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In this effort we were (are) planning to cover four directions:

1. What is a good way to represent images to get better IR and Captioning performance
(e.g., using scene graphs or other structured representations)?

2. How to design an effective alignment model that can capture the relevance
between image and text (e.g., using attention over relations in the scene graph)?

3. How huge weakly supervised data from a search engine like Bing can help to improve
the structured representation of image (e.g., to design/train better scene graph generation
methods/models). Here weak supervision means clickthrough data, a user uploads an image and
clicks on a webpage (image, webpage title pair), or a user inserts a text query and clicks on an image
(query, image pair).

4. Visual Grounding and Reasoning

Step O: Covers 1 and 2 above

Step 1: Will cover 3 above

Step 2: Will cover 4 above, visual grounding deserves to spend some time to design specific models for it so
that the models do not only rely on simple statistics of the given (usually limited) dataset.




OUTLINE

* Scene Graph Generation (SGG)

®* Image-Text Retrieval STEP O
®* Image Captioning
®* Weakly supervised SGG - STEP 1

® Visual Question Answering
- STEP 2 & beyond

® Challenges and Opportunities
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®* Image-Text Retrieval

®* Image Captioning
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Task: |
Scene Graph Generation (SGG):
1. PredCLS: Predicate classification given (source,target) objs ‘
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“Task:

Scene Graph Generation (SGG):

1. PredCLS: Predicate classification given (source,target) objs

2. SgCLS: Both obj classification and predicate classification
“given” the ground truth bounding boxes
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‘ Scene Graph Generation (SGG):
1. PredCLS: Predicate classification given (source,target) objs
2. SgCLS: Both obj classification and predicate classification
“given” the ground truth bounding boxes
3. SgDET: Detecting bboxes using a backend (e.g., Faster R-CNN),
predicting obj classes and predicate classes
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Figurn from https:/ /visvalgenome.org /static/p

Girl feeding elephant

Man taking picture

Huts on a hillside

A man taking a picture

Flip flops on the ground

Hillside with water below
Elephants interacting with people
Young girl in glasses with backpack
Elephant that could carry people
An elephant trunk taking two bananas.
A bush next to a river,

People watching elephants eating
A woman wearing glasses,

A bag

Glasses on the hair

The elephant with a seat on top
A woman with a purple dress

A pair of pink flip flops

A handle of bananas.

Tree near the water

A blue short

A woman feeding an elephant
A woman wearing a white shirt and shorts
A man taking a picture

A man wearing an orange shirt

An elephant taking food from a woman
A woman wearing a brown shirt

A woman wearing purple clothes

A man wearing blue flip flops

Man taking a photo of the elephants
Blue flip flop sandals

The girl's white and black handbag

The girl is feeding the elephant

The nearby river

A woman wearing a brown t shirt
Elephant’s trunk grabbing the food

The lady wearing a purple outfit

A young Asian woman wearing glasses
Elephants trunk being touched by a hand
A man laking a picture holding a camera
Elephant with carrier on it's back
Woman with sunglasses on her head

A body of water

Small buildings surrounded by trees
Woman wearing a purple dress

Two people near elephants

A man wearing a hat

A woman wearing glasses

Leaves on the ground

aper/Visval Genome.pdf

popular one is Vlsual Genome

Task:

Scene Graph Generation (SGG):

1. PredCLS: Predicate classification given (source,target) objs

2. SgCLS: Both obj classification and predicate classification
“given” the ground truth bounding boxes

3. SgDET: Detecting bboxes using a backend (e.g.,Faster R-CNN),
predicting obj classes and predicate classes

Datasets:
Several datasets to address some of above tasks individually, the most
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Task:

Scene Graph Generation (SGG):

1. PredCLS: Predicate classification given (source,target) objs

2. SgCLS: Both obj classification and predicate classification
“given” the ground truth bounding boxes

3. SgDET: Detecting bboxes using a backend (e.g.,Faster R-CNN),
predicting obj classes and predicate classes

Datasets:

Several datasets to address each of above tasks, the most |
popular one is visual genome. |

Methods:
' Various methods proposed including iterative message passing
from Stanford, Neural Motifs from UW, etc (A complete up to date list

http: / /picdataset.com/challenge /paper list/ )
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\Step O: Exploring Visual Relations for Image-Text Matching

