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Convolution
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Input image

kernel
(filter)

output image



Convolution
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Convolution
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Convolution
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Convolution
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Convolution
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Convolution
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Original Box filter

result



Convolution

0 0 111
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0 0 17111

original Sharpening filter result



Face detection




Sliding windows

1. hypothesize:

try all possible rectangle locations,
S1Zes

2. test:

classify if rectangle contains a face
(and only the face)

Note: 1000's more false windows
than true ones.




Features

4 Types of “Rectangle
filters” (Similar to Haar C
wavelets)

sum(WhiteArea) - sum(BlackArea)

g(x) =



Features
For a 24x24 grid: 160,000+ features to choose from
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The learned features

First two features
selected
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Image classification
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Image classification
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What the computer sees

& 82% cat
15% dog
2% hat

1% mug

image classification



Image classification
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Challenge: deformation




Tolg

occlus

Challenge




Challenge: background clutter




Challenge: intraclass variation




Classical pipeline for classification

e Classical CV

J(x; 0)

Hand-crafted “Simple” Trainable
Feature Extractor Classifier




Image classification

- 1/HEUEE R R RIIRE,

Bicycle

. Z/EEI*"*'J ERREE R GRIE?
3/ ERNRER, BERBREEMR, EERERNME,
Jaguar _ , Sunset




Classification pipelines
* Classical CV

Hand-crafted
Feature Extractor

“Simple” Trainable
Classifier

Traimnable
Classifier

End-to-End Learning



= = (Artiticial Intelligence

ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING

DEEP

| LEARNING
> DK
VN M VN

1950’s 1960's 1970°s 1980's 1990’s 2000's 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.




ML v.s DL

Machine Learning
5
ik -7 - Il
Input Feature extraction Classification Output
Deep Learning

o - 533 -

Input Feature extraction + Classification Output
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Input Layer 1 Layer 2 Layer L Output
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CNN

Convolutional Neural Network

Deep Learning ™™

Z R

000

RNN

Recurrent Neural Network

TBIR AR

X1 X2 X3
GAN
Generative Adversarial Nets — ’Generofor VQI — [Generofor Va‘
Output V, Output V; Output V3

Discriminator V; Discriminator V3 Discriminator V3
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GPT-3.5-Turbo
Nov 2822

GPT-4
Mar 2023

GPT-4 Turbo
Nov 2023

ol
Sep 2024

GPT-40
May 2024

GPT o-series

03
Apr 2025

o4-mini
Apr 2025

GPT-4.5 Preview
Jan 2025
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GPT-3.5-Turbo

GPT-4

GPT-4 Turbo 0.01
GPT-40 0.005
GPT-4.5 prev. 0.008
03 0.01

o4-mini 0.003
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Convolutional Neural Network
(CNN)
Binary Classification
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Binary Classification

* JTo78H(Binary Classification) &fR1E /7 25 AR Al —2H 815 (data

points ) 47 FyWi4H (classes) HYIEHS DA T A R

Decision trees (JF 5515

Random forests (B2 FK)

Bayesian networks ( H X 4 EK)
Support vector machines (SVM, 37 3 [0] &%)
Neural networks (NN, E LR 4g1EE )

Logistic regression (#&&E

Probit model (f4&2fEi7Y)
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GAN

(Generative Adversarial Networks)

l. J. Goodfellow, J. Pouget-Abadie et al., “Generative adversarial nets,” In Proceedings of NIPS, pp. 2672—2680, 2014.
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160 | 190 | 220 | 250 1/9 | 1/9 | 1/9
160 | 190 | 220 | 250 3x3 Box
J Filter
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160 | 190 | 220 | 250 1/9|1/9 | 1/9

160 | 190 | 220 | 250 1/9|1/9 | 1/9

160 | 130 | 220 | 250 1/9|1/9 | 1/9
160 190 | 220 | 250 3%3 Box
Filter

190 | 220 | 250 1/9 | 1/9 | 1/9

177 1220 | 250 1/9 | 1/9 | 1/9

152 | 220 | 250 1/9 | 1/9 | 1/9
190 | 220 | 250 3x3 Box
Filter




1. #RE B2 7 ]
11-3. BYEE
« BEEEES M s ConvolutionfJ4E R ¢

100§f 130 160 190 220 250 1/9 | 1/9 | 1/9
ooll130/{ 160| 190 | 220 | 250 1/9 | 1/9 | 1/9 160, 190, 220
ooll{230}} 160 | 190 | 220 | 250 1/9 | 1/9 | 1/9 160, 190 220
1000 130/] 160/ 190 220 250 3x3 Box

