4 TaskOAFFiaM:

Task04: SRBFEXH, MEWM P13: REZINABNREEBENSH (2X)
https://datawhalechina.github.io/leeml-notes ; Rttt :
https://www.bilibili.com/video/BV1Ht411g7Ef

Task 04 R E 2 I M B = REEN S

AEFZIN=1THR

o Stepl: #HEZMNZ (Neural network)
o Step2: #&EIF(EH (Goodness of function)
o Step3: EFEFRMEEL (Pick best function)

Step1: HEZML

o HEZEMEE (Neural network) BEMT R, FMENIHE T,

s FRRAE:

o HEMBLAINERSAEINERS, XEMSTENERLEM (structure) EXTHEZREL
BE, HMNARZEZEEFRE, HhESTZEREHEHCHNENECHRE, XENEN R

EMESE

o PBREMZTHERIT 2D EENE? ELERAXNBRIRFHEIRITN,

11 T2 EIZRIRRE M 4K
111 2EEM iRV IERE

o WIAE (Input Layer) : 1&
o [2iEZ (Hidden Layer) : NE
o HHE (Output Layer) : 1=


https://datawhalechina.github.io/leeml-notes
https://www.bilibili.com/video/BV1Ht411g7Ef
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o N ANEEEER?

o ERHlayer1i5layer2z [B)AmAAELE, FRAIUMEFully Connect;
o Nt AMETEIE?

« ANIEEENAEEHEERE, FIIUMMFeedforward,

11.2 SR E R IRAR
B3+ 40U fiDeeple? Deep = Many hidden layer, BZIEBINEJLER? X PMEEIRT .

BERHTZ, HIRERERRE, MZoESEA, BFEHESBICHERNITE, W FXEERNEN, &K
—EARES—1"T—"THTE, NFZHENITE, ERIoopEIAERIE,

XEHATMSINEREITE (Matrix Operation) BEEFHNNCENEREMULEERSR

1.2 3651t HE
HEAEME: sigmoid (INEwW [EE] *#A [Ee] + FBEb [§8) ) = Al



Matrix Operation
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Hrpsigmoid E—fg A9k 2 R0E R £ (activation function), IEELRD A sigmoidE S HURIER

.

o [1] n [{ﬂ J) _ [0.98]

MRBRZENRE?

a! = o(w'z + b)a? = o(wla! + b?) - - -y = o(wlal =t + bh)



Neural Network

o( W' [x +b1)/

[}'( WZ 31 + b2)

o( Wt @t + bt)

HEAEMERRE, £8 L—TEEFER. AUBTHENECEMBES T EHERTE.

o( WL ..o W2 ol W! | x + b))+ b2|) -+ QL)

MER EES—ERITEHE—1F0, hWMERTEN#HTHITERZE.
BRESREFZENIFLE, RAIMERGPUINE.
BETHEMNE R UXFE:

1.3 A f: BEIREEHITIFERR

EREEETFLRICKERRRNFILIRE, IFERE—TRERHLNME—EMBITE (B
TRERE) MYTabE, HXZ2EMENRBENGLSHEA (Z2EHHRINEIIN—H2RTF
BHE) AEET—1T25%K:3 (JUEsoftmaxXEy) [FRIREHLY.



Output Layer

Feature extractor replacing
feature engineering
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Input e R ~ Output = Multi-class
Layer Hidden Layers Layer Classifier

1.4 ZTRBL A

« ZME? BEREZVMET?
ENOENBEASWNM EERN G ERHTER . I TFELENZFESIERMNEM, FANI—ARALE
ETFERIEBUHE, BN TREREY, BRMNABBERITHEMBRERETMAINT . WTFES
WRMEARIRA, REZIZNFNAE, EAMHEIRREUSTEHASS.

o EMTIABSIHRENS?
BRZITHET UL Behik EIENENERR, tEH A ATHENLZ (Evolutionary
Artificial Neural Networks) B XLEFEHTERER

o BATRIDARIT M ENE?
BILARY, b4l CNNERR#LEZMLE (Convolutional Neural Network )

Step2: ERT(L
21 KR RHl



Loss for an Example
7
Hl)‘l

Y10

10
C(y,9) = —Zj?,;znyi :
i=1

N F BB, HAI—ARKBIRKRECRRMERAIFE, FIUTFHRENERGRE, FIRBRRXIE
(cross entropy) HRECRyFIGIIRRIFITITR, B TRBENMBRBSE, LRI/ NELT,

2.2 Bk



Total Loss:

Total Loss N
L = Z cn
For all training data ...
- n=1
J; xl—s NN
0 Al NN Find tffunctmn in
| function set that
] minimizes total loss L
L{ x¥3— NN
Find the network
/ @[_. NN parameters 0" that
minimize total loss L

JFMEK, BN BRRETTE—EHEN, MEETEBIFIAIGHIENIKL, AREIEMEIIZER
BRI ER INAESR, BRI—DEEIREL, FETRMEE unction set2E IR —HRMBER/ MU TR
AIRKL, FE B —HRENEBNSE, R/ HEAEmKL

Step3: EFRRIMAEN

3B1HETH

WA R SR MAIR AN RIFRI—EBSEE, HAIBRESE T (Gradient Descent) .



Gradient Descent

0
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Gradient Descent
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BN o2—AESNENRENSUES, K —TEE, BETRTE-TESTSEN MR
7, FEN—MRHUDNESVIMEZRE B TRERMSD, BAIMAI U EREEFIMRNSL,
REFRMIREHTT, MEFE—ARIFNSHRESRKRBVER/)



3.2 REfEIE

ERENERITEMARIFNAEMEREERE, HRMNTURRZIERRSITITERK, bR
TensorFlow, theano, PytorchZ%Z

BE
A ABRRESS, RBREHRILITL? BETRIRBEM ST
(1) B3 R 2 ar?

Deeper is Better?

Word Error
Rate (%)

Layer X Size

Not surprised, more
parameters, better
performance

Seide, Frank, Gang Li, and Dong Yu. "Conversational Speech Transcription
Using Context-Dependent Deep Neural Networks." Inferspeech. 2011.

MEFRTOERE, BRRE, RRERERMT~~
(2)EEMEEE



Universality Theorem

Any continuous function f
f:RY > RY

Can be realized by a network
with one hidden layer

Reference for the reason:

(gIVE n ennugh hidden http://neuralnetworksandde
neurons) eplearning.com/chap4.html

Why “Deep” neural network not “Fat” neural network?
(next lecture)
S ZHmode S HIERIFZRIEEN, THE—EBRANER:
o WFERM—TEZENRE, HMAIUAEBESHRBERRT.
BAHLBNIERERE LR, HEA—EMERTRIMANT? i TRIOIRRRNAFEHE.



