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RHARNE: FEENLIEFEIFE

= 1h 120 MBS = ST IR =4 | —
g.zf*ﬁ%i@w RIIMERU KA, SR
o LB LS 3K L. 32T+ (boosted) #%E#H
SV'\‘/‘I}%?EIE CRFIES 1ENfklogistic[a] A 2 X 2% A1
- Ples ] VE BEHLARM (random forest) %5,
- NT Mm% (Artificial Neural Network, ANN)

- REE ] (Deep Learning) FiIR

- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzhgmid 2 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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RNHANE: XFEENRIEFEIRE
« SCRFIAEAL

» L& MESVM
- SVMHA TR 71 2K
- MLAR 2 ) T
- N T2 M 2% (Artificial Neural Network, ANN)
- YRFE=2>] (Deep Learning) HLIR
- 2 HLIPTR BE S SRR R RV
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzh4mhd 28 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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B E K57 B 4= 5
- A hyperplane is a set of the form {x|a'x = b}, where

a € R a£0,andb € R.

- A hyperplane divides R" into two halfspaces. A
(closed) halfspace is a set of the form {x | a'x < b},
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separating hyperplane theorem

- separating hyperplane theorem: Suppose C and D are
two convex sets that do not intersect, i.e, CN D = @.
Then there exist a0 and b such that a™x <b for all x
€ Canda'x>b forall x € D.

dist(C, D) = inf{[lu —v|2 | u € C, v € D}

(1

fl@)=ale —b=(d—c)T(x—(1/2)(d +¢))
Source: {Convex Optimization) ,Stephen Boyd Chapter 2 Convex sets

alx >b alz <b

a
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Distance between polyhedra

The (Euclidean) distance between the polyhedra P1 = {z | A1z = b1} and Pa =
{x | Agx =< bo} in R™ is defined as

dist(fphfpg) = inf{ ||;1?1 — ;1‘-2||2 | r1 € P, 19 € 732}.

If the polyhedra intersect, the distance is zero.
To find the distance between P; and Py, we can solve the QP

minimize ||y — 2|3
subject to Ajry <X b1, Agrs < be,

with variables ry1, ro € R"™. This problem is infeasible if and only if one of the
polyhedra is empty. The optimal value is zero if and only if the polyhedra intersect,
in which case the optimal ry and x5 are equal (and is a point in the intersection
P1MPsy). Otherwise the optimal x1 and x5 are the points in P and Ps, respectively,

that are closest to each other. (We will study geometric problems involving distance
in more detail in chapter 8.) Source: {Convex Optimization) ,Stephen Boyd
Chapter 4 Convex optimization problems
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S 3FmE=EH (SVM, Support Vector Machines)
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— NSVMBYHIF: JLIA] K%

« 5 N ) B AL R ) 200 RN P IS P S o R ) AR S 26 B (L 48) P
i1, BISEES@Q, DA, M EZ 1T, XA A5 3R &
& (1,2). it i LS FiRg B E IS Hrh
SR IEZR), HbEgid s (1.5, 2).

l“—“l

X, =-0.5%x; +2.75

TR, SVMHRRKGTEN:
y=X;+2X,—5.5

y>0 BT —3R
y<O0BTH—3%k 0 |




EERZRESHIEIZE 2019/4/22 12

— M RKEFHENILEX
Bk (I
- w: decision hyperplane normal vector

. o w PSR, e
* X;: data point | b: Ve

- y;: class of data point I (+1 or -1)
- Classifier is: f(x;) = sign(w'x; + b)

aTx > -b alx < -b

« PR 2]

- Functional margin of x;is: vy, (W'x; + b)

- Functional margin of dataset Is twice the minimum functional
margin for any point

- The factor of 2 comes from measuring the whole width of the
margin dist(C, D) = inf{|[u — v|] | u € C, v € D}

a
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Geometric Margin 4y 2RI JLIMIEIRR: mhElzs BRI B AT,
TLAATEIRS ZEAFTURTERLLFEEST
=

.
; ] b . i
- Distance from example to the separatoris r=y W X¥D  axBl R E ISR
W] xm@zEsEEEw s

- Examples closest to the hyperplane are support vectors.

- Margin p of the separator is the width of separation between support vectors
of classes.

Derivation of finding r:

Dotted line x’—x is perpendicular to
decision boundary so parallel to w.
Unit vector is w/|w|, so line is rw/|w|.
X’ =X —yrw/|w|.

x’ satisfies wx’+b = 0.

SowT(x =yrw/|w|) +b =0

Recall that |w| = sqrt(wTw).

So, solving for r gives:

r=y(wT™x + b)/|w|

y;: class of data pointi (+1 or -1)
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i i BT AL R B PR da i 2 E = X 8]
Linear SVM Mathematically . srr@Emecmssw @5,
- MBEKABRNE A ERED A, ™
The linearly separable case PN ey
- Assume that all data is at least distance 1 from the hyperplane, then the
following two constraints follow for a training set {(X; ,y;)}

wixi+b>1 ify,=1

wix,+b<-1 ify,=-1

- For support vectors, the inequality
becomes an equality. Then, since each
example’s distance from the hyperplane 1s

wi
- The margin is:
_2
wi

Yo,



//upload.wikimedia.org/wikipedia/commons/2/2a/Svm_max_sep_hyperplane_with_margin.png
//upload.wikimedia.org/wikipedia/commons/2/2a/Svm_max_sep_hyperplane_with_margin.png

EERERRSHIEEZE 2018/¢2245.15

Linear Support Vector Machine (SVM)

Hyperplane
Wi X+b=0 wix, + b =-1

Extra scale constraint:
mini=1 ....n |WTXi + b| - 1

This implies:
WT(X,—X,) = 2
P = X Xpllz = 2/[|wl

BATHI B br s K73 K1E M p
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Linear SVMs Mathematically (cont.)

- Then we can formulate the quadratic optimization problem:

Find w and b such that

—- is maximized; and for all {(X; , ¥;)}

wTx; + bz lify=1; wix;+b<-1 ify,;=-1

- A better formulation (min ||w|| = max 1/ ||w/| ): W= W

Find w and b such that
d(w) =2 wTw is minimized;
and for all {(x,,yp}: yi (W', + b)>1

iR e SEfR E B M AR Z G T R BB, ZzoBEHFE S
HREKOfIz—, FERZEREL (tl:!lu L ZORMXIE)
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Lk alga (Optimization problems)

W Source: {Convex Optimization) ,Stephen Boyd
- HAReR 2L fo(X) Chapter 4 Convex optimization problems

- NERLAR fix), i=1,
° ﬁﬁz@% hi(x) , =1,
We use the notation

minimize  fo(x)
subject to  fi(x) <0, i=1,....m (4.1)
h():U, i=1,....p

to describe the problem of finding an x that minimizes fo(x) :a,11'1011g; all x that satisty
the conditions f;(x) < 0,i=1,...,m,and h;(x)=0,7=1,..., . We call z e R"”
the optimization variable and the function fo: R"— R the Ub_,rectzwe function or
cost function. The inequalities f;(x) < 0 are called inequality constraints, and the
corresponding functions f; : R"™ — R are called the inequality constraint functions.
The equations h;(r) = 0 are called the equality constraints, and the functions
hi : R"™ — R are the equality constraint functions. If there are no constraints (i.e.,
m = p = 0) we say the problem (4.1) is unconstrained.
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Ao R

QPIa]&ER

- linear program (LP) minimize ¢’z +d
subject to Gx =< h
Axr =10

G e R™"™ and A € RP*"

minimize  (1/2)a” Pz +q"a +r

- quadratic program (QP) subject to G < h
Ar =,

/ PeS" GeR™" and A € RP"

Find w and b such that
d(w) =2 wTw is minimized;
and for all {(x; .y)}: y; (W', +b)>1

Source: {Convex Optimization) ,Stephen Boyd
Chapter 4 Convex optimization problems
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AIEER H X115

