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HWHAOT, BATHZLN 2 18 TR, I RpLEs 5 > L 5 B ) e i 2 S 5k
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—_—
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1 MRDK ERREE
Figure 1 The illustration of the MRDK framework

FEIX A BRI S5 A 2 A, FRATIEIE R B, SR & 2 S B A58 B H o SR ik Ho A th 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 X — B G2V AL T DB oK X SRR, AT B — A T
R R A IK I G AR, %D 53 R A I TR mT R mT LASR LS B, 4 SRIRATE T 2 i Sl 2
A o3 R B k2 A =, TS Bl S w55 1 5 2.

ASCHEH T 48 MRDK (model reuse with domain knowledge) HIHL#S 5 STHELE ) FI] FH Sds k1K &5
B O, AR ARG LT, T5ReHs B A AR 55 1% o) SRR S E LK 1. BT &,
FEASCHE R RERS S DA BRI B &, I B VRS I 2RI Se e AL B FH B0 I SR B8 . T 76 24 i
RS, INGREIEIR D, Toik EHAF 3 — MR AL, FEUE AR 48 3 T, A BT A B
ML 22 2], DAAS 3 e 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 B A B 3 TRt T
FEAN R T MRDK HEZE. 55 4 5 i@5t 78 B4R )@ pgse gl 1b 5256, 36UE T MRDK HEZRIPEA. f)a
REEARSL, X ARAEAF W T I AT 1 WP R

2 HExXI{E
AT A B RTALES 2% ST A0 38 S AR A AT 1 FH A0 e R P T A o A,

2.1 @ENIMETK

FGipLas 2 ST Y WU 58 T W BLAF AR 5%, A LG I B Ak, ©A AR E & (domain
adaptation) 77i% U~6 RERE 22 2] 773k 1370 HOBCT AR 55 s, 5 2 (R0 I e ) DA 508 A 24 i AE 55
Hod, DIZRBn R, T JCvA ] SRR, FE SRR rh, DAEAE 55 80 2 BOA e AT BUCE U,
25 A R AU B 3 VAT RS 2 S A ok T R

BRI, Zhou 2 R TSR HOMER, SRR A T CA WL 2 SO S R ZY, DLIE 3R AR AL ) =
T JEAR RS AR A IR B R B R E A T (1) AR S AWk, BERY 5 268 BB A 1 A8
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e BIERS H CEET IR (2) 4555 DMEH U AR SS AR, BB 2 AL 55 A AL R 2,
i BT AR AR RIPA BN (AR SRR R IR st oh & BRI ik in LA .

FE52 SR AR AT RE Y BURT RO, 4 2] RGN RE S B SR BB R 1 B, SR i B &
BEAT R, KB T58 1 M TB RSS2 —. Da 55 B BT T —FhO5E, BEMAI I RARICREA 2 5 1
SRR R, R MBI G, TIREORRFE LMEI L0 S8R, JF HAER X 2 B ) fn
A0, Mu 45 O R HIFERE R A (matrix sketching) VAWFFL 7 AEIR AN _EAESS 300 R A AR A, A7
] 3 R e R Zha S 0O TR 2 AR R 2R B 2 bRAC ), AL BRAT 55 2 AR A R T
FEIR L7 i i L% 2 ST RE S IR 5 A0 Ak, | stk ARG B0 PR RE.

ARICEBWTC 7 2 MR, W et Ah o5k, b RENS R CAT A SR AL 3 B 2 AT
% AERX—HIE T, Li 48 02§27 CAPO 759k, REMEH A AR ERIERIAY, fEAE 55 PRI bR AL AL 1)
TEIET, MR IR KR bR, (EAREAEAE S IO AL, Yang 55 18 S 715 A TAEBONAR
xR, AT TR, ARV B B, ATBA 2 5 SR SR A 2l e, 5 A arii it
N2k, BEW /b 2 RTAE S5 T EE R, X JriEA R EAEH AR R 280, MHE S5 I
WA RAFRIIERTE. E2, /£ Yang 5 I3 () TR, AR LAGEY 2 5L RIZ, XTHE TR
RIGER, 2 AT B G A T ORI . A TARANT 2 7 i AR A S5 M5 82, AR T 2 210
CUA R RN R] 45 22 S AN RIS PR AR R A 55 224K

2.2 FIRASUHETR

FENLES S S 70 b, U AN U8 B FR I SR8 < AN 2 IR AR, X S8 - — ARG 2 1
FRIE RN YNGR B p . 75 2% 2] 3 A w450 AT Jen 08 5 R 2 2L EAE A, 20, Zhao 45 1141 1| F 4
BT S K, Dai 55 15 ) F U1 2 o008 - E R R, 59— S8 AR O~181 Y 45tel Jen iR Mg b
B Ry e ) e s R 369 H AR .

