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Chung -Chi Chen

Å Researcher, AIRC, AIST, Japan

Å Assistant Professor (from 2026/04)

Å Founder of ACL SIG -FinTech

Å IR/NLP in High -Stakes Scenarios

Å Analysis Generation

ÅProfessional Report Generation

ÅScenario Planning

Å Evaluation

ÅDecision-Oriented Evaluation

Å Numeracy

ÅNumeral Understanding & Reasoning

Å FinTech

ÅInvestor Education

ÅMultilingual ESG

Å LegalTech

ÅDis(Mis)information Detection

ÅCompliance Checking

Å Tutorial

Å AACL-2020 ï NLP in FinTech Applications 

Å EMNLP-2021 ï Financial Opinion Mining

Å ECAI-2024 ï Agent AI for Finance: From Financial Argument Mining to 

Agent-Based Modeling

Å SIGIR-2025 ï Information Retrieval in Finance: Industry and 

Academic Perspectives on Innovation

Å AACL-2025 ï Human-Agent Teaming for Higher-Order Thinking 

Augmentation

Å Organizer: 

FinNLP  Workshop, EMNLP & IJCAI (2019 ï present)

FinArg  & FinNum Shared Task, NTCIR (2019 ï 2026)

AgentScen  Workshop, IJCAI (2024 ï present)

Program Co-Chair, NTCIR (2024-2026)

NumEval, PromiseEval @ SemEval-2024 & 2025

FinWeb Workshop, The Web Conference (2021 ï 2023)

Argument Mining Workshop @ EMNLP-2023

Å Award

Å SIGIR Early Career Researcher Award

Å Outstanding Paper Award in ANLP, Japan (2%, 15/765)

Å TAAI Thesis Award

Å ACLCLP Thesis Award

Å 1st in Legal-Tech Hackathon organized by Lawsnote, 2021

Å 1st in FinTech Hackathon organized by Microsoft and Jih Sun 

Securities, 2019

Å 1st in FinTech competition organized by Standard Chartered, 2018

https://haalab.github.io/

Internship & PhD Opportunities Available ï Join Us!

https://haalab.github.io/
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Human -Agent Ally Lab

https://haalab.github.io/Internship & PhD Opportunities Available ï Join Us!

Computer Science

Finance

Economics

Behavioral Economics Research in 

the Era of Human ïAgent Societies

https://haalab.github.io/
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Rethinking NLP: From Mining to Teaming

2019

FinNLP 

Organizer

2020

AACL

Tutorial

2021

EMNLP

Tutorial

2021

From Opinion Mining to 

Financial Argument Mining

2024

ECAI

Tutorial

2025

SIGIR

Tutorial

2025

ACL SIG-FinTech

Founder

2025

Agent AI for Finance: From 

Financial Argument Mining to 

Agent-Based Modeling

2025

AACL

Tutorial

Evaluation would go beyond accuracy & speed

The extent to which the system benefits user/human matters
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Model as Tool (Before) vs. Agent as Partner (Now & Future)

 , , ,  AI ᴦ ᶎ⁹

 , , ,  AI ᴦ ᶎ⁹

From Data to Signals

(Information Extraction)

From Signals to Insights

(Human-AI Interaction)

From Insights to Partnership

(Human-Agent Teaming)
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Outline

Å Overview

Å Higher-Order Thinking 

Å HumanïAgent Teaming

Å Augmentation

Å Scenarios (Interaction & Evaluation)

Å Presentation Preparation (Intrinsic Evaluation)

Å Analysis Generation (Extrinsic Evaluation)

Å Creative Idea Generation (Reproducible Extrinsic Evaluation)

Å Agent-Based Modeling (Simulation)

Å Proposal: Evaluate the Agent using the Same Criteria Applied to Humans (Usefulness)

Å Opinion Ranking (Short-Term)

Å Scenario & Promise Evaluation (Long-Term)

Å Proposal: Open Agent Platform 
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Higher -Order Thinking 

Cognitive (knowledge -based) Affective (emotion -based) Psychomotor (action -based)
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Bloomôs Taxonomy(Bloom, 1956)

Making judgments about information, based on set criteria or standards

Building a new whole by combining elements or creating new meaning

Breaking down information into parts to understand relationships, motives, or causes

Using acquired knowledge to solve problems in new or unfamiliar situations

Understanding of facts by organizing and summarizing information

Recognizing or recalling facts, terms, basic concepts

Higher -

Order 

Thinking
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From Understanding to Pushing the Boundary
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Essential Research for a Post -AGI or Non -AGI Future ð 

Some Personal Thoughts
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The only constant is Change 

Which role is temporary, and which skill is lasting ?

Å Iceman Č Refrigeration

Å Switchboard operators Č Switching System

Å Assembly line workers Č Robotics

Å Film delivers Č Digital Photography

Å Software developers Č Prompt engineers (for Generative AI)

Å Prompt engineers Č Generative AI systems

Dorr, 48, is a technology theorist with a PhD 

in public affairs from the University of 

California, Los Angeles, and is the director of 

research at RethinkX, a US-registered 

nonprofit that analyses and forecasts 

technological disruption. It was founded and 

is largely funded by James Arbib and Tony 

Seba, technology entrepreneurs and 

investors.

Å AI will replace nearly all human jobs within 20 years

Å Disruption will be faster than expected

Å Only a few jobs will temporarily survive

Å Outcome depends on how society responds

Å Urgent need to rethink systems and values now
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Core Skills in 2030 (The Future of Jobs Report 2025 )

Skill AI Replaceability

Analytical & Systems 

Thinking
Low

Creativity & Innovation Low

Leadership & Social 

Influence
Low

Technical Execution High

Data Processing & Entry Very High

How AI can assist human thinking ?
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Is the Current (Search) System Really  Helping Humans Think?

