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; ) Camera
\ p center
\ e’ : — :
X The image of an object is reversed from its
2D 3-D position. The object appears smaller
L”I”aig: S when it is farther away.
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X All points in this ray will
Y . have the same image

(a)
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—ITE NIl 1z Eh iR A

WA EEhREL: X' =R-X+T

X' =X+T F% Wede [R] = [R.]-[Ry] - [Ri]
1 0 0 cosd. 0 sind

[R]=|0 cosf. —sind. [R,]=| O 1 0
0 sinf, cosf, —sin@d, 0 cosd
cosf. —sinf. 0] 1 -9 0

z y

[R.]=|sin®,  cost, 0 [R1~[R1=| 6. 1 -0,

0 0 1 -0, 0, 1
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Object before

A | motion
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Rotation and translation wrt. the object center :

X=[RIX-C +T+C; R]:6,,6,806,; T:7,7,T

x> Ty) Tz
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MV: motion vector
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O =EnimE
D(X;t,,t,)=X'— X =[D,.,D,,D,]
O —‘EEmimE
d(x;t,t,)=x'—x=[d.d ]
O BRETER Y
w(x;t,t,)=x'
w(x) =X +d(X)
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r —f+—Changed region —}=— Unchanged region
| Moving |
object / Background
< | = (o be covered

Frame k

| Frame k+1

|

Uncovered-|___ I |
Background !4 l ‘I‘ object !
| |

| | |
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Boom up Tilt up

Track right Pan right
e Dolly °

backward

Dolly forward

Track left Pan left

Boom down Roll

Tilt down
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FHALFE(Pan) 5 (Tilt)

X' X | 1 0 6,
Y I=[RIR] Y [RJIR]= 0 T -6
A Z -0, 0, 1

MR Y0, <Z,X0, K Z,PBALZ' ~ L

d.(x,))| [6F
_dy (X, y)_ _QXF




FEHLHE(Zoom) FIIR (Roll)

D ?E (Zoom) . 1%S|ZEEE:IIL\I§\EE%— (EE‘“EE) %&Eﬁg
x| | px d.(x,y) {(1 — p)x} ’
B = =F'/F
|:y’:| |:,0)7:| ~ Llly(x,y)} (1-p)y (p )
O & (rolD)
% _|cos@, —sind ||x| |1 -0 | x
B | sin@.  cos@. ||y N 0 1 |y

_dx(xay) _ —6?Zy
_dy(xay) - QZ)C
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(a) (b)

Camera zoom Camera rotation around Z-axis (roll)
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x']  [cosf, —sin@ || x+0,F+t
B _'O_siné’z cost. __y—HxFthy_
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X' o KX |T,
Y'i=\r, nn 1Y |+ 1,
I,

'
Z v, K L Z

A\ 4

Perspective Projection

P (rnx+nrny+nF)Z+TF

(rx+ry+nF)Z+TF

' F(r4x+r5y+r6F)Z+TyF
y:

(rx+ry+nF)Z+TF
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B EZS5ESEAEERIER
B BfEFIEXRE

_ Qo tax+ayy . by +bx+b,y

X , Y=
l+cx+c,y l+cx+c,y

O SSEREGATLAT S B & B ERY X 5
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dx(xay) _ Ay +a; X +a,y
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BT vs. YER

O MBI —HEBohH A —EFMEFRR — 4z w1E[E
O NEEBEGHEEEENERL TNRFNAERMEATTER

O Jein: BETERENNTN "B’ —HiEz), Wik
TR B R EmaaE

il BRAREIEEMMERRAA TS,
BEERMEGZETN.

Al REEFIENIKED, Sk
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SERF =
O FEABEERMBERT, SR ESLR T
O BEE=ERE - XRAE

Under "constant intensity assumption":
y(x+d,,y+d,,t+d)=w(x,y,t)

Kt

But, using Taylor's expansion:

l//(X+dX,y+dy,t+dt)=l//(X,y,t)+8a—W awd 8l’”d

t

Compare the above two, we have the optical flow equation:

a—l'”d +a—l/jd +5Wd =0 or —v _+—V +8w 0 or V' V+6—W=0

ox = oy ot ox oy 7 ot ot



fAIER R 1E

/i zl:f(x,y,tJrl)Jrf(xﬂ,y,H1)+f(x,y+1,f+1)+J‘(X+I,y+l,t+1)]
1

4
_Z:f(x,y,z)+f(x+1,y,t)+f(x,y+1,t)+f(x+1,y+l,t)]

f. z%[f(x+1,y,t)+f(x+1,y+1,t)+f(x+1,y,t+1)+f(x+1,y+1,t+1)]

