Deep Learning From Andrew Ng
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L(§,y) = —y xlog(§ — (1 — y) * log(1 — 7))
when y = 1, § will be possibly big in order to make L smaller
when y = 0, g will be possibly small in order to make L smaller
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Z = np.dot(w.T, X) + b # ZoFIACPU, cPUHITHITE

5. numpy Broadcasting

EEKEER, SEB1HE=1, sJUHT &

X = np.array([1l, 2, 3])



>>> x
array([1l, 2, 31)
>>> y = np.array([[1], [2], [3]1])
>>> y
array([[1],
(21,
(311
>>> x+y
array([[2, 3, 4],
[3, 4, 5],
(4, 5, 611)
>>> x*y
array([[1l, 2, 3],
[2, 4, 6],
[3, 6, 911)
>>> np.dot(x, Y)

array([14])
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with step activation function

SHAARA MR BT, RIXBENIEE
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with sigmoid activation function

HBEIZM D RKITR, DAFEIEEMREENLID



Sigmoid: &5 LIHEIREAVIER, HIEIMERIER, METIEEM

SMZigzagl &

Consider what happens when the input to a neuron is

always positive... allowed
gradient
update
directions
' .
f § :wz wi _|_ b Alowed zig zag path
- gradient
) update
directions
hypothetical
What can we say about the gradients on w? optimal w
vector

Always all positive or all negative :(
(this is also why you want zero-mean data!)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 -.21 April 20, 2017
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HIREYER T dropout layer, JIZIHRRE SEER p WIRBE LTS 5%, IBAETAR
1%, MRFABNRERETHRTESSHR, WEANERBLIIGNFHEKRL/p, AT BRI
MiER, MBEENXHNMREREEREN p FTF—BHNRANERERE,
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A AMEERAscalef®RISAZE, MATUNAIRHEHBANRHEINMUIRIET, EHE—L,

Dropoutf)—KiR R ZE MR J T BHRBIHE X
13. SH&BSH
LI /RS
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Early stopping
Data augmentation: by rotating the images.
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19.

EEstF—LE15R, BENENE, TEFNE
ReLU: np. sqrt(—2+)

Tanh:np. Sqrt(ﬁ)

Yoshua Bengio np. sqrt( n[L*1]2+n[l] )

BENE
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20. SGD, Mini_Batch, Full Batch

batch_size: 1

batch_size: mini_batch

batch_size: full_batch




HfEAMini_Batchiy, T2, SERMELES), HETEIRPEFZIRS

15T, Hbatch_size = 183, AMEHEE TFESGD

Epoch iEH—IREWEEFR 2 — 1 Epoch, {BEANEZ T mini_batch, 7T ZMEETIE,

SGD IFE/ (ARBENNZEIRE)N, TEREIREZERZIEFN) , BERETHEEMAINN
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Full_Batch 2R ENI K, RN,

21, EEHEERIRR
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A LAMEBIEHRENRR., 0.001 = 1073; 1=10°%JE -3 * np.random.rand() BIA]
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BEE.7, REMLEANE, FHsofmaxE
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27. Classification of localization

sienal = Hiht = e?




pc = 1 : there is object in images pc = 0: there is no object in images.

ci : the possibility of as a object.

27. sliding window algo
to predict every small box is a car or not, that is apply convnet on each small box.
Drawbacks: high complexity, computational cost.

28. Convolutional implementation on sliding window algorithm
more efficient, but the bounding box can be not very accurate.

BIANNMEEREENE, RTNIERENEEERE, softmaxthiE M TERE, MmEB—1T1
=, RR—TMIBNSINER, XHE—RCNNITEM I AL E O8I E F XI5 £
M, XEXL2overfeatEAZNERR., BT F RN ENARIEEIRLERE, , .

