1) ImageNet Classification with Deep Convolutional Neural Networks
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2) Very Deep Convolutional Networks for Large-Scale Image Recognition
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belta #8 2 AE 54, —AMiLE k=2, n=5, aloha=1*e—4, beta=0. 75.
(2) ®mxE
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comv3-S12 | com3-512 | comv3-S12 | comv3-512 | coow3-312 | comv3-S12
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b, PR 33 B, 2B HERERMY T A5+ 695K, mIMMNME T A TH7 M9ER. —&, AT 3N

B E B AE R R R RS ER PRRGIIAEG S R, R T AR E, BIL—A 3 B I3 EAEK, A A2 C A channel,
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Going deeper with convolutions
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(@) Inception module. naive version (b) Inception module with dimension reductions
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comvalutkm Ix3aN GO xDEx 192 2 03 LA 12K Jeom
max pool 3x3/2 26 %XI8x 102 0

Imception {3a) 28 2R 206 2 (= 96 124 16 12 12 139K 1ZZM
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4) Deep Residual Learning for Image Recognition
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By el Fa6mE, F=Wo (Wx) , £F oRERelU, AT HLELTHER. 26 EMNBFIITF —AIEREARE (5l 40,
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EAERRA%G A, K45 shortout E4%, FFRB TR T 3 REGKREMA. 4o R AFodir b 094 BRI B, TAAEER B
% shortcuts (Eq. 1) (R&IH5). LAt (Fig. 3 P EEIND), FEAALM:
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(B) 1% M Eq. 2 #9 WAt shortout Rk K ARM —2 (BT 1%1 49540,
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layer name | output skze 18-tayer | 3tayee | S-Jayer | 101 -Layer | 152-layer
convl | 1N2x112 T77. 64, strde 2
3>3mapoels|uh’
! ; %1, 64 151,64 <168 ]
owndx | 3636 [;"g'ﬁlxz [:’;:]1 Ix364 |x3 3364 | =3 3x3.64 | =3
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o ‘ ; y
comdx | 2mea8 l:’i:;: ];.2 [:::f: ]4 3 128 [ea | [ an3i12m [wa | | 363028 |u
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1>1, 25 [ 1x1,256 ] F 10,25 ]
convdx | 1414 [;’3\;;2 2 [;";;::]o 33,25 |x6|| 3x3.25% [x23|| 3x3.25 | =36
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(B3] mtruepooL l(l!ld fc. wﬂmnx
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(2) =4 shortouts £E# ¥,
(A)  *P3Ehmby e E 4R 0 3R A, FTA 89 shortcuts & LAY ;
(B) 3% 4o by 4 & 4¢ Bl 4t shortcuts, H¢4# H 1% shortcuts;
(C) FFA 4948 2 B4t shortcuts.
A, B, CEANERE P £ LT B shortcuts 3t T BB HF R AL E .
(3) 1202 AMA MM KL RIL 110 BWHLERZE, RECNGINFFRELER S, REMSFEMN, L AE K ENT &,
42 maxout R F dropout, LR RFHEE.,

5) Deep Learning Face Representation from Predicting 10,000 Classes (Deep ID1)

FEZM:

(1) Deep ID1 BHLREFINF BN —WHAHIEEATESN TARRIE GHUEAMNABHAAZLE AR —ANAD.

() AEHERB=45 %

(3) XTR% ., BAIIEIIGG BK, BETEZENREBGF AR T EREANETOHIE. KEANAR KB MBUFIE, &
0 EAN R AAR KB R T

(4) DeepID fo ALY AR5 £ 3 (4= Joint Bayesian) /8% 4

EX 38" 8
(1) B %LEH
(onlmlutilonal Soft-max

Comvelutional ayer
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3 =
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1 20 Max| poohng 8
Input layer laper 1 ep hidderny

— ANERE, BRI ZAEARE B AH —A max—pooling layer. DeepID & (160 #4) FlW 4 %43 %6 —NEMRE/RF =
ANEFE GELBE), AT VAR 5 8] 3 B4 fefe o B AFAE,

FZEERGNEE TG HERAE 22 B EBALT: FOUELARNALER, SARANEZEAZMNTLE,

G0 soft-max & (&) RF I EAHMey, & XA HEL 10000, Wiz &% &£ 10000,
H, ERAKXA GEA RelU #FE):

' = max (H. I ZL"“" ’ .r"") . (N

AR
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Deep ID BNRKA:

W5 = mnx ((l‘ Z"‘ . lr.‘d - Z[:' ”"';‘I - h,) 0 |

Softmax #i i :
expl(if)
W= 7o
h 5 =1 expl _q" )

e

()

(2) 45FER IR
@it 5 4 landmarks 3t F AR, AAKREGEFLIR 10 NRE, 3 /NRE, RGB A= gray Bk 60 N3, HAR AL K-F#4% 4
B 160 by 4FAE, XA HA DeepID 49K JZ 2 160%60%2,

P A
& ¥ SF
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(3) AReieiE

A% B Joint Bayesian Ao M) X E M4 oA 17, 53 & ¥ Joint Bayesian & 4F.
3 Joint Bayesian

B H AT H AR ratio FIBT R G A B — AR (B4R Hi& L Bayesian Face Revisited A Joint Formulation)
P{ry.xz | Hy)

3 (8)
P(xy, 2 | Hg)

(g, x0) = log

_ fully-connected layer
() 4800

i B, locally-connected layer
/7/‘ g @0 “‘;‘;-80)(60
: ——— _Input layer

D000 @@0® OO0 OODT) sa0xeo
group 1 group 2 group n-1 group n

H P ek &K R RelU dhdt, it BR M sigmoid oF 4o
6) Deeplearningfacerepresentationbyjointidentificationverification (Deep 1D2)

TEEA:

FliH4& H face identification A= verification {25347 K55, face identification 3§ K £ @& L4k, face verification
By RN TN, e LFWHAEE L1337 99. 15% AR il

JB AN B ARAY 2 ) 25 % )G — & softmax 1% F 69 % Logistic Regression /£ 4 & %49 B A7 4k, 3t 2R A1E 5 ; 124 DeeplID2 ¥,
B ARy LR T B9E45 5, BAME AL A ey Xt 47 T 484

F2H%:
(1) 4F4E3RIR, 1% ] SDM H ik FhIR AR £ 69 21 MRiest AR, @3 T{zE., RE., Meidil, 133 200 4~ face patch, %t
4/~ face patch, 1% patch A HK-FRAEWEG#FT (400) HFAEF ], P, —£F % 200 NEEERATZR L%,
(2) %44, M 200 /> DeeplD2 &% 5] £ — 13 5|49 patch. &4 Deep|D2 #Hiir N B2 & TR —/~ 160 85 &,
(3) & AAT® B & 50 ik kA I — e A 3 H F 4} 49 Deep|D2 &) £,
(4) #&F B5AN0EE, HRERGL4E R 25%160=4000 4, 1% 5 PCA 3174, T&4/s K4 H 180 4.
B) FTHdEwmE, KRENTHRBR#ITH £,
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(1) HARRLLEH

Convolutional
faygr 1 -
/*
H
; L
TR aneer S 60
o ~DeeplD2
fayer
fayec:3 Convolutional
layer 4
KA T KA EFE, PIARALEREF RN A softmax &
(2) A EEES
'LP\ ﬁ‘]'f\:x _”f 3\7’7
Wdent(f.#.004) = =) pilog s = ~log )y . (o
=1
BIEfE 5 A KA
e L2%EH
: 05— fla if g =1
Verif| f;. M v”u: = = : 2 i . (2
U L M el {pmuam-u—gmfimu=ﬂ )

ZAMEAMRN, NEZRDCMNIAGES; SAMALRN, NEZRMemn HEENOESEEZZ, m R—AFEF
ERE SRS 8
s REMA

Vcrif(f;.f,,y,,—, U(-r,) — ; U-fi_v —“(u"i"’ l'))z + (3]

AR BIRGENE, J5 ldent 5 Verif Mk,
(3) kT4

Input; training set y = {(x,, L)}, mitialized parameters .., 4,4, and 4,.,., hyperparame-
ter A, learning rate (), t «— 0

while not converge do
t+t+1 sample two training samples (¢, L) and (i, 4;) from y
Si = Conv(ie,, 8.1 and f; = Conv(z;.0.)
Vg = oldeng{.l ) alden{(‘gz Ay biad
Ve =A- M!—‘MM . where y; = 1if l; = Ij, and 5;; = —1 otherwise.

Vfi = nldem(; e o...) o chnf(!'f. Wiz fun)

af
v/, = oldcmu, Ay Bia) aVerifi 4, II, Wigllas)

+ A\
gr | aC PR
V0 —Vf, \ M. “Vf Dl:;a(: M)
upda‘e ”ld oul—'](” V”ul 0-1 _9“' _'IU) V9|' nndf? —0 _'f“) vy
end while
output 4,

7) Bayesian Face Revisited: A Joint Formulation

(1) TaZ &, —AABREARFTAR: p ARESTRRAA, € ZR—AAERRLETHE R,
r=pu+=, (2)
BANBETE uh e 2 HRAAA SIS : NO, Su)FN(O, Se).
(2) A x1, x2 HHETHKEAR, Hi ETXHKE A H intra—personal (F]—4AA), FI He &£ extra—personal (REIA).
P(x1, x2|Hi) #=P(x1, x2|He) /7 697 £4E1% %

o, [SurSe Su Jg _[SatS 0
& Y. A it 0 S, +S]|

(3) HHEAFHMARE r(x1,x2) o, ratiofifk Kk, WHBHR—AA: ratio k), WA A RE A



Plry.xalHy)

T r P
—_— =y Aty + 3 Axs — 205 Gao, (4)
Plry.ag|Hg) 3 = . 2

rlry, xa) = log
where

A= (S, +5) ' =(F+0), {5)

F+G G ORI S =3
; : = bt 230 : (6)
( G F+ (") ( S S+ S, )

(4) ME—AEMEMEEFE AN ST Z4EFESufSe
S-step:
h=1[u;el; === em] and x = [x1; cooooe; xm]Z G X F A

1 0 ' 0
0o 1 ' 1]

x=Ph, wheeP = |, S ; {7
I 0 0 I

i x, WIAESHHPIEA:
E(hx) = Z,PT 2 %,

M-step:
LA HMO={Sy, Se}:
S, = covi)

S = covis)

X Ehy Ao e & E-step M G94E R, RUFE A E-step 3 M-step i$42, A F| Sy, Selksk

8) Learning hierarchical representations for face Verification with Convolutional Deep Belief Networks

&4t (ZRBRE )

P 2y — BT L e — R AR, TAEERRAREEHRAALE, THLRER,1}. AMsidit, BALEE,

- “ W il S)ar s en
For “filter” k, [ HeaTe0 WO Ues)arams ana o

(k € {1... K))

P (pooling leyer)

H' (detection layer)

V (vinible layer)

RBM 2 —#t &k FAE E o942 A, ATR LT F v ARELTEh KRERER:

E(v,hi0) = =Y Wyvh, =Y b =Y ajh;

b 0 ZRBMAAEKW, a, bl, WAT LEAATLBREAZMGAHIET, bfra pANATRLE T LR ETHHE (bias) .
W v A= h G9BEAMEE .

1 ‘ , .
w(v, h) = 3(_0]“])( — FE(v,h:8))

Z(0) = L &~ Elvhitn
;Et_\:l:': vh
1) AR TRELHKEN, SRBELTHRERSZ AR IR ZW, K, H jATEE TR EMRER:

P(hj = 1v) = f(b; + z viWii)
i

2) LBARTEETGREN, TLETREHERAER LRI



Py = 1lh) = f(ai + ), Wyhy)
J

RRAAR Sy H A

InLys=In H P(v') = X In P(v')
iml 1=l

R T ik

dlnLs Z adln 'iv™)
T R W

m=1

r

.-l’nLZ X ‘:,‘,‘ - 1ly" ST VP - L
s _ ¥ N e ]
M Cy \“,._ =) = Y eI Ph= 1)y

LK ETY AL AR A 0 (20 ), BB H R MONC 7 ik 4o Gibbs A 77 kit iR AE, I AR AR, BT i 47

tE7t

EX 330
MAET BRBEATRFE R Z %L (RBMS), — A3 4y B AR RBM T AL B 4 B 2EH), BRI TR AT oo drE B, sSameih 2L
A&,
(1) % Z CRBM F %
Hr NP NvXNv &9 2D B 4%, F= CNN —4F CRBM T AKX & £ MFALIE K B (AR A EARR) , BILA KA KA NwX Nw 69 18 0% % .
FA PR H BT E A convolution 42 pool ing B35 :

Vizdle nodes
N, NN, <Ny,

Hidden detection nodes  Hidden poakng nodes

N.oNC 10)

oy, U

",
..' Nering” b ety  “pociing”
(detection)
DARTAER L ENTHEQARES T RHEE pooling B&itH, X ZE B T max—pooling 7%, Bk pool 4 K> poolsize

(47 poolsize=2, pool E3XR K /W H 2x2) HANARBERY P& K14,

CRBM #9 A & oy K XA T
Plv,h) = ;rxp( E(v,h)})

[ Nw Nw

X
Evh) = =3 3 Y AWhvie 1 ge0
&

=] i jml raml

NV K Ny Ny
N 1s o, =L i
+ D 3% Lb‘ 2 My—ed w
w1 k=1 ig=] w1
st Z h:, <1, Vio (1
(v)eB,

T & &g FmA N X2 A3t 2 convolution A= pooling #9715 :
Pluy=1h) = N((Q We hh)y+e1) @
»

wp(I(hY )
exp(I(h} ) -

Whe | =
l‘ ' iv) 14 }:ijl'.l'il B, "xm“h:" ’))
? k
Zii'.;'il'f U..‘xp(l(hl‘.f)) (4)

P(pg =lv)= 1 *Z{-'.;';-_fu,, ""P“("fu,’])
W 7 A & CRBM A ik —ANR B B 15 I 266
(2) 3k CRBM M £
KRGS FNAFSEEZORR, FARBRARIGRE, O TEEARERFRLHLET, BIE AT o8 LraB o 2k 452

H 7 k& .



B4k CRBM A& = 40 4 -

L N

E(v,h) = —Zz (v” . Ii""‘“) 5 itk (6)

.‘\; Ilh L K N I

b3 by 08 3 ona
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IS kel raw]
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J=

convolution 7T HE AKX A

P(h{* = 1) = o((v « WOH) L 4 0). @)

= HRESFEN

1) ASurvey on Transfer Learning

m Wk X

domain D AR : —ANFEEN X Fe—ANDLGESAHR PX), HX={x1,x2,...,xn} EX; @ EAA domain ~F], W4
H B B S AR E 18] R A G F o

257 domianD={X,P(X)}, —/ > task AP Em: —MRETH Y fe— AN BARFAMN FHH F() (F T={Y,f ()} £ F). task "7
AN, 422 5T VGBI 5B S 13k, task & pair{xi,yilZ8mk, Exi€X,yi€Y. HE £ TH TN ZIRE, RBE
FRAEE, FOLTHEHPy|[x

FAA R, AP RAREE AR DS —/ B AR DT, A%, B DS={(xS1,yS1), ..., (xSn,ySn)}, xSi EXs, ySi EYs %
F TR AL EAB], DS A AE R @B AT true R false B EL . AAMMA B ARRITE DT, —MA 0<nT«nS,

A BN TS F M %— 2 e

Definition 1 (Transfer learning) : % & &¥H% DS fo52 ) 4E 4% TS, — /N B AR DT Aoz 44 1T, EAFIHH T A DS #= TS
Wit FBFRE DT+ BARTHN F 3 fT() 095 . F A DS#EDT & TS+TT.

