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Rank Name

1 Ke TJie

2 AlphaGo

3 Park Junghwan

4 Tuo Jiaxi

5 Mi Yuting

6 Iyama Yuta

7 Shi Yue

8 Lee Sedol

9 Zhou Ruivang
10 Shin Jinseao
11 Chen Yaove

12 Lian Xiao

13 Tan Xiao

14 Kim Jiseok

15 Choi Cheolhan
16 Park Yeonghun
17 Gu Zihao
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19 Huang Yunsong
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21 Tang Weixing
22 Lee Donghoon
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25 Tong Mengcheng
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2022 AIR RYIELEFRIE]

2022%F11H , ChatGPT##EE |, vJLL
%)ﬁ%%yﬁiﬁ?g%{i% , j:gm 24\5 /D\ TER—BRAGOESREMNNE, ErRIUNARER—XH: —
R1ZHERR

52 try to solve the programming min 2x"2 + 3x

O {

=
G

The minimum value of the expression 2x*2 + 3x can be found by taking the derivative of file, err := os.Open("te

e err =1 {
log.Fatal(err)

the expression and setting it equal to zero. The critical points of the expression represent
either the minimum or maximum values of the function.

file.CloseQ)
The derivative of the expression 2x*2 + 3x is:

gzipper, err := gzip.NewNriterLevel(file, gzip.BestCompression)

dfdx (2x*2 + 3x) =4x + 3 err !=nil {
log.Fatal(err)

Setting this equal to zero and solving for x, we get: ! gzipper.Close()
4x+3=0 . -

_, err := gzipper.Write([] 1")); err =
x=-3/4 log.Fatal(err)

We can then substitute this value back into the original expression to find the minimum

value:
FELENORBS, BNEETAEESBOXYE, REEIR—ozipE4EsE. &E, BRIER
Write' HEEXHBNERER, THRES. BE, BRINVEA Close’ HEXHESERE, M
2x"2 + 3x = 2(-3/4)~2 + 3(-3/4) = -9/2 R,
So, the minimum value of the expression 2x2 + 3x is -9/2. AR LEORBRHESE, HREREEFRANR THEESIE, NRREEERE,

BEIRIEL CHOBRHITHNMNES.

https://chat.openai.com/
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2022£F AISR RORNERTIE]

0 ChatGPTEERNGPTREME M EZEMIFIEHER

Text Task g .. -
Prediction | Classifier Classification Start Text Extract }v Transformer > Linear
e s
Entailment Start Premise Delim | Hypothesis | Extract | Transformer (> Linear
Layer Norm |
e Start Text1 Delim Text 2 Extract | | Transformer
I Similarity - Linear
12x 4 Start Text 2 Delim Text 1 Extract | > Transformer
LayerNom | | [
£ Start Context Delim Answer 1 | Extract | Transformer (> Linear
Masked Multi |
Self Attention _
: Multiple Choice | Start Context | Delim | Answer2 | Extract |l» Transformer - Linear
Text & Position Embed Start Context Delim | Answer N | Extract | > Transformer (> Linear

https://chat.openai.com/ 7
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“Neurons that fire together, wire together”
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0 B—iKR#
« 1943FMcCulloch#Pittsi2H McCulloch-
PittsteSoiREY
- 1958%FRosenblattiZH 7 B BAEEMHE
MIZ% , TR R
« 1969FMinskyflPapertFr{ERY+
Perceptronsigilt 7 2R RAIEYERME |
BN L HF N\ ZAREA
0 B RRE
« 1986 TFZERAWN = W EEFIE A
WHIRHFE , BN UEERE K
0 B=RREE
- 20065FRE (LML ) 2ITERIT
201251 E1TFZ N AERENS ¥ EASH

- 2018ZFHinton, LeCunfBengio=A3k18
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McCulloch-Pitts#i425otEEY [1943]

O FESEER—NE |, BT R  RMERFAINTRIETD
FBIIIRLA , NEAw;; 1

netj = Z Wjioi 13 14

O BTt 9

0-/'“
0 if net; < TJ
0; = . 1 4+
J 1 if net; = T;
- (T, 2BTTHEE)
0

T et

Slides credit: Ray Mooney 14
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Rosenblatti s EREAI4, [1958]

1 Rosenblatt [1958] i

— R AT
AL "I 1S
I o < v ¢(+)  Output «—I_Fi_ﬁ%ijﬁ’ﬁﬁﬂ
nputs — Har.zro y ( El]”/_;z j )
e O SR AE
HFT — $3T5H0
WNEw,,
Sl SERA Cy=1: %80

-y =—1:3%5]2

X 1 ifz>0
y = (p(z w;x; + b) ¢(z) = { —1 otherwise

15
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Input x

Output y
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IIREE ( RERRR ) RFEFI— T ABIRT AY
BRET

class 1
class 2

;;%%ib_% L XiWq + xXowy + b=20

class 2
BT
RERSL
X3 —
FINRL
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[RiEEMRA{ERE (1986~ )

O RS FEARE—

Input x Output y

Xi X X1 XOR X,
0 0 0
0 1 1
1 0 1
1 1 0

(FBRT5ZE2)

