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Abstract

Abstract

In traditional machine learning, it is generally assumed that the training set and
test set follow the same distribution. While in practical applications, the distribution
of training and test set might be different. Domain adaptation mainly aims at solving
this issue. Domain adaptation is usually differentiated into two scenarios, unsupervised
domain adaptation and semi-supervised domain adaptation.

There is no labeled target instance in unsupervised domain adaptation. In the sce-
nario, we proposed weighted subspace alignment algorithm. Our algorithm has two main
steps, subspace generation and subspace alignment. In subspace generation, each source
instance is given a weight to quantize the importance. If a source instance is close to
target instance, it is beneficial to train a classifier capable of domain shift. And its weight
should be high. We calculate the weight based on the feature distance between source in-
stance and target instance. After gaining the source weights, we perform weighted PCA
to get the weighted subspace of source domain and PCA to get the subspace of target do-
main. Then we perform subspace alignment. Our goal is to learn transformation matrix
projecting source subspace to target subspace. At the same time, we need to minimize
the error between transformed source subspace and target subspace. The transformation
matrix has a closed-form solution and can be solved efficiently. In following work, we
improved the weighted subspace alignment algorithm by refining the weight calculation.
The experiment results about image classification show that our algorithm has a signifi-
cant performance improvement.

In semi-supervised domain adaptation the target domain has labeled instances. In
this scenario, we focus on deep learning methods about action recognition. The state-of-
the-art methods in action recognition are based on two stream convolutional networks.
We add weight layer into network aiming to augment image areas that are helpful to
classification. Thus the network has the ability of domain adaptation. We perform an
experiment on a standard data-set and corresponding auxiliary data-set. The experimental

result demonstrates that our network has a significant performance improvement.

Key words: domain adaptation; transfer learning; representation learning; image classi-

fication; action recognition
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I 3 30 FEM FE 1~ 5 18] B 55, PRk, AHACLE B B ek sim(x¥, x) 1) 58 LU
NHIR:

(T

sim(x’, x') = (x*SMH)X'T) = x*SM*T'x'" = x’Ax (3-4)

XHA = SSTTTT. H{3-4F ARG M2 B NBIER, HATFAZ L IEE
1, A B EAE A2 20E IR U6 2 B) AR AT In) 5 #4350 70 PR L R L

i 3-415 2 1 AEXRS 55 I B 73 18] BRSSO AR xe AT E BRIURE AR R A AL 14 B
&, B RAUH A &RIESELET R b, FREXFEEN RN
TR

BE 1 7oA R A

N PR A x5, HAREREART, WIEAEATRSS S, T m4E%d

L T H BRI ARy

S « PCA(x%,d);

T « PCAXX, d);

S, < SS'T;

x4 = x5S,;

x4 = x'T;

y' « classifier(S,, x>, x"?);

3.2 MIXFZEEIIFEE

ESCR BN T R R, YOSV R S 2L, SEhR BIF
13



CIRE N = )\ eIl 'R B EANATAPS

FRFTA HOPRIAEAHL R B2 PR A R LB 200 F AR A, )1 2k
HATIERE 170 KA A IOR. #EXEBLEA L, AR SO %8 (8D 5 SR04 1
ik, ik VRCERIE, R DR T ECE,  JF RS PR A E 2
T A . et Ja Fk R R A3 R @EEIREL (b)) s
H bRk, (o) BRI AR A s I 722 8], ()Xt 55 Jm AN 2 el e i ) 55
BRI B XS 5, EERM P 58— PRI T 2w AR, 5
OB RIMBCT AR TR 4% AKX X A5 PREEAT YRR -

.

