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Multimodal info is everywhere (text, images, videos…)

1

2020

2021

2022

2023

2019 Mar 29, 2020: A person is taken on a stretcher into 
treatment after going through testing for the coronavirus 
in Houston, Texas, March 19, 2020. (AP/David J. 
Phillip)….

Jan 17, 2021: Of the 28,500 health workers who had been
listed to get the vaccine, Maharashtra recorded a turnout of
64.3 percent. Of the 18,328 people vaccinated in
Maharashtra on Saturday, 10 recipients suffered mild
reactions including nausea, vomiting, and anxiety..

Oct 18, 2022: Parents rally at State Capitol in protest of 
upcoming COVID-19 vaccine mandates. Whitney Jiusti, a 
parent from Espardo, and her two children attend the 
protest on Oct. 18 at the California State Capitol. 

Jun 22, 2022: California and Louisiana have announced
plans to institute vaccine mandates for K-12 students
statewide (and Washington, D.C. has done the same),
though they are waiting until the FDA fully approves the
vaccines for schoolchildren of all ages...
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Quiz time!
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What happened?

Yes! A protest.

What are they protesting for?
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Existing entity-centric info leads to surface semantics
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Existing entity-centric info leads to surface semantics

Image / VideoFrame Text

Image Sentence

Object Entity

Relation Relation

Scene Graph Entity-Relation Graph
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Image / VideoFrame Text

Image Sentence

Object Entity

Relation Relation

Scene Graph Entity-Relation Graph

Existing entity-centric info leads to surface semantics

Entity-
centric
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State-of-the-art Captioner (Kamath et al., 2022)   



My Research Vision: Surface à Deep
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Event Protest

Protest

What happened?  

Deep Semantic Understanding:

Discover knowledge (important information) that humans are actively seeking. 



My PhD Research: Entity-Centric à Event-Centric
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My PhD Research: Entity-Centric à Event-Centric
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What is Multimodal Event Extraction?
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Caption:   A brave Ukrainian soldier has been pictured 
clasping a newborn baby as he crosses a destroyed bridge.

Event Rescue
Agent soldier

Agent dog

Target child
dog

soldier 

agent

rescue

agent
target

Image Event

What happened?  
Who? 

Event Type
ArgumentMultimodal Event Extraction [ACL’20]

Input: text, image, video, speech, …

Output: structured knowledge

1. Event Type: identify the occurrence of certain event

2. Argument: Identify the participants and their semantic roles

[Manling Li, et al., Cross-media Structured Common Space for Multimedia Event Extraction. ACL 2020]
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Text Image / VideoFrame

Sentence Image

Entity Object

Relation Relation

Entity-Relation Graph Scene Graph

Event Trigger Activity

Event Structure Image Event Graph

My PhD Research: Entity-Centric à Event-Centric
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My PhD Research: Entity-Centric à Event-Centric
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State-of-the-art Captioner (Kamath et al., 2022)   
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My Research Vision: Surface à Deep Knowledge
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What happened?  Deep Semantic Understanding:

Discover knowledge (important information) that humans are actively seeking. 
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My Research Vision: Surface à Deep Knowledge
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Text generation paradigm (e.g., ChatGPT) is taking over the NLP world.
But it is flat and surface-to-surface.

Surface-to-Surface
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Challenge 1: Multimodal Semantic Structures
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What happened?  

Who? 
Where? 

When?



Event Protest

Protester parent

Protester child

Tool banner

Topic No vaccine 
mandate for kids

Location California State 
Capitol

Time Oct 18

Challenge 1: Multimodal Semantic Structures
- My Solution: We propose the first Multimodal Event Extraction model
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Caption:   Whitney Jiusti, a parent from Espardo, 
and her two children attend the protest on Oct. 18 at 
the California State Capitol.

