REBRLEETILE UTOREFE

%)/ — asakawa@ieee.org
2020-03-20

o 18l

2 BTN
o 3 RFEA
45
o 5 Takeaways

e« BARABELLAWVNCE

Ix¥—avt7h

8 Van Essen 5 D F I

9 Hubel and Wiesel

10 Blackmore and Cooper (1970)

11 Livingstone and Hubel(1987)

12 CNN D AI2 2 HINF 54

13 Yamins 5(2014,2016) & CNN_& SR & D3I

14 B B

o 15 MRS EIBE (2)
o 16 HIRP BB (3)
o 17 AEK

o 18 ERBHDES

o 10 AEETE

20 BERIGERD = 2 —F LRy b 7—2 7+ O3 — Neural network analogy of IRT
21 BIAGHEE

o 211

RTA=TF7—= VT DR

¢« 8AT—a—0OY

24 CNN 18534k

« B/EDORAIT = ROV

26 LeNet

27 AlexNet

28 GoogleNet 1 vtz 7> 5>
04t Tya>(2)

30 ResNet

31 ResNet D2 F v FHEE

32 R-CNN

33 Linsker DEAIEHE R3E
UAVITFIEZIYR
FARBREN Y IR T— UV
36 IFAINKIE 505>y - Fsl
37 AAS5—=545>Y 1 Euler Lagrange A2 & FRIKIA

38 Poggio DIEXIF AL

39 Softmax B9#&

40 PR RE & AR

MNEIITFAVICIRAITF =3V EAVRI VR IAYTF=2 3y
42 U-Net & afferent/efferent connections

43 #i5k & #+iAJ+ Dialated Convolutions

44 7 O v 71 —1& Kronecker Product

o 45 [EREBEAMFRIPICHD < FRH

46 ResNet & Van Essen

47 BHABIE

o 48 T—HYRER

49 SGD

o 50 SR KRR

Bibliography

1 %%

ZOESBBRESZTWREE U B & KL BRECOSEL TELXOERZEIDN > TWeREE U BR ik FECRIHBL LFET,

2 5N




FMBE— () R FAEBRUEL Y Y — 85, RREAXPEZREECT Y T ORERODBRICOOMT D, FERTILNYRY NOERE Y17 - TV ICHE, BWEEZIT3. LRABOBEREM
WEEAEYI2L— T3 CEEBLT AN THIERES WS TEAEEIATVBEBo TV e, EBIC
AL 2019, 2018) (20194F, 7 A ¥ —iHAR, 3£8), 12 BT~ TS5V GlRE (YrRTURAN) ARTEAL (20184, MKEL, #£E), Python THEY ZZEEE, (2074, 2016),

i HHWEZTDLIEE ) (FEELL, 2015), T=a—FIRy NT—U O¥EENER, "TMBEE=1—JILFY NT—JFETI, HROBEAOBEA WINEHF—
HER ORI Y3 ZANETILEDER, (2001t ABEEHE

3 KHEERD

Z4=75=20 EvIT=%.

1. BE#BN 259
2 AEPNEXROBR 0D (XFv )
3 BHAHZ1—FILRY NT—0 OEBFER, BHAH, T—UVI XNTAR, TR VI Ny I REE 205
4, BIHAHZ 1 —F)LF Yy b T—2FTIL AlexNet, Inception, ResNet, R-CNN, YOLO, SSD, U-Net, MobileNet, EfficientNet, MNet 30 %
5. REMIFEE VAE, GAN0 5 (BsR5IN)
6. F&EH 5
4EE

o 40 4ERl, fE@5Id Hubel & Wiesel DAEBRFHNHRZTTIC KA 17 = MOV ZRE L fc (Fukushima 1980) o

o LAY DEREZEUK LeNet FIBEDETIILDOIRMA{LTH % (LeCun et al. 1998),

o DR, BHAKZ1—FIERY NT—UE SVM BRER-KETFTILEREEL TV,

e 22T, ETNSORELIFSEHETL, BEOEBUCERPNNR EONCEEEYT 3

o TZIERYWIGERIE, Hassabis 5 [2017HassabisNeuron] DS 5, ATHMEEMRE S MERIF & OREAEEBERERET 2REBDEES

5 Takeaways

1. BEORA Y = MOV Hubel and Wiesel DEETH 2, =AY = hOY OEBETILHTED LeNet(LeCun et al. 1998), AlexNet(Krizhevsky, Sutskever, and Hinton 2012), Inception(Szegedy et al. 2015),
VGG(Simonyan and Zisserman 2015), 72 & TH %, BIHAH, T—UV T, ARFA RBEDHBINEEShLTWS
Yamins 5(Yamins et al. 2014), (Yamins and DiCarlo 2016) (348#(®D CNN BEZ £ D T—DOOREBRFER AL 5%, NRBA VLT3V ET2—ILD 1x1 BHFAHEHET, AIHERREL WS EEZIN
[EERIETAINYY

