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flowers train tree
petals railroad grass
grass sky garden
leaf locomot i ve house
water tracks water

Large-scale image tagging
ICPR’16, CVPR’10, ECCV’10
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Visual representation learning
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Yellow

Fine—grained recognition
ICME’13, CLEF’13

Synthetic Images for
Physician Training

Medical image analysis
ISBI’18

Scene text detection
ICDAR’17

Object discovery
ACMMM’15,17
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COD amod
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this [ is| a] [short]

Word representation learning
ICLR’18, IJCNLP’17

sentence
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}=--- penalty(s ) -

encoder states 715

decoder states

Machine translation

MT’17, NMT@ACL’17,
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a catis trying to
eat the food

Image/video caption generation
LREC’18, COLING’16
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Multimodal thumbnailing
WWW’16

Image-Mediated Learnin
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Language 1 Documents
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Cross-lingual retrieval
EMNLP’15



KEBEDODA Y-

\VAS,

o 4 515

> /K|

(FFEEE]

TR TTE RN |

R ==

o ENENDDEF CEBED =1 —SIL=7RY NI —TH\EL

» FRERIYIRELL T

- BIRDIEHAUT 1 DS — AL RN RIEE(IC

JUVRERNRZ ([CEFNTLND

- DEFDIBIR (BAREE) NRR(T/EALEDDDHD

@»



=P/

y 1. BDEFICHITDIEBRY NIJ—DUDiEAL
y 2. NILFE—HIL (DORE—HIL) FEFES
- IT>—4 « TA—5FEFTILEVILFE—HF)LEKIR
- One-to-one ¥ X7
- Many-to-one 9 X7
- Many-to-many F X720
y 3. BHSTAEIT
- BRZENT E L0 3w SERETIER

@»



ERZHICHWNBD Ry F7—7

» HAHFAH_1—TILFRY FDJ—2 (CNN)
- [BPhtRlE (ZBE) OBHAHFET U IEEDIRT
ZE)\—t 7 ~O>
- VIIREFF(ICEHIT DR ZE & (555
- [RFZ(ZBAXRY] (FBEFPESLE. 1980F1K)

IR, BRILI=WWISRE

C3: f. maps 16@10x10 & D—a1—A~
INPUT C1: feature maps 54 f. maps 16@5::5 HR&
32x32 S@28x28 52: f. maps Cﬁ Iayar FB la DLITPUT
6@14x14 r yer

|| connection GEUSSIEH connections

A BB »
A L] , |
Subsampling cnn»,rgmu.;.ns Suhsampllng Full connection

L

ST

L

. n Y. LeCun, L. Bottou, Y. Bengio and P. Haffner, “Gradient-Based Learning Applied
I] to Document Recognition”, Proceedings of the IEEE, 86(11):2278-2324, 1998.
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starfish drilling platform || golfcart|  Egyptian cat

[A. Krizhevsky et al., NIPS’12]
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» Recurrent Neural Network (RNN)
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» Seqguence to sequence [Sutskever+, NIPS'14]
> ZDMRNN (LSTM) Z#x#e L. K5 - T 5> REEHEFEHD
AL DR EFES
- BRASEBIR(ICHITDIFREFEDRYIDI L —IX)L—D—D

AABRNN(TY2—4) WAMRNN(TI—S)
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Sutskever et al., “Sequence to Sequence Learning with Neural Networks”, In Proc. of NIPS, 2014.
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Yoon Kim, “Convolutional Neural Networks for Sentence
Classification”, In Proc. of EMNLP, 2014.

» Transformer [vaswani+, 2017]
o RFRYI S EOERBZITNIRN
o JA4—RIADT— REFTEHNE
D+ T KIg A [EER % 5 B

o FBEBHET)L(BERT)H:EE
[Devlin+, 2018] poseen
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Vaswani et al., “Attention Is All
You Need”, In Proc. of NIPS, 2017.
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RNN
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5 | am a student.

