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— Life-long learning (B533)) JELARTHE— M 5
— Multi-task learning (Z{F55=%>)) | M MESER TR
— Domain adaptation (IH&HEL) : 1ITRRESIIFE
— Incremental learning (IE8£%3)) | —ME_EHARKTES
— Self-taught learning (B¥=3) : N\BEBEIEFES
— Covariance shift (I ZEZ2) : TRBFEINFE
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— Domain (1) : REGEFAEFHFIED TRAER , fFIRIEAR
e Source domain (JE1%) : EERIRAYE
e Target domain (B#5iEk) : EFHITZIIAVE,

- Task ({£55) : HEITRREFIZIERARN , REFINER
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FBTIEDE

—[ HFLHIPHTH (instance based TL)

e/

* BN EEFHREE B ARG TER

—[ HEF4HEW T (feature based TL)
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—[ HEIZF=AH TR (parameter based TL)

e/

* FFRIEA AR ER S B E R A

—[ HEF X ZPW 1T (relation based TL)
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« BT LAIREREITTE
- BIR : IR — LR RS SRS RNIE

- Fi% . XRiEgH {Tinstance reweighting , TS BintEal
ERIESEEE , KEiRiT)|E=S

- RFRIME -
e TrAdaBoost [Dai, ICML-07]
e Kernel Mean Matching (KMM) [Smola, ICML-08]
e Density ratio estimation [Sugiyama, NIPS-07]
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o ETFHIRIIRR=ILE

- Big  REFI BTRE (NG — AR X AHIE

- 730k BRI | B MERISR SRR R 5= A
, REHITIERBIEEFES

- RFRIME :
e Transfer component analysis (TCA) [Pan, TKDE-11]
e Spectral Feature Alignment (SFA) [Pan, WWW-10]

e Geodesic flow kernel (GFK) [Duan, CVPR-12]
e Transfer kernel learning (TKL) [Long, TKDE-15]
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- BIR RSB RS E IAHE — RS
- 15i% - BREEIRREIzARIBRR L | BIRIEBTRE
FIFRRE
- RERIIE
e TransEMDT [Zhao, IJCAI-11]

e TRCNN [Oquab, CVPR-14]
e TaskTrAdaBoost [Yao, CVPR-10]
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e Predicate mapping and revising [Mihalkova, AAAI-07],
e Second-order Markov Logic [Davis, ICML-09]
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e 4. Director(B)
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Paper (T)

AdvisedBy (B, A) A Publication (B, T) WorkedFor (A, B) A MovieMember (A, M)
=> Publication (A, T) => MovieMember (B, M)

Pl(x,y) A P2 (x,z) =>P2(y, z)
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&R E)RR (domain adaptation)

- SRS (multi-source TL)

RETHFS (deep TL)
SHFRES (heterogeneous TL)
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e ; ol
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]

Inductive Transfer
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— domain adaptation; cross-domain learning
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- ETENERREE
e Transfer component analysis [Pan, TKDE-11]
e Geodesic flow kernel [Duan, CVPR-12]
e Transfer kernel learning [Long, TKDE-15]
e TransEMDT [Zhao, IJCAI-11]
- BTSSRI TTE
e Kernel mean matching [Huang, NIPS-006]
e Covariate Shift Adaptation [Sugiyama, JMLR-07]
- BRI
e Adaptive SVM (ASVM) [Yang et al, ACM Multimedia-07]

e Multiple Convex Combination (MCC) [Schweikert, NIPS-09]
e Domain Adaptation Machine (DAM) [Duan, TNNLS-12]
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o T8RS ST (TCA, transfer component
analysis) [Pan, TKDE-11]
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- (RALEHR : min Disi(p(Xs), ¢(Xr)) + A2(p)
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e GFK (geodesic flow kernel) [Duan, CVPR-12]
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e Transfer Kernel Learning (TKL) [Long, TKDE-135]
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o BRNRFEMELL (TransEMDT) [Zhao, IJCAI-11]
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e Kernel mean matching [Huang, NIPS-06]
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e Covariate Shift Adaptation [Sugiyama, JMLR-07]
- XABAMETAETREF B REEZ RS |, A5 TS0
HINERDE , &EER
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e Adaptive SVM (ASVM) [Yang et al, ACM
Multimedia-07]
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e Multiple Convex Combination (MCC)
[Schweikert, NIPS-09]
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« SR FS

TrAdaBoost [Dai, ICML-07]
MsTL-MvAdaboost [Xu, ICONIP-12]
Consensus regularization [Luo, CIKM-08]

Transitive transfer learning [Tan, KDD-15]
Distant domain TL [Tan, AAAI-17]



TrAdaBoost [Dai, ICML-07]
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e MsTL-MvAdaboost [Xu, ICONIP-12]
- TMYE SRS BRSO AOEER , B, LSWE

FINERRH TR AT
e Consensus regularization [Luo, CIKM-08]
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e Transitive transfer learning [Tan, KDD-135]
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e Distant domain TL [Tan, AAAI-17]
— EEERRRIM NEGE T1EFZRT , FBautoencoderBEiIM
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o NFRHLE
— Joint CNN [Tzeng, ICCV-135]
— SHL-MDNN [Huang, ICASSP-13]
— Deep Adaptation Network (DAN) [Long, ICML-15]
— Joint Adaptation Networks [Long, CVPR-13]
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e Joint CNN [Tzeng, ICCV-15]
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e SHL-MDNN [Huang, I[CASSP-13]
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e Deep Adaptation Network (DAN) [Long, ICML-
15]
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e Joint Adaptation Networks [Long, CVPR-135]
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— Assurvey on transfer learning [Pan and Yang, TKDE-10]
— Assurvey of transfer learning [Weiss, Big data-15]

FHIRIE

http://www.cse.ust.hk/TL/

HRFE

Qiang Yang @ HKUST: http://www.cs.ust.hk/~qyang/

Sinno Jialin Pan @ NTU: http://www.ntu.edu.sg/home/sinnopan/

Fuzhen Zhuang @ ICT CAS: http://www.intsci.ac.cn/users/zhuangfuzhen/
Mingsheng Long @ THU: http://ise.thss.tsinghua.edu.cn/~mlong/

Lixin Duan @ Amazon: http://www.Ixduan.info/
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