











































































































Deep Learning学习笔记

LectureOne NeuralNetworkand Deeplearning
Introductionto DeepLearning

NeuralNetworkhashighperformance on

Unstructured Data

Why is deeplearningtakingoff

I BigData 1

2 FmSigmoid t Rei FASTER andavoidVanishingGradient
BasicofNeuralNetworkprogramming

Binary Classification

iLogisticRegression
A imageofcatisdefinedas 164 64 3年年RGB
Thefeaturevectorwillbe N
Thedimensionof featurevector is 12，288

Input Xshape
IN m

Dimension ǚantitg

label Yshape
1 m
doorI














































































































Viasigmoidfunction 101孙 Heil
yfdbtQXHOzbttonxnlletxil.joGX where0 0⼼心 ⼀一 0n.li

to tire
LogisticRegressionlost Function

Lly.uiyhgljl ll gjhgll.gl
Jlw.bkiuyiyiklyloglgy.lt 拟

Gradient Descent in LogisticRegression log Mil
unto features X 以 wehave WMtwzxztb.yfa.com
lostofEACHsampleis LIaykyloglaHIylhgll.ci
dhi atllyHI al.dk
dFayYwiXid5hlaytiXzidfXzlay 当叫⼦子 lay
wiwihn.wiwix.hn bib 惦

Thedisasterof For loop to traverse msamples is onlyonestep
youalsoneedtotraverseeachfeature

Vectorization.fraccelerating computation
wihoutuctorizationiziwxtbwithvectoni.at

ionize 2

np.dotlwxltbforiinrangelnxizt
WIiHXT.is

Ztb
Conclusion g not to use FOR loop














































































































Homework PotentialRisk

In run 䜲鼺 and 1朤品㡭𣊭器器
ASSERTisalwaysuseful i assert ashape 15，1

forreducingrisk
红normalization np.sumghaty1VSnpdotllyyhatM
np.squeezeli.dn shapeWhere dimensionis one In 17
Remember Reshapeyourtrainingset
TrichiXflatenlX.shapeI0I.t1 FXab.adHlbxcxd.at

Shallowneuralnetworks

NeuralNetworkOverview

⾿鬯 籪 国 whereci W.hn
ActivationFunctions

sigmoidi Only used in outputlayerof two_classification

tanhiwiddgdiw.myusedReLu LeahRdu
RandomInitialization

Wit RandomInitialization GradientDescentwillnotwork














































































































DeepNeuralNetwork

Forwardandbackwardpropagation
Forward

pziw aIHItbl.LI
出 T
has acheinputting区测
T1

1Backward

I dzi
d_Igyilinpntzdw_li.in

311㟐洲逃
4 dáwdz

output

Summary

Xd uiii wbi tw.it g
ti fl y 的
di di I

ㄑ __ˋ

d𦴢 dá
1111 11

v vdǖ di di
di di di














































































































LectureTwo Improving DeepNeuralNeworb Hyperparametertuning Regularization
PracticalaspectsofDeepLearning and Optimization

Dividedatasetinto Train_Devriest
smalldata 0.6 02 0.2

Im bigdata 0.98 0.01 0.01
overlm bigdata 0.995 00025 00025

Bias

Narianai.net
r

ns.highbiasiunhfitlingchangeparameteror model

lightvariance courting increasedatasizeor Regularization
Regularization a
以 Regularization Jlw以𤄄 Ig 㸪⼗十釧 win

the
squareofeach

Ll Regularization Jlw以成⿎鼓⽇日以㸪⼗十剞训 element

Whenwli詝Wj
Dropout Regularization

Normalizing inputs

Vanishingtxphdinggradients
WeightInitializationForcertainlgeniisbetrRdunprandomrandnlsha.pe

np.sqrtl 㘗其 lai
Optimizationalgorithms

Mini ⾏行行 街 河 街上6
oneepochonlymeansonetraverse ō data1 1 1 1 1 1 1

trench minibatchmakesyoudomoregradient
descent














































































































GradientdescentwithMomentum_usuallyset09
letduiVduiBVdwtllBNWdbhiNdbtllBldbweobtain.liWx.hu bib⼈人丝 learningrate

RMSpropiw
W x.hn b bhndAdamiwide.lyUsed

Learningratedecay
set⽔水 UH decagratexepoch numix.co
Theproblemoflocaloptimal Thismaynotthatimportant

