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Video frame interpolation aims to generate new intermediate frames from successive
frames of existing video. This is a fundamental problem in computer vision involving
understanding motion, structure, and natural image distribution, and has many practical
applications such as video reconstruction, slow-motion generation, and video compression.

Conventional frame interpolation can be broadly divided into flow-based, kernel-based,
and attention-based methods. Flow-based methods estimate the optical flow between
frames and synthesize intermediate frames according to the predicted optical flow. How-
ever, these methods rely on the accuracy of the optical flow and are difficult to estimate
in areas subject to blurring and brightness variations. Kernel-based methods use convo-
lutional neural networks (CNNs) to estimate spatially adaptive convolution kernels and
convolve with input images to synthesize new frames. However, since a large kernel size
is used to deal with large motions, there is a problem of high computational cost. The
attention-based method extracts motion information by using an attention mechanism and
a channel attention module that distributes the information of the input image to multi-
ple channels through the Pixel Shuffle Layer and processes the channels. However, it is
believed that the lack of processing of the time dimension information required for video
frame interpolation can affect the accuracy of the resulting image.

In this paper, we propose a transformer-based method that learns the long-term de-
pendencies of input image pixels in both space and time, with the aim of improving the
accuracy of generated images. n the conventional method, the input image was 3D (C X
H X W), but in order to consider the time dimension, the input image is changed to 4D
(C X T X H X W) in the proposed method. Also, in order to learn spatial information
in the input images from locally to globally, we used an encoder-decoder structure that
scales down and scales up the image, unlike conventional methods that keep the size of
the feature map as it is.  In addition, we also applied an intermediate frame synthesis
module for features with four dimensions.

In the experiment, a comparative evaluation was performed using the same learning

data for the conventional CAIN method and the proposed method. Comparing the images



generated by the conventional method and the proposed method with PSNR and SSIM,
which are evaluation indices, confirmed the usefulness of the proposed method. In
addition, comparing the average values of PSNR and SSIM for all test data, in the case of
the Vimeo90K dataset, the proposed method outperformed by 0.601 [dB] in PSNR and
by 0.017 in SSIM. For UCF101 dataset, the outperformed values of PSNR and SSIM are
0.586 [dB] and 0.015. From the above, it was confirmed that the interpolation accuracy is
improved by using a transformer that learns the long-term dependencies of the pixels of

the input image in both space and time.
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WEB LR, ¥/, AWHBOVY 72 L ORMNZEBEL 5 £ ¥2E T 52HI12,
ANEROH A X2 ZDFFITTHERIEL B, BREMN - JEKRT 2T a—
R— Fa—X—fEE#EH Lz, B2, 4 XouE dORMEEICHET2HE 7L — 4
EREY 2 —L [12] A L7z,

1.3 AFRX DB

AL DRI RDOBEY TH 2, F1ETIX. KX OWAET RN CEHRE BT,
H2ETIE, BEMEICOWTHER S, & 3ETIE, RFFLOEME L 72 2 FEICDO W
TR %, HA4ETIX,. IBEFIETH S Transformer X— R EHWEE T4 7L — 4
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rheh 1,5} e ROXHBWE 1= 2% 2 % v 70 L (¥ s=8). F v 3L KIT
WEFE L TRE 7L — A T e RSHBXWE 2esms 2 3x3) BAAAREH
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channel-wise concat

2.1 The overall architecture of CAIN ([8] & b 5IH)
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2.1.2 Pixel Shuffle

Pixel Shuffle[9] iF. /8T X =& LT, EWERS 2L Hf (3R~ v
7)) DLATY N EEEBTARETHZ, BV T vy ZVTIE, BRI e ROHXW
DEMKICE s DIRETHINL, F v 2V KITE s DIREEIINT 2 22 T, R
LT RECHISWIS 5o I Ao s, 7y TS vy 7V OREEIET,

¥ 2.2 1XfREL s=2 DD /T DIRERRHL L7z b DERT, ARIDMEIRT e RO
YFBL, sxs=2X2=4D0D 7L EELNEHOY 4+ v FVIZHTeNE (2
T N=EE =K =6), BV 4 Y RVIHBE I EAEF v RAKTTIH -

(sxs)

T2 e, GHDF > VL e R3S RN 5,

DownShuffle

—_—
—

UpShuffle

2.2 The visualization of Pixel Shuffle operation ([8] & b 5|F)

2.1.3 5&EZJ I —7 (ResGroup) D&

ZND 5 HKE T IV — T (ResGroup) DI ZFE L < #iHT %, X 2.3(a) IZ ResGroup
ODEZRT, XUy vy IVENTRH~ Yy 7DRICZ. 50DEET T Y 7 Hik
o ZNEFND] 210 EF vy XNV T T ary7ray s (RCAB) THi X, &
FT6 0fd RCAB 235 %, % RCAB IZ1Z22oD (3 x 3) DBEAAABIEETH
TEH, HcEREE L=y b (ReLU) 7277 4 X—=a »»3% b, Skip Connection
DENZF ¥ FVEE (CA) EYV 2 —LHhEEIN S,

CAEVa2a—NLD7—FT7F %X 230b) CRT, ANMEH~y 7% F ¢
RHXWXC v 52y Zu— AP Fr—) 222k b, AN~y 705 %
FINTEeDZa—rUERF, € RPXC 2lE55, XD2-oD (1 x 1) OEAA
AL, IO F v 2V OBREIRZ S 2 TH %,

