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What is Multimodal Knowledge?



Multimodality: is the application of ey 7"
multiple literacies within one medium’. Sl
WIKIPEDIA

The Free Encyclopedia

Knowledge: Facts acquired through experience or education;
the theoretical or practical understanding of a subject

------ Oxford dictionary (English) , 2016

[ 1] https://en.wikipedia.org/wiki/Multimodality



Multimodal knowledge:
is an awareness or understanding of someone
or something in different multimodalities.



We can extract different multimodal knowledge on
a same fact (or a same conventional knowledge)
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We can use different multimodal knowledge to
understand on a same thing (a conventional entity)
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Why we need multimodality?



Cognitive and Knowledge Graph View
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{7 DEEP LEARNING

N  lan Goodfellow, Yoshua Bengio,
"\ and Aaron Courville

R
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Yoshua Bengio
NeurlPS Keynote, 2019

3 -Mila

SYSTEM 1 VS. SYSTEM 2 COGNITION

2 systems (and categories of cognitive tasks): Manipulates high-level
semantic concepts, which can
be recombined

combinatorially
System 1 System 2
IHINKING,
* Intuitive, fast, UNCONSCIOUS, « Slow, logical, sequential, CONSCIOUS,
non-linguistic, habitual linguistic, algorithmic, planning, reasoning
* Current DL * Future DL

FAST SLow
[ - SCE
DANIEIL

KAHNEMAN

From system 1 DL to system 2 DL

Marvin Minsky
The Society of Mind, 1986

thinking slow

hard
explanation
learning slow

Framework for representing knowledge



Neural (System1) Symbolic (System2)
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people = Attributes:

_ oo
eoplewrar [
PEOP'a girafre — | house

Observed Not observed
during training during training

H-H E-0 7 ¢
FA-H H-4 -8
H-H G-d Hn-d

Training

"gq
museum
indoor

Visual
Generalisation

Symbolic Generalisation

Visual Question: How many giraffes are there in the image?

Answer: Two.
Not observed

during training

New digits,

known relations Common-Sense Question: Is this image related to zoology?

Answer: Yes. Reason: Object/Giraffe --> Herbivorous animals
--> Animal --> Zoology; Attribute/Zoo --> Zoology.

¢ =K

7.6

KB-Knowledge Question: What are the common properties
between the animal in this image and zebra?
Answer: Herbivorous animals; Animals; Megafauna of Africa.

Visual generalisation vs. Symbolic VQA, Commonsense QA,
generalisation KBQA, and Machine Reading Comprehension



Cognitive Theory

Slow
‘
Unconscious Conscious
Emotional Logical =
Automatic Effortful
Stereotypic i Reasoning

),

Knowledge Graph Perspective

Neural (system1) are

powerful for some problems
robust to data noise

hard to understand or explain
poor at symbol manipulation
unclear how to effectively use
background knowledge

Symbolic (system2) are

Usually poor regarding machine learning
problems

Intolerant to data noise

Easy to understand and assess by a
human

Good at symbol manipulation

Designed to work with background
knowledge

‘WIS NMAREEAEREANEERNER, (PETENFEZEN) , 2020551655 8H]



Neural+Symbolic:
« powerful machine learning paradigm
* robust to data noise
« easy to understand and assess by humans

« good at symbol manipulation
« work seamlessly with background knowledge

HOWTO Multimodal Knowledge Graph ?

representation KR database

meta

| . learning
earning . knowledge DL
deep learnin¢ graph

reasoning
semantic
reinforcement  GNN QA search

learning knowledge
recommendation

Neural | Symbolic

SO




Application View



More cross-modal relations, more details
and more answers



London

Capital city

122 Leadenhall Street

From Wikipedia, the free encyclopedia
(Redirected from Leadenhall Building)

122 Leadenhall Street, also known as the Leadenhall Building, is a skyscraper i
opened in July 2014 and was designed by Rogers Stirk Harbour + Partners; it is
because of its distinctive wedge shape similar to that of the kitchen utensil with
tall buildings recently completed or under construction in the City of London fin

Street, The Pinnacle, and The Scalpel.

