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Il1am pana

1. Heke no3HaTHje apxuTeKType
2. TpaHcoep 3Harba (eHr. transfer learning) u npunarohasare (eHr. fine-tuning)

3. [eTekumnja n nokanmsaunja objekata



LeNet-5 (1998)
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Original paper: LeCun et al., 1998. Gradient-Based Learning Applied to Document Recognition
lllustrations: https://www.philschmid.de/getting-started-with-cnn-by-calculating-lenet-layer-manually
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LeNet-5 (1998)

* PenatusHo mana mpexka (oko 60K napametapa)

* [poCTOpHa WMPUHA U AY*KMHA TEH30pa Ce CMakbyje ca CBakMM c/ojem A0K ce AybunHa

nosehaBsa

* [oHaBmare Conv-Pool wabnoHa i

Output

Original paper: LeCun et al., 1998. Gradient-Based Learning Applied to Document Recognition
[llustrations: https://www.kaggle.com/code/blurredmachine/lenet-architecture-a-complete-guide/notebook
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AlexNet (2012)
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Original paper: Krizhevsky et al., 2012. ImageNet Classification with Deep Convolutional Neural Networks
lllustrations: https://anhreynolds.com/blogs/alexnet.html
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Layer # filters | Filter size Stride Padding Size of feature Activation

neurons map function
Input - - - - 227 x 227 x 3
Conv 1 96 11x11 4 - 55 x 55 x 96 RelLU
Max Pool 1 - 3x3 2 - 27 x 27 x 96
Conv 2 256 5x5 1 2 27 x 27 x 256 RelLU
Max Pool 2 - 3x3 2 - 13 x 13 x 256 -
A]eXNet (2012} Conv 3 384 3x3 1 1 13x 13 x 384 RelLU
Conv 4 384 3x3 1 1 13 x 13 x 384 RelLU
Conv 5 256 3x3 1 1 13 x 13 x 256 RelLU
Max Pool 3 - 3x3 2 - 6 x 6 x 256
Dropout 1 rate = 0.5 - - - 6 x 6 x 256

* PenatusHo Bennka mpexxa (oko 60M napameTtapa)
 Kopuwhemwe RelLU aktnsaunoHe dyHKuUMje

« ,Same” padding - npowurpu TeH30p 33 OHOANKO KOMKO je NoTpebHOo Aa ce He NPOMEHMU
WMPUHA U OY>KUHA U31a3HOT TeH30pa (Y 04HOCY Ha yNasHK)

* OpurMHanHW pajg - anAropuTam 3a napanenHo nspadvyHasare Ha Buwe GPU (y npakem ce
KOPUCTU 3a HEKe cneuujanHe cayyajese).

Original paper: Krizhevsky et al., 2012. ImageNet Classification with Deep Convolutional Neural Networks
[llustrations: https://anhreynolds.com/blogs/alexnet.html
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VGG-16 (2015)
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Original paper: Simonyan et al., 2015. Very Deep Convolutional Networks for Large-Scale Image Recognition
lllustrations: https://www.kaggle.com/code/blurredmachine/vggnet-16-architecture-a-complete-guide/notebook



VGG-16 (2015)

* Benuka mpexa (oko 140M napameTapa), Hegesbe 3a TPEHUpPaHbe

* Matme KoHBonyuuje (3 X 3ymecto 5 X 5 mam 11 x 11 y AlexNet-y)
* 92.7% top-5 accin ImageNet

e [lybsba antepHatuea VGG-19
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Original paper: Simonyan et al., 2015. Very Deep Convolutional Networks for Large-Scale Image Recognition
lllustrations: https://anhreynolds.com/blogs/alexnet.html
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Ocr aJie apxurT eKT ype

e ResNet

* Inception Network

« MobileNet

e O6uYHO cy AOCTYNHMU Beh TpeHUpaHU Moaenu, BULETH
https://tthub.dev/s?subtype=module,placeholder



https://tfhub.dev/s?subtype=module,placeholder

IlpakT n4HHU caBeT u

*  MmnnemeHTaunja moaena Ha OCHOBY paga MOXKe BUTK jako Aobpa NpakTUYHa BeXba

* Anu....y npakcu je bosbe KOPUCTUTU OPEN-SOUrce UMNAeMeHTaumje mogena
* Hwuje jeaHOCTaBHO MMMNAEMEHTUPATU MOAEN CaMO HA OCHOBY OnmMca U3 pada
* Heku geta/byn HUCY EKCNAMLUMUTHO HarnaweHu U/unu ce noapasymeBajy
*  bpXun pa3Boj NpojeKTa