F L@ XL ,D={X, P(X)},DS#DT &2k A& R IkA B ARIBE B R Bl (XSFEXT) A R B A B AR LA E 5 A B (PS (X) #PT(X) ),
122 T={Y,P(Y|X)}, TS#FTT &°k& RiFxAr B ARIBARE RE] (YSEYT) RFR¥SA BARB T HMESHRE (P(YS|XS) #P(YT|XT)),
YRR A B ARBAR B LIRS Ae AR S AR R, W52 3] B R R —/MERALE 5 5] A,

AL A5 KRB, BAR A AT AAHFRL:

1. #FIEZ R AFE, BPDS#DT. TARLZLHEHES TR,

2. AR R ARRRA LS RE, BP P(XS) EP(XT) . TR LA LA RE .

R IB DS A DT, F LS TR THRA AT AAPIFIL:

1. BEIREZERE, BPYSEYT, TRARBTIEEE2HHEL, BRREEST £,

2. BAEMBES AR, BFP(YS|XS) =P (YT|XT),

R Z 9h, B AABRE AR A Z 0] it B ARG KA AL X R, KANBLIRBRA B AR X

(2) #BFIFE

EHFIIEAATEANAFREAL: 1) EHM42, 2) fTE2H, 3) AHEH.

1. inductive transfer learning: HARMESARILS AR, Lt BARREGRIHZATHE .

- BRBF R ECAREHKIET A, Fomultitask learning £,

- RIBF LOCAREHRIET A, 4o self-taught learning A8k,

2. transductive transfer learning: RAL4H= BARE S AR, RiBA AARBRAE . AARRT LOAREHIETH, RERFAKE
TARERKET Ao

- R3FBAr BARIR P H94FIE T B RE, BP XSFEXT;

- RIEAe B AR B M AEE AR R, XS=XT, ALy NBAR YA S ME LA ARF], BP P(XS) #P (XT) .

3. unsupervised transfer learning: BAFrE 45 RELSIEIE A, 2 TMRAEDRBRPHOLLEBEFEIREMA, WwRBE, EE,
FRAETT. N F RBA BARBA L CARERIET A,
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1) INDUCT IVE TRANSFER LEARNING
o ATHRBIEH
AdaBoost H %, E4Ki¥ N Boosting for Transfer Learning;
o ATaEEA
a)  HEH4FiE:
5 multitask learning 1% 8977 ik K fho A ARER IME AT ABARAE F 09K R T, TABE —AMRACFZRS I 2
HA4FfE,

arg it Z 2“':1.(»“. (e, U750 ) + 1L A3,
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we, BAREE, PR EME R Blay fexd 2 69 AR E A S KA = E AR AL,

o ATHHEH
AT SWM, MEfridARe) ENER, BREMEFHIFENTHLM w THOARNA, —ARERES, F—ARHFR
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1480 il =157}
sho prdug b)) oag =1 - £
20 e L2 . ) and L £ (ST},
B EEAK, TEEEKw v Ugo
o ATFmXsridA
2)  TRANSDUCTIVE TRANSFER LEARNING
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2) Boosting for Transfer Learning

AdaBoost H-ik, RMALINGHET FHE—MHOAIRT —ME, I—ANREFOHFEBBRG D> L5, KAMNAZME
AR £, TRFT U KIAMERGAE, IHET —ROINET IR EOILERE KT, EX— Ef K K8 AdaBoost
B BRE—ME, W RBDHEE T —MEAMBROD LT, KMNRAZIANAHE AN T AAFLBERBRR G, HAVLEKZA

HBEEFERAPHEORE, BREINMAES LB P LGILE, TEH%HE TradaBoost k89 LARAAL:
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MEAEIK, MH—MELREZ, FBIRBALNRLE, NAEKELARKYE Tb, XAFLAIE ) H AR T AdaBoost Hi: 7. &
HHAERGNE, S AFANBRERT 0580, T2 AL EEHNO0.5,

3) APractical Transfer Learning Algorithm for Face Verification

&R (KL #E)
AR AR KL #E . 13 &0E . 13 43 RANEEDPT P Ao Q 2RI E T, H—AHBREAMNT R ME
S P A Q R, AATE KL E R XA

Dy (P|Q *\.l" INI):“
| = ( )3
M () 2Pl o0

o FiELEHELTE, XN
- x)
Dy [PlQ) ./\'“:'M”: {[;.x’} dr,
E:
(1) Dy, (PIQ) & —ANAE, "R —A gk, AsTIFa91E A HE G145, BPDg, (P1Q) =0, RA P()=Q(x) /UFAL R ZeyuHE,
Dk I (P||@)=0.
(2) KLBEHRBRIEHGOBA, BH: 1) KL #ERRATHE, BPDP[]Q) #+ DQ||P); 2) KL KA RBEL=ARE X,
(3) Pl F I HAEE, AMTANHKEE, QLA THELLER,

ERX 3.%:8
() AR KL 35 2 2R AUS A B ARATIB A 5, AR KILE B E,
(2) F KL Al R F s oAk, HilBd L EM H kR,
AT Net A, RABEHKAHOs={Su, Sc}, BIFARITITHKEN, W AFKRZF IFHMABBEALHLHOt=(Tu, Tel,
BV RAUBKAEAR T E LT, @it & KL logp(Ot|X) KK F O t. Bl KL 204 5110 & RAURG BARSUR M 2R, WAL Lok
R HAL B Ao T



llgll ~ logp(X']6;) + A KL(p(X]0)| | X]104)). (3)

BT B ARAUIRAY R ARGy, PTA KRB IR S0 ALK T LB A

win -Z loenl X164} -.\z KL(p[ X, |6, )| [ X;18,)).

£ EM Kok

3t F IR Fufee T AL R KR —AFI@E, B H= (g, . .ngy) , @ X=PH, & FufreR e EHMESZHTE, W HREY
WM FTEZAQE BT F . EM F AT 2T HA, AERTERANEESOMLEHH (E-step), ABB IR AR HFLHEE
(M-step).

E-step:
E(H|X)=0PT(papt X ()
M-step: ©t={Tu, TelTIRBATAKXLH
T, = wS,+(1- u')u"Zp,p!
7. = wS.+(1- 14‘f|).'_l 25Je;'-, (6)
i

=. FEIIAFES]

1. Adversarial Discriminative Domain Adaptation

TEBA:
LA F GAN I 25 44 2 48 ) F 35 4T R A1
. FATEY AR B & T iE Al T K69 domain shift
o RATEYHEA M LA B R A9 E, %A FF GAN 49 loss

— ARG :
%78 domain adaptation 7 %: B/ %49 feature HH B L — B Ir R, BE R IML— L RF T s, XkpEEs
A —sk k%

source source
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Generative or |- Weighes
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disenmemanye ned or adversanial
miodel” =1 untied? ™™ objectsve”
Teger ‘ > target ‘
> " TArget mappung
Ipur | dascnmunator ‘

»  classaher

1) REAERAERS generator
2) 44t A loss function
3) RLEBIEELF

% Rt 4% adaptation:
1) ARARBIRE, FIJ—NRBGBHNs £ B,
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2) & Ms A= Cs iL45 2] H ARk, H P,
o HEAREF, PPCt=Cs, ML TFABRMENTZHA, READREAEMAGIF. B, REEF] M.
o ARMAM, FERUERNSERD, HLGAN BT, vk LadvD AR B SATH95 £ 5 D,
L (Xei Xy M, M) =
— Ex,~.x, [log D(M.(x,))] (2)
= Ex,~x, [log(1 = D(M,(x0)))]

3) 1FEDES, EMAMs 9MRBI&HT, BT ERENGEXt, "ZDRATRESIE =%, B
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. ABAERF, XFAHLEHLETH R,
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Lawvyy = = Latvp- (6)
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2. Simultaneous Deep Transfer Across Domains and Tasks

ITREH:
o BERABRFARK, FRIRBIR T HGRHIEELE T,
o FIF] soft-label, AL BARBREILEH), 1EF BARBT LA R X £ 5RB T 694E.

FRER:
it ONN 52 3] SB35 B ARBAG M AE £ R, 2 ON SR EANARREf A2 EEE, LF ANERER fcb, fo7 RBUHIELR T,

fe8 i o £ 42 R, FD AR H X R, B R HALBIR AR A, HAE ONN AHFRNHR AL ML LT, Wmilid softlabel Hiik, &
BT AR B ARIR GG L2 M), AT BARRCP AR X R HIRBR P AR
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' Twrgwt Dats /
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Loz, Y5 Onper ) = — Y Uy = Klogpe (1)
k

HF p & softmax k495 H 4, p = softmax(04f(X; Orepr ))o
. BIRARK
RAB S R E, HARS X5 HIRBA B ARRAGHFIE:

Lp(zs,z7,0epwi D) Zh‘m dilogge (3)

WERAAFIER T, EFERS £ B L ES P d RSA B AR

o
Lot (25,27, 0D Opepe) = — L b log gq. 4)
P!

W T AERLAT A, PToAERRA A ERAN X

mm LCp(zs, 27, 0upe: D) (5)

lann Lo, 29,011 e ) (6)

o softlabel %
W BT B — £ A 69 H K89 softmax 3 0 A, BAT-F3, FB LA RGBEE ST,
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. oty \ .....
- : ~|
o ' nli_
| - Ve S .
ey - 4 . — o A ot
P e o Dt
- . - . OxMrTIyim
—

S A,
P . .
< S 19 . ——
= - -

S S

it H R AY softlabel, FlBF#TH B AR45 A9 softlabel, THBE M, HRFEIBLERBERE,

Lot (T, Y1 Orepe, O ) = —Zlf"""lugp. (7)
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Fine-grained Recognition in the Wild: A Multi-Task Domain Adaptation Approach

EmBi B R e B st AR SESERHK,

8% B VAR E A T VAR A9,
Bt KA — R E,

Bt B AR EA

EERMH:

(1) XABMSEME, (2) X2@MPEEEAN»ERE, 3) XA LI E A,
CHmBAE £
2)

# /N CNN #%

TR sm L Bk A Ao By e e K EA R —

% W 23 F 0 ACE RBUR B 45 Ao B AR AR A 4 AE

B3k 249 softmax £ B 5 £ ENE WAtk B 69 BIL,
AYEBAERER, WwEBRA (A FHUA) HTUARFH—P Rt AL,
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Bit—ASEHERWY TR, (B, RAREFRERERS,
e 5 AP R 0914 & St T e B A A8 F 494K B R AR R a9 45 77 Xo)
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(3) EECHSEE
1% Bl X#% {Simultaneous deep transfer across domains and tasks) ¥ &7 %, AR IR HFo softlabel % . softlabel 43
KA TFRE, LAamfts gy iR LR E R,

4. Distilling the Knowledge in a Neural Network

ERX 338

NAERBREFFARE LS RS, EAREEEETE TR, FTH2EZRF
. KAZA 5 5) B 69 iR 7T VAR T “ARIV” R 75 R AEAS B — AN VR AL L
. 1¢ il softtargets.

1# B soft targets R A :

B &AVME H softmax #4790 KA EE, HKA14Y label X2 one shot label, tbhefHAIH=K: . EAtk, A —KMOE K
Chy label ALA[100], XAIRIEF XN EREHE—AZ AR IR TG, TLEXAEMEKR, BERFR L, BN ERZS TH
Fafk 09 AR AR, XA F G E9LEH) 13 8, one shot label (hard target) #i£ R 7. I, EEH A one shot label &9 hard, FH T &A1
FAFEGBED LA hard, RAN T KRB E R RTF ] —A[ 0 0189, AR Rk5—4[0.65 0.3 0.05]499 7 X

a§°

N

EX 38 8
. 15 F — /56 TAEA42 hard target W% — /N8 226948 R) | 13 8] 9| 254 A3 B2 69 soft target;
o AMFI soft target THNA—NHLOBEE (RHEFT HEKFH1E)
o KR EBAMEA L ARA (AR TKRIHN 1)
&D) soft target
BRAORRE BN GRAE T oA, X P AR — B2 R%, REHET — softmax BRFEMER B, o T B AT

o, qi 7% i £o9mE, zi,zj AFE—E (logit) N\, T &7~ temperature, il H A 1. 2fi& T 8938 K, g A KA “soft”,
BheBZNPZE, RERLRGENMHEA.0 2.0 3.0], 444 softmax (Bp T=1) st stk 474 22 6 #3 2| 69 e % 4 [0. 09 0.24 0. 67],
W% T=4 698H4E, F2]698F 0] %4 [0.25 0.33 0.42], 4% £ 4e-F42,
(2)  DEEH LA

HAA loss, —AN& hard loss, BP4E 469 softmaxloss, 1% ] one shot label; 3 9F—/~2 soft loss, B T>1 #J softmaxloss,

1R &AVE = F 5B TF k69 soft target label,
L = aLst + (1 — a)Lhard

e r
ZjQZ[/T
# F soft A% £ kfiéfiw\’f%, B #fe hard 2540, RIFH soft MaG 5% £ AR K T2E A kT =%,

s, Lot = =38 37 log

5. Cross Modal Distillation for Supervision Transfer

ITEBA:
o F—AEE (labeled) ¥ % 3 269 4IEEA4 2] 5 S —/AN4ES (unlabeled) .
o WFHEEEA R BAAELL T paired image AR
. FI A A labeled 2 52 5] $] 49 mid-level 45 4E & ¥ B unlabeled B & 094542525
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A 42 ImageNet dataset 71 Z5:%4F49 CNN, #) F 2 mid-level 4424 A B B1E 5, % B CNN /£ depth images E@94FiEs23],

Teamed oo ImageNet

WGH Lagy

& Lam

g = Naeh grapegs 1o

tram thegth NN

Taired Depth Midd-leyel
Trrege fager

R TR, AAREHIBOESILA U, FEREHRGBERH L, 369348 E 5 #1428 Du 4 DI A=, TP 4% A ONN RARIAHAE,
#1 A E, BAAORFIETIRAD = (' vie (L, ... #l}. BIRAMNFZRBUABES U P F 33 —NEBIAF0HIE, BRIZANTEA
T AN B A MR AW = (Vi € (1, ..., #u), WEMESIR T ATASREHIBEOBAE U FTEIE0 ONAKT, &
235 0 s gz AWM = (WE V€ {1, ..., #ude

SHAFIEHRS L AAREMNES U, @i paired image, TEFRAER A ETFTARRABLESHEARKBE. NERLSEUTH
B R 4 AERE A 5 3) AL H match 225 L P paired image #8934 18] B4R AL, LR A 09 L2 3B R H7 & i X AF match % & . BL4K4Y loss
A N PASE W

wiin :E: f (r(.-“'(luu). :ﬁ'll,l) (2)
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Ws (e deR .,

E:

Hinton $ AR B RGH X R XRG4, P-4
. FEX LA UALME
e LEHBRLEARETANE, ARRAELRTHEEANE.

