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A survey of video behavior recognition based on deep learning
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Abstract: In recent years, the deep learning method of automatic learning features has been continuously explored in
the field of video behavior recognition. The traditional behavior recognition methods and the underlying principles of
deep learning were outlined. Then a number of behavior recognition methods based on different input content and
different deep networks was compared and analyzed. Finally, the development of deep learning in the field of behav-
ior recognition was concluded and its future development trend was prospected.
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TEAE AR A AT T A A . BT A
VUMM s LA T (1) AT R FREEm 1] (P AN
FEMELL AT I 2 1A ), R AR AR
T RIS T HE A E s (2) AT NI FEE,
—MNREIEZRE, A EEA R ARIA
[ (3) WsBERNE, MAEGHMAZESR K,
RSN, AAAEEREIE)E . FRX
SO R B KA AT R ) MBS IAT R PR
TR BRI 2%

S ey 3 I 2% R 2 ) e 1) 25 2 OCHRFAE 1R 4l
ZRAE, FRE S R LR (back propagation, BP)
SRR OR) g S PR A Y AT I 6 ) o R I AR 2 2
o W IE N NI R (AD AT TG40
B, AEfgIE R B o) g B ) Bl SR

PR BRI o R N T RRAIA T Ay Ak 2 54k
A LA g Y 28 RAL BE ) AZ AL RE ), TTRETE N i
CRIURSHE R RLAA T 4 U3 TA% o

2 tHXEF

21 ERMEBEENE

AR, T VAT IR iR R Re, B2
TR 25 STAERATAT A U050 6 N FHARME, BF 9T
BT KRN AT RIS ek A ARAT
R RITE RO B T OB HESIER . H
AT ) FH PRt B mT 73 k3 it e N 2L
LY BRSPS, SR AR ST A
P F 1 (20042018 4 ). L KTHM AN
Weizmann'> it 45 & 38 HIAT 0 YU A 4, 2

x1 HR&KLLE

HRR CGED fj /i PUAREAEL  H A U 2R
KTH!" (2004 4F) 125 NSERkl 6 Jahfl: #F. AT, 1230, ML, T M%d. 448 2391 98.83%"""
A3 5%
Weizmann'**! BE 9 NSERI 10 A8 b ML B, $ETRIas s 93 100%"1519
(2005 4)
Hollywood 21 B0 KT 2 BTN FT4. T4 BT T, WS, PEAY 3669 78.6%!"7
(2009 4) K 69 #5 Hollywood Hii%
Olympic sports'™ o 16 FEHEE, Hlke. Bosss 783 96.6%!'*
(2010 4F)
HMDB51'! & SLARA, —AFEMEDE 101 BASFEA . FEASKRIE T A L5 L 6 849 82.1%!"
(2011 4F) A YouTube %%
UCF Datasets (1) UCF-11(2008)" (2008 4F) 1 600 94.5%20!
(2007 4= ) B O PTG R, S5H—REUb%
(2) UCE-50® (2009 4£) 6676 99.98%!21
FENEH 11 B EE 50 Bl MK H YouTube, /& UCF-11 ¥ J&
(3) UCF-101"" (2012 ) 13 320 98.0%%%
& UCF-50 (03 /8, 2850 50 Fhyr @ 101 fh. A Wik NS ARH,
ANEWAEH, #hZ8Ras . B3 K EkiES)
(4) UCF Sports!'” (2013 4F) 150 96.2%!
10 MBI, AR, A5E ., PR R T IR U DL K B
ERNES ST N
Sports-1M['"? f4 487 FMEEIEENE, 4Nk Kb, BB, &2, B sfpr. 1133158 75.9%2
(2014 4 53 Eiss)
Kinetics'?! T 3% 700 FOKENE, A EES A5 600 ML Bk 11— AN 650 000 Top-1:83.5%,
(2017 4 ) YouTube ¥4, shfEEFEGHZ R, BF. HiisE Top-5: 96.8%"*
Moments in WA B PR ARG, R T A s P bRd T 3 BRI 1000000  Top-1:38.1%,

Time!"™! (2018 4F)

