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O # J1{i 4 (Singular value decomposition)
- FEEERA L, AEERERU, . V.. ETELEL
A=UZVT UTU= VTV =1
W]k & A iEF—T—AﬁH#i&%ﬁ?ﬁ; * *Eﬁ‘a;ﬁmﬁﬁﬁ&-

n

= o n VT
A BT
n m U m| E ’

- Bt
o ATASHRIE{faY (2} Ao fhiei @ v}
o AATEY I IEGE)F fu )
o Usfiy....m,], V=[v,..... %] E=diag(+7,)
=

R X 1

O & L H(cross entropy)
- —fE A AL EMAAEZ M EE, FEFIFESERAING—F
ME L EE, b AR LmFAE (GAN) +

P(x)
Q(x)

D(PIIQ) = ) P(x)log s = » P(x)logP(x) - ) P(x)logQ(x)

= —H(P()) - Z P(x) log (%)

IR HP,Q) =~ ) P()logQx)

REESMLE

REE2 M4 (Deep Belief Network, DBN)

— The top two layers have undirected, symmetric connections between them and
form an associative memory. The lower layers receive top-down, directed
connections from the layer above. The states of the units in the lowest layer
represent a data vector

KRR

DBN structure

Hinton et al., 2006

RBM

: Directed
belief nets

Visible layer —»

P(v.h',h*...h')=P(v|h")P(h' |h*)..P(h"7 |h)P(h" . W)
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O R4 AR H
— ReLU (Rectified Linear Unit, #§ iE & 1% % 7)#otanh %5

I
|
1
!
t
|
L

Re[:u tanh

X, x>0 _ef—e™*
ReLu(x) = {0,0therw[se tanh(x) = =

Q BPH- kT4
- LA AP B ARk E A SRR B A wy R TR
NG EZRGEEIE, wyy, RFP RS E AL
EBRE, A FRAEER, jRFTEERL
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Overfitting
G ERE D, WMKERE X

X

Underfitting
25 Ao K R 2 AR LR K

HAnAEERASN

R E 5

R ESH
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- Rind. Aitfeit R

Y Y v
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S (1) k]
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Underfitting X< Balanced Overftting X
) 2 A Ao R K R LLE-E 3 LR REE 33 LR £
ZALBR K ZARLEC) WXL RE KX

O 24 294
- RAHBREERAMGEANY, HEHX, BEAREN
Y=AiX)te, 3¥e-NOo) %R B, it s9Ha A f(X)

2
Emf)=E|(r - fe0)]
Err(f) =Bias’(f)+Var(f)+a?
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YOLO EZEMTEB /ML E

YOLO % 7|
Q BARER AR 5]

YOLO % 7|

QayoLo

— BR-CNNF 75 K B A1 & | — /AN EArAp 22 B 48 B30T AN
18 # 3 7 #bounding box A £ HI#E 4, %5 T End2Endi|
AR H B, FAT

I

STAS B4tk & BM5 &, ¥k FILR-CNNBIK—F, 24ufk
715%

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

B EE R AR-CNNF, Akl B R £

The YOLO Detection System. Processing images with YOLO is simple and
straightforward. Our system (1) resizes the input image to 448 x 448, (2) runs a
single convolutional network on the image, and (3) Thresholds the resulting
detections by the model’s confidence

Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi. You Only Look Once: Unified,
Real-Time Object Detection. CVPR 2016: 779-788 . X
HXnMESRASR G 1=z Mg
@ e e s BUEENEEENTTAENNERTEE
=41,
YOLO %3
Q B AR R AR A
r
v
— -
b
by
100) y= |-
cl
€2
3
Class probabilty map
The Model. Our system models d as a regression probl It divides the 100
image into an SxS grid and for each grid cell predicts B bounding boxes,
confidence for those boxes, and C class probabilities. These predictions are
encoded as an SxSx (B#5+ C) tensor. .
— T e




YOLO % 7|

YOLO# %]
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The Architecture. Our detection network has 24 convolutional layers followed by 2 fully

d layers. Al ing 1x1 ional layers reduce the features space from preceding
layers. We pretrain the convolutional layers on the ImageNet classification task at half the
resolution (224 x 224 input image) and then double the resolution for detection

Q Rfexfe

Real-Time Detectors Train  mAP FPS
100Hz DPM [ ] 2007 160 100
30HzDPM [ ] 2007 26.1 30
Fast YOLO 200742012 527 155
YOLO 200742012 63.4 45
Less Than Real-Time