X EERH A IFLE https://github.com/AlbertHG/Coursera-Deep-Learning-deeplearning.ai/tre
e/master/04-Convolutional%20Neural%20Networks/week3

29. BIFRtEMIERES

1. Sliding windows : Apply each window in convnet, to see if there's an object, and thus
get its position

2. Convolutional implementation of Sliding window : First, transforming the full
connect layer into convolutional layer. Then use convolutional filter to get the result. If
lucky, we can get all results in different places in one computing.


https://github.com/AlbertHG/Coursera-Deep-Learning-deeplearning.ai/tree/master/04-Convolutional%20Neural%20Networks/week3
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3. Regional proposal : | HEIGERND KR, WEORTELANER. BRTBEHNEORIZ
BEZE., RCNNFA TIZHKIE

4. Bounding Boxes : 3 F8— TN B R, #HEMLMINAPOR, Kt ORI Ecell, B—
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5. Anchor Boxes : XFH—HM B4R, HEMIOPOR, KIEEFOSKE cell, B—cell™
£ anchor bozes, NTFHMBNR, KE5B TN celllanchor boxtIoU, ¥%EI&AH, B
RSINEIboxX, ZFERNEEBounding BoxHIRIR, ERAZEIE—TcellEZ2 T ER, BLE
K,

6. B V25O, £F T weekllI4RIZR

NRERER:
1. BEEVFNH R AIRK R ER
2. plthy{ER

3. BUIREIRARE: HUETILIE, SHAEML, RiREE, REEE (BREBAER)
7. ER T ARBRENEY, XRETITAR

0. %, wb

Wl = np.random.randn(nh, nx)*0.001
bl = np.zeros((nh, 0))
W2 = np.random.randn(ny, nh)*0.001
b2 = np.zeros((ny, 0))

1. ¥3IIFI[ME1E#E Forward propagation

Z1 = np.dot(Wl, X) + bl
Al = np.tanh(Z1)
Z2 = np.dot(W2, Al) + b2
A2 = sigmoid(z2)

2. REMERE
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m = Y.shape[l] # number of example

# Compute the cross-entropy cost

logprobs = np.multiply(np.log(A2),Y) + np.multiply((1-Y), (np.log(l-
A2)))

cost = -1/m * np.sum(logprobs)

LL L L AL L L ) 1L L L AL L ) ) 1L ) ) ) 1

HHAHHAR AR AR AR AR r###Backward
Propagate####HH#H#HH#AHH#HH#HHHHHHH#HHHHAHHHHH

dz2 = A2 - Y

dwWw2 = 1/m * np.dot(dz2, Al.T)

db2 = 1/m * np.sum(dz2, axis=1, keepdims=True)
dzl = np.dot(W2.T, dZ2) * (1 - np.power(Al, 2))
dwWwl = 1/m * np.dot(dzl, X.T)

dbl = 1/m * np.sum(dzl, axis=1, keepdims=True)
### END CODE HERE ###
grads = {"dwl": dwl,

"dbl": dbl,

"dw2": dw2,

"db2": db2}



2L L L AL L ) ) 1L L 4L ) ) ) 1 L L ) ) ) ) 1
L/ £ 1 Update

T T T N T T N T T ]

params#HH##HHA#RHHHHHAHHHAHHAHHHHHH A H
Wl -= learning rate * dwl
bl -= learning rate * dbl
W2 -= learning rate * dw2
b2 -= learning_rate * db2

3. F

predictions = np.array( [l if x >0.5 else 0 for x in

A2.reshape(-1,1)] ).reshape(A2.shape)

print ('Accuracy: %d' % float((np.dot(Y,predictions.T) + np.dot(l-
Y,l-predictions.T))/float(Y.size)*100) + '%")

4. Draw Graph

# Datasets
noisy circles, noisy moons, blobs, gaussian quantiles, no_structure

= load extra datasets()

datasets = {"noisy circles": noisy circles,
"noisy moons": noisy_ moons,
"blobs": blobs,

"gaussian_ quantiles": gaussian quantiles}

i=0

plt.figure(figsize=(8, 16))

for dataset in datasets:
plt.subplot(4, 2, i+l)
i+4=1

plt.title(dataset)

X, Y = datasets[dataset]
X, Y = X.T, Y.reshape(l, Y.shape[0])

# make blobs binary
if dataset == "blobs":
Y = Y%2

#### Draw scatter.
plt.scatter(X[0, :], X[1, :], c=Y, s=40, cmap=plt.cm.Spectral);

# Build a model with a n_h-dimensional hidden layer
parameters = nn model(X, Y, n h = 4, num iterations = 10000,

print_cost=False)



