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BA&sE (B#at) v S mE (Us) v FEE
DA A BREZBNTVWEET D, dMVAREAT X Suppose we are given two coins A and B. Coin A is an undistorted
WRWIAA>THD, ‘OALDEEE1/2THDSEN DM coin, and we know that the probability of it turning up is 1/2.
TWd, U L. OA2BIFEATHD. E=5(1C. ENTDHE However, coin B is distorted, and furthermore, the probability of it
E(FDOM>TLWRW, SNSOO1 > ZEFEHAITSIC L turning up is not known. We cannot directly observe these coins,
TERV, 2DO0 > =ERFICHRF Tz & & ([CHIEROE but we can observe the number of tables that appear when two
EEAITDCLETE. COHEX LEFTBIRDE, X (& coins are tossed at the same time, and we denote this number by
01,2 DIE%® & D X DHERZTE), 20O > =B (CI&ITS X (i.e., X is a random variable that can take on the values 0, 1, and
FATE1A0EHEDR UIZE S, X DENENDECITT BH 2). 140 repeated trials of tossing two coins at the same time
WEE(E. RORDIDLEGFERELR DTz, yielded the number of occurrences for each value of X The

‘ %';

number of occurrences for each value of X is shown in the
following table.

A EEBEN AR Y — & XD AT gEIC
Google®HZR. Deepl7s &




o Stable Diffusion

https://stablediffusionweb.com/

JnyJk
(prompt): a monkey
eating a banana

JoyJbk:a
monkey eating a
banana in gogh
style

Z'0> 7 k: lllustration of a
beautiful girl in white dress
sitting by the window,
beautifull face, by Alphonse
Mucha,body tilted
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@ Stanford D KEBEIZAFETES
GRE (KkEKXZFDAFHER) LUBE
(KE#—EERAR) aETcaRa7

Jim Fan &
@DrJimFan

| don't give a damn about what is or isn't AGI. It doesn't matter.

Below is GPT-4's performance on many standardized exams: BAR, LSAT,
GRE, AP, etc.

The truth is, GPT-4 can apply to Stanford as a student now. Al's reasoning
ability is OFF THE CHARTS. Exponential growth is the scariest thing, isn't it!

https://twitter.com/DrJimFan/status/1635694095460102145

»

- Open Al (2023) GPT-4 Technical Report

Exam

GPT-4

GPT-4 (no vision)

GPT-3.5

Uniform Bar Exam (MBE+MEE+MPT)
LSAT
SAT Evidence-Based Reading & Writing
SAT Math
Graduate Record Examination (GRE) Quantitative
Graduate Record Examination (GRE) Verbal

298 /400 (~90th)
163 (~88th)
7107800 (~93rd)
700/ 800 (~89th)
163/ 170 (~80th)
169/ 170 (~99th)

298/ 400 (~90th)
161 (~83rd)
7107800 (~93rd)
690/ 800 (~89th)
157 /170 (~62nd)
165/ 170 (~96th)

2137400 (~10th)
149 (~40th)
670/ 800 (~87th)
590/ 800 (~70th)
1477 170 (~25th)
1547170 (~63rd)

Graduate Record Examination (GRE) Writing 4/ 6 (~54th) 4/6 (~54th) 4/ 6 (~54th)
USABO Semifinal Exam 2020 87/150 (99th - 100th) ~ 87/ 150 (99th - 100thy 43/ 150 (31st - 33rd)
USNCO Local Section Exam 2022 36/60 38760 24/60
Medical Knowledge Self-Assessment Program 75 % 75 % 53 %
Codeforces Rating 392 (below 5th) 392 (below 5th) 260 (below 5th)

AP Art History
AP Biology
AP Calculus BC
AP Chemistry

5 (86th - 100th)
5 (85th - 100th)
4 (43rd - 59th)
4 (71st - 88th)

5 (86th - 100th)
5 (85th - 100th)
4 (43rd - 59th)
4 (71st - 88th)

5 (86th - 100th)
4 (62nd - 85th)
1 (Oth - 7th)

2 (22nd - 46th)

AP English Language and Composition

AP English Literature and Composition

2 (14th - 44th)
2 (8th - 22nd)

2 (14th - 44th)
2 (8th - 22nd)

2 (14th - 44th)
2 (8th - 22nd)

https://cdn.openai.com/papers/gpt-4.pdf

e

AP Environmental Science
AP Macroeconomics
AP Microeconomics

AP Physics 2
AP Psychology
AP Statistics
AP US Government
AP US History
AP World History
AMC 10°
AMC 123
Introductory Sommelier (theory knowledge)

Certified Sommelier (theory knowledge)

Advanced Sommelier (theory knowledge)

5 (91st- 100th)

5 (84th - 100th)

5 (82nd - 100th)

4 (66th - 84th)

5 (83rd - 100th)

5 (85th - 100th)

5 (88th - 100th)

5 (89th - 100th)

4 (65th - 87th)
30 /150 (6th - 12th)
60/ 150 (45th - 66th)

5 (91st - 100th)

5 (84th - 100th)

4 (60th - 82nd)

4 (66th - 84th)

5 (83rd - 100th)

5 (85th - 100th)

5 (88th - 100th)

4 (74th - 89th)

4 (65th - 87th)
36/ 150 (10th - 19th)
48 /150 (19th - 40th)

5 (91st - 100th)
2 (33rd - 48th)
4 (60th - 82nd)
3 (30th - 66th)
5 (83rd - 100th)
3 (40th - 63rd)
4 (77th - 88th)
4 (74th - 89th)
4 (65th - 87th)
36/ 150 (10th - 19th)
30/ 150 (4th - 8th)