Hyperparametertuning g
Batchnormalization normalization 恐 Before it came t.ci
Forcertainlayer this 昨於Diniz䉉 欧 Mia
Softmaxregression Multiclassify
I activationiayefeziihssr.gg到ihg Ī

Lectures StructuringMachineLearningProjects

Orthogonaliioni resolve complicatedthingintosinglefunction
Erroranalysis
TransferLearning Serial VS MultiTaskLearning parallel
End to enddeeplearning DIRECT betterwithlotsofdat














































































































Lecture4 ConvolutionalNeuralNetwork
nations of ConvolutionalNeuralNetworks
BigPicture HighDimension Lowmemory
Edgedetection

in tofind
Verticaledge

Padding
Preventimagefrombecoming H size paddingimagewithÜ

Stride convolution
convolutions our volumes

Summary

nxnxgxfxfxnc snttlxnHO.mil
燃2 thenumberoffilters

Onelayerof a convolutional network

ˋ 收4112

i thenumberofparameter 3ㄨ3ㄨ311 X 2 56me tofilternumeachtilt bias














































































































Pang
description if lagerLisa convolution layer

垇 filtersize Input lix nix in
pinpadding Outputmixmixrisestride

ni numberoffdtrshnfilterisifxfxni.li
Activations ci
snixnwxniweightsifxfxncx.ru

Bias ni chl.mil
Pooling layers

Further reduce thesizeofhemodel
Maxpoling
Oneexam叫
忙⼈人

wigused

anotherexampk
is

formula
maxpoolingoutputsize 懙⼗十㖄婴州Mc
convolutionoutputsize ngdy














































































































convolutionalneuralnetworkexample

不不胜管 ⼀一
MEN

fullconnected

lowerheightandnight higher channels

Why convolutions

Shared Parameters

Sparse Connection

Deep Convolutionalmodels casestudies
Classic networks

LeNets Lean
x

烈烈
Rib 吣⼉儿

asinputvector














































































































AlexNet Alexkrizhevsg.IIya.luHeyHinton

豳
nci96

padding

Activationis Renu compare a Sigmoid in LeNet5
UGGNet
filter_rum 64 128 256 512moreandmore
Convolutional layer.num N

ResidualNetworkIResNet.SI
ResidualBlock messagesendto deeperlagerdirectly

aIUIIglWIM.citbloiiglui.at
411

1了了 in beforeRduafterLinear

l hjn.gl 𠵯训出














































































































ResidualNetworkwith5blocks

performben

WhyResNetswork

ci glztifglwI.ci hit a圳
Rdu L2regularizationmakethemtoo

if 𠱃 a
l

1 1convolutionsNNetwrkinnetwrkk

IORedsizeiltltii.gspartlikeFNNso it alsocalled
Justlike i

thinned
NN 1

SO ⼝口 丑 ü
Mc

whyitisspecial ⻅见
An example
Howcouldwecourt
28⽶米8 192to282832

with
Monwlutions28X28XII

h.tlXlXl9IX3228X28XzJTc

nc














































































































Google Inceptionnetworkmotivation

Letneuralnetwork

learnbyitself

ThemCOST itiscalledInceptionModule

nciadat.im
我2811192x31以32120

Solution x

Shrink it thenenlargeit
Calculation 281128x192ㄨ16 1281128X16但对你124M

Inceptionnetwork
withMON toreducecaution














































































































combineinception

moduleintoinception

network

雠
Ifyouwant t godeeper youcanjump ResNets or

youcanquiteverywhere Inception
Transfer Learning Useotherweights asPriorknowledge
Tricksfordoingwellon benchmarkswinning competitions

