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017k 8 ol EAlo Fol¥ 2HS B ¥4 Ao DRI Ao FAXE =g F
°oF AZE HE FHoR TA FE HollA dAT oY AAE HAst olF £l WY
o2 yaAE FotyAY ddste 8-S werh. olgd 1A I FAS JAFA T Al=E
S Ested ol FAAH e v F24 dolE (unstructured data)2HE I JHAE
(object) ¥ 1E3Fe] #Al(relation)ol] didl] FE3h= 58S Foste zojgta & = vk, A=
7hA Held (deep learning) WH-E 723} HA & HolHERH EAE A5t dAHT WK

S PSRN, WA o g A7) BAE 1A &al o] E Fa gt

o owxd FEIER Ze voHERH His #A FES Fdste A4 T (deep
neural networks)e #AFE(relational reasoning) A|Z=ZE olafst=d 7|HE w3k HAZHS
HolFa . 1 A HAlE #BAFELS 93 dd AAY EE(A simple neural network
module for relational reasoning)?l RN(Relation Networks)o]il, T+ WHAl:= Alztd #zs 7]‘1}0
2 A v AHE dSss B8 2249 VIN(Visual Interaction Networks)olth. 2
& FYste= ole ”z*lﬁm(deep neural networks)< M-S A (objects)9} 1E9] %ﬁ]
(their relations)ts= AAR Baidtal, A7 %W (neural networks)o] JFAH o 7= wj$ & Kol

f
]

ARt FEAoRE FEUAS 2= sl diste AAS dAlRs A= 2 (combinations)
AWt = Qv ZYd 2 Y (powerful ability to reason)S HF48 & Jote & 1

°
o3 Ut}

2 =dAE 3 FES FdstE 52174 % (deep neural networks)Z el A Sort-of-CLEVR
tlolE Al(dataset)S AH&3o] RN(Relation Networks)e A4 Ad 2 #F) Bded, ¢ y
o}7} w}2}w| g (parameters) F'd< E3Fo] RN(Relation Networks) =@e] A% NAHWHLS AA S}

of Bk

Ja: W mAAoeltt. e} WEo] ofze] F

WAl AT 2o Age osh g AR

- = X]'E;]—X] o]-L—q_\__ = 0]1“4— o] 81 5 7\1_1?_01] EH
o Al = ]—Z_\_ . o 57 T =2 10 N . W =
Answering)ell 2lo S %(deep learning )¢ # 5 gARe Dol

(question), ©]7]=](image) %
H g2 dely  Al(data AaAoz AN 2= =7

AN
reasoning) . 2M Az T2 A
sshe AL swse Aol wAFE
o = reasoning)< A5 (intelligence)?] 7]¥-%
Tﬂ% = 7};3@
%! e ==

o)

mm

Hm

o ofehel A WA Axle]
S S S ol e 4
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kel BAE ol
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(28 1) 71 VA vs BAFE VQA

olof Yulel=(DeepMind)olA+= o]&3 TA F=
(relational reasoning)S & 4 & RN(Relation

Networks)< 7H2tslsich. RN (Relation Networks)-=-
e, thE mde] HA Y ¢ da, fFdg
WA FEZAR S-S & F AT RN = N ¥} LSIM
¥ Agtete]  AlZbrIRke] Heolew A (Visual
Question Answering)oll tisiA AL 3 Ay, 7|E
2d2 76.6% ©lste] HeS, AFHS 92.6%, RN =
A&3k mele 95 5% Aol vgkt).

