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II. RELATED WORK
A. Traffic data and approaches to its representation

Several practical databases for pedestrian detection, such
as the French Institute for Research in Computer Science
and Automation (INRIA) Dataset [3], Caltech [4], and the
KITTI Vision Benchmark Suite for self-driving cars [2])
have been proposed in the past decade. The information
contained in the KITTI database, which has been used to
set meaningful vision problems for self-driving cars [2]
as well as problems related to stereo vision, optical flow,
visual odometry, semantic segmentation, two- and three-
dimensional (2D/3D) object detection, and 2D/3D tracking,
has proven especially useful.

In 2015, these problems were updated for stereo and
optical flow [5]. Thanks to the development of sophis-
ticated approaches, such as fully convolutional networks
(FCN) [6] and region-based convolutional neural networks
(R-CNN) [7], there has been improved performance of
solving these problems using the KITTI benchmark dataset.
In addition, a manner of geometry allows us to improve the
rate of object detection [8] and optical flow [9] not only in
stereo [10]. As for semantic segmentation, we can now obtain
knowledge about dense connections and use this information
with graphical models [11], [12].

Unfortunately, none of these datasets contain scenes of
near-miss incidents in which pedestrians, cyclists, or other
vehicles must be avoided. Thus, there is an urgent need
for a collection of incident scenes that can be used to train

self-driving cars on how to safely navigate such dangerous Eﬁiy (: E Related WO rk%% < : cl:_% L/

situations.
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Can Spatiotemporal 3D CNNs Retrace the History of 2D CNNs and ImageNet?

Kensho Hara, Hirokatsu Kataoka, Yutaka Satoh
National Instiute of Advanced Industrial Science and Technology (AIST)
“Tsukuba, Ibaraki, Japan

{kensho.hara, hirokatsu kataoka, yu.satou}Gaist.go.ip

Abstract

The purpose of thissudy s to determine whether current
video datasets have suicient data for aining vry deep
convolutional newral nerworks (CNNs) with spatio-temporal
e dimesional (D) Kenel. Receny. he

levels of 3D CNN in the ied of acton recogniion have
improved signiicanly. However,to date, conventional re-
search has nly explored elasvlyshallow 3Darchiecures.
We examine the architctures of various 3D CNN from rel-
atively shallow i very deep ones on current video datases
Based onihe resuts of hose experiments,the ollowing con

in significant ovefting for UCF-101, HMDB.S1, and Ac-
tivityet hut ot for Kinescs. (i) The Kinetics dataset has
suffcient data or trainin of deep 3 CNNs, and enables
naining of up 10 152 ResNets layers, interestingl similar
020> ResNets on IageNe. ResNeXG- 101 achieved 784%
average accuracy om the Kinetcs et se. (i) Kinetics pre-
ranedsngle Dardicenre o conler2Der
chiectures, ands Ined ResNeX'-10] achiered 94.5%
P Ty ——

progress i various tasks
g dey 3D CANo cgther with Kinss il e
successful hisiory of 2 CNNs and ImageNet, and stin
are advances in compurer visionfor videos. The codes and
premained models sed in his suds are publicly available .

1. Introduction

The use of arge-sca daases is extemely important
when using deep consolutional neural networks (CNN),
which have massive parameter aumbers, and the e of
CNNs in the fied of computer vision has expanded sgnif-
cantly in ecent years. nigeNet 1], which ncludes more

hecps: /7Lt com/kenshaara/ 30 Sestets-PyTorch

6 UCE-101 Gpl 1. ) HMDB 5p 1)

i - e s compcr i s ()
i vidns (oo, The s of vty a2 CNN i on
imee et g e e ron

in variousofcrtass. Canthe e of 3 CNNs e on

Kines snrls Sl g compaer vison for s

han & millon images, has contrbuted substanialy o the
creaton of successTul vision-based algoriths. In addiion
10 such largescale datasets,  large number of algorihs,
such as residual learning | 0], hve been wsed o improve.

i somewhat lager video dataset, s becore avlble,
and it e has ke it possble 0 accomplish aditionsl
tasks such s untrimuned setion classication nd detection,
St e o s onas i e
. e Kineticsdataset 1] e
ol bl poiomd 0 et e gt
s gy ounen ot poston el e
i relation 0 image dteset. More thin 300 K videos have
Renollctdo e Kieies et hich mess it he
sl of video dtasets s begun 10 pprosch hatof e
datsers.

el ) comolon s GD CN e

th advantages of

e fo piiaig : imnerse it of e
3D CNNs, which are much arger than those

oo, sy, 1D CNN: canny b saned onvides
et whenas 2D CNNs i b peined n e
Recaly hower

H
on
i
2ol
o
5 s o 3D RN - 05

MlheKMelMquanmmr Acsuracy v improne s etwors
s i T mpornens ot il g b

including 28,000 cton nstances, ActviyNetlsoprovides
some addiions ask

e Kt Gt et compastle vl e i of
I

detction, but the number o action instances i il on the
orderoftens ofthousands. This year (2017, inan efort to
ereate a successul prtsaned model, Kay . released the
Kinetiesdatast 1], The Kinetes daase includes more
hin 300000 tinmed videos conring 100 caegories, In
ko e et i i o 3D N

el even thoughthe esuls
DO o T DS
‘were inferior 0 the 2D CNNs resuls. I il anather sy,
Cartica t . proposed inception [

‘which tey refecrd 1 as 13D, and achieved sia-of-he-art-
performance (1] recently. some works introduced
ResNet arciectures o 3D CNNs [%, 21, though they

we peroried 4 using these ecent
e .

Other huge datasers such s SporteIM [15] and
Yl (1] ke P o, A e

are lrger than Kinetcs, thelr annottions

S sty oty i e ot e e
sgned. (In other words, ey include frames that do not
ol o target actons,) Such noie and the presence of
unrelted frames have th potental 0 pevent hese models
nadition,with e 25 in

St 155 e sy o same 15
o R 15 T et e i 2 s o
InageNet [ 0]

s thei fine-tuning. The resuls of those xpriments (e
Section 4 for deais) show the Kinetics dataset ca ain
30 ReNec52 from srach 0 et i s o
2D ResNets on ImageNet, as

hant o vig e K a5
e infltion of 2D Kernes pretrined on ImageNet i
ones 2], Thus, we now e the hencfitof  sophisticated

Showen in Figure 2. Based on those resuls, we will discuss
the possibiltes offurure progress inacton recogaiion and
her video tsks.

Howerer,can 3D

sty of
N TNt v ety o o o

3D
iton Previous s doved deper 2D CNNs ined

i action ecogniton and cher varous asks? (See botom
fow in Figure 1) To achiewe such consider
At Kinetis for 3D NN shoukd be s brge scale s e

lowerer, it
Kot vl o show depr 9D CNR e et e

e previous st b th it Sl of g dasls
difrs fom that of video ones. “The fesuls of thi stdy,

eNetfor 2DCNN;
Kineties. Consentional 3D CNN

10 CNNs, and the use of very deep CNNs trained on I
4 s spisiton of s e

aation: Usig soch e reprsenaion, I

gy e e prkwnance of e mm

anhiecures rained on Kinetcs e il elatvely shallow
o019, 2 1 341, . st Kieis
Gatse enabls vy deep 3D CNN it & Ive s

TN it 152 s 20 CN 1

mage captioniag (see op ron in Figure 1)

T his sy, we examine various 3D CNN archiectures

Tod

nition datascs. Representatve video datases, such s UCF-
101171 and HMDB-S1 [17], can be sed 0 provide ealstc
i vt ses o 0Kt v o ey il
used s standard benchmarks, suchdatasetsare bviously o0
il o b o otimsing NN epeseninions from
sertch. Tn the st coupl of years, ActiityNet [, which

€1 AcviyNet. @ Kietes.

s

101 MDD 51

HMDB-51,and
ActvityNet) in onder o provide us nsights fo answering
e above quesion N archiectues tested in
i sy s bsd on il ks (R 10
and thei extended versions | 1] beceuse they

ind effctive srucures. - Accondingly. using
those datasets, we performed several experiments ined at

sl 0 [ B, theit scales are simply foo large 10 allow
hem 10 be uilized easiy. Becsuse of these fsues, we will
e o s e et o Sty

22. Action Recogn
One o the portar s o O b st
ecogaiion s the use of ta-sican CNNs with 2D con-
olonl Kol 1nhie . Syt s propocd
i 1t s G stk k) o e
- and motion informaton, respectiely (2],

ol it combiing he s s e il
ity 1o improve action ecognition accuracy.  Since that
45, s s b on e s CNNs
i e proposd 1 imprve acon cognion e

fon Approaches

mance [0,

Unlike the sbovementioned spprosches, we focused on
‘NN with 3D comvolutonal Kernels, which hive recenty
begun ooupertorm 2D CNNs through the seof arge scale
viden darasrs. These 3D CNNs are inuiisely ofective

videos.

