE$A SAL A Ebgatis, HANMIERYGFL 5 540, BIK SAL K F#M S FAo) 228
HANT 4 6-8 NP8 37 5 AMNFRY B A= 27 M X £,

BT Y Fo B 5E AR PHTIT R VR IR G4 —3 %, 18 A — A2 I 7%, 14



B #19: SEMAINE—/wWA SAL &%

F Atk R : Gary McKeown et al. “The SEMAINE Database: Annotated Multimodal Records of Emotionally Colored Conversations
between a Person and a Limited Agent” 2011, 4 % #F %

AH#H2: BB+ E

COCO # 4% : MS COCO #y4£# £ Microsoft Common Objects in Context, A& T # 4k
T 2014 S & #4772 49 Microsoft COCO #4%%, 5 ImageNet 5 5% —#, #AA 2+ F A
ALACAB R T KR EF AR L FEZ —. COCO H#MBER—ANAKAG., FF a4 ken,
EFeFRAAEE, BB 1E 91 £ B4R, 328,000 7k B 1%4= 2,500,000 4™ label.

Conceptual Captions # %% : B2 28 H4EE, £+ a4 a9RIZIL MS-COCO 4 1%
5 ANKER, FRET L7 2B B BBEFARME, @TAETCANR T PRI
TR BEATA R R FE AL — B

ImageNet #4&%: # = & WordNet £ 4) T £ &) K AE B A4k, ImageNet #9 B 772
A -F# 5,001,000 7K T % 44 4 2 #% % B 4231 £ WordNet #9 80,000 /™ F 3L & F 49 X % 4L,
X & $F 7 A d WordNet & LB R M09 28 B2 . ImageNet 89 S ATk & 12
AT, 5247 AR LSk, B3k 320 77 KR

LAION-400M #3484 : LAION-400M i@ it CommonCrawl #25 d [ ALIEL 2014-2021
MR FER . LAARNKE. @it OpenAl 4 Clip i3, £% T REKEE T LAFE R
PNZ A FAEARMEALT 0.3 89N B AR, RET 410055 69 BAL L AT HE AR,

LAION-5B ##& % : 3% 58.5 1¢/> CLIP L% &y B {%- AT 89 448 %, b LAION-400M
K144, RERH KM, SHEGTABBKIESE, & 80T £, HARET EWEAR
ik, KRFER LK, moFERA . XFEAFTREARE, BIR T @,

£

T2 WA G AR HTIF I W IR —3 5, 75 F ok —H [ 5Es 15



B %20: LAION-400M # & “HIReha” Fh LR 7 B#£&21: LAION-5B ¥ % “(EHM” FHALRTH
- ’ L
fluBEf PR .
TEE=a- WAl ]
LU L "r""r e e e ] ' . ’ D Damend »..::-‘
it i - e i 32 B aval ‘
— e
o 1 & p < P
' '(n A ‘e e i
".".‘l“;* Rzih runeE o |

xHRRZERET Meul P

i 4t %k J& : Christoph Schuhmann et al “LAION-400M: Open Dataset of FAH KR : LAION-5B ‘& M, & K475
CLIP-Filtered 400 Million Image-Text Pairs” 2021, 4 & # %

Language Table ## % : Language-Table 2 —& A XM G KR, ZF2ALMALE
NFE A SIS E SR AR,

IAPRTC-12 %42 £: IAPRTC-12 AW AR E SO IEMER S IIEN 2 FRkFES AR
By, 468435 aRBILOHERTD., XOERREHNNENRBR, Ath. 3. R

A A S RAEFGHF S AT @ORA, THERTUES 2 T F&RE. HKE /A
RARS AR ES (&, BiERGHIETE) 69 L AFE,

AVA ¥ 4E%: AVA REFRZFHOHRIEE, O 25 THKRB R, KB HAKH—F7]
i, ESLAAE 60 EARE A 14 £ BB K KAk,

OpenViDial #4E&: S AN KN, HiEHFETREZHMF2ERREZ LR AETHAR T
f+ 2. OpenViDal —/A~ A Tk B 6969 KA ZAE St i 3B F o X 22t 35 B A Ao AL 30 IR AR
AR FFe @ ALB] T RIE KA, P HATE =S E K A AR S AL IR AR R AL, ﬁ‘)i
A1 ae 110 FAMER S AR A4 EBRS P 110 T AT ETFTL. mA2 2XF%,
&, 560 77 AN 35 B A VAR Ak 2 AR P 69 560 7 ANLE £ Lo

B %22: OpenViDial——®& A R4ast5 F 6941 3R

What's going on? Moving into the attic.