Source: {Convex Optimization) ,Stephen Boyd
Chapter 4 Convex optimization problems
minimize  fo(r)

subject to fi(;if)@o, i=1,....m

hi(r) =0, 1=1,...,p,

- The basic idea in Lagrangian duality Is to take the constraints
Into account by augmenting the objective function with a
weighted sum of the constraint functions.

m p
L(x \v) = fole)+ > Nfi(e) + Y vihi(x)
i=1 1=1

- The vectors A and v are called the dual variables or Lagrange
multiplier vectors associated with the Problem.

m p
g\, v) = inf L(x,\,v) = inf ( folw) + ) Nifi(x) + thi(i—))
i=1 i=1

reD reD
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Solving the Optimization Problem

REZR A%

Find w and b such that
d (W) =2 wTw is minimized;

and for all {(x,,yp}: yi (W', + b)>1

EiRia) B SEPR £ R AE LM LR FH T R R LRRE . %B@ 2R FFHY
EAREfz—, FAERSEBREE (tban, A—LIXXIE)

2

AP R H B o Xt R —A

1 N
L=llwll® = an*{yn (w'en +b) — 1}| Raskegsk 1-y, wx, +b) <0
n=1

The solution involves constructing a dual problem where a Lagrange
multiplier «; is associated with every constraint in the primary problem:

Find a,...a, such that
(1) Zayy;=0
(2) a; = 0 for all o




1 N
L(w,b,a) = E‘w‘z - Z a;[yi(w - z; +b) — 1]

i=1

R RS HIEZE

RIERSRA RSB, [RIGAVLISREAICIRRE AT AR AR/ IR T B )RR -

maxmin L(w,b, )
a wh

B L(w, b, o) w, bRESHSEHETO, N

oL al \
Bo =Wy e =0 S w=) ey
w i—1 i=1
oL X A
%:Zaﬂﬁ_ﬂ = Zatyz—o
i=1 i=1

1 N N N
max —3 a;oyy;(x; - ) + Z o
@ i—1 j—1 i—1
FENrTFEMiaRE
1 N N N
min 5 Z Z a;ayiy;(xi - ) — Z o
“ i1 j—1 i—1
N
s.t. Z a;y; =0
i=1

https://www.cnblogs.com/en-heng/p/5965438.htm [ 7 [], 7 = 1, 2’ . ,N
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QP (Quadratic Programming, —X&EiX))
SKBEXT B a) &
Find w and b such that

d(w) =2 w'w is minimized;
and for all {(x;.,y)}: y; (W'x; +b)>1

- The solution involves constructing a dual problem where a Lagrange
multiplier o; is associated with every constraint in the primary problem:

- The solution has the form:

W =Z05Y;Xi b=y,- wTx, for any x, such that a, =0

- Each non-zero ¢; indicates that corresponding X; is a support vector.
- Then the classifying function will have the form:

f(X) = Zo;yx;"™x + b RARRHE B H XHE 5 5 B0,
H—B BB IwHb
WABR T HHKE %
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INgE: SVME S J(X)= *S‘ign(zia’,.yixff +b)
R A FASY

» BHESVMEIETRITRAN: [§0) = 5oy Tx + b

PREPFZITEAIR (A=) X))

- SVMEBEARTTFE
- ETEEIINGEPEE, B R RE S R s A 2SI
o XTSRRI AR AL R 2R R Ho T B 5 B T B R
- FRE IR (ZRREIRT S ) e T izEdE SR HE
c MBRZ SRR N, 72828 7] LR JFE RTINS Z 41,
IR\ “RPIAFD” 1 =
R B T DAL g 5 R //f
- 181 Sigmoid R L& Ak & — TP B j

——,

1
C 1l4et

S(t)

—& —4 -2 0 2 4 L+
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RNHANE: XFEENRIEFEIRE
« SCRFIAEAL

- L& MESVM
» SVMA FHRZ 7321
- MlER A ik
- N T2 M 2% (Artificial Neural Network, ANN)
- VRIZ 2 >] (Deep Learning) IR
« GRS SISk
« BRI 4% Convolutional Neural Networks (CNN)
- Hzh4mhd 28 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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& 8] B (Soft margin) 42

*|f the training data Is not
linearly separable, slack
variables & can be added to
allow misclassification of
difficult or noisy examples.

*Allow some errors

*L_et some points be moved to

where they belong, at a cost
«Still, try to minimize
training set errors, and to
place hyperplane “far” from
each class (large margin)
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Soft Margin Classification Mathematically

- The old formulation:

Find w and b such that
®d(w) =2 w'w is minimized and for all {(x;,y))}
yi (Wi +b) =1

- The new formulation incorporating slack variables:

Find w and b such that
d(w) =2wTw + Cx¢&  is minimized and for all {(x; ,y;)}
yi (WIxi+b)>1-& and &>O0foralli

- Parameter C can be viewed as a way to control overfitting — a regularization
term
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Non-linear SVMs

- Datasets that are linearly separable (with some noise) work out great:
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Non-linear SVMs: Feature spaces

- General idea: the original feature space can always be mapped
to some higher-dimensional feature space where the training set
IS separable:

O X— ¢ X
"
o ® ®
.....
' .
. .
| | o, o
* .
o . K
* *, . .
. . o
. e,
® o .
° . .
. "-‘ . .
. ...
® ® . @
0’.
o o
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SRR EALER S8 (BESVME = EEESD
http://blog.csdn.net/v_july_v/article/details/7624837
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FIF#ZIEI5 (Kernel Trick) BHIETE S48

PR

< K L UR A E 2 ) M B 381 FEAN B i 4 10 2R VE T o Y
FREZS A 28 o 3 o o(3)

|_]

!

K‘(_;j.‘l j) i:;' fj

{4 [H]

f(¥)= ngﬂ(zi oy XX+ b) |:> f(X)=sign ( Z oy, K(X,,X)+ bJ

A’& 23]

K(%,%) =D(F, ) D(X,)

A
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The “Kernel Trick” S () = sign| 2 ey, K(%, %) +b

© SVM £ 43 2 SR MO TR0 S5 2 IR R AE . 4 KO X) =T
- If every datapoint is mapped into high-dimensional space via some
transformation ®: x — ¢(x), the inner product becomes:

K(X;,X)= o(x;) To(X;)
- A kernel function is some function that corresponds to an inner product in
some expanded feature space.

« B FATTIE A A R S R R ] LAKE IR a2 1) ) mL RS 28 S 1R], Bl
X— o(X). A4, %ﬁ’ﬁl‘ﬁﬂ?ﬁ@,ﬁﬂfrfﬁfw(&)T(P(X,-) o QIR HENEUE ] %
AR (LR — A S230  gefig il JR nEcd sl fa) B s ROt H 5 ok
IBAFATHA D H R R — o(x) « M, FATAT LB BT K (X, %)=
Q(X) To(X) KT 57 o 1% R UK S e _E O B 8 Rk = ] ) A A
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k% 250 1= et Oy L 0N TR

NFZHENREi= (u, uy) , V=>, o), BRKG,V)=1+i"V)
TEHRMNRAXR—MEEHK , BREE , N FEMNEHK ¢ 8 K@) =4@) ()
EZRR pGi) =1 u] \/Ezfluz T \Eul \/Euz) , B\

. T =2
K@, v)=~0+1uv)
_ 2.2 2.2
= 14w, vy +2uva,v, +uyvy +2uv, + 2u,v,

= (Lo \/EHIHE 1 \/5”1 \Euz ) (v '\Evlvz v, \6"’1 \51’2)

= U ) - - BUite 1 x— o(X)
- BT HIAR: o(x) To(x;)
« K(X;:%)= 0(%) To(X;)
- 1% BR B KON RLFT AR 22 6] _H B A AR
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SVME—RIEFEIFHIC AR 77 Re7

#15-2 SVMOLEZHIEME-BREIZEZF{ES FRIF{E (Joachims 2002a, p. 114). THE4H T Reuters -
2157815 P10 AL FHFAER A AN LA EYE (b REmEZBRE)

