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g4 5 K%~ (Heidelberg University) BE 5Bt BGutH 3Ud K B, VER IR IE 2 Z)0E (attention deficit
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TW], RIRLIA 5000 JJZAFENAFAENENRE I BEIRIEIR, 75 60 2 AL HIZEREAR b, SRR R 2 il
5%~8% Bl H AT, Xy Sy B 2 SE . 2 AR OR A DN R AR OB i T AT BOR YT T . RIER
o AR BN 5 B E  R  MEEIR L RESE B KR, A2 H BT ME— T AT BRI vk 1

EETHEL (ubiquitous computing) A& 3E N 5B A K 2 AT —FRoEr B4 rH S ) SRR E A5 B
VB A RE 23 2 1) 3@ TG BTN TE BT SR 45 SR AR G v SR IR i 2 SR 1) ). X S FAR G2 BRIA SR T
HORPNCIILIESE AUk /AN - PUE | 574 SEZ 8 W WD SILE9E ek kit STV S (358 INNE PAY N IR SER NS Bry VAns
HSEIUTCLI R KB TE] | B3 oA RN R I 01, SR, 7ERYT M2 A X ARTE . R K IR EA F &
TR, BT R B BN R AN R, AR R AN R 557 s 2 A A — B 1), Al
A M LS 1y 5 da e, 3R 5 IR 1 AR bl 2 2] i 0 o A — SO K, AR g il I BT\ 26
L HEBT AR, FEAE O R0 _E 2% =) B AR A T oAt AR G S R HE 2 23 A b 171, O @ B e
INHIAE FT VAl IR 37 0@ AL 7 37 IS B Q) Long %5 19 @& RFAEIEAS FIVR BE A 4%, B T 1t
SN s o . R RS 2 SR TSN LA S QU AT 105 A SEBRAOCR,, B2 IRT- B2y i)
I AT R 75 SRR AN EHE 1) /MR AR S5 0] L, A% 0I5 2 2] D7 VAAE R YT (R AU B F I A7 A — 2k
A AHELT TS S e R S 2, IARTRE DI VRS AROCHIE S0 i T U BOE AT B L ARy E e L Bod ke
BE A o B S R B UM, A B AR AR MR BNl RS R RIAE, AR EZ R
TNEEAR I R, M DL S B S HE AR BE D PP AR B R . AR SRR 2 D1 VA 2 HE TR FE M 4 I 2% 1
T, MAE A N RS R REAS SR by, S DA AR B B SRR E A 2 I 2 AR R S b, FEBR YT AR R
TN N VT AL A A AE R v, AR ) ] e et 2R SC L B, W] R e ) 2 ik — A R4 S @ B AR G297
Fabr AT, R, AR S22 T AR M BOR B BE N L AR Y S50 # 2 2 BB AR S &, @A U H
SIS iy Rith

T OAT AR EET A B LSRR DRI IE AR 1O, RSt — B miE T 1 280 8 & R Ak L A% 5 >
J77% (parameter adapative fine-grained transfer learning, PAFG-TL). PAFG-TL [F#5 T A LARAR SZI,
S50 H IE M IR 73 28 28 VEAS 5K (parameter adapation based model evaluation strategy, PAME)
A H 38 B S AE KAL) (domain adaptative tree growing mechinism, DATG) P44 k. F
H1, PAME ZE T YU R IE AR & A RMELE L, BLERZETT O AS [ A4 73 2K 25 3017 228K 73 DATG
T AN [R] SR SR SRR B ARRL RE HEAL AR A ASTHE Il PRI DA AN A T HE e R s 4 b o3 i EAT T 2
B9 5SE, 185 O state of the art (SOTA) JiERIXT L, B8iFE T PAFG-TL J5iERA R, AHECT 3
R [10] ACA HART T B TAE, A SO TTRR EEAFELLT 3 ANJ7I: (1) $8H T —FhdE T REHLARM
(RS R ARRL P IT A% SR, BRI FH T30 /EAS . A AR 75 SRR R 5297 I, SEELm R =
7 RS SEAN R 55 N RO PPAS AR TR () [ 3 N7, o 1 P TS DA R A A TR 5 3 5 ik X Y ) AL
(2) S8 ST RFAIE SR G 3 B R 4 S s 2 P A, R 3 — AR THT B R s % AN ME
FARIIE ML (3) et 7 OCHR [10] HhEETHE Bk AL AL VR4l SRENE T 7R MO 4 ) e 0 A T e A
T, BIVATIE T e SR AR 4 S R R0 I B A IR, S O L P A A 702 2 2 A R

AICHHL IR 5 2 WA ARSI EA IR LR 5 3 WA i A k7%
TE S 3 4 VRGN EASCIR S8 & SANRL BT o 1 5025 5 5 150 A SCH i SRk kAT
T SEERISUE S5 VTAL; 25 6 TR ST Tt Bai S5 RE.

