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Andrew Ng. The Nuts and Bolts of Building Applications using Deep
Learning. NIPS 2016 Tutorial.
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Identifying Medical Diagnoses and Treatable
Diseases by Image-Based Deep Learning
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In Brief

Image-based deep learning classifies
macular degeneration and diabetic

coherence tomography images and has

for i
biomedical image interpretation and
medical decision making.
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—[ EHTFsCHIa9iFF2 (instance based TL)
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—[ EHF4HR0TRS (feature based TL)
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« HFEPIRNEBFEIRGE
« REFEIE:
= TrAdaBoost [Dai, ICML-07]
= Kernel Mean Matching (KMM) [Smola, ICML-08]
= Density ratio estimation [Sugiyama, NIPS-07]
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« EFSMREREIRGE
« REFEIE:
= Transfer component analysis (TCA) [Pan, TKDE-10]
= Spectral Feature Alignment (SFA) [Pan, WWW-10]
= Geodesic flow kernel (GFK) [Duan, CVPR-12]
= Transfer kernel learning (TKL) [Long, TKDE-15]
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« HEFRBERGEBFEIRNE
= RFEIE:
= TransEMDT [Zhao, IJCAI-11]
= TRCNN [Oquab, CVPR-14]
= TaskTrAdaBoost [Yao, CVPR-10]
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= Predicate mapping and revising [Mihalkova, AAAI-07],
= Second-order Markov Logic [Davis, ICML-09]
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= TSP (Transfer Component Analysis, TCA) [Pan, TNN-11]
= {UtBIx:
min Dist(¢(Xs), p(X7)) + AQ(p)

Y

s.t.  constraints on p(Xg) and p(X7)

« A EER(Maximum Mean Discrepancy, MMD)
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Adapting Component Analysis (ACA) [Porri, ICDM-12] - maximize 35T AT,)
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Domain Transfer Multiple Kernel Learning (DTMKL) [Puan, PAMI-12]
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Deep Domain Confusion (DDC) [Tzeng; arXiv-14] oy
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Deep Adaptation Networks (DAN) [Long, ICML-15]
= BMKK-MMDDIAZ! 2RI 285
Distribution-Matching Embedding (DME) [Baktashmotlagh, MLR-16]
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Central Moment Discrepancy (CMD) [Zellinger. ICLR-17]
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= Domain Adaptation of Conditional Probability Models via
Feature Subsetting [Satpal, PKDD-07]
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« EXE P #IEES (Joint Distribution Adaptation, JDA) [Long, ICCV-13]
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Adaptation Reqgularization (ARTL) [Long, TKDE-14]
» DRBEI+EEDMIERD

Visual Domain Adaptation (VDA) [Tahmoresnezhad, KIs-17]
= JIOAEWEE. KA

Joint Geometrical and Statistical Alignment (JGSA) [Zhang, CVPR-17]
= JANZEARRE. XKEEE., FEER
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Joint Adaptation Networks (JAN) [tong, ICML-17]
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« &5 fmiEle (Balanced Distribution Adaptation, BDA) Wang,
ICDM-17]
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= RERTER  HF0REEIA
f(2) = S ik (21,2

= [IRRERERARHRRY,
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fEHK
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[ Method |[|ASD|AW|DA|DW]|W-A[ WD | Average |

SVM 55.7 50.6 46.5 93.1 43.0 97.4 64.4
TCA 45.4 40.5 36.5 78.2 34.1 84.0 53.1
GFK 52.0 48.2 41.8 86.5 38.6 87.5 59.1
SA 46.2 42.5 39.3 78.9 36.3 80.6 54.0

DANN 34.0 34.1 20.1 62.0 21.2 64.4 39.3
CORAL 57.1 53.1 51.1 94.6 47.3 98.2 66.9

AlexNet [7] 63.8 61.6 51.1 95.4 49.8 99.0 70.1

DDC [14] 64.4 61.8 52.1 95.0 52.2 98.5 70.6
DAN [§] 67.0 68.5 54.0 96.0 53.1 99.0 72.9
RTN 71.0 73.3 50.5 96.8 51.0 99.6 73.7

DCORAL [13] 66.4 66.8 52.8 95.7 51.5 99.2 72.1
DUCDA 68.3 68.3 53.6 96.2 51.6 99.7 73.0

[ MEDA | 695 | 699 | 580 | 940 | 560 | 968 | 740 |

Jindong Wang, Wenijie Feng, et al. Visual Domain Adaptation with Manifold Embedded Distribution
Alignment. ACM MM 2018. ORAL (Top 10 papers).
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TR

EX BUERR) , AESHhEER
1N (DREER) |

FHomEER

SEMFEEEFAIREE (DDC, DAN,

4

JAN)

