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Figure 1 The illustration of the MRDK framework

FEIX A BRI S84 2 A, FRATIEIE R B, SR & 2 S A58 B H o SR ik Ho A b i) &5 3, A
IRBUE. BN, 24— N IZREF DB 20 28 2 4 H e — sk B TR s, s th AR EUE, 3872
20T RN — B G2V AL T DB Bk X SRR, AT B — A T
R R IK I G AR, 1% 53 R A I TR mT R RT LASR LS By, 4 SR IRATE T 2 SR, 2
A o3 R B k2 A =, TS Bl A w55 1 2 2.

AHEH T 48 MRDK (model reuse with domain knowledge) HIHL#S 5 STHELE ) F1] FH S k1K &5
B OAEE, BRSO, T5ReH B A AR5 1% o) SR R S E LA 1. B &,
FEASCHE HRERS , DA BRI B &, I BRI I 2RI Se e AL B FH B0 I 2R B8 . T 76 24 i
RS, IGREIEIR D, Toik EHAG 3 — MR A, FEUE AR 48 T T, A B AT A B
ML 22 2], DAAS 3 e S AR 0 24 A S5 R,

AT 2 7150 T N A5 AR A R M FH AT PR R 7 T A R AR EAT IR A, B 3 TRt
FEAN R T MRDK HEZE. 55 4 5 i@5t 78 B4R )@ pgse gl 1b 5256, 36UE T MRDK HEZRIPEH. f)a
BG5S, X ARAEAF W T I AT 1 WP HR T

2 HExIfE
AT A B RIS 2% ST A0 38 S P AR A AT 1 FH A0 e R P T A A o A,

2.1 @ENIMETK

FGipLas o ST W R 58 T W BLAF AR 5%, A DLIE I B Ak, ©A 4R E & (domain
adaptation) J7i% U~6 RERE 22 2] 773k 1370 HOBCT AR 55 i, 5 22 R0 I e ) DA 508 A 24 i AE 55
b, DIZRBn R, T JovA ] SRR, FE SRR b, AR 55 800 2 BOA e AT BUCTE A,
2545 R AU B 3 VAT RS 2 S ARk T R

BRI, Zhou 2 4R T AR HOME R, SRR A T CA WL 2 SO S R ZY, DLIE 3R AR A ) =5
T JEAR R SEAR A A& B B R IEAE T (1) AR AWk, BERY 5 268 F BB A (1 A8
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e BIERS § CET IR, (2) 4555 DMEWH UL AESS AR, BB 2 AL 55 A AL R 2,
i BT AR AR RIPA BN (AR SRR R IR e oh & BRI ik n LA .

FE52 SRR AT RE Y BURT AR, 4 2 RGN RE S B SR BRI A 1 B, SR i B B
BEAT R, KB T58 1 M TB RSS2 —. Da 55 B BT T —FI5%, BEMAI I RbRCREA 2 5 1
SRR R, RN MBI G, TIREORRFE LMES L0 S8R, JF HAER X 2 Brig S fn
A0, Mu 45 O R HIFERE R A (matrix sketching) VAWFFL 7 AEIR AN _EARSS 300 R A AR A, A7
AR ] 3 R ) R Zha S 00U SR TR 2 AR R 2R B 2 bRAC i), AL BRAT 55 2 AR A R U5V
FEIR LT i i L% 2 ST RE S IR A 5 A0 Ak, | st ARG B0 R RE.

ARICEBWTC T 2 MBS, W et A5k, b REVS R CAF A SR AL 3 Bh 2 AT
% AERX—HIE R, Li 48 02§27 CAPO 759k, BB A AR ERERIAY, fEAE 55 PRI bR AR AL 1)
TEIET, MR H KR bR, (HAREAEAE S IO AL, Yang 55 18 S 75 A TAEBONAR
xR, AT TR, ARV B B, ATB 2 5 SR SR A 2l e, & A arii it
N2k, BEW I/ 2 RTAE S T EE R, X JrEA R ZEH AR R 280, HE S5 I
WA RAFRIIERTE. E2, /£ Yang 5 I3 () TAEh, AR LAY 2 5L R, XFHE TR
RIGER, 2 AT B G A T ORI . A TARANT 2 7 i AR I S5 M5 2, AR T 2 210
CUA R RN R] 45 25 S AN [RI SRR PR AR R A 55 224K

