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% Multimodal Representation
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How to narrow heterogeneity gap?
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% Joint Representation
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% Joint Representation
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% Joint Representation
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% Joint Representation
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% Joint Representation Application

Multimodal Compact Bilinear Pooling for Visual Question Answering and Visual Grounding

Multimodal representation leaming= ZH&3H Visual Question Answering(VQA)1} Visual Grounding task =24
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< Joint Representation Application - Task

Visual Question Answering (VQA) : O|0|X|2} O[O[X|0f| Cifet &= (Question)O| =01 E [, 51 E 2Z0f| &= SHHE
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% Joint Representation Application - Task
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% Joint Representation Application - MCB
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% Joint Representation Application - MCB

Multimodal Compact Bilinear(MCB) : 7|=2| 2|& -2 0|83l Z2tSh= multiplicty approach 2412 THE-Z T4
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% Joint Representation Application - MCB
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% Joint Representation Application - MCB
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% Joint Representation Application - MCB
Muttimodal Compact BilinearMCB) : 7| =2 2|8 0|83l Z&tSH= multtiplicity approach 2H419| EHE-S 744

Q| 0f| Count Sketch projection function (W) = F{oH O 22| ARt ALt AlZtE HZ

-~
P(x ®q)
= Y(x) *¥Y(q) (= Convolutional operator)
:Phamandpagh (2013) AN S
= FFT1 (FFI'(‘P(x)) ©) FFI'(‘P(q))) (©®: element — wise product)
\
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% Joint Representation Application - MCB

Count Sketch projection function(¥): HIE{2| XIS HEISF= &= (x e R* - ¥ € RY)

4 N

P(x)(x ER™ - ¥ eRY) 1 24

v s € {—1,1}" : indexBIC} -1 or 12 7HX|= HlE] s
v h € {1,.., k}" : indexOf OfCt 1~k77tX|2] &= & SILIE 7IX|= HIE| h
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v h € {1,...k}" : indexOfl DT 1~k7HX| 2] 4= F BHLHE 71| = BlE{ b

(s, h = uniform distribution ] T2} BHES1A| 27| 2}
v ¥ ={0, ..,0}* : index0l| OFCL0 442 7HK| & HE &'

% Joint Representation Application - MCB > O[] = [l + 0] & 588101 - ¢ 2 98

«  Count Sketch projection function(W): HIE{2| XtalS HEH|TF= &= (x € R* - X € R¥)
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% Joint Representation Application - MCB
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% Joint Representation Application - MCB

Count Sketch projection function(¥): HIE{2| XIS HEISF= &= (x e R* - ¥ € RY)

/ P(x @q)

= Y(x) *¥P(q) (= Convolutional operator)
:Phamandpagh (2013) 0| M 3

= FFT! (FFT(‘P(x)) ©) FFI'(‘P(q))) (©: element — wise product)
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< Joint Representation Application - 2& F+X
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< Joint Representation Application - 2& F+X

«  MCBE AA Attention mechanism= S5l 4ot O|0|X| representationt =X| representation= Z22HSHH 300074
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% Joint Representation Application — &% Zu}

-

«  M(B pooling®| LI joint representation 2HHES0] HIsH £2 d5= E0|11 JUS= =40l

VQA Visual Grounding
Method Accuracy Method Accuracys %

. Plummer et al. (2015) 27.42
Element-wise Sum 5650 Hu et al. (2016b) 7 27.80
Concatenation 57.49 Plummer et al. (2016)" 43.84
Concatenation + FC 58.40 vRval?rgb ! 1‘;‘1' (2?13)016 j;g?
Concatenation + FC + FC 57.10 ohrbach et al. (2016) -

: Concatenation 46.50
Element-W{se Product 58.57 Fletictmie Prodist 1741
Element-wise Product + FC 56.44 Element-wise Product + Conv 47.86
Element-wise Product + FC + FC 57.88 MCB 48.69

|MCB (2048 x 2048 — 16K) 5983 Table 5: Grounding accuracy on Flickr30k Entities
Full Bilinear (128 x 128 — 16K) 58.46 dataset.
MCB (128 x 128 — 4K) 58.69
Method Accuracy, %
Element-wise Product with VGG-19 55.97
: Hu et al. (2016b) 17.93
IMCB (d = 16K) with VGG-19 57.05 Rohrbach et al. (2016) 2693
Concatenation + FC with Attention 58.36 Concatenation 25 48
MCB (d = 16K) with Attention 62.50 Element-wise Product 27.80
Element-wise Product + Conv 27.98
Table 1: Comparison of multimodal pooling methods. MCB 28.91
Models are trained on the VQA train split and tested )
Table 6: Grounding accuracy on ReferltGame
on test-dev.

dataset.
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< Joint Representation ZTHd
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% Coordinated Representation
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% Coordinated Representation