Top-5:65.3%%

H: Top-1 $EFIEE R N AR EE — R RIEMIA TR TINERE, RIS Top-5 FETHIN A R P BEZRINTT 5 b 2T =

(73 FE AR TN IE R, 15 R
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SANEAEZ IR s A I — R AEhE . XK
HAH Y 5. shfERE D, B E bz
g, HESEMFZENR K. ES s R
BT, YouTube S5, T AHBLEZS).
Yy S AT 2 LB N B BRI A BBl 1t
‘© £l $% Hollywood™ . Olympic sports™ .
HMDB51, UCF" Sports-1MM!| Kinetics!'.
Moments in Time!"*125 . \EHE 5 (1 % A K,
AT J LA S 4 LA BRI s VR 200 S A
HBH, Sy EEARNAIY s, AEDBCRBEZIT T
AN EARIRE T 5t XM S HEIT SE bt
DU R e S A3 AT 29 R03) S R S R 4
ERI R SR R E R T 2k H
RIAT R R4 % UCF-101 Fl HMDBS1 (4
EWFAIRZ I HAR RN, B, A
TR HE TIPS A T B AR I VA T Ee 4t
(Rl % LER oA 200,
2.2 fEFEITHIRA AR

e GE ARG 2R TTVE BB T T TR Uk
TERIEON T, AR R FRE R R AR . Ik
WA AF . REIET ) bR, FER AR IS AN )
ISR A FRR R 1 TR, fE
VRIE 2 23 NAT Jg URATUR 2 T, FH Wang %5252
PEH S i 2L 81 (improved dense trajecto-
ries, IDT) FERCRELS . G gHEL
— o R EEEE UCF-50 [HER: A 84.5%4¢ i 2]
T 91.2%, Kt HMDBS1 #2551 0.6 AN E 43

IDT S & Wttt s S5 2L
TRIE S L, A B S L SR I AR

1t (trajectories) J7 [ #fJ% H /7l C(histogram of
oriented gradient, HOG). 15311 5 H /5 ¥ (motion
of boundary history, MBH) F1Y¢ i & H 77 K
(histogram of oriented optical flow, HOF) 4 Ffif
fiEs ARG RFESE W R — MR S E S S
P AT AR () = AE 3z Bl ) B A5 T AR~ T E ) 4%
I, EES T YRS R Ty s
H MW AR, RERE—E BE R F TR
ERER, HOGUAIWT R R SAE T — WA s e
KH & /R gt (fisher vector, FV) XPRFAEIEAT
Gifith, FAEETALERIIZE SVM 734k

IDT BESCILR R, /RN R, Retk
SR ATEETRET, BRAURIREEAE R R, KB
BRI AEIL K o R ZITVERAT A IR R g )i
AR BE R 2%, AR SV PO S URRAE . i
i THAIALAZ Bl R 5% F o SR 52 i (1) JEL g 2 AT AR
WA .
2.3 fE MR
231 BRANE W LEARE

LR M 4% (convolutional neural network,
CNN) 2 B SE M R B & M 2%, et
A B G R AL WA R ERE 5 AN Z AL
Hrp, N JE 2SN R EHR AT A 31k
ZRMAETAE AR BPUE ) 3 AT H D8
# (BRI TR, e K
REEEZH, W ANBEAT AN R 2 IR R e AR 3
Ws VO pR T S B I AT R e ek
o W WL BT PR ECA ReLU. Sigmoid. Tanh 45;
WAL S EEH THRAERR4E, 0 4l 5 24

fil | ampg | R
g T
ﬂi :
: ‘ Y n %k
P BA G [ PRI | 483
) M P RS O MRS [ e S e

1 ARGAT I e
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R N G, PR AR . LI
177 A #4034 (mean pooling) Fli K AE AL,
(max pooling); IERE MBS LEMIT
A& HIE, 28GRSR IR R e E R A e 2k
PE ), SEHL 2. CNNs 1 (1) 48 81 W 46 A7
LeNet-52%, AlexNet™. VGG-16"?, ResNet'*¥),
GoogLeNet 4%,