[Manling Li, et al., Cross-media Structured Common Space for Multimedia Event Extraction. ACL 2020]
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From Entity-centric to Event-centric Multimodal Knowledge Acquisition
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GAIA: Multimodal IE
[ACL’20 Best Demo Paper]

COVID-KG
[NAACL’21 Best Demo Paper]

M2E2: Multimodal Event
[ACL’20], [EMNLP’21], [AAAI’23]

CLIP-Event
[CVPR’22], [NeurIPS’22]

My Solution: Structural Transfer from Text to Vision à Factual Knowledge
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Challenge 2: Reasoning over a long horizon
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What happened?  
Who? 
Where? 

When?
Why? 
What will happen next?

Caption: Whitney Jiusti, a parent from Espardo, 
and her two children attend the protest on Oct. 18 at 
the California State Capitol.



Challenge 2: Reasoning over a long horizon
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GPT-4’s output given four pieces of news text:
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been in place for other diseases for decades and are 
considered a crucial public health measure to protect 
students, staff, and the broader community.

GPT-4’s output given four pieces of news text:



Challenge 2: Reasoning over a long horizon

12

What will happen next to Jiusti's kids?

The future actions and experiences of Jiusti's kids is 
unclear. ...... However, it is important to note that 
vaccination mandates for school attendance have 
been in place for other diseases for decades and are 
considered a crucial public health measure to protect 
students, staff, and the broader community.

GPT-4’s output given four pieces of news text:

Lose focus
Long Context à Fail to aggregate



Challenge 2: Long-Horizon Temporal Dynamics
- My solution: Event Graph Model
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What is Event Knowledge Graph?
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Feb 24, 2022: Putin announces attack…., saying he had 
decided "to conduct a special military operation" in eastern 
Ukraine. He stated there were no plans to occupy 
Ukrainian territory and that he supported the right of the 
peoples of Ukraine to self-determination.

Feb 27, 2022: Overnight, a gas pipeline outside Kharkiv
was reported blown up by a Russian attack, while an oil 
depot in the village of Kriachky near Vasylkiv ignited after 
being hit by missiles.

Mar 03, 2022: Heartbreaking photos show the scale of 
devastation faced by people fleeing from the city of Irpin, 
near Kyiv. A brave Ukrainian soldier has been pictured 
clasping a newborn baby as he crosses a destroyed bridge. 
Photographer Timothy Fadek confirmed on Twitter that the 
baby was alive, adding: ‘the parents are behind him still 
crossing the bridge, he carried the baby because the parents 
also had bags to carry.’…. Today, crowds of Ukranians
sheltered under a destroyed bridge as they tried to flee 
crossing the Irpin river.

Nodes: 

event         entity

Edges:

temporal:  <event  – event>
argument: <event – entity>
relation:    <entity – entity>

12[Manling Li, et al., Connecting the Dots: Event Graph Schema Induction with Path Language Modeling. EMNLP 2020]
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Read: Complex Situation Think: Temporal Pattern
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[EMNLP’21], [NAACL’22]

Path Language Model
[EMNLP’20]

GAIA: Multimodal IE
[ACL’20 Best Demo Paper]

COVID-KG
[NAACL’21 Best Demo Paper]

M2E2: Multimodal Event
[ACL’20], [EMNLP’21], [AAAI’23]

CLIP-Event
[CVPR’22], [NeurIPS’22]

My Solution: Temporal Graph Schema Induction à Pattern Knowledge

My Solution: Structural Transfer from Text to Vision à Factual Knowledge
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Live Demo: What Would the “SmartBook” Look Like? An Example Chapter
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Wait … Can GPT-4 generate reports already?

