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fai¥1% ( Negative Transfer) : fERE EZIRIRYANR |, T BirE LAIZ I E0EER.
o REIAEL: JRIBOR] HARIBUEARALL, HRATIERS
o JTIRIRGE: YREONTHPREGEAETIE, (H2, EBFE AR, BRI AR B

" OO0
1§i§§ﬁ&*«?’$s—l Intermediate Domain

X

unrelated or
weakly related

Source Domain Target Domain

Ref: Tan, Ben, et al. "Transitive transfer learning." Proceedings of the 21th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining. 2015. 10
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1. BT 452 >] (Supervised Transfer Learning)
2. K INELGTM S~ >] (Semi-Supervised Transfer Learning)
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3. LW EHT#2%%>] (Unsupervised Transfer Learning)
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> J71E (Feature based Transfer Learning)
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2771 (Relation based Transfer Learning)
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F AR 1 B AT 4025 th 2 — T F I 402 7 3 o X AE R 3 B 2 ) 520 [Weiss et al., 2016
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1. [A#giE 2% >) (Homogeneous Transfer Learning)

S#JiF R3] (Heterogeneous Transfer Learning)
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Accuracy

~84.6%

~72.65%
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[ARER I BAFHES : §ilE (Domain) Fl {E53 (Task)

FifH, (Domain): E3EF2 I (5 M. S5 PTRRAMAT : BB A i 2 05 69
WA . SEMIRA TR D KFR—A domain, FIKGARME P egers— MERMi .

B, BB RSN, B LA AR AR5 TS (Source Domain) Al
47475 (Target Domain). JXPF A FFAR. JEATHRERA HIR. A AL
A, BRI G BRI TR B T AR IR TR S, IR
M4 3 FRRATR, W5k T iR

{F55 (Task): 2S00 H bR, (T4 E TR : A7 S FAE A5 69 % 3o 10
RATATELE Y dedem—Mrsszsli, B f() REF— S .

R M, AT BRSO 2 B 2 DR AT LA BIZE R4 Vs 1 Vo RAT/NG s A1
g 4RI IR B ARSI S bR
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T % 3 (Transfer Learning): %45 &E —MAMICHE D, = {xi, v}, fl—
PRICH BVREL Dy = {x; 15000 o IXPI DG EHR 54T P(xs) 1 P(x:) AF, B P(xs) #
P(xy). TR0 H RS ZAEE) Ds BIRIR, K2 BAnd Dy BIRNR (1725 o

PSR HEM (Domain Adaptatlon) S E— TEWCHIREEL D = {x5, vi iy FI—1
TehRicHY Hirsk Dy = {Xj}?+$-1 ECATHEES A, B X = &, FFHENRE
A EAEE, Bl Vs = Vo (B LWET/\WEI’J@%?/\%ETI_J Bl Po(xs) # Pi(x¢), SR0FHER
s AANE, R Qs(ys\xs) # Qi(ye|x¢) o IEHF I HIrHE, FIHAWICHETE D, X7
=Ny foxe = ye SR EH PRI Dy NHRES v € Vs
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1. BXIKEEES
IEEEE i me (FAE) b A x sy BIECEEES

dEuclz'dean — \/(X T y)T(X T Y)

2. MAKRETEER
Minkowski distance, P/MA (1) B p Breb s :

dMinkowski — (|X T y|p)1/p

Yop=1MNEEsniEs, X p=2 N KEE,
3. QIKIEE
ST (WD R) B, IR EER—TM M. Hx fiAy (S KREEEA:

dMahalanobis — \/(X - Y)Tz_l(x - Y)

Hrp, 22
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3. R/REMBRAH

B A BENLA R R ARSI . BENLA & X, Y 1Y Pearson fH2K REUN:

Cov(X,Y)

OxO0y

pxXy =

B U =R AR 22 2 B
Rl [-1,1], gexfEloRFor (/) HRIERR,
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KLEIESJSIEE

1. KL &
Kullback-Leibler divergence, X NfliAat)g, e MR 410 P(x), Q(x) BYIEE:

P(z)

