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Outline

• Stories – From Tasks to Communities

• Growing a Research Community through NTCIR

• Research – History Repeats Itself

• Benchmark: What Agents Can Replace?

• From IR to NLP: The Return of Subjectivity in Evaluation

• From Static Metrics to Verifiable Outcomes
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Human-Agent Ally Lab

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

https://haalab.github.io/
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Model as Tool (Before) vs. Agent as Partner (Now & Future)

一張含有文字 , 螢幕擷取畫面, 人員, 人的臉孔的圖片 AI 產生的內容可能不正確。

一張含有螢幕擷取畫面 , 人的臉孔, 文字, 人員的圖片 AI 產生的內容可能不正確。

From Data to Signals

(Information Extraction)

From Signals to Insights

(Human-AI Interaction)

From Insights to Partnership

(Human-Agent Teaming)
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Before We Talk About Agents, Let’s Talk About Humans
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2019-2020
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2021-2022

FinNum-3

2022-2023

FinArg-1

2024-2025

FinArg-2

2024

Program Co-Chair

2025-2026

FinArg-3

2025-2026

RegCom



It Starts with a Simple Realization –

The Impact of NTCIR on One’s Research Journey

FinNum-1 & FinNLP Workshop

2018-2019
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FinNum-1: Fine-Grained Numeral Understanding in 

Financial Tweets 
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Oh, You Are also Interesting in This Problem
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Let’s Solve This Together and Move Forward Quickly
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The First Workshop on Financial Technology and Natural 

Language Processing (FinNLP)

Generated By ChatGPT
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A Lunch during NTCIR-2019 Sparked a Collaboration that 

has Lasted for Eight Years (and Counting)

• FinNLP

• Sentence Boundary Detection in PDF Noisy Text in the Financial Domain 

(FinSBD 1-3)

• Learning Semantic Representations for the Financial Domain (FinSim 1-4)

• Multi-Lingual ESG (ML-ESG 1-3)

• NTCIR

• RegCom: Multinational, Multilingual, Multi-Industry Regulatory 

Compliance Checking (2026)

The company name has changed, and the team members have changed, 

but the partnership remains the same
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This Was Not Just One Story – A Pattern That Repeats

Prof. Chenghua Lin

University of Manchester, UK

Prof. Iryna Gurevych

Technical University Darmstadt, Germany

Generated By ChatGPT



Oh!! This Actually Works

FinNum Task Series

2018-2022
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FinNum-2 – Numeral Attachment

“$NE, last time oil was over $65 you were close to $8

Attached

Not Attached

Guess who sold off about $800 million in $MDLZ after losing about $1 billion on $VRX???

Not Attached

Attached Attached
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Learn from Participants – FinNum-2 Baseline

• Ait Azzi, Abderrahim, and Houda Bouamor. "Fortia1@ the NTCIR-14 FinNum task: enriched sequence labeling for numeral classification." Proceedings of the 14th NTCIR 

conference on evaluation of information access technologies. 2019.

• Chen, Chung-Chi, Hen-Hsen Huang, and Hsin-Hsi Chen. "Numeral attachment with auxiliary tasks." Proceedings of the 42nd International ACM SIGIR Conference on Research 

and Development in Information Retrieval. 2019.
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A Pattern That Repeats – FinNum-3 to Numeracy

• Onuma, Shunsuke, and Kazuma Kadowaki. "JRIRD at the NTCIR-16 FinNum-3 Task: Investigating the Effect of Numerical Representations in Manager’s Claim Detection." 

Proceedings of the 16th NTCIR Conference on Evaluation of Information Access Technologies. 2022.