=8 Sort-of-CLEVR ®lo]El Al(dataset)<
& RN(Relation Networks)®] A%< Ad % =z
= ZlolH, ¢ yolrt stebr|E (parameters) 4
%3}o] RN(Relation Networks) R@e] A% /R4
HS AAE] Bz sk,

ol fo & O rjz

2. RN-augmented Visual QA architecture
RN(Relation Networks)< CNN I} LSTM 59 R dlof A

o] ¢S <Qly wo} AAZ =Zala 2+ AA 7

AAE F23}, oy 2FL F AA 7Y BAES
sk&5sk 4= 9l= CNN(Convolutional Networks),

LSTM(Long Short-Term Memory) Z12]3x RN(Relation
Networks)©] Z3t% end to end neural network =&
9] o}71 ¥ (architecture)©o]t}.

(¥ 2) Visual QA architecture using RN

RN o] 7|42l o3 Zo. 0 = #AE ¢ 4
o3} object & 9n|dlt}t. g0 &= 3 A9 object =
AdHoZ wolx AAE =F e FF= 3 9
AA| Afele] #AAE ALetE v HAEEOLP) o]
. ¢ & EE g0 FAE FHoto R HF
=88 AAtsteE oS HAESZWP) otk
(29 3) RN(Relation Networks) =2

RN(Relation Networks): 3dtye] =REEZA (W
(Convolutional Neural Networks)®}  LSTM(Long

Short-Term Memory)oll Z&1<l = &= git}.

CNN & HE vy 'ZAA (object)'<} LSIM = H¥
2 WY (vector)E Ab&3ste] #AY UESZE st
sty Al (relation) & €l A2 7F A (object)
2o LSTM o] FE #E (question vector)et HA 4l
Al goo] fdH oz ALEHT.

g0 2 =Ho] FHA tE AALS fpo YHo=
AREE AL, fo e HEol digh el s A ste.

(13 4) Relation Networks conditioned using LSTM

3. Sort-of-CLEVR =H|el RN 2 & M= Ajfsd 3 &
RN(Relation Networks)S =3k t}okslh
B =R A= Sort-of-CLEVR E=H]91S A}

|

2deo Ao Ad % #FES & & Ao
o}7} shebv|E (parameters) F'd< &3Fo] RN EEe

e MANHEE AAe Bzl Fo
Sort-of-CLEVR < CLEVR 9] taa3hel wdom 747}e]
ofm=Jell 10000 7He] ofw x| ek 20 7} €]
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BAE AF-relational question ¥ 10 7H9] B &A
3ol AT- non-relational question) &2 FAH

dio] e} Aot}

Sort-of-CLEVR =w|1& A& RN A5 Ad 2L &
7‘<L Dtﬂoﬂ}\ll‘——
A3l (optimization) WS AFE3ISY. Ad =
A= aA Xqﬁ‘@r(batch normahzatlon)-@r cEo
(dropout )& AH&3te] W I (overfitting)S A
sholaL, H#e] mi/MsE 27] 918 Adam & AHE-,
3lo]s w}ebu]E (hyper parameter)®] HeS BHA o
5 BAREE AeHer 2483, RN o] gl
= CNN + MLP & baseline ©2 A4 RN o] ZAgH
nely g5S vlaste] Htth. A5 Hlale] AR&-g
% #AY (relational ) A& / ¥]&A3 (non-
ional )&Eolets F 74 F39 dwo=
Sort-of-CLEVR =H|1S AF&3F RN Ed&

=

wRoM 4% AA W ¥ A oest 2o

R 1> Sort—of —CLEVR A% A3 ¥ I 33}

CNN + MLP
(without RN, 50th epoch)
-batch-size:64,

learning rate:1e-4

Relational Networks
(20th epoch)
-batch-size:64,

learning rate:1e-

Do
AR

RN o0&

Relational question 87~90% 71%

Non-relational question 99% 63%

I

= %%Oﬂ’ﬂ% E}Oc}f& A3t WS A8k R ELU
° /‘3%“ #Z oo FHvy FYS F3 R
AlZs] Bt Fyel /\}%
-‘L}lﬂ'U]FﬂEL ba ch size ¢ learning rate & A3}

o ﬂllo ok
32 o &

=

-|0" ELI_E EI:-II A-I'— |;||

= sk ol A A ElshA] R

AP FS EolyH dHolHE d&F AHest=dl, olE
wj 2] Abo]Z=(batch size)2Fal $HC}. batch size Z7]
7F Ui fow 4 A o @2 Wslrh wAs)
I training loss =FA1o] o] wpHlt}. batch A 7|7}
Uy a9 w &7t B8 A A training ©] Y
@A MayHEt, b A A3 batch size 7 &
stobar & 4 9l

