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#2328 Machine Learning

1 22 B2 38 —S3 2 FHArthur Samuelf? 1959 FEIFEH - 2IBME L - th 28
s bE B AN A T &S Z= 2815V 5CER -

MRBEIZANTESN—ENRET - DRATESE ZNHZEFNAR - L
BESAO DI BT E RN 7 ERREEBNEIE - M2 AREIESWNIGE
L NEITHETRE - A EEEEENERFHEHETEMEE FBE L sFZTRIN
FA -

METMBEREL (BERE ) 7TABH F 2 BNERE - ERREIZE—
[ErERARVIF RS - ERE R BREEEEHETRRMEER 2HT(EDA)

https://en.wikipedia.org/wiki/Machine_learning
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Tom M. Mitchell #1123 BB R MM RRESR AR HE L —EHREZ5 B - 8
IFRER

"A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P if its performance at tasks in T, as
measured by P, improves with experience E.*

BRKREEEMIEER

RIBECHRBRRAESERETDEE
RIBE LR B RS R ETIRA

—REEFAR P BERNREES AU UERFNERGEEU N EEEEAGNR
BHELRETHE - KRERXRSNEREBEERAUUSNRZEZRRNEBETR
Al o

https://en.wikipedia.org/wiki/Machine_learning



KRBEMALE SRR

W2 B RERNHATERA WEXK - EATSZER—FERNER -
—EMRAEHNERRCEIETPELGRER - thMERXBEIEFTRAEUR
SISFTEERY "R ) RERRSEIRIRE -

g - ERNAHEND ZNHEREN A LEENRREE ZBNHE -
BELAmZAENERNFR A HIERNEREENRE -

1980 &F - EXZMERETEZANTEE  #1EABEZEHW - MR EES
HOER - BB RARNER—FERALESENERNENE -

John Hopfield, David Rumelhart, and Geoffrey Hinton &t ERIAYFFIE A
BMEAICS R ZIMERE FEIRIBAR - A "HEER, - tMPNEZMN
2T 20 4 80 = HE] - EXTEEAR © [0){E1& (backpropagation) -

— 2024 Nobel Prize in Physics

https://en.wikipedia.org/wiki/Machine_learning
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#*EEE Deep Learning

FEBEERKFEENFE  BEIRTABEHEEINITSEE - CEREMERRE
BELE - ZFENEBRCREREHERE - HZOERA LTS
ARENL TEIlAR L, BPIREIREIE - TR E TR, BEEABRERZE (1
—EREENALTE) -

FEEBEE R 1986 F£HRIina Dechters| A#23E8E R - 13 WAL 2000 &
F Igor Aizenberg & HE[E51E 1 / Bl & Jt(Boolean threshold neurons)iY
Bs MEIAAL SRS -
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TEEMAE FCN, fully connected networks

*EE 2438 DBN, deep belief networks
BIREALEE RNN, recurrent neural networks
L@ ALAE CNN, convolutional neural networks
R E A GAN, generative adversarial networks
""""" #1828 transformers

74888 5935 NeRF, neural radiance fields
— [BHEGREBEL 2D 252 EHH 3D 5=



HR2E M XEEE NEE (1)

[ o o M e iSRS Tt T —
| |
| Machine Learning CIassnf‘/catlon |
— 4 4 I
! == S | | Features | Features & |
! ’Q d (- g Extraction Selection *i‘ i
| A [
| |
___________________________________________ =1
- i
| Deep Learning Classification |
| 8
- P " . |
! B - B
| "w > Deep Learning Model - ,
| ‘ f |
. T ]

Deep learning

Performance

Older learning
algorithms

Amount of data
Alzubaidi, L., Zhang, J., Humaidi, A.J. et al. Review of deep learning: concepts, CNN architectures, challenges, applications, future directions. J Big

Data 8, 53 (2021). https://doi.org/10.1186/s40537-021-00444-8
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AT EE Artificial Intelligence

m

/\IgE'”E'EgE CREZHNRER LR - E2Fas ( BikA; ?E ) FRIRIRENEE -
EINRIBR— B 5ELRE - AR A EES 1@&%&‘@%5’]’7%%1&

iﬁ WA REBENEEHIITE - Eﬁﬁﬁfiﬂ?ﬁﬁ%fﬁﬂ%ﬁ@%ﬁ@%’%‘ °

ATLEEN—LESINEENEREE

— SRAEBE=E5Z (Hd - Google#= )

— HWEZ4 ( YouTube - Amazon#INetflixfEF )

— BBABEEZEETHEE ( HlWGoogle Assistant ~ SiriflAlexa )

— BEEMAE ( AlWaymo )

- E£RMEIRIER ( #ladChatGPTAHIAI art )

— PIRESER ( AINEBERREMEE ) PEANIUEM DT -

A FZALEFEEAEINTAEEBALEE . "HAIZIRRALEE

@EEE_ AR BETEREAAIRS KA BennE
SENEMARALE - AR AT EE0EE -

EZOZO FRYANLEZZVHEE - FF2 Aol fEHZIE T’Ei%ﬁf%/ﬁﬁmv
e BlEMA " ER EIRBEMMESNERALS=, -

https://en.wikipedia.org/wiki/Artificial_intelligence



Al #1 Data Science HY%BIT & lE

Artificial Intelligence

Symbolic Al Neural networks

Data science
Deep learning/ deep
neural networks

https://akfpartners.com/growth-blog/ceos-guide-to-artificial-intelligence-ai-and-machine-learning-ml



AlRYHR 3T B AR FNE R 3¢l

A RN ZEFREEEE S EBRMNFE LENER - ALESMREW
BmBERENE

HEIE - FNRERIR ~ ARE - B8 - BRBSRIE - BUNAE S ARITAIsIE -
m VBIRELEER  AIMRAERRUES /@0 - 815 :
BEMHEEE - &R AL@EREUAERRSTE - ES2MEH
2Rk - EE 0EE - FBEE - B8 - WARESERIAHE -

https://en.wikipedia.org/wiki/Artificial_intelligence



Al NESR

1950, Alan Turing: “l propose to consider the question ‘can machines think’?”
Turing ISERBRIE "G B=E ) A " HaeaEhd UsERIRLERETH, -
ftha st 1 Turing Test - AL @ S as Sz AREERIEET] - BRI R BEER
RikaaiThA - KesEd "EIE, e BZSEEsEE "LE ) TAEE -
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AlE Turing Test

