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Abstract

Using optical flow as motion features for action recognition requires pre-computation and storage
of optical flow, which requires huge computational cost and storage resources. And optical flow
features mainly characterize the motion features between adjacent frames, which leads to long-
dependency problems in action recognition. To address these problems, this paper proposes a
new way of modeling motion features to replace optical flow features and proposes a long-de-
pendency temporal motion modeling module. Experimental results show that the proposed me-
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thod in this paper can better model the temporal context information between long-range frames
and significantly improve the accuracy of action recognition with very low increase in computa-
tional cost.
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1. 518

A7 ARG TSR o AR H A PR PE AR, B T A2 AR B AR AT Bl A, ERIE %
MW BEATUA A N« AEAT IRBIESS o, AMUE AT G BRI A 045 S, I 25U
A1 L BRI PPt B LA, BT IR IORT It 2L Se XA 3D BARAEATRIT. Wik
PINIFAT 7350 RGB RIS Frift. £, Sl H RADCHENIZZRE, XS BO0E T &
BT R AR Rk, OGRIA T 2 ERRTH R #H B 3D BARAE 2D 22 AR A 2l b4 n
IR AERE, 2SI PARHIE,  4ERERIIG I S 7R R, thAh, XURES 3D BRAREXT R K
I 18] B A PRI PP AR BEAT BRI, X6 B R i F) R MR il RBA A2 SR ) JR BR A2

BEXT UL EAFAE R 8, RATER I 1AM, JHIE ZE S RFIE S A A B (CME) 5 K ARSI iz 3l i
BERLR(LDTM). CME BEHUR FH Mz 0 JBAR, AR AR (8] I8 S RHEREAT S i, HUAOGTRRFE . A
FIE R IR IS JO 2 SR LB AT W, X1 SRIEEE AT 6] . LDTM BHURIAIXE LSTM
2, FERTIEBARBITH S RRAARN T, Xz B8 B R U R EAT I 7B R SORREAE, g AT iR
ARG ] RS 1 — gt S8

2. HHXI1E

FEGEIAT R T — o il N SR Bevt,  FahBeith B R AE S ERFE R IE SR U7 %,
b 6 2 B KI(HOG) . Jeifi B E(HOF). it & B o8 I(MBH) . BUZR4SAIE (Trajectories) LA A A
B . R TAE T, iDT (improved Dense Trajectories) [1]5i2: /2 MR f iF i B2 — . 3
JUAE, BRSSO S POl R e, BRBR 22 36 TR FE 2% S B 7 V3 th B FH A7 91800, wlan bt
L BT U IR 28 ) DA BT TLAE 4RI 3D A5 RN 245 Sy FLARF

2.1 MRMLE IR

2014 4, Karen Simonyan 2527 $#2& H1 T XU (Two-Stream) [2]35: A7 4%, A FH i B4 A0 6 UG AE
CNN [N, F AT IR I RFESR EUC AR AN 33, —/N 2 RGB B4 SCIRBUE [AFFAE, 75— 2
S EME oy SCHEBURT 18] RRDGIRAFAE, B 45 G B ARRHE A TAT iR . R G, VR 23T XML
fR5E S sl e, bbdn TSNL TRN [3] [4]45. TSN fil v 1 4% Ge Wi To i it e K AT vl A, 42
HORE AT 1] B 5 K B TR, BB B L6 B — iV E o N BRI, 55 PR 2R AT R Ak fik
Fro RUIERIVERE L T £ 40 F TRHMESRIUTE, (HJ2 BT RUR0E & B e T EOGRARBOG IR RHE
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PR R BRIV S RRA N TR, TRV 2 2B IR I AT EH SR M 5%, SRR 745 3D
EH.

