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Abstract

To enhance the generation quality of flow-based video frame interpolation methods in changing
regions, we propose a novel two-stage video frame interpolation framework that guides the
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refinement of intermediate frames under the constraint of optical flow motion information. Captur-
ing long-range relevant information can enhance the accuracy of optical flow estimation. Therefore,
we propose a BWT-FlowNet for optical flow estimation, which integrates a bi-level window Trans-
former with content awareness to capture long-range spatial-temporal interactions in video se-
quences. Then, a Motion Boundary Mask (MB Mask) is predicted by leveraging the motion infor-
mation from optical flow, which is used to help the network focus on content-changing areas during
the refinement of intermediate frames. We also develop a Motion Boundary-Aware Refinement Net
(MBAR Net) to refine the process of intermediate frames. Pyramid MB Masks are utilized in sub-
layers of the MBAR Net to highlight motion regions. In addition, the Mask Perceptual Loss function
is introduced to constrain content-changing areas effectively, improving the quality of predicted
frames. Experiments demonstrate that our proposed method achieves excellent performance on
several public benchmarks.
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DA FH T A i R TRD W ) 7V AE IS 3l i 5 XA AR RO AN, DR a6 X3 i) P A 2 IR e B0 A2 2% 1)z
FEAF KA . FILIRATEIN T2 312 FHUR A 400 25 (MBAR Net) H T 4046 (a0, %0 28 76 6 -3
Z5F1) MB mask (513 N L7ET AN AL AIZ ) X .
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SRR, FRATTHIBE ST DR LA
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AL e N2 )34 S (Motion Boundary mask), 2 AR £E 41 AL B Bl FH 5 56 X 406 X Py 7542
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3) FAVH K 171283010 FHRFI AL 2% (Motion Boundary Aware Refinement Net, & #X MBAR Net) T
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1
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Figure 1. The main idea of our proposed method
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Figure 2. Overview of our proposed framework
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P 2 frose ga g i I, Al 11 » R A Transformer (1] BWT-FlowNet #¢35¢ tHH At v SRS A 14
HEU, XL IR A T S A SRR AT £, 1, o« ERIRFTIRILAE A S B I0EI 5 T, MR
BB I M, H RS - iash A . @ %Eﬁ/fllﬁﬂﬁi‘%M . T LA SRDRE ) IRt 7,
HEIEAN:
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NAECTZ NG RLAH T8 SRR AR, ASCHR 1 — Mg shid A B (MBPP) L, TR
*ﬁlfiﬁiiiﬁtﬁﬁﬁ(MB mask), ULWIHAIR €280 2 A AR IX I8 )5, MB mask #¢ TRy 75
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FIN LR SChw A A T LA G R SR BRI i 4R G, €, G, Gy IRESRHIEE I LI O 34T I
WA, BEIBIHE C,,C,,C,,C, , HFIEAN:
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R, AWML e, AW 2 REZARTBRHAELL & M, S BZ 3010 SR AL (MBAR) 4 2%

o, AZREE T e (RTINS AL, o B R AL AT AL SRE WSS &, SRIRAGR T, R
EWoE

I=I+AI. 3)

2.2. BWT-FlowNet

AL T BWT-FlowNet PASEEUEE RS HAb v, @il 3 Frox. Yoot aets A 2t ds 55 AN wiF &
BARHEMASTE, TR # 0032 35 BN 5E 1 XHz 8 X 38 1R 5 78

(1) BWT-FlowNet: 5L GG RAPZ P2 (CNN)AI L, Transformer G885 58 A R4l HE 4 IE 25 AR oK
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Figure 3. Design of BWT-FlowNet
& 3. BWT-FlowNet A B &t

w3 M, BWT-FlowNet F11% BWT Flow Block SR T =47 4EK), FT MK 240 7
M. Hei O, Wit A M-
0, =0, ,+BWT Flow Block, (0,,.,1}",), @)
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HZHHE