. 7 — % k5% data augmentation, 7 — % 3k data dilation (ZIREGEEID KL EQ, RUTKEEEL, BUNRIBIN LKA, M, EH B SEERLGEICERREMBHBOAHICTESLTWSEEZS

na,

TSR T34 (Bottou and Bousquet 2008) SGD (Stochastic Gradient Decent methods) &, EX >4 Ly (momentum) I3EHARE, H2WET 54 LARIMEBIRTE 2N EHNER V. ZORIE/\y FIEAE

(loffe and Szegedy 2015) THRE 51 %,

BFHER 1 = v k ReLU (Recutified Liner Units) I$ B3, IflZ XTI HREEVEERBRL TV EEZSND

ROy 7772k dropout (FHREIFENRERMNICIRSES O TRBHEENICEHET 2 e/ELTWS,

IEAI{BIE (L1, L2 normalization, weight decay, pruning) (&, Marr & Poggio DREZ KL TW3, FHEMERBEILTHDEEOA AT —=77 5V I ARRERBBLSS

V7 MYy ARSI SEHEOBKREEZ SN D

CXVTAVIRITAYT =3y, AVAIVAETAYT—yaviE, ity B figure/ground segmentations IR U T W5, IERIRRE & SRR & DEETH S R-CNN(Girshick et al. 2014),

YOLO(Santosh Divvala, Girshick, and Farhadi 2016),(Redmon and Farhadi 2016), SSD(Liu et al. 2016) TEETEREIN TS,

10. Fellman & Van Essen D& #11d ResNet(He et al. 2015) D A ¥ v FHEATEE S N1,

1. HEAOROM, EOMEE G U-Net(Ronneberger, Fischer, and Brox 2015) TRIRS h, RihHEEOERER EICFS L

12 EREFECREZRDH TENEHROEBEFZRER Y I 1 L — h TE 3723 5(Hinton, Vinyals, and Dean 2015)

6 AABELEBWVWC E

IN w N

© ® N o ;o

o

' W x H high resolution
response map

[:, . 1 '
gl ion output
expression upsampling with
( deconvolution
N 1
fully
E: c I;' :: convolutional

input natural language : ]
expression L aibeaklig [ LSTM network

“right woman” . .
D,,, dimensional
final hidden state h,.

L2-normalized

input image

classification
network
wx hx D, spatial spa'tlal
— feature map coordinates w x h low resolution
L2-normalized response map

From (Hu et al. 2017)

7¥-=a>t7hk

1. BHAHRY N T—0 LA RBET L ORIGER, SLOZOREMECRIAFE, TEEBEE (V7 Yy XB#E penultimate fE), Inception, VGG, ResNet


https://www.ipa.go.jp/ikc/info/20181030.html
https://www.shoeisha.co.jp/book/detail/9784798157559
http://www.coronasha.co.jp/np/isbn/9784339028515/
https://www.shin-yo-sha.co.jp/book/b455586.html

2 BHAMEH, BEOXAIT/ Oy, CBESE YvIRT-UVY,

3. 2%y 7% b(ResNet) & Van Essen S1EETFESHE & OIS

4. 7— %15k data augmentation 7 —# #i3RIE, %6 Z HHREMERIFE Mountcastle DX IDFERDHARLISHN B EH D, BABAABOREIHCHEI L TWIEEZI SN,
5. 3R B #3A3 dialted convolution

6. RelLU, tanh: tanh ICEIL Tld, #¥CEHERNBHEROMENH 5. 4B AEHKREE the vanishing gradient problems

7. Dropout

8. BeRMAIEME 3K (SGD: Stochastic Gradient Descent), A~ 54>, NNy F, I =/\yF LG

9 EBFE —B¥E IBPFE

BERI=E AR R S A= RONEL L UEETIDHL, WHROOHL

CERES ERISEE®D kL — R 7 (speed-accuracy tradeoff), MnasNet(Tan et al. 2019)

12 TRILF—BI¥, SBEE SIS EIL, A1 5—3555 > Y AR, InfoMax principle (Linsker, 1989), Entropy maximization with constraint is the unit Gaussian distribution.
13. EHRA X, BERRY kT —2 (Nash 9% , fE4&&RE (disentangled representation) o ~JLARILY DEBIRILF—,

- ©

8 Van Essen 5 D{REE 1

WHERE? (Motion,
Spatial Relationships) ~ WHAT? (Form, Color)
[Parietal stream] [Inferotemporal stream]

PIT

]
MD stream
(magno-dominated)

8D slr-sam
(blob-dominated)

V2
ID stream
(interblob-dominated)
V1 451607
4Ca| _—>
Retina,
X
LGN W
M K
i Orientation —s- Direction Pattern (plaid) 2 pursuit oye
Wix 'Srg:tul:lncy & Disparity motion O movements
A\x /0} Non-Cartesian
o ;mgnucwl) <@ Wavelength @molion
Mt Tempora ~  Subjective ‘
frequency R Non-Cartesian
At (high/low) contour opauem @ Faces
From (Essen and Gallant 1994) Fig. 2
ER
E3
5 =il
Simple visual forms, 1 o Sl
edges, comers ‘ 1]
I =
7o 7a
UP I%E
0= H=E ?
= i
i 1
i
= i
5T | —— r
0 il
| ] a

Left: (Thorpe and Fabre-Thorpe 2001), Right: (Felleman and Essen 1991)

9 Hubel and Wiesel

p—— 1BHYD
BB
60
50
40
30
20
10

BEAOSMIETHRE

-40 -20 0 20 40

RO DIEEAE

. \ ' fﬁ&

RE TR g g —1—AVOBE

From (Hubel and Wiesel 1968)



Hubel's research Cat Visual Cortex

10 Blackmore and Cooper (1970)

Colin Blakemore does terrible things to kittehz. For science!

