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Decision Tree-Based Assembly for Learnwares from Heterogeneous Feature Spaces
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Abstract Machine learning techniques have been widely applied in various fields but still face numerous challenges,
including heavy dependence on large-scale training data, limited adaptability to changing environments, concerns
regarding data privacy and ownership, and the issue of catastrophic forgetting. The learnware paradigm provides a
systematic solution to these challenges, focusing on reusing existing high-quality models to tackle new tasks instead of
training models from scratch. The learnware comprises a model and a specification describing its capabilities. Various
learnwares are managed by the learnware dock system. Existing studies have shown the effectiveness of this paradigm
when learnwares and user tasks share the same feature space. However, in real-world scenarios, the system often lacks
models that precisely match the feature space of user’s task. Current work has preliminarily explored the identification
and reuse of single learnware in heterogeneous feature spaces. However, the performance of a single heterogeneous
learnware is limited and may fall short when addressing the entirety of a user task. While multiple heterogeneous
learnwares can complement each other’s capabilities, the key challenge lies in identifying and effectively integrating
the localized strengths of different heterogeneous learnwares. We propose a decision tree-like learnware assembly
algorithm, which effectively integrates the high-confidence regions of multiple heterogeneous learnwares.
Furthermore, to facilitate the effective learnware recommendation, we introduce an identification mechanism based on
reuse performance estimation. Experiments demonstrate that even in the absence of models that perfectly match the
user’s task, the proposed method can effectively assist the system in recommending potentially useful heterogeneous
learnwares and significantly outperform models trained from scratch through tree-like assembly.

Key words learnware; heterogeneous feature space; model identification; model reuse; decision tree

W OE OMBFIRRCT ZEATH LR, 2@l %X, G5 E ) A HIEGRE ELE
BRFETEA KEBRSTERFE, ARRERRE LS, PHEXAZAEREILPTARET HE
E& EBCSETAARRARCANZ R BB EFHES, M RSN ENEER  FH AR 25
DM M R, ERXREFNFHBLZHARELIAR—FE, CARRKRIET SFHE5 R PF1E54
mﬁlﬁal’]ﬂh&,&*\éﬁﬁ&i RmEEEGTF, 50 P EFHIETE 2 ARG FAEERE, L2
74’%& A AN TIRET FHFMRETR THEFHERE RN, Kmt—FHRER R, A

Wi B #: 2025-06-09; &= H #: 2025-12-19
ELWA: KA KRREIEETH (62250069)

This work was supported by the National Natural Science Foundation of China (62250069).
EI51EE: i &% (zhouzh@lamda.nju.edu.cn)


mailto:tanp@lamda.nju.edu.cn
mailto:zhouzh@lamda.nju.edu.cn
https://crad.ict.ac.cn

1250 AN S KR

BEENRPAES LRI E . SAFMEFIEFI MG LR A ZANE ) AL I AT AR5 JF B A3 5 R 04
Ry AR B RS R A R AEBIR . A, - — A KRR FA M S FAMEE A Ak RS A ES SR
ARFFEZ R P S ERERR, AR —FRIFAERGEHAE, RS T AT F4F LA ERAE
MEREN, FRERKN, PRAAFRALELSAPESZARRGBEY, RANBTHLEL B A
R P AL SR A B8 M AR AE FAE, SR B K A F A R AR AR PR MK Sk )] A AL GG MR

2026, 63(5)

KA F MR R E R B G R ; k RAM

mEFESES TPISI

DOI: 10.7544/issn1000-1239.202550460

Pl HEREwmEFY K2 MY %2
AT AT 3 ) o SR, R R AT T I T O
FEPRAG: e, DS B L Gk RE AR A S
PRI, N AN 7 2 R o e 0T o b 3 0 7 Y AR
YEUR, AR ZR YRR TR S AR A% . H
W, B B FA 5 BT A RLIR) R L A 355 3l A 728 A ke i A
RUTE PR, DA R OMEPE 8 R AF B4, BRI 1 R AY iy
SESEM. RAETA KSR 55X F A b
J R E, ABTE S bR W 3 28 ) LR £ [m] B 20
FEH E N

BEXT R ML 24 > % JR T I Y T IR) A, A
P 221 (learnware) ™ Y IR AL T R GE 1k 19
Y5 % . s B A R SR R G, BB
FH P A A2 0 2 B A /Y 1= BT i A5 7 i OB AT 55
AR T R B B A R R B 6% S R A
WA T, BV AT L 5 8 T & A& B T
1B FOFMBRRIRLL 2 3R R, Hh B4
TR A K5 L A R AR 4l P AT 5
o SR v K A b A RN L AR AR
(AL, 0240 T 3 2o 220 A 700 S BB 114 5B 43 A1 s
NHE B 2E A5, AR HE P R G R A b R
CIER LA, R ARG R e R AR, B
e BE AT B SR 8 TR A Y B RN I

JeAT K T A B R EE P ERI
s, BB AY 5 1] P AT 45 SR S AR W) A RRAE 25 0], SR
TE B0 S N A, RO AL A [RAT 55, BT RRAE T AR Y
25, AR RIAEAE B R AR RS | . dn &l 1
FroR, FE ST S sevh, Tz i Y AR 1 4 B T B
JBE MIMIC"™ ¥ 5045 41 410 26 5K AR 1 24, o 25 fR
R ICU fEBeic 5 LI = kil 45 5% . 250 5%
Bl o g 2 B 4 1 S LR BRYTAT 55, R
T RA Z ik R DA R B AR (ERE RN,
P T 516 56 6 R AN [) B 2 X AR 5 ) R SR 6 ZR el 17
P22 5, AN IRl & G0 SR B AN [R) () A% 2 & AT 2

CSTR: 32373.14.issn1000-1239.202550460

SRR AE TR, 5 SO R B R AE 25 ) B
FES . AN, OMOP i FH A A A 1 1 Sy I 7 5k
o 45 B 0 55 — AR, TR RE R A v Ak SR A ok
A Z VR IT RO o A 2SI T b of Ak B FE 14 15
Yy, AR 23 ) SR R 5 A A . ALY, SR
FEH LI IR R R I S S R A 2 TR B R ) 41 41
T

TN SALS PR

R

R TR ﬁ CR R A #eks 2)
E >
DB

SIS BT {5 B R (B 26 TRARTE R A%)

HAGE BN ISR A

Fig. 1 Models generated from heterogeneous feature spaces in
real-world medical scenarios

BT BRSBTSt v ) SR AT 2 (e A Y

Oy M) P S A R AT 2 T 2 i R P AT 55,
U SR 2 /1> 388 1 B A0 TRD AL : 1) Gy DA 25 £ 5 e %
G v i 1 T A A SRR AR S 2 s 2) P
Unfer v 28 2 X S A i DB AT 55 o B X S A AR
SR AR ), B 7 UE R T A I T A A Y
OrATVEBCBEAT S PR AR o SR, ARAE e e B 2
B AR B B, U I3 A A BLE 1) 548 5K I B
FEUES AP IEREA PR . DIl AN SCHR W &5 o
I BERLBE ) 5 B 24 rh B oA £ 8, Sl BAl A
FIARME 55 LB VERE, SC USRS vE A 77 o DAk A8
SR, P AT A R 2R G A A B S A R A 2
(ERIWAPS 223 S TR DE Sk s BUR S (TR LR 23


https://doi.org/10.7544/issn1000-1239.202550460
https://doi.org/10.7544/issn1000-1239.202550460
https://doi.org/10.7544/issn1000-1239.202550460
https://cstr.cn/32373.14.issn1000-1239.202550460
https://cstr.cn/32373.14.issn1000-1239.202550460
https://cstr.cn/32373.14.issn1000-1239.202550460