*  AKO MMN/IeMeHTalUmja MoZiena He A01a3M 0f, OPUTMHANIHUX ayTopa UAK NPOBEPEeHMX M3BOPa (Kao LITO cy
nmnaemeHtaumje gocrynHe y Tensorflow-y) OGABE3HO NMPOBEPUTU UCMPABHOCT KOAA (1 je He KopucTuTy)

*  Kopuctutn ayrmeHTaumjy noaaTtaka



AyrmeHT anHja mogar aka

 Kopwuctun ce pa 6m ce gobmnm 6o/bM moaenu

«ObmnyHo» nosehaBarbe cKyna nogaTaka Ha KOMe ce y4u, AoBoau A0 bosbux moaena

KopucTtu ce y pasHum cutyauujama (TpaHchep 3Harba, TpeHMpakbe o4, MoYeTka ...)



AyrmeHT anuja nojaTt aka

* Yecto KopuwheHe meTtoae: mirroring

Andrew Ng - Convolutional Neural Netowrks, Coursera




AyrmeHT anuja nojaTt aka

* YecTto KopnwheHe metoge: rotation

Andrew Ng - Convolutional Neural Netowrks, Coursera




AyrmeHT anuja nojaTt aka

* YecTo KopuwheHe metoge: random cropping

: - - e

Andrew Ng - Convolutional Neural Netowrks, Coursera




AyrmeHT anuja nojaTt aka

* YecTo KopuwheHe metoge: random cropping

» Mma cmucia ako ce Ha KpajhOoj CMum U gasbe Hanasm objekaT oa uHTepeca

Andrew Ng - Convolutional Neural Netowrks, Coursera



AyrmeHT anuja nojaTt aka

* Yecrto KopuwheHe meToge: color shifting

'''''

-20,+20,+20

Andrew Ng - Convolutional Neural Netowrks, Coursera



Original Flip Rotation Random crop

AyrmeHT amHja . £..x
nmoaar aka S A -

+ Image without any » Flipped with respect to an  « Rotation with a slight « Random focus on one
modification axis for which the meaning angle part of the image
of the image is preserved » Simulates incorrect + Several random crops can
horizon calibration be done in a row
Color shift Noise addition Information loss Contrast change

E3)

* %
+ Nuances of RGB is slightly ~ « Addition of noise » Parts of image ignored « Luminosity changes
changed » More tolerance to quality » Mimics potential loss of « Controls difference in
+ Captures noise that can variation of inputs parts of image exposition due to time of
occur with light exposure day

https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-deep-learning-tips-and-tricks



AyrmeHT anuja nojaTt aka

expert
TF sequences
................ o e e e
.
TF, il TF.
rotation flp

-

Augmented

N searn o

https://ai.stanford.edu/blog/data-augmentation/

data r———



Il1am pana

1. HeKe no3HaTuje apxuTeKkType
2. TpaHcoep 3Harba (eHr. transfer learning)

3. [eTekumnja n nokanmsaunja objekata



Tpaucgep 3Hama (eHr. transter learning)

* [lpaKTMyHa orpaHuyemsa:
» [JoctynHa je (yrnaBHOM) Mana KoMYMHA noaaTaka
» TpeHuparbe Mmogena MOKe TpajaTh jako Aayro (Hnp. meceumma)

» [oyeTHa MHMUMjanu3aumja moaena Huje «aobpa» 3a pellaBarbe KOHKpeTHor npobaema

» Mogen anseprmpa y NnOHOB/bEHUM TPEHUH3UMA



TpaHucgep 3Hama (eHr. transtfer learning)

Npeja TpaHchepa 3HaHbA

> 3Harbe cTeYeHO NPUAMKOM pellaBarba HeKor (mo3HaTor) npobaema, MCKOPUCTUTU NPU peLlaBakby HOBOT Npobnema

Knowledge

Transfer

Knowledge

Transfer

Jlakwe je Hay4ynTn pycku ako Beh
roBOpPUTE CPMCKW, LUNAHCKM aKOo
Beh roBopute PppaHLyCKH,
HemauyKku ako Beh rosopute
EeHINeCcKn uta,.

Zhuang, Fuzhen, et al. "A comprehensive survey on transfer learning." Proceedings of the IEEE 109.1 (2020): 43-76.



