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Every protein is made up These amino acids interact These shapes fold up on Proteins can interact with
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protein structure and transcribing DNA
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FIGURE 1. COMPLEX 3D SHAPES EMERGE FROM A STRING OF AMINO ACIDS.
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e Tom Mitchell (1998) well-posed Learning Problem:
m A computer program is said to learn from experience E with respect to some task T and
some performance measure P, if its performance on T, as measured by P, improves with
experience E.
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“A computer program is said to /earn from
experience E with respect to some task T and

EFERNNE/ AN BEREY some performance measure P, if its
FLH/H S (ground-truth) performance on T, as measured by P,
fiX-1 improves with experience E.”
i E"JT@U%&
ISR BB NG / F I3 \ RBY/F 8% (learner)

D: (X0,Y1), e, (X, YN —> (Lcarnmg Algorithm)
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e Arthur Samuel (1959). Machine Learning:
m Field of study that gives computers the ability to learn without being explicitly

programmed.

» —FPEEEIE A ee I RIRE I LA L B ek B RiE 70 A 5o AT RERY 73,

Current Board Next Action
;é Prediction Model
\/ .




if ((thing.isStainlessSteel() OR
thing.isWood()) AND
(thing.hasFourTines() OR
thing.hasThreeTines())
{

isFork();
}
else
{

isNotFork();

\ o B
Okay, fair ’
enough... .
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Supervised Learning

400 1 - “right answers” given
300 X X X
X % X X
x X :
200 + Regression:
100 + x X - Predict continuous |
valued output (price)
0 i i i ; i
0 500 1000 1500 2000 2500
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Nucleoplasm
Nuclear membrane
Nucleoli

Nucleoli fibrillar
Nuclear speckles
Nuclear bodies
Endoplasmic reticu
Golgi apparatus
Peroxisomes

9. Endosomes

0o ~Noo bk, N =2

10. Lysosomes

11. Intermediate fila
12. Actin filaments
13. Focal adhesion si
14. Microtubules

15. Microtubule ends
1A Cutnlkinatier hridn

https://www.kaggle.com/c/human-protein-atlas-image-classification
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comment _text toxic severe toxic obs«

Explanation\nWhy the edits made under my

0 0 0
usern...
D'aww! He matches this background colour I'm 0 0 0
S...
Hey man, I'm really not trying to edit war. It... 0 0 0
"\nMore\nl can't make any real suggestions on 0 0 0
You, sir, are my hero. Any chance you

0 0 0

remember...

https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge D2L.ai
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o {5ll: BE{nTIN ‘
o fAX: YSMiE
o faitly: BB

o fRETJEREY f

my = f(x)
m f: x>y

Now,
Llet's say you
know just the

SIZE and PRICE

of only ten
houses...

How could
you use that
dataset to
guess the
price of
OTHERS?

| guess I'd pop ‘em into a sp

Exactly! Just
linear regression.
Mothing fancy.

readsheet,
and then plot X and Y coordinates and a
trend-Lline Like in high school algebra.
@ ~

MNow add
TEN MORE
houses!




o {ft{t Optimize

o tRiE

RIER R (E

o

o {f11Z Hypothesis

e 1= Error

o
5. 060

*\\o\
¥ g
+ *

* 00
+
Dok

Whether for
classification or
regression problems,
ML typically starts
with a HYPOTHESIS
and, of course, some
hypotheses will prove
MORE WRONG
than others.

Think descending = solving, plain and simple.
Gradient descent is the Learning process,
enacted in space.

ERROR —>




e & Backward ¢ Bit& Forward
o flift Optimization o }fEIF Inference
¢ ifJ 5 Tune e Fiill Prediction

5 In ML, hypotheses flow far}mard, tuning Then that knowledge is propagated back through
4 parameters based on available data. the system to help re-tune those parameters—

A best guess
pops out—

© o ©
H—<o— -7 H<©\

Dude, you're, like,
THIS WRONG:

=in hopes of making better

—and is confronted by the size guesses next time.

and shape of its error.

Ooh... Getting
closer...

"
,,,,,
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o BISEES (Supervised Learning)  “< é

And these days, there are THREE
methods most commonly used
in machine learning tasks.