1

_Z[f(x,y,t)+f(x,y+1,t)+f(x,y,t+1)+f(X,y+1,f+1)]
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FL1Z[EE (Aperture problem)

http://elvers.us/perception/aperture/
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--------------------------------------------------------------------------

--------------------------------------------------------------------------

Backward motion estimation

Time r — At

:l{x:m—.ﬂfx ;

Target frame

Time ¢t + Ar
Time ¢
' ﬂ/{l{x: t, t + Af)
X
N
X
Target frame

Anchor frame

Forward motion estimation

o w,(X)

E #Rii - ¥, (X)
EEEE: a
R — MR R A
EfEE: d(x)
&g d(x;a),xeA
AR 5 2R 441 -

w(x;a)=x+d(x;a),xe A



EEEEN (1)

O ET{uFmZE/EN (DFD criterion)

Eppp(a) = Z‘Wz (x +d(x;a)) - ‘//1(X)‘p — min

xeA
p=1:MAD; P=2:MSE
OEprn , ,. ,. od(x) _
Y 2 Z (12 (W(x;a)) — o (x)) o Vs (w(x;a))

xEA

O ETFERAFZEN (OF criterion)

Y O -
'—ldm + '—ld._,j + (tpo —201) =0 or V“t,-t":f d+ (¢ —1) =0
] . _

o Jy
@ = 3|V, ®) dx a) + p,(x) - %<x>‘p s min
xeA
(‘JE ow ; T ; - ad -
(‘31:1 = 2 Z (Vi (x)' d(x;a) + ha(x) — 1(x)) 3:{) Vi (x)

xCA



EEHTEN (2)

O IEN{eAEN: E7&5IN (smoothness) 23R
(important in pixel- and block based representation)

E@)=Y Y |dxa)—d(y:a)|

xeAyeN,

WpepEpep (2) + W E (a) —> min

O DIAFHEREN] (Bayesian criterion): fx A{ELEIGHEER
P(D =dly,,y,) - max

P(¥ =D =d;v)P(D =d;y)

PD =d|¥ =) = PO¥ = o 0n)

dyap = argmaxg {P(¥ =D =d;¢v)P(D =d;vn)}

dypap = argmaxg {P(€ =e)P(D =d;i)}
= argming {—log P(€& =¢)—logP(D =d;y;)}



A EEN Z 1B FY B &

O OFiRZE/MEN (OF criterion) RBHE/NAIERA TR
R4

O ZFEOFREENT, HEFMREBEMVE X REET, AP
20Z R EB T_Yﬁir

O HEzhAR, s&%FNADFDixZE N

O E-TFBayesian/EN (Bayesian criterion) BY1E w11 7] LA
W R AR B E S EARNETDFDRVME T
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O ERE

18 FE ZEDFDEN (p=1) T#HEKH

EINSvElEI Sy N

HEIFHE RSB ER K, FIETEERENESTH
U YIRS R EE R LUA B R R FE R D 18 2 BT (8]

EEEEY

O ETHERER
B JEEEDFDAN (p=2) FIOFHEN] (p=2) T#XH
v BREEER AR ESE
v FOFENT, BEALUSEIFHE
BESBE— MR TYVREN SRR, F2EEEREIR
RE— RIFIVIIEHE

O ZoiREERRE
m HERBMEER, HHEERRR
B RN ERRR MR
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RILACE X

O Rix— 1M RN BGRZEEEA—HEs), Bzt
EIT BN RS HEH

O RILEFE (BMA): (REFIEE), M FPRGTT—TIMV
(1 MV, 2 parameter)

B 35%BMA (EBMA)
B REREE




RICELE L (BMA)

O #hA:
B RixRPABEERERREER—1FBED, A—TMV
HIEIE P

B Hids/MUIRBPRDFDIRE, HitMV
O HireR#:

Eppp(dy,) = Y jw,(x+d,,) - %(X)‘p — min

xeB,,
O i EE:
B SEEER
vV BRRFEKRE—ITMV
v A[{ERMADAEN], Bl p=1

 RREREE
" EEBEEE v HRBEIEE



Z5%5BMA (EBMA)

H_\

Bestynatch

L: ciu'ch 1'ggigl

B |.]

