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#2328 Machine Learning

o MEZEERE —SoEHArthur SamuelX 1959 FEER - tEIBMET - h 28
s bE B AN A T &S Z= 2815V 5CER -

o HMBEBHEATEEN—EMHEEE - FAAHEE ZNBREEMFZ @ SL
BESAO DI BT E RN 7 ERREEBNEIE - M2 AREIESWNIGE
L NEITHETRE - A EEEEENERFHEHETEMEE FBE L sFZTRIN
FA -

o METMBBEREL (BERE ) DB M ¥m28ER - SREREZE—
[ErERARVIT NSRS - ERE R BAEEEEZETHERRUER DT(EDA)

https://en.wikipedia.org/wiki/Machine_learning
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Tom M. Mitchell /123 28 R A RER ZRH 7 —EBHREZS AN - B
IETRIER
— "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 . *
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- RIBELERAHARRERETIEA
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BHELRETHE - KRERXRSNEREBEERAUUSNRZEZRRNEBETR
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https://en.wikipedia.org/wiki/Machine_learning



KRBEMALE SRR

HBBRERNHATERA) WEXK - EATSZER—FERNER -
—EMRAEHNERRCEIETPELGRER - thMERXBEIEFTRAEUR
SISFTEERY "R ) RERRSEIRIRE -

i ERNAENAENHERERER A LEENHSRAEE ZBNRE -
BELAmZAENERNFR A HIERNEREENRE -

1980 F - EXAZMEKEZATEE  MABABXEMW - METARRE LS
HOER - BB RARNER—FERALESENERNENE -

John Hopfield, David Rumelhart, and Geoffrey Hinton &EERIAYFFIEA
BMEAIICS R ZIMERE FEIRIBAR - A "BEER, - tPNEZMN
2T 20 4 80 =AU HA - EXTEEAR  a0){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 & E[E5E1E 1/ Bl E 4 t(Boolean threshold neurons)fY
Bs MEIAAL SRS -
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FEEAE FCN, fully connected networks
FEE 24 DBN, deep belief networks

BIEMAA4E RNN, recurrent neural networks

\I

EHIEMLEAEE CNN, convolutional neural networks
R E AR GAN, generative adversarial networks
""""" 522 transformers

HALEE 5915 NeRF, neural radiance fields
— [FHEGREBEE 2D B EEEMM 3D 5=
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| == S | | Features | Features . |
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| Deep Learning Classification |
| e -~
pr ] " . |
! B - =
| "w > Deep Learning Model - ,
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Deep learning

Performance

Older learning
algorithms

Amount of data
Alzubaidj L., Zhang, Humaidj A.Jet al. Review of deep Iearning:mggnnocer?)ts, CNN architectures, challenges, applications, future diré@&ign

Data8, 53 (2021). https://doi.org/10.1186/s4053021-004448
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AT EE Artificial Intelligence

lII

/\IgE"E'HE CREZHNRER LR - E2Fas ( BikA; ?E ) FRIRIRENEE -
EINRIBR— B 5ELRE - AR A EES 1@&%%%5’]"2%!]&1&

iﬁ WA REBENEEHIITE - Eﬁﬁﬁf‘iﬂ%%’%fﬁﬂ%fﬁ@’%ﬁ%ﬁ%%‘ °

ATLEEN—LESINEENEREE

— SHRABEESIZ (HA - Googlei= )

— HEEZA ( YouTube - AmazonFINetflixEH )

— BW@ABEEZEETHEE ( HWGoogle Assistant ~ SiriflAlexa )

— BEEMAE ( Alwaymo )

- ERMEIRTLER (#lNChatGPTAHIAI art )

— DIRESER ( AINBERREMEE ) PEANIUEM DT -

A FZALEFEEAEINTAEEBALEE . "HAIZIRRALEE

@5LU &V%ET$ BEEASHEAALSTSE  HAE— Eﬁﬁﬁﬁ """""
SEHBERHEEHER  BEMABWM EATISESENEE -

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 EFREEAEE S E B RMNFE LENER - ALESMREW
BmBERENE

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

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



Al NESR

e 1950, Alan Turing: “I propose to con:

o Turing FREIBENK "HEEEEE, WA "HEESURERIELERETAL o
fthzg st 7 Turing Test - FLIEISH 25 ASRHERIEET] - ARFMIREERR
Rka=TR HaEd "BIE) BaBRZREERE "8, UAERE -