Type Examples Classes Instances

-

Entities

Part arm, tail, wheel 2 200k (25.2%)
Artifact basket, fork, towel : 126k (16.0%)
Person boy, kid, woman < 113k (14.3%)
Clothes cap, jean, sncaker O1k (11.5%)
Vehicle airplane, bike, truck, 44Kk (5.6%)

Flora flower, plant, tree : 44k (5.5%)

Location  beach, room, sidewalk 39k (4.9%)
Furniture bed, desk, table 37k (4.7%)
Animal bear, giraffe, zebra 30k (3.8%)
Structure fence, post, sign : 30k (3.8%)

edge context

object context

Scene Graph Detection Scene Graph Classification Predicate Classification  Mean Building building, house 24k (3.1%)
Model RG20 RGS0 R@I00 RG20 RG5O RGI00  RG20 R@GsSO0  R@100 Food banana, orange, pizza 13k (1.6%)

VRD [ ] 0.3 0.5 11.8 14.1 279 35.0
MESSAGE PASSING [+ | 34 42 21.7 244 448 53.0

A sl ey 2o e e Geometric  above, behind, under 15 228k (50.0%)

32 AsSOC EMBED [ 1 ]» 8.1 8.2 : 21.8 226 54.1 55.4 _ j )
= FREQ 235 27.6 X 32.4 34.0 59.9 64.1 P()SSL‘SSI\'C hll.\'. pun ()f. wcunng b bek (409‘()

FREQ+OVERLAP ; 26.2 30.1 323 329 60.6 62.2 40, Semantic C;m)'ing. culing. u.\‘ing 24 39k (8.7%)
MOTIFNET-LEFTRIGHT . 27.2 30.3 35.8 36.5 65.2 67.1 . Misc for. from. made of 3 2k (0.3%)

MOTIENET-NOCONTEXT 26.2 29.0 348 35.5 63.7 65.6 it : : : . _ :
MOTIENET-CONFIDENCE 273 30.5 354 36.1 65.1 67.0 é Tdblc I. ()thCl and R‘lallon t'\'rx‘.\. n Vlsual GL‘nOlll‘. OrgﬂanCd ‘

MOTIFNET-SIZE 21. 273 304 . 35.0 35.7 649 668 by super-type. Most, 25.2% of entities are parts and 90.9% of7}
MOTIFNET-RANDOM . 27.3 304 36.2 65.1 66.9 relations are eeometric or posSsessive.

Relations

ablations

Figur(:s fromhitps:/ /arxiv.org/pdf /1711




\Step 0: Exploring Visual Relations for Image-Text Matching

* Discarding relationships classified with high confidence using the simple
prior net.

* ‘Top 1600 objs/500 rels

Show each predicate by Glove, run clustering to remove duplicates,
e.g., “wears” and “is wearing a” = 180 rels

* Run VrR, remove rels that can be predicated with > 50% accuracy
= 117 rels

* 58,983 images

Figures from hitps://arxiv.org/abs/1902.00313



\Step O: ’Exploring Visual Relations for Image-Text Matching

Type Examples Classes Instances

w

Entities

Part arm, tail, wheel 2 200k (25.2%)
Artifact basket, fork, towel : 126k (16.0%)
Person boy, kid, woman : 113k (14.3%)
Clothes cap, jean, sncaker O1k (11.5%)
Vehicle airplane, bike, truck, 44k (5.6%)

Flora flower, plant, tree 44k (5.5%)

Location  beach, room, sidewalk 39k (4.9%)
Furniture bed, desk, table 37k (4.7%)
Animal bear, giraffe, zebra 30k (3.8%)
Structure fence, post, sign : 30k (3.8%)

edge context

object context

Scene Graph Detection Scene Graph Classification Predicate Classification  Mean Building huilding. house 24k (3.1%)
Model RG20 R@SO R@GI00 R@G20 R@GSO  R@I00  RG20 RGSO  R@100 Food banana, orange, pizza 13k (1.6%)

