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1 Image Classification

1.1 Data-Driven Approach
RNRITAEGI Y, GtPlge 2 AR B . ARG 4T85 001, Bsakah ikt fr
PATF 3 A2 5R:

L R B AR s

2. RS ) TN A 2

3. % RGN IE 7 AT
LI L, AU RRR R DA KA train Al predict, FPEUHTRIRING, HE
(N b ) B 2R A 7 T

1.2 Nearest Neighbor

IR AR I BRI 72 2685 . VRLAR D IEAHI, Fii4Bi train SRR UOURICR T IrA %K
Yo S HARZ:, predict AR EIAIRAE -5 1Bl B s AHUT I B Fr I ARV S R i

JAG BT SRR T B, (R AR — A MR 2 B AP K B R AR R R . i TP R ] A
BEGRLALAUNN H x W x C i, i DARBEEACH A ] S AR R A & 1, T 22
B E &, b p FoRmENS p TR, HAHRNEEA:

o L1 distance (ZMFWHEEET): di(L, L) = >, |[IT — I5]

o L2 distance (WULEARHE): do(l1, L) = />5,(I7 — I3)?

HRITAR I R ER R 2E , ORISR B — R 5, B I — R AR RS, AR B .

1.3 K-Nearest Neighbor
NT FRRETABI R, kTS8R b ARG, A R AR AR

WS 1k EBREEY, b WABE IR T8E W, MRS M), RS S
kSRR T — AN S EUR I B R AU B, ¥ L1 distance fI3E L2 distance fZ5R LA,




L1 (Manhattan) distance L2 (Euclidean) distance
d\(I, L) =) |I? - I3| da(ly, 1) = \‘Z (- 1)’
P /| P

. .
. e . * o
. .

K=1 K=1

IR, e SR N TIRT RAESE, RAOTHERIEET R 3 38 YIZEE. ik,
R R AUBES R, TROHEVIGE LINGER, FERuEgE Bz mviae, HRBESE
(EAFERE R B i, SRR AT, I AR B PR REAE o A e

EXBEUE R R R, FATRTLAZERE b I8 SCIUERY 7 sURE Bk T Fefir it
— ISR, ERT Rk (fold), FEFRHBRFRE— X RSN BRI SE  HA AL A
GEeIEAT kg, VA kA INSRPERER TN L BB SHCT I ZRERE, A5 XHE S Bt AT
RSP B R tE, AR R DAE ISR B PR REME N IR PERE.

| Your Dataset |

Idea #4: Cross-Validation: Split data into folds,
try each fold as validation and average the results

| fold1 | fold2 | fold3 | folda | folds |  test |
| fod1 [ fold2 | fod3 | folda [ fold5s |  test |
| fod1 [ fold2 | fod3 | fold4 | fold5 |  test |

Useful for small datasets, but not used too frequently in deep learning

KNN gl KNN 2k i, H2mshIEsssh

L EEABAUIGERE, OGS IEBRARICR TR, R i 2k P R 4E , ARFAERT
(R KD-Tree SCB, BEMLEE NIRARESE log /Y, BhF—28, HEPARNE): X5
AT FFEER IR B AR B AR S R 2 I R AL A TN 2, (E— HAIRE T, FEX)
AT T IR EEAR PR 2R

2. AFEREBZ IR DA AR AR R, b R &7 5O BRI & AN KA

3. e EAE AR R, AR S RS 1] R AR R, BT ARSI Rl hE
HAIH A Z 2




2 Linear Classification

2.1 Linear Classifier

BHBIEE {(ziv) | i = 1,2,...,N}, Ho 2, € RP,y; € {1,...,K}. & score function:
[RP = RE D Hi A— AR E R R ERRN D dems, BB R BT &2 score.
IIIAH score BRI A BEAT )R TX A~ 251,

X1F linear classifier 334, ‘BB score function A:
Fa; W,b) = Wz +b

Hepr, W e RF*P b e RN 22, S BIFRAE weights FI bias. g1 T4 i MM W HISH @ 47
5z FABUINE b B9 @ AR, RSN Z B AHE S, 5RO RO T e -

SHELWLHES# linear classifier, HWEF| 2 = wx + b 22— RPT i FmE, HmEhy (w,—1), &
BER 0. S AR @ FERE VXS OB R BT Ry, U REJE TR P ARER I 2.
i D=2 W— M+, LAFRETHSE 2 =0 2L, IWETELE, we+b 2K,

N
=
2

airplane classifier &
~

deer classifier

car classifier

NTHIESE W, b, FoA755E XAk EL (loss function) . Y145 W, b 5tz i/ IME A5 2 R B 1 7
B2 ) R 12— AL
2.2 Multiclass SVM

Multiclass SVM s I s AL XFT 8l (2, v:), HAURE SO

L; = Z max(0,s; — sy, + A)
J#Yi

H, s; F8 o 7858 § R EMES, B s; = fla; W,D),.

XX R B . WSRIERA 2R sy, HOARIRDRITG s; B8 —4> A, APk
ke 05 W, BIKZ sy + A sy, ZHEGEY. BTSRRI EGIEREREE (GH), BreA
XK PR A PR hinge loss.



TEML g R R AT IE WAL . 2508 L2 regularization, N Multiclass SVM [ 523 TE 22
N
_ %Z S max(0, f (w3 W,b); — f(ai W.b),, + A) +)\ZZWM
i=1 jy,
EAEERNE, PR A FARTEITRESE, BA =1 8, X2 W B RK b 4E
AT DAYEAREAS 55 Bl sy, B9R/NIERIIAA F BB, oA A BUEHFREILE A

2.3 Softmax classifier

Softmax classifier f& —JGiZ BT B8 EL 0L LY R, AT multiclass SVM, softmax
Classifier (08— MBRIARRE, SURTTS, XITHAR (. 9), B f; FoREAEH § % LRSS,
softmax classifier #.Z F i RARHEAATNTEMEZS, FRHL cross-entropy loss {F it 5 B4 :

ef?/i

Hr, A f(2) =€/, e* FRAE softmax function.
[FIFERT, BRI R BUE SRS L 09~V {E 0 b 1k )4k i -

Zlog( )*AZZWM

MAG BB EERRAR, RELSERRAR p, (TR A1R ¢, W cross-entropy & LA
Zp )log q(x

TR R I, RAVEHI0AK ERERA N g = efn /S, e, TEIAAN p =
0, 1,...,0] (BUIERAIA%H 1, HAHK 0), Softmax classifier 5/MEIIHLE H(p, q).

MR F LB

efvi

Zj efi
A DA U S HC Wb I, @ I9ZE v WA, PRt/ MbE Ly S50 TSSO AR T
EHFTEENZ, EREGREN, o/ MRERKKUETIHERERMK, FemEs:

efvi Cefvi efvitinC

Sieli Oy, el 5 elinG
P AFATAT AR In C = — max RAFIX A

P(?Jih“i? W) =




2.4 SVM vs. Softmax

hinge loss (SVM)
-2.85
matrix multiply + bias offset max(0, -2.85 - 0.28 + 1) +
—» | 0.86 max(0, 0.86-0.28 + 1)
0.01 | -0.05 | 0.1 | 0.05 -15 0.0 =
0.28 185
0.7 0.2 0.05 | 0.16
22 + 0.2
0.0 | -045 | -0.2 | 0.03 44 03| [ cross-entropy loss (Softmax)
-2.85 0.058 0.016
W 56 b
i
> | 0.86 _,QXP 2.36 _,norma 20 [ 0631 | -teatoas)
wi (to sum =
to one) 1.04
0.28 1.32 0.353




3 Neural Networks

3.1 Modeling One Neuron

fhgpe  —METTR AR LA AN PR EDT, FREGHIE R f Z ek .
Lo wo
A S—-y
axon from a neuron o Po0
WoIo
impulses carried
toward cell body
branches sy f (Z wiz; + b)
dendrites of axon i
iz +b
o Xi:w < output axon
nucleus 5 >terar)r(1::1nais activation
function
\ \ impulses carried
' away from cell body
cell body
TS PR
Sigmoid o(x) = 1-&-%
Tanh tanh(z) = Zj;g:j
ReLU f(z) = max(0, z)
Leaky ReLU / PReLU f(z) = [z < 0](azx) + [z > 0]z
Maxout f(z) = max(wiz + by, wax + b2)

o Sigmoid: PREELMRFEN, (HELMRDH T, X2 EA A K :
— Sigmoids 2 saturate, FEBEEMNK. BT o(2) 1E |o| BORBNBEEAF /D, M0t R 2%
P i R i AR FUR BEROR SR, ZHERE R — 2 —JUbaRE R, FToA—HIBRIBERN
s, BREOMTCIRARE R R ERh T, X FERNR A2 SR LA B AR .
— Sigmoid fHIHAZIA 0 FHLH), XEWE G ZHEICEZ MM AR T 0 1AL,
MBI w IR 4 IR B 4 17
o Tanh: tanh(z) = 20(2z) — 1, FrARRIRAFLERRRETH R A L

e ReLU:

— (+) 5 sigmoid B tanh I, ReLU KAMEE T SGD filf S s ;
— (+) ReLU W3 SEIAEM I, 1M sigmoid HI tanh 3 K BIH5405F HLBFE I 115
— (=) i/ ReLU A5 REMEAIT “FET27 . WERSREME KR, Ko ESHE
K, SERIEIRE R S we + b HY/NT 0, T2 AR ] 3 11728 5 0.
o Leaky ReLU: N Tf#t ReLU HHpiZe “FETZ" WM, 5| A—4/INEEL o
» PReLU: Leaky ReLU Wi o #/EMZITH— D282 51k,
o Maxout: ReLU / Leaky ReLU J& Maxout BJ4E-5EIE I

VR IU Sy A GBI R KBS, T AR SEBE > linear classifier.