2. Related Work
2.1. Video Datasets

e HMDB-S1 [17] nd UCE-101 |21 datasets are cur
ity e st sl I e ek of ston cogl

bocanse such "
Spatio-emporal eatures from e videas. For exampl, J

IV datase 5] Since hat sy, C3D has been seen as
4 fcto sandd o 3D CNNS They s cxpermntaly
dinata 13

3. Experimental configuration
31 Summary

Inhis study, in onder t deermine whether cutent video
datasrs v sufcint

Kinetics 161 We s examined th raning of relatively
hllon 3 CNNs from sratch a each video dser. Ac-

sccuracy whereas ons tained on Kinetcs work well, Wetry
I s ach s 0 sl elr e s
e it s o dap 3D CNNe

R i b 1 s R .
e,

(CRROTZDICHRRIETNTND
Z(CHEFLET |

Rt Rttt Reserpreoct)

Bie: Bk of e . e gt .2 o, G e e  crmcot
cupe o

0 ks e
e oo

bl 11 Network Arhietres. Esch convlutionsl Ly s llavd by b normaliztion | 1
o sl s e by coneL o, o1 i e f o, e Denael, I s of e

achiecture.
i Rses ok s twocomolton -

and each comolutonal ayer i followed by batch nor-
miraton and 3 ReL U Shoretpsscomocs s o of

ResNet-18 and 34 adopt the basi blocks. We use deaity
connections and 7ec0 padding for the shartcuts of the hasic
blocks (ipe A in [10] o avoid inceasing the number of
s of s vl o s
s ek ok conts of e sl
ol e The el e of e T nd o
oo e a1 1 1, whers (s of e <eond
35333, The shortcu pass of this block i the e 25
that f he hasic block. ResNete50, 101, 152, and 200 adop
e botleneck. We use enity comnections xcept fr those
that are wsed for increasing dimensions (e B in ||

33, Implementation
“Training. We use sochastic sradient descent with momen:
fum 10 tein the aetworks and randomly senerae traning
samples from videos in tsning et in onde (o perform
Gata augmentation. Fis, we selct a e

frames, thea we loap it a5 many times as necessary. Next,
we candomly seect a spatis) position fom the 4 orners of
the cente. In sdion 1o th spatal positon, we also select
aspatal sl of the sample inorder to perform muli-scale
cooppn. T rocate s b he s s 2. The
sl i selected fro
st he sampl il ahd i e e e s e shor

Scale | means

archiectues, bt there are differences i the convoluion,
batch normlization, nd ReLU order. I ResNet, each
comoltona! e s aoned ty bk ezt o

Whereas each hatch normalization of e pre-
aivation Rt Dl by he RLU s comol
tional he block 0

s half thesize of he shor side length. The sample aspect
st e sl o raly oped e
posiions, scale, and aspect rato. We spatally esize the
e 125 112t The st of e e 3
chanels 16 frames x 112 pixels x 112 ixels. and each
el

it ot 5 5 oot 133 2 s Pl s w1 s s af o e o

T3 ma o byer (e 3 e e o

ol mmorts o down . 1 o o ey

when being trained on & dataset, that datset is too small
10 be used for taining deep 3D CNN from scrach. See
Section 4.1 for detils,
e e ottt s et e
et e Kiis Gt could i s 30
n ot of s s o dewie o e e
e ol hereloe, we irined 3D
Resen o Kints whi vaying o el dopth fom
15 10 200. 17 Kinetis can train very deep CNN, such
25 ResNer 152, which achiced the hest peronmace n
ResNets on InuageNet {11, we can be confident that they
avesulficent dta o cin 3D CANs. Therefoe, e esuls
Ofthis experiment ar expected 0 be very important forthe

Tt st o ot et e Bk

Tn their tudy, He et . showed it such pre ctivation

faclitates optmization in the waning and reduces over-

fiting 111, Tn this sudy, pre-activation ResNet-200 wes
1ed.

“The WRN srchitecture is the same as the ResNet bot
eneck),but there are diffrences n the numbes of feure

perform can subracton, which means tht e subiracthe
mean vales of ActvityNet from the ssmple fr each color
chanel. Al genrated sampls etz the same class labels
as thir original videos

1o our aining. we use cross2atropy losses and back-
propasate telr erdients. The tcaaing parauseters nclude
a weight decay of 0.001 and 0 for momentum. When
{raaing the networks from scrtch, we siart from learning

Model Block

ResNer

[CETI
AN s
o 152.200) Portenesk

P st

ResNerzog e

WRNSD Botlenesk

RNeXLI0] ResNeXt

DeneNet

(o P

bl erage poo

ayer
ber of fature maps rater than the number of eyers. Such
‘wide achiteture ar eficient i pacalel computing using
(GPUS 1] I this sty we evaluate the WRN-50 using
wideaing Rctorof .

fte0.]

e prniag ine tuning, we start o i e

QF0.001, and assign  weight decay of

m-gmnm We adopt the liding window manner 0 gen
i

ResNeX1 i 2 dilren
mension from deeper and wider. Unlike the origiaal

ayer sroups i the botleneck block, Ln telr sty Xie et

6frame clips). and recognize actions n videos using the
e networks. Bach clp is spataly cropped around «
cene gt s e Woden e cch ol o o
networks and esimate he clip class scores, whic

e o ek of B e, Tie ks o e

Seo Section 4. for deai.

Inanothersudy, Varol el showed that

e e e and e sl s ¢ popol s
Hawerer,a recen consensus has emerged thatindleaies that
they are imply not lasge enough fo training decp CNN:
o ol

upleofyears e the shovementioned datasetswere
vmmduwd lngr vido s wor produce. These

st th ey of R 200 was st e same s
o152 his sl i e o of
KNt 00 saried 10 vt el he e are
similr o e or 51 et on mogeNer 111, Mre
pecifcall, he accuracis of both 2D and 3D ResNets -
o e e sl i e
T2 and ot s when e
0 the depts o 20. These resuls ndicate it he Kinet.
e e i cent drs ot 3D NN i mannee
il to ImageNet.

, Compacsons with ot ahiecues s shown 1 T
. it can be seen th the accuracies of pre-

Figure &
il vl

i, The averge uraon of cich o s o
ends. Three trainfest pits (108 3. ting)

Tigure 4 shows the raning snd

tion losses of

are provided i this datast.
AN (113 v sapies e 200

valldation losses on UCK-101, HIVIDB-51, and Activity Net
quickly comerged o high valuss and were clearly igh

Clssand 141 sctiviy nstances pe video. Uik te other

used for valdaton, and 25

e o st
“Th Kinetios dtaset b 400 uman acton cases, and
o f v i A oo o s o
aporally trimmed and lst acouad 10 séconds. The
ol s of th videos s I ks of 300000
s of i, alaton, s s s e ot
000, 20,000, a5d 40,000, sl
The vy propetes of e
L N vidoo wer xracid rom YoudTube, et o
VD51, whieh nclodes videos xmced o vk,
e v ncle dyranic bckgoundand canes -

exchyi 1MDB-
Shamd A NeLar 01, 102,04 2%, el

cate thatoverfiting esulied when the tining on those the
datasets. I aiton 1 those osse, we confirmed per<l

ih s it fo hlp et o

the standard ResNet-200 though e et al. reporied that he
presctvaion e e nd snproves 2D RosNer
200 on ImageNet 1111, We ca tlso see hat the WS
achieved higher accuracis when compared withihe ResNet
152, which i simila o the resuls o ImageNet 11, This
sl s suppors it Kinetics i suflcient frge

Inaining of 3D CNNs hecane the nummber of pur
WRN-50 is Jarger than the ResNet-152. Furthecmore,

Tk 2 s e K v . e
[ p————

Method Topl Tops Awraze

s2 1 66l
sy 70
81
59
44
ResNet 200 .
ResNet 200 (preact)
Wide Reser. 853
ResNeXt-101 857
DeaseNet- 121 57 819
DeaseNet-201 63 s

Tae 3 Aceuracis on the Kineis st set. Average s cragod
1ad Tp-5_H G

expunding the temporal length of nputsfor C3D improves

recognition performence [, Those authors lso found

g ot fows ot 0D CAO e 8

s ef efemare tncanbe ot R

s ot e efmanes s o o

combining RGB and optcal flows, Meanwhil, Kay et 4l
3D

uning of
Ko et 30 s UCF 101 o N5

32. Network architeetures

orks
previous studie that examined only limied 3D ResNet at-
ehitctures 9,241,

.
Is more effctve than using wider or deeper ones 1] In
his study, we evaluate ResNeXt101 using the cardinality
orn,

DenseNet makes connections from ly lyees to later

Wwachieve goud performanceevels on smal datsets, we e

peet that the deep 3D ResNetsprtined on Kinetcs would

Dot sl o sty sl UCT- 0] d DR

“This experiment cxamines Whether the transie visal ep-

ety dnp D CAN o e don 0
See Section .3 lor deals,

Tale 8¢ Top | accurcies o0 UCT: 101 and FIMDB 51, Al
i e aersged v e Spi

T : Top 1 acctracies on UCF 101 TIMDB 51 comares
e st of et s, AL e e et
e s «

Method UCT-101 HMDD-S1

ResNet 18 cruch) 424 i
64
01

191 DB 1. Hore .o et Kintis

1t shovid be note

ed
S a0 ot of prvions s woul 0w e

video accu

acles. Howerer,since
‘compared with arler methods [,
that I s difcul 1o tain deep 3D CNNs from scratch on

very low even
ur resuls indicate

F-101. HMDB-S1. nd ActiviryNer.
wiras, the training and validaion losses o Kinctics

aresgnificantly diffrent than those on other atasers. Since
e vldtin s ere ity e dun i Ging
losses, we could concude that rining ResNelo1S or

e can see that ResNeXi-101 achieve the bes accuracies  and i
hat seen om0, mans [ — Tl Tops Averge
fo the 3D ResNets n Kineties, I ————————————— T~ "
ot s of b Do 121 s0d 0 were | RENEXLI0] s
Themajoralvin- ResNeXt-101 (646) - - ma
{age provide by dense connections s acameer sfcleney, - ————————————
ey CNNALSTM[14] S0 10 60
e TwoscamONNIIG] 610 K13 712
Table 3 shows the resuls of the Kinetcs test sec wed  C3DW/BN[16] s61 705 618
10 compare ResNeXI-101, which achieved he highes - RGB-I3D[1] 64 w0 782
curis, wih e s f e thods. i i e

the sccuracies of ResNeXt101 ace clealy bigh
ottt CID s e s {1 ahich
15 10 ayer network,as well a5 CNN-LSTM and two sieam
NN [16], “This rsult also indicates th effeciveness of