B 285 Turing Test

o REERNEXRI M- EE

( imitation game ) -

FR1950F IR BB E i

I =
; . =

B TIRERERE ) 2IRX
C ( éE% ) WEFE 2 E R A I
K AN B PEZENN - FEEALE -

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 =R o] DUR T — LB RERIRE R - BEE
Z“j{;“ﬁﬂF)\*EE’J SBETT A

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



Al 2L ZEAVEEH

« AILEZE (Al) IR 1956 FHE A/ —FIEMEAL - ZRERE /2 REE
SRBH - BRXNBARENEZRMROKGE - SLEFKHHEES "AIEZ

« B 2012 £ - BEXESEBEMEE LEW R Al X - AlNEER
AMBEERIERTT -

 EIEIERT 2017 E7REAEIRES ( Transformer ) ZREBRHIRE—FNNE -
2l 2020 EH] - Al BIEMIRECEETEEIT - KA " AIZVEH

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://www.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://lwww.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-2617948bc87b



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

$)ﬂ2£ﬁ/\1*“*$($mﬁ Al ~ GenAl ~ Z{GAlI ) EATEEN—ETE -

BERAEREREREENF - BB - £ RhEMEANER - MEE1LER
EBFREB@AEZEENER  EEERNEBERSDBEAZSRANEZALIR -

E R TransformerfV ik B B4 - FRlEREZSHEE( LLMs ) CGE - 8
A% 1 2020 FERCFERTU Al 2ATRIAI Z0E -

— HOE$EChatGPT -~ Copilot + GeminiFMlLLaMAS I K23 A ;

- XFEESAILEEEZREM A4 - WStable Diffusion  MidjourneyADALL-E
— URXZF3IE RNAILERz: - HldlSora -



T 25 52 28 B9 1
(— BB AZRA )

Chatgpt: FFE—#E R, & logistic function 22615788 - 4@
machine learningf973 ZU{F binary classification”



BEE=

« BREME—HEHR  DIKHEN_TIZE yv {0,1) - B0 - x TJgERERE
BAEE MyERT~ZIEEESEBEEESBEZE (HINFREEER) -
o BUBAEE
— BRERBEMTNEIE :
o DR
w [miTiTipip]
— EEYERTXx<4EARO0 xlI 4B/ 1-
« BEZEZF)A Logistic Regression - & —{ERKEERFER 0(w plo) - WIRE
2 RETHEE
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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

F 2R B https://cs231n.stanford.edu/ ;2 2385 R



https://cs231n.stanford.edu/

Logistic Regression [R1E

« Logistic Regression B#/0\v2fE A Logistic Function - EfSZ A
@ —
” e p 'Q
« Hoh z@BBERNEHEMNEMEHES i
a Vén
Z we#EEweight) - b 2R &Z1E(bias) °

* Logistic Regression TERIEERE i
V(W pl ,0E W




Rl AR R 1E

- HEER

— BRERBMUTEE o
w [pklohiv]
w [TﬂTmIDFID]
— BREYRTXx<4BERBO- xI 4FH1

o EAIREE

— YIREEE w FRE b - AIUYR{ER O -
o BRIKE

— A R XEEKEE (Cross-Entropy Loss) :

b2 [AEE® (@ EGER ©)
_ Hip
®w 0w plw)
. BETR
— EFHEENREFRSE Wb - HERIELKETEY -
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Maximum Likelihood Estimation, MLE

-

o (R . i
V(@ plw (0D W
L(w M p ,0¢ W
0@ g & (p ,(0gd &)
o IZAKEL (Maximum Likelihood)

0(0 ) 0 (W|®)

O @ (p ,0gn )

o ¥fL(w,b)EX log H o] UE{ER R X MEIE KRB (Cross-Entropy Loss)

H1th BRI E R https://arbu00.blogspot.com/2017/02/5-logistic-regressionoverfitting-and.htm
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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 2B 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
\ / \ / Y /
\ ' \ ' \e '
\ / \ \ /
AN \,\ \,\

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



https://cs231n.stanford.edu/

i

I[[

1
I

P EARRIE




o WMEIEEFES - WBERES
- F&HC THIRC BREAXNELE

« M3 (context)

- BMAFNAESHREDF
— BRMUHIENFRREFNER
o WMOHETERERSER g Euclidean distance (d)
- FHC FHHEBEMUMEMUE
- BEYE C FHIEEABERERG 4 ’
- BERNE#E C FHRIEMERRAR B
similarity (A B) = cog(q) W

- BEHENBBEELN (OEZXE, HX)