WA KR GitHub, &A%

X B#3: MIR+BF+LKR

YFCC100 ##&% : YFCC100M & — /&4 L AR £ 69448 E, P K49 9920 77 Z 14
K, 80 AN, FTA K HEH QMEL FIFT. RIBE PR AR LR TH
&, Blde Flickr A7RR54 . A F Gk, bl A8, ., ®I2{zE | #4KR. A 2004
4 Flickr & = 2] 2014 541, X2 R Foill ML e Tk ta 8k, Bk fp T4y, INE LSRG
T—Aedmayki,

BT Y Fo B 5E AR PHTIT R VR IR G4 —3 %, 18 A — A2 I 7%, 16
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H#23: YFCCLOOM H#E£ ¥ 100 F KRB AHF AN LREZE

\_/L}.
¢ L'.w s
R ) seggemees
Areres
At SRR
RIS R0y

FHFR R : Bart Thomee et al. “YFCC100M: The New Data in Multimedia Research” 2016, 4& #& #F %

EA#4: BE+HEEFT+LAR

CH-SIMS ##%: CH-SIMS R ¥ L Z A f S A F RO HIEE, @4 2,281 MHmiLey o4
MA B, BRASHEEERS, LARIEESERE, CAHFRARFAREEZ A6 IER, RiER
M 09 MR BT AR

B%24: CH-SIMS 5t tb3 48 % 2 18245 £ R 6574

sy

X K B M X 3 T oM
It is too unexpected

%%%F

o

M: Negative M: Negative
T : Positive
A: W
V : Negative
(Others) (Ours)

##F& % : Wenmeng Yu et al. “CH-SIMS: A Chinese Multimodal Sentiment Analysis Dataset with Fine-grained Annotations of
Modality” 2020, 4 %47 5

EA#H5: ARMHEF+L A

IEMOCAP #4825 : /o il K 32955 047 5 AR 52 36 F (SAIL) IR 69 — #3754 &, & A4
B XA EIEE” IEMOCAP). Z# 4B EILFE T 10 42 R A, K3FfF
LW N adE, RBARICRE TRMNAER KF O K 2 ERD TP @I EF AT A1
iz, B RS KA 12 DR, Fm A EHRE L, RAATHEHR AR
B AR RAE B by KO IME T A E A B A AL R P LA AR R MBI AN R, A T KA
BEBSFG A ZN ALK,

MELD # 4% : MELD dk 7 (= Ait) wALE| 1,433 A~2ti6 7+ 49 13,708 A~ i&i5. MELD
HTF At X 4R 5% E SEMAINE #= IEMOCAP, B A ¢ d % ratiEdm, H#H
MELD ¥ #5582 /LT A X AAHIEE G FIE. MELD P oEERSELN, OFETR
Fat GRS RIARK LK,

BT Y Fo B 5E AR PHTIT R VR IR G4 —3 %, 18 A — A2 I 7%, 17



B £25: |IEMOCAP—74 8 AN K4 VICON Z s HR A 4 B £26: MELD R#ER—3F# Fhext E i EARS Ttk
[ surprse | ' Newtral| [ Noutra | ITngT
(Posiivo)| Neutral {eutral egative)

........................ s.:m?a-"%;i“;” - m“w

Dialogue

Can we go? m‘:ﬂdmy::;‘"_" fmsoy. |
Emotion [ Joy Neutral | surprise Sadness
(Sentiment) | Positive) (Neutral) | Negative) (Negative)

FHk R : Carlos Busso et al. lIEMOCAP: interactive emotional dyadic motion # A4tk & : Soujanya Poria et al. “MELD: A Multimodal Multi-Party Dataset for
capture database. Lang Resources & Evaluation” 2008, % &4 % Emotion Recognition in Conversations” 2018, % & #F 5