Linear SVM 1bf-SVM

NB Rocchio dec.Trees kNN C=0.5 C=1.0 =7
earn 96.0 96.1 96.1 97.8 98.0 98.2 98.1
acq 90.7 92.1 853 91.8 95.5 95.6 94.7
money-fx 59.6 67.6 69.4 75.4 78.8 78.5 74.3
grain 69.8 79.5 89.1 82.6 91.9 93.1 934
crude 81.2 81.5 75.5 85.8 89.4 89.4 88.7
trade 52.2 77.4 59.2 77.9 79.2 79.2 76.6
interest 57.6 72.5 49.1 76.7 75.6 74.8 69.1
ship 80.9 83.1 80.9 79.8 87.4 86.5 85.8
wheat 63.4 79.4 85.5 72.9 86.6 86.8 82.4
corn 452 62.2 87.7 71.4 87.5 87.8 84.6

microavg. 72.3 79.9 79.4 82.6 86.7 87.5 86.4
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INgG . JEZRMESVMEKemels

- Soft Margin Classification

Find w and b such that
d(w) =2wTw + C2&  is minimized and for all {(x; ,y;)}
yi (Wix, +b)>1-& and ¢&>O0foralli

- Non-linear SVMSs
+ 1B 5 BIRR A IR 45 25 [RIBRES B 2 18],  Juikk 5 52 S\ AOBREN bR 241,
SINZEH(EXERIBTE MEREREZFZTIE TAIAFR R )
- Common kernels

= =\ T = \d
. Linear / K(X,Z)—(1+X Z
- Polynomial (ZHRAZ%) ==\ _
- Radial basis function (&r’ﬁjgﬁ)—M K('x9 Z) =€

- Haven’t been very useful in text classification

—(3-2)*/(207%)
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http://blog.csdn.net/v_july v/article/details/7624837
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INgGS: SVM

- 2k PESVM
Find w and b such that SEXERH B H RHBIRAR | N

®(w) =%2w'w is minimized and for all {(x; y,)}
yi (WTx; +b)>1

- SVMH T3 £ M4 ] @it

- Soft Margin - [ ring w and b such that JEARAL 16 REREAT A 3t
d(w) =2wTw + C2& 1S minimized and for all {(x; ,y;)}
yi (W'x; +b)>1-& and &=>0foralli

- Non-linear SVMs
f(X)=sign Zaf} K(x,. x)+b

% ﬁf’iﬁ%}%ﬁ%ﬂi?lfﬂ AR A
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RHARNE: FEENLIEFEIFE

- SRR EAL
- ZIJCEESVM
- SVMH] T-JEZk 144328
- MlER A ik
- NTHp&e M 2% (Artificial Neural Network, ANN)

- REE ] (Deep Learning) FiIR

- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzhgmid 2 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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| H=5== TREE S REEE [=taminl] AT =
s 2011-01-01 ~ 2019-04-13 e PC+EERD - 2B - K4
B NZED W sps FEZxE W ETER e O F3E

EEISET S

i Z2EHSE EznEisE FEEE, EEIR EaE HERNRREL

W =5 843 278 - - - -

W RIS 695 209 - - - -
REFE 696 259 - - - -

[ R isawizhil] 392 137 - . N _
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N T LR 4%
Artificial Neural Network, ANN

o N L AHEE P 28 S AR AR W 45 P 285,
(L= R NS R o ey S N TR NG I i E 22

2019/4/22 42

e R (L

2% s bl Ak ?éTEI’Jg/\izthl’J/\S'Z HILEFAERH

2 R Z 2 g i g —

» FHZE [ 25 FR) B A
- (1) AR KA I 2R 8]
- QT ERENSH
- () AT ERETE
» 2 X 2% BTG R
- (L)X 5 B ) v AR 2 e )
- (YR ARE VIR R EdE BR300 2R EE )

IR
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Multi-Layer Neural Network N |
T TT. BURIEREK fﬁ%ﬁ
1PN S
X, X, X3 (and a +1 intercept term) :(13

‘ %ﬂﬁ N mE

] Bl FR 2% #E (intercept term)
hwp(z) = fW'z) = f(3°;_, Wizi + b)

- ¥ J5l R % (activation function) .| ...
1 |

Activation Functions

f(z) = 1+ exp(—=2) s 1:
f(2) = tanh(z) = =

f(z) — ma,}c((], m)

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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Neural Network model
RZZ 2% R RS JT2R X,
* X iﬁﬁj\

-+1 fWE o

- Input layer

 hidden layer a0 SV 41 5 T o K
- output layer b, S 1= 2R G Y bias(fi )

i # A H:R Iz H,\J 1;R 0‘{12 - f(W1(11 1 + W1( 2 + W1(3] r3 + bm)
ESHWORRED D o = s o+ W v + W2 + 1)

0‘3 = f(Wg(ll 1 + 1[4”3(2 T + W3(3)$ n b(l))
b () = a® — fWPa® + WD a® 4 WD a® | @)

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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gV R

forward propagation o = W21+ Wz + Wz + b))
o) = f(Wy a1 + W zs + W s + b))
aff) = f(Wyl w1 + Wi ms + Wi ms + 5))

Py () = 0y = f(WP o + Wiag? + Widag? +0)

a0 51 551 e 7 LY 6 K
b 12 5518 7T [ bias(ffi &)

;) denote total weighted sum of inputs to uniti in layer | I

B =3 Wl i

By organizing our parameters in matrices

and using matrix-vector operations, we can 1) (1)
take advantage of fast linear algebra a;’ = f(z")
routines to quickly perform calculations in \
our network.
I 22 — w4 p)
(et =Ty (2) — (2)
= 7 a\’’ = flz
2D — ) g0 4 pd) SRR 5 K 5 )2 5
i i) ) 28 — W@ g2 4 p2)
a = f(z") haw s (z) = a® = £(z0)

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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forward propagation 22 =0 Wiz 4 b
ﬁ'%i)‘(ﬂ?ﬁ'] 1) (1)
a, = f('z )

(3

l Rt

L) — 00 4 p®
G(IH) _ f(,z(Hl})

Layer L,

a) ZEE BB T ek e
b, ZEI)= bias(fi &)
Layer L, Layer L, AVRE- 1 |2 AR ETRIIP SR TN

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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I

LayerL,

Layer L,

Layer L, LayerL,

a FIZ=FiA B iUsh 8 E
b(') FHIEHbiasih B

Zi(l) EA )= AR T RS TN

a () Z51= 55l ek 2

b () %I}:EI’WH?JE

http: //qudI stanforg:Jél utorlalasuperwsed/MultlLayerNeuraINetworks/

\Nb(X)
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To train this network,
we would need training
examples (x0 ,y))
where y) ER? |

%k IRENE EBYHL
EEENFIREL

L) — g0 4 p®
a.(Hl) _ f(;z(Hl})
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AN1A]SE R AR R X2 B IIZR ?
K HEFER T K% cost functiongz /NI S

-mANgREAR {2y, (2 y )
* BT A YIERAEAS 72 ST RN
- MU ZREEA B AR BB N

J(W,b) =

&

sum-of-squares error weight decay

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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IEERBRER N B 5/ IS EWijOFab0)
batch gradient descent

T(W,5) = [i > (3 wa(e®) — 40

m 1=1

Our goal is to minimize J(W,b) as a function of W and b. To

. 1] s ses 12 l
train our neural network, we will initialize each parameter mg)

and each bg) to a small random value near zero (say according

to a Normal(0, €2) distribution for some small €, say 0.01), and
then apply an optimization algorithm such as batch gradient
descent. Since J(W,b) is a non-convex function, gradient
descent is susceptible to local optima; however, in practice
gradient descent usually works fairly well.