Cross-modal entity grounding

Attributes:

,ka
museum

indoor

Visual Question: How many giraffes are there in the image?
Answer: Two.

Common-Sense Question: Is this image related to zoology?
Answer: Yes. Reason: Object/Giraffe --> Herbivorous animals
--> Animal --> Zoology; Attribute/Zoo --> Zoology.

KB-Knowledge Question: What are the common properties
between the animal in this image and zebra?
Answer: Herbivorous animals; Animals; Megafauna of Africa.

VQA, Complicated scene understanding
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Tracy Lamar McGrady Jr. is an American former
professional basketball player. He is best known for his
career in the National Basketball Association, where he
played as both a shooting guard and small forward.
McGrady is a seven-time NBA All-Star, seven-time All-
NBA selection, two-time NBA scoring champion, and on... $645.00
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% ; L Yao Ming

Yao Ming is a Chinese basketball executive and retired 5 HOUSTON RUCKETS
professional basketball player who played for the

Shanghai Sharks of the Chinese Basketball Association

and the Houston Rockets of the National Basketball

Association. He was selected to start for the Western

Conference in the NBA All-Star Game eight times, a...

v f

Wikipedia Twitter Facebook

Yao Ming and Tracy McGrady of the Houston Rockets
visit Beijing in 2004
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Cross-modal Disambiguation:
Heterogeneous in modal, but correlated in semantic
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What is Multimodal Knowledge Graph?



ESP Game

2004

ImageNet,
Visipedia
2009,2010

Automatically extracting
Semi-supervised learning
Discovers common sense

relationships

Interlinking Multimedia
Apply Linked Data
Principles to Multimedia

A

Fragments built upon the backbone NEIL: Image
of the WordNet Knowledge

Miner

IMAGENET 2013

iM
008, 2009

VISIpedia
Encyclopedia for Global Change

Labeling Images with a Computer Game

/S—eimantic Web

MMKG

Richpedia

Still many unsolved
problems

IMGpedia
2015,2017

formats

Knowledge
Graph
2019



Emerging Multimodal KG Work

Node:

* Image entity
« Text entity
* Visual concept

&
Textual concept @ . @
‘-‘—-»Kfffjggi Mlice

el Tow& paris 7

Relation: ¥,

. is-a @ @ O
* has-visual-object @

 meta-of

* has-tag @ @

e co-locate-with

Dihong Gong , Daisy Zhe Wang
Towards Building Large-Scale Multimodal Knowledge Bases



Emerging Multimodal KG Work

Challenges:

Parsing text to structured semantic graph -
Parsing images/videos to structures ‘_:‘2', g
Grounding event/entities across modalities 4 AN

Multimodal argument role

* ?
. . Text graph {} Scene graph
Applications
Story Generation and Summarization Knowledge.

Graph

Question Answering

Commonsense Discovery

Shih-Fu Chang, Alireza Zareian, Hassan Akbari, Brian Chen, Heng Ji, Spencer Whitehead, Manling Li
Multimodal Knowledge Graphs: Automatic Extraction & Applications



Emerging Multimodal KG Work

Query:  Target: Sluykosuya (Yanukovych) Number of Events 2

Event Search

Automated Summary: Knowledge Elements based Ranking Incorporating User Feedback
Show Visual Knowledge Elements | Hide Visual Knowledge Elements SEERERER] Dissimiar Events

CronkHoBeHus 20 desBpans CTany OAHUM U3 KNloYeBbIX HaKTopos , BbIHyAIABLuVIX MpeauperTa YkpanHbl BukTopa SiHykosmu4a noitTv Ha

nopnucaxue CornalieHus 06 yperynupoBaHuv jRiiiiieakererchnaues Raidiammiiaicpe [108epus K caMoMy SIHYKOBUYY U K

nepegopMaT1poBaHuIo NapnameHTCcKoro 6o: I NOCTAHOB/NEHME O 3anpeTe NPUMEHEHUS CUMbI
snactbto (Translation: The clashes on February Event Summary bd President of Ukraine Viktor Yanukovych to

sign the Agreement on the settlement of the polifita ence in Yanukovich himself and the reformatting of ' Coarse-gl‘aiHEd Types F ille-gl'ailled Types

the parliamentary majority, which issued a resolution on the evening of February 20 bannlng the use of force) , 4to cornacHo Bcem

