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What is Visual Recognition?

Image tagging

deer
cat

trees
grass




What is Visual Recognition?

Object detection

deer
cat

trees
grass




What is Visual Recognition?

Object segmentation

. deer
cat
trees
grass




What is Visual Recognition?

Physics / Intuition

Gravity

«— Velocity




Pushing the Limits of Visual Recognition

Reasoning about Language!

——— acatischasing a
young deer




Vision + Language

S\

;B\WJ'W:‘

Leaning tower is found in Pisa Opera house is found in Sydney

Knowledge from Images and Text: Chen et al. 2013



Vision + Language: Applications (1)

Vision Language A grou_p of people
Deep CNN Generating shopping at an
RNN outdoor market.

o

T Q There are many
vegetables at the
fruit stand.

Visual Captioning: Vinyals et al. 2015



Vision + Language: : Applications (2)

What color are her eye? How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

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

Visual Question Answering: Agrawal et al. 2015



Vision + Language : Applications (3)

This bird has a yellow This bird i1s white ~ This flower has
belly and tarsus, grey with some black on overlapping pink

back, wings, and its head and wings, pointed petals
brown throat, nape and has a long surrounding a ring of
with a black face orange beak short yellow filaments

Text to Images: Zhang et al. 2016



Problem Overview (1): Visual Captioning

» Describe the content of an image or video with a natural language
sentence.

Acat is sitting next to a pine tree, looking up.

- Adog is playing piano with a girl.

‘
Catimage is free to use under the Pixabay License. Dog video is free to use under the Creative Commons license.



https://pixabay.com/photos/cat-young-animal-curious-wildcat-2083492/
https://pixabay.com/service/license/
https://www.youtube.com/watch?v=dn6YsyuRJEU
https://support.google.com/youtube/answer/2797468

Applications of Visual Captioning

* Alt-text generation (from PowerPoint)
» Content-based image retrieval (CBIR)
* Helping the visually impaired

* Or just for fun!

e

Alt Text: A cat sitting on top of a grass covered field



a man is eating ahot dog in a crowa

Afun video running visual captioning model real-time made by Kyle McDonald. Source: https://vimeo.com/146492001



https://vimeo.com/146492001

Image Captioning with ONN-LSTM

“Show and Tell”
* Problem Formulation A ] [ e
* s v . 1 *;u P P2 PN
0* = arg max Z log p(S|I;6) [E: . t T 1
(1,9) ok
=i | [Z| _|Z]_|E 2
logp(S|I) = Zlogp SelL, By ooy Sgii) - E e 5 gl T T 9
t=0 ';
L ) ) )
‘;% WeSO WeSI VvesN-I
* The Encoder-Decoder framework f 1 t
image So Si SN-I
Visual Language " .
—_— guag —— “Cat sitting outside”
Encoder Decoder

Image credit: Vinyals et al. “Show and Tell: ANeural Image Caption Generator”, CVPR2015.



Image Captioning with Soft Attention

« Soft Attention — Dynamically attend to input content based on query.

* Basic elements: query — g, keys - K, and values — IV

* In our case, keys and values are usually identical. They come from the CNN
activation map.

* Query q is determined by the global image feature or LSTMSs hidden
states.

Bahdanau et al. “Neural Machine Translation by Jointly Leaming to Align and Translate”, ICLR 2015.
Xu et al. “Show, Attend and Tell”, ICML 2015.



Image Captioning with Soft Attention

Use a CNNto compute a
grid of features for an image

16
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Soft Attention

Alignment scores
et,i,j - fatt(St_1, h|,J) €111 €112 €113
€121 €122 €123

€131 €132 €133

t
his |hi2 h

h2’1 h > SO

Use a CNNto compute a
grid of features for an image

17
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Soft Attention

Alignment scores Attention weights

et,iaj = fatt(&'1 ) hl,J) €111 €112 €113 ai11 | A112 | 113
— softmax
at, : y : - SOftm ax(et, : ; : ) e1,2,1 €1 22 €4 23 — a1‘2‘1 a1‘2’2 a1,2’3

€131 | €132 €133 Ai31 | A132  aA133
t
h1,1 h1,2 h
h; 1 h > S0

Use a CNNto compute a
grid of features for an image

Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.
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Image Captioning with Soft Attention

Alignment scores Attention weights

et,i,j =fatt(st-17 h|,J) €111 €112 €113 ai11  A112 | A113

softmax

at,:,: _SOﬁmaX(et,,) €121 €122 €123 =—==b Q121 Q122 a123
Ct - Z,Jat,l,Jhl,J e1'3'1 e1'3'2 e1‘3,3 di31 | Q132 | 133

t
his |hi2 h

CNN h2,1 h > So

Use a CNNto compute a -O— ¢
grid of features for an image

19
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Soft Attention

Alignment scores Attention weights

et,i,j =fatt(st-17 h|,J) €111 €112 €113 ai11  A112 | A113

softmax cat

at,:,: - SOﬁmaX(et,,) €121 €122 €123 ==> Q121 122 a123
Q — Z,jat,i,jhi,j e1,3,1 e1,3,2 e1,3,3 a1‘3‘1 a1‘3’2 a1'3’3 y1

t
his |hi2 h [

CNN | |hys h > Sp > S
h ||
Use a CNNto compute a -O— ¢ Yo
grid of features for an image
[START]

Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.
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Image Captioning with Soft Attention

€ij = fat(Se1, i)
3. = softmax(e;,. ) cat

Y1

hi1|hi2 | h ‘

» SO > S1
h A
Use a CNNto compute a Ci| Yo

grid of features for an image

[START]

Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.
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Image Captioning with Soft Attention

Alignment scores

et,i,j =fatt(st-1’ hI,J) €211 | €212 €213

& =softmax(e::) e cu e cat
Ct = Z,Jat’ldhl,] €231 | €232 | €233 y1
- r
h1,1 h1,2 h \ ‘
CNN | | h,; h

Use a CNNto compute a
grid of features for an image

:SO :31
C1 Yo

Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.

