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Abstract
Climate-related corporate disclosures play a central role in sustainable finance and regulatory supervision, but
remain difficult to analyze due to their length, unstructured format, and strategic language. While existing NLP
approaches have been applied to ESG scoring and greenwashing detection, most operate at the document level
and lack explicit alignment with formal reporting standards. We propose a scalable paragraph-level framework
for aligning sustainability disclosures with the Global Reporting Initiative (GRI) indicators and the Task Force on
Climate-related Financial Disclosures (TCFD) pillars. Our approach combines weak supervision, climate-focused
GRI-TCFD mapping, embedding-based semantic similarity, and LLM validation for climate detection. In parallel, we
introduce a paragraph-level greenwashing proxy based on commitment intensity, claim specificity, and sentiment
polarity. This proxy complements regulatory alignment by capturing linguistic signals associated with potentially
symbolic climate communication. The resulting augmented data are used to fine-tune ClimateBERT models in
both single-task and multi-task settings. Experimental results show that weakly supervised dataset augmentation
improves robustness and generalization compared to purely manual training, with further gains in the multi-task
configuration. By integrating regulatory semantics, domain-adapted language models, and scalable annotation
strategies, this study advances standard-aligned climate disclosure analysis and provides tools directly relevant to
climate-related financial risk assessment.
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1. Introduction

Climate-related disclosure has become a central pil-
lar of sustainable finance and regulatory oversight.
Institutional investors, banks, and supervisory au-
thorities increasingly rely on structured reporting
frameworks to assess exposure to transition and
physical risks. Among the most widely adopted
standards, the Global Reporting Initiative (GRI)
provides granular sustainability indicators, while
the Task Force on Climate-related Financial Dis-
closures (TCFD) defines a financial-material frame-
work organized around Governance, Strategy, Risk
Management, and Metrics and Targets. These
frameworks directly inform regulatory supervision,
capital allocation, and climate risk modeling (Bin-
gler et al., 2022).

At the same time, sustainability reporting has
expanded dramatically in volume and complexity.
Reports are typically long, unstructured PDF docu-
ments written in strategic corporate language, with
climate-related information scattered across sec-
tions (Anaraki et al., 2025). This makes paragraph-
level interpretation difficult. Moreover, a grow-
ing body of literature reports on selective disclo-
sure and “greenwashing” practices, in which nar-

rative emphasis may exceed substantive commit-
ment (Janik and Ryszko, 2025). Empirical evi-
dence shows that discursive Environmental, Social,
and Governance (ESG) emphasis may not always
translate into proportional strategic or operational
changes (Bingler et al., 2024; Wood et al., 2025).

Recent advances in natural language processing
(NLP) and large language models (LLMs) have en-
abled automated extraction, classification, and veri-
fication of sustainability-related information (Mooda-
ley and Telukdarie, 2023a). Transformer-based and
LLM-based approaches have been used to detect
green practices in social media (Glazkova and Za-
kharova, 2025), assess ESG commitment in finan-
cial documents (Wood et al., 2025), identify green
claims and greenwashing (Moodaley and Teluk-
darie, 2023b), and perform climate-specific classifi-
cation through domain-adapted models such as Cli-
mateBERT (Webersinke et al., 2022). These tools
support scalable and systematic analysis of corpo-
rate disclosures across ESG dimensions (Zou et al.,
2025; Kazakov et al., 2023), facilitating better align-
ment with reporting frameworks such as GRI (Ngee
et al., 2024; Bronzini et al., 2024), the Sustainable
Development Goals (SDGs) (Jakob et al., 2024;

https://www.globalreporting.org/standards/
https://www.fsb-tcfd.org/
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Li and Rockinger, 2024), and TCFD, particularly
through domain-adapted BERT variants such as
ClimateBERT for greenwashing detection (Bingler
et al., 2022). Prior work has also explored weakly
supervised and unsupervised methods for auto-
matically aligning report content with multiple sus-
tainability standards, particularly focusing on inte-
grating GRI and SDG (Mousavian Anaraki et al.,
2025a,b).

However, existing work largely focuses on
document-level scoring, sentiment detection, or
general climate relevance, rather than structured
paragraph-level alignment with formal regulatory
architectures.

