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What should the self-driving car do?
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Zeroth Law:

A robot may not
harm humanity, or,
by inaction, allow
humanity to come
to harm.
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ILASZEIGE

A robot may not injure a
human being or, through
inaction, allow a human
being to come to harm.

MBARSEIMG
EA, EAGEER
gﬁﬁﬁkﬁﬂ%

A robot must obey the
orders given it by human
beings except where such
orders would conflict with
the First Law.

MEBABTEEMA
RIS, FRAEXLE
mSSHE—EEH
e

A robot must protect its
own existence as long as
such protection does not
conflict with the First or
Second Law.
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O Face Recognition Experiment, Daphne Maurer
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Experiment 1
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Red-Blue — First trial
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42Nz FS?

O Field of study that gives
computers the ability to learn
without being explicitly
programmed. ----
Arthur Samuel (1956)

plays checkers with an IBM computer

Arthur Lee Samuel
1901 — 1990,
Bell, IBM, Stanford

O A computer program is said to learn from experience £ with
respect to some task 7 and some performance measure P, if its
performance on 7, measured by P, improves with experience £

----Tom Mitchell (1997)
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O 9325 (Classification)
o HIWHENET EMATK BRI —
o HEFIEFNEIEITE— T fiR" > {1, .., k},

» o _. y = f(x)
o HENMNDHETSE: BixRE

{dog, cat, tiger, bird} ?

%% ) = f(x) —

cat
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O AR ZE (Classification with missing inputs)
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O [@]Y3 (Regression)
o RIEMIAFUN G H— MEEEE
o HSEFIFZNBEImMETE—TERE fR'->R, y = f(x)
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oM : 11 B BIRR: 1;|7|‘%% 7 3D Object Detection
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SEME (Machine translation)

o HWANEMESHSFY
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Chinesa (Singifed) Eaglsd  Spansd - =

Xran Jizotong University is one of the earfiest unvarsiias undar tha Mimistry of
t_ ucabon and one of the ..a'h”-'r nrtm nnr' _.' mgher lgaming n China is

______ was founcad i Shanghai in 1896 11
‘aas ranamad Jmcf"nj { Ir n?'s'l, ’1 ‘IJZI In 1956, the State Counce decidad to mave
1o Xian in Jactong Univessity, It was part of Xi'an of Jiactong University In 1959, it was
named X'an Jiaolong Univarsity and wars istad as a national key unversdy.  In 2000
the State Counci decded to marge Xi'an Saotang University, Xi‘an Medicad Unvarssy
ard Sheanx Unversity of Financa and Economics to form the new Xian Jizolong
Unmarsty. The schoal is tha first batch of key construction units in the “7th Five-Year
Plan” and "Exghth Five-Year Plan” The first batch of schools have enarsd the nabonas
211" and "985 projects, and the siass has datarminad 10 buld 3 world-renowned high-
aval university In 2017 1in the "double-class” constrochon ist anapunced by thes state
t was selacted ingo a class A unvarsity to buik a unmarsity, and 8 disciplings wars
salectad as first-class constructon discplnes

] 4 < 7 Dugpest anoth
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NEaFIEFES

O &89 (Structured output)

o AT LUSEAEIERL

o MHA—ENE, ARHAZITE. BEEZHEFEENREXE
o ENESE: EORT. BBRRBHENT. HRESER

NP VP
VP P
e \‘\\ L .
\ NP P NP
\ A
/ \\. / \\
Det N Det N aae

l saw the man with the tekscope
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O |%EM (Anomaly Detection)

o T—HEHENRPIRCALEFESARETIAYMA
o ENES: ERFHEUFEN, F iRt

ERPEFA
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NeaFIEFES

O SREFIEEE (Synthesis and Sampling)

o HRER?
o EIMES: EFREMK. FUESHK

=74 AN

ARFEHE, EAZEMHA
HMAEAE, RARMKF
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RIEAAGITERLRT
AREAH £mWH X
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K09 T AR
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%R £ W WA

W& —AN N ET AR

AR B 16 &4 3B %
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NeaFIEFES

O FR5K({FIE% (Imputation of missing values)

o HAFRLETTERRK, H=mFIFAREMILERRK
o EIMES: RExZ2. BRES

Sparse Depth

Sparse Point Clouds Dense Point Clouds

HAHBEREF =

Ef&izE
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O ZXIg (Denoising)
o L[RERFFAIRANER

AIIRE, WEIRBEIR

T

. 1»-\.‘ ‘4"""—

. n N - .