2.2. 3D £

C3D [5]/E K 3D BRI EIAZA, ¥ VGG16 B8 i) 2D B AR # ik 3D &, C3D BN ETFT
B, (HR RIS S NHE IR, 13D [6]4&HH 2D BRI GAE AL (M 4EEE S, H ImageNet il
WZRMIBEYIIGM 3D B, KRR T 3D BRI HIMERE. 3D BHUE 2D BT, BEIREE T
KEIVERESR T, UFEH T 3D A & A FPRFIE I T A7, (H2 3D MZSALMAHLL T 2D BRI 2 T
IR, Rk T BRI R, N7 K 3D BRAE &, 2 TIEN 3D B EIE Tkt
PASEILE /D (SR A m . P3D [7142 14 3 x 3 x 3 /) 3D HBAF AL 1 x 3 x 3 ) 2D = [H) &
A3 x 1 x 11D B P&, B8 EA S (AR, 5 @R PR, IR AN F R HES 7 sk 22 %
B, BTHZ ML M. ECO [8]7EMZIRIZ R 2D B iS EZ M, 7EM 4K Z A 3D BRI
PRI RHE AT i - X3D [9] A 2D AR ISR SE A, 1643855 75 245K 1R 248 55 JF: ] (3 LA 4R P
¥ 2D B MASFIYEREY F R 3D B % . Ak, X3D R T IBIE A BB, M8 — AN
2 P X 2 AR TR

bR 7T ARAEALE 3D BRI, WA S AL TAERE T EARAT RIRA R TR SR E R, K
A AL PR 55 ] /. Chao-YuanWu 855735 i B2 B0RT 95 B #A8 F ARV E S B3 N, DT S5 88088
Bk, FABATS B AR B AR, AT 46 [10]. A T Gt int (v A% 47, Hidden
Two-Stream [L11] LA S 7= A= AR ARFAE , T2 28 XU I 28 ZER B RL, 43 FF AR BRI FPARFIEFI RGB HFAIE
TSM [12]4£ H7E 2D R Ay it (B 28 B PHE R IR, X MEMEAR T EAT MM AT S5, ik
T 3D A R L T S AR R IR 1 R, [ B A ARAIE T IR PR AIE R R

UbAh, e B W R IS SRR g A T SR IUOGIR AR E,  FEARTH S %A . Boyuan Jiang %5 A
FEH T —A STM [13]#EHR, &A1 — /Nl i 2 1 i S B (CSTM) >R 2 0B 25 R AIE A — /Nl 1 2% 132 Bl 15
HCMM)KA Fh I iBIZ s RHIE . Yan Li 58 A A I 7 @EBRAT IR I OCHE, 18 % A i is 3 Az
FEEEE, M7 AR MR ERE(TEA) [14], A4F—NSshiE Ak (ME)B AT —/ 2 i 7 B4
(MTAEH, & T T R A0 E B AN BE B8 (B s SRR E o B T BUROGIRARIE, A = E IR 5T
7 1645 16 B I B2 R R R M 51t 1Bk 2D + 1D [15)3 8. shifting BRE 75 ML 254,

2.3. KHEHAICIZ M4

TEAT NIRAMESS SN IR P LA AR A 3% — e i P AT HE AR 21, U aRATT A
TE 5 2] F— WO ATMURAAEAS ST, FRATT TR AN 5 T AL AT BT 2 IR RS B S AT ik Rk ke, P&
SIS LR B B ARSI AL TCIE M ENX — 21, TR 25 (RNNS) R TiX— 5, 7
ST BIEIAER, EFRFEE BT AR AGRAT o (ER Ui 2, AT BERC i, JRAi T 75 22
SOV EE B RS0, PRI IS AR A R IR AR T o KA I AZ N4 (LSTM) {5 A2 &6 HLAT R
fifes EARE T AL TR K1 B R S I FPAT 55 A AE R AR G I A0 7 4 P — b I £ A2 o i 2 R 2%
S — R IR B2 M 4%, 1 Hochreiter A1 Schmidhuber (1997)42 H1, ‘& AEMS 22 IR, 15 5 B e A %%
ol K BE BB G &R o fEBEE R BT, VF2 TN ST AU S AT 55 o B AN (] i R, %of
LSTM #HAT G A, IR 2 LSTM 8, #Hanxia LSTM. GRU &, BAIITEVF £ 8l - i 2R 4T
MR, MREIT T 2.

