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Abstract: For the problem that the existing multi-source adaptation learning schemes cannot effectively distinguish the

useful information in multi-source domains and transfer the information to the target domain, a Multi-source Adaptation

Classification Framework with Feature Selection (MACFFS) was proposed. Feature selection and shared feature subspace

learning were integrated into a unified framework by MACFFS for joint feature learning. Specifically, multiple source domain

classification models were learned and obtained by MACFFS through mapping feature data from multiple source domains into

different latent spaces, so as to realize the classification of target domains. Then, the obtained multiple classification results

were integrated for the learning of the target domain classification model. In addition, L, ; norm sparse regression was used to

replace the traditional least squares regression based on L, norm by the framework to improve the robustness. Finally, a

variety of existing methods were used to perform experimental comparison and analysis with MACFFS in two tasks.

Experimental results show that, compared with the best performing Domain Selection Machine (DSM) in the existing

methods, MACFFS has nearly 1/4 of the calculation time saved, and the recognition rate of about 2% improved. In general,

with machine learning, statistical learning and other related knowledge combined, MACFFS provides a new idea for the

multi-source adaptation method. Furthermore, this method has better performance than the existing methods in recognition

applications in real scenes, which had been experimentally proven.

Key words: multi-source adaptation; object recognition; shared feature subspace; feature selection; transfer learning

0 3%

TGl AR 2 2] B A AE 4 I AF AL 2 BUS T8 B ik
e XL A 20 ) T i i bmic Y 2R, OF BT
DAY (85 | 2SRV B € i i vl e o VN (2 7 S ST O B ]
(Independent and Identically Distributed, 1ID)", $K 1 ££ 5% bR
A5 R FH R B B A B TR D B . JF HAEIX
SERTU AR BRSNS T R M E AR ic
R C IS R S S B N DAL/ DAL EUR: S L

W #E B #5:2020-02-04; &[5 B #5: 2020-04-21; 5% F B #5:2020-04-28

BEREA AL AR 5 77 A B B 0 22, AT 5 80 e )N i dl 4
rpeg ) 75 2 R BRI CECE 4R T S BT o BRAR Y X
S5 DU, ARaC HCHE A SR K B2 O 22 2 B RTHIL a2 > T
00 P A TR) B, F T3 Y %% ) (Domain Adaptation
Learning, DAL) $ ARZEHL T B A ARG L '€ . 7E DALAE 55
2 20 FUBGE K 3 WA AR OCAEAS [R] A 2 AL, RDYR BFD H R
B B AEA IR 0 IR e e E BRI 1 2 2 [
B, PN S R8T 43 T AAH ) sl AN ) o EZ R AT J 2k 1
H Am 8l 4370 2 S 0 R AR B 18 35 R T H AR B2y B DAL

HEETIR - WLA AR S %0 H (LY19F020012) ; &N RHE T S AF & 5 H ([2018]50-8-3)
EE B B2A W (1970—) , 5 VLV N, B 202 1, FERF5E 7 1 s TR AR A E B RS  fRIEEE(1995—) , 53 Wi i
NGB RFSE A, RSO I0  HLae S B BaSISC(1973—) , 5 b, 2042, 14, R0 7 1] B L g 5T



2500 HH AL A

% 40 %

B AR R A, Sk, 2R B E N 2% S g4 ) DALY
T K B TER 2 HH 5 A IR, 38 3 fe MR B 18] 1Y
255 RN BRI A3 o 205 A A T R IS R R 4
BN EAS T A g AN, SCERES T4 R Y A-SVM
(Adaptive Support Vector Machine ) Z T EZ AR
YINZAAS B AR R 1Y 53 SR | SR 5 30 2ok 3 S [m] 35 14 73 A
RURAH BN B ARl B2 2 . AN 2T R M E
i 22 19 2% > 19 2 5 36 W J7 7% W1 FastDAM (Fast Domain
Adaptation Machine) 4§, {H H #1519 205 H & W 7 & A7 7
— L0 B 2 AR 15 B A I

1) Grfp b 238, v I Rl 30 mT 68 55 A 43 JE DR EITAR Y
FRAEAR B (140, M 7 R S (D) 1Y [

P T U308 A0 5 DI R B8 T LA DA A I s v B AL 3K A5
R IRt b e s A e i L LU . A Jris i Bt
A7, A M P RS (A4 T A I R B s e ) e e s R e
X AT e T3 S 15 BN AR T B 24 AR 3 5 Ak