- W
.
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NeaFIEFES

O BE(&it (Density estimation)
o HBFIEHEF IR RZERE]

Pmodel- R"™ - R

NON-PARAMETRIC

DENSITY ESTIMATION

Pixy, X3} o)
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AL P
O (EREEERFMIAMNRFIEEIEED, SRIMESHEX

o RAEFE: 1IEMHE Accuracy 0-1 loss
e [E|AES: ¥7FIRE(mean-square error, MSE), E, ., lly — f(®)I*
o ifliZ{hit: K-L Divergence, average log-probability

o FEIEFSEARNMEREEE, BA—ERHmENHMEEES
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0 KRIERAIAIRIRRAIHR
O FERFIFER, 2RHMELHIESE (dataset)
O

HIRERHE A (example, sample)I&ES; HABNIEIE~R(data point)

Sewes Yalya Yeo
DrzostCrzur o Seociwrgiy e Sepdakit & “exinsgh o Motz widh o Specin o

) “ i *3 1 ]
: -2 b A vl L v .
Y N i el L e
' % 5 s € Crvra t B
H an i 1 {5 U ] iﬁ
: o 5 i vs L i
> “h HE 1 L8 .| s bl
2 o B 7 v LA e
. ar sa *1 0: | MUy ¥ ;'vv.
" - 2! ’ o [N "
" 5 AT 5 0: | Uy
"° % e - [ s
1 o el 1 o1 L amun
. an A K i s
15 20 ol 2 [ L - By, - A
" “e o= ' 13 R - o) b Dy | ~ '. '.' ! { ; “' : d l::%-“;* o y'
0 5 3 3 04 e ey, S 3 BTSSR S | -2 R R e
1i® " i ‘a2 e | VY » 5 ] o i i 4 ¥ 2 ¥ L > oy
n b o v [ Lrava
> X L 1 | ey
- % w v 0l Lxva

Iris dataset , Fisher, 1936 ImageNet , Jia Deng, 2009
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NsaFIS5HRTFES
O Machine Learning VS. Statistical Learning

* MERBEARXH!
o MMRRE "FNN K3, NEETFLUT/LALE

» Statistical Learning FEBRXB %1+ (Statistics) iR E YA, Machine
LearningFE R EHAI/CSIHRERIRIE

> Machine Learning JE FAI/CSHY% >z, Statistical Learning/&F Statistics73" 3

» Machine Learning AYEEHRIE MW EREEFFAILEIE MM, m
Statistical LearningHFZE BiRE M@ REIERE, RO TEdE




N=aFIEEN DX
0 EFEIER, NEFITUN AL TEE

H#3] (Rote Learning) "LICHER" | ERFEESEER

FELF S (Learning from instruction) " %Uﬂj" %& Z ?—_iu_" ?_ 3

hLi

SRECIRIES B PR {LUE

Lt 3] (Learning by analogy)

RS S (Explanation-based learning) SRR, T R

7’

JA4M53] (Learning from induction) 1B 1 S 3 —Rg AR
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O EFFIFN, NRFIFETUTHUT=E
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) B b s

O ETWESN, mERVSZIFEZTLUAS

ait

¥5E=3] Supervised Learning

T U 3] Unsupervised Learning

EUEES ] Semi-supervised Learning

5IEEE S S Weakly-supervised Learning

B¥5&% 3] Self-supervised Learning

BiRE

TohRez

D BIRE

BIREERE

IXBSNERRE, M ABRERRE
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55U EES 3] (Weakly Supervised)