#### Plot the decision boundary

plt.subplot(4, 2, i+l)

i+=1

#### Draw boundary.

plot decision boundary(lambda x: predict(parameters, x.T), X, Y)

plt.title(dataset + 'Classifier')
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Houtput BAIAALE LR, RIFE, AFERA, WN LR (RAB—) HNNE—MEYE
mn

BHEdz = daL * g'(2) (—REEHEEN)

dw = (dE/dAL * dAL/dz) * (dz/dW) = dz * A pre.T

db [E3E

dA pre = dZ/dA_pre = W

BER—EZ

dz = dA * g'(2Z)

H8dz = da(E—REHEN, XENESEKRI—ENdA) * g'(2)
def sigmoid backward(dA, cache):

Implement the backward propagation for a single SIGMOID unit.

Arguments:

dA -- post-activation gradient, of any shape

cache -- 'Z' where we store for computing backward propagation
efficiently

Returns:

dZ -- Gradient of the cost with respect to 2

Z = cache

s = 1/(l+np.exp(-2))

dz = dA * s * (1l-s)

assert (dZ.shape == Z.shape)

return dz

# reluBUEREL



def

relu backward(dA, cache):

Implement the backward propagation for a single RELU unit.

Arguments:

dA -- post-activation gradient, of any shape

cache -- 'Z' where we store for computing backward propagation
efficiently

Returns:

dZ -- Gradient of the cost with respect to Z

Z = cache

dZz = np.array(dA, copy=True) # Jjust converting dz to a correct

object.

def

oo

# When z <= 0, you should set dz to 0 as well. BRMBIEXRE
dz[z <= 0] = 0

assert (dZ.shape == Z.shape)

return dZ

linear backward(dz,cache):

NBRTIREEENEESD (FLE)

S

dz - HENT (HEIELEHN) LM4mBRmAEE

cache - FRBEHAIEREERENENTE (A prev, W, b)
iR [E]

dA prev - BXNTFEE (FI—E1-1) WEAHE, 5a prev#EHEE
aw - HEXTFw (HEIE1) NAARE, SwiEEERE
db - HHXTFb (HEIEL) HEAEE, SbAEHEE
A prev, W, b = cache
m = A prev.shape[1l]
dw np.dot(dz, A prev.T) / m
db np.sum(dZ, axis=1, keepdims=True) / m
##narnand VI AREXBHERII—EONZNEEEL L #tttttsis
dA prev = np.dot(W.T, dZ)

assert (dA_prev.shape == A prev.shape)
assert (dW.shape == W.shape)
assert (db.shape == b.shape)

#H#H#AA# V1 IAA preveREHANBI—EITERN, dw,bREENIER, HEE
\ HHBHAAHHAA
return dA_prev, dw, db



def linear_ activation_backward(dA,cache,activation="relu"):

SCIJLINEAR-> ACTIVATIONEMEMEEE,

S
da - HEIR1IMNAEENEEE
cache - FHNFENABTFERTEROEENENTA (B
linear_cache, activation_cache)
activation - EENERERNBIEREE, FFHRE, ["sigmoid" |
"relu"]
RME:
dA prev - BXNFEE (FI—FE1-1) WEAHEE, S5A previEiAE
aw - HEXTFw (HpIEl) NAAEEE, SwiEEERE
db - HHXTFb (HEIEL) MAASEEE, SoHEEERE
linear cache, activation cache = cache # cache = A pre, W, b, Z
if activation == "relu":
dz = relu backward(dA, activation cache)
dA_prev, dW, db = linear_backward(dZ, linear_cache) #
A prev, W, b
elif activation == "sigmoid":
dZ = sigmoid_backward(dA, activation_ cache)

dA prev, dW, db = linear_ backward(dZ, linear cache)
return dA prev, dw, db

def L model backward(AL,Y,caches):
3} [LINEAR-> RELU] * (L-1) - > LINEAR - > SIGMOIDAHITRMEMERE, #
EZEMENEEEE

S

AL - #iX@E, EREENEE (L_model forward () )

