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'. MBI AT HERK, EMg

Hinton & Deep Learning

2003£F. Geoffrey Hinton. IFESEEZKZE. EBEMNBZHRTEZTET

® 2003FEEBEFEAESEE. U Hinton AERN+HAEFEZHAAEZWAIRZESR. 71
INEAFTHEHHE (Canadian Institute of Advanced Research. CIFAR) FE £ EIBMRE
Melvin Silverman 321

» Silverman [G]A3R. I{+4 CIFAR EX | II0ARTE

r TEBERIFARE. Sebastian Sung APASMERIAEEES QISE : "B BEA
BB HE (IR CIFAR EHHECHEFFEX. SH—1EXE. IREIFF1ERY
BfK. SN &= EEA1 7"

» 42 CIFAR EEM 2004 B ENX A BIA+5F. 2E—T5007T. CIFAR B AS
R H R HE— SR IR AR A

® Hinton ZEIEEIFAA. HHNE—H4E. SEIE HENE” NBIEEAR "FEFS"
® [lt/5 , Hinton FIREARHSITEHIRAEDAEAMN « "HAEARENTTIFRIT!"

@=#mK, PEEE


http://www.zhuanzhi.ai/

5 HEERLER

"%E;xﬂ"

B RMEM L
(60-70)

A R
(85-95)

ZEMEMLE
(2010-)

EE-E 7] mEE CPU S5 GPU
HiER: 1-10 1K-10K 1M-100M
i S
Ry~ e s re—training,
el FIRA BPEX DropoutZ 7%
" |:: 5 () 1986 —_——
Y - BP
S R
- 1982 it
Hopfield
1958
Perceptron 1969
F—R “Al Winter”
1943 Mza
MP 1949 7N

2006
DBN

% RAREZ ML

2012
CNN

fefe =}y

N

A/
N c

2020
Winter?

1940

1960

2010

2020



i ZEEMIE (layer-wise pre-training)

=]

S

‘\
7

oAF T W S

Local Minima

100%

BT, MHEMZUREHBE, BT
B2 &y UG5 2 19 R R AR /IME

WAL MREH—EHL, FIEH
BB A HRENRIHRIMEE, MK
e Siomh EL B =

W2 EHEH, FHHA—HE
EES

BRITERR, SEADNERSEE

0%

Smaller gradients Larger gradients
Learn very slow Learn very fast
Almost random Already converge

2853 B R EVE @F R5E IRt



.

S

P
7

oAF T W S

ZETER (layer-wise pre-training)

Local Minima

100%

Error

0%

Global Minima

XNe—A e — Y,
SR S ... —,
Xy— X =3 ) .. — Y -
Smaller gradients Larger gradients
Learn very slow Learn very fast
Almost random Already converge

2853 B R EVE @F R5E IRt
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ZETEE (layer-wise pre-training)

Local Minima

100%

Error

0%

ot v S
it

XNe—A e — Y
SR S ... —,
Xy —— ) — Y -
| Smaller gradients Larger gradients |
Learn very slow _ Learn very fast
Almost random Already converge

2853 B R EVE @F R5E IRt 2z
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iZEFu)llZ: (layer-wise pre-training)

: : 2 layers w/o pretraining
a0 |- . : : 2 layers w pretraining

-100 1 | 1 l ! | ! 1 l S
100 -80 -60 -40 -20 0 20 40 60 a0 100



i ZEEMIE (layer-wise pre-training)

[Pre-train 1st hidden layer) [Pre-train Znd hidden layer) [Pre-train 3rd hidden layer) [Fine-tuning whele network )

_

J \ . .
?zg%ﬁfi}llzﬁ\ iR (fine-tuning )



)

-training

ise pre

w

&5 (layer-

Z =Tl

[Fine-tuning whele network )

&l

.‘l

[Pre-train 3rd hidden layer)

[Pre-train Znd hidden layer)

[Pre-train 1st hidden layer)

(fine-tuning )

|




" SREREZSNNERIDES

Q©OOOO00) hs

RBM

©OOO000D *. Cooopooo) h;