.  FEEFHERSRIES

( imitation game ) -

- BER1950F R ENBEER

L]

BISAGER TIRERE Z2IENX
C (EEE ) WEHZ2EaHAEIT
Z AT B PrEZEIN - sEZALE
EO B AR IKIBEE H BB EIZE
fef i )l

https://en.wikipedia.org/wiki/Turing_test

TR TR RTERY

Human behavior

Intelligent behavior

B A LR (RS - BT
BEIE ABHEEET A -

BE1T

https://en.wikipedia.org/wiki/Artificial_intelligence



Al 2L ZEAVEEH

- AIEZ (Al) IR 1956 FWEU A —FIBMEAL - ZRERE /2 REEW
SRBH - BRXNBAXRENEZRMROKGE - SLEFKHHEES "AIEZ

- H 2012 FLUR - BEXREEBE R LB 7 R2HRY Al #5110 - Al WE SR
AMBEERIERTT -

- EEIEER 2017 E2BEAEIREE ( Transformer ) ZREBRIHIRE—TNNE -
2l 2020 ELH] - Al BIEHIRECZEETEEIT - KA ARV

https://en.wikipedia.org/wiki/Artificial_intelligence

Turing test invented First Al winter ~ Second Al winter
‘ 1980 2012
® O O ® O
1950 1973 1988 2019
Boom times Deep learning

revolution

https://lwww.perplexity.ai/page/a-historical-overview-of-ai-wi-A8daV1D9Qr2STQ6tgLEOtg



Al Booms and Al Winters

Social excitement
and concern

Success of
AlphaGo,
Libratus, etc...

Boom 1 Boom 2 Boom 3
“GOFAI” “Expert Systems” “Machine Learning’

Deep Learning

'

Autonomous
Vehicles

Winter 1 Winter 2

Autonomous
Weapons

knowledge

engineering
DENDRAL, MYCIN

AAAL JSAI PROLOG, Lisp

FGCS, SCI, MCC, Alvey, ESPRIT

Stanford McCarthy, Minsky Feigenbaum, Brooks

| | |

heuristic

search

General Problem Solver
Samuels’ Checkers Program

MIT, CMU, Simon, Newell,

“Al for Social Good"?

1960s 1970s 1980s 1990s 2000s 2010s

https://www.perplexity.ai/page/a-historical-overview-of-ai-wi-A8daV1D9Qr2STQ6tgLEOtg




A Brief History of Al with Deep Learning

E First 3 i Second E E E Third
! Golden Age | ! Golden Age ! : ! Golden Age
:—’f‘ _____________________________ | IN— __________________________ *:_ . 1
Birth ! | | i AlexNet
of Al Backpropagation SVMs 2012
1956  ADALINE — 1986 1995 |
Artificial Turing e Problem Neocognitron RBM
Neuron Test |Perceptron 1969 1980 UAT cny  Initialization | GAN
1943 1950 1957 1989 1998 2006 2014

McCulloch-Pitts Rosenblatt ~ Widrow-Hoff Minsky-Papert Rumelhart, Hinton etal.  LeCun  Hinton-Ruslan Krizhevsky et al. Vaswani
X1 Inputs  Weights Netinput  Activation OR XOR e Bias
X2 -~ function  function 3 3 ® B T U
X3 . il i n S NX ek, 9\
Xn Oad) ou (DR IRE)—
@ o\ ofde @ 1= mE S -
gy)\/ 0 1 0 1 0= s gy e - v, W) e ——— gl

https://medium.com/@Impo/a-brief-history-of-ai-with-deep-learning-26f7948bc87b



Al 2% F Deep Learning
FEH1974-805.1987-93/M {El E EME S 5 HB

Deep
r)
neural networks /
/
Mask R-CNIA,
RetinaNet,/
Shallow AlphaGo 7

§ peuralnetyorks BatchMNormalization, f,
g Faster R-CNN, GNN

S ResNet, FCN, UNet/

E_ Traditional machine learning YOLO, SSD }f

3 /

3 /

=

Simple statistical learning GoogleNet, GANy
VGGNet, R-CNN

CNN & LeNet
ImageNel/

AlexNet/

Deep belief
network &
deep Iearning,,

AN -

N\~ stacked
Overwhelmed )| Auto-Encoder
by SVM

Multilayep"
Percepjron

Data volume

'}
L4
Single Layer
Perceptroy,
/ AY
/ N\

Mathemajfcal A
madel g Cannot v

Back ,
propagation

neurop solve
XOR
,"’ problems
1958 1998 2006 2012 2015 | 2017 2019 ~
1943 1969 1986 1989 1997 2009 2014 2016 Unit: Year ~

Guo, Q., Jin, S., Li, M. et al. Application of deep learning in ecological resource research: Theories, methods, and challenges. Sci.
China Earth Sci. 63, 1457-1474 (2020). https://doi.org/10.1007/s11430-019-9584-9



"Perceptron” (the first supervised neural network)
in Google Ngrams

£
A.l. Winter A.l. Winter

AlphaZero

l

Deep Learning

ouT -
. g Backpropagation

o
éf‘C;)/
O

"Perceptrons"

Rosenblatt's Book Minsky & Papert

Principles of Neurodynamics

Hopfield model

Relative frequency

Rosenblatt's Perceptron
on IBM 704

Neocognitron

Al:Darmouth Meeting

1940 1960 1980 2000 2020
Time (year)

https://x.com/ricard_sole/status/1497306702181548039
https://books.google.com/ngrams/graph?content=perceptron&year_start=1930&year_end=2019&corpus=26&smoothing=3



XA TEZ Generative Al

ERTALEE (£/T0 Al ~ GenAl ~ Z(GAl ) EATEEN—E% -
BERERERREENTF - B - K AEEMEZINER - MEBLER
BAREBMAEEMER  EEERBREUBREBSE AN INLIR -
ERTransformerfy R EHEHREL - FHAlEAREZBSEE( LLMs ) CUE - {8
A% 1 2020 FRHERMTU Al ZR4FRIAI Z0H -