2 HExIfE
T2 20 B br Btk — M B R P2 ACRE TR IR (A3 RERE I — AN 375t b 52 21 B I A
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W T HAG A A FR BE AR OC B2 HoAth b 50 R BR ) el @i rh . R BT B s, mI SRR /INFEA . 517 5%
TN R B T TR P B B BRAR, SRS 2 ST I AR FH Sk 1 AR ATk 1) B R A e 46 s AT R R R A
B, SRR T ARGF RIS SRS T 5. M BERERF ) Zhang 55 M BT S IR T
2 W, ARG T W2 S AR (optical coherence tomography, OCT) X £ 35 HR i FZ B 117K
£ MR TR H 4686 BB FH LA 108312 7k OCT EMGIIIZREE 5, HA IR RLAE £ 42
R4 B RUE R eI S NSRE K, 153 T 96.6% M JSRAFERE; FAb, Zhang S H it
()5 AR AT RE 25 ) LZE il A 12 BT 45, It IR X e BRI LEE BB il 4 MR, WS T AP
WA R BT B (/N AR JE 4 7 55 1) B, Khatami 25 12 321 7 —Fp T oAk R 0075
TR TR EE B A E moRS AE I BT IZ WAL, Bt I 7 VAR 2 T AT 8% % ST B AR 42 )
28 R T BEATLAR PRI 18 FEIB L R AN R A 1), AL SRR A (R AIE 1) B, ZE LS 14400 5K X O
FUG B A SRR 4R T san g FLR Bl BT 17V RES IR 2] 90.30% (5 FHAER R £ 0 BT 5 1)
ANEEAR I, Yu B 18] BRER T T UR A X A8 SO A AR 3 7 v, A AT TmageNet 24 4 7l
WP FIEET VGGNet £l ResNet W45 (AR FEGSFBIAL, FERIH AL & 4532 5K 1) TmageCLEF2015
HHREAAL 6776 5KEUE K ImageCLEF2016 £4 52X7 MUl 25 1 9 25 A Y 3 AT 4 i, B 1 76.87%
I 87.37% M3 FUERA 2. E1 X [F]— WA [R5 (8] A 258 RV (7] /) Gao 56 M4 it T — MBS (T 55
IERHELE, 122 STAE L e i@ R AT A SL L FL I X JE G ) 4 28 L Rl A o381, AR 70 Hr e 1
BIRTHERL S KRR . X FUIE 12T, Gao S8 4E 328 Rl AN 4r &) 3 ML b, il 5 A/ 8 Fil
O3RTTE 4 RGN TR 3 Fi g EFEAT SEEG N EE, BRAIE T T HR M A AR IE A 2 S HE LR A k. )
FEHD, Dy 1 RO BRI (8 R (R R A B ik, TR AN NS BB B =y A5 B 5 A LR B e 4l
BN FURBAL DA B Z M5 B ZERE, Swati 55 101 BEIL A 2 S BRI I 2 45 Gtk $e T —Fh
LR R HE . CERGSEIRIE f 0 nR AL M TR A LT LU SEER R B, Swati S54E HH U7 VA PR FEIA 3
94.82%, T HALCA K. i m ks RSO R EE XA AL, Banerjee 55 101 M £ TALE 5 A
LHUZM) AlexNet PR ] W4, FH7E I8 0T X 28 55 B VR 2 AREAIE (1) R 8, A AT B 284 BB B 4 1 3
FESULAIRE 4> BT 45, SEE6 25 AR, 838 XIGIE, Z 7 kM2 WidE i R AT A 85%, REfsE 7 2Lt />
NTAZHRIEGT, SEO P @k mTEE 5L W

SR, DX @A EE T AT — DRI SCI 2 M n 8L, LA T ) 2 e M 9 P A3 3 92 7 v
REZEXTH OCT M X b EHR S = 22 BURBEE AL i) B S it —Rimi &, MR A 4 Bt Lok
FI| TmageNet 538 F R TR HcHE £ 110 T3 sk Eid ;RS (B85 st A2 K0, A 209K, 1 B T4
PRI A M, AN PPAili A DG HIHE AR — O+ 2/, AN B L2l A B 3 SOl BTG AT
% b B S AT A — BBk AR, BT A R R /N . — M S S R A RS I R RS R, E AR DG 1)
TR T3k = ARSI SR EE A FENL AR S I8 5 SRR M i A T N T AR PR Ao ()3
B oI BR, BT FIRTEAR H A0 O 520 AHOCHIT 9T, Sukhija 25 71 £ 0HEIRS B bRISEE 1R 5
Py, $2 T — S T BEALAR AR R 2 2] J7 v, AHZ 1 7 A P 5 3 ) e S AR 28 7 A7 DA S B S+
FRFIEAR 3. Wen 55 18] 78 H bR 8 507 23550 R, R IEHRE ST H bRl J80R), %074
FEAith oy SR LT P S A A, (LR 156 2 AR LUR FHT R 0%, Ryu 55 19 JL T B4 W
25N ZRBEALARPRBL R DL RS H BRI B 7 A A — SO 2 X 28 1B (1) i P00l fE, (R 7R %
K HHE LB B VR AL S5 1. Segev 25 PO K BENLARM ST % 454, 2 T 41
AR R A ST 7 A B L AR PR G 8 S5 7 vk DL SIS BN (RIS 4 2 TB] A%, (A T7 V9 R 25 AN A 5
BT S5 R MR ZE S FRATS A A TAE DO 3 — D3t 17 /M o A8 DAL SRS, AN [ e s A
HE A AT RS SRS, (HiZ 77 B BRI S EUBME. Rk, 25T 10 SR FORR, AR — 5k
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T — S ET RIS 7 NI RE TV AL T i

3 i

ERBEF D). RS 2R AR ST (0 R AR P AR 35 0 s T ) R, S, PR AT R
NDY = {(xf,y7), (x5.95),..., (x5, u5.)}, Hob ng = |DS| P p Bedls A, B ARt vl 3os
%5 DT = {(aT.y7) . (T u]) ... (&7, 4T )}, Sth np = [DT| 9 FRSAEIRRTIL X € RE Sk
MEZ A, ¥ € RE SRR REES, K AL 5050 8 5000 v @ R AE 5 B FI2E 550 E

BEALARIR. BENLARMEAAIEE M DRERMBER D KE R = {hi, he,... by}, DS =
{20, 97), (25, 95),. ... (@0, yhs)} AINGEIEE. FA of EMEDRLE b, ERTNEIRATER
NN (R (), k2 (xF), ... hE(xf)), Hod Bl (z7) RAMMEDEE by, K0 Y ERITINEE R, 725
m AR AR R R, BENLARARE ] bootstrap U RAE 77k PY, IWEIRZFEALES DS
RS ne DA TS DY; P EIRVERS, BEHURMAL RS ERENLIL T IEN K AL
LR ke DMRAEAE A RERAE, 2 J5 MR (S 1 25 55 7 BIFE AR M RIE RIS P PR R, R 1%
LPME R AE i 8RR RS A R R s v 5, UIRERE N, &R
9 H(2F) = Vargmax, Domer Winhtly (TF).

