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1986:Naturefixx: NN Y.LeCun
IR #
Rumelhart, Hinton,
Williams

Convolution Neural Networks for  Google Brain Project on
Handwritten Recognition 16k Cores

1958 Perceptron 1974 Backpropagation 1998 2012
F. Rosenblatt P. Werbos M
| L.Faifei

%“ 1;ﬂ: 1— Dj“_ ] awkwardsilence (Al Winter) %— 3 ;ﬂ: 1— Dj“_ IN

1969 B2iR=1—07 A 1995 2006 2012
Perceptron criticized SVMreigns  Restricted  AlexNet wins
L Boltzm_ann ImageNet ,
) )— apgfomm,  Machine -y CENET
Wi BT e — R TILR A SERE 14007 IR, 275
(by M. Minsky: AID A V. Vapnik %7%75@_ %/ﬁ\ <

20094, DN NHSFEEBMICHVWTHERD
state-of-the-artFED4EEZEBA: !
https://www.slideshare.net/LuMa921/deep-
learning-a-visual-introduction Z fR & i



https://www.slideshare.net/LuMa921/deep-learning-a-visual-introduction
https://www.slideshare.net/LuMa921/deep-learning-a-visual-introduction

20152 BICIZANREIDFEEERBAT: | Bion smomreBroccl

Before
F4—F { Imagenet 2011 winner (not CNN) 25.7%
S—=2
Imagenet 2012 winner _ 16.4%
(Krizhesvky et al.)
. 11.7%
Imagenet 2013 winner (zeiler/Clarifai
Imagenet 2014 winner 6.7%
(GoogleNet)
After Baidu Arxiv paper:2015/1/3 6.0%
T4—7 T
=27 Human: Andrej Karpathy 5.1%
Microsoft Research Arxiv paper: 2015/2/6 4.9%
Google Arxiv paper: 2015/3/2 4.8%

Microsoft Research CVPR paper: 2015/12/10 3.6%



SSD: Single Shot Multi-Box Detector
Liu et al., 2015
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SegNet ; 2015

~ Convolutional Encoder-Decoder

Pooling Indices

RGB Image

B Pooling [l Upsampling Softmax

I Conv + Batch Normalisation + RelU Segmentation

Output

Badrinarayanan et al., arXiv. Preprint arXiv: 1

Ei{%5—45 B CNN B) ERZES0FH 4? EEZ=0N

nﬂ%:jfiﬂ_lj I 3LICCNN

511.0051, 2015.
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ESZ1E (image inpainting)

Tizuka+, Globally and Locally Consistent Image Completion, SIGGRAPH2017
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Visual Question Answering

Q: What is reflected Q: What room is this?
in the mirror? A: Bathroom

A: Cat

Q: What is the bird Q: Are these flowers real?
standing on? A: Yes
A: Branch



“Artificial intelligence is now one of the fastest-growing areas in all
of science and one of the most talked-about topics in society,” said
ACM President Cherri M. Pancake. “The growth of and interest in Al
is due, in no small part, to the recent advances in deep learning for
which Bengio, Hinton and LeCun laid the foundation. These
technologies are used by billions of people. Anyone who has a
smartphone 1n their pocket can tangibly experience advances in
natural language processing and computer vision that were not
possible just 10 years ago. In addition to the products we use every
day, new advances 1n deep learning have given scientists powerful
new tools—in areas ranging from medicine, to astronomy, to

it e materials science.”

"Deep neural networks are responsible for some of the greatest
advances in modern cmnputer-science, helping make substantial
progress on long-standing problems 1 computer vision, speech
recognition, and natural language understanding,” said Jeff Dean,
Google Senior Fellow and SVP, Google AL “At the heart of this
progress are fundamental techniques developed starting more than
30 years ago by this year's Turing Award winners, Yoshua Bengio,
Geoffrey Hinton, and Yann LeCun. By dramatically improving the
ability of computers to make sense of the world, deep neural
networks are changing not just the field of computing, but nearly
every field of science and human endeavor."