Y

(b) B#RiK

h J
Y

(c) I == 8] (d) T
3.0 IR A A SRR R

3.21 MW FZ=EERK

3. 252 BT 2 R 5 SR AR 18], REZRME BT 20 1) B 20 B2 AR BBl 722
6], WARAFIRAI G . X PRIN H A 32 B A A i 1 5 1 2 () e 8 2
pIIE B 7 Al TP NI TR S A -3 N £ S enl 1D 12 EPS S ,) 1 ' ol G1 S 6 501
B ERAE: TFERCEANAE BT A A, TSR Y AR S e A e R Y s
AT K, WA TS R A, 3N R TS 6. X F R A
Py e E R bk a), IEREROR B4

FATXS B — A PRI AR T — D BCE, R R A AL 7] Bw =
wi..owy ] X Bw e RV JEHRE A 1 20 A B F br g, e i E

14
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y

T A
ﬁmﬁgﬂﬁ SRS T
| |
Y
IR
S35

!
SRS
[

K32 BT DR 5 SR
B, M AU B, B

1
Y 10s - oal
AR5, AT FIVHERE A 5 L7 % A< ] 0 B A9 LA PO ),
TFURBRE AR, B 2R EE A AR A 1 B B

(3-5)

dist(x},x!) = ||x', — x{||; (3-6)
A 3-678 X IR S B AR A B R S, B et SRR A 58—

15



53 F ST A 1) AR O B R S
HbR R BE R, SR e TS i/ NI, AR A

min_dist; = IlninN dist(x;, X)), (3-7)
= s

.....

HA3-713 Bl /N Bmin_dist)a, THEIRIRE AR R E -

N;
wi=wo+ Y o(min_dist; - dist(x;,X}) (3-8)
=1
. . . o I, x=0
X Hwosd ¥ 00 BLE (SE 5 K R OAD, T o) = - 1R
0, x<0

Wmin_dist; i) € LA N, BRSO (x0) ) 5E XA A2 (=00, 0] A 3-8F] i1, S 5t 4
FEARX: 5 H BRI A 10 29 55 T 3045 E AR SR AR SR 1 /N ELman _diist;, WU ISK
FEARXS R IG R,  H 203-8 ] 73 BT A (1B L ] B we

FERKR, FRATE I IAPCAAE BT 23 8. X T IIAPCA, B/ H T3
THE IR 7 2 56 B«

| &
C= Zl (x — ) wi(x! = ) (3-9)
i B R A, B s T
~ 1 N
ZZSI Wi i=1
SR 5 T ATk DAL 8 7 25 4 A A7 R F 0 8, 126 IR BT 85 K ) iF B
S 7 B 3 R 0 ) R I T SR R, SR S, € R,
TEAR BRI T2 005, 76 HARIRE A _EHATPCA, 185] H bRIR T2 18
HET e RD, F U6, AT ALK — B, BT RHEAT IR 25 i % 55
fE.

M Wl'Xf. (3' 10)

3.2.2 MWNFZEEXTFF

SBR[ VG L1 e SN P  (WEC 2| R N S 1 R ol L1 PO A 0 e,
TR R B AR B A EVE R R FEM, R s ) (R 2 AT e ik

16



55 3 F BT A 1A AR A A B ik

i 45 1) 3 23 T (1 2 R RS AT RE SRR H sl 1 2 18] (1R 32, AT 148 I 1Y)
AE. [FIFE, LEINBLCT 2 EX 554, B4R AR

FM,,) = [IS},SM - S[T|[7. = M - S| T|[ (3-11)

M, = argminy, (F(M,,)) (3-12)

HIZE3. AR, R REM,, A M, = STT. #F RIS 2 -

U=SM;=S,S'T. (3-13)

U € RPPEHIR R IR IR AL, BJa,  F Rl SR SVE AL B e Jm B YR
EAEARFIE B2 3] 0p 288, B SRR AR W dk2 Pror.

3.23 HIEEZ

N TR IR T R EE R R, AT S e LA H s 55
BEAT LU, SERAE S5 =2 40 2K.  SEIGH4 B 72 Office B 41 g 2T M1 Caltech 1045 45
RO HrhOffice EE A 3N T HHH4E: Amazon. DSLRUEL K Webcam.

o Amazon# #5 & B B 2 AW & BT T ok i, JIUE W E
(www.amazon.com) b )7 an B o X & —F H BT AR AT 10 38 B 1 77 =K
RUAARZE 5 e 3R 13 F T 2R 00 BB R BB e, e B A RZ21E T
PRSI ST T 404y, JulsR R Y, KR ERTIRD, EBRhasRmESR