« Binary Softmax classifier: #HZITCHit o (O, wiz; +b) ARINIERPMMZE, R
cross-entropy loss Yl|Z5, W53 binary Softmax classifier, R[1:2%E[H]1H.
e Binary SVM classifier: ffif] max-margin hinge loss {)l|4:, W|45%)] Binary SVM.



3.2 Neural Network Architectures

—ARAE, MM, ETRBZ . T R E e e Mg, 2 ERZ R, bR
MR TCL A WE R, SRR T AR 2R 015 70 e — SRS E R B A (EEAnlmlEHiE) -

output layer
output layer
input layer input layer

hidden layer hidden layer 1 hidden layer 2

BA 25 ) 25 ] DA DM Bk B I AR B2, A& UEBHAE Approximation by superpositions of a
sigmoidal function (1989) iXfEi 3¢, BRI ATEIE%A Neural Networks and Deep Learning
R E. BN, LR Z R AN B ROREL, EAS .

Hamat, RiZEMaociomie, HRKE T #EE K

3 hidden neurons 6 hidden neurons 20 hidden neurons

HIX WA R Gl P E, ATDORBGE ARy 5l S 4075 -

A =0.001 A=0.01

3.3 Data Preprocessing
Mean subtraction g ¥R R FE, Bk,
Normalization R4t 448 B 43 R B R R AL, — oA miftr s —@xh oA fE Ry %L

PRFR A AE LR AR E RS, (AR AE LR BARII N 0, Tl 1 R KA AR/ MBIy 1
=1, AP BEHERAE [-1,1] 2.

10


http://neuralnetworksanddeeplearning.com/chap4.html

original data zero-centered data normalized data

PCA  Epirotr (PCA) 2—FpH HIERM 47k, BORMA AT ILLER: ) il

Whitening RS2 — 2 sumlirfli, W whitening KPEEAS NI 0, Wiy 2Ry
(AR Z e WA o RSB =, AE R A, AR BELERE N, MR 2
MK (decorrelate); R ZAH XM R MR R VAR 4R EE R RFAE(EDOLAS 2 T whitening %5 .

original data decorrelated data whitened data

AR B MG —BA K PCA F1 whitening, {H-2 F.00bPA & normalization {7 B2,

AT TEAETUEIIR, BUCEASETHE I I GRSk, AR5 I B SR it
b AHEB e RN B BE, FER U / Bk / D A

T

3.4 Weight Initialization
%R (FPF) eIl 0 REHRIEBEE, BIEAIXAE R —Z 1 BT A fh 2ok A X 51,
EATR  EAE (. B RRERBREE . BEATRIFEI SR (B BRI, iR A 2 .

IDRERLE  WIIGAE I O RIBENLECR ZF MR k. —Mam =, WA 0.01 fERFRHEIERS )

TIFEMBIE = OriB A e — N Il B 22 0 2 4 07 22 B i AR R T HE R . A Neu-

ral Networks and Deep Learning J{EE 2 T — M T BX — 5 A% 1000 N A A 500
A~ 0 F 500 A 1, FEEE AR MEIT, 2= 3, wiz; + b $¥F2 501 MREERS

11


http://neuralnetworksanddeeplearning.com/
http://neuralnetworksanddeeplearning.com/
http://neuralnetworksanddeeplearning.com/chap3.html#weight_initialization

2, WMURM N(0,501), F2Emnk 501, R T fEHsX A, AT

var(z) & var (Z wjxj> for simplicity, ignore bias
J

= Z var(w;z;) independence
J

=Y (Blw;])*var(z;) + (E[z;])*var(w;) + var(z;)var (w;)
J

= Zvar(xj)var(wj) assume E(z) = E(w) =0
J

= n var(w) var(x)

P, %5 var(z) = var(z), F# var(w) = 1/n, BFANTHFEZRIIRAHERRLA 1/v/n BIF] . 5K
B HHX R RE N PR 84 o

E#%. 7 Understanding the difficulty of training deep feedforward neural networks by Glorot
et al. XIECH, MEERLEBN var(w) = 2/(nin + now) KHIIRL; 7E Delving Deep
into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification by He et
al. W1, fEEX) ReLU MEMLZ AT/, 153G 27 2RIkl 2/n.

Sk, EBCRM ReLU fpgpon il Ji 28k 2/n.

Wit AR SO R R IR 0, (HREDN TS FRE, A2kt
IR T — A TR IT (GEEE T —A Nl e 1 A28 o

eI R EIUE IR 0.

Batch Normalization 54842 /&2 5 G RECZ A4 A —1> BatchNorm layer, [A°}
normalization & A] S EAE, X AME TR, BAE&AEH 1S : Batch Normalization: Accelerating
Deep Network Training by Reducing Internal Covariate Shift.

3.5 Regularization

L2 [EWE i WAOIE Nk, 14 28 B AN b 5 Aw?. AR st A5 000 245 0 ) - 40 B AN
L1 EWfe A LB E N ¥, R BRI b Aw|. KRR 2 (A5 0 28 B AR {0 1) T A B
(AP dessar 0 gy, 5 L2 IEiHH% ). 454 L1 #1 L2 7[5 Elastic net regularization, EJJ[A]
PR BREON L A |w| + Xow?. — RS, WHRASE4R A R SURRAE ()35 45, L2t L1 JCR & LT
IR RIEBLIR AR ERE w PRAE: |||l <c, ¢ —f%H 3 5 4.

Dropout FHAG %A fa BLA 15 WAL 7V, #F Dropout: A Simple Way to Prevent Neural Networks
from Overfitting by Srivastava et al. H#i}, BEAEAIMIENA I ERANE. S ER2AEI g
IEMZ TR p (—NESE) BIEERE R 0.

12


https://proceedings.mlr.press/v9/glorot10a/glorot10a.pdf
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a) Standard Neural Net (b) After applying dropout.

D VLI i BT SR AR, PR T RE I AL, RIS I DU A 8 R S i R Bl AR

3.6 Loss Functions

AR HH SVM loss:
L; = Z max(0, f; — f,, +1)

J#Yi

L 1 o
i = —1In Zjefj

S A AR, MATA BT, W vy R i MRBRERETH K. K
1] PAXFEE—ZE |2 — logistic regression classifier, 2R )i FH 01 XTI EUCLERAE Rt 55 R4

Fl cross-entropy loss:

L;=— zyzg Ino(f;) + (1 —yi;) In(1 —o(f;))

WIS WREC L2 5 L1 BEegffoh ik ik, Bi:

Li=If =will3 =) _(fi = (w))?

J
Li=1f = wills =Y |f; — ()il
J

3.7 Gradient Checks

P 28 [ AR IS FER AR S B 1 bug,  TRIRFRA TR AR B B IR, ] UK B RN 4L
(EPREE AT IO . X B — 2L PR tips:

o 1% numerical gradient B}, f#f centered formula, BJi:

Af(@) _ fleth)—fla—h)
dzx 2h

i ) & Jeth @) e R Ry a2 O(h?), MiEEE O(h).  (ZEE)RFFEITTE)
o I FHIRT IR LR . AR XS L 1074, B ATERE AR BN 1074 1Y

13



Wy, EAEERA 2R ik, FATE AR R

|fa/malytic - frllumerical‘

max (|f;nalytic |7 |f1{1umerical |)

3B max sCEIIAIECE UL E— a2 T AR, (2B NDERE.

o WREHRERBIAT S A, BT AR S5 % numerical gradient ] fEFISLPRN gradient 4
BORZEM, ARIRZEB R FEMA A X .

o REHDEEE. ok E—RBN—J5752 gradient checks I A ERYEE, XHEH
PRER B AN W AL R D ;[N H A 2 ~ 3 ALARE RS T .

o h ANHBEGKN. BHIE b BUNERET, Hh TR SO ED2E, R/ANT ATRE
A -

o /NOIENABIR & TR EERY AT o AR IE AL TFEAR BE b 5 AR, BT REHE SR A T back
propagation F5E R, — 7 F g TERE A TR I 2545 1E AL .

o 2L dropout/augmentations. B AL E I FREE A B A RGPV &, HLAN dropout B
HHARRIBEPL augmentation. i B E— A BEHLERD T2 T AR .

