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Inference Latency &

Objective: Latency required to classify one ImageNet image using a model with a top-5 validation accuracy of 93% or
greater.

1-example Latency
Rank (mill ) Model Hardware Framework
ResNet50
42180 Perseus Al Cloud Acceleration team Alibaba Cloud [ecs.gnSi- TensorFlow
) in Alibaba Cloud cBgl.2darge] 1100
source
ResNet50 Intel(R)
9.9600 Intel(R) Corporation Amazon EC2 [c5.18xlarge] Optimized
source Caffe
ResNet50 Intel(R)
12.4000 Intel(R) Corporation Amazon EC2 [c5.4xlarge] Optimized
source Caffe
ResNet50 Intel(R)
17.3800 Intel(R) Corporation Amazon EC2 [c5.2xlarge] Optimized
sssss Caffe
ResNet 152
1P100/30GB/8CPU TensorFlow
22.2700 Stanf;t"‘dr(DeAVVN (Goosle Compute) vi2

Inference Cost &

Objective: Average cost on public cloud instances to classify 10,000 validation images from ImageNet using of an image
classification model with a top-5 validation accuracy of 93% or greater.
Cost

Rank wsD) Model

Framework Hardware

ResNet50

Perseus Al Cloud Acceleration team in

$0.02 Alibaba Cloud [ecs.gn5i-

TensorFlow

Alibaba Cloud 1100 c8g1.2xlarge]
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2 ResNet50
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ResNet50
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2 M A MMHXS2HI|SHEH M | e-mail: ssy.hwang@samsung.com
LA A METX S 2YT|SAE ORAE | e-mail: kyung.roh@samsung.com
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Ggolt 2hoA Fxolv EAS] thEFA ] 3k §EAQ] Tkl ol F5H A4S ol 8dl F
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Dense data Sparse information

Depth/Shape New View Layout/Segment Size/Location
- ' Geometric context
MonoDepth Inverse perspective mapping [Hoiem, 1CCV, 2005] i -
[Mallot, BIO-CYB, 1991] Singe-view metrology

[Godard, CVPR, 2017] [Criminis, 1JCV, 2000]

Semantic segmentation
[Kendall, ICCV, 2015]

E

Amodal completion

Shape-from-X

. - Photo pop-u
: shading/shadow, pop-up
(X f'e,ftu'?g/s acou [Hoiem, SIGGRAPH, 2005] LET LRl
focus/defocus, ..)
T2 1 S A FMES 0|85t 3R QK| 7|52 2F(7|F: 3Rt HEO| HEH)
NS 2 S43% g2 7P 2ert W2 3% 4 Sk 4= Q. AHFE B FofollA] 20124 AlexNet9]
Hol P2 & 4= it 54 o]% AZ=A4(DNN: Deep Neural

(¢}
Network), 3] 22} 9A}o]| A&3]7] Zelsal AL

3XI Zi0|2} E2HDepth and Shape) ZMHAAT(CNN: Convolutional Neural

AsrEHA —Ec Fell A= shape-from-XZh= ©o]F  Network)s ©]&3t Agt50] Ho| o|FA gt
© & 3k o] FAoll A EAY EF(shape)S Fohh CNNZ o]-83F 32+ Q1A 9] 7] A+ Z 3p7) vt
= A7 28 ARE Zo| o|FART X= EAY 2 3 0] Gl ths-== AolFdS I55= &
Lok gt G 2A ol 93k E4)9] 5% (shade) TR} AIS2 CNNZ o] 9= = Zo] <
7} 2R (shadow), A EHE] BAH(texture), A} glo]ElAl o & wWARSHS(supervised learning)s}
a8 A9 i Ete] Ao wE 23 of 719 A+ 445 A Hojd= dYES Ve
(defocus)o] tjiEZA Q] dojt}, A& Eo] EX &9 oWt} MonoDepth= 71 % 714 QIAMAQl A =