.
i

o DSLREE A I B v 72 B — g 5 S AHAL (Digital SLR camera) £ 315K
Y BB ROGIRSR AT TSR, XL B HE S (4288%2848) FIAICHE
(HF A

o WebcamZi#i5 42 BL 1K ] F A2 I — AN 25 0 I 28 B8 Sk A4 ). R HR e
ik (640x480) Ff HAMEAS, Bifh, H-PH75% i .

e Caltech10%#E 5 /& M Caltech-256 545 g 1471 3l B 20 S 10 1 R 43 210 110

B SR B M — A8, X DA H i 4 b BT 3R A 102k
BACKPACK. TOURING-BIKE. CALCULATOR. HEADPHONES. COMPUTER-
KEYBOARD. LAPTOP-101. COMPUTER-MONITOR. COMPUTER-MOUSE.
COFFEE- MUG. VIDEO-PROJECTOR. &AMk i (4 — 2R KL 8RN 1514 B Fr

17



B3 B T T A A R AR s I

BOE 2: BT A 5 ik
BN PRI A, EARFEARX!, YIS A ARy, T3 [ 4EEd
v T H BRI AR 2Ry
fori=1to N, do
for j =1to N, do

dist(x}, x!) = [Ix; = X'l
end for
end for

for j =1to N, do

min_dist; = min dist(x;, .)
i=1,....Ny
end for
— NS S Nx
H= Dty WXy Xty Wi

fori=1to N, do
Wi = wo + zy;l S(min_dist; - dist(x;, x!))
end for
= 5 2oy (6 = wilx} — )
S,, « weighted PCA(x*,w)
T « PCA(X, d)
M: =STT
U=S,M;=S,S'T
y' « classifier(x*,y* x',U,T)

FEA, BIeE25335kE . R HEA I EHE4E: A (Amazon). C (Caltech10).
D (DSLRFW (Webcam), 33X PUAEedhs £ oy A ECK HEATIERS,  HAT12FPiE R 16
o, BIINA - Co K332 WA AR LRI Fowtl, AT LA HAS [F]3k 8] i ot
7 5o
AR RIE . R IR R BURHE. B e B R 0B A R R
HEEH K ER, RIEIEESURFRHEMS, 752 A SCkH, SURFRFHIE 4 uE B
EACERE g s, AR, JURITE AR AL FE 5 ) @ B3 R & e, XTI &%
Pt O BB S B R AR R L RS E . FE TR IXSURFRFERT, 4 ] 8 [ ¥
91000, HRZHENEINEAL. ARSI H —644E FISURFRHAEH A 1 KA
PR E B ) B, FEREIE IR T2 G, #H B AT B R 4 R RHE )
o RJETEAmazonE G5 FFENLIE AL —H0 7> Fk-means 58 R B i —-8004E 1]
T EJERIE XTI, BEIKIE A RRAE n) A A A 4 O — 48004 1 B U7 I ]

18
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Amazon Caltech10

Webcam

\

g

3.3 Amazon. Caltechl0. DSLR. Webcam 454 & B 7Rt

e B, BEREARFIEZE 2800,

3.24 SR

#3227, CRUBIHRITAEED K. FVRIEMEEREAGSH, AF
B2, RRBIHBRZSEUR RO LI 4 R, & A T T LIS, AR
TARMBUEE S =A H il i R 75 W EIEAT R, = ANEIES 72 Geodesic
Flow Kernel (GFK)™%, Landmarks (LM)“fiSubspace Alignment (SA)3., 1EU1C
2 2OV e iR RE, K S AR A RN B, RN TR IR AR KA 2,

3R IMBL T2 [0 5 5k 5 Hoe 0E B VAR S BUE 45 R, RIFE B ARIR
FEAR B KM, AR R IZT R T 7 R4 R ER31H, N
TTRE, A A (A SF B FHWS A (Weighted Subspace Alignment)F 7. [FIRT A
TN BRI S 6 g5 B, FRARIE RS HIE T AR, W34 R, [EFERE
(R0, FEBRA HATIH0E N IE 2, S S8 - ERfi % RG31.73%. {EFT
AI2MIE R G DL, IOAT 23 1A 55 5502 A OFiAR Ol e 28 2 B v ). T AE TR
I3 AL G BL Y, AL T2 (A6 5 Bk TR R R R 2 = FE12 P IE 1S
A, A7 (B 55 FE I HER 2 2 46.88%, FHELT HBEHE, H 72%1H)
fem, WHERACOR R, Mgl R, fEGFKEEY, T RI4EEd ™R 228/ N A

