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Visual Learning of Arithmetic Operations, AAAI2016
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Figure 1: Input and output examples from our neural network trained for addition. The first two examples show a typical correct
response. The last example shows a rare failure case.

Visual Learning of Arithmetic Operations, AAAI2016
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Figure 3: Examples of the performance of our network on subtraction, multiplication, and addition with noisy pictures. The
network performs well on subtraction and is insensitive to additive noise. It performs poorly on multiplication. Note that the
bottom right image is not the ground truth image, but an example of the type of training output images used in the Noisy
Addition scenario.

Visual Learning of Arithmetic Operations, AAAI2016
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« A man hugging someone close under a cloudy sky.
« Barack Obama is in this picture.
« The other is probably his wife, Michelle.
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Unsupervised Learning of Depth and Ego-Motion
From Video, CVPR2017

(a) Training: unlabeled video clips.

Target view Depth CNN

(b) Testing: single-view depth and multi-view pose estimation.



KTk
JEfER )77 O —J(Deduction)

SERETILICLDTFH

; }\g_/nbu ; y

Al e.g., DNN pigil

)Fﬁ%WEI’] )77’ 0—3F (Induction)
BEDERFT—5 (KD FAI




ERARCHID
ERBEDA—T > T AT T

A (T =D DA CHIFIDIRN 2F—HERMBDTIFRL ETOXRERZF v TF v FUWEHAIT /(1 2Dz

FEEZERIR(CMT X 2 3DENEMRERK BET-—HDHEINET D c WEHBT—HDHRTEZDIDTIFRRL
Bt BRBEL (FEART—INELLDH ?
A INR= 3 FFUVEHRIBEESI NS EFN TS
BfflDUNE a1 T 517> ADMEET Bilziko: At BEF—SANDSEBEN3SE
?—973“%&)(2 <U\RE WERRT—4%BEETINE . T EIHICLES
(BENEE, BERNASEL) [880\] > HFidataset () EIBHEE
+ SimulationD#+HA
IERSAN)LDMERE EDQCJ \°’>"_—_ E.D\E‘éﬁ(:adversqrialE’\]i‘ﬁ:ﬁ% 0MNSDSEE - BF - BHRIEAR PHSRWC E&R#MIT D
- SARILHBTEN (NI —ERHBSNLERE USRS (FBEPLADTDLDMR) c FPHEZSNTEISRAD
C SAILIC A XS P EFIVT A BRURER O SRR SAILRUEE ENHEEF LI
cIEUSSRILDEEN TSR0 - FTEHE(C L DEEEINF
BRBAT 14 FORE ADFT—HFHERDZHRE Inputh*50utputA
- Nominal, Ordinal, Interval, Ratio Scales£T%. - U5 JIEEADRG « SRR DA RS T,
KRIEUTRETERLDICTDCE - REUAMEZESF T HE, EtEERT — fl : s8{tF3
CAREENT—S%. SEL TV I—RTER7 - . EXAENSN (TR S

SETER — C V- : ;j ;] ; ’\  ADESHIERERTAL

- NDESHET> -5« > UfEAI

CNRAZ L
- JRODTE, SAIL - I\=VFSAXENIzA c NCEDTRLTEDHERZIRTAI
- I EREARDIS BRZHMDR U TINDBAI - ADHERRICS R <o TVB Z LDBEE
- EHORSEREI MR, IR Bl . ZE D/ Tk E—FEDEF T -l FRREFBE
 BBEZEISIES
—Z

Classifier, regressordt 1 DIBEEEA TN CIRIE HETRIMANF 2 (C AL 2T I\ EMEAREEDE D75
(MmFBE>=al—>3> SCEmIEDEA — 5] : AIEIEAIDIBS EE
P - 2B oBnS. [RIE+3B)
- - BRI A E D DRE

- Deterministic/a & LV SRER
(BRIEBZEE. BENTAI LR



BIEHF(CHITD

2F—HEMBDTIFR< ES

RET —YDHZRETD
BSHtE> >0

ARH(CESNVDDRME(THIFIDIR
EEZERR(CTR D 3DENEHR AR

/A>T ST RAOMET
T—INEHIC VREE
(B8R, BERNAASRRE)

= ES

MIRU20175 5! 18]

SEEREDA—T > 7 A T 7

TORIFEREF v TFv 1 LUWEHRIS ) RODIRE
- WEBHBT—IDHTEZZDTIFRL
BEEBEA FEART—INELLON ?

s A IR=2 I3 VFEFHUVETAES DN S EFTNTND

B> —S AN SEBRENDHE
L AV <5l i )
[850\] =>tMdataset (¥) BB

. QimiilatinnmM{HEH

Bz < f2sb(C
WEBRT — 5= BE TUNE

RS AJLODREE o &/ —> = WS EERMTS
<SRBT BESNEISAD
Z o0 gL S~ N N SERN
- SARILIC I A XD ; HH 7 S '\ 7_ NS BHH U
ELULSARILDEERTER EE-' 2/\ / b '\7 [/ a4 (C&BREBNFE
O A | — 7]
RIZBAT A TORME FIEﬁ = c —Cn /I\ it
/| iy ‘
- Nominal, Ordinal, Interval, Ratio Scales®T* - : : ZZANSEIN
KRCEL THATER LS(CTRE (http://www.ieice.org/iss/prmu/jpn/pdf/MIRU2017-GC.pdf) = - 6l w2
CAERDT—H%E. SFELI>O-R7AE L& 2RI E)
SLBCFTIRVLED
FIE SRR E T ZENEE(LEBE SIREA, BN DNNO#EZEFE & s ADKRSIMERZIRTAL

HIBIERERMR, HIF0RM

RREEN SEABEAN

) NOEEZDwWarping . A e TS 0—5 1 >4 LIAL

- RAZURY GACEDV

- WROBE, SN - I\=VFSAXENIzA c NCEDTRLTEDHERZIRTAI

- AREAEDIF BAZEMDRSUTSABAL - ADMEERM(C DS FE< PO TVB T EDEEE
f * DB/ BRI E —FEDIET S - e

RBZEEIDFES

Classifier, regressordHi 7 DIBERZHAA VN B RatEIMIF B (C AIS 2T I\ EHREREE DS D5
(mFEEs=aLl—>32) LS mIEDEA S 6l AlEIFAIDM A T

- 8] oshs. [EE+FE)
— BRI ATEDDRE

- Deterministic/a & LV SRER
(BRIEBZEE. BENTAI LR



Sale)

 FTUWVAROMEREERTE - fES oD O%
A—-—T>2CEBmLELD |

Qul

* EERICED T RODAFRDE > MMIIENIEIAREE

» FED < (X, PRMUNSIRDERZ |



