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“The Godfather , .- .
of deep learning” * /?

Geoffrey Hinton & NNs

® 19705, HPEMEARNE—1 ELE GRS, EEENE T EXF. —(235HNFERA
Geoffrey Hinton. RIRIER{S/ OIEBFAIFTHL.
® Hinton N+ERERFEERTNNRIEEE, SR— P EFEEMNBXTRICZ

. oFET— 1 EXEETINSE.
® STFRALE (Distributed Representation) FEFRIBERFRAE (Localized Rep.) 1BEL
o FENESRE | HMHENIHEITTEE. TSRS AR TS
o EiEiiy : RERESHIRASE. ERNRAF S ZRNRAMERISIA
® XAMERIL Hinton Wi, (EA0SER—BEEREMNBARAIRE RS
o ZAF|EElV/E. Hinton IR EAE T EXFIEM. BA TERIEABCHELIHRAM
® 1978 £F. HintonfEE ] SEREETFNIG. FFIEERLEMBATRR T/E




Hinton & Deep Learning

2003£E. Geoffrey Hinton. IMES(CEZAZE. EHE NIRRT S5 BT

® 2003FELEEFHEAESEE. LHinton AERI+ASFESHAIAEZWAIRZSR. 10
INEAFoEAZPR (Canadian Institute of Advanced Research. CIFAR) FUE £ BIBME
Melvin Silverman 3%

» Silverman [AJKZR. 79+ CIFAR EZ i IA9HARINE

» THEMERFMRE. Sebastian Sung FUASHEMRAZHIE) BIEE : "B EA
HITERHE NRCFAR ERHECHEFER. SH— I ENIE. IREFRZIERY
il VLA N

» B2 CIFAR EEM2004FEFHEEENXN BIF+E. 28— 5 007T. CIFAR A A2
At R _EME— ST ISR R A R AU

® Hinton SZESTIERZ  HEIE—H4E. HBEHEME" SEtR “FESS"
® It/F , Hinton NEIEAHNESITENESRAEDLERMN © "HEEARRNETTIERIT!".




Yann Lecun & CNN

® Yann LecunF1960FEHETFE2ER

® 1987ETEEEFASIETFE. tEIEHE Hinton FIZRIS S AEM T —EETENT
{E. FEIEHREIEMZFEMNAY Bell Lab 445 T(E

® 7f Bell Lab . Lecunl989FEAFR TIENX. “REIGEE EEFSHIRGRIS AN .
EE PR ERSGIRHEINI A N FEEFREERFR) SHENBRE. ) |SFFIRFERET
BOME AR, ERERRE%

® [couniF—HizFH—FNURET SFREERLE (Convolutional Neural Networks) B9FEA. FF
EHEERE. BFEBRITYE FRIFEHF. XN ZERIRFENHFERER LT
TEEER20%89T%

® |tATFAFEBell Lab, Yann Lecunll@F 3 AERS— 1 EEE Viadmir VapnikfIT{E. IBHEREM
BHAREAE_ N ER |




Yoshua Bengio & RELU

® 2011 . INEXRIFIFRI/RAFFEE Xavier Glorot #] Yoshua Bengio ZFRIBX : Deep
Sparse Rectifier Neural Networks

o CNMEIETER—MIOY SEAIERT REcifed |
Linear Unit. RELU) RUBIRIEREY. X3 FASERVEIA. i
et PR TR AR (RITER =
o FEFRIRYSIRRAEVERUELL. RELU TRABIEES
TEEER MESEHE T REREesHT L I

TR IR TS FH A
o FRAVHMEAL. (TR ERENEE =ARY TR EEERIRELUEPER M ER
o RELUNISHEFEH. IFFH— MFEERAREIERE EEHE P BEEERE

o BT& F—F Mttt EiSEPREAE. £ RELU NEETENEES. MBS
FATOFARIFERL 7 BB “HBIRZRAE" (sparse representation). Fi/DEBAVRETTAILASR. Rid. i3
AR ERARE
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Artifiaal Intelligence

Al HAS A LONG HISTORY OF BEING “THE NEXT BIG THING" ...

Timeline of Al Development

Popularity = 1950s-1960s: First Al boom - the
age of reasoning, prototype Al
developed

= 1970s: Al winter |

* 1980s-1990s: Second Al boom: the
age of Knowledge representation
(appearance of expert systems
capable of repreducing human
decision-making)

= 1990s: Al winter ||

*= 1997: Deep Blue beats Gary
Kasparov

= 2006: University of Toronto

Explosive
Growth

Inflated
Hype

Al winter Il

| ]

| ]

| |

i i

| Al winter | [ .

: ! : develops Deep Learning

| | | = 2011: |BM's Watson won Jeopardy

|

; H : = 2016: Go software based on Deep

1950 1956 1674 1980 1987 1993 Time Learning beats world’s champions
Sawce Liwitore rovwn Gos Fug wslyaa ﬁ_:“__

7 Tean Foland Future Watth Report, August 2017 FIN LAND

RIEFAGHE . N LFHEZ X Marvin Minsky*fFrank Rosenblatt$E Hi 1] A i1 258 o 25 15 74
R AN Te kR s 2 B L i A S BUITOEM N TR REA K. TIXAS N LA 4%

TR 604 J5 [ RIGES I B BE = A 9
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Kunihiko Fukushima & CNN

Us1 Ucq Us2 UC'2~Jsa Ucs

Uo UG ’6@: A o

(Kunihiko Fukushima)
A0SR P VR 2 > I
B, fEJLPFEATHA
N BN 2= N OB 5050
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Schmidhuber & LSTM

® 19978 w1 Lugano KX=HY Schmidhuber FOftEAIZE4E Sepp Hochreiter
E1E. IBH T +FEEREIZ (LSTM. Long Short-Term Memory) B+ E1&EY

® 1STM : EEERAEE. RINTSEHER. EZEEMIMRENSB(EBZ/E. (hagHE
EREERM =

® LSTM &R 2BTAESEAYEE (JIE. input gate. output gate, forget gate). JRER
BMANEEERALGESXESICE. (OUEHER. (A ESEARAH
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Andrew Y. Ng & GPU

200752 Hl. FIGPUSRIEERZ — NEBRAVIIHED. RIZEBA. DebugEXE

2007£F Nvidia #EH CUDA RIGPU FIHENEAHIERE

® 2009F68. BrtEEAS AT Rajat Raina FIEEIESEERICX : Large-scale Deep
Unsupervised Learning using Graphic Processors (ICMLO09) ; i8S EDBNst& B IEER
f8(Sparse Coding). IREESEHAZEI—(Z ( SHintontERSERIXTLLIN TR )

® PXNERTR : FEHGPURTEEMBEANUZCPUELL. BRITERIATE T
UE. —Z1MESHREENS _ ERGPUERRFIZTRIBN LA —X

Published source Application Params % '?E ‘ ;_-Eg,
Hinton et al., 2006 Digit images | 1.6mn s __)‘E‘ “ﬁ“ “ﬁ"’
Hinton & Salakhutdinov | Face images 3.8mn - spws | Euws e
Salakhutdinov & Hinton | Sem. hashing | 2.6mn S— N—
Ranzato & Szummer Text 3mn e

Our model 100mn Figure 1. Simplified schematic fortlc Nvidia Ce!“o

GTX 280 graphics card, with 240 total cores (30 multi-
processors with 8 stream processors each).