VRD | ] 0.3 0.5 11.8 14.1 279 35.0 149

MESSAGE PASSING [ | 34 4.2 21.7 244 448 53.0 25.3
73 MESSAGE PASSING+ 20.7 24.5 31.7 34.6 354 59.3 61.3 39.3 Geomeltric above. behind. under 15 228k (50.0%)
2 ASSOC EMBED | | |* 8.1 8.2 18.2 218 226 54.1 554 28.3 ) ) ¥
= FREQ 235 27.6 27.7 32.4 34.0 599 64.1 40.2 PUSSL'SSI\'C hllS. pdn Or. \'\'Cunng 8 186‘\ (409‘()

FREQ+OVERLAP ; 26.2 30.1 203 323 329 60.6 62.2 40.7 Semantic cunying. culing. using 24 39k (8.7%)

MOTIFNET-LEFTRIGHT : 27.2 30.3 32.9 358 36.5 65.2 67.1 43.6 Misc for. from. made of 3 2k (0.3%)

MOTIENET-NOCONTEXT 26.2 29.0 31.9 34.8 35.5 63.7 65.6 424 i1 -
£ MOTIENET-CONFIDENCE 27.3 30.5 32.6 354 36.1 65.1 67.0 43.5 Table 1. Object and relation types in Visual Genome, Ofglmilt‘d |
= MOTIFNET-SIZE 21. 273 304 322 350 35.7 649 668 433 by super-type. Most, 25.2% of entities are parts and 90.9% o
* MOTIFNET-RANDOM . 27.3 304 325 36.2 65.1 66.9 43.5 | relations are eecometric or POSSessive.

Relations

Figures from hitps:/ /arxiv.ora/pdf/1711.06640.pdf




\Step 0: Exploring Visual Relations for Image-Text Matching

* Discarding relationships classified with high confidence using the simple
prior net.

¢ ‘Top 1600 objs/500 rels

Show each predicate by Glove, run clustering to remove duplicates,
e.g., “wears” and “is wearing a” = 180 rels

* Run VrR, remove rels that can be predicated with > 50% accuracy
= 117 rels

* 58,983 images

Figures from h.'l]v-».:. Jarxiv.org, '1[--., 1902.00313
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Datasets

Mecthods " Method specific VG splits | — VIRVG
Metrics | SGDet | SGCls | PredCls | Metrics | SGDet | SGCls | PredCls

—_——————— —  — —————

- e~ o

11.7 20.9 42.3 R50 3.59

MSDN [12] 14.0 24.0 48.2 R100 4.36

) 3 3.1 59 R-L'.'IP | 0.77

5.52 . 61.2 R50 | 0.83
Virans [31] R100 6.04 - 61.4 R100 1.08 - 44.84
0.52 - 0.26 R-gap 0.25 - 0.15
VG150 [ VIR-VG
| Metrics | SGDet | SGCls | PredCls | Metrics VS(il)cIM“’ SGCls | PredCls |
R50 | 272 | 358 | 652 | RS0 | 148 | 165 | 467 |
Neural-Motifs [30] 30.3 36.5 . R100 17.4 19.2

) 7

*— -e

7 A

Message Passing |25] R100 24.5
R-gap 3.8

Figures from htips://arxiv.org/abs/1902.00313
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O
/ Image /Text Retrieval\
1 / Image Captioning \
_\:j’ _ / Visual Question Answering \
/ Visual Dialog \
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/ Faster R-

CNN

Vygnl'on'] = att™"['on'][v4] x I + att™™['on'][v,] x + ..

V1 L

I(V,T) = [a@ - sim(V,T) + sim(V,T" )]; + [@—sim(V,T) + sim(V",T)],

a red lamp with red lampshade on a dresser next to white base of

Ve oo i ) ] e ) e e ) ] i) i ) [ ]
V7_ ---U--------

|

floor lamp

sim(V,T) . Z £1()

similarity between image and sentence

T
Som _ Vi Wj
T wll]wy
rgn [slg"]+
ij Tgn
2 Z 1[5 b




T2 V3 7'3| s
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' " a’ saditlely
. red |
| ‘ 8
Uy ' — vz _
v, ['with'] - wv.['on"] v.[dresser’] v,['of’]

s ‘-_-------------

T4

T3

r, 200 I P I N I N N N N (N N A (N N

r ] I N = [ = ) [ | [ ) [ [ B [

a red lamp with red lampshade on a dresser next to white base of floor lamp
‘ o i _,
Faster R- ‘
CNN ‘
|
|
sim(V.,T)
similarity between image and sentence MOde" IR