TS . T Do SRR Y e A A A 2 (8] 2 1 228 ik

1251

BB R, (HSEBRI T v, B— s R P fE
A REATAE SR BR, UL P AT 55 (938 20 X s 1 R B R
4, W ARTAR A5 P AT 55 R0 O 21 A 2 A S A R AR
1 A DI S 00 DX I8 A B () A A SC R HH —
PSR 25 H Y 2 R L Rk, T B s O R
PR REAE 25 1) 2 1 1 1o 1 BE X, e 9 22 22 1 1 Ak
REEAMEH

AR SCHY Bk AT I 94 3 45 I

D) $2 Hh—Fh 2 22 T R S s . Ok
i 1o 2 PR SR 45 R 2 A O G B T X8, o A%
A A A BFC I A T X A A RE A, A AR T2
FAFRI S HTERE

)BT T — AR AR S E A AL . S ELA
A4 3 T o3 A RS A A4 LA L, AL A IR
TAE 55 1] 0 o3 A R ALY, 3 A T 2 A A R A R AT
55 EETAPERE o 7R BL AR b, AR SR EE T SRR
SRR AR A A AR S B AR .

3) I AE R R, RIE A G0 b AN A7 78 F A
PR S5 B S 1R, RG4S AT A Ak A48 A 4 e 24>
TEA B S R R AR~ F, 3 Bl P A R o B AT
55 JF Ik 25 U Sk I ZRBERY A P RE

1 #HXIE

1.1 FHEKX

FESA AR, Sk B 45 R 4R Y R B AL AR A 2
BRI LABE TF R B IR B R E RS . L RS E
T AR 2 AT G — VA B 2 T I B
BLER 2= AR S0, il = E R G RO AR
e SO AR 7T AN 20 DA Sk T 4R I R R

R B = 2= RN 16 A = B AR =]
AR ARAE — 8 R, H A0 e T A AR AR
25, FERMAE 2 O H—, AR R, A%
4t kA R BRI T R 2 B TR BT 55 Bl A R
H Y%t B bR 34T 55 A 1 Bh, DR b 4 3 1 20 i Y 4k
1155 Sk Bl Bh B bR AT 55 12 2] o e 2# R 0T,
T2 1 R B R e T TRORE Y, R G AE A 1 1 it 2
PR AT G w5 H P AR S5 HIEA G, B, a0
Al 5% P 75 SR 0 228 AT S Bl 0 2 oA iz
AR . T FEECHE T U R T T, DAAE ikl
T B AR B AT 55 1 s VIR d o SR
SR R FH R A7 BS0HE e RA PR 37 T SRR T A AR T 4
PR 2 5, 2 F 56 38 2R G0 18 1R T ik Ui 18] I & 34 s
FB D G B o X — BRI 75 4% 2 5 ik AR AROUE LA

BN T

SR FE AR B A RTR TR T —FR R
SRR s UG FHRESR o 22l A A
FURL 2 A, Hoh 29 VR O LA, 3R T R AL Y
FEPE . FEM 2yt Jr T, R I A0 A 4 e A%
9 {H #% A (reduced kernel mean embedding, RKME) #{
24910 3 3% T vk 4 ) B R O A R A o 1 B
B A HE . Lei 5 AP WHIE B T 3% 8L 29 76 A it 78
Ji 4 B s B TR INF, BB A R4 7 18 DL A M . W
A NP ST 3 AT 55 R AE £ (4 Rk RKME B2
T . AR Y itk — P RAFBLAYHE J), Tan 55
AU BUE T RKME HL24 1 A AL, A 20 A T A
Y0 i AR L, A R 24 e 4R A R R AR R R 1Y
B o BE TR A% ECE Cln R A SOAR ), R S A
NPV T 3 T 2 P 2R A% () RKME #L25, BL Ak,
A — B H A T A BT MR R, e e] &2
& 5. LANE™ Fl SpecNet™, £ 24 {4 248 & FH )y
17, Wu 858 P11 S it 3 2 40 A3 VT Bt R A7 24 PR3
Zhang % N\ i — Mz kY R ER LS A —
TR RBENF RS T B0 T, 5 X
VAR B2 1 B TR A A 1, L 5 U HE R Ll 2 1
X F 2 HE AT 8 DL SR RN 2 XA Y A 2, T AL
FL2A R 5148 TH A 48 500% Xie 55 ™ 2 H Al A AR
FENE = F AR Sy Al 57 2% A o B 2 R A 4, O T A
3L R G N A 22

AW E 2% =S T P AT 55 FR AR 2 [R] —
B R A 37 5 o AR AR SEBR I Y, RGN E R AE
A BEANF A RFAESS ] R XX — Bk ik, Tan 2 A1
HIRIRE T R RIEZS [T 22 R 2L, AR
FH ) 881, 3L T 0 MRS T D 2 N 2 5 A0 R B8 R AR 25
) S BB . R TR — BRI, Tan A" 4R TR
RS Jir s 50t R B S 1 A A R R R e A g R
JE . BJE, Tan 2 A" B T ML A AL, A
B AFRICAR B, IETE 50 5 00 19 20 2R & 44 0o 2
T A AR, #E— 2242 T T PR S B PERE .

BN, 2 2Us & T ARG T e
AR IR P2 T FH A 92 S T8 T e s e
A FE RS R G AE Y B R, KRG
A A R, PR BT R AL, S R ok
S PN S g W ST AR AL TR A
1.2 BRHFEZEMEXFTAR

A G T S A8 R A1 5 () (04 9 0 40 e 4 45T
)W (heterogeneous domain adaptation) """ 5 ¥4 T #% 2
>J (heterogeneous transfer learning) ™ F1 53 ¥4 # 74 &5 Ff



1252

HENTR SR E 2026, 63(5)

(heterogeneous model reuse) ™" | 3 K FHKF A [A] 45
iF 25 TA] B0 B3O8 W A 28 20 b 7 25 ) B SR o 5k — e 53
o AR AR OB T PR IR B bR S I b B, BRS RE
ik 1] A 31 B AR, DARE S R AR =2 (8] B DG Bk . 4K,
TEFAFE R HELE T, 15 B A8 SCHK 9 RKME £ 2y, 2
14 R i 25 25 B 8% 1 TG 7 I 800 AR R A1 2 1) 4 B
H 0 A AT B2 TS24 RR AR OCHK, S92 I SR 4 R AIE = ) 2
FR g —HE, mACEEMABE N . B TEN
&, WA WHIE ELAE D T B — SR AR a2 i
2> SRR 25 8] 2 1 1) 220 5 AT ke =2 T 5

2 &R

T2 2 A I A% 0, BB A5 7 AS T 5 A5 75 D5 4 I
SRR B W R 20 i AR R B Ge TR . AR A
RKME #2202 R FAAZ 7 06 X VI R B0 4 F 5
TR ) i £ %) B ME 5 O3 A AT R A R, RAE
TR AR OE R
2.1 ZPHEEBRAN

FATE N BRIIE A (kernel mean embedding,

KME) "™, KME ¥4 43 fii W 5 51 — 4~ 4% o8 B0 R 1) 77
He W% A JR A 4 45 [8] (reproducing kernel Hilbert space,
RKHS) . %@ 725 M X L4536 O, H KME & S

(D)= [ k(x.)dD ),

Hrfrk: Xx X — RAEXFRIEE % R AL, HXT N A RKHS
A Hyo % R EKAF A Brep [ VR, X)| < 00, KMEFEFE
FLwl B pup € Heo 3T M DF BE 00 B0HE 4B (xy,, H:
KME f9 2 564k 11k

A
(D)=~ Z;k(xi,-) .

