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Spatial and Temporal Features Aggregation Convolutional Network Model
Based on L ocality-Constrained Affine Subspace Coding

ZHANG Bing-Bing LI Pei-Hua SUN Qiu-Le

(School of Information and Communication Engineering, Dalian University of Technology, Dalian, Liaoning 116033)

Abstract  Video-based human action recognition is an import task in the field of computer vision. It is
widely used in video surveillance, virtual reaity and human-computer interaction. This is aso a very
challenging task because of the large amount of video data and high requirements for computing hardware
systems. An effective video representation needs to consider spatial and temporal cues simultaneously. In
recent years, researchers are working to develop general network architecture for video classification. 3D
spatial-tempora convolutions that potentially learn complicated spatial -temporal dependencies but the large
number of parameters in 3D CNNs make it hard to train in practice. Two-stream architectures that
decompose the video into motion and appearance streams, and train separate CNNs for each stream, fusing
the outputs in the end. Among these successful network architectures, two-steam convolutional network has
a great influence in the academic research field. Two-stream convolutional network can model the
appearance and motion information in videos, and becomes an important basic network model in action
recognition. Two-stream architectures essentially learn a classifier that operates on individual frames or
short clip of few frames possibly enforcing consensus of classification scores over different segments of the
video. At test time, 25 uniformly sampled frames are classified independently and the classifications scores
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are averaged to get the final prediction. However, such architectures mainly focus on learning of spatial
information of a single frame and the temporal information of a few frames, thus failing to effectively
model the long-term information in the whole video. To overcome the problem, we propose the spatial and
temporal features aggregation convolutional network model based on locality-constrained affine subspace
coding. LASC coding method has achieved the excellent performance of in image classification and image
retrieval tasks. LASC leverages the semantic probabilities of local patches to learn the aggregation weights
and construct the semantic affine subspace dictionary, which produces more semantic and discriminative
global image representations. Inspired by the classica LASC coding method, we design a LASC-based
structure layer to insert into the last layer convolutional layer of spatial stream and temporal stream to
acquire more robust high-dimension representation and the two fully-connected layer in two-stream
architecture is totally replaced. The core of the network is a locality-constrained affine subspace coding
layer, which can be embedded in the two-stream convolution network for aggregating spatial and temporal
features of the whole video to obtain the global temporal and spatial video representation. This layer
consists of two sub-layers of computing weight coefficients and affine subspace coding, in which
parameters of the layer can be optimized jointly with other parameters in convolution network for
end-to-end learning. Besides, three regulations, i.e., soft orthogonality regulation, infinite-norm regulation
and spectral-norm regulation in cost functions, are further studied to ensure the orthogonality of affine
subspace bases during the training process. The proposed method is measured on the commonly used
UCF10, HMDB51 and Something-V 1 datasets, and the accuracy of our method is 1.7%, 8.7% and 4.3%
higher than the classical two-stream convolution network, respectively. At the same time, it achieves
superior or competitive performance in comparison to state-of-the-art methods.
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Hirh Loss 7% 7% B 52 (B R F50I AR = fi] f 451 25 oA 8
Ry, MIENT, 253U, 7Eft o B i 45 122 18
IRy 33.1 WE 333 W IEAIEA Ry 1Y = AA
[T 2. 78 W0 2% BEAT S 1l fe 4 I, K Ry X T U, Y
CS I EVACIE Soy Lo
331 HKIEAR

XF 45 5 2 [i) e S5 J22 19 2 B0 in 8k AE 38 24 R
( SOR, Soft Orthogonality Regulation ), 1% 1F W37 41
TR

=i | ®

X, 2 NFIAMBESE, HA>0. X AR ek &t
sk (8) ML, e A AR, Honl IR VR AL

R, U, ES L B R IESS. S5
TR, Ry KT U B9 RO 400, (U0, - 1) BE
U, B A .
3.3.2 IR

Xt TR 5 725 [ B 2 25 U, e RP, HAH
KREGE LN

ey, )|

Ry = 9)

e [Won|- ||

XH, w, RFEU MBS mIl, m=1.,p. HXEHK
Ly, € [0, KAl B U AT A Z ] A G PR o
T U, N IER s E T IR, w, WEN %A 0 B
HHRT 0. (W, W, ) TTAFVER Gram AP U;TU;
B miTngl, XHE mzn.
WERACE EAEX MAoT R, WInT LG DL 4R
J TG 55 A Oy R B A5 A0 OC R B w, e/ ME
P E B, EWA g
Ry = |uiTui -1 (10)