RNN

decoder
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o BIRMICT SA A hrENZRIAHNESNS

TILFE—FI)LEM

FEXRArTIO—4S

(e.g., recurrent neural network)

BE{EI>a—4
(e.g.,convolutional neural
network)

2 A brown dog in front of a
-4 /4 door.

A black and white cow
standing in a field.
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y HBOBIEERINAYYE> D [Kiros et al., 2014]
- BIRBEH T ETOER"HE]EE

Y Multimodal space

1
i Steam  ship at the

CNN - LSTM Encoder

..........................................

R. Kiros et al., “Unifying Visual-Semantic Embeddings with
Multimodal Neural Language Models”, TACL, 2015.
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Multimeda space ) SCNLM Decoder

\ R. Kiros et al., “Unifying Visual-Semantic Embeddings
| i with Multimodal Neural Language Models”, TACL, 2015.
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CHHN - LSTM Encoder

MNearest images

[Kiros et al., 2014]




Nearest images

m_ - bow!| + box

-

- box + bowl =

(» [Kiros et al., 2014] N
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(e.g.,convolutional neural

- TEXRNTOH

% (e.g., recurrent neural network)

network)

A black dog sitting on grass.

i G 21




I8k & A 3L Bk

» CNN (BRI >J—%4) ZRNN (FX hO—4) Nigf
- RNNRIDEEZZCNNEIEZ T T r — K)\w 2 (end-to-end)

Vision Language A gmU_P of people
Deep CNN Generating Shopplng at an
RNN outdoor market.

O Q There are many

vegetables at the
fruit stand.

O. Vinyals et al., “Show and Tell: A Neural Image Caption Generator”, In Proc. CVPR, 2015.
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Ej]@{%# Y 709/ = [ 7“ [Laokulrat+, COLING’16]

CORRIE. ENARRFEEIAHFISR
I —- FEE BT S FEHIE (NED
O) DEFAXEHBOHBRBONIZHLDTY)

| e |

a woman is slicing some vegetables

a cat is trying to eat the food

a dog is swimming in the pool

Laokulrat et al., “Generating Video Description using Sequence-to-
sequence Model with Temporal Attention”, In Proc. of COLING, 2016. 23
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E}JE1%# Y 709/ = [ 7 [Laokulrat+, COLING'16]
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[EBI15R & B

ER T N —72 (GAN) 0) Biglc LD,

E{ROT 1—F 1 >0 BRER (CIE1L

this small bird has a pink this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch.

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a

{) Reed et al., “Generative Adversarial Text to Image Synthesis”, In Proc. of ICML, 2016.

with white stigma

round yellow stamen

25
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» Image-to-image translation
[Isola+, CVPR'16]

Labels to Facade BW to Color

output
Edges to Phato

input output

Isola et al., “Image-to-Image Translation with
Conditional Adversarial Networks”, In Proc. IEEE
CVPR, 2017.

@»

Cycle GAN
[Zhu+, ICCV'17]

Monet Z_> Photos Zebras T Horses

Zhu et al., “Unpaired Image-to-Image
Translation using Cycle-Consistent Adversarial
Networks”, In Proc. IEEE ICCV, 2017.
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[ Many-to-one J (e.q., ERERIGE,
T ILFEHER)

—e

Are the
animals ——
grazing?

RNN

encoder

[©GOQ] (OOO]

b B unk* A }_'_ ﬁﬁ'&%’lid) IJET.I J:

y BROTES YT =ERXE
UTESFRALIY X

—» yes

@»

[ Many-to-many J (e.9., TILFE—4 LEHIIR)

*:‘}

ooooo Un caballo UhlEPfdf R

a bﬁd *h en una playa su

une plage einem Strand % é
rep Stfl'l
& - W

Ein Pferd auf

A horse on T-‘
a beach ~ % einem Strand

Schwenk and Douze, “Learning Joint Multilingual Sentence
Representations with Neural Machine Translation”, 2017.
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[NlShlda and Nakayama 2015] Nishida and Nakayama, “Multimodal gesture recognition using
y

multi-stream recurrent neural network”, In Proc. of PSIVT, 2015.

