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Abstract—Corporate ESG and sustainability reports have be-
come important information sources for investors, regulators,
auditors, and the public. However, these reports often contain
broad commitments, future-oriented goals, and policy statements
that are difficult to verify without concrete evidence, implemen-
tation records, or explicit timelines. Existing ESG NLP datasets
mainly focus on relevance detection, topic classification, event
analysis, or rating prediction, while resources for evidence-based
sustainability promise verification remain limited, especially
in Traditional Chinese corporate disclosures. To address this
gap, this study introduces VeriPromiseESG4K, a paragraph-
level Traditional Chinese dataset for ESG sustainability promise
verification. The AI CUP 2026 VeriPromiseESG shared task uses
VeriPromiseESG4K v1.0 as its official benchmark dataset. The
dataset contains 4,000 annotated paragraphs collected from 2024
ESG or sustainability reports of 50 Taiwanese listed companies. It
is designed to support four tasks: promise identification, evidence
detection, evidence quality assessment, and verification timeline
inference. The central contribution of this work is an iterative
human annotation and quality control process for a semantically
complex ESG verification task. Twenty-one annotators were
organized into seven groups, with each instance independently
annotated by multiple annotators. Krippendorff’s Alpha was
repeatedly calculated to monitor agreement, disagreement cases
were reviewed in weekly meetings, annotation guidelines were re-
fined, and a sustainability domain expert performed final adjudi-
cation. The final agreement scores demonstrate that the proposed
schema can be applied consistently across the four tasks. We also
report LLM-based reference baselines with and without retrieval-
augmented generation (RAG) to provide an initial benchmark
for future AI CUP participants. The baseline results show that
the performance gains from RAG are concentrated mainly in
verification timeline inference, while promise identification and
evidence quality assessment show marginal or mixed changes.
Overall, VeriPromiseESG4K provides a new Traditional Chinese
ESG NLP resource for sustainability disclosure analysis, promise
verification, and greenwashing risk assessment.

Index Terms—ESG, sustainability reports, promise verification,
Traditional Chinese NLP, dataset construction, human anno-
tation, Krippendorff’s Alpha, evidence detection, greenwashing
detection

I. INTRODUCTION

Corporate sustainability reporting has become an impor-
tant channel for firms to communicate ESG performance to
investors, regulators, consumers, and the public. As ESG
disclosures are increasingly used for investment decisions,
regulatory monitoring, supply chain evaluation, and reputation
management, their reliability and verifiability have become
critical. Companies are expected not only to report ESG goals
and policies, but also to provide concrete evidence showing
whether these commitments are implemented, measurable, and
accountable.

However, sustainability reports often contain broad claims,
aspirational goals, and future-oriented commitments without
specific actions, measurable indicators, supporting evidence,
or clear verification timelines [1]. This makes it difficult for
stakeholders to judge whether an ESG promise is substantive,
symbolic, or potentially misleading [2]. This issue is closely
related to greenwashing, where firms may use environmental
or sustainability-related claims to create a positive impression
while lacking sufficient evidence of actual performance or
implementation [3]. Existing ESG NLP studies mainly focus
on topic classification, relevance detection, sentiment analysis,
event impact analysis, or rating prediction, but they rarely ex-
amine whether corporate sustainability promises are evidence
supported and temporally verifiable [4].

To address this gap, this study introduces
VeriPromiseESG4K, a paragraph-level Traditional Chinese
dataset for ESG sustainability promise verification.
The AI CUP 2026 VeriPromiseESG shared task uses
VeriPromiseESG4K v1.0 as its official benchmark dataset.
The dataset contains 4,000 annotated paragraphs collected
from 2024 ESG or sustainability reports of 50 Taiwanese
listed companies. It is designed to support four tasks:
promise identification, evidence detection, evidence quality



assessment, and verification timeline inference.
In addition to releasing the dataset, this study focuses on

how a subjective and semantically complex ESG verification
task can be operationalized into a reliable annotation schema.
The annotation process was designed as an iterative quality
control procedure: annotators independently labeled the same
data, the research team calculated Krippendorff’s Alpha, dis-
agreement cases were reviewed in weekly meetings, annotation
guidelines were revised, and a sustainability domain expert
adjudicated disputed instances. This process gradually clarified
the decision boundaries among promises, evidence, evidence
quality, and verification timelines, producing reliable gold
labels for the official shared task.