KME {1} #5341 (9 %, BoA 0 Ry B 1%
. 24 B bR B R FR AF A% (characteristic kernel) ™
I, KME Re % 5¢ %% {1 B J5L 4 43 A 09 Bir A ge 05 ., B
JE IR R 4041 5 H KME R Z [ A7 DU E 2R
2.2 RKME # 4y

BT KME, RKME #2441t ] 20 d i AR A
{(81) Y, Om << m) I A J5E 070 KR 51 K2 19 720 i oy
{qi};;l = {(xi’j}i)}?=1 1) £ % KME, /ﬁ\: H i = f(xi)yﬂif;%g:”
TOOAE . 4w 4R 5m 2ok =X (1) A= il

S Lkign -3 Bk (2)
j=1

i=1

2

(D

ming,|

Hy

JeR B} AR R TE R B 3 B B KME

D) =33k (1) €y RKMEHL 20 . 3E B 76 19
RKHSH PR Jy B2y 25 6] o 3% FL A0 7 A i i 5t i 590
(R4 T 4 2K 20 A DI 32 245 BRI Y 1 e A
KF

TE—SE i P 50N, o BL 8 &R 48 b py L Y
JIT X L AT 55 3 A AXAFAE B3 05 22 # (covariate shift),
AT RSO A5 A 1 40000 o A A7 e 4 R A O 2
N T AR G B P AR AR RIS B
VA 1) B, Tan %5 A" 58 H [R] I R 406 340 2% 53 A5 R 2%
Sr A AL 2 A AL . BN, s T LU E S
N {ﬁ_i,z_;,y_;}Tzl, Horrz Fly, 43 51 0y ¢ 009 R AE &8 43 A bR
ICHR o 4 W SETE LR U, 5 B0 DR 21 B 2 A P(X)
AP (XY =) #AEAF B RAFIT L 240 s
£ 0 oK i J2 W 7E 3 BR 4r A POOR S5 1 4 A
P(X|Y=c) b fR/MMbi K {E 2 5 (maximum mean
discrepancy, MMD) SZ#1

> %k(xi,-)—z:ﬁ,-k (z).)
j=1

2

F(B,Z,Y)= +

i=1

Hy
2

, (2
Hy
Fo 7 A0 103 590 2 R A b 10 B0 0 4 e 2 v s 5
c NRMMEARRTIES . ACRLENE T RKRME
ML E R i A 5 3

> %k(x,-,-)—Zﬁ_,-k (z),")

i€l Jer.,

0y

c=1

3 mERKE

A S 78 2 R 95 v, ] 2 48 %
1 45 W 26 AT JH 00 20 T S5 M B 2 10, 33 38 22 2 1
GUHE ST, A RS BT P AT 55

R e — i, 1B 18 52 0 B 55 18 Xt QAN R
70 B A A0 e 25 TR, B0 X = Xy X Koo X Xg o PR
5 (0045 G 75 18 9 1 FH P 0 R 255 ) X S 5k 26
T AT B8 UL A iecXo, Foh BRI R T 24T
25 U PUT 55 (9 FR 0 25 AR A, $90  = (1,2,++,C).

e PR 2 B BE: RS BRI B BB
EAR S WY B, IF R AL RS Dy o= { (7)Y, L
Zh— AR R 4P BERLf, JF A B RKME #L 24 S,
L2 R 0 NI 5T 55 10 43 £ B FIASE 50 1 6 o
& BT R 2 88 B IA . A HEB BT AT S M B 2
1] 465 750 e FC R 240 U5, 2 11 P 2 50 3 T A 4 A 2
PR R (S8} 2 3] — A [ 1) 725 Wl Koo 16N
I F AN G B R 2



TS . T Do SRR Y e A A A 2 (8] 2 1 228 ik

1253

1555 28 By Be, P 30 A K bk T 2R Dy = {xo),
FA BR B 19 bR 1 0dE DY = (R yod)iy o TP 2E AR
RKME f£: 55 3K Sy IR e 2 4 2 M R VE R Ge . R4G
PU W8 FEAT FH ) 224 SR R AE 23 T B (£}, (TR
WeAF B RS 8) R B h P . H Pt 222
SRR UAT S5 o R e a2 s o

X, Xy e A

A g
[T = o9
£ K (AT )
Fig.2 Problem formulation
K2 FEEAL
4 AKXFIE

AN AF N Z e SE AL, B
P 1] E A 41 R G ] 20 R S A R AR 2 1 B 4 A
— b LS M BE TG A A% o A 2 48 o U, 32 1 JU) AR
L BE T 53 A1 DT C Y A 48 0 U, RE 0% 2% ik A 4 AiE 5 1]
4 | B 0 A A R R L), DA 4 T 2 A 4
ROR BTG, AR SCHR ) — Fh 28 DR SR 45 4 1 2“7 1R 4
PERE, I 25 M 2 5 2 A A R A 2R R
EAR RE X, AR T P AR S5 TR RE
4.1 BSHUHFEZEFEHAR

A BURFAE 23 ) S 4 B 22 1, R ZAZ A
[Fi) 45 1F 225 ) 22 ) F) DG TG o S 2 Al A 8 114 it 4 1T 4
HCHE 0 A E 25 1] A A B B O TR T, R GE AT LU
FI AT 25 0 22 A 0 L 24 42 1 R Ak SC IR O Ay A 20 3
(18 -2 [ R b7 174 e S5 bR 25

b AR A (S5 = { Bz )0
BE R & e ] i O A B AR R L = @ Lecconsiction
@ Limitar + @3 Loupervised, » 3] — Ay ) 25 [A] X A
VL B 25 % bR B2 G X Xan) 2 B2 8 155 R 2L
{gr: Xow HXk}kQ=1c> BRI E 3N B

*ﬁ ji Lieconstruction {i ﬁ?af lﬂ% ﬁ]L PRI %I (e, gk)g‘; ) fl% ﬂ; ﬁ% XkJ:
Bt 09 B 5 FA; A RIE AR R Lo 15 FEAS 2,15
AN TFVRFAE B B D) B 1 25 R] 8058 45 R A O
R Lapervisea P HR 28 15 B2 T 125 [8] 22 ) 25OR, (i
FHE S S 28 i) v [F) 2R Z B B BB /N L AN )26
FEAR Z2 [8] Y B R