6. Cross-Modal Adaptation for RGB-D Detection

EX 338
e ONNJRER%ETEANALK, MBHT; MERLETABALLX, £A4E.
. Ak o R % B A% A= RGB B4R 49 & & 7=, T A4 A RGB-only 4 £ 4% % RGB AN B 69 i &,

ETERE:
Wi R ARICH . — 3 E AR E B, F 2% RGB 3 £ AN B R Fl — A6 £ A, E T AL MK, 4 F K E E 1% 4 RGB
B, &£ 2 RGN,
BT IS KB A5 &, FHE AR GARILIR BB RIF ERE AT, URGIRAMAE.
A9 B ARAG A AL 3 A8 7R B
1) 3+ H region proposals: 5 B 4% 89 4K A 25 & Z & 49 boundingboxes o
2) region proposals ¥ 4~ : i i A% FlAY 42 W 4445 5]
. 3+ F it Hregion proposals W, 1 FIRGB-D MCG¥ #9Edge Boxesk i o % & B 1%,
e 3 Fregion proposalsitsy, BENAREH REEINHIIEN —AMBAEA, A A ERF—A S FURAIONNR AL,

Tren RGU St | Tt o T Dpl bt |

i
|

i
-

) % RGB W% (AlexNet ZE#)), 1% F AT A 47iT49 RGB 4%,




(2) REBMWF E—/ AR 69 2EH), K REEMAGA KX (HHA Rah). K& B 4% ONN K A RGB R & An45 4L A 3.

(3 BEREREA, i RAFe9E 5 AR,

(4) PR RGB A=K B AR A 2 B, M S AMBAEA,
st F A EZATE) 2, KA REB AR B RA R EABEBARZEMGMERE, T oFERLGHHERE,
£ A11E A RGB LA AR &,

7. LSDA: Large Scale Detection through Adaptation

ER 338
. J—/~ image classifier 443 —/> object detector
. Image—level annotation I3 K % 1F %], object—level annotation A K E B 1F5 . s FT— X EA both image & ob ject
level annotation; % —# %X, R %A image level annotation.
. 3@ 1T ONN S —A™ image classifier 3% —/> object detector

. transfer A7 & knowledge k31X A object level annotation #9#AF3t K 9443 2| object detector.

aecifiors Detectors ¢ :
Wl ) st A -
g Wi Wi I
1 A e, e ]
A W wig T E <)
Jo .;-\ ‘\\" Ly SRS {(+— W T l®
ASSY - " G i > DET

source domain: k% classifier #94( 3% (image level annotation @B 1%) ;target domain: /A &% detector #943% (both
image & object level annotation &9 &1%)

ITEAE:

a). X TAHH KA (F image level annotations, A+B), 53] CNN classifiers; (A R # image level annotation, B # both)
. H P, pre—training M A ILSVRC 2012 # classification 3% (&4 120 Z K E1%, 1000 MRREME), REKRGH 1-7

B, ERTRE—E (soft-max B), ¥E—A# & multinomial logistic regression &, R3T4F= 491X K AN £ 3479770,

b). Z#B EmAXM# Fine—tuning (/A fine—tune RCNN A8 ) & 77 7%, & % B & bounding box), #3%|i& | F detection # network

(7 —AFEE BEbeaoe3y), it 2 LM mA detectors; (detection adaptation layers, J& RiXISIE X — 3+ mAP

HRZHREK)

c). 1% H object level annotation 8 A (K-m A~ £) —A& B #r A iX /™ network, 7% %] adapted network. (output layer adaptation,
KRR, E—F TR E mAP, {2 RARTAKRYL)
o WTHEAUREZTNAR—HM, T AFPHEANL, 2 B FRERLMY k MNMREE(Fe7 B4R D BRAIES, L2-norm),

HHE Kk ANRGFH T, REANFHTSMAGTL Ok AL,

W= WE 6B (4T B R ERE)

.
Vi€ ATWE - Wis f.zﬂnh,,, i
15
=1



R g Hagues W pust
Progesas vegion

F B & 7 AR A R A AR

25k — @)X B 1%, L Selective Search &4 & region proposals, #= R-CNN —#% pad & warp %4> region &35 K>, #r
A network. 1e&AN region AT M fF NA AT a9 M 2%, 133] KH1 426945 /2% = (target domain, 3% detection A K £), H P K/~
BAaRE, 1AREZE, B, STTFHEAL D, EZEITHE —/ discriminative score. HLAH, - FAHKMXEE, REGHE 2K

/N scoreo

8. Fine-To-Coarse Knowledge Transfer For Low-Res Image Classification

EX 330
B FEHIBRAITING, FIARLFHRNHG P EFIELET. KRB, ARNBEILT NLHIEENRBGHE, HTH0A, 34
E N BARY PR, B LA,

&P =B RO EAEE ENF AR A £ —A KO FHBh 338 £ ) %
(2) 1 R & P E e ks a9 9 RO E, sTEABAT SRR (BRI F T R)

o REBEREHE1-TE, AERE—/AE1000 5%, RM4HEAEKARETIRA, FFAFRELE A R,
(3 AR VAR R B 69 595, BB A AT HUA

o 227%227 894 HF 51K 2] 50%50

9. Learning and Transferring Mid-Level Image Representationsusing Convolutional Neural Networks

ITEBA:
. 7 imagenet % K K IEIE b @i 545 469 ONN AL A
. £ ¥ ONN L E49 weights
. M T softmax &, m T HEAHER E



ERT ke
< TR IB A B ATIR
NGB R A A5 O RABE BB AR K £ 5, el £, AR, BRI EM4F, BIR ImageNet 695 IEE B
B R s—Ax%, BAARKLIERGLP(EE, 12 HIRS Pascal VOC 89 EERBLPTROLS 2NN E, BFEZAIEK S,

InsageNet Pascal YOO

(2) REESIRS
. & imagenet b @K 4% 4089 ONN A4E 22 3t 47 ) 4%
. £ R — & softmax &, #m_t FCa #= FCb P & A & ¥ &
. Bl M AFRA G AT @ 7 AWHSARIE, ﬂi)ﬂ%é}Lf%ﬁ’J"%ﬁ

Tanig images Soures teck adels

-w-mn
L Temas un‘—a
erwy CI-C}O(('G K
o --‘--
s
3 w r

T aber
-o.-
=) -ll -
' ﬂ‘ RS e -

-
Teareng bnages - S3ceg pacchet et
l Targes tak I et ing Targee tase el

(3 M 2 4 CR & D4R
e KM sliding window &9 77 k47K 4% 323K 500 ANE 75 5 B A3k, HANRZ A6 E A bB £V 5 50%;
o SREMBRATAAE, MIEMBRA P, X—REH KA BotnHAn R ANG EAK KM
(A) PAwBo 9L E X TH T P oy @mArey 0.2 42
(B) P42 Bo #y & KX T4 T Bo #9 @449 0. 6 1%
(C) P¥aETST— ANtk

Apnotated
mputimage

| Muni-scale
averlaoping
tiling

Penon O
Sheep O o0 small

Person() tuncated
Sheep

person theep
Person () truncates Persco () truncated
Shesp O tou smal Sheep

background sheep
Person (D) Persen D na averlan
Sheep theep O truncated

2 labels ; delete background

PersonD no overiap
Sheep O truncated
background

Person () truncates
Sheep O
shesp

(4)  wEHEFAEL
F TR OH AR FEIN S AR TH A, KSR BBERARTEMLE, (TURAEHAEMREHHORE), ALK
JA AU AR F B AR A9 10%;
(5) %
T4 —FKE A & KA 500 A Patch, TR AT @69 A X470 £, FE 5K E A ARG 20 AR AP IR 1A KA A Kde T

score(C',) = "Z (C,1P)* (1)

10. How transferable are features in deep neuralnetworks?

. KIT REAYER T AR EAY T Z A R Aoty bk,
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2) BAELAEEAEY, B EZ MR AR XRE, S ETXENRIE, RIGHERAR, 24T XK
W, RARAMRITE, ZRREHELTE,
o LEAANFMAREANEREGREE KL bR —H,

ITRAE:
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BAT I
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BTN
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2, X F BnB+, &1 T 43 finetune 89472, B 894 EF= baseB 0945 R IR £

3. AnB AEUX AN, F2BnB —#f, SR THERINGFHXFR, REAZRTH: MBI T LRGEAE, §THEEANEFTHGRL
ZACRE A ARR AR R IAEAFROR T

4, AnB+ay M RARA Lk baseB %, mEARG ML EHAES, K RAEITF.
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11. Progressive Neural Networks

ERX 338

o BB AEE, AR R AT SR8 AR & A SR AT 5 B Y A AE
. Z AT EAARYE, RETFT1% fine tune AFAE & R K69 2%,

o MmBH— BRI LARRFR A, SRR RTINS,

EERMH:

Step 1: ME—AN%EWAVLRAL, NEE—MES, LEBE—7)

Step 2: MEH A% BN ZRA%L, RERZHF—70itA2 L NME50H2R%, ¥ E—FINP2RA%LGE—E (I8R5
— &) ARilid a R ELDF ZFWAZERBE—BEERFINRAN. AR AV ERSE—ERT RIEGHRAN, LmL2id a
Ak 32 09 Z AT 69 A 42 I L 3T R B B9 B N

Step3: MEH =A% EWERL, NEAFEZAES, FaTRFINHPERLGER, RERL—HOF A EH2E ANERET,

a ERLRTERAT RfAMANG KL LE— (HREGMAER),

W = o (WS + U o (v alZPnED)) | (2)

PO = [0 L hD L REIVL s A AP b a AR ARG R, RA—NEEG NP, FEMMER

BIEEBHE] —NA— LA TEH I TERAVEZRL, MET 16 GERE) . E# MNP ZAT, f—IMrZa, BB (€8
A8 R RS R B A N6 R B RE 24T TR %)

12. Analysis of Representations for Domain Adaptation

ER 3 F 8

o FIASEE, BEFRREOHEZN, ¥ BARBAREA RS AR, LA BTG R
o HBIHSEEAEBIRBFINGFREG LR

o REMMIERE, &R DMCIRBE I LR E R B ARIRAG AR A

EX YAE-
BRIBA S, BARBA T, DA RBAERG DA, D ARFIET R Z ERBAERG YT, £:X - [0,1], R4FIER T8y fo RKGI VIR
EA4 T X, BIRBRGGID R E LM



esth) = E, 5, [Eu~fv;z> [y +# hl_z')]]
= E,.p, |f2) - hiz)|.
BIBE BARRAY S AL ] GG ARAAE N XA T, AR A AR
da(P.D) =2 sup \Prp [A] = Prpe [A]

w1
RIBDsHARE, W BARIRM D AR E ERA

r = -
er{lh) < ég(h) + /i ( — 4) + dy(Ds. D) + A
V o "

m
32
RBG BATRBALARE, U BAREA N ARE LR A

2em |l(-l'"\ 2m') 4+ log( éfl

() < ésth) = —\ (dlm_ + log -—t) - .\+-‘/;‘I_('-l\.1»-('l ) + 4\

! '

inf [es(h) +er(h)] < A
Hopheit

W8 i B ARSI IR 2 ERT R B R IE R, &R D URIRA D IR £ A0 R IR B ARIR A AR
13. Domain-Adversarial Training of Neural Networks

ER 338

. FEIBE N B F U%TQ’J:JFL“P H b RAM 5 Lk g ZE T B TLA Ko Hfe R T A HIE6
a) AT KAREAREIN K, A2 Giofe XA 1) R B4k )
b) LA E’\ﬁﬁﬂﬂﬁﬁéﬁ%ﬁi’x >k E

ETEZRE:
RYEBED, 2HAN=n+n, BBRAFRELEHE n AL, BARBARELAN MR,
S={(xi,4i) ey ~(Ds)"; T= {xl};\_'.n+l . (D:})"'-
HF KM BFRAFE SRS D, 7Y A9NFHRER D,

Roi(n) = Pr (n(x)#v)

x,y)~D
HARBAR B EE (EHEEE):
#F {Analysis of Representations for Domain Adaptation) &%, 33]R#EA B ARBRAIK L 4o T

dy(DZ,Py) = 2sup Pr\_ Eu(x} =1| - xl'rl“ [n;(x,‘ = ll '

meM | x~D

Blot, SRR EKET AT E
42;&.\1! ‘.’(l nuu[lsn‘lu,x.) 0 + — V-‘ Inix) ll]) (1)
il “:T‘, o n |
BARKIER:

B FIHCHEE T H, PTA4R3E (Analysis of Representations for Domain Adaptation) #9%:48, ST ABEAT
AL AARE 0, BARBRAERILAIRE 1:

U = {(x:0)}y U{(x D}0sa (2)
RS ERSHITHR, FiHHEIRiEEe, WARE T THHE:
da = 2(1—2¢) (3)

1 ¥RERA%
EARE:
Gy BCFF A N x RS B D 42 69 4 422 19 :

Grlxi W b) wgm(Wx + b)), (4)

o T, R



Gy R AFAE R B IR AT 2] Y 1) :

Gy(Gy(x); V,e) = softmax(VGy(x) +¢c),
W EERANDAT HEK, AmiFo] L5 e 5 RRAFIL:

i - it = »
w‘we ["§c,(w,b. V,c)+ A-R(W,b)|, (5)

o 1
EFC,((.,(c.,(x.)J-m) = VR G

BoLs:
FIREKIER
n N
A .1 1
du(S(Gr), T(Gy)) = 2 (l—gg,r; [; I [n(Grxi)=0]+ = 3 1 [n(G:(x-))=l]])‘ (6)
=1 i=n+l
B EEN
Ga(Gy(x);u,2) = sigm(u’ Gy(x) + 2). (7)
B A RK:
b v — l -t —_—.l
CalGUG ) de) = diog gty * (=48 g e
KA B AR A
E(W,V.b,c u,z) (9)

n n N
- ";Zc;(w.b,v.c) - A(r!' Y LW, b,u,z) + '{;ZLL(W.b.u.z)).