We address this gap by proposing a scalable
paragraph-level annotation framework that lever-
ages the officially published alignment between
GRI indicators and TCFD pillars to guide climate-
related text identification. Rather than directly train-
ing a regulatory classifier, we use GRI-TCFD align-
ment as structured weak supervision to construct
high-confidence paragraph-level climate annota-
tions. Our approach combines weak supervision
from GRI content indices, embedding-based se-
mantic similarity, and LLM-assisted validation. MP-
Net (Song et al., 2020) embeddings rank paragraph-
to-definition matches across candidate GRI-TCFD
pairs, while GPT-OSS (Agarwal et al., 2025) filters
noisy assignments through definition-grounded rea-
soning. This process yields a standard-informed
climate detection dataset without requiring manual
paragraph-level expert annotation. For instance,
the following excerpt from a sustainability report:

“Our goal is to be a leader in ecologically
sound production by looking at our own
carbon footprint and aiming for the highest
possible standards of ecological respon-
sibility among our producers.”

is automatically classified as climate-related and
aligned with the corresponding GRI-TCFD cate-
gories:

• GRI 305 (Emissions), specifically GRI 305-5:
“Reduction of GHG emissions”

• TCFD (Governance): “Disclose the organiza-
tion’s governance around climate-related risks
and opportunities”

• Climate-related (Emissions, Governance)

In parallel, we introduce a paragraph-level green-
washing risk proxy derived from commitment inten-
sity, claim specificity, and sentiment polarity. In-
spired by (Vinella et al., 2024), we define a green-
washing risk proxy based on three characteristic
patterns commonly observed in misleading sustain-
ability disclosures: (1) absence of explicit climate-
related commitments and actions, (2) use of non-

specific or vague language, and (3) overly opti-
mistic or promotional sentiment. Each dimension is
treated as an indicator, and their combination yields
a greenwashing risk proxy, which is discretized into
Low-risk (one active indicator), and High-risk (two
or more active indicators) categories. Following
this formulation, the paragraph is labeled as:

• Commitment: Inactive

• Non-Specific: Active

• Optimistic Sentiment: Active

resulting in a High Greenwashing Risk label. The
proxy is computed only on validated climate-related
paragraphs and captures linguistic patterns asso-
ciated with potentially symbolic climate communi-
cation. Rather than replacing regulatory alignment,
this proxy complements climate relevance by pro-
viding an additional supervisory signal grounded in
discourse characteristics. The automatically con-
structed datasets are then used for benchmark aug-
mentation.

We fine-tune ClimateBERT in single-task (cli-
mate relevance) and multi-task (climate rele-
vance and greenwashing risk) settings to evalu-
ate whether standard-informed weak supervision
improves downstream performance. By coupling
regulatory structure with scalable annotation and
multi-task learning, our framework reduces reliance
on costly manual labeling while maintaining seman-
tic consistency with established reporting standards
and improving empirical robustness in downstream
classification.

This paper makes three main contributions:

1. We propose a scalable, weakly supervised
framework for climate-related paragraph-level
alignment of corporate disclosures with GRI
and TCFD standards, combining semantic sim-
ilarity and LLM-based validation;

2. We introduce a transparent, literature-
grounded paragraph-level greenwashing risk
proxy based on commitment, specificity, and
sentiment attributes;

3. We show that automatically generated anno-
tations improve climate detection and green-
washing risk classification through dataset aug-
mentation and multitask learning.

To guide our empirical evaluation, we address the
following research questions:

• RQ1. Does augmenting benchmark datasets
with automatically constructed annotations im-
prove downstream performance?

• RQ2. Does joint multi-task learning provide
additional gains over separate single-task mod-
els?
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The remainder of the paper is organized as fol-
lows. Section 2 reviews related work. Section 3
presents the proposed paragraph-level GRI-TCFD
alignment framework and the greenwashing risk
proxy construction. Section 4 reports the experi-
mental evaluation. Section 5 concludes the paper.

2. Related Work

Natural language processing has been widely ap-
plied to the analysis of corporate sustainability dis-
closures. Prior work employs sentence similarity,
sentiment classification, and information extrac-
tion techniques to assess environmental risk and
ESG communication patterns in unstructured re-
ports (Kang and Kim, 2022; Polignano et al., 2022).
These approaches enable large-scale analysis but
typically operate at the document level or focus on
isolated linguistic signals.

The emergence of LLMs has further expanded
capabilities for extracting structured information
and detecting misleading or greenwashing claims in
sustainability reporting (Moodaley and Telukdarie,
2023a,b). Domain-adapted models such as Cli-
mateBERT (Webersinke et al., 2022) incorporate
climate-specific pretraining and have demonstrated
strong performance across tasks including climate
risk detection (Garrido-Merchán et al., 2026), cheap
talk analysis (Bingler et al., 2024), and greenwash-
ing identification (Vinella et al., 2024).

However, progress remains constrained by the
scarcity of high-quality paragraph-level annota-
tions. Recent efforts such as Climate-NLI (Yudanto
et al., 2024) explore zero- and few-shot classifica-
tion through natural language inference (Yin et al.,
2019), yet performance is sensitive to semantic
overlap and task ambiguity.