Input

I

(0.1)
®

Output

0,00}

Input
= RN SR S AR R P 4 o
P SR RS2 —NEE
PHEATE
http://www.cs.stir.ac.uk/research/publications/techreps/pdf/TR148.pdf 20

http://recognize-speech.com/basics/introduction-to-artificial-neural-networks
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Input Layer Hidden Layer Output Layer
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HE/ZERITRE

— 2
fo(x) = a(6y + 01x + 0,x%) g2 fo(x) = (B0 + 61x + 6,7

2

. x

h,(x) = tanh(8, + 0,x + 6,x2) /Q\fa(x)

h,(x) = tanh(6s + O,x + 05x2) . %% 0o

fo(x) = fo(h1(x), ha(x)) = 0(6¢ + 67hq + Ogh))

0 BRI ERE < x
o(x) = 1+2_x tanh(x) = 1::3

22
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SigmoidiZiHRET

O-(Z)zl_l_e—z .12.10.9.5/.‘/24b°

TanhEEREN

—2Z

05
1 e i 5 43 2 A 1 2 3 4 5
0.5

tanh(z) = T

ZMELRERZEY ( Rectified Linear Unit, ReLU)
ReLU(z) = max(0, z)

(]
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0 —EaEP—ERREENRIREEME , HERBREE38R
HERIHETT (IZERFN ) | erbiMEERE R EE—
EMAER"BIIAEE B ANELLREL,

*© BIREX T RIRAE N EHYELEREHE R L R
- fBlanSigmoidi®ZY , TanhiREY , ReLURRZL

i
‘}'I ny(z) = Relu(—b5x — 7.7)
i ' ne(z) = Relu(—1.2x — 1.3)
ng(z) = Relu(1l.2x + 1)
| ng(z) = Relu(l.2z — .2)
I .
< . "!' ns(z) = Relu(2z — 1.1)
/ } \ / ng(x) = Relu(5x — 5)
/ /
| /
/ M 4 Z(x) = —nq(x) — nao(x) — nz(x)
/ ~ Fng(x) + ns(x) + ne(x)

[Hornik, Kurt, Maxwell Stinchcombe, and Halbert White.
"Multilayer feedforward networks are universal
approximators.” Neural networks 2.5 (1989): 359-366.]

https://towardsdatascience.com/can-neural-networks-
really-learn-any-function-65e106617fc6
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OC
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)
L 4

tput layer

y = sigmoid(Wsl, + b3)

Va

input layer
hidden layer 1 hidden layer 2
ll = tanh(Wlx + bl) lz = tanh(W2l1 + bz)

1 1= e =X
1+e X tanh(x) = 1+ e2x 26

o(x) =
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feiEEfRAEERZE (1986~ )

0 ZEMEMNBIIENEEZ ——N FEERE
O BE1986FWEHTiRY | MR EFZERIT

Error backpropagation

Input Layer Hidden Layer Output Layer

Parameters
weights

Output .
3 > Error Caculation

R REEBREERTHATELI7AEH Werbos R , Z/E1EL1985F A Rumelhart,
Hinton, Williams!2! LA Parker!3! 43Rl 37 &5 A TN

[1] Werbos, Paul John (1975). Beyond Regression: New Tools for Prediction and Analysis in the Behavioral Sciences. Harvard University.
[2] Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J. (8 October 1986). "Learning representations by back-propagating
28

errors”. Nature. 323 (6088): 533-536.
[3] Parker, D. B. (1985). "Learning Logic," Technical Report TR-47, Center for Computational Research in Economics and Management

Science, Massachusetts Institute of Technology, Cambridge, MA.
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[LeCun, Bengio and Hinton. Deep Learning. Nature 2015.] 29



Bl RIAEHEF SIHE ML

REREEIE ‘
e N\ HERE

X 7
1 outputs
inputs
V1 d, =
—> x2
yo d,=0
Xy
input layer hidden layer output layer
!
Label = face

! Label = no face
30
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N
X2
xm
TN feE= )=
- SRR
RIS
KD = fy(met™) = fr) (Z Wonkm) Yk = fy(net?) = fiz) (Z wi hD)
X = (xll---;xm) = > h](]-) ! » Yk

31

(2) _ (2), (1)
,E\:EF' / netj(l) = Z W](:rzxm Tletk = z Wk,j hj
m
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BN »
X2
xm

TN feiE/= )=
X ERISAEREE I 45

BUiRTR
R = fay(net?) = fu (Z W) Y= faomet?) = f (2)(2 Wiy hy)

1 j
X = (X1, o) Xm) - by - Y

(2) _ (2) 3 (1)
=== netj(l) = Z M/j(;zxm nety, = z Wi 1y
m

m

32
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BN »
X2
xm

TN feiE/= )=
X ERISAEREE I 45

BUiSRT

B N (2), (1)
h}l)=f(1)(netj(1))=f(1)(z Wixm) Yk = fiy(nety >—f<2><z Wil )
m

1 |
X = (X1, o) Xm) - by e W

(2) _ (2); (1)
Hep, net(") = Z W X net,” = 2 w2 h
m

m

33



net'”) =

@, (1)
Z Wi 1y

BN W@ netjfl) hgl)
1l X1 o jm @
X2
xm
'\_j 8k = (dj —
BMNE BSiEE B
net™® = Z Lo XU RES
i jm*m
m
AW,EZ-) = nError, Output; = U(Skhm
@ _ @ 4 4,@ | J
Wk’j _Wk,j + Wk,j <
(2) IEW) dy, onet?
AWk,j = -7 @ = —n(yk — dk) ) — n(dk

Wk,j anet,gz) aW,g

J

— vy (netiZ D = o hy?