=l =l =l
ere wo are seeking the parametors W, V, b, &, @, £ that deliver a saddle point given by
(W,V,b,&) = argmin E(W,V,b,c,i,3),
W. Ve

(1,3) = argmax E(W,V,b,&u,z),

2)  RER%

Ly(07.8,) = L,(Gy(Gr(xi:0p):0,),m),
Ly(07,04) = L4(CalGp(xi:07):04).di).
HAL B ARH
T B S
E(B7.0,00) = ~ 3" £4(07,0,) — M (= 3" Li(07.00) + = 3 Lil6r.00),  (10)
i=1 i=1 i=n+1
by finding the saddle point é,, é,.é.g such that
(61.6,) = nrogt:in E(By,8,,04), (11)
IV
0y = argmax E(é,.é,,@d). (12)
04
MR R T
ac, ac,
0 0y - el o 4l |, 13
£ = ! ”(89! 80!) (13}
act
0 [ it R 14
v o v " (”” ( )
Oy +— Oy — ;u\?ﬁ'!, (15)
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14. Domain Adaptive Neural Networks for Object Recognition

EX 3. Y8
. incorporates MMD measure as a regularization embedded in the supervised back-propagation training
. preceded by the denoising auto-encoder pretraining

FE2AK:
(1 MMD:
Giventwo probability distributions p and g on X, MMD is defined as
MMD(F. p.q) = supeg(Eemp [f(2)] — Byuy [F()]). (1)
RKHS MMD:
MMDix, X ) = ”"iim‘x‘."l - %icﬂx:”) (2}
p= i i

X — His referred to as the feature space map

o

9 et el t) ) ! = o L) IR 1))
M‘\H’plx..x,lr(HZZL(x‘.'.xE‘ )+ ,‘,’;TZZ“"' 3 |

n,

)
~a 2 - ', {0 "
= S ZM_x. +X00) {5

1wl jwi

M

_(l‘r(l\'...l T (K ) »'l'ux,,,,l)5

S R
where (Ko, = K(xt?, x)
(2 WA 2 M %
three types of layer that arethe input, hidden, and output layers with weighted inter-layer connections:

h=a (W x+h), ()
0= ma(Wih+c) (6)

the empirical log-likelihood loss function is given as

Jnne = — ,;"; “:l.'lzzu([yi‘]]k hmﬁf(x(;'))]kn

(3 Denoising Auto-encoder
Unlabeled images from both source and target domainsare considered as inputs to the DAE pretraining

€)) Domain Adaptive Neural Networks
the loss function of a single layer DaNN is given by:

Jpann = June + TMMD?(q,. ;). (8)

e g =WIXs+b (UTXs) , qo=WTX, +b (UTX)
. choose the Gaussian kernel

" (0 _ iyt Tl _ o)
MMPAUTX, UTX) = 5 3 .-x,.(-‘?‘-f e ) % = ?‘f--')

uf o’ 25

1 "e D _ JINT T T it}

x 3 Z oxp (_(x. X3 l":!lh (" —x,")
=1 &

g 25

i Moo ) nT T ) 9
2 ‘nexp(- P = x?) O, U7 (%2 — % ‘) (9

Haty
(e |



the gradient of MM DZ:

st Lot Geefi.3) be the gradient of k'g(U.Tx(.". U, x)

M - wne
= "J L Gualiij) + ) t~.m il - )L' = .."““ i) (1)
(’"(‘ ” - ——Au(x“) (J)Hxlc) IJ))(x(ﬂ Ul] U].

Algorithm 11 The DaNN supervised back: propagistion algorithon.

Dativ
Up e ROV and Uy & RO o the wolghit-Tlas matrlcos b tle first
aned secotd lnyers, rospectively,
hoe B* Is the hidden layer vector
o & R s the output layer voetor
o, e the learning eate sod the MMD regularieation eomstant
begin

1 lwitiadize Uy and Uy witls small random road valuos;

2 Update Uy and Uy using the hatchiod stochastio gradiont descent by

stanebard forwnrd - backwand pass wort, Ju:
3. Update U,y by the offfine gradient descent as followy
HM 2t

Uy(#) om Uy(r = 1) — o3y ' DG,

4. Ropoat Stege 2 aned 3 untd] the ond of the epoch;

ol

15. Deep Domain Confusion: Maximizing for Domain Invariance

EX 3. Y8
e #ARk% DDC

. Bl Bt o AR K A= 2R 5 MR E 4G5 £
o S EBMAARFEE ML T ARKATURE ST R T
. W ELE Fa X E 99 A £ F T AR R KA £ F (maximum mean discrepancy (MMD))

EX 32+

ML MMD T A B A -

HAR O IR T AZ LA

WIAEA Xs, MREH X, £ L—AVIFI, T A BRR, ©RGIHEA x BRI E SO WI 7 P, £ EA
MMOD(XNy, X)) =
—\IT Z wlx,) -_\IT S‘ Wae) (413
& Lol Xe.g)+ AMMDA (X4, Xy )
e

5 MMD 25 Ao 22 09 3R E R 258

W RE BN —E A iE g E (adaptation layer), gk, #E &

ERABANE: 1) IANAER B ZRERBGT 23T 2) QERENEESZRENS K. BT BEREAANRAL,

RTHaERE]EFEANMLE,

BREAER AR LEE WD G948, Z{EAR DAL, AmdFh T REGEEF%EE

ZiF,

A )
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16. Learning Transferable Features with Deep Adaptation Networks

ERX X P
— R DDC RiEF T —EM%, DAN# % ERILE;
ZZDDC R T #—4%69 MMD, = — B2 694 7T At 2 R AL 894%. DAN Bl T % 469 MMD (MK-MMD), 3k &tk DDC % 4F.

EX V.3
(1) % 4 MMD
st FAAEE S p,q, MK-MMD 3E & 7t 2 .

di (p.q) 2 ||B, [0 (x")] — By [0 (x')

TAN S A Ag—A2 2 L8 kernel 32 :

(2) % EiERe
M 24 69 3545 A8 ) 21X = BT hE3E 2 4% A task—specific, PTAERE THEBIX = E,

m BE=2 : : : learn hearn =) learn learn

8 o g ol [o] [o »?» »8
Ol O Ol O O fe O : i
olaa Hise Haa Ha Higg E P
8 ol o] |o| [o] |o =
8“,«.1 O P O conv O s O inund O Y] 8

(3) Deep Adaptation Networks (DAN)
KA B IRE AR SER: MR B[ F A0 PIEH. T2, DAN 694 B AR A

X2 s
min — ‘Ilfhx',‘;.bu‘l-.\Yu'[l'l"_.f’f}. (4)
8 n, ~ ) ) —

O TR AN EFbias Hdkoe LV, LA AR 648 A THLERZNE 6 2 H 8 2, MEe) N iTiER, A&
o JHENXT —AMHik R, ERERET —AARA cross—entropy.
(4) %3] Fuk (% 5] WA 404= MMD #9)
. RES %)
X @84 5 3] 4 A T MK-MMD 3B % &9 7+ F o & 2 7T AJe MK-MMD & FF sk — 3 M ARBGS R K, RIBZ R A AT NARAIEF L 449,

o
o
2N

s ~ o N ,7‘ 7. ) ;“—.“‘ ", Y _ . El 4 4\
KM T Gretton & L #2 1 693 MK-MMD &9 46 4%+t : b (p.q) e darmt GBI g byg g 20 T (X0 X0 X0 Kernel

t

R Bz, Ls, T mIk (zi) = k(x3;_1,%3;) + k(xh; 1, X5;) — k(x3;_1,X5;) — kx4, xb, ).,
o MMD #B
BARA: BREA kernel A A9 MMD JE & 69 77 £ R /o L2

1‘111;:\"1;_' (DL Df) o2, (M



2 B2 (o) - 2 ‘
sk = Bay (2) — [Bagr (2)] g pitor 2 5255 4 009 142 15038 T WAL ALL A — A~ =k ALX) 9038 4 A2 L

17. Mind the Class Weight Bias: Weighted Maximum Mean Discrepancy for Unsupervised Domain Adaptation

ERX TP
. learning transferable CNN features for unsupervised domain adaptation
. introduce class-specific auxiliary weights into the original MMD for exploiting the class prior probability on
source and target domains
. weighted MMD model is defined by introducing an auxiliary weight for each class in the source domain
. a classification EM algorithm is suggested by alternating between assigning the pseudo-labels, estimating
auxiliary weights and updating model parameters.

T &F*k:
Soures P, Sarre
Clans-wmne
MMD woightng o ¥ B WNIMD
{42\ 1
o ow L1174
} \ ot o " \ Ty
> e N L) e \ '\ o
\ ' “I y".;' g « Sarples of Class 1 ,'/ Cr \ ‘g ¥y
[(+02. \ - 17 Samplos of Clas 2 \ X HT
| ] = Classifiers bused on 1 Somples of Class 3 \ 0 / - Classifiers based oo D,
=y Llasatiens bnsed on . Misciassfiod target samoies \ - /
\ / \ ¥
- N2>
Tanget 1, Target 1
(a) (b)
1) MMD :
An empirical estimate of MMD can be given by:
1@ o el
MMD?*(D,, D)= || = Y elx} - =S x| ., @
M & ¢ N L )

' »

based on pairwise similarity and is computed in quadratic time complexity, it is prohibitively time-consuming and
unsuitable for using mini-batch stochastic gradient descent (SGD) in CNN-based domain adaptation methods.

9

MMD(s,¢) = 37 L hlz), @)

where &) is an operator defined on & quad-tuple z;

[ Y] » t t
(X310 X250 X519 X5 1

fielai) =k{x3; 1, X3;) + k(x3;_y, X3)
— k(x5 1) %5) — k(x5 x5,1). (5

2) Weighted—MMD:
bothps(xs)andpt(xt) can be further represented as the mixtures of class conditional distributions:

-
Pu(x*) = 3 puly” = c)pu(x"|y"* = ¢)
e=|

(

>_: wipu(x"jy* = ¢),u € {s,t},
el

" . $ = ) e € — ® . . .-
where Wi = Ps(y" = ¢) and wi = p(y" = €) note theclass prior probability.
Ps.a (Xs)has the same class weights with the target domain but owns the class conditional distributions in source

domain.
p
Pa.a(Xx®) = Y acwip.(x*|y® = c).
L 4 l

the empirical estimation of weighted MMDp; , (Xs) and p t (x t)) can be given by:



M N 2

MMDZ(D,. D)) = “ Ml ; qu‘-c»(xf) i Zo(x;) ‘
R S e
3) Weighted Domain Adaptation Network
to generalize CNN for domain adaptation, the weighted MMD-based regularizers are added to the higher layers of
CNN.
ECM H %
(i E-step: estimating the class posterior probability of {xf}}"zl
ply; = elx§) = go(x§; W) (12)

(i) C-step: assigning pseudo-labels{y; }}Vzl (& K E¥#%E) and estimating auxiliary weights o

yy = argmax p(y = c|x}).

(iii) M-step: updating the model parameters W,updated with mini-batch SGD

M N
1 i
i , xSyt W) + = xt, i W)
fa
+ A )_‘ MMD, . (D!, Db, (11)
I=d

18. Unsupervised Domain Adaptation with Residual Transfer Networks

EX 330
1) 44E B £ B 692 (DAN:MK-MMD)
2) RESFLHAMESFOS LB AL FA (R ERL)

ERT ik
(1) ERWHWZA%
RIRAARRK B H M) :

;!!n}_f;lp.li.l :ZII,‘.,'.'.X.I'I.' (h

L{fu(x}).57) = =252 V! = g} log f7(x]),

o
N

o . e
2 (x2) = o™ (30"

2 Classifier Adaptation
. ARG RS ft TR B RS LS fs

weight laver
(x|

residuad function Identity

weight layer

Mix)I= Fix)+x

relu Hop, X £ frix), Hix) 3 fsix), .md'}'lxl = Aﬂﬁ-«x)i.

WA K E R, FEIRRS B

fsix} = fr(x)+Af(fr{x)). (2)
o RRHEft EH BB LN
£ A 8 EZ K I

; _ 1 s
;g[}f;lll’.'f.' :27,!(,'|N:]) (3)

¢

gop, HUfeO65)) == 50 05 6log f(x) plui = Jlxifo) = F05) e apas 6 s k07 2160 01 5

(3 Feature Adaptation
5 A DAN 75 % ¥ 49, MK-MMD:



,‘lbx;‘ll;_lrf'(ﬂ..'l’;:!.,.hvk! - Z; ME(PLDPL) 4

@) AR 2% 50 A

el

B e U 0) + 2 ) AT ME (P28
iwl '5=l

1in —_—
fa=fr+Af (1) 1, =

D=0

f.lx;:'.‘."lxl'_\flf(.!‘l‘l

>

(OO

]

3

2

3

¥

g

5

Yy
(00)

[o3ze)

19. Deep Transfer Network: Unsupervised Domain Adaptation

ERX 338
1) #JE source #v target dataset Z WA %L HAoFtFHATANR, BIP(xS) # P(x) H P(y*|x®) # P(y*|x");
2)  Fd T —AFH MMD kB i A H AN3% £ 89 marginal distribution #2 conditional distribution #4744 RS M %,
o FIMMD R EAE (RBAr B AR LRI BGGMIES A ETHR, A EAANRLGHIESHRTRANR, XA
f marginal distribution; ] B+t A ANK_E A softmax 5 X F F MWD kT AR, B3R ELE RO R AT/,
EAN AR K conditional distribution

Feature Extraction Layers  Diseriminstion

Layer
Fiyix)
l;;:- Fenture Fenture Frobabiliiy
dats Map 1 Map /-) Outpat
EX 3.2
(1) MMD
Ew e
b =] — S — 4
ot " ;!, nt ;:" i i
= T XMXT),
1/(n")?, tnt, g0t
My = 1/(n*)2, i>nt g >n' (2)
—1/{n"n"),  otherwise

(2) Matching Marginal Distributions
RIRIE, CHABTOIT I-1 B, RE—ERSELE, MEWRETENLGEE, ALAS |11 BEURS LK Lz
BIBAw BARRA T MMD 89 ARk . AFESH L, @A BRZHH T marginal MMD EAZ A MR EGHA XA, EtkdaT:

R . R t 2
MMD,0r =1 "—,gn,u — )= “—,ghlu— 1) 3 7
= Te{H{/ — LIMH” (1 = 1)),

(3) Matching Conditional Distributions
S0l it 5 IR AT 2] B ARG AARE

wix
. WA = T = 3
Py = ¢|x) = softmax.(w; X) = — (5)
j

JE 5 K B2 6 B R A MMD AR & 4% 13 B ANBAE £ F (conditional distribution) ER T4 —% .2 X 4= F & conditional MMD:



MMD, ..
=Yl Pl = eld) o 3 Pl = el |
=1 =1 =1
=Y a'Mq,, ()
=1
(4) Final Objective Function
WG LR EM P AREN SRR, FEEAMLL B ARHH AT

J(W) = —L(W) = ATe(H(! - 1IMHT{{ - 1))

i
<uY al Mg, (8)

o=l

= —L{W) + AMMD,,¢ 44 MMD 0,

- L(W) = —Z oz (Ply = mlx. W))
Kb, =

Algorithm 1 Optimization of the Deep Transtee Network

Input: Source data with label X*, ¥ and target data X°.
Output: Parnmeters of deep transter network W oand predicted labebs of the turget samples ¥

1 begin: .

