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Abstract

With the development of economy and technology, both public and private areas
have been using cameras for video surveillance. The relevant staff can view the moni-
toring images of each camera in real time, make judgments and analysis of the images,
and take corresponding treatments when abnormal situations occur. At the same time,
video anomaly detection technology based on computer vision has also been developed.
Video anomaly detection technology can obtain corresponding anomaly scores by an-
alyzing the video images. The scores reflect the probability of occurrence of anoma-
lies. When the scores are too high, a warning can be issued to relevant staff. The use
of video anomaly detection technology is timeliness, can improve the accuracy of the
alarm, save human resources, and effectively avoid the uncertainty caused by the staff
and the environment.

With the continuous in-depth research of artificial intelligence and deep neural net-
works, video anomaly detection based on deep learning has also made great progress.
This deep learning-based video anomaly detection technology usually judges whether
an anomaly occurs by calculating prediction or reconstruction errors. When the area
of the anomaly is too small, it tends to cause false negatives. When encountering nor-
mal conditions that are difficult to predict, or there are noises in the reconstruction or
prediction results, the above methods are prone to false alarms. The current prediction
or reconstruction module mainly focuses on the appearance and motion information of
the video frame, and rarely studies the content of the video frame, or restricts the local
information of the video frame. However, the current mainstream research direction in
this field is how to better reconstruct or predict video frames, and the above-mentioned

problems have not been discussed in detail.



iv

On this basis, this paper introduces a new anomaly score calculation method,
which can quantitatively analyze the local prediction or reconstruction error, and pro-
poses the concept of time consistency, which takes multiple frames before and after the
current frame as a reference to alleviate the problem of false negatives and false pos-
itives when judging current frame. In addition, this paper also proposes content loss
and error density loss, which constrains the content and local errors of the image dur-
ing network training and improves the accuracy of video anomaly detection. The main

research contents and contributions of this paper are as follows:

1. This paper proposes an anomaly score calculation method based on error density
and time consistency. The error density-based anomaly score calculation method
draws on the average pooling operation in the convolutional neural network, which
can quantify the difference of each block in the graph, and can characterize small-
area anomalies, effectively to avoid the underreporting of small-area anomalies.
The anomaly score calculation method based on time consistency overcomes the
shortcomings of the existing anomaly score calculation method that only considers
the current frame. After comprehensively considering the abnormal conditions of
the previous and subsequent frames, the abnormal probability of the current frame is
calculated, which can avoid the bad influence of unpredictability of the normal sit-
uation and the sudden change of the surveillance video frame. It is also more robust
to noise. This method is a plug-and-play method that can be combined with exist-
ing methods to directly act in the calculation phase of anomaly scores. Combining
the anomaly score calculation method proposed in this paper with other methods,
experiments show that this method can significantly improve the accuracy of the

existing algorithms in the detection of video abnormalities.

2. This paper proposes a loss function based on content loss and error density loss.
Content loss extracts the content of the video frame and uses the pre-trained model
to obtain the features of the image. By restricting the content of the video during
the training process, the quality of the generated frame can be improved. Error
density loss uses error density to measure the small area difference of video frames,
which can make the generated frame closer to the original frame in a small area.
Experiments have proved that these two loss functions can improve the detection

level of the model and can obtain better results when combined with anomaly score



calculation method based on error density and time consistency.

3. This paper apples the proposed method to the coal mining intelligent video analysis
system. This method learns the coal mining belt scene under normal conditions and
obtains an anomaly detection model. In the detection stage, when foreign objects
or large coal lump appear on the belt, the model can get a higher abnormal score,

send an alarm in time, and obtain a satisfactory result.

Related experiments show that the method proposed in this paper can effectively
solve the above-mentioned problems encountered in video anomaly detection and can
significantly improve the accuracy of the detection results. In related practice, the

method in this article can also get good performance and has high practical value.

keywords: Video Anomaly Detection, Deep Learning, Transfer Learning
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Curve, AUC) . AUC RS A Ut i i A =i d M Sk e 45 (182-2)
AUC 5y, SIS X IR F RS B 0 I RE TR o

FPR =

(2-2)

1.0

ROCH| 2%

B = H ot

AUC

RIEfIE

I 2-2: ROC Bhk

2.2.2 HEiRE

i A I ETE T ROAR A PR, — R ET WO Tk, —Flgd
THREPEN TR ET W PN T 35 AWOY AR FIW e, b R
BRI TR, B MR E N i e A B A R R AR IE
i, B WA N IE R . BET R RN L MR SO AR A W el 2
it 40% LA ERY SR ZBATI T, AP RE & F i el T
/INT 40% HSEARER . WNZMUbR N IR R . BBl



10 $£_&F tHXIE
2.3 EH{AE

G FY A S 3 6 I 50325 S X WA R AR R T 3R B, 98 JR A 15 21 AR Ak
EMEA SRR NEE, HIBRGA R KA. EINGHE (LE2-3), &k
XA S S A AR X BEATHFAESRI, IR ISR 5 L ROAFAESR IR
Frrains S8 I SRR 2O X LERAAE BE T, AT AR AR . 7B B
(LK 2-4), FFAG AN Xiest X5 HIHFAE Fres 0 N B A, ZRATAH LAY
SR, PR RS

X rain Ftrain . G -
VAT | ASEER s o

4] 2-3: RGeS AT A I 25 B

F[e‘j[

Xes |
AL RBERR | | mEsK

4] 2-4: LGSR G I A B BE

2.3.1 4F{EIREL

e G A S e A I 50325 ST R A R AE A T PR L, BRAS REAE XS WAL
FTERF A BRI . FAERIF IR BRI R B R iR, B EE TR A0
HIRZ —

J7 AR JE B /5 8] (Histogram of Oriented Gradient, HOG)!'"! J2—Fhay F 94
AESRHUT 5, B AR RE R U7 1) 5 P SR A A R T B ARRVEE B, &) W
T E %58, HOG 11 & T8 JUAFIG A A A TR AR If B RAS P, AT LA
ZI AR SDAFAE 7 (8 fe 2 S A il i & )7 14 (Histograms of Optical
Flow, HOR)!"® 5] X\ 7t (Optical Flow) " FH, GEXTE G HRIIZNEE
BT B 2-5C R T imit B — il Ae—R1AE Wk LR SLbRIsE)
MG, ALk DEERBASTNTE, W A LA —ITHG

O Fski: https://github.com/ClementPinard/FlowNetPytorch



https://github.com/ClementPinard/FlowNetPytorch

2.3 BmAE 11

AR 2, Rk ERD, HEEREEIFE N —F. A2 EE R0
FE, BRI ALK A B, B M. WEIHRATLLERDG AR
SOIRTE ST, XX B s 7 o AT HERA A9 2 B . HOF XAy Jy 1
BEATSETE . REA MR 1281 L. HOF BRREMGOETR —FEZek i shE (S
B SUSRAN T OGIR RBEANTT M SRR SR s AEILERRT . Yang S8 AR T2
RFSEHE 7 ® (multi-scale histogram of optical flow, MHOF) 2% S AS[H] F
JEVERIBDER TS, RESE BRI DGR 2.

T J' DT
. £ A1 \.
] ‘ A 3

K 2-5: iDL 2

PRtz Ab, AR Y, d2s iR (Social Force model) 22 AR A
shAa# (Mixture of Dynamic Textures, MDT) 231 Z4iFHRE 77 =

2.3.2 BEHEN

SR IR LB DA ST RIREAR . B 2-678 T —4EEUE T Y
SRR HHr, Ny RNy SRR T B A D, DRI DO A B R
NIEREAG. X 05, Brffis Oy Op FUHA — L8500 1 32 2 XY U N
Sl o LRI A IETE T, SRIBURAIE 5 2000 IR YR A T
A, R AN [ S e AR R AL P ) S A T 0

LA SRR I B A BT T A R R R I RE P, XA IR
B —E R, AN, SR G S, MRE e 5 IR
TEAE AR BIER G2 TR A U280, SRR R
WA BRI b IS, 35 5B RUE T X AT RO BER B, R A
S REERTEAETHIMEARARENEDY, BT RIRBL AL,
TR B TR PSP M — S A R S 11 A 0 XSG RA B T AR
SEB, AHR AR B AL E AR

BT S A TN SRR R e R B BE AT A B IR BGARHE 20A A
XA, TR B X RN e e BT R S A5~ (Local Outlier
Factor, LOF) FYEIAPY jlid (Ui & ARSI A HNZ 00 BB AR e 2



12 $F tHXIE

L o]
: O / \\.. N,
o, . \
— e * |
... L L] I|I
L o o
L]
N, . * ‘. I
— o o® 4
o 4 |
fwn & = B
( \® /
o e %
\ e e, * —
L] st ® . o
AY
"\ o s o o,
N e o ®

Pl 2-6: “HERCHE N Y SRR )