G S Sy VSN W RSB on .S ok ¢
{he, g 2 4 8 SCHEAR A IE AL & i BUE 80% &
Fas ), AR, 200 R i XA [F) R AR S0
PR A R AT P . A, 1R SRR 2
PRI, R SRS o 50T A RCRD 2 1 T A £ ke 2 R A
IZMER B G, Al 2R E AR TS E A
DS, A A 2T T G R A A 4
42 ETERAMERHNESEHER

SRR R G B R R A PRI A U,
Jral LR R e A i ok A A AL S5 o T ek
TR b T B D = o, AR FREICHRE 9 B EHE
Djy = {(Ror. yo) )iy 2E T8 RKME fE: 55 5 3K S = {(B). 2,
YOV, A AR T LU i 2 (3) AR, BB SR AR Y
205 s S RS 0 R AR 199 30 5 93 A1 Py ARG, ELADA A
ICREA I 25 45340 Py AHIE ™

2
ny

> k)= DBk (z))

i=1 j=1

F(s57) = | ;

He

3 k)= Y8k (21)

iel,

2

C
92 , (3

c=1 H,

Hodp 780 1 43 90 2 R A5 b e 08 A 4 s 4 b R TR
c MRMBEARTIES

YR P R GRS 5 TR R, R A AL A
A E B PR, IR Y TE W K 1 2 AN 2 R
WP B RIE ST S 2 O L R P R
PR 3 T2 ), IR0 0 A KU S B R A 4
GRTIT Fh1 33K 26 77 6 R BB 7040 % 1 2 A5 700 (1) 5 P
fiE, HEAEA E R TR RETE AR A BR

R SCHR T — ol R T T B 1 S A R AT
SEPEAE AL AR B, B L RKME FI ™ 7 3R O 563 5, it
LSEAS A B AE 22 O e P AT 5 R B, AT
7, RKME J] 7 75 5k 2 AiF o /0 b 48 AT 19 A A i b
A BB Zo Yl e B RE AR A5, 2, 8 SUAE T840 45 4F
B gH A5 4 I B R AE 2 ) L, T o R R G T
23 () 2 > 52k 5 v A B 2 B R K AL (g Y2, A B R
B (g2, REAS 2 RRAE T 97 78 %8 5238 (R B AE 25 )
FEAE 3 78 05 B4 1P 7 SR AT LA SR B RO VA R S




1254

HENTR SR E 2026, 63(5)

oh BT A e AR REAE 2 A0 P B 2T 1 B B A e 4
FRIE A A AR bR . ZVE M bR AU E 1 T 74
FRAE 25 8] 23 A (AR A, B8 4 PP Al 1 24 A A R E
55 BRI,

A7 6 AR 0 BAR T3 J7 AT e 24 0 ) R JE
FR G ST 55 77 2K S 8 = {(Bo o you Yoy 7 » BEJE R G0
TSI A G T R By X XY R AIE 2o G
SCHERFAE 25 8] Xiee, X 1) F AR S 47 U0 F0 543 51 R
FH 2t R B 2B 125 B), IO S 13 Bl e Bl
G0 I 3 A PR RO (g0 X > X} B vor 3552 21 B
R FRE T8 b, IE BT IHRRAE PR32 BE A 52 3%
FRAE 22 8] Xy = Xy X Xy X oo x X EIIREAR £, 0 B0t R
T3 3 )5, 8 SCTE RS 40 R AE B b 0 FH 7 55 K AT 9 4b
55 % 56 R AE 25 8] b 04 56 0E 2 {(Boks Bows Yo Yooy o RS
UESE AT ] T PP A4S R Ge b B A S A R AR 27 R A PR BE
FR G BEAS 2E a] DUBUBCR TR B FEA Rop P XS R ¢
fE =z [l B U) Fr R AT B, 45 BB A Do S A Y
fiE 23 [a] 2 40 () 2 A 57 R SR A E P g ok b
I fE:

R= " Bul(yoIoo): (4)

Forb 0 20 pR B, A8 53 28 AT 55 Vi AT B B DE ) R AT
W aahR e XA HE AR I 0L S R T S AR A
fE55 ERIVERE . AR5 2R ST 0T A5 2 1 B T
PERERIG, 25 fbndie i Y LA e R S L o

FRATTRE A SCHE M Y 2 1 L 5 A G B T o0 A
DU E A 7 AL HEAT S L o 6 T o0 A DR IR A HE 7
WU A5 e 25 P A 55 0 A1 5 2 4 e L B R A
55 oy A AU, 2P P AT 55 BRI F. X—
BB AE [ A 3 5 T (R 1 5 R P e ik 25 ) — 2 )
"R T WU, BT S TERGEH . LU
B 5 5 2 T A ks ) SR SC A [ R AE
Tk, I LA X B R R SR, TR
WS A P36 A B A B R O BRI
FH P 5 SR AE 525 8] A B 20 A A G, AR TG 32 RS
Wl 2 808 5B R, B85 5 1R R U 95 70 A fR 5
Bl . T R RE AL TE A0 O vk BRG] R
o 2 U I B 25 2R, JF D1 D S A SRR AR 2 R B P E
ARG TE T A R YR o R R Dy T
P B0 22 57 2 BEAE T AR 30T ik A A AR R X /D
HEAEA (50 A ) ZEAT BN, 1004 58 07 3 W 5 3 5 20 A
FHES . TP AEAS G /D, 2 RO A AR AR 1 IF
TRFHRER

43 ETARMHWRUZEGHALER
M PR R G 0 2R, AT R
Sl A AR A A AR5 . AR L T3
— 2 0 5 FH——H] P AR T 2R e 4 A1 1% e 55 v
BORh A B FRAE B, BDA] A ] S A R AR 2 . KT
S IR R R G Pl AR AE 2 AT S5 45 2
PF, FLak Se2 (R 7E F P AT 55 1A 6 ST £ 3 il
DX 38, AN A2 FH B — 2 0 LU AE AN P AT 45 B R A
RAF o A SCHIFGE an el P15 FH 4 & 224> 25 0 00 O 35 i
X3, FIFH 2 A2 00 0 P e AL, A 20 T+
FUESs b2 0 5 THRCR
BEXT B3RPk AR, AR SCHE Y — i SIS e SR 25 48 1Y
Z o P B o AR T 2 R SR AR (1 388 05 )
FNHLH, AE R 3R A (8] b Bl A VT FL fe AR 24 4. SR, A0
ARl AR A5 2 1 1) Ry A0 35 A A% A S R AR =5 T 1 40
G5, R T 207 B AR Pk . RS R 5 R
1 g S HE T 28 45 28 R 43 6 AR RE 98 D0 1 DX SBlURE AR 4
JE, F0 05U 2 A 0 O A X . SRy itk AR S
T —Fp s & 200 o BL: S R P A 2
FEXF F P 2 f 6 BRIERE AR DY = ((Ror, yoo) ¥t 2F AT T
TN, 35 5000 {5 A ML A 5 4% I R o A A
2 A2 (R AR S I A7 4 349 48 e /N Ak 5 e T X
o DRSS TR X A A AR R AN, b A 5 R A 2 2 0 25 B i
B, I I R4 VA AR S i X B R 43 i . X
TR 4 I A2 B 2 A1 X, B3k £ 0 U b S AR
[F] A 5 o R, L 20 DL R AT — 20k & 1) ik F
T 0 2 A B e KR 5 2) X4 iy X ek P A A A
TP . L BRI e WL 1.
BiE 1L R RIE AR .
A : MAS RGEHERE R =08, H P D EA PR IC 8L
i DYy = ((Ror, yo) ¥ty » P IR AL E0HE Dy = {xor,, F 1
B HE 2R GE ) A pR B (s Xy o X ) 2 IR B R EKC
H {gr: X /\’k}kQ:l;
i 102 P 0 A AR 0 45 2R (9o, o
© HEAE 25 [0 5% 5%« {1 FH 4 % 1A 55 R B2 00 DY)
PR AR AIE D 4 2 58 3 45 18] X, 13209 70
Mﬁ%ﬁé = {(f«'oi,)’ot)};il o
@ b IH LR TR DY B RE AR B 5
A AN 2R IR AR D | DY | < N 52
A BN B KRR E dopax, AR [ £
() NGUASE 6 ) 2 45~ A4 DYy 1 U I 1T 3
SRR C e RvM ) Horh € R R 2 jHESS i
AFEAR B AR I Y IO ARE 35 SR 5 3L




