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FERE—  HERIEAFET Probability and Statistics

ARTEERZR BRI oot st 5

FRABRTEE TT T oo rrvveeeeeeeviiesssssissesssssisss s sessssss s sssisesssrsees 7

FRTEZETK covorreevtemmeeesisee st esise st et s R R 7

FERE.  ALEZEMIE (FEDCETE) e ssisessssisses s sesesessssennas 8

ARTEZEZNEE IR oottt ssisse s sess s st 8

AT IR I ..o eseeesseee s esssssesssessssss s sesssss s ssis s essisessessees 8

FRABRTEE TT T oo seeeiisesssesssseesssssssse s sssiss s sessssss s e sssssnesssssens 9

FARAEZEIK .ot vvvtersaeeeesessmeessssesse s eesess e eses s ek R 9

EFERE=  EAATESHAXER
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BRI PIES A ... ceseiss s sessss sttt 10

FRABRTEE TT T oot sssissessessssses s s s s enie 11

FRTE ZEIK ovoorereveamesesssnesessssesessssa s essase s seas e esas s bt ke 11

FEREN : £pTIAl : XFEBEEMRRIEEER (2R ) i 12

ARTEZEZNEEIL oottt sttt e bbb 12

FRAEPIES A ... cesiisseessesissessesses s s s st 14
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BRIE— | WRBIRET Probability and Statistics

BTN

FIRR 2L

FRIRZLEN

PR B

FEERAR AL :

RERrE S

g7

J:E% H% A :

#2000\ (fRE 200 A#GFRER)

2431

X

: AR E

BN 14:30-17:30 EIUME = 20:00-22:00

EREDZIE2/20 20:00-22:00 ~ 3/6 20:00-21:00 ~ 3/20 20:00-21:00 ~ 4/10
20:00-21:00 ~ 5/1 20:00-21:00 ~ 5/15 20:00-21:00 ~ 6/5 20:00-21:00 # L&

ERMPIERME 4/17 14:30-17:30

ERIARIERMAE 6/12 14:30-17:30

=IE FERMUE : NTU cool ¥ &=

ARIEANE

ERABEBALES - 8_50_REBAHR 1 BB

AR 12 A 2L

1. Experiments, Models, and Probabilities

1) Applying Set Theory to Probability



2) Conditional Probability
3) Independence
2. Basics of Random Variables
1) Definitions
2) Probability Mass Function (PMF)
3) Families of Discrete Random Variables
4) Cumulative Distribution Function (CDF)
5) Probability Density Function (PDF)
6) Families of Continuous Random Variables
3. Random Variables and Expected Value
1) Conditional Probability Mass/Density Function
2) Probability Models of Derived Random Variables
3) Variance and Standard Deviation
4) Expected Value of a Derived Random Variable
4. Multiple Random Variables
1) Joint Cumulative Distribution Function
2) Joint Probability Mass/Density Function
3) Marginal PMF/PDF

4) Functions of Two Random Variables

6



5) Conditioning by a Random Variable
6) Independent Random Variables
5. Sums of Random Variables
1) Expected Values of Sums
2) PDF of the Sum of Two Random Variables

3) Moment Generating Functions

4) MGEF of the Sum of Independent Random Variables

5) Random Sums of Independent Random Variables

6) Central Limit Theorem

7) Law of Large Numbers

2Z2EH

Probability and Stochastic Processes - A Friendly Introduction for Electrical and

Computer Engineers," Second Edition

ARz NA A A

BEAE

2/20 HRREBT 20:00-22:004% L@ 3= ¢k

2 2/27 HRm  EamERERE

3 3/6 WRAEME R IRA R 20:00-21:00 EF 4 L&



4 3/13

3/20

3/27

4/3

4/10

4/24
i 5/1
12 B
13 K
14 B2
5/29
6/5

4/17 14:30-17:30

HRIBU M EBEEKE

MEr B - 2R IKE (CDF ) #
WRESRE (PMF) - BEEEES
fial

BERU R Dol ~ HREE R EPDFER
EEKR

EERE M IEHEE |

B || - SRR R - R
HiFE LY

HarE

&

EBREDM - BEREERD

wRpHEE

MRERSH N Z IR R MR
W=7 i (BiEAD)