L Set ¢ =0 Get Y by training i basefine neural network with X*, 1% and testing with X!
L repeat

4 i=i+1

S Make mini-batches,

o Get W by optimizing Eq:8 using source dats X*.Y* and tirger data X ¥

7 Predict X* with the petwork to get V',

ountil ¥/ - ¥ ors = T

@ peturm W, Y =1

PNEIHERILT mini batch 8977k, B —A batch RREZHKIEEWH T, mini batch AL F REHraERaEE, B ARILK
HIBFEWH AN, £N LMD 2K TEAKESE LG WD, ANXEET

MMD =|| ,‘Z - ,Z

=1

QJ—L SR (12)

2lES, Nyl
— N2 ey e 2
Z If T .gv! 'zt.:’l x i3

20. Unsupervised Domain Adaptation by Backpropagation

TR2EH:
A A 2 A R 24 G AE B2 R 52 5 IR T AFAE

i%ﬁ‘}ﬁ-:
51438 —A domain classifier, €M REHRAITR 5o %Qmiﬁ%ﬁéﬁﬂ’iiﬁﬁtﬁ:, F | %4F 69 domain classifier £, 4»
%Xﬁﬁiié@%m&iu\h\%%&ixmﬂh\, EHRBANGRBG EMERK, AAZIANFIERTAFEATRTHIE,

3+ F label classification, &A1& ik52 8] 84F4E T Ak 7ﬁ]’ label 895 X H|H4Z 8, AR )L label classifier 895 %
Ko
(8s,0,) = arg min E(6;,0,,64) 2)
f4 = arg max E(é,.é,,.al) - (3)

A,



E(07,0y,00) = Y Ly (Gy(Gylxi0y)ify)m) -

=1 N
d, =0

A L La (Ga(Gy(x4;07):04), )

Z Ly(0s,6,) = A 3 Lil0p,00) (D

w=1.N
e
HE P theta f R FHIEFRINA L4, theta y &7~ label classifier 499 £ 2%, theta d %+~ domain classifier 8953, Ly
%7 label classifier 9% £%, L d %+ domain classifier 895 £ 2%, Nﬁ’ﬁ‘%ﬁﬁﬁ*{-lﬁéﬁéﬁﬁl d i REBRE, 0 RERF.
At b (2) A= (3) Fa9EIE, T AR T @69 7 kAT R % A 5T 247

aL! oL
# (] R Rl 4
;7 ¢ f — M ( a6, 6y (4)

aL.

0, — “, = (M: (‘)
aL!

ty 4 s — u 00;‘ 6)

AT E@ e T F ARG T e Eike R, FHEZLT AP RER, €EM AR R AL T A BHAREF MR K

R(x) = x )
dl
R a1 (8)
dx

G RK B R T A GXAFET A RARA G SGD 7 Ak #AT R M1 46)

E(67,0,,00)= Y L, (Gy(Gylxi8y):0,),m) +

=1LN
di=0

Y La(GulRa(Grlx:8))ibahws) )

=1L.N

21. Transitive Transfer Learning

TEBA:

. A~ domain Z ] 4o EAA[HIF KT, AF 4 KMFHIEAN—% intermediate domains, — ¥ Fit4s
. BREBFE—ANARFEA intermediate domains 1 H iR IsAr B ARI%Z A B9HFE

. i@t intermediate domains T AR %niR 6y 1% i

¢"@ a

’ OO
&
A,
Intermedate Domain Q-@
-
weakly refated
Source Doman Target Domain

T & Tk
(1) Intermediate domain selection
#] Bl Domain complexity F=cA-distance 4% i+ AR 3k iz B A= o AT R 2E 5 o
. Domain complexity
BA W TARKME G KERFIEG T SR T, RERKEFIEFRRKENSIESAf D F RIS HE, NS
5] E AT A
eple{ D) = H—!I'L'—);E'L(—"—U (n

o A-distance

disa(Di. Dy) =2(1 -2 error(h|Dy. Dy)), (2)

min
heH

—#tr = {S,D, T}, wHRK, BRSSP KRG 6 MEIE (c1-c6), 0T



Table 2: Domain characteristic features

feature description
cplx_src (ey) source domain complexity
cplx_inter (e2) intermediate domain complexity
CpIx_tar (cy) target domain complexity
d-mﬂ (cq) a_distance between source and intermediate
dis(cs) a_distance between source and target
dm':{ () u_distance between intermediate and target

MAEEE Intermediate domain ¥, #Hf(tr), ZHF R KEH R LW P A

fltr) = 8 + Z Bies), (3)
=1
b it AT @ 89 X433

f

£(B3) =" 1" tog f(tr) + (1 = 1) log(1 — f(tr)), &)

=1
(2) Transitive knowledge transfer
o FAEMEZRTHLM
858 x T AN L AT 4E I 5 e T
argminp sor L=||X - FAGT|| (3

T

%

I ETIPN 'Y EF RPN 2T ST ENET TIPS STEL TIPS PEEY) EESPNTY SN Sy
MEREREE S jARBIEHARXGBE.
. NMTF for Transfer Learning

Lsr = ||Ny = FAG + ||IXy — FeAutl|

- ‘ X. —[F'FY [:;] arll + q.\‘. — [P E [4‘;] Ui,

HbFL AR AR L, FEFE AZ A2RAAA IR L, B34S EAHEREF, AL, AWmiFH Gt.
. TTL Transfer Learning Algorithm
AT A RGTH R4 G, P AaTAALRRE] P BERAGTA, B AT AR E B ARG L W, 18] 3% 88 F F= A 475

KO FRH B 8 A AIEFLATAF1AT,
L =X, - FAGT + |IX; — By 6T ||+

X7 = Fp AL GT| + || Xe — FAGT|

l

_].\ -|f'F2'[ ](‘” ‘.\,-[P'P,“'["](.'}"-k
. [A? sa TAE
! X; —[FFf [-'\'i] GT |+ ‘ X =[P P ['.‘,] a7
s Ay
M

i it %1% feature clustering #= label information /%] & 449 Gt:
\ Feature Chustentg | \ Feauz Chystenng
SUTE || mEiCEE ‘<—>I Target \
| \

PRRIGEIIEIE F QA TA A IR R0 8, HBTENEBENRHIESH. B, HF F 98T 1, REHEE G ERTENEHG
EM . Bk, GHEF—ITHERLRAFT 1.

MR MM AL Friag 6r Py P AcG B

w.t.
bW o 1) 30 VD vl 3 (16 KB
Dl o () I P il o (A B (8)

,h =t e ki) =1

Giiig)=1 5., G =1.

241

_.nl

S‘*(

2l jml

R T k-



Algorithm 1 The 77TL Transfer Learning Algorithm

I: Input: Source. target, intermediate domains 8. T and D. the
parameters p, and the number of iterations Tferyau.

2: Initialize the matrices F.. Ao, Fr, A, G, Fo. Ay, Gy,

3 while iler < Heray do

4:  Update the sub-matrices of F,. A,. Fr. Ay Fy. Ay and label
matrices €/, 7y according fo the updating rules given m
Eq. (9) and Eq. (12} of the Appendix section.
Normalize the sub-matrices of F,, Fy. Fi, and label ma-
trices Gy, Gy according to the normalization rules given in
Eq. (100 and Eq. (13) of the Appendix.

end while

Output: the predicied results of .

N

Py

22. Distant Domain Transfer Learning

e
%*
i

. WA F G AP BRPBP RFSZAMEATE, RBERBA B AR ] 0GR

. RBAARE, BBV ERE, TSRS AR S EARE

. AR EMIREENEE AR 6 EH

. FHMRIBB R R, AP SRR A&, 5 BARR—RFERLR S ENIE.

B
"

Source Domain some selected intermediate images

E&Tk:

(1) Auto—Encoders and lts Variant

83 A s R — MR BOATBAY 2%, CA—MNMINE, —AREARBE, AR —Aid &, fe () Fhpatsl—/rz
RET, KRB BIMBHEK fd (<) L BFTHDAEZE X,

encoding : h = f.(x), and decoding : & = fy(h),

(2) Instance Selection via Reconstruction Error

A T A R B R AR, MR AR KB KR RBRA B AR, B R DEMBRENF ) B %,

1 1 e i
Jx(/n.fd.vs-vw‘)=ngzl'i|iﬁs‘3s|u+ -2 _villdi—ill3

=1 =1

l s i i 2
o Z”-""r - &|l3 + R(vs,vr), (1)
HP, VsAe Vi REB®E, wREBZE0, W LEHR1, FUWAH 0. RAENFR, iV eE3HH 0,

R(l)_s,!!-,)———z Zl,
8 (2 ) el
(3) Incorporation of Side Information

5T RAe B AR, ARICOIAIET VAR AE Side Information, @t I, WEXARER &, ERFFTF, KAV T 164035469
FMALA Side Information. #)| A HE—EMHEALIEIET R 50X R



Talfor e )= 1= 3 st Se )+ 3 Uy ()
=i =1

+ S vhalf (k). @

=]
Ed, g O AXIM, g@ =-zlnz-01-2) In(1 -2,
(4) ¥t B4R

lgin] =T + Ja, s.t. v, vy € {0,1}, 3)

Algorithm 1 The Selective Learning Algorithm (SLA)

I: Input: Datain S, 7 and Z, and parameters As, Az, and 7';
2: Initialize ©, vs = 1, v; = 0; / All source data are used

3: whilet < T'do

4:  Update © via the BP algorithm; / Update the network

5:  Update v by Eqs. (4) and (5); #/ Select “useful” instances
6: t=t+1

7: end while

8

: Output: © and v,

b, @il (4) TREE, ERBTAOMIET, AANLELRERENBERARIFREGREF 2 ERLTEE, (B) RE,

1fE(yl, Sl fol28))) + |25 — 2503 < As
v = (4)
() otherwise
: L if |25 — 233 + o(fo(fe(2)))) < N
vp = (5)
0 otherwise
Sampl C t and Fully connected Deconvolution
Selection pooling laywrs autosncoder and unpooling
(optional) layors layers{optinal)
sednciea I/ r-
prowrce data r
r %
o %&g
reconstructed
L ] data
N\ X
targut data N ot
vyt
preditive model on
the labeled data

23. Coupled Generative Adversarial Networks

IREA:

AR P A8 AR L F 45509 GAN M £, 25 %A F multi—-domain images A9BRA&D T, A mEBAEK,

EX 3.2

CoGAN 4922 A4 B T3, ) —3F GAN A%, GAN1 A= GAN2 #ynx, H—/N4E3T& & B domain 89 K . AVZGEAY, KAMEAA
GAN 3 F —3f 5 54t

& AL T AR BT 6 A 09 A ok — R S MRAD B AR T i k. B L generator 89 AT @ JLEMAD B R B BB A, 1t
Yo BARGYREER, mJEBILEMAGZ MY, il %, T ENERRIESEFELWOMANE, BL&NE R gl F g2 AR L
FAAEEY, BEILEWBIER IR T, X TUMRL S EELE LA E TR @ Hk, Ak fool &AMHMNE,

Generators Discriminators
GAN, | g,(2) fv‘ﬂyxo)
e - .- e ——— o - e - .- —— )
z weight sharing
] = = = = ’;(.q.'ll:')
| 4A2) —
.. . - .. \ - - . L - ..
GAN, =] = L L i L i) =

(1) AmARA:



a(z) = g™ (@™ V(... ¢ (0" (2))), ga(z) = g™ (g™ V(... 657 (05" (2))))

(2) FIFARA.
Jilx) = S (AL 12U ) falxa) = S5 (A0 S22 (A0 (x2)))
(3) #5)it4e:

max min V{(fy, f2,91,92), subjectto @, =80 ), fori =1,2,....k (2)
91.92 hH.Ja 9 92
[}

,:n| -j] = oi;-; -1y fOf_) = (), l.....l -1
where the value function V' is given by
V(fi:f2,91.92) = Ex,npx, =108 [i(x))] + By [=log(1 = fi(g1(2)))]

+ Exr«rx_,[“ log fZ(XQ)] + Ex'vpzz_ log(1 ~ f:(yz(l)))l (3)

(4) T vAA 4 domain adaption?

F.4& 2000mnist B IE A D1, A USPS *FRALiL I 1800 B} #a% D2 4% .

CoGAN Al & % LML A s b9t o ST FTHFH X, RMNAEFIA B QRS —ANFeE e E—/ softmax E. T2 CoGAN 493l 44 & %
TRAMES, —AMEHFZ mist 3 F o AR, DI RETE K A3 569 label, LAA D F2 D2 LGB K £ RN, 438 H—

A domain % U — A £ B 3 F WNIST, o % % .01 (%) = el DR ), USPS 4 % = C2(x2) = ¢f f”(f;‘.”(!,‘”(xg))))

%J;l:x{ﬁ_—;‘t-?ff?} _féu_’_‘"“_’ f;’m f)” c & sofxmax &, /5 xR M c2 EH] 5] USPS 4K ¢ #
24. Unsupervised Pixel-Level Domain Adaptation with Generative Adversarial Networks

EX 3. Y8

. 1%4: unsupervised domain adaptation & AN Z 18] 3¢ & AE3E 4T k4t 3% % 52 3] domain—invariant 4$/E,

. BT AR A% (GAN) 6977 kA 9548 3% (source—domain) EEFH AT k#t1% 2% A B 4r¥k (target domain) #—4,
o MRBTAHBAELFERFIRLE, KmKAF Task-Specific #9H

EX 32+
B EFABRE R IR RS R ERE P B E k. AAKNBRERBS, EONELRFEAMNZKBARBEFE. —2
AERBINGZRT, HEATIRGT NGO EBRT RS, RAMBRERE Z,

(et ) £ Genertor G
D

Residunl Block

&y

nirs

el
Residual Block
Residual Blnck

nisl

tanh

=

‘ .
B

N
Tredu
ns1262
Al

.

o REMH Xs AR FME z ARER BIRXT, GX5,z606) - xf

o KHED(6p) TAABEIML

o FxSfa Xs AL BT(x;07), AmFIBTEF] (5L B B AxS F= Xs b R AxS 2% R 4F)

*  nbds1 K& stride 1 and 64 channels 89 % 42; relu K& JE &M 80E &3 ReLU; BN A& batch normalization layer; FC 7 4%
B

RARAL B AR




min max o Ly(D.G)+ 3LAG.T) (1)

¥y Op
ALy (D, G) A4 B & FARK
LoD, G)=Eullog DX 00+
E zllogll = DIG(x".2:05):0p))] (2)
L (G, T)softmax & XM 4% %
LACT) = Buyen[ =¥ logT (G(x",2:0c); 07)
- y"- log I'l’.\'"‘l:l)-r] (3)
1) BRAERBELSHO;, BHEANZFHLELKOF0,
2) BAREMNEF5EBELSRO A0, ERESKG
o Content - similarity loss

RBRAE, AT AL, FH S RE, ZmA Content - similarity loss, 4L masked-PMSE ##% :

min max aly(D,G) + 8LJT.G) +~+L.(G) (4)

01,\91' 9[.
LG)=Exs 5 [2 [[(x* — G(x*.2:0¢)) © mi|§

- :—2 ((x*— ('.‘('x’.z:l?;;)]Tm')lz] (5)

25. Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks

CycleGAN, DualGAN, DiscoGAN:
£ %4 (CycleGAN):
o image—to—image translation ¥ —3t— &9l Sk 3 HE 5 5 3R AT,
o RMT —MAERARIMGHILTARRER X B BRI Y @47 BRSNS T X
o AGX- YE T RXaamkat, A 600 WERESH ESE AR FE Y AKX
. FINATR— B MM BHEKRIES FGNK)) =X (RZTFKR).