TEARSCH, AT EZETTIR S S5 W R
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(1) &7 AR TER IS B JUE SR LA SR (CME), 27 S A 4RI E] f I e B R 32, 7
/NG IO S SAS BT 0 T S5 2 SR AR R T 5

(2) T KA P s BREY(LDTM), XTI sz i Bl ) B R SOR R, A
RCBEAR 1 AR ) U A7 DA IR (R 5200

3. &g
3.1. B{kMEEBIZE

FEIX 5, FATTHE T AR (GEE 208 sh RRAE S AR BRI P 55 I 7308 2 RRAE AR AR B R S HY
MAUS BN, Forbr, 38 Z0E S AFAE S DA R B ATUBE AR &1 i (8] K2 HZ BRI, KA 732 2 2
FEREH (LD TM)FE B PR B I 7 18 Bl RFIE

WE 1, @R T IRATI AR S B 2 1 ] . FRATTE ] ResNet50 fE AR %S, F£H CME Block #
#: ResNet50 H & —/NGHUZE 1 Block, F LA &R (] (12 shRFfE; sh4h, FRATLE Conv Layer2. Conv
Layer3 &% Conv Layer4 J& 5] th— AN AT 7 SO N KAK RS 712 S @ BARE(LDTM), H 58— M EHZM
TR, ENESERBE SR MG IR . 8 FORIG/NTTH, FRATKE RN ARA R 1
TS G B RHE G AR (CME) LA B K AR 7 12 Bl AR AR (LD TM)

—— ——n

r
Convl | |
| Conv2_x | FC
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Figure 1. Overall structure of our methods

[E 1. BEAWEEREE

Conv5_x

3.2. BIBRENFFTRSEIR(CME)

FEZ TR R AR, Sl 2l i SR BOCRARHERAE A SR AEREAT AT AU, (BT ROGIRRHLE
THEE R AR TR, ACRILBUR. L, BAVES T W2 2NiEs) B brm B4R, ST
—ANEIE IS E RS B E: CME (Channel-wise Motion Encoding) KAZBUE S LI iz s {578, LA
IR o

il 2 firs, £ CME By, FATE SeR i N IARSImI 2 — A 1 x 1 1) 2D 23 (A 5 AR AR A i
EYERE, BEBGEE TN v BALEE NN, T, C, H, W], Lt BR85S H 48 NN, T, Clr, H, WIHIHE
] o AT BB RAE I T 4 T 4570 SR — i, SRR AR AT 2220, TG — WU R AE
Xo WERT—MWIX, o TSP ET S AR, SR 6 B A B R AR, HEEERR S
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HUREIREL. B, AT BRI, A1 E — Wi 3x3 [ 2D BAUET A IS, SRR
FE4 B 1078 R 55 00— WU, TG BRI AR L2 [ (RIS B 3RAE o TRATI S t BBISE el WiROiE )
BHERM,, F4:

N, T,C.H,W

| 1x1,2D Conv |
N,C/r,HW N,C/t,H,W
XL Xlﬂ u

A 4
- 3x3,2D Conv |

N,C/r, H W
p m—

N,T,C/r, W N,T,C/t, LW

y

A
| Spatial Pooling
y

N,T.C/,1,1

A v
| 1x1.2D Conv 1x1,2D Conv |
N, T,C,1,1 v N,T,C,HW

l N,T.C,H,W

Figure 2. The structure of Channel-wise Motion Encoding (CME)
module

E 2. BEREsHEREIER(CME)E1aE

M, =Convy 4 (X,,1)= X, » M, e RVE/mHW 1)

b, X R CWBIRERE, X, A5 t+ 1 IEIEHSAE, Conv,, (1) oK 3 x 3 ) 2D & A& H. #4513
F AR SR B IS SR, SRR A IZ SRR M, B
M =Concat(M1,M2,...,|v|T), M e RNXTXC/rxHw @

