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Frame Mix-Up for Long-Term Temporal Context in Video Action Recognition
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2] video action classification model52 U2 ¥ S
olggtct. UCF101 challenge® SOTA model®l SMARTE
98.64%2] top 1 accuracys ©A 31, Kineticsd00
challenge®] SOTA model¢l MTV-H:= 89.9% top 1
accuracyS EA5tH action recognition taske] 4A HE
FEANE BT SHXTE § challenge®] ZiE real
worldo]l HFR AZAZ|7l= oFG. M 2 olfe ¥
challenge®] dataset frame47} real worldet D‘ﬂ e Ao
framed Zt=th= Ato] ofFoltt. UCF101 datasetd videod
" 7 & Axo Zojoj 180 frameR{EES Zt1 9lod,
Kinetics dataset?] 74¢ videold 10 & A&9] Zojolt},
SHAIRE real world?] ¢ Ei OYst Wt EAfRi
AME ¢ datasety} Th2A F83F Zo] ¢ 0 AbE Ze
EAQ actiono] 91E & O‘Ur FRAE actiono] s ==
7S A= ﬂr’ﬁ 0] 9= real world dataset& actiont
FHgle frameso] EA1 & 2 7] digol o 2 AREE
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Hollal et A st F2m. dAe]  action
classification modeld]] & %< frameS 45 WHHLS real
worlde] A 8A77] 9gt B4 mAtn ¥ 4 oot silet
ARl 89 model trammgkl computational resource
of stz FH framethz 5o AHE & & Qo ot
A sub-sampling 2 AL, o A 0] A8
L frame9] 4= WA= 32frame, AA= 8frame AEE &%
o] Argstch  o]g{st  sub-sampling method:= frameg
random 3} pickst?’] @Eol] actiong olsfsh=Hl FR9F
frameo] 249 £ Qt+= 7tede Hed dlEESo 3
o A actione modelof|7]] st5AI7|= AMSRS 7HASHEAL 3
o AL video?} Z- frameO] 200frame A&etn stof, 16
frameg st5o] AT AA| frameo] 8%TrE ARESh:
Aolth ol 503 framee 4 o] U it o=
2} 3 © ek actiong S45b] sl AIRADE 3 We
= frame YHEA] HRs}CH

2 =2oAE olgdt $AE 2857l Yol Frame mix-
upo|2ts 2 HHE Astth Frame mix-up TSN[1]
modelZ baseZ 5}0] datasetS load k= pipe line T oA
of2&9] frame tensorE element-wise additionsto] mix-
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up|2] sf&CH TSN networko]] AF8& training set2 data load
pipelines AXH ot} Z& dimensione Zte=th X €
R'%'& o37)4 N2 batch size, T= segment(frame)?] 2, C=
channel, H, W+ image9] resolutiong UERATH of7]A 22]
7b A|otsH= ¥hH2 data load pipeline I %, BE frame
S load3t & segment®] 4 UE framed element-wise
addition 3tth. (See Figure 1).
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2. Frame Mix-up 9%

ol HojA= Frame Mix-up methodo] thsf ctEct. 9tk
AEolA BHZ notation EFSI olsiE Weld
ooz o st B MW, V= {v, v, v S B2HEH
ot V & shU49] videos =511, F = total frame $5 B3
slth. S &= networkE® EuHE segment$E U5t S = {s, s,
.. sug 2 segment:= Oo|FA EYPII}. Total frame
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numberE segmenty 2 UE ZH2 anchor value a = F/s 2t1L

roh 32 30 >

ojgtty. FrameZ mixoto] segmentE: L= WYZ S
Alog BHGHH,
s at(axj)
mixedframesjzz Z v (1)
j=0 i=1+j*a

7t frameg ¢ $Aat Zo] element-wise addition 3}
Hotd frame®] pixel3fo] RGBQ #YS Hloju HHoh
mepd Qe ©4d] frameSS G Urbe dhgtozs
frameg mix & & ot ol FAIE A5 sl L=
2 7P AIHE Adstt AYMEZs framed] 4 T
UHZL 89S average mix methode} B21 ofgf 4Alu)
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mixedframe sj =

o2t WG Af&olA] HotH RGB range: UESHA HA|GH,
7t frameo] Zt19le A= BT ZAECH Video action
recognition taskoA] % Q3st AJZHA WstE modeld] AE5HA]
2t odl @z 2uap| o 9ot AEde=
A|QtetH= WHH-2 linear mix method2t £2 11 oot 2t

s a+(axj)

: 2j
mixed frame s; —Z Z mxvi (3)

J=0i=0+j*a

Total mixed frameQ] gto] 1 o] H &2 3tH, =A|of| frame?
Aol T2h A7F 716k modelof| 7] frameo] ¢A AEE
Ag sf&. (Figure 2.)