BER R A - BEDREMGF - £
112 P 1% 2 BN 2 ch RAB PR 2 3

R

EREM[

—iRIgE

20:00-21:00 B #R LR

20:00-21:00 EF#R LiERE

20:00-21:00 B #R LB

20:00-21:00 B 4 L&

20:00-21:00 EF#R LiERE



6/12 14:30-17:30 HiRz¥=

AR ET T

et 2B (FSE(80%). IR FE R E T (R5%). WKL RT & 10 (25%)

R IE 22K



BRE_ . ALEZEMIE (Al Ethics)
e AE R

FERER | RIBAE

RIRHEED . HES

HARAEL : £92000A (IREBLO0 A A FRRER)

BSRARA 2L

KBRS PX

RS RN

Z2EBEAMBEE . BEERAUR LIEBUBLEERUTO/NE, EXEELMRIE
B2, SRBYHIRELE

B FERIFE  ®8B=152018:10
=P FRRMUE
RIEME

ERNBEABHLEA] - B10RBEFLIZHH

R A A AL

ARRIZEEFREER BN CABIERIM N EERPTS MRE. R EISHEE,
8%, BENESHBF2EANZERERUNBIRGIERSE, UNSSHESHERNE
To HR, HRBAINERRRNDBINIZEANTRASCRR, HE, KRFTARE
ABEABVERET, WOMARMATS RS EBUEESETE, H9%, RRIZINEHR
AFERZ BITEREABEFBHR. RIREER. NERENMERNESE, ERIZIR
D& MNFEFRNIEISHREBETSSE. &8 R GERBERLHHE
RIEAZREREBAESFIRNAZTRRELITHRRRIE

10



2E2ZEH

1. Borg, J. S., Sinnott-Armstrong, W., & Conitzer, V. (2024). Moral Al: And How We
Get There. Random House.

(Y

2. Russell, S., & Norvig, P. (2021). Chap. 1 & Chap. 27. In Artificial intelligence: A
modern approach (4th ed.). University of California, Berkeley.

3. Gabriel, 1. (2020). Artificial intelligence, values, and alignment. Minds & Machines,
30, 411-437. https://doi.org/10.1007/s11023-020-09539-2

4. Russell, S. (2019). Chap. 7 & Chap. 10. In Human compatible: Artificial intelligence
and the problem of control. Penguin.

5. Vallor, Shannon (2016). Technology and the Virtues: A Philosophical Guide to a
Future Worth Wanting. New York, NY: Oxford University Press USA.

6. 215505558 (Kate Crawford) (2022), 5=, =, ME, HE8 (AIEERFEH
*MT&_\'» ’ AADEY1E pp 71 108

7. ZRM0. 70 2R (Taina Bucher) (2021), &B—. =, UE, HB (HWIRFHNEE . EE
EPIEEIDUSHEN) , BEBHBEISEE,

8. S Eoe. A PITeER(Virginia Eubanks) (2022), s£=. U, £ZE, HB (S8
g3) , BRI,

9. & 78.BRE R (Cathy O’Neill)(2109), « TE, B8 (REUEIHIENRR
8B, KBER.
10. HUES1B(Yolande Strengers) &2 . H3&:8(Jenny Kennedy) (2023), $H—. &,

(BEZ7F) . BEARZEDRT.