RBM 1
i 4
©OO00000 M COOOAOOOO) hy COOOPOOO) hy

RBM

O©OO0000) x COOO:OOOO) x COOO:(;OOO) x
2 R B7 /R 2% 2 Hl. RBM

i Boutleneck > X

> Xy

Input Hicdan Oultput
Layer Layer Layer

A 4mig 2 Autoencoder



i BRBE

input prediction input prediction

target




prediction

® HZWhd%s (autoencoder) B b S5 AAH A (target=input) , & —Ff
JR] R B L NG = A48 P 25

o ¥inputiii N —"~encoderZmfidzs, Ft=153]—code; H1—“~decoder
et gy, HiH(E R,
® iHiL i encoderfMdecoder )24k, Adife B M) 1% 2 &0/

o ‘]ﬁ-z ﬁ %ﬁ 9[‘ II/<[ ﬂ% % 4%\ : %*ﬂ? ”i%é&:ﬂ% ’ input code reconstruction
N > N _‘J_‘ e — d
RN 2 B EM E encoder decoder

a7 5 R A A5 2




" ERBE

® Himhdar e I REMAML (RfEH: =F)
LI 25 H e i 2 SR 2 R Z
B EISYES w2 PANCIESTCIRY S N H - M et PN ER=)

» B Al B 495 3] B AR M T AR
R fit s 2%

N
L= [x® - g(£xHY))?
=1

N
= 3 I — f o e
t=1

» 2575 %% (Encoder) f:R‘—
» i 7L %2 (Decoder) ¢:R* +R%



i BRBE

® IREGHR T, el R EE4E

2nd dimension

50

Model 2, 10 hidden output neu
Y 1

rons + t-SNE

a0}

304

204

304+

40

50

T

L

CEOSIIVAEWN-D

60

1st dimension




" BRBESE

® HiS 4L (stacked autoencoder, SAE) :
LI Z A B Zmfd 2 15 2 B2 2 8 1
L EWONZR5e s, #H47 28 1 I 5 2] i 2 W 28 i

= |

P |

T

L] L] L]
N N 9N
= = =
B B M
EEC SR EEC SRS S LR
BUEY DU Bay
A bt stk
Y Y Y
N e Y= PV =




" ERBE

® iﬁ(ﬁéﬁ)\@b x1) (x2,x2),+, (XN, Xn)

® 1 EE [B] 5 pR £ N (x, x ), SEBR S 2 B PR
B (x,F(x))

® /ﬂ\: Elg F(x) — SG/V (2r) (x)(Zr)) — (x)(2r+1)

(r 249G, v EfEM)

® kgt ERELG AUG R, S ERZE
P BRI (T F TR 4E)

® HYmhas s — Mt aht, Alfca HAhgh
P R FE R 2 (UIEAR . A Es)

BIRE 28 x 28 x 1

BIREN 28 x 28 x 64

Upsample= 28 x 28 x 64

HINEA 14 x 14 x 64

Upsample— 14 x 14 x 32

[ BRE@E |
(XX 32
I Upsample— |
A 32

MEE=
{4x4x32]|

| BRE=
|l _7x7x32
‘ wE—

7x7x64 |

EMEZ 14 x14 x64

HME— 14 x 14 x 64

EINE— 28 x 28 x 64

EINE 28 x 28 x 1




i BRBE

® I 06 XU B /ML TRIG, N/ MERT HFRERECH
I — F| = X3-1llxx — F(x)lI?

® 1] DU FHBPARLVE K i

RER AR



L SIRIEEZEN (RBM)

m {ERIZE
O RBMEWEMEML, faga il .
Ev GRaNE) FEREZh
O ANFEZE B4 iER,
ENTLEEZ > o HE v

O 51284 E, RBMBEEA T F &k 2
v oAV, @Eidph|v)ERREZEh; FiAh, Bidp(v|h)#53v

visible hidden activation visible hidden
layer layer function these biases are new layer layer 1
X r=b+
+b » / =a <+ a
X reconstructions r=b+ activations
+tb » / =a are the new a  are the new
y output r=b+ input
+b > / =2a a
r=b+
X



" SRIFEHZEN (RBM)

O H e iblEm)2/5 20 1] 1RV 5 ERE AT WEvor i3 A
R EN AT R ARRFE 0 o b h

O A7 A EwWIHE R, i E A HE
O 7@%@72%;& W, C, b




L SIRIEEZEN (RBM)
B SRR

P(h; = 1|v) = sigmic; + W)
P(v; = 1|h) = sigm(b; + W;h)

O BKEME > KR

__plhy
p(hlv) ==

) _ p(hyv)

p(h)