integration meantheoutputofLOTSOFneuralnetworks
enlargedataset Multicrop

Object detection

Objectlocalization

Symbolic representations

I TopLeftcorner 10，0 BohmRightcorner 1，1
2bx.by bnbw antrdpintlbx.by ibn.bwEI0，1

Howto definelabel Y

ii

f whatobjectis 10，11
Lossfunction gig 𠗐的 i














































































































Landmark dean

Objectdetection

SlidingWindlowefficien.glTrain a CNN t detect car
I Slidingwindowsin
diHeratsize

ConvolutionalimplementofSlidingwindows
Turnfull on

nectedlayerintobnwhtiond_lay.nl
tom

ft
Implementation

飙派Ǜǚs 1仪器器

岱恐
醺 器器

Summary sub.imagesCNN Output














































































































Bounding Box predictions How t bemoreaccurate
Yolo Algorithms YouOnlyLook Once

Letitbelong

sentral
hintfor回

central let itbean
pointfor⽥田

outputis 3113x81辑 8vectors

Let国centralpointbe 0.40.3
thendetermine bn bw

Intersectionoverunion evaluate

detationdgorihm.IM_SizeofintersectionsizeofUnion PthresholdvalueVideX
Normalsuppressioni
makesureyouralgorithmonlydetectiveobjectoncea 枇
Onlytheclassificationresultswiththehighestprobabilityareoutput

Anchor Boxes

Letoneboxto dat multiobjects
predestinedifferentkindofanchorboxes

iyjhbxbybnbwhb.ci
ynaiIPcbxbybnbwGGGpcbxbybhbwl.GG I














































































































You Again Put allcomponent above in algorithm
BuildTrainingSet
Let anchorbox_rum玒 y 3 3仙 8

ㄖ_

y the 回
Predict

Outputthenonmaxsuppressedoutputs

Specialapplications Faceignition Neuralstyletransfer
Oneshot learning
Onesampleto recognize aperson
to learnsimilarly function is agoodidea

Siamesenetwork

on encoderto

co

如

sameperson how州州州州112
differentpenn largeHIX以九州112














































































































Triplet loss CAPM Anchor PositiveNegative
Lossfunction

Want 11栅州 114XEIHAHCNN
dcA.pt NAN

margintoprevent
oi.r.IHP.NkmaxllHAHlpklHAHINNFIX.li

Choosingthe trip APN
i AP mustbesameperson
IAN mustbedifferentperson

Choosing triplets蚍化 hard thin on
dCA.pedCAN

Faceverificationandbinary classification
otherparameter learningmethod

i logisticregression
faceverificationsupervised learning

data labelforfaceveriicat.in

Neural y Transfer
wedefineLossfunctionas
叮content GG

Jgusg
JCGFNontentlhGHBJstyulS.li














































































































Contentcostfunction

If youusehiddengal to computecontentcostEntenteC Gk iii N anethgsiml.inenough

Style costfunction
Thestyleofapicture is correlationindexacross differentchannels

correlationmeanstheuniformity probabilityof
蘸

theirowncontentismyhigh
⼆二

ifyoumeasurestylecoston lgwligy.se
image

Let a斵三activationatcij.M.ci is iii
钻齜

weobtain Gǜaiái
And iáaǜ

Wefinallyget Jǜlshkfkilci 吲
2














































































































lectures SequenceModel
RecurrentNeural Network
Notations

Input P 如 ⼀一 如
Output y y yi
Vocabulary Ia Aaron and hang ⼀一

puri ZuluI
index 1 2 367 4015 6830 10，000

Onehotvectorto representwords lotsofzeroandanone
RecurrentNeuralNetworkModel

a

哎

炒炒炒both fit on炠 BUTwithoutothernodesX
Solution BRNN Bidirection

Forward Propagation

sottmaxlwgaatbylbywgitwa.it














































































































aig hit Wax如本然
j泏wyacitb_yl ong.ru1 1 1

Backpropagationthroughtimei

𨔼 雄 道 10 0

i i i t it
up is j j
T05 1 04 1 30 102 Toit 0411itoz.lddD_atop tat __
n n n 1 11 1 1
YD YD P ft

ampkmentitiiiyk ghgy ll ylhgll.gg
Ig y譃⼼心脑 in

Languagemodel

Languagemodel decide to sentence
among anti

accordingto probability
PTheappleandpairsalad 3.2ㄨ1013
PlTheappleandpearsalad 5.71110 I

Sampling novelsequence gi gas
i ii i T T

io dDaaD.es不不 i
焱 i up淼ni xi 崧 is

VanishinggradientswithRNNs














































































































GRU GatedRecurrentUnit
i

SimphRNNUnit GRU
ifsoftmaxsottmaxci

sf.nAllaftanhlVS.li if

only if
ktxtatanhwdciitbdktitanhlwd.ci XItb

hidWu Ici 㥃 but
竺层 华 1 THE

ISTM Previous Blog containsthispart
Bidirectional ISTMi For 4 word

jD j j g纱
A At Asit

if citi āti āǎ 仯

y X ㄨ 20 1 statfrom尴
如 如 妙 妙

为经gwjlailtb.gl
DeepRNNs

somethinglikethis














































































































Natural language Processing and WordEmbedding
WordRepresentation

就luridrepresentation wordembedding to replaceonehot
Man Women King Queen Apple Orange