/ l | I \\ T s exp( lrelsg;']els)

rels _
'd ] relsyt ! relsrs 1 attu == Zm e (Aj‘elss‘rel-f)
v ['dresser'] = att"*['dresser’'][ry]| X | | + att™['dresser'][r,] x ¥ + .. 1-1€Xp Ij

¢
s{els SNl W)
L ey
[srels]
arels +
l Z [srels]Z
v, ['with'] - v.['on'] v.[dresser’] v,['of’] =1

| B o 8 e i O

a red lamp with red lampshade on a dresser next to white base of floor lam_p

Faster R-
CNN

sim(V.,T)

similarity between image and sentence

Model: IR
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Flickr30K 1K Test Images MSCOCO 5-fold 1K Test Images

lext-to-image image-1o-text text-to-image Image-to-text
Method rel r@s5 r@i0 r@l r@5 r@l0 r@l r@5 r@l0 r@l r@5 r@l0

UVS|[]] 168 420 56.5 23.0  50.7 629 - - - - .
DVSA | | 152 377 505 222 482 614 27.4 74.8 384 699 80.5
HM-LSTM [ ] 277 - 68.8 38.1 - 76.5 36.1 86.7 439 - 87.8
DAN| ] 394 69.2 79.1 55.0 31.8 89.0 - . - -
VSE++ | | 396 70.1 795 52. 805 §87.2 52.0 3 92.0 64.6 95.7
Picturebook | = | . - - - 55.2 8§7. 94.4 63.4 96.5
GXN| ] ! - 80.1 ! - 89.6 56.6 94.5 68.5 97.9
SCO| | . 70.5 80.1 : 89.3 56.7 /. 94.8 69.9 97.5
SCAN:

SCAN ensemble’ |~ ] ) 77.7 85.2 : 95.8 588 948 72.7 98.4
SCAN -t AVG | ] . 74.2 826 7. 94.0 54.4 93.6 69.2 97.5
SCANt-iAVG | ] S 744 83.0 1. 93.7 56.4 93.9 70.9 97.8
Ours:

R-SCAN-VIRVG Y 77.8 849 K 96.0 57. 03.7 70.3 8.1
R-SCAN-VGI1500 51. 77.8 84.7 05.3 . . 93.8 71.3 08.0

MSCOCO 5K Test Images

text-to-image image-to-text
Method r@l r@5 r@l0 r@l r@5 r@l0

DVSA| | 10,7 296 42.2 165 392 52.0

VSE++ | | 30.3 594 724 413 711 81.2

GXN| ] 31.7 - 74.6 42.0 - 84.7

SCO|[ | 33.1 629 75.5 428 723 83.0

SCAN:

SCAN ens' | 7] 38.6 ¥ 804 504 822  90.0

SCANt-1AVG| ] 344 3. 75.7 464 774 87.2

Ours:

R-SCAN-VIRVG 36.2 ; 76.7 454 779 87.9

R-SCAN-VGI500 364 653 77.0 467 777 878 Model: IR




N

\Ste}) O:kéxploring Visual Relations for Image-Text Matching

Y)
_* R-C

OCO

— .

A subset of MS-COCO Karapathy’s 5K test split @)
Focus on evaluating image-text matching on the pairs with semantic visual relations

117 relations in VG are recognized as semantic relations using the prior detection network

These 117 relations can be mapped back to 259 relations in original VG

VG relations can be grouped in four categories

* Geometric: e.g., above, behind » majority of relations in VG, easy to predict
* Possesive: e.g., has, part of

* Semantic: e.g., carrying, eating =2 more challenging to predict
* Miscellaneous: e.qg., for, from
Out of 259 relations we identified 164 of them as semantic relations
R-COCO focuses on semantic relations
* 3,403 images from MS-COCO Karapathy’s 5K test split where each image has at least 1 ground
truth caption with one of above 164 relations
* 1 ground truth caption that has semantic relation is selected per image, so 1 caption per image