4. Batch- size &

nAge 4ge

A3k batch size & 27| #13] oA RN A5 Ad
2 BHZo| A 83 Sort-of-CLEVR dataset X
( bs: 64 ) ™H] batch-size & + ®l( bs: 128) =
59 #AE A (relational question)™} ]Jrﬁﬂﬁé
A& (non-relational question )ol thdt &S v

A wmaket.

o)

HAE A (relational questlon )2l 4% learning
rate le™* 7]% epoch ¥ A%<
batch size 7} & A-5-7F 22 A5 vl&] E<Hg sk
ASS B, 20 o2 AAF epoch ©]
batch size & 64 = AA3s 2L 90%9]

AANE, 128 2 AAS mule 8499 S HoF
A},
(13 5) batch size &g W& AAH AF| of

3 RN (Relation Networks) E€l A% A= A}

b\ @AY A E(non- relatlonal questlon)oﬂ s
&A1= learning rate le™* 7] epoch ¥ A%< ¥

3 2 A3 batch size 7} FA AAHE mdo]
batch size & F WlZ AA3 EAHT} epoch 4~14
7FA ] el A Adsel =A YUskARE, 20 o= A

A3k epoch o] £\ A¢ %{r%_ & XH batch size &
64 = AT el 128 2 4YF w9 mT o9kt
= E2 A4S HoFEA.

5. Learning rate A&ol| w2 2 Ms H|m
ANAT shFe] BXe EASRE Fol= Zlolt, u}
oA Al A A ?‘z,’\o]]/\i gt<E- (learning rate) %ol
T8tk o] Ftol YiF o g5 Algko] Y A
AXA ALY A=A @i shol Euta, HHgE

Ui AW #ikste] &
Eq—F/]-/ﬂ x—]x%a]— [ e= ino] =Q
ES 3] 98l oA RN A Ald 3
3k Sort-of-CLEVR dataset =@ (lr: 1le™) th#]
learnmg rate & 10 9] (1r: 1le® ), 100( Ir: le™ )wj

2 59 348 dFE(relational question)¥} H|#7
& ZF(non-relational question )ol w3+ Ale&
Hl 3L A 8] BQkT),

shge] ATl ol FA A ek
astth. 449 o

EUN R |

AAE ZAF(relational question )<
size 64 7] epoch ¥ A%E W 3
learning rate 7} le™ ¢
o] 3931, learning rate 7} le® Q1 A9 Zw
A SEkxwk epoch 13 9 ASES
learning rate 7} le™ ¢ ALK %o i =4
vk 20 o2 A3k epoch o] ¥ A5 AHE
B learning rate & le? = AA3 nao 31%«]
TS BHYar, 1earn1ng rate & le” o2 AA3
dle 93%2] A%5S, learning rate let o= *.—_;!Xé
A3} 87~90%2]

=
=
3 wEe F owe 4Ee W 2

A5E HolFr

vt BT A ZAF(non-relational question )¢ 7
batch size 64 7|5 epoch ¥ A&T<S Wl 3j E

7} learning rate 7} le? €1 A9 ZuWkR T} epoch
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A A= v g Fe S HoFQa, learning
rate 7} le® 91 A% Zwrol tha WEAITE epoch
9 B¥] learning rate 7} le™ ¢ AL uHT} A5
Aol A Ugot. Learning rate 7} let ¢ A
+ epoch o] 11 Q1 A9-F-¥ =& d5s 2ol
20 02 AAF epoch ©] € Ao Z¥yE w1y
learning rate & le?o2 AAS oo 1549 w$

& %S B9, learning rate & le® o2 A
As mde 100%2] A%<, learning rate & le!

