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Pattern Recognition v.s. Reasoning

High-level
Language

-

Image Captioning

The man in red is
talking with the man in
gray on a street.

~

Visual QA

Q: What color is the
jacket of the man
under the clock?

A: Gray

TECHNOLOGICAL
UNIVERSITY




Pattern Recognition v.s. Reasoning

Low-level
Vision

Visual
Relation ! preposition ‘I [ comparative I
TR
| I |
_ car - with - wheel ) lperson - taller - person
4 ' N
Image Captioning Visual QA
High-'GVEl The man in red is Q What color is the
talking with the man in jacket of the man
Language gray on a street. under the clock?
| A: Gray

Caption: Lu et al. Neural Baby Talk. CVPR’18

VQA: Teney et al. Graph-Structured Representations for Visual Question Answering. CVPR’17
Cond. Image Generation: Jonson et al. Image Generation from Scene Graphs. CVPR’18

RNN
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Reasoning: Core Problems

Compositionality Learning to Reason

MDD 1+1=2

a+a=2a

NANYANG
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Three Examples

Visual Relation Detection [cvpr17,1ccv17]  Referring Expression Grounding [cvPR:

A boag o bj eCt largest elephant standing largest elephant standing
bike _Mhorse behind baby elephant. behind baby elephant. o
//otor elephant — c
: 1
A s
& //:e ride
person , .
- subject
Relation Space & o spirno e Ll
e : Context-Cue ' I
Iamp_adorn_bed | Language Embedding :
|
window-above-bed |
| a(z|xL) | | via Estimated Context| | __ Regularization
wall-have-window | 0.8 0.1\ 0.1 :E>: o P | : Languade Buedding ||
| =z I N |
lamp-smaller-bed (- : - _+ S 11 p(xlz L) 1 p(z]L) |
Compositionality Learning to Reason
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Three Examples

Sequence-level Image Captioning [Mm18 submission]

A man in uniform ...

Well, pick
something to say...

Pick another thing...

Hmm, put them together!

A man in uniform riding a horse.

... riding a horse.

Learning to Reason
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Two Future Works

e Scene Dynamics
« Design-free NMN for VQA
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Three Examples

Visual Relation Detection [cvPrR17, ICCV'1;

A boat object
bike JMhorse
’ _ /./50tor elephant

7 A //:s ride

person , .
"~ subject

Relation Space

lamp-adorn-bed

window-above-bed

wall-have-window

lamp-smaller-bed

Compositionality
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Challenges in Visual Relation
Detection

* Modeling <Subject, Predicate, Object>

— Joint Model: direct triplet modeling
« Complexity O(N?R)—>hard to scale up
— Separate Model: separate objects &

predicate
« Complexity O(N+R)->visual diversity
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TransE: Translation Embedding

[Bordes et al. NIPS’13]

Head+ Relation = Tail

R WALL-E  _has_genre Animation

Computer
Anim.

Comedy film
Adventure film
Science Fiction
Fantasy

Stop motion
Satire

Drama
Connecting
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Visual Translation Embedding

[Zhang et al. CVPR’17, ICCV’17]

 VTransE: Visual extension of Transk

Feature Space

W3XS _|_ tp ~ WOXO

E'rel - Z Z [d(WSXS + thWOXO) +1
(syp.0)ER (s",p,0")ER/

— d(Wsx{ + tp, WoXo)]+

"

A boa object
bike horse
//:otor elephant
/./\i ride

pefson ) .
subject

Relation Space

Lre= Y, —logsoftmax (tg(Woxo — sts))
(s,p,0)ER
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VTransk Network

I_Relatlon Predlctlon Module

|classeme location vnsual|

il T 67

person ride elephant)
I

Buyjess

|
l |elephant taller person :
|
| person nextto elephant:
|
I
| per i
Jperson with pants )

Feature

Extraction
Interpolation Layer

SN 2l i B
. I_ i _*- I o« ol o @ = g
I.I_Il o |box| o '»H;_'

Bilinear

Object Detection Module |

@ NANYANG
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Evaluation: Relation Datasets

* Visual Relationship ueta. ecovie
e Visual Genome «ishnaetal. licv16

DataSet Image Object | Predicate | Unique | Relation/
Relation Object

5,000 6,672 24.25
VG 99,658 200 100 19,237 57

woman

/\ -, shorts
standing is behind — man
I Main Deficiency:
iump"lg S Incomplete Annotation
fire hydrant
s

yellow
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Does TranskE work in visual domain?