T AR G

rm AL

VERTICAL WATEML

Irix, 2. Theeo POfr histograms Chow the optimal orl (or fifty-twor
nceuroned frewn 8 horiznnially expericnced cat on mm amd sevcuty.two fnm [ Yerl ieally
experiencad cat on the right. The elight tereieu of the eyes, retazant

o o \is asseasad by DhoteEraphiug the Dupils before and ater anaesibenn 80d %
SI8. 3, “The visant dlsple? consisted of an upright plastic tube, sbout g L {e‘;’:] " 15“5' Tor m}’.“np}:‘ the )ola‘nul el omuwnw?fs’m e

t , with & iatoraal dameter of 48 o, - The Kittva,
RO & i s oo ien o, o toatsn s siaes pisto suoportod cats’ visual felds, Fach lino abewa he ohlinas onenuuun fes v single weurone, For mm
K:‘.’i‘:i?"m”‘" \Qddm ’lhcn:z“ﬂrsl s o8 the wll v :“"::‘, ted ?imcuu« ce;t u@‘.i'-:: r: Alm‘\'»nn (e me:&l i mum'l 3 s

0 ed, m** 20d o the m. stiies nm 130 ca. Irr“. they were of wo eyes. NoO We been disne@ar axcept ous Wi a concensel uclp \e
um.nnﬁmu-g widifs. Ror this diagram the top cover sad the ftcld und henee no unentm.ifa-m] wloctivity.

ot eve Cove emioee B s T

11 Livingstone and Hubel(1987)

Table 2. Summary of the major subdivisions and connections of the
primate geniculocortical visual system

retina B-ganglion cells A-ganglion cells

'

LGN
l ? l
Area 17 4acp \ / 4Ca
interblobs blobs 4B
Area 18 pale stripes thin stripes thick stripes
Higher visual areas  ?V3,7V4 va MT
Property
Color Yes/no? Yes No
Contrast sensitivity Low Highd High
Spatial resolution High Low Low
Orientation selectivity  Yes No Yes
Movement sensitivity ~ Yes No Yes
Directionality No Yes®
Stereogsis No® No Yes.

. Cells be)é(énd 4CB do respond to color-contrast borders but are not overtly
colos
® At leasl it is not prominent.

< Inanesthetized animals, we have seen only a few stereotuned cells in up?er layer
area 17 (Livingstone and Hubel, 1984b; see also Hubel and Wiesel,
Inattentive amimals, cells coded for stereoscopic depth have been reponed
{)olh a‘::gve and below layer 4C of area 17, but are especially concentrated in
layer

(Poggio and Fischer, 1977; Poggio et al., 1985; G. F. Poggio, personal commu-
nication). We do not understand these dlﬂ"ercnoes in results, but one possibility
is that the stereo mechanisms are built up in 18, and the stereotuningin 17 is the
result of a back proj Jlgcuon Ihal is sugpressed by anesthesia.

¢ By deoxyglucose (Tootell et al

. Ram in thick stripes in area 18 but very common in layer 4B of area 17 and in

12 CNN D2

(Cadieu et al. 2014),(Cichy et al. 2016),(Marblestone, Wayne, and Kording 2016),(Cadieu et al. 2014) 5 (&, #MARERICH T D YILOTABEED = 2 —O>Y O;FEE & CNN OSEE & & B Ufc, YLD TRIEETE
BEINLHF o2 —AYTRRINZ AT TV —2ME, B R-X R BELSCHHDST, CNN U, TREE=1—AYEREOHT T —BDRRETT (Cadieu et al. 2014)
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GooglLeNet(Szegedy et al. 2015) (& ImageNet2014 DERSET )L, Google H'FIF L LeNet ICHE %% L T GoogLeNet &k E N5, GoogleNet (FEED H—FILEWHICH WA > T 3 V(inception)EY 1
—WEERBEMET S, 1Y ETYavEYa—ILelE, BRON—FNZLINICBVWTERENETS A V7Y aYEV 21— LATRESGIEELINTVSEDT, 2EAZEZ 2L DBEABIDRTE
$o KB AlexNet TIIEEE(IE > THE T NE/CS X —F H)HI 600 FTH > 7ch’, GoogleNet Tld 407,


http://image-net.org/challenges/LSVRC/

convolutions

3x3 5x5 1x1
convolutions convolutions convolutions

1x1 f f

convolutions
1x1 1x1 3x3

convolutions] |convolutions max pooling

Previous
layer

Inception €Y 2 —/)L

L I PP



e

Figure 2.1: (No padding, no strides) Convolving a 3 x 3 kernel over a 4 x 4
input using unit strides (i.e., i =4, k=3, s=1and p =0).