ERIC, F2¥ IATEX DR LDEAZRD XS ICEHEIN 3,

att (F¢) = o (W; = (ReLU (W * F€))) 2.1
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72U, o) BT 7EA FEE. Wo 2 W) 220D 1x1 DEAAABDEATDH
b0 FXAINMEREY 2 —VORMKNZHINE, AR~y 7F e UG LFEEE
Ya—LDHEAatt(F) OBERZDfEL L TetRE XN 5,

f W\ @ element-wise sum
Conv ® element-wise product

= -
Sl
DL
= [ Global ﬁl\ngool
o [ Colnv

— N

: [ Ccalnv
[ Sigmoid

(a) ResGroup (b) CA Module

2.3 Tllustration of ResGroup and CA module ([8] & D 5[H)

2.2 MER

PERETIE, By v 70307 2D ANEGE F v 2 OVRITITIH - TG X
N, 12O0RMEYL LTETNMCAN Lz, 24UE. ANTEBREORMIEHRE ¥ v 7
Fx LA oTz, ZRUTK - T, EREBOMBRICHEELrEZ 2 EZ NS, T,
CAIN TlX, ANHEGROZEMIERZ FE T 272012, BAIAABEEZMHH Lz, BAA
AJEIE. FCEARABD =2V, AJORZLMETEAAABEAEZITS, £
ZED, HERENO TR TOE 7 L RFEZFICRON S 7DIT, 2T 218
MuEEZ2E0E 7 ARMEICEL TRV,
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R RTTDIEHRICHIE T 272012, EFTMCANTBEBEDT 4 X ¥ a v B EH
U7zo fERZETIZ. 2o ANEGE (1,1} € ROV (C, H, W ZZhZRHEERD
Frx b, B, BORXITLTHS) & LTF v RNV RITICIHh-> TCEGE L, ETILICAS
L7ze DFD, #EE 7L —1DT 4 X0y avidZEboT. 30T 2C x H x W)
TH5, REZTTIIMIET 272012, KX T, 2O ATEGRZH L WRITIZHE -
THEFET 2210z, DED,. TDF 4 X2 ayiZ4RIT(CXTXxH xXW) I
BRolo ZTIZT, TEIANEBROETHY, KL T2ITHREL. 2D, £T
NMZANT BEBDT 4 X a3 420t LTEREITS,

3.1 Pixel Shuffle DZEE

4 RITTD ASTEHGIZ BT 3 72 D12, Pixel Shuffle ZZH U7, Hiff I € REXTXHXW
YERY, RV Y vy 7T, s DIRETREE L LT RECTXHIXW/s 53y )1
BELND, 7y T vy ZNVIHOEETH 5,

32 FIURTFA—I—DHFEA
3.2.1 I‘7/Z7 2- ? @mlb\

NI YRk —v—[13] &, AN I OROEMIZMKFREGR (F 72 1 XBEEE)
ZRNRINCHEZ 2 HCERA D=2 2 HT5 ik, BASEWLHE (NLP)
ANV S 7z [13]o NLP OBINCEES 0 o, i, PV A 74—~ —
ZAYVBa—R—bya i FEIRRESINL (14, ZOFED TV
Zx—~—[141 &, ANER (©7triry) 27a—UWIHEEHT 2 HOTEER
Bl TWE, LAL. 2OZa— UEEIZEIRY 4 XD RIEMEE 2+ - T
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WB7DIZ, BYar7 IV r—ya IELTWERY, ZOMEZTRT 572912,
SWIN Transformer[15] 2342 R X N7z, Hi§ZE 2EIT 2EHE L RWVWY 4 > KU TRFT
FcEOEEZFHE L, Y 4 210 L TREORME 2 RiD, /2. 7 b vy
YRUERMEHT ST, REINZIKERGRZET LT 2L RF LS. #
HX ORI TE %, LA L. SWIN Transformer (ZEfRAICOAFELTED
REISOT R T 2 T4 7 L — A X 2 2 1S HICERATE R0, 20791,
SWIN Transformer[15] {Z3EDW T, 22 R i 5 CEAM IR EREZRZ X v 7
FrIZHAHFERF 7Y AT 4+ —~<— (Sep-STS)[11] ZRE L 7=,

AT, PR XNz Sep-STS #HWT, CAIN 2HLRT 5,

3.2.2 Sep-STS

REFEIRTT D BRI IS X8 5 72912, Sep-STS & A SR D22 G E % 28R & IR
OB BES 5,

T3, ERETOEDZDIZ, ANEBRDOY A X (CXxTxHXW) N5 23545,
C,T,H,WiZzhzhF v, K, @S RFEOXTTER L. mdlZ. K 3.1(a) D
EWRT &1, Cx HE X Mx M %4 XOEHELTWRW 2D H 7Y 1 ¥ FYIZs)
3z (Y34 Y FYoBiTH ), K, FF7v 4> Pyl T, HOD
FREEFATT S, 774 Y FURBE X e ROMM s 719 Q. F— KM
O, fHEVIZRD &S ICEHEIRS

Q = XPy,K = XPk,V = XPy (3.1

7272 L. Pg,Pk,Py 3B 2V 4 ¥ FUMTHE SN ZFETIITH 5, —fRHIC,
O,K,VeRVMXM ' 1 7-p35C, 7Fvvav<e )y ZRE, 774 FYHOD
HO 77y a v AR A EoTRDEIICEEINS,

Attention(Q, K, V) = SoftMax(QK” /Vd + B)V (3.2)

ZZT. BR¥FHEAEEREN—TYa—T 1 ¥ 7 ThH b, EBRITIX, [13] - T,
HEEBEEE h FATNICEIT L, L FAy FHOER (MSA) OFEREZEHRG T 5,
Bizua—n) —YarolfleEis 27012, K3.1() OGRS X512,
BHEOS 7 T4 Y RuX—T 4> ayEERL, RENRKFERET Y 27%0]
AEIZT %,