13

• Fluent, but short, generic and boring

• No guarantee of truthful information

• Low coverage of salient events

• Not restricted to Oct 16 – Oct 30

• No multiple views (biased)

• Sources: English text only

Untruthful
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Research Contributions
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New Research Direction: 
• Event-Centric Multimodal Knowledge Graph (next generation of information access)
New Research Hypothesis:
• Multimodal Semantic Structures ß Structural Transfer from Text to Vision 
• Long-Horizon Temporal Dynamics ß Event Graph Model as Pattern Knowledge
Knowledge for Truthful Generation: Timeline Summarization, etc

EE CS Rising Star

Ranked 1st at TAC 
SM-KBP TA1 
(led 19 students)

ACL’20 Best Demo Paper NAACL’21 Best Demo Paper

DARPA Riser
Invited Presentation at 
DARPA Forward Event 

10-year Milestone 
Demo Day (NS-CTA)

US Patent
Microsoft PhD 

Fellowship

Transition
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Write Truthfully

My Solution:
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Reason Temporal Patterns

My Solution: 
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Why Event-Centric? Extract: Complex Multimodal Knowledge
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Long 

Horizon

Complex Situation

Surface      à Deep
Concrete    à Abstract
Static          à Dynamic
Perception à Cognition

Challenge 1:

Multimodal 
Semantic
Structures 

Why Event-Centric? Extract: Complex Multimodal Knowledge



Bottlenecks of Vision Semantic Structure Learning
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(Pratt et al., 2020, …)
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Event ExtractionNatural Language Processing
Trigger Word

carry

CLIP-Event: Event-Driven Vision-Language Pretraining [CVPR’22]

21
16

Why Event-Centric? Extract: Complex Multimodal Knowledge

[Li, et al., CVPR 2022]

(Lin et al, 2020)



Event ExtractionNatural Language Processing
Trigger Word

Argument (Participant)

CLIP-Event: Event-Driven Vision-Language Pretraining [CVPR’22]

21
16

Why Event-Centric? Extract: Complex Multimodal Knowledge

(Lin et al, 2020)



Weakly Supervision
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Transfer text event knowledge to images
Why Event-Centric? Extract: Complex Multimodal Knowledge

(Lin et al, 2020)
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Why Event-Centric? Extract: Complex Multimodal Knowledge

Hard negatives via manipulating event structures

Confusion 
Matrix
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Why Event-Centric? Extract: Complex Multimodal Knowledge

Hard negatives via manipulating event structures

Role 
Switching
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Why Event-Centric? Extract: Complex Multimodal Knowledge

Hard negatives via manipulating event structures
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vIm
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s(t2,v)

Contrastive 
Learning

18

Why Event-Centric? Extract: Complex Multimodal Knowledge

Contrastive Learning on Event Semantics
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The first V+L Pretraining with Event Semantic Structures
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Challenge: Structured Encoding

Why Event-Centric? Extract: Complex Multimodal Knowledge



The first V+L Pretraining with Event Semantic Structures

20

Why Event-Centric? Extract: Complex Multimodal Knowledge



The first V+L Pretraining with Event Semantic Structures

20

Structured Alignment via Optimal Transport

Text Event Graph Image Event Graph

Why Event-Centric? Extract: Complex Multimodal Knowledge



The first V+L Pretraining with Event Semantic Structures

20

Structured Alignment via Optimal Transport

1 Define cost matrix C (embedding similarity)
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The first V+L Pretraining with Event Semantic Structures
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Structured Alignment via Optimal Transport

The optimal T is approximated by a differentiable 
Sinkhorn Knopp algorithm (Sinkhorn, 1964; Cuturi, 2013)

1 Define cost matrix C (embedding similarity)

2
Optimization Goal: minimize transport distance 

𝐷 𝑆, 𝑇 = min
!
𝑻 * 𝑪
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The first V+L Pretraining with Event Semantic Structures

20

Structured Alignment via Optimal Transport

The optimal T is approximated by a differentiable 
Sinkhorn Knopp algorithm (Sinkhorn, 1964; Cuturi, 2013)

1 Define cost matrix C (embedding similarity)

2

3

Optimization Goal: minimize transport distance 

𝐷 𝑆, 𝑇 = min
!
𝑻 * 𝑪

Optimize the transport plan T within k
iterations

Why Event-Centric? Extract: Complex Multimodal Knowledge

Structured Alignment via Optimal Transport

Text Event Graph Image Event Graph



CLIP-Event on Visual Event Extraction 

21

Supporting Zero-shot Vision Event Extraction the first time.