Jen-Hsun Huang & GPU

A1
05

® (TR 1963FHE
® 1993FEMNEMBEAFMTEEARALIIZ T Nvidia

® Nvidia FESRAHHAVEEURAMERTT . TEEXIEGEILTS. 1999 ENvidialEEHEC
B9 Geforce 256 it BT, &ZBBY GPU (Graphics Processing Unit)iXNRid

® GPUVEEES. BEEERSENBEAERERS. THEEESHER. IXERIRL

® {E45AY CPU T HEEHY. IERAEFITUE. —X ReERH—F M EEE. 7
GPU IEREEREARZIEETT (ALU. Arithmetic Logic Unit). 2EFFTERY Single
Instruction Multiple Data ( ERIESSEGER BIZEM. BT AL EHIEFTAIE

® — GPU. fFEB /LB ALU. FHTHHEEENRS. FLURE GPU AR REEE
{EtL CPURVIAER S, (EXAAUEFTMEAYITE TIE. EELL CPU BRiFS

o HEMEANTETIE AR EMEBAREIETEEE BIS3ES TER GPU

14



Generative Adversarial

Networks (GANSs)

b Goadfeliow, OpenAl |
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Predictability Minimization, E&
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T = 52 R4 2K

Object Detection = Localization + Classification
Object Detection = What, and Where

Localization
Where?

| person : 0.992

Recognition
What? :>




Classification Instance
+ Localization

Classification Object Detection

Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK
- NG >

Y Y
Single object Multiple objects
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VARV SFARAE TS N ) e S

i

R-CNN — OverFeat - MultiBox — SPP-Net —+ MR-CNN — DeepBox —» AttentionNet —

2013.11 ICLR’ 14 CVPR' 14 ECCV” 14 ICCV" 15 ICCV 15 oV 15

Fast R-CNN — DeepProposal = RPN — Faster R-CNN — YOLO v1— G-CNN — AZNet —

IOV 15 cev' 15 NIPS® 15 NIPS" 15 CVPR' 16 CVPR' 16 CVPR 16

Inside-OutsideNet(ION) — HyperNet — OHEM — CRAFT — MultiPathNet(MPN) — SSD —

CVPR" 16 CVPR’ 16 CVPR' 16 CVPR’ 16 BMVC 16 ECCV 16

GBDNet — CPF — MS-CNN — R-FCN — PVANET — DeeplD-Net— NoC — D35D— TDM —»

ECCV" 16 ECCV" 16 ECCV' 16 NIPS' 16 NIPSW' 16 PAMI" 16 TPAMI' 16 A’ 17 CVPR’ 17

Feature Pyramid Net(FPN) - YOLO v2 — RON— DCN — DeNet — CoupleNet — RetinaNet —

CVPR" 17 CVPR" 17 CVPR 17 \ccv 17 eV 17 ICCV" 17 IcCV 17

Mask R-CNN— DSOD - SMN — YOLOv3 — SIN -+ STDN — RefineDet — RFBNet —» -

Icov 17 oV 17 Iccv 17 Arxiv' 18 CVPR' 18 CVPR' 18 CVPR' 18 ECCV' 18
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https://www.sighthound.com/technology/

YOLO: You Only Look Once

) dEidYOLO, #ikEIE N

YOLOE E AT EE AT

__. HH =k &b 28 A A =il 1 | [ =
L LT e T TR B
s =z i8N i~ 5 ,car .
v = 4 L - '“’] )
== 1= =l ) = L/
] - I-S= y

prOb abilitie S A Figure 2: The Model. Our system models detection as a regres-

sion problem. It divides the image into an S x S grid and for each
grid cell predicts 3 bounding boxes, confidence for those boxes,
and C' class probabilities. These predictions are encoded as an
S xS x (B %5+ C) tensor.

YOLOE M : https://pireddie.com/darknet/yolo/
WX 8585 https://pjreddie.com/media/files/papers/Y OLOv3.pdf

27


https://github.com/AlexeyAB/darknet
https://pjreddie.com/media/files/papers/YOLOv3.pdf

LOSS FUNCT
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1. A (Windows & Linuxhi)HJ5: https://github.com/AlexeyAB/darknet
A5 (TensorFlow & Caffe & PyTorch & Keras) i (3t FPython) :
TensorFlow: https://github.com/hizhangp/yolo_tensorflow

Caffe ¢ https://www.yuthon.com/2016/11/26/Train-Caffe-Y OLO-on-our-own-dataset/

PyTorch : https://github.com/longcw/yolo2-pytorch

Keras : https://blog.csdn.net/Hansry/article/details/78691303
2. YOLOTM I JE R P 25 B & B8R 5 5 Tl — 5k 1 770, 0550,
3. YOLOR& % T AR I & JmfE B dt AT Bl f . X — s JE Fsliding
window LA S region proposal F fu ll HiEA —Ff . HFast R-CNNAHLL,
YOLOZE AN CREE sl i) J7 T A iR R RE PRI —F 2
4. YOLOH] LA &= 21|W44 ) generalizable representations. BJ PAFR R 7> A AE
Vak:iE
5. HER R B o

29



https://github.com/AlexeyAB/darknet
https://github.com/hizhangp/yolo_tensorflow
https://www.yuthon.com/2016/11/26/Train-Caffe-YOLO-on-our-own-dataset/
https://github.com/longcw/yolo2-pytorch
https://blog.csdn.net/Hansry/article/details/78691303