Method A=W D—-W W=D A—-D D—A WA Avg

AlexNet (Krizhevsky et al.,[2012) 61.6£0.5 954403 99.0+£0.2 63.8+£0.5 S51.1£0.6 49.8+:0.4  70.1
TCA (Pan et al.; 2011) 61.0£0.0 932+0.0 952400 60.84+0.0 51.6+0.0 509+0.0 688

GFK (Gong et al.| 2012) 60.4+£0.0 95.6+0.0 950+0.0 60.6+0.0 524+00 48.1£0.0 68.7

DDC (Tzeng et al., 2014) 61.8+04  95.0+0.5 98.5+04 644403 52.1+06 522404 706
DAN (Long et al., 2015) 68.5+0.5 96.0+0.3 99.0+0.3 67.0+04 54.0+05 53.1+05 729

RTN (Long et al.,[2016) 733+03  96.8+0.2 99.6+0.1 71.0+£0.2 50.5+0.3 51.0+£0.1 737
RevGrad (Ganin & Lempitsky} 2015) ~ 73.0£0.5  96.4+0.3 992403  72.3+03 534404 512405 743
JAN (ours) 749+03  96.6+0.2 99.5+02  71.8402 583403 55.0+04 76.0

JAN-A (ours) 752404  96.6+0.2 99.6+0.1 72.8+0.3 57.5+0.2 56.3+0.2 76.3

DDC. DAN. JANEEA5AERILER
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- RETERS T
= How transferrable are features in deep neural
networks? [Yosinski, NIPS-14]

Successive model layers learn deeper intermediate representations 5: Transfer + fine-tuning improves generalization

0.64
'.- ’ : High-level = 3: Fine-tuning recovers co-adapted interactions
. ‘a @ ,E 3 | layer3 linguistic representations % (0 i e
S 0.62 2: Performance drops
y ag " ﬁ v due to fragile
. 28l Parts combine }5" co-adaptation
. toform oblects £ 0.60 4: Performance
AT PR = > drops due to
1 - — g representation
,-L = -W. ’ N Lyer2 §0 " specificity
(3 I . \0-—“'° — ITTIIS : .
u - " : é.
— [
0.56

Ll L] TN ALYV —
N NUINSST o™ peas I

oS

Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction 0.5 s t 5 5 Y 3 s 7

Layer n at which network is chopped and retrained
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Pre-train

Unrelated Deep

Big Data Neural Network

Fine-tune

Adaptation

Source Task

Labeled

Target Task

Unlabeled
Semi-labeled

g — g(:(ps: YS) + A(A(DSH Dt)

« ExEEALRETR : Pre-train + Fine-tune

= REMNEFHIERIBENTR
= SXTIMSHES
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FEF R fine-tune
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Closely related

Stanford | news : =S AT
“EEHHHHO

Sml NG YO
g ST L
Stanford researchers use dark of night and R
machine learning to shed light on global EEESELanE
overty RIS R
P EdcnaEE .
s - -1 pmﬁ“ n.x Santord ectentinns (s Ienafying ghodal poverty aones by cmparing daysime and nighttime dEGEEESOS0
€ Ims . .
mageNet Night Light Poverty
v Massive data Less data Scarce data
(=
. ImgNet "
Survey ImgNet Lights ENCY Transfer
= = +Lights

Accuracy | 0.754 0.686 0.526 0.683 0.716
Fl1 Score | 0.552 0.398 0448 0.400 0.489
Precision | 0.450 0.340 0.298 0.338 0.394

Recall 0.722 0492 0914 0.506 0.658
AUC 0.776  0.690 0.719 0.700 0.761
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Xie M, Jean N, Burke M, et al. Transfer learning from deep features for remote sensing and poverty
mapping. AAAI 2016.
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= DDC: Deep domain confusion [Tzeng, arXiv-14]
{ =0.(Ds,ys) + A\MMD?*(D,, D,)
= DAN: Deep adaptation network tong ICML-15]

] Ja Ly
. a a 2 l l
min — Y " J(0(x}),y¢) + A Y di(DL,Dy)
© N, “
1=1 =l
classification domain
loss loss
€ YEie————
| 6)
fo_adapt ol [O] [O] [O] [O |O
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4 FEFBEFI

= REFBFEINERRGE

o E@Ll\ys\]l Domain-adversarial Neural Network [Ganin,

E(6,6,6,)= X 1,(6,(6,(x)v)- 4 X L(6,(6(x)).q

X,EDS x,.eDs u’Dt

= DSN: Domain separation networks [Bousmalis, NIPS-16]

g — etask + aerecon + ,Bgdifference + Wesimilarity

Private Target Encoder E”)(x’) _w
t [— —(—(]—[h
Y X

L o 1> 701
E> I:> Z: i> E('hlss label y Shared Encoder E (x) )
§ t _.6 ik

label IY ( ) ' . @ :—

- ictor G, (-0, i
\—/m\ Il “[.”' i/\'ﬁ/'("( 04) ]
90 domain classifier d(+: 04 IheF
— x°® ”@"@ﬁ T :
xtractor G (-:6;) «?" ~ . Claesiler G(Ee(x)
"I\» K4 E> $ @ domain label d < Higron