19
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R 31 BOENEVEAE B EAEA ERAERR (%)

Bk NN GFK[R200 MM SA[23 WSA

A—-C 2600 40.25 40.16  39.80 39.98
A—->D 2548 3631 40.76  36.94 38.85
A—-W 2983 3898 38.98 37.63 39.32
C—-A 2370 41.02 4175 4207 4217
C—-9D 2548 38.85 3949 4586 46.49
C—-W 2576 40.68 3797 3220 42.03
D-A 2850 32.05 3097 3424 35.38
D-C 2627 3028 31.34 3250 34.37
D—-W 6339 7559 84.75 8847 89.49
W-A 2296 2975 31.00 3434 33.19
W—-C 19.86 30.72 29.21  28.76  30.89
W—-D 5924 80.89 8344 88.54 90.44

SEYE 31.37 0 4295 44.15 4511 46.88

AE R ULV ISREAAE 725 18] PR dthad 8 3 B AR S W) JR0M0, AR4E 122 [ AN fg
RS M K AR R Ak 2 TA) A e, AT 2 800 AR PR e R e T £ I 12 [ %ot
FEE, TR R IRD), REN 780 RIE R HEE. LMEZ R
FEASHEAT 1ok, WA 7o IR AR, 35047 58 A HRBREAS 2. 1T
IR 2 1A 55 SE 1 BT RS A, g — R AS A 3 2 S
T ARUE, BRI, BT R SR S 0 0 R AR PR REAR B T LM A P e
SASLEYONPIAT IR IFE A AR RIAE 2L, AT AU AR, iA1= (Rl 5 55
PR IRISAE AT TAEA R, PrDASR IR R R B S A P Tt

ENN EGFK BLM OSA ®mWSA
100.00
80.00

60.00

40.00

< WAL 0 o L
0.00

AaC AoD AW (oA (oD (oW DoAd DoC DoW Woad Wol WoD

K34 SIGES RAIRE

AE ()

20



3 E LT INACT AR ) A R A N B
3.3 XN FZ B % T E SRR
TR IR T 2 A5 F Bk E, REA & LTS R M 3-89
¥ 52 SCTT LA HH R A (A S BB, X R T R R, AT
A R AR S0 PR A S S B, SRR SR, AT Bl T 407 1 A IR R A f R
1,

3.3.1 NEXH
FEEE3.2.177 0, YRR AR xS B & ST

Ny
w; = wo + Z S(min_dist; — dist(x}, X;.))
=1

1, =0
Hs(x) = * o NI HEAELENM, T M b iElE, SotsEm
0, x<0

B RE AT

. s t . .
dist(x;, X].) — min_dist

N,
Wi = wo + Z exp|— (3-14)
=1
HeoR— M. @daEeE s, RCEMBUERAESME, e
RIBPIBFE AR B ENE. W TR 2 5 347 7 2 [0 A2 o oot 558, chodt i A
A X FF LR R 53 B

o

3.32 HiERE#

N TR SRR R IR S (R0 S SRE R PR RE, R EVE S e E R T
Xf b s ag (202123990 i 7 7 25323715 FH 2 ) Office Fl Caltech-256 5045 2 41, A S5
W FAMEIN T YA EHEZE: USPS. MNIST. MSRC. VOC2007.

o USPSHEL 4 FE A & 177291 5Kk Il 5 B Jv 120075k M) X B vy B v K2
H16x16.

o MNIST# 5 FE A £60000 7K JIl Zk & - 1100005k Ml i & Fr, & 7 2K/
H28x28.

