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Abstract

Machine learning and deep learning technologies have become one of the most important
and popular topics in society. However, these methods face many challenges in real-world
situations, such as the domain adaptation problem when there is a distribution shift between
the training and testing datasets. Moreover, the universal domain adaptation setting makes the
problem more realistic by introducing private classes in both the source and target domains.
Previous methods have generally considered the private class data as harmful and attempted to

minimize their impact, ignoring the potential value contained in these data.

To address this universal domain adaptation problem and improve upon previous methods,
this paper proposes an adversarial domain adaptation algorithm based on adversarial learning
and incorporating important components of semi-supervised learning algorithms. The algo-
rithm first performs supervised learning on the source domain and then partitions the common
and private parts of the data between the two domains without prior knowledge to achieve ad-
versarial feature alignment. The selected private class data from both the source and target
domains are then adversarially reused with the target domain’s common class data to recover

the potential value of the former and improve target domain classification.

This paper conducted extensive experiments to analyze the effectiveness of adversarial do-
main adaptation algorithms. The results show that the adversarial domain adaptation algorithm
exhibits excellent performance on various datasets, especially surpassing all baseline compari-
son algorithms on the challenging Office-Home dataset and VisDA2017 dataset. Furthermore,
processes such as sensitivity analysis and ablation experiments demonstrate the robustness of
the adversarial domain adaptation algorithm and the importance of each component of the al-

gorithm.

Key Words: Universal domain adaptation; Adversarial learning; Private data; Reuse
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PUEE A A Dy, Dy a0y Ieds G UL RIBIE )L )= GRL 4k

REFHESEIES F, HEIOR AR A K . 2B RE, frd B A R4E
Z =F(z)

RKERZEIPRE G BN KIE F R B, BRI IS F o i B
ik Z, Zaad sz, mlinrRER 9= G6(2).

RKEEAXRHUEREHN S D, Ok BIRES B EMRIRAE Z, SE P
VG PCLT& 7E 23 3L AP KR e AN AR Igds (KR AR 20 A

K BAXPUERERAG Dy, Dy, HAROR B A H Rk £, EEfRA
I AR ) B N AL Bl 5 A SEAE PISE, AN B ARG DY B E R AR IR H
PRIBUIAAAT R E P 3R BT 2a 00, A5 e A1 N ST A DL RS 2 H brisi 2 3 EE Dy
A, XFE AL B AEAS E AT R B MTE AR A 2345 S5 T LA e 0 M SR B SR B v F sl
R HE Dy BB 7 2K R

R, MRS D 5 EMFGN Dy, Dy LR —AMHEREGE F, BITEH R
P 3 A IS A 22 S A TR 5sRT AR AL A ST i et S P D P 384 (1 8 v A 14 22
SRV NI B, XAE AL B A A R H ARIA SRR Dy S EMBEA SR
M ZRAER s RUOATERAE RURFIE 22 18] B TR A JEREHE Dy SRR R, BEH I AifE
BoaeEE T .

KTBEREER GRL, 8RN ZRid R b [ A% 3 R R BUR 05 R 17 A% 38
J2 W28 AR B (iR ZE T SRR L, BE R AR M IS HL 1 GRL PIURAESE A
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WP SHRE (D, D, DY WG EFRHR, W7EE SR F RS H, 255
BPERIREXT F I SH0R BT RSB B H B, 7 IE o f R
i, GRL WG SRR f(2) = @ TRV, GRL MJ5SEZ3KIU,
REIETRLL MR, TR UL EIRT 2.

3.3 X PudsaE M A Ok R 2L

P3-2.1%) W 4% P T HLA) Al i 2R B ) = MR R T MR Lo s RFAERFFRK Laom
PAREH B IR Lyes TP 48 SSAHR 2% R B0 =25 20 e

I

aNes

o
Ao

2ES

>

min max E e Lee (i, yi:0r, 0)
0r-0c 0p.0py

BRI G3-1)

7 N

+ A Eaympe, amge, Ws(Ti) - Wi(x5) + Laom (T, 255 0F, 0p)
fﬁﬁijﬁ?ﬁ%

I )
+T- Emiwpcsjquctwd(wj) cwy () + Lye(xis 253 0p, eDi,z) ,

S O, 0. 0. Oy SPBIRBHIEIRIRG F. PRSI G, RPUHESOABIE D, Ao
FFIHIAE D, D) 154,
RURTITS, $ORE L G-1) o
UMM BRI, L) TR U, DA B R B bR A
z; GRS F SRS G RAFIMTBIN § = G(F(z:) 5 ML 4 1
2. HIERE LA

ICs
Eeimpe, Lee (Tis Yis OF, 0c) = —Eg,mpe, Z Yiclog(G i) (3-2)

A |G| FRonFERINER; v RoRTT TR HHEA o FRSIONET WL, &
JEL 05 G(F () KaFEA x; J& T ¢ BITHIHEER .

9 " IUONFHIEXS TR R, SN T X PUNE A SR Laom (+) XK BRI H bR
NISEHR AT RFAER 55, 31X B P~ B PR U AR 5w, AT, AT 2 SR KRR
KA SAT MU . HIE 3 UE SON:

]EiviNPcs@jNQths(mi) : wt(wj) ' *Cdom(mh T, QFa QD)
=Eg;~pe, ws(x;)log(1 — D(F(x;))) (3-3)
4B, () logD(F(x,))-
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ZE G IR BB (3-1) AT KR MEXSIE A (ming, maxg, ), 23 (3-3) HF A i
TR

HISEREE RIS F, ALK B B AR A IR D, A IR 4% D
fEr# it logD(F () B KAHD D(F () KA i A Edi ok B A 28 D,
i HYN G A 45 D AR5 log(1 — D(F(x;))) SRR D(F(x;)) S/, IXFERE
I PR 4 ) i N B PR SR

HRE e E: D, HEALIEKE B a2k D, BEIGRRHEIRIES F
Ll /M D(F(x;)), RS R BN IS D, BANGR LRI F UL
A H Y D(F(x))), XFEEREIEBNRIFEEAE D K H 0 RBI fiss > B4R

SR D HXTNE, BRI S AT O A AR, TR AR
Pt IR AR IR S Al LB X 5 2 P AN K R 25 8] 7

55 =Ty BRI, ARYE w,, w, AT BRI B AR R )5, A
AL T T, AR ST AN 2 e P (A 2 00

HARRAL, Ay AL Do A DY A A I RAEHE N 2R w,, wg CFIREAE SR 4 2 VE4H U
WD ST EA SR, B EAIILECE] B s A I MEE Dy e, DUE SRS
7R LTS H AR 2Ry e RE . vk, X B RRER DS BUPESR R L, (-) SR H AR
AR SR R = . HAERGE SON:

Ee~pe, 25, wa(x;) - we(x;) - Loe(Ti; 25308, 9D’1,2)
=Ea;qelog Dy (F(255)) + Eangelog Dy (F () (34)

+ o, gy, wa(@;)log(1 — Dy (F(x;)))

+ Eaiope, wi(®:)log(1 — Doy(F(25))) -

FALH 255 40K R AL (3-1) HRTEBA R B/ MEXTHTE L (ming,, maxg,, ), AR (3-4)
W i R s B R AR DY, DYy B AR A S N I B SRR 2 H BRI S8 2 P ARk
PRIBALAE R RT R Sr, MARHERREES F A EAE sy, BAEREEM R D, D),
XFE 0025 STk AR AT H AR A e S B 5 VR H FRsloRs A7 28 T E R i DL e )
AT RFAE S (Al