0 SEREIERAAS, REAS RN BEERSRENENEEE Tk
BE¥IRTYICERAR, AERE

0 BWEFT: BYRENRRERRNSE DR
0 SIS SRR

@D AL E (Incomplete supervision)
@ AHEFISEE (Inexact supervision)
@ A feMaEE (Inaccurate supervision)
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55 EFS (Weakly Supervised)
BHUBBET 5%

0 ReemE:
O AHtlms: 1
0 FRERnE: GHRER ,L,\zEIEE%EI’J

—=/J\

=i\ 7 \—

incomplete inexact inaccurate
supervision supervision supervision

7 N TR P

L oda 4\ 4

watermelon 7 Wwatermeion watermelon watermelon

watermelon pineapple .
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ez J& M EL

ZigHEE
Logic Reasoning
1940 ~ 1970

1943 Foundation of Neural
Networks

1950 Turing Test
Introduced

1956 Logical Theorist

1958 Birth of the
Perceptron

1959 Machine Learning
Term

1950 Pandemonium Model

1969 Backpropagation
Learning Algorithm

FRTEE

Knowledge Engineering

1970 ~ 1990

1973 British Al Report
1977 EM

1980 First ML International
Conference

1982 Hopfield Network
1981 Boltzmann Machine
1985 Bayesian Network

1986 Restricted Boltzmann
Machine

1989 Q-learning

1989 Convolutional Neural
Networks (CNNs)

>pass TR A4
FHitzs rEF]
Statistical Learning Deep Learning

1990 ~ 2010

1990 Boosting

1995 AdaBoost, SVM
1906 DBSCAN

1997 LSTM

1997

1998

2000

2001

2006

2009

Deep Blue
MNIST database

Neural Probabilistic
Language Model

CRF, Random Forest
Deep Larning Term
ImageNet

2010 ~ now

2012 AlexNet

2013 Deep Reinforcement
Learning

2013 VAE

2014 GAN

2015 ResNet

2017 Transformer
2018 GPT

2020 Diffusion Model
2022 AlphaTensor
2024 Copilot

2025 DeepSeek
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e SJRIIEE

O #BR[FINFES AT EREE

EEATS

> 1950 FE B R £ 18 X “Computing machinery and intelligence” 12 H 7 & 3 #/1 28 (Learning

Machine)#&id

> 19595 Arthur SamuelfE183“Some studies in machine learning using the game of checkers’/
IRHTHIEEES (Machine Learning) 317
> 1959FOliver SelfridgefEEf2 T{F“Pandemonium: A Paradigm for Learning”shi2H 7“5 iait&E

el Ticy

Arthur Samuel (1901-1990)
Bell, IBM, Stanford

Oliver éf'i SBlfridge

Oliver Selfridge (1926-2008)
MIT, Lincoln Lab.

B A NSRRI URIE SRR YRS

%

= =¥

BRI iRE R~EE
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s5—BiEz (1940-1970) : iZigiEE

O Big: REMTI=mZEHEERED, VImmEaEEE

o fLRIERLR

> Logic Theorist: HMB%F PG> (Herbert Simon) FAF19565FRH,
FE— e B o T BRI e IR BBRVRE 7

> 1K EEES (General Problem Solver, GPS) : ER3{E-4AHIE “ }
7R (Allen Newell) FOFMB%F FE3= (Herbert Simon) F1957F2H

RIAASK(BRE RN TE

> I345i% (Resolution) : A -ZE# (John Alan Robinson) F
1965 FIRBN—FfEmNEER G A, FEAT—MZE (BiEiZE) &
A EIEUERR

o RBE

Herbert Simon

(NEZiEHIEGR DR EIRA T ALERE Allen Newell



sE—KiER (1970-1990) : HiHIE

O Knowledge Engineering

BRI BEEVREEERE, MR AETSSAERNIR

o KEFMHMRER: EXRESR

> DENDRAL: HHEFBfEAFHSEE - 2RiEHEME (Edward Feigenbaum)
EHr- Ik (Bruce Buchanan) | AP -kE/HE (Joshua
Lederberg) EAFAR, BF—NHRIINERRSR, HITENEIMLER
AUHEIRIT R

