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ABSTRACT

Bearing fault diagnosis, as a key technology, can detect potential safety hazards from
data promptly, which directly affects the safety productivity and cost-effectiveness of the
industry. With the rapid development of the manufacturing industry, the country’s demand
for industrial safety is gradually increasing. ”"Made in China 2025 clearly states that it is
necessary to develop autonomous industrial systems and establish perfect industrial safety
systems. However, the great differences between different industrial systems, the redundant
information contained in the huge data cluster, and the distribution drift caused by heteroge-
neous data all pose great challenges to fault diagnosis. Therefore, designing a bearing fault
diagnosis method with high security, wide adaptability, and good transferability has become
an urgent technical challenge. In this paper, we focus on the the problem of fault diagno-
sis under unknown operating conditions and utilize the transfer learning methods to realize
cross-operating condition fault diagnosis, and the main work is summarized as follows:

(1) To overcome the problem that the fault data contains different kinds of noise and the
subspace transform matrix has low flexibility, we proposed fault diagnosis methods based
on transfer subspace learning and established two robust transfer learning models with low-
rank sparse and relaxation regression. First, by introducing an additional matrix to model
Gaussian noise for robustness, we established a transfer learning method based on Gaussian
noise improvement. In addition, by adaptively learning the label matrix from the samples for
flexibility, we established another transfer learning method based on relaxation regression
matrix improvement. Finally, we developed an efficient algorithms using the alternating
direction method of multipliers to solve the models. Extensive experiments verified the
superiority and effectiveness of proposed methods.

(2) To overcome the problem of low discriminatory nature of existing deep transfer
models, we proposed a deep discriminative joint probability adaptive network. The method
uses a multi-kernel approach to optimize kernel selection in reproducing kernel hilbert space,

which improves the accuracy of the distributional discrepancy metric and the adaptability
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of networks. Further, we embedded the discriminative joint probability maximum mean
difference metric into neural network to improve the transferability and discriminability.
We conducted experiments on several bearing fault diagnosis datasets as well as different
neural networks, the results show that our method effectively suppresses domain bias, has
better clustering results, and accurately identifies the types of faults under different operating

conditions compared to other deep domain adaptation methods.

Keywords: Bearing fault diagnosis; Transfer learning; Sparse representation; Feature space

transform; Deep domain adaptation
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Figure 1.1 PHM system flow
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Figure 1.3 Classification of intelligent fault diagnosis
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Figure 1.4 Classification of machine learning based fault diagnosis
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Figure 2.1 Process of transfer learning
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BT R o2 ) H AR AL IS S5 TR0 vE R S SVM ASS &, difad 1 )4k i
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Ne TEMELRE I, Long 58 NMH@EMBCE AL AN 5400, B THRESHH
1&E W (Joint Distribution Adaptation, JDA) ¥k Mi22 . 2 )5, Long 25 A HWAN
Wang 2 A\ 48140 il$i t 1F B BE A VUL (Transfer Joint Matching, TIM) I 401 H &
Y. (Balance Distribution Adaptation, BDA) F¥%. 71— M {EAF BRI 2 U EHE
AT BRI R T H AR A TR AR e, BRI 5 AR
2], AR IR M ZREA% (Geodesic Flow Kernel, GFK) 5123 [A]x}
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I bR )RR AIE 21 22 S 020 AT S B A% 01
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AT ARERS B H And. BT X R TB2EI W b iy — D2 TR DR 7] R 4 M
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FEL T TR . A F LTAEA Mihalkova 4 A PUHE ) T2 R824 2] —Fr MLN,
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Table 2.1 Summary of traditional transfer learning
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Figure 2.2 Timeline of transfer learning development
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Figure 2.3 Classification of deep transfer learning
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B REGAITERE. 6 A2 BINGIE, EMOTEREIR 1T E— Mo IR E L e s A
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Table 2.2 Summary of model based deep transfer learning
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Figure 2.4 Parameter fine-tuning network architecture based on two-stream networks
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222 Billsk
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TR gAY E COCO £tk FIRIA NI RI ta e S 80, I Zhiseal
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YU R )RR T — A BN, % T 2D B AR A o S I A
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Horp f (¢) 2 REMGUEA TAR ST 1) R 5K PR AR
(2) PR 0 X RARICERIEA T , R A y; AR Oibnss, Bl

Vi = f(%,0),¥i=1,2,...,m. (2.2)

(3) LA PMC R EARFIA bR 2 it E IR — D2 R 26 n SR (A2 SUIR i 2%
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‘ i 1 <i <i
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JEEDASCEIHE Y i S P A AL B, DA 5 2% A 9 28 A P RE
@) BJE=AE RS n O —ASHEIR R4S 0., B (2).
H NS0 oS A Te s ic R R EErrillg, SR M rEdhs. Al
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YERES AW . BiJS, Zoph % AP BNZR07 kS BRI kb AT T X H S,
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2.2.3 Transformer Z5#4
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Figure 2.5 Architecture of the IPT
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% . FETINGM gisas B MRS 2T, RO T IS B SE, Rl
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Table 2.3 Summary of difference based deep transfer learning
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FRIEZE S AMEYE Yoon 25 A166) T2 b FH 00 28 L B SRIRALE SR o) 55 RN H A

Yu 25 ) 167]

B M 25 5 TERRZE 28 T |\ H 38 )2 R I D S 22 5

231 BT MBEEN

BE MR E H AT T 2R R 2 ) iR S, il 5] A B iE Y,
JEAI AR 22 S o TR P SRR B R A B Ak o R i 21 i ) SRR, DA 1 A
RAETURAB IR IR R . H Al Z AR 245, 4 AlexNet, VGG, GoogleNet
PAJ ResNet 55, #REEW I RFERAGR IS M 4% . BRI SRR D M S B
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FIBIGE Sy, LRSS Ba i [ AR R0 H AR [ D7 VAR X % 1 R T H R 4%
AFPASS, FHAET B IE N2 BT E Y 2 51 5% BRI AN Al . MMD 515 2 g %
DRA P R LR e B, AT ATE A S S 40 T i X
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Tzeng 55 NV MMD SR MS5 6, JHR T IER2E ) 85 RIS,
St T IREEIIRE (Deep Domain Confusion, DDC) W5k, E2.60) K A R 1
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Fi k5 E/ME MMD i 5 R L R IZ 0 R ek g, R S 80k B2 A U 1)
BRGNS H. 15, Tzeng %5 N SRR AFFE I 3=l — 22 T DDC Jy
o BAORUL, X QS)HIA T i H ARSI 255 AR AR Loor (1) o TV
[FIEHOCAL T 3% =P 2R S8 B0 T B3 o i B f s>, HRARHEZR NEI2.6 71
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PIBFFEIF 46 A MMID 451 2K 1 BCEE AT, 1% DAN JGYAR 75 [\ 2 5111851 A1/, Zhu
e \ 63T R i R E 2 (Local Maximum Mean Difference, LMMD) i 2% , -
RFZA RN T 708 W R S M 28 00 . BRI R RS 2R R AR AR Bk
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Figure 2.6 Difference based deep transfer learning network
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HoA 0 B W) 2 K TR Mg ek . i, Sun 5 D54
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A, HApreRan T
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Table 2.4 Summary of difference based deep transfer learning
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23



N Rl =X VA8

K52k, DANN Kf Ly Fll Lg X008 10 RS2 AR i B FFAE SR A, SR
Bttt . IR HARR M 264 Ga (6a) TOIRK I FFFIESR AR 2 1k
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Figure 2.8  Architecture of the DANN network
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Figure 2.9  Architecture of the DAAN network
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Figure 2.10 Framework of the reverse learning reasoning
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TRBIBETEH RS SEBIRAEA R 2 N RS, AR —Fh L0 T T ik B2 Wi
Fo BT LR TSR] ) Y7 YAAE B2 W S0k o R A2 2 i e, XA
W2 oG, BERBIEERR AR FW TAEREL, BEATRIEEGW. Trn. Bk
X LERE AR TR IE RS, X2 SEEUERE . R, HE P RS 2 R
B SN, REBOTERFE TR ERMUEERE . &5, BR—ER%
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Figure 3.1 Framework of the proposed methods
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Z i IRFR AR G2, HIAERE E AN RXT RS A, DA S ARG [ AR R SR d
e P 2R 1 SR A SR Rl SR i) T RS 125 )2 2] TR

Zik, AETAEREIH RWE:
(1) K255 BRI A TIRIPUFAE , b Tl h TR (5 SR .
(2) GIA TR e e P, i SRR TR P R A
() MFEARHE A TR, e T2 IS B R A .