Instrument

o Source Doc & S Entity 7 187
R e A . it Linki Text Extraction Result Relation 23 61

- Event 47 144

HCO000T6CP, 2011-01-19

EUmRECE

Bonontépbl  KpacHoro  kpecta  YKpauHbl 0Ka3blBaKOT

———Place-
O mmm—wersoRegion The case of Kiev snipers

[ Event) GeopoliticalEntity
[ Other ]

Visual Entity Extraction

nepBsyio NOMOWb PaHEHOMY Ha MHCTUTYTCKOM ynuue B Hayane Red Cross Volunteers of Ukraine provide first aid to a wounded man on Institutska
the beginning of the eleventh hour on February 20, 2014
VAL \‘- Self-defenders carry out comrade on Institutskaya Street to the rear at the end of
Toro yaca 20 ¢ 2014 roga eleventh hour on February 20

Mark 13 on a pierced bullet on Institutskaya Street, pasted by criminologists near
the side opposite the Maidan

The case of Kiev snipers question about the organizers and perpetrators of sniper
Euromaidan participants and at the same time law enforcement officers in Kiev on
20, 2014, which killed 53 people (49 protesters and 4 law enforcement officers)

[LOCPssitionRegion)
no MHCTUTYTCKOI ynuue B

Ubl BbIHOCAT

Date 201402
Location Unknown

Instrument
Type of Attack Conflict.Attack

Event Arguments

Event Type

201402 Unknown Unknown SiHy a (Ya Unknown Conflict.Attack

Li, Manling, et al. “Gaia: A fine-grained multimedia knowledge extraction system.” Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics: System Demonstrations. (ACL 2020).



Emerging Multimodal KG Work

N

Multimedia News

English- Russian Ukrainian

L Multi-lingual Text Content
I

v

/ Visual Entity Extraction )

" Visual Entity Linking )

Faster R-CNN ClassActivation
ensemble Map Model
P >
MTCNN Face Fusion and
Detector Pruning
J

FaceNet Flag Generic Face
Recognition Features Features
—>>
Landmark Matching DBSCAN Heuristics
Clustenng Rules
&

r~ Frecbase
GefNames

v

i’extual Mention Extractior?

ELMo-LSTM CRF
Entity Extractor

Textual Entity Coreference)

Collective Entity Linking
and NIL Clustering

?extual Relation Extractlon

Assembled CNN Extractor

Bi-LSTM CRFs
: Trigger Extractor

Fine-Grained Event Typing

FrameNet & Dependency based

_______________________________

Coarse-Grained Event Extraction

...............................

Fine-Grained Event Typing

Textual Event Extraction

CNN i
Argument Extractor '

Rule based
Fine-Grained Event Typing

Li, Manling, et al. “Gaia: A fine-grained multimedia knowledge extraction system.” Proceedings of the 58th Annual Meeting

>

> >
Attentive Fine-Grained Contextual Dependency based
Entity Typing Nominal Coreference Fine-Grained Relation Typing
- RN * A\ J
) . }

Textual KB

extual Event Coreference

Graph based
Coreference Resolution

Visual Entity Coreference )

Background KB & ﬁ Visual KB

Cross-Media Fusion

Visual Grounding

Cross-modal Entity Linking

v

J

Multimedia KB

Applications

News Recommendation

of the Association for Computational Linguistics: System Demonstrations. (ACL 2020).