YOLO#H: 5

L. YOLO-V15V2H A IS 5 A T Hefthstate-of-the-art FI 7 AR il &
Gt. VIR SIZEEABRET! !

Detection Frameworks Train mAP FPS
“FastR-CNN[5] 2007+2012 700 0.5 5% ﬁ YOLOV3
Faster R-CNN VGG-16[15]  2007+2012  73.2 7 RetinaNet-50
Fu.slcni R-CNN ResNet[©] 2007+2012 76.4 5 ‘ RetinaNet-101
YOLO |14] 200742012 634 45 o 56 Method mAP-50 time
SSD300 [ 1] 2007+2012 743 46 7 7Bl SSD321 45 4 51
SSDS00 [/ 1] 200742012 768 19 (6] 850321 s
YOLOv2 288 x 288 2007+2012  69.0 91 < 54 l(] DS £3 - :0‘2 8:
YOLOV2 352 x 352 200742012 737 81 & 12 i 519 &
YOLOV2 416 x 416 200742012 768 67 o) (B 50 513 Nne =
YOLOV2 480 x 480 200742012 77.8 59 O 52 F] BOB13 i
YOLOV2 544 x 544 200742012 786 40 WO S T
@) 50.9 73
RetinaNet-101-500 53.1 90
Table 3: Detection frameworks on PASCAL VOC 2007. 9 RetinaNet-101-800 57.5 198
YOLOV2 is faster and more accurate than prior detection meth- YOLOv3-320 515 22
ods. It can also run at different resolutions for an easy tradeoff 48 YOLOv3-416 55.3 29
between speed and accuracy. Each YOLOv2 entry is actually the YOLOv3-608 57.9 51
same trained mode! with the same weights. just evaluated at a dif-
ferent size. All timing information 1s on a Geforce GTX Titan X 50 100 150 200 250
(original, not Pascal model).

inference time (ms)

2. YOLOZE 5= AWK € L X .
3. YOLOXJ /N Rl 35 R AN G
(REEFELR/NDE, YOLO—/ME R G 144 14)
30
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YOLO-VI

1. R 2 M 2% )= i B (Backbone) T4
2. RiERZE > Wl e

2.1 Bounding Box%5 %25 X

2.2 B RAE F ] 5% (Non-max Suppression)
3. FH 4R SRS




YOLO-VI

1. W% 1)YOLOK MM 4 524 N5 HZ (24N BFUZ + 5B KL /ZMax Pooling) i
242392 2 (Global Average Pooling + Softmax)
2) G 1 2= FH R SR B E SRR (99 2K)
I S F R TU BB Ar B AN 2R R B (2 )
3)FHH Ix 1B FZ (A Ix VG ZE IAAAE RN T S EIE S B A )+3x3 B R E B R 5

MY -
'.i ' D
Ly S 4 ’ vl B AN
\ 1 . P
. B - — P \
" " -D ; @
y ’ ,
e

E1R) vy = B e >

Cone Layer Ceav, Layen: Conv. layers Conw Layer: Come Layeny Conn Loyer  Conn Layer
x ) ¥

1a¥x¥S Wia268y .4 MeIaSi2 7., 3x3x1024
a28¢ 3232812 2031024 Jede1024
Ials2Ss IxiuS12 a3 022
Je2e812 220024 3x3x102452
Maxpoel Loyer Maupos! Layer
22s2 2l

Figure 3: The Architecture. Our desection network has 24 convolutional layers followed by 2 fully connected layers. Alternating 1 x 1
convolutional Fayers reduce the features space from preceding layers. We pretrain the convolutional layers on the ImageNet classification
task ot half the resolution (224 % 224 input image) und then double the resolution for detection

WAk https://arxiv.org/abs/1506.02640
ARAGHEHE: https://pjreddie.com/darknet/yolov1/ .



https://arxiv.org/abs/1506.02640
https://pjreddie.com/darknet/yolov1/

2. YOLO&EERAJZ: YOLORK R N BRI S X S 1, B ot il VN’
z*%fg%ﬁﬁi A R ) RO AL B AR VE N B 1, A IX A 5wl S s A
X7 o

Bounding box{E B A& 5MEHEE, 472X, y, w, hfllconfidence.
1)x, yre 48 S HAS 7 TS 21444 Fbounding box [+ iz B 1) AL b
w, h/&bounding box "] 7t J& 11 i i
R SEPRINZRdRE S, wATh R FH BRI wE BE AT s AT 13— RI[0, 1] X (8] s X,y
sebounding box oL B AR T 2 HiAE 00 & mAe e, F HaH—420[0,1].
2)confidence( & 15 [£) & Bt 2 Hiibounding box /& 1560 & W44 UL S WKL B ) HERf T
confidence = P(object) X IOU
»» 45 bounding box fl & #)4&, NIP(object) =1; 75MP(object) = 0.
»» I0U(intersection over union) N #lilllbounding box-5 44 B 5 [X 38, 1) 52 £E THI #H
(LM VA, HRESEXBEME R AR )T — 4L 2][0,1]X [E]),

Area of Overlap
Area of Union .
34
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YOLO-V1 2% e 2% H 4 Z I I 4E L /2. SXSX (BX5+C)
S: B F 43 N IS X SAS /N T
B: —M/IMgF BEABATINE(YOLO-V1HB=2)
C: P B Fh % C

7x7x2 M confidence {8

X720 MR RIERE
7x7x2x4 R {E

YOLO-V13CH, 1EF ISR 5N B 70 5 2448x448, S=7, B=2; RHVOC 202
PEARAE NI ZREE, C=20. PRtk mIE N7 X 7X (20 +2X5)=14704E .

EE:

l. A% ERNSIERE, FHAES () B, YOLO-VIYIZEE K3 52 E&
FHIEI 58 N 53 #E22 (AT LA i reshape ) 77 EAE VR I B R IR 48 508 5K BCY OLOZE 3K I RST)

2. BB R LLTB A bounding box, {H & x4 H %k £ H & H#I0UK & bounding
boxVE NP AR I, BPRE ST 2 S 10 o — Nk . 444 o i be g s, an i
B eSS ERESHN, MM TaE 2 0, B R emilhHd—4. XL&YOLO
JTEI — R

35




LSRR B 1) 45 AL R s RIS T AE !
Before non-max suppression

Non-Max
Suppression



loU =0.5

loU=0.7

loU =0.9




Look at detection procedure

ey e w— N

Detection
Procedure

) —

7x7x30




bb1 bb2 bb3 bb4 bb1 bb2 bb3 bb4

bb2 bb4 bb98

if score < thresh1 (0.2)

—_— ————— Y

NMS algorithm set
scores to zero for
redundant bboxes

—_—

Select bboxes to draw by
class score values




YOLO-V2E55;%




YOLO-V25FV 1 oi gk

ik 1 4k, (Batch Normalization)

5T HEE 7 9528 (High Resolution Classifier)
1% F T v #f£ (Convolutional With Anchor Boxes)
4£ 5 2225 (Dimension Clusters)
H.$247 & Tl (Direct Location Prediction)

ML P 455 11E (Fine-Grained Features)

% ] )11 Zx(Multi-Scale Training)