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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SHIEZE

N S L RLY2 \ 0
Wgk: SHEVFE T
i 1 . _ An;—l 8] Si+1 2
JW,b) = | — > J(W,b; a:“%y(”)] +3 (W)
=1 =1 i=1 j=1
B 1 m 1 z 22 \ n—1 s S 0 9
- EZI:(Eth,b(m())y() ) +§z < Lo L (sz‘ )
i 1= =1 =1 j=1
0 1 & 0 : )
—J(W; b) — | — —J(W, b, m(z),y(z)) + AWi'
| oW |:m 21: oW, I
learning rate 5 v 1 i 9 T, b2, 0
Bbgl) m i3 abg)
0
W = w0 = J(W,b)
e CEHNOFURE b EFH AN
b = bl — a—zJ(W, ) ‘ . o
b, BE (RS) MEKITE?

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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IRE & [EMEHRE % backpropagation algorithm
TALBRENREURIE? 60 & BB IRz
S 5,0 =f(W,® 5,0 +W,,® 5,0 +W,,® 5.0))

5,
5,0
J, 0,
—_—
y (x)
658 5,
—_—
5 +1 LayerL,
+1
Layer Ly
Layer L, Layer L,

5,0 =f LWy, B8, @ Y+f LW,06,0) € RS

http://ufldl.stanfordJedu/tutorial/supgrvisgt;/MuItiL]ayerN
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= ZE & [aE$BE % backpropagation algorithm
ERIEFISHER y = f(x)

dy/dx =f"(x)
Ay/Ax=f'(x)
Ay=Axf(x)

7€ X GONENR BN IT IR

n 0 1
5, S — §||y— hwy(z)|* =

azi

“(yi—a™) - fl(Z™) e

o) = (Dwilel V) p(2l) <Rz

5 W bz, g)  aglD s@%&ﬁ%%ﬁﬁl@
QW‘{{) y Yy oly j _
313 f(Z) 1 + EXP(_Z)
_ _ e(141)
W bizy) = f'(z) = f(z)(1 - f(2))
(") =a’(1-a)

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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SERRIRER R RER

1. Set AW W := 0, AbY) := 0 (matrix /vector of zeros) for all .

2. Fort =1 tom,

1. Use backpropagation to compute V‘_F(;;.J(W, b;z,y) and ?bl;;J(W, b;z,y).
2. Set AW := AWW + v _,J(W, b;z, ).
3. Set AbY := AbY + V, ., J(W, b; z, ).

3. Update the parameters:

wo—wo Ki

AW} aw
m

B0 — 30 _ o [i

ApD
m

REMEEREEE (backpropagation algorithm) & —Fith& Mg % 5] ik, J5 Ak
WEIEAEZ ERTIRM A ML L5 5] FErfEERA: E, 2 nd iR ites M s
IEINE . THERSEUZ M Z A e A . FEEFRRE: @i
S HTRL R AR f e DX 28 T R 22 PR AR A, ) Jim A R R 22

http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
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Multilayer neural networks and backpropagation

b
———
:
1
! z az
! . Az =0ty
1 a_z a
1 [ ] ¥
1
ay _dz ay
! l o Az =55-2EAX
: ) oz _ozov
1 X ax — ay ax
Input Hidden Output
(2) (2 sigmoid) (1 sigmoid)
¢ d Compare outputs with correct
answer to get error derivatives
=f(z aE _
Output units yn=1@) —=y -t
4= Z Wi Yk E o
ke H2 =9 W
dyp 9z
dE _ " aE
=f W e
Hidden units H2 Ye=1(z) Yo jeout 94
%= 2 Wik¥j A
jeHl O _9C Wy
az,  ayy 9% aE _ aE
. ERR
Hidden units H1 y=1z) i keH2
= dE _ aE ay;
z;= E W X; OE _ot %
dz;  dy; oz
i e Input

Input units

Yann LeCun, Yoshua Bengio & Geoffrey Hinton, Deep learning
28 May 2015 | Vol 521 | Nature
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A EIZREI A TR g5 By

» JRRIT AR 1 22 X 2%
o LR PR 22 P 4%

- BPAHIZE W 2%

« 475 7 2k BRI 4%

- FUR T RIS 2 B AT — R ARG AR AL, R A\ A ]
R I 31— BT A B], e R s U A 1208 1 4 TR] S
ZENENIAAL A -

- HZH 2N 2%
o RN 2%
- B R GnElman X 2% F1Hopfield 4 2%
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N AR

o FHZA 1 X3

ﬁ‘qa:j:TD ) | ) -
- BTN B, BB PR 2R X3

A % "

- M2k IREE Z I E S H WO & bO
- R AR R B backpropagation algorithm

—
hwp(X)
- —
‘ 1 LayerlL,
+1

Layer L,

W

L) _ 0,0 4 p®
{I(H_l) _ f(Z(H_l))

LayerL, LayerL,



ERRRSHIEEZTE

RHARNE: FEENLIEFEIFE

* SCHF R EML
» L& MESVM
- SVMAIFARZ it 702
- MlER A ik
- NT A2 M 2% (Artificial Neural Network, ANN)
- YRFE22>] (Deep Learning) HUIR
- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzhgmid 2 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)

2019/4/22 58
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Deep Learning Since 2006

20064, INEKZiZ KR Geoffrey Hinton ik
1224 Ruslan SalakhutdinovE (El2) bFRFET —
R, A TIREE 22 SR 22 AR A T A AR

materials are identical for all configurations. The
blue bars in Fig. 1 summarize the measured SHG
signals. For excitation of the LC resonance in Fig.
1A (horizontal incident polarization), we find
an SHG signal that is 500 times above the noise
level. As expected for SHG, this signal closely
scales with the square of the incident power
(Fig. 2A). The polarization of the SHG emission
is nearly vertical (Fig. 2B). The small angle with
respect to the vertical is due to deviations from
perfect mirror symmetry of the SRRs (see
electron micrographs in Fig. 1). Small detuning
of the LC resonance toward smaller wavelength
(ie, to 1.3-pm wavelength) reduces the SHG
signal strength from 100% to 20%. For ex-
citation of the Mie resonance with vertical
incident polarization in Fig. 1D, we find a small
signal just above the noise level. For excitation
of the Mie resonance with horizontal incident
polarization in Fig. 1C, a small but significant
SHG emission is found, which is again po-

2019/4/22 59

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton™ and R. R. Salakhutdinov

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
classification, visualization, communi-
cation, and storage of high-dimensional
data. A simple and widely used method is
principal components analysis (PCA), which

finds the directions of greatest variance in the
data set and represents each data point by its
coordinates along each of these directions. We
describe a nonlinear generalization of PCA that
uses an adaptive, multilayer “encoder” network

28 JULY 2006 VOL 313 SCIENCE www.sciencemag.org
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Geoffrey Hinton

Researcher, Google Inc

science

1 cs toronto edu F1EE FHRRFHEE G - B

Rl 1-20

Parallel distributed processing
DE Rumelhart, JL McClelland, PDP Research Group
IEEE 1, 443-453

Learning internal representations by error-propagation
DE Rumelhart, GE Hinton, RJ Williams
Parallel Distributed Processing: Explorations in the Microstructure of ...

Leamning internal representations by error propagation
DE Rumelhart, GE Hinton, RJ Williams
CALIFORNIA UNIV SAN DIEGO LA JOLLA INST FOR

Learning representations by back-propagating errors
DE Rumelhart, GE Hinton, RJ Williams
Mature 323, 533-536

Parallel distributed processing
JL McClelland, DE Rumelhart, PDP Research Group
MIT press

Imagenet classification with deep convolutional neural networks
A Krizhevsky, | Sutskever, GE Hinton
Advances in neural information processing systems, 1097-1105

A fast learning algorithm for deep belief nets
GE Hinton, S5 Osindero, YW Teh
Meural computation 18 (7), 1527-1554

Reducing the dimensionality of data with neural networks
GE Hinton, RR Salakhutdinov
Science 313 (5786), 504-507

Adaptive mixtures of local experts
RA Jacobs, MI Jordan, 5J Nowlan, GE Hinton
Neural computation 3 (1), 79-87

A learning algorithm for Boltzmann machines
DH Ackley, GE Hinton, TJ Sejnowski
Cognitive science 9 (1), 147-169

https://scholar.google.com/citations?user=JicYPdAAAAAJ&hI=zh-CN
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Emeritus Professor of Computer Science, University of Toronto & Distinguished

machine learning, neural networks, artificial intelligence, cognitive science, computer
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%% 3] (Shallow Learning)
REZFS] (Deep Learning)