Fastest DPM [ ] 2007 304 15
R-CNN Minus R[] 2007 53.5 6
Fast R-CNN [ /] 200742012 700 0S5
Faster R-CNN VGG-16[ '] 200742012 732 7
Faster R-CNN ZF [ '] 200742012 62.1 18

YOLO VGG-16

Real-Time Systems on PASCAL VOC 2007. Comparing the performance and speed of fast detectors.
Fast YOLO is the fastest detector on record for PASCAL VOC detection and is still twice as accurate as
any other real-time detector. YOLO is 10 mAP more accurate than the fast version while still well above
real-time in speed.

200742012 66.4 21

LES LR TR 1A

eI L ER T 1A

YOLO# %]

YOLO # %)

0 YOLO24=YOL09000

Bt T

-Batch Normalization. Hi-res
‘classifiery *==\ Multi-scale
training

Joseph Redmon, Ali Farhadi. YOLO9000: Better, Faster, Stronger. CVPR 2017: 6517-6525

0 YOLO242YOLO9000
:' """"""" A N W t  EToeeme
i Yolo T Yolov2 :Tn YoI09000'
| 1
s AR A
it 735k 1A B RNSRAE, WordTreet ¥FiF
Batch Normalization. Hi-res TEMHEESE—R.
classifier, ==+, Multi-scale CRAUIS:
training AR RMAE R T AR
IR (£ 5 X B R min R RIS

Joseph Redmon, Ali Farhadi. YOLO9000: Better, Faster, Stronger. CVPR 2017: 6517-6525
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GRU STEfRtrAE RNN R HILAHEE
EAIEMAIESERZ AR,

GRU

JHREIRR, GRU el U A LSTM B9ZE(R, B X

O Gated Recurrent Unit (GRU), 201453, TA A ZALSTM

# B A

MRS HRRAESH, A HELATHRIHE L8 F FALSTMA

i T )
GRUR AT H A2

AEFEE 5ELETEBEARSLSTM LA 40669
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fie, 2RA
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h, = tanh (W -

ry = O'(H',-
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GRU

Y =0 (W, |hi-1,24))
ri=0(W,- {/l, 4..1',])

he = tanh (W« [r * hy—y,2¢))

he=(1—2)*hiy + lr*ilz

* x,: input vector (3 A& F) * W : parameter matrices and vector (%

* h, : output vector (§irth @ &) e
5 301 2.2y ¢ 0 —AX i A Sigmoid 3L

* z; : update gate vector (R 371 ® ) - &

* 1, :reset gate vector (£ H 15 %)

@#3%‘!05&*‘3&

PR P 4

CNN IR 77 [a) R

- R ERET BEATMN, ERBATEERANTTEE,

MNEXRTHNEEFER

FR B8 O 4% B S

- FRAREEANEZEARET

- BIEEERTUUSEE, THNEREEHITHED
FHEEERT ISR
O LENFEREEFRBAEE —YREBEZNERU
IR AN LATHRESH, E2FEN
O LEALFUSHEETEEH—BTROMSERTE
HRRSLER, FILEELENESTL, LS Hs
R B

- PSR EARB MR E



i 4

i

00 et 80 A B IR T — Ao 85431 A4 30
ik, GRAABAEREERLTN, RAH A S
R OMATH, A3RHNE 6.

O ARBHT—EH, TOMH—AAEEE — R4LT
RPN RN RE ERO T AR EORERT, 2
Wit R HA AR

I'4
~

OP

e -
< -__' >

® Capuule

OB RERA N, B ARNERW, Su ok, %54
RN, ASEMHEnE,

wy = Wiy

O $iARE A AN AE LR RS, £ TaHE

Sj
5= z ey

cyttEim e At

gﬁlmﬁ#b&#&l

i 4

@ﬂi«mcsa#cx

B 5 A 2 L3
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_explby

O R4 7 dec, A4 A Softmax SR H0, HEMN—RHR
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ey
U= Seexp (i)
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Y B exp(by)
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Procedure 1 Routing algorithm,
I: procedure ROUTIN:

2 for all capsule 1 in layer ! and capsule 3 in layer (I + 1): by + 0.

