EMERF- B3&E, ATHESE

S

2024F




ATERES R ENEZNFR, LHTERS AKEEREXRES.
ATERERERRTISRES, JEFS. FREFINERESL

H, TR, ‘“ﬁiﬂﬂ_ EF J:E’J,UJZKE*T\ZEﬁﬁHrI%M
BIENGIRFRIEXRER

Input Al approach Study design Setup

Datasets that Algorithms that Studies that Research that is

are simplistic, require a lot of LD focus on set up for Al-

unimodal and expert 3 q development versus-human
Conventional homogeneous annotations 4 o L— and retrospective comparison
workflow Z, T N validation

< -

Datasets that Algorithms that Studies that Research that

are real-world, : work with focus on clinical is set up for

multimodal and limited labeled deployment Al-human
New - s heterogeneous data using novel () collaboration
opportunities | ¥ ’ self-supervised L d ( é

g and semi-supervised

approaches

Rajpurkar, P., Chen, E., Banerjee, O., & Topol, E. J. (2022). Al in health and medicine. Nature medicine,
28(1), 31-38.
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ARTIFICIAL
INTELLIGENCE

1950's 1960’s 1970’s

1980's

MACHINE

LEARNING

1990’s

2000's

2010’s

DEER
LEARNING

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.

Pans—4 Al
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What is intelligence? D

M/i/(lpé’d/& . Intelligence has been defined in many ways to include the

capacity for logic, understanding, self-awareness, learning, emotional
knowledge, reasoning, planning, creativity, and problem solving. It can be
more generally described as the ability to perceive or infer information, and
to retain it as knowledge to be applied towards adaptive behaviors within an
environment or context.

(BfE: Z18, B, BERER, £, B, R, ik, eE, [T&#EER) S =3 HIEEA

H22ATERE Artificial Intelligence?
XTRRERENEN, EEMERE CEAsEEIA
HI8ES]

- BERUEE: T, #Er, B8, THE, EE,
i, BEFHES, ...
ANMEfEERERINEF L

1B O HeHIRER

7
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1956 Dartmouth Conference:

RESA: 195658 Dartmouth 2, +ALBSM, HIFHETA. Ehe Bty oo

,ﬂww

SHRAHENREES =19 B, &5, Al

John MacCarthy

nes
AT BRERAEIORE : T, MI19S7EFA, SHERmE+ER W
N T REISIEHRTE, —BS 406, FI1997ARESH,

ETERE: 1995FREMAS AT BN FERAER/ER
(Insights); 1997 KMAIHREEIBEARRIT BHUFE (BASSRIEX
TR ES RERIRRR)
MXEFJLHESEL/BEXEREH4
Mas=BE1g?
FHBHTEREE "BRESEKE?

/ \%ﬂ( L
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Automated Theorem Proving

Yaas—9 A

Russell & Whitehead, 1910s, Principia Mathematica, derive all
mathematical truth using axioms and inference rules of formal

. #5443, Fia, Bel.dianfB=A.=.avBe2
loglc. Dem.
F.#dd26. D Fna=tz. f=t'y. dravBe2.=.a4y.
. . [#51-231] =s.tf'znty=A,
“Logic Theorist” could prove a [(¥1312] —anf=A (1)
. ... . Fo(1).#1111:85. 2
subset in Principia Mathematica. Fr(gony)-a=ie.f=tty. D auBe2. =.anf=A  (2)
Fo(2).%1154.%521.2F. Prop
From this proposition it will follow, when arithmetical addition has been
1959, Hao Wang proved all defined, that 1+1=2,

theorems in Principia Mathematica on an IBM 704.

1976, four color theorem.

2016, Boolean Pythagorean Triple Problem, 200TB. There are
1072355 possible solutions, compare with 10780 atoms in the
university and 10”18 seconds since the big bang.



Expert System P o

= 1960s, the first expert system, DENTRAL.

= 1970s, MYCIN, identify bacteria causing severe infections and

recommend antibiotics.

= 1980s, XCON, assist in the ordering of DEC's VAX computer
systems by automatically selecting the computer system
components based on the customer's requirements.

= Now still used in credit investigation, risk management, business

rules engine, etc.
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Knowledge Representation

=

Logics:
(Vx)Man(x) o Mortal(x) & Man(Socrates) - Mortal(Socrates)

WordNet Search - 3.1

Word to search for: Human
Display Options: (Select option to change) =

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

. Display options for sense” (gloss) "an example sentence”
= WordNet:

Noun

+ 5 (n) homo, man, human being, human (any living or extinct member of the family
Hominidae characterized by superior intelligence, articulate speech, and erect
carriage)

Adjective

« 5 (adj) human (characteristic of humanity) "human nature”

« 5. (ad]) human (relating to a person) "the experniment was conducled on 6 monkeys
and 2 human subjects”

« 5 (adj) human (having human form or attributes as opposed to those of animals or
divine beings) "human beings”, “the human body”, "human kindness”; "human frailty”

Conceptual graph, Semantic web

Knowledge graph




IBM Watson e A

= Question answering: input, query, output.

= 2011, IBM Watson win in the Jeopardy!.
It has a 4TB knowledge database, including encyclopedias,
dictionaries, thesauri, newswire articles, and literary works.
It used 90 IBM Power 750 servers, 720 §*
cores, 16TB RAM.

= Watson healthcare, financial services,
education...
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2463 AlphaGO L

=

= AlphaGO, made reinforcement learning become popular overnight.

= RL mimics how animals adapt to
the environment.

.
1 ..‘ il
internal state “Nreward | s | LTI
- 7 - SR
environment ﬂ e @

action § I
e

learning rate
inverse temperature f§
discount rate y

observation
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e ——— () — —
SR YSEEE ‘g| g —_ confidence
— genetic | —p Sretot |lepresema‘tlon — —-X | Low
databaﬁe @_ TRRE, A % (Srﬁ) % confident
MSA |
"y Structure
brrrece g F
input sequence (8 blocks)
..:.\...|..| T .1 -I#.
@—» . mpre(é:%zl)alion —_— —_— " rep[e(;:'e:?g;ationi_’ 3D structure
|
E;i:;z — . _ N
search
templates
v
\i{ — Recycling (3 times)
«  End-to-endZ2#3
« 1DE2DIEEZ[al{EFH T Attention

« 3D Equivariant (%) Structure Module

2RI XA Recycling
Attention *Eij&ﬁggm:ﬁ- : EVOfOI'meI' Jumper, J, et al. Nature, 2021
Structure modulef9Z P EIFT: IPA, residue gas
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Su perinte"igence Mon| Tu. Thr | Fri | sat |sun
by 2100 is inevitable o Bl B

s |e]7]8]o |io]nr
12 13 14 15 16 17 18
Superintelligence 19 | 20 22232425
by 2100 is impossible |2s]27]28]29]30

It may happen in
decades, centuries

Myth:
Only Luddites
worry about Al

Many top Al
researchers

Mythical worry:

Al turning evil

are concerned

Actual worry:

Al turning competent, P\
with goals
Mythical worry: misaligned with ours Us
Al turning conscious
' ] $81%9311%¢°
Robots are the ! - Misaligned intelligence fT99%8,09%
main concern o is the main concern:
it needs Nno body, only
vy an internet connection
Myth:
Al can't control Intelligence
humans enables control: : \’
we control tigers
by being smarter
Myth: Fact:
Machines can't A heat-seeking
have goals o missile has
a goal ——

Mythical worry:

Superintelligence
is just years away

PANIC!
A\ y 4

Actual worry:

It’s at least
decades away,

but it may take that
long to make it safe

PLAN
AHEAD!

A\ V4

XTATRYFELY

https://futureoflife.org/background/benefits-risks-of-artificial-intelligence/?cn-

reloaded=1



https://futureoflife.org/background/benefits-risks-of-artificial-intelligence/?cn-reloaded=1

Al FHGR ERRIRKTIR:

Neuroscience inspired &%

artificial perception

Classical symbolic Al fFSZ1EFIK:

= Primacy of logical reasoning capabilities
= o No learning (humans coding rules)

= poor handling of uncertainty

= Got eventually fixed (Bayes Nets...)

Al MBRIIVKRZFR

'f‘ %?M—;\}_ %ﬂ /\E:F, Eiﬁ?&%ﬁ
XESR: Perceptron, RIS
BHEER: Genetic Algorithm

&=

’

HHrER: Seiaise
KR KNN

2RG

= o neural nets learning from examples for

BERMEME
WaT
1958
Perceptron
/N
1543 1949 NE
24 Hebb Vo
v
1940 1950 1960

ERREENN_ EHEMEE ST X,

SHANGHAI JIAC TONG UNIVERSITY

Pl L

2012

CNN 2020
#|;=nx Winteri
e
2006 =
DBN \\
1/ \\’
/
//‘
2010 2020

e
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¥ L%

1) 19505: Xfe BIRBHTERNERNLN, XEMERESERERENELRTE.

2) 19564 : AEFHISIN (Dartmouth Conference) fEEEZRTT, InEEATLEEE
— NI FRIAE R,

3) 19805 TREFNATERRIR IS, BIEERANREEW/IRNFNHEES]
g, U7 REMURAYERERR.