This work makes three main contributions. First, we re-
lease VeriPromiseESG4K, a 4,000-instance Traditional Chi-
nese dataset for ESG promise verification, constructed from
the 2024 sustainability reports of 50 Taiwanese listed compa-
nies and adopted as the official benchmark of AI CUP 2026.
Second, we formalize ESG promise verification as a four-
subtask pipeline covering promise identification, evidence de-
tection, evidence quality assessment, and verification timeline
inference, and define the corresponding evaluation protocol for
the shared task. Third, we present an iterative human annota-
tion and expert adjudication workflow that uses Krippendorff’s
Alpha to monitor and improve annotation consistency. LLM
and RAG results are reported only as reference baselines to
indicate task difficulty for future participants.

II. RELATED WORK

ESG-related NLP research has mainly developed along three
directions: ESG relevance and topic classification, ESG rating
or event impact analysis, and ESG promise verification or
greenwashing detection. ESG-FTSE [5] focuses on identifying
ESG-related information in news articles, while DynamicESG
[6] incorporates temporal news events to analyze ESG rating
impact. These resources demonstrate the usefulness of NLP for
sustainability analysis, but their primary focus is classification
or event impact rather than whether a corporate sustainability
promise is supported by specific evidence and can be verified
within a concrete time frame.

Greenwashing research has also examined selective dis-
closure, firm-level behavior, and organizational drivers. Prior
studies have proposed typologies of greenwashing measures,
deep learning-based greenwashing indexes, and surveys of
NLP subtasks for greenwashing detection [1]–[4]. However,
many of these approaches either aggregate claims into firm-
level indicators or analyze greenwashing from organizational
and behavioral perspectives. They do not directly preserve
paragraph-level promise–evidence relationships, which are
crucial for auditing whether a particular sustainability com-
mitment is concrete, evidence supported, and temporally ver-
ifiable.

The most directly related work is ML-Promise [7], a multi-
lingual dataset for corporate promise verification. Although
ML-Promise includes a Chinese subset, each language ac-
counts for only a portion of the 3,010 total instances, and the

Chinese subset remains relatively limited. VeriPromiseESG4K
addresses this gap by providing a dedicated large-scale Tra-
ditional Chinese resource of 4,000 paragraph-level instances
drawn exclusively from the sustainability reports of 50 Tai-
wanese listed companies. Unlike news-based ESG datasets,
VeriPromiseESG4K is constructed directly from corporate
disclosures and emphasizes human-verified annotation qual-
ity. The present paper therefore focuses not on proposing a
new prediction model, but on dataset construction, annotation
schema design, inter-annotator agreement monitoring, and
expert adjudication.

III. DATASET

A. Approach Overview

The construction of VeriPromiseESG4K consists of four
main stages: data collection, candidate paragraph extraction,
human annotation, and agreement-based quality control.

In the first stage, we collected 2024 ESG or sustainability
reports from 50 Taiwanese listed companies in the Yuanta Tai-
wan Top 50 ETF constituents. The companies span major in-
dustries including semiconductors, electronics manufacturing,
finance, shipping, petrochemicals, steel, telecommunications,
retail, biotechnology, and traditional manufacturing.

In the second stage, GPT-5 Pro was used for broad candidate
paragraph extraction from the original reports. The extraction
process targeted full paragraphs that potentially contained sus-
tainability commitments, goals, future plans, ongoing actions,
implementation methods, or supporting evidence. This LLM-
assisted step was used only to construct the candidate pool
and was not used to determine any official labels.

In the third stage, all official labels, promise_string,
and evidence_string were manually annotated by hu-
man annotators using a self-developed web-based annotation
platform deployed on Vercel. GPT-5 Pro did not generate final
labels or span boundaries.