R 0 O

WCHLAE: https://arxiv.org/abs/1612.08242
RAGHIE: https:/pjreddie.com/darknet/yolov2/
fﬁ%ﬁ@ . https://xmibit.github.io/2017/02/04/yolo-paper/ o



https://arxiv.org/abs/1612.08242
https://pjreddie.com/darknet/yolov2/
https://xmfbit.github.io/2017/02/04/yolo-paper/

1FE 4k, (Batch Normalization)

Lo A R g2 S BEAR S N 1 5% S 3 oA

L. — Bl g% ds 5 MR E R 1 0 A AN 7], 84 28 Rz A6 RE /)R OR IS

1T, — BRI ZREE 1979 A1 25 ASAH R (batchf8f BT F%) , B4 248 3 EEAE B IGE AR 22 52 5
& NAN [F] B 73 A, IRAEAF 2 R K AR R 28 I 2R

2. JiiF: WA K- NERERH S RT — a4, AR S S R Ak
ZJ5 . 1E# X 4batch normalization/Z#E4T —LERR& FITBRA, 5 E IR 22 S IZ4L B
Moy, XNEIRHATAE RN, FRESE B MRS v &5 ST HERTT.

3. WAL WEIX—T5E, mAPIRAS 1 2% . BNkt A B T Ra A Y, ] DAfE S
Frdropouttli il JE AR A it 5 o

Input: Values of z over a mini-batch: B = {z1_,, };
Parameters to be learned: v, 3
Output: {yi = BN,y,ﬁ(.’Ei)}
1 m
UB — — in // mini-batch mean
iy
1 m
0% +— — Z(xl — up)? // mini-batch variance
m
i=1
T; +— s P8, // normalize
\/cr%3 + €
Yi < YZ; + B = BN, p(x;) /1 scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch. 42



T HER 432548 (High Resolution Classifier)

Ff state-of-the-art A I 7 VESE A #8211 F ImageNet il Zxid FI# A (classifier) K42
HURRIE o 1 U0 AlexNetdn A\ B i 2 #iresize B A 2256 X256, X FE D HERAW S, AN
i SR PR 3k o

YOLO-V 143 ## 5 H448 X 448 o XA U1 kel FE W o8 1 0 # 3. bR
MEREABELE PO ZR I B st 48 #2248 = 1, IR & B2 SR BV U $e e il vk

YOLO-V2H Bl 2557 S WX 2 11) 73 2R 448 X 448, {EImageNetF 5 4E FilllZ510
(10 epochs)o IXANILAE LE X 284G 2 0% 1 B 1] 1 22 filter 25308 B 1=y 73 FF R 3N o 2R )5 fine
tune AR N 2% . mAPIRTE T 4% 32 F-

ImageNetz& — MTSEHALGE R GLRAINHE 245K, 2 H ATt B EGR IR KK
BE e . e Sk EHTEAR T LR A 2 S EMITIOR A 2, U
NRHRA RG-S

ImageNet & #i 4£ H 14002 HIEE JFr, #2024 2K0): KAk

L}Efﬁg A B BRI AR E AN B R R A B R AR, Ak
g dld e

1)Total number of non-empty synsets: 21841

2)Total number of images: 14,197,122

3)Number of images with bounding box annotations: 1,034,908

4)Number of synsets with SIFT features: 1000

5)Number of images with SIFT features: 1.2 million




Big Data: ImageNet

® 2009%F. —EFESMERMAZIT BN ENEAZE (E—EEH JiaDeng ) RER L o~ -
ImageNet: A large scale hierarchical image database. EfpEEY. | Ss— MBAEEB(GEGERE
HitENEHAR S ER

o MIBEEV VB8 T2081M B CHEN. EEEEENSH /M 2in B NalE
SERIIF N SERR FIREERER. REREISTHLULRNER

® 2010 E. L,L ImageNet ﬂgﬁtﬂﬂgﬂ{% o iue seumERancuRYE. | SN, | HoSwT e s HEenE sn

omo-uoo‘nm 1~ e
NN @Rl eI D0 0Tl @I «

19'73']%%. ImageNet Large Scale Visual ﬁ”‘waf s Car oAt Re s Toe e
Recognition Challenge 2010 B e W S AR T B S Ee e
(ILSVRC2010) E—/RE7D ImageNet Large Scale Visual Recognition Challenges
o TEENAFN : LISIREAI2051 i Biaatelttralsrs it 1 iopmaes o me e
BSOS HA REEENETIT  Hes aeTiat e R naate s e

SA RIS, BRRETIRE.,
SIS, BETSHA R EISITES 2 R

44



Image Classification : ILSVRCTF

Top Five Category : ITEHNESWEIZRRIS . EHEE AL 5. AIRIEHE
HAEEEmEIER

2010558 % | NEC FMERIEFREAZFESTRHELSHER. BAiEaE (SVM) BIHEA.
RBIDERYERERA 28%

20115EBZ : B Fisher Vector BT ESE GELISVM), IBHEIRERIERT 25.7%
2012558 Z : Hinton FIFFMARAE Alex Krizhevsky. Illya Sutskever , FlJEBCNN+Dropout

% + RELUEIRIZREL. BT B Nvidia B GTX 580 CPU (Pkﬁ? 3GB. ]:l'%LF" 1.6
TFLOPS) 'f‘b?ﬁﬁl \fﬂjlé:l ﬁiz/ \E 15.3 "

20125108 13, ARFEER G FARBE T
IXRAHE RS T2 EE. SIRERISIRBIE.
EETORE N Y. KIBEAN 7 BIRIHRA

XEITFRA LERERARKA— 1 T




YOLO-V2iz FUHIZEAE: 2,

Dimension Clusters

i
5
N

¢ Fanchorf}), 1F# & Il Faster-RCNNH anchor boxes /N8 5 i 45 & 345 2 Fah ks ik
1550 AE (hand-picked priors) , WAERE —H UG WIILRE 1 B 700, EAHRERMER eboxes
gEFE, B P45 N 1% B 2 by = B AR I T A

FRIRIMEF RG22 2 K -means R R 1%, 100 4 H ) ground true box i 2§
7%, #kFground true box &L it FIH: LB RAFk Jvanchor boxes M4, LAk B HGbox
) 5 fe 4 % Njanchor box I 4 &

I 2R % B A itk -means {3 FH KK CEE B R, Kboxestl /Nboxes/ A 8 Zerror. 1HEZ, &
AT IR AR B P2 AR BRI TOUAS 43 i boxes (Sbox I R/NER) « IR T U MR E &

dlstance(box centroid) = 1-I0U(box,centroid)