4) 19905: HEMNBIRFIFRABR TEHRRINLE, NATEENH—LK
FRESTE 1 &l

5) 19975 : IBMRDeep BlueBRitEH M MEERSEHFEEIE REMBEZX, 5|
K TG BSERERIKE,
6) 20122, CNNZFEImageNet

7) 20165, AlphaGodbkRtARINREHIEF "7 GO "oas Gor

(RNA polymerase domain) (adhesin tip)

8) 2020&, GPT-SE?E E%tébtf-ikﬂgig%_¢§ggo @®Experimental result

@®Computational prediction

9) 20214, DeepMindfJAlphaFold A TEBEMRA T EHEITE D5,
10) 20225, OpenAlEIFGPT-3.5 RFIABUEFEAHATAN, SHNEXARRERE ChatGPTIER & 1R.

/ T\ Tﬂ_ﬁ%ﬂd—*




W SHANGHAI JIAC TONG UNIVERSITY

AT ERE: HE8%3
a0 I

‘N FIZUL BIERAZ—HFEIMNTAIREE, BE LIRS H R BaIR9
R HRHEGENER, UUIBENAGRNEMINES.,

ATEREARRCEEIERE, SimaE. fHE
MFRERERR, MNRFR, ¥, EEfiiEs).
HURISIES RS T,

Machine Learning MBI BLMAT BN —FAR, mRE
FIRNSRFITEN—NFE, EREPR

S BRI R N EGIRBIFIBRES
Deep Learning HEEREUEEIERE.

KRN RRF LR

AT
SR o AEES TR
- TR i -

/“\Nmimrﬂ
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Pans—4 Al

NBFIBXF—1FR: BIHRENFER, FI2% (BAILIRRARER) RKUER
FERIMERE,

Mitchell F199748HH T — P EFZMAIENX :

Rz AP (Performace) FHHITENERAERSREST (Task) ERYMEE, &—
MEFRBIRASIEE (Experience) ETHES L3RBT HEENE, MFAIFIHK
FTHOP, 1ZRERXEHIT 7S,

EEYEAEEFNERT, XENRALIZE

DNA and protein sequences

Bimolecular Structures

Biological network motifs

Data from microarrays and mass spectrometry experiment
Clinical outcome

Diagnostics

/ T\ Tﬂ_ﬁ%ﬂd—*
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NBEFIEEBEBIHEIFR, FABRLERNERFESHMEATEIRST, "R BEILEE
"TAFE. TSEFIMARNEERNS, BRTETEN EMEEEFFEDRE” (model) FIELE, B

“#>)8%” (learning algorithm)

EEne S ﬂﬂ»mquhﬁw )=
9

):II_-LR%U f( ): “9”
M \ \
i /( &.,-*:f'ié:: )= “6-5"  (EFEE) WIS ~ ME— TR
e i::.
% /O MREFLT )= “Hellol”
x - 67 ) y 5 p(ylx)
L e fiah

e
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esFIN=EF

» FE A
» ik f(x,0)=w'x+b
&R f(x,0)=wTh(x)+Db

NG,
W SHANGHAI JIAC TONG UNIVERSITY

@. )

T~ _gl"]\ “

@ wa """5( :) . E B > 0/1
e

L / B A
o %¢<x)%f-T%‘é SR &M R R, fRO)RENTFVE @ " hm
ZE=S
//.,; A

b 3] A
» 292 K
R(f) = ]E(x,y)~p(x.y)[['(f(x)v y)]=

Point
} /ﬁf‘/ft f(x) A /

5 BN NED = {(x™, ") }n=1,--- N, BiFEY, ¥%Ka
P HETHE | o

2 repeat

Iteration 3

3 | AUNZREE D h AR AREHLE HEF Yeraton4
4 forn=1---N do Convergence
5 MANZESE D PR BURE A (x(™), y(™));
/] EEHH
b o az(eqoi y™) :
6 A T H—— t Hii (=™
7 end
s until BA f(x, 0) £8iEE V LA MRELRE T IE; Final
ﬁ]\'ﬂ ] Value

mJTﬂ
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RHWEsFIJ/E
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a1

—. ZIHRE

fEEE dNNEMHEIARRRAx = (x1; x5 .05 xq), B
X152 X158 lAJ%EJ:E’JHE{E, Ze4EEY (linear
model)IHEFE— MBI EHENLIEHEEKIFITIT
MAYERZL, BD:

f(x) = W1X1 + Wy Xy + -+ WaXq + b

2 AL MEAERY
1. St HEny ‘.

2. XIEU1LERME]S

3. ZMFIBISHT

=. ReRM

IREERS (decision tree) E—XENAWEFEIFE.
LAZ 53T 001, RN GEE)IGSIREFS—
RS AEI T2, X1 ?FEHZIK’\*E’JE&,
B EEXYS ”éﬁuﬁZ!K):'H:IE*H%?" ‘SZ/\lnjE'ﬁE’J
K" "HIE TR

RAH ﬁ‘ R

i)\: f”gii D= {{$1~ Iﬂ}l I:zﬂs IJE}. Bea r(mms §|Ilr1|:|_l'h TG A kz, <\ MR /5\ —
“ﬁﬁﬂz{ﬂl,ug,...,ud}_ // —
T B3 TreeGenerate( 2, 4) L(\
L “ERE A node; as N mwa A
2 if D PHELERTE—HE C then L 76N HRTA
# node 710 O 20 & return NANLTTY .
end if : 1T\ WRH
if A=2 ORD $HEE A LHEHF then
# node #0205 S, HEMERCA D PFRERE N, return
end if
o WA R R R .
: for a. B1E—{f a¥ do
10: % node M—AE; 4 D, # D BE a. LEEN o HHETH
11:  if D, A% then
13 A AR A A, HASIHEH D FHARE 92, return
13: else
14: L TreeCenerate( Dy, A\ {a, ) A0 E8 S
15 end if
16: end for

Sz Bl node MR E G B uH

Lo

e
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=. SVM (Support Vector Machines, SVM)
SHE—NEEEEEAD KRR, FEERRA,

SVMZK, BEHEE—MFE, LN DEEGH
XISFRENERTHIEE (LSSVM) BoXFHEE
17T,

SVREIF, e}uﬁﬁu—/\lﬁwa»?ﬁ, W= ESRIAT
BHIREZ FEREERIE

m2+ W ib—1 2

MMHRS 235

TMHEmMRSEIS (Bayesian decision theory) 2HEERHELE
TELhERRAIEARSIE.

FEMM B A BRI RRATER |,

SHPABRIR

bR R &
£Z(4¥h37 (conditional independence)

SETERRT, BRERBMA ZEZIRIZA:
Can estimate P(A| C) for all A;and C;.

New point is classified to ; if P(C) ) O P(A| G) is maximal.

/?\G%%ﬁﬂdii




B\ S x4 ‘g
g /" k"g'_)\ﬁ/t"ﬁ'

/' SHANGHAI JIAO TONG UNIVERSITY

o n 0 My A
2R FEIH Bl
SN\l ]
h. R
1. AT R ReR e e LLERE FE 2. 1959 £, bué‘kﬁ%ﬂ?i David Hubel fIRE#ER S5
o e LG LI Torsten Wiesel A BB A R HAZPERTRR RN, S
#[ Walter Pitts 2Bl BaE et MR, DTSRRI, ZIER, AMMEER
(Neural Logical Calculus Model) . SEAVREZREFP I BB LA S 2T LSRR 7.

BA RNESH

" MEBH
n—{t) e a:? .Ho,
= sl

BEE)

3. BT 1984 F, FEFIZR, NFHBE Fl (Geoffrey
Hinton) FEABMBARMEEREZL (Backpropagation)
SINHEMEZ T, BRNENARSZBRENTER. Flan
MSKFAARERZEN, . BRAKIEEICIZE, LR
H1E HHEE 80-90 FFRHEIN T

e
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N —"N

SVMZFRIENANLR :

- ALARRSHERR, RIRBMHE=SE;

o BRRINVERTHEEFSI A,

- BEBANEIESMHISAERYE B ER;

- EREERIMEER; (BN THENESEX)
© TTHEKEEANSUE;

ATHRERLERI R -

“DRAVERES,

FHIDAIEREI TR D FE R FREIR,
DO | 2 S N e e e Ty

-HEFIIRICIZTIRE, BERDBIAEFRAVAFLIERR,

TRMEHBER, STERMIE, SHESRE

73

SVM sz R AR A :

- LWNHEARSE, TEAAERES,

- WIEAMERREERREAL R, BIEREERK
B—NEERZREL;

- WTFZRHEERSTFERE DR, TEHERH

- BHISVMASH 5,

A THEERLERYER 2 -

HEWEFTERENSE, WMNEHINGE, B
MBIERIIIRIE;

RETRE, TREMEZENFIITE, BHERE
LR, SR nEIERNAEETRZIER,
FIMENET IR, BRRERAERR/IME, EERI8E
EARIZIRIBRT.




s EET T




ShEE
AIE Be+=1 I

- EAEE
. AR
. RIS
O S8 S B T LA

- RREA
- S
. 18385
- XS
VAR
- ESRIE




Neural Network (NN) Jp——
» How does neural network work? TR, &%

X1
X2
X3

X4

Standard NN

« Mimic human neural system TFHZHETT, BNI1000MNER
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Artificial Neural Networks (ANN)

X. | X5 [ Xs | Y Input Black box
1ol o]lo
X~
11011 1
1 1 0 1 Output
1111 X |
0 0 1 0 o> — Y
ol 1]0]o0
o1 ]1]1 X 1y
olololo 3

Output Y 1s 1 if at least two of the three inputs are equal to 1.