32 ERBFTEES
TR T 25 182 2 0 B AR R B — AR B AE B a8 2k X AR e 0T DR R ek A
P Xg € R™"s 1 HAREEPE Xr € R™ AR g — AN A LR 25w, K
m N IRZS A RER AR, s 5 ne 20 SR TRIEAT B AR FEARLL. TEXAST
S [E] R, PRI AT AR B AL, PR e E AR AR AR T DA TR
E P REAR e R . R A DU L R A A
P'X; =P'XZ, (3.1)
Hr, P e R™NAFHIERE, d AT TS aI4E%, 1 Z € Rrs>nr N FR Ay
BodE e, AN, A TR Z BRI AR & Rt NG DR AE R
min rank(Z)
ZFP (3.2)

s.t. PTXy =P'X4Z.

X B rank(Z) FR M Z iRk. T BNk Z s/ ME R U2 AR H. NP X
7, IRERG.2) ] ARGIE— 2 an i A s

min ||Z].
ZP (3.3)
s.t. P'Xr =PTX(Z.
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min |1Z[|. + al|Z],
’ (3.4)
st. PTXr =P'X4Z,
Hrpa > 0 ZHTHAEHERE Z ARFEFR B EANE R SE T R MR,
FIATHFE E € R SR e, LG4 Ak E N

in, 1Z]]. + ol Z]|y + BIE||: 35)

st. P'X;=P'X4Z+E,
Hep, >0, HAEHS o fEHMFEWE MU S
wJE, IR TR EGIAT T2 052 gL, SRS A2 ey
i PRI AR S R AE A R o XSRS It o — /D 3 A, W
PAGH

IP"Xs — (Y +BoM)||f, (3.6)

Hrp Y 2B, B2 b, &N

+17 Yij = 17
_17 Yij = 07

HrP SR Mg — AT 2 A Y AR AR AEAR T 4 . LRSR AYERZ H AR BN~

. 1
min ~[[P'Xg — (Y +BoM)|Z + [|Z]. + o Z], + BI[E],
ZEPM 2 (3.8)

st. P'X; =P'XgZ+E, M >0,

Hrp, M > 038 M AAEAICERAER . XATIA AT DAME—EREE LM I Y
B, HAET A R BRAREE B . TECE F, Lin 8 NP2 R EUR AR ik
B, DA RS A R

LRSR F{AAFAEM AN R - — @R 145 8] 2 > X W e ) R PR, A A
R TR A R, TOVAA RO B s s @ 5 25 )27 T e o (1)
HARRERE Y 1Y B R, BRI AR PR RGN HFRATE XX AT
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— R R AZ B 7 ) 3 T-O4Y%: (Alternating Direction Method of Multipliers, ADMM),

3.3.1 HFRA
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2mo 202
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Figure 3.2 Figures of gaussian noise
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A AR AL AT DA [R] IS 2 S8 T i e R R M B D LGRS, B Bt — 4R 7T
TSL-1 A M EEARATR

. 1
min [PTXs — (Y + B oM} + |Z]. +al Z], + BIE]; +N|?
ENY, (3.10)

st. P'X;=P'X¢Z+E+N, M>0,

o, [N 28 N9 F JE%L.

332 fiEZE
AATREXS EAT R AR R R . R TR, FRAISIAZy, 2y, R
EVERIOTESYS,

. 1 kT 2 2
i SPTX — (Y 4+ B o M)+ |Zdl. + ol Zall + BIE] +AINIE

11)
s.t. P'X, =P'X¢Z+E+N,Z,=2,7,=1.

ADMM 7&K S5 sCATHRARAL R ) — Mo U, B BB RE LR 1R AL 1) AT
fi UL AR e i 54 A A TR AR A . G DRHS) " HiA% B H ek E5Ch
E,u(Z7 Z17 Z27 E7 N7 Rv Pa Ala A27 A3)
1
= 5IP"Xs = (Y + BoM)|[g + [|Z1]l. + a[|Zo]l1 + BIE
+ NIz + £IPTXr — PTXsZ — E —N|}
y ) (3.12)
+ §HZ —Zy|7 + §||Z — L))}
+(A1,P'X, —P'X4Z - E—N)
+ (Ao, Z —Zy) + (A3, Z — Z,),
;H\:I:Pu A17 A27 A3 %Tj—[*%gﬂ El a‘@?u M Z 0 %éﬁ\fggﬁiﬁiﬁo Tﬁ?ﬂéqﬁﬁﬂ}ﬁ%ﬁir
PIASEH H R BCP AR 2 5, B RIS
(1) B 25 R H A S, Z8 AT DAE b 5 ME R 2 T R B
min 2 [PFTXy — PFTXGZ — EF — NF 4+ A2
z u2 ) (3.13)
12 = 25 + A3/ plli + T2 — 25 + A3/l
ST =27 — Ay/u+2Z5 — Az/p, TS =P Xy — EF = N* — AY/p. S8 AL
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75 = (UXIPYP X + 200) T (TF — XIPPTS). (3.14)
(2) BOF ZV IR B R, ZYT SRR DALET
min |12, + 5125~ 2.+ AY/ul: (3.15)
R SR B A R SR R R L, 2V B AR EoR R
Zi™ =Dy (ZM + A /), 2 = Dy (ZM + A ). (3.16)

X H DT(T) = UST(E)VT ﬂﬂﬁ‘ﬁ‘ﬁ%¥, P Hrp S, ( ) = Sign(Zii)maX(O, ’En’ -
7|) R HEE T .
(3) EH ZET: I EWRRIERE, ZET aTAFR N

min o[ 2]+ G124~ 2o + Al (3.17)
PET AT DARSE] Z5H 1 Son il
Zi =8, (2 + A/ ). (3.18)
4) T EM: RE AL, W ARG B AR A BN A
EM! =85, (PP Xy — PFTXGZA T — NF + A /). (3.19)
(5) BT NFFL: P e e e NE L R fgh

N+ = 27‘1 M(P’“TX — PFTXGZM — EM 4 AR/ p). (3.20)

(6) BT MM 51538 MM RYSRIgRKRA

min —||P”X (Y4+BoV)|2Z (3.21)

V>0

LU =PFTX, - Y, FIRIERAHEL N

1
min  —(uf; — bmi;)°. (3.22)

m;; >0
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Algorithm 1 RX,(3.1 1) kB
ﬁﬁA: ;&TE XSaXT7Y7 %%%& 0475/7

Gtk (Z2°,29,Z3, E° N MO, P° A, A, AY), i1 = 0.1, p = 1.01, fiay = 107, ¢ = 1077
HAR: k=1,...,200