Rz, FEECORIE D=2, K 3.1(b) 12, AR~y 72 EX T ® HW RfE~X
7 PVICHIER L. 7L — MO EBFRZET METE S X512, X7 PLAT
MSA Z%E1T3 %, TD2 DOFEE—FICHV., ©T7A2NWET 208D 5,
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3.1 Tllustation of Sep-STS([11] & Y 5IH)

&8 (Transposed Convolution Layer)
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3.2 Transpose Convolution Layer Operation - Step 1
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3.3 Transpose Convolution Layer Operation - Step 2

3. DOOWTA Ty hE2—2HIZT 6T, FRICZDOEDE h—3 L Z2HNTE L.
FORERZ7I Ny FOHFIZ—2FT S LIEGANICKRET %, AREIC. £,

aReERRET %,
010 01
0]1 0|1
* = ]l01]O0 + 2 |3 |+ +
2 |3

3.4 Transpose Convolution Layer Operation - Step 3

4. RRIC LR TR SN B BEZLE Z L I2EFT 5,

0|o 0|1 0|0 |1
0|1 01
* =]lo]o0 + 2|13 |+ + =|0]|4]6
2|3
4 (12 |9
Output

Input Kernel

3.5 Transpose Convolution Layer Operation - Step 4

CIZTE I 20F ¥y 2 ADBAN UXxHXW) Ty b 1 F v 2L
(OxH xW) EfEnzn, CHOF v 2 ABD 23585, (CxH xW') OF7 7 bk
T bELNS,
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3.4 Adaptive Collaboration of Flows (AdaCoF)

AdaCoF [121 & A T T 4 anyu—v =S 2R L d#Eibe —hLvh—3x Ve
EbEBZILT, 78—R—A LI —FNAR—ZADHHDHEEHETZETILTH
50 TOETFADTAT 4 71&, HFRIZL— DK 72N EEHT T 272D DIEH
ZRUAN 7L — A NOEREDGFICH 2EREOBOY 7 L 2SR T X 28E2(E
T2 THb, =7y "ETZRILEERT 2I1T1E, A 78y bRT bV X
N3, sRNBZIHETEBO 7a—2#EL, Zhord TV 735, Rz, v
TV TENTAEEAL ) =TI, X2—=F v s E7eLERIST 5, HIZ,
FoN—Yary <y FHBMLT, BBBYZELD12F 70— FEhize =212, 2
DD ANERD 1272 FEHT 3,

AFL T, AdaCoF ZH|H LT, #BRETNMIEHT %,
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4.1 RSTSCAGroup DiRZE

S, EREOEZ N —TWHFEHLTEE L, [16] DETLEZSZZIZL. Sep-
STS %A L T. Residual Spatial Temporal Swin transformer Channel Attention Group
(RSTSCAGroup) Z$2&R L7z, X 4.1(a) 12 RSTSCAGroup %#7~x3, RSTSCAGroup i
N {fl> RSTSCABlock 2> 5# X115, RCAB L 24 h. 2 0DBAAAEDONRD
DIZ. 20D Sep-STS 7 vy 7 2T %, #fts 2 2 DD Sep-STS 7uvy 72k
KF XA T7Ty>ayEda—E2200 Sep-STS 70 v 7 DANITF v 2 L#k
FrEAERL, ERENT7 T2 aiZ2oD Sep-STS 7ay 7O h e ®BES 3,
RSTSCABIock {Z Skip Connection % & H . RSTSCABlock 25 A1 & H I RE DE W
WHEHEHT 2 ZeBRIEE N5, % RSTSCABlock DF ¥ XV 77> a vyEY 2 —)b
W3R TRXR=REHET 5,

FrINT T arEYa—LOMER. BEMIERL DEYICZYa - T3
7eiZ, 2D BAHIAAETIEZRL, 3D BAAAREEZMEA L7z, (K 4.1(b) 1ITR7)

Sep-STS 12FEDWT, [11] T Sep-STS 7Ry Z R BR L7z, ZiUL, HEEx
Z2fE B9 N FRFFE B Sep-STS & Z g —+t 7+ r > (MLP) THEIHhTWwa (X
4.1(c))o MLP &2 JEHEZTRA L, {EMELICIE GELU BI%KL [17] 2§ %, SWIN
Transformer[15] & FI#&IC, P L —=Y 7 ZLEZH 5 72HIZ, Layer Normalization
(LayerNorm)[18] ¥ Residual Connections[19] Z#H 3%, 7=, HHi$ % Sep-STS 7
Oy ZIGEED =T 4 2ar ey 7 bENAR—T 12 a Y EZHIHEHLT. &
FREE DR MREFRERZ E T LT %,
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@ Element-wise sum

® Element-wise product

vy
o
o
[an]
<
(@)
vy
2
ne: | Global AvgPool |
= | [RsTsCA Biock |
= RSTSCA Block
=
[ Tempojal®st
RSTSCA Block 6
: | 3DConv |
(RSTSCA Bock.
<
P X
} ! !
(a) RSTSCA Group (b) CA Module (c) Sep-STS

4.1 Tlustration of RSTSCAGroup, CA Module, and Sep-STS Block

4.2 F%ZEJOw7 (Residual Block - ResBlock)

ResNet E 7L [19] IZHEDWT, RRIRITICHIN$ % ResBlock Z1ER L7z Z 2T,
AN 7V — L DRZERFE#EZ YT 572912, 3D BAAABZHH L7-, ResBlock
¥, ReLU ZRNUCHEEATZ 20120 3D BAAAENRY, KEMEDHEHAZI A, K421
RS