BRI M (2D CNND S f i K15
I CNN SRR, b1 20088 T B ) 2 B (b )
E )5 B ezt A fE BRI Zh B AL SR
M, I BE BT A P A 35 GBI
HIP, o Tt gs i ah g B, TP 3D
LR (3D Conv) J5 i ARAMSRALAR (1) I AVRFAEAS
B Z A5 AR A AR AE K (feature map)
#5 EJEh 2 AN I E SMUAR I, T8 3 i
(R 4E TR T e 247 A R D fg . 2D B S
3D AP LL B 2 Fros o

Ii])

(a) 2DEM
K2 2D 5 3D BRI

232 FARAYE WA

FAT AL BE o A N (R I AR AR — R BE T I
) KRN RS P S8, FLE IR 40
AT FEACK I IS CNN 47 Il 25 EE B2 TN
Mo L A K AR 2 5 2 22 R) 37 4 i 4 1) Y
ZEAN TR, I A 48 Y 2% (recurrent neural network,
RNN) ik 75 2 22 18] 1) Al 28 76 2 W] 3 37 3% 42 e
i XF A 43 B 8 7 810 5 AL AT R B0 A 1R Ak 1k R )
FEBNVEMZEAL . RNN &g 3 s, &R
—NEITE I E R, AR R R — AT,

R ETTH D RE — 2. Hoh — ek S A S T
NIERRIEH 0,0, » HF BT O
HARICH {0,808, 8,00, ) » £ FZIHIACAZ s, TR
P G A A E g S b D B RS AT
A (D:

s, =f(Uxx, +Wxs, ) Q)

®

W V 12
w S
dyC—)—>=0—
w

AR T
U U
xl

o

<

141
V

N Sl»l
i

— > o

w w
U TU
X

-1 t t

O

H—

X

B3 (EF L M2 S5

it BT AR N {04, 0,,0,0,,0,,1, ) 5
t N ZI A o, VHE AR
o, =Softmax (Vs,) )
Wb, f —BORARLMER MG M. UL WV
RN EHFESH, A PR A& Z
EIXBE SR — s, HO AL T A A I B
#£ RNN 1, 1 Hochreiter” 4 H K4 3534
2. (long short-term memory, LSTM) Fi% e H i
EOAH IR, 12 A5 28 R o) K IR AR A T o
Ik, AERAER G b ) LR R A A — Wizs ks
ERAIWTIE A, AT RNN AR BETH T )

3 ETFREFIBIMMITAIRANGE

3.1 EKBAAHHE

WA, YR PE 2 2 TTEAR RRATAT A R 0 40,
Nz, ikt = iaR 2, 1
R NN (D N 5 D2 [ & a2 s i L
(T TR 3R B TR ) T VA AR R 4] 4
PR s — B S AR (RGB) BEBE R
Z8tiR C(optical) 15 EBLA A #{5 K. (audio),
AN A JEAEAN R A AAAT R PR3 b B o PRI
AN, ARSI LE DR AN T L4
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Fa 2 BTt N P9 25K S PR AN [ R T o 28 194 45 LA
LWz 2 5 R Z WA R A 57 ES 2]
R R e A T AR 2 N T AN AT 55 1A 75 M
ZELEH, AERATAT A o3 FAUE, SR TAT R IR I
JEEr=E T 3D BRI LS (3D convolutional net-
work, C3D) XA 4% (two-stream con-
volutional network) P =L I 25 B2 4L . I THIKE
XPHETANFEA AN [A] 28 (AT R O ik AT
e AR B, G 2 3 0 % B L A i 9 4% 18] 5
UAAT R R 71347 3 1 o

----------------------------------- ™ ks
e |1 wm
Betpss P TULER | | | A% el BRI ;»:iﬂ

4 HET IR ST AT RN

32 ETAEHMAAEBITAIRSAZE

Bt A A I A R ke e, mI LA
P HES 2 RGB R T3R5 — 5 AN
8 Bk AT 2P 2 2 SCER 3914 I 7
KTH #dla 4 b A 8% IR E IR R L DL K 5%
SCHR[40THE HE R FE T LSTM ()32 I 4t 28 o0 5 A 7Y
B RAFAAO R BN CNN 2% gE AT 1 25,
a4 It Softmax JZ4 AR /3 845 R . HIE,
— 7 T Al — A B S — M i —,
FHAR 22 M) 22 SR AR N, A N 2R 25dis 1) 22 4
M2E. TURER: S AU RGB BI& (5
BT 7043 I BRSO B A7 AR R
ZIRAS bR . TG B R Bt (1A
SE AL T S AR IR R, RT3 ok Ut S
—AMBUFIRFAE . B AT R AR 4 SRR I
JTFARSAT, b Tig AU HE e e A 44
FlowNet2.0. ‘&4 FlowNet ™ s, & #44k |
HEEARMAR N, HREM S T KIEERTE, BTrT