 Predicate Prediction
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Does TransE work in visual domain?

Lrel =

>

(5,p,0)ER

— log softmax tgtWoxo - sts))
(=
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keyboard1-sit next to-
keyboard2

desk-below-monitor

personi-wear-shirt

watch-on-person2

person2-has- desk-has-keyboard1

person3-taller-person1 monitor-taller-keyboard1

Demo link: cvpr.zl.io
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person-reflect in- .
windshield Pl T

lamp-adorn-bed

person-outside-cari

handle-from-car2

-smaller-person

window-above-bed

wall-have-window

lamp-smaller-bed

paw _
infront| &= =
cat |

teddy

bear

siton
blanket

Demo link: cvpr.zl.io
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Dataset VRD [ ] VG| ]
Task Phrase Det. Relation Det. Retrieval Phrase Det. Relation Det. Retrieval
Metric R@50 | R@100 R@50 R@100 Rr@5 | Medr || R@50 | R@100 R@50 R@100 Rr@5 Med r
VisualPhrase [ /] 0.54 0.63 - - 3.51 204 341 4.27 - - 11.42 18
DenseCap [ 1] 0.62 0.77 - - 4.16 199 3.85 5.01 - - 12.95 13
Lu's-V[] 2.24 2.61 1.58 1.85 2.82 211 - - - - - -
Lu’s-VLK [ ] 16.17 17.03 13.86 14.70 8.75 137 - - - - - -
VTransE 19.42 2242 14.07 15.20 7.89 41 9.46 10.45 5.52 6.04 14.65 7
VTransE-2stage 18.45 21.29 13.30 14.64 7.14 41 8.73 10.11 497 548 12.82 12
Random 0.06 0.11 7.14x107% | 1.43x1072% | 295 497 0.04 0.07 1.25x1073 | 2501072 | 345 | 1.28x10*

Phrase Detection: only need to detect the <subject, object> joint box
Relation Detection: detect both subject and object
Retrieval: given a query relation, return images

VTransE were best separate models in 2017. ([Li et al. and Dai et al. CVPR’17 are (partially joint
models)

New state-of-the-art: Neural MOTIF (Zellers et al. CVPR’18, 27.2/30.3 R@50/R@100)

Bad retrieval on VR is due to incomplete annotation

on
street

person
wear
shirt
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Two follow-up works

The key: pure visual pair model (x4, X,)
f(x1,x2) underpins almost every VRD
Evaluation: predicate classification

1. Faster pairwise modeling (ICCV'17)

2. Object-agnostic modeling (ECCV’18
submission)




Parallel Pairwise R-FCN (zhang et al. Iccv'17)

__________________________________________________________________________

i Lo |
| | | |
| | | |
| | | |
| L |
| | | |
| | | |
| | | |
| | | |
1 L |
| | | |
] P oy !
| 1

| | =" |
i Qvote | | 2 i

; A

| | | : | 1o @ E>Vote !
| | | ¢ Vi |
| | | {/ |
| L r i
| I i |
| L : l
} : : Obj. Rol f

| = |
4 . :
{ Subject/Object P :
} Pooling . I

| |
} L |
| | | |

VRD R@50 VRD VG R@50 | VG R@100
R@100

VTransk 44.76 44.76 62.63 62.87

PPR-FCN 47.43 47.43 64.17 64.86

TECHNOLOGICAL
UNIVERSITY




Shuffle-Then-Assemble (vang et al. 18

Shoes

(a): Image with Relation Triplet Annotations

Domain A

Dom:in B
(b): Shuffle-Then-Assemble

Original

Object-
Agnostic

(c): Feature Map Comparisons

0. (7-::_:,;;17 NANYANG
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Shuffle-Then-Assemble (vang et al. 18

