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AR (EREF)
- CNN OE®R (1§3)
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- R-CNN / Fast R-CNN / Faster R-CNN

m PR (EStIVHD)

- Semantic Segmentation (SegNet)
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VEDR & 585K
R-CNN / Fast R-CNN / Faster R-CNN R2017a

R-CNNICE #BEDRIHEF LR F BB In S O LA

BEEDRIE (Car Front)
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Semantic Segmentation R2017b
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CNN (Convolutional Neural Network)
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CNN (Convolutional Neural Network) R20]6C|
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Convolution Layer (&#iA#E) / Pooling Layers (F'=UYJE)

EBLEDREZ—EDHEFRLT, VI MeHBIIE. 21—V NTCEHAHDPRATES



Convolution Layer (B#AH#E) / Pooling Layer (I’=UYJE)

Convolution Layer (B#AHE)

> EROIIIVHUECHZ T HU0HE
> IHEhhEsE U TOREE

( EANEZENID%E ¢ Max Pooling

Pooling Layer (I’'—U>JJE)
> MRIBAORXEFEEFEITEZLN
> FTBHF(CIZ0/VA MECEI R
> AFSAREFINBREEIZZITILEHD

Ei9{EZE DI BHE @ Average Pooling
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10



[HlER] FEHEXF DR

BHAHZ1—TIARY ML DFE S F D056
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FEEXF

28 x 28 pixel

N[ OO |©O

TEN (0-9)
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BH#AH_1—-3)1 Y POBELFE
28x28 EVIOEHR (HF) &R EBHETORY MNI—-IIBEDH

layers = [ ...
imagelnputLayer([28 28 1], 'Normalization', 'none');
convolution2dLayer(5, 20);

reluLayer();

maxPooling2dLayer(2, 'Stride’, 2);

fullyConnectedLayer(10); EHAHE- TV E- L=
B ELELEEIELY .>
softmaxLayer(); BEDEBZEHLITTER

classificationLayer()];

opts = trainingOptions('sgdm', 'MaxEpochs', 50); . FEEPRAREHREEZERUT
net = trainNetwork(XTrain, TTrain, layers, opts); FEHORAZFV LT

http://www.mathworks.com/help/releases/R2016a/nnet/ref/trainnetwork.html
12
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ILSVRC [cBIZUREBEARLAYMNI—2 (Alex Net, VGG Net)

Alex Net DEH1E. LDERVRYRI—-IhEHENB LSBTk

Alex Net

m bOYBMKZE Hinton OF—AICEDFEER

B NVIDIA® GeForce® GTX 580 24 Ic &% 5~6HREIDFH
B ILSVRC 2012 [cBWTEBULE SN RRY NI -2

VGG Net
m OxfordX* Visual Geometry Group [CLDFER

m NVIDIA® GeForce ® TITAN Black 4#% [C&3 2~3BREDFH
m ILSVRC 2014 [CEWT 2 idDieixaizUicry hI—2

ILSVRC 2010 - 2015

Alex Net

/

2010 2011 2012 2013 2014 2015 Human

Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton "ImageNet Classification with Deep Convolutional Neural Networks" In NIPS, pp.1106-1114, 2012

K. Simonyan, A. Zisserman "Very Deep Convolutional Networks for Large-Scale Image Recognition" arXiv technical report, 2014
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R-CNN / Fast R-CNN / Faster R-CNN
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R-CNN (Regions with CNN features) ¢&ld?
CNNICIVE1-9E ST OFRRMEH AN EIYMARL - BB OFE

R-CNNICE #BEDRIHEF LR F BB In S O LA

4\ MathWorks

R2016b

BEEDRIE (Car Front)
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R-CNN (Regions with CNN features) ¢&ld?
Exhaustive Search Tl&. tEIBDIERENIER(CZRD., SERERFBIZREDHASHENEEUN DI

-----------------------------------------
LY
[

mBn

-----
--------------
[ ]
-----
-----------
[}
we®
\d

Exhaustive Search

Sliding Window Z{#>/z7 )LV L B4 X
PIZATZZE X IRD SRR (CIERRT B, BAtRH
REDQTINIUALRETHLLFIHETN TS,

Selective Search
BOTFIAFrOIEEREE(CURT7IVIVL L YK
SUEBIDEIEATIERLTNS (BFE 20001
BUVDIRIEZERK T DENZ )
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R-CNN (Regions with CNN features) ¢&ld?