Figure 2.2: (Arbitrary padding, no strides) Convolving a 4 x 4 kernel over a
5 x 5 input padded with a 2 x 2 border of zeros using unit strides (i.e., i = 5,
k=4,s=1and p=2).

Figure 2.3: (Half padding, no strides) Convolving a 3 x 3 kernel over a 5 x 5
input using half padding and unit strides (i.e., i =5, k=3, s=1and p=1).

Figure 2.4: (Full padding, no strides) Convolving a 3 x 3 kernel over a 5 x 5
input using full padding and unit strides (ie., i =5, k=3, s =1 and p = 2).

Face Face Cougar Cougar Sunflower Schooner

O

Layer 2 Layer 3 Layer 4

Layer 1

Figure 1. Top-down parts-based image decomposition with an
adaptive deconvolutional network. Each column corresponds to
a different input image under the same model. Row 1 shows a
single activation of a 4™ layer feature map projected into image
space. Conditional on the activations in the layer above, we also
take a subset of 5, 25 and 125 active features in layers 3, 2 and 1 re-
spectively and visualize them in image space (rows 2-4). The acti-
vations reveal mid and high level primitives learned by our model.
In practice there are many more activations such that the complete
set sharply reconstructs the entire image from each layer.

30 ResNet

ResNet (L DWTEBBR U 72hY, ZDfBIC> 53—~ Fw k & FastRCNN(Girshick 2015), FasterRCNN(Ren et al. 2015) DFEz AW CEOEEHOTID L 217> TW 2,

ResNet (& & 5(2/Vy FIEBIE (loffe and Szegedy 2015) B0 A TW3, /Ny FIEEENbLEAW /) KOy 77Dk [Hinton et al. (2012)] IFBWS A > Tz,
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31 ResNet DA¥ v 7THH

Figure 1: A 5-layer dense block with a growth rate of k& = 4.
Each layer takes all preceding feature-maps as input.

(Huang, Liu, and Maaten 2018) Fig. 1
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32 R-CNN

ImageNet AV F A MCIZY SANMEREE O —> a VBEENFET 5, V7 ANERELEBERT D52 5N E, ZOEGIATHEN 2MS>FETH D, —H, SX5NIEGSRDEDMUE YT
NEET DD ZMSBEZONT -3 VBEE WS, TYIRBEEAVTIIEL TH CNN TREGROHFIZITA TS, BRETHEDNEDZMBZMS CEFELVWEEISNTE .

—RERRHAOH L T E, HRNVBOMWICAONRICEBRS N TWED, BRPICHFET 2UEOERICOVWTOEINBEZRETERNI ERENEFSNB,
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Fic. 1. Synaptic positions and connection strengths at

maturity for a single cell of layer G having 600 synapses, =1.

placed randomly according to a two-dimensional Gaussian
distribution. Parameter values are ngg = 0.5, rg/re = 4, k
=0, k; = -3. C ion strengths are indi d as ovals, for

= —0.5, and dots, for ¢ = + 0.5; x represents intermediate ¢
(one point only). Axis values are in units of rg.
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Layer A

Layer B

Layer C

FIG. 1. Modular self-adaptive network
diagram for the system discussed in this

paper.
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=3
T

FiG. 2. Synaptic positions and mature connection
strengths for a single cell of layer C having 600 synapses.
Parameter values are k1= 0.45, k2 = —3, rc/rg = 31/2, and
each c value is allowed to range between —0.5 and +0.5.
Random initial ¢ values are chosen from uniform
distribution on the interval —0.5 to +0.5. Values of OB, are
appropriate to random placement of A-to-B and B-to-C
synapses; layer uniformity is not assumed (see text). At
maturity, every creaches an value: 0.5 (indi d
by an oval) or —0.5 (dot). Axes are labeled by distance
from cell center (in units of rc).
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Efficient procedure for computing integrated image properties at many scales. Each level of the image pyramid is convolved with a pattern to enhance an elementary image characteristic, step 1. Sample values in the

filtered image may then be passed through a nonlinear transformation, such as a threshold or power function, step 2. Finally, a new “integration” pyramid is built on each of the processed image pyramid levels, step 3

Node values then represent an average image characteristic integrated within a Gaussian-like window.

5 IREFEALEBREY Y IRT—-UV YT

(Poggio, Torre, and Koch 1985,@1995GirosiPoggio,@1999Riesenhuber_Poggio,@2005Serre_Poggio) & IEAI{EL1, L2, LO, ElasticNet

(Riesenhuber and Poggio 1999) l& ¥ v 7 27—V Y I EEBSE T —5 EART D ERUC

e @ @ View-tuned cells

Complex composite cells (C2)

Composite feature cells (S2)

@ °ee Complex cells (C1)

@@@ @@@@ @@@@”" Simple cells (S1)

—— weighted sum
=== MAX

Fig. 2. Sketch of the model. The model was an extension of classical models
of complex cells built from simple cells, consisting of a hierarchy of layers
with linear (‘S’ units in the notation of Fukushima, performing template
matching, solid lines) and non-linear operations (‘C’ pooling units, perform-ing
a ‘MAX’ operation, dashed lines). The nonlinear MAX operation—
which selected the maximum of the cell’s inputs and used it to drive the cell
—was key to the model’s proper-ties, and differed from the basically
linear summation of inputs usually assumed for complex cells. These two
types of operations provided pattern specificity and invariance to
translation, by pooling over afferents tuned to different posi-tions, and to scale
(not shown), by pooling over afferents tuned to different scales.