20
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THANERK ChatGPT
E{54ERk Dell-E3, Stable Diffusion
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HADEEZRGHERT GPT-40 S48 |

Evaluating GPT-4 and ChatGPT
on Japanese Medical Licensing Examinations

Jungo Kasai*

Yutaro Yamada®

Yuhei Kasai®  Keisuke Sakaguchi‘

Dragomir Radev’

*Paul G. Allen School of Computer Science & Engineering, University of Washington

@Sapporo Cardiovascular Clinic
jkasai@cs.washington.edu

* Tohoku University ®Yale University

N A
M\éﬁi\ﬂ— —RiR— ERH
/
201 2019 2020 2021 2022 2023
T
Model Req. Gen. P.| Reg. Gen. Pl Req. Gen. Pl Req. Gen. Pl Req. Gen. Pl Req. Gen. Pl
ChatGPT 123 143 1 100 150 5 118 148 2 143 154 3 124 163 2 120 140 -~
ChatGPT-EN 123 158 2 117 157 3 116 147 2 110 167 0 140 187 1 142 159 -
GPT-3 105 104 5 93 117 5 97 111 4 94 109 3 106 111 6 86 113 -
GPT-4 161 221 O 170 215 1 168 219 0 173 225 0 164 228 1 170 221 -
Student Majority 196 276 0 196 274 0 195 276 0 200 277 0 195 287 0O - - -
Total 200 299 33 200 296 40 197 299 26 200 300 26 197 297 26 200 295 -
Passing Score 160 208 3 160 209 3 158 217 3 160 209 3 157 214 3 160 220 -

arXiv:2023.18027v2[cs.CL] 5 Apr 2023



A0 D FIHLR (14L0E) . REHVBIETH 1210,
HEir ( OEREREM» i3 nZiz Lz, BT,
EENR30ME., FTEMEE., BIEME RT3 bikdue.
51%160cm. fH62kg (ALURHI {4 F55kg) - il
36.7°C. NR{H88/%r. #f. IME110/80mmHg. #E[1 2
o — 2 B kB (T5gOGTT) : Bfafaifd :

90mg/dL. 1HFEE © 190mg/dL. 2BFHE{H
160mg/dL. HbAlc5.4% (HifE4.6~6.2) . @Y7L x
Ik E e,

A 40-year-old primigravida (pregnant for the first time, with
no prior births) was referred to a nearby obstetrics clinic due
to a positive urine glicose test. She is currently at 30 weeks of
gestation. There is no significant family or medical history.
Her height is 160cm, her weight is 62kg (pre-pregnancy
weight was 55kg), and her body temperature is 36.7°C. Her
pulse rate is 88§ bpm and regular; and her blood pressure is
110/80mmHg. Her 75g oral glucose tolerance test (OGTT)
results were as follows: fasting glucose level of 90mg/dL, 1-
hour value of 190mg/dL, and 2-hour value of 160mg/dL. Her
HbAlc level is 5.4% (normal range 4.0-6.2%). What is the
appropriate response?

aXfIGIiE AETH 2.  No response is necessary.

b BN 34~67 B #HeSET 5. Recommend dividing
meals into 4-6. portions. Cormrect Ansswer
c B2 O MEEHL50mg/dLx BfE L T 5. _dimfor
a postprandial blood sugar level of 150mg/dL.
d1HOEI~ 4 v F—#1,200kcal {2 Hl [E 4

% . Restrict daily energy intake to I,200kcal.

e FHHREEH IR 705 & A RS T3 & o

5. Use oral hpoglycemic agents if dietary therapy is

ineffective. ChatGPT's Choice "%t & (Prohibited)"

LLMASES, £, EF4E . ZFMT
HEQAEVARICEASNSBED
EALZBEERLTNS

arXiv:2023.18027v2[cs.CL] 5 Apr 2023



&iEfiF GPT4V (Open Al)

Yang(Microsoft)+, The Dawn of LMMs: Preliminary Explorations with GPT-4V(ision), arXiv2023.9

Sec. 4.4 Scene Text, Table, Chart, and Document Reasoning

Document Understanding

Prompt:

This is & paper "Paper Gestalt."
Describe the paper in details
and highlight their contribution.