3.8 Sanity Checks
TEIFIRINZRZ 1, PTPASEREAT sanity checks, PAPRIEFRATTHACAD @ IERHY o

o FEARRHED R R B UG (EL. VAN —A> 02K, BEMLAIIA (LSS FAT TR B3] 1/10 AYIE
iR, WEIOHEARR R B EOREC : —In(0.1) = 2.302.

o TSGR EIEE . MR NOBIRERINGR, FERERENAREILT, JA1M 1%
ZAFE] 100% HIERRAR KRB 0, RIFERX MR/ B Eid il &

3.9 Babysitting the learning process
2] SR PP FATT AT DA U — LR R AR B g A2 AL

o Loss function. fF loss - epoch FIREEDULAYSIFFATA T HPROL, FEBNFRATIA B ) R 5 S

loss

low learning rate

high learning rate

good learning rate

epoch

EEEEE

o Train/val accuracy. YEIZIEMEUELE ERHER R EBEE A SIRFA TR m MG/ KU
A, 3 BFHA TR AT

14



[ e
accuracy training accurac

validation accuracy:
little overfitting

validation accuracy: strong overfitting

»

epoch

+ Ratio of weights updates. Kl S ¥ H IR, FRRATAISY ) REBME, BN
R FE % TE 1070 ZeAs

+ First-layer Visualizations. 7EEGALSAYMZ , FET7T UL — RO MIZCR S H0E 5
AP T R

3.10 Parameter updates
SGD e 3t

e Vanilla update. FpEHIFEYLELE N%

« Momentum update. FhEH SGD FEdg—Ab#ER b By 85, sig— A Nil—
FEo MASRBRAMLS —A oy, R — A/ NER IR TS . B — A5 B CRFRe IR ) B 45t
P, X momentum SGD [ RJEEE . HAEHL, momentum SGD HH AN :

vi=pv — o de

ri=x+v

Hrr, o F2po R, p AR AR RS T

e Nesterov Momentum. X2 % —# momentum update. AT _—2%%, Nesterov Momen-

o PR T RSB R SRR PR, LR

Momentum update Nesterov momentum update

“lookahead” gradient
step (bit different than
original)

momentum
step

momentum
step
actual step

actual step

gradient
step

15



HARHL, Nesterov Momentum FH1F

Tahead ‘= T + Ho
V= pv — & dTapead

r:=x+v

SRR e ST IR RN S SRR, — F A7 SR 8 learning rate decay
T

« Step decay. £iEf LG R learning rate /N, Biltndg 20 YGER G H/ N FE KR 0.1, 5
HHE S YOA R N5 X EESLR T HAR MR . — s A 05422 validation
error {2 [ 8/ NI/ learning rate.

« Exponential decay. & a = age™ Ji/)y, H ag, kb 28SE, ¢ 2EA0REL

o 1/t decay. K o = ap/(1 + kt) /.

B, step decay TR 2 &2, A HREI: HE A A 55 o

Wi B T BRI AL B, EDBRIE. AT LA A )y
S8, 40 Newton’s method:
z:=x—[Hf(z)] 'V f(z)

Horft, Hf(z) #05 Hessian matrix, Vf(z) #5 f(z) HOBRRERIR .

HREE AT A S A EI BB, XWRHENT M E e . 52, Newton’s method
H—TRERZERE S, B Hessian matrix S FHEK, n NZE1 Hessian matrix & n x n 17,
THAFER HXEAFf . Pk, BT ARZ quasi-Newton methods, {41 L-BFGS, EfTATREFF
Hessian matrix S35 H k.

BSEAGEM YR EZHNFEIET, 2 R2E RN B PIra SR WA RE 1
FERSFE R ERE, NI AR T2 A 8] a5k, Hixseey ] R RGN — 24
PEATIRE . BRI LTI R WA S EL, EENS AR A, RETESE R TE B N R I
RN R SR

e Adagrad:

cache := cache + (dx)?
dx
v/ cache + eps

R, B s AT E O8NS numpy M. X ESCRYBEMERE : cache —BisR T HREA
SR T, AR SRR, AR R0 MR, BRI
ISR ONIE S S8

r' =T —«

16



« RMSprop: RMSprop 7 Adagrad &l 1T T ) FRIE L :

cache := decay rate x cache + (1 — decay rate) x (dz)?
dx
v/ cache + eps

WHIRN T decay rate X—#8&%0, —H#RBUE N 0.9,0.99,0.999.
o Adam: W PAF /S RMSprop 4 momentum MARAS, H (fAifkhy) BT :

r' =T —«

m = fim+ (1 - p1)dz
vi= fov + (1 — Bo)(dx)?

m

VU + eps

WA SHUZ: eps = 1075, 81 = 0.9, 82 = 0.999.
SEEEf Adam BFESFAE— bias correction AL :

r' =T —«

m = fim+ (1 - p1)dz
mt:=m/(1 - pi)

v = Bov + (1 — Bo)(dz)?
vti= /(1 - B5)

mt

Vvt 4 eps

T =T —«

3.11 Hyperparameter optimization
ESE AR — AR E I, Oy H bR RO i 2 M i ERE, A — A28 iR
B3 —HES SR SR ER MR . RN E RS — A B S 50t
i, — iy, MSEATTER PR JLF:
o MIRSHRE: BIGSESEOREILME, BT R E.
o PEHLIRZE : 7618 3¢ Random Search for Hyper-Parameter Optimization by Bergstra and Bengio
o, VEERUE T RS R IR TR DT RIS, HEAR S .

Grid Layout Random Layout

&
g o o
g
£ o o
S
g
c [ ] o
H

o VINHGREESBRAL : AT DU A TS RN T R

3.12 Model Ensembles

Lk, —MRTH AR T RN GRS ML R, A EA TR TAT R . X
SERPRER AT DUR AN R R, [ — PR ORI A R, B SR A AR I GRS [R] s 1)
MR o B TR R AT, B AT ARSI S RO T, A R R e e R e
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https://www.jmlr.org/papers/volume13/bergstra12a/bergstra12a.pdf

4 Convolutional Neural Networks

4.1 Architecture Overview

TERBALBRAL 550, T ARHIE R AT SRk, R A M A M KL T RZITTRINSEL,
BEIR 2% SOHELAN SR AL, ONN fiefe Hh AR X . CNN [ A A% G i 22 I 25 ZR A 2R 1B
WEAWAR. REUZMEHZ. AR, CNN hip—2He 3 ZERizoc, mTEps:

depth
SooaaR] "
- - 00000 ~ 7
OO, idih

Bidn, CIFAR-10 $fufenfm AT DA 32 x 32 x 3 19, I RGB =Nl 514 32 x 32 g ER;
Hial A2 1 x 1 x 10, 7351578 10 26 ERTR7.

TNHEPRTEG T CNN & RlUZ2 1454 .

> @

hidden layer 1 hidden layer 2

4.2 Layers used to build CNN

CNN HE£3AH=F1)Z: Convolutinal Layer, Pooling Layer, Fully-Connected Layer, 1
TIHEBAE— AT B S —1 CNN 124,
g, [INPUT - CONV - RELU - POLL - FC] /2 —FpfE 8% CNN 224y, Hrp, CONV / FC 2

BAFRZE¥ZS4, M RELU / POOL 22 ER K% CONV / FC / POOL Z#MAHSEL,
i RELU %4 .

RELU RELU RELU RELU RELU RELU
CONV lCONVJ CONV lCONVl CONV lCONVJ
J
E aifplane
=

ship
horse

]
=
il
]
-
e
]
=]
=

Convolutional Layer Convolutional Layer j& CNN [{#%.0. HIEABAEMRG R, B2H 18
B (filter / kernel) Y AEG L —ili, 58045 H B, i GBZNSE0 M4 W 4 Eik
SIS WAREN Dy, WXAEREEEWRRZ Dy, B ARG SE—KIEuA 2 0 5
—EMEEIEA G R ARNRE R Dy, IBARMNTFE Dy MARNETE, TEE AR R)Z.
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input neurons
00000 first hidden layer

11

<A

WEaCHE, WA R— D Wy x Hy x D, 19 3 48441 (Bl E—J2), Convolutional Layer 4 PA R JL
MNESE:

o K: filters M4k

o F: filters i1k

o St filters FEATHFEIHL K

o P: zero padding, TE#AEEINZAN EHIKE

i —A Wy x Hy x Dy W) 3 4E552H, Hrr:

Wy= (W, —F+2P)/S+1
Hy,=(H,—F+2P)/S+1
Dy =K

TEVEAT GBS, BATTFEER AR Wo Ml Hy B AR BA0 WA, TR P i
So Fi8h, WEXTH 44 depth slice, H ERHZITR M MEBRBRA LKL, 22T
FIFEIZEL, XA BT CNN SR .

im2col LG BIRIEN — T, IEWHA, image to column, “BRF 2 FIRAE p— 51 [l
PATT S R A . 25U, B A R (227 x 227 x 3], A [11 x 11 x 3] KM
BIBOE K 4, HEAFE] [55 x 55 x 96] ffith. A, FATRF (11 x 11 x 3] BB R
11 x 11 x 3 = 363 ZEfATIh:, S BHEBHEERIGE] [96 x 363] MZHUHEFE: ARt A KGR+
XFR 55 x 55 AL [11 x 11 x 3] A5 HRBL USSR R BHZIK [363 x 3025] MRiE; —
HANFRENAIA32] [96 x 3025] BRRE, HE—A7HIS LR [55 x 55] RIFF 2 4554 .