2.2 FRASUHEIR

FENLES S S 70 b, S A 8 B R I SR8 < AN 2 IR AR, X S8 AR — ARG 2 1 Dy
FRIE RN VI ZREE Hp . 75 25 2] 3 A wp (5 AT Jen 08 5 R 2 2L BEAE A . 20, Zhao 45 1141 1| F 4
HUIRTE S K, Dai 55 15 ) F AR 5 o0l FARFE R R, o) — S8 AR O~181 Y 4tel Jen iR Mg /b
B Py e ) e s R 369 H AR .

R FE s AR 5 AR A SRR N FH R AS [t 8 AN AR ] . — o 22 40 I B2 ) AR (4 G A <
% (must-link)” 1 “Z)3% (cannot-link)” J& &R, FpA/RBIE RARE, SCBLRE. —Fp 3 B AL ) T.4F 09
TE J& 5650 AT I\ — B 32 A A U S FH AT AN IR, Dai &5 151 K — B 48 K08 F T4 /NRFAE 2% 31 B8
WA, P Givt 2 21 07 BN IR B A 22 20, BEREFR s A, ]OREAE BT A N RO BN AR
RN, IXEET R AEAE R E USRS T BRI RCR, B K2 T AR B I 2R B3N U AR,
RGN IR, ) — S P AL DL A ET X /NFEA 2 3] (one-shot learning, zero-shot learning) L
{18200 BATRChT 13 MRS AR AL IR B 0, AEAORS T W08 SR — LS 8T RNR, oV BLEHE B0
iU ER R . ASCIR 1 MRDK HEZR VT 7 —FhAs s IR A 7 =X, AT RUEH 2 Bl AN [\ 1
YU FNRE TR T AR E ], L& NARE S ) S T 55

3 MRDK #EZE

AT HiA MRDK HE2E. /NG 7 RERSBUE, K 7 RERRAERE, fER KRS 7 RERR
[,

BB A SEMAF D RAEFZH 0 MER {1537, B f; 0 X = Yy BUEEIRHRES, 75212
PLERA MR f o X — Vo, EEAES AT —DEUNEEESE D = (X,Y) = {zs, v}y, HF 2 e &,
yi € Vo, m BUN. IR EEALSESE D L, hTHEgEA 7L, BRI fo TEREPTRELLEURTS, A2
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Figure 2 The data and model flow of MRDK

PASEH].

ATRAVER S, R OB 15 S E AN S BT S T R I Yo — B e AT H 5 24
RIS /2 AH R, S 40, 3B RN3E AT 73 S8R 2 HIAE 55 Fan th 1R 2 S0 (i H IR0 A4 B L i Hh R ) i
WREE), XL AE B ZIEAE S5 . IR F AU AR, @ —NEREREL g ¢ So x S5 — {0, 1}
T &S Yo BEA KK y;. XA f;, b s Es g; RIFiERsCA g;(S0,5;) © f;. il an
R V1= (yi1, 12, y13) B 91(S0,51) = (1,0,1), M| g1(So, S1) © V1 = (y11,y13), 55 2 D50 %0 45 i
Br. G = {g;}1-, oA ERFERBNES, a2 BRI 18 dn ] SRR A [F) 2 2ok
DAL/l

BB CABR A B, 732888 £ v Ll LR g5 XS /MK (structural risk minimization) [
UEW D&

min LY, f7(2) + 2(7) st Z=E](9(50,5) © (X)), 1)

Horp £ ABURREL, 2 IR, X B E SCHH RE. 755 2 —IHERT S, KT IR
BNFERE, T 20_(4)) = [Ao; Av; -+ 5 An). B 2 78 T4E MRDK HEZUT, Hdle AR 2 (R 4.
Hrp N RS R, SRR S, KRNI R S 2R R 5 B4R 8 s 2R A5 2, BN
O @I MRDK HEZE, FiU] £+ L fo A7 SEAFROTERE, JFESHE 4 7RSI i LARAIE.