— HoE1EChatGPT - Copilot © GeminiflLLaMAZ I K iz: A ;

- XZFEESATLEEZEBEBE A4 - WStable Diffusion ~ MidjourneyADALL-E
- MURXZFEFE RAWAILEREE - BldSora -



T 25 52 28 B9 1
(— BB AZRA )

Chatgpt: “FIFH—# =1, X logistic function 22457 H8 - 01o] F
machine learningd973 =L{F binary classification”



BEE=

. BRBMAB—MEER  DUBEREN T TIEE y e (0,1} - Bl - x TJEERESR
BHRE Ty E A BESEBARENEEE (fINFEREEER) -
. BB
- BERAEMNEE

x =[1,2,3,4,5]
y =10,0,0,1,1]

— EEYERTRx<4FB0 x24BR/1-

- HEZFH Logistic Regression - & —EREZRTEH P(y = 1|x) - WIRHE
ZWRIET LR -
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Impulses carried toward cell body

\ dendrite
‘ presynaptic
terminal

axon

Impulses carried away
from cell body

Wo

Lo
*@ synapse
axon from a neuron

Jlzzuags by Felpe Perucho
is licensed under S0 DY 3.0

Wox0

1.0
cell body f (Z wiT; + b)

0.8 w11 c

> wiz; +b >
0.6 . . . ) ) Z: L output axon
o sigmoid activation function activation
ool 1 Woy function
60 | l+e™

-10 -5 0 5 10

bias

B R K B https://cs231n.stanford.edu/ :RT2I& = A



https://cs231n.stanford.edu/

Logistic Regression [R1E

Logistic Regression 89#Z/0\2{#F Logistic Function - 2% :
1
o(z) = 1+e™?
Hep . z BERSEENEEHS
Zz=w-x+b
w = E (weight) - b 2R EIE(bias) °

Logistic Regression BFEAIEEE -
P(y=1|x) =a(w:-x + b)




Rl AR R 1E

- BEER
- BERBUNEE
x =[1,2,3,4,5]
y =[0,0,0,1,1]

—- BEEYyERTRx<4BERB0 x24BH1-
- EAEE
— YREREE w FRE b - HIUYIRER O -
. BRIKE
— FH RXXEBEREE (I(\%ross-Entropy Loss) :

1
L= N [yilog(¥;) + (1 — y;)log(1 —9;)]
i=1

- Ho
i =Py =1lx;)
. THE RE
- FERABETREHRSE wM b - BEFEKREWH -
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Maximum Likelihood Estimation, MLE

-

C Rt
P(y=1|x) =a(w-x + b)
Ply=0lx)=1—c(w-x+b)

POIN) =ow-x+b)*(1—a(w-x+b))
« BIZREREL (Maximum Likelihood)
N

L(w,b) = J LP(Yilxi)

i=1
N

= O'(W’Xi-l-b)yi(l—O'(W'Xi-l-b))
J{:ih

o  HL(w,b)H log MO PIEB{EARR X IEIEKRE S (Cross-Entropy Loss)

1-Yy;

Hht8EAE K https://arbu00.blogspot.com/2017/02/5-logistic-regressionoverfitting-and.htm



Bl /R R

Ply=1x)

Data Points Initial Logistic Function
1.0 x Data peints X x 1.0f Initial Logistic Curve x
=== Decision boundary (P=0.5) x Data points
=== Decision boundary (P=0.5)
0.8 0.8
0.6 ~ 06
>
_____________________________________________________________ = |-
Il
=
0.4r S04y
0.21 0.2
0.0 x X x 0.0} x x %
1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 0 1 2 3 4
X X
Trained Logistic Function Decision Boundary
1.0 f — Trained Logistic Curve x X 1.0F x Data points i
% Data points —=-=- Decision boundary I
—-=-- Decision boundary (P=0.5) i
0.8} i
1
1
|
1
0.6 i
i
> 1
|
0.4 }
i
i
|
0.2r t
|
i
0.0 x % X i
1 1 1 1 1 I L 1 1 L L 1 1
0 1 2 3 4 5 6 1.0 1.5 2.0 2.5 3.0 3.5



Activation Function

Sigmoid | Leaky ReLU )
o max(0.1z, )
O-('GU)  14e*
i 0 o0 R r—y 10
tanh V Maxout
tanh(a:) 4 " max(w?:c + b1, sza: + b2)
ReLU / ELU
T x>0
maX(O’ .GU) N . {a(e“"’ —1) <0

B 5 2R B https://cs231n.stanford.edu/ ;22185 R



https://cs231n.stanford.edu/

Minimum Value and Gradient (Slope)

* Learning steps for finding the min value.
Too low Just right Too high

1OR 1(6)

| | .'II J (9) \ IIIII
\ / \ / \ /
\ ' \ ' - '
\ / N\ \ /
\ \,\ \,\

N \_ \.

— a’/’
Ie) 7}
A small learning rate The Dpt_'f:rl‘al Iearrr:mgh Too large of a learning rate
requires many updates rate swittly reaches the causes drastic updates
be.fc?re reach!ng the minimum point which lead to divergent
minimum point

behaviors

https://pub.aimind.so/gradient-descent-best-optimization-technique-bfcb392b95e9



Hyperplane of Loss Function

https://discuss.pytorch.org/t/why-is-my-loss-function-going-down-and-jumping/170508



Find Gradient with Backpropogation

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=+4

— ¢ . 9q _
q=zt+Y % 1, @ =1
- of _ , 9f _ Chain rule: Oz
f_qz Bq_z’az—q 8_f_6_f@
 9dF 6F 49 dr  dq Ox
Want. Oz : 33/ , 0z Upstéam LScal

gradient gradient

B 5 2B https://cs231n.stanford.edu/ ;R 2185 R
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. MEEEES . MEBRES

- FE D> OEGE D> BRERNELE
« | F3 (context)

- HPAZEMNAESKAEAET T

— BERMOARENZIREFZTNER
. WAt EREE SR A

— FE > FWHEBEEALE

- OigxR > FHEEERI B EERE G o °

- ERERNEH#E D> FNERIFBEERAG n
. BIRREEER (R, X similarity(48)=cos(0) = 1]

. uEnBhEs

— HOosoDIEER - ADERNEEKAERZE(cosine) RAERALE

— HFAn-gramzBSEARFTR L N XNEEREG

Euclidean distance (d)




= {EEE Feature learning

o TEHEZRER (ML) & - FREEE Feature learning / Representation
learning 2 — AT - OJBERAFARIRBER P B E R IRESEIERIE D
SBATENTRR - EIN 7T FHEFELRE - Wik 8E8 580 F A
BFRANTHREEE -

Feature Learning Task Transfer
f"";{i':i Data Data | Feature E
e.g image Features Representation | ~Supervised--.
Feature : T Prediction ; label |
dilsdIRd e dIEd SNy
k J E ..............................

https://en.wikipedia.org/wiki/Feature learning



s #R A Word Embedding

(word2vec)

...government debt problems turning info banking crises as happened in 2009...