Pooling Layer 4fi A Pooling Layer & T J/N4HIZM A/, 5 Convolutional Layer 25{, &
= filter HIHEAEE, RIGMIAEMTLSHRITE, W max (maz pooling) ¥ L2 norm
(L2-norm pooling) BFF¥IE (average pooling).

224x224x64

112x112x64 Single depth slice

max pool with 2x2 filters
SEEeN 7 | 8 and stride 2 6|8
l I 3 | 2 (N0 3|4
11213 |4

—maaaae I 112
224 downsampling
112

P —
224 y
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Fully-connected Layer CNN Py R AIMEGEMM A M1 B R ——F, —kin/5iE
ek 2 B R .

FC Layer 7] PAF] Conv Layer #HH 544k :

o Conv # FC: HFFEMITIGE FC AL LAHEy 0;
o FC ¥ Conv: ¥E Conv B I/NTHAME, IA—REFZEMLT FC Hi—2 25
—ZRR— ATz

4.3 CNN Architectures
b7 CNN R =2, Xt e A EG7E—R B CNN.

Layer Patterns i WL ZMAHAZ:
INPUT — [[CONV — RELU] x N — POOL] x M — [FC — RELU] x K — FC

BT CONV-RELU layers, gt POOL layer, HAZREH HFI i )ni% AL HZE R 45 .

TR PERE— A M= RARKERENERZ, B2 2 N RA R/ NERER G
RS, POA—T7 W, MEERAZTIAEZ LMW R, frEMgER; B—Jrm, 5
HRAEDHSH.

Layer Sizing Patterns

o input layer: FIFRERE 2 BIRREZ K

« conv layers: {3/ filters (413 x 3 Bifx% 5 x5), LK S =1, HHMH zero
padding SRIUEH H ER KN A R R/ IMESE (B P = (F —1)/2 BIW]), XAFEEEAZ 0T 1Lm
GG, TH4E/]N feature map 41452245 Pooling layer;

o pool layers: TTtH/ N AR RN TR 2 x 2 1Y filter AEKN 2 HFE—H, FE4
P uF 75% MEER: WA DA 3 x 3 1) filter, HEHEARN > 3 1Y filter, K AixXHEKid
aggresive [ fif545 A2

Case studies H—Z ) CNN g50HF — 147, Bilun:

e LeNet: i Yann LeCun 7£ 1990°s SZFf .

o AlexNet: iy Alex Krizhevsky, Ilya Sutskever 1 Geoff Hinton sZ¥l, #F 2012 4 ImageNet
ILSVRC B LAXHILEFTE, HAH CNN M 320

e ZF Net: [ Matthew Zeiler il Rob Fergus sZF, ¥£ ILSVRC 2013 357 .

o GoogLeNet: @ Szeged % ASLF, 7£ ILSVRC 2014 355 .

e VGGNet: @y Karen Simonyan #1 Andrew Zisserman SLF, 2 ILSVRC 2014 HJ%E 4.

o ResNet: H{i{4aA%E AL, #F ILSVRC 2015 i,
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http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1409.4842
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1512.03385

5 Recurrent Neural Networks

5.1 RNN: Process Sequences

Overview FBEEIMZEI 4, ATDAE AT I PR ZE R 45 A7 I i B R IR
one to one one to many many to one many to many many to many

i 1 ﬁ‘ﬁ D‘D‘I EEENE [

kil b f

0 0 000 boo oot

L, R MBI G A AEAE AT T2 . B R 2 25 2 one to one HYZEH———NHIA
2, &2 REZ, Bl NE, XS RERE I ZISE Y s T RNN #] DALy
AR, HATPAE one to many, many to one, many to many 2454,

o one to many: JE—IZGE—NA, TEZ G T ZIEA i . Fl40 image captioning.

o many to one: TEIELLINILIMZIGHA , HIRGE— 24 . #140 audio prediction.

o many to many: fEELEMJLANETZIAHA, TE2)JGHA TR ZIERE B H . B0 video captioning.
o many to many: FEIESLI LI ZI5 5 A, [F AW 1 . B4 frame level video classification.

Forward RNN [IHI{&HE1 key idea J&: f—PMZICH A “RUE” BIRIRFAHI I & Ay,
ERIHABGF A SE W AR ETRRA o BOFT, R

hy = fW(htfla $t)

Bt AT DAMRGESE UL (one to many / many to one / many to many) HeEMMTH] he ZHHHIH ye.
B, — AR AR

ht = tanh(Whhht,1 + thilit)
Yt = Whyht

Computational Graph 7 J5f§ Backpropagation fJ#fiF, computational graph &I B
15, B, ST AFE 454 (one to many / many to one / many to many, etc.), ‘Ef1# computational
graph 2 R[A], HK[FE/N
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RNN: Computational Graph: Many to One

VER, 7E one to many Z5HH, FRATAT DAH BI— B 2009 fr AN R —BF 2 EA
AN RATA AT PAE many to one il one to many #EALH, B sequence to sequence YR,

One to many: Produce output
sequence from single input vector

Many to one: Encode input
sequence in a single vector

Backpropagation [l Hi i@ i NPT, TR B e sl e 14 4% .

Forward through entire sequence to

Backpropagation through time Eatie seauence t compute gragent

Aw\\\ —_

SN IR SO I R SN N SO S O R I N )

e
>
ol
b
>

-

>

HRXEA A, WRNFFAIRK, ZERES SRR, #Jrse Truncated
Backpropagation, {EHEANRFPSBE, BRHK A AR —BoRmix X BUR 1 144 -
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Vi mﬁ AN JIEETN

| B |

L, T SN T i S 5 Y S N L T S

S T W T T
HHHHHH = HHAHHHHH
|

»‘»-»-»-»-»-»-»-»-‘-.-.-.-.-.-L‘

v

Ll S ) ) 5 5
L 30 T T T L A YO T R YR NN 2N 1K T M X M A E A SR T SO U T MU S R TORT DO M| L S S SO TR S

naang T | T I

aee— > > > > >
+—— -+— -+-—

RNN Tradeoffs RNN 5% :

o HIDMEPMERRKERIA

o IEA ¢ BHE BT DAGE AT AT RS T R

o AR/ INAN A A EE 3 o0 i 14 o o

o BEAIR]D ) — B, 0 A A BRAEAE— RO B

RNN Ay A -

o TEERITREES

o SEBREEAIR, MELAIRIREIAEH Z 22 BinfE B
5.2 LSTM (Long Short Term Memory)

RNN Gradient Flow RNN H7E—ANBah b i) 5858k -

he
hy = tanh(Wyphi—1 + Wypa,) = tanh (W ( ¢ 1>>

T

Backpropagation from h,
to h,, multiplies by W
(actually W, T)

Yi
W_—=( )= tanh J
h ———> i!ack tz h

t-1 t

FEIX AN, AT

Oh,
Ohi—1

= tanh’ (Wiphe—1 + Wapae) Wiy,

H R
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Y4 Y Y3 Y4

Wzﬁ)z tﬂ:hi J W—»i(?z tﬂl J W—»f?z tfm% j W—»ﬁ)r_’ tﬁhf J

h. —T——> stack h stack h stack h stack —> h

F&411 Backpropagation [ H i3 5 OL/OW :

L N~ OL
oW &~ ow

i NH R OLr [OW:
OLy _ OLr Ohr  Ohy Ohy

OW ~ Ohr Ohp_,  Oh, OW

dLr [+ oh
=7 (H tanh’(Whph—1 + thxt)> W{h’la—M;

Okt i
M7 tanh’(z) <1 (HHMY o =0 WIS, FTeA LS A RRBLE IR /D, X B
o HIGEARE EREBI—I, TR Wy, ' 0, W Wy MEBCRAFRE > 1, MIRE, &
HOBREER s AR Wiy, SRR < 1, BRIV, SEERRERK. BINHZ, #REME RNN
TR EMER, TRIANTEZUEE RNN (455 R ffeix 4> ).

