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Local Consistent Active Learning for Source Free Open-set Domian Adaptation
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Abstract: Unsupervised domain adaptation (UDA) has achieved success in solving the problem that the training set (source domain) and
the test set (target domain) come from different distributions. In the low energy consumption and open dynamic task environment, with
the emergence of resource constraints and public classes, existing UDA methods encounter severe challenges. Source free open-set
domain adaptation (SF-ODA) aims to transfer the knowledge from the source model to the unlabeled target domain where public classes
appear, thus realizing the identification of common classes and detection of public class without the source data. Existing SF-ODA

methods focus on designing source models that accurately detect public class or modifying the model structures. However, they not only
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require extra storage space and training overhead, but also are difficult to be implemented in the strict privacy scenarios. This study
proposes a more practical scenario: Active learning source free open-set domain adaptive adaptation (ASF-ODA), based on a common
training source model and a small number of valuable target samples labeled by experts to achieve a robust transfer. A local consistent
active learning (LCAL) algorithm is proposed to achieve this objective. First of all, LCAL includes a new proposed active selection
method, local diversity selection, to select more valuable samples of target domain and promote the separation of threshold fuzzy samples
by taking advantage of the feature local labels in the consistent target domain. Then, based on information entropy, LCAL initially selects
possible common class set and public class set, and corrects these two sets with labeled samples obtained in the first step to obtain two
corresponding reliable sets. Finally, LCAL introduces open set loss and information maximization loss to further promote the separation
of common and public classes, and introduces cross entropy loss to realize the discrimination of common classes. A large number of
experiments on three publicly available benchmark datasets, Office-31, Office-Home, and VisDA-C, show that with the help of a small
number of valuable target samples, LCAL significantly outperforms the existing active learning methods and SF-ODA methods, with over

20% HOS improvements in some transfer tasks.

Key words: research constraint; open-set recognition; source-free domain adaptation; open-set domain adaptation; active learning
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(4) DU AL, DA cosine R S R E AR ), K BE B AUEOE 1 N MR R RS B — BN R X A A,
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B HARE RN (), KRS T & 5 hnd i TEE LA 15 2-7 17).

L2 . ey

e

Bl 4 U8R R (1 H AR IR AR 20 A

BENLFARER G ENFEARES IS, AT W% 13 3 1098 72 A 3428 D, NI K D, #E AR5 3T VLAS
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i, JEXP XA AR A B B T Bk AT ) ERERE R, EAERALREARES D, T EE —H
B BE FARER B A DF | 3X 55 FEA AR 1 AR BT 50 AORE AR SR B S0 AT 58, WOAR SORTIX 8 73 A ATt
THE R, XN AAILEAEAR D T /N BOALEE

Ly, = _EX,ED,L sz:llk log p;.(x,) - Ex,eD,PL Z;alk log p;.(x,) )
Hor, [ FRoRbrid &, L ESERR IS 1, HARALE 0; o A (K Dy A 1 A S SR AR 7 I BLE,
a<1.0.

FA, RT DA AR  N SE SRR AR I A 5 Mk L AR, BTSN T B 1S B R R Pk
R EAR R0 28 S A At 005 (B AN T O /)N

L, = _ExteDn. Z:Zl pi(x)log p,(x,) - ExLED,(. Zf:] KL(py |l 9,) 3)
Hodt, pe=W/m)Y p(x)™® FoRF A ASLEREARCHUE T m) 5 k ERIREAR TP M5 M, quer, =1/K R
AEISAN. ARG | BURIE T @M, ENZRIERE tn] DL 3B 0 1 38 7 A SR A i e vk B 2
FEA%, A RRR /DN, DU SR AR AR 4 8 A LA E. A F3) IS 2 T KL(A||B)H 2R 1 H b 2 A BB AE %
SRR, AT A ANWEEE AT B AEASC D, S S A Y A — SRR 3 A W] LA [ 2 50 0 A,
PAB)S (AT 7E 22 =) 5 R o pl T3 T O 1) i 28 S T X FC At S 1) 2 S M e B3 R B, RIS LB AR A 10 AR HE B
KLOVEN—ANIENAEI, SR 2 s B & N AR AR B IhIX — IR
PR TP BCERAE AR A FLRFEA %, BAR R R4 RN
Liota=LinTLim MLk 4)
b, pARoR BUE.

o A FE

R IE B B KRN GR IR, A SOR TR R ) A5 B R R 2R 47 TP R A FL R X . i, AL
A B AN RE PR /N, TR I AR A (AN 38 1R B AR K, W T B0 1A 289 BB R X 70 TR IR A A 3L 2K b
AR B I B E A URS. 3T AFEE, B AR I 2 VT A A S S I HE A BOR.