(2) BWT Flow Block: ¥ CNN 5 Transformer 454 7] A& THMI 2% VERE, KON Transformer AER5 2
B AOGE A AR5, 1T CNN U TSR AR 1) SR AR i a0 3 BTz, 3RATTH) BWT Flow
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7E BWT Flow Block H, i PI-NZESE 146 AR PO R AL B EHL ¢ H9hn, FHAEAT 8 AMIELLHE PRI
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BRA) M f5 2 (1) DX I 4 R B I AR SR PR AR o IR0, K0 HE RRAE i N 380 8 B B AR b LU SO
ALN:
O = TransConv ( F. ) + TransConv (£} ), %)

Hrf, FeRomiBidiREERIRSHEE, FraRon i BWT B4 2 (0 K BE B AR S HEARAE
(3) BWT Block: &% HiE = J1(BRA)& —Fh B A W BN HE 1 IR E = ML, 75 BWT B
T PR B AR KB SR e R . L, FE XA X R AT, JRET R R S A ek
FIX 3. ARG, TR 4% AOAH 5 X 35k P 047 410REFE ) token-to-token VE & /7.
Yh5E—MERIEE X, BWT i) BRA BRI N SxS MAEB WX, XA Hw/s? A
PR . ARJE BT R BB W S RIE R A, B KB oKV, ARN:
O=XWIK=XW'V=XW, (6)
Hf, X" eR s TN X e RTVC EBHIFIS R . @i Q A1 K 20 kAT X I L 715, 153X I8k
BEWHBE O, K eRSC. M5, Wik 4 =0 (K’ )T B XIRAISEME 47, ERRHAXIEEE X E
AT . %, BRA MM XMEHEESN kK NRI, HEBENAFAHBAERIIERETD +, Hf
I =t0pklndex(A’) o I' I i ATES 55 1 KRS k MXIKRS] . e, B2 L, AR N:
L= Attention(Q,Kg,Vg)+LCE(V). (7)

Hodr, K Ve 2N k AN X BB AIE K &, 1 LCE(V)ER R REE E R SO as, WisCHk[35]
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Figure 4. The change of attention window for BRA
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2.3. Motion Boundary Mask

FEAAIFE T, P W) 6 25 A8 A ) XA AR R A A B A I —/NE 2y, T H A 0 2 R e e 1 - A
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Figure 5. Two frames and their overlay
B 5. MB mask FI&LIR 312

fEr B BWT-FlowNet T3R5 RS RADGIE B, #EB TN (Mask Predict Block) A& 5 7N H PR il iz 5
DCRAHERE Moy Bhaifb P2 SR AR T A AR IX I, AUt 1 — g shidy S e i Sidok Ab B
M. B4, BOEMANERIET,, M T, » HTX5EARFES X e, BREEIRT T, 5&mT T,
RIS BLEN 1, HRPrAEREN 0, AT M FHoh —EE# M, HIHEAKN:

My, = Threshold (M. T,,,..T,... ). (8)

R P IR)IUE A A R AL A 2 IS B S A AE SO AN O R 1), TR R P TV 7e 0 1R
RFIBEMRK XK. T &Sy R X IR LRCE 2 R SORHE, K M ,,,,, BRI IS4 K
ML x L5

M

= Patchif (M,,,,.L.N ). ©)

patch binary *

R, 254 N ADNEEZERMEN 1, WZHR R ETE e RN 1. RERBE5hI0 R
#(MB mask), i0/E M BN FEWIE 6 Frzme HH, Tiows Thigns LI N BENESEL, R#ESLIGEE R
HEAT R,
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Figure 6. Processing of MB mask
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BEJG, XM, BEAT TRFE, LAIRAS S~ B 5110 MB mask, X SEHERB4 A\ ] MBAR Net 1114
g gsrh, AdiHAE 98 5 NS E sh A AR X 3k
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Figure 7. Overlay of two frames and the MB mask
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Figure 8. Architecture of Motion Boundary Aware Refinement Net
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AT 5 R FLF 4 0 3% O N REAE RS AR DL, MB mask 4N SRAE AN RS (O HEE, TAE MY, -
TS RN RALS M, BT PHE, SR5181d DownResBlock #ATAEEE . Encoder, 1% HHRFAE £, 1T
WA WF