AL, BURREL (3-1) HSE N M 7 R BRI B R . RN S5 2k DL B
K = THAE AR B R A R 2

3.4 XFiigidE R R

P BOS R W E3-3 s, Fa N A ARSI S, LR E R g F 5hn3R
& Gy WA RIHE DRI §(x), BE—DEEEHEPE D v T SE R AEHE N R w, ().
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HES D

RHIESRE F -
WG
) —w argmaxy

0

Kb

> Wy

< wp

ESIES
3-3 NPT L X 2% A A

FELEE BME wo 21T, R w 5 wo MRANK R BLIGAF BT y-

argmax(y) w; > wy
y= ; (3-5)

ﬂi%ﬂ% wy < Wo

B RIS B 20RE H AR R A s 73 IO A R4k ¢ PINFON . —, BEARHIHK
(XFRAE4E) BIg—H) “RF17 K.
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s Hrisk

Pl 4-1 3 A v A P AL 13

3 E AR S IE MLV HE AR EL w,, wy, wa, w, BITERIPLERQIE4-107R, AR50
KA, At =M S5 A ORPARITES B a EREITR KW AN, Kty
RN T IGARR WS ALAT SR B, 1 i € 1) DY 3 A QAR R B A Al ] B2 PR AAAT 2
Hdhe

RUURHL, AT B A A RS H bkl dn Bodla g, 2R3 5 52 AR B dskad B k4
28— A P SR VR U 3 0w, oy JRAT REXS T P LSS EE A, — 7 A &
VEHEN R ER wa, w, /AT BEFZHE AT H AT o 208l DARS B H AR SRAE 55 . X AE B A
Jerm: LLHHRAE SR Wk, KOBEEPUT T RER Y, EOBEEEERME

A8 AR I B ws, wy, wa, w, AEFT XS EEAR KT, BIUOSHIRISORT H Ards b (0 Kodhs st
TR (w, = wi(x)), SEBL FRVE AL,

4.1 FRAEXT SRS

RRAEXT SERE I B A B IX 0 )@ T A3 C FIRAE 2K C, U C, MG EE. N T A3
XFERH Y, AR SO H FRISEE 73 01 A6 38 N AE X SR I R 2w, (+) AT w,(+)
FF H R B 2 LA AR

Eppows(x) > Emw%sws(:c), @D
Equcwt(x) > Em,\,%t U)t(w)o
LIRATE NS EAE — e Vu N R EE, DAERAS B A AU BE o BB AL R I PN
B TR SCHR R IEORE UL RE AN BR A T AW RS SR A0 1wy A wy o
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4l
i
&>
><l,

4.1.1 AL

SRR ACLRE Y T B A N BB 15 T T IR H ek, 38 & B R 4% CUANDHT|
g5 T — MR g, I s NS ORI, TIINSR B IR R R v 0, SREH
PRIEREIHAE 1, ELARXS UL A ) e 4B T A O i N R B3R RS . 3 U
RS, BOKHIH I E RS © 5 HAREEEAREL, TR B AREREA, B Bk =
Wk B 5 R AR

SR, UAN BRI 25 M ik = 558 P AR 70 A1 2 [8) v (] X R, 25 5 B 40
AR 5 B0 IE S BE TR B B U3, AR S R LR RT3 8 X 45 1R % 8
P ES D B d = D(F(x)) #EBAEOEE, NI

Bxgg, @ > Exnged > Exopod > Bxey d (4-2)

X~pg °

HARK (3-3), # D(F(x)) EHil&/N, MAAEG o B8 TR, SRR% (4-2) 1)
BOAKRTSHOL. BT IRIEAILH R Do F1 H ARtk A SRR Dyo FLZ2 401 [F] (1 bR %
&, 5 B SR DY AL, De R R De B, R 4-2) E—
ANKRFS AL, FEAARE 4-2) M5 =AKTS5Wor. el R d 7E s B s
THERE XS SR R wg (), wi(z)

4.1.2 XTPiimiEE

WA RE G M Pl g 605 8 TR NG B, AR M S SAE IR A
H ARSI A FES BT B 23 (0 A B AN [F], BPASEAY T2 PRUE7E AS [R] 2 8] A Fi0il i b
AR AR R TR, X WO TN 2 M. UAN {5 45 5k 240 T AR e 1
R — B SR T — e 5%, G = X6 B A B Tt i) 4 e 0 24

BB, ISR A E T S5 BB BB FE P I Y, [ N 2 BTN T
PEOLIB26T ) B, ARSI BEHgA BUE I Bidhzl, #2305 10 B T HE0RE 2= A
(AR AN [ () B e, 3 — 20 AT I TN AN i 1 DTS 31 X 70538 5 H bl A LR
SR KRB H K.

BARRUE, AN RANER o, REHBESRLE G HAIMBERNA v =
(@), y2(x), -+ yje ()] Ty Forb yi () FTRAE @ J& TR AL KR, ZFERRK
x BRI — 1R8] o' = @ — esign(—VaLee(x, maxieq ... c.p vi(x))), HHreH
PLah i R/ IR .

XIHTR BN 2 BEARZE E N BB R MES, T i e 2 20 AT sy

d= max y(x)— max y(z’), 4-3
ie{l,.., |cs|}y() ie{l,... \c5|}y( ) (4-3)
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FML L, X RS ST RE 2 B TR ANE E 1, XU RO, A R . T
FEAFAER R :
Exvge, 0 < Exnged < Evoped < Exupy 8o (4-4)

W IR AR, 0 H AR TEARIC Y, DT s B 5
AIEER), RIS B EE R, A SRR 7 AR SR, EH T H
PRI GRS BAARE T 5, HPNAS 0 B2 PO A 2 R g, Blexish RA &
SRIVEFENE, FTRMRIE (4-4) 28 AN TS5 RO,

IR, 25 RPN S H AR A SEREEE A “W g 7, Rk B IR 3538 DY
MR 2 32 2k A B ARIA L Dy RGN, WA E ARG TR, et
Mok. T C, 5 ¢ A, KRAFEEAAE D B BB A2 2] B s i
Wi, FARMEE REBONFEE, W —DAEERE, D BRKBZ L EG R, EES
B, R E R 2, BB (4-4) I =AM TS OL,

BEAh, AAREAAA REHE D R ARFMCH BB AR TR SR AR, JFHES
AEARMTEF A . 5 Dy PRI L, XSS s KR TN 52 i 8D,
RSB (4-4) 28— A/ N5 JlOT

413 NHEEES

L bR, B IANARE d A U A2 E & ) B S A5 BURFAE N TR I R w (),
wy(x):
ws(x) =d—19,

wt(w) =0 —d.
FH BT SRR LRE & FOXEHifmAs 25 & 15 SCrT o, W (E 383 [0, 1],

(4-5)

4.2  HbrEkE @RS

SR B AR A S DY A i R] A, 51N A SRS ABURE 5 3 6 R
ARSI BT B FHBEAS I R E wa(-) . FUE R CET: W E 5188 D T
B x; ~ qe, KA NI De B RFAE DY, NERITREE—ME R, Rz
B RHE AT FH0RE G IREATR x; ~ g, TETHEANHK cec, MER
AR TR A, NiZgE.
4.2.1 AFEMLLE

HEHHGAS DY ER RN T X BARET, 233K Dy Bl M a2 D Bk,
HA (3-4), HAPHGES D) M mT LA E R ;5 € D, J& T 23838 Dy IR,
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WE A E LR S