In the fourth stage, annotation quality was controlled
through repeated agreement measurement, disagreement anal-
ysis, guideline refinement, and expert adjudication. Krippen-
dorff’s Alpha [8] was calculated to evaluate inter-annotator
agreement. Disagreement cases were discussed in weekly an-
notation meetings, and a sustainability domain expert professor
made final adjudications. The adjudicated results were used as
the gold labels.

B. Data Collection and Official Split

The text in VeriPromiseESG4K mainly comes from 2024
ESG or sustainability reports published by Taiwanese listed
companies. We selected 50 companies from the Yuanta Taiwan
Top 50 ETF constituents because these companies are highly
representative in the Taiwanese capital market, and their
sustainability reports are usually more complete and contain
richer ESG commitments and implementation information.

Each instance preserves source metadata, including com-
pany name, stock ticker, page number, original PDF URL,
and company source. The basic unit of the dataset is a full
paragraph rather than a single sentence, because commitments



and supporting evidence in corporate sustainability reports
are often distributed across different sentences in the same
paragraph. Using single sentences as annotation units may
break the semantic relationship between a promise and its
supporting evidence.

The final dataset contains 4,000 paragraph-level instances,
split as shown in Table I.

TABLE I
DATASET STATISTICS AND OFFICIAL SPLIT OF VERIPROMISEESG4K V1.0

Split Instances Purpose
Train 1,000 Model training
Validation 1,000 Hyperparameter tuning and model selection
Test 2,000 Final evaluation
Total 4,000 Official benchmark dataset

C. Task Schema and Label Distribution

The four core annotation tasks are promise_status,
evidence_status, evidence_quality, and
verification_timeline. The auxiliary field
esg_type is provided for analysis but is not included
in the official inter-annotator agreement calculation.

Promise identification. promise_status determines
whether a paragraph expresses a company’s commitment to
future actions, ongoing actions, policy goals, or improvement
directions. Expressions such as “will,” “plan,” “goal,” “com-
mit,” or “establish” typically indicate a promise. A promise
does not have to be only in the future tense; if an action is
currently being implemented as part of a stated commitment,
the paragraph can still be labeled as Yes.

Supporting evidence detection. evidence_status de-
termines whether the promise is supported by concrete evi-
dence. If the paragraph provides only a general vision without
concrete actions, systems, timelines, methods, or results, it
is labeled as No. If the paragraph includes concrete plans,
responsible units, system names, quantitative results, or actual
records, it is labeled as Yes.

Evidence quality assessment. evidence_quality
evaluates whether the evidence is clear, specific, and verifiable.
Labels are Clear, Not Clear, Misleading, and N/A.
The N/A label is used when no promise or no supporting
evidence exists.

Verification timeline inference.
verification_timeline infers when the promise
can be verified, using the 2024 report publication year as the
starting point. Labels are already, within_2_years,
between_2_and_5_years, more_than_5_years,
and N/A. The N/A label is used when no promise exists in
the paragraph.

Table II summarizes the official task labels and their
distributions. Promise identification and supporting evidence
detection are both skewed toward the positive class. For tasks
where the corresponding promise or evidence is not applicable,
N/A is included as an official label and its percentage is
reported together with the other labels.

TABLE II
OFFICIAL VERIPROMISEESG TASK LABELS AND DISTRIBUTION (%)

Task Label %

Promise identification Yes 81.3
No 18.7

Supporting evidence
Yes 67.0
No 14.3
N/A 18.7

Evidence quality

Clear 55.6
Not Clear 11.3
Misleading 0.1
N/A 33.0

Verification timeline

already 36.7
within_2_years 1.9
between_2_and_5_years 24.5
more_than_5_years 18.1
N/A 18.7

Note. N/A is included in the reported percentages for applicable tasks.

D. Iterative Annotation and Quality Control

The annotation of VeriPromiseESG4K was completed by
21 annotators from diverse academic backgrounds, including
public finance, statistics, accounting, biomedical informatics
and medical engineering, computer science, information man-
agement, and biomedical-related fields. The 21 annotators
were divided into seven groups of three, and each group was
assigned data from related industry domains. Each instance
was independently labeled by multiple annotators before dis-
cussion or adjudication.