M T AR B AR SE . A5 ERBE, IaT DR IO B2 A s PR AR A TR, 43 5k b
oo IENBRBON £ AT AR R AT AR, R ADRE MRDK J7 i35y — it FHAHESE, 724 [ g B H
AL A5 4 b et BRI — AL

MSEERF AR, [ ARFATHER R 2. —DERE AL AL ERR S, ©
BABEREERIIR S L. 53— DR ER A LATMES T, ISR RD, Emr &g am kg s
1 Rz

1486



HEBYEERE B4 B 1M

MRDK H GBI FR R g« So x S5 — {0, 131501, F R AR AT B A 5] (1 5L S 1R D 7
AH5E. B, G SRGUE AR AT PLZNE AR LA R MY € RIS e MY R HTAESS IS o T
5 AT f R b I AR ORRE SR, S e b K nT DA o BB T 2 SN

9i(S0, ;) = (M7 =T)T1);, e T = [t]l%I%1 1 =[]l (2)

Hrp () RIS RT 0 FcREN 1, HARTTEREN 0 FRE. Xl EEoR, oA R it
5 i TS5 AR SRR BE v 1 R, W ER B X — A bR AR, 5 D09 25 X — et . 2 SRR R R BAAE A7
ARICH BRI G H, MAT RASeHR A o SR M i) 2o 05 3, A Floyd-Warshall 592015
PR SRR W, R A ARYEEE B AR W T SRR R M. BN R E R R R I M = e W
Bl M, = 1 — Wi/ max(W), HAIH (2) MiGiFEmE. T 03% (must-link) H12J3% (cannot-
link) K&, BT PR OC R 35005 de 2 PG 35 B, B[R] Ik 8 5 2 B S5 A e i) A B A S . % T
—WriZ% (first-order logic) FIATIE AU AR, AT LA A FIAE S5 14 AR & Ok, R L3 I seAr
BIRIAX P AR EINE SIS, (AR 7258 4 5 rh 2 DURAR S48 158 B i D450
P A5 R AL

4 Sy

AFTRE MRDK HEZIZE FY 2PN FAR BT b A=) 4508 8 11 57 2 e PN AT o SREATLAA i Al 1 14
B8, DS IEEIE I F 25V AT AR ST S5 B RN O, @i st AR A, 3271
FRAIPERE.

4.1 ZEBRRINEEFM

W E BN EORIL O EE B sk, ORI R A & B PR AR SR BT R AR, X TR
BB A Dh e AT 2 B/, H 4 K 2 B B2 B i D ae A st v E S AR SR 0 07 iR 4 AT BE R T
M. — G Ant 54 FHEAEY S ONER R 7L PY SR, BT ER R 2 EBOEER T HLEE %)
BR.

FRBFEAR (bacteria)s A (archaea)s EAZAEW) (eukaryota) —IK RS 5 FAEAEY)
HEAFA (proteome, HH AN IZAEWK 2EEE ) #1775, X 5 FAEY44 Geobac-
ter sulfurreducens, Azotobacter vinelandii, Haloarcula marismortui, Pyrococcus furiosus, Saccharomyces
cerevisiae. 77 ER ML, TECHE X R B2 4 GEOSL, AZOVD, HALMA, PYRFU, YEAST X%
A 1K 5 AIEEE AN UniProt $dE i 22 IAS, Hor 7 Dhse th N LSEgagn th, didk A4 23] 73
Rk ZbpE. T EAR—RENEAZMI6E, Bt MEARE 2 R0, X E A A2
PRg G Bk 1 PR,