- B S AR 2 ST B — IR
+ 2012080 ANAHY), F T N AR MG S e Bl (Y Back
PrQFa ation 51588 BPHVE) KR, Q’WL%%‘?Z%%T?%Q, I8
TR LA 2 ST G . XA G — BRI SR
- 20tHZ0904FAX, AHAKIR 2 Fhik E ML 3s 5 S A ”, ISVM,
Boosting. i KM 715 .. XEBEMPEM—RAE—ERET A (
SVM., Boostlng) , REABRETR (ﬁDLoglstlc Regression ) .
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http://blog.csdn.net/zouxy09/article/details/8775518
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CONNECT T

in real time. Artificial

online communications

genetic problems or

the verge of using the

]U BREAKTHRUUGH Introduction The 10 Technologies Past Years

'I"‘agl';nolm
zadl TECHNOLOGIES 2013

Deep Learning Temporary Social Prenatal DNA Additive Baxter: The Blue-

Media Sequencing Manufacturing Collar Robot
Reading the DNA of

With massive amounts fetuses will be the Rodney Brooks's

of computational next frontier of the Skeptical about 3-D newest creation is

power, machines can Messages that quickly genomic revolution. printing? GE, the easy to interact with,

now recognize objects self-destruct could But do you really want world's largest but the complex

and translate speech enhance the privacy of to know about the manufacturer, is on innovations behind the

robot show just how

intelligence is finally and make people freer musical aptitude of technology to make jet hard it is to get along
getting smart. ot to be spontaneous. your unborn child? parts. ot with people. ot
Memory Implants Smart Watches Ultra-Efficient Solar Big Data from Supergrids

Power Cheap Phones

MIT Technology Review %%, 2013%F4A23H
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FEFAEE T ERE

20124F6 H, {29tk ) #F 1 Google Brain. il H
FH 7 HE AR K &2 ML 2 2% S 0% Andrew Ng AT 7E R
THRALR G T7 H P A9 & K JeffDean L [7] 3 &,
F1160001~CPU CoreHJ it 5 G I ZE—FiFR Ay “IREE
22 2% ” (DNN, Deep Neural Networks) fAL 282
SRR CHL102ANT 25D, 7E1E3 U A B0
SR T BRI RN .

Scientists See Promise in Deep-Learning Programs

ST BheNewdork Bimes

2012. 11 AR ERER A 1R1E

2012411 H , FlBRAE b [ R I — IR B)
ERTFHOR T — A2 E SR FE L E RS,
PR eaEYE, e & iRk
A )58 AR F R A JEh LA R IR TR 0
BERS BORARE Y .

2012.6 “HIEKR” WH
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ImageNet Challenge
http://www.image-net.org/ Imagenet Large Scale Visual Recognition Challenge (ILSVRC)

This challenge evaluates algorithms for object detection and image classification at large scale.
2014: 1. APASCAL-style detection challenge on fully labeled data for 200 categories of objects.
2. An image classification plus object localization challenge with 1000 categories.


http://www.image-net.org/
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ImageNet Large Scale Visual Recognition Challenge results

In the competition’s first year
— teams had varying success.
Every team got at least 25%

wrong.
In 2012, the team to first use
deep learning was the only
team to get their error rate
below 25%.
The following year
nearly every team got
25% or fewer wrong.
)
o
In 2017, 29 of 38
teams got less than
o 5% wrong.
o)
)
https://qz.com/1034972/the-data-that-changed-the-direction-of-ai-research-and-possibly-the-world/ 6 &
(o]
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The 5th CHIME Speech Separation and

Recognition Challenge

Home Overview Software Instructions Download Schedule Contact Us Forum

Results

Results are presented in two sets of tables: Unconstrained LM - where teams are allowed to modify the
baseline LM; Baseline LM - where the use of the baseline LM is enforced. In the unconstrained case not
all systems modified the baseline LM. Teams that did so are marked with an asterisk.

1-Channel, Unconstrained LM

Systems that are not using the baseline RNLMM are marked with an asterisk.

24
2
= 20
[} 18 |
% 16 |
g 14
12|
10|
g8 1
-1 -2 -3 -] X -3 -2 L - -2 -] L -
d}afb (éﬂa_‘b Qa_‘b %a‘.h &ﬁ_‘b .&a_‘h a_‘b Q‘t:\"‘b %a-‘h %a_‘h .\a_‘h {:réb@ {boa-‘b f&
. & <8 F ¢ @ S & q«f 5 + @
‘ 4 v & ¥ F £
F &8 F ¥ £ F L
&
&
&
Rank Team Paper Dev Sim .l Dev Real :h Eval Sim .l Eval Real :h

1 * Du et al. 6.6 % 4.5 % 11.8 % 9.2 %

2 * Menne et al. | [paper] 7.4 % 5.1 % 12.4 % 9.3 %

3 * Heymann et | [paper] 6.7 % 5.2 % 11.1 % 9.3 %

al.
4 * Tachioka et | [paper] 7.2 % 5.2 % 12.2 % 11.1 %
al.
5 * Tran et al. [paper] 7.3 % 6.1 % 10.9 % 11.2 %

- -
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deep learning=RH 1 #1428 LIV 43 J2 45
o, RGEHUFTERMAZ. BZE (22 . <a@phil, BPAEAE
AR Z EML ., Egmamet, K EEHING T E

Fi ) /& back propagationf] /7 2047, SR

%t F—4-deep network (72LL ), #KZE R
FERRRATIE N E LB E KN, WIS
f¥jgradient diffusion CBEEEY 8O .

R
(Y=

HAR C)

FEREMNEEFIER
AR
EZTREMNZEEFEIER >
1990 F— R EA 2010 = KE &
EERES REF3]

Source (IREXIIMZEAAEER)Y , KUl AEHEARRIS, CCF2013.09
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AEF S

R

AR

Retina - LGN - V1 - V2 - V4 - PIT - AIT ...

Maotor.command
—~

Categorical judgments, 140-190
decision making L

1204160 WPMGT-

o

Simple visual forms
edges, comers

-

faces, objects

e .
~—————- To spinal cord

A Tofingermusclé -« _——160-220ms

180-260 ms . .
[picture from Simon Thorpe]
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REZIMALFEIRHE S

object models

object parts

Area V4« ® @ ® & iHighenlevel visual
’ /| abstractions

Area V2 ‘®eée Primitive SETS
detectors

(combination INCERVA Edge detectors
of edges) o
Retina /;\(:] pixels
edges /
SR, AL R SIS BACEE 2 K. MK
. REVIX FEBA SR, B RIV2IX FTIRECE H s
pixels A, MR RE, B BTN,

Bae s = FHE S RERE A S, MMEZE 2
JZRFIER s BORaB i B, BORREE R IR i =
Ko TR 2 G, A7 E I AT RE ST Ml b, iRk

FTF k.

Source (IREXIIMZEAAEER)Y , KUl AEHEARRIS, CCF2013.09
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Machine intelligence Vol. 521 No. 7553 pp435-482

- Editorial
- Articles
- Comment

Research in the field of machine intelligence is seeing a resurgence.
Big conceptual breakthroughs in artificial neural networks and access to
powerful processors have led to applications that can process
infermation in a human-like way. In addition, the creation of robots that
can safely assist us with different tasks may soon become a reality.
The Reviews in this Insight discuss the exciting developments in these
fields and the opportunities for further research.