D CNN:. i

deeper Kineic. o conts. KGB-
T

further 30 CNNs on Kinsic,

[
W esized the video o heights of 240 pixls without
chnging their aspect rato and then sored h

4. Results and di
4.1, Analyses of raining on each dataset

n by training ResNet 1§ on each dataet, Ac
crlg 1 previos wors 1 141, 3D CNNS rued on
UCE-101, HMDR-S1, and ActivityNet do not schiee igh
aceuricy whereas ones wined on Kinetics work well W
rid 10 teproduce such resultsin this experiaen. I this
process, we used split 1 of UCE-101 and 1IMDB 51, and

could be wsed o train ResNet-18 w
et exanined doer Rosen i he Kinees rning
ot lion et

4.2. Analyses of deeper networks

St he dmemenioned xeriven e i
neriting, we

e il shony Resets acuracis chnges ised

orement of e compaedvih Kt 1, wtch

was the previously

perform ResNeXi-101 even mum“mx‘ 100 isadesper
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Can Spatiotemporal 3D CNNs Retrace the History of 2D CNNs and ImageNet?
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Abstract

The purpose of this study is to determine whether current
video datasets have sufficient data for training very deep
convolutional neural networks (CNNs) with spatio-temporal
three-dimensional (3D) kernels. Recently, the performance
levels of 3D CNNs in the field of action recognition have
improved significantly. However, to date, conventional re-
search has only explored relatively shallow 3D architectures.
We examine the architectures of various 3D CNNs from rel-
atively shallow to very deep ones on current video datasets.
Based on the results of those experiments, the following con-
clusions could be obtained: (i) ResNet-18 training resulted
in significant overfitting for UCF-101, HMDB-51, and Ac-
tivityNet but not for Kinetics. (ii) The Kinetics dataset has
sufficient data for training of deep 3D CNNs, and enables
training of up to 152 ResNets layers, interestingly similar
to 2D ResNets on ImageNet. ResNeXt-101 achieved 78.4%
average accuracy on the Kinetics test set. (iii) Kinetics pre-
trained simple 3D architectures outperforms complex 2D ar-
chitectures, and the pretrained ResNeXt-101 achieved 94.5%
and 70.2% on UCF-101 and HMDB-51, respectively. The
use of 2D CNN trained on ImageNet has produced signif-
icant progress in various tasks in image. We believe that
using deep 3D CNNss together with Kinetics will retrace the
successful history of 2D CNNs and ImageNet, and stimu-
late advances in computer vision for videos. The codes and
pretrained models used in this study are publicly available .

1. Introduction

The use of large-scale datasets is extremely important
when using deep convolutional neural networks (CNNs),
which have massive parameter numbers, and the use of
CNNs in the field of computer vision has expanded signifi-
cantly in recent years. ImageNet [], which includes more
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Figure 1: Recent advances in computer vision for images (top)
and videos (bottom). The use of very deep 2D CNN trained on
ImageNet generates outstanding progress in image recognition as
well as in various other t; Can the use of 3D CNNis trained on
Kinetics generates similar progress in computer vision for videos?

1 UCK-101 [21] datasets arecur
1 in the feld of scton recogal-
o significant popuariy i the carty
il vsed as popular enchmarks.
B has conerge that ndicatesthat
enough for traning decp CNN

e shovermentioned datsets were
datsers were produced.
Pich contain 848 ours o video,

e Kt i st v
ipe1 0 T

bocanse such "
Spatio-emporal eatures from e videas. For exampl, J

et sandd o 30 O Tyl el
found hata 17

hllow s,

3. Experimental configuration
31 Summary

Inhis study, in onder t deermine whether cutent video
datasets e suficient data for tning of eep 3D CNs,

P 5,

o 3D CNN from s

R i b 1 s R .

e,

AV AV S G=21 7 VA OV

Rt ResNeothosc) Rt

e 1 Bk o s . W s o 8 e, e et of s e o e ot
cupe o maps i

e % and

NP ——]

i e concteion,

Table 15 Network At Eoch conoluionl lpe s lkavd by bich non

donsanpi s e o s,

o (1] and a ReLU [15]

Spato-tporal

1 and convS_L with a e of two,exeptfo DenseNe. st nunoer o feutre

achiecture.

A basic ResNets block consists of two consolutionl -
s, and each convolutional layer is follawed by batch nor-
malizarion and a ReLU. A shotcu pass cannaets the tp of
e block 0 the layer Justbefore the last ReL U n the blck.
ResNet-18 and 34 adopt the basi blocks. We use deaity
connections and 7ec0 padding for the shartcuts of the hasic
blocks (iype A in [10] o avoid increasing the number of
s of s vl o s

s ek ok conts of e sl

o T el e of e 1t nd
oo e a1 1 1, whers (s of e <eond
are 35353, The shortcut pas o this bk fs the same as
that f he hasic block. ResNete50, 101, 152, and 200 adop
e botleneck. We use identity connections xcept for tose
that are wsed for increasing dimensions (ipe T in 1]

33, Implementation
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Abstract

The purpose of this study is to determine whether current
video datasets have sufficient data for training very deep
convolutional neural networks (CNNs) with spatio-temporal
three-dimensional (3D) kernels. Recently, the performance
levels of 3D CNNs in the field of action recognition have
improved significantly. However, to date, conventional re-
search has only explored relatively shallow 3D architectures.
We examine the architectures of various 3D CNNs from rel-
atively shallow to very deep ones on current video datasets.
Based on the results of those experiments, the following con-
clusions could be obtained: (i) ResNet-18 training resulted
in significant overfitting for UCF-101, HMDB-51, and Ac-
tivityNet but not for Kinetics. (ii) The Kinetics dataset has
sufficient data for training of deep 3D CNNs, and enables
training of up to 152 ResNets layers, interestingly similar
to 2D ResNets on ImageNet. ResNeXt-101 achieved 78.4%
average accuracy on the Kinetics test set. (iii) Kinetics pre-
trained simple 3D architectures outperforms complex 2D ar-
chitectures, and the pretrained ResNeXt-101 achieved 94.5%
and 70.2% on UCF-101 and HMDB-51, respectively. The
use of 2D CNN trained on ImageNet has produced signif-
icant progress in various tasks in image. We believe that
using deep 3D CNNss together with Kinetics will retrace the
successful history of 2D CNNs and ImageNet, and stimu-
late advances in computer vision for videos. The codes and
pretrained models used in this study are publicly available .

1. Introduction
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Figure 1: Recent advances in computer vision for images (top)
and videos (bottom). The use of very deep 2D CNN trained on
ImageNet generates outstanding progress in image recognition as
well as in various other t; Can the use of 3D CNNis trained on
Kinetics generates similar progress in computer vision for videos?
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s, and each convolutional layer is follawed by batch nor-
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10 be used for taining deep 3D CNN from scrach. See
Section 4.1 for detils,

We then conducted a separae experiment fo determine
et e Kieis st cold i dspr 30 CANs

A main point of ths ial was to determine how deeply the
it cold i D CNNS. hecor, ve trned 3D
ResNets on Kinctcs whie varying the model depth fom
15 10 200,

ResNets on ImageNet |
e sullicentdaa 0 in 3D CANs. Therefore,
Ofthis experiment ar expected 0 be very important forthe

Tt st o ot et e Bk

Tn their tudy, He et . showed it such pre ctivation

faclitates optmization in the waning and reduces over-

fiting 111, Tn this sudy, pre-activation ResNet-200 wes
1ed.

perform can subracton, which means tht e subiracthe
mean vales of ActvityNet from the ssmple fr each color
channel. Al genrated sampls etz th same class labels
as thir original videos

1o our aining. we use cross2atropy losses and back-
propasate telr erdients. The tcaaing parauseters nclude
a weight decay of 0.001 and 0 for momentum. When
{raaing the networks from scrtch, we siart from learning
te .1, and divide it by 10 afler the validaion Loss sturtes.
e rkenig o o, ve s o g e
QF0.001, and assign  weight decay of
Recugaition. We ot the lding window manner 0 gen

s,

ondx oo comx o5 x he WRN arciecture is the same s he ResNet (b
Vot Dok coml ot
T T ¥ — e, b e e s i e e f
e - . 5 R e of e o atber e muntr f ler. Such
[T o B ey ‘wid archiectures e efcent n arall ompuia using
Reder(sn, . . ) GPUS 1) Inhis study. we evaste the WRN 50 using 3.
1, 152,200) Porensk 1 =0 ;e widening fictorof .
bt o ow ) ResNext which s & different i
Rt P B e e s mension trom deeper and wider. Ualike the orinl bt
WRNSO Botteneck w4 s 6 w3 ek bl e R Ne ks goup o
ReNKL101 ResNeXt eooa s % e s ons, whih divide te esture maps nto smll oups,
. s Cainay i 10 he e of e comvloton
Doehy Do o s s QR e o s o et b I et a0y i