" SIREEZEN (RBM)
B SRR

P(h; = 1|v) = sigmic; + W)
P(v; = 1|h) = sigm(b; + W;h)

O BKEME > KR

_ p(hy) _ p(hv)
p(hlv) = 22 p(vlh) = 2

O fEE-> B AR

O Sl s, feEt(iiias, BRmA

e B, N B
pla) = Z=2

O fi 32 B A ISing BUELAF R 1)
E(v,h) = —bv —ch— W'Wwu

TR, REKBEAN, b

A=

BeE =

P(o,h) = e BCH

TFF, RAERMER, HK
BEE(E




L SIRIEEZEN (RBM)
B I/REE 5> sigmoidigiERE

P(h,v)
P(v) h
= ﬁ %e:rp{aru + b h+ hTWo}

1
= Eexp{brh + hT W}

1 -
— Ee;rp{z;{bfhj + BT W;.0)}
_r=

1
=7 H ezp{b] h; + hj W;.v}

=1

P(h|v) =

O RVGERHERUR 222 0 A i W e kil A2 =(0,1)

P h == Sigmoi
P(h; = 1|v) = (s = 1Jv) "

P(h; =1|v) + P(hj = 0|v) ' . 1
_ Eil‘rp{bj T W_:",:U} =)= 1+e# /_
exp{0} + ezp{b; + W;.v} /
1

1+ exp{—(bj+ W;.v)}
= sigmotid(b; + Wj,v)

Hinton iEBH 7 XHHE. FEH, RelURH)S, Hinton A&




s ZIRIEHZLEM (RBM)

m {EEIR AR
O fRCBHR : W& RRIIIER A0 S5 R 10 R T R e
O a0 ZvEBIIA:
p(v) = 2 p(hv) = —b'v— Z log(1 + efcrtWin))

O s RRURIIRGE T BRI

208P) _ () - vy] — o - sigm(W; - o) + )
aﬁr’ij ]
_ﬁlug;ﬂ[vj = Ey[p(h;|v)] — sigm(W; - (@)
Ci
_alﬂgp[vj = Ei'[p[”j“tj] — ?.,'g;i:l

db,
O KR TR D HT-Gibbs R s, 2= Ze E(h)
/Ij( Aé&ﬁj‘%(znv‘knh) Xﬁuajrﬁ;‘kﬂ] S “'*i;E {L,{'L'l':.:



L SIRIEEZEN (RBM)

m RBMEIDBN (GFREESMES)
O —NDBNALAY 25 RBMUES: 111 A, & Ja Il— 1B = (WIBP (N 2%)
O Il grid 2 R 2 =12 2 ) 2k

@ 7 & RBM PA i 465 N8I 25

(mmgm o= (erzge)

@ F4 % HRBMAEL (R A TR ERBM B |
N A 5 w | ]l meen
@ EEXMLFRINGR T L HIRBMZ Y=ot
OETFRRERETSRMME e o ] e
L8 EAT ORI Sk  (eee-esee®
O DBN (Deep Belief Network) VS oo m H i e |
DBM (Deep Boltzmann Machine): s nr g
RBMIW B 35 (s um )

v R B, R R AT A



i SIRIFEZEH (RBV)

B —ARIRZZE4,(BM)
O B R Py 3B 45 i 2 B B s

O BEHREKKEEEZIGRT,
RE % 2 > 2 T R 24 B

O FEHLAZE P 2% 038 U5 80 28 P 45 1) — Fe
, Hinton%&£19854E % BH

O £%EE, ERERR
O Xk AER THEBMPT R K 2 A7

O Xk L3l 4 45 2 ik ABMBT R 7~ 43
A FIBE AL A




" BEREE VS SRIEHZEN

m &L - QROPP
O [ 4 0 2% 4 R0 FDAAAD B B0 [H) - WL, W2 T Y
O RBMAL =R E I EW, MR E A &=




" BEREE VS SRIEHZEN

m AL QO PP
O H s 0D 25 9% A5 A0 A BR B [F) - W1, W2
O RBMAL A EFEFEW, MW E A =

m RIS F:

O H 9n b4 01 AR G PR s ST RFAE, 72
FERE ), RPEAE T AR SEHL;
O RBME: PR A € X, =2 RN NIRE

FFAE I 25 AF R, B R A P ROIR S
(CRBOEEGED » H ZHEH10/ 1580 ;