Dxr(P||Q) = ZP log o)

e T EIENFREEE . D (P||Q) # Dri(Ql|P).
2. JS BEE
Jensen—Shannon divergence, 3T KL BUE A BIME, BXTFRE &

TSD(PI|Q) = 5 Dx(P|IM) + 5 D (QIIAM)

Hf M =3(P+Q)-
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RAEERMMD

R KIE 2 i B2 > P AR i s Y i . Maximum mean discrepancy, &R
AR /RARS BT DR, &M 0. WA BN R EEE N

2

MMD(X,Y) =

Z P(xi) — Z o(y;)
i=1 j=1 2

Hep o() 2mbt, M TIEZ s 2] B A2 A R445 =8 (Reproducing Kernel
Hilbert Space, RKHS) [Borgwardt et al., 2006] H1, {142 RKHS? R iE L KE 4%,
] FL R 2 X 2 RE X T BB N AR T Y o St UKL EEAS- 2 A BE (5w HY o

MR W XK HER G RKHS SR B PR E
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Principal Angle
WP AT e B E4Eas | (B hi i 2ime) F, fEmigH

"Klo Principal angle J&3RIX P HELIIEHY X b 48 B R A 2 A o

P HER L T LA A

TR XY, RS Eiscit (JH PCA) A 4ERE, A5

min(m,n)

PAX,Y)= ) sinf,

=1

:/H\:l:j m,n ﬁ\%U%Wﬁ\iﬁ[@%Z@Eﬁz /_\Eé%/l\%ﬁlzégﬁ ( /I\ZEEB/\J%% 96 — {917 927 Co e 70t}

P FERE SVD 5 Hy -

X'Y =U(cos®O)V'
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A-distance

A-distance J&— MR HERA AR E. SCHR [Ben-David et al., 2007 /24 | IIGEE
5, BR USRI A MG 2 B 25 . A-distance #5E NS — N2l 4 28k X
7P BEFUERY hinge #i5¢ (A2 PE T 2870 28HY hinge #15%). BHIITHEITZ0E, &

(T S AE IR0 H AR )l
— M. BATH err(h) 3

Z5— A" Kar b, (AR Kaw vl LAX 0 FEA Kk B T
RN Rax YIS, W A-distance € LN

A(D,,D,) = 2(1 — 2err(h))

A-distance 1 F g FIR TR T OUSEE RO EERR R, LME S SLI0 45 R TIUEX

k.
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1%2F IR I 20, B FARIERS 27 ) U AUBZRIA 3 E [Pan and Yang, 2010] 25
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1 ST REARER
2. T HHERTR
3. BT TR 2

-

4. BT RANITR

> 7717 (Instance based Transfer Learning)

\

\

> J71E (Feature based Transfer Learning)

771 (Model based Transfer Learning)

\

2771 (Relation based Transfer Learning)

\
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ETFHFAPRIEBFSI 75X (Instance based Transfer Learning) fRIE—ERINELALAN , XIEUE
HARITER , T ERES. TERESMERR TETEHEARTBAANERE, Ry EFEARE
MEREYD . B, 5% BirEREmX—M3EE. mERE , A7 SAREF I ERR
L, FATTLAA SR SR PR XA 2RI AR E.

JEAE (IR AR (B

NG AP
R Y
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1= e {71

 TrAdaboost [Dai et al., 2007] : §AdaBoost BN AT THEFIh |, IBE5E5FF
BirnRESHISSHINE. BEEAFITBIinnRESHIAINE , HETF PAC i
STHRBERNZHIRE LR,

- BEIIEIELSE (Kernel Mean Matching, KMM) [Huang et al., 2007] 33Tt 5 i
1Tiat . B EE ISR B IR o /] rl setEi.,

- (EEBEBFEI AL (Transitive Transfer Learning, TTL) [Tan et al., 2015] fliztaiEFe
F>] (Distant Domain Transfer Learning, DDTL) [Tan et al., 2017] , | BBEX& B
FEIIREREMNZ , B FEINAT SNBSS [BRIAIREE | IS TR
IFRIER.
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EFHIERIEFZ 77 (Feature based Transfer Learning) Rfg5 @I FHIEE I AN EHETER |
SRR IRIEFN B inis 2 [BIRVZELE ; sEEIRIEEN B ins I EEF IE TR R — =S+ |, RS
MAEREINEEZEI HAHITORRD. RIESAENEEFSOME | XLl AREFMEEOERE
F3, NMERERTRMETHHINTEBEEILIZE.