FRAIWE AN A o Tang S NP T B TIEREN S E R+ (Connective-
based Outlier Factor, COF) , &M ETIEMMERE, e mipadmit
FTRLER. BRILZAh, I8 INFLOPY, LoOPP 1 RDOS™ ZEfyk, MR HE
ANTFEXN BTN E, WIFTEAR g TR, (B2l LI E
R, HET SR A EE R A

TR SRR AR @ T B S R B B B R S oA R . A —
MR B R IEBRE, 24X SRA T REE T Hss W s e
ML R HT K 48 (K-nearest Neighbor, KNN) PO {1 546 &% . Knorr 45
AP T —FE TSN E, ARl EdNa0T p M0 E, WK
o Ramaswamy 55 A\ P82 1) B0 R X BT A REACEE & T AR A BE B R THE
Jo, s EAF KRR n A, BEARICA R . Angiulli S5 AP 9 BE X I
AVEARTT kB B AT HE Y, et R K n DM R . B
TEEE R FIA WA T ER AR - i AT, HFHS TR . (F2 SEuR4EE
PR RN, T B TR AL, SN 2 T SO IR 2 A 2 A 45 SR AR 2

SZE|F

HET IR S A TN S50 (8 P 2R S ) S AR B 2 15 08 SR AT o
RRTT IR A =ML, —ZIEARTEMBERN SN R, —2E

RITREFEBIL R SN TR, = 20 0 2R 2L TR B/ N R 2 5 A I =L
M. EETREN R K &% (Clustering-Based Local Outlier Factor,



2.3 BmAE 13

CBLOF)™ @ix—RREK B Lz —, BiEil 1% CBLOF kLR E T
WEHIMEE, RUH) CBLOF {EBAAIG, A S B BB .

EET A S R A Rl i 2 A B R S R SN R . XF T A H
TR, HAEW AT RIS AT Xl o3 Lin® S5 A% B 540
fEaE IR B S IEREARAR, B UX SRR A 2 e SR H L
WEIE TR, B 2-7(a) HRHEYIER R X 75 23T 2 IR A RER 2.
Z AR HY R 2-7(b) RS AL X, TR DRI LI A 5 BT R AT
T4 23 AR ESORT I A6 B AR R B RS A, (AL, FRATTAT LIS HY IR AR Y 45
W TR U Y B A28 T ORI B BE AR B R T AR Y ) 9 2 B ATL AR
1, B LAMES F 2 A Rk, BRI E K T4, JHEE 2-7(c)
IR T R X A x, BEES K. WU H, S RREH L i,
WA KPR AR EETRE, B x PR ERKEN TR T R x #°F
BIERAR

e R E, NS/ #-#k (Isolation Forest, IForest) BLiE#iHE . %8545
NWAE B, BB BOEIIZRN B BRSNS, IFH 2 IR
BRI/ 28 AN BOZ TP B B s 80 sl NIRRT, B R
PSR, MRS R B T B fE TRorest A 5, A AT
RS AL, IR A T2 a4 421

itz Sh—Se HAB P S A M B, e TR B A AL 1, S
TR FERINEES . BT REEL NSRRI EE" &, mid bR
FRTYNERUIRIFAE Foain HEATE S S5, EESAAR AL, RIAT A AL
TMARHVIFAE Frese EATHINT, ZRAG X BB S35 20 4o

2.3.3 B4

G e A I R R AR AR I, A%, S B R 2 A
G SR TR, A SRR AP PR AR Y SR ORI AL N, SX A
SN SR NE k-0 ER 2 S RPN o2l

FEFFAESRCE B, R R R 2R T T 68, A REXT B 5 3 Y
PR TAR G AOAHA , B RBUCHE (8 A 28T AR AR BUT =X BEA L
HE BUOMIMIZ S A 2, (H2 T RN B Ik . RHEAY IR BUE 58
MBS S RERAIARSRNE , BIXS AN R A R 5 5 7 B e AN R RO AR A e
LAY R, IR AE RS 2O A R P AT e R AR, BB AT
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5 o

Fep

[
® o

‘ .

Xo
(a) Isolating x; (b) Isolating z,
Q -
\/W 1
R g 2 4
g ©
3
]
3
[]
e
5
& w4
o 4
T T T T T T T
1 5 10 50 100 500 1000

no. of tree {log scale)

(c) Average path lengths converge

K 2-7: S BRSPS D

AELAT BRI AR R AR R BN R A5 250 AT
AL, B REMERR IS NRFAVRAE, X SCRAEREAE & AR AREBR B . B35 7
A A AR, 5 (R 25 P AR SR 1 DU T I o IX SRR AR T SR R X B,
Yy AT AT, R R, HESRRMER I B A —EN Lk =R
FERIMHR A . A REe A RORFAE R U7 200

FERARUFES [ B, BT BT XA R R SRRHE . A R . 354
WA EY R T, BRI IR — A0, MR T Zeit i s ia B e g
FERIFIR, HAIH I, 7 EREff. (HARAEAR IR AR AT I, 4
PSRN REXS A Y AR AEEA TS, A5 2 RGN 25 SRR IR MR 4R AL
ANERT, ST AR ) S g T R R I A BUNER RO S5 IR . (HE
AR AR R, SR R T A= G W, 2 2T
FIXT B e BRI B S i A I SR TRl S X 2B A (R, AR N B



2.4 REFIHE 15
WA B X SRR S 2 ) B A AR e 438 O AN 0 2 15 B AR 22 R AR T

+
4

2.4 REZFIHE

W RBEE R LA T A R, IR MM B2 EEIR HiriRa i
SRR BB RIS TIRFRIZCR . SESER R RINEZRAR, &®
JE2£ ] REAG H ShiR I RAF ROAFAE AU i R T 55 B3R AT HL Ay Ry &6
Ro BTREZ AN FERMERTE WL, —BETENREN R
MG, “RETHINRER NS Z. BRIz, AT =R
REMLE G EIEA— L AR

2.4.1 EFEWRENAE

BT B R Y S R I B A R 4 i — 1 A, SRS S I i
JECRRARU, AR AP S it B AL T 2R 22 SR PN B2 A S e I TAE I ZRI B Al
M T IEEMAR, SR SR ERNRE LR E, (EREFER, S EK
KV EIIRE o

Hasan 5 A M B T EF H 48048 (Auto-Encoder) [ eI E . X
F R A S HEZE, REAR X IESE 2 AR S AR AT B AL, 223 I
TS AR, IR B AR 2 H I S M o I AE R AL I B i -
Hp—A g A dmidey, FRY ST TIRIAFHE, A3 HOG, HOF f]
MIMER: A—TREBHNE RS, Fky 2 . 2T E AP
H g an 9 AR Z X S o TR, IR R R 223 T T M o

Luo 2 A\ U8 fifi FH A AR KA 102 M 2% B 4w 4§ (Convolutional LSTMs Auto-
Encoder, ConvLSTM-AE) [A] i % 1E 5 A0 45 Y b WL AT i gl A 2 3k 47 2 A
ConvLSTM-AE 1 56 {8 F PR /1> W 28 R AR ATE AT A0 38, — 2 s B 2 ) 4%
PSRRI AR — WML B R AEBE T 40 — D 2B K EICIZ M (Con-
volutional LSTM, ConvLSTM), HRid{Zid A izshfEE. SASHIX w4 M
Y5 AR A a A, 58— DRER N 22 3 B AN AT IE 35 2
FEEA

Nguyen % A $7 H T —Fhish & SDWATIS 3 — BorE AR S A T 3
W24 I HE ZE A 18] 2-8 o, I 2% HY A A& — DA x,, A0S = 25



16 $_85 MEXIE
55o JEMEYER S 2 m B S i, AT AT x, AT 4R, BRI GO0
HRFE 200 A0 EFEB BN &, HINE &, HTHUS ISR 2. AT
ORISR, BN o, (R H IR MR EG Fo MEZIHE
IREERIESET U-net), TERASES IS S IGEs < [N T — e Bk g%, nf
PR Z IR BVRAE B S L 20 i 2 o (EAESRAD A AT YDV i s 2 A A
Bk BRI R, e O B BRI (IR E R X R A BRI SBE Y H bR
e AMIUE BRI, xhEshE Bk, & 5 x 2\, F 5%
Tt Fr ZIEERGE. N TIABIE R, B3R5I T A4 (Generative
Adversarial Network, GAN) 8 33N WIZSHEF Tl 25, 3R15 T ORI RUR .