3 for r iterations do

4 for all capsule ¢ m layer I: ¢; + sof tmax(b;)

s: for all capsule j in layer (1 + L) 55 + 3, ety

3 for all capsule j i 1+1): v; + squash(s;)

% for all capsule 7 in Tayer Land capsule j in layer (£ 4 1) b + by + 0,.v;
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CapsNet CapsNet
QR%E AL Q 4 B % ( margin loss)
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CapsNet Rtk
QE¥HERRL QFBHFRA
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HAT GG A s xR R, ERSIIANT —AEMBKAES — (I p. )R K labelty, R aYFE Hhay

ERF. EHRARZRE LB R ERAZEGEGFH L RLHR AR T

(2.2,2)

(pr) | (2.2.2

16 FC FC FC
A . RelU RelU  Sigmoid
| Input
‘ 512 1024 784
1 |
i 9] 5 5 Output
=0Masked [ = Representation of the reconstruction target
Fi R (1, p, r): label, the prediction and reconstruction target
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Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron
C. Courville, Yoshua Bengio. Generative Adversarial Nets. NIPS 2014: 2672-2680
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GAN B #7:5 #

GAN#R % & #

O GAN B RS 8

min maxV(G, D) = Ey-pyyeatl10gD (0] + E.p o [log (1 - D(6(2)) )]

— UIHGANSEHE, RIS A 2 A AREHR R L, iR AR A
MR RFEH A KT, FIEFEAH AR R MBE R Rk,
RERER AL AR AHE

— FIAAEERTT A B AR R S K

L(G, D) = —Ex-pypeat)[10gD ()] — Ezop, (2 [log (1 - D(G (Z)))]

Q5xmE, LRAH 238 RHHERL, LK
FIA B 2 B AR R IR PN E A G R, LR AR
LEJE R R S

O & A% B 47
V(6. D) = Exprmo oDt + Exp, o l0g (1 - D(6())]

— RERR AR A, R, B 4T 847

V=E, 0 [-log (D(6)]
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GANAR % & #

@ﬂ#ﬁ-ﬂ'!i LA 1A

GAN#B A | &

\ ~log(D(x))
V= Eyp ol -log(D()] '
Dx)
V'=Eyp,ollog(1- D)) log(1 - D(x))
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AT REMEES EFEERERIHER), BNREMESTLUUMAZE—
PMNESREAEREZ TR (XEAFEM S TR LM ES RS
REL) , FBAIT loss function kARERINERS, HITRAEEE
TRERIRETGEN, HEzUENR—MERAYIZIN, FTLAS EEGRAORT
ik, TEREAGLIEEUEHE.

MR ERBEREERECRSRREEERT 1, BAEEEZHIAT
fr, RENRBIBEREZEHRER, NS EHERE, Bk,
MEINT 1, BBARITHETVENRIESR AN, R RESRRE0,
SFEREIRK.
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[REETE, sigmoid SERIEIE:,

Derivalive of sigmoid function

SNERAEA sigmoid {EARKEREN, ESERAAIREET 0.25/Y, M
HAWIRMRINENE  EFEERNT 1, Bt Es T Emay
WIS, EfEE, XSER @), EMREZREREHR
K.

(3) #MIBINERETK



oC - oC 8y4 824 63:4 623 3.’133 322 8332 321

by  Oys Oz4 x4 O2z3 Oz3 D2y Do D2 Oby
oC

= a—a’ (24) wyo' (23) w30’ (22) wao’ (21)
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MEEF7R, &, BHE ERRRIER. RiEEDER(RE
B AE, NpEINSENEEIINESESERLER, REZK
ERSEIRIFRYEIRR,

=. BRBE

PREIRRMEE R ERREER AMEKR, MWENEEFREE
AR, AR ERRIRERFGETRIERIN., BREBERER. 1B
MEEEBLITLMITA:

(1) pre-training+fine-tunning

75753k 8 Hinton £ 2006 S AZRRI—RIE, Hinton 97 fZRES
BRI, RERNEEEER)%40i% EEABERER)I%G—
BRETR, IHTE E—EETRAvEmEEABAN, MARRT R
WA EAT—ERTRIEA, WEIEREZRE "T0)lI4" (pre-
training) ; TSRS, BXIEBANMEZHT "“HE"  (fine-



tunning) . IWEERITEASHERN, ARBEERTHKER
&I, WHEE—ENFt, (E2BRNAIAEREST.