IR A0 B ARl 4 E =S 18] — & IR AN B FREHE S B A —E
R (ERD » BiniE (E5) B CrAk)  ——  BERE (ER)
np £ .
EEINpR STy ﬁ; .
il 7E M 2 - Lur
» 5‘ s
. - ,\ Y
- - ikl i
s b i |
% ade Babl KA FT P
) ‘Q'u.:—!— g Re ®
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1= e {71

. EBRES ST E (Transfer Component Analysis, TCA) [Pan et al., 2011] 2E i
LA AISEZER (Maximum Mean

FAHEBR—NE, ZHERZOASE

Discrepancy, MMD) {fEAAEEHEN , A

1B

et

TS hER

=/ M.

- BFEEYMAYFES i (Structural Corresponding Learning, SCL) [Blitzer et al.,

2006] , 1ZEEZA LUBE RGTR— 1N =S(E]A

HHER , IIAEGIERERIERERS LB |, BEAIFFDIREI HEHIT 78

NES.

LM — S EHIE R R B L FrE = BRI
YHIEE | REEZFE LERTSEIRNEAH T T,
- 1IFEEXSITHL (Tranfer Joint Matching, TJM) [Long et al., 2014] 2B EE/ Mt o fRiE
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HIEBIAIEFE 5% (Parameter/Model based Transfer Learning) 28 MIREFD B frig ik 21t
MNZEEZERNSEHER | LLIEBHNAZE. XERANERNREFEGRE | RRPEEIES
BinEHRIEEE ] LA E — SR BRI S,

Rtk (%) Hrik (E%)
REHMW? )
‘.!’
= -
REHER? ;
& ” I::>
R_REARE?
# & & £
HER

333
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« TransEMDT [Zhao et al., 2011] 751X EBIRCHIEEE |, =
IR EEMAT RIS | AR TIRE i;; G
4% , FIF K-Means BB A SHBMLIIRESHL. RPCA T

. EREASHE TR AR S RN S
#1TLES [Long et al., 2015a, Long et al., 2016, Long et T T——
al., 2017, Tzeng et al., 2015, Long et al., 2016], X%£755% -
RIS I — Lo R B LG TISH , TEMZE R0 s p T —

J\E@EE I ??&E H%éi&?iﬂi}”gﬁ\o A .u:b / Bgﬁiimﬂl/y\g ﬂE Figure 4: the TransEMDT Framework
EETRE, GRS S.
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BIFXZ09TEEI /5% (Relation Based Transfer Learning) 5_EiA=Ff 75 2B BEARERNE
g, XMEEEBRERGFABERENERZBINXR. FTERER T ARSUEZ BRI E.

IRy eI
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Movie domain (target)

WorkedFor

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

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

=> Publication (A, T)

" 4

Pl(x,y) AP2 (x,z) =>P2(y, z)

BFSREXZEMIXRTE
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= PERI ARSI o s

AT LZFRERERILIE ?

Successive model layers learn deeper intermediate representations

i!’l” m \’ !‘! m High-level

am @ ’E - | layer3 linguistic representations SEESSHNSIE
e i
- toform objects
. ; : ‘ Layer 2
LA TN ALY VP = . ,
IS ANNS ST et r e 18 FA51IE

Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction

AR ML TS EHRENE S 2RISR T

40
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QISR EReiZ =) 2! general feature , BFELEREIEF SR specific feature

g WA] N WA2 WA3 VV;\4 A WAS N WA6 N M? 1 WAS (g
input o o labels
s)s NP @ =1 > O ase.
R ARIOHERE | Hmogener vocsos T L UL U UL U [
o U U U U U U U ©
BEHL BRI , BHEE S 50038 0K —FAI%L ©) W (| Vi (| War () Vi (| Ve ) Vi (] Vir (] e (@
&, B 3ER6450005KE . . BATEESA EI ' ' l ' R
@ @
. Y A Q/ U U v Vv Y Y QJ
EllZ—1)\EETRNE |, B Ellgm—1/\
@ Vb () W () Vs () n_N_ N _N__ (@
EETAME, XM , FliIFRZ IbaseAR]] El i i EEEE]] »5 pan
s — @ e B3B*
baseB , ANEI1RIBIFRTT. o || || .| | )| | R
@ Way (] Waz () Was () i i i @
: a a a F ] F = [ : A3B
SEEmE e s .
: [HEIEI=I=E
How transferable are features in deep neural networks? 6504 2014

J Yosinski, J Clune, Y Bengio, H Lipson

arXiv preprint arXiv:1411.1792 "
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MR PUFHMERSTRE =, NETHETETEIETETE T

1.B3B ([E1E31T) : BI=/2H0EEMbaseB 8 |

PEBTR, FEEETE, BIEE/VRE s m

SHIETAENL , AEELREB b TG, e [ I l [ I I [ I

2. A3B ([ENEE41T) : BI=EHISEMbaseA d T I UTURURUITITITS

RIFRTIR , FHEEERE. HRIS/ 2 shlild@lelalalalal |-

SHBENAAY | AETESIREB LTI, ulll@ﬁﬂﬂﬂu B

3.B3B+: FB3B , RATFHINSHBEAE. v w im0 (e

4 A3+ FAS, SURSEBIWEHBEME. &) i
@ U U U U U U U @

How transferable are features in deep neural networks? 6504 2014
J Yosinski, J Clune, Y Bengio, H Lipson

arXiv preprint arXiv:1411.1792 45
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0.66
1. B3B : HI=/2i92 %M baseBH o % & & ® & g
TR , FHEEEARLT, SMmE - : o °® o ® ® ¢
e g s ‘ = © e
5/ ENSHBETAAL , WS 2 oo e - S
" —s = ® g ®
KREER DI, 5 3
e ” 2 O
2. A3B : BISRIUS EbaseAd £ ¢ 8 o
TR, FEEEALE, BE oo §
55\ EHS BBENIIEHN , REE 5, [ O bases 24 |
w s o ® selffer BnB
IR T, S e ¢
3.B3B+ : ITBMSHESMA, || ® transferAns 3
- s @ transfer AnB™*

4. A3B+ : l_*gﬂggﬁﬁﬁ'ﬁgﬁﬂﬂo 0.52 5 : L s 5 5 : )

How transferable are features in deep neural networks? 6504 2014

J Yosinski, J Clune, Y Bengio, H Lipson

arXiv preprint arXiv:1411.1792 43



}\I Hblﬂfﬁ.l;ﬂ:

Artificial Intelligence Institute

Man-made/Natural split Random, untrained filters
0.7 ' , , . . 7 , 0.6—0 . - : . : .

>

S 0.6 { & %

5 0.4} ¢

§ 0.5 0.3

" 0.4 0.2

2 0.3 0.1

' . 0.0 w_——W v /A W
0 1 2 3 4 b 6 F 0 | 2 3 4 ] 6 F §

£ 0.00f O- —
3
o
« —0.05;
Q
5 X
< —0.10
>
O
i
§ —-0.15}
©
T —0.20 O reference
o .
= —— mean AnB, random splits
'% _0.25 —@— mean AnB, m/n split
o V— random features

e 1 2 3 4 5 6 7

Layer n at which network is chopped and retrained 44
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QISR EReiZ =) 2! general feature , BFELEREIEF SR specific feature

. BH—Z . WRNATIZFY , IMEREZIZHEE. EEHER ?