FESEES 8RB A BURFAE TR AL ProFET 24 $REUKAE, M CRUEAS [R] A= 90 2 1 BURFAE S8 — .
BEAT 5 URERES, BRIXSEIGIN, B &R BT AR S AL N R I T BT 5%, AR R A
e AR AR (AN — MFEAA R, AL 4 FAEMICAC AR, BAIEI
FEARTIBRIC. 7E QAR FIL A L, 73 AT LIAS 2 8 70 IR, HE N DA RN MRDK HESE,
IR AT 5. 1% 5 LR 7 37 55— B0 AR — BV R I, BE 8 A5 A drid & B B K
M) BRI EEIMA T2 I AR E A R REE S
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Table 1 Proteome datasets information

Domain Proteome #Instance #Class Label cardinality
GEOSL 378 319 3.143
Bacteria
AZOVD 406 340 3.993
HALMA 304 234 3.247
Archaea
PYRFU 425 321 4.480
Eukaryota YEAST 3507 1566 5.887
Nucleic acid Celluar macromolecule
metabolic process metabolic process

T Y 7'y

Nucleic acid phosphodiester

Hydrolase activity,

acting on ester bonds bond hydrolysis
t Ft
|
Nuclease DNA metabolic

activity process

[ d
|
Endonuclease Deoxyribonuclease

activity activity

f g

[

Endodeoxyribonuclease
activity

E 3 BEAERERAYIEEELINEEY RS B RE

Figure 3 Part of the ancestor chart of endodeoxyribonuclease activity

A S B ASE F A TSR R B S D RE R R R, X2 — IR B R BT 1R A I, AR I T Dh Rk 38
MIARE IR, B —FhDp e — 1, M T 5 @ B R TR W s (A  Shm)id. B 3 J&
IR T MR AL IR A VIR TG (endodeoxyribonuclease activity) FITIRERS K73 = 20 Kl

P —XK AR, WEEFERE G, MBREDRENETIER 2 DL EMEO IR, J R
BB R AR R i H A 2 A e 2 ) TR IR FE AR Hamming loss #l F-measure {E A PFIFRAE,
PL Logistic Regression fE MM f+ B HEAATE A, #E4T 10 RO, id3I9ME. Ll g R IR 2, He
Hamming loss X THEAREEBAGE L (R 2 ] | FIR), F-measure X TR AREUE B =ik i (3R 2
1 2oR).

ASCHAT T p AE 0.01 1 t-test & FPERL, MHBUER R BA R "TRUE ), A I
A E A L, NABEEA R RERERL fo, £ MRDK HELN CA7 HABR AL R A, #m) LAAS
FIVERESRTROBEAY £+, K PYRFU RX—E A RARRTHEA BEE, HREY EH AR
$ETt.
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* 2 ERARIETUNSEELEER
Table 2 Results of protein function prediction

Proteome Hamming loss | F-measure 1
fo ft fo ft
GEOSL 0.070 0.023 0.064 0.124
AZOVD 0.096 0.024 0.035 0.071
HALMA 0.035 0.017 0.097 0.175
PYRFU 0.022 0.017 0.173 0.183
YEAST 0.108 0.009 0.012 0.080
*3 BEBEERER
Table 3 Information of image datasets
Dataset #Instance #Class Label cardinality
Scene 2000 5 1.236
VOCo7 9963 20 1.437
MS-COCO 122218 80 2.926
NUS-WIDE 133441 81 1.761
4.2 EgHE

EIE 53 F 2 T AR ()5 WA 55, A 7028 R 4 B 1T C & Re 818 B4 NI UNRS FE.
SR, 1% %L 2 40w #O T CAn2Rm ERE NG EE, MG EEE A S, BEEMEH A M EL
AR RAE. X — R AEH & & A MRDK HEZE, — 2 O 2 B AR 2 i EAG ey,
TR IR EE G o R IE I gk B ORI EE, BN E AR R, B B S EAE S I SR B AL
RK. ARSCRA T 4 ANEGEIELE, 2502 Scene 271, VOCO7Y, NUS-WIDE 261 fll MS-COCO 7], %
SRR SR A S B 3. Hf MS-COCO M1 NUS-WIDE ¥l & E ok, ¥l 7 10 JakE A, B
ffifE NVIDIA HJ &R GPU K40 MNid T, 75 75 EEHORI [ #E4T 58 811 25

