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Principles of Artificial Intelligence



1.4.1. Categories of Artificial Intelligence

Four Categories of Al

Humanly Rationally
Acting Acting humanly Acting rationally
Thinking Thinking humanly Thinking rationally
e — e —

Humanly
to measure success in terms of fidelity to human performance.

KA UM ARZRMEEEREGE.
Rationally
to measure against an ideal performance measure.
M RIBERHERERINKEE.
B A systemis rational if it does the right thing, given what it knows.
— N ERAGUNRX B FIR M ERRIEME, MR IR

Principles of Artificial Intelligence :: Basics :: Introduction



1.4.1. Categories of Artificial Intelligence

Eight Definitions for four Categories of Al

Acting humanly
B Kurzweil,1990: To perform functions that require intelligence performed by people.
T HZAXEBERTRETTAXHITNEE
B Rich and Knight,1991: To make computers do things at which, at the moment, people are
better.

it BN A MU ATt N KA BEMETFHIE R

Acting rationally

B Poole et al.,1998: Computational Intelligence is the study to design intelligent agents.
TR EEEMRNENE T EREM.

B Nilsson,1998: Al is concerned with intelligent behavior in artifacts.
AMERFTHALFEESINEREITA,
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1.4.1. Categories of Artificial Intelligence

Eight Definitions for four Categories of Al

Thinking humanly

B Bellman,1978: The automation of activities that we associate with human thinking ...
BANE5 AXRBHERRENNBENL -

B Haugeland,1985: The new effort to make computers think ... machines with minds ...
MNBNETENEZ - YKEFEH -

Thinking rationally

B Charniak and McDermott,1985: The study of mental faculties through the use of computational
models.

B R EERHFITOE IR,
B Winston,1992: To make computer possible to perceive, reason, and act.
FEitE e, #IE, LUIKENE.
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1.4.1. Categories of Artificial Intelligence

Weak Al vs. Strong Al vs. Super Al

Weak Al

M Also called Artificial Narrow Intelligence (ANI).
SSALERE: WHARAATIRXERE (AND .

B [tis non-sentient Al that is focused on one narrow task (just a specific problem).
EREERIA, FET—RBNOES (UHH—MEENEDE) .

Strong A

B Also called Artificial General Intelligence (AGI).
s ALTERE: EMAANLI XE&E (AGI),

v
B [t means a machine with the ability to apply intelligence to any problem. It is a primary goal
of artificial intelligence research.

%ﬁﬂfli%*ﬂ%%ﬁﬁﬂ%%ﬁﬁ)ﬂ?&iiEDEE’\J‘H‘EjJO B2 AT BLEMnEERH.
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1.4.1. Categories of Artificial Intelligence

Weak Al vs. Strong Al vs. Super Al

Super Al

B Also called Artificial Super Intelligence (ASI).
BATLEGE: TMRALBRERE ASD.
M |tis a hypothetical agent that possesses intelligence far surpassing that of the brightest and
most gifted human minds.

e—MRENE AR, FHATTBEIRAMEAXEIALKKAEEE.
B Also refer to a property of problem-solving systems, e.g., super intelligent language
translators or engineering assistants.
isM R REKBR ARG, i, BREEESHIESsLIEmE.
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1.4.2. Applications of Artificial Intelligence

Typical Problems to Which Al is Applied

Computer vision = +&E# M5
Image processing m  E{g4biE
VR, ARand MR = VR, AR %1 MR
Pattern recognition m #&=tiR 5
Intelligent Diagnosis m =gz iy
Game theory and Strategic planning m {730 fnE s %
Game Al and Gamebot m A5 fsissk#15E A
Machine Translation m #5252
Natural language processing, and Chatbot m gsiE=4r1EFMEIRAL S A
Nonlinear control, and Robotics w ezt iz se A A

:

Principles of Artificial Intelligence :: Basics :: Introduction



1.4.2. Applications of Artificial Intelligence

Other Fields in Which Al is Implemented

Artificial life

Automated reasoning
Automation

Biological computing
Concept mining

Data mining

Knowledge representation
Semantic Web

E-mail spam filtering
Litigation
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1.4.2. Applications of Artificial Intelligence

Other Fields in Which Al is Implemented

Robotics
Behavior-based robotics
Cognitive

Cybernetics
Development robotics
Evolutionary robotics
Hybrid intelligent system
Intelligent agent
Intelligent Control
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1.4.3. Typical Papers on Artificial Intelligence

Joshua Tenenbaum, Vin Silva, John Langford.
“A Global Geometric Framework for Nonlinear Dimensionality Reduction”.

SCIENCE, Vol. 290, Dec. 2000.
“— M AT EL ML /ILAHESR
T e ——
“Here we describe an approach to solving
dimensionality reduction problems that uses
easily measured local metric information to learn
the underlying global geometry of a data set.”