B
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MAX  expt.
1 \
i*
E 0.8
i
H So6
! g
i o4
i 0.2
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SUM

Fig. 3. Highly nonlinear shape-tuning properties of the MAX mechanism. (a) Experimentally observed responses of IT cells obtained using a ‘simplifi-
cation procedure’? designed to determine ‘optimal’ features (responses normalized so that the response to the preferred stimulus is equal to 1). In
that experiment, the cell originally responded quite strongly to the image of a ‘water bottle’ (leftmost object). The stimulus was then ‘simplified’ to its
monochromatic outline, which increased the cell’s firing, and further, to a paddle-like object consisting of a bar supporting an ellipse. Whereas this
object evoked a strong response, the bar or the ellipse alone produced almost no response at all (figure used by permission). (b) Comparison of
experiment and model. White bars show the responses of the experimental neuron from (a). Black and gray bars show the response of a model neu-
ron tuned to the stem-ellipsoidal base transition of the preferred stimulus. The model neuron is at the top of a simplified version of the model shown
in Fig. 2, where there were only two types of S| features at each position in the receptive field, each tuned to the left or right side of the transition
region, which fed into C| units that pooled them using either a MAX function (black bars) or a SUM function (gray bars). The model neuron was con-

nected to these CI units so that its response was maximal when the experimental neuron’s preferred stimulus was in its receptive field.

36 IEAMLIE 575V T ¥

XE2F=9175eT 5. —1T—T—%, &I, EHEL'HB T2, BERTHNE, SER,

y=XwzE-T, (yy) Thb5y DRMERALT BT EEERLD, T T RITIOEEERTLOET S,

arg max var (y) = Xw) Xw = w' X" Xw

AET—YThHNnE, SHEEE NERCHNIIEERSD OERETH 2,

IDEEWZELEVWTAREE
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ZOEE wITHRERIBRINGE, y OPBEERECAECES>TUES, 22 TW w=1 EVWSEHEDTT where, ww = 1 17
Lagrange multiplier A Z BWNIERED & S ICEBERBICIRIET %:
IXTX = XTXw ©6)

EANLIEE, SFEMERELEHBTIENTES, LA >T, L1, L2 EAMES VAE THW 513 Klause-Kuhn-Tucker &6 RAMEERLEEZ 5%,

—  m =, o
37 AAL 5—=5%F Y 1 Euler Lagrange /12 & IFRI{LIE

Original:
https://ja.wikipedia.org/wiki/%E3%82%AA%E3%82%A4%E3%83%A9%E3%83%BC %EF%BC %9ID%E3%83%A9%E3%82%B0%E3%83%A%E3%83%B3%E3%82%B8%E3%83%A5%EE%96%BI%ET7%A8%8B%ES%BC%8F

SRTF NI MEEIE x = (x,,2) DBEEEZ B, TOESHMMS x = 0= (v, 0y, 0.) BRETH S, Ffe KTV P LERECHESBVEDETE, STV Y7V LI T
BHIFLFY— - RF2 I ¥y ORELTHED [L(LID= (v PH-WI2Lv_(z))AM2)-V) ] T8 2.

IOEE, UYL OBHAERRE (M} =-V({)] £BD Za— b OBEBARRIC—KT B,

Sa—hUNREBVTIE By B BILER q; THD, TOLKBM 1 THB, —RIEEORT f RO (W) BEECVWS. BEF BSU5VI7Y LAZ0REAERET, A(5-=505
¥ 2 R [(@O00.0 - aO00.0) = 0] £B2, BE, Ky NIBEICLHAERT, CORERIE FYFY I 10BBHER EHST 652, —RIGEBE & [p_{i00).00 = (0.0 ] TES
., THEES A S—=575 V2R [_lil= (@O0 ] EBSRISNG, EREDE—RIAEEIHICT B, BRoFRRE —RILEDEOMKS = —#ibh, £EKT 2,

Za—bhrAERE EHBOMS =N THoLDT, A(S—=3050V1ARRAE =2V AERE—MRERICHRLCEDTH S EHABRITENTE S,
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The regularization of the ill-posed problem of finding z from
the ‘data’ y

Az=y (1)

requires the choice of norms ||-|| and of a stabilizing functional

|| Pz|.. In standard regularization theory, A is a linear operator,

the norms are quadratic and P is linear. Two methods that can

be applned are®3: (1) among z that satlsfy lAz—y||<e find z

(e

ds on the errors
and is zero if the data are noiseless)
| Pz|? )
(2) find z that minimizes
IAz=y|*+ | Pz|? (3)
where A is a lled larizati

The first method computes the function z that is snﬂicnently
close to the data and is most ‘regular’, that is minimizes the
‘criterion’ | Pz||. In the second method, A controls the com-
promise between the degree of regulanzallon of the solution
and its closeness to the data. Standard regularization theory
provides techniques for determining the best A '*!*, Thus, stan-
dard regularization hods i

impose the ints on the prob-
lem by a variational principle, such as the cost functional of
equation (3). The cost that is minimized reflects physical con-
straints about what represents a good solution: it has to be both
close to the data and regular by making the quantity || Pz||? small.
P embodies the of the problem. It can be
shown for q iational principles that under mild con-
ditions the solution space is convex and a unlque solutlon exnsts
It must be pointed out that dard

have to be applied after a careful analysis of the ill-posed nature
of the problem. The choice of the norm II- I, of the stablllzmg
functional llell and of the functi spaces Ived is di

both by ies and by physical plausibility.
They detenmne whether the precise conditions for a correct
regularization hold for any specific case.