EX -5
CycleGAN & Z M A M4 G: XY Foz F: Y= X, Aaxt, F mAS stk DX A= DY, H & DX § & X A BA% {x} fe £ i 89 [F(y) ],
DY B3, N4MBIFRSAARA: MRMERATERTEPHWRL, ER—HUERERATHLEFINGHFHEITE,

G i, L = iy
\ 2l u'\ L N YN A Y )
N ¥ i 2
\_/

l F l X o1 ) A | | F—
Dy B, |l &> e

(1) Adversarial Loss

RSt H Fo Tt 2A GAN P8 ARE , FTUEXFHRA xHEB-AY FHEAH FX) . STAEARGANR, &NLE 2 GAN
Fa) ARE RARCREALFEELR, HAMAITRAERML ., BENHHNEADy, XiF0E, RBXEZHERE ARG, &
VLT AM i — A GAN 4Rk, REX XA :

LoaniG, Dy X, Y) :Ey--;-‘._njw“’-’l-'. Dy |“|,l|
+E Jlog(l — Dy (Gla))

R (n
G = argmingmaxp Lean (G;Dy; X;Y), F* =argmingmaxp, Leay (G; Dx; X;Y)
(2) Cycle Consistency Loss
CycleGAN Bl 5] F 4= G AANBES, HZKF(G(y)) = yAAGF(X) = xit A5, WX B KA #%3Y ZRE, BiZLT A%
Bk, XHAALKALA X OB R AEHAY ZH TR —FKERT



Logo(C F) =Erpua) | F (G(2)) = 2|l1]
By pn ) IG(E@) = ulh). @
(3) Full Objective
L(G,F, Dx Dy ) =Laan(G, DY.X.Y)

4+ Laan{F-Dx Y. X}
+ Ang(G. F). 5

G F =arg1‘1”1'jgl;?fgc‘_l:((a‘.F.Dx.Dy). (4)

26. DualGAN: Unsupervised Dual Learning for Image-to-Image Translation

= 2%4 (Dual GAN):

. 5 cycle GAN %440 .

. AR B AR A B H A pix2pix —HF CRAFAIMAN z, 122 F dropout #9fHL, @ cycle GAN /X7 dropout). A T wgan %k
%%, cycle consistency Rl AT 11 325,

FEF ik
14 (0, 0) = DalGalu.2)) = Dale), ()
%lw,v) = Da(Galv,2") — Dalu). 2
P(u, ) = Ayllo — Ga(Galu, 2). 2) |+
Av = GalGalv.2'), 2)|| (3)
—DalGrlr, ")) = DplGalu 2)),
e WGAN

Fiks b A R 25, PB4 A B AT AR
minmax V(D,G) = E,, log(D(x)) + E._,, . [log(1- D(G())]

HILE R FIR BT, EREBEHELT T,
3 F Wasserstein B3 ik it:

L= E- I[D(t)] = E,.,-,[D(-\')]

WGAN &9 S i 2 5 :

o HAABRE—EEIH sigmoid

. AR B FH A B 69 loss NI log

o BRIHMAMNBHLEKZ BRI LITERB B TR L —NEZFHK c

. TE2RETHEGHEALE R (835 momentum #= Adam), 3£ 7% RMSProp, SGD 4L4T

27. Learning to Discover Cross-Domain Relationswith Generative Adversarial Networks

2 2%# (Disco GAN):
e BHogycle GAN #= Dual GAN Z:#848F],
. Bl T conv,deconv #= leaky relu A& T £ R E, RE —A conv+leaky relu £ H FI ) % A1 H 12454 cycle consistency.



IRk

Ly e < n ]
by
: %T(]_ B w{® |
-’J:iIL—ﬂl, g
n=G.QB(Jg' ()
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28. Deep Transfer Learning with Joint Adaptation Networks

EX Jo¥:H

. Z ARG EA A %A, BRSO AIKE, A2 XAFAREESH PKX,y)
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(a) Joint Adaptation Network (JAN) (b) Adversarial Joint Adaptation Network (JAN-A)

. Hilbert Space Embedding
% B3 42 RKHS, Kernel embeddings ?rvxfﬁcii%i&#ﬁr‘édWi/\%‘cﬂaﬁ/\yxii%é’ﬁféé\ﬁ\?ﬁ:

l n
= h;é(x. Cxxvn = qu 1(,') (4)
gy, Bd (x) =o' (x')@...2¢™ (x™) (@, 6 (x), B, 65 (%)) = TTL, k(x4 X Ve 2k g,

. Joint Adaptation Networks
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29. Return of Frustratingly Easy Domain Adaptation

TEBA:
CORAL minimizes domain shiftby aligning the second-order statistics of source and targetdistributions, without requiring any
target labels

T &F*k:
e computing covariance statistics in each domain
e applyingthe whitening and re-coloring linear transformationto the source features.
(a) REMEAEBRYMEAIRGE, RBF BIRBNARELARRA2>F W77 £ (b) source decorrelation, JRIREIEM AR X5 495
A (e) Target re-correlation, H B ARG AR XA B RAH, AX—F 26, Bf BARSHRIFHT T, - EA G 69 R IR
Ll e o X B A B AR T TEFRSF, (d) KBETR N akfe BARKAERAES T,

e

@ ety

* source
L33 ] t’%ﬁv
(@ e

HRE R BA B RHIE Mt Z A9 E SR (W £), sTRAIEAE A4EME A SEAT R T 3%, 75K H Frobenius e HEH AL ¥



min||Cs ~ Crfj X
= min]ATCeA - Crf

A= UsE

(2)
= (Usz}%UST)(UTn:r]Eru:r};U'rn.r]T)-

. . . . L . roxk s . .
We can think of transformation A in this way intuitively: thefirst part“«‘zé U's"lwhitens the source data while the secondpart

- 15 T . . -
(B ®rne " Fris hre-colors it with the targetcovariance.

Y69 QR Tr £ SBT3 A A E R —ANDERAA R N LR B AR, KRB RARIEHFIEEY E-F T AR,

Algorithm 1 CORAL for Unsupervised Domain Adaptation
Input: Sowrce Data D, Target Data Dy
Output: Adjusted Source Data D
Cy = cov(Dg) + eye(size(Dg, 2))
Cy = cov( Dy) + eyelsize( Dy, 2))
Ds = Ds = C'?l % whilening source
D% = Ds=Cf % re-coloring with target covarisnce

30. Deep CORAL: Correlation Alignment for DeepDomain Adaptation

T EEHA.
e AT CORAL ik, CR—AMEN AR ERAER ik, BERET BRI FREA BRI G M4t s
. H 3235 CORAL I NIEE 5 2], #]J] CORAL loss BV 4 4Eth 77 £ 49 IE %, £ 44T MMD

EX -5
B, MAETAE D AT A9 R B e A4, SRR A ARRA R AB TR KRG, AR CORAL H %k & /ML IR R Ar B ARIBAFLEAE b1
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31. Domain Separation Networks
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32. Deep Reconstruction-Classification Networks for Unsupervised Domain Adaptation

2 %4 (DRON):
R B AR 2 R 2 R B AME S
. BB R AR A
. RLEBARHKBETE
DRON 49 %m0 A3 R B AME S Z M L F 4y, mBAAR R0, L BR, 55 694RE M F AL RAF T B AR b 69 B4R
HAT R, BRHAEETETUAMARPNES, AXHARERN GG E R,

EX R p
BAMBER — AR A E R TR FANFRE 1) AR LR IBELAT 2 £ 1) TH BARRAAR T I AR AT —AERGRMN,
AAERAXFRENFL. H-AFERIEGERAL, ATRFEMN, ®EHARAT ARKBELGLERANBDE,

ft(I) = (glub °9enc)(:l')' (1)
fr(z) = (gdct o genc)('r)' (2)

A, fo ARBAREAMN, fr A FERKB TR, BOBHERF A g X > F, BB EGiec: F > X, REFM Gy F > Y
W KA B AR A

min ALZ* ({BOenc, Guab}) + (1 = ALY ({Bency Odec}), (5)
£,
C:'({eﬂnrveluh}) o Z-lr'(f(r(x:; {em.cvem,}),)'.’) ' (3)
=1
L ({Bunes Ouec}) = Y _ b (fr(x}; {Bunc: Outuc 1), X)) - (4)
=1

Z Vi lo&u:(x)
lc & UM+ Ir mv:iall""""‘&'(")‘uz‘

’



Input:
e Labeled source data: §* = {(x,.y, )} HdE
e Unlabeled target data: S| = {x}}]. img
e Learning rates: a. and ay;

1: Initialize parameters Gunc, Odec, Olabs

2: while not stop do

3:  for each source batch of size m, do
1 Do a forward pass according to @;
5 Let O, = {Bune, Bran }. Update 6,.:

6. + 6, - a Ve LI (6O,);

6:  end for

7:  for each target batch of size m; do

8: Do a forward pass according to @:

9: Let By = {Bunc, Odoc }- Update O,:

O, +— 6, —a,(1 —A)Ve, LIM(O,).

10:  end for

11: end while

Output:

e DRCN learnt parameters: @ = {(:3.,,.(. (-)d,.-_.é]..h};

33. Domain Generalization for Object Recognition with Multi-task Autoencoders

ERX 338
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the feed—forward MTAE reconstruction is

hi = Oene(W' %),

fon(X) = 0cae(VThy), 4)
WREFTHBIDBEZGRE, VORENBRBA QML EGRE,
EMMEA:
N
JeW) = Z (fom (%), %) (5)
é(“

= arg min Z J(O) 4 gr(OW), (6)
6“' yps
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Lightweight Unsupervised Domain Adaptationby Convolutional Filter Reconstruction

ERX 338

. PAE R Y6y AAREE AR, HAFeE ML domain shift HraadiEL S a9 b .

o TR BT BARESRAIEE B e R TR B R E .,

o AT Lasso 9T A, REFAFATERRIERZN0ZE, R KL SRR S L F LA,

EX 23

F— BB — &R B 52 domain shift 69%/vh

TR TESZ G ZEFRK, RAESEGTIES N H-BEIRAIES S,
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Fig. 1: The histograms of the flters” H-divergences for different Layers.

H-

»  Divergence measure

AR KL BB FRISA BARIBR) AOIESH, BAMEAHBAET ZNEGNGR, LS, ALEEAALBGHEE,
*  Filter selection

BER—F P RF-ANATHRGELE TR,

" r P
Br= urymin“{Z(f" — g — Zf, 30 + .\Z !._\:" -3} (2)

=1 =1 i1
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. Reconstruction

2 E BT AR S b, AR 2R AR R A IEB R a9 2, AAVEE ] R B2 A TR B A0k f, R EIRAEB, .

One-Shot Adaptation of Supervised DeepConvolutional Models

EX 338
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o 3T REATREE (DeCAF6, DeCAF7, DeCAF8) HZER & 4F/E
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36. DeCAF: Adeep convolutional activation feature for generic visual recognition

EX 3.¥:H
o HERAETH—AG ImageNet (—AME K AGFIEE) I 4k 69 B ARAP 22 ) % DeCAF 240 2] H AT A S48 48 ) 6945 %

EX 3300
1) AL FASHE BB P A 3 B A R A A IEFR B, £ ] t-SNE & visualize 4FIEA X 548 /7 . DeCAF 3L 2 AL Ay ik, Tirk
T 4 B F . T VAK IR E 09 ONN 4F AR 72 R 4 AR89 At /) 238 T F T 4545 (LLC 4= GIST) A=:% & CONN 442,

Ty ; &) GIST (ch DeCAF, dd)i)é(i’\l".
2)  ERELEH, AEEEEANGREIRK, EREK, BIERARAEIRHF LI ERE, @ pooling Ao RELU Z £ 69 7 4 I 3E
Fo, wTA:

(a) (b)

3) {ERAFEM CNN+logit ® Y7 H SWM, 6 EMe93ERIF, LB EXRML SN Logit DBEWHAREERS,

DeCAF; DeCAF; DeCAF;
LogReg 6320+ 6.6 SMINL16 BISTLO6
LogReg with Dropout . 8608 £ 08 5.68 £ 0.6
SVM 2zl 477212 X341 12
SVM with Dropout - 8691 =07 &5.51£09
Yong et al. (200%) M3
Jarrett et ol (2009) 65.5

37. Rich feature hierarchies for accurate object detection and semantic segmentation

PR EMA:
KR THEAEIGDE, BHAHIRAMNE (ImageNet ILSVC 2012): ARZEKE K F4Ke £, —F 7 B4E, 1000 £, &8
AW & (PASCAL VOC 2007): AR<HKE A T, ke £AlF{ 8, —7 B%, 20 £,
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1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (-2k) CNN features regions

(1) ARz X%
1# 1 7 Selective Search 77 ik — 7Kk 4% & & 25 2000-3000 AME ik Rk, A A D4 T
- A Ao E FH, HEAR S F AR KR
- EEAA DR, AFATRERSOANKR. TLAHNERERESFR—NPREHZE
- MBI Y B A TR, PTIREL KR
(2) REUFIE
1) AL 32
R RR R RS RBAFIEZ AT, & Rfetkit KRa — R F — R 227X 227,
o BWmAMAN: AERAGKTILY, BCAFRE, HTHEMLRAT, 24D ONN H N8y Koy 2274227, 4o F B (D) Fi 7 ;
o E@RMLAG: BAEBE, HitaxtEs ON &I EAE A R, XANE Rk
A, A#AEBIE KR F, 48 bounding box 898 T RIEMREFTH, REBHTRY; R EEMHE T RIEE R WINLT,
AR 2% bounding box ¥ &9 & 31HA L ; 4 T B (B) Fr;
B. 4 bounding box B ATk, REMBLH T ZAEAARESTHREA R (FFXMELZKR bounding box #1L% M &3
&), %= B (C) BT~

2) ARITHA

ATARENHE KB R FHAFET L4169 bounding box, %% thkey 2000 NMEMAEL TR TR AHA—NEALIFELT AT
BLAYAEIEAE . B S &RATE 2 A 10U 4 2000 4™ bounding box 3T4R%&, YA T —# CNN 9 ZR4& Bl . /£ CNN M #%, 4o £ ] selective search
ik b RAIZEBIE SR A TAREEHIEG T E R loU KT 0.5, A BAGRICZAELAEARIZ SRR LA (EH)), F 0 KAV
e BME R LA (7HD. 100 LT

-
B

10U = (AN B)/(AU B)

3)  AEEHEMINLE

B4 M Alexnet 89 WM B £ 69 TRIN %, 1F R Andb e 5 84l, KRB H fine—tuning I %,

4)  fine—tuning %

KA selective search % th RMERAE, RERILEAGE K NAA, BEH LG %4 onn A 2T Fine—tuning 4.
RIX B 69 bk EAA N £ AR 2 BATE Bde L@ T 25 L 49 ONN AE AL 69 3R 6 — 2 288 447, B 4l N1 AN b 69 AV 22 0 (m 1,
AT —AHF), RERX—EABRALHBEIAIENG T EH, LCREENAHTE; BERTATFIEUL SGD N4 T . b4y
A%, SGD 5 5] Fi&4% 0.001.