ol 5ol Wahh ek 9150 Ho] o) B4 W sholck, 1% Ae S Aol P it

of il o =% H&, & g0 ‘TSt A 9 o|gAlo] ZQsitt= FHo|l & ZAE=0|%=Hl,
1ol Hlo] Hhgke ok 71 QI AU 2 A45HA EH, WS MonoDepths 23k thAlol oFot FARS: o] &3l
S9E 5ol EA Y o] H3lE 2T+ % oFot JAro] A% A:A(left-right consistency)=
o, =& 3 39 @4do] obd 47 thE WakolA ¢ 223t H]wAFSkE (unsupervised learning)2 4~}
ALEl= 21 2HF0A HEYPH v 44 F9 o 2t} MonoDepth= &AFETE F7)E 0] §)a s
< 28, IEES AvE dF 4= 9t & Aol Zo]gde] kel B4 85| wfFEof o]

T3 3t A G Bl 3R QoIS F5 T olE o] &3 TRt 3-8 dt=o] XFEHIL it

2019.5.Vol.59,No.5 @ 373



\ THEME 03 \ Elot S0k 0|23+ 33181 QIX| 7] AT

lo od

MEZ A|AO| A

A9 S ol F =
k= Ax 7Fsotth, A 13 A9 =S
H(top-view)d] =& FAo 2 H35l= inverse
perspective mapping> 1A Q1 djo|t}, 7} 2ke]
ALt 2] AL} B2 JEIT FoAHE 27} =
202 gygsith= 71gstel 12+ A1 94
HO 2 GO AFJE = At EE EHY
2 AT 22 B2 919 EX49 E4S oS &
o|5}A dfl=t}, Automatic photo pop-up G4+2]
7k 49E& AH, XA 919 A4, 181 5= Al 7t
%9 (ground, vertical, sky) 0.2 F-E3}IaL, FA
Ao A A4, Photo Pop-up 7|&
3 B S 8l ZhlEte] ARA|ek
7F dagt, Al 7HA 2 2 ERt 3%
H O = 17 wjoll G4 W A Aol
49 = 471'1]9} 7t e} Eo|RE S5

(New Vlew)

(il _13

of L
S

X,
Y
)

g,

td
ki

=

Moo B T odle X4
N

Y
b (LI
<

i)

i

il
IR
ﬁ

N

i)

a 2ol 1S 374 ¢ xu 7]
ot —%7_5}7] 1521 Photo pop-up?] 7|5}8H2] &
H 20 GAJo|A] AL 2 9

—

) A2 A
= AT R & Z2 04‘3'1 7HA I ER
SVM(Support Vector Machine) #-#77]5 o]-&3j <
Arol 7y RBEES A 714 99(ground, vertical,
o|% Yo YA HE] o] £
oFo 7]%‘%—% oJu] % Hsk(sematic segmentation)
W A9t -5-8-0] o] FAAL AT,
% SegNet2 EA 21 E577171 £384E CNN
o] dAfe yiy 25 Tl =2, =, A=, A
g, U, A, sk T whdRt on] 995 #4
2}, T3t 9] Mask R-CNN 7]&2 &4
= 7le 2ol AREHE 719 R-CNN 7-£

2

e
_V}i
Ir
ey
ul
[o
I‘r‘
( r_&

_Ik?i Y, ru?L'

E

34 e J1ANE

dsto] 7129 B4 AEolu 99 £8E 8%

H ZA48 Ed(instance segmentation)©] 7}s%r
Ber), & 7120] Qo Hlo] woj Y= AR
shue] o2 Ha)sh HhH | Mask R-CNN 7]&
e ¥ NE AP E SRRt

.r_,J
o flo X

d

flo

X2 O/EEt] x| 2 37|(Metric Location
and Size)
oF 9] Aol =

e o] YAV 715 =45 Aol 7Fss)ch
Aatt 7leso] HdolFdolu Mze Al ¥4,

>
E]N

1%2; =AY 1135‘&4 H?ﬂ% 42
ae BTk AR 7o) ApA|eF 23 A 29} 2
A A, =42 vEeE YA
=7 B4 st S40] 7, ol= ¢
gl AHEEH= HAHA
=14 Bl A-&== Rl