Variational principles are used widely in physics, economics
and engineering. [n physncs, for instance, most of the basnc Laws
have a in terms of
that require minimization of a suitable functional, such as the
energy or the lagrangian.

Table 1 Regularization in early vision

Problem Regularization principle
Edge detection [ [(Sf— i)2+A(f)?1 dx
Optical flow [liau+i,o+i, 2+ A(u+ul+ o2 +02)]dx dy
(area based)
Optical flow V- N= VN4 a((3/5,)V)1ds
(contour based)
Surface IS f—dy+a(f2+202+13) ) dx dy
reconstruction

Spatiotemporal [ ((S- f—i)?+A(Vf- V+f1)*]dx dy dt
approximation

Colour 12— Az|?+a | P2|?

Shape from JUE-R(; @) +A(f2+13+82+83)1 dx dy

shading

Stereo JUIV2G * (L(x, y) = R(x+d(x,y), )]
+A(Vd)%} dxdy

Some of the early vision problems that have been mlved in terms of

e first five

principles. In edge detection®*?’ the data on image intensity (i = i(x))
(for slmpllcnty in one dlmensmn) are given ona dlscrete Iamce the

operator S is the on the Sto
be recovered. A similar functional may be used to approxlmate time-
varying imagery. The spati y to be d from

the data i(x, y, #) is f(x, , t); the stabilizer imposes the constraint of
constant velocity V in the image plane (ref. 61). In area-based optical
flow'®, i is the image intensity, u and v are the two components of the
velocity field. In surface reconstruction®"?? the surface f(x, y) is com-
puted from sparse depth data d(x,y). In the case of colour’? the
brightness is measured on each of three appropriate colour coordinates
I*(v=1,2,3). The solution vector z contains the illumination and the
albcdo  components separately; it is mapped by A into the ldeal data.
ion of an iate stabilizer enfc the of
spatially smooth illumination and either constant or sharply varying
albedo. For shape from shndmg" and stereo (TP and A. Y\ulle.
unpublished), we show two
R is the reflectance map, fand g are rellted to the components of the
surface gradient, E is the brigh ® The
of the disparity field d involves convolution with the laplacian of a
gaussian of the left (L) and the right (R) images and a Tikhonov
stabilizer corresponding to the disparity gradient.

HHFBOXARTlE, EHEEIE weight decay /4 & EIEENTE A
SDENE FENEREL CBZ0T PER REFE BEANOGALBATSH .

BEHRE(Krogh and Hertz 1991) [ DWTIE, HHEMA=2—F /LRy b T—2 THRES N TE 7z From https://machinelearningmastery.com/how-to-reduce-overfitting-in-deep-learning-with-weight-regularization/

39 Softmax B

plx) = exp(x;)
! Z,. exp(x;)
OYVRTF 4 v IV TEARBERIZY 7 by 7 RBEBORFRBEERRLS2
1
Pk = 1+ exp(—x)

Softmax B#IEE LB THAWSN S, Lichi> TREBIHMEZRDELLZEB-1—F/)L%y N7 —0 ORHERRE% S5 symbol grounding 3 5B & B840 5 %,
£fe, V7 MYy 2BHIE, REIT Y NOE—2E cross entropy error BI# EFMT 5, RETY NOE—RBEFHFIENN 2 EOBEICAVNSNS:
CE = tlog(y) + (1 — 1) log(y)

A 2 ETEHAE L —RNBHEREHRBREDBEICEY 7 Yy I ABROFBLEEZRBAILT % 2 £H TN 5(Hinton 1989),

40 REIFE RS & B AR

| <
$xSgrid on input 1 Final detecnons

Class probability map

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 B bounding boxes, confidence for those boxes,
and C class probabilities. These predictions are encoded as an S x
S x (B#*5+ C) tensor.