13 14) R 26

2 G 16) T 2

3 ARG 18) T H 25T

4: JEF G119 H o EMY

5. JE I E(3.20) 5 NFH

6: it 2(3.23) B M

7. JE i E0(3.25) o PE

s il 20 BT AT AGT AL
fitli: (Z,P,E,N)

BB, e UER mi; = max(ufbi;, 0). B, G20 R AG AR
i

M*! = max(U* o B, 0). (3.23)

(7) B PR R HAMAR R e, PR kAl

1
min —||P"Xg —Y — B oMF!|2

P2 (3.24)
"’gHPTXT _ PTXSZk:-H . Ek:-i—l . Nk—i—l + Alf/#“]%

T3 = Xs(Y+BoM*), Ti = Xg — XgZH T = EFFLENMH — A/,
SRR PA oK AR

P —(XgX§ + puTE T T DT 4 T, (3.25)

(8) BT ATTL ASTL ASTH: ML IR BRI DAMS BIRLAK
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001
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BEY K, WA E N — R G A — MR AR O Y, FEZd &
B E A R] DA B

T Tiz T3 L
>0, 17 = wy;,
R=|ry 1o ral|, mj=

<0, ij # 1y, (3.28)
31 T32 733

Tiy, —Maxr;; > 1,1 =1,...,n,
I#Yi

Hor dy; W APRAR R ELCHR AR OL B o BUR, B5—AMREAR RIS —ANREAS 2 8] 1 BE
B PAE N

\/(7‘21 — 7“11)2 + (ro2 — 7“12)2 + (r3e — 7“13)2 > V2. (3.29)

RIRTFRG.6), HLE R RFZHT SR AR Y 9 0 A1 1, 0 M sk
Bl A PTX s TR B ST RRAARAT , DR LA TR 1 1

A2, FRAI7E TSL-1 RUSERE Bk —suGl, 3IA TSR IR R € Ri<e, #
B E) T TSL-2 HOECE Y

: 1 T 2 2
,min  S[IPTXs — RIE + |Z]. + allZ] + BIE]: + N

(3.30)
st. P'X; =P'X4Z+E+N, 1y — maxry >1,i=1,...,ng,
J

Ho ¢ A x; FESERGIMESL, O T RERIAREE =~ B R B AR S SR E R, 2
Sep oS (B AERR d 5T R TR REL c.

342 fLLEE
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HIPAE Ny
E,u(Z7 Z17 Z27 Ea Na R> Pa Ala A27 A3)
1
= 5IP"Xs = Rz + [1Z4]|. + al|Zs]|1 + BIIE]x
+ NIz + £IPTXr — PTXsZ — E —N||
) p (3.31)
+ §||Z —Zy|7 + §||Z — Lo}
+(A,P'X; —P'X4Z —E — N)
+ (Ao, Z — 7)) + (A3, Z — Zs),
Hor Ay, Ag, Az RHISBIHTET, 1 > 02850250 #TRIATEX R 5 P R
AT I
(1) B RE 5 ol [l A A8 S A AT, W] DA RM 3Rk

. 1 kT 2
min =[P X — R

(3.32)
s.t. 1y, —maxry; > 1, 0=1,...,n.
J#Yi
4 Q=P"Xs, ERITLEY
o1
min g —ri3
' (3.33)

S.t. 1y, —maxr; > 1,
J#Yi

Horbq Mr; 2R QI RAYEE i 470 & riy, = qiy, + 1, Hfrn 2—A1T0A
B ZEL. EAR HARTARGRE ) 325 (g — 1iy)*, Hob e RAEARIIFIE,
BEM A3 503.33)1 55 — AR

1
min 2 (gi; — ri;)3
g (3.34)

St Gy, +n—rij 21, Vi # ;.
FIABRAS & d, FF QI i MuEERN A = qij + 1 — qiys, V5 # yiy, He
Hod; <0 dy > 04 33 RO e 56 @ DMFEARES v RAGPRZY R, ry; 1
PAIE TN TR
Gij + 1, J = Yi
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¢;; +min (n — d;,0), HAth.
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ok FAATARE] vy ATDA 0 IR, TR s SRR T DA 288 3K
fRRSERL, A B33 A S Hy
min f(5) =7” + ) _ (min (4 — d;,0))”, (336)
! J#Yi
T ATLAREE] 0 RN

Y dig(f () > 0)
TIHy,, e (dy) > 0)

Hop g() Zontimiia 1, BISR f/(dy) >0, We() =1, RZ g(-)=0. &
TR245 H TORIE R TR R

(3.37)

Algorithm 2 =X,(3.33) 1 >R fi
ﬁi)\: Pi, Yi

st di=q;+1—qy,,.Vi=1,2,3,...,n,7n=0,iter =0
Wik j = 1toc(j # i)

1 IR ff(d;) >0

2: n=mn+d;, iter =iter +1

3. n=n/(iter + 1)
4 W AG35EH ;= [, iz, s Ty

(2) B PP R HA AN, RS E R
1
min ~||P"Xs — R"™|2
P2 (3.38)
+g||PTXT . PTXSZk+1 - Ek‘+1 - Nk+1 4 A,f//ub||l2:
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- HERG16)HH 2
3 At (3.18) R Z5T
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(1) % Lery Jiik

TESLIFRAY, A SCEEH IR K & SR R EA REWEN TR 2E S BT
Fi%, f14% GFK# | TCA™! | JDAMS! | TIM®7 | BDAM8! | LRSRIS pf % RLCSL8,
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Eiﬁiﬁﬁ n = min(ﬂﬂ» Mmax) iﬁ’/ﬁiﬁ%ﬁy ;H\:EIJ P = 101; Mmax = 1070
(3) f=BLefE
MPF AR B, WE ISR
51 = |[PTX; —PTXsZ —E — N||oc <€,

] (52 = ||Z — ZlHoo <€, (340)

\(53 = ||Z — Z2Hoo <€,
Hrr, e=10"", ML, HRIERREE N 200,

@) PP fiks
N T RSN, VAT IRt AT ivAr

b f 1 re —
Ace — Mumber of samples (Ypre = yr) « 100%, (3.41)
total of samples (yr)

HAp, ypre DR A ARFEA T A KNN RT3 2. KNN G e 85 1
BREEARBEA TN, yr 28 AARFEA I HSGhR4E

3.52 SLIGHR

TEAS RS , FoAl 18 H PE % 2% (Case Western Reserve University, CWRU) Fl
YLK 2% (Jiang Nan University, INU) RSB 2 WTER4E, P23 P Hl&
B R PR AR . B IAL PR 7 DA GE R 2 S AT 55 R A Bk K

(1) CWRU %4k

CWRU $di =¥ J2 ki B2 WiAE 55 i Bl e 2 — AR 20k
JEAL B BT RIR A W) O BORAESR S5 5 IR Afik . I3 3R T il S R AR Kk
g6, BAE 4 MOREIECE (1730, 1750, 1772, 1797t/min) 1247, 4 fifi
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® https://engineering.case.edu/bearingdatacenter/download-data-file
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Figure 3.3 Experimental platform for the CWRU dataset

3.1 CWRU Kl 10 Fhif
Table 3.1 10 fault types for the CWRU dataset

bR 1 2 3 4 5

XA NB IF RF OF IF

B K<} (mils) 0 7 7 14

bR 6 7 8 9 10

A RF OF IF RF OF

Hibe i R F (mils) 14 14 21 21 21
(2) INU %thide

INU i 2 ok B LR R 20— ANl e S e R R , 28l ge iz M T
WOBEIS WAL 55 o Bl A RO e R g A2 Jats B TR A R ALEL, ORAER
S IHAFH . E3ARR T IRBIRSERER RN L5 . ART CWRU #ifidk,
INU #ffa e U 4 Bl 2SR 18I e (IF). ShJelik e (OF) MR ERIE Ml (RF)
PARARERRRARES (NB)o INU Fdla il SOkHz SRAMACRIER Rt , 7 nlt & 1
600rpm. 800rpm F1 1000rpm & N RAEAI R dicdl . [FIAEHL, BERPEEHENT Y 1 M
fatk, BEILEE 3 MRS (TO, T1, T2) M 6 M iTAE~IT5 .