(3, 64) X’ .y g A
128 x 192 H |

(128) — |
6496 (256)
32x 48 (512)
16 x 24

ﬁ Input Inception ﬁ Convolution | Deconvolution
- 5w Concatenation
Batch-normalization Activation Dropout —— . .
(skip connection)

7 2-8: — il /2 SNAIE B — B A LA R R 0 )

Zaheer 25 N1 H 7 —Fh L OGNet (Old is Gold Net) AT 3 46 ]
Bk AP T GAN R, XEAR RTINS B M EA
[, IR H B I A B R BB, 1 P A R A
FrER . SRR T A A, R E R N GEAR A RE A,
TR R A% BE O Moo TE A TR E, $R T A A R e PR

SR, ETEMN S FESENEEAEE LS. A5 PG HR.
LA A S A, RN SRR N &



2.4 REZIFE 17
2.4.2 EFMNiRENGE

BT PR 72 1Y) S e R U BT A R P S R A T 8 % M A A A A T
T, G B A B TR ZE WA i . Medel 58 A PO (i H—Fp T4
KT 12 M 24 (Convolutional LSTM, ConvLSTM) HY F5UIN A5 AU %ok ML A% 7 91 12
AU, SRIEMREIRZHA T AR — L8 MR W AR i, thin GAN
254 H 9w #s (Variational Auto-Encoder, VAE) B 1 #l F > fif 5 i ] 15
ZEH S R o

Liv % AP T —Fh BT 0N A A S f M B (LB 2-9). 1B
A N — S 41, R U-Net SRR 510 )R — Wil o 8 75000 e 1)
IASEINT BT FlowNet 2 (502 s, A5 0l 5 R [ iz sh 5 545
FIREH . IR, ZBEEMH T GAN [ AR, H U-net [ 2840 AE 1k
s AT NS, 3 AME T g R W A\ B 2 L SE A 2 0 it )18
HI Y25 H AR RE A% B8 1 59 59 FF L S TRAFE T, 1 A2 s 1Y) H Bt BE A% A= il 3
RSO, TN ZR, REAEBUS AR ZRGE SR AR B
B, BB A IRAATT, AR s AR T, A e AR T 3 S
TG, EZONTUMIMmT. LM (AR ZEFOIDEH. EEOER 2 R iR 225K
AP, ZRAG XS R i Y 55 4328

ft
,_1_“ = I
¢ |
= ol L1 -+ e
I, 1 1 {

I Iesq l

r ~ — Real or Fake
— —

[ 2-9: — BT AR MO A S R 0 )

Rodrigues 55 A4 1 7% —Fh Z I ARSI, %8805 3 28 At
HIAR SRS AT N BEATAR I O 1 AR HEHE AN SRAT0h  IZERRY AR AR
LRSI, SRJF R A R A AT 1) AR5 T o ANTR] ) S R S P T
RIREANIR], T AT A RS T B X B B R RUEEBEA TR, O T SR —
A, ZEAIR T — M2 IR RER RN ETE . e A R RIS TR R
X AT N, SRR S A AN E RUE R R AR, ARG R AR R
L



18 $£_&F tHXIE
2.4.3 ETFEHMTNREBREENAE

Morais 5 A1 $& H7 — BT B BB I iR R N EE (182-10), 1%
XAT NB) S AT AT I S50 NV RFEGE T /B, RG22 5 & iz 5h
MRS HIssh R FoR, SRR R X B Al b N 21 (5 S 12 G A 8 A 16 24 100 45
1 (Message-Passing Encoder-Decoder Recurrent Network, MPED-RNN), #1715
RN MAAIAW AN, — DS RIEsRE, — R Rz E)
FHIE, FF20 B AR AR T B A AT o

SIOPO2I(
unonnsuooy

Encoders

SIOP0J2(]
Sunorpaig

fi f2 fr

P 2-10: — BT MR BB S A I R0 1)

Zhao % N\ Y F| ] =ZEB M ZA AT F A g, 78 BAG Y BEA_L 0 T 93
TSRS P A T 0N o A2 P S RIF AT i it &, J U T
ik B g At g B I 2SRRI TR L

2.4.4 HftAax

Park 55 AUV A5 B gmfid i ARl i BT oA, FSRIT s IR R AR Y R
R (B 2-11), ICCRERBEAT LA, REAEXS A e > 2RI BR A HEgEAT
TCFANE . ICACHEBRY (6 IR 7B AR RE ST, B = B 15
JUR/SS IR R T RS T vAY 85 57 ]| O = AP RIS s WY ik e N S
IERETIRAN D B o SREUR MARAT Y RAAL S ] RERY B HOG I T
7%, AR A RS S O IO X . fEIE AR b 13



2.4 REZIFHE 19

SUER T B, ARSI ) 22 S R Al RER R AEINIRT B, Sk
[ P2x GRS/

S = A1 = g(P(, 1)) + (1 = Dg(D(qs, p))) (2-3)

Hep P, 1) BETEMIRETEGR58. oD, p) BETIOCIRZETTE
BRIA950%0, SR B BRA S S A e I BE B o AN S B,
TS B B B ST T ITAZ E R, TSR A8 B
i, HHEARE Rl S OIS T . SCR SR, B T IO R
LUE . BOEROMERRAES] T — SRR Tt

C
H
Encoder W
Input I, Memory Module
Mitems K queries
W
- Update % .9/’9&9
q I/
i q; f

M- NN

Pa

Decoder

2C

/g 2-11: MNAD 2317

Chang %5 A $2 T —Fh 28 O A 1 SR a 4540 51 23 31 27 I WAL 25 A



20 $E MHEXIE
FAE RIE o o —E 20 9 46 6 B LR 7 51 B9 e Jis — i (last individual
frame, LIF), VRNV RHERTSEIL, 55— &R0 Mg AU 51N .
th RGB Z(EEREHDEHUE R, AE N [ARAE R PR I [ 2- 120 A2
SEBRAY RGB LA, PR Wi 19 RGB ZE{H, A B mE G, " LLEH
RGB ZAHAL AT MGG —H, IR RR) S a5 B TRR . (2 H g
H gt ey, 2RI T — R TIR L K BMERE T, R RY KR

LB

4] 2-12: — LRI (& . RGB ZEEFDETE ™

Tonescu 55 AP I A28 W 45 FEA TRAAESR L, W BRAT 33 B A SMILRHE
F AR SRR & AT . Vu S AP ST —Fh 2 25 SR
B BT ERATIISR AN, 20RO [F R B TR S ST S
ARG T E A SERIVER I AE IR . Yu S NPT RS S TP A RIAR, AR X Ik
FT A I B i 1 T T A S e b BB — i, 0225 R 45 X gk A T AT 7
RZARIEAPTEHIR DL H W 7

2.4.5 B%

BT IR > H S R DN 305 ) FH TR T A 22 X R e AR U S R N 2
e e R, W HESEEEE NS A S m i) I it

HLT B A PSR S A I SR R P 2 R 2 X AU EA T T i R4
SRS R IS RN AR EREORRT . KRR RErEth K. (HiE
WEE EAE A BRI R SR, IR A ML 2 L RE IOk By, HE R REfE R E
ST AR R ERLIR, SRR A A BT A U A



2.5 AXRENGE 21

PEE PP XTI T TN, sE0 MU T S i AR AR Jpe S T
REBKI U R R BRI T, IR RAA AT,
INHREIZELT, SEORRYTTT], R ORYSCIELT, PREFTEANGEL I . 2 Bk
oA AER, BT HICEFLHN, FRNINRESRKR, SLRAERR. B
W2 Hh, A2 AR T %, X RIEE R IR IERE S, BE S
LRI RN AR &, R, EA BT ARG -

XL TR R R T IR R IRy, M ERAY R ZE TR A #5411
REVATRM . B K AERTLE LBV, W5 T, 2R E
LB, RO RN S A A SRR, i s AR AL T R ok
BN AR S, B A T CRURARAEER L, AENRERK, BAHKE

A

2.5 KENGE

AREFELL TR R — 228 T, FRRHATRY US40 5 IR
PEEAT T idie. FRATAT LA Y, A2 Ge M s i A I SR0T5 A T IR B 22 ST O A
PR A N SRR BARAE S R A L E A R R, (HEth 28
B 2.4 5/ NIRRT FTXS BRI, AR SORSE H PR e A I T
TERGEMRIXLENA, FREATIOR S . Sl iR R R -






=5 HEFREZEMRE—E
TR F E N A&

BB AT AR R SR AR — 2L, e B
SR NI R N P T N PN e AP SNV TR AEE S SR Y a5 TS I @ VA PEY
ek, AT M ET R E - EENRE R NIRRT RS
o AT S O I 23— SSCPE SR A w00 P 2 2 R I T A A A=
FUBRAG, SR IRZER AT RS/ INE AR S i e . ARF 4 IR
F Y A, ARG AEERRZ OB, B BIRRTI Y SEI 25 R, IEx
LERBEAT 0T o

Al
Jdiy

3.1 ABFETREFINRERNEZFERE

MU A2 B AN R AR R A I BRSO BT SRR AT 1%
ZERY N LA IFEZR B2 N BT, T SEVERIERf S A RERS 2 RIE. AR
TEXIAREEA T B Shith S A AT DL 2 e = e R S R > AR
FEAATENE . TSRS R ATE E R e E R, FIAE
S BT 24 S B 2, AR 2 IR AT A, SR TR XA 34T 7
e, PR HR RS R BERES TEARK AR A R, THEAA AT
TS GRS T AR . PSR A SRS SR R AR %,
HIROR . ABA3A Tk n] AR Ao e £