R-CNN: Regions with CNN features

1 warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity

1mage proposals (~2k) CNN features regions
4 A A
Selective Search CNN features SVM
BOTIRFrOIEHRZRICULTF L CNN Z{EoZE{FEF = H7IVDEIERUEIDSVM

Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and semantic segmentation." CVPR 2014
17
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MATLAB® [cH1T7d R-CNN

R-CNN: Regions with CNN features
] warped r?f_;}?fl _______________ ﬂ‘aeroplane:? no. |
o\ X OFINIUZ A
= Ll C M\ﬂw ] MATLAB Tl&. E(ZR-CNN Drcim>X D
t f g w0 N /g monitor? no. 7 | \
1. Input 2. Extract region 3. Compute 4. Classity NTVALEETRRLTRELTVS
image proposals (~2k) CNN features regions
fRiE{x ¥t vag::]
Region Proposals Feature Extraction Classification
FEIBNT e > Selective Search SVM
BPTIAFrOBRERICU T CNN features h7 TUDIERLEDSYM
Edge Boxes CNN ZfEoTBIER TN Neural Network
MATLAB -----» ESROLYSOERERCULTE CNNO#EER(FHIE X

[1] Girshick, R., J. Donahue, T. Darrell, and J. Malik. "Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation."Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2014, pp. 580-587
[2] Zitnick, C. Lawrence, and P. Dollar. "Edge Boxes: Locating Object Proposals from Edges." Computer Vision-ECCV, Springer International Publishing. 2014, pp. 391-405.
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Image Labeler App
HEEITERONINBINSTEE Y —)L THCTHRETIEN TEXT

4\ Training Image Labeler - labelingSession.mat

LABEL

élﬂbﬁl&:

i FLE
% | s | @
image001
- . & images - =
Steren Camera | Training Image A= To begin, click the Add Images button. v : i & =
Calibrator Labeler Joi- — e = i =

L k5w U TRBISATED
; %‘&:— 2 7/\JL%L¢R

BELT TV —>3>57 (5 S £ ) il ¥
EROTAIEIII SIS < g e~ VP

[IZ] ROl Labels

Number of images labeled: 1/1 Total number of ROls: 3

19



R-CNN D33E (B#X : trainRCNNObjectDetector)

detector = trainRCNNObjectDetector(groundTruth, network, options)

* .
0‘ “
* .
* .
o .
o .
o
1 2 3
imageFilename stopSign carRear

'stopSignImages/image001.jpg' [856,318,39,41] [398,378,315,210]
'stopSignlmages/image002.jpg' [445,523,52,54] [332,633,691,287]
'stopSignImages/image003.jpg' [897,365,49,48] [718,409,74,66;1...
'stopSignIlmages/image004.jpg' [948,424,34,44] [757,503,143,69]
'stopSignImages/image005.jpg' [980,393,31,56] []
'stopSignImages/image006.jpg' [1.0408e+03,35... []

Ground Truth SeriesNetwork Fz(& EDBc5

¥ BIEEVTEIRY NI —IDBRUCKDEEBDEMFHEDBLICER !

SeriesNetwork D& = RXVNI-JEFEFHNICEEIND (FEXROEXREHEESEGETEIND)
EOEHDIGE = FEXRDEXREZFHTRTEUWSZEREFIESZFS

4\ MathWorks
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Fast R-CNN (R-CNN OEiER1b)



R-CNN R FECBEOTLEION ?

ERERNARNLTNG ]

Selective Search (ZFEFRIR D FEHE S L)
(Edge Boxes)
........................ >
I~
2 |
, ™= [N
................................................................................................ > =
ReSize --------------------------

BEOHHHEHICTHLT
{AIEECNNDE

Convolutional Neural Network

4\ MathWorks
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Fast R-CNN ¢&(3?

Step 1) EHS24F(C CNN DRSS (BHAH&T—UY) &#E1TUT, Feature Map 2%£m%93

BEdht (BHAHFRT-UY) 434E
> o4 096 096 1000 1000
4 4
\ i 512
224 | T conv T Pooling FC FC FC Softmax
.....> oo 0 .....> .................... > 7 .....} .....> .....> ............. }
7
224 14

VGG16 ZE-ImSZHBLTVET

[ % BBEDASA RTIK, FEFEHETIIC ]

Feature Map 93
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Fast R-CNN ¢&(3?