Artificial Neural Networks (ANN)

Hptt 7
\:::~~ f
X, | %, | X | v | MP9es i Black box

0 % _ Output
1 node
1

1

>

0 Y

0

1

0

OO0 O0OPRPRPERR
OFR PFPOPFRPFR OO
OFrR OFRPFRPOPRO

Y = 1(0.3X, +0.3X, +0.3X, —0.4 > 0)

1 1i1f zistrue
O otherwise

where |(z2) = {




Artlflclal Neural Networks (ANN)

Input

~

= Model is an assembly of
inter-connected nodes
and weighted links

Output node sums up
each of its input value

nodes—So-;

Black box

N _ VAR BNl m

Output
~ node

> Y

according to the weights  Perceptron Model
of 1ts links Y — I(Zwixi L
i

Compare output node

against some threshold t Y = Sig”(ZWi X —1)




(General Structure of ANN

SNl L
Xy Xo X3 X, Xg Training ANN means learning
the weights of the neurons
Input
Layer Input Neuron i Output
I —w
i1
w\.‘ Activation
l, —2 »/ S| function — 0,
Hidden Mg ')
Layer
Output
Layer

<=







Neural Network (NN) P

= Basic structure of neural network
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Unstructured Data P

Structured data vs. Unstructured data

From fairest creatures we desire increase,
That thereby beauty's rose might never die,
But as the riper should by time decease,
His tender heir might bear his memory:
But thou contracted to thine own bright eyes,
Feed'st thy light's flame with self-substantial fuel,
Making a famine where abundance lies,
Thy self thy foe, to thy sweet self too cruel:
Thou that art now the world's fresh ornament,
| And only herald to the gaudy spring,

| Within thine own bud buriest thy content,
. | And tender churl mak'st waste in niggarding:

. Pity the world, or else this glutton be,

" To eat the world's due, by the grave and thee.

Audio Image Text

Deep learning helps machine understand unstructured data better



How to construct a NN P

= Start from simple image recognition:

1 (cat)
~ Y0 (non cat)
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i WK H R

update_method#
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layer# 3k :
s bk . | QIETHREBIMNE, 2k
BT PSS - B, HCERIE, B
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NEWIRK
W, b B e S ~
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z R EREN
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layer 3k :
ch | QiETHBMANE, 2k
BITRAREE M EIIGT Tz WA, BEBRE, HK
S EH.
DL A 28 70 B Ll o L s
LN — A ] LRI M AN ay ay, as
2. B B PMINEE — M Ew w,y, ws
4. WOE R A g Qo)W MEEL R TT, M2 N2 BE0E BREUCE IR 2 AR
5. % : 2z = g(ay *wy + ay xw, + az *x wg + by)
[07 [me o we T we ] [5]
¢ |21 =ai xwi tasxws +az+wz +b1 | | f . S
ZJI_“ _ W-ru_l-:'-n w:_:-.--h W;Is;_-_“ a::_-“ '51“_-1'
\ TR 0] w0 ] (s

SRR — H

Id‘;“ f(:l“)
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layer# 3k :

.@#Td%W&% A ik
A, MERKE, BE

RIEERE: B0

a1?= g( aV*wy Y + afV*w,

(1)

a,'=g( alm*w +a, )*W

(DInputZEMEhiddenE{&®

+ 03(1)*W (1) ))

+ 03”)*W (1) ))

tjl’tA:‘}o -

>\

(7)

7= g(a ()*W (/)_,_ a, (2)*W (/))

(2) hidden 2@ T— 215




layer# 3k :
| 06T HIBMAKL, bit
. MERKYE, WK
R P —

BNE IEEy= BHE

=)
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=
3.
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=
]
3
/
o
1
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QD
2
N

WO, = W 4 o Lhrotal ( B FRES

new 0)
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function_for_layer

Bk

:ﬂzﬁﬁﬁ w3 T AR 6 3E S
IBA1 O BREK

HARBIERE?
EZEHEZNED, FEPHSNGEANTEYSNEmAZBEE — P MREXE,
XA R EFR A BRI (XFRBRIRED)

P OECE € X o) RES R
Rl BUERERAFEIERT.
IHHESR: TR EsER, EREMNSEWHGHER. SHENRNS, HERERTE
B/ T KRERIRIR.
f(x)=x: EERHERER, MNRSERIRHIIETENR/IME, HEMEAIIZRS
Al EAHEMESRET R EEERIEFSEH, NRAEREATRH, MAERERARETINEKRRS
, B TTEEFNE,
FEIEANME: IBFIEEE Sigmoid. Tanh<, JFFEMNIRZIReLUE
At JEEREREN, REMBRIEZOEEL.
WHERSEE: JRERAEEERGRNRE, ETRENAUDEZSEIRE, BATERNERTRES
RAVENFINERE.
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function_for_layer
i E ¥

~ :ﬁw&. jr"q]gs 15‘ 4 & 3T T B 8938k i
BOR R 5ik W er

10 - . . . . N
= 0zs. Derivative of sigmoid function . . R 1
L A =
ot SigmoidB/EL /(2 o
0.5? 0154
A BRibl, 2, 3
// o
e L 000 . .
-10 -5 5 o 4 3 =2 10 1 2 3 4
Z
tanh(x) dtanh(x)/dx h & el — e *
= tanhg tanh(z) = ———
0.75 Zl ( ) e$+ e_:r
0.50
0.25
-10 -5 0 5 10
—0.25,
-0.5
-0.7
e -10 -5 0 " csd5 10
ReLU(x) dReLU(x)/dx
. . Relu g& #X Relu = max(0, x)
0.8
4
0.6
; 04 BEAXERH FEXHIAEEXETS
0.2




‘y’)‘./’"
B SEV L

SHANGHAI JTAO TONG UNIVERSITY

mEeEl: fhk5ik

£

Derivative of f, f'(z)

Name v Plot
| Softplus!®l / In(1+ €%)

| Sigmoid linear unit (SiLU,14] Sigmoid z
shrinkage, 3] SiL,114] or Swish-1115]) =t l+e?*

A\ ale® —1) ifz<0
T ifz >0
with parameters A = 1.0507

Scaled exponential linear unit (SELU)[10)

and a = 1.67326

Function, f(z)

1
1+e2

l1+e*+ze®
(1+e2)?

A ae” ifx <0
1 ifz >0

0 ifz<o0
z ifx>0

| Rectified Iin%r unit (ReLU)[7!

= max{0,2} = 21,9

undefined ifz =0

)

az ifx<0
Parameteric rectified linear unit o ifz >0
(PReLU)IT2] ) -

with parameter o

a ifz<0

0 ife<0
1 ifzx>0
{1 ifz >0

(€% (4€*® + €% +4(1 + z) + €*(6 + 4z)))

3

}

=+

)

Mish [16] tanh(In(1 + "
& @ tanh(In( ) (2 + 2e + €2%)?
Logisti[ sigmoid, or soft step __  |o(=)= T n f(2)(1 - f(z))
Leaky rectified linear unit (Leaky 001z ifz<0 0.01 ifz<0
ReLU)!!1) z ifz >0 1 ifz >0
!
Identity / z 1
) B z _ o—2 2
Hyperbolic tangent (tanh) 7// tanh(z) = o 1- f(z)
z
—z|1l+erf| —
| Gaussian Error Linear Unit (GELU)4! 2 ( ( V2 )) ®(z) + zp(x)
=a®(z)
| Gaussian /\ e —2ze"
{a(e"fl) fx<0 aet ifz<0
Exponential linear unit (ELU)%! /// z ifz >0 { 1 ifz >0
with parameter a 1 ifr=0anda=1

: f {0 ifz <0
Binary step

1 ifz>0

{0 ifz#0

undefined ifz =0

Range

(0,00)

[-0.278...,00)

(=Aa, )

[01 00)

(~o0,00)

[—0.308...,00)

(0,1)

(—00,00)

(—00,00)

(-1,1)

(=0.17...,00)

(0,1]

(—a,0)

{0, 1}

continuity

foas

CO

CO

o®

o®

C()

o>

c!
(&

o1

function_for_layer
i E ¥
LT AR ) 306 8
. ARk b S

1% /B Aactivation
function fE T ERE SR
MEIFRHZIT, M
TR SETMIUENR
ERE MK,

Sigmoid Ffltanh1FZ 7 4 5
5K (o),

I FE B S X A BUE R 2
ERelU,
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RelupREN Az 3=

function_for_layer
i E ¥
® LT ANE] 07 80E &
O T

Relu B £ Y [6] & :
- B TREEBDIEAN0, KFB—EWKZ T EAE (TRl
~ B HAZ oI FIO.