2,
lo mlm
N

(machine vision) 7]<

Amodal completion 7]&-2 GAM 1 7}317‘101‘/}
2ol s 471 BF WA oF2 7ok
Q1 nE o] 2712k A<l 743] = =

|22 7]olth. CNN= 5ol E4| A& wAket
S of =49 AA} == A bounding box)E
St A R AY 713 FES 2gtslo] o]

o2 A7) o] alAel ofolr]ofol},

o> ofok _ISH,
o

o

jat)

012] 2| Gef= 0l& ¢t 3xt

[0
2
Ral
d
1%
fuin

AFE A Holol 4] oj2] o] darow 339 1



Structure-from-Motion SfM} visual

. SLAM, visual
(mi?jeffj) Visual SLAM
. odometry+= Z+Z}

image sequences .
#E (ordered) Visual Odometry A‘]i E}t ‘{rxﬂﬂ‘ O}

w/fo loop closmg : : - 015 1.0
w/o global mappm% i Yal, FARE 33+

5 . AAE S shA| Tt
E@W A2l ol ot 5
PR LY 4 @ 7go] vz
I, A2 Z3E=
T2 2 042 o BHE 013t 3R QK| 7|52 AV IE: EH Jal EY) TAZ 71 BA S
oJtt,
g AAskaL 7 Ete] YXE dohe 71ste)

o2y} HFHE S 7 glE7|HE A&LHHo 2 ALy Structure—from—Motion
o] gt} e} o o) 4e5hA mEAS HpEHo & o7 S7F9) 3R 2 (structure)9} FAo] A 2
£t} 7)sF8H(Epipolar Geometry), thaAlR 718t 7] t& 7hdEke] 91X](motion)E Aol F4ok=
(Multiple-view Geometry)gtal &&= 0| 259] StM 7]&2 dEF4 2 2 bundle adjustmentztal &
AAD}E] A, o] v S = 3t Structure-from- = A3 BEA 2 Aot et 93]S o1
Motion(SfM), visual SLAM, visual odometry2} 7+ = S A7 3Y ERE FHo) 7pssta, &
= Al 714 e ZAI7E 2 QY o] AR} 2R 7r F2E G e B ol E AR 7 ke 914
SAAN -2 S8 rEE XEHo 2 Oq;L/Xq £ 8T 5 Utk 28y o] F 77 rlRe=d
SHIL QUek Al 7H A £33 fARE 33 A stM] A= HH AlRe] #A(chicken and egg
£ FYstA|ah, d=EE A9 EA et L2 4 problem)'®} Zro] T n| X7} A& H8] = 2A0]
ATk, A StMof| A== FA2 G4 Tholl =417 o}, duk o 2 o] W)= BAl= 2 s 3]
N LY JFgolal, visual SLAMS HF sl Logt @& shHA A H9lol TFA7|H, £
o) Fpuletol AAH v, 5 Pk o] AT 271kE §AIsk] A% A incremental) 02 H23
BA7F Fo4R 7A-g-oltt, ufgtA visual SLAMES £ st gt olge U F 7MY 1Rt
A Ate]9] AJ7HR A4 BAE AFH 0 R E-851y Bundler:= QIE|UlZ &3 =83t o] #FA| < df
StME T} W= e —'vj—Xﬂ% s 4st= Zlo] 3 TR AN SliE TEA Y] 33 9P st
4lo] "t Visual SLAMS A8H Q<= 5 ool =H ALEo 1 /-84 E4/d(scalability)Z
A" A 77 %’4?‘](10010)01]/\1 Al ZQH F53UT o] Visual SEMZF COLMAP ©] 7]&<
GAro| Q= A-E 115, visual odometry= A ZHEZAY (time complexity)dt 7| 53/AMA &

et W) A loopys THSA o= Hef B ol B ebA A,
=2} FA otk whebA] visual SLAM-2 visual

odometry¥} B]ws}o] AHHE(loop closure)S A% Visual SLAM
S 0]2 339 <lxo] el WAo| Z7Er). 232.2:5}0]4] o] A7-E]H SLAM(Simultaneous
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Thot Fhma} LAM in Roboti

MonoSLAM (2003): features, filtering
V.s.