[START]
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Image Captioning with Soft Attention

Alignment scores Attention weights
et,i,j = fatt (S[-'] ’ h|,J) €211 | €212 €213 11 az12 A2
at, . = SOﬁ:m ax(et, . :) €221 €222 €223 SOﬂﬁf a2 A cat

Ct — Z,Jat’ldhl,] €231 | €232 €233 a

' Y1
hiq|hi2 h [

CNN h2,1 h

» SO > S1
" \ ‘ ‘
Use a CNNto compute a Ci| Yo

grid of features for an image

[START]

Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.
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Image Captioning with Soft Attention

Alignment scores Attention weights
et,i,j - fatt (S[-'] ) h|,J) €211 | €212 | €213 Ay11 Ay A2
at, . = SOﬁ:m ax(et, . :) €221 €222 €223 SOﬂﬁf a2 A cat

Ct — Z,jat,l,Jhl,J €231 €232 | €233 a y1

A his |hi2 h \ ‘

CNN h2,1 h > So > S

" \ ‘ ‘
Use a CNNto compute a Cil Yo
grid of features for an image

[START]

e
Y
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.




Image Captioning with Soft Attention

Alignment scores Attention weights
et,i,j =fatt(st-1’ h|,J) €211 €212 | €213 Ay1y Ao @2
8 .. =SOftMaX(€;:.)  eni em ey s oy o cat sitting

= \N..7,. h . €231 €232 | €233 a
Z,J?t,l,J i 1 ~— % Y2

A his |hi2 h \ ‘ ‘

CNN hy1 h > So > S S2
h S
Use a CNNto compute a Ci| Yo | C|| VY1
grid of features for an image f

[START] cat

e
A 25
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.




Image Captioning with Soft Attention

e .. =f (5., h) Each timestep of decoder
tij  Tatt St T uses a different context B |
&, = softmax(&y..) vector that looks at different cat siting outside  [STOF]
G Z,Jat,u ) parts of the input image v Vo v Ve
o | hyz | [ [ [ [

hoq | D

—Sz

h NIk

Use a CNNto compute a Yo| |G| Y1| G| Y2 [C]||Y3

grid of features for an image k u f

[START] cat sitting outside

26
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Soft Attention

bird flying over body water

A elvlwle] b

27
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Soft Attention

A dog is standing on a hardwood floor. A stop sign is on a road with a
— mountain in the background.

&

A group of people sitting on a boat A giraffe standing in a forest with
in the water. trees in the background.

28
Slide credit: UMich BECS498/598 DeepVision course by Justin Johnson. Method: “Show, Attend and Tell” by Xu et al. ICML 2015.



Image Captioning with Region Attention

* Variants of Soft Attention based on the feature input
« Grid activation features (covered)
 Region proposal features

Alignment Attention weight:
et IJ att(st 1, h| J) €11 /€12 €3 331 312 33
a b - SOftmax(et €221 | €222 | €223 sorif: 321 | 3222 | 3223 Seagu"
Ct Z| Jat )

€31 €32 €33 31 32 33
r‘.. \

Y1
."' h1,1 h1,2 h1,3 \ l
F r
Pfét\?N haa |haz | o L "
R by [ e | [
l Gl Yo |G
= |
[START]
N\
A\

29



Image Captioning with Transformer

* Transformer performs sequence-to-sequence generation.
 Self-Attention —Atype of soft attention that “attends to itself”.

* Self-Attention is a special case of Graph Neural Networks (GNNs) that
has a fully-connected graph.

* Self-attention is sometimes used to model relationship between
object regions, similar to GCNs.

Vaswani et al. “Attention is all you need”, NIPS2017.
Yao et al. “Exploring visual relationship for image captioning”, EOQCV 2018.
Further readings: https://graphdeeplearning.qgithub.io/post/transformers-are-gnns/



https://graphdeeplearning.github.io/post/transformers-are-gnns/

Image Captioning with Transformer

* Transformer is first adapted for
captioning in Zhou et al.

()

(

Linear )

+

7

Feed Decoder
Forward

~

* Others: Object Relation

(Encoder = 1 Multi-head ]
Transformer, Meshed-Memory bt glisiicn
Transformer I |
Self-Attention Self-Attention
[ Layer ] [ Layer ]
! Y O G )
Emb Emb
position position
encoding Inputs Outputs encoding
(shifted right)

Zhou et al. “End-to-end dense video captioning with masked transformer”, CVPR2018.
Herdade et al. “Image Captioning: Transforming Objects into Words”, NeurlPS 2019.
Comia et al. “Meshed-Memory Transformer for Image Captioning”, CVPR 2020.
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Vision-Language Pre-training (VLP)
* Two-stage training strategy: and fine-tuning,.