Credit: Mik Spencer

Nature 521, 394 (28 May 2015)

http://www.nature.com/nature/supplements/insights/machine-intelliger

EDITORIAL

Machine intelligence
Tanguy Chouard & Liesbeth Venema
Nature 521, 435 (28 May 2015}

ARTICLES

Deep learning
Yann LeCun, Yoshua Bengio & Geofirey Hinton
Nature 521, 436—444 (258 May 2015)

Probabilistic machine learning and artificial
intelligence

Zoubin Ghahramani

Nature 521, 452-459 (28 May 2015)

Design, fabrication and control of soft robots
Daniela Rus & Michael T. Tolley
Nature 521, 467-475 (28 May 2015)

a Top

& Top

Reinforcement learning improves behaviour
from evaluative feedback

Michael L. Littman

Nature 521, 445-451 (28 May 2015)

Science, technology and the future of small
autonomous drones

Dario Floreano & Robertd. Wood

MNature 521, 460-466 (28 May 2015)

From evolutionary computation to the evolution
of things

Agoston E. Eiben & Jim Smith

Nature 521, 476-482 (28 May 2015)
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REVIEW

doi:10.1038/naturel4539

'Facebook
o 2New York University, USA.
Deep learnlng 3Department of Computer Science and Operations Research Université
de Montr&l, Canada.
4Google
SDepartment of Computer Science, University of Toronto, Canada.

Yann LeCun"?, Yoshua Bengio® & Geoffrey Hinton*®

Deep learning allows computational models that are composed of multiple
processing layers to learn representations of data with multiple levels of abstraction.
These methods have dramatically improved the state-of-the-art in speech
recognition, visual object recognition, object detection and many other domains
such as drug discovery and genomics. Deep learning discovers intricate structure in
large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in
each layer from the representation in the previous layer. Deep convolutional nets
have brought about breakthroughs in processing images, video, speech and audio,
whereas recurrent nets have shone light on sequential data such as text and speech.

Yann LeCun, Yoshua Bengio & Geoffrey Hinton, Deep learning
28 May 2015 | Vol 521 | Nature
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¥R =T S Nl Es 5 S SR — IR
- Back PropagationZ.i%:
o TR JE SR ) SRR AR S ST I S T IRIR
- o R SR R IR VR B
- R TRHESE S B B
W L FRVR E =7 ) R AL RS
- Z IRV R 2% 2 M (Restricted Boltzmann Machine, RBN)
- RIS BEM%% (Deep Belief Networks, DBN)
- BN 2% (Convolutional Neural Network)
- ZEREMZ%  (Recurrent neural Network, RNN)
- WA EH 3wt 2s (Stacked Auto-encoders)
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RNHANE: XFEENRIEFEIRE
« SCRFIAEAL

» ZIGEMESVM
- SVMHIF AR /12K
- MlER A ik
- N4 4% (Artificial Neural Network, ANN)
- YRFE=2>] (Deep Learning) HLIR
- Qéﬁﬂﬂﬁ/kﬁ%?*%ﬂ/ﬁ%
BRI M 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzh4mi#s AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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%*D }‘$QXMQ§ First proposed by Fukushima in 1980
/\ =L -

Improved by LeCun, Bottou, Bengio and Haffner in 1998

Convolutional Neural Networks (CNN)

A Convolutional Neural Network (CNN) is comprised of one or more convolutional

layers (often with a subsampling step) and then followed by one or more fully
connected layers as in a standard multilayer neural network.

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 @28x S2: f. maps
6@14x14 ™

o5 IaYeT Fé:layer OUTPUT

84 10

Full oomlection | Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

LeNet-5 R4t 450): HT IR AT BFR M 2%

201t 20604K, HubelMWiesel /LA T3 i £ J= 1 F T /5 Bl BURCR 7 ) e 45 PR A 22 T I
R FL AR () X 28 45 1 ] DAAG 20 BT e I A 22 PR 2 RO SR 1, kT2 H 7 CNIN

Gradient Based Learning Applied to Document Recognition ,  Yann LeCunZ%, 1998 2015.05 Google cited: 3313
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Convolutional Neural Networks (CNN)

10 Convolutions  BeAbHIBH: 5k E _LE RS 5 58 KU
15(1 ]'StO ]5(1 o 0 1 1&1 ]S:(] 0x1 0 1 1 ]5(1 Oxﬂ Oxl
ofi[1f1]o] [4 ofvf1]1fo] [4]3 ol1[1f1o] [4[3]a
oo 1[1]1 0[of1[1]1 olof1]1]1,
o(of1|1]|0 o(of1|1|0 o(of1|1]|0
0(1(1|0]|0 o(1(1|0]|0 0(1(1|0]0
Image Convolved Image Convolved Image Convolved
Feature Feature Feature
1{1(1(0]|0 1{1/1(0]|0 1({1|1/0]|0
ofofif1]1] |2 ofof1fif1]| [2]4 olof1[il1| [2]4]3
ch oxo 1x1 1 0 0 oxl 1>t0 15(1 0 0 0 1x1 150 oxl
o(1/1|0]0 oO(1(1|0]|0 o(1|1(0]|0
Convolved Convolved Convolved
Image Feature Image Feature Image Feature
1[1]1]0]o0 1[1]1]0]o0 1]1]1]0/0
o(1|1|1|0 434 ol1l1l1l0 4134 oO(1(1|1|0 4(3|4
o/of1/1|1| |2]4]|3 ojof1f1l1] [2]4]3 0j0j1 1 1) [2]4]3
olo 1l1]{o]| |2 oloj1l1o] [2]3 0/0]1 /30 [2]3]4
ol1/1/0]f0 ol1/1]0]0 0/1]1]0,40,
Image Convolved Image Convolved Image (Fionvolved
Feature eature

http://ufldl.stanford.edu/tutorial/su

Eeer\a/ll’ggdvgeatureExtractionUsingConvqution/
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Convolutional Neural Networks (CNN)
SRR BT local receptive fields

Each unit in a layer receives inputs from a set of units located in a small
neighborhood in the previous layer. The idea of connecting units to local receptive
fields on the input goes back to the Perceptron in the early 60s, and was almost
simultaneous with Hubel and Wiesel discovery of locally-sensitive, orientation
selective neurons in the cat's visual system.

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

L -

IM hidden units
M) 10712 parametersl!

Example: 1000x1000 image

IM hidden units
Filter size: 10x10
100M parameters
- Spatial correlation is local er m+|
- Better to put resources elsewhere!
layer m
layer m-|
Gradient Based Learning Applied to Document Recognition ,  Yann LeCunZ%, 1998 Sparse COﬂ neCUVlty

http://deeplearning.net/tutorial/lenet.html



2019/4/22 92

R RS HIEZE

Convolutional Neural Networks (CNN)
FUEHE Shared Weights

Natural images have the property of being “stationary” , meaning that the statistics of
one part of the image are the same as any other part. This suggests that the features that we
learn at one part of the image can also be applied to other parts of the image, and we can

use the same features at all locations.

LOCALLY CONNECTED NEURAL NET CONVOLUTIONAL NET

( STATIONARITY? Statistics is g
re similar at different locations e Learn multiple filters
o~ pr. 8 —
Example: 1000x1000 image

1M hidden units
Filter size: 10x10 E.g.: 1000x1000 image
100M parameters 100 Filters
Filter size: 10x10
10K parameters
layer m
layer m- |
Gradient Based Learning Applied to Document Recognition ,  Yann LeCunZ%, 1998 Shared We|ghts

http://deeplearning.net/tutorial/lenet.html
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Convolutional Neural Networks (CNN)
LeNet-53 FIR Al R Gt B BT HE M 4%

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 e
32x32 S2: f. maps

6@14x14

Co.1ayer £e:layer OUTPUT
- 84 . 10

I
| | Full oonAection l Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

o CLER—NMEHE, H6NRHEEFeature Mapt alt CREANMRFIE X B —FERZ) o RHEEF A
P2 T 5 3 N Th 55 ) AR I A i

o S2ERANTREEE, BH6N14% 14T R . BRI K F RS B0 5 C LA 2% 2 41 I A i 4% .

o CIEWME—NMEHE, ERFEEXHIERZLEGRZES2, A5 EIRHEmapst R A 10x10~ 4

26, (H2THIGMAFRERZ, FrblAE16™M iEmap 1 .

SAERE— T RIEE, H165*5 K/NRHE IR R . AN 05 C3 2* 280 IdAH 4% .