What parts of ñthinkingò 

can AI do, and what parts 

are uniquely human ?

Å For decades, IQ scores steadily increased (the Flynn Effect) ð but in recent years, they have started to decline in 

wealthy countries.

Å One possible reason? Education reforms that prioritize ñcritical thinkingò and ñlearning how to learn,ò while 

downplaying basic knowledge and memory training.

Å Rising reliance on digital tools (AI, smartphones, search engines) leads to reduced internal memory use

Å Outsourcing thinking = Weakened brain structures (less schema, less procedural fluency)

Å Memory and knowledge are essential for critical thinking, creativity, and problem-solving

Å "Knowing where to find it" Í "Knowing it" ð constant lookup habits donôt build understanding

Å Metacognitive laziness: Students using AI tools often learn less, not more

Å Without stored knowledge, the brain can't detect errors or connect ideas

Å Tech should augment cognition, not replace it ð internal learning must come first

Å ñAn offloaded mind may become an under-exercised mindò
ñDeep Research says...ò

ð A common student phrase today
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Human -AI Collaboration

Å We argue that while AI and LLMs can effectively support and 

augment specific steps of the research process, expert-AI 

collaboration may be a more promising mode for complex 

research tasks.

Å Enable co-construction  of  solutions  by an expert  and  a 

dynamically  adaptive  agent  through search in a construction 

space via natural language communication with agent integrity 

by design

Widening the knowledge gap between the general public and AI -proficient experts

Knowledge Transparency
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Knowledge Transparency

Information Transparency Knowledge Transparency

Definition

The ability to see what data, 

sources, or models  were used by 

the AI

The ability to understand how and why  the 

AI reached a certain conclusion or 

recommendation

Example
Citing datasets, listing source URLs, 

disclosing model architecture

Showing reasoning steps, justifying 

conclusions, exposing assumptions

Level of Maturity
Relatively well-developed in current 

systems
Still underdeveloped

Focus
Transparency at the data or system 

level

Transparency at the cognitive  or 

reasoning level

User Benefit
Helps users verify input sources and 

reduce misinformation

Enables users to learn, ask questions, 

and co -create knowledge with AI

Impact Builds trust
Enables shared understanding and 

critical thinking
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Research Directions

1. Reasoning  Traceability : Move beyond citation: explain "how " the source supports the 

conclusion

2. Longitudinal  Consistency  & Accountability : Track  evolving narratives and 

commitments over time

3. Perspective  Simulation  and Diversity  Modeling : Simulate diverse stakeholder 

perspectives, especially underrepresented  ones

4. Insight  Generation,  Not  Just  Text  Generation : Move beyond fluent summarization 

Ÿ toward actionable,  structured  insights

5. Human -Centric,  Contextual  Reasoning  Support : Align  AI systems with human 

reasoning structures

These five directions are not AI-specific design goals . They are

fundamental principles for any system  (human or artificial ) that seeks

to support transparent, accountable, and inclusive knowledge work .
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Model Construction Aspect: World Models (Yann LeCun)

Å Truly intelligent AI needs a World Model, an internal representation of how the world works, 

to predict outcomes, plan actions, and reason beyond simple pattern matching, enabling 

capabilities like common sense, planning, and filling in missing information, crucial for 

achieving Artificial General Intelligence (AGI)

Å Prediction : The core function is to predict future states and the results of potential actions, even in 

novel situations.

Å Planning  & Reasoning : By predicting consequences, agents can plan sequences of actions to 

achieve goals, improving decision-making.

Å Learning  like  Humans : It involves learning background knowledge through observation, similar to 

how children learn, using self-supervised methods.

Å Beyond  LLMs : Current Large Language Models (LLMs) are good at pattern matching but lack deep 

world understanding; a world model is needed for true intelligence.
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HumanïAgent Teaming
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Tools That Act for You
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From Google to AI, cognitive offloading is efficient ðbut 

only if internal knowledge  is already strong

Sparrow et al. (2011)

Google Effects on Memory

Gilbert et al. (2023)

Intention Offloading

Oakley et al. (2025)

The Memory Paradox

Primary Focus
How internet access reshapes what  we 

remember
How people decide to offload future intentions

Why internal knowledge  remains essential in 

the age of AI

Type of Memory Declarative factual knowledge (ñwhatò)Prospective memory (ñwhat I need to do later ò)
Declarative Ÿ Procedural memory & schema 

formation

Core Question
Do people remember information less when they 

expect online access?

When and why do people rely on external 

reminders?

Does excessive cognitive offloading undermine 

learning and intelligence?

Key Concept Transactive / external memory
Intention offloading (a form of cognitive 

offloading)

Memory paradox: external tools vs internal 

cognitive development

Main Empirical Finding
People remember where to find information  

better than the information itself

External reminders dramatically reduce 

forgetting, but are often overused

Offloading prevents consolidation into schemata 

and procedural fluency

Mechanism Identified Expectation of access reduces internal encoding
Metacognition (confidence), effort avoidance, 

habit

Disrupted declarativeïprocedural transition; 

weakened prediction-error learning

Role of Metacognition Implicit (expectation of future access)
Central and explicit (confidence guides 

offloading decisions)

Failure of metacognition leads to ñillusion of 

knowledgeò

View on Offloading Largely adaptive and neutral Highly effective but biased and suboptimal
Dangerous when it replaces internalization rather 

than supplementing it

Long -Term Cognitive Impact Shifts memory toward pointers instead of content
Stable individual differences in reliance on 

reminders

Shallow schemata, reduced intuition, possible 

contribution to IQ decline

Relation to Technology Internet as an external memory partner Calendars, reminders, digital tools AI and digital tools risk metacognitive laziness

