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- AlIF G &

o WIF: 1THNFE, (inwards), #EAE declarative, V37414, knowing-that

o« ANTEgE: =, IE, (outwards), T F =1t procedural, E1FIEFZEISE knowing-how

® Ghost in the machine (Gilbert Ryle S/R1B4F-Fil/R 1949): —soieiNiZix, SelsiEix  (fF#A

BX{REY (X 40)
e IB=RTRE (FgE) MBI REEINF

» "Can Digital Computers Think?" 1951 Turing
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2013 AIBO Robot Dog Sony

www.robotcenter.co.uk



https://youtu.be/O1XaipCRALg?si=MRE-5jGHiQlWqLeL
https://www.youtube.com/watch?v=O1XaipCRALg
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Daydreamer UCB 2022



https://danijar.com/project/daydreamer/
https://www.youtube.com/watch?v=xAXvfVTgqr0
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APRL UCB BAIR 2023

again relax the regularization until the new situation is

also predictable
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https://sites.google.com/berkeley.edu/aprl/
https://www.youtube.com/watch?v=ltzq-Ur-_Lk
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o MWL (AR, &R, H&, TEZEN, GPT)
- HMEKRMIERE (Gradient Backpropagation)
o FAEL (Scaling Law)FIFI4EE (Emerging capabilities)

o« EERYE RN
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o LEMBIZBESIMY (Agency) EEE, REE
» EZMRIE (Ruliad) FIARFIAITE 4
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Rule-based systems .| Learnable part of
- Hand-designed - : the system
program o een e,
lassical ine learni logistic regression
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Neas= > Bl

2% % [5] ) AR T IS T

https://www.geeksforgeeks.org/ml-linear-regression/

https://github.com/AshishJangra27/Machine-Learning-with-Python-GFG/blob/main/

Regression/1%20Linear%20Regression/Linear%20Regression%20from%20Scratch.ipynb



https://www.geeksforgeeks.org/ml-linear-regression/
https://github.com/AshishJangra27/Machine-Learning-with-Python-GFG/blob/main/Regression/1%20Linear%20Regression/Linear%20Regression%20from%20Scratch.ipynb
https://github.com/AshishJangra27/Machine-Learning-with-Python-GFG/blob/main/Regression/1%20Linear%20Regression/Linear%20Regression%20from%20Scratch.ipynb
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« AIERE (Al) : BIRIRz) (SIAETHNmEREN: E£1F)

e BENAENIEFE (AGl): MMEEZE (Deepmind, etc.)

» FIEEZEENFIL

 Mind over data (Judea Pearl)

» Data over mind [DeepMind (Rich Sutton); Google (Peter Norvig), ...]
o FUE(FERARE
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=3 89%03)|| “The Bitter Lesson” Rich Sutton 2019.03.13
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« EXRRGE (BETHN) £

« THEARIENRHITIUN/ MR
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¥ (deduction)

MZEZEG?

« F23]AE (Learning) F—Y3A4N (induction)

o« JAMBVE X EMEIEF FH—

= FH T Fun

« Solomonoff)INEN: FHezEnsIERI (E-KlH]7JR)
« BINNRTAE: BF ((CEY, JU, #xXR) |, 1B (F=)

. FHEFE
. E Rl (Causal inference)

BT E#IE(abduction)
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tRA) CRESTIRN)

e KEUE: Imagenet 2009: 220001, 1400 5 4

« Alexnet: 2UEE 1000728, 120 5 lZrHE7N, 5 A UEREZ, 155 MGt EZA

o« REMZEML: Alexnet

«  STEREITEERE

«  ZE620051 (LENIE)

«  JAMRE (FeBLEnIR/FN)

https://www.cs.ryerson.ca/~aharley/vis/conv

Resnet-50
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https://www.cs.ryerson.ca/~aharley/vis/conv
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Generative Models

(GAN)

XL AN F1E !
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StyleGAN2
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https://nvlabs-fi-cdn.nvidia.com/stylegan2-ada-pytorch/videos/interpolations-afhqwild.mp4
https://www.youtube.com/watch?v=9QuDh3W3lOY

Text2lmage

» EREE: NXFIIER

 Dall-E
 Imagen
o StableDiffusion

e Parti

https://huggingface.co/spaces/stabilityai/stable-diffusion

 The tI?u(r]rd of Shanghai after a severe drought. Tugs are stranded in the middle of the dried up
riverbed.

 Klimt’s Kiss in the anime style.
A truck under a row of autumn maples with heavy maple leaves layer on the ground.
 An astronaut riding a goat in a photorealistic style

* robot insect legion invading Shanghai
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https://huggingface.co/spaces/stabilityai/stable-diffusion
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«  BRAEK, FARAEFIMEMAFS), EERTUIFE EHRIzERIEERK

«  AIBERINRE BN RS, NEGEENETER, ElLEH

.  ZEIREERMMAEL (Vehicle Energy Optimization System VEOS)

- Hih5E1T (Battery Bank)
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