USPSH 45 FE MMNISTHUE #0281 T 545711, 3LA1035. ME3.57]
DA th, USPSFIMNISTH(#5 FE I Fr BRRAE 73 A A [F]. 44 i S 2 PU ) s i s &

A Sz AL G B T USPSEHE ZE th 1 18005k DL A& MNISTHUHE ZE 7 12000 5K B H,
21



55 3 F BT A 1A AR A A B ik

B 30 MU R AL - A T R Bk

BN PRI A, EARFEARX!, YIS A ARy, T3 [ 4EEd
Wt WO H bR AR Ay
fori=1to N, do
for j =1to N, do
dist(x}, x") =[x = X'l
end for
end for
for j =1to N, do
P xS L
min_dist; .:rlnlnNS disi(x?, xJ)

i=1,...,

end for
N, N,
M= Z,’:l WiX,-S/Z,-Zl Wi

fori=1to N, do

dist(x;?,xz.)—mindist
o

w; = wo+ Z;VZ’I exp (_
end for
C= 5 i (% — ) wilx — )
S,, « weighted PCA(x*,w)
T « PCA(X, d)
M: =STT
U=S,M;=S,S'T
y' « classifier(x*,y* x',U,T)

SRIGGE— IR T 16X16M0 K. R J5, ISR AS AN H AR RE A (43 AE 2 1)
MI4EPEA R A1 USPSEHE B E 9, MNISTHEHE oy Hbnisk, 285

{25 SRMNIS T B Nk, USPSEE A N H Frisk.

e MSRCHIE FE 54323 7K I/ Fr, A 1824,

o VOC2007% 4 FE i Il SR AR AN B IE SR INAE — A2 A 50115k fry A 2028,
M35 ] LLE HEMSRCHIVOC2007 %4 28 B IS IE A A ). X A48

PEERIZR 6 ZAHFA): aeroplane. bicycle. bird. car. cow. sheep. HEff L
w PR SEIe % B, IRATIEMSRCEIE & ik B 1712695k Fr,  #EVOC2007404#
HEE 715305k B e B R g — R B 256G R/, AR5 12 I VL FeatH U5
AR EL1284E ISIFT HFEAEDO, 7Edbid #Edr, 18 Fk-means 5 28 51515 212404 1)+
$i, FRATSE FIMSRCEE ZE/F N TR, VOC200750¥E ZE1E N H AR, SR )5 FE

FKVOC2007 4 FEA/E iR, MSRCEE FAE N H brid.

22
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BT 323 W B IR IE M, N2 T4MiT B0, Bz sei ot
H16FT R 1E M

Webcam

K 3.5 USPS. MNIST. MSRC. VOC2007. Office. Caltech-256 $4 & & F 716l

3.3.3 SLIGHER

9T TR L, SRk BN 1) R 5 BLIE R ONIWSA (Improved Weighted
Subspace Alignment). A< SZ 55 S IWSAR % 5 H & WU AN H A 14 58 & 1 1 3808 B
FEHAT IR, RS RE R 7328, 702K A 2 i i AR VENN (1-Nearest Neighbor

23



CIRE N = )\ eIl 'R B EANATAPS

Classifier).

e 1-Nearest Neighbor Classifier (NN)