TS . T Do SRR Y e A A A 2 (8] 2 1 228 ik

1255

15 P 0 B A4 OIS, K B R € RM | Ry 3w
A GRS i AR L A UL

@ FMBHIXHE R X T A 0% (£ ) 1
AU AN YA, B 24 A0 27 4 X A R AR
B 4 NS Ry = ;;min(Rk,-,Rk,«),
B RS (f,, f;) = argmin R,

(5) GRS ek i PR AR A5 2 0 500 M 51
R R Dot = {(Z0i, [(Rie < R s
RPN £ R I, ARic o 15 f, R B 4F,
ik 0,

© DX BRI 5353 ZE 25N D AE 50 5 4 B
éﬁ?éj%‘@ﬁ?\%’é%gﬂpmi Xa = {0, 1}F Dyt o

@ Rl 8 f5e oSS AT %R0 43 I 1) 2 A Xk, il
B Lo fy SR S B 400 43 DX 3 09 A 350 (L 5 /)N 1)
2B

R o3 VERE I : B — IR LT
Pgnge = Acc (f*, DY), 41 A B PERE >

1
Pcomb = ;l ZACC(]I (f;plit (ﬁ()i) = 1) f;l+
i=1

I (fst (®or) = 0) JosYoi) o
IR Peomy < Peingte» UES X 43, 3R 181 £, H X 384
AL
© 18 U9 TR 2 23 K aE
So= {(ﬁonyot') €Dyl Sopiie (Roi) = 0} )
S = {(fon)’ol') € ﬁ}) | fopic (Foi) = 1},
IR TS o, S AT LR~ )1
AT
A0 WXL T - X TR AEA xo; € DY, Fh 42
FEAEAT 2 Ro;, MR ATTT 065328 U9 1 45 7B
FLZE Y R B TR AR £t RS
$0i = fieat (£oi) o
BV 1 2R 6 Do SRR 25 4 52 I S 40 2 16 1 11
A, AL AR U I & AN TR = 1 B0 v B AR
JEDCHR . B0 1A 2 b s D B H—, BT 2R
N0 A A DXy B i S T A R AR I R R
FEUNGR LN 7 2o A, 2 BURTRFAE 25 0] 9 3% 15 2 53]
H JE T, TE R B9 Az B R P R AT TR AL, B R
Oy 35 R AT PR BB IE, Bh A5 PR E 1 4k 2 03—
A3 24 DX S K 7y RE 4 T 500 P RE I, AT 2 8 3% 1 X
3B U R T, A UL B T e 0 SRS 2 AR Dy
o T Al A AL, B R A AL
Ak PHFG R AR RE BB REAS o SR 1 R L EE T

R TR 7 Sy 3 IX 3 2 BN A2 (9% ] A, S5 3 o R AR 11
JRR AR T T RS X A A . MR T
G AR BTV, S 1 1 T HRAIE 0 A &2 4% L AL
I AR B XTS5

FATT I 21 e vk HL AT 3 Mk, 2R 5 R P g
BInliE o a2 — B i RGBT, HAKHH P 7
SR (i AU AR e AR A SR8 Y W A B AT B
Y12%%, B P AT B A O 4 2 2 1 T A5 Al
S54 A BRI TIE— R0 . PR SR T
PF AT PAT A4 428 50k, AH BE T A T 4 ek D
155 K04, 0 20 e A RE 16 FH R el 72 1 2
44 FTERE

FE2F 1 SE e 2R G (W R R B B, JT & H AR A A AT
% EUNRRE AL B RKME FL2 . T & 3 6 15
AT A G R RS . REEHEREZN R0
FRAE 25 [ 4 5, 236 F A #0228 5 — A
e o Sl [R5 7 N i N E S 11 o= N 2 S i £ VAL
X[ WS R A . RGUKE AL TR B —
R AZS B], 525 A R AR 2 A 1 2 21

M P ) 2 A B A 7R G il DR AT 55
o FE T ICAR I I D B A bRic BodE AR B RKME
SR, IR ERS . ARG E HMEREHE
(10 A 48 HE I, 1) FH P HE A T R AE AT Y S A R R
232 IR B P AT A 5 . e, P
A {5 Bl 28 G4 T 110 S A R 0 2 A o2 S8 B A 55

5 XBWERSHMH

51 ZWigE

IDRAE/TES

A 5% BE 15 428 FF B 20 28 AT 55 K0 45 0 b
Y b, VEAL TR T IR R MR RE . Tk B S R
A 3 AR OFEA B B K (1000~58 310 MFEEA ) ;
QFFIEZS [ 4 i 22 5 1 35 (7~7 200 4 ) ; B2 5 4 it
M2 (2~1028) . BB 15 MBI ESHE B
IR 1,

2) X% LTk

AT 0 k5 3 R R AT RS
XFEE, A4S SRR 7 i | TIN5 A8E 70 Ty v RIASE 7Y 2
DT X AL g i Sk U 2o ik, TR ATk H 3%
AT 55 S5 6 13 42 T 3095, 3% FH LightGBM™
HEATIN IR, AR BRI b B I S e . I AE
AR PR Xt T BUI 245 AL )y %, TabPFN v2i**)
R Y /N RS R 4 ) SOTA VR BE % > J5 2, it



HENTR SR E 2026, 63(5)

1256
Table 1 Basic Information of Datasets
x1 BREEEKRER
ETE S FEE 55K HAEL
credit-g 2 20 1000
mfeat-karhunen 10 64 2000
gina-agnostic 2 970 3468
bioresponse 2 1776 3751
christine 2 1636 5418
theorem-proving 6 51 6118
satimage 6 36 6430
fabert 7 800 8237
robert 10 7200 10 000
artificial-characters 10 7 10218
eye-movements 3 27 10936
riccardo 2 4296 20000
nomao 2 118 34465
click-prediction-small 2 11 39948
volkert 10 180 58310

