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* Let’s start with ...






The Future is Multimedia
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SECURITY DRONES/AERIAL AUTOMOTIVE CONSUMER

O By 2020 (IHS), security cameras will capture
* 30 billion images per second
e 100 trillion images pre hour
* 2.5 million terabyte per day
* 29 cameras per person
O Crucial for security, economy and spans all types of applications




Fully utilize multimedia? cross-media research
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Exploit the relationships between different media types
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Cross-media
Retrieval

Cross-media
Interaction

Research

Many Others




An example: robot

Visual Audio
Olfactory FUMANLIKE
VLADISLAV OCIACIA

Taste

Multimedia data analyzed as a whole for a robot to think/act like human
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Vison and Language
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Binary classification

Problem Statement

v Classify binary data with binary weights

x:dx1 be{-1,+1}"
W:dxC W e {-1,+1}"¢
y =W'x y=W'b

dC' Floating-point rC' XNOR operations

multiplications
w!.b =r — 2Dy(w,, b)

ID)]I-]I . Hamming distance
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Binary classification

HD Real-valued loint Binary Codes
Images 08 - B8 B O . i-. B EE B
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Feature e Binary Codes| Encoding :
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Extraction H .
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Labels
car, plane, ,
human, dog ...

Binary Weights

—_— leane”
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Binary Weights

Test Image

Feature IO I Ex T Binary Encoding . IEIEE I Hamming

—.. .
Extraction Retrieval

Classifying an image reduces to retrieving its nearest class codes in the Hamming space
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@ Association for
P Computing Machinery

SPECIAL INTEREST GROUP ON INFORMATION RETRIEVAL

2017 Annual Meeting
August 7 - 11, 2017 Tokyo, Japan
| BEST PAPER AWARD HONORABLE MENTION

Fumin Shen, Yadong Mu, Yang Yang, Wei Liu, Li Liu, Jingkuan Song, Heng Tao Shen

for

Classification by Retrieval: Binarizing Data and Classifiers
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Multimedia Data — Multimodal In Nature

[0 Explosion of multimedia contents that are represented by
multiple modalities coming from multiple sources
Videos for new york sandy - Report videos

Video

Image

Huffington Post - 1 hour ago

AP L . f Sand

Bradenton Herald - 2 hours ago

Text

www.cnn.com/2012/11/04/us/tropical-weather-sandy/index. html
8 hours ago — Officials say thousands of New Yorkers left without heat after Superstorm
Sandy hit may need to leave their homes as temperatures plummet.
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Multimodal Data - Heterogeneous in Nature

[0 Images and texts have very different natures of representation

Image Text

yellow, frog,
amphibian,
canon, 550d,
eos, picture

EV

Dense real-valued Sparse discrete

I | (& amemnne | @) Litasy



Cross-Modal Retrieval

[ Strong need for “modality invariant” retrieval system
» Given the “title” of one movie, e.g. “Dunkirk”

e e}
Revi = Vid lips KX Soundtrack
song
. Masterful visual storytelling on an epic * MNolan's sense of memory and of history is
scale. as flattened-out and untroubled as his

gt 17,2007 Pl e sense of psychology and of character. 1 The Mole  "Dunkirk” movie episode

July 31, 2017 ull Review

Bob Mondello
PR Richard Brody
K Top Critc New orke

er
* Top Ciitic

N

Weock Our Army Back “Dunkirk” movie episode

w

Shivering Soldier ‘Dunkirk” movie episode
@ 'tisn'ta standard war movie, butitsureis

some beautiful, difficult thing. % Occasional bursts of flames, imperiling
many of the effectively nameless
characters, come as a relief from the

. " chromatic tedium,
Alison Willmore
- July 25, 2007 Fll eview

Christian Lorentzen
ublic

4 supermarine ‘Dunkirk’ movie episode

July Full Review

5 TheTide "Dunkirk” movie episode

)

Regimental Brothers  ‘Dunkirk” movie episode

The movie works. Time and again, the
action swells and dips, ke a wave,then 7 Ise “Dunkirk’ movie episode
suddenly delivers a salty slapin the face, ’ Implse Dunkirk movie episode
‘ Itis hard to imagine a better tribute to this
wictory of survival than Nolan's spare,

a Aathony Lane stunning, extraordinarity ambitious film.