34
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Inputs

Hidden layer

https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf

Outputs

37



— P REIEERIGIF

HERETAINRE 6 = (d — vy (et?)

dq = outy (1 - outy) (Target, - outy)
dp = outg (1 - outg) (Targetg - outp)

(2) _ _ (1)
&QE@&%E@*&E Awk’j = nError, Output; = n6khj

WA= Wagt+ T]S(x outa WTAB = WAB + T]5[3 outa
W+Ba = Wgo T n&x outg W+BB = WBB + 1’]8[3 outg
W+C(x = Wco T 1’]8(1 outc W+CB = WCB + 1’]8[3 outc

Inputs Hidden layer Outputs N b N
e G

e L R 0 = outa (1 —outs) (6 Waoe+ dsWap)

: > QE ~ N[2] M 1 2
(RIZEGEREER /9sigmoid iRy 85= outp (1 — outs) (3. Wea+ Wap)  9j = f(1) (netj( ) E 5kWi£,j)
K

1 | _ 8¢ = outc (1 — outc) (8aWco+ S5Wep)

o8] 1
o et ST = 1 _ ' _ .
o4t _ LRSI ENE Aw; o = nErrorOuty, = ndxy,
g‘i-o - 5 3 1 o W+7»A = Wia+ T]5A ny, W+QA = W+QA + 115 A 1NO
Whe= Wip+ ndpin, W'as=W'gs + ndging
fS,igmoid (x) = fSigmoid (x) (1 _ fSigmoid (X)) Wie=Wict nocim, Wac=Wiac+ ndc ing

https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf 38
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Input
A =035

Input
B=0.9

BRigt2TcEEsigmoidBiEIIaEE

ERZS EHRITRIRIE R
PIT—RRIERE ( B1R=0.5)
BRI TRIEMEEF EFTFRNER

https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf

Output
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IEEA N —EREERE

Answer:

(i)

Input to top neuron = (0.35x0.1)+(0.9x0.8)=0.755. Out = 0.68.

Input to bottom neuron = (0.9x0.6)+(0.35x0.4) = 0.68. Out = 0.6637.
Input to final neuron = (0.3x0.68)+(0.9x0.6637) = 0.80133. Out = 0.69.

(ii)
Output error 6=(t-0)(1-0)o = (0.5-0.69)(1-0.69)0.69 = -0.0406.

New weights for output layer
w1’ = w1+(3 x input) = 0.3 + (-0.0406x0.68) = 0.272392.
w2 = w2+(5 x input) = 0.9 + (-0.0406x0.6637) = 0.87305.

Errors for hidden layers:
81 =38 x wl =-0.0406 x 0.272392 x (1-0)o = -2.406x107
82=38 x w2 =-0.0406 x 0.87305 x (1-0)o =-7.916x10"

New hidden layer weights: Klgu(t)gs

w3'=0.1 + (-2.406 x 10” x 0.35) = 0.09916.

w4 =0.8 + (-2.406 x 10 x 0.9) = 0.7978. Output
w5 =04+ (-7.916 x 10 x 0.35) = 0.3972.

w6 =0.6+(-7.916 x 10” x 0.9) = 0.5928. ]I;E“(t) 0 i

(111)
Old error was -0.19. New error 1s -0.18205. Therefore error has reduced.
https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf 40



— 1 GooglefiDemo

FEATURES 4+ — 4 HIDDEN LAYERS QUTPUT
Which properties do Test loss 0.057
you want to feed in? e
R & ) & B E B = Training loss 0.012
6 neurons 4 neurons 3 neurons 2 neurons
X1 O 0199.8.0t00 g =
XZ
2
x1
X2 \ The outputs are
2 mixed with
varying weights,
shown by the
X1X2 thickness of the
lines.
sm(X1)
Colors shows
X.) [—1 \ This is the o data, neuron and ! ('J 1
sin 2 :
2! I i weight values.
neuron. Hover to
see it larger. D Show test data D Discretize output
http://playground.tensorflow.org/ 41
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EEe R EREY

SigmoidiZiHRET

O-(Z)zl_l_e—z .12.10.9.5/.‘/24b°

TanhEEREN

—2Z

05
1 e i 5 4 3 2 A 1 2 3 4 5
05

tanh(z) = T

ZMELRRREY ( Rectified Linear Unit,ReLU)
ReLU(z) = max(0, z)