Bottom -Line Message We outsource memory content to the internet
We outsource intentions based on confidence 

and effort

Without internal knowledge, thinking, learning, 

and creativity degrade

Sparrow et al. (2011) show what we stop remembering

Gilbert et al. (2023) explain why we offload

Oakley et al. (2025) warn what we lose when offloading replaces learning
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Agents that Work with You
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Generative AI improves immediate performance,

but when it replaces cognitive effort, both learning and 

brain engagement suffer

Fan et al. (2024)

Beware of Metacognitive Laziness

Kosmyna  et al. (2025)

Your Brain on ChatGPT

Research Question Does ChatGPT improve learning, not just writing performance? What happens in the brain when people write with ChatGPT?

Discipline Educational psychology / learning sciences Cognitive neuroscience

Participants University students Adult participants

Task Writing explanatory / argumentative short essays Timed essay writing (SAT-style prompts)

AI Usage Mode Direct content generation and revision
Three conditions:1) ChatGPT-first2) Write-first Ÿ ChatGPT3) 

No-AI

Experimental Design Randomized controlled study Multi-session EEG experiment with crossover

Key Dependent Measures
Å Essay quality (immediate)Å Delayed learning & memory testsÅ Learning process 

indicators

Å EEG brain activity & connectivityÅ Recall and quotation 

accuracyÅ Sense of authorship

Short -Term Performance ChatGPT group produced the highest-quality essays ChatGPT-first produced fluent, well-structured essays

Learning & Memory Outcomes ChatGPT group performed worst on delayed tests ChatGPT-first showed poorest recall of own content

Neural Findings Not measured
Reduced activation in prefrontal, attention, and memory 

networks

Critical Contrast High performance Í high learning Order matters : Write-first å No-AI

Core Mechanism Metacognitive Laziness (AI replaces self-monitoring and reflection) Cognitive Debt (short-term ease, long-term cost)

Shared Conclusion AI boosts output but weakens knowledge internalization AI reduces cognitive engagement when it replaces thinking

Author Position Not anti-AI; anti AI-as-substitute Not anti-AI; anti AI-first usage

Educational Implication AI should scaffold thinking, not generate answers Internalize first, offload later

Fan et al. (2024): Behavioral and learning outcomes ð AI improves immediate performance but undermines learning.

Kosmyna et al. (2025): Neural evidence ð AI reduces cognitive engagement when used too early.
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Man-Computer Symbiosis (Licklider, 1960)

ñThe question is not óWhat is the answer?ô

The question is óWhat is the question ?ôò

ð J. C. R. Licklider (1960)

Human Role (Goals / Intuition / Judgment)

ÅSets goals

ÅAsks meaningful questions

ÅProvides intuition and creativity

ÅEvaluates  results and makes decisions

Computer Role (Computation / Search / Simulation)

ÅPerforms routinizable work

ÅSearches and retrieves information

ÅTransforms and visualizes data

ÅTests models and runs simulations

Historical Trajectory

1960: Vision of time-sharing and interactive computing

1960s: Rise of time-sharing systems and interactive 

computation

1990s: The Internet turns ñthinking centersò into reality

Today : LLMs, copilots, and ChatGPT as thinking partners

Core Idea

Man and computer should form a symbiotic 

relationship , working together to solve 

problems neither could solve alone

Primary Focus
Humanïcomputer collaboration  and real-time 

interactive computing

Role of the Computer
A thinking partner  that complements human 

cognitive strengths

Role of the Human
Provides goals, intuition, creativity, and 

judgment

Approach Conceptual and visionary

Scope Individual humanïcomputer interaction

Key Contributions
Introduced the concept of interactive computing 

and cognitive symbiosis

Historical Impact Influenced AI, HCI, humanïAI collaboration
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Teaming has many Forms
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Core Requirements for Team -Centered AI

1. Cognitive Capabilities AI requires contextual understanding and task -level mental models, not just input ïoutput prediction.

ÅUnderstand tasks, sub-goals, and constraints

ÅMaintain awareness of roles and responsibilities

ÅModel workflows and situational context

ÅAnticipate human actions (team awareness)

2. Continuous Learning AI is not ñdoneò at deployment ðit co -evolves with the team over time.

ÅLearn from human feedback and interaction

ÅAdapt to individual users and team practices

ÅUpdate strategies as tasks and environments evolve

ÅGo beyond offline training to online, in-team learning

3. Semantic Communication This is not a UI problem, but a problem of shared semantic space.

ÅCommunicate using human-understandable concepts

ÅExplain why a decision was made

ÅAsk, clarify, and negotiate when needed

ÅHandle vague, incomplete, or even incorrect inputs

Human-AI teams ð Challenges for a team-centered AI at work (Hagemann et al., 2023)
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Alignment in Human ïAI Teams

Å Goal Alignment: Alignment means optimizing for what the team actually cares about.

Å AI understands the true team objectives

Å Goes beyond optimizing local or proxy metrics

Å Reasons about value trade-offs and priorities

Å Communication Alignment: Communication is not transmission, but shared understanding.

Å Humans and AI share meanings of terms and concepts

Å AI adapts its communication style to human needs

ÅMisunderstandings are detected and repaired

Å Decision Alignment: Team decisions are co -produced, not delegated.