L5 EPTA, LCAL B O AE T (eI TR M A LR K 20 2. JRFR 2 RE L RS2 1, o0 7RI tr
B B2 A i B E BRI AT, S0 AN R SRR AR 45 R 2 O 1 3 — 20 A A IR R TR 73
B, ARSI N LRAE T A FLSEREA RO HR A B8 0. BRI SO0 i WA 1.

BiE 1 RStz S Hik

BN VEIRAE Y by, TCRRRER H bR AR D, ROKHINIZREE IR Epoch, 2% a, B, n;

gt YIRS I B AR T b,

1 RS S B a6 4k H AR Ay
RS 22,1 TRE LBIFEA g
R B bRk R R AE3EAT K-means 5 25;

S Y SRSV R (o
X R AT, A BRARE TN, b O R T AR D, G RUBRN EEIREAR IS
ik epoch=1, iter num=0;
While epoch<E do
# cosine fE R REEHEN, THEARBIE — A4 SORITI N ANSEE, BB T A0S M R — R bR,

A A i
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WA LSRN ES;
8: BT BME, BRNEERAILRMITRES. P LA R RS RO ZX AR S #HATILRC A IE,
REAE AL ATT IR S5
9:  MWAMEASLRBEARRE, [BEIAERIAREE;
10:  While iter_num<n, do //n, R FTA FEARTHE BRI RS EL, ny=FE A5 & /batch_size
REREE 2.2.2 T H FBNFEA ek
11: X CRFEATIH A ) THRIFESR, XA L EFEAFH 2 K (2) M A K 3) T2 U4 %
A5 B KA R
12: I F B AR IR 451 2R () I ZRAR Y g
13:  end while
14: end while

3 ZRE5HER

AT R SR, NZ TR T A SR TR R A B, SRR B &R . BT k. SR
U AN AR AR . IR RS AR ITAAE. RIS AARTE hitps://github.com/fanwang826/LCAL.

3.1 BIESE

ARSCAE 3 AT M B 38 LA A JE SEMEROIE 42 EVPAE T LCAL B%, 1X 3 MR BN Office-31144),
Office-Home!* Il VisDA-CI*). Office-31 & —ANbn ik i /NS (1 38 B B5 4, 4 7Rl Amazon(A), Dslr(D)
A Webcam(W)iX 3 4> office P47, 31 AN2570, F£ 4 110 3R EFr. 3 MUK AT LUK 6 Ml g5, Achlor
BT 10 25/ R AL, J5 11 FAERNIFRSEA]. Office-Home AN A —ANh Y HUE &Pkl i Sl 48, HAa 5
Artistic(Ar), Clipart(C1), Product(Pr)fl Real-world(Re)iX 4 M4k, A& H 65 N7, 3515 588 Tk &,
AIDLZE G 12 PR d e, A SCRIAT 25 RAE R A LI, J5 40 KAERTFHEEA. VisDA-C £ — MR APk
IRBIEARAE, 254 12 25 JRISEE 15.2 JikiBE Y 3D BB A R & (S EE, T B AR a & 5.5 Jisk
M Microsoft COCO KA ELSE(R)MIIREIME. ARSCRIFHT 6 R NAILAEN, J5 11 RIEAFFBEEA. Lk 3
ANHARSEFF BRI A LR k9 S % 7 BUH FF 480 E 1E BT/ UMADIL
32 BEERE

A ICH LCAL 5325 H Al 75 ZEASMGRE ARSI 2R 1) R 42 J0 D¢ SR 380 B & B2 5 A H AT E ) F 305 )
BT 2253 BIREAT T B A, S BRI T 5% T R ) 3E B T IR G (1) Inheritune!'?, (2) OSHT-SC!™; 1 (3)
UMADM. % b B 32302 ST 5324045 (1) Random: BEMLILEFERE AAFE N 3 3hREA; (2) Least Confidence
(LC)0: 3 358 . 46 55 /IN AR R 000 6 L M6 RE AR 19 2 3RE A (3) Etropy! . 3 L 46 5 K FO £ LI FORE A
YENEFNREA; (4) Best-Versus-Second-Best (BVSB)*7: 146 43 5t K 1T 19 AN 4t ME 28 (1) 224 S5t /N IO REAS 1B R 2 31
KEAS; (5) K-means: X B FRIEAEA AT K-means B3, H Pk R ME P OERN SRR, (6) Coreset®):
Coreset ¥ F I FEAR KL BT FEFR B — 1> set-cover [ f, A E I T Coreset $#24LHIE 757 18; (7) Batch Active
Learning by Diverse Gradient Embeddings (BADGE)**): BADGEE 7 J& i A\ H#14T K-means++8i%, Kk
LRAUE 7 BRI B4, ASCE LT BADGE #2415 7 15,