1y =CBAM (Enc, (M€, ). (10)

7E MB mask 151 5, MBAR Net f8%7E 4 A% A i fd i F2 b 58 n ey 12 8 X 4. BEAN T gt 25 10 5
HAFE#E T DownResBlock F ] CBAM [36]HFTACEE, 82 (Al FEE & DAL P I 4S1E . BhAh, 3%
ZH[371H 4 N T DownResBlock 1 UpResBlock H, VA 3% SIHRFAE, 3858 M 2% 12 A0 14 B M A8 8 14 .
EE T SRR R R B I AR B AR (S 2, DownResBlock W3R T ik, THAER T30 T BRE T
2o
2.5. sk

KSR LR ERSUR, HT@BEh M ERRE, AX0N:

Lo =1 -1, (11)
SEAR, N T BEEEIEARL, ASCH T Census 47128[38][39] L, » L5 Xy 197 A1 1, ] Census A5 4

BUG e (8] 3 DB PR ES
FEAR B A 452 2Kk (Mask Perceptual Loss). 12230 5 Bl X IR IHEE 4. B REs). R, —ik
TR R SERBANNE L EMIES BEAME MR, KREEEZHOGEEUEH riEsh X k. Ak,
BATFIN T ETHEH 1 MB mask FIFEBEEIHE(MP $#128), DfEHGX— @, BE5, 1 MB mask 4>
SIS 7 A E R 197 AR, DAREE AR XS, Bl S, R TIZRT VGG 2SR EE B K
FVRRAE, THE AL S RS B ARz B R, AN
L,, =VGG(M < 17" M, % 1,). (12)

patch H patch

FEAEH K (Distillation Loss). EXUAETHT, AR T 2K L, KA HRE. £ BWT-
FlowNet F13 111 T — M4SN BWT Flow Block fE 31 S8, M E RT3 8, MG 72U SRt Ferb
Fb B EL. AR 2 A 2 -

Ly, = OtTfilgher 00 +0tT—e>alCher -0 (13)
e bR FATH 725 H AR R BUE SN
L= Lrec + ﬂ’cenLcen + /lmmep + ﬂ’disLdis H (14)

ﬁ‘:qj ’ ﬂ’cen ’ /q’mp *D ﬂ’dfs éj\%lj% Lcen ’ me *D Ldis E/‘Jﬂﬁc’
3. IMBERSHh
3.1. ELHIEEE
FATHBAAE LLUR 2R 4R BT 1 VT4
Vimeo90K [12]: GEWA T4, B = o4 (Triplet) MLt (Septuplet) i e, /3 HEZ N 448 x 256,
UCF101 [40]: 5 AFATAMIG, WHE 379 N=Jud, #P3EH 256 x 256,
Middlebury [41]: FRATI7E Middlebury [¥] OTHER F4& 47 T, H A& 3 HF 582 640 x 480
1 B
SNU-FILM [42]: 5 1240 M=J04, 2#ER AN 1280 x 720, ARAEHMEEE 5 NI T4 {4 #i(Easy)-
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FR2%E(Medium). R ¥E(Hard) ATE BR (Extreme) »
ARIAE Vimeo-90k Hif 5 EIZRENY, JEAE HABEOE S EVPA R REFR T -

3.2. SEIG4RYS

285K, £ BWT-FlowNet 11, A %54 BWT Flow Block BCE T ANFFIERALEE . 54 Flow
Block % 6 > BWT #t, HTHi#eMHCHE OB EMSE k MR EWE 3 B, BF#E 7 (Conv Module
HHIBE o) B IE B 7 5B BN 360, 225, 135 F1 135, 7E MB mask BRI, Tiow AT Thign 73 B 15
BHHNO02 M08, 1 LANZHEENS A 2. XFAH/NUEER, 5—4 BWT Flow Block {{ .7 4
AN BWT #, HAEL 5T Conv Module 1 MBAR Net Ji&, HFE RN KA N R IG R ] 1—F.