2) Unal A kA B 22 AR P B R DG AR B Y IR A

REHZR F IG5 1R85 AL PR REA AN 18 L
AR Z ] (AR DG, 30K 5 3 2 TR M5 8 JE 145 31 58 43 (1 R T
G IR0 3 AR TR+ 43 B

3) Ay FE 42 4 TR H AR SR AR IO RO S A rvE
TEAR EoRIR R AP R

VAR, AR O A B — L5 RE A N0 b 3R Ay 43 1)
B2 B RTEEA —AG— IHEALRE e BRI, SCik
(7146 i L, | JO RO R A A T A el L0 A A i
AEVEPETIRE , REAS T Lk 1 R B P B RRIE . BR T SRR
FEE AR AR TE A (5 B LASN, L, | SR o] DS i T bR T AT
TEAR S80I AR AR B R R 48 B 2 T Bk AR

A, N T R BULA DAL J5 A 8 0 AT 55 P A7
TERY IR IR, A SCH ) — B RRAE Ve 00 22 R 3 N o)
ZE HE 2 (Multi-source Adaptation Classification Framework with
Feature Selection, MACFFS) ., B ik R 2 A8 STET .

1) 5IAGEEEOE ML R R 2R Z m 325 8 0f
W AR B R E AR 2 U5 BRI L, A 2K o
BRI R 7R o B BHE s 4R T — A B R B
PR R IS N Ay AHESE

2) W EA Y 2 R AR L 4 S — A SURRIE 43-fifk 1) R5L
FEXPEAT AT T PR A BEIRIE . IR T 5% AE
B faT A R SR D IR

3) G3 I AE LA AN ) 17 I 3 5 BT o oy 54 4 1 kAT T 4
T A S 30y, DA TE FT 58t (R HE S %) s 250 1k 5 e 2k

1 ZREN LB, XER

FAEFHE I, PA SR SO TS IR L, RSO
Ae RV FIRK/INd x n FEIE, A, X5 THE M (i, ) T

n d
o WOh AL, = [ X AL FllAll =

TR L, | TEECA Frobenius Y84 o J0 [ A (938 =7 0
tr(A)s HI,E LKA n x n LIHRE, F1, e REARTG
FARSE 1 B ]

1.1 (e

R A D AR AE R [R) i, MACFFS HEZR T B8 LR

P B < 1) A7 K MR 210 o G 1 Y b )
FRAER B FBRBRA 1927 5T 155 52) S5 F AR SUBRHETE £ B
BRI 5 MR . A SOTTHLIT R I A 2 T 5 )
5 UEBRERS IR PR I A A7 R AR )
PERE  BATE M5 IO HESE .
1.2 HERERY

G o A d R BR HHE X =
[ %0, 0, %,] € RO X B AOBRZEHER ¥, € (0, 1), e 2
KB, TEZARE IO BT X F A A r
xoeXeR(I<i<n), BRy, e ¥, 5 ZHICHE b
B W BORIEIE T 280 Wy, = 1AMy, = 00 A
1 441 T A 24 2 82 PR B SR 3 (T4, B I
W BT 2 K — AR BUAERE F e (0, 1) (F1 R K — 1
SRS AFFEA KNI 0, 1950 (0 = 1,2, -, M)A-IRIREL
PEEXRNA, =[x, x5, e, e R, o R 0 7 25 46y
Y, =lyhys sy ]e RMT

T AT B % 2 ST A KO WU A A2
SHVBRAE AL y AT 75 500 B/ () B Be/INf o TE U4
GRIBREFAL

min loss (f (%), y) + p2(f) (1)
HOft doss (- + ) WA AL, Q () IEMALEREL > 0K
TEM A28, WSRO (0 R 22 1] £ 2SS R e 55t
SSEARCA7 BLT LABRAL AT KB G2%) . ST A, AL
S LRSI P, e R K505 o - R 1Y 5 (F 53 S 3%
ST SR R AT T AR B, TTEE (1) B
ST 10 585 0 A RAT BRI 2 M0 2 B R A L 1R 4

1l
mfi_n Zloss(((xﬁ)TPZ,Ql)»y?) +M0(fv) (2)