2 1E W I FR S JC 25 S B4 % (INR, Infinity-norm
Regularization ) .
3.3.3 JEE AR

R SCHR[40) 56 T M A B S5 BE 1 I A 9T
U, 7 A PRARIE M . X F AT it ze R, A 4
JEFICER, MAFE—MRNEL S, € (01) , T2

2

(1—5W)<%<(1+5W) (11)

Z|

Mr=nht, EEREEEFRTLUES N TFER:
[T S P (12)
IzIP 1‘ wes

& o(U;) = sup(”UZZ” R”,Z:&OJ B U 0
¥, sup foE B, K515
o(U;TU;, — 1) =sup M (13)

zeR",z#0
A PR AEREME UM 2R U, Eﬁc W24 T
TEr=nFREN T, &

IMEA BRAFHRE B 5,
Bf/ME o(UTU; = 1) T4, IR I R

R, =1-0(U;"U, - 1) (14)

IZAE M TFR 2 R i 529 5 ( SNR, Spectral-norm
Regulations ) . #EA7 M &8 3500, Tt
(14) FEX U, — | SEATARKE M, TN 5
Ko AT WA B, Al il Bk A k1
IJF%EUTU — | WAL T e RENLRTIG A — 1 )
ueR", @ETEC



1596 L2 /I A= S 74 2020 4F
(U'U, -N)"u (U,'U, - 1)V (15) FEMTEC, H e mT LUAf E SRR, SR DA HR A ]
[T R VAV WX AT HEATSRRE . o RGB [l 15 K% Hoxoh B i e 7 el
U TU -1 R GAEATREALE B, Ab B 5 2 ) 3 i A BRI A
#(UTU, — D)=uT (U,TU, — 1) (16) 224x 224x 3, W [H)Fikm A BHRK/INA 224%224% 20 .

Al AR LS B p T 2 2R B S O(mn?) | T
i FAAGE S i v 15 2 R O(n®) , gt ik
WEERAR TR E . A, B OREORE
k15, FEEGT I TR ELRE S R LR S 1.
4 £ I§
41 HEENA

AT 3 AH AT AU EE 4 UC-
F1018 . HMDB51™F1 Something-V 1" % 3 T J&)
LY 525 1] G ) G e 25 R AE 3R A 5 R0 2 kA7
PEREVEAR . Hor I I il 52 56 2 78 HMDB51 24 4
FIEE 1 A5 LAY,

nE 4 (a) (b) (c) s, 4%k UCF101,
HMDB51 F1 Something-V1 %4 4 Hh il 904 28 3+ Hf
Wi 19 RGB B4 1. UCF101 4% 101 Fh AfKST
Sy, A3 13 320 MMF A, EEIEE IR T E )
114l . HMDB51 £ 7% 51 fh A&7 K, 2t 6 766
AU F ), BE—2tT R =D PIA 100 NATEEA
B SR U B ORI T 5 AR L B B, AT
RIENZEF K, TREL, & HEEEE RN
Pz —. XN EERERAE 3 FORTE M 43I 2k
SRR, 3 AR AR e R
VE R Je 2 1 43 25 45 B . Something-V1 4 4 1 &
174 Fh AT R, it 108 499 AN HIEUF S, B2 A
S5WENEEAT R, ZBIEERA 1 ARl g
FRAE R 75, RO AR AR R UM T 5.
42 SLEEE

SEEFEHLECE . CPU A Intel Core i7-4770K
3.50GHz, 64GB N 17, GPU Sy it NVIDIA GTX1080ti.
ARSCE B TensorFlow YR 242 T HA S, =5
A AR TE ImageNet $i 22 F 7311 245
V GG-16 AR st 18] 3 4400 4 AR 0 2 XU 4 R IR
2% () BF ] A5 A 7 UCF101 il HMDB51 3446 11k
PR VGG-16 B, IRt , B Beh
S1RFE 25 T RGB B B HT 1 18 6 U EZ A3 SR
g 23 [V 7 10 4% 11 6] 37 190 2% B g AL X9 50 SR BRI 2
SCREXS T —BeA, 0O A i, [ml i is e R

@ https://20bn.com/datasets/something-something/v1

@ https://tensorflow.google.cn

A ZEOTEE P RE Sy 3B 1000.