...saying that Europe needs unified banking regulation tfo replace the hodgepodge...

banking =

...India has just given its banking system a shof in the arm...

/

These context words will represent banking

an
0.286

0.792
-0.177
-0.107

0.109
-0.542

0.349

P(wi—z | we) P(Weyo | We)
P(wi_q | wy) P(Weyq | we)

problems  turning banking  crises as

J L J L )

T T Y
outside context words center word outside context words
in window of size 2 at positiont in window of size 2

£ 2K 8 https://web.stanford.edu/class/cs224n/ ;R 121552



https://web.stanford.edu/class/cs224n/

P(upmb;ems vinto) P(ucrisis |vinto)
E— P(utuning | Vinto Plu

problems  turning banking crises  as

| J | J
T T L Y J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

@ Exponentiation makes anything positive /-
j (1 Dot product compares similarity of o and c.

T n
U V=UV =) U
exp(uovd)— i=1UiVi

Larger dot product = larger probability

T
Ywey eXp(Uyc)
@) Normalize over entire voca bulary

to give probability distribution

P(o|c) =

* v, whenwis a center word

* u, when wis a context word

F 2k B https://web.stanford.edu/class/cs224n/ :RIZI% 5



https://web.stanford.edu/class/cs224n/

P(wi_p | we) P(Wepa | W)

P(we_q | we) P(Wisq | W)

problems  turning banking  crises as

L J
T l T ) L Y J

outside context words center word outside context words
in window of size 2 at position t in window of size 2

For each positiont = 1, ..., T, predict context words within a
window of fixed size m, given center word w;. Data likelihood:

T
Likelihood = L(8) = 1_[ 1_[ P(wtﬂ- | wt;G)

t=1 —ms<js<m
8 is all variables | Jj#0

to be optimized

1 sometimes called a cost or loss function

The objective function J(8) is the (average) negative log likelihood:

T
1 1
J©) = —ZlogL(0) === > > logP(wey; | we;6)

t=1-ms<js<m
Jj#0
Minimizing objective function & Maximizing predictive accuracy

£ 2K 8 https://web.stanford.edu/class/cs224n/ ;R 121552



https://web.stanford.edu/class/cs224n/

F 2K 8 https://web.stanford.edu/class/cs224n/ :R121E 5 F

2=+ 2y
Vaardvark BT
O —
- 17 \"‘}; g -
Vzebra c RQdV N [/ g%
Ugardvark ‘ __
Ugq } \
Uzebra o —
S

* Update equation (in matrix notation):

grew = 9old — V4. J ()
1

a = step size or learning rate

e Update equation (for single parameter):

grew = gold — o a(gld J(0)

e Algorithm:

while True:
theta_grad = evaluate_gradient(J,corpus,theta)
theta = theta - alpha * theta_ grad


https://web.stanford.edu/class/cs224n/

e =R 8 Language Model

e Language Modeling is the task of predicting what word comes next
books

the students opened their / /' laptops

* More formally: given a sequence of words M, 2@ )
compute the probability distribution of the next word =1

Pz D] 2@ M)
where """ can be any word in the vocabulary V' = {w1, ..., wyy | }
e A system that does this is called a Language Model
PW,. . z0)=Pa®) x P(a®| W) x .- x P(x@| T-D, .. xl)

T
= H P(x®| 2D . 2M)
t=1

AN J
Y

This is what our LM provides
£ 2K 8 https://web.stanford.edu/class/cs224n/ ;R 121552



https://web.stanford.edu/class/cs224n/

I j) = P(z®|the students opene eir
A Simple RNN Language Model 7~ ot iy

laptops

output distribution

7't = softmax (Uh(” + bg) e RVl 4‘ﬂ1

&
A

ne)_
hidden states : W
(t) — (t—1) (1) h _
RO =0 (Wih™) = Wee® +b1) | o
h(0) is the initial hidden state (]
word embeddings e
o) — Ep®
words / one-hot vectors the  students opened their
w(t) -~ R‘Vl w(l) w(2) w(’?’) m(4)
Note: this input sequence could be much /
longer now!

F 2k B https://web.stanford.edu/class/cs224n/ :RIZI% 5



https://web.stanford.edu/class/cs224n/

Training an RNN Language Model

“Teacher forcing”

T
Loss = JW@) + J@O) + JO(O) + JD@O) +.. = J(H)z%zj(ﬂ(e)
A t=1
Predicted
prob dists
PO
@
o W, .
0O =
@
e(l)
Corpus — the  students opened their exams

ey (2 2(3) @)

F & B https://web.stanford.edu/class/cs224n/ (212155 F



https://web.stanford.edu/class/cs224n/

Generating text with a RNN Language Model

Just like a n-gram Language Model, you can use a RNN Language Model to
generate text by repeated sampling. Sampled output becomes next step’s input.

favorite  season is spring
M M N M
sample sample sample sample
g 42 g3 g
N N N N
U U U U
hO)__ h()| h(2) h(3) h4)
@ @ @ @ @
(] Wh\. Wh\. Wh\. Wh\. Wi,
@ 1@ 1@ 1@ | @ :
O J 0 0 0
— A N N .
W, W, W, W,
: O O O
(1) e(2)| © e O e ©
€’le O O O
o @) (@) @)
Te & Jz o
my favorite  season is spring

F 2k B https://web.stanford.edu/class/cs224n/ :RIZI% 5
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Neural Machine Translation (NMT)
The sequence-to-sequence model

Target sentence (output)
Encoding of the source sentence. A
Provides initial hidden state
for Decoder RNN.