(3) SWM 4%
S NBKZE, FA S i — AN R AR RAR T 69k R & B Tz £ 09 E (B T XA LA Fe @ Az TR AR F o R G HEE K ).
(4) FEM K Hp4)

Non—Max imum Suppression #t & & &A% % score 4E [ 4= region 894 4R/15 8, A ¥ KB E 12 B L4 %89 bounding box (HAafiday e

PRE A E R K 49)
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38. Subspace Alignment Based Domain Adaptation for RCNN Detector

EX I3 8

EAARBETOELT, 42 A3 BAREN bounding—box, # E—MEATFEESFaEE LR, KAERA BARTZ N
Z 8] 6 H b F o )

it AR LI ZR49 RONN 42 35 Aot 5 Bl 2] B AR L, RFMBFRGT 2. BARF RS FHRERLHS,

T &F*k:
. Subspace Alignment

AV R0 FHRATARRAL, AT REAE 9 B A BATHIE @ F 2 AT E R PCA. £4F d DR KMAFIEAE, WA X LAFIERE A
1 HRABART R A, B Xs ATFRTERA Xt ATFAARTEM, £A-ATREEMNRERTZHN S BART Z W F:

F(M) = | XsM —Xr | M* = argmin(F (M)). (1

. Subspace Alignment for Adapting RCNN
1) — ki it selective searchikiF#bounding box Hground truthil FAEE & @A K F—A4E2 a9 48, WA A CAERF
R HRIBRT A
2)  #&ANEBARHIER LEITRONR M E, € R AR REIER L4469, BITRONKM & A B AREAE R 69 MR REEN R £
HFoOaFs. SHRRTENAEOR T RO ARLETOHRET ARG EHF K,
3) —ERMATBARTEANESEEA, KNAXEREE N BRTEN, FoAEFAAL LS AT RAFF &,

Algorithm 1 Subspace Alignment based Domain Adaptation for RCNN Detector

1: procedure SA BASED RCNN ADAPTATION(Source Data S, Target Data T)
for each image j € Sowrce and Target Image do
Windows(j) « ComputeSelectiveSearchWindows( j)
fear(f) « CompureCaf feFeat(Windows(j))
end for
InitRCNNdetector +— TrainRCNNonSource(SourceData)
for cach class i € Object Class do
PosSre(i) = () and PosT gt(i) = ()
for each image j € Source and Target Image do
ol(f) = CompuOverlap{gT Bbox( j,{),Windows(i)) > For source images
PosSrc(i) = Stack(PosSrc(i), feat (i)(ol(f) = 7) > For source images
score(i, j) = runlnitRCNNdetector(image(j)) > For target images
PosTgt(i) = Stack(PosT gt(i),feat (i)(score(i, j) > &)  » For target images
end for
Xsource (i) 4= PCA(PosSrc(i))
Xiarges (i) ¢~ PCA(PosT gt(i))
end for
for cach class i € Object Class do
19; ProjectMat() + SubspaceAlign(X,ource (i) Xiarge (£))
20 end for
21: AdapredRCNNdetector « TrainRCNNonSource( Pro jectedSrcData)
22 boxes + runAdaptedRCNNderector(ProjectedTgtData)
23 predictBbox + runNonMaximumSupression(boxes)
24: return predictBbox
25: end procedure
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39. Weakly Supervised Localization of Novel Objects Using Appearance Transfer

I2EA:
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v vy Bava 4 Bgvy (1)
2) HHRAAT AKX, FERMEHO
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o BB R G R KIREEAS I AL A
1) e RBR R EGELXHK AEEE) SIPMBER M, KAVT 2E R B —0k & T F a9 S WAL AL
W, = Bjuy + B + . Bxuy (3)
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W= YW, W, (4)
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40. Large Scale Semi-supervised Object Detection using Visual and SemanticKnowledge Transfer
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41. Learning Transferrable Knowledge for Semantic Segmentationwith Deep Convolutional Neural Network
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42. Best Practices for Fine-tuningVisual Classifiers to New Domains
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43. Borrowing Treasures from the Wealthy: Deep Transfer Learning through Selective Joint Fine-Tuning
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44. DLID: Deep Learning for Domain Adaptationby Interpolating between Domains
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45. PSD: Domain Adaptation for Large-Scale Sentiment Classification:A Deep Learning Approach
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46. Geodesic Flow Kernel for Unsupervised Domain Adaptation
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47. Beyond Sharing Weights for Deep Domain Adaptation
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48. Learning Deep Feature Representations with Domain Guided Dropout for Person Re-identification
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49. Zero-Shot Deep Domain Adaptation
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51. Weakly-Shared Deep Transfer Networks forHeterogeneous-Domain Knowledge Propagation
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52. Adapting Deep VisuomotorRepresentations with Weak PairwiseConstraints
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glr.lp:Onne) = .\-nl'mmxt(lg;)'( 22 lrpe)) {3)

Pairwise loss

FREAA AR L 6 R A B ARBREST, FAEERTEEFHFEAMN.

®

2
Lpuuwlu(’% or; P, Prope) = Z [ -'fg” -"1- ”tupi) ] 4
(LJIEP
p(f;h!;n NW “ﬂ;"Onw}—fuyﬂﬂmmlq. (5)

Complete objective

B RARE] A A K Oy, PR IR K PR AE S AR K Ly Ao R R £ Lo

B fAe BATRE T RIEGAFIE AT, RERRLAG B AR E AR A R IGECAT p, X BT AGARE T 2AAk B R B B ARE AR A

HHMAL,
—PPEBHE, AMNRTER, KM Lygmse BT & T 5 R B B4R RS 7 P R AR

53. Unsupervised Domain Adaptation for Face Recognition in Unlabeled Videos

ER 3 F 8

AN

A B KL RARIT R AL IR EIE R 48 /D R ATRZ 1M 09 £ 38, Fdoif A K IUAL 09 AR & L4445

Qkﬁ%%:0)@&%&@%%@%&&%%ﬂuﬁ@&ﬂ@%q(H)k&éﬁﬁ%%ﬁﬁf%ﬁﬁg;UH)@

X B A B S DB E AR,

R’ET *ﬁ*%ﬁiﬁ%‘l%ﬁ%%%ﬁ%ﬁé‘ﬁ%, T AR B S A MG AR R S AR, HFARSE AN AR IR A 69 & 5

G HEF, BRI ALAL G WL,

EX V8 H
BT P AR, R4, Eafe b th R, FERG AR ML R LR — 26y £IE,
AR ALY RSEALRE, BAEL—/NARIRR] 5] % &0 % VDNet, 1% 5] EF L4 Bl web ASRKIEEMI %, , HAHAHE

AT
ABE R %

(RFNet) .

k=)

1

TH

L& Fo i &0 R R R T I S Ae B R 494 k. VDNet X5 RFNet ¥ RIAR R 254, @ B4 Fl48 B 49 B 44 S 5 AT 461K
—2 2%, EHE D AT AEMIF P A ATH A, BT MRT 5ARRA G FAEER, FIELA LA R E S ARIR



AL

VDNet

)
Dly=1|v)

high quality low quality

Feature
' matching loss ‘

RFNet

(Sch 1’

_source: labeled Image

ﬁl:’ll—

domain bridge: svnthcsnzed image

( Domain |
—% VDNet ~——> adversarial loss ‘
- (Sec33) )

target: uniabeled video

Feature
' restoration loss
(Sec3.2)

Image
classification loss
(Sec3.2)

e

. feature matching (FM) loss
VDNet 494 4ERILHH A p(): RP - RK,RFNet 894FIE42IRE Hp(): RP - RN, #H L BBHEENL, ARAKEELEHV,
T
Lpnm = ‘II;I"M“ o(z)|13 (n
. feature restoration (FR) loss

1% VDNet “IE B R A FiE AT (A BB R)
L =i 3 Ba [l0(B) ~v@lE] @
xrcl

b B A, ERFIEY, KMNFEAT A LA 69 B 545k

® suEHEH: ABKERMILE (5, 15) feAEARSEAE (10, 30)

@ REZTA: EMNZAHRALERML6 1 69REEMLR T

® JPEG A%: MEAHKAMAIZEL (30, 75)

. Image classification loss (N-pair loss)

I i“s exp((Bi(x])) " (x:))

Lic=—% (3)
= SN exp(e(Bilz1)) T¥(zn))

NY
° Domain Adversarial Loss
@  Two—way D
1% A two-way softmax 4~ £ % D K45 R (y=1) F= B ARG SR B AR (y=2). R4 Bk B Bk, 12 B%49 4k B 4t
FEAUAL IR AR A% DI 5 o B T B — 3289

Lp = — Ecez[log D(y = 1/¢())]
— Ezenyuv [ log D(y = 2|¢(z))] (6)
Lasv = — Ezepnuv[logD(y = 1|é(z))] (D

@  Three-way D
£ ] three-way softmax £ % D R4 Rk (y=1) FebmBI% (y=2) Afl3m (y=3)
Lp = — Ezez[log D(y = 1]¢(x))]
~ Een) [ log D(y = 2|6(2))] (8)
~ Ezev[log D(y = 3|6(z)))
Lasy =—Ezepmuv|[logD(y = 1]é(z))] 9
. EAK B AR



L= Lpy + alpg + BLyc + vLagy (10)

. Discriminator—Guided Feature Fusion
BRI R K #F L8 B AR AR 09 BAR AN, B A4 d T A L2 RAE A — A% R E B2
BT ERNEGF0, WAV ORSHIEQEMRTAHFIEGE G IACEHME, T A7
2wev P(y=1¢ (@) ¢(v)
ZvevD(Zl: lo(v))

oy = (11)

54. Bi-shifting Auto-Encoder for Unsupervised Domain Adaptation

EX 3.¥:H
. Y AL B o fRLAD 55 69 AF 4% Pk e St ) S ARGE T 4 K — A8 EEAS 2] 5 — ANy T 4712
o WHRE ML R W ARIEAS A IR A T IR G 1 AR A AR

EX 323
Shifted Source
Domain (Labeled)
Source  Domain Farget  Domain
Q000 OO0 -+ "
= i . . I source domain sample
; ‘ ' shifted target domamn sample
e A 53
Q00
rr
QOO0 =
< Dishifting AE (BAE)
Bi-shifting Auto-Encoder ' e
- "':' . " B
) kY .
. '. . =N ‘. : ~.' *1'e .
" . . Y y
Labeled Unlubeled 1 ot P "+ shified source domain ssmple
Source Domain Target Domum . . b0 * target domain s'umrlc
. Auto-Encoder

81T BAE, JRIRHEARTT LA BARSAE AR, STl AR A R E A AR R R T RARR, BARBAE AT UL A TR,
T A RIBM A FAT R A E .
WALz O F G 35 W 2 ) — N AL &5 f Ao AL 35, B g Fag 0k, EATET A RIS A A4 34 REA B AR
7= f(x) = a(Wex+b,) (4)
glz) =a(W,z=b,).
glz) =alWyz + b, ). e
. sparely reconstructed
de RENBHREHL (FREZA) TAGBIRER REB) WIUANEANRAERREH, CMNEEEMEMUEYBIRLEH, TR
FEANMS A, B, BB BREELR (RERB) MR AHFRENGRBAE GREZAM), BIICMNER LG5 H,
g(fa(x)) =X\ 8], s.t. |8 <7 (6)
9 (LN AR TRBA SR R f AR 5 g, EH BAREMHE R, BiA—ANBANSA X GIERANHRAE
W) & AR BARR -

£ it Bl%"'.—gdﬁi&)ll[%* [|X B —gelfe(Xa))[13

"'i‘xaB-‘Bo'yfr',xrl,'“g’uxl'grl‘fr"xv)’”s\ 9)
b (X, 18+ 3T 1810 -
S,y REHMRIG A SR, BPRAMY Y FEAR TG OHARY, REH Y FHESOH ML THEE L,
Blsb, #Rica BB A (X,y) Tode# sl B Gy G & gd LGNyt sy m st KG, b BAREA I 57, Pk
AT R0 77 k7T AR B 5) £ BRI £ 5 £ 5.



55. Detecting Smiles of Young Children via Deep Transfer Learning

EX I3 8
o BHHEBETRARERA (ERETE) 694miR, FRAHTAHAE T RILEFRAN L, AT A RO IRCHRAERTI %,
. #) ) DAN A= JAN #4715 4552 5] £ 8L HiR A ey m A

ERT ik
DAN F= JAN 9 2244«

hans et [

L2

B T o)

."

o o " -
AOMET —ANEILAKGEIEE, namely Baby and ChildSmile (BCS). +F#|fiCelebFaces Attributes (CelebA) and FotW
PN AR SR B ATIEAS 5], SR AN, HEILAILE ST T55 69 BAR G b5 R A £53. 8%.

Race Smile  Non-Smile All
Caucasian 222 227 449
African-American 152 160) 312
Asiin 247 227 484
All 621 624 1245

«  Discrepancy Analysis
AT I U AR S5 B e 2 7, ARAFIRAN 4 RN AL,

Method Accuracy (%) Recall (%)
on For W Validanion

AlexNet 86,51 T7.08
ResNet %7.03 79.32

on BCS

AlexNet 59.12 25.60
ResNet 09,00 4589

e Contribution Assessment of Deep Transfer Learning
#| FIDANA=JANG , K R 42+

Method Accuracy (%) Recall (%)
AlexNet [15]  §9.12 25.60
DAN _AlexNet  77.03 63,77
JAN AlexNet 8385 74.23
ResNet [12] 69.00 45.89
DAN_ResNet  80.16 069,89
JAN ResNet 85,06 78.10

56. Central Moment Discrepancy (CMD) for Domain-Invariant Representation Learning

F2EA:

. VC B A 4 AR 6 B T o o 8B

. 5 KL AR, KL B R IRfe—Mde, KNG FEERT 250694, 5 MD 4Lk, KNG FEEER T HE N5 M4E,
f BLE TN % AT+ H 5 5 69 38 3 Ao M ARAE A9 4

. B % R R IR Ly oAl i 4 5 B A S R

. 542 # 77 7% MMD, DANN. DDC. DAN. COARL. DLID #8bA#REU/F T £ HF69 MLk

TRk



L N gorER TR T
CMD(p.q) = ol [E(X) - E(Y I],+L;—k: s fea(X) —elY)l,y (5)

where E(X} is the expectation of X, and
g N .
aulX) = (B( T X - EOxaY )) ‘
o) e 4

% 3 the final central moment discrepancy regularizer?ﬂCMDéﬁi’éEﬁﬁ?i‘l’ E—Z L OFEZATM T K () R HEAFRP S8y

HHE, ) BISRKFKANFIREG PSR, Fo(c) iBid A 2102 B8l LA BEE 97 6 A

57.

