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data augmentation except HW 11

----+ make your model simpler
trade-off
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2. Optimization Issue - {EBSBIENERIE
SRR REIEN RN, FNENRIRZERE R BRI EIE

XHE Model bias IFAE optimization Issue
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Optimization Issue



3. Overfitting
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o S5EE—ERE] F8/VMRIRZE

4. Mismatch
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RRIRIIE:
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Saddle point & Local Minima

Optimization KB R E
Gradient HORT, HRIRJBEA[TF critical Point (4Ff) , fE Critical Point B]BE{F{EMIFFAIEE:
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@I v Ho, BILABZIET Critical Point BIE)R:

1. FEE v, 24 vl Hv > 08, L(0) > L(6'), MitkE Critical Point &6F Local

Minima;
2. 3 FEE v, M vl Hv < 084, L(0) < L(6'), MLAT Critical Point 4F Local
Maxima;

3. SEEEERS v, £ L(0) > L(0'), IFHER—8% v, £ L(8) < L(0'), MItA Critical
Point 4bF Saddle Point.
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1. 3 H IEER (FTE%RHEEJIIE), NZAT Critical Point {i2F Local Minima;

2. 2 H el FrBA%HEEYI%), W=AD Critical Point 7 Local Maxima;

3. 34 H AIFEERYHIHE XN EFERRYSEE NIZET Critical Point {F Saddle Point.
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Example
EMN:
o 1EEL Yy = wiwsx;

o & D(z,9) = {(1,1)}
o EMIRKFE: L = (§ — wiwox)?

HRIEIRE, REEHETEA: L = (§ — wiwez)? = (1 — wywy)?
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tR¥EEigen Value A1, Ao, AJB 2RI Critical Point (0, 0) {iZF Saddle Point
1
RS, A = 2, u = [1] , LRTERE u RUTSTRIIT3EHR, BIRTRERS Saddle Point

TESCPREES, IRIMERIL TS AR Saddle Point. RIATTEZMSMNENELTHK.

Batch And Momentum

831\iY Batch Size 58:KHY Batch Sizetb§%

item Small Batch Size  Large batch Size
Updatei®E JEFH1T) {ES 2
1 epoch BT/&] GElE Dzl
Gradient L= N E
Optimization ({fi{t) E2as f&Z=
Optimization (GZ41) BT EFS
Momentum

e Gradient Descent: i EENRA EHITER
e Gradient Descent With Momentum: Gradient Descent B9 AT + BI—/EoIl05 A
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2. 3IEE m® =0

3. iHERE ¢°

4. tHERHIEE m! = Am? — ng°
5.3 01 = 0° +m!

6. IHEHE g

7. itEgmsiEE m? = dm! — ngt

Learning Rate (23JiE=R)

MBETEAT 0 — 0 + ng ATLIRHL, FE—NSHFEIER n, (RUIEEN)|GE2E 7, &
IR training loss A~ N, HA—ERPAN T Local Minima 8¢ Saddle Point. AE—FfE]ge.EH
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SEPR_E, 1.E—™ model B Local Minima 21R¥#HY, 1L Gradient 5 0 BEASALE, FlUD:
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ZTERn NBELEE: https://zhuanlan.zhihu.com/p/355091448

AT R EARERE, BTLABE BalF SRR, R0/ AR ELRARIEHE, IRER/NIF
S, AR ER/ IR, IREBRARIFI .

WEEEIE 1 NS 0; 1£t + 1 BFZIBY Gradient Descent:
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1. Root Mean Square

t
1
b — _E t)2

=0
RIBSE) 0, TEARIIZIZE I RES of MITEREE g BIFHMEX.
RMS BE T Adagrad B

2. RMSProp

ot = a2 + (1 - a)(gh)?, o = /(g0 = g, 0 < a < 1

Adagrad ESRBEFTERITENEL, TSRS, Local Minima 1B EIR T ERIETITFE
HOERS. TR EE S S S L B B R B AR


https://zhuanlan.zhihu.com/p/355091448

o HIZFBETS, FIRKERK
o HHEBEIRRIMTS, FIFIRERY.

RMsProp FR, (RUNSRIEZR] T —MUEFERIKE, B ISHESRIAY gradient g RE/, AT o B
K RztER.

3. Adam
HIASIE RMSProp 5 Momentum &S, He:

e Momentum E%JGradient g ZNSHIBGH(L;
e RMSProp EHIENANEARFIFR, [FIREgEREH BISERNEIARLA.

4. Learning Rate Decay

LEATE T F IR eta B, BEE t ARHEK, o SAUTRED, AT 1 RIMSAEIEK.