TN LA — TR SO AR 750k, £
ZARNERMREEEERFIFEREENERI/L
M Z5fg. 7

Isomap (& JF 454 B2 5Y)
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A Global Geometric Framework
for Nonlinear Dimensionality
Reduction

Joshua B. Tenenbaum,'* Vin de Silva,? John C. Langford?®

Scientists working with large volumes of high-dimensional data, such as global
climate patterns, stellar spectra, or human gene distributions, regularly con-
front the problem of dimensionality reduction: finding meaningful low-dimen-
sional structures hidden in their high-dimensional observations. The human
brain confronts the same problem in everyday perception, extracting from its
high-dimensional sensory inputs—30,000 auditory nerve fibers or 10° optic
nerve fibers—a manageably small number of perceptually relevant features.
Here we describe an approach to solving dimensionality reduction problems
that uses easily measured local metric information to learn the underlying
global geometry of a data set. Unlike classical techniques such as principal

The classical techniques for dimensional-
ity reduction, PCA and MDS, are simple to
implement, efficiently computable, and guar-
anteed to discover the true structure of data
lying on or near a linear subspace of the
high-dimensional input space (/3). PCA
finds a low-dimensional embedding of the
data points that best preserves their variance
as measured in the high-dimensional input
space. Classical MDS finds an embedding
that preserves the interpoint distances, equiv-
alent to PCA when those distances are Eu-
clidean. However, many data sets contain
essential nonlinear structures that are invisi-
ble to PCA and MDS (4, 5, 11, 14). For
example, both methods fail to detect the true
degrees of freedom of the face data set (Fig.
1A), or even ifs intrinsic three-dimensionality
(Fig. 2A).

Isomap (Isometric Feature Mapping)




1.4.3. Typical Papers on Artificial Intelligence

Sam Roweis and Lawrence Saul.

“Nonlinear Dimensionality Reduction by Locally Linear Embedding’.
SCIENCE, Vol. 290, Dec. 2000.

TR oL HR b/ — S M 82 D
18T B BB 2k T BR A1 TAR 5 T P 4

“Here, we introduce locally linear embedding (LLE),
an unsupervised learning algorithm that computes Nonlinear Dimensionality

low-dimensional, neighborhood-preserving Loca“;‘:f:::‘f;m"ge dding

embeddings of high-dimensional inputs.”

Many areas of science depend on exploratory data analysis and visualization.
The need to analyze large amounts of multivariate data raises the fundamental
problem of dimensionality reduction: how to discover compact representations
of high-dimensional data. Here, we introduce locally linear embedding (LLE), an
unsupervised learning algorithm that computes low-dimensional, neighbor-
hood-preserving embeddings of high-dimensional inputs. Unlike clustering
methods for local dimensionality reduction, LLE maps its inputs into a single
global coordinate system of lower dimensionality, and its optimizations do not
involve local minima. By exploiting the local symmetries of linear reconstruc-

SXEB, HATBEBISE M (LLE), —Hit o i it o
B ANBEP R4, P RIFERARAER

BEFIERXR.
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along shortest paths confined to the manifold of
observed inputs. Here, we take a different ap-
proach, called locally linear embedding (LLE),
that eliminates the need to estimate pairwise
distances between widely separated data points.
Unlike previous methods, LLE recovers global
nonlinear structure from locally linear fits.
The LLE algorithm, summarized in Fig.
2, is based on simple geometric intuitions.
Suppose the data consist of N real-valued
vectors X, each of dimensionality D, sam-
pled from some underlying manifold. Pro-
vided there is sufficient data (such that the
manifold is well-sampled), we expect each
data point and its neighbors to lie on or
close to a locally linear patch of the mani-
fold. We characterize the local geometry of
these patches by linear coefficients that
reconstruct each data point from its neigh-
bors. Reconstruction errors are measured




1.4.3. Typical Papers on Artificial Intelligence

Geoffrey Hinton and Ruslan Salakhutdinov.
“Reducing the Dimensionality of Data with Neural Networks”

SCIENCE, Vol. 313, Jul. 2006.
“FIR ML T E PR R BBV 4
-u.v-——-

“We describe an effective way of initializing the
weights that allows deep autoencoder networks to
learn low-dimensional codes that work much
better than principal components analysis as a
tool to reduce the dimensionality of data.”