In parallel, weakly supervised and unsupervised
approaches have been proposed to align sustain-
ability disclosures with structured reporting stan-
dards, particularly for integrating GRI and SDG
frameworks (Mousavian Anaraki et al., 2025a,b).
Nevertheless, structured paragraph-level align-
ment with formal climate-related architectures such
as the GRI-TCFD mapping remains underexplored.

Our work builds on these strands by combin-
ing structured weak supervision, embedding-based
similarity modeling, and LLM-assisted validation
to construct a paragraph-level, standard-informed
climate dataset. Unlike prior studies that primarily
address document-level scoring or standalone clas-
sification tasks, we explicitly leverage the official
GRI-TCFD alignment to guide annotation and eval-
uate its impact through benchmark augmentation
and multi-task fine-tuning.

3. Standard-Informed
Paragraph-Level Annotation

Framework

This section presents a scalable, weakly super-
vised pipeline for constructing paragraph-level an-
notated datasets for (i) climate relevance detection
and (ii) greenwashing risk classification from corpo-
rate sustainability reports. The framework follows
a sequential two-stage design, where the output of
the first stage directly feeds into the second. In the
first stage, we construct a climate detection dataset
by identifying climate-related paragraphs through
GRI-TCFD alignment, embedding-based semantic
similarity, and LLM-assisted validation. The ob-
jective is to maximize annotation precision while
avoiding manual expert labeling, leveraging struc-
tured weak supervision from reporting standards.
In the second stage, we derive a greenwashing risk
dataset by restricting the analysis to the validated
climate-related subset and assigning commitment,
specificity, and sentiment attributes via few-shot
prompting, following (Bingler et al., 2024). These
attributes are aggregated into a composite green-
washing risk proxy. By grounding greenwashing
assessment in previously validated climate-related
paragraphs, the framework ensures conceptual
consistency between climate relevance and risk
characterization. The automatically constructed
datasets are subsequently used for benchmark aug-
mentation and downstream evaluation (Section 4).

3.1. Automatic Climate Paragraph
Detection via GRI-TCFD Alignment

Our approach is inspired by prior work on au-
tomatic alignment between GRI and SDG stan-
dards (Mousavian Anaraki et al., 2025b), which
demonstrated the effectiveness of combining weak
supervision, semantic similarity, and structured
standards for large-scale sustainability annota-
tion. Building upon this foundation, we extend
the methodology to the climate reporting domain
by integrating the TCFD framework and introduc-
ing LLM-assisted validation. The objective is to
construct a high-quality paragraph-level dataset
D, with |D| = M , derived from N different cor-
porate disclosures (paragraphs) (with M < N ),
augmented with standardized climate reporting cat-
egories, without requiring manual expert annota-
tion. An overview of the framework is shown in
Figure 1. The proposed framework consists of
six main stages: (i) paragraph extraction and pre-
processing, (ii) weak GRI label initialization from
content indices, (iii) climate-focused GRI–TCFD
pairing, (iv) embedding-based similarity scoring,
(v) indexed and non-indexed label disambiguation,
and (vi) LLM-assisted validation.
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GRI Code TCFD Core Elements

GRI 2: General Governance

GRI 201: Economic Performance Governance

GRI 305: Emissions Governance

GRI 2: General Strategy

GRI 201: Economic Performance Strategy

GRI 2: General Risk Management

GRI 201: Economic Performance Risk Management

GRI 305: Emissions Risk Management

GRI 2: General Metrics and Targets

GRI 201: Economic Performance Metrics and Targets

GRI 302: Energy Metrics and Targets

GRI 303: Water Metrics and Targets

GRI 305: Emissions Metrics and Targets

GRI 306: Waste Metrics and Targets

GRI 101: Biodiversity Metrics and Targets

1. Paragraph Extraction, Segmentation and Preprocessing (𝒑𝒊)

2. GRI Initialization via Label Generation (𝒊) from GRI Index Tables

3. Climate-Focused GRI–TCFD (𝒊, 𝒊) Pairing (via Official Standard Mapping)

4. Embedding-based similarity scoring (𝒋_𝒔𝒊𝒎𝒊)

5. Final Label Disambiguation via Indexed and Non-
Indexed Similarity Comparison (𝒊, 𝒊)

6. LLM-Assisted Label Validation and Refinement via 
Definition-Based Relevance Assessment

𝒋_𝒔𝒊𝒎𝒊 ≥  Ɵ𝟏

𝒋_𝒔𝒊𝒎𝒊 < Ɵ𝟐

𝒊 =′ 𝑮𝑹𝑰 𝟐′

𝐴𝑛𝑠𝑤𝑒𝑟 = ′𝑌𝑒𝑠′
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Figure 1: Overview of the proposed GRI–TCFD-based climate-related paragraph detection pipeline. The
framework integrates weak supervision, semantic similarity modeling, and LLM-based validation.