6frame clips). and recognize actions n videos using the
e networks. Bach clp is spataly cropped around «
cene gt s e Woden e cch ol o o
networks and esante the clip elass scores, which

e o ek of B e, Tie ks it hos the
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performance level. In another sudy. Varoletal. showed that
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32. Network architeetures

can facilitate the teaining of very deep neworks. Unlike
previous studie that examined only limied 3D ResNet at-
ehitctures 9,241,

Is more effctve than using wider or deeper ones 1] In
his study, we evaluate ResNeXt101 using the cardinality
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DenseNet makes connections from ly lyees to later
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image classification performance by adding increased depth
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representation. Using such feature representation, in turn,
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Abstract

The purpose of thissudy s to determine whether current

improved signiicanly. However,to date, conventional re-
search has nly explored elasvlyshallow 3Darchiecures.
We examine the architctures of various 3D CNN from rel-

wt video dutases

atively shallow i very deep ones on curren

Based onshe resuts ofhose experimens,the ollowing con-
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in significant ovefting for UCF-101, HMDB.S1, and Ac-
tivityet hut ot for Kinescs. (i) The Kinetics dataset has
suffcient data or trainin of deep 3 CNNs, and enables
naining of up 10 152 ResNets layers, interestingl similar
020> ResNets on IageNe. ResNeXG- 101 achieved 784%
average accuracy om the Kinetcs et se. (i) Kinetics pre-
ranedsngle Dardicenre o conler2Der
chiectures,and Ined ResNeX'-10] achiered 94.5%
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cant progress in various tasks

g dey 3D CANo cgther with Kinss il e
successful hisiory of 2 CNNs and ImageNet, and stin
are advances in compurer visionfor videos. The codes and
premained models sed in his suds are publicly available .

1. Introduction

The use of arge-sca daases is extemely important
when using deep consolutional neural networks (CNN),

which have massive parameter aumbers, and the s o
NN in the ied of computer vision has expanded
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ik o e et o i i o 3D N
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Cartica 1 2. proposed inception [22] based 3D CNN:

performance (7], More recently. some works ntroduced

we peroried 4 using these ecent
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Yol (1] ke P o, A e
are larger than Kinetcs, their annotatons are
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er video sks
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T his sy, we examine various 3D CNN archiectures
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2. Related Work
2.1. Video Datasets
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3. Experimental configuration
31 Summary
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we candomly seect a spatis) position fom the 4 orners of
the cente. In sdion 1o th spatal positon, we also select
aspatal sl of the sample inorder to perform muli-scale
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avesulficent dta o cin 3D CANs. Therefoe, e esuls
Ofthis experiment ar expected 0 be very important forthe

Tt st o ot et e Bk

Tn their tudy, He et . showed it such pre ctivation

faclitates optmization in the waning and reduces over-

fiting 111, Tn this sudy, pre-activation ResNet-200 wes
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mean vales of ActvityNet from the ssmple fr each color
channel. Al genrated sampls etz th same class labels
as thir original videos

1o our aining. we use cross2atropy losses and back-
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a weight decay of 0.001 and 0 for momentum. When
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32. Network architeetures
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.
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his study, we evaluate ResNeXt101 using the cardinality
orn,

DenseNet makes connections from ly lyees to later

Wwachieve goud performanceevels on smal datsets, we e
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th pe-actvaton used in pr-activation ResNess. In thelr
sy, Huang e al. showed tha it zchicwes hrir accuracy

frames.
vido s T, The s il 5k
g 30% tsting) are provided inthe dataer

L a— Serah Tnthe lascouple ofyears, ActiiNet [, which  thoe daivets, we perored seeral xperiments i at unmmuwa lrger video dasets were prodced. These So Secon 73 ot doals. e conaect ok i owr g ha sk 1 n sy weHMD1 s 616 ke o 3 man acion
e Net [ g later lay wers,they evaluate DenseNet-121 and 201 using a growth rae of 2. classes. Sinvilar 10 UCF-101, the videas were temparally
et the acuricy of ResNet:200 was st the same af] el 2 Aceurucis on e Kinctcs lidaion st Avenge s eferences. 151 A Karpety, G, Totric,S. Sy, T Loung . Subantar,
) ) e e B 505 it T s n UCT 01 1 TINDR 51, Saon T 5 T s o U 101 D0 51 comar R VA T
= o ResNer 152 Ths et ittt i o i e el e e it et et e aencione S S e e, o mm‘,‘,;m,‘,x:;‘f‘,”;m"‘” e i o
A eset 200 sarted 10 cvertt. Inter T I S awe— e s B Vet 5 Ve, Vo 534 et e ,
i St 0t o 20 Rt on Iugeke 111 Nor = op 1 Tops Avrsee i i nd ot VP,
. EEAN e e acrrsetsof it Metod Torl Tops v Nothod UCT-I0r HMDBST “';‘ I fokitisa e
LIS roved s the epih fnreased unil reach ResNet-18 s42 1 en NS 4 1 + UCE10T_ HMDRS1 A cpots ey 1K) e K smy e s 1
Hi 152, then the aceuraces did not ncrse ResNet-34 w018 10 . ResNeX1-101 w07 634 X e L "K”,m.‘,.ﬁ‘,w)‘ff‘;w:;
| ng the depths of 200. These results Indicate e Ko ResNet-50 613 w1 M2 64 ResNeX0101 (540) s 02 JEEE: Confernce an Comptar Viion and Puen Recogni .W i
— e dataed s iicintdta o i 3D CNNs inamanner ] ResNet 101 @5 mo  ma 591 s VPR, s 4724 4130, 201
b = il to ImageNet. G0 84 7 b o w3 - V31 . Camis i A Zisrin, Quo s 500 ISOS0 17 . Kuchos, H.Jnang, E. Gasro. T Pogel, and . See
) UCE-101 tsplt 1. (6] HMDB-S1 (it 1. 0 ActivitNet. (@ Kinetics  Compacsons with ot ahiecues s shown 1 T ResNet200 P a1l e i Proceedings ofthe sermationsl Conerenceon Computer
K o D 5 . it can be seen th the accuracies of pre-| e ed RE P ToswamBDI 3D 980 K7 [ 5L K L a1 Fei et e e S eas o Compu
e & s L1005 51  comer et 200 (re ¢ A L el Rl . Dubs. 1
s , et 20 ey 620 T ONGT B w0 4 D Nt 6 S s e
2 , 3 iy i he sandind Res\et 200 hough e . eported tat he Wi ResNets0 641 2 > it ot et 10 Proedig of A i
D Reset Resaeton ey e - ! e ) vonal Cofrnc o Mchin Lamig. s S0 314
200 on ImageNet | 11]. We can aiso see tha the WI DeseNen 121 STMuliglier Net [1] 2D 942 689 s, Activiy me\r.‘mmmmwwm, E !
rimm he average duraion of cach video s sbout 3 sec-. igure 4 shows the Iraining an tion losses of S 2 2i 9: man activiy “m-m unm In Proceedings of h 1191 £ Q. . Yao, and 1. el “‘"“““ ‘V“‘“’ emporal repre-
ol T s ool T § o s i rd st o of Dt o SN R o L e
onds. Three rainiest splis (70 A 300 testing e, 1 _— e Y of the Internatianal Confercnce on Co M‘rVrmnyFﬂ;
e provided in i et vt lovesan UCK- 101, IMDE 31, Actiy et o T [ et Foy
s i o 30 oy i e st i T e e [l e e B e
WRNCS0 1 e than the RSNt 152, Futhemore,f| - ceuiy v T T o, s o . [ 000 e e et ™ 3D areiecturs et on Kinee, achieved o best il :';;’m'“":”mmfﬂ"‘zﬂ i ot o o fcognien v, 1 Poedng
S L‘wf,» b e LD G e LIRSS | RS e s e
s, AciiyNet comsss of e vidos, Whih  datasls. I o 1 o ke, we contirmed peri n e o 25 0 imple 3D asitcntes preced on Kinetles ouertorss 7 & bt & o s i S, w56 ST 2014, 2.,
I nom i i e T Tty ot T e[ s by mprowd e h e e W bl bt et T ST o) S ot T M S U0 0
houes, and e toal aumber of cton nstances s 25105, ach video HMDE- for e 3D Reses on Kinses, nff ——— it o Kinetics, Homewt 0 L3 CNNn iy grows and contriun o sigicn AT oo e S s e s
i vt s oy i oo e e s 1 Aty ., 62 26 sty s o e Do oy werel] Rovexcton 745 . P Rt oy SRV 21 2012 s
g, vlduion, et Mor sl % s 1 o o e Themagoravn- | ResNeXt101 (640 S - " o i Comeon 21 Sy ¥ S Kt i
5 e T valldon,and 230 s suls and o of previons sdles would b unf b age provide by dense connection 5 prameter effency f oo Conclu wm-mwwwww i in Vi e o
mm“ i et B S0 0 o PG G s AL | i b G
The Kineric rsdauxl has 400 human action classes, and racles. However, siace. very low even aDcr “Two-stream CNN [16] 610 813 T2 In this suudy, we examined the archilectures of various e Recoiion (CVP) pases e 19,2015, 1
i S o 191 K o, . Koo .S, Lesag - epor .
consm»ulmo”lcﬂmﬂnﬂ;:hrcac\:‘cllg Theviteos comprd it s motos 1, our s e Table * shows the resuls of the Kinetcs est st wedf] €D W/BN [14] 1 5 a8 NN with sy el 30 PRIEPON s . Bounder R Fergn, L T 450 b
porally trimmed and last around 10 seconds. The  that It s difcul to i deep 3D CNNs from seratch on ResNeX1-101, which achieved the highest ac- ] RGBI3D [ 2 . " Gestur,and
" d ; 10 compire ResNeXI-T0, which chived he ighe sc 8] o4 s0 782 rimens the follaving conclusons could be obiined: i it o 8 ot o
total number of th videos s i excess of 300000, The  UCF-101, HMDB-S1. and ActiiyNet. vt o e et e tsiell e e o sos RENer 20 ok e sl T IO 51 v ough | o e 5 bl corces B ecion 0173 o e beematnt Cofren
s e, o, s St bl n o e o oseson i Y200 0 0 K
000, 20,000, e 40,000, speciely sty s o s, S o e L —— 2.0 2 ST gt st 0ot 8 Kinics UCE-101, HIMDB-51, and K o 1241 D T R S, Coen . e, Comoct
he video propertes of all these he validation losses were slightly higher than the trainig o wih 3 i b sl R i The Kiocs datdse s suffcient data for m,,,m
The video propst H‘ s i he validaion oskes wee lghly ighe han e waining 1510 g netvor, s el CNN-LTM and o seam . . . i e it e e e N TOSCR, 203 8
L Mo v e et from ouTie, e o s, we ot contde . o RNt 15 o Ko Lares it ResNeX-101 ke e pronements sl v v g T T TS 2
. Mot it v et I s o S CNNTTCL T sl o s the s of s I RSN e s s oo b e o e 2 Ronl e[| 000 et e b S e
T s e s b and s - S o deeper Kinetics. In contrast. RGB- nenworks. The performance difference. however, is smaller it Kinetics pretrained simple 3 architcturesoutperform I il sevas. I Procedigs of e Ewoper o ol 33;‘”“; on, econaiion. ki preprins
further 3D CNN on Kinetics. ] were found 1o out- 4.3. Analyses of fine-tuning than that of Kinetics. I is considered likely t'l-“ lhl\ﬂiﬂ" complex 2D architectures on UCE-101 and IMDB-51, and. s ;Z' . e [26] H Wang, A. Kiisee,C. Schmid. and C-L. Lin, Dease tmfec-
o e et RNeX. 01 o hgh RN 101 o s e hesesaf g, e ton compae e 1 et R 0 st m 70750001y e 0 s b iy e b Sy
e e 1 240 il wihow 2 Amalyses o deeper networks entecre 3D, On f h s o S 5 h e Finally, 1 s scion e com e perorance of sl oma 151 s o et [ eiaenned RN 101 eved 2 Mo 2 L L it od . . Moo e
changing theiraspect atos and then sored them, St he dmemenioned xeriven e i e of e nemork oot Sy . k - of the IBEE Confernce on Computer Viion ond Patern wm 3
could be wsed w train ResNet-18 wi nerlitting, we. of 1D is that of X datasets. Howeer, the DenseNet-121 resulis were lower - ther advances ir Fol- spes 47004708, 2017. 2, 4,5,7 Y. Qiao, and X. Tang. Action recopaition with
4 Resulis and discussion ok b s 1 i Rl 11 il orfing, we T ek X 12 T 155 1 1 s e e, et i e i i s wade | 151 S o 4t S B et Aokt ,mmmmm ot e
P han ResNeX1-L01, To confiem the sceuricies When wing by 2 CNNwand gt e 20 O o et ey g o 1 et o e I G on ot Vi nd
41 Amalyses of training on exch dataset o R —— Ve iputs, e aso valated the ResNEX'-101 that 1 s I s s copron il i i g v**s\‘;i“g"‘: s
we will show ResNets accuracies changes hased 1" M " Learning. pages 445456, 2015. 4 122 Vang. Y. Xiong, Z Wang, nd Y. Qiso. Towards good
1 by trining ResNet 15 on ach detnet, A o ol e, e 3 hon e s e he et methods n Tble:. Here, e can st KesNeXt- s objctdtetion semanie egmention,and image cap ], L3 o 41456 2015 ¢ L
cortlg 1 previous works 1 11 3D CNNS et an vt (0.1 a0 13 anes. e ca s th. el a5 in our envionment (NVIDIA TITAN X x §). We cn see 101 schievd hiher «ccumemmpwa it 30 12, [l donin. 1 el . imlr o those 3D CNNs a0 Kinet- s s Ty ST 205
UCK-T0T, HMDDB-S1, and ActivityNet do notachieve high  the depth increased, accuracies improved, and tht the fm- that the network, referred as ResNeXt 101 (641) in Table: eriment, e tuning as nly performed 0 i coms X 3D 119 v seam CNN 1201, 4 TDD 127, Furter e SO, o Yo7 .50 T
accurscy whereas ones e on Kinetcs work well. We  provements continued until esching the depth of 152. We. uspertorod RGB-I3D even though the input size is sl - and the fully connected ayer because 1t achieved the best o i s viize Y N e S s o oo
e apronee uen s e skperimant T he Lt Ceaper e 153 chevedsoncan four times smler than that of 13D. We that performance during the prelimiaary experiments. Tages ot descriod . previous ection, el o sz, il o esation. oo
. et D Ut ) o I €SI Tl | s s of K e S0 e 5 o N1 TN ) w\nch\mhn ok we il st ransier i ot only
o, Ve el o UCE 101 DI T snd v s o i R 1, i
o Do s of At et e o R T additon, it is fet that combining two-sieam achitee-  CNNs.as well s ResNeto18 cained from scrach.in UCF- o complex two-sream architctures, oo o bt ot o s