4 SHEENHBNEIRFIHE

4.1 2B

SR HE NIRRT RS 5 2] (PAFG-TL) J7i%/e — P AT RS 732, 1 /N H el a8
o A W A SRS BRI B H BRI AR A ()3E B, PAFG-TL A VERSAHEZ A 1 Fios, S
& A 2 R 2R VPG SR (PAME) AT H 3 B ) o S A2 KL (DATG) P87 A4 1k, 43731l
FITPRAG A A 73 SFEER IR A A 73 AT HEAL BT

PAFG-TL J THENARMR LI, 2 AP M. R4 Krogh &5 22 (iR 7 — 4r o
(error-ambiguity decomposition) FRif, HERF IR K2 AR ZE FTRIRN: Eir = &t — A, HH Brr,
et Ml A 73 A FIREE B S B AR M KRB P AR ZE AR R 310 <oy 80 FERE, 46
F 2 SR ) BEARAE e B MR 7 SR AR K TS A AR ME N & e, 4271 H RIS A M e 1 OC B R DA
Ay S ERAE H AR b (R5E B 3G KM BB I 2 FEIE. R, PAFG-TL J7 V2 A B % 2 25l
VAL AN 88, AR A VRIS S B PRI VT RCRE FE, AN M) s A 18] ) AR K BRI, fRAIE
AT AR B AL BE AL SR R SR TR AR A o S B B 2 A

4.2 SYHBEENHMES LKFITERE

ARG 2 X SO A R, S I RN s R RS AN 7 B B AR pRE TR AR, DA,
73 FRAE F 0 E AR AR SR 5 A E PR A R RIS AL AR H ARl P il N 2SS B, AR SO YRS - H
BRI T RPAE (15 S 2 22 A1 A s B0 A K A A 2 0 ) 4 B AR (A A 15 7 PR AN ) R M 3 2

15 S 2l A B PR SR Th S 5 B SR R 4R A5 1G(D, ) = Ent(D) — Ent(D|a), HH, a N7
BIJBIE, Ent(D) = — 1, pilogy pr NRTEARE D LIOE SRS, p AEIESE D L5 1 BREARNIMS,
Ent(Dla) = Y,_, 5 Ent(DY) &M MR o RBHRE D A V ASTRAH IR, HTHRHE
[R5 S0 2t AT M A I 23 2R A IG(D, X), AV S IMRHIE S B3 m (E, A5 1G(D, &) #E47HE
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¢ for threshold

(a2) Gaussian
S A—
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1 (MEMFEE) SHEENMAETBE S5 EERE
Figure 1 (Color online) The framework of PAFG-TL method

7, A IGR(D, &) FRoR SRS B s HEF &5 1. flin, %5 1G(D, X) N {2.3,6.7,4.5,1.2}, I
IGR(D, X) N {3,1,2,4}. X A, AES m BRAERERI KRR &, 1G(DS, A,y,) VR E Y
FREMHES, IG(DT, A,) NHEHREES EIE B GEES, IGR(DS, A,,) M IGR(DT, A,,) 772
GG A HE T A5 R VAL MR RS R IE SR A G B, AR SCE ST W FR R

F(hm) = logg ([IGR(D®,a) — IGR(D",a)| + 1), (1)
a€An,
Hrh, [IGR(D,a) — IGR(DT,a)| H T &EEME o RIS H R B EEREZ R, +1 HT# 5
IGR(D?,a) = IGR(D?,a) W L ZEE RNFR . 746, AUEH |A| H—4 F(h,y,) $EH, ¥
F(hy,) BUETEHFRHIZE [0, 1] Z (8], SRR G 1E N TR IR € N

Daea,, 108k (IGR(D®,a) — IGR(D, a)| + 1)
[Am] '

F(hy,)=1- (2)
F(hy) BUEBHGE T 1, FoRUEIBIE by, 0 H AR B RFESE G B R s 5, S it 1
0, RN VEIIAETY h,,, X H RIS FURIE AR 38 BLEEBRAR. AR ST Y F AR ) i e e i 7y
RGN L, 7€ XN
Z(m?,y?)GDT sgn(hm (z] ), y]) 3)
D ’
Horb, sgn(hm (2]), yl) ZFF5REL (DT TR RER by, BIRBIHER R T —ALLE [0,1] Z1H.
T (hon) BUEBGEIE T 1, FRORVIBAER by, XoF H ARICECHR 73 31 B RS S B2 s 75 0, S i 1
0, RINVEIIARIY Ry, Xof H ARIBCECHR 07331 B B3 1 AR
SERCRAIE SR A G N AN 73 B B EE N TS, WIS M ASIME P B iR N — ek e S = (), =
(F(hm), T(hm))lm = 1,2,..., M}, W0 1(al) Fras. LIS EE &R A7 3885 70 Hr, ASCE

T(hm) =
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fil G a8 AR = T (Gaussian) TG R EITVEXT &MMA D FRAFAT RER 7. X B, Brigpyseie s
R B RBIBE R A AL B L. BART S, A OB ME S R85 A 4 MAEZER, FRR
P BN 3 S8 AR AR G0 O 2 A0 7035 BRI I B2, Ay H o] A (] P Ak 3 I 1 S A
BLA). 0] 4 FE AR I £ 50 7 B AR 2 1 R O 7 P I BB, T % 4 S 3] o0 2R 28 B K AR B 47 T R
i, WK 1(a2) Fis. (1) ERHEEA TGN &2 8 BB IE B Cyr PRI A SR ST H bRkl
P03 L P B, AT S AN e s D B e, SEIRYRBORE AL H AR SEAR G B (2) SRR A IS
£ AR B R S FE SR o PntIE AN A U SR IR AR A e BB AR A 2 (B 7R U R R L, DASEIR
PRI ARG HARIRE R & N (3) AIRFIE SR G NS 5 20 1) R EDE B FE 2R Cor sl A R S 7
H PRI b RS B B0 7 R A o, (BB A G 8 TR S 450, DL ST YR S p 7Y
X H AR IREEE R (4) ARFREER GG ST L R/ BB IE RLREE R Cy: YRS DS o B ARkl
P B AR 22, e it B O R g B e Bl s, SIS TR A I B
FELIEETR A RE, 2 EE F MNRE WSR-S 75310 pg(x) = Z?Zl ap - p(xlps, Xr),
Horb opy M5y 4RRRE fFNRARISE, o FoRIES R 2 Z?Zloéf = 1. HIIZE
D = {zy,xa,..., ¢, } HEIEESMAERK, SHEIEE 2 € {1,2,..., F} BRERFEER z; KR
HRGY, fi FIZEEMEEE Pz = f) N ap. HR4E VI (Bayes) 3, 2; HERAAMA
- oy Pli=f) xpg(®milzi = f) ay X p(@ilpg, Xy)
s =polsi = flos) = PG () b _ap xpl@ilpp, Sp) @
A, AT SR, SR A R IEFEARLE D KA F ANEEE C = {C1,Ca, ..., Cr}, FE
Az BIEARCATRIR N N