Page 1

Prompt Continued
Page 4

GPT-4V:

The paper "Paper Geslall" is a research
paper written by Carven von
Baarnensguash from the Department of
Computer Science al the University of
Phoenix. The paper discusses the visual
quality of a computer sciance resaarch
paper and how it affects the overall
impression of the paper.

The paper begins with an infroduction to
the concept of paper gestall, which is the
overall impression of a paper. The author
argues that the visual quality of a paper is
an impertant factor in creating & good
impression. The paper then discusses
previous work in this area and highlights
the contribution of this paper, which is the
use of a suparvised leaming algorithm to
evaluate the visual quality of a paper.

The paper then prasents the methodology
and experimental results, The author
collected a dataset of 1198 computer
seience research papers and used a
supervised learning algorithm to evaluate
the visual quality of the papers. The
algorithm was trained on a set of featuras
extracled from the papers, such as/the

Igarithm was
visual quality
of accuracy.

iscussion of
e author

suggests that future work could focus on
improving the algorithm by incorporating
more features and training it on a larger
dataset, The paper also suggests that the
algorithm could be used to evaluate the
vigual quality of other types of documents,
such as technical reports and
dissertalions.

Qverall, the contribution of this paper is the
use of a supervised leaming algorithm to
evaluate the visual quality of a computer
science research paper, This is a novel
approach that could help researchers
improve the visual quality of their papers
and make a better impression on their
readers.

Sec. 4.3 Multimodal Knowledge and Commonsense

Science and Knowledge

Prompt:

Suppose you are a teacher, please use the figure to explain the distinction between evaporation and
evapotranspiration.

Ba.

Irrigation

GPT-4V:

Okay class, today we are going to learn about the distinction between evaporation and evapotranspiration. Let's
take a look at this figure.

First, let's understand what evaperation is. Evaporation is the process by which water is changed from its liquid
state to ite gaseous state. This usually takes place at the surface of a liquid, |ike the ocean or a lake, when the

v e BEFDIIIET, .
s ADERICESVNT e
Ly HNFEOR=Z A

In summary, evaporation is the process by which water is changed from its liquid state to its gaseous slate, while
evapotranspiration is the combination of evaporation and transpiration. Both these processes contribute to the

kwalar cycle and are important for maintaining the balance of water in our environment,




Sec. 7.3 Wechsler Adult Intelligence Scale

Prompt:

Which one of the five is laast like the
other four?

a. Carrot

b. Potate

c. Cormn

d. Apple

a. Bean

GPT-4V:

d. Apple

Explanation: Carrel, polalo, eorn, and
bean are all vegetables, while apple is
a fruit,

Prompt:

Which one of the five is least like the
other four?

a.

PG
A
%
Ea
A

GPT-4V:

Answer: d, is the |2ast like the other
four because it is the only one that
does not have a central point
connecting all the other points.

Prompt:

Tom, twelve years old, is three times as old as his sister. How ald will
Tom be when he is twice as old as his sister?

a. 18

b.21

<. 16

d. 20

2. 15

GPT-4V:

If Torn is three limes as old as his sister, then his sisler is one-third of
his age. So, his sisler is 4 years old. Now, we need to figura out whan
Tom will be twice as old as his sister. This means that his sister's age
will be half of his age. S0, we need to find a number that is double the
age of 4. The answer is 8. So, Tom will be 18 years old when he is
twice as old as his sister. The correct answer is c. 18,

Prompt:
‘Which one of the five designs makes the besl comparison?