The output is a structured climate detection
dataset:

D = {(pi, γi, τi, d(γi), d(τi), llmi, j_simi, ci)}Mi=1,

where pi is a paragraph, γi and τi its associated
GRI and TCFD respective labels, d(γi) and d(τi)
their label descriptions, llmi the Yes/No LLM valida-
tion output, j_simi the joint similarity score , ci the
final climate label, and M the number of samples
after LLM validation (whereas llmi = Y es).
Paragraph Extraction, Segmentation, and Pre-
processing. Sustainability reports are extracted
from PDF documents using layout-aware parsing
with PyMuPDF. Headers, footers, and fragmented
blocks are removed, with text blocks containing at
least 20 words retained, as candidate paragraphs.
Weak GRI Annotation Initialization via Indexed
and Non-Indexed Label Generation from the GRI
Index Table. Most sustainability reports include
a GRI content index mapping disclosure codes to
page numbers. Although self-reported, this index
provides valuable weak supervision.

For each paragraph p on page π, we define:

• Indexed set: GRI codes explicitly linked to π
in the index.

• Non-Indexed set: all remaining GRI codes
not mentioned in the index for π, but potentially
relevant according to the semantic content.

This dual-set strategy mitigates incomplete cov-
erage and potential strategic under-reporting.

Climate-Focused GRI-TCFD Pairing via Official
Standard Mapping. To ensure conceptual consis-
tency, we adopt the official GRI-TCFD alignment
published by the GRI organization. This mapping
(M) restricts candidate labels to climate-relevant
combinations. We focus on seven core GRI codes
(GRI 2, 201, 302, 303, 305, 306, 101), yielding
15 valid GRI–TCFD pairs. These pairs define the
candidate annotation space. For each paragraph
p and each candidate GRI code γ, we generate
triples (p, γ, τ) where τ ∈ M(γ), such as:
GRI 305:Emissions → TCFD:Governance.
Embedding-based Similarity Scoring. To rank
candidate label pairs (γ, τ), we compute semantic
similarity between paragraphs and standard de-
scriptions using the MPNet encoder (Song et al.,
2020). Given the paragraph p and the texts con-
nected to the GRI disclosure requirement and
TCFD definition for γ and τ respectively, we en-
code them into fixed-dimensional embedding vec-
tors. Let ep denote the embedding of paragraph p.
For each GRI code γ, let Rγ = {r1, . . . , r|Rγ |} rep-
resent the set of official disclosure texts associated
with γ. Similarly, for each TCFD category τ , let
Dτ = {d1, . . . , d|Dτ |} denote the set of textual defi-
nitions and guidance statements describing τ . For
each triple (p, γ, τ), we compute a joint similarity
score given by:

j_simp = max
r∈Rγ ,d∈Dτ

cos(ep, er) · cos(ep, ed).

The multiplicative formulation enforces joint rele-
vance to both reporting frameworks.

https://github.com/pymupdf/PyMuPDF
https://www.globalreporting.org/news/news-center/2019-09-24-driving-alignment-in-climate-related-reporting/
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Final Label Disambiguation via Indexed and
Non-Indexed Similarity Comparison. For each
paragraph, we compare the highest-ranked in-
dexed and non-indexed candidate triples. The can-
didate pair (γ, τ) with the higher similarity score
j_simp is selected as the final label for each p, re-
gardless of whether it comes from the indexed or
non-indexed set. This conservative strategy priori-
tizes precision in the annotations.
LLM-based Validation. While semantic similar-
ity models are powerful for linking text to struc-
tured concepts, they can sometimes overestimate
relevance, especially for vague, generic, or multi-
topic paragraphs. To further improve annotation
quality, embedding-based similarity is followed by
LLM-assisted validation using GPT-OSS 20B (Agar-
wal et al., 2025). Each retained triple is evaluated
through a structured prompt containing the para-
graph and official definitions. In line with (Mousa-
vian Anaraki et al., 2025a), the model outputs a
binary relevance decision, approximating expert
judgment and substantially reducing false positives.
By filtering only on “Yes” LLM outputs and using
Θ1 as the minimum allowed joint similarity thresh-
old, we assign final climate labels to paragraphs as
climate-related. By filtering only on “GRI 2 (Gen-
eral)” with a maximum allowed threshold Θ2, non-
climate paragraphs can also be recognized. The
resulting climate-related paragraphs constitute a re-
liable input for the later greenwashing risk analysis
and evaluation described in the following subsec-
tion.

3.2. Greenwashing Risk Proxy
Construction

Building on the climate-related annotations ob-
tained in Section 3.1, we construct a composite
greenwashing risk proxy by classifying commitment,
specificity, and sentiment attributes using few-shot,
in-context prompting. We emphasize that the pro-
posed indicator represents a proxy for potential
greenwashing risk based on textual characteristics,
not a direct measure of deceptive corporate behav-
ior.