• Chen, Chung-Chi, et al. "Improving numeracy by input reframing and quantitative pre-finetuning task." Findings of the Association for Computational Linguistics: EACL 2023. 2023.
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More Than Tasks: A Pattern That Shapes a Research Journey



It Grows into a Team –

NTCIR as a Foundation for Team Building

FinNum & FinArg @ NTCIR & FinNLP @ ACL

2019-2024
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NTCIR as a Foundation for Team Building – Cross Domain

FinNum-3
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NTCIR as a Foundation for Team Building – Cross Venue

FinArg
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NTCIR as a Foundation for Team Building – From Participants

FinArg-3
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A Pattern That Repeats – Multi-Lingual ESG Task Series



It Evolves into a Community

ACL SIG-FinTech

2025

https://sigfintech.github.io/
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Create, Connect, Share
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A Pattern That Repeats – Workshop → Tutorial



26

NTCIR as a Platform for Starting Human-Human 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

2018-2019

FinNum-1 

2019-2020

FinNum-2

2021-2022

FinNum-3

2022-2023

FinArg-1

2024-2025

FinArg-2

2024

Program Co-Chair

2025-2026

FinArg-3

2025-2026

RegCom
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Not Every Attempt Succeeds

NTCIR values experimentation. 

When things don’t go as 

planned, we focus on 

understanding why and 

improving for next time.
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Outline

• Stories – From Tasks to Communities

• Growing a Research Community through NTCIR

• Research – History Repeats Itself

• Benchmark: What Agents Can Replace?

• From IR to NLP: The Return of Subjectivity in Evaluation

• From Static Metrics to Verifiable Outcomes



Can Agents Replace This Process?
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Data to Signal: Dataset Generation Pipeline (FinNum)

Can Agents Replace This Process?

1. Signal Definition (Taxonomy) – Ideation

2. Annotation Guideline Design

3. Raw Data Collection

4. Data Cleaning & Filtering

5. Human Annotation

6. Quality Review & Validation

7. Dataset Finalization



Ideation

Research Idea

Business Idea

Can Agents Replace This Process?

1. Signal Defin it ion (Taxonomy) –  Ideation

2. Annotation Guideline Design

3. Raw Data Collection

4. Data C leaning & Fi ltering

5. Human Annotation

6. Quality Review & Val idation

7. Dataset Finalization



32

Man-Computer Symbiosis (Licklider, 1960)

“The question is not ‘What is the answer?’

The question is ‘What is the question?’”

— J. C. R. Licklider (1960)

Human Role (Goals / Intuition / Judgment)

• Sets goals

• Asks meaningful questions

• Provides intuition and creativity

• Evaluates results and makes decisions

Computer Role (Computation / Search / Simulation)

• Performs routinizable work

• Searches and retrieves information

• Transforms and visualizes data

• Tests 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 “thinking centers” 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
Human–computer 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 human–computer interaction

Key Contributions
Introduced the concept of interactive computing and 
cognitive symbiosis

Historical Impact Influenced AI, HCI, human–AI collaboration
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Divide Work based on what Each Human/Agent is Good at

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

• What AI Agents Do Better

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

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

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

• What Humans Do Better

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

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

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

• Takeaway: Complementary Strengths

• AI excels at idea generation and novelty

• Humans excel at selection, refinement, and execution

• Effective research agents should combine AI ideation with human judgment

Can LLMs Generate Novel Research Ideas? (Si et al., 2024)
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Product Business Idea Generation from Patents

• Goal

Generate a realistic product business idea from a 

real-world patent.

• Input

• Full patent document

(abstract, claims, technical description)

• Output

For each patent, generate:

• Product Title

• Product Description

• Implementation

• Differentiation

Overview of PBIG Shared Task at AgentScen 2025 (Hirota et al., 2025)
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AI shows Promise in Moving from Patent to Product

1. LLMs Can Generate Plausible Product Ideas

• Strong performance in NLP and Computer Science domains

• Human and LLM-based evaluations largely agree

2. Domain Expertise Still Matters

• In Material Chemistry, human experts often disagreed with LLM judges

• Technical depth and feasibility require specialized knowledge

3. Specificity Is Critical

• More concrete ideas consistently score higher

• Vague ideas fail early in evaluation

4. Business Reasoning Remains Challenging

• Market size and competitive advantage are harder than idea generation

• Creativity alone is not enough➔ In Business: Ideas are cheap; execution is everything
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Agents Are Beyond What 1960 Could Have Imagined

Licklider (1960) Si et al. (2024) Hirota et al. (2025)

Core Question Humans ask the questions
LLMs can generate novel 
research questions