Step 2) Region Proposal [CX3itid 388D Feature Map ZWIDiHd

SFEME (BHAHKT-1U2D) 4348
3 64
512 4096 4096 1000 1000
\ 512
224 | ) €onv e Pooling FC FC FC Softmax
.....> o0 0 .....> .................... > 7 .....> .....> .....> ............. >
7
224 14

Elf246D Feature Map
HoXd3IV7ZUDET

Feature Map

24
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Fast R-CNN ¢&(3 ?

Step 3) Feature Map OMEEFDZEEY 1 X (CWIDHIFT. I-U>J%413T5 (Rol Pooling)

BEdht (BHAHFRT-UY) 4548
3 64
512 4096 4096 1000 1000
\ 512
224 | ) €onv e Pooling FC FC FC Softmax
.....> o0 0 .....> .................... > 7 .....> .....> .....> ............. >
7
224 14

WAWARRKESTHIDIHENE
Feature Map 2—E&H/1XIC93

Feature Map

25
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Fast R-CNN ¢&(3 ?

Step 4) tINikE & I'-U>JURED Feature Map h5. Score & Bounding Box 2593

4096 4096 Softmax

.
s
s
e
s

EABEMAENMEH LIFT
Score ¢ Bounding Box &%l

pun
oo”
.
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.
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9]
v
A
v
!
9]
v
f 7
v
[ —
w0
o)
o]
=
()]

.0
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‘e
]
e,
"a
LIPS
Tag,
.....
.....
------
------
.......
------
......
.....
.....
Tag,
Taay,
Taa,
ay
ay,
“a,
"a
"y
"
L]
tea,
‘e
‘e
.
-
*

*
*

ConvNet

512

7
Feature Map

26



Fast R-CNN ¢&(3 ?

Selective Search
(Edge Boxes)

4\ MathWorks

Bounding Box

27
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Fast R-CNN OF& (B HULH)
EARBIFFHUAE R-CNN EXERO, BEICHUTAEYZENTSEHD/SA-FEHRETBEL)

options = trainingOptions(‘'sgdm’, ...
'InitialLearnRate’, 1e-6, ...
'MaxEpochs’, 10, ...

'‘CheckpointPath’, tempdir); L(iro/und Truth ]

frcnn = trainFastRCNNObjectDetector(data, layers , options, ...

'NegativeOverlapRange’, [0 0.1], ...
PositiveOverlapRange', [0.7 1], ... pEE T O o) ]

'SmallestImageDimension’, 400),

Sosn0Y(x J . AEUEERILEMBAICRETBERN/(5X—
235) | F
= " Fast R-CNN [ZEH&2{FH5 Feature Map %

ERIBD. KEDGPUAEVZHELZ L)

28
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Faster R-CNN (Fast R-CNN OE3E1{L)



Fast R-CNN (3B FE{BRO>TUESDOH ?

[

2(&Region Proposal DER%IC
BFRD DO T !

=

Selective Search
(Edge Boxes)

Bounding Box

4\ MathWorks
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Faster R-CNN ¢&(3 ?

BRITOEBZHBILTSHIL
CTEMDRFIA MeE/IME !

Network

ConvNet
........ >

Feature Map

Region Proposal

Region Proposal

Bounding Box

4\ MathWorks
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Region Proposal Network &(d ?
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Faster R-CNN ¢&(3 ?

Fast R-CNN [C Region Proposal Network 28 AU T, BICERIELEZIIVA A

CNN DB HAHBEFEDT Sliding Window THIDHHUE
Feature Map Z%£Hi9% Feature Map h\5afls{E#%E LR

ConvNet ® s, Regression D
................ > “_____..---‘ RN N O 0 o E
S > ! | IZID
Input Image Feature Map Region Proposal

Region Proposal Network &l&? > Feature Map Z#E>THR LTRIBIREEREN T H11EH

33
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Region Proposal Network &(d ?