The key challenge in constructing the dataset was not
only collecting ESG report paragraphs, but also establishing
reliable decision boundaries for semantically ambiguous la-
bels. In early annotation rounds, disagreements often arose
from three sources. First, annotators sometimes differed on
whether a paragraph describing current ESG practice should
be considered a promise. Second, evidence quality judgments
varied when a paragraph contained concrete-sounding words
but lacked measurable outcomes. Third, verification timeline
labels were difficult when a paragraph mixed past implemen-
tation records, current actions, and long-term future targets.

To address these issues, the research team followed an
iterative quality control procedure. After each annotation
round, Krippendorff’s Alpha was calculated for the four core
tasks. Low-agreement cases were collected and reviewed in
weekly meetings. During these meetings, annotators and the
expert professor discussed ambiguous cases, clarified label
definitions, and revised the annotation guidelines. The refined
guidelines were then applied to subsequent annotation rounds.
This cycle of independent annotation, agreement calculation,
disagreement review, guideline refinement, and expert adjudi-
cation gradually improved consistency across annotators and
produced the final gold labels.

Figure 1 illustrates the human annotation and expert adju-
dication workflow.

E. Inter-Annotator Agreement

We used Krippendorff’s Alpha to measure inter-annotator
agreement because it is suitable for multi-annotator and multi-



Fig. 1. Human Annotation and Expert Adjudication Workflow for
VeriPromiseESG4K

class annotation tasks. Table III reports the final agreement
results for the four official VeriPromiseESG tasks.

TABLE III
INTER-ANNOTATOR AGREEMENT FOR THE FOUR VERIPROMISEESG

TASKS

Core Task Field Alpha
Promise identification promise_status 0.977
Supporting evidence detection evidence_status 0.962
Evidence quality assessment evidence_quality 0.940
Verification timeline inference verification_timeline 0.955
Overall average Four core tasks 0.958

Promise identification achieved the highest agreement at
0.977, indicating strong annotator consensus on whether a
paragraph contained a sustainability commitment. Evidence
quality assessment had the lowest Alpha at 0.940, which is
expected because judging whether evidence is specific, clear,
or potentially misleading is a more subjective semantic task.
Nevertheless, the high scores across all four tasks show that the
annotation guidelines, weekly disagreement review, and expert
adjudication process effectively supported reliable annotation.

F. Dataset Availability and Release Statement

VeriPromiseESG4K v1.0 will be released as the official
benchmark dataset for the AI CUP 2026 VeriPromiseESG
shared task. To support reproducibility while respecting the
intellectual property of the source reports, the dataset will pre-
serve source provenance for each instance, including company
name, reporting year, page number, and original PDF URL.
The accompanying annotation platform code and evaluation
scripts will also be released to facilitate broader research
reuse and citation. To preserve the integrity of the shared
task evaluation, the public release of full labels will follow
the official AI CUP 2026 competition schedule. After the
conclusion of the shared task, the dataset and code will
be made available through the AIdea competition platform

(https://www.aidea-web.tw/aicup veripromiseesg), the official
VeriPromiseESG website (https://veripromiseesg.github.io/),
and GitHub (https://github.com/veripromiseesg).

IV. REFERENCE BASELINE

A. Baseline Setting

The baseline evaluation is not intended to propose a compet-
itive system or a new model architecture. Instead, it provides
reference results for future AI CUP 2026 VeriPromiseESG
participants and helps illustrate the difficulty of the four
proposed tasks.

Following the experimental setting of ML-Promise [7], we
compare two LLM-based settings: (1) LLM without RAG,
where the model predicts labels using only task definitions and
the input paragraph; and (2) LLM with RAG, where retrieved
annotated examples are included as in-context demonstrations.
RAG is used as a reference baseline because retrieved exam-
ples can provide additional task-relevant context during pre-
diction [9]. The 2,000 labeled training and validation instances
serve as the retrieval pool, and the 2,000 official test instances
are used as the prediction target. For each test paragraph,
the paragraph and retrieval pool instances are encoded using
Multilingual E5 Text Embeddings [10], and cosine similarity is
used to retrieve the six most similar examples as task-specific
demonstrations.