Hrf:Q, € R AL 52T 25 [ P9 I AU A I e 2 TE U AL 55
Heo 3 AT LR P 28 e ek RO 5T (2) iy
TR B, (LM ) 32 S AR S TRt , 7 SC G
HESR AR Ly, K526 R R B L R P I M P 523 (L
el BT BCHR T4 , 3 I 30 24 5 45 76 7 2 o 1 44
ARG ST o VR R Y S SRR T 55 % 2 b o 8
(2) AT HAR
pigllv.-arre], +ulred,,
s.t. P,"P, =1 (3)
EWI|[P,Q, || 6 P.Q, k1 TR B WS BLLE
EE L5 25 1 P KRR AE BB . 0P D, 8 i R 7 2 T
KRR 1 T AT R (75 L AEAT 166 A5 A8, ) LA [V RRAE 2
IR R ) £ L3 52 0 FL G
SRR FBR A>T BN
‘XTQO - Fl

i ]2 FuFTLE + 0, (4)
Horr: o R IE WL R 5L Q) BT H AR I 09 AR J 1
IR [, BRIE @, MATRREE. 45 T S5 FUT HERIR A0

BJHT HARG AR AT 55— IE NI i fE 1B 0



%9

S AR SR A 8RR 2501

I, Hod Lo LT BARSUSEE S8K & =(r, X) =
B Laplacian 5[ H L = A = o A A —AXF A5, 55
ATEEAA,, = 3T T WELRIE S H A 2, Fl b

GBI HERECR T = 1L, 8T, = 0.

YA MR FE [V AR E AR s ki gE—
27 2] FUARIR ST SR 4R H AT AR 6 56 ) 22 R 19 3 17 5 2
HEZL:

arg min Z|:”Y, - A,,_TP"Q””2 1 +

PLQ,.T,. F,.F.Q.0, "]
ulrel, . -xeol, ]+
Sl - el + o, +

wFTLF + a)HQOHZ.I

M
st 3.0,=1,0,€[0,1,P,"P, =1, (5)

v=1

S B, E RS B 5514 SR T A5 69 F A7 42
b T Y 0| F, - | AR R E R, R

PRI AR IR SRR P A B R 5 — A — 11
SPREER FXSE . AR L H AR F AR R A TR AR
R 22 o) e ST MR L (R ) — N TR A B RT LA A 3 S —
A Hdr B340, R AN REXT B AR A AR [5] 5Tk R

&1 MACFFS /R B Bl 456 18 1 AT LA MBS 2 )
A BRI RN < 224 U5 A W B 43 5 3 R TR A s
[ Ly, | SO B AR PR S B AU IE R BR TR B B
A2 IR B MAS TR 228 . W TOhRaE 1 B AR e ik
MAS VIR AT B M AFR R, AR AR A R
JITAT (A 25 B e 2845 30— A8 — 11 F AR bR 25 40 B I DA H
BRI

FIL,, JE%
BEATHBLT R

48— H bRk

FRE R
*E#EZ;IE/E@ 1 ]
FW F2 FM N i‘LL N %;Jﬁ% M
%% MAN ISR RGeS

E1 MACFFS/RER
Fig. 1 Schematic diagram of MACFFS

2 MhfEE

ARICRE R S A B SRS T H AR R (5) FEATOR %
B2 R NP 2 W L SO P I G B | SR B R s S G 3TN
FI bR BB B IR — A S BB TR, E X T, =

PQ.. SYSMEEALRIRE A A RIS 0, £ Ht AT
He U RO SEMS . PRI A5 L B 50 0 R 2%
WFR

Q(P.Q.T.F.F.Q)=

Y 2 .
mlnL;[aHTv - P”Q”HF +purT,'0,T, +

(Y, - AL,TTU)TM (v,-a"T)+

w(F, - x'T)'V.(F, - XTT,,.)} +
Yole - #| +xo, - F| +
tr FTLF + wtr Q,"UQ,
s.t. P'P=1 (6)

H.0, M, V, UJgxE R EHS X T3 e Lok
1 1 . 1

M =

Vi T

v

i

i

2”(1/ -AlT)

2”(12 -X'T)