3.3 WA TFEERT

Z: 2% LA IR0 ST SR 38 B 38 B 7 5 bR E SR 38 ¥ B, Office-31 F Office-Home F| FH 7E ImageNet i/l
ZRUT () ResNet 50 1E AFERLE T M 4%, VisDA-C F 7 ImageNet - i)l 2547 (1) ResNet101 15 AE TR 4%, s256H,
WIZRIE 1R ST 4 15 B R 256%256, I FLAE FH B ALK 7 B 4% (1) - Botg FLBE ML BY A 224x224. 5% SHOT!,
FEPRIAERL [ N G FE v, A SCHIN TARZE IS, A SGD 1E b8, HEEZRMMEAN 5x107,
BN 0.9, 7EBAAM R i) 2553 #2 , Office-31 Al Office-Home 54 (15 S R4k % B A 1e72, VisDA-C
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(12 S R BN 1e7. % CHR[30], A SCAE A BhA& 15 215 Ir=lrg(1+mz) 9, Hr, Iy RoR SRS 2] 3R, 2 R
AR, AIIEIEMA 0 B 1 Atk ¥ m=10, ¢=0.75. £ BARIN GRS SRR, =03, 7=
2/(1+e75m 1Y 0.5, ne[0.5,1.0). step Frn A ATIEARIKEL, max_step Fom e KIEARIKEL. B step $eil fx Kt
W, nAN 0.5 BEiE T 1.0, X3 T 1 Il b Bt Bk e K. #6IR Epoch ¥ N 15, K-means 1] K=axn,,
SRIEHCE N=15. 2% 331 HIE RN TAEY), AR E T B ARG 4=0.05 LRIZER. SA6, AR Al
36 ER R A 7 6=0.01,0.03,...,0.1 ZE Lol (1 45 1.

o HIEFEIR

S TT S 3 BT ED AR 3% Hoscore (HOS)E NAR R i B35 4%, H-score I E AR

2 xacc,, x acc,,
- accy, + acc,, ©)

o, acey, B ARG — R RAER R, acc,, R TBEERRAES . H-score L7~ A FL IR T HE
RATF ISR AR R AT IME, HOS #K, FRBERU T IF A A L3810 7 B RBCR A T A 3L 1)
T R AR A F B A
3.4 LWHER

3.4.1 SLIREER

# 1 ] T LCAL, SF-ODA %L K 50 1 3l % ) J5 ¥51E Office-Home ¥R 4E FII&E R, — 4 1H, 1E
MESIRIBERL. A &2 RIS HORI 2R iAo, XRIH 5% EZFEA, LCAL TEATA MAES LiymT
DK P52 b 4 pr A 280 6f 18 SRSV i B8 0 RO FF IS 0 B8 ). TE~F 387K I, AHELT OSHT-SC 4R &5 1
36.6%, LCAL Sk HI BRI = T 39%; Ml T UMAD #45 1) 66.4%, LCAL BiAKI RIS T 9.5%. Ll L4k
B, 33 ST 1 TR AN IR G ST BRI & B A] DL AR MR A AR, A — 71T, LCAL FL AL
HAE I A T s S TR W 1 FiR, LCAL WA KI5 s 10 N A 2 s ke A, A
E A& LCAL LA J7 & A AU AR IRTE S AR Bk i A2 b, R IZad 7235 —Ff. 7E office-home
H, M Art(ArAT 55 Bl Clipart(CO) T 45T 8 & — AN L EEE 2. Wk 1 P gs AR, B RIHF SR A 3 B T4
ITHAT S AR 2. (H2, @i R A M EN ENFEARE, AR TAER DUE Z R s R U)Xk
—3BAEW T A ST B 7 9T DA R N AT S5 AR . A0, A Art(AnfES 2] Product(Pr)fES-E R £ — ANk
B G HEFR . B MF S 1 0E B T AR X AT %% 0 AR O 2RI, TEX PR B4 55 b, A YRR AT LA
ERASSA i 4 SR, DL i, AR ST T AR 7E faj 5 0 R S (R B AR 45 b # Ll BRAT I JF 42 38 B 38 B T A 0 32 30y 27
STTEEE NG . F 1R R DO ER R, F BT 1 3230 % 2 773k (U0 Entropy 58 LC)HE AR 4% 7 o (K1 2500 H &5 m
T BEMLHRGE FE AT SR M RUR, A S AN 5 1 1) 5 15 AN AT DA Sy AN 5 1 45 v DX PR AR 11 4 5.