S DY (F () 8K, W w; SITERIA LA AL, BRSO T A T
NSEFHR, R LA FR N

Dy(F(x;)) = p(x; ~ qe|z; ~ qc,) (4-6)

FrOAEE D (F () M5k, ROZI T8 o) Bk 4 MokE M e A, 3—
S, T AT SR 5, [ B % SR04, i ik B
A B AT B D VPSS, ZE R FEISS D) 0 Rl A7 00— DA

ANFLFARUE 7 w) (F(x;))
Dy (F(x;

o oM Dy (P (=)

Horb |batch| ARESERA, FaxtaE—MEEMALSE «; 1970 BT I7—1L.

wg = (4-7)

4.2.2 5 A E

NGRS RE T, X Thr%En2Rdas G Wt , A T3 softmax 7% LK Wi
N EHE B P & 201 o

EHAAM, 4 M ANBR o, 2R RE G il AR §y =
i(x), y2(x), -+, ye, (@) "5 Herby,; () ATBEMRRE N @ JB T3N3 ¢ IOMES, AR N
JEGETEARZE M T = [Ty (2; p), To (25 p), - -+, Tiey (3 0)] T (p € RY R—NREH NS
He, FEH AP

2 W EAA RN T H s R BRAERFR A softmax 73 %

AR R4S G R D, LIZRR), XET G X0 K AA B RS HELE
PIEER 1 ASSEARUE UG, BT Bl D2 AR R TE (& — A 2 5 n] &
BIPS S EYSH

HARM S, Al THSEARZE T T (a; p) (A R AR K 7T 38 2 8] A SR 22 1 2 37 ) Ao
S 5, WR A B AR IAAAT Bl TN Z (B AR K, 1t W B BOR 70 SR A7 4L
REtE A PRI AR A BE o v] S . Tl Bl Rom o8 CGRILAILSEH
A HEAT A — 4D

2/
w; (x;) = max Tj(ax;p) — max T:(x;p)>
1 (@) i€{1p00|Csl} () FE{L s |Csl} g (@:p)
w2l(iE‘) (4-9)
wi(x5) = e

batch °
[batch] ZL’:Gf Iwczz/(mj)
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4l
1

423 NHEESLS

gi b, W w) = [wi(z), - wileper)] " M w] = [wi(x), - wi(@per)]"
NHTH x; ~ qp, AT AFELARUE 52505117 B2, Huang Z 55 AN U245 R IS 73 3
()77 22 AT T 55 H B R B8 A I R 3wy -

BARRUL, WER wl(x;) 8L w?(x;) KT ZROR, BWRE EATH o3 WE X T Z) m
A x; ~ qp, KT EAMERAESRIH B RETT, I ALER B 2 8] RS 7 wa(;)
I 5 B E oy . R, BT 2O wi(z;) A wi(x;) PAESNE R E— 1L B [F X
[H], PEATT7 2 var () ATASREEE, BPEA ETRRR:

var(w})

— ; ]
wy(x;) = var(wé) + var(wg) wa(®;) (4-10)

var(w3)

2
T:)o
var(w}) + var(wﬁ)wd( i)

4.3 PRI EIE
I ST X ST o A 5 5 AR LA R S P P Uk W = 791 )

1 A2 K88 G R2E MU A RN, MIPERAAA KE s D W RER iR T
H A3 it 7 R B R IR 2K

2. WAL A Bl bR 2E CRn, R HUE O N S RSB R R+ EfbeaE, H
F g AR m A SR B JEE R b AN e LB

NI, AR RO T IME wive TR, AR AR YR R AR T AR
FH w, XS TR ¢ BT HIBUE.:

cwg

cws(x;), ¢ € Cgo (4-11)

||M@

SE T USRI F R R w, IPHETTRL, 0 ¢ 76 C o, I SEIEERT 5
S we A5HOK, R e (T T, b, MR 2B
431 Dol

FRBISNSF IR T et RS R S b JS B B D25

. w9 - elvrle
[y]c Z\C s w9 . eluple ;¢ € Cso (4-12)
=1 "¢ P
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Hor [ FOR ARG ¢ Bl @R, REME g TR T Co KRS sl
1M J& T C MIARZE PG o5, Mt sREHHHE T D9h52E v, M2

4.3.2 IR I HEE R

LN RAE KRR D e EAH S, TS SN A ISR S e
F NG FE P/ b 47 3 PR R 2 w0, ()

N IERAR A TR bR BR T2 HE A AR D) Fid, HopdgnTr 5 H bR il - — 2L,
TR BT RRA:

o DyF(@) i
"k S Dy (P () ©

T T SSHIBTR RE bR,  ELAU B R M R 4T bR, W SR A St
FARAADSr s AE TR S S SRR 48 7 A L) - Sk — e SR, BBk g
BT K5 AR AL
HET IR 8, A ORI IR F I wers SRR wo, 01T FAT 2748 5758 G
RS AR AR 2 R &, PR ARZE S B wvd > wo BB 20 T BB ARZE 5 B w9 < wy
MRy, IXAF B AL B SEBR_ BEDU R 2 T Z RS JEIERA G AR 251 R O IR A AR 2
HIH M.

L T O 2 2 5% G OV bR A 5 A SR bR 4 € — 5,
e, T T R R MR SRR (I TARE A G eI 1
TR ), R KB AR A TIRISRA A b ds) 5 A LIRS 0 B AT HE
EERAE 1 B0, 577 T 75 B 08 R S ) BE Ay B LR o 2 IR AL A SRR R T
FIERSY, i3 LR AR 5 O RR A A AT AR (L 5 7, (A FIA 1.

e gk Ry i g B T 3K T R R A

2/ . —_— 7. — 7).
)= g ) - )
T PR . — R
' |baich| nyfcm wzl(ml)
Zi b, AT ZRABLE bR E A R I Y 3 BRSSO T B AR w, ()
_ var(w}) "
wr(@:) = var(w}) + ’Uar(w,?)wr(wz)
2) (4-15)
var(w; w2 ().

var(w}) +var(w?) "
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5 SEIG

51 SEIEE
5.1.1 SZIGZHT

FI A ) S296 453 T Python 3.7, PyTorch 1.7.1 5281, 3£ Nvidia GeForce RTX 3090 |
BEAT o R (d FE ImageNet?8] E Fi3)I| 2511 ResNetS0P A 18 RIFF IR ELSS F, H)5) 8%
D WM& S UAN WRIESREL, HpBE )2 GRL HIFIF: 240 H@fm —— -1

ARV 2RI 72 1 F IR Be i ok B 210 2 e s o F2 P ARRS an b % B Fras, BARIgAT
N ] 2 AR SR ARHS FE - https://github.com/RyunMi/Undergraduate-Thesis.

5.1.2 ¥iE%

Office-31 M B Hi 4 J& TF B B 130T B B 4, AR 3 MLSE A R AT (A
D. W) 7 31 KA. S2I{di FH 5 Caltech-256 B3 B A FL =2 1) 10 MR AIME A AL
W C, B P ORIER T RENT 1) 10 ANZEHIHAE Co, FIAN 11 ANFBIHAE C.