» ERAENIEIRCETE
w U0 E&DE. ABKRE!

SUPERVISED UNSUPERVISED REINFORCEMENT
LEARNING LEARNING LEARNING

* TEF
» ThnE, FIEESSHINE
m U1 R, BRHER

Which you choose
depends on what you want
out of your data.

o im{tFS
» ESHRIRERES
= 30 EERALL HERA




Supervised
learning is
used in image
classification—

—speech
and text
recognition—

—medical —
diagnostics— ¥+ 3145
£- 274
£ +103.89
e e T
Nl - #id
—and fraud
detection, to

name a few...

g

no gt
axX:

If your data is too
sloppy, homogenous,
or scarce, your results
could fall apart in the
real world...




\? In UNSUPERVISED

there's no “right”
answer per se. You're on
/ the lookout for clusters
or anomalies that may
turn out to be

meaningful.

Such as
people who

movies.

(&

like '

the same type of

~ai

4 . OMG
Elr | love that
one!

Have

you

seen that
\ one though?

o i
AP CH

il

Unsupervised
can help us
visualize

netw:::_rks—/

—make personal
connections—

—or find
patterns in
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o EHHECRIERRETARAIER, TLENSBFES.
o TAREIRMizt (The Turing Test) ?
o ¥t FERIRRRZR] I aRE R 53 AR :

s TRERINEEIGAEE, BFEmEWSENHERES. BRANRAE—ERBaIE&LAIsCHY
EHE, BEFEE—XEER: SRIEEN, AESRILEEZER "ilEERtET . —B
RuitEY "RHERET KT 1.5, WALALDITER, WERETF 0.8%, NEEMANZE. &
—MEBISREEHITIXA "WHERE" 21E, B TALBNEm?

n RITHAR T —EXLRRZENRESR. Z—ERXZREN, REFEMHXEGTR, LSRR
GRECVERYAT BN, IXE T IpFh2RELAYnlR ?
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o BNEFY. TREFIHRCFIWIR:

» DeepMind F&H) AlphaGo EABEARERBERITIET, ERTSMIAHEST. ZELITH

llZRRER

BiER—: FIBAXRTUEFEENLEESHE, WMREFIEEEIREEMBIERL T, A

REEURARMIESF. XESTIRERBAZRST.

BiER=: 1iLAlphaGofIBC (EZRRINRA) MNZ. MWHIRET, REEHTASHEE(FES,

REEZIMRER (Rad) (FARIRES. REARTEZERE,

ZHYTIE,
MiNZEFITEINRE, HER—FMERE=S5IEFHARE?

BRI RETE B KRR

Ziirs
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o LTIBNBEIRER—LERIABUESE, —ROREESUTNASE:
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CEN T §1 % JE 57

F#E T#2 (Feature Engineering)

o ; XEZ>] (Shallow Learning) : RERIFIEFES, BISMEEESEA TEIETRAFIE
EEHA T AR HEY.,
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=

o \ M [ooo [0.25 0.5]
KRR AL 0100] 0209
0010] [0.8 0.2]

0001] 0.9 0.1]

* FSER
s BEEER. BEERS

m One-Hot@& . . if" L'vj““L_
o 37zt (distributed)ER iDL
. . (E4E FEHE A e e
= FRON)AN 831 Ok R[] P ;

- kAIE0SEL, k<N ’ | |

w3
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N
P JayEh A7 oA LR
BRI 1, 0, 0, 0]" 1.00, 0.75, 0.00]"
YN R 0, 1, 0, 0]F 0.00, 0.5, 1.00]"
[ E 2T 0, 0, 1, 0]" 0.67, 0.22, 0.12]"
R, 0, 0, 0, 1]" 0.44, 0.310.22]T
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The Problem: Semantic Gap e