HzxRDd (R

N> &
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Abstract

The purpose of thissudy s to determine whether current

improved signiicanly. However,to date, conventional re-
search has nly explored elasvlyshallow 3Darchiecures.
We examine the architctures of various 3D CNN from rel-
atively shallow i very deep ones on current video datases
Based onshe resuts ofhose experimens,the ollowing con-

o)™

wow

Kt

[oom

>
J
o ?

in significant ovefting for UCF.101, HMDB.S1, and Ac
tivityet hut ot for Kinescs. (i) The Kinetics dataset has
suffcient data or trainin of deep 3 CNNs, and enables
naining of up 10 152 ResNets layers, interestingl similar
020> ResNets on IageNe. ResNeXG- 101 achieved 784%
average accuracy om the Kinetcs et se. (i) Kinetics pre-
et syl Doy ool 2D
chiectures,and Ined ResNeX'-10] achiered 94.5%
P Ty ——

cant progress in various tasks
g dey 3D CANo cgther with Kinss il e
successful hisiory of 2 CNNs and ImageNet, and stin
are advances in compurer visionfor videos. The codes and
premained models sed in his suds are publicly available .

1. Introduction

The use of arge-sca daases is extemely important
when using deep consolutional neural networks (CNN),
which have massive parameter aumbers, and the e of
CNNs in the fied of computer vision has expanded sgnif-
cantly in ecent years. nigeNet 1], which ncludes more
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Abstract

The purpose of thissudy s to determine whether current

levels of 3D CNNs in she fed of
improved significanl. Howerer, to do
search has nly explored elasvlyshallow 3Darchiecures.
We examine the architctures of various 3D CNN from rel-
atively shallow i very deep ones on current video datases
Based onshe resuts ofhose experimens,the ollowing con-
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in significant ovefting for UCF.101, HMDB.S1, and Ac
tivityet hut ot for Kinescs. (i) The Kinetics dataset has
suffcient data or trainin of deep 3 CNNs, and enables
naining of up 10 152 ResNets layers, interestingl similar
020> ResNets on IageNe. ResNeXG- 101 achieved 784%

werage accuracy o the Kinetcs st se. (i) Kinetics pre-
rained simple 3D archiccturesouperforms complex 2Dar
chiectures, andhe pretruined ResNeXt-101 achiered 94 5%
and 70.2% on UCF-101 and HMDB.S1, respectivel. The

fcans progress in various asks
using deep 3D CNNs ogether with Kineics will rerace the

premained models sed in his suds are publicly available .

1. Introduction

The use of arge-sca daases is extemely important
when using deep consolutional neural networks (CNN),
which have massive parameter aumbers, and the e of
CNNs in the fied of computer vision has expanded sgnif-
cantly in ecent years. nigeNet 1], which ncludes more
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Can Spatiotemporal 3D CNNs Retrace the History of 2D CNNs and ImageNet?
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Abstract

The purpose of thissudy s to determine whether current

levels of 3D CNNs in she fed of
improved significanl. Howerer, to do
search has nly explored elasvlyshallow 3Darchiecures.
We examine the architctures of various 3D CNN from rel-
atively shallow i very deep ones on current video datases
Based onshe resuts ofhose experimens,the ollowing con-
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in significant ovefting for UCF.101, HMDB.S1, and Ac
tivityet hut ot for Kinescs. (i) The Kinetics dataset has
suffcient data or trainin of deep 3 CNNs, and enables
naining of up 10 152 ResNets layers, interestingl similar
020> ResNets on IageNe. ResNeXG- 101 achieved 784%

werage accuracy o the Kinetcs st se. (i) Kinetics pre-
rained simple 3D archiccturesouperforms complex 2Dar
chiectures, andhe pretruined ResNeXt-101 achiered 94 5%
and 70.2% on UCF-101 and HMDB.S1, respectivel. The

fcans progress in various asks
using deep 3D CNNs ogether with Kineics will rerace the

premained models sed in his suds are publicly available .