B I S AR AT T SR A SR A (Do BT U A AR AR S A
BORF SR O AR R SRAG I S o ARRIR = A ST, RS R =
JEASRUA R R ZE 57, T LAR I 22 ok I 2 8 S e (HZAEH W
AIEFAIRZ IR FAFR A RTINR, EEInEAT R SEIRINKE . TTRYSEIRIT
JFeEe BUILRBEF A AR, BIRARRN . (2T HAECRAS . AT
HIERAWIE BRI ES:, BRARAIN S -

A A SRR, SE R ER . gk, THEE S



24 =8 ETREZEVRE-BHENAFRERNTE

HIEHE Sk IRA S i AR B IR Z AR B SRR, Hein T R 5 4
SN ihEr it EHIT TN ity SRSITTE PN W. aasta e Ly NN TR i Pk o P
UERIEOUR AR, AR R T A BR 2200 2 1 T TR 22 B9 FL A = e A 3 S
TR ESR, ERR

BRULZ AN, AT/ NS R Ao 5 F 2 T TR R 5~ 1 S A N B
AREERRIRZZRAT b 0 8 2 B A il T ot 5 SR R 22 AR, AR
M S s, PIBT O B A AR IR B R (R SR 22 B T e A
TEREMR TR, A i KRR RN, MBI AR, AAFH R Bl
Wik, Aotk

B BRI, ARFERE T — R T I 2 S AR R B AR S
535, e 28— O Dl T S5 A w00 P I e ) 2 22 S 2
R, MR ZEE A N SR S BRI . 12T IR EMZ S, KR
ORI 2577 2557 T -5 oA T A 22 N 4 B AR S i A D SR A S, T AU
MF SRR RSB, 3 7 RERTH, AR ot i ok 1Bk i)

3.2 ETREBENEESLTESE

AT EWRENIIRFERNETE, 25T HRZE
R, P S-5 A5  OQ S 20 R PR Al A ot 5 S ] O 22 SRR L
SRR REVE 572 SRR IR . G, AT PRAl P ok B R Z TRI Y 25 5
S HRE X/ NN 22 5 AR IR, AT S /N T RR S T A, TR T S o X
T E SN AR I ERIRETAG TR, SN R B GRS
REXT IR FER T RO R PR TR . HRITE R 24

3.2.1 BEGIRETEFIE

¥ J77% (Mean Square Error, MSE) & —Ff i IR ZE T E %, B
DA e LSRR B B A ot 2 [ AR AU, TR AL 31,

1 m—1 n—

o 242

1
i=0 j=0

MS E(x, %) = IxG, j) = (@, IP (-1

b 12 20 5F7R RN R mxn B ESEWORTAE ot 5K AYIBUEYERDY [0, 11,
SHLrb Az ot Fh A [0 2% s N 0 268 A K 25 2R



3.2 ETREFENSENHITERZE 25
IE{E {5 Mt (Peak Signal to Noise Ratio, PSNR) /2 —F ) 3z 4 HAY J7
%, RfEEMGER . LRSS EE SN R e, HAK N 3-2.

A |
PSNR(X, )C) = IOIOgIO mE—M (3—2)

Y PIZ R) 22 SR T, MSE HUBOR,  MIAH R A PSNR BN, S&75000 bt 2

SRR . =5 PSNROGBOKRT, ECSCAURIWURT 2R B [ 19 22 580N, %

JZ A A S AR N/ N o AE SRR I o, 30 o JE — P R SO A [ )

AT A0, ARAFE0 1 IS 0 2 s (), BARBGTHR 5 A0 3-3,
PS NR(x;, ;) — min PS NR(x;, X;)

N 3-3
s max PS NR(x,. %,) — min PSNR(x,. £,) (3-3)

s() R, ARSI ER 1 WOA S BRSO . AR BT AN B S AR
LBAMEOLBCE — P EIE, S5 RO T I BN R N bR oA S it
FUZWII RS RET N SR BUNTIZBER, RS R iR oA 1
o BIER BT E T A A BURRE R, X Vel i i SE PR Y e ik
JE, MU ARG N 45 A i S 0 40

XL BT AR TR K 7 B b TN, RO R B Y 22 AN B
e /NIRRT, BAA R K Z R ROR, EERRZE =
TN, IR SR D BRI, 25577 Al o

3.2.2 EFREZENSESEITERE

M/INEEI Y SR AR, BOREE T BRI 7 SR 22 A e FRoAs REAR IR
WEESEE, HEEZFEERENEEN, ZRNEEmFER. Frhx—
[/, Nguyen ¢ A$&HH T E T SR BT EIIEY, XFITEBATR T
/NEFR SRR A, (BRSO R SR, AR Ak (R AR |,
FATRE T ET A AR R 23 A T 7%, v LA FH &) SR 1 820 SR S
P ERZE R B EAd T

LA M 4% (Convolutional Neural Network, CNN) & Hj LeCun 25 A P8
1 1998 442 A RTAL . 3225 4 2012 4FHY ImageNet 578 G [ 55— Yk
3, HmE T YN BRI R, HHEE] TR RTE, AP ENLE
ST R T AR T T2 M

LR A MG BEARZEAET WOEH . Hrp b iE v LR E
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HU4ERE . IR E A BTN PR . st v] IR BUR A E R
B, PR EEAYRAE, 1P nl S BUR RSP EME, RS TRME R4
T TP BRAERT . IR ST LS SEGE T, /22X
SR X R AL o

l 3 ﬂ . - J -

K 3-1: PR R R

4 3-19 R 2 PR . B NRFAEEI B RST 2 6 x 6, BT LR
INA2X2, RN 2, A0 NEON 0o FEBHTFEIALBRVERT . 38 20 A
2R 4 ANRAEESR P S8 AME, EZ KRR RS, AR HA P
28, WA KGR SOR Y, IR . SRR R RTPAT AT B
R sh i PR 2228 AT B UATRY s, R T I It E, HEH S
RENRHIL I o AERE TP R E LR, IR B B4 A 3 % 3 AURFALIE, R
SPARRIRPE R 5, HAPEEARERT R R 2 X 2 KN XA A (E

f£ MSE H1PSNR RIS, #OZex Mgk hoRZH, REXZEHE
KM, FETHMA A, X2 1945 SRR A R AR B Pk I8 i 2 =R
JE o ABRRXFRFA T 2R R TRKE AR, A /N R S
28 W 265 P22 940 BRAE RE A X KB RAAEZEA T P28, SR B DI #(E [A]
I, 2 PR B R B AR AR REXS — € XAV RAEE T 27R o FATTAT
LI S S AR A AN T =i B Y R A TR =8 — SRR RS —
S Z(HIE DIFF (x;, £)(:(3-4).

DIFF(x;, %) = x; — & (3-4)

SR, AR EECF R AL RAE, WEE LHR/ANA kxk, BRKH
k, #hFABON 0o P AL ERAE, BATRARE — A T 46 )5 R R AR F
(3-5) o XAERYHFLL RIS, Hrh & AR F(m, n) #0645 22 (E ]

OB FokjE: https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-convolutional-neural-networks
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FHR/INA ko ke B DX (E, X AME AT DA IZ XA iR 22 4 FE R A T

F((x;, x;), k) = Average Pooling(DIF F(x;, X;), kernel_size = k, strides = k, padding = 0)
(3-5)
U RAER, FHAER F XY AEB K. A% F g7k, 5 MSE
PSNR B —%, 133 T ET2EMNERENS . 7 # X LT E IR,
/NSRRI, BRATETT B R BRIy R e, KA 1RERER B, 1£
PRI, NS —RHEE FOm, n) AR, 1520 S 2B, XFh
B PR TR SRE S XS /N R B S BEA TR, SR T BRI S AR
M EOIREANS . EERIRHEI F moRME fi (X3-6) XS fi #4714
—WRRIHEAR s (FU3-7) , FRORLHTER | WIS 74

fi = MAX(F((x;, %), k)) (3-6)

f; — min f;

i_maxft—minf,

(3-7)

4 8 9 8
SMNA 7 | 6 6 7.5
1|2 S ” 2.756.25 - 2 - 0.25
3 5(5|5
TN/ E2E Z{EHE itk BAE 13—

3-2: BT REREN S E ORI

K 3-202 i BOT B R SRR . B ATAL, s i i AR R A — L fa
BT RRIARTT, TR s, HAE O A 0 8 o /N AR S B9 AR 1]
Ao SEEGENT, AR HEE T LR s o BT BT U, SRS RS RS .
JEH R L EGAB SIHE DU B BRI A AR, T el B A i R
iz [ 22 S 2 IS HBOR, A GG ik A I Boh S &R 42, I ek
EREAST AR EREN R, BT RER BN SE D EBUATAAL, w5k
RRy A A