LSTM LSTM il RNN fYBEERl_EZ2 00 1 PU-4~rp e Ae i, (i h b i S e SO0 -

@
q

S =
Il
Q 9
~

>
g 7
~

g tanh
a=fOcq1+10g

hi = 0 ® tanh(c;)

Forf:

e 4: Input gate, whether to write to cell
e f: Forget gate, whether to erase cell
e 0: Output gate, how much to reveal cell

e ¢: how much to write to cell
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sigmoid | — | i
sigmoid | — | f
W ——
vector from sigmoid | — | o
before (h) —
tanh — |9
4h x 2h 4h 4*h

R, TR EARA gate £ A W AR, M LR W R BN ESE BRI,
eI, LSTM B9 ¢ B cpn IR TN :

y N y R y Y
C, S C . = C:
1 1 AN
W %;} ® telnh W— ;}, ® tainh W ;} ® talnh
T— stack |, ®—» h:j —\—» stack |, ©—h——~ T sk [ ©—h——

B R LSTM AREFRUEA & K AR 2%, (2 EN gradient fow HLHHIHH S EFH#H £ K
WEA G NG BBIEEAE LSTM iy B i) e iU T—4% high way, X—xi b LSTM 5 ResNet
A5l [A T2 ab,
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6 Detection and Segmentation

6.1 Overview
THEN G PN AUT S5 4328, 18 O] BARKI . SEf6l4E) .

Classification Semantic Object Instance

Segmentation Detection Segmentation

GRASS, ; DOG DOG CAT DOG, DOG, CAT

x Jn TREESEY ; & Y,
~¢ 2 ‘ ‘
No spatial extent No objects, just pixels Multiple Object

6.2 Semantic Segmentation

Xt E BB R T2

Classify center
Extract patCh pixel with CNN

E‘HKL—NU/\
Q L] &—v

Full image

= F Cow

Cow

Grass

Idea 1: Sliding Window XJ4&— MR ZE 5 H— MMM IR 2. BeRMR2ZE, #1772
B 1T, nobody use it.

| ﬂconv ﬂconv ﬂ - | - -
— —
N J

Scores: Predictions:
CxHxW HxW

Convolutions:
DxHxW

Idea 2: Fully Convolutional Zj—MEFMZMY, H— P EH2EMEE RIS KD, i
L EAMG ARG RN AR5y, AR MR R I 73 851

L GRUERRAER, POAR— M ERUZA R R
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T FRDLXA S, AT PASE ) max-pool 5(# conv JZ#{T downsampling, #X 5 Ff upsam-
pling [8]JF K /|N:

Med-res: Med-res:
D, x H/4 x wia fA

D, x H/4 x W/4

Input: High-res: High-res: Predictions:
3xHxW D, x H/2 x W/2 D, x H/2 x W/2 Hx W
FARIERE WA downsampling, [FHET AT #4T upsampling:
e Unpooling:
Nearest Neighbor 1111272 Bed of Nails 1 lol210
112 10122 112 0 0|0 o0
3. 4 33|44 34 3,04 0
3. 3|44 0 0|0 |oO
Input: 2 x 2 Output: 4 x 4 Input: 2 x 2 Output: 4 x 4
e Max-unpooling:
Max Pooling "
Remember which element was max! M: : ;)?i)ti(c,)?]g'}?om
11216 3 pooling layer 0 0 2 o
3,52 1 56 112 01 00
TP = [t
1j2]12)1 7 | 8 | Restof the network A
7 3|4 8 3, 0/0 4
Input: 4 x 4 Output: 2 x 2 Input: 2 x 2 Output: 4 x 4
Corresponding pairs of
downsampling and
upsampling layers
e Transpose Convolution:
ATy filter PALEE , HEACECRF filter 2203 i AR R
. . Sum where
3 x 3 transpose convolution, stride 2 pad 1 / output overlaps
> Filter moves 2 pixels in
Input gives the output for every one
weight for pixel in the input
filter
Stride gives ratio between
movement in output and
input
Input: 2 x 2 Output: 4 x 4

Transpose Convolution HAEMKIZERRIEHIR/S, HAREIKIZE, HIFHE:
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1€ Convolution #fERS, AT DA ABGRM N 1 i X e RP, #il RGH Y 1 4
Y € RY ) MBI ASHE-HRER C e RP*P | {§iff CX =Y. £ Upsampling
B CY, #f583%] X, Transpose Convolution #E/ER: X = OTY, ki EHARN
Hok. WARXFMEOT A WEE, Rk CCT =1.

6.3 Object Detection

Idea 1: Regression ks [ 4 M) 7k 0 B DA A AL (R (0 KEEAE O 67 (0, ) A1
KN (w, h).

H1T1E Object Detection Ht, FATH AN RESLBUIIIE A KR A Z D> object, FrPAHA A /VE
AFEER), HH2 object RZ M HIRHRK . HILX AR MR,

Idea2: Sliding Window {Hz)—MNMEIPHE, 0O HITEHE NIRRT 5026 .
Dog? YES

Cat? NO
Background? NO

ZIE AR R AR B AN AR, FATITEER s 4 FREAE , AR
#hEL N ERAY ONN MZAGRIZ0], X TokE 170 HFERT

Idea 3: Region Proposals & R-CNN

+ Region Proposals: Jiifiid—4> M 2845 YA AT BEAFAE R A THUEE R, JE2E TAE A RTEX
YL EI N34T . Selective Search 2—Fh45 i Region Proposals 17, Hizfr @ FEAEE .

o R-CNN: fefg— 4@ iAIEIEE Py, FATATAM @ CNN R4%, Stz a8 e iR r 2 51
PASGX AT KIS 2 A B IE . YRR T NIRRT, TR AT 19 28 25K R 28 RN
I, FTPAFRAT TS SRk B Y AT AR TEAE 2 A7 A M 25 i A 2K . BRI T 1A -

Bboxreg || SVMs Classify regions with

| Bbox reg | SVMs SVMs
Bbox reg SVMs ‘ .
ConvN F;)rwar: each region
ConvN et through ConvNet .
et (ImageNet-pretranied)
ConvN |
ot Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and
semantic segmentation”, CVPR 2014.

Input image Figure copyright Ross Girshick, 2015; source. Reproduced with permission

WOTRIA RIET . WA KIS A T SR+ FEINFE ) -
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 Fast R-CNN: Idea @150 RGBS ASE CNN FIZ5, FEAT 25 4 h 45 R TR X I
X5y, XEEEG H A% —k CNN W%, MM Ei T,

Object Linear +

category softmax Box offset
Regions of Per-Region Network
Interest (Rols) LS

y 4 5 Crop + Resize features

from a proposal
method G 2 ;i “conv5” features

Run whole image
through ConvNet

“Backbone”
network:

AlexNet, VGG,
ResNet, etc

Girshick, “Fast R-CNN", ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.

XA A e CNN 2810 i 25258 F 84T Region Proposals:
— Rol (Region of Interest) Pool: 55 G b RRETE K Iad% b 4352 21t 48 14
by BRIGBCRAE R i s AR L, XTI, FRATTRE R W] BEMAE Sy I RR B TE
R, FAERE—BAE max-pool, HRZAFFENZIXIKY feature.

Divide into 2x2
grid of (roughly)

. . “Snap” to
Project proposal grid cells equal subregions
onto features
Max-pool within

each subregion

. . =

Region features
(here 512x2x 2;
In practice e.g 512x 7 x 7)

Image features

Input Image Image features Image features
(e.g.512x 20 x 15)

(e.g. 3 x 640 x 480) (e.g.512x 20 x 15) (e.g.512x 20 x 15)

BT RATE XA AR AT TG CRE RN R 40, I DA R 534 1) I A T 3R AT
153 R R A it 25 -

— Rol Align: B8R0 EIMG L AR KI5 5 2 f h A RE b, SR )5 B350 BE B X 4 7R
BITER: BESRA AN, BTN TISEA—E RS b, FATEH IR 4 M7 E
PR B SR ) 4 DSBS EVERZMEAR(E, A5 max-pool, 45 3% X 45
Iy feature.