®  https://github.com/ClarkGableWang/JNU-Bearing-Dataset
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Figure 3.4 Experimental platform for the JNU dataset
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TR 2502 S L BOR M AR A2 A B, BRI T 3RS R4 fg — 4k RUE 1Y
FRAESE R, TR B 2 0 28 VGG19 X G4 FE THE . VGG M 28 322tk
¢ Visual Geometry Group fiff 58/ NAHE H 1) — DB AL, B 5B & M
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3.5 CWRU #ifadiiy 10 RS2t 7 fi
Figure 3.5 Examples of 10 fault types for the CWRU dataset

OF NB

3.6 INU Bl 4Efy 4 Rl AR 1)
Figure 3.6 Examples of 4 fault types for the JNU dataset

KA, fE VGG R T 3 4> 3*3 BARCRAUE 747 B, (1 24> 3*3
EBRRMNE: 5*5 G, B ESRL /NGB RB RN ER . Xk
FUREEAE UL A M R BB 250 T, AOERTE T4 RRE, i HAA D
I 28 S0 TINGRA . Ah, XFZIZA. NI RERZ BT R4 Tt
GRUZFFLIREUNEE S . 3. TJ/R A fUAY VGG MZE YK, [AlIRfER3. 27
G T MR RIS VGG SEBURFE RS A 5K MR EE4 A 4096 ANRFIE L —2E
)&, BEIS R RER S R R B RS ELE S, T FERA T R AR . B3 CWRU %l
Ay 4B LOL, PAG TR T IR TR 4 MEARHERE: SFO. SF1. SF2 Al
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SF3, X INU Ba4Ery 4 #h Lo, RFERAS T 3 MEAR R : TFO, TFL #1 TF2, 3%

TTPRFREAS O RFAE AR R DA mat (A% Aefit, Oy (8 IR 2e i BRI ORI B 5

128 X128 X 64

128X 128 X1

ﬂ Conv + RelLU ﬂ Max pooling

64X64 X128

1X1X4096
32X32X256
16X16X512
m 7X7X512
.’ Fully connected + RelLU ’ Dropout

B 3.7 PriEing VGG19 252
Figure 3.7 Architecture of the VGG19 network

* 3.2 VGG19 MEHSHL

Table 3.2 Parameters of the VGG19 network

o 4 J2 Z4

Conv1/Conv2 out_channels=64, kernel_size=5
MaxPooll kernel_size=3, stride=2, dilation=1
Conv3/Conv4 out_channels=128, kernel_size=3
MaxPool2 kernel_size=2, stride=2, dilation=1
Conv5/Conv6/Conv7/Conv8 out_channels=256, kernel_size=3
MaxPool3 kernel_size=2, stride=2, dilation=1
Conv9/Conv10/Conv11/Conv12 out_channels=512, kernel_size=3
MaxPool4 kernel_size=2, stride=2, dilation=1
Conv13/Conv14/Conv15/Conv16 out_channels=512, kernel_size=3
MaxPool5 kernel_size=2, stride=2, dilation=1

Fully connected

Dropout

out_feature=4096
p=0.5
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3.5.3 RESHT

(1) g4 A

33BN T A R 7 ¥R AE CWRU il B IG L, o ikl & e
ANERALEER, T RILABAE A IR RI AR . 452 RRBH, TSL-2 J5 33T Jo B ik
WS WHT 55 PERE DL T oAt 7 P A8 22 ) 073k . TSL-1 A 12 AME55 L R-FI e
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I RUERE . IXRE G I AR T2 ] AR %27~ JE R RERS EF R &S I s e, 4R
U HH . EIREEREIE 1 B th 59 TSL-1 Ml TSL-2 W] A5 T8 ik B2 6
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ATTEZRIAEE, X AT REZ d T I AR A H ARtk i) R AR P e vk i 2 A e 58
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FIARR T A BT EAE INU Zdla e B 80Em A, nILAESR], g i
W ITEAE R 2 B 55 PR IS T mi iy o RER . NP R S5-Ik A, TSL-
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1 U IR P A O A R B ARG Pl BEER B . HLAORTE, 5 LRSR A1 RLCSL A,
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TSL-1 F1 TSL-2 J5 35 BGRB8 P B
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(2) " 5% e B
A/NTVE T AEA [RIRCE AR OIS )R B2 1 v ST P A S e B0 g P X AN [ D
TRERR I . 3.5/8R T1E CWRU Hdlf A 0%, 30%, 60% #l 90% A [FlF:
JER = IR I, AR JTIATE SF1—SFO iERSAE 55 FR A HERR A . ARHREEIR AT AL ERH]
It i) TSL-2 JryRAE A W KO B R iy, HUGR= TSL-1. BBk, Rl IR
PSRBT, BT A RS 1 2SIl > A PEREARAE T %, (H24@ HifY TSL-1 Al TSL-2
TIATEREMIN RRE , R m rR FE A BRI, XU I A g | AR A
e YT IR RS RS A R B T R TR R Y S, SRR R BT I RE
F 35 7E CWRU Bl FAAA FIFRBE R M R X T REAT 95 2 (To)
Table 3.5  Effects of adding different levels of noises on the CWRU dataset

T 0% 30% 60% 90%
KNN 70.64 65.34 63.16 60.45
GFK 72.83 67.45 65.32 61.59
TCA 69.60 63.89 61.78 58.06
JDA 72.65 70.85 67.51 64.74
TIM 73.21 69.95 67.76 65.33
BDA 72.83 69.04 67.24 64.86
RLCSL 72.45 69.11 65.67 62.31
LRSR 71.02 68.64 65.36 62.81
TSL-1 69.97 68.52 67.99 65.46
TSL-2 74.26 73.26 72.87 71.13

BEAh, FRATIE ELAE A INU Bt 4 o s S P R A s ST R P o INU el
e iEMAL 55 TFOTFL BRI, K38 /R TSI FS 5 N AN A ER R A By
K. 4iREEH], RLCSL J77AM LRSR JiRAE AN e i s iy A 00 h PR RER B T
AR RS RSO0, X UL X P AN T SR A BB R il e TR s B s e . AHEEZ T
FeMI5e iy TSL-1 F0 TSL-2 J53k, FEASINMES S PEREBCA AR R, IR 75
TR e U P R AR ST PR A R L BRI . T LA T VAT I M R S TR SRR
MR ORI s v 25 R PS (R S, 2SR U R AR 2R R AN [ S 2
(1488 P BB A7 2T i e R P ) ST
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Figure 3.8  Accuracy of different methods on the JNU dataset with different noises
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Figure 3.9 Performance of TSL-2 at different parameter values
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Figure 3.10 Model stability analysis for different methods
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Figure 3.11 Convergence condition versus the number of iterations on the JNU dataset
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Figure 4.1 Characterization of discriminative joint probability domain adaptation
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K E MR B . Gretton %8 A\ P7 @ i 7E RKHS Hrig A0, 51 MMD JE&E g
BT RKHS BSR40, ot 7— M aES otk 2ok TR X —ad
FEHATIT A

fER BB M) MMD: BT MMD fygeitAs 507 30530, FH Ok B A7)
HREHEE A = {a;} 1B = {b;}, WETIEREAS H] th T4 REAS RS SR 2 5
Y s ()W R A S, I VT IRAS B[R] 43 11 B BEATLAS SRR S 3. RPN
{EARE REAS R R FE f BRI 2ER, BB ZEE. BRI ERRZET K
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BAE—AS f, S IIEE TR L B e E R 22 e iy BB, XA R (E
HIZh MMD. fiiff] F ZR-AErEA 2510 ERELE R K0, MMD i)— B an