--------------------

(a): Image with Relation Trip

Domain A

-

_iI:
v' ‘
9‘ h
M
)
N

i \ J 1 Original
Dataset VRD VG
Metric R@50|R@100|R@50 R@100

Base 39.25 | 39.25 |52.48 | 52.61
Base+OA |43.29| 43.29 |58.35| 58.53
STA w/o FT |44.30| 44.30 |58.14 | 58.32
STA w/o Res |46.83 | 46.83 |62.08 | 62.32
STA 48.03|48.03 |62.71|62.94

Lu's-V [20] | 711 | 711 | — -

Lu’s-VLK [70]|47.87| 47.87 | — —
VTransE [ ] [44.76 | 44.76 |62.63 | 62.87
Peyre's-A[ 1] 146.30| 46.30 | — —

- -m
»
B |
K

ature Map Comparisons
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Three Examples

Referring Expression Grounding [cvPR*

largest elephant standing largest elephant standing
behind baby elephant. behind baby elephant.

r Context Estimation via
Candidate Referent

Context-Cue
Language Embedding

a(z|xL) | via Estimated Context| | __Regularization
| Referent-Cue | Generic-Cue
| 0.8 0.1 0.1 [>| Language Embedding l | Language Embedding l
| + /g + =z N | N\ I
( | p(x]z,L) || pfz|L) |

—_—— ————— — S —— — — — — — — — — — — —

Learning to Reason
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What is grounding? Object Detection

Link words (from a fixed
vocab.) to visual objects

O(N)

R Girshick ICCV’15
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What is grounding? Phrase-to-Region

Link phrases to visual objects

O(N)

A man in a gray sweatei
speaks to two women and
pushing o shopping

cart through Walmart.

Plummer et al. ICCV’'15

{355 | TECHNOLOGICAL
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What is grounding? Visual Relation
Detection

—————————— —

I/ person ride elephant\l

I

elephant taller person :

| . O(N?)
| person nextto elephantl

' |
Lp_erson with panis )

Zhang et al. CVPR'17
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What’s referring expression grounding?

largest elephant standing largest elephant standing

behind baby elephant. behind baby elephant. o
5 7 &
= °
~ =1
O(2N)
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Prior Work: Multiple Instance Learning

Max-Pool [Hu et al. CVPR'17]

log max, p(x, 2z
BP0 2) oy 5 logp(a, 2

Noisy-Or [Nagaraja et al. ECCV’16]

log(1-T[.(1—p(z,2)))
O(2\) == O(N2)

Bad Approximation:

1. Context z is not
necessarily to be a
single region

2. Log-sum directly to
sum-log is too coarse,
l.e., forcing every pair
to be equally possible

r* = argmaxlog ¥ p(x,z|L
gmaxlog Y p(r.<I0) W

NANYANG
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Our Work: Variational Context izuangetacvers

log p(a| L) = log Y p(a, 2| L) > [Q(, L)|F Variational lower-bound:
: Sum-log
B, (-1a.0) 08 po(2]2, L) = KL (g6(2], L)|pu (2| L)),
Locaﬁ;nion Regulzrrizalion
largest elephant standing largest elephant standing
behind baby elephant. behind baby elephant.
5 2
H g

Context Estimation via )
Candidate Referent

Context-Cue
Language Embedding

I
I
I
I
| a(z|x,L)
I
I
I

| via Estimated Context | | Regularization |
| Referent-Cue I Generic-Cue
0.8 0.1 0.1 [:>| Language Embedding II Language Embedding I
+ /. + =z I I
( | p{xizL) 1 plz]L)
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SGD Detalls

]Ezwq¢(z|m,L) logpg(:trlz, L) — KL (Q¢(Z|SE, L)||pw(z|L))

z: reasoning over 2N

-

Deterministic function REINFORCE with baseline
(Soft attention) (MC, hard sampling)
z=f(x,L) = Z 2" - qy(x|x, L)
reX

z = f(x,Lie), e ~ ple)

N

Q(x,L)=logpy(x|z,L)—log g4 (z|x,L)+log p,(2|L)

!

