


« AT EHEERMURM

Y RN wy SR

19ttt £0 R F20{H 4 R4
%)




REYD
LAy

A SRl EIRZRYGE 10002000  HAEEAE
n /AJ\ 5 ‘E@ 1982%~ %ARI'Z%;%
AI @ E 1970-1980 LR +5(C1t éﬁléﬁ

KAEEIER L]} T
1956 : gﬁﬁﬁggg - ergih
4 ol s ﬁE 5 - B ’
BTN HF LIS ? e 2Lt

M 957 e
N . BPHERERE | .
] ,; o Nﬁlﬂﬂlﬂiﬁ. Ol
. '/ ' "y .

WWWLLSELE. Come. e



IAIS, 2476

WWW.KSEIE. Come.ein



i) 1A1S. 287

FRAIEEINEEZRUTIANER

01

RAME
*EF

02
| 2y
Google , R
IBM , Facebook
[=]::1
03

AR
NEES / REES

04
© HERA .

=£H , bE e
B%, & .



—. ALERERMURM

AR T RN E

hinton;2 8+, 572

Y2 5e TR
lecunfEATER, T3
S

bengiof& & ITF, HMFTH
WA S S Fr

U.Toronto U.Montreal Stanford/Coursera

\ 2013 /2014
Facebook (80%)

NYU (20%) Google




—. ALERERMURM

B

RANRUE IV |

FERELE

F—Rr=@m, S,
mEXRES

#EIATF]
a1

R

FRZ A E g FEaA fERE

REPRERE
BASMIR A

|

B IR, B

B, BRI

DT B9
BiFAPRRL RS

RRAECRT
SRERERTS

RPEREESRRK:
20%2I30%HEEBITAF
EeiER

1

SE=Arpm, FRERAETR,

PRET" i




=. xR AIERE

- ATEEEE = KBUE + REES
. ERM
- e
- BRSNS TIE
.« BUEMETERA TR
o EURCIERAN TN EE
- s




=. xR AIERE




=. HaRAIEs

* Speech Recognition

f( | =4 )= “How are you”

* Image Recognition

) — “Cat”

* Playing Go

0 e )= 55

(next move)

* Dialogue System

£ “HI” )= “Hello”
(what the user said)  (system response)
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Deep means many hidden layers

Class Probabilities

Machine
Learning
(Inference)

—>

Dog (0.7)
Cat (0.1)
Bike (0.02)
Car (0.02)
Plane (0.02)
House (0.04)




REZITE o
wlom o

L gt g
2. EFEGHEHE (THEIRE ) |

33114 - b
---BIRR , ERIRENR. TRIRE.
---RETE  WREKS (BETE) | BEWBSE

F Gradients

B _EIT7E '
- — AN
SR L FE, =
bars Asd
nput predicton e e ) --F-J
@
label
: T
) * Softmax layer as the output layer ~ a" =
Softmax Layer I-.,ﬂ"" TN
Bras Add
B 3 - 20 0.88 / ‘“"—L-"r
2—> ¢ > o »n=e Z“ o . e
L~ = % F .""—-__-ﬂ"‘
3 - A X ¥ Iy
::i-y e o &L + ().l‘Z\ =" Ze: : W, : ‘H—“i v_l.-""
1(0,0,) . P 0» 2 ZC ] e =
G “o <A L 39 j=1 b
s o o4 0 i X, XAAX X = + (e ! m (Reshape )
: e -l S =
i} .‘J.-_...H‘- ; shape o | T4,
L Inpus _._,'

L

4 ESERIIEE (BESE) | RALURESIRT




ST AFCNN (B3

FERME 282 TEERXK
. EEFEGE  EEMXE , FAEESTRNE USSR,

G

: AR ERNN,LSTMZE

+pad 1) (7x7x3)  Filter WO (3x3x3) Fiter W1 (3x3x3)  Output Volume (3x3x2)
wo(:,:,0 wif:,:,0] of:,:,0)
000 T [ 15 i 1 Bl 4
2010 01 [0 =)} 114 (0 7]3%:2
2020 O[T 101 85 1
03] 1000 23 123 1O 12 () wols,:,1 wifz,1,1] oli,:.1]
07 10 10 1 2 21 10) T 00 - 205
g e 3 al 100 48 7
1 33 {02 38 T 10 T 110 106
et 2= w0 i 2 w‘l[ .,]21
2 B 110
0. 2% AT 0-10
A e Bios per{ixix1) Bios b1 (1x1x1)
o B0 i (2 2 0 bof:,1,0] blf:,:,0]
0l 20 (Y72l 24 )} o
0900 0




IR IEEETHA?

1.