HITHARHIE X 280 7B BUEIE FF4E, USRI R AIIZ shRHIE M f94ERZ NN, T, Cir, H, W] 31417
K13 B A BIRHE M BIAPIDNIFAT 3L, 188080 L5183 EE R 3. fEisshdmtd 0, &
I8 —A> 1 x 1) 2D BARXTEARHIE M 1T 965, IPRIBELER M CIr IkE 2| C, BTRFHLE EA S
Bk, AR T SRR S . RS shiE A2 R M - WA :
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M nooe =CONV,, (M) Mg, € RV (3)

encode encode

o, Convy, () R 1 x 101 2D BHURIE. 18EN4AD 5 S BIGTE AT 1 038 BhAE GE, (52
R £ 4 7 W5t BRI S0 G DL S 5 ST . DL, FRATSRAIE B AW, X B 5 159 5058 20
{iF 2 5 FOB A NP R R, i T S R AT WO, XA AT I . P, 5 e
S AR 5 28 AR G, o1 A8 B AE AT 4 )L 10 4R P40 A, 835 ) 6 56 32 B
fE, ABAM g - B

M = POO|Ing (M) , M c RNXTXC/I’xlxl (4)

pooling pooling

Hrr Pooling () Fon 2 [l ALERAE, BEIITM 0 AN, T, CIr, W, Ho 22 FK, KM, S B
Fhofe, SE4INE] sigmoid B B, BRI A, B
A = sigmoid (Convy,; (M oy )) > A€ R 5)

Horfr sigmoid (-) %7 sigmoid G BAEL  Conv,, () b, 2R 1 x 1 ) 2D BRURAE . K452 KEEEZ
TIRE A 5IBBNIEIRFAE M o, HE, BRI H RS SR AEETE, RN INABRZE &SR, (RTINS
EAESR, B

Y=X+AMgppr YeRVTEHW (6)

encode
Hor, XOMINFHE, Y B R AR RE. B8, X5 Y BGMEIM4EE, B CME B IFA SR
BNFRIER S AERE X SR VFRRATT AT DL AR R R AASE Y (R e A B R AT B0 0 PR 27 2T, AEFRATT IR 5256
W, FRATE R ResNet50 M4, I LAE et — 45812 Blocks

3.3. KIkBFTFEENEE(LDTM)

B HFHE IS (CME) n] LAY BUAH &R I 2 (8] (I8 S ARFAE, IS S Rp b TE, (AT KB
AR B I P18 SRR SE AR R JR BRPE o DR, FRATTER Hh — AN KA 12 2 2 A A5 H (Long-Dependency
Temporal Motion), #1/& 3 ffis.

TN
! \
NXTxCxHxW NXTxC/rxHxW NHWXTxC/r | | NHWXTxC/r NHWxTxC/r NxTxCxH*xW

» 1x1,2D Conv » Reshape | Bi-LSTM | Reshape 1x1,2D Conv

! \
\ )