N\

he hit me with a pie <END>

p W)
2
5 S
S ®

-~
S =
L Z

L m’ a entarté <START> he  hit me with a pie
\ J
Y
Source sentence (input) Decoder RNN is a Language Model that generates

target sentence, conditioned on encoding.

Encoder RNN produces
an encoding of the
source sentence.

F 2k B https://web.stanford.edu/class/cs224n/ :RIZI% 5



https://web.stanford.edu/class/cs224n/

Training a Neural Machine Translation system

Encoder RNN

= negative log = negative log = negative log
1 T prob of “he” prob of “with” prob of <END>

J=320c = [ he oo+ s 4l Js + Je 417

t=1 M A N N N N N

i Y% ¥ Y ¥ e P

N A M N N N N

1L (R (T { I

0] (o} o @) o @) (0}

il m’ a entarté <START> he  hit me  with a pie
N\ J \ J

Y Y
Source sentence (from corpus) Target sentence (from corpus)

NNY Jap0odag

Seqg2seq is optimized as a single system. Backpropagation operates “end-to-end”.

F 2K B https://web.stanford.edu/class/cs224n/ R 215 F
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Multi-layer deep encoder-decoder machine translation net

[Sutskever et al. 2014; Luong et al. 2015] The hidden states from RNN layer i
are the inputs to RNN layer j+1

Translation
protests escalated over weekend <EQS> generated
Encoder:
Builds u
P > Decoder

sentence

meaning

Source Die Proteste waren am Wochenende eskaliert <EOS> eekend Feedlngln
sentence last word

Conditioning =

Bottlenec

RE

F 2 B https://web.stanford.edu/class/cs224n/ ;212
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Attention Bt RNN

The RNN+Attention model A 1-layer transformer
15 5@

_|§|«|3|E _|5| ||

t t ¢t ¢t ¢ t t ¢t ¢t ¢

& & & 1 S S S S |

[ [ [ [ | 'I [ [ 1 1

t +t ¢ttt t ¢ttt 1 tr ¢ttt tttt
= = = = = £ = -
(1 © | = x s 1 ® | = x S
< 5| 2 < S < w|T|2 < S
E.Q %%i lé._ % mé Ea_’.-;%“zi. E_ g m%

https://www.tensorflow.org/text/tutorials/transformer



Transformer

Output
Probabilities

Multi-head attention

Linear

Concat
Add & Norm 1 4
Feed ~
Forward Scaled Dot-Product .
Attention u& h Scaled dot-product attention
p i ~ Add & Norm L L L
;-—]Add e Multi~'Head Lo o ,-j
Faed Attention | | [ Linear D[ Linear D[ Linear I} MatMul
Forward PN} Nx Y ‘f "'
—
(I Nix Add &_Norm
e ~—>{_Add & Norm ) Vosked \Y K Q
LTI LTI Multi-Head Multi-Head
Attention Attention - |
Zoom-In!
_t At
\_ J \_ —
Positional D ¢ Positional
Encoding Encoding Q K V
Input Output
Embedding Embedding
I 1 Zoom-In!
Inputs Outputs

(shifted right)

Vaswani, Ashish; Shazeer, Noam; Parmar, Niki; Uszkoreit, Jakob; Jones, Llion; Gomez, Aidan N; Kaiser, t.ukasz; Polosukhin, lllia
(2017). "Attention is All you Need". Advances in Neural Information Processing Systems. 30. Curran Associates, Inc.



Encoder-Decoder
T5
BART

Encoder-only
BERT
ROBERTA

Encoder and Decoder

Output
Probabilities
~
Add & Norm
Feed
Forward
—
s ™\ Add & Narm
—{Add & Nom ) Multi-Head
Feed Attention
Forward T 7 MNx
-~
Nx
Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
_t At
—— ] _

\. J Y,
Pasitional A Positional
Encoding g Encoding

Input Output
Embedding Embedding
Inputs Qutputs

Decoder-only
GPT
BLOOM

https://medium.com/@reyhaneh.esmailbeigi/bert-gpt-and-bart-a-short-comparison-5d6a57175fca



Transformers

ENCODER
ONLY
auto-e;:coding
models

TASKS

Sentence classification
Named entity
recognition

Extractive question-
answering

Masked language
modeling

BERT, RoBERTa, distilBERT

DECODER
ONLY

auto-regressive
models

¢ Text generation
e Causal language
modeling

GPT-2, GPT Neo, GPT-3

ENCODER-

sequence-to-
sequence models

e Translation

e Summarization

¢ Generative question-
answering

BART, T5, Marian
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https://www.baeldung.com/cs/bert-vs-gpt-3-architecture
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Foundation Models



History of Machine Learning

Simple ;
Manual Learnt P : Deep Foundation
Representation : ;
Rules Rules . learning learning
learning : |
| l &
i | | | | 2
~1950 ~1960 ~2000 ~2012 ~2017
) None
Model Size  (Hand-designed Very few Few Large Very large
(#parameters) rules)
Features Hand-designed Hand-designed Learnt Learnt Learnt
(Simple features) (Hierarchy of features) (Hierarchy of features)
Learning None Supervised Supervised Supervised Sglf—superwsed 2
+ in-context learning
Data NGhE Very few Few Large Very large unlabeled data
labeled-data labeled-data labeled-data (+ small labeled data)
Adaptability None None Little Medium Large

Foundation Models — A New Paradigm for Artificial Intelligence, https://link.springer.com/article/10.1007/s12599-024-00851-0
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https://en.wikipedia.org/wiki/Foundation_model



Investment in computing capabilities to train larger Al
models has rapidly increased

Estimated training cost of select Al models, 2017-23
Source: Epoch, 2023 | Chart: 2024 Al Index report
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Al EiEEE (cont.)

e R ARy B HA &6 4

— Language models (LMs) : OpenAl's GPT series and Google's BERT

— Images : DALL-E and Flamingo

— Music : MusicGen for music

— Robotic control : RT-2
BB FREWRBEBARANES - W2 - ERAR - 84 - B0&EE
EFAFRA - BIBLURIEEERSE -