II1

Current|blogk




BYGEBEEBMAERE

O ®i%
B EER~T: MxM
B BRNRST: NxN

B EBZEEHE: (—R,R)in each dimension
B BZRPK: 1 pixel (assuming integer MV)
O  #{E# (Operation counts):
(1 operation=1 *“-”, 1 “abs, 1 “+”)
B MR ENREREELRE: N?
B SNESEREZRHIVIEIECNLE:(2R + 1)?
B FE—in: (M/N)2(2R + 1)°N? = M?(2R + 1)?
v I TFIRRT!
O f5]F: M=512,N=16, R=16, 30 fps
B SE{ER = 2.85x1078/frame*30 frame/s =8.55x10"9/s

O FEHRATE8XMEERBR (VLS #HiTEH
B REESSIE



O O O O 0O 0O

TR FEFEEBMA

MVEi‘l‘EJ, ??2%?5%#3: Em— T, EXE
MTE, THTKUEESE

& EZ B EEBMA: step -size=1/2 pixel in both
dimension

| -

B Hish(XEEHGES

FRIRF %=

B Rz HIT2ERE

TTEEZE:

B ARSTEHREGEREE, HFmMLEFI/NREFE

RIRE X

N Z%;?Eu BBBEHITER, RARE/NEERNUFGEEBERIT




@ @ Q@ @ @) @ @ @
@ @ Q@ @ @ @ @ @
@ @
Bm: @ @
current
block o @
@ @
B: |
matching O @) () ] O O @ )
block
@ @ Q @ @ @ @ @




W 2% M4 ¥H{E

(iy) x41,y) @xpy)  (2k+1,2y)
O O e— O
) I ) )
O/ O/
(2x,2I+1 ) (2I+1 2y+1)
—
O O O—0—0O
(x,yrth) (x+1}y+1)
) ) ) )
A\ A\ O/ O/

O[2x,2y]=1[x,y]

O[2x+1,2y]=(I[x,y]+I[x+1,y])/2
O[2x,2y+1]=(I[x,y]+I[x+1,y])/2
O[2x+1,2y+1]=(I[x,y]+HI[x+1,y]+I[x,y+ 1]+ [x+1,y+1])/4



target frame
anchor frame\. ’

iiﬂn‘.t b I

44 o= 3
PR o= f"ﬂ- o0
g ol
A '!--""a-d""&"" H! 2

T
S “‘\e‘f“?\ T\\*\'x :
. f/f‘a’; e e e NS
[ s
_ﬂgﬂa,&hhef\& K
g g Pl {.F“-._“\\ 'F"n.._"x 3
2 3 FBlR AP
ke o ?
-h.a'._f‘-._h"\w.h“-u."-"“-..ﬁ--._
i P
; ""*u_f-q,_'k"x
3 \H.."'E
3 .1-'?.':3_— O
5 3 T& T .
P A )

SRS o f\ =
Example ﬂé@?%‘%}%EBMA

SIEMENS

Motion field

¥
¥
¥
¥
¥
¥
*
- S
¥
¥
¥
»
¥
¥
H]
H]

Predicted anchor frame (29.86dB)




BMARIRE %

O AR CEBMATTE = ?
B FRERERERNEE:
v HERZEABLATRE = E MR ERR
vV O IRBZATRRRSR, FUNATEER T AYEEIR
B FHREES/EN (DFD)
O ZBAYRIREE
B =S ZRZE (Three-step)
B ETHIERE (2D-log)
O BEFZFHVIREE L
B BLESHHSI, BLESVLSIEI




+6

-6 1-5 14 -3 1-2 1-1

1 ] i+ i3 i+ +5 i+
—0O o=

7]
O— | £ |:|—I:I2—
U—0 'lj
EJl nl A{Z /{'1'1 52
||:|/£ r_12 DE
1 | 1
] 0 m|

R,: initial search step

Search step L
L=| log,R, +1 |

Total number:8L+1

For example

R=32

EBMA:4225 = (2R+1)?
3Step:41 = 8*5+1
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M
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EBMA7ZZEAYIE15R (1)

O RN (BRIAFHIAZELEE)
B ETROFEBEEEAER, EREFERLEEREE 2%
v fRRFZE: AIFZZEBMA (deformable BMA)
B A—MRPAEEEZTEENEIEEHRIXNR
Y YES
> ETXEmEEifbit
> ETRRRENEa T
I Al
v B TRRAMELURE “IEE SRR




EBMA7ZZE /3155 (1)

O =EiimeEl
B @A FHRI0 MY
B RRAE:
v MARRE BRI
B2 b
v ETRER G E T
O JEXpIMVFN L s
B YSE R ERSE TR, S URE
B SOZ{E R IR IRAR R 3 3R
B RAE: EFXEMEasEit
O EEEXRINTES
B RRAE:
v OEREE: SHMERSSE
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A] 2 3Z LR ILFC