7} linear method®t average methodS H|1w5to] frameo
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312 4 ot 22 A% 02 SYETh(Table )
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frame?] &AME 1 oty mpA 2P AR
Yol UA framed] SME AR SeotA] HEs] sl
frame?] £A7} £Q23F Something-Something-V1(0]s} sthvl)
dataset2 &35} 7AZsict. Sthvl dataset9] label2 ojd EXE
Azofja] e2Zo=z uick 9 Zo] video frame?] wA7F OfL
%838 datasetoltt mepA 2 =golA FQst ol AA|

IR

SdoA  &AHE FSAPIEH =80 =AMl gis)
WIS dataseto2 MgSTh Qe AzctuAl o 2
1= base model®l TSNit Blwste] & =FoA Aot
linear methodES A&3% TSN modelyt B]wsto] sthvl
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dataseto]A9] 5 Aol Loju=rte BAf St
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Ast HwE Q5] xAHOIOl frame mix method
ALl ALt UMA] training UL YA vl
Training parameter= ®5% 50epoch, 0.02 learning rate,
32batch size, 0.5 dropout ratioS X839 1 ImageNet pre-
trained weight2 AHEs}YITEH

Table 1. TSN base modeld}t linear method A-&A]71 TSM
model®] sthvl datasetofA] test ZAx}o|ct. Base line modeldt
Ours model 2% ZUst 8segmentz &r5A]71 00, Linear
method, average method ©% all frame2 Atst= £7102
testsh ZAxtolct.

Base model Ours Ours
(our impl.) (linear) (average)
Top 1 17.29 19.17 19.45 (+2.16)
acc (%)
Top 5 43.11 4798 47.02 (+ 3.89)
acc (%)



20229 $H4-ulciol g atal siatat)s]

Table 2. 349 framed mix¥ = frame 9 W3] W& wdo] X5 WIS Yed ¥ ot}

Mixed frame

Model Segment number number Top 1 acc (%) Top 5 acc (%)
TSN base (our impl.) 8 - 17.29 43.11
8 all 19.17 47.98
Ours (average mix method) 8 5 19.5 47.27
8 3 18.76 46.36
8 all 19.45 47.02
Ours (linear mix method) 8 5 19.99 48.13
8 3 19.55 47.42

Table 1.9 AdZAu=s
method modelo] top
ol

HH 7]& base model THH] linear
1 accuracy 7|& 2.16%%8&9 AHA:
o|FFc}t OHEZIXIR average method®Esh 1.88%9]
s ol oFgd AL ZU & 4 o o] A ZAuE
=5 modeld|A] mix¥ frameg feeddl= 71 oL A=
o] oAt AME & 4 Qo o] AE ZAuE Fof 2
=2o)x  A9St linearly order coefficients &it=
0.28%3 =9 njujgt dedde 7RG odat o g Ayt
AT dlE wAsH Auh, olgt Ay A YL W
frames mix & &5 27t A (3) 2219 A Aol
=5 AoXA =i modelofAl frame «AE SFEAI717]
o]gRIc},  Sthvl  dataset?] H@d  framept  9F
48frameY =2 & =X A3t methods AH&otH 7t
frame PlTF A4 A —2— (0.00085)9] AolE 2T

48+49
ol 7 frame?] «AE SFAI7I7Iole =35 A2 #Hol7]
gizo 2&o7] frame?] +AE AUZ FFA7]7] oS
Ziolet o A=t

OtM Table 1.9] A¥S EG|Z linear method?] $8A4&
gelsty] flsh 2t segmentd mixE = frame®] 5 HIA[A
A&l X85t (Table 2.) 7+ segmentd mixE]= frame?]
7t £20]EA HWH 7t frameQ linearly order coefficient=
o 2 A= ZHA "t Table 2 9] 8segment, bframe2
oz AFe A2 Avym = (00667 *E 2A
gk ot 7% framed] #AE % PsE 229 ASE
ooEd ol AY Ayzr 3% HUHL 8 segment, 5
mixed frame number caseS EAt Top 1 accQ] Ao]= 9F 0.5%
Rfol7b YERGTH o= all frame®] 0.28%°] Hlsf Z7Ht 4
Aojck. o]z §5%) 2 U % AsE 259 9uld AL
o] &fol= modelof7] frame?] £AE StEAIZ & Q= ZEL
2 sfN=E.
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ARG L base model2 Wo| AMREL TSM[3]
model2 = F7} Aol Zas) 8ok EFH 3D CNN 7|8k

I3D[4] modelo] = frame mix ¥Ho] L.J3tX|o] Tt
A5k da= of Btk
5. Ao 2

o A3k AR(EI$HR I Ao

d
T
gRA AT AUe wob 23 A7Y
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