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S. Shuai, et al., Proc.
of ICCV 2019 (2019).

Oz i {E

0 58R1EFE (2 &5 il fH

uuuuuuuu ion

o EHj /=
of]  Ej/m L\
HPoeo:-oi ioiE4
m VIt
=]

ol B
o E

(&] (=] (=] (¢] [¢] (¢] (¢] (&) =

https://ai.googleblog.com/2016/03/deep-
V. Mnih et al., Nature, 518, 529 (2015).  ]earning-for-robots-learning-from.html
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Examples

“Explain quantum computing in
simple terms" —

"Got any creative ideas fora 10
year old's birthday?" —

"How do | make an HTTP request
In Javascript?” —

ChatGPT

4

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-up
corrections

Trained to decline inappropriate
requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021
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TA—T2—=VJETIL

|==] g — —
BHIAAZA—T )L YT —
C3: f. maps 16@10x10
INPUT C1: feature maps S4: 1. maps 16@5x5

6@28x28
32x32 @ S2: f. maps
6@14x14

84

‘ | Full conrlnection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Y. LeCun et al., Proc. of the IEEE, 86(11):2278-2324, 1998.

AR

Residual Network

FL2Y
FL2Y

EBFT

3k corm, 156

%xd corre, 156

Sed o, 256

33 oo, 513
33 oo, 513

Exd corre

S

34-layer residual
[ TR
posl, /3
Ex3 caatvs, 133
Ex3 caatvs, 133
[ Ze3com, 256,02 |
el erarra, 255

Kaiming He, et al., Proc. of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2016, pp. 770-778
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Image Classification on ImageNet

0 ImageNet: h5—EBEEE{RT—2X—X
= 14008 MU LDAS—FEE (FEISANILIT2HISR)

100

BiT-L (ResNet) @
NASNET-A(6)

80 VGG Inception V3

60

40

TOP 1 ACCURACY

20

0
2012 2014 2016 2018 2020 2022

Other models -® State-of-the-art models

Topl @2023: BASIC-L (2440M/ X5 A—4)

https://paperswithcode.com/sota/image-classification-on-imagenet

2025/9/27  HiGEPS-STAREH 34— 10




ATETILORE

Notable AI Models Z EPOCH Al

Training compute (FLOP)
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Gemini 1.0 Ulqgln

Neural LM @ LMICA &
® -
» LSTM @ PR
W _-as=-T
& - -- Invariant CNN
@ - -= 1IESOM o
o ---®-" R ®
ASE+ACE
b 8 _ o
& JPMAX @
Deep Learning Era
1984 1988 1902 1996 2000 2004 2008 2012 2016 2020 2024
Publication date GG BY Epoch A

ARICEXRGEFRFIRNDE

Epoch Al, ‘Data on Notable Al Models’
HIGEPS-STAR i3+ — https://epocai.org/data/notable-ai-models 11
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Relative Computation

Computing Power demanded by Deep Learning
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BHLHEODERO—AT

E-I_ ﬁ = Z I‘ 0) iééé j(
TRILF—NERITRE

1985 1990 1995 2000 2005 2010 2015 2020

N. C. Thompson et aYleI Preprint at https://arxiv.org/abs/2007.05558v1 (2020).
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Emissions of 11 models

100M “
Rail car
of coal
10M - ﬁ
Yearly home
1M er:;‘gy
o
b 100k i Barrel
o L —| of oil
2
(2] 'Y —
£ 10k
N - .
(o) Gallon of
(&) e gasoline
e -
|
- (1]
-
100 Mile
drive
10 ﬂ;
Phone
0 charge
BERT BERT 6B Dense Dense  Dense ViT ViT ViT ViT ViT
finetune LM transf 121 169 201 tiny small base large hug
Model
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0 GPT-3(Chat-GPTIZERASNAHRIDET L)
m INTA—FH:1750{E 1
s 2B T—HE:570GBLLE (F)UFILIF45TB)
https://platform.openai.com/docs/model-index-for-researchers
= FlFERaXE
508 MAIH—/\(DGX-2) #36 HfE AL Till#&
50 x 10kW x 36days x 24hours/day = 432 MWh
B ZBR bR 3R 194k

https://blog.inten.to/gpt-3-language-models-are-few-shot-learners-
al3dlae8b1f9

0 GPT-3.5 (E#lkrRChat-GPTIZ{E )
m INTA—A%: 1. 75k
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INDA—ZEEERE (GPT-3)
O /\NTDA—ZF =BT EEeEA R LET S

Model Name Nparams Mayers @model Theads dhead Batch Size Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 1074
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 10~
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0x 1074
GPT-32.7B 2.7B 32 2560 32 80 IM 1.6 x 104
GPT-36.7B 6.7B 32 4096 32 128 2M 1.2 x 10~%
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 10~
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 1074

Validation Loss
Parameters

-------- L'=2.57:Co048

10 107 107 10° 10° 10°

Compute (PetaFLOP/s-days)

2025/9/27  HIGEPS-STARZHE 3 F— https://arxiv.org/abs/2005.14165 15
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Moore's law: The number of transistors per microprocessor

The number of transistors that fit into a microprocessor. The observation that the number of transistors on an
integrated circuit doubles approximately every two years is called Moore's law?.