AR B S50 SR8, FRATTHEAT 1 4 IR, BRI — DN Ry AT 55 10 B s B gk AT S
0. N TSR S R AR A R B TE, 1A EHMES RS R 10 sk EURIE N A bridFeAs.
R ANBIREFAR L, BUTAFERNGERNCEBA, FBUAT TS, O BEAI 0 i 2 i 1R
FERREZ LS, 1% Gao 55 281 73RSk, X MRIAESS, BT EE A 2 LA 2R 58 BE (IR BE AR 2 o 245,
VGG-Net 29 1 FC8 ZE 4 A MR ERAE, FHE LS Logistic Regression 2% ) £33 73 A5 L.
ARSI A 0 A R AR BVE SRR, (R B 2 RAT 5% b, O BRI 30 B i — HLAR
IR, G “ybiEer . R M. B R . fEHAE Wikipedia M1 Gigaword 15 #HZE LIl 2715 2
(AR AN ZY GloVe B0 AR Sy in] i [l & 3R, I8 T 450 1) 2 [A] P P 28 > 20 i 1 ) 22 18] 915 SCAR AL
B S HVHEAS B AL (FEEEITE 0~1 ZI8)) M@ AL AE RS M, 2 BIE T ATE TR N 0.8 1
FERE, X (2) WG R AL, KARBEE /N T 0.8 BB 4 HH 07 .

ASATAE F Hamming loss 1 F-measure {EATFIIFRAE, 4T 10 IRSELS, AT t-test T AL,
WA, g R WK 4. Horh Hamming loss IXIHRPREUEMACELT (32 4 A | £IR), F-measure
X PR EUE B ST (R 4 TR 1 FoR).

1) http://www.pascal-network.org/challenges/VOC.
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Table 4 Results of image classification

Dataset Hamming loss | F-measure 1
fo ft fo ft
Scene 0.160 0.152 0.685 0.703
VOCo7 0.056 0.047 0.623 0.665
MS-COCO 0.040 0.035 0.441 0.454
NUS-WIDE 0.035 0.029 0.198 0.196

M 4 FRTLUE H, i MRDK AEZEX A RBE IR, I RZHIELT f+ B f ARER
Jt. AU#E NUS-WIDE E/¥) F-measure A AR E KR M % (£ 0.002). XAHES5 NUS-WIDE H11%
PN B MR, Jo i AR B SR B R Bh A k.

5 4518

— SR ROBLES S SR ¥ 7 EAE S KB A W AT Bn R g L Skt . A0SR s
AR, EARR T 58 RN ZRI 16 5E AR 55, — BRETR A, i A, >, AR
T MRDK HEZE, S ua i A AR R OR ] A O, AR B = (B, 5B S A 55 10 5
21 AEE A IR TN AT MR 7> RS BAR BT L i SR WY, A8 207 0] AR R TR PR e, 7E
TR S EHRELT IRCR.

el ik A AT RS R IR AR A — A EE ) R, xR AR AT B I e M T 4 A I RR, Ik
B S S 5] TR 55 BT R . AR AR ER O AL AR [R] 1 g AR A AT, n ] i
FAR—ZR, SKBLE )2 MR E ], AT — A R IT AT R IR AL

S HE
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Model reuse with domain knowledge
Xizhu WU & Zhihua ZHOU"

National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China
* Corresponding author. E-mail: zhouzh@lamda.nju.edu.cn

Abstract The life spans of machine learning models are often short and a large number of models are wasted
because they can only be applied to a specific task. However, a well-designed, carefully trained model contains
learned knowledge from its task, which may be more concise than training data. Furthermore, when we have
no access to training data, the trained model is the last remaining source of information. This study introduces
a framework to reuse existing models trained in other tasks and help improve the model for the current task,
especially when limited data is available for the current task. This framework incorporates high-level domain
knowledge to combine existing models and treat them as black boxes, in order for them to be universal for
complex models. Experiments on applying the framework to practical problems demonstrate that we can improve
the performance on the current task by reusing existing models.

Keywords machine learning, model reuse, domain knowledge, environment change, learnware
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