» Sheffield Kinect Gesture (SKIG) —4 1w I [Liuetal., 2013]
o R NTIEEZSNTT10T S ADS T AF 7 —EHiH|
- RGBEIGET T X EGOFRSFT—4~
o NARTIEIAT =« D)LJO—6EBIMESY YT+ & UTHA

RGB [ \/

;_.—' 1 ll- ! i
& o i
Depth h
Turn

Circle Triangle Up-down Right-left Wave "'Z" Cross Comehere around Fat

y HEHIR
o EDOEXDICUTEMDESA T4 ZHENRDINEN?
o EDXDICUTHRRINDAAFTZORZED ANDIREN?
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IRZF % Multi-stream RNN (MRNN)

» BT EICRNNEAHEBL. XSV I T
RNN(CHiE (=EENICHRS
o ANBFRTHE I BDES/L (Early fusion)t»
HIOITHET DESTJL (Late fusion) KD EEFRERE

H A
(BNMESNIL)

@» RGHER)
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» BBEESY T+ [CKDEREAREN M L

Table : Test accuracy (multiple modality vs. single modality)

Method Accuracy (%) Method Accuracy (%)
MRNN (color) 91.6 " Early multimodal fusion 94 1
MRNN (opt flow) 88.5 Late multimodal fusion 94.6
MRNN (depth) 95.9 — o
MRNN (color + opt flow + depth) 97.8 MZO>THRENELTLS...
R l:: ] B
- FRMECTF T REGEDH  E
J A XBANTHB :

o IERFIASLERBInARE

a

@p HIENIT(OREOUSEER

30
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Audio

i

Kinect

Eye gaze

Face
55D

features extraction
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e

400x36 [gul[-lsn.l;:hsesl IZIJID_SI'IT::I:I'ESI I"-.
60x27 — [EI]II:;EHT::EE] mnﬂlﬂ
200x6 |2l]I[;SnT:d1e5] IED:E:::esl

200x100—| o L o )

Available data

o

S

—

Ave ragiﬁﬁ

BB ESY T+ Z/Ek:

Baseline model

LC

Softmax

Multimodal Emotion Recognition Challenge (MERC 2017)
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http://www.datacombats.com/challenge/overview/
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/
fﬁSadness
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e

_- Disgust

7

e o
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“Happy

' Scared

' Neutral

Prediction
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Visual Question Answering VQA)

» RNN(LSTM)Z U\ ZERB A LBIEDIIGERE

H. Gao et al.,
Multilingual Image Question Answering”,

Image

Question

Answer

@»

AR ABN? ORI A
What 15 the color of the bus?  What is there in vellow?

AR AN, EHE.

The bus 15 red. Bananas.

M. Ren et al., “Exploring Models and
Data for Image Question Answering”,

In Proc. of NIPS, 2015.

“Are You Talking to a Machine? Dataset and Methods for
In Proc. of NIPS, 2015.

B bR T ACIAREE AT RSk e L ?

What 1s there on the grass. except Where 1s the kitty?
the person?

i o ol

On the chair.

M

Me— il ahE s Rk
2% 1

Please look carefully and tell me what 1s
the name of the vegetables in the plate?

P AE .
Broccoli.

CQ5429: What do two women hold CQ24952: What is the black and white CQ25218: Where are the ripe bananas
sitting?

Ground truth: basket

VIS+LSTM-2: basket (04965

LSTM: bowl (0.6415)

with a picture on it? cat wearing?

Ground truth: cake Ground truth: hat
VIS+LSTM-2: .561 VIS+LSTM-2: hat (0.6349)
VIS+BOW: lJpl[ pf{] l-l-l 3) LSTM: tie (0.5821)

LSTM: umbrellas (0.1567)
BOW: phones (0.1447)

CQ25218a: What are in the basket?
Ground truth: bananas
VIS+LSTM-2: bananas (0.6443)
LSTM: bears (0. l)@‘\ﬁl

32



Visual Question Answering (VQA)

> NN%E@DT PEARENER ET)LDICFE

BREISICIR. CNNXSRBEUFKOEFEHHZITU),
o) & A DRNNAN AN

paIeys

\ H. Gao et al., “Are You Talking to a Machine? Dataset and Methods for
4 @ p Multilingual Image Question Answering”, In Proc. of NIPS, 2015.
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y JILFE—4) LHARERER
o BEARETNER DIEBRIEARH
(CIEGRZER

translate

——’ Ein brauner Hund ...