LLMs can generate product 
business ideas from patents

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

Market validation, execution, 
business strategy

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

Product ideation and concept 
expansion

Creativity Primarily human AI ideas rated more novel
AI can generate plausible and 
concrete business ideas

Limitation
Limited by human cognitive 
capacity

Feasibility and grounding 
remain challenging

Business reasoning and 
competitive analysis remain 
difficult

Division of Labor
Human thinks, computer 
computes

AI generates; humans decide 
& execute

AI proposes; humans validate, 
refine, and commercialize

Human–Agent Teaming for Higher-Order Thinking Augmentation: https://aacl2025.nlpfin.com/

https://aacl2025.nlpfin.com/


37

The organizer determines the research direction (humans 

decide), while the proposal is used to persuade the 

reviewers (humans validate).

FinArg-1 Proposal

2023



Guideline Design

Can Agents Replace This Process?

1. Signal Defin it ion (Taxonomy) –  Ideation

2. Annotation Guideline Design

3. Raw Data Collection

4. Data C leaning & Fi ltering

5. Human Annotation

6. Quality Review & Val idation

7. Dataset Finalization

Social Science
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Economic Policy Uncertainty Index
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Automation ➔ Yes

Automation of Text-Based Economic Indicator Construction: A Pilot Exploration on Economic Policy Uncertainty Index. (Yeh et al., 2024)



Human/Agent Annotation

Can Agents Replace This Process?

1. Signal Defin it ion (Taxonomy) –  Ideation

2. Annotation Guideline Design

3. Raw Data Collection

4. Data C leaning & Fi ltering

5. Human Annotation

6. Quality Review & Val idation

7. Dataset Finalization
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Argument Mining for Forward-Looking Statements (FinArg)

Argument-Based Sentiment Analysis on Forward-Looking Statements. (Lin et al., 2024)
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LLMs Perform Well on Semantic Understanding Tasks

Argument-Based Sentiment Analysis on Forward-Looking Statements. (Lin et al., 2024)
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Agent Annotators – Expert-Annotated Datasets 

• High benchmark scores do NOT mean reliable expert annotation ability

• Multi-Agent Discussion Works Better

• Reasoning Models Can Be Too Stubborn

• Current LLMs are NOT reliable replacements for human expert annotators

Evaluating Large Language Models as Expert Annotators (Tseng et al., 2025)
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NTCIR encourages the development of domain-specific 

datasets and expert-annotated dataset for new tasks

• NTCIR-19

• Finance

• FinArg-3 (financial argument assessment) 

• Biomedical

• MedNLP-CALL (emergency medical NLP) 

• HIDDEN-RAD2 (radiology reasoning) 

• Legal

• RegCom (regulatory compliance) 

• Science

• SciClaimEval (scientific claim verification) 



Dataset Quality

Can Agents Replace This Process?

1. Signal Defin it ion (Taxonomy) –  Ideation

2. Annotation Guideline Design

3. Raw Data Collection

4. Data C leaning & Fi ltering

5. Human (Expert)  Annotation

6. Quality Review & Val idation

7. Dataset Finalization
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Argument Mining for Forward-Looking Statements (FinArg)

Argument-Based Sentiment Analysis on Forward-Looking Statements. (Lin et al., 2024)
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Can LLM-generated labels replace human annotations?

Argument-Based Sentiment Analysis on Forward-Looking Statements. (Lin et al., 2024)
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What Can (and Cannot Yet) Be Replaced by Agents in the 

Dataset Preparation Pipeline
Pipeline Stage Can Agents Replace It? Key Observation

Signal Definition / Ideation Partially

Agents are strong at generating novel ideas and 

exploring large hypothesis spaces, but humans 
still define meaningful research goals, feasibility, 
and real-world relevance.

Annotation Guideline Design Partially

Agents can assist drafting and refining 

guidelines, but expert judgment is still required 
to resolve ambiguity, domain nuance, and 
social-science considerations.

Raw Data Collection Mostly Yes
Data retrieval, crawling, organization, and 

preprocessing are increasingly automatable.

Data Cleaning & Filtering Mostly Yes
Agents perform well on scalable filtering, 

normalization, and semantic preprocessing 
tasks.