> MYCIN: HETMBEXRFNZEELE BYSFIX (Edward Shortliffe) f1fHE
Hr-#tKkE (Bruce Buchanan) FAF A, #BEIESZHIHRREEE,
FaEhER

* BB maAmmmRestRERaitEnETEe

Joshua Lederberg
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sB=KiE (1990-2010) : Hit=3

O Statistical Learning (1990-2010)
BENMRIR: #ESREFERINERRIUT LIEE St =B K A

> J3MFES: NEREIZER S8R9 E —ARAUR NI a=EE, M
XIR WS RIEHERH TR R 2

> EitFS: mOBBEEREKENNLERET, BEFIIREER

> KILF: BEMAIREERE SFRBERHITILER, AZEIEF
FRERERRRAYTT A

Michael |. Jordan

o UFMERER: ML, SHFmENL. SEMF. B PCA

iR, B "B KRB Viadimir Vapnik
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L AN « I 4
FEMMEz (2010-FS) : FEES
O Deep Learning (2010-%)

EXNRE: UtlzsSB8 2=

> REZEIRIEE (2010-2014) : LA AlexNet 1 GAN AL,
A RS BB e

> REZEIEA (2015-2018) : L1l ResNetfdTransformer Geoffrey Hinton
IRZFE, REZIEZ NS ZNA

> FEZ2INTBSIRY (2019-FS) : Ll ChatGPT . ¥#&X
128 IDeepseek IR, EENUEFIN AIEHE—2Y B

o {\FIERLR |
)

> 1TEHIMEE: CNN. R-CNN, YOLO. U-Net, Mask R-CNN Yann LeCun Yoshua Bengio

> BXESAME: RNN, LSTM, Transformer, BERT. GPT. Word2Vec
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y Arifuial Tadligeace
1986 201 Bubotas

Ot A2 ALEEE
OAT AR ENSEFES
O 42253
OfNl=2==3a0h 8
O3 F I &S
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TR

O R

D = {(x1,¥1),(X2,¥2), e, (X, Vi) }

l‘l-ZlK%')'(_“j: X = (xil; "-ind)

HEARIRE . y;
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ENGE

O EdHiEks

M- T MR E

test set test / generalization error D=TUVUS
IGUEERS-V IIFRZE
validation set validation error

TNV =0
IE5EE- s KR E nS=0
training set training error TNnNS=0
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B E
O 3 WISIF (cross-validation)
ki (k-fold)R2 XM IE S ARSI D kiDBRFED =D, U -+ U Dy, D;ND; =

0, FRAETE - UDIERIIZGE, RITRITEIEANIRE, RRIEREEIRRY
EfFARERIETR

..
.
o
.

gk

153

e

s

N
B
-
B

suee

B
B
- 3
i Mzt

PZ P3 P4

P +P,+P+ P,
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aE. 3¥lg. ”US

O

izft8e7] (generalization)

— IR FEIFREFRRIARUN B A ZE ERITEMESHIBENTREZER
RYiZ{LEETD

TSI HRERNSRLEFEENLE PEENNRE (BIFHMERE) |
MIFRRRE (iid)

g B FEomelgE SN EREEHEEINRE
PsLRMRIRE R TIERRE
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aE. g¥la. RS
O JIRHE S AR R A R

o JJlIZRRE/N
o JJI|GZIREMNMINIRE Z BIRYZERE/

JIZRRZEIL K

WZRREFDNHIRE
ZIBERIE X
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a5, gilg. "/iUE
O {RERIRE (Capacity): BISHERIEED