3DConv
|
RelU
[
3DConv

4.2 ResBlock architecture
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43 REETI

20DAN 7V =1 E L B5EZ6N256, ©7 470 —AfREIETE T L —
L5 ZAMTBLTHB, M43 IHREBFEDEFNMEEZRT, BEET T,
RERHENH., FEREERE RO, BB 7L - 288D 320FEY 2 —LT
X3, 9. BOEBMEMEEY 2 — 3B 2E 70 v 7 (ResBlock) 2 5 MK
ERANTZL—2%ZTIY, FEOF ¥ 3+ (C R ZHROBRVWEEEZE
KT 5, R, BOWRHBEEZFREREERHEY 2 — VA L, FEERBE 2 E L
TE—Ya VEREAIE T2, ik, 7L —286WEY 2 —VIZFEVEHEEZH AL
THf7L—2a1 s 24EKT 5,

HERHMEHHEY 2 — LTl FEEZEERY A X 2@ ERE B, 17
RETNLCTE, 2va—K—7a—K— 7—F77F v ITELE L GHIAER AL
W) . $ERIETIE RCAB TEARAAEDER AT 2 2 & TAIIH L TAWL
ORI E EERE L 2%, L L, F I VAT 43— —DHEfICT 3 L, EORHY
BOEENH O, FHEHFIIFTE LD/ NSV, LiedoT, Zva—X—7a—
X —ICEHT 32 TANEBRY 7210 R ERERE 238 L A SESRICHR LT
0= 7 — )L OERZ WA EAIREL 725, %7z, Pixel Shuffle ZHH 5
BZ22&D, BBy 7Y IO, FEBMERD TRV,

FERHEMEEY 2 - 10MEr LT, Zya—X—7a—-X-=2bb, TV
O—X—TlE, 4 ODRT—ITHREINS, RT—I 1T, Fs=2%2F>&XY
> % v 710 Pixel Shuffle 7 64% b, ANF#EELZ A x ¥ wcxv oy Fy
U 4C DF % XV BORHEEIC (1x1) D 3D BARAAEEEHAL T, 2C DF ¥ %
NS T, BB TV EORIC, 2y bV —2DFHEIAYR—% Y bT
& % RSTSCAGroup Hi &, R (4 x Wy ieffizh s, A7—22, 3, 413%
F—Y1rRU, HhfggErzhzh (Ex¥), Ex¥). Ex¥H Tz,

TA—X =TI, 3DDRAT—=IBDHb, A7 11& FREs=2%2%K>7v7
¥ % v 71O Pixel Shuffle & & v, EFGEORMEE (£ x 5) 225 (E x¥) 2
7y IH ) 7F B, ¥/, Skip Connection HEFRH XN, FHEE2 Ty a—X—
DHIDLA X =BT A=K —DEDL A ¥ —ICEHES, PixelShuffle 1X. fREE%
M EXE, FryRrUBEROTIENTEIN, &F v 2V OREMER O % i
B3 57, HET7r v 2 (ResBlock) Zffif L TREEMMZ R LS. 16C
M5 8C DF v ANBUCHS T, AT -2, 3IERAT—Y 1R, HIRES
zhetht (I x ¥, Ex)icks,

TV —LEREY 2 —LTlE. AdaCoF D7 L —AEREY a— L EH W, 1277
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L. FBEZREICT v IV TV 7T 2572012, N4 =7HiETIERL., ILE
B AIAAJE (Transposed Convolution Layer) % FlIH L 7z,
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CXT XHXW ZCxTxEx? 4CXTXZX_ 8CXTX—=X— 16C><T><£><K
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4.3 Propose model architecture

44 TL—LEREDa-I

RKFYLTHOONTEZTZ L —LEREY 2 — L OREIZN 4.4 1277, BEOWEREE
F e RROXTXEXY 3352 e N2 E. 7L —L8REY 2 —Md. T 7€y FAZ b
Nty FHEE L. ANEBGR» S DEHREZENT S22k D, 7L —2%24
K3 %

K44 12RTE512, 5, BERICTF 274 Y FLT, AB7L—20D
T HOMEB OB MEEEIET 2, £71L—4t IKHLTF, € RZOX5XT (1 =1,2),
R, F; #30D/NEZR CNNs ICHEBLTANZ LV —A4 I, I3 2 H—FILEA
MERW““W\m$ﬁ7%yFN7meeRK””W&U\ﬁﬁﬁ?thNﬁ
RV B, € REXHXW mffesz g 2 (K I3&H — 3D > 7Y ¥ ZIBOMTH ),
L—24t OfiE (x,y) T7 L — AAW%/J—w@mﬁmT41®iokﬁﬁéhé

K
0:(x,3) = D Wille, X, )1 (x + v, (k, %, y), y + By (K, x, 1) 4.1)
k=1

FIZ, AN —TardERTAE, A7 L—T a3 oBse. ANEHGD 1 OTX—
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Py h BZRADRARL RS, LENoT, F70—Yay wv 7V e [0, 1]V
BEF L. BB T L — MERORIER I NS,

Iis=Vo0,+(J-V)0 0, 4.2)

ZZT. QR 7E~—NVE JIZ1DHXWITH, =7 v F 77X (x,y) D
B V(y) = 117D [ TOARREINDZEZEKL, V(x,y) =01X L, T
DAFRREIND L EEBKRT 2, VI 7EA FIEMLZFERAL TV € [0, 1]V %
723