1. Introduction
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when using deep consolutional neural networks (CNN),
which have massive parameter aumbers, and the e of
CNNs in the fied of computer vision has expanded sgnif-
cantly in ecent years. nigeNet 1], which ncludes more

bty con Kenshaaca/ 33 Sastats PyTorch

—um

6 UCE-101 Gpl 1. ) HMDB 5p 1)

i - e s ompcr i s (o)
and videos (btom). The v of vy deep 2D CNNs e on
I gt asanin s g i

in variousofcrtass. Canthe e of 3 CNNs e on
Kines snrls Sl g compaer vison for s

han & millon images, has contrbuted substanialy o the
o of st v bsd s, Ty i

such largescale datasets, o e number ul’«\gumhw\
oo et e 1], b b e 0

i somewhat lager video dataset, s becore avlble,
and it e has ke it possble 0 accomplish aditionsl

st s gy vt 1 postion ey e
inlton o insge et Mo s 30K v e

ol oo K ot hich st e
e f i Gt s bt st e
datsers.

=
nff

Wi RNULIRA L

el ) comolon s GD CN e
aly more it wo-dinensions] (D)
ero i From e e a0 L1 D CuR 2
explored 10 provide an effective ool for aceurate action
recogaiton. - Haweer, even the usage of well-rzanized
models [23, 25] hs faled 10 overcom the advantages of
2D-based CNNs tht combine both stacked flow and RGE
Images |01 The priary reason fo ths fllure s been the
elatvely simall data-scale of video datases that are aval-
an e s of praners o
o much gt han e
NNecunony e ranodonviden
it vum« can e e n I
Recer eved a g

H
fon
i
2

. acuracies o 3D ResNets ver -1 -5
MlheKMelk«quanm<er Acsuracy v improne s etwors
deps mtornents ot il i b

icuding 28Ot ActviyNetaboprods
ome addi

e Kt Gt et compastle vl e i of
I

k.t e merof o e s il on the
2017)

ko e et i i o 3D N

el even thoughthe esuls
DO o T DS
NS sl In il anoer sy,

performance (1]

sttt i 3D CNN [, 1. ey they

we peroried 4 using these ecent

. el o UCE- 11 s FMDD S
Other huge datasers such s SporteIM [15] and

YouTube-SME (1] have been proposed. ~ Alihough these

ol o target actons,) Such noie and the presence of
ot ot i e ot 1 e s e
I adition, with file 725 in

o T e o me s
o R 15 T et e i 2 s o
InageNet [ 0]

s thei fine-tuning. The resuls of those xpriments (e
Seoton & for deal) s e s Gt can i
30 ReNec52 from srach 0 et i s o

Reaketson e,

.
hant o vig e K a5
e inltion of 2D Kernes pretraiped o1 ImageNet ico 3D

»
Shoven in Figure 2. Based on those resuls, we will dscuss

et
ones 2], Thus, we now e the hencfitof  sophisticated

other video ks

Howerer,can 3

sty of
N TNt v ety o o o

3D
. oo s v s 20 O

i action ecogniton and cher varous asks? (See botom
Ao in Figure 1) To achiowe such progress, we consider
At Kinetis for 3D NN shoukd be s brge scale s e

01 lowerer, it
I ot vl 0 show depe 3D CNNG e e edcn

e previous studie because the datascaleofimage datusts
s Tom it of v ot The s of s sy,

eNetfor 2DCNN;
cics, Comsentonil 3D CNN

10 CNNs, and the use of very dep CNNs trained on T
st e Ftied e ssition of e e

don. Using such feaure cpresentaton, n 1
gy e e prkwnance of e mm

archiectres cined on Kmem el el slox
(0111 I, w35, 4l by, g e Kt
datase enables very deep 3D CNNs il 4 lvel i

nmageNet, which can in 152 layer 2D CNNs [

Vi

mage captioniag (see op ron in Figure 1)

T his sy, we examine various 3D CNN archiectures

Tod

101, HMDB.S51, and

o e, Reprsnth i dts, ch U
1011 TandHMDI-S1 111, canbused o rovkh st

deos it S eound 10K, bt hough ey e sl
L i Ptk Skh s e OO 0
il e o optiming CAN rpenition o
el Tnhe st coupl f s ANt [, whih

o) AciviyNet.

s

101 MDD 51

ActvityNet) in onder o provide us nsights fo answering
e above quesion CNN architectures ested in
i sy e bied o sl ety R 10
and thei extended versions | 1] beceuse they
e sl and llcve srucaes. Accordnly, sng
those datasets, we performed several experiments ined at

sl 0 [ B, theit scales are simply foo large 10 allow
e to be uilized easil. Because o tese ssues, we will
e o s e et o Sty

22. Action Recogn
One o the portar s o Y- st
ecogaiion s the use of ta-sican CNNs with 2D con-
olone el T hi sy, oy propned
i 1t s G stk k) o e
 and motion inormtion b [20],
v i combin e o e o e i
ity 1o improve action ecognition accuracy.  Since that
45, s s b o e
i e proposd 1 imprve acon cognion e

jon Approaches

mance [0,

Unlike the sbovementioned spprosches, we focused on
‘NN with 3D comvolutonal Kernels, which hive recenty
begun ooupertorm 2D CNNs through the seof arge scale
viden darasrs. These 3D CNNs are inuiisely ofective

videos.

2. Related Work
2.1. Video Datasets

e HMDB-S1 [17] nd UCE-101 |21 datasets are cur
fcty the ot sl n e feld of cton ol

bocanse such "
Spatio-emporal eatures from e videas. For exampl, J

st 5] Since hat sy, C3D has been seen as
w ﬂ:va sadar fr 3D O Thy b axperimenaly

Hallow ones,

3. Experimental configuration
31 Summary

1o i sudy. i onder o deeemipe wheber curent video
st e suticient i o tmining of eep 3D CNs,
B T
ing UCE-101 211, HMDBS1 117 e [, and
K111 s cmad e g o iy
sl 0 CONs s on i s, A
coning 1o pevious woks 1. 1], 3D CNNs traned on
Ul 1D 1 an At do ot s i
sccuracywheres one aned o Kietics work vell Welry
0 rprdice such e

e suficent datafor deep 3 CNNs.
e RNt 1, hich i e llowes et e
e,

s 0 el whlr e s

Specifcll

Rt ResNeothosc) Rt

e % and

e 1 Bk o s . W s o 8 e, e et of s e o e ot
cupe o maps i

NP ——]

i e concteion,

bl 11 Network Arhietres. Esch convlutionsl Ly s llavd by b normaliztion |
_1 and conS_L with a srice of two,exceptfor DenseNet. st e

donsanpi s e o s,

g RAL 1] St
ot

mad?

achiecture.
i Rses ok s twocomolton -
and each comolutonal ayer i followed by batch nor-
iraton a3 ReL . A shorct pocs comes e o o

ResNet18 and 34 adopt the
Coneeons and e i o e shrcut o . s
locks (37 A1) o v g e uner of
o s el Sl v
et o et o s comot-

o T el e of e 1t nd
oo e a1 1 1, whers (s of e <eond

35333, The shortcu pass of this block i the e 25
that f he hasic block. ResNete50, 101, 152, and 200 adop
e botleneck. We use identity connections xcept for tose
that are wsed for increasing dimensions (ipe T in 1]

33, Implementation
“Training. We use sochastic sradient descent with momen:
e e et nd oy et it
vanples o ideos o i o n it o

Gata augmer select s temparal posion i
ke sl ing i e e 3

we candomly seect a spatis) position fom the 4 orners of
the cente. In sdion 1o th spatal positon, we also select
gl ot e el ool
cuopping. The Dmcemne used Is the same as 251, The
sl is seected fron Scale | means
st he sampl il ahd i e e e s e shor

archiectues, bt thre are diffrences i the convoltion,
batch normlization, nd ReLU order. I ResNet, each
comoltona! e s aoned ty bk ezt o

Whereas each hatch normalization of e pre-
aivation Rt Dl by he RLU s comol
tional e block 10

Il s e e s 1mcm e sample aspect
st e sl o raly oped e
st e, and gt i We sty e he
e 125 112t The st of e e 3
chanels 16 frames x 112 pixels x 112 ixels. and each

Wealso

it ot 5 5 oot 133 2 s Pl s w1 s s ot e com

<o, and

T3 ma o byer (e 3 e e o

ol mmorts o down . 1 o o ey

Tt st o ot et e Bk

Tn their tudy, He et . showed it such pre ctivation

faclitates optmization in the waning and reduces over-

fiting 111, Tn this sudy, pre-activation ResNet-200 wes
1ed.