Human / Expert Annotation Not Yet (Expert)
LLMs show strong semantic understanding, but 

current agents are still unreliable as expert 
annotators, especially in specialized domains.

Quality Review & Validation Not Yet (New Tasks)

Benchmark performance does not guarantee 

annotation reliability. Human experts remain 
essential for consistency checking and final 
validation.

Dataset Finalization Partially
Agents can support formatting and 

documentation, but humans still determine 
dataset standards, scope, and release quality.
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Outline

• Stories – From Tasks to Communities

• Growing a Research Community through NTCIR

• Research – History Repeats Itself

• Benchmark: What Agents Can Replace?

• From IR to NLP: The Return of Subjectivity in Evaluation
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From Signals to Insights – Evaluation

一張含有文字 , 螢幕擷取畫面, 人員, 人的臉孔的圖片 AI 產生的內容可能不正確。
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Report Generation (Audience Feedback/Reaction)
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Different Aspects & Different Roles

Individual Thoughts or Collaboration

From Facts to Insights: A Study on the Generation and Evaluation of Analytical Reports for Deciphering Earnings Calls? (Goldsack et al. 2025)
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Expert vs. LLMs

More Agents, Greater Complexity

Readability Preference

• Expert-written reports better than agent-written

• LLMs have preference to agent-written reports

• Mistral is influenced by the order 

From Facts to Insights: A Study on the Generation and Evaluation of Analytical Reports for Deciphering Earnings Calls? (Goldsack et al. 2025)
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Evaluation (Human vs. LLMs)

To P.16

To P.16

From Facts to Insights: A Study on the Generation and Evaluation of Analytical Reports for Deciphering Earnings Calls? (Goldsack et al. 2025)
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Evaluate Based on Human Decision Accuracy

• Two subsets, total of 64 earnings call transcripts:

• ECTSum Subset (40 transcripts): Includes optional reference summaries (“ref”)

• Professional Subset (24 transcripts): Only transcripts provided; analyst comparisons done later by 

organizers

• Submission Requirement: Must generate reports for all 64 transcripts

• Evaluation Criteria

• Participants may use LLM-based or custom evaluation methods

• Official ranking is based on human evaluation:

• Judges make investment decisions (Long/Short) based on the report

• Timeframes: Next day, Next week, Next month

• Final score: Average decision accuracy across the 3 timeframes

Earnings2Insights: Analyst Report Generation for Investment Guidance (Takayanagi, 2025)
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High Likert Scores do not imply High Decision Accuracy

Earnings2Insights: Analyst Report Generation for Investment Guidance (Takayanagi, 2025)
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Human-Agent Teaming Era

https://www.nngroup.com/articles/ai-paradigm/

Evaluation would go beyond accuracy & speed

The extent to which the system benefits user/human matters

https://www.nngroup.com/articles/ai-paradigm/
https://www.nngroup.com/articles/ai-paradigm/
https://www.nngroup.com/articles/ai-paradigm/
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LLM Opinions Sway Human Decisions

• We use GPT-4 to generate (1) a summary, (2) an analysis (given stance), and (3) a promotional analysis (given stance) based on the 

transcript of an earnings call. 

• We invite participants from three categories: amateurs, experts (working in the financial industry), and veterans (with over 10 years of 

experience in the financial industry). 

• The decision-making process consists of two rounds. In the first round, participants make a three-day trading decision based on the 

provided summary. In the second round, they receive a (promotional) analysis with stance and decide whether to modify their initial 

decision. 

• Participants receive an hourly salary that is 1.5 times their original rate if they make correct decisions for over 50% of instances.

Can GPT-4 Sway Experts' Decisions? (Takayanagi, 2025)
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GPT-4 can Influence Expert Decisions, but in a Wrong 

Direction

• GPT-4's analysis has only a small impact on human decisions, with the smallest influence on veterans.

• Decision changes among amateurs are double that of veterans.

• Promotional analysis is seen as more convincing, logical, and useful by all participants.

• In the financial market, promotion of investment products requires caution due to strict regulatory requirements 

across different regions.