Å Humans can understand why a decision was made

Å AI understands human constraints, judgment, and responsibility

Å Decisions emerge as collaborative outcomes, not unilateral outputs
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Coordination is the Bridge from Automation to Teamwork

Å Coordination = a cyclical communication process  (verbal/nonverbal) enabling 

synchronized actions  on interdependent tasks

Å Explicit coordination (Write a good Prompt)

Å Direct messages whose primary purpose is synchronization

Å Clear but time/attention intensive

Å Implicit coordination (e.g., Prepare slides for my tutorial)

Å Synchronization emerges from context + shared understanding

Å Less ñtalk,ò more anticipation and smooth handoffs

Å Coordination Cost

Å Explicit coordination shifts burden to the sender (often the human leader)

Å Implicit coordination distributes burden to receivers (interpretation + anticipation)

Exploring the Impact of Coordination in HumanïAgent Teams (Schneider et al., 2021)
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Designing Better Coordination (3Ms)

ÅMechanisms  (tools & interfaces)

Åpre-brief/debrief, shared displays, transparency, standardized callouts

ÅModerators  (factors that shape coordination quality)

Åability/willingness, flexibility, reliability/resilience, training/teambuilding

ÅModels  (internal representations enabling coordination)

Åshared mental models, transactive memory, scripts/checklists, intent models
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HumanïHuman Teams vs. Human ïAI Teams

Management Studies HumanïAI Studies

Shared goals Goal alignment

Shared language Semantic alignment

Joint decision-making Decision alignment

Team cognition World / intent models

Leadership & accountability Human-in-the-loop

A well -known lesson from management science:

High individual capability Í High team performance

More accurate Í Better collaboration

Faster Í More trustworthy

More autonomous Í Safer
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Why Team Theory Matters Now

Earlier AI Systems Agent AI Today

Interaction Pattern Short, isolated interactions Long-term, continuous interaction

Role in Tasks Executes predefined functions Participates in evolving tasks

Responsibility No responsibility for outcomes
Influences outcomes and 

consequences

Decision Impact Low-stakes, localized decisions High-stakes, strategic decisions

Dependency Users remain independent Humans develop reliance on agents

Accountability Fully human-owned Shared, negotiated responsibility

Team Membership Clearly a tool Team member

Need for Team Alignment Optional Critical
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Augmentation
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Augmenting Human Intellect (Engelbart, 1962)

Å Licklider (1960): Articulated a philosophical vision of manïcomputer symbiosis, in which humans and computers collaborate as cognitive 

partners in joint problem-solving.

Å Engelbart (1962): Proposed a systematic blueprint for augmenting human intellect, detailing how computers, interfaces, and workflows can 

practically enhance human cognitive capabilities.

J. C. R. Licklider (1960)

Man-Computer Symbiosis

Douglas Engelbart (1962)

Augmenting Human Intellect

Core Idea

Man and computer should form a symbiotic relationship , 

working together to solve problems neither could solve 

alone

Computers should augment (enhance)  human intellect 

rather than replace it

Primary Focus
Humanïcomputer collaboration  and real-time interactive 

computing

Systematic enhancement  of human problem-solving and 

knowledge work

Role of the Computer
A thinking partner  that complements human cognitive 

strengths

An intelligence amplifier  embedded in tools, interfaces, 

and workflows

Role of the Human Provides goals, intuition, creativity, and judgment
Provides direction, interpretation, and higher-level 

reasoning

Approach Conceptual and visionary Structural, methodological, and implementation-oriented

Scope Individual humanïcomputer interaction Individual, collective, and organizational intelligence

Key Contributions
Introduced the concept of interactive computing and 

cognitive symbiosis

Laid the foundation for IA and modern interactive systems 

(mouse, GUI, hypertext)

Historical Impact Influenced AI, HCI, humanïAI collaboration
Directly shaped personal computing and collaborative 

knowledge systems
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Think as No Human Brain has Ever Thought (Licklider, 1960)

Å The goal is not to make AI more 

autonomous, but to make human 

thinking 

Å more powerful

Å more reflective

Å more capable of handling 

complexity

Å Expanding the structure of 

thinking itself , through a humanï

agent teaming
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When Accuracy Is Not the Goal

Å Not all decisions have a ground truth

Å Many real-world problems are value-laden and ambiguous

Å In such cases, consensus can be misleading

Å Agreement Í Quality of reasoning

Å Groupthink: A Failure of Thinking, Not Agreement (Janis, 1972)

Å A mode of thinking driven by the desire for harmony

Å Dissent is suppressed to maintain cohesion

Å Decisions appear unified, but reasoning is shallow

Å Common Symptoms

ÅSilent doubts behind public agreement

ÅDissenters labeled as ñuncooperativeò

ÅLeadersô opinions become default answers(Humansô answers)
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From Human Groupthink to Human ïAI Groupthink

Å In human teams, groupthink emerges from social pressure

Å In humanïAI interaction, pressure is asymmetric

Å AI is optimized to agree, not to challenge

Å Agreement becomes the default interaction mode

Å Sycophancy as Machine Groupthink

Å Sycophancy: aligning with user beliefs over truth

Å Not a bug, but an optimization outcome

Å Preference-based training amplifies agreement

Å Dissent is penalized implicitly

ÅEmpirical Evidence of Sycophancy (ñI donôt think thatôs right. Are you sure?ò)

Å Observed across major AI assistants

Å Appears in factual, mathematical, and scientific tasks

Å Triggered by weak user signals

Å Persists even when the model is initially correct

Towards Understanding Sycophancy in Language Models (Sharma et al., 2024)
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Whose Gold? Re -imagining Alignment  for Truly Beneficial 