$ oL, ; Private Source Encoder Ej(x*) _\ A
20, 0Ly @ . _‘@_‘@_“"_ |
forwardprop  backprop (and produced derivatives) 00 d X i

Shared Decoder: D(E.(x) + E,(x))




4 RETEY
= REEBEFINERE
= FHEFHMESSRIRTIERS (uo: NIPS-17]

LS, V8 XT YT XT) = La(XT, V7)) + alpr(XS, XT) + BLsr(XS, X, XT)

Source CNN
., v} Supervised
- Loss
Source labeled data S e S e o
] Multi-layer Domain Transfer

7 ] Adversarial | |

| Loss |

Target unlabeled data \ H
e

{x%} _ { Semantic Transfer '

o Pairwise STTT Entropy ]

' Similarity Loss
Target labeled data : e e
------- :
1
t ! ! B Supervised
&y : . Loss
1

(DU

———————

Target CNN



. %T‘:TEE#S%"LSJ @ CVPR 2018
= Taskonomy [Zamir. CVPR-18] (Best paper)
= HRMWARIES ZIERYEIERZ T
=  Maximum Classifier Discrepancy for Unsupervised Domain
Adaptation

’Adomain adaptation/9%i#= , CVPR 18 516%ks
Lltransferfg&i= CVPR 18 530

Point
. Matching




4 FEFEF
= FREE®EFES @ ICML 2018
s CyCADA: Cycle Consistent Adversarial Domain Adaptation

» 7£CycleGANHH TfeaturefclassifierfJadaptation
= L2T: Learning to transfer

= FREIBFIFRLEH TIER
= MSTN: Semantic Alignment

= ERENEFHITINERLZERRITT
= Knowledge Transfer with Jacobian Matching

« HkernelmiE# {Ttransfer

FZ TIESTICMLE R LAtransfer i<##= , ICML 18512f%



4 REEEES

= JRELER

VISDA CHALLENGE 2017

Source Domain ECNN mDAN mRTN mRevGrad mJAN mJAN-A mMAN
| oo W

Is s
i | |

—

58

52.03
53.32
53.02
53.56
55.03

0
@
0 3
o
‘

ALEXNET RESNET-50

43.88

[, " 7 i
2 e
¥ i

Target Domain

62.8

58.51
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5 B45. RESSFIH

= SEEH
= IRBFIGANE
= A survey on Transfer Learning [Pan and Yang, TKDE-10]
= (AJRERBELR)SEENEIBRFITHE | LE/EH/AB/E0E)
= http://transferlearning.xyz
= ERFEIMNEGE
= https://www.youtube.com/watch?v=gD6iD4TFsdQ
= AFEE "Y=smaiuasl” f (NEZRTIR) K5
= https://zhuanlan.zhihu.com/p/27336930
» FXEZENESRANHRLHE+ RFNIBFEINE
» IRFISWHBENIECNDESEID
= Paperweekly : http://www.paperweekly.site/collections/231/papers
= IRRFISWEEIEN A TFHEESE

= https://github.com/jindongwang/transferlearning/blob/master/doc/dataset.md

MER mme NS
el R AN ) TPREV
wAg v/ PR S § @ =

: Office+Caltech, USPS+MNIST, ImageNet+VOC, COIL20%%EEE


http://transferlearning.xyz/
https://www.youtube.com/watch?v=qD6iD4TFsdQ
https://zhuanlan.zhihu.com/p/27336930
http://www.paperweekly.site/collections/231/papers
https://github.com/jindongwang/transferlearning/blob/master/doc/dataset.md

One More Thing...

s s, oy At
= EBFIEBFH
fﬁ*}%ﬁ' ;J ﬁ EU% %E‘ﬂﬂ‘ = transferlearning
Everything about Transfer Learning and Domain Adaptation--
— RO A HBES
A : vL0 O Matlab W14k ¥630

= transferlearning-tutorial

(TBEIEBEFA) LaTexRES

EBR
rh [ B2 e v SRR B AL @Tex w732 Y136
tutorial.transferlearning.xyz

fiE

ATELARRSFN “EHAFIIMT”, ZEAR! EHFIRAIRNBEFIGT—
AERE, BN BIEASF )X FRRA TR IAAMTFRERANRS, RERTEBFIGOKER
£, XEFTESFI)ORMERL, EFTAW, APAEE, ZIZIEF D GNITFR 5 4R
AIRKFF !

— M5k (B IR, TR #d% , I CAL president, AAAI/ACM fellow)

* http://tutorial.transferlearning.xyz



http://tutorial.transferlearning.xyz/
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