Is performed on a large dataset. Usually with auto-
generated captions. The training objective is unsupervised.

* Fine-tuning is task-specific supervised training on downstream tasks.

* All methods are based on BERT (a variant of Transformer).

Zhou et al. “Unified vision-language pre-training for image captioning and vga”, AAAI 2020.
Devlin et al. “‘BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, NAACL 2019.



VideoBERT: A Joint Model for Video and
Language Representation Learning

Season the steak with
salt and pepper.

Carefully place the steak rFIip the steak to the
to the pan. other side.

input text

Now let it rest and enjoy
the delicious steak.

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

output LTI LI T 1T
video / -%l

futures

Figure 1: VideoBERT text-to-video generation and future forecasting. (Above) Given some recipe text divided into \
sentences, y = y1.7, wWe generate a sequence of video tokens x = 1.7 by computing x; = arg maxy p(z: = k|y) using
VideoBERT. (Below) Given a video token, we show the top three future tokens forecasted by VideoBERT at different time
scales. In this case, VideoBERT predicts that a bowl of flour and cocoa powder may be baked in an oven, and may become a
brownie or cupcake. We visualize video tokens using the images from the training set closest to centroids in feature space.




Grounded Visual Description

« Essentially, visual description + object grounding or detection
* To achieve better result interpretability, we need grounding!

* Image domain: Neural Baby Talk, etc.
* Video domain: Grounded Video Description, etc.

» Requires special dataset that has both description and bounding box

Luet al. “Neural Baby Tlk”, CVPR2018.
Zhou et al. “Grounded video description”, CVPR2019.



Single-Frame Annotation

We see a man playing

digitalpill.tv

Anton Delecca
digitalpill.tv

From ActivityNet-Entities dataset. Zhou et al. “Grounded video description”, CVPR2019.

In frony/of microphones.

35



Multi-Frame Annotation

From ActivityNet-Entities dataset. Zhou et al.

Two women are on
shagwing the technique to posing
and hitting the ball.

Grounded video description”, CVPR2019.

J
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Problem Overview (2): VQA and Visual
Reasoning

« How to train a smart multi-modal Al system that can both see and talk?

Al Systems That Can See And Talk

Prof. Devi Parikh / Georgia Tech and Facebook Al Research

Abstract & Bio

< )

—— Al Systems That Can See And Talk ——

Devi Parikh




Problem Overview (2): VQA and Visual
Reasoning

* Large-scale annotated datasets have driven tremendous progress in this field

Geq¥h, TEXAS W  facebook facebook  UNB

VQAVO0.1 VQAV2.0 VizWiz VCR VQA-Rephrasings  TextVQA ST-VQA

2015/6 2017/4 2018/2

2018/11/27 2019/2/15 2019/4 2019/10

2019/1

2016/11

2017/12 2018/11/1 2019/2/25 2019/5

Visual Dialog VQA-CP NLVR?2 VE GQA OK-VQA

rgia  Georgia SR I Stanford
Ge(%_egéﬁ eQregc'ﬁ¥ .\ : NEC 9 University A'Z




———— —

{ \ \ THE UNIVERSITY OF
| | Ge3&h) TEXAS W facebook facebook UNB
{ VQAVO.l | VQAV2.0  VizWiz VCR  VQA-Rephrasings  TextVQA ST-VQA

2015/6 2017/4 2018/2

2018/11/27 2019/2/15 2019/4

2019/10

2016/11 2019/1

(
IVisual Dialog | vQ A-CP NLVR2 VE GQA OK-VQA

| ia A Stanford
IGegl'regclﬁ* | Ge%_;gclﬁ NEC University Alz

2017/12 2018/11/1

2019/2/25 2019/5

bananas C: Adog with gogglesisina
- motorcycle side car.
: | i il?
Whjt ISf’(;he mustache 2 :ts,srr;c;tr(‘)(fgc e moving or still — h|story Aiswer Light tan with white patch that
maade oT« Q: What kind of dog is it? runs up to bottom of his chin
A: Looks like beautiful pit bull mix
— Visual Dlalog
VQA Q: What color is it? Ouestlon
model
Visual Dialog

1 VAQA: Visual Question Answering, ICCV 2015
Image credit: https://visualqa.org/, https://visualdialog.org/ 2 Visual Dialog, CVPR 2017



https://visualqa.org/
https://visualdialog.org/

- ““ THE UNIVERSITY OF /___‘
Geqetn) TEXAS YN facebook facebook UMB |

AT AUSTIN

VQAvV0.1  VQAvV2.0  VizWiz VCR  VQA-Rephrasings  TextVQA {ST—VQAI
J

2015/6 2017/4 2018/2

2018/11/27 2019/2/15 2019/4

2019/10

2016/11 2017/12 2018/11/1 2019/1 2019/2/25 2019/5

/ — — —
Visual Dialog ~ VQA-CP GQA | OK-VQA ‘I
| | =
Georgia  Georgia | A Stanford I
TeQCh E Tegch M # University l_é l_2_ /I

Q: Which American
president is associated
with the stuffed animal

seen here?

A: Teddy Roosevelt

Outside Knowledge

Another lasting, popular legacy of Roosevelt is the stuffed toy bears—teddy bears— Q: What is the price of the ba- Q: What does the red Sign
named after him following an incident on a hunting trip in Mississippi in 1902. nanas per kgf? Say?