11. fese BESiE W (Nick Bostrom)(2016), &H+=. +MM, +HZE, HEB (8BE
£) ., JEXE,

12. H1E8E(2023), (AIEERNHHEBHEREREARRGE . (Rih, Bgny
) =TI, 37:167-220,

13. HIE8E(2024), (Al BENMIBESY @ BESREKZMIAZT) , DAk
(BREMZT) Z=TUHE54855188, H1-68, DOI:
https://doi.org/10.7015/JEAS.202403_54(1).0001 (THCI/TSSCI)

14. H18E(2024), (ANIBEBRMEZNEMEBR ? ATERITAEZIRTD ,
11


https://doi.org/10.1007/s11023-020-09539-2

(BB E— IE) BERNRE) , AmBEZEWLAR. I1ISBN: 978-626-393-008-7

ARz N A A A

EE RS

114/2/19 RIREAIZE SRR T Al5RSlido, TttC

=

114/2/26 RIEEANRSHABRMERSDHNT  AlESldo, THC

114/3/5 AIERBIARER 18,2 (RIEERE RIR2EN, BRUHR CRTEIR1ED
I 114/3/12 ARER R IREIRT 2R EIOEN, BEENR B EIR1ED
S 114/3/19 AR AN SREUEME 2 FE SRIR2EN, BRUHR CRTEIR1ED

114/3/26 AESENT S HRBUSHE 238 SBIR2EN, BRELR FRTEIR1EM
A 114/412 BEIRER

114/4/9 AR ASBEFE P SBIR2EN, BRLR CRTEIR1ED

114/4/16 Hpch=58

o) | 114/4/23 AIE’Q“B%E@EWZT HUSEE R BIR2E, BRERLCRLFHEN
R, RRAELR

il 114/4/30 ARBIBEEIF 2 RIBRASHE - B BIR2E,

)Ilﬂﬂl]

BSER C [P 5UER 1 6D

LR

UL 114/5/7 ABYSIBEEIE 2 HIERA BHE 6 HIEE, RIS I ESWR1ED
AT

B 114514 AEEREE/E2IRISE WIBOH, BELEUS RS R1E

VAN 114/521  AMSTHRERR SRS EIBOH, BELEUS RS R

12



ey 114/5/7 R - R ORI QE R FRER1 DIEFERENT

I 1140614 ESSHBERS IR TR TS

RAEFER T
525 SINIEE iipalnnt]l R [EaRTE
No. Assessment [tem Percentage Description
1 RIEEEECH Y 30 % BX L5RiR%a8\FA LS
&
2 REDHFTH 30% RIRIR FIRRISN AN HSTFR R R
BIEE SHosk
3 HpchZ= =t 15 % Take home exam 24/)\6F
4 HARDIEEBERS 25% EFR LRSI BRI EAEE
REFENAFEPRETI T
BRI,
BEFTE10%, 1BRERBK
HEMFLD1515%
ARIE 22K

13



BRE=  ERRAATEENWAE  (Introducing
Generative Al for the Humanities )

e YINC

==££

FRER . EEAE

FRISZEM | HETEl

PARAEL . 592000\ (fREB100 A4 FRER)
FRARRI . 2IEEH RAHEZEEBEE)
RS | X

BRI R

ERBEANBEE BRAEEBERMR - WEMT Al BRZE - UEA&ERE
AL BRI RTE Z BN E

B i=EE FRRGRE © [0 14:20-17:20

#=ph FRRMIE :

ARIEANE

IERNSEABNZLES : 5 20 RBEF 1 BPH

AR 12 A AL

b & ALRHE R B S, AT 1) 2581 18 17 B PR A 32 21 1 AR Fef e (1) i, 7
AT FURBLZ BALEMANARIBE )], AamAoAatER, SOEEBAIE L Wi Aot & ol
STV BB

AL R S A TSR A B A 25 AT Fifl BLEE AT ik, A8 N 228 HEB G i
b, BT DAl AP G AR A AT ). AR AR B AL D BRI 5E, L
14



TECBLRE s B SRRl A AT BT SERE i g Jre, N0 A G LA S A BRI (b
A, FRDESCLE A, G S R, Bl B S A (RS

=Z£H

(DA BRI = 2 SCHUEM By £, DM e e (B2 %)

- Raschka, S. (2024). Build a Large Language Model from Scratch. Manning.