MMD[F, p, q] = sup (Eanyp [f (@)] = Ebq [f (b)]), (4.1)

Horb, a MEb R AT p Al g i R A7 [R) A1 R AT R A ARl A, (i
A 1 B Biade h AR A2 n M om, W PASEIET A A1 B ) MMD Z8e fhiT

MMDIF, p, q] = sup (%Zf(ai) - %Zf(bj>>, (4.2)

AR T DA T R B A A 2 [ AR B . 24 A A R0 B 85080 40157 AH [ 1)
MMD FEH 0, XELESR R EdE F AR T8 . 5—I7T, MimsitEnmas
EBRESME, XAE MMD 2500 A BEREE LI AERBE O I S e,
TORMEUI F A AURA R . 24 F 22 RKHS A RN — ME R i, e
AR

RKHS H1i) MMD: 7£ RKHS 1, MMD s s 5085 Xk RKHS 9 B 7 Bk
i —A e (B (| f]] < Do K o(a) & Xk a ¥ RKHS Eigmft, X@4.2)H f(a)
778 RKHS Hiifn) it f 5z m P m & o(a) iR

fa) = (f o(a))y (4.3)

BAS 28 A% A 51 RKHS )i, 72 RKHS |, A f 3R —NRPIEBUS
X Eavy [f (2)], RIGHAII LA

Eavp [f (2)] = Banp [(f, 9(2))3] = (f, Bayp [0(a)])5y = (f 1115y (4.4)

H, p, = Eavy [¢(a)]. B B E X, FIH RKHS PR, W RAK MMD g4 7
WS

MMDLF, p,q] = sup (B, [f (a)] — Eq [f (b)])

([ 1l <1

= sup (E,[(f,¢(a))y] —E[{f, &(b))])
I £ll5 <1 4.5)

= sup [,y = tg)y]

113, <1

= ||Mp - UQHH .
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TES AN S, AT RKHS YRR, Jofs i i i g o (a) WU £ R4y
), ARG SIS AR AR NG E R & f VAR, 58 BB B i 4E R AL . 56
“AEESATAT A NEDFE] . PSS N P BT, BRI R A
BUNFETPIREBRIIE, H ARG (/] < 1.

K pp M g BE IR, 00 5] ARSI B X 2R WS o 50K ] AL LSS
BRER SRR . @S RIABE— AL, I R A TRk

m

1
MMD?[F, p, q] H Z¢ a; —EZaﬁ )

- ﬁzzas(ai)ma;)—%qus(aiw(w%ZZMb>¢ b

i=1 =1 i=1 j=1

n m

2 1 v~ ,
- HQZZ/C a;,a)) anZk a;,b;) JZE (b, b))

i=1 =1 =1 j=1

Y

(4.6)
Horp, k() FoRPA A RKHS Hg AR RIS, o B e X

A)T Tt 2t
MMDQ[F,p,q]tr( " >] [QS(A) ¢>(B)] {" " D
¢(B)" =gt Lt

[ Jle@e) <¢<A>,¢<B>>] M) .
| (0(B), ¢(A)) (o(B),o(B))
[ Kan KAB] )
=tr ’ TIM | =t (KM),
_KB,A Kgp
o,
#, aiEA,
(M);; =14 %, b;€B, (4.8)
=L St

BEIS, a;, by P EAE R 4R S TR A N B, R PASRTAE A B AT TR B a4 25 1]
N BUE A R A k() BTIREER . 2E B RIRTT AR B AERHIE 2 A (1 R

(P(A), ¢(B)) “FFTAEIFARFEA 25 [A] Pl i A% R AL Ka TS5 R . il RKHS i
PRATFR ] 1 R B HITE I, PERE T — R BRI B T — AR e A, T~

AiifE RKHS Hg (sl iX — R A R BOH I 2R B, BIFTSRE MMD B g
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422 BERKHEER

FI EPEA AT HOREAS A B AR B (IR 1SR BCR AN AR 51
£, MMD S E RESK 008 DI F ARG 45 4k 52 RUBOB I, 48
T A0 551025 52 AR RE A PR T2 SRR/ . P(YIX) B9 55
AR, TR R, IR A0 I DT R 2 30 A6
i, DA A E PR KRR R P A I 0K H AR A R
1, FTCHRT P(YIX) BEFTREBSEH A PR HVER . B4 ARSI 500 T
BHERE, HURTHRIE PR b2 B RSB R 5 MR K

Long % A M4 11 FLFIAE A B I OEE L VIZGA0EE0E 44608 (1 SVM, KNN) T
W EBRBUECR, 7 YRR AR PR I R BT Mk 2 7] 030
SPATRIA R ADTHR TDA i T IREMER PYIX) (9P FLARRT 2, ()
IAE TS e LB, RIVAA PR POXIY) 085 P(YIX), 52 PHIRIERL.
BT T IRSCRATHE X = {x:} T PRSI0 BCRATRE X = {x,}, BEAHCRAM 1Y
n i, IR E C AR B, Rl T HARIG 85", TN AR
1l Ps(xsly, = o) fl Pr(xrlyr = &), b2 3 pigse i e e {1, Chl e,
RAVEAAAT), FTONER A % 525622 Tl MMD B

2

C
c=1

{

= tr (K,M.),

X o T ot

XiG'DgC) X; EID,%C)

H

4.9)
M

HAr, ne, me 5y BIFREIRA AR TR B8 ¢ BRI DY = {x, | x; €
Ds Ay(x;) = ¢} IR T4 c B—4RBlE, y(x) & x; FESETRS . XV,
DY = {x; | x; € Dr Aii(x;) = &} J& H BRI o T4 ¢ K0 —4UR IS, 5(x;) xd
x; T E) DA 55 -

BEPRED A 431

KX&XS KXS,XT

KXT Xs KXT,XT

2
= tr (K;Mo) . (4.10)

H

% 2 o) —% > dlxy)

XiGDS X; eDr
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5:R@OYMHE 4, n LA R BE A 5 KIY{EZE R (Joint Maximum Mean Difference,
JMMD)

ZCZO tr (K, M,), (4.11)
Hep, M.y

= x;,x; € DY,
X;, Xj € D(Tc),

(M,);; = {xi e DY x, € D, (4.12)

X; € Dgf),Xj € Dgc),

0, HiAtb.

JMMD 7£ MMD [P ELAl b, [R] b P P53 RN H Andek ez )13 2 o A5 A 4o
X e Ay 2 1) AL A S A ) B

423 FIRBESMERKIIEER

IMMD J5 352 Rl F 28 56 A0 AR SR (DU 0 0 AR, SRy v B APRAR T 1T
HELE, BB EAR TR R . k4, MMD i IMMD J 3k H 2% &
TR AR AR I B R R, T2 T AN [R] 28 TR AT M
Zhang & NP8 AE 550025 R AT T A PE R AT S ) B A L, W RIS 25 7
VAT, SR DU O A I S 58 AR A R AR SR R T, R
T DIP-MMD,,

AR 2 oAb, WA b $e B) pd s fn B AR it e, DA SR NI %
FRAE Lo SRR H ARk i B i B X X FIKTH R B3 25 AR AR B Y
Yo, 4 PX|Y) W&, P(Y) Z5ciii, AR e, w85
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RIEFUT

= 30 3" d(P(XSIYE) PIYS). P(Xe| Y5 P(Y])
+ 3% d (P(Xs|YS)P(YS), P(X|Y5) P(YS)) 4.13)
c#é =1 .