3.3 ETRE—EIERAM RN 77

AU ERA, I (A — S — B — MEMRRIER A, et
J SR R TS €, BT A0 PAT I 25 AL I ) | B — S 20
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3.3.1 RERIEE—EE
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S EEPE AR TAEASRT A, XM IAENTIE ERAZ L,
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4] 3-3: S R A I A — 2k

BRI SIVER SR, MR X T X Z RIRARGERACE, H x5 xi
yTF) S b T RO/ LR AR — 2

FIXT e B — 2P el ST TR S I AU R A I R i T —
TERIBETE o BT AT 35 BGR AR Zad RE Aot B[R] — 2P 20, Bk
SEXFEIVERAE HEATHREL, (i F 1% 4 Flownet, C3D ! 25 AE xof #H A1 22 [ 4 50
VEBEATZUA, DRI B AR AT A il 2 shAE_E R — 2. (U2 XM T 58 A
% JEAR QR WML TR A IR TA)— ek, BN SR T 2R, ARERIER 114 i
T —2tE e FElbdat B, FROTGEH 7 — R T iR — 2 = 0 B0t 87
%, PTEMEARIN SR B AR E S RORS [R)— 20k . SRR = 0 A B H X o
— 2k,

SRS BN AR, AR U R e AR SR 1],
S AL TR A B AN U A AAREL, R T 2 R B R R S o Bt b
HATHS R B —8E e AEREE DL N . AT EASE 70 Al S A e TR — 2ot
SR gp- e T SR A O T I T A S R A (AT o 2 AN T T Y
IEHFE R AR WZEATAESS | WISEIRAT I e BRI 2 AOSE BRI x; 72 53K
R, ZWOR R B S B O, (HRAEGATITIF Z B Ry SE i — 1 i, T
Wi %oy AISEERWT X B ZE SR AZ N A£LITITITZ IR i+ L, f T 44T



3.3 EFRE—EHEMASRERNTE 29

E2ATIF, WlE REAR U R T A AT ST RO O, BT £y ANSEPRMT X001 Z
IR 22 S RN S2 M. 25 ERTAL, BT 22 5 B TR R i 0 RO S 1 s 589K
A, ARG i AR si MUY 2 BORZ 0. fE AT S, 5 I SR 32
B, S B SRS — A A 53, (BHABWIAZ M. K, 7
o e b 0 RCAE P i) _E DR — 2, UV REA JBE 0 T A R AN R 0 ) S
T S A [ SR AN 52 T o

3.3.2 EFHE—HHENSESETERE

AT _E—/NRIRD, M SR A R, ET R R TR
SRR EA —HE . AIARRE 2 BOTETTES, B W R UL
SR DIFF(x;, %) FR. FJEEIRH RN A —2rt, JATS S Wi s
BSHTE 2k wiF 2%, RIS DIFF(xi_g, i) DIFF(Xi-1, Xij1)s - - DIFF(x;_1, io1)
N DIFF(xis1, £is1)s -

DIFF(Xisi1, Xisn-1)-DIF F(Xii, £ii) H Ko

ET AT AR O AT, BB PN TR SRR b f i U oA 2
=, —HEIEASOAI A 3-8, Hip w RAINE, o BT E.
po= 0, —4EIEAHMART y #xdpR, BIMLE, PREARKIZR. bR
PR TR —SCPE A, 55 0 — VRIEE i+ 1 iS50 d MR A SR M o, 58 1 — 1 M1
i+ 1WA MR, A5 § W B B, LAt i A S R A1
R, FRAMBGR S 28 @ WU R 5 2k MIUr 28 & ity 52 7 A2 s 307 01

(=
202

f) = ( ) (3-8)

1
exp
\2no

105 I 20 AR O BRI 22 SRR BE DN ano_score;, ano_score; 5 7% 5[4
DIFF(x;, %) A%, wJLGES 3.2 UNTHYET MSE 2 PSNR 35045 21 [ 5
WAL TGS 3.2 2/ NP IRFE R R R 4 ] LU A
B R RN ZE 708 ano_score; A IR AACHIZRIR 9 B N\ 4 B A
x; SN E AW & 897 55 & DIFF(x;, %), 18 50K EL compute_score, 3k
FRXT A SRR 080, FERATR 28 § Wik B SRl serE (503-9).

ano_score; = compute_score(DIF F(x;, X;)) (3-9)

5B 1Ml 2% Y SR 0 B final_ano_score; N ano_score;_y ¥ ano_score;_y
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HIIACRT o wij SRAETH LSS @ WA e 28 S i 0 RO 58 X B AR,
FT AR kM o SRS k RIE TR I WS H WA, kBOR, T
BRNZHHWE, RIGHE RN o 2Rl iz, JUE 75 i
WiZZ5 WA, o BOK, 265 i WA 7 RO, RS @ A i i A o5
FURCEBOR, RAFH AR o 7520 wi; J&, CRERTTAIAS 2 1Y ano_score; .,

ano_score;_ji1, -

, ano_score; 1, ano_score;_i if N3\ 3-11, FRAGHEA) 0 95

1 (j—i)?
Wi = mo_exp(— = ) (3-10)
Sk W X ano_score,
final_ano_score; = =——=—— - (3-11)
Zl+k w
n=i—k "Vn,m

FEHERE DT, FHEXT BRI TG k- 1 MR R AL, i<k
B BT WA SERERY kW, AETT SRR A BT AT 4 — 1 WiRd
HOMERETIBCRA, HREAX A 3-12.

i+k
N W,m X ano_score
final_ano_score; = L "’ml.+k - (3-12)
Z =1 Wnm

Hi> kB BTIEWCZ IR FEAAFAESERERY kWi, AR Tt B TR R A AL

Nframe

. > Wam X ano_score
final_ano_score; = —= k o7 . (3-13)

Nframe
Zn:i—k Wam

ISR SR S D AT R TERES T BT R & MIRY(E IS, R ai i
H SR R OUBEAT T, 8 1 T B ORI W 5) 52 W B2 M) A= B SR 1R o
TV AT AR AR S o0 B I ) 48 B o= 0PI R AE . RERS A R0 L BRI
R G FR TN el FA R HH S S R, T LR R S R AR
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TRRE A RN ZMZ . A, FRATEEAEAE Avenue Zl 5 EXT Lk 40
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JNEME G, IF S HE B i EE I T e — 2 18R 7145 FramePred
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&5 5, A& Avenue F1 Ped2 H4a 5 L EAT 5080 S50 1 SE XTI ZR B AT it
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TN, BRAF Xirain T Xiesro W ZRIRAL AN 3-4fr 7, 32 — i 21 g F1 31l 2
Tk, RSO MR N2 W28 25, IR R W 28 304 T I 205K A5 A . 1Y
B . BARZHARAE S FramePred B34 1 MNAD H518 30— 5. £EllH
B (FE3-5), 3RO Xeew BNBHIR DL, A5 Koo, SRIGTHEAMAT9 2550 &
DIFF, Bl DIFF(x;, %), HHi= 1. npw, ZJaFIHE3-2/ 1 B R AR5 5
TRER R T 3% ano_score;, G R A 3- 1RSI A R T IR ER T
FOB ) —ZM 1 5 28 final_ano_score; o

| X
W%Mﬁm{

FramePred/MNADAERY )l 4 + FramePred/MNAD#& &I

P 3-4: SR RYIIZRIT B

HEyEH T Pytorch fE2R, 17 GPU & NVIDIA 1080-Ti,
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RT, S A R I T P I EE IR BN MRS R FramePred S99 B 1%
I T S S M AT A, T PSNR 4501521 (8] 3-9rb /6 [ B 1) B
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MemAE % FT MNADY 347 b #5 . F: T FramePred (18152514 B [5) FramePred
W, IR (] Adam AL #R1, Horr A gl ds 1927 ) 35 0.0002, )51 35
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DR IR, X W SERR T (R I N AR E B BT 2R, AR
RIS S B REHI TR T

Ailhy
Jdiy

4.1 ERBKHFERE

FEHE T2 M R A AL 55, AN ZRE Be R 8 5% sR 8O T
I ot s B AL WTFEAT LA, A 0N B AL TR U e . IR AR AE T i
B, IEHROUT RYZE R DIFF (xi, &) 2 /N, G H = 0 Bt 28 /e i
O SG BRECAT LATR JLE

HIORET B BERINIIREE: SR K% (Intensity Loss) A4
RPR%L (gradient Loss) , EADEXT WA HAGWIZ R /ML R E 12
Ko SRR REIE LN 4-1. BEENGREHTIHE, BHKEGZ
[FJRY L2 BEESo 5 B2 R B 29 R AT LAGEAT 5K BR B9 2% UG R HE BT

Lin(x;:, ;) = ||x; — fCi”% 4-1)

10 B A3 2K BRSO X MR O B BE EAT 29, n] LA A Y g SRR BE
L, BBt BREEIRC A E LA 4-2, Hm,n 2G50 EHIR
51 Xignn FRIEOITEMREE § W m T2 n SINLERIBRER, R, RN E BT



42 FME ETHRFRAMIREZTEBRRBRREIRT
MPEMERER § W2 m 47508 n SN BRIBE:

Lgd(xi’ x) = Z Il |3ACi,m,n—3A€i,m—1,n|—|xi,m,n—xi,m—1,n| I+l |5ei,m,n_)%i,m,n—1|_lxi,m,n_xi,m,n—ll Il
" (4-2)
Fritzoh, EARETIEIE LR, LS X — 2R L3z s B
—EE, HAOETE R 2R AR LA S FlowNet, FlowNet2!®],
TVNet! 2 3 26 %of 5 @ WURTEE @ + 1 MR e im b A7 1H 8. 23R4S M0 R D6 I
OpticalFlow(x;, Xis1)o JCIRIRKAYE LI 4-3. AR, SefifikeitH
TN AR @ WS SEBRE i+ 1 2 R, AT RSEPRES i iS5 i + 1
Wiz IR e, o HBRE TR o SXR 2 AR RE A% 0 HL otz 3l ) WA A T
&, REF B AT S — 2.