Leaky ReLUBH/PRELWES. sy - { 2270
3 _ )z if >0
RReLUREL f(z) = {/\m g a0
0 r<10
Bounded RelU  BReLU(x) = {I 0<x<n ELU/SELU
n i

Vi =i

¢
1
1
1
1
1
1
1
1
Vi = a;Z; 0
1

| ”).l = Q;iZji

Leaky RcLU/l’ReLU Randomized Leaky ReLU

-46 -36 -26 -16 -6

6 16 26 36 46

A
3 x if x>0
J= {a(exp(x) -Dif x<=0

o 1 it x>0
J= S(O)+aif x<=0

004 — lambda=1
—— lambda=2
— lambda=6
s0d — lambda=10
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(REIT

BMNE

BERE

z{ g(x

+1

S

L7

EE

BHE

O _ywd
Wow = Wold + «a

ow®

aLTotal

layer# 3k :
| 06T HIBMAKL, bit
. MERKYE, WK
R P

=N
SHW, b

( BE ThEE

N

/

0Lrotar
, BPEE|—
(Learnmg rate ow,;




IREiERE Loss

function_for_layer
i E ¥
LT AR 64 s
O T

PREH (Loss Function) ELFZAFMTHAFEAR, REKEIEFEANRE
RAUTE&HL (Cost Function) fEMHFEEMNINGLE, REMEALNTHRE, X

FITAT 30X BR B - 2

HFre# (Object Function) s2RAITHRAZNALIKIRE, WAL B H+1E N

PCRRE (256 RS +45 74 XU D

. NEIRS
& = argmgn E ZI:L{y!-Jf{‘THH]}

I

J[A@{E}‘

mEREE Y

[B])3a]&%R BIREMSE, JYHBIHIRZEMAE, Huber Loss
parS =1/ BAEIRR (hinge loss), 32N JiHRs (Cross Entropy)
HERFIE]RR Pointwise Ranking Loss, Pairwise Ranking Loss,

Listwise Ranking Loss




function_for_layer
i E ¥

‘RS‘Z%?H*E%& & ST T Bl 6 6
< - S TS

E B 15

H(X)=—) P(z:)log(P(x;)) (X =uaz,12,33...,7,)
=1

X X sk (Cross Entropy)

FANFEA I AZ XN eR 3 A AR

L = —[ylog § + (1 — y)log (1 — §)] H(p,q) =— > p(x;)log(q(z:))
i1

Pred 0.2 0.7 0.1
loss = — (0 %1og (0.2) + 1 *log (0.7) + 0 * log (0.1)) = 0.36

toss =~ 33 p(ey)log(a(ey)  REFERABR, XX ilossitiE

i=1 j=1
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layertt 3k :
| 03T HEBNE, ik
B, MCERE, MK

iy SCE ¥,
/
SRS
Lrota1 = | )
Lo1 + Lo
_
rEAa’ ERRKS
SHEW' b’
Al BAa
AL e

BB BEE
z{" g
Y 0,/
+1 D,
> g\
—/
= i
JL
O _ ) Total
W%W_mm+“awm

(Lea rning
N
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layer# 3k :

== | OIETHRIENE., 2k
FMTAE R 4a;? BA. MERIE KA

‘:}zl;\ik}‘:}to -

k(& (8P) RERERRETA?
X THEEMERIRBIAIIU SR R BHPIRKEREI L (R EEEL) RILE

cost =L(W,B| (xlayl)"'(xwayw)): %ZL(W:B | (xzf’yi))

NEMERBEE LIS HFEERMMN, WIEBAYKREL L XWX L2248
HIRSEL, ERA— R, REEE (8P) EERIARSHITRXLESE
MRS, HMSWMATHERE (KB PEE. T—F, EJLIRBAl
ZRBE TERENNESEH, LRERIVMESEIEH.

Q\% . B SATEATIA:

Wi ;"
t. )
A /

w; %
W




LINESEW,, A6, GNRBAVERNEW, BINRETE T2, ALIREEMR
IREXW, KIRSKH:  (GEZUEN)

6L01 . 5L01 anetol

= * *
oW,,  dout,y, oW,

PR E="1MRSHIERBN




& E— i ERISUESEFR

Loy 1

dout,q

nety, = Wy *outy, + Wy, * outy, + by * 1

onetyq (1-1)
=1 * outy,* W- 0+ 0 =out
oW, , h1 21 + 0+ h1i

dLTotal — aLOl/* /*anetol
oW, dout,q oW,
= —(target,; — Out,,)*

< 8,1, = —(target,; — Out, ) *
[ Ay 74 2 aL
BNRRERBLIII, RS AR S 2
21
BRI BREH W, M WDy = W —

= 2% 5 (target,; — Outy)? 1 *—1+0 = —(target,; — Outyy)

* outy,

JLoq

= (i)Sol*Outhl




a1

1
Ly, = 5 (target,, — Out,q)?

Lrotar = Lo + Lo

1
Ly, = 5 (target,, — Out,,)?
Iy
OLTotal — OLTotal " " onetpq

oW, 4 douty, oW, 4

W

oL oL
or_ 02

dout,,;  douty,




S — I B =

aLtotal_ aLOl + aLOZ

dout,, Odout,; douty,

11

douty, N onety,,; Odout,,

0L01 6L01 a €t01 0L01 aOut01 anet(n 6L01//00ut01
— — % —
dout;, Onety,

aouthl_ dout,; Onety,

dL oL out dnet
B 02 :< 02’{0 01) 01

douty, aout01 donety, /] Jdouty,

outy, = ! nety; = Wiy *iy + Wipx iy + by * 1
h1 —net
e el _ i 4040
doutpq =i
= outp1(1 — out

onet, . outp1 (1 — outpy) oWy,

OLtotal Z OLtotar  Qouty aneto douty, anethl

— %
douty,, dout,” Odnet, /(90uth1 dnet,;
o2 (o A =S l l aL

SRR REW,, 10E: W, = WD — o 2ol




Lrotair = Lo + L2

anethll




BEITR (%)

dLTotal — dLTotal % doutps

Kk eee 3k k
0Wy4 dout, douty,4 oWy

BREMITERENGE: —MEE, EERRGE (BEHRE) |
LIR—HMRE, BIREERZHENGE, FEMRD (BHEE) .

1 BIREDITEEERE
d  J0+¢e)—JO—¢) d J(0 + epsilon) — J(0 — epsilon)

do £—0 2e @J(G) a 2epsilon

epsilonBHIFREA—MRINIEE, taniot?
2 RO EREE

o iR HIEE ZRMR




| update_method4%
Me:

ﬁ'g?pgiﬁ (@mﬁ) & LT E;];;nﬁ,;us,

#BE T P#iX(Gradient Descent) 2—fE IR, BATFSHEEWRIMERI—IEN
UEE, NFRIERIE FBF(Steepest Descent)
9.—g_ 970
T 80

TS %M YT (Univariate Linear Regression)f&HY y=wx+b

1 ) , 1 - )
Loss: Z(w,b) = E(YW,b(xl) —y)? = 3 wx' + b+ yh)?

- = ~ arg min W/’“b )
EiFFRSRSEE: (w,b) = "%, ,Z(w,b)
BE KR+ SEEHHh: EEIE:
w=w-— OZ((aw,b)z (wl+ bxt — y)
(RSEEIKS) ~ 07 (W@) : _
b=b— 2 b — a(w +bx] -y )]

ab)
WS | ($K) RETHRETIEOKSERE, SN IR G EEas—Eins

»




R R LS

BB TP BGD

HEEEIE TP ERIE R SRS REUR K EREL
HHEEE, REHMSH0 NE. eRiEEE—R
ISR E AR ARH I THRENEH. o
AT
0:.=0—|

iiaJw@ﬂy)
H0

Loss: 1 & . .
Z(w,b) = ﬁzl(yw,b () = y?
i=

m
1 i i\2
=%z(wx +b—-y")
i_

B R S

m
_ 0Z(w,b) ; ;
W w7 _'E (wiH bx' —y
0Z(w,b) &
w,
- h — — h — N |
b b — (w+bx' —y

| update_method4%
M-
RXTH 74, WA
¥ '?ﬁ 75 > @
- Data fiting using Univariate LR 3D surfaces for loss
20 4
.J:'o}"
10
i e
0 !-'a
-10
-20 0 20
x
Contc_:ur figure for Io_ss " Loss when using Batch GD
il _/ N 2000
- I % 1800
5 \\ 1600
-4 z 1400
-40 -20 0 20 40 0 10 20 30 40 50
0, iter
S . by s =& — =
= B2 7TEHE8E Bifce, =%/

R EH AR TE LRI,

R WREIRELLRK, KSR ERE
ZEIFHE.




| update_method4%
3o

Bﬁ*ﬂ;ﬁg?p&iﬁ SG D o Data fiting using Univariate LR 3D surfaces for loss

R 79 R NIRRT RIS AR K, ) “ A
EIEREH M — MEAKIREUEE, EFse. ~° |\

of
9.J 9’ :'Ci, y?: B 2 20
6 = 9 — . ( 89 ) . /Gont'?urﬁgurefoﬂo_SF ,  Losswhen using SGD
S /"" N 2000

LSBT “/
° BiﬁM?TEL?ﬂI?Eﬁo o 0 I E1500
« TEBMERR, FOEAREFHESH6 . 28 P
- EEFSBEEREEB/NRILEKBE. . f et BN |

] iter

ffim:
(1) AFARESEDIGEUE EAURKRE, MEEEiE N, BYUWLHE—S)IGEUE LAY RK R
#H, XEE—RSHVEMEEAXIR.