A; = argmax yf. (5)
fe{1,2,....F}

Rl e 50 AR M R TR A 2R 2 (prior knowledge based Gaussian mixture model, PGMM) i F£ 40
Bk 1 PR, ASCRE F = 4, F M DR REGRID N 4 DREHE, IFE LB RN =
BYESIAAE py € Ry A, HP Ry = R[20,0.2]x[0,0.2]7 Ro = R[QO.S,O.S]X[O.2,O.5]’ Rs = R[20.2,0.5]><[0.3,0.8]’
Ro= B2, o000 BE A RASLRSR, ASCRRE C1, G, C, Cr 4 A FAARITHU 6%, AR
TR, AEFTR 1 RS 1 ATR R A E AT A e B BRI AE Ry YUEE N, JRAESE 8 ATIRYE Ry
BE— BRI O

7 LA [10] R4 iEte & B R 2 7 A H AR HER R &, € LT S(hm) 1888, 2 S(him)
AERIE R RIEN S(hy) = F(hm) + XA x T(hy), X ABEREL SR, 2% TAE 1O FeAR BoR e U
LS B T L EEAT 73 B ARG ML, A28 Y 1 Rl I AN ARV FE AR S (he ), TEIRBAANE 1(al) BT
NG RMARTR EAME T ARG R BL; 34k, TAE [10] &AM 73 S5 i 5 B SR e e 12
A BIBE 01, 6o, 03, T F BT & R BMEREME. B RRHESE & E NN F R E
ERERE X, B SHE TG R A7 KA BRI o8, R ASCHIR T A [10] A3 2kt

4.3 HuE B &N AR ERE KHLE]
4.3.1 FIEHE

SUBTBIME (update feature threshold, UFT) i A AU A AR CAT BEHLAR MR (1 RF AL BE,
SRR E XU

DI(Dy, a(v), 7(v), Qr, @r)
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Algorithm 1 PGMM

Require: The adapation set S = {x}, = [F(hm), T (hm)]|m = 1,2,..., M}, the cluster number F', the prior space for every
cluster Ry, f = 1,2,..., F, and the epoch of iteration epoch;
Ensure: Cluster result C = {C1,Ca,...,Cpr};
1: Initialize the parameter for gaussian mixture models {(af, s, X¢)|0 < f < F,puy € Ry}
2: while epoch > 0 do
3: form=1,2,...,M do

4: Calculate the posterior probability of z., generated by each mixture according to Eq. (4);
5: end for

6: for f=1,...,F do

7: Calculate the new mean vector p/, = L1 Vs @

’ Hf B Z%:l TYm f ’
8: Adjust the position of u} according to Ry;
M o7 1 _ 1 N\T
9: Calculate the new covariance matrix ¥ = Lm=1 ’me(j}” pp) @ ey ;
> om—1Ym§f
M

10: Calculate the new mixture coefficient o, = W,

11: end for

12:  Update model parameter with {(as, ug, 33)|1 < f < F} with {(o), py, Z))I1 < f < Fl
13: epoch = epoch — 1;

14: end while

15: Cp = 2,1 < f < Fy

16: for m=1,2,...,M do

17: Determine the cluster Ay, of sample @], according to Eq. (5);
18:  Divide @}, to corrsponding cluster: Cy,, x},;
19: end for
DL.T DR,T
—1- Pl iy @u) - Pirlispian. o). ©)
| 1)| | v|
JSD(P, Q) = (KL(P||M) + KL(Q[[M))/2, (7)

Hr D, WA o EERLE, a(v) £ o o FEM, 7(v) £ o BIA2FIRE. Q.
Qr EHBEN 7(v) NEHEE D, KIFRZE0A, Q) M Q' 2 A HIH i AN £tk D, HIFRZE7)
fi. M = (P+Q)/2 &4504i Pl Q M)A, Jensen-Shannon #¥ (Jensen-Shannon divergence, JSD)
#& Kullback-Leibler #{/¥ (Kullback-Leibler divergence, KL) [IXIFRY™ R, HEME 1T & 8470 A I EE B IF:
THE PR R R, Rk, JSD(QY, QL) 1 JSD(Q%R. Qr) AR RMT A v A CHRE 7(v) M
fige e BEL N, e TR PR JSD e, BRI, fE25 R B AR I ZR B3R I 00 T, SRR AT ALtk
TR v RREE BRI

4.3.2 ZEHEEE

R % (modify the structure, MTS) BIE LM HIY A LAa TR 5E 7, Be 0 18ty 2> J6 FH 19 P 56
TP RN oy AN Y I AR AR 201 g R R Y N A v B ST AR R R AR AR, B
FEF BRIk, 4 VA BL o AR T S B B R AEL A T A o BB N T A AR
PAE, TP KT - 350 2 B 15 s B E AN v K 11T 0k 2 pl sk Y
4.4 BYBEIENBIERE TFEREN AR

SHE WG B AR TR EA AR SE DS RE AN 5332 2 iz, o A i) A SRR ST R
TS B m G 1G(DS, X) M HE VSRS DT fth v 385 AR 8. PAFG-TL B JGit
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HHFRE RS B ES 1G(DT, X), 75t 1G(D®, X) M IG(DT, x) Bk THEF, 3REL IGR(DS, X)
AIGR(DT, x); 2 Ja, MR (2) F1 (3) WHHE YRS S, HT IRFIEER G 1 B B2 FH 7 51 ) (B 9L
PN T T IR AN 288 I, I A 2 50 RS R R A RO TR AR o FaR AT TR 2K
ST, FEASE R AN [ TR S 0 AN [F) 4R i AN 3 SR BT 1Y B T

Algorithm 2 PAFG-TL

Require: Ensemble classifier R, information gain of source domain IG(DS, X), and source domain DT
Ensure: Ensemble classifier R;

1: Calculate IG(DT, X) for target domain;

2: Calculate IGR(D?, X) and IGR(DT, &);

3: for each individual tree h,, € R do

4:  Calculate Sp,[1] = F(hm) according to Eq. (2);
5:  Calculate S;,[2] = T'(hm ) according to Eq. (3);
6: end for

7. K =4
8: C1,C2,C3,C4 = PGMM(S, K, {Rilk=1,2,..., K});
9: for each individual tree h,, in cluster C; do

10: R/, = buildTree(DT);

11:  Update hm with h;

12: end for

13: for each individual tree h,, in cluster Co do

14: R, = UFT(hm,DT);

15:  Update hm with hl;

16: end for

17: for each individual tree h,, in cluster C3 do
18:  h!l, = MTS(hy, DT);

19:  Update hp, with hl,;
20: end for
21: R=C1UC2UJC3UCa.