(¢) Something-V1 ¥cHi 4 RGB £l {47
K4 $E4%E RGB KGR 6]

W 2 A A Al P 1 3 AR A R, Hoh S
ik 'E N e=1e-4,8=09,5,=0999. MLl %t
FERHWB BT 56— BN 254%, 222
iR 1e-2, #:4% 5000 K5 FEh 1e-3, Fi4tid 5000
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UAEAR. BB Bl 25y 2548, LASC 452 F1
convs 2. ¥ Rh led, 4L 5000 WG R
1e-5, FEZad 3000 YRaEAC. 25 [a) AT X 28 FT [a] i )
25 R ST YNSRI, U o 25 1 A5 3 A e e T ik
FER AT Y. IR, e — A0 B 2 A R0 A i
P50 250E, ARSI B v 3450 R 25 i, B — i 4]
GW kL, B, £ FMA, A AmrE sy
5 ANEMGE, XA [l 4 EZ B RNk
224x224x3, 541, Hi4 25 i RGB E% 0] LA
BEN—A2S L, T A ] R0 45 B 15 ek
INR 224x224x 20, HE 54, AR H R 25 Wi E
BATLAR G — W EERIK . R4 BRIAE Rk A
M7 R AT, X 10 4 G He G T E AR R
AT F B e 2 .
43 BEHEBEMS

B, AN S/ HMDBS BURER S 14
X153 EVEAG T LASCE5 1 2 1Y 123 (8] (1) 8 i M
M Fos I 4esE p. AR5, PG T = AORTRIE
LAFRITIERESE A .

(1) WL FZE R EE M . SERIRE N
et 5 910 250 DU 24 S A7 S 23 TRl i 2 i 240,
FHF IS YEE p=512, WS 1=05. L4
RE 5 R, 7EM M 4 B EHEINZE 64 (il ferp,
SPRUER RS 9N 45.9% ., 48.2%. 50.1%. 50.3%.
50.8%1 52.2%, Fifi & 17 51 F 25 [R50 i 38 in o0 25 ofe
R AW T, 76 M =80 i, IR BIVER A BT T %,
It DAAE LATF 0 SE 50 A is B A5 25 () 40 M =64,

53

46

048 16 2 43 64 80
FHFS R (M)
K5 HMDB51 45 14043 [ iPAL 7+

(2) VAR 3728
SRy« A P S 50 ) 24 A S T i 2 I S 8
HBSE2=05. WK 6 Fra~, X4 p/arili 64, 128,
256, 384, 512 i, /S A % 5 P i 6 b Tk,

S[AEE (M)

ST RO4ERE p. BLAT SIS E

Y p=5121), JFMERIFIET] 52.2%, I T3 ]
B Ak B VR AR B 4 B — B0, Ud B v 4 B T LA -
Z0) 1A ) Y T A 5 S 25 (R B JLART 454 . 7 1~
ZMIERHEMMAEE p/ N T THRIEMLERE, p&K
BUE R 512, #R4E DL B S EOEAE SC5, 768 DLT B 52
i, BEFRTEMNEERIM =64, FHT
(] B 4 B p=512.

(3) PEAG =R AR R IE AR AR T S5 A .
SIS EE R M =64, p=512. [§1 6k 1 HL0.01 F|
0.9 MIARRIBUEE LT, FIELAH, oI5 R
FIE T ER 20 X = AN [R) 249 R 3 S Bff SR AR 1O

53

HERH (%)
3

-
oo
T

46 . . :
64 128 256 384 512

FITZS AR ()
B 6 HMDBS51 %5 114y FiTAli s Fos

WNIE 7 Frzs, =R IESS A I 1k B d AR
1315 I3 Q 1= e 5 N R o L A AW T e s
LRI B S8 A A I A G — R 1Y
M, XU AR EAG IR SR TRV A
AR, F P 7 B9 =2 il 2l ITE =P IE A 2 RJ7
b, AR TERERAS , AIES AR R TR RE

52.4

SHI4ERE (p)