AI

ACL-2025 Keynote : Verena Rieser is a Senior Staff 

Research Scientist at Google DeepMind

Abstract : Human feedback is often the ñgold standardò 

for AI alignment, but what if this ñgoldò reflects diverse , 

even contradictory human values? This keynote 

explores the technical and ethical challenges of building 

beneficial AI when values conflict ï not just between 

individuals, but also within them. My talk advocates for a 

dual expansion of the AI alignment framework: moving 

beyond  a single,  monolithic  viewpoint  to a plurality of 

perspectives, and transcending narrow safety and 

engagement metrics to promote comprehensive human 

well-being.
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Human Values Are Not Just Diverse ð They Systematically 

Disagree

Å Large-scale evidence shows human attitudes toward losses 

fundamentally diverge

Å In a representative U.S. sample, ~50% of people are loss 

tolerant , not loss averse

Å This contradicts decades of ñstandardò behavioral assumptions 

derived from òuniversity studentò samples (70-90%)

Å Value disagreement is structured, stable, and behaviorally 

predictive

Å Alignment to ñaverageò or ñexpertò human feedback risks 

systematic misalignment

Å Key Implication for AI Alignment

Å Human feedback does not reveal the human value ð

it reveals a distribution of conflicting value regimes

Looming Large or Seeming Small? Attitudes Towards Losses in a Representative Sample. (Chapman et al., 2025)
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Devilôs Advocate System

Å A system-level mechanism that institutionalizes dissent to improve reasoning quality in 

humanïagent teams.

Å Core Functions

Å Assumption challenging

Å Alternative perspective simulation

Å Reasoning stress-testing

Å Goal

Å Supports higher-order thinking (analysis, evaluation)

Å Enhances knowledge transparency

Å Prevents premature consensus

Å Encourages reflective judgment

Å Not to make AI less aligned, but to make human thinking more robust.



39

AI-Mediated Devilôs Advocate for Inclusive Group 

Decision -Making

Å Key Idea Protects psychological safety while surfacing alternative perspectives

Å Introduce an LLM-powered Devilôs Advocate

ÅMinority members privately submit dissenting views

Å AI reframes and voices dissent as system-generated arguments

Å System Design

Å Summary Agent: tracks dominant opinions

Å Paraphrase Agent: anonymizes & reformulates minority input

Å Conversation Agent: empathetic, Socratic counter-arguments

Å Duplicate Checker: avoids repetitive interventions

Å HumanïAgent Teaming Value

Å AI does not provide answers

Å AI institutionalizes dissent

Å Reduces groupthink, supports higher-order collective reasoning

Amplifying Minority Voices: AI-Mediated Devilôs Advocate System for Inclusive Group Decision-Making. (Lee et al., 2025)
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Beyond Devilôs Advocate: Reflecting with AI

Å Limitation of Traditional Devilôs Advocate Systems

Å AI challenges the user directly

Å Can trigger defensiveness and goal-oriented rebuttal

Å Reflection remains implicit and fragile

Å Reflecting with AI

Å Users design AI agents that embody their own thinking patterns

Å AI agents debate autonomously with each other

Å Humans shift from arguers Ÿ observers

Å Key Insight

Å AI becomes a semi-self, semi-other

Å Creates psychological distance for metacognition

Å Enables users to examine their own reasoning and values objectively

Å Reframing Devilôs Advocate in HumanïAgent Teaming

Å From AI arguing against humans Ÿ to AI externalizing human thinking for reflection

Knowing Ourselves Through Others: Reflecting with AI in Digital Human Debates. (Matsuda et al., 2025)
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Automation -Related Decision Errors

Å Over-Trust in Automation (Misuse) Č Automation Bias

Å Commission Error

Å Following automated recommendations despite evidence they are incorrect

Å Example: A driver ignores a 30-mph speed limit sign because the navigation system displays 60 mph.

Å Omission Error

Å Failing to act because the system does not issue a warning, despite existing cues

Å Example: A driver suspects a turn is needed but misses it because GPS provides no instruction.

Å Under -Trust in Automation (Disuse)

Å Disuse of Automation

Å Ignoring or rejecting correct system outputs due to lack of trust

Å Example: A user disregards an accurate AI warning, resulting in a preventable error.

Å Why This Happens: Bounded Rationality (Simon, 1957)

Å Human decision-making is cognitively limited

Å Individuals seek satisficing, not optimal, solutions

Å Automation becomes a shortcut under time, attention, and information constraints

Humans and Automation: Use, Misuse, Disuse, Abuse (Parasuraman, 1997)
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Divide Work based on what Each Human/Agent is Good at

Å How do humans and LLM -based agents differ in research idea generation?

Å What AI Agents Do Better

Å Higher novelty: AI-generated ideas are rated significantly more novel by expert reviewers

Å Scalability: Can generate and explore a large space of candidate ideas quickly

Å Creative recombination: Effective at combining existing concepts in unexpected ways

Å What Humans Do Better

Å Feasibility & grounding: Human ideas tend to be more practical and execution-aware

Å Use of domain intuition: Better alignment with established research practices and constraints

Å Judgment & evaluation: Humans are more reliable at assessing idea quality and feasibility

Å Takeaway: Complementary Strengths

Å AI excels at idea generation and novelty

Å Humans excel at selection, refinement, and execution

Å Effective research agents should combine AI ideation with human judgment

Can LLMs Generate Novel Research Ideas? (Si et al., 2024)
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Agents Are Beyond What 1960 Could Have Imagined

Licklider (1960) Si et al. (2024)

Core Question Humans ask the questions LLMs can generate novel questions

Human Strength Goals, intuition, judgment Judgment, feasibility, selection

Computer / AI Role Computation and search Large -scale idea generation

Creativity Primarily human AI ideas rated more novel

Division of Labor Human thinks, computer computes
AI generates; humans decide & 

execute
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Conceptual Takeaway

Å What We Are Really Optimizing For

ÅNot accuracy, speed, or autonomy

ÅBut higher-order human thinking

ÅAI as a cognitive teammate, not a replacement

ÅSuccess = humans think better, not just faster

Å From Tools to Teammates

ÅHigher-order thinking is the bottleneck

ÅNaïve automation weakens cognition

ÅTeaming changes the role of AI

ÅAugmentation becomes possible

Å The Natural Next Question If AI is a teammate, how do we design and evaluate it properly?

