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(c) Movie QA i|O[E A GflA]

AD: Abby gets in the
basket

Mike leans over and sces
how high they are

Abby clasps her hands
around  his
Kisses him pas

Script: Aftera momenta  Mike looks down to see
frazzled Abby pops upin  they are now fifteen feet
his place above the ground

(b) MPI-MD Ei/O/Hﬁ’ t)#;k/ ;

Vertical
Filter

Entities

[v

(d) YouTube 8M Ci|OJEI A 0flA]
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gul} 7H(F SWeE & 259 H|Y . URL} H|H
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e}, ol 7|EY Axz I ERE AT
Sports—IM oA E e Z 59| Hlo[gfAlo]
o}, E3HHH Qo] et A3 H wAIE E7] Sidl
23 MovieQAT PororoQA H]o]ElAlo] )t}
MovieQA+= 140711 J3}o] HlH @ S5} J3} 4
N, 22jaL At HARZ o] AFHE|AL 5} AR o
e A3 dlolezt oF 7 AN o] Qi
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AlexNet
4M FULL CONNECT 4Mflop
16V | FULL 4096/ReLU 15y
37M FULL 4096/RelLU 37M
MAX POOLING ]
442K | CONV 3x3/ReLU 256fm | 741
1.3M | CONV 3x3RelU 384fm | o4
884Kk | CONV 3x3/ReLU 384fm | 140m
_ MAX POOLING 2x2sub
307K | CONV 11x11/ReLU 256fm | 2231
. MAXPOOL 2x2sub
' LOCAL CONTRAST NORM |
35k | CONV 11x11/ReLU 96fm 105y
parameters FLOPs
(22 3) AlexNet 22/0| 2X&E
y =Sk bty (1)

Convolution layer Max-pooling layer

Fpatureﬂmpg Input for
next layer

Features maps

Input image

EAJs}el EF3HActivation and normalization):
A9 2ol Ad wp ol &A%} 3h ReLU

(4] Q)2 AHB3I9 T8} R4 ()= A

S Aol gL s,
F(x) = max(0,x) @)
min(N-1,i+n/2)

blyy=a'ry/(k+a (@2))* ()

Jj=max(0,i-n/2)

re
i
ol

e

2 (Fully connected layer): 442
2 Ak QJIFAHY Fxep o o] g

o AAEO] softmax B ol o= 25

= —
o AQJete], tof AAHE FEO| sh5S

= =
AH o FYAIT TR WAk A

ol 7197

L — R

grille[ | mushroom ?1576« monkey|

pickup Jjelly fungus K titi

beach wagon gill fungus Indri|
fire engine| dead-man's-fingers currant howler monkey|

(28! 5) ImageNet 0[0|X| 22 Z 1} A

AlexNet-2 2012 ¢f| ImageNet o|H|Z] &
SlofA HeA oz S5t o] % i3l
A= CNN&| thefst Mg Rdo] Wit o] 4%
S FAAIATE GE Dol AlexNet, VGG—Net[7],
GoogLeNet[8]7 ResNet[9] a2 A 2|5},

ZL oJulA] et A4 EAlA 2o s

2017918 15



16

Jm

A gelg 7SIl 7le

RAM Buf{erl RAM ReLU

S T

1

0
8
6
4
2

10 5 5 10

F(x) = max(0,x)

Kernel

(T2 6) AlexNete| 78 LA (HERN , 243t gt

Z2/ Dropoute| A& E)

AlexNet 2012 8 16.4% + 5 11,5,3 3 4096, 4096, 1000 + +
VGGNet 2014 | 19 7.3% + 16 3 3 4096, 4096, 1000 + -
GooglLeNet | 2014 | 22 6.7% + 12 7135 1 1000 + +
ResNet 2015 | 152 3.57% + 151 7135 1 1000 + -

DA: Data Augmentation; FC: Full Connection; LRN: Local Response Normalization;

S Hol= gy 2E-2 ResNet(deep residual
network, %l-i}”OP)O]E}_ ResNet&- Al7m}o] =

o] Zo A x5 TR PR EZ
o] AQgh 22} Fx)E +

4% o5 l
wotol(o2] AR S22 79) +F(X) e 2

| weight layer I

lrelu

I weight layer I

F(x)

X
identity

F(x) +x

relu

(28 7) ResNet®| &It at& £l =43}

16 &t ojc|of M2H 15

Lok
rr
>i

= 7P B ShEsto] A2 sk Aol 7t
58 =t (& 2)& ResNet& 0]%’6‘}@
ImageNet H|oJE|Alof|A o|n]z] £ A4S