Different Modalities of Foundation Model

Most common modes in current models:

Image
Model Generator
inage

Modes in development (non-exhaustive):

Coepn | vieo ] nuao L ovement | memar-

rex | image

Large

Language

e[ mage

Visional Language Model

Al Foundation Models: Initial Report, https://assets.publishing.service.gov.uk/media/65081d3aa41cc300145612c0/Full_report_.pdf



Al development involving foundation models

Level Model System Application
Foundation model Adapter and
Actors _ End user
provider Integrator
Requires large, diverse data, Adjusts to task using
large computational power, labeled data Queries model / system
engineering know how and/or prompting;
Integrates into system
Outcomes  Foundation model —— Task-specific model = —— Solution to specific
integrated into system problem

Foundation Models — A New Paradigm for Artificial Intelligence, https://link.springer.com/article/10.1007/s12599-024-00851-0



N FEFH Generative Al model 45 E(ETE

BI%EEE ( Transfer Learning )

— —IEHRRER (ML) Bt SRE—EEEFPE2RNMEERTAREBRES - DUR
FHEMEE -

mREEE AL ( Retrieval Augmented Generation )

- HPERAALEERAEEERENRIM - BEEAREEBESER (LLM )
NEEFAT - FEREESZERENEERCERAFEN @ EtMaAREREBS
FEARFF IR EUERIESN -

127~ L2 ( Prompt Engineering )
— WETHESHEENBER  FERIALE

el

(Al') HEIRESAERE I IR MRRZ e < -

https://en.wikipedia.org/wiki/Transfer_learning
https://en.wikipedia.org/wiki/Retrieval-augmented_generation
https://en.wikipedia.org/wiki/Prompt_engineering
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Generative Al FEBA 5 I5{1I P

* Trains model from scratch

* Refine pre trained model using domain specific data

* Enhances generation with external knowledge

8 * Use prompts to apply pretrained model directly
Prompt Engineering

https://medium.com/@jainpalak9509/use-lims-pre-training-fine-tuning-rag-and-prompt-engineering-564d5670f44d



Transfer Learning

Pre-training

[ — Pre-training
objective

Pre-training |
dataset Knowledge
transfer

Fine-tuning
objective

Fine-tuning Fine-tuning
dataset

https://www.researchgate.net/figure/llustration-of-pre-training-Pre-training-is-a-part-of-transfer-learning-1f-the_fig1_368698963



RAG (Retrieval Augmented Generation)

https://www.ml6.eu/blogpost/leveraging-llms-on-your-domain-specific-knowledge-base



Prompt Engineering Guide
(OpenAl, 6 strategies)

BEREWRES

- EEMPEHEAGLESERHBNSE

- BEXEEmERERE®

—- FHNRFIREE MR, EANABE D

— BRtEIEE S F BRI R

— RHEEA

- BRESRRE L ABHNHERE

RIESZENAK

- FENMERRESZ R[OS

- BXRBEAESZARPS|IHER

8 M TS D R B 175

- EHREEDHEKENHFEA&RMERNES

- HIRNFTERETEBRYFENER - BAESEETANEREANE
- BRXHDERGE  WERRHINBETERE

https://platform.openai.com/docs/guides/prompt-engineering



(OpenAl, 6 strategies)

4. #%EHEE "EB=Z , (£H Chain of Thought)
— IERERISEEIBNFASE BT
- FHAEERN— R EAEEREI IR EE
- BRAEEREER M ZBEETNEOARAS

5. FRNHEIE (R RAG)
— FRHARNERERSVURIHERER
— WITRENDETEEENETE - SABINEE API
— ZE GPT MY EINEE

6. ZMICAGFERE
- REEEZRFMEEEH T

« https://platform.openai.com/docs/guides/prompt-engineering

https://platform.openai.com/docs/guides/prompt-engineering


https://platform.openai.com/docs/guides/prompt-engineering
https://platform.openai.com/docs/guides/prompt-engineering
https://platform.openai.com/docs/guides/prompt-engineering
https://platform.openai.com/docs/guides/prompt-engineering
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 Chain of Thought B %5

- RE Google BUER)% » Chain-of-thought ( CoT ) IR 7 ma — 12 - ol:EX
BEEEA (LLMs ) A EERZERZA - BEERES—2INPETE -
2022 F - Google 2EM - FAHB KR RO LUEB5 | EHEAE R ABRARHE
IBIBEREIEZZTERAIME - (EMIEH#EIESE ] - 18 Google #1 Amazon A -
,uﬂﬁfﬁﬁ'iﬁﬂﬁx.?ﬁﬁ%%*ﬂﬂj(’_—EEEZ’fE AR EFEEE B2 ES TR ERAVHEIE
THEIRE - HlOSEEENEEEIERE -

- REEHERIERDIAKRENR
— https://en.wikipedia.org/wiki/Prompt engineering
— https://lwww.promptingguide.ai/
— https://learnprompting.org/docs/introduction



https://en.wikipedia.org/wiki/Prompt_engineering
https://en.wikipedia.org/wiki/Prompt_engineering
https://www.promptingguide.ai/
https://www.promptingguide.ai/
https://learnprompting.org/docs/introduction
https://learnprompting.org/docs/introduction
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 LangChain

— 2022 F£10 H 24 HERE® -

— H Harrison Chase El17 - & #J7EHEIZE /2 5] Robust Intelligence T {ERFF 2 -
MCP (Model Context Protocol)

— 2024 &£ 11 B 25 HHA Anthropic 2 -

— B Anthropic A28 - W EERFZ X Al 28 (¥ OpenAl ~ Google DeepMind ) HY
X ¥

Google A2A (Agent-to-Agent)
— 2025 % 4 H 9 HH Google 2 -

— H Google Fi3& - WEERFER 100 XXM AT -
Him T H



LangChain

FIRETNEE : LangChain 2—ERIRER - EERBERZZBEER
ANRRSRE (10 GPT) ER - BRIZLBENERARRGESEE
MAMBEIERTR ( WAPI ~ ERE ~ XHFRAT ) B - W5
BESTHENBERNEREDR -

=1

— ZHIFFEM : LangChain ZEEAEWEIRREE) - WEEBER APl B KEIEH#
MR- ( RAG ) IHEE -

— TERMEBIZEEE o IBAENEESREBE I  SITZHETE - EHN
HEIEANAEEIE -

- BERMAM : LangChain R T RZBAEEAUNTLE - EEAPRBEEREET -
EREMNETEM -

EAH {thm & AYEA1% : LangChain BE R EIREMAVER - WH o)

EA MCP 71 A2A &5 fEH - BRIRE P KEIIEZERMMBEIEIRIVE

BB © marization, chatbots, and code analysis.