Q(z,L) x S(x,L) = sp(x,L)—s4(x, L)+s,(x, L) EEE NANYANG
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Network Detalls

Sg(l', L) — SQ(Xi:Zi:yT)

!

Q(x,L) x S(x, L) = sg(x, L) —s4(x, L)+s,(x, L)

Z; = Zj softmax; (s4(xi,X;,¥°)) X;

e

e/
o i

[ visual l [ spatial ]

X1 X511 X5 || X4

—

largest elephant standing behind baby elephant. X yc
J
e W
[]1']:_ . []’[]/ n e cl/\c2
l‘ | fl: ] L2Norm
fc
softmax_|
a? s ¢(x,., X, ¥°)
2 = 2 =
Yi=Xa”w y=Law,

z;' y( xl z: z, z; yg
|
fc concat
fc
fc
L2Norm
fc
Se(X, 2, ) s ¢{x;., z,y°%) s, (2., V)

Rol Feature

Cue-Specific Language Feature

Grounding Scores
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Network Detalls
Q(x,L) x S(x, L) = sg(x, L) —s4(x, L)+s,(x, L)

Z; = Zj softmax; (s4(xi,X;,¥°)) X;

so(x, L) < sg(xi,2;,y") S¢(w, L) < 54(Xi,24,¥°) Su,(x, L) < 5,(25,y7)

largest elephant standing behind baby elephant. [ :
\ __BLSTM / XJ yC xr‘ xj X‘. Z‘. yf X, zi yc X‘ Z'. Z;. y
W,' ‘_"l]_H]E_ . []_"[]"__-wn c1f\c2 | c1/\e
--,.I]..i.u: Hr/ fc concat fc concat
o " P 4 R . )
R o [l R o N | Cic ] CNorm -
i ] ! fc fc
[(softmax ] [softmax ] L2Norm
[ visual l [ spatial ] . . —, . [Softmax_] fc fc
] ] ] ] fc
280 r=sarw rr=zaiw| |7 | [s6%, )
2 = 2 2 = 2 =
Xy || Xa][Xs || Xa ||| (2 =5, 97w, | =E,0W, |7 = 2,95, | By So(X» 2, V) So(Xs 2, ¥°) Sa(Zi2 ¥°)
Rol Feature Grounding Scores
cl
c2 . c2
1 n Il B
r r2
« N o.M
T X T 0 D0 unw O [}
c D = o - ©
§255§5358 “IEf£8£°:::
< -
2 ° 2 3 [ -
£ % & NANYANG
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Grounding Accuracy

State-of-The-Arts

Our Baselines

Dataset Split | MMI["°] | NegBag ['0] | Atr [1©] | CMN [ 1] | Speaker [ /0] | Listener ['0] | VCw/oreg | VC w/o « vC
Test A 71.72 75.6 78.85 75.94 78.95 78.45 75.59 74.03 78.98
RefCOCO
Test B 71.09 78.0 78.07 79.57 80.22 80.10 79.69 78.27 82.39
Test A 58.42 — 61.47 59.29 64.60 63.34 60.76 57.61 62.56
RefCOCO+
Test B 51.23 — 57.22 59.34 59.62 58.91 60.14 54.37 62.90
RefCOCOg Val 62.14 68.4 69.83 69.30 72.63 72.25 71.05 65.13 73.98
Test A 64.90 58.6 72.08 71.03 72.95 72.95 70.78 70.73 73.33
RefCOCO(det)
Test B 54.51 564 57.29 65.77 63.43 62.98 65.10 64.63 67.44
Test A 54.03 — 57.97 54.32 60.43 59.61 56.82 53.33 58.40
RefCOCO+(det)
Test B 42 .81 — 46.20 47.76 48.74 48.44 51.30 46.88 53.18
RefCOCOg(det) Val 45.85 395 52.35 5747 59.51 58.32 60.95 55.72 62.30
The best VGG SINGLE model to date.
Best ResNet Model: Licheng Yu et al. MAttNet: Modular Attention
Network for Referring Expression Comprehension. CVPR’1 NANYANG
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More effective than MIL