H T4 ARS8 )75 « 48 RGB RS EDGI IG5
BN CNN W2 b, 285k $idha 5 Je i 4 R
RGOSR, A 7 EEAEEA T . 2%
HR[37,43-44155 FIAN R IR SRR I 45 . AN ]
O S e W T P AN LR RSB T SR
]IS

B AT A A WAL DG B 43t 0 A0 1)
AT RN SCHEPE MR o AL B S SRR AE — R
KAEE T BRSNS KRR LG
o AT T, P e O R
RS H A e S P LA B, e AL
(R fe B L — @ B XN - RS, A ik
BRI . TR S A DA, 5l
GBI EWA, — o R 2 A= AR I ™
ZEPEH . UTAESR, IR AR R AT R LR
VB SRR S NN TR FE W 4% 1 802 20 35 SRR AIE 1 7
X, REMLE e R R m R R R

5T RGB EIBA5 BAIZ S ifE B oL &
SfE R 7 U A 2 S P, BT 2 RS
PO X BRI AR Z, Horh 2 45K AN ],
R RE G AN o 22 SCR[45-4715%
PR XU 4 IR Bl N S R, X =
15 B2y BEBPR R T 8 MRl A M 48 JER JE AR T
AERI %S5 £E CVPR 2018 MUAAT iR 5 kit 3¢
RSN, R P A s BB IE
M2 BTN T7 03 T3k aT =44, JCH &I
SRR (R ST AE A A 45 F 3D S RAh 2 N 4%
JEAih %) DEEP-HR %%, iy N i {f F 2 B
Ji ARG T LIRS 4
3.3 ETFAREMLERIITAHIRANFE
331 MAMLBELATA T %

CNNs 7ERLAT AL AU 1A AR a8 (1 2% 2] F &
ISR AR IR RE 07, R Bl A ) 28 RS (4K
SR K EAR B =42, 679 CNN 78
KBRS LI PERE 2 BBk . BE X RAIAT
S AES S ) R, Simonyan ZESHR T LTI )
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2[RV BE PR CNNo R CNN A R
E%ELLﬂﬁA%mﬁﬁﬁﬁﬁ%,EU$4@
B NS PR R B G by 2k A3 TRl BV IR 2
MRZ R S SN, SEBUBARGERAESS B Jai
15 BAE R I PR BB A 2 534> CNN b,
PR R I T SR 5, FSReAb B2 220 ot B0
PG R JGEERM ZATSINZRM 5240 HE
AN, 25 Softmax S SAF M EIE .

ST XU R 4% 1 R, Ng 256 BT SR
LWM%WAﬁ@%LWWQWWE*E%ﬂ
W, W s Fron. x5k LSTM IR

12 B TC e AT A R IE WU BT R WY . K2
W FULEFEAE CNN AIERLZ AT — R SEAT 4L

R, DR T SR S SRR AT AL
B IAVRFAE AR IR 05 B B 2R A 2 2% 5
BR[48], ‘MK T CNN FEAEFLA I H],  Fext
B KK A AT EAT 35 . Feichtenhofer 451
P M g RS, iR o6 Pras, ¥
MO — ML E g A e e, L e e
@z)‘AHﬂ'l‘EﬂY}ILq:‘%—JWF?EE%E(J * ] L A WL HE AIE

WA R G AN EREMG . ERE 1
BHZE, Wi 3D HEH A (3D conv fusion) Fl
3D itk (3D pooling) ¥ I3l ¥, [H
INf AN AT IS [R)YAL, A N [) 199 4% TR 4T 3D pool-
ingo ¢ T A9 B IR IS 25 Rp AR A I 4% o gl = 4
RFAL I 45 1B 2 0 v 50 Rk