July 34, 2017 |Ful

8 Home "Dunkirk” movie soundtrack

9  The ’Dunkir movie episode

0 Cross-Modal Retrieval:
Given a query from one modality, search the closest matches in another modality
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Main Challenge

[ Heterogeneous representations -> Modality Gap
» Similarities cannot be directly measured
» Distributions cannot be well aligned

This is the green stem of a potted plant.
A cruise ship docked at a coast.

A dark-haired man with a mustache is J

behind a red-haired man on a boat.

water with boats in it.

There is a bridge over the top of the J

An indoor plant in a yellow pot

- by a window.
7

A black dog lies on the grass.

Two young people are sitting at a
table next to a sliding glass door, with
one person pointing at the other.
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I Main Approach: Common Subspace Learning

[0 Main Tasks of Subspace Learning
» Learning discriminative representations for each modality
» Modeling inter-item correlations across modalities

| Common Subspace
Textual P
Space
%
| — *
Visual ﬁ?
Space >
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Limitations of Previous Deep Methods

O Limitations
» Previous methods mainly focus on feature discrimination
and pairwise item correlations
» Modality invariance is seldom considered
However, it is non-trivial since it is hard to correlate the
cross-modal items if the shift between modalities is large

O ideal case: modality invariant representation
» Given a subspace representation, its original modality

cannot be identified _ _
S Text modality
*<i % Image modality
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Ours: Adversarial Cross-Modal Retrieval (ACMR)

Image Modality

Text Modality

Friends playing a
game of Frishee
in a green park

Discrimination

Triplet
Constraint

Correlation Modelling

Intra-modal
discrimination loss

Inter-modal
invariance loss

Image
—a— B € :> Inter-modal
adversarial loss

Modality Classification

Text

[0 Adversarial Framework: Interplay between feature projector and modality classifier
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Novelties of ACMR

Subspace
representations

Fish: 0.95 \

Cat: 0.01 4 Mutually

» Promote
Fish: 0.92 '
2| Cat:0.21

Feature Discrimination Correlation Modeling Feedback

Feature Projector Signal Modality Classifier

—
v
{.E
v
%
0
)

O Introducing immediate feedback signal to steer the learning process of
feature projector, for mitigating the modality gap

O Simultaneously exploit feature discrimination and correlation modeling
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An Example

Feature Projector MOdaIity CIaSSifier
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Feature Discrimination

O Improved discrimination of subspace representations

» Image and text classifiers to output predicted probability distributions
» Supervised by the same set of semantic abstractions

Py (Vi) Py (t)
. e yi V1 R e Yi
pi(vi’yi):C— pi(ti’yi):C—

24, () >4, (%)

s == (3 (109 P,(v) + g, t)

X (%)
- & Warfare: 0.95 Sport
“ & History: 0.01 Warfare
\ History
HMS Dreadnought 3 1 5| Warfare: 0.92 Music
wasabg'?tle:his.. J O HiStOf’Y' 0.21
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Correlation Modeling

0 Goals of Correlation Modeling
» Minimize the distances among semantically similar items
» Maximize the distances among semantically different items

O Enforce triplet constraints  {(v,,1,,£,)},{(,v;,v,)}

Loy (8) = D (max(0, u+ A-1(v,,17) — 1(v,,1))))

i,7.k

L7 (Op) = 2 (max(0, s+ A-1(4,,v)) = 1(1,,v))))