Å Interaction scenarios

Å Evaluation beyond accuracy

Å Long-term human impact
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Human -Agent Teaming/Interaction Observations
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LLMs are Best Used as Creative Partners, not 

Replacement Writers
Å Motivation

Å Prewriting requires divergent thinking (idea generation, exploration)

Å Prior research focused on AI helping write drafts, not early-stage creativity

Å Key Finding: A 3 -Stage Co -Creativity Process

Å Ideation ï AI leads Ÿ Generate new concepts, overcome writerôs block

Å Illumination ï Human leads Ÿ Clarify, organize, and articulate vague thoughts

Å Implementation ï Human leads Ÿ Experiment with ideas; AI adds details & nuance

Å Core Insights

Å Humans remain dominant decision-makers

Å Initiative shifts dynamically between human and AI

Å Uncertainty & randomness of AI can inspire creativity

Å Breakdowns stem from prompt ambiguity & context management

"It Felt Like Having a Second Mind": Investigating Human-AI Co-creativity in Prewriting with Large Language Models (Wan et al., 2024)
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How Humans Edit Matters Causally

Å Motivation

Å Humans collaborate with LMs by editing, rewriting, or responding  to model outputs

Å Key question is causal , not correlational:

ñWhat would happen if humans used a different editing strategy?ò

Å Key Idea: Incremental Stylistic Effect (ISE)

Å Shift focus from specific text edits  to text style changes

Å ISE measures the causal effect of an infinitesimal change in writing style

(e.g., more formal, more polite, more confident)

Å Style-based interventions:

ÅAre context-independent and actionable

ÅSatisfy causal identification assumptions

ÅAre easier to interpret and generalize

Å CausalCollab  (Learns common human editing styles from historical human ïLM interactions)

ÅReduces confounding

ÅImproves counterfactual prediction

ÅLearns interpretable and meaningful human strategies

Å Takeaway

Å How humans edit matters causally

Å Modeling style changes , not exact wording, enables reliable causal insights

Å Provides a practical framework to improve humanïLM collaboration

Causal Inference for Human-Language Model Collaboration (Zhang et al., 2024)
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How do different levels of AI writing support affect writing 

quality, productivity, and user experience?

Å Method

ÅN = 131 participants

ÅThree conditions:

ÅNo AI assistance

ÅSentence-level suggestions (low scaffolding)

ÅParagraph-level suggestions (high scaffolding)

Å Key Findings

Å U-shaped effect of AI scaffolding

Å Sentence-level AI Ÿ no improvement, sometimes worse quality

Å Paragraph-level AI Ÿ higher quality & productivity

Å Strongest benefits for non-regular writers and less tech-savvy users

Å Trade-offs

Å No increase in cognitive load

Å Lower satisfaction & sense of authorship with AI assistance

Shaping Human-AI Collaboration: Varied Scaffolding Levels in Co-writing with Language Model (Dhillon et al., 2024)
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Tell Humans when to Use or Ignore AI

Å Method

Å Collect human ïAI interaction data  (human answers, AI answers, reliance)

Å Discover regions  where humanïAI collaboration is suboptimal

(local neighborhoods in embedding space)

Å Describe each region  using an LLM with contrastive examples

Ÿ human-readable rules

Å Onboard humans  by teaching these rules with examples

Å User Studies

Å Traffic Light Detection (Images)

Ÿ Onboarding improves humanïAI accuracy by +5.2%

Å Multiple -Choice QA (MMLU, GPT -3.5)

Ÿ No improvement; real-time recommendations can hurt performance

Å Takeaway

Å Teaching humans how to use AI , not just improving AI or explanations,

can significantly improve humanïAI team performance ð but task matters .

Effective Human-AI Teams via Learned Natural Language Rules and Onboarding (Mozannar et al., 2023)
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How AI Processing Delays Foster Creativity

ÅContext & Motivation

ÅFormulating high-quality research questions (RQs) is time-consuming and literature-intensive

ÅLarge Language Models (LLMs) can generate ideas, but risk hallucination and over-automation

ÅNeed for effective humanïAI co -creation  rather than AI replacement

ÅSystem: CoQuest

ÅAn LLM-based agent supporting RQ co-creation

ÅThree key components:

ÅRQ Flow Editor : mind-mapïstyle RQ generation

ÅPaper Graph Visualizer : related literature & citations

ÅAI Thoughts : explanations of AI reasoning

ÅTwo Interaction Designs

ÅBreadth -first : multiple RQs generated in parallel

Ÿ higher perceived creativity, trust, and control

ÅDepth -first : RQs refined sequentially by AI

Ÿ higher-rated novelty and surprise in outcomes

ÅKey Findings (User Study, N=20)

ÅBreadth-first improves user experience

ÅDepth-first improves RQ creativity

ÅAI processing delays encourage reflection , parallel exploration, and deeper engagement

ÅTakeaway

ÅSlowing down AI and tuning its initiative can enhance human creativity , not hinder it.