CMDK(X,Y) = e [[B(X) ~ B(Y )l 4 L’ G IOX) - CuY)l;  ©

2+ E(X) =y £, Cx(X) = E((2 - B(X))})
FOMD 5o AR BRA ALK, AR R AEHERELSR, AN KT

min E(Ilo..\\."\)‘ A d(.“"’(‘..\"f.x‘,rl”. .\r] )) (2)

e

Deep Transfer Metric Learning

EX 330
. DIMLiB it Z KL X RIBEH AR MMLAIFEES, AR ILERBADIRBERNETRENPHLER, KAOFIT—NEEEE

[ 5

. — TR —AEE SRR E S5 5] (DSTML) ik, ik R AEDTML P ifiAn—ANET 9069 B AR, 3t (232 Fo TRUE 69 30 h &1
RIS LA

EX 23

AT ok B RBA BARBRA DGR EMNER, KN EAF B AT LG FEAY 2 A 2h . BMPIAT AL R F LI I EA K0

a2 1) ARRA TALE) 2 F R KA R ML, Ao 2) 9 TR IR B ARIRZ 1) 69 08U TR0 M 2689 3 ML

Source domain
®e® 0e®
® A 0’. : e o Y A
AL A — *
AA @ ° o Ay 00
— Y A
Qo0 o .o o 8 Xk,
’ — A <
% ¥, &l fa SHCR? W
CpO":( v e GO ":\
DTML Source and target data
T et In transformed subspace
TN, SHEH i oY
flvnl(x] — hn‘ml
= (w';""'h‘-'" 1) +b |m|) RF \. m

BEE, BT —MHREHENREEZTF Ik
(M)

min J = 8§} M) _n S
I M o
M

+9 Y (W5 +[6™3), @

mw=l

Ada (a>0) A—AARGLEK, CTUFHEANERARNEZ NG EEXZ;|Z|pA T4 Z 5 Frobenius 584y (y > 0)

A—ANTIRHEENLSE; ScASbEXTREAERALN TSN, €T

N N
Sif'lf - ZZ ‘,II] (X4, X5 ), 4)

N N
™ M__)ZZQ., dflxix;), (5

I
-
|}

2
o G xix5) = [1™0) = fx)|| . @

. deeply supervised transfer metric learning (DSTML)



HMN#—FRE T —AREEFOLHSEEF ) DSTML) F ik, VAR Z4F3 4] B ATA E G4 & 69 £ A3 &, KA 2 T AT HRAF

M-1

min J = Jl.\!l 4 w_;ml h(.ll'mf' — glm) : (12)
!I\l Z )

m=]

Y _ olm) < (mlsy 3
Jim) = gtm) _ o g™ 4 8 D™ X, X,)

4+~ ‘Vl‘m) 2 'b(m) ’ ¢ “1)
£ ,(I Pl IJ R % mE6DIML 6954, JMRRMEMNMRK, JMWREm B EGRK.

h(x)=max (x,0), T RFME, #=HIJMREEH K. o™ R EF &R K 69 E,

58. Unsupervised Cross-Domain Image Generation

ITREH:
ERH—ANEAMEHHK, LPeI—A amulticlass GAN loss, an f-constancy component, and a regularizing component,
ZEAEB GHEEARTHRAZ AT,

EX 32 F

FRT —NHEREMGREAFZRL, AT HHCARMARZK f fo—NFI D g BR. T ARERBREMRRL, g h REMRRA
%,

AABK IO — AL AL AL GAN) 7, 35 G () HHTAREAF W AARBATRESHEAR, Lt x AF xt. H=
BEKAPITHENRIBAELR x, If() — (G IR FHEARKE GHHEART 442 4

BT ARBRARKA: BARBRAIE T AR K AR IBAI A IER K

Leano / Loang
—d D)%

lg(lx)
’

Leonst
AL LD F2 L&=Lgang + @Lconst + BLrip + vLyy
Lo = —Esealog Dy{g(f(x))) — Exee bog Dalg{f(x))) — Ezer Jog Da{x) (3)
Laana = = Ezeylog Dy(g(f(z))) — Ezer log Ds(g(f(x))) (4)
Leoxst Zdlflfr,‘.)’(y(ﬂ:))}) (5)
208
"ﬂl) = Z‘I’.-\'-r.(l'\'.r]'l (6)
Ft
Lty & anisotropic total variation loss, VAMEZE R BELAK-FH. z = [Zi,j] =G(x):
B
2 2\ 2
Lrt‘(::):Z((:-.\,-) - 244)" + (2is15 — 245) ) . (N

J
59. Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization

1R TH:
. BRARER A —ARKHA, AdaIN KA SR AR A T £, RIS A AL,
. RBRANEAS AR

. HEEERY

TRk

. Batch Normalization



RGO — EMANIE, SENT —NE—E, LA RB—NET A, REHFHEAMZGT —E,
o RBANEHEX ML — & AWM B JAEMT — LR B ENFLET —/&EB, IHEAH R ARF)IMNIFIE) EA07 L5
ANTTEGEH vy, B (RBREH) KRG HLF ) 269454

BNuq=n("f“’)+1 (i
)
i N o0 oW
""(‘r' . W “gx'g “'Z:, Lachu (2)
\J | N H W
ao() = || = (Z ot = prela))? + €
NHNW ;;lh:lm:l
(3)
. Instance Normalization
TEFBNE, X2 u (x) feo (x) AT A %EE G EANBE o MERITITHE:
INfr) =+ (f.:li(f.'l) + 3 4)
alr)
1 nH w
fucli) = i{'l_‘ Z Z Tnchw (3
b=l w=1
1 H W
Tnc(k) = '}1_“— Z Z'J‘m)-w -~ ‘,m,r_,-),"! +¢ (6)
h=} w=1
. Conditional Instance Normalization
RET—AEHEHNCNE, CHAEREXFEI) —AREAGEK ys o Bs, RFNLMHNAEHI:
CIN(z; s) = +* (f — '.’f"f.’) i (7)
alxr)

. Adaptive Instance Normalization
AdalN %A T % 5) &4 affine parameters. 488, & 8 & &AM XA+ 5 affine parameters:

& — ()

AdaIN(ir, ) = a{y) ( ) =+ ply) (8)

alx)

- -

~

\

]

. 1

o 1
g f

1

1

Style Transfer Network ,'

F¥ B A KA GG B K G2 B S AR 18], & AHE ) 5 A A B AR A9 S AR AR 4 A 2] AdaIN B3t F¥{ife b £, & 4 BARGFIEBR S =
18] t:

t = AdaIN( f{e), f(=)} )
MALAIIEAL B D 5 g AN 258K t meAt R BE = 1], AR FLERT (e, s):
I'(e,s) = ult) (10)
HHBR B, IHRDE
L=CL.+\C, (n
L= | flglt)) =tz (12)

L
£, = fintedglt)) — placd )iz +

=1

L
Y lletoilatt))) = aten)illa (13)

=1



60.

Revisiting Batch Normalization For Practical Domain Adaptation

ERX-3:¥:H
. FER PR 6 BN B, B R0 St BT 2] B ARIR, SFILT kg MAE S 09K B E B AR
. B ARIRAY St B R R IR P EA BN B 69 it 43R

EX 52" ¥
TR #ABE T % EA R B mini—batch BN 4F4E @ & 0 A 69 T AL, HA ERE—A D IE P BN it 438, TRA G ERA

FRHAEE. &R, ka8 FFAFRL BN it KB o A RFEH

61.

(a) Shallow layer distributions (b) Deep layer distributions

1) DNN )% B A=K BAR L BAEAS 6 R, AALB AT IR A by b B R B A TR 89
2) BN EMLT RO A T MAERA A IE

Algorithm 1 Adaptive Batch Normalization (AdaBN)
for neuron j in DNN do
Concatenate neuron responses on all images of tar-
get domain £: x; = [...,x;(m),...]
Compute the mean and variance of the target do-

main: pf = E(x}), o} = \/'V:u'(x;).

end for
for neuron j in DNN, testing image m in target domain
do
Compute BN output y;{m) := (x’(‘—"g:-‘:f) + 35
4
end for

Image Style Transfer Using Convolutional Neural Networks

TEBA:

. 4% ) ONN 34T 45 AE4R IR, ARG 4% ] iX B4R IR 3] 69 44 FE3E 4T reconstruct. A~ 49 CNN 49 conv layer 3RIRF| 4F4E 2 TR —HE 49,
KB RO RE T & ERFAIE, 3 BRIk & T texture 17 .4

. YE &A% F VGG19 &9 F 25 45 M) & #K feature extractor, X &R A &4 convd_1 ¥4 contentlayer, convl_1, conv2_1, conv3_1,
convd_1 #= convs_1 ¥ # style layer

T & Tk

1) BRI L4 content A= style 454k, style B1% a it Mk, i+ HH B4 AEPH E LAY stylerepresentation Al (£).
content B1% p @i M4, H A4/ — & T4 content representation P! (&),

2)  REHMALGEEE BRE x BiE W%, HHE style 44EG 2 content SFAEFL,

3)  AEH—ET, AT EC A Z MG RAERK Lo (£)o B it HPIAF 6 F 75 2N BERK Leonstent () o ERK Lot £
P A X 69 45 K 2 18] 69 Ko A
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. Content representation
—AEE x, BARANE R ARG RIEIOTBBRRTRG, —NEANANBERE R ZENASKNAMAFIER, MRFIER

4
BB ERATE . P, | BWvaR T G E—ANERF € RNXM

Locatint | F 1) = 'I'Z“-‘a P,"f _ =
24~

. Style representation
AT RFMANBAE R T, RAVE A — AN S 0] R ARSI & Sbadbh = 8] 5T VAR B & G944 & L 693 iE S 2 b4
#. CHRRMERS AR Z A4 XMAER, H Gram 4E5E (24 H LK 2 Gram JEE AL R TRAEE &, ERSH) £ T

Ghy=Y FiuFh. 3
n

Byt R A 4

,,_m?Zu.,,-.,,) ()
W
L

Layle(d. ) = Z unky. (5)

=0

Etoml(l.“- 0, )= “Cmnwul(l—‘: r) -+ fcst)'lc(ﬁn ?J (7’

62. Demystifying Neural Style Transfer

EX 338

o AR LIERA T IEELAY Gram 4E 50T MMD S AZ. [H sb, AY 22 A& A5 4 P 09 A4S 8 AR L2 By ONN 69380 9 A R R T 89,
T A oA 3 558 ILRA 4%

o RAA R EAETUA A A T R, KIS T kAR A R A ARAT A AR S R

o BB AR AR X4 domain adaption, FF4HFAEBEA P AL B 69 RAEAE AH — AL IR B AT, RESR
8938 E 5 19 AL EEAS BARAE A — AN A

EX 2+
Gram 4B 4 & 7 NAE IR 4 -
R
g - alR
Lote = 4‘\-‘3_\,‘3 ;_.2::.“ i — a4y i)
Al
Glhy= FiFj. (7
=1

BRI NKXIEF T, Gram EFELTAEBRE (6) X, TERMT M 2AXHMk (x, y) =xTy?49 MMD.
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fikTFEIEG % K 5], sLETSHUERME K 7.
. MMD with Different Kernel Functions

(1) Lineoar kemnel: Mx.y) = xTy:

(2) Polynominl kemel: k(x.y) = (xTy + )%

(3} Gaussian Kermel: kixX.y) = exp | — '—':,':‘f;ii]
. BN Statistics Matching
BN ZegsiitE (Apfifes £) A8 TRBAMIE, THWERB K, WOAER TR ARG M2 BN St 348, XA E L4REH &
WA F R LT o AFH —AFFREIRE R FIAL, RAVARME —A4F 2R 69 BN 227t & T AR TH Ko Bk, &A@ EHRRE
Bk R4 A BN St & (A ARR £) RME S — A H KBk

Ny

< 1 a \a
L'“v,'. = ’\’:; Z (”"F‘ — Jlf.;r 1+ (";—1 ) ‘7".;.' |-). )

=1

1 M, - 1 My
Il"-x = :"—If Z F,', '7}:[- = ‘_’l Z(F,ll -~ ll',,-l %5 (12)
3=1 3 =1

63. Synthetic to Real Adaptation withGenerative Correlation Alignment Networks

EX 3:¥:8

. #2555 T —#F Deep Generative Correlation AlignmentNetwork ( DGCAN), it 4 R EF 8 RBFIELITHFILEEIL,
1% CAD & A% I8 & 2 5% FRAR 3,

o AR 12 MARKA CAD A EAFIEZ I b a9 A%, R A =F CORAL A MY Kk £ F, iZ&mBIREA 5 LK BEA
A9 1K & 45 B

EX 32+

A CAD 4t B3 1% C Ao L H % BR RAE A AT A AT BZD, D5 CAD B & 24 R a3t 14K, A FEMR FRIRE g
ﬁ%%%%ﬂ%ﬁo@%%%%%TW&%rﬂ*@%B%ﬁﬁ,QﬁﬁﬁwﬁﬂT%E*&mﬂI%sé&ﬁ%%Mh%L%mﬁ
Xy = {conv3 — 2}, X, = {convl — 1, conv2 -1, conv3—1, convd—1, conv5—1}

conel ccotvl | conil *eomod | conedi.l
..... £ £ i £ £

corul cornl coral

x g C v cowi_1 o1 2 som_t a2 ctews 3 coned 2 | |comes 3 corved i comd 3 corve 3 coms_l tes 2 coms_3

"""""""""" mconvd.d
Lo

. Shape Preserving loss
HUOAR S F | BosEsEE, ] ORKIO | @, 1L ORKONSE AL,
i}
L= Y (GH Y@ - /Ol
Xy !
AV wfRRE, o' = N'F!
. Naturalness loss

Covg, Covr 2 354 B ARSI 7 £ 0948 I H L) %



oa=Y (~—“’% lCan(H'(D)) = Con(H'(R))|IF)
X, da

Con(H (M) =%m‘wfu‘w)
)

- sl TR TATH M)

64. Perceptual Losses for Real-Time Style Transferand Super-Resolution: Supplementary Material

KERGINGFRE D, BEIRARNERELLEEZMGINERK. B 2L ET T EITINHHHKE RS PG BT
GE I ESDSS R R PNCE YIRS ELE:
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