L,, = ||OpticalFlow(X;, xi11) — Optical Flow(x;, xi1)| (4-3)

IR ARG B IR RERSAR L BRI SIS S AT 2R, B2 ET X S
HILT AR E B — A BB ERYSRAN, AREAR I M SR AR 22 St A T R o 1 HAS
R R INRRIZIR, R F RSB ZYAR, AR B XTI 5 A A A A gt
TR, AN R T AL SR Gk ER B, M2 7N
BRRRK, BERR BRI, (R T2 EFARK AR, WA
RN, AT R BRIZAN, BT AR LR AE G R U A 2 3k T
SR A REAR ,  PRAIEAE A B TN i F 3 ot 5 S AU B A A (AR AL

4.2 AFMEK

4.2.1 ABRERIMTRFEI

it 2 R Ao 2 ) 2% B )L A e, LA B R TR B R 2, R
BB o FOT, G2, HARAR IO, AR R T S U RIS AN
HIRCH . Zhou &5 N\ PV i b oy 1t 2 ) 2% 1Y P RRRE LT 5T, #2117 CAM(Class
Activation Mapping), & ISR Z R AU AR 55 A UG AL BEAN 43 S5 RETT
M REXT UG FR R SR B 2 BEAT RE AL (Bl - 17 T 0016 B2 I 268 F 6 2 FY
CAM, ARSI LA, IR R RAAE REU T R N A T B A E o
R, FATT AT EAE A S A I A R s 20 e AU 2R AT % B AR IR Y 12
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B, A5 IS TE N A B, e A 7K. Zhou ZE Abdg . IR EF
AER R AE AL RE I T AT RS 2 b B gE b, ol U T A 925 &
Y

GoogLeNet-GAP

4=1: FRGI B BABHEE X 28 FH VR AR AL )

VGG-GAP AlexNet-GAP

HIEE 1.1 3/NY ], AR A S A 0 4TIl A P ARAT I 5 B 2 AR
BRZ o DRI, 50 FH A R 28X WA S A A SR Bl SR e T 2, ARAS LA
PG BHHA IR WM. T8 S B A RSB AR TR, LA
MRS Dy BRI, K545 2B FRER 2 B AR D, EY
RS AR, TR I N T TR S S G, U BB AL FR A
B FEMEB T, FROTAT LR IR 2720, R AT EN e 2 K
QAU O 2 A RS BT EREERER o7 > B — AT LI AL AT

TR AT LA AL 940 FF>) (Inductive Transfer Learning)
S iFF%2% > (Transductive Transfer Learning) o HHIH40F 2 > pRET
RHE I 7 ORI A B R B REAE S\ B B AREE 5519 22 SR A 72 X —
FEAE AT U TR 2R B A 1, o ] U HR ] B2 e o RIS 28 A
[FE AT A A E T e — Rt , W2 1 IR 7 21 19 2 18 H Y I Z R
fiE, o, 4555, PI2EE S22 2RISR &EIOE SURHIE, 15 L
R SR EES K. I, EHTETRAERRER 7 0, aTRE H
FRESS R RS R Z IRHE,  LOSE BT I RUR -



44 FmE ETFASREMZEEEERENRERNZT
4.2.2 EFIHBEINHNBHME

ImageNet!"* #1761 1400 J7 MRk E1G . 21T ENERG S R E 2 1%L
PafEr —. FT ImageNet [ AR 2 1R A3 Pk li% 2§ (ImageNet Large Scale Visual
Recognition Challenge, ILSVRC) jii it H Fr 15 5l 1 &5 43 F AT 55 %) B A TIT
i, BOARFSGEE N AR EIEZ AP RE 2 i T LRI B . (R, FRATIEE
1t ImageNet ZHREE TR 28 I 28 31 701 25 o

i ENE G4, LeNetP? ., AlexNet!™, VGG, Inception!””. ResNet!'"!
LAWY SRR IS 2] ISR, SURIL T VF 2 & M2,
Wide ResNet!”®!, MobileNet!”!, MNASNet®!, F1 Efficientnet®, T A 6] i
TR JEE AN 2 W 2 G5 A 1 TH R R e i W A R ), RIS AE [RI AR Y I 2688 BTl
5, RIFHIR AR A T ANA o

ResNet i 525 W 28 ik 138 VR BEAt SR IR AL I, 45 24 55 5 100
11, ELREMS 18 b B I 2R R A = R . Kolesnikov 58 A B2 2 T KT H
848 (Big Transfer, Bit), £ ResNet /T8, |2k H BiT-S. BiT-M
1 BIT-L =R PO A, XS BT — - 2 DB R LRI TR
B . HAr, BiT-S fl BiT-M Y2 /£ A R HY ImageNet HATHUIIZ5HY . 1X
Ui BI4E ImageNet _F X} ResNet 4TI ZRREG BUSARIFHIIE B 801 BRI, &A1)
5% FHAE ImageNet i)l ki 1 ResNet AR FEFT PN AR FAE Y £ B0

N T AR RN BRSO T ARG B Y B, FRAT IR T AR R
ResNet34 {F Bl N A HFAEFR U 4% . ResNet {i JHER 2227 S] SR P 42 W 4%
YIZEFE P RIR G AT, 18] 4-270 ResNet HUEEARSE#: FRES S HIT. ZHIT
FEMZEHRIEIN T %1% +E (shortcut connection), AJ LAXTERZE AT 2]

X |
Y
weight layer
F(x) i relu .
weight layer identity

5] 4-2: g7z 2] oo

ResNet34 {{) BAR KI5 25 40 ] 4-3rh o5 B B, ATLACE 2, B AR A0 B R 3
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fili EASCT L0, FERWRZ RN EREERE, PRk T BT,
FATBU A — 2 R R N R RO IR LR AR, HRM R A A2

BEATHHIA , 7520 —> 1000 ZEFRFAE . RE SRR AT x; AT B AL T £ 23531

i \NAE ImageNet _ETil3)I| 255 ) ResNet34 [4%, FRATFRT LAY N Z¥4H1E content; F1

content;:

content; = ResNet34(x;) 4-4)
content; = ResNet34(%;) (4-5)

NS RE, BATFIANNEIRL (K 4-6), Xt & 5 52FRm x; 2
T ERIZIR . ket ot SE BRIt 2 ) Y N 8 22 S ORI, NSRR Leonent
WA AR, SEIHERARFIRIE AR . WL 5NN BRI A 215 52t
FIEyaR, Al DARR e A0 it el 2 S A Mg A o B T v R S e A T 575 R
PERE.

Leontent(Xi» £) = |lcontent; — content| (4-6)

4.3 IREFEMK

W55 4. T ATAD, S AT BEmEE R LR WA K R B T Rk K 1 22
SR HE R EB/NHRRN AR ZE TR, PR R ASREXS H = A e
Mo AR X EEFIIRS A dnfidan i T Zh0), AR B EASERAE, A
— O B AN S I I, BRI B AT LU N AEIXMME LT IR
SRR IR 28 A5/ INTET R A 5 AL BT TR I A KR fH28 3.2 .27 Al A, BEE TR ER
JE SR 3 BT B3R W DU ROk I HH R 22 78 R R IO, 54l 22 ek
I, o BRI ZER . F, EIZGEd, TSI NRERER 4
JRCMAT SE BRI TZY A, {8 AR ki 5 SE Brii 2 (AT B — >/ N XS e A A

FATFINRER IR E R AT TAR, iHARESETIRER Y
BT ITERZR L, (H @A T EX I A B B0 T IH— o SEBRARARINT x; F11793
W B AT &5 XY B2 25 B A R T D R R
L XTWWERZE S K, 3%15 DIFF(x;, %)

2. M AT 3-53RIFAER] F((xi, 1), k)
3. R E R SORABAE R K B AL

LdiffDensity = MAX(F((x;, X;),k)) 4-7)



46

FNE BETHRREMREZERKRERY

B4

\

_l.