“FA iR —F IR U ERN ARG E, AR
B EHmBMEE RGNS, (FRA—MiERHIE
HENWILER, muFTERTPHEE. 7
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504

matenals are identical for all configurations. The
blue bars in Fig. 1 summarize the measured SHG
signals. For excitation of the LC resonance in Fig.
1A (horzontal incident polarization), we find
an SHG signal that is 500 times above the noise
level. As expected for SHG, this signal closely
scales with the square of the incident power
(Fig. 2A). The polarization of the SHG emission
is nearly vertical (Fig. 2B). The small angle with
respect to the vertical is due 0 deviations from
perfect mirror symmetry of the SRRs (see
electron micrographs in Fig. 1). Small detuning
of the LC resonance toward smaller wavelength
(Le, to 1.3-pm wavelength) reduces the SHG
signal strength from 100% to 20%. For ex-
citation of the Mie resonance with vertical
incident polarization in Fig. 1D, we find a small
signal just above the noise level. For excitation
of the Mie resonance with horizontal incident
polarization in Fig. 1C, a small but significant
SHG emission is found, which is again po-

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton® and R. R. Salakhutdinov

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than princpal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
classification, visualization, communi-
cation, and storage of high-dimensional

data. A simple and widely used method is
principal components analysis (PCA), which

finds the directions of greatest varance in the
data set and represents each data point by its
coordinates along each of these directions. We
describe a nonlinear generalization of PCA that
uses an adaptive, multilayer “encoder™ network

28 JULY 2006 WOL 313 SCIENCE www.sciencemag.org

code: http://www.cs.toronto.edu/~hinton/MatlabForSciencePaper.html
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1.4.3. Typical Papers on Artificial Intelligence

Alex Rodriguez and Alessandro Laio.

“Clustering by fast search and find of density peaks”.

SCIENCE, Vol. 344, Jun. 2014.
BRI RERE R AL INE EIFEHFI TR
e ——

“We propose an approach based on the idea that
cluster centers are characterized by a higher
density than their neighbors and by a relatively
large distance from points with higher densities.”

“ARE—MET O TRENGZE: BEHD
[=y=F =12 rm$ﬁﬂﬁxﬁﬁﬁﬂf$ﬂ;$
REYEFME,
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MACHINE LEARNING

Clustering by fast search and find of
density peaks

Alex Rodriguez and Alessandro Laio

Cluster analysis is aimed at classifying elements into categories on the basfs of their
similarity. lts applications range from astronomy to bicinformatics, bibliometrics, and pattern
recognition. We propose an approach based on the idea that cluster centers are characterized
by a higher density than their neighbors and by a relatively large distance from points with
higher densities. This idea forms the basis of a clustering procedure in which the number of
clusters arises intuitively, cutliers are automatically spotted and excluded fromthe analysis, and
clusters are recognized regardless oftheir shape and of the dimensionality of the space inwhich
they are embedded. We demonstrate the power of the algorithm on several test cases.

14



1.4.3. Typical Papers on Artificial Intelligence

Brenden Lake, Ruslan Salakhutdinov, Joshua Tenenbaum.
“Human-level concept learning through probabilistic program induction”.

SCIENCE, Vol. 350, Dec. 2015.
BRI EHIT ARE R ZF ]
e —— s ——

“We see the one-shot learning capacities studied here as
a challenge for these neural models: one we expect they
might rise to by incorporating the principles of
compositionality, causality, and learning to learn that BPL
Instantiates.”

“FANBBI AR —R I S 5ESIME T AR LE 48
ZRB P —kek : BERESE, ARMENMEZZES]
BPLEBILBYRMMRLEE S, BAa— P IRNTHAFENSUE
ERFE.
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RESEARCH ARTICLES

COGNITIVE SCIENCE

Human-level concept learning
through probabilistic
program induction

Brenden M. Lake,'* Ruslan Salakhutdinov,” Joshua B. 'l‘cncnb;mm“]

People learning new concepts can often generalize successfully from just a single example,

yet machine learning algorithms typically require tens or hundreds of examples to

perform with similar accuracy. People can also use learned concepts in richer ways than

conventional algorithms—for action, imagination, and explanation. We present a

15



1.4.3. Typical Papers on Artificial Intelligence

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, et al.

“Human-level control through deep reinforcement learning”.

NATURE, Vol. 518, Feb. 2015.
“EREARERNET SAE| ALK TR T

“Here we use recent advances in training deep neural
networks to develop a novel artificial agent, termed a
deep Q-network, that can learn successful policies
directly from high-dimensional sensory inputs using
end-to-end reinforcement learning.”