Leetcode (easy)
Leetcode (medium)

Leetcode (hard)

92 % 92 % 80 %
86 % 86 % 58 %
77 % 77 % 46 %
31741 31/41 12741
21/80 21/80 8/80
3/45 3/45 0745



https://twitter.com/DrJimFan/status/1635694095460102145
https://cdn.openai.com/papers/gpt-4.pdf
https://cdn.openai.com/papers/gpt-4.pdf
https://cdn.openai.com/papers/gpt-4.pdf
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o BERT
o Trasformer(Z>a—4—)ICKBHRIFEETIL
o GPT
o Transformer(Ta—4—)IZkBEFIFEBETIL
e BART
o Transformer(Tya—4——+FTO0—A—)zkBEFFEFETIL
B D ABCDE ABCDE
b4 RN REEE
Bidirectional Autoregressive C Bidirectional I:> Autoregressive)
Encoder Decoder - Encoder Decoder
frits FFfft R FFfff
A C _ E <ss>SABCD A_B _E <s>ABCD
[
£ BERT —— L——GPT BART

‘ M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad, A. Mohamed, O. Levy, V. Stoyanov, L. Zettlemoyer (2020)
o ¥ g BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and
- a Comprehension, Proc. ACL. 13



https://aclanthology.org/2020.acl-main.703.pdf
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https://aclanthology.org/2020.acl-main.703.pdf
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https://aclanthology.org/2020.acl-main.703.pdf
https://aclanthology.org/2020.acl-main.703.pdf
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https://aclanthology.org/2020.acl-main.703.pdf
https://aclanthology.org/2020.acl-main.703.pdf
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https://aclanthology.org/2020.acl-main.703.pdf
https://aclanthology.org/2020.acl-main.703.pdf
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o BERT-LARGE(3.4{&/XTA—%4, 33BEDXET—H)
o GPT-2 (15f8/%5A—%, 40GBDI#T— ’Sl)

o KEERSEEETI

e GPT-3 (1750/&/3oA—%, 570GBDill#ET—%), GPT-3.5,
InstructGP T, ChatGPT, GPT-4, Gemini, Claude

o LLaMA, Qwen, Gemma
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J. Kaplan, S. McCandlish, T. Henighan, T. B.

Brown, B. Chess, R. Child, S. Gray, A. Radford,

J. Wu, D. Amodei (2020) Scaling Laws for

Neural Language Models, Arxiv.

7
6 —— L=(D/5.4-103)° 5.6 —— L=(N/8.B- 10130076
3.9
18
8° 36
: 4.0
S
a 33 32
3
3.0
2.4
“o L= {Crinf2.3+10%)70.050
2 2.7
i0-¢ 107 1075 1073 10-! 1 108 10¢ 108 107 109
Compute Dataset Size Parameters

PF-days, non-embedding

KFEEBETIL

tokens

non-embedding

2024 optimal LLM highlights https://lifearchitect.ai/models-table/

GPT-4 Classic
176T MoE

e Nano @ XS

Gemini-Nano-11.8B Falcon 2 11B
Gemini Flash 8B Mixtral 8x7B

Mamba-2 2.7B ini
. Phi-3-mini 3.8B Mistral 7B

@ Small

Command-R 35B

Gemma 2 27B

Medlum
0wen2 570B
Llama 3 70B
Luminous Supreme

_‘”(‘)Iyrripus
2T (2024H2)

ii:{0]: 38 Large

Command R+ 104B
Qwen-1.5 110B
Titan 200B

300B

Grok 2 314B
Inflection-2.5
Llama 3.1405B

18


https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://lifearchitect.ai/models-table/
https://lifearchitect.ai/models-table/
https://lifearchitect.ai/models-table/

Fe 2= By A
GPT-3 1,75018 202046A
LaMDA Google 1,37018 2021458
PaLM Google 5,400{% 2022%4H
OPT-175B Meta 1,75018 202246 H
LLaMA Meta 65018 202342H
GPT-4 OpenAl #1.8%()DIE 2023438
Claude2 Anthropic 1,300{ED 1 2023%7H
LLaMA?2 Meta 701&, 13018, 700{& 2023%7AH
Qwen Alibaba 7018 202348H
Mistral Mistral Al 70{& 202349H
Gemini1.0 Google #41.65k0)DIE 20235128
Gemma Google 2018, 7018 2024%2R
Claude30Opus  Anthropic H2dk@)DrE 2024434
Qwen2 Alibaba 72018 2024%6H8
LLaMA3.1 Meta 801&, 7001&,4000{8& 2024478

19



FEREFH —

HyperCLOVA LINE 82018 2022%1H
OpenCALM CyberAgent 70{& 202345H
GPT-NeoX Rinna 3618 20234&F5A
Japanese Stable LM Alpha Stability. Al 70{&Z 2023%8A
Weblab-10B K 1001& 202348H
Japanese-large-lm LINE 362 20234%8AH
LLM-jp LLM-jp 130f% 20234108
Swallow BRI K, EHH 70{&%, 1301/&%, 700{& 2023%12H
Nekomata rinna 7018, 1401& 20234F12H
ELYZA-Japanese-Llama-2-7b ELYZA 13018 20234F12H
Sarashinat, 2 SB Intuitions 70{&, 13018, 65018 202446 H
CyberAgentLM3 CyberAgent 22518 2024%7H
LLM-jp-3 LLM-jp 172018 2024498

- PlaMo-100B-Pretrained Preferred Elements 100018 2024410H20
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https://speakerdeck.com/tsubasashi/vision-language-modeltowan-quan-zi-dong-yun-zhuan-ainozui-xin-dong-xiang?slide=54
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