RefCOCO: Test A

RefCOCO: Test B

0.85 - 0.90
- VC -8~ VC
0.80 |- -@- CMN | o3 -8~ CMN |1
0.80
0.75
g g o7s
5 o070 5
§ ; 0.70
0.65
0.65
0.60 | 0.60
0.55 - - 0.55 - - -
<=5 6-10 11-15 16-20 21-25 >25 <=5 6-10 11-15 16-20 21-25 >25
Number of bboxes Number of bboxes
e Ref('ZOCO-r: Te‘st A 07D Ref(;OCO«t-: Te‘st B
o -9~ \VC -8~ \VC
X - CMN 0.65 -&- CMN
0.65
0.60
0.60 |
g Z o055
5 0.55 £
M Y 0.50
! 0.50 3
0.45
0.45 |
0.40 | 0.40
0.35 - - - - 0.35 - - -
<=5 6-10 11-15 16-20 21-25 >25 <=5 6-10 11-15 16-20 21-25 >25
Number of bboxes Number of bboxes
RefCOCOg: Val
0.78 T T T
-8~ VC
0:78 &~ CMN ||
0.74 |

R. Hu et al. Modeling relationships in referential expressions with compositional mod- ular networks. In CVP¥

6-10

11-15 16-20

Number of bboxes

21-25 >25
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IVERSITY



Qualitative Results

a green food dish with cat food a polar bear at the bottom of a ramp

NANYANG
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woman in a cream colored wedding dress cutting cake

0.229 0.213 —" g 0196

0.186

cl

=
p

woman

cream .

colored |




a stone where a man is riding his cycle on it

clt :
c2} .
n |
r2t '
ot .. DN
T Q@ 9 ® c VOOV O C ¥
Se¢ ST EEVO
o 5= E *) a
w 3 ;=
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Three Examples

Sequence-level Image Captioning mv'18 submission]

Aman in uniform ...

,ﬁ‘
v
Well, pick
something to say... -
e

=

[
Pick another thing...
A man in uniform riding a horse.

Hmm, put them together! g 8 horse:

Learning to Reason

TECHNOLOGICAL
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Neural Image Captioning

GoogleNIC (Vinyals et al. 2014)

Vision _Language | |A group of people
Deep CNN  Generating shopping at an
RNN outdoor market.

®)

Tl @ There are many
vegetables at the
fruit stand.

Encoder (Image->CNN-Vector) - Decoder (Vector>Word Seq.)

TECHNOLOGICAL
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Sequence-level Image Captioning

Wi—1 gt Wi gt Wi+ Wi-1 Wi Wii1
Wi—1 Wi
LP LP LP LP LP LP
ce Vit Ut L2 R Vt—1 Ut Vty1  *°
VP VP VP VP VP VP
Vo Vo Vo Vo Vo Vo
(a) Traditional Framework (b) RL-based Framework

A8 NANYANG
TECHNOLOGICAL
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Context in Image Captioning

A man in uniform riding a horse.

A man in uniform ...

Y

| /
7 //\\
~—~ | |
) (‘ \ "\_\, /‘,“
(
Well, pick
something to say... [
// A ) /.\
y )
{ |
,"”
(
) \/ \‘\\
{ |

ri&);n a horse.
Hmm, put them together! 9
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Context-Aware Visual Policy Network

We-1
'

{Vict) {Victs1)

{Vict-1}

(c) Our Framework

TECHNOLOGICAL
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Context-Aware Policy Network

Context-aware Visual Policy Network Language Policy Network

Man and playing

Feature

| I |
| I |
Single SP | I |
. ; I I N Y2 Ye+1 I
Which region?
- S
RPN — LSTM 1 ] 1
I {ae} f * 1 v | |
I environment Which as output? | t ] 1
I — | I 1
—— LSTM Ly ~ =~
(7] (7] (7]
| @) b |l _’: g — 4 - .
1 environment 1 I g g g 1
| | |
1 Which as context? A Which concat feature? Ou tp ut S P | ] 1
|| e — I | I
(Vice} p ——> LSTM g y = LM 4
visual context (4} 4 4] (a0} 4 1 I |
I environment (a3 environment 1 I 1
! ! : Wyl eyl |
| Context SP Comp. SP Comp. | Doyl uya] eyl
[ | I 1

d NANYANG
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Context-Aware Policy Network

A man in uniform ...