Gen 1 1 095 0.97 0.00

0.014
Royal of 002 fffff

Age o03 002 07 0.69 0.03 002
Food o09 001 0.02 001 0.95 0，97

i i
Visualizing wordembedding t.SN Algorithm
Fom 沁 Dimensionto 2 Dimension

21 T.is300D
PropertiesofWord Embeddings

Let emi It 001 O0了了009 I email 002，002，001 I
eking 0.95，0.93.0.70，0.02 eqwilo.cn 0.95，069，0.01

then emailwomen⼆二 2，00，0

ekingtqgn 201010

Analogicalreasoningiemantwmieking
GSoktusdefinelosinesimilaritgisimcu.it

Ullhuiag














































































































EmbeddingMatrix

El Dimension Word.MN like El300，10000
Learning Word Embedding
Neural languageModel

I want a glassof orange
index4343 9665 1 38526163 6257

I 04343 在343

wantOn feda

QÉG䛻gtmnoooojgb038521
93862 nib

Of 06163A lab
neuralnetwork

orange On Gil WEIbin
Other
contxttgetpairsiIwanaglass_e.tieoa

lnmgcereal.cattarget context

context Last4words
Last I word

Wha
癣 lwu

Skip Grams tdd
abstractcontexti randomlyaroundtargetword
matchtargetword

if VocabularySize 10look
lontext.cl orange1 Target tljuice1

onehot Q O G 0 ttmax_ I














































































































0
weneedizethesoftmaxlossfunctionisoftmai.pl

tlckei
ieojecuj.gl䜌啦

ty
Summary Bow originsentence targetword

Skiptram targetword originsentence

NegativeSampling
NewProblem Giveapairofwords likeorangeandjuice letusto

pinwhethertheyare contacttargetornot

forangejuice 1 positivesample

orange khg 0
gtiuesamplemtxy.labe it
content word target
A
orangejuice 1

orange king O pgllt.ci died

forange th O

orange tOrorangeof 0
K 5 20 if SMMdatasets
K 2 5 if large datasets

GloveWordVectors
GivenXj is thenumberof i is incontentof j
Aftertraversewholecorpusyouwillfound X.in














































































































iminimizetyloiejtbitbjgy.jpIˇ
just
like
ta ameasurementThemight

factionto ofhowmanyrelationshipbetween
preventhuge them
weightof 𡶐⼼心

Sentiment Classification

Given asentence lomfh.ly lacking ingoodtaskgoodservice
andgoodambiance

Onehot

Sequencemodel Attentionmechanism

Varioussequenceto sequencearchitectures
Sequenceto segue

RNNlencodernetwork RNN decodernetwork
































































Imagecaptioning

Ahtwihouts.tn
RNN

Pickingthemostlikely sentences

in Ponti 剡州兴州划
English

French

Beamsearching
B 3 beamwidth

煳 2 赢meter

參參embejpgm_Ptinoun
igns.IPHYxjy.fi世

Li

庛denNetwork DecoderNetwork

Outputafter to step inseptember janeis janevisits
Refinements toBeamSearch

Lengthnomination

targetfutoncanunite as



agg觑㸪的
⼼心 j圳

logformation

agmaxjogpglx.ciyyhfhuttpunt.mn'd
㦽hgPglxii n.gg

Erroranalysis inbeamsearch
beamsearchcanseemas an animatesearchalgorithm

or a heuristicsearch algorithm
Process

i traversedataset tofinderrors
I findwhy algorithm or model

Bleuscore bilingualevaluation understudy

Given a translationfrommachineand automatically compu a
scoretomeasurethistranslation
Bleuscoreonword

1
x'ˇ __ˇ
Bleuscore on bigrams
likaslidingwindow

k驘
和前
癌hunt

锻制
unig



g
AttentionModelIntuition

知 hunting wk
Onlyread a partof sentenceonce a time

Howmany aint
ā i is ii ci ii in ii in ii

Encoder

Keypints asetofattentionwights dip
output in

Companion i
at amntofatntim.cishould pgti
a化唱 gwty
駵⼼心圳