-
.
PR ide
.
*
.
.
.
.
.
o
-

‘.,
Y
ey,
------

W

REE

HZE. VGG16 DiFSIE 512ch

@ Feature Map ZFIAH9I3&

3 X 3 X 512 RcDIEEN{EZXS

-~» Bounding Box

Ced FESRME (UDEE-IEVIE)

(tx: tyr tw: th)

(ppOSr pneg) fRiE{%# (Region Proposal)
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Region Proposal Network &(d ?

s Tl Feature Map DFRICHULT. 9FEFHDY A XD Anchor Box ZE&ZUL TS

-------------------
. "y
----
. "
. L
“ ",
----
‘e
‘e
.
‘e
.
3

Feature Map -

Ren, Shaoging, Kaiming He, Ross Girshick, and Jian Sun. "Faster R-CNN: Towards Real-Time Object Detection with Region

Proposal Networks." Advances in Neural Information Processing Systems . Vol. 28, 2015.
35
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Faster R-CNN OE%&E

RD&ES1 4 A7YI DFIRISAOT, BHAHBDERBIELERYNI—I2FEEES

1
2
3
4

. Region Proposal Network (RPN) Z##3£9%

. #2&L % RPN %&{#E>T Fast R-CNN ZFHcHE3

. Fast R-CNN ([ RPN Z#E#U T, EHRUEED DYIA M) Fine Tune 2175
. HEx{&[C Fast R-CNN O FCEPDDIA bD Fine Tune 175

Fast R-CNN

- %8 (Classification)
- @Y% (Bounding Box Regression)

Region Proposal Network

e PRl {R#EER (Region Proposal)

Input Image Feature Map
36
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Faster R-CNN O=%3E (BEZIFE0 i LA)
SBMORATYTBICEBREFE I EVERE. ROLSRTRET BN TES

options(1) = trainingOptions('sgdm’, '"MaxEpochs’, 10, 'InitialLearnRate’, 1e-5);
options(2) = trainingOptions('sgdm’, '"MaxEpochs’, 10, 'InitialLearnRate’, 1e-5);
options(3) = trainingOptions('sgdm’, '"MaxEpochs’, 10, 'InitialLearnRate’, 1e-6);
options(4) = trainingOptions('sgdm’, '"MaxEpochs’, 10, 'InitialLearnRate’, 1e-6),

Anchor Box ZHEITEEUVRWMESE. ROLSRASTHEITSIEDTES

detector = trainFasterRCNNODbjectDetector(data, layers, options, ...
‘MiniBoxSizes’, [90 180; 128 128; 180 90], -
'BoxPyramidScale’, 1.2, - <

BoxPyramidScale

‘NumBoxPyramidLevel, 3); d R

MiniBoxSize

‘_J

37
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R-CNN / Fast R-CNN / Faster R-CNN ODEEU'A

_ R-CNN Fast R-CNN Faster R-CNN E{K24D Feature Map &£/

JeHKED GPU XEVZHELPI L

ok ARHEDORE x (GEWVY) A (ZIESED) O GELY)
WERGPUXEY O (B®)  ix (ZL) x (%) <

NSBMEORE (O (BE)  x (RSR)  x (RER

A - 4 BOF BN BETH. BEIHHS
PRELOFESERE O (|) T O (| x (7<) S ONRE RS TYR S

¥EosvEE O (@8 | O (@®) [ x (@)
PROLBARBE O (@) i O ()  |x (BW

T PIDMUESEIREUY A X BIEIEN ABED
INERAEIT RIEADTONS
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Semantic Segmentation (SegNet)




Semantic Segmentation

BHAHZ1-IIIRYNILDITIT AT -3

\/

4\ MathWorks

R2017b
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R2017b

Semantic Segmentation &(d ?

eV ZZORK (FBOEIILOER) (CEDWT, h7TUNEITHFE

S5pALSHEBEEBZXBITETCNS !
BIZ7%E B TOADIT TR0

41



Semantic Segmentation &(d ?

v EZOBK (BAOEIEIOEIR) (CEDWT, hi7dUNEIIFE

= 2 8
= B B B E

BB
B E

4\ MathWorks
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Feature Map &l ?