C5ER—MERE, HL20MMFIEK

F6/)Z 11 &40 N\ [ & AL [ & 2 [R5 A8, Fin bk — " MmE .

w2 Rk R K (Euclidean Radial Basis Function) B.tdfs, AN GARE DA (

W R EAR 0 9B A, T EL0NT A .

Gradient Based Learning Applied to Document Recognition, Yann LeCun%%, 1998
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Inside a convolutional network

A M B L W A A AL Y T A L Ll LT A AT L A L A A LT A B DA A AR B A A SV A S LT M A A AT ML M LT LT BT AT A A WSS e

Convolutions and RelLU
B S L L K LS L S & S L (T Lo o o o A e NN S N s S & 28

””’ﬁ /[ S S [ '"”””‘

Convolutions and RelLU

LT - - - - M L LT Y L &

zﬂ}‘ﬂ 7
The outputs (not the filters) of each layer (horlzontally) of a typical convolutional network

architecture applied to the image of a Samoyed dog (bottom left; and RGB (red, green, blue)
inputs, bottom right). Each rectangular image is a feature map corresponding to the output for
one of the learned features, detected at each of the image positions. Information flows bottom
up, with lower-level features acting as oriented edge detectors, and a score is computed for
each image class in output. ReL U, rectified linear unit.

Yann LeCun, Yoshua Bengio & Geoffrey Hinton, Deep learning
28 May 2015 | Vol 521 | Nature
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CNNHEI N A=

- 1D ConvNets: sequential signals, text
- Text Classification
- Musical Genre Recognition
- Acoustic Modeling for Speech Recognition
- Time-Series Prediction

- 2D ConvNets: images, time-frequency representations

(speech and audio)

- Object detection, localization, recognition

- 3D ConvNets: video, volumetric images, tomography

Images

- Video recognition / understanding

- Biomedical image analysis

- Hyperspectral image analysis

95
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iNgh: Convolutional Neural Networks (CNN)

- Convolution Layers &3 2
- Sub-sampling Layers - XF£/Z

- Local Receptive Rields /& #5852 B
- Shared Weights BUE L=

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

LOCALLY CONNECTED NEURAL NET CONVOLUTIONAL NET

STATIONARITY? Statistics is

‘é f different locations
() /R
VA

Example: 1000x1000 imoge

IM hidden units
Filter size: 10x10
100M parameters

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters
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RNHANE: XFEENRIEFEIRE
« SCRFIAEAL

- & MESVM
- SVMAIFARZ it 702
- MlER A ik
- NT A2 M 2% (Artificial Neural Network, ANN)
- YRFE=2>] (Deep Learning) HLIR
- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- ZJZ M4 Recurrent neural Network(RNN)
- Hzhgmid 2 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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RNN(Recurrent neural Network)

% = I i 4R/ R IR LR P 2%

» RNING& — M 7€ [m) 28 42 PR N A Y 4%
XA 25 ) N RS AT U R BSR4 9. ANE]
TR 2 &, RNNTTULRI A S W I
[C R Z N PP A Y], XL B AR 5
AEFRUNAN 7 BT 50 TEE RIS

RNNs, — NFF) 4T 1 50
SR A . BARE
FINTE 2 X 2% 2 ot T T 1R
BT e 2 IR N A T 2w
rTtgeh,  BIRSELZ 2 (8]
AN ER 2 A T,
I H = 3 AN B F 5
NJE )5 B G b — %[
5= I Far .

a2 2% (RNN, Recurrent Neural Networks) /1~44
http://blog.csdn.net/heyongluoyao8/article/details/48636251

Output Layer

Hidden Layer @

Input Layer
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RNNAY#aI Rl B TT

N TT(Input units), FRICIH{Xg Xq s X Xepgsoo}
far H BT (Output units), FRICHYo Yy se-aYi Yerts--1
B #. T (Hidden units), FRICN{Sg ,S1 1.-e1S; 1Spaq »---}
B A — 2B IR sh S S W BTG 2IA R o, Sk AR 5 — 2%
A S 5 S B RUR e BA R H BT, RSN, RNNS& A 5 34 1 R il
, 51 S5 BN H R ICIR [FIRRGE T, IX YRR “Back Projections” 3 H kS
Z B NS BHE L — R ZE HPIRES, BPRRGE)E NI T DL E B DLE .

RNNsH, &HA—2, B E&HHLESH

0 U,V,W, K K HI AR 7 25 5 B2 22 ST IS4
o

0
O j~1 Dt+l

zj):)v-v —> ijﬁ“—rgfv» g—»

|

X

a2 2% (RNN, Recurrent Neural Networks) /1~44
http://blog.csdn.net/heyongluoyao8/article/details/48636251
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RNN7R={l: AFIESEE 53 A B

2R /NP A, R AR E TR R O A — S BE Y RT ReE . E E RIARRE —
AMEAIERI T REME, X RIS TR —H 5y, A ErTRetEeR, BARIEM. 55—
Fofo 2 FH 8 2 A5 FH 2B B B Tl T — A R R] (PR R, AT B G 1) SCAS AR i i HE R 26 1)
Kbt EFEAF, R H N A B A1) H RS B 1A] 1) 6] (] 5 (0 One-hot vector),
g L ESE SR ) B3R R 51 UAEXT IS IEAT IIZRIS, i Ro, =x+1 , HAZHt PR H
2 T — 2R

: > r(t) =w(t)+s(t—1
WER: Word error rate 748z % (t) = w(t) + s(t — 1)

PPL: perplexity [ 2%/ @ = 7 (Z @ )
Sj ) = €r; '?.Lj?;
PPL WER -
Model RNN | RNN+KN RNN | RNN+KN
KNS5 - baseline - 221 - 13.5 ye(t) = g (Z sj(t)ukj.)
RNN 60/20 229 186 13.2 12.6 i)
RNN 90710 202 173 12.8 12.2 where f(z) is sigmoid activation function:
RNN 250/5 173 155 12.3 11.7
RNN 250/2 176 156 12.0 11.9 flz) = 1
RNN 400/10 171 152 12.5 12.1 T L4 ez
3xRNN static 151 143 11.6 11.3 d al2) is sof ¢ .
3xRNN dynamic || 128 121 1.3 1.1 and g(2) is softmax function:
Recurrent neural network based language model, INTERSPEECH 2010 e’m

Tom’ a’s Mikolov!2, Martin Karafia“t!, Luka’s” Burget!, Jan “Honza” C“ernocky’!, Sanjeev Khudanpur? g(zm) - z €%k
1 Speech@FIT, Brno University of Technology, Czech Republic k
2 Department of Electrical and Computer Engineering, Johns Hopkins University, USA
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Vision Language
Deep CNN Generating RNN

.\ A group of people
/‘\ shopping at an outdoor

.\\\ > /. market.

o e
S There are many
//. vegetables at the

@ fruit stand.

A stop sign is on a road with a
mountain in the background

A little girl sitting on a bed with a teddy bear. A group of people sitting on a boat in the water. A giraffe standing in a forest with
) ) . trees in the background.
Yann LeCun, Yoshua Bengio & Geoffrey Hinton, Deep learning

28 May 2015 | Vol 521 | Nature
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INGS: RNN

- RNN(Recurrent neural Network)
« [ IR 28 A A 42 I 2%
« R AR i 2R AL BRE N T 7]

- 4RI I 4 L -5 R T ) Fa AT oK

- [l R T R A AT R ), HLESRR A AR
BN 2 R0 HE b A B — I 20 KR ) L

0

O %1 O 0141

<

W vV Vv V
w Si-1 t Sl
Unfold A Woox W

w
UT TU U U
X

X -1 ¢ t+1

try
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RNHANE: XFEENRIEFEIRE
« SCRFIAEAL

- & MESVM
- SVMAIFARZ it 702
- MlER A ik
- NT A2 M 2% (Artificial Neural Network, ANN)
- YRFE=2>] (Deep Learning) HLIR
- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzhgmid ¢ AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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S Eh4mAS 38 AutoEncoder

ARG E —MPaMgs, Rt S FEE, 28E gk
ZH, [JAE—ETHNE. G, AR 7 i A B IR AR &
(B REAER MR , KRR BRI —f
R e E NG S HIHPEML .

input prediction mpie predictiop

mAE, BIARIRAREGRZER, B Gnput, target) , XFEFRATHRHE 2
A flitarget (label) 2 [BJH)Z XA BT &% 2S48, EHEMGEK. H
AN RA TS ETE, e auE. FAaXIMAEEAGRR?