5 SKIGTRfE

5.1 HUBSEFTALIE

G PR IA FOVFAE SR ER. I RN 0 PPA 50 £ 5 FH 5 T o5 B 1 DA R P A 0 8 22 4 N R
RAS, M 4 FhASE AT S 12 P [E RXESS R R 101, Seae i fe v, fE P FP g 5t T 40 ik
ITHHERAE. (1) Fot— (Fidh TL): 61 A% IRE S 5HERE, A3 20 BRI RERAT B
(FF% 68.25 & 6.15, 8 24 T3 1HEAN 12 44 E) Al 41 ZfEFEEF N (FFlS 67.36 £ 4.76, 21 4 T MEAI 20 44
7). MK RRIZITTE Huawei M5 FAR AN E (BEHERST 10.1 9855, 2085 1920 x 1200); £dli R4
WREF, BT S E BT 4 FVEASAE S, 2R BAESS 1. AESS 10, TS5 1T FERAESS IV, (2) &
= (bRidoA VS): 37 42 E S 5HHRRE, HhfdE 25 LRIV DRERERG EE (FFE 65.08 +
9.68, 16 4 HMEA 9 L 4tk) Al 12 BN (FFES 39.44 + 2.31, 7 BB 5 L4 4oi). KR GE
{77E NanoPi M4 HLAHL L (BRI 215 B85k, 409 1920 x 1200); ¥R R, Pig 2k
AT 4 FEAEAESS, 3G AR SS 1T XSUFSS AL, XUFSS BIL MIRUAESS CIL &40t RSN s A Scds
2 RCHRELT 5 L, SAEEETHRAHFIE (e RYO). FET A A4FIE (e R%). T3 B (4R AE
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Table 1 Information for four public-available benchmark datasets

Dataset #Subject #Activity #Sample Sensor location Sensor type
Torso, right arm, left arm, Acceleration, gyroscope,
DSADS 8 19 1.14M
right leg, left leg magnetometer
UCI-HAR 30 6 1.31M Waist Acceleration, gyroscope
USC-HAD 14 12 2.81M Front right hip Acceleration, gyroscope

Temperature, acceleration, gyroscope,
PAMAP 9 18 2.84M Wrist, chest, ankle
magnetometer, orientation

(€ RI30)\ BT BE ML (€ ROC) RT3 sl A AL (e R7O) 1230,

NFEERIRE. AT, ARV, Mok = IEUAE TR e S R . EINRIBERS 5170
Re 1A 4y, i AA R JE K2 (University of Bern) ) Roebers 25 24 Flfuf 2% 45 FHAHhr 7 4 4K
%% (Erasmus University Rotterdam) PE2#H10 ) Verlinden %5 291 [ 5B /R T 1X P N 7ESREE; %2 T 48
BEITEHIM (edinburgh motor assessment, EMAS). H£5% K172 B3R (scale for the assessment and
rating of cerebellar ataxia, SARA) F14—M &R 1FEEK (the unified Parkinson’s disease rating scale,
UPDRS) % 2 Filfi PR F N ENRE ) VFAG B R WA AT N RE UM NS B R Rhs 1 S5 248 bR, (R, A5
EFF 4 PE AT N RE T AR B SR VR N A TT R MR &, IR 238 7 ST R IR S A FH 1 ARG 2
e RO 4 PP AFFIUERIR R MR ZA AR 1 s, 845 (1) DSADS #dl& (brid v D) i
BT 5 M E LR 8 A2 19 #4178 27 (2) UCI-HAR #E4E (bridoh H) it i &
TR A KA 30 4 ZIRE M 6 AT 28, (3) USC-HAD H¥ifE (Fridhy U) i i3k T fi 4
BRI A RAE 14 A2 RF W 12 FIT R 29, (4) PAMAP #E4E (F5id 8 P) i@ T 3 M
BB EERE 9 22 0E 1) 18 FiT N BO. H TN RIME S 3 R & BN EME RS | IRIR T AN RIAL &
HAEAFIT N, B, S R LR, A SO WA R AT 14— A2, A8 [ A
RIS« [T Jy A E] — A B B ST IR . BAKT S, AT H =405 55 10 s 5 A B R A KL
AR ZREE, AL IR 2 R AL 19 Fh. 3L 38 Pl SURIATHEARFAE 51321, ARG L BB . AT
WA AN AT Bl 4 B B AR IEImIE N T« BB FARBRRN I RERE 4 AT NI BRI SR diiiE 2k
5.2 XELFEMSHIRE

NEHE PAFG-TL J7 VAR SEBRUR, ASCiE R 11 MO TTEE Rt 7, fdE:

o WZIEE Tk (stratified transfer learning, STL) [26];

o IEFEH 43 M 777 (transfer component analysis, TCA) 331

o ML 2R A% Tk (geodesic flow kernel, GFK) (34,

o AUAF FH H brIs i 4 8 RN B Y (taronly, Tar);

o AAH FH YR IE R A R (sreonly, Sre);

o [F B PR ISR H FRIsE i 44 s UMY (comonly, Com);

o IR S5 K /298 (structure expansion/reduction, SER) 201

o ZEIERE (structure transfer, Struct) [200;

e SER 5 Struct (VA /7% (mix of SER and Struct, Mix) [2);

o ZH A AR A B B AR EE I #8 2% 2] J5i (fine-grained adaptation random forest, FAT) [10];
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o ZHBENAL B B AR IE RS 5 ) ik (FATY) 0L,

o Sre, Tar 1 Com &L E 2> 77k, STL, TCA, GFK, SER, Struct, Mix fll FAT s2iFF%2%
2177, SER, Struct, Mix fl FAT 2T FENARM IR RITR T77%; TCA, STL 1 GFK 2 A R
HRFAEIE R 77725, e DB IR AN AR B i 22 48— 25 [A) Dk /D B0 o0 A 22 5% SRR Dell
Precision 5530 (Intel Core 19-8950HK /32GB DDR3), I KI5 A Matlab R2020a. & STL, Tar
GFK b, HARFra x5 ik 8 LR AE St 7 25 ds. seitud Fevb ) v B B ALAR AR A e 5
WA M = 30, TEAN S FIT L EARIERFEN VK (K RFFIESE), 19 545 1k 20 s MNEARECR
2, BRI 1) B KR E N maxD = 10. 534h, STL, TCA Ml GFK X 3 FiE T @ HIE~ M%)
Ji TR BN YR AT 2908, A S B 200G 4N 30. XF FAT 18 61, 02, 03 3 NSEGHAT &R E
B, AR ERN 0.6, 0.7, 0.8; F4b, AIGEXS FAT (1) 81, 02, 03 3 NSEGHATHEHLA B B IEAE R 55 —Fb
XPECTTVE, JE SR B S S EOR E K FAT J715 4 FAT'.