F 1 5%FEEREAAREG, Office-Home 1 #54E (ResNet50) L [ HOS (%)

K Fiik Ar—» | Ar> | Ar»> | Cl» | Cl»> | Cl> | Pr> | Pr»> | Pr> | Re> | Re—> | Re—>
Cl Pr Re Ar Pr Re Ar Cl Re Ar Cl Pr
None Source 53.7 | 65.3 72.0 | 553 | 61.2 | 654 | 56.6 | 47.9 | 66.9 | 65.3 50.7 64.4 | 604
SE- OSHT-SC” 409 | 322 | 40.8 | 30.6 | 23.8 | 242 | 49.8 | 31.8 | 40.2 | 31.3 46.8 46.1 36.6
ODA UMAD" 59.2 | 71.8 | 76.6 | 63.5 | 69.0 | 71.9 | 62.5 | 54.6 | 72.8 | 66.5 57.9 70.7 | 664
Random 57.6 | 702 | 77.0 | 59.0 | 69.0 | 71.6 | 60.7 | 55.6 | 71.7 | 68.3 57.8 70.8 | 65.9

HOS

Avg.

LC 58.1 68.7 | 763 | 595 | 67.6 | 71.2 | 60.2 | 55.7 | 71.1 68.0 57.2 69.2 | 652

Entropy 574 | 69.5 | 763 | 585 | 67.7 | 71.7 | 59.1 | 559 | 71.2 | 68.2 56.0 69.5 | 65.1

ASF- BVSB 59.3 692 | 763 | 59.0 | 67.8 | 72.0 | 60.7 | 55.7 | 71.4 | 67.6 56.6 702 | 655
ODA K-means 582 | 70.2 | 77.0 | 59.7 | 69.1 | 71.6 | 61.2 | 584 | 72.0 | 68.6 57.1 71.1 66.2
Coreset 59.3 70.6 | 76.7 | 60.7 | 68.6 | 71.7 | 61.2 | 56.5 | 71.6 | 68.6 58.1 703 | 66.2

Badge 58.8 | 70.0 | 77.4 | 61.4 | 68.8 | 722 | 61.2 | 56.6 | 72.0 | 68.1 57.2 70.5 | 66.2

LCAL(Ours) | 69.7 84.2 80.6 | 66.8 | 84.5 | 79.3 | 67.6 | 69.1 | 81.2 | 72.9 69.1 82.3 75.6
T #3OREE K H Liang 2 A
PL g Rt —B R S58E MW ENHE Ikt FHRI 2 AEEERE T DPhE hEam. HAAR
PEBE BRI RE AR, ATTE VI Ziod 72w a] DUE R0 02 3 1 R R A L8 43 1.
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#2475 T LCAL, SF-ODA J7 7% PA K f T ¥ 32 3l 2% 3] J5 iR AE /N B 048 48 Offfice-31 AR Y 44 48 VisDA-C
FHIZR. 1E Office-31 &, FENMBEIREBEE . Rib &2 R WBLE S BG4S, LCAL IR
Inheritune 15 4.6%, & UMAD & 1.4%; [FIE, LCAL £ D»>W fl WD X ANTHAL S L3RS T e il
MR, MR, LCAL MRCAMK T AT L 1T B AR B 4589 (1) 77 % OSHT-SC, {H OSHT-SC J7 K]
B AAAR A T8 I B S B B e, T B3N T AR AE i S LRI 2RI AR, 7E AT LCAL A F UL ASF-
ODA W37, LCAL I RImEd 7 3A £33 7%, @i 7 10%. £ VisDA-C L,
LCAL HIZUR KIEESE T A K TE SF-ODA JiEMH BTG XS 5. Bk, MBLE &
) SF-ODA 777 UMAD #itt, LCAL $27 T 9%; [FIN, LCAL i thILAE 1) 802 3 5k 20%. #—35
UESE T R A SCHR 1 R 3 2 FEM IR B 71k, v DA% /D & 204G 0 (8 16 BB RDBIREAS, AT HE— 254 3%
Hi R R FE TS IX 43 BE 77 1 TR I AR AIE A FE SRR AR (1 7 51