Reducing the Dimensionality of Data with Neural Networks, G. E. Hinton and R. R. Salakhutdinov, Science, 2006 2015.05 Google cited: 2169
http://blog.csdn.net/zouxy09/article/details/8775524
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L

ZheRAS 2% AutoEncoder
& —ERRISE?

input code
encoder decoder

reconstruction

mn EE, ATEinputiii A—>encodergi g g%, mie153]—>code, XA
code st & F AN B — R IR, ﬁﬁéﬁm’ﬁé%Dtii/\codeﬁ?ﬁ’ﬁjt%input
e ? F-ATI—"decoderfi#fid s, IXHffxdecoderyi = — Mg 5, 4
ﬁﬂ?‘ﬁiﬁjﬂjﬁﬁ XAME B A — ?Fﬁ“ﬁ’]iﬁu]\ S Finput 2RI 1) (FRABSE LR
—RERD , IMREAE, BATEE P BAE X N code 2 FEEK . AT,
1!‘]/?jtiﬁiiﬁii%%encoder%ﬂdecoderlﬁl@%}i&, fEAS E AR ZE BN, XEEFRA]
SRR Vi ANinputls 5 E — 1R T, Wl ESmiEScode 1. KRIARETG
PREEHE, LR ZE R SRIE & B B G 5 R A 153 .

Reducing the Dimensionality of Data with Neural Networks, G. E. Hinton and R. R. Salakhutdinov, Science, 2006 2015.05 Google cited: 2169
http://blog.csdn.net/zouxy09/article/details/8775524
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SNZRmhgEs AutoEncoder
ZZ N ERISEL?

input code reconstruction

IR —EME— 2T Sk a

Zeal 1, WA — E i H i code 4 Ak @
B ENMAGE S, FERMOER

wE, B RE _ERNSE, H

B35 — 2 N\ code, L2 HEI A
BRI ARET . HAhZHEFFE

PR (N%GX—)=, BiHEER

ZHER [ e ), FF HARATT ) decoder

CEBEHT, HATET) .

Reducing the Dimensionality of Data with Neural Networks, G. E. Hinton and R. R. Salakhutdinov, Science, 2006 2015.05 Google cited: 2169
http://blog.csdn.net/zouxy09/article/details/8775524
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L

ThZmAg S AutoEncoder

NN ARBIRRGH?

RS ES IS E, X AutoEncoderi® ASGE Sk 42K EE, RINE
VA 2 U LB g5 — N AT — NS, B R E%e 1 i 22 Sy el
SO, 8, ©REEIFE 7 —D LR ISR AR
FFAE, IXMRHIE AT Pl RIS _EARRERIAGE 5.

input prediction

label

N T SIS, AT PLEEAUtoENncoder B T g g E s in— N 22 (il
SVM) , SRJGiBEARE 2 JZ L M 1 W BN I71E (BB R 2
ek, —BIEBEINZ5Em, XML LRSI T o 4 N4 1) B T
ET DIAE N — R 2 ds .

Reducing the Dimensionality of Data with Neural Networks, G. E. Hinton and R. R. Salakhutdinov, Science, 2006 2015.05 Google cited: 2169
http://blog.csdn.net/zouxy09/article/details/8775524
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INgg:  AutoEncoder

- AutoEncoder
. AutoEncoder & —Fh K 1] 58 & Bl % A= 2 ANN

- fEAuUtoENncoder 1) & I 4w i5 JZ s I — ANy 228 vl DIg 2
-+ 5725 A) @it

- AutoEncoder [ 25 4

- Sparse AutoEncoder (# mﬁrjjﬁéﬁ%’ LI AE— 2
El’hj RO H B N0, HAA D ;5&77'70 Mo B ) 2R 918
134 b HAth fr) R IR A R (}\HuﬁﬂgﬁﬁmLﬁéH’J HA~
By N A e R PO Le i 22 T, HAh ) RER 0 AR & T e
BT DI
- Denoising AutoEncoders (P& HZhgmidas) « JIZEE
IONEEF, B DL E 3h g 28 1 20 7225? X A g 7 7T
A B 1E B3 e S Gead N .
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RHARNE: FEENLIEFEIFE

- SRR EAL
- ZIJCEESVM
- SVMH] T-JEZk 144328
- MlER A ik
- N Tz (Artificial Neural Network, ANN)

- REE ] (Deep Learning) FiIR

- 2 HLIPTR BE S SRR R RV
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzh4mhd 28 AutoEncoder
- ZIRIY /R 2% = M1 Restricted Boltzmann Machine, RBM
- RJE B 5% (Deep Belief Nets, DBN)
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= PRIG /R Z5 =41
Restricted Boltzmann Machine, RBM

SRR B IR 2% 2 M1 Crestricted Boltzmann machine, RBM) & —F o] 3@ it %y A\ %k
PEEEF S R R AT I N A AR L N 2% . 2 PR B IR 26 S HIEERYE. 25, P
[F e RRIES M AR 7N RIS AR, x@iﬂid\zﬁ
=LA DAASE B 5= 20 B B 22 ST I VR T I 45

25 L 1) ot 22 PR 2% A R — R iy 2 1) 465

M, TR IR %% 2 M é%m—ﬁlﬂﬁﬁﬁm%
. SRR A R EI’J Bﬁmw% H
W, F5E A e R, FW
o, et — N —E5E. H
Z NRBMGE M HE B 1 B VR BE 1 XX
2% e HE I HY B 47 5 Hil B I RFALE Mﬁﬁ

%76/\7%

| Hidden units |

Visible units
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Restricted Boltzmann Machine, RBM

RE B S (Deep Belief Nets, DBN)

HE e 2 ERE 0, A LLA#5 ] Deep Boltzmann Machine (DBM); 1 5
FESE A A2 0 245 A DU Ry BAS X 2% CRIA [y BRI, o8 B

SRIR 2 A5 i 2 [BVE BEEE) , TR B B A AL Z R 58 4015 F
Restricted Boltzmann Machine, FA1A] LA1§ %Deep Belief Net (DBN).

Deep Boltzmann Machine Deep Belief Network

A Fast Learning Algorithm for Deep Belief Nets, Geoffrey E. Hinton%, Neural Computation 18, 1527-1554 (2006) 2015.05 Google cited: 2619



EERZRESHIEIZE 2019/4/22 114

NG GHREFS)RB/E L

- Convolutional Neural Networks (CNN)
- Convolution. Sub-sampling
- Local Receptive Rields. Shared Weights
- Recurrent neural Network (RNN)
o FIFH AL 12 R Ab B A N 7 4
- AutoEncoder
- e — MR BE 2 P A5 5 ANN
- FEE A A JZ I N — 173 F8 4% T LU 2 B 173 35 1) 7t
- Restricted Boltzmann Machine (RBM)
- RS TE B R BB 2 Y 2 A5 Y
- ES5EZHEAER, EN LR
- Deep Belief Nets (DBN)
- RBM + DL & A5 9 2%
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RNHRS NG FEEN LI FFE S FE
» SCRFIA L

- & MESVM
- SVMAIFARZ it 702
- MlER A ik
- NT A2 M 2% (Artificial Neural Network, ANN)
- YRFE=2>] (Deep Learning) HLIR
- 22 B[R BT S IR A VRS
- BRI 4% Convolutional Neural Networks (CNN)
- Z )2 M 4% Recurrent neural Network(RNN)
- Hzhgmid 2 AutoEncoder
- ZIRBY /R 22 = H1 Restricted Boltzmann Machine, RBM
- IR JE B 5% (Deep Belief Nets, DBN)
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