- WMOENRTF
— #mELIEER - BoENEEIEERLE (cosine) RICRAEUE

— Hn-gramBSRARERR L FXRIEER &



= {EEE Feature learning

« TEHRBEML) & - EKEEH Feature learning / Representation
learning @ — /110 - OlERAARRIREER P BEEHIRFEERSD
SRR - SN Y FRRHELRE - Wasti#aE2 85 R0 ER
BRRANITREER -

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

£ 288 https://web.stanford.edu/class/cs224n/ iR 121852



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(we_p | wt) P(Wiyz | We)
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, glven center word w;. Data likelihood:

Likelihood = L(8) = 1_[ 1_[ P(WH_]- | We; 6')

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

to be optimized

1 sometimes called a cost or /oss function
The objective function J(8) is the (average) negative log likelihood:

1
J(0) = ——logL(H) = ——Z z logP(ij | we; 6)

m<j<m
J#

Minimizing objective function & Maximizing predictive accuracy

[E 7 2K 8B https://web.stanford.edu/class/cs224n/ R 121852
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F 2K 8 https://web.stanford.edu/class/cs224n/ :R121& 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

t+1 t 1
Pzt 2O W)
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
— Hp(m(t)| et 2)
t=1

AN J
Y

This is what our LM provides

A=l

£ 288 https://web.stanford.edu/class/cs224n/ iR 121852



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 & EH https://web.stanford.edu/class/cs224n/ (212 1E 5 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



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

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 & EH https://web.stanford.edu/class/cs224n/ (212 1E 5 F



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

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 2k B https://web.stanford.edu/class/cs224n/ :R1=



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

Attention Bt RNN

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

_|§|«|3|E _|5| ||
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[ [ [ [ | 'I [ [ 1 1
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E.Q%%“Z._J. lé._ % mé Ea_’.-;%“zi. E_ g m%

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



Transformer

Output Multi-head attention
Probabilities

Linear

Concat
$1
Feed —
Forward Scaled Dot-Product .
Attention .ul h Scaled dot-product attention
s 1 ~ Add & Norm L L L
~Caees) | (| o ren ) )
=5 Attention I| [Lmear [ Linear P Linear MatMul
Forward T 7 Nx Y Yy Yy
| —
[T N Add & Norm
/ p=t ) {_Add & Norm ) Masked v K Q
CTTT (T Multi-Head Multi-Head
Attention Attention Zoom-In!
o J —
Positional D ¢ Positional
Encoding Encoding Q K V
Input Output
Embedding Embedding
I 1 Zoom-In!
Inputs Outputs
(shifted right)
Vaswani, Ashi sh; Shazeer, Noam,; Par mar , Ni ki ; Uszkoreit, ialak

(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 M
-~ ]
MNx
r—-l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
_t At
—— ] _

\ J y,
Pasitional A @ Positional
Encoding 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




Tree LLaMAT#,

—(2023)
OPT-IMLIZN

EhatGEll@ BLOOMZ %] Galactica[gN
B

Sparrow@
|Closed-Source]

Evolutionary .
@rg @G EordG GT-4¢ Wouressicas (e

Anthropic)
LM_v4-s3}

e

1#:"'

i

GPT-NeoX[®)

e

GLM &)
Switch

DeBERTa] B " 225

>
N

13

GPT-21&) T

5
i
0@8 OSROE Ok

GPT-1[G) e W
S Y
e
FastText Glove T e g
Word2Vec

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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Al

BFEN (MEARANLIESEY ) 2—BHREEREEEEL - Fi6
EREARNBIESE DETIIAR - EHEEHEAREZNERSS - fl0 - K&
Mot sETRAALEZEABE SRR R HEIZYS) -

BUERENBEHFEMSHNERRA - oo SNEROGERERIESTT -
AR IR EREIEMFEEIR - HRZ - BIRBEREIFEREL
BEGETHNERER  ARRSS -

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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78,352,034

GPT-4
Llama 2 70B

2023

https://aiindex.stanford.edu/wp-content/uploads/2024/04/HAI_AIl-Index-Report-2024_Chapterl.pdf

3,931,897

191,400,000

Gemini Ultra




Al EiEEE (cont.)