7 PTAM (2007): more features, bundle adjustment RGB-D 7|2}
(keyframes)

e

n (2011): dense volumetric

oSk pR o

ElasticFusion (2015) DynamicFusion (2015)
dense surfels dynamic dense

ORB-SLAM (2014)
better feature manage

T2 3 Visual SLAM 70 A2 2 EX

Localization and Mapping) —‘?—Zﬂ Structure—from—Motion, Visual %9} nl=232 E(Markov) 7}7%,}
= HFEHAY SIMZAR T gL AM, Visual OdometryE 25 22

SHA 7hEte] Y1x|eF F2ke] @ Z7he] 3X}Y BEjS} FHO2} Y AL 3;195\‘:}

HE Aol 45t A0l FAE HFE A5l Y]

i , 2| 2% E 3t UE =

<3t vie} Zo] visual SLAMS SfMo] A8 %Y bundle
SEIMI} 9] Zojd GAS Afole] == PR UH DA S Giustmente) WAE 278} 7)
A BAZ} QL ol2 mHE = 7HHe] BHE EF TAIE o] A7 visual SLAMOE &
o7 0|83l Ao| MAolt}t W Zh= 7| Le|ch £-%]QJc}, PTAM(Parallel Tracking
g}A] visual SLAMS] 27|+ &2 and Mapping)2 Y3574 &4
Bl AIHE BAE 712 dol"HE thF=t o} T ZAIE BB YL T R}
g A== ZEEE Y YAFE E (particle filter) 1, o]F 247y ©hA|ZKshort-term) A3k} ZFA7E
9} 72 o] x2HBayesian) BE|H-S E3 SLAM (long-term) A 3st2 HI5IATE, E w233
AIE 125kt MonoSLAME o]2fet M of  (Markov) 7HgollA o) TR G4 & ¢Jiewt of
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&2k, 7123l RGB-D2} AH|H 2 5 o7 7HA] F=
9 7HH| 2= X hsh= A o] £ o]t

20119 Zlo]gsto] AMAA HEZ FoA|+=
Microsoft®] Kinect?] 5742 @2 A+ RGB-D
7hEke] AFR-S W19 1L, KinectFusiono]y
ElasticFusion, DynamicFunsion?} Z-& RGB-D
SLAM 7|&o] &A5HA stict, o]o] = w2
DTAM(Dense Tracking and Mapping) 7|&2 9
E4%0] old @449 RS 99 1EE=E
A5t mjsgsl= RGB-D SLAMY HZX(direct
method)& Tt 7215 483t visual SLAM 7|<&
ot} & o]t Ftoll 7|¥kE = LSD-SLAM E3t
bundle adjustment®] AFEY of|#(reprojection
error)7} obd F&= o2 (photometric error)& 4
slel= WS Tt o7 G4 EAFE o8
St 7] WA (feature-based method)¥} 34}l of
A7 o] 8st= HHA(direct method)2 A=
o Ao g sl 74 -2l gt =gkl 4381
o}

T fo
Nox ¢

Visual Odometry
Visual odometry+= visual SLAMOJ|A] A&
3 Btgst= F

I

(loop closure)& A&3IL o]&
o] A LjH TestE FAo|t, uehA fjREe
visual SLAM®] H<20] visual odometry 7]<o] 1

=z AL A,
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M N g
[
m
l
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2 visual odometry 7]&0] L Bo| A|EEIL
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