Conversations

Documents

PDF

Build a ChatPDF with LangChain

Chat History
Standalone
question
4

. n 10“
uestion
9 Relevant
New question E L

Embedding ‘
model ‘

chunk chunk -
_ Embedding . ‘ Relevant D
' model IR \ectorstore [ - docs

chunk chunk

Standalone

https://edge.aif.tw/express-langchain-chatpdf/




Model Context Protocol (MCP)

FRIREINEE | MCP 2—1BatETiRE - S ERE(CEAEN L M XEE - 55X
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H -

BHEME % - MCP =Z25E F N XEEMWARE - LangChain

Google A2A o] DA MCP REBZHRHFETIN L M - TEHZEH 2B

FEMBEBPNZHRE -



Model Context Protocol
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H—FEEEENAR - FBAI
RI9MED T2 35 R 1 AR A5 A 2 \ e ;
B3 > FIRUSE-CHBIETE - o | | #Claude
e mergF|-- © T

| ZEHE voe ost) |

BEAEARER
ROREES - Bl

>
e

FEFIINEL
AAIEAREN

& imARTS A3t B

MCPEI IS BI85 4 st
- i J& FR #R A2 R 75 3l (B A B this - ERFBAIHEE
HF > BRI AR BERHMCPEIARSS &

B H 3E : Norah Sakal ; 2158 S5




Google A2A (Agent-to-Agent)
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HitTH (—)

Haystack (FHDeepsetf %)

A% : Haystack @ —EFRRER - TEZARBEUSEHER (1X0E - ERES ) PRI
MBRERNERF - CESEFRSHE (AINBERT, GPTE ) £ - XIFBE R - &
R HEEIEE

R RFUEARVIRR-IGRER (RAG ) TI8E - RFFHPERAEXEEMEE - WHSH
ZERREBEEMEBEREEIEE -

OpenAl API + Custom GPTs

F# : OpenAl By API ERI S Z LI EREBEBCHEAILE GPT HEE#TR E - Custom
GPTs nFrF % ERIZEEHER GPT-3 #1 GPT-4 22! . DIREEBAREMIETHRE - WER
SNER R IR AR IR S ELBE

1580 SEERIE  FZWMYEEE - WHEESERIMNBAPIETEM - EaFREMERIE
H -

GPT Index (Llamalndex)

A% : Llamalndex ( ZBIMYGPT Index ) @ —EER/AEESRE (11 GPT ) &RETHIFIRIE
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BR EE YRS AEMEE R Z R -
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- Semantic Kernel (FHMicrosoftFa %)
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The best Al productivity tools in 2025

Chatbots (ChatGPT, Claude, Meta Al, °
Zapier Central)

Search engines (Perplexity, Google AI
Overviews, Arc Search)

Content creation (Jasper, Anyword,

Writer) .
Grammar checkers and rewording
tools (Grammarly, Wordtune, .
ProWritingAid)

Video creation and editing (Runway,
Descript, Wondershare Filmora)

Image generation (DALL-E 3,
Midjourney, ldeogram)

Social media management (FeedHive,*
Vista Social, Buffer)

Voice and music generation .
(ElevenLabs, Suno, AIVA)

Knowledge management and Al
grounding (Mem, Notion Al Q&A,
Personal Al)

Task and project management (Asana,
Any.do, BeeDone)

Transcription and meeting assistants
(Fireflies, Avoma, tl;dv)

Scheduling (Reclaim, Clockwise,
Motion)

Email (Shortwave, Microsoft Copilot
Pro for Outlook, Gemini for Gmail)

Slide decks and presentations (Tome,
Beautiful.ai, Slidesgo)

Resume builders (Teal, Enhancy,
Kickresume)

Automation (Zapier)
Other Al productivity tools

https://zapier.com/blog/best-ai-productivity-tools/


https://zapier.com/blog/best-ai-productivity-tools/#chatgpt
https://zapier.com/blog/best-ai-productivity-tools/#claude
https://zapier.com/blog/best-ai-productivity-tools/#meta
https://zapier.com/blog/best-ai-productivity-tools/#zapier-central
https://zapier.com/blog/best-ai-productivity-tools/#perplexity
https://zapier.com/blog/best-ai-productivity-tools/#google-aio
https://zapier.com/blog/best-ai-productivity-tools/#google-aio
https://zapier.com/blog/best-ai-productivity-tools/#arc
https://zapier.com/blog/best-ai-productivity-tools/#jasper
https://zapier.com/blog/best-ai-productivity-tools/#anyword
https://zapier.com/blog/best-ai-productivity-tools/#writer
https://zapier.com/blog/best-ai-productivity-tools/#grammarly
https://zapier.com/blog/best-ai-productivity-tools/#wordtune
https://zapier.com/blog/best-ai-productivity-tools/#prowritingaid
https://zapier.com/blog/best-ai-productivity-tools/#runway
https://zapier.com/blog/best-ai-productivity-tools/#descript
https://zapier.com/blog/best-ai-productivity-tools/#wondershare-filmora
https://zapier.com/blog/best-ai-productivity-tools/#dalle2
https://zapier.com/blog/best-ai-productivity-tools/#midjourney
https://zapier.com/blog/best-ai-productivity-tools/#ideogram
https://zapier.com/blog/best-ai-productivity-tools/#feedhive
https://zapier.com/blog/best-ai-productivity-tools/#vista-social
https://zapier.com/blog/best-ai-productivity-tools/#buffer
https://zapier.com/blog/best-ai-productivity-tools/#elevenlabs
https://zapier.com/blog/best-ai-productivity-tools/#suno
https://zapier.com/blog/best-ai-productivity-tools/#aiva
https://zapier.com/blog/best-ai-productivity-tools/#mem
https://zapier.com/blog/best-ai-productivity-tools/#notion
https://zapier.com/blog/best-ai-productivity-tools/#personal
https://zapier.com/blog/best-ai-productivity-tools/#asana
https://zapier.com/blog/best-ai-productivity-tools/#anydo
https://zapier.com/blog/best-ai-productivity-tools/#beedone
https://zapier.com/blog/best-ai-productivity-tools/#fireflies
https://zapier.com/blog/best-ai-productivity-tools/#avoma
https://zapier.com/blog/best-ai-productivity-tools/#tldv
https://zapier.com/blog/best-ai-productivity-tools/#reclaim
https://zapier.com/blog/best-ai-productivity-tools/#clockwise
https://zapier.com/blog/best-ai-productivity-tools/#motion
https://zapier.com/blog/best-ai-productivity-tools/#shortwave
https://zapier.com/blog/best-ai-productivity-tools/#microsoft-copilot-outlook
https://zapier.com/blog/best-ai-productivity-tools/#microsoft-copilot-outlook
https://zapier.com/blog/best-ai-productivity-tools/#gemini-gmail
https://zapier.com/blog/best-ai-productivity-tools/#tome
https://zapier.com/blog/best-ai-productivity-tools/#beautifulai
https://zapier.com/blog/best-ai-productivity-tools/#slidesgo
https://zapier.com/blog/best-ai-productivity-tools/#teal
https://zapier.com/blog/best-ai-productivity-tools/#enhancv
https://zapier.com/blog/best-ai-productivity-tools/#kickresume
https://zapier.com/blog/best-ai-productivity-tools/#zapier
https://zapier.com/blog/best-ai-productivity-tools/#other
https://zapier.com/blog/best-ai-productivity-tools/#other