R TR 2 HA &6
— Language models (LMs) : OpenAl's GPT series and Google's BERT
— Images : DALL-E and Flamingo
— Music : MusicGen for music
— Robotic control : RT-2

BRI FERFARERRANES - RHE - ERAES - 5% - 123G
REFRSIFRR ~ BB LAMMEEEER -



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—EEEFPE2RNMEERT AR BT - DUR
FHELRUBE -
mREEE Y ( Retrieval Augmented Generation )
- HPERAALEERAEEMRENRIM - BEEAREEBESER (LLM )
NEEFAT - FEREESZERENEERCERAFEN @ EtMaAREREBS
FEARFF IR EUERIESN -

127R 132 ( Prompt Engineering )

- REAIEREBIBRE  FEMIALESE (Al) BAGENREETIEEZIES

https://en.wikipedia.org/wiki/Transfer_learning
https://en.wikipedia.org/wiki/Retrieval-augmented_generation
https://en.wikipedia.org/wiki/Prompt_engineering



L

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-If-the_figl 368698963



RAG (Retrieval Augmented Generation)

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



Prompt Engineering Guide
(OpenAl, 6 strategies)

BEREWRES

- EEMPEHEAGLESEHBNSE

- BEXEEmERERE®

—- FEHNRFIREE MR, EMANABE D

— BRtEIEE ST FFR BRI R

— RHEEA

— BRESRRE L ABHNHERE

RIESZENAK

— ENMERRESZXOROE

- BXRBEAESZARPS|IHER

8 M TS D R B 175

—- EHREEDHEKENHFEA&RMERNES

- HIRNFTERETEBRYFENER - BAESEETANEREANE
- BRXHDERGE  WERREHINBETERE

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



(OpenAl, 6 strategies)

4. #AERGE " E=Z ) (£ Chain of Thought)
— JEBREISRIBHREAS R  BRLAERH
~- FRARIEEN— RS EHEEIEENHEIEREE
- BRERESTER I ZAEETHETAR

5. ERAIEILIE (FF RAG)
- FRARNERERSVNHIMNHEBRE
— MITREADUETEERWETE - SBAINES AP
— = GPT NAREINEE

6. 2MICHIGESR
— REBEEEZSZRTAEER L

o 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

AR LIERYE RIS

« Chain of Thought E 4 ##

- RE Google BUER)% » Chain-of-thought ( CoT ) IR 7 ma — 12l - ol:ZEX
BIRES R (LLMS)Z-E AHERASEZR - REBR#EAE—RINPELTER -
2022 & - Google =EM - FHAERER o LB B 5 EETEN A B B#ERHE
IBIBEREIEZZTERAIME - (EMIEH#EIESES] - 18 Google #1 Amazon A -
,uL”t%ﬁ?i‘iﬁﬂﬁﬁﬁﬁﬁ%*ﬂﬂ7@2%;’@ AR EFEEE B2 ES TR ERAVHEIE
THEIRE - HlOSEEENEEEIERE -

o REHEHRERIERIOIOABE
— 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 £ 10 H 24 HER%®H -

— H Harrison Chase EI17 - ¥ HEEIZE 2 S] Robust Intelligence L{FRiFZ -
MCP (Model Context Protocol)

— 2024 % 11 B 25 HHEA Anthropic 27 -

— F Anthropic fA3% - WEESZ X Al 28] ( 1 OpenAl ~ Google DeepMind ) B9
~FF e

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

— H Google 53 - WEERFER 100 XXM AT -
Him T H



LangChain

FIRETNEE : LangChain 2—ERIRIER - EEBDHEZBEER
ANRBSRE (10 GPT) ER - BRIZLBENERARRGESEE
MAMBEHERTR ( WAPI ~ BERE ~ XHFRAT ) B - W5
BESTHENBERNEREDR -

:I:Eﬁ .

qﬂ\\ ]

~ ZEBIRER : LangChain XIEEABNEIRIREE) - HEEER AP B KEEH
MR- ER ( RAG ) INEE

— TERMBBIEEE  aBEARANEESREEE L IFIHEE - BN
HEIBRANARREEIE -

- BERMAM : LangChain B T RZBAEEAUNTLE - EEAPREBEFEKEET -
ERMETER -

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

EA MCP ] A2A i@ fE - FRlEE 4 KEIEZE R AN EIBRIRIVE

BHF - 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—1BReETiRE - S ERE(CEAEN L I XEE - 55X
RO BTBNEE - REMNEEREN ENER - tMiEsEEEZS Y
A o AR R RS P RY—BUETNIB AR

Y538

~ FFXE®  MCP T BEDHESEETR ETX (B - HWEESE - EFEARE
%)  DUEERPNRZG RS —EM -

—- OEEMAEEY  MCP OLUEA—EERE - EARNEERMERETER -
BRTPEAESHE R PESEUN ETX -

— IEEBEREE  MCP O AR EBEXRBSEBRENAMAN LT - WiHHTMHK
2E -

EH &% - MCP =225 E M EERIARE - LangChain A

Google A2A IR MCP REEZHAFPN L N - TEHEESREE

FEMBERNZER -



Model Context Protocol

- — Y FROEFHES
EMCPAMISIREMIEE :
MCP mE 12 ; MCPTEIREI IR gjgg;égzg
MCPE—ERIRE » 12 % > EERIEHERROGER
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)