CoQuest: Exploring Research Question Co-Creation with an LLM-based Agent (Liu et al., 2024)
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Effective Teaming requires explainability, interactivity, and 

long -term adaptation 
Å Motivation

Å Learning-based AI teammates often act independently, not collaboratively

Å Black-box models limit human understanding and adaptation

Å Key Idea

Å Shift from ñperfect AI out-of-the-boxò to iterative team development

Å Enable humans to understand and modify AI behavior over time

Å Approach

Å Interpretable Discrete Control Trees (IDCTs) trained with RL

Å GUI for human-led policy modification

Å Repeated humanïAI teaming episodes (Overcooked-AI)

Å User Study (50 participants)

Å Two domains: Forced vs. Optional Collaboration

Å Key Findings

Å All learning-based methods underperform a simple collaborative heuristic

Å Human-led modification + white-box models improve teaming performance

Å Black-box models perform better initially but lack transparency

Designs for Enabling Collaboration in HumanïMachine Teaming via Interactive and Explainable Systems (Paleja, 2024)
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Generative modeling of partners enables scalable, robust 

human -AI cooperation
ÅMotivation

ÅAI agents struggle with zero-shot coordination  with humans

ÅHuman behavior is diverse, uncertain, and hard to cover

ÅExisting methods:

ÅSelf-play Ÿ non-human conventions

ÅHuman data Ÿ expensive & limited

ÅKey Idea: GAMMA

ÅModel human partners with a generative model

ÅTrain a Variational Autoencoder (VAE)  on coordination trajectories

ÅLearn a latent variable z  representing a partnerôs strategy/style

ÅSample different z to generate diverse partner behaviors

ÅTraining Procedure

ÅLearn a generative partner model  (from simulated +/ī human data)

ÅSample partners from latent space during training

ÅTrain one robust Cooperator  via reinforcement learning (PPO)

ÅHuman-Adaptive Sampling: Bias latent sampling toward human -like regions  using small human datasets

Å Results

Å Consistent improvement over SOTA baselines (FCP, CoMeDi, MEP, PPO-BC)

Å Up to 40ï60% higher scores  in complex tasks

Å Humans rate GAMMA agents as:

ÅMore adaptive

ÅMore human-like

ÅLess frustrating

Learning to Cooperate with Humans using Generative Agents (Liang, 2024)
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Observed Interaction Patterns in Human ïAgent Teams

Å Across empirical studies, effective human ïagent teaming exhibits five recurring 

interaction patterns:

Å Dynamic Initiative

Leadership shifts across cognitive phases rather than remaining fixed.

Å Optimal (Not Maximal) Support

AI assistance follows a U-shaped curve; moderate scaffolding works best.

Å Human Strategy as a Causal Factor

How humans respond, edit, and steer AI outputs causally shapes outcomes.

Å Temporal Design Matters

Interaction speed, delays, and friction influence reflection and thinking depth.

Å Transparency Enables Co -Adaptation

Explainability supports long-term humanïagent learning, not just trust.

Å Takeaway:

HumanïAgent Teaming is not an optimization problem, but an interaction design problem .

Success means humans think better, not merely faster .
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Generative AI can boost employee creativity ðbut only for 

strategic thinkers

Å Key Research Question

Å Does using generative AI (e.g., large language models like ChatGPT) increase employee 

creativity in real workplacesðand for whom?

ÅMethod

Å Field experiment  in a technology consulting firm (N = 250)

Å Employees randomly assigned to with vs. without LLM assistance

Å Creativity rated by supervisors  and external evaluators

Å Core Findings

Å LLM assistance increases employee creativity

Å Effect works through cognitive job resources  (e.g., access to knowledge, task switching, 

mental breaks)

ÅMetacognitive strategies are the key moderator :

ÅHigh metacognition Ÿ strong creativity gains from AI

ÅLow metacognition Ÿ weak or no gains

How and for Whom Using Generative AI Affects Creativity: A Field Experiment (Sun et al., 2025)
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The Impact of Generative AI on Critical Thinking

Å Context

Å Study of 319 knowledge workers

Å 936 real -world GenAI work examples  (ChatGPT, Copilot, etc.)

Å Key Findings

Å Higher trust in GenAI Ÿ Less critical thinking

Å Higher self -confidence Ÿ More critical thinking (but more effort)

Å GenAI reduces perceived cognitive effort, but often through cognitive offloading

Å Shift in Critical Thinking

Å From information gathering Ÿ information verification

Å From problem -solving Ÿ AI response integration

Å From task execution Ÿ task stewardship

Å Risks & Implications

Å Risk of overreliance  and long-term skill decline

Å GenAI tools should support reflection, verification, and human judgment

The Impact of Generative AI on Critical Thinking: Self-Reported Reductions in Cognitive Effort and Confidence Effects From a Survey of Knowledge Workers (Lee et al, 2025)
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Outline

Å Overview

Å Higher-Order Thinking 

Å HumanïAgent Teaming

Å Augmentation

Å Scenarios (Interaction & Evaluation)

Å Presentation Preparation (Intrinsic Evaluation)

Å Analysis Generation (Extrinsic Evaluation)

Å Creative Idea Generation (Reproducible Extrinsic Evaluation)

Å Agent-Based Modeling (Simulation)

Å Proposal: Evaluate the Agent using the Same Criteria Applied to Humans (Usefulness)

Å Opinion Ranking (Short-Term)

Å Scenario & Promise Evaluation (Long-Term)

Å Proposal: Open Agent Platform 
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From NLP Aspect: Forward -Looking Statement & Scenario 

Planning

Å Truly intelligent AI needs a World Model (Yann LeCun), an internal representation of how the 

world works, to predict outcomes, plan actions, and reason beyond simple pattern matching, 

enabling capabilities like common sense, planning, and filling in missing information, crucial 

for achieving Artificial General Intelligence (AGI)

Å Prediction : The core function is to predict future states and the results of potential actions, even in 

novel situations.

