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Artificial Intelligence
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Neural Networks
eep Learning (Multiple Layers)
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o Eh e ERWER, 8—KERNXIUFrame. FEE={E#E: width, height, time

Retrieval Augmented Generation(RAG)
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© Select

» BEEERZHASR, e.g. RAG, Tool RAG, Memory RAG
o Compress
© Multi-Agent

Machine Learning

Alignment
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(Reinforcement Learning
with Human Feedback)
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(Supervised Fine-Tuning)
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Z—EFEER #R = Ay — (Bl FE ER G4 (LAY BRI A #14a (Initialization)
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) [Deep Learning (CNN, Transformer ... ), Decision Tree, etc.
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1. prepare data



* split data into
i. training data 98%
ii. validation data 1%
iii. public test data  0.5%
iv. private test data 0.5%

Original Dataset

lSpI'rt into Training Set and Test Set

ll‘-'erlorrn k-fold cross validation

k = 1%t iteration Validation Set

k = 2 jteration Validation Set
k = 3" jteration Validation Set

EEs &I - .
k=4%iteration | /. ji4ation Set
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Produce final model

v

Use test set to get unbiased estimate
of final model performance

2. set a model

* tR#Edomain knowledge
© Simple Linear Regression
» y=PFo+ Pz +e
» Hoph By BELE - f1 BRIER - e REBEHZRE
» y,x is feature.81 is weight.50 is bias
© Multiple Linear Regression
" y=po+ prz1+ ez + -+ Bun + €



o Piecewise Linear Curves
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o (lassification
® Binary Classification(Sigmoid=Logistic Function)
1
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Sigmoid Function

104 —— Sigmoid Function

0.8 4

0.6

o(x)

0.4

0.2 1

0.0 1-

-10.0 =75 -5.0 =25 0.0 2.5 5.0 1.5 10.0



= Multi-class Classification(Softmax)

exp(y;) m1>y >0

Soft-max | = ,
Vi Yiexp(y;) W2y =1
jexp(y;
Softmax How about binary classification? ©
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o Structured Learning
= create something with structure(e.g. image, document)

compare regression and classification

Regression
feature
label —
? e =EEeE > y — b + CT O—( b + W \i‘)
Classification
feature
y = b + W oo(b + W\i‘)
label Y syl = [softmax]( y )
Oorl Make all values Can have

between 0 and 1 any value



* 0 is called activation function
© Regression
= gisRelu
o Classification
= ¢ is sigmoid/softmax
* o(b+ Wx) is a neuron
e f(x) =b+clo(b+ Wx) is 1-Hidden Layer Neural Network

3. set Cost function/Loss function

* Mean Squared Error, MSE
o MSE = ; 5 i1 (Y — 9:)°
=N qulﬁﬁEHE’J,M%Z (Train Data Size / Batch Size).
vy 5 EERNPEEBRZEE (Ground Truth).
y,;  BHEEE ¢ EERAITERIE (Prediction),
* Mean Absolute Error, MAE
o MAE = 3377 1(yi — 93l
" ;JH%FE Z I AY4B 8L (Train Data Size / Batch Size).
oy B EERPNEEBRZREE (Ground Truth).
Y, ’fi:é%]‘% i EERBTEAE (Prediction),
* Cross-Entropy(classification)
o ify,y are both probability distributions
o Cross — Entropy = H(y,y) = —>_i_, yilog(y;)
® ¢ The total number of classes or categories.
= Minimizing cross-entropy is equivalent to maximizing likelihood
= q;: The probability of the ¢-th class in the true distribution (often a one-hot encoded
vector where only one y; = 1 and others are 0).
= y,: The probability of the i-th class predicted by the model (usually the output of a
Softmax function(0 <y, <1 and > gy, = 1)).