eremmean lon whieh e bt b
e vl o Ayt o sl o cath colo
ool A e sample et e e 1
i ongiml i

o . e s s s and ok

e e raed on 1 dtset ht et B 0 sl PR — gy o The WRN sechitecture i the same s the Reset (b, ROPSE tei sients. The g parame
10 be used for taining deep 3D CNNS from scrach. See Vodel Dok coml = = = eck), b ther e diffiences i the number o e 3 VIS e of 00T and 09 for momentu,
Secton .1 et [ [ [ e ing th networks fom s, we it from eing
e o s s e ) o N s ey e of feture maps e then e mumberof s Such e ivide 1y A0l e validaon s satures
S @ o soe sy e i e e vt o K e
et e Kiis Gt could i s 30 (18.34) wide atchitectures are efcientin paralll computing USing 01 101 oG a weight decay of
ot o s e o ey Neclst, w o BB GPUS 1] n i udy. e el the WRN-50 using
friimriometple Therelore, we trained 3D 101,152,200 . 3 i) 2 widening factor of two, Recognition. We dop the »\nlmg»\wmw« manner o gen-
o .
Rt o KAl vl g 06 e g om0 I N Reskext s e o
15 10 200, 1 Kincis cin an wry deep CNNs, s Retzmo PR S0 moa s % s mensontrom ceeer and wider. Uil th orgnal V6frame clip. and ecogize atons i i usin e
25 Reser-I52, which achiewad he b peromarce i WRxS0 Bxtenck B s s+ s 6w s e boc, the ResNeXt block nroduces srop como 06 etvorks. Bch lip s spadlly croped arond
ResNets on ImageNet {11 we can be confident that they ResNX10] ResNeXt B3 s a se % a4 o, whic divide e fstur, maps i sl goups. S oston e . o an put sl i e
e sulicint aton SDCNNs Throre, e st o Cardaity rfrs t the mumbe of midde comoluonal  PWOrk and s the lip las o
o hssperinen e cxpsted o vy e RN et o osa oo s was G2 ew Ky e otlnck ok, I i sty Xiewr 600l e i of e i it

See Section 4.2 for details.

Inanothersudy, Varol el showed that

!
e e e and e sl s ¢ popol s
Hawerer,a recen consensus has emerged thatindleaies that
they are imply not lasge enough fo training decp CNN:
o ol

upleofyears e the shovementioned datasetswere
u.mmw lngr vido s wor produce. These

st th ey of R 200 was st e same s
o152 his sl i e o of
KNt 0 Saried 10 v Inresingl, e resil
simiar o e or 20 et on g 111 Nore
pecifcall, he accuracis of both 2D
o 1 he depi
152, amd then the accuracis did not ncrese when increis-
ing the depths of 20. These resuls ndicate tht he Kinet
o st s sl o 3D NS 3 e
milar 1o ImageNet.
, Compacsons with ot ahiecues s shown 1 T
. it can be seen th the accuracies of pre-

cresedd unil rsch

Figure &
il vl

S
3. ting)

Tigure 4 shows the raning snd

ation losses of

ANt 113 s s from 200t

valldation losses on UCK-101, HIVIDB-51, and Activity Net
quickly comerged o high values and were clearly higher

lassand 141 sctiviy Insiancespe video nlle the ofhr
datasets, ActvityNet consiss of sntrmmed videos, which
include non-acion rames. wal video lengi Is 549
houss, and the total aumber of action Instances i 25,105,
s datast i randornly spi 1o three diferent subsets:
. vliton, el Mor gty 0% 5

sed fo validation. and 25% is

- ior sing
“The Kinetes dataset s 400 human action classes, and
o f v i A oo o s o
aporally trimmed and lst acouad 10 séconds. The
ol s of th videos s I ks of 300000
Dumber of training, validstion, and testing s are sbout
000, espectvel.

20,00, i
The video properties of all these e s

s exiraced from movies,
The vidos e ynanic kot st oo -

cate thatoverfiting esulied when the tining on those the
datasets. I aiton 1 those osse, we confirmed per<l
ih s it fo hlp et o

Siahiy
the standard ResNet-200 though e et al. reporied that he
pre-acavation educes overiting and improves 2D ResNet-

NN hecause the mumier of pars
501 ber than the ResNet 152, Fuhermore
e can sce that ResNeX(-101 achieved the bes aceuracics

Tl 2 At e Kt vl 1. e
[ p————

Method Topl Tops Awraze
ResNet-15 s2 1 66l
ResNet 31 w01 we 10
Resiet.50 EERE
Resiet-101 25

ResNet. &0

ResNet 200 s

ResNeL200 (preact) 630 837
WideResNet50 641 853
ResNeXt-101 857
DeaseNet- 121 57 819
DeaseNet-201 63 m3

e & Ao e K e, e s
accuricy ovr Tup-1 aad Tp-5. Hor, e eer h sl f K
and st 130 rained fom et | fr fi compurison

exchyi 1MDB-
Shamd A NeLar 01, 102,04 2%, el

ihat seen for ImgeNe 01, and means mrodcing e
Il fo the 3D ResNets on Kinetis.
ot e sceues o the DenseNet 121 nd 201 ere

Tt Should be noted
U a0 s o provios Sules woukd 0t b

The major -
{age provide by dense connections s pacameer sfclency

video accu
s, However, snce

1 loworec K
e

e very low even
‘compared with arler methods [3, 6], ous esuls ndicate
that I s difcul 1o tain deep 3D CNNs from scratch on
UCF-101, HMDB-51. and ActivityNet.

Incontest, he trainin and validation osseson Kinetics
e sty it dan e cn ot dusses, Sice
il i o i
e ol conlod ot i
vt o e, a1 s o

D CNN:. we will

Tl  shows the el of the K s s ved
o compre ResNeXI-101, which achieved he highest
Cuci i the ae-of he.art method. it 1 ca he
0 e sl of RsNeXL 101 e ety igh
Companed with C3D with bt nosmalsation [ ], v
e et ek o el AN e
NN [16], “This rsult also indicates th effeciveness of
dcpot 3D ttvorks raed on it o conis, RGB-
T

further 30 CNNs on Kinsic,

[
W esized the video o heights of 240 pixls without
chnging their aspect rato and then sored

4. Results and di
4.1, Analyses of raining on each dataset

i by training ResNet-15 on each daase,
crlg 1 previos wors 1 141, 3D CNNS rued on
UCE-101, HMDB-S1, and ActvityNet do ot achieve igh
accuricy whereas ones wlned on Kinetics work well.
trid 10 feproduce such s experiment. 1n this
process, we used split 1 of UCE-101 and 1IMDB 51, and

4.2. Analyses of deeper networks
St he dmemenioned xeriven e i
could b e o train ResNet-18 without averfting, we
next examined deeper ResNets using the Kinetis traiing
ot lion et
e il shony Resets acuracis chnges ised
on o i, i o e e s
- top-1 and 10p-5 ones. We can s that,essentally, as
he depih increasd, accuracies improved, and tha the -
provements coninued unll @aching the depth of 152. We.
a also see thatdeeper ResNet- 132 achieved sigaficant -
provnen of e compare i st 13, e

was the previously iectue [2, 21 Tn con-

Method Tl Tops Averge
ResNeXt-101 s
ResNeXU101 (640) - - ma
CNNALSTM[14] 570 650
Two-sccamONN 1G] 610 n2
CIDWIBN [16] 61 s
RGE-IID[1] o84 782
To-sceam 13D 5] s 08

ares with ResNeX(-101 ke further ipeoscments s
on higher accuracies of two-sncam 3D,

43, Analyses of fine-tuning

expunding the temporal length of nputsfor C3D improves

recognition performence [, Those authors lso found

g ol fows s s 30 CXNs sl n

s ef efemare tncanbe ot R

ot ht e st poromencs cold b ahind

Combiing RO ad ptal flows. Mesnuiile, Kay o5
3D

uning of
Ko et 30 s UCF 101 o N5

32. Network architeetures

can facilitate the teaining of very deep neworks. Unlike
previous studie that examined only limied 3D ResNet at-
ehitctures 9,241,

Is more effctve than using wider or deeper ones 1] In
i . we vt RsNeXL 101w e cadinalty

DenseNet makes connections from ly lyees to later

Wwachieve goud performanceevels on smal datsets, we e
peet that the deep 3D ResNetsprtined on Kinetcs would
ool o il sl UCT-01 MDD
i whether he transir visual ep-
ety dnp D CAN o e don 0
See Section .3 lor deals,

Tale 8¢ Top | accurcies o0 UCT: 101 and FIMDB 51, Al

T : Top 1 acctracies on UCF 101 TIMDB 51 comares

e ar veraged v (e spis, et of e s Al el o
ee spis
Method UCT-101 HMDB-51
W UCE-101HMDB-S1
ResNet18 serach) 424 X
= ResNeXr-101 w7 634
oo 34 ResNeX 101 (641) 945 02
s 01
] B -
P 1] 86
Twosen DI 3D 980 507
Twosream CNN [20] 2D 880 S04
E w2
STMuliplierNet [1] 2D 942 689
SN 2] D M2 94

ety on UCE 10 and DB S1. e can soses
i sically mproved . the depih inereased,
i 1o te el o on Kintes

Homwerer, un

bl o shows it ResNeXL 101, which schieved the

Next, we exp

‘with 3D comolutions used in this study. ResNet, which
of the most successiul sechiectures n image class-

ication, provides shortcut connections that allw 4 sigaal

o bypass one ayer and move 10 the aext layer i the <

hut also some extended versions of ResNet. In partculr,
we explore the following archieerures: ResNet (basc and
I pactaton R [, wde

1 D 21

Resket (WRN) (1],

quence.
sradient flows from the Lt layers (0 the carly lyers, hey

e Figure 3 and Table
e i g v wi el i e

References

1S, Amw i, N. Kot 1 L, P Naer, . Toeric,

Vb 5 Vi, Vi
v i

1211 Carmi na

it

ernan. Quo s, et ecospiion?