2HAHZ1—-IIAYRI—IDTEBEIZE TH TEEHAHDET]

EERNNS DT ERdh

227 x 227

EJIBEEOIEENIS
TvIREDZERREHE
HOHLTWS

55 x 55

13 x 13

4\ MathWorks

7I’—=U>)DRIEICED
fIE(CRT 2 IEERDHES
BoTUES
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Convolution Layer (B#AH#E) / Pooling Layer (I’=UYJE)

Convolution Layer (B#AHE)

> EROIIIVHUECHZ T HU0HE
> IHEhhEsE U TOREE

( EANEZENID%E ¢ Max Pooling

Pooling Layer (I’'—U>JJE)
> MRIBAORXEFEEFEITEZLN
> FTBHF(CIZ0/VA MECEI R
> AFSAREFINBREEIZZITILEHD

Ei9{EZE DI BHE @ Average Pooling

4\ MathWorks
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Convolution Layer (B#HAHE)

EBEOTIVAICED, EROZEM A MOSFE FR/N\Y -2 BT HIENTED

*
*
.
.
.
.
.®
.®

o
ta,
e
.
‘e
S

_‘ MathWorks:

EAmOIvy

MNAmoIvy

it mOIY>
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Convolution Layer (B#HAHE)

ZEfE T MIIEF TR FrRIIEEONY -2 BT 5IEN TES

‘e
‘e
.
‘e
---------------------

.
o*
.
*
*

‘ MathWorks:
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Convolution Layer (B#HAHE)

AlexNet @ 1 EREHOEHAHT(E 3 ch DFHNYI NS 96 ch DFHNYI=ERL TS

G ——— > ——
y == e > ———
» g .......... > / /
_— __— T b =—= > _—
_— e
_ _—
ATHFEIRYT RNy T

(FrILEL: 3) (FrrILEX: 96)
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Feature Map &l ?

2HAHZ1—-IIAYRI—IDTEBEIZE TH TEEHAHDET]

RS D5 ERd

\ 4 v
BEICRIEE 2 L1EM
RIBFrSEz L
[Fﬁfmd)?‘it‘(ztttiﬁﬂﬂ F
55 x 55 x 96

ST IVSEE
27 X 27 X 256 13 x 13 x 256
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SegNet (Semantic Segmentation)

RGB Image

Convolutional Encoder-Decoder

Badrinarayanan, V., A. Kendall, and R. Cipolla. "Segnet: A deep convolutional encoder-decoder architecture

Pooling Indices

B Conv + Batch Normalisation + Rell)
I Fooling [ Upsampling Softmax

for image segmentation.” arXiv. Preprint arXiv: 1511.0051, 2015.

Output

Segmentation

4\ MathWorks
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YiEdHiAd (Deconvolution)

BHAHFEEL, Feature Map & Kernel ([GEHRZEZBI CETITHIDIETERES

/[ TOBHANEE ]

........................................................................................................................................ BHAHREETIIO
BTRALER
4 ) 4 N

50



WigdiAdE (Deconvolution Layer)

EHAHFER(CHZE I ITIZIRE I DL FEHAHFEE(CTILI DITHNERD

=HIAH

Convolution

FEHAH :

Deconvolution

M’VEC[

MT-VeC[

4\ MathWorks
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»EHA#d (Deconvolution)

Kernel O RRICW\BES DR A

.
0...
-------

EEE ZEROREEECFLL

»[ 0 0 00000 |

4\ MathWorks



»EHA#d (Deconvolution)

Kernel O RRICW\BES DR A

.
0...
-------

EEE ZEROREEECFLL

»[o 0 0 0000 |

4\ MathWorks



»EHA#d (Deconvolution)

Kernel O RRICW\BES DR A

.
0...
-------

4\ MathWorks

EEE ZEROREEECFLL




»EHA#d (Deconvolution)

Kernel O RRICW\BES DR A

.
0...
-------

4\ MathWorks

EEE ZEROREEECFLL
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Kernel

_

Kernel Z[E50LT
75 M 1BEI3




® ................ >
T BEHAIAF T M - VGC{
convolution

WEHMAFH : MY - vec
deconvolution

|

4\ MathWorks
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W' —-U>% (Unpooling)

2151319
418|14]|8
317|514
5|6 |36
BAT-UY
(Max Pooling) v
9

Max Pooling
Indices

©C|lOo |0 | O

O|N |0 | O

©O|lo |0 |Oo

OO |O |©

ET-U>Y
(Unpooling)

4\ MathWorks
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SegNet (Semantic Segmentation)

RGEB Image

BRI 3TRIBEMHFTELTCND

Max PoolingBlF®Index% k=l T ]

Convolutional Encoder-Decoder

Badrinarayanan, V., A. Kendall, and R. Cipolla. "Segnet: A deep convolutional encoder-decoder architecture

Pooling Indices

B Conv + Batch Normalisation + RelU
B Fooling [ Upsamgling Softmax

for image segmentation.” arXiv. Preprint arXiv: 1511.0051, 2015.