Filter

- B E G B AT R ’_ﬁDB*ijJ\H’JLE'i 5
G LT RE—F > SR TRAE > BTG
(ERENTA N T =77 ¢
1) Convolution_Shrink
2) Convolution_ZeroPadding
3) Convolution_AveragePadding
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101010
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Kernel1

Outputi

Challenge 1
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1010110 1 | 1

21212121 -1 10

10/10/10| 10| 1 2102
-1 0
e Kernel2
Image2 Output2

Challenge 2
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1011010 1 | 1

20212211 -1 -2 ] -1

101011010 1 0 010
1 2 1
T Kernel3
Image3 Output3

Challenge 3
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10110110 1 | 1

21212211 0 | -1 |0

10(10/10]10] 1 1o |-
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N Kernel4
Image4d Output4

Challenge 4
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import os
os.system('pip install Pillow matplotlib numpy scipy')
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# Step 2: EFREMIZ0 (HlE0FR1)

kernel = np.array(]

[BJ _11 B]J
[_11 5: _1]:
[b: _11 B]

D



Convolution Kernels
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Sobe
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X
Y

emboss JF

ERHPRIES
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SRERR

FEEESH] (e )
Gaidlwe g dERilE]
Laplacian 152

N BT

{H AR 5T

fESC T R,

SRR L o AHIEE

Kernel #{{E

np.ones((3, 3)) /9

1/16 * np.array([[1, 2, 1], [2, 4, 2], [1, 2, 1]])
np.array([[0, -1, 0], [-1, 5, -1, [0, -1, O]])
np.array({[-1, -1, -1], [-1, 8, -1], [-1, -1, -1]])
np.array([[-1,0, 1], [-2, 0, 2], [-1, O, 1]])
np.array([[-1,-2,-1], 10, 0, 0], [1, 2, 1]])
np.array([[-2,-1, 0], [-1, 1, 1], [0, 1, 2]])

np.array([[O, _1r O]r [_1r 101 _1]1 [O) _11 O]])
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Can Machine Think ¢

e 19504F » [EEE (EEMSSEEE (Computing Machinery and Intelligence ) ) B
Al - R e N TSRS m (PROE R R A b ) BEE (B
HXFEE) - ABaAlANRHE T et  FEEaRaSs 2 aEE -

sl
S

* NLEZE s E2I19565F » A ERBI A E N—5 AR (E H Byt TIEY

RS AR EHA A T EERHSEETEE (The Dartmouth Summer Research Project on
Artificial Intelligence )  E - & EHSERHVEKEIEEESLUSPZ LA « 2R
(John McCarthy ) [EX\E# - E%5 LIEYiFEimiVEE ' 5T EH - BHAESE
B e TR - MEEEES | RAEN A N LA S I Y
EEEE MR e SR IR N T E AV BT
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« 19514F >

RLEES S - FIHE: (Marvin Minsky ) 55— 20 s 7t

SN

FE—{E s iE RS - Snarc (Stochastic Neural Analog Reinforcement
Calculator) - FEE

SO{EFLA0(E "I ) FI—{EIEE SR B T 2R
MR o N > BB TIEEREN AR - BRI TILFT

(Frank Rosenblatt) 251 - 3§t 4G40 A1 2s (Perceptron) EE
% » NLtalagss (SiEmaagss ) B2 88— EicE
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1970

o N TSI S AE 19704 (R R BB

K~ SRR R AR
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FETREBIFE AR °

B T BRI A UG
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1980

* 19801 > FIEFEILEB TS LHIZEH » 5¢E

YR TE » A Yo S A TR~ B 1

:’l_;ﬁ;-[‘ﬂ/j/u\ © }Lf—{ﬁ DD}Hj(:ﬂHDj:mEZE

HRTHEE T AR BN R

LIFHE - W EZF Ay - ELERE
(John Hopfield ) 7£19823R5:3¢ 5 HopfieldtHAX 484 » FERL I HIZK4g4E n] DL