Model: IR
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« R-COCO (
7 * A subset of MS-COCO Karapathy’s 5K test split ‘
* Focus on evaluating image-text matching on the pairs with semantic visual relations
* 117 relations in VG are recognized as semantic relations using the prior detection network
* These 117 relations can be mapped back to 259 relations in original VG
* VG relations can be grouped in four categories
* Geometric: e.g., above, behind i : :
¢  Possesive e basino et > majority of relations in VG, easy to predict
g. : P
* Semantic: e.g., carrying, eating =» more challenging to predict
*  Miscellaneous: e.g., for, from
* Out of 259 relations we identified 164 of them as semantic relations
* R-COCO focuses on semantic relations
* 3,403 images from MS-COCO Karapathy's 5K test split where each image has at least 1 ground truth caption with one of
above 164 relations
* 1 ground truth caption that has semantic relation is selected per image, so 1 caption per image

text-to-image image-to-text
r@l r@5 r@l10 r@5 r@l0
SCAN t-1 AVG 80.8
R-SCAN-VGI150 82.0
R-SCAN-VIRVG 81.8
R-SCAN-VG1500 82.0

' Table 1. Comparison of the cross-model retrieval results in terms
lof recall@K (r@K) on R-COCO. ‘text-to-image’ denotes image
retrieval given text query. ‘image-to-text’ denotes text retrieval

loiven image query.
[E1VEN 1MAge queT Model: IR
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3

\ Samples: Image Retrieval /

| (a) Text Query: a bike attached to the front of a blue bus  (b) Text Query: an orange cat sitting on top of a bench

Model: IR
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) .
Samples: Image Retrieval
\

>~ (a) Q: a lirtle dog jumping up towards a frisbee someone 1s holding

R-SCAN X SCAN t-1

(c) Q: a cat sitting on the top of a refrigerator hiding

1

R-SCAN X SCAN 11

(e) Q: two bears touching noses standing on rocks

(d) Q: an image of two girls walking with um
i

brellas
r,'

Model: IR



'v.__lSte‘p 0: Exploring Visual Relations for Image-Text Matching

Sl"q‘mples: Text Retrieval

X

R-SCAN

A bus drniving down a streeton a
road

SCAN

A bus , cars and a motorcvcle
driving in busy traffic on the
street

R-SCAN
A dog playing with atoy in a
grassy yard

SCAN
A dog sitting on the grass with
something in it 's mouth

x R-SCAN
A woman 1s talking on her mobile
phone angnly

X SCAN
A woman 1s talking on her mobile
phone angnly

Model: IR



GOOGLE, 2014

Show and Tell: A Neural Image Caption Generator

Oriol Vinyals Alexander Toshev Samy Bengio Dumitru Erhan

Google Google Google Google

A group of people
shopping at an

There are many
vegetables at the
fruit stand.

MSFT,2017

Bottom-Up and Top-Down Attention for Image Captioning
and Visual Question Answering

Peter Amderson'” Xuodoag He Chris Bochler' Damien Tency*
Mark Johnsoa' Seepben Gould Loy Zhang’

Nessralomn Nathomal University “10 AT Rosearch "Micomelt Research *Univerviny of Adelaide "Macqearic Usivensiny

Ve
2

h;
. Language LSTM

4

Task: Captioning
U MONTREAL & U of T,2015

Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention

Kelvia Xu KELVIN XU UMONTREAL £
Jimmy Led Na
Ryan Kires AXIROA® CS. TORONTO X4
Kyunghyun Chae
Aaron Courville
Rudan Salahhotdine
Richard S. Zeroel
Yoshua Benglo

FIMMY & s UTom

KYUNGHYUN CHOE UMONTREI AL X

AARDN COLEY LA E S UMONTREAL £
ESALANHL S CS. TORONTO R DM
ZEMELWCS. TORONTO XD
BNI-MEWINE DN

14 ' g | &3
x14 Feature Map m Bird
(& flying

oy LT

1. Input 2. Convolutional 3, RNN with attention 4. Word by
Image Feature Extraction over the image word
generation

Exploring Visual Relations for Image-Text Matching

Kuang-Huet Lee * Hamid Palangi * X1 Chen Houdong Hu Junfeng Gao

Microsoft Al ad Research

MSFT,2014

From Captions to Visual Concepts and Back

Forrest landola®
Jianfeng Gao
C. Lawrence Zitnick

Hao Fang® Saurabh Gupta®
Li Deng Piotr Dolldr’
Margaret Mitchell John C. Platt’