To quantify the extent to which corporate climate-
related disclosures may exhibit characteristics of
greenwashing, we construct a composite green-
washing risk proxy based on linguistic and semantic
attributes identified in prior literature (Bingler et al.,
2024; Vinella et al., 2024). Bingler et al. (2024)
introduces ClimateBERT-based downstream tasks
to analyze firm-level climate communication. In
particular, their methodology relies on fine-tuned
language models to classify paragraphs according
to climate relevance, sentiment, corporate commit-
ments and actions, and linguistic specificity. These
tasks are subsequently aggregated to form the

Cheap Talk Index, which measures the proportion
of non-specific climate-related commitments in cor-
porate disclosures.

Building on this framework, we adopt the same
core dimensions, commitment, specificity, and sen-
timent, as fundamental components for assessing
the credibility of climate-related statements. Vinella
et al. (2024) suggests that greenwashing is com-
monly associated with three main linguistic pat-
terns: (1) the absence of explicit climate-related
commitments, (2) the use of non-specific or vague
language, and (3) the use of overly positive or op-
timistic sentiment without corresponding substan-
tive actions. Following this literature, we opera-
tionalize greenwashing risk by combining indica-
tors that capture these characteristics at the para-
graph level. Figure 2 illustrates the second part
of our methodology for greenwashing risk proxy
construction after climate relevance identification
from the previous part (3.1). The proposed method-
ology consists of three main stages : (i) attribute-
based paragraph classification via prompting, (ii)
automatic dataset extension, and (iii) construction
of a composite greenwashing risk proxy GWR for
downstream classification and benchmark augmen-
tation.
Attribute-Based Classification via Prompting.
For each climate-related paragraph pi, we automat-
ically infer three linguistic and semantic attributes:
commitment Coi, specificity Spi, and sentiment
Sei. These attributes correspond to key dimen-
sions of climate communication defined in prior
work (Bingler et al., 2024; Vinella et al., 2024). We
design three task-specific prompts, each includ-
ing two representative examples (2-shot), sampled
from the corresponding ClimateBERT benchmarks,
namely climate commitments actions (Bin-
gler et al., 2023a), climate specificity (Bin-
gler et al., 2023d), and climate sentiment
(Bingler et al., 2023c). The prompts are constructed
based on the formal task definitions provided in the
benchmark documentation and are used to classify
each paragraph as follows (Bingler et al., 2024):

• Commitment: “A paragraph gets labeled as
commitment-yes if it reports that the company
undertook activities in this regard, if it reports
that it will likely do so, or if the company sets
targets in this paragraph.”

• Specificity: “A paragraph gets labeled as spe-
cific if a paragraph contains detailed perfor-
mance information, details of actions, or tangi-
ble and verifiable targets.”

• Sentiment: “A paragraph is labeled as an op-
portunity if it mainly discusses business oppor-
tunities or the positive impacts of mitigating or
adapting to climate change. It is considered

https://huggingface.co/datasets/climatebert/climate_commitments_actions
https://huggingface.co/datasets/climatebert/climate_specificity
https://huggingface.co/datasets/climatebert/climate_sentiment
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Figure 2: Overview of the greenwashing risk proxy construction pipeline based on prompt-based attribute
classification, automatic dataset extension, and composite risk aggregation.

neutral if it is about facts without putting them
into a positive or negative perspective. Lastly,
it is labeled a risk if it mainly talks about busi-
ness risks or the negative impacts of climate
change.”

Prompt responses are used to assign categorical
labels for each dimension. This process yields au-
tomatic paragraph-level annotations that are con-
sistent with existing benchmark formulations while
enabling scalable extension to large, unlabeled cor-
pora.
Automatic Dataset Extension. Using the prompt-
ing framework described above, we extend our au-
tomatically labeled climate dataset with commit-
ment, specificity, and sentiment annotations. This
procedure enables the creation of a large-scale
paragraph-level dataset without requiring manual
labeling.
Greenwashing Risk Proxy Construction. Build-
ing on prior work (Vinella et al., 2024), we oper-
ationalize greenwashing risk as a composite indi-
cator reflecting three characteristic patterns com-
monly associated with misleading sustainability dis-
closures: absence of substantive commitments,
vague language, and overly optimistic framing.

For each paragraph pi, we define three binary
indicators:

• Commitment Indicator (Coi): 1 if the para-
graph is classified as non-commitment, 0 oth-
erwise.

• Specificity Indicator (Spi): 1 if the paragraph
is classified as non-specific, 0 otherwise.

• Sentiment Indicator (Sei): 1 if the paragraph
exhibits optimistic framing (opportunity), 0 oth-
erwise.

The Greenwashing Risk (GWR) proxy is com-
puted as the unweighted sum:

GWRi = Coi + Spi + Sei.