• GPT-4-generated analysis negatively impacts the accuracy of decisions made by both amateurs and experts.

• GPT-4 produces persuasive analysis, but it may not necessarily help humans in making better decisions.

• This raises a research issue about evaluating the effectiveness of generated analysis in improving decision-making. 

(Challenge)
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Outline

• Stories – From Tasks to Communities

• Growing a Research Community through NTCIR

• Research – History Repeats Itself

• Benchmark: What Agents Can Replace?

• From IR to NLP: The Return of Subjectivity in Evaluation

• Subjectivity

• Reproducible Evaluation (One of NTCIR’s Goal)
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Make the Agent Replicate and Reproduce Human Decisions

LLM Agents Grounded in Self-Reports Enable General-Purpose Simulation of Individuals (Park et al., 2026)
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Make the Agent Replicate and Reproduce Expert Decisions

Why Expert Alignment Is Hard: Evidence from Subjective Evaluation (Lin et al., 2026)
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From IR to NLP: The Return of Subjectivity in Evaluation

• Early NLP

• Benchmarks made evaluation appear objective

• One input → one correct answer

• Accuracy became the dominant paradigm

• Generative AI / Agents

• Multiple plausible outputs

• Human preference matters

• Persuasive ≠ Helpful

• Good generation ≠ Good decision support

• History Repeats Itself

• IR has faced this problem for decades

• Relevance is inherently subjective

• The challenge is NOT removing subjectivity

• The challenge is reproducible evaluation under subjectivity



A Possible Direction: Verification-First AI

From Static Metrics to Verifiable Outcomes

Traditional Evaluation → Verification-Oriented Evaluation

Accuracy / F1 → Decision Quality

Preference Scores → Human Outcomes

Single-turn Outputs → Longitudinal Tracking

Static Benchmarks → Real-world Verification

Persuasiveness → Accountability

One Correct Answer → Defensible / Auditable Claims
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Human-Agent Ally Era

Verification Will Become the Primary Bottleneck

When claims outpace verification capacity, 

systems inevitably drift from truth to 

proxies.

Execution scales exponentially, but 

verification remains biologically 

bottlenecked. 
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We Could Verify the Present, But Not the Future

• Current verification research focuses on static claims

• Verifying consistency within a document

• Verifying consistency across documents

• Verifying alignment between representations (e.g., paper  code)
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Verifying and Auditing Forward-Looking Statements
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The Impact of Forward-Looking Statements
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False Information vs. Failed Commitments

Type Is the information accurate? Does the sender know it’s false? Is there malicious intent?

Misinformation No No No

Disinformation No Yes Yes

Situation Type Explanation

Genuinely tried but failed Not mis/disinformation It's a failure, not deception

Overestimated or exaggerated  Possibly misinformation Misleading, but not necessarily with bad intent

Knew it was impossible from the start Disinformation A deceptive promise made to gain trust or favor

• Past/Current

• Forward-Looking Arguments & Commitments

Our goal is to 

• (Now) Assist writers to avoid potential overstatements as they write 

• (Now) Help readers assess the strength of reasoning

• (Later) Allow for future review and accountability
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From Society-Undermining Disinformation to Promises

Type Example

Society-Undermining Disinformation (Punishable) Sharing a video of a bank robbery from another country and claiming, "This happened in Taipei."

Disinformation A company knowingly publishing fake success metrics to attract investors

Misinformation A relative sharing a false health tip on social media believing it ’s true

Forward-Looking Scenario (Prediction) An analyst projecting “20% revenue growth next year” based on weak evidence

Corporate Promise A company pledging carbon neutrality by 2030 with no actual implementation

• These are examples, but it does not imply that these are (dis)misinformation.

• 20220523_JP-Morgan_-Delayed--Vornado-Realty-Trust--Updated-_1.pdf
• https://balchem.com/responsibility/sustainability/2030-esg-goals/

Humor or Misinformation?