=

Woos
o X
oo —
9

123456789%901122131 l—'
# Clusters

Figure 2: Clustering box dimensions on VOC and COCO. We
run k-means clustering on the dimensions of bounding boxes to get
good priors for our model. The left image shows the average 10U
we get with various choices for k. We find that & = 5 gives a good
tradeoff for recall vs. complexity of the model. The right image
shows the relative centroids for VOC and COCO. Both sets of pri-
ors favor thinner, taller boxes while COCO has greater variation in
size than VOC. 46




YOLO-V21% F st tE
Convolutional With Anchor Boxes

YOLO-VIU¥ A iE#:: = %I?E‘J&ﬁboundmg boxf'ﬁ{)”J (ELHE1470 X 1 /1) 42 1% 8 Ereshape N
TXTX30M B AHFE) , X2 BRI Z W2 S B e A E

YOLO-V2f& % 1 Faster R-CNNH fJanchor A8 . {7 B B g 6 AR AR ] B AT I8 oKk
e, BASHO TS [F NI L IRE . T8 2 G AA 75 Elreshape, R4 IR BE 1) =
45 2, e AR AE B B A R AR AR B ) B A cell — — X0 8 o T EL A F0 AH X £
(offset) HUA EL BT AR bR i 4b 1 iR, {28575,

2k scores 4k coordinates <mm  kanchor boxes

cls layer \ ’ reg layer

256-d

intermediate layer

O\ a

sliding window

conv feature map .



H.$247 & Tl (Direct Location Prediction)

X box A7 B I T A2 22 T2 B, boxWH LI E FeellzH . AR LLUE H,
box [T HCa 15 e 350 BB 4 Sigmoid bR B PR sl R AR BZ /NG T 1o 295 17 Ao B T (1) 3 [
, ZEUNER 7], BN ERE.

C, fEoutputifeature map I, X T& 1 cell(

13X 134, 45 X N AFMbounding
. _ ] box H1%al i ty, ty, ty, tho

y . . & cellFt11k=5""bounding box.

. « b=0(tD+c,

phE E by=0(ty)+Cy by = o(ty) + ¢

. . bw=pwet“ B

! b,=p,e" by =0ltu) + ey

. . h A by = pwetw

. . bj; = phet"

. . Pr(object) * IOU (b, object) = o (t,)

Figure 3: Bounding boxes with dimension priors and location
prediction. We predict the width and height of the box as offsets
from cluster centroids. We predict the center coordinates of the
box relative to the location of filter application using a sigmoid

function.
48



YOLO-V25% i 4 &

B ZENE . FEYOLO-VIH i I 4EE NS X S X (B X 5+C), 1MYOLO-V2K
SX S X (BX (5+C))
Z5 9. W\ T anchor boxes/ii, AJ LATIURE2 45 3R 2 A A1 (Recall) _EFF, #ERR

(=]
(Precision) FF. FADKIH—F, RBEEDcellFMIINEBAE, A A LSIL TN

13X 13X 9=1521 1 boxes, M ZHI I ZALAL T 7 X 7 X 2=98 1 boxes.

HAREYE N . ¥ anchor boxes, iflrecall ¥81%, mAPN69. 5%; il Aanchor boxes,
i recal y88%, mAPNG69. 2%. XFEE K, WHERIR RA/MEER T, ma RN T
7%, UiBHR] PLE st — 2 i TAE R IR R, B St = e,
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~——1: confidence Pr(Object) = IOUST4"

- pred
L
=)
)

— d:xywh
7 1 confidence Pr(Object) = IOU[T4"

=

L 20: class Pr(Class;|Object)

Anchor box1

———

YOLOv2

—

~

gl

[ 4xywh

7~ 1: confidence Pr(Objcct) = IOUSTH

S —

— 20: class Pr(Class;|Object)

—

r" 4: x.yw.h

\
~ l:confidence Pr(Object) * I()(.,-’,‘,;j_'“,"

—

20 class Pr(Class;|Object)




AN 4L B 457 1E (Fine-Grained Features)

IR 2% E S P YOLO SR 7 13 X 13 4RFAE B _E kAT Tl , AR 2 DA R R
YRR, AE A 4Rk BRI 1, 3K AT BTN R AR A Bl

XA 7 —MAFEB T, MRS T — N2 2 (passthrough layer) , X — 224
BEREE (3R N26 X 26, &JRESHRAME) ERIRZERIER .
Deep Residual Learning

* Residual net H (x) is any desired mapping,

| o g i HL e

X

A 4

hope the 2 weight layers fit F'(x)

weight layer
F(x) J relu identity let H(x) = F(x) + x
weight layer X

Hx) =F(x)+x




AN k7 B R AE (Fine-Grained Features)

XA JE W O S AR P RN 0 B R PRMIE B —RiESs, ER T S IR E 2
ANFEIFEE A S AAL E, AT ResnetH [f)identity mappings. X7 14526 X 26 X512
HIRRE BERZ R 713 X 13 X 2048 4FAE B,  IXMRHMIE K 5 R AR IE A ZEHE . YOLORAS
AP RS kK RFE R, R A B 4R B AE, ARSI R RE SRS T
1%H)FEF o

M 78 : KT passthrough layer, HARRK U R RHEFEAE (A L 2ISE5%2]) , B
26 X 26 X 512 I RFIE B 3247 A3 5 BRAT KA R 75, 3] DS 243 MR IE B, 467
H#FE13X 13X 512, SRJ5fHficoncatEfE, HH13 X 13 X 2048FI4HEE, K HHf B35 1 4H 24
T T —RBHERL S, B AR/ H bR o

R EER 7 3S: ABRLEE B BRIRAE DAL B R o R h — DN BUE SRR LRSS, B
R H A A A — RS A E BT 1 38 IR IR A A
PR E MR 70 SRR S8 ) AE Sk A AE A 12l ) JRa X ke

AR E 5328 https://blog.csdn.net’/huang2818138/article/details/78154396



https://blog.csdn.net/huang2818138/article/details/78154396

% R Z )l Zx(Multi-Scale Training)

JE R IY OLO-V 1 W 2845 F [ii] 5 1) 448 X 44811 B - /E %N o

ANE) T[] 2 i N2 R B R RT3, AR LIRIER G st 2 oM 4% . &t 10
RNZE (10 epoch) , FhaFEHLIEFEH K RS YOLOM 28458 FH I P RAE S 2032, S
2 AT 32 fE Bt AT R B Ak {320,352, -, 608} . FZ&H/MIIR ST N320X320, &
KHIR T 608 X 608, a5 & PR A R ST A M 34T 145

XA ASE A5 ] 22 ] DA BE i 3t 00 A (R RS [ B, BRE R — AN 48 ] LLEAT AN )
DHERRIES, DR B EYOLO-V2ig 47 SR, R NG Bk 3] [ 4

E/NRSFE R R, YOLO-V2GUR LT, % N\ N228 X 228, i1k F90FPS,
mAP - FlFaster R-CNNI/KAEMF . 45 HAEAREREGPU. miR AN, 2 BAR A%
P EINE .
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1. WEEHHE (Data) Hibr 10 (label ) : 781X B A1 TH1abel /& Bounding Box