- Pai, S. (2025). Designing Large Language Model Applications: A Holistic Approach to LLMs.
O’Reilly.

- Porter, L. and D. Zingaro. (2024). Learn Al-assisted Python Programming. Manning.

— Felitsn (2024). AT ARG/ #HFIA: Ar 2 Al KR L.

W

ARz NS A A

WIZAB

2/20 AR N RISEI - FABKEGooglelRIE -
2 2/27 AR R AT RS ¢ SR S T
£ (1) (Prompting LLM)

Bl /6
AR R AT ¢ SRS T
£ (2) (Prompting LLM)
= S/ GCATEIN A 3265 (RAG and
VectorDB)
S /20 Sk X ATH B S R S (Fine —
Tune)

15



3/27 f B RAT /AT = BB E (1)

Embeddings explained

4/3 (MIR)

4/10 e HGRAT JATREE S BRI (2)

(Transformer explained)

4/17 e R AT 2 5 L% A8 (1)

(Speech and Multimodal LLMs)

=
o

4/24 o AT BB 9 B

(Artistic and Musical LLMs)

5/1 BT E I 0 (Evaluation and
Benchmarks)

=

>/8 S GRATE (1) AR A TE(L)

(Compound AI)

=
w

>/15 FoEBRATEE (1) —ATE(2)

(Compound AI)

5/22 SER#HS Guest lectures

=
H

5/29 ABEHAE R A o AR O (i B 21
il (Digital Avatar,
Humanoid/Alignment and
Ethical AI)

=
Ul

5 R R B 0 5

=
(<]

6/5

1. YEGH (S A SR S A R, R B PN B B0 B0l BRRIRIE I B B oy, SRR
BHEBER.

2. &AL L. Baln R .

3. SCEYH AT BB HLES, AR RN ] AR PR R A [T RE OIS S PR, s LA
SCRE St & 2R,

4. BWEERNINFE B, PO RIEL, REYE A D SE e R T R

16



PAERLETT T

w22 LB U W] 20%
RIS 40%

IR I 2 15 40%

* % AR A LA RSN A 5 Rt

AR EOK

- R A AT A E A IR TR
- RPMEIRME Nvidia RS IREEERE (GRsail) o AR AW, 5T
W, WINARFEDTS 13—14 SR Bl 42 e 55 5l Bl

17



SREN - £T Al XFHEEGERIRIBEER
(Generative Al: Text and Image Synthesis Principles and
Practice )

BTN
FIRR B2« BUAARE
FRISZUAM © EE3KHE
PEARARL : #2000\ ((REFRRER 500 A )
FIERAR AL IR RTE (BMABIESR)
RRsEs - X
REDI  REIUERE

EEmEHEISARE BRESBERNERT - HEMT Al A% - BAMHEEREZEZED
£ BIFRE -

@5 FRRSRE : 88 16:00-19:00

I=IE FERNIE : Facebook [MAKEHZEZEDN )

https://facebook.com/groups/nccumathonline/
EENEL SN

BERANEEEBHLLA : 5 25 BBAF 1 BHH (=)

AR 12 A 2L

PR AT ¢ T B (G A O I P LR %*F'ﬁ%ﬁfi%“ﬂ“}#,\E{’FMLE@%&, Y
A BRA ARG AL (9 E A BLE T B2 ek at. am ¥ AT nadaiod SEaE s e ms, 2k
a0 Ay S e s el AR, Aol B AR iDZJE AT (LRI BE, B K & B2 i e i
GAN. Transformer. KMUiES#. RAG. AI Agents. Diffusion Models %
18



flir, C3#E T H 40 OpenAl API. LangChain. HuggingFace % AutoGen %4¢, 52K
PESC T BCRN MR A= B 2 BEE T

prie B R

1. BREA G AL RO Hiflr, ©iEm#eH#dt. GAN. Transformer. AMGES B
. RAG. Al Agents. Diffusion Models %,

2. EBGHT AR T HRINEZE, 141 OpenAl API. LangChain. AutoGen.
HuggingFace. Fooocus, 1% Em94mA AL fEH,

3. PRGN AT 1ty B f BEPKHK, Bl Fef i BB R e i b L BT R ) A

4, SERCUIREH, RERPTELNEY, IR — e AR B AL R

PR
TEFF MR A BRET © ARG I SERE IR 5, S50 TR ASIE B R LB )