2 2

= e Jt (1) R T 3 A AT R L B

X (6 RIEAL i Q5K FIF L R AT Al 15

002

9Q,

0, = (XX" + wU) ' XF

AW =XX"+ U, 1538 Q, = W'XF. ¥ Q,fXAK(6)
A

= 2XX"Q, - 2XF + 20UQ, =

M

juemin Salr - po. [ +ulr -
v -] e xm ], ]+
M 2
Yo|F -F| +uwres
v=1
() ) (60 ) )

w(WXF) U (W XF)

s.t. P'P =1 (7)
xf bR AR R F SRS 0453
an

o =V - 2VX'T, 4 200, - 20 =0 =

v

(V,+0)F, =0F+VX'T

48, =V, + 0. 45 F, =5 (0.F + V,X'T,). 4 F A
BN (7) PR BT Y PRECER TR 6 HAR A i PR A 0T 4 A
KIEX N 0ER DT, = G, F, Hh.
D, =200V, X" - 0'S;'V,S;'V, X" - 6¥S;'S7'V, X" (8)
G, =0"S;'V.S'+ 01, +1, -6725" +
X'W'XX'"W'X +67S'S; - 2X"W'X +
oX"W'UW'X + L (9)
B F=¢6'DT,. #5300 F5F AR 7)) 1E5]
#(10):



2502 HH AL A

% 40 %

argmin [aw (T, - P,Q) (T, - P,Q,) +puT, 0T, +

P,T,Q,
(Y, -A"T)'M, (Y, - A"T) - T, "D'C'DT, +
wT,"(0XV,S]'S;'V, X" + XV, S;'V, S;'V, X" -
2XV,S7'V. X" + XV, X")T,
s.t. PTP =1 (10)
X EXEERET RKEIHFLSHNOMRH T =
H'(AM,)Y, +aP,Q,), .
H, =60 XV,S;'S’'V,. X"+ XV,S]'V,S;'V, X" +al, +
w0, +AMA"+XV X" -D'G'D, -2XV,S;'V, X"
HT, =H ' (AMY, +aP,Q)CAZ](10) 175 BH7 Y bR E R
kA xR R B R A A & QR T I A oA E
CIEC
Q, =K '(aP'H'AMY,) (11)
HWK, =al -o’P'H'P,, TJ5fS5] HFRREL:
max tr(Y,"M,"A,"H]'P )K" (P,"H A, M, Y,)

s.t. PIP, =1, (12)
(B R (12) ) e K A [0) R AT 2 A Ry — A~ T SCHRRAE 53 fige [r)
B, BB AR e B

EE 1 HEreRE(12) 094 )55 JU A% vT 38 2 5K A an T
I RAR IR RS«
,max tr((PvTZX,P,,_)fl(PUT]PP,,)) (13)

He g, = (H AMYY, "M A 0. Z, =(I, - aH ")

PEB AR RE A AR o (AB) = tr (BA), Ak A (12)
EN T

max tr(I, - «P'H'P)" (P P,) (14)
X, M, P,
K, =H"AMYY'M'AH"). % Z =(1,-cH’),

H e E AR IE o AL IR (12) m] AR R Z ', BRI 23 i
wig.

N AR 0, HEATOEAL , i T ERAE B 6, DL At AR A
AR PR AT AR AT H bR R

M
rr}}inEOi
e

M
st 60,=1,0,¢€[0,1] (15)

HAR 2 00 58 0, BRSO = 2 JF RS B0 F A 76,46
AT T T AR ) H B

F, - ﬁ”j

M 2 M
N%®=Z&ﬂﬂ—Fw—%2q—q (16)
v=1 v=1
BT 0, R0 F IS HNE, W5
oT

< . 29,,(HF1, - FH;) 5= 0, = é(\ F, - FHi)l (17)

90, 2

M
MT Y6, =1,17F:
v=1

o O 1/(HF‘FH,2)
2o 3/l o)

3 2B XN MACFFS
3.1 RKEIESSERLREN

TESZBRAE B0 P E BT AR 2 A W0 i AR S 0, T
Fo NI X BERR A | AR SO LA 5 G e 6 1 22 TR 3 97 4

(18)

SAEAL R UL 2% K 1 RS i 5B 521
LA IIMERA X, = (5} ) 5X,=ux, R

o €n,) o HOAR I ZRFE AR X N B bR B R N Y, =
[YS, ¥ e{o, 1} iy, e (0,1} i Y, e{0,1}" " &
—ARTHEE RIS BRE . E RO bR A R F R S
PREY HARPRAHERE Y A — B PR I B i 2 0 A 18 R
SRIHEZLANE

n
(n= n, +

u=n;+1

n

arg min
P.Q.T.F.F.Q.6,

lv-amrol, sulrel,, -

M
Ir.-xtel], |+ $olr.- o] e, ]«
wF'LF + “’”0°Hz,1 +||F - Y”i

M
st »60,=1,0,€[0,1],P'P, =1, (19)

=1
Xof FEA AT X T SR AT AR ) e e, LA NS TNF
G,— G =(X"W'XX"W'X - 2X"W'X +
wX"WIUW X + 2+ 0), + L +
6S'S; - 267S" +67S;'V,S") (20)
F—F=G"'"DT +Y,) (21)
H — H =(0:XV,S;'S;'V.X" +D'G.'D, -
2XV,S'V X" +ad, + AM,A" +

XV X"+ XV, S]'V. STV, X" + u0,) (22)

T — T =H"'"(aP,Q, + &) (23)
Heg =AMY, +D,"G]'Y,.