P Ve SibEESA
RGBIfi
&4
] E
i — 1R
[
b = D
L : :
ifg — b
= ] vy
2 'q- —-—
/ 7 | LSTM
CNNHFAE 5. HRAER A

B 5 &4 LSTM XU Bk M 4%
DA - XU 0 285 (1) B e #11  TE  AE R A
AT, DKV S A M DA R S vy . %)
i, Wang Z5E5OVR) R 5 I TSR, 30 T I A B

U BE S AE 2 A 0 N = R, R 2K M 2% (temporal segment networks, TSN). %M 4%
NS LHESE PN
@ @\@ 1 >0
. >
el
X 3D conv functlon—3D X 3D ooting
, ‘ -
.
; N \(E;\( * 3\( ," - /X(E;\(

Bleo XUAtHLE ML aii

2019286-6



*+ 105«

BERE 2019F% 12 8

Ak 7R T ORUI I 255 R AL, TR A FH 22 AN XU I 4
3 SR B AN [ E o7 8 1) o BB A SR SR A K
Befs A& e . TSN W28 25kt 7 Frs,
LR B N AN AT I K, BB A )
R K ABL BENLH RN B R — AN )
IFIR)F s AR5 I CONIN 3K 2 i) 4 S0 i e
RFAE s T 5 A I TE) R 25 1) B2y 3 EAT Be 3L R
FFIE Rk 2, f ) PR AT Softmax 43¢, TSN it
SRR

TSN(X,, X, Xy ) =

SR (XW),F (X W), F (X W)))
o, XefREE KA, WASH, RZEFHIER
HRREL PR F R4 CNN $REURHRAE, S R
2K )Z Softmax.

PR BEALIEE

% ; MR | . 5
. - o

Iif [ A

g [ I T
[ g T T

7 TSN &ty

TSN W 4% KK FRAR T R 45 v 55 1) 2 2%
&, WA AT TP TR R . Lan
BT TSN A MM T oo, B g
W2 B 27 ) YO IR G 771, TN A
BEANE T 5 A AN, HACE K /) H 19 45 2%
SIRAF o 1M Zhou ZEPPSCTE I 0C R IHERE, 47
H T T A AT T R B A B T DR AN 5 S B
WCEFE A B4 . Diba 25521455 £ i w9 & (112
BERST, BN =R A R A )N R B
B, LR N RAAE B A e, g —
Ty e 26 1 9 i )2 (temporal linear encoding,
TLE) RATHA I3 B U ) Re A B3R fil -5 2
i, X BT BT 25 G G R R AR Ak, Hl
PRI ) B AL

332 C3D ARWABIATA T ik

XTI S ERAE (22 ), Tran 2ZE0H7E JHURE
A7 M B B AR AR T — i ] B A RO T ik
——C3D. ERF I A L 2 YRR ROk RS
MTFK) RGBT it 8] (1) AR A A5 5 o BRI
ek AR, SEME 8 AL JBZE (max
pooling) 5 A, AR 2 . I 3D BRI
23 o 3% 3 1o ] PR e 1 2 2R i AL AL B AN
RE, (R RIR NAETE AR i I T B oA 3 B
HE LM B VR R 1K) 3D CNNG

BIoXF 3D IR R BRI, V22 0F 90 273 h He gk
AT TR B Sun Z WA 44 (145 R
AT, ¥ 3D (AN A2 2] 2 2D A5 [AlA1 1D
N I /o VI L Nl e AR
(factorized spatio-temporal convolutional network,
FoCND o 1% 9 25 24 1k b 41 A IR AT (B 23 45 B o
FEWE% IR, A 2D 23 [A) 5 B 27 T A 1)
IR BE . fEMZITIZ, {EH 1D I a1
K% 2 SRR IS TRD S BRI o X AR 2% 4544 55 3D
GRAMGEAH LRI T 2805, prAXS I 2%
P ZOR IR . WEBZ A M T, Qiu
0N ResNet 194 P 0 B2 1 4 BT U T ek
HE, KT P3D (pseudo-3D) HAY, 54 3
FRIE T AUSEFAE; Diba 25P7 51 A —Fhi 1
JZ (temporal transition layer, TTL) #5 7] 4% iJ o 45
BUZ RS R, $EH T3D (temporal 3D) FiZY,
FIAN TR RS (5 B 4 A5 B IR T8 2% ) 7
BRI ) . Carreira 2 PSEL L T — B 5L T
GoogLeNet 1] Inception-V1 % %% 1] I3D(two-stream
inflated 3D convNets) Hi%Y, f£ UCF-101 A
HMDBS1 $idfi 4k B0 3RA5 T 98%A1 80.9% 11N
. Tran SN 22 SCHR[S4-55 110 RTE K 1
TR, RN R AR, R T
B =G RQ+DD. AR EAE M 2P
A JE AR 2 g8 — RN ik 2 e, 1A
RIS B 22T 13D,
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333 HfbEA ML