Cross-modal ranking : &2 O|F+= CHE modality2t2| similarity= =5, 0| Ol CHE modality2}2] similarity-= &t

T2 o

rankloss: Y., > - max(O,a —S(v,t) + S(v, t‘)) +X - maX(O,a —S(t,v) +5(¢, v‘))
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% Coordinated Representation

Cross-modal ranking : &2 O|F+= CHE modality2t2| similarity= =5, 0| Ol CHE modality2}2] similarity-= &t

T2 o

rankloss: Y., > - max(O,a —S(v,t) + S(v, t‘)) +X - maX(O,a —S(t,v) +5(t, v‘))
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% Coordinated Representation

Cross-modal ranking : &2 O|F+= CHE modality2t2| similarity= =5, 0| Ol CHE modality2}2] similarity-= &t

T2 o

rankloss: Y., > - max(O,a —S(v,t) + S(v, t‘)) +X - maX(O,a —S(t,v) +5(t, v‘))
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% Coordinated Representation
Fudid distance : &2 O|F= A2 CHE modality2| representation vector? 2| 2| & X| A%} Sh= H|Qf

distanceloss : ¥’ ¢ pll v — Tetl| (T’ — transformmatrics)

£ B |

a ) / a He= ) /‘ a ) /‘
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Coordinated Representation Application

Deep Visual-Semantic Alignments for Generating Image Descriptions

Multimodal representation embeddingS =F&A|7]12, O]= Image Descriptions0i| 2&

Multimodal representation embedding®i| O|B|X[2| 58 F&1t =&2| tHO{= ArO|Q] 2HA|IE 18]

coordinated representation 2412 A&

Deep Visual-Semantic Alignments for Generating Image Descriptions

Andrej Karpathy Li Fei-Fei
Department of Computer Science, Stanford University

{karpathy, feifeili}@cs.stanford.edu

bouquet of
red flowers

Abstract

glass of water with
ice and lemon

bottle of water

We present a model that generates natural language de-
scriptions of images and their regions. Our approach lever-
ages datasets of images and their sentence descriptions to
learn about the inter-modal correspondences between lan-

3 s X dining table
guage and visual data. Our alignment model is based on a with breakfast
novel combination of Convolutional Neural Networks over items
image regions, bidirectional Recurrent Neural Networks plate of fruit
over sentences, and a structured objective that aligns the
two modalities through a multimodal embedding. We then banana
describe a Multimodal Recurrent Neural Network architec- slices
ture that uses the inferred alignments to learn to generate fork

novel descriptions of image regions. We demonstrate that
our alignment model produces state of the art results in re-
trieval experiments on Flickr8K, Flickr30K and MSCOCO

a person

datasets. We then show that the generated descriptions sig- Figure 1. Motivation/Concept Figure: Our model treats language
nificantly outperform retrieval baselines on both full images as a rich label space and generates descriptions of image regions.

and on a new dataset of region-level annotations.
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)
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—
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% Coordinated Representation Application — representation embedding
o oH¥OZ EXSH= imagel| EY=1t 0|2 M= 28 TS 22 representation vector 244

+  Step 1.image representation vector= 0]0] 200712 dass0i| CHSH 2+&%! RONN= 2HEdf| A4S

-

Step 1. O|O|X| L{O]| ZH&|7} EX{E2FSH bounding box 01|

Data Mining b |
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% Coordinated Representation Application — representation embedding
« o2 EXSHE imagel| FAHS1} 01F BHdt= 2& HOIEE 42 representation vector ‘4

+  Step 1.image representation vector= 0]0] 200712 dass0i| CHSH 2+&%! RONN= 2HEdf| A4S

-

~
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UNIVERSITY o‘.‘. Quality Analytics 48

Step 1. 24K 7} S 2HE0| =2 £2| 19712 bounding box, 214 00| X|0j| CHs 0]0] SH&El CNNS S5
4096 A3 HE| 478

)

®

®

CNN  |o
®
&
[CNNg,(I)] /
,,,,, {:



How to narrow heterogeneity gap?

% Coordinated Representation Application — representation embedding
« o2 EXSHE imagel| FAHS1} 01F BHdt= 2& HOIEE 42 representation vector ‘4

+  Step 1.image representation vector= 0]0] 200712 dass0i| CHSH 2+&%! RONN= 2HEdf| A4S

4 g )

Step 1. 2= bounding box2} Z4]| 0|0|X|0f| CHSt 4096XH2! HIE{S h X2 representation HIE{ = k|

CNN

(00000)
~
S
=
g
=
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% Coordinated Representation Application — multimodal representation embedding

o BHEOZ EXSt= imagel| U=1t 0|2 HYHSH= 22 THOl=2 22 representation vector 2484

«  Step2 &% L BFO{S0]| CHPH representation vector= BRNNS ZH24f| ‘44

4 * | N

Step 2. =& L THO{S0]| CHSH h X1212| representation vector 444

P20l Al MEEI hidden state vector M & 25+ 248t

Ok
o
ht :2IZ22 hidden state vector T

h{ : QEZ O 2 hidden state vector
Xx; :word embedding

woman is holding a fork with tomato

= /

KOREA Data Mining |
UNIVERSITY o‘.‘. Quality Analytics 50 R




How to narrow heterogeneity gap?