Rupesh K. Srivastava®
Xiaodong He
Geoffrey Zweig

Microsoft Research

L i) T, e, Cat,
R (o Mg, purple

b e e e
A nmar Sarng b e 4 "

§j Oviw i il
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1 A womun doldng »
T JETU, 3\
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\Step O:ME‘proring Visual Relations for Image-Text Matching

v p vk}

Uy
Attend on Region Features

Bottom-up baseline
a woman standing on a sidewalk talking
on a cell phone

Ours using Visual Relations
a woman standing on a sidewalk looking
at her cell phone

Bottom-up baseline
a man holding a nintendo wii game

controller

Ours using Visual Relations
a man sitting on a couch holding a wii |
remote

Bottom-up baseline
a couple of men standing next 1o each
other

Ours using Visual Relations
| a couple of men sitting next to each other

Bottom-up baseline
a man standing on the side of a road

o Ours using Visual Relations
S a man repairing a traffic light at an
imtersection

Model: Caption



Step 1: Weakly supervised Scene Graph Generation

"two women are sitting at a white table" sit across

"two women sit at a table in a small store” Obusiness

"two women sit across each other at a table smile
for the photograph”
for——»Ophotograph

"two women sitting in a small store like business”

“two woman are sitting at a table”

Figures from https://arxiv.org/pdf/ 160708822 pdf




Step 2: Visual Reasoning, Grounding, and beyond

VQA: Visual Question Answering

www.visualga.org

Aishwarya Agrawal*, Jiasen Lu*, Stanislaw Antol*,
Margaret Mitchell, C. Lawrence Zitnick, Dhruv Batra, Devi Parikh

Figures from htips:/ /arxiv.org/pdf /1505.00468 . pdf

What color are her eyes?

What is the mustache made of?

| Is this person expecting company?
| What is just under the tree?

How many slices of pizza are there?
Is this a vegetarian pizza?

Does it appear to be rainy?
Does this person have 20/20 vision?




Step 2: Visual Reasoning, Grounding, and beyond

VQA: Visual Question Answering

www.visualga.org

Aishwarya Agrawal*, Jiasen Lu*, Stanislaw Antol*,
Margaret Mitchell, C. Lawrence Zitnick, Dhruv Batra, Devi Parikh

y

What color are her eyes? How many slices of pizza are there?

What is the mustache made of? Is this a vegetarian pizza?

What sportis ... ?
‘tennis’ 41%

How many ... ?

Is this person expecting company? Does it appear to be rainy?
| What is just under the tree? Does this person have 20/20 vision?

2" 39%

iDoyouseea..?
‘yes’ 87%

Figures from htips:/ /arxiv.org/pdf /1505.00468 . pdf




Step 2: Visual Reasoning, Grounding, and beyond

VQAT, 2015

Making the V in VQA Matter:
Elevating the Role of Image Understanding in Visual Question Answering

Yash Goyal*'! Tejas Khot*! Douglas Summers-Stay* Dhruv Batra®  Devi Parikh®
'Virginia Tech  “Army Research Laboratory  “Georgia Institute of Technology

l AU A +2abhatluet adn -, e vBmai i ¥
{y‘:_)«_;'-‘.fal, o _1.‘_.;(!:L_J,_}\---.'L.4_":1\, douglas.a.summers-stay.civé@mail.mil { ibatra, !.,‘Aﬂ.t} gatech.edu

Who is wearing glasses? Where is the child sitting?

: o - A woman fridge arms
A pair of similar images that result in two ’

different answers to the same question

Is the umbrella upside down? How many children are in the bed?