Office-Home ") ¥ 5 4 /2 — M LL Office-31 B KM ENALEIESE, £ 4 M
AR A 65 M0t 5KA: ZREME (Ar) . BIMGEEIE (CD. =5 E# (Pr) M
St S (Rw)o SEIGFE IR 2 BEIBUF A AT 15 NRIEN C, BRI 20 N2RAER Cs,
FHRH 30 NEIENCo

VisDA2017 UV HHR A L3 T — MRFIR N BUE N B . OB B B S o Y5 i ik 51
BRI ERAR, B bR B set R G XN EARE A 12 M. LR
HR B F AT 6 NRAEN C, BRI 3 ANRIERN Cr HART 3 NRIER Cos

5.1.3 JEAELEREVE
RS RO R P 246 5
1. PARIGE N T O iR 2% (DANNDD;

2. MR N Ty i, EEAE A STV R 2 (TIWANDD) - 870 X6 i 1380 B 3
(PADABD);

3. FPEESGERN ik IR ECRIAR B L (ATIRD) ., P8 LR EE: (OSBPED),
4, JEAEGEN 7 EAEEN S (UANDD,
BEAT HE#L
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51.4 PHE7ER

LIRS UDA FAHFE PP, A FRRAAA REE4E C, T A Bl # A
G CORFT I, T |C + 1] SRR SR IR R R R AR

%% 5-1 Office-31 ¥4 5 VisDA2017 45 2 1135 79 20

_— Office-31 % ¥4 VisDA $ 4 4
A—=D D—A AW WA DoW W—D “FHfHE R
DANNI 739 739 776 819 799 857 788 49.5
IWAND! 753 832 820 845 889 875 836 54.9
PADAL! 730 546 822 810 782 884 762 42.1
ATI® 754 779 764 80.0 914 876 815 51.3
OSBPB) 652 468 636 593 726 833  65.1 28.3
UANIT 773 844 824 834 935 953  86.1 56.9
DA2L 793 818 794 81.6 881  90.8 835 61.8

KT FRBAR N 7 LIRS R R 5-1. MRS 20 7R, Al AL, ARSCHEH
LIS ML (BUR RN DAL RN AR LN 0 FRGE AR A T H 2
—ERRE FEART T AR, T T A FEIE A SR . FONEH DL
SATEOLIANE, RIS R h — e 2.

BARTIE . AT Office-31 B ML as R (R5-14MD, HERATLUEH, UAN
FEWE 3 0 FNE L EAR T AL DAL 53%, TWAN FIERF 0BG DAL &
ERERE, MHEREEN PR R EES DAL EyiE M LA EAR . XAl a2 i T At
UAN 532, fEIEHEE N R E T, HRM SRS AT P, SEte s
2l Rett RAEPRI_ R A AT B A A 2= 1 o DAL 59k, H UAN
SRRV 2 1 R R T BB AE T Office-31 B HIR &/ KA MIRE S, S EUREHA
A REE BARBRAA BB E T B PRSP b A 22, T AE L AR G A B AT
FHRG 258, S ABISZMA 4 R, DL T8 AR b A Bk 8 2 IR 4 1 3 P 380 o i)
FHEREIFAK R, ERTPGERESR], T A — D HEMN AE, B4 UAN FIEE N 3
R R R 22, MRS DAL BIARIME R, XaJRe 2R A A — D
WET, A ILEEIE 7 A R 2T B H bR A LR 7028, LA
FH 5 22 p AE VR IR H AR IR A R8s A, 10 DAL SRR R A T3 B T >k A
15 B B i (3 RS L

2, T AEALEE ) Office-Home ##E4E, AT Office-31 FirEmME, H
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7% 5-2 Office-Home E¥E4E 1P 43 F0E

(=AGR DANNDIT  TWANDB!  PADAD!  ATI!  OSBPB!  UANIM | DA%L
Ar—Cl 43.1 40.3 30.3 40.6 36.6 48.3 45.2
Cl—Ar 48.2 49.6 43.9 49.9 41.6 54.0 51.6
Ar—Pr 60.1 59.8 51.0 59.1 44.8 60.9 61.1
Ly | ProAT 54.3 58.2 37.6 57.7 47.9 60.8 58.7
% Ar—Rw | 713 71.0 62.6 70.5 63.0 72.1 72.5
% Rw—Ar | 58.0 56.6 55.5 55.6 51.6 60.9 61.0
£ | Cl>Pr 49.0 47.4 45.0 48.3 41.1 52.5 55.7
?5 Pr—Cl 42.6 43.0 26.8 433 33.3 43.9 45.2
%‘3 Cl—Rw 60.5 61.6 56.0 61.0 53.7 61.7 65.3
Rw—Cl 41.6 433 32.3 43.7 40.0 45.9 49.1
Pr—Rw 69.4 68.8 64.4 69.3 64.2 70.2 72.5
Rw—Pr 69.9 70.5 69.7 70.0 67.1 70.9 68.2
FEIME 55.7 55.8 47.9 55.8 48.7 58.5 58.8

FKABHELZ, BIEEFEREA, HLBER (K52 ATLURI, ARCIRHK DAL &
VEAE 12 A ERCE T 8 MG ST 2 SRS FE B T A i LA S, I Hoar 264G
JE PR R R IR, IR 0B T2 AR B B £ 1) Office-Home ZU4R4E, YRSk
BIRAE A LR IR 0T CE Tk 2 B AR A LRI KT RT, M
PR RS R BCIR SR B AR FA A 5 43 rT B R (9 a3 508, mT DA o s R — e F ot AL
TERER IGO0 N HA ARSI . R IR FEFEA L UAN BERE R SR,
EAKHT SRR, DAL 8L VI R T HA R BEEER &R A% H 2 M HdE45%
I BAEVF 21500 T I8 B 5T 1970 88U

e, RS- VEAM—FIFR, KT =A o 4 sp 3o & 5K 1) VisDA2017 $idf
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config.py

import yaml
import easydict

from os.path import join

class Dataset:
def __init__(self, path, domains, files, prefix):
self.path = path
self .prefix = prefix
self.domains = domains
self.files = [(join(path, file)) for file in files]

self.prefixes = [self.prefix] * len(self.domains)

import argparse

parser = argparse.ArgumentParser(description='Code for #*Domain
Adaptation Based on Adversarial Learning*', formatter_class=argparse.
ArgumentDefaultsHelpFormatter)

parser.add_argument('--config', type=str, default='config.yaml', help='/
path/to/config/file')

args = parser.parse_args()

config file = args.config

args = yaml.safe_load(open(config file))

save_config = yaml.safe_load(open(config file))

args = easydict.EasyDict(args)

dataset = None

if args.data.dataset.name == 'office':
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dataset = Dataset(
path=args.data.dataset.root_path,
domains=['amazon', 'dslr', 'webcam'],
files=[
'amazon.txt',
'dslr.txt',
'webcam.txt'
1,
prefix=args.data.dataset.root_path)
elif args.data.dataset.name == 'officehome':
dataset = Dataset(
path=args.data.dataset.root_path,
domains=['Art', 'Clipart', 'Product', 'Real_World'],
files=[
'Art.txt',
'Clipart.txt’',
'Product.txt’',
'Real_World.txt'
1,
prefix=args.data.dataset.root_path)
elif args.data.dataset.name == 'visda2017':
dataset = Dataset(
path=args.data.dataset.root_path,
domains=['train', 'validation'],
files=[
'train_list.txt',
'validation_list.txt'
1,
prefix=args.data.dataset.root_path)
dataset.prefixes = [join(dataset.path, 'train'), join(dataset.path,
validation')]
else:

raise Exception(f'dataset {args.data.dataset.name} not supported!')

source_domain name = dataset.domains[args.data.dataset.sourcel

target_domain _name = dataset.domains[args.data.dataset.target]
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source_file = dataset.files[args.data.dataset.source]

target_file = dataset.files[args.data.dataset.target]

data loader.py

from config.config import *

from easydl import *

from collections import Counter

from torchvision.transforms.transforms import *

from torch.utils.data import Dataloader, WeightedRandomSampler

1

assume classes across domains are the same.