TIEI R - BERIGE

(David Rumelhart) &t T 2 [a){8#% L (Back Propagation) - &R ENR]

A (RIED WEL SrRHTEREL

N REEE [

TH=s ' BE ) ER - MEFRERE—

MW TEEE, o

BR4G IR R TR

Za e R a1 2 o AT R 7 1

& R EYF T AT BRI N T rHisEdas% - BRI R MR TS | #0R]



HRAX

- HRAIZERXRNWALTHEHESESELY > FTEL W AR (input
layer) -~ [EJ& (hidden layer) EdigiH & (output layer) > =4ME
E e ARYREN T A > Xy R R Eh e v DA [R5 Al —
R 0 (B - F e e B (T B
Ry TS R ERERAYENE - REE & R EER - gt
REATBA 3 e LS B IR MR o B R R

( Deep Learning)
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» 19704EX » N TR EEZEF—IFHANITSE R E » Fia BT
ey RPN THER > 20 CEEERasEFEEEEZE?
At AILEERTE—TEE0E - HATEE (Weak Al) B
s N TEE (Strong Al) - GATEESI SR Gk B A
i~ 58EC (A DAPVERSRTE - fEFEREERD) EaWIEET] 0 ER
HAEFRROATHEENET] - MATLEEAIEREZEBEI R
e nliEsE N ARSI EERE ErEAE ATEE -
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ZEEELTDeep Learning

c FREEEEEMESREEN— @ 7 0 W B pitk s S R T R
T - H o EEEE LR MR N THaadss » MR
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A

e B EL T Deep Learning

B e eR B (Machine learning) N —{[E 7757 » 2 HER
7 e 2o [E pR P JE (layer) TR Y 4R M B3 E4R P48 (linear or non-linear
transform) > HEFIEH & DAARRE RS AV Z(feature) -

 TERLBRAHEZRER T » A BB A R A
HARH TR S B B S R T ¥ S 1 AT LB
TIRZORIE S - R A~ S ELAPAR A - SRR

e B BB T £ (Feature engineering) o

R

[Laadl

[ }}

54\
et




A

ASEELE Deep

I 4
ik

Learning

T2 B H B HUR i (feature extraction)dVEE /] » AR &

B EEE 2 (Feature Learning, representation learning) » A [L

B XK

WE PN =R

* REEEAVEISR (Training) 1] LAy R = (B2 ER © E R IR

R

(define network structure) ~ 'E&FEEE H i (define learning target) »

By (& 7] e 125 M BUE J7 72 (Numerical method)#E{ 75| 4K



ZEEEL I Deep Learning

* GIRHEHEER(CNN) S RHVREEE MR 2 — » R4
ERZEE R 1575 & (Convolutional layer) &t & (Pooling layer)s&{E
TR (S (Pattern recognition) K AHARERHEIHIRE R » (G TE
K fE e G ~ B E Tl R SR RRRE R 2 RAFHYRY

R e
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Deep Learning

48

192

Max

48

pooling

Max
pooling

CNN model of AlexNet

192

¥
L 4

Max | |
128 pooling 2048 2048

1000









Teachable Machine

* https://experiments.withgoogle.com/teachable-machine

EXperimentS Wlth Google v xperiments earc

Teachable Machine

19 | By Google Creative Lab

COLLECTION:

A fast, easy way to create machine learning models - no coding required. ALNEXREINERL

LAUNCH EXPERIMENT GET THE CODE




Teachable Machine

yMafEAREIR LH ?

Class 1 l A ‘ MY PROJECT L
l PROJECT
TRAINMODEL l
Class 2 (. '.') ‘.) @
i L b

1 IWEERE 2 Gll#RIEE 3 EHiEE

WEH Wi oA/ IREEEKRE AW TEETAE EEEE Export your model for your projects:
ZRIEER - Ao TS Bl DS - sites, apps, and more. You can

download your model or host it

=hIWNEEE® =h : JIEFER O online.