I | (& ez | Q) Liitakd,



Overall Formulation for Feature Projector

L. L L

imi imd reg
IrmV(Q )+ m:T(Q )

|
: > UwWlle + 11w/ lE)
=1
Inter-modal correlation loss :
|
|
|

19 A 5
-Hz(yi -(log f; (v;) +log f; (t;)))
i=1 Regularization
for preventing
overfitting

Intra-modal discrimination
loss

combining visual and textual
modalities
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ACMR Optimization: Minimax Game

[ Integrate losses from the two “players”

Gradient Reversal Layer

Lemp Oy, O, Qimd)': @ ,‘ Ladv(0D)
@ &

Feature projector Modality classifier

Laao(6p) = == " (mi - (og D(vi;6p) + log(1 = D{t; 0p))
i=1

0 A minimax game between the two “players”

(O, O, O ma) = argmin (Lepp 0y, 07 Oima)—Lado(Op))
0v.07:0; ma

Op = argmax (Lepmp (09, 07 0;ma) — Laaw (D))
Op
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Experimental Settings

[0 Data and Features

Dataset Instances Labels Image feature Text feature
Wikipedia 1,300/1,566 10 128d SIFT 10d LDA

4,096d VGG 1,000d BoW

Pascal Sentences 800/200 20 4,096d VGG 1000d BoW

NUSWIDE-10k 8000/2000 350 4,096d VGG 3000d BoW

MSCOCO 66,226/16,557 500 4,096 VGG 3,000 BoW

0 Configuration, Tasks and Metrics
» Network: V = 2000 - 200 for visual feature; T = 500 = 200 for textual feature;
f > 50 = 1 for modality classifier
» Tasks: Img2Txt and Txt2Img
» Metric: Mean Average Precision (MAP) and precision-scope curve

0 Compared Methods
» Traditional: SCM (CCA) [MM’10], JRL [TCSVT’14], LCFS [ICCV’15], CCA-3V [lJICV’14],
JFSSL [TPAMI’16]
» DNN-based: Multimodal-DBN [ICML’12], Bimodal-AE [ICML11], Corr-AE [MM’14],
CMDN [lJCAI'16]
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[ Retrieval results on Wikipedia Dataset

Shallow feature Deep feature
Img2Txt Txt2lmg Average Img2Txt Txt2img Average

CCA 0255 0185 0220 0267 0222 0245
Mitimodal DBN 0149 0150 0150 0204 0183  0.194
Bimodal-AE 0236 0208 0222 0314 0290 0302
CCA-3V 0275 0224 0249 0437 0383 0.410
LCFS 0279 0214 0246 0455 0398 0427
Corr-AE 0280 0242  0.261 0402 0395 0398
JRL 0344 0277 0311 0453 0400 0426
JFSSL 0306 0228 0267 0428 0396 0412
CMDN : : : 0488 0427 0458
L ACMR | 0.366 0277 0322 0619 0489 0546
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] Retrieval results on Pascal Sentences and NUSWIDE-10k

Pascal Sentences NUSWIDE-10k

Img2Txt Txt2Img Average Img2Txt Txt2lmg Average
CCA 0.363 0.219 0.291 0.189 0.188 0.189
Multimodal DBN 0.477 0.424 0.451 0.201 0.259 0.230
Bimodal AE 0.456 0.470 0.458 0.327 0.369 0.348
LCFS 0.442 0.357 0.400 0.383 0.346 0.365
Corr-AE 0.489 0.444 0.467 0.366 0.417 0.392
JRL 0.504 0.489 0.496 0.426 0.376 0.401
CMDN 0.534 0.534 0.534 0.492 0.515 0.504
ACMR 0.535 0.543 0.539 0.544 0.538 0.541

Our approach consistently achieves better performance
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Visualization of Subspace Representations

[ t-SNE visualizations of subspace representations on Wikipedia
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(b) With Adversary

Adversary is effective to reduce the modality gap
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ACMmultimedia25

Let’s Make History!