Developed apparently simultaneously by toymakers ... and named after President A: $1 1 98 A: StOp

Theodore "Teddy" Roosevelt, the teddy bear became an iconic children's toy,

celebrated in story, song, and film. S ne 'bxt VQA

At the same time in the USA, Morris Michtom created the first teddy bear, after

being inspired by a drawing of Theodore "Teddy" Roosevelt with a bear cub. G<—VQA

1 OK-VQA: A Visual Question Answering Benchmark Requiring External Knowledge, CVPR2019
2 Scene Text Visual Question Answering, ICCV 2019



Beyond VQA: Visual Grounding

 Referring Expression Comprehension: RefCOCO(+/g)
 Referlt Game: Referring to Objects in Photographs of Natural Scenes
* Flickr30k Entities

RefClef RefCOCO RefCOCO+

l‘.ii 4,, ¥ 4 :‘\ __ﬁ\- __;_‘
o e X i

right rocks woman on right in white shirt | guy in yellow dirbbling ball
rocks along the right side woman on right yellow shirt and black shorts
stone rlght side of stairs rlght woman yellow shirt in focus A man with pierced ears is wearing glasses and an orange hat.

A man with glasses is wearing a beer can crotched hat.
A man with gauges and glasses is wearing a Blitz hat.
A man in an orange hat starring at something.

A man wears an orange hat and glasses.

1 OK-VQA: A Visual Question Answering Benchmark Requiring External Knowledge, EMNLP 2014
2 Flickr30K Entities: Collecting Region-to-Phrase Correspondences for Richer Image-to-Sentence Models, UCV 2017



Beyond VQA: Visual Grounding

 PhraseCut: Language-based image segmentation

walking people

[1] PhraseCut: Language-based Image Segmentation in the Wild, CVPR2020

wipers on trains

zebra lying on savanna
ARl T o e ol 38
isu ) ML)
BN s 5\

£

y‘

black shirt



Approach Overview

* How atypical system looks like

Gl |
- Image
3 Feature
" Extractlon
What is she eating? QueSt'_OH )
Encoding J

Multi-Modal Answer Hamburaer
Fusion Prediction 9




Research Challenges & Opportunities

* Better image feature preparation

« Enhanced multimodal fusion
« Bilinear pooling: how to fuse two vectors into one
» Multimodal alignment: cross-modal attention
* Incorporation of object relations: infra-modal self-attention, graph attention

« Multi-step reasoning
 Neural module networks for compositional reasoning

* Robust VQA
* Multimodal pre-training



Better Image Feature Preparation

* From grid features to region features, and to grid features again

& Mila Bf Microsoft @& Microsoft facebook B™ Microsoft

( AV

Show, Attend and Tell SAN BUTD Grid Feature Pixel-BERT

2015/2 ' 2015/11 2017/7 2020/1 | 2020/4 | l




e N(TTTTTT N (T T T ™

[ Ll ° . . .
| & Mila  1EE Microsoft :=' Microsoft| facebook g% Microsoft
| Show, Attend and Tell ;I\ SAN J' _ _B_UID_ . /l Grid Feature Pixel-BERT

N — —

201572

2015/11

14x14 Feature Map

2. Convolutional
Feature Extraction

1. Input

Image over the image

3. RNN with attention 4. Word by

word

generation
S

Show, Attend and Ell

) 512

2017/7 2020/1 2020/4

feature vectors of different
parts of image

i 10 0t

(O\\

Answer:
— dogs

lin
Question: Que'rx _\&F
What are sitting |
in the basket on | s
a bicycle? |

Xewyos

Attention layer 2

Stacked Attention Network

-
Question > (Word embedding | = {GRU

kx2048

L

Top-down attention weights

/’]

@
o ;
@@ il

512

Predicted scores of Figure 1. Typically, attention models operate on CNN features cor-

candidate answers

Image features

Concatenation

@2048 @

Weighted sum over
image locations

responding to a uniform grid of equally-sized image regions (left).
Our approach enables attention to be calculated at the level of ob-
jects and other salient image regions (right).

Element-wise
product

2017 VIOA Challenge Winner

1 Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
2 Stacked Attention Networks for Image Question Answering, CVPR2016
3 Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering, CVPR2018



Z:-—>_<— Mila BE Microsoft @& Microsoft | chebook ". Microsoft
Show, Attend and Tell SAN BUTD |\ Grid Feature I Pixel-BERT

_——

201572 2015/11 2017/7 2020/1 2020/4

region

: selection
= VQA?2 vqga-eval set
b T
é S grid region
GEJ % §’_ image features features Lo 64.4 -
© o
2
o ¢33 grid
= i —_— 64.2 1
85 image features vas

Accuracy
(2]
H
=3

0.89s .