Arrest

agent
agent

Protest

demonstrator

Celebration

attendeeattendee
Vaccination

agent
agent target detainee

agent
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Video Events as Argument State Changes [AAAI’23]

24
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Status Changes of Objects 



Video Events as Argument State Changes [AAAI’23]

24

Video Event 
= 

Status Changes of Objects 

Why Event-Centric? Extract: Complex Multimodal Knowledge

Displacement

+ 

Pixel Changes

Status Changes of an Object

= 



Impact: Introducing Event Semantic Structures to V+L Pretraining

25

Follow-ups
from Others

Multimodal
Semantic 
Structure

Language 
as 

Supervision

…
…

Why Event-Centric? Extract: Complex Multimodal Knowledge
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My Solution: 
Structural Cross-modal Transfer
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Challenge 2: Long-Horizon Temporal Dynamics
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My Solution: 
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Procedure repeats itself

27
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Procedure repeats itself
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History repeats itself

28
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History repeats itself

28
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History repeats itself

28

Frequently Recurring Pattern

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



What is Schema Induction?

29

Schemas, or scripts, were originally defined by (Schank and Abelson, 1975) as 
“a predetermined, stereotyped sequence of actions that defines a well-known 
situation”. 

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



Bottleneck

29

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]
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Event Language Model ?

Schemas, or scripts, were originally defined by (Schank and Abelson, 1975) as 
“a predetermined, stereotyped sequence of actions that defines a well-known 
situation”. 



Bottleneck

29

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Multiple 
Actors

Real-world Events
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Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Multiple 
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Intertwined 
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Real-world Events
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Bottleneck

29

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Multiple 
Actors

Complex 
Timelines

Intertwined 
Relations

Real-world Events
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Bottleneck

29

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Multiple 
Actors

Complex 
Timelines

Intertwined 
Relations

Alternative
Outcomes

Real-world Events
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Fail to handle

Schemas, or scripts, were originally defined by (Schank and Abelson, 1975) as 
“a predetermined, stereotyped sequence of actions that defines a well-known 
situation”. 



My Solution: Event Graph Models as Schemas 

29

Previous Work: 
Event Narrative Chain

[Chambers and Jurafsky, 2008, 2009, 2010]

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge

Event Language Model ?

Event Graph Model

Schemas, or scripts, were originally defined by (Schank and Abelson, 1975) as 
“a predetermined, stereotyped sequence of actions that defines a well-known 
situation”. 



A new paradigm: Models as Schemas

30
[Li, et al., EMNLP 2021]

Input: 
Historical event graphs

(automatically extracted from Wikipedia) 
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A new paradigm: Models as Schemas

30
[Li, et al., EMNLP 2021]

Input: 
Historical event graphs

(automatically extracted from Wikipedia) 

Output:

Schema 

(frequent patterns) 
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Event Graph Generative Model

[Li, et al., EMNLP 2021] 32

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge

Schemas are the hidden 
knowledge to control 
instance graph generation



Event Graph Generative Model

[Li, et al., EMNLP 2021]

1 Event Node Generation

32
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Event Graph Generative Model

[Li, et al., EMNLP 2021]

1 Event Node Generation

2 Message Passing

32
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Event Graph Generative Model

[Li, et al., EMNLP 2021]

1 Event Node Generation

2 Message Passing

3 Argument Node Generation

32
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Event Graph Generative Model

[Li, et al., EMNLP 2021]

1 Event Node Generation

2 Message Passing

3 Argument Node Generation

4 Relation Edge Generation
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Schemas are the hidden 
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instance graph generation



Event Graph Generative Model

129
[Li, et al., EMNLP 2021]

1 Event Node Generation

2 Message Passing

3 Argument Node Generation

4 Relation Edge Generation

5 Temporal Edge Generation

32

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge

Schemas are the hidden 
knowledge to control 
instance graph generation



Evaluation: Event Prediction triples human schema

33

Schema-guided Event Prediction: The task aims to predict ending events.