The 40 Best Al Tools for 2025 (Tried and Tested)

The Best Al Tools by Category

Chatbots: ChatGPT, Claude

Video Generation and Editing:
Synthesia, Runway

Writing: Rytr, Sudowrite

Grammar and Writing Improvement:
Grammarly, Wordtune

Search Engines: Perplexity, ChatGPT |

search

Social Media Management: Vista
Social, FeedHive

Image Generation: Midjourney,
DALL-E 3

Graphic Design: Canva Magic Studio,

Looka
App Builders: Bubble, Bolt

Project Management: Asana, ClickUp

Transcription and Meeting Assistants:
tl;dv, Nyota

Scheduling: Reclaim, Clockwise
Customer Service: Tidio Al, Hiver
Recruitment: Textio, CVViZ

Knowledge Management: Notion Al
Q&A, Guru

Email: SaneBox, Shortwave

Presentations: Gamma,
Presentations.ali

Resume Builders: Teal, Kickresume
Voice Generation: ElevenlLabs, Murf
Music Generation: Suno, Udio

https://www.synthesia.io/post/ai-tools


https://www.synthesia.io/post/ai-tools#chatgpt
https://www.synthesia.io/post/ai-tools#claude
https://www.synthesia.io/post/ai-tools#synthesia
https://www.synthesia.io/post/ai-tools#runway
https://www.synthesia.io/post/ai-tools#rytr
https://www.synthesia.io/post/ai-tools#sudowrite
https://www.synthesia.io/post/ai-tools#grammarly
https://www.synthesia.io/post/ai-tools#wordtune
https://www.synthesia.io/post/ai-tools#perplexity
https://www.synthesia.io/post/ai-tools#chatgpt-search
https://www.synthesia.io/post/ai-tools#chatgpt-search
https://www.synthesia.io/post/ai-tools#vista-social
https://www.synthesia.io/post/ai-tools#vista-social
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Other Al Tools

« Data analyze
— https://chatgpt.com/qg/g-HMNcP6w7d-data-analyst

— https://julius.ai/

— https://chatgpt.com/g/g-lg0OG5y0A-big-data-insight-engine

« Coding
— https://codesubmit.io/blog/ai-code-tools/

— https://lwww.geeksforgeeks.org/ai-coding-assistant-tools/

— https://blog.fabrichqg.ai/latest-ai-code-generators-a-comprehensive-|ist-
b7ce1a461fac

— https://research.aimultiple.com/ai-coding-benchmark/
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OpenAl ChatGPT BY3Z &

* Introduction
— https://openai.com/index/chatgpt/

 Documentation
— https://platform.openai.com/docs/overview

 Prompt Examples
— https://platform.openai.com/docs/examples

— https://[team-gpt.com/blog/chatgpt-examples/
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LLM X BEHE#

https://livebench.ai/#

https://huggingface.co/spaces/open-lim-leaderboard/open |Im leaderboard

https://www.vellum.ai/llm-leaderboard

https://klu.ai/llm-leaderboard
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NB 4R (Content Generation) :
BERNNABIE (MMEKBREXE - 128 - ARERHNE) -
EXRPNERERSEZREE - HRFRGR - BEERYDUERBENRIER
BEHRAR -

8= M= EiEI8 (Language Translation & Transformation) :
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BEIERABEE (Content Moderation) :
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- EEEEEE (Intelligent Dialogue) :
EREMETHENSRYE  BAREANERIE R ASERRF -
- SNIZENERZH4E (Knowledge Extraction & Organization) :
ﬁfézliqﬂ%ﬁiﬁﬁ%ﬁ@ﬁ%ﬂ (NEE - R - ARTE) - WHHETERN DA
-  EIE4X£H (Innovation & Creativity) :
REBEENREREKEEENEEADR - BHARIFEXREIELIFERYEE -
- BEES T (Sentiment Analysis) :
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BE{EREERIBTLER (Automated Programming & Code Generation) :
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- BIEELR (Cross-modal Generation) :
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-  EIFFEAEIE (Innovation & Problem Solving) :
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- BENERKEIHIE (Automated Decision-Making & Reasoning) :
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- HXEEHRTEH (Specialized Application Customization) :
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. ﬁﬁ%%’ﬁiiﬁﬁ%%’ (Self-learning & Reinforcement Learning) :
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 C(Clarivate Al Product

« Al JTEUIEENE

» https://clarivate.com/zh/news/ai-metadata-assistant-preview-available-for-all-alma-
customers/

 Web of Science Research Assistant
— https://clarivate.com/academia-government/zh/blog/wosra/
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