Oct 23, 2017 - Oct 27,2017 » ntain View, CA USA

ACM Special Interest Group on Multimedia

presents to

Bokun Wang, Yang Yang, Xing Xu,
Alan Hanjalic, Heng Tao Shen

Best Paper Award 2017
"Adversarial Cross-Modal Retrieval"

October, 2017
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Video captioning

O Problem Statement

Describing video visual content with natural language text

--.-IIII--I-I-III--II-I-I-I.II-I--
2 B .= ) 4

A Video:

Caption: A man is running down a road

A monkey is pulling a
Caption: dog’s tail and is chased
by the dog.

A Video:




Related work

The Encoder-Decoder framework

English __,| RNN | . g@@— RNN | . French (o ceveretal. NIPS'14]
Sentence encoder decoder Sentence

—>| Encode @ 0 @)— RNN S [Sutskever et al. NIPS'14]
rieoce decoder entence [Vinyals et al. CVPR’15]

u —>| Encode — (0 0 @— d:cgzler —> Sentence [Subhashini et al. NAACL'15]

5 RNN RNN )
u > —000)— decoder | Sentence [Venugopalan et. al. ICCV’ 15]

Key: Encode the visual feature of the video and “decode” it to a sentence

& zmmemnne | O Liiury
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Related work

A basic model for Video Captioning: Sequence to Sequence - Video to Text [1]

<pad>

is talking <EOS>

 J

Y Y
Encoding stage Decoding stage time

Based on many to many Hierarchical RNN: seq of frames -> seq of words

[1] Venugopalan, Subhashini, et al. "Sequence to sequence-video to text.” ICCV 2015.
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Related work

Attention Mechanism for Video Captioning [1]

Caption
Features-Extraction Soft-Attention Generation

Based on many to many RNN with attention: seq of frames -> seq of words

[1] Yao, Li, et al. "Describing videos by exploiting temporal structure." ICCV 2015.



hLSTM with adjusted temporal attention

(JCAI 2017 & TPAMI 2019)

Video Caption: a is shooting a gun HEOS

£

=
"
"

O Motivations

>  Most existing decoders apply the attention mechanism to every generated
word including non-visual words (e.g. “the”, “a”).

>  However, these non-visual words can be easily predicted using natural
language model. Imposing attention mechanism on non-visual words could
mislead and decrease the overall performance of video captioning.

I | (& amemnne | @) Litasy



hLSTM with adjusted temporal attention

CNN CNN Features a is | shooting a gun #EOS
4 A ; A 1 )
- MLP (—{ MLP —» MLP > MLP — MLP —{ MLP — MLP
fhllfl hSJES h5!E5

;
ho— —— s — = _ g}
ho +h1 hs hs

J — LSTM [{ LSTM [->{ LSTM | LSTM [{ LSTM |- LSTM - LSTM | &

60000 i i T i T T f =

#BOS a man is shooting a gun

A unified encoder-decoder framework:

O Visual words (e.g. “shooting” or “gun”) are generated with visual
information extracting from a set of specific frames.

0 non-visual words (e.g. “a” and “is”) are relying on the language model.

CENTER FOR FUTWRE MEDIA
Universiy of Electonic Soence and Tach
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hLSTM with adjusted temporal attention

CNN Features a [ man | is | shooting| a gun #HEOS
4 x x 4
‘MLPHMLPH MLPHMLPH MLPHMLPH MLP‘
Ao e P heGe  hsCs e
0.7 c, ES E-;

YYD
\LSTMHLSTMHLSTMHLSTMHLSTMHLSTMHLSTM\
f ———d e 23
. I g3
he ——_______-_____-____ gg
I ‘lSTMHLSTMHlSTMHLSTMHLSTMHLSTMHLSTM‘
#BOS a man |s shootlng a gun
RNN Decoder
v
e T, Zt
A [
| ® =t 1
: — Adjusted
|
i LSTM [t »
sTM — >

v
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hLSTM with adjusted temporal attention