Emerging Multimodal KG Work

{John Lasseter]

Tom Hanks ]
director
actor
. has image
, Toy Story
has description /// producer
Toy Story is about the secret .
life of toys when people are  * Walt Disney J
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[ John Lasseter ] [ Tom Hanks }
director actor
Toy Story
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[ Walt Disney }
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Sun, Rui, et al. “Multi-modal Knowledge Graphs for Recommender Systems.” Proceedings of the 29th ACM
International Conference on Information & Knowledge Management (CIKM 2020).



Data
Preprocessing

Knowledge
Graph Building

Application

Emerging Multimodal KG Work

Yo RA 0 A

Y9 AXEBHE

‘o E2FeE

@ owl:Thing

SN

* 0 BEED

* 0 HEen

=2 mATH

‘o 2

O Am

Yo TEBK

* 0 RMWHHBN

MEH IR

—

Lo ]

HMIEtE N STieaEak
HhIR (i B
IEETHREREmERLMNEIS
BRI
010-65132255
=ams

AAAAALE

=2 BRIER

[

DEX A BB SXE
*

o3P B

WETERE28S

BXR RIS
010-82670330
=Ams

AAAALS

Lot
RFHFHREX STILTKRIBAR
FiRe
HhIR{ N

ARG EEEXB =FFE10
S(PREBEIUMWEIIE)

BXRBiE

010-88653775, 010-
88653806

|aams
AAAALE:

&= 238 *xF 287 =) 47,718

1

B8&E 232

Xie, Qinghua Wen, et al. “Construction of Multi-modal Chinese Tourism Knowledge Graph”



Emeraina Multimodal KG Work

[ Text2Graph ‘:
|
| Entity Relation | *
{ Extraction Extraction | ‘}k
/
R s - Text Graph DCC Schema
3
e \\ £
i Image2Graph | R D F
| |
~
I Figure Content : .}k Graph -
! Classification Analysis ! Alignment =
e BN o e S g s Image Graph
Virtuoso
- { Code2Graph |
| |
i Preprocessin Graph —i—» * :*:
' P g Extraction !

Text/Symbol
Segmentation

Text/Symbol Graph
Recognition Construction

A

Research Paper Figure Extraction

Structure
Analysis

DL Diagram DL Diagram
Classification Analysis

Kannan, Amar Viswanathan, et al. “Multimodal Knowledge Graph for Deep Learning Papers and Code.” Proceedings of the 29th ACM
International Conference on Information & Knowledge Management (CIKM 2020) .



Emerging Multimodal KG Work
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Multi-modal knowledge embedding knowledge fusion

Liu, Ye, et al. “MMKG: multi-modal knowledge graphs.” European Semantic Web Conference (ESWC 2019).

Chen, Liyi, et al. “MMEA: Entity Alignment for Multi-modal Knowledge Graph.” International Conference on
Knowledge Science, Engineering and Management (KSEM 2020). (Best Paper)



Emerging Multimodal KG Work

(A) (B) (C)

Generic KG Generic KG

&
°

Xin Luna Dong, Building a Broad Knowledge Graph for Products, 2019

Generic KG




Emerging Multimodal KG Work

Personal Knowledge Base
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Better than the wedding soap.

Fig. 1. An Example of social media post.

I'm at Guandu

YA, | rented a
Nature Park.

bicycle.

Apr 27 09:04:36
2011

I'm eating. |
@Baling Bridge | | Tianshan Farm.

I'm at Fortress
San Domingo.

I'm at Keelung
Miaokou.

Sanshing,

Thu Apr 28 11:40:13  Sat Apr 30 06:33:00  Sat Apr 30 14:34:48 Sun May 01 11:35:37 Sun May 02 12:47:58
2011 2011 2011 2011

First Stage Model

5 Microsoft | BILSTM

"| Vision API
Image Input
Layer
—> DenseNet - v
: —— r—>» Dense
Word and
; POS Input BiLSTM —
Layer
: Metadata
Input Layer
BERT
Character and Y
POS Input » BILSTM
Layer

Life Event Detection|
Sigmoid

~| Implicit Life Event |

Second Stage Model

| Life Event Quadruples |

—ﬁ Sigmoid

A Explicit Life Event|

» Personal
. | Knowledge
Base

Yen, An-Zi, Hen-Hsen Huang, and Hsin-Hsi Chen. “Multimodal joint learning for personal knowledge base
construction from Twitter-based lifelogs.” Information Processing & Management (2019): 102148.



