Deconvolutional nets
Busyanmnsauma CBEPTOUHDbIX ceTeu

AHTOH OCOKUH
BMK MI'Y




[lhaH AOKNaaa

* CBepToYHble ceTun
* Busyanunsaumsa cBEPTOUYHbLIX CeTEN

e AHaNM3 apPXUTEKTYPbI CETU
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Convolutional Networks (LeCun et al., 89)
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CTPYKTYypa cnoAa cetu
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Apxutektypa ana MNIST (1998)
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ApxutekTtypa ana ImageNet (2012)

e 1,000,000 ob6beKToB
e 224 x 224 nnuKceneun
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AlexNet (Krizhevsky et al., 2012)

* YBennyeHHaa moaens (8 cnoes)
e Bonbuwe aaHHbIX (10° vs. 10%)
* Peannsauma Ha GPU

* Perynapusaumnsa (Data augmentation, DropOut)
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Training Big ConvNets

* Back-propagation of error
— [Rumelhart, Hinton & Williams 1986] + many others
— Chain rule

* Stochastic Gradient Descent
— 2nd grder methods expensive

— L. Bottou “Stochastic Gradient Tricks” Neural Networks 2012

* Momentum
— Nesterov variant [ Sutskever et al. ICML 2012]

e (Classification loss: cross-entropy

* GPU implementation



Improving Generalization

 Data augmentation (crops/flips etc. of images)
» Weight decay (L1 or L2 penalty on weights)

* Inject Noise into network
— DropOut [Hinton et al. 2012]
— DropConnect [ Wan et al. ICML 2012]
— Stochastic Pooling [ Zeiler & Fergus ICLLR'13]



Peannsauun

e cuda-convnet (Alex Krizhevsky et al., Google)
 Torch7 (Yann LeCun et al., Facebook)
e Caffe (Yangging Jia, UC Berkeley)

http://deeplearning.net/software_links/



Kak NnoHATb, YTO ceTb obyyaeTca?
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Busyanmnsaumna cetu: ciom 1




Deconvnet
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Busyannsauuna BHYyTPEHHUX cnoes

[Mponyckaem nlobparkeHna BaAngaumMoHHOMN
BbIOOPKU Yepes ceTb

Bbibnpaem BHYTPEHHUW y3en
Haxoamm makcumanbHble 3HAaYEeHMA OTKIMKOB

BocctaHaBinBaem BxoA, AatOLWUM 3TN OTKAUKU
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Non-linearity

* JIOKa/IbHAA NepeHOPMUPOBKA C UCMONb30BAHUEM
KoadpoduumneHtos U3 ConvNet

* rectified linear obecneuynBaeT NONOKUTENBHOCTb OTKNIMKOB



* JlaHo:

— OTKAMKK y (pe3ynbraT CBEPTKMU)

Deconvolution

— ®unbtpsbl f (06yveHbl B pamKkax ConvNet)

e Hantu:

— UNcxoaHbIW BXOA, Z: Ve 1= sz D i c
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Deconvolution

* 3ajauva: .
A |
?1”}15: 2D ficmye ‘|‘ZHZ/<H1
“k c ||k=1 > k

 CBEpTKa — IMHENHaAa onepauma:

D) ,
min 2 |1F 2=yl + 2]

* 3a4a4a pelwaetca metoaom ISTA
(Beck&Teboulle, 2009)



Anropuntm ISTA

A

* 3agava: ming |Fz=yl5 + |21

* ANrOpuUTMm:
— pagneHT rnagkon yactn: g = AFT(Fz — y)

— WWar no rpaguneHTy: z=2z—[g
— Shrinkage step: z ;= max(|z| — B, 0)sign(z)
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Layer 2: Top-1
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KaK ncnonb3oBaTb BU3Yann3aumto?

* [ToHMMaHMe, YTO UMeHHO oby4yaeTca B pamKax
cCeTu

* 1narHOCTUKa npobnem, cBA3aHHbIX C
apPXUTEKTYPOU CETMN.



Occlusion Experiment

* Mask parts of input with occluding square

* Monitor output

* Perhaps network using scene context?
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Total activation in most Other activations from
active 5t layer feature map same feature map




True Label: Afghan Houn
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Most probable class

Afghan hound
Gordon setter
Insh setter
Mortarboard
Fur coat
Academic gown
Australian terrier
Ice lolly
Vizsla
Neck brace

p(True class)
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True Label: Afghan Hound
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Total activation in most Other activations from

active Sth layer feature map Same feature map
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AHann3 GunAbTPOB NEPBbIX C/I0EB

Krizhevsky et al.

1) MHoro «MépTBbIX» GUNLTPOB

2) EcTb BbICOKO-4ACTOTHbIE M HU3KO-4aCTOTHble GpuabTpbl. CpegHune 4acToTbl He
npeacTaB/ieHbl

3) Blocking artifacts Ha BTopom cnoe



OunbTpbl NEPBOrO C/104

Krizhevsky et al. Zeiler and Fergus

1) YmeHbleH pa3smep punbtpos (¢ 11x11 ao 7x7)
2) yMeHbLUEHO CMeLLEeHNE MeXKay coceaHUmM onepaumamm Pooling.



OunnbTpbl BTOPOro cnoA

Krizhevsky et al. Zeiler and Fergus

(d)
1) YmeHbleH pa3smep punbtpos (¢ 11x11 ao 7x7)
2) yMeHbLUEHO CMeLLEeHNE MeXKay coceaHUmM onepaumamm Pooling.




MN3meHeHne OTKAMKOB B NpoLecce obyyeHuns




M3meHeHMe OTKIMKOB B npoLiecce obyveHuns




R. Fergus, Deep Learning for Computer Vision, NIPS
2013 tutorial

Cnangabl TblOTOpPWUIA B XOPOLLEM Ka4yecTBe:

http://cs.nyu.edu/~fergus/presentations/nips2013
final.pdf