[ 91 98 182 186 184 79 98 183 99 185 123 136 112 185 94 B85]
[ 76 B85 90 1e5 128 185 87 96 95 90 115 112 106 193 99 85)
[ 9 81 B1 93 120 131 127 188 95 58 182 9% 96 093 181 94]
186 51 61 64 G639 91 AR A5 181 167 189 9B 75 B4 96 95]
f114 188 B85 55 55 69 64 54 64 B7 112 129 o8 74 B4 91]
[133 137 147 183 65 B81 B0 65 52 54 74 B4 102 93 85 82)
{128 137 144 148 189 95 B6 780 62 65 63 63 62 73 86 181]
[125 133 148 137 119 121 117 94 65 79 BB 65 54 B4 72 GB]
[127 125 131 147 133 127 126 131 111 96 B89 75 61 64 72 Bd4]
= f115 114 109 123 150 148 131 118 113 189 1e@ 92 74 65 72 78]
[ B9 93 9@ 97 188 147 131 118 113 114 113 185 186 95 77 B8]
[ 63 77 B6 B1 77 79 182 123 117 115 117 125 125 138 115 B87]
[ 62 65 B2 89 78 71 8@ 181 124 126 119 181 187 114 131 119]
[63 65 75 88 B89 71 62 81 120 138 135 1905 81 98 118 118)
[ 87 65 71 87 186 95 69 45 76 138 126 187 92 594 185 112]
[118 97 B2 B6 117 123 116 66 41 51 95 93 B89 085 182 187]
[164 146 112 B8 82 128 124 104 76 48 45 66 BB 101 182 109)
{157 17@ 157 12@¢ 93 86 114 132 112 97 69 55 78 B2 99 94]
[138 128 134 161 139 16@ 109 118 121 134 114 B7 65 53 69 B86]
[128 112 96 117 1508 144 120 115 184 167 182 93 B87 Bl 72 79]
[123 187 96 86 83 112 153 149 122 189 104 75 €@ 107 112 99]
[122 121 102 8@ 82 B6 94 117 145 148 153 182 58 78 92 107]
[122 164 148 183 71 56 78 B3 93 183 119 139 182 61 69 B4]]

What the computer sees

An image is just a big grid of
numbers between [0, 255]:

e.g. 800 x 600 x 3
(3 channels RGB)

licensed under




iR\ (Word Embeddings)

% body part
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https://indico.10/blog/visualizing-with-t-sne/
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Architecture of the brain

Right side/left side (hemispheres)

e Frontal lobe
o executive functions, memory
and planning
e Parietal lobe
o sensation and spatial
awareness
e Temporal lobe (banana shape)
o hearing and language
e Occipital lobe at back
o Vision from front along optic
nerves

Taste
Body awareness

Reading
Language £
Vision
Hearing

Coordination

‘ Frontal Lobe
Parietal Lobe

2 Cerebellum

Motor control

Planning

Touch & pressure/ PrBLIEm ShIANg:

‘ , Occipital Lobe

& Temporal Lobe




o miatk (Soma) RPPHLEANMIEL b AT & M2 AN J-I0IE, ) SZ 4

1,000 of inputs (Other NeUroNS, SN gryu o e ety v BT 45 4, 31 A2 -0 M 2 P A1 s o 05 5

Dendrite

Nucleus
Cell body
Axon

Myelin
sheath

Node of
Ranvier

Direction
of lmpulsy

Axon terminal

Synapse

AR, AN R A BEYE Bl Ay s
o AR R AL AN GEAR ORI AN T 5, T 23 B RAR %
— R (Dendrite) ] L% RO A8 NUIAR . BEMIZ o]
PAAT B MR
— 4% (Axons) 1 PLE H S %R MIRARAL £ 31 5 M4 ook
HAh g2 BEAS e c AT — ANk

AP R e A ) g TR MR

Mermbrane Voltage (mv)
|
o

—55
~-70

1,000's of output targets (e.g. other neurons, muscle cells,
gland cells, blood vessels to release hormones...)
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e §54h;EM Hebb's Rule
n MR NMELTTRER KB Z2H

#Z3] (Hebbian learning)

\/I\\

o IXTFHYZ ST ERAR /I

Ice cream!

e Hebbian theory
o If two neurons fire at the same time, the connections between them are
strengthened, and thus are more likely to fire again together in the future
o If two neurons fire in an uncoordinated manner, their connections are weakened
and their more likely to act independently in the future

e Updated hebbian hypothesis based on recent findings
o If the presynaptic neuron fires within a window of 20ms before the postsynaptic
neuron, the synapse will be strengthened
o However if within a window of 20ms after, the synapse will be weakened