3 B AR T 25 e 30 3 9 28 5T AE B Il AT 55
I — VR 1) 7 1% S B0 5 i X Tab™ 78 B 5548 3%
A WG AL =T HTFIEE M. X T
LAY P Ty 1 5 O i, — e 2 o SR G 2 O A AR R
SRR AT A I AL 2 ) S B R . Align™™ B
SEAE FRAE 2 (8] i E A AR B X 5%, B S R X 5% IS
LY A ol SR 5 2R 5 A RS B ey 1 ) R R AR R S
YR — D RMERIL S T E B4 o X Fh o B
BN 5 A R R AE 23 W), TR 2% B sk, A L
ZF, Hetero"* i 5 Il 25— >/ 3 14 725 1] 1 43 A7 DT
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BRI, X AP v B E 1R T T R MR &S 8] 2 1
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(18 7 AL T 2 AT 2 48, 30 S AR SO vk (A fERE ) o T
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Table 2 Compared with Baseline Methods on Accuracy
F2 SEZFENEREITLE %
Hllate LightGBM TabPFN V2 XTab Align Hetero AT (FRAREE) AT
credit-g 67.7£1.0 71.5£0.0 70.3+0.6 69.1£1.6 70.4£0.5 70.6+0.7 71.8+0.1
mfeat-karhunen 65.4+1.2 75.9+16.3 36.0+1.9 73.3+12.0 77.042.0 79.9+0.1 80.2+0.0
gina-agnostic 77.2+1.8 79.5+0.5 67.8+2.3 74.5+1.0 89.1+0.3 89.1+0.9 89.9+1.6
bioresponse 62.91.9 64.5+6.7 56.4+2.0 64.0+1.6 74.4£0.9 75.9£0.5 74.4£0.5
christine 62.0£1.4 62.2+0.5 61.8+1.2 66.9+0.8 72.7+0.1 72.7+0.1 72.7£0.1
theorem-proving 39.9+1.7 42,1403 40.8+0.2 39.5+1.2 51.30.0 50.4+1.6 52.8+0.3
satimage 79.6+1.3 84.0+0.4 754423 81.4+0.9 87.5+0.1 86.7+0.6 87.5+0.1
fabert 23.4+0.0 31.2+4.0 22.940.5 32.0+5.6 45.0+1.6 54.6+0.2 54.5+1.0
robert 21.9£0.6 22.7+0.4 13.4£1.3 24.6:0.8 41.742.0 45.9+0.1 45.620.1
artificial-characters 26.7+1.0 30.4+7.1 21.1%1.7 20.242.7 41.4+1.2 42.6+2.9 48.120.3
eye-movements 41.5+1.2 42.8+2.8 39.2+1.5 39.7+1.6 56.2+0.0 53.2+1.3 55.44+0.6
riccardo 74.4+1.9 75.9£0.1 75.0+0.0 72.3+2.0 82.1+0.4 82.8+0.2 81.7+0.1
nomao 85.4+1.4 87.4+2.4 82.2+1.0 86.7+3.4 90.8+0.2 90.9+0.4 90.9+0.5
click-prediction-small 79.5+1.0 83.2+0.0 82.6+0.4 83.0+0.4 83.2+0.0 83.2+0.0 83.2+0.0
volkert 39.8+0.8 42.8+1.8 37.4+1.0 42.122.1 46.2+0.0 49.9+1.4 51.2+0.3
FHERE 56.5 59.7 522 58.0 67.3 68.6 69.3
TS 5.9 3.9 6.5 5.4 2.3 2.1 1.9
/- 15/0/0 14/1/0 15/0/0 15/0/0 9/4/2 8/3/4

TE: WP/ R AR SO I A58 T AR LB B SRIARE R SRR b AR RER, 7 B SR BUERR HERA R A B (B AR 22

Table 3 Accuracy of Different Ensemble Methods

®3 FREMFTENERE %
S WIRE TR R (E
Tree Assemble ( A<3C) 69.33
Best Validation 69.00
Selective Ensemble 68.77
Average Ensemble 66.26
Job Selector 64.70

T 2H %5 (Tree Assemble) 35 v A & &AL M6 . BAK
1M & : 1) Average Ensemble % [ fi] 515 25 56 &, A fr
A EE S BOM [ AL o S B0 AR 58 A2 R 1Y B 1R T
D01 BB 5 5 2 R W IE A A 2, HOR 5 B2 R
AN TRIREAS %) T 5 22 5%, 3 BOPE RE AN £ 2) Best
Validation F Selective Ensemble i iz A~ [7] 5 W §ifi 1 #fE
AR AL, PERESE T Average Ensemble, 1H475% Fi 14 4
B 3K, AR R AT A0S 18 ABE A Y Jmy 8 S0 AL 5 3) Job
Selector i #& Sy 5E F DX 3 19 41 28 7 i, (H X R g LU
S 0 O B I X, HG P RE B 22 HLOE R K Tree
Assemble, AL 22T, Tree Assemble i i F 1& i1 5l 3
ZH A AN T A5 R g O 34 g0 DX I, A7 B R T T 2
A8 HROR .

53 AERAPHEE THMERRIERS

5.2 1 9 P 55 5256 iR, 6 AR TR AR
BF, & 5 A8 R A 223 () 2 1 A 1 e B B 1 Sk 3
SRBLRL AR HE— 2L A BT, 4 PR FOR R BAR f
P T BSCHE YIRS L, O T 45 R 5 2 A T 45
RUEAT R, P AT S e A b e, K 3
BN, bR i s /o 100 B, 42 A0 M fE e 50 T
FH P A 3l DS I ZAASE Y 5 Bl s v 500 2t 185 i 1) 500,
B NP BEFEIT 90% AT 55 AR SR PR FR AL 355 M b
HAE IR B 5000 B, K 2 4 55 A5 RS AR R AT 4 BLATS
REHE T2 33% 1T 55 WU PERE . %7 1, SCge 2 kW], 78
AN TR RRASE (0 A B0 TR, 5 27 1 0000 25 2R 4 mi 3
FUAT 55 T00 o R 6% Hp 2 4 ok R M BB B T, HLiX
— P BB B B P A A I O Y 3 n AR i
S, ARARAR DR AE f
54 WEEAEREHR
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Fig. 3 The curve of user task performance varies with the amount of labeled data
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Fig. 4 Regional division diagram of tree-structured learnware assembly
B 4 SRR A r X sl 2
BRI 3k 21 f J0 M RE BT, 2B WAy 2 4> IX 8 G 6 3 2o FE FRTETE T, A4 JE 21 2B B vk AN DA 4 55 700 v i 45
X5y — LB TR RE . M, IR XA A Ak 2ANE AR EAT A G o Y R G Y T A R
25 8], W) 25 AN ] 4(b) ~(1) fi s 1 22 R o 45 251 . Ry VIRV NP R 7 N N = o 1 s Ve (S



TS . T Do SRR Y e A A A 2 (8] 2 1 228 ik

1259

(D~ FrR B2 o3RI B0 . e AR 55 B 1 R
o3 H B 4 DX e, A DO B 2 B A 2 1 A g
AR BN DX 8] o X A TS A A A ) A R A
T N R A L DAL A R, BES R R T AR
FItERE