TR
(1) HRETE. RTRGREERREVEROMRENER T, ScDIBILEMEIZ L.
(2) ARSI EIRERRMK, HTFENERAHABRERSAERAEE,

(3) AZBFFHITEM.



| update_method#
3o -

ﬁE-F B%ii'i*‘l’?s % 3 j;:zzﬁ} ;}: | A 6

IJ\;th% (Bﬁ*’l’) ﬁg?l}%iﬁ mini_batch G D - Data fiting using Univariate LR 3D surfaces for loss

BENEEE FIRISUERER, (BRERERAK, T 2 .‘ﬁ""; 2000
%ﬁ%ﬁfmiﬁiﬂﬁi@fﬂ%ﬁ H%ﬁqﬁﬁ EIJ_/I\é}EE’\J{Eo = 10 M 1000
Mt E FEREEERNTHFHEEKX. NP 0 ‘
SINE B PR —EHTIRE, EER S o S
ﬁ*%*{%ﬁa n/|\1‘$21§§|%i}||2¥]_-\72<§"{5{ ‘ 'Contc._:ur ﬁg):ue for Ic:?s _ P Loss when using Mini—Batzh GD
n . / N ¥
0:—=10 n ; 00 . | Q 2 1500
40 20 OeD 20 40 0 10 20 -~ 30 40 50
=

(1) BIEMSEE, SRE—Mbatch L LMEFESH TS L ANMIEIBAS.

(2) Bk fE B —AbatchfT UA /NS T EER 2, FIRTAT U B 25 B s
ETFERMR., (EbanpaH#eE &30, % Ebatch _size=1008}, FTEE%{£3000)%, /v FSGDAY
30W)%)

(3) AT
i J=1E 1 obhith [E=E?

(1) batoh,_sizel 7R 1B A 45 235 e — B )2 AT NMRYL SRR RS

2) EREHEEEFEIIAFIR-HEHS, BRHHB&/IVE.
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BE TREEERANSEE e we 1

3 === Sf == Descending with step coefficient 0.005 (iteration 50) Descending with step coefficient 0.05 (iteration 50)
ﬁ ,"'-u-'F 42 — ﬁl;ﬁ:— =3
SZ B¢Egytﬁtz b E’l:l E;ﬁ ) > o 2w o 2w
fix) = w* * sinfx) fix) = %= * gin(x)

1o Start (2.5,3.7) 1o Start (2.5 3.7)

A End (4.9-23.7) a0 End £4-221)

BE TR = B

gerfh, BEE—NAE (X) LERIME, BB 1A
[ ENERAE. RIEEXS ERFEMEEE, A
LBEE NERSIDEYLRXEIRS, SRS T &/IVMER

H s
B




W
y &

N 2 N
B FIERZRIRNGE o -
| 3 A
iy NG —

HETENPEEZIN: HEEATMEEIRE
W 4% [ B EOR A B ML A 1 738, WHUE AR /N1, B R0l pls 45 I

owq
%%m,%ﬁﬁﬁﬁﬁtéMMﬂﬁ%+m%ﬁom%W%$ﬁ%,%ﬁ%%ﬁ%ﬁ
JUEMESHRBERETO0, WyikAd THEHKEMR . mERVBESEARR K, B
R ETUZ M S BIBREIRE R, x4 TR REEILR .

BE TIPSR Z R : BERER
BEALERE T e 5/ B b B T R PSR BRI, Il & 85 1 I SRR e TRz,

(B0 FE AN A AT I A8 n] DUE 1R 2Bl 15 1005 DA K R B8 SR B die P Bl m iR T ik o ML s S & 5T
AsE— AU A, AV EAR AL T BOR e b L g8 52 S A 55

HE TP Z7<: RCIEICHIRRTE

—UEIS S RE R, RZEP ML M T RS E R R, (HEsEE,
XL 25 R AR D IR EE R 28 P2 A o . IX R AH T AL 88 = S BAI S, Ma s
PHRE—NBE, MEMZPEER KERIIZGRTYT, ZWAEFINZGML M EEZZARM
FEREES
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layer# 3k :

E yﬁ | Q36T HRBMNE., 2ik
1:2 ?‘}J 1h: A, MEREE, MK

‘:)2, ;\t}}:’:’to -
WEW&.‘{#
W, b B e S ~
w® w® Sy
a R o rh e ; g AR —
y, W Lrota = | )
s W Los + Loz
e XY Y
wra |\®)T et B oo\ 02
ReAa’ MR
SHW b
wER | +1>791 +1 1by
o HAa

—— (— RIfEH) S

— N N

V] —V . OL7otal
A o \ BPEIX 0)
AN REE BHE Learning rate ow, i

oL
l l Total =3 3
Woers = Wy + aWO(zc)l ( BETRZ

old
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Bk

N
3 & LT 7B oS
SR E riitvry

P LBREMZSEEAE? wo # b

"YIFRIE" [A)EA:
- . RIRE N WIIAESR0sE (HRIE
2 ZH)
¢ )\Ja1 az*ﬁ
) . FIREEEEz R0
- AREINEEDESE
0 « BIREREEE

B100MNRTTS1IMNRTTREER.
= g a;*wy M + 0, *w, M+ 0w M) EE“J:t _HX'{Q%*SUX%jJBJE*n‘E

e
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RN RIEXIE.




function_for_layer
i E ¥
LT AR 64 s
O T

SEIER

H RS S SIRIET
SHAHALRTLEER
(1) BERRATVIALN0, BRREEMIBLEA—ME, M4,
S “KHREE” ;
(2) BIFRESERTBLMIEN0, EFZH, FERBHATEHEM
% (P RRBEHL? )
(3) MIHUERTRAKRRE RAN, SHA/IE SERMEEERE
W NTIRELU =R, SRRk 2 SRR B A B B HOR T
SEREERRE, TR,

iR — N RERERER, —PMCBIFRNMIRCRIERERIFEMIE
TUMA SRR T E—.




function_for_layer
. i E ¥
%ﬁ&?‘u ya‘t75'~£ & 3T B 8
! $, Bk

1 BFEESEMNSHGEG

o BRI ATVIAIL: BEN—ANE B E (H o) R 772 (He 0. 01) B s
AT AT RENLTIGAL, 2

o WA TEL - SRABA S TR EIAK, ESERVar(x) = L2 83

12
r =302
2. EF L ERSERI
e 2.1 (FRAGlorot#JiA4Y,, E /94 BH A J9Xavier Glorot)
* 2.2 HefJla{t (tBFR/IKaiming®ia{t)
3. IE3ZH08aME

AT ERBEHATIRIE, BEREERESEEETHIRSE (Norm-
Preserving) , B [|8¢ V[[* = ||6®]| = [|(W®)Ts®*
Bw OYIARCAIERERE, B wYwO) =1, XMTTERNEZAN (

Orthogonal Initialization)




Loss function

a1

y = o(wx + b) y
where g(z) = 1+Z_Z , called sigmoid function f

Z

Given {(x®,yD), .., (x™, yM)} want O ~ y®,
Loss (error) function:

LW, y®D) = —(yDlogp® + (1 — yD)log(1 — $V))




Loss function of samples P

Cost function:

m
1 N
Jw,b) == > £(D, y)
i=1

m
1 | | | |
=—— E yWDlog 9@ + (1 — yD)log(1 — W)
=1




> - - > > —>
(4% g'0 g°0 g°0 g"0 (4h)
Zl ZZ ZS ZL ~
Cache w1l pl W2 b2 w3 b3 wl pL L(Y)

1 < 2 < 3 L <
dz VA dZ dZ
Tterat; dwl dW? dw?3 dwil
eration | gp1 db? db3 dbl

W' =W —ax*dW
b'=b—ax*db




Hyperparameters PR o

Learning rate
Iterations

Hidden layers
Hidden Units

Deep learning 1s a very

Activation function empirical process!