R Z B#3: B TR KBERBRERTH RA

BT EFRABRBEKBEAA T LELA:

1) FEBAARFTRAL: FHBEELFEEL SR X4 Project Gutenberg # £ 2018
€0k 5% 57,000 3k 45 45, P35 B #73% 50 . Common Crawl L F % 5 % % 0 2 4
REASEFHBE, —BENA TR —KRINI, LA FRTTH AT 2017
. 2018 4= 2019 F A A T A T 4 K | #1469 TriviaQA. QUAC. Quoref. Eleuther Al
KA T 825GB % H X AL The Pile. LAION 2021 SF K A 614 4 1L B L3t 4
LAION-400M # 45 %, 2022 4F & A &4 58.5 /0 B L3t 49 LAION-5B %048 %

2) FARR: PlmB L RFhkEEIFEHES AR T BookCorpus;

3) EHEMEKMRAIT: Hl4e Google Research A A T C4 L A#EE. AVA #=
Conceptual Captions % % B2 # 48 %& 5 ;

4)  BURMM: B A —RT LOKBEERAN T, BFLEXTEFPEFF T @
A, £EE R LAEHRIE KA MedQUAD 36K 12 A~ NIH R b 4] 12 49 47,457 A~
& 5 o) Bt

5) ZMHEAMMEE: LARFRARELERE KRR, FRALKZI GG S, )
4 Facebook. &3 k5% [24= DeepMind B & X % 7 ArxivPaper 48 %& . F R 24s
& K % . A % #F 5% 2 4= International Computer Science Institute & X % T
YFCC100M.

BAVAA B RBEEEHNA RS AEHRELEFET: 1) ARG T RIFERAS; 2)
FHRERLEPE, BROTRMRE; 3) FAR, ZHEMELFRLIA., FEAFTAERL
FEtE TR T AAKBE, REBL 43 AT RAR.

TP W Fr b B AR HTITZ W R IR 19— %, 38 F e —AZ [ 5k 18



BA27: FRXBRERBEE LA S EE
£ 3l 2 AR HERR RA Ty
KiETHRAKEE  gATAH Identifying Machine-Paraphrased #: A4tk &4 EERABERKFE, HRIEZERKF
Plagiarism
Benchmark for Neural Paraphrase # ik aa A RASRKF
Detection
Quoref gAREHREEL LAANTIAFRAT AT, EBRMKF
QUAC (Question Answering in Context) - LA, EERKFE., MERRFE, B
U SR P
TriviaQA e kR R e n LEMKFE, XMATRRITTH
WikiQA gAREHREEL BT R
4 BookCorpus Smashwords EZCE SN ¥ ) i;"ili"ﬁ‘i?
Project Gutenberg THELFHELLL FHEIFBELSL
] ArxivPapers arXiv Facebook. ## k% %<, DeepMind
MedQuUAD (EERILAHFRTIE (EERILAHFRTIE
Pubmed PubMed LSS
PubMed Paper Reading Dataset PubMed FARBFRFRCHTEIR, BBEERE. £HH
BIFMRE, LFFRARFHD LR, LA KF
PubMed RCT (PubMed 200k RCT) PubMed Adobe Research, A4 2 LH[%
MedHop PubMed e KF S %, Bloomsbury Al
unarXive arXiv Karlsruhe Institute of Technology
arXiv Summarization Dataset arXiv Georgetown University. Adobe Research
SCICAP arXiv RYHERIMNZKF
Reddit 423 OpenWebText Reddit 4 &4 K ¥, Facebook Al Research
Commom Crawl C4 (Colossal Clean Crawled Corpus) Common Crawl Google Research
Common Crawl Common Crawl FEERREEL AR, RIKRFE
Be The Pile - EleutherAl
SEAKEE Conceptual Captions RES Google Research
YFCC100M Flickr FAAME RFE. MRS K . International
Computer Science Institute
AVA - Google Research
LAION-400M Common Crawl FRZ I KF. EleutherAl. LAION
COCO fhak [ &3
LAION-5B Common Crawl LAION
Language-Table - -
74tk : OpenDataLab, CSDN, % &%
B EIET KA BRRERFRL, SRMBH 2L R AR KR
%ﬁé 55 M RHET 2026 FAEK . KA A4F 0938 Kk LB TAKT HABE AL GG K E,
IR LA YRS T R, HBERLK G THELRRIELE K, AESHE @, &
THRBOREAITR, ZHERAPFARNEEREBERZEERTHE, AFHLFIEL
89955 A, & M2 HAB 5 b A9 AL M RE 24F . AR AECWill we run out of data? An analysis
of the limits of scaling datasets in Machine Learning) M, &3 #4&4% F 2030 2040
FR, LRI RIS R B 5 T RIS T 2026 AR, JLIN, AL IR T
2030~2060 F#£ %,
T W Fo T XRPATIPZ W] R IR 8T —F 5, 15 Fale—HE i 7%, 19