Society-Undermining 

Disinformation or 

Misinformation?
Corporate ESG PromiseForward-Looking Scenario

https://balchem.com/responsibility/sustainability/2030-esg-goals/
https://balchem.com/responsibility/sustainability/2030-esg-goals/
https://balchem.com/responsibility/sustainability/2030-esg-goals/
https://balchem.com/responsibility/sustainability/2030-esg-goals/
https://balchem.com/responsibility/sustainability/2030-esg-goals/
https://balchem.com/responsibility/sustainability/2030-esg-goals/
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Intent, Accuracy, and Impact – Challenges

Type Intentional? Factual Accuracy Legality Potential Impact

Society-Undermining 

Disinformation

Yes (Malicious intent)

(Verifiable?)
False Illegal (court bans) Undermines Society

Disinformation Yes False  Sometimes regulated
Misleads public, distorts 

perception or policy

Misinformation No False Legal
Confuses people, 

spreads unintentionally

Forward-Looking Scenario 

(Prediction)
Uncertain

Hypothetical 

(Verifiable?)
Legal

Can mislead 

expectations or markets

Corporate ESG Promise Often Yes
Future-Oriented 

(Verifiable?)

 May fall under 

greenwashing laws

May mislead 

stakeholders, reputation & 
legal risks
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Forward-Looking Verification: A Three-Stage Framework

• Ex-ante Justification (Defensibility)

• Can we justify the claim before it happens?

• Forecast justification / credibility 

• Assumptions, reasoning, plausibility 

• Causal arguments and supporting evidence 

• In-flight Observability & Provenance

• Can we track what happens during execution?

• Observability → can we see the process? 

• Provenance → do we know where it comes from? 

• Logs, traces, intermediate decisions

• Ex-post Backtesting & Reconciliation

• Did the claim match what actually happened?

• claim → wait → outcome → compare 

• Forecast evaluation / scoring rules 

• Accountability and auditing
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Ex-ante Justification (Defensibility)

• Ex-ante Justification (Defensibility)

– Can we justify the claim before it happens?

– Forecast justification / credibility 

– Assumptions, reasoning, plausibility 

– Causal arguments and supporting evidence 

• In-flight Observability & Provenance

– Can we track what happens during execution?

– Observability → can we see the process? 

– Provenance → do we know where it comes from? 

– Logs, traces, intermediate decisions

• Ex-post Backtesting & Reconciliation

– Did the claim match what actually happened?

– claim → wait → outcome → compare 

– Forecast evaluation / scoring rules 

– Accountability and auditing
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Quality Assessment

1. Investment Opinion

• Professionalism: Are the claims reasonable and domain-grounded?

• Analysts are expected to base their forward-looking projections on sound reasoning, domain knowledge, and data integrity. 

➢ Professionalism-Aware Pre-Finetuning for Profitability Ranking. CIKM-2024

➢ Evaluating the Rationales of Amateur Investors. WWW-2021

• Argument Mining: Are the premises valid, and reasoning complete?

• Forward-looking statements are often composed of conclusions and their supporting premises — and these can be mined, 

evaluated, and scored.

➢ Enhancing Investment Opinion Ranking through Argument-Based Sentiment Analysis. AACL-2025

➢ Argument-Based Sentiment Analysis on Forward-Looking Statements. ACL-2024

• Exaggerated Information: Is the projection reasonable?

• A 10% difference can often lead to significantly different decisions in many situations.

➢ Numeracy-600K: Learning Numeracy for Detecting Exaggerated Information in Market Comments. ACL-2019

2. ESG Report

➢ ML-Promise: A Multilingual Dataset for Corporate Promise Verification. EMNLP-2025
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The Global Sustainability Commitment Crisis: 

Systemic Failures from Nations to Corporations

• https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
• https://www.just-style.com/features/fashion-brands-lagging-on-living-wages-will-miss-2030-sdg-goals/
• https://www.esgtoday.com/walmart-to-miss-2025-2030-climate-targets/

https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
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https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
https://esgnews.com/germany-likely-to-miss-2030-climate-goal-council-of-experts-on-climate-change-says/
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PromiseEval: Multinational, Multilingual, Multi-Industry 

Promise Verification (SemEval-2025 Task 6 @ ACL-2025)

• Broken promises may not be lies — but they can still mislead investors, regulators, and the public

• Promises are forward-oriented and often vague.