Figures from hips: /| rg/pdf/1612.00837 .pd




Step 2: Visual Reasoning, Grounding, and beyond

VQAT, 2015

* Not reading the whole question before picking an answer

Q: Are A: mulitary Q: What A: umbrella Q: How A: no Q: Is A: kitchen

Q: Are they A: ves Q: What season A: summer Q: How many A: 2 Q: Is the A: outside

Q: Are they playing A: ves Q: What season of A: summer Q: How many horses A: 2 Q: Is the bench A: no

Q: Are they playving a A: ves

Q: What season of year A: summes Q: How many horses are A: 2 Q: Is the bench made A: no

Q: Are they plaving a game? A: ves Q: What season of year was A: summer

Q: How many horses are on A: 2 Q: Is the bench made of A: no

GT Answer: yes Q: What season of year was this A: summer Q: How many horses are on the A: 2 Q: Is the bench made of metal” A: no
J nswe

Q: What season of year was this photo A: summer Q: How many horses are on the beach? A: 2 GT Answer: yes
Q: What season of year was this photo taken A: sumumer

GT Answer: 6
Q: What season of year was this photo taken in? A: summer

GT Answer: spring

Figures from htips:/ /arxiv.org/abs/1606.07



Step 2: Visual Reasoning, Grounding, and beyond

VQAT,2015 | |[VQA2,2017

* Not reading the whole question before picking an answer

Don’t Just Assume; Look and Answer:
Overcoming Priors for Visual Question Answering

Aishwarya Agrawal'", Dhruv Batra'-*, Devi Parikh'-*, Aniruddha Kembhavi®
!Georgia Institute of Technology, “Facebook Al Research, *Allen Institute for Artificial Intelligence
{aishwarya, dbatra, parikh}@gatech.edu, anik@allenai.org

Train

dog 7 White]

wearing shorts 7 [Noj

Figures from htips://arxiv.org/abs/1712.00377

Test
gog 7 [Black]

Models
SAN GVQA
White
“
wearng shorts 7 [Yes)
Models
SAN GVQA




Step 2: Visual Reasoning, Grounding, and beyond

VQAT1,2015 | [VQAZ2,2017 | |[VQA-CP2018

CLEVR: A Diagnostic Dataset for
Compositional Language and Elementary Visual Reasoning

Justin Johnson'=* Bharath Hariharan® Laurens van der Maaten?
Li Fei-Fei' C. Lawrence Zitnick? Ross Girshick®

'Stanford University ’Facebook Al Research

Q: Are there an equal number of large things and metal spheres?

Q: What size is the cylinder that is left of the brown metal thing that
is left of the big sphere? Q: There is a sphere with the same size as the
metal cube; is it made of the same material as the small red sphere?
Q: How many objects are either small cylinders or metal things?

Figures from htips:/ /arxiv.org/pdf/1612.06890.pdf



Step 2: Visual Reasoning, Grounding, and beyond

VQA1,2015 | IVQA2,2017 | [VQA-CP2018

1 Final CNN feat
A simple neural network module inel GNN festure meps

for relational reasoning prosssmms Pt I ,,,,Lp
: t

with question

Adam Santoro! David Raposo! David G.T. Barrett, Mateusz Malinowski, . , Hl.: - —b uT ¢-MLP

Razvan Pascanu, Peter Battaglia, Timothy Lillicrap ' ; -: —» IS-
: . ECm —» small

adamsantoro®, draposo@, barrettdavid®, mateuszm@, i3i i B . Ev.., D:““}: —p -3 |
razp®, peterbattaglia®@, countzero@google.com
Element-wise
sonMi sum
DeepMind What size is the cylinder

London, United Kingdom that is left of the brown
metal thing that is left
of the big sphere?

l—; what size

Compare Query Compare

Model ers . .
ode Overall Count Exist Numbars Artitbate: . -Attsikite

"Human | 926 | 867 865 950  96.0 LSTM
7 (2")")!' l)iL\’A"’hl’l(‘ 7 ( 7 sl : 1. 7

LSTM

CNN+LSTM

CNN+LSTM+SA

CNN+LSTM4SA*

CNN+LSTM+RN |

Figures from htips://arxiv.org/pdf/1706.01427 .pdf



Step 2: Visual Reasoning, Grounding, and beyond

VQAT,2015 | |[VQA2,2017
CLEVR,20 =

GQA: A New Dataset for Real-World Visual Reasoning

and Compositional Question Answering
visualreasoning.net

Drew A. Hudson Christopher D. Manning
Stanford University Stanford University |
353 Serra Mall, Stanford, CA 94305 353 Serra Mall, Stanford, CA 94305

doraradf@cs.stanford.edu manning@cs.stanford.edu

Figures from htips:/ /arxiv.org/pdf /1902.09506.pdf

Is there any m

Figure 1: Examples from the new GQA dataset for visual reason-
ing and compositional question answering:

Is the bowl 1o the right of the green apple?