Ie\-'ﬂ lnate
(Gold Target:

Ein brauner Hund rennt dem schwarzen Hund
| hinterher.
Source:

A brown dog is running after the black dog.

[Specia+, 2016]

y NILFE—H)LWEEIGE
o BERABZERITRE UIEXEE
- FEZIEFE UV ESTEN

S AVADYANA

| Userl: My son is ahead and surprised!

User2: Did he end up winning the race?
' 'y Userl: Yes he won, he can’t believe it!

[Mostafazadeh+, 2017]

Specia et al., “A Shared Task on Multimodal Machine Translation and Crosslingual
Image Description”, In Proc. of WMT, 2016.

{p Mostafazadeh et al., “Ilmage-Grounded Conversations: Multimodal Context for Natural 34

Question and Response Generation”, In Proc. of IJCNLP, 2017.
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» Vision-and-Language Navigation [Anderson+, 2018]
o g/\\\ESEt‘\D/—I_\\J h%gﬂ’]tﬂg‘/\nﬁﬁ Anderson et al., “Vision-and-Language

Navigation: Interpreting visually-grounded

&5/\3 Eﬂd)?‘ﬁu%gﬁ'ﬂ:"“‘_ﬁ'tﬂzﬁk navigation instructions in real environments”,

In Proc. of CVPR, 2018.

Instruction: Head upstairs and walk past the piano through an
archway directly in front. Turn right when the hallway ends at
pictures and table. Wait by the moose antlers hanging on the wall.

(» Move inside and .. formal dining table . E E [ — “ “ ﬁ
[ & o 35
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TILFE—XIIZ & BN IETE

|Johnson+, TACL'17]

v 2 —2J)LOBHENIER (many-to-manyE3-)L)
o HIEDOPRBIRIRZNIT D ET. EEBRUTULWRWSENIC
DWTHEHERD (HB1EE) wlEE(C
- ) H2R., EBI2ROHFFEITDE. HSFEOREERMNTESD
o »BDEA VT (CDIHEREE) HMPILE UIEAERE

T a—% Ta—4%
English English
Japanese Japanese
Korean Korean

https://ai.googleblog.com/2016/11/zero-shot-translation-with-googles.html

@ Johnson et al., “Google’s Multilingual Neural Machine Translation System:
\ Enabling Zero-Shot Translation”, Transactions of the ACL, 2017.
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Many-to-many €7 JL DRI HEME

» NILFAD « NILFIRXD

y DI (S, éﬁéﬁ@%ﬁU?4-@XU%ﬁ%?%
T FRIR Z &

» XNGEERES - X@%E@KWF@FEWO

b WL
== e
ST 3
e e g A horse on Un caballo Un cheval  Ein Pferd auf £ 2

a beach en una playa sur une plage einem Strand ﬁ

universal sentence
representation

& - e

Ein Pferd auf

A horse on
a beach ! | .% einem Strand
{p Schwenk and Douze, “Learning Joint Multilingual Sentence Representations
with Neural Machine Translation”, In Proc. of RepL4NLP, 2017.

38



=P/

y 1. BDNEFICHITDIEE

y 2. NILFTE

SV (D

SR

/(-

~TJ— 2D DL

g s 535

——4)L) E

=7 B

- IT>—4 - FOA—45FEFILENILTFE—H)LEXIR
- One-to-one 9 X

- Many-to-one 9 X7

- Many-to-many F X720

» 3. RN

- EffERNTELIEEOS 3y MERERER

@»

39



HffziENE L=Eas 3y R

[Nakayama and Nishida, 2017]

Ellﬁl

y —RASEYIRTGA y IBEE (BREFRY M)
(e EFEY) c BRI EDE—FEERF AL FDH
o AR\ LILO—)IX - Webh o B85 ICUXE R 8E
MnE

mm

S
h<

Nakayama and Nishida, “Zero-resource machine translation by multimodal encoder-decoder

network with multimedia pivot”, Machine Translation Journal, 2017.
4 b Funaki and Nakayama, “Image-mediated learning for zero-shot cross-lingual document retrieval”, 40