• We ask:

• Is this a promise?

• Is there evidence?

• Is the link clear or misleading?

• When should this be verified?

• Dataset

• 5 Languages: English, French, Chinese, Japanese, Korean

• 8+ Industries: Energy, Finance, Technology, Luxury, Biomedical...

• 12+ Countries: UK, US, France, Canada, Taiwan, Japan, Korea...

ML-Promise: A Multilingual Dataset for Corporate Promise Verification. EMNLP-2025
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Modeling Results & Next Steps 

• Greenwashing Risk: Detect vague, feel-good claims that lack concrete support (argument mining)

• Stakeholder Impact: Assess who actually benefits from the promise (and how) (Intent)

• Scenario Verification, Now with Promise

• Can we retrieve updated reports and check whether there’s any trace of follow-up action?

Subtask Best Approaches F1 (English)

Promise GPT-4o + Data Augmentation 0.823

Evidence BERT-based + Multilingual Ensembles 0.787

Clarity (Still Challenging) GPT-4o (zero-shot + 6-shot) 0.669

Timing (Still Challenging) Universal Embedding + Contrastive loss 0.577

2020’s 
Promise

2024 Identify Actions

2030 Verify
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In-flight Observability & Provenance

• Ex-ante Justification (Defensibility)

– Can we justify the claim before it happens?

– Forecast justification / credibility 

– Assumptions, reasoning, plausibility 

– Causal arguments and supporting evidence 

• In-flight Observability & Provenance

– Can we track what happens during execution?

– Observability → can we see the process? 

– Provenance → do we know where it comes from? 

– Logs, traces, intermediate decisions

• Ex-post Backtesting & Reconciliation

– Did the claim match what actually happened?

– claim → wait → outcome → compare 

– Forecast evaluation / scoring rules 

– Accountability and auditing



80

Make sure we can Track and Verify them

2020’s 
Promise

2024 Identify Actions

2030 Verify

• Broken promises may not be lies — but they can still mislead investors, regulators, and the public

• Promises are forward-oriented and often vague.

• We ask in PromiseEval-2025:

• Is this a promise?

• Is there evidence?

• Is the link clear or misleading?

• When should this be verified?

We ask in RegCom-2026:

• Whether companies write down actions or 

achievements for tracing?

• RegCom: Multinational, Multilingual, Multi-Industry 

Compliance Checking (NTCIR-2026)

• http://regcom.nlpfin.com/
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RegCom: Multinational, Multilingual, Multi-Industry 

Compliance Checking (NTCIR-2026)

• Whether companies write down actions or achievements for tracing?

• Cross-Domain Task ➔ Finance & Legal (Regulations)

• Multilingual ➔ English, French, Korean, Chinese, Japanese, Thai

• Multinational ➔ UK, USA, Jordan, Sonth Africa, Switzerland, Canada, France, Luxembourg, 

Taiwan, Japan, South Korea, Thailand, Australia

• Multi-Industry ➔ Energy, Finance, Luxury, Semiconductor, Technology, Biomedical, Automotive, 

Trading
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Ex-post Backtesting & Reconciliation

• Ex-ante Justification (Defensibility)

– Can we justify the claim before it happens?

– Forecast justification / credibility 

– Assumptions, reasoning, plausibility 

– Causal arguments and supporting evidence 

• In-flight Observability & Provenance

– Can we track what happens during execution?

– Observability → can we see the process? 

– Provenance → do we know where it comes from? 

– Logs, traces, intermediate decisions

• Ex-post Backtesting & Reconciliation

– Did the claim match what actually happened?

– claim → wait → outcome → compare 

– Forecast evaluation / scoring rules 

– Accountability and auditing
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2027 → Cross-Temporal Cross-Report

Multinational, Multilingual, Multi-Industry Promise Verification

2020’s 
Promise

2024 Identify Actions

2030 Verify

Single Document

• Alignment Between Actions and Promises

• Which Promise from the previous reports is supported by the Actions 

(RegCom-2026) mentioned in the new report?

• To what extent has this Promise been fulfilled?

• What is the level of achievement?