2.
3.
4

{f£FHgoogle tensorflowZFSSMUF5 , ERIHIMZER (INRERUFTIR
e , AILERFIFER ) | MBCERSSHITERA |

LIRS ( FrRVREIFIXRIERR02E ) |, (FEEERER/NITCHES L,
ATIRAEL , | I8N ET AECEEWHH "tRCEdE" .
T2AFRIAT GE | FEMEF. wiEse] , H—% | BiR. 1E5WEANR,

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
6@28x28

|
Full oonAection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

& AR Alexnet(2012)



FAREEETHA?

REFZIMNESEAINL | BEREGNERANEEE ELE7E.
AR DI EES ? WMANEADWARIDS 2SR ? ( WRBLEMANTE | 530 -
mobilenet ; [F4e1REISE] | KIFZHITONSEEF L% )

MNMEEDS. NEREZ | RIEEAE , BRAEE

B RoE : YRIRE:

Bi&IER | —AIaRXEIZ.

IER : PITIBRETTSEF

7. BEHE R8I, TTS , NLPS,

AR | REMSHNEMBERIEL, E—IRMSFHR.




=. HaRAIEs

WEFS , HRIERES
FEEEFS

SBCFS - HIEn , MERF Ik
( REIHH )

Supervised Unsupervised
Learning Learning

Machine
Learning

Reinforcement
Learning




ha standarg typo of RBEM has hinary vassed (BocleanBemoull) hidoe
AN vindin units, S0 CONERE B matrex of wenghin "

R0 e assoowiod with e cormecton batween Moden unlt N, ar
vishie unil I, as wall a8 Das woiphts (Oftsety) G, o0 the viubie units
and B, for the hicden units. Given these, the onengy of & configuration

(pair of booiean vecioes) (vA ) is oalined as

E(v. h) \-.m ST bk \.:I'H h

- -~ - J

oF, In maing notabon
El(v. h) 1 bk v TWh

Thin energy function i analogous 10 that of & Hoplek! network. Az in
panaval Boltzmann machines, probatiily distnbutions over Ndden

Y Vise VeCions are detined In 1arms Of e enargy funcion »

whare 7 |3 & parthon funclion defined e the sum of |

poasbie configuratons [in other wards, just o normalinng oo
ensume the probattty dstnbution sums to 1) Saniaty, ™He (m
probataity of a viabie [npul) vecior of Soolsans s the sum over ol

poasbie hidden laywr configurasions

1heano
theano tensor
theano . sendbox, myg_rrg
nusgy ne
Load anixt

WAL Random’ t resms

arng Randos eanal)
i x}

no.asarraylx, theant.config, floatx)

greds

updates
Pe B lparams, grads
ot

L L 4

g grad R

updates.appendal (ace,

updates.appendiiyp, »
updates

f |
p

retain_prob
A g kingmis
| retain prab

thesno, config. floatX)

BT, FHARR




Tensorflow{{AZa~ (&) :

FTYE L

¥ _image = tf.reshape(x, [-1,28 {F$gﬁ$ﬂ;}\ﬁﬁ5haﬁe, LA BT F T [ R
W _convl = weight variable([5,

b convl = bias variable([32]}

h convl = tf.r.r..relu{cc:r.vEd{x_:i_mage, W_convl) + b _convl) I%_/I\ﬁiq =

1 pooll max pool(h convl) I%_ | MVCE

W _convZ = weight wariable([5, 5, 32, 64])
b conv2 = bias variable([64]}

h convg = tf.nn.relu(convid(h pooll, W_convZ) + b_convl) I.ﬁ-‘!-_/\%$

h pool2 = max pool(h conv?) %E-‘!-_ | Aﬁﬂ:E

W fcl = weight variable([7 * 7 * 64, 1024])

b fcl = ;::Las_var:l_asle{ [1024])

1 pool2 flat = tf.reshape(h pool2, [-1, T*7*E4]) ¥reshapeﬁrﬂ_]§
h fcl = tf.nn.relu(tf.matmul (h_pool2 flat, W_£fcl) + b_fcl) = eEEER

keep prob = tf.placeholder ("float")

h fcl drop = tf.nn.dropout(h fcl, keep prob) %:ir::::utE

= weight variable([1024, 10])
b = bias wvariable([10])

y predict=tf.nn.softmax(tf.matmul (h fcl drop, W fc2) + b fc2) fsoftmaxE
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Figure 9.32  The input to the embedded training algorithm; a wavefile of spoken digits with a corresponding
transcription. The transcription is converted into a raw HMM. ready to be aligned and trained against the cepstral
features extracted from the wavefile.
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- DNN-HMM: P(o,,|s;,) = P(s,,|0¢,)P(0r,)/P(s:,) is calculated from DNN
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