In Proc. of EMNLP, 2015.
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HArIEZL 1

y V—REBLBEFEYILFE—HILZERBLT
oA A

Xk BWEDRBZE-ST Source language encoder RNN
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HArIEZL 1

y V—X=:8

Bz <L FE—FILZEFBLT

oA A

BULNEDBEIZEST
(ARY N3 % 8

Source language ef]

Xy

NS
s s
T = {Xkazk}kzl

Pair-wise Rank Loss
[Frome+, NIPS’13]

{ }S( ) . Similarity score function

£ =3 Y maxl0, a-s(£°(z) £ (x, )+ o2 (2 L £ (x, )]

k ik ( \ I
Margin _
(Hyper Animage  Pajred Negative
parameter) text (not paired)
text
o U
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Source language encoder RNN
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» IAPR-TC12 [Grubinger+, 2006]
o Z RO TS 3 AT ER

Elz a photo of a brown sandy

YARN peach; the dark blue sea
with small breaking waves
behind it; a dark green
palm tree in the
foreground on the left; a
blue sky with clouds on
the horizon in the
background;

ein Photo eines braunen -
Sandstrands; das dunkelblaue
Meer mit kleinen brechenden
Wellen dahinter; eine
dunkelgriine Palme im

: Vordergrund links; ein blauer
| Himmel mit Wolken am Horizont

im Hintergrund;

» Multi30K [Elliott+, 2016]
> W=PROFBF+ T3 AFTES

y SUANCT—HEDT. EOS 3wy bOIRRENRZ T
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Topology | Training Strategy | Decoder training [APR-TCI12 | Mult30K
De — En
3-way end-to-end image 24.3(17.2) | 18.1(3.4)
3-way end-to-end description 26.2 (19.8) | 18.9 (4.2)
3-way end-to-end image + description ||| 26.7 (20.2)| | 18.7(3.9)
Data Size [APR-TC12 | Mult30K
De — En

HERFFEFEE [ 9000/14000 || 47.2(425) | 245(9.8)

(FEAE{E) 3000 32.9(26.5) | 18.9(3.8)

2000 29.2 (22.6) | 17.7(2.8)

1000 25.6 (18.4) | 16.3(2.2)
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Attribute, counting errors

ein  dunkelhautiges madchen mit lan-
gen schwarzen haaren und einem blauen
pullover steht an einem braunen ufer im
vordergrund; ein dunkelblauer see dahin-
ter; weifle wolken an einem blauen himmel
im hintergrund;

a dark-skinned boy with long black hair
and a white sweater is standing in a brown
shore in the foreground; a dark blue lake
behind it; white clouds in a blue sky in the
background;

(a dark-skinned girl with long black hair
and a blue pullover is standing on a brown
shore in the foreground; a dark blue lake
behind it; white clouds in a blue sky in the
background;)

eine frau in einem rosa kleid halt ein baby.

a yvoung in a blue shirt is holding a baby.
{a woman in a pink skirt is holding a baby.)

drei manner  stehen auf  einem
siegerpodium mit einer gelbblauweiflen

wand dahinter;

a men are standing on a podium with a
yellow, blue and white wall behind it;

(three men are standing on a podium with
a yellow, blue and white wall behind it;)

ein blondes kind schaukelt auf einer
schaulel.

a little boy 1s on a swing,.

(a blond child swinging on a swing.)

Gramatical errors

eine braune berglandschaft mit einigen
schneebedeckten bergen;

a brown mountain landscape with a snow
snow covered mountains;

(a brown mountain landscape with a few
snow covered peaks;)

blick auf die hauser einer stadt am meer
mit grauen wolken an einem blauen him-
mel im hintergrund;

view of a houses of a city at a sea; a clouds
in the city sky in the background;

(view of the houses of a city at the sea
with grey clouds in a blue sky in the back-
ground;)
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