BfERE, Himbi : ST Colab MEATRENVEME, BlG RBEIRMEAREIEE, 2
BB,

BEREHEAM © A& o)A ol AT BIRIEL TR, SR AT 28 5.

ZIALME RS R « RENEW SO AR, WG AR, Hahiss A, Agentic AT A2
it

REEEANE ¢ AR T, Ea R ARG AT ik e s 2L, saa T & ST
i/ AL, .

e

W

IKZEJ:H% H=HHE /\%% -I-’I'}‘j H%*EDEEP)/TII\E

ARz NA A4

19



2/18

2/25

3/4

3/11

3/18

3/25

4/1

4/8

4/15

|||1“\
|||ii|||
“‘i“\
|||i|||
|||i|||
“‘i“l

SR TAABEAE T Al Bt

BRI

ERE AR (GAN)

NEFER Al BREESHEE

RNN & transformers RO ERIE

REZESEE (LM ) WERRMIE
BRI

TEECRIHRHSRA

MRIERER (RAG ) NIREBREF

4
b
illm!,—
H;

20

RIZEHRREANBTEN - RTEEWFREN
I Al - 7148 Colab FERIE R

BT RREBERZ LS (AR - BB
BUAIER ) - MEBRREEREERE  BfF—
B ER MNIST FEHF D48

MASEWEFERT Al FERNEMET
s (GAN) - 8275 GAN RYERRE
ERNEASKE  RRTEERABEEX
RAVREA

XFEER Al WEXRELE - 81F RNN &
transformers B "8 1 B E
7T K seq2seq B - AMASERIE

RNN & transformers RO EA E R BAZS
1% EEEKNEEES  BEIENEN
R RIE

ERBMABESEHE (LLM) - BRER -
K imIRE BRI i

£/ OpenAl APl - BB RITEBC
RUETRE I ER A

RAG WH#E - ERRRELENES
% - BYEER LangChain B RAG :4t

FREXRNE RAG fEE Rl _ERVFE Bk EY



4/22 Agentic Al £2 Al Agents ftEEZ Al Agents ? &t B2 E @M
Agent - M43 AutoGen 1EZR1 R FEFAZ
Bl

B 429 & BHBEMRGES (VAE) ABNERIRE ME VAEWRE  RAEMTESHEEBERN
BE . gl AEGBER Al NEEEE
12 5/6 Diffusion Models EA[E1& 4 A4, 48 Diffusion Models FIRIE - BIFE NN

#8712 - U-Net RIBRUBIRS I

5/13 XFEE Al NREREF TAE TR, ERBWASEH CLIP
B ZZ0EGEN A REKERS

=
N

5/20 Diffusion Models #:P& =+ 78 Latten Diffusion Models, LoRA,
ControlNet &#:=

=
Ul

5/27 Fooocus EEEE L N #AFR WebUI 228 Fooocus - £/
Stable Diffusion ZEREE EIF AI1E

M FREANHRBERRDZ

=
(o]
(9]
~
w

FUARRTETT T
* AR TR A LA By 1
o [FHIII: T5%

TN AW N, R RF M0 By 10 700 G B RS GE
1, HAEERH P& prompt stA: 3 HASRAKEERI(ESE, M0 5as 3 70

l

T AT IE R — MG AT G S5, IR =i ey e sk, DABehn 2 Bl
HEE R B2 IR 570 =, WAy

\

°
)
a
W

5

o°

21



IS EAE TIE RSy IR ELERAE, So4t ERAE). B EESE, EESIAE

=

Ho
o AN

sifefr TDUE S w1 BE, BT A A, fefe R LEREE Ay, LL 5 NI

[, 7% CEAERGR AT BGOSR LB 2 TS B (IR 2

1. @i/ Google Colab Eumid i1, &nlnlE2uEfHi L H L) Google MRiE, AMEE
MPFZEMERL e B sk e %y, (H 0T DA 1T Utk Pl &5 TH.