[0 1
N - 1]
| -———common classes —-—/[----source private classes —-—[/[-—-—-target
private classes ——/

1

a, b, ¢ = args.data.dataset.n_share, args.data.dataset.n_source_private,
args.data.dataset.n_total
c=c-a-»>o

common_classes = [i for i in range(a)]

source_private_classes = [1i + a for i in range(b)]

target_private_classes = [i + a + b for i in range(c)]
source_classes = common_classes + source_private_classes

target_classes = common_classes + target_private_classes

train_transform = Compose([
Resize(256),
RandomCrop(224) ,
RandomHorizontalFlip(),

ToTensor ()

D

test_transform = Compose ([
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Resize(256),
CenterCrop(224),

ToTensor ()

D

source_train ds = FileListDataset(list_path=source_file, path_prefix=
dataset.prefixes[args.data.dataset.source], transform=train_transform,
filter=(lambda x: x in source_classes))

source_test_ds = FileListDataset(list_path=source_file,path prefix=
dataset.prefixes[args.data.dataset.source], transform=test_transform,
filter=(lambda x: X in source_classes))

target_train_ds = FileListDataset(list_path=target file, path_prefix=
dataset.prefixes[args.data.dataset.target], transform=train_transform,
filter=(lambda x: x in target_classes))

target_test_ds = FilelListDataset(list_path=target file, path_prefix=
dataset.prefixes[args.data.dataset.target], transform=test_transform,

filter=(lambda x: x in target_classes))

classes = source_train_ds.labels
freq = Counter(classes)
class_weight = {x : 1.0 / freqlx] if args.data.dataloader.class_balance

else 1.0 for x in freq}

source_weights = [class_weight[x] for x in source_train_ds.labels]

weight_random_sampler = WeightedRandomSampler (source_weights, len(

source_train_ds.labels))

source_train_dl = Dataloader(dataset=source_train_ds, batch_size=args.
data.dataloader.batch_size,shuffle=False, sampler=
weight random_sampler, num_workers=args.data.dataloader.data_workers,
drop_last=True)

source_test_dl = Dataloader(dataset=source_test_ds, batch_size=args.data.
dataloader.batch_size, shuffle=False, num_workers=1, drop_last=False)

target_train_dl = Dataloader(dataset=target train_ds, batch_size=args.

data.dataloader.batch_size,shuffle=True, num_workers=args.data.
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dataloader.data_workers, drop_last=True)

target_test_dl = Dataloader(dataset=target_test_ds, batch_size=args.data.

dataloader.batch_size, shuffle=False, num_workers=1, drop_last=False)

net.py

import torch
import torch.nn as nn
from torchvision import models

from easydl import *

class BaseFeatureExtractor(nn.Module):
def forward(self, xinput):

pass

def __init__(self):

super (BaseFeatureExtractor, self). _init_ ()

def output_num(self):

pass

def train(self, mode=True):
# freeze BN mean and std
for module in self.children():
if isinstance(module, nn.BatchNorm2d):
module.train(False)
else:

module.train(mode)

class ResNet50Fc(BaseFeatureExtractor):

nnn

** input image should be in range of [0, 1]**

nnn

def __init__(self, model path=None, normalize=True):

super (ResNet50Fc, self). _init__ ()
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if model_path:
if os.path.exists(model path):
self.resnet_model = models.resnet50(pretrained=False)
self.resnet_model.load_state_dict(torch.load(model path))
else:
raise Exception('invalid model path!"')
else:

self.resnet_model = models.resnet50(pretrained=True)

if model path or normalize:
# pretrain model is used, use ImageNet mormalization
self .normalize = True
self.register_buffer('mean', torch.tensor([0.485, 0.456,
0.406]) .view(1, 3, 1, 1))
self.register_buffer('std', torch.tensor([0.229, 0.224,
0.225]) .view(1, 3, 1, 1))
else:

self.normalize = False

resnet _model = self.resnet_model
self.convl = resnet _model.convl
self.bnl = resnet_model.bnl
self.relu = resnet_model.relu

self .maxpool = resnet_model.maxpool

self.layerl = resnet_model.layerl

self.layer2 = resnet_model.layer2

self.layer3 = resnet_model.layer3

self.layer4 = resnet_model.layer4
self.avgpool = resnet_model.avgpool

self. in features = resnet _model.fc.in features

def forward(self, x):

if self.normalize:
x = (x - self.mean) / self.std
self.convl(x)

self.bnl(x)

i
I

i
I

37




66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86

87

88
89
90
91
92
93
94
95
96
97
98
99
100

WE A E LR S

= self.relu(x)

= self.maxpool(x)
= self.layerl(x)
= self.layer2(x)
= self.layer3(x)
= self.layer4(x)
= self.avgpool(x)

Eo T T T A A S s B o

x.view(x.size(0), -1)

return x

def output_num(self):

return self._ _in features

class CLS(nn.Module):

mnmnn

a two-layer MLP for classification

def __init__(self, in dim, out_dim, bottle_neck_dim=256):
super (CLS, self)._ _init__Q)
self.bottleneck = nn.Linear(in_dim, bottle neck dim)

self.fc = nn.Linear(bottle neck dim, out_dim)

self.main = nn.Sequential(self.bottleneck, self.fc, nn.Softmax(dim

=-1))

def forward(self, x):
out = [x]
for module in self.main.children():
x = module(x)
out.append (x)

return out

class AdversarialNetwork(nn.Module):

mnmnn

AdversarialNetwork with a gredient reverse layer.

1ts " forward™ ™ function calls gredient reverse layer first,

38
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applies ~“self.main” " module.
def __init_ (self, in feature):

super (AdversarialNetwork, self)._ _init Q)

self.main = nn.Sequential(
nn.Linear(in_feature, 1024),
nn.ReLU(inplace=True),
nn.Dropout(0.5),
nn.Linear(1024,1024),
nn.ReLU(inplace=True),
nn.Dropout(0.5),
nn.Linear (1024, 1),
nn.Sigmoid()

)

self.grl = GradientReverseModule(lambda step: aToBSheduler(step,
0.0, 1.0, gamma=10, max_iter=10000))

# coeff = 0.0+ (2.0 / (1 + np.exp(- gamma * step * 1.0 /
maz_iter)) - 1.0) * (1.0 - 0.0)

def forward(self, x):
x_ = self.grl(x)
y = self.main(x_ )

return y

utils.py

from easydl import *
import torch.nn.functional as F

from config.config import *

def seed_everything(seed=1234):
import random
random.seed (seed)
torch.manual seed(seed)
torch.cuda.manual seed all(seed)
np.random. seed(seed)

import os
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os.environ['PYTHONHASHSEED'] = str(seed)

def TempScale(p, t):
return p / t

def perturb(inputs, feature_extractor, classifier, class_temperature

=10.0):

with TrainingModeManager ([feature_extractor, classifier], train=False

):

inputs.requires_grad = True

features = feature_extractor.forward(inputs)
_, _, score, _ = classifier.forward(features)
score = score / class_temperature
softmax_score = nn.Softmax(-1) (score)

max_value, max_target = torch.max(softmax_score, dim=1)

xent = F.cross_entropy(softmax_score, max_target.detach().long())

torch.autograd.grad(xent, inputs) [0]
torch.ge(d, 0)
(d.float() - 0.5) * 2

Qo
I

# Normalizing the gradient to the same space of image

d[ol[0] = (d[0][0] )/(0.229)
d[0o][1] = (d[01[1]1 )/(0.224)
dfol[2] = (d[01[2] )/(0.225)

inputs.data.add_(-args.train.eps, d.detach())

features = feature_extractor.forward(inputs)