Bottom-Up
(66.13)

—— region features
+ grid features

100 200 300 400 500 600
Maximum Number of Regions/Grids as Input for VQA

63.6

Running Time

0.02s

Ours
(66.27)

In Defense of Grid Features for VQA

[1] In Defense of Grid Features for Visual Question Answering, CVPR2020
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SoMila  Bf Microsoft g Microsoft facebook g8 Microsoft,

-
(Y 34
Show, Attend and Tell SAN BUTD Grid Feature |  Pixel-BERT |
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201572 2015/11 2017/7

2020/1 2020/4

Pixel-BERT : Pre-Training
T — W o [ Model test-dev|test-std
: Sentence Encoder : : Cros§-Modality i E MUT AN[5] 60 17 a
| = EEseuiley e BUTD[2] 65.32 | 65.67
T e B VILBERT[21] | 70.55 | 70.92
| — X | | Matching (T VisualBERT[19] | 70.80 | 71.00
e =1 P i ! VLBERT|[29] 71.79 | 72.22
R e )| | i |- LXMERT[33] | 72.42 | 72.54
i‘ ) | Lot | 2 | et o UNITER/6] 72.27 | 72.46
| RS . Pixel-BERT (r50) | 71.35 | 71.42
o | |le ! [ ! Pixel-BERT (x152)| 74.45 | 74.55
: Backbone : : :EB Elcm-cntwise Sum
l | :EH A Table 2. Evaluation of Pixel-BERT
: : : : [V] Visual Token
1 | |

with other methods on VQA.

_________________________________________________________

[1] PixeHBERT: Aligning Image Pixels with Text by Deep Multi-Modal Transformers, 2020



Bilinear Pooling

* Instead of simple concatenation and element-wise product for fusion, bilinear
pooling methods have been studied

» Bilinear pooling and attention mechanism can be enhanced with each other

G52 sEouL @ sorsonne & sorsonne
B@Ekgley deestleviours S UNIVERSITE b UNIVERSITE
MCB MLB MUTAN MFB & MFH BLOCK

2016/6

2016/10 2017/5 2017/8 2019/1



Q SORBONNE
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UNIVERSITY

vy 1 1 - (g ~_§__ 3 é
‘Berkeley| [ 88 siout | S s

|
b5 oS I
| MCcB ) | MLB MUTAN | MFB &MFH ) BLOCK

2019/1

2016/6 2016/10 2017/5 2017/8

f =P (U'xoV'y)+b

Count Sketch
2 Co )
ti — . - :
§ = . Multimodal Low-rank Bilinear Pooling
Multimodal RE
Compact g e 2
Bilinear @ ‘N r e R™ y € R"
e ~ =
ths Op;szgle % [T € Rmxko V e Rnxko
000000000000

. e . Rko Rko
Multimodal Compact Bilinear Pooling ne \33101/1 / ‘ i €

2016 VQA Challenge Winner e

However, the feature after FFTis very
high dimensional.

Power Normalization

o L2 Normalization
z€eR Squeeze Stage

(a) Multi-modal Factorized Bilinear Pooling (b) MFB module

1 Multimodal Compact Bilinear Pooling for Visual Question Answering and Visual Grounding, EMNLP 2016

2 Hadamard Product for Low-rank Bilinear Pooling, ICLR 2017
3 Multi-modal Factorized Bilinear Pooling with Co-Attention Leamning for Visual Question Answering, ICCV 2017
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What is sitting on the desk
in front Of the boys? : ........................................ .. .. .:
r P : & (i 00 - E 5 : v A S
Tucker

Decor‘:a?‘sutlon Y : { »l Laptops

Structured
Sparsity

What are on the shelves
|n the background? : ----------------------- ‘ ------- g " ---------- :

Tucker
Decomposition
with
Structured
Sparsity

What is this person | Question
holding ? ] embedding )

Image
embedding

Multimodal Tucker Fusion

Bilinear Super-diagonal Fusion

Classification

1 MUTAN: Multimodal Tucker Fusion for Visual Question Answering, ICCV 2017
2 BLOCK:Bilinear Superdiagonal Fusion for Visual Question Answering and Visual Relationship Detection, AAAI 2019 skis



FILM: Feature-wise Linear Modulation

/Bi,c = hc(mz’)a

Answer: Yes Yi,e = fc(mz')
A :
= — ! FiLM(F; |ic Birc) = YicFic + Bisc-

there — ry . o . . .

. vy [ ; Something similar to conditional batch normalization
more —| ' 3 : §\< ;

: : & A
cubes—»| GRU | ReLU

Aj]“.",'.l‘. E _
A \|

than —

yellow —> S
s .2 | ResBlack 2 E Bic -

2
e
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A

y

FiLM

things—»| GRU

O 1
. 2% |
Linear |~

ResBlock 1 |- -
: RelU

s S

v

N
activation Fi,c»\
_— A AN

[1] FILM: Visual Reasoning with a General Conditioning Layer, AAAI, 2018



Multimodal Alignment

 Cross-modal attention:
 Tons of work in this area
* Early work: questions attend to image grids/regions
 Current focus: image-text co-attention

: L) as JGRE SEOUL
aH Microsoft & NAVER &3 RIEXS (B wow
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2015/11‘ 2016/5 2016/11 2018/4 | 2018/5| l
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feature vectors of different
parts of image

|:| |:| I |:| H |j What color on the stop light is lit up

N
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Question: What color on the ! mstop
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Parallel Co-attention and Alternative Co-attention

Original Image First Attention Layer Second Attention Layer

1 Stacked Attention Networks for Image Question Answering, CVPR2016

(b) Visualization of the learned multiple attention layers.
2 Hierarchical Question-Image Co-Attention for Visual Question Answering, NeurlPS 2016
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2015/11