Tparacoep 3Hama (edr. transter learning)

Output layer —
\ . t [ CNN Layer CNN Layer

t
Layer 1

https://c.d2l.ai/stanford-cs329p/_static/pdfs/cs329p_slides_14_1.pdf https://harvard-iacs.github.io/2020-CS109B/a-sections/a-section01/presentation/asec_TL.pdf
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TpaHucgep 3Hama (eHr. transtfer learning)

1. Train on Imagenet 2. Small Dataset (C classes)
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http://cs231n.stanford.edu/slides/2021/lecture_9.pdf



TpaHucgep 3Hama (eHr. transtfer learning)

1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
FC-C FCC
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FC-4096 _ ) . FC-4096
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http://cs231n.stanford.edu/slides/2021/lecture_9.pdf



TpaHucgep 3Hama (eHr. transtfer learning)

1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
] FeC
re.409s T 1\ Reinitialize T Trainthese  Fine-tuning
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http://cs231n.stanford.edu/slides/2021/lecture_9.pdf



TpaHucgep 3Hama (eHr. transtfer learning)

FC-1000

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool H
— More specific
Conv-512

MaxPool

Conv-256

Gonv.258 More generic
MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

very similar very different
dataset dataset
very little data | Use Linear You're in
Classifier on trouble... Try
top layer linear classifier
from different
stages
quite a lot of Finetune a Finetune a
data few layers larger number
of layers

http://cs231n.stanford.edu/slides/2021/lecture_9.pdf



Tpaucgep 3Hama (eHr. transter learning)

*  YMecCTo MHUUMjaNn3aLmnje MpexKe C/1y4ajHUM BPpeaHOCTMMA, KOPUCTUTU Beh TpeHupaHe mperke
* 3Hatbe (TeXXMHe) HayyeHe Yy NPBUM CN0jeBMMa MpPEeXKe 3a4pKaTu

» He meraTu rbUXoBe TeXMHE TOKOM TPeHUparba

» KopucTtu ce HayyeHo 3Harbe (dunntepu) N3 npeTxogHor 3agataka
* 3amMeHUTU jeaaH (Mnu BULLIE) CNOjEBA Y MPENKMN

» O6YyYynTU UX HA OCHOBY AOCTYNHMX NOoAAaTaKa

* AKO NOCTOju AOBO/bHO BE/IMKA KONMUYMHA HOBUX NoAaTaKa, Lie/la MpeXa MOXKe Aa ce Ao-TpeHupa (@Hr.
fine-tune) kopucrehu jako manu learning rate

» Manu learning rate je BaxkaH Aa ce He 6U ,yHULITUAO" OHO LITO je NPETXOAHO Hay4YeHo



Tpaucgep 3Hama (eHr. transter learning)

* Bpno Yyecto ce KOpPUCTU Y NPaKCU anu....
» MMornepatu pag,
» TpeHunparbe of NoYeTKa MOKe AaTh UCTO Tako Aobpe pesynTtate (nako he Tpajatv mHoOro ayxe)

> [powmnpuBarbem ckyna nogataka mory ce (moHekasa) noctuhu 6osbu pesyntatu

» CKynoBu nogaTaKka (HOBM M cTapu 3agaTtak) Tpeba Aa byay caMyHu aa 6u TpaHcdhep Mmao cMucna


https://arxiv.org/abs/1811.08883

PanqoBu 3a yur ame

Krizhevsky et al., 2012. ImageNet Classification with Deep Convolutional Neural Networks

https://arxiv.org/pdf/1608.08614.pdf

http://adas.cvc.uab.es/task-cv2016/papers/0002.pdf

https://proceedings.neurips.cc/paper/2020/file/0607t4c705595b911a4f3e7a127b44e0-Paper.pdf



https://arxiv.org/pdf/1608.08614.pdf
http://adas.cvc.uab.es/task-cv2016/papers/0002.pdf
https://proceedings.neurips.cc/paper/2020/file/0607f4c705595b911a4f3e7a127b44e0-Paper.pdf
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1. HeKe no3HaTuje apxuTeKkType
2. TpaHcdep 3Hatba (eHr. transfer learning)

3. [eTekumnja n nokanmsaunja objekata



Kracugurxanuja — Jiokajia3arnija — €T eK[Hja

Image classification Classification with Detection
localization

Andrew Ng - Convolutional Neural Netowrks, Coursera



Kracugrukanrmja

* Mopgen npeasuha Knacy uene camke
e ,Ha cavum ce Hanasm ayto” anm He 3HaMO rae HUTU KOJIMKO UX UMA

Andrew Ng - Convolutional Neural Netowrks, Coursera



Jloka ta3anmja

* ,Ha canum ce Hanasn ayto” Ha nokaunju (by, by ), wWnpnHe w un BucuHe h

Andrew Ng - Convolutional Neural Netowrks, Coursera



Jloka ta3anmja

* ,Ha canum ce Hanasn ayto” Ha nokaunju (by, by ), wWnpnHe w un BucuHe h

Andrew Ng - Convolutional Neural Netowrks, Coursera



Kracugrukanrmja

O6nunK aHoTaumje

b

0

Andrew Ng - Convolutional Neural Netowrks, Coursera



Jloka ta3anmja

Cl - Car
C, - Person
C3 - Dog

O6nunK aHoTaumje

Fo. >
B 50
b, 70

— " |w| " |35
h 40
C, 1
C, 0
Cs 0

Andrew Ng - Convolutional Neural Netowrks, Coursera




Jloka ta3anmja

O6nunK aHoTaumje

PCT T 1 7
b, 120
b, 70
" lw| " |50
h 25
Cy 0
C, 0
Cs 1

Andrew Ng - Convolutional Neural Netowrks, Coursera




Jloka ta3anmja

Cl - Car
C, - Person
C3 - Dog

O6nuK aHoTaumje

_PC_

Andrew Ng - Convolutional Neural Netowrks, Coursera
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Jlokatu3anmja