WGRATT . ASCHEAEH AdamW RACERHATIIZR, E2IRREN 1 x 1074 NIZANREE RTX
3090 GPU 47, b R/NEEN 8, HEALLILIIZE 250 M. ASCMINGRFEA T EEHLIRET H 224 <
224 [P EUG I, Hed st Bl AL I A AR B [ fs 2 ok FL gk AT H5 4 1 0t

3.3. SHfttFENLE

Table 1. Quantitative comparison of VFI results on several datasets

1. FRITSEN T AE S N RE L EE4EFR3IEL

. SNU-FILM
Fik Vimeod0k vertol B Easy Medium Hard Extreme
PSNR/SSIM  PSNR/SSIM IE. PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
ToFlow 33.73/0.968 34.58/0.967 2.15 39.08/0.989 35.31/0.977 28.44/0.918 23.39/0.831
SepConv 33.79/0.970 34.78/0.967 2.27 39.41/0.990 34.97/0.976 29.36/0.925 24.31/0.845
DAIN 34.71/0.976 34.99/0.968 2.04 39.73/0.990 35.46/0.978 30.17/0.934 25.09/0.858
CAIN 34.65/0.973 34.91/0.969 2.28 39.89/0.990 35.61/0.978 29.90/0.929 24.78/0.851
BMBC 35.01/0.976 35.15/0.969 2.04 39.90/0.990 35.31/0.977 29.33/0.927 23.92/0.843
RIFE 35.61/0.978 35.28/0.969 1.96 39.80/0.990 35.76/0.979 30.36/0.935 25.27/0.860
RIFE-Large 36.10/0.980 35.29/0.969 1.94 40.02/0.991 35.92/0.979 30.49/0.936 25.24/0.862
AdaCoF 34.47/0.973 34.90/0.968 2.24 39.80/0.990 35.05/0.975 29.46/0.924 24.31/0.844
M2M 35.47/0.978 35.28/0.969 2.09 39.66/0.990 35.74/0.979 30.30/0.936 25.08/0.860
MFRNet 35.96/.978 35.35/.970 1.90 — — — —
ABME 36.18/0.981 35.38/0.970 2.01 39.59/0.990 35.77/0.979 30.58/0.936 25.42/0.864
Ours 36.01/0.980 35.43/0.970 1.87 40.23/0.991 36.03/0.979 30.35/0.934 25.06/0.855

AW P 715 5 B S A AR WU (VED) 7R3 T 1O, IR eV E 4G L T 4% (1 7% SepConv
[4]+ AdaCoF [43], J:T i /51% ToFlow [12]. DAIN[5]. SoftSplat[18]. CAIN [42]. BMBC [44]. RIFE
[13] 1 ABME [45], DL MFRNet[23]F1 M2M [46]. X F A7 ERI45 5%, -A13E4T T RIFE A IFRNet
21 ATHRIS, £ 7 IFRNet M[47]H ) HARZE R . ASCR A WL FEFR(A0 PSNR A1 SSIM)H#EAT &
I, GRWE | R, Moh, RSOGO H 7S TR B Se it 7 AT TR LRI, a9 s
FETRINZE R BB — AT, AR SCHIR Reb% 15 M s g IS SR BERORI 48, T HAb 7% . AR
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Figure 9. Visual comparison between different VFI algorithms
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SIS R I, K MB mask FIHETAE Vimeo90K idi4E [ PSNR #2517 0.108 dB, ALK MBTE SNU-
FILM #5437 T PHRE.