(]
222222



Bl &

Some Common Activation Functions Activation Function Derivatives
y [ S —— — S—— -
05 ol YA
0 ............................................................................... . ' ' '
____________________ —0, . (X) 0 —q'. _(x) [
-0.5 ! ! linear 5 linear
- glogistic(x) - g'logistic X)
y o RN et W %™ | |
: : ' : -0.5 : ' ‘ :
-4 -2 0 2 4 -4 -2 0 2 4
X X

https://theclevermachine.wordpress.com/tag/tanh-function/ 46
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1ZigSigmoidifE]

fSingid (X) = 1+ e % f:S"igmoid(x) — fSigmoid(x)(l _ fSigmoid (x))

mE=

O FHsEE [0,1]

// O SEMRETIRERTE | T

BT ALHZTESRHAT
5 V= N
O BFESFEBEHK (A7)

47
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sinh(x) e*—e™™
cosh(x) eX+e™™

frann(X) =

1.[]-/

https://theclevermachine.wordpress.com/tag/tanh-function/

ft,anh(x) =1- ftanh(x)z

0 RERKIMAZ T tanhF s
BREY Ak

0 REREFNMASBIRGT 91
ITEAYHIH

O (EM23) |50 “~E" BIAJRE
1B

48
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ReLUi##j (rectified linear unit) 2=E="8

fretw () = max(0, %) Freny () = {3 A

ReLUBJ LA L /9softplusERZl 0 B—AMRANoise RelU :
frogepus() = log(1 +¢”) foisyreLy (x) = max(0,x + N(0,5(x)))
’ _Softplus | 0O ReLURTLABIE{I A softplusERZ]

2 e | fsofepius(x) = log(1 + %)

2 . — 0 xR ReLUBGHSEE AL 4
" 0 AR N T
L L 0 BFEEIHEEEERE , FRLEiT
-3 2 - 2 1 2 3 %}“‘ ,fﬁyg

RGNS : O FRECHUABEE 714 318

Leaky ReLU, Exponential LU, Maxout &

http://static.googleusercontent.com/media/research.google.com/en//pubs/archive/40811.pdf 49



Bl &

ReLUF# (rectified linear unit)

freru (x) = max(0, x)

ReLURTLABIE A s of tplusERiZ]
fSoftplus(x) = log(1+e*)

3

— Softplus
— Rectifier|

-3 -2 -1 0 1 2 3

EfEIERREY -
Leaky ReLU, Exponential LU, Maxout &

http://www.jmlr.org/proceedings/papers/v15/glorotlla/glorotlla.pdf

O JEEtERUR T EUEEE RislimHIHE
TUR P HME IR R R HYGERR

O AIFHIRED
© WFEERmAN , RE—EnHETT
EiRERRY

Output

Hidden layer 2

El

Hidden layer 1

Input

AalE ST ERIREE TS

50
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* MBEHUHENAYEE A TERT ( SEFR EHRITHIA RS ) -

O — P ZERARFELDIRERK

1
Lw) =50 = fu(®)?

fw(x)
4

input layer

hidden layer 1 hidden layer 2

https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf
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ZoHaRRpISoftmaxiRsk ( 3TKHIRK )

( FIRERNZID T )

(2) 4, (1)
exp(Q.:w,“ h;
L(W)z—delogyk HEF y\kz p( ] 7k, )
= > > W@ O
v

feiE= faa)= One hotZRiBRISIRE

53
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0REFIR—MEEZ 1 EXHIFRIEFES (representation-
learning ) A=

O B E B 2 AR R EatE 8 N RIRAMFE ( WRBEATT
IR ) FHEANESRMRAIFRIET

O EEEI L IS SEI

55
LeCun, Bengio and Hinton. Deep Learning. Nature 2015.
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1%%&?EE ImageNet
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O fiEfréSHE ( 20105E4)% 3OEIETE )
- JEHLSREL 21,841
- B2 14,197,122
- TAFHEFRRRIEIGEE: 1,034,908
- B SIFT RIS ERE: 1,000
- 8 SIFT FHIENEIGEE: 120 H3K

http://image-net.org/about-stats
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NAEIELE - Wikipedia
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gbm : S

WIKIPEDIA
The Free Encyclopedia

0 5,903,353 RN E (2019485 &)
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O R MZZEId5KE ( tensor ) ITH

Convolution
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Layer Pooling
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0 GPU ZRTLUX AR , REAEIIGTEEREMGIURFIFEEY
0O “CPU ft{tEER , m GPU fiitmes”
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ReLUi##j (rectified linear unit) 2=E="8

freru (x) = max(0, x) freLu (X) = {(1) i;i Z 8

0 B5— 1P hRANoise RelU :
— Softplus froisyrerv (x) = max(0,x + N(0,5(x)))
ol [TRectifier] | Ny O ReLUBJLA#ET{L /gsoftplusiRizd
2 fsoftpius(x) = log(1 +e¥)
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ResNet : FEXRENLE
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Htir g4t ( Batch Normalization )

O RAEPHhEEMY, (Covariate Shift)
- H—EMZRNENEMADTTESRETW

Input: Values of x over a mini-batch: B = {1, };
Parameters to be learned: ~, 3
Output: {y; = BN, (z;)}