FION—=Yay 2y TV ERET 22D, F v 2V RO TREE F, 2k L.
HAE XN REEZ/NE 7 CNNs IEEL TV 2EKT %2, Aoz CNNs i 2
DD 2D BAHABEE 1 207 v FH TV IREr OIS, KX T, 7 v
TH TV TEEAA) = THETIER L BERAAAEEMHEH Lz, XMV =
7N, ANERDEFH D 4 DEZRDEERHIEDOWTFE L RWE N ER 2R L.
H{REJERKTZ2 I8 TH S, L, TOFRIEERER ST X —ZH L, ZL
T, RES>LHFHCHEHZREZHET 20T, FPTREBREERLTLED 22D 5,
ZD7DIT, FEARER T X =X e OMEEAAABICEE LT,

w

H
F 20xTx—=—x—
2 2

H W
2C X — X — Fy

]

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Conv stride 1

Transconv

Transconv

Transconv

Transconv

Transconv

Transconv

Transconv

Intermediate Image I s
3XHxW

4.4 Frame Synthesis Module

45 TETILDERTE

RSTSCAGroup OFFEICEH L TY 4 ¥ R ¥ 14 X M 1Z 8, RSTSCABlock i34 &
T—=IIHLT1-1-3-1, CHRIIKRELz, F/oy 7V —LEBMES 2—1D
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A= NH A XK IE (G %x5)1TL7%,

2y P =T DEAT—Y DFEMIERIZFE 4.1 1TRT, B: Ny FH A X)

# 4.1 Model architecture specifications

Propose model Architecture
Output Feature Size
Stage
Encoder Decoder
(BXx64x2x128x128)
1 N (B X256 x2x32x32)
RSTSCABIlock £=1
(B X 128 x2 x 64 x 64)
2 . (B x 128 x2x 64 x 64)
RSTSCABIlock #=1
(BXx256x2x32x%x32)
3 B (BXx64x2x128 x128)
RSTSCABIlock £=3
4 (Bx512x2x16x16)
RSTSCABIlock £=1

46 TETILDFEE

BEREFLTIE. RSN EE [ s L IEMEEG 1 s DZEDEEHEE% (Mean
Absolute Error:-MAE) & WS 8RB Y UL THEHT 3, HEERBEEIIUTORTERS

ns,

L=|Is-1Is|

4.3)

RE(LFIEL LT B =0.9,8 =0.99 ® Adam ZHWTHEE XN 3, EERIIFRL]

12 1le —4

WEIN, BRI le -6 I2HET 5,
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5.1 SEEREMH
511 T—4twvhk

E 7L Vimeo90K F L —=> 27t v FTH¥E X4, Vimeo90K & X UCF101 & 2
ODTF—Xty PTIHMiid 3, PL—=V 7T =&ty FEILRT Z72DHI. LD
H{§22 5 256 X 256 Ry FhR T VXL MY 2 V7T 5, £z, KFEHAME, EEFH
WRERL, 7V —LDJEFZHER 05 TANEZ S ZI2k D, HAfERIZ X 54
7 APRT 5,

Vimeo90K[20] : Vimeo90K r L —=> 7ty MIX 51,312 D VY 7L vy v 3E
FRTED, FMY Ty MIFRRE 448x256 D 3 ODEGE LY 74 7 L — L TH
KENTWS, Vimeo90K 7 R ht v hid, 448 X 256 D 3782 @D b L v b A
aEhtTwni,

UCF101[21] : B2 R NRIOfTEI 2 B FADREETATVS, T A Mty MIZIZ,
256x256 DFFBEEDS 379 HD bV Ty b 23H %,

5.1.2 FHMMEIEIE

FHMEFEREIC X, ¥ — 7 EBXIHEE LL (Peak signal-to-noise ratio: PSNR), it %E L
4 (Structural Similarity: SSIM)[22] % FH\ %,

PSNR (&, E5DHRA Y7 — L ITTEBITH T 2 Gl R D 7 A XD LR 2 RS 61
THhH, K (G.1) TRDENS,

MAX?

Z 2T, MAX IZHR DR KEZRETH H. MSE (Mean Squared Error) 1XJTHI {5 &

17
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FAHfiEG» SR I NS, FHiiHZE LT, EAKREWIERIFTHZ (40[dB] ML E
THHICK 2 AR U0B o0 WIEEOHME, 30[dB] LN THL 2 RHLB A LN S
BHErIntni),

SSIM &, JriHifg & FHHE G E C OMEREME ZRTIHEETDH D BEHRNO JRHE
B HEMUERFEL, 20FEEHAMEE T%, SSIM ZR (5.2) Tkho 541,

XTI 4 Y R ARX%E(7Tx7) 2L TW3,
e Cuxpy +C1)(20xy + C2) 52)
(U3 + 3 +C1) (0 + 03 +C)

T ZT U,y FBEREHOERMED FIEE, oy, oy IZFHERZE. 0y FHETELG
C1, G W IFEEBIIEERTH 5, fHMiiHZE LT, B LITEWEERBIFTH D, 0.98
U ETHHRICE 2 AT 00RWIREOHEE, 0.90 L NTHLLRAILBA LN
LHIE L INTWVWS,

51.3 RERFM
FIBREIIH 5.1 1R T,

# 5.1 Experiment Conditions

Model CAIN TRSRIR
Train dataset Vimeo90K
Test dataset Vimeo90K and UCF101
Batch size 32 16
Epoch 90
Learning Rate le-4
Loss Function MAE
Optimization Method ADAM