Sample at regular points

. in each subregion using
Project proposal bilinear interpolation
onto features
o o Max-pool within

. each subregion
L] L]
oo |00 Feature f, for point (x, y) -
Salllere is a linear combination of ﬁfﬂ%ﬁfi‘é’fi-
features at its four In practice e.g 512X 7 x 7)
Ve neighboring grid cells:
Input Image Image features Image features
(e.g. 3 x 640 x 480) (e.g.512x 20 x 15) (e.g. 512x 20 x 15)
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o Faster R-CNN: sZjllft & ¥, 7& Fast R-CNN 1, Region Proposals 5 T K#srE. H

TR

HARTR4> A Fast R-CNN #H[]

WA, Faster R-CNN FH—~ Region Proposal Network 7£ CNN [
FERE FAERETE K] 4

Classification Bounding-box
loss ff {egression\oss

Classification

Bounding-box
loss regressxon loss

&

proposals

Region Proposal Network

feature map

Region Proposal Network (RPN) (AN

1. 84 DA feature map 48— ML E A HOA B 2 K /MA anchor box,
MJix 48 anchor box HE G A YA,

2. MFE—AE,

7~% anchor AMEEH WA,

fE—4> CNN i

PARZAS box PUIIFE IEfE .
IR K AR anchor box, X ATHEI T K x H x W MUEE
PABCAK x H x W ANEHEZR box PUIBGIEIE(E .

3. B 4y 300 4> anchor box YEHFRATH) region proposals.

Input Image
(e.g. 3 x 640 x 480)

In practice use K different
anchor boxes of different
size / scale at each point

Image features
(e.g.512x 20 x 15)

Imagine an anchor box
of fixed size at each
point in the feature map

Image features
(e.g.512x 20 x 15)

For positive boxes, also predict

a corrections from the anchor to

the ground-truth box (regress 4
numbers per pixel)

Image features
(e.g. 512 x 20 x 15)

30

mage features
(e.g. 512 x 20 x 15)

o
r4
=

At each point, predict
whether the corresponding
anchor contains an object

(binary classification)

FEEE

]

mage features
(e.g- 512 x 20 x 15)



IR, FATSRFEAS loss —EYI%—RPN 40K (CHBrZEE%1k) . RPN anchor
box (i E 1 loss. 4528 (FIW2f4)) 1 loss. % box HARKRIY loss.

e YOLO / SSD / RetinaNet: Faster R-CNN HATH BB 2H— 1 B2 53] region
proposals, it —AMJEARAY CNN fil RPN 52, 5 M B X 4E—4> region #4743 PA
MAGIENFL, 1T Rol pool / align 2 J5ki A% CNN ZEi{. 1M YOLO / SSD / RetinaNet 5%
Pz U — B, BRI A ARTE IR P F%

A[PAF Y, Object Detection FMR LS 1L, HMMBEHARLERE (VGG16 / ResNet-101 /
Inception V2--- - )5 BTk, AT PAERE B Bif Faster R-CNN 8035 HH Bi) YOLO / SSD
WHIRAT R-FCN - - XHEHAFEE L) trade-offs. U1, Faster R-CNN [, SSD &8, {Hi2
WG E s AN 2R, RORGT, EYIZhtsin, FERiz -

XA —BEERIE I Zou et al, “Object Detection in 20 Years: A Survey” , arXiv 2019

6.4 Instance Segmentation

Classification Scores: C
Box coordinates (per class): 4 * C

—_— > —_— ‘
—F—>
Rol Align Conv Conv ‘
256 x14x14 256x14x14 Predict a mask for

each of C classes

Cx28x28

Mask R-CNN KT 2 HiAY Faster R-CNN, AN — BRI 4 A 25 I ) 25 0847432
M & X2 4 HH—4> mask.

Mask R-CNN £ 1] DA pose estimation, B[ AR ZEH

31


https://arxiv.org/pdf/1905.05055v2.pdf

7 Visualizing and Understanding

7.1 First Layer: Visualize Filters
XMTH—ZERZE, BATT AT SRR, HEE— R0 i Rn K

ResNet-18: ResNet-101: DenseNet-121:
64x3x7x7 64x3x7x7 64x3x7x7

AlexNet:
64x3x11xM1

AAEN, HBEREET RS, ARSI, n] DAA e T R R S i 2 1)
0 FIEk

2 AT E BRI RGE 2 A TE B NE? BRIt 2 5 A IR i T W RE 5, idk
IAGE, P EBe T, HONARGERBOR, Bk, BRE R EM—R A%, TR RZEL
PEPAEX A4 — 42, GRS TIX—FHiE.

7.2 Last Layer
Nearst Neighbors 5 J5— 2 i 1 H ST DAF AR A EQ RO RRE [ &, DR ATT AT DA

nearst neighbors:

Testimage L2 Nearest neighbors in feature space

[

AR L, X HEHRATES — 1Y IR B R 2 s (Rl A T B s i R B AR 2
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Dimensionality Reduction i /5208 m M H B4 5, FlanfEiam PCA 80 KR
t-SNE [54: % 2 4EF1ER .

e MNIST |, AT ARFE]:

y;”‘".l:f’ . B,
TR . g

, % 1
o ]ﬁ'}:ggzq:;;e,é:.'!:" *‘71’},'1777‘%%%’;‘,
*4 iy "c""' . """? ’(1-7 ”%‘5’ ]
i "xﬁﬁ% i %ﬁ ;
. .~v‘}‘.]“’jl“',¢(('a .v, W
;il‘r v',“? "o {}K%

gal!’i?@:,f‘ A

2 /1””/5

f
. m " ’ﬁ;'

1€ CIFAR-10 |, FRATIEBELE S0 SOCELE M AS T (MERRUE, 2380 58 WA SO i
IR, BT g R (IS ARZ I http://cs.stanford.edu/people/karpathy/

cnnembed/):

7.3 Maximally Activating Patches
AT B R H il s#iX 4> channel J:H’\J’éﬁ({ﬁo w2

MR 48 R 2 A HEAS channel
SEIRAZ ) i A IR R — 28N R R B R i EHE /N BT

BURZE RIS, B ASE— R 0
feitisk, nIRATGE]:
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http://cs.stanford.edu/people/karpathy/cnnembed/
http://cs.stanford.edu/people/karpathy/cnnembed/

“
o™

B, /' ‘
.

f‘ﬂ) v UL
mh?ﬁ % g': ’ ‘:’lr' N ’ﬁu

7.4 Occlusion Experiments

B A A B — > 2 G AZE CNN, U370 KA RAHER . T DA A B 55 AN [l 37
FEAFR PG,

Zeiler and Fergus, “Visualizing and Understanding Convolutional
Networks”, ECCV 2014

RIR, R H AR SRS N B AR R B SR

7.5 Saliency Maps
Saliency Maps #ll Occlusion ) H B)—HF, #RZAAEWLEAR Z0H 73 FE RARE 2

TR X BB RO, BEEXMEFFI RGB =4 channel HRA(E. XAAMILT
IVAGE AR — MR KA TRV, M0 IR KA 2 KA. IR R, AR
RMREM % EARR L
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AL, FATATPAAEZHE saliency maps H7E semantic segmentation ﬂP H HIXFHHOANEZE semantic
segmentation W% . i GrabCut Z¥Ea] AR — A

L

7.6 Intermediate features via (guided) backprop

fE BN Saliency Maps ZEBIAYARTE, QR FRATHCE #i 28 W 25 i A B — SR & o0 T R A
B ASMRRBR L, ASFATHEREHE R LR X M 2 oc AR B 2. AR10, Sl back
propagation /N[, FATXIF{IH guided backprop, Hxtiid ReLU [k i Bh 3 IEAT I 1] 4

A 2] 14 Pl 4 B o

] fo
,{TIW

ESICHR Y 25
ﬁa'ﬂ% o
SsSs"° 355

Maximally activating patches Guided Backprop
(Each row is a different neuron)
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Maximally activating patches Guided Backprop
(Each row is a different neuron)

7.7 Gradient Ascent

KT M 26 R — T, FRATAEEEE A2 BB 0 i A BBS SIS XM &t R IFER 2 |l
IR HIFET, FRATIAEAMIS T4 AR EdE, A s A 2 TG s AR A, X
ANAE, FAITAT DASREL Gradient Ascent.

7E Gradient Descent H, FRATTHA SEIE R S/ MESE R 1T Gradient Ascent J&— M B,
FATE & SO0 A WA A BRI, DA o KBS B 5 2R ek R
MIFFEIENALI, DARE S FR AT A B AT FRATT A I 48 25 it FUL 4 -

I = argm?xf(l) + R(I)
Hrp f(I) Fonti e scE K150, i R(I) 2 AL

7.8 Fooling Images / Adversarial Examples

HIALE MR T2, RS E S EGOR AT E R R, R BRI K
2P fool. BERBAVKIL, —MPOEBON TR M BB B IR AT LI A2 4L .