1 m
MBFE;%

1 m
0% — > (i — pB)?
=1

// mini-batch mean

// mini-batch variance

Li — UB

Y; < 7%; + B = BN, g(z;)

T; — // normalize

// scale and shift

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. Sergey loffe, Christian Szegedy. ICML2015

https://www.zhihu.com/question/283715823 https://zhuanlan.zhihu.com/p/33173246
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ot _ \~m ot
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https://www.zhihu.com/question/283715823
https://zhuanlan.zhihu.com/p/33173246

{1403 L AT M

/_/,/ —————— 2 [ ] 2 W
09t 7
1
081 O 0
) ; = = = Without BN
0.7 =21 1=
10K 20K 30K 40K 50K 2 2

(2) (b) Without BN (c) With BN

(a) EMNISTEEE  (b,c) #ARsigmoid REHIEUETEIZRIEFRRID o
& PRI AERER oy, Bl BItEL15% , 50% , 85%HELIE

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. Sergey Ioffe, 76

Christian Szegedy. ICML2015
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0 BRI | (R MEIRESE
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S PRIFIRZEEH (RBM )

EX

O PREIR/RZZEH] ( restricted Boltzmann machine, RBM ) E—f#

A LB NSRS MR TRIBEN L E R R RZS

BEEEETT
0 Jola EfRE PGS
- SR : AT (i) Rtk BEEIERE
- SO

E(v,h) = — val th Zvlwl]

1
Jh) =— —E(v,h)
p(v,h) =—e
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#AE(5SML% (DBN)

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

..........................................
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L e B
' '

3(I| Code layer

'
.................................... H
b ' ' i H

. 2000 |

RBM | Encoder

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

Pretraining Unrolling Fine-tuning

Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the dimensionality of data with neural 83
networks." science 313.5786 (2006): 504-507.
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Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the dimensionality of data with neural 84

networks." science 313.5786 (2006): 504-507.
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&N EREfRIT(Adam: Adaptive Moment Estimation)
FETERZ T E e =R EM, , RMUTNE | FERA—MIEETE (XNHE
EEHITIEGINHE )
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Adam:=LCi§

0 EMNISTEEFIIMDBEEE41 16 _iB4a[m]|3i) || £
0 IMDBEEESTEICEA10,000/MF48 (BoW)fF—HL_tFTE’

I\\\

MNIST LOgIStIC Regressmn

55 0.50 IMDB BoW feature LOgIStIC Regressmn
— AdaGrad : Adagrad+dropout
: ig:r:es"erov RMSProp+dropout
; . A ] Ostol SGDNesterov+dropout| |
Adam+dropout
0.40} ' :
o 0
S S : : 5 : ]
2 D 0.35H i WL
< =
£ ©

0.30f

0.25f

2 1 1 1 I 1 1 1 1 020 1 | 1 | ] ] | 1
0-25 5 10 15 20 25 30 35 40 45 0 20 40 60 80 100 120 140 160

iterations over entire dataset iterations over entire dataset

Kingma, Diederik P., and Jimmy Ba. "Adam: A method for stochastic optimization." ICLR 2015. 88
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Dropout
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Srivastava, Nitish, et al. "Dropout: a simple way to prevent neural networks from overfitting." JMLR 2014.
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Hubel D.H. : The Visual Cortex of the Brain Sci Amer 209:54-62, 1963 96
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GRMEMLE(CNN)

input image feature maps feature maps feature maps feature maps

(256x256) (256x256) (128x128)  (128x128)  (64x64) output
< . category

T1+H4Eo
convolution subsampling convolution subsampling fully
| layer | layer | layer I layer | connected |
[Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. "Gradient-based learning 98

applied to document recognition.” Proceedings of the IEEE, 86(11) 1998]
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FACIAL RECOGNITION

Deep-learning neural networks use layers of increasingly

complex rules to categorize complicated shapes such as faces.

Layer 1: The
computer
identifies pixels
of light and dark.

Layer 2: The
computer learns to
identify edges and
simple shapes.

Layer 3: The computer
learns to identify more
complex shapes and
objects.

Layer 4: The computer
learns which shapes
and objects can be used
to define a human face.
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Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. "Gradient-based learning applied to document

recognition." Proceedings of the IEEE, 86(11):2278-2324, November 1998
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http://cognitiveseo.com/blog/6511/will-google-read-rank-images-
. _ near-future/
Russakovsky O, Deng J, Su H, et al. Imagenet large scale visual recognition challenge[J]. 105

International Journal of Computer Vision, 2015, 115(3): 211-252. R



ImageNetEl(§ 53 XK IEE]