H“|:||:|." |:|H|:||:|.“ What is the mustache
made of ? b
v 7 R E I W @ GRU /
m© Visual m® Visual m® AI; g‘t?seg( Object Detection
1| Attention [ | | Attention ||
:}:II/\:/ @ :\” { ® :\” : Answer XTU
N A A ‘, w53 i
© i ention @ ention @ i
= \ e L / T Classifier
_____ repeat 1—p
|:| ” H H H ” H H Step 1. Bilinear Attention Maps Step 2. Bilinear Attention Networks
{u} {ue}
2018 VIQA Challenge Runner-Up
DAN: Dual Attention Network » Multiple Glimpses ~ « Residual Leaming
DCN: Dense Co-attention Network « Counter Module «  Glove Embeddings

1 Stacked Attention Networks for Image Question Answering, CVPR2016
2 Improved Fusion of Visual and Language Representations by Dense Symmetric Co-Attention for Visual Question Answering, CVPR2018



Relational Reasoning

* Intra-modal attention
* Recently becoming popular
* Representing image as agraph
 Graph Convolutional Network & Graph Attention Network
 Self-attention used in Transformer

KZJ| THE UNIVERSITY Q GOOQ'G
) VADELAIDE DeepMind Q

Graph-Structured Relation Network  Graph Learner MuRel ReGAT LCGN

aimbrain  §tsti  B¥ Microsoft  Berkeley

simply smarter au thentication ~ “—® EE==  UNIVERSITY OF CALIFORNIA

2016/9 2017/6 2018/6 2019/2 2019/3 2019/5
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Graph-Structured \ Relation Networ_l§) Graph Learner MuRel ReGAT LCGN

2017/6 ‘7 2018/6

/b,

aimbrain  §RV&E B8 Microsoft  Berkeley

simply smarter authentication UNIVERSITY OF CALIFORNIA

2016/9

201972 2019/3 2019/5

Non-relational question:

Original Image:

Object pair
What is the size of with question  J9-MLP

the brown sphere?

Relational question:

Are there any rubber
things that have the
same size as the yellow
metallic cylinder?

Element-wise
sum

What size is the cylinder
that is left of the brown

metal thing that is left
of the big sphere?

l » what size is ... sphere

RN(O) = f¢ ZQO(Oi,Oj) LSTM

(2]

Relational Network: Afully-connected graph is constructed

[1] A simple neural network module for relational reasoning, NeurlPS 2017
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Graph-Structured Relation Network ~ Graph Learner

aimbrain

simply smarter authentication

2016/9 2017/6 2018/6

Image Encoder Relation Encoder

- - - - - - - - - - - - - — = = — — -y

|
|
|
|
|
| R3
—!
| |
n |
“Are allthe  r-—------ ' |
| | R2
zebras eating ——' st I i
rass?” '. _E_n_c O(_fe_l’_ ;I | !
9 [ | Ooi3 [ [
------- 1 - - - e - e — — — — — — — — —
: Fusion .
1' Bounding Box Features Obj Object
P iy Convolutional Features R Relation
i Answer [ Question Features _ .. Attention
! Predictor |

I Relation Features

Explicit Relation: Semantic & Spatial relation
Implicit Relation: Leamed dynamically during training

[1] Relation-Aware Graph Attention Network for Visual Question Answering, ICCV 2019
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MuRel | ReGAT LCGN

201972

2019/3 2019/5

this bike?
A: Yes

< Holding

. Q: Is this the typical fashion for riding Q: What is he holding?

A: Tennis Racket
(a) Semantic Relation

Q: What’s the clock attached to? Q: Are his feet touching the skateboard?

A: Pole

A: No
(b) Spatial Relation

Q: Where is the vase? Q: Should the people be walking

A: On the table

according to the light?
L. . A:No
(c) Implicit Relation



Neural Module Network (NMN)

« All the previously mentioned work can be considered as Monolithic Network
 Design Neural Modules for compositional visual reasoning — very “human like”

( , )

Berkeley Berkeley § %o | Ml Berkeley VT Sogues, {88 vicrosoft

(_ NMN __ NZNMN  PGHEE | TbD  SwckNMN NS-VQA  Prob-NMN|  MMN
2015/11 2017/4 2017/1 2018/3 2018/7 2018/10 2019/2 2019/10

Deep Compositional Question Answering with Neural Module Networks, CVPR, 2016

Leaming to Reason: End-to-End Module Networks for Visual Question Answering, ICCV 2017

Inferring and Executing Programs for Visual Reasoning, ICCV 2017

Transparency by Design: Closing the Gap Between Performance and Interpretability in Visual Reasoning, CVPR2018
Explainable Neural Computation via Stack Neural Module Networks, ECCV2018

Neural-Symbolic VQA: Disentangling Reasoning from Vision and Language Understanding, NeurlPS 2018
Probabilistic Neural-symbolic Models for Interpretable Visual Question Answering, ICML 2019

Meta Module Network for Compositional Visual Reasoning, 2019

ONO PR WN =



Consider a compositional model

Q: How many Spheres are the compare material
left of the big sphere and the / \
same colqr as ’Te small Common operations Sriei lEP
rubber Cyllnder ! Attributes identification material material
Counting objects I I
Q: How many spheres are the Comparisons nmoie
" : ‘ ; . . filter relate
right of the big sphere and the / Spatial relationships shape=sphere right
same color as the small / |Logical operations I I
rubber cylinder? /
filter filter
si1ze=big shape=cube
Q: Is the big sphere the same
material as the thing on the ,/’ Network architecture
right of the cube? ' corresponding to the

third question

[1] Deep Compositional Question Answering with Neural Module Networks, CVPR, 2016