AT HEET
Pitts and McCulloch, 1943 Synaptic weights

The Artificial Neuron r"'f Activation

function

Xy o—n
Input < @ 9 Q@ —9 Output

Dendrite signals X_; @
N”‘IZ\:;l body . : Su m m ati 0 n I
= // Axon ’ s
. 3 Xn @ Uj
\ . Threshold

Myelin
sheath

Ranvier Sigmoid | Leaky ReLU i

o(z) = 1+i-¢ max(0.1x, x)
i Maxout

Direction tanh(l') b = max(w! z + by, wa = + bs)

of rmpuy 1

Axon terminal ReLU ELU
Synapse maX(O, x) {I- z=0
- <o O.’(e‘r - 1) z<0 ] : 10



y = (P (f1(x)))
fi(x) = o(Wif 1))
N = Fe e = fem)= i =

AL P L3 IBIX AP I [ EUE B R AR HERER T "Sap E o Ee” (AR !
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o ATHEMEFERANSHMETLANEIIZBENEREEIER. EEE=5m:

o {REETTRYBLEREN
» TERIEHLITHARBMHZ AR KRR, —NMR/IAEZIEREL,
o MILEHIIRFMETS

» FEMETTZ AIEEER. synaptic weights
o FIHE - Aivnter
n BTSRRI RE SIS, s @ S)—— @ [0 Output
5 4/ Summation I
~ &) Thre(;jhold




AT ez Rggs
i CNN (Convolutional Neural Network) RNN/LSTM (Recurrent Neural Network)

Output
Best for: Yt Best for:
Images, Sequential Data,
Computer Vision L p p Time Series
- N [ 1 > > | |
Specialized for processing grid-like Designed for sequential data.
da:a. U?_es ﬁurlwolutinnstI] Ilayers to T T T _R:Imembers pas: information to
) . automatically learn spatia ) influence current processing,
Cﬂﬂaﬂltﬂdﬂ" Pooling " Fl-l"!-'ted hierarchies of features from input Input Hidden State Output making it ideal for tasks with time
. e QnRss images. X, H, Y, dependencies.
\ J \. y.
A Self-Attention 'y
[ A Best for: NLP, Best for:
Language Models —— Image Generation,
.E S (GPT, BERT) Generator - Discriminator Deepfakes
Q< » §
g &

Relies entirely on attention
mechanisms to draw global

(D) a generator and a discriminator,
dependencies between input and contesting with each otherin a
output. Enables parallel processing, game. The generator creates
revolutionizing natural language Real data, and the discriminator
understanding. Image evaluates its authenticity.

Image Real
Q or )
j‘ Fake Consists of two neural networks,
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o SE—PNER: 1RBURH
= ?‘ 19434, LEZF3Warren McCullochf#I£iE2Walter PittsFlgx R A ¥ —FIEECRIA LH
%%, FRAMPHEEL,
= Zﬂ:!yd‘ 1948FRNE IR T —F "BRIEIRVL" . (i pEEY)
m 19514, McCullochFIPittsf9Z4-Marvin MinskyiiE 75— S HEMENL, FRASNARC,
m Rosenblatt [1958]i2HE% X188 (Perceptron) , FHEH T —MRETAREI TR (XK. 1$5)

E],J?—j /f
Synaptic weights
(" Activation
function
In xz.—-
put < ¥ @ o, Output
signals x_;._.
E/Summation 1
()J.
L) Threshold
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FIG. 1 — Organization of a biological brain. (Red areas indicate
active cells, responding to the letter X.)
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FIG. 2 — Organization of a perceptron.