Momentum term
Mini-batch size

Regularization parameters
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Computer vision P o

» Cat? (0/1) 64x64

1000x1000
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RRMERGEITRIC
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BMNESS (), BRFNL
g(t)

t = ORYZIRYEANf (0)RYEE
t = TRIZIGZ=IRAIf (0)g(T)

WA f o]

RGmpig (1)
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e
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BIRHENX e

7/ VN\T 7=
« THERSEH (Frv) =X f0Ngu—i,v—j) =X %0 by_ip;

apo Qo1 Qo2 °°** Qon
o Qi1 Q12 -*** Qin
Qo Q21 G222 -**° Q2 f = Qy,p—1 Qo Ay -1

Ay—-1v-1 Ou-1py Au-1p+1

Ayt1v-1 Ayt+1p Ayt1.0+1
amo am,0 am,2 *** Omn ’ ! ’

b_i-1 b_1p b_1a bLl bl,ﬂ b1,-1

! ’ ’ '
9= bo,-1  bop  bon g = bop  boo by
b1 big  big b_11 bo1io b1

f*g(u,v) =ay-10-1 X b1+ ay-14 Xbiog+au-1041 X b1
+ayp-1 X bo1 + auy X bop + aypi1 X bo1

+ayi10-1 X b1 + Quyre X bo10 + Quprpr1 X b1
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NIl

a1

BEfZERE LiEs), #T61RE=
SIRHIARR: K §¢FA%ﬁW
feature mapﬁﬁo

EIZKU

FHiEEfeature map,

&m FHEI R, BT

- 1[1]1[0]0
S oj1/1[1]o] [4
1 |o 0*1. 0 ]&;. 1/1
o(of1(1(0
e A 0/1]1]0]0
(filter/kernel) | Convolved
mage Feature



BFEN (edge detection)
ERFER N EREI o R 2R JERNANAR

L0 1 RORSEORRG

L0 1T RORSEORSRG

L0 1! RORSEORSRG

1 |1 |1 [BOSSEONSED

1 |1 |1 [BOSSEONSED

1 |1 |1 [BOSSEONSED
6X6

e/ BTRZ
(filter/kernel)

Pans—4 Al

S| O O ©

Wl W] W| w
Wl W] W w
S| O Of O

HIEE]

(feature map)
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201

SHE

A=

) m\af;zmﬁ -
CaEEGR, —MREELL. &, B=1TEERNSN, ®iEs—EEW—NMEE (channel) ,

I NEIERVEE— Hxﬁ:/\. (1:?, W, 1BE) . tbil— 1 8xSHRGBES, éﬁEE’jExe(883)
ZEEENREESNEEE T LUREUHE, 85— 1ERztEsNEE, 38— MEERIN— " EENE

1iE,

4 rilters
Input image 'l :
o
Moo
i = 3X3x3
T | e
i [
GEEE 0 |
|"'lr-- '."v-"_r;,! I 1
o e B , i
P T ol .
'A.'....
3X3X%X3
1
Mg
= 6x6x4
< 3x3x3
8x8x3
A I
[T
l'a'- -
IL---
3X3%X3




YiEXAAY
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% D E Input Volume (=pad 1) (7x7x3) Filter W0 (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
/7 \IZ> x[zyz:,0] wl[z,:2,0] wil[z,;:,0] aflzy:s0]
ﬂp_nonnn N E i ) BT E?s
CEER, Rl & Ezaﬁgg;iffg o SIS o
X 2 P 232 |12 2 E 7 E
JJ:tEHJ)\ Q?EE/J &z HZE_ ! (E, g 1 0 0 2 0 O wlO[z,:,1 wil[z,:,1] olz,:,1]
ZEIEERES M EESILURE o 0 1 1 o o o 1 0 1 0 ) Bl EE
ik, S S B B o [0 10 - 1 4 4
0 0 060 o0 [ ] 1 0 0 5 -5
4 ritters - Wil “> wlls, 2,21
= : 1 T
_ : oJoo]e o ol K e
Input image | E";-" El D= 5 q 0 0 -1 0 1
A lr | T xsx3 o 0020 1t i
] I
;,:_.__E_,.: | i B B BN BN - Bias b@{1x1x1) Bias bl (1x1x1)
’,z’____’,}’ [ . 0 1 0 00 0 0 B0, 1, 0] bl[z,:,0]
iy sx3x3 |08 (18 211 1 0
- : 0 0 0 0
:/:_ | ;i 2] toggle movement
gr=—" i ﬂ ofo 0 0.0
8x8x3 E 2f1]2 970 o
A - T[o]o 1 0 o
L. 0 0 2 0 0 .
T 1x3x3 —— i ; i . F1<(stride)
o 21 0 0 1 0
o 0 0 0 O 0 O



Padding:fFlEBFRIAFR(EEELK e [

BREIRE, SRBEREEEN—BTH, st BERRER—/EX,
B, FERABSERITE TEZSIX,

/ padding

filter

10X 10




itL)

Pans—4 Al

B4t (Pooling) WHAYMFREE (subsampling) , A—MEENABRE LB
ET&=, TiRBleature mapfFEREIRTE48E A/,

max pooling

20

30
37

112
12120(130| O
81121 2|0 ,//////ﬂr
34 | 70 ;T average pooling
112[100f 25| 12 13| 8
79120

Y=t

- [REEGRRT

- —EEE ¥R, IEEATH (FEE1ER
R, EERNAEEEHFTERNENSUE
MEENAE, L TlE, I55)

- WEE: EERRIDEIEEZEZES
K, ERRITEITA,

- AL BEBEHDHIMESENREIS AT
EiERPIIIR. ErETAx:
XJERHIR R EF



£1&E3EE (Fully connected layers, FC £)

SEREZANFREREIUSIE, SERERFRER R ah
IR I — RIS
4096 4096
| ] s
l | 1 [ sunset [ .,
'- ™ =)o
I 1.5 2.2 3.2 .
s 40 3.8 2.9 » E N>
25 31 11 |- B > -

fully connected layers  Mx binary classification

HE3x3x5aYHI, 2R 1x4096RYAZ =,




EIERE

Pans—4 Al

Bl JF— " x3xsilifilter ZEIMERLMAOML, SEOERRE—Mully
connected layer HI—MBETTHIALE, X MAHME—ME, ERHATE4096 M2
7T, BATSERTRR R 3x8x5x 4096 TIR R AT EREIIIH.

convalution @
1.5 22

15 22 332 03|04 0.2
40 3.8 Lgculwnl.ui.u:n 11fz1] 12

25 31 1l 0.6 jo 3]o.9
filter

OO0 00000000
[t
Uil
Ykt
Nl
W
;‘g:
)_(Aui
W




EIRIZ LS VS, (SRR

__ M
1.SHHEZ=E (parameters sharing)

1 0 1 1 ==
|:> B - 1

0 0 1 1

Feature Map Filter

E>00-!~$l11 :

0 1 1 1

Filter
Feature Map

EFRBEMLE: 6*6*n NS, nJIlaih
IERMIAIMESRISEHS ALY . XiF, FATTLIRRORISE, JISEEMFIEE, BERSEINE,

MEALIGU SRS, B, BTERRINSEEE, BIEE RHIT T —ERFEERE, ReilRETLL
TRBIHAHIE, XIS “ERBARZEMR" .




ERRE ML VS. (EFHEM 4 P

2. EIENTEIRME (sparsity of connections)

B

|

BERRIEETH, EEREPIEI— 2T, RIREBABRN—EISB8XER, mEHREENET,
RTEREER, FrEHiEHI— ErT, BEBARENRTHIRNE, XETHE PR ERRY
TSR AT THrH0,




i)

Yaas—9 A

¥ KEiR

(Dilated Convolution)

J5k&B&FE (Dilated Convolution) H#EFR AT RGSFREE
FARGTR, BEMERNSIIZTIEATIH, LASKREINE
BRYSTEY (reception field) ,

BEERIVIERGIREE, BRIz, TKAER
A, FERERZST— IS8 ¥ 5K (dilation rate) ,
ENERERZNREIREE, (LIENRRETRREE
dilatation rate /91, ¥ 3KZEN2093x3G %5 5x55F
EEHERNEZE, MXERMSEL.

fim:
1. AEKDE (BEHEARE) HERTH KRZEH,
2. ARKEREBREREE.

SMEEFERANERRE, BESEERMEERS
SIRGHERXNE, AJLUEESTRER.
ArESDMER
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A=

asN—"N
HESF (transposed Convolutions) 1 2 3 1.0 0
input =14 5 6 kernel=10 1 0
7 8 9 0 0 1
Stride=2
(1 0 2 0 3] (1 0 2 0 3]
0O 0 0 0 O 0O 6 0 8 0
mpulyg = |4 0 5 0 6 output= 14 0 5 0 6
0O 0 0 0 O 0 12 0 14 0
7 0 8 0 9] 7 0 8 0 9
ﬁﬁﬁ*zﬂ] %4 l{%li" FERMNR S LMEH I TH—E801TE (e 8.

ERRNENSE), XMRABT KEGRY, SCHEGRE/NDHHER
IR D HHERAIBRETAUIRIE, U EREF(Upsample).