) "1 is to ‘ a;é i¢ Lo:

Sec. 7.4 Ra
RPM: Entire Question Page

s Progressive Matrices

Prompt:
Find out the pattern in the first column and use it to infer the missing figure in the second column.

5. Choose a drawing that fits the empty space:

O][v][o][a][d][=]

GPT-4V:
The correct drawing that fits the empty space is the upside-down triangle. This is because the pattern in the grid is
that each row and column has one of each shape in different crientations.

Prompt:
Find out the pattern in the first two rows and use it to infer the missing figure in the third row.

Figure out which figure of A to H that should logically replace the missing figure/question-mark.

IQTA b

"IN

LA

GPT4V:

Answer: c. The black dress shoe

Explanation: The analogy is comparing a hand to a glove and a foot to
a shoe. The best comparison would be the black dress shoe asit is
an item of clothing that is wom on the foot, just like a glove is worm on
the hand,

v N A
?

N
NN [N 2T N

A B iC oD OE OF oG OH

GPT-4V:

The pattern in the first two rows is that the figures are rotated 90 degrees clockwise in each subsequent cell.
Therafore, the missing figure in the third row should be a rotated version of the figure in the previous cell.
Looking at the options, the correct answer is OC, as it is the figure that is rotated 90 degrees clockwise from the

\ figure in the previous cell.




E{SERMAI DALL-E3 (Open AD

“Cinematic shot of a tiger and an young zookeeper stargazing
on a boat in the middle of nhowhere during night when a
whale made up of stars swims nearby”

B %
k i

https://twitter.com/OfficialLoganK/status/1704886233673986132



NOBELPRISET | FYSIK 2024 EH'?!%;KAPS

THE NOBEL PRIZE IN PHYSICS 2024 ‘_K*E"_IAKA:D.EMIIEN

P —

Geoffrey E. Hinton
Princeton University, NJ, USA University of Toronto, Canada

“for grundlédggande upptéckter och uppfinningar som maojliggér maskininldming med artificiella neuronnéatverk”

“for foundational discovenies and inventions that enable machine learning with artificial neural networks”
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Al for Science (#FDE)M)

Megatron
& DeepSpeed

A & alaEyf gorer athe Al odil for The Solentific recaanth aommndty (Cradit it Comoration)

https://ledge.ai/articles/intel_aurora-genai I\:mro;oft f e/ bloa/
_ ttps://www.microsoft.com/en-us/researc og/aidscience-to-
. O — N ok =]
Intel: 13K/ 35 A—2DFFEFAI Aurora gen Al empower-the-fifth-paradigm-of-scientific-discovery/

. Lo . AlphaFold Protein Structure Database Home About FAQs Downloads  APIL
Accelerating Extreme Weather Prediction with FourCastNet YouTube [

@ YouTube - NVIDIA - 2022/03/23

& Accelerating Extreme Weather Prediction with FourCastNet

Accelerating Extreme

AlphaFold
Protein Structure Database

Developed by Google DeepMind and EMBL-EBI

Examples: MENFQKVEKIGEGTYGV...  Freefattyacid receptor2  At1g58602  Q5VSL9  E.coli

See search help @  Go to online course © See our updates — September 2024°

Weather Prediction
with FourCastNet

AlphaFold DB provides open access to over 200 million protein
structure predictions to accelerate scientific research.