Table 2. Ablation on MB mask
%% 2. MB mask HJ;ERHSCIE

SNU-FILM
Vimeo90K
R Medium Hard
PSNR/SSIM PSNR/SSIM PSNR/SSIM
wo. M 35.668/.978 35.88/.979 30.23/.934
w. M 35.776/.979 35.91/.980 30.29/.934

BWT Block R : BWT U A 4 IR 5 K¢ 3 1) SCBALF . A Sl I B 5 8 v BWT ) 3
FORBT I HA RN 22 3 FRAL 7 OGN Y 2% AN R B BWT B PEREdR bR, B350 BWT SR RA
5 4 A BWT SRR L B 6 A~ BWT R4 . 7] LALERE], £ Vimeo-90k ¥4 I, %5 3 4H
TR 1 SEBLT 0.12 dB B ) PSNR; 7E SNU-FILM R4 0 o 25 e B Fl s HE 5 T4 b, 1 3
S ASEIL T 0.14 dB S 1) PSNR. X EUARARL 2 FIBEAY 3 "T DLW A H, & 459 0 BWT SR pe g it
TSR FRE () HERF

Table 3. Ablation on BWT Block
5% 3. BWT Block HUERASELE

SNU-FILM
" Vimeo90K X
it Medium Hard
PSNR/SSIM PSNR/SSIM PSNR/SSIM
1) wo. BWT Block 35.61/.977 35.77/.979 30.17/.933
2) 4 BWT Blocks 35.65/.978 35.86/.979 30.28/.934
3) 6 BWT Blocks 35.73/.978 35.91/.979 30.31/.934

Z RE LT ICRIGEEA CBAM MR D s F i 2 R EGARHIE A 1w i i, o 58 ik ff
(RS AIE R 5 15 R TERE B I TN o AR SCERAE T FE AN IR 28 r 45 ) 22 JURE b SC i 2% -5 0 00 45 APURC B fr
A, W7 4 s, 8B T SRS A% R TUAE Vimeo9OK B¥E 4 b AH LAY A8 I @ 5 AR (O 78, PSNR 12
F+7 0.13 dB.

UEAb, ZAEALIEYE SNU-FILM $i 5 (1) b 45 0k 5 Rl v o FE 4 B BoR MR BB T . ik —2BHh, AR
WFSE T AE s 2s b ] CBAM FIZCR. G174 CBAM [WEULE Vimeo9OK Hii4E b EL A — i R A3 T
7 0.05dB, fE SNU-FILM #4542 1) v 45wl A i 3 FE -4 43 R T 0.04 dB A1 0.03 dB.

Table 4. Ablation on Context Encoder and CBAM in refinement network
%% 4. Context Encoder F1¢R{LM£% 1 CBAM BY;HEASLIE

SNU-FILM
" Vimeo90K 5
A Medium Hard
PSNR/SSIM PSNR/SSIM PSNR/SSIM
wo. Enc 35.65/.978 35.86/.979 30.28/.934
w. Enc 35.78/.979 35.90/.979 30.31/.934
w. Enc + CBAM 35.83/.979 35.94/.979 30.34/.934
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Table 5. Ablation on Mask Perceptual loss
5. DRI R BHYHRR S

SNU-FILM
Vimeo90K
A Medium Hard
PSNR/SSIM PSNR/SSIM PSNR/SSIM
wo. MP loss 35.776/.979 35.91/.905 30.29/.934
w. MP loss 35.807/.979 36.03/.980 30.35/.934

AN, ASCIETEAYL T AS R AR AL ) HEFR 25 5, Wil 10 Fras o A AR EE AT DLIERH, BWT-FlowNet.
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MB Mask MB Mask+MP loss Ground Truth

Figure 10. Visual comparison of inference results from different ablation models
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