0, —Q, = -aP,"H'P)'P"H ¢, (24)

TEBR P, LASNHABAZ I C R OL T X% (16) 19 422 Ja fe It
fige P 308 2o SRR A T 38 A A )
Jnax (p,"z,p)"'(P,"J,P,)) (25)

Wb, =H'¢¢"H '\ Z, = (1, - a(H)™").

Zr b, ] A B e Ak 45 A e Y o 2O e W B B Y
MACFFSHEZLHEA TR AL, BARBL TR

Fx1 R MACFES,

N 2 AR SN 2 B A 5 LT X R AR A ()i =
L2, onw= 1,2, M); BARUEIR 4 (2, 9,),i= 1,2, -, n ) (3
AR 2 SR HIRE AR X R 1y, S TG 3 4k 0 1 HL4E SR e ) 3 ) 5 KNN
BT AR EE £, B @ . wo

Wb SRR F L Q) F, P, Q,F1 6, .

WAL B E =0, I BEHLIT B AL 60, Q0. Q5. PO FO FO 34
0" MP VO U B J b AR R

T

F3d KSR 147 L

t=0;

while(| Max 2, = Min 2, | /Max 2, > 10*)

{For(b=1; v<M; v++)
HHE W = XX" + 0l
PES =V +01;

W (8)iH52 D5
Y5 (20)1H5 G
MR (22) 3155 A
e = aamy, +(0)' (€)',

2= (1, - o))



%94

KERE AA ARG R A E B RAER 2503

i = () ee) (1)

X (Z!) T TR R SR A P
MU (24) B Q1

M (23) R T

-1

TEF=(C) (DT 4y )
I/%? I“Z‘,Jrl - (S:;)il((ofv)rlfvl+l + VXIXIT:+ l)

I%le — (W:)’IXFHI ;
E%TO:+I,M:+I,VLL,+17U,+I;
AR (18)EHF o 5
f

THie=1+1;

!

VL1 AN G AK, SME IR R — A BB, T
TGP A PRI A A H A TORAL BT o 2 g 5
FrA TR IRUE A T f AR AR A 32 (19) 45 8] —AME
0, %8 FEIT T MW ER . Yk B KN
| Max 2, - Min 0, | /Max 2, < 10 B, 5% % 5 ik i S 10 52

o fre e i A A e U AS R
3.2 BEEARETESE

AR SORE I 26 Z AR 73 SR AT ) 34 PR SRR 5 AN ] R
BRI TTHREE 0, AR SR B AU . B, kA H
PRIAIREAS o, XL A BRAE R ARy, th T X

M
¥, = 2.0,%P0, (26)
v=1

4 ZkEHHEXR

4.1 XWEE

A3 IR A SCAR L 9 MACFFS 540 56 B9 2 R 1 38 1 5 17
Caltech-256+0ffice ¥ #5421 TRECVID 2005 %4 4 b b 4752
43T, LAGE BT 48 7 vk % 45 R AT 45 19 )32 38 TP R 4 T
HoAth gy a8 5 T 0 54

MR BR L FAT 5 I ik 5 LA 2 A &
POTEPEAT IO BRI

1) TCA(Transfer Component Analysis)"';

2) A-SVM©;

3) DSM(Domain Selection Machine)"""';

4) FastDAM';

5) Multi-KT(Multi Model Knowledge Transfer)!'?;

6) MACFFSZ8A )77 : MACFFS_1 FTMACFFS_2,

FEA A MACFFS AR PR 792 19 H 4 A 56 UE A SC T R AfE 28
BB HBATE 20 B B AT

1) %86, = 1/M ) MACFFS, fi#% 4 MACFFS_1: i 13 1t
5 B 6T S A [ A B 2 TR 7 (1 100 T A T R RE VA <

2) BB = 0flw =01 MACFFS, i FX MACFFS_2: Il i%
B H A9 PR, A AR BB TI A MACFFS [P fE

X F TCA . DSM ., FastDAM , Multi-KT F1 A-SVM H 1) 2 %k
TR [ SOk TP AR R e B . P i Sy it
TEVRAE A ARSI — A A S