_, _, output, _ = classifier.forward(features)

softmax_output = TempScale(output, args.train.temp).softmax(1)
max_value_hat = torch.max(softmax_output, dim=1).values

pred_shift = torch.abs(max_value - max_value_hat) .unsqueeze(1)

return pred_shift

def reverse_sigmoid(y):

return torch.log(y / (1.0 - y + 1e-10) + 1e-10)
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def get_source_share weight(domain out, pred_shift, domain_temperature
=1.0):

domain_logit

reverse_sigmoid(domain_out)

domain_logit = domain logit / domain_temperature

domain_out = nn.Sigmoid() (domain_logit)

pred_shift = (pred_shift - pred_shift.min()) / (pred_shift.max() -
pred_shift.min())

pred_shift = reverse_sigmoid(pred_shift)

pred_shift = pred_shift / domain_temperature

pred_shift = nn.Sigmoid() (pred_shift)

weight = domain_out - pred_shift

weight = weight.detach()

# entropy = torch.sum(- after_softmaz * torch.log(after_softmaz + le
-10), dim=1, keepdim=True)

# entropy_norm = entropy / np.log(after_softmaz.size(1))

# weight = entropy_morm — domain_out

# weight = weight.detach()

return weight

def get_target_share weight(domain out, pred_shift, domain_temperature
=1.0):
return - get_source_share weight(domain_out, pred_shift,

domain_temperature)

def normalize weight (x):

X (x - x.min()) / (x.max() - x.min())

x = x / torch.mean(x)

return x.detach()

def common_private_spilt(share_weight, feature):

indices_private = torch.nonzero(torch.lt(share_weight, args.test.w_0)
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)
feature_private = torch.index_select(feature, 0, indices_privatel:,
01)

indices_common = torch.nonzero(torch.ge(share_weight, args.test.w_0))

feature_common = torch.index_select(feature, O, indices_common[:, 0])

return feature_private.detach(), feature_common.detach()

def get_target_reuse_weight(reuse_out, before_softmax, reuse_temperature
=1.0, common_temperature = 1.0):
reuse_logit = reverse_sigmoid(reuse_out)
reuse_logit = reuse_logit / reuse_temperature

reuse_out = nn.Sigmoid() (reuse_logit)

before_softmax = before_softmax / common_temperature

after_softmax = nn.Softmax(-1) (before_softmax)
max, _ = after_softmax.topk(2, dim=1, largest=True)
class_tend = max[:,0]-max[:,1]

class_tend = class_tend / torch.mean(class_tend)

# class_tend = reverse_sigmoid(class_tend)

# class_tend class_tend / reuse_temperature

# class_tend = nn.Sigmoid () (class_tend)

w_rl = torch.var(reuse_out)
w_r2 = torch.var(class_tend)
w_rl = torch.where(torch.isnan(w_rl), torch.full like(w_rl, 0), w_rl)
w_r2 = torch.where(torch.isnan(w_r2), torch.full like(w_r2, 0), w_r2)

if w rl or w_r2:

wr=(wrl/ (wrl+ w r2) *x reuse out).view(-1) + \
(wr2/ (wrl+ wr2) x class_tend) .view(-1)
else:

w_r = reuse_out.view(-1) + class_tend.view(-1)
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110 w r = w_r.detach()
111
112 return w_r
113

114 | def compute_avg weight(weight, label, class_weight):

115 for i in range(len(class_weight)):

116 mask = (label == i)

117 class_weight[i] = weight [mask] .mean()

118 class_weight = torch.where(torch.isnan(class weight), torch.full like

(class_weight, 0), class_weight)
119 return class_weight

120
121

122 | def pseudo_label_calibration(pslab, weight, pslab_temperature = 1.0):

123 #wetght = weight.transpose(1, 0).ezpand(pslab.shapel[0], -1)
124 weight = normalize weight(weight)

125 pslab = torch.exp(pslab / pslab_temperature)

126 pslab = pslab * weight

127 pslab = pslab / torch.sum(pslab, 1, keepdim=True)

128 return pslab, weight.detach()

129

130 | def get_source_reuse_weight(reuse_out, fc, w_avg, reuse_temperature=1.0,

common_temperature = 10.0):

131 reuse_logit = reverse_sigmoid(reuse_out)

132 reuse_logit = reuse_logit / reuse_temperature

133 reuse_out = nn.Sigmoid() (reuse_logit)

134

135 label_ind = torch.nonzero(torch.ge(w_avg, args.test.w_0))
136 fc = torch.index_select(fc, 1, label ind[:, 0])

137 # fc = F.normalize(fc, p=1, dim=1)

138 fc = fc / common_temperature

139 fc_softmax = nn.Softmax(-1) (fc)

140

141 if min(fc_softmax.shape) ==

142 class_tend = torch.zeros((fc_softmax.shape[0]),1)
143
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if fc_softmax.shape[l] ==
class_tend = fc_softmax
else:

max , = fc_softmax.topk(2, dim=1, largest=True)

class_tend = max[:,0]-max[:,1]

class_tend = class_tend / torch.mean(class_tend)

# class_tend = reverse_sigmoid(class_tend)

# class_tend class_tend / common_temperature

# class_tend = nn.Sigmoid() (class_tend)

w_rl = torch.var(reuse_out)
w_r2 = torch.var(class_tend)
w_rl = torch.where(torch.isnan(w_rl), torch.full like(w_rl, 0), w_rl)
w_r2 = torch.where(torch.isnan(w_r2), torch.full like(w_r2, 0), w_r2)

if w rl or w_r2:

wr=(wrl/ (wrl+ w r2) *x reuse out).view(-1) + \
(wr2/ (wrl + w r2) x class_tend) .view(-1)
else:

w_r = reuse_out.view(-1) + class_tend.view(-1)

w_r = w_r.detach()

return w_r

main.py

from data.data_loader import *
from models.net import *
from models.utils import *
import datetime
from tqdm import tqdm
if is_in notebook():
from tqdm import tqdm_notebook as tqdm
from torch import optim
#from torch.utils.tensorboard import SummaryWriter

from tensorboardX import SummaryWriter
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import torch.backends.cudnn as cudnn

cudnn.benchmark = True

cudnn.deterministic = True

seed_everything()

if args.misc.gpus < 1:
import os
os.environ["CUDA_VISIBLE_DEVICES"] = ""
gpu_ids = []
device = torch.device('cpu')

else:
gpu_ids = select_GPUs(args.misc.gpus)
device = gpu_ids[0]

now = datetime.datetime.now().strftime('%b%d-%H_%M_%S"')

log dir = f'{args.log.root_dir}{now}'

logger = SummaryWriter(log_dir)

with open(join(log _dir, 'config.yaml'), 'w') as f:

f.write(yaml.dump(save_config))

model dict = {
'resnet50': ResNet5O0Fc,
'resnext101' :Resnext101Fc

class TotalNet(nn.Module) :
def __init__(self):
super (TotalNet, self)._ _init__ ()

self.feature_extractor = model dict[args.model.base_model] (args.

model .pretrained_model)

classifier_output_dim = len(source_classes)
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self.classifier = CLS(self.feature_extractor.output_num(),
classifier_output_dim, bottle_neck dim=256)

self.domain discriminator = AdversarialNetwork(256)