A= ¢

B £28: KAEETHEEKERET 2030 F4#£L B£29: HRAEETHEEIRERGT 2026 F45
104y 1 —_ Exuapol.al.iun based on c:lzvmpute
| —— Extrapoclation based on compute
—— Extrapolation from trend e Exlrapontion fwr;'n trend
1oty Stock of data (90% Cl) Stock of data (90% CI)
| - Stock of data (median) & - o)t o T Stock 0{ d?tef tr_nE_dnan)
o 107 2 '
g i g
= 1 ! vy
B 10104 - i Tt 5
S H g 1019
B 1 ua .........
g 10t g e
E E
E] 2
= 10!
10t = edian date Median date
i Median date dpta is exhausted data is exhausted
exhausterdfdata is exhausted {compute extr.) {trend|extr.)
1012 I extr.) I _Lf_m'rupul‘ﬁ-rexrr.)_

2025 2030 2040 2045 2050

2024 2025 2026

ear

2022 2023

Atk % : Pablo Villalobos et al. “Will we run out of data? An analysis of the
limits of scaling datasets in Machine Learning” 2022, % &%

# Atk & : Pablo Villalobos et al. “Will we run out of data? An analysis of the
limits of scaling datasets in Machine Learning” 2022, # &%

B %30: EBHEAESH 8.11e” ~2.3e" B&31: BGEMERMIELY RHET 2030~2060 FAE5
T 104 ;
— Aggregated model i —— Extrapolation based on compute
1014 | | 1 —— Extrapolation from trend
] 101 | Stock of data (90% CI)
------- Stock of data (median)

) E
8 g
= on
=] (=]
E E
4 1024 e
o @
= £

=
g =

Median date iMediah date
1077 +—— data is exhausted idata it exhausted
| 109 L | (compute extr) i _iltrend extr) |
5020 S030 2040 050 2060 Sa70 S080 2025 2030 2035 2040 2045 2050 2055 2060
Year vear

##4+& % : Pablo Villalobos et al. “Will we run out of data? An analysis of the
limits of scaling datasets in Machine Learning” 2022, % #&#f 5%

# A4tk & : Pablo Villalobos et al. “Will we run out of data? An analysis of the
limits of scaling datasets in Machine Learning” 2022, # &4 %

H BB IE R RANR R BAB R . S AERIT LA R I A& by A R 1E 8,
TABNKEEHE. CTTUARATERERENL, AL EFHEORL, RILBFERERH
2, URGEREIBERERLEGRA, OpenAl £ GPT-4 (9B KL F Z 522 T A mHt
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For closed-domain hallucinations, we are able to[1 1se GPT-4 itself to generate synthetic datal
Specifically, we design a multi-step process to generate comparison data:

1. Pass a prompt through GPT-4 model and get a response

2. Pass prompt 4 response through GPT-4 with an instruction to list all hallucinations

(a) If no hallucinations are found, continue

3. Pass prompt + response + hallucinations through GPT-4 with an instruction to rewrite the
response without hallucinations

4. Pass prompt + new response throungh GPT-4 with an instruction to list all hallucinations

(a) If none are found, keep (original response, new response) comparison pair

(b) Otherwise, repeat up to 5x

KAk K : OpenAl “GPT-4 Technical Report” 2023, 4 # #F %
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