5.2 HEER

Vimeo90K ¥ UCF101 D& TD 7 X b 7—&IZxf3 % PSNR, SSIM OV fE % &
5212 F, BRFETIE, CAIN IZH LT Vimeo90K ¥ — &+t v F DA, PSNR T
0.601 [dB]. SSIM T 0.017, UCF101 ¥ — &+t v b ®##, PSNR T 0.586 [dB]. SSIM
T0.015 EE5FEIFON, Ty ERETNDNT X =X —FITERED 7
BETH?Z PR TET,
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RIZ, EEREMITARS 5 CAIN (JERE) L RFBEOEMFRAIZ M 5.1~5.5 1R
To K51~5512BVWTC, @QMEO)IEAYy hNV—=ZDANT7L—4, )F71L—
LR OB =M B SHNRT /2D AN 7 L — A ERHER, (d) 1 ZEMRERTDH 5 H
M7V —24, (e) IFEREIC X2 EMHR. (f) 1 CAIN IZ X2 EBAERTD 5,

M 5.1 @A77 —ABOBZ KX WEBRICHT 24 MR ZRLTWVS,
CAIN TlZ., FOERIIKELENTVWZDITH L, IRBETIIHIEELERTET
WBZ bbb, K52EFAN7 1L — L0 %23 EE OG5 4Rk R
Bl %~ F, CAIN TIERIRENRZ 20K EZZOEES FLAERTETVWS
bbb, K531FATT7 10— ABOB)E /NS WEBIST B AR Z R L
TW3, K530) ITRT LI, 7L —LABOEIEN DN W=D, CAIN L2
FIEFHICF CREEORREZAER L7, K54 A7 LV — ABO8) &5 FEE K S
XFEPETEBGINN T 2 EBRERG % RT, CAIN TIEXFENPRELENTVWS, 47
RETIE ARSI N FDR IS HEDBHERE BT VWD, K55EFANTT7 L — 4
2RCHZ DD 5 EGIINT 2EBMERIZRL TWd, CAIN TlE. ZHOF2K
ZIERT R TVEDIIH L TIREETIE., HDIBREOHNEEERTEE 22D
bhr b,

D Eo#ERD & 1REHEE, ERIEICH LR EORREZZER LI E X 5,

7 5.2 Quantitative comparisons on the Vimeo90K and UCK 101 datasets

Parameters Vimeo90K UCF101
M) PSNR | SSIM | PSNR | SSIM

CAIN 42.8 34.831 | 0.961 | 34.452 | 0.954

RRIE 213 35432 | 0.978 | 35.038 | 0.969

Model
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(a) Input I, (b) Input I, (c) Overlayed Images

(d) Grouth Truth OF =5 (f) CAIN

PSNR = 32.278 PSNR = 31.900
SSIM = 0.937 SSIM = 0.925

5.1 Generated Image Example 1



(a) Input I, (b) Input I, (c) Overlayed Images

(d) Grouth Trut PSNR = 26.247 PSNR = 25.373
SSIM = 0.880 SSIM = 0.871

5.2 Generated Image Example 2
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(d) Grouth Truth

(e) IBFZE
PSNR = 31.260
SSIM = 0.966

5.3 Generated Image Example 3

oy
(f) CAIN

PSNR = 31.026
SSIM = 0.964
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(a) Input I, (b) Input I, (c) Overlayed Images

(e) 12523 (f) CAIN
(d) Grouth Truth PSNR = 32.263 PSNR = 29.610
SSIM = 0.950 SSIM = 0.933

5.4 Generated Image Example 4



24

(d) Grouth Truth

(e) 1%
PSNR = 32.438
SSIM = 0.967

5.5 Generated Image Example 5

(f) CAIN
PSNR = 31.978
SSIM = 0.959
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6.1 F&&

RFX T, EREROBEZA LT 2 22 2 BN, 22/ L [ O /7T A
BRov s VORMNBKEBRREZYE TS N7 VAT 45— —X_R=XAZHWV 5 FiE
FIREL, F1IETE, E5A4 70— 2T 2REDFE L MBS, R
DIFEEHANZ DWW TNz, 5 2 ETlE, EREL LT CAIN ZHD RiF. Z0FHE
DERICOWTHENTz, 8 3ETIE. KX ORRBIETHW 545 RSTSCAGroup
KU, AdaCoF FHIZDOWTHHL 7z, HA4ETIE, BEETTNVOEEIZOWTHAL
7oo HBSETIE, IBREOHERMEMETT 272012, F—0FH 7 — 2% HW\WT CAIN
CIRBREOFMEER 21T o 7. CAIN LARRIEOE A% % FHllitE#-T» % PSNR &
SSIM THHR L7z & Z A, HkA R ANEHGAFNCIEWT CAIN & [FZEH 2 DL ED#RER
G oM., BBEOHHMIMETE /. /2. Vimeo90K & UCFI0l DETDT R
b7 — &R % PSNR, SSIM O FEEZ IR L7z & 2 A IBRIETIE. CAIN 12X}
LT Vimeo90K ¥ — &+t v h DA, PSNR T 0.601 [dB]. SSIM T 0.017. UCF101
T =&ty DA, PSNR T 0.586 [dB]. SSIM T 0.015 E[F 2#ER01E 507z, XU
e, AV M2 ISR T A= —R—ZAZHANVE I TREIVWPLHREED
B XHEL Wo bR A RBID 7 L — 2B ORER EREFHTELEE R 5.