FEEAH B P A 48U 2 A s B
TR figp DR T A 55, T AN e SR T R DI R A SCHR
T — P 2 2 CEE 41 S Ak, iRkl a2k
PR SRR 45 A X AR AT 2 ) R A 36 U1 3 2, A 4% 2 R A
it AL B S5 0 X R A RE AR, A RO G T
TERY R AR 3, A R T T 2 R TR RE . 1k
Hb, ARSIV T — Pl ORGSR AL, 8
il S A8 A 2 A AE B ARAT 55 LR S TR RE AT 2 A
A T Rk, AR SO T 58 B S R R AR
FRE SR AR SRR W], B
JBE ZGE P AR L TR P AT 55 BB R, &R SE AT
RE AT 8 1 X T A 55 BAT 35 0 By B9 S5 4 R A 2 1]
S, I BT 8 e e TR e P R T AR, A
R TR FLA BLAS 7 I 55

e kAR 1E M f 5T Skt L R IE
B BE, AELERRAL KBEEFLELE
L TITF,

2 % x #

[1] Jumper J, Evans R, Pritzel A, et al. Highly accurate protein structure
prediction with AlphaFold[J]. Nature, 2021, 596(7873): 583-589

[2] Kochkov D, Yuval J, Langmore I, et al. Neural general circulation
models for weather and climate[J]. Nature, 2024, 632(8027): 1060—
1066

[3] Merchant A, Batzner S, Schoenholz S S, et al. Scaling deep learning
for materials discovery[J]. Nature, 2023, 624(7990): 8085

[4] Zhou Zhihua. Learnware: On the future of machine learning[J].
Frontiers of Computer Science, 2016, 10(4): 589-590

[5] Zhou Zhihua, Tan Zhihao. Learnware: Small models do big[J].
Science China Information Sciences, 2024, 67(1): 112102

[6] Tan Zhihao, Liu Jiandong, Bi Xiaodong, et al. Beimingwu: A
learnware dock system [CJ//Proc of the 30th ACM SIGKDD Conf on
Knowledge Discovery and Data Mining. New York: ACM, 2024:
5773-5782

[7] Liu Jiandong, Tan Zhihao, Zhou Zhihua. Towards making learnware
specification and market evolvable [C]//Proc of the 38th AAAI Conf

[8]

[9]

[10]

1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

on Artificial Intelligence. Palo Alto, CA: AAAI, 2024, 38(12):
13909-13917

Xie Yi, Tan Zhihao, Jiang Yuan, et al. Identifying helpful learnwares
without examining the whole market [C]//Proc of the 26th European
Conf on Artificial Intelligence. Ohmsha: 108, 2023: 2752-2759
Zhang Yujie, Yan Yuhu, Zhao Peng, et al. Towards enabling
learnware to handle unseen jobs [C]//Proc of the 35th AAAI Conf on
Artificial Intelligence. Palo Alto, CA: AAAI 2021: 10964—10972
Johnson Alistair E W, Pollard Tom J, Shen Lu, et al. MIMIC-III, a
freely accessible critical care database[J]. Scientific Data, 2016, 3(1):
1-9

Harutyunyan H, Khachatrian H, Kale D C, et al. Multitask learning
and benchmarking with clinical time series data[J]. Scientific Data,
2019, 6(1): 96

Wang Tianzuo, Zhou Zhihua. Active causal effect identification with
expert knowledge[J]. SCIENTIA SINICA Informationis, 2023,
53(12): 2341-2354 (in Chinese)

(CEXRAE, JREAE. BT L5 R E 3RO HR 1], th R
{7 BRI, 2023, 53(12): 2341-2354)

Biedermann P, Ong R, Davydov A, et al. Standardizing registry data
to the OMOP common data model: Experience from three pulmonary
hypertension databases[J]. BMC Medical Research Methodology,
2021, 21(1): 238

Tan Peng, Tan Zhihao, Jiang Yuan, et al. Towards enabling learnware
to handle heterogeneous feature spaces[J]. Machine Learning, 2024,
113(4): 1839-1860

Tan Peng, Tan Zhihao, Jiang Yuan, et al. Handling learnwares
developed from heterogeneous feature spaces without auxiliary data
[C]// Proc of the 32nd Int Joint Conf on Artificial Intelligence. New
York: Curran Associates, 2023: 42354243

Tan Peng, Liu Haitian, Tan Zhihao, et al. Handling learnwares from
heterogeneous feature spaces with explicit label exploitation [C]//
Advances in Neural Information Processing Systems 37. Cambridge,
MA: MIT, 2024: 12767-12795

Pan S J, Yang Qiang. A survey on transfer learning[J]. IEEE
Transactions on Knowledge and Data Engineering, 2010, 22(10):
1345-1359

Zhuang Fuzhen, Qi Zhiyuan, Duan Keyu, et al. A comprehensive
survey on transfer learning [J]. Proceedings of the IEEE, 2020, 109(1):
43-76

Mansour Y, Mohri M, Rostamizadeh A. Domain adaptation: Learning
bounds and algorithms [CJ]//Proc of the 22nd Annual Conf on
Learning Theory. New York: PMLR, 2009: 20-35

Ganin Y, Lempitsky V. Unsupervised domain adaptation by backpro-
pagation [C]//Proc of the 32nd Int Conf on Machine Learning. New
York: ACM, 2015: 1180—1189

Lei Haoyi, Tan Zhihao, Zhou Zhihua. On the ability of developers’
training data preservation of learnware [C]//Advances in Neural
Information Processing Systems 37. Cambridge, MA: MIT, 2024:
36471-36513

Wu Xizhu, Xu Wenkai, Liu Song, et al. Model reuse with reduced
kernel mean embedding specification[J]. IEEE Transactions on

Knowledge and Data Engineering, 2021, 35(1): 699—710


https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-024-07744-y
https://doi.org/10.1038/s41586-023-06735-9
https://doi.org/10.1007/s11704-016-6906-3
https://doi.org/10.1007/s11432-023-3823-6
https://doi.org/10.1038/s41597-019-0103-9
https://doi.org/10.1360/SSI-2022-0390
https://doi.org/10.1360/SSI-2022-0390
https://doi.org/10.1360/SSI-2022-0390
https://doi.org/10.1360/SSI-2022-0390
https://doi.org/10.1186/s12874-021-01434-3
https://doi.org/10.1007/s10994-022-06245-1
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/tkde.2021.3086619
https://doi.org/10.1109/tkde.2021.3086619

1260 IR 5 KR 2026, 63(5)
[23] Tan Zhihao, Shi Haoyu, Chen Zixuan, et al. Learnware reduced kernel Journal of Computer Research and Development, 2023, 60(8):

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

mean embedding specification based on neural tangent kernel[J].
Chinese Journal of Computers, 2024, 47(6): 1232—1243 (in Chinese)
CRLESE, S0 T, BRPEST, 25, SE T2 DDA Y24 14 RKME BLZY
1. S MR, 2024, 47(6): 1232-1243)

Ding Yaoxiang, Zhou Zhihua. Boosting-based reliable model reuse
[CJ// Proc of the 12th Asian Conf on Machine Learning. New York:
PMLR, 2020: 145-160