R FE L8 R AR 52 AR A SRR N FH RS [t 8 AN AR ] . —Fo 22 40 1 B2 ) AR (4 G A <
% (must-link)” 1 “Z)3% (cannot-link)” J& &R, FpA/RBIE RARE, SCBLRE. —Fp 3 B AL T.4E 09
TE J& 5850 AT I\ — B 32 A A U St FH AT AN IR, Dai 45 151 K — BB 48 KR F T4 /NRFAE 2% 31 B8
WA, P Givt 2 21 07 BN IR B R A 2 20, BERE TR s AR, ]OREAE BT & N RN R AR
RN, IXEET R AE R E USRS T BRI RCR, B R 2 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 AT RCAT 13 MR SEE AR AL IR 0, AEAHORSTH 08 SR — LS 8T RNR, oV BLEHE B0
AU ER R . ASCIR 1 MRDK HEZR VT 7 —Fhas s - R A 7 =X, AT RUSEH 2 Bl AN [E] 1
SUSFNRIE TR T AR E ], L& NARE S 1 ST 55

3 MRDK #EZE

AR MRDK HE2E. /NG 7 RERSBUE, K 7 RERRAERE, fER RS 7 RERR
A,

BB A EMAF DRI 0 AMER {1537, A f; 0 X = Yy BUEEIRHTRES, 75212
PLERA MR £ X — Vo, EEAES AT DEUNEEESE D = (X,Y) = {25, v}y, HF 2 e &,
yi € Vo, m BUN. IR EEALGESE D L, AT L, BRI fo TEREFPTRELLEUIRTS, A2
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o Z
|
X—%"%» Jo) ; > 20(So» S0) Ofp(X)
|
|
—’@—’ [X) ; » 21(Sp, SPOAWX)
|
L——+<:j}—+ 70 > 2ul(So SHOLX)

B 2 MRDK ERHPHBIRREIRIZRR
Figure 2 The data and model flow of MRDK

PASEH].

ATRAVER S, R OB 15 S E AN S BTSRRI Yo — B BB AT H 5 24
RSS2 AH R, 40, 3B RN3E AT 3 S8R 2 HTAE 55 Fan th 1R 2 S0 (i H B0 A4 B L i i R ) i
WREE), XL AE B ZIEAE S5 . IR F AU AR, @ — MR AL g ¢ So x S5 — {0, 1},
T &S Yo EAKRH y;. XA f;, Kb e g; KIsiEscA g;(S0,S;) © f;. #lan, an
R V1= (y11, 112, y13) B 91(S0,51) = (1,0,1), M| g1(So, S1) © V1 = (y11,y13), 55 2 D50 50 48 i
Br. G = {g;}7-, RoRAERFERBNES, a2 BRI 18 dn ] SRR A [F) 2 2ok 2
DAL/l

fEB AR B, 732888 £ v Ll LR 45 XS /MK (structural risk minimization) ¥
UEW D&

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

Horp £ ABURREL, 2 IR, X B AR E SCHH RE. 755 2 —RIHERT S, KT IR
BNFERE, T 20_(4)) = [Ao; Av; -+ An). B 2 J&78 T4E MRDK HEZUT, Hdle AR 2 (R 6 .
Hrp N R R, SRR, KNI R R R 2 s 2k A5 31, B NI 2
CA AL L] MRDK HEZE, FiU] £+ L fo A7 SEAFROTERE, JFAESHE 4 ATRISEE i DAL,

W T AR B AR SE . A5, DI aT DRI B2 A s PR AR A TR, 43 5k b
oo RN B BN £ I U R AT AR [, PRI ADRE MRDK J7 i35y — it FHAHESE, 72 A A g B H
AL A5 4 b b BRI — A