4. set optimizer

¢ Gradient Descent(Vanilla Gradient Descent)
o Gt — gt — n- VL(@t)
» VL(0") RRBRRE L EERSE O (BN "RIT, = TIHE,
= 7(Eta) : The Learning Rate
o RIE: IRBETELRNG FRE S
» fZ% : Gradient Descent + Optimizer

» R840, g1, 6%,..., 9" —EBHECRESE(FHEElearning rate)

= Adagrad
» for each dimensioni:n = % ol = ZEZO(QE)Q
» BB B EEEEENRE
= RMSProp
" f#RAdagrad : &I E HRAIgradient#A LB FE
" use «

o TJIA Momentum (NBZYiEERBEISHEERI T, A2 EERF)HKAEE L global minimumFELL

IR Bfsaddle point or local minimum
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= for each dimensioni: ™! =@ —n-m
© Adam : RMSProp + Momentum

> Compute gradient gt = VL(8%)

Momentum

For each dimension i: m! = gm!™1 + (1 — B) gt OF ! « 6F —nm!

RMSProp
. . . 2 2 t+1 t n t
For each dimensioni: ¢! = \/a(ait‘l) +(1- a)(gf) 6;"" < 0 — Y

L

Adam

gt gt n Adam has bias-corrected terms,
i L ol mi which are omitted here for simplicity.

o o lALearning Rate Scheduling?ki8%learning rate
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Warm Up Learning Rate Decay
BREMY HEHEF MR

>

" warp up : #AoptimizerR RMZAOH S, R BHIEA—ERTithE, ArEmE A, &E—
{E Klearning rate, ;B2 &L, O] LUK E B & Eix

o Feature Scaling(38error surface)




® accelerate gradient descent

Gradient descent
without scaling

Iy >> I
AN
W - J(w)

= Normalization

® Batch Normalization

Batch normalization

Gradient descent
after scaling variables

ﬂ*‘f_i I ‘S l
0<z <1

H‘ W1 1
uand o ‘ '
depends on z!

» ~, B are another network parameters, 5 9NE # learned 1 2R 1Y, & %5
normalization52#,2', 22,23, ... 21950, T AE S ¥R B IR AR E

V. B
» 1 initialize to [1,1,...,1]7
» Binitialize to [0,0,...,0]T
= layer Normalization
= Standardizatoin

5.Train the model



* |Initialization
o Kaiming Initialization

* Use gradient descent to train the model, accelerating convergence to the minimum loss and
yielding the optimal model(Find the best 5y, 81, 52, 03,....,€ ).

® general guide

loss on training data

General
Guide large small
model i
¥ optimization loss on testing data
ias
large small
makeyour R samecn
mOdel Complex Pﬁog%ﬁ Hessian
g - . An
: overfitting mismatch ~—
more training data Not in HWs,
data augmentation except HW 11
fussennes make your model simpler
trade-off

Split your training data into training set and
validation set for model selection

6. use validation data to evaluate your model

* be aware of overfitting

7. use test data to test/inference your model

* public test data
© be aware of overfitting
® private test data

Convolutional Neural Networks, CNN




3 channels 100x 100

3-D

b"“‘o tensor
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7 100x 100

value represents intensity

channel :R, G, B

Benefit of Convolutional Layer

- Fully Connected Layer — > Jack of all trades,
- master of none
Receptive Field

" Parameter Sharing \

Convolutional Layer ~ » Larger model bias

(for image)

* Some patterns are much smaller than the whole image.

* The same patterns appear in different regions.

A& Fully Connected Network, weightXEEX 1, FiReceptive Field

SEDIsEEE @5, Pl Tl parameters sharing, called Filter

The Whole CNN



The whole CNN

- O%'g'

Fully Connected

Pooling :
e.g. ‘BF Elrows, columns=ig, ;E[E£/)\

* Subsampling the pixels will not change the object

bird
bird

—

subsampling

Flatten :
Hmatrix& s column

Convolution

Pooling

iy

Convolution

Pooling
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