Emerging Multimodal KG Work

(a) Heterogenous Graph-based Multimoda Fusion

Hypernode v3 { Hyperode v, Hypernode v:
QN b= ' : i (instance2) | H (instance 3)
(instance 3) : : s : E’\AFTSEO: ] .
. i Pl L] Y intra- P Mutti-fold Bilevel -
Instance 1 HHG Graph { X __x _x ! hypemode W L e * Graph Attention
Construction \ Encoder y \ . Network
Instance 2 o N R 5 ! T e e, :
i\ Hypernode v | { Hypernode v« ! " Hypernode v: { Hypernode v+ ) '] : .
| (instance 1) | ! (instance 4) | i (@nstance 1) | ; (nstance 4) | W Modality2 Modality3
Instance 3 : @ : : (Sl o6 o - o0 =
i g : : g f=| i °e 0 o
Instance 4 /‘Q v : L:] i olldl ! 5 e - Instance 1
x! x ) Loox x; ) B piZp22 ! Y (ioi .
______________ S R . joint representations) I .
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Height: 2000px
Width: 8000px
Resolution: 300dpi

Sight_id: rps:0001
Name: London eye
Location: Lambeth,
London, UK I\!I.“!,l.!,”

Sight_id: rps:0003
Name: Big Ben

Location: Westminster,
London, UK w!ll"

City id: wd:Q84
Name: London

Total Area: 1,572 km?
Total Population: 9,126,366

Sovereign State: United Kingdom  Time Zone: UTC+1 [T [

1. Enhance KG

Height: 750px
Width: 1200px
Resolution: 300dpi
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Image in KGs are very sparse

Obelisk of Luxor stands
on the Place de la
Concorde.

Missing visual relations
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1. Enhance KG
Richpedia is G, G=(E, R).[E: entitiesJR: relations

Motivation: few images

3495

® [ssue 1: Noise-containing image

® \ethod: K-means cluster

® Implement: Noise is an outlier in the clusters,
and outliers are removed

Count
- 8 8 8 8 8 8 8 8

le'ﬁ - iﬁ 20 D % o2 15 6 4
Entity images frequency . . . . .
ﬁ ® |ssue 2: High image similarity
® Viethod: Diversity detection algorithm
A

® [mplement:

r \ n
@ sim(ei, ej) = Z min(Hy(e;) — Hy(ej))
k=1

Wikipedia
b @ ‘ First choose the center of mass, then choose the point
Bing Yahoo Google farthest from the center of mass, and select the farthest

Method: collect image resources point of those selected points in turn.



8-NN

1-NN

9-NN

6-NN

10-NN

1. Enhance KG
Richpedia is G, G=(E, R).[E: entitiesJR: relations

7-NN

For each image, we generate five descriptors:
® rpo:GHD(Gradation Histogram Descriptor)
® rpo:CLD(Color Layout Descriptor)

® rpo:CMD(Color Moment Descriptor)

® rpo:GLCM(Gray-level co-occurrence matrix)

® rpo:HOG(Histogram of Oriented Gradient)
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Richpedia is G, G=(E, R), E: entities[R: relations

City_id:wd:Q84
N dame: London rpo: sameAs(\ ('\ rpo:contain
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rpo " ImaQQOf ( rpo:Descriptor
rpo:KGentity | rpo:imageof rpo pixel (xsd: stnng) P rpo:Describes
: N L rpo:height (xsd:float) J‘ Ll rpo:value (xsd:string) |
rpo:width (xsd:float)

a

rdfs:subClassOf
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rpo:targetimage

R ———
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( R
rpo:ImageSimilarity rpo:DescriptorType
— - < | rpo:CM | | rpo:GLCM |
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. J
t| rpo:HOGS | | rpo:HOGL |

<wd:Q84,wdt:P31,wd:Q515>
<rp:0000001,rpo:imageof,wd:Q84>
<rp:0000001,rpo:sameAs,rp:0000002>

Visual relation ontology
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The Fountain of River Commerce
~ is occupied by a giant and Navigation, one of the two

3 Egyptian obelisk. The Fontaines de la Concorde(1840)
Obelisk of Luxor stands  on the Place de la Concorde.

Bl on the Place de la Behind: the Hotel de Crillon; Left:
B@a Concorde. the embassy of the United States.