2015 ResNet (ILSVRC' 15) 3.57 UEREE R4 1522
Year  Codename Error (percent) 99.9% Conf Int

2014 GoogLeNet 6.66 6.40 - 6.92 | GoogleNet, 222
2014 VGG 7.32 7.05 - 7.60

2014  MSRA 8.06 7.78 - 8.34

2014  AHoward 8.11 7.83 - 8.39

2014 DeeperVision 9.51 9.21 - 9.82

2013  Clarifait 11.20 10.87 - 11.53

2014  CASIAWST 11.36 11.03 - 11.69

2014  Trimps' 11.46 11.13 - 11.80

2014  Adobef 11.58 11.25 - 11.91

2013 Clarifai 11.74 11.41 - 12.08

2013  NUS 12.95 12.60 - 13.30

2013 ZF 13.51 13.14 - 13.87

2013  AHoward 13.55 13.20 - 13.91

2013 OverFeat 14.18 13.83 - 14.54

2014  Orange’ 14.80 14.43 - 15.17

2012  SuperVision' 15.32 14.94 - 15.69 .
2012 SuperVision 16.42 16.04 - 16.80  U. of Toronto, SuperVision, 7=
2012  ISI 26.17 25.71 - 26.65

2012 VGG 26.98 26.53 - 27.43

2012 XRCE 27.06 26.60 - 27.52

2012  UvA 29.58 29.09 - 30.04

E— 1 FEIFER AHRAREIRLAIAS 1%
T 2LIRBARER ? tRicH , ASSITENEFIERESETE X ( Z9R) ; YT 2100045535 0T,
http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/) 106

Russakovsky O, Deng J, Su H, et al. Imagenet large scale visual recognition challenge[J]. International Journal
of Computer Vision, 2015, 115(3): 211-252.



http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
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Word Embedding
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0 CNN#%Z : nxkB9%ERE , FBFHRZEBMHIN P ERIRAVETI  (patterns)
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Kim, Y. 2014. Convolutional neural networks for sentence classification. EMNLP 2014. 107



M2 53 5308

Model MR | SST-1 | SST-2 | Subj | TREC| CR | MPQA
CNN-rand 76.1 45.0 82.7 | 89.6 | 91.2 | 79.8 | 834
CNN-static 81.0 | 45.5 86.8 | 93.0 | 92.8 | 84.7 | 89.6
CNN-non-static 81.5 | 48.0 872 93.4 | 93.6 | 84.3 | 89.5
CNN-multichannel 81.1 474 | 88.1 | 93.2 | 92.2 | 85.0 | 894
RAE (Socher et al., 2011) i i 43.2 82.4 — — — 86.4
MV-RNN (Socher et al., 2012) 79.0 44 .4 82.9 — — — —
RNTN (Socher et al., 2013) — 45.7 85.4 - - — —
DCNN (Kalchbrenner et al., 2014) — 48.5 86.8 - 93.0 — —
Paragraph-Vec (Le and Mikolov, 2014) - 48.7 | 87.8 = — — —
CCAE (Hermann and Blunsom, 2013) 77.8 — — — — — 87.2
Sent-Parser (Dong et al., 2014) 79.5 — — — — — 86.3
NBSVM (Wang and Manning, 2012) 79.4 — = 93.2 — 81.8 | 86.3
MNB (Wang and Manning, 2012) 79.0 — - 93.6 - 80.0 | 86.3
G-Dropout (Wang and Manning, 2013) || 79.0 — - 93.4 - 82.1 | 86.1
F-Dropout (Wang and Manning, 2013) || 79.1 - - 93.6 - 81.9 | 86.3
Tree-CRF (Nakagawa et al., 2010) 103 — — — — 814 86.1
CRF-PR (Yang and Cardie, 2014) - — — — — 82.7 —
SVMg (Silva et al., 2011) — — — — 95.0 — —

Kim, Y. 2014. Convolutional neural networks for sentence classification. EMNLP 2014.
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http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns 110



ETRIHEZ ML (RNN)
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O;

1 hy

ht=

xt Ot —

6 Tanh function
° new hidden state

G previous hidden state

° input

}—v concatenation

tanh(Wyx; + Woh_q)
tanh(W{x¢, he—1])

o(Vhy)

https://towardsdatascience.com/illustrated-guide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
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RNNBIER

Ot — O'(Vht)
L ht = tanh(lect + Wght_l)
[ hi — tanh(Wzy, hy_1])

B Ty, he1 EEE
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? ? o
h

+_1 ht = tanh(W|x, hy—1])
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Backpropagation through time (BPTT) L(v:+1,0:+1)

OL(yt, 0141) 8L (Yt, 0t41) OL( yt,0t+1)
8W2 8W2

3L(yt, 0t+1)

OL(yt, 0¢+1) OL(yt,0t11)

W1 Wl

O0W1 0W1 O0W1

£ EEGIFrh , BPTTikt+ 1REEAHRACHEEH T :
* V—;T& ' Wzﬁ)ﬂ ' W1E;T\ 116
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one to one one to many many to one
t t 11 r
1 I N bt
L@ )t ARGy

HRLZ RN SMAER, RO
O AEMES RS

O 5EZUERF Andrej Karpathy ISR

many to many many to many
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RBRGE RS 2K

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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O AR EEFAFRESEE

- ETURIER/FF , U —1

target chars:

output layer

hidden layer

input layer

input chars:

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

1.0
2.2
-3.0
41

0.3
-0.1
0.9

OO = |—»

uhn

A4

1k - Lo}
0.5 0.1 0.2
0.3 0.5 -1.5
-1.0 1.9 -0.1
12 -1.1 22
T T [ w_ry
1.0 0.1 |w nn!-0-3
0.3 > -05— 0.9
0.1 -0.3 0.7
T T T
0 0 0
1 0 0
0 1 1
0 0 0
“e” “I" “I’
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- fRES/FEESRNN
- B, IMAGFHITRE (B AKE , fluh; )
- REBXREFBRE—TMESHTF

Awesome
Y1
@
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e
_) \ Y

=
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R
o
3

(0000 (0000
Echt dicke Kiste
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http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
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[EIfR &% (Gap dependency)
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/ 120
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KIEHACIZMILE (LSTM)

Neural Network Pointwise Vector
Layer Operation Transfer

1
&)
[ ] Q—P>—>—<

Concatenate

http://colah.github.io/posts/2015-08-Understanding-LSTMs

Hochreiter, Sepp, and Jirgen Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780 122



LSTMZAEE

- LSTMAIfEZESREICE/SICHERNES

LSTMZARE o : sigmoid(IEISSEHIEOR 2/ ; 0:TTEIIAETR)
- ‘\ i =0(xU" + 5 W') 8T

= o(x, U’ + 5, W7) &m0
o(xU° + 51 W?°) ]
= tanh(z,U? 4 5, W) “zieiamrs

K,,
-

Q O
||

v J > cc=c10f+goi R
| s; = tanh(¢;) o0 FERIRES
- RNNGEE 1

t-1 r— S,
j‘ s, = tanh(x,U +5,_ W)

http://colah.github.io/posts/2015-08-Understanding-LSTMs 123
Hochreiter, Sepp, and Jirgen Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780



LSTM I {E[RIBEIT

O =0 (V h t) Q previous cell state

forget gate output

l_lu\l —..l

6 -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Xt

124
https://towardsdatascience.com/illustrated-guide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21



LSTM I {ERIBER
E,Eéﬂ )\l\—_l 0y = O'(Vh t) e previous cell state

forget gate output

0 input gate output
Ct ° candidate

hy

6 -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Xt

125
https://towardsdatascience.com/illustrated-guide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21



LSTM I {E[RIBEIT

-~ . Ot — O'(Vht) e previous cell state
W f:l"BgEHH@| j ° forget gate output

0 input gate output

hy

6 -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Xt

https://towardsdatascience.com/illustrated-guide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21

Ct e candidate

° new cell state
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LSTM I {E[RIBEIT

O =0 (V h t) Q previous cell state

-\ > forget gate output
i) o
‘ input gate output

Ct ° candidate

G new cell state

° output gate output

° hidden state

hy

6 -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Xt

https://towardsdatascience.com/illustrated-guide-to-Istms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21 127



k&%ﬂﬁmﬁ
FaEE]

6’&1%#‘? FiB3ERE




{ERZER : XFER

Output

: %&%

Input <START> I really love  machine learning
* RTFARSUARERRYEDT

* http://cs.stanford.edu/people/karpathy/recurrentjs/

really love machine learning  <END>
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WERA (Word Embedding)

« MiF%(bag of words)ZREHERAN VSR
4 m C. mNIREE,
+ FAmEEISHEPIR(R™ZITEA (75 v BNEEWEH TS,
v("cat") = (0.2,—0.4,0.7,--+) V' EIHIERW BIfTEE
v("mat") = (0.0,0.6,-0.1,--+) Bl\Input ayer

LRI (CBOW)IRE (word2vec)
Em)\/imﬂj 13 x/y BIRAERIS(one-hot encoded) $

O

. Output layer

- FTEMARHZIEEE iR FINGE :
1 RERT N
PR R h:EW-(x1+x2+- “FX,) e
— 1 V 4.4V ) = .
- C w, we g V-dim
SR E=—logp(w, |, o) o b
V :
= —V'(DOT ‘h+ logz exp (V'WjT -h) o/ CxV-dim

j=1

- ' (new + (o . 1EES4T|46S ""'9__:@
R vw_( . v 9 -n-e .h  forj=1,2-,V. ELLRS(CBOW)E

j j \ U
OE OE Ou; .
1 =) —-—=) e.-w,=EH,
v =y©@Y _ —4.EH  forc=12,-,C. oh, Sou, oh, 21: i
Lc Lc C ) 1 ]
Rong, Xin. "word2vec parameter learning explained." arXiv preprint arXiv:1411.2738 (2014) 131

Mikolov, Tomas, et al. "Efficient estimation of word representations in vector space.” arXiv preprint arXiv:1301.3781 (2013).