What type of fruit in the image is round?

What color is the fruit on the right side, red or green?




Step 2: Visual Reasoning, Grounding, and beyond

VQAT1,2015

CLEVR, 20 1=

GOQA
1. Are there any coals? yes
2. Do you see a red coat in the image? no

Figures from hnps:,

3. Is the person that is to the left of the man exiting a truck? no
4. Which place 1s this? road

GOA

1. What is in front of the green fence? gate

2. Of which color is the gate? silver

3. Where is this? street

4. What color 1s the fence behind the gate? green

5. Is the fence behind the gate both brown and metallic? no

[arxiv.org/pdf/1902.09506.pdf

VQA

1. Where is the bus driver?

2. Why is the man in front of the bus?

3. What numbers are repeated in the bus number?

VOQA

1. What are the yellow lines called?
2. Why don’t the trees have leaves?
3. Where is the stop sign?

relation
52%

VQA2,2017 | [VQA-CP2018

attribute
28%




\

Step 2: Visual Reasoning, Grounding, and beyond

VQAT1,2015 | |[VQA2,2017 | [VQA-CP2018
CLEVR,2017

* Evaluation
* Accuracy

* Consistency: model’s consistency across entailed questions

* Is there a red apple to the left of the white plate?
* |s the plate to the right of the apple?
* |s there a red fruit to the left of the plate?
*  What is the white thing to the right of the apple?

Plausibility: are the answers plausible in real world?
* Example 1: For a question about color of an apple, green and red are plausible but attributes like blue are not
* Example 2: For a question about relation r between s and t, the existence of triplet (s,r,t) is checked across dataset

Grounding
* Total attention weights for the answer on object or relation which will be grounding score

Figures from htips:/ /arxiv.org/pdf/1902.09506.pdf




K\ Y
l\@ CONCLUSIONS

® Scene Graph Generation (SGG)

® ® Pretraining SGGs that result in semantically rich features is challenging
®* Release of VG1500 consisting of 1500 objects and 500 relations

* Image-Text Retrieval

®* R-SCAN for image-to-text and text-to-image retrieval
with significant gains compared to previous SOTA

STEP O

® Shipping in progress in BING

® Release of R-COCO evaluation set

®* Image Captioning

®* Completing the missing edge piece in current captioning systems

®* Weakly supervised SGG STEP 1

®* Reasoning and beyond STEP 2 & beyond




1§ CONCLUSIONS

(5 ®* Weakly supervised SGG

How to exploit large scale click data?
How to expand VG's ontology?

What are useful approaches for SGG
pretraining using imperfect “often” noisy
labels from click data?

N ® Reasoning and beyond

Given a query how to reason over scene graphs?

How to overcome biases in VQA systems?
Is it easier to control bias using a structured representation?

Is GQA enough?
*  No counting questions
*  What is the performance of current systems on golden scene graphs?

* s it atestbed for a good vision backend or it can measure the reasoning
capability of the model?

Can we embed common sense into SGGs? How to define visual common sense?

*  Are datasets like VCR (Visual Commonsense Reasoning) enough?

STEP 1

STEP 2 & beyond







é) O Euplormg Vlsual Relations for Image-Text Matching

A N

1 LN\D Task:
| | Scene Graph Generation (SGG):
1. PredCLS: Predicate classification given (source,target) objs
2. SgCLS: Both obj classification and predicate classification
“given” the ground truth bounding boxes
3. SgDET: Detecting bboxes using a backend (e.g.,Faster R-CNN),
predicting obj classes and predicate classes

. an
>
).

Datasets:

Several datasets to address each of above tasks, the most |
popular one is visual genome. |

quum from hitgs: // visualgenome.org /static/paper/ Visy Vx sal Q mome.pdf

'“Meihods:

' Various methods proposed including iterative message passing

from Stanford, Neural Motifs from UW, etc (A complete up to date list

http: / /picdataset.com/challenge /paper list/ )