YOLO D2
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Fig. 2: A comparison between two single shot detection models: SSD and
YOLO [5]. Our SSD model adds several feature layers to the end of a base
network, which predict the offsets to default boxes of different scales and
aspect ratios and their associated confidences. SSD with a 300 x 300 input
size significantly outperforms its 448 x 448 YOLO counterpart in accuracy on
VOC2007 test while also improving the speed.
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- 2020-0117 385, Y A>T —2 3 vIClF semantic, instance, object, class D =#&3E# %, object & class DFIIE ## Image segmentation: Object, class, instance

http://host.robots.ox.ac.uk/pascal/VOC/voc2011/segexamplesfindex.html 228D & & Znlc Lhid

« the object segmentation: pixel indices correspond to the first, second, third object etc.
« the class segmentation: pixel indices correspond to classes in alphabetical order (1=aeroplane, 2=bicycle, 3=bird, 4=boat, 5=bottle, 6=bus, 7=car , 8=cat, 9=chair, 10=cow, 11=diningtable, 12=dog, 13=horse,

14=motorbike, 15=person, 16=potted plant, 17=sheep, 18=sofa, 19=train, 20=tv/monitor)

PASCAL VOC & 20 FEBD TINTE T, WHNID BT SNTUWNE, PEIID DT, 5102 cBERORTWEIMITH 2 HDHEE TE NI class 1D 1T TH B,



Classification + Localization Object Detection

Semantic Segmentation Instance Segmentation

Source: Introducing_capsule networks From

person;,

i

(a) Image classification

(c) Semantic segmentation (d) This work

Fig. 1: While previous object recognition datasets have
focused on (a) image classification, (b) object bounding
box localization or (c) semantic pixel-level segmentation,
we focus on (d) segmenting individual object instances.
We introduce a large, richly-annotated dataset comprised
of images depicting complex everyday scenes of com-
mon objects in their natural context.

(Lin et al. 2014) Fig. 1

Object
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Instance
Segmentati

42 U-Net & afferent/efferent connections


https://www.oreilly.com/ideas/introducing-capsule-networks?cmp=tw-data-na-article-ainy18_thea
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Left:(Ronneberger, Fischer, and Brox 2015), right:(Felleman and Essen 1991)

43 53R B #HiAH Dialated Convolutions

7 k5 2BHAH EBITEND HREREFHAH (dialated convolutions) [FREREE LS T & IBHEBMNICIERT 2ZEHE Y R— T2 /0%y H—EFBEHAH T 1L — (KFC: Kronecker Factor Convolutions)
D—RBILTH B, LREBFARE, Py TV TV TENITAVY —%ERTZ2BEDBRAHTH D, IRE |, ZyTYy TV IREEHET MR8 THZ. TRICRT L3I HBREHAHEHHE
0% ERABRIBEEBMICIEKRT 2. ULHAL T 1LY DINSA—FHISBREIC UMERLB W, IREHMAHKICLD, EFROBEE TCHENLSBERMHMENTRELS, BEOBMAHMREL I =1 OBHA

BEBBELS B,
(@) (b)

Figure 1: Systematic dilation supports exponential expansion of the receptive field without
loss of resolution or coverage. (a) F} is produced from F{ by a 1-dilated convolution; each
element in Fj has a receptive field of 3x 3. (b) F5 is produced from F} by a 2-dilated
convolution; each element in F» has a receptive field of 7 x 7. (¢) F3is produced from F5 by a
4-dilated convolution; each element in Fj has a receptive field of 15x15. The number of
parameters associated with each layer is identical. The receptive field grows exponentially
while the number of parameters grows linearly.

From (Yu and Koltun 2016) Fig. 1

KT, BEOBIAHETSMICT (LI EIRT B EEAETHD, Thbs, BOBREELOTEDGRNS, WRRICIGEL THA XEMERT D, 7Y OEHE, BEREIN1 LDRSWEBE, BEEL
TUWRBWESDERIC—HT 5, TR, HER7 1LY DOFERLTWS,
44 ¥ O % 71—1& Kronecker Product
A eR™ & B e R™™ LEMEDTNETNE JOXRYA—THAQB B mXn{TileBnd, TTTm=mmy,n=nny:
a; B a;, B
A®B= : : . (10)
an 1B Ay, B

IORYN—EOTHNOYA XEEET 2RE X 2BV TRRTERIND
(A ® B)vect(X) = vect (BXAT), (11)



45 [RHRERXLFIEICED ERDH

p(x) ZHERZERB pdf £ LT, BHECHBEUATOL S CEET S

/p(x) dx =1

/ xp(x) dx = pu

/ (x = w*p(x) dx = 6*

o TUIVIIORERBEERVT, p(x) DENEER:

—/p(x) log p(x) dx + A; (p(x) dx — 1)+ A, (/xp(x) dx — ;4) + 3 (/(x — y)zp(x) dx — 0'2)

HHLTEALBWTERBINE, ERDHESS:

p(x) = exp{—1+ A, + Apx + A3(x — )}

Ihbs, BHREFACRENSBEHINIHENERIHETH S,

46 ResNet & Van Essen
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%, A ANSARIE2(S =2)DHE, HAF G -3+2)2+1=3

Krizhevsky 5IC & 2EBEHR 7 LY —DF): 96 BD 7 1 LT EZFNZNY A XD [11x11x3] FNZTNMN 1 DDFER S XD 55x55 — 2 —AVICLE > THBESINTWD, NIA—FHEDOREFEENTHEH
%0 BEROFEDBANTAELY YERET 3 EHNBEBRIFE BROTETZEOHEICLD OB THERMWICRIDIET TH D, Lh > T BAHRBOHAH 55x55 DERZDBAD TR TTHKEL Y V&R
HIBeHlcBEET B2RERB,

NIA—FHEDRENBHRE BSBWVEELHFET 2, I BAHRY NT—IADANBRIEEDORIEEZH > TWSBAICETEE S, LEAFBROAATHE EE > RBRIHHEFTT 2HE
NHBFABETH D, KANBHE L TE ANDEROPLICENH 2BETH 5. SFXIFXLBEMETOBHAT S XIXLEER X CIEETORYEFET 5 ENHFHINZIBENH S5, ZDBE /T
A=Y HBEREEENL RDDICRICEZBEREICT 25805 5.