MSEERME AR, [ ARSATHER R 2. —DERE A2 AL ERR S, ©
BABREERIR S L. 53— DR ERALATES T, WASIER D, Emr &g am kg s
1 RS
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MRDK H GBI FR R g; « So x S5 — {0, 131501, F R AR 0T B A 5] (4 5L S 1R D 7
AH5E. B, G SRGUE AR AT PLZIE AR U AERE MY € RISoIS | e MY R HTAESS IS o T
5 O f IR b I AR ORRESE, IS4 e b K nT LA o BRI T 2 SN

9i(S0,8j) = (M7 =T)T1);, o T = [t]l%I%1 1 =[]l (2)

Horp () RIS RT 0 cREN 1, HARITTEREN 0 FH. Xl EEoR, oA R i
5 i TS5 AR SRR BE v T R, U ER B X — A bR AR, 75 D09 25 X — it . 2 SRR R BAAE A7
ARIC I B GE H, MAT RASE R A o SRR M i) 2o 05 3, A Floyd-Warshall SH9%0H 5
PRSI W, S A ARYEEE B AR W SR R 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) 123 (cannot-
link) K&, BT PR OC R 5005 de 2 TG 5 B, B[R] Ik 8 5 2 B S5 A R ) A B A S . % T
—WriZ% (first-order logic) FIATIE AR, AT LA A FIAE S5 14 AR & R, R L7 X LeAr
BIRIAX P A AR EINE G S, (AR AL 7258 4 15 rh 2 DURAR S48 158 B G4 D450 e
T R AL

4 SOy

AFTRE MRDK HEZIZE F 2P AN FAR BT A A=) 4508 8 141 57 2 e PN A0 o SRATL AR it Al 14
B3R, DS IEEIE I F 25 AT LE A AT S5 B RN UL, @i st AR A, 3271
FRALPERE.

4.1 ZEBRRINEEFM

W E BN EOR I O LB sk, SRR R A & B PR AR SRR BT R SR, X TR
Se T BB D e AT 2 B/, H 4 ok 2 B B2 B i Dl ae A st v E S AR SR 0 07 iR 4 AT BE R T
M. — G Ant 54 FHEAEY S ONER R 7 PY SR, B AT ER R 2 EBOEER TR
BR.

fFRBFEAR (bacteria)s A (archaea). EAZAEW) (eukaryota) —IK RS 5 FAEAEY)
HEFUA (proteome, HH AN IZAEMK 2 EE ) #1715, X 5 FAEYF44 Geobac-
ter sulfurreducens, Azotobacter vinelandii, Haloarcula marismortui, Pyrococcus furiosus, Saccharomyces
cerevisiae. 77 ER ML, TECH X BRI B2 4 GEOSL, AZOVD, HALMA, PYRFU, YEAST X%
A IR E 5 AIEEE AN UniProt $dE i 22 IAS, Hor 7 DhRe th N LsEgagn th, didb R4 {4 23] 73
Rk ZbpiE. T EAR—RERNEAZMI6E, Bt MEARE 2 R0, IR E A A2
PR SR Bk 1 PR,

FESEES 3R B A BURFAE TR AL ProFET 24 $REUKHE, M CRUEAS [R] A0 2 1 BURFAE S8 — .
BEAT 5 UREREG, BRIXSEIGIN, B & BT AR S AL N R I T BT 5%, SRR R A R
e AR AR (A — MEAA R, AR 4 FAEMICA C AR, BAIEI
FEARTIPRIC. E QAR IR A L, 73 AT LA I8 70 Ik, HE N DA BRI MRDK HESE,
HENAEHE AT 5. 1K 5 LR 7 37 55— B AR — BV R I, BE 8 A5 A bR 1 B B K
D) BRI EEMA T2 I AR E A R REE B
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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

B 3 BEAERERAYIEEEILINEEY RS B RE

Figure 3 Part of the ancestor chart of endodeoxyribonuclease activity

A SEB S F A AN R B S D RE R R R, X2 — IR B R BT 1R A I, AR T Dh Rk 4y 36
MIAREIR, & —FhDp e — 19, M T 5 @ B R TR W s [RGB m)il. & 3 J&
IR T AR AL IR A VIR TE M (endodeoxyribonuclease activity) FIDIRERS KK 73 = 20 Kl

P —XK AR, WEEEFERE G, MBREDRENETIER 2 DL EMEO R RmEE, J R
BB A R AR R i H A 2 A e 2 ) R IR FE AR Hamming loss il F-measure {E A PEMIFRAE,
PL Logistic Regression {E MM f+ B EARTE A, #E4T 10 RELE, id33I9ME. sLings R IL%R 2, He
Hamming loss X B REEBAGE L (R 2 ] | FIR), F-measure X WUHEAREUE B =ik i (3R 2
1 2oR).