6.2 SEDFE

RIL T, ERETH 2 CAINIKEDOEZ NSV RAT7 4 —v—R—ZAZHWBEFE
PIREL, LU, MERELIERETEANT 7L —ABOE—0F 7 L — A6
WOAMIHELTED, wAF 7L — LN ZI R S5HBOFELE R 5,

25
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AHFEZHED 2 12H7D ., THEE - ZHEZTHWZHBRIEBFRICE S BILF L L
TET, T MXOBEICBVWTZLOIHEREPHEZ L, AEERRERBRE
BAZ. EREFIEBER 2 o QIR BABEBICE S LR L BP9, ki, K%
WBLTEZL DIEHiZ K 23 WVWE LAESUHICHRE O BRI E#H W LET,
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2O0DFETAAER L. B A1ITRT, K A l(a) IZHERETH S CAIN ET L%
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S ZVETHA X (128C x § x ) WEBEL T, (64C x & x ¥) ITF v I VEE R
DL, SEDEZE 7NV — 7 (ResGroup) Zidi L. FiE F Mo 5, &M
BRPEZL—23 F27y 7%y 7L L THB 7L —24 15 e ROV 5t
4R BERT 5,

A.1(b) 1X CAIN @ ResGroup {ZFH L TEHE L 7, ResGroup Db H 25 4
BED 4.1 TIRZE L 7z RSTSCAGroup IZZH L7z, 5 {HdD RSTSCAGroup % W, #%
RSTSCAGroup (& 3 f @ RSTSCA Block 7 5 SN b, /2. 2 D00 A I HE {4
I,I, € ROHXW v | BRIXICIIB > THEIE L. XYY v 7LVETREEDY A
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A12 EERER

KA IRRBEEZEA. 4DODETNVOFMERD #2773, Vimeo90K F L —
=74ty bTH¥E LT Vimeo90K 7 R b 7 — X TFHMi$ % 4 DDE 7LD LIS
B A2RT, MA2ZH2 e, fEL7Z2D0DEFETLVOMENKELTHNE L
DD o 72,

7NV OFERI 2B e LT, REXTTICHET T 2, Bl & AIALE %2 H
WT THORELZ G T 2OPRBVILAHEEZ S, FI 7L —L28KEY 2 —
NEARDETL2TE, EFAL XDMERD LSS Ze0vbh 25, (L x %) off
HMEF 2HEEAAABIZED 8METANEEROITLOY A4 XICRT ., ELLRWVY
JENEERLTLES ZeBHEEZ L, £Dd, Ya—X—FTa—K— 7 —
¥77F v EFALTTa -2 —THIXAT—IF, 25 TREBED YA X2IEKT 5,
25358, FHEZLV—LE8MEY 2 —NMZAZHNC (E x W) 0¥ 4 ik h, TE
BAAARBIZ 2GR T A X2IRT 5, /. Ya—X—Fa—&—TEEHNT
5. ANEBRYE 7 e VORMNZEEEZFHEL TN I VX7 4+ —~<—0DHESIHA
FkTx3,

7 A.1  Four Models Comparison

Model Input Dimension | Parameters (M)

CAIN (CxHXW) 42.8
Modell | (CXT x HXW) 25.5
Model2 | (CXT xH x W) 25.8
REE (CXTxHXW) 21.3
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Quantitive Comparisons on Vimeo90K  mssiIM mPSNR

0.961
CAIN 34.831

0.865
Model 1 — 27.373
0.868
Mo 2 | —— 7
B =222 0.978
A — 35.432
0 5 10 15 20 25 30 35 40

A.2  Quantitive Comparison of four models on Vimeo90K
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A2 RZEED RSTSCABlock #iZEEI|ICEH T B£8R
A21 RERRT

BABED LS5 ETFTINVDHRET RSTSCABlock #lIHZH AT —JewLT1-1-3-1
WERE LR, SHDEERZ, RSTSCABlock #I& X F—JIInfLTRIE2-2-2-2
WERE L., MR EZITS,

A22 HERER

Vimeo90K & UCF101 D2 TD 7 A b7 — XI5 % PSNR, SSIM D ¥ {H %
KA2ITRT, RA2 2R, %% (RSTSCABlock £(=2-2-2-2) T, %
% (RSTSCABIlock t=1-1-3-1) 2% LT Vimeo90K ¥ — &t v k ®¥HFE,. PSNR T
0.065 [dB] * UCF101 ¥ — &+ v kDA, PSNR T 0.053 [dB] LA 225, Vimeo90
K UCF101 @ SSIM iz 2l UCRRE K& O 0.001 A3 Z & HHERT % /72,

RIZ, FEBREMTNT 2 2 DDETVOAEBMERA 2K A3~AT IR, KiZBWw
T, (@ UG IEFRYy v 7—2 AN 7L =24, (0)1Z7 L — AR & HIBZ /51
WRTTODAN 7 L — s EHEGR. (d) X ERERTHZ2HH 7L — 24, (o) XER
% (RSTSCABlock #(=1-1-3-1) 1< X 2SR, () 1 (RSTSCABlock #=2-2-2-2)
W EBERFERTH %, 185 (RSTSCABlock %(=2-2-2-2) D4 pERIZEAERI
FRDIZOIDVRWI b2, »55E1REE (RSTSCABlock #=1-1-3-1) @
EO5DRV, il LT, K A6 Tl 8% (RSTSCABlock $=2-2-2-2) DFE1FE:T
MDFERDIES EVD, HELRE (RSTSCABlock $=1-1-3-1) THER XN EHOD
XFDIEIVELALND BT o7z, K AT TiE. #887E (RSTSCABlock %1
=1-1-3-1) 1¥#EL1E (RSTSCABlock $(=2-2-2-2) X b A= pRIEH{5 K OERZEFAM o % SR 23
RWI ey RZ7, T/ ETLDONRT XA —ZBUE L TIREE (RSTSCABlock 1
=1-1-3-1) DIF> B3P0z, 1857E (RSTSCABlock #=1-1-3-1) 2EHAR L EHRE
DBbHbrEZ 5,