Bottom LSTM

captures the low-level visual features

e Bottom ]__,STM Lay_er. For the bottom LSTM layer, the hg, mg = [Wih; Wic] Me a.n( {Vi})
updated internal hidden state depends on the current
word v, previous hidden state h;_; and memory state hy,m; = LSTM (Yt}ht—lamt—l)
| o
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hLSTM with adjusted temporal attention

I e,
; e | R _ [IoEs
| ® [ o
| p N v Adjusted
| |
| Gﬁ:i't [ v .
:L ................. — Il..-:::if::‘- M »> LSTM [
l q; : ------------------ . Cy F
I ITTT IT TTTITT i 'Vﬂit Attend
! Softmax | |
V7 'f| = hea > LsTM — Nt
hy T Yt

v
Temporal Attention Model
captures the attended visual feature

e T
¢ =1 Yafv; =W fanh(Wohe + UsV+bg)
n i=1

o = softmax(cy)



hLSTM with adjusted temporal attention

__________________ ) T Zy
| < H A MLP
i ® | i
i . i Adjusted
I Ct |:| o H l ht -_ .... ‘rht 1 FI
i_ _________________ _ Il,_,_-_-:'-“‘ ht—]_ LSTM t L
| qa T — o
| ™ |
| OO ITT T IT T T ITITIT I 1 | V_.. Att d
| Softmax i - /T
| "
| . |
mvig ‘—~| | LsTM |t >
ht T Yt
Top LSTM

captures the high-level semantic features of the videos

e Top LSTM Layer. For the top LSTM., it takes the out-
put of the bottom LSTM unit output h;, previous hidden —_— — 3
state h,_; and the memory state m,_; as inputs to ob- h;,m; = LSTM(hh h;_q, mt—l)
tain the hidden state h, at time ¢, and it can be defined
as below:
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hLSTM with adjusted temporal attention

I e,
| & |:| i MLP
I T, C. & &
| X | :
: ] Adjusted
| |
| Ct H g H he = h -
—— t
b — — kel =1 LSTM ——
: D T sl
: [ T ITITTT i v At[end
| Softmax | %
| A AL
| | -
_ryv: i hia B LSTM he 5
hy ‘ T Yt

Adjusted Temporal Attention Model

decides whether visual information or language context

Ct = [icy + (1 — 5t]1_1t
[y = sigmoid(W ghy)
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hLSTM with adjusted temporal attention

RSy

i E A . i Adjusted

| Hl

i Ct |:| G I ht -"___..-"""-‘ fht 1 _

4 ht
LSTM ——

MLP Layer

outputs a predicted word with probabilities

pr = softmax (Upd(Wylhe: €] + by) + d)
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Comparison study

The performance comparison with the state-of-the-art methods on MSVD. (V)
denotes VGGNet, (O) denotes optical flow, (G) denotes GoogleNet, (C) denotes
C3D and (R) denotes ResNet-152

Model B@l | B@2 | B@3 | B@4 | METEOR | CIDEr
S2VT(V) [Venugopalan er al., 2015] - - - - 29.2 -
S2VT(V+0) - - - - 29.8 -
HRNE(G) [Pan er al . 20154] 784 | 66.1 55.1 43.6 32.1 -
HRNE-SA (G) 792 | 66.3 | 55.1 43.8 33.1 -
LSTM-E(V)[Pan er al.. 20150] 749 | 609 | 50.6 | 40.2 29.5 -
LSTM-E(C) 757 | 623 | 52.0 | 41.7 29.9 -
LSTM-E(V+C) 78.8 | 66.0 | 554 | 453 31.0 -
P-RNN(V) [Yu er al. 2016] 713 | 645 | 546 | 443 31.1 62.1
p-RNN(C) 797 | 679 | 579 | 474 30.3 53.6
p-RNN(V+C) 81.5 | 704 | 604 | 499 32.6 65.8
hLSTMt (R) 825 | 719 | 62.0 | 521 33.3 73.5
hLSTMat (R) 829 | 72.2 | 63.0 | 53.0 33.6 73.8
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I Comparison study