RHERA RIS EE T

- (ERERER TERAARSEE
FEF3X = v("biggest’)- v("big")+ v('small") fEAEE , HETFRMLIERERHAES

[Ellesi =3l
v("'woman")-v("man")

v("'woman")-v("man")

fian

BI={EV( “smallest” )
v("aunt")

v("queen”)

—v("uncle")
-v("king")

BTN RIAEERMEENIFNXER  FRERINLS— 18I,

22 (Paris)- jA£E (France)+E AR (Italy)=25(Rome),

Relationship Example 1

Example 2

Example 3

France - Paris Italy: Rome
big - bigger
Miami - Florida

Einstein - scientist

small: larger
Baltimore: Maryland
Messi: midfielder
Sarkozy - France Berlusconi: Italy
copper - Cu zinc: Zn
Berlusconi - Silvio Sarkozy: Nicolas
Google: Android

Google: Yahoo

Microsoft - Windows
Microsoft - Ballmer

Japan - sushi Germany: bratwurst

Japan: Tokyo
cold: colder
Dallas: Texas
Mozart: violinist
Merkel: Germany

gold: Au

Putin: Medvedev
IBM: Linux
IBM: McNealy
France: tapas

Florida: Tallahassee
quick: quicker
Kona: Hawaii

Picasso: painter
Koizumi: Japan
uranium: plutonium
Obama: Barack
Apple: iPhone
Apple: Jobs
USA: pizza

Zou, Will Y., et al.

WOMAN UEENS
A AUNT -
MAN
a— KINGS \
QUEEN \ QUEEN
KING KING

MRIXFRRERE A RENEESEHKR

moving

e develop [ puild

... a4 !%i
strengthen

e
coninsesfomones| S
azﬁ..* e

produce |

eased
‘5 aslnc

SIOI’
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"Bilingual Word Embeddings for Phrase-Based Machine Translation." EMNLP. 2013.
Mikolov, Tomas, Wen-tau Yih, and Geoffrey Zweig. "Linguistic Regularities in Continuous Space Word Representations.”

AN

HLT-NAACL. 2013.
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e N-gramf&=#
- fBERRN-ITMRFERNEAS ( LX)
FIE N — P ERIAIRI SRR
P(wewi™) = P(w,|wfZp, )
» B w/ = Wy Wi, wim,w))
- HEIESRE
- FEANRRISATERRARNSHIER
ETEXREX
- HIAFERARIAFFRIBREHEREEL
* FERFEIAFHE R EFIMEREERISEN

Bengio, Yoshua, et al. "Neural probabilistic language models." Innovations
in Machine Learning. Springer Berlin Heidelberg, 2006. 137-186.

i-th output = P(w, = i| context)

softmax

c(

Table I~
look—up
inC

index for wy_,11

X0 B (XX D)
A

. \
computation here \

shared parameters
across words

index for w;_» index for w,_;
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AIRAEMNBHIEIRMY | UREE L FKE

RNNJERTIE

- #HP— E NGRS EREER

x(t) RRARE: BEIFHESR
EAIRIAIEER Aw () FOMERTE)e — 1
RIRIRSRIIASs (¢ — 1)TIfZRY

s(t)RRMEINS(IBHEE):

RthERER Ay (t):

X B EE A sigmoid

B softmax

x(t) = [w(t), st —1)]

5,0 = f (Z xi(t>u,-i>

l

) =g (510w

J
f2) = 1+e2
g(Zm) = e

Zkezk

INPUT (t)

CONTEXT (t-1)

CONTEXT (t)

OUTPUT (t)

ElmanfyRNNiE= &R

Mikolov, Tomas, et al. "Recurrent neural network based language model." INTERSPEECH. Vol. 2. 2010.
Elman J L. Finding structure in time[J]. Cognitive science, 1990, 14(2): 179-211.
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« XIHCNN +XYERNN
T— MRV SELBRAST

- BT

1.31 dog

0.31 plays
0.45 catch
-0.02 with

" 0.25 white
1.62 ball
-0.10 near
-0.07 wooden
0.22 fence

Karpathy, Andrej, and Li Fei-Fei.

0.26 man

0.31 playing
1.51 accordion
-0.07 among
-0.08 in

0.42 public
0.30 area

[ERFIX PR TUBR FRAEC SR

image - sentence score Sy

max

sum
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"Deep visual-semantic alignments for generating image descriptions.”
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2015.
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- FBE&1)I14-CNN + BB F)I1Z-RNN
« RNNEZ— 1 REFZBIRETX |, mH 1 R2ENS
- B R (ER—FEHBmAZIRNNAF
- STARTANEND 24HAnER

“straw” “hat” END

START “StraW" llhat"
"two young girls are playing with

lego toy."

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image 136
descriptions.” Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2015.



HERERFREFICE

- BAIEI : NEE SR LAEIT A REY

- B|HRIALE | REMEER S B NS REERI)IGEE
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« MLP (DNN ) . CNN. RNN., LSTM
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- Geoffery Hinton##ZAJCourseraiffz
« https://www.coursera.org/learn/neural-networks
« AEHURHEUCLHREZEIHIE
« http://www.slideshare.net/JunWang5/deep-learning-61493694
« K KEIREHBEEAYCS231nigTE
« http://cs231n.stanford.edu/
* B BURTE LB RRURIE
« http://speechlab.sjtu.edu.cn/~kyu/node/10
- Michael NielsenTEE&REZ S HEE
« http://neuralnetworksanddeeplearning.com/
- RipEE
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« Andrej Karpathy: http://karpathy.github.io/
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