O ZEEGRLEEEZFEEZEERIEE), TEZIER
. R (hSTFESMBENIEs)

O AR ICECECK
B ERESHEHRERRLEEX

4"—"
P
Pt
- -
- - -7 =
- - - ‘;’
- ~ "’ ;’/
- - ots
- - -
- -
- -
- -
-
-

Tracked Frame

Anchor Frame



A] 2 3Z LR ILFC

O ETIN<mzsE 2Rt
. HETSHNEHERTES STHRDIESR
n (EATRSNESNERER

K
d-m (X) — Z ‘ﬁmﬁ (x)d-m?k; X € B-m'
k=1




A] 2 3Z LR ILFC

O EBEhfhitEiE

O ETHERNGE

@ = | @ %(a)r

= 2Y o) T2 g,

ox
reEB

(a) = QZe(x a)ad}g( w(x;a))

zeEB "’

8&

b(x).
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2 IEBEETT

OO0 BMATRTETRPE
B RAEEASHEEE, SNAEEILESEETR
B SENEREEEEANTES
B ETHRMNEBEEEATRESIEN

yﬁj\##iﬁvl‘ﬁzf
fRR R mT A A (o) R

N Eﬁ?‘ ERIBIER . TREMEGI £, #HITRSHETHEE)
3
v BESREIH— MR TESEin#E

B ARERNIBRTCERNUE S D ER D EV IR
v BRETE=

B AUNATARBNESIRET, BERABSHPHNREFNEH
FEBMAHI N




a1 (3.,3)
¢1,] wz.l Il

(13'1)

('191)

¢L3:;;W¢T?ﬁﬁf_w&ﬁf¢?_ig_Wngﬁj: ¢Z3:;ﬁ:ﬁtﬁﬁ U000 0 O 0 D O

Anchor frame Target frame




7 ERILECE A (HBMA)

L

Number of levels: L

Ith level image: Y, ,(X),Xe A, =172
Interpolation operator: d~f(X) =U(d,_ (X))

Error function: D, | ¥, (X +d,(X) +¢,(X) =¥, (X)

XeA;
Update motion vector: d(X)= d (X)) +q,(X)

MV at Ith level prediction:
d; 0 (X) = u(dz—l,Lm/zj,_Ln/z | (X))=2d 1 m/2){n/2] (X)
Total motion:
d/(X)=q,(X) +U(q; (X)) +U(q; ,(X) -+ U(q,(X) +dy (X))
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E
=
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R
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=
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<
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S e

_______

L
V
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\ eSS Eas e L L L

L e e e e e e e e e e e e e M e e e .

(e) (f)
Example: Three-level HEMA

Predicted anchor frame (29.32dB)




HBMAE 2 E

O

(585
B EGERT: MxM
B RRST: NxNatevery level; Levels: L
B REEE:
V' 1stlevel: R/2&-D  (Equivalent to R in L-th level)
v Other levels: R/2Z-)  (can be smaller)
EBMA
B EER=MxM, BR~T=NxN, BFEE=(-R, R)
mRMES: MPQR+1)
HBMA [-th level #{EE (BIfRR~F: M/2LY)
(/2 ¥ler /2 +1f

HBMA S 3{EH

i (M / 2"’])2(2/? /2 4 1)2 ~ %ymwgﬁz

1=1

EBMA /HBMA: 3.4%72) =3(1 =2); 12(L =3)



OoOO0OoO0oO0o00oad

SRR

BT vs. R
b TP —i A
ETF e Eanfbit
A2 SR ILAL

Z PR IBEEN T

MG RE
ETREZEINENTH




N VREP 7S

o HARIMAAEXRKEIEE (PCF)

| Time / WI (X) = WE (X + d)
T mWD =

'Z(f)"?;(f) zejZ;rde
| me v, (f)"?; ()]
et PCF(X) = FOH(f)y = 0(X +d)

i Backward motion estimation

dix:|r f_ﬂy\ Target frame W(f) =

; Forward motion estimation :

[1 Note
B RO AR ZEE N E R
B ZNATERGEE
B s XTI
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ETE BB CmiE T

[0 FlowNet

B E—PNETREZFEIERMLE
B ET{AEHIEEFlyingChairs
B BT U-Neth LB L5

FlowNetSimple

*: upconvolved

[1] Philipp Fischer, et al. “FlowNet: Learning Optical Flow with Convolutional Networks.” In ICCV 2015.
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[0 PWC-Net

