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Abstract

Action recognition is a hot topic in the domain of computer vision, and it’s widely applied in hu-
man-computer interaction, studio entertainment, automatic drive, intelligent video surveillance,
and intelligent medical care. Action prediction is a special class of action recognition. Different
from conventional action recognition which aims at recognizing complete actions, the purpose of
action prediction is to distinguish an action before it’s fully executed so that some objectives, such
as accident early warning and crime prevention, can be achieved by analyzing the possible impact
of the action. In order to solve the problem of real-time action prediction, this paper develops a
multi-stage LSTM architecture that leverages knowledge distillation technique. The context-aware
feature and action-aware feature are exploited for action modeling. The proposed multi-stage
LSTM architecture is composed of two stages. In the first stage it focuses on the global, con-
text-aware information. The second stage then combines these context-aware features with ac-
tion-aware ones. In order to improve the performance of proposed method in the early stage, the
knowledge distillation technique is exploited for transferring the knowledge from teacher model
to student model. A novel loss function is designed for the whole action prediction architecture
and the performance is improved with the novel loss function. Experimental results on the
UT-Interaction dataset, JHMDB-21 dataset and the UCF-101 dataset show that the proposed me-
thods not only improve the accuracy of action prediction but also have the ability of real-time
running.
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Figure 1. The architecture of action prediction network
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Figure 2. The global feature extraction network
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Figure 3. The action feature extraction network

3. SHEFHERR L%

3.3. Kk EE
TEBNVE TSI, — ARG T5 8T 48 2% R £ o] DA Sl VR TR B PR e o (48 [2] [11] R Ik iR
BB AR, AT BT A A AR ZE TR 2 B B LSTM sl TR & 1 F T — AN i s 4 2% iR AL
WA MFTR,
L(y’j}):LC(y’j})+LTS(S’T) (1)
AL E TR 5 AN B, B REN B B R s B A (D) PR, (BB Bt ok
REISHCRR . AR(D)F, L, BRI HINER, v RRFERIIRZE, 7 RoRBERMINE, L%
TNHUT X 48 5 24 A 28 R TR 28 AR 2, S o 2 A N 48 BRI 8% NI 20 FOARF A, T 00T X 48 1 B 1K %A
B ZIFIRFIE. R L, AR L EARRIA2H

Le(3:3) == X X (k) tog (5 (1) +

t(l -y (k))

; log(1-3' (k)) )

ARQT, (k) FRAE AR, By (k) =1 TRRARTEN b 5 (k)= 0 RFRAAIR
FHRH ke 5 (k) BB, N RRAERILGE, T RmRNT 0K (W)

Ly (S.T)=aLyg (S.T)=a|s-T]. 3)

DOI: 10.12677/csa.2020.105095 931 THEAURF 5 R


https://doi.org/10.12677/csa.2020.105095

FrE

NGV AFIRAREBR R L, SRR TR P AR 152 3], (A 2R 2 i H A B = R AR
SR BEAE I B T UM 2% 4 H A RRIRUZ R . 3K 3 oh, S A WS AE P A I 2 Y P 2 R A
T N 28 48 i A I 20t B BEOBUR S, o Rz 4 Rk B AU R (A 1

4. SKEER

fEAF T F, 457 UT-Interaction B(IREE . JTHMDB-21 R4 LA UCF-101 $iE4E LA IR vk
SR ER g R, R EI DL R A% 1907 O It 0.1. 0.2 0.3. 0.4, 0.5, 0.6+
0.7« 0.8. 0.9, 1.0 K& VERRAER R IEITRER.

4.1. JHMDB-21 ¥iB&

7£ JHMDB-21 ¥4li 4 I, A )55 DP-SVM [16]. S-SVM [16]. Where/What [17]. MS [2]%5 )5
PILLAR S Rl 4 Fis. B 4 nl, A SO H 51 B AE AR 58 70 BT A U0 Bl 26 | 5z e A8 1 i bt
BT

100 —
90 -
80 -
_ I ]
S 70 f .
o | |
)}
S oo | ’/‘/,/0/0/‘/’—_’_’_‘ ]
= ! ]
sof 7 -
© 40 fF .
% |
£osop —=— DP-SW |1
ol —e— S-SVM ;
I —a— fhere/What
1ok —v— MS i
. —o— R T71E
0 1 1 N 1 " 1 " 1 " 1
0.0 0.2 0.4 0.6 0.8 1.0

Observation Ratio

Figure 4. The result in JHMDB-21 dataset
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Figure 5. The result in UT-Interaction dataset
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Figure 6. The result in UT-Interaction dataset
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