. FHEENERYET 3 BEAEZRR general feature , #HTIFRBHIER S LT ;

» REIEMEHFIONA fine-tune , RSRFLERK | AIRERLEIRMZEERIALT |
» Fine-tune AJLALERIFI SR AREIR Z [BAINERIE |

» RETEMRE LB WIIR N ERERYT |

+ WEEEHNTR AT LUHEM 2309 SR

How transferable are features in deep neural networks? 6504 2014
J Yosinski, J Clune, Y Bengio, H Lipson
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Domain-adversarial training of neural networks 3860 2016
Y Ganin, E Ustinova, H Ajakan, P Germain, H Larochelle, F Laviolette, ...
The journal of machine learning research 17 (1), 2096-2030
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Domain separation networks 948 2016
K Bousmalis, G Trigeorgis, N Silberman, D Krishnan, D Erhan

Advances in neural information processing systems 29, 343-351
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Solar installation database
of the contiguous U.S.

Yu, Jiafan, et al. "DeepSolar: A Machine Learning Framework to Efficiently Construct a Solar
Deployment Database in the United States." Joule 2.12 (2018): 2605-2617. 53
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s 2 CEIRE A ERIABHEE(ERIZL
ST MNERER
B=iiESVYES
* Open PV Project (~ 1 million PV systems), relies

on voluntary surveys and self-reports, but runs
the risk of being incomplete and outdated.

ety

dll

H

The real-time status of the solar photovoltaic market in the U.S.

. 1,020,945 $2.74 16,534

Q. Project Sunroof
* Google’s Project Sunroof (~ 0.67 million PV

systems), utilizes machine learning approach to = s
report locations without any size information.
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Environmental/socioeconomic
features
(Ave. income, Gini index,
solar radiation, population density,
# frost days ...)

SolarForest

predictive model

Rk

Estimated

census-tract-level solar deployment rate

—l— DeepSolar —'—

J Y sty
B = b
r* e
i 3 '., 7’1.1’
| B | v“'ﬁ'
z Whs )
T ¥y
)
by
5
e
S viati, ®
JRES
@S
4
ny
A
L L\
it
S
A
-=

55



DeepSolar s I

A. HIAMGooglettEFRENHE S EE2E A

B ! D E F
% ; Semi-supervised 5
ey POSITIVE segmentation - »
B. ETFCNNRIEG 8 = - -
C. R (BRSO Panl) =) - B L= L
m NEGATIVE NULL » .
E. 4rkE&Solar Panel{UERELEHBE]

D. {3 '”’_%275% XJ60,& Solar Panel
S i surerve -»E
F. XEGEBEHITZE , 1T&Solar . m E

HOENRH T BRI
Panelﬁ /I:l Figure 1. Schematic of DeepSolar Image Classification and Segmentation Framework
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« #UEIR: Google Static Map API (15 cm resolution), width of image tile: 15
—22m

« FaltmERTBEUE] LAl &e.
fA/\__E—Z:jJ S5CNNRE BoiinE

manually labelling 320,000 images with Amazon Mechanical Turk (MTurk), a
crowdsourcing platform for solving labor intensive task. (Less than 3,000 are
positive!)

2. training a preliminary classification model based on VGG-1637 network with all

positive samples and a small fraction of the negative samples, then applying
VGG-1637 to larger dataset.

3. Leveraging MTurk, false positive samples are removed from the positive-
predicted samples.

Finally, authors construct a dataset containing 472,953 samples (0.043% of the total

number of images scanned in US), of which 50,507 are actually positive.
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o XJSCHAYCNNEREY Inception-v3 [Szegedy, C., et al. CVPR 2016] i {T1F#%

* 3XHNCost sensitive Learning>REHTLossEREY , AR

- WRARE—ESHPEN IR | EMERETIIZMRELSEL , AR TFinetune

e AR A1 ]

\ ELJFj.

L= [a1(y, = Dsoftmax(y,, £(x,))+1(y, = 0)softmax(y,, f(x,))]

+ regularization term

« EHFMERE , 9BIFRRIER (containing solar) 1 faf

solar).