The score ranges from 0 to 3 and reflects the
number of greenwashing-related linguistic signals
present in a paragraph. We discretize the score
into ordinal risk categories:

Classi =
{

Low Risk, if GWRi = 1,

High Risk, if GWRi ≥ 2.

Paragraphs with GWRi = 0 do not exhibit any of the
targeted greenwashing patterns. Although these
paragraphs are climate-related, they are excluded
from the risk classification task because our indi-
cator is a textual proxy, not a definitive measure
of compliance or deception. Labeling these para-
graphs as fully compliant would require additional
domain-specific supervision, such as expert audits
or regulatory verification, which is beyond the scope
of the current framework. Focusing on paragraphs
with nonzero risk scores ensures the model learns
from instances where textual patterns indicate po-
tential greenwashing, avoiding overinterpretation
of compliant disclosures.
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As a result of this procedure, we obtain a
paragraph-level dataset consisting of climate-
related disclosures annotated with ordinal green-
washing risk proxy labels (Low Risk and High Risk).
This automatically constructed dataset serves as
the basis for benchmark augmentation and is sub-
sequently used for downstream evaluation of green-
washing risk classification in subsection 4.2.

4. Experimental Evaluation

Using the datasets constructed in Section 3,
we evaluate the effectiveness of our annotation
pipeline through indirect benchmark augmentation,
i.e., by expanding manually annotated benchmark
datasets with automatically generated labels and
measuring downstream performance gains. This
setup allows us to assess whether the proposed
annotations provide useful supervisory signals be-
yond simply increasing the training data size.

Our evaluation focuses on climate-related and
greenwashing classification tasks using Climate-
BERT, a domain-adapted transformer model initial-
ized from DistilRoBERTa and further pretrained on
a large corpus of climate-related research abstracts,
corporate disclosures, and news articles. Cli-
mateBERT has demonstrated strong performance
across multiple climate-related classification bench-
marks (Webersinke et al., 2022). Specifically, we
assess whether incorporating automatically anno-
tated data improves downstream classification per-
formance on established climate-related bench-
marks. We consider the following benchmark set-
tings from the ClimateBERT benchmark suite:

• Climate Detection: binary classification
of paragraph-level climate relevance
dataset (Bingler et al., 2023b).

• Greenwashing Risk Classification:
paragraph-level indicators derived from
the climate commitments actions
(Bingler et al., 2023a), climate speci-
ficity (Bingler et al., 2023d), and climate
sentiment (Bingler et al., 2023c) datasets,
which we transform into a unified green-
washing risk proxy (GWR) following the
aggregation scheme described in Section 3.2.

These benchmark datasets were manually an-
notated by domain experts and analyzed in prior
work (Bingler et al., 2024). Our greenwashing risk
formulation follows Vinella et al. (2024).

We investigate the following research questions:

1. RQ1. Does augmenting benchmark datasets
with automatically constructed annotations
improve downstream performance, thereby
demonstrating the informational value of the
proposed pipeline?

2. RQ2. Does joint multi-task learning provide
additional gains over separate single-task mod-
els?

Experimental Setup. We applied our pipeline
to 30 sustainability reports spanning 10 industrial
sectors, totaling 3,663 pages. After preprocessing,
we obtained 19,133 paragraphs, of which 8,533
were associated with GRI climate-focused index
entries. For climate labeling, the joint similarity
threshold was set to Θ1 = 0.35, while Θ2 = 0.01
was used to identify non-climate paragraphs via
the GRI 2 (General) filtering strategy described in
Section 3.1. Each benchmark was expanded by
approximately 50% of its original size. We fine-
tuned ClimateBERT 1 on the augmented datasets
and evaluated performance using Macro-averaged
F1 metrics.

4.1. Climate Detection
For binary climate relevance classification, we use
the climate relevance (Bingler et al., 2023b)
dataset. The dataset consists of 1,300 training in-
stances (1000 climate-related and 300 non-climate-
related samples) and 400 test instances (320
climate-related and 80 non-climate-related sam-
ples). All samples are written in English and were
collected from corporate disclosures. We augment
the training set by adding 650 samples from our
dataset, resulting in a combined training set of
1,950 samples (1648 climate-related and 302 non-
climate-related samples). As shown in Table 1, aug-

Training Data Macro-averaged
F1 (%)

Original (1300 samples) 93.70
Combined (1950 samples) 94.90

Table 1: Climate detection performance on the test
set (400 samples).

menting the training data improves macro-averaged
F1 by 1.2 points, improving overall macro-averaged
F1, indicating better balance across classes.