“IX B IATRBUNZRRE MR & FT R I & —Fhh
fﬁH’JA‘i* REMS, FRIGREQMILE, F“FHJH&EUJH&E’JE’EPC
RE LT M S 4 RN\ P 3 5] B TRV SRR
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Human-level control through deep reinforcement

learning

Vaolodymyr Mn |l , Koray Kavukcuoght'®, I'J id Silver™*, Andrei A. R -:u Joel Ver F ler '\.I-;x Graves',
Martin I'{ "1I fller ".I-".I..] h. Fd};h nd', .{ stro k Stig Peter: Cha 1 F rr \1 S:dk I s Antonoglou',
Helen King', Dhar <han Kur T 'ﬂ. rsirat, Sha ne Legg' & Diernd H.]h

The theory of reinfircement keaming provides a normative account’,  agent i 1o selectaclions mekative fi
deeply rootedin ps yihological® l:ul neurcscientific’ perspectives on ren'_n:.n'n".ﬁ:-rcl'mul' :.' e a deep o i | neeusral network:

animal behaviour, of hiw agenl oplimize their control of an i male the
environment. T uu!mn.founu hm:l g successfully in situations .
approaching real-worldcomplexity, however, age nis are conl moted =
withadifficult tase: they must derive efficient represe ntationsofthe 40 00
environment from high-dime nsional sensory inputs, and wse the s g
to generalize past experience o new stuations Renarkably humans 5
and other animalk seemosolvethis problem through a barmon ous
combination of reinforcement karningand hiemrchicalsensorypro-
cessing systems™, the former evidenced by a wealthof neural data 5 | fnetion™ This
mru]n.hnuuhh P“‘II'_AM["HIDH: phasic "Ehem“mfl}'-’d"_w' imstability hot several canses the oorrelations present ir 1
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1.4.3. Typical Papers on Artificial Intelligence

Y. LeCun, Y. Bengio and G. Hinton.

“Deep learning”. NATURE, Vol. 521, May. 2015.
7 -—-}—-— TF 24 T j b}

“Deep learning discovers intricate structure in large
data sets by using the backpropagation algorithm to
indicate how a machine should change its internal
parameters that are used to compute the representation

in each |ayer from the representation in the previous T

ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets hy using the backpropagation algorithm to indicate how a machine
| a ye r should change its internal parameters that are used to compuite the representation in each laver from the representation in
- the previous layer. Deep convolutional nets have hrought ahout hreakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

Deep learning

Yann LeCun"?, Yoshua Bengio® & Geoffrey Hinton™*

achine-learning technology powers many aspectsof modern  intricate structures in high-dimensional data and is therefore applica-
society: from web searches to content filtering on social net-  ble to many domains of science, business and government. Inaddition

¢ :/I_\I ’ % l * IJ % }i I I 1% ?g i k I jl,k i \& *E % I:P works to recommendations on e-commerce websites, and  to beating records in image recognilion]'* and speech recognition”, it
1 L— l_ / g4 itisincreasingly present in consumer products such as camerasand ~has beaten other machine- le1mmg techniques at predicting the activ-
9]0

+ -,_ A s ﬁ: Sk ‘sm‘artphone& Madl'line-learnilllg systems are used to l‘denﬂfy objects ity of potential drug mole«.ules ,analysing particle accelerator data™
E /—Jt H,\J 2 E ﬂ )-L u TE x L B =% % % in images, transcribe speech into text, match news items, posts or  reconstructing brain circuits", and predicting the effectsotmulatlons
TAAI F%&## = B R RIARAE
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1.4.3. Typical Papers on Artificial Intelligence

David Silver, Aja Huang, Chris Maddison, et al.

“Mastering the game of Go with deep neural networks and tree search”.
NATURE, Vol. 529, Jan. 2016.
Tl FH R A5 42 ) 2% RN 152 2= 11E BR BB AL vk

Here we introduce a new approach to computer Go that uses

‘value networks’ to evaluate board positions and ‘policy networks’ .~/ ¢

to select moves. ... Without any look ahead search, the neural

networks play Go at the level of state-of-the-art Monte Carlo tree

search programs that simulate thousands of random games of e

gam - play. We
ulation with value and policy networks. Using this search algorithm,
against other Go programs, and defeated the human European Go
fessional player in the

doi:10.1038/nature 16061

Mastering the game of Go with deep
neural networks and tree search

“FBANELLIEL —M BB R, R MEMS
NMHEEME. EH REM% &EFEF. - REEATE
ERE, ZHEMELHK PR FSNERIEFEEE
H, BT EARMENE®RGTE. 7
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Appendix 1

Research Area of Al

Searching

Reasoning

Problems space

Planning

Knowledge

Learning

Rules

Al <>

Applying
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0

Data

NLP

Communicating

Machine Trans.

Vision

Perceiving

Speech

Sensing

Acting

Robot
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Appendix 1

This Course

Searching

Reasoning

V

Problems space

Planning

Knowledge

Learning

Rules

Al <
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Data
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Appendix 2

What does it feel like to stand here?

L1 It seems like a pretty intense place to be standing — but then
you have to remember something about what it's like to stand
on a time graph: you can'’t see what's to your right.

HERERFHEES AERRIKRM T —RRIREICE
ERfEfZ LR AR REABIRNANZMA.

L1 So here’s how it actually feels to stand there: which probably
feels pretty normal...

MiX B R Euh T SEFRRER I 77 . KRR HSE R

Source: http://waitbutwhy.com/
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Human Progress

Human Progress

Time
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