Output

Segmentation

4\ MathWorks
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FEBT-YDEE (SegNet)

Stepl) SAID IDESESANINDIVE S I ERDTHE

classNames = ["sky" "grass" "building

pixelLabellD = [1 2 3 4];

sidewalk"];

Step2) EfEEITIINNDHEEESETS

imds = imageDatastore(imageDir);

pxds = pixelLabelDatastore(labelDir, classNames, pixelLabelID);

Step3) EHREET VI SNINDEHISFBT—HEEEIT D

datasource = pixelLabellmageSource(imds, pxds);

4\ MathWorks
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FHLIER (SegNet)

Stepl) SegNet DL1V—&TER %(t VGG19 &R | e

lgraph = segnetlLayers(imageSize, numClasses, model); 363232:%% 00y

Step2) F—¥REIEEL T, $BERTIS e,

net = trainNetwork(datasource, Igraph, options); $decuders oo

Step3) FBERERYMNI-ITRIADFT—33V%TS Soecote o2

C = semanticseg(l, net); Vooroderr oo,

61
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Regression with CNNs 2017

BHAHZ1—I)IRYMCLBIE]F

INFFENBEE CNN ([CEDEELZEBAR

63



CNNIC&LBERDTE

y =ax*+bx +c

4\ MathWorks
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CNNIC LB ENRDTE

4\ MathWorks

ERIOER : (aq, by, ¢1)

ERIOEE : (ay, by, Cy)

6 XTI
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FHAHETI [/ 1 HR— MiEE

FBEHETIN (Pretrained Model)

« AlexNet / VGG-16 / VGG-19
« GooglLeNet / Resnet50 / InceptionV3

1 >ik— MBE (Model Importer)

« (Caffe Model Importer
« TensorFlow/Keras Model Importer

R2017b

w_'@jﬁ'iﬁbfﬂb’iﬂ?v“ﬂjﬁé ]

>> net = googlenet
net =

DAGNetwork ®J0)\71:

Layers: [144x1 nnet.cnn.layer.Layer]
Connections: [170x2 table]

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov, D. Erhan, V. Vanhoucke, and A. Rabinovich.

Going deeper with convolutions. In CVPR, 2015
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 EEEEOYNE / SR

A723>0¢DT CPU / GPU / Multi-GPU / Cluster =YD %3¢ H 0] EE

ExecutionEnvironment — Hardware resource for training network
‘auto’ | "cpu’ | "gpu' | 'multi-gpu’ | "parallel’

Hardware resource for training network, specified as one of the following:

"auto' — Use a GPU if it is available, otherwise uses the CPU.
"cpu' — Use the CPU.

"gpu’ — Use the GPU.

‘'multi-gpu’ — Use multiple GPUs on one machine, using a local parallel
pool. If no pool is already open, trainNetwork opens one with one worker
per supported GPU device.

‘parallel’ — Use a local parallel pool or compute cluster. If no pool is
already open, trainNetwork opens one using the default cluster profile. If

the pool has access to GPUs, then trainNetwork uses them and excess
workers are left idle. If the pool does not have GPUs, then the training takes

place on all cluster CPUs.

R201/a

4\ MathWorks
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201/

User Define Custom Layer

A

Previous Next
Input Layer Output
Layer Layer Layer Layer
S X zZ
Dat
ata o Calculate
+ b Loss
Pass L Pass L Pass 9L T | Targets
e aL — —
dx w 0z dy
Update
Weights
e

function [dLdX, dLdAlphal = backward(layer, X, Z, dLdZ, memory)

% Backward propagate the derivative of the loss function through
% the layer

dLdX = layer.Alpha .* dLdZ;
dLdX(X>0) = dLdZ(X>0);

dLdAlpha = min(@,X) .* dLdZ;
dLdAlpha = sum(sum(dLdAlpha,1),2);
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Various Deep Neural Networks
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