T — LS https://alphafold.ebi.ac.uk/
https://www.youtube.com/watch?v=nuT_U1AQz3g Google DeepMind & EMBL-EBI: 22/ 3 B 175 A
NVIDEA: % F Al FourCastNet | [ AlphaFold ]

30



Al for Science at RIKEN

TRIP: Transformative Research Innovation Platform of RIKEN Platforms
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TRIP 1

RE=ZT 2%
(EH-#E)

AR L et EREBICK ABIRICAT RELG T — 4 W
BEERLBT—20OERE - REICL 3BIFEBROESR

READ MORE ©

TRIP 3

5t B 0] Ak S 1 O 4k AR
(BFHPCAATUYE)

EFO Pa—42 A—-N—dYFa—42%EECHE
ENAT )y RaAVEa—F0 VI BBICKZEHER
HESRIS D YLER

READ MORE ©

| ENGLISH |
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Al X 18
(FRORSD)

HIBRPFICKD, ROV, Al EFOEP21—4%
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Bo7 LT XL E RN

READ MORE ©

Use case
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READ MORE ©
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W= TFH

3DHEEET L EEHSI1L—33> Hh 3R 4 HETE

Ist layer

3D7 %

* Vp: P-wave speed
* Vs:S-wave speed
* p:massdensity

VEAp ¢ =V-u %38
Y=ViAY Yp=Vxu

A afElbE
<100 m
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HPCFEDEFHH

' Solving
' preconditioning
matrix

1
[
]
L L T T

Computations of

Second ordered outer loop

tetrahedron

SC15 I—KURJLE T7AF1) R Rref6)
A (RXK)

---------------- Solving preconditioning matrix --------

i Inner coarse loop

! i | Solve system roughly using CG solver
L ! | (single precision)

| 5 Use as initial solution  -inear tetrahedron

Inner fine loop

Solve system roughly using CG solver

Equation to be solved
(double precision)

QOuter loop

(single precision)

1 r

. Second ordered
i Use for preconditioner of outer loop tetrahedron

T T T e e B B e
B0 - B000
a0 h;" o« :
L i)
E0001 5000
30 | 10
3 J]
=z =000 e 4000
10 0
2000 33 2000
a
m i L - m L
¥ i § n | O n N L i 1)) 2 oy e e e e e m—r—— =
2000 A000 g000 000 10000 fu} 2000 4000 000 0o AD000 a 2000 <000 &000 = nls} 40000
RIS 1B E £2/8 B O HIES 2B E EIEEDEEES



By Supercomputing By Al with Super-computed data

7ooa |-

7000 EI
asoaf oo
5000 - 5000 —
4000 - 4000 —
2000 ; 2000 ;

2000 =non

1000 qo00 [

_ Training data | Test data | Check data

# of 22360 1000 1000 24360
samples
Case A 19929 880 891 21700
(89.1%) (88.0%)  (89.1%) (89.1%) SC2017
Case B 22219 992 994 24205 Best Poster
(99.4%) (99.2%)  (99.4%) (99.4%) Award

The number of correct answers and correct ratios. Judged correct if
target value - estimated value| < 2
1000 points are picked up from 23,460 points as test data and check data. 36
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Machine Learning-based Tsunami Inundation
Prediction Derived from Offshore Observations

Mulia, I, Ueda, N., Miyoshi, T., Gusman, A., Satake, K.

Nature Communications. 2022.
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Neural Ordinary Differential Equation (NODE)
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Physics-Informed Deep Learning Approach for
Modeling Crustal Deformation

Okazaki, T., Hirahara, T, Ito, T, Ueda, N.

Nature Communications. 2022.
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Neural Network

EER T, 8&. Automatic Differentiation

35 SRR - 40/—F /B DNN
L = Lppg + Lps—y + Lps—1 + Lps ¢ MR AR EEFREFEHICEDAELER
Lppg = [r?ur + 71U + uge + p7 1 (rP ety + ugug)? < VIZE T 55 2R
Lps—u = (" —u” =) ¢ 3TBIFDEREMH (s MO LELIER)
Lps-t = r2[u* (PSuf +nSud) — u~ nPSuz +nDSu)]” ¢ sizpdpE R s
Lps = 2(nfSuy + n50,))" it mERE T SmOu AT cosOug

Uy = cosfu, —r~*sinf ug
Note: TAIESRAFEEZEDERTOWMAZTERT 53



EERFEERE (@b, REH . IREE—EDT—2)