The performance comparison with the state-of-the-art
methods on MSR-VTT

MP-LSTM (V) 34.8 24.8
MF"—LSTM (C) 354 24.8
MP-LSTM (V+C) 35.8 25.3
SA (V) 35.6 254
SA (C) 36.1 25.7
SA (V+O) 36.6 25.9
hLSTMt (R) 37.4 26.1
hLSTMat (R) 38.3 26.3
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Video captioning by adversarial LSTM (TIP 2018)

O Motivations

> Existing methods often generate descriptions with syntax
errors, e.g.,

> “Aboyis soccer playing”

>  “Aboy is fighting with the soccer”

> Existing methods could generate descriptions that are
irrelevant to videos, e.g.,

> “Aboy is playing soccer” is confused with “a plane is flying”
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LSTM-GAN

Reference
sentences

1) A baseball player is at bat.

2) A man hits the baseball.
3) Boys are playing baseball.

AN

4) A man is talking.

5) playing A man baseball.

6) Boys are are playing baseball. ,

=

Feature Extraction
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Adversarial attack to targeted partial captions

via Structured Output Learning with Latent Variables
(CVPR 2019)

Benign Image Targeted Partial Captions Targeted Complete Captions

Targeted partial caption:
the words at some locations

are observed, while the s - -
Words at Other Iocations are (OrigilzaI-)AdoubIedeckerbusis it ) of"walier o " eb{:dy;f\:lsat:rl.ngwera

bt (Result) A bird is sitting over a (Result) A bird is flying over a body

truck of water. (5.0674) of water. (4.2249)

not specified. (Fig. (b))

Targeted complete caption:

the WO rdS at a II Iocatlons - . (Targeted) A_ ___ avariety of (Targeted) A market with a variety
(Original) Agroup of sheep standing fruit ___ vegetables. of fruit and vegetables.
a re O bS e rve d o ( F |g . ( C) ) omtop ot Ristyarees fiekl (Result) A group of a variety of (Result) A market with a variety of
fruit and vegetables. (5.2710) fruit and vegetables. (5.6272)
(a) (b) (c)

This task has never been studied in previous work!
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Text-to-image synthesis via Perceptual Pyramid

Adversarial Networks (AAAI 2019)

O Problem Statement
Generating natural images given text descriptions

O Text input

A small bird with yellow and gray throat and belly, and darker crown, wings and tail feathers

Ground-truth image Generated images

N | (& mmsoze | @ Lidary




Text-to-image synthesis via Perceptual Pyramid

Adversarial Networks (AAAI 2019)

O Problem Statement
Generating natural images given text descriptions

O Text input

A small bird with yellow and gray throat and belly, and darker crown, wings and tail feathers

Ground-truth image Generated images
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Visual Question Answering (VQA)

[ Problem Statement
Given an image and a natural language question about the image, providing
an accurate natural language answer

[ It requires a potentially vast set of Al capabilities to answer

Fine Grained Recognition: Object Detection: Commonsense Reasoning : Activity Recognition:
What kind of cheeseison How many balls are there on Does this person have 20/20 Is the woman sitting?
the pizza? the ground? vision?

49

I | & ammemnns | @) LiAas



Visual Question Answering (VQA)

0 How to enable VQA?
» We need luxuriant mutli-modal data containing triplets of images,
qguestions and answers
» Selecting images with multiple objects and rich contextual information

50
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Visual Question Answering (VQA)

[ Questions and Answers
» User interface to collect “interesting” questions
» Gathering various kinds of questions and answers from different workers

no
[ "
no
m m I ‘
=
> 73 ° o
& & ¢ & & &
S $ @ & < & v
P 2 (§'\

Types of Questions Types of Answers 51

3

7 vl
o1,
o
os@
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%,
e

®
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Visual Question Answering (VQA)

0 The quality of questions is crucial for VQA
» Quantity, Diversity, Appropriateness

Was anyone injured in the crash?

