


Te5 >

» REIBRNRBRYIEES, BABDEESEINT
+ NSTHBINESIEER VN SR E=EN

II'\ -\l

"-:"ﬁ"r‘;’i’m‘s:-;amm- i

e ke ot = et e

o i e ~JaES Weinheimerpier m-ﬂ'f:\;‘,’ =
e aIEnGan Uersiy =Seret e _
'Eiftwhnlca_rf?ﬂiﬁﬁlqjggngjﬁgn SEVGES ==

e iyl HUNSUCKER ot oty i~
=T reddn o S e e

S e ),
-':‘.:....:-_._-__-:_’_"__.‘;.“_.;::::__:_,;“‘ e af T | “

N B A A AR

ARZHIINR, FIFRERMNSTE, AEARZETR




TR2=2 > (Transfer Learning) : SEAIBEIE. £55. SRIL 88BN

M,

FEESWUNARTBNAHEFHMUAMPHN S I U2




NTLBRIRS

» RHIES DItz 8g0FE
+ REIESSHITEZ BN
- BRRISTMEHERZENXE

+ RENARBIFTK




25 M BIN,

mﬁﬁﬁ ﬁj

g feel gy

une:t"fﬁm ot lake“ﬂ;;;u £ love !!ntg"e;:lgﬂahu
Eaalas gge BES

T Yogh ot o Wannas = an
gir] 2= =B St ¥,
Mgm evergnnd '; g et Watogy

ARG, FEER TR

NAEE. BEoh

AEME. FAEESE. FEYE
AIEHGIR B

ARBA. AEEO. FEBER
RANRE

AERAR. ARRE. FEUE
AYT791R5!

FEZR. FERE. AEE
NZEREN




i1
30
Hif
X
I
\

fles 5 X8I

N 1

10

Leaming Process of Traditional Machine Learning

Different Tasks
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(a) Traditional Machine Learning
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Learning Process of Transfer Learning
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Target Task
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(b) Transfer Learning
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o HAWESS Y WGEERADNNIEHEIRITE) Dh XA+
o MIBRHE/DZ D mOeeRT
Xs # Xr, or Ps(z) # Pr(x)

+ BIERA/FAEDTMIREAD

Vs # Vr, or fs # fr (Ps(y|r) # Pr(y|x))
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SNIEY B 1& N/ (domain adaptation)
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LEARNWARE MARKET

Multi-Task Learning
EZE

Meta Learning

LF )

Federated Learning
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Model Reuse
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General Assumption

Source and target domains
have a lot of overlapping
features
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* TrAdaboost [Dai et al., 2007]: J&AdaBoostBYBREN TS, 25
NTBEmDZESEFEANE, BRI TBEIrESDRIMFANRE
2ISEUTHC (Kernel Mean Matching, KMM)[Huang et al., 2007]1XY#5K H%h
HTO, ERIINREENRIFABEIREBER DM aeBin
£181T#252Y(Transitive Transfer Learning, TTL)[Tan et al., 2015)%03 81T
5 (Distant Domain Transfer Learning, DDTL)[Tan et al., 2017]: F|/FHEXS%RE
FEDFRADREMENLS, RIS YN AET XA BBz 818K
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When source and target
domains only have some
overlapping features. (lots
of features only have
support in either the source
or the target domain)
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1TR2EX DT (Transfer Component Analysis)[Pan et al., 2011]: IR AKISIE
% 7(Maximum Mean Discrepancy, MMD){E R E S/EN, A TIEHEIUR
PRDMERR/IMVL
ITREXS UL (Transfer Joint Matching, TIM)[Long et al., 2014] : £ &/J\t
DmIEENERN, NAFEASENTRIKSILE DA, RIFEANFIET
WS POERITES
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* TransEMDT [Zhao et al., 2011]: BFcEr XN BRICHIETE, FIERRNID
FZEEMENTNRAIRE, REFXohvEEdE, FIAEK-MeansE
EFHRERILABZE
BRI RXZHNET RIS I OABDREBENSHITESE,
LA —RUUEMETRE., FIENDENSS
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Academic domain (source)

Movie domain (target)

WorkedFor
—

Director(B)

MovieMember Mg

AdvisedBy (B, A) A Publication (B, T)
=> Publication (A, T)

WorkedFor (A, B) A MovieMember (A, M)
=> MovieMember (B, M)

Pl(x,y)AP2 (x,z) = P2(y, 2)
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T LREBENZ T LU

Successive model layers learn deeper intermediate representations

High-level - "
Layer 3 linguistic representations SE(ESRISE

Parts combine ﬁ
toform objects
P ——
Layer 2 :
- —— —TTIT

IS AMINSSIW e pass [
Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction

Yosinski et al., How transferable are features in deep neural networks? NeurlPS 2014
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Top-1 accuracy (higher is better)

0.64}

0.62

0.60¢}

0.58}

0.56}

1
1!

5: Transfer + fine-tuning improves generalization

3: Fine-tuning recovers co-adapted interactions

------------------------------------------------

2: Performance drops
due to fragile
co-adaptation

- e e o

4: Performance
drops due to
representation
specificity

0.54
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* Full Fine-Tuning: SEFTERAIZE]

 Linear Probing: REHEMESE

Pretraining (a) Fine-tuning (b) Linear probing (c) LP-FT

head

% m.::zgzedOC I ini::gziiggres J_ ....... QQ
OO0 OO0 OO0

Inputs

Features Randomly O Backprop Randomly BaCkpfOp L O Backprop
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