4.2. Greenwashing Risk Classification
Following the methodology described in Sec-
tion 3.2, we construct paragraph-level green-
washing risk proxy labels by combining the out-
puts of three ClimateBERT downstream bench-
marks: climate commitments actions (Bin-
gler et al., 2023a), climate specificity (Bin-

1Training was performed using an effective batch size
of 32 and learning rate of 2 × 10−5. The model was
trained for 5 epochs using the AdamW optimizer and a
linear learning rate scheduler.

https://huggingface.co/datasets/climatebert/climate_commitments_actions
https://huggingface.co/datasets/climatebert/climate_commitments_actions
https://huggingface.co/datasets/climatebert/climate_specificity
https://huggingface.co/datasets/climatebert/climate_specificity
https://huggingface.co/datasets/climatebert/climate_sentiment
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gler et al., 2023d), and climate sentiment
(Bingler et al., 2023c). We apply the same process
used for our main dataset to these benchmarks
to derive a unified greenwashing risk proxy. Thus,
benchmark and auto-labeled samples share a con-
sistent labeling schema grounded in established
expert annotations. Paragraphs that are classi-
fied as climate-related but for which all three indi-
cators are zero (commitment, specificity, and op-
timistic sentiment indicators) are not assigned a
risk label and are excluded from this analysis, as
these cases require additional domain-specific re-
sources for reliable assessment. As a result, the
original dataset consists of 890 training instances
(516 high-risk and 374 low-risk samples) and 280
test instances (178 high-risk and 102 low-risk sam-
ples). We evaluate the impact of dataset augmen-
tation by comparing ClimateBERT trained on the
original benchmark data with a model trained on
the combined training dataset (1,500 samples: 927
high-risk and 573 low-risk), which includes our au-
tomatically labeled instances. Table 2 reports the
results. As shown, augmenting the training data
improves macro-averaged F1 by 2.4 points, indicat-
ing that the automatically constructed annotations
provide informative supervisory signals for green-
washing risk modeling.

Training Data Macro-averaged
F1 (%)

Original (890 samples) 68.10
Combined (1500 samples) 70.50

Table 2: Single-task greenwashing risk classifica-
tion performance on the test set (280 samples).

4.3. Multitask ClimateBERT Fine-Tuning
We perform multitask fine-tuning of ClimateBERT
to jointly model climate detection and greenwashing
risk classification (capturing climate commitments,
specificity, and sentiment), leveraging shared pat-
terns to improve generalization. To accommo-
date the multitask framework, we introduced an
extended label scheme for greenwashing risk
(GWR) classification. Since our training data is
automatically generated and may contain noise,
we adopt a prediction-based consistency
constraint: when the model predicts a para-
graph as NC, it is encouraged to assign the Not
Consider label in the GWR task. This promotes
cross-task consistency while retaining flexibility and
reducing spurious predictions.

The overall loss is defined as:

L = Lclimate + LGWR + λLconsistency,

where λ = 0.5 controls the trade-off between task

accuracy and cross-task consistency. This con-
sistency mechanism is designed to improve ro-
bustness and mitigate cross-task inconsistencies,
particularly in the presence of noisy automatically
generated labels. Table 3 summarizes the macro-
averaged F1 scores across both tasks.

Training Data Climate
F1 (%)

GWR
F1 (%)

Original (1190 samples) 93.89 76.16
Combined (1802 samples) 93.95 78.05

Table 3: Multitask fine-tuning results on the test
set (360 samples), reporting macro-averaged F1
scores for greenwashing risk and climate relevance
classification.

4.4. Results: Analysis and Discussion
From the results summarized above, we derive
empirical evidence addressing our two research
questions.

RQ1. Across all experimental settings, dataset aug-
mentation with automatically labeled paragraphs
leads to consistent performance gains, demonstrat-
ing the quality of these data. For climate detection,
augmenting the training data increases the macro-
averaged F1 score from 93.7% to 94.9% (Table 1).
For greenwashing risk classification, augmentation
improves macro-averaged F1 from 68.1% to 70.5%
in the single-task setting (Table 2) and from 76.16%
to 78.05% in the multitask setting (Table 3).

RQ2. Multitask fine-tuning further improves green-
washing risk detection by jointly modeling climate
relevance and risk indicators. Compared to the
single-task GWR model (Table 2), multitask train-
ing increases macro-averaged F1 for greenwashing
risk from 68.1% to 76.16% on the original dataset
and from 70.5% to 78.05% on the combined dataset
(Tables 2 and 3), while climate detection remains
stable at 94% F1, demonstrating that joint optimiza-
tion does not compromise the primary classification
task. The multitask setting additionally includes
non-climate paragraphs, which are assigned the
Not Consider label for the greenwashing risk
task; this accounts for the difference in dataset size
relative to the single-task setting.