E{RARBIRME SIIlZRE
ESHEESICENERTUINERIIZRERINER

Undertitting Appropriate capacity Overfitting

¢ =
¢ =




Ihl

rror

4
4

I

£, IS, ZPUS

Underfitting zond Overfitting zone

Training error
(Generalization error

_-— _— —~-

Optimal Capacity

Capacity
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S5 RIS

O SIS ATERES TE/LMER

@ REARBITER, UGS TIGEREFHIES. L
HERICHAEESARE, BRI T

Q@ NEFFEAKRDEERZARIE, WAITFERINFEL
, BAEBIIEARRNZHE

Q@ NEGERNRERNTHH, SERENE TIXERRE, X
HO 27| PRI A SRS T IR A AU REL

0 SEUEHHERRGERERR, FIEEKDLALE
iz SNFERVAE RS
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IEM4L (Regularization)

O ATHIEIIE, ATLARKEENN E—MESIIN, XWERAMREHITEST, 2H
IRBENSHERT/NNAESREERR, LURSZWIERE, XM AFRAEN
(LETZN

O BRNELIENME, B©=2Le#EIFD, N EIENHLTURRIEIRRE

J(0) =L(6;X,Y) +%9T0
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{525 (Entropy)

O

O
O

A ERBINEILERS (91) NAMRERSE—E, MRRFHITF(EEL)
EE-EEK, BEARFIERAEEIK

FHTPNSEYENME B AZEEEIIMR, BB MiEm, XSEE/RE
EXT—MEED L, WHRSMIBIIHEEHTER, RIRT—HHIERE

BEBERANNM—EEX, EERENX, B\, EEE)
RN ZENEMENERERIHNFHE

TR RE, WEXS
H) = Exl-Inp()] == ) pilnpy 1y =plx)
=1

XITELRETEE, WEERDENX, BIRAMDE

H(p) = —f p(x)Inp (x)dx
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AE X (Cross-Entropy)

O EXTRMERDHZLE, RIRMNMEIRSHNERIEE
O WFESEEIZTEx, p()Flq(x)ERNMERD RIMIREER
EEN
H(p,q) = Ep[—1Inq] = zp(x)lnq(x)
O NWFEEESRSH, KXBENXS
H(p,q) = Ex[—1Ingq] = —j p(x)Ing (x)dx
O WERMMERDHTEBE, WX R

O RXYEAEEXTRMYE, H(p,q) # H(q,p)

4, A9 X
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Kullback- LEIb|el‘ﬁarhmmlu

O BRENE. EEER, BTEERMEIRShZIERIELR
0 H{E#SAKNRBEMIRSMIERERK, SHNoheEFHKLEEERO

04+

P/ I X \a() £\ Dy (PlO)
] _» N — )

Original Gaussian PDF’s KL Area to be Integrated



Kullback-Leibler8lEREN
0 SHFHR M SHEBIEEST, SN ENKLEEEN 5

p(x)
p(x) In oS

Dx1(pllq) =

<[]

O WTFRMEEEBERDSH, BlIZERNKLEEEN

p(x)

q(x)dx

D (Pl ) = j p(x) In

O KLEEAEBXIRME
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Kullback-Leibler8{ERI14E

O AMRERDHESFHKLEER0, Ep() =q(x), WDk (plig) =0

Zp(x) Inl = Zp(x)xo =0

o IFE: DKL(pllq)—zp(x)ln

o KLEUERIERR, BlDk.(pllg) =0

q(x)
o UFAA: Dyki(pllg) = ZP(X) lnp(x) <EF%EC: }
q(x) Vx > 0, Inx<x-1
> —Zpoc) (W”)

=Y a0+ ) p) =0



Kullback-Leibler8{[E 53 X HAVEE R

0 KLEE Dk (pllq) = j p(x) lnzgi dx
O XX H(p,q) = —f p(x)Inq (x)dx
Dy (pllg) =J p(x) ln% dx =J p(x) Inp(x) dx—f p(x)Inq(x) dx

+ 0o

= —J p(x)Ing(x)dx — (—j p(x) Inp(x) dx)

~

I

0l

Jq B piEIAERFeHY

= H(p,q) ~ HO, @ﬁmp, p): B RAELEER

S

JRF)
86
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B AAAM&TT (MLE)

O s AR ETT Maximum Likelihood Estimation

RE S RS — A EN AR R —

X =W, . ., xMm) EmNMRZESHRER, RESHAp(x;0),
Pdata IEETD 0. SEORGAAAEITEN /I

Oy = arg max p(X; 0)
]

m
= arg;naxl_[ p(x; 9)
i=1



B AAAM&TT (MLE)

m
OypL, = arg max 1_[ P(x(i)i 0)
0 .