BEXT H AR DGR AE A 5 ELGS T I
BRI FAE A STARNE R AE (¥ 1) B, Fan 25000154k
Mo T — Pk ANEE 2SI OB AR AE L T v
o I ZRHIPL 2% TVNeto 1% 2651 RE R A%
AMERE H AR MBI 3 B — ke sE AT 55 M 45, 1T
HIETHE W E AT . HAr, AR50 A
AT VRN TR AR AE IR 22 0 0 ) R Al T AR 2T
JEHE Zhu SRR T I IR T ) 4%
(deep networks with temporal pyramid pooling,
DTPP) , — i B AR & sy ) T ik
(Il 2g a5 sl 8 o, JLrf TPP JZ 4L
TR AL 5 B 8 RN R, L&
JUEEI 77 2RI I [R) G544 o A A5 PR AR
RIREE, BHZANRRE, w2 R,
Hiif, DTPP 7f UCF-101 A1 HMDBS1 s 4 I,
ot sl ImageNet i4 & Kinetics T Zk, #THL
79 TARGF AR . R DTPP MU T et ag
ELLLE AR B 7R FEE I 2% S AL 27 2] — BB )
ENVERLAL, T2 SRS R IEAR, K
AR N A SR SR T IR
Ji o St Zhu SO T OGS (key volume)
REAER) E SR o Bl DS BT L 7 CNN L
M, AR T AR R BOR . 1T Kar 2500
FERSR PR 25— SET0ARMIT, B RRAIAT A 1)
REI A I, Bt T —Fh G BRI 2R 5 2
MTAER,  IXAREE T L S AR B s A1E
JiEG I Tz MR

4 RANFES TN

A FHAE UCF101 F1 HMDB5S 1 $idE 4 15k
PR RLAIAT A R 5 2 R P R MR 56 3.3 A5
W28 03 AT, WX S AT AE I 2847 R O T
i C3D R 4% S ILATAEAT o vk DAL
P F5 W 2847 S PR J5 24 UCF-101 #l HMDBS 1
B I PEREEAT T LR B, WK 2. £ 3

S
'@¢ﬁa|¢@wﬁ
gp il

i m ﬂﬁ’%‘%
' J
iﬁ%ﬁiﬁ%ﬂll%f < B L

[ 8 DTPP Mi&%45#

N A NN
>

FIE 40 IS R0 W, SO R L TR 2
X AARAT A O TR AE SO HER 2 A WAL 5¢
Jiik, ARG SRR T R iR UCF101
g ErUERIRIAE] T 98%, ARG UT T
it 12,1 AN 43 5 78 HMDBS1 i 4R ik 3]
80.9%, #Eid IDT 577k 23.7%. Ak, hiFE 2. %3
R 4 AT 0L, R4S IDT S 454 st
T PERE, A8 I TN 2R R I AN TRl 2%
SR 109 2% (1) TR RF %6

5 HRIE

AR SCHEIRIRE 25 5] BORRHIA T UM ik AN
I PRI N PR RTAN TR] PR R 1 258 PR A 1 T
LS H R 48 DAL E AT A R 2% A T
T LM, R B w0 PR e 1 R AR 2
— AR SR ARSI AL A
[Fi) 94 2 2 i) R R EL R AN [7) 9 8% 2 TR 2 TR) R AT
DR AN [ M 2R R PRI R0 2 3 i U3 1)
MR . (HARERAE, M IRE S B AR
BT B AL I S 2 A R 5 ) ) I
A2 R A R R A5 B AEAN R AT 2 Y3 o By
HHBCEAR . 356, St B R B e
Rt — P HER ST