2.tk (JE%Esk) A https://platform.openai.com/ f#{E {4/l OpenAlI API (1)
credit, MEEX 5 KB EoC e SR RRIYTE K. AR T MR e P A LM e B
%, {11 OpenAlI API nffga il J7 {8 (Fr BT AT B #CE I M L)

3. JEE s LA, ER RS E0fE, SR EES ARG AT EilLE, &
AT EEZN . AR RGN AL 3R, (A RHYGE S G 0E, ANHE R,
TR, S EEER: F—(H prompt stAEEE AR, EEEEEEEN
REFZZ1Y.,

K8

22



BRED  AEEE (Deep Learning)

%F]

BTN

FRER  GIARBAE

FRIRZED . 223 F ~ [RKF - #F3

AR AR : 91000 A (FRERERER 100 A )

FEERAR AL : TREERTEE - AU EolE(E

RARES « B’Y

RET T IR

ERmEAMBERE : &

[@F&=EE RIS ¢ [0 12:20-15:10

Z=ph FRRNIE

ARIEADE

ERNBEEBHLEA : B_15_ REBAE 1 B
AR A AEE 1L

HEMRNREPSIENEEENBREREETEZRERE L ZBRERR  FEBER
BIE - BEHEERRER  ATERFRESRE -

The instructor will guide students through the latest international developments in
deep learning methodologies and applications. The course will cover theoretical
principles, mathematical derivations, and practical applications. Students will gain

hands-on experience with deep learning tools.

23



1) FRREEBIRWHNHBERE

(To understand the maths of deep learning techniques)
(2) ABFEEBBTITHE (AW PyTorch » TensorFlow 5 )

(To familiarize with deep learning tools, such as PyTorch, TensorFlow, etc.)
(3) N REEBRMHNENZEXNEEH

(To understand the latest developments and applications of deep learning

techniques)

\b

2Z2ZH
1. 1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning, 1st Ed.,MIT Press, Dec. 2016

2. R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction, 2nd edition, Nov.
2018

Y EA AP

WIZAB BE(EAD)

1 2025_02_20 ﬁl"ﬁgﬁ%%&%%g%
(Introduction & Machine Learning

Basics)

2 2025-02-27 REH Lab 0 Warm up
(Deep Networks )

3 2025-03-06 BEMLHEEE

(Convolutional Networks)

24



2025-03-13
2025-03-20
I 2025-03-27

7 2025-04-03

(BRRZER)

. 2025-04-10
I 2025-04-17
2025-04-24
2025-05-01
2025-05-08
. 20250515
2025-05-22

Transformers Lab 1 CNN

Introduction to Reinforcement

Learning
R FEIVEAB RS IR0 B E IR f A A S
(Linear Factor Models & (Recurrent and Recursive Nets)
Autoencoders)
Valued Based Reinforcement £ o 4
Learning ) )
(Generative Adversarial Networks)
s s Lab 2 Discrete control (Games, e.g.,
o Atari)
(Diffusion Models)
REERIZ
(Normalizing Flows) Lab 3 Diffusion (+ GAN)

Policy-based Reinforcement

Learning

Offline RL

fe FE RE R O

fe FE RE R O

25



e 2025-05-29  EARER

(Final Exam)

20250605 e

AR ET T

4 Labs (done individually) 80%

Final exam 20%

AR AT 22K

® You must have access to GPU equipped with at least 6GB of memory

26



ERIEN ¢ R EMEBEIRE ( Robotic Navigation and
Exploration )
Y EL- YN

FER  BYEERE

FIRZED © SPE8E

PEARABL . #1000 A (FREBFIERER 60 A)