£ZK (not containing

Szegedy, C., et al. Rethinking the inception architecture for computer vision. CVPR 2016, 2818-2826.
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- Bfr RN EEE(&HEYSolar Panel
FHETER
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EUEMEE ( Class Activation Map ) , LAGES
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\;. Australian

terrier

Class

— Activation
Map
(Australian terrier)

Saliency map

<200
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<zZ00
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Class Activation Mapping

Wy * + Wy L W,k

Learning deep features for discriminative localization 4820 2016
B Zhou, A Khosla, A Lapedriza, A Oliva, A Torralba
Proceedings of the IEEE conference on computer vision and pattern ... 60
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« CAM FI| B4 EEGAINIBCKFNSIR B S E,
- {EE REEHFINTIPositiveRIElN& ( & & Solar Panel )
- BEWIE , CAMZBAEreEE &PanelfYFHIEAITRIS

Figure S2: Class Activation Map (CAM)

(directly applying CAM to the retrained Inception-v3 model)
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- CAM {E{t T Panel@#l: REPanelE BZENNIBEALHEESE

specific, discriminative, lower resolution

L~ i =
low-level high-level

complete, noisy, higher resolution

‘ classification
scores

Figure S3: The feature hierarchy of CNN
From raw image input to class score output, different layers extract features of different levels. The feature maps at low-level hierarchy are complete, high-
resolution but noisy, while the feature maps at high-level hierarchy are specific, discriminative but low-resolution.
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« B—FERRZRERES - WEERICNN LayeriZ2ENERHIE | BN EEH
AFIA9CAM

basic classification framework (Inception v3)

input image

positive
Step 1 negative;
[ g
l training
segmentation branch (1 layer)
input image
positive
Step 2 negative

Convolution

AvgPool

MaxPool

Concat r .

Dropout ‘ A

Fully connected I tralnlng
@8 Softmax et e e
segmentation branch (2 layers)

Figure S4: Inception-v3 framework and greedy layer-wise training 63
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Figure Sé: More examples of CAMs and the segmentation results in test set

Note: As a large-scale solar panel can be split to several image
tiles, we use a simple recursive algorithm to find adjacent pieces
of solar panels and merge them to form a solar system.
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Solar Resource
Density Map

Solar Panel Area per
Unit Area [m2/mile?]) af
State, County, and
Census Tract Levels

» Travis

state level county level census tract level
contiguous U.5. CA X NJ WA, Santa Clara Los Angeles Travis Union Hudson Clark
=134 =069 =003 =132 <0,11 « 265 =818 =70 = 323 <11 = 0.84
1.34-345 0.69 -68.53 0.03-015 132 -507 01 -0.27 255 - 921 818 - 1181 70-205 323 -598 11-327 0.84 - 22 53
3.45-4.34 6.53 -21.18 0.15-0.27 507 -729 0.27 -0.51 921 - 1526 1181 - 1579 205 - 301 508 - 1082 327 - 743 22.53 -48.59
4.34 -7.92 21.18-9044 027-048 7T729-1194 0.51-1.33 1526 - 2152 1579 - 2027 301 - 435 1092 - 1499  T43 - 1460 49.59 - 79.60
B 792-14.24 8044 -16858 046-1.03 1184-1325 1.33-1.80 B 2152 -2884 2027 - 2531 435 - 647 1498 - 2022 1460 - 3331  T9.60 - 85.80
B 1424-2412 1659-2819 103-171 1325-1814 190-595 B 2864 -3753 2531 -3176  B4T - 842 2022 - 2042 3331 -B598 0580-13159
B 2412 -76.74 P 2819-4462 1.71-398 1814-3027 5095-1168 | 3753-5071 3176 - 4079 B42 - 1318 2042 - 4398 6508 - 0871 131.56 - 165.94
B 7674 - 2241 B a462-10881 398-11.95 3027-4148 1168-2420 | s5071-7400 4079 - 6366 1319 - 2197 4398 - T960 9971 - 38058 16594 - 281.21
. = 2241 > 1088.1 > 11.95 = 4148 > 2420 . = 7480 > G366 > 2197 = TOED = JB0SE > 281.21
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