Chen Wei, Mao Junxiang, Zhang Minling. Learnware specification via
label-aware neural embedding [C]// Proc of the 39th AAAI Conf on
Artificial Intelligence. Palo Alto, CA: AAAI, 2025: 15857-15865
Shen Zhiyu, Li Ming. Identifying useful learnwares via learnable
specification[J]. Frontiers of Computer Science, 2025, 19(9): 199344
Wu Xizhu, Liu Song, Zhou Zhihua. Heterogeneous model reuse via
optimizing multiparty multiclass margin [C]//Proc of the 36th Int
Conf on Machine Learning. New York: ACM, 2019: 6840—-6849
Mohammed T, Naas S A, Sigg S, et al. Knowledge sharing in Al
services: A market-based approach[J]. IEEE Internet of Things
Journal, 2022, 10(2): 1320—1331

Gong Lina, Zhang Junxuan, Wei Minggiang, et al. What is the
intended usage context of this model? An exploratory study of pre-
trained models on various model repositories[J]. ACM Transactions
on Software Engineering and Methodology, 2023, 32(3): 1-57

Duan Lixing, Xu Dong, Tsang I W. Learning with augmented features
for heterogeneous domain adaptation [C]//Proc of the 29th Int Conf
on Machine Learning. New York: ACM, 2012: 667-674

Wang Chang, Mahadevan S. Heterogeneous domain adaptation using
manifold alignment [C]// Proc of the 22nd Int Joint Conf on Artificial
Intelligence. New York: Curran Associates, 2011: 1541-1546

Day O, Khoshgoftaar T M. A survey on heterogeneous transfer
learning[J]. Journal of Big Data, 2017, 4(1): 29

Ye Hanjia, Zhan Dechuang, Jiang Yuan, et al. Rectify heterogeneous
models with semantic mapping [C]// Proc of the 35th Int Conf on
Machine Learning. New York: ACM, 2018: 1904—1913

Ye Hanjia, Zhan Dechuang, Jiang Yuan, et al. Heterogeneous few-shot
model rectification with semantic mapping[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2020, 43(11): 3878-3891
Scholkopf B, Smola A J. Learning with Kernels: Support Vector
Machines, Regularization, Optimization, and Beyond[M]. Cambridge,
MA: MIT Press, 2002

Fukumizu K, Gretton A, Sun Xiaohai, et al. Kernel measures of
conditional dependence [C]// Advances in Neural Information
Processing Systems 20. Cambridge, MA: MIT, 2008: 489-496

Ugar T, Hajiramezanali E, Edwards L. SubTab: Subsetting features of
tabular data for self-supervised representation learning [CJ1/
Advances in Neural Information Processing Systems 34. Cambridge,
MA: MIT, 2021: 18853—18865

Bahri D, Jiang H, Tay Y, et al. Scarf: Self-supervised contrastive
learning using random feature corruption [C/OL]//Proc of the 9th Int
Conf on Learning Representations. 2022 [2022-04-25]. https://open-
review.net/forum?id=CuV\_qYkmKb3

Jiao Pengfei, Liu Huan, Lii Le, et al. Globally enhanced heterogeneous

temporal graph neural networks based on contrastive learning[J].

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

1808—1821 (in Chinese)

CRRMG T, XURR, B AR, S5 BT Lo 5 1 4 Jry e 5 20245 5 00 PR
222 (0], FHEAUTIES A, 2023, 60(8): 1808-1821)

Xu Wei, Gong Yihong. Document clustering by concept factorization
[C]//Proc of the 27th Annual Int ACM SIGIR Conf on Research and
Development in Information Retrieval. New York: ACM, 2004:
202-209

Wang Hao, Yang Yan, Li Tianrui. Multi-view clustering via concept
factorization with local manifold regularization [C]//Proc of the 16th
Int Conf on Data Mining. Piscataway, NJ: IEEE, 2016: 1245-1250
McElfresh D, Khandagale S, Valverde J, et al. When do neural nets
outperform boosted trees on tabular data? [C]// Advances in Neural
Information Processing Systems 36. Cambridge, MA: MIT, 2023:
76336-76369

Ke Guolin, Meng Qi, Finley T, et al. LightGBM: A highly efficient
gradient boosting decision tree [C]// Advances in Neural Information
Processing Systems 30. Cambridge, MA: MIT, 2017: 31493157
Hollmann N, Miiller S, Eggensperger K, et al. TabPFN: A transformer
that solves small tabular classification problems in a second
[C/OL]//Proc of the 11th Int Conf on Learning Representations. 2023
[2023-05-01]. https://openreview.net/forum?id=cpSPvcl6w8\
Hollmann N, Miiller S, Purucker L, et al. Accurate predictions on
small data with a tabular foundation model[J]. Nature, 2025,
637(8045): 319-326

Zhu Bingzhao, Shi Xingjiang, Erickson N, et al. XTab: Cross-table
pretraining for tabular transformers [C]//Proc of the 40th Int Conf on
Machine Learning. New York: ACM, 2023: 43181-43204

Zhou Zhihua. Ensemble Methods: Foundations and Algorithms [M].
London: Chapman & Hall, 2021

Wu Yuchang, He Yixiao, Qian Chao, et al. Multi-objective
evolutionary ensemble pruning guided by margin distribution
[Cl//Proc of the 17th Int Conf on Parallel Problem Solving from
Nature. Berlin: Springer, 2022: 427441

Tan Peng, born in 1997. PhD. His main research
interests include learnware and machine learning.
B M8, 1997 fFA . k. EEBIR TN
SR PSR

Zhou Zhihua, born in 1973. PhD, professor, PhD
supervior. Member of the Chinese Academy of
Sciences. Fellow of ACM, AAAI, AAAS, IEEE,
IAPR, IET/IEE, CCF, CAAI and CSIAM. His
interests  include artificial

main  research

intelligence, machine learning, and data mining.

BEE 1973 448 Wi, #UR, WA S0,
T E B BEBE £ . ACM, AAAL AAAS, IEEE,
IAPR, IET/IEE, CCF, CAAI CSIAM &+, £
HWFFETT 10 M NTRE L Mlaes ) | Bz


https://doi.org/10.11897/SP.J.1016.2024.01232
https://doi.org/10.11897/SP.J.1016.2024.01232
https://doi.org/10.1007/s11704-024-40135-0
https://doi.org/10.1109/jiot.2022.3206585
https://doi.org/10.1109/jiot.2022.3206585
https://doi.org/10.1145/3569934
https://doi.org/10.1145/3569934
https://doi.org/10.1186/s40537-017-0089-0
https://doi.org/10.7544/issn1000-1239.202330226
https://doi.org/10.7544/issn1000-1239.202330226
https://doi.org/10.1038/s41586-024-08328-6

	1 相关工作
	1.1 学件范式
	1.2 异构特征空间相关技术

	2 预备知识
	2.1 核均值嵌入
	2.2 RKME规约

	3 问题形式化
	4 本文方法
	4.1 异构特征空间学件组织
	4.2 基于复用性能预估的多学件查搜
	4.3 基于决策树的异构学件组装复用
	4.4 完整流程

	5 实验结果与分析
	5.1 实验设置
	5.2 用户任务性能
	5.3 不同用户数据量下的性能评估
	5.4 树形组装复用

	6 总　　结
	作者贡献声明
	参考文献