#self.domain_discriminator_separate = AdversarialNetwork (256)

self.reuse_discriminator_s = AdversarialNetwork(256)

self.reuse_discriminator_t = AdversarialNetwork(256)

def forward(self, x):

f = self.feature_extractor(x)

f, , __, y = self.classifier(f)

d = self.domain discriminator( )

#d_0 = self.domain_discriminator_separate(_)
hat d_s
hat d_t
return y, d, hat_d_t, hat d_s #d 0#, hat_d_s, hat_d_t

self.reuse_discriminator_s( )

self.reuse_discriminator_t( )

totalNet = TotalNet()
totalNet.to(device)

feature _extractor = nn.DataParallel(totalNet.feature extractor,
device_ids=gpu_ids, output_device=device).train(True)

classifier = nn.DataParallel(totalNet.classifier, device_ids=gpu_ids,
output_device=device) .train(True)

domain discriminator = nn.DataParallel(totalNet.domain discriminator,
device_ids=gpu_ids, output_device=device).train(True)

reuse discriminator s = nn.DataParallel(totalNet.reuse discriminator_s,
device_ids=gpu_ids, output_device=device).train(True)

reuse discriminator t = nn.DataParallel(totalNet.reuse discriminator_t,

device_ids=gpu_ids, output_device=device).train(True)

# =================== eygluation

if args.test.test_only:
assert os.path.exists(args.test.resume file)
data = torch.load(open(args.test.resume_file, 'rb'))
feature_extractor.load state dict(datal'feature_extractor'])

classifier.load _state dict(data['classifier'])

46




76
71
78

79

80

81

82

83

84
85
86
87

88

89

90

91
92
93

94

95

96

97
98
99
100
101

102

WE A E LR S

domain discriminator.load state _dict(data['domain_discriminator'])

# w_avg.load_state_dict(datal['w avg'])

counters = [AccuracyCounter() for x in range(len(source_classes) + 1)
]
with TrainingModeManager ([feature_extractor, classifier,
domain_discriminator], train=False) as mgr, \
Accumulator(['feature', 'predict_prob', 'label', 'domain_prob'
, 'before_softmax', 'target_share_weight']) as
target_accumulator:#, \
#torch.no_grad():
for i, (im, label) in enumerate(tqdm(target_test_dl, desc='
testing ')):
im = im.to(device)

label = label.to(device)

feature = feature extractor.forward(im)

feature, __, before_softmax, predict_prob = classifier.forward
(feature)

# predict_prob, _ = pseudo_label_calibration(predict_prob,
w_avg)

domain_prob = domain_discriminator.forward(__)

pred_shift = perturb(im, feature_extractor, classifier,

class_temperature=1.0)

target_share weight = get_target_share weight(domain_prob,

pred_shift, domain_temperature=1.0)

for name in target_accumulator.names:

globals() [name] = variable_to_numpy(globals() [name])

target_accumulator.updateData(globals())
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for x in target_accumulator:

globals() [x] = target_accumulator [x]

def outlier(each_target_share weight):

return each_target share weight < args.test.w_O

counters = [AccuracyCounter() for x in range(len(source_classes) + 1)

]

for (each_predict_prob, each_label, each_target share weight) in zip(
predict_prob, label, target_share weight):
if each_label in source_classes:
counters[each_label] .Ntotal += 1.0
each_pred_id = np.argmax(each_predict_prob)
if not outlier(each_target_share weight[0]) and each_pred_id
== each label:
counters[each_label].Ncorrect += 1.0
else:
counters[-1] .Ntotal += 1.0
if outlier(each_target_share weight[0]):

counters[-1] .Ncorrect += 1.0

acc_tests = [x.reportAccuracy() for x in counters if not np.isnan(x.
reportAccuracy())]

acc_test = torch.ones(l, 1) * np.mean(acc_tests)

print(f'test accuracy is {acc_test.item()}')

exit (0)

# =================== optimizer
scheduler = lambda step, initial_lr: inverseDecaySheduler(step,
initial_lr, gamma=10, power=0.75, max_iter=10000)
optimizer_finetune = OptimWithSheduler(
optim.SGD(feature_extractor.parameters(), lr=args.train.lr /10.0,
weight decay=args.train.weight_decay, momentum=args.train.momentum
, nesterov=True), Oscheduler)

optimizer_cls = OptimWithSheduler(

48




132

133

134

135

136

137

138

139
140
141
142
143
144
145

146

147

148
149
150
151
152

153

154
155

156

WE A E LR S

optim.SGD(classifier.parameters(), lr=args.train.lr, weight_decay=
args.train.weight _decay, momentum=args.train.momentum, nesterov=
True), scheduler)
optimizer_domain_discriminator = OptimWithSheduler(
optim.SGD(domain_discriminator.parameters(), lr=args.train.lr,
weight decay=args.train.weight_decay, momentum=args.train.momentum
, nesterov=True), scheduler)
optimizer reuse_discriminator_t = OptimWithSheduler(
optim.SGD(reuse_discriminator_t.parameters(), lr=args.train.lr,
weight decay=args.train.weight_decay, momentum=args.train.momentum
, nesterov=True), scheduler)
optimizer reuse_discriminator_s = OptimWithSheduler(
optim.SGD(reuse_discriminator_s.parameters(), lr=args.train.lr,
weight decay=args.train.weight_decay, momentum=args.train.momentum

, nesterov=True), scheduler)

global_step = 0

best_acc = 0

total_steps = tqdm(range(args.train.min_step),desc='global step')

epoch_id = 0

total_epoch = min(len(source_train dl), len(target train_dl))

source_share weight epoch = torch.zeros(total epoch * args.data.
dataloader.batch size, 1).to(device)

label_source_epoch = torch.zeros(total epoch * args.data.dataloader.
batch_size).to(device)

w_avg = torch.zeros(len(source_classes)).to(device)
while global step < args.train.min_step:
iters = tqdm(zip(source_train_dl, target_train dl), desc=f'epoch {
epoch_id} ', total=total_epoch)

epoch_id += 1

for i, ((im_source, label source), (im_target, label target)) in
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enumerate (iters):

save_label_target = label _target # for debug usage

label source = label source.to(device)

label target = label target.to(device)

label target = torch.zeros_like(label_ target)

im_source = im_source.to(device)

im_target = im_target.to(device)

fcl s
fcl t

feature_extractor.forward(im_source)

feature_extractor.forward(im_target)

fcl_s, feature_source, fc2_s, predict_prob_source classifier.
forward(fcl_s)
fcl t, feature_target, fc2_t, predict_prob_target = classifier.

forward(fcl_t)

# Output of Domain Discriminator

domain_prob_discriminator_source = domain_discriminator.forward(
feature_source)

domain_prob_discriminator_target = domain_discriminator.forward(

feature_target)

# Adversarial perturbation

pred_shift_source = perturb(im_source, feature_extractor,
classifier, class_temperature=10.0)

pred_shift_target = perturb(im_target, feature_extractor,

classifier, class_temperature=1.0)

# w_s and w_t
source_share weight = get_source_share weight(
domain_prob_discriminator_source, pred_shift_source,

domain_temperature=1.0)
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source_share weight norm = normalize weight(source_share weight)

target_share weight = get target_share_weight(
domain_prob_discriminator_target, pred_shift target,
domain_temperature=1.0)

target_share _weight norm = normalize weight(target share weight)

# Pseudo Label Calibration

source_share weight epoch[(global step % total_epoch) * args.data.
dataloader.batch_size : (global_step % total_epoch + 1) * args.
data.dataloader.batch_size] = source_share weight.clone()

label source_epoch[(global_step % total_epoch) * args.data.
dataloader.batch_size : (global_step % total_epoch + 1) * args.