L, 7977 EHEURYEE SRS, FREEXT n R, FEEIIZka0H T, SENERaBIRRE, FEE
AN 1 BYE.
5. Warm Up

warm Up SRESERRFTS%E 18X 1 Zhihu

Learning Rate Decay FPRY 7 RIABEIMAY, M warm up AISRERAISGIL eta IBK, BERTEEL M
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RBEARNEAITLER, EFNISHE o, n, UNRBRIBIEE 9. HF Root Mean Square,
RMSProp , Adam EIEIIXT o HITHOHAYSFIE; M Learning Rate Decay , Warm Up mu%ﬂj’njig
HATHH.

Classification

J‘Ef%" Regression EI’\Jﬂ/:E}%

z — | MODEL|—y<+ - — g

BATATLASRUBYTSRHT classification :

z — | MODEL | — y < --- — g(class)



https://arxiv.org/abs/1908.03265
https://www.zhihu.com/question/338066667

XJF classification [AJER, JHAYZEER ¢ BILABERS one-hot vector RER7R, Ul:
1 0 0
y= |0]lor|1|or |0
0 0 1
k43 BIZR7R Class1, Class2, Class3.
XJTF Regression HIIREY, AREMEFZIVRT:
G —y=b+clob+Wz)
MX$F classification HIREEY, FRREFEFZ IR
y=b +W'o(b+ W)
BEAIEEEG N y #HT softnax BMEEE ¢/, BT Label § LUK
g < -+ — 9y = softmax(y)

Heh,
e yA0E1
e soft-max AUEFIERBTUNNE vy #BohZE 0 — 1 ZJ8], ff normalization
o yOLIRERE

Soft-max

soft-max AUWERASETE v #ahZ=E 0 — 1 ZJ8], f{ normalization .

1 exp(yz-)
TS e (y)

— R REM NN, ATLABA sigmoid ; MB METNUEER soft-max . (SEFR_EZEHEREIRY)

7(0<y£<]—azyi:1)

Loss of Classification
B L=+, en

oiE:

§ <+ - — 1y < |SOFTMAX |+ y < |[NETWORK | + =z

BZMEATTELoss, BEMER cross-entropy (32 XJ) :
e=—) yilny
i
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Batch Normalization

IZEENBEEERR: https://samaelchen.github.io/deep_learning_step5/

Normalization RLABIFITZ IR RI—FUGE EANFREAREMS, L(7, y) 2Z20H
NEGEAISIN.

ECANR— M EGRE R NMEE, — MEEERR 1 — 10 ASEERIKEIRY, B—MERERZ 1000 —
10000 Z/EiKaRY. BBAGNR y = x1 + z2 RBER/R—THRERIEIEX y FIRIRIEREX.

BBALLRTf Gradient Descent, & Scale KAY4EE EIBEFECIRK, (BRE7E Scale IS TBER
Eba/N, 90 pic 2-4

Loss L

e — >
IRXEEARERE FAIEE FEEKEARA—HEN. FRLESRITEISEERAIIWBRFZIERT, AT
DRI SRR E, SRS RILRIR, (B2—ARF Feature Scaling BLAJLAY.

M Batch Normalization ESCtBEFRETIXHERVIES. —R&MS, FA Normalization FE
%, BB Batch Normalization E;k?}ﬂ%&"@—/l\ Iayer E’\Jiﬁ)\EWMJ‘Z/A—TTsTH’E

KA IEETHITIER, &% Batch SAZEE, XMEREAILEEEIEBH 1 0 0. Batch
Normalization 5 Normalization BYXBI, #iZ Batch Normalization ITERIETE— Batch BY
pilo.

WNRIRTIFIXIELED Normalization F| 0, 1 XEERIFZZURTBERLE Activation Function RERA
%, FTLAFAIBILAE [E— FEIN—Z Linear Layer RERHE—T.

FNAFRSEEYN Pic 2-5:


https://samaelchen.github.io/deep_learning_step5/
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depends on z*

Testing of Batch Normailzation

1532+, FAT—AREBE D HIRAT Batch IR, (B2 Test BURHE—ARE—IRIHBEEET—
B, ABNIFREEERE—&EN 1 o.

RRAERITE—T2E8UESE D (I9ENINEE. 5—ME AR BXIEE, HIIEMREBRE
— Batch BUIS(EFIFREZ (Moving Average), iI9F200 T

~ / EZZ_;E~
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fi < pi+ (1 —p)'

ZEICHIER Y AR EEEEU T UREE CEX PRI TR T):

1. BEIESIIEE - https://samaelchen.github.io/deep_learning_step5
2. Batch Normalization - https://zhuanlan.zhihu.com/p/355091448



https://samaelchen.github.io/deep_learning_step5
https://zhuanlan.zhihu.com/p/355091448