TEAR S 7 ik FR 2B 3B A S 4, B o, Al 0, 3K 8
SHAE{107, 107, -+, 10°} 38 [Bl Py AT I8 , AR 2236180 8 Jk
AR H k=5, AW 704 il FH T T 58 UG TE 2 1 A 2 Bk
BRI, R SE & B A S IR, I BCF- S (EAE
ML SR R

4.2 HiESHR
4.2.1 BAFRRIMESHIEE

Caltech-256+Office ¥ 4 4 £ & R A 4 A B B 4%
Amazon (A) .DSLR (Digital Singular Lens Reflex) (D) . Webcam
(W) #il Caltech-256(C) . Caltech-256 5 Office £ 45 £ 2 7] 245
1038 F2E, Bt 2 533 sk EIR . FEsegad, inf UG
Py (% BR LU A B R/ 150x150 %8 7 A7 IR fe FH © ok
fif # 7K« CH (Color Histogram) . LSS (Local Self-Similarity) .
PHOG (Pyramid Histogram of Oriented Gradients) | SIFT (Scale-
Invariant Feature Transform) . CSIFT (Color Scale-Invariant
Feature Transform) "l SURF (Speeded Up Robust Feature) '
FHE o A A MR PR IRAY 6 Rl R AE RS DF A5 O — 4> BT B R AIE
. CUAYE VRS ET , Amazon/Caltech &5 2548 20 Il kL
A%, M0 DSLR/Webcam 532 JH 8 S UIZREEA . A H AR
S, AL T 34 EARIC R AR A R N8 , H bRtk rb i H
AHAEH TN, 5380, A SO Caltech-256 HHBEH LR 1034
120 S LH A A 3 i HEAT H AR U . 5 R RS —
LR EFFRERLES N 10 283845 . 7EIL T Caltech-256 £ 4
BB 2 PUE RT3 P P HOAEH h — A5 H bp s,
ARHRL R PRI, B A5 3 (41 B U 6 TS LA 7 kA
Caltech-256 $UHE 4 1 Z IR O T B UM ERE , % BdR S0 &
256 A R 25 4 PG A B 2R LS A4 P45, a2 2 L2 )
FAYEXT G575 Sl 61 2851
4.2.2 MIMAFAESSHE R

TRECVID 2005"' 2 e K iR BHE 2 — o %8 4
FH DA 6 AN [] ) 5 A7 AR 1Y) 108 AN /NEHRRASE TS H 11 61 901
AN DB B, E 45 2 DUEATE CCTV 5 NTDTV (New Tang
Dynasty Television) , 3 P35 4l i CNN(Cable News Network)
MSNBC (Microsoft National Broadcasting Corporation) F1 NBC
(National Broadcasting Company ) , A K& — B $7 {115 4738 LBC
(Lebanese Broadcasting Corporation Television), 3¢ 151 T 4
B H GBI AY EBC (B MSNBC LAAM) o O i S E i
B 6 A~ W 5t 4§ 1E : SIFT, SURF. GiST (Generalized Search
Tree) " | LBP (Local Binary Pattern) , PHOG il WT (Wavelet
Texture) o M FEAM ZRHEL 5 B AR HINME 55 hAH )
BT LA G B LSRR AR T B . M LSCOM-lite i) it v 4%
T 36 MU, IR MR T T RE T AU A Y 36 1
TGS AR ALE Y T H . Ed T
FEREK 36 B, LUZR TRECVID 2005 $4 42 v 56 B i 1
PUBENES o RS AR SR AL TR 5UE (CNN FTNBC) il
PIANDUEAE FA VRIS, B h (A iE OB AR S B AREE, ITAE
FABEALRAE 10 /MREAR LU ATPR IS I A B R . o)
HINASC R 3 5 B B CNN_ENG Sy F AR, HAx i 4500 Ay 1 sk
DA ) F AR AR ICREAS BB X PERE R SR . TEFTAT I
TR UIZREAE SN ok [ H AR AR REAS FIFE IR 5

%1 TRECVID 2005 ##E &5 8
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Fig. 3 Recognition rate on Caltech-256 dataset
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Fig. 5 Recognition rates under different settings in video concept recognition task
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