• What follow-up actions are planned?

• Review of Past Promises

• For each past Promise, has it reached the stage where it can be verified?

• Has the Promise been achieved? If so, to what degree?

• Is the fulfillment of the Promise explicitly mentioned in the new report?
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Cross-Document – Auditing Author Commitments in Peer 

Review  
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Toward Natural-Language-Based Verification

• We Can Now Verify Natural-Language Commitments

• Authors make many commitments (up to ~10+ per paper)

• ~25% of commitments are not fulfilled

• Missing experiments are among the most common failures

• LLM-based verification achieves ~75% agreement with humans
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Another Perspective: Verifying Analyst Forward-Looking 

Statements
• Human Annotation – Given Scenario (English), Find 

Evidence on the Web

• Can Verify

• 51.45% Correct, 10.14% Incorrect

• Cannot Verify: 38.41%

• Automatic Approach

• It’s easier to find supporting news than disconfirming 

evidence

• Open-World Retrieval (Grounding Agents)

• GPT-4o Grounding Agent

• Only around 22%
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We Can Verify — But Not Everything Can Be Verified

• Verification Is Becoming Feasible

• LLM + retrieval enables end-to-end verification workflows 

• Human–AI collaboration: 

• improves evidence coverage 

• significantly reduces verification cost 

• Makes large-scale verification practical

• The Real Bottleneck Is NOT Models

• The main limitation is missing evidence

• Evidence is: 

• delayed 

• incomplete 

• sometimes never disclosed

• Implication: We Need Self-Tracking & Disclosure

• Verification cannot rely only on external observers

• Analysts / organizations should: 

• track their own claims 

• disclose outcomes over time 

• report unmet assumptions

Harness alone is not enough.

The bottleneck is no longer intelligence —

it is institutional design.
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From Promises to Accountability

Toward Verifiable Forward-Looking Systems
1. Forward-looking statements are everywhere

• Political promises 

• Corporate ESG commitments 

• Analyst scenarios 

• These shape real decisions — today

2. But verification is fundamentally missing

• Existing systems focus on static, present claims 

• Forward-looking claims: 

• unfold over time 

• lack immediate ground truth 

• are often partially or never verifiable 

3. We are entering a new era

• LLM + retrieval enable: 

• claim extraction 

• cross-document tracking 

• ex-post verification workflows 

• Natural-language verification is now feasible

4. But the real limitation is structural

• Many claims remain unverifiable 

• Not because models fail 

• But because evidence is missing or never disclosed 

5. The key shift

Verification is not just a modeling problem

— it is a system design problem

6. Call to action

• Move from: 

• one-time statements

→ to 

• trackable, auditable commitments 

• Require: 

• self-tracking 

• transparency 

• follow-up disclosure 

If the future cannot be immediately verified,

we must design systems that make it accountable.
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Conclusion – From Benchmarks to Verifiable Human-

Agent Systems

• NTCIR Is More Than Benchmark Collection

• Tasks create long-term research directions 

• Communities grow through repeated collaboration 

• Human-Human Teaming remains foundational in the Agent Era 

• Evaluation Is Returning to Subjectivity

• High benchmark scores do NOT guarantee human benefit 

• Persuasive ≠ Helpful 

• Static metrics are insufficient for Human-Agent systems 

• Evaluation must consider decision quality, interaction, and long-term outcomes 

• Verification Will Become the Next Bottleneck

• Execution scales faster than verification 

• Future-oriented claims require: 

• justification 

• observability 

• backtesting 

• The challenge is no longer only modeling but designing verifiable systems

The challenge is no longer whether AI can do it —

but whether our institutions are ready to support it.



Thank You!

We are building systems for verifying forward-looking statements.

PhD & Interns Welcome

Join us @haalab.github.io

Upcoming Events

› Workshop  FinNLP @ EMNLP-2026  finnlp.nlpfin.com

› Shared Task  NTCIR-2026  FinArg-3  finarg.nlpfin.com  |  RegCom  regcom.nlpfin.com

Let’s Build the Next Generation of Benchmarks Together

https://finnlp.nlpfin.com/
https://finarg.nlpfin.com/
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