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Review of deep learning-based video prediction

MO Lingfei, JIANG Hongliang, LI Xuanpeng

(College of Instrument Science and Engineering, Southeast University, Nanjing 210096, China)

Abstract: In recent years, deep learning algorithms have made significant achievements on various supervised learning
problems, with their accuracy, efficiency, and intelligence outperforming traditional machine learning algorithms, in
some instances even beyond human capability. Currently, deep learning researchers are gradually turning their interests
from supervised learning to the areas of reinforcement learning, weakly supervised learning, and unsupervised learning.
Video prediction algorithms have developed rapidly in the last two years due to its capability of using a large amount of
unlabeled and naturalistic data to construct the forthcoming video as well as its widespread application value in decision
making, autonomous driving, video comprehension, and other fields. In this paper, we review the development back-
ground of the video prediction algorithms and the history of deep learning. Then, we briefly introduce the human activity,
object movement, and trajectory prediction algorithms, with a focus on mainstream video prediction methods that are based
on deep learning. We summarize current problems related to this research and consider the future prospects of this field.
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AL LSTM(peephole LSTM), iZFE AU AN T — 50
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Fig.1 Architecture of generative adversarial nets
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PR ITI Ry — AN I 2 40, B A AR
L T RSSO A B R B, 28— PR felt AU Am 3 1
BAREIATINZGAMNL . 2 1 450 T30 % HEE
AR AR S 18 43 STk
PRSI — BB T [ S B 25 2840 L s

28 9 24 AR R A FROX T R 245 20K, 6 2 DR o R T
LA 3 JEAUA i s BT SCHRMESE o T T A 142 R
X3 RAATI A

F1 WRTRNE AR ARIEE

Tablel Common datasets used by video prediction

algorithms
INFEHRSE 1 PR B3 S () AR TR S ik
KTH*" SCik[65]
Human3.6M SCHR[67-68]
UCF-101"" SCHR[13, 43, 70-73]
THUMOS-15"" SCHR[73]
KITTI" SCHR[73, 76]
HMDB-51""" SCHR[13]
CityScape'””! SCHR[79]

4.1 B4miBasLE

FI it i AR AT DL R AT o 580 R 4 i, PRI
TR Z A AR R ] B SRt ke 24 T 400 i e 4
FAERL . JET A mbth a5 A0 i w5 FH 2844 an sl 2
FIis o

®2 MMBINE AR

Table 2 Overview of video prediction algorithms

HRREERE  BEEE RDRRMRRBTRIMURL B R A R T £l
SCHR[65] 1 1/15+ TEA: U 1SR AT AASTRY]
p— SCHR[73] 1 1/1 A6 L T PR R AT I, A4 Hh 22 WU 25 SR
SCHR[80] 1 1/1 M ] LAA: il {5 i s VR RS
SCHR81] 120 1/1200+ B B Fr, v LA R TR R
SCHR[13] 10 1/10 AT LA [l S | P 5
SCHR68] 10 1/128 HTBREE A
SCHR[72] 2 1/30 STisshxs
BB MIZE R4 SCHR76] 1 1/9 AT LAEKITTISUE b s sl i i
SCHR[82] 2 1/4 EUR %5 5 B
SCHR83] 1 1/100+ ST, BRAEAE UK T 100M14 WA
SCHR[84] 1 1/8 BT A
SCHR[43] 1 32/32 M R B2 T 3 2t el
SCHR67] 1+1 (RIS 1/10+ B AU B
. SCHR[70] 4 4/8 T G BRI
SCHR[80] 10 1/8 PR BB AE F50IE, MERERIAIT
SCHR[85] 4 1/8 PRI 5 15 o3 B AT 285 5 A — il
SCHR[86) 2 1/14 B e SIRPATIE TN
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A~ FESCHA EE T A FsF (1) 2 A, A B 2 AR B0 G
s T TSRS B AR TR R . DABCA I ] 22
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Liu 27— b R B A T SRR, 2R S
— R B ARSI, B 3 MERUZ . 3 NG
S — IR SZ A . Ay O BE 2 (| 45
RN EREMRERZZ A BRERER, 17F
UCF-101 il THUMOS-15 B4 I 9 P 3 A4
PSS b 2 B, %R LY SOk [70] T 2 3
1) 22 ROBE XU ZR A A G ik i 45 R ZE R AR

Xue S5 — R TA8 50 F A0 % A8 X
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WA 4 A o A, AR R T IR 2245
WPz gh) J3, KR 2 s Mg iy, JF B
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BE B0 T B A 850, S A, Vi i 52
B UERA TR AE OB B EAR S L ) U
TARIFAYEER
42 BYFMHEZMLE (RNN) 2244

126 U5 o 25 D 24 ] DAAR -t 647 7 51 B A
TR0 A B A, S — o 371 2% 2 [l 3, AR 200858 A
7SR FH 38 U1 o 2 D) 286 SR i R LA T 0 [ A8, 5T
ALY P38 U1 Ao 28 O 45 R U 4] 3(a) TR o

TRIEE (3,.)
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FRL A%

|
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(@) J3 G -2 V- At L 00 R AL T 0 A 2 B

ﬁﬁ)\{gﬂ?ﬁ” (xls Koy ooy ‘xn)

=

TMEE (£,.,)

g as
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|

LOPNELESS 2]
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Fig.3 Abstract architecture of video prediction model
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(recurrent convolution neural network, RCNN) 4844,
RCNN JE7E RNN iy A i s i S5 AR, il
Ref A AL FREMGR Z5 415 B .

Srivastava 25/ H T — R g LSTM 2244 1
TC W B AT FRAE 2 S B, ARG R 28t G
A JE 5 A LSTM 4%, fhth % v] LA o 72 SRR
L, BCE PRI A R, SR, — A2 i 1Y F 4
T 2 PO 28400 ) T2 A2 0 A B, TS 284 ) T4
{SUFE A fre 3l LI, PR e AR SCHRE T — N A A
52 A TR T L[] B A A D PETAR L T ARk AR, i
TR B A b 2% S P AIE . Srivastava i f5
ToBr A7 > AR S B RAE B B2 ) ——
FES T, IR AE R R, TN AR D i S
BT, JC W BT T 2 > B RRE B BT T 4
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Lotter 25" Pt 22 ]2 10 T il > AE A5 A5
Ja &, B T — B R A A PredNet, %242
) e — )2 AR SB[ I T ) 2R AR 2
PredNet 7E KITTI £#54E 45 K& AT LG —
AR SO SR (G AT ) 1is3) .

Oh %3 DeepMind fdi HIHEF] ik (Atari) JiEAk
AT R I B &, B AR UG AL S 5
EHEGA K, 05 YA E T A ¢, Oh itk
St —Fh g i as | RAE S AIIE T CNN Hl RNN
(R A L R AY . SEIR S SRR, BE THAE(R
S AR AT DUAE e L A LS | AT T
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T T SR AL AR A , 2 AR AT DA 4 AN
[F) ) ZIAESBUAS [R] AT, 24580 = 2l 5 LSTM
4 3%, 30 2 Bk R % B (skip connection) A7 L 15 5
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R N (EE R v A N IR S £ Pe) PSS UIEZEE B T
GBS 2T AN A [ AR T 5 . 31X 3 A
FEAAT A HRIAS T AR A5 3

DL P 3 0 5 82 T SR v B RS, E
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[1E55 . Villegas 55" I i 25K 15 2 Al B EA 740
RTINS A A R R A RO A
BAREER, AR5 TN -E ARk s e, 5SS E K
WREETE— e 2 B, SC a2, 5 A s By
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