—Zd (Xs|YS) P(YS), P(Xr|Y5) P(Y5))

+sz (Xs|YS)P(YS), P(Xr|YE) P(YS))

c#£é é=1

= Mp + Mp,

Horp, Mp Ml Mp 53 2R IR ARl e 7] — AR S _E R AR 22 57
¢ F7n H AR 2 o

AT IMMD, B 22 o2 2 JER IR AN S S R iy e B Sk
225, 2 EARNEIE T R WA B AT S ST R AT BER, AR EE
f/ MU 13) F] DASR g PR3 H bdak 2 T Tl A4, (H@ Jedi s T . (A
B, R BN EARR A 2257 E S

d(Ds, DT) = MB — ,UMD, (4'14)

Hop p> 02— P25 Mp BEREIIN R R —ISHHEA RISk 18] a2 A4, Mp
WU BEAE R AN TR S A EAN [l Sk 1] ) 2 P AT I o X3l PAsR/ IMER NI
HRAASE IR, FRRASEIRNE AR A G T ] 2 511

Mp RNBREEIERZER IR RIE@.13)F

MB—Zd (Xs|YS)P(YS) P(Xr|Y7) P(Y?))
(4.15)

2

Y

_ Z |E[f(x5)lys] P(ys) — E[f (x0)|y7)] P(y7)
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Hr, E[f(xs)lys] 4

C

E[f(xs)ly§] = ZAT P(ys) = —. (4.16)
Hip, n® RS C FPREAIRRE . BERE, WTDAEE
E[f(xs)|ys]P Z¢ (4.17)
b, o(xf) FURREA x; 75 RKHS HWest i, [RRER, %0 HARSE0R
Elf(xp)[§51P(37) = — Y 6(x5), (4.18)

FRAIDMAX A FEX @ IS IATE L, ATAFHE] Mp

C
c=1

2
nc

Z¢ Z o (x5)

=1

. (4.19)

H

CL IS S AR HE R Ys = 1, -+ o Yol o E BRI S D DB R 1y Y =

Mg = [|¢(Xs)Ns — ¢(X7)Nr||z = tr (K,Rypia) , (4.20)
/\I:':l7
NgNI  —NgN7. % %
=" T Ng=-2, Np=-Z 4.21)
~N;/N&  NyNJ n m

Mp RIS E 5 REE13)F

MD—ZZd (Xs|Y$)P(YS), P(Xr|Y7) P(Y7))

c#é ¢=1

4.22)
C
= 35 B (xs) v P(vs) — EL (en) s PO
cte é=1
R @ ADF 418 A B, 153
2
1 m
MD—ZZ nchb )= — D olx)) (4.23)
c#é ¢=1 j=1 ”
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S U Fg € RM(CC-D) 1 fyp € RMX(C(C-1)

F, = [Yo(,1) % (C —1),...,Ys(:,C) = (C — 1),
(4.24)

A

FT = [?T(I, 1 : C)@#l, ...,YT(i, 1 : C)é;éC],

o, Ys(c, 0) FoRUEE Yo 055 ¢ 51, Yo(,1: C)epr B EARER Yo (55 1 513145
C B (RIAEHE ) 418 Fr HREAUR, FERIER AT H 5, DA
ARERT RS LRI o

e, @23 A5

Mp = ||¢(XS)MS - Qb(XT)MT“]Q: =1 (KmeaX) > (4.25)
>N l:'j 9
MM! MM/ F F
Ruux = : T, M == M, = (4.26)
MM MM/ n m

IR, RF(4.20)F1K(4.25) F A (4.14) 11755 DIP-MMD 1 iz A B A H
d(Ds,Dr) = My — pMp = tr (K, (Ruyin — /1Rmax)) - 4.27)

DIP-MMD 75 kil id fi/MEE N SR MMD, f KA 8] ) 3R A A
MMD S $ i P AN 5 i ]k B el 22500 1, X MO0 AN 7 IMMD #YA
2, WE 2R R T IE B R

4.3 RBIEIT

ATRFE S 2 A T 06 DIP-MMD gEA7 et $#5i RKHS A A% e 56k 2
I Y AIGR 3 £ 4% DIP-MMD(Multi Kernel DIP-MMD , MKDJP-MMD) J5 % .
FAHEZ TR RERI AR 2 |, SR IEEREGMRE Y M4, &5, 2 5TEmD
BRI M 45 S 1 BT MKDIP-MMD J7 VAR B & B2 BT, 35T X 7
TR N4
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431 REBREHERENMSEIESR

(D) 2205kl DJP-MMD

TER R IIEZE RIS, AR RO IR Btk A s 4k RKHS, FEi%%
PREICUT R R 4 RKHS Hat S e o 22 5. TR % o () R, Rk
TEXA AR A IS T, BRaCHFoR U BB (), HEFG T EIER S
%25 . RKHS BIREFAEMERBIEM A7, B2 (f, (X)) Fm T X FEF /RKIA%F
SRR L o(X) 5 ARG AL f AR, HUGe (K (Xs), K(Xr)) AIPAH oS —
AFRN, BT R H AR R E RKHS i UZ -

R R X T MMD BT R R R EE, #iE T — MR BU e E T —
RKHS, M5 % 8 B0 2 [ 5 1 s i s MmN e, A
7] (A% R RO R E AN TR, AEURAE AR I T334 T AR 2 B e 1 52 X s A - Gretton
A NPV XA R B VR IR, 41 T 2RI (H 25 5 (Multiple Kernel Maximum
Mean Discrepancy, MK-MMD) {7534 FATEATTHEEZIRNEE, M2
AL A FE — B AKX DIP-MMD iy e #6001 7 et o

¥ o() REE R ARG RA, 025 KA KRB R b (xs,x7) =
(¢ (xs), ¢ (x7)) B—NFHER . FNTHH A2 A —DFPE R AR K frdesg—A]
AF BRI N, EAE . @ {kuby 2 m APIEEAER LA S, M

K= {k k= Buku, > Bu=1,8,>0Yuc {1,...,m}}, (4.28)
u=1 u=1

Hordr, XFRE{ B} HMAHRRGIEAS B 24 k RIEAE . Bk e KHSME—
—~ RKHS "1y H #HCHk, BtE DIP-MMD (5

d(D57DT> = Mp—pMp

Kxgxs Kxgxr

Kx;xs Kxrxr

=1 (Z ﬁuKr (Rmin - ,LLRmax>> .
u=1

XA R P RS R R AT A 2 AR LA G52, hT 2 AR
W P EE AR, I HHRE B, > 0, WLMRRER R B R AR 1 .

u=1

(Rmin - ,uRmax)) (429)
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FAE N2 T3N3 7 DIP-MMD J5ik, 4@ 7 MKDIP-MMD J535. iXFJ5745
WG T AR R SR R, I 2 R R A R R I AR R, X AR A
YAz ] RKHS rinf, R By e & 2. R