—+SNR

it IR
520t / f 1
g
¥
£
@
51.2
51.0¢
50.6 - L L -
0 01 03 0.5 0.7 0.9
TE 2%
¥ 7 HMDBS51 385 1 M4 EPEAE =F A RIEAS
AR SEA
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T TIFMELI R, FEVEAS A R, X =R E3cZy
TR M R AR 2 T X AS R 1E S L Bk AT T A
T 5 A AN [R) 1E A8 2 o vk U G
fig, KK 7 h =R IESS AR R AR Re i — A0
FF L. WSk LR, BOERARAE A=0.10F, 4
BUERFIR T 52.1%, X T IIFIEEA R, 24 1=0.01
I, 32 e 235 3] 51.5%, T TiEE s g, 4
A=050F, ZpRUERIF N 52.2%. A LIF HX =FhiE
SCA Ty A AR, BRI S Z R I ik 53
WA I I A REFEA AR, 111 B 4 A TR 0 v A o
FEREUER SRR P2 A i, BT DATE LA T S 56 ook R
UK, ,, HiXE#ESE1=05.

%* 1 HMDB51 #iE&E splitl E=MAERERXART
LASC BE&MEMEEELE (ZEIR)
EAZ AR I 2 HEHR (%)

IEAZZ W (SOR) 0.1 52.1
TCIFTELZI R (INR ) 0.01 515
TEEELI R (SNR) 0.5 52.2

4.4 KIXFEMBRERMBER LG
4.4.1 LASC 2544 253 il A 2 [R] FT 8] 375 ) 2%
50U A R R0 25 A R L A

MR 4.2 19 F1 4.3 W E I SE, AN RIF T
—AITHRL S, PEAS LASC 254443 Al A 2 23 8] ik
RIS B 0 D0 2% B D ik, Eb 28 ) 2 2 WUt A FHL I 4%
RO P MERG %2 UCF101 1 HMDB51 %44 3
AR F BRI e 2R U 2 FR R 4% 1 A Oy i
SR A B BEALE B 25 T, ARG e
10 N EMG L, XF 23 8] 3 R 25 BEAS AR BRI RN
224x224x3, 31 250 A, 1 %o s a3 X 4% i R AR B
HR/NA 224x224x20, it 250 4>, AR EGHLAE
ki A HE 285 ot ST AT TN, X 500 A4S
I B AE R I AN BE ) e 2T . AR SC A
WTECTE 4.2 /NP AZE. PIFR 7k A 5 X 51
T T XU R 25 A AE TR B FE A7 22 WOR AR, AR SO
TEAE DN AN 3 s AR X AT 1 T Z2 R A

3 2 i, 76 UCF101 BiidE I, Ak
B 25 DL I 4% Bsf T S IO 6% Al 5 F 1 D) 246 43+ 3]
WA TR TH T 3.2%. 1.2%F1 1.7%. 7F
HMDB51 %#i54E I, i% #2743l 8.5% .5.6%F/1 8.7%.
DL b S26 25 BISIE T8 LASC R e A B i 354
Do) 24 A5E T80 X5} 25 (] TS (1) 37 ) 245 M RE i AR 3] T
YER, TE25 A3 M 2% 1 p 32 7 TRt el WA,
A UL ) 45 PERE B T AT LLIERH LASC 3R A W 2%

PR G RRRRIIA IR, R T TR R
13 U ER .

T2 JHRRSCIS: LASC £ 588 N\ I ER F1AT18) 3 B9 STk

WiRiS UCF101 HMDB51
25 [A] i 78.4 422
23 [a] i +LASC 81.6 50.7
s Fsf [) 35 87.0 55.0
Wit
% I 8] 3 +LASC 88.2 60.6
FGr 3 (8] I R[] 3 91.4 58.5
fil £ 23 [a] i +LASC 1
93.1 67.2