5.3 XTEESEIGZER

X EL SIS A5 AN 2 Fios, BAER S E R 10 K, Kk, T ATFEMERIEE, £ 2 hHE A
10 R SEEG IR AR 2R AR UEZE; 46, X T IRl B 48, i T AR 5 (B TL A1 VS) 4
AT 4 FAFEINRAE S, BRI W sc a8 TL — VS, VS — TL, VS — VS Al TL — TL
S E 16, 16, 12 A1 12 FOANE T FAT S5, IR AR RIVTEAL EE AR i 2 45 RN A F T AT 55 10 K
SEIG 25 R G A RIERAT S N iR BRI, frilE 245 RONFEFERAE S 10 RIS Rt &
FREZ G AN FIEBATSS PARAEZ T35, RIER 2 FroRseio s R, el RN AIVEA S 48 b, ASCAr
P PAFG-TL 7 FEIUERE RN 79.4%, 0T 11 Fixd b5k, ST RF S s 48 i =,
PAFG-TL f£ 4 T B 00T x5 b7, MECT- IR FAT, AR SCOTEHRERZRIE T 1.6%; &
SR FAT THEAEHT & RS HANA R BRSNS T AR 73 R85 R, BAESHBEN R BRSO T,
PR RN 73.8%, ARSI RN PAFG-TL J7ik48 FAT HERRIET 5.6%. S4h, @it
HOARHEZE WA UG th, ASO7ERA — g i, FrdEZ /T FAT Fl FAT' J7v%. XfEG FAT
FAT’ J7i5 R HER R AIARAEZE, WA EA TAE [10] FBb T SHR A0 BB 7 e B A B R ) Rk
Ffsoe k.

TENTFEERE S -, AR PAFG-TL 772 PRGN 69.8%, T8 9 Fhsxt bbrik &
FENLACSEOR BN FAT J7%; 78 12 FOAFEIREREAE 55, PAFG-TL J7iE SR T8 9 Fhoot b 5%
KBNS EE R FAT J77%. MET T2 R SEORIEN FAT J77%, PAFG-TL (1) FS1Efh Z 1%
X 0.7%, (H-PIbnifE 2208 ot £ 12 FOAERERARS 1 4 MESS BRRER T FAT 75
15, 12 FIANFERERAL S ) 8 FESS HRBIFRHEZER T FAT 77 SAT S, ©f TAE [10] H4H
(1) FAT 1 FAT' J7i%, faidHAT & RS EORI, A eSS BRI ZUR (FAT Al FAT H-F 357 %
SR 70.5% A1 66.3%) FIIRGIRGE M (FAT A FAT B FEbRuE 200 54 7.9% 1 5.0%), X thid 1%
TERIEEA R, MASIRH B PAFG-TL J5ik2 —MS It 77, e L 2R S 80N
PG OL , BRI R 45 3R

5.4 HRASCIY

HRLSEIG ISR F ) K PAFG-TL J7iEH IR & S0 IG AR M S R & BB LR — Bl K WE
TR (K-means) FMER S HTR A I (Gaussian mixture model, GMM) 7532, FH45 SR HERf 2.
THRESLIGEE K 2 s, [FFE, FFARIERESEE 10 K, B 2(a) HREAMHURE KR ZE L5 30N
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Figure 2 (Color online) The results of ablation experiment for (a) clinical cognitive assessment dataset and (b) public
benckmark dataset

56 FIANFIERAT S5 N B Se i 4 R B E bR HE 2, B 2(b) RREHRRIE KR ZZ 008 12 AR
ERATSS T I SLI6 25 P ABRE 2. IEARIAZI VPl 2 48 LA se ot s i 2(a) AT7R, K-means,
GMM, PGMM 3 FPEREAET77% T (R BIHER 253 718 80.6%, 81.9% 1 82.9%, FrifE 24371 7.8%, 6.5%
A1 6.8%, ASCIR K PGMM Ji2A0 T Fe WAt b7 i2:, HERTR 2 BRI 2.3% A1 1.0%. AFFHEAERL
PEEE b seah 45 Ban & 2(b) Frs, K-means, GMM, PGMM 3 J257772 R KR AR R 205N 68.6%,
67.8% FH 70.2%, bRt 2730 6.2%, 4.8% H 6.0%, A CHEH ) PGMM J7 AT H AR PRI LL 771,
HERR 5T 1.6% 1 2.4%.

5.5 SHHERMEST

PAFG-TL & —FSHIC KT 5 2 ik, BEVLARMA A R s Bl M T E N B3
AR, [FR, PAFG-TL & FAT J7ikiRH, 61, 0a, 03 A& FAT Jrikh iR E R mARE. K,
ARICK RN TS5 M, 61, 6 A1 65 SHRBIER IR, 250 M BURMES T d, w8 M <
{2,4,6,...,28,30}, KK M EAFRTUE T FIRBIAER R, FFE, BMARERESHEE 10 X, 5K
e R 3 fs. B 3(a) AT AR ZE 73 A 56 MIASRITREAT 55 B S50 45 5T I (AR
#EZE; B 3(b) R ITRANRZ W 3 AN 12 PR FIERATSS T I S2 56 45 5P I EAFRHEZ. I AR
PP BPE A LS aG 45 BB 3(a) Fias, M 3(a) AIAN, PAFG-TL 5 7 Ft b 7 v iR i vE ff o
VIS8 M MG, g M RERTE, BOIHERFRIE ST PAFG-TL 8 7 Mt b7, U8 M > 5
I, BIREEAS B A AR AR R, ATREJE R RE M > 5 M4 TE, PAFG-TL BA B IFHIBA 2 REME,
T 6 8% AR 0 R HE R 2. AT AEER AR I seie g5 e anl 3(b) B, AR, BESE M 4R
Tt WS 2R IZ P8I AT 7 ML, S50 M > 9 BF, PAFG-TL 35 REHUS 58 47 R il
.