H R TR 2 X AT D WU ik g
WG T 2 MWHUsR, CaamR2 1T ks
IR T AT, AHE DRI I — ek, B
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2 WRMEREITEITHIRG A AT UCF-101 1 HMDB51 $IE 5 E A IEAE LE 3
275 R Jiik MVIEREEE UCF-101 HMDB51
[48] Two-Stream(VGG-M) ImageNet 88.0 59.4
[37] Two-Stream+LSTM ImageNet 88.6 —
Very deep Two-Stream(GoogLeNet) 89.3 —
[64] ImageNet
Very deep Two-Stream(VGG-16) 91.4 58.5
Two -Stream fusion (VGG-16) 92.5 65.4
[49] ImageNet
Two-Stream fusion (VGG-16) +1IDT 93.5 69.2
ST-ResNet* 934 66.4
[65] ImageNet
ST-ResNet*+IDT 94.6 70.3
ST-Pyramid Network(VGG-16) 93.2 66.1
[66] ST-Pyramid Network(ResNet-50) ImageNet 93.8 66.5
ST-Pyramid Network( BN-Inception) 94.6 68.9
ST-Multiplier 94.2 68.9
[67] o ImageNet
ST-Multiplier+IDT 94.9 72.2
TLE: FC-Pooling 922 68.8
[53] TLE: Bilinear+TS ImageNet 95.1 70.6
TLE: Bilinear 95.6 71.1
TSN 94.2 69.4
[50] . ImageNet
TSN(Inception v3) 96.2 75.3
Hidden Two-Stream (TSN) o 93.2 66.8
[68] ) Kinetics
Hidden Two-Stream ( I3D) 97.1 78.7
%3 C3D E#MWERENTEITAIRAF A7 UCF-101 #1 HMDB51 £#E 6 LB RE LI
S 3R Jrik TR B UCF-101 HMDBS51
[55] F4«CN ImageNet 88.1 59.1
[54] C3D one network Sports-1M 82.3 —
C3D ensemble 85.2 —
C3D ensemble + IDT 90.1 —
[35] C3D+LSTM 92.9 70.1
[57] T3D ImageNet 90.3 59.2
T3D-Transfer 91.7 61.1
T3D+TSN 93.2 63.5
[38] STRN ImageNet 93.2 64.9
[56] P3D ResNet ImageNet+Sports-1M 88.6
P3D ResNet+IDT 93.7
[68] Multi-task C3D+LSTM Sports-1M 934 68.9
[59] R(2+1)D-RGB Sports-1M 93.6 66.6
R(2+1)D-Flow 93.3 70.1
R(2+1)D-Two-Stream 95.0 72.7
R(2+1)D-RGB Kinetics 96.8 74.5
R(2+1)D-Flo w 95.5 76.4
R(2+1)D-Two-Stream 97.3 78.7
[58] RGB-I13D ImageNet+Kinetics 95.6 74.8
Flow-13D 96.7 77.1
Two-Stream 13D 98.0 80.7
RGB-13D Kinetics 95.1 74.3
Flow-13D 96.5 77.3
Two-Stream 13D 97.8 80.9
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[69] TDD ImageNet 90.3 63.2
TDD+IDT 91.5 65.9
[70] LTC Sports-1M 91.7 64.8
LTC+IDT 92.7 67.2
[61] Key -volume mining deep framework ImageNet 93.1 63.3
[62] AdaScan ImageNet 89.4 54.9
AdaScan+iDT 91.3 61.0
AdaScan+ iDT+C3D 93.2 66.9
[71] RNN-FV(C3D+VGG-CCA) — 54.33 88.01
RNN-FV(C3D+VGG-CCA) +IDT — 94.08 67.71
[51] DOVF ImageNet 94.9 71.7
DOVF + MIFS 95.3 75.0
[60] TVNet — 94.35 71.0
TVNet+IDT 95.4 72.6
[72] Four-Stream ImageNet 95.5 72.5
Four-Stream + IDT 96.0 74.9
[19] DTPP ImageNet 95.8 74.8
DTPP + MIFS 96.1 76.3
DTPP + IDT 96.2 75.3
DTPP Kinetics 98.0 82.1
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