=1

m
= arg;nax 2 Inp(x®; 0)

i=1
Omi = argmax Ey 5, Inp(x;0)
0
Omi = arg min —E, 5, Inp(x; 0)

Maximize the likelihood

Maximize the log-likelihood

Minimizing the negative log-likelihood

Minimizing the cross entropy

D1 (PdatallP) = Ex~py,., 1N Pdara(x) — Inp(x)] Minimizing the KL divergence
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SRR ET
O EiTFEE5% p(vix; 6)

X = (W, .., xMm) BENE
. ISR

N

=1

Y = (yW, ..., y") @ XI R B i

0, = arg max p(Y|X; 0)
0

m
0, = arg max z In p(y(i) | x(i); 0)
0
i=1




AR AT

0 &AERETT(Maximum A Posterior) @RIEE S HIRIRS I ELIRESRAYERIH

it

X =W, .., xM) EmMIEISHEIIEAR, BESHAp(x; 0), S5

= NS A WSk
Omap = arg maxp(0]X)
0

= arg maxp(X|0)p(0)
0

= arg max (logp(X|0) + logp(0))
0
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2BREITFE — No Free Lunch Theorem (NFL)

O NFLEE: MBI ERIBIREEKFEYI, REFEIGEZHNNHNRERHIEEER
— Wolpert, 1996

O {(HIRBEERESEE ENEAREEEEEEEN, HRIRENREAS R IR XA
BRI FEIFEEE R AR IES LR ERITFH

The rectanﬁle represents 'n' number of problems in the universe

Random forest algorithm n-A
performs better than XG
Boost for the problems
belonging to this green

ircle

XG Boost performs
better than Random
forest for the problems
which do not belong to
the green circle

* Assume that we have only 2 algorithms In the unlverse - Random forest and XG Boost



2BREITFE — No Free Lunch Theorem (NFL)

O NBRZIRRBIRAEZH—PMEBRAFIFZRBEBNEFNZITE, MEXE
H2AFNFITEERNRENERTER, BREIE LR ET

ed algonthm

. A
performance | .
general-purpose algorithm

type of problem

FRWHRREE, RERFERESH: REEEOSEFRERIKILERE

MERFZBENN, RAEULRENSSMEEOSEHETE, RETEL
ERARIEH




Ba-E48$17JEE — Occam's Razor

CORE PRINCIPLES IN RESEARCH

OCCAM'S PROFESSOR OCCAM'S RAZOR

"WHEN FACED WITH TWO POSSIBLE WAYS OF "WHEN FACED WITH TWO POSSBLE
DOING SOMETHING, THE MORE COMPLICATED EXPLANATIONS, THE SIMPLER OF
ONE IS THE ONE YOUR PROFESSOR WILL THE TWO 1S THE ONE MOST
MOST LIKELY ASK You To Do.” LIKELY TO BE TRUE."



Ba-E48#17]ER — Occam's Razor

O “WIEHE, ZIBSEM" — Entities should not be multiplied unnecessarily.

—7—_ *“All things being
M sw(equal, the simplest

solution tends to be
~_\the best one.”

illiam of Ockham
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Ba-E48#17]ER — Occam's Razor

0 BREMNRE: NRESNRIBEEHEBEMNZIANESS, IPARZERERIM
, mERRIEOIEREEE R BRI

O MREZSMRELEREERSFIERMEATE R —MERRAIMN, ARG EE R
Rig&/DHY, BHE&ERAERE;

0 SREABITTERN, M ZERNXRFPAENASCRTERIBE, £8
HEBRMEEIINEGRIEN, XMEaSBINENAE

ALEA AKX AR, XEA GER D



2 A T8 B2 B

Collegse of Artificial Intslligence, XJTU

o~ W Institute of
t’g % X @, K / < IMR f;§6 Artificial Intelligence

XEFAN JIAOTONG UNIVERSITY alldRObom

The End