# A.2  Comparisons of number of RSTSCABIlock on the Vimeo90K and UCK101 datasets

Model Parameters Vimeo90K UCF101
M) PSNR | SSIM | PSNR | SSIM
84215 (RSTSCABIlock #=1-1-3-1) 21.3 35.432 | 0.978 | 35.038 | 0.969
$E%37%k (RSTSCABIlock #=2-2-2-2) 28.3 35.497 | 0.978 | 35.091 | 0.968
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(a) Input I, (b) Input I, (c) Overlayed Images

(d) Ground Truth () $228%(RSTSCABE=1-1-3-1) (F)IRZA(RSTSCABS=2-2-2-2)
PSNR = 32.278 PSNR = 32.300
SSIM = 0.937 SSIM = 0.938

A.3  Comparison between Number of RSTSCABlock Example 1
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(a) Input I (b) Input L, (c) Overlayed Images

(d) Ground Truth () RZE%X(RSTSCABE=1-1-3-1) (f) 12EE(RSTSCABE=2-2-2-2)
PSNR = 26.247 PSNR = 26.358
SSIM = 0.880 SSIM = 0.882

A.4  Comparison between Number of RSTSCABlock Example 2
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(d) Ground Truth (e) IREE(RSTSCABEI=1-1-3-1) (f) $REE(RSTSCABE=2-2-2-2)

PSNR = 31.260 PSNR = 31.937
SSIM = 0.966 SSIM = 0.971

A.5 Comparison between Number of RSTSCABlock Example 3
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(a) Input I, (b) Input I, (c) Overlayed Images

(d) Ground Truth (e) 12555(RSTSCAB#=1-1-3-1) (f) {REA(RSTSCAB#=2-2-2-2)
PSNR = 29.610 PSNR = 30.381
SSIM = 0.933 SSIM = 0.937

A.6 Comparison between Number of RSTSCABlock Example 4
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(d) Ground Truth (e) IREAE(RSTSCABE=1-1-3-1) (f) IREE(RSTSCABE=2-2-2-2)
PSNR = 32.438 PSNR = 32.311
SSIM = 0.967 SSIM = 0.966

A.7 Comparison between Number of RSTSCABlock Example 5
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A3 REZEZDIL—LERED 2—IJLICEHT 535
A.3.1 RERFRTE

HWAEDAL T —LABAREY 2 — LTI L—LBARES 2 —LT vy DTH T
YIZRBENA Y T TR BMEEAAAERZHEH L, SEOFERTIE, N
A4 =7 WM CEREEAABE WD 2 DDERERO LB Z1T S,

FERSEMIIEE 5 B 5.1.3 FEERSEMF L FBRICERE L. R 5.1 1TRT,

A3.2 REER

Vimeo90K & UCF101 D& TD 7 A k7 —XIZx$ % PSNR, SSIM O FfEZ £
A3IWRT, ETADRIRXA—=ZFIHEDED LRV, BRIETIE, CAIN ioxf
LT Vimeo90K ¥ — &t v h DA, PSNR T 0.212 [dB]. SSIM T 0.004, UCF101
F—XE¥ v DA, PSNR T 0.044 [dB]. SSIM T 0.001 E[F 2 &R 1E 517,

KT, FEBSEMITNT 2 CAIN (PERE) L RFEOEBMRA %X 5.1~5.5 1%
T, KIZBWT, (@) MU D) IEAy P I7—Z AN 7L —4, ()7L —Lsfo#E)=
HERE S INRT DD AN 7 L — L& KEER, (d) ZERERTHZ2HM 7L —
Ly (e) IRRE (GEBAAAE) X 2ERMER. ) RIERE (N4 ) =7Hij)
WX BERFERTH 5,

7 A.3  Upsampling layer comparisons on the Vimeo90K and UCK101 datasets

Model Parameters Vimeo90K UCF101
M) PSNR | SSIM | PSNR | SSIM
REE (REEAAKE) 21.3 35.432 | 0.978 | 35.038 | 0.969
BEE N4V =7 Hif) 21.2 35.220 | 0.974 | 34.994 | 0.968
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(a) Input I, (b) Input I, (c) Overlayed Images

(d) Ground Truth (e) REE(GBEEHMAHE) (f) BREE(AUZ7HRH)

PSNR = 32.278 PSNR = 32.145
SSIM = 0.937 SSIM = 0.936

A.8 Comparison between Bilinear and Transconvolution Example 1
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(@) Input I, (b) Input I, (c) Overlayed Images
(d) Ground Truth (e) RELE(GBEFAHE) (f) BRE(IUZ7H#RM)
PSNR = 26.247 PSNR = 26.012
SSIM = 0.880 SSIM = 0.875

A.9 Comparison between Bilinear and Transconvolution Example 2
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(d) Ground Truth (e) REZ(EEBHAHE) (f) {BIE( (I=THM)
PSNR = 31.260 PSNR = 31.146
SSIM = 0.966 SSIM = 0.965

A.10 Comparison between Bilinear and Transconvolution Example 3
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(a) Input I, (b) Input I, (c) Overlayed Images

(d) Ground Truth (e) REE(EGEEHAHE) (f) BEE(V1UZ7HHR)
PSNR = 29.610 PSNR = 28.938
SSIM = 0.933 SSIM = 0.919

A.11 Comparison between Bilinear and Transconvolution Example 4
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(d) Ground Truth (e) BRTE(EBEHAHE) () BFTE(\I-7H#iR)

PSNR = 32.438 PSNR = 32.386
SSIM = 0.967 SSIM = 0.966

A.12  Comparison between Bilinear and Transconvolution Example 5