Y - EEE (Fla: MRERRZEME, Who, ME2MENAL) , £EH (1, H=E)
caches - BEMNTABMcachedlF:

linear activation forward ("relu") HJcache, T~EEHIH
linear activation forward ("sigmoid") EYcache

IR[E]:

grads - ERBEENFH
grads [“dA"+ str (1) ]
grads [“dwW”+ str (1) ] = ...
grads [“db”+ str (1) ]

grads = {}

L = len(caches)

m = AL.shape[l]

Y = Y.reshape(AL.shape)



dAL = - (np.divide(Y, AL) - np.divide(l - ¥, 1 - AL))

current cache = caches[L-1]
grads["dA" + str(L)], grads["dWw" + str(L)], grads["db" + str(L)]

= linear_ activation_ backward(dAL, current cache, "sigmoid")

for 1 in reversed(range(L-1)):
current cache = caches[1l]
dA prev_temp, dW_temp, db_temp =
linear_ activation backward(grads["dA" + str(l + 2)], current_cache,

"relu")

grads["dA" + str(l + 1)] dA prev_temp
grads["dw" + str(l + 1)] dw_temp
grads["db" + str(l + 1)] = db_temp

return grads

8. Regrssion #] Classification fJX 5|

Supervised learning problems are categorized into "regression" and "classification"
problems. In a regression problem, we are trying to predict results within a
continuous output, meaning that we are trying to map input variables to some
continuous function. In a classification problem, we are instead trying to predict
results in a discrete output. In other words, we are trying to map input variables into
discrete categories.

AndrewNg

—RRSEIR, D ZEERIATLSEIERLE B (logistic regression apply on linear regression) ,
El)FEEL T UG 5 AR B H IE LM (& Bayes)

2#: https://www.zhihu.com/question/21329754
9. I3t

FRAAndrew Ng #E—10IF, (REZFEBMNNKD, LEWZHETZNBMAN, (REEF
BLOSETANEE; WRERATENEM, (RAIEBBREEREMNEZENLS. R
BEREENRE, TRENEEMREZE, ljj X1%8 HE-ﬁxﬂlE’Jﬂ"ESI MRE=TMEEARS
£, MEENKEN, BMNNLELEET, ERTHE, XEETSHNVEEN,

MNFHFFEIHKR, SHNFRLERXFNER. STEEETEX.
10. B—EFTHIINE
BMERHNERE—TMRETTEGEHNNRE, FIAFIEERGRE SMIEREITITH.

LAFSE FL = 2 X2 PiRORMEE R ENRELE
p R
..o p
Precision = ot fp
_ _tp
Recall = P
Accuracy = tptfn

tp+tn+fp+fn


https://www.zhihu.com/question/21329754

11.

12.
13.

14.
15.

16.

17.

18.

ARRE: AHRLERE SIIGSEREFNEE
SINTRMNZE, TBNLRENLE, HMErIBRIREN S ZRN.

MMM ERRE—ARET ARNRS EFRRETT
ETHTRESMFHALEATEERNEE, HEDPTERNERER, SSEHEHIT

BIED AR TREMAEZNDNT: MIIGEFL D EINZGR-MRE (RHTYIZR) BEtE
BRERAINGR-MARAVERR, PJUEBLBES HALEESNRETNERM, UMREZK
OS2

LIBEEA CTECAY B A\ TS R EUE
EBEs)
WEBIREB, FillASIE
FERNTRRA, BHIEE/])\, AZIEEXR
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Figure 2. Residual learning: a building block.

FEAXS, BATBISI N FERELTHEMAT BAITE, BRI XN E
MEl, MARSZEEMEBNEEELATENERMME, T, BHBNEHmE%
FRH(z), BATBEBOIELEELEB— MHFF(z) = H(z) — o
F(z) = H(z) — z. BHRMBREEENF(z) + z. BANBSAEMSILESLLY. RS20
MEER S, ERBERT, NR—MEERGERMN, BABREBNDHLET—
IS M RS EEME TR,

RiEX
iR HEBNIELMEENEEE, SNBIRRNONE, FTEFRASMHAKRA, HWHBIHEMR
LA F(z)