FREIINEE : Google A2A 2—EEAZEEBEMNIE (agents ) ZEIRIFIEER

ST AR - CEEIREARMIE ZBENBERNBEEMNHRE - LEESTEEHER
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%)) BeE—# - ETHEIE -
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— EUNEFFIFE . SRR RERIFEAZEFETE - WAABRIED R EIEELE
TR - EREEGEREL -
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BRIEZDHBNZMIERESE - A2A O IRA—BEEFTNZMAIEBERGH
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HitTH (—)

« Haystack (EHHDeepsethizg)

— Fi& : Haystack 2—EREEZR - TEARBERZEEBRE (1NXE EESE ) PIEE
MaREEMNRHSK - BHZEESEE (HIYBERT, GPTS ) £ - XHRBIS &4 - XIEW®
R HEEEE -
— $5EL  EHBEANRER-IZEERR ( RAG) st - fFFABPERAENEENELE WHXX
ZiEMREEIBMEEREEIEINGEE -
« OpenAl APl + Custom GPTs
— Fi& : OpenAl B9 API EFZE 0D EEBEZBECHWERIE GPT £22#ETRH - Custom
GPTs % ERIZEFERN GPT-3 81 GPT-4 128! . DI EFIEAERETRE . WEMR
ANEREE TR 2R IR = E B
— 5B SECHE  ZXEZmEGEEIE - WHBEHBEINESAPIEITER - BEFARREMEE
)EH o
 GPT Index (Llamalndex)
— F#& : Llamalndex ( ZBIMUGPT Index ) 2— EEAAXEZESHEE (1 GPT ) &RETHFAIRE
20 HERBANEEBEASNEER - BElEE RIBIHEES NIEZRERER - o UEEEE
BREVRS|IWHEREMERDIZBE -
— 45By  OIDIBZEEUER ( BIR0ISQL - CSV -~ PDF ) E4EER, - ZIFEIRFEMAMERSE -
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« Semantic Kernel (FHMicrosoftFi %)

— F3& : Semantic Kernel —fEH Microsoft FEEIBIRIEZR - FFSEKREIEMAME
REBSEE JE/JI'ﬂE/}IL - CEEERREBEESVNNBEELER - WEMINSTEMEIER -

— 45Bh  ZEE AL AFEE - API DUREMAINETE (A9 SQL ~ Power Automate & ) 51
—%B -
« BotPress

— F3& : BotPress @ —{EFIRRVII K2z A1ER - STISEMARBSEE (W GPT £51) - Wik
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The best Al productivity tools in 2025

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

Search engines (Perplexity, Google Al

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 (DALLE 3, .
Midjourney, ldeogram)

Social media management (FeedHive,s
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, Slidesqgo)

Resume builders (Teal, Enhancyv,
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

e Chatbots: ChatGPT, Claude * Project Management: Asana, ClickUp

* Video Generation and Editing: « Transcription and Meeting Assistants:
Synthesia, Runway tl;dv, Nyota

o Writing: Rytr, Sudowrite * Scheduling: Reclaim, Clockwise

e Grammar and Writing Improvement: Customer Service: Tidio Al, Hiver
Grammarly,.Wordtune _ * Recruitment: Textio, CVViZ
« Search Engines: Perplexity, ChatGPT Knowledge Management: Notion Al

search | Q&A, Guru
» Social Media Management: Vista Email: SaneBox, Shortwave

Social, FeedHive

- L e Presentations: Gamma

* Image Generation: Midjourney, : e
DALLE 3 Presentations.al

. Graphic Design: Canva Magic Studio, Resume Builders: Teal, Kickresume
Looka « Voice Generation: ElevenLabs, Murf

 App Builders: Bubble, Bolt * 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
https://www.synthesia.io/post/ai-tools#feedhive
https://www.synthesia.io/post/ai-tools#midjourney
https://www.synthesia.io/post/ai-tools#dalle3
https://www.synthesia.io/post/ai-tools#canva-magic-design
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« Data analyze

https://chatgpt.com/g/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://www.geeksforgeeks.org/ai-coding-assistant-tools/

https://blog.fabrichq.ai/latest-ai-code-generators-a-comprehensive-list-

b7celad6lfac

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

e 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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 Clarivate Al Product

e Al JsEUEENTE

» 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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