Rule based: simple but effective and efficient

Rule1: If there is a hyperlink in the description, the relationship is discovered by a string
mapping algorithm between the keyword and the predefined relational ontology.

Rule2: If there are multiple hyperlinks in the description, cyclically input the KG entity
corresponding to the hyperlink, simplifying the situation to Rule1.

Rule3: If there are no hyperlinks in the description, use the named entity recognition tool to
find the KG entities and simplify the situation to Rule1 and Rule2.
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RIChPedla Download SPARQL Query Tutorial Ontology Resource About Github

\ Rlchpedla

LSRN VeSS &= Richpedia.cn
*A Comprehensive .Mult'i'—.m.od;al_!(riowl'e'dg'e Graph.: /i /5 &

o
[ 2 . e

We will introduce how
to use this dataset later

Introduction

With the rapid development of Semantic Web technologies, various knowledge graphs are
published on the Web using Resource Description Framework (RDF), such as Wikidata and
DBpedia. Knowledge graphs provide for setting RDF links among different entities, thereby

Meng Wang, Guilin Qi, Haofen Wang and
Qiushuo Zheng. Richpedia: A Large-Scale,
Comprehensive Multi-Modal Knowledge Graph.
Big Data Research, 2020

forming a large heterogeneous graph, supporting semantic search, question answering and
other intelligent services. Meanwhile, public availability of visual resource collections has
attracted much attention for different Computer Vision (CV) research purposes, including visual
question answering, image classification, object and relationship detection, etc. And we have
witnessed promising results by encoding entity and relation information of textual knowledge

graphs for CV tasks. Whereas most knowledge graph construction work in the Semantic Web
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2. Visual Relation Detection

The aim of visual relation detection is to provide a comprehensive understanding of an image
by describing all the objects within the scene, and how they relate to each other

person-on- person-wear- motorcycle-has-

A bt object .
leaf tree

bike _Mhorse e || ()22 ) 2
motor Jelephant E—

. : . \\;,'\/ ri de g - S eye of cat ear

person o
X SUb-ect elepﬁan;as head ele’prh‘an;as leg . . .
- j (o=@ =@ Statistical Information
Feature Space Relation Space (@0 @ =@
Spatial and Semantic information =0 &9
ViransE, CVPR 2017 Neural motifs: Scene graph parsing with global context

Language Priors, ECCV 2016 (CVPR2018)
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2. Long-tail Visual Relation Detection

on park next lean on attach to pull

Predicates

Tail Predicates
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| ( | \
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‘ I .. : Predicate nodes
"ERT . |
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Learning to compose dynamic tree structures for visual
contexts, CVPR 2019

Module I: Module Il :
Visual Feature Extraction Dual Graph Module
; adjacent to attachto / adjacentto attachto ™,
e . ‘
i ‘)(/ R = 3 |
i | ! stand next to™~stand next to.-" |
| stand extie : : Predicate graph :
i Predicate graph f ; o grap :
A - ﬁ S
i —~ N E i \ ! / perso‘l?w i
E M / E E person “p\ersé(n s E
; person \ | : Object graph (part) !
' Object graph (part) | ' j
\ ! \, <person-stand next to-person>
. A . .
: Unseen predicate nodes m :Object nodes : Unseen object nodes

Our method
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Table 2: Comparison with state-of-the-art baselines on the VRD-One and VG-One datasets.