O |abellmg CAUsers\jiash\Desktop\Windows_YOLO. v2 608 Object Detectio ages\Teacherlee PG

62/ Box Labels

4 Edre Label |
Qprea [ difficult

&?
Qpen Dir

Change Save Dir

L4

Next Image

P

Prev Image

]

Verify Image

Save

[[] use default labei

.volc SRy = |

Ractgox Flle List &

o 3 VL AR SA s 2oy ¥ 4 C\Users\jiash\Desktop\Windows YOLO v2 608 Object Detecti
Duplicate iabelimg : " ™Y f \ > C\Users\jiash\Desktop\W indows_YOLO v2 608 Object Detecti
Recgox p o 3 ) T ’ &'y 4 L . C:\Users\jiash\Desktop\Windows_YOLO _v2_608_Object_Detacti
% - : Vi ) occo _ | N iy 2 " o C\Usersyjiasm\Desktop\W indows_YOLO_v2_608_Object_Detecti
— . A N concel S P 1 ) CAUsers\jiasn\Desktop\Windows_YOLO_v2_508_Object_Detecti
RectBox S i3 . C\Users\jiash\Desktop\Windows_YOLO v2_608 Object Detecti
pEsOn — — - o — - s CA\Users\jiash\Desktop\Windows YOLO v2 608 Object Detecti
@ ol || cusers\jiasn\Desktop\Windows_YOLO v2_608_Object_Detecti
Zoom Tn g::g C\Users\jiasn\Desktop\Windows_YOLO _vZ_608_Object_Detecti
— CA\Users\jiasn\Desktop\Windows_YOLO_v2_608_Object_Detecti
I"“’—% C\Users\jiash\Desktop\Windows_YOLO _v2_608_Object_Detecti
Q C\Users\jiash\Desktop\Windows_YOLO v2 508 Object Detecli
oo Ot C\Users\jiash\Desktop\Windows_YOLO v2_608_Object Detecti
L C\Users\jiash\Desktop\Windows_YOLO _v2_608_Object_Detecti

v

¢ o >

X:233;Y: 352

e 2k . https:/blog.csdn.net/jesse mx/article/details/53606897




[ KWEEE VA= B ARSI AR IMG 0014261 - Notepad++ - o X
File Edit Search View Encoding Language Settings Tools Macro Run Plugins Window ¢ X
i EHE I E 4 RBPe (g2 BESTEIEE D ®|[E R >
quwa&mm]

1 m<annotation>
2 <folder>hudie</folder>
3 <filename>IMG 001426.jpg</filename>
<path>G:\hudie\IMG 001426.jpg</path>
= <source>

<database>Unknown</database>

</source>
g <gize>
9 <width>4608</width>
10 <height>2592</height>
11 <depth>3</depth>

A <1 NS

12 </size>

13 <segmented>0</segmented>

14 © <object>

15 <name>HE I </ name>

16 <pose>Unspecified</pose>
s I} <truncated>0</truncated>
18 <difficult>0</difficult>
19 E <bndbox>

20 <xmin>2202</xmin>

21 <ymin>979</ymin>

77 <xmax>2756</xmax>

23 <ymax>1538</ymax>

24 </bndbox>

25 </object>

(s </annotation>

eXtensible Markup Language file length : 518 lines: 26 Ln:14 Col:13 Sel:0|0 Unix (LF) UTE-8 INS



IV ZrEE &M AR I H 542

e -
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i o e A s
= T 111111y LR SRR
%L ‘ 1. {j 328

PytronFies . §
[E— i
n

=S '
WEONMGPE  NGOOMISIG NG ONTG NGO iED

AGOUNS 00

® Do

watn b

OO NCONE

e
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- ! ING_ 00
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PR TR b x
W G Seven hew 5
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&INREEFRVE (label) Sz FH B8 1%

1WE) 28

plusy

(& viases 9\ = e RS ARG 00142631 - Notepeds+ - H x =i
Fle Edt Search View Encoding Lenguage Settings Tools Macro Run Pugins Window ? X :
dIHE LB MBI D g BR [ EIA@EE ONCRCEDECE-1E ]
i ouzam]
1 c<annotation>
<fo! >hudie</folder>
name>IMG_001426.3pg</filename>
4 ath>G:\hudie\IMG 001426.jpg</path>
5 <source> -
6 <database>Unknown</database>
7 </source>
¢ <siz
9 <width>4608</width>
1 <height>2592</height>
<depth>3</depth>
3 <segmented>0</segmented>
14 g <object>
; <name>#fE </name>
<pose>Unspecified</pose>
17 <truncated>0</truncated>
18 <difficult>0</difficult>
¢ <bndbox>
20 <xmin>2202</xmin>
21 <ymin>979</ymin>
2 <xmax>2756</xmax>
23 <ymax>1538</ymax>
24 </bndbox>
25 </object>
6 !</annotation>
eXtensible Markp Language fle length 516 ines: 26 1n:18 Coli13 Se1:0(0 Unx (L) utrs s [r————" e 1 caim soln e L e
- B8 x - =
° v Maom B e :
‘ e . =% AT LRt
by e d 0 B L Wi U Hyee )
1 bsen
boxes, 1)
| iy LabEIpSERLT 1)
£ind_replacefpath, “imeges?, "libsls", labelpath);
Lind_replace(labelpath, * (1 %12 v labslpath):
| find_yaplace{iabelpath, Iakelpath)y
T | ( tind_replace{labelpath, * 1 labelpath)
| 12 =
o
k< mide
af(probs(E] [] > ¢
trproposala;
| |
B Dock st Raghon « v A d
[ pe—— L ™