B [A] 7 +LASC

4.4.2  PRINF R YEFE T 25 S0 LR

FEMF ] 4.2 97 F 4.3 e MSEUE T, % 3
X2 SO v 5 WU 4 B X 4% 1) R AT 2 3k 4k B R S50
HPET T RO, A SO R RRU 2 B R £ 1 X 2
V) JC DO 265 TS () 38 O 286 IEA T S R A 1, Rl ik
ST A IR T 1) T 4 %) 00 o 50 AS = 1 e 28 11
T 585, TR 24 Jr WAL 2 38 1) 4 3 s 2 T ) 4%
VRS [a] 37 4 Joy IR A 22 3k 4k FE A A, nk 3 Fiow,
XU A5 B I 4% A A ) AR 3 3K 4 2 Sk 8K, AR S
D5 B A ) e ik A [R) i R ah b e 32K, A&
IRFEIRYEE 64K, 4 b D LS B
AE fi% FE A7 25 AUA 0 23 1) AN A [R) 45 L. e ST M 4%
W, SHEBETEZEN - EESH, ¥
LR M 0 285 B I S RS

® 3 ANTFGIEMBRE R ML SRR IKLE B R W 4%

SHEWELE

ik WA 3k 2 i (T EE S
WU 5 LR 45 146471 8K 268M
AR ICTT 64K 66M

ST, HT LASC 450208 7305k
R G 2R, ASOTE MRS 5N
66M, [JERURERIMLAY U4, HIEPERE L XU
M&A TR, X—HEREEIEN, AT
LASC 256 )2 M, (75 UL I 45 R A% HA5E o 24 1
FLAr R 7 8T 0 A 2 P AT 4 1) 2 55 R[] R 56
45 ANFHESHAMITAIRR G ALK
451 UCF101 %#i 4 1 HMDB51 %45 4

7E 4.3 THE RSB T, AN
ASCHEEAE UCF101, HMDB51 iX 2 M4 - 5
HAWAT AN iR T T L, SERas RN 4 r
N RPNEER AT LA ATy, BRSO
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25 HA R 3 5 B4 BIE W B SE G 3 R4 b
SERHER R A L s HOR BRSO ERLA IDT FRE
SHAb T RS IDT FRAFE Y 8.

®4 ANFESEMITARMNGENERE (%) LR

DIRiS o 245 2 A UCF101 HMDB51
BN LS vGG-16 91.4 58.5
X AS R 45 +3D 45
143D 3112 VGG-16 92.5 66.4
c3p 3D HIM % 85.2 -
TDD+FV [*® B IURIE + 4 i 90.3 63.2
TSN (28 BN-Inception 94.2 69.4
LTCR4 s B R R 4 91.7 64.8

VGG-16+1 75 5

ST-Pyramid®? AT 93.2 66.8
ActionVLAD VGG-16 92.7 66.2
A ICT7 VGG-16 93.1 67.2
C3D + DT 3D BRI 90.4 -

LTC + IDTR s B R R 4 92.7 67.2
ActionVLAD + IDT??  VGG-16 93.6 69.8
ARICTTEE+IDT VGG-16 93.9 70.1

mzE 4R, 7EA5 IDT FRFGLES ISR T,
A J7EfE UCF101 A1 HMDB51 | #ERf %Ik F| T
93.1%F1 67.2%, kXU 3 B 4 L4710y pe fR T T
1.7%1 8.7%, i3t LASC 4544 243 Bl A 2805
ggrp, PO R BERY 2 A A [ AR AE R AT R A, R
B4 TR TR, B8 06 45 g b et a0 XU 3 BRI 445
ARSI 3D 2 F+3D Ak 7 kP A B 4R
FABHRTET 0.6%F1 0.8%, %5 AER A s [H Al
A [ALERAE A9 7 1k 2 3D &AL 3D b #fE, BAT
78 35 50 it LA 2 TR AT )45 B, (13 78 25 5
BT, AFAEARBOAE B A (5 BRI B4
A3k C3DMIAM L, A H 43 2, 7 UCF101
B FA 7.5%R04 T, C3D Ak A JE LA rh 3 —
S R E SRR, FEXREMIE LT, 12Tkt
A EABPU R B B RSO TDD+FVI
TEPIEE 4R L 4T 1.4%F1 2.4%, %2
Lo o g AESE, [ B BARHERL SN FV 4
i, WA TR A, AR SOl B AE G )
S R A AR 2 v A B oA R 2 A S 3]
HIHEAL , REMS IR A 4% 1 5 B A 3. LT CI o 4 45 451
BT T i A R T R S A B B A IS R
R HEBRBUZRM 3D B, K AENE
HEE 60 WA T, WA S e E BN
W, T EE AR LR T AR SO, X