REVGEE BEAAHMER (F—9 LEAOWMA) OFEAB/NREBHRAL (2L BRNICRELET 1LY —%ZER) « BE5rOHZEAL T RTOBAICHS HT DR

1 x 1 B#AdH: Network in Network TRIICHES Nicdk SIC WS OHDFRXIE 1 X | BHAHZERL TV, FESMEONYIIZIVROHZANE 1 X 1 BAHOBRRICEELY 5, BBEESE2RTTHD
728 $11 SOBHAAHIBHRE RS BVASTHD (HBBIRTEDRT—UVY) o LREUVBHFAHZ2—FINERY N7V TRYTEESBW, 3RTTRY 2 —LZBRETZIEE T0ILY—DBICAARY 2
—LDRIRFIEND I 2RI THDBENH D, T ZFANN[(B2X 32X 3] DBE 1 X 1 DBHFAHERTT & BRLEIRTOATNETENE (ANDRIH B FrRILTHBH) .

HIREAH: RAOFE (fc & 2 (S Fisher Yu nad Viadlen Koliun Z88R) &, #K EIFEENZDEHS 1 DONA/—/XGAXA—5 —EBAHBICBAUTc, INETIE EFLLBERAHS T 1 ILY—ICDVWTOHFAL T
T, IITHEREFEND BEIBICAR—ZANH 2T (LY —%ZERBI 2 ENTRETH D, FlELTHIRTTR YA X3DTAIILIY— w BAD x EFLTCROEEZTS:

w[0] * x[0] + w[l] * x[1] + w[2] * x [2] . CNIF0DERTH D, WEK1DBE 7Y —IE wio] * x[0] + w[l] * x[2] + w[2] * x[4] ZFHET 2, DFD BAXEEEZEMT BRIC
IR 1 DFEET %o TNIE WS DODDBRETOIRRT 4 LY —EHAT 2 EFBICENTH 2, LDDRVBTLDBEBHICANSHROEBIBEREN—ITEZINS5THD, EXE2D0D3X3 DEAHER L
TIKERZ L 2FBHDOBO=Z2—OYEAADSXS Ny FOBEKERD (FHAZRFO=_1—0OVIE5XS5) o REAAHZFERT 5L ZOMRNBZAFFIEZNTERSHERT %,


http://arxiv.org/abs/1312.4400
https://arxiv.org/abs/1511.07122

Input: 299x299x3, Output:8x8x2048

Convolution Input: glgp;:ms
== AvgPool 299x299x3 x8x . .
we MaxPool Final part:8x8x2048 -> 1001
== Concat
== Dropout
mm  Fully connected
mm  Softmax
Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
x[:,:,0] wO[:,:,0 wl[:,:,0] o[:,:,0]
0O 0 0 0 0 0 O -1 - 1 0 0 4 2 -6
0 2 0 0 1 [0 o -1 1 -1 0 3 40
0 1 1 0 0 o [-1 i =i =i -3 3
0 0 0 1 0 wO[z, <71 wl[z:,:,1] o[:,:,1]
o1 2 0 1 1 -1 4 0 -1
5o 1R 5 11 [NZ4 B M = S
0 010 0 A1 -1 [0 -1 0 1 1 2 5
X[2,:,1] wO[:,: wlfl:,:,2]
00 0 0 0 o 2l A ¥ ad CA K
0 1 1 2 2 o [t 00 0
0 2.5 0 2 0 1o -1 10 -1
A Y ® ias b0 Ix1x1) Bias bl (I1x1Ix1)
ofofory1 1 220 b0[:4:,0] bl[:,:,0]
o241 o/1 o 1 0
0 [lo 0
0 0 0/0 O 0
0 2 2 0
0 2 2
0 2 0 0/ 0
ot k21 0/2 0
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Bottou (2010) (http://leon.bottou.org/projects/sgd)
() (%)
=107

SVMLight 23,642 6.02

SVMPerf 66 6.03

SGD 1.4 6.02
A=10 3

LibLinear (p = 10 ?) 30 5.68

LibLinear (p = 10 3) 44 5.70

SGD 2.3 5.66

(Bottou 2010), (Bottou and Bousquet 2008)
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BET OV 7Yy ZBEH:

exp(z;/T
q = pi‘) 17
2, exp(z;/T)
BENSBIFNE, o7 S PHRICES. ZORDENEEZD
a1 1 o7ilT ouilT
a—=?(q,—lh)=?(ﬁ—ﬁ) (18)
Zj Zj e Zj e
1 1 T 1 .
oc oL + z;/ _ + v; 3) (19)
0z, T\ N+3%,z/T N+3%,v,/T
aC 1
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