, FIENERBRE 20 = 21— NMEFMETH (2), WREH(z) = F(z), HEf1MAshortcuts

>
ESZANESFMEINF(z) + ¢ . ER—HZEFHE, ERATIWXEREHREREOL
SHSFLEERHNEERS

7_1:
YG:pul



AndrewNgI % ﬁﬂfl]%j'I‘E%IZl%&-l-’\"% HEREFBRERBEFZIZERNKRA, U
FAELEZATRIM S 1 RE

Joft2 ResNetsILARRBEEEIBIE, HEHSINE?
REEHERES

0J 8J 97l

0201 9l §l-1]

o

T (w1 + 1)’ () mreareEwx
=

48. 1* 1 convolution FIAE{RIEIELL, GoogleNet[F T X EE,
49. GoogleNet: Inception B I EREAIA/N, BERMEHE

Motivation for inception network

Ly by

/' &
Q RN
-

\’ Wty 28

00
28 x 28/x 192 J\\l 7 1Y
T ——

i ]

@ﬁ

Stma.

o 28¥2| %26 6
IR B S EF I RABRNTIESRAS.
e ITERAEE., cost = (28 x28 x 32) x ((5 % 5) * 192) = 120M

The problem of computational cost
J

R
CONV
5 x5,
same,
32 ’Tgiiiiiﬁij
(gg;ésxl9zf —
™ Ll S\ oe SeSylaR
T —
LIrLBxNZ » S+S«\q2 - \20W .,

v
BR7E FIRARNRINEREE, 5| A\bottlenecki=



cost =28 ¥ 28 x 16 %192 + 28 ¥ 28 x 32 x5 x H x 16 = 12.4M

"botlleade \ur X BQ

Using 1x1 convolution

/

(O\V

916
-_>lxlx19"

e ———

—

1Pt x SnSx\6 = \lo.oMm

2'exf %\ -1.L___,__T—————'——”J

12-9m™
\2om ~

Andrew Ng

Inception module

1w dss)
ﬁ
3

: 'ON SO] )
Previous S Channel
Activation SR Concat

{nﬂa,lql} D) Wx W26

MAXPOOL
3. X3:8 =71

CONV RO

gy |9l 3L Hiee, Uk %192, Andrew Ng
B, REXE R AEERGER. EXERE T, BEHNSAZEEETINER, 85
33—~ 28x28x256 (F4th o HIE R PR BT & B ), JEIAH TR RAE —
B . IXHUE A Inception i, M Inception [ 24 BT U sl J& 4 X LS LR AR A 15 3]
.

Inception network




50.

51.

52.

53.

54.

ERES) RABATINGFONE, EECHIIFERD, B4, IGNEHRTBRYD, FTERK
-3 ABUsoftmax/Z2, EithiEikiRfreeze = 18] FtrainableParameter = 0iXHHIS 5, il
£XR, BAENN, SHE)IFEZNE, FEEVNE,

EiEIG5E FF cpuR iR LIEWE B TR, 10-cropXiFAIEHRk
10-crop

BT, AERMEEME R, R E=ZH s, SefmsERRAe. £77—Ff
MY ff: 10-crop [IFEAR (crop B BT R |, EIEA LU, BORRBOX A0 Xk, #
Yy, RIS IR 3RS KT e, G A XK, I8 TR KA, A B aR
s R ITAWGROR, AR OERR, MR RERIEITE, e 3 BE R &R
[FIRE A SR 2 fy UG crop, RS HCUAN 1 1) crop.

\O-cnp
\ A % - %

\
" Andrew Ng

[4]

BORIXEL (H's 1) FIXEL (S5 3) Bl Hd crop, IXHL (4’ 2) FIXHL (4’5 4)
A DY crop. W RAEIX LR, #2410 FASFEIK BRI crop, Kty 449 10-
crop. T UAVRERIIEAZL, EIEIRID REBERIZATIXATKE R, SRIGRERBEAT 4. Wk
URA BT, AT X AR WA % 10 4> crops, AT LMEAIHE %, iX W] fiE
SALRIEAE ™ RGP PRAG LT (PERE o R A (8, FRA RSB 2 S PR B P I R S .
HIXHE 7 —FpEeR, EAERAENNR RN, BEHSCPRAE ™ RGP IR Z .
One shot learning