F 2 S%FEEIREAMRIEG, Office-31 H4fE 4 (ResNet50) A1 VisDA-C ##i4E(ResNet101)_E K] HOS (%)

F Jiik A—-D AW DA Do>W WA W—D Avg VisDA-C
None Source 66.5 67.9 71.5 93.0 70.2 90.7 76.6 45.2
S Inheritune” 78.0 81.4 83.1 92.2 91.3 99.7 87.6 74.8
01; OSHT—S(#Z# 91.3 92.4 90.8 95.2 89.6 96.0 92.5 78.6
UMAD 88.5 84.4 86.8 95.0 88.2 95.9 89.8 80.2
Random 74.1 80.0 77.1 97.1 76.3 90.7 82.6 69.1
LC 72.7 77.7 75.8 95.7 76.0 88.8 81.1 68.8
Entropy 72.7 75.6 76.4 95.5 76.1 88.8 80.9 66.0
ASF- BVSB 72.9 78.4 75.5 95.7 77.0 88.8 81.4 68.8
ODA K-means 73.3 78.2 76.8 95.9 78.0 92.3 82.4 69.3
Coreset 75.5 78.2 76.8 95.5 76.4 91.6 82.3 65.7
Badge 71.8 77.2 77.6 96.2 78.5 88.8 81.7 69.3
LCAL(Ours)  88.7 87.6 86.8 97.7 87.2 98.9 91.2 89.2

T #RR RO Liang 2 A1

3.4.2 LSBT

o RAIZER

TR LCAL Bhb A A A 250t, A SCAEAR R R 45 (VGG16) EJFRE | Office-Home FfJSE
I%. R 3 BT LCAL BykAIUA I £ 302 5 J7 ik F Office-Home ZHE M VGG16 ML L5 MIFI 45 F. Wk
3 fras: A L YE SRR A E H bRk - R BISUR 55.5%, AR SCHI LCAL SyE4E 5% ESIARICIEEIT, =TT
16.5%; AHLLIUA B9 23023 ik, LCAL HEEA FIRA T 12%. EEEENZ: FAIEKNESI T,
Eb4n LC A Entropy, 5 2R B8R AT SRR T BEHLHRLE (¥ 7798, Uk B AN 330 S o 1 v PR OIS AT 8 628 4 35 9
A BEA AR B REAS B AR B AL RIIF R 7 8. L BT A SRR LCAL Sk mT LAphik i Fnf
MWHPZBIFEAR, EIXLEFFFEARMTE BT, LCAL AMUA R 22 7 BB A A L2800 14y 8, RS
T AILBREARIHE N R

# 3 5%LEEIREARFRIEG, Office-Home 34 5 (VGG16) 1 H) HOS (%)

e Ar—> | Ar> | Ar»> | Cl» | Cl»> | Cl> | Pr> | Pr»> | Pr> | Re> | Re—> | Re—>
5 Tk

Cl Pr Re | Ar | Pr | Re | Ar | Cl | Re | Ar Cl pr | AV

None Source 462 | 616 | 67.1 | 52.6 | 56.5 | 60.7 | 53.4 | 40.0 | 64.0 | 60.1 | 423 | 612 | 555
Random 50.1 | 669 | 71.0 | 559 | 59.8 | 62.8 | 553 | 44.5 | 700 | 63.7 | 453 | 66.1 | 59.3

LC 488 | 659 | 694 | 547 | 576 | 61.5 | 549 | 438 | 69.0 | 61.0 | 46.6 | 648 | 582

Entropy 526 | 668 | 689 | 548 | 583 | 62.4 | 543 | 46.0 | 68.1 | 62.1 | 472 | 652 | 589

ASF- BVSB 478 | 654 | 69.6 | 56.1 | 595 | 62.6 | 55.7 | 445 | 70.1 | 62.0 | 485 | 66.1 | 59.0
ODA | K-means | 519 | 67.1 | 707 | 584 | 60.0 | 64.1 | 56.7 | 463 | 703 | 63.4 | 474 | 677 | 603
Coreset 534 | 665 | 702 | 562 | 588 | 62.7 | 565 | 43.9 | 70.1 | 632 | 473 | 66.9 | 59.6