RErSRT, FEERSHE




a1

32%x32 X1

HBXHX16

84

avg pool avg pool

—>
f
S

—> —>
5X 5 f=2

2
2 s=1 s=2

28%X28%6 14x14%6 10x10x16

60k parameters




227%x227 X3

—_—>

3x3
same

13x13 x384

55X55 X 96

MAX-POOL
E— —>
3x3 5x 5
s=2

same

27Tx27 x96

13x13 X266  6X6 X256

2Tx27 X256

MAX-POOL
3 X3 3x 3 3><3

13x13 x384

a1

MAX-POOL
—
3x3
s=2
13x13 x256
O O O
O O O
— —> —>O
Softmax
O O Ol 1000
9216 4096 4096

60M parameters
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CONV = 3x3 filter, s = 1, same MAX-POOL=2x2,s=2

—> 224x224x64—» 112Xx112 X64 —» 112x112 X128 —» 56X56 X128
[CONV 64] POOL [CONV 128] POOL
X2 X2

224X224 X3

——» 56XH6 X256 —» 28%X28 X256 — » 28%X28 X512 —» 14x14x512
[CONV 256] POOL [CONV 512] POOL
X3 X 3

—— 14%x14 X512 ———» 7x7x512 ———» FC ——» FC —» Softmax
[CONV 512] POOL 4096 4096 1000
X3

138M parameters



ResNet

2015, Kaiming He et al. (Microsoft)

a1

ResNet wins in the ILSVRC 2015 detection, classification and localization tasks

Plain: hard to train when go deeper

o O 1O 1O 1O 1O O
o O O O 9O O ©

00O

ResNet: 1ntroduce shortcut connectlons

...............................................................................................................
.......

v v
O 19 Q) ol [
o o g d o d

00O

.......
.................................................................................................................




all o

g
. o
------------------------------------

> 2]

zI*2] now is residual of alll
if zI1+2l = 0, then al'*2] = U

It 1s easier to learn the residual parameters.

ResNet helps build very deep NN.
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Examples of sequence data

=

.. “The quick brown fox jumped
Speech recognition W > ver the lazy dog.”

@ |
|
Music generation ? — ‘s,
\‘-....______, .*
. g “There 1s nothing to like
Sentiment classification i1 this movie.” *** *

DNA sequence analysis  AGCCCCTGTGAGGAACTAG —  AGCCCCTGTGAGGAACTAG

Machine translation Voulez-vous chanter avec ——» Do you want to sing with
moi? me?
Video activity recognition — Running
Name entity recognition Yesterday, Harry Potter —» Yesterday, Harry Potter
met Hermione Granger. met Hermione Granger.



Problem with NN

x<1> O ~

x<2> O —_

x <Tx> O /

Problems:

O

O

a1
O y<1>

O y<2>

O

O y<Ty>

- Inputs, outputs can be different lengths in different examples.

- Doesn’t share features learned across different positions of text.
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L\)\ ' %1.:..: b

Il'r

/P! pans— 0.

BAIESAE (NLP) it EHEFERAROMBEESHIBE]. ERANLPREEFEEEGILT=1%
S 1. XPFLE (RNBEAES. BARESHERKFNEEETERINRELL, WE%ME'LM
(SR FRRIAIELL AN (FBAIES . AR HRVZERELLRK). ) 2. XARR (EXEAES) 3. Sl
R (DhBEAESHELEER)

JR¥QX A 9318 E% KR Stemming
(raw data) (Segmentation) (Cleaning) (Normalization) | Lemmazation
R TS A FTRNIRE
g HHS
RS A
: FFEREX (Feature
24 (Modeling) Extraction)
BUEEE tf-idf
PERE word2vec



Word representation P

= One-hot vocabulary:
X0 42 B @ (5

The cat 1s beautiful.

- a1 [0] [07[07 [O] [O]
abundant ol (o] |0 0 0 . .
acclaim 0 0ol10 0 0 Find noun:
baby ol lollo| 1] [o LD 2 3 8 (5
: O (1] (0 0 0 The cat is beautiful.
LS 0 0111 0 0 Lol l l
: 1 0110 0 0
RRIEEE G RN CIME ST RN
200 ol Tallal 1ol 16 010 0 0
<uNk>]| lo| [ollo] ol o
L < EOS>1 L[oJ Lod Lo L0 1.




NLPT{Ef AFR P

AT ERTBRFEIREFZITTEDINAR, HAIBECFRAIT RIS ERNSFREE. FETA
FREEL, F8, 8§, 9F, MX&..

John likes to watch movies. Mary likes too.
John also likes to watch football games.

John: [1, ©, @, @, ©, 0, @, 0, O, O]
£1: one-hot/fS (fhirvmpg) 1ikes: [, 1,6, 6,0, 0,0, 0,0, 0]

NFR—RIEURRE, HAERFERNRSHERSRUNMSHTRE, SMSEE RIS FS, FF
BEISER, HPRE—E.

= MPRASHER T DRI AT IEEIEEUERINRE, R LR T FSERIER. BrIERE0
M1, RERREEEEERNZE.

RA1: SREFNERSH, FIZRSTEIFEX,

BRR2: MELMAIIASHE: 1 AERIRSHZERIRE, 2. ERiESEEER; SSIEREERERN (01
ST K TIFZNEFFTED TR, FHHEENELD .
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NLPT{Fifi- AR

tean, FEMNITEELE, BTERENSE, R80T olatBlE, AFEAMAMEIIE (One-Hot
Encoding) A&, HHFERSBIN:

[EAR, Eif, o588, T8I, #Im]=[0, 1, 2, 3, 4]

d (IL#&m, #£Im) =1

d (R, &~57) =2
d G§R, 1T#EH) =3
LACSHE. ..




P TENL
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NLPT{Fifi- AR

aan— A

John likes to watch movies. Mary likes too. -->> [1, 2, 1, 1, 1, @, 9, @, 1, 1]
John also likes to watch football games. -->>[1, 1, 1, 1, e, 1, 1, 1, 0, 9]

%2 Bag of Words (JAI&SERR)

7%3: Bi-gram(N-gram)

John likes to watch movies. Mary likes too. --»>>» [1, 1, 1, 1, 1, 1, o, @, o, @]
John also likes to watch football games. -->> [0, 1, 1, 0, 0, 0, 1, 1, 1, 1]

o SRRFAVAIRL, EE 7RI
fRR1: 1SR FIREERSREIK, SEUHIZASREREX
ﬁ?&z FHIEHER
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NLPITER-MXAFR e A
7%=5: Word2Vec ”

Word2Vec 22— Word EmbeddingfI/57%. BRILUERRFGZL: Skip Gram #] Common Bag Of
Words (CBOW), Skip GrambASBERIFEGA, Sifill L TFX. CBOWEASAN RGN ETFXEABEA,
SHRATRI_E T3 RAYEAIE. Word EmbeddingfEiXANTFEHF=4E,

Sklp Gram (L\/L"éﬁ\%iaiﬁélj )\ , %iﬁfﬁ;\mu_t—FY) Softmax Classifier

Hidden Layer Probability that the word at a
P Linear Neurons randomly chosen, nearby
Source Text Training Input Vector position s “abandon”
Samples o
0 i Z
fox jumps over the lazy dog. == (the, quick) .. “ability”
(the, brown) ﬂ
| The- brown lfox| jumps over the lazy dog. = (quick, the) o] » Z f
(quick, brown) A1’ in the position o] - “able”
(quick, fO)() corresponding to the —+ |8 %
word “ants”
| Thel quick- foxljumps | over the lazy dog. = (brown, the) E
(brown, quick) s
(brown, fox)
(brown, jumps) @ Z

(fox, brown)

(fox, jumps)
10,000
(fox, over) s e

10,000
Thelquicklbrown-jumpsloverlthe lazy dog. = (fox, quick) positions e @ P




A1’ in the posi Iot
corre: woﬂd ing to
word “ants”

Hidden Laver @ Probability that the word at a
Linear Neurons randomly chosen, nearby
Input Vector sition is "abandon”
o] \
E Z @ ~.. “ability”
g o>, (2
- ANy A—
o]
o]
[o] .
10,000 Z @
positions
300 neurons “zone’
10,000
. — =
Skip gram "R E]
17 24 1 7
23 5 7

LR XAZRTR

Output Layer

Softmax Classifier

0 0 0 1 0] x

}

LI T TSR

4
10
11

6
12
18

13
19
25

10,000 words

Hidden Layer
Weight Matrix

300 neurons

[10 12 19]

tRE () FHREERIE () HEREL

yass—Nal

—)

Word Vector
Lookup Table!

300 features

10,000 words




NLPT{Fifi- AR

i%£5: Word2Vec
CBOW (LABNMERIEN_ETXEREAN, St

BEATRA LT F—NafEAmAR, o, -
ERET:

Input layer Hidden layer Output layer

6)’1
Ol Y,
O|V3

Sl o
OO/O

: hjo
| >< ] ><
Xk |O hilo O|Y;
Woin={Ws) ho) Wi {w'y}

xV O/ \O yV

VEXAFREHE, NEREEFHETNMEL

Xck

[© = O == DO0] i) v O == G500

[eXeNe]|

T s

[©

Input layer

Wi

m*‘%im.ﬁ

Output layer

Yj

= O == 000l




NLPEFER

R Text CNN

Pans—4 Al

activation function

convolution

like

this
movie

very
much

3 region sizes: (2,3.4)
2 filters for each region
si

ze
totally 6 filters

IIIIIIl/IlIIII

text CNNE— "R T CNNMBAIN AR EAEE,

BAE: BAER— I nxkiRER, nA—PMEFPRYRIEE,
kAT MANNAIRE, S MARERERSERMERE
PllEReFRY, RJLMEARRIRISEEMEIIZHEER], Fist
YIZra9IaIER A\ T AR FREIERHESRIE 2RISR, T
E’a?%ﬁlﬂé&i)lIéEEI’\JﬁI‘Eﬂ%‘ﬁ“é@%’v%ﬁﬂﬂ?ﬂﬂf'—iéﬁ%ﬁﬁ‘%ﬁ?&ﬂ%
JRHLE.