34-layer plain

image

34-layer residual

image

7x7 conv, 64, /2

[ 7x7conv,64,/2 |

A A
pool, /2 pool, /2
[ 3x3cony, 64 [ 3aconv,ea |
Y \ 4
[ 3x3cony, 64 [ 3x3 conv, 64
\ 4
| 3x3conv, 64 [ 3x3conv, 64
¥ ¥
| 3x3cony, 64 | 3x3conv,64
\ 2
| 3x3cony, 64 | 3x3conv,64
4 \ 4
| 33 conv, 64 | 3x3 conv, 64
Yy Y
| 3x3conv, 128, /2 [ 3aconv,128,/2 | T,
L 4 L 4
| 3x3cony, 128 | 3xdcony,128 | !
- e g
I 3x3 conv, 128 I 3x3 conv, 128
¥ ¥
| 3x3conv, 128 | 3x3conv, 128
¥
| 3x3conv, 128 | 3x3conv, 128
¥ ¥
I 3x3 conv, 128 I 3x3 conv, 128
4
I 3x3 conv, 128 I 3x3 conv, 128
2 L4
I 3x3 conv, 128 I 3x3 conv, 128
| 2. ol
| 3x3 conv, 256, /2 | 3x3conv,256,2 |
\ 4 \ 4
| 3x3 cony, 256 | 3x3conv,256 | .
* --------
| 3x3conv, 256 | 3x3conv, 256
¥ ¥
| 3x3conv, 256 | 3x3cony, 256
| 3x3 conv, 256 | 3x3 conv, 256
) 4 ) 4
| 3x3conv, 256 | 3x3 conv, 256
) 4
I 3x3 conv, 256 I 3Ix3 conv, 256
) 4 ) 4
| 3x3 conv, 256 | 3x3conv, 256
| 4
| 3x3 conv, 256 | 3x3 conv, 256
| 4 | 4
| 3x3conv, 256 | 3x3 conv, 256
\ 4
I 3x3 conv, 256 I 3Ix3 conv, 256
| 4
| 3x3 conv, 256 | 3x3conv, 256

| 3x3 cony, 512, /2 | 3x3conv,512,/2 | g
| 3x3cony, 512 [ 3Bcovs2 | | =
| 3x3conv, 512 | 3x3cony, 512 :
| 3x3conv, 512 | 3x3cony, 512
4 Y

| 3x3 conv, 512 | 3x3cony, 512
[ 3x3 conv, 512 | 3x3 conv, 512

avg pool avg pool
| fc 1000 | fc 1000 ]

] 4-3: ResNet34 [ 2% 45 #2110
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FEYIZ A AR A Ao FH R 22 8 BE AR vl O 2B B R B A T EA TR, 155
/INEHE N B R LS R A i o

4.4 SEENEITSE SR

4.4.1 ST

AR 2% T FramePred ™ HYRY AR, 2 — iR T FON 5 22 A IRAT e i A
MT5iE. BEFIH U-net WL PEFTIAI TN, F N2 EE @ WOTIAE p i
éié%)ﬁlffﬁﬂlﬁ XiXit1-+-Xitp-1> ﬁﬁﬁ% )’ei+p0 @ééﬁﬁ/‘] @1%§Eﬁjﬁmég‘@ﬁ%m%/l\7ﬁﬁ§éﬂ
i, ARy, SRR B RVRAL . 5 — ey, R AT
EOREE, RIFEBR SRIMTIXTP M 4525 2 tHBRRB LI R TR, N T i tRaX — (7]
. U-net fEffM &R A1 ilas < [ NN B e, BRI . R 4-4)80R T
U-net W25 A EA LG Hy o HrP 2L p i L on Skt BEER ik Rn B M
BlE, BONEESLEORCETURIE, et aEk o,

256x256

256x256 @
=9

256x256 2

256x256 .

N

E (+:]

256x256 o

256x256 o
256x256

236x256

—

64 128 128
~

]
U
i
=
Il
o
o

0 0]
] s B E 5 | §
Sl & o0 x x| X
~ ~ L =) o0l
S 8 .-41 o 1 SRR
8 ﬁ 256 T 25 _25
§ﬁ—— ﬂtél:l F %j % I + Max pooling
g 3 3 1 © © © :
gﬁ 'rn:&l E&I * Convolution
~ o~ ~ i

M m m ' ’
! T Deconvolution

Concatenate

& 4-4: U-Net [{] 9] 2% £ F2 B

SERG R TR TR A M A B IINZRTTTE . R BORCER O A il .
MM 2irp . FU PatchGan™ i ] Bilas . I N\ B2 I £, 18
FEFLEEHY R T xivpo PatchGan (1] 73T HAEAE, B2 BRI M.
K 4-5/7R T B SERMERNAR. ZEEERMEME IR, —BREX
AR REA B % A 2 patchGAN s (i FHEGFI R . BT 45
AERaE T, SRR R IX A IR RIS IE 0 e e A Y
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B e iy 64 4~ 128 x 128 FUFEE . SRR Hab T s4e . 3R15 256 /1~ 8 X 8 |y
FAER, B XTIX 256 A4~ patch 30l FIRT B, BCPI(ENE MR A S5 R £E
IR AR, 2B e B b2 28 BB e R Tl ot (56 5 T 85 T 325 4 o e A\
s TN A2 B SEH R —Mte AU B9 H AR A2 B DX X B R

score score

score

& 4-5: PatchGAN R JE AL

A R 28 Y A5 2K R BCEL A P R 40— @ X TR Y 295K, A SR AR AR
L, MR Leg, JETIRK Lop, WEINE Leontens FTRZEREINE Laisrpensivy’
TREMNPURE, EX PTG AR ARG, H B T ) 24 AR A5 Y T T e
% B U ) it e S0 e o SR H A5 2K P SR 24 SR TN R L S AR 2R RO Y 2
S, BBREIR SRR BRI G AT 205, SeTAik R X 1 s 1 Sl idt A T4y
R, NESUR RN RN B TR, R R R SRR B iR
BEATZ AR o 10 X TS (] HY A3 26 R E50RT LAGRIE T ot 5 52 B i A5 SR8, 30
%, B3, WAENREEAEARONE. AR SRR A 4-8, H
H iy Agas Aops Aadvs Acontent T Adif fpensiny THIXEEFRIERS W AL EE

Lg :/lintLint(pr’ -)’ei+p)
+ /lgdLgd(pra )%i+p)
+ /lopLop(pra )%i+p)

+ /ladeG ()?Hp)

adv

(4-8)

+ ﬂcontenthontent(pr ’ xi+p)

+ /ldiffDensityLdiffDensity(-xi+p» £i+p)



4.4 FRBHEHH 2
524 3P BRI T

Ly = LuDdV(pr’ jei+p) (4-9)

FEMELHY B, BIER A5 20T U-net 28X 201 .. X0 poy AT TGN,
RIS Ripo ZJEXT Xip M Rty SRZ2, 155 DIFF(xi1p, %i1p). FEILEER B RA5 3
TR E B LN FH 98 ano_score,, Hla 20 3-11REET R 22 5 L AT
[E)—ZCPEH S 408X final_ano_score; o

4.4.2 TEDN

ESEBG RIS RR R, JRATE Je44 A BRI B KN 256 x 256 HYEE
IR T —L ) [0, 1] YE I N o ISR B AEZERY 5 WiVE N8R, ¥
HI 4 Wity A\ B0 W 2gH, B TS 28 5 Mte AR i Y o7 20 38 0 0.0002, )
YA 2 0.00002, B = 0.9, B, = 0.999, batch K/NA 4, H9)l|2% 80000
A~ epoche HIAFHINEKE p = 5. IR RN SEOLE N A = 2,
g =25 Aop =2, Aagy = 0.05, Acontens = 25 Adigfpensiiy = 20 AETHEAIH S5
SIEUNS, AR 7 ET 3R 25 AN A —Zk v &85 0 20t BTk I
BEFEMAL BN 16, IF[E]—ZER) k= 11, 6 = 9. LI PRI fabr A
AUC, F#i8EN Avenue, B EET Pytorch #EZ28, Jf4F NVIDIA 1080-Ti GPU
tiEfT.