2. Long-tail Visual Relation Detection

1 MOTIFS

VCTree-HL

VRD-One

VG-One

5-way 1-shot

PredCls
10-way 1-shot

5-way 1-shot

SGCls
10-way 1-shot

5-way 1-shot

PredCls

10-way 1-shot

S-way 1-shot

SGCls
10-way 1-shot

Table 4: Ablation studies on our model.

5-way 1-shot

VRD 37.4% 24.7% 14.7% 12.5% | 41.4% 27.2% 10.8 % 9.6 % | PredCly | SGCs
VTransE 37.3% 24.3% 15.8% 13.4% | 39.7% 23.4% 10.1% 9.4 % ours w/o Object Graph 473% | 204%
LSVRU 40.3% 27.1% 16.9% 14.0% | 43.4% 27.0% 10.7% 10.1% ours w/o Message Passing Network | 47.2% | 21.8%
RelDN 40.1% 26.4% 17.2% 14.3% | 43.7% 28.3% 11.3% 10.1% ours w/o Attention Network | 45.7% | 21.6%
ReIDN w/o sem  40.6% 27.3% 17.4% 14.9% | 44.1% 28.2% 11.6% 10.4% ours All | 484% | 223%
Ours 48.4% 33.5% 22.3% 20.9% | 56.3% 37.5% 14.9% 13.2%

Weitao Wang, Meng Wang, Sen Wang, Guodong Long, Lina Yao, and Guilin
Qi. One-Shot Learning for Long-Tail Visual Relation Detection. AAAI 2020.



2. Unbalanced Visual Relation Detection

pizza on plate man on elephant boy on surfboard

(a) Nonstandard label (b) Features overlap

Due to the existence of nonstandard labels, excessive attention to
low-frequency visual relation will affect the performance of the
scene graph generation model.



2. Unbalanced Visual Relation Detection

Feature Extraction Module

Memory Feature

Wikipedia Embedding Vectors
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We use the method of memory features to realize the transfer of high-frequency relation
features to low-frequency relation features.



2. Unbalanced Visual Relation Detection

The calculation of visual relation memory is based -

on the prototype of each class, which is the mean
of each category of features in the training set.

The direct observation features and memory
features are fused to realize the information
exchange between the current relation and other
relations

We also utilize the statistical information
(distribution) from the training set to influence the
results of the model.
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2. Unbalanced Visual Relation Detection
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Our model achieves evident improvement in almost all relations (47/50)

Weitao Wang, Ruyang Liu, Meng Wang, Sen Wang, Xiaojun Chang, and Yang Chen.
Memory-Based Network for Scene Graph with Unbalanced Relations. 28th ACM MM 2020.
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3. Cross-modal Entity Linking
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3. Cross-modal Entity Linking

Visual Entity Linking Module
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3. Cross-modal Entity Linking
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3. Cross-modal Entity Linking

Modalities Model Accuracy
Accuracy Top-1 Top-3 Top-5 Top-10
Top-1 Top-10 V+KG Huawei API 12.53% 18.49% 20.46% 22.94%
ours w/o visual features 56.19% 63.42% ;hﬁg ;encenlt{‘é;; oA ;sz 2323 2;(6):3’ z‘;giz"
+ aster- +CoAftt g 0 . 0 X 0 . o

I f 2. 2.2

ours W(O textual features 7255% | 8223% T+KG Faster-RCNN+Falcon 56.16% 61.47% 62.17% 63.94%
ours with a smaller sized KG | 60.19% 66.47% T+KG Faster-RCNN+CDTE 58.27% 64.79% 65.09% 66.14%
ours All 83.16% | 93.81% V+T+KG DZMNED 66.46% 73.16% 81.06% 83.49%
V+T+KG Our method 83.16% 88.61% 92.49% 93.81%

Results and

Jobs, Apple's founder, Caption Ground Truth
attended the launch of the
new iPhone. T
_ Robert Downey Jr.
Jobs Apple iPhone plays Iron Man in :
Curry won the NBA the movie
Championship for the Golden

State Warriors at Auckland T

Stadium. . _ .
Curry Warriors NBA i Messi celebrates !
with teammate
Francis McDonald win the SU_aI'eZ and |
\" Griezmann

Best Actress Oscar in 2018 fter hat-trick
and attended the awards aiter hat-tric
T against Atletico

ceremony. _
Francis Oscar Madrid.