[Li, et al., EMNLP 2021]
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Impact: Open doors to Event Graph Context

Event Graph
Models as 
SchemasGraph Autoencoder 

(Jin et al., 2022)

Visual Goal-Step Pred
(Yang et al., 2022)

36

Survey paper following my 
new research direction

Prototype Learning
(Deng et al., 2022)

EcoNet
(Han et al., 2020)

Corpus-based Event 
Induction

(Shen et al., 2021)

…

Goal-oriented script 
construction

(Lyu et al., 2021)

Salience-aware 
event chain

(Zhang et al., 2021)

Association Rules 
in big graphs

(Fan et al., 2022)

…

Reason: Event Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



Write Truthfully

My Solution:
Knowledge Driven Generation

Reason Temporal Patterns

My Solution: 
Event Graph Model

03 

01 02 
Re

ad
Think

W
riteEvent-Centric

Multimodal
Knowledge

Extract 
Complex Multimodal Knowledge

My Solution: 
Structural Cross-modal Transfer

Quick Questions?



Extract 
Complex Multimodal Knowledge

My Solution: 
Structural Cross-modal Transfer

Write Truthfully

My Solution:
Knowledge Driven Generation

Reason Temporal Patterns

My Solution: 
Event Graph Model

03 

01 02 
Re

ad
Think

W
rite

Research Direction 3

Event-Centric
Multimodal
Knowledge

Write: TruthfullyReason: Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



Timeline Summarization: Extreme Long Context [EMNLP’21] 

39

Goal: Summarize hundreds or thousands of input documents into a timeline.

[Li, et al., EMNLP 2021]

Write: TruthfullyReason: Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



Event Graph Compression with Optimal Transport (OT)

40

Optimization Goal: minimize the distance between summary graph and original graph

[Li, et al., EMNLP 2021]

Constraint: Only select 𝑘% (e.g. 5%) nodes to summary graph. 

Write: TruthfullyReason: Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge



Example Results on Timeline Summarization

42

Event Graph demonstrate strong power in improving event facts coverage.

[Li, et al., EMNLP 2021]

Baseline Ours

Write: TruthfullyReason: Graph Pattern KnowledgeWhy Event-Centric? Extract: Complex Multimodal Knowledge
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Research Contributions

Received broad attention in the community

IEEE Transactions on Knowledge and Data Engineering, 2022
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New Research Hypothesis:
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• Long-horizon Temporal Dynamics ß Event Graph Schema Model
Knowledge for Truthful Generation: Timeline Summarization, …
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New Research Direction: 
• Event-Centric Multimodal Knowledge (next generation of information access)
New Research Hypothesis:
• Complex Multimodal Knowledgeß Cross-modal Structural Transfer
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EE CS Rising Star
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SM-KBP TA1 
(led 19 students)

ACL’20 Best Demo Paper NAACL’21 Best Demo Paper

DARPA Riser
Invited Presentation at 
DARPA Forward Event 
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Demo Day (NS-CTA)

US Patent
Microsoft PhD 

Fellowship
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Open-source Multimodal Information Extraction System 
[Manling Li, et al., ACL 2020 Best Demo Paper; led 19 students to develop it]

43

• ARL Transition

• ARL Demo Day
• AFRL Transition
• DARPA Demo Day
• DARPA Riser in 2022
• Ranked 1st at TAC SM-

KBP 2019 and 2020 
Evaluation (10% higher than 
the second ranked team in 2019)

• Publicly Available at 
http://blender.cs.illinois.e
du/software/gaia-ie

http://blender.cs.illinois.edu/software/gaia-ie/
http://blender.cs.illinois.edu/software/gaia-ie/


COVID-19 Literature Knowledge Graph Construction
[Qingyun Wang, Manling Li, et al., NAACL 2021 Best Demo Paper]

44

Publicly Available at 
https://blender.cs.illinois.edu/covid19/ 

• Help with drug re-purposing report 
generation during collaborations 
with Prof David Liem from UCLA 
Data Science in Cardiovascular 
Medicine. 