AR 45 5 5 77 ConvAE! | TSC?21 | StackRNN®? | FramePred
, MemAE!'®*!, MNAD #4705, 18%)34-1, HiH, ConvAE, TSC, Stack-
RNN 1 MemAE J& 5T B4 15 22 AU A N B, FramePred J& 5T 1l
TR HAUUS R B . MNAD BE ] AR B B =t T i, o m] LA
AR O R 2= 7T SR, B2 I3, 18 Avenue ZCa5E L, Al Tt
RZERIG B EE R4, Rl AL o i & 52T T 58 22 el 25 51

H AT, FRATTHY T 124 Avenue ZU4REE EREMEHUIG 88.3 1) AUC, friXLt
FIEHFHEA S ., fURT MNAD. RUET AR SCHE Y % 5258 25 5L L MNAD £
%, {H MNAD 75 £ 80 SN ES — IO o 2 AT BN R 1Y B R S 84 T
1055, IR SR RPN B SR R A N 25 o ICAOBER AR 2 N A ARG 2 TR R
FAERRIA &, (AN ERE R T A SO T E B 3R T E R AR TR EN D
TR TS, 4 7 2 A _ BT



50 FEME ETFTAZMAIMREZERIOREEEOZIT
3 4-1: BYEAE Avenue FUEE LY AUC &%

Fi% AUC

ConvAE! 80,0
TSC!6?] 80.6
StackRNN©2I 81.7
FramePred®!  85.1
MemAE® 833
MNAD!! 88.5
Ours 88.3

HHAEEH IR, BATEERRBINGRT 1 2.2 22 8.3, bW TiZEEAE
MU A I T _E AR e BATRYESRAE N LB Be 5 I NIRRT MR K
PN GREE RIATLIHR . AN B, FRFFARI Mgt e, U6
U-Net 28X MIGEEA T O R AT, LT 72 S 28 P AT ) — SR B9 S 9 8
HREITRRHHERAAE . A HOME NI BRI R A .

4.4.3 TEMESH

FEIX— /T FRATTREAE S 45 RAEATEME 0, (] Avenue Kdfs G2t K4
2t TN G e FAEIN SRR IERE P A A OISR R R, X O s A A 8k
BRI AT A T ot I 1T, YLK PR 53 BRI RE A e T T o ) i

i N AR IR B 25 R 0 4-6Fr 7R o A2 A AT, A7 i i =4~ 24
9 3 % S ST, AN {68 FH A 22388 2 A 000 it R 455 PR 25488 ) 9300
i 279 P s O S B T AT _EA RIS e AT VR A2 R BRI 20
TEOHER Sy, N AR Y FT RE A X 3 O S e T2, AN
AR BT B a0 Jts AR BN A IR B A T, R AR
FOT AR A A 7 B L, SRR T, AN (5 P A 2 8 O T i 10 5 A
PO IR LA L AR BEAT SR A SRR B T 2B AT LA s N g
o pcke (S B R LS

i R 22 2 P R N A5 BRI 25 R AN 4-T R e ORI, A Y
= ATV 3 R LS, Ao P R 2 4 51 A ) I A o P R 2 o P AR R
FO TG It 20 14 Jee s R o 1 T A AT E B /N A FR A =B O 475 AT A&
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IR i RERARTREOTNG  EEREREOTN

P 4-6: NZARRRYEVE T

B AE/NACRGACHRAL , {8 FH R 22 2 B A3 2 ) T x4 AR AR A 1~ Fg 41
ZY B ORSRT . AR AR AL A, WE T AR AL . il IR R ]
DAAS O L SRR Ay bR e f etk SR A il 15, TEIZRI B
AW RANRZZ R LA, AT LA I ZRA 25 5L N R0 19 540 Bt Jok
FELSE M

R TR MERERBERROTUUGT £ AZFREREKHTND

A 4-7: REEEIURRYENE T

4.4.4 HBEhSELH

FATBTT 7 — N IHRSE S, SRR BB 5 R A0 S 0 BT BT R AT 2L
Moo A FHSEFERS, HFTEAENZIBEE R B Aconen B Adif fpensity TEH
0 RIAl. JHRARSEICAYGE R IR 4-20 FRIGHYEE —FIRS A2 WA TR REL, 55—
BIRT IL ) 2 1R 7 5 P AR BRI, B = B L ) T 35 2 2 N ) — B Y
SHAEOTEITE, e YIRRAGEIN AUC, AR — Tl AR5
s S ATOEIN SR BN B IRA : 50 =47 60 N AR RN B AT 32 th A9 5+



52 FME BETHAZMERMREZER RO ERERIEIT
7 4-2: BIEAE Avenue FHEEE LI THAESLEG

ContentLoss DiffDensitylLoss ScoreCal AUC

85.0

v 85.7
v v 87.5
v 85.6

v v 88.1

v v 86.1
v v v 88.3

SBOTEITE BT HERANS IR FIRZR LRI BT EI N2

PR REREMENFE BT EITE. AT LA

L AT AT IS R LS — 4747, R AN IR A B b (s FH A 25 61 2k a2
2R IR RETR m L I MR RE

2. AT R AT, B RATIE RS T, XA N2
PR B 1R 2 2 S AR I S ol R 5 T R 22 I TR — B A A5 A 1
SR BOT TR REE IRTS BT 1 25

3. BANATINEE IRV — 47, B ATRISEIUATIr, F2 B[R I FH P A5 i 2 i
ZERR TR LU (0 X P R ZE 0, L R (e A 250 00 4 Bk 1 2 4 T 4
P E S

4. FEATWERLEAITEH, IEHASPRTIRE R ERAE S BT RER
JEERTN ) — BOME 0 S 7 80 T BT IR 45 6 I BRI RS A B 805

TR R ITL, ST AU A D= G, 20 AT o iR 2 2 AR R
s

4.5 IRE/NE

AEWI T ET WFIRINIR Z 5 AR A1 s H R UL #5255 o
BEE B TP NG BAE 35 B ZAR _E T TR BAR N 235
AT ONT MR B, BATETIER IR T RET WAL REL %
75 2 F A ImageNet _E i3Il 254 ) ResNet34 X WLAT i P 255 AE HEATHE B,
FEN I RE XS FAG B I MOIEA T A A A2 PR SR WA #6356 eR AL 2 410



4.5 KRENGE 53

R BRI Z A TR, RS/ INERA A R AL . FRATTFFR R A A
TEREEREA, BEREENEOIGE R BIE R, HRERGSY
A SE BRI 0T _E B — SR o £R6 (0 X PR 50 R BS03EA T /0 45 1 311 2
R AR o B A TN sl A ot M S AU R A I SRk O 8.
JE AT X PR ARG R EOHAT 1SS AR AR SE e, SEae Uk Bt 7 5 5 H A SRA
AL, REAE Avenue H¥ufE G RIS HIHY AUC, EVEMTIR % )T %18
ARAT Pk R T, B S A e A I AR S







hE HZERY Seelmai
ER s 0

REN TR RN RSE, ISR VAR HB KRGk, it
TR SRR % REREWXT o sl BRI, AR A AR
P, RS AR R, BATIRKRY bR MO (E.

\ilNy
dJiy
| |

5.1 R BTN RENA

5.1.1 By EgEUMoTEsE =

bt 1 BGCK I BOR AT g2 . IHRIT RGN S AW A, 1K
WERZ A RN T A, ke, MufTh, JTEEy. 1%
ERCRE TR 2] T R E AR .

FEE REIR A K FE 2 REIRIH B R [, e 5 REJRUH 2R S LR =
Z LA Eo MG, BV R SR SO AT IR Rl 2 —o 2020 FE 3 T, K
JEMEZ: . REIRR BLEERs BRI R TOAYE SACER WBEs. BB
AT KRG T GT IR R A RRITE 2N - TR, 2
2021 SEFASIH T R KA [ 5E b4 AL HIRERE B 2, 21 2035 4F, #2800
HARSIEREM -

BERINEE IR, NG 38 INEEAENRAENE . AT AT
HFBAAEN A RRUEZE JCE R E IR NG 1 s i
RGP R LASEEL A KA 24 /NI T B i, X2 T 0 A 25 2R AT AL
JEus . AN TERSACHINT, SEBL 7 e TR Balmis s el A s
B, AETREE et KREET HE R E K



EPSEIUNTS

TAERIZEX A

LR
T

AR

56 BhE HEERT SRS TASPREA
R 5-1: B REAI A R GEHI DI RER 5K

Thee 1P

B U EE {EHE 5% RE % EDW 4 A1 LA 21 2 28 BEALIH 2 A7 1% Dl M
S T TR AR A 5 2 e T A BB

SEH RN b A JEEN B AR i e % A DR 380 5 2l R
HEFW s

AT B3 MR EH T E SRS T AT & RN B E

Helsf XSS A T AR TR S5 BE IR

Bt e 5N B e B R B e E M R L e A HERR
BUR AT ARGk &

Bty s W ls e K A, X ma (REER) BT R/h B
AT, SR B i R 58P & SRk & 5

R K S N E bR AT S B S R e

i, RGP AR &

5 S S R A A DI S A S s 1
ISHT. LA RN Sl KR, RG4S B Y
s

SRPERABAT RN G BN 5 SR Sk BB RS = £
PUNZIEPNCRC SN 5 Lol TP | NS i [ Vi e
2SI PNZE SR ATE e N AR RVATE SN (o
T RS R S LR B AR W s AT W AR R IS AILATL
SRHERREE s AR IRTRUE S AP R IR SR RE TR0
IR BRI TR AR P

RIS R GUGHAR A S B FE s (AT
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