" BEREE VS SRIEHZEN

B &aE:
O H s 0D 25 9% A5 A0 A BR B [F) - W1, W2
O RBMAL A EFEFEW, MW E A =

m RIS F:

O H 9n b4 01 AR G PR s ST RFAE, 72
FERE ), RPEAE T AR SEHL;
O RBME: PR A € X, =2 RN NIRE

FRAE )25 ME 2, B i H A AR &S
(RBUEEGE) , H 3k 0/1FR ;
w4 -
O H Zw 218 i fe 40 2% e L B /MU E i B
NEE, BEPEHBPILAL KR
O RBMZE T-H AR, fe=E R Eum S L E
Bt s, BTOoREE T VEIATAL R



" BEREE VS SRIEHZEN

gL Q@ @9
O H s 0D 25 9% A5 A0 A BR B [F) - W1, W2
O RBMAL A EFEFEW, MW E A =

R |-
O B 9wt as 8 B2 4 AR e 22 STk, 2
FER), FREE AT DU SE 4
O RBME TR0 € X, mERTINKE
BEE RS RE R, T A AR
CRBOUEBE Y » H Zi#H0/13%8 R

il Exfiit: m 2Rl FIRIARE:
O E a8 Btk L MU RIS O RBMR I A M S P R
NHHE, B FIBPAR AL R F R

O RBMZE T 5 KRR, BEEMRER S LIEE 0O 890988 B Xt &%
R, B TR AT AN T A, A AR



" FEISRRSERFE R

B RAFEEEZETIS
O 48 107 sE 4 (A FEaE R A, A dropoutELbFiR) T,
iR =T Ve B ) R 1SR B N 2 I 264 7 e (2006-2012)
O (H3Z = T 25 G35 A 5 b R o B2 VH 2R 55 ) @it

O 5 B 0s R 2 + AL + ERERIAMENIZREEE > T ZRRADEH]
( 2012-)




TSR

B RAFEEEZETIS
O 48 107 sE 4 (A FEaE R A, A dropoutELbFiR) T,
iR =T Ve B ) R 1SR B N 2 I 264 7 e (2006-2012)
O (H3Z = T 25 G35 A 5 b R o B2 VH 2R 55 ) @it
O 5T AOBE R + AL 71 + KR ERIARIE N EE > Tl ZR1E/DMd F
( 2012-)

B DNN VS DBN

O DNNZRT R g%, Ik 7iE2BP

O [& 2805 sk HUd FHHReLU = BG5BT 2%

O % Z 3SR UE softmax,  H AR R A i+ K s hniE 5 > 5 7%
Ze 0 Ja Ak /ME

O 1FN4k+dropout > i3 #l &

O ZBERAZEMIILE




o REERERINE: BEHK

http://playground.tensorflow.org/

2 ° " 000410 00 B — None

DATA FEATURES + — 5 HIDDEN LAYERS

+ - + -

+ -
2 neurons 2 neurons
D i D

[}
[t

s
DOmi

2 neurons

+ -

2 neurons

i
i

OUTPUT

Test loss 0.502

Classification



http://playground.tensorflow.org/

“n FRRIBERK

Layer-wise Pre-train: 20068 HintonZF g tH B 2R E MBS Y 5 DBN. 2006
%, BEBRBHBIES EFNZ, BAAKEERIEine-tune ’

- ReLU: FRUBCER MM R ELF, AR T siemoidF#ftanh  AlexNet, 2012
oK 2 B 46 B T H 25 0] @R
. : | tion V1,
- BENRLEH: oo GoosLeNethMAMBENRETS, TE  nj0
EHZ TEHEEBHE
; S g Inception V2,
- Batch Normalization: ZEHIREIT— 2014
- LSTM: i3 SEF 0 17 As a5 S AR R NN B Sk 1188,