To account for the influence of additional non-
climate samples labeled Not Consider, perfor-
mance was also evaluated excluding this class,
yielding consistent gains from 68.1% → 68.9%
(original) and 70.5% → 71.79% (combined), con-
firming improvements are not solely driven by la-
bel distribution. This restricted evaluation pro-
vides a fairer comparison with the single-task set-
ting, since it focuses only on comparable climate-

https://huggingface.co/datasets/climatebert/climate_sentiment
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related instances. Class-wise analysis shows multi-
task learning primarily enhances high-risk detection
(76.6% → 79.7% original; 81.6% → 81.87% com-
bined). In contrast, low-risk performance exhibits
mixed trends, slightly decreasing on the original
dataset (59.5% → 58.1%) but improving on the
combined dataset (59.4% → 61.7%), indicating
that joint modeling better captures subtle linguis-
tic patterns associated with potential greenwash-
ing, particularly when supported by automatically
annotated data. To better understand model be-
havior, we conducted a brief qualitative analysis
of representative predictions made by the multi-
task ClimateBERT model. In particular, we exam-
ined cases where the model predicted a paragraph
as climate-related and high-risk for greenwashing
(Non-Commitment: Active (1), Non-Specific: Ac-
tive (1), Sentiment: Risk (0)). One illustrative test-
set example reads:

“Ecological factors and environmental reg-
ulations for access to raw material de-
posits also create a degree of uncertainty.
In some regions of the world, for exam-
ple, in West Africa south of the Sahara,
raw materials for cement production are
so scarce that cement or clinker needs to
be imported by sea. Rising transportation
costs and capacity constraints in the port
facilities can lead to an increase in prod-
uct costs. Overall, we rate this as a low
risk.”

This example illustrates a borderline case in
which the paragraph contains environmental and
regulatory language that is climate-relevant, yet
does not express a concrete climate commitment or
measurable mitigation action. The multitask model
assigns a high-risk label because the statement
remains relatively generic and non-specific, which
is consistent with our proxy definition of potential
greenwashing risk. More broadly, such cases high-
light the difficulty of distinguishing between infor-
mative contextual discussion and disclosures that
may remain vague or weakly substantiated from a
climate accountability perspective.

5. Conclusion

This paper proposes a scalable, paragraph-level
framework for aligning corporate sustainability dis-
closures with GRI indicators and TCFD pillars, in-
tegrating regulatory semantics with modern NLP
architectures. By focusing on paragraph-level units,
the framework addresses a critical granularity gap
in current reporting practices, where climate-related
information is dispersed across lengthy, unstruc-
tured documents and is difficult to retrieve and inter-
pret systematically. Our results indicate that weakly

supervised dataset augmentation improves clas-
sification robustness compared to models trained
exclusively on manually annotated data. The com-
bination of embedding-based similarity scoring with
LLM-based validation enables efficient expansion
of high-confidence training instances while control-
ling annotation noise. Fine-tuning ClimateBERT
in multi-task settings further enhances generaliza-
tion, indicating that climate relevance and linguistic
greenwashing risk provide complementary super-
visory signals. Nevertheless, given the relatively
limited size of the evaluation sets, the observed im-
provements should be interpreted with appropriate
caution. While the gains are consistent across all
experimental settings, future work should validate
these findings on larger manually verified bench-
mark datasets and through more extensive statisti-
cal significance analysis.

The introduction of a paragraph-level green-
washing proxy grounded in commitment intensity,
specificity, and sentiment contributes a structured
linguistic dimension to disclosure analysis. Un-
like document-level ESG scoring approaches
(e.g.,(Wood et al., 2025)), our framework cap-
tures within-document heterogeneity, enabling
fine-grained identification of potentially symbolic
versus substantive climate communication. A key
strength of this approach lies in its alignment with
regulatory requirements. While prior studies apply
LLMs to ESG or climate-related text classification,
they typically treat sustainability as a thematic
category. In contrast, our approach leverages
the official GRI-TCFD mapping as structured
supervision, thereby reflecting the architecture
of climate-related financial supervision. This
structured alignment enhances interpretability and
comparability, and increases the potential applica-
bility of the framework to financial risk assessment.
Furthermore, by reducing reliance on exhaustive
manual annotation, the proposed pipeline lowers
the cost barrier for large-scale climate disclosure
monitoring. This is particularly relevant for banks,
regulators, and institutional investors who must
process vast volumes of unstructured textual data
under evolving reporting standards (Wood et al.,
2025). Future research may extend this framework
by incorporating additional sustainability standards
and developing longitudinal models to capture
the temporal dynamics. Additional directions
include improving the robustness of greenwashing
risk estimation through richer expert-validated
supervision, broader cross-sector evaluation, and
more systematic qualitative error analysis. Overall,
this study contributes to the intersection of climate
finance and computational linguistics by providing
a replicable, standard-aligned, and economically
scalable methodology for AI-assisted climate
disclosure analysis.
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