Bi-LSTM @) l ~

—

A 'y h
[ [ |
[ —— LSTM » LSTM » LSTM -
LSTM LSTM LSTM|<— R
® ~/

Figure 3. The structure of Long-Dependency Temporal Motion (LDTM) module
3. KIRERRT FE s R (LDTM) R R &5 4 [E
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Bk, AT R P SIS A 1 x 1) 2D BROHEE AT A, S TR = 16, %
JEH AR B IKVRSAT 2858 U S ST G R, SN — MU LSTM 46 (Bi-LSTM). (B34 N FI LA 51 9
X e RN g 1 x 1 BRURFHIEAEEAS A N xT xC/L6x H xW , 4R J5 il Reshape 8 {4445 fif 4 i
R NHW xT xC/16 o« FATH ¥ NHW B 15— i 1K) Batchsize, TS0 T4 55— WURSAE B x, e RO
DU LSTM W% . 7E 3 FRifgs B b, FATHEEIRR 7000 LSTM Azt Bkt A1
P50 x, e R¥C/T SABI—ANRTI LSTM S AI— i LSTM %6, K55 25 10 A G AT Al 45 7
B W BRUES A y, € RO B4R, XL LSTM %% 3 RSSO i N AE (0 4P . [RIE, 347
4330 (R LSTM 4 HH A HEAT 3004 1 (Reshape 1 1 x 1 5BY)J5, HATKPRHIE 4RI 16 5 60 A EAE (7
FE—3. AT LDTM BRI BRI ik 1 F

y =Conv,, (Rsh(BiLSTM (Rsh(Conle1 (x))))) y € RNATxCxHw @)

Hrr, Convy, (+) %R 1x1 a2, Rsh(-) %7K Reshape #:ff, BILSTM (-) /XA LSTM H4i i,
x 5y 7 AN B AR

4, SLWWERES S
4.1, LR ERBIESE

LI E . BATNLRIER ResNets0 (EABRMEERGRINLS, J+HBATIZH BT ResNet50
SRR AT B 4. A T E T 5 HANB RN T LR, FRATIAE Something-Something-vl idE 4 1k 47
TSN, SRR 2 B 2080Ti R IEEATUIZE, FLiIZk 50 4 epoch. YIZRELHE Y Batchsize K/N&E N
16, WIUR%ESIFUEE N 0.005, FH4rHIFESS 30, 40 LUK 45 4> epoch A4 2% 3] 4/ 10 1o

FHEAE . Something-Something-v1 A4 & — AN KB AR S T S A, X BeqAI B F ZA 46 T
NATTRE HH P 34T e S — Se R AR o 1B R AR AL 108499 NS, IF4r T 174 AN, Hdl
ZREEA 86017 AN, IRIFHER 11522 4, MIKEEF 10960 /.

42. SAEEE M REXTEE

BATEBRAT 7155 M AT oot i — 247 IR B E Something-Something-vl A &g 4E F kAT
TR, W 1, ATLURIL, TEAHERISEISEOR B AT, A [ MR FE . Backbone 4 LA
KN, AT ITEFE T TSN TSM. GST 2L FH A E A — & I RE T T] .

Table 1. Comparison with state-of-the-art models on Something-Something-v1

= 1. 5YEkHEITRAIRAIEELZE Something-Something-vl #3B& Fi#E{TXIEE

Frames x Crops x

Method Backbone Clips Flops Param Pre-train Top-1 val (%) Top-5 val (%)
TSN ResNet50 8x1x1 33Gx1x1 N/A ImageNet 19.70 46.60
TRN BNInception 8 x 10 x N/A 16G x 10 x N/A 18.3M ImageNet 34.40 63.20
TRN BNInception (8+8)x10xN/A 32Gx10xN/A  36.6M ImageNet 42.00 /

Two-Stream
13D 3D ResNet50 32x3x%2 153G x 3 x 2 28.0M ImageNet + 41.60 72.20
Kinetics400
NL-13D 3D ResNet50 32x3x2 168G x 3% 2 35.3M ImageNet + 44.40 76.00
Kinetics400
NL-I3D&GCN 3D ResNet50 32x3x2 303G x 3x 2 62.2M ImageNet + 46.10 76.80
Kinetics400
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Continued

TSM ResNet50 8x1x1 33Gx1x1 24.3M ImageNet 45.60 74.20
TSM ResNet50 16x1x1 65G x1x1 24.3M ImageNet 47.30 77.10
TSM&En ResNet50 (8+16) x 1 x 1 98Gx1x1 48.6M ImageNet 49.70 78.50
ST™M ResNet50 8x3x10 33G x3x10 N/A ImageNet 49.20 79.30
STM ResNet50 16 x 3 x 10 67G x 3% 10 N/A ImageNet 50.70 80.40
GST ResNet50 16x1x1 59G x1x1 N/A ImageNet 48.60 77.90