ASCHAT T p AH 0.01 1 t-test & FPERLE, MHBUER R BA REME. "TEUE ), A I
A E A L, NBEEA R R ERERL fo, £ MRDK HELN CA7 HABA AL R A, #m) LAAS
FIVERESRTROBEAY £+, K PYRFU RX—E A RARRTHEA BEE, HREY EH AR
$ETt.
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* 2 ERARIETUNSEELER
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
VOCo07 9963 20 1.437
MS-COCO 122218 80 2.926
NUS-WIDE 133441 81 1.761
4.2 EgH3E

EIUE 53 2 v B 08 WAT 55, B 7328 R 40 B T C & Re 818 B8 NS R FE.
SR, 1% %8 R 400w #O T CLan2Rm ERE ISR, MG EEE A S, BEEMEH A M EL
AR RAE. X — R AbH & & A MRDK HEZE, — 2 O 2 B AR 2 i EAG o Sp sy,
TR IR EE G o R IE I gk B ORE I EE, B R ARG R, B B S EAE S U SR B AL
RK. ARSCRAT 4 ANEGEIELE, 2502 Scene 2%, VOCO7Y, NUS-WIDE 261 fll MS-COCO 7], %
SRR AR S A S B 3. Hif MS-COCO M1 NUS-WIDE #ilE & E ok, ¥l 7 10 kB A, B
ffifE NVIDIA HJ &R GPU K40 MNid T, 75 75 EEHORI [ #E4T 58 811 25

AR B S50 380, FRATTHEAT 1 4 IR, BRI — D /Ry AT 55 10 B s S gk AT S
5%, N T EHLSE bR S R AR A R BT, 1AM RS R 10 sk EURIE N A bridFeAs.
R ANBIREFAR L, BUTAFERNGERNCEBA, FEUATES. CABEAI 0 i 2 om 1R
FERRE LS, 1% Gao 55 281 798Gk, X MRIAESS, BT EE A 2 LI ZR T8 BE (IR BE A 2 I 24,
VGG-Net 29 1 FC8 Z 4 A IR ERAE, FHE LS Logistic Regression 2% ) £3 21 73 A5 L.
ARSI A R 0 R R AR BVE SRR, (R B 2 RAT % b, A BRI 30 B S — B AR
IR, an “ybiEar o R . M. CEREE” . fEHAE Wikipedia M1 Gigaword 1584 LIl 2715 2
(AR AN ZY GloVe B0 AR Sy in] iy [l B 38R, I8 T 480 1) 2 [A] P P 285 S 21 i 5 ) 22 18] 91 SCAR AL
B S UHEAS B AL E S (FEEEITE 0~1 2 IA)) M@ AL EEAE RS M, 2 BIE T ATE TR N 0.8 1
FERE, wt X (2) WEERR R, KARBEE /N T 0.8 BB 4 HH 07 .

ASATAE F Hamming loss 1 F-measure {EATFIIFRAE, 4T 10 IRSELS, AT t-test T E AL,
WA, g R W& 4. Horh Hamming loss IXIHRPREUEMACELT (52 4 A | IR), F-measure
X PR EUE B ST (R 4 PR 1 F2R).

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 AR IR, I RZHIELT B f ARER
Jt. A#E NUS-WIDE Ef¥) F-measure A AR EKBRM TNE (£ 0.002). XAHES5 NUS-WIDE H111%
PN B MR, Jo i AR B SR B R Bh A k.

5 4518

— NS RORLES 2 SRR W 7 EAE SR B A W AT B R g L Skt . A0S s
AR, EARR T 58 RN ZRI 15 5 AR 55, — BRETR AL, e A, B>, AR
T MRDK HEZE, Sua i A A R ROR F ] A O, AR B = (B, 5B S A 55 10 5
21 AEE A IR TN AT R > RS BAR B L i SR WY, A8 207 0] AR R TR PR g, 72
TR S EHUSELT IRCR.

AT ik A AR RS R IR B AR A — A EE ) R, xR AR AT B I s M 4 A AR, Ik
B S S 5] TR 55 B B R . AR AR EOR O AL R AR [R] 1 s AR A AT, il i
FAR —ZR, SR 2 MR E ], AT — A R BT AT R R AL

S HEk
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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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