Is the - all right?
What happened?

What caused this accident?

Was anyone-l in the crash?

Is the motorcyclist OK?

Is anyone -?
Is the motorcyclist alive?

Manually collecting questions of high quality is costly!
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Visual Question Generation (VQG)

Can we automatically generate questions for images ?

@ Was anyone injured in the crash?
Is the - all right?

What happened?

What caused this accident?

VQG
i ?
Model Was anyone- in the crash?
s the motorcyelist OK?
Is anyone injured?
Is the fotorcyclist alive?

1 Visual question generation (VQG)
» Itis a dual task for the VQA, which can provide infinite sources of
guestions for the VQA
» For VQG, can we get some hints from VQA?

8 ammmmne | Q) LpAMsY
S




Radial Graph Convolutional Network for Visual Question Generation

(TNNLS 2020)

0 Rethinking the relation between “image”, “qguestion” and “answer”

The answer area that corresponds to the latent answer “blue” can be directly
located and then connected with the relevant object regions around in image,
where their explicit interactions can be naturally encoded in a graph structure to

generate question  A: Blue ——> Q: What color is the man's shirt on the right?

, sitting man
1 blue [SHifE brick wall
‘ @ - .‘\ _blue shirt

~—
—

brown couch @ —N: “’

’/I

\
\
~

|

black pants 'tl.
e

brown floor O

black pants

Using radial graph structure to model the relation between
image, answer and question
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Radial Graph Convolutional Network for Visual Question Generation

jumpi A T N \
jumping man jumping man @
black yellow helmet black @ yellow heImet@
> skateboard » skateboard ho
s eliow sn - _’
@ Building (® Graphic ® LSTM
Radial Graph  |white wheet  hand % Attention white whee! hand @
white shoe white shoe
| . J i \ J v
___________________ \
v Radial-GCN-1 ) - -======~-~ . . Radial-GCN-2 Cwe
- T 1 *
EEO-O = 3 -
| fc | What is the man
. . . . wearing on head?
. s =S . E OB B @ Question
helmet ] RS | Generation
N—/ . J

@ Finding Core Answer Area Adjacency Matrix 1 Adjacency Matrix 2

O Aninnovative answer-centric approach focuses on the relevant image regions

O Finding the core answer area in an image by matching the latent answer with
the semantic labels learned from all image regions

O Using sparse graph of radial structure is naturally built to capture the
associations between the core node
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Visualization

Ground Truth questions for 10 categories Generated questions for 10 categories
60 -
40
204
v
® PO
04 ° 4 ° 0
o water - rzé ° ';f‘.'o.l.o . , o water - gé i ‘;"*’n". %Y ’
nothing g o 9. : K » ’ '. nothing o Po (%] : x4 » 4 .
_204 ® nbathroom '-: ‘ Peep 2% oo oo e °  —20{ ® bathroom 'o‘. ‘ﬁ‘. op 2% oo o 2. T up
e right ° ...'\. R %, o e right ol’.-“'. & s... [}
ki % . @ L4 % LY ° e
: :?a:ge ] ..' .."' os ¥ H :4' s : f:a:ge ® ..° .."‘ g ¥ H :" 2
—401 & wood .”. o , of °® l. —40 e wood .’. o of o® !. =40
e tennis g' . » .... o e tennis g’ . » ..c. 8
H H H e frisbee e frisbee H H H
D|Str|but|0n Of -604 ® pizza -604{ e pizza —60 D|Str|but|on Of

G rou ndtruth -60 -40 -20 0 20 40 60 -60 —-40 -20 0 20 40 60 Generated
guestions guestions