Rosenblatt & IBM 704 The Design of an Intelligent Automaton
— S HPRIRKOHRIEE]
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o SBBNER: nkinJHf
m 19694, Marvin Minsky (Ex0#1) —F, SEFHEMNET2ZFRY "IKGTHE" . B T HER
2 e So e ]
- F—EEARRINTELIE RO,
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o SEPNER: WKinJHE
n BE, X—HBEARYRE SRR ML NBIELERE T EEFCSIE, Ala0:
m 19745, TAHEAZFHIPaul Webos kAR EMEEETL;
m 19804, Kunihiko Fukushima (f2@3FBEZ) e ¥ —MH oI RIS EMEMLEE: #
X0#1, (Neocognitron)

Backpropagation, 1970 Reverse-mode differentiation

The backpropagation Forward-Mode Differentiation (sg)
algorithm (also called the >
reverse mode of

;O\ /50\
i Y
automatic ox B oy € 9z _

. . . — —O0»|— =a+ 58+ y|—0—> 7). 4
differentiation) was QO/\CO/(OA+E+‘7)(¢5+€+O

independently

discovered by different

researchers Reverse-Mode Differentiation (%—Z)
Seppo Linnainmaa, 1970 o) J

Werbos, 1974 (with TN NG N

neural networks) X~ o =stet (| Lon g_g=1

(o + B+ +e+C)

N\
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o E=Mikr: RAIGEEESIEREN
m 19835, John Hopfield5| \geERA2L, FiRHHopfieldkzg;
m 19845, Geoffrey Hintoni2 HI/RIZEH;

= 19865, HintonF ARGREMERES|IAZIZERANRS,
m Yann LecunZF ATEX—HTHBIRR 7GR MERIN .

History of CNNs Example: LeNet5

Convolutional neural networks were R g s B

] . . def __init_ (self):
first introduced by Kunihiko super(LeNet, self). init_ ()
’ . self.convl = nn.Conv2d(1, 6, 5, padding=2)
Fukushima in 1980 self.conv2 = nn.Conv2d(6, 16, 5)
self.fcl = nn.Linear(16*5*5, 120)
self.fc2 = nn.Linear(1206, 84)
e 1989 -Yann Lecun et al., trained a SEEGERE = H0uLNEar (Bl 82
CNN with “Backpropagation def forward(self, x):

x = F.max_pool2d(F.relu(self.convli(x)), (2, 2))

Applied to Handwritten Zip Code

x = F.max_pool2d(F.relu(self.conv2(x)), (2, 2))
o oL = flatten(x)
Recognltlon i = F.r‘elu(s:lf.-Fcl(x))
e 1998 -Yann Lecun et al., released x = F.relu(self.fc2(x))
# . . x = self.fc3(x)
LeNet5 “Gradient-based learning return x

applied to document recognition”
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o SBMUBHER: RITEPEE
m fE20HZBI0FRFHY, FitFEIECHILSIFREN AR SRFIRELT IR,
m HEEZ T, HENSHEICEMASHT. AR, IFREESFRAEINGE, HENSAIHAR
N—IRFEN{EF.

HREE
Root node

TRTRERIL ]
Decision rule
ESYE REET=
Inner node Inner node
rd

4 HRESREFALI] PR HLI)
) gzt i \Decision rule [~p2E i nfgs | Deesionrule s
Inner node Leaf node Leaf node Inner node

PR

Decision rule

PSR

Decision rule

A 25 55 45 A5 H-45 15
> T Leaf node Leaf node Leaf node Leaf node
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o FHMER: FEZIMIEE

m 20065, HintonZFEAKRIZERIRAREMELSTEDLZEN%Z, BRERMIMEERRHITHEERY
BN TERNES.
REMRENEEIEZIRAIFEIR S FKHES ERIE AT,

m 20125, AlexNet: FS—PIULREGHMEIEE, BREFIFATEE G DK EBUSHEIESRER
FFits.,
* AlexNet B MZEE)%, EXERTRSIMCREMBIIHEIA

s [EEAXRRFTITBELANGPUIREHNE R, ITEVINITREENEBUXNERS. b, aIHis=ES
HEIEARESRER, TR NIRRT, iTEINEELTLUIG AR A LSS
Y28,
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ImageNet2—MEE BT 150053 KE 0 HERERIID %ﬁﬁ% 2257 va WIEAY
22000125, M20105FFs, 8Fa5ImageNet KEH) IRk
(ILSVRC) tEEInFH }IﬁitOp 135IRZ=Htop- S’f“alae-.-o