111 Kt 0 T 5 o T & S
L oo e o
e et P

anceon i nd o oo VPR
g 173517553
1161 Wk o K S, 7, . e .

s Vil T G T B e -

EEE Confeence on Compuaer Vs an P e
vion (CVPR), s £724 4753, 201

13111 Carin and . Zisseran, Quo vdis, aton ecog-
Gt &

<Ko hincion o
.\N L T
1, E Gars,

171 H Kucis, . v, T Possio, s T v

e OSSN, A0, 5
R

bty k. o Proesdngs e T o

Bt two-stram 13 1], which uiies simple two-siam
3D architctures pretcinied on Kinetcs, achieved ihe best
sccuracies, Based on these sosuls, we can conclude that
simple 3D agchitectures pretsained on Kinetes outperform

complex 2D archicetures. We beliewe that desclopment
of 300 CNNs rapidly grows and contribues 1o sgnifcant

s 901970, 005,125
el (‘ meeumrv A s e Vi, S
L st o i o rcogaiion. o P

st A b el o i S
s (NS, pages 4653470, 2016.
1€ Tkt B, i P W, S
it e o i el oo In o
e T Cnpr o Compt Vi and
Eiit

Conclusion

o s sy, we exanined the archiectures of various
CNNs with spatio-tempors]

current video datasets
perimens. the ollow]

ing conclusions could be obiaied:

UCF-101, IMDB-51.

19 C Rt A ot i A Ziecman Comoon
o s etwon i for n

il et o Compe
Vi (1CCY). o 565, 2011 |
o G.1 T, R = hrmr [ —
it bl o, s 1 Proceedings of e e
i o o M e L. s 807514
T
1902 Gt a0 gt v
Sataon wilh -4 rscul sl n Procesdings
gt s g S
i

Bk :"mm maz [ ——

In Procedings

i Zaii, ant M. Stan. UCFI01: A
st of 10 b o clsss o ios i the wild
ROV 1201, 2002
iy Y S5 e, A

i, V. Va e

Proceedingsof e EEE Confonceon Conputer Vion and
e ekt (€YPR) pas 10351041 2016, 5
190 K s St L oo

b e
ot it e o
e Vo i (R,

125 . T, L. Bour 4N b

EtnRcoion 20072,

s g o e s oo o

o ResNe 8 g st o st oveniog o Comper v 01328
o s S o o, ot
up 0 152 ResNets 0778 2016 roprne, X TOS OSSN 2017, 7 3,6

e
0T Kutsdatiset s o du o g o
AN

ek oot shen o i e ot
nemworks. The perfoasance difere s smller
i hrof it 1 comsidred el e s

e 3D CNNs,
layers, interestngly sinilas (0 2D ResNets on TmageNet
(i) Kinetiespretrned simpie 3D archiectures outperforms
complex 2D res an UCE- 101 and 1IMDB 51, and

10K X 7 e S ey s
<p el sevvorks. In Proceedings of o Exrpe
m,.w om Coner Vin (ECCY, g 30 55

006
12 G Husae, 2 Lin, L van der M. 3 K. . Weiterzer,
Demely ompecid motions] b, I Proceings
IEEE Confrene on Conputer Viion ond Paer

004708, 2017 24,

1515, 1o 100 C. Sz, B etz Acelcatn
e e i b el e o

120G,V L Lo, b, Long e e

St i

(20 VA Kl S 0L e
o mm tion boundarydescrprsfor st e

i oot of Compate Vision, 1031300

ooy

¥ Quao,ans X Ta. Action ecogaion wit
et o s comoins e o o
ceedings o he IEEE Confren e Viion and

s 305 4314, 2005, .5

perform ResNeXi-101 even mum“mx‘ 101 isadecper also et 10 the sizes of datasets. We then ihe pretrained ResNeX1-101 achieved 94.5% and 70.2% on
entecre 3D, On fh esons o [ e I, 50 et v O e proGE S sl with Do 31 kapnaeiaim L g RS ey
dicmnos of s eors s Specticall, 1o Sia  fineuning K .
of 1D i o ReoXs. e ca i dop D CNN o, mmh ot L e e e -l
L e e s T D W ot s gy et 0 s ntwork on b dai. I e o o, ety g Dl rse owig e giant e s e
than ResNeX-101. To confirm the aecuracies when usiaz  secton, we fne-tuned the SDCNNson— efciency 215 N Imegee, et 2D CANe on
lagper inputs, we also evalusted the ResNeX1-101 that used ind HMDB-S1. The resulsof tisexperimen are e e s f ot conparisn il e -

64x112x112 3D CNN are flce= .t methods in Table 5. Here, e i see hat ResNeX1

in o environment (NVIDLA TITAN X x 8). We can see
that the nenwork,referted as ResNeXt 101 (641
ouperformed RGB-I3D cven though the input size is il
four times smaller than that of 13D, We can conclude that
deaper 3D archiectures trained on Kinelics are efecte.
I addidon, it is I that comblning two-stream acchitec-

tive for other datasets. T should be noted that, i this cx-
periment, ine-tuning was only performed 1o train coneS x
and e flycometd e b st bes
et g e sl s

Tale 1 e I secrscie ot it rtines 0
NS 25 vl 3 RasNet. 13 ind 1o srach. i UCF-

101 achieved higher acurices mmgwed Wk C3D 23]
1. tho-stream CNN 1201, and 1D |27 Further

5 object detecton, semantic segmenation and image cap-
imilc 10 these. 3D CNNs and Kinet.

tioning. 161 el tht

i, e 45456, 2015,

125 L Wang. ¥ N, 2. Wan, and Y. s, Towsds g

101 T, S i K Yo
s et T Tt
g 5

(e snenutne
laor it st i peovious eion

fomed ST Mg et ) nd TSN 1) Py umm
mor: complex two-siam rchitets

e can o

video surmarization, and opocal low escimation. In our

W

i
T e
291 L . X 2 Wt G D L X T
o e e s o o

s ek v will st Vs ks s oy
o o e

Resietssumntion. Thisconcatenion connectscachayer
Gensely in  feed-forward ashion.  DenseNets also adopt
th pe-actvaton used in pr-activation ResNess. In thelr
sy, Huang e al. showed tha it zchicwes hrir accuracy
with fwer parametrs tha ResNets [12]. In this sudy, we
evaluate DenseNet-121 and 201 using  growh e of 32

34, Datasets

Asstaed above, this sy ocuses on our datsets: UCT-

10121, HMDB-S1 7] ActivtyNet ] and Kinevies 1]

101 ncludes 13,320 ation insances fom 101

T videas were wmporally rimmed

o remose non-action frans. The average duraion ofcach

i ot s, The sl 15 i
ing and 30% testing) are provided inth dats

it e o 1 o s

Siavilar 10 UCF-101, the videos vere empolly

DI
classes



ReRd (fHse
et + BN(CADERHA S %=

- BEARW(C(3RFi &, 8D ZaFMll(CHidnA AT
— CChBH&E-MuZE UTZWLWNIIKEFET D

FCHACTCRTHELLNDE?



QDT TCWVWBCE

1LBSA77)L
7z <(C U T, fFEXRDDDFRMHCITD
« EEIAMYITIAYVFENTCHEEGATEY !
HZ 5]
(15 ~30%3)
(165 ~ B CE DX T)

P

\ IEE§:|:
° HoJu

Hirokatsu Kataoka, Soma Shirak-
abe, Yun He, Shunya Ueta, Teppei Suzuki, Kaori Abe, Asako Kanezaki, Shin’ichiro
Morita, Toshiyuki Yabe, Yoshihiro Kanehara, Hiroya Yatsuyanagi, Shinya Maruyama, Ryosuke Taka-
sawa, Masataka Fuchida, Yudai Miyashita, Kazushige Okayasu, Yuta Matsuzaki

Abstract—The paper gives futuristic challenges disscussed in the cvpaper.challenge. In 2015 and 2016, we thoroughly study 1,600+
papers in several conferences/journals such as CVPR/ICCV/ECCV/NIPS/PAMI/IJCV.

Index Terms—Futuristic Computer Vision, CVPR/ICCV/ECCV/NIPS Survey
4 X

1 INTRODUCTION

N the last decade, the computer vision field has greatly
developed as the results of revolutional techniques. Im-

a couple of workshops to find brave new ideas in the
future. Especially in the PRMU, the community has thought
futuristic technologies in computer vision since 2007. The

‘age repxesentahons ].|ke Sl]'-'l‘ [1], Haar-like [2] and HOG [3]
made d in the both

PRMU decided 10 futuristic problems @ © @ 2y 7oxu7
in 2009. They recognized image und

ryZoryF | TSOHF 2 X

object and image More
d algorithms achieved general object recognition
[4], SVM) and 3D reconstruction in a large
owever, the most influenced algorithm is to
/olutional neural networks (DCNN) in 2012.

ant CNN result was obtained by AlexNet

[6], which remains the image recogni-

000 classes. The effectiveness of transfer
‘was shown with a pre-

and image ca
difficult problem, however, the pro
recent DCNN. (e.g. semantic se
image caphomng [22], [23], [24])
required in the computer

projectaimed at reading & writing
of computer vision and pattern
project is run by around 20 mem|
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" SUN Jianxiong Xiao, James Hays, Krista A. Ehinger, Aude Oliva, Antonio Torralba, “"SUN Database:

Large-scale Scene Recognition from Abbey to Zoo”, in CVPR2010.

Keywords: Dataset, Scene Categorization, Benchmark, Recognition
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