(2) HEELD: MNHEIRERSE

BRI EEER IS EIRERLAT, BRE—M
EEIRE, AREHHEENIR, NREEBIXNHRE, BAR
FBELEHIREITEXNSEECA, XA LB LEEE R,

(3) #EIENM

B IEREERERIFERERANEIENM (weithts
regularization) , IEMM{EEZEIIIMENEBIENSBRENITHIA
B. IRKERERE, BANERSZREREX, RI%, BYUIE
NHETTERBREINERIA/N, BAILAE—ERE LR IEEEIRFRIA
£, WRERAIR L1 IENF L2 IEN, AR NREERPESHEN
RY AP RJLASEFIERILL,

XF L1 M L2 IENENFAERERTLUSERHZ B E—XRIY
a. IEEEREIESIE

(4) &8 relu FHEAXRIFERH LGRS

relu ERERISEFEIESEIDZESFT 119, BIERENSZPER
relu BEREEA S SEREBRIIE .


https://zhuanlan.zhihu.com/p/72038532
https://zhuanlan.zhihu.com/p/72038532

AR AT

KT relu FHERBENFARBT I LISER ZRIRINE
alim &N H = BRIUIR R

(5) batch normalization

BN g2 B E— BN/ EN L E—ERI75%, HR T
ESHCRAE/ INERAIRNR, IATRERIE R HRAIRIFRR, B
ATLAIEREDY BN Rt MIBAIXALE 7 IREHIX,

X7F Batch Normalization (BN) BUFEHARNSAILUSER ZEINNE
——= Y Normalization 737%: BN, LN, IN., GN

(6) FREMLEZAIEER (shortcut)

IR ELERNE, MENRIXRIEI T : Deep Residual Learning
for Image Recognition, 183 5%E:

openaccess.thecvf.com/c


https://zhuanlan.zhihu.com/p/71882757
https://zhuanlan.zhihu.com/p/71882757
https://zhuanlan.zhihu.com/p/72589565
https://link.zhihu.com/?target=http%3A//openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf

-‘i- 1
Weight layer

F(x) l relu

X

1dentity

Weight layer

l
Foots (-

relu

v

BT LARIERERRIMEEN, RETERZXE (W LEFR
) HEBERERSH, XENGIEREEEFESRARFSE, 7
LOBRABREIHK.

(7) LSTMEY “I] (gate) " 53

LSTM £FREITHICIZMEE (long-short term memory
networks) , LSTM RYEE#EIiTeTLASEE RNN FRATHE EHSRYA]
W, FRFRFFET LSTM REEZRY “I7]" (gates), INTFER.



Crle

Lo

@.,ClrLf_LH
(x)

LSTM BEERERY " ATLAER FREHRIEHE SE" siJLXR
IZx89" FRBRICIZ .

FEFTENRMLUL: F%8 58 softmax XX FIMEREKS - B (janshu.com)
https://www.jianshu.com/p/c02alfbffad6

XA ER:

(28 %388 XA REEEERM text to image synthesis mohole zhang 918%-CSDN
B XAERER

https://blog.csdn.net/mohole_zhang/article/details/89374420

https://blog.csdn.net/Hekena/article/details/1249596767csdn_share tail=%7B%22type%22%3A
%22blog%22%2C%22r Typeh22%3A%22article%22%2C%22rd%22%3A%22124959676%22%2C%22s0
urceh22%3A%22Hekena%22% 7D &ctrtid=3xxWq



https://www.jianshu.com/p/c02a1fbffad6
https://blog.csdn.net/mohole_zhang/article/details/89374420
https://blog.csdn.net/mohole_zhang/article/details/89374420
https://blog.csdn.net/mohole_zhang/article/details/89374420
https://blog.csdn.net/Hekena/article/details/124959676?csdn_share_tail=%7B%22type%22%3A%22blog%22%2C%22rType%22%3A%22article%22%2C%22rId%22%3A%22124959676%22%2C%22source%22%3A%22Hekena%22%7D&ctrtid=3xxWq
https://blog.csdn.net/Hekena/article/details/124959676?csdn_share_tail=%7B%22type%22%3A%22blog%22%2C%22rType%22%3A%22article%22%2C%22rId%22%3A%22124959676%22%2C%22source%22%3A%22Hekena%22%7D&ctrtid=3xxWq
https://blog.csdn.net/Hekena/article/details/124959676?csdn_share_tail=%7B%22type%22%3A%22blog%22%2C%22rType%22%3A%22article%22%2C%22rId%22%3A%22124959676%22%2C%22source%22%3A%22Hekena%22%7D&ctrtid=3xxWq