(2) TRECIEATHE R G W M 4% DJP-MMD

A/ NFTHEGRRM A MR Bk BLath b, &3t 73T MKDIP-MMD 1 7% B 3 i 1.
M. TR RTIAT 55 2 B PG SO AR i B Jo B T R ) 8, R TG
5 PRS- ARE IR RE YR  5  b 4 I 2 E C H BRI B A TS R0 . TR 4R
i) DIPAN [i] s 1] VRS B i A5 F H AR sl R AR iC 85, RBAETE 25 1R ] 2
XN B A T R . MRS H AR ok BRI SRR, 51 AR
TE AR R RES G INAS [ Rh 2 B i 22 57, (AR AR Rl R SE B R BUER, A S
H 58 AT AT 5

FEl4. 2 25 Y T R BEIC A AR B P 5 A 1B, 1% VR BB TE A [F] B AR &
M2 EAEF T . X FARFEMIN S, MR ARGMANSARE, DIPAN 7E M 25 /)
SRR EIATIE Y., FERHEEOE B A5 SR A H bR RO — 0, TR AL R Ak
M4

g
=@
5l

ooodﬁ>ﬂ

AlexNet
VGGNet
ResNet

B i

[CO00 = .-

Bl 42 PREZHE ARG Y. M 2%

Figure 4.2 Deep joint probabilistic adaptation network

MRS B XRREE RS2 ST R, 0T DAHIE 2 Ukl 28 0 24 ) 25 B2 B 5 52 1

of B H T FAAE BRI . X T IE A2 S0 S, G AT i e I 7 T v s

TERIRIE, DT AT 4 e R — 2 4 1 OS2 it L 2 T, 26 =

{25, ... 25, ) | BRI A BRIRIGTES (AR R Z BORA X
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Mo Z8 = {2, 2y} BN RRE R G BB IR TESS (A A 2 0 2 W
. MO, AEIREEEAR S TR OL T, T RAE R 25 ) M) 5 A5 a1 25
— AR . R 2 T E ARSI TR T, T DATS R H bR Y
AR Yo, BLINTIA MKDIP-MMD i/ 1e 45 ¢ 435522 v i e S
T Z [ AT 22 5 o
TR, BATRER ML REIAT NG A MR AEZ CRRRES
A AR EMLT B = £ (W™ +bf), e hf 2 R0 x; 5 (R RIERR,
Wb 25 0 2T AR RURE, f° 1E A 12 0BeE R, IR 2 X
WG IE £ P BT (Rectified Linear Unit, ReLU)f*(x) = max(0,x) B Softmaxf’(x) =
) SN et W BRUA MBS —E LR © = {WEb' Y, BRI R
b, AT DRREA 2 I 28 1 A B XU 5 2K B o AN B JE AR

mln—ZJ (Xs.6) s Ys.i) (4.30)

Hrb, J PRI R AL, 0 (xs,) ek th M 2850 £ xs,; B ys: B
FAVEHT N g, BRI A H G BUZREW SR BGE FAFAE, R PN H ARkl

WAEBRZMERA R, JGEH a2 RIS IR OGS JURHIE , & 50 M U [ 1) 2%

o XTI RAE I Z I EWIS Zs 1 Zr, )] MKDIP-MMD #E{7 2257 € &

C/Z\C (’Dé,’Dé«) = ./\/lB - ,UMD

C n n 1 m m 9 n m
=ZEZZW%%HEZZW%%%%ZZW%%)
=1 i=1 j=1 i=1 j=1 i=1 j=1
C n® nc mé mé
SEE [T ) T i
c£é é=1 i=1 j=1 =1 j=1

9 n® mé . .
o neme Zzljzlkg ({Zg,l} 7{z§",j} )] :

(4.31)
RERIE Y 101 B A 21 CNN 20 2R 4hi S b, 1521 DIPAN [ 45 (B4R H A3 pr 4K

mm—ZJ (Xs,i) » Ys.i +>\Zd5 (D%, DY), (4.32)
i LeL

H, A > 02 P35, T A auRAe HArs 8o AGE, ¢ FR2%R5].

de (D%, DY) FITFHE 4R 2 0P8 5 B ARt 7% MKDJP-MMD.,
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BN ORRF U BHIEGE W 3R S5 I A M 4 Gt dl, I FLUR BESE B ) 4%
TERBE I DB Y o TEMSR &, R 2032 R X M 25 5
B O AT Ak, @I FAZ TS, MKDIP-MMD 1] PAE A% o6 5 1 28

xsxs K (X, X)) + By K(X7, X)) — 2By gx, b(Xs, X7), (4.33)

b, xs X, xr Mg, ke K, WMBRHIEATVE ofn?) WHAE, SHII%
TR 28 2 B RE AT [% (Stochastic Gradient Descent, SGD) ISR EXERE, AF
THERIE R BV . FEdR i, R MKDIP-MMD 1) Tofwfliit, &
W E A . B NPUTCHA R 2 = (Xs2i-1, X520, X121, X12:) , 03

9r(2;) =k(Xs2i-1,Xs2i) + k(Xr2i-1,X72)

(4.34)
—k(XS,zi—h XT,2i) - k(XS,Qi—la XT,Qi)a
TEVUICHAE M EIT R Z A% R &, ILH MKDIP-MMD
R 9 n/2
@@m=EEQMJ (4.35)

SRS B A IR, T 2R AT R o(n).

i /LB SGD X B 28 W 25 04T Y Ry, R 258 H AR B 4 (4.32) 75
TR SRR . RATERA@35 T, FEGERARETH g (z) KAMKHER, B
HEFHELTH (ZHERFRITA 2 = (hby, , hbo ho,  hhy,) RIS
Ogi(2f) /00" . MESHIGTEF IR, B GH0E RARK W03,
MV BN G BREE S Ry 0 (2:) /00, Hot J(z:) = Y, J (0 (X5,) ,ys,) - MeHE, H
PR32 RN T4 ¢ 2S5 0 BRI AE Ny

Ogx (Zf)
gor T ger

v@g _ (9J (Zz)

(4.36)

XTI Oge ()00 HIHFE, BURAERER K N m ARSI A A G
{hu(xi, x;) = eIy 82 BB A LA TR S 5

ak(hg,%—la hgr,%)
OW?

20,
- Z ——ku (hg,Zi—lv hgﬂi) X (hg,%—l - hgf’,m)
1 T (4.37)

T
(U] 1))
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XH, RE3DHIRE—ATH RN E MRS ¢ 2 H0H R EIBREE . 40T R ECh
ReLU [} f*(x) = max (0, x) i, T H5E AR R AL

I [h(.z.’l)} _

.]71

7t (4.38)

WY, Wihit bt >0,
0, Hofth.