FREEMILE Az RS

Error (5 predictions)
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0

o & Q'- o
& oqia e & 13‘
N S & NS
* T S R

AlexNet



A= FIE ARG

o EEIRR: EEKIEREE

o MR EIFRR. ERH%S

o EREEALE: SERER. NEHE TEEES
o EEMEE. MWLM




REFE]

J5AIFEqs

Al "HERT" . IBHAVNEISEEE—F
20255F02521H08:58 | Eif: BAR Tr INFS
(RHEMEER]
BT

THR, IHREFIGEARX FEABSAIERR2.0, FHiEH 77088 T DeepSeekFFRMIAI "5

BRI, X—OIFESE5ILTZXKE. (FABSSIRSERECHEEMANASE, BAXRER

(EA TES TIEEER, EEANNDERGEMERX LIEHTEE—F.

BT, Al "§ERT" HHN, BNESRSEENEL. B RIMEERS. AR
BOEBET RN EC. ESHESIISIMENEEE, XERSRSPVAEFTKEE—. &
BHEHXASEES, Al "ERT" KNATAXME. RERS. NaEESFS MR, BEREA
THSTIRREMGRE. flin, "PUENPEMETF" SEBEIRVRIEWCHINE, AIZIER
EREEIIO5%, HIZATELERE T90%, ERERSWE, FRORAERENTO%RKTE
95%, ERABEHENRERERES R, XEHESR, BARARYESRIZAGREMLL,
BRENESTIF "UARAFL" ESHBNET.

R, Al "SERT" OMEFMUETRISER, BETHENBSRSN "SSLE" @ i
EehE" MEE. BEXER, KA "SERT" EAMETER, ERANMNREGEEZE, Al
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e Toronto X%

= Hinton 75 £ Edinburgh A& &1
o NYU

m Lecun (Now Facebook) 87 &£ Hinton {15
e Montreal XK=

m Bengio 91 & M. Jordan {*f5

¢ IDSIA (Dalle Molle A TE88EtH5ER)

m Jlrgen Schmidhuber

-
B\

]

i

Yann LeCun

John J. Hopfield Geoffrey Hinton
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4 Keras 2 Caffe.

O PyTorch



Q&A



	幻灯片编号 1
	幻灯片编号 2
	课程简介
	关于本课程
	参考教材
	课程信息
	前沿资讯
	视频课程
	会议论文
	学科背景
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	应用背景
	幻灯片编号 28
	幻灯片编号 29
	幻灯片编号 30
	幻灯片编号 31
	幻灯片编号 32
	幻灯片编号 33
	幻灯片编号 34
	幻灯片编号 35
	幻灯片编号 36
	幻灯片编号 37
	幻灯片编号 38
	幻灯片编号 39
	幻灯片编号 40
	幻灯片编号 41
	课程大纲
	课程大纲
	人工智能与机器学习
	人工智能
	人工智能
	人工智能的研究领域
	人工智能的发展历史
	如何开发一个人工智能系统？
	机器学习 ≈ 构建一个映射函数
	机器学习 ≈ 构建一个映射函数
	机器学习的定义
	机器学习的定义
	机器学习的定义
	机器学习的定义
	学习任务有哪些类型？
	回归与分类
	回归与分类
	回归与分类
	回归与分类
	常见的学习任务
	常见的学习任务
	常见的学习任务
	机器学习方法分类（怎样学？）
	机器学习定义
	重要概念
	重要概念
	学习算法的类型
	幻灯片编号 69
	幻灯片编号 70
	幻灯片编号 71
	复习
	复习
	如何开发一个机器学习系统？
	机器学习
	特征工程
	语义鸿沟：人工智能的挑战之一
	语义表示
	语义表示
	语义表示
	词嵌入（Word Embeddings）
	表示学习与深度学习
	传统的特征提取
	深度学习
	深度学习的数学描述
	神经网络的发展
	生物神经元
	生物神经元
	神经网络如何学习？
	人工神经元
	神经网络
	人工神经网络
	人工神经网络
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	神经网络发展史
	深度学习与AI革命
	深度学习与AI革命
	学术机构/学术大佬
	幻灯片编号 107
	深度学习框架
	Q&A