M A LUEAR KT FF S
THAT'S NOT ENOUGH

Inception

WE HAVE TO GO DEEPER



L RREZSHNECHRAENY

‘¥ Tensor

B BMAIRBVACEE |- AR IERs, ELAT G En s & 4. -

W (G R T, A R R TR R A S P Coode
S ] 2T

B SR 2 5T & ELE HR S R RBMR I

RBUER1.6THCPUME T 2Bk & K TR
WAL, FmEEERBEYouTube EFEHLIEELH)
100077 i, HEHBEBF I 4

GRER, ELXHIFESHERZHFT, ZALH
ZM 4 H EF2 T R RITE L



L RREZSHNECHRAENY

‘® TensorFlc

W BMATRBMELS: b REes, HA Seit i 2 %, -

W (G R T, A R R TR R A S P Coode
) A

B 5 R 2 ST S A SRR I

O BB . &R iha i Taxonomy of Generative Models
O ZFI&EZE . LM FEia |

Maximum Likelihood

WA SRR o

fER—fis R BB R B T e N T

PSR EEPEE . I 1a) PP A1) a4 o] R Dbl deay] Appomc e Markor Chas

~Change of variables Variational Markov Chain
models

[G au SS I an _ be rn O u | | I d e e p bo |tZ m an n m aC h I n e] Variational autoencoder | Boltzmann machine

Direct




" BRBEE

B IFNB%mi888 (Regularized AE)

O MR : ERBIRIERIERT &R R
O EIIANERYL2IENE :

Encoder —>E—v Decoder |+ .2

Tapswa®) =Y Lix,g(f(x))) + XY W2,
xi 8 i.d

B ifHEYwigRE (Sparse AE)
O MR : BB ERIERIE
(fRig: =i R BRI 2 )
0 WRTEEREE: &
N ‘4\; ), Sparse CoefTicient

O #®ELR o R o Y 3EaE A —MRMIE

m 1
= T = 5 P4 A AR S

Dictionary Input



" ERBEE

B EIEB %S ( Denoising AE)

O NA: RESHBERIERE (Fig: g “Bis e/ BRIEH
%Eéﬁb@ ﬁ@ﬁ%, ERERE R IR R HEE, XAFRRHMES REFHI)

Hidden code
(| # X =X+¢, € ~N(0,0°I). (representation)  KL{reconstruction | row input)

O f}ﬁﬂerﬁfj h— s (W% +p):
y = g[l]} — ,t.c_u[?-f-' h + q).

O %lTE’JfF-*:?IE% uyNt]

N
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L fy

y15f}

(Variational AE)
JERHIER IS A H Z,

%
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g
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B 35 Bimh
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, 55Xt
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" EBRIEsRdemo

http://vdumoulin.github.io/morphing faces/online demo.html

ABEEISR

Random

0 1 2 3 4 5 & 7 8 9 10 | 11 | 12 | 13 | 14

15 | 16 | 17 | 18 | 19 | 20 | 21 | 22 | 23 | 24 | 25 | 26 | 27 | 28



http://vdumoulin.github.io/morphing_faces/online_demo.html

" EBRIEsRdemo

4

Donald J. Trump & @realDonaldTrump - May 30
The people are such a wonderful mistake in decades of my speech at the
@nytimes yesterday. Big crowd! #Trump2016 pic.twitter.com/XW060pZbmm

Donald J. Trump & @realDonaldTrump - May 28
Last night was one of the worst things that Obama was a trillion dollar budget
deficit with a single defeat. | won't report the truth and thanks.

Donald J. Trump & @realDonaldTrump - May 28
Congratulations to @HuffingtonPost poll with @MittRomney today. Be sure to

watch the Trump Tower atrium. It should not be the most beautiful money on me.

They will be a big loser and special interest money.

Donald J. Trump & @realDonaldTrump - May 28

The Trump Tower atrium is so great honor to be indeceing on chockey
supporters at the Miss Universe Pageant. | think it should be dead, finally,
billions of increaible!

Donald J. Trump & @realDonaldTrump - May 28

Why would the fact that | left the Democrats that he has a show that is a
complete and money to a bad deal. Stop congratulating the U.S. Starting the
bankruptcy proud. What a festing career!

@ERHHS
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Yule-Simpson [ZF18

X: EE5R
Y: fFER

Fie: X5YIEHEX

Z: 45
|:|'Lb x'iYﬁ'Jﬁ;é

Population
Survive Die | Survive Rate
Treatment 20 20 50%
Control 16 24 40%
Male
Survive Die |Survive Rate
Treatment 1R 12 60%
Control 7 3 T0%
Female
Survive Die |Survive Rate
Treatment 2 8 20%
Control 9 21 30%

IR R ] BE T context ZE VR 24 A 2 1My g 42

XU, MRERMAZMEEN, REHER



B HEXME VS FRTE

SRt R I [R5 28 AT g () A9 17 i LD it 2K 9 A

B BTl R BB B T T i R85 L% N TCUE AN b5

DIET RN, W T B ARCM it ¢ 28 ) OR3P R 3R 5261 [0 A8 i 228 A1 P
BT R

BEISR 1% =1HXE + BEERIEE

E%’Iﬁ X — Y -Fm*

HEBREL 4 5
FEE, YIREXSAH / N\
B g .p| S\ H2 - i 2
ape PPN iaxi:

FHEHREEX
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A man sitting at a desk with
a laptop computer.