Our proposed method can generate questions that follow the same
principles and spirit of human-like questions in the ground-truth set




MRA-Net: Multi-modal Relation Attention Network for VQA

(TPAMI 2020)

O  For simple questions, object
appearance features are enough

O For complicated questions,
relations between objects are
indispensable

O  Visual relation: binary relation,
trinary relation

Q: What color is the T-shirt? ~Q: Is the man wearing a hat? Q: What is the man’s right [ Relations between keywo rds also
A: Red A: Yes hand holding? A: Frisbee . . .
provide semantic relational
(a) (b) (c) knowledge
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Overview

“man” | | | T T T T T TTTTTTTT
“hand” | I
-,-]I Binary relation attention |
. I : v
I
(13 7
hotdog I : > ®——r @ —| softmax
’! : s N
i i - . .
Question attention | Trinary relation attention I
I
What is the I '
.  GRU |[— I W |
man eatmg? | —f |
I
= -®
| —> |
® represents element-wise multiplication L I
@ represents element-wise addition

@**%?Mmb | @ IRELR €5
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Question Attention

Is the man eating hotdog?

GRU

O Node Attention for catching
I .

_ — O Relation Attention for
Is the man eating hotdog? Is the man eating hotdog? .
encoding the core

- / relationships between words
q 9 Vg

h A

Vq
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Object Attention

A=oWlo1! & a(WPVO),

p°¢ = softmax(W;’A),

Q: What type of tree is the
man standmg close to?
o’ = ZP i Vi /

guestion-related
objects
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Visual Relation

Only encode the relations of the K
most important objects

U’I‘,b’ Ur,t — tOpk(Uc |po)’
C*, C* = topk(C | p°),

Q: Is the man wearing a hat?  Q: What is the man’s right
A: Yes hand taking? A: Frisbee
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Visual Relation

Binary Relation Attention:

| Trinary Relation Attention:

Relationii Embedding

GE = J(Wlb,eUT’b D Wé’,er) ® U(Wé’,evq)]lT :

b _ ~b b
Ri.’j — Gl,i ® Gz,j-l

pb = suﬁmax(WSbRb),

4 b _ b pb
o' = ) pijRi ;.
l\ Il’j

I | & s
‘\‘ 4 CENTER FOR FUTWRE MEDIA

I
<4+— Atten;cion = X

t
I Ri g

|

Ge=o(Wi U™ & W, . C") @ (W 011"

_ t t
= G].,I ® Gz’j ® GS,g,

t soﬂmax(W7th),

t_ t  pt
o Z Pij.gRij.g
i.j.9

i~
Il

| ©) tsiuxy
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Visual Relation

Why not quaternary or more-nary?

Ratio of the questions that involve
different number of objects

m(O) m] m2 =3 ®4and more M0 m] m2 =3 ®m4and more
(a) (b)
Training set Testing set
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Visualization

Origin Image Object attention Binary relation Trinary relation

Q-rel map binary map
0.30 ; trinary map o
./—\ q@@ 2 0.25
0.25 4 012
. . . - 5 s
Q: Which animal is the others? s 020 L o
& 0.20 ; .
- 9 08 : 0.08
015
GroLfno!—Truth: Horse v - N o .
Prediction: Horse . ' y oon
&
0.05 0.05
.
&
Y, S Ay, % gy, 12345678 91011121314151617181920
3

Q-rel map binary map
trinary map
,,p‘:: 0.14 0.20 B 008
Q: Which is between the L 4 012 A
< e 3
lady and the horse? g 010 01s P . 2
.\_/ o 0.08 & i
* : y il
010 ;
Ground-Truth: Right o 006 y
Prediction: Right V «® 004 005 i
«® 0.02
«*

4, % 12345678 91011121314151617181920
e 0 ¢ Y % %
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Vison and Language: the Future
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Vison and Language: the Future
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Vison and Language: the Future
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Thank youl!
shenhengtao@hotmai |l. com