ZH 61, 0y, O3 HURME MK, WE 6, € {0.12,0.18,...,0.66}, 6 € {0.61,0.63,...,0.79},
65 € {0.71,0.73,...,0.89}, WP 61, 62, 65 BUENEHL T FAT J7ik T HERAZHIF 5 PAFG-TL J7
EREE AT, RTS8 M BUBE T R, AN S FIE R ) 5 T B R BT 55 MR K
BEATSEEG, ASEIGE A 10 IRIEH A —RALTRAT S 45 IR, SLIR g R 4 For. 746, BT 6,
8, 03 AF PAFG-TL J7E M AL &, KL, N T X A RSN FAT 7755 PAFG-TL J5 k158
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Figure 3 (Color online) The results of parameter M analysis experiment for (a) clinical cognitive assessment dataset and

(b) public benckmark dataset
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Figure 4 (Color online) The results of parameters analysis experiment for (a) clinical cognitive assessment dataset d1,
(b) clinical cognitive assessment dataset 2, (c) clinical cognitive assessment dataset d3, (d) public benchmark dataset 41,
(e) public benchmark dataset d2, and (f) public benchmark dataset d3

Wik, B PAFG-TL J5ik 2 SR N AL 6T & 4. B 4 AT, fEBARIIS HO E T, FAT J5
BRI T PAFG-TL JERBT R, (2 FAT J7iEX 61,6, 05 ZEUBUR, F5iAT S 0R M
RIBTBRER, ZHTCC . RV Z PAFG-TL J7EARECT FAT J7vE M E 2R,

a2 RE DT

RARKAHT T ¥ S8 M BURFRIEUERS, Tar, Sre, Com, Ser, Struct, Mix, FAT fl PAFG-TL 77
FEAE I RN PPl B8 S A A T R 8 A B BRI . SEB AT GCRE IS, Sede g SR ant& 5 fos.
M 5 AL S50 M SRV SR SRR B2 ARG, BEE S8 M BT, BALIZR. SRR

5.6
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Figure 5 (Color online) The time consuming analysis experiment results of (a) training, (b) updating, (c) testing time
consuming in clinical cognitive assessment dataset, as well as (d) training, (e) updating, and (f) testing time consuming in
public benchmark dataset

MARFER B Z T, AERRLIZRFEN J71H, PAFG-TL 5 FAT J724%in, IZFERKTF Sre A1 Com J5
%, J8T Struct, Mix, Tar Ml Ser J5i%; fERR GHTAENS J5 1, PAFG-TL 235 = 1Al 7 Fxt L5,
— M RE R A2 PAFG-TL J7ikH M 7 R 3 B A SRR R ORI AR I RE I 1) 45 2R S5 A 1|
S FERT 8 i, MRS KT Sre FIl Com ¥k, 58T Struct, Mix, Tar F1 Ser /774,

6 45iE

WHIBE B S RES . YRR 1 L1277 PATBEDT . FIBEE ST IE R AALGEI R BE 055 2 Fh
RE IR, TR BEOC R AR — B IR W R . ARk, BEE T 7 U B RETH SRS BOR A S, B
HEET ML EIZH 32 BRI 2 A S MO N B RO SRTE. ART, R BR T 1% 48 32 BRIA 58 T Bl i, o ik
J73 . 1E I TRIANE 37 3 A AR, B R T AR BB A 4 R 227 O B0 % AN 2 R, SEBN )
FORBL S F2 W Wl v R RS I T T AR I T SR S5 A A SRR, BN AL St SR K
WA TR T DEEE I F RIS R, e T BT AR K E . 21
S AR oK. BT AL e Y A R RV A AR Y SCBILER ST ()42 L AR AR RS SR S AN R BT
(s SOG RC, R GRS DA KN i B A T i ) — 4> 32 2P

SSRGS T AR R S 37 PP ), i T AR SC Uk ) A W TR D00, SR T —
T S 550 & B AR I F8 2F 2] 7570 PAFG-TL. PAFG-TL =T BEHLARMAE B S, S50 H @ R
AN SIS A VA SRS AT TS 8 L P R SRR A ML P P R RS, RE NS 70 ) 20 PG A R PR Ak 7 2K
F5HAL AR SR AN R] 23 R B HEAT AL R, AT &, PAFG-TL X 75 > S A A8 m] S B 5 05
BRI ASPEAL BB, RENEIE F T Bt MR A AT ] R e 2R s I R 3 5 PAFG-TL AR 2UE 3T
AL 5 I N AN 7y B BREIE N FE, REs N A KA S it — R B R PAFG-TL J5ike —
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FATT BRI BB SEIRIOIE, YIUEM] T PAFG-TL JIVELERS S SO VFAG T AT 80 . SR Al

10

11

12

13

14

15

16

17

18

19

20

21
22

23

Hendrie H C, Albert M S, Butters M A, et al. The NIH cognitive and emotional health project. Alzheimers Dement,
2006, 2: 12-32

Banaschewski T, Becker D M, Holtmann M, et al. Attention-deficit/hyperactivity disorder. Dtsch Arztebl Int, 2017,
114: 149-159

World Health Organization. Dementia. 2019. https://www.who.int/en/news-room/fact-sheets/detail/dementia
Fang C, Li C, Cabrerizo M, et al. A Gaussian discriminant analysis-based generative learning algorithm for the early
diagnosis of mild cognitive impairment in Alzheimer’s disease. In: Proceedings of IEEE International Conference on
Bioinformatics and Biomedicine, 2017. 538-542

Lyytinen K, Yoo Y. Ubiquitous computing. Commun ACM, 2002, 45: 63-96

Kjeldskov J, Skov M B. Exploring context-awareness for ubiquitous computing in the healthcare domain. Pers Ubiquit
Comput, 2007, 11: 549-562

Pan S J, Yang Q. A survey on transfer learning. IEEE Trans Knowl Data Eng, 2010, 22: 1345-1359

Zhang Y, Chen Y, Yu H, et al. Dual layer transfer learning for sEMG-based user-independent gesture recognition.
Pers Ubiquit Comput, 2022, 26: 575-586

Long M, Cao Y, Cao Z, et al. Transferable representation learning with deep adaptation networks. IEEE Trans Pattern
Anal Mach Intell, 2019, 41: 3071-3085