VS EIRY

H

B BXEEEN VS MR #

P+ Bt #% = No|4f = No, SR =HK)
=1 — P(S B = Yes|ith= No, SR =)
=1-0.55=045

Hb=Yes
HD=Yes D=2 % 0.2
E=Yes D=F {8 0.85
D 0.25
E=Yes
p-xaum | %4
E=No
Dt 0.55
E=No =
0.75 CP=Yes
D=4 m HD=Yes | o | \ .
Hb=Yes :
. HD=Yes :
| R HooNo | 6 Judea Peatrl Michael Jordan
[HD=Yes| 0.85 HD=No | .,
HD=No 0.2 Hb=Yes -
HD=No 01
le:‘NO




By BXEEE W VS MIMER: 1854 VS ESRE

[NIPS2017] REZIEMA 877 70
I_EIF% EEE _I /b\?g _%’_ T ? y% ﬂyg 1 % E i ;:l: :erlamly.no( a shame, not wammg to work on advancing to chemistry is
EEFAIELE, WHHrzAZJudea

PearlEEE® HR5IANRE

3 = N CAUSALITY
HER LRI INEISR - The

RE-QEEAAE . 850 Book
FEAMEE o of

MODELS, REASONING.

AND INFERENCE Why
he N

JUDEA PEARL

s ot - cambibn gV 14580

Judea Pearl

T'he New Science
of Cause and Effect

®



"y BREEEN VS TURHER: #BEHE VS

l

Michael Jordan Jordan: RNNigHZE

PERERREEIE SR, NIPS
&, # Semantic

SCieIlCG Home News Journals Topics Careers

= ll‘/‘

ScholargtEACS4TiaiEs  Who's the Michael Jordan of computer science? New

E?gﬂ[ﬁ]jj?'—% tool ranks researchers' influence
‘ Author Influencial
Michael |. Jordan 1185
/ T Andrew G?hret Barto David Everett Rumelhart
; / Rumelhart: e % /
74 BPEGES | NSRRI

Michael |. Jordan

4

REK: GPUIME)

Andrew Y. Ng

5745

Top 50 authors in computer science
Citation S2 Citations (
24452
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BHAERE



HAERE: BERIED

The Norwich line efean in, from New-
ran off the track
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L ESP: B "® TR

enn The ESP Game o
2:05  The ESP Game 0090
Taboo Words Your Guesses
o0 BOAT
LA WATER
CEORLE YELLOW
o guess: BOAT guess: PORT
= guess: WATER
E guess: RIVER
Y::"r:::ng:a::: @ T T T T T T T T TTI 3 guess: BOAT

on ‘BOAT’. on ‘BOAT".

@ﬁiiﬁ;iﬁ [Score! Agreement ] [Score! Agreement ]




T4
F - Peekaboom
y JSQH& .
PEEK : GUESS WHAT YOUR PARTNER IS REVEALING BOOM : REVEAL PARTS OF THE IMAGE TO YOUR PARTNER
[ s
2:23

R Ll Al

"fgg :,

HINTS HELP PASS FOR GIVE HINTS TELL YOUR PARTNER IF
YOU GUESS DIFFICULT IMAGES IF NECESSARY A GUESS IS HOT OR COLD

Peekaboom: Boom gets an image along with a word related to it, and must reveal parts of the image
for Peek to guess the correct word. Peek can enter multiple guesses that Boomcan see.

El{& 53 &lihsk



- Learning a language while
2:05  The ESP Game 0090

Time Left

‘___translati_ng the web
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Luis Von Ahn

ReCAPTCHA L

amazon
mechanical turk

Artificial Artificial Intelligence

CAPTCHA

WIKIPEDIA

::Y ﬂ" ‘ 77 ' 1 o The Free Encyclopedia
MESNS
What code is in the image?: m ‘ E 1'% g

@ waze

amap.com



THANKS