The tasks are evaluated using Macro F1, Micro F1, and
Weighted F1 [11]. Macro F1 treats all classes equally and
is suitable for imbalanced label distributions. Micro F1 ag-
gregates all true positives, false positives, and false negatives
before computing F1. Weighted F1 weights each class F1 by
class proportion:

Weighted F1 =
∑
i

ni

N
× F1(ci), (1)

where ni is the number of samples in class ci and N is the
total number of samples.

B. Baseline Results

Table IV reports the consolidated baseline results on the
official VeriPromiseESG test set. To keep the paper focused
on dataset construction and annotation quality, the table sum-
marizes the three overall F1 metrics and the four-task Macro
F1 scores.

The results show that RAG improves the overall Macro F1,
Micro F1, and Weighted F1 scores. However, the improvement
is not uniform across all tasks. The largest gain appears
in verification_timeline, where Macro F1 increases
from 0.3090 to 0.4227. In contrast, promise_status
slightly decreases in Macro F1, evidence_status remains
nearly unchanged, and evidence_quality shows only a
marginal Macro F1 increase while declining on some other
metrics. These results suggest that retrieved examples are
particularly helpful for timeline inference, but they are not
uniformly beneficial for all ESG promise verification subtasks.

The baseline also highlights two difficult aspects of the
dataset. First, timeline inference requires anchoring temporal



TABLE IV
BASELINE PERFORMANCE ON THE OFFICIAL VERIPROMISEESG TEST SET

Method Overall Macro F1 by Task
Macro F1 Micro F1 Weighted F1 PS ES EQ VT

LLM w/o RAG 0.4976 0.6274 0.6231 0.7298 0.5969 0.3549 0.3090
LLM w/ RAG 0.5234 0.6588 0.6498 0.7152 0.5958 0.3599 0.4227

PS: promise_status; ES: evidence_status; EQ: evidence_quality; VT: verification_timeline.

expressions to the report year and distinguishing completed,
near-term, medium-term, and long-term commitments. Sec-
ond, evidence quality assessment requires more than recogniz-
ing concrete-sounding words; the model must judge whether
the evidence is specific, measurable, and verifiable. These
challenges make VeriPromiseESG4K a meaningful benchmark
for future research on ESG promise verification.

V. CONCLUSION

This study presented VeriPromiseESG4K, a paragraph-level
Traditional Chinese ESG promise verification dataset con-
structed from the 2024 sustainability reports of 50 Taiwanese
listed companies. Unlike existing ESG NLP datasets that
mainly focus on topic classification, relevance detection, event
impact analysis, or rating prediction, VeriPromiseESG4K
examines whether corporate sustainability commitments are
present, evidence supported, and temporally verifiable.

The main contribution of this paper is the construction of a
reliable benchmark dataset through iterative human annotation
and quality control. The annotation process involved 21 an-
notators, independent labeling, repeated Krippendorff’s Alpha
calculation, weekly disagreement review, guideline refinement,
and expert adjudication. The final agreement scores show that
the proposed four-task schema can be applied consistently
even though ESG promise verification requires subjective
judgments about commitment, evidence clarity, and timeline
interpretation.

The LLM and RAG experiments are provided as reference
baselines rather than as the main methodological contribution.
The results show that RAG gains are concentrated mainly in
verification timeline inference, while promise identification
and evidence quality assessment show marginal or mixed
changes. These findings indicate that current LLM-based
methods still face substantial challenges in evidence quality
judgment and temporal reasoning.

VeriPromiseESG4K can support automated ESG disclosure
analysis for investors, regulators, auditors, and sustainability
analysts. It may help stakeholders assess whether corporate
ESG commitments include concrete evidence and meaningful
timelines. This study is limited by its focus on 2024 reports
from 50 Taiwanese listed companies, paragraph-level analysis,
and the rarity of the Misleading class. Future work can
expand the dataset across companies, industries, and years, and
incorporate cross-page retrieval, document-level reasoning,
multimodal analysis, longitudinal comparison, and fine-tuned
ESG models.
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