XA/ IS B 5 SGD T RTIE, Al DAEJLPAT A B 22 X 2% |52
B, RARER RN,

43.2 HF AlexNet H)iF BB S HLZRIE N ML

TEA/NAT R, FUATHE AlexNet TR 2 (M 25 (1 QA0 B Al |, BET 1A MKDJP-
MMD [P FESRIE B 9 4% o £1 % AlexNet FFM 45 1) 8 24544, Convl-5 F/R AlexNet
WA S MERZ, Fel-3 FRigM 28y 3 M atEiez, JROTA 3 a2 a0 % th ik
@l S M 1, 43R T BT AlexNet BYTR BEIR ARG M 2%

Conl-5
- olololol o
JE1E
i olleBeolell o
B—0000%
olloflololl o
nOACE N
oleBeolofl o
- oleBololl o
ki ofloBeolol o
oleBololl o

B 4.3 FET AlexNet (IR IR AHEARIE N K 4%

Figure 4.3 Deep joint probabilistic adaptation network on AlexNet

AlexNet ML ZEHI TR R, 24 ] SRR, IS RBUT — ZR A1 T A 1 5 o) 45
PERE, BIANSIA ReLU iX—ARLMh 3 s HOR AR DB EETH I (1 18, R i i) Dropout
AR A G A IR T IRATEIR TR AlexNet MRS EL, C Fon
ANV 7 JERI RN IA . AEE M A 3 1o B PRI SR A0 S R 45 2K T DA
3 5@ DM R HbreR % 3tz H A%, dlid 436058 EHB TR, &%

A3t SGD 5E A M 4 S E Ak «
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F 4.1 AlexNet 44158k

Table 4.1 Parameters of the AlexNet network

I2% )2 S8
Convl out_channels=64, kernel_size=11
MaxPooll kernel_size=3, stride=2, dilation=1
Conv2 out_channels=192, kernel_size=5
MaxPool2 kernel_size=3, stride=2, dilation=1
Conv3 out_channels=384, kernel_size=3
Conv4 out_channels=256, kernel_size=3
Conv5 out_channels=256, kernel_size=3
MaxPool3/Dropout kernel_size=3, stride=2, dilation=1/p=0.5
Fully connected/Dropout out_feature=4096/p=0.5
Fully connected out_feature=256
Fully connected out_feature=C

4.3.3 EHTF ResNet50 BYIR EEX S HEE & Iz Y 4%

FEXA/NTTH, FRATTHE ResNet50 52245 FUMZE I 28 UAL () BLmh |, et T&T
MKDJP-MMD [/ BE S Y 0 2% . IRFESRZEM 85I T 3RZE M8 T, % T8
WGBTS INGE, flde T M 25 PE B RIR fb DA S BE VS 25 %7 M) . ResNet50 [
24 (R B R 2 T B U T A 1 AN RZ DA S 4 M ETRT B, &iEiEh 2 )2, T
A ERBEIEE B, TAETE &TER 2 5 . E4. 4 R T RATHT Y ResNet50 [ 2% DA
J T ResNetS0 FR IR G 18 . 9 28 1) 24

FA2WP IR T RATFE B M BB ) 240, A BatchNorm J2 (1)1 11 22+ [F]
(eps=1le-5, momentum=0.1), i AR 5ERZIHHA K, ATTRHERZ R
FrH— 1AL P HE SRR STAGE 6 7 TR [R50 1 Bottleneck (BTNK) , iX 48 BTNK
AT T ARSI, 4.2 451 T BTNKI #1 BTNK2 (240, [AlINf 44878 T
P BTNK (454 . B2e it 2 et BTNK fPscgliy, ol BRI LM E
B AR SE L, TR B AR ZEM . KA 2 EEE LT ReLU #HTAEL ML
i, FHNEARGRZ B E S W SRR R R T G . X EEARTIA
AN SEIG NG RAR O, RIEEAR T IR E M A MR RS,
HAER ARG BB T [FREHL, #5A ResNet50 [ 48 I 114 43 2545 2 A 2 7] DA
B2 5@ 3DME W EAREE, WMESE b SGD 58 i
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HEREAE LA A AR ST

HirE

lelelele®

STAGE3 | STAGE 4 |
BINKI BINK2x5 | /BINKI BINK2<2\ Fcl Fc2
1
%2
/%5

Bl 4.4 ET ResNet50 PRI AR Y M 2%

Figure 4.4 Deep joint probabilistic adaptation network on ResNet50

R 42 ResNet50 MRS 5L

Table 4.2 Parameters of the ResNet50 network
I 2% )2 240
Conv1/BatchNorm out_channels=64, kernel_size=7,stride=2, padding=3,
MaxPooll kernel_size=3, stride=2, padding=1, dilation=1
STAGE1 BTNK1:
Conv1/BatchNorm out_channels=64, kernel_size=1, stride=1,
Conv2/BatchNorm out_channels=64, kernel_size=3, stride=2, padding=1
Conv3/BatchNorm out_channels=256, kernel_size=1, stride=1,
Conv4/BatchNorm out_channels=256, kernel_size=1, stride=1,
STAGE1 BTNK2:x2
Conv1/BatchNorm out_channels=64, kernel_size=1, stride=1,
Conv2/BatchNorm out_channels=64, kernel_size=3, stride=2, padding=1
Conv3/BatchNorm out_channels=256, kernel_size=1, stride=1,
STAGE2 BTNK1,BTNK2 x3
STAGE3 BTNK1,BTNK2 x5
STAGE4 BTNK1,BTNK2 x2

Fully connected

Fully connected

out_feature=256

out_feature=C
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Figure 4.5 Experimental platform for the PU dataset
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Table 4.3 Classification of transfer learning tasks for the PU dataset

TRATSS PUO PUI1 PU2 PU3
EFEH (Nm) 0.7 0.7 0.1 0.7
&1 07 (N) 1000 1000 1000 400
3% (Rpm) 1500 900 1500 1500
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A S F bt SR T e MBS 2 BN S br T 0L . T PU Kdladle, AR¥E 1128
ORISR T 4 A F DA R G &4, /I PUO, PUL, PU2 I PU3,
B 4 IR AEESE , 1155 PUO—PU2 KRk PUO i) H bris PU2 Y3242, BIG
A 12 TS

443 LRI
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Figure 4.6 Example of 13 fault types for the PU dataset
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Figure 4.7 Results of t-SNE feature visualization by different methods
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A AT Principal Component Analysis, PCA
e L AR 46 Fourier Transformation, FT

VAN Wavelet Transform, WT

YL Decision Tree, DT

CAFI AL Support Vector Machines, SVM

N A28 ) 4% Artificial Neural Networks, ANN

f Xy R AT RAR A Hidden Markov Model, HMM
LR 22 ) 2% Convolutional Neural Networks, CNN
TEI A 22 ] 2% Recursive Neural Network, RNN
BRI 2 4% Deep Belief Network, DBN
TR AT Transfer Component Analysis, TCA

i i TN = BEANA Joint Distribution Adaptation, JDA
R R A L Transfer Joint Matching, TIM

R it =puI DA Balance Distribution Adaptation, BDA
T 2 A Geodesic Flow Kernel, GFK

F 23[R 5F Subspace Alignment, SA

R A] RPN 4% Markov Logic Network, MLN

K EER Maximum Mean Difference, MMD

FHERA IR IAFE2E ]

Reproducing Kernel Hilbert Space, RKHS

R Deep Domain Confusion, DDC

TR 3 W ) 2% Deep Adaptation Network, DAN

Jarib i RIEZE R Local Maximum Mean Difference, LMMD
TR -3 3 . [ 2% Deep Subdomain Adaptation Network, DSAN
HH FRTFF Correlation Alignment, CORAL

L SLEIRERIR PN YU 8 Batch Nuclear-norm Maximization, BNM
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HFHER AR MMD
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Bk MMD

Z 1% MMD

%1% DIP-MMD
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Generative Adversarial Network, GAN

Domain Adversarial Neural Network, DANN
Dynamic Adversarial Adaptation Network, DAAN
Low-rank and Sparse Representation, LRSR

Robust Latent Common Subspace Learning, RLCSL
Alternating Direction Method of Multipliers, ADMM
K Nearest Neighbor, KNN

Case Western Reserve University, CWRU

Jiang Nan University, JNU

Discriminative Joint Probability MMD, DJP-MMD
Deep Joint Probability Adaptation Network, DJPAN
Joint MMD, JMMD

Multiple Kernel MMD, MK-MMD

Multi Kernel DJP-MMD, MKDJP-MMD

Rectified Linear Unit, ReLU

Stochastic Gradient Descent, SGD

Paderborn University, PU
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