3 Atolt}t, ResNet 20151 9] O]U]Z]Lﬂj’—}
Microsoft COCO th2] 2] gx]e} 2a] Fofof A -
SIAT.

(H 2) 20154 ImageNet 28 Als! Zo}

Method Top-5 err. (test)
VGG(ILSVRC'14) 7.32
GoogLeNet(ILSVRC'14) 6.66
VGG(v5) 6.8
PReLu-net 4.94
BN-inception 4.82
ResNet(ILSVRC’15) 3.57

oful A 44 BA): o]ulx] EF £A4) o] CNN
20| EOFE H3H S8 Hohe ofu]x] 4]
ok, 252 o]w]x] Aol A4S W Gl ThiEA

o] 1E.8 GAN(Generative Adversarial Network,
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The flower with round yellow petals. * . . .
Discriminator *
v  J
.

. false
2 - Generator

. P
noise (or latent variable) &
s

512
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8 32 =
ﬁ ------- - 5
Stride2 16 3. Stide?

33
Project and reshape CONV 1

CONV 2 CONV 3 64
CONV4

1024

(12 8) GAN 22/o] BA
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Sim(h™) = Dist(h™)/|h™| 6)

W= C'%2 muA| m=of AZAH slo|mof|x]
(hyperedge)] F|gHo]al <= Dist= of| ] Alol&
ol 928t Aglo|t}, Sim(h”)7} A 7S |

& W leEe TR deAA | 25 A g



TV E2iop O AE2| BAM gald 71E 19

1%
3

In
1o
5
M
_\-1"_1‘
Hel
PN

Hajol o3 g}, C*
of f5E C'5ate] A2
= AW (Scene)ol 2Jal A

Fo

o flo o rlo
ol lo
o I
Ay
£ o
RN
l 2

(i
o

- AT B]t]2.0] vi7Y ofu] 4 ~xhep A
QJeiste] Hafolulo) shgbgolA] £HA 0w

1204 ool Adwe Bt Bl o ang
PABHEA SR dlo]xI2k 20 o3 ol

oful A2}t 42 eflol =i,

-1 o2 d

~

o)

P.(e, & cl|r,w,c?)

_P(r,wle,a, ¢!, c®)P(c?|e, o, cV)P,_; (e, a, cb) (7)
- P(r,w,c?)
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recursive neural network, CNN-RNN)[18]& %]-&-

s1ct, vl=k TV =2kt ‘Friends 9] 5391% % 61
o A= ofm|A| F 600078 =Rlste] kRt At
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LR YL AP $AE E
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Concept Layer 3 Abstract
Multiple
Coneept. = Q O ConcepILayerZ
Layers
K nHBE

Sparse
Population
Code Layer >

Microcode
Population

Observable Variables
(Patches, Words)
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Scence matchingCNN Joint Sen;lence;jleve\
imageCNN representation / representation o ranking list
4096-D " a " 4800-D ’A/ﬁp
______ _'______________l_f—___ e — - Output
| Sentence™ 1 sentence
| Scene image Sentence list wordzyei representation ‘ 1
L Oh n, shewort tell us... £/ o S e .
:' lj ‘ gl etierd ael) — | Word-level 7+
| e | £ youmade pasicalase?, [ ranking list ||
| V; A = I Vector similarity |
| Word (s)—+ -
Image patch DHN representation Word i
| v, B —— [ ] 7] Encoding-Deccding [T [______| —» w,(pancake) I '
: R e— : — ) :
| — ™ | B
! R " g oy | |, [ w(book) !
e e e e e e e e e e e e a OOGER . o e o s TR e e e e e ) I
Sentence Score
Morning, hey, you made pancakes? 3.33
Who wasn't invited to the wedding 0.51
You have the most beautiful eyes 123
(28 14) HC|2 AE2|0f Cfat BARZ Z4 24 oAl
V. Qo A= £o) 44 48 AlE aosign el 716
whah A 5] AL v oo 2 g
& oA = HH L 24 S 915 ti- 8 vl F HolEE E4sk=dl 712l vigo] =it
oo dlolednt A Hald 71 A B olejs B uio R ultle AEe|o] sk
o), vl 20} 28 tERg ol g Bes] ¢ Bagh dojs Xk 4A FRod AR 7|
3t A 7 AolA e 7 Fal Ats W, eRk Hup FAAS] & A7 S Us
& APshal & AR TV Bt 24 995 0= 7 e
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