Zhang Y, Chen Y, Yu H, et al. Bridging cross-tasks gap for cognitive assessment via fine-grained domain adaptation.
In: Proceedings of the 29th International Conference on International Joint Conferences on Artificial Intelligence, 2021.
4330-4337

Kermany D S, Goldbaum M, Cai W, et al. Identifying medical diagnoses and treatable diseases by image-based deep
learning. Cell, 2018, 172: 1122-1131

Khatami A, Babaie M, Tizhoosh H R, et al. A sequential search-space shrinking using CNN transfer learning and a
Radon projection pool for medical image retrieval. Expert Syst Appl, 2018, 100: 224-233

Yu Y, Lin H, Meng J, et al. Deep transfer learning for modality classification of medical images. Information, 2017,
8: 91

Gao F, Yoon H, Wu T, et al. A feature transfer enabled multi-task deep learning model on medical imaging. Expert
Syst Appl, 2020, 143: 112957

Swati Z N K, Zhao Q, Kabir M, et al. Brain tumor classification for MR images using transfer learning and fine-tuning.
Comput Med Imag Graphics, 2019, 75: 34-46

Banerjee I, Crawley A, Bhethanabotla M, et al. Transfer learning on fused multiparametric MR images for classifying
histopathological subtypes of rhabdomyosarcoma. Comput Med Imag Graph, 2018, 65: 167-175

Sukhija S, Krishnan N C, Singh G. Supervised heterogeneous domain adaptation via random forests. In: Proceedings
of International Joint Conference on Artificial Intelligence, 2016. 2039-2045

Wen Y, Qin Y, Qin K, et al. Online transfer learning with multiple decision trees. Int J Mach Learn Cyber, 2019, 10:
2941-2962

Ryu J, Bae J, Lim J. Collaborative training of balanced random forests for open set domain adaptation. 2020.
ArXiv:2002.03642

Segev N, Harel M, Mannor S, et al. Learn on source, refine on target: a model transfer learning framework with
random forests. IEEE Trans Pattern Anal Mach Intell, 2016, 39: 1811-1824

Wehrens R, Putter H, Buydens L M C. The bootstrap: a tutorial. Chemometr Intell Lab Syst, 2000, 54: 35-52
Krogh A, Vedelsby J. Neural network ensembles, cross validation, and active learning. In: Proceedings of the 7th
International Conference on Neural Information Processing Systems, 1994. 231-238

Zhang Y, Chen Y, Yu H, et al. What can “drag & drop” tell? Detecting mild cognitive impairment by hand motor
function assessment under dual-task paradigm. Int J Hum-Comput Stud, 2021, 145: 102547

661



RIS BT ARRL TR M85 7 SOA RN RE I VFA 7

24 Roebers C M, Rothlisberger M, Neuenschwander R, et al. The relation between cognitive and motor performance and
their relevance for children’s transition to school: a latent variable approach. Hum Movement Sci, 2014, 33: 284—297

25 Verlinden V J A, van der Geest J N, Hofman A, et al. Cognition and gait show a distinct pattern of association in the
general population. Alzheimers Dement, 2014, 10: 328-335

26 Wang J, Chen Y, Hu L, et al. Stratified transfer learning for cross-domain activity recognition. In: Proceedings of
IEEE International Conference on Pervasive Computing and Communications, 2018. 1-10

27 Barshan B, Yiiksek M C. Recognizing daily and sports activities in two open source machine learning environments
using body-worn sensor units. Comput J, 2014, 57: 1649-1667

28 Anguita D, Ghio A, Oneto L, et al. Human activity recognition on smartphones using a multiclass hardware-friendly
support vector machine. In: Proceedings of International Workshop on Ambient Assisted Living, 2012. 216-223

29 Zhang M, Sawchuk A A. USC-HAD: a daily activity dataset for ubiquitous activity recognition using wearable sensors.
In: Proceedings of ACM Conference on Ubiquitous Computing, 2012. 1036-1043

30 Reiss A, Stricker D. Introducing a new benchmarked dataset for activity monitoring. In: Proceedings of the 16th
International Symposium on Wearable Computers, 2012. 108-109

31 Lu W, ChenY, Wang J, et al. Cross-domain activity recognition via substructural optimal transport. Neurocomputing,
2021, 454: 65-75

32 Qin X, Chen Y, Wang J, et al. Cross-dataset activity recognition via adaptive spatial-temporal transfer learning. Proc
ACM Interact Mob Wearable Ubiquit Technol, 2019, 3: 1-25

33 Pan S J, Tsang I W, Kwok J T, et al. Domain adaptation via transfer component analysis. IEEE Trans Neural Netw,
2010, 22: 199-210

34 Gong B, Shi Y, Sha F, et al. Geodesic flow kernel for unsupervised domain adaptation. In: Proceeding of Conference
on Computer Vision and Pattern Recognition, 2012. 2066—2073

A fine-grained transfer learning method for -cross-scenario
cognitive-ability assessment

Yingwei ZHANG! 2, Yigiang CHEN'23" Hanchao YU*, Xiaodong YANG!? & Yang GU 23

1. Beijing Key Laboratory of Mobile Computing and Pervasive Devices, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190, China;

2. University of Chinese Academy of Sciences, Beijing 100049, China;

3. Peng Cheng Laboratory, Shenzhen 518066, China;

4. Bureau of Frontier Sciences and Education, Chinese Academy of Sciences, Beijing 100864, China

* Corresponding author. E-mail: yqchen@ict.ac.cn

Abstract Cognitive health is an important aspect of brain health and is closely related to an individual’s
development throughout their life. Currently, cognitive-ability assessment in unrestricted ubiquitous scenarios has
gained attention for realizing early warnings of cognitive impairment-related diseases. However, the perception
devices and differences in the cognitive assessment processes in different application scenarios (e.g., hospital and
home) influence cross-scenario usage. To address these challenges, we propose a parameter-adaptive, fine-grained
transfer-learning method (PAFG-TL), which is designed based on the random forest algorithm. It is composed
of a parameter adaptation-based model-evaluation strategy and a domain-adaptive tree-growing mechanism to
realize a parameter-independent clustering evaluation of individual classifiers and the fine-grained evolutionary
growth of decision trees. In this study, the experimental verification of clinical cognitive assessment and public
benchmark datasets demonstrated the effectiveness of PAFG-TL in cross-scenario cognitive-ability assessment.
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