Context-aware Visual Policy Network

a = e R e e T e |
| Singl I
@ | ROI Single SP nge 1
; | i e Feature 1
Well, pick : Which region? Vas. & .
something to say... ] —— 5T 4 - |
1 () + i v 1
| environment Which as output? 1
OO O O | o |er 1
1 (9 4 —
1 environment I
| Es————— |
| | Whichascontext? | ‘M;Ich concat feature? 0utput SP 1
A man in uniform riding a horse. -“-)-—' ‘5;"‘ | E—’ '5;" > 4 :
W environment environment ‘ I
1 | ) 1
I Context SP Comp. SP Comp. 1
| Feature 1

NANYANG
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a man on
=,
skis in the Snow
=== = |
TECHNOLOGICAL
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flying

¥

kite

3 | TECHNOLOGICAL
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O
&
S
. single
single y &
comp.
comp. g i
Single

Feature

—l ﬁ
1= Which as output?

A r
- —
brushing | brusfng' W, - —— LSTM

[ *

environment

Output SP

Comp.
Feature
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2
single | . . . single |

A8 NANYANG
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MS-COCO Leaderboard

—slEugy 40 A S5 A c40A S5 A c40A S5 A c40 A

TencentAl.v2 12/15/17 0386 0.701 0.286 0377 0.587 0.737 1254 1.278
(M M (1) () (M (1 (1) (M

2  AnonymousTeam 5 11/13/17 0380 0692 0282 0372 0.582 0.731 1229 1.251
() (2) ©) 3) () (2) (3) (2)

3 TingYao 4 09/03/17 0-382 0691 0283 0373 0582 0729 1232 1.246
(2) 3) (2) (2) (2) (4) (2) 3)

4  LiuDaging 3 04/08/18 0379 0.690 0.281 0370 0582 0731 1216 1.238

(4) (4) (4) (5) (4) 3) (4) (4)

We are SINGLE model.

HF | TECHNOLOGICAL
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Compare with Academic Peers

Model B@4 M R C S
Google NIC[35] 321 257 - 998 -
Hard-Attention[38] 243 239 - - -
Adaptive[23] 33.2 266 549 1085 194
LSTM-A[39] 325 251 538 986 -
PG-SPIDEr[22] 32.2 25.1 544 100.0 -
Actor-Critic[43] 344 267 558 116.2 -
EmbeddingReward[28] | 304 251 525 937 -
SCST[29] 354 271 566 1175 -
StackCap[9] 36.1 274 569 1204 20.9
Up-Down|[2] 36.3 277 569 120.1 214
Ours 38.6 28.3 58.5 126.3 21.6

Table 2: Performance comparisons on MS-COCO “Karpathy”
offline split. B@n is short for BLEU-n, M is short for ME-

TEOR, and C is short for CIDEr.
s NANYANG
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Detail Comparison with Up-Down

m CAVP m Up-Down

101 936 ¢ 82
9 -
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Visual Reasoning: A Desired Pipeline

« Configurable NN for various reasoning

applications:

Visual
knowledge
Graph

Captioning, VQA, and Visual Dialogue

=

Configurable

Network

—
¢—

Task
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Visual Reasoning: Future Directions

« Compositionality
— Good SG generation
— Robust SG representation
— Task-specific SG generation

« Learning to reason

— Task-specific network
— Good policy-gradient RL for large SG
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Scene Dynamics
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Scene Dynamics
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Scene Dynamics
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Scene Dynamics
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Scene Dynamics

time step: 0
1 (Initial State)
[ o

time step: 1

T NANYANG
TECHNOLOGICAL
UNIVERSITY




Scene Dynamics
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Scene Dynamics

time step: 2
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Scene Dynamics
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Scene Dynamics
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Hard-design X Module Network

Question: Are there more cubes than yellow things? Answer: Yes
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/ CNN » Poor generalization to COCO-VQA
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Design-Free Module Network
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