B Feature pyramid

B Cost volume layer: store the matching costs for associating a
pixel with its corresponding pixels at the next frame

B Context network: enlarge the receptive field size of each
output unit at the desired pyramid level

Image Image e Upsampled flow Feature Feature o ikl bbbt + Upsampled flow
pyramid1  pyramid 2 I : pyramid 1  pyramid 2 e ' !
f "“: ; - E . . ’E : .
T T N R A » ) I -
| | |
i , -~ Warping layer [+
Warping |+ !
wE  YEF N ) !
1
:““l “““““ ‘l““. i * :‘"f‘¢ “““““ L"“n | — Costvolume layer
i Ll . Energy ) i - ’ A
E‘ _ i | minimization | E : |
l —» Optical flow estimator j+—
Refined flow gresressnnefansinen, Refined flow {
. <+— Post-processing . 4——- Context network :

[1] Deqing Sun, et al. “PWC-Net: CNNs for Optical Flow Using Pyramid, Warping, and Cost Volume.” In CVPR 2018.
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[0 PWC-Net

B PWC achieves the best performance at that time
B SpyNet has the lowest complexity

5 MPI Sintel test (final pass) MPI Sintel test (final pass)
' eFlowNet2
S = 'SpyNgtF lowNetC
= =
S56F 3 8
.g g ®FlowNetS
2. 2.
éDS 4 . ®S2F-IF 207
it ] FlowFieldsCNN ®MRFlow o
) PWC-Net-small D
g ol ;E; ol ®FlowNet2
Z *DCFlow z
ePW(C-Net ¢PWC(C-Net-small
5 5 - ®*PWC-Net | | |
1072 10" 10° 10* 0 50 100 150 200
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[1] Deqing Sun, et al. “PWC-Net: CNNs for Optical Flow Using Pyramid, Warping, and Cost Volume.” In CVPR 2018.
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O E-FTransformergisiE: GMFlow

B Best performance and efficiency than RAFT

Things (val, clean) Sintel (train, clean) Sintel (train, final) Param Time
Method #refine.

EPE so_10 S10-40 $10+ BEPE so_10 S10-40 S10+ EPE so_10 S10-20 Sa04 (M) (ms)

0 1428 147 3.62 4048 4.04 0.77 430 2666 545 099 6.30 35.19 25 (14)

3 6.27 069 167 17.63 192 047 232 11.37 325 0.65 400 20.04 39 (21)

7 466 055 138 1287 1.61 039 190 9.61 280 053 330 17.76 58 (31)

RAFT YT 11 431 053 133 1179 155 041 173 919 272 052 3.12 1743 3 78(41)
23 422 053 132 1152 147 036 163 900 269 052 305 17.28 133 (71)

31 425 053 131 11.63 141 032 155 883 269 052 3.00 1745 170 (91)

0 348 067 131 897 150 046 1.77 826 296 0.72 345 1770 47  57(26)
GMFlow 1 280 053 101 731 1.08 030 125 6.26 248 0.51 281 1567 4.7 151 (66)

Table 3. RAFT’s iterative refinement framework vs. our GMFlow framework. The models are trained on Chairs and Things training
sets. We use RAFT’s officially released model for evaluation. The inference time is measured on a single V100 and A100 (in parentheses)
GPU at Sintel resolution (436 x 1024). Our framework gains more speedup than RAFT (2.29x vs. 1.87x, i.e., ours: 151 — 66, RAFT:
170 — 91) on the high-end A100 GPU since our method doesn’t require a large number of sequential computation.

[1] Xu, et al. “GMFlow: Learning Optical Flow via Global Matching.” In CVPR 2022. (Oral)
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B Using three frames as an example
B Other structures similar to RAFT
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Figure 2. Overview of VideoFlow in the three-frame setting. Given a triplet of frames as input, VideoFlow jointly estimates bi-directional
optical flows from the center frame to the adjacent previous and next frames. After building dual cost volumes, it recurrently fuses bi-
directional flow features and correlation features to update flow predictions. The orange block on the right illustrates the recurrent flow

refinement block.

[1] Shi, et al. “VideoFlow: Exploiting Temporal Cues for Multi-frame Optical Flow Estimation.” In ICCV 2023. (Oral)
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Figure 4: Pseudo-depth maps extracted from our representation,
where blue indicates closer objects and red indicates further.

[1] Wang, et al. “Tracking Everything Everywhere All at Once.” In ICCV 2023. (Best student paper)
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