SHE: SHRZMARENEE—E, ESEAR, FTLUR
NARCEEMENXR, REHNRARNERER.

LR ANESRATRAIMEERA T 1-Maxittift

i =R, )|ZRER, MR HE.
R RE AR EANE,




Recurrent NN

y<1> 57<2> 5<
t t t
O <1> O <2> O
P o Lavgl o Kaidl®
O O O
O O O
t t t
x<1> x<2> x<3>

a<t” = gWaaa~t1" + Wyx<t> + by) = g(W,[a

5;<t> — g(Wyaa<t> + by)

L = z L<t>(A<t> <t>)

!

a

<Tx_

1>

<t—1>,x<t>] + ba)




Types of RNN

<0>—»

One to one

5<1>

T

X

T

<1>

<0>—»

all> o5<2> ALTy,> ~
t )%t t 4
<0>=> a<0>—* > | ...
t t 1 t
X x<1> . <2> 5 <Toc>
One to many Many to one
5<1> A<Ty>
~<Ty> Y Yy
27 t 1
T a<0>_> e P .o o—p P eee—p
$ t t
L <Te> K <1> 5 <Tx>

Many to many

BE: SFF/NAEEIF

Many to many




Vanishing Gradients

The cat, which ..., was full.

The cats, which ..., were full.

5}\<1> y<2> ~<3> y<Ty>
t t t t
O <1> O <2> O <Ty—1> O
a<0> —» O a—> O a—» O — a—» O
O O O O
O O O O
t t t t
x<1> x<2> £ <3> 5 <Tx>

1. vanishing gradients

2. how to memorize information long time ago




Long Short Term Memory

Yaas—9 A

&) ® &)
f f
e
I I I
& ) &)
& ® ®
t | t

) IN RN I\ > cell state
A || Leiet]l| A
J )+

I I
& ® ©




a1

forget gate:
decide what information in cell state will be forgotten
fe=0Wg-[hi—1,2¢] + by)

Input gate:

decide what information will be added into cell state
iv =0 (Wi-lhi—1, 2] + b;)

Cy = tanh(We-[he—1, 2] + be)

update:
give out new cell state
Cp = frx Co1 +ip * G
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LSTM e B

=

"4 output gate:

decide what information will be output
) (%m‘ op =0 (W, [hi—1,21] + b,)
hy = o4 * tanh (C})

he—y

A

Gated Recurrent Unit (GRU): output gate and update gate

hy
b~ ) I» 2t =0 (WZ ’ [ht—l? 113,5])
Ty = J(Wr : [ht—lamt])

ilt = tanh (W : [Tt * ht—la mt])

ht:(l_zt)*ht—l“‘zt*ﬁt

xe



Bidirectional RNN PR o

He said, “Teddy Roosevelt was a great President.”
He said, “Teddy bears are on sale!”

y<t> — g(W[a<t>, al<t>] + b)

A<1> 5<2> 5<3> 5<4>
y y y y
a<0>—» a<f\ > aﬂ > a<{vx > a<{\
\ \ | \
a'<1< \ a' <2} A a'<3%< \ q' <4<
§<1> 5 <2> 5 <3> 4>

He said, “Teddy bears...




q[21(0—>| 4[2K1) ! (212} —>| ql21B)—| 4[2(4) L ,[21(5)|—>

10— | (110 | L[112) | 13— | f[114) [ ,[1(5)—>




£ 29N {74

e
V.3 _f:_ .




Word representation

= One-hot vocabulary:

1) 3(2) 2(3) (8 (5)

Th

a 7 07
abundant 0
acclaim 0
baby 0

: 0

LS 0

: 1

Z00 0

< UNK > 0
L <EOS>1 L0

0
0

0

OO R O -

0
0

O R OO -

e cat 1s beautiful
01101 1O

0
0

0

O OO R .-

0
0
0

7 T\

= Feature representation:

i
m

[

Man |Woman| King | Queen | Apple |Orange
Gender| -1 1 —-0.95 | 0.97 @ 0.00 | 0.01
Royal | 0.01 | 0.02 | 0.93 | 0.95 | —-0.01  0.00
Age 0.03 | 0.02 0.7 0.69 | 0.03 | —0.02
Food | 0.09 | 0.01 | 0.02 | 0.01 | 0.95 | 0.97

Size




o

I S

= Establish an RNN model of language:
p<1> p<2> p<T>
b x b
I S

a<0>_> —»>

I

<0> x<1> X<T_1>

X

= Generative sampling language sequences:

<1> <2> <T>
PS> P; P;

?

a<0> —>

¢ ?

X<O> X<1> X<T_1>
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Biological Sequence Modelling . =

nature methods ~ARTICLES

https://doi.org/10.1038/541592-019-0598-1

Unified rational protein engineering with
sequence-based deep representation learning

Ethan C. Alley'2¢, Grigory Khimulya®’, Surojit Biswas'*¢, Mohammed AlQuraishi©®* and
George M. Church®'**

Cross entropy loss

Optlmlzer
EF KLIHHP RS

—>» §E 1 N

Numerlcal summary upto S

a
GFP: MSKGEEL...  Target Cross entropy loss

c 24 million

& UniRef50 s (Optimizer)

'_ . .

Prediction |, 1f¢{fl1) Wil

D Numerlcal summary up to M S

b L«\ Extract and average

UniRe P
Bherse s Fundamental features
> //’-/\mr’o“/
{& Secondary structure Al

=ELI=0-000EN0—0 0000000000~ Stability Diverse functions

Semantic similarity

T

7

T




Neural Machine Translation __ _

=

= Seq2seq model was used for neural machine translation:

-

<0>p

~

4 §<1>

context
vector

olelelele)

<Ty>)

J

Probability of whole sentence
1s evaluated.

Beam search algorithm can
be used to search through all
possible sentences.




Attention Mechanism

AFad L
= Attention was invented in 2015, to help memorize long sentences
5(1') 5(2") 5(3") 5(T")
y y y y
t t
Y " 1 3 e (T
C<1’) C<2,) C<3’) C<T’>
a1y _ a'?) a'3) a‘T
[5<1>, 51<1>_ [5(2), q'2)] [5(3)’ El<3>] [5<T>, a(T)]

a® > T ]

ER £(2) £3) T




Additive Attention e [

5(1) 5(2) 5(3) H{T")
) y Y y
t t
Y " 1 sB) e ——f(T)
(1) 2 3 (T
a‘?) af? at® (T
¢ = a0V + oy ,a® + apza® + - = apal®

) = qa®
¢ Taa -1 @ g(®

ay_1¢ = softmax (Vatanh(Wa s, a<t>])) { (S(t'_1>)T -t




>y, ’): 4 )
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Transformer m

= 2017 proposed by Google

« BERT (Bidirectional Encoder Representations from Transformers)
and GPT (Generative Pre-training Transformer)

Qutput
Probabilities

Attention Is All You Need

Linear

(shifted right)

Feed
Forward Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
Add & Norm avaswani@google.com noam@google.com nikip@google.com usz@google.com
—{_Add & Norm } =
Multi-Head
. e T Attention Llion Jones* Aidan N. Gomez* Fukasz Kaiser*
ORI ) Nx Google Research University of Toronto Google Brain
\ 1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Nix Add & Norm
—>{_Add & Norm B
Multi-Head Mhili?hzgd Lllia Polosukhin® *
Attention Attention illia.polosukhin@gmail.com
t At
\"— . | e—
Positional S . Positional Attention is not all you need:
Encoding 'y 7 ; . . .
’ Encoding pure attention loses rank doubly exponentially with depth
Input Output ' '
Embedding Embedding
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1. FMHFEEHNE (Soft Attention)

- ERNEELUEEENSH

- RIEERNSMITERNEERINNKA
B[E—MIESHEXNEIREq, FFENEEze1, NIFR=H
ERMEENERSINE, Mz=iRmEE TSMNINEE.

a; = p(z = i X, q)
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2. BEXLESE DG (Key-Value Pair Attention Mechanism)
nEs: K = [(kvy)o (kyevy) |

HgAREEE o fhal, ERRKTEREGER

E=VApaKith
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£ exe(s(k.a))

al-=

K= Vi, BENEEIIHEHSFNAREEEINE
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3. BliFEHiER (Self-Attention Model)

T 6] B Bl m b

BINFFG: X = [xl,---,xN] e R%

B = [h]: ""hN] e RN -

0=WpoX e RB*N “I ( j s -

X1 X2 X3 X4 X5

B IRERINERS: K = WX e RN
V=wyxeR2N

Hep, QrElamEFs, KIgRERS, VAERERS, WQ WK, WY BIARFIS4EM

AR RREEUE NI R, N REF:

H, o= K'oY,
dyxN = softmax \/z dyxN

K0
= softmax P ¢
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4. Z35F5HMNE (Multi-Head Attention Mechanism)

Z4EHQ = [q1, - gMIFHTRHTENBNERFIERZMEE. 8ENERHXTRNERINAERD, KaREHE.
at(K, ), 0) = att((K, 1), a1 ) @ - & ate((K. V), ayy)
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Transformer{&E&! (Self Attention)
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