Badge 521 | 676 | 708 | 57.1 | 598 | 63.8 | 55.7 | 43.4 | 705 | 63.4 | 450 | 659 | 596
LCAL(Ours) | 66.2 | 83.1 | 762 | 63.6 | 827 | 744 | 63.7 | 635 | 78.0 | 683 | 62.0 | 81.7 | 72.0

o FIUTARIE MR (N)
RNTBRAEA FEARE R ES T LCAL HikRIsm, ASCIE Ar—Cl il Cl>Pr {15 L3 T ARTIAEELEW)
BAT TS5, W 6(a)iTas, HEALARIE AL E SR, FEAS [F A0 E B Th ) R, A A R )k s v B e & Ak T
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2%LAA, RIS 75 200 T 48 JE B0 (V) A BU.

o EBFEAKILLHIS

N T R FEBREA I LI (B0 LCAL S3E M, A SCAE A A K 3 shRE A 3 LE 1] 5~ %) LCAL, Entropy
A K-means J5 %354T 1 HLEL. A1 6(b) o, BEARARTE EENFEALLG]. BEAE T ShAEA LG A3 N, 85 UL Al 4
1E, AT A2 IESE 2 AL A SESERITF IR RE AR, BT £ 20 2% 20 ¥ S A ok 7 AL ORI (2 35 it v (ELA90E
R EAFRREAERE LGN, LCAL SR R4 im0 1 E 8 ¥ 1 J5 ik, #t— BRWIARSOT e 177
T AR B Axii . SEA U B A BRSO A RE A, il R, T BLARONAEEE T O R FEA R A JE
FEACH) 70, W MR 7R R,

86 75

84 1 +— Entropy
J0| ¥ Kemeans

82 1 [| — LCA

80 -
f718[[ arsa g% .
8 76| =—= cl->Pr 1 3 "
T T 60

| /J/

72} - 55| *

70} ‘—/‘//&\’ 1

58" 10 15 20 25 50t 3 5 7 °

N B (%)
(a) 20 JE A v Al s I (b) E AL A LL A Fib S 56

Ko AFmHcESEahFEALLBIx LCAL HE K20

o AFLEHIFIBE M RHE S A

Kl 7 7R T1E Ar—>Pr T4 b, IZRATJG H AR TSNE, BI H AR AE A B IZRnT, FFmeEm A3k
FEARZZ R 0 A, MECAXT X P E R AT X 7. EAREE R LT, JTBEEK LR M AT RESGX
LK, RN IZLETF TR A I LR, BE— U0 E 1A SCHE Y 10 BB RO R A IO A7 7E. B R
FEAS A5 SR AEARBL, BT LA T B b 32 (9 75 Xk DA R0t 70 JF 3K A8 3 A FERATT K. I gR)E, AFRIeHE
AN HEELAE E, AT BAE . (R GRIE 7T IR A IR BRIV, fRIE T A 308K
P R AR

i g L
» Nadh A& ® o
. »
L ] ~, »
st s 3 +
' o f %14? z Lol = i in %
s o « : P
s :-.! e ]
. :V\. ‘9 ‘
(a) LAY (b) N)E

Bl 7 18 AroPr 45 b, WIZRHT)S B AR TSNE &
o RILEMIFTBCEI A 7 A
K 8 J&7R T 4E Ar—Pr fE55 L, VIZRHTIE B AR A (S B 20 A . BARAR BRI B, AR AR s ny
SEAGAE X [) A BORE AR, AEINZRAT, MRE /D A XA & 36 B0 T TBCRFE A, [RIRE, IR BRI X Sk th 47 A2 A
DA SRR, A DUIE LRI 23 SR K 77 20 2K 20 3K A0 20 B AR R (4 AR AL T TR AN A LA %5 )A,
NICEREAR B S h A FERUINI DX, TSR RE A B B 2 rh 20 A AR ORI X, b, J i B B ok &l
TP T TR 22 FE ST, AR TR 0y 2RO ¥R 1D BRI AN, A SR e LT 4 AR D R B R 3R AT Rl 7, T LA
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A RHIX 7 TP TN A FERFEA.