African elephant koala Difference 10x Difference

iPod Difference 10x Difference

7.9 DeepDream: Amplify existing features
T4 E SRR E ONN IR, R AT

L. Hi ) R 2 R E 2 5

2. BCEZZRIBR ST HE(E
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3. S, VHRR A BRI ;
4. HER

XA DA AT R Y 4R AL A 5

37



8 Generative Models

8.1 Generative Models

Generative models 3 J&T unsupervised learning HJ7ENG, HEMEER AL . HHKERIEH A
2p o — R A, AR LA X AP T AR

B =

Training data ~ p_,.(x) Generated samples ~ p X)

model(

8.2 Pixel RNN & Pixel CNN

Pixel RNN #I Pixel CNN #J& T Fully visible belief network, H AN EIE ©, 11 HA
IR po(z):

po(z) = Hpe(xi | 21, Tio1)
i=1
/H\EP Zg % x H‘J*/Mﬁio pe(l’i | A PRI ,xiq) /—&'-TS(XEI%, EE‘%@EEM%%%'E\ T1..-Ti—1 lﬁ@%ﬁ:?y T

—MERIN o IR . IR UIRIAR AR, BATEAE R — M- o, Hirie i
RACAAIR R EL po ().

IR AR ANE? ERXAIT ARG TR, S s o 22 458 10— 2R i 5
FEAEL, PBEFRATHT DA — 2R 23K B H Y o

Pixel RNN  JiAIMZE EATTG, $I8 T B 7 BOs iR R -

OOi
© © 0 0 O

o O O

S

o O

@
@
FARTIT AR, XA i A2 T DA RNN/LSTM R 58 il

H R MR R R A R, X B 2 A A s RS, IR g

Pixel CNN {! RNN #, CNN, Haff Bl 5 &4 8miig .

/
/

UIZREE Pixel RNN B, (HA SARIHZ M AR, B IHEE .

Z(AN
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8.3 Variational Autoencoders (VAE)
Autoencoders Ffrz2> VAE ZHi, FRINTEEFEZETH Autoencoders.

Autoencoders f2—7#f unsupervised fjJ dimensionality reduction fJ k. FHEMEZ, f—1 CNN ¥
W NEE © B4 2, SRETE—A CNN R R B = N IR/ 2, FF5E X loss function
e o — |, EFEFENS)S, Bi—A CNN gin] DMEREEERELER) encoder T VRN
AR, FrPliX 2 unsupervised [1.

Autoencoders 7] DA T supervised model [#IHA4L, H5IIBEAIE>]

Reconstructed ’ T ‘
input data
Decoder
Features 7
Encoder
Input data ] T ‘

VAE  FAMBRESEEE {«O}, 2 RAN . R 2 REEEEIN, tbest, ae 20,
a ) RBE ARG po(a | 2D), THXE 20 SORFEH— BB po(2).

Sample from

true conditional ’ T ’
po-(z | z)) 1

Sample from

true prior z

20 ~ Py (Z)

FRATS DA B R B WA R 2 B SRBR A s T po(x | 20) B—ANE MG, FTATRATH]
PAFI—> decoder network X & #EATEAS . ARG ZRIE ML M 25 0E? AT Fully visible belief
network, VAE JHUSREE:

po(z) = / po(2)po(a | 2)dz

HRIEARARIIRIEAEAE, S KA ALK eR ol i VI S 22 R 2 A A T

X T, BEAB AR, FATTCVEE I po(2) XA, W TRt m 4 FeAl]
WBIRAEIRE 2 po(2 | 2) = po(x | 2)po(2)/po(z).

XA AN, FATHE R 4 (2 | ) B po(z | 2):

Mean and (diagonal) covariance of z | x Mean and (diagonal) covariance of x | z
[ Helz | [ Bas |

Encoder network Decoder network
g4 (2|z) po(z|2)
(parameters §) (parameters 0)
T | | 2
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PIANRZE I 25 10 i RIS (AT 22, Wik, 7E inference BB, FATAT AREELAIZIIEMNITT 220
ST R IS AR RAR AR 011

X — AR R T2, AT pe(x) BT A

logpe(x(i)) = E. gy (zl2) [10gp9(35(i))]

— 5. |1og 2T )]

po(x¥ | 2)po(2) go(z | 2?)
B {1" Paz [20)  qo(z | :c<i>>]
o pe(z® | 2)] — o go(z | V) o as(z | )

E. [logpy(z" | 2)] — E. {1 N ER ] +E, [1 8 e [2) x@‘))]
< [logpo(2? | 2)] = Dicras(= | 2)|Ipo(2)) + Dicr(as(= | 29)lIpo(z | )
> E. [logpg(¢" | 2)] = Dicr(as(= | 27)l[po(2))

TR, RANGHBF LIS, MERKMEAN TR L(D,0,¢) = E. [logps(z® | 2)] —
Drr(gp(z | 2D)||pe(2)) HidAE. Al BAEX A FER? kAl L(2D,0,¢), MR IALT—T
——HIS B R A ABE, DA R/ IME S I RIS A S B A T R TR AT Bl
WSEE . 45k, AT T

Maximize likelihood of original
input being reconstructed

Putting it all together: maximizing the
likelihood lower bound / \
E. [logpo(a® | )| [#Dkr(as(z | ) | po(2) | He|= | | el |

ﬁ(m(”,ﬂ,@)

=

Decoder network

po(|2)

Sample zfrom 2|z ~ N (fz(, X 2|z)

Make approximate
posterior distribution
close to prior

Encoder network

44 (2[2)
Input Data ’ T |

PAERATINGR S 7 —A VAE M2, il DO ERAERESE 7. A 2 ~ N(0,1) X = #HF7REE, 2
EH%U”%?E"J decoder network 1%!‘%” ,uw|z %ﬂ Z]w|z) Fﬁﬁf‘}\ x | z N(M;ﬂz; Zz|z) T%‘%IJEE&E(J&TE Z:

| & |
Sample xjz from |z ~ N (fig|;, Lg)2)

l Hz|z ‘ l
Decoder network

po(z|2)

z|z ‘

Sample z from z ~ N(0,1)

PATF AR MNIST 7y VAE, $EHL 2 0 2 ZEmfn] AT :
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8.4 GANs

PixelCNNs #1 VAEs #8220 A% B R %K po () HEAT

—h

Data manifold

bbﬁé
Qb

a2
»
e

Vary z,

NNNYY2QARARN D000 P PR
NNSNSS2QAQAQAQUQILI PPN
SNNNNYSYRYNNNOILAPPINNNR D
e e R R R e R SN S S SN ol
e rsse00NNRRNRNWNRNRNEE 0
e EEOOONWWWRNRROO 0
e E P OOOUWWWWRNOROOOO0
————rrrrOOLWWWWOWOOOOO
————e et rOLWWWWLOOOOO
———e— et NN WLLLOOOOO
—_—e—e et A AN NN LLGOOOOO

NNYtRRLQ 0D D0 00DDPP
NNYQ2RRRLo D 0000 pPRRPES

ANRNR RN RN O P [P [N . [ O I I I o
NNRwRteeeteeeoooo 000D

or

N
&

——mentOOOBNNOOOaO00 N
—~=m A AN NNNYhhadQAOO
A L L L L L LR R NS
N LR R R R R R R R R S
NNNNNNYEYYNNYYNNLNLOLLLY

¥

&
2

R LR ANE? GANs W45kt AR o
A TBA EIE TR INGREE AR — IR A I HORFE A OB R 15?%1‘]“%%)\*/\

FOMREE, GIANREBLIGEFS BRI AT A TSR X

AR S AR P I 22 P A B R B i AN Y T

IR 2FATAT YNSRI AL LG WE? T35 2 FH A 2 I 245 0B T 1

Output: Sample from
training distribution

N
N

XAy B A

PARA

Generator
Network

?

Input: Random noise ]

z |

TR, FAZ

Al ARG H— A 2

AT ELIE A4

Generator 7154 BHT

#4, Discriminator H5tHE ARG ERE R MR Gk EAER) . YIZEH Generator i H

T2 R AT fE bR Discriminator,

Real or Fake

‘ Discriminator Network |

ifi Discriminator [ H AR5l e A #% Generator 33|,

Fake Images
(from generator)

IPE

| Generator Network ‘

Random noise

BEa

Real Images
(from training set)

FeA 18 B AR ERBCE XA Minimax objective function:

minmax [E;p,... In Dy, (z) + E.p(2) In(1 — Dy, (G, (2)))]

g

JeBEWIZ max 5,
PAIX

X — T B R R AL EL S B2 L R R

04

Yo
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ST, o BUHESLM, De,(x) & Discriminator N EAIHESR, BT
2 WHABME, 1 — Dy, (G, (2)) 2



Discriminator IASHRMERE, FrAX—5i 2 i KA R B SR iR . R, W2 EsE,
% Discriminator #BEUER , X IE IF A 2 Generator A2 EHFH, FrPAYNZE—4 min, %7~ Generator
75 Discriminator &g KSR ARG, X 1E 2B minimax B,

YR EBRBR BT ABRBFTHS5 , % Discirminator, JIBERE FTHiif5

0% [y, 1 Do, (2) + Eerey In(1 = Dy, (G, (2)))]

%f Generator, JH#6E T BAlif5

H;inEZNp(z) ln(l — ng (G@g (Z)))

PNRI—IS 0, Jok, BriA AR )E—5i.