AR SO i 1 A A 7 2 RE % 2 B 35 45 B AR 1Y)
23 [] FI 1] 145 5. TSN J7 1 1285 7% S it 7 I AN [
2T RA AR R By r=C L, B, TSN
B A M) E TN G AR R F BEAG 25 8] R a) 3
ik, BEFEEHMEMAN L, WA SO E T
LASC #fish i) )5 s A AN R ASE F BBE 118 23 ] F s (]
FRIE. T BB R AR SO kS TSN Jy ik 1 SE 56 15
HEABEARE, (1) 56 RN %R,
A VGG-16 =81, 1fif TSN i F 1 8 % 1Y
BN-Inception #5571, A4 TSNP il s 645 3L
FI F BN-Inception #5574 4 g (1) XU 4 £ W 2% 78
UCF101 %t#is B4 1 AR5 b a0 o o R e
VGG-16 F I 1.1%. (2) TSN 7 fdi ] 7 3 £ 4%
SER. Bk, AR E[H T RGB BHZ A
TR PR SAE E, 1 TSN JrkllfEi il T RGB
G, e EG . ZBRCREG =MESER. R
TOFLeEe, RATANTE T —4UBr i s2 s, A R 52
U E LA X AT T . HARHL, AR
HI#E ImageNet I il 2k VGG-16 %Y, L) & RGB
BUE (ZS B3 ) RO S (B ) AR s
B, 7E UCF101 ¥#ifEmss 1 AR Bk rscss.
TSN (AR BIHER R R 92.3%, 7% SC 75 1R 5 v ff
RN 93.2%, BEMSIEIIAS SO R #y. ST-Pyramid®”
£ UCF101 M5 B IEAR 5A L —3, MMifE HMD-
B51 #difE LA R E AR, XJEH T HMD-
B51 4 4 Hh i MU H R 2 F UCFL01, T4
SCH5 R B 5 B A ) L RE A5 R AR 31 5 Se S A K
AV, PRI A X 3k S AR Y AR A T S, AR E
(1) 2235 REAS FEB LA 1Y) 52 3445 8. [AII, ST-Pyramid
Xif 2 [B) RS )RR AE 2T T & FIER A, BAa Lt
A SCH N 2. ActionVLADP VLAD it A %
MU AT 2w, A SO VR P B 4 L He i
FARTE 0.4%F1 0.7%, X EZRARITEM LASC
S KA J2 T 8 0 0 5 28 ) 7 B2 1 T R i Y]
BBl A% J LT 254

TEIA A SO S IDT ST RS, I
SFFERE T IDT FRAF A AL 5 e b 47 e, AR
ffi 1 Peng 2 N7 vk, ZERUU R EL IDT 454E,
RIS 5 M AT B 7 42 B HOG, HOF Fil MBH HRF, fif
RV XF 3 MR T 4 dis, 15210 3 Fh A )
A3E A SVM G328 i Xt A [ it [ 2 fr) 500
R B EAE ] IDT RRERY SYM 203, A kS
IDT $RfF#E TRA RS, IDT $RFf SYM %52
V) J7E R EF TR0 378 ) R A30  328 903000 43 500 £ 85 488 o A il



1600 it A

i 2020 4E

i

brushhair [}

; stan
swingbasebal
SWOTC

swordexercise

wave

&

: ' \“"&-\""Do"@'k_ -\\? S S ] 6,’; i '\“o\\%{ '\O@ S W
BT TG ARG G

109

10.8

10.7

10.6

10.5

E 8 7 7E HMDB51 $Hi4E I iR 16 H bE

A TEALE IDT $RIEZ G, AL — 4R
T, 7F UCF101 %4 45 fl HMDB51 B 4 b 43l $2
= 0.8%F1 2.9%, ULHHA L kY IDT FRIEEAT —
EMEAME. SHARENE T IDT $RER LML,
WEA—ERR. 5Lk, A AT AR
Wl A EEfE UCF101 il HMDB51 i 7 A
SR I A R L
452 Something-V1 e

ANV FEFALE Something-V1 B4 F AL
RGB EIGUE 75255, RIFE FITAl 23 [A] 3 9 45 14 AR 1
TEOLT, KA SO 1 5 XU B B 25 F1 TSN 5 ik ik
g, T X b Bk B AT A % R B B S
By, 25 dont B A 4h S O 5 IR SR I 45