= L




G5 RN NGBS MIAEEE . RAFARTL SO # 12

- Notegane +

Pagns Window 1

. =T ER@E o= SR

HEe 25

bty <uta 3

classes =
train = s/jiash/Desktop/train.txt
jiash/Desktop/test.txt

s/jiash/Desktop/darknet butterfly/build/darknet/x64/data/butterfly.names
‘jiash/Desktop/darknet butterfly/build/darknet/x64/backup/
jiash/Desktop/darknet butterfly/build/darknet/x64/results/

fength: 347 Knes: 6 L1 Corl Se:040 Viisiows (CRLF)  UTF-8 NS
o X

Mcemal teet file
5 AH5E VI Sarbnet Dutre \bu bl deonet s 64 datal butieitiy s

[~ T [T e——
Papilio par P

betulae
natus venus Staudinger

engrh 2318 Ares 34 a1 Cols1se mio Wicows (CRi5  UTFB IS

Nt ten Fie




WM A gE ). .cfg SCAF

IJ” ANISPEHSSES V2\darknet_butterily\build\dzarknet\x64\yoio.2.0.cfg - Notepad++
File Edit Search View Encoding Language Settings Tools Macro Run Plugins Window ¢

s HR I GE AR S| hg e BESTEIERD

B busartly dats '..'!{bmerﬁvnumex 03 Bt 28 [Hyolo20cig ﬂl

| (o (=] (¥ W BR| 2=

£

oY O &

-

0 @

o I~ S\

[isN

J oY C

C

o e e e S S o " =

N R DN NN
T W N O

"D

y

/

Mo

o

[net]

batch=64
subdivisions=8
width=416
height=416¢
channels=3
momentum=0.9
decay=0.0005
angle=0
saturation = 1.
exposure = 1.5
hue=.1

5

learning rate=0.001

max batches = 80000
policy=steps
steps=-1,100,10000,50000
scales=.1,10,.1,.1

[convoluticonal]
batch normalize=1
filters=32

size=3

stride=1

pad=1
activation=leaky

[maxpool]

S o U

Normal text file

length : 2831  lines: 245 Ln:9 Col:8 Sel:0|0 Windows (CR LF) UTE-8 INS



T yad2k == o X
Home Share View (7]
i'_] dh Cut x T New item ~ - 14 oper EE Select all
Wi Capy patt - : 1) Easy access ——I Edit Select none
Pin to Quick Cop: aste A Move Copy  Delete Rename  New Properties 38 | et
access Lt 0 x folder s fHistory [0 Invert selection
Chipboard Organize New Open Select
« v > ThisPC > OS(C:) > Users > jiash > yad2k > v O r
m Deskiop 2~ Name Type Size
#
& Downloads git File folder
iCloud Drive 2 _pycache_ File folder
{£ Documents 4 etc File folder
& Pictures »* font F
& GoogleDrive * images File folder
Downloads model_data File folder
it VOC_conversion _scripts File folder
yad2k File folder
Python_Files i
=mp = .grignore [ext Document
& detection_carpy etBrains PyCharm 3 KB
Bl Desktop B environment.yml YML ¥
@ Creative Cloud Files & ns_reacpy etBrai
23 Dropbox _ LICENSE File
oA | READMEmd MD File
. = retrain_yolo.py JetBrain
& Bruce lia
= test_yolo.py JetBrair
% This PC i . :
"] train_overfit.py JetBrain
m Libraries ﬂ weights_read.py 3/4/2018 936 AM letBra
~~ Bruce Everest Jia (H: & yad2xpy 536PM  JetBrains PyCharm 11 K8
~~ Data & Competition 1 yolo.20.cfg 4/23/2018 826 AM  CFG File 3 KB
« Research (M) : yolo.cig 4/19/2018 CFG | 3
~- Study & Documents _| yolohs 4/28/20189:01 AM  H
& Network 1 yoloaweights 4/20/2018 %58 AM  WEIGHTS
O s 71 yolo_62000.weights 4/28/2018 WEIGHTS File
=| yolo_anchors.txt 4/28/201 Text Document 1K8
[E8 Al Control Panel It ; G <
= ﬂ yolo_utils.py 3/2/2018 JetBrains PyCharm .. 1KB
& Appearance and Pe
¥ Clock and Region v
=

26 items

2R 1 S 7] f3E http://blog.csdn.net/overfit/article/details/78744947



@ Spyder (Python 3.5) o [m] X
File Edit Search Source Run Debug Conscles Projects Tools View Help
D BERYRE@ p EI a [ 3 C M c = = B X F e € 2 |l :\Users\jiash\Desktop\Windoves_YOLO_v2_608_Object_Detection = 4
Editor - C:\Users\jiash\Decktop\Windows YOLO v2 608 Object Detection\detection car.py 8 X Help 8 x
[0y 3 Mmo_praft_1.py MIND_drafi3.py MIND_drafid.py [ MIND Drafis.py () MIND Draft7.py 4} gy SourceCansle - Objec - & =
136 Runs the graph stored in “"sess" to predict boxes for "image_file". Prints and plots the preditions A =
137 = sage
138 Arguments; Bl
19 Sess /DL ensorflow/Keras sess tainin the Y 0 gré =1
11:: s o '.\l:" kEnsoe “l“_ ’”W t“-ZS SWU’“HI'A' t ..H' l_yt,f’f‘“ = Here you can get help of any object by pressing
llJl PR, [T S e JERET SRR TWIRIE SAnNpes 19ee: ‘ Ctri+l in front of it, either on the Editor or the
Console
142 Returns:
143 out scores -- tensor of shape (None, ), sco predicted boxes Help can also be shown automatically after | -
144 out_hoxes tensor of shape (None, 4), con 3 the predicted boxes Variable explorer File axplorer Help
145 out clas -- tensor of shape (Mone, ), class index of the predicted boxes
146 TPython console L
147 Note: "None" actually represents the number of pre ted boxes, it varies bptween [Q Console8/a @ | W -3
148 scores, boxes, classes - yolo eval(yolo outputs, image shape) ~l
149 siaea
150 out_scores, out_boxes, out_classes = sess.run([scores, boxes, classes],feed dict={yolo_model.input: image_data,K.lear ..: out_scores, out_boxes, out_classes = predict(sess, image_file)
151 print('Found {} boxes for {}'.format(len(out_boxes), image file)) S:\Anaconda\envs\tensorflow\lib\site-packages\keras\engine\saving.py:269:
152 colors = generate_colors(class_names) UserWarning: No training configuration found in save file: the model was *not*
153 draw_boxes(image, out scores, out boxes, out classes, class names, colors) compiled. Compile it manually.
154 image.save(os.path.join("out”, image_file), quality-9@) warnings.warn('No training configuration found in save file: '
155 output_image = scipy.misc.imread(os.path.join("out"”, image_file)) Found 3 boxes for dog.jpg
15¢ imshow(output image) dog ©.78 (137, 214) (323, 540)
157 truck 0.80 (462, 82) (694, 168)
158 return out_scores, out_boxes, out_classes bicycle 9.84 (81, 112) (554, 469)
159 __main__ :160: DeprecationWarning: imread 1is deprecated!
160 sess = K.get_session() “imread” is deprecated in SciPy 1.0.0, and will be removed in 1.2.0.
161 class_names = read classes("model data\\coco classes.txt") Use "~ imageio.imread " instead.
162 anchors = read_anchors("model data\\volo anchors.txt")
163
164 #
165 image, image_data, image_file, image_input = input_photo_shape(sess, "dog.ipg")
166 image shape = np.array(image_input.shape[:2]).astype(np.floati2)
167
168 yolo_model = load_model("model_data\\yolo.h5")
169 7
170
171 yolo_outputs = yolo_head(volo_model.output, anchors, len({class_names))
1/2 scores, boxes, classes = yolo eval(yolo outputs, image shape)
173
174 out_scores, out_boxes, out_classes = predict(sess, image_file)
175
176
v/ In [3]: v
Python console History log
Permissions: RW  End-of-lines: CRLF  Encoding: Ascl Line: 166 Column: 65 Memory: 62%