Overview of the NMN approach

Question
Are =+=p
there =
MOTre s—=—ip NLP
cubes =» .
Semantic
than =
Parser
yellow =+
things =+»
Program
Generator

Program

greater than

count count
filter filter
shape= color=
cube yellow
scene scene

. ’shape=

Answer: Yes

I

Classifier |
Suer

v i
’ greater than
.
- count || count
o | § %
4N 7\

oy T o A 1 g o ‘ Hltcr: filter
color=

| yellow

cube

t 1
CNN
4

Uses some pre-trained parser

Execution
Engine
. Module
' Inventory |
|| Breater countl:
: than Iy
| filter cx*St‘:
Il color= .:
| yellow || equal |,

[1] Deep Compositional Question Answering with Neural Module Networks, CVPR, 2016

Trained separately




Inferring and Executing Programs

Question
Are == LSTM | = LSTM = BrEATES
‘ ‘ than
there == LSTM = |STM = count
‘ ‘ filter
MOre == LSTM > | STM = shape=
l ‘ cube
cubes == LSTM e |STM = scene
4 4
than = LSTM - |STM = count
I ‘ filter
yellow =t LSTM | = 1STM = color=
I yellow
things =s» (STM | P ISTM = scene
L
Program
Generator

Reinforce
7
Program
greater than 7”7\
/\ /' \
/ \ /\ '\ N !

count count
filter filter
shape= color=
cube yellow
scene scene

[1] Inferring and Executing Programs for Visual Reasoning, ICCV, 2017
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2015/11 2017/4 2017/5 2018/3

How many other things are of the
same size as the green matte ball?

1
| Question encoder (RNN) |

v

{ -

|

Layout prediction

g (reverse Polish notation) _ How i e
= * same =ize as the green matte ball? ]
> »[  find() -
O =
- =
L= » How many other thmes are of the o
o same size as the zreen matte ball? &
L= »|relocate(_) g
S, B > 2
3 5

_— +| count(_) Q con. o

[1] Leaming to Reason End-to-End Module Networks for Visual Question Answering, ICCV, 2017
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201972
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GeqtZa|  EE Microsoft

Prob-NMN

Image encoder (CNN)

v

Image features

2019/10




What do the modules learn?

Q: What shape is the. .. ...purple thing? ... blue thing? ... red thing right of ... red thing left of
the blue thing? the blue thing?

A: cube

A: cube

A: sphere A: sphere

Q: How many cvan ...right of the gray cube? ...left of the small cube? ...right of the gray cube ...right of the gray cube
things are. .. and left of the small cube? or left of the small cube?
A:3 A:2 A:l A: 4

[1] Inferring and Executing Programs for Visual Reasoning, ICCV, 2017



Robust VQA: an example

« Overcoming language prior with adversarial regularization

[— . .
) : i ' Difference of
e Visual Encoder b Entropies
= V; green |
et h(-) = :
O i
. > —_—
= _ fC) e =B = = = o HAIQw 1)
| & Question Encoder qi o i
; =< What Color are - Distribution ! E 1 ¥
o neolorae gy 1
! A the bananas’ < P -
Gradient Negation :/F i i U |
e e e e . l
| ! yellow -
= Question-Only Loss Gradients § ) o fﬁ T | e - i H(AIQL)
___, Difference of Entropies Gradients s QueStlon- L > fQ( = ) — il — Cross i E
(No update when dashed) ' Adversary < — Entropy b
! Answer 3§
‘B Distribution ) &

[1] Overcoming Language Priors in Visual Question Answering with Adversarial Regularization, NeurlPS 2018



Problem Overview (3): Text-to-Image
Generation

« Text-to-lmage Synthesis
« StackGAN, AttnGAN, TAGAN, ObjGAN ...

« Text-to-Video Synthesis
* GAN-based methods, VAE-based methods, StoryGAN ...

* Dialogue-based Image Synthesis
e ChatPainter, CoDraw, SeqAttnGAN ...



onditional Image Synthesis

(a) Sound-to-Image (S2l) network

41 | X1
Wave file LMS Convlayers 29 1 i P A ' DeConv layers

o= ' sign ‘ - signl A
mountain —. -:horsc g ' ol . .

ple @)~ fence table flower

- & 0
b

Wave file LMS sz Encoder
% =7
; @ o

Sound Encoder Discriminator

b
Image Encoder
l{eh 3

B g

Covayes =1 i :& Conv ayers Gr2eaad 1od DAL
SceneGraph2img [Johnson et al., 2018] Audio2img [Chen et al., 2019]

Retrieval Module

¥

Salient Object
Layout

: Eaa
[

Nnymon.pll

Object Objects H Image
Encoder » Fuser Es Decoder

=555 “0

Random Image Generation Path ]

| -4 '

1 1

Loss Path Mgl n Object _ 1 1

QJ — Estimator ' Y 4

Deep Networks ! '

1

Loss : H
1

1 1

1 1

1 1

1 1

Sample from Distirbution

» Multiple Inputs
O

Background

Recurrent Cells Fusion Module

Image Reconstruction Path

(|

Layout2img [Zhao et al., 2019] BachGAN [Li et al., 2020]



Text-to-Image Synthesis

ObjGAN,

MirrorGAN, ManiGAN

AttnGAN,

Conditional GAN/VAE StackGAN TAGAN

This flower has small, round violet This flower has small, round violet
petals with a dark purple center Xz = petals with a dark purple center

Discriminator Network

Generator Network
Soott et al, 2016. Generative Adversarial Ext to Image Synthesis.