% 5 Something-V1 HEE LA HFZSHMIT ARG
FERERE (%) B

WiRES HELTE MR (%)
WU 2 LY 45 14471 VGG-16 8.9
TSN [ VGG-16 11.6
AR SCTT VGG-16 13.2

W 5 frw, SR AEFLRIZE A TSN Y18 51 v
RIYHIN 7.6%F1 11.6%, 7 L7772 H XU 4 FH W 2%
FTEET) 4.3%, b TSN 7427} 1.6%, REASIE

LASC 45 #4216 5 A 9000 5 SRR A i 2 21 1 1 .
46 AXFEREEMESH

TR VB B BE A 40 11 U B AR A — 2R 1L
RPN R G IR B W BV EZE]. A T 2 A
SO IR IR A I, &1 8 A SC ) i 7E HMDB5L (1)
51 ARSY ERTRE M. R 7 R, ASOT
X CglRm BT CREAATE” . CEERT M T
IRFER” X 4 A SIVEPUNBOER BT, PUNHERR 5
ik E] T 100%, 100%. 97%F1 97%, SRifiA L
TIEFE “4&1” . “HEF M Py X 3 AshfESW
TUM AR L 22, ROMMERR AL R 17% . 23%F1 23%.
A A IRBRHSNES A0S T8 g
FBISL” LA “ZRe)” M el . XA ER
BRI ARRINE, IR & AR TRV 1 R AR K Rl R
SEPABIAVE AL S AH R AR BE IR, 9T AAS ] i) sh R
FER AR R B8 RN AL A 91 an 25 1 R4 81 3 1
ANEERRE S 81" X IR, (R AR
WG “WhFE XIE il
5 % i

AR AT o 2 B BURE 3 R I 245 TG 1k AR AR K

WHE BRI, R T T R il 2y s 0 S 525 18] 4
B 25 FRAE R A B T R B X S Rt R &
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W 28 1 ik FR R R IE S, A, 7R IS5
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T—FRINHRSCE, B TRAISE, #F UCF101,
HMDB51 F1 Something-V 1 ¥4 4E ) RGB [K{§ 17
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2, G IDT FRAEREUE— 22 THR BIERG R, [FIT,
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Background

Video-based human action recognition has drawn
increasing attention considering its potential in a wide range
of applications, such as video surveillance, human-computer
interaction and socia video recommendation. For action
recognition in videos, there are two crucial and complem-
entary cues. appearances and temporal dynamics. To model
the two cues above, most recent video representations for
action recognition are primarily based on two different CNN
architectures: (1) 3D spatial-temporal convolutions that
potentially learn complicated spatial-temporal dependencies
but the large amount of parameters in 3D CNNs make it
hard to train in practice; (2) Two-stream architectures that
decompose the video into motion and appearance streams,
and train separate CNNs for each stream, fusing the outputs
in the end.

Two-stream architecture-based methods have been
widely-used in academic community due to its less comp-
utation complex than 3D CNNs. However, two-stream
architectures largely disregard the long-term temporal
structure of the video and essentially learn a classifier that
operates on individual frames or short clip of few (up to 10)
frames, possibly enforcing consensus of classification scores
over different segments of the video. At test time, T (typic-
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aly 25) uniformly sampled frames (with their motion desc-
riptors) are classified independently and the classifications
scores are averaged to get the final prediction.

Based on two-stream architecture, we present a structure
layer to aggregate the long-term temporal information
covered the whole video. The aggregation method is inspired
by our previous work on the IEEE Conference on Computer
Vision and Pattern Recognition of 2015, which is called as
“From dictionary of visua words to subspaces: Locality-
constrained affine subspace coding”. We extend LASC to a
structure layer with learnable parameters that can plug into
the CNNs to realize end-to-end parameter optimization. The
structure layer is inserted to the last layer convolutional layer
of spatial stream and temporal stream to acquire more robust
high-dimension representation and the two fully-connected
layer in two-stream architecture is totally replaced. It is noted
that the parameter of the prosed network is 4 times less than
the original two-stream model. As the experiment results
shown, our method achieves the better performance compared
to the other human action recognition algorithm with the
comparison of relative fairness.
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