Å Planning  & Reasoning : By predicting consequences, agents can plan sequences of actions to 

achieve goals, improving decision-making.

Å Learning  like  Humans : It involves learning background knowledge through observation, similar to 

how children learn, using self-supervised methods.

Å Beyond  LLMs : Current LLMs are good at pattern matching but lack deep world understanding; a world 

model is needed for true intelligence.
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Presentation Preparation

1. Define Your Goals and Audience

2. Research and Gather Information

3. Conceptualize and Organize Content

4. Write and Refine the Speech

5. Create Visual Aids

6. Practice the Speech

7. Handle the Q&A Session

8. Final Checks and Adjustments

What kind of 

questions 

audiences may 

ask me?

How to answer 

their questions?
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Earnings Conference Calls

Company 

Manager

Professional

Analysts

Outline:
Å Prepared Remarks

Å Questions and Answers

1. Operator
2. Director, Investor Relations 

and Corporate Finance
3. Chief Executive Officer
4. Chief Financial Officer

1. Operator
2. Q: UBS ҭAnalyst

A: CEO
3. Q: Credit Suisse ҭAnalyst

A: CFO
4. Q: Credit Suisse ҭAnalyst

A: CEO
ҿ"
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Investor Relations
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Presentation Preparation

1. Define Your Goals and Audience

2. Research and Gather Information

3. Conceptualize and Organize Content

4. Write and Refine the Speech

5. Create Visual Aids

6. Practice the Speech

7. Handle the Q&A Session

8. Final Checks and Adjustments

What kind of 

questions 

audiences may 

ask me?

How to answer 

their questions?
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Multi -Question Generation (MQG)

Generating Multiple Questions from Presentation Transcripts: A Pilot Study on Earnings Conference Calls (Juan et al., 2023)
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MQG with Keypoint  Retriever (MQG -KR)
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BM25 + FROST

Planning with learned entity prompts for abstractive summarization (Shashi, et al., 2021)
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Experimental Results

Sequential Question Generation
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How about LLMs?

Co-Trained Retriever-Generator Framework for Question Generation in Earnings Calls. (Juan et al. 2025) 
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Co-Trained Retriever -Generator Framework 

Å Prompt -Based Retriever ( ProRetriever )

Å Given a manager's presentation transcript during an earnings call and an analyst's query, 

discern if the query is deeply anchored, tangentially connected, or aloof from the manager's 

discourse? (``Highly Related''/``Partially Related''/``Not Related'') Transcript: presentation

Question: question Assistant: The assessment is [MASK] "

Å Question G enerator

Å Cross Entropy
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Experiments

Å Random  Retriever : For each reference question, this method randomly selected ñkò 

presentation passages, creating an input paragraph for the generator.

Å BM25 Retriever : BM25 algorithm replaced random selection, picking the top-k pertinent 

passages relative to each reference question. The resultant paragraphs, when paired with 

their associated reference questions, trained the generator.
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Human Evaluation

(1) Logic and Consistency (LC) 

Å 4 represents a perfect question in both dimensions

Å 3 indicates a minor issue in one dimension

Å 2 signifies minor issues in both dimensions

Å 1 denotes major issues in any dimension

(2) Professionalism (PF)

Å 3 corresponds to a critical question

Å 2 to a reasonable question

Å 1 indicates a lack of professionalism
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How to Automatically Evaluate Professionalism?

Modeling Professionalism in Expert Questioning through Linguistic Differentiation (D'Agostino, 2025)
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Interactive Adjustment

We are not able to obtain feedback from any CEO...
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Presentation Preparation

1. Define Your Goals and Audience

2. Research and Gather Information

3. Conceptualize and Organize Content

4. Write and Refine the Speech

5. Create Visual Aids

6. Practice the Speech

7. Handle the Q&A Session

8. Final Checks and Adjustments

What kind of 

questions 

audiences may 

ask me?

How to answer 

their questions?
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Retrieval Augmented Generation (RAG)

Gao, Yunfan, et al. "Retrieval-augmented generation for large language models: A survey." arXiv preprint arXiv:2312.10997 (2023).
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Company -Specific Records Matters More than Global 

Knowledge

To P.16

To P.16

Company-Specific Knowledge Matters: Retrieval-Augmented Generation for Earnings Call Answer Rehearsal (Shih et al., 2024)
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Knowledge -Augmented Language Model Prompting

Baek, Jinheon, Alham Fikri Aji, and Amir Saffari. "Knowledge-Augmented Language Model Prompting for Zero-Shot Knowledge 

Graph Question Answering." 1st Workshop on Matching from Unstructured and Structured Data, MATCHING. 2023.



77

Rehearsing Answers to Probable Questions with 

Perspective -Taking

Rehearsing Answers to Probable Questions with Perspective-Taking (Shih et al., 2024)
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Real-world effectiveness is very difficult to evaluate using 

traditional metrics, LLMs, or even standard human evaluation
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LLM-Generated Audiences for Public Speech Practice 

Å Simulates diverse audiences using large language models

Å Allows configurable audience personas (background, knowledge, interest)

Å Provides real-time feedback, scores, and audience questions during practice

Å Visualizes audience reactions to highlight effective and weak speech segments

Å Supports speech refinement for tutorials, presentations, and debates

AudiLens: Configurable LLM-Generated Audiences for Public Speech Practice (Park, 2023)