= =T

om A% wde F e A¥e wEs ¥ A
oMY AS BT 99%0] des HAFIUT

(1%l 6) learning rate A W& #AYH =l
)3k RN (Relation Networks) =9 A5 35 A}

>
oo

M
o
>
rlr

Sort—-of -CLEVR dataset ol &3k 4
RN 2dS 27] 98 sebre RS
Ao MAS AlEs] Beka 1 A3E RY
CXOA Koo 9ol A 3o
o] ujx] Alo]Z(batch size)”7} 64 &
arning rate)o] Ui S %= =A% &
E> Aol Uskes & + drt.
t} learning rate Ao 93] xdeo
dabd ¢ des g

ma .

2 4 o
m
v}

oy ox O fo e @
U e dlo p

o &
(@}

o

» o

o
o
—
(@]
=
N

e

Ot

ox

r
©
2

o

d

<& 2> Sort—of-CLEVR s}z}u]s] 3 45 N4 #3)

Performance (%)
batch-size learning rate Relational Non-relational
question question

64 1e4 87~90% 99%
64 1e3 93% 100%
64 1e2 31% 15%
128 1e# 84% 99%
128 1e3 88% 100%
7.8 ¥ BF A7

RN(Relational Networks)S &3 thFsh =<l
B =Fo A= Sort-of-CLEVR =H|¢lS A}F-&3F RN
do] Ass Ad E #AZS & Bk, Ad
ZFol A wele] HZA3}(optimization)S 93 W
A H k).

w3l 7] wdeo] uElvE (parameters) Hd- batch

size 9} learning rate-2. % RN(Relation Networks)
w2do] Me JAYHS AAE Ry, 28 AA
dlol8 %3 epoch ¢ 357} batch size ¥ learning
rate o] TS = F A7 o AT AFgo= I}
gulE o] HA AdAolgtar @43y ofHAN, A
A A BokTo] Hdlo] Ao AA FIFES WX
= Q9lo] learning rate 4= & & U},
RN(Relation Networks) =29 A%

learning rate ¢ o Mgt 2AS & & ZolH,
o Yolrb =ielA Fd3E Sort-of-CLEVR dataset
of &3k RN Edl oA A wjizids s #13)
A3k Adam 719 €9l Momentum, Nadam ¥ Z& 7
WS WHEE 3z, 3 dropout o HE 2AS
Bl el oW I (overfitting)ol whdt R}
Ang F9(fine tuning)S 3 & o Ao|t}.

—_—

RN(Relation  Networks)2 7] A7 %W (neural
network) o A F71E £ d= Aol sk

play and plug EEo]t}. RN & o]u|X|(image)t} &
<4 (series of sentence) ¥ T, X3} HA &
S Wolso] 1 oto EFE A7) A o
dEHoE F2T F U
o] 9HEA =25 3l RN(Relation Networks)
A ZFE(relational reasoning)¢ T th& 3l
2 Hte B4Rl oA v E dS5se
ok, olef #HE AFEA YrkQl=(DeepMind) el
ol#gt FHE EWel Visual Interaction
Network(VIN)&  7H&&tieh. VIN & A|ZHA
(visual module)¥ =74 F8 HEE(physical
reasoning module)®] 7+ 7}A| wjAYFOZ 4 5o
o)
AA

RN # VIN &

ol
==

iy

N

I
I
3]

o

AL o 2

2 > to Y 2 orlo
oL

rr

=
|
7N ASE =

PAFE H(relational reasoning

o]

it

olo] FZF dAFoAE VIN (Visual Interaction
Networks)ell tHaljA ¢rolr i, © tpoprp & Ao

A o RN(Relation Networks)¥ ®|nls] HE=
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