RBATRIICRR 77508,
RR%4 faR ARERK(FEM)ELE

0.4
— 21 i
— 2B
o
ﬁ--"--
0

FHEWERREZ1ELT
W B A S5 T/ SULMEISERE

i

| o T R FEm
) | » H#h 3= E THOU( L) SE#R : PINN

— DA
— 2B

HERETHOEER(LDZERMS)

PINND#ER (L, BRERZE (FEM)ERSF .,
54



{EAFEFE (Operator Learning)

PDEDFRERZNFE EPMEAY

Goal: NMBOZBF—5 {(ayu))}Y | 15 BRAEFRTE o« A UASE
\

o
R -

Input: Output:
coefficients solutions

B> =1l —23>
[CED. FRERLARED
R7DT—FTHE

FERR SR
(CXFT DR B b (C
/I eI He

TAR

Input: coefficient Output: solution

TEROEFUERFE T BRDMRERTE(CAEEREL TN,
FRRFETE—EJFEENAIEE. 22U, FMEEENZ LIFD
[CE, ZHOFEBT - IHNNE




#8) ZR-1—3JIL1RY NO—D

EEDODNNRBHUTOLSIC, BHFE(RIZEE) SEIECREBIERAZEE)ZR
DIRLTWS (FEHOTZHINA 7 AIA(LHR)

H1E —_— $1E %1 E
mam My vy Vi1 hlovl Vi1
(0)
ABRIMNY a i O~0 o OO0 O u wangM
O 0O O 0o
O 0O O 0
O OK, ¢
O /O O
@) @) @)
@) @)

v1(0)=0(hy (1)) v (D)=0(h (1))

LIEDNNOAINL, 175IREE | u=G(a) = KL(?(KL—l(G("-G(Kl(a) )

\
Note: element-wiseDi&EE




#RPRIR ol it

RHEEDEHZRATSICE. NNOFRBD./— R(EEE) ZEBRIEUIEDNNZEZ NI KL

ilg element-wise il = BLmE
h—JVEa%K % Vi1 v Vi1
1 o L Vi
JUJETS( L tl.‘djfﬂiﬂ
a(x) u(x)
[ ] [ ] [ ] K [ ) [ ] [ J
EBBROTa() K,y i K
(BRRX5T)
a(x) (#PRRT)
ERd
'\ K
BAEEB DT PR R 7T
Kl Kl KL
\ \

|
hi (%)= K1 (x,y)a(y)dy hz(x)=f K (x, y)w-l(y)dgf U(x)=(f K (x, y)vL_l(y)\dy
v1(x)=0(hy(x)) v (x)=0(h;(x))

u= G(a) =K, (o(K; _+(o(...c(K (a) NO(ZDNNT®D./— F&&ErihiE
B L(06(K,_1(0(...o(Ky(a) ...)) NORDNNT D/ et




Neural OPE rator ... arXiv'20
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FNO: Fourie Neural Operator

@—b Fourier layer 1 {—Fourier layer 2—> @ @ ® —»|Fourier layer T

N—FIAEDVERSRZ Bl TR T D
BHIAHED(CESHRZD

(K(a; g)ve) () = F~ (F(kg) - F(vr)) ()
EHAHEIR | TORMICHIBEHANED SRR TS

(C(@)ve) @) = F (R - (Fu)) @

=ERZEHY b
sTEE | RRBEIER D TCIITZEO(Nkmax), ERI—UTIZEHIZFALSEO(NIogN)

U(x)DsRZEZE/IME
FBIICNGA-H%
F89ID

59



PINO: PINNENOOHSETIL

Physics-Informed Neural Operator
for Learning Partial Differential Equations

Zongyi Li*, Hongkai Zheng*, Nikola Kovachki, David Jin, Haoxuan Chen,
Burigede Liu, Kamyar Azizzadenesheli, Anima Anandkumar
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