O6nuK aHoTaumje

Cl = Car .
0 o3HayaBa Aa Hema objeKTa
C, - Person
b, 9 (background) na octanu
£ - Dog b, ?) eNeMeHTN 0BOr BEKTOPa HUCY
" lw R OUTHU
h ?
Cy ?
> C, ? ®
_C3_ _?_ ®
| 4

Andrew Ng - Convolutional Neural Netowrks, Coursera



Jloka ta3anmja

TpeHunpare

v

v




/Jler eknmja — JIoKa/tH3aHja BHIIIE 00JeKaT a

CAT. (x,y,W,h) 4 numbers

DOG: (x, Yy, W, h)

DOG: (X,y, W, h) 12 numbers
CAT: (X, y, w, h)

DUCK: (x, y, W, h) Many
DUCK: (x, Yy, W, h) numbers!

http://cs231n.stanford.edu/slides/2020/lecture_12.pdf



/Jler eknmja — JIOKa/IH3aIlHja BHIIE OOjekaT a

* Moxe Aa ce KopucTu NpuHLUMN Kamsajyhux nposopa (sliding windows, sugetn template matching)

DOG-0 DOG - 1 DOG - 1 o
Background -1 Background -0 Background -0 lo o

http://cs231n.stanford.edu/slides/2020/lecture_12.pdf



/Jler eknHja — JIOKaJ/IH3aI[Hja BHIIIE 00jeKaT a

* Moxe Aa ce KopucTu NpuHLUMN Kamsajyhux nposopa (sliding windows, sugetn template matching)

je MPUMEHUTU MpPEXKY
Ha MHOrO NoOKaumja Ha
canun,  yaummajyhm y
063up aa ce objekart op,
MHTepeca MOXKe o
HaNA3UTU Y PA3ANYUTUM s
pasmepama Ha camum ‘ .

Hepocratak: notpebHo | ' |

ot o'y

DOG-0
Background -1

http://cs231n.stanford.edu/slides/2020/lecture_12.pdf



/Jler eknuja — JI0KaJ/IH34aI[H]a BHIIIE 00jeKkaT a

 [lBe rpyne anroputama
» Region-based detection (R-CNN, Fast R-CNN, Faster R-CNN)
» Detections without proposals (YOLO)



/Jler eknuja — mopeljema aaropur ama

Accurate object detection is slow!

Pascal 2007 mAP  Speed

DPM v5 33.7 07 FPS |14s/img
R-CNN 66.0 O5FPS |20s/img
&

< Y Mile, 1760 feet -
a_O ~500m

https://www.youtube.com/watch?v=NMbIrxyObxs



/Jler eknuja — mopeljema aaropur ama

DPM v5
R-CNN

Fast R-CNN

& :ﬂ\
0_0

Accurate object detection is slow!

Pascal 2007 mAP  Speed

33.7 07 FPS | 14s/img

66.0 05 FPS | 205s/img

70.0 SFPS | 2s/img
176 feet

—
~50m

https://www.youtube.com/watch?v=NMbIrxyObxs



/Jler eknuja — mopeljema aaropur ama

Accurate object detection is slow!

Pascal 2007 mAP  Speed

DPM v5 33.7 07 FPS | 14s/img

R-CNN 66.0 OS5 FPS | 20s/img

Fast R-CNN 70.0 SFPS |2s/img

Faster R-CNN 73.2 7 FPS 140 ms/img
8 feet

N\ 12 feet
Q_0O0 e

https://www.youtube.com/watch?v=NMbIrxyObxs



/Jler eknuja — mopeljema aaropur ama

Accurate object detection is slow!

Pascal 2007 mAP  Speed

DPM v5 33.7 07 FPS | 145s/img
R-CNN 66.0 05 FPS | 20s/img
Fast R-CNN 70.0 SFPS |2s/img
Faster R-CNN 73.2 7 FPS 140 ms/img
YOLO 63.4 45 FPS | 22 ms/img

<N\ 7 feet
\Jf} ~0.6m

https://www.youtube.com/watch?v=NMbIrxyObxs