62




Y

YOLO

AGAIN

YOLO-V344H: http://www.sohu.com/a/226481716_473283 63

IJ



http://www.sohu.com/a/226481716_473283

YOLO-V3

B EMERE B, YOLOV3IE & — Un BEAE s 5 AERf ,,  BRARYOLOVIPERE AN A SSD. YOLOv27E 14 BE & i
SSDELYE, {HAZYOLOv3H H B r] LA A& — 28 W SSD A H Ji F-I58 H B Frfa il FyE 4k 2

1. {5 FH Darknet-53 /X 2%

2. M3 RT kA7 e i)

3. F T 5 /N B v
4. Anchor Box HJ 15t £

b. BRA 52 KU AR

6. 492K B EU R A AR A
7. ANFA% F Softmax 34743 2%

WCHAE: https:/pjreddie.com/media/files/papers/Y OLOv3.pdf
ARAGHENE: https://pireddie.com/darknet/yolo/ "



https://pjreddie.com/media/files/papers/YOLOv3.pdf
https://pjreddie.com/media/files/papers/YOLOv3.pdf

2x

8x

8x

4x

&

] Darknet-53 4%

TG, YOLO v3RRE T AR ZE MM E RS Se ik Sy JBAR . HR, SDarknet#EAT T gk, K5 M4%
REY BER53)Z, H1EInagenet AT T gk, PR m] N J) 4532 M 25 k528, YOLO v35%
B BERR B ILA 1062, XEAZYOLO v3EYOLO v2illZ:t8 i) R .

Type

Filters Size

Output

Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x128
Convolutional 32 1 x1

Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

Convolutional 128 3x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1x1

Convolutional 256 3 x3

Residual 32 x 32
Convolutional 512 3x3/2 16x16
Convolutional 256 1x1

Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1x1

Convolutional 1024 3 x3

Residual 8x8
Avgpool Global

Connected 1000

Softmax

Table |. Darknet-53.

36 61

+| Concatenation

Scale 1

Addition
L) oe 82 Stride: 32

Residuel Block

Detection Layer

Upsampling Layer

e Furtherlayers

YOLO v3 network Architecture

94

Scale 2
Stride: 16

106




M3 ST AT A6

YOLO-V3# &35 FIRE SR =R R E EXTEG R IR . YOLO-VIZ&—/~4
BRI N 2%, Hal i fE 5 B (feature map) N 1 X LSRR SR = A e & S L 45 R
fEYOLO-V3H, Wpas i & i 72 N A RN E . AR EEFIRHMIEE N 1 X 1Bk
SEEL

YOLO-V3 ZESINNal )] HIFF T LT T, G il BUEXT I A 5 B 17732
o 16 FI8 (1T IETEFE J7 FEHE A T T o

BRI R AR . M TRITHHISLEM LS, G ET I FERARE, kA& Ui
T5881Z, HFERFEIPKN32. Rkt NGRS 416X 416, IS4 %0 H AL B R~
AN13X 13, ARG M X EERRZ AT S8 — R, S R~ o113 X 13 X255 4R AE /=

S URAGEI, RO E R R ST 26 X 26 X255 ARG KT 55 79)2 HIMFAE Bl S 3k 47— R
GRULTE, BT EREE, KRS ERI26 X26. M5 FRH S H61EM A3
AL EREAT IR . X HRE)R BRI ZE N — R X PERRZ AT AL B, K556 1= MRFIE
D

= A A ER T v AE R, B EE36 25591 2 TS, IS 106/ 24T
B RRFAER I, AR AE SR R ) 52X 52 X255,

66



ALl 5 /N B 0 i

o YOLO-V3H% L RAEEZ IR0 1) 2 2 T Hffemt &, 1ZALE

JHROREE T R A AN EUARAE, X Ol el s RS
PR B

o WM, YOLO-V3H)13 X 138-F B 1&E #0014
i, 26 X 265 IE JE & A TR P 25 R ST, 52 X 524 1IE
J2 ) FH SRAS I /N J]RST- 9 s




Anchor BoxHJiE £

YOLO-V3 A 191448 (anchor box) , FENREEH
3 HHAE -

WMRARE H AR SE EMNHYOLO, fRFEZEM K
B) R T EAT OO EEFE

PR e PR 1 IR e | P 5 gy N TR R N4 S 2 | [ e 55
MEE, B FRBIBAX T2 R LR, &a3 MM b & E
RHIEJZ
« YOLO-V1 2~ Archor Box
« YOLO-V2 5/ Archor Box

e YOLO-V3 9/ Archor Box

68




R BB AR

YOLO-V24i 2Kk BRE ) Jo =TT J7 =%, MYOLO-V3
| 58 e A8 X i 22 T (Cross Entropy Loss), L2 Ut
YOLO-V3 14 it BEAT AN 4358 T A5 A 30 A& 12 45 [m] )5
(Logistic Regression) &%

— _%[Z v log hg () + (1 — yM) log (1 — hg(z))]

=1
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Challenges & Problems

[1lumination L E &R FE
Deformation DI
Occlusion Y

Background Clutter 75 xR L

Intraclass Variation 2 ¥4 = FE4CL)

Small Object Detection /NM44 13 7]
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Challenges: 15 5 VR FL
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Challenges




Challenges: /M4 HFRIR 7
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H AT NS TR & 57> J7 1)

S

Image Segmentation [

IR E /N R HBRIR A (Small Object Detection)  4Hfi &
. YOLOFM 4 H 77 £ 52 I Bounding Box A/ 50)

G E (SesEEiMusk-RCNN)

Visual Tracking z/jZ% &

BRiEES (S R EEER)

One-Shot Learning —H

Ko 2] (23 3048 SR F 2T 7028

Robotics Imitation Learning AL#% A {75%2>] (V-REP)
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Frontiers: (Nando de Freitas, Oxford University & Deep Mind)

. Reinforcement learning 581t 5 >

. Meta learning G5 >

. Imitation 11 5 2]

. Robotics #lzs A\

. Concepts and abstraction #.&% 5#1 %

. Awareness and consciousness /&% 5 = 1R
. Causal reasoning [A| £ 7

] N DN &K W N =
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