FarARAl : BESH

BRRES | X

RES  RETUERRE

EEmEHMENEERE . EL - B - S HEBRRNRESE

@ EE FREE - 88— £6:30~9:20

=IE FERUE | BINDEERBESEELIOHZE ( &=REA meet.google.com/wbh-
oihg-jsn)

ARIEAE

ERABEBNZLEA - 8 10 RBEF 1 KB

AR 12 A AL

AR By = B 2, 2 B EIIRESE B ) 1 % (SLAM). JE b R £t

H.2 Y 5 R (Scene Understanding) B EESE A B /F 2 (Action Control).
FUTHRE 3 B B [t] Gl 155350 7 0 1 B R B TR LA BB T S5 B G SC 0, R B SE IR IR 8 2
RGB—-basedy3DSLAM Jj ik, %t BRARIVEE 70 (G b es SR A I S0 AR &, R 2R
ELPAT Al L H i P A (I B 5 S OB B il . B0 R0 510 20 FI A R A R ) B S A
WAL, WA ASRILER DO A S PR T HERY BE A,

27



3

e 4=

e Richard S. Sutton and Andrew G. Barto, Reinforcement Learning: An
Introduction, Second Edition, MIT Press, Cambridge, MA, 2018

e Sebastian Thrun, Wolfram Burgard, and Dieter Fox , Probabilistic Robotics,2005. (Intelligent
Robotics and Autonomous Agents series)
Kevin Murphy, Machine Learning: A Probabilistic Perspective.

e Daphne Koller and Nir Friedman, Probabilistic Graphical Models: Principles and Techniques,
1st Edition, 20009.

e lan Goodfellow, Yoshua Bengio and Aaron Courville: Deep Learning.

AR N A A4
REAR
2/17 Introduction to Robotic Navigation and Exploration
2 2/24 Kinematic Model and Path Tracking Control Lab 1

* Control System Basics

* PID Control

* Basic Kinematic Model

* Differential Drive Vehicle

* Pure Pursuit Control

* Kinematic Bicycle Model

3 3/3 Motion Planning Lab 2

* Motion Planning Introduction

* Path Planning

* Curve Interpolation

28



3/10

3/17

w
~
N
N

7 3/31

a/7

4/14

N 4/21

* Trajectory Planning

* Path Planning

Reinforcement Learning (I)

*MDP

*Value Function

* Bellman Equation

* Reinforcement Learning

Reinforcement Learning (I1)

* Q-Learning / Sarsa / DQN

* Policy Gradient / Actor-Critic

Project Environment Building (1) Lab3
Project Environment Building (1) Lab4
Project Environment Building (l11) Lab5

SLAM Back-end (l)

* State Estimation and SLAM Problem

* Probability Theory and Bayes Filter

* Kalman Filter / Extended Kalman Filter

SLAM Back-end (II)

* Graph based Optimization

29



* Graph Optimization for 2D SLAM (Bundle
Adjustment)

B 4/28 3D SLAM (1)

* Feature Descriptor

* Multi-view Geometry

* Lie Group & Lie Algebra

12

5/5 3D SLAM (II)

* 3D SLAM: ORB-SLAM

* Direct Method

* DNN-based SLAM

5/12 3D Embodied Agent
5/19 Paper Presentation (l)
5/26 Paper Presentation (II)
16 WJ»i Project Presentation & Demo

AT RS

° ffﬁ%t 60% (15% for each HW)
o i B A5 (10%)
. E%Eﬁﬁﬂigﬁﬁ( AR, Emmes. muEfes): 30%

AR AT 22K

@ EZBELEFCIEBPythoni2zlast - EREE - REEE -
® B4 REBEEGPUBRF 2SN -

30



O KNRABPAZFERDAME  RERFTERMEBREEZER - AREAEIHPR
#= - ez BT O IRARREBER
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