Fh: ELERN @




Teachable Machine

T o] LU FEE A A FI R A 7

Teachable Machinei @ 23814 » S EBIRAEEZGEIFENES BEEZR MEER - REZED
PEEREXEIBEFHR  fAuELERNTIAREBEEHIAZTETAERINA -

-

-2
o}
-
L
"

| Me+pogs (N
Just Me -

&/ L e
HsEREE BEBENENEL  BLIIRERE

== =T LA
Euﬂ)j;\ 5

EHREEIHEERTRE EHAERIEERBERDEZSE  #
IFIRER R SRR BNE -

ROE -



https://experiments.withgoogle.com/tiny-sorter/view




https://coral.ai/projects/teachable-sorter
setup-pi-and-install-li

* https://youtu.be/yo

zJPeeMIM

oraries

step-2-




Teachable Machine
BB R - FMARY -

REREMZURRBEERN  DIERAREI - BREANE
fit7;  AREREEANEBEFANS -

FaEEA

T % P5Js Coral ® nede = OO

Not Metal
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Bl REx EHIEES ZHER

VBR (EREAEENEBERE PRE—VREN (EREREBESR DB R (ERREEXRAEBEE
BERBEER) JIFER - gEBARREES) IIRER - FRARER) JIFEE -
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B EREER

REEZRFEE AL
BRARAKZHEHRARE ERARMIESIES
224 x 224 BENIEFEEE 96 x 96 EERKIERE

o] 4 F TensorFlow * TFLite 1 TF.js o] [& & E TFLite for Microcontrollers - TFLite 1 TF.js

BEAN . £)5 MB EEA/ 1 #1500 KB
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CLASS ACCURACY

# SAMPLES

Class 1 1.00

Class 2 1.00

= AEE

9

15



©,

scaleCoun
15

Class 1-
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Prediction
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ELERDNEEEEPER -

Tensorflow.js @ Tensorflow @ Tensorflow Lite @

https://teachablemachine.withgoogle.com/models/[...]

When you upload your model, Teachable Machine hosts it at this link. (FAQ: Who can use my model?)

ZRLTERERRERRR
Javascript p5.js 7 Github 22 )

Learn more about how to use the code snippet on github.

#8 D

zdiv=Teachable Machine Image Model</div=
<button type="button" onclick="init()"=Start</button=>
<div id="webcam-container"=</div=
=<div id="label-container"=</div>
<script srce="https://cdn. jsdelivr.net/npm/@tensorflow/tfjs@1.3.1/dist/tf.min.js"></script>
<script src="https://cdn.jsdelivr.net/npm/@teachablemachine/image@8.8/dist/teachablemachine-
image.min.js"=</script=
<script type="text/javascript">
/7 More API functions here:
Af https://github. com/googlecreativelab/teachablemachine-community/tree/master/1ibraries/image

/7 the link to your model provided by Teachable Machine export panel
const URL = "./my_model/";

let model, webecam, labelContainer, maxPredictions:

/4 Load the image model and setup the webcam
async function init() {

const modelURL = URL + "model.json”;

const metadataURL = URL + "metadata.json”;

/4 load the model and metadata




[ELERDEEERPER -

Tensorflow.js @ Tensorflow @ Tensorflow Lite @

Y keras . 2L ¢ gEar T ! BHETFEE

— e

H i | = &=
=hmiEfT ' 1B = Sl A= e, —

ZELUTEABREERRE .
Korae # Github 262 ©)

from keras.models import load_model %Ei@ﬂ;
from PIL import Image, ImageOps
import numpy as np

# Load the model
model = load_model('keras_model.h5")

# Create the array of the right shape to feed into the keras model
# The 'length' or number of images you can put into the array is
# determined by the first position in the shape tuple, in this case 1.

data = np.ndarray(shape=(1, 224, 224, 3), dtype=np.float32)

# Replace this with the path to your image

image = Image.open( ' <IMAGE_PATH=')

#resize the image to a 224x224 with the same strategy as in TM2:

#resizing the image to be at least 224x224 and then cropping from the center
size = (224, 224)

image = ImageOps.fit(image, size, Image.ANTIALIAS)

#turn the image into a numpy array
image_array = np.asarray(image)

# Normalize the image
normalized_image_array = (image_array.astype(np.float32) /7 127.8) - 1
# lLoad the image into the array
data[8] = normalized_image_array




= Teachable Machine
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