GSM BNInception 16x1x1 33Gx1x1 N/A ImageNet 49.56 /
ResNet50 8x1x1 33Gx1x1 24.3M ImageNet 47.89 76.78

BATRITTIE

ResNet50 16x1x1 67Gx1x1 24.3M ImageNet 49.74 79.03

Ak, AT T 7E ResNets0 AFEZ LI LDTM b, 18305 b seie B ins 2. k¥
ResNet50 W45 {13 ERHIE R STOR, 18 XS BE>, A% Bk 56— EB, 1M WEE =4 Stage
BN LDTM #idk. RATRIM, £ 3 MERZ(— M ERZE R ResNets0 241 —> Stage) /5 A
111 LDTM #idk, mT AHUAS BB 4F AU RCR . FERGRZ B IR 2 5 LDTM #5idk, B T2 8 SURHIE
B, MRZME S PFREERR, SEVEREEGH T, 2428, £ Stage #BIIA LDTM, REHL
PRERUF IR, (AR AS T 38k Gy R B KT =

Table 2. Comparison after adding LDTM modules to different layers of ResNet50
Fz 2. 7£ ResNet50 ME R EERBMA LDTM #ERFHIMEREELER

Stage Top-1 val (%) Top-5 val (%)
Conv2 42.6 71.8
Conv3 453 74.3
Conv4 44.6 73.4
Conv3 + Conv4 46.9 76.1
Conv2 + Conv3 + Conv4 47.4 76.2

4.3. ATHRALST 4R

BATHRATN 7725 TSM BALTE ResNet50 H 1M 4% 28 1 JZ 51 Convb J& #5321 FIRFIE E FT AL o 5
FERTDUR IR, FRATT00 776 T DAZE PR B iR 34T Rk | R =2 & 4, fERRAIIES, 5 1
55 4. 5 WiRHEET, NTFAERARRS, 575 B ARXIRERE 73 B0 1 5 R A GHE S, HRX
AT R AR XWIE, BATII TR 7 18 SRR E AR A 2K
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Figure 4. The heatmap of “pulling two ends of something but nothing happens” action, where figure (a) shows our methods
and figure (b) is TSM model.

B 4. “NEYHBEREBEHAEBZLE" ITAMSRELTE Convd FHFHERE, HP(FRTEMNNSE, (b) TR TSM
RE

5. &5RIE

FEAT R BIESS s FEI AR R MTTRL R DGR v I SR BEAT AT N R AE B T A . AL
FRAREE VR, T PR AU A T AR 10 A 2 B 2 o ) SR R i A R AR R BUT TR B R IR 2
BEXTCL R R R, BATSR TP I8 TE 702 SR AL 2 S L (CME) 5 AR MU 5 8 Bl R B
(LDTM). CME MEBRAER AW A EAE, XA AR R f s shRF AR AT g 65, JFFIRTE LI e 8 iE
PO B SRS TE AT, 0 SR IEE HEAT 0], IS B N A R E S RFIE. LDTM REBUR
FIXIE) LSTM 2%, bzt B 2 At [ 28 AT I e L) B R SOOR AR A2 2T, MR OAT DR ) o AR A ) et i
o7 A B . CME #Hts LDTM BB A S i NRHAE A e  4ESE 3K Fe v B A AR Bt A\ 21
IR i B HEAT S0 o (427 30, ARSI A T SESAACH T, B TR AR e . ASCE
NI 32 B RFAE S 55K I AR ) R 7 TRAT AR AT 8%, R SEBRATT B IR 7 T [, g ik
—IBRACIR T, ARAS A IR RE -
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