SRIMAESE ey, AL AR BOFABE AR R L. XRHA vy = In(1 — 2) WFHERLE « %
I 0 IR RN, o Bl 1 BBREAR KR, T27E Generator jX HL, AR ) AR BRI Iy ) 58
Mg, AR EHR O SR E B B S ROMAR, AP AT EHNE. B, FRATSOREE_ I
2k Generator, fififg:

Iggxﬁ¥~p@>hﬁl%dﬂ?%(ZD)

R AT S RATHI TN 1

SEE—N, %k GANs ByRAE N :

for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z(!), ..., 2(™)} from noise prior p,(2).

e Sample minibatch of m examples {z(!),... ,2(™)} from data generating distribution

pdala(m)-

e Update the discriminator by ascending its stochastic gradient:

1 & ' :
Voiim 2 [108 Dy, () + log(1 — Do,(Ga, ()]
i=

end for
e Sample minibatch of m noise samples {z(%), ..., z(™)} from noise prior p, ().

e Update the generator by ascending its stochastic gradient (improved objective):

Vo, > 1og(Do, (Go, (7))

i=1

end for
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9 Deep Reinforcement Learning

9.1 Reinforcement Learning

SR ] EARDLIN AR T B —MiF Rk Environment {5iff Agent HPIRAS s, Agent fEILHH
— A2 ar, Environment JpiZahfE4 i ro BRI, HHEPREN si, RiGRE Bk,

State s, Reward r,

Action a,
Next state s, ,

Environment

9.2 Markov Decision Process

s ) W] DA HyR Al R AR T R e 2id . OB R Markov property,  HI4 PR
BTEAEE ST RKRIPRE, BEVRRBPRE S U AR . AL ZARE B0 .

R KRR E SR (S, AR, P,y), i S ORISR S, A FoRBrf nliery sk
et R FREESE S A TR, P FRRRESHEBA, v 2 discount factor, AT
X 3 ) S il A 9 2 Rl A T AR o

LR Al RS RE A

o fEt=0 W%, environment XHIAIREHATRAE so ~ p(so);
o BETOR, REHPATLAT A IRE RS0
— Agent PEFENE ar;
— Environment X} AT REE 70 ~ R(o | 51,a4);
— Environment Xf R —AMREHEATRIE 5140 ~ P(o | 54, a4);
— Agent EEN2J ro FITF—ARES 50410

—SR TR S B A BRREL, BEAERE MRS TR AT B, TERAT F AR 4R
PIRAERI DRI 7 DABEAR BTN 30,00 7' K. (2, M RN BHE IR, B
PAFRATI S Br b B ALY 2 BT SRR e, |

7* = argmax E lz yre | W]
" >0
Hrr so ~p(s0), ap ~ m(e | 51), 5141 ~ P(e | 5, a).

MR A — A ERF 2 7= A — A FEAR AR (B s, a0, 70, 51, 01,71, - ., FATFFE Py XN E LM
MHIRIRAS so FRIRPIIFIRRERE, HtE X value function:

Z“Ytrt | s = 507771

t>0

Vi(s)=E

P21, FABEATAE AHIIRARES so MIRIIREITE a0 JFURMRMEE— RS = MGFIRARE, Ak
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5 Q-value function:

Q" (s,a) =E

t _ —
> ’ths()—s,ao—aﬂrl

t>0

M2, wEER Q-value function Q" BLRAELE (s,a) THREIELG Q7 (s, a) S RAPFTTH 7

t _ _
> ’YTt|80—$,a0—@a7T]

>0

Q" (s,a) = maxE

Mii— %0145 ——Bellman Equation ifH A1 Q* WL :

Q*(‘S?a) = ]Es’~5 |:7“ +7m%XQ*(SI7aI) | Saa:|

AR S

Q”(s,a) =E [Tt + YT +727“t+2 + - | S0 = $§,00 = a,w]
=E[ri + y(regr +yreg2 + -+ ) | S0 = 8,00 = a, 7]
= E[Tt + ’)/QW(S/,(Z/) | So = S,a9 = aaﬂ-]

Hr, o o BT —IZIEAREMBIE. HIL, Q(s,a) RAAABR HRIRNA ro IN_EFERE TR
AR H SR EER BV EAS B S Rl a

HT KA LA Qvalue functino Q*, 4R Bellman Equation, Fefi T DA RAR, 3% Ky
Qini(5,0) = E [r + ymaxQu(s', @) | 5,0l

ATPAIEM, AUk ] Q.

X AMBE BRI, HESEEr A 17 ok I P A ] BERY (s, a) X, XRAITHY. N 1 XA
L, AT AR — AR R T Q(s, @), BT — M4 ——Xi5 [ T Q-Learning,

9.3 Q-Learning
IEGIRTSCANIA, Q-Learning 1 H #y2 I —MHEM DL Q*(s,a), HII:

Q(s,a;0) = Q"(s,a)

Horh 0 ZEATHIR IS HL

I, KL URAEA. T Q° F7FIE Bellman Equation, FfTATLAM 4 i
23| Bellman Equation [ MSE jRZ/E N3 2 sk %k :

L2<91) = ]Es,aNp(o) [(yz - Q(87 a; 91))2}

where y; = E ¢ ['r +ymax Q(s',a’;0;1) | s,a}

FEGRBUHR T, —A BRI e T SRl i T RE SR T WU 2 M 5 i A, (HIX AR
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SRS PR SRR AR A 56, AR T A RCRAG: HOR, 24 HT M 1 SECR e E
B2 R ORI AFEAN 0, GIARY RIS EZ M ZE , IAEE R R UIGREE AR R A B i 2o .
N TR, ATl experience replay: #E{f*—> replay memory table, HAFf#2
(86, a4, 7, 5041) ., FEUNZRdFEPAWTE B ILNZS; FEUIZRES, —> minibatch J& MiXA™ table 1
BEALZEEE, ARG TIELLPPIRES, XA T Bk i,

9.4 Policy Gradients

Q-Learning [ [ @7E T Q-function W] PAAEFE A%, MFRATTRE ZL0Y & w] REALAE — AR 1 SR
HEME . X5 H T Policy Gradients.

B, BATEXPAE N = {my, 0 € R™}. MpRHe, FATE CHAE N :

Z vy | Wg]

>0

J(0) =E

FMNw AL J(0), MHE] 07 = argmax J(6). F 5 HFIFATXE 0 MBS EIHRIAT .

J(0) W
J0) = Evvpira ()] = [ r(r)p(rs0)ar

T

Hrf 7 = (s0,a0,70,81,...) PR, r(r) FHIRE . IAEFRATR AL
Vo J(0) = /T(T)VGP(T; 6)dr

= / r(T)p(1;0)Vy lnp(T; 6)dr

== ETNp(T;H) [T(T)V() ll’lp(T; 6)]

BT p(750) = T[] p(seq1 | se,ae)mo(ay | s0), #:

t>0

Volnp(r;6) = Vngnp(stH | se,a) +1Inmg(a | s¢) = Vo Zlnﬂg(at | 5¢)

>0 >0
TR, BATTARHLE 7 #4717 RAE, RIEITE:

Vo (0) = > r(r)Volnmy(as | s;)

>0

fH2X A gradient estimator RYEXREIFAVRZMRCR, FHITTZEMRK. ik, AM5H 75T
AN DR

e Idea 1:

Vol (0) ~ ) (Z W) Volnmg(as | s¢)

t>0 \t/>t

FHA 4 BB ST 4 B2 S A AR A 2 A S AU r(7)
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e Idea 2:
Vo J(0) = Z (Z ’ytltrt/> Volnmg(a; | s¢)

T A—> discount factor ~.
e Idea: F] A baseline function:

VoJ(0) =~ Z (Z ’yt/*trt/ — b(st)> Volnmg(as | s¢)
t>0 \t/>t

AT H baseline Wg? — i fij BAAY 7 ¥ 2 BUEL 28 7 3 A e SRR 1 K il 9 RS 213 . A 1)

Q-value function, FA1EES 2| T IFH baseline:

VoJ(0) =~ Z (Q™ (s¢,a:) — V7™ (sy)) Volnmg(as | s¢)

>0

EWEVF, AR AT (s, a0) = QT (se,a0) — V7 (se) MO, PN FRRBATERE 3015
ay FEARX 2 JEBATHT 2 A Al R AR T R (B SRR R A R e, FRATFR A™(s,a)

advantage function.

WAEFATS 3] T Actor-Critic Algorithm, BJ%54& Policy Gradients fil Q-learning fBE: [HBHI|
Zk—~ actor, ByedR, A critic, B Q-function Actor YL EM—BE, critic HIFEXABIME
IS AR SAZ W i8S s [l critic TEFRXIA (s, a) XFiF 1522], M HFEZES>] actor UK A
AR P o
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