MNFARIRBIFRG, WHEARANZEEERARETANERR, EN, UREHATIMANAG, B4
WM, XEFRESEMNGHEEZNG, BRE—TT BRI A,

RIZIERENEEZINE, BNE

BNBEHMBURMKERZ—TA, BAREBHNEBMSLSEN, WRAZ—TA, BARwEBR
IEEMSEK,

Triplet Loss
=ik B, =5kEBRRN—AH, S3tRICHanchor, positive, negative
MR EE N

L(A, P,N) = maz(||f(4) — f(P)|I* - [ /(4) = V)" + ,0)
MRAE<=0, PARKEHN0, MB>OBARBRLHFE.
BARIRBIE SR Z S KEE

Loss function



)= o()_wi x| f(e)) ~ f(a)] +b)
k=1

f(z) R E R zrYmhE
55. M2 XIgEEHR
HEFRBEIGC, NEREES, S4MNG, FIUENRMN RIS

J(G) - aJcontent (C7 G) + ﬁJstyle (C, S)
Content cost function

EERREE RTEANERE, BNEE, ZRERNERERTORETATERG: BIWAR
B, e IEGP—LENMRIEE. EXAT

1
Jeontent = ok g€l — glICY )2

Style cost function

HEBNREGIZIIFEESL, FContent translationN[E), X RIREGHIHIE, TEHHIE
HEEGRZEMNEES, EXWT

] mis) _ 11s] WSt
FREGEX#% : kk’ ZZ z]k z]k’

i=1 j=1
a0

n

A RERE X GZL[/ ] —2 _ laﬁ”ﬁaﬁ”ﬁ
i=1 j=

L/ s [G]
i g, = [l] ZZ Gkk’ Gi”)

BRIR FIIER

56. RNNHWEABEE: MianTaEe", RNFNFIlzBREN, 8—MENEEEZAHHE
=]

RR: REERRAIENRA . AIENRTIEREIREREES.



Recurrent Neural Networks

\ ALY QD % {3
Y 3 '
1.1/ ust L'):‘ 'ﬁ %“
d O <O —C; &y
oy D
G\ B | & ol G j o o
e | o Vaa [O wuo_:i R S
O l £ 5
Toe  Tuy, L W
(D xm Qay

57. RNNREJRIE, REMEHE

BIE{EHE:
e a,<t_1> 5
a = g(wq z<t> +ba)
Wq = [waaa wax]
y<t> =g (,wy <t> 4 b )
RNN if [ £ 4 7~ 2 P«
91) 92‘; 3,".
softmax softmax softmax
b. a’ b‘ a®
0 (1) W_a 2 T,1) W.a T4 (T,)
a ’®_’é_’D a ®—bé—oE a . a —;E a

3 RNN cel NN cell

4 4
L | "

X X X

ANN cell

REfEE

Loss function

Tx
_ Z L<t> (Q<t> , y<t>)

L<t>(@<t>,y<t>) — ( <t>log ~<t> 4 (1 _ y<t>)( log ~<t>))



>
2

G EAERNT-EHELTN  FURSH R, L EMAM

sutzpnsuaW, U, bssAsmE tNNBREEORS.

Reference:

http://www.cnblogs.com/pinard/p/6509630.html

Deep Learning p234

58. GRU
HLELSTM

zt = o(W,[ht—1, z¢])
re = o(W,[hi—1, z:])
ht = tanh(Wir; * ht — 1,z4])
he = (1 — 2z)he 1 + 2ehy zeaBERERS

GRURERIEM—mmET, BANERTE—N 2 fMER A MU# T ESIEFICIZ (LSTMIEER SR
SIS R%IR]) . &3 T hidden state ] cell state.

References

https://zhuanlan.zhihu.com/p/32481747

https://zhuanlan.zhihu.com/p/34203833

59. LSTM


http://www.cnblogs.com/pinard/p/6509630.html
https://zhuanlan.zhihu.com/p/32481747
https://zhuanlan.zhihu.com/p/34203833

&)
9

®©
T N\
A I Lot ot A

>
&) © &)
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