StackGAN

e Stage 1. This bird has a yellow This bird is white  This flower has
: belly and tarsus, grey with some black on overlapping pink
o Generates. 64x64 I_mages back, wings, and its head and wings, pointed petals
o  Structural information brown throat, nape ~ and has a long surrounding a ring of
o Low detail with a black face orange beak short yellow filaments
L TTTTTT—
e Stage 2. el
_ images
o Requires Stage 1. output
o Upsamples to 256x256
o  Higher detail, photorealistic
Both stages take in the same (b) Stage-1I
images

conditioned textual input

Zhang et al, 2017. StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks



AttnGAN

this bird is red with white and has a very short beak

* Paying attentions to the relevant
words in the natural language
description

10:short ~ 3:red 11:beak 9:very 8:a

 Capture both both the global
sentence level information and 3ired  Siwhite  1:bid 10:short  O:this
the fine-grained word level |
information

Xuet al., 2018. AttnGAN: Fine-Grained Text to Image Generation with Attentional Generative
Adversarial Networks



Text-to-Video Synthesis

 StoryGAN: Short story (sequence of sentences) — Sequence of images

Story Visualization

4 ™ (. )
“A small yellow bird Fororo and Crong fishing T ey
with a black crown together. Crong is looking | é& ™
2nd beak” at the bucket. Pororo has ‘ = ,i
' y, a fish on his fishing rod.” . &
N\ J

Li et al., 2018. StoryGAN: A Sequential Conditional GAN for Story Visualization



StoryGAN

Conditional Frame Conditional Story
Discriminator Discriminator

Generated r—
Sequence of Images |

Full Story

s:>[

d &q d; &6 d:&¢ dr & ¢

Description 1 Description 2 Description 3 Description T



Precise Generation on CLEVR Dataset

StoryGAN Ground Truth StackGAN

* Given attributes of objects, generate the image

“‘Small purple rubber sphere, position is 1.4, -0.7.”

l

“Large yellow metallic cylinder, position is 2.1, 2.6.”

{

“Large green rubber cube, position is-2.0, -1.2.”

¢

“Small green rubber cylinder, position is -2.5, 1.6.”




Dialogue-based Image Synthesis

Recurrent Attentive-Fusion Module

Decoder
Termination Gate T* Termination Gate Tz
e : 0 Candidatelmage :
! patial Feature Map S°=V Spatial Feature Map S'* Spatial Feature Map S7 i Output . 1 @
H H ,',,’/ 1
([ T R [ v S 1 :
i : : B
| Image Encoder Y é : :
— : - i 1 5
: 1 Dialo
e Unlike the : 1 g
i ention : :
Attention |-—— ﬂl provided image, T Hiskory Rep : Manager
Attentive Feature Map U° Attentive Feature Map U the one | want has a] = & ‘ecccccccccceec———————————— ¢ | et E s e—— /
emmemsmemsmfmsmemsmnm smtmsmttmemems e sms mom st memsms s mtm s mt s mtm e mempmt e mtm e m et m sttt m e m rmsmsmsm s ms ek bmsmsormtopmememememed | e e ST T T T ] e e e e o e s o 0 e s O B
closed back and crystal

buckle in the front.

The flower has red petals with
yellow stigmas in the middle

Candidate Image

a®

MLP

Text-based image editing Dialogue-based image retrieval
[Chen et al., 2018] [Guo et al., 2018]



Chat-crowd

 ADialog-based Platform for Visual Layout Composition

director-1:
Draw 4 circles in-line in the following order designer-1:
- green, blue, green and blue.
DA: REQUEST (instruction) O O jOb
: . l‘ Job queue . _
director-2: . Dispatcher @ d 5
director designer
Move green ones 2 spaces away.
DA: REQUEST (instruction) " task status (pre)
e i task status (new)
: o
You mean moving down? | AN
director-3: DA: INQUIRY (clarification question) latest canvas Dialog Interface reference image
dialog history Renderer dialog history
That's correct. i g
designer-3:
DA: CONFIRM 2
® @ completion status
performance analysis
director-4: i
Iatzlg?j?ai:/:itn Input Synthetic dialog act
That was not enough for 2 spaces. i 9 ) Analyzer | | Generator utterance
Please move them down further. s :
DA: CORRECTION designer-4: Input Validator

Bollina et al., 2018. Chat-crowd: A Dialog-based Platform for Visual Layout Composition



SegAttnGAN

« Two new datasets: Zap-Seq and DeepFashion-Seq

« Extended from AttnGAN using sequential attention

\L\.

The one has a high heel.
Has a thin heel.

Has a buckle strap.
It has button details.

L

|

Is a long-sleeved one.

The one has long sleeves.

Is red with a flowered shawl.
Is a red sweater.

Lo

Na —

Initial image

| E—

@
JA31 Local image

features

1 2,

{;_.

) J

Local image
features

open style.

Cheng et al., 2019. Sequential Attention GAN for Interactive Image Editing via Dialogue
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