e Geodesic Flow Kernel (GFK)?% + NN

e Landmarks (LM)*1 + NN

e Subspace Alignment (SA)!?*! + NN

e Transfer Joint Matching (TJM) (211 4 NN

F3 24 TIWSASYE 5 H e H A e f i 1 3808 B 5V R SR B 45 . AR
FoNZE BB TR R. HAEENLALMEIEET4MIERANEH, ik
RIS R T EIFRII LI S5 R, KRS 2T AL 7 IR, 3.6/
Mo MSEEREERATLLE W, ERABOE R BTG O, NNEEALAT4f i
T 00T 1S3 AE AR 28 R 45.92%, 5 1200 0T 7 15 0 (1 1 35 4 i 2% L G31.37%.
FEFT A 169 L 1E O, IWSATELIRGT B 45 00 T 1) 0 K HERf R 2 e w10, 1
FER T HIS B, IWSAHAL LY 55 b 1 45 RA AR 7 — s FERT4MIT 215 00,
IWSASLIE V- BRI R 250.57%, {EJa8MTBIG oL, IWSASLVEH-F 1 #E
#J48.82%, MIELTNN. GFK. SA. LMAITIM&E A 7 #w5, W 17 &RA1E
HTWSASVEEME RS BRI, 7E283.2.4% 1, LI Hds Bon, WSARILLE
Ja 8RS G L 1 I HE R %2 2 46.88%,  t4Uidk 5 FITWS A EEWSATE V- K1 % B Ay
T2%H 8, B 7 RS E R B T IR AR . AT EE3.2.475
FAIF 8 T GFK. SA. LM FESie 45 REZEMIR . T RTie— T TIM Hik
TESZIG 45 B EANINIWSA SRR, TIM Sy B s 3 B 51 H 7L, Ju ek Xt
VSR AR BEAT A L M B, TIMRR 8 Y5 e A5 A0 H AR 3B A B0 R 5 1 SR T 37 AL B
SR, TIM & I HBCE R A T3 H. IWSA AL TTIM 7214 R A m 1) F
R A HA R A BB A3 1 B4 18], B T R4 38 B RCR

100.00
90.00

80.00
70.00
%“Jr, 60.00 =NN
£
50.00
& m GFK
g 40.00 mSA
30.00 -
20.00
10,00 u M
S mIWSA
& v ES @ v
\"J c;Q &) 1 o -~
1 b °° 0 <l @ & \e:
’f QSJI (J,"T
5 & O
e @\ \&\ )

K 3.6 seiasi RAEIRE

24



55 3 F BT A 1A AR A A B ik

R 32 OGN EVEAE HAREREA ERAERR (%)

RS NN  GFKPY SAR pMMHT TIMPEI TWSA
USPS — MNIST 44.70 4645  47.50 - 51.25  50.95
MNIST — USPS  65.94 6122  58.83 - 63.00  67.61
MSRC — VOC 3196 34.18 3438 - 3275  35.56
VOC — MSRC  41.06 4447 4736 - 45.15  48.15
SRl 4592  46.58  47.02 - 48.04  50.57
A—>C 26.00 4025 39.80 40.16 46.76  40.87
A—>D 2548 3631 3694 40.76 3898  43.95
A—>W 2983 3898 37.63 3898  44.59 4373
CoA 23770  41.02  42.07 4175 3945  44.05
C-D 2548 3885 4586 3949 4203 4841
Co>W 25776  40.68 3220 37.97 4522  43.05
Do A 28.50 32.05 3424 3097 30.19 35.80
D—C 2627 3028 3250 3134 2996  35.26
D-o>W 6339 7559 8847 8475  89.17  90.17
W o A 2296 2975 3434 31.00 3143  36.01

W C 1986  30.72 2876 2921 32,78  32.15
WD 59.24 80.89 8854 8344 8542 92.36
P51 31.37 4295 4511 44.15 4633  48.82

3.4 AREFNGE

FEAT p, ASCH A T R PR TR R R, H AR AR
AN E AR 723 ) | 5 ) SRR, AR i (0 YRR R MR R RT e F A
dhe PRJE, G T BATHE AR RO M B E0E N R, BRI T 2 TR 5 5
%, AZHIR I D PSR IR S A AR R A TR 5. S T 2 T X
FrIRAE, IR A RF IR 20 A1 BE B H AR T S R A, B AR YR YR
SEAFE AR AL B B bR IR AR B P B T B B R IR A BRI 1 22 R AT H
PRI TS [ 55, SEUGE B h R AR SR AL 3 18] SR AR H A B
IrREEE E LA RIFHIRIL, RIS R AR [ iZ5R BT e T B
i N SEEAEVE RE B B DU

B Ja BATTRS AL 725 A1 55 Sk AT 1A et , B EARBLAE R E it b
A NKAERIE AT 1 ik, A2 5 REAR B E A (1 B 2, fE ARSI
AHIBE G, A IIAPCALE I 25 A FF HEAT 72 1816 FF AR 2ot Ja iy
Bl 2 (B0 AR RE B TN 3R iy, RS EAREUS 7 RAFAR I
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04 T BT IR 2 4R 0SB SRS