< Coordinated Representation Application — coordinated representation <t

=

«  Step 1.image-sentence scoreE T017| :imagel| £78 YL=1t 282| THol= ALO|Q| 2t HEE scoreZ £0

/ image-sentence score Sy; = ZtEgl maxiegkviT S =

RCNN

000000

\ woman is holding a fork with tomato /

Data Mining
KOREA ..:..

UNIVERSITY Quality Analytics 51 N




How to narrow heterogeneity gap?

< Coordinated Representation Application — coordinated representation <t

¢ Step2 W2 O|F= imaget 2&7+2| image-sentence score”t A== A2+

Loss function = Y, [, max (0, S;; —

+ 1) + Zlmax(O, Slk + 1)]

WS O| 2= image?t =&t
image-sentence score” |
= 0|2t 71

!

71E4=Z |oss functionO|
ZIOFK| =& X|2F

!

U2 O|F = imagelt &
22t similarity7F 2
common space SH&

\_
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How to narrow heterogeneity gap?

% Coordinated Representation Application — embedding result

« 259 multimodal representation2 £ test image=0il EHSH Image-sentence scoreO| 7H =

[ Ry |
«  Zf bounding box OIC} 7+ =2 scoreE E Q1 FHOHE HA|
0.41 person 1.31 dog 0.26 man
0.61 rides 0.31 plays 0.31 playing
3.34 elephant 0.45 catch 7 1.51 accordion
-0.06 past -0.02 with -0.07 among
N o/ 0.21 shop 0.25 white -0.08 in
1.62 ball 0.42 public
-0.10 near 0.30 area
-0.07 wooden
0.22 fence

Figure 5. Example alignments predicted by our model. For every test image above, we retrieve the most compatible test sentence and
visualize the highest-scoring region for each word (before MRF smoothing described in Section 3.1.4) and the associated scores (v} s;).
We hide the alignments of low-scoring words to reduce clutter. We assign each region an arbitrary color.
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How to narrow heterogeneity gap?

% Coordinated Representation ZTHd
o : Modality-specificet E82 EE 5= ULL (2 modalityOl| CHSH 22| E representation= St 71Hs)

- B 270 20 B2 moddity?| EXors EF M%E 82loks A0 Ofdt=E

A
Space
@ Modality1
Modality2
[
o
\ Possible!!
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How to narrow heterogeneity gap?

% Encoder-decoder Representation
*  BIt2| modalityE CHE modality2| representation space®| OHE
*  Encoder : source modality -> latent vector

Decoder: latent vector -> target modality

Image ~ = Text
° ® 4 ) N
) © ®| | eig iy
A\ o Encode Pecoder @ ' "2z auLy
\J \J —
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How to narrow heterogeneity gap?

% Encoder-decoder Representation

" argmax

« O[0XZRE 2YS SIHHE, o[0|X|7F F=0ME [ ol Sdts 80| ddE =HE0| 7F 7R == encoder

2t decoderE st

Image N N Text
° ® é ) N
y o ®| | emis e
A\ o Fnode peder @ 1 1z ayy
\J \JAN y
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How to narrow heterogeneity gap?

% Encoder-decoder Representation ZTHH

« 7 source modalityS 285109 target modality2| ME22 HE 4 7Fs

« CHH:encoder?t decoder 25 Al F SHLIAE QIAE Ths

-

Image /.\ r.\ e N Text
y @ @ | 23 HHY? =
Encod Decoder + _ P — 2=
A\ o " o 2z wLp
[ ®
o L Ih— =
Text e N\ r.\ Image
= | coie upyr| (@
I_:l.t;a"a':é”-l? ->. + Encoder Decoder —
" —— \J

\_
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Conclusion
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Conclusion

/

+» Conclusion

« %2 modality?te| A2 H2H HE ZFE 7SI Sh= mutimodal representation vectorE ‘4435t &-&5H=

G177} 20| T T §

0jo

«  multimodal representation vectorE ‘d435H= 2H0l= 3A MZ7HX|7t U=
«  Joint representation 24, Coordinated representation 24!, Encoder-decoder &410| Z=X
o MZHK| EAo| HEFEE & 121510 210X} 5h= taskOl| Hglet HAlS 28%t= A0 F2

o X2 o] HAS SA|0f| ALEBHA] representation vectorS: 5= RIS E M7ALED =0, O|MEH Y2

[ Z£-2 multimodal representation vectors 4445l2{= A7+ 2HsHA ZIdE Ho 2 B¢l
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