10 billion

1 billion

100 million

10 million

1 million

100,000
10,000
1971 1980 1990 2000 2010 2021
Source: Karl Rupp, Microprocessor Trend Data (2022) OurWorldInData.org/technological-change ® CC BY

1. Moore's law: Moore's law is the observation that the number of transistors in a dense integrated circuit doubles about every two years, because of
improvements in production.
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50 Years of Microprocessor Trend Data

T i T g X
ol S .
L e bR
[ A ML, i
5 | ‘1“2‘ Single-Thread //7 L
107 1 e pae ?"-o oo ¥ Per?ormance
ot L A%Aﬁ‘,uﬁa | (SpecINT x 10 ALy T4gE
el : Lox :a::za“*“- ‘.l-u.l Frequency (MHz) E}J{lﬁnl&jﬂ
: ‘.
A gl . * 3% v Typical Power
Ll Ai.,;'v-vy,;;vw&wv‘"?}sﬁ& Watts) HEEND
1 “ m " oY vy fo::»'i v¥|Number of
Rl R - S e ¥ R **|Logical Cores < JLF AT B
10° —;: T o B e mmm::m rrrrrrrrrrrrrrrrrrrrrrrrrrr .
I | I | |
1970 1980 1990 2000 2010 2020

Year
Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2021 by K. Rupp

https://github.com/karlrupp/microprocessor-trend-data
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Annual Size of the Global Datasphere
- P 175 ZB
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g 100
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80
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40
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IDC obal Da
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K. Kitayama, et al., APL Photonics, 4, 090901 (2019). 1
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Optical interference unit

Y. Shen, et. al., Nature
Photonics, 11, 441 (2017).

14t

60_‘"" @ 5U@) core @ ommc

1-km fiber cavity Measurement & feedback \ \\ N ~ ~
T"""""""""""'"""""" """""""""" ~

: Filter DOPO pulses | _ I | l/ / I\/r 7 = ? / /
! l“ i tei}

| BHD
Phase sensitive

" T. Inagaki, et. al., Science, 354, 603
AE] (2016).

Output layer Classes

L Fush-Pull modulator eedback signa 5 Input layer Reservoir
i= Zrlijci '

Fiter goraz M2 AL EpFar M1

Pump pulse preparation

I) -Ug_l {: > to 1_7_-4>7“ Rndom, fixed input weights

Random, fixed connections

peltant et. al., Nature Communications, 2, 468 (2011). ,,
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M. A. Nahmias, et al., Opt.
Photon. News, 29, 34-41 &
(2018).

107

Nanophotonics *

108¢
107} Neuromorphic
106} ) photonics
105 State -of-the-art
1041 Neuromorphic electronic
° A °
103§ TrueNorth - Silicon photonics
102 1 <
NeuroGrid HICANN :
10— 2 _ P Von
1 Digital electronics
=i - 1 e
10 SgNNaker Microwave electronics

102
1

10¢ 10° 100 100
Computational Speed (MMAC/s/cm?)

TnA

1011

O 77E5L—32ELTOHRGEERE)

(a) Electronic Electronic Analog-to-

vo Digital
d hardw: —> d | .
e ao:aler::gr com'g:iion | > processing
K. Kitayama, et al.,
o APL Photonics, 4,
. Photonic Optical-to- Analog-to- - 090901 201 9
Optical X L Digital .
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Terahertz Detector f
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3D Printed D2NN
(Amplitude Imaging)

A Input Digit (Number 5)

Max Energy
8 9

Detector

X. Lin et al., "All-optical machine learning using diffractive deep neural
networks," Science, Vol. 361, pp. 1004-1008 (2018). 34
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Color-scaled image plot of £z in ring resonator with PML boungary and at ime=112 fs
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Si;N, waveguides Y = q. X, + - + QpnXom
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J. Feldmann et al., "Parallel convolutional processing using an integrated
photonic tensor core," Nature, Vol. 589, pp. 52-58 (2021).
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J. Feldmann et al., "Parallel convolutional processing using an integrated
photonic tensor core," Nature, Vol. 589, pp. 52-58 (2021).
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