"l Griezmann | Suarez |

(Visual occlusion)

Qiushuo Zheng, Meng Wang, Guilin Qi, Chaoyu Bai. Semantic Visual Entity Linking
based on Multimodal Learning. AAAI. 2021 (submitted)
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Is the multi-modal KG really helpful?

Adversarial Evaluation of Multimodal Machine Translation. EMNLP 2018. (CCF B)
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Is the multi-modal KG really helpful?

Probing the Need for Visual Context in Multimodal Machine Translation.
NAACL 2019. (CCF B)
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This dominance effect corroborates the seminal work of Colavita (1974) in Psychophysics
where it has been demonstrated that visual stimuli dominate over the auditory stimuli when
humans are asked to perform a simple audiovisual discrimination task.

LIAN A0 JOH LAV



Is the multi-modal KG really helpful?

Realistic Re-evaluation of Knowledge Graph Completion Methods: An
Experimental Study. SIGMOD 2020. (CCF A)
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A Benchmarking Study of Embedding-based Entity Alignment for
Knowledge Graphs. PVLDB 2020. (CCF A)
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Is the multi-modal KG really helpful?

DA VINCI

Cross-modal Entity Linking ? ? ?

Jan 11984

Is the multi-modal information only needed in very specific cases for KG?



Multimodality
Multimodal KG Construction
Inference

Challenges



Challenges

Parsing text to structured semantic graph

Parsing images/videos to structures

Grounding event/entities across modalities

?
A Text graph {} Scene graph

Annotation Cost or Limited training data (domain specific)
Computational complexity
Limited fixed vocabulary

Abstract concept not groundable

Shih-Fu Chang Alireza Zareian, Hassan Akbari, Brian Chen, Columbia University
Heng Ji, Spencer Whitehead, Manling Li, UIUC
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Real Challenges

Multimodal Data:

KG
Text
Image or video

Multimodal Knowledge Representation:

Multimodal
Spatial-Temporal
Event

Rules

Multimodal Representation Learning:

Pre-trained model for multimodal KG
Cross-modal alignment
Computing and storage capacity

el =]
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Symbolic Knowledge Graph
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Multimodal Image




Other Multimodal Data?

a EHR learning from diverse evidence types

Multi-view phenotypes

Patients

Lab tests ﬂ

Billing ICD -9

codes

Doctor notes [E]

Prescriptions

N\
Treatments £

Meta-phenotypes

Patients

Loading matrix
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L1, Yue, et al.

Patients

Collapsed variational bayesian inference
EHR lab tests

EHR phenotypes
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dimension £ ERphes
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K} 'Y patient dimension H
S EHR lab 1, state 1
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Sszy W EHRIab 5, state 1

EHR lab 5‘-slate 2

Meta-phenotypes

(U]
Eq[nwjxk]

Eq[mljxkv]

x: EHR phenotype
y: lab test

m: number of patients for lab results
n: number of patients for phenotype

t: evidence-type index
w: phenotype word index

i: phenotype token index (AD, IBD...)
j: patient index (patient ID)

k: topic index (meta-phenotype)

I: lab index (e.g. lipids, cell counts)
v: lab result discrete category index
(e.g. normal, abnormal, 1-5, M/F)

q: proposed variational distribution
(e.g. Mean Field Factorization)
*: integrate over preceding variable

“Inferring multimodal latent topics from electronic health records.”
Nature communications 11.1 (2020): 1-17.




Multimodal Tabular Data?

Other Multimodal Data?
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Feature

Visual

Motion

Audio

Text

Elements

Composition, Texture, Size, Color,
Saturation, Focus

Zooming/Tracking, Camera Position,
PerspectiveSpeed, Pan/Tilt, Editing

Volume, Speed, Pitch, Music, Tone,
Frequency

Size, Placement, Color, Diction,
Tone, Font



Richpedia Demo
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