£48 ETREWHEMEABENEE

H 20 124F IR FE 1 22 M 46 #E ImageNet5e 48 L KOG fa BY, - THEALAL S 4
Pk 7 R TR TSR AR 2 1)l b, PR 5 5 ) R AR
T HARREE 2 S FRE AR A R St TAEGE MU, AR 2 2 FH I IR
J& 2 S MIAR SR SIE AN HEAR,  SRA SR PSS AN o 3 i AR Ak 73 A AN 7] B4 ) A, 5B
197 REFRORPZSL, fEAR T, ARSOR A2 — T TR BEA 28 W 2% £ 3500& I AR B
7T SRIRAE S5 EAT IR

4.1 ETREMZMEREENEE
411 MRAREEFRMLE

1B TSRS S — BB 2008, ML T kT, MUt
INf IR H i 7 AR TS5 S, B LUA S8 TAE 3 T a3 5 B Tt 7t X
TR B AR 248 52 R BE G AR N 48 3R i, AT A B2 R L 8 FH 2147 D 1R 44
W, XTI T AR S A S PO R R, 3 S AT P e ek 3 R 4%
Z, HSEIRE AL, HERN AT TR fRE N SR Ia B ZE D781, K ik
ECEDPp, fEFPEH T — N R TR SRR AR SRR,
2% B L P9 8% T I e L PO AR Aot 1T v, T T 9 ) 26 P T 10 20 A0 0 St it P
P AN X 255 8 A B T A AR N 2% % 2 () S RIS T) 38 20 U1 e ek AT 14 AR AR K
B A PETmageNet b Il 2R 1 X 45818, 3 SeAB 7Y R Sy 78 K s b e B A Bk
R, HPEHURHIE 68 7 #0 b 5.

I Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax]
TX7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048

stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2

single frame pool 2x2 || pool 2x2

s

Temporal stream ConvNet

‘ conv1 |[ conv2 |[ conv3 |[ conva |[ conv5 |[ fulle |[ full7
TX7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

. norm. || pool 2x2 pool 2x2
multi-frame pool 2x2

optical flow

softmax|

K41 BT IR B XA A A5 1Y

X TAEEE, HEREAEWA T IAER, — R E LR, — AR
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04 T BT IR 2 4R 0SB SRS

1 PO o 1 1107 AP = B 2 N € 1L e N - T L ) 3 v €=
TSR 3 S RS B XTI Sy, EERDEWIE K28, a7 M0
8/H VD M3 U IR ERGIIZE). EXT XA MG R, A7 9130
0 IR Y AR S D T G T LT T 3 P T Nl 21 M/ e T e
— MNREEBI AT NG, 2 )5 TR 15 2 70 2R 0 B TR G

25 () AP I 24 =5 A SO i P B AT HR AR, TERR I A BT AT NN
ale B ERER S BRRAE R, KON AT A2 R E YRR 2 DG ). S8
B b, AL FH 2 TR 0 6 AR X 48 il BE S R U ) o 28800 6T Ik, 7R S 1T 52
IO RAE S (B BdhAT 7058, SRPUEIGIEARVE, FER IR E M A M 4R
FESRET (0], (RN 2 (B IR A AR 26 AR 5 B3t 2t B R 3047 095, FrbART DARTF &
B 23 R AR R 45 R R 14,k e Y 7 K ] 1 e TmageNet A RG7 1R 702K
RCH, UL AR A R IE O BE AR SR T R X AR A () Bk AT PRI SRS
AT AR s X 2 AR B 1R 43 KR 77, AT 4 i AT ARl R HE A 26

I [R] A AR ) 2% 32 BLRAE IR B AT A, (BRI ESL MmN + 1, 6
TR AL R MR P23 0L, B — RV AR [ B e R Wir B m(u, v),
Zom E i + 1AL RS ) B A (u, )RR MBEETN TR, KFI7 mAEE
W, G LR WE42F7R, (@F(b)AELRELSF N, A EARERX
WA —NEEESNTFE; (©FRIERE A TEXIRFIR; (d)FRRIZEK
SO M IR s (e)FRANI A2 B EH 7 [ i

TENGIREBRINEERT, d*fd 7] LLE {Echannel. A T 3R~ — RG] )12
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