200 Common Data 1200 Common Data
® 175 Public Data o Public Data
1000|
B1s0 s
s 5
125 800
g 100 g
& § 600
3 15 IS]
| 400
50 |
25 ‘ 200
R X 02 04 0.6 08 1] 0o [}3 04 06 GE] 10
Entropy Entropy
(a) IZkHy (b) )G

K8 £ Ar—PrfE55 L, kTS H ARSI S S E 7 A6
o BUREH
N T BRAESE—NRUR BRI B, ARSCHE Office-Home HUHE 4RI BT A IS AT 45 LEAT T HMLSLES.
R4 R IR EAETTEAR, O A DU IR0 TR R A (AN B E 1, DRI X T TR R A 24 3L 2K 1
SRR KIEEE TN &, IR, 35 24505 B KA B 2k B SO0 0%, BRI Xk DA B (IR ) 2 JE SRR A [ A
B P, AR R T OF TR A JSR K 7 B R R AL AT KR (0 B BLESE SRR ASCHTgIAK 3
RAERRYIGrrh # A G E MR, sh— A,

R4 BRREITE R SR

FrikE Ar—> | Ar> | Ar» | Cl»> | Cl»> | Cl> | Pr> | Pr> | Pr—> | Re> | Re—> | Re—>
Cl Pr Re Ar Pr Re Ar Cl Re Ar Cl Pr

LCALw.0 L | 49.6 | 58.6 | 609 | 56.4 | 56.0 | 53.6 | 58.2 | 47.7 | 57.1 | 61.3 452 573 | 55.2
LCAL w.0 Ly, 64.1 79.7 | 81.2 | 63.4 | 783 | 77.8 | 66.1 | 61.3 | 80.2 | 71.3 62.7 80.6 | 72.2
LCAL w.0 Ly 63.1 81.3 78.6 | 61.7 | 81.1 | 73.6 | 60.4 | 65.0 | 76.8 | 66.4 62.8 80.0 | 70.9
LCAL(Ours) 69.7 | 84.2 | 80.6 | 668 | 84,5 | 79.3 | 67.6 | 69.1 | 81.2 | 72.9 69.1 82.3 | 75.6

o HZH(a)F(n)

NT BRESE X T LCAL BRI, A SCIEARF I oUE R X Ar>CHTES 3T T . X1, offR
KA A SRR BRI E. W 9@)fias: JEUEN 0 i, YEREAS R EBAE, U1 840 A B % 4
o), MEUEN 1.0 B, YRRt AR B, BRI 4 S RS R (A EE N L1 1% B T B AR IR AR —
ARLZIE K 3 A R BAE S, A3k e=0.3.

Avg

74 1 70
e * k2 x
72 1 %
70 1 65
. ¥
:‘E //\\/\ 8 ]
< 68 1 < «—« Ar->Cl
g [l A 8 60| »— Ar->Cl(ours)
I 66 I f
64 55
62
60 50

0001 03 0;5 07 0910 0001 03 o;,s 07 0910
(a) BSH a1 L5 (b) EESH it bS5
B9 B a5ESH i LCAL Bi% 15 m
NT BARESE AT LCAL BIERISE M, A SCIEA R 7BUE T5 Aro>CHES T T HEL. R &, &R
FHAER R ML E. W 9(b) AT 7R, mB IE 5 18 i 35 SR 8 WS AR T A SOt BB & B nBUE. nizh 2015 nit
I A Bt 36 I 200 FE B BT K, X I A S ) Tt AR B R SRRk K. 5 11 5 P T 4 it TR 37 T A 28 AR K A
B, TR R ORI L R X A I T FBCE e, AT A DA SRS R 45
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4 4 ®

A SCHRHT I IR R IT T 85 2 WIEIOE R IT SR I B E N, AT 1N I R HE AR S A 4 R
N, MR T RS AL DR S 57 TR B3 AT AT TR LA TR AR SCHR Y TR B AR R )R
P8 — Bk E 32 ) SIA(LCAL), T PRk BUE RO RE A, A 2t (et 1T A A JERFEAH) 7 8. LCAL XY
AN TR S (R RE AT N AN (R (82 %, A A5 A R XK T B A B A DL L 4 1 5 B R AR T R AS BEAN 5, X ]
ERICRFEARTE W E, W HE— P X P FEAI) 730 1. 3 A TSR ERE 8 B KB SERAE] T LCAL
A R, A S8l S BRI ST SR 4 3 R AT AT A
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