data.dataloader.batch _size] = label source.clone()

if epoch_id ==
w_avg = compute_avg_weight (source_share_weight_epoch[0 : (
global step % total_epoch + 1) * args.data.dataloader.
batch_size], label source_epoch[0 : (global step %
total_epoch + 1) * args.data.dataloader.batch_size], w_avg)
_, w_avg = pseudo_label calibration(fc2_t, w_avg,
pslab_temperature = 1.0)
else:
w_avg = compute_avg weight(source_share_weight_epoch,
label_source_epoch, w_avg)
_, w_avg = pseudo_label calibration(fc2_t, w_avg,

pslab_temperature = 1.0)

# # Reuse Detect and Reuse Loss
feature_target_private, feature_target_common =

common_private_spilt(target_share weight, feature_target)

dt_loss = torch.zeros(1, 1).to(device)

ds_loss = torch.zeros(1, 1).to(device)

if min(feature_target_private.shape) ==

pass
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else:
fc_target_private, _ = common_private_spilt(
target_share_weight, fc2_ t)
# target_share_weight_private, _ = common_private_spilt(

target_share_weight, target_share_weight_norm)
reuse_prob_discriminator_private_t = reuse_discriminator_t.

forward(feature_target private)

target_reuse_weight = get_target reuse_weight(
reuse_prob_discriminator_private_t, fc_target private)
# * (1 / (1 + target_share_weight_private)).view(-1)
tmp = target_reuse_weight * nn.BCELoss(reduction='none')\
(reuse_prob_discriminator_private_t, torch.zeros_like(
reuse_prob_discriminator_private_t)).view(-1)

dt_loss += torch.mean(tmp, dim=0, keepdim=True)

if min(feature_target_common.shape) ==
pass
else:
reuse_prob_discriminator_common_tl = reuse_discriminator_t.
forward(feature_target_common)
tmp = nn.BCELoss(reduction='none") (
reuse_prob_discriminator_common_tl, torch.ones_ like(
reuse_prob_discriminator_common_t1))

dt_loss += torch.mean(tmp, dim=0, keepdim=True)

reuse_prob_discriminator_common_t2 = reuse_discriminator_t.
forward(feature_target_common)

tmp = nn.BCELoss(reduction='none") (
reuse_prob_discriminator_common_t2, torch.ones_ like(
reuse_prob_discriminator_common_t2))

ds_loss += torch.mean(tmp, dim=0, keepdim=True)

feature_source_private, _ = common_private_spilt(

source_share weight, feature_source)
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if min(feature_source_private.shape) ==
pass
else:
fc_source_private, _ = common_private_spilt(
source_share weight, fc2_s)
reuse_prob_discriminator_private_s = reuse_discriminator_s.

forward(feature_source_private)

source_reuse_weight = get_source_reuse_weight(
reuse_prob_discriminator_private_s, fc_source_private,
w_avg, reuse_temperature=1.0, common_temperature = 10.0)

tmp = source_reuse_weight * nn.BCELoss(reduction='none') (
reuse_prob_discriminator_private_s, torch.zeros_like(
reuse_prob_discriminator_private_s)).view(-1)

ds_loss += torch.mean(tmp, dim=0, keepdim=True)

dom_loss = torch.zeros(1l, 1).to(device)

tmp = source_share weight norm * nn.BCELoss(reduction='none') (
domain_prob_discriminator_source, torch.zeros_like(
domain_prob_discriminator_source))

dom_loss += torch.mean(tmp, dim=0, keepdim=True)

tmp = target_share_weight_norm * nn.BCELoss(reduction='none') (
domain_prob_discriminator_target, torch.ones_like(
domain_prob_discriminator_target))

dom_loss += torch.mean(tmp, dim=0, keepdim=True)

ce = nn.CrossEntropyLoss(reduction='none') (predict_prob_source,
label source)

ce = torch.mean(ce, dim=0, keepdim=True)
with OptimizerManager (

[optimizer_ finetune, optimizer_ cls,

optimizer_domain_discriminator,
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optimizer_reuse_discriminator_t,
optimizer reuse_discriminator_s]):
loss = ce + dom_loss + dt_loss + ds_loss

loss.backward()

global _step += 1
total_steps.update()

if global step % args.log.log_interval == 0:

counter = AccuracyCounter ()

counter.addOneBatch(variable_to_numpy(one_hot(label_ source,
len(source_classes))), variable_to_numpy(
predict_prob_source))

acc_train = torch.tensor([counter.reportAccuracy()]).to(device
)

logger.add_scalar('dom_loss', dom_loss, global_step)

logger.add_scalar('ce', ce, global_step)

logger.add_scalar('dt_loss', dt_loss, global_step)

logger.add_scalar('ds_loss', ds_loss, global_step)

logger.add_scalar('acc_train', acc_train, global_step)

if global step % (args.test.test_interval) ==

counters = [AccuracyCounter() for x in range(len(
source_classes) + 1)]

with TrainingModeManager ([feature_extractor, classifier,
domain_discriminator], train=False) as mgr, \

Accumulator(['feature', 'predict_prob', 'label', 'domain_prob'
, 'before_softmax','target_share_weight']) as
target_accumulator:#, \

#torch.no_grad():
for i, (im, label) in enumerate(tqdm(target_test_dl, desc='

testing ')):

im = im.to(device)
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label = label.to(device)
feature = feature extractor.forward(im)
feature, __, before_softmax, predict_prob = classifier.

forward (feature)

pred_shift_target = perturb(im, feature_extractor,

classifier, class_temperature=1.0)

# predict_prob, _ = pseudo_label_calibration(

predict_prob, w_avg)
domain_prob = domain_discriminator.forward(__)
target_share weight = get target share_weight(
domain_prob, pred_shift target, domain_temperature

=1.0)

for name in target_accumulator.names:

globals() [name] = variable_to_numpy(globals() [name])

target_accumulator.updateData(globals())

for x in target_accumulator:

globals() [x] = target_accumulator [x]

def outlier(each_target_share weight):

return each_target share weight < args.test.w_O

counters = [AccuracyCounter() for x in range(len(

source_classes) + 1)]

for (each_predict_prob, each label, each_target_share weight)
in zip(predict_prob, label, target_share weight):
if each _label in source_classes:

counters[each_label] .Ntotal += 1.0
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each_pred_id = np.argmax(each_predict_prob)
if not outlier(each_target_share weight[0]) and
each_pred_id == each_label:
counters[each_label].Ncorrect += 1.0
else:
counters[-1] .Ntotal += 1.0
if outlier(each_target_share weight[0]):

counters[-1] .Ncorrect += 1.0

acc_tests = [x.reportAccuracy() for x in counters if not np.
isnan(x.reportAccuracy())]

acc_test = torch.ones(l, 1) * np.mean(acc_tests)

logger.add_scalar('acc_test', acc_test, global_step)

clear_output ()

print(f'test accuracy is {acc_test.item()}')

data = {
"feature_extractor": feature extractor.state dict(),
'classifier': classifier.state dict(),
'domain_discriminator': domain discriminator.state dict()
if not isinstance(domain discriminator, Nonsense) else
1.0,
# 'w_avg': w_avg.state_dict(),

if acc_test > best_acc:
best_acc = acc_test
with open(join(log_dir, 'best.pkl'), 'wb') as f:

torch.save(data, f)

with open(join(log_dir, 'current.pkl'), 'wb') as f:

torch.save(data, f)
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