• Widely used by other researchers, 
the KB has downloaded more than 
2000 times.

https://blender.cs.illinois.edu/covid19/


Future Research: Next Generation of Information Extraction (IE)

45
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Future Research: Next Generation of Information Extraction (IE)
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Future Research: Next Generation of Information Extraction (IE)
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Future Research: Next Generation of Information Extraction (IE)
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The Beauty of IE
Knowledge-Intense

Structure Long Context Compositional
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Future Research 1
Factuality, Evidence and Truth in Information Access

45

Factual Knowledge Cross Validation / Correction

Cross-Language Cross-Modality Cross-Source
Information 

Surgery

Potential Collaborations: Prof Kris Hammond, Prof Ken Forbus, Prof Samir Khuller, Prof Han Liu, Prof Haoqi
Zhang, Prof Matthew Kay, Prof Lawrence Birnbaum, et al



Cross-Validation

Text Vision + Robotics + Sensor

Corpus-level
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Future Research 2: 
Modeling the semantics of vision world and physical world

47

COVID 
Vaccination

medical 
personnel

social 
distance

injection

Vaccination

Compositional

Open-World

The book 
is on the 
red chair.

Event 
World

Language 
World

Physical 
World

Potential Collaborations: Prof Ken Forbus, Prof Mike Rubenstein, Prof Brenna Argall, Prof Larry Birnbaum,
Prof Emma Alexander, Prof Michael S. Horn, Prof Lawrence Birnbaum, et al
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Future Research 2: 
Modeling the semantics of vision world and physical world
Potential Collaborations: Prof Ken Forbus, Prof Mike Rubenstein, Prof Brenna Argall, Prof Larry Birnbaum,
Prof Emma Alexander, Prof Michael S. Horn, Prof Lawrence Birnbaum, et al



Future Research: Next Generation of Information Extraction (IE)

45

The Beauty of IE
Knowledge-Intense

Structure Long Context

Cross-Validation

Semi-structured

Future: Universal IE

Compositional

The Bottleneck of IE

Structure Annotation Limited Ontology Performance

External Context

Corpus-level
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Future Research 3
Explainable Knowledge Reasoning via Semi-Structured Graph

UK and 
France sign 
$74 mln
agreement to 
tackle illegal 
migration

47

Potential Collaborations: Prof Ken Forbus, Prof Kris Hammond, Prof Chris Riesbeck, Prof Jessica Hullman,
Prof Han Liu, Prof Samir Khuller, Prof Brent J. Hecht, Prof Aravindan Vijayaraghavan, Prof Matthew Kay, et al

Social/Propaganda Knowledge Healthcare Knowledge



Open-Source Systems & Demos

• COVID-19 Claim Radar (lead author) [Code] 
• A structured claim extraction system, as well as refuting/supporting claim discovery.

• GAIA: A Fine-grained Multimedia Knowledge Extraction System (lead author) [Code] 
• Entity, relation, event extraction with coreference for multilingual (English, Spanish, and 

Russian) multimedia corpus. 

• Cross-lingual Entity Discovery and Linking (lead author) [Code] 
• Entity extraction and coreference for English, Spanish, and Chinese.

• Multilingual Entity, Relation, Event and Human Value Extraction (lead author) [Code] 
• Knowledge extraction system with human values for English, Russian, and Ukrainian.

• RESIN: Schema-Guided Cross-document Cross-lingual Cross-media Event Extraction 
and Tracking [Code] 

• Schema-Guided cross-document information extraction and tracking system.

160



Live Demo: Multimodal Event Recommendation [Manling Li et al., ACL 2020]

http://159.89.180.81/demo/video_recommendation/navigation_dark.html

http://159.89.180.81/demo/video_recommendation/navigation_dark.html


Live Demo: What Would the “SmartBook” Look Like? An Example Chapter

https://blenderdemo.com/smartbook

https://blenderdemo.com/smartbook
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